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Abstra
t
The Web 2.0 te
hnologies provide users with 
ollaborative work-spa
es over the Internet. For example,Wikipedia is an open sour
e en
y
lopedia that anyone 
an edit arti
les. YouTube provides spa
es whereusers 
an share videos and annotations about them. Users 
an put images on Fli
kers and 
ollaborate ea
hother by 
ategorizing with tagging. These 
ontents are 
reated by users' voluntary a
tivities, whi
h is oneof the features for the Web 2.0 te
hnology. Some servi
es based on the Web 2.0 have well organized text-based 
ontents on them. For example, Wikipedia has well stru
tured 
ontents, whi
h is due to voluntarya
tivities of the users trying to edit ea
h 
ontents so as to be sophisti
ated. On the other hands, otherservi
es, su
h as YouTube and Fli
kers', only have short senten
es or small number of words as annotations.Additionally these annotations are usually di�erent a

ording to ea
h user be
ause parti
ipants are not insituation of 
ollaborations. As a result, annotations do not have meaning for videos and pi
tures. A systemthat 
onverts annotations into meaningful texts is useful be
ause building texts requires resour
es while anumber of annotations are available.The purpose of this thesis is development of the text builder whi
h is based on the Web 2.0 te
hnologywith geneti
 algorithms and natural language pro
essing. A human intera
tions system is developed in thisthesis for automati
ally building meaningful tags from annotations. The system 
onsists of mainly two parts:a 
on
eptual 
lustering 
omponent based on natural language pro
essing and a senten
e 
reating 
omponentbased on geneti
 algorithms. The 
on
eptual 
lustering 
omponent de
omposes annotations into phraseswith main ideas. Then, the senten
e 
reating 
omponent builds several tags from the phrases. Thirdly
reated tags are evaluated by users to �nd better explanations for videos and pi
tures. Parti
ipants aresupposed to 
ollaborate through evaluations to 
reate more organized and meaningful tags.The developed system su

eed in 
reating tags from annotations without stru
tures through user-ma
hineintera
tions. This system is appli
able to other systems whi
h has only annotations as parti
ipants' 
om-ments. Be
ause tags 
reated by this system have meanings but short length a system building longer textas senten
es is left as future works.
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Chapter 1Introdu
tion
Due to the rapid growth of the Internet, human intera
tions on the web have exponentially in
reased. TheWeb 2.0 te
hnology utilizes and simultaneously enhan
es human intera
tion. At the same, time 
omputa-tional models for knowledge generation are also available. However there is a small number of appli
ationsusing a 
ombination of them; it is expe
ted to provide more sophisti
ated knowledge through human andma
hine intera
tions.The purpose of this thesis is the development of a 
ollaborative tag builder whi
h has human-ma
hineintera
tions based on the Web 2.0 te
hnology, geneti
 algorithms, and natural language pro
essing. A
omplete literature review of the 
omputational models, natural language pro
essing, information retrievaland ma
hine leaning 
an be found elsewhere (Walker, Rambow, & Rogati, 2001; Manning, Raghavan, &S
h�utze, 2008; Mit
hell, 1997).Natural language pro
essing (NLP) is the te
hnique for understanding natural languages with 
omputa-tional models. There are a numbers of appli
ations. For example, the textual entailment system (Braz,Girju, Punyakanok, Roth, & Sammons, 2006) 
reates a shorter senten
e without 
hanging the meaningfor given text. The question answering system (Moldovan, Harabagiu, Girju, Morares
u, La
atusu, No-vis
hi, Badules
u, & Bolohan, 2002) generates answers 
orresponding to given question senten
es. Thenatural language generation generates senten
es based on the grammar framework (Walker, Rambow,& Rogati, 2001). NLP is used to �nd appropriate synonyms in the system proposed in this thesis.Information retrieval (IR) is an important resear
h area within 
omputer s
ien
e. Constru
ting sear
hsystems is one of the obje
tives in IR. The 
on
ept of information retrieval is quite old (Bush, 1945). IRmethods also 
apture text stru
tures. For example, a word model is de�ned by Bayesian network (Ponte& Croft, 1998). Systems for tagging, phasing and spee
h re
ognition have been proposed (Song & Croft,1999). For further understanding, refer to Introdu
tion of Information Retrieval (Manning, Raghavan,& S
h�utze, 2008).Ma
hine learning (ML) is a sub�eld of arti�
ial intelligen
e. It fo
uses on developing algorithms thatenable 
omputers to learn the obje
tive fun
tions. ML has been applied to support NLP and IR as theoptimization tools (Braz, Girju, Punyakanok, Roth, & Sammons, 2006; Ponte & Croft, 1998). Geneti
algorithms are also used in ML. In general, there are two kinds of ML. One is supervised learningmethod whi
h learns the obje
tive fun
tions from training data set. The other one is unsupervisedlearning methods without using training data set. Ma
hine Learning (Mit
hell, 1997) is a usefulresour
e for better understanding the idea of ML.On the other hand, Web 2.0 provides new 
ollaborative spa
es on the Internet. The key feature of Web2.0 is that parti
ipants share information voluntarily. For example, so
ial network servi
es su
h as Fa
ebookand MySpa
e supply users with spa
es where they 
an ex
hange their information. In other servi
es, su
has YouTube and Fli
kers', users 
an share videos and pi
tures and leave annotations about the 
ontents.Although the annotations are not well stru
tured, and ea
h one is based on subje
tive views, their numberis numerous. Therefore a system whi
h 
onverts annotations into meaningful tags and des
riptions withstru
ture is useful. Sin
e 
ombinations of human intera
tions with Web 2.0 and 
omputational models areexpe
ted to perform better; a system with the 
ombinations to build meaningful tags is proposed in thisthesis. 3



The developed system is a web-based system that stores pi
tures and their annotations. The system thenpro
esses stored annotations to build tags that are evaluated by users. There are two main 
omponents inthis system: a 
on
eptual 
lustering 
omponent from plain do
uments and a tag building 
omponent. Theformer extra
ts the main idea of annotations, and the later suggests most suitable tags for pi
tures.The purpose of this thesis is twofold:� Extra
t key 
on
epts of annotations: This is a prepro
essing twofold step to build tags. Compu-tational modeling methods are used to obtain main ideas from user's annotations.� Apply GA operations for building tags: This is a phase for human and ma
hine intera
tions to
ombine human knowledge and 
omputer generated knowledge.The thesis is stru
tured as follows. Chapter 2 gives a brief introdu
tion to geneti
 algorithms and itsvariations, su
h as the intera
tive GA and the human-based GA. The potential of GAs for integratinghuman and 
omputer generated knowledge is dis
ussed. Chapter 3 des
ribes 
on
eptual 
lustering, themethod for extra
ting key idea of annotations as building blo
ks (Ueda, Llor�a, Goldberg, Yasui, & Sastry,2007). Chapter 4 proposes a pi
ture tagging system. This system uses a geneti
 algorithm to improvetags assigned to pi
tures by users. The experimental results with the prototype system are reported in this
hapter. Finally 
hapter 5 summarizes the work presented and outlines future work.
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Chapter 2Introdu
tion to Geneti
 Algorithms
This 
hapter presents a brief introdu
tion to geneti
 algorithms and how they, when 
oupled together with atag builder 
an help integrate user intera
tions and 
omputational models. The rest of this 
hapter presents:(1) a brief introdu
tion to geneti
 algorithm, (2) intera
tive and human-based geneti
 algorithms, (3) geneti
algorithm for 
ollaborative editing, and (4) possible bene�ts of using 
ompetent geneti
 algorithm as part ofthe tag builder.2.1 Introdu
tion of Geneti
 AlgorithmsThis se
tion brie
y introdu
es geneti
 algorithms. GAs are sear
h, optimization and ma
hine learningmethods based on the prin
iples of natural sele
tion and geneti
s (Holland, 1975; Goldberg, 1989; Goldberg,2002). Analogous to the natural operations, GAs 
ombine the survival of the �ttest among strings with theinnovative 
air of human sear
h. The strings are the 
andidate solutions and they are 
alled 
hromosomes.The 
hara
ters of features in 
hromosomes are des
ribed as genes. The values of genes are referred to asalleles. The relative measurement of the 
andidate solution is des
ribed as �tness. The set of 
olle
tion of
andidate strings, the population, is also an important 
on
ept (Goldberg, 1989). Sin
e GAs imitate thenatural evolution of genes, the population size has an a�e
t on its performan
es. This is a part of di�eren
ebetween GA and the other sear
hing methods. The idea of population enables GA to handle noise, ruggedlands
apes, and bad s
aling (Sastry, 2007). An early example of GA implementation is the simple geneti
algorithm (sGA) (Goldberg, 1989)2.1.1 The Simple Geneti
 AlgorithmThe simple GA does not involve any 
omplex operations other than 
opying 
hromosomes and swappingor 
hanging the parts of them. The reasons why this simple me
hani
s works is both subtle and strong.Simpli
ity of operations and strength of e�e
t are the main attra
tions of the geneti
 algorithm approa
h.A simple geneti
 algorithm that produ
es good out
omes is 
omposed of three operations:Reprodu
tion is the pro
ess of dupli
ating individual strings a

ording to their obje
tive fun
tion values.Dupli
ating a

ording to their �tness values makes that strings with the higher value have 
ontributeone or more o�spring with higher probability in the next generation.Re
ombination is the pro
ess of produ
ing next generation populations through 
rossover and mutation.Parents 
hromosomes are sele
ted for ea
h 
hild from the mating pool. New solutions are 
reated whi
husually shares many of the traits of their parents.Mutation is a pro
ess of 
reating new identi
al strings ex
ept few 
hanges of traits. Making just few
hanges means performing a random walk in the vi
inity of a 
andidate solution.For a more detailed dis
ussion see (Goldberg, 1989; Goldberg, 2002).2.2 Intera
tive and Human-Based Geneti
 AlgorithmsA 
ollaborative tag builder integrates user knowledge through intera
tions between users and 
omputers.This 
hapter explains two kinds of GAs that 
an import the ideas from users to the system for the innovation.5



2.2.1 Intera
tive Geneti
 AlgorithmIn a simple GA, the �tness is often 
omputed based on an obje
tive fun
tion or fun
tions. There are, however,some problems that are diÆ
ult to evaluate in a 
omputational pro
edure. If the �tness fun
tion only existsin the mind of the user, evaluating 
andidate strings as a 
omputational pro
edure is not possible. An idea ofoutsour
ing to human a evaluator 
ould solve these diÆ
ulties. For example, Caldwell (1991) show how there
onstru
tion of a 
riminal's fa
e 
ould be done following su
h methodology. A geneti
 algorithm operatingall of the operations ex
ept evaluating the �tness of 
andidate fa
es; the witness evaluates the fa
es basedon his/her memory (Caldwell & Johnston, 1991). This is 
alled the intera
tive geneti
 algorithm. Theintera
tive GA has been a
hieved wide-range of su

esses (Takagi, 2001).2.2.2 Human-Based Geneti
 AlgorithmWhereas intera
tive GAs �tness outsour
es the evaluation pro
ess to human agents, other parts are oper-ated via 
omputational pro
edure. On the other hand, human-based geneti
 algorithms also outsour
e there
ombination step (Kosoruko�, 2001). Human-based GAs seeks to en
ourage the 
reative potential of usersinvolved in the pro
ess. The human-based GAs have been applied to the fo
us group dis
ussion for idea
reation (Goldberg, 1993; Goldberg, D.E., Welge, M., & Llor�a, X., 2003; Saruwatari, Llor�a, Goldberg, Yasui,Sastry, & Hiroshi, 2008).2.3 Geneti
 Algorithm for Tag BuilderThis se
tion dis
usses why GAs 
an integrate both human-generated and 
omputer-generated knowledge.The intera
tive and the human-based GAs bridge together users and 
omputers. Any operators whi
h
an not be pro
essed on 
omputers 
ould be outsour
ed. Therefore, GAs enable tag builder to managehuman-ma
hine intera
tions.Via outsour
ing operations, geneti
 algorithms handle diÆ
ult natural language problems like 
ollabo-rative tagging. Sin
e NLP still requires human supports to deal with the 
omplexity of natural language,a GA is adapted to utilize its human ma
hine intera
tion ability. To 
reate a 
ollaborative tagger requirestwo steps: (1) identify three operations whether ea
h of them should be a outsour
ed pro
edure or a 
om-putational pro
edure; (2) design a 
ompetent GA through identifying building blo
ks (BBs). One de�nitionof a BB is the \highly �t short-de�ning-length s
hemata" (Goldberg, 1989) and more elaborate de�nitionis explained elsewhere (Goldberg, 2002). Among 
andidates, there are 
ertain s
hema whi
h lead to high�tness. The sequen
e of �guring out and re
ombining BBs during GA operations is ne
essary.
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Chapter 3Extra
ting Con
eptual Clusters ofDo
umentsThis 
hapter des
ribes the 
on
eptual 
lustering method for extra
ting 
on
eptual 
lusters from annota-tions. As dis
ussed in 
hapter 1, 
onstru
ting tag builder needs to 
ombine the 
omputational models andintera
tions of users. Therefore, it is important to develop 
omputational models whi
h 
an be integratedwith the human-generated knowledge. This 
hapter introdu
e 
on
eptual 
lustering of texts, as the part ofthe 
omputational models of 
ollaborative tag. Sin
e tag builder needs to 
reate tags qui
kly, reliably, anda

urately through applying a GA, the step toward designing 
ompetent GA is ne
essary, whi
h involvesbuilding blo
k (BB) dis
overies as shown in 
hapter 2.3.1 Overview of Con
eptual Clustering as Building Blo
kDis
overyHere, a brief roadmap of the 
on
eptual 
lustering method is given. As the �rst step toward BB dis
overy,the assumption is the BBs of NLP is the sets of words. The goal is to identify sets of words from given textstream that in parti
ular 
ontexts form semanti
 unity. In this se
tion, we present a brief overview of theoverall approa
h.The approa
h 
onsists of three pro
esses:1. Text pro
essing of text streams2. Semanti
 group identi�
ation3. Building blo
k dis
overyFor example, 
onsider the following do
ument, where ea
h paragraph is identi�ed by a unique number.All of these paragraphs have similar meaning when used in the same 
ontext.1. This is a long story whi
h 
annot be des
ribed in one paragraph. However, we 
andes
ribe this story by repeating paragraphs with the same meaning many times.2. This story is ambiguous and huge. Therefore, we 
annot write it in one paragraph.One way to des
ribe this story is to repeat paragraphs using similar words.3. There is a story whi
h 
annot be des
ribed in one paragraph. However, we 
an writethis paragraph repeatedly to des
ribe it. Repeating is the only a

eptable solutiontowards expression.4. This is a story whi
h 
annot be expressed in one paragraph. There is one way todes
ribe it and that is by repeating paragraphs with the same meaning as thisparagraph many times.5. One paragraph is not suffi
ient to express our story. By writing paragraphs withsame meaning many times, it is possible to express our story.6. Without repeating paragraphs with the same meaning using similar words, we 
annot des
ribe our story. 7



Text Pro
essing: As a �rst step, we need to 
lean the do
ument to ease the later pro
esses. This stepin
ludes stop word elimination and word stemming. The former is to eliminate words irrelevant to thedo
ument 
ontext, and the latter is to normalize ea
h word to its base form. For example, this step 
onvertsthe paragraph 1 in the sample do
ument above to ``story des
ribe one paragraph. des
ribe storyrepeat paragraph mean time''.Semanti
 Groups Identi�
ation: A semanti
 group is a 
luster of words with similar meaning. Similari-ties between words are measured using hypernyms. A hypernym is a word that is more generi
 than a givenword. Our experiments use WordNet for obtaining hypernyms of ea
h word. Note that every word in Word-Net (Miller, G., Be
kwith, R., Fellbaum, C., Gross, D., & Miller, K., 1990) has at least one hypernym, thatis, entity. For example, you 
an �nd semanti
 groups obtained from the sample do
ument in the Se
tion 0.8.Identi�ed semanti
 groups are indexed by a word in the group.Context-aware Semanti
 Building Blo
k Identi�
ation: In the previous step, we have a set of words(in
luding index words to semanti
 groups). The last step is to identify building blo
ks from the set of words.For example, as we report in the Se
tion 0.8, obtained building blo
ks from the sample do
ument were \oneparagraph" and \des
ribe repeating".3.2 Text Pro
essingText pro
essing is exe
uted prior to the other pro
esses, in order to redu
e the ambiguousness of the textand help to 
reate a 
ompa
t word set and fa
ilitate later pro
esses. This se
tion des
ribes three types oftext pro
essing used in our approa
h: stop words elimination and stemming.Stop Words EliminationA stop word is a word whi
h is 
ommonly and frequently used in texts. It is �ltered out from texts,be
ause typi
ally, it is irrelevant to the essen
e of the text. Our stop word list in
ludes pronouns,prepositions, arti
les, adverbs and some verbs (Weiss, Indurkhya, Zhang, & Damerau, 2005).StemmingStemming is a pro
ess for normalizing variants of words by removing morphologi
al and in
e
tionalendings from the words. For example, by the stemming pro
ess, all of the words remove, removes,removed, and removing are 
onverted into remov. Our stemming pro
ess uses the Porter stemmingalgorithm (Porter, 1980), whi
h is a widely used stemming algorithm for English. The algorithmdetail is beyond the s
ope of this paper. Stemmed words are used internally to further pro
esses, andoriginal words are used to show results.SplittingSplitting de
omposes a do
ument into paragraphs. The splitting is done by a heuristi
 way based ona assumption that ea
h paragraph (1) has more than 100 
hara
ters and (2) ends dot (.) and tab (nt)or dot (.), spa
e ( ), and tab (nt ).3.3 Semanti
 Group Identi�
ationA semanti
 group indi
ates a 
luster of words with similar meanings. We use a design stru
ture matrix(DSM) 
lustering method for identifying the semanti
 group. In this se
tion, �rst we give a brief review ofDSM 
lustering method. Next, the approa
h for identifying semanti
 groups by DSM 
lustering method isproposed.3.3.1 DSM ClusteringA dependen
y stru
ture matrix (DSM) is essentially an adja
en
y matrix representation of a graph whereea
h entry dij represents the dependen
y between node i and node j (Steward, 1981; Yassine, Falkenburg, &Chelst, 1999). Entries dij 
an be real numbers or integers. The larger the dij is, the higher the intera
tionis between node i and node j. If we fo
us on the 0-1 domain, this then dij = 0 means that node i and node8



j do not intera
t, and dij = 1 means that node i and node j intera
t with ea
h other. The diagonal entries(dii) have no signi�
an
e and are usually set to zero or bla
ked-out. For elaborate exposition of DSM, pleasesee MIT DSM web site: http://www.dsmweb.org/.The goal of DSM 
lustering is to �nd subsets of DSM elements (i.e., 
lusters) so that nodes withina 
luster are maximally intera
ting, and 
lusters are minimally intera
ting. In a typi
al DSM 
lusteringproblem, overlapping 
lusters (
lusters that share same nodes) are permissible.Our approa
h uses DSM 
lustering (Yu, Yassine, & Goldberg, 2005) metri
 based on the minimal des
rip-tion length prin
iple (MDL) (Rissinen, 1978). Previous DSM 
lustering algorithms 
an be found elsewhere(Fernandez, 1998; Sharman, Yassine, & Carlile, 2002). Their results showed that the obje
tive fun
tionused was short of a

urately predi
ting \good" 
lustering be
ause of the oversimpli�ed obje
tive fun
tion.Suppose that we have a model whi
h des
ribes a given data set, DSM = [dij ℄. Here, the model meansa des
ription that spe
i�es whi
h node belongs to whi
h 
luster. Usually, the model does not 
ompletelydes
ribe the given data; otherwise, the model would be too 
omplex to use. Therefore, the des
riptionlength that the model needs to des
ribe the given data 
onsists of two parts: (1) the model des
ription and(2) the mismat
hed data des
ription. This s
heme may be easier to understand in light of the followingsender-re
eiver example.Assume a sender has a given data set whi
h is needed by the re
eiver. Given a model that approximatelydes
ribes the given data set, the sender �rst sends the model (i.e., model des
ription) to the re
eiver. Toensure that the re
eiver gets exa
tly the same data set, the sender is also required to send the data whi
his mis-des
ribed (i.e., mismat
hed data des
ription) by the model sent earlier. If the model is too simple,the model des
ription is short: however many data mismat
hes exist and the mismat
hed data des
riptionbe
omes longer. On the other hand, a 
ompli
ated model redu
es mismat
hed data, but the model des
riptionis longer.The minimum des
ription length prin
iple (MDL) (Rissinen, 1978) satis�es our needs for dealing with theabove trade-o�. The MDL 
an be interpreted as follows: among all possible models, 
hoose the model thatuses the minimal length for des
ribing a given data set (that is, model des
ription length plus mismat
heddata des
ription length). There are two key points that should be noted when MDL is used: (1) the en
odingshould be uniquely de
odable, and (2) the length of en
oding should re
e
t the 
omplexity. For example,the en
oding of a 
ompli
ated model should be longer than that of a simple model. Next, we de�ne theMDL 
lustering metri
 in detail.Model En
oding. The way we en
ode the model is straightforward. The des
ription of ea
h 
luster startswith a number whi
h is sequentially assigned to ea
h 
luster, and then this is followed by a sequen
eof nodes in the 
luster. It is easily seen that the length of this model des
ription is as follows:�n
i=1 (log2 nn + 
li � log2 nn) ; (3.1)where n
 is the number of 
lusters in the model, nn is the number of nodes, 
li is the number of nodesin the i-th 
luster.Mismat
hed Data Des
ription. Based on the model, we �rst 
onstru
t another DSM (
all it DSM 0 =[d0ij ℄), where ea
h entry d0ij is 1 if and only if some 
luster 
ontains both node i and node j simultane-ously.Then, we 
ompare DSM 0 with the given DSM . For every mismat
hed entry, where d0ij 6= dij , we needa des
ription to indi
ate where the mismat
h o

urred (i and j) and one additional bit to indi
atewhether the mismat
h is zero-to-one or one-to-zero. De�ne a mismat
h set S = f(i; j)jd0ij 6= dijg. Themismat
hed data des
ription length is given by:�(i;j)2S (lognn + lognn + 1) : (3.2)The �rst lognn in the bra
ket indi
ates i, the se
ond one indi
ates j, and the additional one bitindi
ates the type of mismat
h.The MDL 
lustering metri
 is given by the summation of the model des
ription length and the mismat
heddata des
ription. With some arithmeti
 manipulations, the metri
 
an be expressed as follows:fDSM (M) = lognn�n
i=1 (
li + 1) + jSj(2 lognn + 1); (3.3)9



where n
 is the number of 
lusters, nn is the number of nodes in the DSM, 
li is the size of the i-th 
luster,and S is a mismat
h set.With the above metri
, the DSM 
lustering problem is 
onverted into an optimization problem: Givena DSM, the obje
tive is to �nd a DSM 
lustering arrangement (model, M) to minimize the above metri
(fDSM ).3.3.2 Semanti
 Groups Identi�
ation by DSM ClusteringSemanti
 groups are identi�ed by the DSM 
lustering method reviewed above. DSM 
lustering is used mainlybe
ause of its ability to infer overlapping 
lusters|a 
ommon property of text where one word may havedi�erent meanings and, hen
e, belong to di�erent groups. This subse
tion fo
uses on how to 
reate a DSMfrom a set of words.Let W be a set of words 
ontained in texts. Hypernym indu
ed ve
tors H(wi) and H(wj) for wi 2 Wand wj 2 W are obtained by hypernym sets of wi and wj . Let Hwi and Hwj be hypernym sets of wordwi and word wj , respe
tively. Let H = Hwi [Hwj = fh1; h2; : : : ; hng denote a 
ombined set of hypernymsderived from wi and wj . H(wi) and H(wj) are de�ned byH(wi) = fHwi(h1); Hwi(h2); : : : ; Hwi(hn)g (3.4)H(wj) = fHwj (h1); Hwj (h2); : : : ; Hwj (hn)g; (3.5)where Hwi(hk) = � 0 if hk =2 Hwi1 if hk 2 Hwi (3.6)Likewise, Hwj (hk) is 0 (if hk =2 Hwj ) or 1 (if hk 2 Hwj ).Let �(wi; wj) be similarity between wi, and wj . �(wi; wj) is measured by 
osine similarity of hypernymindu
ed ve
tors, as follows. �(wi; wj) = ar

os� (H(wi)T �H(wj)kH(wi)kkH(wj)k� ; (3.7)Let D denote a DSM for identifying semanti
 BBs is a n-square matrix, where n = jW j (i; j) entry (i 6= j)of D is de�ned as follows. D(i; j) = � 0 if �(wi; wj) < Æ1 if �(wi; wj) � Æ (3.8)where wi; wj 2 W and Æ is a threshold. Intuitively, the entry is 0, if the 
orresponding two words havesimilar meaning, and vi
e versa. In our experiment, Æ = 1:10.3.3.3 Simple ExampleAssume we have a set of words W = fdog; 
at; potato; ratg derived from a given text. For example,�(dog; 
at) = 1:13, then (dog,
at) entry of DSM = 1. Similarly, obtaining � for every pair of words, DSMfor W is represented as Table1. Table 3.1: DSM matrix.- dog 
at potato ratdog x 1 0 1
at 1 x 0 1potato 0 0 x 0rat 1 1 0 xTable 2 shows the reordered matrix obtained by DSM 
lustering.From this matrix, we have a 
luster with \dog", \
at" and \rat" and a singleton \potato".10



Table 3.2: Reordered DSM matrix.- dog 
at rat potatodog x 1 1 0
at 1 x 1 0rat 1 1 x 0potato 0 0 0 x3.4 Context-aware Semanti
 Building Blo
ks Identi�
ationA 
ontext-aware semanti
 building blo
k indi
ates a 
luster of words having 
lose 
orrelations, that is, similarsemanti
 
ontent of the given do
ument. The BBs are identi�ed by the extended 
ompa
t geneti
 algorithm(eCGA). In this se
tion, �rst we brie
y review the eCGA, and then des
ribe our approa
h to use the eCGAon our problem.3.4.1 Extended Compa
t Geneti
 Algorithm and Minimum Des
riptionLengthThe extended Compa
t geneti
 algorithm (eCGA) is a probabilisti
 algorithm whi
h was developed to learnlinkage through 
orre
ting good probability distributions (Harik, Lobo, & Sastry, 1999). The measure ofdesired distribution is quanti�ed based on minimum des
ription length (MDL) model. A 
lass of probabilitymodel, marginal produ
t models (MPMs), is used in eCGA for a probability distribution.The key 
on
ept of the MDL model is as follows. Simpler distributions are better than the more intri
ateone, and everything is equal. The MDL restri
tion penalizes both ina

urate and 
omplex models, therefore
ondu
ting to an optimal probability distribution. MPMs 
omprise of a produ
t of marginal distributions ona partition of the genes. MPMs also make easier a dire
t linkage map with ea
h partition separating tightlylinked genes.The eCGA has 
onse
utive sequen
es as follows.1. Generate a random population of size N.2. Undergo tournament sele
tion at rate S.3. Model the population using a greedy MPM sear
h.4. If the model has 
onverged, stop.5. Generate a new population using the given model.6. Return to step 2.Two things need further explanation: (1) the determination of MPM using MDL, and (2) the generation of anew population based on MPM. A 
onstrained optimization problem determines MPM in every generation.The determination of MPM in ea
h generation 
an be represented as minimizing the sum of the model
omplexity (Cm) and the 
ost of using single model 
ompare with 
omplex one (Cp). Model 
omplexity Cmand 
ost of using single model Cp 
an be represented as follows.Cm = log2(n) mXi=1 �2ki � 1� (3.9)Cp = mXi=1 2kiXj=1Nij log2� nNij� (3.10)where n is number of populations, m in the equations represent the number of BBs, ki is the length ofBB i 2 [1;m℄, and Nij is the number of 
hromosomes in the 
urrent population possessing bit-sequen
ej 2 [1; 2ki ℄ population size. 11



The greedy MPM sear
h used in eCGA begin with a model that all the variables are independent. Even-tually, independent variables merge into subsets till the MDL model no longer progresses. The methodologyof generating a new population is as follows: a new population of n(1� p
) where p
 is the 
rossover proba-bility are the best individuals in the 
urrent population. The others, n � p
, are �lled with randomly 
hosensubsets from the 
urrent individuals based on the probabilities of the subsets.One of the most important parameters of eCGA is the required population size. The analyti
al populationsizing method is developed elsewhere (Sastry & Goldberg, 2004). This analysis estimates the requiredpopulation size as follows: n / 2k ��2BBd2 �m logm; (3.11)where m is number of building blo
ks, k is the building blo
k length, and �2BBd2 is the noise-to-signal ratio(Goldberg, Deb, & Clark, 1992).In this subse
tion, we reviewed how BBs are 
reated in eCGA e�e
tively. The des
ription for NLP isdes
ribed in following subse
tions.3.4.2 Semanti
 BB Identi�
ation by eCGASemanti
 BBs are identi�ed by the eCGA method. eCGA is mainly used be
ause of its ability to minimize
omplexity among BBs. eCGA requires ve
tors as inputs. Suppose a given do
ument 
onsists of paragraphs.Let D be the do
ument whi
h is a set of paragraphs, and denote ea
h paragraph by Pi, that is, D =fP1; P2; : : : Png. Ea
h paragraph Pi is 
onverted into a ve
tor Vi for using eCGA as follows.Let W be a set of semanti
 groups obtained from the do
ument and other words (that is, not 
lusteredwords). Paragraph ve
tor Vi is de�ned byVi = (Pi(w1); Pi(w2); : : : ; Pi(wn)) (3.12)where wk 2 W , 1 � k � n andPi(wk) = � 0 if wk is not 
ontained in Pi1 if wk is 
ontained in Pi (3.13)This 
reates a population form from ea
h paragraph. Ea
h binary variable represents the existen
e ofsemanti
 group set in the paragraph. The �nal step is using eCGA to obtain 
ontext-aware semanti
building blo
ks. The building blo
ks are identi�ed by the MPM. MPM is provided by the model-buildingpro
ess of eCGA.3.5 BB dis
overy experimentsFor examining our approa
h, we performed experiments using two do
uments: (1) a sample do
ument
onsisting of six paragraphs presented in Se
tion 0.4, and (2) a news arti
le set obtained from Google Newson January 29th, 2007. In this se
tion we report the experimental results from ea
h do
ument and showhow our approa
h identi�es BBs from the do
uments.3.5.1 Experiment 1As a preliminary experiment, we examined our approa
h to a small sized sample do
ument, whi
h was shownin Se
tion 0.4. The sample do
ument 
onsists of six paragraphs.After the �rst step of our approa
h (stop words elimination and stemming words), DSM 
lusteringmethod identi�ed six semanti
 groups (see Table 0.8.1). Ea
h row indi
ates an index word (left 
olumn) ofa word group (right 
olumn). Ea
h pair (or triplet) has 
ommon hypernyms. For example, all of the words\possible", \meaning" and \one" have a hypernym \
ognition" in 
ommon.After 
lustering the semanti
 groups provided by DSM, we have a set of 36 semanti
 groups. Our approa
hidenti�ed two BBs having two words [one paragraph℄[des
ribe repeating℄. The example paragraphsuses either \des
ribe" or \write". Only one paragraph uses both, but the semanti
 layer brought themtogether. This shows 
lustering semanti
 BBs raises eÆ
ien
y and quality of BBs.12



Table 3.3: Experiment 1: Semanti
 groupsIndex word groupdes
ribe [des
ribe write℄meaning [possible meaning℄one [one meaning℄solution [solution meaning words℄words [words way℄
loser [
loser possible℄3.5.2 Experiment 2To validate our approa
h, we performed an experiment using a larger do
ument. The do
ument 
onsists ofaround a hundred news arti
les about a sui
ide bombing in Israel obtained from Google News on Jan 29th,2007.The stop words elimination redu
ed the size of word set to half approximately (from 1224 words to 643words). Then, DSM 
lustering identi�ed the various sizes of semanti
 groups. Figure 1 shows the numberof identi�ed semanti
 BBs and the sizes of groups (i.e., number of words 
ontained in the group). DSM
lustering identi�ed 168 semanti
 groups. The average size of the semanti
 groups was approximately 5.28.
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Figure 3.1: Distribution of Semanti
 Group SizeAfter DSM 
lustering step, we have a set of 283 semanti
 groups identi�ed from the 608 paragraphsavailable. Table 0.8.2 shows the number of identi�ed BBs of ea
h size. The average size of BBs wasapproximately 1.74. Table 3.4: # of BBs and its sizeSize of BBs 1 2 3 4# of BBs 69 69 24 1Table 5 shows the top ranked BBs for ea
h size. 13



Table 3.5: Examples of identi�ed BBsSize BBs4 [sui
ide israel april restaurant℄3 [agree o

upation mar
h℄, [gaza strip 
ity℄,[violen
e undermine stage℄,[west bank military℄, [resort sea tip℄2 [brother thursday℄, [jihad joint℄,[iran february℄, [
ra
kdown fire℄,[lead ramadan℄, [exile iranian℄Ea
h BBs in table 5 a
tually represents the semanti
 
ontext in the do
ument. In other words, we 
anhave an intuitive understanding of the arti
le only by reading the generated BBs. These BBs are well suitedfor HBGA operation.3.6 SummaryThis 
hapter des
ribed the 
on
eptual 
lustering methods as a BB dis
overy problem, su
h as, eliminatingnoise words; 
reating the temporary di
tionary to 
onvert the words into the ve
tors; identifying the wordswhi
h should be re
ognized as the similar; 
lustering the similar words group by DSMGA whi
h will beregistered into the di
tionary as one word; 
reating the di
tionary by using these groups; and splitting BBsby using ECGA. Sin
e the 
on
eptual 
lusters are extra
ted as BBs, this 
ould extend to design a 
ompetentGA to apply a tag builder. In the next 
hapter, this thesis explains the tagging system for pi
tures as aexample of the integration of user intera
tions.
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Chapter 4Pi
ture Tagging System
As shown in the 
hapter 1 and 2, 
ollaborative tagging system requires human intera
tions. The intera
tiveGA and the HBGA 
an be used for integrating intera
tions between 
omputer and users.Pi
ture tagging system is 
ommon nowadays. Tags assigned to pi
tures mostly rely on users' subje
tiveview of the pi
tures. The users' view is often di�erent from person to person and 
hanging from time totime. The tags someone assigned sometimes don't make any sense to the others. In addition, if users didn'tknow what it is on the pi
ture, he/she would never input any tags.This 
hapter fo
uses on pi
ture tagging system. This system automati
ally enhan
es quality of tagsbased on users' evaluations. After a methodology for the system is proposed, the overview of the prototypesystem is presented.The stru
ture of this 
hapter is as follows:1. methodology2. prototype system overview3. empiri
al study4. future workEa
h of these is dis
ussed in the remainder.4.1 MethodologyThis se
tion dis
usses how a GA 
an be applied for enhan
ing quality of tags assigned to pi
tures. In thissystem, tags are 
onsidered as 
hromosomes. The words 
onsisting of tags are 
onsidered as genes.4.1.1 InitializationTo apply a geneti
 algorithm, an initial population must be prepared. Traditionally, the initial populationis generated randomly. However, the random generation of tags involves signi�
ant diÆ
ulties due to thenature of natural language.This system employs the tags assigned by users for the initial population.4.1.2 FitnessThe �tness for ea
h tag on a pi
ture is determined based on a user evaluation. Ea
h tag has a point s
orep, whi
h is initially p = 0. The point s
ore p is in
reased one by user's positive evaluation, that is done by
li
king \POS". Conversely, the point s
ore p is de
reased one by user's negative evaluation, that is done by
li
king \NEG". Let n be a number of a

esses to the pi
ture. Then the �tness of ea
h tag is 
al
ulated byp=n.
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4.1.3 OperatorsAs shown in Chapter 2, mutation, sele
tion and re
ombination are three operators in GAs. Currently,mutation and sele
tion are implemented in this system. Re
ombination is left for future work.MutationAs shown in Chapter 2, mutation performs the random walk in the neighborhood of 
andidate solu-tions (Goldberg, 2002). In the proposed tagging system, the mutation operation repla
es randomlysele
ted words in a tag with their synonyms. The synonyms are obtained from the WordNet di
tionary.First, the part of spee
h tagger (Loper & Bird, 2002) gives POS labels to all words in the tags. POSlabel shows the part of spee
h for ea
h word. Next, random number between 0 to 1 is assigned toea
h word in a tag. The words with the random number less than 0.3 are sele
ted as the words formutation. Let W = fw1; w2; : : : ; wng be the set of sele
ted words.For ea
h wi 2 W , a synonym set S(wi) = fsi1; si2; : : : ; simg is obtained by the WordNet di
tionary.Note that all sij 2 S(wi) have same POS labels as wi.Let Sim(wi; S(wi)) = fsim(wi; si1); sim(wi; si2); : : : ; sim(wi; sim)g be a ve
tor of similarity valuesbetween the sele
ted word wiinW and its synonym sij 2 S(wi). Similarity between the word wiand sij is obtained by using a fun
tion of the natural language toolkit (Loper & Bird, 2002). Ea
hsim(wi; sij) 2 Sim(wi; S(wi)) is normalized to P1�j�m sim(wi; sij) = 1.This mutation operator repla
e the word wi with its synonyms sij . sij is sele
ted with probabilityproportionally to the sim(wi; sij). The higher sim(wi; sij), the probability that sij is sele
ted be
omesthe higher.Sele
tionThe elitist s
heme is employed for sele
tion operator, whi
h is di�erent from the reprodu
tion operatormentioned in Chapter 2. The unsele
ted tags are stored as just one 
hromosome in the population.Although the system maintains both sele
ted and unsele
ted tags, only 10 of them with higher �tnesswill be displayed and evaluated by users. This system has to adapt the di�erent sele
tion operatorbe
ause human 
an evaluate small number of tags. Otherwise, the populations 
onverge rapidly, soour obje
tive whi
h is to make the most suitable tags 
an not be a
hieved.4.2 Prototype System OverviewIn order to evaluate proposed methodology, a web based 
ollaborative tagging system 
alled pi
ture des
riptorhas been developed. 1The pi
ture des
riptor is developed in Python with the natural language toolkit (Loper & Bird, 2002),and has the following fun
tions:1. Uploading pi
tures: By 
li
king the Upload new pi
ture button ((1) in Figure 0.11), users 
an uploadpi
tures. Users must evaluate at least two pi
tures before they upload their pi
tures. This rule assuresthat the system has both evaluations and tags many enough.2. Adding tag to ea
h pi
ture: By sending text through the text �eld ((2) in Figure 0.11), users 
an addtags to ea
h pi
ture. There is no limitation on the number of tags user 
an add to ea
h pi
ture.3. Evaluating the tag for ea
h pi
ture: By 
li
king \POS" or \NEG" buttons atta
hed to ea
h tag ((3)in Figure 0.11), users 
an evaluate whether the tag is appropriate (\POS") or not (\NEG"). Ea
h user
an evaluate a maximum six tags for ea
h pi
ture.
1http://www.
ommunusphere.
om/ 16



Figure 4.1: S
reen shot4.3 Experiment OverviewDesigning a e�e
tive GA for tagging system requires evaluating implemented operators; mutation and se-le
tion. The designed GA was intent to in
rease three obje
ts; for improving the qualities of tags, (1) theaverage number of �tness points on the tags; for 
reating better tag than user-typed one, (2) the maximumnumber of �tness point on the tag; for extending the initial population size, (3) the number of user-typedtags. This experiment was done from April 7, 2008 to April 13, 2008.The pro
edure is as follows.1. Send e-mails to the same parti
ipants as the preliminary experiment2. Ea
h parti
ipant writes tags3. Ea
h parti
ipant evaluates tags4. Ea
h parti
ipant uploads pi
turesRepeat 2 to 4 for a week. Mutation and sele
tion are performed at the step 3. The step 2 and 3 was donesimultaneously.4.4 Experimental ResultsThis se
tion des
ribes the experimental results. Figure 3 depi
ts the number of tags assigned to all thepi
tures for ea
h day. A preliminary experiment was done in order to see how tags are evaluated by users.Table 0.13 shows the average, standard deviation, minimum and maximum of the point s
ore, the number ofa

esses, and the �tness of tags for all the upload pi
tures. Figure 5 and Figure 4 show the results with elitists
heme and without elitist s
heme, respe
tively. The result indi
ates elitist s
heme su

essfully preservedthe tags assigned by users. Tags in the preliminary experiment are used in both 
ases.Table 0.13 shows statisti
s of tags from both the preliminary experiment and the experiment. As shownin the table, the number of tags per user is su

essfully in
reased.Table 0.13 shows the average, standard deviation, minimum and maximum of �tness points, the numberof a

esses, and the �tness of all user typed tags from the experiment.17



Figure 4.2: Amount of new tags
Table 4.1: Preliminal experiment resultsAverage Std Deviation Minimum Maximumpoints 3.03 12.17 -64 44# of a

ess 64.90 60.52 10 222points/#of a

ess 0.045 0.15 -0.74 0.51

Table 4.2: Unique UsersPrototype ExperimentNumber of Users 8 15Number of User Wrote Tags 32 81Number of New Tags 32 103Avg Tags/User 4.0 5.4
Table 4.3: Experiment Results of User Typed TagsAverage Std Deviation Minimum Maximumpoints 1.22 2.88 -2 13# of a

ess 28.30 35.23 2 203points/#of a

ess 0.042 0.099 -0.047 0.5018
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Compared with the prototype, the average points is de
reased. This is be
ause the system operatesmutation and sele
tion after users send the evaluations to the system. While users 
annot do anything for30 se
onds. However, the points/number of a

ess is nearly the same. Although users have to wait for 30se
onds, this does not a�e
t the quality of evaluation. In 
ontrast to the prototype, the average points divideby the number of a

ess is in
reased by 31Table 0.13 shows the average, standard deviation, minimum and maximum of points, the number ofa

esses, and the �tness of all user typed tags and mutated tags from the experiment.Table 4.4: Experiment Results of all New Tags (In
ludes Mutated Senten
es)Average Std Deviation Minimum Maximumpoints 2.08 3.29 -2 13# of a

ess 36.22 43.09 2 267points/#of a

ess 0.059 0.102 -0.047 0.50Overall, the proposed tagging system improves the �tness of tags. However, this does not a
hieve to
reate a \better senten
e than the user typed" sin
e both maximum points/# of a

ess is 0.50. This isbe
ause the relatively small mutated tags (22 senten
es), and the rapid de
rease of a

esses after severaldays as same as the prototype shows.4.5 Future Work for Developing Re
ombination OperatorThis 
hapter dis
ussed the proposed 
ollaborative tag builder system. In order to use GA for building bettertags, initial population, �tness, and two operators were des
ribed. The GA was implemented in the system.The implementation of re
ombination operator is left for future work. In order to have re
ombinationoperations in the system, we need to have a larger number of users and more frequent a

ess to the system.Sin
e re
ombination in
reases the varieties of tags, �tness evaluation be
omes more diÆ
ult.
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Chapter 5Con
lusion
This thesis proposed a methodology toward 
reating a 
ollaborative tag builder. The 
urrent trends ofWeb 2.0 for rapid growth intera
tion of users and introdu
ing 
omputational models whi
h enables semanti
web are explained. Thereafter, an idea of a tag builder is introdu
ed for integrating user intera
tions and
omputational models.Chapter 2 presented a brief introdu
tion to geneti
 algorithms, and explained how GAs help integrateuser intera
tions and 
omputational models. User intera
tion is adapted to outsour
e �tness evaluationin order to enhan
e the integrity of users with helps of 
omputational models. Chapter 3 demonstrated
on
eptual 
lustering. This is the step for handling 
omputational models in the proposed system sin
e theproposed methodology enables de
omposing annotations into 
on
eptual 
lusters. Chapter 4 demonstratedthe tagging method whi
h is based on the intera
tions of users. The method 
onsists of three parts: (1)identifying obje
t to �t: (2) implementing mutation and sele
tion operators, and (3) operating them forimproving the suitability of tags.This thesis demonstrated the e�e
tiveness of the proposed system that 
an integrate user-generatedknowledge and 
omputer-generated knowledge while enhan
ing the intera
tions between users and systems.However, boosting user innovations with the help of 
omputational models did not work well. Implementinga re
ombination operator into the 
ollaborative tag builder was proposed as a solution to this problem.More work is needed beyond the simple pilot experiments presented here, but the study suggests thatte
hniques borrowed from geneti
 algorithms and evolutionary 
omputation may be useful in a variety ofWeb 2.0 appli
ations. It is hoped that these studies inspire and help guide future work.
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