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Abstract— The ability to predict achievable service levels is certain of being able to deliver an SLA target level 80% of the
an important part of business strategy in drawing up Service time? Or better still: what is the full probability distrition
Level Agreements (SLA). Service delivery is a dialogue be®en ¢, carvice within a given time threshold?
supply and demand. Recently it has been argued that adaptive '
service levels might be predicted using classical queueiribeory

combined with a data centre model. Using generic tools, we Il. QUEUE PROCESSING
investigate the accuracy with which service levels can be pdicted . . . . . .
for a single server Web service, based on expected traffic patns, We begin our discussion of service level estimators with
and hence we identify approximate limits on the reliability for ~queues. A queue is the interface between an arrival process
service levels. and a completion or renewal process[3], [1], [4]. Queues
are categorised by the type of random process that delivers
|. INTRODUCTION requests, the type of process for dealing with the arrivals

Service provision is a delicate interplay between suppty arind the number of independent servers that participate in

demand. The ability to deliver reliable service levels defse t € Ioac_j Sh"’!“”g- A .determinis.tic distribution has constan
on both the resources that are available in the data centre %;tr}?]gl\ﬁgég]sesr’egwlttz 20 IV afr:)a;n;:r?, gg?r'bgigira'}hx:rns
the pattern of demand driven by the users. In this paper,yve o u pply 1 y distribution.

to understand how the incoming demand for a service affec Semorylgssmplles that the arrival process 1s a s_teady state
one’s ability to formulate rational Service Level Objeetivand process, in which the currer!t state of the dlstrlbgtlon duﬂs
hence deliver the appropriate supply response to the C%gomdepend on what happened in the past. These distributions are
with appropriate Service Level Agreements (SLA) particularly simple to discuss and occur in a variety of real

Over the past decade, a lot of attention has been givensf uations, but they are not ubiquitous.

the inter-arrival time distributions in traffic, after it waoticed t '”S Icorﬂmpn t'?h hallvedse\f/e:\ral, S(.)mettlmffe.s rpz:\jny,dser\(;grs n
that traditional assumptions about queue arrivals werdroet paraliel, sharnng the load ol Incoming traflic. indeed maoier

for the time-scales over which traffic was being observeds Thoperating systems and CPU architectures are designed with

observation has generated a lot of mathematical and tﬁwretmuln—threadlng in mind, so the simple view taken by basic

work but this work is not clearly applicable to the matter ofiueueing models is far from being an accurate reflection of

service provision in the data centre. One would like to knO\tﬁSk scheduling. However, we shall deal only with singleeer

exactly what engineers in the data centre should do to Co?gdels in this work. There are two reasons for choosing singl

with demand. erver models: | | |
Historically one has used models like queues[l] and® We need to have some separation of issues in understand-

inventories[2] as estimators for capacity planning. Thesel- ing the service provision process. By considering only
els are steady state models that do not easily account for Single server queues we eliminate part of the complexity
changing load, such as one might expect in a real environment  Of the service process (though not entirely, since single
Nonetheless, they are the only real models one has that can be Server systems remain intrinsically multi-threaded). The
used to describe random phenomena in a service framework. iSsue of multiple servers is considered in refs. [5], [6].
So how useful are they? And if they are not useful, can theye It has been argued that a single queue model is the
be adapted to yield better results that are of use to service fight way to model a multi-tiered system, since there is
managers? invariably a bottleneck stage in a system which throttles
We are particularly interested in what practical lessons ca  the performance and dominates the behaviour, e.g. the
be learned from the traffic characterizations which havénbot ~ 0ad sharing dispatcher(7], [8].
been observed and discussed theoretically. In particilare Even with a formally ‘single’ queue, there is room for
is a need for a semi-empirical procedure for finding servigerallelism. The serving discipline is an additional cavea
levels which does not require access to trunk link data frothe server processing options. By default, queues are &bkum
major ISPs, but rather can be performed on site by any détaprocess in a First Come First Served (FCFS) manner, in
centre. So we consider the following question: suppose owhich case each job is completed before the next is begun. If
resources are fixed, what supply-margin (“over-provisjasf” one allowed Processor Sharing (PS), or multi-threadingn th
service is required to be within a predictable margin of athere is a possibility to interleave jobs on a single sergee(
SLA target? For example, when can we say that we are 95i&. 1).



given from error theory as
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Fig. 1. Model of a simple processor shari6G/1 queue. Jobs are shifted . . . . .
between a processing and a queueing state until it is coeapleigure based 1-€- the fractional uncertainty (percentage) in rate issame

on ref. [9]. as that in the time measurements. This result is easily eriv
from dimensional analysis and is therefore independent of a
Gaussian or symmetric peak assumption.

The processor sharing approach is a more realistic model ofalthough we are not using real traffic, our results are
how a real web server works. There are multiple connectiofgvertheless relevant for the purpose of probing the limits
being serviced simultaneously as multiple tasks, in spfte gf the system (statistical estimates). We require an estima
there being only one processor on a server in a typical Apachg the apparent steady-state performance over a time-scale
like web server. of hours and minutes (since this is the time-scale relevant t

In spite of the need for parallelism is coping with servicgsers). To compare traffic with different statistical prdjes
times, the fundamental limits (minimum response time ete) ain both theory and experiment is a non-trivial exercise and
properties of the weakest link, i.e. a single server. Thus it some calibrations of characteristic values are required. W
important to study the behaviour of a single server queue dhall show below that these calibrations can be made well
order to gauge the limitations of service quality. We coasidwithin the accuracy we required for our conclusions.

the effect of multiple servers elsewhere([5]. We close this section by noting acknowledging some lim-
itations. By now everyone knows that the answer to traffic
Il. GOALS modelling and service is complicated. We are not looking for

a generic theory that captures the detailed statisticalgties

The plan for our paper is as follows. We consider somg raffic. Many have tried this and litle has come of it in
typical quantities that are used in Service Level Agreesientyactice. Rather, we are looking rather for simple order of

« Mean response time (seconds). magnitude approximations, estimators that are usable layea d
« Mean data rate (bits per second). centre engineer. If such things exist, they are of greatevalu

These are quantities that can be calculated from quedithey do not exist, there are dire implications for the @uth
ing theory[10] using a variety of models for arrivals an®f Service Level Agreements.

processing[10], [3]. The simplest estimates for the M/M/1

gueue are trivial, however it is known that web traffic is IV. TRAFFIC PATTERNS

unlikely to have an exponential Poisson arrival form in the

. . . . What one guesses from classical queueing theory is that
short term so we must also deal with approximations to traffg 9 q g y

atterns that more closelv model the features of observﬁg occurrence of non-Poissonian traffic patterns would lea
P y & greater difficulties in predicting and handling serveado

traffic. The Poisson case remains important, however, Sﬁnc?—lowever coming up with a simple rule of thumb has not been
is a fixed point with ideal properties and it is easy to computgasy due; to the failure of simple queueing models

We can study the expected performance by han In the late 1980’s and early 90’s it became clear that

frzlf(;ilcj:lzneonr;r;tisér:wgth:sS;Jeedugga%ngosflesél 3vrl:db zlesr(\)/e?y(adlsré?ﬂe classical Poisson larrivals_assumptions which_ worked so

g ) i Well for telephone traffic were inadequate to describe heer

empirical study). We would like to know: behaviour. Leland et al. [11] showed that Ethernet traffic
« Over what time interval (if any) do we expect to see @xhibited self similar characteristics, later followed iapref.

predictable mean value? [12]. Paxson et al. [13] found that application layer pratisc
« What processing margins are needed to guarantegji@ TELNET and FTP were modelled quite well by a Poisson
certain mean value? model. However, the nature of data transfer proved to beyours

These goals are actually quite ambitious, and are subjexdt towith long-range dependent behaviour.

kinds of uncertainties in an end-to-end system, so we attempWeb traffic is particularly interesting. Web documents can
to isolate a single component of the uncertainty, namely tleentain a variety of in-line objects such as images and mul-
server process itself. To do this, our experiment consibts ttmedia. They can consist of frames and client side script.
a direct connection between client and server, simulatimjfferent versions of HTTP (i.e. version 1.0 and 1.1) cogxis
an ISP connection with a fixed, large capacity so that tlead interact. Implementations of the TCP/IP stack might
connection is not a factor in the uncertainty. Moreover, wieehave slightly different, etc. depending on the operating
fetch fixed size data objects in every transaction so that ordystem. This leads to great variability at the packet |avBI[
time-measurements are required. The uncertainty in agerdefs. [15], [16] have suggested several reasons for thictraf
data rateR = D/T, whereD is data size and” is time is characteristics.



In spite of the evidence that for self-similarity of networkequired. Knowing the expected nature of traffic and quegpiein
traffic, it is known that if one only waits for long enoughsystem only tells us how we might expect a system to perform;
one should see Poisson behaviour[17]. This is substadtigpte knowledge about software and hardware interaction enables
research done in [18] and elsewhere, and is assumed trugénformance tuning.
measurements approaching the ordet@f points. However  Slothouber [22] derived a simple model for considering web

this amounts to many years of traffic[19]. server systems founded on the notion of serial queues. &8ever
components interact during a web conversation and a goes
V. PREVIOUS QUEUE MODELLING through different stages, with different queues at eacbesta

Queueing theory on network traffic has traditionally bee-lqhe response time is therefore an aggregate of the times spen

dealt with by Poisson modelling of arrival and service proa-lt '\c;lllff_eretntllev2e3ls }Nlltlhm tgetr\]’Y elT_ servfer. L b
cesses. The main reason for this is the analytical simplicit €l ? al. [ éo o‘:cvfh f's |Ine ptre_astc;]nmg mka su -t
and attractive computational properties of such distidns. sequent paper. ne ot the focal points in their work was 1o

However, in literature it has been indicated that such modgl investig_a_lte the effects of for_resp_onse time and s_ervelktrlgc
can lead to a overly optimistic queueing performance. probability due to congestion in networks. High end web

Queuing performance is strongly affected by the in,[eE_ervers usually sit on a network with excess bandwidth to
arrival time behaviour of network traffic. For routers, kyrs | e able to shuffle load at p.eak rates. Hoyveve.r, custo_mers
traffic fills up queueing buffers routers with packets W@-tinmherently has poorly performing networks W'th. with podsib

to be processed. Traffic bursts arriving at web server syste tynchronzgf(tra_nsffr modlg, Stufh as ADSL Imis. Therefcljre,
can cause request waiting queues to grow significantly. fRturning S In from client 1o server can be Severely

general, it was noted in [20] that the presence of self-sirityl, .elay.ed. In turn this causes the request to Imger for a Ionge
ic calime in the system than would be the case if the connecting

etwork was of high quality. Aggregation of such requests
could eventually cause the TCP and HTTP listen queue to fill
erlP; making the server refuse new connection requests even if
s subject to fairly light load.

ese models are simple and somewhat unrealistic, but
sess the kind of simplicity we are looking for for our

have severe performance degrading effects for networks
significant buffering, leading to poor Quality of Service.
Erramilli et al. [21] studied the effects of long range deper "
dent traffic on queueing systems and found that long ran'é
dependence had measurable and practical impact on queuein
systems. They also found that the nature of network tra i
had significance for a number of packet traffic engineerir%)mpar'sons'
problems, such as buffer sizing, admission control, and rat
control. It was also noted that if traffic characteristice &-
nored it can lead to Over|y Optimistic performance predm, A queue with general inter-arrival and service time distri-
and hence lead to an under-provision of service capacity. bution is denoted a€7/G/1. We shall use this as a basis
Other research has studied queues with application to sf-comparing theory and experiment. No easily usable exact
cific server operation. In [9] the operation of the omnipreseresult exists for these queues due to the difficulty in deter-
Apache web server software was modelled. Apache can daifling the transition probabilities between queueingestat
operate with several processes running at once, seveealtfir [24]. However, several approximate upper bounds have been
running once, or with a combination. Therefore, modellingroposed for queue length and average waiting time, in the
regular, one processor web system job schedulingriet FCFS discipline. They apply iheavy traffic approximations
Come First Served(FCFS)n assumption a lot of simpleand are valid forp — 1[24]. One of these is discussed in ref.
queueing theory relies on, is not correct. Also pointed nisyi  [25] and has the following form.
this work was that neither service or arrival time distribot E[S] (C2 +C2)
is necessarily Poissonian distributed. A sophisticatedieho E[W]~ L 5 A (3)
taking general service times and number of processestthrea 2(1-p)
running in processor sharing fashion was therefore derived As the total system time is a combination of both queueing,
the M/G/1K(PS) queue. The purpose of this model waor waiting, time and service time, the upper bound for respon
to study the blocking probability of the web server, i.etime becomes:
t_he rejection p_robability for reques_ts giv_en a _certain HTTP _pE[S] (CZ+C2%)
listen queue size. Results from simulation with the model E[T]~ 2(1— p) + E[S] (4)
and experimental results with Poissonian arrivals and géne _ L . : .
service time distribution showed to be in well agreememheres is the service timeA is the arrival time and’; =

with each other. In summary, we must consider Iong-tailé’cf/E(I) is the scaled deviation. For exponentially distributed
behaviour in estimators ' inter-arrival time it is fairly easy to see that we get the

response time formula based on the well-known Pollaczek-
) Khinchin equation[1]. For such inter-arrival timeS? = 1 as
A. Server performance modelling o2 = (E [A])°. This follows from standard deviation and mean
To achieve a desired level of quality of service under argf exponential distributions. With an exponentially distited
traffic conditions, extensive knowledge about how web gervgervice time, this formula is equal to the well-known result

hardware and software interacts and affects each otherfds M /M /1 queues. Thus, for all queue constellations with

VI. THEORY




. L . . . _ . 0,2
exponentially distributed inter-arrival times, formuldasisaid

to be exact.

Another way of doing heavy traffic approximation is pre-
sented in [26] and is derived from work done in [10]. It is
similar to the one presented here and yields approximately
the same results.

Owing to the difficulties in dealing with long-tailed traffic
patterns, we do not expect to find a perfect model for describ-
ing service provision. We are looking mainly for universal
features of the available queueing models, which can lead us o
to semi-empirical andimplerules for scaling of services. Our 0 20000 N40000 60000 80000 100000

. . . . umber of iterations
aim is to exploit the assumed relationship between preuiieta
ity and the ability to make reasonable claims:

o
N
i1

Avg. response time, s
2 o
1331 [y

Fig. 2. Calibration of the service time. We see a linear responsegéghis
QoS predictability = SLA reliability. will not distort the simulation.

Arrival Exponential

VIl. EXPERIMENTAL TESTING . ] Experimentd

We consider the following problem: suppose data centre
resources are fixed (i.e. the service characteristics ated ra
S, u are determined from CPU and disk performance rates and
constant), can we predict what rate of service completioms w
can safely promise to a client, given that the character ef th
incoming traffic could vary over the time of the contract? The
procedure must be implementable by any potential applioati
service provider and must cope with worst-case events. 2 Z 2 2 2

To accomplish this, we base resultsgeneratedraffic, but P T b Foras2e
use it to drive a real hardware back-end. We claim that this Arrival Paretog=2.01
is sufficient to test the interesting issues that are of @sero r £ Experimentd]
a data centre manager. Results are measured for an Apache Simufation
web server running on a GNU/Linux PC computer. The client
generator is connected directly to the server by null-modem
cable to avoid uncertainties due to network switching.

Traffic is initiated using a traffic generating program which
simulates inter-arrival distributions, generating a atne of
page-lookups which are passed to a PHP-enabled web server.
Each page involves CPU-bound iterations (spin delay) to en-
sure that the server is significantly loaded ; this was necgss
to offer the server a difficult load as might be generated by a
large number of users. Such a load is not easily generatggl 3. Mean response time and standard deviation for experimental
in a laboratory setting, as the server CPU hardware warsi hand simulation results. (a) Exponential inter-arlivéb) Pareto inter-
comparable to that of the traffic generator. To make sure tif¥fval W/ o = 2.0, with a variety of server distributions1. Note how the

. . - standard deviation is significantly larger than the meanjsaypical of tailed
this compensation was an adequate facsmilie of true load, ¥i€ributions.
verified that the relationship between iterations and load w
linear (see fig. 2).

The slope of the curve represents the time requiremdetvest response times. Additionally, the experimentaligal
per iteration, and the constant represents the minimunydelhas fairly large standard deviations, which is indicativie o
These parameters are used to tune an expectation valuefordistribution heavy tails. These phenomena are relatedeo th
service time. fact that the serving discipline in a computer server is not

We have compared the behaviour of our server to FCFFEFS.
gueueing models for traffic types ranging from exponential Unlike the FCFS discipline assumed by formulas and
Poisson inter-arrivals to moderate Pareto traffic[27]. @@m present in the hand simulation system, computers in general
results are shown in fig. 3. The models weaknesses are alrepdcess jobs using processor sharing and priorities. For a
apparent. system with exponential processing time it is noted in ref.

A noticeable trend in the data was the low response tinfitQ] that response time variance is potentially much graate
for experimental results for larger service distributioariv a Processor Sharing system using round robin, than in a FCFS
ance. The highest response times of the hand simulations recessing system. The reason is quite intuitive. A job in a
obtained with Pareto distributed service time with= 2.01. system withexponentiallydistributed service times and inter-
Corresponding experimental values are strangely amohgst arrival times (//M/1 queue) whose service requirement is

w b OO N ™

Avg. response time in s
N

ST

w b OO N ™

Avg. response time in s
N

ST

Par.g=2.01 Parqg=2.2 Parqg=2.4 Parqg=2.6
Service time distribution



of average size will, on average, have the same response tirr Breakpomt count, M/G/1
independent on whether or not it is a processor sharing or ¢ 10000 7 Jobs under breakpoirt
FCFS system. However, jobs with less than average servici Bz Jobs over breakpoin

time will will be better treated in a processor sharing syste  gygg § Moo ]
than with FCFS serving discipline. Vice versa, jobs with ~ §
greater than average requirement will receive poorerrtreat. 6000 @ §
The breakpointdefines the value service time that on average F
gets the same treatment in an FCFS queue as a process 4000 @
sharing queue. " =
A probability distribution for experimental and simulated 0 . ﬁ
M/M/1 queue are shown in fig. 4. The figure illustrates 2
the differences in response times for FCFS systems and P : :
(processor sharing) systems. Processor sharing possibbes 0 E)ai.glz)z.Ol g)ai.fls) 2 E)a(r).gsz)u (Poa(r].?SS) .

the span of response time values to be much larger than in

FCFS SySt.em! Wh'(?h 'n turn _mamfeStS itself thrOUQh.mghﬁg. 5. Figure summarizing count of service requirements fallingder

response time distribution variance (truncated in the &yur and over breakpoint values derived using formula from [I0je breakpoint
values are listed in parenthesis and given in seconds.

Probability distribution, A: Exp., S: Exp.

] VIIl. SERVICE GUARANTEES
0,35+ — Experimental valug

1 Simulation values With the variances seen in the experimental simulatiors, it i
clear that it is nearly impossible to make a meaningful psami
about the average service level to a customer. The mean value
is insignificant given the breadth of the distibutions: winet
need to look at is the complete distribution of values.

[

o
)
T

Probability
o

0,15
0.1 A. Variability
0.05] The experimental results listed previously are dominated b
RS a large data set spread. Compared to results from simujation
0 R Y A = - ‘é the variance can be many magnitudes larger for experiments.
Response time in s. _The I!ke_ly reason for the difference in behavior is the seted
ing discipline.
Fig. 4. Probability distribution for experimental and siated M /M /1 For M/G/1 systems the breakpoint between better and

queue. The figure is meant to illustrate the differences spaase time tail worse processing is for jobs with service time requirement
for FCFS syste_ms (S|mu_lat|on) and processor sharing sgs{erperiment). 2 with value z — x2/2§ [10]' For the queue constellations
Processor sharing possibly causes the span of responsevdines to be . . E . )
much larger than in a FCFS system. The curve has a long tashwias been With exponentially distributed arrival time we can thus fihe
truncated in the figure. breakpoint and investigate how many of the service require-

ments fall under and over this. The result of this procedsire i

It should be possible to track differences in degree @fepicted by figurg 5. The figure clearly_ shows and predomi-
response time distribution heavy tailedness as can be seefiance of jobs falling under the breakpoint. It should be dote
the figure. It can therefore be argued that the response tithét the dataset sizes might be too sparse for the breakpoint

of the web server system does not have a well defined mdafmula to be valid. However, if this approach is approgriat
and therefore lacks a typical value. in this case, the vast amount of jobs under the breakpoint

could explain the overall decrease of response time goorg fr
simulated to experimental//G/1 queues. It is believed that
the same phenomenon partly can explain the differences seen
in the rest of the queueing/G/1 constellations. We were
For long range dependent distributions no simple formukt able to find comprehensible breakpoint formulas forghes
for calculating the expected response time exists. Ourctibe cases.
was therefore only to investigate performance differencesThus, processor sharing possibly causes the span of respons
through simulations and experiments. time values to be much larger than in a FCFS system, which in
As before, the measured inter-arrival times where extdacteurn manifests itself through higher response time distiin
in order to check whether the statistical properties of thariance. It should therefore be possible to track diffeesn
distributions where conserved. More specifically, the rintein degree of response time distribution heavy tailedness.
arrival distributions were checked for self-similaritying the From the barcharts 3 one can see a clear trend. Service
SELFI S tool. The results showed that self similarity wadime characteristics seems to have less impact on the respon
correctly reproduced in our experiment. time than the inter-arrival time characteristics. As irdetival

A. Self-similar traffic



time distribution becomes more and more variable for exptesponse time distributions (see figures 6). Because ohtge |
nential service time, the experiments and simulations shaleviations of values, going fro80% to 90% is not trivial from
that response time increases. However, the average respanservice providers point of view. The CDF plots show that
time for simulated and experiment@l/A//1 queues are fairly going from80% to 90% in Service Level confidence means,
coherent. There are slightly higher values for the expeamise more or less, a double of the service level target.
as could be expected since this is not a protected environmerThus the proper way to quote service levels is through
as the simulations are. The queueing formula 4 makes #igtributions. The mean response times and rates are sseles
distinction between arrival and service process charatitty even on the time scale of hours. A cumulative probability
which is obviously not accurate for web server systenpiot of service times is straightforwardly derived from the
according to our results. experimental results and gives the most realistic apgdrafsa

In a system dominated by such uncertainty, dealing withe system performance. The thick cut lines in the figure
mean response time for capacity planning and evaluation asibw the 80% and 90% levels, and the corresponding response
easily lead to wrong conclusions about performance. Tigelatimes associated with them. From this one can make a Service
variance and the long tail in experimental values are irtiiea Agreement based on probably compliance with a service time,
that FCFS modelling of web servers, as the queueing modgts not merely expectation value but histogram..
rely on, does not capture crucial characteristics of thparse For instance, one could consid&d% or 90% compliance
time. On basis the of the probability distribution plots, W@ 3 maximum service level target. Depending on the nature of
therefore argue that classical FCFS modelling is not thborqraﬁicy the differences between these two levels can besquit

cally motivated for actual web server systems. Conseauentjgnificant. Since customers are interested in targetscthild
the classical queueing models are not applicable, in theeranpe the best strategy available to the provider.

in which they were intended. We note an alternative approach
using a modified server controller to pre-stack the arrival
distribution in ref. [8].

The principal of parsimony says that, under such circum-

stances, the simplest model that accounts for the widen@ia gjngje server studies are the key to understanding capacity
is adequate._ One co_uld thergfore use an ‘ill motivated mOdﬁllanning. While it is true that one can apply load balancing
as an effective predictor, as is often the case. to increase parallelism in multiple task service[5], pésai

~ The worst case scenario is when we have a high variance,not help the intrinsic performance of a single task. Each
inter-arrival time distribution and a regular exponenstvice ;. qividual transaction takes place on a single server. Thus

requirement. We suggest a procedure that assumes highllyqy concerns the limits of what can be promised to a single
variable inter-arrival times and exponential service snfier

) > SVILE * customer for a single request. (It would be prudent in Sevice
successful capacity planning. However, self-similarioynpli- | oe] Agreements to distinguish between promises madetabou
cates matters, as bursty traffic also affects response Tihne.

- ) ) ) : response times for single tasks, and promise made about task
self-similar experiments show that inter-arrival timetdizi-

i ith th d dard deviati [‘)’0|Ume per unit time.)
oS with e Sxadl same mean and standare ceviaton, uWe note that the worst scenario, in our results, is when

different degree of self-similarity, results in differersponse we have a high variance inter-arrival time distribution and

time behaviour. Simply considering the first two momentsr'ﬂegular exponential service processing. This only reatikes

doing capacity planning when the system is subject to tra . . LS oo .
with a high degree of self-similarity might therefore lear té%nse in the FCFS scenario, and so it is a limiting case and is a

. - . possible way of capacity planning. If data centre unit-citya
insufficient capacity. is based on this limited case, there will always be a caledlat
over-provision with respect to a server capacity in practic

In other words, we will be able to cope with the widest pos-
Ble range of SLA promises, given fixed processing capacity
%or FCFs modelling of web servers, SLA compliance in any
addr_essed is_ the significance of the observed phen0menaaﬁs[\?a;saﬁgesneR%Czsﬁrl;n;?t&; ;lrseg\flef:!g: a\éZ::Iftl)r/lel ;:n?r? ;hulgée;r
service providers. on the latter will result in overprovisioning also for the e

sto?:%isf?cth?o?gstgst b?rfg ?r;valeﬁ_n ddefs'r?(ra\(/jlcri:a:zcizsrﬁ; %re;‘\iver. Indeed, considering the web server to be a FCFSwsyste
Ic p without-a w ! ' Yl enable compliance of SLA's and might therefore be a

with the effect of processor sharing has on response t”BSod strategy for performance evaluation to meet SLAs even

tails, there is an intrinsic lack of typical values. Instedéd : . S .
is more fruitful to consider the likelihood of being within athough this can possibly result in significant excess capaci
certain aareement. For instance. one could congd% or However, this presupposes the absence of inter-arrivéd sel

gré : : ' o . similarity, which could make it worse again, so the margin
90% compliance of a Service Level Objective. Depending o

the nature of traffic the differences between these two sbevé?\ 'ght be necessfar.y. . . .
Our best predictive prescription (with noted flaws) is there

can be quite significant. i ol )
This becomes quite apparent if we plot the Cumulative Diéc_)re roughly as Tollows:

tribution Functions (CDF) for the experimental and simetht 1) Calcluate the server raje for the weakest server that

IX. OVER-CAPACITY PLANNING

B. Service Level Distributions

We have attempted to give reasonable explanations to tg
differences in observed values for response time from
periments, simulations and theoretical formulas. Yet to
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Fig. 6. The cumulative percentage distribution for respopsocessing for sample exponential and Pareto arrivals.tfiick cut lines show the 80% and
90% levels, and the corresponding response times assbeidgtte them. The figures in each row show the comparison betvegperiment (on the left) and

theory (on the right). The theoretical values are too pessitnhere, which is good in the sense that it would indicate@mmended over-capacity, but the
value if surely too much.



might handle a request. e.g. for a CPU bound proces® be valid, they have lost their practical value. The forasul

did show more promising for the simulated FCFS queues as

Job size they were able to capture trgnds, but even here the formula

CPU cycles  time overestimated the response time mean vaIL_Je. . _

X = — X As the formulas are heavy traffic approximations and said
instruction  cycles to be valid as the traffic intensity reachieghe traffic intensity

_ av.instructions x RISC/CISC ratio 5) level which where chosen herein might not be sufficiently

. . av. instructions
W = av.job size X ——

MHz high. What is strange, however, is the discrepancies betwee
2) Estimate traffic type at maximum load. formula, simulated and experimentd/G/1 queues as the
3) Construct the Cumulative Probability Distribution as &rmula in these cases have been theoretically proven to be
function of response times using FCFS. accurate. Again, the distribution sizes might prevent ager

4) Make SLA promises about probability of transaction ratealue convergence. In order to evaluate the formula forethes
based on where the curves cross basic thresholds. queues, a larger set of data would be beneficial. However,

With this recipe, one overestimates service promise tirnesPrmulas that have these limits on area of application atte no
achieve a given level of certainty (or equivalently overestof any practical value for providers of web services. _
mates required capacity for a given time) in a non-linear way !f reponse rate scales approximately linearly with dagsiz
— the amount can be anything up to four hundred perceffi€n our results will not be significantly affected by va'\teab
This explains perhaps why most sites have seemingly gredfy Size, though such changes could affect the breakpdiot ra
over-dimensioned web-servers. Given the problems that car this work the effects of arrival process self-similarity
occur if a queue begins to grow, and the low cost of cplas also been studied. These studies were not targeted to
power, this over-capacity might be worth the apparent axcedo compari;on wi.th theoretical vaI.ues as thg response time
The results here indicate that one should perhaps be cautifimulas relies on independent service and arrival presess
about exactly which parameters are promised in a servig@l-similar traffic each arrival possibly has a large ctatien
agreement. Mean data rates and service times are highf§f? Previous events and thus are not independent. Thetsesul
volatile. If one will specify a maximum acceptable servic@f OUr experiments indicates that the degree of self-siityla

time, one must expect to over-dimension server Capac;‘tsgnificantly affects server response time. Especiallythas
accordingly. level of self-similarity increases, the effect seems toraggte.

It was originally planned to compare the results of these
studies with experimental results fdv//M/1 queues. But
since we were not able to generate self-similar distrilmgio

We have used queue modelling and experiment with véith an equal level of dataset variance, that had to be aban-
variable traffic generator to provide a generic traffic seurdoned. The results of the self-similarity experiments ¢atks
to test a web server’s performance, with an aim to investigahat not only are the first two moments of the arrival and
the predictability of SLA compliance. We find that classicadervice process decisive for response time; the history or
First Come First Served queueing formulae do not modelustering of short and long inter-arrivals is also of great
traffic and lead to an over-estimated response time, or regdjuiimportance.
capacity[28]. Regardless of incoming traffic type, the web We also asked whether a web server could be modelled
server system is dominated by high variance in resporse one single queueing system with FCFS scheduling. Com-
time. Thus to meet Service Level Objectives, a providgarison of results from simulation of a single FCFS queue-
with a statically configured system has no alternative birilg system and experiments does not substantiate this. For
to over dimension the system by a wide margin. We shogxponentially distributed inter-arrival and service tirmeean
how to determine that margin using a cumulative probabilifesponse time from simulation are not that different from
distribution. that obtained through experiments. However, as the vagianc

The question asked was whether or not response time vedisservice time increases, the gap between experimental and
affected by varying the statistical properties apart frdma t simulation results grows. Even if these are short term &ffec
mean value of the arrival and service process. Our resultey are the true for the timescales that clients care about.
supports this hypothesis. However, varying traffic chamact It is clear from related work[5] that one must avoid the
istics did not have the effect predicted by queueing formwularegion of server performance saturation by having sufficien
Increased distribution variance should give a larger aeraover-capacity. If one fails to do this, even a small burst in
response time and hence greater unpredictability. Obienva traffic can essentially lead to an unrecoverable queue growt
of this phenomenon in th€ /M /1 case revealed that increaséBut how shall we determine the correct margin for over-
of service time variance proved to have the opposite effeprovision?

Our experimental results consistently showed a decrease iWe found that the real server system has increased time
average response time average for moving from exponentiatiability compared to the FCFS queue prediction, with a
to Pareto distributed service times. We note that our det@$e longer tail. Response time tail behaviour is a focal poimt fo
100000 data points might be too sparse in order for theoreticalany SLAs [29]. In considering usual service level targets w
convergence to occur, but they are realistic nevertheléssfound that highly variable inter-arrival times and expotety
infinitely many data points are needed in order for the foaauldistributed service times constitute the worst case saenar

X. SUMMARY AND DISCUSSION
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