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Abstract

Sentenceplanningis a set of interrelatedbut distinct
tasks,one of which is sentencescoping,i.e. the choice
of syntacticstructurefor elementaryspeechacts and
the decisionof how to combinetheminto one or more
sentences.In this paper we presentSFoT, a sentence
planneranda new methodologyfor automaticallytrain-
ing SPoT on the basisof feedbackprovided by human
judges. We reconceptualizehe taskinto two distinct
phasesFirst, a very simple,randomizedsentence-plan-
generato(SPG) genertesa potentiallylargelist of pos-
sible sentencelansfor a giventext-planinput. Second,
the sentence-plan-raek (SPR) ranksthe list of output
sentenc@lans,andthenselectghetop-rankedplan. The
SPRusegankingrulesautomaticallyjearnedrom train-
ing data.We shaw thatthetrainedSPRIearnsto selecta
sentenc@lanwhoseratingon averageis only 5% worse
thanthetop human-rankdsentencelan.

1 Intr oduction

Sentenceplanningis a set of interrelatedbut distinct
tasks,one of which is sentencescoping,i.e. the choice
of syntacticstructurefor elementaryspeechactsandthe
decisionof how to combinetheminto sentences$. For
example,considertherequiredcapabilitiesof a sentence
plannerfor a mixed-initiative spolen dialog systemfor
travel planning:

(D1) System1:Welcome.... What airport would you like to
y outof?
User2:1 needto goto Dallas.
System3:Flying to Dallas. What departureairport was
that?
User4:from Newark on Septembethe 1st.
System5:Whattime would you like to travel on Septem-
berthe 1stto Dallasfrom Newark?

Utterance System1requestsinformation about the
caller's departureairport, but in User2,the caller takes
the initiative to provide information abouther destina-
tion. In System3the systems goalis to implicitly con-

rm the destination(becauseof the possibility of error
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in the speechrecognitioncomponent),and requestin-
formation(for the secondime) of the caller's departure
airport. In User4,the caller provides this information
but alsoprovidesthe monthandday of travel. Giventhe
systems dialog strateyy, the communicatie goalsfor its
next turnareto implicitly con rm all theinformationthat
theuserhasprovidedsofar, i.e. thedepartureanddesti-
nationcitiesandthe monthandday information,aswell
asto requestinformation aboutthe time of travel. The
systems representatiomf its communicatie goalsfor
utteranceSystemSs in Figurel. Thejob of thesentence
planneris to decideamongthelarge numberof potential
realizationsof thesecommunicatre goals. Someexam-
ple alternatve realizationsarein Figure2.?

implicit-con rm(orig-city:NEWARK)
implicit-con rm(dest-city:DALLAS)
implicit-con rm(month:9)
implicit-con rm(day-number:1)
request(depart-time)

Figurel: Thetext plan(communicatie goals)for utter
anceSystem5n dialogD1

[ Alt Realization H RB

0 What time would you like to travel on 5 .85
Septembethe 1stto Dallasfrom Newark?

5 Leaving on Septembethe 1st. What time
would youlike to travel from Newark to Dal-
las?

8 Leaving in September Leaving onthe 1st. 2 .39
Whattimewouldyou, traveling from Newark
to Dallas,liketo leave?

4.5 .82

Figure 2: Alternative sentenceplan realizationsfor the
text planfor utteranceSystem&n dialogD1. H = human
rating, RB = RankBoosscore.

In this paper we presentSPoT, for “SentencePlan-
ner, Trainable”. We also presenta new methodology
for automaticallytraining SPoT on the basisof feed-
backprovidedby humanjudges.In orderto train SPoT,
we reconceptualizés taskasconsistingof two distinct
phases.In the rst phase,the sentence-plan-generator

2The meaningof the humanratingsand RankBoostscoresin Fig-
ure2 arediscussedbelaw.



(SPG) genemtesa potentially large sampleof possible
sentencelansfor a giventext-planinput. In thesecond
phasethe sentence-plan-rak (SPR) ranksthe sample
sentencelans,andthenselectghetop-ranledoutputto
inputto the surfacerealizer Our primary contritution is
a methodfor trainingthe SPR The SPR usesrulesau-
tomaticallylearnedfrom training data,usingtechniques
similarto (Collins, 2000;Freundetal., 1998).

Our methodfor training a sentencelanneris unique
in neitherdependingon hand-craftedrules, nor on the
existenceof atext or speectcorpusin thedomainof the
sentencelannerobtainedfrom the interactionof a hu-
manwith a systemor anothethuman.We shaw thatthe
trainedSPRIlearnsto selecta sentenc@lanwhoserating
on averageis only 5% worsethanthetop human-rankd
sentenceplan. In the remainderof the paper section2
describeghe sentencelanningtaskin moredetail. We
thendescribethe sentenceplan generato(SPG) in sec-
tion 3, the sentencelanranker (SPR) in section4, and
theresultsin section5.

2 The SentencePlanning Task

The term “sentenceplanning” comprisesmary distinct
tasksandmary waysof organizingthesetaskshave been
proposedn theliterature.In generaltherole of thesen-
tenceplanneris to chooseabstractlinguistic resources
(meaning-bearintexemessyntacticconstructionsjor a
text plan.In ourcasetheoutputof thedialogmanagenf
aspolendialogsystenprovidestheinputto oursentence
plannerin the form of a single spolen dialog text plan
for eachof theturns. (In contrastthe dialog managers
of mostdialog systemgoday simply outputcompletely
formedutterancesvhich arepassednto the TTS mod-
ule.) Eachtext planis anunorderedsetof elementary
speechactsencodingall of the systems communicatie
goalsfor thecurrentturn, asillustratedin Figurel. Each
elementaryspeechactis representedsa type (request,
implicit con rm, explicit con rm), with type-speci cpa-
rameters.The sentenceplannermustdecideamongal-
ternative abstractlinguistic resourcedor this text plan;
surfacerealizationsof somesuchalternatvesarein Fig-
ure?2.

As alreadymentioned,we divide the sentenceplan-
ningtaskinto two phasesin the rst phasethesentence-
plan-generatofSPG) generated 2-20possiblesentence
plans for a given input text plan. Each speechact
is assigneda canonicallexico-structuralrepresentation
(calleda DSyntS — DeepSyntacticStructure(Mel' cuk,
1988)). The sentencelanis atreerecordinghow these
elementaryDSyntS are combinedinto larger DSyntSs;
the DSyntSfor the entire input text plan is associated
with the root nodeof thetree. In the secondphase the
sentenclanranker (SPR) rankssentenceplansgener
atedby the SPG, andthen selectsthe top-ranked out-
put asinput to the surfacerealizer RealPro(Lavoie and
Rambav, 1997). The architecturds summarizedn Fig-
ure3.

(H Sentence PIanneH\

Dialog 0 / - \‘ 14 RealPro
+oll|— - - |0—- )
System 0 NG 0 Realizer
N - y,
f
Sp-trees with associated DSynt$s
Text Plan Chosen sp-tree with associated DSyn

Figure3: Architectureof SPoT

3 The SentencePlan Generator

The researchpresentechereis primarily concerned
with creatinga trainable SPR A strengthof our ap-
proachis the ability to usea very simple SPG, aswe
explain below. The basisof our SPGis a setof clause-
combiningoperationghatincrementallytransforma list
of elementarypredicate-agumentrepresentationgthe
DSyntSscorrespondingto elementaryspeechacts, in
our case)into a single lexico-structuralrepresentation,
by combiningtheserepresentationasingthe following
combiningoperations. Examplescan be found in Fig-
ure4.

MERGE. Two identicalmain matrix verbscan be iden-
tied if they have the samearguments;the adjunctsare
combined.

MERGE-GENERAL. Sameas MERGE, exceptthatoneof
thetwo verbsmaybeembedded.

SOFT-MERGE. Sameas MERGE, exceptthat the verbs
needonly to bein arelationof synorymy or hyperorymy
(ratherthanbeingidentical).

SOFT-MERGE-GENERAL. Sameas MERGE-GENERAL,
exceptthatthe verbsneedonly to bein arelationof syn-
orymy or hyperorymy.

CONJUNCTION. This is standardconjunctionwith con-
junctionreduction.

RELATIVE-CLAUSE. Thisincludesparticipialadjunctsto
nouns.

ADJECTIVE. This transformsa predicatve useof anad-
jective into anadnominalkonstruction.

PERIOD. Joinstwo completeclauseswith a period.

Theseoperationsaarenotdomain-speci candaresim-
ilar to thoseof previousaggregationcomponentgRam-
bow andKorelsky, 1992;Shav, 1998;Danlos,2000),al-
thoughthevariousM ERGE operationsare,to our knowl-
edge nhovelin thisform.

The result of applying the operationsis a sentence
plan tree (or sp-tree for short), which is a binary tree
with leaves labeledby all the elementaryspeechacts



[ Rule Samplerst agument

Samplesecondargument

Result |

MERGE You areleaving from Newark.

You areleaving at5

You areleaving at5 from Newark

MERGE-GENERAL  What time would you like to

leave?

You areleaving from Newark.

Whattimewouldyouliketo leave
from Newark?

SOFT-MERGE You areleaving from Newark You aregoingto Dallas You aretraveling from Newark to
Dallas

SOFT-MERGE- What time would you like to  Youaregoingto Dallas. Whattimewouldyouliketo y to

GENERAL leave? Dallas?

CONJUNCTION You areleaving from Newark.

You aregoingto Dallas.

You areleaving from Newark and
you aregoingto Dallas.

RELATIVE- Your ight leavesat5. Your ight arrivesat9. Your ight, whichleavesat5, ar
CLAUSE rivesat9.

ADJECTIVE Your ight leavesat5. Your ight is nonstop. Your nonstopight leavesat5.
PERIOD You areleaving from Newark. You aregoingto Dallas. You are leaving from Newark.

You aregoingto Dallas

Figure4: List of clausecombiningoperationswith examplesfrom our domain;an explanationof the operationds

givenin Section3.

from the input text plan, andwith its interior nodesla-

beledwith clause-combiningperationd. Eachnodeis

alsoassociatedvith a DSyntS:the leaves(which corre-
spondto elementangpeechactsfrom theinputtext plan)
arelinkedto a canonicalDSyntSfor thatspeectact (by

lookupin a hand-craftedlictionary). Theinterior nodes
are associatedvith DSyntSshy executingtheir clause-
combingoperationon their two daughtemodes.(A PE-

RIOD noderesultsin a DSyntSheadecdby a periodand
whosedaughtersare the two daughterDSyntSs.) If a
clausecombinatiorfails, the sp-treeis discardedfor ex-

ample,if we try to createa relative clauseof a struc-
ture which alreadycontainsa period). As a result, the
DSyntSfor the entire turn is associatedvith the root
node.ThisDSyntScanbesentto RealProwhichreturns
a sentencdor several sentencesf the DSyntScontains
periodnodes).The SPGis designedn sucha way that
if a DSyntSis associatedvith therootnode,it is avalid

structurewhich canberealized.

softmerge-general

softmerge softmerge-general

TNl T

impoonfim(dey)  mpconfim(montt) - requestfime)  softmergegeneral

N

imp-confirm{destcty)  imp-confimn{orig-city)
Figure5: Alternative O Sentencé&lanTree

Figure 2 shovs someof therealizationsof alternative
sentencelansgeneratedy our SPGfor utteranceSys-

3The sp-treeis inspiredby (Lavoie andRambav, 1998). Therep-
resentationsisedby Danlos(2000), Gardentand Webber(1998), or
StoneandDoran(1997)aresimilar, but do not (always)explicitly rep-
resenthe clausecombiningoperationsaslabelednodes.

period

/\

soft-merge-general | soft-merge-general ,

imp-confim(day)  imp-confim(mont)  soft-merge-general , request(time)

T

imp-confirm(orig-city)  imp-confirm(dest-city)
Figure6: Alternative 5 SentencélanTree

period

/\

eriod relative-clause
2

N TN

imp-confirm(month)  imp-confirm(day) soft-merge-general  request(time)

imp-confirm(orig-City) imp-confirm(dest-city)

Figure7: Alternative 8 SentencélanTree

tem5in Dialog D1. Sp-treesfor alternatvesO, 5 and
8 arein Figures5, 6 and7. For example,considerthe
sp-treein Figure 7. Node soft-merge-generalmermges
animplicit-con rmations of the destinatiorcity andthe
origin city. Therow labelledSoFT-MERGE in Figure4
shaws the result of applying the soft-mege operation
whenArgs 1 and2 areimplicit con rmationsof the ori-
gin and destinationcities. Figure 8 illustratesthe rela-
tionship betweenthe sp-treeand the DSyntSfor alter
native 8. The labelsandarrons shav the DSyntSsas-
sociatedwith eachnodein the sp-tree(in Figure7), and
thediagramalsoshovshow structuresarecomposednto
largerstructuredy the clausecombiningoperations.



leave leave

PRONOUN IN1

PRONOUN ON1

imp-confirm(day)
imp-confirm(moth)
soft-merge-genera

period

mood:prespaft

imp-confirm(orig-city)

request(time)

relative-\cljuse

—

like

mood: questio

PRONOUN travel
Der-S9 mood: inf-to

FROM1

Newark

imp-confirm(dest-city)

Figure8: Alternative 8 DSyntS(notall linguistic featuresareshown)

Thecompleity of mostsentencelannersarisesfrom
the attemptto encodeconstraintson the applicationof,
andorderingof, theoperationsin orderto generatesin-
gle high quality sentenceplan. In our approachwe do
not needto encodesuchconstraints.Rather we gener
atearandomsampleof possiblesentencelansfor each
text plan,up to apre-speci edmaximumnumberof sen-
tenceplans,by randomlyselectingamongthe operations
accordingto someprobability distribution.*

4 The Sentence-Plan-Rané&r

Thesentence-plan-raekSPRtakesasinputasetof sen-
tenceplansgeneratedy the SPG and ranksthem. In
orderto train the SPR we appliedthe machinelearning
programRankBoos{{Freundet al., 1998),to learnfrom
alabelledsetof sentence-platraining examplesa setof
rulesfor scoringsentencelans.

4.1 RankBoost

RankBoostis a memberof a family of boostingalgo-
rithms (Schapire, 1999). Freundet al. (1998)describe
the boostingalgorithmsfor rankingin detail: for com-
pletenesswe give a brief descriptionin this section.
Eachexample is representedby a setof indicator
functions for . Theindicatorfunctions
arecalculatedvy thresholdinghefeaturevalues(counts)
describedn sectiord.2. For example,onesuchindicator
functionmightbe

if DSYNT-TRAVERSAL-PRONOUN( )

otherwise

4Heretheprobability distribution is hand-craftedasedn assumed
preferencedor operationssuchas SOFT-MERGE and SOFT-MERGE-
GENERAL over CONJUNCTION andPERIOD. Thisallows usto biasthe
SPG to generateplansthat are more likely to be high quality, while
generatin@ relatively smallersampleof sentencelans.

So if the numberof pronounsin is

A singleparameter is associatedvith eachindicator
function, and the “ranking score” for an example is
thencalculatedas

This scoreis usedto rankcompetingsp-tree®f thesame
text planin orderof plausibility. Thetrainingexamples
areusedto settheparameteralues . In (Freundetal.,
1998) the humanjudgmentsare corvertedinto a train-
ing setof ordered pairs of examples , where and
arecandidatedor the samesentenceand s strictly
preferredo . More formally, thetrainingset is

arerealizationdor the sametext plan
is preferreddo by humanjudgments

Thuseachtext planwith 20 candidatesould contribute
upto suchpairs: in practice,fewer
pairscouldbecontributeddueto differentcandidateget-
ting tied scoredrom theannotators.

Freundetal. (1998)thendescribdrainingasaprocess
of settingthe parameters to minimize the following
lossfunction:

It canbeseenthatasthis lossfunctionis minimized,the
valuesfor where is preferredto  will

be pushedto be positive, so thatthe numberof ranking
errors(casesvhererankingscoresdisagreavith human
judgmentswill tendto bereduced Initially all parame-
tervaluesaresetto zero. The optimizationmethodthen
greedilypicks a single parametent a time — the param-
eter which will make mostimpacton the loss function

— andupdateghe parameteralueto minimize theloss.



Theresultis thatsubstantiaprogresss typically maden
minimizing the error rate, with relatively few non-zero
parametewalues. Freundet al. (1998) shawv that un-
dercertainconditionsthecombinatiorof minimizingthe
lossfunctionwhile usingrelatively few parameterteads
to good generalizatioron testdataexamples. Empiri-
cal resultsfor boostinghave shovn thatin practicethe
methodis highly effective.

4.2 Examplesand Feedback

To apply RankBoost,we require a set of example sp-
trees,eachof which have beenrated, and encodedin
termsof a setof features(seebelan). We startedwith
acorpusof 100text plansgeneratedn context in 25 di-
alogsby thedialogsystem WethenrantheSPG, param-
eterizedto generateat most20 distinct sp-treedor each
text plan. Sincenot all text planshave 20 valid sp-trees
(while somehave mary more), this resultedin a corpus
of 1868sentencelans.Thesel868sp-treesrealizedby
RealProwerethenratedby two expertjudgesin thecon-
text of thetranscribeariginal dialogs(andthereforealso
with respecto their adequag giventhe communicatie
goalsfor thatturn), on a scalefrom 1 to 5. Theratings
givenby thejudgeswerethenaveragedo provide arat-
ing betweenl and5 for eachsentenceplan alternatve.
Theratingsassignedo the sentencelanswereroughly
normally distributed, with a meanof 2.86 anda median
of 3. Eachsp-treeprovided an exampleinput to Rank-
Boost,and eachcorrespondingating wasthe feedback
for thatexample.

4.3 FeaturesUsedby RankBoost

Rankboostlike othermachinelearningprogramsof the
boostingfamily, canhandlea very large numberof fea-
tures. Therefore,insteadof carefully choosinga small
numberof featuresby handwhich may be useful, we
generatea very large numberof featuresandlet Rank-
Boostchoosethe relevantones. In total, we used3,291
featuresin training the SPR. Featureswere discovered
from the actualsentencelantreesthatthe SPG gener
atedthroughthefeaturederivationprocessiescribede-
low, in a mannersimilar to thatusedby Collins (2000).
The motivation for the featureswasto capturedeclar
atively decisionsmade by the randomizedSPG. We
avoidedfeaturesspeci c to particulartext plansby dis-
cardingthosethatoccurredfewerthan10times.
Featuresare derived from two sources:the sp-trees
andthe DSyntSsassociatedvith the root nodesof sp-
trees. The feature namesare pre xed with “sp-" or
“dsynt-" dependingon the source. Therearetwo types
of featuresiocalandglobal. Localfeaturegecordstruc-
tural con gurationslocal to a particularnode,i.e., that
canbe describedwith respecto a single node(suchas
its ancestorsits daughtersetc.). The value of the fea-
tureis the numberof timesthis con gurationis foundin
the sp-treeor DSyntS.Eachtype of local featurealso
has a correspondingparameterizedr lexicalized ver
sion, which is more speci ¢ to aspectf the particular

dialogin whichthetext planwasgenerated. Globalfea-
turesrecordpropertiesof the entiretree. Featuresand
examplesarediscussedbelow.

Traversal features For eachnodein the tree, fea-
turesare generatedhat recordthe preordertraversalof
the subtreerooted at that node, for all subtreesof all
depths(up to the maximumdepth). Featurenamesare
constructedvith the pre x “traversal-",followed by the
concatenatedamesof the nodes(startingwith the cur-
rentnode)onthetraversalpath. As anexample,consider
the sp-treein Figure5. FeaturesP-TRAVERSAL-SOFT-
MERGE* IMPLICIT-CONFIRM* IMPLICIT-CONFIRM has
valuel, sinceit countsthe numberof subtreesn the sp-
treein which a soft-megerule dominategwo implicit-
con rm nodes.In the DSyntStreefor alternative 8 (Fig-
ure8), featureDSYNT-TRAVERSAL-PRONOUN, which
countsthe numberof nodesin the DSyntStreelabelled
PRONOUN (explicit or empty),hasvalue4.

Sister features These featuresrecord all con-
secutve sister nodes. Names are constructedwith
the pre x “sisters-", followed by the concatenated
names of the sister nodes. As an example, con-
sider the sp-treeshavn in Figure 7, and the DSyntS
tree shovn in Figure 8. Feature DSYNT-SISTERS-
PRONOUN-ON1 countsthe numberof timesthe lexi-
calitemsPRONOUN andON1 aresistersn the DSyntS
tree; its value is 1 in Figure 8. Another example
is feature SP-SISTERS-IMPLICIT-CONFIRM* IMPLICIT-
CONFIRM, which describeghe con guration of all im-
plicit con rms in the sp-treesin; its valueis 2 for all
threesp-treesn Figuresb, 6 and7.

Ancestor features For eachnodein the tree, these
featuresrecordall the initial subpathsof the pathfrom
thatnodeto theroot. Featurenamesareconstructeavith
the pre x “ancestot”, followed by the concatenated
namesof the nodes(starting with the current node).
For example, the feature SP-ANCESTOR* IMPLICIT-
CONFIRM-ORIG-CITY* SOFT-MERGE-GENERAL* SOFT-
MERGE-GENERAL counts the number of times that
two soft-mege-generalnodes dominate an implicit
con rm of theorigin city; its valueis 1 in the sp-treeof
Figuresb and6, but 0 in the sp-treeof Figure7.

Leaf features These featuresrecord all initial
substringsof the frontier of the sp-tree(recall that its
frontier consistsof elementaryspeechacts). Names
are pre xed with “leaf-”, and are then followed by
the concatenateshamesof the frontier nodes(starting
with the current node). The value is always O or
1. For example, the sp-treesof Figure 5, 6 and 7
have value 1 for featuresLEAF-IMPLICIT-CONFIRM
AND LEAF-IMPLICIT-CONFIRM* IMPLICIT-CONFIRM,
representinghe rst two sequence®f speechactson
the leaves of the tree. Figure 5 sp-treehas value 1
for features LEAF-IMPLICIT-CONFIRM* IMPLICIT-
CONFIRM* REQUEST, and LEAF-IMPLICIT-

5Lexicalizedfeaturesareusefulin learninglexically speci c restric-
tionson aggr@ation(for example for verbssuchaskisg.



[ N Condition A0 A5 A8 |
1 LEAF-IMPLICIT-CONFIRM 1 1 1 1 0.94
2 DSYNT-TRAVERSAL-PRONOUN 2 1 2 4  -0.85
3  LEAF-IMPLICIT-CONFIRM* IMPLICIT-CONFIRM* REQUEST* IMPLICIT-CONFIRM 1 1 0 0 -052
4  DSYNT-TRAVERSAL-IN1 1 0 0 1 -0.52
5 DSYNT-TRAVERSAL-PRONOUN 3 1 2 4 -0.34
6  SP-ANCESTOR*IMPLICIT-CONFIRM-ORIG-CITY * SOFT-MERGE-GENERAL* SOFT- 1 1 0 0.33

MERGE-GENERAL 1.0
7  SP-ANCESTOR-SOFT-MERGE-GENERAL*PERIOD 1 0 1 0 0.21
8 DSYNT-ANCESTOR-IN1*LEAVE 1 0 0 1 -0.16
9  SP-TRAVERSAL-IMPLICIT-CONFIRM-DAY-NUMBER 1 1 1 1 -0.13
10 SP-TRAVERSAL-SOFT-MERGE* IMPLICIT-CONFIRM* IMPLICIT-CONFIRM 1 1 0 0 0.11
11 REL-CLAUSE-AVG 2 0 0 3 -0.12
12 PERIOD-AVG 3 0 5 35 0.12
13 DSYNT-ANCESTOR-TRAVEL*LIKE 1 1 0 0 0.10
14 DSYNT-SISTERS-PRONOUN-ON1 1 0 1 1 -0.10
15 LEAF-IMPLICIT-CONFIRM* IMPLICIT-CONFIRM*REQUEST 1 1 0 0 -0.10
16 REL-CLAUSE-MIN 2 0 0 3 -0.09
17 SP-SISTERS-IMPLICIT-CONFIRM* IMPLICIT-CONFIRM- 1 2 2 2 0.09
18 REL-CLAUSE-MAX 2 0 0 3 -0.07
19 SP-ANCESTOR-IMPLICIT-CONFIRM* SOFT-MERGE* SOFT-MERGE-GENERAL 1 1 0 0 0.06

Figure 9: Ruleswith the largestimpacton the nal RankBoostscore.

representshe incrementor decrement

associatedavith satisfyingthe condition. The columnsAQ, A5 andA8 give the valuesof thefeaturefor alternatvesoO,

5and8

CONFIRM* IMPLICIT-CONFIRM* REQUEST* IMPLICIT-
CONFIRM. Eachof thesehasa correspondingparam-
eterizedfeature, e.g. for LEAF-IMPLICIT-CONFIRM,
there is a corresponding parameterizedfeature of
LEAF-IMPLICIT-CONFIRM-ORIG-CITY.

Global Features The global sp-treefeaturesrecord,
for each sp-tree and for each operation labeling a
non-frontiernode(i.e., rule suchas CONJUNCTION or
MERGE-GENERAL), (1) the minimal numberof leaves
(elementaryspeechacts) dominatedby a nodelabeled
with thatrule in thattree (MIN); (2) the maximalnum-
berof leavesdominatecby a nodelabeledwith thatrule
(MAX); and(3) theaveragenumberof leavesdominated
by anodelabeledwith thatrule (AvG). For example the
sp-treefor alternatve 8 in Figure7 hasvalue?2 for SOFT-
MERGE-GENERAL-MAX -MIN, and-AvG, butaPERIOD-
MAX of 5, PERIOD-MIN of 2 andPERIOD-AVG of 3.5.

5 Experimental Results

To train andtestthe SPR we partitionedthe corpusinto
5 disjointfolds andperformeds-fold cross-alidation,in
which at eachfold, 80% of the exampleswere usedfor
trainingan SPR andthe otherunseer20% wasusedfor
testing. This methodensureghat every exampleoccurs
oncein thetestset. We evaluatethe performanceof the
thetrainedSPRon thetestsetsof text plansby compar
ing for eachtext plan:

BEST. Thescoreof thetop human-rankdsentence
plan(s);

SPA: Thescoreof SPOT's selectedsentencelan;

RANDOM: The scoreof a sentencglanrandomly
selectedrom the alternatesentencelans.

Figure 10 shows the distributions of scoresfor the
highestranked sp-treefor eachof the 100text plans,ac-
cordingto thehumanexperts,accordingo SPoT, andac-
cordingto randomchoice. The humanrankingsprovide
atopline for SPoT (sinceSFoT is choosingamongop-
tionsrankedby thehumansit cannotpossiblydo better),
while therandomscoresprovide a baseline. The BEST
distribution shavs that97%of text planshadatleastone
sentenceplanranked4 or better The RANDOM distri-
bution approximateghe distribution of rankingsfor all
sentencelansfor all examples.

Becausesachtext planis usedin somefold of 5-fold
crossvalidationas a testelement,we assesshe signif-
icanceof the rankingdifferenceswith a pairedt-testof
SPJ to BESTandSPO to RANDOM.

A pairedt-testof SPO to BEST shows that there
aresigni cant differencesn performance

). Perfectperformancevould have meanthatthere
would be no signi cant difference. However, the mean
of BESTis 4.82ascomparedvith themeanof SPOI of
4.56,for a meandifferenceof 0.26 on a scaleof 1 to 5.
This is only a 5% differencein performance.Figure 5
alsoshavsthatthe maindifferencesrein thelower half
of the distribution of rankings;both distributionshave a
medianof 5.

A paired t-test of SPO' to RANDOM shaws that
therearealsosigni cant differencesn performance

). The medianof the RANDOM distri-
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Figure10: Distribution of rankingsfor BEST, SPOr and
RANDOM

butionis 2.50ascomparedo SPoT's medianof 5.0. The
meanof RANDOM is 2.76,ascomparedo the meanof
SPA of 4.56,for ameandifferenceof 1.8 on a scaleof
1to 5. The performancalifferencein this caseis 36%,
shaving a large differencein the performanceof SPoT
andRANDOM.

We then examinedthe rules that SPOT learnedin
training and the resulting RankBoostscores. Figure 2
shaws, for eachalternatie sentencelan,the BEST rat-
ing usedas feedbackto RankBoostand the scorethat
RankBoosgave thatexamplewhenit wasin thetestset
in afold. RecallthatRankBoosfocuseson learningrel-
ative scoresnot absolutevalues,so the scoresare nor-
malizedto rangebetweerD and1.

Figure9 shavs someof therulesthatwerelearnedon
thetrainingdata,thatwerethenappliedto thealternatve
sentenceplansin eachtestset of eachfold in orderto
rank them. We include only a subsetof the rules that
hadthe largestimpacton the scoreof eachsp-tree.We
discusssomeparticularrule exampleshereto help the
readerunderstandow SPoT's SPR works, but leave it
to thereadeto examinethethresholdandfeaturevalues
in theremaindeof therulesandsumtheincrementsand
decrements.

Rule (1) in Figure 9 statesthat animplicit con rma-
tion asthe rst leaf of the sp-treeleadsto a large (.94)
increasen thescore.Thusall threeof our alternatie sp-
treesaccruethisrankingincreaseRules(2) and(5) state
thattheoccurrencef 2 or morePRONOUN nodesn the
DSyntSreduceghe rankingby 0.85,andthat3 or more
PRONOUN nodesreducegherankingby an additional
0.34. Alternative 8 is above the thresholdfor both of
theserules;alternatve 5 is above the thresholdfor Rule
(2) andalternatve O is alwaysbelow thethresholdsRule
(6) on the otherhandincrease®nly the scoresof alter
nativesO and5 by 0.33sincealternatve 8 is below the
thresholdfor thatfeature.

Notealsothatthe quality of therulesin generakeems
to behigh. Althoughwe providedmultiple instantiations
of featuressomeof whichincludedparametersr lexical
items that might identify particulardiscoursecontexts,
mostof thelearnedrulesutilize generabpropertieof the
sp-treeand the DSyntS.This is probablypartly dueto
the factthat we eliminatedfeatureshat appearedewer
than10 timesin the training data,but alsopartly dueto
thefactthatboostingalgorithmsin generalappeato be
resistanto over tting thedata(Freundetal., 1998).

6 RelatedWork

Previous work in sentenceplanningin the naturallan-
guagegeneration(NLG) community useshand-written
rules to approximatethe distribution of linguistic phe-
nomenan acorpus(see(Shav, 1998)for arecentexam-
ple with furtherreferences)This approachis dif cult to
scaledueto the nonrolustnesf rulesand unexpected
interactiongHovy andWanner 1996),andit is dif cult
to developnew applicationsquickly. Presumablythisis
thereasornwhy dialog systemgo datehave not usedthis
kind of sentencglanning.

Most dialog systemdodayusetemplate-basedener
ation. Thetemplateoutputsaretypically concatenatetb
producea turn realizingall the communicatie goals. It
is hardto achieve high quality outputby concatenating
the template-basedutputfor individual communicatie
goals,andtemplatesaredif cult to developandmaintain
for a mixed-initiative dialog system. For thesereasons,
OhandRudnicky (2000)use -grammodelsandRatna-
parkhi (2000), maximumentropy to choosetemplates,
using hand-writtenrules to scoredifferent candidates.
But syntacticallysimplistic approachesnay have qual-
ity problems,and more importantly theseapproaches
only dealwith inform speechacts. And crucially, these
approachesuffer from the needfor training data. In
generaltheremay be no corpusavailablefor a new ap-
plication area,or if thereis a corpusavailable, it is a
transcriptof human-humarialogs. Human-humardi-
alogs,however, may not provide a very good model of
sentencelanningstratgjiesfor a computationabystem
becausdhe sentenceplannermustplan communicatre
goalssuchasimplicit con rmation which areneededo
preventand correcterrorsin automaticspeectrecogni-
tion but which arerarein human-humaulialog.

Other relatedwork dealswith discourse-relatecs-
pectsof sentencelanningsuchascueword placement
(MoserandMoore, 1995), clearly a crucial taskwhose
integrationinto our approachwe leave to future work.
Mellish et al. (1998)investigatethe problemof deter
mining a discoursetree for a setof elementaryspeech
actswhich are partially constrainecdby rhetoricalrela-
tions. Using hand-craftedvaluationmetrics,they shov
thata geneticalgorithmachiezesgoodresultsin nding
discoursetrees. However, they do not addressclause-
combining,andwe do not usehand-craftednetrics.



7 Discussion

We have presentedSPoT, a trainablesentenceplanner
SPoT re-conceptualizeshe sentenceplanning task as
consistingof two distinctphases(1) a very simplesen-
tenceplangeneratoiSPG thatgeneratesnultiple candi-
datesentenceplansusing weightedrandomizationand
(2) asentencelanranker SPRthatcanbetrainedfrom
examplesvia humanfeedbackwhosejob is to rank the
candidatesentenceplans and selectthe highestranked
plan. Ourresultsshow that:

SPoT's SPR selectssentenceplansthat on aver
ageareonly 5% worsethanthe sentencelan(s)se-
lectedasthe bestby humanjudges.

SPoT's SPRselectssentenceglansthaton average
are 36% betterthana randomSPR that simply se-
lectsrandomlyamongthe candidatesentencglans.

We validatedtheseresultsin anindependentxperi-
mentin which 60 subjectevaluatedhe quality of differ-
entrealizationsfor a giventurn. (Recallthatour train-
able sentenceplannerwastrainedon the scoresof only
two humanjudges.) This evaluationrevealedthat the
choicesnadeby SPoT werenot statisticallydistinguish-
ablefrom the choicesranked at the top by the two hu-
manjudges. More importantly they were alsonot dis-
tinguishablestatistically from the currenthand-crafted
template-basedutputof the AT&T Communicatoisys-
tem, which hasbeendevelopedand ne-tuned over an
extendedperiodof time (whereasSPoT is basednjudg-
mentsthattook aboutthreeperson-day$o make). SFoT
alsowasratedbetterthantwo rule-basedrersionsof our
SPGwhichwe developedasbaselinesAll systemsut-
performedthe randomchoice. We will reporton these
resultsin moredetailin afuture publication.

In futurework, we intendto build onthework reported
in this paperin several ways. First, we believe thatwe
couldutilize additionalfeaturesaspredictorsof thequal-
ity of a sentenceplan. Theseinclude featureshasedon
the discoursecontet, andfeatureshat encoderelation-
shipsbetweenthe sp-treeandthe DSyntS.We will also
expandthe capabilitiesof the SPG to cover additional
sentencelanningtasksin additionto sentencescoping,
andduplicatethemethodslescribedereto retrainSPoT
for ourextendedSPG.
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