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Abstract
Deriving analytical performance models requires intimate knowledge of the architecture
and behavior of the computer system being modeled. In autonomic computing environ-
ments, this detailed knowledge may not be readily available (or it may be impractical
to gather) given the dynamic nature of these environments. In this paper, we present
a framework for dynamically deriving and parameterizing performance models in auto-
nomic systems. Performance models are derived and parameterized by observing the
relationships between a real system’s input and output parameters (average arrival rates
and response times for each job class). The paper shows the results of implementing our
approach using Apache OFBizTMand highlights the predictive power of the derived model.

1 Motivation and Introduction

Computer systems are becoming increasingly complex in
terms of hardware and software. As a result of this complex-
ity, it is becoming difficult and costly to manually configure,
maintain and protect computer systems, especially in large
data centers. For this reason, hardware vendors, software
vendors and large hosting providers are incorporating into
their products or hosting environments autonomic com-
puting capabilities, where systems become self-configuring,
self-healing, self-optimizing and self-protecting [13, 19]. For
example, Oracle corporation has implemented self-managing,
self-optimizing and self-protecting features into its Database
Management System (DBMS) as far back as version 10g,
which was released in 2003. Also, public cloud hosting
providers, such as Amazon Web Services (AWS), offer elas-
tic storage and elastic load balancing features to dynami-
cally respond to the changing storage and fault tolerance
needs of their customers.

Autonomic capabilities in computer systems are imple-
mented using a controller that monitors performance fluc-
tuations and security threats, and responds by performing
automatic adjustments to the system’s configuration pa-
rameters and security controls. Autonomic controllers can
be designed using a model-free approach, such as machine
learning techniques, or a model-based approach using queu-
ing network modeling techniques (see section 2).

Autonomic controllers that use a closed-loop feedback
mechanism along with analytical models or learning tech-
niques tend to produce more efficient resource allocation
plans than reactive techniques because of their ability to
predict future resource allocation needs [5, 6, 12, 19]. For
example, most cloud providers rely solely on reactive, generic
and high-level system performance monitors, such as CPU
utilization levels, to determine when and how to adjust sys-
tem resources. In some cases, the adjustments are overly
conservative, which is wasteful. In other cases, where the
application system is highly dynamic, resource adjustments
occur more frequently and in piecewise fashion, which may
disrupt application system operations during peak usage.

This paper focuses on the use of model-based analyti-
cal performance models in autonomic controllers. One of
the main barriers to the adoption and wide-spread use of
analytical performance models is that analytical modeling
of application systems requires a thorough understanding
of the system architecture, software architecture, applica-
tion behavior, resource usage, and workload characteristics.
This knowledge is then provided to highly skilled perfor-
mance engineers who use specialized modeling techniques
to develop analytical performance models tailored to a par-
ticular computer system.

Although this knowledge may be available to perfor-
mance engineers in dedicated data centers, it is not always
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readily available in shared public and private hosting en-
vironments. For example, public cloud providers offer on-
line tools that allow customers to provision hardware and
software resources as needed without any direct interac-
tion with system administrators or performance engineers.
The speed and frequency with which customers are able
to provision resources and deploy application systems make
it virtually impossible to develop performance models tai-
lored to individual applications or even to common classes
of applications.

Even when it is possible to develop analytical perfor-
mance models, there are cases when such models need
to be adjusted dynamically to meet the Quality of Ser-
vice (QoS) requirements of today’s dynamic application
systems. For example, initial QoS requirements are usu-
ally provided based on basic assumptions regarding number
of concurrent end-users, throughput and possible spikes in
transaction arrival rates throughout the year, such as holi-
day shopping seasons for e-commerce sites. So, the variabil-
ity aspects inherent in some computer systems and hosting
environments are not fully available or not fully understood
when Service Level Agreements (SLA) are signed. Some of
these cases include:

1. Unexpected spikes in demand for on-line e-commerce
sites, for example, when a new product is released un-
expectedly or when a long-awaited (or heavily adver-
tised) feature of the system becomes available.

2. When the data center offers additional hardware or
software resources that would positively impact the
original deployment configuration of the system with-
out affecting the intended functionality. For example,
adding more load balancers or offering new parallel
processing capabilities for the middleware or database.

3. When the classification (characterization) of the hosted
application system-on which the original performance
model was based-is changed. For example, changing
from an open queuing model to a mixed model, chang-
ing from a single-class transaction system to multi-
class, or adding parallel capabilities to the application
itself that would require changes in the system’s hard-
ware needs, and consequently, changes in the original
performance model.

Therefore, the assumptions on which performance mod-
els are originally developed may change over time, which
may result in inefficient resource allocation. This, in turn,
impacts both the data center’s and the system owners abil-
ity to deliver the agreed-upon SLAs. For this reason, shared
data centers need the ability to dynamically modify perfor-
mance model parameters or select alternative performance
models based on changes in the system architecture, soft-
ware architecture, or major pattern changes in workload
intensity.

This paper begins by presenting a framework for the
dynamic derivation of analytical performance models in au-
tonomic computing environments. The framework includes
a multi-layered approach for workload analysis and perfor-
mance model generation and parameterization. The ap-
proach takes into consideration the availability of system
monitoring logs and the balance between producing costly
but accurate performance models versus sufficient levels of
model accuracy even when detailed system monitoring logs
are available. The paper then focuses on one level of this
framework, namely the “gray box” level, and presents an
approach for deriving Queuing Network (QN) models where
input parameters (e.g., arrival rates) and output parameters
(e.g., average response time) are known. In addition, the
approach utilizes some basic information about the system
architecture, most of which can be easily obtained using
high-level monitoring tools readily available in cloud envi-
ronments, such as the number and function of each layer
in a multi-tiered system (but not necessarily the number of
servers of each tier). We then derive and parameterize a
QN model, which we call the Computed Model (CM), that
closely approximates the actual computer system.

Our approach for deriving QN performance models uses
a non-linear optimization technique to determine the pa-
rameters of the CM. We conducted a number of experi-
ments to evaluate the ability of the CM to predict the be-
havior of the real system as the workload intensity changes.
In order to test the viability of our approach, we initially
conducted a number of controlled experiments with an an-
alytical QN model acting as a proxy for a real system.
Our results, not shown in this paper, showed that our ap-
proach is capable of producing computed QN models that
have a robust predictive power. We then conducted ex-
periments, shown in this paper, using Apache’s Open For
Business (OFBizTM ) ERP system; one in which the num-
ber of servers per tier is assumed to be known a priori
(Static-N) and one in which the number of servers per tier
is inferred by the optimization technique (Variable-N). Both
OFBizTMexperiments show results consistent with the con-
trolled experiments.

The rest of the paper is organized as follows. Sec-
tion 2 includes background on autonomic systems and per-
formance modeling. Section 3 describes the autonomic
framework for dynamically deriving analytical models, and
the multi-layered approach for determining the appropriate
level of performance analytical modeling needed. Section 4
describes the technique used for deriving and parameteriz-
ing the CM in the “gray box” level and shows experimental
results. Section 5 discusses some related work. Finally,
section 6 presents discussions and concluding remarks.

2 Background
This section provides background on autonomic com-

puting systems and performance modeling using QNs.



2.1 Autonomic Systems

Autonomic computing systems implement self-management
capabilities using a closed-control loop mechanism where
internal and external sensors are deployed to monitor the
controlled system and its environment [5, 6, 13, 19]. Data
collected from the sensors is analyzed to determine whether
or not a change in the system is needed. If change is
needed, the autonomic system uses effectors to implement
the change based on policies managed by planning compo-
nents and produced with the help of knowledge manage-
ment components. This is referred to as the autonomic
manager control loop or MAPE-K loop, which stands for
Monitor, Analyze, Plan, and Execute based on Knowledge.

Autonomic capabilities, such as self-configuration and
self-optimization are provided by a controller. The con-
troller receives input from sensors that monitor performance
variables, determines the best configuration parameters to
achieve optimal or near-optimal performance and instructs
actuators to execute system resource adaptation plans.

2.2 Design of Autonomic Controllers

The main approaches used to design autonomic controllers
are control theory, artificial intelligence and queuing net-
works, and each approach has advantages and limitations.

Control Theory uses a closed-loop mechanism to moni-
tor, plan and adapt systems. However, this model is more
applicable to physical systems that interact with their sur-
rounding environments, such as engineering and mechani-
cal systems. Control theory models do not intuitively apply
to controlling software and hardware resources in computer
system, such as CPU and software threads. Control theory
is more applicable to linear systems.

Artificial Intelligence (AI) includes a number of disci-
plines, such as reinforcement learning, that can be used
to develop planning and adaptation techniques as part of
a closed-loop mechanism. Planning and adaptation tech-
niques can be developed using machine learning relying on
minimal input; for example the system’s input and out-
put parameters. However, AI requires constant learning as
opposed to other modeling approaches where exact or ap-
proximate models of the system can be developed once and
used for dynamic adaptation.

Queuing Networks (QN) models computer systems as a
network of queues. Analytical QN models are simple and
more intuitive than Control Theory and AI models, and
work well with autonomic controllers. However, QN models
require a priori knowledge of the hardware and software
configuration as well as of user behavior and patterns of
interaction between the users and the system.

The main obstacle to using queuing networks is the a
priori knowledge required of the system characteristics and

software behavior. This problem can be solved by automat-
ing the process of building analytical models to be used by
autonomic controllers.

2.3 Queuing Network Modeling

Queuing network modeling is a modeling approach in which
computer systems are modeled as a network of queues [7, 8,
9, 20]. Each queue represents customers (for example, end-
users or data processing requests) and devices (for example,
CPU, disk). QN models have two types of parameters: (1)
workload intensity, which can be measured by the number
of requests in the system (i.e., concurrency level) or by the
average arrival rate of requests; and (2) service demands,
which are the average total time needed to service a request
of a particular class for each of the system devices. Queuing
time is not included in the service demand.

Complex QNs represent multiple queues, where cus-
tomers may join another queue after being served at a pre-
vious queue within the network of queues.

2.4 Workload Characterization

Open queuing networks are used to model systems with
unbounded request arrival rates and unbounded numbers
of requests inside the system. The distribution of the time
between successive arrivals is used to characterize the work-
load, for example, exponential, hyper-exponential and Er-
lang distributions. Closed queuing networks, on the other
hand, are used to model systems with a known number of
requests, such as batch processing systems. When deal-
ing with independent transactions, we have to take into
account think time. For example, requests submitted to
Google search are considered independent of each other,
while session-based transactions, such as browsing and pur-
chasing products on an e-business site, such as Amazon, are
not independent. Statistical analysis is used to determine
the best-fit data distribution for arrival rates.

Another important aspect of system workload charac-
terization is whether or not requests have similar average
resource consumption times. Workloads that receive trans-
action requests with similar CPU and I/O resource needs
can be grouped into a single class. Workloads can be cat-
egorized as single-class or multi-class using data clustering
methods.

Data Clustering is a method by which observed data
is divided into homogeneous groups (clusters) in order to
minimize variability within the observed data. The result-
ing groups of observations would tend to exhibit similar
characteristics, and consequently, can be classified accord-
ing to those common characteristics in multi-class queuing
networks.

Another useful technique for characterizing workload is
Customer Behavior Model Graph (CBMG) [17, 18], which
is used to perform clustering at the user session level. This



clustering is then used to produce the average number of
visits to each application module, and consequently, the
service demands per application module.

3 Framework
We begin by presenting our proposed framework for dy-

namically inferring analytical performance models within
the context of the MAPE-K loop of autonomic systems.
The framework consists of the following components as il-
lustrated in figure 1

1. Monitoring: In this step, software probes or agents
are deployed to monitor performance at different levels
of the system architecture. Performance-related data
is collected from networks and operating systems as
well as application and server logs. Examples include
web server logs and database access logs.

2. Analysis: The Workload Model Analyzer tries to glean
and extract possible performance model input param-
eters, such as arrival rates, various response times and
other metrics by parsing server logs and hardware re-
source utilization logs.

(a) Statistical Analysis is performed in order to de-
termine the best-fit data distribution for arrival
rates and service times. This would narrow down
the possible analytical models to choose from be-
fore performing any data clustering or applica-
tion behavior analysis. For example, exponen-
tially distributed inter-arrival times would indi-
cate the possibility of a single M/M/1 or M/G/1
queuing model. Similarly, discovering multi-core
processors, multi-thread software processes or mul-
tiple hard disk mount points would favor an M/M/c
or M/G/c model.

(b) Data Clustering is a method by which observed
data is divided into relatively homogeneous groups
(clusters) in order to minimize variability within
the observed data [1]. The resulting groups of
observations would tend to exhibit similar char-
acteristics, and consequently can be classified ac-
cording to those common characteristics in multi-
class queuing networks.

(c) Application Behavior Analysis is used to draw cer-
tain conclusions regarding user behavior as well
as application behavior. An example of the lat-
ter is determining whether the application sys-
tem exhibits the characteristics of an open or a
closed queuing network. An application system
whose logs show the same processes running con-
currently according to a preset schedule would
indicate a closed queuing network. On the other
hand, application server logs that show multiple

on-line users using random IP addresses access-
ing various web pages in a certain order would
indicate an open queuing network. Application
Behavior Analysis can also be used to develop a
Customer Behavior Model Graph (CBMG), which
is used to perform clustering at the user session
level [17]. This clustering is then used to project
the average number of visits to each application
module, and consequently, the service demands
per application module.

3. Analysis: The Performance Model Analyzer is an ex-
tension of the MAPE-K loop Analysis phase, which
focuses on finding the best-fit analytical performance
model given the results produced by the Workload
Model Analyzer. The Performance Model Analyzer
includes a comprehensive repository of performance
models and their characteristics. This Analyzer’s job
is to compare the observed features of the application
system with the available performance models in the
repository. It will then associate the best-fit analytical
performance model with the corresponding application
model, and pass on that information to the Adaptation
Planner. The Performance Model Analyzer carries out
the following steps:

(a) Model Definition: Gather statistical analysis re-
sults from the Workload Model Analyzer and de-
cide whether the system should be modeled as
single or multiple queues (QN), single-class ver-
sus multi-class performance model, or single request-
reply vs. session-based workload.

(b) Model Parameterization: as described later in
section 4.

(c) Model Validation: Run the selected performance
model using different parameters and compare
results with application log data sets captured at
different times, as described later in section 4.

4. Planning: The Adaptation Planner uses the selected
performance model and its input parameters to pro-
duce adaptation plans in order to maintain compliance
with SLAs or respond to future resource needs.

5. Execution: The Effector’s job is to implement the
adaptation plans by scaling up or down hardware or
software resources as needed. Additionally, the Work-
load Model Analyzer should have the ability to deter-
mine within a certain threshold that changes to the
application environment or application behavior (ob-
served in the sensor data) would call for another round
of statistical analysis, data clustering and application
behavior analysis.



Figure 1: Automatic Model Identification Framework

When implementing the Workload Model Analyzer and
Performance Model Analyzer, it is important to determine
the sufficient level of abstraction needed when producing
the analytical model. For example, when detailed system
and application logs are unavailable to the analyzers, this
indicates the need for a higher level of system abstraction
and, consequently, a much less accurate performance model
representing the real system. Our multi-layered approach
for workload analysis and model generation takes into ac-
count the availability of system monitoring logs and the
level of accuracy needed for the system being modeled (see
Figure 2.)

At the highest level, systems are viewed as black boxes,
where only input and output parameters are known. Model
accuracy is verified by comparing the results of the Com-
puted Model (CM) with the actual system. If the error level
stays below a certain tolerance value, it means the model
is accurate enough and we have reached the optimal level
of granularity given the agreed upon QoS or the system
complexity and its resource consumption levels.

At the next level of granularity (abstraction), systems
are viewed as “gray boxes”, where some limited information
is available regarding the system architecture or hardware
configuration. For example, we may know the number of
tiers in a multi-tier architecture and even the number of
servers per tier. Lower granularity levels incorporate in-
ferred knowledge about application behavior, user behavior
and software architecture from application and system logs.

Our proposed approach is driven by the fact that de-
veloping accurate performance models is costly and time-
consuming. Even automated performance model genera-

tion using QN models, simulation techniques or Artificial In-
telligence learning techniques takes a considerable amount
of time and computing resources. Therefore, the availabil-
ity of detailed system architecture and design and usage
logs may not justify the time and cost associated with de-
veloping a more detailed performance model when a higher
level of granularity is adequate.

In the next section, we tackle the gray box level, where
input and output parameters (namely arrival rates and re-
sponse times) are known, but where minimal information
about the system architecture is available. The perfor-
mance model parameters are dynamically adjusted using
a QN parameter estimator and the model is recalibrated
when its response time deviates from the response time of
the real system beyond a certain tolerance level.

4 Methodology
As discussed before, the black box approach for analyt-

ical modeling assumes no knowledge of the internal system
architecture or application behavior, and therefore, tends to
be modeled using a single queue, such as M/M/1, M/G/1,
or G/G/1 (approximation only) depending on the distribu-
tion of inter-arrival times and the distribution of service
times. On the other end of the spectrum, a white box
approach is generally used by performance engineers with
detailed knowledge of internal system architecture and be-
havior and detailed logs of response times and queuing de-
lays for the various hardware and software components.

Although the detailed knowledge needed for the white
box modeling approach may not be readily available, mod-
ern computer systems offer basic monitoring tools capable
of tracking input parameters and output parameters, such



Figure 2: Multi-Layered Approach

as transaction arrival and departure rates as well as the
time taken to process each transaction. These tools are
currently available in most web servers, operating systems,
and virtualization software.

Figure 3 demonstrates the problem we address in this
section. In order to derive an analytical model that approx-
imates the structure and behavior of the real system (the
actual system in Fig. 3) , we treat the system as a“gray
box,” where some information about the internal structure
of the system is known, such as number of tiers in a multi-
tiered system, along with input and output parameters. The
QN Parameter Estimator takes average arrival rates λ (in-
put) and average response times of the Actual System (AS)
TAS (output) and establishes a relationship between them
in order to estimate the parameters of the Computed QN
Model (CM). We formulate the relationship between the
input and output parameters as a non-linear optimization
problem that can be solved using a non-linear solver.

After parameterizing the Computed QN Model, the be-
havior of the actual system and the corresponding QN model
need to be compared frequently to ensure that the QN
model accurately represents the actual system. This is im-
portant if the model is to produce accurate performance
prediction. This comparison process is depicted in Figure 4,
where the observed response time, TAS , of the actual sys-
tem and the computed response time, TCM , of the Com-
puted QN Model are compared for the same arrival rate.
The accuracy of the response time of the CM compared to
the observed response time of the actual system is the issue
we address in this section.

In our experiments, we focus primarily on a typical on-

Figure 3: Parameterizing the Computed QN Model

line e-commerce multi-tier application systems, where trans-
actions are processed by one of several servers at each tier
and passed on to the next tier. However, our approach can
be applied to a wide variety of architectures and application
systems.

Figure 5 shows a sample computed QN Model that can
be used to represent an actual system with a 3-tier ar-
chitecture. We use this architecture to demonstrate our
approach and experimental results. The number of tiers is
used in our approximation formulas to derive the arrival and
departure rates of each server within each tier and for de-
termining the level of parallelism in the CM. However, our
approach applies to any number of tiers since this number
can be passed as a parameter to the performance model
parameter estimator.

In this architecture, transactions are submitted to the
web server tier, which may consist of a number of servers



Figure 4: Maintaining the Accuracy of the Computed
QN Model

that are load-balanced. Transactions are passed from the
web server tier to the application server tier, which may
also consist of a number of load-balanced servers. If the
transaction needs to access the database, it will be passed
on to the database server tier, which will process the trans-
action and return the results back to the application server
tier and then to the web server tier.

Figure 5: Computed QN Model Topology in a 3-tier Ar-
chitecture

We assume that we know the number of tiers, but we
assume that we do not know the number of servers in each
tier, their internal components, nor the service demands
at these components for each transaction class. We use
Seidmann’s approximation [23] to model the multiple-server
queues in this QN. This approximation replaces a multiple-
server queue by a sequence of a delay device and a load-
independent queuing device with properly adjusted service
demands, as shown in Figure 6. Instead of using Seidmann’s
approximation, one could use a queue with load-dependent
service rates. However, this would make the optimization
model less tractable.

Before we define the problem of obtaining the service
demands for the CM, some definitions are in order. Let
DCM
w,r , D

CM
a,r , D

CM
db,r ∀ r be the service demands at the CM

at the web server, application server, and database server
tiers, respectively, for all classes r. These service demands
are stored in the matrix DCM where the columns correspond
to the classes and the rows to the web server, application

Figure 6: Seidmann’s Approximation

server, and database server. Let ~N = (Nw, Na, Ndb) be
the vector that specifies the number of web servers, appli-
cation servers, and database servers, respectively. Also, let
~λ = (λ1, · · · , λR) be the vector of arrival rates for classes
1, · · · , R.

The optimization problem is then: find the service de-
mands in DCM that minimize MAXDIFF, defined as the
maximum value of the absolute differences between the re-
sponse times of the actual system and that of the computed
model.

The optimization problem is subject to the following
intuitive constraints:

1. All service demands must be non-negative

2. The response time of each class must be at least equal
to the sum of all service demands at all tiers for trans-
actions of that class (this is the zero congestion case).

3. The utilization of the web server tier, application tier,
and database tier have to be less than 100%.

4. The function used to compute TCM
r as a function of

~λ, ~N , and the service demands in DCM is:

TCM
r = Tw,r + Ta,r + Tdb,r where

Tw,r = DCM
w,r

Nw−1
Nw

+
DCM

w,r/Nw

1−
∑R

r=1
λrDCM

w,r/Nw

,

Ta,r = DCM
a,r

Na−1
Na

+
DCM

a,r /Na

1−
∑R

r=1
λrDCM

a,r /Na

, and

Tdb,r = DCM
db,r

Ndb−1
Ndb

+
DCM

db,r/Ndb

1−
∑R

r=1
λrDCM

db,r
/Ndb

This non-linear optimization problem can be solved us-
ing any available non-linear solver. We used Microsoft’s
Excel Solver Add-in, which uses the Generalized Reduced
Gradient (GRG2) optimization method.

Solving this optimization problem provides the neces-
sary service demands needed to solve the QN model given
the arrival rates measured in the actual system. Given a
certain threshold ε for the maximum percent absolute rela-
tive difference (MPARD) between the actual response time
and that predicted by the computed model, the process of



recomputing the service demands DCM should be repeated
when the MPARD exceeds the threshold. Therefore, the
computed model may have to be re-calibrated when

MPARD =
R

max
r=1
{| (TAS

r − TCM
r )/TAS

r × 100 |} > ε. (1)

The computed model may have to be re-calibrated ac-
cording to the continuous process below.

Step 0 - Initialization: Starting ← True

Step 1: Collect arrival rate (~λ) and response time (TAM
r )

measurements from the real system.

Step 2: If the arrival rates have not changed significantly
since the last measurements were taken go to Step 1.

Step 4: If Starting, then run the optimizer to solve the
optimization problem described above and obtain ~DCM;
Starting ← False

Step 5: Run the CM and compute response times using
the computed model: TCM

r = fr(~λ, ~N, ~D
CM) for r =

1, · · · , R;

Step 6: If MPARD = maxRr=1{| (TAM
r − TCM

r )/TAM
r ×

100 |} > ε, run the optimizer to solve the optimization

problem described above and obtain ~DCM;

Step 7: Go to Step 1

To validate the proposed approach on a real system we
used the Apache OFBizTMERP system, which is an open
source enterprise automation software from Apache and in-
cludes an ERP (Enterprise Resource Planning) application,
a CRM (Customer Relationship Management) application,
an E-Commerce application and an SCM (Supply Chain
Management) application among many other business ap-
plications. We also used Apache JMeterTM to generate
various workloads. OFBizTMwas installed on two load-
balanced Apache Tomcat servers with two load-balanced
MySQL database servers, and a single Apache web server
receiving JMeter requests and routing these requests to the
load-balanced OFBizTMTomcat servers, as shown in Fig-
ure 7.

Figure 7: OFBizTMExperimental Environment

Figure 8 shows the results obtained when the number of
servers per tier is static (1 web server, 2 OFBizTMTomcat
application servers and 2 MySQL database servers) and the
recalibration threshold is set to 25%. In this case, the CM
closely predicted the OFBizTM response time within the re-
calibration threshold, and only needed six model calibra-
tions before system resource saturation.The variation in re-
sponse time between the actual system and the computed
model tends to diverge faster as system resources are close
to saturation, as expected.

Figure 9 shows the results obtained when the number
of servers per tier is variable, i.e., it is assumed to be un-
known. This test case investigates the ability of our ap-
proach to infer more information about the system archi-
tecture components by predicting the optimal number of
servers per tier that should be used in the CM to accurately
represent the actual system. In this experiment, the opti-
mizer was used to perform six model calibrations for the
CM, and predicted the following number of web servers,
application servers and database servers for each of the six
calibrations, respectively: (1,1,2), (1,2,3), (1,2,3), (2,2,2),
(2,2,2), (1,2,2), (1,1,2).

5 Related Work
Some of the prior work that tackled the parameteri-

zation of analytical models includes [2, 3, 4], where the
problem of estimating known model parameters is treated
as an optimization problem that is solved using derivative-
free optimization. The objective function to be optimized is
based on the distance between the observed measurements
and the corresponding points derived from the model. The
authors point out that the main problem is determining
how to couple these two sets of points in order to arrive
at an objective function to be minimized. The proposed
approach is applied to a small set of single queue models.

Menascé tackled the issue of model parameterization
when some input parameters are already known [21]. The
author proposed a closed-form solution for the case when a
single service demand value is unknown, and a constrained
non-linear optimization solution when a feasible set of ser-
vice demands are unknown. However, he did not propose
a solution when none of the service demands are known a
priori.

In [14], the authors presented a survey of performance
modeling approaches focusing mainly on business informa-
tion systems. The authors described the general activities
involved in workload characterization, especially estimating
service demands, and the various methods and approaches
used to estimate it. Some of these methods include gen-
eral optimization techniques, linear regression, and Kalman
filters.

The work in [1] used Kalman filters to estimate resource
service demands for the purpose of system performance
testing. The authors attempted to find the workload mix



Figure 8: Static N - Top: MPARD vs. Arrival Rate.
Middle: Class 1 Transactions. Bottom: Class 2 Trans-
actions. ε = 25%.

that would eventually saturate a certain system resource
in a test environment in order to determine the system’s
bottlenecks.

The work in [15, 24, 25] addressed the problem of esti-
mating model parameters in highly dynamic autonomic en-
vironments in which Service Level Agreements (SLAs) (in
the form of QoS) have to be maintained while offering opti-
mal use of data center resources. The authors proposed the
use of a model-based estimator based on extended Kalman
filters, where the current state depends on prior knowledge
of previous states. Our approach, on the other hand, relies
on solving an optimization problem where only the current
input and output values are known and where the decision
to recalibrate only depends on the level of divergence be-
tween observed measurements and model estimated mea-
surements.

Figure 9: Variable N - Top: MPARD vs. Arrival Rate.
Middle: Class 1 Transactions. Bottom: Class 2 Trans-
actions. ε = 25%.

5.1 Performance Modeling

In [16], the author used a black box approach to illustrate
the existence of a modeling shortcut that can be used to
describe the system even when its internal structure is un-
known. Instead of describing the behavior of a queuing sys-
tem using Response Time versus Average Utilization graph,
the author proposes the use of a system map, which shows
Service to Response Time ratio versus Average Utilization.
The system map graph is generic and applies to any system.
Such graph can be produced using the general formula
M = 1 − ρc. This formula can be used to estimate the
shape of the system map of any queuing system even if only
one point on the map is provided. c in the formula above
represents the number of servers in the system. Therefore,
given some measurable performance parameters (e.g., uti-
lization and response time), the number of servers c can be



estimated by obtaining a curve that passes through a par-
ticular point on the system map graph. The author offers a
method for estimating the system utilization (ρ) when the
number of servers c and average number of outstanding
requests are known. Using the system map equation above
and Little’s law, the utilization is bounded from above by
nine values, which include the asymptotic value when c =
1, and eight values that approximate the utilization around
the knee of the system map.

In [10], the authors introduced a method for perfor-
mance parameter estimation using Kalman filters and Layer
Queuing Models. They used a clustering algorithm to de-
termine the optimal number of classes such that the LQN
closely tracks the behavior of the real system.

In [12], the authors presented an on-line workload clas-
sification mechanism for optimized forecasting method se-
lection. Based on the level of overhead (noise level) pre-
sented in the various time-series-based workload classifica-
tion methods, the proposed mechanism dynamically selects
the appropriate method using a decision tree. The decision
tree takes into accounts user specified forecasting objec-
tives. The approach presented in this paper can be com-
bined with our proposed framework to forecast future arrival
rate for better workload clustering and model derivation.

A similar objective is addressed in [11] where the au-
thors proposed a trace-based approach for capacity man-
agement. Workload pattern analysis uses a pattern recog-
nition step and quality and classification step, which mea-
sure the difference between the current workload and the
pattern, computed as the average absolute error. The au-
thors also presented a process for generating a synthetic
trace to represent future workload demands.

In [22], the authors presented three service demand es-
timation methods (RPS, MLPS and MINPS) for multi-
threaded applications. RPS is used in single-processor sys-
tems, MLPS is used in multi-processor systems and MINPS
consolidates both methods. Both RPS and MLPS methods
over-estimate the service demand in the type of workload
they handle. MINPS runs both methods and chooses the
method that produces the smaller estimated mean service
time.

6 Conclusions
We have presented a framework for the dynamic deriva-

tion of analytical performance models in autonomic com-
puting environments. The framework includes a multi-
layered approach for workload analysis and performance
model generation and parameterization. The approach takes
into consideration the availability of system monitoring logs
and the balance between producing costly but accurate per-
formance models versus sufficient levels of model accuracy
even when detailed system monitoring logs are available.
We focused on the “gray box” level of this framework and
presented an approach for deriving Queuing Network (QN)

models where input parameters (e.g., arrival rates) and out-
put parameters (e.g., average response time) are known.
In addition, the approach utilizes some basic information
about the system architecture, most of which can be easily
obtained using high-level monitoring tools readily available
in cloud environments, such as the number and function
of each layer in a multi-tiered system (but not necessar-
ily the number of servers of each tier). The derived QN
model, which we call the Computed Model (CM), closely
approximates the actual computer system. The CM is ob-
tained by solving a non-linear optimization problem. The
results showed that the CM is quite robust and has predic-
tive power over a wide range of input values. The ability
of the CM to model the number of servers per tier of a
multi-tier system is of a particular interest since it proves
the ability of the CM to model system components previ-
ously unknown to it by knowing only the input and output
parameters of a real information system, such as Apache
OFBizTM .

For future work, we are looking into implementing the
workload behavior analyzer by studying the impact of dy-
namic clustering on the ability of the performance model to
accurately predict the performance of the real system. We
also plan to implement behavioral analysis techniques, such
as CBMG, which is used to produce more accurate service
demands per application module.
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