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ABSTRACT
There are many application classes where the users are flexible with
respect to the output quality. At the same time, there are other con-
straints, such as the need for real-time or interactive response, which
are more crucial. This paper presents and evaluates a runtime algo-
rithm for supporting adaptive execution for such applications. The
particular domain we target is distributed data mining on streaming
data. This work has been done in the context of a middleware system
called GATES (Grid-based AdapTive Execution on Streams) that we
have been developing.

The self-adaptation algorithm we present and evaluate in this paper
has the following characteristics. First, it carefully evaluates the long-
term load at each processing stage. It considers different possibilities
for the load at a processing stage and its next stages, and decides if the
value of an adaptation parameter needs to be modified, and if so, in
which direction. To find the ideal new value of an adaptation parame-
ter, it performs a binary search on the specified range of the parameter.

To evaluate the self-adaptation algorithm in our middleware, we
have implemented two streaming data mining applications. The main
observations from our experiments are as follows. First, our algorithm
is able to quickly converge to stable values of the adaptation param-
eter, for different data arrival rates, and independent of the specified
initial value. Second, in a dynamic environment, the algorithm is able
to adapt the processing rapidly. Finally, in both static and dynamic en-
vironments, the algorithm clearly outperforms the algorithm described
in our earlier work and an obvious alternative, which is based on linear-
updates.

1. INTRODUCTION
In recent years, there has been much interest on adaptive or auto-

nomic computing. Adapting applications or programs has been stud-
ied by many, and a variety of solutions have been proposed, including
those through new algorithms [17], runtime/middleware [14, 5, 3, 27],
and language/compilers [12, 9, 11].

There are many application classes where the users are flexible with
respect to the output quality. At the same time, there are other con-
straints, such as the need for real-time response, or limit on the con-
sumption of certain resources, which are more crucial. For example,
while visualizing simulation data, the output can be viewed at different
granularity, i.e, the output image can be � � � � � � � , � � � � � � � � � , or

� � � � � � � � � , etc. While it is preferable to view the image at the finest
level, constraints such as the need for real-time response or interactiv-
ity could be more important. Examples of applications where the users
can have some flexibility in the output arise in multimedia (including
video/audio streaming applications), image processing, scientific visu-
alization, and data mining/analysis on simulation data.

This paper presents and evaluates a runtime algorithm for supporting
adaptive execution. The particular domain we target is distributed data
mining on streaming data. This work has been done in the context of
a middleware system called GATES (Grid-based AdapTive Execution
on Streams) that we have been developing [7]. GATES system has
been designed to support processing of distributed data streams in a
wide-area environment.

In the stream model of processing, data arrives continuously and
needs to be processed in real-time, i.e., the processing rate must match
the arrival rate. In view of this, an important goal of the GATES system
is to allow the most accurate analysis, while still meeting the real-time
constraint. To enable this, application developers can expose one or
more adaptation parameters, along with a range of their acceptable
values. A higher (or lower) value of the adaptation parameter results
in more accurate but slower processing. Thus, the goal of the system
is determine the highest (or the lowest) value of the parameter which
can still meet the real-time constraint. Moreover, the environment for
processing the data streams can be dynamic, i.e., data arrival rates,
and/or the available network bandwidth or CPU cycles can vary over
time. In such cases, the system should be able to adjust adaptation
parameters dynamically. Such functionality is achieved through a self-
adaptation algorithm.

The self-adaptation algorithm we present and evaluate in this paper
has the following characteristics. First, it carefully evaluates the long-
term load at each processing stage. It consider different possibilities
for the load at a processing stage and its next stages, and decides if the
value of an adaptation parameter needs to be modified, and if so, in
which direction. To find the ideal new value of an adaptation parame-
ter, it performs a binary search on the specified range of the parameter.

To evaluate the self-adaptation algorithm in our middleware, we
have implemented two streaming data mining applications. These are,
clustering evolving data streams [1], and finding frequent items in dis-
tributed data streams [18]. GATES’ support for specifying and de-
ploying the processing as a series of stages simplifies the development
of these streaming data mining applications. Moreover, we also show
how each of these applications naturally has an adaptation parameter,
which allows a trade-off between accuracy and processing rate.

We have evaluated our self-adaptation algorithm extensively using
these two applications. The main observations from our experiments
are as follows. First, our algorithm is able to quickly converge to stable
values of the adaptation parameter, for different data arrival rates, and
independent of the initial value that is specified. Second, in a dynamic
environment, the algorithm is able to adapt the processing rapidly. Fi-
nally, in both static and dynamic environments, the algorithm clearly
outperforms the algorithm described in our earlier work [7], and an
obvious alternative, which is based on linear-updates.
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2. OVERVIEW OF THE GATES SYSTEM
This section describes the motivation and the major design aspects

of the GATES system.

2.1 Motivation
Increasingly, a number of applications across computer sciences and

other science and engineering disciplines rely on, or can potentially
benefit from, analysis and monitoring of data streams. In the stream
model of processing, data arrives continuously and needs to be pro-
cessed in real-time, i.e., the processing rate must match the arrival rate.
There are two trends contributing to the emergence of this model. First,
scientific simulations and increasing numbers of high precision data
collection instruments (e.g. sensors attached to satellites and medical
imaging modalities) are generating data continuously, and at a high
rate. The second is the rapid improvements in the technologies for
Wide Area Networking (WAN), as evidenced, for example, by the Na-
tional Lambda Rail (NLR) effort and the interconnectivity between the
TeraGrid and Extensible Terascale Facility (ETF) sites. As a result, of-
ten the data can be transmitted faster than it can be stored or accessed
from disks within a cluster.

The important characteristics that apply across a number of stream-
based applications are: 1) the data arrives continuously, 24 hours a day
and 7 days a week, 2) the volume of data is enormous, typically tens
or hundreds of gigabytes a day, and the desired analysis could also
require large computations, 3) often, this data arrives at a distributed
set of locations, and all data cannot be communicated to a single site,
4) it is often not feasible to store all data for processing at a later time,
thereby, requiring analysis in real-time.

We briefly describe two representative examples. The first applica-
tion we consider is online network intrusion detection, which is a crit-
ical step for cyber-security. Online analysis of streams of connection
request logs and identifying unusual patterns is considered useful for
network intrusion detection [10]. To be really effective, it is desirable
that this analysis be performed in a distributed fashion, and connection
request logs at a number of sites be analyzed. Large volumes of data
and the need for real-time response make such analysis challenging.
The second example is computer vision based surveillance. Multiple
cameras shooting images from different perspectives can capture more
information about a scene or a set of scenes. This can enable tracking
of people and monitoring of critical infrastructure [4]. A recent report
indicated that real-time analysis of the capture of more than three dig-
ital cameras is not possible on current desktops, as the typical analysis
requires large computations. Distributed and grid-based processing
can enable such analysis, especially when the cameras are physically
distributed and/or high bandwidth networking is available.

We view the problem of flexible and adaptive processing of dis-
tributed data streams as a grid computing problem. We believe that
a distributed and networked collection of computing resources can be
used for analysis or processing of these data streams. Computing re-
sources close to the source of a data stream can be used for initial
processing of the data stream, thereby reducing the volume of data that
needs to be communicated. Other computing resources can be used for
more expensive and/or centralized processing of data from all sources.
Because of the real-time requirements, there is a need for adapting the
processing in such a distributed environment, and achieving the best
accuracy of the results within the real-time constraint.

2.2 Key Goals
There are three main goals behind the design of the system.

1. Enable the application to achieve the best accuracy, while main-

taining the real-time constraint. For this, the middleware allows
the application developers to expose one or more adaptation pa-
rameters at each stage. An adaptation parameter is a tunable pa-
rameter whose value can be modified to increase the processing
rate, and in most cases, reduce the accuracy of the processing.
Examples of such adaptation parameters are, rate of sampling,
i.e., what fraction of data-items are actually processed, and size
of summary structure at an intermediate stage, which means how
much information is retained after a processing stage. The mid-
dleware automatically adjusts the values of these parameters to
meet the real-time constraint on processing. This is achieved
through a self-adaptation algorithm, which is also the focus of
this paper.

2. Support distributed processing of one or more data streams, by
facilitating applications that comprise a set of stages. For an-
alyzing more than one data stream, at least two stages are re-
quired. Each stage accepts data from one or more input streams
and outputs zero or more streams. The first stage is applied near
sources of individual streams, and the second stage is used for
computing the final results. However, based upon the number
and types of streams and the available resources, more than two
steps could also be required. All intermediate stages take one
or more intermediate streams as input and produce one or more
output streams. GATES’s APIs are designed to facilitate speci-
fication of such stages.

3. Enable easy deployment of the application. This is done by sup-
porting a Launcher and a Deployer. The system is responsible
for initiating the different stages of the computation at different
resources. The system also allows the use of existing grid infras-
tructure. Particularly, the current implementation is built on top
of the Open Grid Services Infrastructure (OGSI) [13], and uses
its reference implementation, Globus Toolkit (GT) 3.0.

3. SELF-ADAPTATION ALGORITHM
This section describes the self-adaptation algorithm we have imple-

mented and evaluated in the GATES system. As we stated in the pre-
vious section, the goal of this algorithm is to modify the value(s) of
adaptation parameter(s) at runtime, so as to achieve highest level of
accuracy while still meeting the real-time constraint. While the basic
framework and some of the metrics used are identical to the adaptation
algorithm presented in our earlier work [7], the algorithm presented
here is distinct in the following ways. First, it systematically considers
different possibilities at a particular stage and its successor. Second,
this algorithm does not require that certain functions and parameters
be tuned for a particular application. Finally, it is able to converge to a
stable value of the adaptation parameter faster.

3.1 Background
An application built on the GATES middleware comprises a set of

pipelined stages. By modeling every stage as a server and viewing the
input buffer of a stage as a queue of the server, we can get a queu-
ing network model of the system. As an example, the model of an
application with three stages is shown in Figure 2.

GATES applications are required to use a specific API to expose



Symbols Definition
Variables�

Current length of the queue��
Average of the

�
values in recent times��

Long-term average queue size factor� �
The number of times system was over-loaded� �
The number of times system was under-loaded� The difference in the number of times system was
recently under/over-loaded	 �
Functions reflecting queue’s long-term load	 � � 	 

Functions reflecting queue’s recent load�
Adaptation parameter for a server

Constants�
Learning rate for

���
Window size�
Expected length of the queue�
Capacity of the queue� � � � � � � 

Weights to

	 � � 	 � � 	 

, respectively� �

Maximum (Minimum) threshold for the load

Figure 1: Summary of Symbols Used
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Figure 2: A Queuing model of an Application with Three Stages

adaptation parameters. Specifically, the function

specifyPara(init value, max value,min value, incre or decre)

is used to specify an initial value and a range of acceptable values of an
adaptation parameter, and also state whether increasing the parameter
value results in faster or slower processing.

Assume that the data arrives at a server in fixed-size packets. Let the
average data arrival rate be denoted by � . The rate at which the server
is able to consume the packets is denoted by � . If we have flexibility
in controlling the accuracy of the analysis, our goal is to adjust the
parameters to maintain a good balance between � and � . Clearly, if� � � , the queue will saturate, and real-time constraint on processing
cannot be met. In this case, we need to slow-down the processing
that is performed by the sending server, i.e., make the processing more
accurate. Alternatively, we can increase the rate of processing at the
current server, possibly losing some accuracy. If � is much lower than� , we are under-utilizing the current server. In this case, we can speed
up the processing at the sending server.

As � and � cannot be determined at any given instance, we focus on
the current length of the queue, which is indicative of the ratio between
the two. Our objective is to keep the average queue size within an
interval between the two pre-defined thresholds. This goal could be
achieved by dynamically adjusting the processing rates of the current
and the preceding server. This, in turn, can be done by properly tuning
the value of adaptation parameters.

Overall, there are two challenges in the algorithm. The first chal-
lenge is to correctly weigh in the recent as well as long-term behav-
ior of the queue. For this purpose, we introduce a long-term average
queue size factor, denoted by

��
. The other challenge is to promptly

have the adaptation parameter converge to an ideal value. This will al-

low the algorithm to be sensitive to a varying environment. The main
two steps of the algorithm, evaluating

��
, and adjusting parameters, re-

spectively, overcome these two challenges. The list of terms used in
our algorithm is listed in Figure 1.

Evaluating Long-Term Load: This calculation is based upon three
distinct load factors and learning by weighing these factors. These
three load factors are denoted by

	 �
, and

	 �
and

	 

, respectively.	 �

focuses on long-term load and is computed as follows. If the
current length of the queue,

�
, is larger or less than some thresholds,

we say that the queue is over or under-loaded. From the start of the
system,

� �
is the number of times the system was found to be over-

loaded and
� �

is the number of times the system was found to be under-
loaded.

� �
and

� �
describe the long-term behavior of the system. We

compute
	 �

as follows.

	 � � � � � � � " # $% & ( * + ( -( * / ( - if
� � � 1 � � 4 5 "

5 if
� � � 1 � � # 5 "

The reason for choosing this expression is that even if
� �

and
� �

are
large, if they are very close, we believe that the system is properly
loaded from a long-term perspective.

To focus on the short-term behavior, we define the variable � and
��
.

We choose a window size
�

and record the last
�

times the system
was observed to be over or under-loaded. � is a variable that is in-
cremented by 1 for every occurrence of over-load within the window,
and decremented by 1 for every occurrence of under-load within this
window. Thus, 7 � 7 9 �

. We compute
	 �

as follows.

	 � � � " # $;% ;& � < �= > = < A C D C F H- if
� 7 � 7 I# 5 "

5 if
� 7 � 7 # 5 "

We also use another short-term indicator, which is computed as fol-
lows.

��
is the average of the

�
values observed in recent times. Fur-

thermore,
�

is a user-defined expected length of the queue and
�

is
the capacity of the queue. Then, we have

	 
 � �� " # $% & LM + OO if
�� � �

LM + OP + O if
�� R �

The range of values of
	 T � V # W � X � Y "

is [ ] W � W _ . Moreover, the
closer 7 	 T 7 is to 1, it is more likely that the unit is over or under-loaded.
Now, we can use the following equation to calculate

��
.

�� # � < �� 1 � W ] � " < � � � < 	 � � � � � � � " 1
� � < 	 � � � " 1 � 
 < 	 
 � �� " "

Here,
� � � � � � � 


are the factors that give weight to
	 �

,
	 �

, and
	 


,
respectively, and satisfy the constraint

� � 1 � � 1 � 
 # W . Moreover,5 � � � W is a pre-defined learning rate which helps remove transient
behavior.

Similar to
	 T

,
�� c [ ] W � W _ , and the closer 7 �� 7 to 1, it is more likely

that the unit is having very high or low load. Particularly, when
��

exceeds the pre-defined interval [ ] � � � � � _ , the current server will be
thought of as being under-loaded or over-loaded. These load states
indicated by

��
are used to tune adaptation parameters.

3.2 New Algorithm and Parameter Adjustment



State Condition Adjustment Strategy
� �� �

� � � 
 � �� �
� � � 
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� �

and increase accuracy
� �� �

� � � 
 � � � 
 � �� �
� � 
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� �

and increase accuracy� �� �
� � � 
 � �� � � � 
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� �

and increase accuracy
� � � 
 � �� �
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 � �� �
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� �
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 � �� �
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 � � � 
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� �
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Figure 3: Summary of Load States

We now describe our new algorithm, focusing on how an adaptation
parameter is modified at runtime according to the evaluation of

��
. In

the following discussion, we specifically focus on the server � in Fig-
ure 2. The server � receives data from the server A and processes and
forwards data to the server � . There could be two types of adaptation
parameter

� �
at the server � . One is called performance parameter.

Incrementing its value results in increasing the processing rate, �
�

,
and decreasing the accuracy of the processing. Thus, a higher value
of

� �
will allow the server � to process the data faster. However,

this will also result in a higher load for the server � . Another type
of adaptation paramenter is accuracy parameter. Contrary to a per-
formance parameter, changing the value of an accuracy parameter can
contribute to the reverse impacts as we describe above. For simplicity,
our description of the algorithm assumes that the server � has a perfor-
mance parameter. We have considered both accuracy and performance
parameters in our experimental evaluation of the algorithm.

There are two main issues for the parameter adaptation component
of our algorithm. The first question is deciding when we should in-
crease or decrease

� �
, and when we should leave it unchanged. The

second question is deciding the new value of
� �

, when we need to
change the parameter. To answer the first question, we define the load
state for a given server.

DEFINITION 1. The load state for the server � , denoted by �
�

, is
based on the tuple

� �� � � �� � �
. Particularly, we consider three possibil-

ities for each of
�� �

and
�� �

, which are,
��

� � � 

, � � 
 � ��

� � 

or

�� � � 

. Thus, there are nine distinct load states for a server.

The nine possible load states are shown in Figure 3. Among these
states, we consider � ! , � " and � $ convergent states. Each of the other
6 states is considered non-convergent. In a convergent state, there is
no need to modify the adaptation parameter at the server � , whereas
in a non-convergent state, the parameter

� �
needs to be modified.

The action taken by our algorithm in each of these cases is shown
in Figure 3. We now explain the rationale for the strategy for different
cases.

Initially, we consider states � %
, � &

, and � '
. These three states are

common in the fact that the server � is underutilized. In such a case,
we can improve the accuracy of processing at the server � , irrespective
of the state of the server � . Note that in a streaming environment, the
data arrival rate at the first stage cannot be modified. Thus, for each of
the subsequent stages, our goal is to be able to achieve highest possible
accuracy, without making them the bottleneck.

Next, let us consider the convergent states, which are � ! , � " and
� $ . When the server B’s state is � ! , it implies that the server B’s load

is within the desired range, whereas, the server C is under-utilized. In
such a case, the server � does not need to make any change. Note,
however, that the same algorithm is applied on the server � also, and
in this case, server � can increase the accuracy of the processing, if
it has a parameter to modify. In the state � " , the load at both � and

� is in the desired range, so clearly, no changes are required. The
last convergent state is � $ . In this state, the server � is overloaded,
but the server � is not underloaded. Thus, increasing the processing
rate at the server � can make � overloaded, which is not desirable.
Thus, the server � does not make a change. Again, note that the same
algorithm is being applied at the server ( , and if possible, server (
should decrease the rate at which it forwards data to the server � .

The three remaining states are � ) , � + and � , . In the state � ) , the
server � is overloaded. In this case, the server � will adjust to slow
down the rate at which it forwards the data to the server � . Note that
it may be possible for � to avoid the overload by adjusting a param-
eter locally, but the server � does not assume that such a parameter
exists. The action for the state � + is easy to explain. The server � is
overloaded, whereas the server � is underloaded. Thus, � needs to
increase the rate of processing. The state � , is quite challenging, as
both � and � are overloaded. In this case, the only likely acceptable
solution will be to have the server ( slow down the processing. To
facilitate this, the server � further slows down the processing. This
will reduce the load at � , but can increase the load at � . Since the
server ( views the load information at the server � , and not the server

� , this is most likely to create convergence.
The second important challenge for our algorithm is to determine

the new (higher or lower) value for
� �

, when a change in its value
is needed. There are several considerations that must be used. First,
the system should be able to converge to an ideal value for the adap-
tation parameters, i.e., the one which allows the best accuracy, while
still meeting the real-time constraint. Second, this convergence should
be achieved quickly. This is important for adapting in a dynamic envi-
ronment, and for avoiding loss of packets when buffer sizes are small.

One obvious way for adjusting parameters will be to use a linear
update algorithm, i.e., changing

� �
by a fixed value in each iteration.

As we will show through our experimental evaluation, this scheme has
the following shortcoming. If the amount of the change is large, the
system may never reach the ideal value. On the other hand, if the
amount of the change is small, a large number of iterations may be
required for convergence.

Therefore, we have designed a method which is similar to a binary
tree search. The overall algorithm is shown in Figure 4. Two vari-
ables, - / 1 2 3 5 7 �

/ 7
and

7 8 : ; 2 3 5 7 �
/ 7

, are used in the third step of the
algorithm. These define a range within which

� �
can be changed.



Algorithm getSuggestedPara()

1. //Calculate the tuple
��� �

= calcuateMyLongTermLoad();
next server = getMyFollowingServer();�� �

= next server.calcuateMyLongTermLoad();�
= (

�� �
,

�� �
)

2. Determine which load state
�

belongs to

3. //Update the adaptation parameter’s value
if the direction is ”do not change

� �
”�

// the current value of
� �

is � 
 �
do nothing�

if the direction is ”decrease
� �

”�
//The initial value of
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 � � 

is max value
 � � � � � � 
 � � 
 � � 
 �

� 
 � � � �  ! " $ % & � % ( %
* , .

! " $ % & � %/
�
if the direction is ‘increase

� �
’�

//The initial value of � � 2 � � � 
 � � 

is min value

� � 2 � � � 
 � � 
 � � 
 �
� 
 � � � �  ! " $ % & � % ( %

* , .
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�
4. return � 
 �

Figure 4: Self Adaptation Algorithm
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Figure 5: Communication Topology for the CluStream Applica-
tion

Their initial values are the minimum and the maximum values of the
adaptation parameter, which the GATES API requires from application
developers. These values are denoted as 4 � 5 � 
 � 7 � and 4 
 : � 
 � 7 � ,
respectively.

We proceed as follows. The current value is denoted as � 
 � . When
it is determined that

� �
should be decremented, the new range is

changed to < � � 2 � � � 
 � � 
 = � 
 � ? , and � 
 � is updated to the mid-point of
the new range. When it is determined that

� �
should be incremented,

the new range is < � 
 � = 
 � � � � � � 
 � � 
 ? , and again, � 
 � is updated to the
mid-point of the new range.

Therefore,
� �

will eventually converge to a value within the range
< 4 
 : � 
 � 7 � C 4 � 5 � 
 � 7 � ? , assuming that the environment is static.
In practice, our algorithm only requires between 3 and 5 steps to con-
verge in a static environment.

Finally, we consider a dynamic environment. An environment is
dynamic if the data arrival rate, available network bandwidth, and/or
CPU cycle availability is varying. In such a case, the algorithm needs
to be able to determine new ideal value. We modify the algorithm as
follows. We store all previous ranges in a stack. When

� �
needs to be

changed, and if current range is very small compared with the initial
range, the previous range is popped from the stack.

4. STREAMING DATA MINING APPLICATIONS
This section describes the two streaming data mining applications

that were used for our experimental study. We show how these appli-
cations can be developed and deployed using GATES system’s sup-
port. We also show how each of these applications naturally has an
adaptation parameter, which allows trade-off between processing rate
and accuracy.

The first application is clustering evolving data streams [1], and is
referred to as CluStream. Clustering involves grouping similar object
or data points from a given set into clusters. The particular problem
considered here is clustering data arriving in continuous streams, es-
pecially as the distribution of data can change over time.

The algorithm we consider [1] approaches the problem as follows.
The clustering process is divided into two major steps. The first steps
involves computing micro-clusters that summarize statistical informa-
tion in a data stream. The second step uses micro-clusters to compute
the final clusters.

This two-step clustering algorithm can be easily implemented using
the GATES middleware. Figure 5 shows the three stages that are used.
The first stage is simply the data source, which sends streaming data
to the second stage. The second stage computes micro-clusters. After
a certain number of data points have been processed, it sends the com-
puted micro-clusters to the third stage. The third and the final stage
then applies the modified E -means algorithm [1] to create and output
the final clusters. To make the system more efficient, the GATES trans-
mits data streams through TCP sockets and only uses SOAP messages
for stages to exchange load states.
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Figure 6: Communication Topology for the Dist-Freq-Counting
Application

Note that the final number of clusters desired is specified by the
user. However, the number of micro-clusters computed by the second
stage needs to be chosen by the algorithm. A larger number of micro-
clusters results in better accuracy in computing the final clusters. But,
the amount of computation at the second stage and the volume of com-
munication between the second and third stages are both directly pro-
portional to the number of micro-clusters. Thus, the number of micro-
clusters becomes an accuracy parameter for this application.

The second application we have studied finds frequent occurring
itemsets in a distributed data stream and is referred to as Dist-Freq-
Counting [18]. The problem is of finding frequently occurring item-
sets across a set of data streams. If the distribution of data across the
different streams is different, and if the communication bandwidth is
limited, this problem can be quite challenging.

The algorithm we consider is extention of a proposed algorithm for
finding frequent items from distributed streams [18]. The algorithm
addresses the problem stated above by arranging the nodes in a hierar-
chical structure. Figure 6 shows an example of such a structure. Each
monitor node � �

counts the frequencies of itemsets appearing in the
stream � �

, and periodically sends this information to its parent node,
which could be an intermediate node or the root node. Intermediate
nodes combine the frequency information received from their children
and pass them up to their parent node. Finally, the root node outputs
the itemsets whose frequencies exceed the specified support threshold

� .
To reduce communication loads, the monitor and intermediate nodes

should avoid sending less frequent itemsets over the links. Therefore,
the algorithm uses an error tolerance parameter � at every node, except
the data sources. Only the itemsets with frequency greater than this
parameter are forwarded to the next node.

The value of a tolerance parameter impacts both the processing rate

and the accuracy. With a higher value, we could miss itemsets which
may be frequent overall. With a lower value, the volume of commu-
nication can be increased. Generally, it is desirable that all nodes at
the same level use the same tolerance value, and the tolerance value
(frequency) is increased as we move closer to the root node.

In our implementation, we consider the tolerance parameter at the
monitor nodes as a performance parameter. This is because the com-
munication volume at this stage can be the highest, and therefore, the
tolerance parameter has the largest impact on the performance.

5. EXPERIMENTAL EVALUATION
This section presents results from a number of experiments we con-

ducted to evaluate our self-algorithm and the use of the GATES mid-
dleware for streaming data mining applications. Specifically, we had
the following goals in our experiments:

� Demonstrate that our self-adaptation algorithm is able to quickly
converge to the ideal value of the adaptation parameter, for dif-
ferent data stream arrival rates.

� Show that the algorithm is not sensitive to the initial value of
adaptation parameter.

� Show that how the algorithm is able to vary the value of an adap-
tation parameter as the execution environment changes dynami-
cally.

� Show that our algorithm is more efficient and effective than the
algorithm presented in our earlier work [7] and an obvious alter-
native, which involves the use of linear adjustments.

The experiments were conducted using the two streaming data min-
ing applications described in the previous section. For the CluStream
application, we used the KDD-CUP’99 Network Intrusion Detection
dataset. For Dist-Freq-Counting, we use a dataset generated by the
IBM data generator [2]. The average size of each transaction in this
dataset is 6.

5.1 Experimental Environment
For efficient and distributed processing of streaming data in a grid

environment, we need high bandwidth networks and a certain level of
quality of service support. Recent trends are clearly pointing in this di-
rection. However, for our study, we did not have access to a wide-area
network that gave high bandwidth and allowed repeatable experiments.
Therefore, all our experiments were conducted within a single linux
cluster. Each node in the cluster has a Pentium III 933MHz CPU with
512MB of main memory and 300GB local disk space, interconnected
with switched 100 Mb/s Ethernet. We sampled the queue loads every
50 ms and recalculate the values of the variables in Figure 1. Applica-
tion developers can specify those pre-defined constants in Figure 1 to
meet applications’ specific needs. For instance, if an application needs
a bigger buffer and the system can afford it, the developer can set

�
to a larger value. The developer could set

� �
larger than

� 	 � � �
if

they believe the application should focus on the system’s long term
behavior. In our experiments, we configured the parameter values as
indicated in the Figure 7.

We conducted 3 sets of experiments, which are described in the rest
of this section.

5.2 Convergence In a Static Environment
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Figure 8: Convergence Under Different Data Arrival Rates: CluStream Application (top two charts) and Dist-Freq-Counting (bottom two
charts)
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0.85

Figure 7: Parameter Values

Our first experiment demonstrated that the self-adaptation algorithm
can choose the ideal values for the adaptation parameters under differ-
ent data arrival rates, irrespective of the initial values of these parame-
ters.

For CluStream, we initialized the number of micro-centers to 20,
40, 80, and 110. The allowed range of this parameter was � 
 � � 
 
 � � .
We used one data source, and controlled the data arrival rate at the
second stage to be 50, 100, 200, and 400 Kbps, respectively. The
results from the cases where the number of micro-clusters was 20 and
80 are shown as top two charts from Figure 8. Let us consider the
first chart, where the initial values is 20. The value of the number
of micro-clusters converged to 110, 73, 44, and 20, for the four data
arrival rates we considered. The convergence occured in an average
of 5 steps, which corresponds to an average of 53 seconds. The X-
axis in this chart is the number of steps, which denotes the number
of invocations of the Algorithm shown in Figure 4. The results are
similar when the initial value is 80. A similar set of experiments were
also conducted using our second application, Dist-Freq-Counting. The
results are shown as the bottom two charts in Figure 8. We set the

range of � �
to be � � � � � � 
 � � � � � � � � . We set all monitor nodes to have

the same data arrival rate and then considered six different rates and
two different initial values. The algorithm converges in each of the
cases.

5.3 Adaptation in a Dynamic Environment
In this subsection, we show that our binary search based adaptation

algorithm can quickly adjust the value of an adaptation parameter in a
dynamic environment. Such dynamic adaptation may be needed if the
data arrival rate varies frequently, and/or if the available network band-
with or CPU cycles can vary. For our experiments, we only considered
variations in data arrival rates.

The two charts in Figure 9 consider the CluStream application. The
allowed range of number of micro-clusters is � 
 � � 
 � � � . The initial
value is 60. The initial data arrival rate is 400 Kbps. The data arrival
rate is varied with two different frequencies, which are every 120 and
30 seconds, respectively. The left and the right charts in Figure 9 corre-
spond to these two frequencies. The data arrival rate is varied between
40 Kbps and 400 Kbps, with a step of 60 Kbps, applied every 120 or
30 seconds.

The Y-axis in the charts in Figure 9 corresponds to both the data ar-
rival rates, and the number of micro-clusters chosen by our algorithm.
The scales for these values are shown in left and right side, respec-
tively, of each chart. Our results show that our algorithm is able to
vary the number of micro-clusters with the same frequency as rate of
change of data arrival rate. As the data arrival rate increases, the num-
ber of micro-clusters goes down to the minimum possible value of 10.
As the data arrival rate decreases, it goes back up to a higher value.

One interesting question is, how does the frequency of change of
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Figure 9: Algorithm Behavior in a Dynamic Environment: CluStream Application
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Figure 10: Algorithm Behavior in a Dynamic Environment: Dist-Freq-Counting



data arrival rates impact the algorithm. We can see that the range of
number of microclusters is � � � � � � 
 with the slower rate of change (first
chart) and � � � � 
 � 
 with the higher rate of change (second chart). This
is because our algorithm needs to see an under-loaded server for a
long duration to increase the accuracy of the processing to the highest
levels.

We also conducted the same experiment with the other application.
The results are shown in Figure 10. The results are very similar. The
range of variation of � �

is quite limited when the frequency in the
change of data arrival rates is higher.

5.4 Comparing Different Algorithms
We now compare the self-adaptation algorithm with the obvious al-

ternative, which is a linear update algorithm, and the algorithm pre-
sented in our previous work [7]. We compared these algorithms in
both static and dynamic environments.

We first consider CluStream. We initially compared the binary search
algorithm with the other two algorithms in a static environment. The
results are shown in the first chart of Figure 11. For this experiment,
the data arrival rate is fixed at 200 Kbps and the number of micro-
centers is allowed to vary within the range � � � � � � � 
 . We consider
two scenarios with the binary search algorithm, which corresspond
to the initial number of micro-clustering being 60 and 100. We also
consider two scenarios with the linear-update algorithm. Though the
initial number of micro-clusters is 60 in both the cases, the amount of
update in each case is

� � � � � � � � � � � � � � and
� � � � � � � � � � � � � � ,

respectively.
The binary search algorithm is able to converge to the ideal value of

46 within 6 to 8 steps in the both the cases. With the linear update al-
gorithm with a step of 10, the algorithm never converges, instead, after
a few iterations, it starts alternating between 40 and 50. When we use
a step of 1, the algorithm converges, but takes nearly 13 steps, or about
twice as long as the binary search algorithm. This algorithm shows the
main limitation of the linear-update algorithm, which is the difficulty
of choosing an appropriate step value. A large value can result in an
unstable behaviour, whereas, a small step value can create large delays
in convergence. Finally, as we can see from this figure, the number
of micro-clusters continuously decreases with the algorithm presented
in our earlier work [7]. This is because this algorithm did not con-
sider the possibility of a compute-intensive stage being the bottleneck.
We also compared these three algorithms in a dynamic environment.
We considered two cases, with the frequency of the change of data ar-
rivals rates being once every 60 seconds and 180 seconds. The results
for these two cases are shown in the 2nd and 3rd charts of Figure 11.
Again, we considered linear-update algorithm with steps of 10 and 1.
The conclusions from these experiments are similar to those from the
static experiments. The linear-update algorithm with the step of 10
is unstable and with a step of 1, it is slower to adjust. Our previous
algorithm slowly converges to the minimum value of the adaptation
parameter. Figure 12 shows the results from the same set of experi-
ments, but using Dist-Freq-Counting. The results are identical.

6. RELATED WORK
We now compare our work with other efforts on support for stream-

ing model of execution, and adaptation through a middleware.
Stream Data Processing: In the area of stream processing, the work
that is probably the closest to our work is the dQUOB project [21, 22].
This system enables continuous processing of SQL queries on data
streams. Our work is distinct in the following ways. First, we support
an API to allow general processing, and not just SQL queries. Sec-

ond, the processing can be done in a pipeline of stages. Third, it does
not support self-adaptation. Stampede is a cluster middleware for sup-
porting streaming applications [24, 25]. Our work is again distinct in
consider grid resources and adaptation for real-time processing. Maz-
zucco et al. have looked at the specific support for merging multiple
high speed data streams [19].
Adaptation Through a Middleware: Application adaptation has been
studied in many contexts, including through (grid) middleware. We
briefly survey this work here and state how our work is distinct. As a
quick summary, our work is different in focusing on adapting to meet
real-time constraint on stream data processing, and in adapting the out-
put of the application to do so.

DART [26] is a system facilitating quick development of adaptive
applications. A runtime component is responsible for making adapta-
tion decisions following a set of selected policies. Moura et al. present
software support in the component-base programming context for con-
struction of auto-adaptive applications [8]. It leaves applications the
option to dynamically choose the most beneficial components. ROAM
implements resource-aware runtime adaptation for device heterogene-
ity in mobile systems [14]. Schwan and his group take into account
the runtime resource management issues when supporting adaptable
applications [23]. Somewhat similar ideas have been considered by
Karamcheti and co-workers [6, 16]. Particularly, the notion of tun-
able parameters has similarity to our work, though their focus is not
on streaming data. Isert and Schwan have developed a system called
ACDS, which includes a monitoring and steering tool for adapting
stream based computations [15]. These systems requires that either
the resource usage associated with each option be stated explicity or
the logic for making adaptation decisions be specified by the applica-
tion developer. In comparison, we consider a more restrictive class of
applications, but automate the adaptation process more.

7. CONCLUSIONS
With increasing focus on interactive and real-time applications in a

wide-area environment, it is important for a grid middleware to support
adaptive execution, especially, as the execution environment changes
dynamically. In this paper, we have considered adaptive execution for
stream data processing. Here, the goal of the middleware is to enable
the highest level of accuracy, while still maintaining real-time con-
straint on the processing.

We have developed a self-adaptation algorithm, and have imple-
mented and evaluated it as part of the GATES middleware system. Our
algorithm has the following characteristics. First, it carefully evaluates
the long-term load at each processing stage. It consider different pos-
sibilities for the load at a processing stage and its next stages, and
decides if the value of an adaptation parameter needs to be modified,
and if so, in which direction. To find the ideal new value of an adap-
tation parameter, it performs a binary search on the specified range of
the parameter.

We have implemented two streaming data mining applications using
our middleware, and have extensively evaluated the adaptive capabili-
ties of our middleware. The main observations from our experiments
are as follows. First, our algorithm is able to quickly converge to stable
values of the adaptation parameter, for different data arrival rates, and
independent of the specified initial value. Second, in a dynamic envi-
ronment, the algorithm is able to adapt the processing rapidly. Finally,
in both static and dynamic environments, the algorithm clearly out-
performs the algorithm described in our earlier work and an obvious
alternative, which is based on linear-updates.
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Figure 11: Comparing Different Self-Adaptation Algorithms: CluStream Application
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Figure 12: Comparing Different Self-Adaptation Algorithms: Dist-Freq-Counting
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