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Abstract

The task of creating indicative sum-

maries that help a searcherdecide
whetherto reada particulardocument
is a difficult task. This paperexam-

ines the indicative summarizatiortask
from a generationperspectie, by first

analyzingits requiredcontentvia pub-

lished guidelinesand corpusanalysis.
We shav how thesesummarieanbe

factorednto asetof documenfeatures,
andhow animplementeccontentplan-

ner usesthe topicality documentfea-

tureto createindicative multidocument
guery-basedummaries.

1 Introduction

Automatic summarization techniques have
mostly neglectedthe indicative summary which
characterizesshatthedocumentsreabout. This
is in contrastto the informative summarywhich
senesasasurrogatdor thedocumentindicative
multidocumentsummariesare an importantway
of helping a user discriminate betweenseveral
documentseturnedby a searchengine.
Traditionalsummarizatiorsystemsare primar
ily basedntext extractiontechniquesFor anin-
dicative summary which typically describeshe
topics and structuralfeaturesof the summarized
documentstheseapproachegan producesum-
mariesthataretoo specific.In this paperwe pro-
posea naturallanguagegeneratior(NLG) model
for the automaticcreationof indicative multidoc-
umentsummariesOur modelis basedntheval-
uesof high-level documentfeatures,suchasits
distribution of topicsandmediatypes.
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Summary of the Disease: Angina
We found 4 documents on Angina:

Navigational Aids

Extracted Summarﬁ
1

Highlighted differ ences between the documents:

O This file (5 minute emergency medicine consult) is
close in content to the extract.

O More information on additional topics which are not
included in the extract is available in these files
(The American Medical Assocation family medical
guide and The Columbia University College of
Physicians and Surgeons complete home medical guidt
The topics include "definition" and "what are the risks?"

O The Merck manual of medical information contains
extensive information on the topic.

Generated Summary

Figure 1: A CENTRIFUSER summaryon the
healthcareopic of “Angina”. The generatedn-

dicative summaryin the bottom half cateyorizes
documentsby their differencein topic distribu-

tion.

Specifically we focuson the problemof con-
tent planningin indicative multidocumentsum-
mary generation. We addressthe problem of
“what to say” in Section2, by examining what
documentfeaturesare important for indicative
summariesstartingfrom a singledocumenicon-
text andgeneralizingo a multidocumentguery-
basedcontet. Thisyieldstwo rules-of-thumifor
guiding contentcalculation: 1) reporting differ-
encedrom thenormand2) reportinginformation
releventto thequery

We have implementedheserulesaspartof the
contentplanningmodule of our CENTRIFUSER
summarizatiorsystem. The summarizess archi-
tecturefollows the consensudNLG architecture
(Reiter 1994),includingthestage®f contentcal-
culation and contentplanning. We follow the
generatiorof a sampleindicative multidocument
qguery-basedummary shown in the bottom half



of Figure1, focusingon thesetwo stagesn the
remaindeiof the paper

2 Document featuresas potential
summary content

Informationabouttopicsandstructureof thedoc-

ument may be basedon higherlevel document
features. Such information typically does not

occur as stringsin the documenttext. Our ap-

proach,therefore,is to identify and extract the

documentfeaturesthat are relevant for indica-

tive summaries. Thesefeaturesform the poten-
tial contentfor the generatedsummaryand can
be representedit a semanticlevel in much the

sameway as input to a typical languagegener

atoris representedn this sectionwe discusshe

analysiswe did to identify featuresof individual

and setsof multiple documentghat arerelevant
to indicative summarieandshow how featurese-
lectionis influencedby theuserquery

2.1 Featuresof individual documents

Documentfeaturescanbe divided into two sim-

ple categyories: a) thosewhich can be calculated
from the documentbody (e.g. topical struc-
ture (Hearst,1993) or readability using Flesch-
Kincaid or SMOG (McLaughlin, 1969) scores),
andb) “metadata”’featureshat may not be con-
tained in the sourcearticle at all (e.g. author
name,mediaformat, or intendedaudience). To

decidewhich of thesedocumenfeaturesareim-

portantfor indicative summarizationwe exam-
ined the problemfrom two pointsof view. From
atop-donvn perspectie, we examinedprescriptive

guidelinesfor summarizatiorand indexing. We

analyzeda corpusof indicative summariegor the
alternatve bottom-upperspectie.

Prescriptive Guidelines. Book cataloguesn-
dex a numberof differentdocumentfeaturesin
order to provide enhancedsearchaccess. The
United StatesMARC format (2000), providesin-
dex codesfor document-deviedfeaturessuchas
for a document tableof contents.It providesa
larger amountof index codesfor metadatadocu-
ment featuressuchas fields for unusualformat,
size,andspecialmedia. ANSI's standardon de-
scriptionsfor book jackets(1979) asksthat pub-
lishers mentionunusualformats, binding styles,
or whethera booktargetsa specificaudience.

Descriptive Analysis. Naturally indicative
summariegcanalsobe foundin library catalogs,
sincethe goalis to help the userfind what they
need. We extracteda corpusof singledocument
summarie®f publicationsin the domainof con-
sumethealthcarefrom alocallibrary. Thecorpus
contained82 summariesaveraginga short 2.4
sentenceper summary We manuallyidentified
severaldocumenfeaturesusedin the summaries
andcharacterizedheir percentageppearance
thecorpus presentedh Tablel.

DocumentFeature % appearance
in corpus

Document-derived features

Topicality 100%

(e.g.“Topicsincludesymptoms,.”)

ContentTypes 37%

(e.g.“figuresandtables”)

InternalStructure 17%

(e.g."“is organizednto threeparts”)

Readability 18%

(e.g.“in plain English”)

SpecialContent 7%

(e.g.“Offers12 credithours”)

Conclusions 3%

M etadata features

Title 32%

Revised/Edition 28%

Author/Editor 21%

Purpose 18%

Audience 17%

Background/Lead 11%

Source 8%

(e.g.“basedonareport”)

MediaType 5%

(e.g.“Spans2 CDROMs”)

Table1: Distribution of documentfeaturesin li-
brary catalogsummarief consumethealthcare
publications.

Our studyreportsresultsfor a specificdomain,
but we feel that somegeneralconclusionsanbe
dravn. Document-detied featuresare mostim-
portant(i.e., mostfrequently occuring)in these
single documentsummarieswith direct assess-
mentof the topicsbeingthe mostsalient. Meta-
datafeaturessuchasthe intendedaudience and
the publicationinformation (e.g. edition) infor-
mation are also often provided (91% of sum-
marieshave at leastone metadatafeaturewhen



they areindependentlyistributed).

2.2 Generalizing to multiple documents

We could not find a corpusof indicative multi-
documentsummariedo analyze,sowe only ex-
amineprescriptve guidelinesfor multidocument
summarization.

The OpenDirectory Projects (an opensource
Yahoo!-like directory) editor’s guidelines(2000)
stateghatcateyory pageshatlist mary different
websitesshould “make clear what makesa site
differentfrom therest”. “the rest” herecanmean
several things, suchas‘“rest of the documentsn
the setto be summarized’or “the restof thedoc-
umentsin the collection”. We renderthis asthe
following rule-of-thumbl:

1. for a multidocumentsummary a content
plannershouldreportdifferencesn the doc-
ument that deviate from the norm for the
documenttype.

This suggestghat the contentplannerhasan
idea of what valuesof a documentfeature are
consideredchormal. Valuesthat are significantly
different from the norm could be evidence for
a userto selector avoid the document;hence,
they shouldbe reported. For example, consider
the document-devied feature, length: if a doc-
umentin the setto be summarizeds of signifi-
cantly shortlength, this fact shouldbe broughtto
theusers attention.

We determine a document features norm
value(s)hasednall similardocumentsn thecor-
puscollection. For example,if all thedocuments
in thesummarysetareshorterthannormal,thisis
alsoa factthatmay be significantto reportto the
user The normsneedto be calculatedrom only
documentf similar type (i.e. documentof the
samedomainandgenre)sothatwe canmodeldif-
ferentvaluethresholddor differentkinds of doc-
uments.In thisway, we candiscriminatebetween
“long” for consumethealthcarearticles(over 10
pagesyersusiong” for mysterynovels(over 800

pages).
2.3 Generalizingtointeractive queries

If we wantto augmenta searchengines ranked
list with an indicative multidocumentsummary
we mustalsohandlequeries. The searchengine

rankedlist doesthis often by highlighting query
termsand/orby providing the context arounda
query term. Generalizingthis behaior to han-
dling multiple documentswe arrive at rule-of-
thumb2.

2. for a query-basedummary a contentplan-
nershouldhighlight differenceghatarerel-
evantto thequery

This suggeststhat the query can be usedto
prioritize which differencesare salient enough
to reportto the user The query may be rele-
vantonly to a portion of a documentgdifferences
outside of that portion are not relevant. This
mostly affects document-devied documentfea-
tures,suchastopicality. For example,in the con-
sumerhealthcaralomain,a summaryin response
to a query on treatmentsof a particulardisease
may not wantto highlight differencesn the doc-
umentsf they occurin the symptomssection.

3 Introduction to CENTRIFUSER

CENTRIFUSER is the indicative multi-document
summarizationsystemthat we have developed
to operateon domain- and genre-specificdoc-
uments. We are currently studying consumer
healthcarearticlesusingit. The systemproduces
a summaryof multiple documentsbasedon a
guery producingboth an extract of similar sen-
tenceqseeHatzivassiliglouetal. (2001) aswell
asgeneratingext to representlifferencesWe fo-
cushereonly on the contentplanningenginefor
the indicative, differencereportingportion. Fig-
ure2 showsthearchitectureof the system.

We designedCENTRIFUSER'’S input basedon
the requirementsfrom our analysis; document
featuresare extractedfrom the input texts and
sene as the potential contentfor the generated
summary CENTRIFUSER usesa planto select
summarycontentwhich wasdevelopedbasedn
our analysisandtheresultingpreviousrules.

Our currentwork focusesonthedocumentea-
ture which mostinfluencessummarycontentand
form, topicality. It is alsothe mostsignificantand
usefuldocumenfeature.We have foundthatdis-
cussionof topicsis the mostimportantpartof the
indicative summary Thus, the text plan is built
aroundthe topicality documentfeatureandother
featuresaareembedde@dsneeded Our discussion
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Figure2: CENTRIFUSER architecture.

now focuseson how thetopicality documenfea-
tureis usedin thesystem.

In the next sectionswe detail the threestages
that CENTRIFUSER follows to generatahe sum-
mary: contentcalculation,planningandrealiza-
tion. In the first, potential summarycontentis
computedby determininginput topicspresentin
the documentset. For eachtopic, the systemas-
sessedts relevanceto the queryandits prototyp-
icality givenknowledgeaboutthe topicscovered
in the domain. More specifically eachdocument
is corvertedto a tree of topics and eachof the
topicsis assigned topic typeaccordingto its re-
lationshipto the queryandto its normative value.
In the secondstage,our contentplannerusesa
text plan to selectinformation for inclusion in
the summary In this stage CENTRIFUSER deter
mineswhich of seven documentypeseachdoc-
umentbelongsto, basedon the relevanceof its
topicsto the queryandtheir prototypicality The
plangenerates separata@escriptionfor the doc-
umentsin eachdocumentype, asin the sample
summaryin Figurel, wherethreedocumentat-
egorieswas instantiated. In the final stage,the
resultingdescriptionis lexicalizedto producethe
summary

4 Computing potential content:
topicality astopic trees

In CENTRIFUSER, the topicality documentfea-
ture for individual documentss representedy
a treedatastructure. Figure 3 givesan example
document topic tree for a singleconsumehealth-

Coronary Artery Diseasg

Document: Merck.xml

Figure 3: A topic tree for an article aboutcoro-
nary artery diseasefrom The Merck manual of
medical information, constructedautomatically
from its sectionheaders.

carearticle. Eachdocumentin the collectionis
representedy such a tree, which breakseach
documentstopicinto subtopics.

We build thesedocumentopic treesautomati-
cally for structureddocumentsisinga simpleap-
proachthat utilizes sectionheaderswhich suf-
fices for our currentdomainand genre. Other
methodssuchaslayout identification(Hu et al.,
1999) andtext sggmentatior/ rhetoricalparsing
(Yaari,1999;Kan etal., 1998; Marcu,1997)can
sene asthe basisfor constructingsuchtreesin
both structuredand unstructureddocumentsye-
spectvely.

4.1 Normativetopicality as compositetopic
trees

As statedn rule 1, the summarizeneedsorma-
tive valuescalculatedfor eachdocumenteature
to properly computedifferencesbetweendocu-
ments.

The composite topic tree embodies this
paradigm. It is a data structurethat compiles
knowledge about all possibletopics and their
structurein articles of the sameintersectionof
domainandgenre,(i.e., rule 1's notion of “doc-
umenttype”). Figure4 shows a partial view of
sucha tree constructedor consumethealthcare
articles.

The compositetopic tree carriestopic infor-
mationfor all articlesof a particulardomainand
genrecombination. It encodesachtopic’srela-
tive typicality, its prototypicalpositionwithin an
article,aswell asvariantlexical formsthatit may
be expressedhs (e.g. alternateheaders).For in-
stancejn thecompositdopictreein Figure4, the
topic “Symptoms”is very typical (.95 out of 1),
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Figure4: A samplecompositeopic treefor con-
sumerhealthinformationfor diseases.

may be expressedsthevariant“Signs” andusu-
ally comesafter otherits sibling topics (“Defini-
tion” and“Cause”).

Compiling compositetopic treesfrom sample
documentss anon-trivial taskwhich canbedone
automaticallygivendocumentopic trees.Within
our project, we developedtechniqueghat align
multiple documenttopic trees using similarity
metrics, and then meige the similar topics (Kan
etal., 2001),resultingin a compositeopic tree.

5 Content Planning

NLG systemstraditionally have three compo-
nents: contentplanning, sentenceplanningand
linguistic realization. We will examinehow the
systemgenerategshe summaryshowvn earlierin
Figurel by steppingthrougheachof thesethree
steps.

During contentplanning, the systemdecides
what informationto corvey basedon the calcu-
latedinformationfrom the previous stage Within
the context of indicative multidocumentsumma-
rization, it is importantto show the differences
betweerthedocumentgrule 1) andtheirrelation-
shipto thequery(rule 2). Onewayto do sois to
classifydocumentsccordingto theirtopics’ pro-
totypicality andrelevanceto the query Figure5
givesthedifferentdocumentcategorieswe useto
capturethesenotionsandthe orderin which in-
formation abouta categyory shouldbe presented
in asummary

Irrelevant Generic

Figure5: Indicative summarycontentplan, solid
edgesndicatemovesin the samplesummary

5.1 Document categories

Each of the documentcatgoriesin the content
planin Figure5 describeslocumentshataresim-
ilar in their distribution of information with re-
spectto thetopicalnorm (rule 1) andto thequery
(rule 2). We explain thesedocument categories
foundin thetext planbelown. Theexamplesin the
list below pertainto a generalqueryof “Angina”
(aheartdisorder)n thesamedomainof consumer
healthcare.

1. Prototypical - containsinformation that
onewould typically expectto find in anon-topic
documentof the domainand genre. An exam-
ple would be areferencework, suchasThe AMA
Guide to Angina.

2. Comprehensive - coversmostof thetypical
contentbut may alsocontainotheraddedtopics.
An examplecould be a chapterof a medicaltext
onangina.

3. Specialized - aremorenarrav in scopethan
the previous two cateyories, treatingonly a few
normaltopicsrelevantto thequery A specialized
examplemightbeadrugtherapyguidefor angina.

4. Atypical - containshigh amountsof rare
topics,suchasdocumentshatrelateto othergen-
resor domains,or which discussspecialtopics.
If thetopic “Prognosis”is rare,thena document
aboutlife expectang of anginapatientswould be
anexample.

5. Deep - areoften barely connectedvith the
guery topic but have much underlyinginforma-
tion abouta particularsubtopicof the query An
exampleis adocumenbn“Surgical treatment®f
Angina”.

6. Irrelevant - containgmostlyinformationnot
relevantto the query Thedocumenmay bevery
broad, covering mostly unrelatedmaterials. A



documentaboutall cardiovasculardiseasesnay
be consideredrrelevant.

7. Generic - don't displaytendenciesowards
ary particulardistribution of information.

5.2 Topictypes

Each of thesedocumentcateyories is different
becausethey have an underlying differencein
their distribution of information. CENTRIFUSER
achievesthis classificationby examiningthe dis-
tribution of topic types within a document.CeN-
TRIFUSER typeseachindividual topic in the in-
dividual documentopic treesasoneof four pos-
sibilities: typical, rare, irrelevant and intricate.
Assigningtopictypesto eachtopicis doneby op-
erationalizingour two contentplanningrules.

To apply rule 2, we mapthe text queryto the
single mostsimilar topic in eachdocumentopic
tree (currently doneby string similarity between
the query text and the topic’s possiblelexical
forms). This single topic node— the querynode
— establishes relevantscopeof topics. Therele-
vantscopedefinesthreeregionsin theindividual
topic tree,shavn in Figure6: topicsthatarerel-
evantto thequery onesthataretoointricate, and
onesthatareirrelevant with respecto the query
Irrelevanttopicsare not subordinateo the query
node,representingopicsthataretoo broador be-
yond the scopeof the query Intricatetopicsare
too detailed;they aretopicsbeyond & hopsdown
from the querynode.

Eachindividual document ratio of topicsin
thesethree regions thus definesits relationship
to the query: a documentwith mostly informa-
tion on treatmentwould have a high ratio of rele-
vantto othertopicsif givenatreatmentjuery;but
the samedocumentgiven a query on symptoms
would have amuchlower ratio.

To apply rule 1, we needto know whethera
particulartopic “deviatesfrom the norm” or not.
We interpretthis aswhetheror not the topic nor-
mally occursin similar documents- exactly the
informationencodedn the compositeopictree’s
typicality score. As eachtopic in the document
topictreesis aninstanceof anodein thecompos-
ite topic tree,eachtopic caninheritits composite
nodes typicality score. We assignnodesin the
relevantregion (asdefinedby rule 2), with labels
basedon their typicality. For corveniencewe set

Tree A . Query Node: Tree B
Dlseose ’
: O O ‘*,Query Node:
Relevant ;‘ Irrelevant - :- Treatments
O 00QO O OOO.
—————————————————————————— ‘__ Relevant

Intricate

0000 00 5000 oo"‘-

Figure 6: The threetopic regions as definedby
the query for k = 2 (k beingtheintricate beam
depth.

a typicality thresholda, above which a topic is
consideredypical andbelon which we consider
it rare.

At this point eachtopic in a documentis la-
beledasone of the four topic types. The distri-
bution of thesefour typesdeterminesachdocu-
ment’s documentateyory. Table2 givesthe dis-
tribution parametersvhich allow CENTRIFUSER
to classifythedocuments.

DocumentCategory
1. Prototypical

Topic Distribution

> 50+%typical and

> 50+%all possibletypical
> 50+%all possibletypical

2. Comprehensie

3. Specialized > 50+%typical

4. Atypical > 50+%rare

5. Deep > 50+%intricate
6. Irrelevant > 50+%irrelevant
7. Generic n/a

Table 2: Classificationrulesfor documentcate-
gories.

Documentcatgyoriesaddalayerof abstraction
over thetopic typesthatallow usto reasomabout
documentsThesedocumentabelsstill obey our
contentplanningrules1 and?2: sincethe assign-
ment of a documentcateyory to a documentis
conditionalon its distribution of its topicsamong
the topic types,a documents catggory may shift
if thequeryor its normis changed.

In CENTRIFUSER, the text planning phaseis
implicitly performedby the classificationof the
summarydocumentsetinto the documentcate-
gories. If a documentcategyory hasat leastone
documentttributedto it, it hascontentto be con-
veyed. If the documentcateyory doesnot have
ary documentsattributedto it, thereis no infor-
mationto corvey to the userconcerningthe par



ticular category.

An instantiateddocumentcateyory corveys a
coupleof messagesA descriptionof the docu-
menttype aswell asthe elementsattributedto it
constituteghe minimal amountof informationto
corvey. Optionalinformationsuchasdetailson
theinstancessampletopicsor otherunusualdoc-
umentfeaturescanbe expressedswell.

[ relation : set Elements
docClat : atypical

element : AM Aguide

element : CUguide

args :

relation : description
args : [ docCat : atypical ]
[ relation : hasTopics
docCat : atypical
topic : definition
topic : whataretherisks?

args :

Figure 7: Messagesnstantiatedfor the atypical
documentateory for the summaryin Figurel.

The text plannermustalso order the selected
messagesto a coherentplan for subsequente-
alization. For our summary this is a problem
on two levels: decidingthe orderingbetweerthe
documentcateyory descriptionsaanddecidingthe
ordering of the individual messagewithin the
documentcateyory. In CENTRIFUSER, the dis-
courseplansfor bothof thesdevelsarefixed. Let
usfirst discusgheinter-cateyory plan.

Inter-category. We orderthe documentcate-
gorydescriptiondasedntheorderingexpressed
in Table2. Thereasonfor this orderis partially
reflectedby the cateyory’s relevanceto the user
query (rule 2). Documentcateyorieslike proto-
typical whose salientfeatureis their high ratio
of relevanttopics,areconsiderednoreimportant
thandocumentateoriesthataredefinedby their
ratio of intricateor irrelevanttopics(e.g. deep).

This precendenceule decideghe orderingfor
the last few documenttypes(deep— irrelevant
— generic). For the remainingdocumenttypes,
definedby their high ratio of typicalandraretop-
ics, we usean additional constraintof ordering
documentypesthatare closerto the article type
normbeforeothers.Thisorderstheremainingbe-
ginningtopics(prototypical— comprehensie —
specialized— atypical). The reasonfor this is
that CENTRIFUSER, alongwith reportingsalient
differencesy usingNLG, alsoreportsan multi-

documentxtract basedon similarities. As simi-
larities are dravn mastly from commontopics—
thatis, typical ones— typical topicsareregarded
asmoreimportantthanrareones.

Figure5 shavstheresultinginter-cateory dis-
courseplan. As statedin thetext planningphase,
if no documentsare associatedvith a particular
documentcateayory, it will be skipped,reflected
in the figure by the ¢ moves. Our samplesum-
marysummarycontaingorototypical(first bullet),
atypical(secondrnddeep(third) documentate-
gories,andassuchactivatesthesolid edgesn the
figure.

Intra-category. Orderingthe messagewithin
a catgyory follows a simplerule. Obligatoryin-
formationis expressedirst, while optionalinfor-
mationis expressedafterwards. Thusthe docu-
ment cateyory’s constituentsand its description
alwayscomefirst, andinformationaboutsample
topics or otherunusualdocumentfeaturescome
afterwardsshowvnin Figure8. Theresultis apar
tial ordering(asthe orderof the messages the
obligatoryinformationhasnot beenfixed) thatis
linearizedlater.

setElements, description hasTopics

End

©

- contentTypes

description setElements ™~ -

‘ obligatory I optional |

Figure 8: Intra-catgory discourseplan, solid
edgesindicate moves in the atypical document
catgory. The final choice on which obligatory
structureto useis decidedaterduringrealization.

6 SentencePlanning and Lexical Choice

In thefinal step,the discourseplanis realizedas
text. First, the sentencelannergroupsmessages
into sentenceandgenerateseferringexpressions
for entities. Lexical choicealsohappensat this
stage.In our generatiortask,the groupingtaskis
minimal; the separateataeyoriesaresemantically
distinctandneedto berealizedseparatelye.g.,in
the sample eachcateyory is a separatdist item).
The obligatory information of the descriptionof
the catgory aswell asthe membersof the cate-
gory arecombinednto asinglesentenceandop-



tional information(if realized)constituteanother
sentence.

6.1 Generating Referring Expressions

Oneconcernfor generatingeferringexpressions
is constrainingthe size of the sentence.This is
anissuewhenconstructingreferringexpressions
to setsof documentsnatchinga documentype.
For example, if a particulardocumentcateyory
hasmorethanfive documentsl|isting the names
of eachindividual documents not felicitous. In
thesecasesanexemplarfile is pickedandusedto
demonstrat¢he documentype. Resultingtext is
oftenof theform: “Thereare23 documentgsuch
asthe AMA Guide to Angina) that have detailed
informationon a particularsubtopicof angind.
Anotherconcernin the generatiorof referring
expressionss whentheoptionalinformationonly
appliesto a subsewf the documentf the cate-
gory. In thesecasesthegeneratowill reorderthe
elementof thedocumentateyory in suchaway
to makethesubsequeneferringexpressiormore
compact(e.g. “The first five documentgontain
figuresandtablesas well” versusthe more vo-
luminous“The first, third, fifth and the seventh
documentgontainfiguresandtablesaswell”).

(S1/ descri ption+set El enents
(V1 :value *“be available )
(NP1/ at ypi cal :val ue
‘“‘nmore information on additional
t opi cs which are not included
in the extract’’)
(NP2/ setEl enents :val ue
‘“‘files (The AMA gui de and

CU Guide)' "))
(S2/ hasTopi cs
(V1 :value *‘include )

(NP1/ at ypi cal Topi cs :val ue
(NP2/ topi cLi st :value
‘‘definition and
what are the risks? "))

‘‘topics’’)

Figure9: Sentencelanfor theatypicaldocument
category.

6.2 Lexical Choice

Lexical choicein CENTRIFUSER is performedat
the phrasdevel; entirephrasesanbe choserall
at once,akin to templatebasedgeneration.Cur
rently, a pathis randomlychosento selecta lex-
icalization. In the samplesummary the atypical

documentateayory’s (i.e. the secondbullet item)
descriptionof “more information on additional
topics..” waschosernasthe descriptionmessage
amongother phrasalalternatves. The sentence
planfor this descriptionis shovn in Figure9.

For certain documentcateyories, a good de-
scription can involve information outside of the
generategortion of the summary For instance,
Figure 1's prototypicaldocumentcategory could
be describedas being “an referencedocument
aboutangina”. But as a prototypicaldocument
sharecommontopicsamongotherdocumentsit
is actually well representedy an extract com-
posedof the similarities acrossdocumentsets.
Similarity extractionis donein anothermodule
of CENTRIFUSER (the greyed out portionin the
figure),andassuchwe alsocanusea phrasalde-
scriptionthat directly referencests results(e.g.,
in the actualdescriptionusedfor the prototypical
documentategyoryin Figurel).

6.3 Linguistic Realization

Linguistic realizationtakesthe sentenceplanand
producesactual text by solving the remaining
morphologyand syntacticproblems. CENTRI-
FUSER currentlychooses valid syntacticpattern
atrandom,in the samemanneraslexical choice.
Morphological and other agreementonstraints
areminor enoughin our framevork andare han-
dledby setrules.

7 Current status and futurework

CENTRIFUSER is fully implementedijt produces
the samplesummaryin Figurel. We have con-
centratedon implementingthe most commonly
occuringdocumentfeature, topicality, and have
additionally incorporatedthree other document
featuresinto our framevork (document-devied
Content Types and Special Content andthe Title
metadata).

Futurework will include extendingour docu-
mentfeatureanalysisto modelcontext (to model
addingfeaturesonly whenappropriate)aswell as
incorporatingadditionaldocumentfeatures. We
are also exploring the use of stochasticcorpus
modeling(Langkilde,2000;BangaloreandRam-
bow, 2000)to replaceour template-baserkalizer
with a probabilisticone that can producefelici-



toussentenceatternshasedn contextual analy-
sis.

8 Conclusion

We have presenteda model for indicative mul-
tidocumentsummarizatiorbasedon naturallan-
guagegenerationln ourmodel,summarycontent
is basedon documentfeaturesdescribingtopic
and structureinsteadof extractedtext. Given
thesefeatures,a generationmodel usesa text
plan,derivedfrom analysisof naturallyoccurring
indicative summarieplus guidelinesfor summa-
rization, to guide the systemin describingdoc-
umenttopics as typical, rare, intricate, or rele-
vantto the userquery We shaved how the top-
icality documenfeaturecanbe derived from the
setof inputdocument@andrepresentedsatopic
treefor eachdocumentlongwith ameigedcom-
posite topic for all documentsin the collection
againsthich prototypicalityandqueryrelevance
canbecomputed Ourongoingwork is examining
how to automaticallylearn the text plansalong
with the tactics neededto realize eachpiece of
theinstantiatedplanasa sentence.
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