Q THE HONG KONG
Q' db POLYTECHNIC UNIVERSITY
v T T AR

Pao Yue-kong Library
BIERIESE

Copyright Undertaking

This thesis is protected by copyright, with all rights reserved.
By reading and using the thesis, the reader understands and agrees to the following terms:

1. The reader will abide by the rules and legal ordinances governing copyright regarding the
use of the thesis.

2. The reader will use the thesis for the purpose of research or private study only and not for
distribution or further reproduction or any other purpose.

3. The reader agrees to indemnify and hold the University harmless from and against any loss,
damage, cost, liability or expenses arising from copyright infringement or unauthorized
usage.

If you have reasons to believe that any materials in this thesis are deemed not suitable to be
distributed in this form, or a copyright owner having difficulty with the material being included in
our database, please contact lbsys@polyu.edu.hk providing details. The Library will look into
your claim and consider taking remedial action upon receipt of the written requests.

Pao Yue-kong Library, The Hong Kong Polytechnic University, Hung Hom, Kowloon, Hong Kong

http://www.lib.polyu.edu.hk




The Hong Kong Polytechnic University

Department of Computing

Investigations on Temporal-Oriented

Event-Based Extractive Summarization

Wu Mingli

A Thesis Submitted in Partial Fulfillment of the Requirements
for the Degree of Doctor of Philosophy

June, 2007

@b Pao Yue-kong Library
¢ PolyU - Hong Kong



CERTIFICATE OF ORIGINALITY

[ hereby declare that this thesis is my own work and that, to the
best of my knowledge and belief, it reproduces no material
previously published or written, nor material that has been accepted
for the award of any other degree or diploma, except where due

acknowledgement has been made in the text.

(Signed)

Wu Mingli (Name of student)




Abstract

Automatic summarization aims to produce a concise summary of source documents by
identifying the focused topics in documents. Normally, topics are represented by some
essential events. Topics may evolve or shift over time. Tracking the trend of the topics
requires anchoring events on the time line. Unfortunately, both events and their associated
time features are not well studied in previous work. Investigating event-based and temporal-
oriented summarization techniques are primary objectives of this study. As a matter of fact,
the salience of contents could hardly be evaluated from single point of view. Exploiting a
framework which can effectively integrate multiple impact factorsis another objective.

We define events by “action” words as well as associated named entities. Events weave
documents into a map built either on event instances or event concepts. Relevance between
eventsis exploited to identify important events. To utilize temporal information associated to
events, it is necessary to extract and normalize temporal expressions. We investigate rule-
based approaches for these tasks. Two statistical measures are employed to evaluate the
significance of events based on their temporal distributions. Sentence selection is a
complicated process. Therefore we explore various features including surface, content, event
and relevance features under a learning-based classification framework. Event-based and
temporal-oriented approaches are incorporated as features into this framework.

The contributions of this study are listed as follows. (1) Event-based summarization
approaches are proposed. They achieve competitive results when compared with successful
word-based approaches. (2) Temporal concepts are introduced into event-based
summarization and temporal information is found crucia to summarization on documents
which contain evolving topics. (3) An adaptive leaning-based framework is developed to
incorporate various types of features. (4) A system for temporal expression extraction and
normalization is implemented. It is an effective tool not only practical for document

summarization, but also for many other applications.



Publications Arising From the Thesis

[ Wu, M., Li, W., Lu, Q. and Wong, K.F. 2007. Exploiting surface, content and discourse
features for extractive summarization. In Proceedings of IEEE International Conference
on Natura Language Processing and Knowledge Engineering (NLPKE-2007), pages
234-241, Beijing, China.

[2] Wu, M., Li, W., Lu, Q. and Wong, K.F. 2007. Event-based summarization using time
features. In Proceedings of the Eighth International Conference on Intelligent Text
Processing and Computational Linguistics (CICLing-2007), pages 563-574, Mexico
City, Mexico.

[3] Liu, M., Li, W., Wu, M. and Lu, Q. 2007. Extractive summarization based on event term
clustering. In Proceedings of the 45th Annual Meeting of the Association for
Computational Linguistics (ACL-2007), Prague, Czech Republic.

[4] Liu, M., Li, W., Wu, M. and Hu, H. 2007. Event-based extractive summarization using
event semantic relevance from external linguistic resource In Proceedings of the 6th
International Conference on Advanced Language Processing and Web Information
Technology (ALPIT-2007), Luoyang, China.

[5] Li, W., Wu, M, Lu, Q. and Wong, K.F. 2006. Integrating temporal distribution
information into event-based summarization. International Journal of Computer
Processing of Oriental Languages, vol. 19, no. 2-3, pages 201-222.

[6] Wu, M. 2006. Investigations on event-based summarization. In Proceedings of the
Student Research Workshop of the 21st International Conference on Computational
Linguistics and 44th Annual Meeting of the Association for Computational Linguistics,
pages 37-42, Sydney, Australia.

[7] Wu, M, Li, W., Lu, Q. and Wong K.F. 2006. Chinese temporal expression extraction
and normalization. Submitted to ACM Transactions on Asian Language Information

Processing.



[8] Li, W., Xu, W., Wu, M., Yuan, C. and Lu, Q. 2006. Extractive summarization using
inter- and intra- event relevance. In Proceedings of the 21st International Conference on
Computational Linguistics and 44th Annual Meeting of the Association for
Computational Linguistics (COLING/ACL-2006), pages 369-376, Sydney, Australia.

[9] Xu, W., Li, W., Wu, M., Li, W. and Yuan, C. 2006. Deriving event relevance from the
ontology constructed with formal concept analysis. In Proceedings of the Seventh
International Conference on Intelligent Text Processing and Computational Linguistics
(CICLING-2006), pages 480-489, Mexico City, Mexi co.

[10] Wu, M, Li, W., Chen, Q and Lu, Q. 2005. Normalizing Chinese temporal expressions
with multi-label classification. In Proceedings of 2005 IEEE International Conference
on Natural language Processing and Knowledge Engineering (NL PK E-2005), pages 318
-323, Wu Han, China.

[11] Wu, M., Li, W,, Lu, Q. and Li, B. 2005. CTEMP: A Chinese temporal parser for
extracting and normalizing temporal information. In Proceedings of the Second
International Joint Conference on Natural Language Processing (IJCNLP-2005), pages
694-706, Jeju Island, South K orea.

[12] Li, B.,Li, W., Lu, Q. and Wu, M. 2005. Profile-based event tracking. In Proceedings of
the 28th Annual International ACM SIGIR Conference on Research and Development

in Information Retrieval (SIGIR-2005), pages 631-632, Salvador, Brazil .



Acknowledgments

This thesis could not have been done without the help and cooperation of many people,
and it is my great pleasure to take this opportunity to thank them.

First and foremost, | would like to express my deepest thanks to my chief supervisor Dr.
Wenjie Li and co-supervisor Prof. Qin Lu, for being a consistent source of support and
encouragement. | could not imagine having another better advisor or mentor for me. Without
their knowledge and perceptiveness, | would never have finished my Ph.D. study. |
gratefully acknowledge them for their instruction, help and encouragement in my study and
life.

It would be my great pleasure to thank Dr. Robert Luk and Dr. James Liu, for their great
efforts, valuable comments and excellent advices to improve the quality of my thesis and my
previous research report. Other great excellent staffs whom | would like to express my deep
gratitude are Dr. Ruifeng Xu and Dr. Baoli Li, my close friends, for the continuous support
and kind help.

At last, | would like express my deepest appreciation to my father Shizhang Wu and my
mother Yongzhen Chen, for their endless love and unwavering support. This thesis is

dedicated to them.



Table of Contents

N o1 = o SRS i
Publications AriSing FrOM the THESIS.......cc.eciiiicecce s et ii
ACKNOWIEAGMENTS......c.viiuieie et sttt sttt st e te e e e e stesbeesbesbesaeebebeentesaesnnenresns iv
TaDIE Of CONLENES. .....cueieiieeeetet et nr s e nr e e e ene e %
LISt OF FIQUIES......ceeeeeeeee ettt ettt b e bttt b e nn e iX
LISt OF TADIES ...t bbb Xi
(010710 (= R 1 011 £ [1 (o o OSSR 1
R0 0 o o S 1
1.2 Background and MOEIVELIONS .........cceeiereieeesie et e e 2
1.3 ODJECHIVES. ...ttt sttt ettt ettt b bt b e et b bt e et n e 6
1.4 CONEIIBULIONS. .....c.ocuiiciiieiiee e ettt 9
S @ 070 - (o VR 9
Chapter 2 LIiterature REVIBN ........cie ettt ettt s sne e 10
2.1 SUMIMBITZAEION ...ttt ettt ea et ee b e e et b et nenr e s 10
2.1.1 ADSIractive SUMMEAITZELION ......c..oivereeeeeeeniesiesisie s e ese s 11
2.1.2 EXractive SUMMAITZALION .......cccoeiireirieinieesieee ettt 14
2.1.3 Event-Based SUMMAIIZEHON.........c.cerreririeieieseeesieesie e 21
2.1.4 Temporal -Oriented SUMMEAITZALTON. ..........ccereiereere e e 23
2.1.5 Learning-Based SUMMEIiZatiON ..........ccevriririerieies e 25

2.2 Temporal Information ProCESSING.......cccciiieiieiiiierest cree e see e e e re e seeae st eee e 27
Chapter 3 Event-Based Extractive SUMMari Zation...........cccceveeveiecieens seeiese e see e 29
3.1 Chapter OVEIVIEW.....c.vevieeecieeiieie st et ste st e s be s te e e e s be s besaeeeesbeeneestesbeeneesbesaenreseens 29
3.2 Architecture for EXtractive SUMMariZation.............coeierereniennieneiesesese e e 31
3.3 Independent Instance-based SUMMEANTZAION...........coeeeiiiriniis e 33
3.4 Relevant Instance-based SUMMArTZaLiON..........ccoeiieiieiniieine e e 35



3.4.1 Document Representation Dy INStANCES..........ccveieriiiere e 35

3.4.2 Identification of INStance IMPOITANCE..........cccviiririieiees e 36
3.5 Relevant Concept-Based SUMMENTZatiON..........cccoirerinieneieieeeeeese e 37
3.5.1 Document Representation by CONCEPLS.......ccviveieerieieeie s seee e 38
3.5.2 Intra-Event Relevance WeEIghting.........ccccoiiiriene ettt e 40
3.5.3 Inter-Event Relevance WeIghting..........coovieeenieniene e e 42
3.5.4 Identification of CoNCEPt IMPOITANCE.........cceirirerierieiees s 44
3.6 Summarization on Different Granularities. ... e 45
3.7 Experiment and EVAIUBLION ...........ccoeiiiiiiicie ettt st 46
3.7.1 Dataset and Evaluation MethOaS...........cooeirieirieinieeeeseesee e e 46
3.7.2 Experiments on Instance-based Event Summarization.............ccccceevnenene ceneenen. 53
3.7.3 Experiments on Concept-based Event Summarization...........cccccevvveevevene e 56
3.7.4 Experiments on Event Summarization with Different Granularities..................... 60
LB DISCUSSION ...ttt st e et s et £t b e bt b et b e b e bt e b e b e nre e 61
3.9 Chapter SUMIMEIY ......coveeiieieeeeet st sttt er et n e 62
Chapter 4 Temporal Expression Extraction and Normalization............c.cccceveeeienienn senennens 64
4.1 CNAPLES OVEIVIBW......cviieieeeeeieeiesieas ettt se ettt st et b e b b e ae s e s e e 64
4.2 English Temporal EXPression ProCESSING .......ccceiviieeiiereeeeies ceeeesteeee e sre e sresseesnnes 66
4.2.1 English Temporal Expression ClassifiCation.........cccccoveveieeceenesese s 66
4.2.2 English Temporal EXpression EXTraction ...........cccovveeereneeecreecene e 70
4.2.3 English Temporal Expression Normalization............ccceceererenenncneneseseeesene 75
4.3 Chinese Temporal EXPression ProCESSING........ccueivieeiereeeeris ceeeesieseessesseseeseesseesnnes 79
4.3.1 Chinese Temporal Expression ClassifiCation ...........cccccevvveeveveccesesecce e 79
4.3.2 Chinese Temporal EXpression EXraction...........ccccoveeeeevecececeese s 80
4.3.3 Chinese Temporal Expression NOrmaliZation............cceoeerinenesevesvenieseeeseniens 84
4.4 Experiment and EVAlUBLTON ..........cooiiiieieinireeeseses et 79
4.4.1 Experiments on English Temporal Expression EXtraction ...........cccccceeeeveeeeeenene. 86

Vi



4.4.2 Experiments on English Temporal Expression Normalization.............cccccceeeeeeee. 87

4.4.3 Experiments on Chinese Tempora Expression Extraction and Normalization..... 87
4.5 Chapter SUMIMEIY ......coueiuiieieeeeeiesiess sttt se et sb e bt es b et b et sa s e s e 92
Chapter 5 Temporal-Oriented Event-Based SUMMarization ...........cccceccevvieeveveceseseennens 94
5.1 Chapter OVEIVIEW. .....ccueeiiiiieeecte it eees s eteetesteeieestestessaesbesteetesteessestesbeestestesneessessensessenns 94
5.2 Event Representation 0N TimMe LiNe ..o ieeree e 96
521 Event Time ASSIGNIMENT .....coiiiiiiiiiesieieiees ettt 97
5.2.2 Representation of Event with Two Boundaries..........ccocvvveeevvieeiseece e 999
5.2.3 Representation of Event with One/Zero Boundary ...........ccccceeeeeeeveeneieesieseenn, 100
5.3 Event Weighting and Sentence SEleCtion...........ccceeeeie e 103
5.3.1 Event Weighting SCREMES.........c.coviiiiiiiiieieeseeeeee s 103
5.3.2 Sentence SElection SIralEgIES ........coeieeriririreris et 104
5.4 Experiment and EVAUSLTION ...........ccceciiirieeie ettt 105
5.4.1 Data Set and Evaluation MethOaS.............ccveiiiiniinncecesiceseesesesees e 105
5.4.2 Preliminary Evaluation 0N TWO CIUSLEN'S.......ccoiiieererieeeres e 108
5.4.3 Further Evaluation on Ten CIUSLENS........ccooiiiiieniresice e e 108
5.4.4 Evauation with Auto-tagged Temporal Information ...........ccccecveererenenneneenns 111
5.5 DISCUSSION ...ttt sttt bt e bt e b e s bt et ne bt an et e e b en b e s n e 112
5.6 Chapter SUMIMAIY .......ccoouiiieie e ettt st s e et sae e et esne et e sreenereens 114
Chapter 6 Integration of Summarization Features under Learning-Based Framework ...... 115
6.1 Chapter OVEIVIEW........couiieiieieieieienie ettt ettt sbesn e r e mn e 115
6.2 Learning-Based Extractive SUMMmMarization............cccceceeveseeeeceseeiese e 116
6.2.1 ClassifiCation MOUE ..........ccooiiiiirieeee e 117
6.2.2 Features for ClassifiCatioNS...........cuuoreireniiis e 118
6.2.3 SENENCE RETANKING ......ceueieeetirietet ettt 123
6.3 Experiment and EVAIUBLION ...........ccoiiiiiieieieeeeee e 124
6.3.1 Dataset and Evaluation MethOaS............ccoeiiiiriiiniiiceccceeee e e 124

Vi



6.3.2 Training Data Preparation............coeeeerireneneseseseeeee e 125

6.3.3 Experiments on Individual FEature GroupsS..........covrerereereeieees e 126
6.3.4 Experiments on Combinational Feature Groups...........cceoveerererereesieneeiesiennens 129
6.3.5 Experiments on ROUGE EValUations............ccooeviiieiesie st ceee e 130
6.3.6 EXperiments 0N RE-TaNKiNG .......cccooeeceie ettt e 131

5.4 DISCUSSION ...ttt sttt e et e et b b e e £es e e e e et e st nb e s e e e e e s e n e e e e e neene e 132
6.5 Chapter SUMMIANY .....ccuoiiiiiiieieeiee e ettt b r e nn e 133
Chapter 7 CONCIUSION......oueeieiitiee sttt e ere et eeesre e e e stesrenesreenes 134
2] o] o0 =0 01V 20U 139

viii



Figure 3.1
Figure 3.2
Figure 3.3
Figure 3.4
Figure 3.5
Figure 3.6
Figure 3.7
Figure 3.8
Figure 3.9
Figure 3.10
Figure 3.11
Figure 3.12
Figure 3.13
Figure3.14
Figure 3.15
Figure 3.16
Figure 3.17

Figure 3.18

List of Figures

A common architecture for extractive SUmMmarization ...........cccooeverencnene e 32
An example of instance-based event Map .........ccceceeveieceene s 36
A SAMPIE OCUMENT ...ttt e e sreenaenre s 39
An example of concept-based event Map .........ccccovvererereeneneese e 39
Events extracted from @ SENTENCE ........coeiiirereereeeee e e 41
Weight of connections between event terms and named entities...................... 41
The agorithm proposed to merge the named entities..........cccceceveveecevece e 43
Map Dased ON EVENL .........cceee et et e e st s re e nre 46
Map based ON SENLENCE........coeeereeeereeee et e e eas 46
A document in DUC 2001 dat@ SEL.........cecvrirerierienieies s 47
SUMMEArIES With 200 WOTTS .......cuciviiiiriiricisices s 48
Summaries with 50, 100 and 200 WOTTS.........ceeieeeeeeeeaeeeessees eereeeeessaseeessasseees 49
A summary With 400 WOITS..........coiieeerieeeereeees e 50
An example of documents with segmented SENtences..........cccoovverererereen ceene 51
An example of documents With POStags.........cccooeveerineninnesesieseeeeeeees 52
An example of documents with named entities............ccoceeevieeecicecce e, 53

Results of summarization reported in [Filatovia and Hatzivassil oglou 2004] .. 61

Results of our relevant instance-based summarization..........ccccoeeeveveveveeeeernnens 61

Figure 3.19 Results of summarization approaches based on document graph (with and

without high frequency noun) or Centroid ...........cccveeeveieseese s 62
Figure4.1 The classification of English temporal eXpressions............cccoevveeveeiecee vevieenens 67
Figure4.2 Temporal expressions marked in an Englishdocument ..........cccccoveceeiecreennnee. 71
Figure4.3 The scheme of temporal UNITS.........ccoovriiirinienee et 76
Figure4.4 Mapping temporal expressionsto attribULeS...........cceeevirerirenee e 78
Figure 4.5 The classification of Chinesetemporal eXpreSSionS........covveeveveerenececereenns 79



Figure5.1 Thetimeline measured by “day” ..o e 97

Figure5.2 A document marked up With time ........ccoeriririniiceeee e 98
Figure5.3 Representation for events with two boundaries..............ccooeveieiicicinnennn 100
Figure5.4 Representation for events with one/zero boundary..........ccccceovveeveieivceceennn, 101
Figure5.5 Distribution functionsfor weight of dotsin Figure5.4.........ccccoeveveeeenenne. 102

Figure 5.6 Two event terms/elements on the time line (&: an event term/element. ©:

another event terMVEIEMENL) ........coeeii et et 103
Figure5.7 Paragraphs extracted from source documentsin Cluster d41............cccceene.... 107
Figure5.8 The model summary of CIUSIEr 041 .........coooiiiiiieieeeeeee s 107
Figure5.9 Evaluation results on overlaps of WOrds...........ccceeveveeeeriveece e 109
Figure 5.10 Evaluation results on overlaps of event instanCes ..........cccceevvveecevesecesieenens 110
Figure 5.11 Evaluation results on overlaps of event CoNCEPLS........cccvvvreeceveceeseeecee e, 110
Figure 5.12 Distribution of eventsin summariesonthetimeling.........c.cccocovoeeeeniviicennens 113
Figure 5.13 Temporal-based summarizations with and without sentence clustering.......... 113
Figure 6.1 A learning-based summarization framework............ccccveveveieecineese e 117
Figure6.2 Examples of surfacefeatures..........ocvvieeveii e 119
Figure6.3 Top ten uni-grams and bi-grams of centroid WOords............ccocooeveieinies v 121
Figure6.4 Top ten uni-grams and bi-grams of SIgnature terms..........c.oooeeveveeeerieneseveee 121
Figure6.5 Top ten uni-grams and bi-grams of high frequency words............cc.ccoeeveeenene 121



List of Tables

Tabhle 31 REEVANCEMEIIX.....ciieeesiiieeiese et et sre e e re e e naeers 40
Table3.2 Some results of the named entity merged.........cccovveceve et e 43
Table3.3 Evaluation results on independent instance-based summarization (summary with
200 WOIAS) . eeeneeteeieeee ettt eee st eseestees e e teseeeseeseeseeneesaeeneesseaneeneeseesnerseeneenseseenneennens 55
Table 3.4 Evauation results on independent event-based summarization (summary with
AIffErent IENGEN) .....oceeeecee e e et 55

Table 35 Evauation results on relevant event-based summarization and a reference

experiment (summary With 200 WOFAS) ........ccceiiiieieiieieieeesee e eee e sreeee e sreen s ereennens 56
Table3.6 ROUGE scores USINg R(ET, NE) .......coiiiiiiiirininenie e 57
Table3.7 ROUGE sCoreSUSING R(ET, ET).c..coiiiiiieiriririesene e 57
Table3.8 ROUGE scoresusing R(NE, NE).........ccoiviieieiiiieene e ceee e e sreenie 57

Table3.9 ROUGE scores using complete R matrix and with different summary length ... 58

Table 3.10 ROUGE scores with regard to how to use the clustering information................ 59
Table3.11 ROUGE scores using different methods to weight relationsin event map......... 60
Table 3.12 ROUGE scores according to event maps based on different granularities......... 60
Table4l EXamples Of “TIME ...t e s re e 67
Table 4.2 EXaMpPlES Of “Dat@’ .....c.ccoiiice e ettt s 68
Table4.3 EXamples Of “DUralion” ..........cccccoeieerineriese e 69
Table4.4 Examples of “PoSition Of DaE” ... s 69
Table4d.5 Thedictionary “MONth” ..o 72
Table4.6 Examples of English grammar rUles...........cccceeviiieieeies e 72
Table4.7 Examples of English cONStraint rUIES..........cceeeeeeieciece et 73
Table4.8 Tempora atriDULES...........ccooiiieee e 75
Table4.9 Examples of English temporal expressions normalized...........cccoovvevvrenenee e 78
Table4.10 Examples of Chinese grammar FUIES ..........cceeeeeieieeeeerie e e 80

xi



Table4.11 Examples of Chinese CONSLraint FUIES..........cocueieveeieseeee e 81

Table4.12 Examples of normalized Chinese temporal eXpressions...........oovvereereeieeeneen. 85
Table4.13 Examples of Chinese disambiguation rUlES............ccoereiieiiriines e 86
Table4.14 Evaluation results on English temporal expression extraction .............c.ccecveue.. 87
Table4.15 Evaluation results on English temporal expression normalization.................... 87
Table4.16 Evaluation results according the temporal attribute VAL.........ccooveieiiiiene 88
Table4.17 Evauation results according the temporal attribute MOD ...........ccocoviiieieinenens 88
Table4.18 Evaluation results according the temporal attribute SET .........ccccovvveevvvceenene. 88
Table4.19 Evaluation results according the temporal attribute ANCHOR DIR................. 89
Table 4.20 Evaluation results according the temporal attribute ANCHOR_VAL ............... 89

Table 421 Experimental configuration for Chinese temporal expression extraction and
(Lol 7= 112 1o o 1S 89

Table 4.22 Evaluation results on Chinese temporal expression extraction and normalization

Table 4.23 The distribution of errors in Chinese temporal expression extraction and
(0101000 174 1 Lo] o TR U OSSPSR 92

Table5.1 Topicsof clustersin DUC 2001 daf@a SEt.......ccccvevereireeieeresiesiesieeseesieseeesaeneens 106
Table 5.2 Tempora-oriented event summarization with tf*idf and y* weighting scheme

(sequential SENtENCE SEIECLION) .......ocveceeciceee e et 108
Table 5.3 Tempora-oriented event summarization with sequential and robin sentence
selection (tf*idf weighting SCheME) ........ccooieiri e s 108
Table5.4 Evauation results given by @ SUDJECL...........ocvveicr e 111

Table 55 Evaluation results with auto-tagged and manually tagged temporal information

.................................................................................................................................................... 112
TableB.1  SUface fEAIUIES..........ccoiviiiciricee e e 119
Tahle 6.2  CONteNnt FEALUMNES ........ccoiieiiieeieeete e 122
Table 6.3 EVENEFEAIUMNES ..o e 123

Xii



Table6.4
Table 6.5
Table 6.6
Table 6.7
Table 6.8
Table 6.9
Table 6.10
Table 6.11
Table 6.12
Table 6.13
Table6.14

Table 6.15

REGVANCE FEALUMNES........ceeieiieeeeeee e 123
The classification performance with surface features............ccoovevencieinenns 127
The classification performance with individual content features ..................... 128
The classification performance with combinational content features............... 128
The classification performance with event features.........cccceceveevevececce e 128
The classification performance with relevance features...........cococeevvveeeneee. 129
The classification performance with two feature groups..........c.cceerereereeennen. 130
The classification performance with three feature groups..........cccceeeeeeeennee. 130
The classification performance with all feature groups.........ccceveeeveieeeenne 130
The ROUGE results on each feature group ..........cceceeeeveececeese seeeeese e 131
The ROUGE results from different re-ranking schemes..........ccocceeevvveeeeneee 132
The ROUGE results on unigram and bigram content features.............cccoc...... 132

xiii



Chapter 1

| ntroduction

1.1 Concepts

Text summarization is the process of distilling the most important information from a
source (or sources) to produce an abridged version for a particular user (or users) and task
(or tasks) [Mani and Maybury 1999]. Text summaries are reduced texts which convey
important information, products of text summarization. In this study, summarization and
summaries are restricted in text summarization and text summaries, respectively. Examples
of original text and the corresponding summary are shown as bellows:

Example of original text: “A small airplane crashed into a government building in heart
of Milan, setting the top floors on fire, Italian police reported. There were no immediate
reports on casualties as rescue workers attempted to clear the area in the city’s financial
district. Few details of the crash were available, but news reports about it immediately set off
fears that it might be a terrorist act akin to the Sep. 11 attacks in the United States. Those
fears sent U.S. stocks tumbling to session lows in late morning trading.”

Example of summary: “A small airplane crashed, setting the top floors on fire, Italian
police reported. News reports set off fears that it might be a terrorist act akin to the Sep. 11
attacks.”

According to different classification standards, summaries can be divided into different
type pairs, such as {generic summary / query-based summary} and { extract / abstract}.
Generic summaries are aimed at a particular broad readership community. Traditionally

generic summaries written by authors or professional abstractors serve as surrogates for full-



text. On the other hand, query-based summaries are tailored to a question or the
requirements of particular users. Extract and abstract are two different kinds of summaries.
Anextract isasummary consisting entirely of material copied from the input. It means that
an extract at a condensation rate will take certain material in the document. In contrast, an
abstract is a summary at least some of whose materia is not present in the input. The
summarization process to generate extract and abstract is named extraction and abstr action,

respectively. Generic extraction isinvestigated in this study.

1.2 Background and M otivations

With the growing of electronic text information nowadays, it is inefficient for users to
browse a great number of individual documents. To deal with large amount of information,
people expect to see the important part of them only. Automatic text summarization involves
condensing a document or a document set to produce a fair summary based on the power of
computer techniques. The object is to help users catch the important contents of the origina
document(s) with bearable time costs. Summarization is widely useful, asit can be employed
alone or combined with other applications, such as information retrieval. As machine
generated summaries can not match human written ones at present, it is necessary and
meaningful to investigate automatic summarization in the background of information
explosion.

According to the number of documents to be summarized, automatic text summarization
approaches are classified as multi-document summarization and single-document
summarization. As multiple related documents are about a same or similar theme,
overlapped information may be contained. If similar contents are identified as important,
multi-documents summarization systems should remove the redundant part. However,
single-document summarization systems can omit this consideration. Multi-document
summarization approaches have been widely used and receive more attention recently. We

focus on them in this study.



The previous research on text summarization can date back to [Luhn 1958] and
[Edmundson 1969]. In the following periods, two alternative summarization approaches
have been suggested in the literature, named abstraction and extraction. Abstraction typically
needs comprehensively “understand” and then paraphrases the salient concepts across
documents. Limited by current natural language processing techniques, it is confined in
specific domains. Extractive summarization, on the other hand, selects sentences which
contain the most significant concepts in documents. Significance can be evaluated
statistically or empirically. Although the performance of extractive summarization can not
satisfy the requirement of human, it israther effective and applicable.

Extractive summarization extracts part of document(s) based on some weighting scheme,
in which different features are exploited, such as position in document, term frequency, and
key phrases. Recently extraction approaches may also employ machine learning approaches
to decide which sentences or phrases should be extracted. According to features and label s of
sentences in training data, sentences in testing data can be decided whether they should be
extracted or not based on the input feature values. Some researchers devote their efforts to
investigate it and achieve preliminary successin different applications.

Previous extractive approaches identify the important content mainly based on terms.
Bag of words may be not a good representation for meanings, as there is so little useful
information associated with these words. A predefined template is a better choice for
representation of documents. However it is domain-dependent and need much effort to create
and fill it. Thistension motivates us to seek a balance between effective implementation and
deep understanding. Certain kind of auto-built semi-structured representation may convey
more meaningful contents and be easier to achieved, such as event.

Recently researchers [Filatova and Hatzivassiloglou 2004] define events by “action”
words as well as associated named entities including person names, organization names,
locations and times. Given the sentence “Yasser Arafat on Tuesday accused the United

States of threatening to kill PLO officials’, “accused”, “threatening” and “kill” are identified



as an event terms, while “Y asser Arafat”, “United States’, “PLO” and “Tuesday” are event
elements. Event represented in this way contains more precise and structured information
than bag-of -words, and meanwhile could be constructed with less effort than predefined
template. Based on this definition and event frequency, Filatova and Hatzivassiloglou [2004]
show promising results of event-based summarization.

Events are not stand-alone. They can weave contents of documents into a map built
either on event instances or event concepts. An instance is one occurrence of an event in
original documents, while a concept is the set of instances which are same lexically. When
people mention a same event at different positions of documents, they refer to the same
concept. When they mention different instances/concepts at a same sentence, these
instances/concepts are related under a certain context. In previous researches, the relevance
between event instances or concepts isn't exploited well. It motivates this research to focus
on whether the relationship between event instances or concepts can improve the
summarization procedure. Intra- and inter- event relevance can be easily introduced in the
concept-based approach, while the instance-based approach differentiates instances of a
event concept so that further investigation can be conducted later, such as utilizing
distribution of event instance on thetime line.

Document(s) may contain descriptions on a topic at different periods. For example, the
theme of acluster of documentsis“firesin California’ and the model summary mentions the
firesin 1926, 1977, 1985, 1987 and 1990. This observation originates the investigation on
whether taking event distributions on the time line into account can improve the quality of
summaries of these kinds of clusters in the context of event-based summarization. It is
assumed that if an event occurs frequently in a specific period and rarely in other periods,
then it isimportant in this period. By extracting important events in different periods, we can
collect a synopsis of documents. To testify the assumption, events should be anchored on the

time line according to their corresponding normalized temporal attributes, and the weights of



events should be evaluated according to their temporal distribution. Sentences in documents
are then selected according to the weights and temporal distribution of the events.

To utilize temporal information associated to events, it is necessary to extract and
normalize temporal expressions. Temporal information is defined as the knowledge about
time point or duration. Thisinformation is crucial for both temporal reasoning and anchoring
events on the time line. Temporal expressions are defined as chunks of text which convey
direct or indirect temporal information, which includes dates, times of day, positions of dates,
durations, set-denoting expressions, event-anchored expressions, and so on. To retrieve the
useful temporal information contained in these temporal expressions, we need to identify the
extents of temporal expressions in raw text and then represent tempora information
according to certain standard. The two tasks are caled temporal extraction and temporal
normalization, respectively. In literature, rule-based approaches are reported rather
applicable and successful.

The key point of extractive summarization is not sentence or paragraph selection, but
how to select. It isinadequate to eval uate sentences according to a single criterion. Typically,
the effects of different types of features on sentence significance are integrated by linear
combinations. The drawback of such schemes is that the weight parameters of the features
have to be tuned experimentally. It is time-consuming and may overlook the best
combination of parameters. One solution to this problem is involving learning mechanism to
make the combination optimal, at least in atrainable way .

The performance of learning based approaches depends heavily on input features.
Recently different sentence features are explored individualy, but most of them are not
incorporated into a learning based approach and their functions are not well studied when
they are combined together. At the same time, event relevance in a sentence and relevance
between sentences are not exploited in previous learning based approaches. Therefore we
conduct this study on learning-based framework and various features. Event-based and/or

temporal-oriented approaches are incorporated as features into this framework.



1.3 Objectives

In view of the limitations and problems of previous summarization approaches, the main

objective of this research is to investigate approaches to improve the performance of text

summarization. The generated summaries should be used reliably to help users catch key

points of documents. The focus of this research is on finding effective representation for

documents contents and effective weighting schemes for the representation in the context of

extractive summarization. In addition, to incorporate evidences from multiple points of view,

a unified summarization framework should be designed and evaluated.

To achieve this objective, investigations are divided into four parts.

1

Investigate semi-structured representations of document contents and design
effective weighting schemes based on these representations.

Representation of document contents is the basis for text summarization. All
weighting schemes depend on certain representation, such as bag-of -words.
Motivated by the tension between deep representation and bearable cost, we plan to
investigate a balanced means - event. Event is defined as event terms and associated
event elements, such as person names, organization names, times and locations.
Event instanceis the basic unit to convey useful information from texts. At the same
time, set of lexicaly same instances— event concept is a represent unit at high level.
The strength and shortness of the two representations will be studied in this research.

In real text, event instances or concepts are not independent. We plan to
consider both intra-event and inter-event relevance for summarization. Intra-event
relevance measures how an event term itself is linked with the associated event
elements. Thisis akind of direct relevance as the connections between actions and
arguments are established from the text surface directly. On the other hand, we plan
to consider how an event term (or a named entity involved in an event) is associated

to another event term (or another named entity involved in the same or different



events). After connect relevant instances or concepts, an event map is built. A map
weighting algorithm will be employed to evaluate the importance of each node in
this map. Finally, weight scores of sentences will be calculated based on weights of
events contained in them.

Extract and normalize temporal expressions for temporal-oriented
summarization.

Tempora information is useful for many natural language processing
applications, such as text summarization, information extraction and machine
tranglation. To reflect thetemporal distribution of events, we need to achieve values
of temporal attributes of events. Tempora expressions are chunks of text which
convey direct or indirect temporal information, which is crucial for anchoring events
on the time line. Therefore temporal expressions have to be extracted from real text
and then normalized according to certain guidelines, such as TimeX2 [Ferro et al.
2004; Gerber et al. 2004]. Temporal expressions are classified into dates, times of
day, positions of dates, duraions, set-denoting expressions, event-anchored
expressions, etc. Tempora attributes include VAL, MOD, SET, ANCHOR_VAL
and ANCHOR _DIR. As temporal expressions are confined in a limited domain,
rule-based approaches will be investigated. These approaches are time-consuming,
but normally they can achieve high performance. Rule-based approaches will be
employed to identify different kinds of temporal expressions and give the values for
different temporal attributes.

Design a temporal-oriented event-based summarization approach to reflect the
event trends in documents.

Some clusters of documents consist of descriptions about topics at different
periods, and then the human generated summaries present the event trends of these
topics. By utilizing this characteristic, the summarization performance is expected

to be improved. Events will be anchored on the time line according to their temporal



attributes, and then effective weighting schemes should be investigated. It is
assumed that if an event occurs frequently on certain periods and rarely on other
periods, this event is important at the specific periods. Then different statistics of
events will be caculated to reflect the strength that an event is associated with
different periods, i.e. the importance of that event at different periods. The weights
of sentences depend on weights of events contained in them.

Design a unified summarization framework to incorporate evidences from
multiple points of view.

It is difficult evaluate the importance of a sentence from a single criteria. A
unified summarization framework will be built to incorporate different evidences
which are from different importance eval uation aspects, such as position of sentence,
number of frequent words, sum of the weight of events in a sentence, and so on.
Sentence extraction can be transfer to a classification problem, whether a sentence
should be extract or not. Typical classification algorithms can be employed to give
the decision based on the input sentence features. The length of final summary is
fixed and the length of extracted sentences judged by the classifier may not exactly
mach this limitation. A re-ranking algorithm should be designed to order sentences
so that they can be picked up one by one according to this order.

Since sentence features can influence the final summary heavily, we plan to
investigate basic surface features, content features a sentence may represent and the
features indicating the relevance among sentences. While surface and content
features are about extrinsic and intrinsic aspects of a sentence itself, relevance
features describe the strength of sentence relatedness. Event features are aso
investigated to reflect how important events contained in sentences are. They can be
derived from our event-based summarization approaches. Under this framework, all
evidence can be unified and a rather reliable decision on sentence extraction will be

outputted.



1.4 Contributions

The contributions of this study are listed as follows. (1) We propose event-based
summarization approaches. They not only achieve competitive results when compared with
successful word-based approaches, but also provide potential way to sentence compression.
Thisis an important step toward abstraction. (2) We introduce tempora concepts into event-
based summarization and suggest that tempord information is crucial to summarization on
documents which contain evolving topics. (3) We develop an adaptive leaning-based
framework to incorporate various types of features. The framework could achieve optimal
weight parameter combination, compared with those based on experimentally tuned
parameters. (4) We implement two systems for English and Chinese temporal expression
extraction and normalization. They are effective tool s not only for document summarization,

but also for many other applications, such as question answering and machine translation.

1.5 Organization

The thesis is organized as follows. Chapter 2 gives details of background information
and related work. Chapter 3 presents instance-based and concept-based event summarization
approaches. The relevance between events is exploited by building an event map and then
evaluating the importance of each node. Chapter 4 describes the investigations on temporal
expression extraction and normalization. Details about kinds of temporal expressions and
attributes are given. Chapter 5 proposes event summarization based on event distribution on
the time line. Summarization approaches with and without temporal information exploiting
are compared. Chapter 6 describes a unified summarization framework which can
incorporate various sentence features, such as importance from event summarization and
number of frequent words. Then the framework output the decision based on al these
features and pick up sentences according to their re-ranked order. Finally Chapter 7 gives the

conclusions of this study.



Chapter 2

Literature Review

This research focuses on improving text summarization by investigating different
document representation and weighing schemes. To reflect and exploit shifting topics on the
time line, we aso explore temporal information processing techniques, mainly temporal
expression extraction and normalization. Therefore, the related works can be divided into
two parts. summarization and tempora information processing. They are described as

followsin detail.
2.1 Summarization

Summarization is the procedure to distill important information from document(s) for
users. It has been widely investigated in the past [Mani and Maybury 1999]. Mani [2001]
and Sparck-Jones [1999] give a good introduction. The previous research on text
summarization can date back to [Luhn 1958 and [Edmundson 1969]. In the following
periods, some researchers focus on extractive summarization, as it is effective and simple.
Others investigate abstractive summarization, but their work is highly domain-dependent or
preliminary investigation. Query-based summarization involves query representation and
anchoring query relevant contents in documents. It is highly related to information retrieval,
another research subject.

The key problems are how to represent contents of texts and how to identity the
important part. Recently, semi-structured representations between bag-of-words and
predefined template are explored, such as event. To catch topics evolving over time,

temporal information processing is incorporated into summarization. It is difficult to
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evaluate the importance of sentence/ paragraph by single criteria. Therefore machine learning
techniques are employed to combine multiple features. The literature on summarization is
discussed from these aspects.

Multi-document summarization, which is contrast to single-document summarization,
may consider redundancy in different documents. Various similarity measures are used. A
common approach is to measure similarity between pairs of sentences and then use
clustering to identify themes of common information [Radev, Jing, and Budzikowska 2000z,
Marcu and Gerber 2001]. Similar sentences will not be included in summaries. Another
possible way is to measure the similarity of a candidate passage to that of already-selected
passages and retain it only if it contains enough new (dissimilar) information [Radev, Jing,

and Budzikowska 2000a; Carbonell and Goldstein 1998].

2.1.1 Abstractive Summarization

Radev et al. [2002] give a brief introduction about abstraction methods. At this early
stage of the research on summarization, we categorize any approach that does not use
extraction as an abstractive approach. Abstractive approaches have used information
extraction, compression, ontological information and information fusion.

Information extraction approaches can be characterized as “top-down”, since they look
for aset of predefined information types to be included in the summary. For each topic, users
predefine templates of expected information types, together with recognition criteria. For
example, an earthquake template may contain slots about location, earthquake magnitude,
number of casualties, etc. The summarization engine must then locate the desired pieces of
information, fill them in dots, and generate a summary with the results [Dejong 1978; Rau
and Jacobs 1991]. This method can produce high-quality and rather accurate summaries,
although it isrestricted in certain domains only.

Compressive summarization results from approaching the problem from the point of

view of language generation. Using the smallest units form the original document, Witbrock
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and Mittal [1999] extract a set of words from the input document and then order the words
into sentences using a bigram language model. Jing and McKeown [1999] think human
summaries are often constructed from the source document(s) by a process of cutting and
pasting document fragments, which are then combined and regenerated as sentences in
summaries. Hence a summarizer can be developed to extract sentences, reduce them by
dropping unimportant fragments, and then use information fusion and generation to combine
the remaining fragments.

Other researchers focus on the reduction process. In an attempt to learn rules for
reduction, Knigh and Marcu [2000] train a system to compress the syntactic parse trees of
sentences in order to produce a shorter but still maximally grammatical version. Ultimately,
this approach can likely be used for shortening two sentencesinto one.

True abstraction involves taking the process one step further. Abstraction involves
recognizing that a set of extracted passages together with something new, something that is
not explicitly mentioned in the source, and then replacing them in the summary with the new
concept(s). The requirement that the new material not be in the text explicitly means that the
system must access to externa information of some kind, such as an ontology or a
knowledge base, and be able to perform inference [Hahn and Reimer 1999]. Since no large-
scale resource of this kind yet exists, abstractive summarization has not progressed beyond
the proof-of -concept stage.

Lehnert [1982] propose summarization strategy that builds upon the prior research
[Dedong 1979]. She set up three primary affect states. positive event, negative event, and
mental event, and four links between the events: motivation, actualization, termination and
equivalence. Given the events and links, she designs 15 legal pair-wise configurations
(problem, success, failure, resolution and so on) which are building blocks for more complex
stories. Some plot units are pivotal in driving inferences about other plot units, so
identification of pivotal unitsis very important in summarization. She regards an event as a

dot and connects events with causal links, and then she can get a plot-unit graph structure.
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After identify the pivotal unit the algorithm will give a base-line summary from it. At last,
augment the base-line with information from plot units related to the pivot one. She does not
implement the algorithm and leaves some questions open, but it may provide a potential
foundation to generate narrative summaries.

Hahn and Reimer [1999] propose using a formal terminological knowledge model as the
presentation of contents of documents. Text summarization is considered as an operator-
based transformation process and knowledge representation structures are mapped into
conceptually more abstract structures forming a text summary. The authors illustrate their
system implemented in their model on information technology reviews and legal reports.
They describe a three-step procedure for summarization. First, alist of salience operatorsis
applied to paragraphs. Second, topic descriptions are determined and aggregated over
paragraphs as appropriate. Third, generalization operators are applied across the topic
descriptionsto create a hierarchical text graph.

Mckeown et al. [1995] describe an approach to summary generation that folds
information from multiple facts into a single sentence. They present two systems using this
approach. STREAK system is used to generate summaries about basketball games. The
system creates a draft of facts and then applies revision rules. PLANDOC system is about
telephone network planning activity, which employs discourse planning. It looks ahead to
group facts together by conjunction and deleted repetitions.

Traditional language generation systems include a content planner and a surface sentence
generator. Content planner selects information in proposition size chunks. Surface sentence
generator decides whether the sentence is an interrogative or declarative expression. Then it
selects the main verb of the sentence and maps elements in the fact to verb arguments. At
last it enforces syntactic constraints and produces the words in linear order. Being different
with the traditional approaches, authors' method distinguishes essential and optional content,

using revision strategies to pack information into a sentence.
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Maybury [1995] gives attention to the summarization of structured information sources,
such as data base or event collection. The author attempts to identify the key event among
many simple event messages. He employs these factors: event frequencies, frequencies of
relations between events and domain specific importance. After determining which events
would remain in the summary, the system condenses the events using aggregation. If two
events have the same agent, time or location, they will be combined. Finally, all events are
grouped by the mission they related to. Following aggregation, the overall organization of
the resulting narrative is planned using a text generator [Maybury 1991; Maybury 1992] that

organize the report first by topic, and then temporal relation under atopic.

2.1.2 Extractive Summarization

2.1.2.1 Overview

Radev et. al [2002] give a good introduction about extraction approaches. Despite the
beginning of research on aternatives to extraction, most work today still relies on extraction
of sentences from original documents to form a summary. The majority of early extraction
approaches focus on the development of relatively simple surface-level techniques that tend
to signal important sentences/paragraphs in the source text. Although most systems use
sentences as units, some work with paragraphs. A set of features is computed for each
sentence/paragraph, and ultimately these features are normalized and summed.
Sentences/paragraphs with the highest scores are extracted and returned as the extract.

Early extraction approaches for sentence extraction compute a weight score for each
sentence based on features such as position in the text [ Baxendale 1958; Edmundson 1969],
word and phrase frequency [Luhn 1958] and key phrases (e.g., “it is important to note”)
[Edmundson 1969]. Recent approaches use more sophisticated techniques to decide which
sentence should be extracted. These techniques often rely on machine learning approaches to
identify important features, on natural language analysisto identify key sentences/paragraphs,

or on relations between words rather than bags of words.
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Approaches involving more sophisticated natural language analysis to identify important
sentences/paragraphs rely on word relatedness or discourse structure. Some researchers use
the degree of lexica connectedness between a paragraph and the remainder of the text;
connectedness may be measured by the number of shared words, synonyms, or anaphora
[Salton et al. 1997; Mani and Bloedorn 1997; Barzilay and Elhadad 1999a]. Othersreward
sentences/paragraphs that include topic words, i.e. words that have been determined to
correlate well with the topics of interest to users or with the general theme of the source text
[Buckley and Cardie 1997; Strzalkowski et al. 1999; Radev et a. 2000b].

Alternatively, a summarizer may reward paragraphs that occupy important positions in
the discourse structure of the text [Marcu 1997b; Ono et a. 1994]. This method requires a
system to compute discourse structure reliably, which is not possible in all genres. Teufel
and Moens [2002] focus on it. They show how particular types of rhetorical relationsin the
genre of scientific journal articles can be reliably identified through the use of classification.
Conroy and O'Leary [2001] has turned to the use of hidden Markov Models (HMMs) and
pivoted QR decomposition to reflect the fact that the probability of inclusion of a sentencein
an extract depends on whether the previous sentence has been included as well.

To identify redundancy in text documents, various similarity measures are used. A
common approach is to measure similarity between al pairs of sentences and then use
clustering to identify themes of common information [Radev et a. 2000a; Marcu and Gerber
2001]. Other approaches use information fusion techniques to identify repetitive phrases
from the clusters and then combine the phrases into the summary [Barzilay et al. 1999b].
Mani et a. [1999] describe the use of human-generated compression and reformulation rules.
Alternatively, systems measure the similarity of a candidate paragraph to already-selected
ones and retain it only if it contains enough new (dissimilar) information. A typical approach
of this kind is Maximal Marginal Relevance (MMR) [Carbonell et a. 1997; Carbonell and

Goldstein 1998].
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Ensuring coherence is difficult, because this in principle requires some understanding of
the content of each paragraph and knowledge about the structure of discourse. In practice,
most systems simply follow temporal order and text order. To avoid misleading the reader
when juxtaposed paragraphs form different dates al say “yesterday”, some systems add
explicit time stamps [Lin and Hovy 2002]. Other system use a combination of temporal and
coherence constraints to order sentences [Barzilay et a. 2001]. Recently, Jahna et al. [2002]
have focused on discourse-based revisions of multi-document clusters as a means for
improving summary coherence.

The cohesion relations in summarization include synonym/hyponym rel ations, repetition,
adjacency in a phrase and co-reference, not just word-based vectors similarity. To extracting
phrase, Mani and Bloedorn [1999] use a robust finite-state parsing based on patterns defined
over part-of-speech tags. To extracting synonym and hyponym they used WordNet. In their
text content map, a word is a node. There are adjacency links, same links (lexical or
semantic), and phrase-building links. Then a document can be represented as a graph. Given
atopic, they find topic-related text regions by weighting the graph and then select segments
from the weighted graph. To summarize multiple documents, they use cross-document
sentence extraction and cross-document sentence alignment. Their approach touches the

surface of the problem.

2.1.2.2 Extraction without Exploiting Discourse Structure

Automatic summarization can date back to 1950's. In perhaps the first paper in thisfield,
Lun [1958] describes a summarization system based on simple sentence extraction. The
problem he faced is to give the importance of sentences and extract the most important
sentences. Firstly, he establishes a set of “significant” words, whose frequencies are between
ahigher bound and alower bound. It is assumed that high-frequency or low-frequency words
are unimportant. Then he derives significance of a sentence based on the number of the

occurrences of significant words in the sentence.
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Edmundson [1969] also develops a primary summarization system. In addition to word
frequency, he exploits cue phrases, words in titles and headings, sentence location and
particular section. The principle of the word frequency is like the one first proposed by Luhn
[1958], but the agorithm is not the same one. Cue phrases include positively relevant,
negatively relevant and irrelevant ones. The cue dictionary is compiled on the basis of
statisticd data and refined by linguistic criteria. The final “cue’ weight score for each
sentence is the sum of the cue weight scores of its constituent phrases.

He supposes that an author conceives the title as circumscribing the subject of the
document. Those sentences which contain words in titles, subtitles and headings should have
more significance. The final “title” weight score for each sentence is the sum of the title
weight scores of its constituent words.

Edmundson [1969] makes another hypotheses that sentences occurring under certain
headings( “introduction”, “purpose’, “conclusions’) are positively relevant and topic
sentences tend to occur very early or very late in a document and its paragraphs. In addition
to assigning positive weight scores provided by the heading dictionary, the method also
assigns positive weight scores according to sentence position in the text, i.e. in first or last
paragraph, and asfirst or last sentence of a paragraph.

Finally, the relative weights from the four basic measures are parameterized in the linear
function “aC + aK + asT + a4L”. The values of &, &, az and a, can be specified as desired.
By their observation, the method which exploited cue phrase, title words, and location seems
to have the best performance.

Pollock and Zamora [1975] aim at automatically generating chemical abstract by
sentence regjection algorithm, rather than sentence selection. Their sentence rejection is based
on negative semantic words and some syntactic features, such as having no verbsin sentence.
Word frequency here is used to modify the semantic code, for example, to make positive

code less positive and make negative code less negative. As a fina step, the summary is
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automatically edited to delete certain non-substantive words and phrases which occur at
beginning of sentences.

Brandow et al. [1995] describe a system that performs domain-independent condensation
on commercia news. Their system contains four magor constituents. statistical corpus,
signature word selection, sentence weighting and sentence selection. When tf*idf for a given
word is more than a threshold, they would regard this word as a signature word. In addition,
they add the headline words into the signature words. Then each sentence's weight is
computed by summing the weights of the individual signature words occurring in the
sentence. Finally, they use some heuristics to extract some sentence from a document as the
summary. This system is evaluated againgt a system that using only the first portion of the
texts (leading-text) and the result is that the leading-text method is better.

After these prior studies on extractive summarization, researchers focus on effective
features for extraction of sentence or phrase recently. Surface features are about extrinsic
characteristics of a sentence, such as position of sentence, length of sentence, and whether
the sentence is the first sentence of a document or paragraph. Content features are about
intrinsic characteristics of a sentence, such as number of centroid words, signature words or
frequent words in a sentence. Other features are from the point of view of event, such as
number of persons, organizations, locations and times in a sentence. A combination function
or machine learning algorithm will incorporate these features and give the importance of a

sentence.

2.1.2.3 Extraction with Exploiting Discourse Structure

Boguraev and Kennedy [1997] try to represent a document by some phrases, which
referring to the most prominent objects mentioned in the discourse. They obtain the phrases
by atypical term identification algorithm. They use anaphora resolution method to establish
crucia connections between text expressions that refer to the same entities. To produce
summaries, they segment text using a variant of the approach proposed by Hearst [1994],

which is a segmentation method relying on similarity between blocks of text based on
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vocabulary overlap. They identify the “topic stamps’ for a text segment as several highest
ranked objects in it, according to the frequency of use and grammatical distribution of
phrases in the text. To form a summary, the co-referential phrases associated with topic
stamps are listed, a ong with some information from the surrounding context.

Barzilay and Elhadad [ 1997] also establish their summary system by sentence extraction.
They separate the summarization procedure as four steps. The original text is segmented first.
Then lexical chains are constructed and strong chains are identified. Finally significant
sentences are extracted. They use Hearst’ s algorithm on text segmentation [Hearst 1994] and
build chains for each segment. Two chains are merged across a segment boundary only if
they contain a common word with the same sense. The node candidate in a chain is noun or
noun compound, and then they connect the nodes which have relations in the WordNet.
Three kinds of relations are defined: extra-strong (between a word and its repetition), strong
(between two words connected by a WordNet relation) and medium-strong when the
distance of the link between the synsets of the words is longer than one. According to the
idea of text cohesion, finally the agorithm will retain a best chain which has most linksin it.
Among al the lexical chains in a document, they select the strongest lexical chains as the
topic indicaion by empirica methods. They find the following parameters are good
predicators of the strength of a chain: the number of occurrences of the members of the chain,
the number of distinct occurrences divided by the length. If the product of the two
parameters satisfies their “criterion”, they regard the chain as a strong chain. To form
summary according to the strong lexical chain, they select sentences by heuristics. They give
three aternatives and each one will select one sentence for one strong chain.

In his paper, Marcu [1999] propose that the concepts of discourse structure can be used
effectively in text summarization. Based on Rhetorical Structure Theory [Mann and
Thompson 1988], Marcu [1997g 1997b] describes a rhetorical parsing agorithm which
receives unrestricted text and derives a rhetorical structure tree. In the rhetorical structure

tree, each node represents a text unit, such as a clause or a sentence. After getting the
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discourse structure tree, they determine a partial ordering on the elementary and
parenthetical units of the discourse structure tree. A very simple way to induce such a
ordering is computing a score for each text unit on the basis of the depth in the tree structure.
At last, the summary algorithm selects some important text units according to their scores.

Strzalkowski et al. [1999] exploit an empirical observation that much of the written text
displays certain regularities of organization and style, which they call Discourse Macro
Structure. In order to produce a coherent summary they select paragraphs from the source
document and assemble them into a mini-document within a DM S template. They think that
certain types of text conform to relatively simple macro discourse structures, for example
[Rino and Scott 1994] have shown that both physics papers and abstracts align closely with
the “Introduction Methodology Results Discussion Conclusion” macro structure. Their
selection criteria include word frequency, title words occurrences, noun phrase occurrences,
paragraph location, proper name occurrences and cue phrase occurrences. Then a
combination function will integrate scores which come from each selection measure. Finally
they will trim the paragraphs and give the summary.

Teufel and Moens [1999 extend the KPC methodology [Kupiec et al. 1995] by
classifying extracted sentences according to their rhetorical roles. They propose that the
rhetorical roles included goal, achievement, background, method, etc. They regard abstract
as an argumentative template, where its dots represent certain rhetorical roles. Then the
system is trained to find suitable sentence to fill the slots. Their idea is more related to the
structured abstracts [Hartley et a. 1996; Rennie and Glass 1991]. First, they extract
sentences with a Bayesian classifier. Second, they classify the sentences according to one of
the seven rhetorical roles by another Bayesian classifier. The features they employed include
cue phrase, phrase about rhetorical roles, location, sentence length, title, word frequency and
header (discussion, introduction, conclusion and so on).

Salton et a. [1997] characterize the text structure of a document by intra-document

linkage pattern. They apply the knowledge of text structure to do automatic text
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summarization by paragraph extraction. Every paragraph is represented by a text vector and
they computed a similarity between every two paragraphs. If the similarity is smaller than a
threshold, there is no "semantic" link between the two paragraphs. Then they extract the
central paragraphs which have more links and present them to users. The performance of the
system is acceptable but not perfect.

The approaches we have mentioned above are all extraction approaches. Although these
methods generate functionally acceptable summaries, the performance is still very moderate.
With the prevalence of machine learning methods, some researchers tend to improve the

sentence extraction by machine learning based approaches.

2.1.3 Event-Based Summarization

Term-based extractive summarization [Luhn 1958; Edmundson 1969] represents the
content of documents mainly by bag of words. Luhn [1958] establishes a set of “significant”
words, whose frequency is between a higher bound and a lower bound. Edmundson [1969]
collects common words, cue words and title/heading words from documents. Weight scores
of sentences are computed based on type/frequency of terms. Sentences with higher scores
will be included in summaries. Later researchers adopt tf*idf scores to discriminate words
[Brandow et al. 1995; Radev et al. 2004]. Term-based approaches can not express exact
meanings of documents and can just output applicable summaries. Therefore it needsto be
improved further.

To represent deep meaning of documents, other researchers have investigated different
structures. Barzilay and Elhadad [1997] segment the original text and construct lexical
chains. They employ strong chains to represent important parts of documents. Marcu [19974
describes a rhetorical parsing approach which takes unrestricted text as input and derives
rhetorica structure trees. They express documents with structure trees. Dejong [1978] adopts

predefined templates to express documents. For each topic, users predefine frames of
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expected information types, together with recognition criteria. However, these approaches
just achieve moderate results.

To balance the document representation between bag-of-words and deep structure (i.e.,
template [MUC-7 1998]), event [Filatova and Hatzivassiloglou 2004; Li et a. 2005; Liu et
al. 2007a; Liu et al. 2007b] receives interests of researchers recently. Event-based
summarization is first presented in [Daniel et al. 2003], who consider a news topic to be
summarized as a series of sub-events according to human understanding of the topic. They
determine the degree of sentence relevance to each sub-event by human judgment and
evaluated six extractive approaches. They conclude that recognizing sub-events that
comprise a single news event is essential for generating better summaries. However, it is
difficult to break a newstopic into sub-events automatically.

Later, atomic events are defined as the redionships between the important named
entities [Filatova and Hatzivassiloglou 2004], such as participants, locations and times
(which are called relations) through the verbs or action nouns labeling the events themselves
(which are called connectors). They evaluate sentences based on co-occurrence statistics of
named entity relations and the event connectors involved. They claim that the proposed
approach achieves better results when compared with a conventiona tf*idf term based
approach. Appaently, named entities are key elements in their model. However, the
constraints defining events seems quite stringent.

The application of dependency parsing, anaphora and co-reference resdution in
recognizing events involves NLP and |E techniques more or less [Y oshioka and Haraguchi
2004; Vanderwende et al. 2004; Leskovec et a. 2004]. Rather than pre-specifying events,
they extract (verb)-(dependent relation)-(noun) triples as events autamatically and take the
triples to form a graph merged by relations.

As a matter of fact, events in documents are related in some ways. Judging whether
sentences are salient or not and organizing them in a coherent summary can take advantage

from event relevance. Unfortunately, this is neglected in most previous work. Barzilay and
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L apata [2005] exploit the use of the distributional and referentia information of entities to
improve summary coherence. While they capture text relatedness with entity transtion
sequences, they conduct the summarization based on entities. We are particularly interested
in relevance between events in this study and we conduct the summarization based on events
and event relevance.

Extractive summarization requires ranking sentences with respect to their importance.
Successfully used in Web-link analysis and more recently in text summarization, Google's
PageRank [Page et a. 199§ is one of the most typical ranking algorithms. It isa kind of
graph-based ranking algorithm to judge the importance of a node within a graph by taking
into account the global information recursively computed from the entire graph, rather than
relying on only the local node-specific information. The application of PageRank in sentence
extraction was first reported in [Erkan and Radev 2004]. A graph can be constructed by
adding a node for each sentence. Edges between nodes are established using inter-sentence
similarity relations as a function of content overlap. The same idea is followed and
investigated extensively in[Mihalcea 2005] .

Y oshioka and Haraguchi [2004] go one step further toward event-based summarization.
Two sentences are linked if they share same events, not same words. When evaluated on
TSC-3, the approach favors longer summaries. In contrast, the importance of verbs and
nouns constructing eventsis eval uated with PageRank as individual nodes connected by their

dependence relations [V anderwende et al. 2004; Leskovec et a. 2004)].

2.1.4 Temporal-Oriented Summarization

Temporal information processing receives more attention than ever, such as at TERN
2004 [TERN 2004] and ACE 2005 [ACE 2005]. It can be employed to improve the existing
approaches in text summarization, question answering and information extraction, etc. One
way to improve an event-based summarization system is to discover the trends of events by

exploiting event temporal distributions. Two fundamental issues in tempora information
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processing are recognizing and normalizing temporal expressions in texts [Mani and Wilson
2000; Schilder and Habel 2001]. As one objective of this study is to investigate the
application of tempora information processing in summarization, we simply normalize
temporal expressions and assign the attribute values to the corresponding events manually
first. In the future we plan to implement this procedure automatically.

The applications of temporal information in summarization have been investigated in the
past, but most of them are based on publication dates. Given a sequence of news reports on
certain topic, Allan et al. [2001] extract sentences with usefulness and novelty to monitor the
changes. Usefulness is captured by considering whether a sentence can be generated by a
language model created from the sentences seen to date. Novelty is captured by comparing a
sentence to prior sentences. They report that it is difficult to combine the two factors
successfully. Afantenos et al. [2005] discuss the techniques to summarize events happened
synchronously, such as football matches reported at same times but from different sources.
Relations between events (i.e., messages) are defined on the axis of time and information
source. They are determined by comparing different messages with heuristic rules. However,
they do not report the evaluation on summaries.

Other researchers exploit distribution of events on the time line by statistical measures.
Swan and Allan [2000] aim at extracting and grouping important terms to generate “topics’
defined by TDT 1998 [TDT 1998]. They employ statistics to measure the strength that a
term is associated with a specific date. After filtering by athreshold, the significant terms are
clustered into a few topics. Subjective evaluation shows the overlap between machine
generated clusters and model topics is 86.7%. Lim et a. [2004] anchor documents on the
time line by the publication dates, and then extract sentences from each document based on
surface features. Time dots (dates) are used to extract high frequency wordsin each dot, and
then to identify one topic sentence in the slot. Sentence weight is adjusted by these local high
frequency words. Finaly, global high frequency words form all topic sentences are used to

adjust weights of sentences. They evaluate the system on Korean documents and report that
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time can help to raise the percentage of model sentences contained in machine generated
summaries.

Jatowt and Ishizuka [2004] investigate approaches to monitor the trends of dynamic web
documents, which mean the different versions of same web documents. Based on
distributions, terms are scored in order to identify whether they are popular and active. They
employ a simple regression analysis on word frequency and time. A term’s slop, intercept
and variance are used to evaluate its importance. Then each sentence is weighted based on
the sum of the weights of the terms that are contained in the sentence. Finaly, the sentences
with highest scores are extracted into a summary. Unfortunately, they don't report any

guantitative evaluation results.

2.1.5 Learning-Based Summarization

The application of machine learning to summarization is pioneered by Kupiec et al.
[1995], who develop a summarizer using a Bayesian classifier to combine features from a
corpus of scientific articles and their abstracts. Myaeng and Jang [1999] adopt an algorithm
like Kupiec et al. [1995], but they give the probability that a sentence should be in the
summary, according to each independent feature, and then use Dempster-Shafer combination
rule [Rich and Knight 1991] to calculate the belief that each sentence is contained in a
summary.

Aone et d. [1999] design a summary system based on frequency approach, but they try
to use some linguistic knowledge. They extract multi-word phrases and use them as the basic
unit. Corpus knowledge is incorporated in three ways, by using a large corpus baseline
database to calculate idf values for selecting signature words, by deriving collocations
statistically from a large corpus, and by creating a word association index. They adopt a
trainable Bayes classifier, which is like that of [Kupiec et al. 1995. The features are
sentence length, inclusion of signature words, sentence position in a document and sentence

position in a paragraph.
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Aone et a. [1999] and Lin [1999] investigate other forms of machine learning and its
effectiveness. Machine learning has also been applied to individual features. For example,
Lin and Hovy [1997] apply machine learning to the problem of determining how sentence
position affects the selection of sentences. Witbrock and Mittal [1999] use statistical
approaches to choose important words and phrases.

Machine learning approaches give decisions based on input features. These features
influence summarization performance heavily. Teufel and Moens [1999] and Radev et a.
[2004] report that position and length of sentences are effective surface features. They
observe that sentences located at the beginning of a document most likely contain important
information. They also find that important sentences are not likely to be too short. The role
of content features is also widely acknowledged in the past. Luhn [1958] compiles a list of
important words, whose frequencies are between higher and lower bound. Then the number
of these words contained in a sentence is used to evaluate the importance of the sentence.
Recently, other content indicating features are proposed, including centroid [Radev et al.
2004], signature terms[Lin and Hovy 2000] and high frequency words [Nenkova et al. 2006 .

Radev et a. [2004] define centroid words as those whose average tf*idf are higher than a
threshold. Meanwhile, Lin and Hovy [2000] identify signature terms that are strongly
associated with documents based on statistics measures. Nenkova et al. [2006] later report
that high frequency words are aso crucia in finding focuses of documents. These content
features are simply based on the statistics of uni-grams, except signature term. As bi-grams
and tri-grams contain more information than uni-grams, it is reasonable to employ them as
sentence features for summari zation.

Document structure is another feature investigated in the context of summarization.
Barzilay and Elhadad [1997] construct lexical chains and extract sentences based on the
chains with higher scores. Marcu [1997a] applies a rhetorical parsing approach which takes
unrestricted texts as input and derives the rhetorical structure trees. However, these structure-

based approaches can only achieve moderate results. Dgjong [1978], in contrast, predefine
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templates to represent documents. This approach requires much effort to create templates
and it can hardly be adapted in different domains.

Recently, event-based document representations receive much attention. While Filatovia
and Hatzivassiloglou [2004] define event as actions (verbs/action nouns) and the associated
named entities, Vanderwende et al. [2004] represent event by dependency triples. They then
employ frequency of events or PageRank to evaluate sentence importance and achieve
encouraging results. Li et a. and Wu [Li et a. 2006b; Wu 2006] later report that named
entities are good indicators to locate the focuses of documents. It suggests that event features
are worth to explore.

As a matter of fact, sentences in a document are connected in some way. Sentence
relevance has been used as an alternative means to identify importance sentences. Erkan and
Radev [2004], and Y oshioka and Haraguchi [2004] compare every pair of sentences. A web
analysis approach, PageRank, is introduced to pick up the important sentences from the map

built on sentencerelevance. Promising results are reported in their papers.

2.2 Temporal Information Processing

Motivated by its potential applications, tempora information processing has attracted
more attention recently than ever. A comprehensive review on recent trends has been given
by Mani [Mani et al. 2004]. Research work in this area is classified into four classes:
designing annotation schemes for tempora information representation [Ferro et a. 2004;
Gerber et al. 2004; Sauri et al. 2004]; developing temporal ontology which covers temporal
objects and their relationships [Allen 1984; Hobbs and Pan 2004]; identifying time-stamps of
events or temporal relationships between events [Filatove and Hovy 2001; Li et al. 2001];
and extracting and normalizing temporal expressions in different languages [Ahn et al. 2005;
Estela et d. 2002; Jang et a. 2004; Mani and Wilson 2000; Schilder and Habel 2001; Vazov
2001]. Temporal annotation, temporal ontology and temporal reasoning are not in the scope

of this study.
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Among the research work on temporal expression extraction and normalizaion, most are
based on hand-written rules. Vazov [2001] extracts temporal expressions based on context
constraints and regular expressions. Mani and Wilson [2000] normalize tempora expressions
by hand-crafted rules. Schilder and Habel [2001] employ finite state transducers based on
hand-written rules to extract and normalize temporal expressions. However, their evaluation
is conducted on a small corpus. Jang et a. [2004] focus on Korean languages and the
temporal expressionsthey cope with include fully-specified temporal expressions (e.g., April
3, 2000), context-dependent temporal expressions (e.g., “tomorrow” and “Thursday”) and
event-denoting temporal expressions (e.g. “after the éection”). Building a rule based system
is quite time-consuming.

Machine learning approaches are investigated for the task of temporal expression
normalization. One potential application of learning approaches is the classification problem.
In normalization, sometimes, we have to choose one interpretation of atemporal expression
from several alternatives. Mani and Wilson [2000] develop a machine learning classifier to
distinguish the specific and generic uses of “today”. Ahn et al. [2005] evaluate different
machine learning approaches (e.g. maximum entropy) for classification problems in
normalization, such as whether a temporal expression refer to a time point or duration,
whether a temporal expression refer to a point before or after the reference time. They all
report promising results. Another application of learning approaches is normalizing temporal
expressions directly. Jang et al. [2004] employ a rote learning approach to flag temporal
expressions in testing documents, based on a dictionary which contains the tempora
expressions from training documents. However, the results simply based on learning

approaches have left much room to be improved.
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Chapter 3

Event-Based Extractive Summarization

3.1 Chapter Overview

The amount of on-line documents grows fast with the expansion of the Internet. It is
often impossible for computer users to browse documents that they are interested in one by
one. Automatic document summarization involves condensing a document or documents to
produce a fair summary with bearable time cost. Usualy two kinds of summarization
approaches can be employed: abstractive or extractive. Abstractive approaches typically
need “understand” contents of documents. As the limitation of current NLP techniques,
research on abstraction is confined in limited domains or in stage of preliminary
investigations. Extractive summarization is investigated in this study with attempts to
bal ance satisfactory performance and reasonable cost.

There is a common architecture for extractive summarization, which includes five
sequential components; sentence (or paragraph) segmentation, weighting, ranking, re-
ranking and summary generation. Given document(s), they should be segmented first. Then
sentences (or paragraphs) will be weighted according to certain strategy. Later on they will
be ranked based their weight scores. Sometimes the importance of sentences (or paragraphs)
needs to be adjusted (e.g, to avoid redundancy) and they should be re-ranked based on a
predefined algorithm. Finally important sentences will be extracted and included in final
summaries. The core of this architecture is the sentence (or paragraphs) weighting

component and kinds of approaches are proposed in the past.
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Previous extractive summarization approaches identify the important content mainly
based on terms. Bag-of-words is not a good representation to specify contents of documents.
There are many possible combinations for the same collection of words. For example, given
a sentence “Cat eat mouse’, the word set is {cat, eat, mouse}. The possible word
combinations include “cat eat mouse’, “cat mouse eat”, “eat cat mouse”, “eat mouse cat”,
“mouse eat cat” and “mouse cat eat” . Therefore, there are multiple different explanations for
thisword set. A predefined template is a better choice to represent the contents. For example,
the template {subject: cat; object: mouse; action: eat} has only one exact explanation.
However template is domain-dependent and need much effort to create and fill it. This
tenson motivates us to seek a balance between effective implementation and deep
understanding, such as an automatically built semi-structure. It should be easier to achieve
than pre-defined templates, and is more exact than bag-of-words.

According to [Filatovia and Hatzivassiloglou 2004], event may be a natural unit to
convey meanings of documents. It can be broadly defined as “who did what to whom when
and where”. Both linguistic and empirical studies acknowledge that event arguments help
characterize the effects of a verb’s event structure, even though verbs or other words
denoting event determine the semantics of an event. In this study, event is defined as event
term and associated event elements. We choose verbs (such as “elect” and “incorporate”)
and action nouns (such as “dection” and “incorporation”) as event terms that can
characterize actions. They roughly relate to “did what”. One or more associated named
entities are considered as event elements Four types of named entities are currently under
consideration. They are person names, organization names location and time. They convey
the information about “who”, “whom”, “where” and“when”. To filter pseudo event terms, a
verb or an action noun is deemed as an event term only when it occursat least once between
two named entities.

We investigate two different event representations in this study. One occurrence of an

event term (or element) in a document is an instance of the event term (or element), while
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the collection of the same event term (or element) is a concept of the event term (or element).
For convenience, we do not discriminate instance of event term and instance of event
element, al of them are called under the name “instance of event”. Similarly, concept of
event term and concept of event element are caled under the name “concept of event”.
Therefore, contents of documents can be represented based on instances or concepts of
events.

It is most likely that documents narrate more than one related event. Motivated by this
observation, we investigate relevant event-based summarization after the study on
independent event-based summarization. In our preliminary summarization experiments
based on event instances, it is found that the performance is improved when relevance is
considered. Then we conduct investigations on further experiments based on event concepts
with relevance. Different approaches are designed to evaluate the strength of relevance.

The organization of Chapter 3 is described as follows. Section 3.2 describe the common
architecture for extractive summarization. Section 3.3, Section 3.4 and Section 3.5 present
summarization approaches based on independent event instances, relevant event instances
and relevant event concepts, respectively. Section 3.6 describes event-based summarization
approaches on different granularities. Section 3.7 presents the experi ments of these different
event-based extractive summarization approaches on DUC 2001 data set-- an English news
document set. Section 3.8 anadyzes and discusses the experiments and Section 3.9

summarizes this chapter.

3.2 Architecture for Extractive Summarization

Since extractive summarization has no need to deeply represent and understand contents
of documents, it is arelatively applicable solution. It hasreceived much more attention than
ever. Kinds of extractive approaches have been proposed in the past. However, a common

architecture is employed by these extractive approaches. It is described Figure 3.1.
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Document(s) to be summarized should be segmented first. If the unit for extraction is
paragraph, then documents will be divided into paragraphs. If the unit is sentence, then
documents will be divided into sentences. In this study, extractive summarization with fine
granularity unit -- sentence is investigated. Here sentence boundary identification is a
problem to be addressed, as sometimes the punctuation mark “.” does not denote ending of a
sentence. For example, “Mr. Smith went to another city yesterday.” Multiple tool packages
have been implemented to identify sentence boundaries and they can be integrated into

extractive summarization systems.

Weighting

Document(s)

(oo e e

Figure 3.1. A common architecture for extractive summarization

Next, importance of sentences (or paragraphs) should be weighted according to certain
strategies. Typical features which are used to evaluate the importance include the number of
high frequency words or cue phrases, location of sentences and length of sentences. It is
difficult to evaluate the importance of a sentence or paragraph based only one feature,
therefore multiple features are employed. A linear function or alearning classifier is used to
integrate these features and assign a weight score for each sentence or paragraph. This
component is the core of the whole summarization architecture. Multiple weighting
strategies, such as event-based, temporal-oriented event-based and learning-based ones are

investigated in this study. In this chapter, sentences are weighted based on event instances
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and event concepts. Section 3.3, Section 3.4 and Section 3.5 will describe summarization
approaches that employ these weighting strategies.

Then sentences (or paragraphs) are ranked according to their weight scores. The most
important sentences (or paragraphs) will be selected to generate summaries. However,
sometimes a re-ranking algorithm is necessary to adjust the weight scores of sentences (or
paragraphs). For example, the importance of redundant sentences can be deducted, so that
same or similar sentences are not included into summaries. If the importance of sentences
(paragraphs) is 0 or 1, and there are too many sentences (paragraphs) whose weight scores
are 1, are-ranking algorithm can be used to discriminate the degree of importance. The fina
weight scores are given after the re-ranking procedure. The re-ranking component is omitted
in summarization approaches in this chapter, but it is employed in those in Chapter 6.

At last importance sentences (or paragraphs) are extracted and included into summaries
until the length limitation of summary is reached. To form a natural summary, it is better to
organize these important sentences (or paragraphs) according to certain order, such as the
order that sentences (or paragraphs) occur in documents or the order that sentences (or
paragraphs) occur on the time line. Since the focus of this study is to identify important
contents of documents, this ordering procedure is omitted. Important sentences are extracted

one by one according to their weight scores.

3.3 Independent | nstance-based Summarization

Sentences are weighted by independent event instance based approaches in Section 3.3.
As the fact, same or similar events may be mentioned for multiple times in documents.
Events under different contexts may have different importance for representing the focus of
the documents. It is found that important event terms are repeated and dways occur with
more named entities, because authors hope to state these events clearly. At the same time,

people may want to emphasize an event by presenting it with action, time, location and
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participants completely. They may omit time, location and participants of an event after they
describe the event previoudly, or they just want to give a rough description.

It is assumed that events in documents may have different importance. In this study,
event terms occurring in different circumstances are assigned different weights. Event terms
between two named entities may be more important than event terms just beside one named
entity. Event terms co-occurring with participants may be more important than event terms
just beside time or location.

The approach on independent event-based summarization involves the following steps.

1. Given acluster of documents, analyze sentences one by one. Named entities and POS
tags are identified by GATE [Cunningham et al. 2002]. Ignore sentences that do not
contain any event element.

2. Add a frequent noun into the set of named entities (NE) when the number of its
occurrencesis above a certain threshold.

3. After stemming each word, detect pairs of named entities in every sentence and
extract verbs and action nouns as event terms (ET) Stop words are ignored in this
procedure.

4. Scan documents again to extract events, which are event terms with adjacent named

entities. An event takes the form as triple(et, | ne, ne)) , if the event term is between a
pair of named entities; or as couple(et, |ng,) , if the event term is neighboring with

only one named entity in a sentence.

5. Assign different weights to different event terms, according to contexts of event terms.
Different weight configurations are described in Section 3.7. Contexts refer to number
of event elements beside event terms and types of these event elements.

6. Given acluster of multiple documents about a topic, for instances of same event term
(or element) in one document, we calculate an average tf*idf score. There are multiple
tf*idf scores for an event term (or element) in the cluster of documents and the

average score isthe weight of the event term (or e @ment) in the cluster. The algorithm
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is similar with Centroid, but in that work the weight is calculated based on word, not
event term or event el ement.

7. Sum up the weights of event terms and event elementsin a sentence.

8. Select the top sentences with higher weight scores according to the length limitation of

summary.

3.4 Relevant I nstance-based Summarization

The previous independent event-based approach does not exploit relevance between
event instances. However, the relevance may be useful to identify important event instances.
After a document is represented by event instances, relevant instances are linked together.
Therefore the contents of a cluster of documents can be represented by an event map. It is
assumed that important events may be mentioned often and events associated to important
events may be important also. Based on this assumption, PageRank [Page et al. 1998] is a
suitable algorithm to identify the importance of event instances in the map. In this section,
we will discuss how to represent documents by event instances and how to identify

important event instances with PageRank algorithm.

3.4.1 Document Representation by Instances

Events are commonly related with one another semanticaly, temporally or spatially,
especially when the documents to be summarized are about the same or similar topics.
Therefore, all event terms and named entities involved can be explicitly connected or
implicitly related and weave a document or a set of documents into an event map. The
procedure of event identification is same with that in independent instance-based
summarization. Different instances which are about the same concept will be kept and linked
in the map.

Given a sentence “Andrew had become little more than a strong rainstorm early

yesterday, moving across Mississippi State and heading for the north-eastern US’, the event
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map is shown in Figure 3.2. There are two kinds of nodes in the graph. Event terms (ET) are
indicated by rectangles and named entities (NE) are indicated by ellipses. They represent
instances of events. The links between every two nodes are undirectional .

After each sentence is represented by a map, there will be multiple sub-maps for a cluster
of documents. If nodes from different sub-maps are lexical match, they may denote same
thing and should be linked. For example, if named entity “Andrew” occurred in sentence A,
B and C, then the three occurrences O,, Og and O will belinked as O,—Og, Og—O¢, Oc—

Ox. By thisway, maps for sentences can be linked based on same concepts.

vesterday move I—Gﬁlissisalppo
head
{ north-eastern us )

Event Map

Figure 3.2 An example of instance-based event map
The advantage of representing with separated action and entity nodes over simply
combining them into one event or sentence node is to provide a convenient way for
analyzing the relevance among event terms and named entities either by their semantic or
distributional similarity. More importantly, this favors extraction of concepts and brings the
conceptual compression available. We call this representation an event map, from which the

most important instances can be picked out for the summary.

3.4.2 I dentification of Instance I mportance

Given awhole map for a cluster of documents, the next step is to identify focus of these
documents. Based on our assumption about important contents in the previous section,
PageRank algorithm [Page et a. 1998] is employed to fulfill this task. PageRank assumes

that if a node is connected with more other nodes, it may be more likely to be a salient
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instance. The nodes relevant to the significant nodes are more likely salient instance than
those not. The algorithm assigns the significance score to each node according to the number
of nodes linking to it as well as the significance of the nodes. In PageRank algorithm, we use
two directional links instead for every unidirectiona link in Figure 3.2. For example, if a
node A and another node B are connected in Figure 3.2, there will be two links between the
node A andB: A->Band B>A

The equation to calculate the importance (indicated by PR) of a certain node A is shown

as follows;

PR(A)= (- d) + d(CREL , PRBp) , , PRB,
C(By) C(By) C(By)

Where B, By,..., B are al nodes which link to the node A. C(B) is the number of
outgoing links from the node B. The weight score of each node can be achieved by this
equation recursively. dis the factor used to avoid the limitation of loop in the map structure.
As the literature [Page et al. 1998] suggested, d is set as 0.85. The significance of each
sentence to be included in the summary is then derived from the significance of the event

terms and named entitiesit contains.

3.5 Relevant Concept-Based Summarization

A collection of instances of same event term (or named entity) most likely represent a
same concept. When people express their thinking by text, they mean concepts and the
relations between concepts, not discrete instances of concepts. To simulate this procedure,
we investigate event-based summarization based on concepts, i.e. collections of same
instances. According to the preliminary experiments on instance-based summarization, it is
found that relevance between events is helpful to improve the performance. Therefore we
conduct our research on concept-based summarization with relevance only.

Event map can be constructed based on event concepts. The procedure to extract event

instance is same as those of instance-based summarization approaches, which is presented in
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Section 3.3. However, in concept-based summarization, if two same event instances are
found after the procedure of event extraction, they will be merged as one node to construct
the event map. The number of nodes in concept-based map is smaller than that in instance-
based map. Similar with relevant instance-based map, links between nodes are unidirectional
in concept-based map.

Intra-event and inter-event relevance are two kinds of relevance in the map. We study the
relationship between event terms and associated named entities We also study the
relationship between event terms and event terms, or between named entities and named
entities. These kinds of event relevance are both necessary to build a complete event map,
which reflects relationships inside and between events. Section 3.5.2 and Section 35.3
describes intra-event and inter-event relevance respectively.

Given event map, Section 3.5.4 identifies the importance of nodes in the map with alink
analysis agorithm -- PageRank. This procedure is similar with that in relevant instance-
based approach. After the recursive computation of PageRank, weight of each event concept
is achieved and it is used for every instance of this concept. Finally, the importance of each

sentence is sum of all the weights of event instances contained in it.

3.5.1 Document Representation by Concepts

As discussed in previous sections, an event is defined as an event term and associated
named entities. The event term should occur between two named entities at least once in
documents. The procedure to form the event map is similar with that in the instance-based
summarization, except that nodes should be concepts in this section. Words in either their
original form or morphological variations are represented with only one node in the graph
regardless of how many times they appear in documents. An example document is shown in
Figure 3.3 and the corresponding concept-based event map isgiven in Figure 3.4.

We then integrate the strength of the connections between nodes into this graphical

model in terms of the relevance defined from different perspectives. The relevance is
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indicated by r(node ,node;j), where nodg and node; represent two nodes, and are either
event terms (et; ) or named entities (ne; ). Then, the significance of each node, indicated

by w(node;) , is calculated with PageRank ranking algorithm. Sections 3.5.2 and 3.5.3 address

the issues of deriving r(node; , node;) according to intra- or/and inter- event relevance.

S1: The Justice Department and the 20 states suing Microsoft believe that the
tape will strengthen their case because it shows Gates saying he was not involved
in plans to take what the government alleges were illegal steps to stifle
competition in the Internet software market.

S2: It showed a few brief clips of a point in the deposition when Gates was asked
about a meeting on June 21, 1995, at which, the government alleges, Microsoft

offered to divide the browser market with Netscape and to make an investment in
the company, which isits chief rival in that market.

S3: In the taped deposition, Gates says he recaled being asked by one of his
subordinates whether he thought it made sense to invest in Netscape.

$4: Butinan e-mail on May 31, 1995, Gates urged an alliance with Netscape.

S5: The contradiction between Gates' deposition and his e-mail, though, does not
of itself speak to the issue of whether Microsoft made an illegal offer to Netscape.

Figure 3.3. A sample document

Justice urge recall

Department [ offer | alliance invest
speak :

e Bill Gates )

: ™y offer
(\ Microsoft ) Sivide
June 21, 1995
| strengthen | | allege |

tifl
case government i '/r software
oy compete \

Figure 3.4. An example of concept-based event map
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3.5.2 Intra-Event Relevance Weighting

We consider both intra-event and inter-event relevance for summarization. Intra-event
rel evance measures how an action itself is associated with its associated named entities. It is

indicated as R(ET, NE) and R(NE,ET) in Table 3.1 below. This is a kind of direct

relevance as the connections between actions and named entities are established from the

text surface directly. No inference or background knowledge is required. As the connection

between an event term e, and a named entity ne; is supposed symmetry,

R(NE, ET) = R(ET, NE)" . By means of inter-event relevance, we consider how an event
term (or a named entity involved in an event) associate to another event term (or another
named entity involved in the same or different events) from syntactic, semantic and
distributional aspects. It is indicated by R(ET,ET)or R(NE,NE) in Table 3.1. Indirect

connections which are not explicit in the event map should be derived from external

resources or overal event distribution.

Event Term (ET) | Named Entity (NE)
Event Term (ET) R(ET,ET) R(ET, NE)
Named Entity (NE) R(NE, ET) R(NE, NE)
Table 3.1 Relevance matrix

The compl ete relevance matrix is:

~_|R(ET.ET) R(ET,NE)
" | R(NE,ET) R(NE,NE)

Theintra-event relevance R(ET, NE) can be simply established by counting how many

times €t; and ne; are associated, i.e.

Moo (€, N€;) = freq (et;,ne;) (E1)
On the other hand, we observe in real texts that two named entities can befar apart in a
long sentence and more than one event terms emerge between them (e.g. event terms “ stifle”
and “compete’ in Figure 3.5; event terms in joined rectangles in Figure 3.4). These adjacent

event terms which are associated with same pair of named entities are mostly because of

40



complicated sentence structure, such as subordinate clause. The weight of the connection
between the same pair of hamed entities may be divided into each path via every different

event term between the two named entities. The strength of relevance between an event term

and a named entity within an event is indicated as link (et ,nej) =1/n, when n is the

number of adjacent event terms between the same named entity (pair). The weight of
connection between an event term and a named entity in the event map is calculated as the

following equation. Figure 3.6 enlarges a sub-map of Figure 3.4 to show the weight of edges.

(et;,ne;) = > link (et;,ne;) (E2)

rsplit

Original:

The <Organization>Justice Department</Organization> and the 20 states
<VB>suing</VB> <Organization>Microsoft</Organization> believe that the tape will
<V B>strengthen</VB> their <HN>case</HN> because it shows
<Person>Gates</Person> saying he was not <VB>involved</VB> in plans to take what
the <HN>government</HN> alleges were illegal steps to <VB>stifle</VB>
<AN>competition</AN> in the Internet <HN>software</HN> <HN>market</HN>.
Events. 1. {sue]|Justice Department, Microsoft}

2. {dtrengthen | Microsoft, case}

3. {involve | Gates, government}

4,5, {difle, compete | government, software}

Figure 3.5 Eventsextracted from a sentence

recall
Bill Gates ) Metscape
Lirge
allianee

Figure 3.6 Weight of connections between event terms and named entities
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3.5.3 Inter-Event Relevance Weighting

One way to measure the term relevance is to make use of a general language knowledge
base, such as WordNet [ Fellbaum 1998]. WordNet::Similarity is a freely available software
package that makes it possible to measure the semantic relatedness between a pair of
concepts, or in our case event terms, based on WordNet [Pedersen et al. 2004]. It supports

three measures. The one we choose is the function lesk.
Moranes (€15 €8 ) = Similarity(et; ,et;) = lesk(et; , et;) (E3)
Alternatively, term relevance can be measured according to their distributions in the
sped fied documents. We believe that if two events are concerned with the same participants,
occur at same location, or at the same time, these two events are interrelated with each other

in some ways. This observation motivates usto derive event term relevance from the number

of name entities they share.

rDocurr\ern(eti’etj) :| NE(et|)m NE(et])l (E4)
NE(et; ) is the set of named entities which are associated with €t;. The symbol “| |’

indicates the number of the elements in the set. The relevance of named entities can be
derived in asimilar way.
Moocument (N6, N€;) = ET (n&) N ET(ne; ) | (ED)

The relevance derived with (E4) and (E5) are indirect relevance. In previous work, a
clustering algorithm, shown in Figure 3.7, has been proposed [Xu et a 2006] to merge the
named entities that refer to the same concept (such as Ranariddh, Prince Norodom Ranariddh
and President Prince Norodom Ranariddh). It is used for co-reference resolution and aims at
joining instances with same concept into a single node in the event map. The experimental
result suggests that merging named entities improves performance in some extent but not
evidently. When applying the same algorithm for clustering all four types of name entitiesin
our experiments, we observe that named entities in the same cluster do not always refer to

the same objects, even if they are indeed related in some way. For example, “Mississippi” is
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a state in United States, while “Mississippi River” is the second-longest river in the United

States and flows through “Mississippi”.

Stepl: Each name entity is represented by ng = wj wis... Wiy ,
where w; is the ith word in it. The cluster it belongs to,
indicated by C(ng) , isinitialed by wi;wi .. wjy itself.

Step2: For each name entity
ng = WiWip-. Wik

For each name entity nej =wjjwj,..wj , if C(ng) isa
sub-string of C(ne;) , then C(ne;) = C(ne;).

Continue Step 2 until no change occurs.

Figure 3.7 The algorithm proposed to merge the named entities

Location Person Date Organization
Mississippi Professor Sir first six months of Long Beach City
Richard Southwood last year Council
Sir Richard _ )
S San Jose City Council
Mississippi River Southwood last year
Richard Southwood City Council

Table 3.2 Some results of the named entity merged

It therefore provides a second way to measure named entity relevance based on the

clustersfound. It isactually akind of measure of lexical similarity.

1, ne,ne; areinthe same cluster

r(':Iuster (nei ' nej) = { (EG)

0, otherwise

In addition, the relevance of the named entities can be sometimes revealed by sentence

context. Take the following most frequently used sentence paterns asexamples:

<Person>, a-position-name of <Organization>, does something.
<Person> and another <Person> do something.

Considering that two neighboring name entities in a sentence are usualy relevant, the

following window-based rel evance isalso experimented with.



1, ne, ne arewithinapre - specifiedwindow size

r.pattern(ﬂe' nej) = { (E7)

0, otherwise

Besides the previous methods to evaluate the inter-event relationships, there is another
new point of view. The connection between two event terms (or two named entities) can be
regarded as two continuous links: from one event term (or one named entity) to a nhamed
entity (or an event term), and then from the named entity (the event term) to another event
term (or another named entity). Therefore the strength of the connection between the two
event terms (or two named entities) can be represented by the production of the strength of
the two links, i.e. two intra-event relationships. Based on this idea, the following two

equations are given.

Mg (€1, ,6L) = D roie (€1;,N€,) > g (neet)  (E8)

nexe NE (et )1 NE (et ;) ney € NE (et ) NE(et ;)

e (N€;, €)= \/ > Foix (N€;, €t,) x > o (et ne;) (E9)

et, €ET (ne )NET (ne;) et, ET (ne )NET (ne;)
3.5.4 I dentification of Concept |mportance

The significance score, i.e. the weight w(node ) of each node , is then estimated

recursively with PageRank ranking algorithm which assigns the significance score to each

node according to the number of nodes connecting to it as well as the strength of their

connections. The equation calculating W(node ) is shown asfollows.

Wnodg) w(node ) ., Wnode)
r(nodg,nodg) ~ r(nodg,node)  r(node,nodg)

w(node) = (1-d) +d(

) (E10)

In (E10), node; (j =1,2,...t, j # i) are the nodes linking tonode, . d is the factor used

to avoid the limitation of loop in the map structure. It is set to 0.85 experimentaly. It is
assumed that instances that belong to the same concept have a same weight score. The
significance of each sentence to be included in the summary is obtained from the
significance of the event instances it contains. The sentences with higher significance are

picked up into the summary as long as they are not exactly the same sentences. We are aware
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of the important roles of information fusion and sentence compression in summary
generation. However, the focus of this study is to extract the most important sentences and

conceptua extraction is the future direction.

3.6 Summarization on Different Granularities

The contents of documents can be expressed with units of different granularities, such as
event term / named entity, (event) and (sentence). To investigate the role of granularity, we
compare results of summarization approaches on different granularities. In our experiments,
we find that the performance of concept-based summarization is better than that of instance-
based summarization. Therefore, we start this investigation with concept-based
summarization. Concept-based summarization based on event term / named entity is
presented in Section 3.5. Summarization approaches with the granularities of event and
sentence are discussed in this section. In these two approaches, contents of documents are
represented by instances of events or sentences, but the links between instances of events or
sentences are measured by the strength of the links between concepts of event terms / named
entities which are contained in the instances of events or sentences. Document
representations with the granularities of event and sentence are shown in Figure 3.8 and
Figure 3.9 respectively. Figure 3.9 can be derived from Figure 3.8, if instances of events
which are contained in the same sentence are merged.

To construct the event map based on the granularity of event or sentence, events from
each sentence are extracted. This procedure is same as those employed in event-based
summarization approaches which are described in previous sections. Each event or each
sentence will be a node in the map. The relevance between every two events or every two
sentences is derived by sum all the weights of connections between event term and named
entities, or similarly by sum all the weights of connections between events.

To determine the strength of events, there are two choices. One is to use a simple cosine

similarity based on lexical event overlap and, the other is to use the strength of relations
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between event elements. In this study, we focus on events not words, thus the second
approach is more suitable to make use of event relevancy. As shown in Figure 3.8 and Figure
3.9, relations of events are measured by sum all the weights of connections between concepts
of event terms and named entities, or similarly relations of sentence by weights of

connections between events.

o Event1  Event2

P E\rErlt_Zx 3 FN Al
%’ R T T I I —

I

& \f s :'_r' /A

g Sentanced
[1:]
3
M Senlenced
Figure 3.8 Map based on event Figure 3.9 Map based on sentence

In summarization with the granularity of event, PageRank algorithm is employed to
assign weight for each event. Then the importance of each sentence is achieved by sum
weights of all instances of events contained in the sentence. In summarization with the

granularity of sentence, then importance of sentenceisidentified by PageRank directly.

3.7 Experiment and Evaluation

3.7.1 Dataset and Evaluation M ethods

To evauate the event based summarization approaches proposed, we conduct a set of
experi ments on DUC 2001 dataset. Document Understanding Conferences (DUC) is a series
of evaluation tasks on text summarization. They provide a public test benchmark for
summarization systems. It contains 30 clusters of documents and atotal of 308 English news
reports. The number of documents in each cluster is between 3 and 20. The contents of each
cluster are about certain news topic, such as the hurricane in Florida. An original document

in this data set is shown in Figure 3.10.
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<DOC>
<DOCNO>FT923-5835</DOCNO>
<PROFILE>_AN-CIBBCABPFT</PROFILE>
<DATE>920828
</DATE>
<HEADLINE>
FT 28 AUG 92/ UK Company News. GA says hurricane claims could reach 'up to
Dollars 40m'’
</HEADLINE>
<BYLINE>

By ROBERT PESTON
</BYLINE>
<TEXT>
GENERAL ACCIDENT, the leading British insurer, said yesterday that insurance
claims arising from Hurricane Andrew could 'cost it as much as Dollars 40m.'
Lord Airlie, the chairman who was addressing an extraordinary shareholders' meeting,
said: 'On the basis of emerging information, General Accident advise that the losses to
their US operations arising from Hurricane Andrew, which gruck Forida and
Louisiana, might in total reach the level at which external catastrophe reinsurance
covers would become exposed'.
What this means is that GA is able to pass on its losses to externa reinsurers once a
certain claims threshold has been br eached.
It believes this threshold may be breached in respect of Hurricane Andrew claims.
However, if this happens, it would suffer a post-tax loss of Dollars 40m (Pounds 20m).
Mr Nelson Robertson, GA's chief genera manager, explained later that the company
hasa 1/2 per cent share of the Florida market. It has a branch in Orlando.
The company's loss adjusters arein the area trying to estimate the | osses.
Their guessis that losses to be faced by al insurers may total more than Dollars 8bn.
Not all damaged property in the area is insured and there have been estimates that the
storm caused more than Dollars 20bn of damage.
However, other insurers have estimated that losses could be as low as Dollars 1bn in
total.
Mr Robertson said: 'No one knows at this time what the exact lossis.
</TEXT>
<PUB>The Financial Times
</PUB>
<PAGE>London Page 16
</PAGE>
</DOC>

Figure 3.10 A document in DUC 2001 data set
For each cluster, there are 3 different model summaries which contain same number of
words. These summaries are provided manually. Three model summaries with 200 words for
cluster do4 of DUC 2001 data set are shown in Figure 3.11 and Figure 3.12. These moddl
summaries are created by NIST assessors for the DUC task of generic summarization.
Manua summaries with 50 words, 100 words and 400 words are also provided. They are

shown in Figure 3.12 and Figure 3.13.
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Summary 1

Hurricane Andrew slammed across southern Florida and then continued into Louisiana
where damage was limited because the storm narrowly missed low-lying New
Orleans and the mgjor ail industry complexes along the coast and offshore.

In Florida, wind gusts up to 165 mph left a ten-mile wide swath of death and destruction
about 25 miles south of Miami.

Thetown of Homestead, including alocal air force base, was largely flattened.
Total storm damage may exceed $20 billion, most of it not insured.
US property -casualty insurers expect to pay an estimated $7.3 billion in Florida alone.

This year, counting $3.9 hillion for the LA riots and a series of tornadoes, plus Florida's
Hurricane losses, the industry total risesto $11.2 billion.

This far exceeds the record $7.6 hillion paid in 1989 for Hurricane Hugo and
Cdlifornia's Loma Prieta earthquake.

Because US property- casualty insurers recently have purchased less foreign reinsurance
for catastrophes, they alone will incur most of Andrew's losses.

Authorities believe they have adequate funds to cover the disaster.

After a poor initial response, President Bush seems finaly to be getting disaster aid to
those in need.

He has pledged to rebuild Homestead AFB and has sent the military to Florida.

Summary 2

Hurricane Andrew, the costliest natural disaster in US history, killed at least 17 people.
Southern Florida, in particular, Dade County was the scene of greatest damage.

Onein every eight homes was destroyed.

In Florida overall, 150,000 persons were left homeless, and a week after the storm,
275,000 homes and businesses were still without electricity.

Louisianawas aso severdly damaged by Andrew.

It was initially feared that the storm might hit New Orleans which, because it is below
sealevel would be especially vulnerable.

However, Andrew made landfall 60 miles to the west and most of the extensive damage
was to rural areas with the oil refining industry left mostly untouched.

US insurers expected Andrew claims could reach $8B.
Claims against British companies could reach $1B.

Total losses could be $15B with much of the damage to uninsured homes and
businesses.

On-site officials in Florida were critical of delays in getting food, drinking water, and
other needed supplies to the area.

Federal officials admitted problems and President Bush ordered troops to the area.

The Federal Emergency Management Agency, saddled with many political appointees,
had no plan to deal with the disaster.

President Bush made a second trip to Florida and promised to rebuild Homestead Air
Base.

Figure 3.11 Summaries with 200 words




Summary with 50 words

Damage in South Florida from Hurricane Andrew in August 1992 cost the insurance
industry about $8 billion making it the most costly disaster in the US up to that
time.

There were fifteen deaths and in Dade County alone 250,000 were left homeless.

Summary with 100 words

Hurricane Andrew which hit the Florida coast south of Miami in late August 1992 was
at the time the most expensive disaster in US history.

Andrew's damage in Florida cost the insurance industry about $8 billion.

There were fifteen deaths, severe property damage, 1.2 million homes were left without
electricity, and in Dade county alone 250,000 were |eft homeless.

Early efforts at relief were marked by wrangling between state and federa officials and
frustrating delays, but the White House soon stepped in, dispatching troops to the
area and committing the federal government to rebuilding and funding an effective
relief effort.

Summary with 200 words

In late August 1992 Hurricane Andrew hit the Florida coast south of Miami with winds
up to 165 mph, causing at least fifteen deaths, severe property damage and leaving
1.2 million homes without electricity.

In Dade County alone 250,000 were left homel ess.
The town of Homestead and its nearby air force base were leveled.

As the storm continued across the Gulf of Mexico it was feared that it might hit New
Orleans, but fortunately it made landfall in a relatively lightly populated area of
Louisianaand quickly lost force asit moved over land.

The Federal Emergency Management Agency which was charged with handling such
disasters had become a Republican patronage reserve and proved completely
incapable of doingitsjob.

After frustrating delays in providing any effective relief, two of President Bush's

assistants, Transportation Secretary Andrew Card and Chief of Staff James Baker,
stepped in to do the job.

The president dispatched troops to Florida and gave a nationwide television address
from the Oval Office promising to rebuild Homestead Air Force Base and
committing the government to paying relief costs.

The insurance costs of Andrew alone were about $8 billion making it the most
expensive disaster to have hit the US up to that time.

Figure 3.12 Summaries with 50, 100 and 200 words
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Summary with 400 words

In late August 1992 Hurricane Andrew moved from the Bahamas across southern
Florida and across the Gulf of Mexico into Louisiana.

As the hurricane hit the east coast of Florida south of Miami with winds gusting up to
165 mph, it ripped off roofs, smashed cars and trucks, snapped power lines, and
uprooted trees.

There were at least fifteen deaths, severe property damage, and 1.2 million homes were
left without electricity.

The storm destroyed the homes of one- eighth of the residents of Dade County leaving
approximately 250,000 homel ess.

The town of Homestead and its nearby Air Force Base were leveled.

As the storm continued across the Gulf of Mexico there was concern that it might hit
New Orleans.

New Orleans, with a population of 1.6 million, is particularly susceptible to flooding
sinceit lies below sealevel, isintersected by the Mississippi River and has a large
lake immediately to its north.

Officials in Louisiana, Mississippi, and Texas urged more than two million people to
evacuate coastal aress.

Fortunately the hurricane missed New Orleans and made landfall in a relatively lightly
populated area.

As it moved inland Andrew quickly lost force so that it was soon downgraded to
tropical storm with winds at less than 75 mph.

Local officials in Florida were critical of a delay in supplying food, drinking water and
other suppliesfor thousands of people in need.

The Federa Emergency Management Agency (FEMA) set up by President Carter in
1979 to handle disasters such as Andrew had become, under Republican
administrations, the ultimate patronage backwater, having ten times as many
political appointees asatypica agency.

FEMA was caught completely unprepared by Andrew.

There were unseemly disputes between state and federal authorities over who should do
what in bringing relief.

Finally two of the President's right-hand men, Transportation Secretary Andrew Card
and Chief of Staff James Baker, stepped in to do what FEMA should have done.

Bush ordered military forces to Florida to organize and run the relief effort and gave a
televised speech to the nation from the Oval Office promising to rebuild
Homestead Air Force Base and committing the government to paying the
emergency relief costs.

Estimates of the cost of Hurricane Andrew vary but the insurance costs alone came to
about $8 billion making it clearly the most expensive disaster ever to have hit the
US up to that time.

Figure 3.13 A summary with 400 words.
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In the following experiments, the DUC documents are segmented by a sentence
boundary identifier. An example of segmented documents is shown in Figure 3.14. Then
these segmented documents are tagged by GATE to recognize POS tags and four types of
name entities. An example of tagged documents with POS tags and named entities are shown
in Figure 3.15 and Figure 3.16 respectively. In our experiments different kinds of documents
are kept separately. On average, each cluster of documents contains 10.3 documents, 602
sentences, 216 event terms and 148.5 name entities.

To evauate the quality of the generated summaries, we choose an automatic summary
evaluation package ROUGE [Lin and Hovy 2003], which has been used in DUC. ROUGE
compares the machine generated summaries with manually provided summaries, based on
unigram overlap and bigram overlap. A summarization approach will receive three
evaluation scores from ROUGE: ROUGE-1 (unigram-based), ROUGE-2 (bigram-based),

and ROUGE-W (based on longest common subsequence weighed by the length).

GENERAL ACCIDENT, the leading British insurer, said yesterday that insurance claims
arising from Hurricane Andrew could 'cost it as much as Dallars 40m.’

Lord Airlie, the chairman who was addressing an extraordinary shareholders' meeting,
said: 'On the basis of emerging information, General Accident advise that the losses
to their US operations arising from Hurricane Andrew, which struck Florida and
Louisiana, might in total reach the level at which external catastrophe reinsurance
covers would become exposed'.

What this means is that GA is able to pass on its losses to external reinsurers once a
certain claims threshold has been breached.

It believes this threshold may be breached in respect of Hurricane Andrew claims.
However, if this happens, it would suffer a post-tax loss of Dollars 40m (Pounds 20m).

Mr Nelson Robertson, GA's chief genera manager, explained later that the company has a
1/2 per cent share of the Florida market.

It has a branch in Orlando.
The company's loss adjusters are in the areatrying to estimate the | osses.
Their guessis that losses to be faced by al insurers may total more than Dollars 8bn.

Not all damaged property in the area is insured and there have been estimates that the
storm caused more than Dollars 20bn of damage.

However, other insurers have estimated that 10sses could be aslow as Dollars 1bn in total.

Mr Robertson said: 'No one knows at this time what the exact loss is.

Figure 3.14 An example of documents with segmented sentences
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GENERAL/NNP ACCIDENT/NNP ,/, the/DT leading/VBG British/dJ insurer/NN /,
said/VBD yesterday/NN that/IN insurance/NN claims/NNS arising/VBG from/IN
Hurricane/NNP Andrew/NNP could/MD '/POS cost/VB it/PRP asRB much/RB
as/IN DollarsNNS 40m/RB ./. /"

Lord/NNP Airlie/NNP /, the/DT chairman/NN who/WP wasAUX addressing/VBG
an/DT extraordinary/JJ shareholders/NNS '/POS meeting/NN ,/, said/VBD :/: /"
On/IN the/DT basissNN of/IN emerging/VBG information/NN ,/, Genera/NNP
Accident/NNP advise/VBP that/IN the/DT losses/NNS to/TO their/PRP$ US/NNP
operations/NNS  arising/VBG  from/IN  Hurricane/NNP  Andrew/NNP  /,
which/WDT struck/VBD Florida/NNP and/CC Louisiana/lNNP ./, might/MD in/IN
total/NN reach/VB the/DT level/NN at/IN which/WDT external/JJ catastrophe/NN
reinsurance/NN covers’VBZ would/MD become/VVB exposed/VBN '/POS ./.

What/WP this/DT means/VBZ iAUX that/IN GA/NNP is/AUX able/JJ to/TO pass/VB
on/RP itdPRP$ lossesNNS to/TO externa/J) reinsurerSNNS once/IN a/DT
certain/JJ claims/NNS threshold/NN has/ AUX been/AUX breached/VBN /.

It/PRP believesVBZ thigDT threshold/NN may/MD be/AUX breached/VBN in/IN
respect/NN of/IN Hurricane/NNP Andrew/NNP claims/NNS ./.

However/RB /, if/IN thigDT happens/’VBZ ,/, it/PRP would/MD suffer/VB a/DT post-
tax/JJ losNN of/IN DollarssNNS 40m/NNS -LRB-/-LRB- Pounds/NNS
20m/NNS -RRB-/-RRB- /.

Mr/NNP Nelson/NNP Robertson/NNP ,/, GA/NNP 's/POS chief/J) general/Jd]
manager/NN ,/, explained/VBD later/RB that/IN the/DT company/NN has/AUX
a/DT 1/2/NN per/IN cent/NN share/NN of/IN the/DT Florida/NNP market/NN /.

[t/PRP has/AUX a/DT branch/NN in/IN Orlando/NNP /.

The/DT company/NN 's/POS loss/NN adjusters'NNS are/AUX in/IN the/DT arealNN
trying/VBG to/TO estimate/VB the/DT losses/NNS /.

Their/PRP$ guess/NN iAUX that/IN losses/NNS to/TO be/AUX faced/VBN by/IN
al/DT insurersyNNS may/MD total/VB more/JJR than/IN DollarsyNNS 8bn/NN /.

Not/RB al/PDT damaged/VBN property/NN in/IN the/DT area/NN igAUX
insured/VBN and/CC there/EX have/AUX been/AUX estimates/NNS that/WDT
the/DT storm/NN caused/VBD more/JIJR than/IN DollarsNNS 20bn/NN of/IN
damage/NN /.

However/RB ,/, other/dJ insurersyNNS have/AUX estimated/VBN that/IN losses/NNS
could/MD bel/AUX as/RB low/JJ as/IN DollarsyNNS 1bn/VBN in/IN total/NN ./.

Mr/NNP Robertson/NNP said/VBD :/: '/POS No/DT one/NN knows'VBZ at/IN thisDT
time/NN what/WP the/DT exact/JJ loss/NN igAUX '/POS ./.

Figure 3.15 An example of documents with POS tags
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GENERAL <Person>ACCIDENT</Person>, the leading British insurer, sad

<Date>yesterday</Date> that insurance claims arising from Hurricane
<Person>Andrew</Person> could 'cost it as much as Dollars 40m."'

<Person>Lord Airlie</Person>, the chairman who was addressing an extraordinary
shareholders meeting, said: 'On the basis of emerging information,
<Person>General Accident</Person> advise that the losses to ther
<L ocation>US</Location> operations arising from Hurricane
<Person>Andrew</Person>, which struck <Location>Florida</Location> and
<L ocation>Louisiana</Location>, might in total reach the level at which external
catastrophe reinsurance covers would become exposed'.

What this means is that GA is able to pass on its losses to external reinsurers once a
certain claims threshold has been breached.

It believes this threshold may be breached in respect of Hurricane
<Person>Andrew</Person> claims.

However, if this happens, it would suffer a post-tax loss of Dollars 40m (Pounds 20m).

<Person>Mr Nelson Robertson</Person>, GA's chief general manager, explained later

that the company has a 1/2 per cent share of the <L ocation>Florida</Location>
market.

It has a branch in <L ocation>Orlando</L ocation>.
The company's loss adjusters arein the area trying to estimate the | osses.
Their guessis that losses to be faced by al insurers may total more than Dollars 8bn.

Not all damaged property in the area is insured and there have been estimates that the
storm caused more than Dollars 20bn of damage.

However, other insurers have estimated that losses could be as low as Dollars 1bn in
total.

<Person>Mr Robertson</Person> said: 'No one knows at this time what the exact loss
is.

Figure 3.16 An example of documents with named entities

3.7.2 Experiments on I nstance-based Event Summarization

In the following experiments for independent event-based summarization, we investigate
the effectiveness of the approach. In addition, we attempt to test the importance of contextual
information in scoring event terms. The number and type of neighboring named entities are
considered to set the weights of event terms. The weight parameters in the following
experiments are chosen according to empirical estimations.

Exp_AllSame Weight of any named entity is 1. Weight of any verb/action noun, which

is baween two named entities or just beside one named entity, is 1.
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Exp_EntNum: Weight of any named entity is 1. Weight of any verb/action noun, which
is between two named entities, is 3. Weight of any verb/action noun, which isjust beside one
named entity, is 1.

Exp_EntType Weight of any named entity is 1. Weight of any verb/action noun, which
is between two named entities and the first named entity is person or organization, is 5.
Weight of any verb/action noun, which is between two named entities and the first named
entity is not person and not organization, is 3. Weight of any verb/action noun, which is just
after a person or organization, is 2. Weight of any verb/action noun, which is just before one
named entity, is 1. Weight of any verb/action noun, which isjust after one named entity and
the named entity is not person or organization, is 1.

In the following experiments, we investigate the effectiveness of our approaches under
different length limitations of summaries. Based on the algorithm of Exp EntType, we
design experiments to generate summaries with length 50 words, 100 words, 200 words, 400
words. They are named Exp_50, Experiment_100, Exp_200 and Exp_400.

In other experiments for relevant event-based summarization, we investigate the function
of relevance between events. The configurations are described as follows.

Exp_Rel: Event terms and named entities are identified by the method we described in
Section 3.3. In this experiment, frequent nouns are added to named entities. Occurrences of
event terms or named entities are linked with by exact matches. Finally, the PageRank is
employed to select important events and then important sentences are extracted.

Exp_Model: For reference, we select one of the three model summaries as the fina
summary for each cluster of documents. ROUGE is employed to eval uate the performance of
these manual summaries.

The experiment results on independent event-based summarization are shown in table 3.3.
The results for relevant event-based summarization are shown in table 3.5. From table 3.3,
we can see that results of Exp_EntNum are similar with that of Exp_AllSame. It can be seen

that importance of event terms is not very different when these event terms occur with
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different number of named entities. Results of Exp_EntType are not significantly better than
those of Exp_EntNum, so it seems that the importance of event terms is not very different
when these event terms occur with different types of event elements. Therefore from these
experiments, it can be seen that the number or type of named entities does not influence the

importance of event terms significantly.

Exp_AllSame Exp_EntNum Exp_EntType
ROUGE-1 0.315 0.316 0.318
ROUGE-2 0.049 0.051 0.054
ROUGE-W 0.110 0.110 0.111

Table 3.3 Evaluation results on independent instance-based summarization (summary

with 200 words)
Exp 50 Exp_100 Exp_200 Exp_400
ROUGE-1 0.182 0.243 0.318 0.386
ROUGE-2 0.019 0.031 0.055 0.080
ROUGE-W 0.091 0.108 0.124 0.135

Table 3.4 Evaluation results on independent event-based summarization (summary with
different length)

Four experiments of table 3.4 show that the performance of independent event based
summarization is getting better, when the length of summaries is increased. One possible
reason is that independent event based approach prefers sentences with more event terms and
named entities, therefore the preferred length of sentences is longer. While in a short
summary, people aways condense sentences from original documents, and use some new
words to substitute original concepts in documents. Then the ROUGE score, which eval uates
word overlap, is not good in the event-based approach. In contrast, if the length of
summaries is increased, people will adopt detail event descriptionsin original documents, so
the performance of summarization isimproved.

In table 3.5 it can be seen that the ROUGE scores of relevant event-based
summarization (Exp_Rel) are better than those of independent approach (Exp_AllSame). In

Exp_AllSame, the weights of event element and named entities are not discriminated. In
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Exp_Rel, the weights of event element and named entities are not discriminated. It is fair to
compare Exp_Rel with Exp AllSame, while it's unfair to compare Exp_Rel with
Exp_EntType. It looks like the relevance between nodes (event terms or named entities) help
to improve the performance. However, performance of both dependent and independent

event-based summarization need to be improved further, compared with that of Exp_Modédl.

Exp_Re Exp_Model
ROUGE-1 0.334 0.595
ROUGE-2 0.061 0.394
ROUGE-W 0.129 0.268

Table 3.5 Evaluation results on relevant event-based summarization and a reference
experiment (summary with 200 words)

To remove redundancy, same sentences which are al important can not be included in
summaries. Cosine similarity score is employed to evaluate every two important sentences.
If the cosine similarity is above a predefined threshold, the similar sentence will not be
included. However, it is found that this cosine similarity can not improve the summarization

performance. Therefore, we just remove same sentences in following experiments.

3.7.3 Experiments on Concept-based Event Summarization

We first evaluate the summaries generated based on R(ET, NE) itself. It means inter-

event relationships are not considered. Here R(ET, NE) is established by counting how
many times ef; and ne; are associated (see E1). In the pre-evaluation experiments, it is

observed that some high frequency nouns, such as “doctors’ and “hospitals’, by themselves
are not marked by general NE taggers. However, they redlly refer to persons, organizations
or locations. We compare the ROUGE scores of adding frequent nouns or not to the set of
named entities in Table 3.6. A noun is considered as a frequent noun when its frequency is

larger than 10. Roughly 5% improvement is achieved when high frequent nouns are taken
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into the consideration. It supports our decision to regard high frequent nouns as entities and

employ them in the following experiments.

R(ET,NE) NE Without High NE With High
Frequency Nouns Frequency Nouns
ROUGE-1 0.333 0.349
ROUGE-2 0.063 0.072
ROUGE-W 0.130 0.135

Table 3.6 ROUGE scores using R(ET, NE)

Different inter-event relationships are verified in the following experiments. If thereisno
extra specification, intra-event relationships which are evaluated by (E1) are incorporated
into event map. Table 3.7 below then presents the summarization results by

using R(ET, ET) . It compares two relevance derivation approaches, R, q« @d R

Document -
The topic-specific relevance derived from the documents to be summarized outperforms the
general purpose Word-Net relevance by about 4%. This result is reasonable as WordNet may
introduce the word rel atedness which is hot necessary in the topic-specific documents. When
we examine the relevance matrix from the event term pairs with the highest relevance, we
find that the pairs, like “abort” and “confirm”, “vote” and confirm”, do reflect semantics

(antonymous) and associated (causal) relations to some degree.

R(ET,ET) Semantic Relevance from |Topic-Specific Relevance
Word-Net from Documents
ROUGE-1 0.329 0.342
ROUGE-2 0.057 0.069
ROUGE-W 0.120 0.133

Table 3.7 ROUGE scores using R(ET, ET)

R(NE, NE) |Relevancefrom| Relevancefrom Relevance from
Documents Clustering  |Window-based Context
ROUGE-1 0.352 0.336 0.345
ROUGE-2 0.071 0.073 0.075
ROUGE-W 0.136 0.131 0.135

Table 3.8 ROUGE scores using R(NE, NE)
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Surprisingly, the best individua result is from document distributional similarity
Rooeume (NE, NE) in Table 3.8, Looking more closely, it can be seen that compared to

event terms, named entities are more representative to the documents in which they are
included. In other words, event terms are more likely to be distributed around all the
document sets, whereas named entities are more topic-specific and more likely cluster in a
particular document set. Examples of high related named entities in relevance matrix are
“Andrew” and “Forida’, “Louisiana’ and “Florida’. Although their relevance is not as
explicit as the same of event terms (their relevance is more contextua than semantic), we
can ill deduce that some events may happen in both Louisiana and Florida, or about

Andrew in Florida. In addition, it also shows that the relevance we would have expected to

be derived from patterns and clustering can aso be discovered by Ry, e (NE, NE) . The
window size is set to 3.8 experimentally in window-based practice.
R(NE, NE) 50 100 | 200 | 400
ROUGE-1 0.224 | 0.286 | 0.352 | 0.416
ROUGE-2 0.034 | 0.055 | 0.071 | 0.103
ROUGE-W 0.102 | 0.116 | 0.136 | 0.139
R(ET,NE) 50 | 100 | 200 | 400
ROUGE-1 0.222 | 0.279 | 0.349 | 0.416
ROUGE-2 0.033 | 0.051 | 0.072 | 0.104
ROUGE-W 0.102 | 0.115 | 0.135 | 0.139
R(ET,ET) 50 100 200 400
ROUGE-1 0.206 | 0.269 | 0.342 | 0.412
ROUGE-2 0.023 | 0.046 | 0.069 | 0.103
ROUGE-W 0.092 | 0.111 | 0.133 | 0.137
R(ET,NE) +R(ET,ET) + RINE,NE) | 50 100 | 200 | 400
ROUGE-1 0.213 | 0.279 | 0.346 | 0.417
ROUGE-2 0.031 | 0.051 | 0.071 | 0.106
ROUGE-W 0.095 | 0.114 | 0.134 | 0.139

Table 3.9 ROUGE scores using complete R matrix and with different summary length
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Next, we evaluate the integration of R(ET, NE), R(ET,ET) and R(NE,NE) (see
Table 3.9). As DUC 2001 provides 4 different summary sizes for evaluation, it satisfies our
desire to test the senshility of the proposed event-based summarization techniques to the
length of summaries. While the previously presented results are evaluated on 200 word
summaries, now the results in four different sizes, i.e. 50, 100, 200 and 400 words are
evaluated. The experimental results show that the event-based approaches indeed prefer
longer summaries. This is coincident with what we have hypothesized. For this set of
experiments, we choose to integrate the best method from each individual evaluation
presented previoudly. It gopears that using the named entity relevance which is derived from
the event terms gives the best ROUGE scores in dmost all the summery sizes. Compared
with the results provided in [Filatova and Hatzivassiloglou 2004] whose average ROUGE-1
score is below 0.3 on the same data set, the significant improvement is revealed.

As discussed in Section 3.5, the named entities in the same cluster may often be relevant
but not always be co-referred. In the following set of experiments (Table 3.10), we evaluate
different two ways to use the clustering results. One is to consider them as related as if they

are in the same cluster and derive R(NE, NE) with (E6). The other is to merge the entities
in one cluster as one reprehensive named entity and then use it in R(ET, NE) with (E1).

The rationality of the former goproach is validated.

' Clustering is used to derive | Clustering is used to merge entities
NE-NE and then to derive ET-NE
ROUGE-1 0.341 0.330
ROUGE-2 0.067 0.062
ROUGE-W 0.132 0.128

Table 3.10 ROUGE scores with regard to how to use the clustering information

In the last set of experiments on relevant concept-based summarization, we consider the
linguistic structure of sentences. The connection between two event terms (or two named
entities) can be regarded as two continuous links: from one event term (or one named entity)

to a named entity (or an event term), and then from the named entity (the event term) to
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another event term (or another named entity). Therefore the strength of the connection
between the two event terms (or two named entities) can be represented by the production of

the strength of the two links.
The strength of intra-event relationships R(ET, NE) is evaluated by (E2), while the
strength of inter-event relationships R(ET, ET) and R(NE, NE) is evaluated by (E8) and

(E9). The results are shown in Table 3.11. For comparison, the performance of the previous

relevant concept-based summarization in Table 3.9, i.e. R(ET,NE) + R(ET, ET) +

R(NE, NE) (200 words), is listed here. As shown in Table 3.11, a slight improvement is

achieved by the new splitting approach.

Co-occurrence Indirect relevance
ROUGE-1 0.346 0.353
ROUGE-2 0.071 0.072
ROUGE-W 0.134 0.129

Table 3.11 ROUGE scores using different methods to weight relationsin event map

3.7.4 Experiments on Event Summarization with Different Granularities

As discussed in Section 3.6, document map can be constructed by choosing different
kinds of nodes. Table 3.12 shows the results of summarization approaches on different
granularities. The advantage of representing with separated event terms and named entities
over simply combining them into event or sentence node is to provide a convenient and
effective way for analyzing the relevance between conceptual information. At the same time,

the map on event or sentence level helps people to observe and investigate documents more

conveniently.
Granularity ET/NE Event Sentence
ROUGE-1 0.352 0.333 0.340
ROUGE-2 0.071 0.059 0.066
ROUGE-W 0.136 0.121 0.124

Table 3.12 ROUGE scores according to event maps based on different granularities
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3.8 Discussion

Event-based approaches are also employed in previous works. We evaluate our work in
this context. As event-based approaches in this paper are similar with that of Filatovia and
Hatzivassiloglou [2004], and the evaluation data set is the same one, our results are

compared with theirs.
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Figure 3.18 Results of our relevant instance-based summarization
Filatovia and Hatzivassiloglou [2004] report the ROUGE scores according to each

cluster of DUC 2001 data collection in Figure 3.17. In this figure, the line represents their
event-based approach. The evaluation of our relevant instance-based summarization
approach presented in Section 3.4 is shown in Figure 3.18. The proposed approach achieves
significant improvement on most document clusters. The reason seems that the relevance
between events has been exploited.

Centroid-based summarization is one of successful term-based summarization

approaches. It is a widely used and very challenging baseline in the text summarization
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community. MEAD [Radev et.al. 2004] is employed to generate Centroid-based summaries.
The ROUGE scores of Centroid-based summarization and those of relevant concept-based
event summarization (Table 3.11 “indirect relevance”) are compared. The scoresare reported
for each cluster of documents (Figure 3.19). Findly, for 18 clusters (60%) out of the 30
clusters of documents, the summary created according to document graph (i.e., event map)
with frequent nouns counted in receives higher ROUGE score than according to Centroid-
based approach. By taking high frequency nouns into the consideration, great improvement
is achieved in 20 clusters (66.7%) and 5% increase of ROUGE score is gained on average.
The advantage of graph-based approaches over Centroid-based one is that they indicate
redundant information by link weight and prevent rare words with high idf scoreswhich are

unrelated to the topic.
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3.9 Chapter Summary

In this study, we propose to integrate event-based approaches to extractive
summarization. An event-based scheme is employed to represent document and identify
important contents. The independent instance-based summarization identifies important
contents according to event frequency. We also investigate the discrimination of event terms
in different context. Experiments show that it is not very helpful to improve the final

performance. Therefore we do not consider the influence of number and types of named
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entities on the importance of event terms in the following study. Then we explore
summarization under different length limitation. It can be seen that our independent instance-
based summarization acts well with longer summaries. In the relevant instance-based
summarization approach, events are linked together by same or similar event terms and
named entities. Experiments show that the relevance between events can improve the
performance of summarization. Compared with those of close related work, our approaches
achieve encouraging improvement.

In relevant concept-based summarization, both inter-event and intra-event relevance are
investigated. PageRank algorithm is used to evaluate the significance of each concept
(including both event terms and named entities). The sentences containing more concepts
and highest significance scores are chosen in the summary as long as they are not the same
sentences. To derive event relevance, we consider the associations at the syntactic, semantic
and contextual levels. An important finding on the DUC 2001 data set is that making use of
named entity relevance derived from the event terms that they associate with achieves the
best result. The ROUGE-1 score 0.352 significantly outperforms the one reported in the
closely related work whose average is below 0.3.

We are interested in the issue of how to improve event representation in order to build a
more powerful event-based summarization approach. This would be one of our future
directions. We aso want to see how concepts rather than sentences are selected into the
summaries in order to develop a more flexible compression technique and to know what
characteristics of a document cluster is appropriate for applying event-based summarization

techniques.
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Chapter 4

Temporal Expression Extraction and

Nor malization

4.1 Chapter Overview

Temporal information processing is valuable in many NLP applications, such as text
summarization, information extraction, machine trandation and question answering. In this
study, i.e. temporal-oriented event-based summarization, temporal information is crucia to
anchor events on the time line. However, a wide scope of linguistic means, from lexical to
syntactic phenomena, can represent this information. It is hard to catch the internal temporal
meanings which are behind surface texts with various forms. Furthermore, same text
combined with different context may indicate different interpretations, either temporal or
non-temporal.

Temporal expressions convey crucial temporal information for anchoring events. In this
study, temporal expressions are defined as chunks of text which convey the knowledge about
time point or duration. A time point refers to a region which can be anchored on the time line.
Normally, the length of the region is just a certain tempora unit, such as century, day or
minute. “July 15, 1999”, “Thursday”, “yesterday”, “1960s’, “Ten minutes to 3", “twelve
o' clock January 3, 1984” and “11:59 p.m.” are all time points. Duration indicates a period of
time, i.e. how long something lasts, such as “two hours’ and “the past four years'. If the
period can be anchored on the time line, normally it can not be represented by the

combination of an ordinal number and atemporal unit.
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TIMEX2 annotating guidelines [Ferro et al. 2004; Gerber et a. 2004] give detall
descriptions about temporal expressions. According to the guidelines, tempora expressions
include date, time, duration, frequency, event-anchored expressions, and so on. To retrieve
the useful temporal information contained in these temporal expressions, we need to identify
the extents of temporal expressions in raw text and then represent temporal attributes of the
expressions according to the standard. For example, “July 15, 1999” and “1960s’ should be
represented by “<TIMEX2 VAL="1999-07-15">" and “<TIMEX2 VAL="“196">". The two
tasks are called temporal extraction and temporal normalization, respectively.

A variety of efforts have been devoted to temporal information processing, such as 2001
Annual Mesting of the Association for Computational Linguistics (ACL) workshop on
temporal and spatial information processing and 2002 International Conference on Language
Resources and Evaluation (LREC). Some temporal parsers have been developed to extract
normalize tempora expressions, but the performance can be improved further or the cover
scope of tempora expressions can be extended. It motivates us to develop an approach
which can automatically identify various tempora expressions with high precision.

As the temporal processing model will be integrated with the summarization systems on
English and Chinese texts, the two languages are under consideration in this chapter. The
temporal expression extraction and normalization techniques on the two languages are
similar, even if some difference exists, such as the problem of word segmentation in Chinese.
We implement the temporal expression extraction and normalization approaches on Chinese
texts first [Wu et al. 2005b]. Then we tune these approaches on English documents later.
Two full systems according to TIMEX2 guidelines, ETEMP and CTEMP, have been
implemented on English and Chinese documents respectively. Each of them consists of two
modules: extractor and normalizer.

Although machine-learning based approach can be used for temporal expression
extraction, they are not suitable for the task normalization [Wu et al. 2005a; Wu et a. 2006].

Effective features are difficult to achieve for the mapping from temporal expressions to
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values of attributes. Rule based approach is a conventional approach for both extraction and
normalization. As the scope of the problem to identify and normalize temporal expressionsis
rather limited, a deliberate rule set is competent. When we implement our two systems for
English and Chinesetexts, they are tuned on corresponding data set respectively.

To design the rules for extraction and normalization, we study basic temporal objects and
relations, the measurement of time and the classification of temporal expressions. A chart
parser is employed to recognize temporal expressions based on these rules. When the
temporal expressions are recognized, their temporal attributes are interpreted instantly, i.e.
fill values for corresponding temporal attributes. Experiments show that our rule-based
approach achieves promising results no matter on English or Chinese texts. The performance
of English Temporal system (ETEMP) is medium among those of other English systems
when evaluated by TERN 2004 [TERN 2004]. Chinese Temporal (CTEMP) has been
evaluated by TERN 2004, ACE 2005 and ACE 2007. The performance is ranked first in
these evaluation tasks.

Chapter 4 is organized as follows. Section 4.2 presents English temporal expression
extraction and normalization, while Section 4.3 presents Chinese temporal expression
extraction and normalization. In each of the two sections, temporal expression classification,
grammar rules, constraint rules, and normalization procedure are described in detail. Section
4.4 presents experimental configuration and evaluation results on English and Chinese.

Finally, Section 4.5 summarizes this chapter.

4.2 English Temporal Expression Processing

4.2.1 English Temporal Expression Classification

According to our observation on news documents and the guideline of TERN 2004,

temporal expressions can be classified into different classes (Figure 4.1.). Although these

66



temporal expressions are from news documents, they cover most common representations in

English documents.

| | | | | |

‘ Duration ‘ ‘Frequency ‘ ‘ Date ‘ ‘ Time ‘ ‘ Pos Date ‘ ‘Event_Anc‘

|

Figure 4.1 The classification of English temporal expressions

4.21.1Time

These expressions are used to express a time value in some day, such as “15:30” and
“half past three”. If they are used together with date expressions, we can anchor the time
value on the time line. There are three constraints in this procedure. Temporal expressions of
the kind “Time" should lie behind the “Date” expression. The minimal unit level in “Date”
expressions should be “day”. The maximal unit level in“Time” expression should be*hour”.

Typical temporal expressions of the kind “Time” are listed asfollows.

18:47:10.19 5:10 AM EST
1:46:44.47 1123EDT
4:30 p.m 0925EDT
0417 GMT 0611EST
12:30 am. EDT 18:13GMT

Table 4.1 Examples of “Time”

4.2.1.2 Date

A date expression is used to express certain date on the time line. There are two kinds of

date expressions: temporal words, and composite expressions. Some words or phrases

67



present a time concept, such as “past”, and “now”. These temporal words do not mean
specific year, month, week or day, but refer to common temporal concepts on the time line.
We record the words and their corresponding meanings in dictionaries, therefore the system
can recoghize them normally.

Temporal expressions of the kind “Composite” consist of certain kinds of components,
such as year, month, day, weekday, direction (ago, later), etc. They can be divided into two
types: precise expressions (1SO temporal expressions and NON-I1SO temporal expressions)
and calculated expressions. SO format expressions are subset of the expressions defined by
ISO 8601 standard, using a sequence of numbers to denote a date. Non-ISO expressions
consist of numbers and temporal units and they are be combined according to certain
patterns. For example, “1998-07-05" is an 1SO expression, while “April 28, 1999" and
“Monday, October 19" are Non-1SO basic expressions.

Sometimes people use an indirect temporal representation to denote a date, such as “the
day before yesterday”, “after two years’ and “in the year 1999". These expressions are
named calcul ated date expression and they all have three basic elements: a reference time, a
direction and an offset. There are three kinds of time directions, going backward, going
forward and standing. From the reference time, aong with the direction and move the offset
then we can get the value of a calculated expression. Typical expressions of the kind “Date”

arelisted asfollows.

May 16, 1996 Thursday March 28
now the 1960s
January 10 the day before yesterday
April 1968 '30s
January 24, 2000, Monday 11 Dec 1998

Table 4.2 Examples of “Date”

4.2.1.3 Duration

A duration expression indicates how long a period is. Most of duration expressions are

the combinations of numbers and temporal units, some of them can’t be anchored on the
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time line, such as example, “two months”, and “three years’. Other duration expressions can
be anchored on the time line. Normally they consist of a reference time, a direction and the
lasting time, such as “the next two years’ and “the past two weeks’. In Chinese some
duration expressions and some date expressions are all the combinations of numbers and
time units, disambiguation should be considered according to the context. However, In
English date expressions and duration expressions normally have different representations,
either by different words or different patterns. Typical expressions of the kind “Duration” in

English arelisted asfollows.

aweek 20 minutes

72 hours two weeks
50 years the next two years
16 months the past two weeks
three months more than 40 years

Table 4.3 Examples of “Duration”

4.21.4Pos_Date

People always append a generd description to denote a position in alarger scope, if they
do not know the exact number at an inferior time level, such as “the spring of last year”,
“morning, 9 May”, “next afternoon”. These expressions include date expressions and
imprecise appendixes. The appendixes can be appended only once in the expression. In
addition, the granular level of the appendixes should be given according to the minimal
granularities of the temporal expressions. For example, “spring’ follows “year” and
“morning” follows “day”. According to different date unit levels, we can classify them into

two groups: position of year and position of day. They are shown in Table 4.4.

morning tomorrow morning
spring yesterday afternoon
afternoon Friday morning
this summer next afternoon
night Monday morning

Table 4.4 Examples of “Position of Date”
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4.2.1.5 Frequency

These expressions consist of duration expressions and frequency indicators, such as
“every”, “each” and “per”. They are used to measure the fixed time intervals between two

repeating events, such as*every year”, “every two days” and “per week”.

4.2.1.6 Event-anchored

Event-anchored expressions are about the time of events, such as “when he was
speaking”, “two days before the time he was born’. These expressions may consist of the
description of events and time indicators, such as “when”. Event-anchored expressions can
be anchored on the time line by reference times, the directions of offsets and the values of
offset. The difference between event-anchored expressions and calculated expressionsis that
the reference time of event-anchor expressions are the times of events, not values of date

eXpressions.

4.2.2 English Temporal Expression Extraction

The extraction task isto identify the extents of temporal expressions in the surface texts.
Given a document, chunks of text which are temporal expressions should be marked out. A
document with tagged tempora expressions is shown in Figure 4.2. A set of context free
grammar rules is designed to describe the forms of all kinds of tempora expressions and a
bottom-up chart parser is built to parse the temporal expressions. We have discussed types of
temporal expressions in Section 4.2.1. Different grammar rules are designed for different
types of expressions. To recognize basic components of temporal expressions, multiple
dictionaries are built. Constraint rules are designed to distinguish temporal from non-
temporal expressions according to the context and they will be applied before corresponding
grammar rules are conducted. As the char parser keep each possible sequence of words,
including nested and adjacent temporal expressions, combination rules are designed to

combine the temporal expressions extracted by grammar and constraint rules. The final result
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is the longest tempora expression. The dictionaries, grammar rules, constraint rules and
combination rules are described in Section 4.2.2.1, Section 4.2.2.2, Section 4.2.2.3 and

Section 4.2.2.4 respectively.

<DOC>

<DOCNO> CNN20001025.1400.0281 </DOCNO>

<DOCTYPE> NEWS STORY </DOCTY PE>
<DATE_TIME><TIMEX2>10/25/2000 14:04:41.42</TIMEX2>
</DATE_TIME>

<BODY>

<TEXT>

Russian and Norwegian divers have succeeded in cutting a hole in the
sunken submarine "kursk." it took the divers <TIMEX2>five
days</TIMEX2> to cut through the 16-inch hull. So far three bodies have
been found. The nuclear-powered sub sank on
<TIMEX2>August</TIMEX2> killing 118 Russia sailors. Experts say the
recovery may be long, risky and expensive. At least six more holes will
have to be cut into the sub to allow access to each seal ed-off compartment.
Russian officials blame a collision with another sub and promised to have
proof within <TIMEX2>the next two months</TIMEX2>.

</TEXT>

</BODY>

<END_TIME>

<TIMEX2>10/25/2000 14:05:14.02</TIMEX2>

</END_TIME>

</DOC>

Figure 4.2 Temporal expressions marked in an English document

4.2 2.1 Dictionaries

Dictionaries are designed to identify basic components in temporal expressions, such as
month, weekday, direction and temporal unit. Each possible sequence of wordsin a sentence
will be checked, if it match a word or phrase in certain dictionary, then the corresponding
component is identified. For example, given the sentence “It took the divers five days to cut
through the 16-inch hull”, the components “number” (five) and “temporal unit” (days) are
recognized. Thirty four dictionaries are designed in our system. One dictionary “Month” is
shown as follows. All possible words which represent meanings about “month” are recorded
in this dictionary, such as “January” and “July”. It can be seen that there are multiple

different representations for the same month. For example, “ January”, “Jan.” and “JAN”" al
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refer to the first month of a year. The procedure to build dictionaries is rather time

consuming.
Entry Month Entry Month
January 1 July 7
Jan 1 Jul 7
Jan. 1 Jul. 7
JAN 1 JUL 7
JAN. 1 JUL. 7

Table 4.5 The dictionary “Month”

4.2.2.2 Grammar Rules

A set of grammar rules is designed for each kind of temporal expressions. In order to
cover more temporal expressions, the rules are rather loose. It is unavoidable to extract
pseudo temporal expressions along with true temporal expressions. This problem will be
addressed in Section 4.2.2.3. The grammar rules to recognize a kind of “Date” expressions

are shownin Table 4.6.

No.1. Exp -> Date

No.2. Date -> Composite

No.3. Composite -> Precise

No.4. Precise -> Non_ISO_Format
No.5. Non_ISO_Format -> Num_Base
No.6. Num_Base -> Numeral +

Table 4.6 Examples of English grammar rules
Given atemporal expression “2007", first grammar rule No. 6in Table 4.6 is applied and
the text “2007” is recognize as the “Num_Base”, as “2007” is a sequence of numerals. Then
grammar rule No. 5, No.4, No.3, No.2 and No.1 in Table 4.6 are applied sequentialy. Finaly,
“2007” is identified as a temporal expression. One grammar rule is enough to identify this
expression, e.g. “Exp -> Numeral +", but there are kinds of tempora expressions and we

have to organize them in a tree style scheme. The component “Date’, “Composite”,
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“Precise”, “Non_ISO_Format” are kinds of temporal expressions and “Num_Base” isakind

of number.

4.2.2.3 Constraint Rules

Complexity and variety are pervasive in natural languages. Even when the domain is
narrowed down to a particular field, like the temporal processing, the grammar rules till
can't guarantee to match only with those true tempora expressions. Pseudo expressions are
those who match the grammar rules but are non-tempora in nature. Constraint rules are
designed to distinguish temporal from non-temporal expressions according to the context.
These constraint rules are developed manually.

The constraint rule is triggered when the right part of the corresponding grammar ruleis
matched. A grammar rule can be applied if and only if the associated constraint rule is
satisfied. Examples of the congraint rules are given in Table 4.7. The following two

examples then illustrate the constraint checking procedure step by step.

Grammar rule5: Non_ISO_Format -> Num_Base
Constraint rule 5: IF the value of “Num_Base" is between 1800 and 2100,
THEN the constituent “Num_Base” can be regard as

Non_ISO_Format -- akind of temporal expressions.

Table 4.7 Examples of English constraint rules

(1) The distance between the two citiesis 1287 kilometers long.
Step 1. Recognize numbers.
[/Numeral][2/Numerd][8/Numera][7/Numeral]
Step 2. Apply the grammar rule No.6.
[1287/Num_Base]
Step 3. Check constraint rule No.5.

Fail and then terminate parsing.
(2) This news agency reported the event at 1996.

Step 1. Recognize numbers.
[/Numeral][9/Numeral][ 9Numeral] [6/Numeral ]
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Step 2. Apply the grammar rule No.6.
[1996/Num_Base]
Step 3. Check constraint rule No.5.
Pass.
Step 4. Apply grammar rule No.5.
[1996/Non_ISO_Format]
Step 5. Apply grammar rule No.4.
[1996/Precise]
Step 6. Apply grammar rule No.3.
[1996/Composite]
Step 7. Apply grammar rule No.2.
[1996/Date]
Step 8. Apply grammar rule No.1.
Recognize the temporal expression successfully.
In the first example the numeral sequence “1287" is not a temporal expression.

However, the sequence “1996” can be recognized as a year, as in the second example. The

constraint rule 5 is thus necessary for filtering out the pseudo expression “1287" in example

(2).

4.2.2.4 Combination Rules

Since all possible word sequences in a sentence are examined, multiple nested,
overlapped and adjacent temporal expressions will be recognized. Maybe they are parts of
the complete temporal expressions. Combination rules are applied to integrate the temporal
expressions extracted by grammar and constraint rules. The combination procedure is
demonstrated by the following two examples.

(3) This news was published at April 28, 1999.
First recognized tempora expressions are [April], [April 28], [1999] and [April 28,
1999]. After the combination, the correct answer [April 28, 1999] will appear.

(4) The basketball game will start at February 10, Thursday.
First recognized expressions are [February], [February 10], [Thursday] and [February 10,
Thursday]. Thefina result is [ February 10, Thursday].
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4.2.2.5 Temporal/Non-Temporal Disambiguation

Some word sequences are temporal expressions in given contexts, but not in other
contexts. The context must be taken into account in order to facilitate the temporal/non-
temporal disambiguation. Some constraint rules are designed for disambiguation purpose.

Three kinds of ambiguities have been founded. The first kind is caused by numbers, asin

the example (5). In this case, the expression “15: 10" contains temporal information, but it

may be the score of a game in sport news. The second kind is caused by certain English
words, such as “former”. In example (6), it means “occurring earlier in time”. But it means
“infront of” in the context of “coming beforein order”.

(5) Thistrain will arrive at the terminal at 15:10.
(6) Ydtsin, the former Russia president, and other officials wrote the sentences for human
peace.

Ambiguities come forth when more than oneinterpretation is applied to the same phrase
or word. To discriminate these expressions, heuristics are designed in the corresponding

constraint rules.

4.2.3 English Temporal Expression Normalization

Attributes Functions
VAL Contains the value of atime or duration
MOD Captures temporal modifications

SET Designates frequency expressions

ANCHOR_VAL | Contains anormalized form of the reference time
ANCHOR DIR | Capture the relative direction/orientation between VAL
and ANCHOR_VAL

NON_SPECIFIC | Designates a generic, essentidly non-referential

expression

Table 4.8 Tempora attributes

The TERN 2004 evaluation is a public evaluation on extraction and normalization of

temporal expressions. To evaluate our algorithms in a rea task, we express temporal
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information according to the guidelines of TERN 2004 evaluation. Any temporal expression
is normalized as a possible combination of the six attributes in Table 4.8. Given the temporal
expression “next afternoon”, the normalized result should be VAL =*2000-10-07TAF" and
the other attributes are left blank. Here “2000-10-07" is the date of “tomorrow”. As we have
discussed in previous sections different kinds of temporal expressions have different

normalization results. They are detailed in the following sections.

4.2.3.1 Temporal Object I nvolved

Rule based normalization is based on the parsing results which have been obtained
during extraction. Normalization can be regarded as a mapping procedure that interprets the
temporal expressions with the temporal attributes. It attempts to “understand” the “tempora
meanings’. First of al, we introduce temporal objects and measurement which are necessary

in the normalization procedure.

Macro Units
Century
Micro Units
Hour

Year [1..24]
Quarter Month Week Minute
[1..4] [1..12] [1..53] [1...60]
Day Second
[1...3]] [1...60]

Figure 4.3 The scheme of temporal units
In the field of time, the basic objects are time and durations. Time is represented by
points or intervals on the time line. Given the origin and a measurement, it can be evaluated
with a natural number. If there is no extra specification, the calendar is the Gregorian.

Duration is the distance between two times. One can anchor duration by its starting time and

76



end time, or by one of them and the Iength of the duration. However, when duration refers to
length, it can’'t be anchored on the time line. The temporal relations between two objects,
such as “before”, “same”, “include’ and “after”, are the intrinsic concepts behind surface
texts. They should be discovered in the normalization as well.

To represent lengths on the time line, the measurement is needed. The temporal units are
either macro or micro units, which are shown in Figure 4.3. To represent atime, the scope of
the numbers which can be combined with the temporal unitsislimited. “ Century” and “year”
are two specia time units, because only these two time units can anchor a time concept on
the time line. Without clues in contexts, other time units can't anchor atime concept on the

time line individually.

4.2 3.2 Rule-Based Normalization

The chart parser keeps al applied grammar rules and recognized intermediate
constituents during extraction. Temporal semantics of the extracted expressions can be
obtained by examining these rules. Some basic objects, such as “number”, “unit”, “time” and
“duration”, are employed to store temporal information. The procedure of normalizationisto
create or update these objects. This procedure can be regarded as mapping temporal
expressions to the six attributes. Different mapping procedures are applied to different kinds
of temporal expressions. A general descriptionis shown in Figure 4.4.

“MOD” attributeis set to “YES’ if the expressions are modified by “about” and “before”,
etc. Any kind of temporal expressions may have this attribute. “ Frequency” expressions can
be explained as set of times, such as “each year” and “per week”, or set of durations, such as
“every two years’. For the temporal expression “every two years’, the attributes should be
assigned as “VAL = 2Y, SET = YES'. “ANCHOR_VAL" and “ANCHOR_DIR” refer to
reference times. We pick up the publication time of a news article as the default reference
time.

Event-anchored temporal expressions are relevant with some specific events, such as

“When visiting U.N. headquarters in New Y ork” and “when talking with U.S. congressmen”.
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The human annotating results about event-anchored expressions are irregular. Some
expressions are annotated as blank, while others are annotated as the days on which the
events occurred. It is hard to build and tune the rule set according to the golden answers.
Therefore, in our system event-anchored expressions are not normalized. Since it is hard to
tell whether a temporal expression is “specific” or not even for human, the attribute
“NON_SPECIFIC” is ignored. Actualy, only very few expressions have this attribute. Six

selected examples are provided in Table 4.9.

DayTime VAL
Date MOD
Duration ANCHOR_VAL
PosDate ANCHOR_DIR
Set SET

Figure 4.4 Mapping temporal expressions to attributes

Expressions Attributes
20: 20 p.m. VAL="1999-04-26 T20:20"
the next year VAL="1999"
every two days VAL="P2D" SET="YES"
next afternoon VAL="2000-10-07TAF"
about ten days VAL="P10D" MOD="APPROX"
VAL="PRESENT_REF"
now ANCHOR_VAL="2000-10-05"
ANCHOR_DIR="AS_OF"

Table 4.9 Examples of English temporal expressions normalized
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4.3 Chinese Temporal Expression Processing

4.3.1 Chinese Temporal Expression Classification

According to our observation on Chinese texts and the guiddine of TERN 2004, Chinese

temporal expressions can be classified into different classes. They are shown in the Figure

45,
Ep
|
| | | | | |
DeyTinme Dete Duration S PodDate BvatAn
| |
Tarpiord Conpodte YeaPat MorthPat DayPat
| |
Bedc Cdadae Soadid

Figure 4.5 The classification of Chinese temporal expressions

In Chinese, if people do not know the exact representation at an inferior temporal level,
they may append an imprecise description to denote a position in alarger scope, such as “ 2
47 K/the spring of last year”. These temporal expressions are named “PosDate”. These
expressions consist of date expressions and impreci se appendix.

“TempWord” expressions are some Chinese words which contained tempora meanings,
such as “# Ti/the lunar new year”, “ Hij/now”. “Composite’ expressions include basic
temporal expressions, calculated expressions and special expressions, such as “1999 4 4 H
28 H/April 28, 1999", and “ P 4 Jr/after two years’ and “1999 44/ the fiscal year 1999".

“Set” expressions denote a set of time and most of them are about frequency, such as “ 4

levery year” and “} % K/every two days’. “ EventAn” expressions are relevant to the times
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of events, such as “ b JEf /when he was speaking”. “EventAn” expressions can be

anchored on the time line only after the times of the events are resol ved.

4.3.2 Chinese Temporal Expression Extraction

Thetask of extraction isto identify the extents of temporal expressionsin the surface text.
A set of context free grammar rules is designed to describe the basic form of al kinds of
Chinese temporal expressions and a bottom-up chart parser is employed to parse temporal
expressions. Word segmentation is a preliminary step in many Chinese NLP applications.
However, the performance of word segmentation is not perfect and it may introduce some
errors. In our system, each possible combination of Chinese characters in a sentence will be
looked up, and then all of the constituents are fed into the char parser. If the dictionaries are
comprehensive enough, then al the possble combinations of characters can be gotten.
Ambiguities and overlaps between multiple temporal expressions are left to constraint rules

and combination rules.

4.3.2.1 Grammar Rules

A set of grammar rules is designed for each type of Chinese temporal expressions. In
order to catch more temporal expressions, the grammar rules are given loosely. Some pseudo

temporal expressions may be introduced and this problem is addressed in the next section.
Given the grammar rules of table 4.10, “15 i} 24 /3/15:24" and “15 i} 24 43 39 #
/15:24:39" can be recognized. In these examples, “Iif/o’ clock”, “4r/minute”, “Fb/second”

are condtituents of the type “ Time_Unit”.

No.l. Exp -> Time Of Day

No.2. Time Of Day -> Time Base
No.3. Time Base->Time Temp +
No.4. Time Temp -> Integer Time_Unit

No.5. Integer -> Digit +

Table 4.10 Examples of Chinese grammar rules
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4.3.2.2 Constraint Rules

There are many complex and variable phenomena in natura language. Even if the
domain is narrowed down to the temporal field, grammar rules are not enough to extract
exact temporal expressions. There are some pseudo expressions which satisfy grammar rules,
so congtraint rules are designed to filter these expressions according to the context. These
constraint rules are devel oped by analyzing the data set.

A constraint rule will be triggered after the right part of the corresponding grammar rule
issatisfied. If the constraint rule is satisfied, then the grammar rule can be applied; otherwise,
it cannot be applied. Examples of constraint rules are shown in Table 4.11 and the following

two examples show the constraint checking procedure step by step.

Grammar rule3: Time Base -> Time Temp +
Constraint rule 3: IF Thereisonly one constituent of thetype “Time Temp”,
THEN the constituent “Time_Unit” which is contained in

“Time_Temp” should not be “/}-/minute” .

Grammar rule4: Time Temp -> Integer Time_Unit
Constraint rule4:  The constituent “Integer” can not end up with “ >/ (a quanti
fier)”.

Table4.11 Examples of Chinese constraint rules

(5) IXGFT AL - IS HARE T IX KA
(This news agency reported the event very quickly.)
Step 1. Look up dictionary.
[-1/Digit] [43/Time_Unit]
Step 2. Apply the grammar rule No.5.
[+ /Integer] [ 73/Time_Unit]
Step 3. Check constraint rule No.4.
Pass.
Step 4. Apply grammar rule No.4.
[+4>/Time_Temp]
Step 5. Check congtraint rule No.3.

Fail and then terminate parsing.
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(6) Wi £ 7 Inf 30 73 14 9 3t JE MV MR Z AR M R AR
(The ballot ended at 7:30 p.m. in Western Virginia and Ohio.)
Step 1. Look up dictionary.

[7/Digit] [I}/Time_Unit][3/Digit] [0/Digit][73/Time_Unit]
Step 2. Apply the grammar rule No.5.

[7/Integer] [F}/Time_Unit] [30/Integer][43/Time_Unit]
Step 3. Check constraint rule No.4.

Pass.
Step 4. Apply grammar rule No.4.

[7 i /Time_Temp] [30 43/Time_Temp]

Step 5. Check constraint rule No.3.

Pass.
Step 6. Apply grammar rule No.3.

[7 i) 3043/Time_Base]
Step 7. Apply grammar rule No.2.

[7 1} 3043/Time_Of Day]
Step 8. Apply grammar rule No.1.

[7 i) 30 43/Exp]
Step 9. Recognize the temporal expression successfully.

In the first example “ 1-43/very” is an adverb and has no temporal meaning. However the
character “ -I-/ten” and “ 4 /minute” can be looked up and satisfy the grammar rule.

Constraint rules are necessary to filter this pseudo expression.

4.3.2.3 Combination Rules

Because each possible substring in a sentence is tried, multiple nested, overlap and
adjacent temporal expressions may exist in the sentence. However, some of these
expressions are just parts of the optimal answers. So combination is necessary to get the
integrated temporal expression. After applying grammar rules, if any two tempora
expressions are nested, overlapped or adjacent, our system will combine them and keep the

final result. This procedure is shown by the following examples.
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(7) KRR TR H S ERAR S .

(Thistrain will arrive at Nan Chang next morning.)

First recognized temporal expressions are [ X H /tomorrow] and [-_I-/morning].
After the combination, the correct answer [k H 5._I-/next morning] will appear.
(8) M I~ 8 I WEBK LR TT 4R

(The basketball game starts at 8:00 p.m.)

First recognized expressions are [ _I-/night], [8 if/8:00], [t - 8 I/8:00 p.m.].
Thefinal result is [ I 8J/ 8:00 p.m.].

4.3.2.4 Temporal/Non-Temporal Disambiguation

Some strings of characters are temporal expressions in given contexts, but in other
contexts they are not. The context should be browsed to extract the true temporal expressions.
Some constraint rules are designed to check the context and fulfill disambiguation. Three
kinds of ambiguities are founded. The first kind is the ambiguities caused by numbers, such

as example (9). In this case, the expression “15: 10" contains temporal information, but in

sports news messages it may be a score of a game. The second kind is the ambiguities caused
by the combination of numbers and time units, such as “10 5", In example (10), the
expression “10 5" just refers to a football team member. However, in many news messages
it is a date. The third kind is the ambiguities caused by Chinese words, such as “Hij”. In
example (11), the expression means “former” and its explanations in other contexts may be

“in front of”.

(9) A RFNZEH T 15: 10 FJIALK fiddi
(20) &1 6 85, 10 5 4E SEER M TR LE 2 41
(11) £ % A o SRR IBUR B IR NIRRT IRAR$EZE o

There are multiple explanations for the same one phrase or word, so ambiguities may be
caused. To discriminate these expressions, heuristics for disambiguation are embedded in

corresponding constraint rules.
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4.3.3 Chinese Temporal Expression Normalization

The goal of normalization is to represent the temporal information contained in temporal
expressions, according to certain standard. Normalization is based on the mapping procedure,
in which temporal expressions are explained and represented by values of temporal attributes.
In this procedure, the objects number, unit, time and durdion are employed to store and
represent tempora information. The tempora attributes involved in Chinese temporal
expression normalization are same with those in English temporal expression normalization.

After the procedure of extraction, the chart parser keeps all the applied grammar rules
and recognized intermediate constituents. Semantic meanings of tempora expressions can be
achieved by the explanation of these grammar rules. In this procedure, some basic abjects,
such as “number”, “unit”, “time” and “duration”, can be employed to store and convey
temporal information. Applying grammar rules means creations or updates of basic temporal
objects. Based on our tempora framework, we explain how to normalize the temporal
expression extracted, i.e. mapping the expressions to the values of six attributes. The
mapping procedure is different for different kinds of temporal expressions. A general
description about the mapping procedure is shown in Figure 4.4.

According to the Chinese classification scheme in Section 4.3.1, al temporal expressions
can be mapped to the six attributes. The mapping procedures are complicated and selected
examples are shown in table 4.12. It is difficult to tell whether a temporal expression is
“gpecific’ or not, and few expressions are set a value for this attribute, we do not map
expression to the attribute “NON_SPECIFIC". “MOD” attribute of temporal expressions
may be set as“YES’ if there are some modifying descriptions about the expressions, such as

“¥ix/about”, “ -T-/before” and so on. So any kind of temporal expressions may be mapped
on this attribute. “Set” expressions can be explained as set of times, such as “4f4 /each
year”, or set of durations, such as “%}#j4F/every two years’, so the attributes “VAL” and

“SET” will befilled. “ANCHOR_VAL” and “ANCHOR_DIR”" refer to reference times and
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we adopt the publishing times of news articles as the default reference times. Event
expressions are relevant with specific events and it is hard to represent the exact meaning of

them. In our system event expressions are not normalized.

Expressions Attributes
VAL="PRESENT_REF"
H Hii/now ANCHOR_VAL="2000-10-05"

ANCHOR_DIR="AS OF"

it - 8 i 20 43/20: 20 p.m. VAL="1999-04-26 T20:20"
VAL="P2Y"

J& W94 Ithe next two years ANCHOR_VAL="2000"
ANCHOR_DIR="STARTING"
& Klevery two days VAL="P2D" SET="YES"

H]-K. N 4/ next afternoon VAL="2000-10-07TAF"

Table4.12 Examples of normalized Chinese temporal expressions
4.3.3.1 Time/Duration Disambiguation
Sometimes people omit a part of a full temporal expression for convenience in Chinese

texts. For example, “4 H/April” and “97 4/ '97" are used to instead “2000 %F 4 H/April,

2000" and “1997 “F/the year 1997". However, “4 H/four months’ and “97 /97 years’ are
also legal temporal expressions by themselves. These temporal expressions are combinations
of numbers and temporal units. The first kind of explanations means that these expressions
are times and the second kind of explanations means that they are durations. To fill correct
values in temporal attributes for these temporal expressions, disambiguation is necessary.
Heuristic rules are employed for disambiguation. Examples of disambiguation rules are

shown in table 4.13.
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IF a 3-digit or four-digit number is combined with the unit “4F/year”, THEN
this expression istime;

IF a 2-digit number is combined with the unit “4F/year” and the number is
bigger that 70, THEN thisexpression istime.

IF a 1-digit number is combined with the unit “4F/year”, THEN this expression

is duration.

Table 4.13 Examples of Chinese disambiguation rules

4.4 Experiment and Evaluation

To evaluate the approaches for English temporal expression extraction and normalization,
we choose a manually annotated corpus, which consists of 511 English documents They
come from the documents used for ACE 2002, 2003 and 2004 evaluations. 5324 temporal
expressions are annotated in this data set. After implementing our temporal expression
extraction and normalization system, we evaluated it on this corpus with a scorer program
provide by TERN 2004. To evauate the approaches for Chinese tempora expression
extraction and normalization, we choose a manually annotated corpus, which consists of 457
Chinese news documents. The data collection contains 285,746 characters/142,872 words

and 4,290 manually annotated Chinese temporal expressions.
4.4.1 Experiments on English Temporal Expression Extraction

In this section, we report the evaluation results on rule based temporal expression
extraction. Our temporal processing system embeds the constraints to restrict the grammar
rules, and combines the nested, overlapped and adjacent temporal expressions. After the
system is evaluated by the scorer provided by TERN 2004, a performance report is generated.
Among total 5324 expressions, our system identify 3652 correctly and 554 incorrectly. In
addition, the system misses 1118 expressions and output 242 spurious expressions. Therefore
the precision, recall and F-measure [Salton and McGill 1983] are 0.821, 0.686 and 0.747

respectively.
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For reference, we compared the evaluation results of our system with those of other
systems in TERN 2004 (Table 4.14). Please note that the data set used for TERN 2004 final

evaluation is similar with the data set employed in our experiments, but not same.

System Precision Recall F-measure
A 0.872 0.827 0.849
B 0.885 0.798 0.839
C 0.901 0.681 0.776
D 0.687 0.567 0.621
E 0.830 0.451 0.584
F 0.290 0.237 0.261
Our system 0.821 0.686 0.747

Table 4.14 Evaluation results on English temporal expression extraction

4.4.2 Experiments on English Temporal Expression Normalization

We conduct experiments on normalization on the same data set and eval uate the system
performance with the scorer. Table 4.15 presents the performance of our system. From it we
can see recall scores are lower than the precision scores. The possible reason is that the
coverage of our grammar rule set is limited. We plan to tune the system in future to improve
the performance further, especially on the aspect of recall. We then compare our
normalization results with those of other systems evaluated in TERN 2004 according to
different tempora attributes, such as VAL, MOD, SET, ANCHOR DIR and
ANCHOR_VAL. The performance is shown in Table 4.16, Table 4.17, Table 4.18, Table

4.19, and Table 4.20 respectively. Our performance is medium among theirsin general.

Tota Corr Inco Miss | Spur Prec Rec F
VAL 4192 3372 714 106 7 0.824 0.804 | 0.814
MOD 164 72 6 86 42 0.600 0.439 | 0.507
SET 86 47 0 39 2 0.959 | 0.547 | 0.686

ANCHOR_DIR 749 434 3 312 3 0986 | 0.579 | 0.730

ANCHOR_VAL | 749 302 133 314 3 0.689 | 0.403 | 0.509

Table 4.15 Evaluation results on English temporal expression normalization

87




System Precision Recall F-measure
A 0.866 0.837 0.851
B 0.875 0.870 0.872
C 0.843 0.847 0.845
D 0.686 0.709 0.698
E 0.798 0.640 0.710
F 0.671 0.674 0.673
Our System 0.824 0.804 0.814

Table 4.16 Evaluation results according the temporal attribute VAL

System Precision Recall F-measure
A 0.600 0.058 0.105
B 0.837 0.720 0.774
C 0.840 0.553 0.667
D 0.444 0.111 0.178
E 0.000 0.000 0.000
F 0.061 0.211 0.094
Our System 0.600 0.439 0.507

Table 4.17 Eva uation results according the temporal attribute MOD

System Precision Recall F-measure
A 0.974 0.776 0.864
B 0.880 0.564 0.688
C 0.000 0.000 0.000
D 0.882 0.455 0.600
E 0.000 0.000 0.000
F 1.000 0.250 0.400
Our System 0.959 0.547 0.696

Table 4.18 Evaluation results according the temporal attribute SET




System Precision Recall F-measure
A 0.621 0.612 0.617
B 0.833 0.698 0.760
C 0.986 0.371 0.539
D 0.818 0.566 0.669
E 0.851 0.312 0.457
F 0.000 0.000 0.000
Our System 0.986 0.579 0.730

Table 4.19 Evaluation results according the temporal attribute ANCHOR_DIR

System Precision Recall F-measure
A 0.657 0.748 0.700
B 0.683 0.775 0.726
C 0.986 0.371 0.539
D 0.703 0.487 0.575
E 0.041 0.015 0.022
F 0.000 0.000 0.000
Our System 0.689 0.403 0.509

Table4.20 Evaluation results according the temporal attribute ANCHOR_VAL

4.4.3 Experiments on Chinese Temporal Expression Extraction and Normalization

In this section we report the results about evaluating our Chinese temporal expression

extraction and normalization approaches on a manualy annotated Chinese corpus. We

eval uate the boundaries of expressions and the values of the six temporal attri butes.

Experiment No. Conditions
1 No constraints, combination of nested expressions
) No constraints, combination of nested, overlapped
and adjacent expressions
3 Constraints, combination of nested expressions
Constraints, combination of nested, overlapped
4 and adjacent expressions

Table 4.21. Experimental configuration for Chinese temporal expression extraction and

normalization
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Constraints have been embedded in the system to restrict grammar rules. In addition,
nested, overlapped and adjacent temporal expressions have been combined. In Chinese,
many temporal expressions contain nested temporal expressions. If these nested components
are not combined into optimal answers, there will be so many extra mismatched expressions.
Therefore the combination of nested tempora expressions is necessary. In the experiments,
we try to evaluate two factors. constraint rules, and the combination of overlapped and
adjacent temporal expressions. Four experiments are set up, which are described in Table

4.21. Given these configurations, the results of the experiments are shown in Table 4.22.

Attributes No. 1 No. 2 No. 3 No. 4

P 0.717 0.758 0.810 0.856

TEXT R 0.838 0.850 0.830 0.843

F 0.773 0.801 0.820 0.849

P 0.730 0.750 0.787 0.807

VAL R 0.693 0.681 0.742 0.732

F 0.711 0.714 0.764 0.768

P 0.563 0.565 0.629 0.626

MOD R 0.586 0.550 0.616 0.574

F 0.574 0.557 0.622 0.599

P 0.698 0.662 0.879 0.867

SET R 0.606 0.589 0.611 0.598

F 0.649 0.624 0.720 0.707

P 0.680 0.750 0.681 0.687

ANCHOR VAL | R 0.658 0.681 0.662 0.652
F 0.669 0.714 0.672 0.669

P 0.724 0.727 0.733 0.737

ANCHOR DIR | R 0.682 0.669 0.694 0.682
F 0.702 0.697 0.713 0.708

Table 4.22. Evaluation results on Chinese temporal expression extraction and normalization
Severa related works are designed to extract and normalize temporal expressions, but
they are about English, Spanish, French, and Korea. We take part in TERN 2004 evaluation

on Chinese temporal expression extraction and achieve the highest performance in this task.
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There is no public result on Chinese temporal expression normalization, for reference we
compare our normalization result of Experiment No.4 with the English normalization result
in TERN 2004. Our performance is medium among their results.

Table 4.22 compares the Precision, Recal and F-measure for different attributes in
different experiments. “TEXT” means the performance of exact boundaries of temporal
expressions and other attributes are explained in Section 4.2.3. For attributes “TEXT” and
“VAL”, we achieve the highest performance in Experiment No.4. The F-scores are 0.849 and
0.768, respectively. For other attributes, we also achieved nearly highest performance in
Experiment No.4. From the trend of performance on these two attributes, it can be seen that
the constraints and the combination procedure help to improve the performance on tempora
expression extraction and normalization, especialy on “TEXT” and “VAL”. At the same
time, the combination procedure is not significant to other attributes. Based on the
assumption that two adjacent or overlapped temporal expressions refer to the same temporal
concept, we combined them. However, the combination procedure does not help to explain
the meanings of tempora expressions.

After the evaluation we collect the errors of Experiment No.4 and try to find the reasons.
Wrong attribute values include missed, incorrect and spurious cases. The reason for errors on
the attributes “ANCHOR_VAL” and “ANCHOR DIR”" is that the system did not give
correct reference times. Table 4.23 gives the error distributions according to different
attributes. From this table, it can be seen that temporal Chinese words and events are difficult

to extract and normalize.
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Attributes Reasons Number | Percentage
Boundaries of temporal Chinese words 366 37.4%
Boundaries of events 193 19.7%
Grammar rules 161 16.4%
TEXT Boundaries of temporal noun phrase 89 9.1%
Combination procedure 76 7.8%
Annotation inconsi stence 75 7.7%
Temporal/non-temporal ambiguities 19 1.9%
Explained semantics 299 27.6%
Explanation of tempora Chinese word 180 16.6%
Errorsintroduced by extraction 177 16.3%
Specification/generalization characteristic 148 13.7%
VAL Wrong reference times 122 11.3%
Annotation inconsistence 80 7.4%
Point/duration ambiguities 63 5.8%
Explanation of events or noun phrase 14 1.3%
Errorsintroduced by extraction 44 33.3%
Annotation inconsistence 35 26.5%
MOD Explanation of temporal Chinese word 27 20.5%
Explained semantics 23 17.4%
Ambiguities 3 2.1%
Explained semantics 35 81.4%
SET Errorsintroduced by extraction 3 7.0%
Annotation inconsistence 5 11.6%

Table 4.23 Thedistribution of errorsin Chinese temporal expression extraction and
normalization

4.5 Chapter Summary

We investigate the rule based approach to extract and normalize comprehensive temporal
expressions from English and Chinese texts. To cope with various temporal expressions, our
rule based approach employs grammar and constraint rules to retrieve genuine expressions
and resolve ambiguities. The two tasks are based on a powerful chart parsing and constraint

checking scheme. In our experiments, the English rule-based approaches for exaction and
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normalization are evaluated on a manually tagged corpus. We achieve promising results, i.e.,
F-measure 74.7% on extent and F-measure 81.4% on value. For reference the performance
of this system is compared with that of other systemsin TERN 2004 on similar data sets. In
general our performance is medium among theirs.

We also investigate Chinese temporal expression extraction and normalization
approaches. To cope with kinds of tempora expressions, constraint rules are employed to
retrieve genuine expressions and resolve ambiguities. We have evaluated the extraction and
normalization approaches on a manually annatated corpus and achieved promising results,
i.e. F-measure 85.6% on extent and F-measure 76.8% on value. We take part in TERN-2004
Chinese temporal expression extraction with these approaches and achieve the highest
performance in that track. From the experiments we find that constraints are significant to
the task extraction and normalization. At the same time, combination has positive influence
on the task extraction. Analysis shows that temporal Chinese words and events are more

difficult to extract and normalize.
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Chapter 5

Temporal-Oriented Event-Based

Summarization

5.1 Chapter Overview

Summarization is a useful technique to help users identify important contents with
bearable time cost. However, it is difficult to design a general summarization system which
is applicable to all types of documents because of the limitation of NLP techniques
nowadays. Therefore we focus on improve the performance of the summarization on certain
type of text, such as, news reports with topics shifting over time. The work in Chapter 4 is
the preparation for temporal -oriented summarization.

The key problems of summarization are how to represent documents and how to identify
important contents. We consider that event is a natural unit to represent documents,
especially for news reports. In general, an event can be described as “who did what to whom
when and where”. Same as the definition presented in Chapter 3, event is defined as event
terms together with the associated event elements (named entities) at sentence level. Event
terms represent the actions themselves, including verbs and action nouns. Event elements
denote event arguments, such as person names, organization names, locations and times.
Given the sentence “Yasser Arafat on Tuesday accused the United States of threatening to
kill PLO officials’, “accused”, “threatening” and “kill” areidentified as an event term, while

“Yasser Arafat”, “United States’, “PLO” and “Tuesday” are event elements. Encouraging
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results of our event-based summarization approaches have been reported in Chapter 3. At
that time, we don’t consider the role of time in summarization.

We focus on news documents in this study, as they are formal and there are a lot of
public data resources. Based on our observation, we find that topics may shift over time in
news documents. Among 30 clusters of the DUC 2001 data set, about 10 clusters consist of
descriptions on certain event happenings at different times, which are clearly declared in the
original texts. For example, the theme of cluster d41 is “firesin USA”. The fires in 1926,
1977, 1985, 1987 and 1990 are reported. We also analyse 102 queries of DUC 2005 and find
35 of them are temporal relevant. It can be seen that a substantia percentage of text
involving in summarization is about time. This observation motivates us to investigate [Li et
al. 2006a; Wu et d. 20079 whether taking temporal distribution of events into account can
improve the quality of summaries for these clusters in the context of event-based
summarization.

After anchoring events on the time line, their importance can be evaluated from local and
global points of views. Base on the observation, the important events are those occurring
frequently in a certain period. Two datistical measures, i.e., tf*idf and ;(2, are explored.
Either of them can be used to evaluate the importance of event terms and event elements
based on their distribution on the time line. The weight of each sentence is calculated as the
sum of the weights of al event terms and event elements contained in it. After evaluating
importance of sentences, two kinds of sentence selection strategies are investigated, i.e.
sequential and round robin selection. In our experiment, the combination of tf*idf and
sequential sentence selection by sentence weight performs best. Compared with event-based
summarization without considering temporal distribution, it improves ROUGE-1 by 18.8%
on the two selected document clusters. In further evaluation on ten clusters of documents,
this approach also achieves significant improvement when evaluated by human.

The remainder of the chapter is organized as follows. Section 5.2 introduces event

representation on the time line. Section 5.3 then describes event weighting and sentence
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selection strategies. Section 5.4 describes experiments and discusses the results. Section 5.5
analyses the reason of improvement from the introduction of temporal information and

tegtifiestherole of clustering strategy. Finally, Section 5.6 summarizes this chapter.

5.2 Event Representation on TimeLine

Each sentence can be represented by a collection of instances of event terms and event
elements. Event terms are verbs, and action nouns describing various types of actions, such
as “dection” and “extension”. Action nouns are extracted from WordNet hyponyms of
“event” and “action”. Event elements are person names, organization names, locations and
times. A public available tool, GATE [Cunningham et al. 2002], is used to identify the verbs
functioning as event terms and the named entities functioning as event elements.

We have investigated documents representation by event instance and event concept in
Chapter 3. In this chapter, the distribution of events on the time line is considered. Therefore
the representation by event concept is not suitable, asit collapse different occurrences which
refer to same concept into one single concept. We also investigate the influence of context
on importance of event terms in Chapter 3, such as the number and types of neighboring
named entities. It is found that the influence can be neglected. Therefore event terms and
event elements are regarded as of same importance, i.e., we do not discriminate event
elements and event terms when computing importance of them. Each event term/element
will be represented on the time line and its importance will be evaluated later.

To represent event term/element on the time line, first the occurring time of events
should be identified. As the purpose of this research is to investigate the role of time under
the context of event-based summarization, we assign times to corresponding events manually
first. TIMEX2 guidelines provide comprehensive descriptions about kinds of tempora
expressions and their attributes. We tag event time according to it. Section 5.2.1 presents the
procedure of time assignment in detail. Then each event instance, including event term and

associated event elements, will receive their temporal values and can be anchored on the
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time line. Considering time granularities mentioned with most news events are “day” or a

coarser unit, we use “day” as the temporal unit to measure the time line (See Figure 5.1).

‘ ‘ ‘ ‘ ‘ ‘ Time Line

»
Ll

2007-01-01 2007-01-02 2007-01-03 2007-01-04  2007-01-05

Figure 5.1 The time line measured by “ day”

To evaluate importance of events we need to represent them with suitable forms. Events
can be either instantaneous or durative. Given the sentence “The widespread drought of 1988
was replaced by spotty rain and local areas of dry weather”, this event is instantaneous.
However, in the sentence “Californian fire has charred more than 1.3 million acres of forest
and range land since January”, the event is durative. The difference between an
instantaneous event and a durative event is how long the events last.

As Allen [1981] suggests, time interval can be used to represent both time point and
duration, when points are regarded as intervals with “meeting places’. Thus on the time line,
any instantaneous event can be represented by an interval with the same boundaries, whichis
denoted as a dot in this study. A durative event is then represented as an interval with two
boundaries or just one boundary if the other one is unknown. According to the number of
known boundaries, events can be classified into three groups, zero, one and two known
boundaries. Section 5.2.2 and Section 5.2.3 describe the representations of these kinds of

eventsin detail.

5.2.1 Event Time Assignment

After the identification of eventsin documents, we assign event times to them manually.
Manual annotation is time-consuming, but high precision of temporal values of events can be

guaranteed. To avoid errors from a tempora information processing system, which
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automatically assigns temporal values to events, we decide adopt manual annotation first.
Then we can focus on the role of time in event-based summarization. There are three stepsto
annotate a document. The first one is to identify the document time, at which the document
is published. The second one is to judge boundaries of clauses, as different clauses may be
associated different times. The third one is to normalize the time of the clause and assign

temporal valuesto eventsin the clause.

<DOC>

<DOCNO> AP890801-0025 </DOCNO>

<FILEID>AP-NR-08-01-89 0300EDT</FILEID>

<TEXT>

<TIMEX2 val="PRESENT REF" mod="" anchor_dir="AS_OF"
anchor_val="1989-08-01">This week's flare-up of Western wildfires can't hold a
candle to the damage wrought by last year's record-breaking fire season, but
officials say adry August could change everything.</TIMEX2>

<TIMEX2 va="P7M" mod="" anchor_dir="AFTER" anchor_val="1989-
01">Fire has charred more than 1.3 million acres of forest and range land since
January in the contiguous United States, compared to 2.1 million acres by this
time last year, fire officials said Monday.</TIMEX 2>

<TIMEX2 val="PAST_REF' mod=""  anchor_dir="ON_OR_BEFORE"
anchor_val="1989-08-01">""Right now, the fire season isjust starting to gear up,"
said Sandi Sacher, spokeswoman at the federal government's wildfire command
post in Boise, Idaho.</TIMEX2>

<TIMEX2 val="1988" mod="END" anchor_dir="" anchor_val="">By year's end,
6 million acres had burned in the West and Alaska, making 1988 the worst fire
season in 30 years, and, in terms of firefighting resources committed, the most
expensivein U.S. history, Sacher said.</TIMEX2>

<TIMEX2 va="PAST REF' mod="" anchor_dir="ON_OR_BEFORE"
anchor_val="1989-08-01">The widespread drought of 1988 has been replaced by
spotty rain and local areas of dry weather, Sacher said.</TIMEX2>

</TEXT>

</DOC>

Figure 5.2 A document marked up with time
To keep the annotation consistent, a graduate is required to tag all the documents used in
our experiment. The following standard is also set up for the assignment procedure. A tagged
document is shown in Figure 5.2.
1. Event time is identified based on clause level. In one sentence, different event times

may exist. In one clause, multiple events may exists, but they are assigned same time.
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2. Temporal attributes and values are given according to TERN 2004 guidelines. Besides
durations, time point or a period of time anchored on the time line may be assigned
to events, such as* since January”, “Monday” and “nowadays’.

3. The default reference time is the document time. This temporal value can be extracted
from the header tags of the document, such as <FILEID>. In the example document,
the document timeis “1989-08-01".

4. If there is exact event time in a clause, it will be used for it. Otherwise, we judge the
event time according to tense of the clause. If it is past, present or future tense, we
assign temporal value of “past”, “now” and “future” to the clause respectively. The

temporal value of “now” is shown as “<TIMEX2 val="PRESENT_REF"' mod=""

anchor_dir="AS_OF" anchor_val="1989-08-01">".

5.2.2 Representation of Event with Two Boundaries

Events with two boundaries may be instantaneous or durative. For an instantaneous
event or adurative event which last less than one day, as the unit of time lineis“day”, it can
be anchored in one day. To formulate the events occurred on a particular day (this
information is clearly given in a sentence), we simply approximately represent these events
by a dot on that day, and let the weight of each dot to be 1 (Figure 5.3, the upper part). It
means we do not discriminate an instantaneous and a durative event in this case, just regard
them as eventsanchored on certain day.

For an event which last more than one “day”, such as severa “day”, “week”, “month”,
“year” or “century”, if two boundaries of the interval can be identified from the text, events
are represented by a set of dots, i.e. one dot per day in the mentioned intervals (see Figure
5.3, the lower part). For example, if we know “Peter arrived at Hong Kong in July, 2005",
we can use a set of dots to denote the event with one dot per day in July 2005. We assume
each mention of an event is of same importance, no matter an event is instantaneous or

durative, and no matter how long the event lasts. Therefore the weight of one dot for the
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previous example is thus equally distributed to 30 day, i.e. 1/30, and the weight of the event

isalsoequa to 1.
O -
An instantaneous event An durative event
confined in one day confined in one day
W(dot) =1 W(dot) = 1
e ] e
Day
An durative event last for N days
W(dot) = 1/N W(dot) = 1/N
| |efelelefefe]| |
Day

Figure 5.3 Representation for events with two boundaries

5.2.3 Representation of Event with One/Zero Boundary

Some events may have incomplete description about their boundaries on the time line.
The time interval of the event in example (1) starts from the reference time “next Tuesday”,
but there is no description about the end of the event. Similarly, the event in example (2) end
a the reference time “2001” and has no beginning time. There is no beginning time and
ending time about the event in example (3).

(1) Tomwill leave New Y ork after next Tuesday.

(2) John lived at Australia before 2001.

(3) Smith stays at New Y ork now.

Although one or two boundaries of the events of these types can not be located on the
time line, people always refer a time intervd which is adjacent to the reference time. If the
reference times are not mentioned clearly in sentences such as example (3), the speech times

or publication dates are used instead. For an instantaneous event, it may occur at atime point
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inthisinterval. For a durative event, it may last the whole period. For both instantaneous and
durative event, we split the event weight to this time interval. For these events, we formulate
them with a series of discrete dots on the time line around or besides the reference time (see
Figure 5.4). For an instantaneous event, a dot represents the possibility that the event occur

in thistemporal unit. For a durative event, a dot represents a part of the event weight.

An event before reference time
the reference time ®)

| |efe|efe|e|e]e|]

reference time An event after
o the reference time

|o|efe|efefefe]| |

reference time An event around
o the reference time

|ojefe|efefe|e]| |

Figure 5.4 Representation for events with one/zero boundary

Normally an event time should be confined within a scope, but in previous examples one
or two boundaries of the events are not known. In example (1), we assume Tom will leave
New York in several days after next Tuesday. In example (2), we assume John lived at
Australia for several years and may left there at 2001. In example (3), we assume Smith
arrived at New York several days before and he will leave there severa days later. From
these assumptions, it can be seen that the unlimited time interval of an event is replaced by a
limited one which is near the reference time. Therefore the unknown boundaries can be
guessed, i.e., we have to decide how long the distance is between a boundary and the
reference time.

The following question is how many dots should be employed for the events with one or
zero boundary? Based on the observation that events in news reports commonly occur near
the reference time within a week, we tentatively employ 7 dots to denote the distance and

place them into 7 temporal slots besides the reference time with same granularity, each dot
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per slot. If areference time is given with the temporal unit “year”, “week” or “day”, then the
unit of time slotsisalso “year”, “week” or “day”.

For an event before or after the reference time, 7 dots are placed on 7 time slots which
are immediately before or after the reference time. For the event which occurs around the
reference time, 3 dots are inserted before the reference time and 3 dots after the reference
time 1 dot is inserted on the day of the reference time. Note that sum of weights of 7 dots
should be 1. They are shown in Figure 5.4.

It is assumed that the events are more likely to occur at the time slots closer to the
reference time. We assume normal distributions of the weights for the events that occur
around the reference time.

2

_(x=u)

f(X)= 252

1
— €
V2ro

In the above equation, p is the reference time, 3o is equal to 7. By adding the right part
of the symmetrical distribution function to the left part, we get the distribution function for
the events occurred before the reference time (Figure 5.5, “before”). Similarly, we can get
the distribution function for the events occurred after the reference time (Figure 5.5, “after”).
The weight of each dot D on certaintime dot x, i.e. W(D, X), in Figure 5.4 isequal to the area

which is under the corresponding distribution function within the scope of the corresponding

timedotsin Figure 5.5.
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before abéut after
Figure 5.5 Distribution functions for weight of dotsin Figure 5.4

o

Once W(D, X) is calculated, if the temporal unit is coarser than “day” (1 unit =y days),

the weight of the event term/element on each day is computed as W(D, x)/y. Otherwise, if the
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temporal unit is finer than “day” (1 day =y units), the weight of the event term/element on

each day is computed as

t=x+(y/l2)
2 W (D ,t)
t=x-(y /12)

5.3 Event Weighting and Sentence Selection

In Section 5.2, each event term or event element occurrence can be represented by a dot
on a day or dots on a series of days. The distributions of two sample event terms or event
elements on the time line are illustrated in Figure 5.6. The weight of each dot on the time
line can be different. Because of the reason we explained in Section 5.2, temporal unit “day”

is employed to measure thetime line.

10-21 10-22 10-23 10-24 10-25 10-26 10-27 10-28

Figure 5.6 Two event termgelements on the time line ( @ : an event term/element.
®: another event term/element)

5.3.1 Event Weighting Schemes

Two weighting schemes, tf*idf and x*, are used to measure the importance of an event

terms/elements on a day. Here, tf is the sum of weights of the instances of an event
term/element on a day and idf is equal to 1 over the number of days on which the event
term/element happened. Multiple instances of the same event term or event element in one

day may exist. The algorithm is similar to that in [ Swan and Allan 2000]. It is defined as:

103



E —E
t=1t a
t# 1 C
N (ad - bc)?
2 (a C )

£ T la+b)a+c)b+c)b+d)

In the above equation, a is the sum of the dot weights on the day t,, and all these dots
should be associated to the same event term/element E. b is the sum of the dot weights of the
event terms/elements other than E on the same day t,. ¢ is the sum of the dot weights on the
days which are not t,, and these dots represent the same event term/element E. d represent
the sum of the dot weights on the days other than t,, and the dots represent the event
termg/elements which are not E. Since N is a constant, it does not influence sentence
ordering. We omit it in our computation. Then the weight of a sentence is achieved by
summing up all the weights of event terms /elements contained in the sentence. The weight
of each event term/element is the sum of weights of the dots which are associated to this

event term/element.
5.3.2 Sentence Selection Strategies

We use two strategies for sentence selection, i.e. sequentia selection and round robin
selection. For both of them, sentences are sorted according to their weights first. Sequential
selection selects the sentences one by one in each loop, until the length limitation of the
summary is reached. Round robin selection selects the sentences with the highest score for
each year, month, or day in each loop until the length of the summary is up to the limitation.
We refer to these three round robin approaches as Robin_Year, Robin_Month, and
Robin_Day. We are aware of some techniques, like MMR [Carbonell and Goldstein 1998],
have been successfully used to handle the problem of redundancy. The focus of this study is
to study how to formulate event temporal distribution and how to explait it to select the most

important sentences, so these techniques are not emphasized.
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5.4 Experiment and Evaluation

5.4.1 Data Set and Evaluation M ethods

DUC 2001 provides 30 English document clusters and the corresponding model
summaries with up to 200 words. This data set is used in the experiments of Chapter 3. After
our observation, we find that 10 clusters of the data set contain descriptions about topics
shifting over time. It can be seen that a substantia percentage of clusters are highly relevant
to time. Table 5.1 describes the topic of each cluster and give whether the topic is temporal
or non-temporal . For example, Cluster D41 reports fires in USA at 1926, 1977, 1985, 1987,
1988, 1989, 1990 and 1991. Figure 5.7 and Figure 5.8 give paragraphs extracted from source
documents and the model summary. We can see the model summary consists of descriptions
about fires at different years. Theitalic paragraphs of the model summary in Figure 5.8 come
from the source paragraphsin Figure 5.7.

We first evaluate the proposed approaches on two tempora evolving clusters only. The
event-based summarization approaches without time perform worst on these two clusters
Encouraged by the results, then we extend the evaluation on 10 temporal evolving clusters
and conduct more detailed experiments. ROUGE is used to evaluate the quality of machine
generated summaries by comparing them with the model summaries according to their word
unigram overlap, bi-gram overlap or overlap with long distance. It is an automatic evaluation
tool used widely in DUC conferences, but the limitation is that it can not compare meaning
overlap between our summaries and model summaries. Therefore we also invite a graduate
to evaluate the system output according to meaning relevance to model summaries. We think

the evaluation by a subject is more believable, athough the procedure is time-consuming.
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Cluster Topic(s) in the cluster Tempora
do4 Huge damage in U.S. by hurricane Andrew No
doe6 Racism and brutality against minoritiesin U.S. police forces No

Introduction about source, phenomenon and prevention of
di1l No
tornadoes
di2 The welfarereforms conducted by presidents Reagan and Clinton No
di3 Introduction to a Supreme Court justice, Clarence Thomas No
di4 Airplanes, locations and procedures of military aircraft crashes No
dis Introduction to tuberculosis, a kind of disease No
d19 Different attitudestoillegal aliensin U.S. No
d22 The damage of forest firesin U.S. No
d27 Discussion about gun control in U.S. No
d34 Introduction to hurricanes and the related research No
a3l Illegal use of steroid by Canadian Ben Johnson at Seoul Olympics No
d39 Construction of the tunnel under English Channel No
43 The diamond business of De Beers Consolidated Mines Ltd No
044 Argument about the North American free trade agreement No
ds3 Introduction to Shining Path guerrillasin Peru No
ds4 Argument about term limitations on elected officials No
ds6 Introduction to diabetesin U.S. No
ds7 Introduction to earthquake and related research No
ds9 Descriptions about airplane crashes and the reasons. No
dos Development of mad cow disease (1986, 1988, 1993 and 1994) Yes
dos Events of solar eclipse (1868, 1919, 1988, 1990 and 1991) Yes
d24 Thelife of Elizabeth Taylor Yes
Events of marathon racing in different cities (1989, 1990 and
d28 Yes
1991)
d30 The Third Word debt (1984, 1987, 1990, 1991 and 1993) Yes
d3z2 Events about the aground ship of Exxon (1989 and 1990) Yes
d37 Assassination events (1989, 1990, 1991 and 1994) Yes
w1 The wildfiresin U.S. (1977, 1985, 1987, 1988, 1989, 1990 and Ves
1991)
45 Sloveniaand Serbia (1988, 1989,1990, 1991, 1992 and 1994) Yes
ds0 Events about drought in U.S. (1988, 1989 and 1990) Yes

Table 5.1 Topics of clustersin DUC 2001 data set
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Document |D: AP890805-0126

As nearly half the acreage afire burns within 150 miles, speciaistsin the logistics centre

marshal resources from around the nation. On Saturday, there were about 220,000 acres ablaze in
four states, with 102,000 of them in Idaho and the rest in Oregon, Californiaand Utah.

Document ID: AP890801-0025

Fire has charred more than 1.3 million acres of forest and range land since January in the
contiguous United States, compared to 2.1 million acres by thistime last year, fire officials said
Monday.

Document ID: LA081490-0030

The Y osemite fires, which have scorched more than 15,000 acres and are still out of control, and
the recent Santa Barbara and Glendale fires, which destroyed nearly 500 homes, are only the
largest of hundreds of blazes in the state. "We've got lots of summer ahead of us and we've
already burned 600 or 700 structures," said Deputy Chief Keith Metcalfe of the state's southern
regiona firefighting crew in Riverside.

Document ID: SIMN91-06071022

That approach helped last year in the Umatilla National Forest in north-eastern Oregon, where

170 fires were reported, said Gordon Reinhart, afire and recreation officer with the U.S.

Figure 5.7 Paragraphs extracted from source documentsin Cluster d41

Large Western wildfires occurred in the 1700 s and probably at 200 - 300 year intervals over the
past 10,000 years.

In 1926, wildfires destroyed 28 million acres.

1977's Sycamore Canyon fire destroyed 200 homes near Santa Barbara.

1985's Los Altos Hills fire destroyed 100 acres and 12 homes, and a six - day fire above
Lexington Reservoir destroyed 14,000 acres and 42 homes.

In 1987, 900,000 acres burned in California. 1,500 fires attacked Klamath National Forest in one
month.

1988 was the most expensive fire season in US history, with 25,000 fire-fighters called inand
$583.8 million spent to fight 75,000 fires that burned 5.9 million acres. 706,000 of Y ellowstone's
2.2 million acres burned over four months, stopped by light rain and snow in September. Smoke
sickened 12,000 fire-fighters. The "let - burn" policy was lifted in July.

From January - July 1989, 1.3 million acres had burned inthe contiguous US. In

August ,102,000 acresin Idaho and 118,000 in Oregon , California and Utah were ablaze .

In 1990, fires in Santa Barbara destroyed 600 homes and did $ 200 million damage, and burned
15,000 acresin Yosemite. 170 fires burned in Oregon's Umatilla National Forest.

In October 1991, fire devastated the Oakland hills. Nine Saratoga foothills fires were deliberately
Set.

Figure 5.8 The model summary of Cluster d41
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5.42 Preliminary Evaluation on Two Clusters

First, we investigate two event weighting schemes tf* idf and ZZ. Sentences are selected

sequentially according to their weight ranking. The baseline is the instance-based event
summari zation without considering temporal distributions. The influence of context on event
term is not considered in this base line. The results given in Table 5.2 shows that the event-

based summarization with temporal tf*idf weighting scheme outperforms both the baseline

and y? significantly.

Basdline t* i dif X2
ROUGE-1 0.271 0.322 (+ 18.8%) | 0.282 (+ 4.1%)
ROUGE-2 0.029 0.081 (+179.3%) | 0.024 (-17.2%)
ROUGE-W 0.101 0.120 (+ 18.8%) | 0.104 (+ 3.0%)

Table 5.2 Temporal-oriented event summarization with tf*idf and y? weighting scheme
(sequential sentence selection)

Base on the tempora-oriented summarization with tf*idf weighting scheme, the
sequential sentence selection and round robin selections are compared in Table 5.3. The

sequentia selection performs best.

Robin_Year | Robin_Month Robin_Day Sequential
ROUGE-1 0.268 0.290 0.314 0.322
ROUGE-2 0.018 0.018 0.057 0.081
ROUGE-W 0.093 0.105 0.123 0.120

Table 5.3 Temporal-oriented event summarization with sequential and round robin sentence

selection (tf*idf weighting scheme)

5.4.3 Further Evaluation on Ten Clusters

In the following sets of experiments, the baseline and temporal-oriented event
summarization with tf*idf weighting scheme are compared on ten clusters with different

evaluation criteria. First, word-based ROUGE evauation compares the overlaps between
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words in model summaries, event-based summaries and temporal-based summaries. As
word-based ROUGE is incapable to tell whether the events or meanings of two summaries
are same or relevant, we then consider event-based ROUGE and a subjective evaluation.

The event-based ROUGE evaluations including instance-based and concept-based ones
compare overlaps of event instances and concepts in the summaries. To examine the
meaning overlaps, we invite a graduate to judge whether each sentence in system generated
summaries is semantically relevant to any sentence in model summaries. The experiments

are described as follows.

5.4.3.1 ROUGE Evaluation with Words
ROUGE-1 scores of event-based and temporal-based summaries are compared in Figure
5.9. The average ROUGE-1 of them is 0.326 and 0.310 respectively. Temporal summaries

outperform event-based summaries in seven of ten clusters, but the average score of

temporal summariesin overall islower than that of event-based summaries.
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Figure 5.9 Evaluation results on overlaps of words

5.4.3.2 ROUGE Evaluation with Events

Event terms and event e ements are extracted from model summaries, event-based and

temporal-based summaries in the same way, as they are extracted from origina documents.
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We call each event occurrence as an event instance. The instances of the same event are
merged into an event concept. Then, ROUGE is run based on these instances and concepts.
Figures 5.10 and 5.11 compare the ROUGE-1 scores of event-based summaries and
temporal-based summaries based on event instance and concept respectively. The average
ROUGE-1 scores of event-based summarization are 0.160 and 0.157 respectively. The
average ROUGE-1 scores of temporal-based summarization are 0.144 and 0.145 respectively.
Taking a closer look at Figures 5.10 and 5.11 we find that temporal summaries outperform

event-based summariesin five clusters based on either instances or concept.

0.3
0.25
0.2
0.15
0.1
0.05
0

‘ —* Event-Based " Temporal-Based ‘

Figure 5.10 Evaluation results on overlaps of event instances
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Figure 5.11 Evaluation results on overlaps of event concepts

5.4.3.3 Subjective Evaluation

The evaluation guideline is described as follows. First a subject is asked to read all the
documents and model summaries. Given a machine generated summary, the subject judges

whether each sentencein it is relevant to any sentence of the corresponding model summary.
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If meanings (participants, action, when, where, method, status) of a model sentence are same
as the meanings of a machine generated sentence, or the subject can infer all the meanings of
the former from the meanings of the later, the machine generated sentence receives a score
“1". If the subject can just infer part of the meanings of a model sentence from the machine
generated sentence, then the later receives a score “0.5". If the subject can not infer any
meanings of any model sentence from a machine generated sentence, then the later is given
“0". If multiple rules can be applied to a sentence, then its score will be the maximum.

After assigning a score to each sentence in machine generated summaries, we sum up the
scores of all sentencesin it as the score of the summary. The results are shown in Table 5.4.

It can be seen that temporal-based summarization get significant improvement.

CO5 | CO8 | C24 | C28 | C30 | C32 | C37 | C41 | C45 | C50 | Ave.

Event | 1.5 2.5 4.0 0 0 2.0 1.0 0 15 2.0 15

Temp | 3.0 35 | 70 15 | 25 30 | 35 0 4.0 20 | 30

Table 5.4 Evaluation results given by a subject

5.4.4 Evaluation with Auto-Tagged Temporal Information

We evaluate our summarization approaches with manually tagged temporal information
in previous experiments. In this section we evaluate the best summarization approach, which
consists of tempora tf*idf weighting scheme and sequential selection strategy, on
automatically tagged data. The ten clusters used in experiments of Section 5.4.3 are
employed as test data again. Fist tempora expressions in these clusters are extracted and
normalized by our English system described in Section 4. Then heuristics are employed to
assign tempora values to corresponding clauses. The evaluation results of the summarization
approach with manually tagged and auto-tagged temporal information are shown in Table
55. It can be seen that the summarization performance with auto-tagged temporal
information is lower than that with manually-tagged information, but it is higher than that of
baseline (Table 5.4). This experiment reflects that our temporal information processing

system is reiable. For comparison, we conduct our temporal-oriented event-based
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summarization approach (temporal tf*idf and sequential selection) on other 20 clusters,
which do not contain evolving events on the time line. The average relevant sentence in
summaries is 1.3. It can be seen that our temporal-oriented summarization is suitable for

those temporal related clusters and not suitable for other types of clusters.

CO5 | COB | C24 | C28 | C30 | C32 | C37 | C41 | C45 | C50 | Ave.

Auto 15 | 40 | 55 1.0 10 | 25 | 30 0 20 | 20 | 23

Manua | 30 | 35 | 70 | 15 | 25 | 30 | 35 0 40 | 20 | 30

Table 5.5 Evaluation results with auto-tagged and manually-tagged temporal information

5.5 Discussion

Why the improvement of temporal summaries is visible in subjective evaluation? Look
at some basic gatitics first. In average, the number of sentences in atemporal summary and
an event-based summary is 6.6 and 5.7 respectively. The average numbers of event terms
and event dements in an event-based summary and temporal -based summary are very close,
i.e. 48 and 49 respectively. Therefore more sentences are included in temporal summary and
more information other than the extracted events might be included.

Next, we examine the temporal distribution of the events selected into the temporal-
based summaries to see whether the sdlected events are most important. The model
summaries of these ten clusters consist of a sequence of descriptions about a same or similar
topic over time, such as a film star, assassinations, etc. We select the sentences which burst
on particular periods. Events in these sentences are found mentioned frequently on bust
periods but seldom on the other periods. The burst sentences are more likely the focus of
burst periods. Therefore, they are more likely to be relevant with model sentences.

Then, we examine the importance of events selected in event-based summaries. Event-
based summarization without considering temporal distribution selects the sentences which
contain event terms and elements with higher centroid scores. The centroid scores are the
average tf*idf weights over al documents. The events selected in this way are the

“centroids’ of clusters, but they may not be focuses at different periods. Therefore, these
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sentences are less likely included in model summaries, compared with the sentences sel ected
by temporal-based summarization. For example, the distribution of Cluster d37 summary
sentences is presented in Figure 5.12. The dark, gray and white dots denote the events which
are relevant, partially relevant and irrelevant to the events in model summaries. It is easy to
see in Figure 5.12 that temporal-based summaries are better than event-based summaries

though they are till not completely matched with the eventsin model summary.
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Figure 5.12 Didtribution of events in summaries on thetime line

As discussed in Section 5.3, temporal-based summarization assigns weights to sentences
based on event distribution on time line. The fina summaries may include the most
important events in certain periods but may not represent the whole trends well. To
overcome this drawback, we apply clustering technologies to group eventsinto different time

periods. Sentences with the highest weightsin each group are selected.
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Figure 5.13 Temporal -based summarizations with and without sentence clustering
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DBSCAN, a density-based clustering approach, is employed. It has no need to set the
number of clusters and terminal conditions in advance. It has only two configuration
parameters, Eps and MinPts. Eps means the maximum radius of the neighbourhood, and
MinPts denotes the minimum number of points in an Eps-neighbourhood of that point. Eps
and MinPts are tuned experimentally. The optimal combination is (7, 5) in our experiments
The results of tf*idf weighting scheme with sequential and clustering-based sentence
extraction strategies are shown in Figure 5.13. ROUGE-1 score is improved from 0.325 to

0.310 by 4.8% when using clustering.

5.6 Chapter Summary

In this study, whether integrating temporal information can enhance event-based
summarization is investigated. tf*idf and ;52 weighting schemes are employed to evaluate
importance of event term/element on each day. Three sentence selection strategies are
compared: sequential, round robin and clustering selection. Experiments show that tf*idf
weighting scheme based on event temporal distribution performs better than event-based
summarization without consideration of time. It can be seen that event temporal distribution
is helpful to summarize the trend of news topics and clustering selection can improve the
guality of summaries under the tf*idf weighting scheme.

We have three plans for the near future. First, we will investigate how and to what
extend event terms and elements contribute to temporal-based summarization. Second, we
would like to see how the redundant sentences can be effectively removed or compressed in
order to allow more relevant sentences included in summaries. Finally, sentence order and

discourse structure will be investigated for generating more coherent summaries.
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Chapter 6

Integration of Summarization Features

under Learning-Based Framework

6.1 Chapter Overview

Extractive summarization approaches select important sentences into summaries by
exploiting different types of features. For example, length of sentences and position of
sentences are used as two features in MEAD, a typical extractive summarization system
[Radev et. al 2004]. Typical sentence weighting schemes might use a linear function which
sums the weighted values of different features. The drawback of such schemesis that weight
parameters have to be tuned experimentally. Thisis time-consuming as it requires re-running
experiments for different styles of documents, and it can inadvertently overlook or exclude
the best combinations of parameters. One possible approach to this problem is to use
learning-based classification to make the weighting scheme optimal [Kupiec et al. 1995;
Conroy and Schlesinger 2004]. Successful results reported in the literature motivate us to
improve this framework by investigating more effective summarization features.

The performance of learning based approaches depends heavily on input features.
Recently different sentence features are explored individualy, but most of them are not
incorporated into a learning based approach and their functions are not well studied when
they are combined together. Word relevance in a sentence and relevance between sentences

are not exploited in previous learning based approaches. Event features of sentences are also
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neglected in learning based approaches. Therefore we conduct this study on learning-based
framework and various sentence features, especially content, relevance and event features.

The framework in this study [Wu et a. 2007b] classifies importance of sentences based
on four types of features: surface, content, event and relevance. Surface features include, for
example, the number of words in a sentence or its position in a document. Content features
would, for example, refer to the use of high frequency words. Event features refer to
importance of events contained in sentences. Finaly, relevance features refer to those less
easily observed features of a sentence, such as the relevance between a sentence and the first
sentence of a paragraph, which contribute to the coherence of a document.

The process by which sentences are identified as “important” and then included in a
summary is as follows. First, each sentence is audited for the four types of features. Using
these features, a learning-based classification is then used to classify the sentences as
unimportant and important. After the classification, the testing sentences are re-ranked and
assigned a weight score. Important sentences are included into summaries first, then
unimportant sentences if the length limitation of summariesis not reached. When important
or unimportant sentences being extracted, sentences with the higher re-ranking scores are
considered first. Experiments show that the proposed framework achieves competitive
results and rel evance features are able to improve the summarization performance obviously.

The remainder of Chapter 6 is organized as follows. Section 6.2 presents learning-based
extractive summarization. Section 6.3 describes experimental setup and evaluations. Section

6.4 discusses the results and Section 6.5 summarizes the paper.

6.2 L earning-Based Extractive Summarization

We propose a learning-based framework for extractive summarization. It contains three parts:
the classification model, features employed in the model and sentence re-ranking algorithms.
The summarization procedure is described as follows. First each sentence is extracted from

documents and different types of features are checked. Then values of the features are sent to
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a classification model and the importance of the sentence is given by the model. After the
importance of sentencesis adjusted by a re-ranking model, the most important sentences are
used to form the final summary. Figure 6.1 illustrates our learning-based extractive

summarization

Sentence 1 ‘

‘ Sentence 2 ‘

‘ Sentence 3 ‘

‘ Sentence n

Surface Feature Event Feature

Content Feature Relevance Feature

Classification Model

I

Yyvyvy A

Sentence Re-ranking

4

Summary

Figure 6.1 A learning-based summarization framework

6.2.1 Classification Model

Thetask of extractive summarization isto select important sentences from documents. In

this study, we consider the evaluation on sentence importance as a classification task.

Sentence importance can be measured by scaled values, ranging from 0 to 1 and indicating
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importance extent, or it can be measured by binary values, indicating whether the sentence
concerned isimportant or not.

Categories involved in classification can be two, e.g. important and unimportant, or
multiple, such as very important, important, less important and unimportant. However, it is
difficult to clearly define the boundaries of multiple categories and sparse data may bring
another problem. Therefore we choose binary classification. Some classifiers are capable of
conducting binary classification with probability estimates, i.e., how likely a sentence is
important. We have experimented with probabilistic classification. It does not perform as
well as binary classification, so it is not adopted.

To train the binary classifier, a labeled sentence bank is constructed semi-automatically.
First, an automatic content similarity evaluation tool, ROUGE, is adopted to filter out
sentences in documents, whose wordings are quite different from the sentences in model
summary. The filtered sentences are labeled unimportant automatically. The remaining
sentences are then manually labeled asimportant if their contents overlap the contents of any
model summary sentence, or unimportant if not. The important sentences are used as positive
training examples. All the other sentences are kept as negative examples.

Considering SVM classifiers have achieved promising performance in many applications,
we choose one of them, LIBSVM [Chang and Lin 2001] to carry out the classification task
introduced before. Given training data, the classifier train a classification model for later
testing. In the procedure of testing, the input of the classifier is a feature vector and the
output is the label for each classification object. For sentence classification, the features can
be length or position of sentence, etc. The label of sentences can be important or unimportant.

Actually, other binary classifiers are aso applicable for this application.

6.2.2 Featuresfor Classifications

This section provides a detailed description about four types of sentence features to be

used in this summarization schemes: surface, content, event, and relevance.
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6.2.2.1 Surface Features

In this study, surface features are the number of words in a sentence, sentence position in

the document, and the number of quoted words (see Table 6.1).

Name Description
Position 1/sentence No. (Real Number)

Doc First whether it is the first sentence of a document (Binary Number)

Para First whether it is the first sentence of a paragraph (Binary Number)

Length The number of words in a sentence (Real Number)

Quote The number of quoted words in a sentence (Real Number)

Table6.1 Surface features

Andrew, the first Caribbean hurricane of the season, hit the eastern coast of

Florida early vesterday, gusting up to 165mph. It ripped roofs off houses,
smashed cars and trucks, snapped power lines and uprooted trees before
heading out over the Gulf.

Figure 6.2 Examples of surface features'

We assume that (1) the first sentence in a document or in a paragraph is important; (2)
the sentences in earlier parts of a document is more important than the sentences in later
parts; (3) a sentence is important if the number of the words (except stop words) in it is
within a certain range; (4) the sentence containing many quoted words is unimportant. For

example, “he said *...... " " isnot likely to be included in a summary. Some examples are

illustrated in Figure 6.2

! The sentence marked with “...”, “...” or “,..” is the first sentence in a document, in a paragraph, or at the
beginning of a document.
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6.2.2.2 Content Features

In this work, we make use of three different, recognized definitions of content-bearing
wordsi.e., as centroid words, signature terms, and high frequency words.

Centroid words

Given N documents, each word t is weighted as the average of tf*idf scores across the

documents. Theformulais

N
D, *idf |
w(t) = =
(1) N

where w(t) is the weight of word t. tfy is the frequency of t in the ith document, idf; is

the inverse document frequency of t. The idf factors are computed based on TDT corpus in
[Radev et a., 2004]. However, the inverse document frequency, idf, may be computed in
variant ways. Section 6.3 presents an experimental comparison of two ways of computing idf,
from the whole DUC2001 document set or from a single document set. Centroid approach
with the latter idf calculation is named CentroidVar in this paper.

Sgnature terms

The signature term approach assumes that documents in a document cluster (i.e. a set of
relevant documents) are regarded relevant to its topic, while documents in other clusters are
not relevant to the topic. Based on the distri bution across relevant and un-relevant documents,
signature terms are extracted according to likeli hood ratio A [Dunning 1993].

b(oll; Oll + 012 ! p) x b(OZI’ 021 +022 ! p)

b(oll; Oll +012’ pl )X b(021;021 + 022’ pZ)

—2logA =-2log

b(k;n, x) = (zjx" @-x)™*
where O1; and Os2 denote the frequencies of term ti occurring in the relevant set and
irrelevant sets respectively, O and O, denote the frequencies of terms —t; occurring in the
relevant set and irrelevant sets respectively. Terms whose -2logh is higher than a threshold

are extracted as s gnature terms.
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High frequency words
It is quite encouraging that using high frequency words only can give promising results
[Nenkova et a., 2006]. High frequency words are also exploited in our feature-based

classification as acontent feature. The threshold of word frequency istuned experimentally.

CentroidVar Uni CentroidVar_ Bi

mr 1.92 bush mr 2. 22

lloyd 1.25 mr president 1.67
miles 1.25 clinton mr 1.67
political 1.11 mr mr 1.39

city 1.07 losses pounds 1. 39
losses 1.06 cent insurance 1. 39
gulf 0.97 mr pounds 1. 39
catastrophe 0.89 pounds uk 1.11

uk 0. 89 house mr 1.11
president 0. 88 pounds royal 1.11

Figure 6.3 Top ten uni-grams and bi-grams of centroid words

SigTerm Uni SigTerm Bi

andrew 204. 78 dollars hurricane 109. 85
florida 180. 12 dollars losses 93. 40
losses 146.67 damage dollars 82.55
dollars 144. 56 hurricane yesterday 77.01
insurer 142. 26 florida hurricane 73.15
insured 142. 26 caused dollars 69. 73
insurance 142.26 damage hurricane 62. 70
insurers 142.26 florida storm 60. 70
louisiana 125.31 dollars total 55.31
yesterday 107.50 1989 dollars 52. 58

Figure 6.4 Top ten uni-grams and bi-grams of signature terms

FregWord_Uni FreqWord Bi

hurricane 35. 00 andrew hurricane 17.00
florida 34. 00 dollars hurricane 14. 00
dollars 33. 00 andrew florida 13.00
andrew 27.00 florida hurricane 13. 00
mr 24. 00 claims insurance 13.00
insurance 23. 00 dollars losses 12.00
losses 22.00 damage dollars 12.00

yesterday 22. 00 damage hurricane 10. 00
louisiana 20. 00 hurricane yesterday 10. 00
damage 20. 00 caused dollars 10.00

Figure 6.5 Top ten uni-grams and bi-grams of high frequency words
While previous work concerns only uni-grams of centroid and high frequency word, we

believe that bi-grams present more precise concepts by considering word intra-sentence
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relevance. Therefore we extend the proposed approaches from uni-grams to bi-grams. In our
study, bi-grams are soft rather than rigid patterns. In other words, not only two adjacent
words, but also two long-distance words within a sentence are considered. The order of the
two words is ignored in order to cope with the flexibility of language. For example,
“hurricane Andrew” is same as “Andrew hurricane’. The top ten uni-grams and bi-grams
examples from centroid words, signature terms and high frequency words are shown in
Figures 6.3, Figure 6.4 and Figure 6.5 respectively.

Table 6.2 summarizes the content features we investigate. Content features can be

measured by either the sum or the number of weights of uni-grams or bi-grams the sentence

contains.
Name Description
The sum (or number) of the weights of centroid uni-gram
CentroidVar_Uni (Real Number)
The sum (or number) of the weights of centroid bi-grams
CentroidVar_Bi (Real Number)
SigTerm_Uni The sum (or number) of signature uni-grams (Real Number)
SigTerm_Bi The sum (or number)of signature bi-grams (Real Number)
The sum (or number) of the weights of high frequency uni-grams
Fregword _Uni (Redl Number)
The sum (or number) of the weights of high frequency bi-grams
FregwWord_Bi (Real Number)
Table 6.2 Content features

6.2.2.3 Event Features

As event is a natural unit to represent meanings about a topic, we have investigated
event-based summarization approaches [Wu 2006; Li et al. 2006b] and achieved promising
results. To incorporate event features, instance-based and concept-based summarization
approaches are employed in this study. The two approaches give two weight scores for each

sentence and the two scores are used as two event features. They are shown in Table 6.3.
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Name Description

A weight score given by instance-based event summarization
(Real Number)

Event_Instance

A weight score given by concept-based event summarization
(Real Number)
Table 6.3 Event features

Event_Concept

6.2.2.4 Relevance Features

Relevance features are incorporated to reflect inter-sentence relationships. It is
reasonable to believe that the sentences relevant to important sentences or many other
sentences may provide important concepts or serve as the pivots of related concepts. Based
on the assumption that the first sentences in document or paragraphs are most important in
establishing the topic, al other sentences are then compared with these sentences for
relevance. Sentence relevance is measured by comparing pairs of sentences using a word-

based cosine similarity.

Name Description

FirstRe Doc Similarity with the first sentence in the document (Real Number)

Fir¢Rel Para Similarity with the first sentencein the paragraph (Real Number)

PageRankRel | PageRank value of the sentence based on the sentence map (Real Number)

Table 6.4 Relevance features

We a'so conduct pair wise sentence compari son with word-based cosine similarity. Two
sentences are regarded relevant if their similarity is above a threshold. Based on the built
sentence map, PageRank algorithm is applied to evaluate how important a sentence is. The

three relevance features concerned are shown in Table 6.4.

6.2.3 Sentence Re-ranking

A problem associated with binary classification is that the numbers of the words in the

important sentences identified by a classifier may not match the required summary length in
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words. To overcome this problem, all sentences are re-ranked with a unified scheme.
Sentences with higher priority are selected to generate summaries.

Different reranking algorithms are designed based on surface features or content
features. They are evaluated and compared in Section 6.3.6. The following equation is an
example of sentence ranking algorithm..

Rank = RankPos + RankLenght;
where RankPos is the rank of sentence i according to its relative position in a document

(i.e. the sentence order No.) and RankLength; is rank of sentence i according to its length.

6.3 Experiment and Evaluation

6.3.1 Dataset and Evaluation M ethods

Feature-based summarization is adaptive to various documents We choose DUC 2001
document sets as the evaluation data. It contains 30 clusters of documents and a total of 308
documents. The numbers of the documentsin a cluster is between 3 and 20. Each document
cluster contains descriptions on a specific topic (e.g. Hurricane Andrew) and comes with
200-word model summaries created by NIST assessors. The task of our summarization
approaches is to generate a 200-word summary for each cluster of documents.

As the purpose of extractive summarization is to select important sentences from source
documents, it is similar to tasks of information retrieval. Precision [Salton and McGill 1983]
can be employed to measure the percentage of true important sentences among all important
sentences labeled by the classifier. Recall [Salton and McGill 1983] can be used to measure
the percentage of true important sentences labeled by the classifier among all true important
sentences. Precision and recall reflect the classification performance and they are based on
sentence. When they are used as the evaluation standard, the limitation on summary is

neglected. Actually the final summary may not include all extracted important sentences.
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Manual and automatic eval uation methods can measure the quality of machine generated
summaries. Since manual evaluation of summary qualities is time-consuming and may be
subjective, the automatic evaluation package, ROUGE [Lin and Hovy 2003], has been
widely used. ROUGE compares machine-generated summaries with model summaries based
on uni-gram overlap, bi-gram overlap and overlap with long distance. It is a recall-based
measure. ROUGE is not a comprehensive evaluation method. Instead, it provides a rough
idea about how likely a machine-generated summary can be regarded as human-rephrased
abstract. Generaly speaking, a summary with a higher ROUGE score is better than another

one with alower score. We employ ROUGE in our following experiments.

6.3.2 Training Data Preparation

Twenty-five of the thirty document clusters are used as training data and the remaining
five are used as testing data. There are 9212 training sentences and 1672 testing sentences in
total. To label the training data, one may need to judge whether a sentence is relevant to any
sentence in the model summaries This strategy is quite time-consuming. So we introduce
another approximate and cost bearable one. We use ROUGE to analyze the overlap between
each sentence in a document cluster and three model summaries. Sentences are ranked
according to its ROUGE-1 score. Only the sentences with higher ROUGE-1 scores are
labeled by the subject.

An initia observation on a randomly selected document cluster, i.e. d04, is conducted to
identify the appropriate threshold. There are 140 sentencesin this cluster. Among the first 46
sentences of them, 26, i.e. more than half, are important. However, among the last 94
sentences, only 11 are important. If we manually label the first 46 sentences and
automatically label the last 94 sentences as unimportant, 11 sentences will be labeled
incorrectly. The error rate is just about 8%. In fact, a 200-word summary requires 5-8
sentences on average. Even for those 26 important sentences, not al of them can be included

in the summary. On the other hand, 75% contents of model summaries can be covered by
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those 26 important sentences. Based on these observations, we simply rank all sentences by
ROUGE-1 scores first, and then manually label the top 1/3 sentences. The last 2/3 sentences

are automatically labeled as unimportant.

6.3.3 Experimentson Individual Feature Groups

Features presented in Section 6.2.2 are evaluated by groups according to precision and
recall. These two measures are employed to reflect the classification performance. If many
true important sentences are selected, it can be inferred that features employed in the
classification are effective. ROUGE is employed also to reflect the overlap between
machine-generated summaries and model summaries. With the help of these two evaluation
methods, we can see the performance about important sentence identification and the quality
of final summaries.

LIBSVM isasuitable classifier for our extractive summarization. Each feature value sent
to the classifier has been normalized as a real number which is between 0 and 1. As each
feature value is a positive real number or zero, we set the normalized feature value as the
original value over the maximum of this feature. A penalty parameter is necessary for the
classifier to balance positive and negative training examples. In the following experiments,
the recalls and precisions of different feature groups are given according to different penalty
parameter values. Please note that there are about 36 important sentences in a cluster and the
final summary contains about 5 to 6 sentences. Therefore the recall should be 0.15 or above.
When this condition is satisfied, the parameter values which can bring highest precision are
selected. For different features, there are different optimal parameter values.
6.3.3.1 Experiments on Surface Features

First each surface feature is evaluated separately to find the best one. The all of the five
features are used. The precisions and recals under different penalty parameter values are
shown in table 6.5. From this table, we can see the most useful features are “pos’ and

“dsenl”, i.e. the position of a sentence in the document and whether a sentence is the first
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sentence of a document. The combination of al surface features aso gets the best

performance, i.e. the precision score is 0.488 and the recall scoreis0.146.

Parameter | 1 2 3 4 5 6 7 8 9 10
P |0.000|0.000|0.550|0.262| 0.188 | 0.194 | 0.191 | 0.182 | 0.169 |0.151

en R |0.000|0.000|0.076|0.153| 0.229 | 0.361 | 0.514 | 0.632 | 0.708 |0.722
P |0.000|0.488]0.488 |0.488| 0.276 | 0.276 | 0.231 | 0.197 | 0.197 |0.169

bos R |0.000|0.146(0.146 |0.146| 0.243 | 0.243 | 0.271 | 0.403 | 0.403 |0.444
deenl P |0.000|0.488|0.488|0.488| 0.488 | 0.488 | 0.488 | 0.488 | 0.488 |0.086
R |0.000|0.146 |0.146 | 0.146| 0.146 | 0.146 | 0.146 | 0.146 | 0.146 |1.000

psenl P |0.0000.000 |0.000 |0.000| 0.000 | 0.000 | 0.000 | 0.099 | 0.086 |0.086
R |0.0000.000 {0.000 |0.000| 0.000 | 0.000 | 0.000 | 0.319 | 1.000 |1.000

mark P |0.000|0.000|0.000|0.000| 0.000 | 0.000 | 0.000 | 0.000 | 0.090 |0.090
R |0.000|0.000|0.000|0.000| 0.000 | 0.000 | 0.000 | 0.000 | 0.931 |0.931

Al Sur P 10.000(0.488]0.477|0.392| 0.291 | 0.258 | 0.231 | 0.224 | 0.211 |0.206
B R |0.000|0.146 {0.146 |0.264 | 0.354 | 0.444 | 0.507 | 0.576 | 0.625 |0.674

Table 6.5 The classification performance with surface features

6.3.3.2 Experiments on Content Features

We evaluate each content feature separately first, and then test groups of them. The
purpose of these experiments is to compare different word-weighting algorithms, such as
algorithms about centroid, signature term and high frequency word. The evaluation results
on individual features and combination features are shown in Table 6.6 and Table 6.7
respectively. From these two tables, we find that the best individual feature is FreqWord _Uni,
i.e. high frequency uni-gram. The best combination feature is the set of al six content

features. The precision and recall brought by this feature combination are 0.407 and 0.167.

Parameter 1 2 3 4 5 6 7 8 9 10
SigTerm P 10.000|0.333]0.348|0.327| 0.321 | 0.244 | 0.216 | 0.219 | 0.201 |0.180
_Uni R |10.000|0.042|0.167|0.250 | 0.347 | 0.458 | 0.583 | 0.604 | 0.604 |0.639
SigTerm P 10.000(0.273]0.258|0.275| 0.272 | 0.195 | 0.199 | 0.199 | 0.199 |0.200
_Bi R |0.000/0.021{0.056|0.174| 0.215 | 0.264 | 0.299 | 0.299 | 0.299 |0.313
CentroidVar P 10.000{0.000|0.417|0.257 | 0.243 | 0.192 | 0.183 | 0.168 | 0.150 |0.144
_Uni R |0.000|0.000|0.035|0.063| 0.285 | 0.431 | 0.750 | 0.819 | 0.847 |0.875
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CentroidVar P |0.000|0.556|0.395|0.304 | 0.235 | 0.215 | 0.205 | 0.206 | 0.201 |0.195
_Bi R 10.000(0.035|0.104|0.146 | 0.278 | 0.368 | 0.417 | 0.486 | 0.514 |0.556
Freg\Word P 10.000|0.3160.351|0.333| 0.295 | 0.248 | 0.189 | 0.176 | 0.174 |0.166
_Uni R |0.000/0.042{0.188|0.361| 0.451 | 0.514 | 0.597 | 0.618 | 0.653 |0.660
Freg\Word P |0.000|0.400|0.314|0.303| 0.284 | 0.275 | 0.272 | 0.266 | 0.258 |0.260
_Bi R 10.000(0.056 |0.076|0.257 | 0.347 | 0.382 | 0.410 | 0.438 | 0.444 |0.479

Table 6.6 The classification performance with individual content features

Parameter 1 2 3 4 5 6 7 8 9 10
SigTerm P |0.000{0.333|0.348|0.327 | 0.321 | 0.244 | 0.216 | 0.219 | 0.201 |0.180
_Uni&Bi | R {0.000|0.042 |0.167|0.250 | 0.347 | 0.458 | 0.583 | 0.604 | 0.604 |0.639

CentroidVar P |0.000{0.556|0.353|0.250 | 0.239 | 0.221 | 0.218 | 0.201 | 0.203 |0.195
_Uni&Bi | R [0.000|0.035|0.083|0.167 | 0.236 | 0.299 | 0.375 | 0.403 | 0.528 |0.632
Freg\Word P |0.000{0.381|0.349|0.306 | 0.296 | 0.255 | 0.205 | 0.180 | 0.172 |0.176
_Uni&Bi | R |0.000(0.056 |0.153|0.264 | 0.410 | 0.507 | 0.576 | 0.597 | 0.611 |0.653
All G P |0.000{0.316|0.407|0.345| 0.276 | 0.253 | 0.239 | 0.219 | 0.205 |0.197

on
B R 10.000{0.042|0.167|0.285| 0.410 | 0.514 | 0.583 | 0.618 | 0.646 |0.701

Table 6.7 The classification performance with combinational content features

6.3.3.3 Experiments on Event Features

We test our event-based summarization features under the learning-based framework.

The best instance-based and concept-based event summarization approaches are employed to

given weight scores of sentences, which are used as values of event features. The two event

features are tested separately first, later onthey are used together to given the final decision.

The classification results are shown in Table 6.8. It can be seen that the performance of

concept-based event summarization is better than the instance-based one generally.

Parameter 1 2 3 4 5 6 7 8 9 10
Event P |0.000 | 0.000|0.346 |0.198 | 0.187 | 0.181 | 0.160 | 0.122 | 0.114 |0.112
_Inst | R | 0.000 | 0.000 |0.063 [0.181 | 0.257 | 0.299 | 0.389 | 0.639 | 0.674 |0.694
Event P |0.000 | 0.214 |0.436 |0.257 | 0.230 | 0.202 | 0.177 | 0.157 | 0.141 |0.134
_Con | R | 0.000|0.021|0.118 |0.326 | 0.417 | 0.493 | 0.535 | 0.618 | 0.667 |0.701
All P {0.000 | 0.545|0.344 |0.252 | 0.236 | 0.199 | 0.171 | 0.157 | 0.146 | 0.138
_Event| R {0.000 | 0.042|0.146 | 0.243 | 0.354 | 0.465 | 0.590 | 0.639 | 0.674 |0.694

Table 6.8 The classification performance with event features
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6.3.3.4 Experiments on Relevance Features

To evaluate the role of relevance between sentences, we test the features come from links
between sentences. Three kinds of relevance are exploited as three features and their
performance is shown in Table 6.9. It can be seen that the most useful feature is DocFirstRel,
i.e. how likely a sentence is similar to the first sentence of a document. On the other hand,
the feature how likely a sentence is similar to the first sentence of a paragraph is not helpful.
The performance of the combination of all relevance features is also the best. The precision

is0.488 and the recall is 0.146.

Parameter 1 2 3 4 5 6 7 8 9 10
DocFirstRel P 10.000|0.488|0.488|0.488| 0.488 | 0.169 | 0.159 | 0.150 | 0.140 |0.130
R [0.000|0.146|0.146 |0.146| 0.146 | 0.271 | 0.354 | 0.403 | 0.424 |0.438
ParaFirstRel P |0.000|0.000{0.000{0.000| 0.000 | 0.000 | 0.000 | 0.099 | 0.086 |0.086
R {0.000|0.000{0.000|0.000| 0.000 | 0.000 | 0.000 | 0.319 | 1.000 |1.000
P 10.000{0.000|0.000(0.000| 0.168 | 0.151 | 0.145 | 0.127 | 0.118 |0.114

PageRankRel
R |{0.000|0.000{0.000{0.000| 0.208 | 0.313 | 0.444 | 0.563 | 0.632 |0.667
All R P |0.000|0.488|0.488|0.488| 0.457 | 0.218 | 0.190 | 0.172 | 0.156 |0.138
B R |0.000|0.146|0.146 {0.146| 0.146 | 0.326 | 0.451 | 0.556 | 0.604 |0.646

Table 6.9 The classification performance with relevance features

6.3.4 Experiments on Combinational Feature Groups

After evaluating each group of features individualy, we investigate their combinations.
First every two feature groups are employed in the experiments, then every three groups and
four groups of features. The performance on these feature groups is shown in Table 6.10,
Table 6.11 and Table 6.12 respectively. The best performance on every two feature groupsis
achieved when surface features and event features are used. The precision and recall is 0.6
and 0.125. The performance comes from content features and relevance featuresis similar. It
seems that all four types of features are useful. Surface, content and relevance features bring
the best performance on every three feature groups. The precision is 0.595 and the recall is

0.174. When we use al four groups of features, the precision and recall is 0.579 and 0.153.
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Parameter 1 2 3 4 5 6 7 8 9 10
Sur& Con P |10.000|0.575|0.432|0.373| 0.328 | 0.282 | 0.266 | 0.247 | 0.234 |0.221
R 10.000|0.160{0.264|0.347 | 0.458 | 0.514 | 0.590 | 0.639 | 0.674 |0.694
Sur& Event P [0.500|0.600|0.472{0.336| 0.279 | 0.251 | 0.231 | 0.206 | 0.202 |0.192
R [0.007|0.125|0.236(0.313| 0.396 | 0.514 | 0.597 | 0.618 | 0.694 |0.736
SureRd P 10.000|0.488|0.450|0.320| 0.299 | 0.256 | 0.256 | 0.248 | 0.234 |0.226
r
R 10.000|0.146{0.188|0.285| 0.389 | 0.417 | 0.493 | 0.583 | 0.653 |0.708
P [0.000{0.353|0.384(0.353| 0.275 | 0.242 | 0.224 | 0.207 | 0.193 |0.179
Con& Event
R [0.000(0.042]0.194(0.340| 0.424 | 0.521 | 0.583 | 0.625 | 0.653 |0.660
Cong.Rd P 10.000|0.588(0.423|0.376| 0.303 | 0.266 | 0.246 | 0.228 | 0.218 |0.210
on
R 10.000(0.139(0.229|0.326| 0.424 | 0.493 | 0.563 | 0.604 | 0.646 |0.701
P 11.000|0.543|0.416|0.346| 0.283 | 0.213 | 0.184 | 0.165 | 0.153 |0.145
Event& Rel
R [0.007|0.132|0.222(0.257| 0.361 | 0.535 | 0.604 | 0.618 | 0.632 |0.653

Table 6.10 The classification performance with two feature groups

Parameter 1 [ 2]3]4a] 5 66 7 8 9 | 10
sureCon | P |1:000[0595/0.434[0.375] 0.321 | 0.276 | 0.253 | 0.239 | 0.221 [0.221
&Event | R [0.007|0.153|0.250]0.354| 0.472 | 0.514 | 0.590 | 0.646 | 0.674 |0.715
surg Con | P |0-000(0.595/0.434/0.389| 0.330 | 0.282 | 0.261 | 0.249 | 0.235 [0.228
&Rel  [R[0.000]0.174]0.250|0.354| 0.465 | 0.521 | 0.583 | 0.632 | 0.667 |0.688
sura Event | P |1:000(0.553/0.436/0.312 0.282 | 0.255 | 0.229 | 0.222 | 0.215 [0.197
&Rel | R [0.007]0.146(0.236(0.299| 0.403 | 0.493 | 0.542 | 0.625 | 0.694 |0.722
Cong Event | P |0-000(0.581(0.385|0.376| 0.289 | 0.557 | 0.221 | 0217 | 0.198 [0.192
&Rel  [R[0.000]0.125[0.208]0.347| 0.424 | 0.507 | 0.549 | 0.604 | 0.632 |0.660

Table 6.11 The classification performance with three feature groups

Parameter 1 2 3 4 5 6 7 8 9 10
P [1.000|0.579|0.424|0.372| 0.316 | 0.279 | 0.251 | 0.243 | 0.229 |0.218
R [0.007]0.153|0.250|0.354| 0.465 | 0.528 | 0.590 | 0.639 | 0.667 |0.694

Sur& Con&
Event& Rel

Table 6.12 The classification performance with all feature groups

6.3.5 Experiments on ROUGE Evaluations

ROUGE is employed to evaluate groups of features and the corresponding results are

shown in Table 6.13. From this table, we can see surface features and relevance features
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achieve best ROUGE-1 performance, and then content features and event features. The
performance of event features is comparable to that of content features. Please note that there
are six content features and just two event features. The best results in al experiments
(ROUGE-1 is 0.396) are close to the upper bound 0.422, which is achieved from manual
summaries. It can be seen that the learning-based framework and employed features are

successive for extractive summarization.

Precision | Recall ROUGE-1|ROUGE-2| ROUGE-L
Sur 0.488 |0.146 | 0.373 0.103 0.356
Con 0.407 |0.167| 0.352 0.074 0.334
Event 0.344 |0.146| 0.344 0.064 0.325
Rel 0488 |0.146 | 0.373 0.103 0.356
Sur+Con 0575 |0.160 | 0.380 0.109 0.363
Sur+Event 0.600 |0.125| 0.348 0.091 0.332
Sur+Rel 0.488 |0.146| 0.373 0.103 0.356
Con+Event 0384 [0.194 | 0.344 0.071 0.330
Con+Rel 0.588 [0.139| 0375 0.103 0.358
Sur+Con+Event 0.595 |0.153| 0.379 0.106 0.363
Sur+Con+Rél 0.595 |0.1274| 0.396 0.116 0.374
Con+Event+Rel 0581 |0.125| 0.371 0.101 0.353
Sur+Con+Event+Rel | 0579 |0.153 | 0.375 0.106 0.359

Table 6.13 The ROUGE results on each feature group

6.3.6 Experimentson Reranking

When the total number of the words in the important sentences labeled by a SVM
classifier is far beyond or far away from 200 words, i.e. the length limitation of summaries
required, the reranking procedure becomes necessary. To investigate which feature or
features are suitable as re-ranking criteria, we design six different schemes based on different
surface features and content features. The results are given in Table 6.14. It can be seen that
the best performance is achieved when length and paosition of sentences are used together as

the re-ranking criteria.
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ROUGE-1|ROUGE-2 | ROUGE-L
Length 0.383 0.111 0.352
Position 0.383 0.108 0.346
L ength+Position 0.3%4 0.116 0.357
FregwWord_Uni 0.382 0.111 0.341
FregwWord_Bi 0.381 0.110 0.341
FregWord Uni&Bi| 0.384 0.114 0.343

Table 6.14 The ROUGE results from different re-ranking schemes

6.4 Discussion

The centroid features presented in Section 6.2.2 are not exactly same as discussed in
[Radev et a. 2004]. We compute the idf factor over the documents within a cluster in stead
of over al clusters. The precision and recall of the latter are 0.299 and 0.139. Corresponding
ROUGE-1 and ROUGE-2 scores are 0.361, and 0.085 respectively. ROUGE results of
centroid features used in this way are comparable with other content features. However, the
results become worse when they are combined with other features.

In our preliminary experiments with signature word features, better ROUGE results are
achieved if we count number of them, rather than sum weights of them. When we further
explore the other two content features, we find it also applies to the centroid features
although not to high frequency word features (see Table 6.15). However, when we combine
the content features calculated by numbers with other kinds of features, no improvement is

achieved at al. Thisisastrangeresult to us and need more efforts to study in the future.

ROUGE-1 | ROUGE-2 | ROUGE-L
Centroid_Uni&Bi 0.361 0.085 0.325
Centroid_Uni&Bi_Num 0.379 0.086 0.345
SigTerm_Uni&Bi 0.356 0.059 0.318
SigTerm _Uni&Bi_Num 0.361 0.075 0.329
FregWord_Uni&Bi 0.366 0.081 0.327
FregWword _Uni&Bi_Num| 0.350 0.074 0.318

Table 6.15 The ROUGE results on unigram and bigram content features
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To compare with the learning based approach, we also conduct linear combination based
summarization approach. All summarization features are used and they are same as those
involved in learning based approach. The test data and evaluation tool are same also. We set
the weight parameters for each feature as equal experimentally. The Rouge-1 and Rouge-2
scores are 0.362 and 0.008 respectively for linear combination based approach. However,
they are 0.375 and 0.106 for leaning based approach (Table 6.13). This comparison partialy
shows that learning based summarization approach is better than linear combination based

one.

6.5 Chapter Summary

We employ a learning-based framework to extract important sentences by exploiting
surface, content, relevance and event features. As we discussed in Section 6.2, binary
classification is chose to fulfill this task. Different re-ranking schemes are proposed and the
best one is based on two surface features. Under this framework, experiments show that our
feature combinations achieved competitive result. The highest performance in our
experiments is achieved by the combination of surface, content and relevance features. The
ROUGE-1 scoreis 0.396. It is a competitive result on this data set.

Experiments show that relevance features or surface features are able to achieve highest
performance individually (ROUGE-1 0.373). Based on the combination of surface features
and content features, if relevance features are incorporated the ROUGE-1 score can be
improved obviously from 0.380 to 0.396. It can be seen that relevance features are important
to extractive summarization. We also find that the performance from event features is

comparable to that of content features.
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Chapter 7

Conclusion

The major objective of this study is to investigate summarization techniques with the
help of tempora information. There are three main problems to be resolved. The first oneis
how to represent contents of documents. The second one is how to identify important
contents in documents. Tempora information is a possible source to be exploited in this
procedure. The third one is how to identify and normalize temporal expressions to get
temporal information.

Event is natura unit to represent meanings embedded in documents. Extractive
summarization approaches based on event instance and event concept are investigated. In
this study event is defined as event terms and associated event elements at sentence level.
Event terms are verbs and action nouns, while event elements contain four types of named
entities, such as person names, organization names, locations and times. One occurrence of
an event term/element in a document is an instance of the event term/element, while the
collection of the same event term/element is a concept of the event term/element. Two kinds
of summarization approaches are proposed based on event instance and concept respectively.

Independent extractive summarization approaches based on event instance are studied
first, and then relevant one Documents often narrate more than one similar or related event.
Therefore it can be seen that the relevance between events is a possible source to be
exploited to improve the summarization performance. In the independent approach the
contents of documents are represented by event instances and an event instance is weighted
by its frequency. The weight of each sentence is the sum of weights of event instances. In

relevant approach the contents of documents are also represented by event instances, but
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same instances are connected and an event map is built. A suitable link analysis algorithm —
PageRank is used to evaluate the weight of each node in this map, i.e. each event instance.
Finally each sentence is weighted according to the event instances contained in them.

ROUGE is employed in experiments of this study to measure unigram or bigram overlap
between machine-generated summaries and model summaries. The ROUGE-1 score of
independent and relevant instance-based event summarization approaches are 0.315 and
0.334 respectively. It can be seen that the relevance is useful to improve the quality of
summaries. Therefore just relevant concept-based event summarization approaches are
investigated.

The relevance between two concepts of event term/element may be intra-event or inter-
event. Here intra-event relevance means two concepts occur in same event. One kind of
inter-event relevance comes from the similarity of two concepts in WordNet. Another kind
of inter-event relevance exists between every two event terms/elements which co-occur with
the other event term/element. Other inter-event relevance is also investigated, which are
based on lexica similarity, clustering and window size. Different relevance schemes are
compared. The best performance is from the combination of the intra-event relevance and
the inter-event relevance which lies between event elements co-occurred with same event
terms. The ROUGE-1 score is 0.352. The relevant concept-based approach achieves better
results, compared with the relevant instance-based approach.

As the limitation of natura language processing techniques nowadays, genera
summarization approaches suitable to al types of document are nearly impossible. It is
obvious that topics may shift over time in news documents. For example, the topic of a
cluster of documents in DUC 2001 data collection is fires in USA. Different descriptions
about fires at different years are given. This characteristic can be exploited to improve
summarization approaches. The performance of event-based summarization approaches is
promising in our previous study. Therefore the function of temporal information is explored

based on event summarization. Event concept is a set of instances which occur on different
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times, so it is not suitable to be improved by temporal information. Therefore independent
instance-based summarization is selected as the baseline.

To filter errorsintroduced by temporal information processing, thisinformation is tagged
manually. Event instances are anchored on certain days of the time line and their importance
is evaluated from local and global points of views. It is assumed that important events are

those occurring frequently in certain periods and mainly within certain periods. Two
statistical measures, temporal tf*idf and ¥, are employed. Each of them can be used to

evaluate the association of event instances to a certain period and width of event instance
distribution on the time line. The importance of each sentence is evaluated by the sum of the
weights of all the event instances contained in it. Then sequential and round robin sentence
selection strategies are compared. The combination of tf*idf and sequential sentence
selection by sentence weight performs best. Compared with event-based summarization
without considering temporal distribution, it improves ROUGE-1 by 18.8% in the
preliminary experiments. This approach aso achieves significant improvement when
evaluated by a subject. The experiment on documents with auto-tagged temporal information
also shows the improvement.

It's difficult to extract sentences according to one universal feature of sentences. Kinds
of features are proposed in related work and this study. To combine these features effectively
a learning-based frame work is designed. Event-based summarization approaches is
employed to generate event features of sentences. Surface, content and relevance features are
also used to decide the importance of sentences. Surface features reflect externa
characteristics of sentences, such as their position in documents. Content features refer to the
use of frequent or significant words. Relevance features refer to those less easily observed
features of a sentence, such as the relevance between a sentence and the first sentence of a
document. Experiments show that the combination of surface, content and relevance features

achieves the best performance. The ROUGE-1 score of these featuresis 0.396. It also can be
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seen that the performance from event features is comparable to that of content features. It
seems that event-based approaches are applicable way s for summarization.

Tempora information processing is valuable in many NLP applications, for example,
document summarization. Contents can be anchored on the time line and their distributions
can be exploited to identify the focus. Temporal expressions convey crucial information for
the anchoring. Temporal expressions are defined as chunks of text which convey knowledge
about time point or duration. According to TIMEX2 guidelines, tempora expressions
include dates, times of day, durations, frequency expressions, event-anchored expressions,
and so on. To retrieve useful tempora information, the extents of temporal expressions in
raw text should be identified and then temporal attributes of the expressions should be
explained according to the guideline. An English system, which is rule-based with the help
of constraints, is designed for the two tasks. The evaluation results of this system are
comparable to those of English systems at TERN 2004. A Chinese system is also designed
and its evaluation results are the best among those of Chinese systems at TERN 2004.

In short, this study has made five major contributions:

1 Instance-based event summarization approaches are proposed to identify the focus
of acluster of documents. The context of event term, such as the number and type
of named entities, is investigated in independent approaches. It is found that the
context does not influence the summarization performance heavily. It is also found
that independent event-based summarization approaches are suitable to generate
longer summaries. Relevant instance-based approaches build an event map and
then use PageRank to evaluate the importance of event instances. Compared with
independent approaches, it achieves significant improvement.

2. An event concept is a set of event instances. Relevant concept-based event
summarization approaches are proposed to investigate different types of relevance

between event concepts. Intra-event and inter-event relevance are considered.
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Experiments show that the inter-event relevance between event element and event
element achieves the best results with the help of intra-event relevance.
To identify the important contents of documents which contain topics shifting over

time, temporal—oriented event-based summarization is investigated. Event
instances are anchored on the time line. Two statistics, tf*idf and x?, are used to

evaluate the importance of instances. Round robin and sequential sentence
selection strategies are proposed to generate the final summary. Compared with
event-based summarization without considering time, tf*idf and sequential
selection strategy achieve significant improvement.

A universa learning-based framework is proposed to incorporate multiple
sentence features. Surface, content, event and relevance features are investigated.
Experiments show that surface and relevance features achieve best performance
when just one type of features is used. The performance of event features is
comparable to that of content features. The best results of this framework
(ROUGE-1 is 0.396) are close to the upper bound 0.422, which is achieved from
manual summaries.

Tempora expression extraction and normalization systems are designed for
English and Chinese. These two systems are based on grammar rules and
constraint rules. They are easily to be adapted to other languages. The Chinese
system achieves the highest performance at TERN 2004 and the performance of

English systemisin the middie of al evaluation results.
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