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ABSTRACT

RSS feeds are text-content rich, semantically heterogeneous, dynamic XML element and
streamed in an asynchronous and pull strategy. Hence, for efficient retrieval of RSS feed,
window-based and semantic-aware feeds querying operators has been proposed recently. It is
shown that the use of semantic information improves the relevance of query result at the cost of
degrading the efficiency of the system. To benefit from query execution on semantic information
while keeping the efficiency of the system, we have proposed multi-query optimization strategy
and semantic load shedding technique. The proposed MQO strategy accepts multiple semantic
news feed queries and examines the relationship that exist between each queries with respect to
their defined window and their semantic similarity. Then, a MQE chain is generated based on
the relationship examined for the efficient manipulation of queries at run time. And each time a
new query arrives, it is added to its appropriate chain. On the other hand, the proposed semantic
load shedding technique drops non-relevant data elements from a shared window and generates
a new window with optimal size. The approach first extracts a set of representative keys from
multiple query‘s search term and then the keys are enhanced semantically with concepts
retrieved from knowledge base. Then before Multi-Query execution, using the enhanced key set,
the news items in the shared window are classified into relevant and non-relevant classes based
on their key content. Those elements in the relevant class is directly chosen to be a member of
the new window and among the elements in the non-relevant class a representative sample is
selected at random with a controlled sampling precision level to be included into the new
window. The resulting new window contains reduced data elements and yet satisfies the need of
all queries in the given MQE chain. The approach is implemented as an operator called
quickDrop operator. The operator quickDrop (W, T, K, e) takes four parameters; W
denotes a shared window among a set of queries for Multi-Query execution, T denotes the
attribute of the news feed for shedding i.e. title or description, K denotes a set of enhanced keys
and e denotes the level of precision to be used for sampling and it returns a window with optimal
number of elements. Coordinated with the MQO approach, the proposed semantic load shedding
technique performs efficiently for the performance increase of the system. To validate the
proposed approach, we have developed a prototype and experimental results show a significant
performance increase.

Key Words: SNF Query, NAT, Windows Boundary Similarity Measure, MQE Chain Generator,
Window Relationship, MQE Rules, Semantic Load Shedding, QuickDrop Operator.

Vi



CHAPTER ONE
1 INTRODUCTION

1.1. Background

RSS (originally RDF Site Summary, often dubbed Really Simple Syndication) is a family of web
feed formats used to publish frequently updated information such as blog entries, news headlines,
audio, and video in a standardized format. An RSS document (which is called a “news feed”,
“web feed”, or “channel”) includes summarized text, plus metadata such as publishing dates and
authorship. RSS feed is formatted in XML and benefit publishers to syndicate content
automatically, and allow clients to subscribe to timely updates from favorite providers rather than

roaming from site to site.

RSS feeds can be read using software called an “RSS reader”, “feed reader”, or “aggregator”,
which can be web-based, desktop-based, or mobile-device-based. The RSS reader checks the
user’s subscribed feeds regularly for new work, downloads any updates that it finds, and provides
a user interface to monitor and read the feeds. In addition, it allows users to avoid manually
inspecting all of the websites they are interested in, and instead subscribe to websites such that all
new content is pushed onto their browsers when it becomes available [1].

RSS feeds are used to distribute dynamic data and are integrated as part of the new web
applications such as web blogs and content sharing applications. In addition, feeds have a
streaming nature as compared to other web documents since feed providers send dynamic
information when available. Hence, the content is available immediately to the feed reader and
also to feed search engines. In contrast, web documents are only accessible to public once after it
is found by a crawler and indexed by search engines. Moreover, RSS news items are text-content
rich, semantically heterogeneous, dynamic XML document and their contents are dependent on

the authors’ style of writing.

Taking the behavior of RSS feeds into consideration, for efficient retrieval of news feed, a system
with a functionality based on concept similarity is required. In [2], semantic-aware and window-
based RSS querying operators have been proposed to retrieve set of news items satisfying a given

condition while considering semantic information. It is known that semantic based query
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processing strategy improves the relevance of query result. However, this process degrades the
efficiency of the system highly. As we have already mentioned that web feeds are dynamic and its
content changes through time and have streaming nature. And processing long running persistent
user queries over this dynamic stream of information makes the performance of the system even
worst. Thus, to benefit from semantic based query processing while keeping the efficiency of the
system, query optimizer should be designed. Briefly, the optimizer should consider the system
resource sharing opportunities of queries, similarity of queries, and it should also adaptively

decide on the arrival rate of data to the system.

1.2. Motivation

To motivate our work we have presented two scenarios concerning semantic news feed query
optimization problem. The first scenario deals with the need to use Multi-Query optimization
approach and the second deals with the need to gracefully decrease non-relevant data and only
processing user queries on most relevant data to increase the performance of the system.

Scenario: [Multi-Query Optimization and Load Shedding]

EasyRSSManager, which is RSS management software with a semantic-aware RSS Reader
having a window-based RSS query components developed by Fekade G. and Richard C., is
installed on a proxy server to process users’ queries [2]. Table 1-1 shows some of the registered
user queries. Each query is scheduled to be executed at a particular time on a given source.
Queries Q; and Q; are semantically similar and are defined on the same source even if they are
defined on relatively different window*boundary. Even though, query Qs is neither similar to Q;
nor to Q, both share the same feed source. Similarly, queries Q4 and Qg are defined on the same
feed source. Thus, rather than executing these queries independently, it is advisable to execute
those queries that share the same resource (feed source and window) simultaneously to increases

the efficiency of query processing system.

Analyzing the relationship between windows, windows defined for queries Q; and Q, are
included in the window defined for query Qs. What if we execute the queries only on one

window? Doing so reduces network access time and resource/memory utilization. This is also the

'Window: it is a collection of elements defined on a given feed source having start and end boundary
time.




Introduction and Problem Definition

case for queries Q4 and Qs. In addition, queries Q; and Q, are semantically similar (i.e., similar
Search Values, Attributes, and Operators) what if we execute only for Q; and apply the result for
query Q, too?

This scenario shows the need to execute several queries having same feed source on a single
shared window and identifying semantically similar queries helps for saving computation cost and
for the betterment of the performance of the system in general.

In addition, query processing on semantic information degrades the performance of the system
and it is worst as the number of queries increases and when the data arrival rate is high. Hence, in
addition MQO solution, the optimal performance is still dependant on the data load arriving
continuously to the system. In streaming applications, sometimes the data arrival rate increase
and exceed the system‘s processing capacity. So the immediate solution is to drop some of the
load gracefully to get rid of load congestion. We know that all the data arriving to the system are
not equally relevant to the result of query execution. Thus, to get an optimal performance,
employing a load shedding technique to drop non-relevant data from the incoming stream is

trivial.
Table 1-1: List of semantic news feed queries registered by users
RSS Window Boundary
Query Search Value Attribute Feed Time(In GMT)
Operator
Source | Start End
Q: | Car crush killed two people in Iran Title Select BBC 01:30:10| 18:30:01
Q: | Dead in Tehran car accident Description|  Select BBC 00:30:30| 15:00:00
Qs | Euro 2012 football latest score Description| TopK BBC 00:05:30| 19:05:00
) ) REUTERS,
Q4 | Iran nuclear programme Title Join 00:00:05| 16:00:30
FRANCE 24
South Sudan border town Bentiu o
Qs Description| TopK CNN 01:00:00| 18:05:00
bombed
US president surprise world bank )
Qs ) Title Select | REUTERS| 03:10:00| 15:30:10
nominee
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Motivated by the above observation, this research work aims at finding query optimization
approach which helps to increase the performance of the system keeping the relevance of query

processing result.

1.3. Statement of the Problem

Liu et al. stated that RSS news items are dynamic and the update rate of RSS feeds is widely
distributed and 55% of RSS feeds are updated hourly [3]. In addition, they are text-content rich
and semantically heterogeneous. Hence, to improve the relevance of the result of query
processing on news feed, semantic aware retrieval functionality is required. In [2], Fekade G. and
Richard C. have proposed window-based and semantic-aware feeds querying operators to retrieve
the set of news items satisfying a given condition. It is known that query optimization helps the
system to evaluate queries efficiently with best execution plan possibly among a set of other
plans. Therefore, the authors also have stated some equivalent rules that would be used by query
optimizer and have applied heuristic-based query optimization strategies that make use of the
equivalence rules to transform a given algebraic query to less costly equivalent one. However,
other than the query rewriting strategy stated by the researchers, the design of query optimizer
should consider a number of issues which are not considered by the authors. Therefore, in this
research work, we have raised the following points which are not addressed by the researchers but
yet crucial to improve the efficiency of the query processing system:

» Optimal window size: a window is a set of data elements having a start and end boundary
taken from a continuous stream of data posted from a particular source in a particular date
and time. And since the contents of web feeds are dynamic and the arrival rate is not
known appriori, the size of window is not known until the required data arrives at the
system. Therefore, at the time when the data arrival rate is high and hence the window size
increases, processing a query on semantic information is costly. We know that all the data
arriving are not equally relevant to the query processing result and dropping non-relevant
data decreases the size of the window. Thus, optimal window size should have to be
decided by the optimizer to perform cost effective query optimization.
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» Resource sharing among a set of queries: as there may be a chance for queries to share
system resources such as CPU and memory, the query optimizer should use such

opportunities to execute a set of queries on a shared resources.

> Query similarity: the optimizer should consider similar queries to avoid redundant

execution.

The query optimizer in the query engine should consider the above issues to come up with
efficient query execution plan that minimizes system resource utilization and maximizes the

performance of the system.

1.4. Objective

The general objective of the study is to design query optimizer for semantic news feed query that
consider the optimal window size, resource sharing among queries and similarity of queries

before the actual query execution.

In light of this general theme, the specific objectives of the research are the following:
» Studying and analyzing the optimization techniques for semantic based news feed query,
» Designing a query optimizer for semantic based news feed query,
» Finding the optimum window size for efficient query execution,
» Measuring the similarity of queries,
» Developing a prototype to realize the proposed approach.

1.5. Methodology

To achieve the objectives of this research work, different literature reviews and programming

tools are employed.
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1.5.1. Literature Review

Different literatures that are considered to be relevant for the research is reviewed and adopted for
this research work. Since the research work is on optimization of semantic based news feed query,
relevant literature on the same issue is reviewed. Furthermore, the query optimization strategies
stated in [2] will be revised to understand the approach and to look for further improvements in

optimization of semantic based news feed query.
1.5.2. Analysis and Design

After revising relevant research works about optimization of news feed query and detailed
analysis, we have designed query optimizer. If any, relevant open source software will be
customized and used for the implementation of the system. An experiment will be conducted to
evaluate the performance and efficiency of the system. Finally, the conclusions and

recommendations will be drawn from the evaluation results.

1.5.3. Development Environment

Prototype will be developed to show the applicability of the approach of the research work
practically. Hence, for development, we have employed the following development environments:

» Microsoft C# is employed to develop the prototype.
» WordNet 2.1 Knowledge base stored in MySQL database.
» MySQL 5.5 relational database

1.6. Significance of the Study

The cost difference between two alternatives of query execution can be enormous. Without query
optimization, the query processor can choose a plan with a high cost of execution. As stated in the
problem statement section, the use of semantic information in executing the user query improves
the relevance of query result at the cost of degrading the system efficiency. Hence, to keep the
balance between efficiency of query processing on semantic information and query processing
speed, optimization is trivial. Accordingly, the result of the study brings optimization approach

that enables to find efficient and equivalent query execution plan which considers the semantic
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similarity of SNF queries and decide on the optimal window size so as to improve the query
processing speed of the system.

1.7. Roadmap

The rest of this thesis report is organized as follows. Chapter 2 reviews concepts relevant to the
realm of the proposed approach. Chapter 3 presents related works. Chapter 4 presents the
proposed semantic news feed query processing emphasizing on the proposed optimization
approach. Prototype development and experimental results are presented in Chapter 5. Finally,
Chapter 6 concludes the overall work presented in this research work and draws future directions.




CHAPTER TWO
2 LITERATURE REVIEW

2.1 Introduction

This chapter presents a review of concepts relevant to obtain basic understanding of the ideas of
the proposed research work and related research works towards optimization of semantic news
feed query. The review presented in this sub-section deal on concepts important to the realm of
the proposed approach. Specifically concepts on fundamentals of RSS News Feed, Semantic
News Feed (SNF) Query and Semantic Aware RSS Operators, Data Stream Management
System/DSMS, Publish/Subscribe systems, and optimization issues in DSMS are presented in
detail.

2.2 RSS News Feed

RSS (originally RDF Site Summary, often dubbed Really Simple Syndication) is a family of web
feed formats used to publish frequently updated information such as blog entries, news headlines,
audio, and video in a standardized format. An RSS document (which is called a “news feed”,
“web feed”, or “channel”) includes summarized text, plus metadata such as title, description,
publishing dates and authorship. RSS feed is formatted in XML and benefit publishers to
syndicate content automatically, and allow clients to subscribe to timely updates from favorite
providers rather than roaming from site to site.

RSS feeds can be read using software called an “RSS reader”, “feed reader”, or “aggregator”,
which can be web-based, desktop-based, or mobile-device-based. The RSS reader checks the
user’s subscribed feeds regularly for new work, downloads any updates that it finds, and provides
a user interface to monitor and read the feeds. In addition, it allows users to avoid manually
inspecting all of the websites they are interested in, and instead subscribe to websites such that all
new content is pushed onto their browsers when it becomes available [1].

RSS document contains a list of items or entries, each of which is identified by a link. Each item

can have any amount of other metadata associated with it as well. The most basic metadata for an
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entry in ATOM includes a title for the link and a description of it; when syndicating news
headlines, these fields might be used for the story title and the first paragraph or a summary, for
example. For example, Figure 2-1 shows sample RSS 2.0 news feed.

RSS document has various structures depending on the given version of RSS. There are two well-
known formats of RSS; RSS 2.0 and Atom 1.0. These formats have different structure on how to
tag a given feed item. A particular news feed in RSS 2.0 has elements such as title, description,
link, and publication date [3].

<?xml version="1.0"?>
<rss version="2.0">
<channel>
<title> BBC Channel</title>
<link>http://example.com/</link>
<description>Example BBC channel</description>
<item>
<title>London Olympic </title>
<link>http://BBC/rss/sport</link>
<description>Issues onthe start of London Olympic </description>
</item>
<item>
<title>Iran nuclear programme</title>
<link>http://BBC/rss/worldnews/</link>
<description>Issues on Iran nuclear programme</description>
</item>
</channel>
</rss>

Figure 2-1: Sample RSS News Feed

News feed is proposed to assist the aggregation of distributed and dynamic information. Since the
content is in XML format, software known as RSS/feed readers/aggregators (which can be either
web-based application e.g., Google Reader, client-oriented e.g., Microsoft Office outlook, or
plug-in to Web Browser) allow a user to subscribe, read, and access feed content originating from
different providers in a place rather than roaming site to site. The RSS reader checks the user’s
subscribed feeds regularly for new work, downloads any updates that it finds, and provides a user
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interface to monitor and read the feeds [1]. In addition, it allows users to avoid manually
inspecting all of the websites they are interested in, and instead subscribe to websites such that all
new content is pushed onto their browsers when it becomes available. It can be also integrated
easily with web applications such as blogs and content sharing applications. News feed has streaming
nature which allows publishers to distribute dynamic contents and updates to feed readers. Hence,
news feed is getting more attention recently.

2.3 Semantic News Feed Query and RSS Operators

Semantic news feed (SNF) query [2] is a persistence query which is intended to be processed on
semantic information. A particular semantic news feed query Q have attribute A, RSS operator 6
(extraction, set membership or merge) and search term T. The attribute refers to the news feed*‘s
element i.e. title, description, link or publication date. The RSS operators are categorized under
extraction set membership or merge operators. The extraction operators are dedicated to retrieve
data from the stream and it includes Selection, its extension TopK, and Join. Each of these
operators accepts a set of windows and a supportive parameter set. The set membership operators
are binary and accepts two windows defined on streams. The Merge operator accepts two
windows and returns the result of merging (i.e. putting them together in a given pattern) w.r.t. the

merging rule.

Queries in data stream management are relatively permanent and are stored in profile database as
part of the user’s preferences. Hence, as a persistent query, SNF queries are stored in the profile

database and are executed when a new stream data is available.

Given Query Q, Q.S, Q.P, and Q.6 returns source, predicate and operator associated respectively

to the query. Table 2-1 summarizes semantic aware RSS algebraic operators proposed in [2].
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Table 2-1: Summary of semantic aware RSS operators

Symbol Meaning Operator Category
6, Similarity Selection
>< Similarity Join Extraction
o% TopK
U Union
N Intersection
\ Difference Set Membership
U Additive Union
() Additive Intersection
@ Merge Merging
o Symmetric Operator -

2.4 Data Stream Management System

Database management systems (DBMS) are designed to solve business application problems in
which data are stored relatively permanent in database and altered when user initiates
transactions. The DBMS is suitably designed to process dynamic queries on stored data, which
seldom changes. However, DBMS fail to fulfill the need of applications which need processing
of persistent queries against continuous, real-time stream of data. To fulfill the needs of such

applications, there comes a data stream management system (DSMS).

Data stream management systems processes persistent queries on a time dependent stream data.
The source of the stream sends data in either asynchronous or synchronous manner using a push
or pull strategy and the query processer evaluate the query continuously on the incoming stream
of data. In traditional DBMSs queries are one-time queries, i.e., a query is evaluated once and the
result at that point in time is returned to the user. In contrast this, queries in data stream
management system (DSMS) are persistent which requires that once a query is registered then it
should be continuously evaluated until it is removed from the system. On the other hand, the data
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in traditional DBMS is persistent whereas the data in streaming application is dynamic and time
dependent [3].

Figure 2-2 shows the general architecture of data stream management system. From the figure,
user queries are relatively permanent and registered as part of user preference in database. The
data stream management system processes user queries continuously on the incoming stream of

data coming from stream sources and produces a stream of results as output.

Registered

Queries

4

Data Stream Management System

Input Stream
P (DSMS)

Streamed Output

Figure 2-2: Architecture for data stream management system

Since the incoming data streams are unbounded and practically impossible to execute user query
on all incoming stream of data, the system requires specifying a set of data elements that form the
stream of data over which the query should be computed via windows. A window is a collection
of elements defined on a given stream data and having a type sliding [27], or tumbling[28], and
satisfies a boundary condition (i.e., the start and end condition). In sliding window, the basic idea
is that rather than running computations on all of the data seen so far, or on some sample, we can
make decisions based only on recent data. More formally, at every time t, a new data element
arrives. This element expires at time t + w to maintain the window size when new data element
arrives, where w is the window “size” or length. Tumbling window stores incoming data elements
until the window is full and then all stored data elements are removed for news set of data
elements before starting over from scratch. The difference is that tumbling windows do not

overlap and sliding windows overlap but never have disjoint first items.

The application of DSMS is vast and some of the streaming applications are in sensor network,

road traffic analysis, performance analysis, and anomaly detection. In addition the proposed SNF
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query processing system is an application of DSMS. As a data stream processing system, in SNF
query processing system the user queries (SNF queries) are registered in database and are
relatively permanent. The system reads queries from database and evaluates semantically on a
stream of RSS feed items transmitted from RSS feed publishers. The semantic processing
capacity of the system is supported by a knowledge base?. SNF query processing system is
designed with a publish/subscribe architecture. The next section presents issues on
publish/subscribe systems.

2.5 Publish/Subscribe Systems

Publish/Subscribe is a term used to define an application model in which the provider of some
information is decoupled from the consumers of that information [24]. Publish/subscribe systems
have become very popular in recent years as a way of distributing data messages from publishing
computers to subscribing computers. Such systems are especially useful where data supplied by a
publisher is constantly changing and a large number of subscribers needs to be quickly updated
with the latest data. In such systems, publisher applications of data messages do not need to
know the identity or location of the subscriber applications which will receive the messages.
Similarly, the subscribing applications do not need to know the identity or location of the
publishing application providing their information. In this sense the providers and consumers are

said to be loosely-coupled.

Publish/subscribe systems are classified into two main categories [25]; subject based and content
based systems. In subject-based systems, a message belongs to one of a fixed set of what are
variously referred to as groups, channels, or topics. Subscription targets a group, channel, or
topic, and the user receives all events that are associated with that group. Brokering a connection
between publishers and subscribers is the act of connecting a channel supplier with a channel

consumer, similar to the reader-writer problem in that the buffer is the communication medium.

%A knowledge base is a special kind of database for knowledge management. It provides a means for information to
be collected, organized, shared, searched and utilized. In this research work, it is used to assist relatedness and is
formally defined as KB = (C, E, R, f) where C is the set of concepts (synonym sets of words/expressions as in
WordNet), E is the set of edges connecting the concepts, E < C x C, R is the set of semantic relations i.e. hyponym,
hypernym, meronym, holonym and antonym relations, f is a function designating the nature of edges in E.[4]
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Content-based systems, on the other hand, are not constrained to the notion that a message must
belong to a particular group. Instead, the decision of to whom a message is directed is made on a
message-by-message basis based on a query or predicate issued by a subscriber. The advantage
of a content-based system is its flexibility. It provides the subscriber just the information he/she
needs. The subscriber need not have to learn a set of topic names and their content before
subscribing.

Publish/subscribe systems differ on their architectures as well. The terms “push based” and “pull
based” are also becoming increasingly popular when describing the flow of information between
applications [25]. In push-based, messages are automatically broadcast to subscribers. This
model provides tight consistency and stores minimal data. Pull-based models can be more
responsive to user needs in that only user requested data is pulled to the subscriber.

In SNF query processing system, users publish their preferences and subscribe for queries on their
sources and the system processes the queries on a stream of data coming from the news feed
publishers. Thus, SNF query processing systems integrates both the DSMS and publish/subscribe
systems behavior.

2.6 Query Optimization in DSMS

Given a user query Q, there may be more than one alternative query execution plans that return
the same result. These plans may differ by their order of operators’ execution but yet they produce
same result. A good query plan utilizes minimum system resources and maximizes the efficiency
of the system. Hence, the objective of query optimization is to choose a plan which utilizes
minimum system resources and maximizes system efficiency among a set of alternative query
plans. To achieve this objective, the query processing engine has query optimizer component
which performs the query optimization operation.

In traditional database management systems, cost based query optimization has been employed to
minimize the size of intermediate results. Cost based optimization utilizes cardinality as a metrics
to determine the cost of a query evaluation strategy. Cardinality is effective since the data is
relatively permanent and disk bound. Hence disk 1/0 and cardinality is a good approximation of
how much disk I/0O is needed. But, for stream data cardinality is not a good metrics as it is

unknown until the data is read fully and it is no use for optimization. Even if cardinality is known
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at optimization time, the data is not readily available when query execution starts. Even worse,
cardinality as a cost metric is not even applicable in the case of unbounded streams. The obvious
argument here is that the cost of any alternative evaluation strategy, as estimated by a cardinality-
based cost model, for a query over infinite streams is infinite [6]. Hence, data stream

management systems need for novel optimization approaches.

Among the optimization approaches proposed in the literature, multi-query optimization [7, 8, 9,
10, 11] and load shedding [6, 12] are the main approaches devised to handle the issue of query
optimization in stream system and are main concern of this research work. Next we have

presented these approaches.

. Multi-Query Optimization

Instead of one time queries in a relational DBMS, a stream system is processing a number of
continuous queries simultaneously as discussed in Section 2.4. These queries are active for long
periods of time and they process massive streams in real time. A poor query implementation
choice can negatively affect system performance for the lifetime of the query. The key to
achieving good stream processing performance is to optimize multiple queries together, rather
than individually. In a stream query workload, it is often the case that multiple concurrently active
queries can share system resources such as CPU and memory. Query evaluation techniques that
exploit this property are referred to as Multi-Query Optimization (MQO) techniques. The
importance of MQO for stream processing is widely accepted and various stream MQO
techniques have been proposed [7, 8, 9, 10, 11].

To meet the objective of Multi-Query optimization, an important component in the query engine
is called Multi-Query optimizer. The high level architecture of Multi-Query optimizer is given in
Figure 2-3. From the architecture, the Multi-Query optimizer accepts a set of queries and
generates a global query execution plan. The global query execution plan satisfies the needs of all
the given set of queries.
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Figure 2-3: High level Architecture for Multi-Query optimizer

Il. Load Shedding

One of the potential problems of evaluating queries over streaming sources arises when the arrival
rate of data stream exceeds the processing capacity of the CPU. Since no execution schedule can
minimize the size of data elements in queue, the only alternative is to artificially decrease the

length of the queue by “dropping” some of the data elements in it. This is called load shedding

[6].

As optimization problem, the conceptual solution to the problem for load shedding is the
introduction of drop-boxes in the query plan. These can be thought of as operators inserted into
the execution plan between successive operators, or between an incoming stream and the first
operator to process it. The function of these operators is to selectively drop a percentage of
incoming data elements before they reach the subsequent operator. Introducing drop-boxes in the
execution plan leads to another subtle decision that needs to be made. Not only do we need to
determine how much load each drop-box should shed, we also need to determine the location of
these drop boxes in the query plan. The solution to both these problems makes use of Loss/Gain
ratio modeling [6]. A Loss/Gain ratio is the ratio between the loss in utility incurred by the
introduction of a drop-box, over the gain in QoS. Each alternative drop-box location is associated
with a Loss/Gain ration. Once all drop locations are enumerated and their Loss/Gain ratios are
computed, they are sorted in Loss/Gain ratio ascending order. The system then iterates over each
location adding drop-boxes. After the addition of a drop box, new Loss/Gain ratios are computed,
since the introduction of a drop box may affect them. The iteration stops once the optimization

objective is met.

An important decision is how data elements are dropped once the drop-boxes are in place. The
simplest method is, of course, random dropping. That is, once the percentage of data elements to
be dropped is identified, these data elements are randomly dropped from the input, so long as the
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dropped data elements percentage quota is met. An alternative approach and one that has been
proven to work better in practice, is semantic dropping. When employing semantic dropping, the
drop-box effectively becomes a selection operator evaluating a predicate on the values of the
incoming stream. The utility of each data element is computed, based on the data element’s
values. The semantic predicate of the selection operator then becomes one that drops the least
useful data elements, propagating only those having a higher utility as stated in [12].




CHAPTER THREE
3 RELATED WORKS

3.1 Introduction

In this Chapter, we have presented research works which are related to the proposed approach.
There are a lot of research works on optimization in streaming applications. Among the works,
Multi-Query optimization and load shedding are the two main common approaches of
optimization and the main concern of the proposed research work. Thus, we have presented the
most related research works on Multi-Query Optimization and Load Shedding.

3.2 Multi-Query Optimization for Stream Queries

In streaming applications, a number of research works have been conducted on the idea of MQO
[7, 8,9, 13, 14, 15]. Among these works, we have discussed some of the most related works to
our approach. In [13], a Multi-query optimization with schedule synchronization has been
proposed in which synchronizing the re-execution times of similar queries takes advantage of
computation sharing. However, the approach do not considers periodic tasks in stream
applications and don‘t considers dissimilar queries having the same feed sources. In [14] a
paradigm for the sharing of window join queries has been proposed in which slicing window
states of a join operator into fine-grained window slices and forms a chain of sliced window joins.
This paradigm enables to push selections down into the chain and flexibly select subsequences of
such sliced window joins for computation sharing among queries with different window sizes.
But it is the cases that in streaming applications like publish/subscribe systems, queries are posted
continuously to the system and massive queries exist with different window definition. Trying to
generate a slice of window states for such a case is not computationally efficient. In addition, in
[15] a Massively Multi-Query Join Processing technique for processing a large number of XML
stream queries involving value joins over multiple XML streams and documents is proposed.
These techniques enable the sharing of representations of input to multiple join, and the sharing of

join computation.
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MQO by partial aggregation of aggregate continuous queries (ACQ) is also considered in [10, 16,
17]. The Panes [16] scheme splits the slide into equal sized fragments, to be processed using the
partial aggregation operator. Paired windows, [10] improve Panes by splitting the slide into
exactly two fragments, minimizing the processing needed at the final-aggregation level. And
Weave Share, a cost-based multiple ACQs optimizer, which exploits weaveability to optimize the
shared processing of ACQs is proposed in [17].

Though these works contribute to the growing of stream query processing to a full potential, to
the best of our knowledge, no work has been proposed that consider a shared execution of stream
queries based on their semantic similarity of the queries and their defined windows. Thus, the use
of semantic similarity measure in our approach to identify the relatedness of queries ensures a
highly shared computation among a set of queries. This is especially important for the case of
query execution on semantic information [2] which has a high computation cost. In addition, we
have introduced a formal semantic measure for windows to create different classes of window

relationship types for effective sharing of a given window among multiple queries.

Shared execution addressed in [18] focus on execution of multiple queries on larger window first
(LWF) and alternatives to consider smaller windows first (SWF) strategy. However, overlapping
windows are the case in streaming applications and should be treated wisely other than LWF and
SWE strategies. And our novel approach also has a solution to shared execution on overlapping
windows. Moreover, our approach brings efficient way of sharing a window among a set of
queries defined on same source whether they are semantically similar or not. In addition, our
approach can handles periodic queries which executes periodically in a given schedule and

provides user schedule aware execution of multiple queries.
3.3 Load Shedding

Load shedding is an optimization approach which is a common way to reduce the system
workload in stream systems. It has been first proposed in Aurora [26]. Aurora introduces two
types of load shedding; random and semantic. Based on the analysis of the loss/gain rate, random
load shedding determines the amount of data to shed to guarantee the output rate. For semantic
drop, it assumes that different data element values vary in terms of utility to the application. In
XML streams, instead of a simplistic model of certain domain value denoting utility, we consider




Related Works

the complexity as well as importance of XML result structures in order to make shed query
decisions. There are several other works related to load shedding in DSMSs in general, including
memory allocation among query operators [30] load shedding for aggregation queries [29], and

overload-sensitive management of archived streams [31].

In the Load Star system [33], statistical approaches are employed to identify the data to shed.
However, statistical approaches only cannot insure that a given data is not fully irrelevant. Thus,
our approach classifies all the incoming data into relevant and less relevant data class based on
their information contents applying semantic analysis technique. While data in the relevant class
are consumed directly, some sample of data from less relevant is selected using statistical
approach. In aurora [34], three main questions about load shedding are raised: when, where, and
how much to shed. Aurora answers these questions by checking system load periodically and
triggering load shedding when excess amount of data arrives. A pre-computed Load Shedding
Roadmap (LSRM) which determines possible shedding plans is used to predict where to shed
load by minimizing the system utility loss. In our approach these questions are critical too. Thus,
we shed data when the arrival rate is more than the system capacity based on the relevancy of

each of data arriving to the system.

In [29], Babcock et al. proposed load shedding technique for systems that process continuous
queries over data streams. The idea of the approach is that when the data arrival rate is high,
placing load shedders in different places of the query plan, in such a way that the maximum
relative error through all queries is to be minimized. Unlike this approach, our approach works
for join operations. In our technique of load shedding a load is minimized from a sharable
window applying load shedder on the incoming data before the actual evaluation of multiple

queries.

In addition, other works which are closely related to our work are active mining and concept
drifting for mining data streams is proposed. In [36], an active mining method that detects
potential changes in data streams is proposed and in [35], Wang et.al. proposed an algorithm for
mining concept-drifting data streams using weighted ensemble classifiers. Das et al. [37]
proposed two heuristics for dropping data elements from window-join input streams. The first
heuristic sets the priority of a data element being retained in memory based on the probability
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that a counterpart joining data element arrives from the other data stream. The second heuristic
favors a data element based on its own remaining lifetime. Kang et al. [38] proposed a cost-based
load shedding mechanism for evaluating window stream joins by adjusting the size of the sliding
windows to maximize the number of produced data elements. Ayad and Naughton [39] proposed
techniques for optimizing the execution of conjunctive continuous queries under limited
computational resources by placing random drop boxes throughout the query plan to maximize
the plan throughput.

Approximate query evaluation approaches have been also researched for both traditional static
data and continuous data streams [41]. The first approach mostly depends on pre-computed data
synopsis whereas the second technique makes one-pass summaries when data streams arrive.
Online aggregation [42] falls in-between the two approaches implementing sampling with query
evaluation on static data. On the other hand the data triage technique has proposed to shed data
load on streams making a summary of excess data into synopsis data structures rather than
simply dropping it [43]. However, keeping synopsis data locally creates extra burden on the
system as the rate data arriving to the system is huge and it removes the streaming nature of the
data. Hence, to keep the streaming nature of the data and be sure of the data dropped are
irrelevant, we have employed a highly guaranteed technique called semantic analysis technique.

Finally, to the best of our knowledge, our work is the first to systematically use linguistic
analysis for semantic load shedding on a shared window among multiple queries.




CHAPTER FOUR
4 SEMANTIC NEWS FEED QUERY PROCESSING

4.1 Introduction

In this chapter we have presented the proposed approach for optimization of semantic news feed
query in detail. Throughout the chapter, the different techniques proposed for optimization of
SNF queries are discussed and these techniques are incorporated as components of our SNF
query processing engine.

As presented in Chapter 2 of this thesis, though the objective of query optimization in general is
to reduce query execution cost while keeping the relevance of query result, optimization of
stream queries is more difficult than the traditional queries in relational database. To deal with
such difficulties, various related optimization approaches using multi-query optimization and
load shedding techniques for stream queries have been proposed as detailed in Chapter 3 of this
paper. However, most of the approaches cannot be applied directly for our news feed query
processing system for two main reasons. First, our SNF query is processed semantically on
concepts retrieved from knowledge base. Secondly, the data is continuous and XML in nature
and streamed in an asynchronous and pull strategy. Hence, we need an optimization approach
capable of processing semantic SNF query on XML stream data. To do so, we have devised a

new approach to amortize cost using multi-query optimization and load shedding.

Given a set of news feed queries; the proposed MQO accomplished in three main steps. First, the
semantic similarity between queries is computed to generate a Multi Query Execution (MQE)
plan for the set of semantically equivalent queries. This step helps to apply the execution result
of one SNF query to the other semantically equivalent SNF queries to reduce execution cost.
Secondly, the window relationship type that exists between queries is identified to generate a
shared window among a set of SNF queries and as a result network access cost and memory
space are minimized. Finally, MQE chains of queries are generated which are used to create
singly linked list for efficient and faster execution of multiple queries at run time.
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On the other hand, our load shedding works also in three steps. First a set of representative key
terms of a set of SNF queries are identified. These set of keys are used to filter out non-relevant
data elements from the incoming stream of data. These terms are enhanced with concepts
extracted from knowledge base and this helps to identify relevant data elements from the
incoming stream having semantically similar meaning. Finally, data elements from the incoming
steam are examined to drop the non-relevant ones using the expanded key sets as a filter key and
this task is incorporated into an operator called QuickDrop shedding operator.

Generally, the benefit of the proposed MQO approach is threefold. First it helps to identify
semantically equivalent SNF queries to avoid redundant execution of similar queries. Secondly,
it helps to generate common windows to execute a set of SNF queries simultaneously and avoids
redundant holdings of same data in memory and reduces network access time and finally, the
MQE chain data structure increases the speed of query execution. In addition, the proposed load
shedding technique helps to reduce the data load from shared window by dropping non-relevant
data elements.

The rest of this Chapter is organized as follows. Section 4.2 presents the architecture of the
proposed SNF query engine emphasizing on the optimizer subcomponent. Section 4.3 is on multi
query execution management. Section 4.4 describes the database schema and finally Section 4.5

summarizes this chapter.
4.2 System Architecture

The proposed architecture of SNF query processing is shown in Figure 4-1. The SNF query
processing engine performs query optimization in two phases; Static Query Optimization and
Run Time Optimization. In stream processing system, user queries are relatively permanent and
thus, it is stored as preference in profile database. The query engine reads a set of queries from
the profile database and starts the optimization process and SNF query execution too.

The query engine utilize Static Query Optimizer component first. This optimizer reads queries
from the profile database and performs static optimization using its two sub-components MQO
Manager and Shed Key Extractor. The MQO Manager is responsible to generate Multi-Query
Execution (MQE) plan based on semantic similarity of queries and their window relation. The
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MQO Manager performs its task in three main steps; Query Similarity Evaluation, Window
Relationship Type Identification and MQE Chain Generation. Query similarity evaluation is the
task of identifying the semantic similarity between queries. If queries are semantically
equivalent, the execution result of one can be applied to the other. Doing so will reduce
processing cost and memory space. In the second step, the relationship between query execution
boundaries (also called ‘windows) is identified; and this helps to generate shared windows later
at run time. We have identified five type of window relationship types; Includes, Included-In,
Similar, Disjoint, and Overlap. Hence, based on the relationship type that exists between
windows, queries can be executed on shared windows simultaneously and this helps to save
network access time and also saves memory space. The last step is MQE chain generation in
which a base linked list data structure called MQE Chain is generated and a particular chain

contains queries which share a resource and hence have potential to be executed together.

The second subcomponent in static SNF query optimization is Shed Key Extractor and it is
responsible to filter out set of key words from search terms of set of queries. After extracting key
words, it semantically enhances each keys of the set to generate a larger set of keys. The keys set
are used to filter out non-relevant data elements from shared windows among set of queries
which are represented by key in the key set. Finally, the optimized query plan is written to the
profile database to be used later at run time and this is the end of the first phase of SNF query

optimization.

The second phase of the optimization process starts just at the actual query execution time. The
Run-Time Query Optimizer is the component to perform the optimization tasks in this phase. The
optimization is triggered by the Execution Manager component in the query engine. The
Execution Manager reads optimized MQE plan prepared at the first phase of static optimization
and user preferences from the profile database. After the Execution Manger read the MQE plan,
it gives the Run-Time Query Optimizer the feed source with window boundary information and
key set for load shedding. Then the optimizer generates shared window with the interaction of its

subcomponents; Load Shedder and Window Generator.
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Figure 4-1: Architecture of the Semantic News Feed Query Processing Engine

| Finally, the Execution Manager passes the MQE plan with the generated shared window by Run-
Time Query Optimizer to the Multi-Query Executer component. The Multi-Query Executer
component performs its task using multi-query execution rules identified and with thread based

execution strategy.
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4.2.1 Static Query Optimizer

In the first phase of SNF query optimization, the Static Query Optimizer performs two main
tasks. First, it prepares Multi-Query optimization plan after analyzing query similarity and their
windows relation. Then, it extracts key terms/concepts embedded in each query for load
shedding. These activities are performed by MQO Manager and Shed Key Extractor
subcomponents of Static Query Optimizer component. The next subsections present these

subcomponents and their core tasks in detail.

4.2.1.1 MQO Manager

Given a set of SNF queries, MQO Manager prepares MQO plan in three main steps. First it
evaluates the semantic similarity between queries in the database to generate MQE plan for set of
semantically equivalent queries. Then, it identifies window relationship types that exist between
pair of queries in the profile database. Finally, it generates MQE chain of similar queries and
represents them in a base singly linked list for efficient and faster execution of multiple queries

at run time. Next, these steps are discussed in detail.

STEP 1. Query Similarity Evaluation

In stream systems, queries are relatively persistent and changes seldom and thus are registered
persistently in profile database. It is likely that the profile database may contain large number of
queries with possible redundancy in query definition. Processing such redundant queries
degrades the performance of the system. To avoid such anomalies, the Query Similarity
Evaluator subcomponent of MQO Manager Component applies semantic similarity measure
given in Definition 4-1 to examine the extent to which user queries in the profile database are

semantically equivalent.
Definition 4-1: [SNF Query Similarity Measure]

Given two pair of queries Qi and Q», each predicate having a source, operator and value part, the
semantic similarity in between is denoted as SimQuery(Q:, Q») and is defined as follows:

. _ 0 |fQ151 * QZ'SZ and Ql-gl * QZ'HZ
SimQuery(Qy,Q2) = {SemRel(Q1. P;,Q,.P,) otherwise
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Where: -
- 51,5, are feed sources of Q; and Q,,
- 64,0, are operators of Q; and Q,
- P; P, are predicates of Q; and Q,,

- SemRel() returns similarity between queries predicates.

Two queries are different if the source and operators are different; otherwise their similarity is
dependent on the similarity between their corresponding predicates. To compute the similarity
between predicates of two queries, we have employed cosine based approach, which is a vector-
based semantic analysis technique.

Vector-based semantic analysis is the practice of representing word meanings as semantic
vectors, calculated from the co-occurrence statistics of words in large text data. There are many
vector based approaches to measure semantic meaning between texts. Among the approaches,
the cosine measures the angle that separating the vector representing the text [5].

When comparing two texts T; and T, each would be represented as a vector V (V; and V,
respectively) with weights underlining concept occurrences and descriptive degrees in their
corresponding concept Sets, CS(T;) and CS(T,), taking into account global semantic
neighborhood [23], which is defined as the set of concepts in a given knowledge base, related
with the hyponymy or meronymy semantic relations, directly or via transitivity. And the global
semantic neighborhood of a given concept is the union of each semantic neighborhood w.r.t. all
synonymy, hyponymy and meronymy relations altogether. Accordingly, we employed the
revised cosine analysis approach [2] to measure the semantic relatedness SemRel, which is a
value between 0 and 1, of two texts given by Equation 4-1.

SemRel = Sem(Ty,T,) = COS(V_L)VZ)) - % o
1 2

Where: -
-V, .V, isthe dot product of the texts™ vectors,
- |V;| is the norm of vectorV;,

- |3 is the norm of vectorV.
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Accordingly, one can compute the similarity between two texts simply by computing the cosine
distance between their feature vectors such that if the score (SemRel) between concepts of texts
Is above a given Equality Threshold, Tequar, Value, then the two texts are said to be semantically

similar.

Given an equality threshold, Tequa, if the similarity between two queries Q; and Q-

SimQuery(Q1,Q>) is above the threshold, then the two queries are semantically equivalent as

. — Semanticall
Semantically Dissimilar i Y
\ Equivalent

SimQuery=0 Tequal 1

shown in Figure 4-2.

Figure 4-2: Query relationship and corresponding threshold

If two queries are semantically equivalent, we filter out one as a representative and apply the
execution result to the other query. Thus, query processing cost can be minimized. The query
processing cost is a sum of network access cost, memory access cost, and execution cost. Hence,
the decision to evaluate one of semantically similar queries reduces network access time and
avoids redundant holding of the same data in memory which directly reduces the query
processing cost. Example 4-1 explains the concept briefly.

Example 4-1: [Semantically Equivalent Queries]

Referring to queries Q; and Q; in Table 1-1, vectors shown in Table 4-1, and using equality
threshold Tequar OF 0.9, the semantic similarity, SemRel, in between is:

SemRel(T;,T,) = Cos(V1 ,VZ)— | IV I_ 0.94
Therefore, SemRel>= Tgqa and as a result the two queries are semantically equivalent.
Accordingly, we can select one as a representative and apply the execution result to the other. As
a result, execution cost and network access cost can be minimized and memory space can be

used efficiently.
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Table 4-1: Vector generated when comparing two SNF queries

Search terms Attribute Operators
Car | crush | kill | Two | people | Iran | dead | Tehran | accident | Title | Description Select
vo| 1 1 1 1 1 1 0.5 1 0.8 1 1 1
1
2R 08 | 1 0 0.5 1 1 1 1 1 1 1
2

On the other hand, given dissimilar queries defined on the same feed source, it is possible to
minimize query execution cost as there is a chance to share network access cost. Thus, the next
step in the Static Optimizer component is to identify the relationship between windows of
queries in the database for effective sharing of network access cost, as detailed in the next step.

STEP 2. Windows Relationship Type Identification

Whether they are semantically similar or not, queries defined on the same feed source might
share a window at the definition of their window boundary time. Such queries may be executed

on a single shared window simultaneously.

Generating a window and sharing it among a set of queries defined on the same source have the

following advantages:

> It significantly decreases the network access time (NAT?) since a data accessed once
will be used by a set of queries.
» Efficient utilization of memory space. Sharing a single window among a set of queries

eliminate redundant storage of same data in memory.

As described in Chapter 2 of this thesis, a window has a start and end boundary time. Hence
identification of windows semantic relationship is related to the issue of the time ontology. In
[32], the author defined the basic set of mutually exclusive primitive relationships that exists
between two time intervals. Accordingly, for a given two time intervals t; and ty, the relations

that can holds are given in Table 4-2.

*NAT is the time elapsed while retrieving feed items from a specified feed source.
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Table 4-2: Primitive relationships between time intervals [32]

Relation Type| Denoted as Meaning
t; during t2 t1dt; time interval t; is fully contained within t,
t; starts t, tisty t, shares the same beginning as t,, but ends before t, ends
t; finishes t, tfty interval t; shares the same end as t,, but begins after t, begins
t; before t; i<t t; is before interval t,, and they do not overlap in any way
t; overlap t; tioty interval t; starts before t,, and they overlap
t; meets t, ttmt t; is before ty, but there is no interval between them
t; equal t, 1 =1t intervals t; and t, are the same interval

The primitive relations given in Table 4-2 compare time intervals with exact matching of
boundary times. However, it is likely that two windows might be defined with some boundary
time variations and yet we need to take them as similar. Therefore, we need to enhance the
definition of primitive relationships between time intervals to make it flexible and handle
negligible variations. To enhance the primitive definitions of relationships between time
intervals, we have given a formal semantic measure between windows boundary as presented in
Definition 4-2.

Definition 4-2: [Similarity Measure of Boundary Time]

Given two windows W; and W,, with start boundary time Si, S; and end boundary time Ej, E;
defined in minutes respectively, and equality threshold value TEqual, the similarity between the
boundary times of the two windows is denoted as BoundarySim(W; W,) and returns a
similarity vector By, having normalized start, end and end to start time difference and is formally
given as follows:

BoundarySim(W;,W,) = B, = [S,E, D]

Where:
S = % normalized start time difference
E = % : normalized end time difference,
B2 S, > B
D= EZG__OSI if S, >E, normalized end to start time differnece

0 otherwise
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60 minute, an Hour, is used as normalization value. The normalized values are used later in
identifying the magnitude of the windows similarity vector. Accordingly, window relationship
type is identified after building a row vector of similarity between each windows™ boundary of

given set of queries in profile database.

Based on Definition 4-2, a value of 0 for all S, E, and D means that the two windows boundary
time‘s are defined exactly on the same time. However, to handle the time variation that might
happen during window definition, we define minimum and maximum equality threshold values
(i.e, minTR and maxTR); and if the boundary time similarity value falls within this range, then

the two boundary time definitions are similar.

Therefore, given an equality threshold Tggyq;, minTR is equality threshold below zero and

maxTR is equality threshold above zero are defined as given in Figure 4-3.

-TEqual 0 +TEqual
MinTR MaxTR

Figure 4-3 : Equality threshold and its corresponding minTR and maxTR

In light of Definition 4-2 and the primitive relationships between time intervals given in Table 4-

2, windows semantic relationship type is refined in Definition 4-3.

Definition 4-3: [Window Semantic Relationship Type]

Given two queries Q; and Q; defined on associated windows W; and W,, and boundary
similarity vector By containing S, E, and D, the relationship between W; and W, is exclusive
which is either Similar, Includes, Included-In, overlaps or Disjoint (as shown in Figure 4-4) is
identified using two threshold values minTR and maxTR. It is denoted as
WinRelation(W,, W,) and defined as follows:

Relation 1.  The relationship between two windows is disjoint, W; Disjoint W;, denoted
as W, o< W, if Wy and W, are defined in different window boundary time as shown in Figure
4-4 (C). Formally defined as:
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WinRelation(W,,W,) = 'Disjoint’
= View, t € Woand if (D < minTR or D = 0)

Relation Il.  The relationship between two windows is includes,W; Includes W, denoted
as W, o W, if the window boundary time of W, falls within the window boundary time of W;as
shown in Figure 4-4 (A).Formally defined as:
WinRelation(W,,W,) = 'Includes’
= View, t € Wiandif (S <minTR and minTR < E < maxTR)or
(minTR < S < maxTR and E > maxTR) or (S < minTR and E > maxTR)
Relation I1l. The relationship between two windows is Included-In, W; Included-In W, ,
denoted as W, < W,: if the window boundary time of W, falls within the window time boundary
of W, as shown in Figure 4-4 (B) or if W, o W,
WinRelation(W;,W,) = “Included-In"
= WinRelation(W,,W,) = 'Includes’
Relation IV. The relationship between two windows is overlap, W; Overlap W, denoted
as W, m W,: if the window boundary time of W; and W intersect each other as shown in Figure
4-4 (E). Formally defined as:
WinRelation(W;, W,) = 'Overlap’
if (§S< minTR and E < minTR)or (S > maxTR and E > maxTR)
Relation V. The relationship between two windows is similar, W; Similar W, denoted
as W, = W, if the boundary time definitions of W; and W, falls within minTR and maxTR as
shown in Figure 4-4 (D). And it is formalized as:

WinRelation(W,, W,) = 'Similar’

= View, t € Woand if (minTR < S < maxTR and minTR < E < maxTR )

Legend
Qe RPLTC O~

AEEREN

'\\ o W,
A)W;DW, B)Wi;CcW, C)W;><W, D)W;=W, E)Wlm\w;

Figure 4-4: Topology for window relationship type
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The algorithm presented in Pseudo Code 4-1 identifies the window semantic relationship type
that exists between queries as discussed above. The algorithm accepts windows, associated feed
sources and equality threshold as inputs. Computing similarity between windows boundaries is
pre-condition to relationship type identification. In line 7 the algorithm compares feed sources
and if they are defined on the same source then it computes similarity values of the given
windows boundary time as a vector having three components; S, E, and D based on Definition 4-
2 in line number 8 and 9. Then in line 11 — 26, it identifies the window relationship type that
exists between the given windows based on Definition 4-3. And if the given feed sources are
dissimilar, the window relationship type is Disjoint as shown in line number 28.

Pseudo Code 4-1 :WinRelation Identifier Algorithm

Input:
1. Wi, Wy:Window // Windows of queries
2. FS:,FS;: String // Feed sources of queries
3. TEQ: Decimal // Equality threshold
Intermediate:
4. minTR, maxTR, S, E, D :zDecimal
5. BV: Row-Vector
Output:
6. WinRel: String
Begin:
7. IF(FS; = FS;) Then // Same feed source thus apply Definition 4-3
8. BV = BoundarySim(W,;, W) //using Definition 4-2
9. S = BV[O],E = BV[1],D = BV[2] //Boundary time differences
10. minTR = -TEQ , maxTR = TEQ //minimum and maximum threshold

11. | //isBetween checks if the given parameter is between minTR and maxTR
12. | IF((1sBetween(S))AND(isBetween(E))) Then

13. WinRel= Similar”

14. | Else IF((S<minTR AND isBetween(E))OR(1sBetween(S) AND E>maxTR)
15. | OR(S<minTR AND E>maxTR)) Then

16. WinRel= ”Includes”

17. | Else 1F((S>maxTRANDisBetween(E))OR(1sBetween(S) AND E<minTR)OR
18. | (S>maxTRAND E<minTR)) Then

19. WinRel= Included-In”

20. | ElIse IF(D<minTR OR D = 0) Then

21. WinRel= ”Disjoint”

22. | ElIse IF(((S<minTR)AND(E<minTR))OR((S>maxTR)AND(E>maxTR))) Then
23. WinRel = Overlap”

24 . | Else
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Pseudo Code 4-1: WinRelation Identifier Algorithm
25. WinRel= ”Disjoint”
26. | End IF
27. | Else // Different feed sources thus Disjoint
28. WinRel= ”Disjoint”
29. | End IF
30. | Return{WinRel)
End

Example 4-2: [Window Relationship Type]

Referring to queries in Table 1-1, the window relationship type between each query window definition is

given in Table 4-3.

Table 4-3: Windows Relations for of queries identified using WinRelation algorithm

Query | Qi Q2 Qs | Qs Qs Qs
Q1 = - = g g =]
Q2 c = c o< g g
Qs = - = g g =]
Q4 (=S S S = S| m
Qs =] o< g g = g
Qs > S| S| M RS =

Once windows relationship types have been identified, the last step in MQO plan preparation is
MQE base chain generation as presented in next subsection.

STEP 3. MQE Chain Generation

Before the actual execution of multiple queries, appropriate data structure should be used for
efficient utilization of resources and faster execution of queries at run time. In this work, we used
chaining to structure queries based on their window relations. A chain is a singly linked list of

queries with window related with a given relationship type as detailed in Definition 4-4.




SNF Query Processing

Definition 4-4: [Chain of X]
Given n queries, Q1, Q2, Qs....,Qn, and windows relationship type X, Chain of X, is set of queries
related with the relationship type X and are stored in a linked list data structure. Formally, it is

denoted as:

Cx={Q1, Q2 Qs...,Qn }
Where:

- X= WinRelation(W; W;), WinRelation returns window relation type between W; and W;

- Wi, Wjare windows associated to Q;, Q; € {Qy, ..., Q,} respectively

Accordingly, queries in a given chain will be executed on shared windows according to the MQE

rules given in Subsection 4.2.4.

The algorithm given in Pseudo Code 4-2 is devised to generate a MQE chain. It accepts a
collection of windows relationship types identified using Pseudo Code 4-1 and list of queries as
input. In line 5-19, the algorithm generates chains of Includes, Similar, Disjoint, Included-In and

Overlap type represented as a base linked list based on Definition 4-4.

Pseudo Code 4-2: Chain Generator Algorithm

Input:
1. |WinRel: Collection-Window // set of Window relation type
2. | Query: Array // set of queries

Intermediate:
3. SimChain, IncChain, IncInChain, OverChain, DisChain: LinkedList

Output:
4_ | Chain: Array // set of chains
Begin: // generation of chain

5 Fori=0 To rowLength(WinRel)

6. For j=i+1l To columnLength(WinRel)

7. IFQWInRel[1][j]="Similar”) Then

8 addToChain(simChain, Query[i], Query[]j])

9. //addToChain links queries to a given chain
10. Else IF(WinRel[i][J]="Includes”) Then

11. addToChain(IncChain, Query[i], Query[]j])
12. Else IF(WinRel[i]1[J]= “Included-In"") Then
13. addToChain(IncInChain, Query[i], Query[j])

14. Else IF(WinRel[i][J]="0verlap”) Then
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Pseudo Code 4-2: Chain Generator Algorithm

15. addToChain(OverChain, Query[i1], Query[j])

16. Else

17. addToChain(DisChain, Query[1], Query[jl)

18. End IF

19. End For

20.| End For

21.| Return(SimChain, IncChain, IncInChain, OverChain, DisChain)
End

4.2.1.2 Shed Key Extractor

One of the potential problems of evaluating queries over streaming sources arises when the
incoming stream rate exceeds the processing capacity of the CPU. This is even worst when query
evaluation done over a semantic information. In such cases, a technique called load shedding is
used to gracefully decrease the data load to increase the performance of the system without

affecting the relevancy of query result [6].

There are two types of load shedding techniques; random and semantic dropping as discussed in
Chapter 2 of this paper. Based on the analysis of the loss/gain rate, random load shedding
determines the amount of data to shed to guarantee the output rate. For semantic drop, it assumes
that different data element values vary in terms of utility to the application. Among these, we
have employed semantic load shedding technique as detailed in Subsection 4.2.3.2. Accordingly,
our semantic load shedding technique uses keys retrieved from user query's search term to drop
non-relevant data elements when stream of data arrive at run time. The Shed Key Extractor
subcomponent in the Static Query Optimizer is responsible to perform the task of key retrieval. It
performs its task in two main steps: Key Extraction and Key Expansion as presented next.

STEP 1. Key Extraction

Key extraction is the process of filtering out important words or terms from a given set of
queries” search term. A key is a word whose meaning helps in representing the notion of the
query's search term. Since nouns and verbs are successful to represent a search text [19], we use

them as key. Key extraction process generates a Key Set given by Definition 4-5.
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Definition 4-5: [Key Set]

Given a set of queries Q containing queries g1, g2, Js,...,0n and each query has a valid search
term, a key set K is a set of keys extracted from each queries in Q containing a collection of keys
kl! k21 k31"'1 km

In the key extraction process we perform a pre-processing tasks on a given collections of search
terms. This implies Tokenization and Part of Speech Tagging. Tokenization is the process of
breaking a given text (search term) into words or other meaningful elements called tokens. The
list of tokens becomes input for the part of speech tagging task, which is the process of marking
up a word in a text as corresponding to a particular part of speech based on both its definition as
well as its context. The part of speech tagging task is performed with Brill's tagger algorithm
[40]. Then after these preprocessing tasks, ‘nouns and verbs are selected as key representing the
whole search term. Example 4-2 shows the extraction process.

Example 4-2: [Key Extraction]

Referring to queries Q; and Q2 in Table 1-1 with search terms “car crush killed two people in
Iran” and “Dead in Tehran car accident ”, the keys extracted after key extraction process are:
“car, crush, kill, people, Iran, dead, Tehran, accident”. These keys are used as a representative
for search terms of the two queries.

STEP 2. Key Expansion

The second step in our semantic load shedding approach is Key Expansion. Since our QuickDrop
algorithm (Pseudo Code 4-3) employs text matching to drop data elements from the incoming
data stream, applying keys identified in the first step may lead to considering keys having same
meaning as if different. The solution to such problem is to perform key expansion (i.e.,
enhancing key with concepts extracted from knowledge base). Key enhancement is given in
Definition 4-6.

Definition 4-6: [Key Enhancement]

Given semantic Knowledge Base KB, k' is the semantically enhanced form of the key k, if k is
rewritten with related concepts extracted from KB. It is formalized as:
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k' = getConcepts(k,KB)
Where:
- getConcepts() returns similar words having related concepts from knowledge base

with a knowledge depth of 2.

So the key expansion process enhances each search key in a given key set and as a result the
search key space increases. And this provides enough search keys to the quickDrop algorithm
and helps to reduce the probability of dropping relevant data elements.

Example 4-3: [Enhancing Keys]

For keys identified in Example 4-2 i.e. “car, crush, kill, people, Iran, dead, Tehran, and
accident”, the key enhancement task produces the following clusters of keys:

“car, auto, vehicle”, *“crush, leather”, “kill, terminate, deathblow”, *“people,
group”, “Iran, Middle East, and ”’dead, slain, accident, collision, and crash”

Generally, the output of the Static SNF Query Optimization is a set of query execution plans
containing the following:

» MQE Chain: as detailed in Section 4.2.1.1 the MQE chains (i.e. chain of Includes,
Included-In, Overlap, Similar and Disjoint) is generated. Each chain contains a set of

queries to be executed on shared window.

> Key Set: as explained in Section 4.2.1.3 before the actual load shedding is done at run
time, keys are needed to filter out less relevant data from the incoming stream of data.
Thus, a set of keys are generated to be used later to apply load shedding on shared

window.

Finally, after the static query optimization, the next phase is runtime optimization performed at

run time during query execution which is the issue of the next section.

4.2.2 Execution Manager

The Execution Manager subcomponent is responsible to trigger phase two of SNF query

optimization i.e. run-time optimization process and multi-query execution. To trigger execution,
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the execution manager reads user schedule, which is stored in profile database as part of user
preferences. User schedule contains day of the week and specific time of a day of which the
execution result of a particular query will be delivered. To do so, the execution manager employs
daemon thread to actively inspect user schedule per query and maintain the list of queries
scheduled for execution. Figure 4-5 shows sample list of queries together with associated
execution schedule generated by Execution Manager for queries given in Table 1-1.

However, as multi-query execution adopted in this research, the initial schedule is synchronized
I.e., query schedules are rearranged to fit the task of multi-query execution. Hence, the execution
of one query may trigger the execution of many queries which are planned to be executed
together by static query optimizer. Accordingly, when the time scheduled for a particular
schedule is reached, the execution manager starts by reading MQE plan from the profile database
generated by static query optimizer for a set of queries. Then it interacts with the run time
optimizer components to get a shared window with optimal size. Finally, it provides the Multi-
Query Executor components with MQE plan and the generated shared window.

QiD Execution Time (GMT)  Time Remaining(Min.) Scheduled Time(GMT)
100 00:12:50 12 10:00:00
10 02:12:50 132 12:00:00
102 03:12:50 152 13:00:00
103 06:12:50 372 16:00:00
104 07:12:50 432 17:00:00
105 07:12:50 432 17:00:00

Figure 4-5: Sample Execution table/schedule generated by Execution Manager

4.2.3 Run Time Optimizer

The optimization tasks undertaken in the first phase are static and are performed before the
actual stream of data arrives. However, phase two optimization of SNF query is performed just
when the actual stream of feeds arrives at run time. To do so the Run Time Optimizer component
in the query engine accepts MQE plan generated in phase one from the Execution Manager and
generates a window with optimal size. The subcomponents in the Run Time Optimizer are Load
Shedder and Window Generator. Each of these components is discussed in detail in the

following sections.
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4.2.3.1 Window Generator

The Window Generator is specifically responsible to generate window with optimal size using
the information passed from Run Time Optimizer. As discussed in Chapter 2, a window is a
mechanism to extract finite set of items from infinite data stream. Each news item in a given feed
has a timestamp value which is added when the item is created or later upon transmission. The
load manger takes the user preferences containing feed source and window boundary condition
from the Execution Manager and interacts to the actual feed sources from the web and generates
the desired window. Since feeds are dynamic and streamed continuously to the feed reader
application, sliding window technique is used in our proposed approach.

Sliding Window

Instead of sampling the data stream randomly, we use the sliding window model to analyze
stream data. The basic idea is that rather than running computations on all of the data seen so far,
or on some sample, we can make decisions based only on recent data. More formally, at every
time t, a new data element arrives. This element “expires” at time t +w, where w is the window
“size” or length. The sliding window model is useful for applications where only recent events
may be important. It also reduces memory requirements because only a small window of data is
stored [20].

RSS news items are dynamic and in [3], Liu et al. stated that the update rate of RSS feeds is
widely distributed and 55% of RSS feeds are updated hourly. Hence, in the proposed approach,
the size of window to be used is one hour over a non-overlapping window. So a feed item will
remain active for an hour and it will expire then after. The window generator requests for feeds

in one hour interval shown in Figure 4-6.
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Figure 4-6: Non-overlapping sliding window with variable size
4.2.3.2 Load Shedder

Sometimes the arrival rate can significantly increase and exceed system capacity. So the
immediate solution for such a case is to shed some of the load. In general terms, load shedding is
the process of dropping excess load from the system [21]. The Load Shedder subcomponent
employs a shedding operator called QuickDrop to drop non-relevant data elements based on text
matching, which is much faster than semantic analysis based comparison as explained next.

The QuickDrop Operator

The operator quickDrop(W, T, K, e) takes four parameters; W denotes a shared window
among a set of queries for Multi-Query execution, T denotes the attribute of the news feed for
shedding like title, description, K denotes a set of enhanced keys and e denotes the level of

precision to be used for sampling.

Our shedding algorithm is given in Pseudo Code 4-3. The quickDrop operator drop those news
items having key sets extracted from attributes in T which do not share common key and
estimated to have less contribution to the query result. To perform this, it first determines the
optimal window size and estimates the error that might occur in the query processing due to
shedding. It is known that, as the window size decreases, the error estimation will be large and
degrades the query processing result. Thus, the operator dynamically adjusts the window size to
keep the relevance of query result. After the determination of window size, the operator drops
non-relevant data elements. Next the steps followed in shedding data load are presented in detail.
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STEP 1. Determining Optimal Window Size

We say a window has optimal size when the total numbers of data elements it contain do not
exceed data load processing capacity of the system. Since every data elements in a given window
may not be relevant to the query processing result, dropping those non-relevant data elements
helps to identify optimal window size. To determine optimal window size, relevancy analysis is
made on individual data elements (news feeds). Relevancy analysis is the process of measuring
the importance of a given data element based on its key content given in Definition 4-7.

Definition 4-7: [Key Content]

Given the set K containing key terms/concepts extracted from multiple queries and a data
element(news feed) e represented by its attribute(Title, Description), key content of e determines
to what extent e shares keys with K and thus it measures how much information that a news feed

e contains. Formally, it is denoted as:

K]

en
KeyCon(e) = |

T

Where:-
- |e N K] returns number of matching keys in e to K,

- |K] is the number of elements in K.

Key content is a value between 0 and 1. A value of O tells us that a data element contains no
matching key to the keyset. Even though, the key content for a particular data element is O, there
is a probability to get semantically similar word(s) that match one of the keys in the given key set
at a higher semantic knowledge depth. On the other hand, a value of 1 tells us that a given data
element contains all the keys in a given key set. Finally, we classify the data elements in the
window based on their key content into relevant and less relevant classes. We assume that
relevant class has data elements with a key content greater than 0 and less relevant class has data
elements with a key content of 0.

After the classification process, data elements in relevant class will be chosen as candidate
elements to be included in the new optimal window. And to decrease the probability of missing
those data elements having hidden semantic information relevant for query answer at a higher
knowledge depth, all data elements in less relevant class may not be dropped. Thus, we apply
statistical techniques to select some of the data elements at random and include them to the new
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optimal window. Hence, among the total population N of data elements in less relevant class, a
sample n is selected. A statistical sample size determination formula, N/ (1 + Ne?), in [22] is

used to calculate n; where e is the level of precision®.

Finally, if M is the number of elements in relevant class, then the new optimal window will have

M +n number of elements; where n is the sample taken from less relevant class.

STEP 2. Error Estimation

A good load shedding scheme drops data load with a graceful reduction in system performance.
Load shedding increases the performance of the system at the cost of degrading the quality of
query result. Hence, to keep QoS, error on the query result should be estimated; and we have
quantified the error which is dependent on the level of sampling precision e. Thus, if the number
of data elements in less relevant class is N and for sample size n, then the number of data
elements to be dropped is given by N — n. Based on this we have estimated the error ¢ as a ratio
of dropped data elements to number of data elements in less relevant class as given by Equation
4-2.

N_
£= Nne[O,l] 4-2

If the error is above a given threshold value, then the operator dynamically adjusts the sampling
precision level. Equation 4-3 is the sampling precision level e adopted from the sample size
determination formula in [22] and from Equation 4-2.

4-3

Finally, with the guidance of estimated error, the final stage is generating the new optimal
window by dropping data elements at random from less relevant class, which is the issue of the
third step.

“The level of precision, e, is calculated as 1-confidence interval, in the sample size determination formula
used in [22] with a 95% confidence level and 50% degree of variability.
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STEP 3. Dropping News Feeds

Having identified those news feeds in relevant class which are expected to yield query result and
identified the sample size n to select from less relevant class, we drop N —n number of data

elements randomly from less relevant class which has a total population of N.

The three core steps in our quickDrop operator i.e. window size determination, error estimation
and data element dropping are given by algorithm given by Pseudo Code 4-3.The algorithm
accepts a window, feeds attribute on which to perform the load shedding process, enhanced key
set as discussed in Section 4.2.1.3, sampling precision level e, and error threshold value. Then in
line 12-21, the algorithm performs classifications of news items into relevant and non-relevant
classes. In line number 22-27 the algorithm computes the sample size and estimates the error. If
the error is above the given threshold, then it computes the precision level e and re-computes the
sample size going back to line 22. And if the error is below threshold, then the algorithm selects
the specified sample randomly in line 29. After all in line 31-33 the algorithm merges those
selected sample together with the elements in relevant class into a new optimal window. As
compared to the original window accepted by the algorithm, the final resulting window has
optimal size and hence meets our objective. Having a detail on the QuickDrop operator, in the

next section we deal with how to place it in a Multi-Query Execution plan.

Pseudo Code 4-3: Algorithm for quickDrop Operator

Input:
1. | Window: Collection // Shared window
2. | Attrb: String // data element attribute
3. | keySet: Array // enhanced key set
4. |e: Decimal // sampling precision level
5. | TError: Decimal // error threshold
Intermediate:
6. | lessRel: Collection // less relevant class
7. | keyCon: Decimal // key content
8. | Error: Decimal // estimated error
9. | SamSize: Integer // sample size
10. | Smaple: Collection
Output:
11. | opWindow: collection // optimal window
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Pseudo Code 4-3: Algorithm for quickDrop Operator
Begin:
12. For 1=0 to sizeOf(Window) // classification
13. For j=0 to sizeOf(keySet)
14. keyCon = count(keySet[j].,Window[i1],Attrb)/sizeOf(keySet)
15. IT keyCon> O Then
16. opWindow.add(Window[i]) // relevant class
17. Else
18. lessRel _.add(Window[1]) // non-relevant class
19. End IFf
20. End For
21. End For
22_| START:
23. SamSize = sizeOf(lessRel)/(1+(sizeOf(lessRel)*e*e)
24. Error = (sizeOf(lessRel)-SamSize)/ sizeOF (lessRel)
25. IT Error>TError Then
26. e = sqrt(Error/(sizeOf(lessRel)*(1-Error)))
27. GOTO START
28. Else
29. Sample = getSample(lessRel,SamSize)
30. // getSample() selects random sample
31. For g = 0 to sizeOf(Sample) //merging sample to opWindow
32. opWindow.add(Sample[q])
33. End For
34. End If
35.| Return (opWindow)
End

QuickDrop Operator Placement

In general, load reduction should be performed early in a query plan to avoid wastage of
computation on non-relevant data. Therefore, given a Multi-Query Execution plan on a shared
window, the quickDrop Operator is applied on the given shared window before the actual query
operation. Figure 4-7 shows a Multi-Query Execution plan for three queries Q; Q. and Qs on a
shared window W. Figure 4-7 (A) shows the original plan and (B) shows a plan with quickDrop

operator f3.
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(A) Original Multi-Query plan (B) A plan with quickDrop Operator

Figure 4-7: QuickDrop operator placement in Multi-Query Execution plan

As shown on the figure, the quickDrop operator is applied early in the query plan which helps to
eradicate non-relevant data elements from query processing.

Finally, the run time SNF query optimization process produces sharable window with optimal
size that can satisfy the need of all the queries in the current execution queue. Then after run time
query optimization, the query engine passes the execution plan produced by static query
optimizer with a shared window generated by run time optimizer to the next component in the

query engine called Multi-Query Executer which is discussed in next section.

4.2.4 Multi-Query Executer

Query execution is the process of executing the plan chosen during query optimization. The
objective is to execute the plan quickly by returning the answer to the user (or more often, the
program run by the user) in the least amount of time. This is not the same as executing the plan
with the fewest resources (CPU, 1/0O, and memory). For example, a parallel query almost always
uses more resources than a nonparallel query, but it is often desirable because it returns the result
more quickly. Hence, in order to execute multiple queries together, we proposed a rule based
Multi-Query execution strategies supplemented with thread based execution. Accordingly we
have identified the following five MQE rules:

MQE Rule 1: If queries Q; and Q. are semantically similar, then apply the execution result of
one of the queries to the other.




SNF Query Processing

MQE Rule 2:

MQE Rule 3:

MQE Rule 4:

MQE Rule 5:

If a query Q is member of Cpisjoint 1.€., in disjoint chain, execute Q independently.

If a query Q is member of Cinciudes, Csimilar OF Cincluded-1n 1.€., in Includes, Similar or
Included-In chain, then identify the largest chain containing Q and generate a
window for the first element in the chain and apply MQE Rule 1. If there are
more than one chain with equal size containing Q then apply MQE Rule 4 to

execute Q.

If there are multiple equal sized chains i.e. Cinciudes, Cincluded-in OF Csimilar CONtaining

Q as their first element then execute Q on the union of the chains.

If queries Q1 and Q2 are members of CoveriapWith windows Wy and W, respectively
and if Qi is scheduled earlier than Q; then execute Qi on W; and Q; partially on

the intersection of W;and W,

Accordingly, the Multi-Query Query Executer subcomponent in the query engine employs these

MQE rules to execute a set of queries considering semantic information from the Knowledge

Base database on a shared window generated by the Load Manager subcomponent.

4.3 Database Schema Design

In the proposed system, we have two databases: profile database and Knowledge base described

in this section.

4.3.1 Profile Database

The logical database model shown in Figure 4-8 represents entities in the Profile Database and

the interaction between entities. The following are the list of tables extracted from the logical

database model:

» User (UserlD,FirstName, LastName, Email, Password):contains the basic information

about a user uniquely identified with UserID.

» Feed_Source (Source_ID, Source_URL, Source_Name): represents news feed providers

information such as feed address (URL), source name.
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» User Query (QID, Search Value, feed attrubute, operator,Treshold,Semantic_Flag,
,Optimize_Flag, Item_Connector, K): represents user query detail such as search value,
RSS operator, threshold value, semantic flag, item connector and K value for TopK RSS

operator.

» Optimized_Query (QID, Query_Expression, MQE_With, Window_Rel _Type): represents
the detail about a particular user query after optimization process. It includes the best
operator execution order that minimize execution time, query (ies) with which to execute
together and the window relationship type, the load shedding technique to apply to shed

load.

» Window (QID, Feed_Src, Win_Begin, Win_End): represents the information to generate
a window like source of news items, the start and end boundary conditions.

» User_Schedule(QID, Day of Week, Time_Of Day): represents user query execution
schedule information like day of the week and time on which the result of query

execution is returned.

» MQE_Chain (CID, Chain): represents a base chain generated containing a set of queries
to be executed together. It is used to generate a singly linked list at run time.

4.3.2 Knowledge Base

The knowledge base adopted in this research is WORDNET 2.0, English lexical database stored
in MySql relational database. Thus, the logical database in Figure 4-9 represents entities
referring to Concepts, Words, Semantic-Relation-Type, and Semantic-Relation and their
interaction. The following are the list of tables extracted from the logical model:

» Concept (Synset_ID, description): represents concepts in Knowledge Base (i.e.,
collection of words having the same meanings). Synset_ID is a unique identifier that

identifies a concept.

» Words (word_id, Synset_ID, word, ss_type): represents a word together with the concept

or synset it belongs to. SS_type indicates the type of word (such as verb, noun).




SNF Query Processing

> Semantic-Relation-Type (SemRelationID, Type, Description): represents the different

semantic relationship discussed in Chapter 2. Each relationship is uniquely identified by

SemRelationID.

» Semantic-Relation (Synset_Id_1, Synset_ld-2, SemRelationID): represents the semantic-

relationship existing between two concepts identified with corresponding synset Id.

" | feed_source
srcID INT(11)
userlD VARCHAR(45)
#url LOMGTEXT

_| thl_optmzd_query

s gid INT(11)
oper_exec_order TEXT
mge_with INT(11)

2 load_shad_tech TEXT
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# chain TEXT
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win_relation TEXT
indudes TEXT

¥
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i g e s e i oA e |

—| tbl_user v
userlD LOMGTEXT
first_name DOUBLE
last_name VARCHAR(45)
email V ARCHAR{45)
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—
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userID VARHAR(45)
»search_value LONGTEXT
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_] user_schedule ¥
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¥
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I
|
|
|
|
|
|
|
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Figure 4-8: Logical database model of profile database for SNF query engine




SNF Query Processing

| thl_semantic_relation v —| thl_Semantic_Relation_Type ¥
synset_ID _1INT{11) semRelationID INT{11)
synset_ID_2TEXT Type TEXT

semRelatonID VARCHAR{MS) D cscription VARCH AR(15)

# thl_concept_synset_ID INT{11)

¥ ¥

I |

| |

I I

I I

| |

+ +

"] thl_concept b | thl_words v

synset ID INT{11) word_ID INT(11)
description TEXT synset_ID TEXT

H—————— —< < word vaRcH AR(45)
+ 55 Type VARCHAR{45)
# tbl_concept_synset_ID INT(11)

Figure 4-9: Logical database model of profile database for SNF query engine

4.4 Summary

In summary, the work presented in this chapter on query processing tasks in our SNF query
engine focus on two main phases of optimization; Static SNF Query Optimization and Run-Time
Optimization. The static optimization is performed just after the submission of user queries. It
focus on MQE plan generation based on semantic similarity of queries plus windows relation and
shed key filtering. After the static optimization tasks, the MQE plan will be registered to profile
database to be used later at Run-Time optimization and query execution.

Then after the tasks in the first phase are accomplished, the run time optimization process starts
just at the time of query execution. The main objective of run time optimization is to generate a
shared window with optimal size. To meet that, it employs semantic load shedding scheme
incorporated into our QuickDrop operator to gracefully decrease non-relevant data from a shared
window to get a window with optimal size. Finally, the combined MQE plan of phase one and
optimal sized window from phase two are used to execute multiple queries using thread based
execution strategy guided by a set of MQE rules.




CHAPTER FIVE

5 IMPLEMENTATION AND EXPERIMENTAL
RESULTS

5.1 Introduction

Developing a prototype to demonstrate the validity of the proposed semantic news feed query
optimizer is one of the objectives of this research work. Hence, to realize the proposed approach,
we have implemented a desktop based prototype using Microsoft C# programming language.

The prototype allows users to:

1) Subscribe their preferences and define queries
2) Schedule queries and manage query schedule using query scheduler component and
3) Auto execution of queries according to the given user schedule.

In addition, the prototype is used to test the performance of the proposed system. In particular,

three groups of experiments are conducted. These are:

1) Network access time (NAT) experiment to show how sharing a single window for

multiple queries decreases the network access time.

2) Multi-Query execution (MQE) experiment to show how execution of multiple queries

together increases the performance of the system.

3) Load Shedding experiment to show how load shedding increases the performance of the

system considering quality of service issues.

All the experiments were conducted on personal computer with a single Intel Celeron CPU (2.2
GHz speed), 3 GB RAM and with a network connection speed of 54.0 Mbps. In addition, we
have used WordNet 2.1 for the knowledge base.
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The rest of this chapter is organized as follows. In Section 5-2 presents the user interfaces of the
developed prototype. Then in Section 4-3 experimental results are presented.

5.2 User Interfaces

We have developed a set of Graphical User Interfaces to facilitate the interaction between a user
and the proposed system. The interfaces include login, user preference subscription interface,
user query definition, query schedule editor and query execution result displaying interface. Next

these main interfaces are presented in turn.

5.2.1. User Preference Subscription Interface

The user preference subscription interface shown in Figure 5-1 is used to register preferred feed sources

to the system. The system uses user’s preferences to get feed items to execute queries at run time.

)
3 SNFQO Query Interface |l el

_Il'eed Source Registration i

Feed Source  http://www france 24 com/en/monde/rss

Source Name | France24 Mews|

l Reaqister ]
Reqistered Feed Sources
Feed Source Source Mame i
http:/feeds bbci.co uk/news./rss xml BEC Mews L
[ | hitp:/fwww france24.com/en/monde/rss Franceld News
http:/feeds reuters com/Reuters wordMNews Reuters Mews
http:/feeds bbci co uk/news/rss xml ?edition=int BEC NEWS HOME
hittp:/ fevww france24 com/en/afiguerss Franced News
http://newsrss bbc.co uk/rss/newsonline_word_edition/africa/rss xml BEC Mewws Ward <
4 [ I d b

Status  Ready

Figure 5-1: User preferences subscription interface

5.2.2. Query Definition Interface

The user query definition interface shown in Figure 5-2 is used to define user's SNF query. To
define an SNF query, first the feed source is selected from a given set of sources, and then the
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attribute of the feed source, the RSS operator, search term and operator parameters are filled. The
operator parameters include the equality threshold, semantic flag, K if the operator is TopK, and

the item connector.

sl SNFQO Query Interface o | B
— -
| Feedéﬁrfiegistmt_i_oljj Query Definition | Execution Schedule | Execution Result | Timing Analysis | Depth of Knowledge|
Select feed source
ok W 7 PR T Operator Value to be searched
eed Sources eed Source = ected Feed Sources | Sucde death]
Reuters News http://feeds reuters.com./Reu| | http ./ fwwrw france24.com/en/mg TopK
BBC NEWS HOME  hitp:/Aeeds bbci.co.uk/news| = :
France24 News http:/Awnarw france24.comsen| =
BBC Newws Word  hitp://newsrss bbc co uk/rss! _!
France24 News http:/wwew france 24 com/en
CHHN Sport News http://res.cnn.com.es/editior
MY Times News http:/ feeds mytimes.com/myt,
CNN Word Mews http://res.cnn.com.rss/editior
CMN America http://rss.cnn.com/rss/editior
BEC Entertainment  http://feeds bbci.co.uk/news Operator parameter ...
BBC Africa http:/feeds bbci co uk/news Equality oSt K ftem
SHAME http:/feeds bbci.co.uk/news Threshold Semantic 7 Connector
SNAME hittp://feeds bbci co uk/news - 05 [¥] Yes 9 fitle
' m I 3 7| m =) 3
Merging Rule Add to Schedule
Status  Ready
L )

Figure 5-2: SNF query definition interface

After filling all the required information, the next step is to arrange a schedule for the given
query to be executed. To do so, clicking the “Add to Schedule button displays a small query

scheduling window described in Section 5.2.3.

5.2.3. Query Scheduling Interface

The query scheduling interface shown in Figure 5-3 is used to schedule query. To make a
schedule for the given query, the user highlights a particular square representing the day of the
week and the time of day user wants the result. A given query can be scheduled more than one

by highlighting more squares.
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i a5l SMFQO Query Execution Time Table [ = | =] |ihjﬂ|

Query Execution Time Table

1 2 3 4 ] 6 i 8 9 10 11

Monday .
Tuesday
Wednsday

Thursday

Friday -

Saturday

Sunday

Figure 5-3: Query scheduling interface
5.2.4. Query Execution Status Displaying Interface
The interface shown in Figure 5-4 is used to view the query execution status and the weekly
query execution time table. The time table displays the weekly schedule and when a particular

square is clicked, it displays the query scheduled at that particular time and day of week. The
user can also make a change on query schedule directly on the time table presented.

o SNFQO Query Interface - =aE= X

| Feed Source Registration | Query Defintion | Execution Schedule

Curent Query Execution Status Weekly Query Execution Time Table
1 2 ¥ o & & F 8 9 ik M

H Remaining Time Total Minutes remaining Scheduled A.. Monday
1 04:18:26 258 10:00:00

Tuesday
s 06:18:26 378 12:00:00
3 07:18:26 438 13:00:00 Wednsday
4 10:18:26 G618 16:00.00 Thursday
] 11:18:26 678 17:00:00 i

Friday -
5 11:18:26 678 17:00:00

Saturday

Sunday -

Status Ready

Figure 5-4: Query execution status displaying interface
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5.2.5. Query Execution Result Display Interface

After the execution of a particular query, the interface shown in Figure 5-5 is used to display the

query execution result.

gl SNFQO Query Interface =HREs X

| Fezd Source Regiraton | Query Defintion | Exccution Scheduie | Executon Resul | Timng Anayss |

<?xml version="1.0" encoding="150-885%-1" ?>
- <Result>
- <item>
<title =Seau's death confirmed a suicide</title =
- «<description=>
<p>Former NFL star Junior Seau committed suicide by shooting himself in the chest, autopsy
results confirmed on Thursday, according to San Diego County authorities. </p>
<p>Seau, a hugely popular NFL veteran, was found wounded at his beachfront home north of San
Diego on Wednesday by his girlfriend, who notified authorities. </p>
<p>Emergency crews were unable to revive him and he was pronounced dead at the scene.</p>
<p=Although he left no suicide note, the county medical examiner's office said Thursday that an
autopsy confirmed suspicions that he had taken his own life.</p>
<div /=
<fdescription=
<pubDate=Fri, 04 May 2012 00:25:27 GMT</pubDate:
<ink=http:/ /www.france24.com/en/20120504-seaus-death-confirmed-suicide?
ns_campaign=editorial& ns_source=RS5_publicBns_mchannel=RS5&ns_fee=08&
ns_linkname=20120504_seaus_death_confirmed_suicide </link >
<sim=0.577 </sim>
</item =
</Result> o=

m

Status  Ready

Figure 5-5: Interface for displaying query execution result

5.3 Experimental Results

The performance of the system has been demonstrated with three experiments. The first
experiment is done to show how sharing a single window for multiple queries decreases the
Network Access Time (presented in sub-section 5.3.1). The second experiment is done to show a
performance increase of our proposed approach of MQE based on the window relationship type
that exists between a set of queries (presented in sub-section 5.3.2.) and the third experiment
deals on the effect of load shedding on the performance of the system(presented in sub-section
5.3.3).

5.3.1 Network Access Time (NAT)

This experiment is done to show how queries having same feed source can share a window to be
executed on whether they are semantically similar or not. The experiment is performed on 50

queries and Figure 5-6 shows the network access time required to generate a window for
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multiple queries (shared network access) in comparison with generation of windows for

individual query (linear network access).

We made the system to process 50 queries at a time. And, the execution is on a pair [D, Y],
where D denotes disjoint queries and Y denotes other relations i.e. Includes, Similar or Overlap.
Accordingly, the black line shows the network access time required to generate windows of the
50 queries. The graph shows that the network access time is almost constant independent of the
number of queries. However, in the case of our shared network access approach, the result shows
a decrease in time as the number of disjoint queries decreases in the pair [D, Y]. Initially the pair
of queries was [50, 0], in which all of the query set are disjoint; and the corresponding network
access time required to generate windows is almost the same as the traditional linear approach.
When the number of queries related with Includes, Similar or Overlap window relationship type
increases and Disjoint queries decreases in the pair, the proposed approach utilizes semantically
similar feed sources to generate a common window for queries with the same window

relationship type.

Hence, the required time for shared network access decreases each time as shown in the red,
blue, and green lines representing Overlap, Includes and Similar relationship type for Y

respectively in the pair [D, Y].
5.3.2 MQE of SNF Queries

This experiment is done to show the performance of the system on executing multiple SNF
queries together using our proposed approach and the traditional linear query execution
approach. Figure 5-7 shows query execution time required to execute all the 50 queries. Using
traditional approach, the required time is almost constant as shown by the pink line. However, in
the case of our proposed approach to execute multiple SNF queries together, the time
requirement decreases as the number of disjoint query in the pair [D, X] (D for disjoint and X for
Similar, Includes or Overlap) decreases and queries with Includes, Similar or Overlap increases.
As a result, the lines in red, green, and blue on the graph for pairs of disjoint with Overlap,
Includes and Similar respectively approaches down to the origin showing a decrease in execution

time and hence an increase in the performance of the system.
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5.3.3 Load Shedding

This experiment is done to show the performance of the system before and after load shedding is
applied on the incoming data. In addition, the experiment shows the performance of the system
on different sampling precision level. For this experiment the 50 queries used for the above
experiments were employed and with a sampling precision level (e) of 0.5. Figure 5-8 shows the
experimental result of query execution timing before and after applying our quickDrop operator
for load shedding. From the figure, the graph shown in blue is query execution timing before
employing our quickDrop operator. And the graph shown in red is query execution timing after
employing our QuickDrop operator.

As shown by the graph, initially the execution timing before using the QuickDrop operator was
between 0.2-1.3, but after the employing our QuickDrop operator, the execution timing drop
down to the range 0.04 - 0.3. This shows that the graceful decrease in data load by our
QuickDrop operator decreased the execution timing and hence increased the performance of the
system.

On the other hand as discussed in Section 4.2.2.3, when the precision level decreases the sample
size increases according to [22] and hence the window size increases and as a result decreases
the query processing performance of the system. The experimental result shown by the graph in
Figure 5-9 shows the effect of decreasing the precision level from 0.5 to 0.2 on the performance
of the system. Accordingly, the execution timing of queries before load shedding shown by the
graph in blue remain the same and the execution timing after load shedding with a precision level
of 0.2 shown in green increased and hence the performance of the system decreased as compared
to the execution timing after load shedding with a precision level of 0.5. However, as the
precision level increases, the error decreases and ensures the quality of query result. To keep the
balance between precision level and the performance of the system, our quickDrop operator uses
the given error threshold value. If the resulting error is above the given threshold the operator
dynamically adjusts the sampling precision level to maintain the balance between the quality of
query result and the performance of the system.
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Finally, as shown by the experimental results, the proposed QuickDrop operator is effective to
gracefully decrease the data load to increase the performance of the system while keeping the
quality of query result. And by this, it meets the objective of phase two SNF query optimization.

Exec.time before and after shedding
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Figure 5-8: Experimental result for query execution before and after load shedding
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Figure 5-9: Experimental result for query execution with different precision level




CHAPTER SIX
6 CONCULUSION AND FUTURE WORKS

6.1 Conclusion

Optimization is the process of searching for best query execution plan which minimizes system
resource utilization and maximizes the performance of the system among a set of alternative
plans. Since the data in traditional relational databases are relatively permanent, cardinality based
query optimization technique has been instrumental. But, in stream applications query

optimization is a challenging task due to dynamic and time dependent nature of stream data.

SNF query processing system is one of the streaming applications which process SNF queries
semantically on stream of RSS feeds. The use of semantic information in query processing
increases the relevance of query result at the cost of degrading system performance. Hence, to
benefit from SNF query processing on semantic information keeping the efficiency of system
performance, in this research work we have proposed an optimization approach for SNF query.

The proposed query optimization approach performs the optimization in two main phases; static
SNF query optimization and run time optimization. The first phase mainly performs Multi-Query
optimization, and extraction of keys from a set of queries for load shedding. The proposed Multi-
Query optimization strategy for semantic news feed query follows three steps to generate a MQE
plan. First it evaluates the semantic similarity of a set of queries registered in profile database,
and then identifies windows relationship type among queries accessing from same feed source
and finally MQE chains are generated for the window relationship types identified. In addition,
keys extraction is performed on a set of queries which are expected to be executed together and
are used for load shedding at run time.

The second phase of SNF query optimization is run time optimization which is performed just at
the time of query execution. Here the optimization is done through load shedding which drops
non-relevant data from a given shared window generated by window generator component in the
query engine. For load shedding, we have proposed an operator called QuickDrop operator. The

operator quickDrop (W, T, K, e) takes four parameters; W denotes a shared window
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among a set of queries for Multi-Query execution, T denotes the attribute of the news feed for
shedding i.e. title or description, K denotes a set of enhanced keys and e denotes the level of

precision to be used for sampling.

After the optimization phases, the Multi-Query execution is performed. Supplemented with
thread based execution, the MQE is follows a set of MQE rules identified to manage the
execution of a set of queries in a MQE plan.

To validate our proposal, we have developed a prototype which helps users to subscribe to their
favorite feed sources and define queries, schedule queries and manage query schedule using
query scheduler component, and auto execution of queries according to user's schedule. Using
the developed prototype, we have also conducted experiments to show the proposed approach’s
performance increase on the system. The experiments were conducted to show how MQE helps
to decrease the network access timing (NAT) required to execute multiple window sharing
queries, how MQE on shared window increases the performance of the system, and the
performance gain as a result of load shedding using the proposed quickDrop operator.

Finally, the contributions of this research work are:

» Applying semantic similarity measure as a tool to optimize multiple queries
accessing XML stream

» Introducing semantic similarity measure for windows,

> Introducing the concept of window sharing technique into feed query processing
systems

» Introducing the concept of chain based MQE strategy for XML stream query
processing system

» Semantic load shedding scheme for stream systems accessing XML type of data.

6.2 Future Works

This research work opens up several avenues for future research directions especially in
optimization of stream queries accessing XML type stream of data in data stream management
system with a publish/subscribe architecture in general.
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Hand-held devices have limited system resources and hence needs special attention in
developing DSMS architecture which is costly. Thus, we will check to see if the proposed
approach can be generalized for hand-held device based RSS readers. In addition, our approach
needs to consider how to apply MQE for resource sharing for partially similar SNF queries. And
this will be our next task to make our scheme full. Finally, we will enhance our load shedding

scheme with the ability to decide when to shade data load.
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8 APPENDIX

Sample Microsoft C# Codes Taken From Prototype Development

I. Window Relationship Identifier Function

Public string WinRelationShip(ArrayList wl,ArrayList w2)
{

string wls
string wle

wl[0]-ToString();
wl[1]-ToString();
string w2s = w2[0]-ToString();
string w2e = w2[1]-ToString();
string relationship=""";

double s1 = DateTime.Parse(wls).TimeOfDay.TotalMinutes;
double s2 = DateTime.Parse(w2s).TimeOfDay.TotalMinutes;
double el = DateTime.Parse(wle).TimeOfDay.TotalMinutes;
double e2 = DateTime.Parse(w2e).TimeOfDay.TotalMinutes;
double TR = 0.5;

double S = (s1 - s2) / 60;

double E = (el - e2) / 60;

double D = O;

it (s2 > el){
D= (el - s2) /7 60;}

elseif(sl>e2)
D = (e2-s1) / 60;}
else{D=0}
elseif ((S >= - TR & S <= TR) && (E >= - TR && E <= TR))
{

relationship ="Similar";

}
elseif (((S < -TR) && (E >= -TR && E <= TR)) |l ((S >= -TR && S <= TR) &&
(E > TRY)) |1 ((S<-TR&&E>TR) | | (S>TR&&E<-TR)))
{

relationship="Includes";

}
elseif (((S > TR) && (E >= -TR && E <= TR)) || ((S >= -TR && S <= TR) && (E <
-TR)))

{
relationship="Included_In";
}
elseif (D < -TR]|D==0)
{
relationship="Disjoint";
}

elseif (((S < -TR) && (E < -TR)) || ((S >TR) && (E >TR))) {
relationship="0verlap";
}

return relationship;}




Appendix

I1. quickDrop Operator

publicArrayListquickDrop(ArrayList WNFeed,stringT, string[] K, double e)
{

ArrayList newWindow = newArrayList();

ArrayList nonRelevant = newArrayList();

ArrayList text = WNFeed;

ArrayList searchTerm = newArrayList();

ArrayList result = newArrayList();

TFIDFMeasure.noSyn = 1'

TFIDFMeasure.depth =

int error;

//Enhancing search key
for (int g = 0; g < pred.Count; g++)
{
result = tf_SemanticNeighborhoodAtDistance(pred[q]-ToString());
TFIDFMeasure.concept_D cd = newTFIDFMeasure.concept_D();
for (int 1 = 0; 1 < result_Count; i++)

= (TFIDFMeasure.concept_D)result[i];
searchTerm_.Add(cd.concept.Replace(" ", ",")-Replace("_", " "));

}

//classification into relevant and non-relevant classes
for (int 1 = 0; i < text.Count; i++)

{
string[] source = text[i] ToString(Q)-Split(newchar[] { *-°, "?°, "I,
T, T, , }., StringSplitOptions. RemoveEmptyEntrles)

for (int j O J < searchTerm.Count; j++)

{
string st = searchTerm[j]-ToString(Q);

var matchQuery = from word in source
where word.ToLowerInvariant() == st.ToLowerlnvariant()
select word;
int wordCount = matchQuery.Count();
it (wordCount > 0)

{
iT (newWindow.Contains(Owind[i]-ToString()) == false)
{
newWindow.Add(Owind[i1]); // relevant class
}
elseif(nonRelevant.Contains(Owind[1])==Ffalse)
{
nonRelevant_Add(Owind[1]);
}
}
}

// sample selection

int lessCount = nonRelevant.Count;

int sampSize;

sampSize = (int)((lessCount) / (1 + (lessCount * e * e)));
// sampling from less relavant class

error = (lessCount - sampSize) / lessCount;

ArrayList randList = newArrayList();

int randNo;
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Random randObj= newRandom();
// generating random number and assign each element in less relevant class

for (int k = 0; k < lessCount; k++)
{
randNo=randObj .Next(1, lessCount);
randList._Add(randNo);

//select the first top sampSize from randList
ArrayList indxList=newArrayList();
int coun=0;
int indxx = O;
whille (coun < sampSize)
{
for (int 1 = 0; I < randList.Count; I++)

{
if (indxList.Contains(l) == false)
for (int m =1 + 1; m < randList.Count; m++)

iT ((int)(randList[1]) >= (int)(randList[m]))

{
indxx = I;
3
else
{
indxx = m;
3
3
indxList_Add(indxx);
3
3
coun++;

// merge the sample with relevant class
for (int j = 0; j < indxList.Count; j++)

{
if (newVindow.Contains(nonRelevant[(int) (indxList[j])]) == false)

{
newWindow.Add(nonRelevant[ (int) (indxList[J]D]1);

¥
1S
return newWindow;

}




Appendix

Publication

International Conference:

We have published our multi-query optimization approach in an international conference
(ANDINET ASSEFA and FEKADE GETAHUN, Multi-Query Optimization for Semantic News
Feed Query, In Proceedings of MEDES 12, Pages 150-157, 2012.)

International Journal:

We have also submitted to the international journal for a Special Issue on Advanced Data Stream
Management and Processing of Continuous Queries in Transactions on Large-Scale Data and
Knowledge Centered Systems (TLDKS) (ANDINET A. and FEKADE G., 2013).
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