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Abstract

As the complexity of spoken dialoguesystemshasincreased,
therehasbeenincreasinginterestspoken languagegeneration
(SLG). SLG promisesportability acrossapplicationdomains
anddialoguesituationsthroughthedevelopmentof application-
independentlinguistic modules. However in practice, rule-
basedSLGsoftenhave to betunedto theapplication.Recently,
anumberof researchgroupshavebeendevelopinghybridmeth-
odsfor spokenlanguagegeneration,combininggenerallinguis-
tic moduleswith methodsfor trainingparametersfor particular
applications.This paperdescribesthe useof boostingto train
asentenceplannerto generaterecommendationsfor restaurants
in MATCH, a multimodaldialoguesystemproviding entertain-
mentinformationfor New York.

1. Intr oduction
In thepastfew years,asthecomplexity of spokendialoguesys-
temshasincreased,therehasbeenincreasinginterestin spoken
languagegeneration(SLG) [10]. In contrastto pre-recorded
speechor template-basedgenerationfor systemoutput, SLG
takesasinputaconceptualrepresentationof thecontentthatthe
systemwantsto communicateandoutputsa (possiblymarked
up) string to the Text-To-Speech(TTS) component[13]. SLG
promisesimprovedsystemoutput,portabilityandcustomizabil-
ity to different applicationdomains,dialoguesituations,and
users,througha combinationof application-independentlin-
guisticmodules[5], andmethodsfor automaticallytrainingpa-
rametersfor particularapplications[7, 12, 4, 11].

strategy: recommend
items: Bar Pitti, Arlecchino, Babbo, Cent’anni, Cucina Stagionale,

GrandTicino, Il Mulino, John’sPizzeria,Marinella,MinettaTav-
ern,TrattoriaSpaghetto,Vittorio Cucina

relations: justify(nuc1;sat:2);justify(nuc:1;sat:3);justify(nuc:1,sat:4)
content: 1. assert(best(Babbo))

2. assert(has-att(Babbo,foodquality(superb)))
3. assert(has-att(Babbo,decor(excellent)))
4. assert(has-att(Babbo,service(excellent)))

Figure1: Text Planfor a recommendationfor anItalian restau-
rantin theWestVillage

This paperdescribesa trainablesentenceplannerfor infor-
mationpresentationin the MATCH multimodaldialoguesys-
tem [3]. Informationpresentationin MATCH focusseson the
generationof user-tailoredrecommendations, comparisonsand
summaries[9]. Thegoal of thesedialoguestrategiesis to im-
prove dialogueefficiency andusersatisfactionby only provid-
ing informationpredictedto bemostrelevantto theuser.

We focushereon thegenerationof recommendations.The
input to thesentenceplannerfor eachrecommendationis a text
plan, which is a setof assertionsof factsabouta setof restau-
rantsthat the useris considering,aswell asa specificationof
the rhetorical relationsthathold betweenthosefactsthatmust
be communicatedaswell. Eachrhetoricalrelationdesignates
one or more factsas the nuclei of the relation, i.e. the main
point, and the other factsassatellites, i.e. the supplementary

Alt Realization Human RB
2 Babbohasexcellentservice. It hassuperbfood

quality. It hasexcellent decor. It has the best
overall qualityamongtheselectedrestaurants.

2 0.21

10 Since Babbo has excellent serviceand superb
food quality, with excellentdecor, it hasthebest
overall qualityamongtheselectedrestaurants.

3.5 0.77

12 Babbo has the best overall quality among the
selectedrestaurantsbecauseit has superbfood
quality, with excellentservice,and it hasexcel-
lent decor.

1.5 0.45

16 With excellent decor, excellent serviceand su-
perb food quality, Babbo has the best overall
qualityamongtheselectedrestaurants.

5 0.91

20 Babbo has excellent service and superb food
quality, with excellentdecor. It hasthebestover-
all qualityamongtheselectedrestaurants.

4 0.88

Figure2: Someof the Alternative SentencePlanRealizations
for theRecommendPlanin Figure 1.

facts[6]. For example,in therecommendationtext planin Fig-
ure1, the rhetoricalrelation justify(nuc:1;sat:2)expressesthat
theassertionBabbohassuperbfoodquality provides(factual)
informationsupportingtheassertionBabbohasthebestoverall
quality. The job of the sentenceplanneris to chooselinguis-
tic resourcesto realizea text plan andthenrank the resulting
alternative realizations.

Previous work describesSPoT (SentencePlannerTrain-
able),asentenceplanningmodulefor theAT&T Communicator
systemthat wasautomaticallytrainedon the basisof human-
feedback[11]. However, the training methodologyembodied
in SPoTwasonly shown to work for theinformationgathering
phaseof the dialogue,wheretext plansweresimplerbecause
rhetoricalrelationsdid notholdamongtheconceptsto becom-
municated.This paperdescribesanextensionof SPoT, dubbed
SPaRKy (SentencePlanningwith RhetoricalKnowledge),that
operatesonmorecomplex text plans.Figure 2 illustratessome
of themany potentialrealizationsthatSPaRKy producesfor the
recommendplan in Figure1(theHumanandRB columnsare
explainedbelow).

Section2 describesthe overall architectureof SPaRKy.
Like SPoT, SPaRKy is a trainablesentenceplanner, consist-
ing of two modules:(1) a randomizedsentenceplangenerator
(SPG)(Section3); and (2) a sentenceplan ranker (SPR)that
is trainedto rankthecandidatesentenceplansproducedby the
SPGon the basisof humanfeedback(Section4). Section5
presentsthe resultsof a training experiment. We show that
given input suchasFigure1, SPaRKy outputssentenceplans
that: (1) communicatethe desiredrhetoricalrelations;(2) are
significantlybetterthana randomlyselectedsentenceplan;and
(3) areonaverageonly 6%worsethanthesentenceplanranked
highestby humanlabellers.

2. Generator Ar chitecture
Thearchitectureof thespoken languagegeneratorfor MATCH
is a seriesof pipelinedmodules. SeeFigure3. The dialogue
managerpassesa high-level communicative goal to the SPUR
text planner(See[9]), whichselectsthecontentto becommuni-
cated.This contentis specifiedin a text-planconsistingof a set
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Figure3: GeneratorArchitecturein MATCH.

of speech-actsto becommunicatedandtherhetoricalrelations
thatholdbetweenthemasin Figure1 [7].

The sentenceplannerconsistsof threeseparatemodules.
First, a contentstructuringmoduleoperateson the input text
plan to determinesone or more ways to linearly order and
hierarchicallygroup the elementaryspeechacts. In order to
generatea populationof sentenceplans that are reasonably
good, the algorithmfor contentstructuringutilizes (a) princi-
plesof rhetoricalstructure[6] thateithercreatecomplex rhetor-
ical structuresfrom simpler onesor transformone rhetorical
structureinto another[2], and (b) principles of entity-based
coherence[1]. For example,the algorithmcancombinemul-
tiple mononuclearrelationshaving the samenucleusinto one
complex mononuclearrelationwith a combinedsatellite,andit
preferslinearorderingsthatmaximizetheprinciple of continu-
ity [4]. Theresultof thecontentstructuringmoduleis encoded
in atext-plantree(tp-tr ee), of whichtheremaybeoneor more,
with leaveslabelledby speechactsandinterior nodeslabelled
by rhetoricalrelations. For example,oneof the generatedtp-
treesfor theplanin Figure1 is in Figure 4. Theinfer relationis
usedto join multiple satellitesin a mononuclearrelationor the
nucleiin a multinuclearrelation.1

infer

satellite<4>: assert−reco−service
satellite<3>:assert−reco−decor satellite<1>:asert−reco−food_quality

nucleus<1>:assert−reco−best

justify

Figure4: A text plantreefor therecommendplanin Figure1.

1While the infer relationis similar to the joint relationin RST, the
RST joint holdsonly in amultinuclearrelation.

Then, the sentenceplan generator(SPG)operateson the
setof tp-trees,choosingthe linguistic meansfor achieving the
communicativegoals.Thisresultsin asetof sentenceplantrees
(sp-trees), which arepassedto the sentenceplan ranker. The
sentenceplanranker (SPR)usesa setof rulesfor rankingsen-
tenceplansthat were learnedfrom a labelledsetof sentence-
plan training examplesusingthe RankBoostalgorithm,a type
of boostingalgorithm[8]. ThecolumnlabelledHumanin Fig-
ure2 shows theHumanfeedbackusedin trainingtheSPR,and
the RB columnshows the rankingfor theseexamplesthat the
SPRlearnedin the experimentsdescribedin Section5. After
ranking the generatedsp-trees,the SPRthen selectsthe top-
rankedplanasinput to thesurfacerealizer, RealPro[5]. Real-
Protransformsthelinguistic structuresinto a surfacelinguistic
utteranceby addingfunctionwords,inflectingwordsanddeter-
mining word order. Theprosodyassignmentmodulethenuses
theprior levelsof linguistic representationto determinetheap-
propriateprosody, beforepassingamarked-upstringto theTTS
module.(SeeFigure3.)

3. SentencePlan Generation
The basisof the SPGis a setof clause-combiningoperations
that operateon the elementarypredicate-argumentrepresenta-
tions(lexico-structuralrepresentationscalledDSyntS– [5]) as-
sociatedwith eachprimitive speechacton theleavesof thetp-
tree. The applicationof the operationsis bottom-upand left-
to-right, and is restrictedby the rhetoricalrelationholding at
the interior nodes. . It resultsin two parallel structures:(1)
the sp-tree, a binary tree with leaves labeledby the speech
actsfrom the input text plan, and interior nodeslabeledwith
clause-combiningoperations;and(2) oneor moreDSyntStrees
(d-tr ees) which reflecttheparalleloperationson thepredicate-
argumentrepresentations.Wegeneratearandomsampleof pos-
sible sentenceplansfor eachtext plan, up to a pre-specified
samplesize,by randomlyselectingamongthe operationsac-
cordingto aprobabilitydistribution thatfavorspreferredopera-
tions.Theclause-combiningoperationsare:2

�
MERGE: Two clausescanbecombinedif they haveidenticalmatrixverbs
andidenticalargumentsandadjunctsexceptone. Thenon-identicalar-
gumentsarecoordinated.Usedwith therelationINFER.

�
WITH-REDUCTION: Two clauseswith identical subjectargumentscan
be identified if oneof the clauseshasa HAVE-possessionmatrix verb.
Thepossessionclauseundergoeswith-participialclauseformationandis
attachedto thenon-reducedclause.Usedwith therelationsJUSTIFY and
INFER.

�
RELATIVE-CLAUSE: Two clauseswith anidenticalsubjectcanbeidenti-
fied. Oneclauseis attachedto thesubjectof theotherclauseasa relative
clause.Usedwith therelationsJUSTIFY andINFER.

�
CUE-WORD-CONJUNCTION: Two clausesareconjoinedwith acueword
(coordinatingor subordinatingconjunction).Choiceof cueword is sen-
sitive to therhetoricalrelation.

�
CUE-WORD-INSERTION: Two clausesarejoinedwith aperiodandacue
word is insertedin thesecondclause.Choiceof cueword is sensitive to
therhetoricalrelation.

�
PERIOD: Two clausescanbejoinedby aperiod.

Figure5 providesexamplesof theseoperations.For each
operation,thefigurespecifiesthe rhetoricalrelationtheopera-
tion is beingusedfor in this example. Eachcombiningopera-
tion canswitchtheorderof its arguments,from satellitebefore
nucleusto nucleusbeforesatellite.Figure2 shows someof the
utterancesgeneratedby the SPGfor the text plan in Figure1.
Note that thesametp-treecanhave radically differentrealiza-
tions,asdeterminedby theoperationsof theSPG,e.g.afterthe
sentenceplanningphase,thetp-treein Figure4 yieldsbothAlt 2
andAlt 16in Figure2. Thesp-treefor Alt 16is in Figure6. The
sp-treeindicatesthat the MERGE operationwasusedto realize
the INFER rhetoricalrelation,and that the WITH-REDUCTION
operationwasappliedwith theorderof satellitebeforenucleus

2Cuewordsusedby the SPGfor recommendationswerebecause,
since, and.



Rule Relation Samplefirst argument Samplesecondargument Result
MERGE INFER Babbohassuperbdecor. Babbohasmediocrefoodquality. Babbohassuperbdecorandmediocrefoodquality.
WITH-
REDUCTION

JUSTIFY Penanghasthebestoverallqualityamong
theselectedrestaurants.

Penanghasvery gooddecor. Penanghasthe bestoverall quality amongthe se-
lectedrestaurants,with very gooddecor.

RELATIVE-
CLAUSE

JUSTIFY Baluchi’s has the best overall quality
amongtheselectedrestaurants.

Baluchi’s is locatedin uptown Manhattan. Baluchi’s, which is locatedin uptown Manhattan,
has the best overall quality among the selected
restaurants.

CUE-WORD-
CONJUNCTION
(because)

JUSTIFY Caffe Cielo, which is an Italian restau-
rant,hasgoodservice,with gooddecor.

Caffe Cielo has the best overall quality
amongtheselectedrestaurants.

BecauseCaffe Cielo, which is anItalian restaurant,
hasgoodservice,with gooddecor, it hasthe best
overall qualityamongtheselectedrestaurants.

CUE-WORD-
CONJUNCTION
(since)

JUSTIFY Amy’s Breadhasthebestoverall quality
amongtheselectedrestaurants.

Amy’sBread’spriceis 12dollars,andit has
decentservice,with excellentfoodquality.

Amy’s Breadhasthebestoverall qualityamongthe
selectedrestaurantssinceit hasmediocredecor, its
price is 12 dollars,and it hasdecentservice,with
excellentfoodquality.

PERIOD JUSTIFY Amy’s Bread has decent service and
mediocredecor, and its price is 12 dol-
lars.

Amy’s Bread has the best overall quality
amongtheselectedrestaurants.

Amy’s Bread has decent service and mediocre
decor, andits priceis12dollars.It hasthebestover-
all qualityamongtheselectedrestaurants.

Figure5: Examplesof clausecombiningoperations

to realizethe JUSTIFY relation. Alt 16 is highly rated,with a
humanratingof 5 anda RankBoostscoreof .91. However Alt
2 is apoorrealizationof thisplan,with ahumanratingof 2 and
a Rankboostscoreof .20. ThustheSPGappliedto the tp-tree
hasa strongeffecton thequalityof thefinal realization.

<3>assert−reco−decor

<4>assert−reco−service <2>assert−reco−food_quality

MERGE_infer

MERGE_infer <1>assert−reco−best

WITH_SN_justify
�

Figure6: Alternative 16SentencePlanTree

The SPGalso handlesreferring expressiongenerationby
converting propernamedescriptionsof restaurantsin anutter-
anceto pronounswhen they arealso mentionedin the previ-
ous utterance. The rules are applied locally, acrossadjacent
sequencesof utterances[1]. Referringexpressionsaremanipu-
latedin theDSyntS representations,andthe rulesapplyeither
(a) during the incrementalcreationof the sp-treeto utterances
conjoinedby a CUE-WORD, or (b) afterthefull sp-treehasbeen
createdto all adjacentutterancesjoinedtogetherby a PERIOD.
The CUE-WORD CONJUNCTION andPERIOD examplesin Fig-
ure5 illustratetheconversionof a namedrestaurantin thesec-
ondargument(column4) to a pronoun(in column5).

4. Training the Sentence-Plan-Ranker
Examplesand Feedback:To applyRankBoostto trainingthe
SPR,a setof human-ratedsp-treeswereencodedin termsof a
setof features.Westartedwith asetof 30 text plansfor recom-
mendationsselectedto berepresentative of SPUR’s generation
capability. We ran the SPG,letting it produceasmany as20
distinctsp-treesfor eachtext plan. Theresulting600sentence
plans,realizedby RealPro,werethenratedby two expertjudges
onascalefrom 1 to 5, andtheratingsaveraged.Theratingsas-
signedto the sp-treeshad a meanof 3.9 and a medianof 4.
Eachsp-treewasan exampleinput for RankBoost,with each
correspondingratingits feedback.

Featuresused by RankBoost: RankBoostrequireseach
exampleto be encodedasa setof real-valuedfeatures(binary
featuresaremodeledwith values0 and1). A strengthof Rank-
Boostis thatthesetof featurescanbevery large.Weused7024
featuresfor trainingtheSPR.Thesefeaturescountthenumber

of occurrencesof certainstructuralconfigurations,in order to
capturedecisionsmadeby the randomizedSPGin a declara-
tive way. Thefeaturesarebasedon featuretemplatesandwere
automaticallygenerated(using the templates)from the set of
sp-treesandassociatedDSyntStreesthat the SPGgenerated.
For this experiment,we distinguishtwo classesof feature:(1)
Rule-features: Thesefeaturesarederivedfrom thesp-treesand
representtheway in which merge,infer andcuephraseassign-
mentoperationsareappliedto thecontentplan. Thesefeature
namesareprefixed with “rule”. (2) Sent-features: Thesefea-
turesarederivedfrom theDSyntSsassociatedwith thenodesof
the sp-trees.They describethe deep-syntacticstructureof the
utterance,including the chosenlexemes.As a result, they are
domainspecific.Thesefeaturenamesareprefixedwith “sent”.

We now describethe featuretemplatesusedin thediscov-
ery process.Threeof thesetemplateswereusedfor both sen-
tenceplan featuresandDSyntSfeatures;two wereusedonly
for sentenceplan features.We distinguishbetweenlocal fea-
ture templateswhich recordstructuralconfigurationslocal to
a particularnode(e.g. its ancestors,daughtersetc.),andglobal
featuretemplateswhichareusedonly for sentenceplanfeatures
andrecordpropertiesof theentiresp-tree.Therearefour types
of local featuretemplate.All local featuretemplatesareinstan-
tiatedfor all nodesin a sp-treeor in a DSyntStree(exceptthat
theLEAF featureis not instantiatedin DSyntStrees);thevalue
of the resulting featureis the numberof times the described
configurationis found in thesp-treeor theDSyntStree. In all
cases,weavoid featuresspecificto particularsentenceplansby
discardingthosethatoccurfewer than10 times.

Thelocal featuretemplatesinclude: traversalfeatures,sis-
ter features,ancestorfeaturesandleaf features.For eachnode
in thetree,traversal featuresaregeneratedthatrecordthepre-
order traversalof the subtreerootedat that node,for all sub-
treesof all depths(startingwith a single-nodetraversalwhich
just looksat thecurrentnode,up to themaximumdepth).Fea-
ture namesare constructedwith the prefix “traversal”, fol-
lowed by the concatenatednamesof the nodes(startingwith
thecurrentnode)on the traversalpath. An exampleis the fea-
ture“rule traversalassert-reco-decor”(with value1) of theleft-
mostleaf of thetreein Figure6.

Sister featuresrecordall consecutive sisternodes.Names
areconstructedwith theprefix “sisters”, followedby thecon-
catenatednamesof thesisternodes.An exampleis thefeature
“rule sistersMERGE infer*assert-reco-best”(with value1) of
thetreein Figure6.

For eachnodein the tree,ancestorfeaturesrecordall the
initial subpathsof thepathfrom thatnodeto the root. Feature
namesareconstructedwith the prefix “ancestor” followed by
theconcatenatednamesof thenodes(startingwith thecurrent
node). An example is the feature“rule ancestorassert-reco-
decor*MERGEinfer” (with value1) of thetreein Figure6.

Leaf featuresrecordall initial substringsof thefrontier of
the sp-tree. Namesareprefixed with “leaf ”, followed by the



concatenatednamesof thefrontiernodes(startingwith thecur-
rentnode).Thesearebinaryfeatures.Forexample,thesentence
plan treeof Figure6 hasvalue1 for the feature“leaf #assert-
reco-decor#assert-reco-service”.

Global features apply only to the sp-tree. They record,
for eachsp-treeandfor eachoperationlabelinga non-frontier
node,(1) the minimal numberof leavesdominatedby a node
labeled with that rule in that tree (MIN); (2) the maximal
numberof leaves dominatedby a nodelabeledwith that rule
(MAX); and (3) the averagenumberof leaves dominatedby
a nodelabeledwith that rule (AVG). For example,the sp-tree
in Figure6 hasvalue3 for “MERGE infer max”, value2 for
“MERGE infer min” andvalue2.5for “MERGE infer avg”.

5. Experimental Results
Using2-fold crossvalidation,we repeatedlytestedSPaRKy on
the half of the corpusof 600 sp-treesthat were held out as
test datafor eachfold. The evaluationmetric is the human-
assignedscorefor thevariantthatwasratedhighestby SPaRKy
for eachcontentplanfor eachtask/usercombination.We eval-
uatedSPaRKy on the testsetsby comparingfor eachcontent
plan:

� HUMAN: Thescoreof thetop-rankedsentenceplan.
� SPARKY: Thescoreof theSPR’sselectedsentence.
� RANDOM: The scoreof a sentenceplan randomlyse-

lectedfrom thealternatesentenceplans.

System Min Max Mean S.D.
SPaRKy 2 5 3.6 .71

HUMAN 2.5 5 3.9 .55
Random 1.5 5 2.9 .88

Table1: Summaryof RecommendationResults(N = 60)

Table1 summarizesthedifferencesbetweenSPaRKy, Hu-
manandRandom.The meanscoreof the bestsentenceplans
selectedby humanjudgesis 3.9, the meanfor SPaRKy is 3.6
andthemeanfor Randomselectionis2.9.A statisticalcompari-
sonof Human,SPaRKy andRandomwith pairedt-testsshowed
thatSPaRKy wassignificantlybetterthanRandom(df = 59, t =
5.6,p � .001),andsignificantlyworsethanHuman(df=59,t =
5.9,p � .001).

Table 2 showssomerulesthatRankBoostlearnedfor rank-
ing inputsp-treesfrom thefirst testfold. Weselectedasubsetof
rulesthatapplyto Alt 12andAlt 16from Figure2. Severalrules
pertainto thelinearorderof theresultingoutput.For example,
the feature“leaf #assert-reco-best”describesa treeconfigura-
tion in which the speechact “assert-reco-best”is the leftmost
leaf in the tree. Thus Rule 1 saysthat the scoreof any tree
with thatspeech-actastheleftmostis increasedby 0.500,andif
this speechact is followedby “assert-reco-food-quality”(Rule
2) then the scoregoesup by an additional0.145. Several of
the learnedrulesarerelatedto the amountandtype of aggre-
gation in the SPG.For example,Rules12 and13 statethat if
thereare3 or morePROPERNOUNRESTAURANT nodesin
the tree, thendecreasethe score. The occurrenceof so many
propernounsindicatesthat clause-combiningoperationsthat
identify identicalsubjectsandcombinetheir attributionswere
not applied. Rules4, 5, and9 indicatethat particulartypesof
clause-combiningoperationsarepreferred.

6. Discussion
ThispaperdescribesSPaRKy, astochasticsentenceplannerthat
handlesinputconceptualstructuresfor informationpresentation
that aremorecomplex andrequiremoreattentionto semantic

N Condition � �
1 leaf #assert-reco-best� - � 0.500
2 leaf #assert-reco-best#assert-reco-foodquality � - � 0.145
3 sentsistersPROPERNOUNRESTAURANT II quality

ATTR AMONG1 ATTR with � - � 0.137
4 senttraversalCOORDAND2 � 1.50 0.0434
5 rule traversalMERGE infer � - � 0.031
6 rule sistersassert-recoCW CONJUNCTIONinfer � 2.50 0.076
7 sentsistersII quality � - � 0.026
8 sentsistersII HAVE1 � 2.50 0.021
9 senttraversaldepth0 COORDAND2 � 1.50 0.020
10 senttraversaldepth0 HAVE1 � 2.50 -0.339
11 senttraversalII decor � - � -0.167
12 senttraversaldepth0 PROPERNOUNRESTAURANT � 2.50 -0.152
13 senttraversalPROPERNOUNRESTAURANT � 2.50 -0.079
14 senttraversaldepth0 II decor � - � -0.058
15 sentsistersPROPERNOUNRESTAURANT II decor � - � -0.058
16 leaf count assert-reco-decor� - � -0.041
17 rule traversalassert-reco� 4.50 -0.0292
18 rule traversaldepth0 assert-reco� 4.50 -0.028
19 senttraversaldepth0 ATTR with � 1.50 -0.020

Table2: The rulesgeneratedon the first test fold which have
thelargestimpacton thefinal RankBoostscorefor recommend
Alt 12 andAlt 16. � 	 representsthe incrementor decrement
associatedwith satisfyingthecondition.

constraintsthanthoseusedin an SPGfor informationgather-
ing. Our resultsshow: (1) themethodusedto train SPoT can
be appliedin a new domainandfor informationpresentation;
(2) that thesentenceplansthatSPaRKy generatesareof fairly
high quality; and(3) thatthetrainingmethodlearnseffectively
from thedatato discrimatehigh quality sentenceplans. In fu-
turework,wehopeto extendSPaRKYto useadditionallinguis-
tic constructsandapplyit to informationpresentationin a new
domain.
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