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Abstract Todaytherearestill many applicationsin theInternet,wheretheuseris givena
textual descriptionof a spatialconfiguration(e.g.chat,e-mail or newsgroups).
Theuseris askedto imaginethesceneandto draw inferences.Wepresentanew
approachto generatedepictionsof suchscenes.Besidesof drawing spatialin-
ferences,this leadsto theproblemof solvingasystemof complicatednumerical
constraints.In contrastto qualitative spatialreasoning,we usea metricdescrip-
tion whererelationsbetweenpairsof objectsarerepresentedby parameterized
homogenoustransformationmatriceswith numerical(nonlinear)constraints.We
employ methodsof machinelearningin combinationwith a new algorithmfor
generatingdepictionsfrom text includingspatialinference.

Keywords: SpatialReasoning,ConstraintSatisfaction,MachineLearning,Depictions

1. Introduction

Therearemany fieldswhereit is important tounderstandandinterprettextual
descriptionsof realworld scenes.Examplesarenavigationandroutedescrip-
tionsin robotics(Röfer, 1997;JördingandWachsmuth,1996),CAD andgraph-
ical userinterfaces(e.g.“The xtermis right of theemacs.”) or visualizationof
scenesgivenin theInternet(e.g.in newsgroupsor in e-mail).

In contrasttoqualitativeapproachestospatialreasoning(Allen, 1983;Gues-
gen,1989;Herńandez,1994),we presentedin Clauset al., 1998a new metric
approachto spatialinferencebasedon mentalmodels(Johnson-Laird,1983).
Startingfrom textualdescriptionscontainingsentenceslike“The lampis left of
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thefridge.” we try to constructamentalmodelwhich representsthedescribed
spatialsituation.This approachusesa directedgraph,wherethenodesrepre-
senttheobjectsandtheedgesrepresentthegivenrelationbetweentwo objects,
e.g.

�����������
	���
����������������
. Fromthis modelit is possibleto infer relationswhich

werenot initially givenin thetext (i.e. to answerquestionsaboutthedescribed
spatialsceneor to completethemodel). In afurtherstepwecanusethemodel
to generatedepictionscompatiblewith thedescription.

Thesemanticsof therelationsis givenby homogenoustransformationma-
triceswith constraintson the variables. As shown in Wiebrocket al., 2000,
inferenceof arelationbetweentwo objectsis doneby searchingapathbetween
the objectsand multiplying the matriceson this path. Therebyconstraints
containinginequalitiesand trigonometricfunctionsmust be propagatedand
verified. Only in somerarecaseswe cansolve theseconstraintsanalytically.
Wiebrocketal.,2000proposedasimplealgorithmfor generatingdepictions.It
is restrictedto default positionsof objectsandto rotationsof multiplesof ����� .
Moreover, they hadto keeplists with possiblepositionsfor every object.

Ouraim is to find amethodto solve thiskind of constraintsandto generate
depictionswithout theserestrictions.Wesketchanapproachto spatialreason-
ing which appliesmachinelearningin combinationwith a new algorithmfor
depictiongeneration.

Thispaperisstructuredasfollows: Westartwith anintroductioninto thede-
scriptionof spatialrelationsin Sect.2. In Sect.3 weapplymethodsof machine
learningto learnthesemanticsof therelations,in orderto obtainanalternative
representationof the constraints.Afterwardswe sketch in Sect.4 a new ap-
proachfor generatingdepictionsof thedescribedspatiallayout,i.e.solvingthe
constraints,which usestheresultsof themachinelearningstep.At theendof
thearticlewegivein Sect.5 aconclusionanddraw someresearchperspectives.

2. Expressing Spatial Relations

Startingfrom textswith descriptionsof spatiallayouts,wewantto generate
appropriatedepictions.Additionally we have to determinewhetherthegiven
descriptionsareinconsistent,i.e.whetherthereareno possibledepictions.

Thetextsdescribethescenesby theuseof spatialrelations.Weinvestigated
scenedescriptionsbasedon the relations

�����
� ��� and
	����! "� ��� , which describe

theplacementof anobjectleft resp.right of anotherone,therelations
�
	�#!$%� ���

and & �' (��$(
 ��� which placeobjectsin front of or behindotherobjects,resp.,
andtherelation

���*)+����� ��� for describingtheplacementof anobjectparallelto
a wall with a fixedmaximumdistance.Furtherrelationsprovide background
knowledge(i.e. an object is alwayssituatedin a given room andthe objects
mustnotoverlap).Forsimplification,weconsider2Dscenesonlyandrepresent
objectsby appropriategeometricfigures.
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Asmentionedabove,in contrasttoqualitativetechniques(Allen, 1983;Gues-
gen,1989;Herńandez,1994)we usea metric approachfor spatialreasoning
(Clausetal., 1998;Geibeletal., 1998)known from theareaof robotics(Am-
bler and Popplestone,1975). We associatewith every object a coordinate
system,andits form andsize. Relationsbetweenpairsof objectsarerepre-
sentedby constraintsonparametersof their transformationmatrices.Thus,the
currentcoordinatesof anobjectareexpressedrelative to thecoordinatesystem
of its relatum,whichmaybedifferentin differentrelations.Thatmeans,when
changingtherelatumof anobject,weneedto transformthecoordinatesof this
objectby multiplying themwith thecorrespondingmatrix.

Let us considerthe relation
	,���! %� ��� in detail. Calledwith cupboardand

lampasarguments(
	����! %���.-�/�� & #!��	,
0����������� ), it placesthe lamp,which is the

referent,right wrt. its relatum,the cupboard.Thusthe coordinatesystemof
thecupboardis theorigin of the relation. Thelampcanbeplacedin thearea
restrictedby theupperandlower bisectorsof theupperandlower right corner
andtheright sideof therectangle.Figure1 illustratesthissituation.

Mathematicallywecandescribetherelation
	,���! %���2143��,1 � � 1 by theinequal-

ities1a,1b,and1c.

57698;:=< 143�>@?BAC1 � >@D (1a)576 8 :=< 57E 8 : AB143�>@?GFH1�3�>JIKABL � 1 � >@D (1b)57698 : < F 5�E!8 : AB143�>@?MFN1�3�>JIOACL � 1 � >@D (1c)

Thereby
1�3�>@?

and
1�3�>JI

representthewidth andthedepthof therectangle,
i.e. the cupboard,and

1 � >@D standsfor the radiusof the lamp. The distances
of the object

1 � in the
6

- and
E
-directionsfrom the relatum

1�3
aredenoted

by
576�8 :

and
57E!8 :

, resp.Eachobjecthasintervalsfor its variables,becauseit
standsfor a classof objects(i.e. theobject

-�/(� & #!��	�
 is a “cupboardframe”,
standingnotonly for aparticularcupboardbut for all possiblecupboards).

Note,thatfor therelation
	����! %� ��� , likefor everyspatialrelation,theformulae

differ generallydependingon theform of therelataandreferents.

3. Learning Spatial Relations with CAL5

In our problemdomain(objectsto be locatedin a room), the constraints
consistof equationsandinequalitiescontainingtrigonometricfunctionswhich
leadto computationaldifficultieswell known from robotics(AmblerandPop-
plestone,1975).

Insteadof solvingtheconstraintsdirectly we try to learnthedecisionfunc-
tion P � 6 : ��>�>�>�� 6RQ � which decideswhethera vector

6CS � 6 : ��>�>�>�� 69Q � of the

1 T : and T 8 maystandfor thecupboardandthelamp,resp.
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Figure 1. Therelation U2VXW,Y�Z�[�\^]`_;a�bdc�Ufe!gihXc,jk_�l in detail

configurationspacebelongsto a region wherethepredicateP is true, i.e. the
correspondingconstraintsaresatisfied.

Beforeemploying machinelearningalgorithmswehaveto constructatrain-
ing set by exploiting the given constraintdescriptionor by using resultsof
psychologicalstudies. Thesedatasetsconsistof preclassifiedfeaturevectors
whereeachvariableof theconstraintsrepresentsanattribute,i.e.adimensionin
thefeaturespace.In thefollowing, wewill use“class m ” for theregionswhere
aconstraintP is satisfied(and“class n ” otherwise).By meansof thetraining
sets,algorithmsof classificationlearning(e.g.decisiontreelearninglikeCAL5
orneuronalnetslikeDipol, seeMüllerandWysotzki,1997orSchulmeisterand
Wysotzki,1994,resp.) constructclassifiers.Thesedecidetheclassmember-
shipof anarbitrarily chosenpoint

6
(not necessarilycontainedin thetraining

set)by inductive generalization.Generatingtraining setsin order to get an
acceptableapproximationof thedecisionboundaryis alsoknown as“learning
by exploration”or “active learning”in literature.

In thiswork wehave chosenCAL5 for learningthespatialrelations.CAL5
approximates,as it is a decisiontree learner, the classboundariespiecewise
linearly by axis-parallelhyperplanes.Usually, thereis a generalizationerror
dueto theunavoidableapproximationof theboundariesbetweenthe m -regions
andthe n -regions. This error canbe measuredusinga testsetof classified
examplevectorsdifferentfrom the trainingset. By increasingthenumberof
trainingdata(andby simultaneouslyshrinkinga certainparameterof CAL5)
thegeneralizationerrorcanbereduced(i.e. theaccuracy of theclassboundary
approximationcanbemadearbitrarily high), andin thelimit of aninfinite set
of trainingdatatheerrorbecomeszero. In Geibelet al., 1998we investigated
the problem“a bar is right of an object

1
”, representedin the configuration

spacedefinedby theangleof thebarwith the
6
-axisandthedisplacementof the
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barwith respectto theorigin o of thecoordinatesystemof therelatum
1

. We
alsodemonstratedexperimentally, thatthegeneralizationerrorof theobtained
decisiontreeshrinkswith anincreasingnumberof pointsfor learning. However,
in practicewe reachthemanageablelimit at 200.000trainingexamples.The
constraintsof ourrelations(like

	����! "� ��� for
-���	�-����'p

and
	��'-d����$��!���'p

, seeSect.2)
affect up to seven parameters,thus,we obtaina configurationspacewith up
to sevendimensions.This correspondsto approximatively tendatapointsper
dimension2. Becauseof this sparselypopulatedconfigurationspaceboth the
trainingandgeneralizationerrorsareratherhigh. Thisisshown in Tab. 1,where
weused200.000uniformlydistributeddatapointsfor learningand5.000points
for testing.

Relation3 Numberof Points Testerror
class q leafs in q in r for q only for r only total

c�Z�stc,hJh
[�u�giuvl 143 15.909 184.091 10 % 1 % 2 %w U2bvx�Z�[�y,g.udl 1.984 84.285 115.715 22 % 14% 17 %U2VJW,Y'Z�[�y�giuvl 1.702 84.557 115.443 20 % 13% 16 %U2VJW,Y'Z�[�u�g.y^l 2.079 87.550 112.450 26 % 14% 19 %

Table1. Resultsof thelearningprocessfor somespatialrelations

Furthermorewe have to be awareof generatingpointsin a sufficient large
subspaceof configurationspace.Figure2 showstheresultof atoosmallscope
of thetrainingdata.Theresultingclassifierdoesnot cover the intersectionof
the

	,���! %� ��� sectorwith theroomarea.
Thebenefitsof our learningapproachareto getanew, easierrepresentation

of thedecisionboundary(i.e.theconstraints).Thenew representationcontains
the solution of the constraints(i.e. the m -regions), and the accuracy of the
approximationcan be madearbitrarily high. The problem,however, is the
generationof suitabledatasets.

4. Generating Depictions

In theprevioussectionwetransformedtheconstraintsof thespatialrelations
into a new representation(i.e. the learnedclassifiers).TheseCAL5 decision

2Considertherelation z
{@|~}��.� 8 for two rectangles.Thisproblemhassevenparameters,sotheconfiguration
spaceconsistsof sevendimensions.Supposedwe obtainthesamenumberof dataoneachdimension(like
a grid), the7th root of 200.000yieldsapproximatelysix datapointson eachdimension.Note,this is not a
correctcalculationbut asimpleestimation.
3 � denotesa z
�2�2���^�d|~�@� , and � a �2{@z��2�@� , resp.
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Scope of training
data (decision tree 
knows only this area)

A-region of the 
relation (area where 
the relation holds)

Figure2. Scopeof trainingdatanotadaptedto theadmeasurementof theroom,theclassifier
maynotcover theintersectionof the U2VJWvY�Z*�v� sectorwith theroomarea

treesareusedby anew algorithm(seeFig. 3) for generatingdepictions,i.e. for
simultaneouslysolvingthesetof givenspatialconstraints.

As mentionedabove, for every neededrelationandfor every pair of object
types,corresponding(sub-)relationsmustbelearned.Recallthatour relations
arebinary. Thus,we get threecases:bothobjectsare‘unknown’, oneobject
is alreadyplacedor both objectsareplaced. In the first case,we placeone
objectrandomlyin the room (line 11 in Fig. 3). This leadsus to the second
case. Therewe pick a class m leaf of the treeandcomputethe size,relative
positionandrelative orientationof theotherobjectby assigningvaluesto the
remainingvariablesof thisobjectwithin theintervalsof thechosenleaf(line12
and13). If thecollisioncheckin line 14 fails (for both,caseoneandtwo), we
repeattheprocedureupto � times.If wedonothaveadmissiblevaluesafterthe
� th trial, we supposethatthecurrentrelationcannothold in combinationwith
theothersandrejectthedepictiongeneratedsofar. However, theremayexist
solutions.Actually we cannotdistinguishbetweenthecase“no solution” and
“disadvantageousvalues”. So if we rejectthevector4, we have to startagain
with thefirst relation. For practicalreasonswe work insteadon a numberof
objectconstellations5 in parallel.In thelastcasebothobjectsarealreadyplaced
andwe have to check,wetherthe valuesof the objectsrangein the intervals
representedby at leastoneleaf (line 05to 07). If not, therelationsdonothold,
at leastfor thecalculatedvalues.

4Note,thateachdepictionis apoint in theconfigurationspace.Thispointsarerepresentedby vectors.
5Initially wehave anumber� of emptyvectors.
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Depiction generation algorithm
INPUT:

number� of initial vectorsandnumber� of trials
relations

D
thathave to hold

OUTPUT:
up to � depictions,whereall relations

D
hold

ALGORITHM:
01 foreach relation

D
:

02 identify objectsandobjecttypesby objectdescriptions
03 loadthecorrespondingdecisiontree
04 foreach vector � :
05 if bothobjectswereplaced
06 then
07 checkwhetherrelation

D
holds

08 else
09 if bothobjectsarenew
10 then
11 placefirst objectrandomlyin room
12 pick randomlyclassm leaf
13 assignvaluesto variableswithin intervalsof leaf
14 checknon-overlappingwith otherobjectsandwalls
15 repeat up to � timesif checkfails
16 if nosuccess
17 then
18 dropvector �
19 show remainingvectors(depictions)

Figure 3. Algorithm for generationdepictionsusingdecisiontrees

This procedureis repeatedfor every relation with the remainingobjects,
which satisfy the relationsprocessedin the former steps. Finally we obtain
up to � depictionsaccordingto thegivenspatialdescription.In thecase,that
we have not found any depiction,we have to assumethat the constraintsare
unsatisfiable.

Up to now eachdecisiontree representsonly the constraintsfor the par-
ticular relationswith the two objectsof thespecifiedforms. Thebackground
knowledge6 wasnot learnedbut will becheckedafterevery stepexplicitly. In

6E.g.theobjectsmustnotoverlap.
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general,it is possibleto learnthe backgroundknowledgeconstraintsaswell
andto checkthemlike theotherrelations.

Theinput parameters� and � dependon thenumberandon thetypeof the
given relations.They have to bechosenlarge enoughto geta correctanswer
(“Thereisnosolution.” or“Wehavefoundatleastone.”) with someprobability.
At thesametime,oneshouldchooserathersmall � and� , becauseby increasing
thevaluesof theparametersthecalculationtime increases,too. Sothey have
to bechosenin relationto theproblemto solve. As shown in Tab. 2, themore
relationsto solve, thehigher � hasto be.7 A valueof 100for � seemsto bea
goodchoice.Thenumberof trialspervalid solutionincreasesexponentiallyin
thenumberof relationsto besolved.

Not shown, but critical is theprocessingsequence.Restrictive relationslike���f)������ ��� shouldbesolvedat thebeginning. Supposedwe have two relations,	����! "���.-�/�� & #!��	�
0�������4��� and
���f)������f��)������23���-�/(� & #!��	�
9� . Now wefulfill first the	����! "� ��� relation. Thereforethecupboardmaybeplacedsomewherein a rela-

tively largeareain theroom. After thatwe maybeunableto satisfy
���*)+����� ��� ,

just becausethecupboardshouldbeplacednearby
)������23

, but actuallyit is al-
readyplacedat anotherareain theroom. Sowe would have to increase� , but
neverthelesstheprobabilityto getasolutionis very small.

5. Discussion

In theprevioussectionswesketchedanew approachto solve theconstraints
occuringin spatialreasoning.Insteadof solving the constraintsdirectly, we
employedmethodsof machinelearningfor transformingtheconstraintsintoan-
otherrepresentation.UsingthedecisiontreelearnerCAL5 yieldsinterpretable
results.Theapproximationof thedecisionboundariesmaybe(at leastin prin-
ciple) arbitrarilyhigh. Generatingsuitabletrainingsets,however, is not trivial
andis subjectof currentresearch(“active learning”,WiebrockandWysotzki,
1999).Sowe have to dealwith anincreasingamountof disk spaceandcalcu-
lation timeandhave to carefor asuitabledistribution of thetrainingdata.

After learningwe have, dueto theobtaineddecisiontrees,detailedknow-
ledgeaboutthe regionsin the configurationspace.The depictiongeneration
algorithmemploys thedecisionrulesfor restrictingthespaceto find possible
solutions.In thelimit ofgeneratinganinfinitenumberof depictions(i.e.exhaus-
tivesearch)thealgorithmfindseverypossiblesolution.Becausetheprocessing
sequenceof therelationsis critical we mayfind no solution,althoughthereis
one.However, thescenedescriptionsin thisproblemdomainareusuallyunder-
constrained,and,thus,it is usuallynotaproblemto find analternativesolution.

7FortestingweimplementedafirstprototypeinPerl, whichisquiteslow in comparisontousual programming
languages,like C or Java. Sowe forgo to show therunningtimes.
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Combinationof relations number� of initial vectors pervalid depiction(average)

singlerelation,e.g. 2U2VJW,Y'Z�[��.Z2�*��gi\^];_`a�bdc�Ufe�l
two relations,e.g. 10U2VJW,Y'Z�[��.Z2�*��gi\^];_`a�bdc�Ufe�lw U2bvx�Z�[��.Z2����g w U2VXe;W,��l
threerelations,e.g. 61U2VJW,Y'Z�[��.Z2�*��gi\^];_`a�bdc�Ufe�lhJ� w Z�[ w U2VXe;W,�vgfhXc,jk_�lU2VJW,Y'Z�[�\�]`_`a�bvc�Ufe!gihXc,jk_�l
four relations,e.g. 375U2VJW,Y'Z�[��.Z2�*��gi\^];_`a�bdc�Ufe�lhJ� w Z�[ w U2VXe;W,�vgfhXc,jk_�lU2VJW,Y'Z�[�\�]`_`a�bvc�Ufe!gihXc,jk_�lw U2bvx�Z�[��.Z2����g w U2VXe;W,��l
Table2. Sometestrunsandtypical resultsof ouralgorithm

by constructinganothersequence(i.e. following anotherpathin the problem
space).

Thisyieldsfurtherresearchperspectives: Firstof all, wecouldusetraditional
constraintsolvingsystems,likeHofstedt,2000,for restrictingthesearchspace
andfor reducingthetrainingcost. They couldbeemployedfor precomputing
to geta sureexclusionof unsatisfiablescenedescriptions(Gips et al., 2002).
However, becauseof theincompletenessof thesolvers,they will notdetectall
inconsistencies.Insteadthey yield regions,whicharetoolarge,but includethe
searchedsolutionareas.Sowe couldusethe resultsof theconstraintsolvers
for generatingbettertraining setswith fewer datapoints. Secondly, we have
to investigatestrategiesfor selectinga particularleaf of a decisiontreein the
depictionalgorithm. Until now we usethe volume of the region described
by a leaf for selectinga particularleaf for furthercalculation.Recentstudies
(Wiebrock,2000)have shown that a betterselectioncriterion could dramati-
cally improve the speed. Furthermore,we have to dealwith the processing
sequenceof the relations. As explained,very restrictive relationsshouldbe
satisfiedfirst. On thebasisof thedecisiontreeswe have to developa measure
for therestrictiveness.Thirdly, weshouldconsidertheprincipleof theleastas-
tonishment.Wevisualizespatialdescriptionsanddraw inferencesonthebehalf
of theuser. Soweshouldreturnthosedepiction(if thereis any), whichtheuser
is mostaccustomedto. This couldbeachievedby usingspecificdistributions
for thetrainingdata,asfirst resultsin Wiebrock,2000show.
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