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tThis paper 
ontains a des
ription of a 
onstraint solver whi
h de-termines 
omplete solution spa
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Constraint Solving and Preferen
e A
tivation 21 Introdu
tionComputer aided design (CAD) systems have the potential to support de-signers, parti
ularly during revision of drawings. Although iterative designusing these systems is more 
onvenient than manual modi�
ation, preserving
onsisten
y remains a diÆ
ult task. Indeed, traditional CAD systems do notprovide suÆ
ient support for maintaining design 
onsisten
y.The knowledge involved in a design task originates from sour
es su
h as stru
-tural requirements, laws, guidelines and personal preferen
es. Constraintson geometri
al parameters of designs 
an be used to formalize parts of thisknowledge. This is an approa
h whi
h has already been applied to spatial
on�guration [24, 1, 2, 8, 36, 25℄, 
ase-based design [29, 11, 23, 1℄, and im-age understanding [15℄. However, not all knowledge 
an be transformed intomathemati
al forms. For example, so
ial and politi
al issues often dependon many 
ontextual aspe
ts and therefore, 
omplete models are not possi-ble. As a result, resear
h into providing fa
ilities for adaptation, 
ombinationand exploration of design solutions have been undertaken [5, 21, 28℄. Designtools need to provide fa
ilities to explore feasible design alternatives sin
ethe designer must ultimately de
ide whi
h solution is the best for a spe
i�
task.A CAD tool whi
h uses 
onstraints to represent knowledge and allows forthe intera
tive exploration of solutions requires :� Globally 
onsistent and 
omplete solution spa
es.� Fast algorithms for intera
tive use.� Fa
ilities for intera
tive adaptation of solutions.In order to satisfy the �rst two requirements, we fo
us upon linear 
onstraintsand we have developed te
hniques for approximating non-linear relationships.For linear systems of 
onstraints, linear programming algorithms su
h as sim-plex [33℄ have been developed and applied to spatial layout. However, theyrequire linear obje
tive fun
tions. Su
h obje
tive fun
tions are rarely ableto model domain knowledge 
ompletely and furthermore, they 
annot sup-port intera
tive adaptation. Systems using non-linear programming methodsprovide a more powerful means to spe
ify obje
tives but still 
annot supportintera
tive adaptation [19, 25℄. Other approa
hes using lo
al 
onsisten
y al-gorithms [2, 23℄ are unreliable, be
ause they may supply globally in
onsistentsolutions [31℄.
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e A
tivation 3Moreover, most of the 
urrently proposed systems for spatial layout 
annota

omodate 
ontinuous variables. Instead, they are limited to dis
retizedparameters [24, 37, 11℄. This is partially understandable sin
e until re
ently,designers employed standard 
omponents having standard sizes to save 
osts.However today, this is no longer adequate sin
e modern 
omputer integratedmanufa
turing te
hniques allow the produ
tion of 
ustom-sized parts at noextra 
ost and therefore, standard 
omponents no longer provide an e
onomi
advantage. This has lead to a trend away from grid-based approa
hes su
has those proposed in [11, 1, 12℄. Re
ent testing with pra
ti
ing designers has
on�rmed this trend [34℄.Although hard 
onstraints are appropriate for stru
tural requirements andlaws, they are not useful for representing knowledge su
h as guidelines whi
hshould be followed but may be disregarded if the design is over-
onstrained.In su
h instan
es we use preferen
es, i.e. 
onstraints whi
h are dea
tivatedwhen they are in 
on
i
t with other requirements. Although preferen
es
an be dea
tivated, they are not lost; they are kept in memory and rea
-tivated when possible. Similar approa
hes have been proposed whi
h useassumption-based truth maintenan
e [20℄ for dis
rete variables. Borning [3℄used hierar
hies of 
onstraint sets (equalities only) in order to resolve 
on-tradi
tions in an intera
tive drawing system. Preferen
es have also beenemployed for 
omplex Pareto optimality problems [4℄. In WRIGHT, Baykanand Fox allow for 
onstraint weakening in over-
onstrained situations [2℄ andFox dis
ussed relaxation of 
onstraints in s
heduling [10℄. PRIDE is anothersystem whi
h in
orporates relaxable 
onstraints but its authors re
ognize thediÆ
ulty to automati
ally determine whi
h 
onstraints should be relaxed [26℄.IDIOM is a 
ase-based appli
ation framework for intera
tive spatial 
on�gu-ration of re
tangular spa
es, employing 
onstraint solving, preferen
e a
tiva-tion and domain models to provide a
tive design support [34℄. Its name is ana
ronym for Intera
tive Design using Intelligent Obje
ts and Models. Thesystem uses linear 
onstraints and pie
ewise linear, 
onvex approximationsof non-linear 
onstraints. Disjun
tive 
onstraints 
an be handled through a
olle
tion of preferen
es.Apartment design is used to test and validate the system. Using IDIOM, adesigner in
rementally 
hooses obje
ts su
h as rooms from a 
ase library andintera
tively 
omposes them within a new site. Constraints and preferen
eson the new apartment are thereby a
tivated a

ording to the new design
ontext and designer preferen
es. Moreover, a designer may 
hange values of
ontinuous parameters as well as priorities on preferen
es. Throughout thedesign pro
ess, IDIOM maintains design 
onsisten
y.
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e A
tivation 4This paper fo
uses on the algorithmi
 aspe
ts of IDIOM. Se
tion 2 
ontains ades
ription of the algorithms employed for 
onstraint solving. The algorithmwhi
h was implemented to determine the set of preferen
es to be a
tivated ispresented in Se
tion 3 and the exploration of design alternatives is shown inSe
tion 4. Detailed te
hni
al reports about IDIOM are available in [35℄ and[22℄.2 Finding Solution Spa
esIDIOM is based on two algebrai
 methods for solving imposed 
onstraintsets. Dimensionality redu
tion [13℄ solves systems of equalities and preparesinequalities for Fourier-Motzkin elimination [9, 33℄, whi
h then provides thesolution spa
es. Although these algorithms �nd sound solutions, Fourier-Motzkin elimination is often not fast enough for intera
tive appli
ations.Through redu
ing redundan
y of generated 
onstraints (Se
tion 2.2.2) andthrough an eÆ
ient strategy to eliminate the variables (Se
tion 2.2.3) per-forman
e is greatly improved.2.1 Dimensionality Redu
tionEqualities in the 
onstraint set redu
e the degrees of freedom of design spa
es.This approa
h has been used in statisti
s [17℄ as well as in image re
ogni-tion [32℄ and was proposed for 
ase-based design in [7℄. Further resear
hdemonstrated that equalities 
an be used to redu
e the number of variableso

uring in inequalities [13, 14℄.IDIOM builds on this work through employing Gauss-Jordan elimination toperform dimensionality redu
tion and to identify dependent and independentvariables. Dependent variables are substituted by independent variables asillustrated in the following example:Figure 1 shows a small example of an arrangement of two re
tangular rooms.The following 
onstraints are present, all dimensions are given in 
m:� Both rooms have a minimum width and length of 200
m.� The width of the se
ond room is �xed to 250
m.� A neighborhood relationship de�nes how the rooms are joined, alignsthe south walls and maintains the north wall of obje
t 1 more to thenorth than the north wall of obje
t 2.
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e A
tivation 5� The rooms must stay within a triangular site with 
orners at (300,500),(1300,500) and (300,1500).            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

"NFigure 1: Simple example for a design, two neighboring obje
ts within atriangular siteThe 
onstraint system 
ontains 8 variables. (xposi ; yposi ) is the position of theith room's south-west 
orner, xsizei and ysizei give the size of room i. Thisleads to the following equations: ysize2 = 250 (1)xpos1 + xsize1 = xpos2 (2)ypos1 = ypos2 (3)Equation (1) 
omes from the 
onstraint that �xes the width of obje
t 2, whilethe equations (2) and (3) are introdu
ed by the neighborhood relationship.The following inequalities are generated in this example:xsize1 � 200ysize1 � 200xsize2 � 200ysize2 � 200 (4)
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e A
tivation 6xpos1 � 300ypos1 � 500xpos2 � 300ypos2 � 500xpos1 + ypos1 + xsize1 + ysize1 = 1760xpos2 + ypos2 + xsize2 + ysize2 = 1760 (5)ypos1 + ysize1 � ypos2 + ysize2 (6)The inequalities (4) are the 
onstraints requiring that the two rooms have aminimal length and width. Inequalities (5) express that the rooms remainon the site and inequality (6) is due to the neighborhood relationship thatmaintains the north wall of obje
t 1 to be further north than the north wallof obje
t 2.The result of the Gauss-Jordan elimination for the equalities in the exampleis given below:xpos2 �xpos1 �xsize1 = 0ypos2 �ypos1 = 0ysize2 = 250 (7)The se
ond step of the dimensionality redu
tion then substitutes variablesxpos2 , ypos2 and ysize2 into all inequalities. The result of this substitution isexpressed in terms of inequalities (8).�xsize2 � �200xsize2 +xpos1 +ypos1 +xsize1 � 1510�xpos1 � �300�xpos1 �xsize1 � �300xpos1 +ypos1 +xsize1 +ysize1 � 1760�ypos1 � �500�ypos1 � �500�xsize1 � �200�ysize1 � �200�ysize1 � �250
(8)

Inequalities (8) no longer involve the 8 variables given in (4), (5) and (6);only 5 parameters are present. Furthermore one 
onstraint is transformed to0 � 50 and then removed from the system sin
e it is always satis�ed.Gauss-Jordan elimination has been proved to be a polynomial time methodfor exa
t 
al
ulus [33℄, while for 
oating-point arithmeti
 its 
omplexity is
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e A
tivation 7O(n3). In IDIOM, the algorithm is implemented using sparse matri
es, thusimproving eÆ
ien
y signi�
antly be
ause more than 90% of the 
oeÆ
ientsin typi
al problems for IDIOM are zero.2.2 Treatment of InequalitiesAfter dimensionality redu
tion has been performed, a system of inequalitiesremains to be solved. In order to �nd valid values for parameters, Re
ursivetransformation (RT) of all unsatis�ed inequalities into equalities is proposedin a previous system [13℄. This method may omit 
orre
t solutions as shownin [34℄. IDIOM avoids this by using the Fourier-Motzkin elimination methodwhi
h is an algebrai
 algorithm for solving inequality-systems [9, 27, 33℄.The method suggested by Fourier eliminates variables one by one, keepingall information in the newly generated inequality set, so that ea
h solution ofthe new set 
an be extended to a solution of the original set. Geometri
ally,this is equivalent to proje
ting the original set along the axis of the variablebeing eliminated. Elimination of all but one variable leads to a simple setof inequalities that 
ontains only one variable and 
an be used to determinethe whole interval of values for the remaining variable that 
an be extendedto a solution for the whole system.Linear inequality systems 
an be written in the form Ax � b, where x isthe ve
tor of variables involved, A is the matrix of 
oeÆ
ients and b is ave
tor of 
onstants in <. The system has nv variables and ni inequalities. Inorder to eliminate x1 from the original system, the inequalities are normalizedthrough dividing ea
h inequality with a non-zero 
oeÆ
ient 
 for x1 by j
j.After reordering this yields the following set of inequalities:x1 + nvXi=2 ai;jxi � bj (j = 1 : : : n0i) (9)�x1 + nvXi=2 ai;jxi � bj (j = n0i + 1 : : : n00i ) (10)nvXi=2 ai;jxi � bj (j = n00i + 1 : : : ni) (11)Using (9) and (10) the following interval of valid values 
an be determinedfor x1. maxj=n0i+1:::n00i ( nvXi=2 ai;jxi � bj) � x1 � minj=1:::n0i(bj � nvXi=2 ai;jxi) (12)
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e A
tivation 8To ensure that a set of values for x2 : : : xnv allows a 
onsistent value for x1,the interval des
ribed in (12) must not be empty. This is true if the following
onstraints on x2 : : : xnv hold:nvXi=2 ai;kxi � bk � bj � nvXi=2 ai;jxi (j = 1 : : : n0i; k = n0i + 1 : : : n00i )Combining this with the inequalities set mentioned at (11) a new inequalityset 
ontaining nv � 1 variables and nnewi inequalities is:nnewi = n0i(n00i � n0i) + ni � n00i (13)Any solution of this new set of inequalities 
an be extended to a solution ofthe original set by 
hoosing x1 within the interval given by (12). After thismethod has been performed for all but one variables, an interval for xi whi
honly depends on the values of the variables xi+1 : : : xnv 
an be determinedsimilar to (12). For xnv the method provides an interval in < given by
onstants.In order to eliminate xsize2 from (8), the �rst two lines of the set have to be
ombined in the des
ribed manner and repla
ed by this 
ombination. (14)shows the new set of inequalities, where the �rst inequality is the only onegenerated by this elimination step:xpos1 +ypos1 +xsize1 � 1310xpos1 +ypos1 +xsize1 +ysize1 � 1760�xpos1 � �300�xpos1 �xsize1 � �300�ypos1 � �500�ypos1 � �500�xsize1 � �200�ysize1 � �200�ysize1 � �250 (14)
Table 1 
ontains the inequalities that are 
al
ulated by Fourier-Motzkin elim-ination in this example. The se
ond 
olumn 
ontains the 
onstraints gener-ated to determine the minimum value for the variable mentioned in its �rst
olumn, the third 
olumn 
ontains the 
onstraints used to �nd its maximumvalue.In general, this algorithm generates an exponential number of inequalities, forexample see [33℄. However, it 
an be shown that for binary 
onstraints, i.e. ifea
h inequality involves only two variables, the Fourier-Motzkin elimination
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e A
tivation 9has a 
omplexity of O(mn(2logn+3)logn). Unfortunately, most inequalities inIDIOM 
annot be restri
ted in this way. Nevertheless, the use of sparsematri
es, redundan
y redu
tion and variable ordering as shown in Se
tions2.2.2 and 2.2.3 improve this method's performan
e signi�
antly for problemstreated by IDIOM.2.2.1 Re�ne Variable DomainsThe redundan
y redu
tion des
ribed in the next se
tion uses bounds on vari-ables and depends upon the pre
ision of these bounds; the better they esti-mate the real interval of feasible values the better the dete
tion of redundan
yworks. Therefore these bounds are re�ned during the pro
ess of eliminationwhenever possible. They are initialized a

ording to the site where the designis to be pla
ed, and after ea
h elimination step all 
onstraints are used tore�ne the domains of the variables.Figure 2 shows the algorithm as it is employed in IDIOM to re�ne boundsa

ording to one 
onstraint C, e.g. Pni=1 aixi � b. To re�ne a bound forvariable xj the algorithm uses the following fa
t: If aj is positive, C 
an bewritten as: xj � �Pi=1:::ni6=j aixi + bajThus using the appropriate bounds as shown in Figure 2, a better upperbound for xj might be found. Lower bounds 
an be improved for variableswith a negative 
oeÆ
ient, C is then written asPi=1:::ni6=j aixi � bxj � xjConsider the 
onstraint xpos1 + ypos1 + xsize1 + ysize1 � 1760 taken from Table 1.The bounds for xpos1 were initialized with [300, 1300℄, those for ypos1 to [500,1500℄ and those for the sizes to [200, 1000℄ due to the size of the 
onstru
tionsite and the minimum size 
onstraints on both rooms. The 
onstraint above
an be rewritten as xpos1 � 1760� ypos1 � xsize1 � ysize2and the upper bound of xpos1 
an be 
al
ulated using the lower bounds of ypos1 ,xsize1 and ysize1 . The new upper bound for xpos1 is 860. In a similar way thedomains of all variables involved here 
an be re�ned to [300, 860℄ for xpos1 ,[500, 1060℄ for ypos1 and [200, 760℄ for sizes.
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pro
 re�ne intervals(C) �while bounds 
hange dofor ea
h variable xi with ai 6= 0 dolimit = 0:0;for ea
h variable xj with aj 6= 0 ^ i 6= j doif aj > 0then limit = limit � lower bound(xj)ajai ;else limit = limit � upper bound(xj)ajai ; �odlimit = limit� bai ;if ai > 0then if limit < upper bound(xi)then upper bound(xi) = limit; �else if limit > lower bound(xi)then lower bound(xi) = limit; ��ododFigure 2: Algorithm to re�ne bounds, C represents the 
onstraintPi aixi � b.
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e A
tivation 112.2.2 Redundan
y Redu
tionThe standard method for Fourier-Motzkin elimination is known to generatean exponential number of inequalities in the general 
ase [33℄. However, itis also known that this elimination method produ
es many redundant 
on-straints. Lassez et al. [18℄ propose te
hniques to eliminate redundan
y fromlarge systems of linear 
onstraints. However, these methods involve solvinglinear programming problems and therefore are inappropriate for use dur-ing the elimination pro
ess. Te
hniques presented in [16℄ helped inspire themethods used in IDIOM. Using bounds on variables, as des
ribed here, theredundan
y in the systems of inequalities that are generated by the elimina-tion pro
ess 
an by redu
ed with little 
ost resulting in 
onsiderable gains inspeed. Two types of redundan
y are dete
ted:� Type 1: A 
onstraint is implied by the bounds on variable values.� Type 2: A 
onstraint is implied by bounds and another 
onstraint.Any 
onstraint is 
onsidered redundant if it is implied by the bounds onits variables or if it is implied by another 
onstraint and the bounds onvariables. After ea
h elimination step, redundan
y in the remaining systemof inequalities is redu
ed by removing every 
onstraint whi
h is found to beredundant.Dete
ting 
onstraints that are implied by bounds is a

omplished by 
he
kingif a 
onstraint remains satis�ed when variables are substituted by the worst-
ase-values. When Pi aixi � b is the 
onstraint to be 
he
ked, worst-
ase-values are lower bounds for all xi with ai < 0 and upper bounds for all xiwith ai > 0. Figure 3 shows an example for su
h a 
ase in two dimensions.The grey re
tangular area shows the valid values de�ned by bounds on theinvolved variables and the grey bar along the 
onstraint C shows whi
h half-plane 
ontains the valid solutions a

ording to C. In the example shown inFigure 3 this half-plane entirely 
ontains the area de�ned by the bounds ofthe involved variables, and therefore C is implied by these bounds.Re�nement of bounds on variable values and elimination of type 1 redun-dan
y are performed before ea
h elimination step. Therefore the inequalitysystem in (8) is redu
ed to the following before the elimination pro
ess be-gins: xsize2 +xpos1 +ypos1 +xsize1 � 1510xpos1 +ypos1 +xsize1 +ysize1 � 1760
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Figure 3: Example of Type 1 redundan
y, C is implied by bounds on x andyAll 
onstraints that 
ontain only one variable are used to re�ne bounds andare then eliminated. The 
onstraint �xpos1 � xsize1 � 0 is eliminated be
ausexpos1 and xsize1 have only positive domains and �nally inequalities whi
h donot involve variables are removed.In order to dete
t whether one of two 
onstraints C1 and C2 is redundant,the di�eren
e D = C1 � C2 is analyzed. When D is implied by the boundsof the involved variables, C1 is implied by C2 and these bounds be
auseC1 = D+C2. An illustration for this in two dimensions is given in Figure 4.The dete
tion of redundan
y that o

urs when a 
onstraint is implied byanother within the bounds of other variable is illustrated in the followingexample: x� z � �120x+ y � z � �120where bounds are [0, 545℄ for x, [200, 745℄ for y and [400, 865℄ for z. Subtra
t-ing the se
ond 
onstraint from the �rst gives �y � 0 whi
h is always truebe
ause the lower bound on y is 200. Therefore x� z � �120 is redundant.This method of redu
ing redundan
y removes many 
onstraints. However,it is important to note that in order not to lose information, IDIOM mustalso 
onsider the bounds imposed on ea
h variable to be 
onstraints. Never-theless, this type of redu
tion improves the performan
e of Fourier-Motzkinelimination. Table 2 shows the de
rease in generated 
onstraints when using
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Figure 4: Example of Type 2 redundan
y, C1 is implied by C2 and boundson x and yredundan
y redu
tion for a few examples. The rows \Generated w/o rr"and \Generated with rr" give the number of 
onstraints that are generatedduring Fourier-Motzkin elimination, the rows \Stored w/o rr" and \Storedwith rr" list how many 
onstraints that are kept in memory. Without redun-dan
y redu
tion, only those 
onstraints whi
h do not involve variables areeliminated, whereas with redundan
y redu
tion other redundant 
onstraintsare also dis
arded. The exe
ution times given refer to a Sili
on Graphi
sworkstation using an R4600 pro
essor.2.2.3 Variable Elimination OrderWhen solutions to dis
rete 
onstraint satisfa
tion problems are enumeratedthrough ba
ktra
king, the order in whi
h variables are instantiated is animportant issue. Sele
ting the most diÆ
ult variables �rst for instantiationis likely to avoid building partial solutions that 
annot be 
ompleted laterand therefore often improves performan
e. Heuristi
s to �nd these variablesare suggested and evaluated in several 
ontexts [30, 6℄. IDIOM improves theperforman
e of Fourier-Motzkin elimination in a similar manner.Variable ordering s
hemes proposed for dis
rete 
onstraint satisfa
tion prob-lems usually �rst sele
t variables that are named in several 
onstraints forinstantiation. In 
ontrast, IDIOM redu
es 
ombinatorial e�e
ts in Fourier-Motzkin elimination through �rst eliminating variables that are named in few
onstraints. For example, if we eliminate xsize2 from (8), two 
onstraints are
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tivation 14repla
ed by one, so the number of 
onstraints 
an de
rease when eliminatingvariables. While the variables that do not 
ause the 
ombinatorial problemsare eliminated, the system 
olle
ts information about bounds on variablesand thus improves the dete
tion of redundan
y. Often, 
ombinatorial e�e
ts
an be avoided altogether.At ea
h step during Fourier-Motzkin elimination, the variable whi
h gener-ates the smallest number of 
onstraints is treated. The number nnewi (x) ofnew 
onstraints generated by elimination of some variable x 
an be 
al
ulateda

ording to (13) as follows :nnewi (x) = nposi (x) � nnegi (x)where nposi (x) is the number of 
onstraints in whi
h variable x has a positive
oeÆ
ient and nnegi (x) denotes the number of 
onstraints in whi
h x has anegative 
oeÆ
ient. At ea
h elimination step, IDIOM eliminates a variablewith minimal nnewi (x).In (14) this method would eliminate ysize1 instead of xpos1 be
ause this elimi-nation only generates 2 instead of 4 
onstraints and results in the inequality-system (15). xpos1 +ypos1 +xsize1 � 1310xpos1 +ypos1 +xsize1 � 1560xpos1 +ypos1 +xsize1 � 1510�xpos1 � �300�xpos1 �xsize1 � 0�ypos1 � �500�ypos1 � �500�xsize1 � �200 (15)
The bene�t of 
hoosing the variables to be eliminated in this way 
an only beillustrated together with redundan
y redu
tion in larger examples; otherwise,the 
ombinatorial explosion is just delayed, not avoided. In the next elimi-nation step in (15), at least six new 
onstraints would be generated and thenumber of inequalities generated in subsequent steps would rapidly in
rease.Table 3 illustrates the e�e
ts of reordering the variables in Fourier-Motzkinelimination for three more 
omplex examples whi
h among other 
onstraints
ontain approximations of minimum area requirements on most of the rooms.For all numbers given in Table 3, redundan
y redu
tion was used. The se
-ond example in Table 3 shows that the algorithm be
omes more predi
tablewhen variables are reordered. Although Example 1 is a subset of Example2, the algorithm without variable reordering solves Example 2 faster thanExample 1. This e�e
t disappears when variables are ordered.
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tivation 152.3 Choose a Solution with Minimal ChangeThe methods des
ribed in the previous se
tions de�ne a solution spa
e for a
onstraint system. This pro
ess is performed whenever the set of 
onstraintsis manipulated or the number of parameters is 
hanged by adding or remov-ing obje
ts. Prior to intera
tive adaptation, the system proposes an initialsolution. Sin
e obje
ts are based on 
ases of good solutions this new solutionshould involve the least 
hange with respe
t to the original 
ase. In addition,any 
hanges the designer has introdu
ed before need to be maintained wherepossible.Similar to (12), the Fourier-Motzkin elimination provides inequalities for ev-ery xi as follows:maxj=n0i+1:::n00i ( nvXk=i+1 ak;jxk � bj) � xi � minj=1:::n0i(bj � nvXk=i+1 ak;jxk) (16)The inequalities in (16) allow the solver to 
al
ulate an interval of possi-ble values for variable xi the bounds of whi
h depend only on xi+1 : : : xnv ,where the interval for xnv is given by 
onstants. To �nd a solution for theinequalities, the solver starts by 
hoosing a value for xnv . If this value is 
ho-sen within the interval for xnv the Fourier-Motzkin elimination guaranteesthat, for xnv�1, a non-empty interval of possible values 
an also be found.Therefore, the solver 
an re
ursively determine values for all variables.Using intervals of possible values, it is easy to �nd a solution whi
h is asnear to the 
urrent solution as possible. The solver 
hooses a value for avariable by 
he
king its interval of possible values. If the 
urrent value ofthe variable is within the interval, the solver will use this value. If the valueis outside it will be set to the nearest interval boundary. When all valuesfor free variables are determined in this way, the results of the Gauss-Jordanelimination are used to �nd values for the dependent variables.2.4 Non-Linear ConstraintsImportant 
onstraints are often non-linear. A limitation to linear 
onstraintsis therefore too restri
tive. In order to make our solver powerful enoughfor real-world appli
ations, some non-linear 
onstraints are approximatedthrough formulation of a set of linear 
onstraints.Consider the 
onstraint, xy � Amin, where x and y are the length and widthof an obje
t and Amin is the minimum area imposed by the 
onstraint (illus-trated in Figure 5). Using the minimum sizes that all variables must have,
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onstraint, a maximum value for x is determined asfollows: xmax = AminyminIf values of x are larger than xmax, then the 
onstraint de�ning a minimum ony implies that there are always a

eptable values for xy. Thus, it is suÆ
ientto approximate xy � Amin in the interval [xmin; xmax℄.IDIOM employs the following relationship to determine the points xi wherepie
ewise linear approximation interse
ts the 
urve to be approximated. Whenapproximating xy � Amin using n linear 
onstraints, xi is 
al
ulated as fol-lows: xi = nqxn�iminximax (i = 1 : : : n� 1)

xmaxx2x1xmin

ymin

ymax

y

xFigure 5: Linear approximation of xy � AminThe approximation shown in Figure 5 never underestimates xy, su
h thatthe 
onstraint is always ful�lled. Figure 6 shows the a

ura
y of this ap-proximation through a worst-
ase overestimation with respe
t to the givenxmin for an approximation using 3, 4 and 5 
onstraints. It is assumed thatymin = xmin and Amin = 14m2 for this �gure.Constraints of the form xy � Amin o

ur in IDIOM when a room must have aminimum area. Figure 6 shows that su
h a minimum area 
onstraint 
an beapproximated with small errors when high minimum 
onstraints are given
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n=5Figure 6: Worst-
ase overestimation by the approximation of xy � 14m2using n linear 
onstraintson width and length of the room. In the example given in the �gure theerror is below 5% using only 3 
onstraints if the minimum width and lengthare at least 200
m. This value de
reases when a smaller Amin is needed. Inpra
ti
al appli
ations a minimum width and length of 200
m is reasonable toensure the usefulness of most rooms. Therefore it 
an be expe
ted that thisapproximation is suÆ
iently a

urate for ar
hite
tural tasks when 3 linearapproximations are employed.3 A
tivating Preferen
esConstraints in IDIOM may be �xed or preferred, hereafter referred to as�xed 
onstraints and preferen
es respe
tively. Preferen
es have a priorityand may be dea
tivated if they are in 
on
i
t with other preferen
es or �xed
onstraints. Ea
h preferen
e has a priority and several preferen
es may haveequal priority.3.1 A
tivation BehaviorThe following rules summarize how IDIOM a
tivates preferen
es:� A preferen
e that 
on
i
ts with �xed 
onstraints is dea
tivated.
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tivation 18� If two preferen
es with di�erent priorities 
on
i
t, the higher prioritypreferen
e is a
tivated.� If two preferen
es with the same priority 
on
i
t, IDIOM a
tivates thepreferen
e whi
h 
on
i
ts with fewer lower priority preferen
es.� IDIOM re-a
tivates preferen
es whenever possible.3.1.1 Con
i
ts Between a Preferen
e and a Fixed ConstraintWhen a preferen
e 
on
i
ts with �xed 
onstraints, it will be dea
tivated byIDIOM and remain dea
tivated as long as the 
on
i
ting �xed 
onstraintsremain in the system. However, IDIOM rea
tivates preferen
es wheneverpossible. For example, if a designer prefers a hall width of 140
m, whereasthe site and minimum areas imposed on other rooms make su
h a wide hallimpossible, the preferen
e will remain dea
tivated until the designer removesall 
on
i
ting �xed 
onstraints.3.1.2 Con
i
ts Between Preferen
es having Di�erent PrioritiesAn example of 
on
i
ting preferen
es having di�erent priorities is shown inFigure 7. A designer has introdu
ed high priority-preferen
es asking for aminimum area of 16m2 on both single rooms and a low-priority preferen
e foraligning north walls of the single rooms. Not all preferen
es 
an be ful�lleddue to other 
onstraints. IDIOM a
tivates the more important minimumarea preferen
es and then dis
overs that the aligning preferen
e 
annot bea
tivated.             ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������"N
Figure 7: The preferen
e to align northern walls of single rooms remainsdea
tivated due to other 
onstraints restri
tions
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i
ts Between Preferen
es with Same PriorityThe most 
omplex situation o

urs when two 
on
i
ting preferen
es havethe same priority. IDIOM evaluates both possibilities until the preferen
ewhi
h allows the a
tivation of the most of the other preferen
es is found.In the example illustrated in Figure 7, if only one of the two minimal areapreferen
es 
an be a
tive, IDIOM 
hooses whi
h one to a
tivate. Now letus assume that on the right room there is a less important minimal xsizepreferen
e whi
h is in 
on
i
t with the minimal area preferen
e on the leftroom. IDIOM a
tivates the minimal area preferen
e on the right room inorder to have the minimal xsize preferen
e a
tive as well.3.1.4 Rea
tivation of Preferen
esRea
tivation of preferen
es is 
arried out in several ways. After 
hanges inthe set of 
onstraints and preferen
es, IDIOM starts the algorithm des
ribedbelow to �nd the best 
ombination of preferen
es that 
an be a
tive at thesame time. Therefore ea
h time that a 
onstraint or preferen
e is removed,added or given another priority, IDIOM may 
hange the set of a
tive prefer-en
es.3.2 Preferen
e A
tivation AlgorithmWhen IDIOM sear
hes for the best set of preferen
es to a
tivate it treatspreferen
es in groups having the same priority. It pro
eeds in de
reasingorder of priority, evaluating opportunities to a
tivate as many preferen
esas possible. All possibilities to a
tivate the highest number of preferen
esare 
onsidered in the next a
tivation step in order to �nd the best set ofnon-
on
i
ting preferen
es. A
tivating a preferen
e in this 
ontext means toadd a preferen
e to a set of 
onstraints and preferen
es, and is only possibleif this a
tion does not 
ause any 
on
i
ts.The method a
tivate preferen
es (see Figure 8) 
ontrols the a
tivationof preferen
es. It takes the set of �xed 
onstraints with no preferen
es a
tive
s, and a list of preferen
es for every priority level (prefs[℄) as inputs andgenerates a list of a
tive preferen
es a

ording to the guidelines des
ribedin Se
tion 3.1. As a temporary stru
ture, a list of sets of non-
on
i
tingpreferen
es new bests is used to store all found sets of preferen
es with bestquality a

ording to Se
tion 3.1.The pro
edure a
tivate level adds re
ursively as many preferen
es as pos-
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t a
tivate preferen
es(
s; prefs[℄) �new bests := f
sg; old bests := ;;for priority := 0 to nb priority levels doold bests := new bests;for ea
h preferen
e set in old bests do
all a
tivate level(prefs[priority℄; preferen
e set; new bests);ododreturn �rst(new bests);Figure 8: Pseudo-Code for a
tivation of preferen
essible from the list it re
eives to the 
onstraint set. It writes the outputinto new bests. The sets of preferen
es stored in new bests are repla
edwhen better ones are found (see Se
tion 3.1). If a
tivate level only �ndssets whi
h are of equal quality (see Se
tion 3.1) as those that are already innew bests the pro
edure appends the new sets. If no better sets of prefer-en
es are found, new bests remains un
hanged. Figure 9 shows an initialimplementation of this algorithm.pro
 a
tivate level(prefs; 
urrent set; new bests) �if prefs = ; then exit �;p := �rst(prefs); add p to 
urrent set; old bests := new bests;if a
tivation of p was su

essfulthenif j
urrent setj > j�rst(new bests)j then new bests := ;; �if j
urrent setj � j�rst(new bests)jthen add 
urrent set to new bests �
all a
tivate level(prefs - p; 
urrent set; new bests); �
all a
tivate level(prefs - p; 
urrent set - p; old bests);Figure 9: Pseudo-Code for a
tivation of preferen
es on one priority level,without pruningThe pro
edure a
tivates the �rst preferen
e p in the list of preferen
es itre
eives as a parameter. If p is not in 
on
i
t with any �xed 
onstraints
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es in 
urrent set, the algorithm 
he
ks if better sets of a
tivepreferen
es 
an be found with p a
tive. In all 
ases it sear
hes for bettersets of a
tive preferen
es with p ina
tive. During this pro
ess it maintainsnew bests, whi
h always 
ontains the best 
ombinations en
ountered duringthe sear
h.The algorithm shown in Figure 9 uses ba
ktra
king to sear
h through all setsof a
tive preferen
es in order to �nd the best set for the 
urrent priority level.However, large portions of this sear
h are futile and are pruned by IDIOM'spreferen
e a
tivation algorithm. The algorithm shown in Figure 10 improvesthe initial implementation of the preferen
e a
tivation algorithm through thefollowing:� Re
al
ulation of any 
ombination of preferen
es that 
ontains a known
ontradi
tion is avoided.� As soon as IDIOM dete
ts that no solution with at least equal qualityas those in new bests 
an be found, even if all remaining preferen
esare a
tivated, it stops ba
ktra
king.pro
 a
tivate level(prefs; 
urrent set; new bests) �if prefs = ; then exit �;if jprefsj+ a
tive(
urrent set) < a
tive(new bests) then exit �;p := �rst(prefs); add p to 
urrent set; old bests := new bests;if 9xjx � 
urrent set ^ x 2 known 
ontradi
tions then exit �;if a
tivation of p failedthen add 
urrent set to known 
ontradi
tions;elseif j
urrent setj > j�rst(new bests)j then new bests := ;; �if j
urrent setj � j�rst(new bests)jthen add 
urrent set to new bests �
all a
tivate level([℄prefs - p; 
urrent set; new bests); �
all a
tivate level(prefs - p; 
urrent set - p; old bests);Figure 10: Pseudo-Code for a
tivation of preferen
es on one priority level,with pruning
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ien
ySin
e this algorithm uses binary ba
ktra
king, performan
e may not be ad-equate in all 
ases. However, pruning large parts of the sear
h spa
e helpsto keep the task feasible. Pruning performs well when only a few or almostall preferen
es are a
tive. Nevertheless, 
ombinatorial explosion 
an not beavoided when many preferen
es have the same priority. Users of IDIOMare not expe
ted to 
reate su
h situations sin
e this 
ompli
ates a rationalexploration of design alternatives.4 Exploring Design AlternativesOne of the most important aspe
ts of IDIOM is its intera
tivity. IDIOMprovides two fa
ilities for supporting designers during exploration of designalternatives: intera
tive adaptation of parameters and strengthening andweakening of preferen
es.4.1 Intera
tive Adaption of ParametersSin
e IDIOM manipulates values for 
ontinuous variables, there is rarely onlyone solution; often there is an in�nite number. Designers need to explorespa
es of solutions in order to let them introdu
e knowledge that 
annot bemodeled in IDIOM.In IDIOM designers 
an modify a solution proposed by the system throughintera
tively adapting parameters. Adaptable parameters are positions ofwalls and elements. Adaptation 
onsists of the following steps:1. The designer 
hooses a parameter to adapt by 
li
king on a wall or anelement.2. IDIOM 
al
ulates the 
urrent range of valid values for the parameterand shows this range to the designer, if requested.3. The designer adapts the parameter by moving the mouse while IDIOMkeeps tra
k of all 
hanges in the design and 
ontinuously shows theadapted solution.Figure 11 shows an example an adaptation. In the left �gure the user 
li
kson the left wall, whi
h is shared by a double room and the living/dining
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ate the range of feasible adaptations. The userthen moves the mouse to the right to obtain the 
on�guration by the righthand �gure. The apartment 
ontains minimum area 
onstraints on both thedouble room and the living/dining room to the lower left, and this is whyparts of the apartment move towards the north during adaptation.
"N

Figure 11: Adaptation of a wall position4.1.1 Determine Range of Valid ValuesWhen the designer 
hooses to adapt a parti
ular parameter p by 
li
kingon a wall or an element, IDIOM 
al
ulates a range of possible values for p.Sin
e all parameters available for adaptation in IDIOM have a geometri
almeaning, the system shows this range with an arrow as illustrated in Figure11.The range of feasible values is 
al
ulated using the Fourier-Motzkin elimina-tion algorithm. As shown in Se
tion 2.3, this algorithm provides an intervalof feasible values for every variable xi whi
h depends in variables xi+1 : : : xnvonly (see Equation 16) and the interval for the last variable eliminated isgiven by 
onstants. Prior to adaptation of parameter p, IDIOM performsthe Fourier-Motzkin elimination, eliminating all variables ex
ept for p, thus
al
ulating the largest interval of feasible values for p.
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ludes allpossible values. An earlier approa
h to intera
tive adaptation [14℄ is basedon the premise that only one free variable at a time is 
hanged. In IDIOM,the interval given in
ludes all feasible values for p, even those that implythe adjustment of several free parameters. The designer 
an be sure that novalue outside the given range 
an be rea
hed as long as all 
urrent 
onstraintsremain a
tive.The method des
ribed above 
an only be used if the 
hosen parameter isfree. If dimensionality redu
tion determines p to be a dependent variable, itis eliminated from the set of inequalities and does not o

ur in the Fourier-Motzkin elimination at all. In this situation, IDIOM sear
hes a free variableq on whi
h p depends and makes q a dependent variable. This is done bydividing the equality that de�ned the value of p before by q's 
oeÆ
ient,swapping 
olumns p and q, and by substituting q in all equalities and in-equalities. Now q is a dependent variable while p is free and 
an be used foradaptation. After adaptation, these a
tions are reversed to 
ome ba
k to theoriginal system of 
onstraints. When IDIOM 
annot �nd any free variablewhi
h p depends upon, the 
hosen parameter 
annot be adapted be
ause the
onstraints have bound it to a �xed value.4.1.2 Choose a Solution with Minimal Change during AdaptationDuring adaptation, IDIOM repeatedly 
al
ulates and shows solutions a

ord-ing to the parameter that was 
hosen to be adapted and the position of themouse-pointer. The 
hoi
e of these solutions is performed as des
ribed inSe
tion 2.3 ex
ept that the parameter p is set as 
lose as possible to thevalue indi
ated by the mouse-position.All other variables are 
hosen to be as near as possible to the design priorto adaptation. As a result, IDIOM's behavior while adapting is analogousto tearing at an elasti
 model of the design. If the designer drags the 
hosenparameter to an extreme value and then 
omes ba
k, the original situationis resumed.Figure 11 shows an example of many parameters involved in adaptation,although the designer modi�es the value of only one variable.
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li
ks on an element whi
h is not atta
hed to a wall, twovariables, x and y positions, 
an be 
hanged. For example, when moving apie
e of furniture, a designer expe
ts the system to allow movement of theelement in both x and y dire
tions. The same need arises when:� Moving 
orners of rooms.� Moving rooms as a whole.� Moving elements atta
hed to a wall, thus in
uen
ing the position ofthe wall to whi
h they are atta
hed.Sin
e the 
onstraint system is linear, the range of possible values for theadaptation of two parameters p1 and p2 has the form of a 
onvex polygonand thus 
annot be shown using arrows. However, the 
al
ulation of therange of feasible values and the 
hoi
e of a solution used in adaptation of oneparameter 
an be extended to the adaptation of two parameters.Instead of delaying elimination of only one parameter to the end, both pa-rameters to be adapted have to be eliminated after all other variables. Forthe parameter eliminated last, e.g. p1, the interval of valid values is givenby 
onstants and found by the Fourier-Motzkin elimination algorithm. Toapproximate the polygon of feasible 
ombinations of the two parameters, weuse the fa
t that Fourier-Motzkin elimination gives us intervals for p2 whi
honly depend on p1. The resulting algorithm shown in Figure 12 thereforeapproximates the polygon of feasible 
ombinations.for p1 := min1() to max1() step max1()�min1()n doadd (p1; min2(p1) to polygonadd (p1; max2(p1) to polygonodFigure 12: Determine the range of feasible values for adaptation of two vari-ables. min1() and max1() de�ne the feasible interval for p1. min2(p1) andmax2(p1) de�ne the feasible interval for p2 with respe
t to p1The 
hoi
e of a solution with minimal 
hange to the 
urrent solution is per-formed exa
tly in the same manner as des
ribed in Se
tion 4.1.2, ex
ept thatvalues of two parameters, p1 and p2, are in
uen
ed by the designer.
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esIDIOM attributes a priority to ea
h preferen
e. Nevertheless, a designer 
anintera
tively 
hange these priorities. The in
reasing of a preferen
e's priorityis 
alled strengthening and the de
reasing of a preferen
e's priority weakening.Ea
h time strengthening or weakening is performed, the algorithm des
ribedin Se
tion 3.2 is 
alled to �nd the best set of preferen
es to be a
tive. Itresets the set of a
tive preferen
es to empty every time it is laun
hed andtherefore preferen
es whi
h were a
tive before 
an be
ome ina
tive and vi
eversa. This is dea
tivation and a
tivation. A preferen
e may be rea
tivated,i.e., it is �rst a
tive and after being dea
tivated be
omes a
tive again. Thismay happen when a 
on
i
t between two preferen
es dea
tivates one of them.If the now a
tive preferen
e is dea
tivated by some new �xed 
onstraint ormore important preferen
es, the formerly dea
tivated preferen
e may be
omea
tive again.Dea
tivation and a
tivation is illustrated using the example situation shownin Figure 13. Suppose a luxury apartment with simple fa
ades and a largehall is desired. Two single bedrooms, a bathroom and a hall are alreadyintrodu
ed into the site. Furthermore a preferred minimum area is imposedon ea
h single room with priority 4, an alignment preferen
e for the northernwalls of both single rooms has priority 8 and the designer has posted a pref-eren
e of priority 9 on the minimum width of the hall. Sin
e the site is largeenough to meet all these requirements, IDIOM a
tivates all preferen
es.In order to satisfy plumbing requirements, the south-west 
orner of the bath-room has to be �xed where it appears in Figure 14. The preferen
e a
tivationalgorithm is started when this new 
onstraint is introdu
ed and dete
ts thatthere is no way to a
tivate all preferen
es present. As it 
an still a
tivateboth preferen
es on priority-level 4, it does so but then dea
tivates the sim-ple fa
ade preferen
e. Nevertheless, the 
onstraint on the width of the hallremains a
tive.Suppose that the designer does not agree with the 
on�guration of Figure 14be
ause it 
ontains a very narrow single room with a width of only 280
mand therefore posts a preferred minimum width of 300
m at priority 2. Thisresults in several 
hanges as shown in Figure 15. As the preferen
e a
tivationalgorithm makes its way through the priority-levels, the following a
tionso

ur:� The high-priority preferen
e on the width of single room 1 is a
tivated.� The minimum area preferen
e on single room 1 is kept a
tive but the



Constraint Solving and Preferen
e A
tivation 27algorithm dete
ts that the minimum area on single room 2 is in 
on
i
twith the more important preferen
e on the width of single room 1 andtherefore must be dea
tivated.� The simple fa
ade preferen
e is rea
tivated be
ause single room 2 
anshrink to align with single room 1, now that the preferen
e on its areais ina
tive.� Finally the preferred minimum width on the hall is in 
on
i
t with theminimum width 
onstraints and preferen
es on the bathroom and thesingle room 1, and thus be
omes ina
tive.Supposing that the designer now wants the minimum width preferen
e onthe hall to be
ome more important and therefore strengthens it to the samepriority as the preferred minimum width on single room 1. These two pref-eren
es are in 
on
i
t and IDIOM 
hooses one of them. First it followsboth possibilities but on priority-level 4 it dete
ts that using the preferredminimum width on the hall allows a
tivating both preferen
es on minimumareas while the preferred minimum on single room 1 allows only the preferredminimum area on single room 1 to be a
tivated. Thus, IDIOM 
hooses the
ombination of a
tive preferen
es shown in Figure 16."N
Pr. Des
ription A
t.4 areaSingle Room 1 � 16m2 p4 areaSingle Room 2 � 16m2 p8 Fa
adeSingle Room 1Single Room 2 p9 x sizeHall � 140
m p

Figure 13: Example for strengthening and weakening preferen
es (Pr. meanspriority, A
t. the 
ondition of a
tivity)
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"N

Pr. Des
ription A
t.4 areaSingle Room 1 � 16m2 p4 areaSingle Room 2 � 16m2 p8 Fa
adeSingle Room 1Single Room 2 -9 x sizeHall � 140
m p
Figure 14: Simple fa
ade preferen
e dea
tivated

"N
Pr. Des
ription A
t.2 x sizeSingle Room 1 � 300
m p4 areaSingle Room 1 � 16m2 p4 areaSingle Room 2 � 16m2 -8 Fa
adeSingle Room 1Single Room 2 p9 x sizeHall � 140
m -

Figure 15: Simple fa
ade preferen
e rea
tivated
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Pr. Des
ription A
t.2 x sizeSingle Room 1 � 300
m -2 x sizeHall � 140
m p4 areaSingle Room 1 � 16m2 p4 areaSingle Room 2 � 16m2 p8 Fa
adeSingle Room 1Single Room 2 -

Figure 16: Strengthening a preferen
e5 Con
lusionsThis resear
h des
ribes a novel approa
h for spatial 
onstraint solving. The
ombination of Gauss-Jordan elimination with an improved Fourier-Motzkinelimination algorithm solves 
onstraint sets whi
h 
orrespond to spatial 
on-�guration problems involving re
tangular shapes and 
ontinuous parameters.Linear 
onstraints and pie
ewise linear, 
onvex approximations of non-linear
onstraints are treated. The Fourier-Motzkin elimination method has beenimproved in su
h a way that the system 
an be used intera
tively. Moreover,these two algorithms provide a 
onsistent des
ription of the 
omplete solu-tion spa
e of su
h 
onstraint sets. This is useful for intera
tive adaptationand for investigating dependen
ies between parameters.In addition, preferen
es (de�ned as 
onstraints whi
h may be dea
tivated andrea
tivated automati
ally) are in
luded, as well as an algorithm for approxi-mating the optimal set of a
tive preferen
es. This algorithm a

ommodatespreferen
es of di�erent priorities and preferen
es having equal importan
ewhile avoiding unne
essary ba
ktra
king. Finally, intera
tive adaptation ofpriorities related to preferen
es o�ers another means for identifying designopportunities and for exploration of design solutions.
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tivation 34Var. Constraints for minimum Constraints for maximumxsize2 xsize2 + xpos1 + ypos1 + xsize1 � 1510 �xsize2 � -200xpos1 xpos1 + ypos1 + xsize1 + ysize1 � 1760xpos1 + ypos1 + xsize1 � 1310 �xpos1 � 300�xpos1 � xsize1 � 300ypos1 ypos1 + xsize1 + ysize1 � 1460ypos1 + ysize1 � 1460ypos1 + xsize1 � 1010ypos1 � 1010 �ypos1 � 500�ypos1 � 500xsize1 xsize1 + ysize1 � 960xsize1 + ysize1 � 960xsize1 � 510xsize1 � 510 �xsize1 � -200ysize1 ysize1 � 960ysize1 � 960ysize1 � 760ysize1 � 760 �ysize1 � -200�ysize1 � -250Table 1: All 
onstraints generated by the 
lassi
al Fourier-Motzkin elimina-tionExample 1 2 3Con�guration             ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

Variables 8 20 73Equalities 3 7 39Inequalities 11 41 174Generated w/o rr 36 72157 >500000Generated with rr 17 119 255Stored w/o rr 23 7357 >50000Stored with rr 6 42 58Time used w/o rr [s℄ 0.01 27.99 >5000Time used with rr [s℄ 0.01 0.02 0.08Table 2: Comparison of performan
e of Fourier-Motzkin elimination withand without redundan
y redu
tion (rr)
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Example 1 2 3Con�guration             ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

Variables 61 73 180Equalities 29 39 92Inequalities 141 183 403Generated w/o vr 692 486 29593Generated with vr 326 356 736Stored w/o vr 198 135 3616Stored with vr 88 106 193Time used w/o vr [s℄ 0.21 0.20 157.05Time used with vr [s℄ 0.09 0.16 1.30Table 3: Comparison of performan
e of Fourier-Motzkin elimination withand without variable reordering (vr)


