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Abstract

In this paperwe describemachinelearn-
ing experimentsthat aim to characterise
the content selectionprocessfor distin-
guishing descriptions. Our experiments
arebasedon two large corporaof human-
produceddescriptionsof objectsin rela-
tively smallvisualscenesthereferringex-
pressionsare annotatedvith their seman-
tic content. The visual context of refer
enceis widely consideredo be a primary
determinanbf contentin referringexpres-
sion generationso we explore whethera
model can be trainedto predict the col-
lectionof descriptve attributesthatshould
be usedin a given situation. Our exper
iments demonstratehat spealer-speci c
preferencegplay a much more important
role than existing approacheso referring
expressiorgeneratioracknavledge.

1 Intr oduction

Sinceat leastthe late 1980s,referring expression
generation(REG) hasbeena key topic of inter

estin the naturallanguagegeneratiorcommunity
(see, for example, (Dale, 1989; Dale and Had-
dock,1991;Dale andReiter 1995;vander Sluis,
2001; Krahmer and Theune,2002; Krahmer et
al., 2003; Jordanand Walker, 2005;van Deemter
2006; Gattandvan Deemtey 2006; Kelleherand
Kruijff, 2006)); andit hasrecentlysened asthe
focusfor the rst major evaluationefforts in nat-
ural languagegeneration(see,for example,(Belz

etal.,2009;Gattetal., 2009)). Thislevel of atten-
tion is duein large partto the consensusiew that
hasarisenasto what s involved in referring ex-

pressiorgenerationthetaskis widely accepteds
involving a procesof selectingthoseattributesof

anintendedreferentthat distinguishit from other
potential distractorsin a given context, resulting
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in whatis oftenreferredto asa distinguishingde-
scription

Most existing REG algorithmsrely on hand-
crafteddecisionproceduresvhosebehaiour is ei-
ther entirely deterministic(Dale, 1989; Dale and
Haddock,1991; Gardent,2002) or canbe in u-
encedto somedegree using paraneterssuch as
preferenceorderingsor cost functions over the
available propertiesin orderto choosethosethat
shouldappeaiin areferringexpression(Daleand
Reiter 1995; van der Sluis, 2001; Krahmerand
Theune2002;Krahmeretal.,2003;van Deemtey
2006; Gattandvan Deemtey 2006; Kelleherand
Kruijff, 2006). However, only very limited at-
temptshave beenmadeto determinehow these
parametershouldbestbe instantiatedn orderto
allow analgorithmto mimic human-producede-
ferring expressionsFurthermoretheresultsof re-
centevaluationexercise(Guptaand Stent,2005;
ViethenandDale,2006;Belz andGatt,2007;Gatt
etal., 2007; Gatt et al., 2008) shav that noneof
thesealgorithms can be consideredan accurate
model of humanproductionof referring expres-
sionsin ary of theirinstantiations.

In this paper we take aspealer-orientedper
spectve on REG thatis aimedin partat exploring
thefactorsthatimpacton the choicesthathumans
make whenthey refer, and ultimately at nding
modelsfor REG which can claim at leasta cer
tain level of cognitive plausibility by being able
to replicatehumanreferring behaiour. To this
endwe usetwo large corporaof referringexpres-
sionsto train machindearningmodelson thetask
of contentdetermination.The larger of thesecor
porais beingintroducedor the rst time here.We
rst attemptto build modelsthatareableto predict
thecontentof areferringexpressiorbasednly on
thevisualcharacteristicef thesurroundingscene.
We thencontrastthe resultsof this experimentto
thoseof a secondse of experimentsin which the
machinelearnerwas told which participanthad
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% Relatve Frequeng

ContentPattern ExampleDescription GRE3D3| GRE3D7

R | hg_size tg_col, tg_typei thesmallblueball 22.70 47.88
D | hg_col; tg_typei theblueball 27.30 36.70
W | hg_sizetg_col; tg_type; rel, Im_size Im_col, Im_typei | thesmallblueball on top of thelarge greencube 4.76 5.31
F | hg_col tg_type; rel; Im_col; Im_typei theblueball ontop of thegreencube 7.78 2.70
T | hg_sizetg_col; tg type; rel, Im_col; Im_typel thesmallblueball ontop of thegreencube 4.92 2.08

| | htg_col, tg_type; rel; Im_size Im_col; Im_typei theblueball ontop of thelargegreencube 1.90 1.03
ZF | hg_typei theball 8.25 0.07
Z | hig_sizetg_typei thesmallball 4.44 0.38
N | hg_sizetg_col; tg_loc; tg_typei thesmallblueball in theleft 0.32 0.87
ZK | hg_type; rel, Im_typei theball ontop of thecube 3.49 0.40

Tablel: Thetenmostcommoncontentpatternghatoccurin bothGRE3D3andGRE3D?7.

these trial sets. So, each participant in the
GRE3D3 collection provided ten descriptions,
while each GRE3D7 participant described 16
stimulusscenesThisresultedn 630GRE3D3de-
scriptions(30 for eachscendn Trial Setl, and33
for eachscenein Trial Set2) and4480GRE3D7
descriptiong140for eachstimulusscene).

3.3 Annotation of SemanticContent

In orderto be ableto analysehe semanticontent
of the referring expressionswe annotatedhe at-

tributesand relationscontainedin eachof them.
The attritutesthat participantsusedin the refer

ring expressiongontainedn thetwo corporaand
their possiblevalues,areasfollows:

type [ball; cube]

colour[blue green red; yellow]
size[large small

location [right; left; front; top]

relation [on-top-of; in-front-of; left-of;

right-of]

In ourannotationseachattributeis pre x edby ei-
thertg or Im to markwhetherit pertaingo thetar
getor the landmarkobject. For example,tg_size
indicateghatthesizeof thetamgetwasmentioned.
This resultsin ninecomponenproperties’
Eachdescriptioncontainedn the GRE3D3and
GRE3D7corporacanbe characteriseth termsof
a contentpattern de ned by the presenceor ab-
senceof eachof thesenine componentproper
ties. Table1 lists the tenmostcommonof these
3As notedby onereviewer, theethno-culturabackground
of spealkrscanhave alargeimpactespeciallyon the useof
spatialinformation. The datawould look very differentif it
had beencollectedfrom spealers of languageghat mostly

make absolutereferenceo pointsof the compassatherthan
usingrelative informationsuchas’left' and right'.
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contentpatternsalongwith exampledescriptions
andthe relative frequeny with which thesepat-
ternsoccurredn eachcorpus.37 differentcontent
patternscanbe found acrossthe two corpora;the
GRE3D3corpuscontains31 of these37 content
patternsfour morethanthemuchlarger GRE3D7
corpus.21 of the patternsoccurin bothcorpora.

4 Experimental Setup

Most work on referring expressiongeneratiorat-
temptsto determinavhatattributesshouldbeused
in adescriptiorby takingaccounbf aspect®f the
contet of reference An obvious questionis then
whetherwe canlearnthe contentpatternsin this
datafrom the contets in which they were pro-
duced. To explore this, we de ne a numberof
featureghatcapturetherelevantaspets of thevi-
sualcontet in our stimulusscenes.Importantly
thesefeaturesare generalenoughto be able to
captureboth GRE3D3and GRE3D7scenes.We
usetwo typesof featuresdirectpropertyfeatures
which simply recordthe attribute value ofa cer
tain objectin the sceneandcompaative featues
which comparethe attribute valuesof one object
to thoseof the other objects. In a secondstep,
we additionallyincludeParticipant_ID asascene-
independenteature. The completelist of 12 fea-
turesusedis shavn in Table2.

Thefeaturegpayparticularattentionto theprop-
ertiesof the tamget and the landmarkobjectsfor
two reasons:rstly , the natureof the taskis such
thatthesetwo objectscanbe expectedto be clos-
estto the participants focusof attention;andsec-
ondly, theseare the only two objectsthat canbe
identi ed ascorrespondingo eachotheracrossll
scenesin particularin the GRE3D7stimuli.

As direct propertyfeatureswe usethe type of
spatialrelation holding betweentarget and land-
mark, as peoplegenerallyshov a preferenceor



| Attribute | Explanation | Values
direct TG_Size sizeof thetamget object small large
property LM_Size sizeof thelandmarkobject small large
features Relation Type typeof relationbetweertargetandlandmark | horizontal, vertical
Num_TG_Size numberof objectsof samesizeasthetamet numeric
Num_LM _Size numberof objectsof samesizeaslandmark | numeric
TG_LM_SameSize | tagetandlandmarksharesize Boolean
.| Num_TG_Col numberof objectsof samecolourastarget numeric
comparatie . .
features Num_LM _Col numberof objectsof samecolouraslandmark| numeric
TG_LM_SameCol | tagetandlandmarksharecolour Boolean
Num_TG_Type numberof objectsof sametype astarget numeric
Num_LM Type numberof objectsof sametypeaslandmark | numeric
TG_LM_SameType | targetandlandmarksharetype Boolean
Participant_ID ID numberof the descriptiongiver alphanumeric

Table2: Thefeaturesandtheir valueformats.

vertical relations over horizontal ones (Lyons,
1977; Gapp, 1995; Bryant et al., 2000; Landau,
2003; Arts, 2004; Tenbrink, 2005),andthe sizes
of thesetwo objects.We do not includecolouror

type asfeaturesbecausehe actualvaluesof these
attributesare unlikely to have animpacton their

use. Raher, we expectthe proportionof objects
sharingthesepropertiescapturedn the compara-
tive featuresto be of importance Thisis different
for size as a large object standsout more from

its surroundingghana smal one, even indepen-
dently of the sizesof the otherobjects. location

is notincludedasit wasalmostconstanacrossall

sceneandcanthereforenotbeusedio distinguish
betweerthem.

We usedthe C4.5 decisiontree learningalgo-
rithm (Quinlan, 1993) implementedn the Weka
workbench(Witten and Frank, 2005). We tested
both prunedand unprunedrees,but in whatfol-
lows we commenton the resultsof the unpruned
treesonly wherethey are differentfrom thoseof
the prunedtrees. Decisiontreepruningis a post-
training step that simpli es the treesto reduce
over- tting to thetrainingdata. Thisis especially
relevantif the trainedmodelsare usedon unseen
data. However, if the ability of a featuresetto
characterisa setof naturaldatais atquestionun-
prunedtreescanalsobeof interest.

5 Resultsand Discussion

In the following, the t of the trainedmodelsis
measuredby the Accurag with whichthey predict
held-outtestdata orcharacteris¢hetrainingdata.
It is de ned asthe numberof instancegredicted
correctlydivided by thetotal numberof instances
in thetestor training set.
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5.1 Content SelectionBasedon Scene
Characteristics

The Accurag results achiered by the models
trainedonthescene-basefgatureset,withouttak-
ing into accountParticipant_ID, areshawvn in Ta-
ble 3. As a baselinewe reportthe successate of
a modelthatsimply chooseghe majority classin
eachcase. We usedthreedifferenttestmethods:
(1) testingonthe completetraining setshavs how
well the learnedmodel characterisethe dataand
therebygivesan indicationof the extentto which
thechoserfeatureanexplainthevariationin the
data;(2) ten-foldcross-alidationis usedto assess
the ability of the learnedmodelto generaliseto
unseerdata; and nally, (3) cross-corpugesting
givesinsightsinto the differencein variation be-
tweenthetwo datasets.

Both modelssigni cantly outperformthe ma-
jority classbaselinen all threetestmethods® No
differencecan be found betweenthe resultsfor
testingon the training setsand cross-corpusest-
ing. However, threeinterestingobserationscan
be madefrom theseresults:

1. Training andtestingon the GRE3D7corpus
achievesbetterresultsthantraining andtest-
ing onthe GRE3D3corpus.

2. Both the baseline and the decision trees
trained on GRE3D3 perform better on
GRE3D7than on GRE3D3itself, while the
GRE3D7-trainednodelsachiere the lowest
resultswhentestedon GRE3DS3.

3. Overall, none of the decisiontreesachiere
very high Accuray levels.

“We used » with amaximump< .05 for all signi cance
testsin this paper






+[scenefeatures]|| [scenefeatures] + [scenefeatures]
Participant_ID || + Participant_ID + Participant_ID
training | test pruned n/a pruned unpruned

corpus | method Acc | nodes| Acc | nodes| Acc |nodes| Acc | nodes
trainingset || 46.51% 41.91% 91.27% 98.10%

GRE3D3 10fold X 46.51% 3 31.11% 64 54.44% 415 57.61% 573
trainingset || 64.93% 62.28% 82.59% 93.77%

GRE3D7 10fold X 64.71% 15 57.12% 281 67.01% 1023 63.71% 2798

Table4: Accuray andtreesizefor themodelsbasedbn sceneandparticipantinformation. (Bold values
arestatisticallysigni cantly differentto the participant-insensitie trees.)

on scendeaturenly.®

Combining the scene-basedfeatures with
Participant_ID gives betterresultsthan either of
the two exclusive modelsachiese. To the bestof
our knowledge, their cross-alidation scoresare
alsohigherthanarny Accuragy scoresreportedin
the literaturefor ary existing algorithm instanti-
atedwith asetparametesetting’ However, in 10-
fold cross-alidation,only theunprunedGRE3D3
modelachieresa statisticallysigni cant improve-
mentovertheparticipant-insensite model. When
testing on the training set, the pruned and un-
prunedtreesfor both corporavastly outperform
themodelsthatdo nottake participantpreferences
into account. In particular the Accurag scores
achieved by theunprunedmodelsarevery high.

These results conrm the hypothesis that
spealker preferencesplay a very important role
in shapingthe semanticcontentof referring ex-
pressionsin identi cation tasks. Trees using
Participant_ID astheonly featureperformsurpris-
ingly well, andthe treesthattake accountof both
the featuresof the sceneandthe preferenceslis-
playedby individual spealersareableto charac-
teriseour two datasetswith very high accurag.
Our particularchoice of scene-basefeaturesis
also supportedby thes results,asthey do seem
to capturethe factorsthatindividual spealersrely
onwhenthey build referringexpressions.

The fact that they only achiere high scoresif
testeddirectly on thetraining setshavs thatthese
models are very speci c to the datathey were
trainedon, and would not necessarilygeneralise
well to unseerdata. A likely explanationfor the
large differencesbetweenthe cross-alidationre-
sultsandresultsonthetrainingsetis thelow num-

SNote that pruninghasno effect on treesusingonly one
feature,in this caseParticipant_ID.

"This comparisonmust be viewed with caution, as the
otherevaluationswerecarriedout on differenttestcorpora.
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ber of instancesper participantin both corpora.
We have tendescriptiongrom eachparticipantin
the GRE3D3corpusand16 in GRE3D7,andnei-
ther of the corporacontainsmultiple descriptions
from the sameparticipantfor a givenstimulus.

6 Conclusionsand Future Work

This paperis basedon the viev that a primary
consideratiorin the study of REG shouldbe the
developmentof sysemsthat are able to explain
andreplicatethe semanticcontentfoundin human
data. We hold this view for two reasons: rstly,
suchsystemsanaid theexplorationof factorsthat
impacton the semanticchoicesthat peoplemalke
whenthey refer and ultimately might be ableto
claimsomelevel of psychologicateality; andsec-
ondly, generatingthe samereferring expressions
ashumanscanalsosene autilitarian purpose as
only human-lile referencas likely to beaccepted
asfully naturalby listeners.

We have chosena straightforvard approach
to building REG modelsthat take into account
what peopledo by training decisiontreeson two
human-producedcorpora of distinguishing de-
scriptionsin visual scenes. We de ned a set of
featuresto capturethe relevant visual aspectsof
thestimuli usedin thedatacollectionexercises for
thetwo corpora.ln our rst experimentwe estab-
lishedthat decisiontreestrainedusing thesefea-
turesareableto outperforma majority classbase-
line, but are not ableto replicatea large enough
proportionof the datato be consideredaccurate
modelsof humanreferencebehaiour. In a sec-
ond experimentwe addedthe Participant_ID fea-
ture, which allowed the machinelearnerto estab-
lish participant-speci cbhehaiour patterns.Trees
basedon this featurealoneachiesed surprisingly
good results, and the participant-sensitie trees
which also took into accountthe featuresof the
sceneachiered muchhigherAccuray scoreghan



the participant-insensie trees.

Themainconclusiorwe draw from thesesxper
imentsis that spealer-dependenvariationis one
of the mostimportantfactorsshapingcontentse-
lectionprocessem thereferringbehaiour of hu-
mans. This is an obsenation that hasbeenover-
looked in the developmentof mostexisting algo-
rithms for REG. However, if our aim is to build
algorithmsthat are able to accuratelymodel cor-
pora of humanreferring expressionsas was the
casein the recentpublic evaluationcarnpaignsin
REG (Belz andGatt, 2007; Gattet al., 2008; Gatt
etal., 2009),thenwe cannotignorethis fact.

Our next stepis to take this work further by
trainingindividual modelsfor eachspealer. Such
spealer-speci c treeswill allow usto explorethe
different stratgies that peoplefollow when they
refer, and to comparethe stratgyies of different
spealkrsto eachother We think it unlikely that
every individual spealer is idiosyncraticin this
regard; our hypothesisis thatit will be possible
to useautomaticclusteringtechniquego identify
groupsof peoplewho follow the samestrateies.
Suchclusterscan then be usedto make predic-
tionsthataresensitve to between-participardif-
ferenceavhile bene tting from thecommonalities
in peoples behaiour. It might alo be interest-
ing to seef non-linguisticcharacteristicef speak-
ers, such as age, gender and social or cultural
backgroundcanaccounfor someof thebetween-
participantvariationin referencebehaiour.

In a secondstrandof work we areexploring an
alternatve approacho learninghumanreference
behaiour from thisdata.We aretrainingattribute-
speci ¢ treesthatmale binaty decisionsaboutthe
useof eachindividual attribute in a given refer
encesituation,insteadof predictingwholecontent
patterns. The attrilute-speci c treesfor a given
participantcan then be combinal into a spealer
pro le predictingcompletereferring expressions
producedby this spealer.
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