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Abstract

The W eb 2.0 tec hnologies pro vide users with collab orativ e w ork-spaces o v er the In ternet. F or example,

Wikip edia is an op en source encyclop edia that an y one can edit articles. Y ouT ub e pro vides spaces where

users can share videos and annotations ab out them. Users can put images on Flic k ers and collab orate eac h

other b y categorizing with tagging. These con ten ts are created b y users' v olun tary activities, whic h is one

of the features for the W eb 2.0 tec hnology . Some services based on the W eb 2.0 ha v e w ell organized text-

based con ten ts on them. F or example, Wikip edia has w ell structured con ten ts, whic h is due to v olun tary

activities of the users trying to edit eac h con ten ts so as to b e sophisticated. On the other hands, other

services, suc h as Y ouT ub e and Flic k ers', only ha v e short sen tences or small n um b er of w ords as annotations.

Additionally these annotations are usually di�eren t according to eac h user b ecause participan ts are not in

situation of collab orations. As a result, annotations do not ha v e meaning for videos and pictures. A system

that con v erts annotations in to meaningful texts is useful b ecause building texts requires resources while a

n um b er of annotations are a v ailable.

The purp ose of this thesis is dev elopmen t of the text builder whic h is based on the W eb 2.0 tec hnology

with genetic algorithms and natural language pro cessing. A h uman in teractions system is dev elop ed in this

thesis for automatically building meaningful tags from annotations. The system consists of mainly t w o parts:

a conceptual clustering comp onen t based on natural language pro cessing and a sen tence creating comp onen t

based on genetic algorithms. The conceptual clustering comp onen t decomp oses annotations in to phrases

with main ideas. Then, the sen tence creating comp onen t builds sev eral tags from the phrases. Thirdly

created tags are ev aluated b y users to �nd b etter explanations for videos and pictures. P articipan ts are

supp osed to collab orate through ev aluations to create more organized and meaningful tags.

The dev elop ed system succeed in creating tags from annotations without structures through user-mac hine

in teractions. This system is applicable to other systems whic h has only annotations as participan ts' com-

men ts. Because tags created b y this system ha v e meanings but short length a system building longer text

as sen tences is left as future w orks.
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Chapter 1

In tro duction

Due to the rapid gro wth of the In ternet, h uman in teractions on the w eb ha v e exp onen tially increased. The

W eb 2.0 tec hnology utilizes and sim ultaneously enhances h uman in teraction. A t the same, time computa-

tional mo dels for kno wledge generation are also a v ailable. Ho w ev er there is a small n um b er of applications

using a com bination of them; it is exp ected to pro vide more sophisticated kno wledge through h uman and

mac hine in teractions.

The purp ose of this thesis is the dev elopmen t of a collab orativ e tag builder whic h has h uman-mac hine

in teractions based on the W eb 2.0 tec hnology , genetic algorithms, and natural language pro cessing. A

complete literature review of the computational mo dels, natural language pro cessing, information retriev al

and mac hine leaning can b e found elsewhere (W alk er, Ram b o w, & Rogati, 2001; Manning, Ragha v an, &

Sc h • utze, 2008; Mitc hell, 1997).

Natural language pro cessing (NLP) is the tec hnique for understanding natural languages with computa-

tional mo dels. There are a n um b ers of applications. F or example, the textual en tailmen t system (Braz,

Girju, Pun y ak anok, Roth, & Sammons, 2006) creates a shorter sen tence without c hanging the meaning

for giv en text. The question answ ering system (Moldo v an, Harabagiu, Girju, Morarescu, Lacatusu, No-

visc hi, Badulescu, & Bolohan, 2002) generates answ ers corresp onding to giv en question sen tences. The

natural language generation generates sen tences based on the grammar framew ork (W alk er, Ram b o w,

& Rogati, 2001). NLP is used to �nd appropriate synon yms in the system prop osed in this thesis.

Information retriev al (IR) is an imp ortan t researc h area within computer science. Constructing searc h

systems is one of the ob jectiv es in IR. The concept of information retriev al is quite old (Bush, 1945). IR

metho ds also capture text structures. F or example, a w ord mo del is de�ned b y Ba y esian net w ork (P on te

& Croft, 1998). Systems for tagging, phasing and sp eec h recognition ha v e b een prop osed (Song & Croft,

1999). F or further understanding, refer to Intr o duction of Information R etrieval (Manning, Ragha v an,

& Sc h • utze, 2008).

Mac hine learning (ML) is a sub�eld of arti�cial in telligence. It fo cuses on dev eloping algorithms that

enable computers to learn the ob jectiv e functions. ML has b een applied to supp ort NLP and IR as the

optimization to ols (Braz, Girju, Pun y ak anok, Roth, & Sammons, 2006; P on te & Croft, 1998). Genetic

algorithms are also used in ML. In general, there are t w o kinds of ML. One is sup ervised learning

metho d whic h learns the ob jectiv e functions from training data set. The other one is unsup ervised

learning metho ds without using training data set. Machine L e arning (Mitc hell, 1997) is a useful

resource for b etter understanding the idea of ML.

On the other hand, W eb 2.0 pro vides new collab orativ e spaces on the In ternet. The k ey feature of W eb

2.0 is that participan ts share information v olun tarily . F or example, so cial net w ork services suc h as F aceb o ok

and MySpace supply users with spaces where they can exc hange their information. In other services, suc h

as Y ouT ub e and Flic k ers', users can share videos and pictures and lea v e annotations ab out the con ten ts.

Although the annotations are not w ell structured, and eac h one is based on sub jectiv e views, their n um b er

is n umerous. Therefore a system whic h con v erts annotations in to meaningful tags and descriptions with

structure is useful. Since com binations of h uman in teractions with W eb 2.0 and computational mo dels are

exp ected to p erform b etter; a system with the com binations to build meaningful tags is prop osed in this

thesis.
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The dev elop ed system is a w eb-based system that stores pictures and their annotations. The system then

pro cesses stored annotations to build tags that are ev aluated b y users. There are t w o main comp onen ts in

this system: a conceptual clustering comp onen t from plain do cumen ts and a tag building comp onen t. The

former extracts the main idea of annotations, and the later suggests most suitable tags for pictures.

The purp ose of this thesis is t w ofold:

� Extract k ey concepts of annotations : This is a prepro cessing t w ofold step to build tags. Compu-

tational mo deling metho ds are used to obtain main ideas from user's annotations.

� Apply GA op erations for building tags : This is a phase for h uman and mac hine in teractions to

com bine h uman kno wledge and computer generated kno wledge.

The thesis is structured as follo ws. Chapter 2 giv es a brief in tro duction to genetic algorithms and its

v ariations, suc h as the in teractiv e GA and the h uman-based GA. The p oten tial of GAs for in tegrating

h uman and computer generated kno wledge is discussed. Chapter 3 describ es conceptual clustering, the

metho d for extracting k ey idea of annotations as building blo c ks (Ueda, Llor� a, Goldb erg, Y asui, & Sastry ,

2007). Chapter 4 prop oses a picture tagging system. This system uses a genetic algorithm to impro v e

tags assigned to pictures b y users. The exp erimen tal results with the protot yp e system are rep orted in this

c hapter. Finally c hapter 5 summarizes the w ork presen ted and outlines future w ork.
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Chapter 2

In tro duction to Genetic Algorithms

This c hapter presen ts a brief in tro duction to genetic algorithms and ho w they , when coupled together with a

tag builder can help in tegrate user in teractions and computational mo dels. The rest of this c hapter presen ts:

(1) a brief in tro duction to genetic algorithm, (2) in teractiv e and h uman-based genetic algorithms, (3) genetic

algorithm for collab orativ e editing, and (4) p ossible b ene�ts of using c omp etent genetic algorithm as part of

the tag builder.

2.1 In tro duction of Genetic Algorithms

This section brie
y in tro duces genetic algorithms. GAs are searc h, optimization and mac hine learning

metho ds based on the principles of natural selection and genetics (Holland, 1975; Goldb erg, 1989; Goldb erg,

2002). Analogous to the natural op erations, GAs com bine the surviv al of the �ttest among strings with the

inno v ativ e 
air of h uman searc h. The strings are the candidate solutions and they are called chr omosomes .

The c haracters of features in c hromosomes are describ ed as genes . The v alues of genes are referred to as

al leles . The relativ e measuremen t of the candidate solution is describ ed as �tness . The set of collection of

candidate strings, the p opulation , is also an imp ortan t concept (Goldb erg, 1989). Since GAs imitate the

natural ev olution of genes, the p opulation size has an a�ect on its p erformances. This is a part of di�erence

b et w een GA and the other searc hing metho ds. The idea of p opulation enables GA to handle noise, rugged

landscap es, and bad scaling (Sastry , 2007). An early example of GA implemen tation is the simple genetic

algorithm (sGA) (Goldb erg, 1989)

2.1.1 The Simple Genetic Algorithm

The simple GA do es not in v olv e an y complex op erations other than cop ying c hromosomes and sw apping

or c hanging the parts of them. The reasons wh y this simple mec hanics w orks is b oth subtle and strong.

Simplicit y of op erations and strength of e�ect are the main attractions of the genetic algorithm approac h.

A simple genetic algorithm that pro duces go o d outcomes is comp osed of three op erations:

Repro duction is the pro cess of duplicating individual strings according to their ob jectiv e function v alues.

Duplicating according to their �tness v alues mak es that strings with the higher v alue ha v e con tribute

one or more o�spring with higher probabilit y in the next generation.

Recom bination is the pro cess of pro ducing next generation p opulations through crosso v er and m utation.

P aren ts c hromosomes are selected for eac h c hild from the mating p o ol. New solutions are created whic h

usually shares man y of the traits of their paren ts.

Mutation is a pro cess of creating new iden tical strings except few c hanges of traits. Making just few

c hanges means p erforming a random w alk in the vicinit y of a candidate solution.

F or a more detailed discussion see (Goldb erg, 1989; Goldb erg, 2002).

2.2 In teractiv e and Human-Based Genetic Algorithms

A collab orativ e tag builder in tegrates user kno wledge through in teractions b et w een users and computers.

This c hapter explains t w o kinds of GAs that can imp ort the ideas from users to the system for the inno v ation.
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2.2.1 In teractiv e Genetic Algorithm

In a simple GA, the �tness is often computed based on an ob jectiv e function or functions. There are, ho w ev er,

some problems that are di�cult to ev aluate in a computational pro cedure. If the �tness function only exists

in the mind of the user, ev aluating candidate strings as a computational pro cedure is not p ossible. An idea of

outsourcing to h uman a ev aluator could solv e these di�culties. F or example, Caldw ell (1991) sho w ho w the

reconstruction of a criminal's face could b e done follo wing suc h metho dology . A genetic algorithm op erating

all of the op erations except ev aluating the �tness of candidate faces; the witness ev aluates the faces based

on his/her memory (Caldw ell & Johnston, 1991). This is called the in teractiv e genetic algorithm. The

in teractiv e GA has b een ac hiev ed wide-range of successes (T ak agi, 2001).

2.2.2 Human-Based Genetic Algorithm

Whereas in teractiv e GAs �tness outsources the ev aluation pro cess to h uman agen ts, other parts are op er-

ated via computational pro cedure. On the other hand, h uman-based genetic algorithms also outsource the

recom bination step (Kosoruk o�, 2001). Human-based GAs seeks to encourage the creativ e p oten tial of users

in v olv ed in the pro cess. The h uman-based GAs ha v e b een applied to the fo cus group discussion for idea

creation (Goldb erg, 1993; Goldb erg, D.E., W elge, M., & Llor� a, X., 2003; Saru w atari, Llor� a, Goldb erg, Y asui,

Sastry , & Hiroshi, 2008).

2.3 Genetic Algorithm for T ag Builder

This section discusses wh y GAs can in tegrate b oth h uman-generated and computer-generated kno wledge.

The in teractiv e and the h uman-based GAs bridge together users and computers. An y op erators whic h

can not b e pro cessed on computers could b e outsourced. Therefore, GAs enable tag builder to manage

h uman-mac hine in teractions.

Via outsourcing op erations, genetic algorithms handle di�cult natural language problems lik e collab o-

rativ e tagging. Since NLP still requires h uman supp orts to deal with the complexit y of natural language,

a GA is adapted to utilize its h uman mac hine in teraction abilit y . T o create a collab orativ e tagger requires

t w o steps: (1) iden tify three op erations whether eac h of them should b e a outsourced pro cedure or a com-

putational pro cedure; (2) design a c omp etent GA through iden tifying building blo c ks (BBs). One de�nition

of a BB is the \highly �t short-de�ning-length sc hemata" (Goldb erg, 1989) and more elab orate de�nition

is explained elsewhere (Goldb erg, 2002). Among candidates, there are certain sc hema whic h lead to high

�tness. The sequence of �guring out and recom bining BBs during GA op erations is necessary .
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Chapter 3

Extracting Conceptual Clusters of

Do cumen ts

This c hapter describ es the conceptual clustering metho d for extracting conceptual clusters from annota-

tions. As discussed in c hapter 1, constructing tag builder needs to com bine the computational mo dels and

in teractions of users. Therefore, it is imp ortan t to dev elop computational mo dels whic h can b e in tegrated

with the h uman-generated kno wledge. This c hapter in tro duce conceptual clustering of texts, as the part of

the computational mo dels of collab orativ e tag. Since tag builder needs to create tags quic kly , reliably , and

accurately through applying a GA, the step to w ard designing c omp etent GA is necessary , whic h in v olv es

building blo c k (BB) disco v eries as sho wn in c hapter 2.

3.1 Ov erview of Conceptual Clustering as Building Blo c k

Disco v ery

Here, a brief roadmap of the conceptual clustering metho d is giv en. As the �rst step to w ard BB disco v ery ,

the assumption is the BBs of NLP is the sets of w ords. The goal is to iden tify sets of w ords from giv en text

stream that in particular con texts form seman tic unit y . In this section, w e presen t a brief o v erview of the

o v erall approac h.

The approac h consists of three pro cesses:

1. T ext pro cessing of text streams

2. Seman tic group iden ti�cation

3. Building blo c k disco v ery

F or example, consider the follo wing do cumen t, where eac h paragraph is iden ti�ed b y a unique n um b er.

All of these paragraphs ha v e similar meaning when used in the same con text.

1. This is a long story which cannot be described in one paragraph. However, we can

describe this story by repeating paragraphs with the same meaning many times.

2. This story is ambiguous and huge. Therefore, we cannot write it in one paragraph.

One way to describe this story is to repeat paragraphs using similar words.

3. There is a story which cannot be described in one paragraph. However, we can write

this paragraph repeatedly to describe it. Repeating is the only acceptable solution

towards expression.

4. This is a story which cannot be expressed in one paragraph. There is one way to

describe it and that is by repeating paragraphs with the same meaning as this

paragraph many times.

5. One paragraph is not sufficient to express our story. By writing paragraphs with

same meaning many times, it is possible to express our story.

6. Without repeating paragraphs with the same meaning using similar words, we can

not describe our story.
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T ext Pro cessing: As a �rst step, w e need to clean the do cumen t to ease the later pro cesses. This step

includes stop w ord elimination and w ord stemming. The former is to eliminate w ords irrelev an t to the

do cumen t con text, and the latter is to normalize eac h w ord to its base form. F or example, this step con v erts

the paragraph 1 in the sample do cumen t ab o v e to ``story describe one paragraph. describe story

repeat paragraph mean time'' .

Seman tic Groups Iden ti�cation: A seman tic group is a cluster of w ords with similar meaning. Similari-

ties b et w een w ords are measured using hyp ernyms . A hyp ernym is a w ord that is more generic than a giv en

w ord. Our exp erimen ts use W ordNet for obtaining h yp ern yms of eac h w ord. Note that ev ery w ord in W ord-

Net (Miller, G., Bec kwith, R., F ellbaum, C., Gross, D., & Miller, K., 1990) has at least one h yp ern ym, that

is, entity . F or example, y ou can �nd seman tic groups obtained from the sample do cumen t in the Section 0.8.

Iden ti�ed seman tic groups are indexed b y a w ord in the group.

Con text-a w are Seman tic Building Blo c k Iden ti�cation: In the previous step, w e ha v e a set of w ords

(including index w ords to seman tic groups). The last step is to iden tify building blo c ks from the set of w ords.

F or example, as w e rep ort in the Section 0.8, obtained building blo c ks from the sample do cumen t w ere \one

paragraph" and \describ e rep eating".

3.2 T ext Pro cessing

T ext pro cessing is executed prior to the other pro cesses, in order to reduce the am biguousness of the text

and help to create a compact w ord set and facilitate later pro cesses. This section describ es three t yp es of

text pro cessing used in our approac h: stop w ords elimination and stemming.

Stop W ords Elimination

A stop wor d is a w ord whic h is commonly and frequen tly used in texts. It is �ltered out from texts,

b ecause t ypically , it is irrelev an t to the essence of the text. Our stop w ord list includes pronouns,

prep ositions, articles, adv erbs and some v erbs (W eiss, Indurkh y a, Zhang, & Damerau, 2005).

Stemming

Stemming is a pro cess for normalizing v arian ts of w ords b y remo ving morphological and in
ectional

endings from the w ords. F or example, b y the stemming pro cess, all of the w ords r emove , r emoves ,

r emove d , and remo ving are con v erted in to r emov . Our stemming pro cess uses the P orter stemming

algorithm (P orter, 1980), whic h is a widely used stemming algorithm for English. The algorithm

detail is b ey ond the scop e of this pap er. Stemmed w ords are used in ternally to further pro cesses, and

original w ords are used to sho w results.

Splitting

Splitting decomp oses a do cumen t in to paragraphs. The splitting is done b y a heuristic w a y based on

a assumption that eac h paragraph (1) has more than 100 c haracters and (2) ends dot (.) and tab ( n t)

or dot (.), space ( ), and tab ( n t ).

3.3 Seman tic Group Iden ti�cation

A seman tic group indicates a cluster of w ords with similar meanings. W e use a design structure matrix

(DSM) clustering metho d for iden tifying the seman tic group. In this section, �rst w e giv e a brief review of

DSM clustering metho d. Next, the approac h for iden tifying seman tic groups b y DSM clustering metho d is

prop osed.

3.3.1 DSM Clustering

A dep endency structure matrix (DSM) is essen tially an adjacency matrix represen tation of a graph where

eac h en try d

ij

represen ts the dep endency b et w een no de i and no de j (Stew ard, 1981; Y assine, F alk en burg, &

Chelst, 1999). En tries d

ij

can b e real n um b ers or in tegers. The larger the d

ij

is, the higher the in teraction

is b et w een no de i and no de j . If w e fo cus on the 0-1 domain, this then d

ij

= 0 means that no de i and no de
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j do not in teract, and d

ij

= 1 means that no de i and no de j in teract with eac h other. The diagonal en tries

( d

ii

) ha v e no signi�cance and are usually set to zero or blac k ed-out. F or elab orate exp osition of DSM, please

see MIT DSM w eb site: http://www.dsmw eb. or g/ .

The goal of DSM clustering is to �nd subsets of DSM elemen ts ( i.e. , clusters) so that no des within

a cluster are maximally in teracting, and clusters are minimally in teracting. In a t ypical DSM clustering

problem, o v erlapping clusters (clusters that share same no des) are p ermissible.

Our approac h uses DSM clustering (Y u, Y assine, & Goldb erg, 2005) metric based on the minimal descrip-

tion length principle (MDL) (Rissinen, 1978). Previous DSM clustering algorithms can b e found elsewhere

(F ernandez, 1998; Sharman, Y assine, & Carlile, 2002). Their results sho w ed that the ob jectiv e function

used w as short of accurately predicting \go o d" clustering b ecause of the o v ersimpli�ed ob jectiv e function.

Supp ose that w e ha v e a mo del whic h describ es a giv en data set, D S M = [ d

ij

]. Here, the mo del means

a description that sp eci�es whic h no de b elongs to whic h cluster. Usually , the mo del do es not completely

describ e the giv en data; otherwise, the mo del w ould b e to o complex to use. Therefore, the description

length that the mo del needs to describ e the giv en data consists of t w o parts: (1) the mo del description and

(2) the mismatc hed data description. This sc heme ma y b e easier to understand in ligh t of the follo wing

sender-receiv er example.

Assume a sender has a giv en data set whic h is needed b y the receiv er. Giv en a mo del that appro ximately

describ es the giv en data set, the sender �rst sends the mo del ( i.e. , mo del description) to the receiv er. T o

ensure that the receiv er gets exactly the same data set, the sender is also required to send the data whic h

is mis-describ ed ( i.e. , mismatc hed data description) b y the mo del sen t earlier. If the mo del is to o simple,

the mo del description is short: ho w ev er man y data mismatc hes exist and the mismatc hed data description

b ecomes longer. On the other hand, a complicated mo del reduces mismatc hed data, but the mo del description

is longer.

The minim um description length principle (MDL) (Rissinen, 1978) satis�es our needs for dealing with the

ab o v e trade-o�. The MDL can b e in terpreted as follo ws: among all p ossible mo dels, c ho ose the mo del that

uses the minimal length for describing a giv en data set (that is, mo del description length plus mismatc hed

data description length). There are t w o k ey p oin ts that should b e noted when MDL is used: (1) the enco ding

should b e uniquely deco dable, and (2) the length of enco ding should re
ect the complexit y . F or example,

the enco ding of a complicated mo del should b e longer than that of a simple mo del. Next, w e de�ne the

MDL clustering metric in detail.

Mo del Enco ding. The w a y w e enco de the mo del is straigh tforw ard. The description of eac h cluster starts

with a n um b er whic h is sequen tially assigned to eac h cluster, and then this is follo w ed b y a sequence

of no des in the cluster. It is easily seen that the length of this mo del description is as follo ws:

�

n

c

i =1

(log

2

n

n

+ cl

i

� log

2

n

n

) ; (3.1)

where n

c

is the n um b er of clusters in the mo del, n

n

is the n um b er of no des, cl

i

is the n um b er of no des

in the i -th cluster.

Mismatc hed Data Description. Based on the mo del, w e �rst construct another DSM (call it D S M

0

=

[ d

0

ij

]), where eac h en try d

0

ij

is 1 if and only if some cluster con tains b oth no de i and no de j sim ultane-

ously .

Then, w e compare D S M

0

with the giv en D S M . F or ev ery mismatc hed en try , where d

0

ij

6= d

ij

, w e need

a description to indicate where the mismatc h o ccurred ( i and j ) and one additional bit to indicate

whether the mismatc h is zero-to-one or one-to-zero. De�ne a mismatc h set S = f ( i; j ) j d

0

ij

6= d

ij

g . The

mismatc hed data description length is giv en b y:

�

( i;j ) 2 S

(log n

n

+ log n

n

+ 1) : (3.2)

The �rst log n

n

in the brac k et indicates i , the second one indicates j , and the additional one bit

indicates the t yp e of mismatc h.

The MDL clustering metric is giv en b y the summation of the mo del description length and the mismatc hed

data description. With some arithmetic manipulations, the metric can b e expressed as follo ws:

f

D S M

( M ) = log n

n

�

n

c

i =1

( cl

i

+ 1) + j S j (2 log n

n

+ 1) ; (3.3)
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where n

c

is the n um b er of clusters, n

n

is the n um b er of no des in the DSM, cl

i

is the size of the i -th cluster,

and S is a mismatc h set.

With the ab o v e metric, the DSM clustering problem is con v erted in to an optimization problem: Giv en

a DSM, the ob jectiv e is to �nd a DSM clustering arrangemen t (mo del, M ) to minimize the ab o v e metric

( f

D S M

).

3.3.2 Seman tic Groups Iden ti�cation b y DSM Clustering

Seman tic groups are iden ti�ed b y the DSM clustering metho d review ed ab o v e. DSM clustering is used mainly

b ecause of its abilit y to infer o v erlapping clusters|a common prop ert y of text where one w ord ma y ha v e

di�eren t meanings and, hence, b elong to di�eren t groups. This subsection fo cuses on ho w to create a DSM

from a set of w ords.

Let W b e a set of w ords con tained in texts. Hyp ern ym induced v ectors H ( w

i

) and H ( w

j

) for w

i

2 W

and w

j

2 W are obtained b y h yp ern ym sets of w

i

and w

j

. Let H

w

i

and H

w

j

b e h yp ern ym sets of w ord

w

i

and w ord w

j

, resp ectiv ely . Let H = H

w

i

[ H

w

j

= f h

1

; h

2

; : : : ; h

n

g denote a com bined set of h yp ern yms

deriv ed from w

i

and w

j

. H ( w

i

) and H ( w

j

) are de�ned b y

H ( w

i

) = f H

w

i

( h

1

) ; H

w

i

( h

2

) ; : : : ; H

w

i

( h

n

) g (3.4)

H ( w

j

) = f H

w

j

( h

1

) ; H

w

j

( h

2

) ; : : : ; H

w

j

( h

n

) g ; (3.5)

where

H

w

i

( h

k

) =

�

0 if h

k

=2 H

w

i

1 if h

k

2 H

w

i

(3.6)

Lik ewise, H

w

j

( h

k

) is 0 (if h

k

=2 H

w

j

) or 1 (if h

k

2 H

w

j

).

Let � ( w

i

; w

j

) b e similarit y b et w een w

i

, and w

j

. � ( w

i

; w

j

) is measured b y cosine similarit y of h yp ern ym

induced v ectors, as follo ws.

� ( w

i

; w

j

) = arccos

�

( H ( w

i

)

T

� H ( w

j

)

k H ( w

i

) kk H ( w

j

) k

�

; (3.7)

Let D denote a DSM for iden tifying seman tic BBs is a n -square matrix, where n = j W j ( i; j ) en try ( i 6= j )

of D is de�ned as follo ws.

D ( i; j ) =

�

0 if � ( w

i

; w

j

) < �

1 if � ( w

i

; w

j

) � �

(3.8)

where w

i

; w

j

2 W and � is a threshold. In tuitiv ely , the en try is 0, if the corresp onding t w o w ords ha v e

similar meaning, and vice v ersa. In our exp erimen t, � = 1 : 10.

3.3.3 Simple Example

Assume w e ha v e a set of w ords W = f dog ; cat; potato; r at g deriv ed from a giv en text. F or example,

� ( dog ; cat ) = 1 : 13, then (dog,cat) en try of DSM = 1. Similarly , obtaining � for ev ery pair of w ords, DSM

for W is represen ted as T able1.

T able 3.1: DSM matrix.

- dog cat p otato rat

dog x 1 0 1

cat 1 x 0 1

p otato 0 0 x 0

rat 1 1 0 x

T able 2 sho ws the reordered matrix obtained b y DSM clustering.

F rom this matrix, w e ha v e a cluster with \dog", \cat" and \rat" and a singleton \p otato".
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T able 3.2: Reordered DSM matrix.

- dog cat rat p otato

dog x 1 1 0

cat 1 x 1 0

rat 1 1 x 0

p otato 0 0 0 x

3.4 Con text-a w are Seman tic Building Blo c ks Iden ti�cation

A con text-a w are seman tic building blo c k indicates a cluster of w ords ha ving close correlations, that is, similar

seman tic con ten t of the giv en do cumen t. The BBs are iden ti�ed b y the extended compact genetic algorithm

(eCGA). In this section, �rst w e brie
y review the eCGA, and then describ e our approac h to use the eCGA

on our problem.

3.4.1 Extended Compact Genetic Algorithm and Minim um Description

Length

The extended Compact genetic algorithm (eCGA) is a probabilistic algorithm whic h w as dev elop ed to learn

link age through correcting go o d probabilit y distributions (Harik, Lob o, & Sastry , 1999). The measure of

desired distribution is quan ti�ed based on minim um description length (MDL) mo del. A class of probabilit y

mo del, marginal pro duct mo dels (MPMs), is used in eCGA for a probabilit y distribution.

The k ey concept of the MDL mo del is as follo ws. Simpler distributions are b etter than the more in tricate

one, and ev erything is equal. The MDL restriction p enalizes b oth inaccurate and complex mo dels, therefore

conducting to an optimal probabilit y distribution. MPMs comprise of a pro duct of marginal distributions on

a partition of the genes. MPMs also mak e easier a direct link age map with eac h partition separating tigh tly

link ed genes.

The eCGA has consecutiv e sequences as follo ws.

1. Generate a random p opulation of size N.

2. Undergo tournamen t selection at rate S.

3. Mo del the p opulation using a greedy MPM searc h.

4. If the mo del has con v erged, stop.

5. Generate a new p opulation using the giv en mo del.

6. Return to step 2.

Tw o things need further explanation: (1) the determination of MPM using MDL, and (2) the generation of a

new p opulation based on MPM. A constrained optimization problem determines MPM in ev ery generation.

The determination of MPM in eac h generation can b e represen ted as minimizing the sum of the mo del

complexit y ( C

m

) and the cost of using single mo del compare with complex one ( C

p

). Mo del complexit y C

m

and cost of using single mo del C

p

can b e represen ted as follo ws.

C

m

= log

2

( n )

m

X

i =1

�

2

k

i

� 1

�

(3.9)

C

p

=

m

X

i =1

2

k

i

X

j =1

N

ij

log

2

�

n

N

ij

�

(3.10)

where n is n um b er of p opulations, m in the equations represen t the n um b er of BBs, k

i

is the length of

BB i 2 [1 ; m ], and N

ij

is the n um b er of c hromosomes in the curren t p opulation p ossessing bit-sequence

j 2 [1 ; 2

k

i

] p opulation size.
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The greedy MPM searc h used in eCGA b egin with a mo del that all the v ariables are indep enden t. Ev en-

tually , indep enden t v ariables merge in to subsets till the MDL mo del no longer progresses. The metho dology

of generating a new p opulation is as follo ws: a new p opulation of n (1 � p

c

) where p

c

is the crosso v er proba-

bilit y are the b est individuals in the curren t p opulation. The others, n � p

c

, are �lled with randomly c hosen

subsets from the curren t individuals based on the probabilities of the subsets.

One of the most imp ortan t parameters of eCGA is the required p opulation size. The analytical p opulation

sizing metho d is dev elop ed elsewhere (Sastry & Goldb erg, 2004). This analysis estimates the required

p opulation size as follo ws:

n / 2

k

�

�

2

B B

d

2

�

m log m; (3.11)

where m is n um b er of building blo c ks, k is the building blo c k length, and

�

2

B B

d

2

is the noise-to-signal ratio

(Goldb erg, Deb, & Clark, 1992).

In this subsection, w e review ed ho w BBs are created in eCGA e�ectiv ely . The description for NLP is

describ ed in follo wing subsections.

3.4.2 Seman tic BB Iden ti�cation b y eCGA

Seman tic BBs are iden ti�ed b y the eCGA metho d. eCGA is mainly used b ecause of its abilit y to minimize

complexit y among BBs. eCGA requires v ectors as inputs. Supp ose a giv en do cumen t consists of paragraphs.

Let D b e the do cumen t whic h is a set of paragraphs, and denote eac h paragraph b y P

i

, that is, D =

f P

1

; P

2

; : : : P

n

g . Eac h paragraph P

i

is con v erted in to a v ector V

i

for using eCGA as follo ws.

Let W b e a set of seman tic groups obtained from the do cumen t and other w ords (that is, not clustered

w ords). P aragraph v ector V

i

is de�ned b y

V

i

= ( P

i

( w

1

) ; P

i

( w

2

) ; : : : ; P

i

( w

n

)) (3.12)

where w

k

2 W , 1 � k � n and

P

i

( w

k

) =

�

0 if w

k

is not con tained in P

i

1 if w

k

is con tained in P

i

(3.13)

This creates a p opulation form from eac h paragraph. Eac h binary v ariable represen ts the existence of

seman tic group set in the paragraph. The �nal step is using eCGA to obtain con text-a w are seman tic

building blo c ks. The building blo c ks are iden ti�ed b y the MPM. MPM is pro vided b y the mo del-building

pro cess of eCGA.

3.5 BB disco v ery exp erimen ts

F or examining our approac h, w e p erformed exp erimen ts using t w o do cumen ts: (1) a sample do cumen t

consisting of six paragraphs presen ted in Section 0.4, and (2) a news article set obtained from Go ogle News

on Jan uary 29th, 2007. In this section w e rep ort the exp erimen tal results from eac h do cumen t and sho w

ho w our approac h iden ti�es BBs from the do cumen ts.

3.5.1 Exp erimen t 1

As a preliminary exp erimen t, w e examined our approac h to a small sized sample do cumen t, whic h w as sho wn

in Section 0.4. The sample do cumen t consists of six paragraphs.

After the �rst step of our approac h (stop w ords elimination and stemming w ords), DSM clustering

metho d iden ti�ed six seman tic groups (see T able 0.8.1). Eac h ro w indicates an index w ord (left column) of

a w ord group (righ t column). Eac h pair (or triplet) has common h yp ern yms. F or example, all of the w ords

\p ossible", \meaning" and \one" ha v e a h yp ern ym \cognition" in common.

After clustering the seman tic groups pro vided b y DSM, w e ha v e a set of 36 seman tic groups. Our approac h

iden ti�ed t w o BBs ha ving t w o w ords [one paragraph][desc ri be repeating] . The example paragraphs

uses either \describ e" or \write". Only one paragraph uses b oth, but the seman tic la y er brough t them

together. This sho ws clustering seman tic BBs raises e�ciency and qualit y of BBs.
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T able 3.3: Exp erimen t 1: Seman tic groups

Index w ord group

describ e [describe write]

meaning [possible meaning]

one [one meaning]

solution [solution meaning words]

w ords [words way]

closer [closer possible]

3.5.2 Exp erimen t 2

T o v alidate our approac h, w e p erformed an exp erimen t using a larger do cumen t. The do cumen t consists of

around a h undred news articles ab out a suicide b ombing in Isr ael obtained from Go ogle News on Jan 29th,

2007.

The stop w ords elimination reduced the size of w ord set to half appro ximately (from 1224 w ords to 643

w ords). Then, DSM clustering iden ti�ed the v arious sizes of seman tic groups. Figure 1 sho ws the n um b er

of iden ti�ed seman tic BBs and the sizes of groups (i.e., n um b er of w ords con tained in the group). DSM

clustering iden ti�ed 168 seman tic groups. The a v erage size of the seman tic groups w as appro ximately 5.28.
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Figure 3.1: Distribution of Seman tic Group Size

After DSM clustering step, w e ha v e a set of 283 seman tic groups iden ti�ed from the 608 paragraphs

a v ailable. T able 0.8.2 sho ws the n um b er of iden ti�ed BBs of eac h size. The a v erage size of BBs w as

appro ximately 1.74.

T able 3.4: # of BBs and its size

Size of BBs 1 2 3 4

# of BBs 69 69 24 1

T able 5 sho ws the top rank ed BBs for eac h size.
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T able 3.5: Examples of iden ti�ed BBs

Size BBs

4 [suicide israel april restaurant]

3 [agree occupation march], [gaza strip city],

[violence undermine stage],

[west bank military], [resort sea tip]

2 [brother thursday], [jihad joint],

[iran february], [crackdown fire],

[lead ramadan], [exile iranian]

Eac h BBs in table 5 actually represen ts the seman tic con text in the do cumen t. In other w ords, w e can

ha v e an in tuitiv e understanding of the article only b y reading the generated BBs. These BBs are w ell suited

for HBGA op eration.

3.6 Summary

This c hapter describ ed the conceptual clustering metho ds as a BB disco v ery problem, suc h as, eliminating

noise w ords; creating the temp orary dictionary to con v ert the w ords in to the v ectors; iden tifying the w ords

whic h should b e recognized as the similar; clustering the similar w ords group b y DSMGA whic h will b e

registered in to the dictionary as one w ord; creating the dictionary b y using these groups; and splitting BBs

b y using ECGA. Since the conceptual clusters are extracted as BBs, this could extend to design a c omp etent

GA to apply a tag builder. In the next c hapter, this thesis explains the tagging system for pictures as a

example of the in tegration of user in teractions.
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Chapter 4

Picture T agging System

As sho wn in the c hapter 1 and 2, collab orativ e tagging system requires h uman in teractions. The in teractiv e

GA and the HBGA can b e used for in tegrating in teractions b et w een computer and users.

Picture tagging system is common no w ada ys. T ags assigned to pictures mostly rely on users' sub jectiv e

view of the pictures. The users' view is often di�eren t from p erson to p erson and c hanging from time to

time. The tags someone assigned sometimes don't mak e an y sense to the others. In addition, if users didn't

kno w what it is on the picture, he/she w ould nev er input an y tags.

This c hapter fo cuses on picture tagging system. This system automatically enhances qualit y of tags

based on users' ev aluations. After a metho dology for the system is prop osed, the o v erview of the protot yp e

system is presen ted.

The structure of this c hapter is as follo ws:

1. metho dology

2. protot yp e system o v erview

3. empirical study

4. future w ork

Eac h of these is discussed in the remainder.

4.1 Metho dology

This section discusses ho w a GA can b e applied for enhancing qualit y of tags assigned to pictures. In this

system, tags are considered as c hromosomes. The w ords consisting of tags are considered as genes.

4.1.1 Initialization

T o apply a genetic algorithm, an initial p opulation m ust b e prepared. T raditionally , the initial p opulation

is generated randomly . Ho w ev er, the random generation of tags in v olv es signi�can t di�culties due to the

nature of natural language.

This system emplo ys the tags assigned b y users for the initial p opulation.

4.1.2 Fitness

The �tness for eac h tag on a picture is determined based on a user ev aluation. Eac h tag has a p oin t score

p , whic h is initially p = 0. The p oin t score p is increased one b y user's p ositiv e ev aluation, that is done b y

clic king \POS". Con v ersely , the p oin t score p is decreased one b y user's negativ e ev aluation, that is done b y

clic king \NEG". Let n b e a n um b er of accesses to the picture. Then the �tness of eac h tag is calculated b y

p=n .
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4.1.3 Op erators

As sho wn in Chapter 2, m utation, selection and recom bination are three op erators in GAs. Curren tly ,

m utation and selection are implemen ted in this system. Recom bination is left for future w ork.

Mutation

As sho wn in Chapter 2, m utation p erforms the random w alk in the neigh b orho o d of candidate solu-

tions (Goldb erg, 2002). In the prop osed tagging system, the m utation op eration replaces randomly

selected w ords in a tag with their synon yms. The synon yms are obtained from the W ordNet dictionary .

First, the part of sp eec h tagger (Lop er & Bird, 2002) giv es POS lab els to all w ords in the tags. POS

lab el sho ws the part of sp eec h for eac h w ord. Next, random n um b er b et w een 0 to 1 is assigned to

eac h w ord in a tag. The w ords with the random n um b er less than 0.3 are selected as the w ords for

m utation. Let W = f w

1

; w

2

; : : : ; w

n

g b e the set of selected w ords.

F or eac h w

i

2 W , a synon ym set S ( w

i

) = f s

i 1

; s

i 2

; : : : ; s

im

g is obtained b y the W ordNet dictionary .

Note that all s

ij

2 S ( w

i

) ha v e same POS lab els as w

i

.

Let S im ( w

i

; S ( w

i

)) = f sim ( w

i

; s

i 1

) ; sim ( w

i

; s

i 2

) ; : : : ; sim ( w

i

; s

im

) g b e a v ector of similarit y v alues

b et w een the selected w ord w

i

inW and its synon ym s

ij

2 S ( w

i

). Similarit y b et w een the w ord w

i

and s

ij

is obtained b y using a function of the natural language to olkit (Lop er & Bird, 2002). Eac h

sim ( w

i

; s

ij

) 2 S im ( w

i

; S ( w

i

)) is normalized to

P

1 � j � m

sim ( w

i

; s

ij

) = 1.

This m utation op erator replace the w ord w

i

with its synon yms s

ij

. s

ij

is selected with probabilit y

prop ortionally to the sim ( w

i

; s

ij

). The higher sim ( w

i

; s

ij

), the probabilit y that sij is selected b ecomes

the higher.

Selection

The elitist sc heme is emplo y ed for selection op erator, whic h is di�eren t from the repro duction op erator

men tioned in Chapter 2. The unselected tags are stored as just one c hromosome in the p opulation.

Although the system main tains b oth selected and unselected tags, only 10 of them with higher �tness

will b e displa y ed and ev aluated b y users. This system has to adapt the di�eren t selection op erator

b ecause h uman can ev aluate small n um b er of tags. Otherwise, the p opulations con v erge rapidly , so

our ob jectiv e whic h is to mak e the most suitable tags can not b e ac hiev ed.

4.2 Protot yp e System Ov erview

In order to ev aluate prop osed metho dology , a w eb based collab orativ e tagging system called pictur e descriptor

has b een dev elop ed.

1

The picture descriptor is dev elop ed in Python with the natural language to olkit (Lop er & Bird, 2002),

and has the follo wing functions:

1. Uploading pictures: By clic king the Uplo ad new pictur e button ((1) in Figure 0.11), users can upload

pictures. Users m ust ev aluate at least t w o pictures b efore they upload their pictures. This rule assures

that the system has b oth ev aluations and tags man y enough.

2. Adding tag to eac h picture: By sending text through the text �eld ((2) in Figure 0.11), users can add

tags to eac h picture. There is no limitation on the n um b er of tags user can add to eac h picture.

3. Ev aluating the tag for eac h picture: By clic king \POS" or \NEG" buttons attac hed to eac h tag ((3)

in Figure 0.11), users can ev aluate whether the tag is appropriate (\POS") or not (\NEG"). Eac h user

can ev aluate a maxim um six tags for eac h picture.

1

h ttp://www.comm un usphere.com/
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Figure 4.1: Screen shot

4.3 Exp erimen t Ov erview

Designing a e�ectiv e GA for tagging system requires ev aluating implemen ted op erators; m utation and se-

lection. The designed GA w as in ten t to increase three ob jects; for impro ving the qualities of tags, (1) the

a v erage n um b er of �tness p oin ts on the tags; for creating b etter tag than user-t yp ed one, (2) the maxim um

n um b er of �tness p oin t on the tag; for extending the initial p opulation size, (3) the n um b er of user-t yp ed

tags. This exp erimen t w as done from April 7, 2008 to April 13, 2008.

The pro cedure is as follo ws.

1. Send e-mails to the same participan ts as the preliminary exp erimen t

2. Eac h participan t writes tags

3. Eac h participan t ev aluates tags

4. Eac h participan t uploads pictures

Rep eat 2 to 4 for a w eek. Mutation and selection are p erformed at the step 3. The step 2 and 3 w as done

sim ultaneously .

4.4 Exp erimen tal Results

This section describ es the exp erimen tal results. Figure 3 depicts the n um b er of tags assigned to all the

pictures for eac h da y . A preliminary exp erimen t w as done in order to see ho w tags are ev aluated b y users.

T able 0.13 sho ws the a v erage, standard deviation, minim um and maxim um of the p oin t score, the n um b er of

accesses, and the �tness of tags for all the upload pictures. Figure 5 and Figure 4 sho w the results with elitist

sc heme and without elitist sc heme, resp ectiv ely . The result indicates elitist sc heme successfully preserv ed

the tags assigned b y users. T ags in the preliminary exp erimen t are used in b oth cases.

T able 0.13 sho ws statistics of tags from b oth the preliminary exp erimen t and the exp erimen t. As sho wn

in the table, the n um b er of tags p er user is successfully increased.

T able 0.13 sho ws the a v erage, standard deviation, minim um and maxim um of �tness p oin ts, the n um b er

of accesses, and the �tness of all user t yp ed tags from the exp erimen t.
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Figure 4.2: Amoun t of new tags

T able 4.1: Preliminal exp erimen t results

Av erage Std Deviation Minim um Maxim um

p oin ts 3.03 12.17 -64 44

# of access 64.90 60.52 10 222

p oin ts/#of access 0.045 0.15 -0.74 0.51

T able 4.2: Unique Users

Protot yp e Exp erimen t

Num b er of Users 8 15

Num b er of User W rote T ags 32 81

Num b er of New T ags 32 103

Avg T ags/User 4.0 5.4

T able 4.3: Exp erimen t Results of User T yp ed T ags

Av erage Std Deviation Minim um Maxim um

p oin ts 1.22 2.88 -2 13

# of access 28.30 35.23 2 203

p oin ts/#of access 0.042 0.099 -0.047 0.50
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Gugong Museum in Beijing

This is the picture in China.
It is a red castile.

beautiful cityscape
Nice picture.
china building

building
building

china orenital

It is a red castile.

It is a crimson castile.
china building.

This is the picture in China.
Gugong Museum in Beijing.
Gugong Museum in Beijing.

Gugong Museum in Beijing.
This is the picture in China.

building.
china building.
Nice picture.

It is a red castile.(1)

china building.(2)
Nice picture.(1)

Gugong Museum in Beijing. (3)
It is a crimson castile.(1)
This is the picture in China.(2)

building.(1)

Initial Population New Population

New Kinds of Population
Although the number of 
population is increased, the 
kinds of tags are decreased.

Figure 4.3: Selection without Elitist Sc heme
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Gugong Museum in Beijing(1)

This is the picture in China.(1)
It is a red castile.(1)

beautiful cityscape(1)
Nice picture.(1)
china building(1)

Building(2)
china orenital(1)

Initial Population

It is a red castile.(1)

china building.(2)
Nice picture.(1)

Gugong Museum in Beijing.(3)
It is a crimson castile.(1)
This is the picture in China.(2)

building.(1)
beautiful cityscape(1)

china orenital(1)

New Population w/o Duplicate
+ diversity preservation

•No necessity to reduce the amount
of information
•Selection process is also handled
with the elitist scheme.

Figure 4.4: Selection with Elitist Sc heme
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Compared with the protot yp e, the a v erage p oin ts is decreased. This is b ecause the system op erates

m utation and selection after users send the ev aluations to the system. While users cannot do an ything for

30 seconds. Ho w ev er, the p oin ts/n um b er of access is nearly the same. Although users ha v e to w ait for 30

seconds, this do es not a�ect the qualit y of ev aluation. In con trast to the protot yp e, the a v erage p oin ts divide

b y the n um b er of access is increased b y 31

T able 0.13 sho ws the a v erage, standard deviation, minim um and maxim um of p oin ts, the n um b er of

accesses, and the �tness of all user t yp ed tags and m utated tags from the exp erimen t.

T able 4.4: Exp erimen t Results of all New T ags (Includes Mutated Sen tences)

Av erage Std Deviation Minim um Maxim um

p oin ts 2.08 3.29 -2 13

# of access 36.22 43.09 2 267

p oin ts/#of access 0.059 0.102 -0.047 0.50

Ov erall, the prop osed tagging system impro v es the �tness of tags. Ho w ev er, this do es not ac hiev e to

create a \b etter sen tence than the user t yp ed" since b oth maxim um p oin ts/# of access is 0.50. This is

b ecause the relativ ely small m utated tags (22 sen tences), and the rapid decrease of accesses after sev eral

da ys as same as the protot yp e sho ws.

4.5 F uture W ork for Dev eloping Recom bination Op erator

This c hapter discussed the prop osed collab orativ e tag builder system. In order to use GA for building b etter

tags, initial p opulation, �tness, and t w o op erators w ere describ ed. The GA w as implemen ted in the system.

The implemen tation of recom bination op erator is left for future w ork. In order to ha v e recom bination

op erations in the system, w e need to ha v e a larger n um b er of users and more frequen t access to the system.

Since recom bination increases the v arieties of tags, �tness ev aluation b ecomes more di�cult.
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Chapter 5

Conclusion

This thesis prop osed a metho dology to w ard creating a collab orativ e tag builder. The curren t trends of

W eb 2.0 for rapid gro wth in teraction of users and in tro ducing computational mo dels whic h enables seman tic

w eb are explained. Thereafter, an idea of a tag builder is in tro duced for in tegrating user in teractions and

computational mo dels.

Chapter 2 presen ted a brief in tro duction to genetic algorithms, and explained ho w GAs help in tegrate

user in teractions and computational mo dels. User in teraction is adapted to outsource �tness ev aluation

in order to enhance the in tegrit y of users with helps of computational mo dels. Chapter 3 demonstrated

conceptual clustering. This is the step for handling computational mo dels in the prop osed system since the

prop osed metho dology enables decomp osing annotations in to conceptual clusters. Chapter 4 demonstrated

the tagging metho d whic h is based on the in teractions of users. The metho d consists of three parts: (1)

iden tifying ob ject to �t: (2) implemen ting m utation and selection op erators, and (3) op erating them for

impro ving the suitabilit y of tags.

This thesis demonstrated the e�ectiv eness of the prop osed system that can in tegrate user-generated

kno wledge and computer-generated kno wledge while enhancing the in teractions b et w een users and systems.

Ho w ev er, b o osting user inno v ations with the help of computational mo dels did not w ork w ell. Implemen ting

a recom bination op erator in to the collab orativ e tag builder w as prop osed as a solution to this problem.

More w ork is needed b ey ond the simple pilot exp erimen ts presen ted here, but the study suggests that

tec hniques b orro w ed from genetic algorithms and ev olutionary computation ma y b e useful in a v ariet y of

W eb 2.0 applications. It is hop ed that these studies inspire and help guide future w ork.
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