
Context for Semanti Similarity Calulation inSenario Template CreationLong Qiu
A thesis submitted in partial ful�llment ofthe requirements for the degreeof Dotor of Philosophyin the Shool of Computing

NATIONAL UNIVERSITY OF SINGAPORE2008



2008Long QiuAll Rights Reserved



AknowledgmentsThe ompletion of this thesis would not have been possible without the helpof many people to whom I am so greatly indebted.First of all, I would like to thank my two supervisors.Min-Yen Kan o�ered me not only professional guidane, but also patieneand are over years. He was always ready to help with any problem I might have.His positive attitude towards both areer and life also has, and will ontinue toenourage me to fae all the hallenges down there in the future.Tat-Seng Chua is the one that opened the door to this fasinating researhrealm to me. He inspired me to explore so muh in the early stage of my graduatestudy. More importantly, his insights direted me throughout my researh. Mean-while, his inuene is undoubtedly beyond the researh side of my life, whih istrue for all the members in his researh team.Chew-Lim Tan, Wee-Sun Lee and Ralph Grishman also served on my thesisommittee. They painstakingly devoted their time and expertise to give this thesisthe best hane to be as sound as possible. I really appreiated the way theywillingly helped a junior researher like me.I would like to express my gratitude to other established researhers as well.They have o�ered invaluable omments on my researh at its di�erent stages.Among them are Kathleen R. MKeown, Simone Teufel, Shiren Ye, Jimin Liu,Ye Wang and Chin-Yew Lin.My fellow students in the Centre for Information Mining and Extration(CHIME) Lab II, Multimedia Information Lab II and Computational LinguistisLab have been a moral support to me. They understood every bit of my joyand stress in the lab. More than that, they made my graduate student life asenjoyable as one ould expet it to be. Espeially, I will thank Hang Cui, HuaxinXu, Maslennikov Mstislav Vladimirovih, Gang Wang, Rui Shi, Jing Xiao, Hendraiii



Setiawan, Yee-Fan Tan, Jin Zhao, Ziheng Lin, Jesse Prabawa Gozali, Dave Kor,Yee-Seng Chan, Yunlong Zhao, Huamin Feng, Ming Zhao, Yang Xiao, Zhi Zhong,Muhua Zhu, Shanheng Zhao, Yantao Zheng and Zhaoyan Ming. It has been anhonor to have been worked with all of them.I met Elena Filatova, Mihel Galley, Barry Shi�man, Fadi Biadsy, KapilThadani, Kristen Parton and David Elson at Columbia Natural Language Proess-ing Group when I was an intern there. They were so kind and willing to sharetheir researh ideas and experiene. They made my short visit there so fruitful andmemorable.My Singapore-MIT Alliane fellow students, espeially Guoliang Li, QinZhao, Bei Yu, Edward Sim Joon and Qiang Qiu. After spending so many daysand sleepless nights together in the SMA lab and so many years on the same am-pus, they are among my losest friends.For the unonditional support and endless love from my parents, my grati-tude towards them is truly beyond words.

iv



To my parents, Zhao-Chuan Qiu and Ai Ma.

v



Contents
List of Tables iList of Figures ivChapter 1 Introdution 11.1 From Manual to Automati . . . . . . . . . . . . . . . . . . . . . . 21.2 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . 61.3 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71.4 Thesis Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8Chapter 2 Bakground 11Chapter 3 Related Work 173.1 Verb-Centri Text Span Similarity . . . . . . . . . . . . . . . . . . . 183.2 Gaps in Current Researh . . . . . . . . . . . . . . . . . . . . . . . 23Chapter 4 Intrinsi Textual Similarity and Its Appliation in Para-phrase Reognition 264.1 A Similarity Measure for PATs . . . . . . . . . . . . . . . . . . . . 274.2 Introdution to Paraphrase Reognition . . . . . . . . . . . . . . . . 294.3 Similarity Detetion through PAT Pairing . . . . . . . . . . . . . . 324.4 Dissimilarity Signi�ane Classi�ation . . . . . . . . . . . . . . . . 35i



4.5 Data Set and Preparation . . . . . . . . . . . . . . . . . . . . . . . 374.6 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 394.6.1 Annotation: PAT Pairs and Signi�ane of Unpaired . . . . 394.6.2 Similarity Detetor: High Preision . . . . . . . . . . . . . . 404.6.3 Dissimilarity Classi�er: High Reall . . . . . . . . . . . . . . 434.6.4 Paraphrase Reognition Results . . . . . . . . . . . . . . . . 454.7 Disussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 484.8 Related Work on Paraphrase Reognition . . . . . . . . . . . . . . . 494.9 Conlusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51Chapter 5 Extrinsi Textual Similarity and Context Sensitive Clus-tering 545.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 545.2 Context Modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . . 595.3 Graphial Representation of the Artiles . . . . . . . . . . . . . . . 615.4 Context Sensitive Clustering . . . . . . . . . . . . . . . . . . . . . . 625.5 Advantage of the AO Method . . . . . . . . . . . . . . . . . . . . . 675.6 Conlusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68Chapter 6 Evaluation 696.1 Data Set, Annotation and Baseline . . . . . . . . . . . . . . . . . . 706.2 Relevane of Extrinsi Similarity . . . . . . . . . . . . . . . . . . . 736.3 Sample CSC PAT Clusters . . . . . . . . . . . . . . . . . . . . . . . 776.4 Baseline Comparison: Cluster-wise . . . . . . . . . . . . . . . . . . 856.5 Baseline Comparison: Overall Performane . . . . . . . . . . . . . . 946.6 Conlusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96Chapter 7 CASTle Output 997.1 Two Representations . . . . . . . . . . . . . . . . . . . . . . . . . . 99ii



7.2 Ontology-based Generalization . . . . . . . . . . . . . . . . . . . . . 1007.3 Template Coverage . . . . . . . . . . . . . . . . . . . . . . . . . . . 1037.4 Detailed Analysis of Senario Templates . . . . . . . . . . . . . . . 1057.4.1 Airliner Crash . . . . . . . . . . . . . . . . . . . . . . . . . . 1067.4.2 Earthquake . . . . . . . . . . . . . . . . . . . . . . . . . . . 1067.4.3 Eletion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1077.4.4 Fire . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1077.4.5 Launh Event . . . . . . . . . . . . . . . . . . . . . . . . . . 1077.4.6 Layo� . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1087.4.7 Legal Case . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1087.4.8 Nobel Prize . . . . . . . . . . . . . . . . . . . . . . . . . . . 1097.4.9 Obituary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1097.4.10 Road Aident . . . . . . . . . . . . . . . . . . . . . . . . . 1097.4.11 Soer Final . . . . . . . . . . . . . . . . . . . . . . . . . . . 1107.4.12 Storm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1117.4.13 Tennis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1117.4.14 Terrorist Attak . . . . . . . . . . . . . . . . . . . . . . . . . 1127.4.15 Volano . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112Chapter 8 NUS Senario Corpus 129Chapter 9 Appliations 1349.1 Semanti Similarities . . . . . . . . . . . . . . . . . . . . . . . . . . 1349.2 Automated Text Summarization . . . . . . . . . . . . . . . . . . . . 1379.3 Question Answering . . . . . . . . . . . . . . . . . . . . . . . . . . . 1409.3.1 ST for Query Expansion . . . . . . . . . . . . . . . . . . . . 1419.3.2 ST for Passage Retrieval . . . . . . . . . . . . . . . . . . . . 1449.4 Information Extration . . . . . . . . . . . . . . . . . . . . . . . . . 146iii



9.5 Disussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149Chapter 10 Conlusion 15210.1 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15310.1.1 Intrinsi Textual Similarity . . . . . . . . . . . . . . . . . . 15310.1.2 Context Representation . . . . . . . . . . . . . . . . . . . . 15410.1.3 Textual Similarity Framework . . . . . . . . . . . . . . . . . 15510.1.4 Senario Corpus . . . . . . . . . . . . . . . . . . . . . . . . . 15610.2 Limitations of This Researh . . . . . . . . . . . . . . . . . . . . . 15610.3 Diretions for Future Work . . . . . . . . . . . . . . . . . . . . . . 15810.4 Conluding Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . 159

iv



AbstratContext for Semanti Similarity Calulation in Senario Template CreationLong QiuSenario Template Creation (STC) is a Natural Language Proessing (NLP)task to detet the ommonalities among artiles on similar events and generalizethem into an abstrat representation { a senario template (ST). For this task, theestimation of verb-entri text span similarity is the key. Sine text span similarityalulation plays an important role in many NLP appliations, various approaheshave been proposed. They range from bag-of-words to more ompliated onesinvolving thesauri and features at di�erent linguisti levels. As e�etive as they are,there are still demands and opportunities for further improvement. For example, theontextual information, by intuition would be an important soure of informationto enhane text span similarity estimation. But it has yet to be exploited as wellas the internal features have been.In this thesis, I �rst devise an intrinsi similarity measure for prediate-argument tuples (PATs). It is applied to a Paraphrase Reognition (PR) task,demonstrating its feasibility. Then I propose a ontext model to apture ontextsthat ould be more informative as ompared to other surrounding tokens. Withdi�erent ontextual relations de�ned, I hypothesize that the semanti similaritybetween two PATs an also be reeted by their extrinsi similarity, i.e., whetherthey are ontextually similarly onneted to similar ontexts. I show experimentally



that there is strong orrelation between suh an extrinsi similarity and the semantisimilarity of PATs.To integrate intrinsi and extrinsi similarities for PAT lustering, I proposea graphial framework, using a novel ore algorithm alled Context Sensitive Clus-tering (CSC). This lustering proess is guided by the Alternating Optimization(AO) method. I ondut experiments omparing this AO-based CSC algorithmwith a variation of the standard K-means algorithm. Under the widely-used pu-rity and inverse purity metris (Hotho, Staab, and Stumme, 2003), the proposedalgorithm outperforms this K-means in all the senarios tested.As an important outome of this researh, the senario orpus ompiled forthe experiments is made publily available. This NUS Senario Corpus ontains 15senarios, eah with 10 distint events represented by multiple news artiles. It isour hope that this orpus ould spur further researh in STC and similar diretions.

ii



List of Tables
3.1 Summary of related researh work . . . . . . . . . . . . . . . . . . . 194.1 Output of semanti role labeler: prediate-argument tuples ready tobe aligned. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 284.2 Similarity Detetion: pairing of PATs . . . . . . . . . . . . . . . . 344.3 Human annotations vs. MSR orpus annotations and system output 404.4 Results on MSR test set . . . . . . . . . . . . . . . . . . . . . . . . 464.5 Results on PASCAL PP test set (RTE1) . . . . . . . . . . . . . . . 466.1 Three gold standard PAT lusters for the Airliner Crash senarioin the development set. PATs are shown with their sentenes (possi-bly trunated) as the bakground. Semanti role labeling errors areleft unorreted. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 716.2 Results of ranking 23 andidate lusters for 124 PATs . . . . . . . . 756.3 Extrinsi similarity's impat to a single luster: CRASH . . . . . . 816.4 Extrinsi similarity's impat to a single luster: KILL . . . . . . . . 826.5 Extrinsi similarity's impat to a single luster: RETRIEVE . . . . 826.6 Extrinsi similarity's impat to a single luster: ERUPT:1 . . . . . 836.7 Extrinsi similarity's impat to a single luster: ERUPT:2 . . . . . 836.8 Extrinsi similarity's impat to a single luster: BEAT . . . . . . . 84i



6.9 Detailed omparison between the CRASH lusters of CSC and K-means. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 886.10 Detailed omparison between the RETRIEVE lusters of CSC andK-means. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 896.11 Detailed omparison between the KILL lusters of CSC and K-means. 906.12 Detailed omparison between the ERUPT:1 lusters of CSC and K-means. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 916.13 Detailed omparison between the ERUPT:2 lusters of CSC and K-means. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 926.14 Detailed omparison between the BEAT-WIN lusters of CSC andK-means. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 936.15 CSC outperforms K-means with respet to the purity (P) and inversepurity (IP) sores. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 956.16 CSC outperforms K-means with respet to the purity (P) and inversepurity (IP) sores. The \other" luster exluded. . . . . . . . . . . 956.17 CSC outperforms K-means with respet to the purity (P) and in-verse purity (IP) sores, with \other" luster exluded and one-to-one mapping required. . . . . . . . . . . . . . . . . . . . . . . . . . 977.1 System overage on human questions. . . . . . . . . . . . . . . . . . 1047.2 Generalization results for the Airliner Crash senario. . . . . . . . 1147.3 Generalization results for the Earthquake senario. . . . . . . . . . 1157.4 Generalization results for the Eletion senario. . . . . . . . . . . . 1167.5 Generalization results for the Fire senario. . . . . . . . . . . . . . 1177.6 Generalization results for the Launh Event senario. . . . . . . . . 1187.7 Generalization results for the Layoff senario. . . . . . . . . . . . . 1197.8 Generalization results for the Legal Case senario. . . . . . . . . . 1207.9 Generalization results for the Nobel senario. . . . . . . . . . . . . . 121ii



7.10 Generalization results for the Obituary senario. . . . . . . . . . . . 1227.11 Generalization results for the Road Aident senario. . . . . . . . 1237.12 Generalization results for the Soer Final senario. . . . . . . . . 1247.13 Generalization results for the Storm senario. . . . . . . . . . . . . . 1257.14 Generalization results for the Tennis senario. . . . . . . . . . . . . 1267.15 Generalization results for the Terrorist Attak senario. . . . . . 1277.16 Generalization results for the Volano senario. . . . . . . . . . . . 1288.1 List of some news agents with online news arhives . . . . . . . . . 1318.2 Senarios in the NUS Senario Corpus . . . . . . . . . . . . . . . . 1329.1 DUC '06 results of a prototypial summarization system supportedby senario templates, ranked against 35 other peer systems. . . . 1399.2 Senario templates for Query Expansion: improved performane whenrelevant senarios are identi�ed. . . . . . . . . . . . . . . . . . . . . 144

iii



List of Figures
2.1 An example MUC senario template for Launh (�lled). . . . . . . . 132.2 An example automated senario template. . . . . . . . . . . . . . . 152.3 Challenges to Senario Template Creation: lexial and syntati vari-ations in semantially similar text spans. . . . . . . . . . . . . . . . 163.1 Syntati variations in similar text spans. . . . . . . . . . . . . . . . 244.1 Examples: Paraphrasing and non-paraphrasing. Words in itali fontare the prediates of the PATs found to be similar or oniting,and the underlined text span, an extra PAT, is extraneous regardingparaphrase judgment. . . . . . . . . . . . . . . . . . . . . . . . . . . 314.2 Paraphrase reognition arhiteture . . . . . . . . . . . . . . . . . . 334.3 Syntati parse tree path . . . . . . . . . . . . . . . . . . . . . . . . 364.4 Unpaired prediate argument tuple ating as a modi�er in a paraphrase 364.5 Dissimilarity lassi�er performane . . . . . . . . . . . . . . . . . . 44

iv



5.1 Contextual evidene of similarity for PATs that possibly have lowintrinsi similarity. When no ontexts is given in part (a), two PATswith prediates \land" and \hit" from two artiles appear less similarthan they atually are. In part (b), their ontexts are shown andthe ars indiate the similar ones, providing evidene that they aresemantially similar. . . . . . . . . . . . . . . . . . . . . . . . . . . 555.2 An example where similar ontexts improve lustering by suggestingsemanti similarity. . . . . . . . . . . . . . . . . . . . . . . . . . . . 575.3 PAT lustering problem transformed into graph alignment: Havingthe ations \weakened" and \moving" as similar ontexts, the a-tions \land" and \hit" are extrinsially similar, suggesting that theirorresponding verties be aligned. . . . . . . . . . . . . . . . . . . . 616.1 Distributions of the perentage ranks of the orret lusters, shownusing three metris: PAT intrinsi similarity, PAT extrinsi similar-ity, and random value baseline. . . . . . . . . . . . . . . . . . . . . 766.2 The harmoni means of purity and inverse purity of CSC and K-means. 967.1 Automated output senario template from CASTle for the senarioAirliner Crash. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1027.2 Automated output senario template from CASTle for the senarioLaunh Event. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1027.3 MUC-7 template overage: asterisks mark all slots that an be au-tomatially generated. . . . . . . . . . . . . . . . . . . . . . . . . . 1049.1 Senario Template Module for Query Expansion in a QA pipeline. . 1439.2 Senario Template Module ating as a Passage Retriever in a QApipeline. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146
v



1
Chapter 1
Introdution

With the expansion of the Web in the last deade, we see a huge amount of newswireartiles being published online. Suh artiles attrat our attention and inuenemany aspets of our lives. When we want to analyze and ompare them in detailfor our spei� information needs, we often �nd too many relevant artiles. To gothrough them eÆiently is beyond our ability.To answer these hallenges, researhers have ome up with many proposals.Current researh on automated text summarization (ATS) deals with multiple newsartiles onerning a partiular event olleted from di�erent soures. Suh a typialmulti-doument summarization system often identi�es information that most newsartiles selet to over, assuming it to be essential to the event. Details mentionedby the minority are �ltered out. The resulting onise summary provides us witha fair overall understanding of the event without the need to read any of thesedetailed artiles.A step beyond summarizingmultiple artiles on a single event is to enumeratea partiular lass of events, whih are similar enough to be viewed as instanesof a senario (Grishman and Sundheim, 1996). Examples of senarios inludeaviation disasters, storms and presidential eletions. Events of the same senario



2share ommonalities whih are reeted in the orresponding news artiles. In atypial aviation disaster news artile, the author desribes ertain fats suh as timeand loation of the aident, the model of the airraft, the owner of the airraft,the number of rew and passengers aboard and the number of asualties. Thesepiees of information are mentioned in the news artile beause they are ruialinformation people want to know about the event. Putting it in another way, theseommonalities, when ombined, de�ne the assoiated senario. Should there existsuh a strutured representation of these ommonalities, a lot of appliations willdiretly bene�t.A Senario Template (ST) is suh a strutured representation for senarios.This term was oined at the sixth Message Understanding Conferene (MUC-6)(Grishman and Sundheim, 1996) and used in MUC-6 and MUC-7 to guide Infor-mation Extration (IE) tasks. As originally featured in MUC-3, eah MUC ST wasde�ned as a set of slots. Later in MUC-5, it evolved into a hierarhy of templatesto better represent a riher set of information. More details about MUC STs willbe overed in Chapter 2.An ST is an important representation of the senario sine it has tangiblebene�ts for many downstream appliations. Assuming the availability of the orre-sponding STs, we an easily identify the event any news artile is reporting, extratits key points, summarize it, and even ompare it against the extrated key points ofother events. An ST an also be viewed as regularizing a set of similar artiles as aset of attribute/value tuples, enabling multi-doument, multi-event summarizationfrom �lled STs.1.1 From Manual to AutomatiMUC STs were manually reated by domain experts. Therefore the entities insuh an ST are pertinent to the senario and the semanti relations between them



3are orretly represented through pointers between sub-templates (normally from aslot of one sub-template to another sub-template (Onyshkevyh, 1993)). However,manual reation of ST has its drawbaks. Like any other manual linguisti task,this human reation proess is expensive. First, it requires a solid understandingof the target senario normally gained through laborious reading of multiple newsartiles about relevant events. Seond, all ommonalities among these news artilesneed to be orretly identi�ed. Last, these identi�ed ommonalities should begeneralized into slots and organized to form a template, possibly also with thepertinent semanti relations enoded. We have to go through this expensive proesseah time we want to reate an ST for a new senario.Furthermore, even if an ST has been manually reated, it is thereafter a �xeddata struture and ontains little information to assist in future modi�ations. Thetemplate ontains exatly what the human expert judges as important during thetemplate reation proess. Little information about other aspets are left after thereation proess is ompleted. If there are other appliations requiring a di�erentlevel of senario detail, an expansion of the template will be needed to inludemore details. A human expert then has to repeat the reation proess, in whih theexisting ST may not help muh. This makes ST maintenane possibly as expensiveas its reation.Yet another weak point is that the manual STs speify what the ommon-alities are but usually do not provide suÆient examples regarding how they arephrased in the artiles. For example, in the manual MUC ST for aviation disas-ter, it may inlude slots for the time and the loation of the aident. But theinformation about how these slot �llers are written in natural language is miss-ing. The ST does not reet the fat that they are usually prepositional phrasesthat modify the verbal phrases desribing the most important ation { the rash.Sine suh realization information is very helpful for tasks suh as IE or Natural



4Language Generation (NLG), this drawbak greatly limits the possible appliationsof manual STs. Although it is possible for the human experts to remedy this byalso assoiating some examples with them, an automated reation proess is learlyhighly desirable for its potentially higher overage in this respet.As an alternative, Senario Template Creation (STC) is the proess to au-tomatially reate STs. STC saves the expensive human e�ort otherwise requiredto reate these templates. Additionally, the STs thus reated have many attrativefeatures. Being an automated proess, STC fully supports future ST modi�a-tion. The intermediate results aumulated during di�erent analysis stages an bearhived. Later, the STC system an easily retrieve suh intermediate results toreate more detailed or more onise version of the ST to suit di�erent requirements.In ontrast, human experts disard these results one a �xed ST is reated. Also,as a omputer-generated data struture, automated STs an store more detailedrealization information of the slot �llers than their manual ounterparts do.Despite these bene�ts, the task of STC has not reeived muh attention bythe ommunity. I believe this is beause it is onsidered a diÆult task that requiresdeep natural language understanding of the soure artiles. Naturally, to automatethe proess of STC alls for the lustering of semantially similar text spans froma relevant artile set. However, it is ommon that semantially similar text spansmay employ di�erent syntati strutures, or use di�erent words to onvey theirontents. In other words, they ontain two types of variations: syntati variationand lexial variation. Both have to be addressed properly before a good STC systeman be ahieved.Most related work views senarios as mainly de�ned by ations. While thetarget appliation may vary, most approahes group verb-entri text spans. InChapter 3, I disuss these methods in detail. Although these approahes addresslexial and syntati variations in di�erent ways, they all fous on one of the two



5variations and rely on relatively simple methods for the other. Few attempts todeal simultaneously with both variations' omplexities.To address this problem, this thesis proposes a new framework for textualsimilarity alulation. In this framework, the intrinsi textual similarity is regardedas only part of the overall similarity between text spans, and the extrinsi textualsimilarity is used as a omplement to it. In partiular, when two semantiallysimilar text spans exhibit both lexial and syntati variations, it ould be diÆultto alulate an intrinsi similarity that truly reets their semanti similarity. Theirontextual, or extrinsi similarity is used to o�set the intrinsi similarity to orretfor this problem. To develop this framework, I adopt a divide and onquer approah.First, I fous on the intrinsi similarity of text spans. To normalize both syntatiand lexial variations in them, I ombine suitable existing state-of-the-art textanalyzers, inluding a semanti role labeler (SRL) and a statistial thesaurus (Lin,1998a), into a module to alulate sub-sentene level intrinsi textual similarity. Iapply it to the paraphrase reognition (PR) task and the evaluation shows that itan ahieve high preision.However, while preision is high, the use of intrinsi similarity ahieves onlylow reall. To remedy this, I then inorporate extrinsi similarity into textualsimilarity alulation. In partiular, I propose a graphial framework to integratesystematially both the extrinsi and intrinsi similarities for textual similarityalulation, leading to improved text span lustering for STC.After text span lusters are formed, a generalization proess transforms theminto template slots. While the ontent of an ST is readily extratable from the textspan lusters for omputers, this generalization proess renders an ST more readableto human beings. Given external knowledge bases suh as ontologies, a generalizersuggests a term to represent onepts of the same semanti ategory, and a templateslot is reated with this term as its label.



61.2 Problem StatementThe motivation of this textual similarity framework is derived from the observationthat, in news artiles on similar events, semantially similar text spans ommonlyalso have ontexts that are lose in meaning. This setion formally states thisobservation as a hypothesis and briefs the struture of a natural language proessing(NLP) pipeline to support it empirially.I believe that semantially similar text spans in separate but similar artilesoften have similar ontexts. This ontextual similarity is able to provide evideneto detet similar text spans, omplementing their intrinsi similarity. In this the-sis, I equate text spans' extrinsi similarity as their ontextual similarity. Withinthe problem of STC, I investigate how to seletively de�ne ontext, enode ontex-tual relations, alulate the ontextual similarity and ombine it with the intrinsisimilarity to perform text span lustering under a graphial framework.Hypothesis: For news artiles reporting similar events, semanti similaritymust aount for both intrinsi and extrinsi similarity.Now I briey desribe how I alulate intrinsi textual similarity, extrinsitextual similarity, and how they are ombined as the overall similarity between textspans. An event is mainly understood through its ations. So while looking forommonalities, I onentrate on the sub-sentential text spans whih orrespond toindividual ations. In the pre-proessing stage, eah news artile is transformed intoa separate graph omponent representation: the text spans are verties and theirontextual relations are edges. I then apply a generi Context Sensitive Clustering(CSC) algorithm to luster the verties in di�erent graphs based on both theirintrinsi and extrinsi similarity. The intrinsi similarity is mainly derived from thestatistial thesaurus (Lin, 1998a). It measures how similar text spans are based



7purely on their ontents. To alulate the extrinsi similarity, ideally one shouldbe able to ompare the ontexts of the two text spans. However, as I argue laterin Setion 5.2, the ontexts I use are the peer text spans but not the neighboringwords, as the latter ould be weak in their disambiguating power. With respetto the graph representation, alulating the desired extrinsi similarity involvesestimating the similarity between two verties' ontextual text spans. This is simplythe fundamental text span similarity problem itself for di�erent text spans. Suh airular dependeny in text span similarity alulation strongly hints an iterativeapproah.I show that the Alternating Optimization method (AO) (Bezdek and Hath-away, 2002) is suh an iterative approah suitable to �nd a best possible lusteringin this ase. In partiular, I assume the edges between eah pair of lusters form aunique (normal) distribution. Aordingly, there are two steps in one AO iteration.One step estimates the parameters of eah distribution, and the other step usesthese distributions to estimate the extrinsi similarity: whether a vertex and anexisting luster of verties are similarly onneted to the ontextual lusters of thelatter.1.3 ContributionsTo the best of my knowledge, the work desribed in this thesis is the �rst attemptto reate senario templates lose to those rafted by human experts. Viewing STCas a sophistiated NLP problem, I build a omplete pipeline whih is apable ofmodeling intrinsi as well as extrinsi similarities of text spans. The ontributionsof this thesis are as follows:Intrinsi Textual Similarity: I use an SRL to extrat prediate-argument tu-ples (PATs) and a thesaurus for their intrinsi similarity alulation. Unlikeexisting approahes that normally fous only on one variation and understate



8the other, this ombination e�etively normalizes both syntati variation andlexial variation that our among semantially similar PATs.Context Representation: I pioneer the use of PATs as the ontexts of eah otherfor their textual similarity alulation. Compared to using windows to delimitneighboring words as ontexts, this de�nition of ontext is linguistially mo-tivated. It relaxes the sentene boundary limitation manifested in windowingmethods. Along similar lines, I also measure the relatedness of their ontextsusing argument similarity between PATs.Textual Similarity Framework: I show that ontextual information is both de-sirable and feasible to improve textual similarity alulation. To this end,I devise a Context Sensitive Clustering (CSC) algorithm. CSC systemati-ally integrates intrinsi similarity and extrinsi (ontextual) similarity of textspans and outperforms a strong baseline system not equipped with ontextualinformation. CSC is also generi enough to be appliable to any lusteringproblems where an extrinsi similarity an be formulated to omplement an(imperfet) intrinsi similarity.Senario Corpus: I reate a publily available Senario Corpus. This orpusontains news artiles representing lose to 20 di�erent senarios, rangingfrom natural disasters to politial and sport events. I hope this orpus anattrat more e�orts to the problem of STC from the researh ommunity.1.4 Thesis OutlineThe remaining hapters of this thesis are organized as follows:Chapter 2 presents the bakground information on senario templates. Iintrodue the Senario Template task of the Message Understanding Conferene



9(MUC). The task of STC is formally de�ned here, inluding the input, expetedoutput, and what linguisti information the resulting STs have. The tehnialhallenges that an STC system faes are highlighted.Chapter 3 reviews related work on STC. Di�erent approahes and tehnolo-gies are ompared and their advantages and drawbaks are disussed. The researhgaps that I all attention to are: a) lexial and syntati variations among textspans are not yet handled properly for intrinsi similarity alulation; and b) ex-trinsi similarity is largely ignored.Chapter 4 motivates the deision of using an SRL to de�ne text spans. Anintrinsi similarity measure for the resultant text spans is developed and its e�e-tiveness is illustrated by its appliation to the paraphrase reognition (PR) task.As a peripheral thesis ontribution, I develop a two-phase approah to PR, whih isomposed of similarity detetion and dissimilarity signi�ane lassi�ation. As anoutome of the error analysis, highly overlapping but non-paraphrasing sentenesare ategorized, indiating interesting but hallenging ases for PR systems.Chapter 5 presents the graph-based framework for textual similarity alu-lation for STC. I detail how input artiles are onverted into graphs. Then I de-sribe the Context Sensitive Clustering algorithm whih lusters similar text spansthrough a graph alignment proess. The implemented prototype system is alledContext-Aware Senario Templater, or CASTle. In Chapter 6, experimental re-sults show its advantages of integrating textual extrinsi similarity for similarityalulation.Chapter 7 presents an ontology-based generalization algorithm implementedfrom related work, and details the important extensions to the algorithm that Imade to suit the appliation of STC. Chapter 8 desribes the NUS Senario Cor-pus: details about its onstrution and what senarios are represented. In Chap-ter 9, I disuss how some NLP appliations suh as Automated Text Summarization



10(ATS), Question Answering (QA) and Information Extration (IE) an potentiallybene�t from STs, espeially those automatially reated by STC systems. Relevanttehnial details are also overed.Chapter 10 onludes this thesis. I highlight the ontributions I make in thisthesis researh. I also outline a few diretions for the future work.
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Chapter 2
Bakground

Similar to other nasent researh problems, di�erent terminologies o-exist in thesenario template literature, ausing diÆulties when reading related work. To myknowledge, a standard terminology for STC has not yet been established. Here, Iintrodue and standardize the terminology that will be used throughout this thesis,and also link to existing terms when appropriate.In the Topi Detetion and Traking (TDT) researh, an event is de�nedas something that ours at spei� plae and time assoiated with some spei�ations (TDT, 1999), and a set of similar events an be regarded as instanes of thesame senario. For example, the Air Frane Flight 4590 (a Conorde jet) aidentin 2000 is an event as well as an instane of the senario aviation disaster.Typially, a news artile on an aviation disaster instane ontains the rashing of apartiular airraft. It reports the time and the loation of the rash, the model ofthe airraft, the number of passengers aboard, the asualties, et. These spei�san be regarded as what people expet when they read about an aviation disasterevent. So the bottom line is that all these spei�s should be inluded to makea satisfatory representation of the senario. I refer to suh spei�s as salientaspets (SAs) of the assoiated senario. Aordingly, a senario template (ST)



12is an abstrat data struture meant to apture these SAs.Work on STs arguably originates on work in knowledge representation onsripts (Shank and Abelson, 1977), whih represents frequently repeated eventsand situations (e.g., going to a restaurant) as sripts. Sripts an be interpreted asa data struture that ontains information on roles for ators and instruments, theausal hain of ations, and ontexts that ativate the sripts. The term \senariotemplate" itself was �rst oined in one of the Message Understanding Conferenes,MUC6 (Grishman and Sundheim, 1996). At the onferene, manual STs were pro-vided for an IE task whose goal was to �ll these STs automatially given a setof relevant news artiles. In the literature, the terms domain (Filatova, Hatzivas-siloglou, and MKeown, 2006; Harabagiu and Laatusu, 2005) and topi (TDT,1999) are also used as alternatives to senario, likewise the term instane is usedinterhangeably with event. Aordingly, senario template, domain template ortopi theme (more preisely, a set of topi themes) are semantially idential in theliterature. For this thesis, I adopt the MUC terminology simply beause it is MUCthat �rst drew my attention to this researh.As mentioned earlier, we are partiularly interested in the SAs of the events,inluding the spei� ations in events, the partiipants and features of the partii-pants. To better represent this rih set of information, eah MUC ST is designed asa hierarhy of smaller templates. The top level template is the ST itself, whose slotsare to be �lled with templates representing the spei� ations. The slots of theseation templates are to be �lled with templates representing entities, suh as Orga-nization, People, Loation, Time, et. These entity templates are the templates atthe lowest level. Their slot �llers are text spans found in the news artiles. Figure2.1 shows (a segment of) suh a manually-built hierarhial ST, whih ontains onlyone ation template.While Shank's sripts helped to oneptualize frequently ourring events,
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LAUNCH EVENT-9601090574-1 (ation template):=VEHICLE INFO: VEHICLE INFO-9601090574-1PAYLOAD INFO: PAYLOAD INFO-9601090574-1LAUNCH DATE: TIME-9601090574-1LAUNCH SITE: LOCATION-9601090574-4VEHICLE INFO-9601090574-1 (entity template):=VEHICLE: ENTITY-9601090574-17VEHICLE TYPE: SHUTTLEVEHICLE OWNER: ENTITY-9601090574-3PAYLOAD INFO-9601090574-1 (entity template):=PAYLOAD: ENTITY-9601090574-15PAYLOAD TYPE: SATELLITEPAYLOAD FUNC: RESEARCHPAYLOAD ORIGIN: LOCATION-9601090574-1ENTITY-9601090574-3 (entity template):=ENT NAME: NASAENT TYPE: ORGANIZATIONENT CATEGORY: ORG GOVTLOCATION-9601090574-4 (entity template):=LOCALE: Kennedy Spae CenterLOCALE TYPE: AIRPORTCOUNTRY: United StatesTIME-9601090574-1 (entity template):=START: 11011996END: 11011996DESCRIPTOR: Thursday...Figure 2.1: An example MUC senario template for Launh (�lled).



14work on MUC �rmly ast the problem as an NLP one. However, MUC's senariotemplate task fouses only on template �lling, i.e., to extrat text spans to populatea senario template given a set of relevant artiles. The STs they used are reatedby human experts, making the whole IE proess at best a semi-automated one.Sine then, the ommunity has searhed for ways to automate the template reationproess in order to gain exibility, eÆieny and salability. Formally, this task ofautomatially reating a ommon semanti representation for a senario is termedsenario template reation (STC) in this thesis.The automated ST, the output of an STC system, is similar but not identialto its manual ounterpart. By design, it ontains the SAs of the senario as wellas the relations between them. Taking the senario Launh as an example, theautomated ST would have slots about SAs suh as the type of the vehile, thepayload, the date and loation of the launh, et. It would also have slots fororganizations whih are related via \ownership" to the vehile or the payload.Suh SA relations onerning the senario are stored as supplementary information.Basially, the important information in manual STs is retained in automated STs.However, without the inferene ability of humans or an external knowledge base(KB), an STC system an only reate slots for information that exists in the newsartiles, and nothing beyond that. For example, the artiles may only mention theloations of the launhes as \Kennedy Spae Center" without speifying whetherthe loations are airports, marine platforms, et. In this ase, the STC systemwill not be able to �gure out that, apart from a slot (or sub-template) for theentity LOCATION, an additional slot espeially for the type of the loation (i.e.LOCALE TYPE in the manual ST) needs to be reated.Figure 2.2 illustrates a onrete example for these di�erenes. It shows anautomated ST for the senario Storm and how it looks if it is �lled with respet toa partiular storm event. The ST, a manual modi�ation of the real output of my



15prototype STC system, inludes slots for the storm's name, its urrent loation, andits diretion of travel and magnitude. However, these slots are not organized as aMUC hierarhy. The relations between the slots are impliitly retained. And thereare no slots for information beyond the ontents of the input news artiles. Forexample, the type of the loation (oast) an not be easily separated from loationto beome an individual slot in the ST.Senario Template: StormStorm NameStorm AtionLoationTimeSpeedCasualtiesAtionA�etedAtionSenario Template: Storm (�lled)Storm Name CharleyStorm Ation landedLoation Florida's Gulf oastTime Friday at 1950GMTSpeed 145 mphCasualties 13 peopleAtion diedA�eted over one millionAtion a�etedFigure 2.2: An example automated senario template.The input to an STC system is a set of relevant news artiles. These artilesshould over several distint event instanes belonging to the senario. If thisrequirement is not met, the STC system may funtion improperly. On the onehand, a set of artiles on�ned to a single event would ertainly bias an STCsystem to extrat information and peuliarities that only that single event possesses.



16Beause they appear frequently in suh an input, the STC system might ountsuh peuliarities as senario SAs. On the other hand, an input set that ontainsartiles on other irrelevant events adds noise that obsures the atual SAs. Thesetwo situations embody the undesirable ases where either too few or too manyvariations exist. As long as the amount of variations in the ontents is within areasonable range, it will help the STC system to fous onto the atual SAs.While having the right amount of variations in the input is ruial, thevariation also ause the major hallenges of STC. Figure 2.3 shows two sentenesfrom artiles about two di�erent storm events. In partiular, both sentenes onveyone important piee of information: the number of asualties aused by the storm.Sentene 1 uses the verb \die" in its ative voie, where the vitims are the subjetof the verb. In ontrast, sentene 2 uses another verb \kill", in its ative voie aswell. However, aording to the sub-ategorization frame of the verb, the vitimsare realized as its objet in this ase.1) State oÆials say 13 have diedin Florida in the wake of HurrianeCharley whih swept aross the state,ausing widespread destrution.2) Japan is learing up after the dead-liest typhoon in a deade killed at least67 people.Figure 2.3: Challenges to Senario Template Creation: lexial and syntati varia-tions in semantially similar text spans.This example illustrates that semantially similar sub-sentential text spanssometimes di�er in either their lexial seletion or syntati onstrution, or both.How to reveal their underlying similarity in spite of these lexial and syntativariations are the main hallenges an STC system has to address. The followinghapter reviews related work that proposes some partial solutions.
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Chapter 3

Related Work
As a researh problem, senario template reation (STC) is interesting but teh-nially daunting. The earliest attempt to automate it was arried out by Col-lier (1998). After that, only two works (Harabagiu and Laatusu, 2005; Filatova,Hatzivassiloglou, and MKeown, 2006) have diretly attaked the problem. How-ever, this does not neessarily mean that the related work is equally sare. Sinethe essential analysis for STC is to identify semanti similarity given lexial andsyntati variation, quite a number of Information Extration (IE) works are highlyrelevant. These works fous on textual similarity at various levels. The approahesproposed in them e�etively enrih the sope of the tehniques that nourish STCresearh.A basi idea I �nd intuitive for STC is to luster similar text spans in theinput artile set. Salient Aspets (SAs) then emerge through lustering: if a lusterof text spans is large, implying suÆiently high overall artile set overage, theorresponding aspets in it an be onsidered as SAs. These SAs will then begeneralized into one or more slots in the ST, depending on how the text span isde�ned.Semanti similarity of text spans has been a prominent researh topi, and



18has attrated interest at di�erent levels of granularity. Depending on the tar-get appliation, a rih olletion of approahes have been proposed. For exam-ple, (Resnik, 1995; Lin, 1998a; Lee, 1999) all addressed similarity between words;(Hatzivassiloglou et al., 2001; Hatzivassiloglou, Klavans, and Eskin, 1999) dealtwith similarity between sentenes or paragraphs; (Mihalea, Corley, and Strappar-ava, 2006) and others overed in Chapter 4 foused on identifying paraphrases; and(Yang et al., 2000; Hotho, Staab, and Stumme, 2003), et. estimated similaritybetween entire douments. However, assuming senarios are mainly de�ned by a-tions, the text spans representing a partiular ation should therefore be the fousof an STC system. Although it may not diretly address STC, the majority of therelated work, e.g., (Rilo� and Shmelzenbah, 1998), shared this assumption andperformed ation lustering aordingly. So it is the fous on verb-entri textspan that distinguishes both STC and the related IE systems as the topi of thishapter. I disuss the details about the text span similarity alulation in theseapproahes, highlighting their features, their strengths and also the points whereimprovement is possible.3.1 Verb-Centri Text Span SimilarityAs appealing as STs are, the task of automatially reating them has yet to attratsuÆient e�orts from the researh ommunity, resulting in little work about it inthe literature. To my knowledge, two piees of work dealing with STC in its moststrit de�nition are (Collier, 1998) and (Filatova, Hatzivassiloglou, and MKeown,2006). Besides them, quite a few NLP { espeially IE { researh e�orts an bedesribed as aquiring harateristi onepts or extration patterns for partiularsenarios. Table 3.1 gives a summary of the related researh work.Before proeeding to a review of the related approahes, one thing to keepin mind is that some of them are suboptimal for STC. This is beause these ap-



19

Text
Common

Publiatio
n
Goal
Input
Span
NENo
unThe
saurus

(Collier,199
8)
senariotem
platemult
i-events
SVO
onlyN
Y

(Filatova,
Hatzivassilo
glou,and

MKeown,2
006)

domaintem
platemult
i-eventss
yntatisub
treeY
Y
N

(Harabagiu
andMaioran
o,2002)
ad-hotemp
latesingl
etopi
SVO-PP
NY
N

(Harabagiu
andLaatus
u,2005)
topitheme
ssingle
event
PASa
NY
Y

(Rilo�andS
hmelzenba
h,1998)
aseframe
multi-events
NP
NY
Y

(Shinyamaa
ndSekine,2
006)
relationdis
overymult
i-events
PASb
YY
N

(Sudo,Sekin
e,andGrish
man,2003)
IEpattern
multi-events
dependeny
subtreeY
N
N

(Yangarber
etal.,2000)
IEpattern
multi-events
PAS
YY
N

Table3.1:S
ummaryofr
elatedresear
hwork

a Theirpredia
te-argumentst
ruturesareo
btainedbyas
emantirolela
beler.

b Theirpredia
te-argumentst
ruturesare
onvertedfrom
syntatitrees
.

 Theirpredia
te-argumentst
ruturesaree
xtratedbya
general-purpo
sedependeny
parser.



20proahes, espeially the IE oriented ones, are not designed to diretly address STCas the utmost goal. While solving their own task, these approahes do not have todeal with all the hallenges that an STC system faes. Some others make ertainassumptions, simplifying the STC problem before addressing it. Nonetheless, it isimportant to study them. After all, they give insightful observations to the textualsimilarity problem.I organize my disussion of the related work by individual faets. I startby examining their task, whih a�ets what information would be useful for theirtextual similarity alulation. Then I ompare them by other faets: expetedinput, usage of Named Entity (NE) tags and thesauri, de�nition of text span andhow the �nal similarity judgment is reahed.Task. (Collier, 1998) and (Filatova, Hatzivassiloglou, and MKeown, 2006)disussed two approahes designed with STC expliitly in mind. Meanwhile, topitheme generation desribed in (Harabagiu and Laatusu, 2005) had a goal very sim-ilar to STC. Coneptual ase frame aquisition (Rilo� and Shmelzenbah, 1998)desribed the IE task losest to STC. Looking from a di�erent angle, these fourstudies share the same underlying goal: to detet ations that are pertinent to oneevent or a set of similar ones. In omparison, (Yangarber et al., 2000; Sudo, Sekine,and Grishman, 2003) both entered on gathering senario-spei� extration pat-terns instead of IE as their utmost goal. The researh reported in (Harabagiuand Maiorano, 2002), inspired by (Rilo� and Shmelzenbah, 1998), aimed to ap-ture several semanti ategories to form ad-ho templates. These templates werereated for automated text summarization (ATS) so semanti ategories were themain onern instead of in whih patterns they an be extrated. Similarly, thetask of Unrestrited Relation Disovery proposed in (Shinyama and Sekine, 2006)foused on identifying the NEs that appear frequently in a senario.Input. The input that all these approahes expet is a set of multiple arti-



21les, with a trivial exeption of (Collier, 1998) whose input is multiple paragraphs.Another di�erene is that most approahes require relevant artiles as input. Anexeption is the work in (Yangarber et al., 2000) whih bootstrapped from a mixedolletion of artiles. These two di�erenes do not have deisive impat on theirindividual similarity algorithm. A more relevant distintion is the number of eventswithin the input artile set. (Harabagiu and Maiorano, 2002; Harabagiu and La-atusu, 2005) both assumed a single event, where, throughout the artile set, thesame role for a senario will be played by the same entity. On the other hand, theother work expets multiple events to appear in the input with di�erent entitiesplaying the same role from event to event. As a speial ase, (Shinyama and Sekine,2006) �rst formed \basi lusters", eah of whih modeled a single event, then theomparison was done between text spans from di�erent events. The lexial varia-tion poses a bigger hallenge for the latter. Thus this distintion in the expetedinput leads to di�erent researh strategies.NE Tag and Thesaurus. When the input artiles over a single event,the partiipants of the same ation remain the same from artile to artile. Con-sequently, textual similarity in suh a task an be simpli�ed to string mathing,while maintaining satisfatory performane as in Harabagiu and Maiorano (2002),where neither NE information nor any thesaurus was used. However, when reportsof multiple events exist in the input, the same ation has di�erent partiipantsfrom event to event, manifesting lexial variation. This makes the string math-ing more error prone and onsequently less attrative. In this ase, NE tags andthesauri an help to reveal the similarities: partiipants playing the same semantirole tend to have the same NE tags or be synonymous to eah other. As exam-ples, (Filatova, Hatzivassiloglou, and MKeown, 2006; Shinyama and Sekine, 2006;Sudo, Sekine, and Grishman, 2003; Yangarber et al., 2000) all required that twotext spans have mathed NE tags before they an be lustered together. Harabagiu



22and Laatusu (2005) furthermore used thesauri (WordNet (Miller, 1995) and di-tionary.om) to ensure argument onsisteny.Another equally important soure of lexial variation is the surfae real-ization of the ations themselves. Synonymous verbs an be used to represent thesame ation. When this happens, it is important that all these synonymous verbs beidenti�ed as similar. Otherwise, a single ation would spuriously appear as severaldi�erent ones, resulting in separate ation lusters. This in turn auses problemsin estimating the proper frequeny and the saliene of the ation. However, amongthe related work, only Collier (1998) addressed this problem by referring to two the-sauri. Other work sidestepped this issue and left lexially di�erent verbs separate,regardless of their possible semanti similarity.Text Span. All the related approahes fous on verb-entri text spanswhih represent ations. Spei�ally, they de�ne strutured text spans in suh waysthat it is lear how the ation's prediate and its partiipants are related. Theserelations are further used to ahieve �ner-grained omparison in their individualsimilarity alulation.It is desirable to extrat the internal relations in text spans before alulatingtheir similarity. Almost all of the related approahes regard the partiipants as aninseparable part of the surfae realization form of any ation. Aordingly, thesimilarity of both the verbs and the arguments should be onsidered for ationsimilarity. There are exeptions where a lightweight approah is taken, as in (Rilo�and Shmelzenbah, 1998), where just the presene of idential verbs is suÆient toinfer textual similarity. However, onsider an artile reporting people \losing" theirlives when a driver \lost" ontrol of his ar. Here textual similarity detetion willpossibly be orret only if additional information (suh as the text spans' internalrelations) is onsidered.A variety of analyses were employed to delimit text spans to reveal di�erent



23internal relations. The text spans used in (Collier, 1998; Rilo� and Shmelzen-bah, 1998; Harabagiu and Maiorano, 2002) an all be desribed as at subjet-verb-objet (SVO) syntati strutures. Syntati tree strutures have also beeninvestigated, as in (Sudo, Sekine, and Grishman, 2003; Filatova, Hatzivassiloglou,and MKeown, 2006) where similar text spans were mined in the form of frequentsub-trees. Syntati information like this indiates what are the partiipants foreah ation. Some parsers and onverters are able to distinguish subjets fromsurfae subjets. Thus when verbs are used in di�erent voies, the assoiated syn-tati variations an be normalized. For example, Yangarber et al. (2000) employeda general-purpose dependeny parser to get prediate-argument strutures. Sim-ilarly, Shinyama and Sekine (2006) used the GLARF (Meyers et al., 2001) on-verter. Harabagiu and Laatusu (2005) obtained their text spans through semantirole labeling. In the results, the ation and its partiipants are onneted by whatsemanti role eah partiipant plays in the ation. Put in another way, the samepartiipant will be onsistently labeled by its semanti role, regardless of its verb'shoie of subategorization frame or voie. Therefore, this semanti role label-ing proess has the advantage of further isolating the syntati as well as lexialvariations from the downstream lustering proess.Similarity Judgment. After their respetive text spans are extrated, thenext step for these approahes is similarity detetion, i.e., to luster similar textspans together and generalize the desired template slots or extration patterns. Thegeneral pipeline for this step an be summarized as the following. The text spansare �rst aligned with referene to their internal relations (dependeny relations) orertain linguisti labels (syntati roles or semanti roles) of the verbs and argu-ments. Then for text spans sharing the same verb (or similar verbs in the ase of(Collier, 1998)), they are lustered when the aligned arguments have ompatible NEtags or are synonymous aording to a thesaurus. One researh that did not stress



24verbs is (Shinyama and Sekine, 2006), where text spans (NEs replaed with theirNE tags) that are token idential are onsidered as overlapping and the amount ofsuh text spans that two NEs share reets the similarity between the NEs.3.2 Gaps in Current ResearhI observe ertain drawbaks in the existing approahes. Espeially for those thatdo not takle the STC problem diretly, while e�etive for their own researh task,they are not quite suitable for STC. These drawbaks inlude:� Named Entity Limitation. NEs aount for only part of the ation partii-pants. NE tags should not be the only onsideration for partiipant similarity.Often, there are other partiipants that are represented as ommon nouns aswell (e.g., \the ompany"). A suessful STC system should be able to dealwith the similarity among NEs as well as ommon nouns.� Inomplete Integration of Thesauri. Thesauri as well are employed toaddress the hallenges of lexial variation. But in the urrent work, they areonly used to get similarity either solely for prediates (Collier, 1998) or solelyfor arguments (Harabagiu and Laatusu, 2005). Although e�etive to apturesimilar text spans sharing arguments or prediates, neither design would beable to apture those whose prediates and arguments are respetively allsynonyms or of the same semanti ategory.� Suseptibility to Syntati Variation. As I have mentioned, syntativariation is another hallenge for STC besides lexial variation. For a onreteexample, onsider the three semantially equivalent sentenes in Figure 3.1.Sentenes 1 and 2 use the same transitive verb \kill" but one in the ativevoie and the other in the passive voie. Aordingly, in these two sentenes



251. A suiide bomber killed a ivilian.2. A ivilian was killed by a suiide bomber.3. A ivilian died in the inident.Figure 3.1: Syntati variations in similar text spans.the noun phrase \a ivilian" plays di�erent syntati roles: the objet inSentene 1 and the subjet in Sentene 2. Sentene 3 uses an intransitiveverb \die" in the ative voie. Beause the subategorization frame of theverb \die" di�ers from that of \kill", the same NP (\a ivilian") now is thesubjet. Unless semanti relations among the text spans' onstituents areextrated (Harabagiu and Laatusu, 2005), syntati or dependeny parsingalone will leave some textual similarity diÆult to detet, even with the helpof a perfet thesaurus (onsidering Sentene 2 and 3 in Figure 3.1).These related approahes involve tehniques that are good for the STC hal-lenges, as shown in their experimental results. But as the �rst researh gap, theserelated tehniques have yet to be ombined systematially in suh a way that thetwo key hallenges { syntati and lexial variations { an be simultaneously ad-dressed. In Chapter 4, I desribe a text span similarity measure ahieving this,inluding how I developed and evaluated it within a separate but interesting re-searh problem.The seond researh gap is that so far the text spans' ontextual informationhas barely been onsidered. From Chapter 5 onwards, I desribe and disuss a majorontribution of this thesis: a novel framework to exploit text spans' ontextualinformation as extrinsi similarity to improve textual similarity alulation in STC.
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Chapter 4

Intrinsi Textual Similarity andIts Appliation in ParaphraseReognition
I now detail how my proposed STC system, CASTle, omputes intrinsi text spansimilarity. This similarity measure is the rux of STC, as it needs to overome thelexial and syntati variations that onfront STC. The key ontribution of thishapter is how this is aomplished. In a nutshell, I employ semanti role labelingto �nd verb prediates as well as their arguments in various syntati onstrutions;and use lexial similarity given by the statistial thesaurus to alulate text spanonstituent similarities. These are ombined to form the overall intrinsi similarityof text spans.Although no ontextual information has been onsidered yet (to be revisitedin the next hapter), suh an intrinsi similarity measure of text spans is alreadyuseful in its own right, and an be evaluated given a suitable task. I use the taskof sentene-level paraphrase reognition (PR) as suh an evaluation testbed. Oneomponent experiment validates the eÆay of this proposed similarity measure,



27demonstrating a high preision at deteting similar text spans. The resulting lowlevel of false positives enables us to use the similarity measure to onstrut animportant training set for a new PR system, whih is a seondary ontributionin this hapter. The resultant PR system features the novel use of a dissimilaritylassi�ation module, whih is diretly related to the �nal PR judgment. I also showhow the PR system aordingly determines the ause(s) of non-paraphrase instaneswhile maintaining the performane level of the state-of-the-art PR systems. Thisability gives it an edge over other peer PR systems.4.1 A Similarity Measure for PATsIn Chapter 3, we established that ations de�ne senarios, and furthermore, thatthe fundamental subtask within STC is to luster semantially similar text spansthat represent individual ations. To this end, a suessful STC system needsto simultaneously address both lexial and syntati variations among suh textspans so that they an be lustered orretly. In partiular, these variations areonsidered in the intrinsi text similarity alulation sine they are all internal tothe text spans.I employ existing linguisti tools that are e�etive for either kind of variation.As disussed in Chapter 3, STC systems need text spans to represent individualations and the semanti relations between the verb prediate and its argumentsare highly desired. One important goal of this investigation is to develop a textspan similarity measure appliable to STC. In CASTle, I use the prediate argu-ment tuples (hereafter, PATs) extrated by a semanti role labeler (SRL) as thetext spans and aordingly develop a PAT similarity measure as the desired textspan similarity measure. In partiular, I employ ASSERT, a supervised SRL de-sribed in (Pradhan et al., 2004). Given sentenes in Figure 3.1, ASSERT outputstheir PATs in PropBank (Kingsbury, Palmer, and Marus, 2002) format shown in



28Table 4.1. A onstituent in a PAT is either the target (the prediate) or one oftarget(prediate) arg0 arg1killed a suiide bomber a iviliankilled a suiide bomber a iviliandied a ivilianTable 4.1: Output of semanti role labeler: prediate-argument tuples ready to bealigned.its arguments. These arguments orrespond to di�erent semanti roles involved inations and are di�erentiated by sequential numbers in aordane with their roles.From ASSERT's output, we an see the syntati variations are e�etively normal-ized: the verb prediates and their arguments an be easily aligned properly bytheir semanti roles. This alignment is very important for the proposed similaritymeasure, as I de�ne the similarity sore of two PATs ta and tb as the weighted sumof the pairwise similarities of all their shared onstituents C=f(a; b)g ( beingeither the target or one of the arguments that both PATs have):Sim(ta; tb) = 1�X2C Sim(a; b)� w; (4.1)where w is the weight of the onstituent . The weights of the onstituents are setto 1 exept for that of the target. As I hypothesized that targets are more importantfor PAT similarity, the target's similarity is boosted using a weight wtarget, the valueof whih is empirially determined as 1.7, based on a 300-pair development set fromthe training set of the Mirosoft Researh Paraphrase Corpus (Dolan, Quirk, andBrokett, 2004), more details of whih an be found later in Setion 4.5. Thenormalization fator � is the sum of the weights of the onstituents in C, i.e.:� =X2C w: (4.2)



29In the urrent implementation I redue targets and their arguments to theirsyntati headwords. These headwords are then diretly ompared as Sim(a; b)using the thesaurus developed in (Lin, 1998a), whih is onstruted from orpusstatistis that provides a similarity sore given two words. The assumption is thatthe semanti similarity between words is proportional to how similar their distri-butional patterns are. Although there are many alternatives, I use Lin's thesaurusfor a few important reasons. First, it is built from statistis gathered from manynewswire artiles, onstituting millions of words, and thus provides reasonable sim-ilarity sores between two words. Seond, more important to STC, its overageis notieably higher for named entities (NEs) in omparison with other thesauri.This is to say in a single semanti ategory a greater number of similar termsan be found. For example, Lin's thesaurus lists \Airbus", \Lokheed" and \M-Donnell" among the most similar words to \Boeing". Suh NEs are usually notwell-represented in manually onstruted thesauri; for example the last two wordsare missing from WordNet (Miller, 1995), the widely-used digital thesaurus. Sineit is ruial for an STC system to have high reall of similar entities, as an equallyeasily aessible thesaurus, Lin's thesaurus is preferred over WordNet for my ex-periments1.4.2 Introdution to Paraphrase ReognitionI hoose the task of Paraphrase Reognition as the testbed to evaluate this similaritymeasure for text spans. Before showing the experimental results, I �rst review thePR task and then desribe the PR system I developed in detail.The task of sentene-level PR is to identify whether a set of sentenes (typ-1Lin's thesaurus also suggests antonymous words as similar. I maintain a WordNet-basedantonym list to �lter out suh unwanted \similarity". This mehanism is enabled for both PRand STC.



30ially, a pair) are semantially equivalent. As a problem highly related to STC,PR an be thought of as synonym detetion extended for sentenes, and it anplay an equally important role in natural language appliations. As with synonymdetetion, appliations suh as summarization an bene�t from the reognition andanonialization of onepts and ations that appear in multiple douments. Au-tomati onstrution of large paraphrase orpora ould be used to mine alternativeways to express the same onept, a valuable resoure for mahine translation andother natural language generation appliations.In suh a task, \equivalene" takes on a relaxed meaning, allowing sentenepairs with minor semanti di�erenes to still be onsidered as paraphrases. HereI identify two main issues in the exploration of sentene-level PR. The �rst is toidentify all the information nuggets, or individual semanti ontent units, sharedby the sentenes. For a pair of sentenes to be deemed as a paraphrase, they mustshare a substantial number of these nuggets. A trivial ase is when both sentenesare idential, word for word. However, paraphrases often employ di�erent words orsyntati strutures to express the same ation and its partiipants. This is similarto the situation that an STC system faes, exept for the fat that for an STCsystem the words range over an even wider spetrum: the partiipants in di�erentevents are usually di�erent and we an only assume the words representing thembelong to the same semanti ategory. The PR requirement that they refer tothe same entity is not appliable for STC. Fortunately, the PR data I used rarelyontains instanes analogous to \an earthquake hit Sihuan" and \an earthquakestruk Japan" where having di�erent (but \similar" to Lin's thesaurus) entities isthe sole reason for non-paraphrasing. This disrepany that STC needs \similar"partiipants and PR demands \idential" ones has little e�et when PR is used asa testbed for the basi similarity measure for STC.Figure 4.1 shows two sentene pairs, in whih the �rst pair is a paraphrase



31Paraphrase (+pp):Authorities said a young man injured Rihard Miller.Rihard Miller was hurt by a young man.Non-Paraphrase (�pp):The tehnology-laed Nasdaq Composite Index .IXIC added 1.92 points, or 0.12perent, at 1,647.94.The tehnology-laed Nasdaq Composite Index .IXIC dipped 0.08 of a point to1,646.Figure 4.1: Examples: Paraphrasing and non-paraphrasing. Words in itali fontare the prediates of the PATs found to be similar or oniting, and the underlinedtext span, an extra PAT, is extraneous regarding paraphrase judgment.while the seond is not. The paraphrasing pair (also denoted as the +pp lass)use di�erent words, embodying the lexial variations in PR. Fousing just on thematrix verbs, we note there are di�erenes between not only \injured" and \hurt",but also the voies they are used in. Just as in an STC system, a PR system shouldbe equipped with linguisti analyzers to detet suh semanti similarities. Other-wise, the two sentenes ould look even less similar than the two non-paraphrasingsentenes, suh as the two in the seond pair.Also in the paraphrasing pair, the �rst sentene inludes an extra phrase\Authorities said". Human annotators tend to regard the pair as a paraphrase, evenwith the presene of this extra information nugget. Suh paraphrases are ommonin daily life. For example, in news artiles desribing the same event, paraphrasesare widely used by di�erent reporters, possibly with various extraneous information.This leads to the seond issue: how to reognize when suh extra information isextraneous with respet to the paraphrase judgment.Formally, for a pair of sentenes to be a paraphrase, they must possess twoattributes:1. Similarity: they share a substantial amount of information nuggets;2. Dissimilarities are extraneous: if extra information in the sentenes ex-



32ists, the e�et of its removal is not signi�ant.I equate PR with solving these two issues, presenting a natural two-phase arhi-teture. In the �rst phase, the nuggets shared by the sentenes are identi�ed bya pairing proess. The PAT similarity measure omes in here to ahieve this. Inthe seond phase, any unpaired nuggets are lassi�ed as signi�ant or not (leadingto �pp and +pp lassi�ations, respetively). If the sentenes do not ontain un-paired nuggets, or if all unpaired nuggets are insigni�ant, then the sentenes areonsidered paraphrases.4.3 Similarity Detetion through PAT PairingAssuming the ontent of a sentene an be estimated by omprehending all its verb-entri text spans, it is valid to use PATs to approximate the information nuggetsof interest. I design a system that makes PR judgments by deteting similar PATsand diserning the signi�ant extra PAT(s). An overview of the system is shownin Figure 4.2. Thus, there are two key analyzers in it: a similarity detetor and adissimilarity lassi�er.For pre-proessing, a pair of sentenes are �rst fed to a syntati parser(Charniak, 2000) and passed to ASSERT to label PATs. As a running example,Table 4.2 shows three sentenes: one model sentene in the middle olumn andtwo edited versions on the left and right olumns. Their PATs are shown underthem in the same olumn. Following the pair-of-sentenes PR task, we an seethat the model sentene forms a paraphrasing pair with the left version and anon-paraphrasing pair with the right version.Using the proposed similarity measure for PATs, I then proeed to pairPATs in the sentene pair using a greedy iterative algorithm. It is similar to theompetitive linking algorithm desribed in (Melamed, 2000). The algorithm loates
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Figure 4.2: Paraphrase reognition arhiteturethe two most similar PATs from eah sentene, pairs them together and removesthem from further onsideration. Then with the remaining PATs, it pairs the twoseond-most similar ones, removes them, and seeks the next pair, et. This pairingproess stops when the similarity of the subsequent best pair is below a similaritythreshold (tuned to 0.5 by the development set) or when all the possible PAT pairsare exhausted.This almost ompletes the pairing proess. However, ASSERT only identi�es



34Modi�ation 1: Modi�ation 2:paraphrase Model Sentene non-paraphraseSentene Rihard Miller was hurtby a young man. Authorities said a youngman injured Rihard Miller. Authorities said RihardMiller injured a young man.(Paired)PATs target: saidarg0: Authoritiesarg1: a young maninjured RihardMiller target: saidarg0: Authoritiesarg1: Rihard Miller in-jured a young mantarget: hurtarg0: a young manarg1: Rihard Miller target: injuredarg0: a young manarg1: Rihard Miller target: injuredarg0: Rihard Millerarg1: a young manTable 4.2: Similarity Detetion: pairing of PATsverb-entri text spans and it ignores other text spans suh as opular onstrutionsor NPs representing ations. But some opular onstrutions ould be semantiallyequivalent to PATs. Consider the pair \Mirosoft rose 50 ents" and \Mirosoftwas up 50 ents", the seond of whih is in opular form. Sometimes these opularonstrutions ould aount for a large proportion of semanti meaning in sentenesand therefore we annot a�ord to ignore them. Similarly, NPs an often be equiv-alent to PATs when ations are nominalized. For instane, an NP that reads \(beblamed for) frequent attaks on soldiers" is equivalent to a PAT: \(be blamed for)attaking soldiers". In these two ases, I inlude the opular onstrutions or theNPs in the pairing proess. Spei�ally, a PAT is allowed to pair with the predia-tive argument (e.g., 50 ents) of a opula, or (the head of) an NP in the opposingsentene. As these heuristi mathes may introdue errors, I resort to these meth-ods of PAT mathing only in the ontingeny when there are unpaired PATs, i.e.,if unpaired PATs still exist in a given sentene pair after the PAT-only pairing, Ifurther examine the opular onstrutions and NPs in the opposing sentene forpossible pairings.The whole proess results in a one-to-one mapping with possibly some PATs



35left unpaired. The urved arrows in Table 4.2 denote the orret results of PATpairing: two PATs are paired up if their target and shared arguments are identialor similar, otherwise they remain unpaired even if the \bag of words" they ontainare the same.4.4 Dissimilarity Signi�ane Classi�ationIf some PATs remain unpaired in a sentene, they are extra information nuggets ordissimilar parts of the sentene and need to be further analyzed by the dissimilaritylassi�er. Suh dissimilarities ould be just extraneous or they ould be semantiallyimportant, reating a barrier for paraphrase. I frame this as a supervised mahinelearning problem in whih a set of features are used to inform the lassi�er whetheran unpaired PAT is signi�ant or not. The Support Vetor Mahine framework(Vapnik, 1995) is hosen as the learning model as it has been shown to yield goodperformane over a wide range of appliations. I experimented with a set of featuresof unpaired PATs, inluding internal ounts of numeri expressions, NEs, words,semanti roles, whether they are similar to other PATs in the same sentene, andontextual features like host/opposing sentene length and number of paired PATs.Currently, only two features are orrelated in improved lassi�ation:Syntati Parse Tree Path: This is in fat a series of features that reethow the unpaired PAT onnets with the ontext: the rest of the sentene. It modelsthe syntati onnetion between the onstituents on both ends of the path (Gildeaand Palmer, 2002; Pradhan et al., 2004). Here, I model the two ends of the path asthe unpaired PAT and the already-paired PAT with the losest shared anestor, andmodel the path itself as a direted sequene of onstituent POS tags that reahes thedestination (the paired target) from the soure (the unpaired target) via the sharedanestor. For example, the PATs with target \injured" are unpaired when themodel sentene and the non-paraphrasing modi�ation in Table 4.2 are ompared.



36In the non-paraphrasing modi�ation, a path \"V BD;"V P;"S;"SBAR;"V P;#V BD" linksthe unpaired target \injured" to the paired target \said", as shown in Figure 4.3.If no PATs have been paired in the sentene pair, the destination defaults to theroot of the syntati parse tree.*VPhhhhhh((((((+VBDsaid *SBAR*Shhhhhh((((((NPaaa!!!NNPRihard NNPMiller *VPXXXX����*VBDinjured NPXXXX����DTa JJyoung NNmanFigure 4.3: Syntati parse tree pathThe syntati path an at as partial evidene in signi�ane lassi�ation.In the above example, the ategory tag \V BD" assigned to \injured" indiates thatthe verb is in its past tense. Suh a PAT bears the main ontent of the senteneand generally an not be ignored if its meaning is missing in the opposing sentene.Another example is shown in Figure 4.4. Here, the seond sentene has one unpairedtarget \proposed" while the rest all �nd their ounterpart. The path we get fromthe syntati parse tree reads \"V BN;"NP;"S; :::", showing that the unpaired PAT(onsisting of a single prediate) is a modi�er ontained in an NP. It is likely to beignored if there is no ontradition in the opposing sentene.In the implemented PR system, I represent the syntati path by a set of n-gram features (n � 4) of subsequenes of ategory tags found in the path, along withthe respetive diretion. These n-gram features are on�ned within four ategorytags away from the unpaired target, as the primary onern with this feature is tomodel what role the unpaired PAT plays in its sentene.Prediate: This seond feature is the lexial token of the target of theunpaired PAT, as a textual feature. As this feature is liable to run into the data



37Sheena Young of Child, the national infertility support network, hoped the guide-lines would lead to a more \fair and equitable" servie for infertility su�erers.Sheena Young, a spokesman for Child, the national infertility support network,said the proposed guidelines should lead to a more \fair and equitable" servie forinfertility su�erers. *Shhhhhhh(((((((*NPhhhhhh((((((DTthe *VBNproposed NNSguidelines +VPPPPP����MDshould +VPaaa!!!+VBlead PPto a moreFigure 4.4: Unpaired prediate argument tuple ating as a modi�er in a paraphrasesparseness problem, the semanti ategory of the target would be a more suitablefeature. However, verb similarity is generally regarded as diÆult to measure, bothin terms of semanti relatedness as well as in �nding a onsistent granularity for verbategories. I investigated using WordNet as well as Levin's lassi�ation (Levin,1993) as additional features on the validation data, but urrently, using the lexialform of the target works best.4.5 Data Set and PreparationFor the experiments detailed in the next setion, I utilize two widely-used orporafor paraphrasing evaluation. The �rst is the Mirosoft Researh Paraphrase Corpus,onsisting of 5801 newswire sentene pairs, 3900 of whih are annotated as seman-tially equivalent by human annotators. It reets the ordinary paraphrases thatpeople often enounter in news artiles, and may be viewed as a typial domain-independent paraphrase reognition task that NLP systems need to deal with. TheMSR orpus omes divided into standard training (70%) and testing (30%) divi-sions, the same partition I follow in my experiments. ASSERT (the SRL) showsthat for this orpus a sentene ontains 2.24 PATs on average. The seond orpus



38is the �rst PASCAL Reognizing Textual Entailment (RTE) Challenge orpus (Da-gan, Glikman, and Magnini, 2005), of whih I only use its paraphrase aquisitionsubset. This is muh smaller, onsisting of 50 pairs, whih I employ for testing onlyto show the portability of the two-phase PR approah.Currently, no training orpus for PAT signi�ane exists. But suh a orpusis indispensable for training the dissimilarity signi�ane lassi�er. Rather thanmanually annotating training instanes, I devise an automati method to onstrutsuh instanes from the training division of the MSR orpus. This is possible asthe paraphrase judgments in the orpus imply whih portions of the sentene(s) aresigni�ant barriers to paraphrasing or not, as desribed below.Here, the similarity detetor is used to unover andidate dissimilarities fortraining orpus onstrution. For pairs of sentenes with paraphrase annotation, ifunpaired PATs exist after the greedy pairing, I lassify them along two dimensionsby whether the sentene pair is a (non-)paraphrase, and the soure of the unpairedPATs:1. [PS℄ paraphrasing pairs and unpaired PATs are only from a single sentene.There are 903 suh sentene pairs in the training division and they aountfor around 38% of all the sentene pairs (2388 of them) in the training divisionthat have unpaired PATs;2. [NS℄ non-paraphrasing pairs and only one single unpaired PAT exists (21%);3. [PM℄ paraphrasing pairs and unpaired PATs are from multiple (both) sen-tenes (19%);4. [NM℄ non-paraphrasing pairs and multiple unpaired PATs (from either oneor both sentenes) exist (the remaining 21%).I assume that the similarity detetor pairs PATs with high preision but notneessarily high reall, as the experiments will validate shortly. Aordingly, for the



39�rst two ategories, the paraphrasing judgment is diretly linked to the unpairedPATs. PS instanes are therefore used as insignifiant lass instanes, and NSas signifiant ones. The other two ategories are not suitable for training. Forthe NM instanes it is unlear whih of them in the sentene pair is responsiblefor the non-paraphrasing, while for the PM instanes it is unsafe to regard themall as insigni�ant sine some ould just be unpaired mistakenly as a result of thesimilarity detetor's relatively low reall. Sentenes that fall into these two latterategories are thus disarded in the training orpus onstrution proess.4.6 ExperimentsFor evaluation, I ondut both omponent evaluations as well as a holisti one,resulting in three separate experiments. In evaluating the PAT similarity measure,or the similarity detetor, the aim is to show high preision, so that sentenes thathave all PATs paired an be safely assumed to be paraphrases. Furthermore, high-preision PAT pairing baks the deision of using PS and NS PATs as traininginstanes for the dissimilarity lassi�er. In evaluating the dissimilarity lassi�er,I simply aim for high auray. In the overall system evaluation, I ompare theproposed two-phased system versus other PR systems on the standard orpora.4.6.1 Annotation: PAT Pairs and Signi�ane of UnpairedTo assess the omponent performane, I need additional ground truth beyond thef+pp, �ppg labels provided by the paraphrase orpora. For the �rst evaluation,I need to asertain whether a sentene pair's PATs are orretly paired. For theseond, I need to asertain whih PATs (if any) are responsible for a �pp instane.However, reating ground truth by manual annotation is expensive, and thus I onlysampled the data set to get an indiative assessment of performane. I sampled 200



40random instanes from the MSR orpus testing division, and �rst proessed themthrough the �rst phase of analysis, i.e., similarity detetion. Then, �ve humanvolunteers annotated the ground truth for PAT pairing and the semanti signif-iane of the unpaired PATs. They also independently ame up with their ownf+pp,�ppg judgment so the reliability of the provided annotations ould also beveri�ed. During this proess, the sentene pairs were one by one randomly assignedto the annotators: whenever one �nished proessing a pair he or she got a new one.This assignment poliy ended up with an uneven distribution among the annotators(67, 46, 37, 31 and 19 pairs, respetively), partially beause of di�erent levels offamiliarity with the problem.MSR Corpus Label +pp -ppsystem predition orret? T F T F total# sentene pairs 85 23 55 37 200# labelings that Human & Corpus agree 80 19 53 35 187# PAT pairs by System 80 6 36 35 157# orret PAT pairs (Human & System agree) 74 6 34 30 144# missed PAT pairs (aording to Human) 11 10 5 5 31# signi�ant unpaired PATs (aording to Human) 6 4 69 51 130# signi�ant unpaired PATs (aording to System) 0 32 70 0 102# signi�ant unpaired PATs(Human & System agree) 0 4 43 0 47# -pp for other reasons 0 0 5 2 7Table 4.3: Human annotations vs. MSR orpus annotations and system outputThe results of this further annotation and its omparison with system out-put are shown in Table 4.3. Examining this data, one of the observations is thatalthough the MSR orpus used strit means of resolving inter-rater disagreementsduring its onstrution, the loal annotators agreed with the MSR orpus labelsonly 93.5% (187/200) of the time. This to some extent on�rms the diÆulty ofmaking paraphrase judgments.



414.6.2 Similarity Detetor: High PreisionTable 4.3 also shows the performane of the PAT similarity measure. Similar PATsare often paired orret by the similarity detetor, despite the assumption of a one-to-one mapping. Out of the 157 PAT pairs identi�ed through similarity detetion,annotators agreed that 144 (92%) are semantially similar or equivalent. Mean-while, 31 similar pairs were missed by the system, resulting in an 82% reall. Inother words, the PAT similarity measure has relatively high preision but low reallat deteting similar PATs, onsistent with the high-preision-low-reall assumptionI used while �ltering training instanes for the dissimilarity lassi�er.I also estimated how the PAT similarity measure an be a�eted when theSRL makes mistakes { by failing to identify arguments or assigning semanti rolesinorretly. Out of 94 ground-truth PAT pairs, the SRL mislabels 43 of them. ThePAT pairs free of labeling errors are all orretly paired. Among those mislabeledPATs, the similarity detetor failed to pair around 30%. The remaining 70% arenonetheless suessfully paired. These mislabeled but orretly paired PATs dohave a negative impat to the PAT similarity though: their mislabeled argumentsare either not aligned or misaligned during similarity alulation. In response tothis, the parameter tuning proess tends to inrease the weight wtarget in Equation4.1. A saving grae is that labeling errors rarely lead to inorret pairing (one suhinstane out of all the examined sentenes).As suh, the labeling errors impat the PR system mainly in two ways:� They aused similar PATs that should have been paired up to be added aspotential noise in the dissimilarity lassi�er's training set; and� Paired PATs with labeling errors erroneously inrease the target weight inEquation 4.1 through the training proess.On the other hand, a further analysis reveals how the thesaurus ould lead to an



42inorret PAT similarity outome in some ases, usually when ombined with inor-ret semanti role labels. Compared to preision, the reall of the PAT similaritymeasure requires more attention. Similar PATs fail to pair up beause of two majorthesaurus-related issues:� The verb prediates do not appear to be similar to the thesaurus while impor-tant arguments of the PATs are not orretly extrated by the SRL. Whileomprehensive ompared to other soures, the overage of the thesaurus is notlose to perfet. Quite often it does not reognize some similar word pairs.Observed pairs of examples inlude \enter" and \in�ltrate", \reate" and\start" (a ompany), \exhibit" and \show", and \estimate" and \judge", et.This false negative thesaurus error is far more frequent than the false positive{ mistakenly suggesting two words as similar. When ombined with inor-ret/inomplete SRL output, this often leaves the similar PATs unpaired.In fat, this aounts for the major part of the loss in the PAT similaritymeasure's reall.� Some PATs require ommonsense world knowledge to infer their similarity.For instane, one \is imprisoned" means he or she is \serving" a sentene,one \owns" something after someone \gave" it to him or her. Suh ases arebeyond the apability of the designed PAT similarity measure, assuming onlylexial variations in similar PATs and aordingly employing a thesaurus forsynonym information.Oasionally, some dissimilar PATs are inorretly alulated as similar, a�etingthe preision of the measure:� In most suh ases, the two PATs are otherwise similar exept for that somepartiular arguments of them di�er in their ontents, espeially as numerivalues. For the paraphrasing task, these arguments need to be idential or



43quantitatively very lose. However, for STC larger di�erenes between argu-ments are aeptable sine the partiipants of the same ation are expetedto hange from one event to another;� In less frequent ases, the thesaurus inorretly suggests high similarity sorefor the verb prediates of two PATs. This almost always leads to a falselyhigh overall similarity sore for the PR task, given the two PATs' argumentstend to be similar in the MSR orpus. This problem will be even less evidentin STC beause of, again, the expeted di�erent partiipants in the input.Similar to the SRL, the thesaurus is likely to ontribute noise to the dissimi-larity lassi�er's training data when its errors a�et the reall of the PAT similaritymeasure.4.6.3 Dissimilarity Classi�er: High ReallTo assess the dissimilarity lassi�er, I �rst use the �pp subset of 55 instanesreognized orretly by the system (also highlighted in Table 4.3). For 43 unpairedPATs from 40 sentene pairs (40/55 = 73%), the lassi�er's laims agree with theannotators' judgments that they are signi�ant. In addition to this ground truthsampled evaluation, I also show the e�etiveness of the lassi�er by examining itsperformane on PS and NS PATs in the MSR orpus as desribed in Setion 4.4.The test set onsists of 413 randomly seleted PS and NS instanes among whih145 are signi�ant (leading to non-paraphrases). The lassi�er predits signi�anefor unpaired PATs at an auray of 71%, outperforms a majority lassi�er (65%), again whih is marginally statistially signi�ant (p < :09). Here is the ontingenytable showing the result:ground truth signi�ant insigni�ant112 263 insigni�ant by lassi�er33 5 signi�ant by lassi�er
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Figure 4.5: Dissimilarity lassi�er performaneFrom both the ontingeny table and the diagram in Figure 4.5, we an seethe lassi�er lassi�es the majority of insigni�ant PATs orretly, whih is e�e-tively a 98% reall of insigni�ant PATs. However, the preision is less satisfatory:112 out of 375 (30%) PATs lassi�ed as insigni�ant are atually signi�ant enoughto be paraphrase barriers. As mentioned before, this is partially due to PATsthat fail to be paired up with their ounterpart. Suh noise is found among theautomatially olleted PS instanes used in dissimilarity lassi�er training.Below are some examples of unpaired PATs (underlined) that are signi�antenough to be paraphrase barriers. These examples give an indiative ategorizationof what signi�ant PATs are and their estimated orpus frequeny (when PATs arethe reasons; I examined 40 suh ases for this estimation). These examples have onething in ommon, i.e., every ase involves substantial information that is diÆultto infer from what has been given. Suh PATs appear as:1. (40%) the nuleus of the sentene (often the matrix tuple):Mihael Hill, a Sun reporter who is a member of the Washington-Baltimore Newspaper



45Guild's bargaining ommittee, estimated meetings to last late Sunday.2. (30%) a part of a oordination:Seurity lights have also been installed and polie have swept the grounds for booby traps.3. (13%) a prediate of a modifying lause:Westermayer was 26 then, and a friend and former manager who knew she was unhappyin her job tipped her to another position.4. (7%) an adjunt:While waiting for a bomb squad to arrive, the bomb exploded, killing Wells.5. (7%) an embedded sentene:Dean told reporters traveling on his 10-ity \Sleepless Summer" tour that he onsideredampaigning in Texas a hallenge.6. (3%) or fatual ontent that onits with the opposing sentene:Total sales for the period delined 8.0 perent to USD1.99 billion from a year earlier.Wal-Mart said sales at stores open at least a year rose 4.6 perent from a year earlier.4.6.4 Paraphrase Reognition ResultsFor the system-wide evaluation, I implemented two baseline systems: a majoritylassi�er and SimFinder (Hatzivassiloglou et al., 2001), a bag-of-words sentenesimilarity module inorporating lexial, syntati and semanti features. In Table4.4 omparing all the systems' performane over the MSR orpus, preision andreall are measured with respet to the +pp lass. The table shows sentene pairsfalling under the olumn \pairs without unpaired PATs" are more likely to be para-phrasing than an arbitrary pair (79.5% versus 66.5%). Furthermore, in the sampledhuman evaluation of the MSR orpus in Table 4.3, among the 88 non-paraphrasinginstanes in whih our annotators agreed (53 orretly and 35 inorretly judged bymy two-phase PR system) with the ground truth, the ause of the �pp is orretlyattributed in 81 ases to one or more PATs. For these ases, the system is able to
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47both reognize that the sentene pair is not a paraphrase and further orretly es-tablish the ause responsible for the non-paraphrase. Only for 7 ases (as shown inthe last row) the auses are ontained in non-PAT representations suh as opularonstrutions, nominalized phrases, et. These justify using PATs to represent theinformation nuggets for PR (and STC).The results for the experiment benhmarking the overall system performaneare shown under the \Overall" olumn: the proposed two-phase PR system per-forms omparably to the baselines at both auray and paraphrase reall. The sys-tem performane reported in CM05 (Corley and Mihalea, 2005), whih is amongthe best I am aware of, is also inluded for omparison.I also ran the system without retraining on the 50 instanes in the PASCALparaphrase aquisition subset of the RTE1 dataset. Again, the system performane(as shown in Table 4.5) is omparable to the baseline systems.Some example paraphrasing ases that are problemati for the urrent systemdesign are:1. Non-literal language issues suh as impliature, idiom, metaphor, et. arenot addressed in my urrent system. When suh a PAT implies another, the pairis less similar than a thesaurus an suggest, ausing the pairing to fail. As pointedout earlier in Setion 4.6.2, ommon world knowledge is required to resolve suhases:+pp, Later in the day, a stando� developed between Frenh soldiers and a Hema bat-tlewagon that attempted to pass the UN ompound.Frenh soldiers later threatened to open �re on a Hema battlewagon that tried to pass nearthe UN ompound.2. A paraphrasing pair may exeed the systems' threshold for syntativariation, or some key information is not reeted within just PATs:+pp, With the exeption of daning, physial ativity did not derease the risk.



48Daning was the only physial ativity assoiated with a lower risk of dementia.3. One or more unpaired PATs exist, but their signi�ane annot be las-si�ed orretly without inferene:+pp, Inhibited hildren tend to be timid with new people, objets, and situations, whileuninhibited hildren spontaneously approah them.Simply put, shy individuals tend to be more timid with new people and situations.In the MSR orpus, the �rst ategory of error ases is more frequent thanthe other two. However, I believe that all of them are equally omputationallyhallenging sine substantial inferene power is required before these paraphrasesan be orretly identi�ed.4.7 DisussionFor similarity between PATs, negation and modality have yet to be addressed. Astheoretially important as they are, they aount for only a tiny fration of theMSR orpus. These issues are unlikely to have a great impat to the STC systemeither.Beause of the way it obtains word similarity, this PAT similarity measureis tailored for STC rather than for PR. It depends on Lin's thesaurus for wordsimilarity information. The thesaurus views entities as similar as long as theybelong to the same semanti ategory. Thus it is appropriate to say that the PATsimilarity measure atually detets several semantially similar expressions for anation, where the partiipants an be quite di�erent { the normal situation in STC.But for the task of PR, the shared arguments must dereferene to the same identity.So ertain adjustments to the PAT similarity measure are neessary to make it moreaurate for PR tasks. However, as far as the seleted MSR orpus is onerned,there exist only a small, limited number of non-paraphrase ases for whih it isruial to disern two di�erent entities of the same semanti ategory. Thus, I



49deided to keep the PAT similarity measure in an STC on�guration even when itis used for the PR task.4.8 Related Work on Paraphrase ReognitionIn this hapter, I take a verb-entri perspetive in PR and show an example ofa suessful PR system that deomposes sentenes into PATs, �nds overlappingPATs and judges paraphrase by the signi�ane of the extra PATs. There areother PR approahes that similarly onentrate on meaningful verb-entri textspans and infer paraphrase from their overlapping situation. However, breakingsentenes into suh meaningful text spans is not a must for PR. A lot of PR researhombines similarities between individual words or syntatially but not semantiallymotivated text spans. I will review the related PR researh approahes ordered bysuh basi linguisti elements: from words to syntatially motivated text spans,followed by semantially motivated text spans.Possibly the simplest approah to PR is an information retrieval (IR) based\bag-of-words" strategy. This strategy alulates a osine similarity sore based onoverlapping words. Alternatively, other nonlinear formulas suh as the Sumo-Metri(Cordeiro Joao and Pavel, 2007) had also been proposed. If the similarity exeeds athreshold (either empirially determined or learned from annotated training data),the sentenes are paraphrases. In this basi approah, standard morphologial pre-proessing suh as stemming an be applied to onate similar words. (Corley andMihalea, 2005; Brokett and Dolan, 2005; Kozareva and Montoyo, 2006) all repre-sent PR systems that an be broadly ategorized as IR-based. Thesauri, inludingLin's thesaurus and WordNet were used to provide similarity sores between dif-ferent words. In (Corley and Mihalea, 2005), the authors de�ned a diretionalsimilarity formula reeting the semanti similarity of one text \with respet to"another. The mean of the similarities of both diretions is the overall similarity



50of the pair, whih indiates paraphrasing when above a threshold. (Brokett andDolan, 2005; Kozareva and Montoyo, 2006) represented a sentene pair as a fea-ture vetor, inluding features for sentene length, edit distane, number of sharedwords, morphologially similar word pairs, synonym pairs (as suggested by the the-sauri), among others. Classi�ers suh as SVM were then trained to obtain themodels for f+pp;�ppg lassi�ation.Strategies based on bag-of-words largely ignore the semanti interations be-tween words. (Weeds, Weir, and Keller, 2005) addressed this problem by utilizingparses for PR. Their system for phrasal paraphrases equates paraphrasing as dis-tributional similarity of the partial sub-parses of the andidate texts. (Wu, 2005)'sapproah relies on the generative framework of Inversion Transdution Grammar(ITG) to measure how similarly two sentenes arrange their words based on editdistane. In (Zhang and Patrik, 2005), they used the Minipar dependeny parser(Lin, 1998b) to onvert passive onstrutions into ative ones before applying IRanalysis similar to that of (Kozareva and Montoyo, 2006).(Barzilay and Lee, 2003) proposed to apply multiple sequene alignment(MSA) for sentene-level PR. Given multiple artiles on a ertain type of event,sentene lusters were �rst generated. Sentenes within the same luster, presum-ably similar in struture and ontent, were then used to onstrut a lattie with\bakbone" nodes orresponding to words shared by the majority and \slots" orre-sponding to di�erent realizations of arguments. If sentenes from di�erent lustershad shared arguments, the assoiated latties were deemed paraphrases. It shouldbe noted that this approah is geared towards aquiring paraphrases rather thandeteting them, and as suh has the disadvantage of requiring a ertain level ofrepetition among andidates for paraphrases to be reliably reognized.So far, all of these PR approahes break down sentenes into small unitssuh as individual words or syntati subtrees. These deompositions result in text



51spans that are not guaranteed to be semantially meaningful by themselves. Notsurprisingly, the assoiated omputation proess sometime fails to reveal what in-formation nuggets are shared even when the similarity value is high. There are afew PR systems that expliitly segment the sentenes into meaningful parts, thatwhen taken altogether ontribute to the overall similarity. These are the ones thatare loser to STC systems. For instane, (Andreevskaia, Li, and Bergler, 2006)extrated partial prediate-argument strutures (PPASs), aligned them by trans-forming any passive verb onstrutions, and used WordNet to see whether eahPPAS from one sentene had a similar ounterpart in another sentene. Besides(Andreevskaia, Li, and Bergler, 2006), there exists researh spei�ally address-ing subsentene level paraphrases. For instane, (Shinyama et al., 2002) identi�edparaphrases from extrated IE patterns, relying on shared NEs as an indiator ofparaphrasing. Dealing with subsentene level verb-entri text span similarity asSTC systems need to, these PR approahes touh the main hallenges of STC: lex-ial variation and syntati variation. But (Andreevskaia, Li, and Bergler, 2006)only partially normalized syntati variations. When an ation is realized by verbswith di�erent sub-ategorization frames, onverging passive and ative onstru-tions still does not align their arguments properly. The NE reliane of (Shinyamaet al., 2002) renders lexial variations, partiularly those involving ommon nouns,problemati. So none of them is suitable for the task of STC, even when the\idential-partiipant" onstraint is relaxed.4.9 ConlusionsFrom STC's point of view, the main outomes of this PR study are that 1) PATsare experimentally shown to be a suitable representation of the information nuggetsin texts; and 2) a new PAT similarity measure is developed and evaluated in a PRsetting.



52A PAT is a onise representation of an ation. The ation, its partiipantsand the interations between these partiipants are all represented in a PAT. Inaddition, the possible di�erenes in the syntati onstrutions of ations are trans-parent in PATs and all the partiipants are simply aligned by their semanti roles{ a formation that failitates the desired similarity alulation for verb-entri textspans. I adapted a statistial thesaurus for use in the PAT similarity measure. Thisthesaurus features high overage, espeially for NEs, and is expandable when ne-essary. My evaluation showed the PAT similarity measure based on it has highpreision when pairing up similar PATs. However, its reall in this respet is lesssatisfatory. As an important omponent in CASTle, this PAT similarity measurerequires areful system design so its full analytial power an be utilized.The testbed PR system is a novel appliation in itself: a supervised, two-phase framework emphasizing dissimilarity lassi�ation. To emulate human PRjudgment in whih insigni�ant, extraneous information nuggets are generally al-lowed for a paraphrase, I estimated whether suh additional information nuggetsa�et the �nal paraphrasing status of a sentene pair. This approah, unlike previ-ous PR approahes, has the key bene�t of explaining the ause of a non-paraphrasesentene pair. The evaluations showed that the system obtains 1) high aurayfor the similarity detetor in pairing PATs, 2) robust dissimilarity lassi�ationdespite noisy training instanes and 3) omparable overall performane to urrentstate-of-the-art PR systems. To my best knowledge this is the �rst work that tak-les the problem of identifying what fators prevent a sentene pair from being aparaphrase.As the PAT similarity measure introdued in this hapter just onsiders theinternal semanti roles (the target and its arguments) of PATs, it alulates only theintrinsi part of the PAT similarity. However, due to the diÆulty of the problem,



53this similarity measure is not always aurate. In partiular, it fails to orretlyidentify some similar PAT pairs. To ensure an optimal performane for STC, thereall level of this similarity measure needs to be improved.There is a solution. We note that for the task of STC, the input onsists ofomplete news artiles that normally ontain multiple sentenes. This means thatwe an make use of ontexts spanning multiple sentenes for a better understand-ing of PATs. In the following hapter, I will disuss how the extrinsi similarity ofPATs an be modeled and alulated. By taking ontexts into onsideration, sys-tematially ombining it with the PAT intrinsi similarity, we expet it to improvethe alulation of PAT similarity for the prototype STC system.



54
Chapter 5

Extrinsi Textual Similarity andContext Sensitive Clustering
In this hapter, to ahieve a more robust overall similarity, I introdue a methodto model the extrinsi similarity of PATs, and inorporate this into the overallsimilarity measure. Furthermore, I propose a graphial framework for STC whereboth the intrinsi and extrinsi PAT similarities are integrated. The ore of thisframework is a generi Context Sensitive Clustering algorithm (CSC for short). Theprototype implementation, CASTle, yields enhaned system performane.5.1 MotivationI have shown previously in Setion 4.6 that the PAT intrinsi similarity measurehas high preision but low reall. In other words, not all the semantially similarPATs an be aptured by this measure. We expet that its low reall would have anegative impat in STC without proper measures to deal with it. Fortunately, thetask of STC has aess to more voluminous input than the task of PR, whih anbe turned into an advantage to address this weakness. While there are only two



55(a)Charley landed further south on Florida's Gulf oast than pre-dited, ... The hurriane ... has weakened and is moving over SouthCarolina.At least 21 others are missing after the storm hit on Wednesday..... But Tokage had weakened by the time it passed over Japan'sapital, Tokyo, where it left little damage before moving out to sea.(b)Charley landed further south on Florida's Gulf oast than pre-dited, ... The hurriane ... has weakened and is moving over SouthCarolina.At least 21 others are missing after the storm hit on Wednesday..... But Tokage had weakened by the time it passed over Japan'sapital, Tokyo, where it left little damage before moving out to sea.Figure 5.1: Contextual evidene of similarity for PATs that possibly have low in-trinsi similarity. When no ontexts is given in part (a), two PATs with prediates\land" and \hit" from two artiles appear less similar than they atually are. Inpart (b), their ontexts are shown and the ars indiate the similar ones, providingevidene that they are semantially similar.individual sentenes providing limited information in a PR setting, an STC systemhas a set of news artiles as input at its disposal. This larger amount of texts o�erextra lues needed for PAT similarity alulation. Spei�ally, the ontexts of thePATs available from the input artiles are a valuable resoure that have yet to beexploited. (Lin, 1997) hypothesized that di�erent words are likely to be similarif they \our in idential loal ontexts". Should there be an STC system thatsimilarly integrates suh extrinsi information, the overall performane of the STCsystem may improve.An illustrative example is shown in Figure 5.1. It onsists of two exerptsfrom artiles about the senario Storm. For the semantially similar PATs withprediates \hit" and \land", they are not guaranteed to have high intrinsi simi-



56larity, as the phrase \Charley landed" in isolation ould be interpreted as a planelanded, a person landed, et., as well as a storm landed (made landfall). But theontextual similarity of these two PATs is high, as both are followed by PATs withsimilar subjets (hurrianes) and the same verbs (e.g. \weaken" and \move").Alongside the PAT intrinsi similarity, this extrinsi similarity here provides addi-tional evidene that the two PATs are atually playing omparable roles in thesetwo artiles. This is what motivates me to ombine these two omplementary partsof PAT similarity in the ontext-rih STC task.More spei�ally, Figure 5.2 visualizes oneptually how the resulting CSCalgorithm detailed later in this hapter omplements intrinsi similarity with extrin-si similarity. What is depited on the right hand side of the �gure is the behaviorof CSC. As a omparison, the left hand side of the �gure shows the behavior ofthe agglomerative lustering algorithm, a typial lustering algorithm using onlyintrinsi similarity.Assume that we need to luster a set of elements E = fAi; Bi; :::g, i =1; 2; :::; N , where elements with the same apital letter are similar and should belustered together, and the subsripts denote a ontextual onstraint: ontextualrelations exist only between a subset of elements with the same subsript. Supposewe an alulate the intrinsi similarity between the elements, with oasional er-rors due to unreliable measurement. Assume also that we an alulate a relationsore for ontextually onneted elements. Without loss of generality, let us fur-ther assume that this ontextual relation is di�erent from the elements' intrinsisimilarity.



57Agglomerative Clustering C4C5C1 C2C3B4B5B2B6B3 Y4A1 A3A2A4A5 A6
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Figure 5.2: An example where similar ontexts improve lustering by suggestingsemanti similarity.



58The three diagrams on the left of Figure 5.2 illustrate how the agglomerative lus-tering algorithm responds to a syntheti data set. The top one shows three lustersA, B and C, orresponding to elements As, Bs and Cs, that are formed at an in-termediate stage. Elements A1, B1 and an irrelevant Y4 are left unlustered (or assingleton lusters). When the agglomeration proeeds with a lower luster mergingthreshold, element B1 would be orretly merged into B, as shown in the middlediagram. Element A1 will merge with A only when the threshold is further redued(as in the bottom diagram) beause it is farther away from A than B1 is fromB. With this same threshold, however, Y4 will also beome part of A. When thealgorithm fouses only on the intrinsi similarity, it is diÆult to distinguish noiseelements (e.g., Y4) from those that should be lustered.As CSC onsiders both intrinsi and extrinsi similarities, ontextual infor-mation is no longer negleted during lustering. The three diagrams on the right ofFigure 5.2 illustrate how this is ahieved. Let us assume that CSC begins with thesame three intermediate lusters as those of the agglomerative lustering algorithm,with A1, B1 and Y4 left out as singletons (as shown in the top right diagram). Inthis example, let us say CSC �nds elements A2, A3 and C2, C3 ontextually on-neted by relations A2 $ C2 and A3 $ C3. Also, the singleton A1 is onnetedwith C1, an element in C, and the relation A1 $ C1 is similar to the above men-tioned relations between A and C. In this ase we an say that element A1 andsome elements in A are similarly ontextually onneted to similar ontexts { theelements in C. I equate this type of similarity as extrinsi similarity. The extrinsisimilarity between A1 and other As provide additional evidene that A1 is indeedsimilar to the elements in A. In ontrast, beause element Y4 is not similar to theAs, there would not be any ontextual relation linking it with its possible ontextC4. So the extrinsi similarity between Y4 and the As would be very low.The di�erene between A1 and Y4's extrinsi similarities helps CSC to or-



59retly merge A1 into A and leave Y4 out, progressing to another intermediate resultshown in the middle right diagram. Being similar to the identi�able ontextual re-lations between A and B, now the ontextual relation A1 $ B1 shows the elementB1 has a high extrinsi similarity with the Bs already in B. So B1 an be orretlymerged with B, with the new ontextual evidene emerged after A1 was merged inA. It is worth pointing out that ontextual relations reet a relative relation-ship between two elements. Without knowing A1 is in A, it does not make muhsense to ompare the relation A1 $ B1 with those onneting A and B (whenarranging B1). Alternatively, it is absolutely possible for B1 to be �rst orretlylustered to B, and later adding this similarity to the extrinsi similarity betweenA1 and other As' already in A. A1 and B1 just annot be used to alulate anyextrinsi similarity for eah other while both are still oating outside any luster.If CSC employs B1's extrinsi similarity, it an merge B1 into B. As shown inthe bottom right diagram, now the three lusters appear in data-driven, irregularlyshaped ontours, instead of the regularly shaped ontours that are de�ned by usingsimple thresholds on intrinsi similarities. Thus CSC is apable of orretly lus-tering elements with imperfet intrinsi similarities by being informed of extrinsisimilarity.5.2 Context ModelingBefore desribing the framework integrating intrinsi and extrinsi similarities forSTC, I need to properly model the ontext and de�ne the extrinsi similarity.Traditionally, most researhers adapt a windowing onstraint where the neighboringwords (sometimes puntuations as well) within a ertain sized window are takenas the ontext. Suessful appliations of windowing onstraint inlude spellingorretion (e.g., Hirst and Budanitsky(2005)), word sense disambiguation (e.g.,



60Preiss(2001), Lee and Ng(2002)), et.However, some words in the viinity of the text span in question are knownas \weak ontext" for their lak of the desired disambiguating power. Taking thesentenes in Figure 5.1 as an example, both the word \further" following the target\landed" and the phrase \on Wednesday" after the target \hit" are too generi toreliably indiate the similarity of the two verbs (PATs), as they an be neighborfor a wide range of PATs. More importantly, ertain domain-spei� words areatually frequent in STC's naturally single-domain (senario) input artiles. Theyould o-our with semantially di�erent PATs. In this ase, suh words lose thedi�erentiating power that they would have in other appliations. To further identifydisambiguating ontexts, one needs to perform feature seletion (Mihalea, 2002) orlassify the neighboring words by their relation with the target words (Lin, 1997).Instead of using suh a neighboring word model, I formally de�ne the on-texts of a PAT as:De�nition: Contexts of a PAT are the other PATs in the same artilesegment where no topi shifts our.This single-artile segment requirement is satis�ed by using a simple heuristi inmy experiments.Unlike the ontextual words onneted by dependeny relationship in (Lin,1997), here the ontextual PATs are onneted with the target PAT by two quan-ti�able ontextual relations: argument-similarity and position-similarity, whih Iwill desribe in detail in Setion 5.4. Assoiating eah ontextual PAT with thesetwo ontextual relations enables it to be used seletively during similarity alula-tion, just as in (Lin, 1997). Meanwhile, this ontext model enables us to apturelong-distane relations, a desirable feature that the generi neighboring word modellaks. Furthermore, on�ning ontextual PATs within a single topi segment en-sures their relatedness to the target PATs.



615.3 Graphial Representation of the Artiles

G2 transformed from A2
G1 transformed from A1

weakened(Tokage)v21 hit(storm)v22 moving(Tokage)v23weakened(hurriane)v11 landed(Charley)v12 moving(hurriane)v13e21;2e22;1 e21;3e23;1 e22;3e23;2
e11;2e12;1 e11;3e13;1 e12;3e13;2

Figure 5.3: PAT lustering problem transformed into graph alignment: Having theations \weakened" and \moving" as similar ontexts, the ations \land" and \hit"are extrinsially similar, suggesting that their orresponding verties be aligned.Following the new de�nition of the ontext, I �rst split the input artilesinto sentenes and use the SRL to extrat their PATs so that eah artile Ai isreadily transformed into a graph Gi = fV i; Eig. As shown in Figure 5.3, vertiesV i = fvijg(j = 1; :::; N) are the N PATs extrated from the ith artile, and diretededges Ei = feim;n = (vim; vin)g reet ontextual relations between PATs (e.g., vimand vin). In aordane with the de�nition of a PAT's ontexts, edges only onnetPATs from the same artile, i.e., within eah graph Gi.As mentioned in ontext de�nition, I di�erentiate between two types of on-textual relations. Consequently, there are two omponents in a direted edge. Oneis argument-similarity, de�ned as a non-zero measure between two PATs that have



62semantially similar arguments. This models PAT ohesiveness, where the edgeweight is determined by the similarity sore of the most similar inter-PAT argu-ment pair. In Figure 5.3, verties v11 and v12 in G1 orrespond to PATs \weak-ened(hurriane)" and \landed(Charley)", where their arguments \hurriane" and\Charley" refer to the same entity. This is deteted by the system, as these twoarguments are the only arguments the PATs have and therefore the most similarinter-PAT pair. As suh, the argument-similarities of e11;2 and e12;1 will be assignedSim(hurriane; Charley) as their weight. The other is position-similarity, repre-sented as the o�set of the ending PAT with respet to the other, measured in termsof number of sentenes. This de�nes the diretion of an edge to also aount forsimple ausality.5.4 Context Sensitive ClusteringGiven a set of artile graphs, I �nd it helpful to view the task as aligning all of thegraphs (i.e., superimposing the set of artile graphs to maximize vertex overlap,onstrained by the edges). To this end, I adapt the Alternating Optimization(AO) method (Bezdek and Hathaway, 2002). This proess assigns PATs to suitablelusters where they are both semantially similar and share similar ontexts withother PATs. I name the algorithm as Context Sensitive Clustering algorithm, orCSC, as the ontextual information essentially ontributes an important portion tothe proess. Algorithm 1 outlines this alignment proess.During the Initialization stage of the AO proess, the PATs whose pairwisesimilarity is higher than a threshold � are merged to form highly ohesive seedlusters. To ompute a ontinuous similarity between two PATs, the PAT intrinsisimilarity measure of Equation 4.1 is used. Some other PATs are related to theseseed lusters when they have non-zero argument-similarity with a PAT in any seedluster. Suh related PATs are temporarily put into a speial \other" luster. The
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Algorithm 1 Graph Alignment (G)/*G is a set of graph fGig*/T  all PATs in GC  highly ohesive PATs lustersother  remaining PATs semantially onneted with C (via non-zero argument-similarity)C[C:length℄  otherrepeat/*Modeling Step*/for all i suh that i < C:length dofor all j suh that j < C:length doif i == j thenontinue;re-estimate parameters[i; j℄ /*distribution parameters of edges between twolusters*//*Assignment Step*/PATreassigned = false /*reset*/for all t in T doaBestLikelihood = t:likelihood; /*likelihood of being in its urrent luster*/bestCluster = t:lusterfor all i suh that i < C:length doif C[i℄ = i ontains a PAT tontxt being semantially onneted with t thenfor all j suh that j < C:length doif C[j℄ = j ontains a PAT being semantially onneted with a PAT ini thenP (t 2 j) = f(Ps; P) /*Equation 5.2*/likelihood = log(P (t 2 j))if likelihood > aBestLikelihood thenaBestLikelihood = likelihoodbestCluster = jif t:luster 6= bestCluster thent:luster = bestClusterPATreassigned = trueuntil PATreassigned == false /*alignment stable*/return



64luster membership of these related PATs, together with those urrently in theseed lusters, are to be further adjusted. The \other" luster is so alled beausea PAT will end up in it if the PAT is not found to be similar to any other PAT.A �nal group of PATs that have zero argument-similarity with any PATs (both inthe \other" luster and the seed lusters) are termed singletons and are exludedfrom further lustering.The system is then in the ore stage of the AO proess where it iteratively (re-)estimates lusters of PATs aross the set of artile graphs G. Eah iteration onsistsof two steps. In the �rst one, all ontextual relations between eah pair of lustersare olleted into two separate sets. Assuming argument-similarity and position-similarity are independent, I di�erentiate them in the omputation. Aordingly,the two sets are: edgesas and edgesps, orresponding to the two types of edgeomponents. For simpliity, I further assume a normal distribution for the strengthof eah set (inter-PAT argument similarity for edgesas and sentene distane foredgesps). The strength distribution parameters for both sets between eah pairof lusters are re-estimated based on urrent omponents in edgesas and edgespsin this step. Essentially building a probabilisti model that best aounts for theurrent ontextual relations between the urrent PAT lusters, this step is alledthe Modeling Step, or M-Step.The seond step, whih omplements the �rst one, is alled the AssignmentStep, or A-step. In this step, the system examines eah PAT's �tness { a measurereeting the PAT's likelihood of membership in the luster. The system reloatesa PAT to a new luster if it improves the likelihood given the latest estimated edgestrength distributions. This is where the PAT intrinsi and extrinsi similaritiesare systemially integrated.In the following equations, t2 denotes the proposition that PAT t belongsto luster , and the luster of t is t. The objetive funtion for the ore stage of



65the AO proess to maximize is:Obj(G) =Xt2G log(P (t2t)); (5.1)where P (t2j) = (1 + wSem)P(t2j)Ps(t2j)wSem� P(t2j) + Ps(t2j) : (5.2)Equation 5.2 takes the weighted harmoni mean of two fators: a semanti fatorPs and a ontextual fator P. The weight wSem ontrols whether and to whatextent the semanti fator Ps is favored. The two fators orrespond to the PATintrinsi similarity and extrinsi similarity, respetively. Among them, the semantifator is alulated by:Ps(t2j) = 8><>:simdefault; j = other;1jj jPtj2j Sim(t; tj); otherwise: (5.3)So the semanti fator Ps in the objetive funtion is the group-wise PAT intrinsisimilarity between PAT t and luster j, alulated by the PAT intrinsi similaritymeasure of Equation 4.1 (The item Sim(t; t) is exluded from the alulation if t 2j). I assume there are still singleton PATs that are not semantially similar to otherPATs. They however survived the �ltering in the Initialization stage and shouldbelong to the speial \other" luster. For example, in an artile reporting the rashof a UN heliopter, the ation \The UN has deployed about 11,000 peaekeepersin Sierra Leone" is event-spei� and the orresponding PAT beomes a singleton.Given that suh singletons are dissimilar to eah other, I manually set simdefaultto a small nonzero value (0.1) in Equation 5.3 to prevent the \other" luster fromexpelling them based on their low semanti similarity.The ontextual fator P in the objetive funtion is obtained through a-umulation. With respet to every ontextual PAT luster of the PAT t, I alu-late the extrinsi similarity between t and eah of the remaining andidate PAT



66Algorithm 2 ExtrinsiSimilarity (PAT t, PAT lusters C)/*initialize an array to store the sore for eah andidate luster for t*/P  0for all i suh that i < C:length doif C[i℄ = i ontains a PAT tontxt being semantially onneted with t thenfor all j suh that j < C:length doif C[j℄ = j ontains a PAT being semantially onneted with a PAT in ithen/*aumulating extrinsi similarity fration by ontextual luster i*/P[j℄ += P (edge(t; tontxt)jedges(j ; i))P = P/max(P) /*normalization*/return Plusters. Then the overall extrinsi similarity between t and a andidate PAT lus-ter j is the sum of suh extrinsi similarity sores suggested by its ontextualPAT lusters. Algorithm 2 summarizes this voting proess. In this algorithm,an extrinsi similarity fration models how likely t belongs to j aording to theontextual information regarding a partiular ontextual luster i. It equals tothe onditional probability of the ontextual relations between j and i, giventhe ontextual relations between t and a partiular ontext tontxt inside i. A-ording to Bayes' theorem, it is omputed as P (edge(t; tontxt)jedges(j; i)). Inpratie, I multiply two onditional probabilities: P (edgeas(t; tontxt)jedgesas(j; i))and P (edgeps(t; tontxt)jedgesps(j; i)), assuming independene between edgesas andedgesps. The outome of Algorithm 2 is an array denoting the normalized extrinsisimilarities between the input PAT t and every andidate PAT luster in C.The PATs' luster memberships are adjusted in A-steps to �nd a j maximiz-ing Equation 5.2 for eah PAT so that the objetive funtion shown in Equation 5.1is improved. The parameters desribing the ontextual relations between lustersare re-estimated in the M-steps. New AO iterations are performed as long as oneor more PAT reloations our in an A-step. One the AO proess onverges to aloal maximum, it outputs lusters of semantially equivalent PATs. Among theselusters, some orrespond to salient ations that, together with their ators, are



67all SAs to be generalized into template slots. Cluster size is a good indiator ofsalieny, and eah large luster (exluding the \other" luster) an be viewed asontaining instanes of a salient ation.5.5 Advantage of the AO MethodWhy formulate the lustering proess as an AO proess? I note that the hoie ofAO is atually very well suited for this task. The reason is that I onsider the PATsimilarity sores as noisy and as having missing observations. Calulating PATs'similarity by onentrating on the intrinsi part is at best inaurate. Thus, it is dif-�ult to luster PATs orretly based only on their intrinsi similarity. Meanwhile,when alulating the desired extrinsi similarity, the lusters that serve as ontextshave to be relatively lean. It is unlikely to obtain the possible most aurateextrinsi similarity and the possible most aurate PAT lustering simultaneouslywithout their alulations relying on eah other.In this ase, the AO method is a natural alternative. The variables in thisproblem an be naturally divided into two subsets { the parameters desribing thestrength distributions of the ontextual relations, and the luster membership ofthe PATs. The AO method alternatively re-estimates these two subsets of variablesto maximize the objetive funtion. Bak to lustering's point of view, this meansthat the AO method uses the urrent lustering of the PATs to improve the on-textual relation model (in the Modeling Step), whih through extrinsi similarityontributes to the improvement of the purity of these PAT lusters (in the Assign-ment Step). The improved lusters in turn, an at as inreasingly more reliableontexts so that better ontextual relation model an be built. Therefore, the over-all lustering of the PATs keeps improving iteratively. As the value of the objetivefuntion is non-dereasing with eah new iteration, this iterative proess is expetedto onverge { my experimental implementation also empirially on�rms this.



685.6 ConlusionsI have introdued a new graphial framework to the STC problem. The proposedframework leverages deep NL proessing, using semanti role labeler's struturedsemanti PATs as input. Despite the use of deeper semantis, I believe that intrinsisimilarity by itself is not suÆient for lustering. I have shown this through exampleand argue that an approah that onsiders extrinsi similarity is neessary.Aording to the framework, the relevant artiles are represented as graphswhere ontextual relations are also enoded. By mapping the problem into a graph-ial formalism, I ast the PAT lustering problem as one of multiple graph align-ment. Suh a graph alignment is solved by an adaptation of the AO method, whihhandles extrinsi and intrinsi similarities by treating both as potentially unreliableobservations.
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Chapter 6
Evaluation

In the previous hapter, I show the potential impat of ontextual information onPAT similarity alulation, but only intuitively. I also propose a model to apturethe ontextual information, or more spei�ally extrinsi similarity, whih I inte-grate in a novel graphial framework for PAT lustering. The goal of this hapteris to provide empirial validation: the existene of extrinsi similarity, the eÆayof my model whih aptures it, and its impat to STC through PAT lustering. Tothis end, I ondut experiments with the implemented CASTle system to answertwo relevant researh questions, whih are formally stated as follows:1) Relevane of Extrinsi Similarity: Whether the new ontext modelaptures an extrinsi similarity that e�etively orrelates to the semanti similarityof PATs; and,2) Cluster Quality: Whether by inorporating PAT extrinsi similarity,CSC produes better lustering results (in terms of both reall and preision).



706.1 Data Set, Annotation and BaselineA straightforward evaluation of an STC system would be to ompare its outputagainst manually-prepared gold standard templates, suh as those found in MUC.Unfortunately, suh senario templates are severely limited, providing insuÆientinstanes for a proper evaluation (Filatova, Hatzivassiloglou, and MKeown, 2006).To address this problem, I have prepared a balaned news orpus. It ontainsmanually seleted artiles overing 15 senarios; eah senario is represented by 10di�erent instanes; and normally 5 di�erent news artiles an be found for eahinstane. Further details of this orpus are given in Chapter 8.As a lead normally summarizes the entire news artile (Lin and Hovy, 1997),a set of them arguably yield the majority of the SAs that the original news artileshave to onvey. I use the leads of newswire artiles in my experiments, where Iequate a lead to the �rst 15 sentenes of eah artile. Another assumption is that alead quali�es as a single artile segment, thus satisfying the single-topi requirementfor all the PATs inside to be valid ontexts to eah other.I �x the test set for eah senario as 10 randomly seleted news artiles, eahreporting a di�erent instane of the senario. Sine I proess the �rst 15 sentenes ofeah news artile, eah sentene generates 2 to 3 PATs on average, my experimentsinvolve a total of10artiles� 15sentenesper artile � (2 � 3)PATsper sentene = 300 � 450PATsfor eah senario. The development set, whih also serves as the training set fordetermining the AO initialization threshold � and simdefault in Equation 5.3, is aset of 10 artiles from the Airliner Crash senario. These artiles over the same10 airliner rash instanes but are di�erent from those in the test set.Before onduting any experiments, I manually onstruted the gold stan-dard lusters for eah senario. A speial luster, orresponding to the \other"
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72luster in the CSC lusters, was reated to hold the singleton PATs for eah se-nario. To illustrate the outome of this annotation, Table 6.1 shows three of thegold standard lusters: CRASH, KILL and BOUND of PATs in the developmentset. The �rst two lusters orrespond to two salient ations of the senario. Theyare therefore relatively large in size and their PATs are trunated for larity. Thelast luster is about a less frequently mentioned ation. Its two instanes in thedevelopment set are shown in the table. As expeted, eah luster is marked byvariations in lexial seletion and syntati onstrution. The errors made by theSRL are also shown. Altogether, the table presents a piture of a real situationthat an STC system would need to deal with.It is important that the system be evaluated within a proper experimentalsetting, e.g., against a suitable test orpus suh as the one I prepared. Unfortu-nately, onduting experiments over suh a new orpus leaves me with few existingresults to ompare to. Implementing spei� published approahes seems to be analternative solution. However, as disussed in the review of related work (Chap-ter 3), most existing approahes rely on NE tags or idential verb for text spanlustering, weakening these approahes as ompetitive peers. Therefore, I opt tobuild my own baseline system, whih has the advantage of being ustomizable totruly aentuate the e�et of extrinsi similarity of PATs. This baseline is a K-means lusterer. The input to the K-means is idential to what CSC eventuallylusters { the PATs extrated from relevant news artiles and are not exludedfrom being lustered by CSC in its initialization stage (refer to Setion 5.4) { andthe same PAT intrinsi similarity measure is employed. As this measure e�etivelyde�nes a positive distane (ranging from 0 to 1) between PATs, my baseline K-means should be viewed as a variation of the standard K-means algorithm, wherean Eulidean distane between the elements is expeted. The di�erentiating fatorbetween CSC and K-means is only whether ontextual evidene is employed. The



73K-means lusterer requires a k to be spei�ed. For diret omparison, I set this kas the number of lusters generated by CSC for eah senario. While not provenin this thesis, I observed that the algorithm onverged to an optimum, throughoutall of the experiments.Reall in Chapter 5, I ompare CSC with an agglomerative lustering algo-rithm sine it is easier to illustrate how extrinsi similarity is utilized to produeimproved lustering results. A relevant question is why I hoose to ompare againstK-means here instead. A problem with the agglomerative lustering algorithm isthat it does not naturally terminate with multiple lusters. Furthermore, there isno natural way to have it output a pre-spei�ed number of lusters. The ommonlyused K-means, on the other hand, aepts the number of lusters as a parameter.So it is more suitable as a on�gurable baseline for performane omparison.6.2 Relevane of Extrinsi SimilarityThe purpose of this experiment is to evaluate whether the proposed ontext model,in terms of the de�nitions of ontext and ontextual relation, is e�etive to apturethe extrinsi similarity between semantially similar PATs. Sine a orpus anno-tated with quanti�ed gold-standard extrinsi similarity is not available either, thisexperiment is neessarily an extrinsi one. I alulate the ontextual similaritiesbetween a PAT and all the andidate PAT lusters and rank the latter aordingly.Two hypotheses are supported if the orret PAT lusters are ranked statistiallyhigher than the rest: 1) there exists extrinsi similarity between semantially simi-lar PATs, and 2) the proposed ontext model is apable of apturing this extrinsisimilarity.The experiment is onduted over the senario Airliner Crash that ispresent in both the development set and the test set. The two sets have thesame set of gold standard PAT lusters (23 of them) exept for their di�erent



74member PATs. Following Algorithm 2, for eah PAT ti in the test set, all its on-textual PATs t 2 ftjedgeas(ti; t) 6= nullg (those in the same artile and with anon-zero argument-similarity) vote for the best andidate luster by extrinsi sim-ilarity. From the annotation I know that eah ontextual PAT t's luster t are anoise-free set of similar ontexts. Aording to the model, the extrinsi similarityof PATs is positively orrelated with how similarly they are ontextually onnetedto similar ontexts (Setion 5.1). Therefore, for eah andidate luster j, I obtainSimextrinsi(ti; j) = P (edge(ti; t)jedges(j; t)); (6.1)whih is the extrinsi similarity between ti and the PATs in j: how similarly theyonnet to the similar ontextual PAT(s) in t (Here edge(ti; t) is in the test setand edges(j; t) are the statistis alulated from the development set). When allthe andidate lusters have an extrinsi similarity with ti, I rank them aording tothese extrinsi similarities, produing a ranking with referene to the single ontextt. After this alulation iterates over all the ontextual PATs of ti, eah andidateluster will have a series of ranks assoiated with all the ontextual PATs. I sumup the ranks that eah andidate luster obtains as its �nal preferene sore, basedon whih I an rank all the andidate lusters for the PAT ti.In this way I rank all the 23 andidate lusters for the PATs in all lusters,exept for the \other" luster. The PATs in the \other" luster are not assignedthere by semanti similarity. They are exluded from this experiment sine theaforementioned ranking operation is purely similarity-oriented. After �ltering, thereare altogether 124 PATs satisfying this riterion.To show the orrelation between PATs' extrinsi and intrinsi similarity, Ialso rank the andidate lusters by two other metris: a random value whih atsas a lower-bound, and the PAT's intrinsi similarity alone. For the former, I justrepeat the above operation, replaing the result of Equation 6.1 with a randomvalue between 0 and 1. For the latter, I use Equation 5.3 to alulate the group-



75wise similarities between PAT ti and the andidate lusters and perform the rankingaordingly.Metri Relevant Cluster Ranked as the Top one MRRIntrinsi Similarity 46 0.57Extrinsi Similarity 9 0.24Random Value 3 0.15Table 6.2: Results of ranking 23 andidate lusters for 124 PATsThe ranking results by the three metris are summarized in Table 6.2. Asexpeted, the PAT intrinsi similarity has the highest orrelation with PAT semantisimilarity. It ranks the orret luster as the top one for 46 PATs, or 46=124 = 37%.Measured by mean reiproal rank (MRR), its sore is 0.57. In omparison, thePAT extrinsi similarity ranks 9 orret lusters as the top one, and has a MRRsore of 0.24. Considering there are 23 andidate lusters in total, PAT extrinsisimilarity also shows evident orrelation with PAT semanti similarity. This an beseen by omparing the results with those of the unorrelated random value, too.To gain more insight into the harateristis of PAT extrinsi similarity, Ialulated the perentage rank of the orret luster for eah PAT as well. Thedistributions of the perentage ranks obtained by the three metris are shown inFigure 6.1. In eah of the subplots, the x-axis shows 10 intervals, eah 10 perentagepoints; while the y-axis shows the number of PAT instanes that fell in eah interval.PAT intrinsi similarity ranks most of the orret lusters (85 lusters, or68% of 124) as the top 10% among the 23 andidate lusters. Although the PATextrinsi similarity is not as e�etive, it manages to on�ne a similar amount ofthe orret lusters within the top 35% { again on�rming that the PAT extrinsisimilarity exists and is aptured by the proposed ontext model. PAT extrinsisimilarity is also shown to be omplementing the PAT intrinsi similarity. It ranks
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Figure 6.1: Distributions of the perentage ranks of the orret lusters, shownusing three metris: PAT intrinsi similarity, PAT extrinsi similarity, and randomvalue baseline.the orret luster among the top 10% for about 22% of all the PATs. For only 63%out of this subset of PATs, the PAT intrinsi similarity ranks the orret lusterwithin the top 10%. This suggests that the two metris are independent.For the baseline random metri, the resultant perentage ranks resemble auniform distribution, showing the expeted output of a typial unorrelated metri.From these results, we see that my PAT intrinsi similarity measure aloneoutputs PAT lusters with room for improvement. Meanwhile, the modeled extrin-si similarity also shows omplementing orrelation with the PAT semanti similar-ity. Although not as well orrelated as intrinsi similarity, it is nonetheless e�etiveenough to have a positive impat to the lustering operation.



776.3 Sample CSC PAT ClustersLet us take a loser look at some of CSC's PAT lusters. The �rst CSC luster is forsenario Airliner Crash, whih I refer to as \luster CRASH" sine it orrespondsto the 25 gold standard PATs for the salient ation { \rash" { of the senario. Theluster is shown in Table 6.3. Limited by spae in the table, I denote the PATs byan ID, followed by the heads of the key semanti roles:artileID:senteneID:ationID arg0 target arg1,instead of showing them in the ontext of their host sentene as before. Also, as ex-ample outputs, the CSC lusters orresponding to the ations \kill" and \retrieve"in Airliner Crash, \erupt" in Volano and \beat" in Soer Final are similarlynamed and displayed in Tables 6.4 through 6.8 (shown at the end of this setion).These lusters form a sample to reveal the e�ets of extrinsi similarity upon PATlustering. Furthermore, some hallenging issues an also be observed.Extrinsi similarity does ontribute to more aurate PAT lustering, by uti-lizing ontexts. This proess an be quite intuitive. Take the PAT Jan102002.bb:8:2 (PAT1) in Table 6.3 as an example, whih was initially exluded from theseed luster. Among its ontexts, there was one PAT about the ation that anairraft \ame (down)", whih has a dediated luster for itself. Meanwhile, viathe argument-similarity omponents of the ontextual relations, CSC knew thatthe ations \ome (down)" and \rash" shared idential partiipants when they o-ourred. Translated in CSC terms, PAT1 and the PATs in luster CRASH were sim-ilarly ontextually onneted to similar ontexts { PATs in luster COME DOWN.This extrinsi similarity regarding the ation \ome (down)" boosted the overall se-manti similarity between PAT1 and luster CRASH and eventually led to a orretluster assignment of the former.The PAT Nov212004.tribuneindia:0:1 (PAT2) in Table 6.4 is an exampleto show that the ontextual relation omponent of position-similarity also inreases



78extrinsi similarity desirably. Here a PAT (Nov212004.tribuneindia:0:0 in Ta-ble 6.3, or PAT3 for short) onerning the ation \rash" ated as its ruial ontext.We know in (the input) news artiles, the SAs that an airraft rashed and ausedthe death of the people onboard are usually mentioned lose to eah other, forinstane, in the sentene \A China Eastern ommuter plane rashed into a frozenlake seonds after takeo� in Inner Mongolia today, killing all 53 passengers andrew, state media said". The PATs in the two orresponding lusters were there-fore shown to be relatively lose to eah other, whih was similarly true for PAT2and PAT3. Given the fat that PAT3 belonged to luster CRASH, PAT2 and thePATs in luster KILL beame suÆiently similar to be lustered together as a resultof the extrinsi similarity regarding the ation \rash".Reasonable lusters for less frequent ations are also formed. Table 6.5 showsthe luster for the ation of reorders being \retrieved" in Airliner Crash. Despitesome irrelevant PATs in the seed luster, CSC managed to �lter most noise (theseed luster had already ahieved 100% reall of the relevant PATs).The output also reveals that extrinsi similarity urrently is not always pre-ise. Take the ation \say" for an example, the traes of the lustering proessshow that 5 out of 8 PATs orretly assigned to luster CRASH (Table 6.3) anbe mainly attributed to a ontextual PAT about \say". The explanation wouldbe they tend to appear in the viinity of eah other, or even o-our in the samesentene. However, beause so many types of SAs an be onveyed by quotingthe remarks of someone, the PATs also have high extrinsi similarity with lusterCRASH regarding \say". This resulted in three irrelevant PATs being assigned tothis luster. The same PATs were also responsible for ertain irrelevant PATs inother lusters. In the ase of luster KILL (Table 6.4), there happened to be 3suh irrelevant PATs as well. This is the limitation of my urrent modeling of theontextual relations.



79There are ases where PATs about the same ation ended up as split lusters.The reason is the thesaurus failed to reognize synonyms and separate seed lusterswere initialized. Subsequent CSC iterations manage to grow these seed lustersindividually but only in rare irumstanes do they onate. CSC generated twosplit lusters for the ation \erupt" in Volano, as shown in Table 6.6 and 6.7. Itis lear that the PATs in Table 6.6 have verbs that are slightly di�erent from thoseof the PATs in Table 6.7, a di�erene mistakenly exaggerated by the thesaurus.There are yet another type of salient ations that we want to luster. Forexample, in news artiles about the Nobel prize, the prize-winning ahievementsof the winner(s) is desribed. Aordingly, an ideal STC should reet suh SAs.Beause the ahievements of di�erent winners are diverse, the assoiated PAT in-trinsi similarities will not reveal their true similarity, whih is only possible at thedisourse level. Extrinsi similarity, in ontrast, will have a better hane of ap-turing this similarity. However, as in CSC it is only meant to omplement intrinsisimilarity, it is inapable of forming suh desired lusters just by itself { to lustersuh salient ations is beyond the urrent design of CASTle.Other onsequenes of the limitations of the thesaurus are also shown in thelustering results. Take Table 6.3 as an example, an irrelevant PAT with target\ew" (Nov132001.bb:14:1) appears in the seed luster. It was assigned to thisluster in the AO initialization stage beause of its high pairwise intrinsi similaritywith other PATs in the seed luster. When suh irrelevant PATs are inorretlyinluded in the seed lusters, they are likely to remain there unless their extrin-si similarity with other relevant PATs is extremely low. Consequently, beauseof them, ertain irrelevant PATs may have higher intrinsi similarity with theselusters, resulting in more noise. I also mention Lin's thesaurus' drawbak of on-sidering antonyms as highly similar while disussing the intrinsi similarity measurein Setion 4.7. To address that problem, I rely on WordNet to detet antonyms



80and it works for the paraphrase reognition task. However, when this antonymheking mehanism fails, CSC sometimes reates false seed lusters as a result.Table 6.8 reets another losely related problem. In Soer Final, or similarsports senarios or other senarios as long as a ompetition is involved, it is notunommon to see one side \won" a title by \beating" its ounterpart. But thesetwo words were regarded as similar by the thesaurus, resulting in a mixed luster,where semantially di�erent ations are mistakenly onated.Generally speaking, it is very important to minimize irrelevant PATs in theseed lusters. Suh problems may beome less severe one the thesaurus beomesmore disriminating. Currently, I rely on a high intrinsi similarity threshold toontrol the quality of the seed lusters. But this approah risks rendering more thanone seed luster for a single ation, ompeting for relevant PATs, as in Table 6.6 and6.7. So it is worthwhile to investigate more sophistiated initialization methods inthe future. Introduing ertain generi fuzzy onstraints for the lustering operationmay help. For example, a onstraint demanding the same salient ation in an eventhave only one entity for the same semanti role will be able to fore PATs on \win"and \beat" apart.Some errors are due to rather subtle di�erenes among PATs. We knowsome news artiles mention historial fats as bakground information. Suh PATsare idential to those of the salient ations exept for the temporal information,whih is largely ignored in the intrinsi similarity measure. Examples inlude er-tain irrelevant PATs about previous eruptions of a volano (in Table 6.6) or theoutome of the last game between two ompeting soer teams (in Table 6.8). Theintrinsi similarity measure urrently does not onsider negatives or modals in PATseither, whih oasionally our but are highly likely to lead to inorret lustering.Fortunately, suh errors an be minimized one the intrinsi similarity measure isproperly extended.
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CSC Cluster: Airliner Crash: CRASHComment relevant PAT ID ARG0 TARGET ARG1Y a Jul032001.telegraph:0:0 rashed airraftY Nov132001.bb:0:1 rashed ityY Nov252001.bb:0:2 rashed airraftY Jan102002.bb:0:1 rashed planePATs in Y Jan102002.bb:7:5 rashed itthe seed Y Apr172002.bb:13:0 rashed planeluster Y May232002.rte:1:0 rashed airraftY Feb102004.bsnews:9:2 rashed itY Nov212004.tribuneindia:0:0 rashed planeNov132001.bb:12:0 State rashedNov132001.bb:14:1 ew jetsY s b Nov132001.bb:1:2 nosedived itY Jan102002.bb:8:2 it rashed LundiY s Apr172002.bb:10:1 plane rashed timeY s Apr172002.bb:12:1 plane rashed announementY May232002.rte:0:1 jet rashed seaPATs that Y s Jul022002.telegraph:0:1 airraft ollided Germanyextrinsi Y s Jun292004.bb:0:0 it rashed Sierrasimilarity helps Y Feb102004.bsnews:0:0 airliner rashed Tuesdayto put in Nov252001.bb:1:0 LX3597 arrying rewNov252001.bb:8:3 years ying yearsNov252001.bb:11:0 �reball engulfed partNov252001.bb:14:0 ies subsidiaryFeb102004.bsnews:3:1 heliopters landing seneJun292004.bb:2:0 heliopter arrying workersaA Y indiates a PAT that does belong to this luster.bA Y s here indiates a PAT whose orret assignment an be attributed to a ontextual PATabout \say".Table 6.3: Extrinsi similarity's impat to a single luster: CRASH
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CSC Cluster: Airliner Crash: KILLComment relevant PAT ID ARG0 TARGET ARG1Y Jul032001.telegraph:0:1 airraft killing peoplePATs in Y Nov252001.bb:0:1 died peoplethe seed Y Nov132001.bb:0:2 killing peopleluster Y Jan102002.bb:0:2 killed marinesY Feb102004.bsnews:2:1 killed peopleNov252001.bb:5:3 woundedY Nov212004.tribuneindia:0:1 plane killing rewPATs that Nov132001.bb:3:2 arried infantsextrinsi Nov252001.bb:4:0 ininerated theysimilarity helps Nov252001.bb:4:1 buried theyto put in Nov132001.bb:0:0 workers pulled wrekageMay232002.rte:2:2 pilot sent messageTable 6.4: Extrinsi similarity's impat to a single luster: KILL

CSC Cluster: Airliner Crash: RETRIEVEComment relevant PAT ID ARG0 TARGET ARG1Y Nov252001.bb:8:0 reovered reordersPATs in Y Apr172002.bb:5:1 reovered onethe seed Nov252001.bb:2:0 Resuers reovered bodiesluster Jun292004.bb:7:0 airraft fell areaNov212004.tribuneindia:2:4 fallingJul022002 Collision.telegraph:1:2 fall ballsextrinsi similarity Jul032001.telegraph:2:0 disappeared Ithelps to put inTable 6.5: Extrinsi similarity's impat to a single luster: RETRIEVE



83CSC Cluster: Volano: ERUPT:1Comment relevant PAT ID ARG0 TARGET ARG1Y Nov042002Reventador.nytimes brief:0:0 erupted volanoY Nov042002Reventador.nytimes brief:2:1 erupting volanoY De302002Stromboli.bb:0:0 erupted volanoY Sep022004Asama.peoplesdaily:0:1 erupted AsamaY Apr182005Karthala.bsnews:0:0 erupted volanoY May302005BarrenIsland.ab.au:5:2 erupt smokeY Jun052005Colima.b:0:0 volano erupted SundayPATs in Sep022004Asama.peoplesdaily:13:2 ourred eruptionsthe seed May302005BarrenIsland.ab.au:4:4 eruptedluster Ot012004StHelens.b:9:0 Helens eruptedApr132005Talang.bb:9:4 sparksJan182002Nyiragongo.bb:12:0 broke dawnJan182002Nyiragongo.bb:12:3 lava engulfed housesJun052005Colima.b:7:0 p.m. engulfed peakNov042002Reventador.nytimes brief:0:2 ity sparked warningsSep022004Asama.peoplesdaily:3:5 ourred eruptionsApr132005Talang.bb:3:2 rumbling volanoMar092005StHelens.bsnews:0:3 heralds eruptionMar092005StHelens.bsnews:6:1 ollapse triggered burstPATs that Ot012004StHelens.b:1:0 lasted eruptionextrinsi Jan182002Nyiragongo.bb:10:5 disappeared Partssimilarity helps Sep022004Asama.peoplesdaily:3:0 the �rst ourred p.m.to put in Jan182002Nyiragongo.bb:12:2 hardening lavaJan182002Nyiragongo.bb:8:2 swept lavaMay302005BarrenIsland.ab.au:2:0 sea surrounded volanoTable 6.6: Extrinsi similarity's impat to a single luster: ERUPT:1CSC Cluster: Volano: ERUPT:2Comment relevant PAT ID ARG0 TARGET ARG1Y Jan182002Nyiragongo.bb:0:1 poured rokY Jan182002Nyiragongo.bb:1:3 pouringPATs in Y Apr132005Talang.bb:5:2 mountain spewing feetthe seed Y Apr182005Karthala.bsnews:2:0 owing Lavaluster Y May302005BarrenIsland.ab.au:0:0 Smoke spewing IndiaY May302005BarrenIsland.ab.au:4:2 pouring lavaY Jun052005Colima.b:0:1 spewing rokY Ot012004StHelens.b:0:0 rose ashY Jun052005Colima.b:0:2 raining ashPATs that De302002Stromboli.bb:5:1 sun obsured loudextrinsi NEG a Apr132005Talang.bb:7:0 volano spewed lavasimilarity helps Apr132005Talang.bb:9:3 smoke thereto put in Mar092005StHelens.bsnews:2:1 plume billowing thousandsMar092005StHelens.bsnews:2:2 drifting plumeMay302005BarrenIsland.ab.au:2:1 rolls lavaMay302005BarrenIsland.ab.au:4:1 Coastguards reported lavaaNegative { the PAT has the opposite meaning: \The volano has not yet spewed lava fromthe rater."Table 6.7: Extrinsi similarity's impat to a single luster: ERUPT:2
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CSC Cluster: Soer Final: BEATComment relevant PAT ID ARG0 TARGET ARG1W a May162002EuroChampionsLeague.telegraph:1:1 volley won CupW Jun302002WorldCup.bb:2:0 Brazil won prizeW May082002UefaCup.telegraph:1:2 night won CupBb Jul252004CopaAmeria.bb:0:0 Brazil beat ArgentinaB May162001UefaCup.telegraph:3:3 Liverpool winning �nalsB May162001UefaCup.telegraph:2:0 side won CupB Jun302002WorldCup.bb:11:0 won duelB Jul042004EURO.bb:0:1 one beat PortugalB May262005EuroChampionsLeague.telegraph:0:0 Liverpool wonBh Jul042004EURO.bb:7:1 they beat RepubliBh Jun302002WorldCup.bb:7:1 Frane beat BrazilBh Jul042004EURO.bb:6:1 beating themJul302001CopaAmeria.bb:11:1 side wonMay262004EuroChampionsLeague.telegraph:10:0 We got planningJul042004EURO.bb:5:2 he won BrazilPATs in May262004EuroChampionsLeague.telegraph:8:0 we know whatthe seed May262005EuroChampionsLeague.telegraph:2:5 Gerrard winning penaltyluster Jul302001CopaAmeria.bb:1:0 ountry forgot warAug282004Olympis.bb:8:3 goes HeinzeMay262005EuroChampionsLeague.telegraph:5:0 We win 4-3.Jul042004EURO.bb:14:1 beat RiardoMay082002UefaCup.telegraph:14:2 win kikMay262005EuroChampionsLeague.telegraph:11:6 Kaka played magiianJul252004CopaAmeria.bb:11:1 went whatMay262004EuroChampionsLeague.telegraph:8:1 happened whatJul252004CopaAmeria.bb:11:0 happened whatMay082002UefaCup.telegraph:0:1 played UEFAJul302001CopaAmeria.bb:14:0 Mexio played gameAug282004Olympis.bb:9:0 �nished 20Aug282004Olympis.bb:0:0 gave goalMay162002EuroChampionsLeague.telegraph:14:1 Zidane took eyesMay082002UefaCup.telegraph:6:1 gave FeyenoordJul252004CopaAmeria.bb:3:2 missed HeinzeJul252004CopaAmeria.bb:9:0 lostMay262004EuroChampionsLeague.telegraph:6:0 He looked manPATs that W Jul252004CopaAmeria.bb:0:1 Brazil win thrillingextrinsi B Aug282004Olympis.bb:0:1 they beat Paraguaysimilarity Jun302002WorldCup.bb:14:1 Ronaldo beat Kahnhelps Jul042004EURO.bb:4:1 oah pulled togetherto put in Jul252004CopaAmeria.bb:8:0 ame ArgentinaMay262005EuroChampionsLeague.telegraph:1:0 Liverpool faing the deepestaA W indiates a PAT that says one party won the event.bA B indiates a PAT that says one party defeated another.A Bh indiates a PAT that says one party defeated another in a previous event.Table 6.8: Extrinsi similarity's impat to a single luster: BEAT



856.4 Baseline Comparison: Cluster-wiseIn this setion, I ompare the lustering performanes of CSC and the baselinesystem { K-means. The �rst miro-omparison involves some of their omparablelusters1, fousing on the ases that have shown to be diÆult. I follow by maro-omparison, where the overall lustering results of the two algorithms are ompared.Table 6.9 shows the CSC and K-means' lusters for \rash" side by side,segmented aording to whether the PATs are shared by the two lusters. Therelevane of the PATs is also indiated. Here we an see that:� CSC and K-means luster PATs di�erently. Although there happens to be 25PATs in both lusters, only 16 among them, or 64% of either luster overlap.� Out of the shared PATs, the majority, or 12, are relevant, as shown in the up-per segment. The 5 shared irrelevant ones, inluding PAT Nov132001.bb:14:1in CSC's seed luster, represent the most problemati irrelevant PATs, as theyhave not only relatively high intrinsi similarity (to be in the K-means luster)but also relatively high extrinsi similarity (to be in the CSC luster) withthe relevant PATs.� The unshared PATs are the most interesting to look at. There are 9 PATsonly appear in the CSC luster, 5 are relevant, for 3 out of whih the extrinsisimilarity an be redited. As for the 7 PATs that only appear in the K-meansluster, only 3 are relevant. So K-means is less preise when it disagrees withCSC, whih implies that CSC is generally more preise.� Sine the sizes of these two omparable lusters are idential, CSC has abetter reall (68% vs. K-means' 60%) regarding this partiular luster, too.1To �nd the K-means ounterpart of an CSC luster, the one with the most relevant PATs arepiked. In the ase of a tie, the smaller one is always favored.



86The side-by-side omparisons of other PAT luster pairs show similar results:CSC and K-means output di�erent lusters, CSC lusters are generally better, andthere are problemati irrelevant PATs with high intrinsi and extrinsi similarities.More omparisons not only make it lear how CSC generally reats positively indiÆult ases, but also reveal some of CSC's weak points.We have already seen CSC has a luster RETRIEVE for Airliner Crashwith ertain irrelevant PATs, and Table 6.5 learly shows that the extrinsi simi-larity did well at sreening. Without other relevant PATs to luster, few irrelevantPATs were added to the seed luster. Its K-means equivalent is in Table 6.10, sim-ilarly segmented to show the overlapping portion. It is inated by irrelevant PATsappearing modestly similar (those with verbs like \lose", \searh" or argumentssuh as \body"). Without being onstrained by ontexts, K-means is more proneto the thesaurus errors from its use of the intrinsi similarity measure of PAT.As to the luster KILL for Aviation Crash, K-means did not generate aounterpart luster. Table 6.11 shows one luster rather for the ation \say".Nonetheless it is piked sine it ontains the most relevant PATs for \kill", whihwere put in this luster mainly beause of the shared argument \people". CSC, onthe other hand, expanded the luster with limited irrelevant PATs.The Volano luster ERUPT:1 of K-means in Table 6.12 shows a situationsimilar to that of its luster KILL. Most of the PATs there, relevant or not, sharethe arguments \eruption" or \volano" and are onsequently intrinsially similarto eah other. Ignoring ontextual information, K-means was unable to furtherdi�erentiate them. As CSC has a low-quality seed luster (refer to Table 6.6)and K-means similarly has a low-quality luster, it is lear that there are manyirrelevant PATs having high intrinsi similarity. In this ase, although CSC mighthave missed its fous on the ation \erupt", it nonetheless managed to blok someof these misleading PATs.



87K-means also failed to generate a luster that losely mathes the seond splitluster ERUPT:2 of CSC, whih ontains 9 relevant PATs. Table 6.13 shows themost relevant K-means luster, whih has 2 shared relevant PATs and a unique one.The 7 relevant PATs unshared by this luster are found sattered over another 4 K-means lusters, a severe ase of splitting regarding this salient ation. The diverseverbs (\spew", \smoke", \billow", \pour", \ow", \rise" and \rain") used by therelevant PATs o�er some explanation for why K-means split the SA aross multiplelusters. In ontrast, CSC is more robust to this situation, reating just a singlerelevant luster.In Table 6.14, we an see when CSC generated a mixture of PATs for \beat"and \win", K-means failed to separate these two ations either, just as expeted.Substantial overlap an be seen, and K-means is again less aurate regarding itsnon-overlapping part. However, the absolute amount of irrelevant PATs in the CSCluster is bigger. The reason K-means did not have as many irrelevant PATs is thatit put some of them, together other four relevant PATs, into another luster. K-means' tendeny to split redued the noise in this partiular luster as a outome.In this ase, CSC's performane is inferior to that of K-means.The above miro-omparisons show that for the salient ation \rash", CSCgenerates a better PAT luster. The di�erene in the quality of the two lustersis not statistially signi�ant, though, as their preision values are lose (CSC isbetter than K-means by around 8%). For some salient ations the di�erenes ouldbe more signi�ant. For example, CSC ahieves a F-measure of 63% for the salientation \kill" while K-means fails to form an apparently dediated luster for thesame ation. However, there are also ases that CSC lusters have relatively moreirrelevant PATs, risking a lower preision, as in the ase of the ation \beat". Toanswer whether CSC or K-means has a better overall lustering performane, amaro-omparison is arried out.
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946.5 Baseline Comparison: Overall PerformaneThis experiment ompares the overall lustering results of CSC and K-means.The standard lustering metris of purity and inverse purity (Hotho, Staab, andStumme, 2003) are used. Generally speaking, purity indiates the preision of thegenerated lusters and their reall is indiated by the inverse purity metri.I use the manual lusters as the gold standard, the numbers of whih for eahsenario in the test set are shown under the olumn \#Gold Standard Clusters"in Table 6.15. In the table, we an see that CSC outperforms K-means on 12 of15 senarios for both P and IP. For the remaining 3 senarios, where CSC and K-means have omparable P sores, the IP sores of CSC are all signi�antly higherthan that of K-means. This on�rms that lusters that tend to be split apart inK-means are properly joined together in CSC, where their purities are similar.One thing worth mentioning here is that the \other" luster normally isrelatively large for eah senario, and thus may skew the results. To remove thise�et, I exluded PATs belonging to the CSC \other" luster from the K-meansinput, generating one fewer luster. Running the evaluation again, the resultingP-IP sores, as shown in shown in Table 6.16, again show that CSC outperformsthe baseline K-means. Visually, Figure 6.2 illustrates the two algorithms' harmonimeans of P-IP sores for eah senario.After removing the \other" luster, however, K-means does have higher Psores more often. Further analysis suggests that while K-means generated splitlusters, they are not neessarily individually low in preision { something hardto disover during miro-omparisons. Not onstrained by one-to-one mapping,K-means had a hane to outperform CSC at the P sores.This is a limitation of the metris of purity and inverse purity. They are moresuitable for the situation where the system has as many lusters as there are in the



95#Gold Std. CSC K-meansSenario Clusters P IP P IPAirlinerCrash 23 .57 .42 .55 .28Earthquake 18 .55 .45 .53 .32Eletion 10 .75 .21 .70 .19Fire 14 .63 .41 .61 .26LaunhEvent 12 .77 .23 .66 .21Layo� 10 .71 .44 .71 .18LegalCase 8 .74 .38 .69 .19Nobel 6 .78 .19 .72 .13Obituary 7 .82 .38 .73 .22RoadAident 20 .56 .45 .56 .39SoerFinal 5 .88 .18 .77 .13Storm 14 .56 .29 .59 .24Tennis 6 .87 .17 .81 .12TerroristAttak 14 .63 .44 .62 .33Volano 16 .67 .27 .62 .18Average 12.2 .70 .33 .66 .22Table 6.15: CSC outperforms K-means with respet to the purity (P) and inversepurity (IP) sores. #Gold Std. CSC K-meansSenario Clusters P IP P IPAirlinerCrash 22 .60 .67 .54 .48Earthquake 17 .57 .72 .55 .53Eletion 9 .57 .62 .61 .46Fire 13 .56 .80 .57 .51LaunhEvent 11 .66 .60 .66 .58Layo� 9 .67 .72 .57 .39LegalCase 7 .67 .54 .70 .41Nobel 5 .77 .45 .77 .32Obituary 6 .66 .91 .75 .63RoadAident 19 .65 .75 .69 .65SoerFinal 4 .77 .67 .63 .47Storm 13 .59 .53 .63 .43Tennis 5 .71 .54 .80 .43TerroristAttak 13 .67 .81 .65 .67Volano 15 .58 .55 .58 .37Average 11.2 .65 .66 .65 .49Table 6.16: CSC outperforms K-means with respet to the purity (P) and inversepurity (IP) sores. The \other" luster exluded.
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CSC vs. K−means: F measure
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Figure 6.2: The harmoni means of purity and inverse purity of CSC and K-means.gold standard. One the system is allowed to generate more lusters, it an splita desired luster into several piees, all an be mapped to a single gold standardluster. The resultant purity sum would be as good as that of a single ideal luster.This fully explains the high P and low IP sores of K-means. However, onsideringthe goal of our PAT lustering is STC, splitting lusters should not be favored.This problem is addressed by imposing a one-to-one mapping onstraint forthe P-IP alulation. When I enfore this onstraint, we an learly see CSC outrunsK-means at both metris in Table 6.17.6.6 ConlusionsIn the previous hapter, I desribe my graphial framework whih omplements PATintrinsi similarity with PAT extrinsi similarity. In order to give onrete evidene



97#Gold Std. CSC K-meansSenario Clusters P IP P IPAirlinerCrash 22 .52 .28 .40 .21Earthquake 17 .51 .28 .47 .26Eletion 9 .45 .12 .43 .11Fire 13 .49 .20 .39 .16LaunhEvent 11 .51 .14 .51 .14Layo� 9 .59 .17 .36 .10LegalCase 7 .44 .12 .35 .10Nobel 5 .43 .11 .32 .08Obituary 6 .61 .13 .61 .13RoadAident 19 .54 .30 .59 .33SoerFinal 4 .50 .06 .33 .04Storm 13 .48 .22 .40 .19Tennis 5 .43 .04 .40 .04TerroristAttak 13 .60 .23 .56 .21Volano 15 .42 .15 .32 .12Average 11.2 .50 .17 .43 .15Table 6.17: CSC outperforms K-means with respet to the purity (P) and inversepurity (IP) sores, with \other" luster exluded and one-to-one mapping required.that extrinsi similarity does exist, I onduted a speially designed experiment.The results showed that the proposed ontextual model is apable of apturing anextrinsi similarity that orrelates with the semanti similarity of PATs. The exper-iment also on�rms that although the PAT intrinsi similarity is highly preise, itsreall has room for improvement. Meanwhile, intrinsi and extrinsi similarities areto a ertain extent omplementary, making ombining them an appealing diretionfor improving PAT similarity alulation.I implemented the framework and ran it over a number of artile sets. Somerepresentative resultant PAT lusters show extrinsi similarity an help to identifyrelevant PATs and onsequently improve the reall, as hypothesized. From anotherpoint of view, extrinsi similarity enfores an e�etive ontextual onstraint thatredues the noise in PAT lusters.The output also revealed ases that demand extra attention. Most of them



98are due to thesaurus errors that an not be easily orreted. Compared to thebaseline system K-means, the proposed framework reats preferably in these ases.However, it is also lear that it is important to have high-quality seed lusters andmore investigation into other ontextual relations is desired.Standard purity and inverse purity metris are used to ompare the overallperformanes of the proposed framework and the baseline system. To separatedi�erent inuening fators, I alulated three versions of P-IP sores. The proposedframework managed to outperform the baseline system at PAT lustering withrespet to eah of them.Generating PAT lusters is a ruial operation for STC. However, it is notthe utmost goal yet. These PAT lusters need to undergo a generalization proess,whih I takle next, before we an have the �nal output: the human-readablesenario templates.
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Chapter 7

CASTle Output
In this hapter, I desribe the adaptation of an existing generalization approah.It ahieves the PAT-lusters to senario template transformation, and ompletesCASTle as an STC system. I also assess how well the CSC-generated PAT lustersserve in reating orret senario template slots.7.1 Two RepresentationsIn CASTle, CSC puts PATs into ohesive lusters. A luster an be viewed aolletion of semantially similar PATs with varied lexial seletion and syntatialonstrution, as shown in Setion 6.3. Note that an ST need not ontain all thePAT lusters, however. It an be formed based on a subset of them, preferably thetop largest ones under the assumption that the size of lusters is orrelated withtheir salieny.The seleted PAT lusters o�er the linguisti representation of the senario:how eah salient ation an be linguistially onveyed is given by individual exam-ples. These lusters are easily readable to mahines, failitating their appliation inrelated NLP tasks (Chapter 9 disusses some of them). However, enumerations of



100possible expressions for ations may not be the best way for human to omprehend asenario. In this respet, a set of slots denoting the SAs of the senario, as shown inChapter 2, makes a better representation. It expliitly shows the senario's salientations, their partiipants and the outstanding attributes about them. This is thesemanti representation of the senario, the output of a generalization proess.7.2 Ontology-based GeneralizationAs its name suggests, the generalization proess �nds a generi term to representa group of entities. For example, in a PAT luster, there exist di�erent agentinstanes that performed the ation. If this ation is deemed salient, one of thetemplate slots should be formed for this agent. A spei� term is needed as thedesriptor of this slot, funtioning as its label and an indiator of its possible �llers.This slot desriptor needs to be generi enough to over the entire groupof entities, seen or unseen, that ould be the �llers of the slot; it also has to bespei� enough to suggest only valid �llers. So the generalization proess is a data-driven proess, highly dependent on the instanes olleted in the PAT luster.For example, if the agents in the PAT luster CRASH of the Airliner Crashsenario inludes only jet planes, heliopters, et., the term airraft would be moreappropriate. In ontrast, a less spei� one, for instane vehile, should be avoided.Tseng et al. (2006) propose a WordNet ontology-based approah to generititle generation for a set of relevant terms. They ollet all the hypernyms ofevery term as andidates, whih are further ranked by their total frequeny inthe olletion and their depth in the ontology (whih reets spei�ity). Thetop ranked hypernyms are seleted. Their approah does not require pre-de�nedsemanti ategories, making it appliable to the generalization task of CASTle.



101The weight, or sore, for eah andidate h is alulated as:weight(h) = freqktk � 2� ( 11 + exp��d � 0:5); (7.1)where freq is the frequeny of h in the hypernym olletion; ktk is a normalizationfator equal to the total number of the relevant terms; d is the depth of h (thedepth of the root node is 1) and  is an empirially set parameter ontrolling theshape of the sigmoid funtion.To adapt this approah into CASTle, one important step is to deide therelevant terms to generalize. As the largest PAT lusters represent a senario'ssalient ations, I start from the largest ones1 and deompose their PATs into sixsets: i.e., verb prediates, agents, patients, prediate modi�ers, agent modi�ers andpatient modi�ers. For the �rst three sets, what the SRL extrats are normally eitherindividual verbs or (multi-word) noun phrases. Instead of using all the words inthe text spans diretly, I take their syntati headwords as the terms to generalize.This is reminisent of the proedure I use to alulate PAT intrinsi similarity:there, phrases are also redued to headwords. The resultant generi terms are putinto the template with their agent-prediate-patient relations preserved. Figure 7.1shows an exerpt of the automatially generated template Airliner Crash wherethe semanti roles in the top two largest PAT lusters have been generalized.The three sets of modi�ers are phrases modifying the �rst three sets, re-spetively. They are extrated by a number of heuristi syntati rules and arealso redued to their headwords. These modi�ers are quite semantially diverse, asshown in Figure 7.1. Thus, generalization (probably after a ategorization opera-tion) remains as a hallenging problem. Figure 7.2 gives an exerpt of the templateLaunh Event, where similar information is shown regarding the generalized agent,prediate, patient and their modi�er heads for two salient ations.1Generally speaking, the biggest luster would be for the ation \say" for all the senarios.Suh a low spei�ity of this ation hints us to skip it while reating STs.



102
Semanti Generi Modi�erCluster Role Term Headsprediate rash Lundi, sea, lake, announement, Pak-istan, takeo�, Zurih, time, suiide,area, aording, woodland, Saturday,Wednesday, shortly, shortly, roaring,Sierra, Siberia, island, ityagent airraft the, Iranian, jumbo, resue, An, a,Russian-built, Mi-8, wrekage, and,The, two, the, smoking1 patient |prediate kill inidentagent |2 patient people 143, 260, all, allFigure 7.1: Automated output senario template from CASTle for the senarioAirliner Crash.Semanti Generi Modi�erCluster Role Term Headsprediate ommuniate,launh Cape, trajetory, two, quarry, Novem-ber, Israeli, stages, Monday, 10, Cape,Novemberagent1 patient vehile,roket Shenzhou, seond, Shenzhou, a, third,the, its, unmanned, the, the, new, The,the, theprediate arry spae, 16, Eutelsat, mirogravityagent2 patient artifat a, a, two, researh, the, university, new,all, a, a, ommuniations, aFigure 7.2: Automated output senario template from CASTle for the senarioLaunh Event.



103The size of the template may inrease when more lusters are generalized,as new slots may result.7.3 Template CoverageI ompare the template slots that are output from CASTle with those de�ned inexisting STs in MUC. During the omparison, the slots automatially generalizedfrom verb prediates, agents or patients are manually mapped to the slots in theation templates of MUC STs. For the information ontained in their modi�ers,I assume that a powerful generalizer would be available to reover the semantiategories that they represent. These semanti ategories are mapped to slots inthe ation or entity template, depending on what they modify. For instane, in theautomated template Airliner Crash the slots that result from the �rst luster,i.e., \rash" and \airraft", an be mapped to the MUC ation template about therash of an airraft. The \rash" slot has many modi�ers representing either thetime or the loation of the ation and thus two MUC slots onerning the ation\rash": CRASH DATE and CRASH SITE are onsidered overed.Two MUC7 templates are shown as a list of slots in Figure 7.3, where hor-izontal lines delimit slots about di�erent ations or entities, and asterisks markall the slots that are feasible to be aptured, given an improved generalizer. Theresults here are only indiative and not onlusive, as there are only two MUC7templates available for omparison: Aviation Disaster (Airliner Crash in mylist) and Launh Event. Nonetheless, we an see a substantial amount of over-lap, indiating that the STC system CASTle powered by CSC is able to apturesenarios' SAs.To assess their automatially generated templates, (Filatova, Hatzivassiloglou,and MKeown, 2006) suggest an extrinsi evaluation where human subjets judgewhether generated STs an answer questions from pre-de�ned question lists. I



104AviationDisaster LaunhEvent* AIRCRAFT * VEHICLE* AIRLINE * VEHICLE TYPEDEPARTURE POINT * VEHICLE OWNERDEPARTURE DATE * PAYLOAD* AIRCRAFT TYPE * PAYLOAD TYPE* CRASH DATE PAYLOAD FUNC* CRASH SITE * PAYLOAD OWNERCAUSE INFO PAYLOAD ORIGIN* VICTIMS NUM * LAUNCH DATE* LAUNCH SITEMISSION TYPEMISSION FUNCTIONMISSION STATUSFigure 7.3: MUC-7 template overage: asterisks mark all slots that an be auto-matially generated.repliate their evaluation by reusing their question lists. Using my loal datasetas omparable input, I ran the system to generate STs and assessed whether thegenerated slots are answers. The slots for eah senario were generalized from thetop 5 PAT lusters and I added manual SAs (as would be generalized from themodi�ers) from these lusters when appliable until 10 slots were formed in total.Senario FHM06 CSCEarthquake 42.2% 50.0%AviationDisaster 67.6% 63.6%Eletion 66.7% 50.0%TerroristAttak 69.7% 63.6%average 61.5% 56.8%Table 7.1: System overage on human questions.The results in Table 7.1 show that CASTle ahieves an average overage of57% for the four senarios. This is omparable to the 62% overage reported in(Filatova, Hatzivassiloglou, and MKeown, 2006).



105There were approximately 20 lusters involved for their evaluation, where ev-ery distint verb belongs to its own luster. In ontrast, CASTle gets a omparableoverage with only 25% as many lusters, thanks to the improved PAT similaritymeasurement.7.4 Detailed Analysis of Senario TemplatesIn ontrast to manually-reated STs, it is straightforward to adjust STs reated byCASTle. By simply hanging the number of PAT lusters seleted, CASTle anreate di�erent versions of STs for a senario. Changing the number of input PATswould hange the salieny level reeted in the output senario. For example, amore suint ST of Airliner Crash might only over the two most salient ations\rash" and \kill", while alternatively a more detailed version ould reate moretemplate slots so that the expeted destination of the airraft, whether the ightdata reorder has been found are reeted. Additionally, when some other versionsof STs are desired in the future, they an always be ustom-made to meet therequirements as long as the PAT lusters of the senario have been arhived.In this setion, I show the output templates for Airliner Crash and 14other senarios. They are represented as Tables 7.2 through 7.16. I also have 15short subsetions to highlight the salient aspets suessfully aptured for these15 senarios. Generally speaking, these templates reet all the PAT lusters oftheirs that ontain no less than 10 elements. As before, the prediates, agentsand patients of these lusters are proessed by the implemented generalizer. Theresultant generi terms and the instanes that they over are both shown. On theother hand, the headwords of the modi�ers are just listed without being generalized.Oasionally, the generalizer fails to �nd a generi term that an over suÆ-ient instanes (20% of the total instanes in my experiments) of the prediates ofa PAT luster, where the prediates are overly diverse. Reasons for this inlude the



106PAT luster ontains too muh noise or the olletion of prediates is problematifor the generalizer. In either ase, the luster is not shown in the template evenit onsists of more than 10 PATs. On average, about 1 PAT luster is a�eted foreah senario.7.4.1 Airliner CrashThe (disernible) aptured salient ations and salient aspets are:� The �rst luster (size 63): Some person said or informed something. Thisluster appears in the STs of almost all the senarios. Sine it is thus theleast spei� to any senario, I skip this luster for the remaining senarios;� The seond luster (size 25): Some airraft rashed. The date, site of the rashand the owner, type of the airraft an be generalized from the modi�ers;� The fourth luster (size 12): People were killed. The number of asualty isgeneralizable from the modi�ers;� The �fth luster (size 10): Vitims that are speially mentioned.7.4.2 EarthquakeThe aptured salient ations and salient aspets are:� The seond luster (size 52): People were killed. The modi�ers show the siteand magnitude of the asualty;� The third luster (size 24): An earthquake struk a region. The modi�ersshow the time and the type of the a�eted region;� The fourth luster (size 12): A luster split from the third one;



107� The sixth luster (size 11): A tsunami was triggered. The modi�ers show themagnitude of it;� The seventh luster (size 10): The magnitude of the earthquake, measured onthe Rihter sale;7.4.3 EletionThe aptured salient ations and salient aspets are:� The seond luster (size 26): One andidate won the eletion. Similar to theluster BEAT in Soer Final, this luster is a mixture of \win" and \beat".The modi�ers show the oÆial position and party of the andidates.7.4.4 FireThe aptured salient ations and salient aspets are:� The seond luster (size 35): People were injured or killed in a �re. Themodi�ers show their number and oupation;� The fourth luster (size 17): How the �re was possibly started;� The �fth luster (size 16): A �re broke out. The modi�ers mainly desribethe time of the �re;� The seventh luster (size 11): How the �re spread.One SA seems missing from this template: the site of the �re. This informationshould have appeared among the modi�ers of the seond luster. Due to the sim-pliity of my modi�er extrator, it inorretly takes phrases suh as \in a �re" asthe modi�er.



1087.4.5 Launh EventWe have seen an exerpt of this ST before in Figure 7.2. It is repeated here withmore aptured salient ations and salient aspets of this senario:� The seond luster (size 26): An vehile was launhed. The time, site ofthe launh and the type, owner of the vehile an be generalized from themodi�ers;� The fourth luster (size 18): The payload on the vehile. The modi�ers showthe number, type and owner of the payload;� The �fth luster (size 15): Who has built the vehile. The builders sometimesare presented by the modi�er of the prediate;� The eighth luster (size 11): This is a luster split from the seond luster.7.4.6 Layo�The aptured salient ations and salient aspets are:� The �rst luster (size 124): Some ompany announed something. The oun-try, industry and rank of the ompany are among the modi�ers;� The seond luster (size 36): The ompany is utting its jobs. Among themodi�ers, the magnitude of the ut an be generalized;� The third luster (size 12): The pro�t loss of the ompany;7.4.7 Legal CaseThe aptured salient ations and salient aspets are:



109� The seond luster (size 43): Some person was sentened. The harge, ontentof the sentene and when the sentene was made an all be generalized fromthe modi�ers.7.4.8 Nobel PrizeThe aptured salient ations and salient aspets are:� The sixth luster (size 13): Someone was awarded a (Nobel) prize. The mod-i�ers of the patients desribe the year and the ategory of the Nobel Prize.Senarios like this are problemati to CASTle, presumably so to other future STCsystems as well. The related news artiles would be introduing the laureates'work, espeially their ontributions that won them the prize. These ontributionsand their impats are di�erent from eah other and it is hard to luster themsemantially. As a result, SAs from only one semantially ohesive PAT lusterappear in the ST. It will be interesting to see how di�erent the template reatedby human experts ould be.7.4.9 ObituaryThe aptured salient ations and salient aspets are:� The seond luster (size 41): A person died. This luster is also a mixture,where the fat that this person su�ered a disease and died from it is alsoonveyed. Consequently, there are a lot an be generalized from the modi�ers:the age, oupation of the dead, what the disease was, the time and site ofthe death.Other SAs that CASTle missed inlude: the ontributions of the persons onerned,whih are too diversi�ed to be lustered orretly, and the dates of birth, whih arefound mixed with the seond luster, too.



1107.4.10 Road AidentThe aptured salient ations and salient aspets are:� The seond luster (size 31): People were injured or killed. The modi�ersshow the type of the vehile and the amount of the asualty;� The third luster (size 26): A vehile plunged. The modi�ers show the site,in partiular, the ountry and the geographi feature of the site;� The fourth luster (size 23): The vehile rashed into something (before it felta long distane). The modi�ers show the site of the aident;� The seventh luster (size 11): Vitims were taken to hospital.It should be noted that most road aidents here involved some vehile that plungeddown a bridge, into a river, et. It is beause this type of aident normally ausessevere asualties and therefore will be widely reported. In other words, it is notoinidene, but rather the partiular data olletion riteria that selets theseaidents out of all the ground traÆ aidents.7.4.11 Soer FinalThe aptured salient ations and salient aspets are:� The �rst luster (size 41): A team from some region won the game. As Idisussed earlier, this luster is a mixture of \win" and \beat". The defeatedteam and the title won by the winner will be generalized as the patient oth-erwise. It is interesting to notie that the modi�ers in this luster hardlyprovide any information about the time or loation of the game. They maybe onsidered too trivial to mention.



111� The third luster (size 15): Some players sored for their team. The time ofthe goal and the title or position of the player an be generalized from themodi�ers;� The ninth luster (size 10): Some players' unsuessful attempts to make agoal.7.4.12 StormThe aptured salient ations and salient aspets are:� The seond luster (size 30): An administrative distrit was hit by a storm.Sine some storms, as the agents, are named (e.g., \Charley"), CASTle failedto generalize them into a generi term. The time of the storm landing an begeneralized from the modi�ers;� The third luster (size 18): People were killed by the storm. The number ofasualty is shown by the modi�ers;� The fourth luster (size 17): The storm weakened. The modi�ers speify thetime when this happened.� The eighth luster (size 15): The storm moved (out of the region). Themodi�ers show the path of the storm;� The ninth luster (size 14): The damage aused by the storm. Modi�ers showthe magnitude of the damage.7.4.13 TennisThe aptured salient ations and salient aspets are:



112� The �rst luster (size 55): �Someone won a title. Similar to the ounterpartluster in Soer Final, this luster does not provide information about timeor loation of the game;� The seond luster (size 36): A luster split from the �rst one;� The third luster (size 32): This luster quotes the remarks of the player;� The fourth luster (size 30): Someone served;� The �fth luster (size 15): Someone broke in ertain games;� The sixth luster (size 14): Someone started something.7.4.14 Terrorist AttakThe aptured salient ations and salient aspets are:� The seond luster (size 38): People were hurt or killed by the attak. Thenature of the attak, the number and nature of the vitims an be generalizedfrom the modi�ers. Again, limited by the apability of the modi�er extra-tor, information about the site and time of the attak that an be otherwisegeneralized is overshadowed by the nature of the attak;� The third luster (size 15): Governments or organizations ondemned theattak. The ountry of the governments is shown as modi�ers;� The sixth luster (size 12): Politial leaders blamed the attak. This is ar-guably a luster split from the third one;� The seventh luster (size 12): The terrorists used ertain vehile as the meansof transportation.



1137.4.15 VolanoThe aptured salient ations and salient aspets are:� The third luster (size 25): A volano erupted. The time and site of theeruption an be generalized from the modi�ers;� The �fth luster (size 16): The volano spewed lava. This an be seen as aluster split from the seond. But it is also aeptable if we say this lusteris more about the details of the eruption: what materials did the volanospewed (whih will lead to di�erent levels of damage). The modi�ers alsoshow the time and site of this volani ativity;� The ninth luster (size 11): People ed from the endangered region. Thenumber of people a�eted an be generalized from the modi�er.
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AirlinerCr
ash

ClusterSeman
tiGene
ri
SizeRole
Term
Instanes

Modi�ers

Prediate
say,inform
presumed,feared
,say,quoted,tol
d,iting,de-

sribed,announ
ed,saying,tellin
g,suggested,

said,reported
time,as

Agent
personw
orker,expert,wi
tness,Survivor,
ommander,

farmer,reporter,
diretor,oÆial,
spokesman,

eyewitness
loal,Civil,po
lie,loal,A,
sound,and,

deputy,A,poli
e,Loal,manag
ing,airport,

Crossair,aviatio
n,UN,Aviation,
loal

63Patient Prediate
rash
rashed

Lundi,sea,lak
e,announemen
t,Pakistan,

takeo�,Zurih,
time,suiide,a
rea,aord-

ing,woodland,S
aturday,Wednes
day,shortly,

shortly,roaring,
Sierra,Siberia,i
sland,ity

Agent
airraft
airraft,jet,heli
opter,plane,air
linert
he,Iranian,jum
bo,resue,An,
a,Russian-

built,Mi-8,wre
kage,and,The
,two,the,

smoking

25Patient Prediate
killkil
ling,killed
inident

Agent 12Patient
peoplep
eople

143,260,all,all

Prediateom
muniate,take
arry,taking,tak
e,o�ered,taken
Sharjah,familie
s,Baotou,from
,route,two-

thirds,hope

Agent 12Patient Prediatein
lude,name
listed,inluding,
inluded
only,Ghana

Agent 10Patient
Table7.2:G
eneralization
resultsforth
eAirliner
Crashsena
rio.
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Earthquake

ClusterSeman
tiGe
neri
SizeRole
Term
Instanes

Modi�ers

Prediate
say,inform
warned,fear,f
eared,told,ind
iated,pre-

dited,say,sayin
g,quoted,says,
saidIRNA,ondition

,as,possibility,a
fter,satellite

Agent
person
expert,governor
,minister,omm
ander,head,

spokesman,oÆ
ial,member,Ya
mamoto,si-

entist,woman,e
ditor

disaster,prefetu
ral,a,military,
state,U.,a,

natural,governm
ent,regional,ma
naging,The,

Afghan,a,a,N.
,Fukuoka,interi
or,Iran,aid,

the,deputy

64Patient Prediate
kill
killing,killed
Colima,road,d
ozen,Arequipa,
ity,town,

Colima,Indonesi
an,by

Agent 52Patient
people
people,woman
an,300,000,fur
ther,elderly,an
,400,esti-

mated,Several,1
6,A

Prediate
strike,hit
hit,hitting,stru
k
Tuesday,Indone
sian,time,Boxi
ng,years,a.,

seven,at,time,t
remor,1729

Agent
earthquake
tremor,earthqua
ke
A,The,latest,T
he,an,An,powe
rful,The

24Patient
earthquake,regio
nvillage,tr
emor,earthquak
e,island,Mexi
o,

Iran,region,th
etremor,2aft
ershokwas

reorded,area,C
alifornia

oastal,southea
stern,The,the
,southern,

Caspian,north,
Japanese,the,t
ourist,a,re-

treat

Prediate
shake
shaken,shaking,
shook
aftershoks

Agent 12Patient
region
town,region,Af
ghanistan
Andean,the

Prediate
talk
ontinue,began,
ontinuing

Agent 11Patient
ommuniation
Minutes,wave,m
inutes

Prediate
trigger
triggered,trigger
ing
ativity

Agent 11Patient
tsunami
tsunami

26,massive,De
ember,the,a

Prediate
age,measure
measured,aged,
measuring
Rihter,Rihter,
Rihter

Agent
earthquake
earthquake
An,an

10Patient
integer,person
assoiate,3,resi
dent,2,4,19
6.,6.,6.

Prediate
inform
quoting,showed,
reported

Agentinstru
mentality,person
footage,omman
der,radio,netwo
rk,womana
,Early,State,te
levision,NHK,7
5-year-old

10Patient Prediate
ommuniate
urged,ordered,s
how

Agent
heh
e

10Patient
person,people
People,moretha
n1,000,member
,people,sol-

dier

the

Table7.3:G
eneralization
resultsforth
eEarthquak
esenario.
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Eletion

ClusterSeman
tiG
eneri
SizeRole
Term
Instanes

Modi�ers

Prediate
say
say,saying,says,
said
before,voting,W
ashington

Agent
person
andidate,Fish
er,Shah,observ
er,analyst,

Bush,orrespon
dent,olonel,re
lation,presi-

dent,hardliner,
riti

our,ex-army,Th
e,The,Mr,Zak
im,George,

Mr,no,Both,m
ost,W,Our

53Patient Prediate
win
won,win,winnin
g
promises,eletio
n

Agent
person
Blair,leader,Fis
her,admirer,m
ayor,headt
he,Former,Eu
adorian,parliam
entary,for-

mer,a,self-del
ared,Tony,oup
,Heinz,for-

mer

26Patient
person
wife,more,min
ister,indian,fav
ourite,rival,

Serra,post
foreign,party,hi
s,Jose,andidat
e,ruling,his,

leftist,ountry,
Euador,impov
erished,the,

eremonial,a

Prediate
vote,authorize
delared,voted,
voting,baked
opponent.,Satur
day,Niosia,Tal
at,will,time

Agent
person
Slovak,Party,y
priot,Chavez
President,left-w
ing,Hugo,Venez
uela,Turkish

17Patient
person
Fisher,opponen
t,president

Prediate
ome,appear
ome,ame,app
eared
plaza,front,pala
e

Agent 15Patient Prediate
provide,meet,jo
inmeets,j
oined,serve,join
,ful�ll
in,minister

Agent
ountry
Slovakia,ountry
the

14Patient Prediate
ompare
ompared

Agent
person
leader,analyst,v
itor,oÆial,ol
onele
x-army,The,Ele
tion,Austrian,
politial

14Patient
hange
blow,ampaign,
orruption
major,a

Prediate
ome
ome,ame
honour

Agent 14Patient
statement,perso
nletter,a
nnounement,na
me,brazilian,wo
mana,the,hi
s

Prediate
ontinue,talk
begins,ontinue,
ontinued,began
,ontinuing

Agent 11Patient
venture,hange
ampaign,e�ort
,reform,toserv
easforeign

minister

Prediate
tear,try,help
riven,split,try,
help
Cypriot,rivalries

Agent
helium,he
He,he

11Patient
geographialare
a,ountryou
ntry,island
the,a

Table7.4:G
eneralization
resultsforth
eEletion
senario.
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Fire

ClusterSeman
tiG
eneri
SizeRole
Term
Instanes

Modi�ers

Prediate
say
say,said

Agent
person
worker,more,ma
yor,owner,singe
r,orrespon-

dent,spokesman
,oÆial,survivor
,Magistrate,

Proseutor,wom
an,wathman,w
itness,res-

ident,Liberian,
administrator,s
tudent,�re-

�ghter,oÆer,h
ief

The,and,Mos
ow,The,One,
the,Distrit,

Distrit,lead,po
lie,�re,the,Fir
e,a,One,an,

Caraas,Agra,R
ed,ity,The,Na
tional,�re,

polie,a,19-yea
r-old,�re,A,Cr
oss,Caraas,

�re,polie,�re,
some

98Patient Prediate
injure,kill
killing,injured,i
njuring,killed
many,�re,�re,�
re,ity,�re,�re,
blaze

Agent 35Patient
person,people
worker,hild,tea
her,student,�re
�ghter,peo-

ple,guest

36,shool,Many
,head,many,Th
e,40

Prediate
ommuniate
reahing,given,
arrying

Agent 19Patient
artifat,ommun
iationroof,
faility,lub,bla
ze,refuge,oor,
�re,for

manytoesape,
question,numbe
rtower,the,mass

ive,the,a,armo
ury,upper

Prediate
spark
sparked,spark,s
parking
iruit,gas,rum
ours

Agent
artifat
wire,blaze,�re,
iruit,anister,
doorA
,The,poor,nigh
t-time

17Patient
�re
blaze,�re
the,the,the

Prediate
break
broke,breaking,
break
midnight,about
0200,Saturday,
display,two,

Monday

Agent 16Patient
�re
blaze,�re
the,the

Prediate
try,request
laimed,tried,o
rdering,demand
ed

Agent
person
rioter,student,�
re�ghter
other

12Patient Prediate
rise,spread
rose,spreading,
rise,rising,sprea
dr
oof,rest,26,oo
r,hall

Agent 11Patient
ombustion,�re,
ritiismame
,�re

Prediate
give,go
went,gone,goin
g,return,allowe
d,aommo-

date

law,buildings,
ames

Agent 11Patient
person
engineer,neighb
or
the

Table7.5:G
eneralization
resultsforth
eFiresena
rio.
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LaunhEven
t

ClusterSeman
tiGen
eri
SizeRole
Term
Instanes

Modi�ers

Prediate
says
ay,saying,says,
said

Agent
person
hairman,rabbi
,ambassador,H
arvey,om-

mander,ontro
ller,diretor,
investigator,

manager,preside
nt,sientist,om
mentatorNASA,The,the

,a,Florida,Spa
e

33Patient
artifat
work,spaeraft
,goal,apsule,v
ehile,ight,

surfae,water,la
unh

omet,debut,Th
e

Prediateom
muniate,launh
releasing,pushed
,marked,laun
hed,return,

released,broada
st,launhing,lau
nhCape,trajetory

,two,quarry,N
ovember,Is-

raeli,stages,Mo
nday,10,Cape,
November

Agent 26Patient
vehile,roket
raft,spaeraft,
roket,launh
Shenzhou,",se
ond,Shenzhou,
a,third,the,

its,unmanned,t
he,the,new,Th
e,the,the

Prediate
ommuniate
arry,give,relat
ed,over,swallo
w
water.

Agent 21Patient
artifat
raft,ontroller,
projetile,Colise
um,feature,

area,water
the,Rome,adeq
uate,372kg,a,N
ASA

Prediate
arry
arry,arries,a
rrying
spae,16,Eutels
at,mirogravity

Agent 18Patient
artifat
satellite,instrum
ent,set,amera,
equipment,

Bible,series,lau
nh

a,a,two,resear
h,the,university
,new,all,a,

a,ommuniatio
ns,a

Prediate
build
build,builds,bu
ilt
Mosow,Energia

Agent 15Patient
devie
engine,sight,mo
dule
�rst-stage,and,
Soyuz,Atlas,spa
eraft

Prediate
ommuniate
reveal,put,given
years,developme
nt

Agent 15Patient
person
astronaut,what
liesbeneath,Nob
odyC
hinese

Prediate
onvey
meant,intended,
supposed

Agent 12Patient
deedt
o�xthat,ight,
launh
The,its,maiden

Prediate
blastb
lasted,blast
orbit,six,laun
h,after,orbit,n
uleus,7:49,

Friday,Florida,t
est,1243,missio
n,12:40

Agent 11Patient
instrumentality
projetile,apsu
le,shuttle
a

Prediate
lift,mark
marking,lift,ma
rked,lifted
Florida,2150GM
T,Boeing

Agent
spaeraft
spaeraft,spae
ship
Shenzhou,",De
ep,Impat,The,
The

10Patient
milestone
milestone

ritial,a,a

Table7.6:G
eneralization
resultsforth
eLaunhEv
entsenario
.
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Layoff

Cluster
Semanti
Generi

Size
Role
Term
Instanes

Modi�ers

Prediate
say
say,said

statement.,state
ment

Agent
organization
�rm,airline,ma
nufaturer,make
r,arrier,gi-

ant,ompany,ai
rway

the,the,the,E
urope,biggest,
British,the,

the,,US,the,
The,The,Swiss
,equipment,

The,the,No.,T
he,The,teleom
s,The,Eu-

rope,largest,ele
tronis,The,Sw
edish,2,the,

Beleaguered,Jap
an,the,teleom
s,the,both,

UK

124
Patient Prediate

ut
ut,slash,uttin
g,uts
12,frans,14,70
0,by,perent,8
0,60,wake,

slump,part,top
,autumn,2004,
2002,them,

2003,20,from7
bnyen,7,000,e
nd,4bn,a-

ording,2001

Agent
ompany
ompany

and,Frenh,the
,The,Phone,In
ternet

36P
atient
job
job

a,20,000,US,5,
000,5,200,40,00
0,7,000,fur-

ther,10,000

Prediate
derease
lower,mitigate,
reduing,redue
60bn,140bn

Agent
12P
atient
ommuniation
idea,news,fore
ast,ondition
the,pro�t,our,e
xeptional

Prediate
ome
ome,omes,am
e
top,Lufthansa,r
estruturing,Jap
an

Agent
11Patient
ommuniation
announement,a
ttak,utwee
k

Prediate
return
return,returns
normal,pro�tab
ility

Agent
10P
atient
pro�t,ommuni
ationtopro
�tuntilnextyea
r,demand,pro�t
ability,

horus,guidane
no,the

Prediate
a�et,go
go.,a�et,going
,a�eted
uts

Agent
10P
atient
setor,business
setor,business
all,software,the

Table7.7:G
eneralization
resultsforth
eLayoffse
nario.
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LegalCase

ClusterSeman
ti
Generi

SizeRole
Term
Instanes

Modi�ers

Prediate
ask,say,inform
testi�ed,told,te
ll,desribed,say
,announed,

saying,telling,sa
ys,alled,said,a
skeddanger,proseu

tors,Friday,
o-ordinator,

ourt,sentene,r
eation,jail,hea
ring,matter,

forMartinandL
elievre

Agent
letter,helium
I,He,he

115Patient
ommuniation
mistake,attak,
amerian,he,ple
a,transriptt
he,the,Indonesi
an,the,an,one

Prediate
delare
sentened,onvi
ted,pleaded,se
ntening,a-

quitted

life,eight,four,
�ve,of,one,dea
th,harges,

�ve,for,kidnapp
ing,10,prison,B
elgium.,kid-

napping,terroris
m,death,Manh
attan,year,

Los,30,rape,o
f,onspiray,ei
ght,harges,

death,for,28,o
rruption,role,lif
e,24,smug-

gling,for,onvi
tion,Friday

Agent 43Patient
person
Demorat,exper
t,Stewart,exwif
e,killer,boy,

teaher,soldier
Martha,his,Ma
rtha,a

Prediate
kill
killing,killed

Agent 13Patient Prediate
ommuniate
threw,speak,tal
k,reports
him,Iraq,senten
ing

Agent
oÆial
judge,proseuto
r,oÆial
federal,A,gover
nment

13Patient
message,stringo
fwords,duepro
esssentene,
ase,term,trial,
onvition
the,Tra�ant,th
e

Prediate
ommit,aept
let,ommit,om
mitted,su�ered,
santionedO
tober

Agent 12Patient
rime,ommuni
ation
ry,at,attak,
rime,abuse,frau
da,
an,sex,animate
d,the,the

Prediate
pose
posed,poses
Baghdad,well-b
eing

Agent
person,teaher
defendant,inmat
e,teaher
the,Islami,43-y
ear-old,The

10Patient
photo
photo

the

Table7.8:G
eneralization
resultsforth
eLegalCas
esenario.



121

Nobel

ClusterSeman
ti
Generi

SizeRole
Term
Instanes

Modi�ers

Prediate
say
said

New,itation,i
tation

Agent
person,symbol
hairman,honou
r,Steller,Grang
er,amerian,

Carter,Professo
r,He,briton,he
,member,I,

dotor,sientist
Briton,W.,Som
e,Mr,Clive,two
,J.,Two

45Patient
symbol
prize,Prize,he
year,Nobel,200
0,Booker,2003,
Nobel,the,

the,the,Writers
,Memorial,the

Prediate
say,ommuniat
eide
ntify,tell,say,pr
edited,gave,a
lled,said,

alling

reature,ways

Agent
person
hairman,invest
or,Mans�eld,C
arter,Davis,

inventor,preside
nt,sientist,gen
eral

Professor,The,i
ndustrialist,wea
lthy,former,

the,Professor,M
r,and,a,US,Sw
edish

37Patient Prediate
give,ommunia
tesp
ent,serves,put,
give,given,arr
ying,pro-

vided

Afghan,thosew
ho"shallhave
onferredthe

greatestbene�to
nmankind"and
"shallhave

madethemosti
mportantdisov
eryorinven-

tionwithinthe�
eldofphysis."
,inspiration,

trial,prize,jail

Agent
ommuniation
I,honour,advan
e,news,he
This

24Patient
artifat,timepe
riod,ommunia
tionsentene,
inspiration,targ
et,news,eviden
e,

administration,
proof,Tuesday,
week,prize,

award,generatio
n,interview,mar
ket,sanner,

headline

resonane,magn
eti,three,the,s
olid,a,MRI,

the,�rst,the,i
on,a,about,ne
w,the,sus-

pended

Prediate
judge,ommuni
atere
ognise,interpr
eted,understan
d,hose,

reahed,proven,
hoose

ritiism,deade
s,home

Agent 15Patient
ommuniation
threat,line,riti
ism,solution
peaeful,the,th
e,same,Friday

Prediate
use
use,using,used
example,resonan
e

Agent 15Patient
person
dotor,material,
dissident,sanne
rh
ospital,Superon
duting,modern
,MRI

Prediate
award
awarded

superondutivit
y,quantum,wor
k,in,Litera-

ture,1901

Agent
person
ativist,Iranian,
writer
Human,2003,�r
st,the,rights,th
e,Nobel

13Patient
prize,award
prize,award,Pri
ze
Nobel,the,Nob
el,,,mediine,
The,Peae,

physis,2003,,,
the,The,,,2003
,the,peae,

literature,hemi
stry,and

Prediate
help
helped

Agent 13Patient
artifat,award
prize,award,ell
,tool,sanner,h
annel,watero
ne

Prediate
work,study
work,studying,
study,worked,w
orkingh
er,family,lawye
r

Agent
livingthing
itizen,laureate,
ell
new,and,Nobe
l,British,a,th
e,Amerian,

The

12Patient
person
star,lawyer
and,Irish,rok,
galaxies

Prediate
inrease,measur
ein
rease,inreased,
promote,advan
e,mea-

sure

investors

Agent 10Patient
onept
right,value
human

Table7.9:G
eneralization
resultsforth
eNobelsen
ario.
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Obituary

ClusterSeman
tiGene
ri
SizeRole
Term
Instanes

Modi�ers

Prediatesay
,ommuniate
write,tell,spok
e,say,says,al
led,realled,

asked,signed,
told,desribed,
suggesting,

wrote,saying,ex
plained,given,sa
id,learnedSaturday,interv

iew,people,one
,end,rae,

unknown,pain,
inuenes,prese
nt,Tuesday,

1980,1945,auto
biography,Notts
,grey,Pippi,

heaven.

Agent
letterI,
He,he

79Patient
ommuniation
I,bid,result,He
,ause,he,song
,smoke
diamonds,a,sat
in,igarette,and
,,,late

Prediate
permit,die
died,born,su�er
ing,su�er
heart,April,Nov
ember,sleep,nu
rsing,Satur-

day,1993,home,
name,heart,hom
e,age,an-

er,Brooklyn,ar
tery,hours,illne
ss,Los,Rio,

ompliation,ho
me,11,8,ao
rding,0550,

sleep,foot,14,p
neumonia,heart
,pneumona

Agent 41Patient
person�
lmmaker,atres
s,reator,Moo
re,father,

Russian,player,
aner,Norman,
mother

Prediateom
muniate,take
arries,Taking,
published,sing,
extended,

Took,paid,take
n,Take

Deember,world
,band,Here,Q
ueen,after,

�lm-making

Agent 19Patient
artifat
�lm,band,opy,
blue,series
a,47

Prediate
playpl
ayed

London

Agent 11Patient Prediatew
ork,found
founded,worked
,found
Hit,railways,th
esis

Agent 11Patient
Table7.10:
Generalizati
onresultsfo
rtheObitua
rysenario.
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RoadAide
nt

ClusterSeman
tiG
eneri
SizeRole
Term
Instanes

Modi�ers

Prediate
say,inform
told,feared,ind
iated,desribed
,say,says,

said,reported
moment

Agent
person
resident,Moha
mmed,direto
r,oÆial,

spokesman,surv
ivor,eyewitness,
resuerpolie,unnamed

,polie,loal,A
,bus,om-

pany,A,Mr,Hu
ngarian,polie,
an,good,A,

the

39Patient
instrumentality,
organismhild
,miner,thatth
ebrakeshadfai
led,am-

bulane,pain,br
ake,bus,driver,
�shermanterror,and,the

Prediate
injure,kill
killing,injuring,
injured,killed
oah,state,bus

Agent
bus
bus

31Patient
largeinteger,peo
ple30,13,
20,15,hundred,
23,people
Some,49,49,12,
17,about,eah,
22,at,least,

another

Prediate
plunge
plunged

Peru,dith,brid
ge,river,anal,r
iver,Nigeria,

Trishuli,road,ri
ver,river

Agent 26Patient
bus
bus

the,the

Prediate
arry,ollide
rashed,ollided
,arrying
ity,streth,sou
theast,outing,sk
i,town,bus,

intopartoftheb
ridge,iy,Enugu

Agent
bus
bus

The,The,two,
A,The,A,A,
A,a,The,

Wednesday,the

23Patient
motorvehile
bus,truk

Prediate
say
say,said

Agent
polie
polie,Polie
",me.

21Patient Prediate
happen
happened

Nepal,town

Agent 11Patient
aident
rash,ollision,a
ident

Prediate
get
get,got

sene

Agent 11Patient Prediate
take
took,taken
hospital,hospita
ls

Agent 11Patient
organism
vitim,ag,surv
ivor
some

Table7.11:
Generalizati
onresultsfo
rtheRoadA
identse
nario.
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SoerFina
l

ClusterSeman
tiGe
neri
SizeRole
Term
Instanes

Modi�ers

Prediate
win
won,win,winnin
g
penalties,time,R
eal,Brazil

Agent
region
ountry,Liverpo
ol,Mexio,Fra
ne,Brazil,

side

best,marvellous
,Houllier,the,T
he

41Patient Prediate
state
add,gave,explai
ned,given,adde
d,providing
lub,soer,Wor
ld

Agent 28Patient Prediate
ommuniate
arry,delivered,
introdue,prove
d,demon-

strated

interval,on

Agent 16Patient Prediate
sore
soring,sored
57,onversions,
Greeks

Agent 15Patient
person,ommun
iationthefor
ward,star,forwa
rd,Cup,award,
sore,

intelligene,winn
er

the,the,Golden
,Boot

Prediate
leave
leaving,left
European,memo
ries

Agentin
strumentality
fan,ball,oah
Mexio,the,Spa
niards

14Patient
artifat,ommun
iationfan,Cu
p,steel,histeam
alive,side,sign

Prediatesa
w,request,dela
relaimed,s
aw,oneding,qu
estioned,expete
d,

laim,onede
the�nal,time

Agent 14Patient
ommuniation
trophy,style,mi
nutes
the,eight,their,
red

Prediate
inform
deeived,inspire
d
footballer

Agent 12Patient Prediate
rejet,aept
denied,elebrate
,rejeted,believ
edS
ven-Goran,Bogo
ta

Agent 10Patient
goal,person
goal,player,oa
h
Columbia

Prediate
attempt,fail
attempt,failed,a
ttempted
free-kik

Agent
person
party,keeper
Every,Portugal

10Patient
ommuniation
tosore,touh,h
e,peae
a

Table7.12:
Generalizati
onresultsfo
rtheSoer
Finalsena
rio.
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Storm

ClusterSeman
ti
Generi

SizeRole
Term
Instanes

Modi�ers

Prediate
say
say,says,said
Thursday

Agent
person
Thomas,touris
t,Bush,dire
tor,oÆial,

spokesman,spok
eswoman

a,Loal,Agen
y,An,Cross,A
merian,re-

gional,Harry,M
eteorologial,thw
arted,Red,

National,Polie,
State,Ageny,R
esue

55Patient Prediate
hit
hit

suession,three
,storms,window
,Wednesday,

week,Wednesday
,time,Tuesday,
Hurriane

Agent 30Patient
administratived
istrito
untry,Japan,lan
d
The,the

Prediate
kill
killed

Taiwan,before,t
rees,gusts,typh
oon

Agent 18Patient
people
people

nine

Prediate
weaken
weakened

dawn,time,sin
e

Agentstorm
,atmospheriph
enomenonwin
d,rain,hurrian
e,storm
the,The,Weake
ned,The,the,st
rong,fourth,

the,The,major

17Patient Prediate
say,report
said,reported

Agent
ageny
Ageny,ageny
AP,Meteorolog
ial,the,news,
the,news,

Japan,Kyodo,F
renh,news,the

17Patient Prediate
leave
leave,left
storm,power,be
fore,food,eletr
iity

Agent 16Patient Prediate
ommuniate,ta
ketook
,imposed,told,
give,taken,reah
areas,mattress,
Japan,gymnasiu
m,side

Agent
organization
family,team,gym
nasium,authorit
iesUS
,her,emergeny

15Patient Prediate
move
moved,moving
out,island,Sou
th,15km/h,be
fore,Japan,

oors,ountry

Agent 14Patient
atmospheriphe
nomenonw
ind,storm,torna
do
the

Prediate
ause
aused,ausing
ight

Agent 11Patient
damage,hange
asualty,ood,
damage,destru
tion,disrup-

tion

widespread,suh
,the,further,se
vere,worst,

massive,huge,th
e,its

Prediate
loate
loated,loate
Hokkaido,120km

Agent
work
searh,servie

10Patient Prediate
miss,hear
hear,missing
Sunday,towns

Agent 10Patient
restraint
nail,emergeny
the

Table7.13:
Generalizati
onresultsfo
rtheStorm
senario.
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Tennis

ClusterSeman
tiGe
neri
SizeRole
Term
Instanes

Modi�ers

Prediatehan
gestate,play,w
inwent,gettin
g,won,gone,get
,playing,played
,

going,play,got,
win,winning

onditions,US,S
wiss,two,Agass
i,his,Paris,

immediately,afte
r,walking,side,
year.,night,

round,level,bat
hroom,29,game
s

Agent
helium,he
He,he

55Patient
ommuniation
I,Slam,title,su
ggestion,toall
itarivalry,

he,slam,onditi
on

grand,a,the,Fr
enh,singles,thi
s,luky,two,

Open,boys,Gra
nd,this,a,Gran
d,grand

Prediate
win
won,win,winnin
g
Australian,1972
,matter

Agento
mmuniation
I,He,he,Russia
n
the

36Patient Prediate
say,request
all,questioned,
say,expeted,a
lled,laim,

said,insisted
thigh,trainer,se
mi-�nal,trainer,
after

Agent 32Patient
letter
I,howhappyIa
m,He,he

Prediate
serve
serves,serving,s
erved,serve
half-pae,point,
hisownserve,5-
4,inthe�fth

set,two,middle
,diÆulty,mat
h,it,math,

before,game

Agent
symbol
�rst,He,he
his

30Patient Prediate
break
broken,broke,b
reaking,break
lead,game,open
ing,opening,gam
e,game

Agent
letter
I,he

15Patient Prediates
tart,keep,begin
begins,started,
save,start,star
ting,keep,

saved,began
him,South,Que
en,on

Agent
helium,he
he

14Patient Prediate
win
won,win,winnin
g
tournament

Agent 11Patient
title,heading
title

Slam,his,seon
d,all,four,his
,a,areer,

fourth,Slam,Gr
and,Grand

Prediate
pay,take
spent,put,paid,
take
out,Christmas

Agent 11Patient Prediate
try,fail
failed,tried

Agent
helium,he
he

10Patient
person
toahieverather
more,best,seed
his

Prediate
ome
ome,omes,am
e
three,result.

Agent
I,one
I

10Patient Prediate
lose
lost
Agent
helium,he
he

10Patient
ommuniation
return,he,point
two,math

Table7.14:
Generalizati
onresultsfo
rtheTennis
senario.
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TerroristA
ttak

ClusterSeman
tiG
eneri
SizeRole
Term
Instanes

Modi�ers

Prediate
say,ommuniat
eurged,f
ear,pointed,sa
y,alled,suppo
sed,

issued,told,ind
iated,suggeste
d,said,ex-

pressed,reported
bus

Agent
person
worker,spokesm
an,oÆial,Pu
tin,mem-

ber,survivor,d
river,man,min
ister,Bush,

head,reporter,
president,sour
e,passenger,

spokesperson,h
ief

Russian,servies
,A,later,Region
al,an,FSB,

taxi,loal,emer
geny,President
,other,one,

Israeli,Governm
ent,Indonesia,A
,President,

The,Israeli,Vla
dimir,and,ons
ular,A,res-

ue,Kenyan,a

85Patient
objet
australian,bomb
,vitim,�gure,i
sland,amer-

ian,bomber,lo
rry,supporter,b
riton,where

theyanbe,at
taker,ivilian,
foundation,

work,man,germ
an,Briton,repo
rter,sight,

Radio,network,
shoot

building,two,O
ne,The,the,Isr
ael

Prediate
kill,hurt
shot,wounded,
killing,maiming
,wounding,

hurt,injured,inj
uring,killed

explosion,blast,
suiide,them,at
tak,others,

rubble,attak,b
last,Tunisian,a
ording

Agent 38Patient
person,people
tourist,Israeli,g
erman,bomber,
Briton,pas-

senger,surfer,pe
ople,israeli

bakpakers,you
ng,six,western,
two,three,

another,suiide,
other,and

Prediateatt
est,ondemn,kn
okdeplores,
ondemn,blame
d,attaking,o
n-

demns,ondemn
ed

string,attaks,m
ilitary

Agentgovern
ment,organizati
onGovernmen
t,Authorities,
military,govern
-

ment,Polie
US,The,States,
The,United

15Patient
attak
attak

another,the,fa
tional,the,two,
the

Prediate
ommuniate
arry,imposed,o
�er,put,pushes
them,Sharon

Agent
person,body
worker,leadershi
p,leader,Bush,p
ain,leaders,

palestinian
su�ering,the,fr
ustrations,Arab
,,,Kremlin,

and,the,some

14Patient Prediate
treat
treated,treat
opportunity,inju
ries,hospital

Agent 14Patient Prediate
knok
blamed,denoun
ed,ondemned
leader

Agent
person
rebel,Bush,Put
in,oÆial
President,Georg
e,Vladimir,W.
,President,

Tunisian

12Patient
person
ally,leader,rebe
l
rebel,the,Cheh
en,Chehen

Prediate
ome
omes,ame,em
anates
territories

Agent 12Patient
onveyane
train,vehile,lor
ry,tanker
The,the,A

Prediate
inlude,grow
inluding,rise,in
luded,aged
40-45,Indonesia

Agent 10Patient
�gure,number
one,�gure,numb
er
a

Table7.15:
Generalizati
onresultsfo
rtheTerror
istAttak
senario.
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Volano

ClusterSeman
tiGener
i
SizeRole
Term
Instanes

Modi�ers

Prediatesay,
ommuniate
warned,feared,
onsidered,say,
says,alled,

asked,began,di
suss,beginning,
told,noted,

predited,said,
autioned

ativity,of

Agent
persono
wner,speiali
st,seismologis
t,Steele,

spokesman,oÆi
al,sientist,oÆ
er,hiefdistrit,Congole

se,his,Emergen
y,A,village,

Tsumagoi,Natio
ns,The,A,UN,
United,a

62Patient Prediate
saysay
,saying,said

Agentlett
er,personI,
Major,Johnso
n,seismologis
t,he,

spokesman,pilot
,sientist

a,ommand,a,d
efene

30Patient Prediate
erupter
upting,erupted,
erupt
Saturday,island,
1996,Indian,Ita
ly,Island,7

Agent 25Patient
volanoA
sama,volano
Wednesday,the

Prediateo
mmuniate
arry,told,put,
lies
enter,amps

Agent 16Patient Prediate
spewsp
ewing,spewed
Tuesday,island,
air,India,rater

Agentnatu
ralobjetm
ountain,sun,vol
ano,plume
The,The,the,th
e

16Patient
lavalav
a,Lava
smoke,and

Prediatein
rease,ause
inreased,growi
ng,add,inreas
ing,aused,

ausing

ativity,Tuesday
,months

Agent 12Patient
happening
spill,tsunami,�r
e,wave
an,a,devastatin
g,the,oil,forest
,tidal

Prediateo
mmuniate
onsidered,repea
ted,lies

Agent 12Patient
volano,eruption
volano,eruption
tiny,The,an

Prediate
informsh
owed,reorded,
released,reporte
d,reportstim
e,eruption,Dee
mber

Agent 11Patient
asualty
asualty,damage,
injury
no,or,the,death
s,No

Prediate
ee,return
eeing,ee,retu
rning,return,e
d,esapeh
omes,day,Rwan
da,edges,slopes,
homes,site

Agent 11Patient
peoplep
eople

57

Table7.16:
Generalizati
onresultsfo
rtheVolan
osenario.



129
Chapter 8

NUS Senario Corpus
One of the aademi ontributions of this thesis is a resoure for Senario TemplateCreation researh. As far as I know, no orpus has been speially onstruted for thetask of STC. Researhers have been using several generi orpora for their STC ex-periments. But these orpora have limited senarios represented (e.g., suession,negotiation, rash and launh in MUC) and the distribution of artiles repre-senting these senarios are heavily skewed. Meanwhile, only a few gold standardsenario templates are publily available, as part of MUC. These fats limit investi-gation into STC and render any potential evaluation of automated STC statistiallyinsigni�ant, as well as making omparative evaluation diÆult. As part of this re-searh, I have ompiled a set of input artiles with partial annotations, hoping thatthis artile set ould spur further researh into the STC task.For a orpus to be suitable for STC or related researh, it is highly desirableto span diverse senarios. This is neessary to evaluate approahes if they laim tobe senario-independent. It is also helpful in revealing valuable features throughomparisons between senario-spei� approahes. The presene of multiple STsalso gives room for further researh on the relations among di�erent senarios. Ad-ditionally, for eah senario, multiple artiles need to exist to represent the orret



130magnitude of both lexial and syntati variations STC systems will enounter.Therefore, there are a few priniples to follow while onstruting suh a orpus:1. The orpus should ontain multiple senarios;2. For eah senario, there should exist multiple events. This ensures for thesame role in the senario di�erent entities are involved, guaranteeing lexialvariation;3. For eah event, there should exist multiple artiles written by di�erent jour-nalists. This inludes di�erent ways to express the same semantis, apturingsyntati variation.Aside from these onsiderations, there are an additional two issues to payattention to. One is that the opyright of the artiles should be respeted. Asa publily available material, the orpus should be free of any opyright-protetedontents whih may onstrain its availability. The other issue is the balane betweensenarios. For the senarios in the orpus, the number of events should be similarfrom one senario to another, and so should be the number of artiles for eahevent. This is to ensure that the senarios are omparable { no senarios shouldhave signi�antly fewer artiles (and hene fewer lexial and syntatial variations)than the rest.Following these guidelines, I manually onstruted the Senario Corpus,whih onsists of a Web portion, omplemented by a LexisNexis r portion.The Web portion ontains news artiles retrieved from the websites of a fewnews agents, as shown in Table 8.1. Not all online news agenies were found suit-able for this data olletion task. The initial list of andidates were obtained byquerying Google r for websites related to the term \news". Among these andi-dates, websites that 1) are truly online versions of news agents, and 2) provide freenews artiles extending bak 5 years, were seleted as soures for the data olle-



131News Agent URLAmerian Broadasting Company abnews.go.omAustralian Broadasting Corporation www.ab.net.au/newsBritish Broadasting Corporation news.bb.o.ukCable News Network www.nn.omCanadian Broadasting Corporation www.b.a/storyCBS Broadasting In. www.bsnews.omFox Broadasting Company www.foxnews.omGuardian News & Media www.guardian.o.ukNew York Times query.nytimes.omPeople's Daily english.people.om.nRadio Telef��s �Eireann www.rte.ie/newsSydney Morning Herald www.smh.om.auTaipei Times www.taipeitimes.omThe Daily Telegraph www.telegraph.o.uk/newsThe Tribune www.tribuneindia.omThe Washington Post www.washingtonpost.omUSA Today www.usatoday.omTable 8.1: List of some news agents with online news arhivestion. The assumption is that if a news agent has been providing its news artilesfor free for suh a long time, it is likely to keep doing so inde�nitely, thus makingthese artiles e�etively free (for researh purposes).After the soure news agents were �xed, I started to selet the target se-narios and ollet news artiles aordingly. The target senarios were seleted toreet diversity { di�erent domains were overed and suÆiently widely-reportedevents exist for eah senario. The senario seletion was not entirely independentof the artile olletion. Among the initially seleted senarios, there are a few(e.g., Corporation Aquisition, Sientifi Disovery, et.) for whih I ouldnot �nd suÆient news artiles that would represent the desired number of eventinstanes. This had impat on the senario seletion part suh that the senar-ios with infrequent events or limited overage had to be replaed. A orpus of 15



132Domain Senariobusiness Layo�disaster (natural) Earthquake, Storm, Volanodisaster (tehnial) Airliner Crash, Fire, Road Aident, TerroristAttakpeople Legal Cases, Obituarypolitis Eletionsports Soer Final, Tennistehnology Launh Event, NobelTable 8.2: Senarios in the NUS Senario Corpusdiverse senarios was the �nal produt of this work, shown in Table 8.2.The number of di�erent news artiles olletible for a single event is on-strained by a few fators. First, the event should be sensational enough so that itis overed by news agents aross the world. Seond, at least several news agentsshould have their own reports on the event instead of using a shared opy (e.g.,AP newswire). Finally, these news agents should be willing to give free aess totheir online news artiles for an inde�nitely long time. Consequently, the number ofnews artiles olletible for an event a�ets whether it should be taken as a typialevent of the senario. Under these onstraints, the goal for the artile olletion wasoriginally set to be 10 events for a senario and 5 artiles for an event. It turnedout to be a reasonable amount: In the end, I managed to ahieve so for most of the15 senarios with few exeptions.Artile olletion was a manual proess. For most of the news artiles, I ol-leted them by querying Google r and Google's arhived news searh with pertinentquery terms, sometimes within the website of a spei�ed news agent.When olleting news artiles on one event, it is important to have multiple,di�erent versions that possibly ontain various surfae realizations of the samesemantis. Sine artiles from di�erent news agents are not neessarily di�erent {they may draw from the same underlying soure (e.g. The Assoiated Press) { extra



133attention should be taken to see to that a new artile to be added not be identialto any artile already in the olletion. In pratie, two artiles were onsideredidential if they math word for word in at least the �rst paragraph of the body.Due to the inonsistent on�gurations of di�erent websites, to ahieve thehighest possible auray, tags indiating the title, byline, body and so on of theolleted news artile were manually added. Other annotations, for example thegold standard prediate argument tuple lusters for eah senario, are desribed inthe evaluation hapter of this thesis, for ease of referene. Java r APIs are alsoprovided with the orpus to failitate data (pre)proessing, the details about whihare in the downloadable pakage of the orpus.This senario orpus, whih I simply named as NUS Senario Corpus, anbe found on the website of our Web Information Retrieval / Natural LanguageProessing Group (WING).
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Chapter 9

Appliations
Not surprisingly, many NLP appliations an bene�t from the information providedby STs' linguisti and semanti senario representations of senarios. Suh appli-ations inlude Automated Text Summarization (ATS), Question Answering (QA),and Information Extration (IE), whih I explore in this hapter. We already knowthat automati STC is preferable for unseen senarios, saving human e�ort thatwould otherwise be inurred. This hapter illustrates that the automated STs areadvantageous, even when their ounterpart manual STs have already been de�ned.This is mainly beause of the linguisti senario representation of the former, i.e.,the surfae realization information gleaned during the STC proess.9.1 Semanti SimilaritiesIn preparation for the disussions of automated STs' appliation, I �rst introduethree semanti similarity metris whih an be alulated based on automated STs.The manual templates do not neessarily have the rih information to support suhsimilarity alulations.We have seen in Setion 6.3 that the linguisti representation of a senario



135is a set of PAT lusters. After the luster �ltering proess, salient lusters are leftand eah luster orresponds to an salient ation of the senario. It is this level ofrepresentation that supports the similarities desirable for NLP appliations. Thebasis for these similarities is Equation 4.1, the PAT intrinsi similarity measure,whih I dupliate here for ease of referene:Sim(ta; tb) = 1�XSim(a; b)�=ftarget;argsharedgw :eq: targettarget :Sentene-Senario Similarity. Researh on paraphrase reognition (sum-marized earlier in Chapter 4) shows that the ombination of PATs extrated from asentene is a lose semanti approximation of the entire sentene. Therefore, theyan serve as the basis for sentene-related similarities. Apart from sentene-sentenesimilarity for paraphrase reognition, sentene-senario similarity is another exam-ple. To be preise, this similarity reets how likely a sentene S is part of adesription of a senario S. It is alulated as:Sim(S;S) = 1jT jXti2T maxj2C (Sim(ti; j)); (9.1)where T = ft1; t2; :::tmg is the olletion of PATs that sentene S has, C = f1; 2; :::ngis the olletion of salient PAT lusters of senario S, and the similarity between aPAT t and a PAT luster  is a standard averaged group-wise similarity:Sim(t; ) = 1jjXtk2Sim(t; tk): (9.2)For eah PAT in sentene S, Equation 9.1 greedily �nds a PAT luster in Tmost similar to it. This implies:� The more a sentene S ontains PATs that represent important ations in asenario S, the more likely that S is about S, or the more relevant S is to S;� The more irrelevant PATs S has, the less relevant it is to S.



136Artile-Senario Similarity. If we simply model an artile A as a bagof sentenes fSkg, the similarity between A and a senario S an be intuitivelyalulated as: Sim(A;S) = 1jfSkgj XSk2ASim(Sk;S): (9.3)Toward one extreme, when an artile onsists of only ations in a senario,the artile-senario similarity will be very high, indiating that the artile is in fatabout a partiular event of the senario. In more general ases where an artile hasmore sentenes that are irrelevant to the senario, then the less the similarity sorebeomes, suggesting the artile is less likely about the senario.Senario-Senario Similarity. From the PAT luster representations oftwo senarios, we an disover similar ations they share, whih in turn lead to asimilarity measure between the two senarios.The similarity between two PAT lusters, for example, two salient lusterseah from one of the two senarios Sr, Ss under investigation, is alulated aordingto: Sim(p; q) = 12( 1jpjXti2p Sim(ti; q) + 1jqjXtj2q Sim(tj ; p)); (9.4)where Sim(t; ) is obtained aording to Equation 9.2. This is used to reate aontingeny matrix, where eah ell stores a partiular similarity sore Sim(p; q),with p and q respetively ranging over all lusters of the two senarios. Then,following a greedy proess similar to the ompetitive linking algorithm (Melamed,2000), a one-to-one mapping between PAT lusters from the two individual senar-ios M(Sr;Ss) � f(p; q)g is formed. The mapping proess ensures that the pairwith higher similarity sore is always formed before less similar pairs, and the pairsformed afterwards do not onit with existing pairs. This mapping thus has thehighest overall similarity sum, whih an be used to measure the similarity betweenthe two senarios:



137Sim(Sr;Ss) = 1jM(Sr;Ss)jXSim(p; q)(p;q)2M(Sr;Ss) : (9.5)The basi text span is de�ned as the PAT in my experimental system. There-fore I desribe all the above equations with respet to PATs. These equations anbe easily adapted to other de�nitions of text span as long as a text span does notexeed sentene boundaries. With the alulation of these semanti similaritiesestablished, we are now ready for disussions of STs' NLP appliations.9.2 Automated Text SummarizationThe task for Automati Text Summarization (ATS) systems is to analyze naturallanguage input and present the parts that best math an information need of auser. For reviews on ATS, refer to (Radev, 1998) and (Mani, 2001).STs are potentially helpful to both abstrative and extrative summariza-tions. (Radev, 1998) and (White et al., 2000) desribe two multi-doument ab-strative summarization systems that rely on nothing else but �lled STs as input.Typially, these STs are �lled against a set of artiles on an event. After theseSTs are merged, the slots in the resultant template are reeted in the summarythrough Natural Language Generation (NLG) operations. The surfae realizationinformation in the ST's linguisti representation of the senario is a onvenientresoure to help transform the slot �llers into grammatial sentenes. Here auto-mated STs an help abstrative summarization systems in two ways: 1) detetingthe SAs to present in the summary, and 2) providing surfae realization optionspossibly unseen in the input texts.I onduted an experiment to showase the feasibility of an ST-supportedextrative summarization system. The pseudo-ode of the ore operation is de-sribed in Algorithm 3. This system an be viewed as a simpli�ed version of the



138Algorithm 3 Summarize Artiles (As) by Senario Template (ST )Sents all the sentenes in Assummary  NILfor all PAT luster 's in ST do�nd the most similar sentene s from Sentssummary = summary + sSents = Sents� sif summary:length > Summary:LengthLimitation thenbreakreturn summaryaforementioned abstrative summarization systems. It does not require either theIE proess to supply �lled STs or the NLG operation to generate abstrative sum-maries. Instead, it just uses the un�lled ST, �nds sentenes that are similar to itaording to Equation 9.1, and onatenates the sentenes as the output summary.I implemented suh a strawman system and I tested it using the test datafrom the DUC '06 ompetition. The DUC test data provides artile lusters, eahonerning a partiular event, and their individual model summaries. Following theautomati evaluation shema of DUC, the system is evaluated by to what extentits summaries overlap with the model summaries, as measured by ROUGE (Lin,2004). The experimental results are shown in Table 9.1. The numbers in the paren-theses in the table are the ranks this system would have onerning the individualartile lusters when being ompared to the 35 peer systems partiipated in DUC'06. Limited by the urrent senario inventory, only 6 artile lusters that haveorresponding STs are summarized. As small as the test set is, using just STs forATS to identify important sentenes reveals some of the strengths and weaknesses.The strawman system did well for queries \EgyptAir Flight 990" and \bomb-ing of US embassies in Afria". It aptured the SAs of these two event: the date,site of the rash, the owner, type of the airraft, the number of the asualty, et. for



139Query Rouge-2 (rank) Rouge-su4 (rank)EgyptAir Flight 990 0.1208(3) 0.1538(3)bombing of US embassies in Afria 0.1357(1) 0.1785(7)terrorist attaks in Chehnya 0.0598(21) 0.1097 (23)eletion of Vladimir Putin in 2000 0.0538(32) 0.1117(28)rash of the Air Frane Conorde 0.0813(23) 0.1477(15)Table 9.1: DUC '06 results of a prototypial summarization system supported bysenario templates, ranked against 35 other peer systems.the �rst event and the type of the attak, the number, nationality of the asualty,the means of transportation of the terrorists, et. for the seond event. These makea important portion of the model summaries.However, the system did not generate highly ompetitive summaries for theother three queries. This reveals a weak point of this system: it fouses on theSAs of the events themselves but draws limited attention to the bakground in-formation, whih is highly valued by humans. For the query \terrorist attaks inChehnya", for example, the summary ontains mentionings about a few onitsand the overall asualty su�ered by the Russian federal troops. However, it doesnot over suÆiently the politial bakground of these battles. Similar for \eletionof Vladimir Putin in 2000", the model summaries yield good overage of the biog-raphy of Putin, whih is missing from the system summary. As for the query \rashof the Air Frane Conorde", the system was ignorant of the fat that there was anunusual airraft involved. It ignored the bakground introdution to Conorde, onwhih model summaries spend half of their words on average. Generally speaking,this suggests that an ST-supported module may not be suÆient enough to be usedas a summarization system by itself. Its ability to apture the SAs of events needsto be ombined with systems that are better at identifying neessary bakgroundinformation.



1409.3 Question AnsweringQuestion Answering (QA) systems provide an exat answer to natural languagequestions posed by users. They di�er from information retrieval (IR) systems inthat a preise answer is given rather than a relevant set of douments.One of the most suessful worldwide ompetitions on QA is the QA trakof the Text REtrieval Conferene (TREC). One of their question types, \other", isto be answered by anything \interesting" enough about a spei�ed topi (Voorhees,2004). For example, for a TREC 2006 topi: \tourists massared at Luxor in 1997",the model answers to the \other" question over the time, loation, perpetratorsas well as the number, the nationality, et. of the vitims. A omplementaryompetition, the Global Autonomous Language Exploitation (GALE) program,fouses on getting information from heterogeneous resoures. Some of its spei�edquestion types suh as to desribe attaks in Y or list fats about eventX represent information needs similar to that of TREC: information that is ruialto outline the events and whih annot be fully overed by a few phrases. Questionsof these types fous on events, and are the fous of this setion beause we believethat they are most likely question type to bene�t from the use of STs.From the TREC and GALE programs, a typial QA pipeline arhiteturehas emerged. It is omposed of three major operations. The �rst one is queryproessing. It analyzes the question, identi�es its type and the ategory of theexpeted answer. This information helps the orret strategies be taken for thesubsequent operations. To address the possible gap between a user's informationneed and his input question, query expansion is usually arried out as part ofquery proessing. The seond operation is passage retrieval. Here passages, whihould be paragraphs or sentenes, are extrated from the relevant artiles if they arejudged to ontain answers to the input question. The last operation is alled answerproessing, where the �nal answer is formed for output. For the questions we are



141interested in, the answers will onsist omplete sentenes. Sentene simpli�ationmay be invoked afterwards over the seleted sentenes when onise answers arepreferred.Having an ST as a new resoure opens an unique way to aomplish theQA task. In partiular, having STs failitates both query expansion and passageretrieval.9.3.1 ST for Query ExpansionThe goal of query expansion is to bridge the gap between a user's question andthe intended information need. New terms are introdued to the original questionto ahieve this. Suessful approahes inlude Relevane Feedbak (Salton andBukley, 1990) and those dependent on thesauri.The key to a suessful query expansion is to �nd terms that are similaror semantially related to what are in the input question. The thesaurus-basedapproahes, by design, suggest similar terms. On the other hand, the relevanefeedbak sheme reveals words that frequently o-our with the query terms. Butthey are either similar or related and it is not lear whih ase a new term is beingseleted for. In omparison, STs ontain suÆient information to tell whether thesuggested terms are similar or related to the query terms. This distintion betweenthe similar and the related is desirable for many query term weighting shemes.The ability of STs to di�erentiate similar and related expansion terms omesfrom their linguisti representation. Eah salient PAT luster denotes an importantation of a senario, and eah PAT instane in suh a luster is a pratial realizationof the important ation. Therefore, all the prediates in this luster are synonyms,all their agents are similar, and so are their patients. This internal view of a PATluster gives a few small but senario-spei� synonym sets. When a questionontains ertain terms that fall into suh a set, the rest of the terms in the set are



142ready expansion andidates.Looking beyond a single PAT luster, the set of salient PAT lusters of asenario represent its important ations. There is no doubt that these ations aresemantially related to eah other, in the ontext of this senario. Analogously,the prediates, agents and patients in these PAT lusters are also semantiallyrelated. Generally speaking, a semanti role generalized from eah PAT luster,being either the prediate, the agent or the patient, is semantially related to everyother generalized semanti role in the other salient PAT lusters. For instane,in the Airliner Crash senario, there are PAT lusters for ations \rash" and\kill". Their generalized semanti roles are airraft, rash and people, (being) killed,whih are all to a ertain extent semantially related to eah other in this partiularsenario. Suppose a user happens to use \airplane" and \rash" as two query terms.The orresponding PAT luster is CRASH. Terms representing the semanti rolesfrom the luster KILL will be expansion terms that are related rather than similarto the original query terms. Thus a senario-dependent and highly relevant queryexpansion is ahieved by inluding terms that are either similar or semantiallyrelated to the original query terms.Figure 9.1 shows the struture of a baseline QA system1, augmented withsuh an ST query expansion module (within the dashed-line retangle). In thesystem, an IR engine �rst aepts the output of a query proessor and retrieves asmall set of relevant douments with relatively high on�dene. Using the Artile-Senario Similarity measure (Equation 9.3), the orret ST, if it exists, is identi�edby the ST module. As explained, a similar set and a relevant set of andidate termsare found separately. The resulting terms an be seleted to form an expanded querythat embodies a more informative query to the QA system.In this experiment, I only selet expansion terms that are drawn from the1All the experiments desribed in this setion were onduted on a QA system developed bythe Natural Language Proessing Group at Columbia University.
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Figure 9.1: Senario Template Module for Query Expansion in a QA pipeline.most dominant prediate of the most salient PAT luster of two most relevantSTs. This is a onservative way to modify the original query. As simple as it is,this preliminary ST-based query-expansion module produed enouraging results.Table 9.2 shows that when the orret STs are identi�ed (Eletion for query #1,for instane), plausible terms (\win") an be suggested for improved preision andreall. It is worthwhile to have a few words on what terms o�ered by STs should a-tually be seleted for query expansion. STs are apable of query expansion beausethey ontain realized instanes of a set of important ations of a senario. In otherwords, they store a variety of instanes of eah semanti role of these importantations. Di�erent prediates of the same PAT luster are not event-dependent andtherefore are safe as expansion terms. On the other hand, for both the agents andpatients, in these instanes we would see ommon nouns as well as Named Enti-ties. Generally speaking, NEs are event-dependent and should be avoided for queryexpansion. Common nouns are normally as safe as prediates, but for partiularqueries this is no longer the ase.



144P R Mapped Expansion P RQuery Text baseline Senarios Terms aug'ed1) The Hamas vitory inPalestinian parliamentaryeletions .29 .28 Tennis,Eletion win .31 .302) Appearane of humanases of bird u in China .20 .23 Tennis,Earthquake win,kill .14 .113) Plots or attaks againstUS soldiers in Kuwait .34 .14 AirlinerCrash,Earthquake rash,kill .22 .054) hunger strikes by Pales-tinians in Israeli jails .36 .35 Tennis, Fire win, kill .40 .39Table 9.2: Senario templates for Query Expansion: improved performane whenrelevant senarios are identi�ed.Suppose there is a query on aviation disasters where a heliopter is involved.If a senario of \heliopter disaster" exists, either of the ommon nouns \heliopter"and \hopper" whih are instanes of the agent of the ation \rash" an be asuitable expansion term if the original query does not use it. However, when themost spei� senario template is aviation disaster where all kinds of airraftsare relevant, not all the ommon nouns about them are quali�ed as expansion termsunless they refer to a heliopter.9.3.2 ST for Passage RetrievalIn a QA system, passage retrieval extrats passages (often, individual sentenes)ontaining the answer from relevant douments returned by the IR engine.The passages to be retrieved are supposed to ontain the answer to thequeries. Therefore, they are related to the query terms. Intuitively, query termsshould appear in these passages. This is in fat the underlying assumption of mostpassage retrieval tehniques. For example, (Light et al., 2002) use simple wordoverlap to rank andidate sentenes. In addition to that, (Ittyheriah, Franz, and



145Roukos, 2001) onsider synonyms, the patterns of words as well as dependeny arsin both the question and the andidate sentenes. Introduing dependeny relationmathing into passage retrieval overomes the bag-of-words approah's drawbakof overlooking the interation among words. However, strit dependeny relationmathing mistakenly penalizes valid variations. (Cui et al., 2005) propose soft pat-tern mathing to address this. So far, all these approahes fousing on alulatinga mathing sore between the question and the andidate sentenes. This workssatisfatorily for fatoid and list questions beause the answer usually lies in thesentenes where the query terms appear. However, for de�nition questions whihrequire a rih set of information, suh as the fats about the query topi, suhsentenes no longer o�er suÆient overage.As with query expansion, related words ould be used to supplement wordssimilar to the original query terms to enhane reall. (Kosseim et al., 2006) ollettarget-spei� interest marking terms { basially o-ourring NEs { from relevantWikipedia artiles through web searh. The appearane of suh NEs with highWikipedia artile frequeny boosts the rank of the hosting sentene in their QApassage retrieval module.One an add STs as a soure for suh knowledge. After �nding the relevantsenario, similar PATs to these lusters an be retrieved, using the PAT-lustersimilarity measure (Equation 9.2). Finally, the hosting sentenes of these top PATswould form a set that overs all the important ations of the senario.In ontrast to approahes emphasizing query-andidate sentene similarity,the ST-based approah has the advantage of also apturing the ontent pertinentto (but not neessarily similar to) the query terms. Often, some sentenes thatdisuss interesting aspets of a query topi do not have the query terms in them.Nevertheless, these sentenes are equally desirable to answer suh de�nition ques-tions. In this respet, the passage retrieval approahes based on STs may o�er



146

Figure 9.2: Senario Template Module ating as a Passage Retriever in a QApipeline.a omplementary alternative to similarity-oriented approahes. If we do not useSTs but instead onsult other external resoures, we still may expand the resultingoverage. However, when the external resoures over a di�erent distribution ofevents and entities, using suh expansion terms may deteriorate passage retrievalresults.An illustrative QA system with an ST passage retrieval module is shown inFigure 9.2. It is designed for suh de�nition questions on events. In situations whereompatness is preferred, operations suh as sentene simpli�ation or sentenefusion (Barzilay and MKeown, 2005) should be added as needed.9.4 Information ExtrationInformation Extration is a task to extrat text spans representing information ofpre-de�ned semanti ategories from free format texts. MUC-7 (Chinhor, 1998)de�nes two IE tasks: 1) the senario-independent, template element (TE) task and2) the senario-dependent, senario template (ST) task. The target of the TE task



147is entities, regardless of their relation with other entities or their atual role in anyevent. The ST task requires attributes beyond the semanti ategory of entitiesto be satis�ed. To be extrated in an ST task, the entities stritly have to playthe spei�ed roles in the event. For example, in the following sentene from anewswire artile on a presidential eletion, both \Nestor Kirhner" and \NiolasSarkozy" would be extrated as PERSON for TE task but only the latter shouldbe extrated as the WINNER for an ST task about the senario Eletion. Theorganizer of the Automati Content Extration (Doddington et al., 2004) ompe-tition de�nes similar tasks, namely, Entity Detetion and Reognition, and EventDetetion Reognition.Argentine President Nestor Kirhner on Monday ongratulated Frane'sPresident-elet Niolas Sarkozy on his vitory in the presidential run-o�Sunday. May 08, 2007 People's Daily On-lineStatistial approahes to senario-dependent IE tasks (inluding those ap-proahes not partiularly designed for but appliable to suh tasks) aim to learnthe senario-dependent relations between entities. A variety of entity relations havebeen investigated and shown to be helpful. Examples inlude o-ourrene (Xiao,Chua, and Cui, 2004), dependeny (Culotta and Sorensen, 2004; Maslennikov, Goh,and Chua, 2006), syntati (Zhang et al., 2006), semanti (Surdeanu et al., 2003),and disourse relations (Maslennikov and Chua, 2007). In terms of entity relationtypes, my urrent implementation of the CASTle system tries to apture the seman-ti relations, plus the modi�er-modi�ee relations derived from syntati relations.These relations are among those already investigated and shown to be bene�ial.An automated-ST-supported IE system (or what I all an ASTIE system)is an un-supervised, instane-based learner. It does not require annotated training



148data but works based on the output of unsupervised STC systems. This gives theASTIE system its edge, sine the PAT lusters reated by CASTle (or other similarresultant verb-entri text span lusters) literally ontain di�erent examples of howthe target entities and their relations are realized in real texts. In ontrast, manualSTs provide only limited realization examples just for illustration's purpose.An ASTIE system involves three steps. The �rst is senario identi�ation{ identifying the right ST (denoted as S) to use. In an experimental setting,the senario an be assumed given. But in some real-world situations where thisinformation is not expliitly provided, we need to map the input artile(s) to aertain senario (Equation 9.3). Trained on the same input artiles that CASTleuses in the experiments, rainbow, the doument lassi�ation front-end to the Bowlibrary (MCallum, 1996), an ahieve lose to perfet performane mapping unseenartiles to their orret senario. Alternatively, when only the STs of the senariosare available, this mapping ould be done by the ST-based artile-senario similaritymeasure. A preliminary experiment shows this ST based artile-senario mappinghas an auray of about 60%.The seond step is to apture the relevant text spans, in our disussion, thePATs that host the target entities. The andidate PATs are those extratable fromthe input relevant artiles. For eah salient PAT luster of S one an take its mostsimilar PAT from the andidates (Equation 9.2). Thus a list of PATs is generated.As in the template overage experiment disussed in Setion 7.3, suh a seletionof PATs an be expeted to over a reasonable portion of the entities that arepertinent to the senario in question.The third step is the entity extration step. While the seond step ensuresthe entities in the seleted PATs are losely related, the rih realization informationfound in the luster assoiated with the latter ould make the extration even moreseletive. Suppose a seleted PAT t has an agent, but the majority in the assoiated



149do not. This di�erene suggests to extrat only the patient of t, as the agent may notbe very important (as enough to appear in most of suh news artiles). Similarly,if most of the PATs in  have a temporal phrase modifying the prediate, it an bea hint to extrat the same modi�er of the prediate of t if it exists.After the entities are extrated, the �nal step is to label whih expetedsemanti ategories they orrespond to. One way is to use the example entitiesprovided as semanti ategory instanes and assign the extrated entities to theirmost similar ategory. If human intervention is allowed, we an perform manualmapping to ensure high auray.Limited by the aess to a proper test data set, no prototype output is shownfor this appliation.9.5 DisussionWe have seen that STs an be applied to Automated Text Summarization, QuestionAnswering and Information Extration. This is mainly based on the linguistirepresentation of senarios provided by the STs: the PATs altogether show rihrealization examples of all the important ations of eah senario. In partiular, therelatedness among words aptured by STs are senario-dependent. Consequently,they ould be more aurate than other approahes based on senario-independentexternal resoures.STs are reated from real newswire artiles reporting their senarios. Thusthey ould be more aurate at suggesting extra query terms than other relatedness-based query expansion tehniques. This is beause the expansion terms based onSTs' PAT lusters are guaranteed to be relevant with respet of the event of interest.For example for a query for \fats about the aident of Conorde", the AirlinerCrash template will rank \rash" and \kill" in front of the andidate list for queryexpansion. On the other hand, relatedness-based approahes, whih �nd related



150terms over a wider olletion of artiles, will more likely regard some ordinaryativities and entities assoiated with the airraft as seemingly better hoies.An ST-based approah to ATS, QA or IE has signi�ant limitations though.I disuss several points.First, it is only appliable to senarios already in the senario inventory.When the topi to proess is not an event, for instane the topi \the judiialsystem of the United States", STs provide no help.Sometimes the topi is an event but not in the senario inventory. In suhases, if an existing ST is similar enough to the topi, it is still possible to drawuseful information from this ST. For example urrently we do not have an ST forthe senario \ferry rash". If there is a query about this senario, we would �ndAirliner Crash as a very similar senario through the Artile-Senario Similaritymeasure (Equation 9.3). Although being not exatly the template for the senario\ferry rash", this ST orretly suggests to look for information about the rash ofa vehile and the asualty this aident might have aused. If even suh a similarsenario is not available, the ST module fails to help.Seond, throughout this hapter I assume there is a single event in the artileset for either the ATS or the QA task. Under this assumption, it is safe to extratonly one sentene for eah important ation (a PAT luster) of an ST, knowing thatthis would be a reasonable overage of the salient aspets of the event. However,when the artile set mentions multiple events of this senario, in most ases multipleinstanes of eah of the important ations should be extrated in order to over allof these events. An example question from the GALE test set is \bombing of USembassies in Afria". As a satisfatory answer to this query, it must enumerateevery suh aident in the orpus, or at least those in the retrieved artiles.Finally, to adapt the ST module to this multiple-event situation, namedentity detetion should be applied to separate one event from another by identifying



151the di�erent partiipants of eah event. However, there remain some problems. Forexample, it is not always reliable to tell whether multiple mentionings of the sameation belong to one or several events even if NEs are orretly identi�ed. ThediÆulty lies in the ommon nouns that might appear as partiipants togetherwith NEs. For instane, it is not easy for omputers to tell whether \a militaryairraft" and \the Boeing 737" refer to the same entity. So it is not lear how manyaidents there atually are even it is established that both are said to have rashin their own sentene.In my opinion, to deal with multiple events is muh more diÆult whenompared with the single event situation beause there are a few assumptions wemake for single-event ases that beome invalid when the number of events hangesfrom one to two or more.
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Chapter 10
Conlusion

The topi of this thesis has been Senario Template Creation, with a fous ontextual similarity. I have investigated how to model the extrinsi similarity oftexts and how to use it to omplement the intrinsi textual similarity. We knowthat a word normally has multiple senses and the orret interpretation of the worddepends on not only the word itself but also its ontext. This proess is ompliatedenough to make word sense disambiguation (WSD) itself an ative researh problem.Similarly, while we alulate the similarity between multiple-word text spans, weneed to take their ontextual information into onsideration. I have proposed aframework whih systematially integrates their intrinsi and extrinsi similaritiesand shows a performane superior to that of the baseline approahes whih lakontextual hints.This researh onsists of a few parts. First, I hypothesized the ontent infreeform texts an be approximated by using just the embedded prediate argumenttuples (PATs). I applied this idea to the paraphrase reognition (PR) problem andsuessfully validated this hypothesis. Meanwhile, an empirially evaluated modulefor PAT similarity alulation was obtained. What this similarity module aountsfor is the intrinsi similarity of text spans (the PATs). Seond, I proposed a novel



153ontext model whih serves as the basis for the extrinsi similarity alulation. Inmy model, only a seletion of the surrounding texts will be taken as useful on-texts. These ontexts ontribute di�erently to the extrinsi similarity of text spans,depending on their relation with the text spans in question. Finally, extrinsi sim-ilarity alulation is ombined with intrinsi similarity alulation in the proposedframework, namely Context Sensitive Clustering (CSC).In the remainder of this hapter, I highlight the ontributions of the thesis.Setion 10.2 then points out the limitations of the proposed framework and myurrent implementation. I onlude this thesis with some future researh diretionswith respet to STC in Setion 10.3 and some omments on ontext regarding NLPresearh problems in general in Setion 10.4.10.1 Contributions10.1.1 Intrinsi Textual SimilarityThe �rst ontribution of this thesis is an intrinsi similarity measure for text spans.STC requires the ommonalities among news artiles on events of the same senariobe deteted. The key is to alulate sub-sentene level textual similarity. ThediÆulties lie in the fat that there exist many valid lexial and syntati variationsto onvey the same meaning in natural language. I employed a statistial thesaurus(Lin, 1998a), WordNet (Miller, 1995), and a semanti role labeler (SRL) (Pradhanet al., 2004) to normalize the lexial and syntati variations, respetively. Thesetools helped me to reate a module alulating the intrinsi similarity of PATs(extrated by the SRL) by linearly ombining the similarities of the PATs' mathingomponents (provided by the thesauri).The suessful experiments over the Mirosoft r Paraphrase Corpus (Brok-ett and Dolan, 2005) supported the hypothesis that sentenes an be semantially



154represented by their PATs: two sentenes are deemed a paraphrase unless thereremain unpaired, signi�ant PATs. In these experiments, PATs were paired upbased on the above mentioned intrinsi similarity module. This similarity modulefor PATs was thus proved to be highly aurate at deteting equivalent PATs.10.1.2 Context RepresentationIt is lear from the motivating example in Chapter 5 that sometimes the ontextualinformation is very important, even indispensable when we want to further improvethe textual similarity alulation. Contexts have to be properly modeled before theyan have an impat on similarity alulation.The seond ontribution of this thesis is my model to apture the disrimi-nating ontexts of the PATs out of their surrounding tokens. Spei�ally, the PATsin the same artile serve as the ontexts to eah other as long as their arguments aresemantially similar. Aording to this de�nition: 1) valid ontexts are no longeron�ned by rigid n-word windows or the boundaries of the host sentene; 2) wordsare ontexts not beause of their viinity but their relatedness to the PAT at in-terest; and 3) there would be fewer irrelevant words in the ontexts after ordinarysurrounding words are �ltered out.An additional attribute of my new ontext model is that it distinguishes andtreats a PAT's ontextual PATs di�erently, aording to the ontextual relationlinking them. I argued this is desirable among similar ontextual PATs beause onlythose PATs that are similarly onneted to their target PAT should suggest similartarget PATs. Putting it in another way, similar ontextual PATs do not neessarilysuggest similar target PATs when they are di�erently onneted to their own targetPAT { this is analogous to the fat that dissimilar ontextual PATs should not betaken as evidene for similar target PATs even they are similarly onneted to theirtarget PAT.



155So this ontext model allows one to apture and use ontexts more seletivelyand preisely. In this thesis, a standalone experiment revealed the orrelation be-tween PAT semanti similarity and the resultant PAT extrinsi similarity. Theappliation to the STC task also demonstrated its plausibility. It is likely thatother NLP appliations suh as WSD an bene�t as well.10.1.3 Textual Similarity FrameworkThe third ontribution of this thesis is a framework for textual similarity, aountingfor both the intrinsi and extrinsi similarities. The proposed ontext model laysthe ground for the ontexts to play their role in textual similarity alulation byontributing to the extrinsi similarity, whih this framework turns into pratie.Aording to my ontext representation, there are two speial issues in mysimilarity alulation. One is that how the ontextual PATs onnet to their owntarget PAT needs to be di�erentiated during the alulation. With the assistaneof the ontextual model, the framework di�erentiates ontextual PATs by theirontextual relations to the target PATs.The seond issue is that the similarity alulation should be, by nature,an iterative proess. During PAT similarity alulation, we need the similaritybetween ontextual PATs, partiularly when they are similarly onneted to thetarget PATs. This auxiliary similarity's alulation atually involves the targetPATs' similarity, sine the ontextual relation is bi-diretional. Thus these twosimilarities gradually onverge to their real value through an iterative proess wherethey improve alternatively, using eah other to alulate the extrinsi similarity.The similarity framework I proposed is alled Context Sensitive Clustering,an adaptation of the Alternating Optimization method (Bezdek and Hathaway,2002). It systematially integrates the intrinsi and extrinsi similarities. Moreimportantly, it elegantly aommodates the two issues speial to the new on-



156text representation. Experimental results showed this framework outperformed thebaseline systems. Originally devised for STC's text span similarity problem, CSCis nonetheless a generi lustering algorithm that is appliable to other lusteringproblems, even those beyond the realm of NLP.10.1.4 Senario CorpusLast but not least, as an important outome of this researh, I onstruted andreleased the �rst orpus designed for STC researh: the NUS Senario Corpus.This orpus is omposed of online newswire artiles about senarios ranging fromnatural or tehnologial disasters, sports mathes, layo�s to politial eletions. Itis a balaned orpus in the sense that eah senario has similar amount of repre-senting events and artiles. Furthermore, arefully prepared annotations for all thesenarios are also provided.10.2 Limitations of This ResearhWhile my work ontributes signi�antly in advaning the state of the art in STC, Ineed to state some of the limitations of my urrent work. Some of the limitationsare in the framework itself, preventing it from being applied to a larger spetrumof appliations. Others are aused by the way it is urrently implemented, or theomponent NLP tools used in the framework's implementation.Reliane on Contextual Relation. As a generi lustering algorithm,CSC's main limitation is its spei� reliane on ontextual relations. The assump-tion is that there are ontextual relations and that a measure of the similaritybetween these ontextual relations an be de�ned. Furthermore, suh ontextualrelations are used in ontext detetion whih also diretly a�ets the extrinsi simi-larity. Without suh ontextual relations, some of the omputations might beome



157futile. Taking ontext-based WSD approahes as an example, normally they takesurrounding words as the ontexts and the implied ontextual relations are invari-ably \in viinity", whih is hardly di�erentiating. As disussed earlier in subse-tion 10.1.2, in this ase target words will have idential extrinsi similarity as longas they share some ontext words.EÆieny. My implementation of the CSC algorithm is urrently not om-putationally eÆient, partiularly when the elements are ontextually onneted tomany other elements. In the Assignment Step, re-assigning one element involvesheking against all the lusters that are ontextually onneted to all the ontex-tual lusters of that element. Suppose there are m elements in total, eah of whihonnet to n ontextual elements on average. There would be O(mn2) omparisons.Also onsidering AO method is not guaranteed to give a global optimum, multipleruns might be neessary to obtain a satisfatory outome, the input to CSC has tobe within a reasonable size. Suitable optimization will make the omputation moretratable for larger datasets, but that is not the fous of this work.Reliane on SRL. As to the urrent STC system, CASTle, the text spansit lusters are the PATs extrated by the SRL. Consequently, only those ontentsthat are realized as verbal phrases are handled by the system. Others are missed ifthey are nominalized, or represented as opular strutures, et. A possible solutionto alleviate this problem is to spei�ally apture suh strutures and alulatetheir similarity to the PATs, as is done in the study of the Paraphrase Reognitionproblem (Chapter 4).Limited Inferene Power. Finally, the system has limited inferene power.When suh power is needed to reveal ertain semanti similarity, the system will failto output a reasonable intrinsi similarity, perhaps even too small for the extrinsisimilarity to ompensate. Two example PATs are \a few people died" and \a fewbodies were found". Based on asual observation of the news artiles, suh ases



158seem to our less often in the STC task. If neessary, additional inferene systemssuh as a logi prover (Moldovan et al., 2003) have to be integrated to solve thisproblem.10.3 Diretions for Future WorkApart from addressing some of the existing limitations, there are some other inter-esting diretions to pursue as future work.Constrained by the available tools, only two types of ontextual relations areurrently enoded: argument similarity and position similarity. Sine ontextualrelations are a very important aspet in the proposed framework, the impat on theperformane of the STC system annot be over-estimated. Therefore a key part inthe future work is to improve this ontextual relation representation.� One diretion is to re�ne the argument similarity at the lexial level, onvert-ing it into several more spei� similarities suh as the similarity between theagent of one PAT and the patient of the other. Similarly, at the lexial level,a new ontextual relation ould be de�ned as the path linking the prediatesof the two PATs on an ontology of verbs;� Another diretion is to inlude information at the disourse level. The dis-ourse relation between two PATs an be regarded as a ontextual relation,too. With the reent release of the gold standard annotation of disourserelations (Prasad et al., 2006), tools providing suh information should beavailable soon.Additional ontextual relations an potentially lead to more aurate extrin-si similarity. But aution should be taken when formulating how to ombine them,espeially when suh relationships are only sparsely represented between PATs.



159For this researh on STC, a relatively less studied sub-problem is generaliza-tion. I implemented the algorithm desribed in (Tseng et al., 2006), modi�ed it tosuit the STC task, and showed some promising generalization results in Chapter 7.However, as disussed there, a PAT luster usually has a set of synonymous pred-iates, sets of similar NEs and ommon nouns as agents and patients, and sets ofmodi�ers of them representing quite a few semanti ategories. The implementedalgorithm relies on WordNet and does not fully address the generalization prob-lem in STC. As it is suh an important proess in a STC pipeline, an alternative,possibly rather di�erent approah to this sub-problem is de�nitely worthwhile thee�orts.STs reet the essene of di�erent senarios and therefore are good andi-dates to build a Senario Taxonomy. This researh make it possible to automatiallyreate STs. Together with the senario similarity measure (Equation 9.5), a se-nario taxonomy an be onstruted (through hierarhial lustering, for instane)with little human intervention. One problem needs to be solved before any rea-sonably large taxonomy an result: there should be enough senarios representedin the input orpus. This highlights the neessity of expanding the existing NUSSenario Corpus and also alls for researh as to how to arry that out eÆiently.10.4 Conluding RemarksNatural languages are an amazing reation of human beings, brewed over millenniaand nourished by various soures. They are beautiful and they are ompliated.Nonetheless, we, as humans, manage to handle all the tasks required to generateand understand them well almost without realizing any e�ort involved.Now we have started to delegate these tasks to omputers for eÆieny. Wehave already seen appliations at various linguisti levels. From the basi lexionlevel, searh engines are dominating our daily internet usage; at the syntax level,



160parsers are revealing usable sentene strutures; at the semanti level, omputersare generating paraphrases, answering questions, summarizing artiles; and at thedisourse level they are even drawing rhetori strutures for entire artiles; et.However, the performane of the appliations toward the higher end are largelyunsatisfatory, lagging behind human beings as their understanding of the textsare still preliminary.People have proposed many insightful ideas to address this problem. For me,leveraging the ontext is among the most attrative ones. This is beause naturallanguages are by nature ambiguous. I an hardly imagine a human who is able toresolve every natural language ambiguity without referring to any ontext. Andthere is no reason to expet omputers to ahieve that, either. So sooner or later,we will need to integrate ontextual information into our NLP solutions to emulatethe way we ourselves interpret natural languages.I deem this researh an endeavor in this diretion. It aims to bring ontextualinformation more aessible to NLP appliations. By suggesting the ontexts bedi�erentiated by their relations with the text span at interest, this researh givesa new perspetive to understand ontexts. The utmost goal of this researh is toontribute to, as I hope, our e�orts to fully understand how we organize text, andeventually how we handle our languages so elegantly.
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