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Abstract

Having a code reuse repository available can be a great asset for a
programmer. But locating components can be difficult if only static
documentation is available, due to vocabulary mismatch. Identifying
informal synonyms used in documentation can help alleviate this
mismatch. The cost of creating a reuse support system is usually
fairly high, as much manual effort goes into its construction.

This project has resulted in a fully functional reuse support sys-
tem with clustering of search results. By automating the construc-
tion of a reuse support system from an existing code reuse repository,
and giving the end user a familiar interface, the reuse support system
constructed in this project makes the desired functionality available.
The constructed system has an easy to use interface, due to a fa-
miliar browser-based front-end. An automated method called LSI is
used to handle synonyms, and to some degree polysemous words in
indexed components.

In the course of this project, the reuse support system has been
tested using components from two sources, the retrieval performance
measured, and found acceptable. Clustering usability is evaluated
and clusters are found to be generally helpful, even though some
fine-tuning still has to be done.
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Chapter 1

Introduction

A high-quality code reuse repository can be a great asset in the daily work
of a programmer. Modern software development is a complex affair, and
instead of trying to write everything oneself, a lot of resources can be saved
by reusing an existing functional and tested solution. The savings are not
only in programming and testing time, but maintenance also becomes much
easier. If an error is discovered in a component used in many places, fixing
benefits all who use it.

1.1 Problem motivation

Reusing is not as simple as it sounds. It takes time to locate components
appropriate to the current task being solved. If the programmer is not
aware of the existence of a usable component, he or she is unfortunately
disinclined to make the effort of looking [Ye, 2001]. This results in less reuse
and possibly in inferior products as the programmer will write everything
from scratch. In this case, the quality of the solution depends greatly on the
experience of the programmer, and in most cases it will not be as general
or easy to comprehend as a solution built with existing components. Still,
having a browsable collection of components is not of much help if there is
no interactive search functionality to aid the programmer in the locating
process.

Furthermore, if such an interactive system is unable to locate problem
relevant information within the first few attempts, the user is unlikely to
return. This means that the system has to be able to handle a diverse range
of user queries and take into account the many different words people use
to describe the same topics.

1



2 CHAPTER 1. INTRODUCTION

As such a reuse support system may cover many different problem do-
mains, some of the returned components may not be relevant to the current
problem. When the results of a query have been properly categorized, the
user should be able to quickly select the appropriate set of components.
This leads us to the problem description which will guide the work in this
project.

1.2 Problem description

This is the concrete description of what will be solved in this project. Later
in the discussion we will refer back to this piece of text.

This is an empirical project where a reuse support system will be
constructed. The report will answer the following questions: How can a
reuse support system be created, which supports efficient and relevant
searching of components? How can basic problems such as searching for
a general subject, or locating items not matching exactly but covering
the same topic, be solved? How can results of a search be presented
in appropriate categories for easier human consumption, and will users
benefit from such categorization?

Those are questions answered in this thesis. The project is to make
a reuse support system with a good search functionality. The resulting
reuse support system should be easily extensible and adaptable to specific
problem domains.

1.3 Perspectives

Being able to look up solutions to concrete problems is something most
programmers need on a recurring basis. Regardless of programming lan-
guage and platform, much of the code programmers normally write is fairly
standard and has probably been handled before. Searching the Internet
does not give very focused results, and the results are not customized to
the tools and application programmers interface (API) readily available to
the programmer. Adding new and unknown components makes the project
dependent on both the stability of the components, and of the availability
of either support or the source code. Using the already available, well-
known, and tested components seems like a good idea. Adding the ability
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to easily lookup the needed functionality in the previously located, and loc-
ally accessible, component collections, could help speed up the development
process. It also gives the previously mentioned benefits of reuse, namely
easier maintenance and readability [Ye, 2001, Chapter 2].

1.4 Brief system description

In order to satisfy the requirements of the problem description, a functional
prototype will be created. The user will access the system with a browser,
which means that the reuse support system could easily made available to
many users.

The system will index documentation constructed by the Javadoc tool
and make it available for search. In order to ensure better search res-
ults than simple exact text matching engines, a method from Information
Retrieval called Latent Semantic Indexing will be used. This enables the
identification of synonymous words and allows searches to be more topical
than exact text matching offers, and gives ranked results according to relev-
ancy. Details of the different technologies can be read in Chapter 3, which is
concerned with the general technologies involved. To properly present the
results, a clustering engine called Carrot will be used to group the ranked
list of search results. It offers a browser-based user interface and allows
the construction of various processing pipelines in order to specialize the
presentation of search results. Carrot is further detailed in section 5.3.1.

1.5 Terminology

In order to facilitate the reading of the following text, a specific terminology
will be used:

programmer refers to an end-user of the system – this means an actual
programmer who needs some components.

user of the system is also a programmer – it is merely a different term for
the same role.

term denotes a single word known by the system. This will be further
detailed in Chapter 3.

component refers to a single method which is retrievable by a programmer
using the system.

document is a set of terms, covering one component indexed in the system.
code reuse repository is a collection of components directly available for

reuse by a programmer.
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reuse support system is the system constructed in this project to help
programmers find components in a code reuse repository.

1.6 Organization of the discussion

This discussion is separated into a number of chapters. Additional reasons
why the described problem should be solved are given in Chapter 2. In
Chapter 3, the different technologies used are introduced. Related work is
examined in Chapter 4, which also contains details of the specific position
taken in this project. Chapter 5 describes the implementation of the reuse
support system prototype.

Chapter 6 details the chosen method of evaluation as well as the res-
ults of the evaluation. This discussion is completed with the conclusion in
Chapter 7, which also contains the final thoughts on future developments
of the system.



Chapter 2

Fundamental reasons and
method

This chapter gives the reasons why this project could provide a helpful
addition to a programmer’s toolbox. It will also describe the ideas that are
going to be used. First the general problem setting will be described, then
the observed difficulty. Finally, the abstract idea for the solution will be
presented.

2.1 Why is the problem interesting?

Commenting and documenting code is something few programmers enjoy.
Using an automatic tool to index such documentation is widely used tech-
nology. The Javadoc tool by Sun and the Doxygen tool1 are popular tools
for this task – they generate static HTML-documentation based on special
comments embedded within the source code. By making the written com-
ments more readily available than the HTML generated by these standard
tools, the incentive for writing good comments increases. But whether a
component is going to be used to solve a given problem depends on whether
such a component actually exists, and if it is possible to locate it within
reasonable time [Ye, 2001, Chapter 1].

2.1.1 Writing comments

Programmers of reusable methods usually document their code in order to
have a future reference, and allow other programmers to build on their work.
This is especially true when the code is intended to be reused in different

1http://www.doxygen.org

5
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contexts. We are going to be using the Java2 language as the example in
this discussion, but the constructed system is easy to extend for use with
other programming languages. Java is platform independent and has a
fairly simple syntax, making it easy for programmers to use. When writing
programs in Java, a special format of comments are used to document the
various parts of the code for future reference. These comments are called
Javadoc.

For an example, see the code fragments from example class Queue in
figure 2.1 on the facing page. Comments about the entire class as such
are located in the file immediately before the actual definition of the class.
Within the body of the class, comments can be placed to document each
method or field. These comments can be added to the member regardless
of the visibility (such as public, protected or private) of the given mem-
ber. For more details of the specific format of comments and the available
commands and options, see the official documentation by Sun3.

The Javadoc tool is commonly used to construct a coherent low-level
documentation for Java projects. The generated documentation is in HTML,
see figure 2.2 on page 8 for a part of the Javadoc generated for the example
source. Using HTML means that the documentation is easily navigable and
platform independent. The comments from the source files are collected and
linked together, so that classes and interfaces used as method parameters
are converted into links. This way, the documentation is easy to use for a
programmer who knows what to look for. There is also a complete index
which lists all methods alphabetically.

2.1.2 Locating components

When looking for a solution to a specific problem, the available documenta-
tion is often consulted. Other sources of component discovery are previous
experience, other developers, or reference books. This section will discuss
the Java API and packages in general. After that, the process of locating
desired components will be described.

The standard Java API is documented using Javadoc. It is a rather large
collection of well-documented classes, which are freely available from Sun

for all platforms that runs Java. This makes them an obvious choice for
use in most projects. But locating suitable components is not as easy as
it sounds. Since the collection is so large, a great number of packages are
involved.

2http://java.sun.com
3http://java.sun.com/j2se/javadoc/

http://java.sun.com
http://java.sun.com/j2se/javadoc/
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package dk.daimi.rud.util;
...

/**
* A basic FIFO queue storing Object instances. Objects are dequeued
* in the same order they were enqueued. Properly encapsulates the
* datastructure to ensure the FIFO contract is enforced. Implemented
* using a LinkedList, so enqueue() and dequeue() are O(1), and
* enqueueAll() is linear in the size of the input Collection
* @author Laust */
public class Queue {

/** Internal representation of queue */
private LinkedList queue = new LinkedList();
/**
* Add an object to the queue. When calling dequeue, the object
* o will be returned after all other currently enqueued objects.
* @param o object to add to queue
*/
public void enqueue(Object o) {

queue.addLast(o);
}
/**
* Returns the next element from the queue
* @return next element
* @throws NoSuchElementException if the Queue is empty
*/
public Object dequeue() throws NoSuchElementException {

return queue.removeFirst();
}

...

}

Figure 2.1: Part of a Java source file with Javadoc comments.
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Figure 2.2: Part of generated Javadoc displayed in a browser.

A package is a fundamental concept in Java where it is used to group a
number of classes and interfaces together. See [Gosling et al., 2000, Chapter
7] for all language details on packages. In brief, the members of a given pack-
age have special privileges and only members and classes marked as public
or protected are available from outside the package. This grouping also
makes the namespace easier to manage. The idea is that in the hierarchical
package structure groups classes in a logical fashion, and it should ensure
that it will be easy to find appropriate components. But people rarely
agree on the best name for things, so the sought components are not al-
ways where you would expect them to be, or they are called something else.
This means that handling synonyms when searching can be of enormous
help. The problem of naming things is very real, as we shall return to later.

To find a solution to a given problem, the usual process of lookup within
a collection of Javadoc files is to first find the proper package, locate the
class, and finally find the appropriate method within the selected class. So it
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can be described as hierarchical browsing: package → class → method. An-
other option is to use the alphabetical method index. This process quickly
gets cumbersome when you need things from multiple packages or are simply
unable to find the desired functionality. Spending too much time browsing
for a solution is not very interesting, nor motivating. Moreover, users often
do not expect the wide range of available components and therefore resort
to trying to solve the problem for themselves instead.

Javadoc assumes prior knowledge of the contained components and fa-
miliarity with the package structure. Or put another way, you have to know
where to look to find what you are looking for. This means that there is
a steep learning curve in using a specific documentation generated using
Javadoc. But even though the API in the system uses the standard names
for things, this does not mean the user will. The use of standard names is
similar to the use of design patterns, which also helps users learn a common
vocabulary, though unfortunately that does not mean all users will do so.

Since documentation generated by Javadoc is just a collection of static
HTML files, the contained information is fixed. That is to say, the user
has no way of easily searching in the documentation, short of the exact
match searching capabilities built into most browsers, or going via an ex-
ternal search engine, such as Google. But most large-scale search engines,
including Google, perform exact word match searching, and the problem of
finding the right search words remain. If a programming project is not pub-
licly available, external search engines will not have had access to crawl and
index the documentation and therefore be of no help for providing search
functionality.

Linking documentation

When documenting a part of a class using Javadoc, it is possible to add
links to other parts of the documentation or external information. This
shows up as “see also” sections in the documentation. These links can help
the user finding other relevant things, but these links are added by the
original programmer when documenting the class, and are limited by the
programmer’s knowledge of the API. This means that such informational
links are not necessarily up to date, especially in situations where more
than one API collection is available to the programmer. For example, let us
assume that we have two different classes providing random numbers, and
that they are from different API vendors. There is no reason to assume that
the documentation for each package refers to the other as they come from
different vendors, yet the functionality is related, and what is not found in
one class may exist in the other.
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One of the benefits of the simple HTML rendering of Javadoc is the
fact that everything is extremely fast. There is no server-side processing
overhead, so you can look at a lot of things very quickly. This implies that
a search engine used to augment the Javadoc browsing should not only be
good at locating components, it should also be fast, or it will not be used.

Costs of locating components

If the cost of locating a suitable component is perceived to be greater than
the cost of making the solution yourself, most users will not make the
effort of locating a component. But solutions created by inexperienced
programmers are rarely up to the standard of the Java API, for instance,
see [Ye, 2001]. This means that users should be encouraged to use existing
components if at all possible.

2.2 Solving the problems

To overcome the problem of locating components, a free and searchable
reuse support system is needed. As no publicly usable reuse support system
seems to be available, this project will construct such a system. There does
exist proprietary and expensive systems, but they are of course unavailable
for research, hobbyist, and Open Source development.

This project will be used to design, implement, and test such a re-
use support system. The reuse support system will be constructed using
automatic methods not requiring user input, also known as unsupervised
methods. This will be used in order to minimize the cost of starting to use
the system. This will give easier access to components than the plain Java-

doc, and a better utilization of the resources that have been spent writing
and documenting components.

Existing components and subsystems will be used in the implementa-
tion where applicable in the implementation, and the reuse support system
resulting from this work will be made publicly available for future develop-
ment and use. The problem of synonymous words being used everywhere
will be addressed by the system, and the performance of the system will
have to be good in order for it to be a useful tool.

The system should make it easier to locate new and unknown compon-
ents. As contents of Javadoc created with a recent Java version can be
added to the index with ease, it will be possible to merge documentation
from different sources into one big code reuse repository. This will make
it possible to add search functionality to domain specific documentation,
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thus enabling programmers to more easily reuse existing proven solutions
instead of starting over every time.

2.3 Conclusion

This chapter has described the setting for the project and outlined some of
reasons why it is needed. The problems of locating an appropriate compon-
ent in the static Javadoc documentation, and the limited search functional-
ity available to programmers has been described. The idea of constructing a
repository to work around these problems has been put forward. Problems
of imperfect documentation when using components from multiple sources
has been mentioned, and solution is the proposed reuse support system.

Important points from this chapter includes the following. Informa-
tion about related components manually embedded as “see also” sections
in Javadoc is insufficient when using components from multiple sources.
Simple keywords matching is not useful in this context. Javadoc assumes
existing knowledge of the contained components, due to the organization.
An effective reuse support system should be fast to encourage reuse.

The next chapter describes the different technologies which will be used
in constructing the system.





Chapter 3

Technology

This chapter will introduce the various technologies used in this project. It
will set the stage for the examination of other approaches to solve the prob-
lem described in the problem description in section 1.2. The chapter is also
used as a reference when the implementation and experiments are described
in later chapters. The description will start by introducing Information Re-
trieval in section 3.1 and then describe the chosen approach to Information
Retrieval in section 3.2. Latent Semantic Indexing is the method used to
extract meaningful information out of the document collection, and it is
described in section 3.3. It is followed by section 3.4 about searching in
the document vector matrix. Finally, section 3.5 introduces main topics
in clustering usable for result presentation, and section 3.6 concludes the
chapter.

3.1 Information Retrieval

This section introduces the general topic of Information Retrieval (IR). IR
is an area of computer science concerned with storing and locating inform-
ation. In [van Rijsbergen, 1979] the early efforts are described, and in [van
Rijsbergen, 2001] more recent advances are covered. The basic idea of IR
is to have a set of documents indexed electronically. What is then needed
is an efficient way of finding documents relevant to a query without hav-
ing to manually look through the entire collection. As [van Rijsbergen,
2001] describes, there are four main approaches to IR. These are the Vector
Space Model, the Probabilistic, the Logical, and Bayesian network based
approaches. Latent Semantic Indexing, which is used in this thesis, belongs
to the first group. The other models will be discussed further in Chapter 4.

13
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The Vector Space Model is discussed below and properly introduced in
section 3.2.

Many people have tried to automate indexing of documents. At first it
was thought computers could be programmed to “read” through an entire
document collection, and then be able to extract the documents relevant
to a query. However, there are huge problems with getting a computer to
understand the syntax of natural language. Understanding the semantics
on top of that is gigantic task.

This directed the efforts of IR to constructing a fixed and controlled
vocabulary of usable keywords and then manually assigning the appropriate
keywords to each document. This is a process similar to a librarian assigning
appropriate keywords to an index. Needless to say, this requires a great
deal of human effort, and the process is error-prone as the indexer needs to
understand the given text in order to assign the appropriate keywords. By
choosing the exact keywords a document is indexed with, the set of possible
queries which match the document is implicitly constructed. When the end-
user knows the proper keywords, finding the correct document is easy and
straightforward. But according to [Furnas et al., 1987], two people choose
the same term for an object with less than 20% probability. This makes it
very difficult to include all the right key-words.

This difficulty directed the efforts towards simpler means. Examples
include taking the most frequently occurring words in a document as its
keywords. This results in an uncontrolled vocabulary which could more
accurately reflect the document collection, but with lower precision since
the indexing terms were not chosen by an human expert.

A very central concept in IR is relevancy. The goal is to construct a
system that finds all relevant documents and as few unrelated documents
as possible. Performance measurements are discussed further in chapter 6,
where the experiments with the constructed system are also described.

3.2 Vector Space Model

The Vector Space Model (VSM) is a widely used representation for docu-
ments in IR. In this approach, each document is described as a vector which
has an entry for each occurring term. All terms are sorted and their posi-
tion in the sorted set are used as indices in the vectors. Each element in the
vector is a representation of the corresponding term in the appropriate doc-
ument. This means that the positions of the word in individual sentences
and other fine points in the text are ignored. The document is simply
seen as a bag-of-words, meaning that information about sentences is thrown
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away and only the count of how many times each word occurs is kept. A
lot of the vector entries will be zero for most documents, since a collection
of documents has many terms but only a relative few are normally used in
each document. This means that a sparse matrix representation is often
appropriate. The document vector matrix (DVM) is then simply the matrix
formed by putting the column vectors of all indexed documents together.
This DVM is called X in the following text, and entry xij in X refers to the
relative relationship between term i and document j. The dimensionality
of X is t× d where t is the total number of terms, and d is the number of
documents.

One of the benefits of using the DVM is the fact that the similarity
between different terms, between a term and a document, and also between
different documents in the collection can easily be calculated. This is ex-
panded upon in section 3.4.1, but first we will look at an example of the
basic DVM representation.

3.2.1 Document Vector Matrix example

An example should clarify the document vector matrix (DVM) represent-
ation and motivate the following discussion – this example is inspired by
[Manning and Schütze, 1999, Chapter 15]. Consider the DVM in figure 3.1.
The matrix X has been constructed to give a simple representation of a set
of documents. It covers a collection of six documents, using a total of five
different terms, with documents represented as columns and terms as rows.
For simplicity, each document is only represented by a few terms, but usu-
ally all words used in a document would be present in the document vector
matrix.

The documents seem to cover two different topics, namely space and
cars, but of course the choice of words within the similar documents differ.
There also seems to be some overlap between documents. Compare doc-
uments d5 and d6. Apparently these documents have nothing in common

X =


d1 d2 d3 d4 d5 d6

cosmonaut 1 0 1 0 0 0
astronaut 0 1 0 0 0 0
moon 1 1 0 0 0 0
car 1 0 0 1 1 0
truck 0 0 0 1 0 1


Figure 3.1: Example document contents with simple binary term weightings.
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as they share no terms directly, but if you take d4 into account, it can be
seen that the two terms car and truck are somehow related through their
use, and therefore d5 and d6 should be similar. It is this kind of relation-
ship Latent Semantic Indexing, which will be introduced in section 3.3, is
employed to reveal. We expand upon this example in section 3.3.3. But
first, it is important to remember that the system has no knowledge of the
meaning of the different terms. They could be anything such as symbols,
words in different languages, phrases, etc. It is the patterns of occurrences
which are important.

3.2.2 Feature selection

The selection of representative features in the input data is known as feature
selection. As huge amounts of data may be have to be represented, choosing
the correct subset to represent the entire set is of immense importance.

When the source documents have been indexed, it is time to post-process
the data. Usually a reduction in the total number of used words is per-
formed, as is demonstrated in the following. This is done to lighten the
load on the calculations following the selection, since the data-sets involved
often are huge. Each term becomes a row and each document becomes a
column in the DVM. Because some terms occurs very frequently and others
very rarely, they may not be good at discriminating between important and
unimportant documents. Figure 3.2 on the next page shows such a word oc-
currence distribution. Terms only used in one document are often removed,
as they are obviously not in common use and presumably do not contain
a great deal of importance in the document – this is the lower cut-off. An
example could be an acronym used once in a technical manual, a simple
misspelling, or an unusual word used by a single programmer when docu-
menting a method. Those terms occurring with frequencies above the upper
cut-off are too frequent to be of any use. These are handled as stop-words,
see following sections.

There are some commonly recognized problems when choosing words to
index a given document. In the literature they are called synonymy and
polysemy [Berry et al., 1999, p. 336]. They are described below, and they
generally decrease the performance of IR systems.

Synonymy

This concept covers the fact that multiple words can have more or less the
same meaning. An example of synonymous words could be “strength” and
“force” in the context “strength of mind” and “force of mind”. It is a great
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Automatic text analysis  11

Zipf's Law7* which states that the product of the frequency of use of wards and the rank order is
approximately constant. Zipf verified his law on American Newspaper English. Luhn used it as a
null hypothesis to enable him to specify two cut-offs, an upper and a lower (see Figure 2.1.), thus
excluding non-significant words. The words exceeding the upper cut-off were considered to be
common and those below the lower cut-off rare, and therefore not contributing significantly to
the content of the article. He thus devised a counting technique for finding significant words.
Consistent with this he assumed that the resolving power of significant words, by which he meant
the ability of words to discriminate content, reached a peak at a rank order position half way
between the two cut-offs and from the peak fell off in either direction reducing to almost zero at
the cut-off points. A certain arbitrariness is involved in determining the cut-offs. There is no
oracle which gives their values. They have to be established by trial and error.

It is interesting that these ideas are really basic to much of the later work in IR. Luhn himself
used them to devise a method of automatic abstracting. He went on to develop a numerical
measure of significance for sentences based on the number of significant and non-significant
words in each portion of the sentence. Sentences were ranked according to their numerical score
and the highest ranking were included in the abstract (extract really). Edmundson and Wyllys8
have gone on to generalise some of Luhn's work by normalising his measurements with respect to
the frequency of occurrence of words in general text.

There is no reason why such an analysis should be restricted to just words. It could equally
well be applied to stems of words (or phrases) and in fact this has often been done.
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Figure 2.1.   A plot of the hyperbolic curve relating f, the frequency of occurrence and r, the rank 
order  (Adaped from Schultz    page 120)44
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* Also see,Fairthorne,R. A.,'Empirical hyperbolic distributions (Bradford-Zipf-Mandlebrot)  for bibliometric
description and prediction',Journal of Documentation, 25 ,319-343 (1969).

Figure 3.2: Frequency of words and assumed importance. Source [van Rijsber-
gen, 1979, Chapter 2].

problem for IR systems as a query from the user could contains a synonym
to a term actually used in the system. Simple keyword based systems will
then be unable to detect the connection and the searched word will not be
found. Supporting various inflections of the same word can to some extent
be solved using stemming, see below. But stemming does not solve the
problem of different words not looking like each other but sharing the same
meaning.

Polysemy

When the same word has more than one meaning, problems also arise. An
example is the various meanings of the word “bank” – it is very dependent
on the context if the financial meaning, a section of computer memory,
an airplane maneuver, or even a steep slope is involved. Other common
examples include “play” and “table”. The multiple meaning of a single
word is traditionally called polysemy in IR. Because IR systems usually
have no understanding of the meaning of words, or appreciation for the
different contexts that signify the meaning of a given word, they are unable
to distinguish between the meanings and find the correct one in a given
context. This can lead to false positives as the word being sought has a
different intended meaning.
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Stop-words

Whenever text is automatically indexed, some words occur very frequently.
Common examples include “and”, “me”, “she”, “that”, “the”, etc. These
words are not good at discerning the meaning of the document, and they
are commonly removed in IR systems. A more complete example of such a
list of stop-words can be found at the Snowball homepage1 – Snowball is
a general language for stemming algorithms, see also the next section.

Stop-word removal is usually performed before stemming, if that is used,
as undesirable removal of words would occur otherwise. However, the in-
clusion of stop-words in the set of terms can prove beneficial in some cases
as it gives the system a bit more data to work on, especially with very short
descriptions.

Stemming

Stemming is a method used to remove word inflections, in order to reduce
the number of different terms for the same base word or word stem. The
basic example is the removal of the plural “s” from the end of all words,
which of course is too simple an algorithm to give any benefits in practice.
The Porter Stemmer is an example of a more advanced and widely used al-
gorithm [Porter, 1980]. It performs a number of passes over a word and uses
tables of common inflections. The best matching inflection is then removed
using a carefully constructed set of rules. Stemming is, of course, completely
language dependent, so adding support for an additional language in an IR
system employing stemming would also mean adding another stemmer.

Stemming is not always used in IR systems. Given a large enough text
corpus, the system should be able to detect that the terms are closely
related, despite the different inflections. This way, stemming does not have
to be performed, and the imprecision it creates can be avoided. Latent
Semantic Indexing is actually able to perform synonym identification, and
therefore also associating different inflections without using the method of
stemming, but more on this in section 3.3. For now it suffices to note
that studies have actually shown minimal impact of stemming on Latent
Semantic Indexing performance, and in some cases it has actually been
found to decreased retrieval performance [Dumais, 1992, p. 5].

The fact that stemming is also an approximate approach, meaning it can
never be fully able to stem all words without error, is also worth noting. An
example demonstrating unfortunate behavior of a stemmer is the stemming
of “business” to “busy”. This is not what you would expect in a bank

1http://snowball.tartarus.org/english/stop.txt

http://snowball.tartarus.org/english/stop.txt
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application, for instance. Another example from the Porter stemmer is that
both “console” and “consoles” stem to “consol”. It would be unreasonable
to expect the stemmer to know such special cases, but it underlines the
subtle errors stemming can introduce.

3.2.3 Term weighting

The value of the entries in a DVM may be decided upon using any appro-
priate scheme. It is of course simplest to keep the occurrence count of the
word in the given document. But more often some sort of term weighting is
performed to reduce the differences, and add importance to the rare terms.
This is generally a good way of improving retrieval performance. As [Man-
ning and Schütze, 1999, p. 542] describes, an increase in occurrence-count
from 1 to 2 should increase the importance but not actually double it. The
intuition behind this is that going from 0 to 1 in occurrence count intro-
duces a new word for a document. But going from 1 to 2 in count should
not double the importance of that word.

A weighting transformation usually has two components. On component
is the global weight, which indicates the overall importance of a given term,
denoted G(i) in the following. The other component is the local weight
which used to modify the frequency of the term within a single document,
denoted L(i, j). This means that global weights work on a single row in the
DVM representing a term, whereas the local weights is calculated for each
column, representing a document. Combining local and global weighting
functions is discussed in “Combining weighting schemes”, on page 23.

According to [Dumais, 1992], usable local weights include term fre-
quency, binary weight, and logarithmic weight. These are introduced below.
For the global weights, the article mentions normalization, global frequency
inverse document frequency, inverse document frequency, and the entropy
or noise weighting. These are discussed afterwards. Finally, combining local
and global weighting is discussed. Refer to table 3.1 on the following page
for the symbols used in the weighting calculations.

Local weighting

In this section three different local weighting schemes are introduced. First
comes term frequency, then binary, and finally the logarithmic local weight-
ing. Remember that local weighting is applied to each document in the
DVM, meaning a column in the matrix. L(i, j) is used to denote the local
weighting of term i in document j.
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d = number of documents

t = number of terms

tfij = term frequency, count of term i in document j,≥ 0

gfi = global frequency, count of term i occuring in all documents,≥ 1

dfi = document frequency, number of documents the term occurs in,≥ 1

Table 3.1: Symbols used in weighting methods.

Term frequency Term frequency is simply a count of how many times
the word occurs in the document. A more precise description is:

L(i, j) = tfij (3.1)

Term frequency gives an image of how related a term and a document are,
but it is does not properly weight frequent and non-frequent terms against
each other due to the misrepresentation when using raw occurrence counts
as mentioned in section 3.2.3 on the page before.

Binary weighting Binary weighting is very simple, and it can be de-
scribed by:

L(i, j) =

{
1 if tfij > 0
0 otherwise

(3.2)

It is an extremely simple way to represent the relationship between a given
term and a document. It is the opposite extreme of the raw occurrence
count, but it does not record any information about how strongly related
documents and terms are. Binary weighting is too simple as it retains too
little information, and it is rarely used in practice.

Logarithmic weighting Finally, the logarithmic weighting is construc-
ted by calculating:

L(i, j) = log2(tfij + 1) (3.3)

Taking the logarithm greatly reduces large differences in term frequencies.
This means that documents having a great number of occurrences of a given
term are not too different from documents having a smaller number. Still,
a lot more information is retained than in the binary weighting but without
putting too much emphasis on plain occurrence counts (tfij).
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This section introduced three different local weighting schemes. The
term frequency and binary weightings are too simple to be used in practice,
and the logarithmic weighting is what is actually often used, and it is also
used in this implementation.

Global weightings

This section introduces four different global weightings. They each give em-
phasis to different things, but the last one introduced, the entropy weight-
ing, is the most successful one, according to [Dumais, 1992]. It is a common
assumption in IR that if a word occurs in almost all documents, it is less
suitable to distinguish between the documents and therefore it should have
less weight. In the following, G(i) will denote the value of the global weight-
ing for a given term i.

Normalization If only performing the basic normalization, it ensures
that the length of each row-vector in the DVM is 1. This is done by calcu-
lating the length of the row-vector in Euclidean space, and use the inverse
of that value for the global weighting:

G(i) =
1√∑
j(tfij)2

(3.4)

It gives higher values to the global weight when gfi is low, which means that
it promotes rare terms. But when using the normalization weighing scheme,
only the term frequencies are used. The distribution of those frequencies is
discarded and this is the reason why basic length normalization is not such
a great idea. For example, a term occurring once in 100 documents is given
the same global weight (G(i) = 1/10) as a term that occurs ten times in
total, but only in a single document.

Document frequency based The global frequency inverse document
frequency and the inverse document frequency global weightings are closely
related. Both are shown in equation (3.5),

G(i) =
gfi

dfi

and G(i) = log2

(
d

dfi

)
+ 1 (3.5)

These weightings take into account the number of different documents a
given term occurs in (dfi). The special thing about the global frequency



22 CHAPTER 3. TECHNOLOGY

inverse document frequency (GFIDF) is that it increases the weight of fre-
quently occurring terms. However, both do not take into account the distri-
bution of terms in documents, so only the number of documents containing
a term is reflected. This means that if a term occurs ten times in two dif-
ferent documents (giving gfi = 20, dfi = 2), the global assigned weight will
be the same as a collection where a term occurs one time in one document
and 19 times in one other document. This clearly shows that these weight-
ing methods ignore the distribution of the occurrences, and only take the
number of different documents a term is used in into account.

Entropy weighting Finally, we come to the most advanced weighting
scheme tested in the [Dumais, 1992] article. It is an entropy based one,
which uses information theoretic ideas. It calculates the average uncertainty
of a term:

G(i) = 1 +

∑d
j=1 pijlog2(pij)

log2(d)
, where pij =

tfij

gfi

(3.6)

This weighting function gives highest weight for terms used in few docu-
ments, and lowest weight to terms used in most documents.

Equation (3.6) is slightly changed based on the description in [Zhao and
Grosky, 2002], since the original version in [Dumais, 1992] does not work
properly. The original started with 1− instead of 1+ as in equation (3.6).
Figure 3.3 on the facing page shows that when a term occurs once in all
documents out of six possible, the Dumais entropy assigns the weight of 2 to
it, whereas the corrected version assigns 0. Using equation (3.6), minimum
weights are given to terms equally distributed over all documents, just like
it is described in [Dumais, 1992, p. 9]. The maximum weight is given
to terms occurring in few documents, as in figure 3.3 on the next page,
whereas a term that occurs few times in once in the entire collection should
be maximally interesting, so it gets global weight nearer to 1.

This section introduced four different global weighting schemes. The
goal with these weighting schemes is to weigh the occurrence counts in a
way that better reflects the importance of the individual terms. Normal-
ization gives highest weight to terms occurring few times, but it disguises
the distribution of the occurrences. The GFIDF and inverse document fre-
quency (IDF) weightings also do not take the distribution across documents
into account, and this is undesirable. The entropy weighting scheme takes
the distribution of a term across all documents into account, and is the
only scheme discussed here which does that. Term weighing schemes are
also discussed in [Salton, 1989].
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gfi fraction Dumais entropy Zhao entropy
1 0.00 1.00 1.00
2 −0.37 1.37 0.63
3 −0.61 1.61 0.39
4 −0.77 1.77 0.23
5 −0.90 1.90 0.10
6 −0.10 2.00 0.00

Figure 3.3: Examples of entropy values. The assumption in these calculations
is that each term has tfij = 1 in each place it occurs out of six
possible.

Combining weighting schemes

This section discusses how local and global weighting schemes are com-
bined to give the final weighting, and result in the processed DVM. The
combination of a local weight with a global weight is simply performed by
multiplying the two numbers. Let i be the index of a given term, and j the
index of a given document. Then resulting DVM X of the combined weight
becomes:

[xij] = L(i, j) ·G(i) (3.7)

for each entry [xij] of X.

It is common practice to use the term frequency inverse document fre-
quency (TFIDF) normalization, which is the local term frequency (tfij) com-
bined with the IDF. This normalization also looks at how many documents
a given term is used in, and the more different documents it is used in, the
less suitable it is to discriminate between documents. TFIDF is calculated
by:

[xij] = tfij · log2

(
d

dfi

)
(3.8)

As can be seen, when a term occurs in all documents, meaning dfij = d,
the value of [xij] will be 0.

In [Dumais, 1992, p. 10], they document that the combination of the log-
arithmic local weighting with the global entropy weighting performs best in
their experiments with Latent Semantic Indexing, introduced in section 3.3
on the following page. In fact, the performance of the system is signific-
antly higher than with any of the other combinations they tried in their
experiments, and it is this combination which is used in this project.
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This section described how local and global weightings are combined
and cited [Dumais, 1992] for saying that the combination of local logar-
ithmic weighting with global entropy weighting performed best in a set of
experiments.

3.3 Latent Semantic Indexing

This section introduces Latent Semantic Indexing (LSI) by first giving a
few examples of its use elsewhere, followed by an introduction to the Sin-
gular Value Decomposition (SVD). A discussion of choosing the appropriate
richness of representation then follows, and finally, an example is given in
section 3.3.3.

LSI is an approach to IR first introduced in 1990. See [Deerwester et al.,
1990] for the original paper and [Landauer et al., 1998] for a more recent
paper. It is a fairly simple extension to the VSM which has given remarkable
results. The LSI method is covered by a patent owned by Telcordia for
commercial use2. LSI has been used on a large number of different datasets,
and the results compared to previous methods have been impressive. LSI is
a specific form of Latent Semantic Analysis (LSA), and the name LSI is used
when LSA is applied to IR. LSA is the general dimensionality reduction.

As an example of the many applications of LSI, it has been used to grade
student papers automatically [Foltz et al., 1996]. It has also been used for
cross-language retrieval of documents where a query is entered in English,
and both English and French documents about that subject are returned
[Dumais et al., 1996]. It has even shown performance comparable to an
average person who takes a test known as the Test of English as a Foreign
Language (TOEFL).

These results are achieved without using any kind of dictionary or
thesaurus. By simply presenting a lot of texts to the system, it is possible
to find patterns in term co-occurrences and thereby extract the “latent”
semantic meanings of the words. The more text the system is exposed to,
the better understanding of the use of words it shows. Given the approxim-
ate amount of text a high-school student has been exposed to, similar word
understanding appears [Landauer et al., 1998].

The LSI is performed using a method known as Singular Value Decom-
position, introduced in the next section. An example of the method in
action can be found in section 3.3.3.

2U.S. patent No. 4,839,853
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3.3.1 Singular Value Decomposition

Any matrix can be decomposed into three other matrices using a decompos-
ition called SVD. It is described in some detail at the Wolfram Mathworld
web-site3. Given a rectangular matrix X, three other matrices T0, S0, and
D0 are calculated, such that

X
t×d

= T0
t×m

S0
m×m

D0
m×d

T (3.9)

where the matrix S0 is a diagonal matrix of the singular values of X with
entries sorted in non-increasing order. Matrices T0 and D0 have orthonormal
columns. The matrix D0 has to be transposed, written DT

0 , to allow the
multiplication of the three matrices. The dimensionality of the matrices can
also be seen in equation (3.9), where m is the rank of X, m ≤ min(t, d), t
is still the number of terms, and d is the number of documents in the DVM
being subjected to the decomposition.

The fact that columns of T0 and D0 are orthonormal means that they are
both unit vectors (length 1) and orthogonal (perpendicular to each other).
T0 and D0 contain the left and right singular vectors of X respectively.
Since they are ortonormal, we know that

T0
T T0 = D0

T D0 = I (3.10)

which will be used in section 3.4.1. The decomposition is unique except for
sign-permutations in T0 and D0. Refer to the example in section 3.3.3 for
an actual example of the SVD.

When working with LSI, the columns of the matrix T0 is known as the
term vectors. Similarly, the columns of matrix D0 is known as the document
vectors.

3.3.2 Dimensionality reduction

In order to reduce the noise in the DVM, only the k � m largest values of
S0 are retained and the rest are set to zero. Call the resulting matrix S.
The columns in T0 corresponding to the removed entries in S0 are removed,
and the resulting matrix is called T . The similar operation is performed to
get D from D0. The reason for making T and D is that when multiplying
the three matrices together, these rows and columns would not contribute
anything to the result. Then

X
t×d

≈ X̂
t×d

= T
t×k

S
k×k

D
k×d

T (3.11)

3http://mathworld.wolfram.com/SingularValueDecomposition.html

http://mathworld.wolfram.com/SingularValueDecomposition.html
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and X̂ is the least square error approximation of the original matrix with
the given number of dimensions, due to the special properties of the SVD.
This means that it is the best approximation to X given that only k di-
mensions are allowed to represent it. This fact is used in LSI to give a
simplified representation of the original DVM. Similar terms are collapsed,
and the usage of words together enables the system to associate synonyms
and extract the latent concepts.

This process is further described in [Deerwester et al., 1990], and some
additional details are given below.

Choosing dimensionality

Selecting the optimal k for the reduction of given matrix is an open research
problem [Berry et al., 1994]. Normally around 100 − 350 dimensions are
retained – this has in many contexts turned out to be a suitable number to
properly represent the inherent concepts in texts in many contexts. This
means that collections with tens of thousands of documents and thousands
of terms can be represented using only a few hundred dimensions. By
reducing the number of dimensions, information is lost, and by retaining
just enough, it is possible to get rid of a lot of noise in the data and still be
able to properly identify synonyms. This is where LSI is able to generalize
over the data and discover the hidden or latent concepts. The more diverse
the text collection is, the more dimensions are needed to properly capture
the various topics.

In [Dumais, 1992], the problem of choosing a value for k appropriate
to the document collection is discussed. For relatively homogeneous collec-
tions, 100 dimensions seems to be sufficient. Increasing k above this number
actually decreases the precision of the same queries due to the noise it in-
troduces. To get the best performance it is important to select a proper k
for a given collection.

Since the choice of k has such a great impact on performance, the fol-
lowing will elaborate on the selection of k in more mathematical terms. To
do this, we need to calculate the differences between matrices. These ideas
come from [Berry et al., 1999]. The Frobenius norm of a matrix A with
entries aij is defined in equation (3.12):

‖A‖F =

√√√√ m∑
i=1

n∑
j=1

a2
ij (3.12)

Using this norm, the distance between X and X̂ can be calculated using
Euclidean distance (L2), and by looking at equation (3.14) on the next page,
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it can be seen that the value X − X̂ is related to the singular values of X
which are removed in X̂. It is then easy to calculate the percentage of lost
information thus:

‖X − X̂k‖F

‖X‖F

(3.13)

This way one has a measurement of how much of the original information
is retained. Equation (3.14) is taken from [Berry et al., 1999, p. 348]. It
says that the approximation of Ak to A is the best achievable with regards
to the L2 norm.

‖A− Ak‖F = min
rank(Y )≤k

‖A− Y ‖F =
√

σ2
k+1 + · · · + σ2

rA
(3.14)

Another approach is detailed in [Zha, 1998] where the minimal descrip-
tion length (MDL) is used to calculate the optimal dimensionality k for the
DVM. Zha compares the values calculated by the model with the values
found by performing a set of queries on the dataset, and calculating the
precision. The values for optimal dimensionality correlates nicely for the
example in the paper. A fact which is pointed out in the article is that a
small range of k is equally suitable as far as the precision is concerned – it
does not have to be the perfect k value which is used. However, this paper
is not widely cited elsewhere, and it has not been possible to reproduce the
results by implementing the formula described in the paper. This could be
due to the fact that only the truncated SVD has been performed and all the
singular values were therefore not available to perform the MDL calculation.

3.3.3 SVD example

Continuing the example from section 3.2.1, we now perform the SVD on X
from figure 3.1. By performing the SVD on the matrix X, we get the three
matrices T0, S0, and D0: see figures 3.4, 3.5, and 3.6, respectively. As can
be seen in figure 3.5 on the next page, the singular values are in fact sorted
in decreasing order along the diagonal.

We now reduce the matrices in order to find the latent concepts. Choos-
ing k = 2, we form the matrices T , S, and D by only keeping the gray areas
of each of the depicted matrices. Only retaining two dimension is extremely
harsh, but it illustrates the procedure nicely, and it does give some nice res-
ults in this small example.

Forming the matrix X̂ is done by calculating TSDT from the reduced
representation – the result can be seen in figure 3.7 on the following page.
By comparing this to the original matrix X in figure 3.1 on page 15, some
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T0 =


0.44 0.13 0.48 0.70 0.26
0.30 0.33 0.51 −0.35 −0.65

−0.57 0.59 0.37 −0.15 0.41
0.58 0.00 0.00 −0.58 0.58
0.25 0.73 −0.61 0.16 −0.09

 (3.15)

Figure 3.4: The example T0 matrix resulting from SVD being performed on X
from figure 3.1 on page 15.

S0 =


2.16 0.00 0.00 0.00 0.00
0.00 1.59 0.00 0.00 0.00
0.00 0.00 1.28 0.00 0.00
0.00 0.00 0.00 1.00 0.00
0.00 0.00 0.00 0.00 0.39

 (3.16)

Figure 3.5: The example S0 matrix. The diagonal contains the singular values
of X.

D0 =


0.75 0.29 −0.28 −0.00 −0.53
0.28 0.53 0.75 0.00 0.29
0.20 0.19 −0.45 0.58 0.63
0.45 −0.63 0.20 −0.00 0.19
0.33 −0.22 −0.12 −0.58 0.41
0.12 −0.41 0.33 0.58 −0.22

 (3.17)

Figure 3.6: The example D0 matrix, and the shaded part is the D matrix.

X̂ =


d1 d2 d3 d4 d5 d6

cosmonout 0.85 0.52 0.28 0.13 0.21 −0.08
astronaut 0.36 0.36 0.16 −0.21 −0.03 −0.18
moon 1.00 0.71 0.36 −0.05 0.16 −0.21
car 0.98 0.13 0.21 1.03 0.62 0.41
truck 0.13 −0.39 −0.08 0.90 0.41 0.49

 (3.18)

Figure 3.7: Reduced matrix X̂ = TSDT , the result of setting k = 2.
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interesting effects can be observed. We start the comparison by noting that
the negative entries in the reduced DVM correspond to terms that have
nothing to do with the representation for that document.

Comparing the documents it can be seen that the three documents d4,
d5, and d6 now have a lot more in common. The actual use of terms in
d5 and d6 is now replaced with an approximation which indicates that the
other term should have been represented. Taking d3, the original document
only contained the term cosmonaut, whereas in X̂ the term moon actually
carries more weight than the original one. The reduction of astronaut from
1.00 to 0.36 in document d2 shows that this term was somewhat unexpected
in this place.

Further calculations using this example will be shown section 3.4.2,
where the document-to-document similarity is demonstrated.

3.4 Searching in the DVM

Having made a DVM and reduced the dimensions using LSI, we are now
ready to perform searches.

A query is given as a string of words. It is then put through the same
treatment as the original pieces of documentation – this is further detailed
in the section “Handling identifiers” on page 64. For now it suffices to
say that the terms are extracted from the string by initially splitting it at
white-spaces and special characters. A term vector Xq is then created of
length t, where t is the number of terms recognized by the system. The
indices for the recognized terms are then found, and any terms not used in
the document collection are discarded. The same normalization should be
performed on the query vector as was done to the original DVM – this way
the weighting of the query is comparable to the indexed documents.

In [Deerwester et al., 1990], the pseudo-document representing the query
is constructed by taking the term-vector Xq and deriving a representation
Dq such that it can be used as a row of D in the comparison defined in
equation (3.21) on page 32. First note that the inverse of S, called S−1, is
easy to find. Because S is a square diagonal matrix, the inverse is found
simply by creating the matrix with diagonal entries 1

sij
. Then it is easy to

see that SS−1 = I, and it is in fact the inverse matrix.
The calculation of the query document vector is then done by calculat-

ing:
Dq = XT

q TS−1 (3.19)

The calculated query Dq can then be compared to the document vectors in
the matrix D.
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3.4.1 Matching

When it comes to actually match the query against the set of documents, a
similarity measurement is used to compare the new pseudo-document and
each of the existing documents in X̂. A cutoff similarity can be chosen,
say 0.8 for some measurement or the 100 best matching in order to limit
the number of results, since all indexed documents will have some degree
of similarity using most similarity measurements.

There exists many different similarity measurements, and in [Jones and
Furnas, 1987], they develop a method for comparing different similarity
measurements geometrically. They find that many of the similarity meas-
urements behave erratic and counterintuitively. The method for comparing
similarity measurements can be used in general to characterize other meas-
urements they did not examine.

There exists numerous variations of the few similarity measurements
listed here – but often they are introduced with only loose argumentation.
Some of the more well known are summarized below. See [Salton, 1989]
for details on some of these methods, and [Jones and Furnas, 1987] for a
thorough comparison.

Inner product is where the inner product of the query document vector
and each of the document vectors in the collection is calculated. This
is very easy to calculate, but the measurement is subject to a number
of problems. It is overly sensitive to changes within a single vector
component, and similarity values can be unbounded due to the value
of a single component. This means that the strongest entry in the
vectors may decide most of the similarity value.

Cosine coefficient is produced simply by calculating the angle between
the query document vector and each of the documents in the collec-
tion. If both of the two vectors has length 1, then this value is the
same as the inner product. As this measurement normalizes the vec-
tors, it ignores difference in length between the query and documents.
It is not victim of unbounded influence of a single entry like the in-
ner product, but it does ignore differences in length. This means that
richly indexed items are not ranked higher due to their representation.

Pseudo-cosine measure uses the L1 or city-block distance measurement,
instead of the L2 or Euclidean used in the cosine. This measurement
is dominated by axis closest to the query, and gives some strange
behavior.
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Other measurements tested in [Jones and Furnas, 1987] include Dice, Over-
lap, and Spreading activation. These will not be covered here, but based
on the arguments in the article, the cosine similarity will be used in this
project.

Different comparisons

The original DVM can be effectively represented as a sparse matrix because
the only non-zero entries are the term frequency entries, and usually a DVM
has non-zero entries in less than 1% of the entire matrix [Berry et al., 1999].
But the product of TSDT will usually contain non-zero values most cells,
and therefore take up quite a lot of memory, see figure 3.7 on page 28 for
an example. The three matrices T , S, and D can be stored separately and
used for calculations using much less memory than the resulting complete
X̂. This is the reason for the matrix manipulations that follow next. They
are done in order to avoid having to calculate the complete matrix X̂ and
keep the result in memory.

As [Deerwester et al., 1990, p. 398] points out, three different compar-
isons can be calculated using the three matrices T , S, and D resulting
from the SVD. The similarity between terms, between two documents, and
between a single term and a document can be calculated without actually
forming the X̂ matrix. This can be used to find out which terms are relevant
for a document, even though they may not actually occur in the document.

Term comparison In the original matrix X, the similarity between two
terms can be calculated by comparing two rows using the similarity meas-
urement, for instance inner product. In the reduced matrix X̂, the inner
product of two row vectors from X̂ can also be used to denote how closely
related the two terms are. Calculating the similarity for all terms can be
done by forming X̂X̂T – the entries are then the term-to-term dot product
similarity. But the same results can be found more economically by using
the fact that:

X̂X̂T = TSDT (TSDT )T = TSDT DST T T = TS2T T (3.20)

This matrix then contains all term-to-term similarity measurements. The
calculation uses equation (3.10) on page 25 and the fact that S is a diagonal
matrix.

Comparing two documents This is similar to the term-to-term com-
parison above, except for the fact that the comparisons are between columns,
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not rows. The corresponding calculation becomes, with reductions per-
formed similarly to equation (3.20) on the page before:

X̂T X̂ = DS2DT (3.21)

Comparing a term and a document As described in [Deerwester et al.,
1990, p. 399], this is a bit different in that this comparison is the individual
cells in X̂. To calculate these quantities without actually forming X̂, the fol-
lowing trick is used calculate cell [x̂ij] of X̂. Remember from equation (3.11)
that

X̂ = TSDT (3.22)

Taking the dot product between row i of TS1/2 and row j of DS1/2 gives
in fact cell [x̂ij].

Comparing a query to documents Having constructed a query doc-
ument as decribed in section 3.4, the chosen comparison operator is used
to compare the query document to each of the documents in the collection.
The output is a list of similarities – if the cosine similarity measurement is
used, then it is the angle between the query document and each of the doc-
uments. This list of comparison results then has to be sorted in numerical
decreasing order to find the most relevant documents. The cosine is suit-
able for ranking documents, but not as an absolute similarity measurement.
The value of the cosine similarity depends greatly on the chosen value for
k, see [Berry et al., 1994, p. 11]. This also means that choosing a cut-off
value for the cosine measurement is very dependent on the chosen k.

3.4.2 Examples of comparisons

As we now know how to compare terms, documents and queries to docu-
ments, the following will demonstrate the use by expanding on the example
in section 3.3.3. The original X from figure 3.1 on page 15 and the reduced
matrix X̂ seen in figure 3.7 on page 28 will be matched against a query.
This will demonstrate how reducing the DVM affects retrieval.

Forming the query “moon astronaut” results in the query document
vectors listed in figure 3.8 on the facing page. Equation (3.19) on page 29
has the elements in the calculation. The raw query document is Xq, which

is the one used in the comparison with X. For the X̂ comparison, the query
vector Dq calculated is used instead. Comparing these query representa-
tions using the cosine similarity against the two matrices will result in the
similarities listed in table 3.2 on the facing page.
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Xq =
[

0 1 1 0 0
]

Dq =
[

0.28 0.53
]

=


0
1
1
0
0


T 

0.44 0.13
0.30 0.33

−0.57 0.59
0.58 0.00
0.25 0.73


[

2.16 0.00
0.00 1.59

]−1

Figure 3.8: Forming Xq and performing the calculations leading to the vector
for the query document, Dq.

d1 d2 d3 d4 d5 d6

X 0.41 1.00 0.00 0.00 0.00 0.00

X̂ 0.75 1.00 0.94 −0.45 −0.11 −0.71

Table 3.2: Similarity between query document and original documents.

As can be seen from this simple example, the similarity between the
query and the documents better reflects the topics of the different docu-
ments in X̂. Even though d3 does not contain any of the search terms,
it still matches the query to an impressive degree. This demonstrates the
associative power of the LSI. The three last documents are a lot less related
to the query in that they point in the opposite direction, which makes good
sense.

3.5 Clustering

This section covers the topic of clustering. In general terms, clustering is the
process of organizing a set of elements into a number of groups or clusters.
These clusters should reflect a similarity between the contained elements.
A cluster in this context is a set of documents which in some way are
similar to each other. Clusters can be created in many ways and numerous
algorithms and approximations exists to solve this problem. Below the
different approaches will be roughly categorized. [Manning and Schütze,
1999] introduces many of the concepts and gives further examples.

The first choice is whether to produce a flat set of clusters or a hierarch-
ical one. Algorithms for flat clusters are fairly simple and run very fast. In
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many contexts they give sufficiently good results to be usable. Read more
details about flat clusters in section 3.5.1. Hierarchical clusters are more
rich in their representation of the underlying structure, and they can be
presented in interesting ways. They are further discussed in section 3.5.2.

Besides choosing the type of clusters, another important point is that
of membership. The membership of a document to a cluster can either be
hard or soft. Hard membership means that each document is only member
of a single cluster. Soft membership means that the document can be a
member of one or more clusters with different degrees of membership to
each. As [Manning and Schütze, 1999, p. 499] notes, soft clustering is
more suitable when working with natural language. This is because words
can have multiple meanings and there can similarly be different aspects of a
single document. Using hard clustering seems too restrictive in this context.

The reason for clustering in the first place is to enable easier data ana-
lysis. It is an intuitive way to illustrate the strengths and weaknesses of
the neighboring relation. Furthermore, the ability to visualize data makes
it easier to digest the information for the end-user. Note that the clusters
are created from the actual data and they are not predetermined. They
depend on the natural divisions in the data given by a neighboring relation.

3.5.1 Flat clustering

Usually flat clustering starts with a chosen number of clusters. All docu-
ments are then assigned to clusters randomly, and an iterative method is
then used to gradually refine the clusters. At each step a document can be
moved from one cluster to another in order to reduce the distance within
each cluster.

Single-link clustering An example of a flat clustering algorithm is the
single-link clustering. Here a number of clusters are initially formed in a
bottom-up fashion. The similarity between two clusters is taken to be the
similarity between the two closest objects from the clusters. The two closest
clusters are found and merged in each iteration. Initially this sounds like a
good idea, but it suffers from the so-called chaining effect. This is because
clusters tend to get elongated, since the largest similarity is taken without
taking the global context into account at each step.

Minimum Spanning Tree A different approach which does not suffer
from this problem is clustering based on the minimum spanning tree (MST).
Forming the MST is done by connecting all documents along the edges with
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the largest similarity. There are many efficient algorithms to find this tree,
for instance Kruskal’s Algorithm. Using such an algorithm makes it possible
to create clusters taking the global cluster quality into account. This means
that the similarity between two clusters is the similarity between their most
dissimilar members – and this avoids the elongated clusters of the single-link
method.

k-Nearest Neighbors clustering The k-Nearest Neighbors (kNN) clus-
tering is a hard clustering method – each object only belongs to a single
cluster. A center of mass is calculated for each cluster, which is an aver-
age of the contained objects. Several iterations follow where each object
is reassigned to the cluster with the nearest center of mass. The centers
are then updated again and the iteration can continue until the clustering
converges.

3.5.2 Hierarchical clustering

Hierarchical clustering algorithms are usually greedy. Clusters are either
formed top-down or bottom-up. Agglomerative Hierarchical Clustering
(AHC) starts with a cluster for each individual object. In each iterative
step, these clusters are then compared and the two most similar clusters
are merged. The algorithm stops when one big top-level cluster containing
all documents has been created.

Instead of forming the clusters bottom-up, the divisive clustering starts
with a cluster containing all objects, and then splits this iteratively. The
cluster to be split is the one which is the least coherent – a cluster with
identical objects is much more coherent than one with object that are very
dissimilar. The measurement of cohesiveness is one of the tuning parameters
for this algorithm.

3.5.3 Online clustering

Online clustering is performed on a set of documents deemed relevant to a
given query, instead of on the complete set of documents. These elements
should then be clustered according to different aspects of the query. The
algorithm used has to be fairly quick as the user is waiting for the response,
and time has already been spent locating the results. These are the kinds
of algorithms used in this project. For more details on the used algorithms,
see section 5.3.1.
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3.5.4 Offline clustering

When performing clustering offline, meaning that it is not relative to a given
query but a general automatic clustering of all documents, there is no strict
time-constraint. The idea is to perform the clustering once and for all, and
then use it for recognizing the different groups when returning results.

Offline clustering can be used to find general grouping of documents
and find different general topics in a collection of documents. In some IR
systems it has actually been used to restrict the area of search when finding
matches to a query – this way the search space becomes much smaller.
This was especially important when computers had very little memory and
processing power.

Self-Organizing Maps

This is a method created by Tuevo Kohonen. In his book [Kohonen, 1995]
the mathematical details for Self-Organizing Maps (SOM), which is a visu-
alization and datamapping algorithm, can be found. It also describes the
Learning Vector Quantization (LVQ) method which is used for categorizing
elements. Roughly speaking, SOM can be seen as an elastic network which
approximates the high-dimensional document space. This means that the
structure formed by documents in, for instance, hundreds or thousands of
dimensions, are mapped into a grid of cells in few dimensions. This is done
in a way that preserves the original spatial relationships as well as possible.
By going all the way down to two dimensions it becomes possible to make
a simple graphical representation of the SOM.

The process starts with a random solution which is then gradually re-
fined to reach the final map. Several restarts have to be made in order
to ensure a good solution has been found. The average quantization er-
ror is calculated and it is this measurement which is minimized during the
iterations.

Within each iteration, a given document is compared to the current state
of the network. The cells in the area around the document is then updated,
according to parameters chosen by the user, to better reflect this document.
This is repeated many times, and the documents can be presented in the
same order each time or a random permutation. The order affects the final
map, though not severely so [Kohonen, 1995, p. 112].

Applicability in this context The general problem with using an off-
line clustering method in this problem domain is the fact that the specific
clustering is only interesting around the area of the query. This implies that
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the generated SOM has to be extremely detailed and contain an enormous
amount of cells – this is not as such a deficiency in the SOM method, but
because of the huge amounts of information which has to be clustered. In
[Kohonen, 2000] they cluster a collection of almost seven million documents
and use one million nodes in the map – the calculation took several weeks
to complete. In the project they generated several levels of maps in order to
facilitate navigation between different levels of detail, without recalculation.
So handling large amounts of data in the generation of SOM is possible, but
it costs a lot of resources.

SOM is well suited to create an overview of the different topics. Besides,
the clusters will only be areas containing the artificial query document or
having a border fairly close to it. It can be used to create an initial look on
the different topics, which is what Self-Organizing Maps are often used for.

3.6 Conclusion

This chapter has introduced the various technologies that are going to be
used in the rest of the text. We started by introducing general Information
Retrieval and the Vector Space Model. Weighting schemes for transform-
ing the original DVM was discussed, as was noise removal through dimen-
sion reduction. An example of a document vector matrix was given which
was expanded when Latent Semantic Indexing was explained, and which
was finally used to demonstrate searching. A section covered the different
searches that are possible within the reduced DVM and finally a section
discussed various approaches to clustering of data. This concludes the in-
troduction of technologies. The next chapter will cover how others have
solved the same problems as this project.





Chapter 4

Alternative approaches

In this chapter, alternative ways of solving the problem described in sec-
tion 1.2 are presented. Three different areas of alternatives are discussed.
These areas are other existing reuse support systems, other search methods,
and finally how other user interfaces have been made.

The main focus in this chapter is on the CodeBroker system and an
introduction to the Semantic Web with Description Logic. The CodeBroker

system has been a major inspiration for this project, which is why it is
described in such detail. As for the Semantic Web, it is a very interesting
development in the way information is represented and exchanged.

The chapter is structured as follows: first comes a discussion of three
reuse support systems in section 4.1 with CodeBroker as the main example.
Then in section 4.2, other methods of Information Retrieval will be intro-
duced. These are the keyword-based methods, the probabilistic methods,
and at some greater length, the logic based methods. Within the discussion
of the logic based methods, the Semantic Web project is described and key
technologies are introduced. Finally, in section 4.3 we will take a look at
different ways of making a user interface for a reuse repository.

4.1 Reuse support systems

Making and using reuse support systems is not a new idea. People have
been constructing such systems based on fundamentally different methods
for many years now. The following sections cover a few different systems
suitable for helping with reuse when programming.

39
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4.1.1 CodeBroker

The CodeBroker (CB) system was created by Yunwen Ye. It is documented
in his Ph.D. thesis [Ye, 2001] titled ”Supporting Component-Based Soft-
ware Development with Active Component Repository Systems”. He has
also written some introductory material, such as [Ye, 2003]. Briefly, the
idea is that since developers do not reuse existing code enough, it must be
because they perceive the problems of reusing to be greater than the bene-
fits. Ye then extends an existing context-aware system, to make it deliver
components which may be relevant to the user’s current task, without any
explicit action on the user’s part.

He calls this a paradigm shift from the development-with-reuse paradigm
described in [Rada, 1995], to reuse-within-development. He then proceeds
to integrate the delivery mechanism of components directly into the devel-
opment tool. The Emacs editor with a special Java mode is used as the
delivery platform, see figure 4.1 on the next page which is further described
the section “Determining current task” on page 43. The system is set up
for programming in Java, and delivers short descriptions of relevant com-
ponents at the bottom of the screen. The source code is freely available1

under the GNU Public License (GPL) license.
The problems with existing reuse support systems is the fact that the

user does not think that components exist which can solve the given prob-
lem. As mentioned, users also have a tendency to perceive the cost of
locating them to be greater than the cost of making a solution from scratch.

Below are described some of the different aspects of the CB system which
are relevant to our discussion. The indexing performed is a bit different from
the one used in this project, and it is described next. The user model is
described in the section after, which also discusses the user-defined filtering
of delivered components. How queries are performed is discussed at the
end.

Indexing

Before the system can be used for retrievals, the raw data must be properly
indexed. Here follows a description of the various parts of this procedure.

First of all, Javadoc HTML is parsed to extract the signature and descrip-
tion of the various methods. Two different collections of components are
used. These are the Java API version 1.1.8 and Java General Library (JGL)
version 3.0 from ObjectSpace Inc. These component collections contain 503
and 170 classes respectively and a total of 7.338 methods. These are chosen

1http://www.cs.colorado.edu/∼yunwen/codebroker

http://www.cs.colorado.edu/~yunwen/codebroker
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Figure 4.1: Example of CodeBroker in action. Source: [Ye, 2003].

because of the high level of quality and the fact that they are generally
well documented. Using the system with other component collections is
possible, however, is not easy to get the system running, as the source does
not compile on this author’s system, and no pre-compiled binary version is
available.

Besides using the Javadoc as a documentation source, various other
sources are used to give the system a certain level of “background know-
ledge”. By introducing the contents of Manual (Man) pages and texts from
the Java language specification, the system is better able to infer the re-
lationships between words. This also helps the system further discovering
synonymous words.

A document vector matrix (DVM) is created from the chosen document-
ation and two different retrieval methods are used. These are LSI and the
Okapi model. For more information on the Okapi, see [Robertson et al.,
1995] which has some information on the modern Okapi algorithms. These
algorithms have been a major research subject since they were first intro-
duced at Text REtrieval Conference (TREC) 1 in 1992. Ye has used the
existing Okapi implementation and not reprogrammed it himself. Okapi is
further discussed in section 4.2.2 on page 51.
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In fact, most of the CB system is a simple extension of the Remembrance

Agent2, which is the foundation for the source of the system. The Remem-

brance Agent source includes the Okapi ranking, and it is a system for
retrieving mails relevant to the current text. It works within Emacs, and
has probably greatly influenced the choice of component delivery platform
for the CB project. Other choices for freely available Okapi implementation
is the Lemur project3 or the Xapian4 project.

The reasons for choosing to use the LSI and Okapi methods are detailed
at [Ye, 2001, p. 83]. Briefly the reasons were that they required least effort
to implement, they were easy to use for programmers, and that they were as
effective as other more advanced methods. The fact that free-text methods
are as effective as the more advanced ones is documented in [Frakes and
Pole, 1994], and the fact that using a controlled vocabulary is expensive and
does not give better results than the uncontrolled approach is documented
in [Mili et al., 1997].

It is interesting to note that the Okapi methods consistently gives better
performance than the application of the LSI method. The approach to using
LSI falls outside what is usually done. The semantic space is created using
various texts such as the Java Language Specification, various Man pages,
and other similar sources of text. This is done to give the system a better
basis for evaluating the words. But these are the only documents which are
used in the initial DVM; the documents extracted from the Javadoc are then
simply folded in, a method similar to how the query document is formed, see
equation (3.19). When folding in documents, the performance may suffer
greatly, as the new document are only approximately represented as an aver-
age of the constituent terms. With each new document, the representation
of that document is not influenced by the other documents but only by the
standard texts. This means that adding documents with few known words
will result in all the unknown words to be ignored. Furthermore, Ye does
nothing to recompute the weights of the different words. This could be an
explanation why his LSI implementation performs consistently much worse
than the Okapi one. But the fact that Okapi better handles polysemous
words more accurately than LSI could also be an important factor.

Discourse model

In order to only return components the user is not already familiar with,
a discourse model or user model is created. Based on previously written

2http://www.remem.org
3http://www-2.cs.cmu.edu/∼lemur
4http://www.xapian.org

http://www.remem.org
http://www-2.cs.cmu.edu/~lemur
http://www.xapian.org
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programs and a direct feedback mechanism, the user can filter out single
methods, classes, or entire packages. The filtering can be for a single session,
or it can be a permanent decision by the user. Interacting with the system to
filter out unwanted results is done simply by right-clicking on the delivered
component and choosing how much to exclude, and for how long.

By making this fairly simple model of the users knowledge, the system is
able to hide the components which the user has already deemed irrelevant or
knows about. The filtering is done by having the system retrieve everything
relating to the current context, and only after the retrieval is done does
the filtering take place. This means that the retrieval mechanism can be
kept relatively simplistic, while still being able to personalize the presented
results. This seems like a good compromise, as the user model can be
expected to be much smaller than the set of all documents.

Determining current task

Instead of waiting for the user to search the repository, an agent process
monitors the text the user has written in the active file. The discovery of
what the task the user is currently working on is based on the comments
entered in the unfinished code, and the current signature of the active ex-
pression. This means that comments have to be written before the actual
method implementation, in order for the system to be truly useful. Refer
again to figure 4.1 on page 41 to compare the screen-shot with the follow-
ing discussion. The user writes his program in the large main area on the
screen, and he or she is currently trying to shuffle a deck of cards, and has
just finished the comment and some skeleton code. In the bottom area of
the screen four delivered components can be seen. They each have a simil-
arity ranking, a method name and a brief description. The user has hovered
his or her mouse over the third component in the list, and can now see the
full package and signature of the method at the bottom of the window.

Based on the entered comments, the agent retrieves relevant compon-
ents at fixed intervals. It filters out the ones the user already knows using
the process described previously. Finishing the comment delimiter in the
example has triggered the agent to update the currently delivered compon-
ents to reflect the updated task description. Actually, this is more or less
a regular search engine embedded in the development environment. The
main benefit to this approach is that the user can stay in his development
tool when looking for reusable components, even though that development
tool then has to be Emacs.

The CB system could get extra information about the current task by
looking at the identifiers a programmer chooses for his methods and vari-
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ables. But the CB system does not use the extra information contained in
the identifiers to further specify the query. This means that programmers
who are not writing the comments first will not get any of the benefits from
the system, as it is unable to deliver components autonomously. This was
a problem users noted when using the system.

Retrieval

Retrieval from the CB system can be performed in a variety of ways. The
easiest way is to create proper comments for the method being written,
as already described. The system uses the comment text as a query and
presents relevant components based on the used words. The signature of the
current method, meaning the return type and parameter types, is also taken
into account in order to reduce the number of irrelevant components. This
signature checking is rather elaborate in order to avoid returning unusable
components. However, Ye’s tests showed that the signature matching was
more or less a futile effort, as very few components were filtered out this
way. Finally, all components in the retrieved list the user is already familiar
with are removed. These removed components are a part of the described
user model.

The final list of retrieved components is then presented to the user at
the bottom of the screen, as in figure 4.1. It consists of a primary list of
one-line descriptions of the components. By holding the mouse over them,
the signature of the given component is shown in the status area. Click-
ing it opens a browser with the Javadoc documentation of the component,
where more details can be found. It is also possible to make refinements to
the retrieved list, as the user can add new components or packages to the
discourse model by right-clicking on a delivered component and selecting
the option from the menu.

Ye has created these multiple layers of information for a very specific
reason. The process of choosing a component consists of two distinct stages.
These are named information discernment and detailed evaluation. In the
first, initial rough evaluation stage, the description of the different compon-
ents is scanned by the user to locate components relevant to the current
task. Only when a component seems promising is it evaluated more closely,
in this case by opening the full documentation.

Learning the syntax and semantics of a given programming language is
something all programmers have to do before being able to properly use
it. An important detail is the fact that vocabulary learning has to take
place before the programmer can properly reuse components. This means
that the proper names for things have to be learned, and according to Ye,
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proper use of a component is best learned when it is used to solve a concrete
problem. This view is a part of the reason why the delivery of components
is integrated with the editor.

Evaluation results

In order to test the system Ye had a few real users try and use the system for
a number of specific tasks. Generally, users like the delivery of components.
However, the tasks used for testing the system were deceptively simple,
such as shuffling a deck of cards or converting from one number format to
another. As he describes it, the subjects are also more motivated to reuse
when they are part of an experiment.

As users discovered, the system does not use the information contained
in method and variable names [Ye, 2001, p. 143]. This is an obvious ex-
tension that could easily be made, enabling users who do not write many
comments but use good identifiers to get a larger benefit from the system.
Using identifiers is actually done in [Michail and Notkin, 1999], where they
use identifiers to compare multiple software libraries to find similarities and
differences, so the idea has previously been used elsewhere.

Final thoughts on CodeBroker

This section has described some aspects of the CodeBroker system. The
system has been used as an inspiration for this project. The benefits seem
real, and the described user feedback is mostly positive. Drawbacks include
the dependency on a single development platform (Emacs), instead of be-
ing a more general system, and the fact that it is a research prototype,
built with the Remembrance Agent. If the project had been started later,
integration into the Eclipse5 platform or similar IDE would have been an
obvious alternative to Emacs, even though it would have demanded a larger
programming effort on Ye’s part.

4.1.2 Peel and CodeFinder

The Peel and CodeFinder project uses a different approach to build a
searchable reuse repository [Henninger, 1997]. Instead of trying to make
the best categorization and indexing initially and pay the full cost of the
repository before it can be used, they make a usable version very cheaply
using a semiautomated process, and then allow the users to update the
descriptions as needed. The input is Lisp source code, and the tool called

5http://www.eclipse.org

http://www.eclipse.org
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Peel is used to extract comments and strings from the source, removing a
list of stop-words first. This text is then stored in a frame-based knowledge
representation called Kandor, which allows hierarchical structuring of in-
formation. The indexing is almost automatic, though some information is
entered once for each file.

The representation of a frame for each component allows changing and
updating the information as the component gets used. The initial seeding
of the repository using Peel does not give very detailed information, but
hopefully enough to make it possible to locate the component.

Retrieval is done by a seperate program called CodeFinder. See fig-
ure 4.2 on the facing page for an example of the interface in use. The top of
the window is the current component hierarchy. Bottom left is the current
query with a selection of two categories and three terms, and two related
items are also selected for the query. Next is a list of terms related to the
query, and then comes the retrieved items. The user can easily add new
terms or mark components as relevant to the query.

Queries are matched against the repository using a technique known
as spreading activation, which is a soft matching technique. A two layer
network representing the components is created. One layer consists of the
terms, and the other layer represents the components. In the network,
components are connected to the terms they are described by. Spreading
activation matching is performed by setting the activation value of the terms
and components in the query to 1.0. In each iteration the activation value
flows, or is distributed, to the neighborhood using a series of updating
formulae. The idea is that values from different directions can meet up, and
the components or terms thus activated should be relevant to the ones in the
query. Dampening factors are also used to avoid spreading the activation
too far, and thereby getting too unrelated information.

Spreading activation gives some of the synonym identification capab-
ilities of the LSI method. Similar terms that occur in the same contexts
will be retrieved together. However, there are quite a few parameters for
the updating process which have to be properly tuned for the system to
perform properly. The values for these parameters have to be determined
experimentally.

The strength of the system comes from the easy updating of component
representations. When a programmer finds an appropriate component, it is
possible to update the representation in the repository by adding or chan-
ging indexing terms. This is done to make the component easier to find in
the future, and thus evolve the repository to make retrieval of used com-
ponents easier. By showing the programmer terms related to the current
query, it becomes easier to reformulate the query to more precisely specify
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Fig. 4. CodeFinder user interface. In the interface, the Category Hierarchy window displays a
graphical hierarchy of a repository. The Query pane shows the current query. The top part of
the query specifies two categories (“THING” and “E-mail”) to search within. The bottom part
specifies key terms and related components. The Retrieved Items pane shows all components
matching the current query, by order of relevance to the query. The Example of the Retrieved
Items pane shows the full entry for the top matching component or a component chosen by the
user. The Bookmarks pane holds a history view of viewed objects. The Related Terms pane
shows terms retrieved by the query.

122 • Scott Henninger

ACM Transactions on Software Engineering and Methodology, Vol. 6, No. 2, April 1997.

Figure 4.2: Example of CodeFinder interface. From [Henninger, 1997].
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the wanted component.
Empirical studies of the CodeFinder system have shown that it ad-

equately supports the locating of components. The soft matching algorithm
along with the query by reformulation compensates for the vocabulary
mismatch. The fact that the repository can be constructed by the semi-
automatic Peel tool helps construct an initial repository from existing code
modules created without reuse in mind. This gives a method for reusing
the existing components, and develop the repository separately from the
source files.

Comparing the CodeFinder project with the system constructed in this
project, it is seen that CodeFinder is very focused on programmers adapt-
ively modifying the repository. Updating of the model is not as straight-
forward in the LSI model, since using the easiest implementation, the SVD
has to be recalculated after an update or the changed object will not be
properly represented. However, the reuse support system created in this
project should not need such an updating mechanism, as components are
assumed to be well documented.

Matching queries using spreading activation is subject to the proper
tuning of quite a few parameters. In LSI the crucial choice is in selecting
a proper value for k for the document corpus along with proper prepro-
cessing, as mentioned in section 3.3.2. The feedback and ranking possible
in the CodeFinder program can also easily be constructed when using LSI,
so there is no major difference in query expressiveness. The discovery of
synonyms in CodeFinder using spreading activation seems less controlled
than the semantic concepts found by co-occurrence in LSI, though no proper
comparison of the two methods has been found.

4.1.3 The Guru system

The Guru system is used to index Manual (Man) pages on the IBM Aix plat-
form [Maarek et al., 1991]. The goal is to create a searchable reuse library
cheaply and still get good results. In the indexing phase they construct a
profile for each component. Unfortunately, they are unable to assume any
specific comment style such as the Javadoc standard, so the exact compon-
ent a given comment is concerning is unknown. Instead of simply guessing,
they extract information from the much higher level of information in Unix

Man pages. They do this in order to ensure that they get representative
text which is not simply documenting internal details, actually but usable
for end-users.

They weighted constructing a system based on artificial intelligence (AI)
methods against IR and chose IR because of [Maarek et al., 1991, p. 80]:
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1. Lower cost because of automatic construction.

2. Transportability since no domain-specific knowledge is used when con-
structing the library.

3. Scalability since the library can easily be updated without using ex-
pensive human resources.

These arguments are also used when the choice is between using controlled
and uncontrolled vocabularies. Using uncontrolled vocabularies gives better
scalability as the set of allowed words does not have do be decided in advance
of the indexing.

The indexing is based on lexical affinities where a set of attributes is
identified for each software component. The system extracts terms from the
text and identify co-occurrence patterns of terms in sentences to find these
lexical affinities. The found occurrence patterns are then sorted according
to their resolving power based on information measurements.

Searching

Users can search by entering a search string and get a ranked list of res-
ults, or they can choose to browse a generated hierarchy. To get good
performance regarding the time it takes to search, the search and retrieval
is performed using traditional inverted index files. The hierarchy of com-
ponents is generated using an AHC algorithm, however, the search results
are not clustered when retrieving.

When a plain-text query is entered, the following takes place: First
a plain match is tried against the library and any matching components
are returned in a ranked list. If none match, the browsable hierarchy is
presented to the user.

In order to compare the query with the documents in the library, they
use a similarity measurement based on the information contained in the
individual terms. They mention a few different similarity measurements
in the article, including the cosine. But the one they choose to use seems
to be based on the inner product. By using for instance the cosine sim-
ilarity instead, they could probably have achieved even more consistent
results without having single terms dominate the similarity calculations.
As mentioned in section 3.4.1, the inner product similarity can be victim of
unbounded influence of a single component. These flaws are documented
in [Jones and Furnas, 1987].
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Empirical results

The performance of the system was measured by calculating precision and
recall for a set of constructed queries. First they had to construct the test-
sets. This was done by collecting queries from typical users. These were
3.7 words in length on average. They then selected 30 queries and had Aix

experts select the appropriate response set of components in the Aix library
among the 1100 indexed components. Having done this they were able to
show that the Guru system performed around 15% better on average than
an existing commercial system called InfoExplorer, which also searches
Man pages on the same platform, so the system represents an improvement
over the previously best system.

Aside from the problems with using the inner product similarity for
comparisons, the methods for finding relevant lexical affinities is certainly
an interesting direction. And the use of domain experts for constructing
the test collection is certainly desirable to be able to emulate.

4.2 Other Information Retrieval methods

As mentioned in section 3.1 when introducing IR, there are quite a few
different ways of doing IR. They range from the free-text or keyword index-
ing methods, over the more formal probabilistic methods, to the extremely
formal logic based methods. Using a more formal method usually improves
retrieval precision as documents are more carefully represented. In the next
sections the keywords based, probabilistic and logic based approaches to IR
will be discussed. The ideas behind the Semantic Web are described at
some detail within section 4.2.3 on logic based methods.

4.2.1 Keywords based

It is relatively easy to create a basic keywords based search engine using
existing frameworks, as one can build on existing solutions. The Jakarta

Lucene project6 is a framework written in Java supporting the construc-
tion of specialized search engines using keyword matching. Documents can
be indexed using a number of separate fields so that title, indexing date
and body-text can be stored separately. Fields can be stored without be-
ing searchable, which means that you could add some data which will be
available when the document is retrieved and is about to be presented, but
which can not be searched. This gives maximum flexibility when choosing

6http://jakarta.apache.org/lucene/

http://jakarta.apache.org/lucene/
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what to store and how. The words in documents are stored in inverted
indexes for fast query matching and efficient retrieval.

Constructing a basic search engine within the Lucene framework is easy
for an experienced programmer. Standard classes exist for all the basic
functionality, and if some special treatment is needed somewhere, it is easy
to extend the system. However, one has to be a programmer in order to
use the framework as it is not a completed application suite. It makes
the constructed engine a great deal more flexible, but it does put some
high demands on the programmer implementing a search engine using the
Lucene framework. He or she has to connect quite a few components in
order to construct a functional system, and the connection between the
different parts are not at all obvious at first. However, the end-user of such
an implemented search engine does not have to know anything about the
underlying implementation, and merely sees a very efficient standard search
engine.

Lucene supports a wide variety of query operators. Standard boolean or
and and are supported, with or being the default operator between search
terms. Queries can use wildcard searches with operators * and ?, though
not as the first character in a word due to performance considerations.
Other implemented operators include fuzzy spelling and proximity searches
where term positions are taken into account. This makes it possible to
search for a exact sentence, something the VSM approaches are unable to
do due to the bag-of-words representation of documents, see section 3.2.

Retrieval from the Lucene engine is extremely fast, but as mentioned
it is unfortunately limited to keyword search. This means that such en-
gines suffer under all the previously mentioned problems of inappropriate
indexing terms.

Lucene is appropriate for applications where a fast but simple search
functionality is needed. When a search task can be solved by keyword
matching, the rich query language makes it a good candidate solution. An-
other benefit is the fact that the system also supports incremental updates
while the system is online.

4.2.2 Probabilistic methods

Probabilistic methods is a branch of IR which is built on a statistical found-
ation. One of the interesting approaches which has given some very nice
results is the Probabilistic Latent Semantic Indexing (PLSI) method, intro-
duced below. The performance of PLSI has proven somewhat better than
that of LSI in a number of experiments. The PLSI method is originally
described in [Hofmann, 1999a] and further developed in [Hofmann, 1999b].
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Instead of performing the SVD on the document vector matrix, which
minimizes the Frobenius norm (equation (3.12) on page 26), a statistical
approach is used where the approximation is optimized with regards to the
predictive power of the model.

One of the benefits of this alternative representation is that polysemous
or ambiguous words are represented by multiple factors for each meaning.
This gives distinct advantages over LSI where polysemous words are basic-
ally represented as an average of the multiple meanings. However, as the
author is not familiar with statistics and have therefore been unable to fur-
ther pursue the more advanced PLSI method. This also includes methods
based on Bayesian models.

The Okapi model is another example of a probabilistic method. As
it is introduced, the model is based on a probabilistic model of “within-
document term frequency, document length and within-query term fre-
quency” [Robertson and Walker, 1994, p. 232]. A rough model is used
to approximate a full probabilistic model of term frequencies, where oc-
currences of terms are categorized as relevant or irrelevant for the given
document. This apparently gives considerable performance increases in
comparison to more simple weighting functions. In [Robertson et al., 1995]
the BM25 algorithm is introduced. This algorithm is still the benchmark
used when introducing new methods at the TREC conferences.

4.2.3 Logic based methods

The logic based methods demand more of the input data. The idea is to use
formalisms for describing concepts and instances in a representation only
allowing one interpretation. The main drawback with using logic is the high
cost of formalizing data for use in the system. First the Semantic Web will
be introduced, as it is a modern application of logic based methods. Then
Description Logic is described, which is an example of a logical formalism
usable for the Semantic Web.

Semantic Web approaches

The Semantic Web (SW) is one of the great promises for the future. It is an
expression used to denote work in many different areas. The goal is stated
in an often quoted passage [Berners-Lee et al., 2001]:

“The Semantic Web is an extension of the current web in which
information is given well-defined meaning, better enabling com-
puters and people to work in cooperation.”
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Where text-based IR aims to give good enough or acceptable answers for
human consumption, the goal of the Semantic Web (SW) is to give specific
meaning to data. This will allow agents to make informed decisions and
not simply be the result of manual integration. However, the Semantic
Web is surrounded with quite a lot of hype, as [Marshall and Shipman,
2003] points out, but ignoring the visions of intelligent agents planning our
lives for us, there is still some interesting information integration aspects in
the SW vision.

In order to give meaning to concepts in a way that can be interpreted
by a computer, ontologies are used. An ontology is a description or spe-
cification of concepts and relationships that can exist between one or more
agents. It gives a vocabulary that can be used to describe objects or re-
sources. The World Wide Web Consortium (W3C) is currently working on
a number of technologies in order to enable the SW to happen – it is beyond
the scope of this text to properly introduce all of them, but some are briefly
outlined in the following.

First an important note: Each thing described and used in the SW is
named and referenced using a unique URI. This could be a reference to an
existing homepage or it could simply be an address known to be unique
as one controls the domain used. By using URI for naming the objects,
name clashes can be avoided globally because it builds upon on the already
globally unique DNS system.

A technology known as Resource Description Framework (RDF) is used
for the basic data-model of resources, where each entry is a triple consisting
of the parts:

〈subject, predicate, object〉

In this triple, the subject is the entry being described, the predicate is the
property or characteristic being added to the knowledge graph, and object
is the value of the property. Subjects and predicates are defined as URI

references. Predicates could for instance come from the set of predicates
defined in RDF Schema (RDFS), see below. The object in the triple can be
either another URI to reference the object it refers to, or it can be a simple
value such as a date or a string. RDF data is usually stored in an XML-
based format known as RDF/XML7 where the graph can be represented in
an efficient way. An example of storing the creation date for a resource can
be seen in figure 4.3 on the following page.

A good example of how clever it is to store data as RDF/XML instead
of as plain XML, was given in a talk [Berners-Lee, 2003]: assume that data

7http://www.w3.org/TR/rdf-syntax-grammar/

http://www.w3.org/TR/rdf-syntax-grammar/
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<?xml version="1.0"?>
<rdf:RDF
xmlns:rdf="http://www.w3.org/1999/02/22-rdf-syntax-ns#"
xmlns:exterms="http://www.example.org/terms/">
<rdf:Description

rdf:about="http://www.example.org/index.html">
<exterms:creation-date rdf:datatype=
"http://www.w3.org/2001/XMLSchema#date">1999-08-16

</exterms:creation-date>
</rdf:Description>

</rdf:RDF>

Figure 4.3: An example of a statement stored in RDF/XML. From http://www.
w3.org/TR/rdf-primer/#example7.

from two different sources, both in XML, have to be integrated into a single
document. First the Document Type Definition (DTD) or Schema for both
have to be understood, then a combined one for the result has to be created.
Then a transformation has to take place, for instance using XSL Transform-
ations (XSLT). If the documents were in RDF/XML they could simply be
concatenated together, and the graphs of their contained statements would
then be merged. The problem of perhaps not having used the same onto-
logy or vocabulary in the two documents still exists. However, there are
straightforward ways to, for instance, establish equality between different
parts of the graph within the standards and thus merge the information.

To make it easier to construct data for humans, an easier short-hand for
writing RDF statements is the Notation 3 (N3) format. Assuming that the
namespace prefixes have been defined elsewhere, the RDF statement in fig-
ure 4.3 can be written as simple as in figure 4.4 on the next page. Note that
most of the representation is the definition of the used namespaces. When
using N3 for writing statements, the namespace definitions will usually take
up relatively little space as they are created once, and used many times
within the file. This simple N3 representation can then be converted into
RDF/XML using freely available tools such as Closed World Machine (CWM)
[Berners-Lee, 2000].

RDFS is used for describing properties and relationships between RDF
resources. Web Ontology Language (OWL) is used for adding even more
vocabulary to describe relationships between classes, cardinality, and other
more advanced properties. Refer to the W3C web-site8 for more information

8http://www.w3.org/2001/sw/

http://www.w3.org/TR/rdf-primer/#example7
http://www.w3.org/TR/rdf-primer/#example7
http://www.w3.org/2001/sw/
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@prefix ex: <http://www.example.org/> .
@prefix exterms: <http://www.example.org/terms/> .
@prefix xsd: <http://www.w3.org/2001/XMLSchema#> .
ex:index.html exterms:creation-date "1999-08-16"^^xsd:date .

Figure 4.4: Same RDF example as figure 4.3, in Notation 3.

and the appropriate standards.

While the Semantic Web in its current form is still far from finished,
the RDF standard does make it possible to define data in a generally agreed
upon language. However, when it comes to actually using the data for
integration, the picture becomes more unclear. In order to properly utilize
the formal knowledge stored in RDF, a powerful language is needed with
existing implementations. Such a formalism is Description Logic.

Description Logic

Description Logic (DL) is a formalism for representing knowledge. It is prop-
erly described in the “Description Logic Handbook”, [Baader et al., 2003].
The basic idea of DL is to make as expressive a logic with as many features
as possible, while at the same time ensuring that calculations needed to
make inferences can be performed efficiently. Data is represented as facts
and the system is able to draw conclusions based on the given rules and
facts.

The term DL is used for the representation systems, but often the word
“concept” is used to refer to the expressions of a DL language, denoting sets
of individuals. The word “terminology” is used to denote a (hierarchical)
structure built to provide an intensional representation of the domain of
interest.

DL is used in knowledge representation systems that provide a language
for defining a knowledge base and tools to carry out inferences over it.
The systems normally use a basic “tell and ask” interface: tell the system
facts to add knowledge, and ask to get out information. As described in
the section about SW above, two different levels of information are used,
namely the definition of concepts and concrete individuals.

Similarly, knowledge based systems are separated into two groups – the
TBox and the ABox. The TBox (terminology box) is used to define the
intensional knowledge as a terminology. This gives a vocabulary to describe
the individuals. The TBox is also known as a taxonomy or ontology, and
this is usually a stable part of the system. The ABox (assertional box)
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contains the extensional knowledge, also known as assertional knowledge.
This is knowledge specific to the individuals in the domain, and therefore
subject to change more often. The individuals are described using the
terminology defined in the TBox.

Reasoning within DL This separation into an intensional (TBox) and
an extensional (ABox) part helps distinguish between the different levels
of information. The TBox defines the available vocabulary, whereas the
ABox defines the individuals in terms of the given vocabulary. The basic
reasoning within the ABox is checking whether an individual belongs to a
specified concept – this is known as instance checking. There are other kinds
of reasoning, but they can be shown to be solvable by instance checking.
In the TBox the basic reasoning is subsumption relation. Subsumption,
denoted C v D, can be described as checking whether the concept D is
more general than concept C. That is, it checks if one concept is always
contained within another.

Difficulties of use There are some difficulties with using logic based sys-
tems. It is possible, but hard, for humans to represent complex objects – it
is even harder to retrieve the wanted instances. A complicated specification
and query language has to be used – it has a steep learning curve, and is it
worth the effort? In [Frakes and Pole, 1994] they conclude that text-based
retrieval performs just as well as the more expensive methods for Inform-
ation Retrieval, and the strict logic approach is not worth the effort. It is
of course a different matter when integrating different tools, but for tools
aimed at end-users, logic-based tools are simply too difficult to use. This is
not a flaw with the DL project, but a general problem with trying to specify
concepts in the world without ambiguity.

Examples of DL in use

In [Kopena and Regli, 2003] they construct a design repository for elec-
trical components, using DL for the specification and retrieval mechanism.
By creating a formal ontology for describing physical components, it is pos-
sible to use the inference system to conduct searches. These searches can
then specify the specific properties a retrieved component must fulfill. To
perform the inferences needed in the system they have implemented a tool
called DAMLJessKB9.

9http://edge.cs.drexel.edu/assemblies/software/damljesskb/

http://edge.cs.drexel.edu/assemblies/software/damljesskb/
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To give an example of the difficulties of properly specifying components
using logic expressions, here is a description of a sensor which measures
electrical signals:

ElectronicSensor ≡ Artifact u ∃function.[Measure u ∃input.F low u
∃output.[Electrical u Signal]].

As can be seen, describing even the simplest physical component described
in formal detail is quite verbose and difficult to grasp.

Using Description Logic for inference within the Semantic Web project
is discussed in [Horrocks, 2002]. In it, the DAML+OIL combination is de-
scribed as a use of Description Logic for the Semantic Web. Adding such
an expressive logic to the SW project may help realize the SW vision.

4.2.4 About other Information Retrieval methods

The preceding has been a look at alternative methods for representing in-
formation for retrieval. Keywords based methods were first introduced, and
Lucene was used as the main example. Probabilistic methods were briefly
described, but no in-depth analysis was made, and finally we looked at lo-
gic based methods. This included a brief description of some technologies
related to the Semantic Web project, and a look at Description Logic.

In the next section, alternative possibilities for output representation in
the constructed system are described.

4.3 Output representation

We now turn to a different aspect of the system, namely the user interface.
Flat lists and clustered results are not the only way to represent output
from a search engine. As the other reuse repositories in this chapter has
shown, there are very different ways to do the output representation.

The CodeBroker project tried to create a non-intrusive interface where
the interaction with the repository happens as an additional benefit of com-
menting the code in a program. The two different passes of evaluating
information was explicitly considered when the interface was constructed.
Information discernment was supported with the short list, and detailed
evaluation was done by opening the complete Javadoc. This layered user
interface is a great idea for presenting a list of components, as it gives the
user a short overview and access to the complete documentation.

A more rich interface was presented with the Peel and CodeFinder

project in section 4.1.2. The user searched and refined the query by using
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direct relevancy feedback. Adding new words, documents, or categories to
the query specification prompted an update of related terms and retrieved
documents. This is a more direct method of query specification, and it gives
more immediate access to the structure and information contained in the
repository, than a flat list as in CodeBroker.

The final example of a user interface was given in section 4.1.3 concern-
ing Guru. No example was shown of the output from the system, as it is a
very simple presentation. The results are presented in a list with the name
of the command and the similarity value next to it. This representation
gives no context of the retrieved commands and no feedback as to how
the query may be modified to get a more relevant result. The browsable
hierarchy was an interesting idea, though.

These very diverse user interfaces gives an idea of how such a reuse
interface can be constructed, and the layered approach of CodeBroker is
going to be used to some extent in this project.

4.4 Position

In this section the position taken in relation to the other approaches will
be described. Specifically, it will be describe why the problem has been
attacked this way.

4.4.1 Discussion of possibilities

As has just been described, there are quite a few other ways this problem
could have been solved. This section covers the reasons why this specific
approach was chosen.

Each of the described existing reuse systems have one or more major
drawback. The CodeBroker system is locked intimately with the Emacs ed-
itor, and porting it to a more modern Java development environment would
constitute a significant programming effort. The Peel and CodeFinder

package provided a fairly rich user interface, but was tied to Lisp code
and used spreading activation for searches. And finally the Guru system
was limited to handling Man pages.

Building on an open framework such as Lucene would be easy to do,
but it would suffer under the problems of keyword matching. But doing
things the completely formal way with Description Logic or other logic-
based methods would require a large investment of human effort in order
to create the initial repository.
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The goal of this project is to create an efficient and usable reuse support
system. By decoupling the system from a specific programming environ-
ment and system platform and placing it on a web-server, it becomes as
easily portable as other programs written the Java language. Because the
repository is centralized, maintenance becomes easy, and only a single ma-
chine has to be updated when the documentation is changed.

Performing searches in the system should be as easy as possible. As it
can safely be assumed that all programmers using the system are familiar
with the standard interface to search engines, using the system is very
easy. The Vector Space Model approach used here ensures that queries are
matched more appropriately than simple keyword matching would. Using
an uncontrolled vocabulary ensures that a wide variety of terms are usable
when searching, and this further lowers the difficulties of using the system.
When reviewing results in the simple unclustered form, they are simply
presented as a ranked list of methods. But using the clustering facilities
enables a quicker information discernment phase.

Since the input data from the system is generated from plain Java-

doc generated HTML files, no additional cost is incurred to generate the
repository. If a collection of classes are meant for reuse, it is reasonable to
assume that they are documented to a certain degree. Seen in this light,
an investment of cheap computer processing time could potentially make
existing resources much more accessible to users.

Regarding changes of the repository, there are a few approaches of ac-
commodating them. When methods are added or changed, the easiest solu-
tion is to throw the entire index away, and index the entire collection from
scratch. This takes about an hour of computer-time on a modern machine,
and could easily be done as a nightly job, for instance. But striving for a
more elegant and evolution friendly solution, there are methods to update
the result from the SVD without performing the full calculation. These
methods of SVD updating will be discussed briefly in section 7.2.4, but see
[Berry et al., 1994] for more information.

4.4.2 Conclusion on position

In order to make a successful system which fulfills the problem description
in section 1.2, the above aspects have all been taken into account. The
automatic handling of synonyms that LSI provides is a great asset and it is
one of the primary reasons why the method was chosen.

The fact that users can use free text to search the repository and not
have to learn yet another query language, greatly lowers the bar for new
users.
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4.5 Conclusion

This chapter has discussed alternative approaches to the problem being
solved in this project. First a discussion of three different existing reuse
support system were presented. Even though the retrieval technologies un-
derlying each of them were quite different, the underlying idea of promoting
reuse was a common factor. Following that, different approaches to Inform-
ation Retrieval were discussed and especially the logic based methods were
introduced at some length. The ideas and a few of the basic technologies
of the Semantic Web were introduced.

The reuse support systems discussed earlier were also used to repres-
ent different possible user interfaces, ranging from simply presenting an
extremely simple ranked list, to a rather elaborate graphical user interface
with direct relevancy feedback.

Having looked at ways of solving the problem, the details of the imple-
mentation is discussed in the next chapter.



Chapter 5

Implementation

This chapter describes the system that has been created. It details the im-
plementation choices and the exact algorithms chosen to solve the problems.
The methods of data processing which have been used are also described.
Finally, the different available user interfaces will be described.

5.1 Outline of implementation

The basic idea underlying the implementation of the system has been to
create a number of separate subsystems and components. This was done in
order to make future development as easy as possible. Whenever possible,
design patterns have been used to decouple different parts of the system,
and general ideas from framework programming have been used to make
experiment configurations easy to change. This is why factory method and
template method patterns have been used throughout the system [Gamma
et al., 1994]. This use of patterns has resulted in some elegant solutions, and
made it fairly easy to parameterize solutions by inheritance and overriding
factory methods. An example of this is the ease with which one can change
vector normalization.

There are two distinct phases in the system. The first is the indexing
phase, in which the index of the code reuse repository is created. This has
to be done once, and takes about an hour on a modern computer for the
entire Java API. The other phase is the interactive use, where a programmer
uses the system to find relevant components. As will be shown later, there
are different ways to access the search front-end of the system. There is a
user interface for exploring, where one can navigate between the different
components and see the related terms and components for each. This is
done in order to ensure that the components are properly represented, and
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Javadoc
indexer→ XML file

parser→ matrix
SV D→ reduced matrix

Figure 5.1: Flow of data when indexing.

<typedecl name="dk.daimi.rud.util.Queue" type="class" id="rud581">
...
<method signature="public void enqueue (java.lang.Object o)"

id="rud583" anchor="enqueue(java.lang.Object)">
Add an object to the queue. When calling dequeue, the object o
will be returned after all other currently enqueued objects.
</method>
...

</typedecl>

Figure 5.2: XML representation of a single component extracted from Javadoc,
here dk.daimi.rud.util.Queue.enqueue().

it is mainly for tuning the system performance. The other user interface is
more like a normal search engine, where a user enters a query and gets a
list of results. It is not entirely like a normal search engine though, as this
interface does have some powerful options, such as clustering of the search
results. More on the user interface in section 5.3 on page 67.

Now follows a description of the indexing phase where the index is con-
structed.

5.1.1 Indexing phase

The phase of indexing Javadoc files is subdivided into four steps. See fig-
ure 5.1 for an overview of the flow of data when indexing. The first step is
the initial indexing where a collection of Javadoc files are parsed and out-
put to XML, see figure 5.2. The figure gives a continuation of the example
in figure 2.2 on page 8, and shows what information is extracted from the
HTML files. The reason for using XML for output is, that it is both easy to
produce and very easy to parse. It also gives a logical way of representing
the nested structure of classes with methods without much redundancy.

Instead of extracting information from HTML generated by the Javadoc

tool, an alternative would be to specialize the Javadoc tool with a custom
Doclet that generates XML instead of the standard HTML output. Doclets
are plugins written for the Javadoc tool, and the interface allows extensions
to be made which can build greatly on the existing implementation. In fact,
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Sun has made such an XML producing Doclet1. The benefit of extracting
comments from the generated HTML files instead of using such a Doclet is
that a searchable index can be constructed even if the source code is not
available, as is often the case.

For each method, the full signature with all parameter types is stored
in an attribute. The anchor within the HTML file is also stored to allow the
creation of links directly back to the Javadoc documentation. This makes
it possible for the user to browse the documentation further after having
found an interesting method. Notice how each typedecl (type declaration)
and method gets a unique identifier. This makes it easier to refer to specific
methods. It will also be used in the experimental interface, as shall be seen
later.

Some information is left out when indexing. Only methods are indexed
in the system, so class level comments are ignored. This is done for sim-
plicity as only one type of retrievable component has to be handled when
doing it this way. Adding comments regarding entire classes is a part of the
future work, see section 7.2.4.

As can be seen in figure 5.2 on the facing page, some other parts of the
documentation are left out as well. In this example, it is the comment for
the parameter which is removed. In general, all additional fields beyond the
main comment is removed. This is done in order to avoid “see also” sections,
information on thrown exceptions, and other miscellaneous information.
The current prototype is made as simple as possible, but to change the
behavior of what fields to include is simply to change the script which
parses the Javadoc files.

The script then takes all text used to describe the details of a method
and strips the HTML-tags, leaving only the contained text. The generated
XML file is now ready for the next step.

5.1.2 Forming document vector matrix

Next step in the process is reading the XML file and collecting all the words
it contains. The following steps are implemented in Java, except for the
truncated SVD calculation. A Simple API for XML (SAX) parser is used to
process the rather large XML file. SAX is built for batch processing which is
exactly what is needed here. Choosing SAX over Document Object Model
(DOM) comes naturally, as the nesting in the generated XML document
is not complex and searches or selections are not going to be performed
directly on the structure – everything is to be read and stored internally for

1http://wwws.sun.com/software/xml/developers/doclet/

http://wwws.sun.com/software/xml/developers/doclet/
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use in the later stages. All words used in all methods are collected and the
methods described in the next section are used to split identifiers.

A document vector matrix (DVM) is created by constructing a document
vector for each indexed method in the XML file, which is then stored in a
sparse matrix representation. The DVM is stored as a huge sparse matrix
which is created using the CERN Colt2 collection of components. These
components have been indispensable in this regard, as the matrix library is
very well designed and efficiently implemented. Besides supporting sparse
and dense matrices with the same interface, it is also easy to create a view
of part of a matrix as a new matrix without copying the underlying data.
This makes calculations on, for instance, column vectors very easy to do
as a view of the column can simply be created. One can then perform
calculations with vectors without being concerned with where they came
from. This convenient functionality simplifies some parts of the code a great
deal.

Handling identifiers

In order to separate identifiers into multiple terms, a form of identifier-
splitting is employed. When this is done, anIdentifier becomes the two
words an and Identifier. Acronyms within identifiers are also suppor-
ted, so for instance checkCVSStatus becomes check, CVS, and Status as
would be expected. The splitting of identifier is similar to the approach
in [Michail and Notkin, 1999], except for fact that the more elaborate pro-
cedures, such as common prefix removal, dictionary lookup of connected
words, and abbreviation expansion, are all left out. These extensions can
be added if needed, but since Java allows extremely long identifiers and the
use of packages for namespace control, programmers should have no need to
use identifier prefixes to create globally unique identifiers. This means that
the problem of skipping these advanced heuristics should not be too great.
However, the real need for identifier splitting can be seen by looking at the
enormous amount of methods in the Java API beginning with set or get.
These prefixes are the standard convention for methods giving controlled
access to data within an object and taking these apart gives more relevant
words to index.

After the identifier splitting, all words are converted to lowercase in
order to allow words which only differ in case to be treated as the same
term.

2http://hoschek.home.cern.ch/hoschek/colt/

http://hoschek.home.cern.ch/hoschek/colt/
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Normalizing the DVM

In order to avoid too much garbage in the list of indexed terms, the terms
that are only used once globally are removed, as are numbers. Stemming
is available in the system using the Porter Stemmer, and it is easy to en-
able when starting the indexing process. The fact that stemming should
be available is based on the discussion in section 3.2.2. To get the best
performance from the system, the local normalization used is the logarithm
of occurrence count, and the global normalization is the modified entropy
measurement. Refer back to section 3.2.3 for the discussion of weighting
alternatives.

The resulting sparse matrix is then output in Harwell-Boeing sparse
matrix format, which only stores the non-zero entries and their indices [Duff
et al., 1992, appendix A]. The class which constructs this output is good
example of a component which could easily be used in a different project,
as it is self-contained.

Before the SVD is calculated, the entire collected set of data is stored as
a file using standard Java serialization of an object. This ensures that the
DVM, lists of terms and documents and general configuration is stored. A
more advanced representation could be used, but this format works well for
this prototype.

5.1.3 Calculating the truncated SVD

The software package which is used to perform the truncated SVD is able to
handle huge sparse matrices without excessive memory usage. It operates
directly with the sparse matrix representation and the performance is good.
A lot of the calculation speedup is due to the fact that matrix multiplication
is very fast when using sparse matrices. The software used is the SVDLIBC3

program. It is a more user friendly interface of the original SVDPAKC4

program package, described in [Berry et al., 1993]. Both packages reads
matrices written in Harwell-Boeing sparse matrix format, and output the
three matrices resulting from the truncated SVD calculation.

5.1.4 Finishing the indexing phase

The result of the truncated SVD is stored in three files. These each contain a
dense matrix, one for each of the matrices T , S, and D. From these files the
corresponding matrices are created in the Java program and joined with the

3http://tedlab.mit.edu/∼dr/SVDLIBC/
4http://www.netlib.org/svdpack/

http://tedlab.mit.edu/~dr/SVDLIBC/
http://www.netlib.org/svdpack/
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serialized stored information from the matrix forming step. This updated
object is then stored back to a file, again using simple serialization. Much
of the matrix computation needed when searching has been performed and
is also stored in the file. The complete data has now been constructed and
the serialized file is used as input for the search interface.

5.1.5 Changing configuration for indexing

The entire indexing phase is automated. All the user needs to supply is the
location of the Javadoc HTML files, at what URL the same documentation
can be reached using a browser, and in what directory to store the data. The
Javadoc files must reside on the local file-system in the current version for
the indexing, as simple file-system traversal is used to find the HTML files.
The rest is a scripted process. Allowing indexing of online documentation
is a planned future extension.

Changing the setup of the system, for instance, to use a different kind
of normalization is done by subclassing the relevant part of the system and
provide an alternative implementation for the factory method. This under-
lines the fact that the implementation is not monolithic, as such research
prototypes can have a tendency to become. For more details on which
command-line options are available when indexing, see Appendix B.

5.2 Searching

Even though there are different ways the user can give his or her query to the
system, the back-end is always the same. A query is taken as a string and
split using the same process as when indexing methods. This means that
identifier splitting is performed and numbers are removed. The same local
normalization is performed, currently the logarithm of occurrence count for
nonzero entries. Global normalization is done by multiplying each nonzero
entry with the corresponding global normalization value from the indexing
phase. In order to reduce the query vector to the same dimensionality as
the truncated DVM, it is transformed using equation (3.19) on page 29.

To calculate the similarity between the constructed query document and
all other documents, the cosine similarity measurement is used. Refer to
section 3.4.1 for other possible similarity measurements.

In order to rank the results, all documents are compared to the pseudo-
document of the query using the similarity measurement. The resulting list
is sorted by decreasing similarity, and the top n documents are returned –
the user usually chooses the value for n on the front-end.
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5.3 User interface

As mentioned earlier, there are two different user interfaces. One is similar
to ordinary search engines in that users enter a query, and a list of results is
presented. It is also possible to get clustered results, in order to easier get
an overview of the returned components. The other interface gives an un-
polished look into the engine with very much information available on each
indexed method, making it possible to explore the structure. The user can
also enter a query, and the results are presented as a ranked list. Clicking on
a component shows details and the associated terms with weights and the
methods in the immediate neighborhood. This interface is further described
in section 5.3.2. Both interfaces are browser-based, and need a web-server
to run. This allows multiple users to access the system concurrently on a
single central machine.

According to [Belkin et al., 2003], giving a larger input area and a general
hint to the user of entering more text actually encourages the user to enter
a longer query specification. This is currently only used in the internal
interface, but it is an obvious extension to the regular front-end. As the
system current selection of components does not encompass huge amounts
of text, it is probable that a user at some point will enter one or more
query terms not used in the system. It is not very gracefully handled in
the graphical interface at the moment, as a blank page is simply returned.
The more terms the user adds when search, the higher the probability of
getting something relevant out of a query.

In order to cluster search results as outlined in the problem description,
the Carrot framework is used. The next section is a short introduction to
Carrot, followed by the specific use in this project.

5.3.1 Carrot framework

The first version of the Carrot5 framework was created by Dawid Weiss as
a part of his Masters Thesis [Weiss, 2001]. It is a framework written in Java

to analyze output of search engines and perform various kinds of clustering.
Since then the framework has evolved and it is released as Open Source.

The framework is now in its second generation named Carrot 2. Sev-
eral people have contributed their own work, and because the framework
consists of independent components which communicate using agreed upon
XML formats, extensions are easy to make. Other people have successfully
used the framework to conduct experiments using the existing clustering

5http://www.cs.put.poznan.pl/dweiss/carrot/

http://www.cs.put.poznan.pl/dweiss/carrot/
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Figure 5.3: Example of a clustered search result, using the Lingo algorithm.

techniques or constructing new ones. See figure 5.3 for an example of Car-

rot in action. The interface is properly described in “Using Carrot for
clustering results” on page 70.

Components and processes

The two basic building blocks in Carrot are components and processes. A
component can be of one of the three types input, filter, or output. See
figure 5.4 on the next page for a simple diagram showing the interaction
between components. Each component is implemented and deployed sep-
arately as an application to a webserver. Components do not need to be on
the same webserver in order to function together as all communication is
done using HTTP, however, running all components on one computer does
give a significant speed advantage. In order for the central Carrot control-
ler to access the component, a description of the component is created in
XML. Components are used in processes, which are also stored in XML files.

A process description consists of an input, a possibly empty list of fil-
tering components and finally an output component. The input component
is given the query in XML and generates the data by querying a search en-
gine. In the original Carrot experiments this was output from a web search
engine such as Google. After the input has generated the resulting XML in
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Figure 5.4: Data flow when processing in Carrot from input to output. From
the manual, available from the Carrot homepage.

a standard format, the data is sent to filters for processing. The set of cur-
rently available filters include stemming in English and Polish, clustering
algorithms, and some debug filters. As for output components, only one is
available at the moment, but it does allow for the display of clustered res-
ults with sorting and subset viewing directly in the user’s browser, without
consulting the server again.

Available clustering components

Three algorithms are currently available within the Carrot framework for
clustering of search results. These are briefly described below, where ref-
erences to more information are also listed. First the AHC algorithm will
be sketched, then the Suffix Tree Clustering (STC), and finally the very
interesting Lingo clustering filter will be described.

Agglomerative Hierarchical Clustering This component was imple-
mented by Micha l Wróblewski as part of his master’s thesis [Wróblewski,
2003]. The algorithm is optimized for handling the short texts of search
results, and the idea behind it has already been briefly described in sec-
tion 3.5.2.

The Suffix Tree Clustering algorithm The STC component was a
part of the original Carrot project documented in Dawid Weiss’s master’s
thesis [Weiss, 2001]. Besides the STC algorithm, he also created a Polish
stemmer, and collected a large text corpus of Polish documents for testing.
This corpus is now also freely available.
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Suffix trees are structures containing all suffixes of a set of strings. It
can be constructed in linear time proportional to the size of the input, and
enables fast lookup of substrings. In STC, clusters are formed according to
identical phrases found in the documents.

Lingo Currently this is the most advanced Carrot clustering component.
It has been constructed by Stanis law Osiński as a part of his master’s thesis
[Osiński, 2003]. It uses LSI to conceptually cluster the results. The quality
of the generated clusters is quite impressive when used on regular search
results, and hopefully equally impressive when it is used to cluster Javadoc

search results.

Using Carrot for clustering results

The Carrot framework has been used to apply various clustering techniques
on the returned results. First of all, an input filter formats the output of
the search engine in a manner which can be parsed by the other Carrot

components. This is done by building an input component which is an
interface to the search system. It takes the given query and performs a
normal query matching as described in section 3.4. In order to have a valid
Carrot result set, results are formatted for this special format. In other
words, the ranked list is retrieved, and the texts belonging to the individual
components are formatted and output as a list of results to Carrot input
component. This list can then be taken apart again by the algorithms in
Carrot, clustered and presented in the browser.

The components are then connected in a pipeline manner, starting with
the constructed input component, and which ends in a output module.
After the input formatting step, the standard stemming and clustering
components can be used. See figure 5.3 on page 68 for an example of
both Javadoc search and Lingo in action.

5.3.2 Exploratory interface

In order to give a better understanding of the various parts of the VSM
data, this interface gives a more raw look what is going on under the hood.
This interface can show two kinds of results: normal list of search results
and a detailed view of a single document with closest related terms and
documents. The related items are calculated using the matrix computations
described in section 3.4.1.

One important detail of this interface is the possibility of changing the
reduced dimensionality representation – the value of k can be changed on
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Figure 5.5: Exploratory interface with detailed document view.

the fly. Since there are some rather heavy matrix computations involved
in calculating the similarities, these matrices are cached once calculated,
which is a part of the indexing process. Having this knob available for
tweaking online makes it very easy to test different settings. Note that the
selected value for k is global, so all users on the web-server using the service
will share the same resulting representation.

An interesting feature is the detailed view, shown in figure 5.5. In this
view all details for a single document are shown. This includes the unique
identifier from the XML representation, the column index in the DVM, the
class, the signature, a link to the Javadoc entry, the full description, the
closest related terms, and the top 10 related documents. Both terms and
documents are shown with their similarity and with links to more details.
Clicking on a term performs a query with only that term. Clicking on a
document shows the detailed view of it. At the bottom of the screen is
timing measurements of the current query in milliseconds, using the wall-
clock time. Notice that changing the value of k takes effect immediately,
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without any long recalculation. This is because the matrices used when
performing searches are cached in a way that facilitates this change.

5.4 Conclusion

This chapter has described the two different phases of using the system.
First the construction of the desired index, and then how the index can be
accessed. The general ideas behind the implementation have been covered,
but most of the details have deliberately been left out. Refer to Appendix
A for details of accessing the source code, and Appendix B for information
on how to use the indexer and access the search systems.

The two different user interfaces were described. One is ready for end-
users, but it does not yet have quite the amount of information desired, and
the other giving all details, but without any nice packaging or clustering.

Having described the constructed system, we are now ready to perform
a series of experiments in order to assess the usability and performance of
the system.



Chapter 6

Experiments

Now that the details of the implementation have been described, it is time
for a proper test of the system. This chapter contains details on the method
of evaluation, the selected dataset and the results gained from the evalu-
ation. In order to measure the retrieval performance, a selection of queries
and expected responses were created. This enabled precise measurements
of how good the system was at returning the expected results. The goal
of this chapter will be to evaluate the performance of the system and find
out if the problem in section 1.2 has been solved satisfactory. Retrieval
performance experiments were performed both with and without stemming
in order to compare the results of the two methods.

Section 6.1 describes how performance is measured in IR systems. The
details of the data selected for experiments can be found in section 6.2.
Section 6.3 details the experiments performed on the data, and the results.
Finally, section 6.4 concludes the chapter.

6.1 Measuring performance in IR

Given a large enough collection of documents, finding the relevant ones be-
comes a problem. To properly evaluate the performance of an IR system,
the collection of relevant documents given a query must be known. But if
one can easily find all the relevant documents for a query, there really does
not seem to be any reason to use the system. Hence, when the collection of
documents becomes large enough, it becomes difficult to be certain that all
relevant documents have been found. The problem of testing systematically
is one of the reasons for the Text REtrieval Conference (TREC) conferences1.
Here some huge datasets are given to the participants along with a set of

1http://trec.nist.gov
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queries and the appropriate responses. The participants then compete to
get the best performance using automated methods. To evaluate the differ-
ent systems, the measurements in [Voorhees and Buckland, 2002, Appendix
A] are used. In that chapter, they introduce a program called trec eval2

used to calculate the performance measurements. trec eval performs the
tedious calculations needed to find the precision and recall, which are both
defined and described in section 6.1.1. See [Robertson, 2000] for a detailed
account of evaluation in IR.

6.1.1 Precision and recall

Precision and recall are the traditional measurements for gauging the re-
trieval performance of an IR system. Precision is the proportion of retrieved
material which is actually relevant to a given query, and recall is the pro-
portion of relevant material actually retrieved:

precision =
#relevant retrieved

#total retrieved
(6.1)

recall =
#relevant retrieved

#total relevant in collection
(6.2)

These two measurements are defined in terms of each other, what is reported
is the interpolated precision at recall levels of 10%, 20%, . . . , 100%. These
numbers are then plotted as a graph. Another measurement is to report
the precision at a different number of documents retrieved, for instance at
5, 10, 20, and 100 retrieved documents. Finally, calculating the average
precision over different levels of recall is also performed. The calculations
are based on sets of queries and corresponding results. Using trec eval,
the calculations are simple to perform as the output from the system and
the expected results merely have to presented in the format appropriate for
the utility.

6.2 Selected dataset

In order to facilitate the location of important components, only component
collections of high quality and consistency have been included in the data-
set. The Java API is one such collection and version 1.4.1 J2SE which has
been used contains 2,723 classes. The CodeBroker system, by comparison,
used Java API version 1.1.8 which only had 503 classes. Besides the Java

2ftp://ftp.cs.cornell.edu/pub/smart/

ftp://ftp.cs.cornell.edu/pub/smart/
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System Data Docs Terms Methods k
CodeBroker Java 1.1.8, JGL 3.0 78,475 10,988 7,338 278
This, unstemmed Java 1.4.1, Colt 1.0.3 27,609 6,735 27,609 148
This, stemmed Java 1.4.1, Colt 1.0.3 27,609 4,171 27,609 225

Table 6.1: Size of the repository in comparison with CodeBroker.

API, version 1.0.3 of the the Colt collection of components was added. As
was described in chapter 5, these components were successfully used when
implementing the prototype. This component collection adds another 476
classes. Table 6.1 compares the sizes of the repository of CodeBroker with
this project. As can be seen, much more text was indexed in CodeBroker,
but with only a quarter as many retrievable components. The much higher
number of terms in CodeBroker is also due to the larger amount of text
indexed. The values for k in the last column will be described in section 6.3.1
on the following page.

6.3 Experiments performed

As there has not been enough time to conduct a proper series of real-world
experiments involving end-users, the following will be a documentation of
the lab-tests performed with the system. As [Robertson, 2000] puts it,
there are two very distinct kinds of tests: lab-tests and real-world tests. In
lab-tests, a fixed set of queries with corresponding suitable responses are
used to evaluate the performance of the system. Examples of such sets are
the TREC collections, or the automated tests used in this project. But in
real-world tests, the user gives his or her subjective judgment of whether
a given query was suitably answered. The results in this kind of test are
much more “fuzzy”, by comparison to the clean lab-tests.

An inherent problem in IR is that the stated request is not the same as
the actual information needs of the user, and therefore the relevance of a
given document should be judged in relation to the information needs and
not the request. This is in contrast to the lab-test environment where the
relevant documents have already been determined and performance can be
measured exactly. The queries constructed for this test each have a set of
associated relevant methods, which should be highly ranked in a proper
response.
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topic = 4
query = Random a sequence
relevant = jdk9541 jdk9540 colt522

Figure 6.1: Example input query specification for performance test.

6.3.1 Queries with expected results

In order to measure the performance of the system, 19 queries with relev-
ant components were constructed. The input queries were taken from [Ye,
2001, Appendix A], but with updated components related from the chosen
component collections. In figure 6.1, a query usable for measuring system
performance can be seen. Because the experiments were first carried out
without stemming, and the original query from [Ye, 2001] was “Random-
ize a sequence”, manual stemming was performed, resulting in the query
“Random a sequence”. The fact that the term randomize does not exist in
the system merely reflects that not enough text has been indexed in order
to give the system a good vocabulary. As is noted in [Deerwester et al.,
1990, p. 404]:

In theory, latent semantic analyses can extract at least some of
the commonalities [in] usage of stemmed forms. In practice, we
may often have insufficient data to do so.

An example of this is given in the section “Testing the effect of stemming”
on page 80.

Each test query is stored in a separate standard Java property file as
seen in figure 6.1. The query is given a unique topic number, a query string
specifying the needed solution, though often in vague terms, and a set of
document identifiers which have been deemed relevant to the query, listed
in no particular order. Document identifiers can be found either by looking
them up in the XML file generated by the indexing phase, or by using the
actual system to search for the component. Since document identifiers are
impractical to use, the benchmark program constructs a query report for
each of the performance queries. An output corresponding to the query in
figure 6.1 can be seen in figure 6.2 on the facing page. Here it can be seen
that reasonable components have been specified as relevant to the query
in that they solve the stated problem. The figure also shows the extracted
query terms from the input string. Note that no stop-words have been used
in the experiments, but this is an obvious set of experiments for future
work.
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Relevant to 4: "random a sequence"
Query terms: [sequence, random], skipped terms: [a]
Query terms (stemmed): [sequenc, random], skipped terms: [a]
jdk9541: java.util.Collections.shuffle(java.util.List,

java.util.Random)
jdk9540: java.util.Collections.shuffle(java.util.List)
colt522: cern.colt.list.AbstractList.shuffle()

Figure 6.2: Expanded query specification for verification.

The displayed readable output is not used by the benchmark program,
but is merely generated to make it easier to ensure that proper compon-
ents have been listed as relevant. As this examples shows, it is easy to
specify queries for measuring retrieval performance. Appendix C contains
the complete list of 19 queries with expected results formatted similarly to
figure 6.2.

In order to measure performance over several choices of k, each of the
input queries are run against the system for a series of different values of
k, with 1,000 results recorded for each query configuration. Refer back to
section 3.3.2 for a discussion of the significance of the k value. In figure 6.3
on the next page, the magnitude of the singular values from the truncated
SVD of X without stemming can be seen. The y-axis has a logarithmic scale
in order to better show the large magnitude differences. The lower choices
of k have large singular values which corresponds to strong concepts.

In figure 6.4 on the following page the average precision of all the queries
can be seen in relation to the value of k. The optimal value of k for this
particular collection of documents with the defined queries is around 148
when not using stemming. With stemming the optimal performance can be
found around k = 225, see table 6.1 on page 75.

The interpolated precision at the 11 standard cutoff values are shown as
a graph for both the unstemmed and the stemmed version of the experiment
in figure 6.5 on page 79. Table 6.2 on page 79 shows the values which the
graph depicts. The “non-interpolated” values at the bottom of the table
reflects the performance over all relevant documents. A high value means
that the system returns the relevant documents with high rank. As can
be seen, the stemmed version performs slightly better that the unstemmed
version on average. The stemmed version is superior especially on the low
levels of recall. Unfortunately, both configurations seem to have rather poor
recall with regard to the expected results, as can be seen in table 6.4 on
page 82.
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Recall Level Precision Averages
Unstemmed Stemmed

Recall Precision
0.00 0.2984 0.3321
0.10 0.2984 0.3321
0.20 0.2945 0.3284
0.30 0.2831 0.3243
0.40 0.2329 0.2775
0.50 0.2328 0.2760
0.60 0.2307 0.2324
0.70 0.2284 0.2261
0.80 0.2267 0.2201
0.90 0.2263 0.2186
1.00 0.2247 0.2186

Average precision over all relevant documents
non-interpolated 0.2480 0.2666

Table 6.2: Precision and recall averages.
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Testing the effect of stemming

Since the performance of the system has not been very impressive, judging
by the numbers, stemming was attempted in order to get higher recall.
Usually the use of stemming leads to an increase in recall at the expense of
a decrease in precision, as reported in section 3.2.2. However, the following
experiments were performed in order to see if stemming would have a posit-
ive effect on the performance of the system, as the amount of indexed data
seems to be insufficient to properly have identified different inflections of
terms. An example which was discovered when performing the benchmarks
is the two terms string and strings. Searching for one does not result in
retrieval of documents using the other without stemming, as was otherwise
expected.

In figure 6.6 the performance of the system is measured after a number
of documents have been retrieved. Notice the range of the y-axis does
not go all the way up to one, as the values are fairly small and would
be indistinguishable otherwise. Table 6.3 on the facing page has the data
used to make the graph. It also contains two values labeled R-precision.
These are the precisions after the number of relevant documents have been
retrieved. As it detracts from the importance of the exact ranking, it is more
useful when there are many relevant documents to each query – this is not
the case in these experiments, and it is included only for completeness.

To better understand the performance of the two configurations, the
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Document Level Averages
Unstemmed Stemmed

Precision
At 5 docs 0.0737 0.0947
At 10 docs 0.0421 0.0526
At 15 docs 0.0281 0.0456
At 20 docs 0.0237 0.0368
At 30 docs 0.0158 0.0281
At 100 docs 0.0126 0.0126
At 200 docs 0.0129 0.0111
At 500 docs 0.0073 0.0058
At 1000 docs 0.0038 0.0032

R-Precision
Exact 0.2478 0.2018

Table 6.3: Document level average precision.

performance for each of the 19 queries is shown in table 6.4 on the next
page. The first column is the query number, followed by the number of
relevant components chosen for the query. Then follows columns with the
number of found relevant components within the first 1,000 results returned
and the average precision resulting from the query. These measurements
are from the optimal representation dimensions documented earlier, see
table 6.1. The last row of the table contains the total relevant components
and the averages of the precisions.

Notable differences in performance with and without stemming can be
seen in queries 5 and 10. All relevant components are found for query
5 within the first 1,000 results returned when stemming is used. On the
other hand, none of the relevant components are found for query 10 when
stemming is enabled. This demonstrates nicely the fact that stemming
helps to a certain degree, but in some cases it decreases the performance.

In table 6.5 on page 83 the first 20 results returned for query 11 matched
with stemming can be seen. The component ID is shown for each, and the
similarity to the query is also shown. The full path to the method is created
by putting together the package name, class name and the method name,
as seen in the column “Method”. The first two results are the relevant ones,
marked with •. There are no missing relevant methods. All methods are
shown without parameters, so the methods at indices 15 and 19 are not
the same, as they have different signature when looking at the full method
specification.
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Unstemmed Stemmed
ID Relevant Found Avg. precision Found Avg. precision

1 1 1 1.0000 1 0.5000
2 8 6 0.0102 8 0.0271
3 1 1 1.0000 1 1.0000
4 3 3 0.0060 3 0.0040
5 2 1 0.0147 2 0.0346
6 3 3 0.0203 3 0.0153
7 5 5 0.0131 5 0.0094
8 5 1 0.0002 5 0.0632
9 4 3 0.0075 3 0.0286

10 20 20 0.0544 0 0.0000
11 2 2 1.0000 2 1.0000
12 3 3 0.3333 3 0.3746
13 8 8 0.0587 8 0.0279
14 1 1 1.0000 1 0.3333
15 2 2 0.0077 2 0.0105
16 4 4 0.0850 4 0.6136
17 6 6 0.0174 6 0.0171
18 1 1 0.0526 1 1.0000
19 3 2 0.0022 2 0.0072

All 82 73 0.2480 60 0.2666

Table 6.4: Details of the individual queries. See also Appendix C.

6.3.2 Comparing clustering methods

The three clustering methods available in Carrot at the moment are AHC,
STC, and LINGO. They have very different performance and output, even
though results are presented using the same visualization. To compare the
methods, the set of top 20 documents from query 11 listed in table 6.5,
was put through each of the three clustering algorithms. See Appendix C
for additional details on the queries. The following sections will look at the
generated labels for the clusters and the general grouping of the documents.
The fact that stemming was used to produce the results in table 6.5 makes
no difference in the following, as clustering is a completely separate process.

The tables created to document these clustering algorithms can be hard
to take in, as a lot of information is presented and the tables have to com-
pared in order to be understood. They are presented for completeness, and
to enable easier comparison between the algorithms.
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# ID Rel. Sim. Method
1 jdk4828 • 0.63 java.io.File.mkdir()

2 jdk4829 • 0.60 java.io.File.mkdirs()

3 jdk11881 ◦ 0.48 javax.naming.directory.DirContext.

createSubcontext()

4 jdk4815 ◦ 0.47 java.io.File.isDirectory()

5 jdk11026 ◦ 0.47 javax.imageio.ImageIO.setCacheDirectory()

6 jdk4816 ◦ 0.47 java.io.File.isFile()

7 jdk4808 ◦ 0.46 java.io.File.getCanonicalPath()

8 jdk4821 ◦ 0.45 java.io.File.delete()

9 jdk11907 ◦ 0.44 javax.naming.directory.InitialDirContext.

createSubcontext()

10 jdk14702 ◦ 0.44 javax.swing.filechooser.FileSystemView.

createNewFolder()

11 jdk23539 ◦ 0.43 org.omg.CORBA.ORB.create environment()

12 jdk4825 ◦ 0.42 java.io.File.listFiles()

13 jdk14714 ◦ 0.42 javax.swing.filechooser.FileSystemView.

getParentDirectory()

14 jdk4823 ◦ 0.48 java.io.File.list()

15 jdk4835 ◦ 0.40 java.io.File.createTempFile()

16 jdk15211 ◦ 0.40 javax.swing.JFileChooser.

setCurrentDirectory()

17 jdk4819 ◦ 0.40 java.io.File.length()

18 jdk14715 ◦ 0.39 javax.swing.filechooser.FileSystemView.

createFileSystemRoot()

19 jdk4834 ◦ 0.39 java.io.File.createTempFile()

20 jdk4833 ◦ 0.39 java.io.File.listRoots()

Table 6.5: Document descriptions, top 20 for query 11, stemmed version. Ori-
ginal query was “create a directory on a floppy disk”.
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Cluster labels

The clusters labeled as seen in table 6.6 on the next page are generated
by running the list of documents in table 6.5 through each of the three
clustering algorithms. As seen in the table, the types of cluster labels are
quite distinct for the three methods. Lingo uses a degree of soft clustering,
which can be seen in the total count of clustered documents which is 23,
and only 20 documents were given as input. The generated labels are all
short, but somewhat descriptive.

For the STC algorithm, the labels are lists of substrings relevant to the
contained documents. Notice how the 20 input documents now are rep-
resented with 37 instances in clusters. This means that there is a lot of
redundancy in the clusters, which we will see in “Cluster contents”, next.
Finally, the AHC algorithm creates a deep hierarchy, even for only 20 doc-
uments. The labels for the clusters are used to reflect the hierarchy, so
A1.1.2 is a child cluster to A1.1, and sibling to A1.1.3. AHC uses hard
clustering, which can be seen in that each document only occurs once in the
tree. Moving down through the categories, the contents becomes subsets of
the contents of the parent cluster.

Cluster contents

To get a better feeling for how the documents are clustered, take a look
at table 6.7 on page 86. This table shows the placement of documents
in clusters. Compare with table 6.5 to see what the documents are, and
table 6.6 for the associated cluster labels. For instance, the cluster A1.1.2
contains only the two documents relevant to the query (jdk4828 and
jdk4829), however, this cluster is three levels deep, so navigating to ex-
actly that cluster in a first attempt is unlikely. The AHC hierarchy is deep,
and which makes it difficult to gauge which path is relevant at any given
moment in the navigation. Using STC results in some long labels. When
clustering more than 20 documents it becomes even worse.

The LINGO algorithm gives few clusters and the contents is generally
coherent in that the documents are usually similar, objectively.

Results of clustering

Of the three available methods, the LINGO algorithm clearly produced the
most coherent and usable clusters with the standard configuration, espe-
cially because there was no deep hierarchy. Unfortunately, the names of
clusters are unfortunately not very intuitive with the current configuration.
It has been difficult to document the output of clustering, but hopefully the
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Cluster Elements Cluster title
Lingo

L1 6 Denoted by this Abstract Pathname
L2 3 Parent Directory
L3 2 File Objects
L4 2 Attributes
L5 2 Value
L6 5 Array of Strings
L7 5 (Other)
7 23 Total listed

STC
S1 16 files, directories, pathname
S2 7 default, using, null
S3 10 creating
S4 4 file denoted by this abstract pathname,

denoted by this abstract pathname
4 37 Total listed

AHC
A1 16 Abstract Pathname
A1.1 9 Denoted by this Abstract Pathname
A1.1.1 5 File or Directory, Returns, String
A1.1.1.1 2 Pathname Denotes a Directory
A1.1.1.2 2 Included, Parent, Pathname Does not Denote a

Directory , then this Method
A1.1.2 2 Creates the Directory Named by this Abstract

Pathname
A1.1.3 2 Tests whether the File Denoted by this Abstract

Pathname
A1.2 4 Method
A1.2.1 2 Invoking, Null, Generate
A1.2.2 2 File Objects, File system Root Directory
A1.3 3 Parent, Sets, Null
A2 4 New
A2.1 2 Creates and Binds a New Context , along with

Associated, Createsubcontext name , Attributes
for Details

13 20 Total listed

Table 6.6: Cluster labels for the 20 documents listed in table 6.5.
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above discussion has given an idea of the strengths and weaknesses of the
various methods.

When testing the system, the clustering has proven helpful. Still, the
parameters of the algorithms have to be tuned a bit more carefully to get
the best possible performance. It is difficult to tell what a cluster contains
by simply looking at the label. However, using the clustering interface does
enable one to skip large groups of components at a time. Even though the
labels are not very good, when opening a category it is easy to gauge if
anything it contains is going to be interesting.

6.4 Conclusion

This chapter introduced the standard methods for evaluating Information
Retrieval systems. In order to assess the performance of the system, a
collection of queries with relevant responses were created. Looking at the
precision recall graph shows a system which unfortunately has low average
precision. A more detailed analysis of the individual queries showed how
some are handled extremely well, while others are not properly answered
at all, with regards to the expected results. Using stemming resulted in an
overall increase in precision, but also a slightly lower recall. The precision
was higher within the first 100 retrieved documents, which means that the
results a user is most likely to see are of slightly higher quality.

Evaluation of the clustered results is less easy to conclude upon. Some
difficulties were discovered when evaluating the output, most importantly
the quality of the cluster labels. In order to be truly useful, these have to
improve.

Generally it seems like the system needs more text to work on in order to
do a proper synonym association. This would probably negate the currently
positive effects of stemming and generally give better recall rates.

Having concluded upon the experiments, it is now time to conclude upon
the results of the entire project.





Chapter 7

Conclusion

Here the entire project will be concluded, specifically on what was said in
the introduction, with focus on the problem description.

7.1 Conclusion

The goal in this project was to create an easy to use reuse support system
with automatic support for synonyms, and grouping of search results. This
goal has been achieved with the constructed system. The documented ex-
periments shows that the retrieval performance is acceptable, and clustering
does provide some help in filtering contents.

As an added bonus of having solved the stated problem, a Vector Space
Model-based search engine using LSI has been constructed. This engine is
usable in other contexts with some minor changes, and for instance using
it with components from a different programming language is easy to do.

7.1.1 Important points

Important points from this project include:

• The reuse support system has been built on existing technology where
available. The author has constructed the entire pre-processing stage,
interfaced with existing solutions where applicable and created mul-
tiple views of the repository for experiments and exploration. The
constructed system is modular in design, and it is easily extensible.
Work is far from completed – many ideas still not implemented, and
other algorithms such as BM25 should be implemented for comparing
and possibly improving performance. Section 7.2 on the next page
contains many ideas for possible future extensions.
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• Reasons for design decisions have been given, and relevant literature
has been cited throughout the text. Details and results from many
sources have been brought together in order to build on top of previous
results instead of starting from scratch.

• The clustering of search results works, but label generation is not
properly tuned to this application yet. However, the contents of the
clusters actually makes a lot of sense most of the time, so they are far
from useless. Clustering algorithms are used in a black-box fashion,
and better tuning could probably be done by looking more closely at
the algorithms.

• With chosen set of data, stemming helped on retrieval performance,
contrary to the expectation. It is speculated that this benefit will
disappear when larger sets of documents are indexed.

• Strengths of the reuse support system include that building the index
is unsupervised and therefore cheap and easy to do. The system is
written in Java and the supporting utilities are all platform independ-
ent, or can easily be ported. The fact that the system is built on the
well-documented LSI method is also worth mentioning.

• It is a weakness of the created system that it is currently not pos-
sible to update the contained documents, and that the entire com-
ponent collection has to be kept in memory. Having everything in
main memory does give great performance, but at the cost of high
memory demands.

• A few reusable components have resulted from the project, Harwell-
Boeing sparse matrix output being the most obvious.

• Since the interface to Carrot is only one of the interfaces, other result
presentations are easy to make.

• The source code will be released under the GPL.

To access an online demonstration version of the system, open the ad-
dress http://www.daimi.au.dk/∼rud/speciale/demo/. This is not a per-
manent online systemURL, and it will only work until the examination date.

7.2 Future work

This section contains ideas for future work which would be interesting dir-
ections for the project. Some of the ideas are still fairly rough, but striving

http://www.daimi.au.dk/~rud/speciale/demo/
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toward better integration and usability are some of the key ideas expressed
here.

7.2.1 Relevancy feedback

Add the possibility of relevancy feedback so that the user can easily refor-
mulate the query using the relevant documents discovered. This is easy to
implement, and gives good results, see [Letsche and Berry, 1997]. It can be
implemented by giving the user a choice of rating each returned result as
relevant or irrelevant – and then submitting this information to the system.
It is then possible to form a new pseudo-document consisting of information
from the relevant documents but excluding the irrelevant ones. This new
query usually gives a much more precise picture of the solution the user is
looking for than the initial usually very limited list of search-terms.

One way of implementing this marking of relevant documents would be
by allowing the user to keep a “document basket”. The basket can then
have a “find related” link which performs the search using the collection
of all the documents in the basket. This is a good example of an already
known metaphor reused in an interesting context.

Find similar on search results Add a “find similar” link to each search-
result. This is a simple form of feedback mechanism, and simply taking the
selected document as the query makes searching the neighborhood very easy.
Adding a similar “find random” button could encourage the user to explore
the system in order to locate unknown components. This is, however, a
step in the direction of “Today’s hint” in various Office packages which are
usually disabled by users as quickly as they figure out how to do it. The
reason why is that because the fragment of information has no connection
with the current problem situation of the user, it is not relevant and only
seen as a distraction.

7.2.2 Additional experiments

Aside from the experiments described in Chapter 6, other configurations
could be tried to see how it would affect the performance.

Stop-words Due to an oversight when performing the documented ex-
periments, stop-words were included in the index. By eliminating these
from the indexing phase, the system could potentially get a little better
performance.
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Weighting methods In the experiments performed here, the logarithm
and entropy weighting method was used after the recommendations in [Du-
mais, 1992]. Using the TFIDF or other combinations of weighting would be
interesting to see how it affects performance with this set of data.

Clustering labels The current use of the Carrot framework is simple
black-box reuse. By properly tuning the parameters for the Lingo clustering
algorithm, better cluster labels should be possible to generate. Judging
from the labels created when clustering web-results, it is simply a matter
of finding the right parameter values [Osiński, 2003].

Experiment configuration In order to facilitate future experiments, it
should be made easier to change the configuration. The current framework-
based model is great while developing the system, but it is cumbersome to
recompile the system just to try out a different weighting method. Allowing
configurations defined in simple property-files would make the configuration
of experiments much easier.

7.2.3 Expanding Javadoc

Find related in Javadoc An idea would be to augment the original Java-

doc HTML documents with “find related” links for each method and class.
The links could either be to static HTML pages or directly into the search
system. This way old and new information can be integrated, and if the
static solution is chosen, the resulting set of documents can be used without
running any kind of special server for it. This gives even greater portability,
and requires only disk-space for the search results. Augmenting a given set
of Javadoc files will be easy to do. If the dynamic version is chosen instead,
it will be possible to jump back and forth between the traditional Java-

doc and the searching system. This allows each system to be developed
independently and still gets the best of both worlds.

Additional navigation Another extension along similar lines is creat-
ing a web-page with a new frameset which is used to contain the Javadoc

display. This new frame will then contain related information based on the
currently shown object or function. Looking up and mapping the keys back
and forth should pose no major problem as the naming in Javadoc of ele-
ments is predictable. Creating this interactivity using a bit of JavaScript

which calls a server-side script should be easy. Keeping a list of favorite
packages and methods in this window would be an obvious feature – this
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way the user can quickly find the most often used items while still having
the search functionality. The “find related” could also be placed in this
window for maximum portability. The active Javadoc window of course
has to be indexed by the system for this to work.

Support filtering of components Add some filtering to the system and
allow the user to make, for instance, package restrictions. This could be an
advanced user model as in the CodeBroker system. This means that each
user has a profile, stored in a cookie between sessions for instance. This
profile can be used to remove unwanted components by defining a filter
which either says what to include or what to exclude, for instance “search
only java.util.*” would be a filter limiting searches to a single pack-
age, and “exclude *.CORBA.*” would leave out all components in CORBA

packages.

7.2.4 Expanding data

Add other documentation Add relevant text resources not directly re-
trievable to the index – this is referred to as dead text in the following. Large
amounts of indexed text is known to cause the LSI to better distinguish and
compare the different words. As the system indexes more text, the defini-
tions of the different concepts improves. By, for instance, adding the text of
a few Java books, the system will get better at associating terms program-
mers are familiar with. Documents could be created for each paragraph, for
instance. These document vectors are then added to the document vector
matrix (DVM), and included when performing the SVD but excluded when
matching queries. An easy way to implement this is to use the feature in
Colt to make a view of a part of a matrix. This will allow the system
to have more known indexed terms, and should also be tested both with
and without stemming. It would be a good idea to look at the term-term
similarity to determine how this would affect the general associativity of
terms.

Add class documentation Along similar lines, add the general descrip-
tion of each class from Javadoc to the index, at least as dead text using the
principle described above. It could also be used to make classes retrievable
and not just the methods within the classes as it is now. It should give a
better definition of the terms and more context for the methods. This can
be done using a few lines of regular expressions in the initial HTML parsing
phase, and by expanding the XML parsing phase.
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Increase modularity Use more than one XML file for input to the parser.
This will enable modularization of the input files and allow easy custom-
ization of the system, as an XML file can be created for a subset of some
Javadoc documented set of packages. A good example could be to skip the
CORBA section from the standard API, but include a specific user-created
library. Along similar lines, it could be an obvious extension to allow the
user to choose between different indexed libraries. Normally one would have
it all in one big repository, but projects could need specific documentation
separate from the main documentation. Allowing the user to switch more
easily than now should be easy to add. Similarly, it could be an idea to add
better support for Javadoc from multiple sources, so that links to multiple
sources of components can more easily be created.

Indexing convenience To make the system easier to use, the possibility
of indexing online documentation automatically should be added. This
way, by given a single URL, the system could index and create proper links
without any further configuration. Currently both a local path and an URL

has to be given for the documentation.

Updating matrix online Instead of having to recompute the entire SVD,
it is possible to perform updates of the matrices. [Berry et al., 1994] gives
details of such a method.

7.2.5 Performance enhancements

Computation parallelization Using multiple threads to solve queries
in parallel could probably speed up the returning of results on systems with
multiple CPU. Even though the entire list of results has to be sorted before
the results can be returned in globally ordered ranking, some optimization
is still possible. The comparison with all document vectors is currently
linear, comparing with one column at a time. This is easily converted into
a parallel calculation where each computer can work on a fixed subrange of
the matrix. This would give a great speedup, but as the processing time
for the entire comparison is currently around 1-2 seconds, it would only be
necessary for much larger repositories.

Inverted indexes for lookup As the entire model is currently held in
main memory, the memory requirements are large, and the approach does
not scale to much larger collections. By keeping the terms and retrievable
documents in an inverted index, it would be possible to reduce this memory
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consumption since only the needed parts would be fetched from disk. The
inherent scaling problem in the Vector Space Model is that all document
vectors have to be compared to the query, so keeping them in memory does
seem like a good idea.

7.3 Final thoughts

This chapter has concluded on the entire project. A lot of ideas for future
work has been presented, and there are many useful extensions which could
be made to the system.





Appendix A

Directory layout

This appendix covers the general layout of the enclosed CD.

/report/ complete report as pdf

/src/ root source folder

/script/ index building scripts

/data/ example data, ready for use

/src/carrot/ complete source for the Carrot project, with

the constructed Javadoc input component added

/test/input/ test cases, stored as property files

/test/output/ output produced when running the test cases

/webapps/ prepackaged .war files for deployment on the

Tomcat 4 webserver
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Appendix B

Running the system

This appendix describes how the system can be used to index Javadoc

documentation and how to configure the system for access using a web-
browser.

As mentioned in the conclusion, there is an online demonstration version
of the system at http://www.daimi.au.dk/∼rud/speciale/demo/. It will
only be online for a limited time.

The following assumes some form of UNIX as the platform. This project
was developed under Mac OS X 10.0.3.

B.1 Prerequisites

Ensure the following are installed:

• Bash shell (2.05b.0(1) used),

• Tool Command Language (TCL) shell (tclsh),

• Java 1.4 (1.4.2 used),

• Apache Ant build tool, recent version (1.6.1 used),

• Tomcat 4 webserver (4.1.30 used), and

• SVDLIBC1 program is assumed to be in the path.

Extract source code archive. Call the base directory $BASE. An example
could be $BASE = ~/rud-thesis/src/.

1http://tedlab.mit.edu/∼dr/SVDLIBC/
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B.2 Indexing

Generate Javadoc if not already existing. Notice that all methods listed in
the Javadoc is added to the index. This makes it easy to index private

parts of classes by simply generating Javadoc including private elements.
Locate root directory of documentation tree, call this $DOCROOT. Ensure
that $DOCROOT is accessible from the web. Let us store the public URL

to the documentation in $URL. Now choose a name for the index, call this
$INDEX. An example of this could be “textindex”. This is created as a
directory, as the various programs will store intermediate files in the same
directory as the generated XML file. Now execute the following:

cd $BASE

mkdir data/$INDEX

script/crawler.sh $DOCROOT > data/$INDEX/$INDEX.xml

This generates the XML representation of the Javadoc files. The available
options for the crawler can be seen in figure figure B.1 on page 102.

The second part of the indexing is done as follows, where 100 is the
maximum value for k, singular values calculated:

script/parser.sh -t 100 -u $URL data/$INDEX/$INDEX.xml

If more dimensions are needed at a later point, the process can be restarted
from the SVD calculation thus:

script/parser.sh -t 300 -s "svd post-svd" -u $URL \

data/$INDEX/$INDEX.xml

This way only the svd and post-svd stages of the processing is performed.
Please note at this point that it is not necessary to recalculate the SVD in
order to use fewer dimensions in the representation. This is available in the
web-interface.

Now the final index has been created. It is stored in a file named:

data/$INDEX/$INDEX.xml.out-post.searchvector

This is a serialized instance of a SearchVector object, usable from the
search engine. We are now ready to start the web-interface.
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B.3 Accessing the search engine

First of all, ensure that the Tomcat engine is able to start. Then copy
all the *.war files from $BASE/webapps to /webapps/ under the Tomcat

installation. If a different path to the generated datafile is used than the
standard one, edit the file at

$BASE/src/carrot/components/inputs/javadoc-input/web/WEB-INF/web.xml

to point to the correct path. It is the parameter called searchVectorDataFile.
After this file has been changed, the component has to be built again using
Ant. Type

cd $BASE/src/carrot/

ant build

The generated *.war files in $BASE/src/carrot/tmp/ has to be copied as
above to the Tomcat deployment directory.

Ensure that Tomcat has enough memory to run the engine by typing
(assuming Bash shell):

export JAVA_OPTS=-Xmx800m

This sets the upper bound of the memory consumption to 800 MB, which
is usually more than enough.

Assuming that Tomcat runs on localhost:8080, the search service should
now be available at:

http://localhost:8080/carrot2-web-controller/

and the back-end exploratory interface is available at:

http://localhost:8080/carrot2-javadoc-search/
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file crawler
usage: script/crawler.sh [-h] [-d] [-p parser] [-f prefix]
[-s start] startdir

Options are:
-h for this help
-d enable debugging information
-p set parser to the given command
-f set the id prefix string to the given, default jdk
-s set the id start int to the given value, default 1
startdir is where the crawling should start

Note: the generated XML will be output to stdout

Figure B.1: crawler.sh commandline options.

XML parser - turns a proper XML-file into a reduced matrix
representation

usage: script/parser.sh [-h] [-d] [-t svdtriplets]
[-p precision] [-s stages] [-m magnitude] [-u urldir]
[-o outputfile] xmlfile

Options are:
-d enable debug output
-h for this help
-t set the wanted number of SVD triples (default: 5)
-m set maximum magnitude for calculated eigenvalues

(default: 1e-10)
-u url dir for javadoc links (default: "")
-o output file base-name (default: xmlfile.out)
-s stages to perform (default: complete-svd, other

values are: pre-svd, svd, post-svd)
xmlfile the input file to parse

Figure B.2: parser.sh commandline options.
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Example queries

This appendix contains the complete list of 19 queries used to benchmark
the performance of the system. For each the query string and extracted
terms is shown. The list of relevant components is also given with the key
and associated component.

C.1 Queries with formatted results

Relevant to 1: "judge if a file is a directory"
Query terms: [directory, file, if, is], skipped terms: [judge, a]
Query terms (stemmed): [file, directori, if, is], skipped terms: [a, %

judg]
jdk4815: java.io.File.isDirectory()

Relevant to 2: "split a string into substrings"
Query terms: [substrings, string, into, split], skipped terms: [a]
Query terms (stemmed): [string, into, substr, split], skipped terms: [a]
jdk5938: java.lang.String.substring(int)
jdk5939: java.lang.String.substring(int, int)
jdk5946: java.lang.String.split(java.lang.String, int)
jdk5947: java.lang.String.split(java.lang.String)
jdk10278: java.util.StringTokenizer.hasMoreTokens()
jdk10279: java.util.StringTokenizer.nextToken()
colt4891: ViolinStrings.Strings.split(java.lang.String)
colt4892: ViolinStrings.Strings.split(java.lang.String, int)

Relevant to 3: "determine if it is a leap year"
Query terms: [year, it, determine, if, is, leap], skipped terms: [a]
Query terms (stemmed): [year, it, if, is, leap, determin], skipped %

terms: [a]
jdk9634: java.util.GregorianCalendar.isLeapYear(int)
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Relevant to 4: "random a sequence"
Query terms: [sequence, random], skipped terms: [a]
Query terms (stemmed): [sequenc, random], skipped terms: [a]
jdk9541: java.util.Collections.shuffle(java.util.List, java.util.Random)
jdk9540: java.util.Collections.shuffle(java.util.List)
colt522: cern.colt.list.AbstractList.shuffle()

Relevant to 5: "return true if the string is capital"
Query terms: [the, string, true, if, return, capital, is], skipped %

terms: []
Query terms (stemmed): [the, capit, string, true, if, return, is], %

skipped terms: []
jdk5340: java.lang.Character.isTitleCase(char)
colt4860: ViolinStrings.Strings.isTitleCase(java.lang.String)

Relevant to 6: "Change the file name"
Query terms: [the, file, name, change], skipped terms: []
Query terms (stemmed): [the, file, name, chang], skipped terms: []
jdk4812: java.io.File.canRead()
jdk4813: java.io.File.canWrite()
jdk4830: java.io.File.renameTo(java.io.File)

Relevant to 7: "create a random sequence from the original one"
Query terms: [the, one, create, original, from, sequence, random], %

skipped terms: [a]
Query terms (stemmed): [the, creat, from, origin, sequenc, random, %

on], skipped terms: [a]
colt4514: jal.Object.Modification.random_shuffle(java.lang.Object[], %

int, int, java.util.Random)
colt4515: jal.Object.Modification.random_shuffle(java.lang.Object[], %

int, int)
jdk9541: java.util.Collections.shuffle(java.util.List, java.util.Random)
jdk9540: java.util.Collections.shuffle(java.util.List)
colt522: cern.colt.list.AbstractList.shuffle()

Relevant to 8: "append two strings"
Query terms: [append, strings, two], skipped terms: []
Query terms (stemmed): [append, string, two], skipped terms: []
jdk5975: java.lang.StringBuffer.append(java.lang.Object)
jdk5977: java.lang.StringBuffer.append(java.lang.StringBuffer)
jdk5978: java.lang.StringBuffer.append(char[])
jdk5979: java.lang.StringBuffer.append(char[], int, int)
jdk5941: java.lang.String.concat(java.lang.String)

Relevant to 9: "get the intersection of two sets"
Query terms: [the, of, sets, two, get, intersection], skipped terms: []
Query terms (stemmed): [the, of, two, set, get, intersect], skipped %

terms: []
jdk9530: java.util.Collection.retainAll(java.util.Collection)
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jdk10231: java.util.Set.retainAll(java.util.Collection)
colt4542: jal.Object.Sorting.set_intersection(java.lang.Object[], %

java.lang.Object[], java.lang.Object[], int, int, int, int, int, %
jal.Object.BinaryPredicate)

colt4760: jal.String.Sorting.set_intersection(java.lang.String[], %
java.lang.String[], java.lang.String[], int, int, int, int, int, %
jal.String.BinaryPredicate)

Relevant to 10: "delete common elements from a sequence"
Query terms: [from, delete, sequence, common, elements], skipped %

terms: [a]
Query terms (stemmed): [element, from, delet, sequenc, common], %

skipped terms: [a]
colt4505: jal.Object.Modification.unique(java.lang.Object[], int, int)
colt4506: jal.Object.Modification.unique(java.lang.Object[], int, int, %

jal.Object.BinaryPredicate)
colt4599: jal.SHORT.Modification.unique(short[], int, int)
colt4600: jal.SHORT.Modification.unique(short[], int, int, %

jal.SHORT.BinaryPredicate)
colt3761: jal.BYTE.Modification.unique(byte[], int, int)
colt3762: jal.BYTE.Modification.unique(byte[], int, int, %

jal.BYTE.BinaryPredicate)
colt3885: jal.CHAR.Modification.unique(char[], int, int)
colt3886: jal.CHAR.Modification.unique(char[], int, int, %

jal.CHAR.BinaryPredicate)
colt4009: jal.DOUBLE.Modification.unique(double[], int, int)
colt4010: jal.DOUBLE.Modification.unique(double[], int, int, %

jal.DOUBLE.BinaryPredicate)
colt4133: jal.FLOAT.Modification.unique(float[], int, int)
colt4134: jal.FLOAT.Modification.unique(float[], int, int, %

jal.FLOAT.BinaryPredicate)
colt4257: jal.INT.Modification.unique(int[], int, int)
colt4258: jal.INT.Modification.unique(int[], int, int, %

jal.INT.BinaryPredicate)
colt4381: jal.LONG.Modification.unique(long[], int, int)
colt4382: jal.LONG.Modification.unique(long[], int, int, %

jal.LONG.BinaryPredicate)
colt4723: jal.String.Modification.unique(java.lang.String[], int, int)
colt4724: jal.String.Modification.unique(java.lang.String[], int, int, %

jal.String.BinaryPredicate)
colt4507: jal.Object.Modification.unique_copy(java.lang.Object[], %

java.lang.Object[], int, int, int)
colt4508: jal.Object.Modification.unique_copy(java.lang.Object[], %

java.lang.Object[], int, int, int, jal.Object.BinaryPredicate)

Relevant to 11: "create a directory on a floppy disk"
Query terms: [directory, create, disk, floppy, on], skipped terms: [a]
Query terms (stemmed): [floppi, creat, directori, disk, on], skipped %

terms: [a]
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jdk4828: java.io.File.mkdir()
jdk4829: java.io.File.mkdirs()

Relevant to 12: "add days to a Date object"
Query terms: [days, to, object, add, date], skipped terms: [a]
Query terms (stemmed): [to, object, add, dai, date], skipped terms: [a]
jdk9499: java.util.Calendar.add(int, int)
jdk9500: java.util.Calendar.roll(int, boolean)
jdk9501: java.util.Calendar.roll(int, int)

Relevant to 13: "create a random number between two numbers"
Query terms: [numbers, between, create, two, random, number], skipped %

terms: [a]
Query terms (stemmed): [creat, between, two, random, number], skipped %

terms: [a]
jdk8099: java.security.SecureRandom.setSeed(long)
jdk8101: java.security.SecureRandom.next(int)
jdk10165: java.util.Random.setSeed(long)
jdk10166: java.util.Random.next(int)
jdk10168: java.util.Random.nextInt()
jdk10169: java.util.Random.nextInt(int)
colt2114: cern.jet.math.IntFunctions.random()
colt2351: cern.jet.random.Uniform.nextIntFromTo(int, int)

Relevant to 14: "get the modification time of a file"
Query terms: [the, of, time, get, file, modification], skipped terms: %

[a]
Query terms (stemmed): [the, of, modif, time, get, file], skipped %

terms: [a]
jdk4818: java.io.File.lastModified()

Relevant to 15: "given a file and a directory copy the file into the %
directory"

Query terms: [the, directory, and, into, file, copy, given], skipped %
terms: [a]

Query terms (stemmed): [the, and, copi, into, file, directori, given], %
skipped terms: [a]

jdk4806: java.io.File.getAbsolutePath()
jdk4801: java.io.File.getName()

Relevant to 16: "check if a directory exists, if not then create it"
Query terms: [directory, create, it, if, exists, not, then, check], %

skipped terms: [a]
Query terms (stemmed): [creat, it, directori, if, exist, not, then, %

check], skipped terms: [a]
jdk4814: java.io.File.exists()
jdk4828: java.io.File.mkdir()
jdk4829: java.io.File.mkdirs()
jdk4815: java.io.File.isDirectory()
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Relevant to 17: "print out 0 - 52 in a random order"
Query terms: [out, print, order, random, in], skipped terms: [a]
Query terms (stemmed): [out, print, order, random, in], skipped terms: %

[a]
colt2351: cern.jet.random.Uniform.nextIntFromTo(int, int)
colt2114: cern.jet.math.IntFunctions.random()
jdk10169: java.util.Random.nextInt(int)
jdk10165: java.util.Random.setSeed(long)
jdk8099: java.security.SecureRandom.setSeed(long)
jdk8101: java.security.SecureRandom.next(int)

Relevant to 18: "check if the character is a digit, and if it is, %
throw it into the StringBuffer. Else ignore it"

Query terms: [the, and, ignore, throw, digit, into, character, check, %
string, buffer, else, it, if, is], skipped terms: [a]

Query terms (stemmed): [the, and, throw, digit, into, check, string, %
buffer, it, if, els, is, charact, ignor], skipped terms: [a]

jdk5341: java.lang.Character.isDigit(char)

Relevant to 19: "copy the elements of the array into a vector"
Query terms: [the, of, into, vector, copy, array, elements], skipped %

terms: [a]
Query terms (stemmed): [the, element, of, copi, into, vector, arrai], %

skipped terms: [a]
jdk9445: java.util.Arrays.asList(java.lang.Object[])
jdk10373: java.util.Vector.addElement(java.lang.Object)
jdk10387: java.util.Vector.addAll(java.util.Collection)
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Legal information

These copyright notices are from the Colt homepage1.

packages cern.colt* , cern.jet*, cern.clhep
Written by Wolfgang Hoschek. Check the Colt home page for more info.
Copyright c© 1999 CERN - European Organization for Nuclear Research.
Permission to use, copy, modify, distribute and sell this software and
its documentation for any purpose is hereby granted without fee,
provided that the above copyright notice appear in all copies and that
both that copyright notice and this permission notice appear in
supporting documentation. CERN makes no representations about the
suitability of this software for any purpose. It is provided "as is"
without expressed or implied warranty.

package corejava
Written by Cay S. Horstmann & Gary Cornell.
Copyright c© 1997 Sun Microsystems Inc. All Rights Reserved.
Cay S. Horstmann \& Gary Cornell, Core Java Published By Sun
Microsystems Press/Prentice-Hall Copyright (C) 1997 Sun Microsystems
Inc. All Rights Reserved. Permission to use, copy, modify, and
distribute this software and its documentation for NON-COMMERCIAL
purposes and without fee is hereby granted provided that this
copyright notice appears in all copies. THE AUTHORS AND PUBLISHER MAKE
NO REPRESENTATIONS OR WARRANTIES ABOUT THE SUITABILITY OF THE
SOFTWARE, EITHER EXPRESS OR IMPLIED, INCLUDING BUT NOT LIMITED TO THE
IMPLIED WARRANTIES OF MERCHANTABILITY, FITNESS FOR A PARTICULAR
PURPOSE, OR NON-INFRINGEMENT. THE AUTHORS AND PUBLISHER SHALL NOT BE
LIABLE FOR ANY DAMAGES SUFFERED BY LICENSEE AS A RESULT OF USING,
MODIFYING OR DISTRIBUTING THIS SOFTWARE OR ITS DERIVATIVES.

package com.imsl.math
Written by Visual Numerics, Inc. Check the Visual Numerics home page

1http://hoschek.home.cern.ch/hoschek/colt/V1.0.3/doc/cern/colt/
doc-files/license.html
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for more info.
Copyright (c) 1997 - 1998 by Visual Numerics, Inc. All rights reserved.
Permission to use, copy, modify, and distribute this software is
freely granted by Visual Numerics, Inc., provided that the copyright
notice above and the following warranty disclaimer are preserved in
human readable form. Because this software is licenses free of charge,
it is provided "AS IS", with NO WARRANTY. TO THE EXTENT PERMITTED BY
LAW, VNI DISCLAIMS ALL WARRANTIES, EXPRESS OR IMPLIED, INCLUDING BUT
NOT LIMITED TO ITS PERFORMANCE, MERCHANTABILITY AND FITNESS FOR A
PARTICULAR PURPOSE. VNI WILL NOT BE LIABLE FOR ANY DAMAGES WHATSOEVER
ARISING OUT OF THE USE OF OR INABILITY TO USE THIS SOFTWARE, INCLUDING
BUT NOT LIMITED TO DIRECT, INDIRECT, SPECIAL, CONSEQUENTIAL, PUNITIVE,
AND EXEMPLARY DAMAGES, EVEN IF ADVISED OF THE POSSIBILITY OF SUCH
DAMAGES.

package edu.cornell.lassp.houle.RngPack
Written by Paul Houle. Check the RngPack home page for more info.
Copyright c© 1997, 1998 honeylocust media systems.
This package is released free under the GNU public license.

packages hep.aida.*
Written by Pavel Binko, Dino Ferrero Merlino, Wolfgang Hoschek, Tony
Johnson, Andreas Pfeiffer, and others. Check the FreeHEP home page for
more info.
Permission to use and/or redistribute this work is granted under the
terms of the LGPL License, with the exception that any usage related
to military applications is expressly forbidden. The software and
documentation made available under the terms of this license are
provided with no warranty.

packages jal*
Written by Matthew Austern and Alexander Stepanov. Check the JAL home
page for more info.
Copyright c© 1996 Silicon Graphics, Inc.
Permission to use, copy, modify, distribute and sell this software and
its documentation for any purpose is hereby granted without fee,
provided that the above copyright notice appear in all copies and that
both that copyright notice and this permission notice appear in
supporting documentation. Silicon Graphics makes no representations
about the suitability of this software for any purpose. It is provided
"as is" without expressed or implied warranty.

package ViolinStrings
Written by Michael Schmeling. Check the ViolinStrings home page for
more info.
(C) 1998 Michael Schmeling.
This software is provided ’as-is’, without any express or implied
warranty. In no event will the author be held liable for any damages
arising from the use of this software.
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Permission is granted to anyone to use this software for any purpose,
including commercial applications, and to alter it and redistribute it
freely, subject to the following restrictions:

1. The origin of this software must not be misrepresented; you must
not claim that you wrote the original software. If you use this
software in a product, an acknowledgment in the product
documentation would be appreciated but is not required.

2. Altered source versions must be plainly marked as such, and must
not be misrepresented as being the original software.

3. Altered version of the source code or the class files must be
stored with a different Java package name, so that users can
clearly distinguish those altered versions from the original
software and can use them safely together with the original
software.

4. This notice may not be removed or altered from any
source distribution.
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term frequency, 19

unit vectors, 25
user model, 42
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