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Cloud computing and virtualization technologies have created a shift in datier ecesage pat-
terns, where the sharing of resources and on-demand servicegéfean result in varying
workload mixes and sudden bursts in application requests. Enterprisdsemefit from cloud
computing by consolidating multiple Virtual Machines (VMs) on the same virtualéssder
and sharing CPU, memory and storage devices. However, the shaess do hardware and
software resources can lead to significant performance degradagdo dontention and work-
load interference effects. A decisive factor of enterprise applicagofopnance are the laten-
cies of data access operations, e.g., read requests to data sets statathlvage. In-memory
database technologies try to omit the time-consuming access to disk storageanisk per-
formance gains by maintaining large data sets in random access memory.

The first part of this thesis introduces a set of performance modelsdituation of consol-
idated disk workloads which are typical of virtualized data centers. Iticodar we consider
several VMs managed by a single Virtual Machine Monitor (VMM) submittinds #® inten-
sive workloads to a shared storage device. Our methodology requates$tudy of VMs when
running in isolation, i.e. with only a single VM running. Based on collected nreasents we
propose models for homogeneous and heterogeneous workload migesdast the impact of
consolidation on 1/O performance.

In the second part we propose and evaluate admission control policiesifiemory database
queries. Our methodologies use system measurements and aim to prioritizeohuatsbase
queries consuming CPU resources efficiently. The performance dfadsgaueries can be sig-
nificantly impacted by the interplay between queries running at the same timent&haay
effects are not limited to heightened resource contention at the CPU botesay also involve
delays due to memory access or due to the internal characteristics of thrarsofuch as lim-
ited application threads. We demonstrate by trace-driven simulation thatlciep are more
efficient than popular policies such as first-come first-served antestr@xpected-processing-
time first.
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The performance of data access operations can play a fundamental epierprise IT sys-
tems. Large latencies of read requests to data sets stored in a databaseag.pad to
discontinued customer sales transactions. An important factor influen@rath access per-
formance can be the sharing of storage resources by multiple consurhersharing of CPU,
memory and storage devices is enabled by cloud computing and virtualizatiomotegies
which facilitate the consolidation of multiple Virtual Machines (VMs) on the samtei@iized
server. Virtualization offers to enterprises the benefits of more effiogsoiurce utilization and
flexible workload placementlB9, 186. However, the shared access to hardware and software
resources can lead to significant performance degradation due totiontand interference
between different consolidated workload typ&24.

In shared environments the performance evaluation of data accessiopgis complicated
by varying workload mixes and sudden bursts in application requeststpEisés commonly
rely on disks as a medium for non-volatile data storage. The first parisahtisis is motivated
by the need for predictive models to forecast the performance implicatfodisloworkload
consolidation in virtualized environments. Our models consider a systenewhdtiple VMs
are installed on the same virtualized server with shared disk storage elmcesse aim to pre-
dict the performance of disk requests as perceived by the VM'’s tipgisystem when running
at the same time as other VMs, i.e. in consolidation. The prediction is based snnaents
collected inside the VM when it is running by itself, i.e. in isolation. Our modelsasaist data
centre administrators in making VM placement decisions, e.gVKkbAppliances Preconfig-
ured VMs entailing software applications such as web and mail servers.niethodology
requires the collection of system traces of VMs running in isolated envirotemdJsing the
traces from the trace repository system administrators can accuratdigtphe performance
of disk requests when placing VMs in consolidation on a single server.

In the second part of the thesis we progress to a performance evaloaggatems main-
taining data sets in random access memory (RAM). Recently RAM has becoomepeetitive
and economically viable storage option for volatile data. Compared to the tinseHtomy
data access operations to disks, the access times to data residing in systerny arencon-
siderably lower. In-memory database technologies try to leverage thistagesand promise
performance gains by maintaining large data sets in RAM. In particular, wig ste perfor-
mance of a number of database queries running at the same time in an in-metairsse
system. We propose and evaluate a number of policies governing theobrgleery admis-
sion to the database by prioritizing certain query types at the expenseen$.otbur policies
may be employed as part of an admission controller external to the datgiséesm fiming to
prioritize query mixes delivering good performance. The external admigontroller may



intercept incoming client queries for change of the admission order to tmemery database
application according to the admission policies.

The quantitative evaluation of computer systems has been an importantheaeza for a
long time [L30 191]. Performance can be a crucial factor during all stages of the system lif
cycle and therefore needs to be taken into account during desigriopieant, configuration,
and operationJ08. This relevance is reflected in a large number of models and formalisms
that have been proposed over the years to capture and predict thetajive behavior of
computing systems.

Software performance modedsin to integrate performance prediction into the early stages
of the software development proceg¥/][ Typically approaches require the availability of
software artifacts, e.g. design documents, that are subsequentlyszhwiath non-functional
information. Instead, our work focuses gystem performance modalsd involves the study of
a system implementation. Throughout the thesis the parformance modekfers to models
of the latter type.

System performance modeling research has traditionally been basedo@ptofrom queue-
ing theory. Computer systems generally consist of a number of hardwdrsddtware re-
sources. A set of jobs compete for limited resource access most likeltimgsn queues and
delays. Itis therefore natural to model the system by a network of imaemtied queued 0§.
Modern approaches for performance evaluation also include, e.ger@ized Stochastic Petri
Nets [L3§, Stochastic Process Algebril[(, and Stochastic Automata Networkes(,.

The objective of performance models is essentially the prediction of metrats asire-
source utilization, response times, throughputs, queue lengths, aneingeelays. Models
may be distinguished according to the way these metrics are devredytical modelson-
struct a mathematical representation of the system, the main difficulty beingefdxriain of
tractable models is rather limited21]. Simulation modelbave the advantage of being more
general and flexible. However, modeling the system under study in ftdildeay result in
simulations with large computational costs.

In this thesis we rely on concepts from queueing theory and mainly use sinmuatioodel
the systems under study. In addition to simulation, we apply a number of simple ¢igea-
tions for models of VM consolidation scenarios. Our work follows a systepnaach in that it
makes use of detailed system trace measurements thereby treating the virtseies and the
in-memory database as black boxes. Maintaining a black box view can batageous since
such detailed information may not always be available and usually complicatezoitfel.
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1.1 Research Approach

The first part of this thesis presents a set of performance modelsdiuagion of consolidated
disk workloads which are typical of virtualized data centres. The padace of I/O-bound
applications is dominated by the time required by the operating system to scheaddland

write operations and by the response times of the storage devices in completingequests.
Since changes in the workload, as well as in the software and hardwarrerenents, can affect
the latency of disk I/O requests, it is often useful to define performana®isido anticipate
the effects of a change.

In particular we consider several VMs managed by a single Virtual MadWionitor (VMM)
submitting disk 1/0O intensive workloads to a shared storage device. Our dutiyy requires
first the study of VMs when they run in isolation, i.e. with only a single VM rugniBased on
collected measurements we propose two types of models to forecast the ohpaosolida-
tion on I/O performance. Specifically, for each VM of interest we collextds of arrival times,
estimated service times, and arrival queue lengths for 1/0 requests. WMepléwo modeling
techniques that embody this approach. We start by developing whatne¢éedas the Homo-
geneous model to handle scenarios where multiple VMs running the sameftyoekéoad
are consolidated. We then extend this technique by developing what weedesithe Decom-
position model. In addition to handling scenarios where consolidated VMketamogeneous
workloads, this technique supports the distinction between read and vepitests.

We first consider the Homogeneous model. This model is based on a tieee-simula-
tion that uses start-time fair queueing (SFQ), a popular implementation of &a& sbhheduling
which is adopted in VMMs. Motivated by the fact that a trace-driven simutaticuch a black
box view of the system typically fails to accurately predict /0O requestaesp times under
consolidation, we define an iterative algorithm for optimal parameterizatitimeo§imulation
model. Specifically, the algorithm estimates the performance impact of VMM I&edpti-
mizations such as the splitting of requests and offers a search techniquedel calibration.

The Decomposition model approach distinguishes between read and tigste and mod-
els each request type separately. In addition to mean 1/O request sespores the linear
predictor formulas also forecast throughputs and read/write requess imixonsolidation. Fi-
nally, this approach is complemented with a simulation model to predict latency dikirib.
The main contributions of the first part of the thesis are threefold.

1. Our methodology allows us to parameterize models based on system toéiesd from
inside VMs in isolation experiments, i.e. with only a single VM running on the serve
It requires minimal information from the VMM thereby effectively treating thBIM as
a black box. In addition this obviates the requirement to collect model trairatey for
different VM consolidation scenarios.
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2. We develop a trace-driven simulation model for the prediction of diskesiglatencies
with several VMs in consolidation, i.e. running concurrently on the samsipalyserver.
The queueing model is enhanced with an iterative calibration techniquepbetbd@mates
parameterization inaccuracies in the absence of detailed VMM level meassoie

3. A measurement-based model defines a set of simple analytical estimatpdgimate
consolidation performance of read/write disk requests separately. gprisach is comple-
mented with a simulation model for prediction of disk request latency distributions

In the second part of the thesis we progress to an investigation of howathgition to
in-memory technologies affects the performance of consolidated datgbhasge workloads.
The small data access latencies of in-memory databases in combination witkligaten
capabilities of multicore servers enable the near real-time execution of aiteputationally-
intensive business intelligence applications on very large data sets.

In particular we propose and evaluate four admission control policieés-foemory database
queries. Our methodologies use system measurements and aim to prioritizeohdatsbase
queries consuming CPU resources efficiently. The performance dfatsgaueries can be sig-
nificantly impacted by the interplay between queries running at the same timent&hgay
effects are not limited to heightened resource contention at the CPU boitesiay also in-
volve delays due to memory access or due to the internal characteristiessofftvare such as
limited application threads. In summary the second part of the thesis makefdtibutions:

1. We propose admission control policies derived from (i) mean job glesgghs, (i) CPU
utilization, and (iii) a no-interference baseline measure for query classqumputed from
ratios of queue lengths and utilization. The policies ignore 1/0 subsystemtharefore
are highly applicable to in-memory databases. In essence, our policiesimaitable that
characterizes the interplay and prioritizes query classes that are alsle tesources more
efficiently, typically at the expense of other query classes.

2. For evaluation of admission control policies we develop a trace-dsiaalation model.
The closed queueing model is validated against system measurements.

3. Using the trace-driven simulation model and simplified synthetic workloadpresent a
comparative evaluation of the proposed admission control policies. ticylar, we com-
pare throughput, mean response time, and mean weighted slowdown resh#sekiab-
lished policies first-come first-served (FCFS) and shortest-expecteggsing-time-first
(SEPT) L49.

4. We further validate the queue length and no-interference baselingepalging TPC-H12]
type workloads and system traces from a commercial solution, SAP HAS] & prod-
uct aimed at improving the performance of complex business intelligencdomaddcusing
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in-memory database technology. The SAP HANA database is a memory-aataionan-
agement system leveraging the capabilities of modern main memory and multifetre C
hardware.

Summarizing, in this thesis we evaluate the performance of data operationsgromements
with shared resource access. The thesis is structured into two parts.firstipart we present
predictive models for disk I/O request performance with consolidatedgtororkloads. The
second part studies interplay effects between database queries addées admission control
policies for in-memory database applications.

1.2 Project Organization

This section explains the roles of the parties involved in the PhD project. Bsesthas been
completed during my time of employment wiAP[10] and enrollment aQueens University
Belfast (QUB) The following people have been involved in the research project:

e Dr. Des Greer holds a Senior Lecturer position at QUB and is the firgsthegervisor

e Dr. Peter Kilpatrick holds a Senior Lecturer position at QUB and is the skagrthesis
supervisor

e Dr. Stephen Dawson is a SAP colleague, the manager of the project, aththtsis super-
visor

e Dr. Giuliano Casale is a Lecturer ihperial College London He has been a full time
colleague at SAP during the first year of the project and following hisstemrio Imperial
College acted as an external consultant and mentor.

e Dr. Diwakar Krishnamurthy holds a position as Associate Professor dtinersity of
Calgary. He advised the project during a six months sabbatical at SAP. After tisre
Calgary the collaboration continued resulting in joint publications.

e Dr. Alin Jula and Dr. Sergio Pacheco-Sanchez are both SAP colleamaekave been

involved in the project as publication co-authors.

The contributions presented in the thesis are entirely the work of the aMithere the work
of others in the project has been used or built on, this is specifically stated thesis.
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1.3 Thesis Structure

The remainder of the thesis is organized as follows.

e In Chapter 2 we introduce some key concepts and notation that are essential to the under
standing of the following chapters.

e Part| of the thesis consists of Chapters 3 and 4.

e The work presented i@hapter 3introduces a trace-driven simulation model for prediction
of disk I/0 request latencies in homogeneous workload consolidationsmétiedology
includes an iterative algorithm for the optimal parameterization of the simulatioelmod

e In Chapter 4 a measurement-based decomposition approach is proposed that diséaguish
between read and write requests and models each request type dgpatadinear pre-
dictor formulas forecast average disk request latencies, througlapatsead/write request
mixes for heterogeneous workload consolidations. The decompositioaagbypis further
embodied in a simulation model for prediction of disk request latency distrilsition

e Part Il of the thesis consists of Chapter 5.

e Novel admission control policies for in-memory database queries are@gedpand evalu-
ated inChapter 5. The policies are derived from system measurements and evaluated using
trace-driven simulation. We first present a comparative study of theig®lising simpli-
fied synthetic workloads. Then we proceed to more realistic workloadsllmsthe TPC-H
benchmark.

¢ In Chapter 6 we draw final conclusions and outline future research directions.
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This chapter introduces the general concepts and terminology usedhiordiihe thesis. Sec-
tion 2.1 explains the tools and techniques employed for workload characterizatigoresents

the most prevalent characteristics of disk I/0O workloads. An introductiopuiéaieing networks

is provided in Sectio.2 We then progress from theoretical formalisms to system related top-
ics. SectiorR.3 establishes the thesis context of virtualization and Se@idfocuses on stor-
age systems. We complete the chapter with an introduction to in-memory datab8setion
2.5and a brief summary in Secti¢h6.

2.1 Workload Characterization

The quantitative evaluation of computer systems involves the collection of miogitoeasure-
ments while the system is being subjected to a particutakload[113. A workload consists
of events generated by the environment in which the system is used, e griviaétimes and
service requirements of incoming client requests. The characterizatioor&foads B3] is
one of the central issues in performance evaluation since it is not abysus what aspects
of the workload are important, in how much detail the workload should bededpand how
the workload should be represented and ud&td][ In this section we provide a high-level
introduction of tools and techniques for workload characterization arnidapplication to disk
I/O workloads.

2.1.1 Benchmarking Tools

Benchmarks are a commonly adopted tool to generate predefined aaodueipte workloads
in order to study a system under controllable conditions. The benchmasdhgiques for
storage systems can be classified into three categd9ék [

e Macrobenchmarks.Performance is tested against a particular workload that is meant to
emulate some real-world workload. These types of benchmarks may alstebed to as
synthetic benchmarkand usually comprise multiple file system operations. While Mac-
robenchmarks are a valuable tool for the evaluation of overall systéiorpance the cre-
ation of realistic workloads is challenging(].

e Trace ReplaysSystem traces of data access operations are recorded on a realnstaid
lation and later replayed using a software tddl$ 210. The advantage of using traces is
that the key characteristics of the workload are realistically capturedrasémved. Traces
can be collected from measurements or obtained in third party repositbB&s].
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e Microbenchmarks.These benchmarks comprise only a few file system operations to iso-
late their specific overheads within the system. Such workloads can bd tséést the
performance of specific system parts or study worst-case behavior.

There is a large number of storage benchmarks available for scientifiesfi9d. In
this thesis we aim to evaluate our proposed methodologies based on a famgekloads
with distinct characteristics. With the goal of using workloads with propediese to real-
world applications we choose the macrobenchm&dstmark (PM) 9], Flexible File System
Benchmark (FFSB)3], Filebench[26], and TPC-H [12]. See AppendixXD for the detailed
benchmark configurations.

PM. This benchmark aims to emulate typical disk 1/0 transactions of electronic mail, net-
news, and e-commerce applicatiodd 9. The workload consists of a large number of short-
lived files of small sizes executed by a single thread and comprises a mitasihd@nsive and
metadata-intensive operations. A benchmark run starts with the creatigoool af text files
in uniformly distributed sizes where upper and lower file size bounds arfggooable. Once
all files have been created PM performs create or delete operationd pétineread or append
operations. The total numbers of files, sub-directories, file-size sagel performed opera-
tions, as well as reads-to-append and creates-to-deletes ratios camfigered. PM has been
widely deployed in the research communit2[58,123 127,135 153 167,185 207. For the
work in this thesis we use PM in versiarb1-7 [9].

FFSB.This workload generator may be used to emulate large file operations ihhrenab,
file, and mail servers. FFSB workloads are highly configurable and @alievspecification of
profiles that are passed as input to the multi-threaded benchmark applidstibe beginning
of a benchmark run a number of directories and files are created thihearsubsequently used
to perform seven basic file operations, e.g., read, write, create, daetetgppend. Multiple
groups of threads with distinct operation mixes may be configured. An giiegefeature of
FFSB is the support of sequential and random access operationis thmetsis the FFSB version
6.0-rc2 is deployed 8]. FFSB has also been used in related w8 L79.

Filebench.A large variety of emulated application and microbenchmark workloads can be
generated with Filebencl2§]. The tool features a number of predefined workload types, e.g.,
‘'web server’, ‘'mail server’, and 'file server’, as well as a scriptlagguage for definition of
custom workloads. This flexibility may explain the popularity of filebench irenéscientific
studies B4,85,102,104,105181,189. Workload definitions include the directory structure, i.e.,
average file size, directory depth, and the total number of files. In additiertool supports
configuration of alpha parameters governing file and directory sizeathétased on a gamma
distribution. Multiple threads can be configured to execute groups of fiesyoperations,
e.g., read, write, and append. In this thesis we use predefined emulptedizm workloads
shipped with Filebench versian4.8.sl.0.7.
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TPC-H. The Transaction Processing Performance Council (TRiplishes a number of
standardized transaction processing and database benchmarkarftfication of system per-
formance in industry. TPC-H is a decision support benchmark consistigg lousiness ori-
ented database queries and concurrent data modificafidhshe benchmark is mainly used
for evaluation of database performant@2,142211], but can also be found in work regarding
file system and storage researéB,[L67,199.

2.1.2 Workload Characterization Techniques

Workload characterization involves the analysis of monitoring data for estimatithework-
load parameters For example, clustering techniquelsiB 166 or Independent Component
Analysis [L83 may be employed to determine request classes from measured systenmlogs.
this thesis we assume types and classes of requests to be known a pr@nisdyze data sam-
ples to characterize statistical properties of parameters, e.g., for teéquegarrival, service,
and response times. Two key concepts in statistical analysis are the idéeperof events
and the randomness of variables. Events are called independent ifstaation of one event
does not in any way affect the probability of occurrence of anothente\A random variable
receives a value from a set of values with a specified probability.

The most compact form for characterization of workload parametersiig e sumber that
summarizes the data set nfobserved samples. A commonly used statistic is the sample
arithmetic meapdenotedX. An alternative is thenedianwhich is obtained by sorting the
samples in an increasing order and takingithgalue in the middle of the sorted series. Since
the variability of workload parameters has been identified to have large impacgstem
performance147,161], it is often useful to specify the dispersion of sample data, e.g., by the
variance

o= Y (@ - X (2.1)

n—1*4
=1
The standard deviationdenoteds, is defined as the square root of the variance. Interpre-
tation of o may be easier as it is expressed in the same unit as the mean. Additionally, the
coefficient of variation (CVinay be useful for comparisons as it is normalized by the sample
mean:

g

oV =< (2.2)

The events in a time series do not always occur independently of eachfedhexample, disk
schedulers aim to organize data access operations to contiguous disk sequentially. Thus,
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the subsequendgical block addresses (LBAB) a disk trace may be correlated depending on
spatial locality. Theautocorrelationis a metric to measure the similarity between events as a
function of the time separation, i.e. the time-lag, between them. Autocorrelatiefined as

(ze = X)(@t1r — X)
5 :

R(t) =

(2.3)
g

wherex; andz,, . are events at timesandt + 7, respectively. A value oR(7) = 1 indicates
perfect correlation.

Another way of summarizing a data set is to present its statistical distributioan#hcous
random variableX can assume all values in the intery@lb], where—oco <a<b<oo, and is
described by iteumulative distribution function (CDEYhe CDF specifies the probability that
the random variabl& takes values less than or equaktdor everyx [56]:

Fx(z)=P(X <uz). (2.4)
The derivative of the CDF'x () is called theprobability density function (PDF)f x:

() = XE) @25)

One of the most important distributions in performance modeling isxpenential distribu-
tion, since it can often be used to approximate request interarrival anidesémes p6]. The
CDF of an exponentially distributed random variable X is given by:

F(: \) l—e™ 0<z<oc0 2.6)
X \Z; = .
0 otherwise

where\ denotes the parameter of the random variable. For an exponentially distritaundom
variable with parametex the following relations hold:

PDF fx(z) = Ae ",

— 1

mean X = —

)\7

1
ﬁv

coefficient of variation CWY = 1.

variance o% =

Hence, the mean valu€ completely determines the exponential distribution. While the expo-
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Figure 2.1: Example Model of Hyper-Exponential Distribution.

nential distribution is easy to compute and has many useful properties withiatractability,
more complex distributions need to be applied for approximation of data sets igfittvéuri-
ability. In cases of empirical distributions with C¥ 1 thehyper-exponential distributiomay

be considered. Figuzl1shows an illustration of a model following a hyper-exponential distri-
bution wherek phases with exponentially distributed values and paramgiexse arranged in
parallel. The probability that a value is given based onjtheghase ig;, whereZé?:1 g = 1.
The CDF of a hyper-exponentially distributed random variables given by:

k

Fx(z) = qu(l —e M%), x>0. (2.7)
j=1

In addition, the following relations hold:

k
PDF fx(z) = qu/j,je_“jx7 x>0,
j=1

mean X =
J

t‘b

k
; 1
q:—, x>0,

KR

B

. ' 1
variance o% =2 q—]z - =,
=M H

k
coefficient of variation CV% = , | 2u2 E q—jz -1 >1.
s
j=1"J

The parametergy, uo of a hyperexponential distribution with = 2 phases can be readily
approximated with a given sample me&nandC'Vy [56].

Statistical distributions provide means to describe static properties of wdrkkrameters.
In cases were parameter values evolve dynamically over time a realisticxapation addi-
tionally needs to capture the order of events in the descriplitamkov processeld 29 provide
a powerful tool to analyze the dynamic time-varying behavior of worklaadmeters and sup-



2.1 Workload Characterization 15

State 1 State 4

_ — - - — >
Hidden Transition

Observable Transition

<« —

State 2 State 3

Figure 2.2: Example Markovian Arrival Process (MAP) [160].

ply the fundamental theory of queueing networks, described in Sezt®oi Markov process

with discrete state space can be described Bp@tinuous Time Markov Chain (CTM{56]
consisting of a finite number of states and transition rates between those $fatd®vian
Arrival Processes (MAP9)155 are a compact, tractable and expressive class of stochastic
models that generalize the CTMC framework to capture not only the momentsabalility
distribution, e.g. mean or variance, but also the autocorrelation in a time.deriks thesis we
employ MAPs as a compact mathematical model of a series of service timedficaigcwe
collect measurement samples of service times, use available tools fratP@doolbox 69

to fit the measured service times to a MAP, and subsequently deploy the MAEh&wage
service times with identical statistical properties as the measured ones.

In what follows we use an introduction from related wotk()] to explain the basic concepts
of MAPs. Figure2.2illustrates an example MAP composed.bf= 4 states. The active state
attimetis X(¢t) € {1,2,...,J}. Assuming the model is in state it spends, time before
moving into statej # k; we assume thay; follows an exponential distributioRr(¢;, = t) =
A~k thus X (t) is a CTMC. The destination stajeafter a move is selected according

to probabilitiespy, j, >=7_; pr; = 1.

A MAP extends a CTMC by introducing the semantics for defining interdrivees. Upon
moving from state: to j a MAP defines probabilitieﬁﬁyj andpy, ;, pZyj + pj.; = Pr,j» that the
state transition will béniddenor observablerespectively. The only effect of hidden transitions
is a change of the active statgt). Observable transitions additionally lead to the emission of
asample Relating this property to our specific application of MAPS, it is evident tisatraice
time sample of a measured trace is modeled in a MAP as the time elapsed betwessisacc
activation of any two observable transitions, i.e., the interarrival timessargfble transitions.

For example, if the MAP depicted in Figue2is initialized in statel where it remains for
timet;, moves to state spending, units of time, and then takes the transition to statinen
the sample valug is generated by summation of the sojourn timgs= t; + t2. The next
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samples; is similarly generated starting from staltethus, the time spent in stadéas included

in s1. Successive visits to the same state are all cumulatively accounted for iernkeatpd
sample value. Note also that since samplé generated according to the target state of the
observable transition that defines 1, a careful definition of observable state transitions can
create statistical correlations between consecutive samples generat&aAR

Following these definitions, a MAP can be used to generate arbitrary namobsamples,,

i > 0. If the MAP parameters are appropriately chosen, the statistical prapeftieese sam-
ples can be imposed in order to fit the characteristics of a measured tramethds is achieved,
the MAP provides a mathematical model for the trace. For exampdgjsfinterpreted as the
interarrival times between successive I/O requests to a disk, then theid/@model for the
arrival process to the storage device. In this thesis a MAP is fitted to maelsktivice times
of disk 1/0 requests and then used to genesatgervice time samples with similar statistical
properties as the measured trace.

2.1.3 Workload Characterization of Disk I/O Workloads

This section highlights performance relevant properties of disk workltizat should be con-
sidered during workload characterization. In particular, we descigle |tD request types,
arrival patterns, and service times.

Request typeFrom a system performance perspective storage access operatiprize ma
categorized into synchronous and asynchronous request typsfor example, application
threads submitting a read request often block until the result has bebaddtom the storage
device [L79. Conversely, write requests are often completed asynchronouséy tbey are
written to system memon2fl, 99]. A fine-grained taxonomy of I/O request types is presented
in [91]: Time-criticalrequests cause the submitting process to halt execution until the request
is completedtime-limitedrequests must be completed within a certain time limit otherwise
they become time-critical; requests that need to complete for maintenance bfeasststem
state, but do not impose blocking of the submitting process, are classifieehoncritical
Time-critical and time-limited requests directly affect the performance of thestitg pro-
cess, while time-noncritical requests affect performance indirectly,ls.gnterferingwith the
completion of time-critical requests.

An extensive measurement study on UNIX systems has shown that mbstadoads
consist of a mixture of synchronous and asynchronous requegls [The different nature of
request types can lead to varying feedback effects that complicatéoadr&haracterization
and modeling. For example, the time taken to complete a synchronous reastratjght
affect the submission time of a subsequent request. Feedback effsitisaige workloads have
been identified to have significant impact on performa®€g Workload characterization may
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address feedback effects withenandclosedmodels P2]. An open model assumes there are
no feedback effects between individual request completions an@udast arrivals. Closed
models correlate the arrival times of requests with the completion times of thieysewnes
(see Sectio.2for a more complete explanation of open and closed models).

Arrival pattern. A disk request may be characterized by its device ID, read/write type,
start block address of the access location, request size, and imiga The sequence of the
first four parameters is known as thecess patternwhile the sequence of time instants in
which access operations are submitted to the storage device is commonigdébeasarrival
pattern[90]. Disk arrival patterns have been shown typically to exhibit high burssrs,
101,169 171]. An arrival pattern is bursty if it contains interspersed periods of saralllarge
interarrival times. A burst comprises a large humber of requests ceadén a small time
interval, e.qg., related work determines bursts in a time series by including akcotive I/O
requests whose interarrival times fall below a predefined threshole@ yani]. Workloads
with high burstiness exhibit longer and more intense periods of high loatl/esla the periods
with low load [90].

Burstiness has been identified as an important source of performagrealdéon 67,147.
Thus, realistic models of interarrival times need to consider the correlatibarsty arrival
patterns. In97] the authors analyze disk traces for burstiness and present a siochadel
with ON/OFF periods. A statistical model capturing access and arrivalrpattd disk traffic
is developed in199. The approach ing0Q uses machine learning techniques to b@lds-
sification and Regression Trees (CARDmM disk traces for modeling burstiness in access and
arrival patterns.

Service time.The service requirements of disk requests are a function of multiple factors
e.g., spatial locality, caching along the 1/O path, request size, and fiezpef the storage
device technology. Access patterns can be either sequential or rar®iEmuential requests
access a sequence of contiguous block addresses on the disk ddwieeandom request ac-
cesses may be dispersed across the block device address spaservideetimes of sequential
and random requests can significantly diff@®][ since sequential requests are most directly af-
fected by the transfer speed of the disk drive, while random requests@st directly affected
by disk seek timeZ1, 88]. For example, if a single motion of a disk arm due to mechanical
constraints takes the static timahen moving the disk arm to serwerequests produces lower
per request service times compared to serving1 requests.

Reducing disk seek times can substantially improve performad&g.[ Disk schedulers
aim to maintain sequential access patterns by uslagator algorithmghat reorder queued
requests in increasing block address numbers and possibly mergeteequith contiguous
block addresses into larger units. In addition, sequential read reqasestdso take advantage
of read-ahead caching, which assumes that an application readingligkilockn will next
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ask to read from the subsequent disk blocks. The read-ahead nwuldatreases seek times
by caching the following disk blocks + 1, n + 2, etc., into memory, but is turned off once the
system detects a non-sequential file acc2sk [

There are a number of approaches that aim to approximate the service tidigls 6O re-
quests with detailed models of device internals.184 196 the authors develop an analytical
model for disk drives with read-aheads and request reordering. s€hvice time computa-
tion considers, e.g., seek time and request size. The authd@8@hgdresent a CART model
maintaining a black box view of the storage device using disk traces with sjoatdity infor-
mation.

In this thesis we evaluate closed and open models to capture the effectsnodstg syn-
chronous and asynchronous read and write requests, respecti@iyaccurate handling of
burstiness in interarrival times and spatial locality in service times we use detittem
traces as model parameters. The traces store access and arrivalspasteneasured in the
reference system and therefore include bursts in arrivals, as wedreice times affected by
elevator algorithms and caches. Measured traces are replayed idtiza@simulations.

2.2 Queueing Networks

Queueing networkgs6, 130 are a powerful and versatile tool used to model and analyze en-
vironments with shared resources, e.g, production, communication, amgliter systems. A
gqueueing network model of a computer system consists of a collectisaraite stationsi.e.
servers representing the system resources. The servers are connectickgtad paths and
provide service to a collection alistomerse.g., representing jobs, users, requests, or transac-
tions. Customers move between the servers and competition for resotvice serresponds

to queueing into the serverdq, 121].

Queueing networks can be classified infmenandclosedmodels. In an open model cus-
tomers arrive from an external source and depart after receivimg service. The number of
customers in the system may vary over time. FiduB{a) shows an example of an open model
with external arrivals, departures, a single server, and a quecstdad models the number of
customers in the system stays constant and is denofeapagation Figure2.3(b) depicts an
example of a closed model where customers circle to a server and afteroesa of service
enter adelay statiorwhere they remain for think timeinterval before taking another trip to
the server.Single-classmodels consist exclusively of statistically identical customers, while
multi-classmodels are used to represent workloads with multiple distinct customer types.

A queueing network model can be evaluated with analytical methods or usindaton
to derive some performance measures, e.g., resource utilization, tprdughd customer re-
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Figure 2.3: Example Open and Closed Queueing Network Models.

sponse time. The stochastic process underlying a queueing network &lypidiscrete space
continuous time Markov process where the state definition includes the nwihbestomers
in each queue. Consider a network with servers and let; denote the customer population
at nodei, n = (ny,...,ny) the network joint queue length, andn) = w(ny,...,ny) the
stationary joint queue length distribution. In cases where the queueingnkeisvstable the
stationary state probability vector of the Markov process, denotas defined by the linear
system:

T Q=0, (2.8)

where( is the transition rate matrixdp]. Stochastic analysis of queueing networks derives
the performance indices from the stationary state distribution of the pro@éisie the gen-
erality of this approach is appealing, the linear system might not alwaysabelite due its
computational complexity: The state space may grow exponentially dependihg aumber

of servers, customers, and customer classes in the network.

Product form queueing network49] satisfy a number of constraints allowing the definition
of efficient analytical algorithms to evaluate their performarics]:

1. The servers use one of the followisgrvice disciplinesFirst-come-first-served (FCFS),
processor sharing (PS), infinite servers (ISs or delay station), tecdase-first-served pre-
emptive-resume (LCFS-PR).

2. Customers can belong to multipteasses Each class is characterized by a different set of
routing probabilities and service time distributions at the resources. Seiviealistribu-
tions can be load-dependent, but they can depend only on the load &dttbae the served
job is currently at.

3. If aresource has FCFS scheduling, to have a product-form it if@uhilly requested that
the meanservice timeof all classes are identical. Since each class can visit a resource
a different number of times, due to the different routing probabilities, thé ant@unt of
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service requested at a resource can still differ arbitrarily acrossedas

4. State-dependent servic&he service time at a FCFS server can depend only on the total
queue length at the server. The service time for a particular class atserith PS, LCFS-
PR, and IS discipline can additionally depend on the queue length of thatuber class,
but needs to be independent of the queue lengths of other classeagdiegate service
rate of a subnetwork can be dependent on the total number of custontleessimbnetwork.

5. Arrival processes Bulk arrivals are not permitted. Arrival rates may be state dependent.
In open networks, the interarrival times of a class should be exponerdiathbuted. Net-
works can be mixed, i.e., open with respect to some classes and closed spidttréo
others.

Some real world behavior of computer systems does not satisfy the pfoducconstraints,
e.g, simultaneous resource possession, resource blocking, anddtiercand synchronization
of sub-processed B(. It can be shown that individual queues in a product fornsepara-
ble network can be analyzed independently of other queb@s JAn important property of
product form queueing networks is a simple closed form expressioreat#tionary state dis-
tribution. In other words the joint probability of queue lengths\éfqueues can be computed
by multiplying the individual probabilities. In general, the stationary joint guiength proba-
bility (sometimes denoted equilibrium probability)defined by the solution of the associated
Markov process as given i2 8) has a product form solution:

m(n) = éV(n) [Tg:(ni), (2.9)

whereG is a normalizing constant andis the total network population. The functidn is
defined based on the network parameters, i.e. arrival and servisatale servers and routing
probabilities, andy; is a function of the state,; depending on the type of servern <i<M.
For open networks holdS = 1, while an attribute of closed networkslign) = 1 [46].

The basic input parameters of a queueing network are the number efserustomer rout-
ing probabilities, scheduling disciplines, and service times. In addition, oyetels are pa-
rameterized with an arrival rate, while closed models take as input the piopulémportant
output parameters are customer response times, as well as queue lgmgtiyhputs, and uti-
lizations at the servers. L&t be the length of time the system is observédhe number of
customer arrivals;’ the number of customer completions, aBdhe length of time the server
was observed to be busy. All following basic quantities of queueing n&saame assumed to

be averagedl[3Q:
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. . . I
Arrival rate: Rate at which customers arrive to the server A= T
. . . C
Throughput: Number of completions per unit of time X = T
o . . . B
Utilization: Server busy periods per unit of time U= T
: . B
Demand: Service requirement per customer D= Yok
Response time: Time customer spends at the resource queueing or ie sefvic
Think time: Time customer spends at a delay station Z,
Queue length: Number of customers at server including those in service),
Arrival queue length:  Length of queue seen by customer at arrigtdi A.

In models where customers do multiple trips to the servers before they conipleizy
be of interest to study the performance indices at the individual ressufithe visit count/;
describes the average number of trips a customer makes to a server afiddd ds:

V=2 (2.10)

where(; are the number of customer completions atdtteresource. It is important to note
that the service requirement of a customer may be described in two waysstédnter may
performV; visits to a server and at each visit requires the ser$iceEquivalently, the total
demand of service at theh server required by the customer may be specified as:

D; = V;S;. (2.11)

In addition, the total service demanded by a customer at all resourcesed®, is defined as
the sum of theD;.

The analytical methods for performance evaluation of queueing netwarkise categorized
into operational analysi$R,81] and stochastic approachés]. In addition to simulation, this
thesis focuses on the analysis of queueing network models using sonasrfentl relation-
ships derived by operational analysisSf):
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The Utilization Law: U, =X;S;, = XD;,
Little’s Law: N =XR,

The Response Time Law:R = % — 7,

The Forced Flow Law: X, = V; X,

where N is the number of customers in the system @ndand X; respectively denote the
utilization and throughput at thi#gh server. The performance indices of product form closed
queueing networks can be computed with a recursive algorithm caléssth value analysis
(MVA) [168. This technique allows computation of the steady state queue lengths without
evaluation of the normalizing constafit described inZ.9). Consider a closed network with

N customers and/ load independent servers. The MVA algorithm is based on the following
recursive relationship:

Ri(N) = Si(1+ Qi(N — 1)), (2.12)

where R; and.S; respectively describe response time and service time atthserver. The
term Q;(N — 1) stands for the mean queue length at seiveith N — 1 customers in the
network. For an intuitive explanation of this recursion consider a taggedcustomer added

to a network withN — 1 customers. Upon arrival at theh server, the tagged customer sees
Q:(N — 1) customers ahead, including the one being served. The tagged custoreérthe
expects to wait);(N — 1)S; before being admitted to the server. Consequently the total
response time of the tagged customer accountd t¢ Q;(N — 1))S; which includes the
service time of the tagged customer its@l1§. Given the response times at individual servers
computed from 2.12) the steady state queue lengths can be readily derived applying Little’s

Law to the network:
N

~ ST ViRi(N) &1

X(N)

Qi(N) = X(N)ViR;(N). (2.14)

While the MVA algorithm provides exact solutions for product form clo@&d] it is difficult
to find approximations foFork-Join Queueing Networks (FJQNB6, 193. This subclass of
QN does not have product form properties and has been used to moltipfocessor systems,
where parallel jobs can be split, i.dorked into tasks that are then concurrently executed
on separate processing units. A job only completes once all tasks havetmessed and
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Table 2.1: Summary of Main Extensions to the JINQS Tool.

Class Description

Packagenet wor k

Admi ssi onCont r ol Node Controller for custom admission policies
Bat chCust oner Batch job

Bat chTunnel For kSt ati on Job fork element

Bat chTunnel Joi nSt ati on Job join element

LoadDependent Queuei ngNode Load dependent queueing element
SFQCust oner Job with proportional priorities

SFQQueue Queue with start-time fair queueing discipline
SFQVer gi ngQueue SFQ Queue with job merging functionality
Packaget ool s

LoadDependent Di stri buti onSanpl er | Load dependent service times

hence needs to wait for all tasks to finish gaih. Thefork-join structure is a simple model
of the behavior of such parallel systend®94, 195. However, the synchronization constraints
introduced by forking and joining and the resulting complexity make it difficulanalyze
these systemd p3.

In the performance evaluation of complex systems it might be useful to desmmpodels
into several submodels and solve them independeh®§] [ For example, if the model contains
a number of classes of weakly interacting random processes it may $iblpds consider each
class separatel\Decomposition approximatiorgave been shown to be especially applicable
to queueing networksl[r2].

For our simulations we build on the event-driven simulation tool JIN@®. [ The open-
source Java implementation constitutes an extensible library for simulation of multiclase-
ing networks. JINQS consists of the two Java packagdscor k andt ool s which provide
primitives for compositional assembly of queueing networks and modelingvafreed con-
structs, e.g., customer- and state-dependent routing, time delays, and séoufaesource
possession. Application specific behavior can be introduced via sshgdasTable2.1 sum-
marizes our most important extensions to the JINQS implementation.

2.3 Virtualized Systems

Software systems have traditionally been installed on dedicated infrasasictnich offer
full control over the underlying hardware. The call for more efficietilization of hardware
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Virtual Machine Virtual Machine
| Applications | | Applications |
| Operating System | | Operating System |
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| Physical Hardware Devices |

Figure 2.4: Example System Architecture Using Virtualization Technologies

resources, as well as for more agile and dynamic IT infrastructurdedhesnew developments
in Virtualization technologies, which were initially developed as a method of time-sharing
extremely expensive mainframe hardwar@, p4).

Figure2.4shows a conceptual illustration of a virtualized system architecture. Iralirtu
tion several isolated guest systems can share the underlying hardywasealps of a software
layer calledHypervisoror Virtual Machine Monitor (VMM) The guest domains are indepen-
dent entities running separate operating system instances, while the VMitemtihe concur-
rent execution of the guestrtual Machines (VMs)The currently available system virtualiza-
tion technologies can be categorized ifub virtualization, paravirtualization andhardware
assisted virtualizatiof133 173.

Full virtualization. These technologies allow hosting of VMs without modifications of the
guest operating system kernel. The VMM virtualizes the hardware ressiy exporting a
functionally identical virtualized hardware interface that reflects the wyidg machine ar-
chitecture. Hardware instructions submitted by the guest system aredrapgananaged at
the VMM layer. This approach simplifies migration and portability, since the \igai@on is
fully transparent to the guest OS. However, the management of centlyrexecuting VMs
can induce VMM overheads that may lead to variations in system perfomjb24 203. Full
virtualization technologies are commonly used in enterprises and, for exaamplthampioned
by companies such as VMwargg, 20].

Paravirtualization.Management operations of the VMM layer may be reduced with special-
ized guest systems that directly utilize properties of the virtualized environrreparavirtu-
alization the VMs run modified operating systems that facilitate more efficient conation
with the VMM [48]. The approach requires changes to the guest operating systesi, kern
which is a requirement difficult to implement for some proprietary softwareeXample plat-
form using paravirtualization iXen[19]. Related work has used this open source project for
performance evaluation of virtualization overheat 207).

Hardware assisted virtualizationother approach to reduce VMM overheads and improve
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performance is to incorporate support for virtualization directly in hardveachitectures. In
particular, the hardware exports a number of primitives to the VMM, e.ggdaorbination of
control states for guest and host or direct execution of guest itistngavithout trapping32].
For example, the open source proj&ernel-based Virtual Machine (KVM}] is a platform
exploiting hardware with virtualization extensions.

In this thesis we focus on the performance evaluation of systems usingrfulilization.

2.4 Storage Systems

The termstorage systerhas initially been used to describard disk drive (HDD)technology

introduced by IBM in the early '50s. Since then the evolution of modern géosystems
subsequently added layers of software and hardware to the rawili#gsabf storage devices in
order to build reliable and manageable systems with high perform&b&e [This development
has led to complex storage hierarchies in enterprises where storage tyegcemarise random
access memory (RAM), solid state disks (SSDs), HDDs, and tape st@3&3,[209.

The communication between host side storage controllers and storagesdeaitbe orga-
nized using file-oriented or block-oriented protocdl84. In file-oriented systems the proto-
col provides a complete file abstraction, e.qg., file creation, file deletion, fidsrand writes.
Conversely, block-oriented systems provide a physical device ingerfag, for read and write
requests to disk blocks. Thus in file-oriented systems the file system reletetibhs are per-
formed by the storage system, while with block storage these functions nbedrtanaged by
the host submitting data access operatid2d]|.

For block storage the Small Computer System Interface (SCSI) protacobe used to
manage the communication between operating system hosts and disk devicesdig to
the SCSI client/server model hosts typically act as clients and disks acwvassseespectively
denotedinitiators andtargets Storage is presented to the host as a number of contiguous
storage areas callédgical units (LUs)identified by dogical unit number (LUN]174.

Storage devices can be dedicated and directly attached to a single hostemt By multiple
hosts over a network. Resource pooling using networked storageVveralsadvantages over
directly attached storage, e.g., higher flexibility, scalability, and data mobll&][ Network
storage technologies differ in terms of the network composition, Elye Channebr Gigabit
Ethernet and the employed communication protoca4][ The two main system architectures
for sharing of network storage among multiple hosts stogage area networks (SANahd
network attached storage (NA$@spectively applying block- and file-oriented protocadi4]|

Figures2.5 (a) and (b) show simplified illustrations of disk arrays connected via SAN an
NAS topologies, respectively. Disk arrays suchradundant arrays of inexpensive disks
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Host 1 Host 2 Host 1 Host 2
File System A File System B
iSCSI
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Disk Array Disk Array

(a) SAN (b) NAS

Figure 2.5: Examples Storage Attached Network (SAN) and Network Attached Storage (NAS).

(RAID) [72] combine multiple independent disks into a single large unit: Data can be striped
across multiple disks for improved performance or stored redundanthetter reliability. In
Figure 2.5 (a) the host connects to the SAN oveloaal area network (LAN)The commu-
nication is organized using theternet SCSI (iISCSProtocol which essentially encapsulates
SCSI commands for transport over TCP/IP networks. In the NAS examngtected in Figure

2.5 (b), all disks in the array share a common file system and are accessgdilessystem
commands.

In the first part of this thesis we evaluate the performance of data aopesations to a
shared block storage device. In particular, we consider a fully virtuhlsssver connected
to a SAN. The VMM hosts a number of VMs that share disk space locatedeosatine disk
array. Figure2.6 shows a high-level illustration of such a virtualized system. Viheal disks
of the VMs are represented by files that reside on the same LU. The VMM ttata access
operations of the VMs and manages disk 1/O using the iSCSI prot@dbl The disk array is
governed by a storage server through a hardware RAID controller.

2.5 In-Memory Databases

Database systems are an essential part of the enterprise IT stack asethised to maintain
business critical data, e.g, of clients, products, accounts, and employée workloads of
enterprise databases typically consisbafine transaction processing (OLTBy online an-
alytical processing (OLAPjjueries. OLTP queries comprise short running transactions that
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Figure 2.6: Example Virtualized System Connected to a SAN

access only small portions of the data set and process both read andpaitgions, e.g.,
sales order entry or banking transactions. Conversely, OLAP wat&loansist of long run-
ning queries performing mostly read operations on large data sets. Foplkex@usiness
Intelligence (Blapplications submit OLAP queries for generation of sales reports. A common
storage medium for hosting of enterprise database systems are diskwh@e query perfor-
mance is dominated by the time consuming I/O operations to secondary stb8&heNain
memory database systems can significantly decrease the data access titdeR ah@ OLAP
workloads by maintaining data sets in system RAINZ, 164].

In-memory databases were initially proposed in the '&% &nd have recently evolved as a
mainstream technology. Some of the first commercial in-memory systems fd? @aikloads
were TimesTen{] (acquired by Oracle), P*TIMETQ] (acquired by SAP), and SolidDB]
(acquired by IBM). Examples of in-memory systems for OLAP workloadsthe research
project Monet 37] and the SAP development TREX31]. In addition, related work proposes
in-memory databases for mixed OLTP/OLAP workloatiaZ 164].

Relational databases store data in structures where rows correspogal-teorld entities
and columns correspond to entity attributes. For physical data storageotiisptual two
dimensional data organization needs to be mapped into one dimensionalrsgswagistorage
media provide only one dimensional interfaces, i.e., read or write fromemndimear offset.
Databases implement this mapping by storing table structures either rowvbyrroolumn-
by-column as depicted in Figur@s7 (a) and (b), respectively. The choice of implementation
depends on the application scenario and performance expect&&ns [

Column stores{6] maintain separate structures for each attribute and preserve the logi-
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Figure 2.7: Example Row and Column Store Databases.

cal table schema using surrogate identifiers. The performance of OlgkRloads can be
significantly increased using this approa&,[L75, since analytical applications are mostly
attribute-focused as opposed to entity-focus2f].[ In other words, only a small number of
table columns need to be considered for satisfaction of OLAP queries.

Column store databases can increase the performance of OLAP warkieadore efficient
data access and processing operations. The attribute-focused ofatiieeworkload allows
reading of only the required columns resulting in more cache-friendly Ii@pe. Thus, in
the case of disk storage only few seeks are required to find the pagblotlathat has the
first field in a particular column, and then data can be read in larger bld&ksin-memory
storage the pre-fetching algorithms of DRAM controllers can exploit sdatiality and ensure
good L2 cache hit ratios for sequentially laid out columhgq. In addition, compression
techniques can be used to reduce the volumes of processed and dathedlowing more
efficient numerical processing and caching stratedi&d][ For example, the data sequence
“eeeee” might be compressed to “e{5}".

The processing of column store data facilitates exploitation of high parallelizki@ls.
Table attributes may be partitioned into individual fragments and distributed to teyttip-
cessors. The illustrative example depicted in Fig2i&shows multiple threads processing
individual table columns and regions. OLAP workloads can especiallgflidrom the paral-
lelization capabilities of modern multicore architectures, since the paralleligeeo®f read-
only queries requires less synchronization effaity.

In this thesis we study the thread parallelization levels of a system hosting mrcshore
database in order to derive novel admission control policies for daaipsesies. Our tech-
niques are especially applicable for in-memory databases as they ign®i@ gubsystem and
focus on CPU processing tasks.
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Figure 2.8: Example Column Store Parallelization

2.6 Summary

This chapter has introduced the preliminary concepts used throughoutuise ©f this thesis.
In the first part of the thesis we use benchmarks for emulation of diskleak to evaluate
the performance of disk 1/0O requests when submitted to a shared blockestdexice. In
particular we consider multiple VMs hosted on the same fully virtualized hostemimg to the
storage device via block-oriented protocols. The second thesis paigsthe performance of
a decision support type workload on an in-memory database system tibufzarwe propose
admission control policies for database queries that consider the cesagage patterns of a
guery mix concurrently running on a server with multiple processing cdfesperformance
evaluation we make use of the concepts provided by queueing theorprésented open and
closed models are solved with operational analysis and customized simulation Koadel
parameterization is derived from measured system traces.
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3 1/0 Performance Prediction in Homogeneous Con-
solidated Environments

3.1 Introduction

The performance of I/O-bound applications is dominated by the time requréloperating
system to schedule read and write operations and by the response timestafrdge devices
in completing such requests. Since changes in the workload, as well assoftivare and
hardware environments, can affect the latency of disk 1/0O requestspites useful to de-
fine performance models to anticipate the effects of a change. This isabpisportant in
virtualized data centers, where the concurrent shared use of aestbesige by several Vir-
tual Machines (VMs) managed by a Virtual Machine Monitor (VMM) can Iéadignificant
performance degradatiod24]. In such systems estimates of 1/O contention for a given VM
placement configuration can support management and consolidatioiodscldowever, mod-
eling the performance of disk requests is very challenging due to the joirdatiten of the 1/0
flows issued by several VMs and because of the complexity of cachinganistns, schedul-
ing algorithms, device drivers, and communication protocols employed bythettiMs and
the VMM.

We tackle this complexity by introducing a trace-driven simulation approach@oper-
formance prediction in consolidated environments where multiple VMs cae sitaess to a
remote storage server. Our methodology, summarized in F@dreequires first a study of
VMs when they run in isolation on a virtualized server. After collecting mesaments, we use
simulation and specialized parameterization techniques to forecast the irhpansolidation
on 1/O performance.

Specifically, for each VM of interest we collect traces of arrival timed @stimated service
times for 1/0O requests. We then use these isolation scenario traces to paizaretpueueing
model for a specified consolidation scenario. A feature of our queusodgl is also the use
of start-time fair queueing (SFQ), a popular implementation of fair sharedstihg which is
adopted in VMMs. The model focuses on the prediction of response timé®ifoogeneous
workload consolidations, i.e. scenarios where multiple VMs submit worklo&dise same
type, and hence is denoted Homogeneous Model.

Motivated by the fact that a trace-driven simulation that uses only suskalaand service
time traces typicallyfails to predict accurately 1/0 request response times under consolida-
tion, we define an iterative algorithm for optimal parameterization of the simulatiotel.
Specifically, the algorithm estimates the performance impact of VMM level |A@nigations
such as the splitting of 1/0 requests and offers a search technique fal weddbration. Ex-
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tensive experimentation on test workloads generated with the PostmarkafRMJFSB disk
benchmarks reveals that our methodology can forecast successfobiplidation effects on

I/O performance.

Summarizing, the main contributions of this chapter are twofold.

1. Our methodology allows us to parameterize a simulation model based on daizedb
inside VMs in isolation experiments. It requires very little information from the MM
thereby effectively treating the VMM as a black box. It also obviates ttezirie collect

model training data for different VM consolidation scenarios.

2. The trace-driven simulation model is enhanced with an iterative calibregabmique that

approximates parameterization inaccuracies in the absence of detailed Welvhieasure-

ments.

The remainder of this chapter is organized as follows. Se@i@rists the addressed re-
search questions. Secti@3 motivates the use of prediction tools to quantify performance
degradation of disk requests in shared environments. Related workis #éh&ection3.4and
Section3.5introduces the reference system and monitoring tools for our study. bpesed
Homogeneous modeling methodology is presented in Se8ttand its validation results are
shown in SectiorB.7. Section3.8 offers summary and conclusions.

3.2 Research Questions

In this chapter we address the following research questions:

e Is it possible to accurately predict the performance of a fully virtualizestesy with a
queueing network simulation model?

e Can we use block device /O traces obtained within VMs in isolation benchnxpesie
ments for parameterization of models simulating homogeneous consolidati@ries@n
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e How can we calibrate the simulation model given the black box view of the VMM?

e How does the quality of such a trace-driven simulation model relate to an gxisthnique
for performance prediction?

3.3 Motivational Example

In virtualized environments, the VMM adds an additional layer to the 1/O arctoite that
needs to be considered in I/O performance models. The hypervisoorssigforage requests
from varying operating system types and the disk scheduler might do sotherfoptimization
processing of incoming traffic. For example, disk schedulers do natite a true first-
come-first-served (FCFS) manner, but try to optimize disk access pdtieresrdering queued
requests according to the targeted disk sector addresses. Furthelargpeaequests can be
split into smaller requests while similar requests that arrive within a specific timgowican
be aggregated and processed together in order to decrease latétiogestorage device.

In consolidation scenarios where more than a single VM submits large nuioié@s re-
quests, competition for the disk drive can lead to significant increasesitiesei.e. response
times. To illustrate the problem FiguBe2 compares the mean response times in three exper-
iments conducted on our reference system, which is introduced in S&borin the first
two experiments, denoted isolation experiments, single VMs run on the systesmawbiding
contention from other VMs. In the third experiment, denoted consolidatipererent, we
run two VMs on the same virtualized server and find that their disk requegésience stor-
age contention. Response times are computed as the time between reqeeshisseguest
completion as recorded by the VM operating system.

In consolidation we record large mean response time increases of rolgtyand 71%
for web and mail server type disk workloads, respectively. This malssag case for the
significant performance impact that consolidation can have on enddtoesponse time of
I/0 requests and motivates the investigation in this thesis. Specifically, the kxpropides
motivation for the need of accurate models that can capture and quantiipskible 1/0 per-
formance degradation related to consolidation effects.

3.4 Related Work

This section outlines the related work in the area and is structured into th@Gasegchedul-
ing, measurement, and prediction.
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Figure 3.2: Effect of VM Consolidation on Disk Request Latencies.

3.4.1 Scheduling

A large amount of research literature is concerned with scheduling algritbr disk 1/O in
virtualized environments. The main challenges regarding scheduling arevidgfair access
to the shared storage resource for all applications, while maintainingrpenfice isolation,
i.e. disk accesses by one application should not affect the I/O perfear@ranother. This
work can be structured based on the system layer under investigatierauttors in$8] use
Xen and VMWare Server environments to investigate how the combination ocAMivWMM
level disk schedulers affects throughput and fairness between fiM423 the performance
isolation between multiple in-VM applications hosted on Xen is studied and extsrtsi@ur-
rent Linux schedulers are proposed. Other approaches investiggpertftormance impact of
scheduling algorithms at the VMM layer. 11%8 multiple VMs are consolidated on a Xen
server. Each VM submits a single processor-intensive, bandwith-imgios latency-intensive
workload and the authors propose enhancements to the VMM 1I/O schénlaksign resources
more fairly. A virtual I/0 scheduler providing performance isolation amdf® resource shar-
ing with concurrent disk access is developediB(. Furthermore, the PARDA0(Q tech-
nique allows coordination of I/O scheduling across multiple independentalizéd servers
sharing a storage devic&(Q. In contrast, our work focuses on the prediction of /O request
performance as observed by the operating system within the VM and eossidly a single
VMM instance. Furthermore, we do not propose changes to the systén&chedulers or
evaluate the fairness provided by the reference system. Instead wieeusendard system
configuration and aim to predict the performance of consolidated staraidgoads. Through-
out our work we assume a system configuration assigning equal pimpdistorage resource
shares to all VMs.

Other research addresses theality-of-Service (QoSjuring shared resource usage. The
work includes approaches for proportionate bandwidth allocation togga@rvers for appli-
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cations deployed on a single servad{f] or on multiple independent server8g 104. In
addition, techniques guaranteeing disk request latencies have beesedd 03. The QoS is
out of scope of our work.

3.4.2 Measurement

The performance of a VM may vary over time depending on the backgraankload, i.e.
interference, originating from other VMs deployed on the same hostr&eesearch groups
have provided measurement studies of interference in virtualized Xermmements. In 124
the interference effects between system-level workloadscpandmake are quantified using
a normalized score. The authors consider a two VM consolidation scemaeie each VM
submits a single workload and find a significant degree of performanageir@ece between
disk I/O-intensive applications. A monitoring framework for measureme@Rid overheads
in the VMM layer is presented in/B]. The workload consists of a single VM and disk and
network 1/O intensive applications. Similarly, performance interferenestduhe concurrent
processing of network 1/0O workloads is measuredli6q and [143 for two and up to seven
VM consolidation scenarios, respectively. The performance of multi-gipli@ations in vary-
ing deployment configurations and consolidation scenarios is measurgsilin Closer to us,
the workload characterization studies 84] and [101] measure disk workload characteristics
and performance metrics in isolation and two VM consolidation VMware enwigotts, re-
spectively. Contrary to us they do not consolidate by placing two workloadhe same LUN,
but consolidate two LUNSs into a single RAID group.

3.4.3 Prediction

Efficient resource sharing requires some capacity planning and vaakldoalysis in order to
identify which workloads to consolidate on the same server. Predictiferpgnce models
have been shown to be useful for assisting workload placemer20W4 regression model is
proposed to predict the CPU resource requirements when migrating digpisciicom a native

to virtualized Xen environments. The authors Hi][discuss asymptotic bounds and average
value equations for open class queueing networks for a similar uselic§38] a mathematical
model for prediction of disk I/O throughputs is derived when moving framatave system to an
isolated VMware ESX server environment. In contrast, our predictiveefsddcus on varying
numbers of consolidated VMs and do not evaluate overheads comparativioinstallations.

The dynamic allocation of shared resources requires a provisioningigeehdetermining
how to partition server resources between the applications? Inal number of applications
are configured to share a server. The server is modeled as a time-damagirgg model and
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a non-linear optimization technique is used to compute and assign resoares sbnsidering
workload variations over time. Other approaches uagered Queueing Networks (LQNS)
to model the consolidated deployment of multi-tier applications in virtualized emviemts
and utility functions for resource allocatiod]7,118. The authors in %2, 144 employ a
combination of open and closed queueing models and utility functions to dyrignaitacate
CPU resources. Instead, our work addresses systems in steadynstatees not consider
dynamic allocation.

The authors in124] develop mathematical models usipgncipal component analysend
linear regression techniques for prediction of normalized performameresmn two VM con-
solidations. In 145 a statistical model for estimation of joint CPU demands of consolidated
VMs is proposed. Recently, the authors I2f] present an iterative model training technique
based on artificial neural networks for resource allocation in condetidartualized environ-
ments. While some of the work above captures coarse grained disk reguaiein the model
in order to predict effects of resource allocation changes on perfarenaf consolidated appli-
cations, none specifically tries to predict fine grained disk I/0 requekirpgance degradation
due to workload consolidation. Closer to us, prediction of disk requspbrese time granular-
ity based on a machine learning technique is presente20i® 201. The approach employs
Classification And Regression Tree (CART) models and treats the stoexgeeds a black
box. However, the model does not consider shared resourcesamrossrkload consolidation.

3.5 System Characteristics

We begin with a specification of the hardware and software environmentinghe experi-
mentation and advance to present the tool used to obtain I/0 measurementsio@rling
techniques have been tested only on the architecture described belave balieve them to
be representative of virtualized environments which adopt similar softiahmologies.

3.5.1 Reference System

We conduct our study on an AMD-based enterprise server with 4 qoa@processors con-
taining a total of 16 CPU cores each clocked at 2.21GHz. The systemigeguvith 68GB

of RAM and is connected to an OpenFilé} ftorage server via the iISCSI protocol and 1 GBit
Ethernet. The storage server comprises 8 Intel Xeon processokedlat 2GHz and 15GB
of RAM. It manages a 3ware 9000 series SATA-II hardware RAIDtcmler with 256MB of
RAM. The 15 disc RAID 5 array uses a stripe size of 64k and disk writdvcg is turned off.

On the server we host the virtualization platform VMware ESX Server 3.0318], which
accesses the storage device through a software iISCSI host bus H&#& We specifically
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Figure 3.3: 1/0 Architecture and Storage Queues of the Reference System.

choose VMware, as it is a widely adopted virtualization technology. Thealired environ-
ment consists of multiple Debian 5.0.1, kernel 2.6.26-2, guest VM systenisyeth identical
configuration of 1 virtual CPU, 500MB RAM, and 50GB of “virtual” harisk formatted as
ext3file system.

The virtual disks are represented by a large file and can be thoughtedireear array made
up of units of space, i.e. logical blocks. In the remainder of this paper the“tdock” refers
to logical block units, rather than the storage device’s physical block.units

The VMM formats and stores virtual disk files in the Virtual Machine File Sysf¢MFS).
The VMFS provides distributed locking mechanisms facilitating concurrergsacto virtual
machine disk files from multiple physical machines. A VMFS volume may also bedsde
over multiple LUNSs for storage poolin@4].

The storage contention in our reference system is characterized bhyl@simnection from
the ESX software iSCSI HBA to a single LUN on the RAID array. We do nositer scenarios
with multiple physical hosts or VMFS volumes spanning over multiple LUNs. All virtua
machine disk files are hosted on the same LUN.

Disk 1/O requests issued from a VM consist of one or multiple contiguouskblfor either
reads or writes. Once an application running inside the VM submits a retjuesequest first
goes to the disk driver of the VM operating system as shown in Fi§8éa). The driver
processes the request and forwards it to the VMM, where it is trappetchay undergo further
optimization operations before being issued to the LUN via the storage @inkthe iSCSI
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HBA [35].

On their way through the previously described layers of the storage/stes, requests
can be queued multiple times, as illustrated in FigBi2(b). Hence latencies of requests
may be affected by multiple queueing delays. Furthermore, requests magganaultiple
optimizations such as aggregating and reordering operations by in-Vatistdrs, as well as
request splitting at the VMM level. Such operations are used to optimize diglsaipatterns,
e.g., by aggregating multiple requests for small amounts of contiguous bloigkganrequests
for large amounts of contiguous blocks. In virtualized environments thesetions can have
a significant impact on disk request performance, as scheduling paicid and VMM level
may impair each othebp].

In our environment the Debian guest VMs are configured to use the ctetydi@ir queueing
(CFQ) (45 scheduler, which has per default 64 internal queues to maintain apddisel/O
requests21]. The in-VM scheduler optimizes disk access for the ext3 file system, which is
configured at the default block size of 4kB. Hidden from the operatystesn of the VM, the
VMM conceptually comprises two sets of queues, namely the VMM kernalegiand the
device driver queue. The VMM kernel maintains a queue of pendingestg per VM for
each target SCSI devic&(QQ, controlled with a fair-share (FSYf] scheduler. This class of
algorithms schedules shared resources among competing flows oftrelgisses where each
request is associated with a cds58[95,98]. Resource sharing entails the need to control how
consolidated request classes consume the resource in order to isdiatepace and manage
differentiated resource access. Without this management load surgespéting flows may
impair each other unacceptably. FS allocates resource capacities imtfmopo weights that
have been assigned to the competing request classes. See Se@tidior more detailed
information on the scheduling.

Furthermore, the server maintains a device driver queue for each whidh controls the
issue queue lengtiefined as the number of pending requests the server can have atége sto
device at a timeJ1]. Virtualized servers typically allow configuration of the issue queue
length for each LUN%$8,99]. When multiple host servers issue requests to the same LUN, this
parameter can be used to control resource utilization and fairness aosts.

Summarizing, our reference system comprises a network of intercodrpeees with mul-
tiple classes of customers corresponding to the multiple VMs and variouddite disci-
plines, which need to be represented in the performance model. In thithesagplication of
classic solutions for product form queueing netwodd |s complicated due to complex split-
ting, aggregating, and reordering operations on arriving requestdephand on spatial locality
on the storage device. Although forking and joining operations may allevigte difficul-
ties, they are hard to parameterize in the absence of direct measurernteMdfiM internal
optimization processes, which is the typical situation in practice. Furthertherbatched sub-
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Figure 3.4: Monitoring of Reference System With the Blktrace Tool.

mission of requests can result in extreme behavior of the arrival pattdraie large amounts
of requests are condensed into large bursts. Bursts have been ideagtifimportant sources of
performance degradatioi{,147] and we handle them in this work by resorting to trace-driven
simulation.

3.5.2 Measurement Tool

This section describes the monitoring tool we have used to quantify therperiice of disk
requests, as well as to collect necessary data for parameterizationrmobdel. All measure-
ments are obtained inside VMs with the block layer 1/O tracing mechabiktrace[1]. Figure
3.4illustrates how the tool allows us to capture disk 1/O traces, as they aredestfrom the
VM operating system kernel. Traces comprisgueandcompletionevents for each disk re-
quest:Issueevents specify that a request that has previously resided in the diskh&dder
queue of the VM operating system has been sent to the driver, adnitgletionevents mark
that a previously issued request has been complétHd Collecting this data at the operating
system level, rather than at the level of the in-VM application, has the &alyahat sorting
and merging operations of the VM CFQ scheduler are reflected in the mogitosice.

We prevent monitoring data from interfering with measurements by storirtgreapevents
into a temporary file system residing in system RARB|[ Figure3.5shows an example trace
comprising a relative nanosecond scale time stamp for each event, theypasra flag that
indicates whether a request was a read or write, the logical block add®4) pertaining to
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TIME EVENT TYPE READ/WRITE TYPE LBA BLOCKSIZE
11.575226201 I W 79930319 8
11.576754924 C W 79909447 8
11.576766766 D w 79910559 32
11.576838516 D w 79910695 32
11.576924596 D R 79910743 32
11.577008319 D R 79910871 16
11.577093686 C W 79909463 8

Figure 3.5: Example Disk I/O Trace From Blktrace

the request, and the number of blocks accessed. The blktrace todlllzsn a large number of
events, e.g., inserted into the 1/0 scheduler queue (1), issued to the(@)yand completion of
the previously issued request (C). This detailed information is helpfllddding the system
model, since it enables us to compute per request arrival times at the VNédBon the
unique LBA identifier we are able to correlate events corresponding tcathe sequest. We
note that we calculate per request response times as the time differenezhewmpletion
and issue events in the trace. We are aware of the timekeeping inaccuracigsalized
environments and use the network time protocol (NTP) to synchronize timesbetWMs.
NTP has been reported to work fairly well on our reference sysg&dn [

3.6 Homogeneous Model

Our model comprises trace-driven simulations to predict the performagradhation of VM
disk request response times due to storage device contention in homogeva&load con-
solidations, i.e. scenarios where multiple workloads of the same type areydémn a single
server. The fundamental idea of our approach is to first record apiplictraces in isolation
benchmark experiments and then utilize these traces to parameterize simulatels aicdn-
solidation scenarios. The challenge is to define realistic models of contentari the internal
VMM 1/O optimizations which affect the end-to-end delays of read and wptrations. Our
methodology considers a heuristic for request splitting behavior at VMBI lnd introduces
a model calibration technique to alleviate parameterization inaccuracies,rergquest ser-
vice times. Model parameterization is solely based on measurements obtainedhétiMs
and information that we gathered from available documentation on VMM tipesasuch as
fairshare scheduling and splitting. As a result, we essentially treat the VdMaldack box in
this work.

Figure 3.6 shows an overview of our methodology and introduces some of the termjnolog
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Figure 3.6: Methodology Overview Homogeneous Model.

used in the following sections. The model allows us to study a specified labatsmn sce-
nario consisting of a set of VMs concurrently sharing a storage delgrit parameters for
the queueing model are request arrival traces obtained from in-VMumeaents in isolation
benchmark experiments for each of the VMs considered in the consolidsterario. Our
methodology can account for environment specific, VMM level regspktting behavior by
means of a pre-processing step on arrival traces, wherei€aalriving request of class,
denoteob};, may be split intar requests. SectioB.6.2.1explains in detail how request arrival
timesA(cZ”) are assigned. Requests are also provided with a serviceDi(m;g”) sampled
from a Markovian Arrival Process (MAP) as described in SecBdh2.2 As shown in Figure
3.6, we use a simulation model that schedules requests using the SFQ# )sgheduling
policy across a pool of servers, each representing a parallel ctooméo the LUN. This model
additionally introduces a calibration technique by means of a merging heufisécmerging
bundles a configurable number ©ofrequests and enables them to share a server. The queue-
ing network and the scheduling algorithm are presente8l.énl The search algorithm we
developed to iteratively estimate the parametés introduced in SectioB.6.3.2

Finally, the model outputs requests with a response time esti@‘l@@. This involves a
post-processing task wherein, as shown in Figufethe requests that have been split in the
pre-processing step are rejoined.

3.6.1 Simulation Model

We represent the system under study as a multiclass open queueing memledsi® submitted
from individual VMs are distinguished in separate classes as shownungdg. As described
in Section3.5.], virtualization environments typically provide a configurable parameter which
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Class VM 1

controls the maximum VMM issue queue length to the LUN. We capture this aspeabd-
eling the storage device as a pool of parallel servers. In our refei®rstem this parameter is
maintained at its default value of 32 and consequently our model complses\&rs.

The model implementation extends JINGGT][ a library for simulating multiclass queueing
networks. Based on available documentation on the VMM, we implemented tcpté&®FQ
disk scheduling discipline to schedule requests on to the servers. Fagiggdr9| algorithms
are work-conserving and schedule shared resources betweeettgmequests by allocating
resource capacity based on proportional weights. Practical fairequgp@algorithms consti-
tute approximations to generalized processor sharing (GE) $§cheduling by considering
requests to be indivisible, rather than fluid flows.

Conventional SFQ schedulers do not consider concurrent serfviegjests at a resource.
Our simulation model implements SFQ(H), a special variation of SF] {vhich has previ-
ously been used in related work(Q to model our reference system. The depth parameter
H controls the number of concurrent requests in service and congggoemesponds to the
number of servers in our model. Upon arrival of therequest, of classk, it is assigned a
start tag.S(c) and afinish tagF'(c} ) by the scheduler. The tag values represent the times at
which each request should start and complete service according tteangystion ofvirtual
timew(t). Tags are computed as:

S(ck) = max{u(A(cy), Fe )}y, i>1 (3.1)

dj

F(ck) = S(ci,) + o

i>1 (3.2)

where A(ct) is the arrival time of request,, F(c?) = 0, v(0) = 0, di is the service time
of the request, and;, > 0 is the weight or share of clags Zszl ¢r = 1. Throughout the
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experiments, we assign equal shares to all request classes. THalsahalgorithm reserves
the specified minimal share to each class. In cases where a class héigacegiests surplus
resources are shared among active classes according to their reigit\ds.

The scheduler issues a maximumtbfrequests to idle servers in increasing ordestairt
tags When a request completes the queued requestmiitifstart tag)is selected and issued
to an available server to maintain a concurrency levél dfirtual timeadvances by assigning
it the start tag of the last request issued on or before time., the queued request with the
lowest start tag at the time of the last issue. As mentioned previously, in adtit®RQ(H)
scheduling we also selectrequests, merge them together, and issue the merged request to the
servers. The superposition of this behavior with SFQ(H) is describeddtid®3.6.3.2

3.6.2 Model Parameterization

This section describes how we obtain the interarrival and service timeguoésts. In this step,
we account for the request splitting operations of the VMM which are tregye’hen the block
sizes of arriving requests exceed a certain threshold.

3.6.2.1 Interarrival Times

The simulation model is parameterized with measured arrival traces, whdcteeorded in
a series of benchmark experiments. Benchmark workloads are submdtednithin VMs

running in isolation, where only a single VM is running on the server. Foh &M we build

a trace repository comprising multiple benchmark runs. Traces are ezbwith theblktrace

tool, where we include every in-VM request issue as an arrival in theemod

When predicting request response times for consolidation scenarioandemly choose an
arrival trace for each considered VM from the repository and ruaresalidation simulation.
Parameterizing the simulation model with arrival traces measured in isolatienigents is a
valid approximation, since our measurements in Se@ia@r2.2show that the interarrival time
distribution of disk requests to the VMM is not significantly impacted by workloadsol-
idation. This indicates that in the presence of contention delays disk tecaresqueued at
the VMM, rather than at the VMs. Queueing requests at the VMM is preferaince queue
depths should be larger than at the VMs and the VMM can use system speftifimation to
optimize disk access of queued requests. We expect this observatiold tantess the VMM
queues are saturated.

We account for splitting operations of the VMM by performing additionalcessing steps
on model input parameters and output results. Each arriving reqpéras an arrival time
A(c}) and a block sizé3(c}, ). Given the maximum request size threshigld,,, we pre-process
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the trace and split all arrivals Wheﬁ(cz) > lnae iINtO N separate arrivals, such that:

Ni = ﬁ(cﬂ (3.3)
A(") = Alcp) (3.4)
limaz ne{l.Nj—1}V
B(C’;;n) _ B(cj,)modl,q, = 0 (35)

B(c}%)modlmax n= N,i A
B(ci)modl,q, # 0,

\

whereN,i is the total amount of splitting operations for arri\c@ildetermined by the ceiling
function,mod finds the remainder of the division, and= {1..N}}. Since splitting operations
are performed by the VMM and are not visible to the VMs, previously sqijtiests need to be
rejoined once they have completed service. Our methodology includes prposssing step
on requests that leave the simulation model and as a result are assigapdrtseetime?(c};).
We compute the response times of joined requests as the mean:

N
Clch) = Ni S, (3.6)
k n=1
As requests are likely to be served in parallel by the storage array, ¢cmmpbe mean
response time of split requests can only be an approximation of the realibeht the device.
We investigate the effectiveness of this approximation in Se@&ia@nin our reference system
the VMM splits arriving requests exceeding a size of 512kB, corredipgnto 128 blocks
in an ext3 file system with 4kB block size. We consider this behavior in our haukset
lmaz = 128.

3.6.2.2 Service Times

Service times are key parameters for specifying queueing models ancaalyyestimated
based on direct data measurement and statistical inference. A commoaepps character-
izing the resource consumption of requests is to monitor system utilization arrégression
techniques based on operational lab@(. As our black box approach does not involve instru-
mentation of the VMM or of the storage server in order to collect utilization sasnplpractice
which is in any case difficult or impossible in many real-world systems, weoappate the
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service times of disk requests from response time measurements in isolat@nmagk ex-

periments. When utilization levels at the VMM are low, disk requests do net daeueing
delays as they get instantly issued to the storage device. In fact our ree&sus show that
the mean number of requests in the system during an isolation run doesaetiéhe number
of available connections from the VMM to the LUN. Thus measured regaspbnse times in
isolation should be a reasonable approximation to the actual service raquirat the disk.

Request service times belonging to a specific VM collected during isolati@riexgnts are
fitted to a MAP B9], which is then used to randomly sample a service time for each arrival.
The role of MAPs in our methodology is to generate random traces whichwfdhe same
statistical properties (distribution, autocorrelations) observed in the isoletiperiments.

3.6.3 Model Calibration Methodology

Our simulation experiments in Secti@i7.3.2indicate that prediction results can be signifi-
cantly improved if the model is calibrated with a merging heuristic to account &mcuracies

in parameter approximations. Calibration methods can aid in building simple mod=isnef

plex systemsq0], e.g., in case studies like ours where detailed documentation of commercial
software internals are not available. As we mentioned previously, ourlratioles the sched-

uler to merge queued requests and use the merging to compensate folepaesfiiiencies in

the parameterization of the model. For example, deficiencies in service timesriseylae

to the burstiness inherent in disk workloads and the resulting impact olgstsyatem behav-

ior [169. By enabling the scheduler to merge, i.e. aggregate, queued receettastively
model such batching behavior. Furthermore, our analysis of storager seonitoring data in
Section4.5.2.1shows evidence that, under simplifying assumptions, service times at the disk
can be load dependent. For example, service times can decrease aatigyfHmce we approx-
imate service times from low load measurements, the merging of requests may lgingo

of such load dependent behavior. The merging algorithm is describeztitins3.6.3.1 The
iterative technique to quantify the number of scheduler merging operatenferimed for a
given workload configuration is described in Sect®6.3.2

3.6.3.1 Request Merging Algorithm

The model merges a configurable number of queued requests in such thavahey still
remain separate entities, but share a server, i.e., connection to the LINowa in Algorithm

1, we pass a merge value parameter, denatetd the simulator, which serves as a modeling
abstraction in our black box model. Merging values can range,iso|, where we consider
a merge value of 1 as a single job being issued per service station, i.e. niognevhereas

a largew indicates that several requests are merged together before issue ¢ovigre Since
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Algorithm 1 Implementation of Merging
w < merge value
merged_jobs < struct
while service station idle AND job queuetb
x « get_int_value(w)
for i = 1toxdo
job < queued job with min start_tag

if i == 1then
merged_jobs < merged_jobs + job
else

if class job == class merged_jobs then
merged_jobs < merged_jobs + job
else
break
end if
end if
end for
schedule merged_jobs to idle service station
end while

requests are indivisible, we implement a functign_int_value to obtain fromw the number
of merged requests in each round of calibration. For exampleisiftonfigured as 2.5 there is
an equal probability that the maximum number of merging operations perfonmddy the
simulator will be either two or three.

The technique maintains the properties of the SFQ scheduler by mergiregtequincreas-
ing number of start tags. Furthermore, only requests of the same clasg@yed. As a result,
the algorithm aborts in cases where the queued request with the minimumgtarota dif-
ferent class as the already merged requests. Once a merged jobdiasdservice and exits
the model, each of the merged requests counts as a separate completianedginof the
requests sharing a service station has an individual service time, wexappte the aggregate
service requirement of merged requests with the mean of the individugseservice times.

3.6.3.2 Merge Value Estimation

The challenge is to calibrate our model without detailed knowledge of the VMbfrials.
To estimate the extent of merging operations in this black box view of the VMM awve h
developed an iterative search technique. Our technique controls thenuedoer of requests
in simulation experiments, i.e. the mean queue length, through ga@ameter and terminates
once the mean queue length seen in simulation closely matches an irdgpectedqueue
length, as follows.

Inference of Mean Expected Queue Lendthe first step of merge value estimation is to
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Table 3.1: Summary of Input and Output Parameters for the Homogeneous Model.

A(c}) | Arrival time trace measured from VMs running in isolation. Traces are

further processed to account for environment specific VMM recgiest
thresholds.

D(ct) | Service times sampled from a MAP, fitted from measured traces of VMs
running in isolation.

Input | .0z Maximum request size threshold of VMM environment.

H Number of servers based on VMM to LUN issue queue length configu-
ration.
w Model calibration parameter estimated in iterative search algorithm.

Output | C(c}) | Predicted request response times in consolidation.

Table 3.2: Measurements and Expected Mean Number of Requests N in the System in Isola-
tion (Iso) and Consolidation Scenarios with Two VMs (Con 2) and Three VMs (Con 3).

Workload Iso Con?2 Con 3
Nfrfgas NrQneas Ngxp Nr?;zeas Negzp

PM-1 11.9 275 23.8| 43.7 357

PM-2 14.1 30.2 28.2| 446 423

FFSB-1_S| 4.6 8.5 9.2 | 128 138
FFSB-1_R| 4.8 8.5 96 | 133 144
FFSB-2_S| 3.5 6.4 7.0 9.0 10.5
FFSB-2_R| 4.0 7.5 8.0 | 100 120

infer the expected mean queue length in the system for the consolidati@arisaemder study.
We infer the expected mean queue length for a consolidation scenari&valhsses based on

the assumption that the mean number of requests in the system grows linearynvaiving
from isolation to consolidation:

K

Nip =Y Nirlas: 3.7

=1

whereK is the total number of request classes considered in the simulation rﬂqﬁgis the
expected mean queue length in simulation, &f¢t, . is a measurement of the mean queue
length obtained in isolation benchmark experiments. The queue length pammeisonsider
include requests that have been issued by the VM operating systemeagdhar queued at
the VMM or in service, i.e. pending, at the LUN storage device.

To validate this linear assumption Tal8e2 shows measurements of the mean number of
requests from benchmark experiments in our reference system. Vémpnesasurements for a
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number of workload configurations averaged over 15 benchmark Fansletailed information
on the considered workloads see Secionl Results indicate that the linear assumption is
a good approximation of system behavior. We expect our assumption tatddshg as the
aggregate mean number of requests outstanding from VMs, i.e. requestd isnd not yet
completed, does not exceed the number of available connections fronMht®y'the LUN.

Iterative SearchThe expected queue length approximation is an input parameter for an iter-
ative search technique, which we propose to estimate the merge value fmrfonthe simu-
lation model. As shown in Algorithrg, the search is further parameterized with a configurable
initialization point and a maximum relative error valug,,.,, that serves as a search termina-
tion condition. Each search iteration begins with a number of simulator runs taporate
merging operations according to the current valueroEvery simulator run is parameterized
with a random combination of interarrival time traces drawn from a tracesigpy, depending
on the number and type of considered request cldss&isthe end of each search iteration we
compute the corrected mean queue length in simulativgs,, with

N, o= 25> (3.8)

whereNy;,,, is the mean queue length over all simulation runs &g, represents the effective
gueue length after the merging transformation withrhe effective queue length in simulation
is then used as input parameter for the functien merge_error, which computes the relative
error A, produced by the current estimate according to the error function

exp s1m

NK

exp

A, =

NE _ N/
; (3.9)

where NX is the inferred expected queue length computed accordin® Tpftom isolation

exp

experiments. The search terminates if the corrected queue length istaceittan 5% of
NX _ In cases where the estimation error is outside this range, we controhsdiagction

exp"

andw values on the basis of a binary search. ket g(N/,,) be the merge value used in

simulation to obtainV’, . If N/, is smaller thanVZX , we decrease in order to increase

exp’
the mean number of requests in simulation. In cases where previous itetzimproduced
an! such that{N}, .., > NE > N/, 1} the merge value for the next iteration is

sim,old’ sim

determined by

(3.10)

Naim)' — g(N’.
= (V) — L) = 0 oimeta),

and N’

sim,old"

which is half the distance betweenvalues used to obtaiiy’ In cases where

sim
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Algorithm 2 lterative Estimation of Merge Value
w < merge value initialization point
Negp < inferred expected queue length
Apae < 0.05
flag <0
while flag !=1do
#run con figurable amount of simulator iterations
for ¢ = 1 to max_simulator_iteratiordo
for k = 1to Kdo
draw random arrival trace from repository
end for
simulate(w)
end for
#search merge value w
Ngim < mean queue length over simulator iterations
N < (Nsim/w)
A, « get_merge_error(N., )
if A, < Ajazthen
flag <1
else if N/, < Negp then

stm
w < decrease

H !
else if N;,, > Nezp, then
w 4+ 1ncrease
end if
end while

no suchNg, ., exists, we decrease by a configurable step size parameter. The inverse of
the above applies for the opposite search direction. Tafileffers a summary of the input and
output parameters for the Homogeneous model.

3.7 Validation Experiments: Homogeneous Model

In this section we validate the proposed methodology with data obtained in a nahfugsch-
mark experiments from our reference system. We first present théntoamk applications
considered and their measured workload characteristics. We later acoyoaprediction re-
sults with measured results from consolidation scenarios and predictmmsain analytical
product form queueing model.

3.7.1 Workload Generation

We consider a number of different workload types, which are submittd frvithin VMs
running in isolation, as well as in consolidated scenarios. The workloamisist of varying



3.7 Validation Experiments: Homogeneous Model 50

Table 3.3: Workload Configurations.
Parameter Conf-1 | Conf-2
Size low bound | 500 byte| 9.77 kB
Size high bound 9.77 kB | 19.53 kB

PM Size read 512 byte| 2kB
Size write 512 byte| 2kB
Size Read 4 kB 32 kB
FFSB Size Write 4 kB 32 kB

configurations of two benchmarks with quite distinct characteristics. ThabideFile Sys-
tem Benchmark (FFSB)] is a multi-threaded benchmark comprising large file operations.
Conversely, Postmark (PM®[119 is a synthetic single-threaded workload comprising small
file and metadata-intensive operations designed to emulate 1/O patterngoétrapplications
such as e-mail and e-commerce. We specifically choose these two wotikpmedto validate
our model since the different file size distributions should result in distinantities of VMM

I/0O request splitting operations.

In order to obtain a system steady state, benchmarks for each cotifiguaee submitted
over a period of 75 minutes in five minute intervals. While the FFSB applicatiobeaaram-
eterized to run for a specified time frame, PM does not provide such amopticases where
a PM run needs less than five minutes to complete we restart it, but only colleitbniay data
within the five minute time window that captures a run. In total we run 720 bendtsnaad
collect roughly 87 million measurement samples for our analysis. See App€rfdr more
detailed statistics of the conducted benchmark experiments.

PM. File servers running Internet applications typically work with a large nurobshort-
lived, relatively small files (1kB-100kB). PM was designed to emulateadesof this domain,
where at any given time files are being rapidly created, deleted, readitan, at random
locations on the storage device. At the beginning of each benchmarknrinitial pool of
random text files is created, with sizes ranging in configurable bourdsh & specified number
of create/delete and read/append operations occur. Finally, upon ¢mmpméall operations
the set of files is deleted.

We have considered two configurations of a PM workload in our investigatenoted PM-1
and PM-2. The workloads differ in the file sizes of the initial file set, as welhe sizes of
read and write requests (see TaBlg). The “size” parameters specify how much data is read
or written to files at a time. When using PM-2 the benchmark creates a file @ehisg
a large size range and performs reads/writes of increased sizes.thifPbbconfigurations
read/append, as well as create/delete operations are equally likely to occu

FFSB.Similar to PM we have defined two FFSB configurations, but this benchmailik ad
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tionally supports the execution séquentiglas well agandomizedeads/writes. The response
times of sequential and random requests can significantly differ, siocestgal requests are
most directly affected by the transfer speed of the disk drive, whileamnegquests are most
directly affected by disk seek tim@]]. Sequential read requests can also take advantage of
read-aheadswhich assume that an application reading from disk blo@kll next ask to read
from the subsequent disk blocks. The read-ahead mechanism sk times by caching
the following disk blocks: + 1,n + 2, ete., into memory, but is turned off once the system
detects a non-sequential file access. Considering the sequentialralmniaed options es-
sentially leaves us with four distinct FFSB workloads for our study, dehateFFSB-1_S,
FFSB-1_R, FFSB-2_S, and FFSB-2_R.

At the beginning of each benchmark run FFSB dedicates a single threeghte an initial
file set for the subsequent operations. In our specific configuratiomppbcation creates
a structure of 400 files and 10 directories. Even though both confignsatice initialized
with the same total number of files, the distribution of file sizes is different. F&®B/s us
to specify the quantity of certain file sizes, as well as the probability of I/Qatjpas via
relative weights. The file sizes in FFSB-1_S/R and FFSB-2_S/R rangiki) 32MB] and
[32kB, 32MB|, respectively, with the highest request frequencies for the smalles. skt
define a single threadgroup consisting of 100 threads and set the think tiamegiar to zero.
Read and write I/O operations are configured with the same weight, butediffsizes, as
shown in Table8.3.

See AppendiD for the benchmark configuration files used throughout our PM and FFSB
benchmark experiments.

3.7.2 Workload Characterization

In this section we present how workloads submitted by the benchmark &jpiliege translated
into logical block requests by the VM operating system. The disk /0 schedthe VM
operating system aggregates and reorders queued requests. st ghee total number and
sizes of disk requests issued by the VM operating system to the VMM caificagly differ
from the total number and sizes of requests submitted by the application to thep¥idting
system. We first illustrate the request size distribution and the interarrivaldistebution
for requests submitted by a VM to the VMM. In particular, we show the eféatorkload
consolidation on interarrival times of requests issued by a VM. Finally,|sece@esent service
time statistics for all workload configurations considered.
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Figure 3.8: Measured Distribution of Request Sizes for PM and FFSB Workload Configura-
tions.

3.7.2.1 Request Size

To illustrate the different size characteristics of the workload configuraittonsidered, Figure
3.8 shows measurements of VM disk request size distributions of sample berkcbrpeeri-
ments. For ease of presentation we have grouped the data into bins. @hefsike bins are
chosen on the basis of a related workload characterization sddflyAs shown in Figure3.8
(a) the VM kernel aggregates the majority of requests submitted by PM-lirg®larger than
four and less or equal to eight blocks. Since the standard file systekndit@con our reference
system istkB, a request for eight blocks has a siz&®kB. Figure3.8(b) reflects the main dif-
ference between the two PM workload configurations. PM-2 submits sexjo€larger sizes.
This results in a lower frequency 82kB (eight blocks) request sizes and additional requests
for block sizes greater than eight. A common attribute of the two PM workloatatiseither
workload causes the VM scheduler to issue a significant number ofsequéh blocks sizes
greater thari 28.

Figures3.8 (c) and (d) show request size distributions of FFSB workloads arehtdhat
workload characteristics are quite different compared to PM worklo&ilsiilar to PM the
VM scheduler aggregates a large number of the FFSB workload to tsmqiesze32kB (eight
blocks). However, the total number of requests is significantly lower aagitbportion of
requests with large sizes is significantly higher than in the case of PM. Evajubhe main
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Figure 3.10: Impact of Workload Consolidation on Arrival Processes of PM and FFSB Work-
loads.

differences between FFSB-1_S and FFSB-2_S, the increased fieasiddrequency of large
file operations of FFSB-2_S allow the scheduler to translate FFSB-2_ISoads into fewer
requests of larger sizes as seen in Figdu@(d). The total number of requests compared
to FFSB-1_S decreases, while the frequency of requests of block4saed above increases.
For both FFSB workloads large proportions of requests are mergeddodifes> 128, which
corresponds to request sizes12kB.

3.7.2.2 Interarrival Times

The significantly different characteristics of the considered worklaadigurations are also
reflected in the distributions of request interarrival times. Figugga) shows the interarrival
time distributions of requests to the VMM, as recorded when submitting the Pk loeals.
While both distributions have a similar shape, there is a higher probability fgetdnterarrival
times in PM-2. We computed the mean interarrival times for PM-1 and PM&7asms and
0.81ms, respectively, as shown in Tal3et

Figure3.9(b) illustrates the arrival distributions for both FFSB configurations wiesform-
ing sequential read/write operations. Compared to the PM workloads, tharmtal times are
considerably longer. We observe a significantly higher probability fagéomterarrival times
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Table 3.4: Mean in ms, Standard Deviation (std), and Coefficient of Variation (cv) Statistics for
Request Interarrival and Service Times.

Workload Interarrival Times Service Times
mean std cv| mean std cv
PM-1 0.72 154 21.0 861 434 5.0
PM-2 0.81 134 164 115 588 5.1
FFSB-1 S| 3.07 285 9.2| 139 46.8 34
FFSB-1 R| 3.24 296 9.1| 156 491 3.1
FFSB-2 S| 4.36 434 99| 152 524 34
FFSB-2_ R| 354 38.2 10.8 14.1 501 3.6

Table 3.5: Mean in ms, Standard Deviation (std), and Coefficient of Variation (cv) Statistics for
Request Batch Sizes.

Workload Batch Size
mean std cv

PM-1 4,04 252 0.62

PM-2 414 3.44 0.83

FFSB-1_S| 498 6.39 1.28
FFSB-1_R| 5.27 6.77 1.29
FFSB-2_S| 5.26 6.33 1.20
FFSB-2_R| 530 6.94 131

for FFSB-2_S with a 95th percentile b8.6ms. FFSB-1_S has a shorter mean interarrival time
across the whole range of the distribution with the 95th percentile of intemhitiines being
8.5ms or less. The distribution of arrivals does not seem to be affectednidpmaizing disk
access, as Figu®9(c) indicates.

Since our model uses information recorded during isolation benchmagkimgnts only,
we are especially interested in quantifying the impact of workload consolidatioequest in-
terarrival times. Figur8.10shows the interarrival time distributions of disk requests submitted
from VMs when running in isolation (Iso) compared to consolidation seéesarith additional
VMs submitting an identical workload in the background. Interestingly ndrihe arrival
distributions from the VM to the VMM displays a large deviation from their csp@nding
isolation distributions when the workload on the server is doubled (Con @jpted (Con 3).
We take this as a clear indication that queueing of disk 1/0 requests duetacesontention
takes place at the VMM layer, rather than at the VMs themselves.

3.7.2.3 Service Times

Our methodology approximates the service requirement of disk requestsmnwéblured re-
sponse times in isolation scenarios as described in SeRiR.2 In isolation the utilization
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levels at the VMM are likely to be low and thus requests may not incur quediagle 3.4
shows mean service time statistics for all workload configurations avemgeall VMs and
benchmark runs. The service requirements for FFSB workloads dnerttigan for PM. This
is probably due to the larger request sizes of FFSB which entail inatéaxsgths of read/write
operations at the disk drive. Interestingly, randomizing workload pattdoes not automati-
cally lead to higher service times. FFSB-1_R has a larger service time th&a+EFS while
it is the opposite for FFSB-2_R and FFSB-2_S.

3.7.2.4 Batch Sizes

The batched submission of 1/O requests results in bursty arrival patémlisk workloads
[169. Burstiness has been identified to impact system perform&@¥;&47] and complicates
modeling efforts 146. We include an analysis of batch sizes for the considered workloatls an
structure this section in two parts. First we use an example to explain ounctustthod to
locate batches in a time series before reporting batch size measurements.

Figures3.11(a) and (b) show example intervals of measured interarrival times to illustrate
how the VM schedulers submit PM and FFSB requests to the disk. The saocogplesy a
varying number of consecutive requests submitted within a short time inteevalyith small
interarrival times, followed by a single arrival with an increased interartime. We consider
this observation in our analysis and define the elements of a batch as

Vel € By, diff{A(ci™Y), A(ch)} < toar, (3.11)

where batchB,, holds all arrivalsi, that have interarrival times ranging within a timeout con-
straintt,;. In order to approximate,,; we filter the interarrival time series of a representative
run from the increased values that mark interfaces between consebatthes. The timeout
constraint vectot is defined as

VA(c,) €t: (Zcfl
Alc )

< h, (3.12)

whereh is an upper bound on the ratio between the interarrival times of two cainsece-
quests. We approximate the upper boundias 3, i.e. interarrival times that are more than
three times larger compared to the predecessor are not includedr'ime timeout constraint
value,t,,;, is set to the 95th percentile bin order to exclude possible outliers. FiguB1(c)
and (d) illustrate how elements oére filtered from the previous example series of interarrival
times using our technique. Finally, we pagg as an input to Equatior8(11) and determine
batch locations and batch sizes in the measured arrival trace. FRjigg) and (f) complete
our example and show batch arrivals identified by our technique.
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The statistics reported in TalBe5 convey that mean batch sizes are similar for all workloads.
However, the variation in batch sizes is almost twice as large in FFSB woskloatpared
to PM, with coefficients of variation ranging if1.20, 1.31] and [0.62,0.83] for FFSB and
PM, respectively. For two reasons we are especially interested to learrelsponse times of
individual requests relate to tl@int response times of batch arrivals:

1. Our methodology uses response times recorded in low utilization benclexgekiments
to approximate service requirements as described in Segon.2

2. The model calibration technique in Sect®6.3can merge a configurable number of con-
secutive arrivals into a single unit and requires approximation of setivies of merged
requests.

We introduce the termbatch window siz¢o specify the response time of a batch unit and
define this quantity as

W(B,) = max E(c})) — min(A(cL)), Ve, € B, (3.13)

whereW (B,,) is the window size of batct,, F(c.) is the departure time of request,
andA(c}) is the arrival time of requess,. Furthermore, we denote the mean response time of
requests that are part of a batch unit as

1
| Bnl

C(By) = —— > C(ch), Ve € B, (3.14)
where|B,,| is the size of batciB,,. Table3.6shows mean and median statistics oK B,,)
andC(B,,). We report these metrics during varying utilization levels and compare theveela

difference as

W(Bn) — C(Bn)

85 =T W(B,)

(3.15)

The results from isolation scenarios show considerably lower deltasfondidlian compared
to the sample mean indicating that the latter may be affected by outliers. Delta vélines
median are generally low ranging[in09, 0.20]. In the higher utilized case of Con2 the relative
differences between batch windows and mean batch request redpoasalecrease: Delta
values range i10.23, 0.36] and[0.05, 0.12] for mean and median, respectively. Our analysis
of low utilization Iso cases shows that the time taken to serve a batch arrivahéeservice
requirement of a batch, may be approximated based on the service timeglofrequest
elements. It is interesting to note that the accuracy of this approximation sesré&a higher
utilizations, since the modeling of consolidation scenarios is the focus of tlig. stu
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Table 3.6: Mean and Median Statistics in ms for Batch Window Sizes W (B,,), Batch Request
Response Times C(B,,), and the Relative Error Ap

Workload Iso Con 2 (VM 1)
W(B,) C(B, Ap |W(B, C(B, Ap
PM-1 mean 19.8 9.30 0.53 375 27.3 0.27
median| 2.22 187 0.13 4.39 3.94 0.07
PM-2 mean 25.8 123 052 448 28.8 0.36

median| 2.39 2.02 0.14 4.23 3.76  0.08
FFSB-1_S mean 21.7 152 030 28.6 220 0.23
median| 10.7 749 010 13.2 10.3 0.06
FFSB-1_R mean 28.0 191 032 34.6 252 0.27
median| 12.0 8.67 0.09 11.7 9.48 0.05
FFSB-2_S mean 22.4 145 035 294 214 0.27
median| 14.8 8.60 0.19 20.2 139 0.11
FFSB-2_R mean 25.9 171 0.34 29.8 21.8 0.27
median| 14.5 842 020 194 13.4 0.12

3.7.3 Model Validation

In this section we study the accuracy of our proposed methodology ticpthd mean re-
sponse time of disk requests when consolidating storage workloadsalitation we conduct
a series of benchmark experiments on our reference system usingetheusty introduced
workload configurations. Workloads are submitted from within VMs. WesaaT scenarios
with up to three VMs, denoted VM 1, VM 2, and VM 3, where we consolidatebgeneous
workloads, i.e., workloads of the same type. We specifically choose thiseruwhlMs as it
resembles a realistic situation for the consolidation of disk I/O intensive afiplisaand the
storage contention scenario in our reference sysgdn Each benchmark experiment consists
of 15 individual 5 min runs and results are reported as means over all Mie first show
measurement results before comparing the prediction accuracy of ouasanunodel to a
product form analytical solution, as well as a baseline model without adililor heuristics.

3.7.3.1 Measurement Results

We present measurements that illustrate the impact of workload consolidatitislorequest
response times. Disk response times are an important metric since they mdly difect the
performance of end users of applications, e.g. in cases where pesdasck until completion
of aread request. All results are based on in-VM measurements obtaithatieblktracetool
as described in Sectidh5.2

Table3.7 shows that workload consolidation leads to an increase in disk 1/O resiomss
across all workload configurations. The PM workloads suffer a migggormance degradation
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Table 3.7: Mean Response Time Measurements of Disk I/O Requests in ms for VMs in Isolation
(Iso), Confidence Interval Width of Isolation Measurements (C'I;,), and Mean Response Time
Measurements of Consolidation Scenarios with Two VMs (Con 2) and Three VMs (Con 3).

Workload VM 1 VM 2 VM 3

Iso Cliss, Con2 Con3| Iso Clis, Con2 Con3| Iso C(Cl;s, Con3
PM-1 9.45 3.7 28.3 47.7| 8.49 3.1 25.4 48.2| 7.9 4.5 37.8
PM-2 11.5 5.0 31.1 53.3| 11.9 3.9 30.8 56.0| 11.0 3.6 43.9

FFSB-1_S| 148 27.0 18.4 24.9| 13.5 6.0 16.8 245| 13.3 8.3 25.2
FFSB-1_R| 16.4 5.6 215 290.8| 15.2 6.8 20.1 25.6| 153 6.7 28.2
FFSB-2_S| 15.4 5.9 19.9 249| 15.2 5.9 20.4 22.3| 151 5.9 23.6
FFSB-2_R| 14.6 51 19.6 23.5| 13.7 5.8 19.4 22.9| 13.8 4.8 23.3

than FFSB, with an increase ranging in approximatehg%, 199%] and[299%, 468%)] in the
two and three VM consolidation scenarios, respectively. In case of FsBRvorkloads this
increase is less severe, but still ranges approximately6i, 41%] and [47%, 81%] over all
VMs and configurations. Furthermore, there is no clear trend showingebponse times of
random FFSB workloads increase to a larger degree than sequerBBl wérkloads when
consolidating. Interestingly, VMs seem to have slightly different 1/O cotteréstics even for
identical workload configurations. For example, in a three VM consolidao@mario PM-2
requests submitted from VM 2 have a mean response tindér§, while the mean response
time of PM-2 requests submitted from VM 348.9ms. Such discrepancies may be explained
due to the spatial locality of VM disk images on the LUN. We indicate the stability of ou
monitoring using &5% confidence interval and report the confidence interval width,, as
the percentage of the mean measured response time in isolation over alinagkctns.

3.7.3.2 Prediction Accuracy

In this section we present predictions of mean disk request responseotia@sed using the
proposed methodology. We validate model predictions against systemnem@asiis. \We then
compare the quality of our predictions to an open product form solutioithwias previously
been successfully applied in environments with shared resolges-urthermore, our model
is evaluated against a baseline model without splitting and merging heuristit®wothe
effectiveness of the proposed model calibration techniques. Resporesestimates for the
product form model are determined analytically as

Dy,

K M\ ’
1=20 % X Dy

Cest,k = (316)
whereC. . is a response time estimate for clasequestsp is the mean service timg,the

mean arrival ratek’ the number of request classes, gnd= 32} the number of servers in the
model.
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Table 3.8: Confidence Interval Width of Simulation Results (Cl3), as well as Mean Relative
Errors of Response Time Predictions for Simulation (A,), Base (A;), and Product Form (A,)
Model.

Workload Con2 Con3

Clg A, | Clg Ay | Ay | Clg A, | Clg Ay A,
PM-1 11.6 0.13| 7.06 6.58| 0.46| 17.9 0.09| 20.7 427.6| 18.4
PM-2 8.9 0.08| 11.3 8.84| 2.26| 10.3 0.06| 7.56 984.6| 64.9

FFSB-1_S| 2.3 0.03]| 3.14 0.02| 0.12| 12.3 0.02| 6.83 0.04 | 0.06
FFSB-1_R| 4.2 0.03| 3.06 0.04| 0.09| 27.7 0.30| 10.1 0.23| 0.03
FFSB-2_S| 6.6 0.09| 0.69 0.20| 0.03| 19.4 0.04| 1.19 0.31] 0.05
FFSB-2_R| 1.8 0.16| 1.64 0.20| 0.03| 5.05 0.15| 29 0.23| 0.04

Table 3.9: Comparison of Merging and Splitting Operations Performed by the Simulation
Model.

Workload Con2 Con3
4 w w

PM-1 1.01| 2.55 4.7

PM-2 1.02| 243 435

FFSB-1_S| 1.56| 2.0 2.9
FFSB-2_S| 1.83| 2.2 3.075
FFSB-1_R| 1.54| 2.0 3.9
FFSB-2_R| 1.64| 19 2575

Predictions of our simulation model are averaged over multiple simulation rutis tve
number of runs> 50 and> 100 for PM and FFSB simulations, respectively. We indicate the
reliability of the estimate using 8% confidence interval and report the confidence interval
width C'I3 as the percentage of the mean, averaged over all classes. Furthetreareodel
incorporates some specific characteristics of our reference systeam\/MNRI splits incoming
traffic above a size threshold f2kB (128 blocks), which we consider in the parameterization
of the model as described in Secti®6.2.1 The quantity of splitting operations is reported as

Jl
split (3.17)

U = T

whereJ! is the total number of request arrivals before our splitting sféz;;i,t the total number
split of arrivals, andl the splitting ratio. Prediction accuracy is evaluated by the error function

K
1 Cmeas k— Cest k
A= — : : 3.18

; K ‘ Cmeas,k ’ ( )

which is the mean relative error over é&liclasses of the estimated response tithg ; with
respect to the measured val(g, .. -
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Figure 3.12: Comparison of Response Times from Measurement (Meas), Simulation (Sim),
Simulation Base-Line (Base), and Product-Form (Prod) Model for Two and Three VMs Con-
solidation Scenarios With Postmark Workloads. Legend Shown in Figure (a) is Identical for
Figures (b), (c), and (d).

PM. The simulation model delivers accurate prediction results for PM-1 an@® fivboth
consolidation scenarios, as shown in Tablg In light of the extent to which response times
of these workloads increase in consolidation, the quality of results is highisfactory. Con-
versely, the product form model delivers larger errors and is mopetitive except for the case
of PM-1in Con 2. The effectiveness of the model calibration techniqueribdr highlighted
by the large errors of the baseline model: TaBl8 shows that we estimate largevalues
especially for the Con 3 consolidation cases of the PM workload.

As we have shown in Figures8 (a) and (b) the numbers of requests larger than 512kB are
very small for PM workloads, thus splitting operations are negligible. Figut2shows that
predictions of the simulation model underestimate the measured response tioegs fer the
case of VM3 in PM-2 Con 3. We reason this might be due to the necessprgxapation
of service times for merged requests, where we estimate the aggregate sequirement
with the mean. Even though it is likely that the storage device serves mergeelste asyn-
chronously, this might be an optimistic approximation. Results for product &ord baseline
models are both grossly overestimating the measured response times.

FFSB.Simulation and product form models deliver good results when predictsmprese
times of sequential FFSB workload configurations. The simulation modedipesfespecially
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Figure 3.13: Comparison of Response Times from Measurement (Meas), Simulation (Sim),
Simulation Base-Line (Base), and Product-Form (Prod) Model for Two and Three VMs Consol-
idation Scenarios With FFSB Sequential Workloads. Legend Shown in Figure (a) is Identical
for Figures (b), (c), and (d).

well for the cases of FFSB-1_S. Interestingly, the product form medsts significantly better
than for the PM workloads. Our technique performs VMM level splitting apens on the
arrival trace, as well as merging, as shown Téh& We have particularly found the splitting
behavior difficult to model, as it needs to maintain temporal dependence in #seired arrival
trace. Furthermore, one needs to rejoin split requests and make addippmakimations on
the aggregate response time. For the case of Con 2 splitting and mergirgi@uein our
model almost compensate each other, explaining the competitive results astdab model.

Figure 3.13 shows that our model predicts optimistic response time values, except for the
case of FFSB-2_S Con 3. The baseline model outputs larger erraitsef&i-SB-2 workload
configurations. Tabl8.9reports increased split ratios andsalues for FFSB-2_S thus further
confirming the effectiveness of our proposed methodology.

Table 3.8 conveys that the product form model works well for the workloads vatidom
disk access patterns. Errors of our model are marginally larger, loepesfor the difficult
case of FFSB-1_R range [0.03,0.16]. With FFSB-1_R we also find the only case of our
study where the baseline model without calibration delivers noticeably ettelts than the
heuristically calibrated one. Figu@14further shows that most of our modeling results are
optimistic. Only in the case of FFSB-1_R Con 3 the simulation and baseline moeelistpr
larger response times compared to measurement.
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Figure 3.14: Comparison of Response Times from Measurement (Meas), Simulation (Sim),
Simulation Base-Line (Base), and Product-Form (Prod) Model for Two and Three VMs Con-
solidation Scenarios With FFSB Random Workloads. Legend Shown in Figure (a) is Identical
for Figures (b), (c) and (d).

3.8 Summary and Conclusions

ConclusionsWe presented a trace-driven simulation model that can predict resporeseof
disk I/0 requests when consolidating homogeneous workloads on toedsttarage device.
Our contributions are twofold. Firstly, we parameterize the model with in-VMsuesament
data only instead of instrumenting the VMM. Secondly, we introduce techsitipae incorpo-
rate VMM level optimization operations such as I/O request splitting and ctdilina model
with an iterative search technique that merges queued requests.

The proposed methodology is validated against system measurements tesigg af syn-
thetic workloads and produces better results than an established pf@hacolution for cer-
tain homogeneous workload types. Our findings indicate that predictiditygofedisk request
response times in homogeneous consolidation scenarios can be inexithsathanced mod-
els, which can account for splitting operations of the VMM disk scheduldraaie heuristically
calibrated.

Limitations. The approach is limited to homogeneous workload consolidations. However,
the range of application for such models significantly widens if they are dlota accu-
rately predict response times in heterogeneous consolidation scemdoidsl. calibration with
multiple workload types is more difficult since each type requires individualerge values
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and thus complicates the merge value estimation step. We leverage our fimdimgnddel-
ing homogeneous workload consolidations and tackle this additional compléggitya model
refinement as described in Chapfer
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4 1/0 Performance Prediction in Heterogeneous
Consolidated Environments

4.1 Introduction

In this chapter we propose models for predicting the performance ofdgeteeous storage
workload consolidations, i.e. disk workloads of different types. Sucteisoare more power-
ful and realistic than homogeneous ones, because they support systenistrators in finding
the workload mixes with the least interference effects and can be espéuiptiytant in Cloud
environments that employ virtualization technologies. In virtualized data eetiiterconcur-
rent shared use of a storage device by several Virtual Machines)\éibmitting different
disk workloads may lead to significant performance degradafigd [ Estimates of disk 1/0
contention for a given VM placement configuration can support manageand consolidation
decisions in such systems.

In particular, we introduce simple models for I/O performance prediction nsalidated
environments where multiple VMs can share access to a remote storage Genvenethodol-
ogy, summarized in the previously introduced Fig8r& requires first a study of VMs when
they run in isolation on a virtualized server. Based on collected measuremergsopose
two types of models to forecast the impact of consolidation on 1/O perforeng®yecifically,
for each VM of interest we collect traces of arrival times, estimated setiriwes, and arrival
queue lengths for I/O requests.

We develop two modeling techniques that embody this approach. We staevbioging
what we denote as the Linear Estimation Formulas to forecast mean read/wetg through-
puts, and response times in consolidation. Additionally, we introduce a simulatidal ritw
predicting response time distributions. Such a capability is particularly usefaloud opera-
tors interested in providing Service Level Agreements (SLAS) to customers

Our models support distinction between read and write requests by desmgploe work-
load according to request type. Read and write requests may afféetrspgrformance in
very different ways. Ganger and Pa#1] introduce three classes of requests based on how
individual request response times influence system performance/QAreqjuest is consid-
eredtime-critical if the generating thread blocks until the request is completed, e.g. a proces
is halted until a synchronous read request has been complgiae-limitedrequests must be
completed within a given amount of time otherwise they will become time-critical xemele
file system read-aheads. Requests that do not require waiting times aftinéting process
are classified asme-noncritical Such disk 1/0 requests must be completed to maintain stable
copies of nonvolatile storage, for example background flushes othsymous writes. Time-
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noncritical requests can indirectly impact performance when interferitigthe completion
of more critical requests, thus model definition is complicated by the interactiwrelen these
different workload behaviors.

Extensive experimentation on emulated application workloads generated e/itileébench
disk benchmark reveals that our methodologies can forecast sudgesshsolidation effects
on I/O performance. Summarizing, the main contributions of this work in predictimsoli-
dated workload performance are threefold.

1. Our methodology allows us to parameterize models based on data obtaidedvits in
isolation experiments. It requires very little information from the VMM therefigatively
treating the VMM as a black box. It also obviates the need to collect modeingaitata
for different VM consolidation scenarios.

2. The measurement-based decomposition model defines a set of simpteahesfimators
to approximate mean performance of read/write disk requests separately.

3. The simulation model builds on the decomposition approach to deriveridireed request
response time distributions.

The remainder of the chapter is organized as follows. Sedtlists the addressed research
questions. Sectiof.3introduces the reference system for our study and Sedtmotivates
the workload decomposition. Our models for heterogeneous workloakdations are illus-
trated in Sectior.5, while Sectiord.6 presents the corresponding validation results. Section
4.7 offers summary and conclusions.

4.2 Research Questions

This chapter addresses the following research questions:

e Can a block device I/O workload be decomposed for parameterizatiorpafate models
for read and write requests?

e How can block device I/O traces obtained within VMs in isolation benchmarkraxgnts
be used for performance prediction of heterogeneous workloadlkdatson scenarios?

e Isitpossible to predict per request response times of heterogenedklsad consolidations
for derivation of response time distributions?
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Figure 4.1: Monitoring of Reference System With the Blktrace and Tshark Tools.

4.3 Reference System

The reference system for this study is the same as that described in S&étibnin order
to refine our model and analyze how the VMM submits I/O requests to the steemger, we
extend the monitoring tool chain and use the network protocol anaistaark[14] to intercept
iISCSI network packets. This extension allows us to obtain data for anafysguest arrival
and completion times at the storage device. The tool is installed at the storageas® only
collects the headers of iISCSI packets, which enables us to extractiopalaodes and control
information without handling iISCSI payloads. We prevent monitoring data fimpairing
measurements by buffering into system RAM and only persist data to digk@mmchmarking
experiments are finished. Figuelillustrates how the monitoring extension complements the
blktracemeasurements described in SectBh.2while still maintaining a black box view of
the VMM layer.

The iISCSI protocol defines the direction of data transfer from the petisp of the initiator.
Therefore write commands from the initiator, i.e. VMM, to the target, i.e. LUN cansidered
outbound, while read commands are considered inbolB4.[ We extract the disk I/O trace
from the captured network packets by filtering for iISCSI operationaésatkfining read and
write commands. The basic procedure for a read operation involvesstees

1. The initiator sends a SCSI read command to the target, specifying the stafrand the
number of contiguous blocks to transfer.
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TS OC TYPE IP_SRC P_SRC IP_DST P_DST BS SIZE LBA TAG
1.258608000 1 W 10.55.168.33 49168  10.55.168.22 3260 8 40866217895 75694649
1.258647000 49 N 10.55.168.22 3260 10.55.168.33 49168 0 0 0 5694649
1.258807000 5 N 10.55.168.33 49168  10.55.168.22 3260 0 0 0 6948389
1.258967000 37 N 10.55.168.22 3260 10.55.168.33 49168 0 0 0 5694644
1.259357000 1 R 10.55.168.33 49168  10.55.168.22 3260 16 2 81913038479 75694650
1.259457000 1 R 10.55.168.33 49168  10.55.168.22 3260 16 2 81914753783 7569465
1.259467000 1 R 10.55.168.33 49168  10.55.168.22 3260 16 2 81913039343 75694652
1.260804000 1 R 10.55.168.33 49168  10.55.168.22 3260 16 2 81913004399 75694653

N 10.55.168.22 3260 10.55.168.33 49168 0 0 0 5694649

1.263053000 33

Figure 4.2: Example Disk I/0O Trace From Tshark

2. The target sends the requested data to the initiator.

3. The target sends a SCSI status indicator to the initiator.

The procedure for a write operation involves four steps:

1. The initiator sends a SCSI write command to the target, specifying the staBikgmhd the
number of contiguous blocks that will be transferred.

2. The target sends an indication that it is ready to receive the data.
3. The initiator sends the data.

4. The target sends a SCSI status indicator to the initiator.

We define response times as the time difference between the first and ttepgsértaining
to a read/write operation. Figude2 shows an excerpt from a captured tshark trace consist-
ing of a nanosecond scale time stamp (TS), iISCSI operational code (€djyrite request
type (TYPE), IP-address of the request source (IP_SRC), ponber of the request source
(P_SRC), IP-address of the request destination (IP_DST), porbeuof the request destina-
tion (P_DST), number of blocks (BS), size of the request in byte (SIEZBA, and the iSCSI
field Initiator Task Tag(TAG). The tag in the final field allows us to correlate multiple steps
belonging to a single read/write operation.

Extracting iISCSI traces from network packets facilitates the computationrgépaest ar-
rival and response times at the storage server. We synchronizendysies between VMs and
the storage server with the network time protocol (NTP). However, a 1:pimgpof request
data obtained with blktrace and tshark is not straightforward, since LBlikead spaces differ
at VM and VMM level.
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4.4 Decomposition Analysis

We use the tshark tool to study how the reference system submits consbhdatieloads

to the storage device. Sectidm4.1luses the monitoring data from the storage server for a
static analysis of the arrival instant queue lengths seen by read andegitests. In Section
4.4.2we show examples of how the arrival queue lengths dynamically charegegime. Our
investigation considers emulated mail, file, and web server application wosklaadescribed

in Section4.6.1

4.4.1 Static Analysis of Arrival Queue Lengths

The I/O workload of the storage device consists of a mixture of read aitel requests. Due
to the mixed nature of consolidated workloads, ideally the system must minimizéitia
where time-noncritical write requests may interfere with time-critical readsus@ghdshark
tool and the workloads described in Sect#B.1to observe how the arrival queue length at
the storage server is partitioned between read and write requests, mtmstady how our
reference system submits requests of different types.

Figures4.3(a)-(f) show measurements from scenarios where only a single VM isngrin
isolation and convey the general impression that 1/0 requests of diffexad/write types are
rarely submitted in the same time interval. Read requests of the file server aerkiostly see
small arrival queues of roughly five reads. Figdt8 (a) reveals a few cases where up to five
writes are detected in the queue. The situation is similar for read requestthieanail server,
as shown in Figuré.3 (c). Arriving read requests of the web server workload, depicted in
Figure4.3(e), may see some instances with larger queues containing up to 32 reass/dt
we do not observe any cases where the web server read arraad gontains write requests.

The write requests appear to be submitted in batch sizes of up to four or t®as in
Figures4.3(d) and (f) for mail and web server workloads, respectively. Thigpprty is not as
evident for the file server workload, where Figdr8 (d) reveals mostly small write queues of
up to five requests. It is important to note that in low utilized isolation scenatieses seen
by arriving write requests rarely contain any reads.

For our model of heterogeneous workload mixes we are especially it@ereslearn how
the VMM submits consolidated I/O workloads to the disk. We present resultwmiVM
consolidation scenarios in Figurdss (a)-(f). Specifically, we consolidate one web and one
mail server, denoted Web+Mail, one file and one mail server, denotedVlié+and one web
and one file server, denoted Web+File.

Figure4.4 (a) shows that a majority of arriving read requests in Web+Mail find oshds
ahead of them. Mostly the utilization of the storage server is low, since only tfsatdion
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of the 32 available connections from the VMM to the storage server arg bsed. However,
there is a significant number of instances where the maximum number of d¥aidmnections
are in use indicating high utilization periods. Interestingly, we also see a ablec@aumber
of cases where the arrival queue contained 16 writes. In File+tMaisepted in Figuret.4
(c), arriving reads do not see such large numbers of write requeste iarrival queue and
additionally the number of reads in the queue is generally small. Figydrge) suggests that
high utilization periods of read requests might be a property of the webrseorkload, as we
also observe situations where all 32 available connections from the VMM tettinage server
are busy in Web+File.

Figure4.4(b) shows more variability in the arrival queue lengths for write requé&tanost
occasions arriving write requests in Web+Mail find a small number ofs;easlwell as other
write requests roughly ranging [h; 16]. These observations further suggest that a maximum
of 16 write requests are batched from the VMM to the storage device. vowbere also are
noticeable frequencies where arriving write requests see large gjoétead requests. These
cases could indicate situations where batches of write and read regugestsmitted within
a short time interval. Such clashes of large amounts of read and writeste@ue not present
in File+Mail. However, Figured.4 (d) illustrates high variability in the arrival queue where
arriving writes do not only find other writes, but also up to 15 readsé@b&them. In Web+File
the number of writes in the arrival queue is lower than in the previous dageBigure4.4 (f)
confirms that the VMM schedules write requests to the storage server thigitetare still read
requests pending to be completed.

4.4.2 Time-varying Arrival Queue Lengths

To better understand the dynamic behavior of arrival queues, wemapahoose a 1s interval
and illustrate how the queue at the storage server changes over time ed4dufa) and
(b) use the example of Web+Mail to show the time-varying arrival queueefad and write
requests, respectively. The arrival patterns of both request aggesar to be extremely bursty
indicated by large numbers of requests submitted within a short time interval.rBgaests are
submitted in large bursts varying roughly in rangesB82] that may utilize all the available
32 connections from the VMM to the storage device. Write requests afipbarscheduled in
smaller batch sizes 16.

In the case of File+Mail we also observe the batched submission of tsqtsvever, Fig-
ure4.6(a) shows that read request batch sizes are not as large, anailwsetivat is confirmed
by the analysis of the static arrival queue in Figdré(c). We can see some occasions where
a burst of write requests finds a few scattered read requests andeveze Figuret.6 (b) il-
lustrates that arriving write requests find up to 16 read requests in the @reead of them.
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Figure 4.3: Arrival Queue Lengths From Single VM Experiments.
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Web+File (88317 Arrivals) Web+File (39639 Arrivals)

Figure 4.4: Arrival Queue Lengths From Two VM Consolidation Experiments.
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However, the system seems to batch read and write requests indepentiegtly it either
submits a burst of reads, or a burst of writes.

SummaryThe static analysis of arrival queues has shown that in isolation meagueeds
at the storage device rarely contain requests of both read and write typessolidation this
observation only holds for reads. This suggests that the VMM assigsneof priority shares
for read requests, e.g. similar to original UNIX systems (System 7) that aisksk request
scheduler giving read requests non-preemptive priority. Thus e@aests mostly compete
with other read requests for the storage device, while the interferefemsefrom writes is
small. For write requests this property is not as evident, as our study findsiens where
arriving write requests also find quantities of reads ahead of them atditzge device. The
investigation of time-varying arrival queues confirms that the VMM submigsl r@nd write
requests to the storage device in bursts.

4.5 Decomposition Model

In this section we present models that decompose the workload into readtitandequests to
approximate performance metrics of heterogeneous disk 1/0 workloalkdations. Section
4.5.1introduces a set of linear estimators to predict mean values of read/write, rthis@syh-
puts, and response times. In Secthb.2we present a simulation model that builds on the
linear estimator concepts and outputs per request response times.

45.1 Linear Predictor Formulas

In this section, we discuss modeling the consolidation of heterogeneoubaas submitted
from within VMs in ESX server using analytical predictors. We assume ddtaifermation

about each VM to be available from the isolation experiments, and we factiegrediction
of the expected I/O performance of the VMs in consolidation. Our perfocegrediction
methodology considers the following performance metrics. We only inclufieititens for

two VM consolidation scenarios as the generalization is obvious:

° TZR: mean throughput of VM's read requests in isolation
° Tfj: mean throughput of VM's read requests in consolidation with VM

° XZ.’E: throughput of read requests, originating from any VM, in the constitidaf VMs ¢
and;

A similar notation?}V, T}, and X", is used for write requests. We also introduce the follow-

ing derived quantities:
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o T; =T + T'V: mean throughput of VM in isolation

e T;; = T} + T}: mean throughput of VM in consolidation with VM;

aff = TE/T;: relative throughput fraction of read requests for Vi isolation

off =TI /T, ;: relative throughput fraction of VM's read requests in consolidation with
VM

Bl = (TF +Tf)/(T; + Ty:): mix of read requests, originating from any VM, in the

consolidation of VMg and

Similar quantitieSQzZ‘-’V, a%, andBZ‘g are defined for write requests. In addition, for response
times we define indexe§'%, Cfg with similar meaning of the corresponding indexes for
throughputs. We now propose three classes of linear estimators fastegad/write mixes,

throughputs, and response times in consolidation.

4.5.1.1 Approximation of Consolidation Read/Write Mixes

Let us first introduce the following linear predictor for the consolidaticadrerite mixes@fj
andg;".

T; T;
R R g R J
t ~ ol + o 4.1
v <L-+1j> ! <7i+7j) @4

T; T;
W 4% ? 44 J
Vo o + o 4.2
J ! <TZ+TJ> J <Tz+T]> (42)

Justification. Let L be the length of the period over which the system was observed and
denote withan (resp.nZW) the number of read (resp. write) requests completed by the system
in L. Then by definitiorlf* = nf/L, TV = n}V /L, and thusxf = nf/(nf + V), o}V =
nl /(nft +n}V). Using a similar notation for consolidation we geff = nl,/(nf; +nl"),

17]
o) =n%/(nf%; +n}%). Then by definition
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identi — R /(nR W R _ R /(nR 4 W
where we can identify the termgfzj =n;/(ni +ni;) andag’ = ng/(ng +nj;). Con-

sider now the approximation!* ~ afj, which assumes that the relative throughput fraction of
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reads incoming from VM is the same in isolation and consolidation. This approximation is
accurate if the arrival process of VMs loosely dependent on the overheads of consolidation.
Using this approximation we get

R _ Mi,j R i R
T\ e ) T\ )Y
i + i Mij + i

(T R T R
~(mvm) o (v )

where the last passage follows by first scaling numerator and denonsifgtér. The final
formula is obtained by further approximating the throughput ratios in coraaia by the
ratios of 7; andTj in isolation. This corresponds to the assumption that a common overhead
factorc,, exists for the two VMs such that

(mim) = (Gaten) = (at)
Tij+ T, conli + conT} T + T

The justification forﬂi‘fg follows in a similar way.

4.5.1.2 Approximation of Consolidation Throughputs

Using a similar justification as the one for read/write mixes, we define the follohénigistic
for estimating the total throughputs of read and write requests in consolidation

T; T;
XE ~ TR ! TR 27
i ! (Ti+Tj T T; +T;

T T;
XV TV : ™ J
B <T,~+Tj>+ T \Ti+T;

4.5.1.3 Approximation of Consolidation Response Times

(4.3)

The approximation we propose involves using the response times anal guaue-lengths
collected with theblktrace or tsharktools in isolation experiments to estimate the expected
response times in consolidation. Our measurements indicate that quantitiebdtrtools
are very similar in isolation. Le$ andS}" be the estimated service times of read and write
requests in isolation. Assuming first-come first-served as an approximdtiba scheduling
policy at the disk, we use the following expression:

St~ cCl/a+ AR, (4.4)

wherel + A is the queue-length seen upon arrival by a read request at ESX iimgltie
arriving job itself [L26. Equivalently, the arrival queue-length can be considered at thagsto
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server if ESX data is not directly available, since we found that in isolatiordiffierence
between the two measurements is often negligible. Then we estimate the expsgedse
time for a read request in consolidation as

R o "R R AR
O ~ CF 4 sEAl (4.5)

This approximation assumes that the overheads for reads in consolidatigiMfi are only
due to the interference with reads issued by the otherjyWrite requests do not interfere with
the response times of reads for ViIMFigures4.4 (a), (c), and (e) support this assumption, as
the large majority of read arrivals only find requests of the same type in #tersy

For write requests the non-interference property is not as evidergjgaess.4(b), (d), and
(f) where some reads can be found in the system by an arriving writeetdw, it is interesting
to observe that such reads rarely exceed 5-10 in number, exceatféov rare events, e.g.
depicted in the middle of Figuré.4 (b) where tens of both reads and writes are found on
arrival to the system. Our approximation ignores such rare events atehwethis extension
of our estimator for future work. Based on this approximation approaetgefine the mean
response time of write requests in consolidation as

w o W W AW
ol =l 4 s A (4.6)

Finally, similar expressions are defined for the response times oj,\/lM.,C’fi andC}f{. We
refer to Tabled.1for a summary of parameters and estimators of the linear predictor formulas.

4.5.2 Simulation Model

We complement the decomposed modeling methodology with a simulation model thatynot o
facilitates prediction of mean response times in consolidation, but additionallysalls to
approximate the response time distribution. In some situations prediction oh®spme dis-
tributions might be preferable to mean values, e.g. in cases where centa@miiles specified

in Service Level Agreements (SLAS) need to be satisfied.

Our model follows the concepts of the linear estimators introduced in Seéttohand
focuses on the mostly synchronous and performance critical readstsli7l]. To capture
the feedback effects between read request completions and arrvalssart to a multiclass
closed queueing model as sketched in Figliré Feedback effects in disk workloads can
have significant impact on performanc®0]. Requests submitted from individual VMs are
distinguished ink separate classes. Based on the assumptions and approximations in Section
4.5.1.3the simulation model uses a single server with FCFS scheduling.

To maintain the burstiness in the arrival process throughout the simulatiotheumodel
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Table 4.1: Summary of Input and Output Parameters for the Decomposition Model Linear
Estimators When Predicting Read Requests in Two VM Consolidation Scenarios. The Notation
for Write Requests is Similar.

T;, T} Mean throughput of VM i (resp. VM j) in isolation.
TR TR | Mean throughput of VM i (resp. VM j) read requests in isolation.

ol af Relative throughput fraction of read requests for VM i (resp. VM

Input j) in isolation.

Ccl Cl | Mean response time of VM i (resp. VM j) read requests in isola-
tion.

AR AR | Mean arrival queue lengths of VM i (resp. VM j) read requests in

isolation.
fj Mix of read requests from any VM in consolidation of VMs i, j.
XZ%. Mean throughput of read requests from any VM in consolidation
of VMs i, j.

Output Tﬁ-,Tjﬁ Mean throughput of VM i (resp. VM j) read requests in consoli-
dation with VM j (resp. VM i).
CcE

i Cﬁi Mean response time of VM i (resp. VM j) read requests in con-

solidation with VM j (resp. VM i).

population consists oBatchCustomersdenotedhc’® andbc', that are forked and joined in
custom model elements. Before arriving at the queue BatthCustomeenters éBatchFork-
Station where it is forked into a batch, such that:

(neN,1<n<bR): A(c?™™) = A(be,), 4.7)

whereb” is a read request batch size sampled from a probability distributfb?ff is a forked
read request of clags A(cf’i’”) is the arrival time of a forked request, amb{bcg’i) is the
arrival time of aBatchCustomer After leaving the service station all elements of the previ-
ously forkedBatchCustomeare re-joined in th8atchJoinStatiomodel element. We compute
per request response times for ea&ﬁ’" as the time difference between request completion
E(¢fP"™) and arrivalA(c,”"™). A similar notationb™', ¢, A(¢,"""™), A(be""), E(c]""™)

is used for write requests.

4521 Model Parameterization

The parameterization process of the simulation model consists of two steytdimsdin Algo-
rithm 3. First we use measurements obtained \iltiracein a single representative isolation
benchmark experiment to determine disk I/O request batch sizes, batclhitiésk and service
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Figure 4.7: Customized Closed Queueing Model.

Algorithm 3 Parameterization of Simulation Model

#step 1. parameters from isolation measurements
PrHB,ﬁn| = bf] < measured distribution of batch sizes

Trace|ZE | < measured trace of batch think times

Exp[D(cﬁak)] — exponential service as function of load
#step 2: estimate population parameter

X]?,est_lm
X]?,est_szm

N,f’bc = 1 < init model population
while X]f,est_szm < X]lj,est_lzn do

simulate
. R,b
increase Nk ve

end while
R,bc

+—throughput estimate from linear predictor

<« throughput estimate from simulation

lower = N;»™ — 1 < lower bound population size

upper = N,f’bc

<« upper bound population size

times. Secondly, we find an approximation of the model population by modulaiggahtam-

eter until throughputs in simulation match a throughput estimate computed with the linea

predictor formulas. See the following paragraphs for detailed definitibrredel parameters.

Batch SizesThe batched submission of I/O requests is an important modeling parameter as

bursty arrival patterns can have a large impact on system perfornj@riceWe have found
the batch size parameter to largely influence the quality of the modeling resuihiéatly
determine this quantity from measured disk 1/0O request arrival traceselBiments of a batch

are defined as:

Vet € B, : diff {A(c) ), A} < toars

(4.8)
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where batchB/f holds all read arrivals;”* that have interarrival times ranging within a time-
out constraint,,,;. We specifyt,,; using the custom technique described in Sec3ign2.4and
report its value in Sectiod.6.2.2 Similar quantities:,”’, B" , A(c,"") are defined for write
requests.

Once the batches in the arrival time series are found, we define the sizéaithB;’,
as|Bjf!,| and compute the probability distributidh[| B, | = b""] for each workload. The
distribution of batch sizes constitutes a parameter oB#eehForkStatiormodel element: A
batch sizé" is uniformly sampled for each arrival of a read requestchCustomebefore it
is forked intob’ requests.

Think TimesThe model captures think times as the time between completion of hatot
arrival of the following batch + 1. We compute this parameter based on the batch population
as:

ZE, = diff (min(A(c;""), ey’ € BE,.1), 49)
max(E(c™), e € B}, '
where the think timeZ?, is the difference between the largest completion tifffe,") of
batch B,fn and the smallest arrival time of any request belonging to the successiek b
BE. |- We define similar quantities}", , £(c,") for write requests. In the simulation model
we use measured think time traces to assign a think mfkez,f’i) for eachBatchCustomer
bcf’i.

Service TimesWe approximate the service requirement of requests using the well-known
mean value analysis (MVA) expression introduced 4. As Section4.6.2.1reveals our
workload characterization study has shown that service times are loatidi under the
simplifying assumption of FCFS scheduling. We estimate the mean requesesimnadcas a
function of the queue seen on arrival by

n

ZC(C,?")/Q + AR ap = (1+ AP, (4.10)
=1

D(c,,) ~ %
whereD(cﬁak) is the mean service time of read requests given the arrival instant qurgik le
a, and measured response tilﬁéckR’i). For write requests we define the quantﬂycmk).
During simulations of consolidation scenarios each read requestlasfivd observes the
arrival queue length of requests of its own cIa$§, and samples an exponentially distributed
service time with meai (7, ), wherea;, = 1 + A},

Population. The model is parameterized with a populatiorBattchCustomersBefore en-
tering the queueing station eaBatchCustomeis forked into a number of individual requests
and thus represents a batch arrival. Determining the population size frasuneenents, e.g.
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Table 4.2: Measured Throughputs (cmd/s) in Isolation at VM and Storage Server Level.

Workload VM Storage Server

Blktrace Tshark Ratio

R W R w R w
File 330 237 198 153 | 0.60 0.65
Mail 245 370 245 380 | 1.00 1.03
Web 470 44 462 53 | 0.98 1.20

the number of benchmark application threads, is difficult, since a batclyoésés submitted
by in-VM schedulers might consist of requests originating from multiple ttee&dorder to

approximate the appropriate population size in consolidation based on isetaasurements
only, we leverage results obtained from the previously introduced linesligior formulas.

Specifically, we predict consolidation throughputs as defined in Se¢ttoh.2and then modu-
late the population size in simulations until simulation throughputs closely match thyticala

prediction.

Since the configurable population size constitutes batch arrivals ratheintiigidual re-
quests, it might not always be possible to exactly match analytically estimatedimiitated
throughputs. In such cases we determine upper and lower boundspafajian sizes and
record response time predictions via linear interpolation between thesdsoun

4.5.2.2 Model Calibration Methodology

During benchmark experiments we found that in-VM throughput measuntsnoan signif-
icantly differ from throughputs measured at the storage server. Inlibenae of detailed
knowledge of VMM internals we explain this behavior with optimization operatadasg the
storage I/O path. Tablé.2 shows measurements averaged over 15 benchmark runs and re-
veals that file server throughputs are especially affected by thesatiopes;, where measured
throughputs at the storage server are reduced to rodghlyand65% compared to quantities
recorded inside VMs for read and write requests, respectively. uimouts for web and mail
server read workloads are monitored at almost identical quantities ati®system stack.
Interestingly, we recor@0% larger throughputs for web server write requests at the storage
server.

We model this behavior with a heuristic calibration technique similar to Se&i6r3.1
However, instead of parameterizing the queueing station with a static mergewala esti-
mate this parameter dynamically for each batch arrival. d'kialue is based on the throughput
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Table 4.3: Summary of Input and Output Parameters for the Decomposition Simulation Model
When Predicting Read Requests. The Notation for Write Requests is Similar.

Pr[| By, | = b¥] | Measured distribution of request batch sizes from VM in
isolation.
Z(bef) Trace of request batch think times measured from VM in
Input isolation.
D(cfjak) Mean measured request service time for arrival qugue
X,f’e“—”” Throughput estimate in consolidation from linear predictor
formulas.
w Merge value parameter from measured throughput ratio.
N b Population oBatchCustomerderived through calibration.
C(cR’i) Predicted request response times in consolidation.
Output F
Xk,R’e"’“t—Sim Predicted throughput in consolidation.

ratios measured in isolation, as well as the $fz@f an arriving batch:

TR
w= bR (1- Zf;“"), T > T o, (4.11)
k,om

whereT£

k,om

andT,fsan are the throughputs measured at VM and storage server level, respec-
tively. Thus we merge an equivalent percentage of requests fromlesdch arrival as we
observe throughput reductions in our isolation measurements. Zahbdfers a summary of
input and output parameters for the decomposition simulation model.

4.6 Validation Experiments: Decomposition Model

In this section we validate the accuracy of the proposed decomposition tresil on a num-
ber of benchmark experiments. We first introduce and characterizedttkéoad types consid-
ered before showing measurement results and prediction errors.

4.6.1 Workload Generation

We conduct our study using emulated disk workloads of mail, web, and filersigpe applica-
tions. Workloads are generated with FileBen2€ [ a framework for measuring and comparing
file system performance. We maintain the default workload specificatiomsethe recom-
mended parameters for small configurations (50000 files in the initial file Be€ presented
measurements are gathered during a series of benchmarking experieaehtgonsisting of
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Figure 4.8: Percentages of Read/Write Mixes for File, Mail, and Web Server Workloads.

10 runs of 300s length. See Appendixor the utilized benchmark configurations. We report
results as the means over all 10 iterations or based on a representative total we con-
duct 420 benchmark runs and collect roughly 53 million measurement sarndgesndixC
provides a more detailed summary of benchmark statistics. Experiments atecteshwith a
single VM running in isolation and with two or three VMs on the same server isal@ation.
For example, we consolidate one web and one mail server, denoted Vi@bah one web
and two file servers, denoted Web+File+File.

Figure4.8 shows the measured read/write mixes for the considered workloads in igolatio
File and web server workloads contain a majority of reads, with the latter @mhprsing a
small write portion of less than 10%. On the contrary, the mail server watkiox has a
larger fraction of writes. Summarizing, the considered application workléeature distinct
read/write mixes to allow a wide range of evaluation scenarios for our dexsedpmodeling
approach.

4.6.2 Workload Characterization

In this section we show a characterization of measured disk I/O requegtesémes, batch
sizes, and batch think times that are used for model parameterization.

46.2.1 Service Times

We estimate the mean service time of disk 1/0O requests based on measuremesizoote
times and arrival queue lengths obtained in isolation as described in Séd&i@il Our ob-
servations show that service times during phases of lower loads are tlaageduring phases
of higher loads. We explain this behavior due to the disk device’s capabiiitiserve large
batches of requests faster than small amounts of individual requesttd.per request ser-
vice times of a batched sequential read versus service requirements ofemaltidom reads.
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Table 4.4: Mean in ms, Standard Deviation (std), and Coefficient of Variation (cv) Statistics for
Read Request Service Times, Batch Sizes, and Batch Think Times as Measured in Isolation
with Blktrace. t,,; in ms Specifies the Measured Batch Timeout Constraint From Isolation.

Workload Service Time Batch Size Batch Think Time | Batch T-Constraint
mean  std cv | mean std cv | mean std cv tval

File 294 439 150 507 485 096 151 188 1.24 2.35

Mail 266 282 106 555 539 097 120 104 0.86 1.03

Web 158 243 156 579 6.97 1.20 141 88.4 0.63 2.34

Table 4.5: Mean in ms, Standard Deviation (std), and Coefficient of Variation (cv) Statistics for
Write Request Service Times, Batch Sizes, and Batch Think Times as Measured in Isolation
with Blktrace. t,,; in ms Specifies the Measured Batch Timeout Constraint From Isolation.

Workload Service Time Batch Size Batch Think Time | Batch T-Constraint
mean  std cv | mean std cv| mean  std cv tval

File 0.75 450 6.01 4.00 2.96 0.72] 147 283 1.9 0.12

Mail 0.35 0.93 2.70 484 6.77 1.40 175 118 0.67 0.70

Web 1.16 8.01 6.93 4.62 436 0.94 884 1574 1.78 0.16

This may be a mechanical property of the disk serving multiple requests witlgla sivotion
of the disk arm. Tabled.4 and4.5 show service time statistics for read and write requests,
respectively.

Figure4.9(a) reveals that read request service requirements of file and maal sevkloads
are almostidentical. Service times decrease with increasing load and stathiligdyrat arrival
gqueue lengths> 9. Web server disk requests generally take less time to serve. However, the
distribution follows the same trend as workloads of types file and mail. Sereicedds of
read requests in the queueing model are assumed to be exponentially widtrible have
found this to be a good approximation since our measurements roughly mattiednetical
exponential ofC'V = 1: The CV of measured service times rangeé?Maf = [0.39; 3.13] for
all D(cﬁak).

The service times of write requests are also load dependent, but we fivet hiriability in
the measured quantities. Figut® (b) shows that service requirements of writes are consid-
erably smaller than those of read requests. Write requests of the mail kexdedisplay the
clearest trend and stabilize with increasing load roughly around agiwale lengths of 5.
File server requests take longer to serve and the distribution is not as asaiblé¢he case of
mail. We record the largest write request service times for the web s@&itveunclear trend of
the web server service time distribution might be due to interference effeatséad requests
and the small amount of write samples in the measurement: The portion of writestsgn
the web server workload is 10%. We model the high variability of write request service de-
mands with a hyper-exponential distribution. The CV of measured service tamges mostly
in CV,V = [3.54;10.8], except for a few cases with CVs closeltéor mail server writes.
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Figure 4.9: Load Dependent Service Times for File, Mail, and Web Server Workloads.

4.6.2.2 Batch Sizes

The batched submission of disk requests may result in bursty arrivatisttat have large im-
pacts on system performance. Our model tries to capture such burststluefecting batches
in isolation measurements using the technique described in S&cTidhdand secondly using
the batch size distribution as a model parameter. Tablkasnd4.5show statistics of our batch
detection technique and batch sizes for read and write requests,treggeMean batch sizes
of read requests are marginally larger than the ones of write requestsreBpiest types also
share a low variability of measured batch sizes witti s close tol.

We are especially interested to learn how batch sizes are impacted by vebcklnsolida-
tion, since we use isolation batch size measurements to parameterize simulatonsai-
dated workloads. The examples in Figu#es0 (a)-(c) show that batch size distributions of
read requests are similar in isolation and consolidation. Distributions of file abdserver
requests almost converge, while the probabilities for larger read reloaies sizes of the mail
server are slightly higher in isolation compared to Web+Mail.

Consolidation also appears to have only minor effects on the batch sizeg®feguests.
Figure4.11 (a) illustrates that the distributions of file server batch sizes are similar in isola-
tion and Web+File. We observe more variability in the cases of mail and webrseprk-
loads. However, Figuret.11(b) and (c) illustrate that batch size distributions follow the same
trend when comparing isolation measurements to the consolidation examplesiéieamnd
Web+File, respectively.
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Figure 4.11: Measured Distribution of Write Request Batch Sizes for File, Mail, and Web
Server Workloads.

4.6.2.3 Batch Think Times

We measure think times of batches as the time between the largest requestticontiphe
of batchn and the smallest request arrival time of batch- 1. Interestingly, measurements
indicate that mean think times are similar for both request types across wisklkeecept for
the web server workload with the significantly increased valuggdms. Variabilities in think
times are quite low witl€'V' ranging in[0.63; 1.9]. See Tabled4.4and4.5for think time details
of read and write requests, respectively.

Consolidation seems to affect read request batch think times of the catsiderkloads
to different extents. Figuré.12(a) conveys a good match of batch think time distributions in
isolation and Web+File consolidation for the file server workload. Coelgrs Figures4.12
(b) and (c) we find higher probabilities for larger consolidation think timeserctses of mail
and web server reads, respectively. This discrepancy may be esghhaith feedback effects
of the mostly synchronous read requests, e.g. when the submissioreafzateh relies on the
completion of another batch of reads.

Figures4.13 (a)-(c) show that isolation and consolidation batch think time distributions of
write requests match considerably better than the previously discusse@gegest batch think
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Workloads.

time distributions. Our study shows slightly larger probabilities for increasid tatch think
times in the presented consolidation examples. We take these findings asifditetion that
the majority of write requests in the considered workloads are asynals@ma therefore not
subjected to feedback effects.

Summary.Our workload characterization study has shown that service times ofarehd
write requests are load dependent under the simplifying assumption of §&bE8uling at the
storage device. Furthermore, the distributions of batch sizes are similalatiosand consol-
idation thus consolidation only has minor effects on the sizes of bursts. rAsa@del samples
batch sizes from a distribution measured in isolation, this modeling abstractorsge be a
good approximation of system behavior. Think times of write batches arenmaniginally im-
pacted by workload consolidation. Using batch think time isolation measurenuentotiel
parameterization therefore is a valid approximation. For read request thin& times this
observation is not as clear as some workloads are more affected thes othe
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Table 4.6: Response Time (ms), Throughput (cmd/s), and Queue Seen On Arrival Statistics
From Isolation Measurements: Mean, Coefficient of Variation (cv), 95th Percentile, and Auto-
correlation Function Lag 1 (autocorr(1)).

Measured in | solation

Metric Statistic File Mail Web
R W R w R w
mean 20.0 4.82| 17.3 2.35| 11.8 6.78
cv 1.78 8.18/ 1.31 5.20| 1.92 6.16

Response TiMe o5 perc. | 65.7 9.22| 53.2 4.62) 35.4 16.1

autocorr(1)| 0.75 0.58| 0.54 0.36| 0.72 0.69
Throughput mean 330 238| 245 370| 470 44.3
Arrival Queue | mean 9.67 8.47| 7.86 8.32| 8.35 9.41

4.6.3 Model Validation

In this section we present measurement results of heterogeneous aebckinsolidations, as
well as the prediction quality of the proposed linear estimators and the simulatidel .nfwr
completeness the result set is additionally complemented with homogeneookdatit sce-
narios. Validation results are reported as:

measurement prediction
measurement

A:

, (4.12)

which is the absolute relative error of predictions compared to measureliventonsider
approximations with absolute relative error value$.30 as being of sufficiently good accu-
racy. Linear estimation formulas deliver predictions of mean read/write mikesghputs,
and response times. The simulation model outputs per request response times

4.6.3.1 Measurement Results

We compare response time and throughput measurements for read/writédiskuests ob-
tained with theblktracetool in isolation and consolidation benchmark experiments. Talfle
reveals that we record larger latency averages for read requesfsaced to write requests
across all workloads in isolation. Interestingly, response times of writeestg display in-
creased variability with CVs of reads and writes ranginglii31, 1.78] and [5.20, 8.18], re-
spectively.

Measurements of heterogeneous workload consolidations reflectficaltdés in predicting
such quantities, as the joint resource usage of workload mixes may regikiite interference
effects on disk requests. Taller shows that consolidation causes latencies of both read/write
request types to increase. For read requests we find the highestfrataformance degrada-
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Figure 4.14: Measured Response Time of Web and File Server Workloads in Isolation (Iso)
and Heterogeneous Consolidation Web+File.

tion in web server workloads: In particular, the consolidation with file semeekloads leads to
the largest increases p42% and437% in the cases of Web+File and Web+File+File, respec-
tively. Furthermore, write requests of the mail server workload appdag toost sensitive to
consolidation where we record response time increases of mail writdagan199%; 543%].

Variabilities in response time measurements are high and not always intuitaiésdfver
read latencies, e.g., are measured at 45.5ms in File+Mail and at 39.0ms inhike Utized
scenario of Mail+Web+Web. We use the example of Web+File to illustrate hogvsii con-
solidation may effect response time distributions. Figdi#4 (a) reveals that read request
response times of the web server are significantly more affected by Weleghsolidation
than the read requests originating from the file server depicted in Fgidgb). Probabil-
ities of larger write request response times are higher in consolidatiorotbrieb and file
server workloads. However, the web server workload sufferetangite request response
time penalties than the file server.

In homogeneous workload consolidations response time increases asesavere as in het-
erogeneous ones. We record increased response times of reastsaqunging in72%; 125%]
and[157%; 239%] for two and three VM consolidation scenarios, respectively. The measur
ments in Tabld.8reveal that, similar to the heterogeneous consolidations, we record thstlarg
degradation of read request latencies for workloads of the webrsdrvéhe case of write
requests response time increases for two and three VM scenariosimaingéo; 170%| and
[86%; 385%], respectively.

The sharing of the storage resource causes I/O throughputs of loptéstetypes to drop.
Workload interference effects are clearly visible, e.g., in the case oft¥ath where the read
throughput of the mail server workload is monitored at 132cmd/s whereasnly record
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Table 4.7: Measurement of Throughputs and Response Times for Heterogeneous Workload
Consolidation.

Measured Response Times (ms) Measured Throughputs (cmd/s)

Workload VM1 VM2 VM3 VM1 VM2 VM3
R W R W R W R W R W R W
File+Mail 35.0 6.90| 45,5 7.92] NJA N/A 198 138| 95 190| N/A N/A
Web+File 40.3 9.45| 29.6 7.19| NJA N/A 225 18 | 223 158| N/A N/A
Web+Mail 33.0 7.97| 28.0 7.03| NJ/A N/A 250 25 | 132 256| N/A N/A

Mail+Web+Mail | 46.8 12.3| 55,5 12.0| 45.0 13.0|| 78 155|145 24 | 77 167
Mail+Web+Web | 39.0 13.5| 47.3 12.0| 485 133} 86 159|175 27 | 177 22
Web+Web+File | 55.2 155| 54.0 16.1| 43.6 16.7|| 174 16 | 173 20 | 148 96
Web+FiletFile | 63.4 19.1| 49.8 19.5| 51.0 19.0|| 155 16 | 125 91 | 133 88
Mail+Mail+File | 54.9 14.6| 549 15.1| 454 13.1|| 81 147 | 78 153| 146 96

Table 4.8: Measurement of Throughputs and Response Times for Homogeneous Workload
Consolidation.

Measured Response Times (ms) Measured Throughputs (cmd/s)
Workload VM1 VM2 VM3 VM1 VM2 VM3
R w R w R w R w R w R w

File+File 354 7.64| 343 7.60| N/A N/A 173 108| 186 122 N/A N/A
Mail+Mail 385 4.76| 37.1 6.35]| N/A N/A || 117 208| 103 213| N/A N/A
Web+Web 266 8.19| 25.0 7.93| N/A N/A || 300 25| 277 29 | N/A N/A
File+File+File 529 18.1| 51.3 15.7| 53.0 15.0(| 116 70 | 109 70 | 121 72
Mail+Mail+Mail | 52.7 9.79| 53.3 11.4| 52.0 10.1| 71 137| 64 152| 72 158
Web+Web+Web | 40.0 12.6| 38.8 13.0| 39.4 13.2|| 204 23| 210 27 | 214 23

95cmd/s throughputs for mail server read requests in File+Mail. For maximizaigserver
read throughputs consolidating web and mail server workloads apidaegpreferable, since
the difference in read throughput is only minor for the web server in botih+Vail and
Web+File.

Summarizing, our measurements of homogeneous and heterogeneolsad@dnsolida-
tions show workload interference effects that may defy intuition and furtiativate the need
for accurate performance predictions that can support workloaéplkact decisions.

4.6.3.2 Prediction Accuracy of Read/Write Mixes

Tables4.9 and4.10report approximation errors of read/write mix predictions from the lin-
ear estimators for heterogeneous and homogeneous consolidatiges;tivedy. Prediction
results for two VM heterogeneous workload consolidations are exceli¢émterrors ranging

in [0.02,0.12]. When moving to higher utilizations where three VMs are consolidated on the
server modeling results slightly worsen, but still remain in a low rande.of, 0.20]. The lin-

ear estimators work equally well for the homogeneous workload consoldatio particular,
results for the web server are accurate. In contrast, predicting the migib§erver consolida-
tions is more difficult and delivers the largest single errod.@b in the three VM case. Given
the black box view of the system, as well as the simplicity of the modeling approacfu#iity
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Table 4.9: Accuracy of Read/Write Mix Predictions for Heterogeneous Workload Consolida-
tions from Linear Predictors.

Measured Mix || Predicted Mix

Workload Total Accuracy

R w AR Ay
File+Mail 0.47 053 | 0.03 0.02
Web+File 0.72 0.28 | 0.03 0.07
Web+Mail 058 042 || 0.09 0.12

Mail+Web+Mail | 0.46 054 || 0.20 0.17
Mail+Web+Web | 0.68 0.32 || 0.07 0.16
Web+Web+File | 0.79 0.21 || 0.01 0.04
Web+File+File | 0.68 032 || 0.01 0.01
Mail+Mail+File | 0.44 0.56 || 0.05 0.04

Table 4.10: Accuracy of Read/Write Mix Predictions for Homogeneous Workload Consolida-
tions from Linear Predictors.

Measured Mix || Predicted Mix

Workload Total Accuracy

R w AR Aw
File+File 0.61 0.39 0.05 0.07
Mail+Mail 0.34 0.66 0.16  0.09
Web+Web 091 0.09 || 0.0007 0.008

File+File+File 0.62 0.38 0.06  0.10
Mail+Mail+Mail | 0.32  0.68 0.26 0.12
Web+Web+Web| 0.89  0.11 0.02 0.18

of read/write mix predictions is very good.

4.6.3.3 Prediction Accuracy of Throughputs

We show validation results for predictions of the total read/write througapcrding to the
linear estimator4.3), as well as per-VM throughput estimates. Tallesland4.12illustrate

that approximation errors for total throughputs are equally low as whedligiing read/write
mixes. Here results for two VM and three VM heterogeneous cases arersaimilaange in
[0.02,0.13] and[0.02, 0.20] for throughputs of read and write requests, respectively. Except
for the0.35 value in the three VM consolidation of web server workloads, our methlbeede
prediction errors of similar quality to homogeneous consolidations.

We are especially interested in the accuracy of per-VM throughput pieakc The decom-
posed simulation model leverages these estimates to approximate requegbplalssions
and so large errors for per-VM throughputs may also reflect on nsgptime predictions of
the simulation model. Our approach delivers mostly fair result8.30 for reads in hetero-
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Table 4.11: Accuracy of Throughput Predictions for Heterogeneous Workload Consolidations
from Linear Predictors.

Predicted Total Predicted per-VM
Workload Total VM1 VM2 VM3

AR Ay Ar Aw | Ag Aw | Arp Aw
File+Malil 0.02 0.02 || 0.22 0.19| 0.39 0.10/ N/A N/A
Web+File 0.11 0.16 || 0.01 0.15] 0.21 0.20| N/A N/A
Web+Mail 0.09 0.15 || 0.16 0.20| 0.04 0.34| N/A N/A

Mail+Web+Mail | 0.08 0.19 || 0.07 0.19| 0.04 0.37| 0.15 0.16
Mail+Web+Web | 0.07 0.20 || 0.03 0.16| 0.09 0.41| 0.10 0.27
Web+Web+File | 0.13 0.14 || 0.15 0.12| 0.04 0.18| 0.21 0.13
Web+File+File | 0.09 0.08 || 0.06 0.11| 0.08 0.09| 0.13 0.06
Mail+Mail+File | 0.10 0.15 | 0.02 0.15| 0.11 0.09| 0.28 0.22

Table 4.12: Accuracy of Throughput Predictions for Homogeneous Workload Consolidations
from Linear Predictors.

Predicted Total Predicted per-VM
Workload Total VM1 VM2 VM3

AR Aw Ar Aw | Ar Aw | Ar Ay
File+File 0.07 0.03 || 0.05 0.09| 0.10 0.01| N/A N/A
Mail+Mail 0.12 0.09 | 0.03 0.13] 0.23 0.06] N/A N/A
Web+Web 0.16 0.14 0.24 0.15| 0.07 0.15| N/A N/A
File+File+File 0.04 0.12 || 0.06 0.12| 0.03 0.15| 0.08 0.11
Mail+Mail+Mail | 0.20 0.14 | 0.12 0.12/ 0.32 0.13| 0.16 0.16
Web+Web+Web | 0.22 0.35 || 0.26 0.39| 0.19 0.38| 0.21 0.28

geneous consolidations, with a single outlier0df9 for File+Mail. Interestingly, our model
appears to capture three VM cases better than scenarios with two VMsoxpation errors
for writes range irf0.06, 0.41].

Similarly, prediction errors for reads are low in homogeneous workloadalmations and
range in[0.03;0.32]. The accuracies of per-VM write request throughput predictions are
slightly worse, but still of fair quality: Errors mostly aré 0.15, except for the web server
workload where we find the single largest error valu@.af.

Notice that read requests have errors generally lower than write ttsgti@s is a positive
property since predicting the performance of read requests, whiclmasdy synchronous,
is much more relevant than predicting the performance of write requesish ale mostly
asynchronous and thus do not impact much on the response times of tleatapygs in the
VMs.



4.6 Validation Experiments: Decomposition Model 94

Table 4.13: Accuracy of Response Time Predictions for Heterogeneous Workload Consolida-
tions from Linear Predictors.

Predicted per-VM

Workload VM1 VM2 VM3
Ar Aw | Ag Aw | Ar Ay
File+Malil 0.01 0.10| 0.23 0.07] N/A N/A
Web+File 0.25 0.16] 0.04 0.50| N/A  N/A
Web+Mail 0.19 0.20| 0.02 0.30] N/A  N/A

Mail+Web+Mail | 0.15 0.10| 0.30 0.03| 0.12 0.14
Mail+Web+Web | 0.17 0.07| 0.33 0.27| 0.35 0.11
Web+Web+File | 0.32 0.09| 0.31 0.05| 0.12 0.002
Web+File+File | 0.24 0.21| 0.02 0.24| 0.04 0.21
Mail+Mail+File | 0.08 0.36| 0.08 0.38| 0.11 0.27

Table 4.14: Accuracy of Response Time Predictions for Homogeneous Workload Consolida-
tions from Linear Predictors.

Predicted per-VM

Workload VM1 VM2 VM3
Ar Aw | Ar Aw | Ar Ay
File+File 0.08 0.18] 0.11 0.18] N/A N/A
Mail+Mail 0.17 0.08| 0.14 0.18) N/A N/A
Web+Web 0.27 0.56] 0.23 0.61] N/A N/A

Filet+Filet+File 0.07 0.28| 0.10 0.16| 0.06 0.12
Mail+Mail+Mail | 0.11 0.19| 0.12 0.30| 0.09 0.22
Web+Web+Web| 0.33 0.49| 0.31 0.45| 0.32 0.43

4.6.3.4 Prediction Accuracy of Response Times

Linear Estimators.The heterogeneous workload consolidation results in Téldl@indicate

that our heuristic for response time predictions works well for readesgigu which are the
most important to predict; most of absolute relative errors are in a narr@mwat ranging

in [0.01,0.25], while a few cases show larger errors ranging(ir31;0.35]. In particular,

consolidation scenarios of web server workloads appear to be difficptedict for the linear
estimators. However, in light of the above addressed 435% measuredylaterease for
consolidated web server workloads, such prediction errors may béstiry. The situation
is similar for homogeneous workload consolidations, where Talld further confirms that
response time predictions for the web server are the most difficult. Appadion errors for

mail and file server workloads range[in06; 0.17].

Results for write request response times contain some larger error vallieseain a few
cases significantly worse than the read results. In heterogeneowdidatisns results range in
[0.002; 0.38], apart from the difficult case of Web+File. Our records of homoges@onsoli-
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Table 4.15: Accuracy of Response Time Predictions for Heterogeneous Workload Consolida-
tions from Simulation.

Predicted per-VM

Workload VM1 VM2 VM3
Ar Aw | Ag Aw | Ar Aw
File+Mail 0.17 0.33| 0.10 0.20| N/A  N/A
Web+File 0.09 0.67] 0.25 0.17]| N/A N/A
Web+Mail 0.11 0.36| 0.49 0.28/ N/A N/A

Mail+Web+Mail | 0.06 0.49| 0.21 0.18]| 0.04 0.46
Mail+Web+Web | 0.14 0.50| 0.26 0.14| 0.19 0.23
Web+Web+File | 0.29 0.35| 0.37 0.33| 0.21 0.67
Web+File+File | 0.33 0.38| 0.25 0.60| 0.26 0.60
Mail+Mail+File | 0.12 0.51] 0.16 0.51| 0.06 0.58

Table 4.16: Accuracy of Response Time Predictions for Homogeneous Workload Consolida-
tions from Simulation.

Predicted per-VM

Workload VM1 VM2 VM3
Ar Aw | Ag Aw | Arp Aw
File+File 0.07 0.51]| 0.14 0.31| N/A N/A
Mail+Mail 0.24 0.47]| 0.24 0.14] N/A N/A
Web+Web 0.29 0.28| 0.17 0.35| N/A N/A

File+File+File 0.30 0.44| 0.21 0.47| 0.24 0.47
Mail+Mail+Mail | 0.02 0.32| 0.07 0.39| 0.12 0.35
Web+Web+Web| 0.12 0.20| 0.22 0.18| 0.13 0.18

dations show mostly small error valugs0.30. Once again the web server workload produces
some large error value outliers. However, mean relative errors ovexsallis compare @t 17
and0.23 for reads and writes, respectively.

Simulation ModelWe focus our validation of simulation results on the performance critical
read requests. Tabldsl5and4.16illustrate that approximation errors of mean response times
are in line with approximation errors of the analytical solution. For hetereges consolida-
tions read request error values range mostlpin2; 0.33]. Additionally, we record two larger
errors 0f0.49 and0.37 in Web+Mail and Web+Web+File, respectively. Predictions for reads
are more accurate in homogeneous consolidation, where the single lengestalue yields
0.30.

Response time predictions of write requests are more difficult due to higtbildy in ser-
vice times withC'V,)V = [1.03; 13.5] and some cases where read requests interfere with writes
as depicted in Figure$.4 (b), (d), and (f). Our simulation model approximates the high vari-
ability in write request service demands with a Hyper-exponential distribuRoedictions of
write request response times have mean relative errdrg4fnd0.40 for two VM and three
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Figure 4.16: Distributions of Measured and Simulated Write Response Times in Consolidation.

VM consolidations, respectively. Some prediction errors are large witlesa 0.50.

We choose an example case for each workload type to illustrate the potdrtial model
in fitting simulation results to measured distributions. Figlukb(a) shows that predicted re-
sponse times in File+Mail are pessimistic across most of the distribution for medrsead
requests. The quality of results is equally good for the web server vaathkioFigure4.15(b).
We record 90th percentiles of roughy0755s and0.0719s for measurement and simulation,
respectively. In the higher utilized and more difficult to predict three VMsudidation sce-
nario illustrated in Figurd.15(c), the response time distribution of file server requests is also
approximated well.

Figure 4.16 (a) illustrates that the simulation model is able to match some measured re-
sponse time distributions of write requests well. For the mail server workloagb+Mail the
model delivers 90th percentiles 6f0157s and0.0154s for measurement and simulation, re-
spectively. The examples in Figuré<sl6(b) and (c) highlight one of the problems of applying
the decomposition approach to write requests. In consolidation the worklteterence of
write requests originates not only from other writes, but also from rte@de decomposition
model does not account for these additional overheads and leadsirtostip write request
response time predictions.
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Summary.The validation confirms that the proposed approximations could be effgativ
several cases of practical interest. Predictions of read/write mixesgunést throughputs are
of high quality. Approximating read request response times is more difficultadpmin our
models deliver fair results. More work is needed towards investigatingehavior of write
requests, which appear to be the harder to predict in consolidation. flégreasynchronous
nature of write requestd Y1 may be more accurately captured with an open queueing model
instead of our closed simulator. However, the capability of our models to eaggad request
performance more accurately than write request performance is a pgsitiperty as read
workloads are mostly synchronous and thus may directly affect therpaafae of applica-
tions.

4.7 Summary and Conclusions

Conclusions.We have presented simple models that can predict response times, thrsyghp
and read/write mixes of disk 1/0 requests when consolidating workloads arstared stor-
age device. Our contributions are threefold. Firstly, we parameterize tdelmath in-VM
measurement data only instead of instrumenting the VMM. Secondly, we d#fipde linear
estimators that decompose the workload into read and write requests dactjore of mean
performance metrics in heterogeneous workload consolidations. Thidlgomplement the
decomposed modeling approach with a simulation model that approximateasegjpoe dis-
tributions of consolidated workloads.

Proposed methodologies are validated against system measurementsiovedixieriments
with emulated application workloads show that the decompaosition model caratalgyredict
read/write mixes and throughputs for a variety of heterogeneous andgem@ous consolida-
tion scenarios. Response times are more difficult to predict, but the mdoelrdéair results
for predictions of read request response time means and distributionsvriEwrequests we
record some large error values resulting from the decomposition prdpesrny less evident for
writes. A positive feature of our models is that approximation results arergkiy better for
read requests which are the more relevant in practice. Read request®stty synchronous
and cause the submitting application threads to block. Thus the performareaaaoequests
may directly affect application performance.

Limitations. Our approach is limited to scenarios where fine-grained monitoring data is
available for a VM workload configuration. In practice such detailed manigomay not
always be available or might be considered invasive. While our simple modetswell in the
presented environment, specialized layered queueing models may beia¢énéfen modeling
more complex cloud topologie417,132.
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Usability. We envisage our methodologies being used by system administrators of cloud
environments. The disk 1/0O performance prediction obtained from our lnad® support
application placement at VM granularity, e.g, for pre-configured VM insagfefile and mail
servers. It requires the availability of a trace repository consisting oé$raollected from VM
images running in isolation on the virtualized server.
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5 Performance Evaluation of Query Admission Poli-
cies for In-Memory Database Systems

5.1 Introduction

The availability of system memory at low cost in combination with the parallelizatipatu-

ties of multicore servers have prompted in recent years the adoption ofmemealatabase
technology in enterprisest4, 176. The workload of in-memory databases often consists
of long running batch jobs which process very large data sets of custofoemation and
sales records. Since longer execution times often correspond to iedreasts, in-memory
databases have emerged as a mainstream technology to maximize resmassviedata-
intensive applications8p]. By manipulating large data sets directly in memory, and therefore
omitting time-consuming disk operations, in-memory databases execute dasvietepera-
tions in a fraction of the time of traditional databases.

This chapter is motivated by the problem of defining effective resourcegenent method-
ologies for in-memory database systems. We progress our performaioat®n of data ac-
cess operations and investigate data sets residing in system memory. lalgaiie consider
database workloads where multiple queries are running at the same time, dasalidation.
Our main contribution lies in the evaluation of admission control policies forygereecution.
We provide strong evidence using trace-driven simulation that our polaceesore efficient
than popular policies such as first-come first-served (FCFS) or shexpscted processing
time first (SEPT).

Database systems essentially process queries in two steps. First theteyiasyparsed
into an internal representation referred to asoperator tree Secondly, the internal query
representation has to be translated into a procedural program eXedudbe database query
engine denoted ascuery execution plafil36. A decisive factor for database performance is
the maximum number of queries that are allowed to run concurrently in thensys42 17§.
For example, choosing a small concurrency level results in underutilessalirces and low
throughputs. Conversely, large concurrency levels may induce &xeeontention delays for
cores or exhaustion of memory resources.

A challenge that arises in defining a good admission control policy for dagabystems is
the interplay between queries that are running at the same time. Relatedagdnighlighted
the tendency of queries to affect each others performance whenrcently processed in a
database syster89,60]. The interplay effects are not limited to heightened resource contention
at the CPU cores, but may also involve delays due to memory access or thesitdernal
characteristics of the software such as limited application threads.
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The observed performance may not only depend on the total numbeeoésexecuting
concurrently, but also on the specific query mix in service. A query mixnof@mprises
queries of varying types, i.e. classes. For example, the decision $upgmhmark TPC-H
defines 22 query classes with varyiB§L expressions, e.g., consisting of distis®#LECT,
GROUP BY, andORDER BY statements. Query completion times may decrease when queries
share data loaded into buffers. Conversely, completion times are impagiatilvely if queries
compete for software resources, e.g, limited thread pools. We definerfbenpence interplay
effects not directly related to CPU core contention as quegrference An important factor
determining the interference inherent in the running mix is the extent of hgkiigobs in the
system resulting from the task parallelization introduced by the query plafine query plan
is organized as a sequence of consecutive or parallel subtasksgisabavned synchronously,
thus suddenly increasing the number of jobs backlogged in the systemy Qlaes usually
vary for queries of different types resulting in different parallelizatievels determined at
run-time and which may also change during the lifetime of the query.

As an example illustration of parallelization levels in database workloads Ei§ui@)-(b)
show CPU thread affinity traces collected on our reference system,uicteddn Sectios.6.1
In particular, we run a single query instance and monitor over time the systess abserved
to execute threads belonging to the query process. The example traceiia3-ifa) conveys
a query type with a mostly synchronous execution pattern as the queryeplatiizes only
a single core for large portions of the query processing. SystemreEsoappear to be uti-
lized more evenly in the example depicted in Fighr&b), where the query plan entails more
concurrency for this particular type of query.

This chapter proposes novel admission control policies for databasensy. Our policies
aim to make efficient use of system resources and are derived salatysfystem measure-
ments. The database application is treated as a black box. Summarizing weomnagerttri-
butions:

1. We propose admission control policies derived from (i) mean job glesgghs, (i) CPU
utilization, and (iii) a no-interference baseline measure for query classqmmputed from
ratios of queue lengths and utilization. The policies ignore 1/0O subsystemtharefore
are highly applicable to in-memory databases. In essence, our policies imaitahle that
characterizes the interference and prioritize query classes thataite abke resources more
efficiently, typically at the expense of other query classes.

2. For evaluation of admission control policies we develop a trace-dewaalation model.
The closed queueing model is validated against system measurements.

3. Using the trace-driven simulation model and simplified synthetic workloadpresent a
comparative evaluation of the proposed admission control policies. ticyar, we com-
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Figure 5.1: Example CPU Thread Affinity Traces Measured During Single Query Executions.
Each Measurement Point Accounts for a System Core Running a Thread at Sample Time.

pare throughput, mean response time, and mean weighted slowdown regh#seiab-
lished policies FCFS and SEPT.

4. We further validate the queue length and no-interference baselingepalging TPC-H12]
type workloads and system traces from a commercial solution, SAP HAKA4 product
that aims at improving the performance of complex business intelligence vadslasing
in-memory database technology.

Although our work is illustrated on a specific product, the proposed melbgiés are gen-
eral and may be applied to other in-memory database solutions. The ren&ittteechapter is
organized as follows. Sectidh2 gives an overview of related work and Sectm® states the
addressed research questions. The proposed resource manageti@muologies are intro-
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duced in Sectio’.4. In Section5.5we present the trace-driven simulation model and validate
its quality in Sectiorb.6. The resource management methodologies are evaluated in Section
5.7and Sectiorb.8 offers a summary and conclusions.

5.2 Related Work

This section summarizes related work and is structured into the reseaashsateeduling and
admission control, load balancing, query interaction, and simulation models.

5.2.1 Scheduling and Admission Control

There is a long history of studying scheduling algorithms for parallel msing [L2§. In
the context of databases, related work can be categorized into appsgagoritizing request
classes (i) inside or (ii) outside of the database system. Researchers imittalsed on in-
ternal scheduling, i.e., prioritizing transactions as they are run inside thieadataThe work
in[112 120 introduces internal schedulers for the correct coordination ofwwant read/write
requests. In@4] priority-based schemes for management of DBMS resources, e.gs, afisk
memory buffers are presented. Transaction scheduling and comcyentrol in the presence
of time constraints have been studied for real-time database syse&8&i] In [14Q the
bottleneck resources CPU, synchronous I/O, and table locks are idérdiid subsequently
used for derivation of internal prioritization policies. The same authors fat®ide a statis-
tical analysis of locking with OLTP workloads and evaluate preemptive amdpneemptive
prioritization techniqueslf41.

More recently and closer to our work, external or interposed schextdee been proposed.
External scheduling is typically implemented using admission control in orderidoitize
transactions before they enter the database sy<tééh [These techniques maintain black box
views of the applications and govern the order in which requests are admaitthd system
through an external queue. Compared to internal schedulers, this mstlesd complex to
implement and allows more flexible development of custom scheduling policidatabase
internals do not need to be considered.

External schedulers have been proposed for a range of systenapplichtion scenarios,
e.g., for the fair and proportional sharing of storage utilitie$4 and admission control for
web serversg4]. For example, the approaches B4[197] introduce admission queues and
web server request prioritizations in an effort to provide quality-ofise (QoS) goals under
high system load. While some admission control policies for web serveogattvdropping of
requests during overload phaséd][ our approach focuses on database systems and does not
allow request dropping. Furthermore, the comparative evaluation giaigies focuses on the
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performance metrics throughput, response time, and slowdown and Eawemlysis of the
fairness as a possible extension. However, the simulation results prawviBapiress.13(a-c)

show that the probabilities for extremely large response times, e.g. dueumstesjarvation,
are lower using our policies compared to the prioritization of the expecteadeshounning
queries.

A large body of admission control research for databases addrémsesmputation and
configuration of the multi-programming limit (MPL). This quantity specifies the totahber
of transactions admitted to the database at any point in time, i.e. the numbersactians
concurrently in service. Setting the MPL too large may result in performdegeadation due
to memory and data contention, commonly referred tthesshing[80]. On the contrary, low
configuration of MPLs can lead to underutilized system resources aunffidnent throughput.
Related work provides techniques for estimation of maxir68]109 151 and minimal [L7§
MPLs. Instead, we consider the MPL as an optimally configured and aleitgdut parameter
and focus on the order of query admission to the database, i.e., regoesizpation.

A common way to classify prioritization techniques is to distinguish between pitaemp
and non-preemptive disciplinegg]. Since we consider admission control policies external
to the database system without the possibility of interrupting running reqimsstie of the
database, this work focuses on non-preemptive disciplines. Nomptie approaches may
be further categorized into non-size based and size based discijdb@s Recent work has
identified the non-size based FCFS as a popular policy in database systtimglaights the
sensitivity of its performance to the request arrival or®9:[ In FCFS, the performance of
short running requests can be negatively affected by queueingsdelsylting from wait times
for the completion of long running requests.

In size-based techniques the size of requests is assumed to be knowtiragtbf arrival to
the queue. For example, iB4] an external admission control for e-commerce web traffic with
SJF policy is presented. Contrary to SJF, SEPAY at the time of admission is only aware of
each request’s class. Each class has an associated size expecthi@EPanunconditionally
prioritizes the oldest arrived request with the smallest expectai@n Queueing theory has
shown that, in single server systems, policies favoring short tasks prioviegtr mean response
and waiting times than non-size based polici&s T§]. In addition, SJF is known to maximize
global system throughputs. However, prioritization of short running ptthe expensive of
long running jobs may lead to the starvation of low priority requests. Relatatase research
has shown that in the presence of hardware, software, and dates ammgention, SJF may
perform worse than FCFS as admission control policy for batched wakI@7]. In this
work we use the established disciplines FCFS and SEPT as a baselinenfoartson of our
proposed admission control policies.

Furthermore, the work inlf77] presents thé&xternal Queue Management System (EQMS)
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for governance of QoS targets with multiclass database workloads. Tédoased policy
prioritizes request classes in order to meet per-class goals of respiores mean, variance,
and percentiles. Prioritizations are derived as a function of predefjioald and historical re-
sponse time measurements. Simila@yery Patroller[23] is a commercial tool for IBM DB2

databases facilitating external admission control and static query prioritizatig., for short

running over long running ones. None of these techniques specificallyiders the paral-
lelization of requests into subtasks in the scheduling decisions.

5.2.2 Load Balancing

In systems with multiple processing entities, load sharing can be critical in @&otyiworable
throughput and response time performant@7]. The incoming requests typically enter a
router or dispatcher before they are assigned to a processor imcctwda load balancing
strategy. A large number of load balancing strategies have been pdopdbe literature, e.g.,
for distributed database systenZ0f. Queueing theory may be employed to derive system
performance estimates and optimal deterministic or probabilistic allocations efttas&rvers.

The work in B7] presents a simulation study of load balancing policies that base assignment
decisions on queue lengths at the servers and finds that the join-thestftpueue (JSQLLY,
206 policy minimizes the mean response time for servers with PS scheduling aodexjal
service. The JSQ policy forwards an incoming request to the server veitledist number of
unfinished requests. More recently, itDf] an analytical approach for approximation of the
steady-state queue length distribution in a network with JSQ routing, PSseanel general
service time distribution is introduced. However, with high variability in service tis&ibu-
tions JSQ is no longer an optimal strate@@4]. The technique in107] specifically addresses
heavy-tailed service time distributions by assigning job time limits: In case a jobrumes
complete within the time limit it is killed and restarted elsewhere.

A large number of the classical load balancing literature is concerned wilesitass work-
loads [L56. In a more recent work a generalization of JSQ policies with multi-classegieu
is provided B3]. The preemptive approach considérs/G /1 queues and routes jobs to the
least congested station, where the measure of congestion is linear in thegsequeue lengths
at the stations. Similarly, the proposed join-minimum-cost-queue (JMCQ) pcdicgrglizes
JSQ for multi-class workloads using a cost function based on the peedaruprice and
queue length187]. In contrast to the previous techniques our queue length based palieies
not aware of the state of the individual queues internal to the databpbeatipn. Instead,
we prioritize the class of requests that on average impose the smallestexiegdoint queue
length at the database.
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5.2.3 Query Interaction

The typical workload of database systems consists of a number queradtadfle types, i.e.
classes. The performance of concurrently running queries can beteadphy interference
effects, e.qg., if two queries compete for CPU resources or share ddt&dlo#o a buffer37].
Multiple Query Optimization (MQO) techniques account for job interferengesxploiting
database application implementation details and query structures to optimizeptares {163
182. In particular, MQO techniques address the problem of optimizing setaexieps which
may have common sub-expressiohg(.

Closer to our work are the following methods maintaining black box views of dl@bdse.
The authors in36-40] investigate interactions between batched TPC-H queries and propose
the QShuffleralgorithm for interaction-aware scheduling based on experimental sangplahg
regression techniques. The approach considers only the total time to tommEa query
batch.

Other work studies query pairs for quantification of workload interfeeenThe approach
in [4]] uses a similar computational model to QShuffler, but expresses thensespime of a
concurrently running query mix as a linear combination of execution time sbétke individ-
ual query class pairs inherent in the mix. Queries are first classified lwastheir unique SQL
skeletons. During a training phase the influence that the concurrenitexeof a query pair of
the two classes andr has on the mix is studied. 11$7] the authors rely on measurements of
disk accesses for sequential and concurrent execution of TAG}RJeries to determine inter-
ference of query classes. The monitoring approach aims to exploitcshaffers and caching
effects. We instead use a combination of queue length and CPU measuréoniemts our
model.

5.2.4 Simulation Models

Simulation models for performance evaluation of database designs havpropesed as early
as the '70s 154, but did not prevail as a commonly used tool of database administrators. |
particular, the authors derive an event-driven simulation model foopegnce evaluation of
the operating system, database, and applications prior to developmeb®, 64, [66] simula-
tion models are employed for evaluation of internal database resoure@iders. The database
system is modelled as a collection of files representing relations, while CPdlslicesources
are represented by queues. The approachdd [uses a probabilistic cost model to parameter-
ize a simulation model for analysis of transaction scheduling in distributedine@ldatabases.

In [159 simulation is applied to generate database I/O traces.

Closer to our approach, the authorsdd][mention a simulation framewaork for evaluation of
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query scheduling disciplines. The simulation model captures the numberadfgsor and disk
cycles the database can perform per second, and the available main mépoery classes
are parameterized with the number of required processor cycles, disktimms, and memory.
The framework is not validated against a real system. More recently, desimgihematical
simulation model for batched queries is presented4j. [ None of these tools consider the
parallelization of queries into subtasks or are parameterized from sysiesstr Instead of
capturing detailed database internals, our approach aims to model alyctivatguery perfor-
mance metrics response time, throughput, and queue lengths.

5.3 Research Questions

The work in this chapter addresses the following research questions angaef in-memory
database systems:

1. Can admission control policies based on system measurements improyeepiermance
compared to the established policies FCFS and SEPT?

2. How does the performance of policies based on system measuremejptsuef lengths,
CPU utilization, and query class pairs relate?

3. Should admission control polices derived from mean queue lengthades lon arrival
instant or time averaged queues?

4. Does a query no-interference baseline derived from query passproduce better results
compared to the policies with less overheads, i.e. mean queue lengths andilzztion?

5.4 Resource Management Methodologies

In this section we propose four admission control policies for in-memorybdatasystems.
A query that runs on a database has to compete with concurrently exequgrigs for core,
memory, and software resources. Our admission policies aim to improve stersperfor-
mance via prioritization of workload mixes making efficient use of the availaddeurces.
The choice of query admission order is complicated by high variations aflpiation levels
and service demands inherent in the workload. In particular, our peappolicies derive re-
quest prioritizations from measured system queue lengths, CPU utilizadiots query-pair
based no-interference baseline measure. We specifically choose pbbhsied on single class
measurements and pairwise class comparisons for our evaluation. Whiléspaapproaches
have been introduced by related woiKl], single class measurements are easier to maintain
and impose less overheads on the admission controller.
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5.4.1 Queue Length Policies

The queue length policies take into account the average number of additisks i.e. threads,
imposed on the system by the admission of a request. In particular, we distirfzgtween
two approaches considering the (i) mean arrival instant queue lendfiiethe time averaged
queue length. Le#¢ be the mean number of tasks of clas# execution at the database as
observed by a query of classat the instant of admission to the database, including the newly
arrived task ifr = ¢. The arrival queue length policy prioritizes the clagbat on average adds
the smallest amount of backlog to the system conditional on the arrival irsgtdre database.
For example, if the number of classesiis= 2 and the mean arrival queue lengths observed
areAS = 2 and A = 3 then the admission policy will assign higher priority for requests of
classr. This metric has the advantage of accounting indirectly for the response tiezeio
class. Itis well known in queueing theory that, in the absence of prioritizatiechanisms, the
arrival queuesA¢ are the main determinants of end-to-end response tid®3. [ Therefore,
this metric accounts also for the time each request spends in the system.

The second queue length based admission policy builds on the same metlypHotagi-
lizes the time averaged queue lengths. This metric has the advantage obf@stezads as it
associates only a single value with each request elassonditional of any other clags We
denote the long time queue length averége

5.4.2 Utilization Policy

The CPU processing capacity is an important system resource for tf@mance of in-
memory database systems. Our utilization policy aims to make efficient use ofbitespors
by prioritizing the most CPU intensive request classes. The processingrtls of database
requests can exhibit high variations even for requests with identicaiceadd response times.
For example, two requests of different classes may both rut(fgrbut on average respec-
tively utilize 1 and 64 cores in parallel. See Figuse¥a-b) for an illustration of the variance
in parallelization levels observed in the reference workload. lL,ebe the mean system uti-
lization of class- queries averaged across cores. The admission policy prioritizes tiseslas
with highestU,. values at the expense of requests which utilize the CPUs less.

5.4.3 Pairwise Query Interference Policy

Performance modeling theory has developed over the years analytitatdodescribe con-
tention for core access using stochastic processes, e.g., produatifieueing network mod-
els [49]. This theory explains resource contention between different jobs Wiese are served
under processor-sharing scheduling, an idealized version of naloid where the quantum of
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time that each job receives is infinitesimally small. Processor sharing schgduell known

to idealize CPU schedulingg¥]. Product-form queueing network models are an appropri-
ate abstraction to describe core contention, but they place some limitations amatlysis of
real-world systems. For example, queries submitted to a database servalsmayperience
blocking delays caused by constraints on the maximum software threadatgTews, a query
class with high parallelism level, but low core processing requirements, titlalgleck the
execution of other query classes if it saturates the threading limit constiidiese blocking
delays add to the core contention overheads and can be difficult to moaesh&ll refer to
such delays amterferencesind, with the aim of defining a new admission control policy, we
aim to characterize and exploit interferences between query classes.

We present in this section two contributions. First, we define a metric foacteaizing
the interference between any pair of query classes. Next, we pr@gpoadmission control
policy to leverage this information for better resource management for in-nyeshatabases.
Specifically, we follow this approach:

1. We first define a simplified queueing model for the performance of théassaserver
in the idealized case where there is core contentionnbunbterference, between query
classes. Thus, this system ignores aspects such as task forkingraisdiad control. We
prove that, in this idealized model, a certain relationship must exist between tigiliza
and queue-lengths (i.e., backlogs of queries) seen at the cores astinat iof admission
into the system of a new query by the planner. We shall refer to this relatpas the
no-interference baseline

2. We then focus back on the real system. Based on the idealized resul&fiwe a metric
that quantifies how much the behavior of queries in the real system defrateshe no-
interference baseline. This will be used as a metric for admission control.

3. Finally, we define an admission control policy that tries to prioritize quiaryses that are
expected to maximize core utilization in the presence of interference.

5.4.3.1 No-Interference Baseline

We begin by defining an idealized model for the database server perfoenbs considering a
closed queueing network composedMyprocessor-sharing queues, modelling the cores, and a
delay station, modelling the time taken by the scheduler to issue the next giezrganpletion

of the previous one. This time, callgkink time is zero if the scheduler queue contains jobs,
otherwise equals the residual time before a client issues the next régulestdatabase. We
denote byZ. the mean think time of a clagsquery. We ignore in this idealized model aspects
such as maximum threading levels, thread forking, and latency for memoegs®dn order to
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mimic the behavior of threads, we require each job to perform on averagmhber of visits

to each core, before completing, such that the total processing deihgraf classe queries,
summed across visits, placed on each ¢aseidentical to the one in the real system for each
query class. Since cores are assumed identical, we défine D.1 = D.2 = ... = D¢,
where M is the number of cores. Léf. be the utilization of class-queries averaged across
cores. Also, letAS be the mean number of jobs of clasexecuting at a core, averaged across
the cores, as observed by a query of claasthe instant it is issued by the query planner. We
prove the following result.

Theorem 1. Under the above assumptions, utilizations and mean arrival queue-esgtisfy
the following relation

U _ A
U. A
forall classes:,r = 1,..., K wherec # r.

Proof. Under the given assumptions, the model under study is a product-fosedotpieueing
network 49]. The population of the model corresponds to the population of cycling jodfts.
G be the normalizing constant of the equilibrium state probabilities of the undgriifarkov
chain model that describes the stochastic evolution of the network. AlsceleiottationG'!,.
indicate the normalizing constant for a related model where we remove a fasst: and a
job of classr from the network, but increase the number of cores by one. Let@&lsndG,
be the normalizing constants of models with a job less of alamsdr, respectively. For the
model under study, it is established tha][

c GC+7T T ZCT‘
AC =D, a. Al =D, a.
Therefore
Ay _ DrGr
At D.G.

Recall that the classand class- throughputs, respectively denot&d and X,., are defined in
terms of normalising constants as

then
A DG, G DX, U,

Al D.GG. D.X. U,
where we used in the last passage that, by the utilization 188}, U, = X,.D, andU, =
X.D.. This completes the proof. O

! Theorem 1 and the subsequent proof are contributions by paperticoraSiuliano CasalelR5.
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Based on the last result, it is natural to define the no-interference basslime metric

U, A¢
rczi_ir A
e =0, T Ar (5.1)

which for the idealized system satisfigs. = 0 for every possible choice of classeandc. A
discussion of this metric is provided in the next subsection.

5.4.3.2 Interference in the Real System

Using trace-driven simulation and the measurement discussed in the ogahsewe tested
if the observed utilization levels and arrival queue-lengths in a SAP HANBA ®real-world
in-memory database, satisfied the no-interference baseline. Without |lagnefality, the
gqueue-length values for this system are intended to be of threads in§jelbd.dOur empirical
observation is that, in general, the no-interference constraint is ndiesdtisxcept in the obvi-
ous case = ¢, and different pairs of classés, c) exhibit different degrees of deviation from
the idealized constraint. Our proposal is to interpret this deviation as a meeafstlass inter-
ference, i.e., the delay occurring between classes that cannot banegdbg core contention.
We have in particular three cases:

e Casen, . > 0. This corresponds to the situation where

Ay A
u. U,
For example, this may be due to clasplacing a highetA] value than expected. Thus,
classc consumes the threading limit constraint per unit of utilizatielatively more than
classr. Under this situation, it seems more efficient to execute olapseries instead of

classc queries. The same conclusion is obtained after rearranging the terms as
Ve _Ur
Ar T AC

which suggests that clagsproduces more work (higher utilization) per thread queued at
the core. Thus, in relative terms, we say that ctassmorework-intensivehan class: per
thread queued at the core.

e Casen,. < 0. This is similar to the previous case and corresponds to a situation where

classc utilizes resources more efficiently with respect to clagger thread queued at the
core.

e Casen,. = 0. The two classes utilize resources in a fair manner consistent with the no-

interference model.
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5.4.4 Query Admission Policy Implementation

Based on the observations in the previous subsections, we implementfaigsan control
policies for in-memory databases in a trace-driven simulation model. For arsygta K
classes, the policies rely on offline definition of a mathix= |7, .|, where element), . is
defined by the respective admission control policy for the pair of classes » and column,
r,c=1,..., K. The admission policies attempt to optimize system performance by selecting,
among the jobs queueing in the system admission queue, the earliest grrdrgdf class*

in the admission queue such that

K K
d d,
§ M+, eNe ™ 2 § MreNe vr#
c=1 c=1

whereN4e¢ is thecurrentnumber of class jobs in service at the cores at the instant when the
scheduler needs to take the admission control decision. (NotéViffat# A" since the latter

is instead thdong-term averagdor the number of threads observed when a clagsiery is
admitted to service.) In particular, the admission policies we investigate in this atady

. = —Af:  Chooses to admit the clasgob that at the arrival instant of claggobs on
average adds the smallest backlogs to the running mix.

e = —Qr: Chooses the classjob that on average adds the smallest backlogs to the
running mix.

Nrc = Up! Aims to maximize the work intensiveness of the running mix by admitting
the query of class that imposes the largest additional utilization to the run-
ning mix .

e = Prc: This policy utilizes the pair wise no-interference baseline as definesi Ih(

5.5 Trace-driven Simulation Model

We defined a simulation model for performance evaluation of the propabeidsion control
policies for in-memory database systems. The simulation model is helpful fatrifvtompar-
ison of admission control policies and provides a testbed for computing thatrix defined
by our proposed policies. The model implementation extends JIN@Sd library for simu-
lating multiclass queueing networks, and is parameterized solely from mdasstem traces.
Maintaining a black box view of the database internals is advantageousssiciteletails may
not always be available, usually complicate the model, and can require ngpdleénges once
the application implementation is altered.
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We consider a workload of clients interactively accessing hosted datakadces and use
the closed queueing model depicted in Fig6t2 for performance evaluation. The model
specifically captures delays due to contention for hardware and seft@sources. Database
performance degradation due to hardware contention has been mainl¢ tmlstorage re-
sources in previous worklp7]. However, the absence of time consuming disk 1/0O operations
on in-memory platforms allows us to focus on modelling contention delays fescove rep-
resent available system processors with a network of processimghaeues in the model.

In multicore environments, databases can efficiently utilize parallel proxebyg incorpo-
rating concurrency into query plans. Parallelizing large portions ofygiaesks may result in
contention for threads allocated to the application. We model the maximum thgeladin
with a finite capacity region (FCRJLB(. A FCR is a subnetwork with a constraint on the
maximum number of jobs that can simultaneously visit it at a given time. Arrivibg gre
added to arAdmissionQueud# available capacities are exhausted. No jobs are dropped. The
AdmissionQueuks governed by a configurable admission control policy, e.g., non-priaemp
FCFS, SEPT, etc. When the FCR capacity is exceeded, upon depdiagob drom the FCR to
the outside, the next job to be admitted is chosen withirAiti@issionQueuby the admission
control policy.

Consider thejth query instance, i.e. job, requesting access to the FCR. In the reahsyste
this corresponds to thgh query received by the database from the clients. In the simulation,
we describe this job by a clag$;), which describes the type of operation performed, and by
an iteration numbei(j) < I(j), wherel(j) represents the maximum number of cycles job
performs in the FCR before leaving. This corresponds to the numbeoocésgsing phases the
query undergoes before completing. Thus, a cycle correspondsrigla execution round at
the cores. We define the response time forjjals the difference between time of its completion
at the FCR and the time of its arrival at the admission buffer.

5.5.1 Fork and Join Elements

The parallelization of queries is captured with fork and join elements. Joh&orkStation
element forks a job into a number tafsksand essentially models a client query being broken
up into smaller tasks by the query planner. We assume cores to have idpra@zgsing speeds
and jobs to have equal routing probabilities to each core. The numbekefftaked for jobj

at cyclei = i(j) is denoted byf; ; that is a positive integer. Similarly, the time demand placed
by each task at the core at cyclés indicated withd; ;. After leaving the cores, all tasks are
progressively accumulated by tdebJoinStatiorelement until allf; ; tasks have arrived. At
this point, they are merged back into jplwhich is then either moved to the next cyelg) + 1

or departs the network if j) = I(j). Thus, the time to complete cyclequals the maximum
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Figure 5.2: Simulation Model.

residence time of th¢; ; forked tasks in the queues modelling the cores.

5.5.2 Finite Capacity Region

The FCR models a constraint on the quantity of available software threadrces in the
database application. We implement this restriction with a global counter tralc&imgnany

forked jobs have entered the FCR region. Jobs positioned iAdngssionQueuare granted
FCR access if the nominal job fork size, i.e. the fork count at iteratienl, does not exceed
the available FCR capacity. That is, let

Nfer(t) = Z fi1 (5.2)
jejobsin FCR

be the number of jobs in execution inside the FCR at timEhen the FCR imposes
nfcr(t) < Nfcra vt

where Ny, is the total FCR capacity, an input parameter of the model that limits the concur-
rency level inside the region. Tasks from different jobs concurresicuting on the cores
may place different service demands and are therefore likely to compkstaten at different
times and with different orders with respect to the arrival order. Ourehiotroduces control
signals that are triggered as soon as a forked task arrives aolideinStatiorelement. The
control signals decrement the FCR counter and are routed froif@dgh&olJobSourceo the
ControlJobSinlelements in the model as shown in Figot2
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Table 5.1: Summary Reference System.

Architecture IBM X5, 4-Sockets

Memory 1TB RAM
Hardware

CPU 32 Cores (64 Hyperthreads)

Chipset Intel Nehalem 7560, 8 cores at 2.27GHz

Operating System SLES 11

In-Memory DB HANA DB (GA) CL 351658 1.00
Software

Size Data Set Uncompressed..3TB

Size Data Set Compressed| 80GB

5.6 Simulation Model Validation
5.6.1 Reference System

For validation of our methodologies, we used a dataset from benchmaekieents performed
on afour socket IBM X5 server with Intel Nehalem 7560 chipset ari8l fTRAM. This dataset
was obtained and studied id]6. The server features 32 physical cores, each clocked at
2.27Ghz with hyperthreading enabled, and so can leverage 64 hygaafshr(In what follows,
we use the terms core and hyperthread interchangeably.) The in-mentaipasiaused in the
experiments is SAP HANA DB in the General Availability (GA) version 1.00. Tigh-level
architecture of this system is illustrated in Fig&r8. Once a database client submits a query
request, it first enters the internal admission buffer ofltiteexServer This software compo-
nent maintains the query execution control and is responsible for plaanchghanagement of
query execution steps. Query planning is essential to database paréeramcomplex queries
may require multiple separate steps to complete (selects, joins, ... )nd@&@eServedecides
this parallelism level in such a way as to utilize cores efficiently. A configarataximum
threading level is maintained in order to control the parallelism level. Depgratirthe job
mix currently in execution and on task parallelization levels when the queniptanompleted,
queries issued to HANA that cannot be served by the available threatswae admission
buffer. See Tabl®.1for a summary of the hardware and software environment.

5.6.2 Workload

The workload is based on the TPC-#2] benchmark which emulates workloads of online
analytical processing (OLAP) systems. This benchmark defihes 22 query classes. For
amplification of the analytical workload, additional columns were added todtabese tables
lineitemandorders The database was populated with a 1.3TB dataset (80GB working set in
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Figure 5.3: Reference System.

memory after HANA DB compression). Benchmark experiments were exeuotitie different
numbers of clients. In single client mode, deno@h1 (concurrency level 1), the benchmark
driver at any time has only a single outstanding query (i.e., job) in the systegonicurrent
user mode, multiple client streams submit jobs so that job response times atechffee to
contention. A client randomly chooses the class of the next job and upamigetion submits
the subsequent job without delay. Two scenarios with 8 and 16 comtatients, respectively
denotedCon8 andConN16, were available in the dataset.

All benchmarks are executed over a period dbur during which timestamps were recorded
for query arrival and departure events. The dataset reportgithtatus, i.e., affinity to a certain

core, in sampling intervals @f2s. This sampling rate may appear coarse grained for reporting

core thread affinities, but is appropriate for the workload under stadiyansists of queries
with mean processing times many times larger than the sampling rate.

The workload contains a set of database queries with quite diversacthi@stics. Due
to the large number of classes and some long execution times, the measuremeotsd
classes were limited to a few points. We determine the confidence of the measisaising
95% confidence intervals (Cls) and compute the Cl widths as relative value® tmdéan.
Figure5.4 reports measurements for classes producing the reasonably low Cl vaddiag
in [24%;130%]. Measurements are normalized by the values of class 2.

Figure5.4(a) conveys that the range of query response times is large. A setrvrghning
classes have small response times close to the base class. Clés8es1,4} can be charac-
terized as medium length runners and have response times up to 20 timesHargelass 2.
Finally we record the two significantly longest running clasg&21}. The diversity in work-
load classes is further highlighted by the measured parallelization levelgeBig(b) shows
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Figure 5.4: Single Client Measured Response Times and Parallelization Levels for Query Sub-
set.

the mean parallelization levels over query processing phases as désor@ection5.6.3and
illustrates that parallelization levels induced by the query planner are ufogwach class.
Interestingly, there is no clearly visible relationship between query resptime and level of
parallelization.

5.6.3 Validation

For validation of the proposed simulation model, we simulateCthe8 and Con16 scenarios
and compare simulation results to measurements. The model input parameterk gibeand
service timeare computed from core thread affinity traces included in the datasetrtiouber
we use data from isolation runs, i.e. with only a single query in executionfenmeer the
length of the run the total number of active threads pertaining to the quecg$s are recorded.
Figure5.5illustrates the model parameterization methodology. The number of threddg dur
query execution may change depending on parallelization levels in the plagryWe count
each change in parallelization levels, i.e. number of active threads, gmeteeprocessing
phase of the query. In measurements we keep a record of the numbsiveftareads per
processing phase and the length of time the processing phase lasted. l&tiesmthe number
of active threads in a given processing phase and the time interval dunicg the phase was
observed are used as parameters for fork sfzesand service timeg, ;, respectively. The
measured query processing phases map to the modeling concept of jobriggrdenoted(; ).

Furthermore, our reference system maintains 64 cores and conigquenmodel com-
prises 64 processor sharing queues: processor sharing is a welhkdealization of CPU
scheduling in computer systents/]. Additional input parameters for the model are job think
times, job population size\X(), and FCR threading limit/{;.,.). For think times we use mea-
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Figure 5.6: Mean Response Time and Slowdown in Measurement and Simulation.

sured traces fron€on8 and CoN16, respectively. Populations are estimated from measured
throughput and response times using Little’s |&8@ (N = 41 for Con8 and N = 60 for
CoN16). The FCR parameteN .. was unknown, here the value producing similar mean job
arrival queues in simulation compared to tbeng andCon16 data was chosen\y., = 180

for Cong8 and Ny, = 275 for Con16).

Our simulation experiments show that the model captures measured contexitigs ika-
sonably well. Figuré.6(a) reveals that simulation tends to overestimate mean response times.
Define the slowdowrb), of classk queries as the ratio between that class’s response time and
its demandDy, estimated as the response time in @@l experiment. As shown in Fig-
ure5.6(b), the mean class slowdown is matched very accurately: we record simutatars
for Con8 and Con16 of 0.06 and0.10, respectively. To better understand the source of the
per-class errors, Figurés6(c)-(d) compare per-class slowdowns from measurement and simu-
lation. The model accurately captures variances in slowdown valueda@salycmatches most
measurements. Class 7 appears to be difficult to modebiws. Simulation data of Class 1
overestimates measurements in boting and Con16 scenarios. Considering the complexity
of the model topology and the total of 22 considered classes, low devidtmmsmeasure-
ment appear of sufficient quality for the purpose of defining a validatmr@enment for the
admission control policies.
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Table 5.2: Fork Sizes (f; ;) and per Core Service Times (d; ;) of Synthetic Workload Classes.
Var-Service| Var-Para | Inv_Increase| Lin_Increase

Class| fji dji | fia dji | fis  dja | fia  dji

SC1 | 10 2 5 10| 5 10 5 2

SC2 | 10 5 10 10| 10 5 10 5

SC3 | 10 10 15 10| 15 2 15 10

5.7 Comparative Evaluation of Resource Management Methodol ogies

We now use our simulation model for a comparative evaluation of job admisslmigs. The

first part of this section applies simplified synthetic workloads beforerpssing in the second
part to more realistic workload mixes based on measurements from thenedfesgstem, de-
scribed in Sectio’.6.2 In simulation the job scheduling is performed in th@missionQueue
element depicted in Figue2 We quantify the performance using throughput, response time
and weighted slowdown metrics. Weighted slowdown explains how much the@awof a
particular class affects the workload mix and is defined as

W(Sk) = Sk%, (5.3)

where X, and X describe the clask and total throughputs, respectively. Thus |&W(Sy)
values are preferable. We compare the admission poli¢leg, [U,], [-A¢], and[-Q,] to
the traditional policies FCFS and SEPT. In related work, shortest jobtpradion was applied
successfully as admission control poli@&A].

5.7.1 Synthetic Workloads

The study of synthetic workloads facilitates the creation of simplified exampésand aids in
the interpretation of admission policy prioritizations. In particular, we defiaédbr workload
types specified in Tabl®.2 consisting of three classes each, den@&@€d, SC2 andSC3 The
synthetic classes differ in terms of the parameters fork gizend service timel; ;:

e f;; quantifies the number of tasks jghs forked into at higth circle to the servers
e d;; specifies the service time of a jgliask at hisith circle to the servers
The first workload type, denotédar-Serviceis configured with static fork size and altering
service time parameter, whil@ar-Paravaries fork sizes and maintains the service times stable

for all classes. Both parameter dimensions are configured to be dynamie imottkloads
denotednv_IncreasendLin_Increase The maximum number of cycles each job performs in
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the FCR is set td(j) = 1. Think times are generated from an exponential distribution with a
mean of five.

For each workload we obtain three distinct mixes, den@t&d-1, Mix-11 , Mix-IIl |, by ap-
plying the probability vectorf).6,0.2,0.2], [0.2,0.6,0.2], [0.2, 0.2, 0.6] specifying how many
jobs of classe§SC1, SC2, SC3] are in the mix. Intuitively, the scalar in the identifier of the
mix encodes which synthetic class holds the largest number of jobs in théoadrle.g., Mix-I1
has a majority of class SC1 jobs. Our simulations use a population of 30 jobs,n = 64
servers, and the FCR constraint limi;., = 100. Then tables are built in FCFS simulations.

5.7.1.1 Simulation Results Workload Var-Service

This workload features constant fork size and varying service timemmess. The perfor-
mance results and admission policy statistics for Var-Service are illustratéglireB5.7(a)-(c)
and Tableb.3, respectively.

[P,.c]. We find this policy prioritizing the classes with largest service requiremestdting

in low throughputs especially in the case of Mix-Ill. The mean response tamésveighted
slowdowns in Mix-11 and Mix-IIl are considerably larger compared to¢baventional policies
SEPT and FCFS. The policy produces competitive response times in Mix-I.

[U,]. Prioritizing classes with high utilizations delivers good performance onlyiialMvhere
the majority of jobs are of the class with the smallest service time, i.e. SC1. HoWwgwoes
not admit jobs in the same order as SEPT in Mix-I and assigns higher prior®C®over
SC2. In Mix-1 and Mix-Il we observe equal prioritizations f@/,,] and [P, ] resulting in
similar performance.

[—AS], [-Qy]. The statistics presented in Tabl@convey that arrival instant queue lengths and
time averaged queue lengths are similar. The admission policies leverage primyitization
patterns for each of the studied workload mixes. Interestingly, the thpaugierformance is
competitive to SEPT in Mix-1 and Mix-1l in spite of different prioritizations. Vkecord the
best response time performance using this approach. Weighted slow@oe/considerably
smaller compared to the utilization based policies in Mix-Il and Mix-I11.

Interpretation.The two approaches leveraging utilization consistently prioritize the jobs with
highest service requirements. Not surprisingly this leads to low mean thpotgyand large
response times: short jobs are trapped behind the longer ones. T lpsed policies favor
jobs that over time build up the smallest backlogs and therefore choose $sesianposing
the smallest additional load to the running mix. This strategy leads to differiemitizations
than SEPT for Mix-I and Mix-1l resulting in competitive throughputs and falxbe response
times.
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Figure 5.7: Synthetic Workload Var-Service Global Throughput, Mean Response Time, and
Weighted Slowdown in Simulation. The Legend Shown in Figure (c) is Identical for Figures (a)
and (b).

Table 5.3: Synthetic Workload Var-Service Table-Row Sum (Zf:l), Mean Class Utilization
(Uy), Mean Task Arrival Instant Queue Length (A¢), and Task Time Averaged Queue Length
(Q..) as Used to Compute Admission Policy High (3), Medium (2), and Low (1) Prioritizations
(Prio). Priorities High, Medium, Low are respectively highlighted in Red, Amber, and Green.

Admission Policy
Pr,c Ur _A;E _Qr
Class| Y% | Prio | U, | Prio| A¢ | Prio | Q, | Prio
SC1 | -0.19| 1 0.45| 3 465 1 434 1
Mix-1 SC2 | 0.02 2 023 1 21.9| 3 2221 3
SC3 | 0.04 | 3 0.29| 2 272 2 279| 2
SC1 | -0.08| 1 012 1 140} 3 12.0| 3
Mix-Il  SC2 | 0.33 | 3 0.59| 3 59.1| 1 58.1| 1
SC3 | 0.24 2 0.26| 2 247 | 2 252 2
SC1 | -0.09| 1 0.10| 1 124} 3 10.1| 3
Mix-1llL SC2 | 0.16 2 0.17| 2 178 2 171 2
SC3 1.05 | 3 0.69| 3 67.7| 1 68.3| 1

Key points for Var-Service:

e [—A¢] and[—@Q,] quantities and prioritizations are very similar
e [P, ] and[U,] show worst overall performance
e SEPT has high throughputs but some large response time values

e [—A¢] and[—Q,| competitive for throughputs and best response time results

5.7.1.2 Simulation Results Workload Var-Para

In workload Var-Para the fork size parameters are configured toramifoncrease from class
SC1to SC3, while the service times remain constant. The performance résuitsimmulation
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Figure 5.8: Synthetic Workload Var-Para Global Throughput, Mean Response Time, and
Weighted Slowdown in Simulation. The Legend Shown in Figure (c) is Identical for Figures
(a) and (b).

Table 5.4: Synthetic Workload Var-Para Table-Row Sum (Zﬁil), Mean Class Utilization (U,.),
Mean Task Arrival Instant Queue Length (A¢), and Task Time Averaged Queue Length (Q,)
as Used to Compute Admission Policy High (3), Medium (2), and Low (1) Prioritizations (Prio).
Priorities High, Medium, Low are respectively highlighted in Red, Amber, and Green.

Admission Policy
Pr,c Ur _A7c» _Qr
Class| Y%, | prio | U, |Prio| A | P| Q. | Prio
SC1 | 0.0005] 2 | 040f 3 | 411 1 |408| 1
Mix- SC2 0.03 3 (024 1 |238|3 231 3
SC3 | 006 | 1 | 033} 2 |333 2 |315| 2
SC1 | -001] 1 |011f 1 11243 | 111 38
Mix-Il  SC2 0.22 3 |059) 3 [592|1 |575| 1
SC3 0.02 2 (028 2 (2792 |265| 2
SC1 | 003 ] 1 | 009 1 |945/3 | 941 3
Mix-lIll  SC2 0.08 2 017 2 1681 2 | 164 | 2
SC3 0.26 3 (072 3 |714|1 681 1

experiments using this workload are depicted in Figl.8&)-(c). Tables.4 shows statistics
of the evaluated admission control policies.

[P,.c]. The no-interference baseline based approach delivers the maxioagtiputs in Mix-I
and Mix-1l, where it assigns highest priority to SC2: the class with mediutasze. While
this prioritization is successful in terms of throughput and weighted slowdd@wproduces
large response times in Mix-1l and Mix-Ill where classes with largest &izes are admitted
first. The poor response time performance may result from classes whtfonigsizes claiming
large fractions of the FCR limit causing delays for the remaining classes.

[U,]. This policy overall delivers the poorest performance for workload-Rara. In Mix-II
and Mix-Il this choice of admission results in low throughputs, high respdimes, and large
weighted slowdowns. The explanation for these results may be the prioritizafticlasses
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with highest fork counts. While all classes have identical per core sereguirements, this
admission order saturates the FCR limit at the expense of classes with smallsizés.

[—A¢], [-Q]. The queue lengths based techniques appear to be a good choiceKkrage
with variable fork sizes. Our simulation results reveal high throughputs anceleponse times
especially in Mix-11 and Mix-IIl where the majority of jobs have large foikes. Since all jobs
have identical per core service requirements these policies make bedtthed-CR resource
by prioritizing the job classes building up the smallest backlogs. Interestijoiyclasses
with smallest fork sizes do not always get prioritized FCR entry. For el@np Mix-I and
Mix-11 SC3 does not receive the lowest priority. In terms of weighted slown this policy is
competitive in Mix-I and proves to be the best choice for Mix-Il and Mik-I

Interpretation.Assigning highest priorities to the classes with largest parallelization levels is
not an optimal strategy. The query-pair and utilization based policies follsnatiproach for
Mix-Il and Mix-IIl resulting in poor response time performance. We intetphis finding with
the thread pool limit constraint causing delays for requests waiting for digaly parallel
jobs to complete. Instead, the queue based policies privilege the leabb¢lpeess SC1 in
Mix-1 and Mix-Il leading to better throughputs and response times than togr policy.

Key points for Var-Para:

e [—A¢] and[—@Q,] quantities and prioritizations are very similar

[U,| delivers very large response time results

e [P, ] is not competitive withj—A¢] and[—@Q,] in Mix-1l and Mix-III

SEPT behaves identical to FCFS in this setting performing worse [thdfi] and [—Q,]
especially in Mix-Ill with mostly highly parallelized jobs

[—A¢] and[—Q),] produce best overall results for throughput, response time, andahowd

5.7.1.3 Simulation Results Workload Inv_Increase

In workload Inv_Increase the combination of fork size and service timenpeters is config-
ured uniquely and inverse for each class. For example, SC1 has thesnmlkesize and
largest service requirement, while SC3 has the largest fork size and shsaligice require-
ment. Illustrations of simulation results and statistics of the admission policies daarixkin
Figuresb.9(a)-(c) and Tabl&.5, respectively.

[P,.c]. The lowest priority is consistently assigned to class SC3: The one wittstefayk size
and smallest service time. The strategy of prioritizing classes with largestgkeservice times
produces competitive throughputs and favorable response times cahtp&8EPT admission
across all workload mixes.
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Figure 5.9: Synthetic Workload Inv_Increase Global Throughput, Mean Response Time, and
Weighted Slowdown in Simulation. The Legend Shown in Figure (c) is Identical for Figures (a)
and (b).

Table 5.5: Synthetic Workload Inv_Increase Table-Row Sum (Zﬁil), Mean Class Utilization
(U,), Mean Task Arrival Instant Queue Length (A¢), and Task Time Averaged Queue Length
(Q..) as Used to Compute Admission Policy High (3), Medium (2), and Low (1) Prioritizations
(Prio). Priorities High, Medium, Low are respectively highlighted in Red, Amber, and Green.

Admission Policy
Pr,c Ur _A7C‘ _Qr
Class| Y% | Prio | U, | Prio| A¢ | Prio | Q, | Prio
SC1 0.27 3 0.48| 3 46.4| 1 472 1
Mix-I SC2 0.13 2 0.24| 2 2241 3 227 2
SC3 | -0.19 1 022 1 246 | 2 21.0| 3
SC1 0.11 2 0.15] 1 146| 3 15.0| 3
Mix-1l SC2 0.55 3 0.63] 3 610 1 615 1
SC3 | -0.28 1 0.19| 2 216 2 18.0| 2
SC1 -0.03 2 0.15] 1 15.1| 3 154} 3
Mix-Ill  SC2 0.11 3 0.22| 2 20.8| 2 215 2
SC3 | -0.34 1 0.60| 3 610 1 56.3| 1

[U,]. Our simulation results for throughput and response times reveal similforpance
characteristics to SEPT admission for this policy. This finding is particularlydastmg, since

the prioritization patterns are remarkably different to SEPT in case of MidIMix-Il. How-

ever, choosind/,. or SEPT as admission policy delivers the worst response time performance
for workload Inv_Increase.

[—A¢], [-Q]. This policy once more delivers the best performance for mean respions.

In addition, it is competitive to SEPT in global throughputs and weighted slawvdn Mix-I|
and Mix-1ll the choice of admission is similar {®. .] in that classes with small fork sizes and
large service times are prioritized.

Interpretation. The SEPT policy prioritizes the short and highly parallel jobs leading to high
saturation levels of the thread pool limit. We find this to be the worst strategptiresin
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poor response time performance. On the contrary, the query pair poiaitipes the classes
with little parallelization and high service requirements: we interpret these toebesdrk-
intensive jobs. Prioritizing the work-intensive mixes leads to competitive gimputs and with
the exception of Mix-1l to the joint lowest response times. Similarly to the queiylmsed
policy the queue length approaches prioritize jobs with small parallelizatiotsleve

Key points for Inv_Increase:

¢ Minor difference in[— A¢] and[—Q,] prioritizations
e SEPT andU,] with worst response time performance
e [P, ] performance similar tp—AS] and[—Q, ]

e [—A¢] and[—Q),] overall produce best and most stable results

5.7.1.4 Simulation Results Workload Lin_Increase

The fork size and service time parameters of workload Lin_Increassoaf@gured as linearly
increasing along both dimensions. Tabl® presents the statistics of the admission policies
and Figure$.1Q(@)-(c) provide illustrations of the performance metrics from simulation.

[Py.c]. The throughput performance of this admission policy is low in Mix-II and-Mixwhile
response times are competitive with the other policies except for the casix-oil MVe find
lowest table-row sums for class SC3 which is configured with the largessipe and service
time.

[U,]. Building admission policies solely based on job utilization again proves to bela ba
choice. Our results show lowest throughputs paired with highest respiimes and large
slowdowns for this policy.

[—A¢], [-Q,]. The performance results of the queue based policies are excellehtdagh-
puts and consistent in beating SEPT for lower response times. The priitiavors the
classes with smaller fork sizes facilitating small delays for available FCR ttegszadVeighted
slowdown results show a clear improvement compared to the utilization bakeiégo

Interpretation. Due to the workload characteristics the prioritizations-efA¢], [-Q,], and
SEPT are quite similar: The classes building up the least amount of backdodsae smallest
service times. Results for the utilization based policy are significantly warsss & assigns
high priorities to the classes with largest parallelization levels and serviogeetgnts. This
strategy most likely results in large fractions of the limited threads being bloftkeldng
periods of time.
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Figure 5.10: Synthetic Workload Lin_Increase Global Throughput, Mean Response Time, and
Weighted Slowdown in Simulation. The Legend Shown in Figure (c) is Identical for Figures (a)
and (b).

Table 5.6: Synthetic Workload Lin_Increase Table-Row Sum (3 ), Mean Class Utilization
(Uy), Mean Task Arrival Instant Queue Length (A¢), and Task Time Averaged Queue Length
(Q..) as Used to Compute Admission Policy High (3), Medium (2), and Low (1) Prioritizations
(Prio). Priorities High, Medium, Low are respectively highlighted in Red, Amber, and Green.

Admission Policy
Pr,c Ur *A(; 7@7‘
Class Zﬁil Prio | U, | Prio | AS | Prio | @, | Prio
SC1 0.07 3 0.27| 2 266 2 256| 2
Mix-I SC2 | -003 | 2 0.24| 1 232 3 23.0| 3
SC3 | -006 | 1 0.41| 3 385 1 395 1
SC1 | -0.002| 2 0.06| 1 6.82] 3 6.44| 3
Mix-Il  SC2 0.17 3 0.56| 3 57.2| 1 551 1
SC3 | -002 | 1 0.35| 2 334| 2 33.8| 2
SC1 | -001 | 2 0.04| 1 413 3 3.82| 3
Mix-Ill  SC2 0.18 3 0.13| 2 13.7| 2 128| 2
SC3 | -010 | 1 0.80| 3 79.0| 1 777 1

Key points for Lin_Increase:

e [—A¢] and[—Q,] quantities and prioritizations are very similar
e [U,] delivers a very large response time result in Mix-Il|
e [P, ] is not competitive witf—A¢] and[—Q),] in Mix-1l and Mix-lI|

e SEPT,[—A¢], and [—Q,] perform equally well with the exception of Mix-Il where the
response times from the queue based policies are lower
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5.7.1.5 Summary Synthetic Workloads

Our comparative evaluation of admission control policies conveys thatdpeged table based
approaches can deliver improved performance compared to FCFE&Tds8heduling in sim-
ulations. While building the admission table from class utilizatioh| produced some less
favorable results in our study, the no-interference baseline table fuemny gair arrival instant
gueue lengths and utilization ratios showed its potential especially with workigathcrease
and workload Lin_Increase. These workloads are the most importants terour applica-
tion scenario as they are configured to vary both service time and forlparaeneters. Our
simulations further convey that performance results may be improved usirguéue lengths
techniqgue§—A¢] and[—@Q,]. In particular, we record the most stable results and lowest re-
sponse times using this approach.

This in an interesting result of our study, since scheduling policies typicallyod consider
thread pool limits and job parallelization, but rely on prioritizations based onessizes
and service demands. Conversely, load balancing policies consideudie ¢engths at the
destination servers. However, we consider a reference system wgtimakadmission control
and without control over the destination environment. Our simulation resultsatedthat the
presented queue length policies are a viable approach for externakaangsntrol in presence
of finite capacity regions and high variance in job parallelization levels. ditiad, we find that
building n tables from arrival instant queue lengths and time averaged queuedegmgtiuces
very similar results. Using the time averaged queue lengths for admission pabciization
has the advantage of less overheads, since rather than maintaining aitaflettit facilitates
storing of a single backlog value for each workload class.

5.7.2 Customized TPC-H Based Workloads

In this section we progress to more realistic workload definitions and obtkirsize and ser-
vice time parameters from the reference workload, introduced in Sex6o2 Our evaluation
focuses on the best admission policies identified in the previous study thiesigrnworkloads:
SEPT,[P, ], [-Af], and[-Q,]. For ease of interpretation of the experiment we consider a
subset of six classes. In particular we use clag$6s18}, {1,4}, and{9,21} to represent
short, medium, and long running query types, respectively. We regeed Workload mixes
with a population ofN = 200 jobs denoted.ight, Medium andHeavy Mix The mixes are
defined by the probability vectof$.6, 0.2, 0.2], [0.2,0.6,0.2], [0.2,0.2,0.6] specifying how
many jobs ofishort, medium, long] running types are in the respective mix. We specifically
chose workloads with high variance in job service demands. For examipleeh.4(a) re-
veals that clas&1 response times i€oN1 are roughly 8 times larger than classand 120
times larger than classresponse times. SEPT admission prioritizes job classes with smaller
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Figure 5.11: Customized TPC-H Type Workload Global Throughput, Mean Response Time,
and Weighted Slowdown in Simulation. The Legend Shown in Figure (c) is Identical for Figures
(a) and (b).

Table 5.7: TPC-H Based Workload Normalized CoN1 Response Time (R,orm), Table-Row
Sum (Zf:l), Mean Task Arrival Instant Queue Length (A¢), and Task Time Averaged Queue
Length (@Q,) as Used to Compute Admission Policy Highest (6) to Lowest (1) Prioritizations
(Prio).

Admission Policy

SEPT P.. A Q.
Class| Ruorm | Prio | 25 | Prio | A¢ | Prio | @, | Prio
16 1.0 6 1.4 6 5.0 5) 1.6 6
18 1.4 5) 0.2 4 121] 4 6.8 4
1 7.2 4 -1.5 3 143 3 101 3
4 9.7 3 1.3 5 4.3 6 3.1 5
9 27.4 2 -63.9 1 785 1 57.8| 1
21 59.0 1 -29.4 2 385 2 439 | 2

ConN1 response times. The matrix tables are built fronCon16 measurements.

Throughput ResulfThe global throughput results presented in FigatEl(a) show that our
proposed admission policies increase global throughputs compared T BRP finding is
particularly interesting in the Light Mix where largest throughputs wouldnadifube expected
with highest priorities for short jobs. The prioritization statistics shown indaly reveal that
[P.], [-Af], and[—Q,] assign prioritized access to class 4 over the shorter running classes
18 and 1. In addition and contrary to SEPT, class 21 is granted accead ahclass 9. To
better understand the performance effects of our admission policies dxe thiel per class
throughputs illustrated in Figurés12a)-(c). Prioritizing classes 4 and 21 appears to be most
effective in the Medium and Heavy Mixes, respectively depicted in Fgbrgb) and (c).

With the exception of class 9, all remaining classes benefit from this choice.

Response Time ResuBimulation results indicate that mean response times can be signifi-
cantly decreased using our proposed admission policies. Compared Tov&ERecord lower
mean response times across all workload mixes. To verify that our policieotdlead to
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Figure 5.12: Throughputs in Simulations with TPC-H Type Custom Workloads.
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Figure 5.13: Complementary Cumulative Distribution Function (CCDF) of Response Times in
Simulation with Shortest-Expected-Processing-Time-First (SEPT), No-Interference Baseline
(Pr,c), and Time Averaged Queue (—(@),) Policies.

the starvation of low priority job classes we studied the tail distributions obresptimes in
simulation. The results of the complementary cumulative distribution functioortespin Fig-
ures5.13a)-(c), reveal that probabilities for large response times are sigmifickwer than
for SEPT scheduling in all workload mixes.

Weighted Slowdown ResulEigure 5.11(c) shows the weighted slowdowns are similar in
the Light and Heavy Mixes with a slight advantage &y .|, [—A¢], and[—-Q,]. However,
we observe a substantial difference in the Medium Mix, where our polfmieduce lower
weighted slowdowns compared to SEPT.

Summarizing.Simulation results with TPC-H type workloads indicate that system perfor-
mance can be increased with the proposed resource management mefiesd@pecifically
we compare théP, .|, [-A¢], and[—Q,] policies to SEPT and find that total throughputs can
be increased, while mean response times and weighted slowdowns arededu

Key points for TPC-H Based Workloads:

e [P..], [-Af] and[—@Q,] increase global throughput compared to SEPT

e SEPT admission produces largest response times particularly in the Medium M
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e Results of the queue based policies are slightly better [thar)

e [—Af] and[—Q,] record similar results

5.8 Summary and Conclusions

Conclusionsin this chapter we have proposed novel admission control policies foeimory
database systems. In particular, we make four contributions. First vedogeeadmission poli-
cies based on queue lengths, utilization, and a query pair based nefiaeted baseline that
aim to prioritize query mixes making efficient use of the system resourdes dévelopment
of high performance policies is complicated by the complex interplay of degahesies com-
peting for processing resources and a limited number of software thrigadddition, typical
workloads of such large memory systems entail high variance in serviogegtents and par-
allelization levels. Our policies ignore I/O subsystems and therefore aryy l@igplicable to
in-memory databases. Secondly, we present a trace-driven simulaticel foo@valuation
of admission control policies. The simulation model features fork/join elemewtsaptures
limited thread pools with a FCR. The model is validated against system meastsemen

Our third contribution is a comparative simulation study of the proposed admissidrol
policies using a set of simplified synthetic workloads. Finally, we validate @hnigues with
trace-driven simulations and more realistic TPC-H type workloads build fn@asurements of
the in-memory system SAP HANA. We find that our policies have the potentianifisantly
increase performance compared to the established policies FCFS and SEPT

In particular, the policies considering job queue lengths deliver the bdstnast stable re-
sults in terms of response times and throughput. This is an important result sfunly as
external scheduling policies typically rely on service requirements favatern of job priori-
tizations. This implies that queue lengths might be a better metric in systems with higihoea
in service demands, varying parallelization levels, and constraints ordthosd limits. Inter-
estingly, the policy derived from the time averaged queue length deligeid performance to
the one using the arrival instant queue. This is a positive propertyrafhethodology, since
using the time averaged queue lengths entails less overhead.

The size based SEPT admission produces high throughputs particutangridoads with
small variance in parallelization levels. However, we record less fal®drformance in
cases where short jobs claim large fractions of the thread pool limit. They/qair based
approach performs well with the TPC-H type workload, but has lesgdal® results in some
simplified cases. This might be due to the use of the utilization metric in the no-ietect
baseline ratio. System utilization proves to be the worst choice for dervafi@dmission
policies in our study.
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Limitations. The proposed policies are limited to scenarios where system measurements of
averaged thread queue lengths pertaining to a query class are ava8latileneasurements can
be logged and made available by the operating system or the databasetimpplitiae thread
affinity monitoring used in our study employs the rather coarse grained santeieal of
0.2s. Smaller sample intervals may deliver more realistic results, but can imposenereasi
overheads. In addition, our policies rely on the mapping of each arrieiggest to a class. In
practice OLTP queries usually remain stable, while OLAP queries may bedefiore often
resulting in new class mappings. Related work offers clustering technigutige assignment
of database queries to class89][ Finally, our policies rely on a table generated during a
training phase.

Usability. The proposed admission control policies can be used as a dispatchiaakixi¢he
database. This approach has the advantage of treating the databasecikdax. Therefore it
is independent of implementation changes to the database internals.
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6.1 Conclusions

This thesis has presented a performance evaluation of data accestsongen shared enter-
prise systems. It is structured into two parts addressing virtualized sevitardisk storage and
in-memory databases maintaining data sets in RAM. The first part of the thiepissed pre-
dictive models of the performance of disk requests in virtualized envirotem@ur method-
ology uses measurements obtained within a VM running in isolation and eéflsctreats the
VMM as a black box. Based on the measurements of the isolation case westhmate the
disk request performance of multiple VMs running in consolidation.

In particular, we presented models for homogeneous and heterogeweddoad consoli-
dations. The homogeneous approach applies an open queueing mottelcendriven simu-
lation. In the absence of detailed VMM level measurements, it is enhanced Wwéhristic for
model calibration accounting for inaccuracies in the model parameterization.

The heterogeneous approach is more powerful as it allows the predi¢tiworkload con-
solidations of different types. In addition, we employ a decomposition teabnig model
read and write requests separately. The presented Decomposition meelessat of sim-
ple analytical estimators for prediction of averages of disk request iatgrthroughputs, and
read/write mixes. Furthermore, the model is complemented with a closed queuedte and
trace-driven simulation for prediction of disk request latency distributidddlshomogeneous
and heterogeneous models are validated against system measurements.

Our models may assist administrators of virtualized data centres in findingn@ateon-
figurations for VMs submitting disk 1/O intensive workloads. In particulae thethodology
requires the collection of system traces collected inside the VMs when giiman isolated
environment. The traces are added to a trace repository and can seibbede used for pre-
diction of the disk I1/0 performance of VMs when they are consolidated amgesvirtualized
server.

In the second part of the thesis our performance study focused tansy/storing data sets
in system memory. We proposed and evaluated admission control policiés-rfeemory
databases. Our policies rely on tables built from detailed measurementt@insgPU traces
thereby treating the database as a black box. In particular, we employ nex@&sus of aver-
aged job queue lengths and mean CPU utilization to derive four admission polbfe find
that the queue length based policies deliver the most stable and best iegtaise-driven
simulations when compared to the established policies FCFS and SEPT.

For evaluation of our policies we used a closed queueing model with forkéjeiments
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and a FCR modeling limited thread pools. The simulation tool is validated agairietrsys
measurements obtained on an enterprise server hosting the SAP HANA inryngatabase.
The evaluation of the admission policies comprised a comparative study tassachplified
synthetic workloads and more realistic system traces recorded using-& T workload.

We see the proposed policies used as part of an admission controlleyetkgiternal to
the database application. Database queries submitted from the clients mahemigmission
controller where the admission order to the database application is alteradliagcto the
prioritizations of the admission policy. The admission controller aims to prioritize srke
queries delivering good performance.

6.2 Directions for Further Research

A number of further research directions resulting from the presenteki way be considered.
We suggest the following extensions to the methodologies in Chadterd4:

e Validation of the proposed methodologies on other virtualization platforms \ritias
system characteristics In particular, the fully virtualized environmerRarallels Cloud
Server8] may be an interesting reference system for further validation of our rdetbgy.
In contrast to VMware ESX and Parallels, the hypervisor shipped MitinalBox[17] is
not installed on bare-metal, but requires an available operating systene sertrer. This
kind of configuration is commonly referred to as 'hosted’ hypervisor mag also be an
interesting reference system for further validation of our proposeceiaod

e Application to different storage technologies with block device interfatles performance
of data access operations can be significantly improved with modern staeaigesiomit-
ting the mechanical movements inherent in traditional magnetic diSkkd State Drives
(SSDs)typically employ integrated circuits, i.e. NAND flash memory, and therefore do
not require any movable mechanical parts. Recestyrage Class Memory (SCNB9|
has been proposed as an enterprise storage solution. This flashtéasealogy can of-
fer a block device interface and, e.g., promises performance improvelneaisitting the
traditional storage protocols, controllers, and interconnddjs [

e Investigation of environments where storage is federated across multfiésyi.e. physi-
cal hosts Related work has investigated how the consolidation of workloads subnritiad f
multiple virtualized servers affects the performance of disk 1/0 requ&d@. [It would be
interesting to investigate how our models may be applied to environments wheneben
of VMs are hosted on different servers and share a storage device.

e Capture of more realistic disc I/O workloads and consideration of produactiaces in
addition to synthetic and emulated application workloadspossible extension into this
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direction could be the consideration of real-world application traces p@dlishthird party
repositories]5,27]. More realistic would be the validation with customer production traces.
However, customer data sets are difficult to obtain in practice.

¢ Investigation of how the predicted disk request performance at the \@vatipg system
level correlates to end-to-end application performangais extension would require first
the move from I/O benchmarks to a test application, @gD Store[2]. Using code profil-
ing and system level tools the 1/O intensive parts of the application may be ideént¥ieh
statistical analysis, e.g. regression techniques, this information couleétéarsorrelation
of end-to-end application performance metrics and system level disk dl@selatencies.

For the approaches in Chaptewe recommend the following extensions:

e Implementation of the time averaged queue lengths and no-interferesekresbased poli-
cies in an online database installatiofmhis extension could be implemented as a software
admission controller component external to the database application. litiahtraining
phase tha; matrix needs to be built, e.g., using the TPC-H workload. The matrix is sub-
sequently passed as input to the admission controller. In the secondthbasentroller
could intercept incoming TPC-H queries and change the admission ordex tatabase
application based on the prioritizations derived froms#hmatrix.

e Dynamic construction of thg matrix at runtime instead of during offline traininghis ex-
tension would have the advantage of less training overheads. In adttigapmatrix could
be automatically extended in presence of changing workload classesmpleenentation
could initially set all values of thg matrix to a predefined value, e.§.,Based on runtime
measurements the matrix values could be dynamically updated.

e Comparative evaluation of admission policy fairneSsr proposed policies aim to priori-
tize work intensive query mixes at the expense of other query mixes. gilppeextension
of our work could be a time-varying analysis of the query prioritizations ¢thtoed by our
policies. For example, in simulation each query could maintain statistics of fvieuand
unfavourable prioritization decisions. Such statistics could be beneficial fomparative
evaluation of the fairness of the proposed policies.
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C Statistics of Benchmark Experiments

Table C.1: Summary Number of Benchmark Experiments, Number of Individual Benchmark
Runs, Aggregated Benchmark Run Length, and Number of Analyzed Measurement Samples.

Workload | Experiments Runs Length (min) Analyzed Samples
PM-1 8 120 600 31,599,255
PM-2 8 120 600 24,933,654
FFSB-1_S 8 120 600 8,653,807
FFSB-1_R 8 120 600 8,000,687
FFSB-2_S 8 120 600 6,217,162
FFSB-2_R 8 120 600 7,503,867
Sum 48 720 3600 86,908,432
File 13 130 650 14,768,374
Mail 14 140 700 21,660,664
Web 15 150 750 16,744,931
Sum 42 420 2100 53,173,969
TOTAL 90 1140 5700 (95h) 140,082,401
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D Benchmark Configuration Files

PM-1

# working directory

set location /home/ nore/ post mark/ bm

# nunber of files initially created

set number 10000

# nunber of create/del ete and read/ append transactions
set transacti ons 250000

set report verbose

run

qui t

PM-2

# working directory

set | ocation /home/ nore/ post mark/ bm
# nunber of files initially created
set nunber 10000

# nunber of create/del ete and read/ append transactions
set transactions 250000

# file size range in bytes

set size 10000 20000

# size of reads in bytes

set read 2048

# size of wites in bytes

set wite 2048

set report verbose

run

qui t



FFSB-1_S

# gl obal options

# 0: dont use direct IO
directio =0

# tinme in sec

tinme = 300

[fil esysten
| ocat i on=/ horre/ nor e/ ffsbh/ bm
num files = 400
numdirs = 10

si ze_wei ght 4k 33
si ze_wei ght 8k 21
size_wei ght 16k 13
si ze_wei ght 32k 10
si ze_wei ght 64k 8
size_weight 128k 5
si ze_wei ght 256k 4
si ze_wei ght 512k 3
size_weight 8m 2
size_wei ght 32m 1
init_size = 100m
reuse = 0
agefs = 0

[t hreadgroup]

num threads = 10
write_size = 400
write_bl ocksi ze = 1024

create_wei ght = 10
append_wei ght = 10
del ete_weight =1
[ end]
desired_util = 0.2
[ end]

[t hreadgroup]

num threads = 100
append_wei ght = 1
append_fsync_weight =1
stat_weight = 1
write_weight = 10
read_wei ght = 10
create_weight =1
create_fsync_wei ght
del ete_weight =1
readal | _weight =1
witeall _weight =1
writeall _fsync_wei ght
open_cl ose_weight =1

1
[EnY

read_random = 0
wite_random= 0
wite_size = 4k
write bl ocksize = 4k
read_size = 4k
read_bl ocksi ze = 4k
#think tinme in s
op_delay = 0
[stats]

enable_stats =1
enabl e_range = 0
nmsec_range 0.00 0.01
msec_range 0.01 0.02
nsec_range 0.02 0.03
nsec_range 0.03 0.04
nmsec_range 0.04 0.05
nmsec_range 0.05 0.1
nmsec_range 0.1
nmsec_range 0O
nsec_range 0
nmsec_range 1
nmsec_range 2
nsec_range 3
nsec_range 4
nmsec_range 5
nsec_range 1
[ end]
[ end]

uohrwbdbroOO
coooouN

.0 10.0
0.0 10000.0

OO ocoocuN



FFSB-1_R

# gl obal options

# 0: dont use direct IO
directio =0

# tinme in sec

tinme = 300

[fil esysten
| ocat i on=/ horre/ nor e/ ffsbh/ bm
num files = 400
numdirs = 10

si ze_wei ght 4k 33
si ze_wei ght 8k 21
size_wei ght 16k 13
si ze_wei ght 32k 10
si ze_wei ght 64k 8
size_weight 128k 5
si ze_wei ght 256k 4
si ze_wei ght 512k 3
size_weight 8m 2
size_wei ght 32m 1
init_size = 100m
reuse = 0
agefs = 0

[t hreadgroup]

num threads = 10
write_size = 400
write_bl ocksi ze = 1024

create_wei ght = 10
append_wei ght = 10
del ete_weight =1
[ end]
desired_util = 0.2
[ end]

[t hreadgroup]

num threads = 100
append_wei ght = 1
append_fsync_weight =1
stat_weight = 1
write_weight = 10
read_wei ght = 10
create_weight =1
create_fsync_wei ght
del ete_weight =1
readal | _weight =1
witeall _weight =1
writeall _fsync_wei ght
open_cl ose_weight =1

1
[EnY

read_random = 1
wite_random= 1
wite_size = 4k
write bl ocksize = 4k
read_size = 4k
read_bl ocksi ze = 4k
#think tinme in s
op_delay = 0
[stats]

enable_stats =1
enabl e_range = 0
nmsec_range 0.00 0.01
msec_range 0.01 0.02
nsec_range 0.02 0.03
nsec_range 0.03 0.04
nmsec_range 0.04 0.05
nmsec_range 0.05 0.1
nmsec_range 0.1
nmsec_range 0O
nsec_range 0
nmsec_range 1
nmsec_range 2
nsec_range 3
nsec_range 4
nmsec_range 5
nsec_range 1
[ end]
[ end]

uohrwbdbroOO
coooouN

.0 10.0
0.0 10000.0

OO ocoocuN
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FFSB-2_S

# gl obal options

# 0: dont use direct 10
directio =0

# tinme in sec

time = 300

[fil esysten
| ocat i on=/ hone/ nore/ ffsb/ bm
numfiles = 400
numdirs = 10
si ze_wei ght 32k 33
si ze_wei ght 64k 21
size_wei ght 128k 13
size_wei ght 256k 12
si ze_wei ght 512k 11
size_weight 8m5
si ze_wei ght 32m 5
init_size = 100m
reuse =0
agefs = 0
[t hr eadgr oup]
num threads = 10
wite_size = 400
write_bl ocksize = 1024

create_wei ght = 10
append_wei ght = 10
delete_weight =1

[ end]

desired_util = 0.2
[ end]

[t hreadgroup]
numthreads = 100
append_wei ght = 1
append_fsync_wei ght
stat_weight =1
wite_weight = 10
read_wei ght = 10
create_weight =1
create_fsync_wei ght
del ete_weight =1
readal | _weight =1
witeall _weight =1
witeall _fsync_weight
open_cl ose_weight =1

1]
[EnY

1l
[EnY

1]
[EnY

read_random = 0
wite_random= 0
wite_size = 32k
write bl ocksize = 4k
read_size = 32k
read_bl ocksi ze = 4k
#think tinme in s
op_delay = 0
[stats]
enabl e _stats = 1
enabl e_range = 0
msec_range 0.00 0.01
msec_range 0.01 0.02
nmsec_range 0.02 0.03
nmsec_range 0.03 0.04
nmsec_range 0.04 0.05
nmsec_range 0.05 0.1
msec_range 0.1
nmsec_range O.
nmsec_range O
nmsec_range 1
nmsec_range 2
nmsec_range 3
nmsec_range 4
nmsec_range 5
msec_range 1
[ end]
[ end]

CRWNE OO
OO oOoOoOooouoN

.0 10.0
0.0 10000.0

OO ocoou N
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FFSB-2_R

# gl obal options

# 0. dont use direct 10

directio =0 wite_size = 32k

# time in sec write bl ocksize = 4k

time = 300 read_size = 32k
read_bl ocksi ze = 4k

read_random = 1
wite_random= 1

[filesystenm #think tinme in s
| ocati on=/ honme/ nore/ ffsh/ bm op_delay = 0
numfiles = 400 [stats]
numdirs = 10 enabl e _stats = 1

si ze_wei ght 32k 33
si ze_wei ght 64k 21

enabl e_range = 0
nmsec_range 0.00 0.01

size_wei ght 128k 13 msec_range 0.01 0.02
si ze_wei ght 256k 12 nmsec_range 0.02 0.03
si ze_wei ght 512k 11 nmsec_range 0.03 0.04
size_weight 8m5 msec_range 0.04 0.05
si ze_wei ght 32m 5 msec_range 0.05 0.1
init_size = 100m msec_range 0.1 0.2
reuse =0 nmsec_range 0.2 0.5
agefs = 0 msec_range 0.5 1.0
[t hr eadgr oup] msec_range 1.0 2.0
num threads = 10 msec_range 2.0 3.0
wite_size = 400 nsec_range 3.0 4.0
write_bl ocksize = 1024 msec_range 4.0 5.0
create_wei ght = 10 msec_range 5.0
append_wei ght = 10 nmsec_range 10.0 10000.0
delete_weight =1 [ end]
[ end] [ end]
desired_util = 0.2
[ end]

[t hreadgroup]
numthreads = 100
append_wei ght = 1
append_fsync_wei ght
stat_weight =1
wite_weight = 10
read_wei ght = 10
create_weight =1
create_fsync_wei ght
del ete_weight =1
readal | _weight =1
witeall _weight =1
witeall _fsync_weight
open_cl ose_weight =1

1]
[EnY

1l
[EnY

1]
[EnY
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Filebench Malil

| oad var nai

set $nfil es=50000

set $dir=/hone/ nore/fil ebench/ bm
run 300

Filebench Web

| oad webserver

set $nfil es=50000

set $di r=/hone/ nore/fil ebench/ bm
run 300

Filebench File

| oad fil eserver

set $nfil es=50000

set $dir=/hone/ nore/fil ebench/ bm
run 300
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