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Abstract We analyze CPU utilization traces of multiple appli-
cations running on a shared set of processorsin a utility comput-
ing environment and apply PCA (Principal Component Analysis)
technique to characterize each application’s workload. We show
that, in our dataset, the 12 applications under examination can
be characterized by just three features, namely, periodic, noisy,
and spiky. We then use these principal components for classifying
applications, detrending the CPU usage behavior, and generating
synthetic traces with ampli cation or suppression of the de sired
features. The workload characteristics that we derive using the
PCA approach help application owners to better understand
the behaviors of their applications, and also enable the system
operator to better plan for capacity usage.

|. INTRODUCTION

Utility Computing [1] has recently become a wide-spread
paradigm for data center operators to adapt to the changing
business environment. Utility Computing offers two advan-
tages: (1) lowering customer costs related to hardware, soft-
ware license, deployment and maintenance of IT; and (2) a-
lowing customers to adapt quickly to business changes and
simplify IT environments. With utility computing, customers
are able to obtain computing services as needed, deriving
bene ts from the optimal use of IT resources.

HP's SASU (Shared Application Server Utility) program [2]
aims to create an adaptable, high performance, shared appli-
cation infrastructure using the Utility Computing paradigm.
Managed under HP Global Operations and IT, SASU uses
HP's own technology, hardware and operating system (HP-UX
with HP OpenView), providing adaptive I T infra-structure for
hosting J2EE applications that are owned by internal HP busi-
ness divisions. Currently in August 2004, SASU has twelve
business applications running under BEA WebLogic on two
HP RP8400 production servers. Within a few months, more
than 20 applications will be deployed on SASU; new server
hardware has already been procured and being integrated into
SASU.

Several issues that arise in this kind of environment are
(1) How to size the IT infra-structure; (2) How to alocate re-
sources (CPU, Memory, network, etc) to different applications
that share these resources (see [3]); and (3) How much and
when to add (or remove) physical hardware when computing
demand increases (changes) (see [4]). These decisions must be
made to satisfy pre-speci ed service level objectives (SLO 9)
and at the same time to balance the cost of providing the
service (such as by maintaining CPU utilization to a suf -
cient level). Central to all these issues is understanding and
prediction of the resource usage characteristics (or behaviors)

of the applications. For example, an application that exhibits
spiky CPU usage behavior might require a higher share of
CPU dlocation to ensure its SLO to be met.

To address the rst issue of capacity planning (or sizing),
we propose a three stage approach [5], in which the planning
horizon is divided into Pre-Installation, Test and Production
phases.

The three stages differ from each other by the data availabil-
ity and the desired precision of planning. The Pre-Installation
capacity plan is driven by mathematical scaling and extrapo-
lation models based on published (known) benchmark data.
A tool caled Pre-Installation Capacity Calculator [5] was
designed to execute the models and to automate the analysis.

At the test (or integration) stage and the production stage
in the application deployment lifecycle, the application has
been installed and the computing utility is instrumented to
collect usage data of the application (the trace) under a
synthetic workload (at the test stage) or area workload (at the
production stage). The measurement data on workload (trans-
actions) and performance (CPU usage) enables us to rene
the workload and the performance models. We may derive
the application’s characteristics through analytical extraction
discussed in this paper, thus enabling the application owner
and the system operator to gain a better understanding of
the application’s behavior in the shared-resource computing
environment. As a result, resource usage plans can be made
more precise; capacity planning implications due to future
business growth or business change can be analyzed.

In this study, we use PCA (Principal Component Analy-
sis), a feature selection technique, and apply some anaysis
steps, called structural analysis [6], to an application dataset
extracted from a SASU production server. By determining
whether the whole system has low intrinsic dimensionality, it
is possible to create a workload model that is described only
by a small set of features such as periodic, noisy and spiky.

We then use the extracted features for several purposes:
classifying applications based on their behavioral features; de-
trending application traces; and generating synthetic workload
with the option to amplify or suppress any of the features.
Potential uses other than those described above are aso
possible.

This paper is organized as follows. In section 11, we outline
the need for an automatic means for extracting application
characteristics from multiple traces in a shared and interdepen-
dent system. Section |ll describes the data (traces) collected
from the SASU environment; Section |V gives the technical



background on the Principal Component Analysis (PCA) tech-
nigue. We describe how we apply PCA to the SASU data in
Section V and how we use the extracted featuresin Section V1.
Finally, we summarize and conclude in Section VII.

Il. WORKLOAD CHARACTERIZATION

It is known that the performance of a system depends
heavily on the characteristics of its load. Starting from the
Test Phase, it is possible to rely on some data (trace), collected
from the system’s log les, to create a model that describes,
or approximates, the actual application’s workload behavior.
From these models, one can predict the impact of the load
imposed by each application in the system, when the system
goes to the Production Phase. Much of the work done in this
direction focus on single application’s load characterization,
which considers each application at a time, creating a model
from observation (i.e. a stochastic model) and extracting the
parameters needed from the application trace.

In a single system there may be hundreds or thousands
of applications running simultaneoudly. If one had to analyze
each application at atime, it would be arather exhaustive task.
Furthermore, the whole system’s performance is affected not
only by the behavior of each single application, but also by the
resulting execution of several different applications combined
together. This means that the system’'s overall performance
is given by the superposition of several timeseries that, in
some instances, are not independent. A wide range of im-
portant problems require the whole system analysis, including
resource assignment [3], [7], [8], queueing networks [9] and
system’s behavior analysis [10]. Since a single application
analysis is itself a complex task, modeling the whole system
behavior is even more dif cult. The reason is that, consider ing
each application as a timeseries, they form together a high-
dimensional structure.

However, one can suppose that some applications share
common behaviors as a function of time. For example, severa
applications could share the same periodic behavior due to
steady peaks of utilization during the business hours and low
utilization during the lunch hour and other non-business hours
in the evenings and on weekends. On the other hand, some
applications could present simultaneous short bursts (or spikes)
of high demand, which are called ash crowds, often triggere d
by a specia event. These observations lead us to believe that
the high-dimensional structure of application timeseries, that
appears to be complex, could be governed by a small set
of features (i.e. correlated periodicity, simultaneous demand
spikes) and, therefore, be represented approximately by a
lower-dimensional representation. This minimum number of
features, needed to closely approximate a high-dimensional
structure, is caled the intrinsic dimensionality of the data.

PCA (Principal Component Analysis) is a useful technique
for feature selection. With PCA, one can process a large
amount of data quickly to determine whether the whole system
has low intrinsic dimensionality, and to identify the prominent
features exhibited in the data, thus making it possible, by ex-
ploiting the common temporal patterns shared by applications,

to create a workload model that is described only by a small
set of features.

Severa kinds of analysis could benet from this study. For
instance, al sort of algorithms could be carried out using
a smal input, that is, a small number of features instead
of al origina traces. We can imagine that, although SASU
is currently under low utilization and has a relatively low
number of applications running, the PCA analysis that we
study in this paper will become more effective as the number
of applications hosted on SASU grows.

I1l. DATA DESCRIPTION

SASU’s application servers are grouped under Functional
Test, Integration Test, and Production groups. The multiple
servers within each group (except the Functional Test group)
are clustered for load balance purposes. In this fashion, there
is one server dedicated to functional test, two for integration
test and two for actual production. The servers run HP-UX
operating system and OVPA (OpenView Performance Agent)
to collect performance data.

The data considered in this study was collected from one
of the two production servers, during the two-week period
from from 08/02/2004 to 08/16/2004. The reason for collecting
only two weeks worth of datais that SASU’s CPU utilization
had been increasing over time and, prior to this period, some
applications did not have suf cient utilization to be analy zed.
There were twelve applications running on this production
server (HTX694).

OVPA (OpenView Performance Agent) aggregates (aver-
ages) the CPU utilization at every ve minutes and writesto a
log le which is subsequently extracted and stored in a centr al
repository. The dataset lists CPU tilization percentages by
each application (APP_CPU_TOTAL_UTI L OVPA metric) in
5-minute intervals during the two-week collection period and
it is summarized in Table |. This table shows the maximum,
the average and the standard deviation of the percentage of
CPU utilization during the two weeks. The number in the
rst column is used, by convention in this paper, as a further
reference to the applications. We have excluded the PRM_SYS
application (a group of system management processes) and
the OTHER group (unde ned applications). From this table,
it is possible to conclude that the server is still under light
utilization.

From the data collected, we generate a CPU utilization
measurement m  p matrix X, where the number of rows m is
the number of time intervals (number of 300-second intervals
within the two-week period) and the number of columns p is
the number of applications in the system (p = 12). Note that
m >>p.

Each column i of the matrix denotes an application time-
series, referenced by vector X, and each row represents an
instance of all the applications at time t. The matrix X is
used as the input for PCA. Figure 1 shows some examples
of application load traces (applications 2, 6 and 7), which
correspond to columns of the X matrix. The plots show the
percentage of CPU utilization as a function of time. In some






