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Abstract

As the complity of spolen dialoguesystemshasincreased,
therehasbeenincreasinginterestspolen languagegeneration
(SLG). SLG promisesportability acrossapplicationdomains
anddialoguesituationghroughthe developmenbf application-
independentinguistic modules. However in practice, rule-
basedSLGsoftenhave to betunedto theapplication.Recently
anumberof researclgroupshave beendevelopinghybridmeth-
odsfor spolenlanguageyenerationcombininggeneralinguis-
tic moduleswith methoddor training parameteror particular
applications. This paperdescribeghe useof boostingto train
asentencelannerto generateecommendationfor restaurants
in MATCH, amultimodaldialoguesystemproviding entertain-
mentinformationfor New York.

1. Intr oduction

In the pastfew years asthe compleity of spolendialoguesys-
temshasincreasedtherehasbeenincreasingnterestin spolen
languagegeneration(SLG) [10]. In contrastto pre-recorded
speechor template-basedenerationfor systemoutput, SLG
takesasinputaconceptuatepresentatioof the contenthatthe
systemwantsto communicateand outputsa (possiblymarked
up) string to the Text-To-SpeecHTTS) componen{13]. SLG
promisesmprovedsystenputput,portability andcustomizabil-
ity to different applicationdomains,dialogue situations,and
users,througha combinationof application-independeriin-
guisticmoduled5], andmethodsfor automaticallytraining pa-
rameterdor particularapplicationd7, 12, 4, 11].

straigly:  recommend
items: Bar Pitti, Arlecchino, Babbo, Cent'anni, Cucina Stagionale,
GrandTicino, Il Mulino, JohnsPizzeriaMarinella,MinettaTav-
ern, TrattoriaSpaghettoVYittorio Cucina
refations:  justify(nucT;sat:2)justify(nuc:I;sat:3)justify(nuc:1,sat:4)
content: 1. assert(best(Babbo))
2. assert(has-att(Babbfmodquality(superb)))
3. assert(has-att(Babbdecor(ecellent)))
4. assert(has-att(Babbservice(acellent)))

Figurel: Text Planfor arecommendatioffor anltalian restau-
rantin the WestVillage

This paperdescribes trainablesentencelannerfor infor-
mation presentatiorin the MATCH multimodal dialoguesys-
tem|[3]. Informationpresentationn MATCH focusseon the
generatiorof usertailoredrecommendationgomparisonand
summarieq9]. The goal of thesedialoguestratgiesis to im-
prove dialogueefficiengy andusersatistctionby only provid-
ing informationpredictedto be mostrelevantto theuser

We focushereon the generatiorof recommendationsThe
input to the sentencglannerfor eachrecommendatiors a text
plan, which is a setof assertionof factsabouta setof restau-
rantsthat the useris consideringaswell asa specificationof
therhetorical relationsthathold betweernthosefactsthatmust
be communicatedaswell. Eachrhetoricalrelationdesignates
one or more factsasthe nuclei of the relation, i.e. the main
point, andthe otherfactsas satellites i.e. the supplementary

Alt | Realization [ Humaj RB ]

2 Babbohasexcellentservice. It hassuperbfood | 2 0.21
quality. It hasexcellentdecor It hasthe best
overall quality amongthe selectedestaurants.

T0 | Since Babbo has excellent service and superb | 3.5 0.77
food quality, with excellentdecor it hasthe best

overall quality amongthe selectedestaurants.
12 | Babbo has the bestoverall quality amongthe | 1.5 0.45
selectedrestaurantdecauset has superbfood
quality, with excellentservice,andit hasexcel-
lentdecor

16 | With excellentdecor excellentserviceandsu- | 5 0.91
perb food quality, Babbo has the best overall
quality amongthe selectedestaurants.

20 | Babbo has excellent service and superbfood | 4 0.88
quality, with excellentdecor It hasthebestover
all quality amongthe selectedestaurants.

Figure2: Someof the Alternative SentencePlan Realizations
for theRecommendPlanin Figure 1.

facts[6]. For example,in therecommendatiotext planin Fig-
ure 1, therhetoricalrelationjustify(nuc:1;sat:2)expresseshat
the assertiorBabbohas superbfood quality provides (factual)
informationsupportinghe assertiorBabbohasthe bestoverall
quality. The job of the sentenceplanneris to chooselinguis-
tic resourcego realizea text plan andthenrank the resulting
alternatve realizations.

Previous work describesSPoT (SentencePlannerTrain-
able),asentenc@lanningmodulefor the AT&T Communicator
systemthat was automaticallytrained on the basisof human-
feedback{11]. However, the training methodologyembodied
in SPoTwasonly shavn to work for theinformationgathering
phaseof the dialogue,wheretext planswere simplerbecause
rhetoricalrelationsdid not hold amongthe conceptgo be com-
municated.This paperdescribesanextensionof SPoT dubbed
SPaRKy (Sentencé”lanningwith RhetoricalkKnowledge),that
operate®n morecomple text plans.Figure 2 illustratessome
of themary potentialrealizationghatSPaRKy producedor the
recommendplanin Figure 1(the Humanand RB columnsare
explainedbelaw).

Section2 describesthe overall architectureof SPaRKy.
Like SPoT SPaRKy is a trainablesentenceplanner consist-
ing of two modules:(1) a randomizedsentencelan generator
(SPG)(Section3); and (2) a sentenceplan ranker (SPR)that
is trainedto rankthe candidatesentencelansproducedoy the
SPGon the basisof humanfeedback(Section4). Section5
presentsthe resultsof a training experiment. We shawv that
giveninput suchasFigure 1, SPaRKy outputssentenceplans
that: (1) communicatethe desiredrhetoricalrelations;(2) are
significantlybetterthanarandomlyselectedsentencelan; and
(3) areonaverageonly 6% worsethanthesentenc@lanranked
highestby humanlabellers.

2. Generator Ar chitecture

Thearchitectureof the spolenlanguagegeneratofor MATCH

is a seriesof pipelinedmodules. SeeFigure 3. The dialogue
managepasses high-level communicatre goalto the SPUR
text planner(Se€[9]), which selectghecontentto becommuni-
cated.This contentis specifiedn atext-planconsistingof a set
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Figure3: GeneratoArchitecturein MATCH.

of speech-actto be communicatedndthe rhetoricalrelations
thathold betweerthemasin Figurel [7].

The sentenceplannerconsistsof three separatenodules.
First, a contentstructuringmodule operateson the input text
plan to determinesone or more ways to linearly order and
hierarchicallygroup the elementaryspeechacts. In orderto
generatea population of sentenceplans that are reasonably
good, the algorithmfor contentstructuringutilizes (a) princi-
plesof rhetoricalstructurgl6] thateithercreatecomplex rhetor
ical structuresfrom simpler onesor transformone rhetorical
structureinto another[2], and (b) principles of entity-based
coherencgl]. For example,the algorithm cancombinemul-
tiple mononuclearelationshaving the samenucleusinto one
complex mononuclearelationwith a combinedsatellite,andit
preferslinearorderingsthatmaximizethe principle of continu-
ity [4]. Theresultof the contentstructuringmoduleis encoded
in atext-plantree(tp-tr ee, of whichtheremaybe oneor more,
with leaveslabelledby speechactsandinterior nodeslabelled
by rhetoricalrelations. For example,one of the generatedp-
treesfor theplanin Figurelisin Figure 4. Theinfer relationis
usedto join multiple satellitesin amononuclearelationor the

nucleiin amultinuclearrelation?!

sty
iz AUl > a55er-Teco-be

Satelltec>asset-reco-decor | satellte<t>:asert-reco-food qualy
Satelltecd>: assert-reco-senice

Figure4: A text plantreefor therecommenglanin Figurel.

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

Then, the sentenceplan generator(SPG) operateson the
setof tp-trees,choosingthe linguistic meangfor achieving the
communicatie goals.Thisresultsin asetof sentencglantrees
(sp-treey, which are passedo the sentenceplan ranker. The
sentencelanranker (SPR)usesa setof rulesfor rankingsen-
tenceplansthat were learnedfrom a labelledset of sentence-
plan training examplesusing the RankBoostalgorithm, a type
of boostingalgorithm[8]. The columnlabelledHumanin Fig-
ure 2 shavs the Humanfeedbackusedin trainingthe SPR,and
the RB columnshaws the rankingfor theseexamplesthat the
SPRIearnedin the experimentsdescribedn Section5. After
ranking the generatedsp-trees the SPRthen selectsthe top-
ranked planasinput to the surfacerealizer RealPro[5]. Real-
Protransformghelinguistic structuresnto a surfacelinguistic
utteranceby addingfunctionwords,inflectingwordsanddeter
mining word order The prosodyassignmenmodulethenuses
the prior levels of linguistic representatioto determinethe ap-
propriateprosodybeforepassingamarked-upstringtothe TTS
module.(SeeFigure3.)

3. SentencePlan Generation

The basisof the SPGis a setof clause-combiningperations
that operateon the elementarypredicate-agumentrepresenta-
tions(lexico-structurarepresentationsalledDSyntS—[5]) as-
sociatedwith eachprimitive speechacton the leavesof the tp-
tree. The applicationof the operationss bottom-upand left-
to-right, and s restrictedby the rhetoricalrelation holding at
the interior nodes. . It resultsin two parallel structures: (1)
the sp-treg a binary tree with leaves labeledby the speech
actsfrom the input text plan, and interior nodeslabeledwith
clause-combiningperationsand(2) oneor moreDSyntStrees
(d-tr eeg which reflectthe paralleloperationon the predicate-
amgumentrepresentationdVe generatarandomsampleof pos-
sible sentenceplansfor eachtext plan, up to a pre-specified
samplesize, by randomlyselectingamongthe operationsac-
cordingto a probabilitydistribution thatfavors preferredopera-

tions. The clause-combiningperationsare:?

e MERGE: Two clausezanbecombinedf they haveidenticalmatrixverbs
andidenticalagumentsandadjunctsexceptone. The non-identicalar
gumentsarecoordinatedUsedwith therelationINFER.

e WITH-REDUCTION: Two clauseswith identical subjectargumentscan
be identified if one of the clauseshasa HAVE-possessiommatrix verh
Thepossessioglauseundegoeswith-participialclauseformationandis
attachedo thenon-reducedlause Usedwith therelationsiusTiFy and
INFER.

e RELATIVE-CLAUSE: Two clauseswith anidenticalsubjectcanbeidenti-
fied. Oneclauses attachedo thesubjectof theotherclauseasarelative
clause Usedwith therelationsiusTIFy andINFER.

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

® CUE-WORD-INSERTION: Two clausesarejoinedwith aperiodandacue
word s insertedin the seconcclause.Choiceof cueword is sensitve to
therhetoricalrelation.

e PERIOD: Two clausesanbejoinedby aperiod.

Figure5 provides examplesof theseoperations.For each
operationthe figure specifieshe rhetoricalrelationthe opera-
tion is beingusedfor in this example. Eachcombiningopera-
tion canswitchthe orderof its algumentsfrom satellitebefore
nucleusto nucleusbeforesatellite. Figure2 shavs someof the
utterancegeneratedy the SPGfor thetext planin Figure 1.
Note that the sametp-treecan have radically differentrealiza-
tions,asdeterminedby theoperationof the SPG,e.g. afterthe
sentenc@lanningphasethetp-treein Figure4 yieldsbothAlt 2
andAlt 16in Figure2. Thesp-treefor Alt 16isin Figure6. The
sp-treeindicatesthatthe MERGE operationwasusedto realize
the INFER rhetoricalrelation, and that the wiTH-REDUCTION
operationwasappliedwith the orderof satellitebeforenucleus

2Cuewordsusedby the SPGfor recommendationsere because
since and



Rule

Relation

Samplefirst argument

Samplesecondargument

Result

MERGE

INFER

Babbohassuperbdecor

Babbohasmediocrefood quality.

Babbohassuperbdecorandmediocrefood quality.

WITH-
REDUCTION

JUSTIFY

Penandasthebestoverallqualityamong
the selectedestaurants.

Penandhasvery gooddecor

Penanghasthe bestoverall quality amongthe se-
lectedrestaurantsyith very gooddecor

RELATIVE-
CLAUSE

JUSTIFY

Baluchis has the best overall quality
amongtheselectedestaurants.

Baluchisis locatedin uptovn Manhattan.

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

CUE-WORD-
CONJUNCTION
(becausg

JUSTIFY

Caffe Cielo, which is an Ttalian restau-

rant,hasgoodservice with gooddecor

Caffe Cielo has the best overall quality
amongthe selectedestaurants.

BecauseCaffe Cielo, which s anltalian restaurant,
hasgood service,with good decor it hasthe best
overall quality amongthe selectedestaurants.

CUE-WORD-
CONJUNCTION
(since

JUSTIFY

Amy's Breadhasthe bestoverall quality
amongthe selectedestaurants.

Amy's Breads priceis 12 dollars,andit has
decentservice with excellentfood quality.

Amy’s Breadhasthebestoverallquality amongthe
selectedestaurantsinceit hasmediocredecor its
priceis 12 dollars, andit hasdecentservice,with
excellentfood quality.

PERIOD

JUSTIFY

Amy’s Bread has decent service and
mediocredecor andits price is 12 dol-
lars.

Amy's Bread has the bestoverall quality
amongthe selectedestaurants.

Amy’s Bread has decent service and mediocre
decor andits priceis 12 dollars. |t hasthebestover
all quality amongthe selectedestaurants.

Figure5: Examplesof clausecombiningoperations

to realizethe JusTIFY relation. Alt 16 is highly rated,with a
humanrating of 5 anda RankBoostcoreof .91. However Alt
2 is apoorrealizationof this plan,with a humanratingof 2 and
a Rankboosscoreof .20. Thusthe SPGappliedto the tp-tree
hasa strongeffect on the quality of thefinal realization.

WIS iy

MERGE fer <aser-teco-best

<Dasset-Te00-Oeoor

MERGE ifer

<basser-Tec0-senice <Dasset-oo-food_qually

Figure6: Alternative 16 Sentencé&lanTree

The SPGalso handlesreferring expressiongeneratiorby
corverting propernamedescriptionsf restaurantén an utter
anceto pronounswhenthey are also mentionedin the previ-
ous utterance. The rules are appliedlocally, acrossadjacent
sequencesf utterance$l]. Referringexpressionsiremanipu-
latedin the DSyntS representationsgndthe rulesapply either
(a) during the incrementakreationof the sp-treeto utterances
conjoinedby a CUE-WORD, or (b) afterthefull sp-treehasbeen
createdo all adjacenutterancegoinedtogetherby a PERIOD.
The CUE-WORD CONJUNCTION andPERIOD examplesin Fig-
ure5 illustratethe corversionof a namedrestauranin the sec-
ondargument(column4) to a pronoun(in column5).

4. Training the Sentence-Plan-Ran&r

Examplesand Feedback: To apply RankBoosto trainingthe
SPR,a setof human-ratedp-treesvereencodedn termsof a
setof featuresWe startedwith a setof 30text plansfor recom-
mendationselectedo berepresentate of SPURS generation
capability We ranthe SPG,letting it produceas mary as20
distinct sp-treedor eachtext plan. Theresulting600 sentence
plans realizedoy RealProwerethenratedby two expertjudges
onascalefrom 1to 5, andtheratingsaveraged Theratingsas-
signedto the sp-treeshad a meanof 3.9 and a medianof 4.
Eachsp-treewas an exampleinput for RankBoostwith each
correspondingatingits feedback.

Featuresused by RankBoost: RankBoostrequireseach
exampleto be encodedasa setof real-\aluedfeatureg(binary
featuresaremodeledwith values0 andl). A strengthof Rank-
Boostis thatthesetof featurescanbevery large. We used7024
featuredfor trainingthe SPR.Thesefeaturescountthe number

of occurrence®f certainstructuralconfigurationsjn orderto
capturedecisionsmadeby the randomizedSPGin a declara-
tive way. Thefeaturesarebasedon featuretemplatesandwere
automaticallygeneratedusing the templates)from the set of
sp-treesand associatedSyntStreesthat the SPG generated.
For this experiment,we distinguishtwo classef feature: (1)
Rule-features Thesefeaturesarederivedfrom thesp-treesand
representheway in which meige,infer andcuephraseassign-
mentoperationsare appliedto the contentplan. Thesefeature
namesare prefixed with “rule”. (2) Sent-features Thesefea-
turesarederivedfrom the DSyntSsassociateavith thenodesof
the sp-trees.They describethe deep-syntactistructureof the
utterancejncluding the chosernlexemes. As a result,they are
domainspecific. Thesefeaturenamesareprefixedwith “sent”.

We now describethe featuretemplateausedin the discor-
ery process.Threeof thesetemplatesvere usedfor both sen-
tenceplan featuresand DSyntSfeatures;two were usedonly
for sentenceplan features. We distinguishbetweenlocal fea-
ture templateswhich recordstructuralconfigurationdocal to
aparticularnode(e.qg. its ancestorsgaughter®tc.),andglobal
featue templatesvhichareusedonly for sentenc@lanfeatures
andrecordpropertiesof the entiresp-tree.Therearefour types
of localfeaturetemplate All local featuretemplatesareinstan-
tiatedfor all nodesin asp-treeor in a DSyntStree (exceptthat
the LEAF featureis notinstantiatedn DSyntStrees)thevalue
of the resultingfeatureis the numberof times the described
configurationis foundin the sp-treeor the DSyntStree. In all
casesyve avoid featuresspecificto particularsentencglansby
discardingthosethatoccurfewerthan10times.

Thelocal featuretemplatesnclude: traversalfeatures sis-
ter features ancestorfeaturesandleaf features.For eachnode
in thetree traversal featuresaregeneratedhatrecordthe pre-
ordertraversalof the subtreerootedat that node,for all sub-
treesof all depths(startingwith a single-noderaversalwhich
justlooksatthe currentnode,up to the maximumdepth).Fea-
ture namesare constructedwith the prefix “traversal”, fol-
lowed by the concatenatechamesof the nodes(startingwith
the currentnode)on the traversalpath. An exampleis the fea-
ture“rule_traversalassert-reco-decotWith valuel) of theleft-
mostleaf of thetreein Figure6.

Sister featuresrecordall consecutie sisternodes.Names
areconstructedvith the prefix “sisters”, followed by the con-
catenatechamesof the sisternodes.An exampleis the feature
“rule_sistersMERGE.infer*assert-reco-best{with value 1) of
thetreein Figure6.

For eachnodein thetree,ancestorfeaturesrecordall the
initial subpathof the pathfrom thatnodeto theroot. Feature
namesare constructedvith the prefix “ancestor” followed by
the concatenatedamesof the nodes(startingwith the current
node). An exampleis the feature“rule_ancestarassert-reco-
decor*MERGEinfer” (with valuel) of thetreein Figure6.

Leaf featuresrecordall initial substringsof thefrontier of
the sp-tree. Namesare prefixed with “leaf_”, followed by the



concatenatedamesof thefrontier nodeg(startingwith the cur
rentnode).Thesearebinaryfeatures For example thesentence
plantreeof Figure6 hasvaluel 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 thatrule (AVG). For example,the sp-tree
in Figure 6 hasvalue 3 for “MERGE_infer_-max”, value 2 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
testdatafor eachfold. The evaluationmetric is the human-
assignedcorefor thevariantthatwasratedhighesty SPaRKy
for eachcontentplanfor eachtask/usecombination.We eval-
uatedSPaRKy on the testsetsby comparingfor eachcontent
plan:

o HUMAN: Thescoreof thetop-ranked sentencéelan.

e SFARKY: Thescoreof the SPRS selectedsentence.

¢ RANDOM: The scoreof a sentenceplan randomlyse-
lectedfrom thealternatesentencelans.

[ System Min Max Mean S.D.|
SPAaRKy 2 5 36 71
HUMAN 25 5 39 55
Random 1.5 5 2.9 .88

Table1l: Summaryof RecommendatioResults(N = 60)

Tablel summarizeshe differenceshetweenSPaRKy, Hu-
manand Random. The meanscoreof the bestsentenceplans
selectedby humanjudgesis 3.9, the meanfor SPaRKy is 3.6
andthemearfor Randonselectioris 2.9. A statisticalcompari-
sonof Human,SPaRKy andRandomwith pairedt-testsshaved
that SPaRKy wassignificantlybetterthanRandom(df = 59,t =
5.6,p < .001),andsignificantlyworsethanHuman(df=59,t =
5.9,p < .001).

Table 2 shavs somerulesthatRankBoostearnedor rank-
ing inputsp-treedrom thefirst testfold. We selectedasubsebdf
rulesthatapplyto Alt 12andAlt 16from Figure2. Severalrules
pertainto thelinearorderof the resultingoutput. For example,
the feature“leaf_#assert-reco-bestiescribes tree configura-
tion in which the speechact “assert-reco-bestis the leftmost
leaf in the tree. Thus Rule 1 saysthat the scoreof ary tree
with thatspeech-acastheleftmostis increasedy 0.500,andif
this speechactis followed by “assert-reco-food-quality{(Rule
2) thenthe scoregoesup by an additional0.145. Several of
the learnedrules arerelatedto the amountandtype of aggre-
gationin the SPG.For example,Rules12 and 13 statethat if
thereare 3 or more PROPERNOUNRESTAURANT nodesin
the tree, thendecreasdhe score. The occurrenceof so mary
proper nounsindicatesthat clause-combiningperationsthat
identify identical subjectsand combinetheir attributionswere
not applied. Rules4, 5, and9 indicatethat particulartypesof
clause-combiningperationsarepreferred.

6. Discussion

Thispaperdescribe SPaRKy, astochastisentenc@lannerthat
handlesnputconceptuastructuregor informationpresentation
that are more complex andrequiremore attentionto semantic

[N__Condition as |
T Teaf#assert-reco-best -co 0.500
7 leal #asser-reco-best#assert-reco-Tapality 0.145
3 sentsistersPROPERNOUNRESTAURANT II_quallty

ATTRAMONG1_ATTR.With > -co 0.137
4 sentfraversal COORDANDZ > 1.50 0.0434
5 rule_traversalMERGEJNfer > -co 0.031
[ rule_sistersassert-recaCW_.CONJUNCTTONInfer > 2.50 0.076
7 sentsistersiT_quality > -co 0.026
8  sentsistersll_HAVET > 2.50 0.021
9 senttraversaldepthO_.COORDAND?Z2 > 1.50 0.020
10 senttraversaldepthO_.HAVET > 2.50 -0.339
1T sentfraversalll_decor> -co -0.167
12 sentitraversaldepthO.| PFOPERNOUNRES'IAURANT 2.50 -0.152
I3 senitraversalPROPERNOUNRESTAURANT > 2.50 -0.079
14 sentfraversaldepthO_lT_decor> -co -0.058
15 sentsistersPROPERNOUNRESTAURANT I _decor> -co -0.058
16 leafcouniasseri-reco-decor -co -0.041
TI7 rulefraversalasseri-reco> 4.50 -0.0292
T8 rule_traversaldepth0O_assert-reco 4.50 -0.028
19 senttraversaldepthO_ATTR_with > 1.50 -0.020

Table2: Therulesgeneratedn the first testfold which have
thelargestimpacton thefinal RankBoosscorefor recommend
Alt 12 andAlt 16. a_s representshe incrementor decrement
associateavith satisfyingthe condition.

constraintghanthoseusedin an SPGfor information gather
ing. Ourresultsshawv: (1) the methodusedto train SPoT can
be appliedin a nev domainandfor information presentation;
(2) thatthe sentenceplansthat SPaRKy generatesire of fairly
high quality; and(3) thatthe training methodlearnseffectively
from the datato discrimatehigh quality sentenceplans. In fu-
turework, we hopeto extendSPaRKY to useadditionallinguis-
tic constructsaandapplyit to informationpresentationn a nev
domain.
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