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Abstract Todaytherearestill mary applicationdn the Internet,wherethe useris givena
textual descriptionof a spatialconfiguration(e.g. chat,e-mail or nevsgroups).
Theuseris asledto imaginethesceneandto draw inferences We presentinew
approacho generatalepictionsof suchscenes.Besidesof drawing spatialin-
ferencesthisleadsto the problemof solvingasystemof complicatechumerical
constraintsIn contrasto qualitative spatialreasoningwe usea metricdescrip-
tion whererelationsbetweernpairsof objectsarerepresentethy parameterized
homogenougansformatiommatricesvith numerica(nonlinear)constraints We
employ methodsof machinelearningin combinationwith a new algorithmfor
generatinglepictionsfrom text including spatialinference.
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1. Introduction

Therearemary fieldswhereit isimportantto understandandinterprettextud
descriptionf realworld scenes Examplesarenavigation androutedescrip-
tionsin robotics(Rofer, 1997;JordingandWachsmuth1996),CAD andgraph-
ical userinterfaces(e.g.“The xtermis right of theemacs) or visualizationof
scenegjivenin thelnternet(e.g.in nensgroupsor in e-mail).

In contrasto qualitative approache® spatialreasoningAllen, 1983;Gues-
gen,1989;Hernandez,1994),we presentedn Clausetal., 1998a nev metric
approacho spatialinferencebasedon mentalmodels(Johnson-Laird1983).
Startingfrom textual descriptiongontainingsentencekk e “The lampis left of
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thefridge” wetry to constructa mentalmodelwhich representthedescribed
spatialsituation. This approactusesa directedgraph,wherethe nodesrepre-
senttheobjectsandtheedgegepresenthegivenrelationbetweenwo objects,
e.g.left(fridge, lamp). Fromthis modelit is possibleto infer relationswhich

werenotinitially givenin thetext (i.e.to answemrjuestionsaboutthedescribed
spatialsceneor to completethemodel). In afurtherstepwe canusethemodel

to generatalepictionscompatiblewith thedescription.

Thesemanticof therelationsis given by homogenousransformatiorma-
triceswith constraintson the variables. As shavn in Wiebrocket al., 2000,
inferenceof arelationbetweertwo objectss doneby searchingipathbetween
the objectsand multiplying the matriceson this path. Therebyconstraints
containinginequalitiesand trigonometricfunctions must be propagatedand
verified. Only in somerare casesve cansolve theseconstraintsanalytically
Wiebrocketal.,2000proposed simplealgorithmfor generatinglepictions.It
is restrictedto default positionsof objectsandto rotationsof multiplesof = /2.
Moreover, they hadto keeplists with possiblepositionsfor every object.

Ouraimis to find amethodto solve thiskind of constraintsandto generate
depictionswithouttheserestrictions.We sketchanapproactto spatialreason-
ing which appliesmachinelearningin combinationwith a new algorithmfor
depictiongeneration.

Thispaperis structuredasfollows: We startwith anintroductioninto thede-
scriptionof spatialrelationsin Sect.2. In Sect.3 we applymethod=f machine
learningto learnthesemantic®f therelations,n orderto obtainanalternatve
representatiomf the constraints. Afterwardswe sketchin Sect.4 a new ap-
proachfor generatinglepictionsof thedescribedspatiallayout,i.e. solvingthe
constraintswhich usestheresultsof the machindearningstep. At the endof
thearticlewegivein Sect.5 aconclusioranddrav someresearciperspecties.

2. Expressing Spatial Relations

Startingfrom texts with descriptionf spatiallayouts,we wantto generate
appropriatedepictions. Additionally we have to determinewhetherthe given
descriptionsareinconsistenti.e. whetherthereareno possibledepictions.

Thetexts describehescenedy theuseof spatialrelations.We investigated
scenedescriptionsasedon the relationsleft /2 andright /2, which describe
theplacemenbf anobjectleft resp.right of anotherone,therelationsfront/2
andbehind/2 which placeobjectsin front of or behindotherobjects,resp.,
andtherelationatwall/2 for describingthe placemenbf anobjectparallelto
awall with a fixed maximumdistance.Furtherrelationsprovide background
knowledge (i.e. an objectis alwayssituatedin a given room andthe objects
mustnotoverlap). For simplification,we conside2D scenesnly andrepresent
objectsby appropriategeometridigures.
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Asmentionedbore,in contrastoqualitativetechigues(Allen, 1983;Gues-
gen,1989;Hernandez,1994) we usea metric approacHor spatialreasoning
(Clausetal., 1998;Geibeletal., 1998)known from the areaof robotics(Am-
bler and Popplestone1975). We associatewith every objecta coordinate
system,andits form andsize. Relationsbetweenpairs of objectsarerepre-
sentedy constraint©n parametersf theirtransformatiormatrices.Thus,the
currentcoordinate®f anobjectareexpressedelative to thecoordinatesystem
of its relatum,which maybedifferentin differentrelations.Thatmeanswhen
changingherelatumof anobject,we needto transformthe coordinate®f this
objectby multiplying themwith the correspondingnatrix.

Let us considerthe relationright /2 in detail. Calledwith cupboardand
lamp asaguments(right(cupboard, lamp)), it placesthe lamp, whichis the
referent,right wrt. its relatum,the cupboard. Thusthe coordinatesystemof
the cupboards the origin of therelation. Thelamp canbe placedin the area
restrictedby the upperandlower bisectorsof the upperandlower right corner
andtheright sideof therectangle Figurel illustratesthis situation.

Mathematicallywe candescribaherelationright (01, 02)* by theinequal-
ities 1a,1b,and1c.

Azyl > Olw+O02r (1a)
Azol > Ayt +0lw— 01.d+V202.r (1b)
Azol > —Ayt +0lw—01.d+V202.r (1c)

TherebyO1.w andO1.d representhewidth andthe depthof therectangle,
i.e. the cupboardand O2.r standsfor the radiusof the lamp. The distances
of the objectO2 in the z- andy-directionsfrom the relatumO1 aredenoted
by Azy!' andAy,!, resp.Eachobjecthasintenalsfor its variablesbecauset
standgor a classof objects(i.e. the objectcupboard is a “cupboardframe”,
standingnotonly for a particularcupboardout for all possiblecupboards).

Note,thatfor therelationright /2, likefor everyspatialrelation theformulae
differ generallydependingon the form of therelataandreferents.

3. L earning Spatial Relationswith CALS5

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

plestone1975).
Insteadof solvingthe constraintslirectly we try to learnthe decisionfunc-
tion C(z1,...,z,) which decideswhethera vectorz = (zi,...,z,) of the

101 andO2 maystandfor the cupboardandthe lamp, resp.
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Figurel. Therelationright(cupboard,lamp) in detail

configurationspacebelongsto a region wherethe predicateC' is true, i.e. the
correspondingonstraintaresatisfied.

Beforeemploying machindearningalgorithmswe have to constructatrain-
ing setby exploiting the given constraintdescriptionor by using resultsof
psychologicakstudies. Thesedatasetxonsistof preclassifiedeaturevectors
whereeachvariableof theconstraintsepresentanattribute,i.e.adimensiorin
thefeaturespace In thefollowing, wewill use“classA” for theregionswhere
aconstrainiC is satisfiedland“class B” otherwise).By meanf thetraining
setsalgorithmsof classificationearning(e.g.decisiontreelearninglike CAL5
orneuronahetslike Dipol, seeMllerandWysotzki,1997or Schulmeisteand
Wysotzki, 1994, resp.) constructclassifiers. Thesedecidethe classmember
ship of anarbitrarily choserpoint z (not necessarilycontainedn thetraining
set) by inductive generalization. Generatingtraining setsin orderto getan
acceptablapproximatiorof the decisionboundaryis alsoknowvn as“learning
by exploration” or “active learning”in literature.

In thiswork we have chosenCALS for learningthe spatialrelations.CAL5
approximatesasit is a decisiontree learney the classboundarieiecavise
linearly by axis-parallelnyperplanes.Usually thereis a generalizatiorerror
dueto theunavoidableapproximatiorof theboundariebetweerthe A-regions
andthe B-regions. This error canbe measuredising a testsetof classified
examplevectorsdifferentfrom the training set. By increasinghe numberof
training data(and by simultaneoushshrinkinga certainparameteof CALS5)
thegeneralizatiorerrorcanbereducedi.e. theaccurag of the classhoundary
approximationcanbe madearbitrarily high), andin thelimit of aninfinite set
of training datathe errorbecomegero. In Geibeletal., 1998we investigated
the problem“a bar is right of an objectO”, representedh the configuration
spacalefinedby theangleof thebarwith thez-axisandthedisplacemenof the
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barwith respecto theorigin S of the coordinatesystemof therelatumO. We

alsodemonstratedxperimentally thatthe generalizatiorerror of the obtained
decisiortreeshrinkswith anincreasng numkerof pointsfor leaming. However,

in practicewe reachthe manageabldéimit at 200.000training examples.The
constraint®f ourrelations(likeright /2 for circles andrectangles, seeSect.2)

affect up to seven parametersthus, we obtaina configurationspacewith up

to sevendimensions.This corresponds$o approximatiely ten datapointsper
dimensioR. Becausef this sparselypopulatedconfigurationspaceboth the
trainingandgeneralizatiorrrorsareratherhigh. Thisisshavnin Tah 1, where
we used200.00Quniformly distributeddatapointsfor learningand5.000points
for testing.

Relatior? Numberof Points Testerror

classA leafs in A in B for Aonly  for B only total
atwall(r, 7) 143 15.909 184.091 10% 1% 2%
front(c, ) 1.984 84.285 115.715 22% 14% 17%
right(c, r) 1.702 84.557  115.443 20% 13% 16%
right(r, ¢) 2.079 87.550  112.450 26% 14% 19%

Tablel. Resultsof thelearningprocesgor somespatialrelations

Furthermorewe have to be aware of generatingoointsin a suficient large
subspacef configuratiorspace Figure2 shavs theresultof atoo smallscope
of thetraining data. The resultingclassifierdoesnot cover the intersectiorof
theright /2 sectorwith theroomarea.

The benefitsof our learningapproachareto getanew, easierrepresentation
of thedecisionboundary(i.e.theconstraints).Thenew representationontains
the solution of the constraints(i.e. the A-regions), and the accurag of the
approximationcan be madearbitrarily high. The problem, however, is the
generatiorof suitabledatasets.

4, Generating Depictions

In theprevioussectionwetransformedheconstraint®f thespatialrelations
into a new representatiofi.e. the learnedclassifiers). TheseCAL5 decision

2Considettherelationright /2 for two rectanglesThis problemhasseven parameterssothe configuration
spaceconsistf sevendimensions.Supposedve obtainthe samenumberof dataon eachdimension(like
agrid), the 7th root of 200.000yields approximatelysix datapointson eachdimension.Note, thisis nota
correctcalculationbut a simpleestimation.

3 denotesarectangle, andc acircle, resp.
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Figure2. Scopeof trainingdatanotadaptedo theadmeasurememtf theroom, theclassifier
may not cover theintersectiorof theright /2 sectorwith theroomarea

treesareusedby anew algorithm(seeFig. 3) for generatinglepictionsj.e. for
simultaneouslsolvingthe setof given spatialconstraints.

As mentionedabove, for every neededelationandfor every pair of object
types,correspondingsub-)relationsnustbelearned.Recallthatour relations
arebinary Thus,we getthreecases:both objectsare‘unknown’, oneobject
is alreadyplacedor both objectsare placed. In the first case,we placeone
objectrandomlyin the room (line 11 in Fig. 3). This leadsusto the second
case. Therewe pick a classA leaf of the treeand computethe size, relatve
positionandrelative orientationof the otherobjectby assigningvaluesto the
remainingvariablesof this objectwithin theintenalsof thechosereaf(line 12
and13). If thecollision checkin line 14 fails (for both, caseoneandtwo), we
repeatheproceduraipto k times. If wedonothave admissiblevaluesafterthe
kth trial, we supposéhatthe currentrelationcannothold in combinationwith
the othersandrejectthe depictiongeneratedofar. However, theremay exist
solutions. Actually we cannotdistinguishbetweerthe case‘no solution” and
“disadantageousalues”. Soif we rejectthe vectof', we have to startagain
with thefirst relation. For practicalreasonave work insteadon a numberof
objectconstellationsin parallel. In thelastcasebothobjectsarealreadyplaced
andwe have to check,wetherthe valuesof the objectsrangein theintenals
representebly atleastoneleaf (line 05to 07). If not,therelationsdonothold,
atleastfor the calculatedvalues.

4Note, thateachdepictionis a pointin the configurationspace This pointsarerepresentetly vectors.
Slnitially we have anumbery of emptyvectors.
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Depiction generation algorithm
INPUT:
numbery of initial vectorsandnumberk of trials
relationsr thathave to hold
OUTPUT.
upto v depictionswhereall relationsr hold
ALGORITHM:
01 foreach relationr:
02 identify objectsandobjecttypesby objectdescriptions
03 loadthe correspondinglecisiontree
04 foreach vectorv:

05 if bothobjectswereplaced

06 then

07 checkwhethermrelationr holds

08 else

09 if bothobjectsarenew

10 then

11 placefirst objectrandomlyin room

12 pick randomlyclassA leaf

13 assignvaluesto variableswithin intenals of leaf
14 checknon-orerlappingwith otherobjectsandwalls
15 repeat up to k timesif checkfails

16 if nosuccess

17 then

18 dropvectorw

19 shav remainingvectors(depictions)

Figure3.  Algorithm for generatiordepictionsusingdecisiontrees

This procedureis repeatedor every relation with the remainingobjects,
which satisfy the relationsprocessedn the former steps. Finally we obtain
up to v depictionsaccordingto the given spatialdescription.In the case that
we have not found ary depiction,we have to assumehat the constraintsare
unsatisfiable.

Up to now eachdecisiontree represent®nly the constraintsfor the par
ticular relationswith the two objectsof the specifiedforms. The background
knowledge€ wasnotlearnedbut will be checled afterevery stepexplicitly. In

6E.g.the objectsmustnot overlap.
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generalit is possibleto learnthe backgroundknowledgeconstraintsaswell
andto checkthemlik e the otherrelations.

Theinput parameters andk dependon the numberandon thetype of the
givenrelations. They have to be chosenlarge enoughto geta correctanswer
(“Thereisnosolution” or“Wehavefoundatleastone?) with someprobability
At thesamdime, oneshouldchooseaathersmallv andk, becausdyincreasing
the valuesof the parametershe calculationtime increasestoo. Sothey have
to bechoserin relationto the problemto solve. As shavn in Tah 2, themore
relationsto solve, the higherv hasto be! A valueof 100for k£ seemdo bea
goodchoice. Thenumberof trials pervalid solutionincreasegxponentiallyin
thenumberof relationsto besolved.

Not shavn, but critical is the processingequenceRestrictve relationslike
atwall/2 shouldbe solved at the beginning. Supposedve have two relations,
right (cupboard, lamp) andatwall(walll, cupboard). Now we fulfill firstthe
right /2 relation. Thereforethe cupboardnay be placedsomeavherein arela-
tively large areain theroom. After thatwe maybeunableto satisfyatwall /2,
just becausehe cupboardshouldbe placednearbywalll, but actuallyit is al-
readyplacedat anotherareain theroom. Sowe would have to increasey, but
neverthelesshe probabilityto geta solutionis very small.

5. Discussion

In theprevioussectionsve sketchedanew approacho solve theconstraints
occuringin spatialreasoning.Insteadof solving the constraintsdirectly, we
emplo/edmethod®f machindearningfor transformingheconstraintsnto an-
otherrepresentationUsingthedecisiontreelearnerCALDS yieldsinterpretable
results. Theapproximatiorof thedecisionboundariesnaybe (atleastin prin-
ciple) arbitrarily high. Generatingsuitabletraining sets however, is nottrivial
andis subjectof currentresearch*active learning”, WiebrockandWysotzki,
1999). Sowe have to dealwith anincreasingamountof disk spaceandcalcu-
lation time andhave to carefor a suitabledistribution of thetrainingdata.

After learningwe have, dueto the obtaineddecisiontrees,detailedknow-
ledgeaboutthe regionsin the configurationspace. The depictiongeneration
algorithmemplgys the decisionrulesfor restrictingthe spaceto find possible
solutions.In thelimit of genergéing aninfinite numberof depictions(i.e.exhaus-
tive search}healgorithmfindseverypossiblesolution. Becaus¢heprocessing
sequencef therelationsis critical we may find no solution,althoughthereis
one.However, thescenalescriptionsn thisproblemdomainareusuallyunder
constrainedand,thus,it is usuallynotaproblemto find analternatve solution.

"Fortestingveimplementedfirst protatypein Perl, whichis quiteslow in comparsonto usua progmmming
languageslike C or Java. Sowe forgo to shawv therunningtimes.
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Combinationof relations numberw of initial vectos pervalid depiction(avelage)
singlerelation,e.g. 2
right(steffi, cupboard)

two relations.e.g. 10

right(steffi, cupboard)

front(steffi, fridge)

threerelationse.g. 61
right(steffi, cupboard)

left (fridge, lamp)

right(cupboard, lamp)

four relations.e.g. 375
right(steffi, cupboard)

left (fridge, lamp)

right(cupboard, lamp)

front(steffi, fridge)

Table2. Sometestrunsandtypical resultsof our algorithm

by constructinganothersequencédi.e. following anotherpathin the problem
space).

Thisyieldsfurtherreseachperspectives: Firstof all, we couldusetraditionad
constraintsolvingsystemslik e Hofstedt,2000,for restrictingthesearctspace
andfor reducingthetraining cost. They couldbe employedfor precomputing
to geta sureexclusionof unsatisfiablescenedescriptiongGips et al., 2002).
However, becausef theincompletenesesf the solvers,they will notdetectall
inconsistenciesinsteadhey yield regions,which aretoolarge,but includethe
searchedolutionareas.Sowe could usethe resultsof the constraintsolvers
for generatingoettertraining setswith fewer datapoints. Secondly we have
to investigatestratgiesfor selectinga particularleaf of a decisiontreein the
depictionalgorithm. Until now we usethe volume of the region described
by aleaf for selectinga particularleaf for further calculation. Recentstudies
(Wiebrock,2000) have shavn that a betterselectioncriterion could dramati-
cally improve the speed. Furthermore we have to dealwith the processing
sequencef the relations. As explained,very restrictive relationsshouldbe
satisfiedfirst. Onthebasisof the decisiontreeswe have to developa measure
for therestrictveness.Thirdly, we shouldconsidethe principleof theleastas-
tonishmentWevisualizespatialdescriptiongnddraw inference®nthebehalf
of theuser Sowe shouldreturnthosedepiction(if thereis ary), whichtheuser
is mostaccustomedo. This couldbe achiezed by usingspecificdistributions
for thetrainingdata,asfirst resultsin Wiebrock,2000shaw.
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