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Abstract

Constraint-based reasoning is often used to represent and find solutions to configuration problems. In the field of
constraint satisfaction, the major focus has been on finding solutions to difficult problems. However, many real-life
configuration problems, although not extremely complicated, have a huge number of solutions, few of which are
acceptable from a practical standpoint. In this paper we present a value ordering heuristic for constraint solving that
attempts to guide search toward solutions that are acceptable. More specifically, by considering weights that are
assigned to values and sets of values, the heuristic can guide search toward solutions for which the total weight is
within an acceptable interval. Experiments with random constraint satisfaction problems demonstrate that, when a
problem has numerous solutions, the heuristic makes search extremely efficient even when there are relatively few
solutions that fall within the interval of acceptable weights. In these cases, an algorithm that is very effective for finding
a feasible solution to a given constraint satisfaction probldma “maintained arc consistency” algorithm or MAC

does not find a solution in the same weight interval within a reasonable time when it is run without the heuristic.

Keywords: Configuration; Constraint Satisfaction; Heuristics

1. INTRODUCTION Because configuration problems are often underdefined,
it may be easy to find a solutioriThat this is not an un-
So away upstairs she went to the bedroom, and there sliewmmon situation is attested to by the experience of the
saw three beds. There was a very big bed for Father bediiyst author in a commercial settingUnfortunately, many
but it was far too high. The middle-sized bed for Mother of these solutions may be undesirable for a variety of rea-
bear was better, but too soft. She went to the teeny, weengons that fall outside the scope of the basic model and it
bed of Baby bear and it was just right.—Goldilocks andmay be impossible to examine all of them.
the Three Bears Practical problems also often involve a reconfiguration
step, so that a product can meet additional specifications. In
In recent years, constraint satisfaction has become aguch cases it may be desirable from the vendor’s point of
important means of modeling some of the critical featuressiew to “upsell” to a related but more expensive product.
of configuration problemgWielinga & Schreiber, 1997; This may also suit the user if he or she is now more knowl-
Sabin & Weigel, 1998 Given the ubiquity and difficulty of edgeable about the product and is, therefore, looking for
handling constraints between the components of a configgreater functionality. This process may be considered as an
uration problem, this is perhaps not surprising. In additionjterative approach to “mass customizatigielfernig et al.,
this form of representation allows a clear separation of rep2001), necessitated by the requirements of knowledge
resentation and control, in the form of search, and there argcquisition.
now many powerful search algorithms that can be applied In either case we are faced with the same situation that
to any problem represented in these terms. Goldilocks was but with a lot more options to consider.
Because we do not know if any of them will be exactly
_ _ _right, we are willing to be somewhat flexible about our
Reprint requests to: Eugene C. Freuder, Cork Constraint Computation . w . » .
Centre, University College Cork, College Road, Cork, Ireland. E-mail: interpretation of “just right” and stop our testing when we
e.freuder@4c.ucc.ie find a solution that is “good enough.” In particular, when
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solutions can be ordered along a certain dimension, we may

want to look for solutions at a desired point along that scale.

There may not be a solution at that exact point or it may be

too costly to search until we find an exact match, so we are

willing to specify a tolerance range around that point in

which to search. In this paper, we will present an algorithm 12 C13
that is good at finding a solution within such a range.

Most search algorithms use heuristics to guide search
toward those regions of the search space that are more likely
to contain solutions. For constraint satisfaction algorithms,
the most common types of heuristics involve selecting the
element to consider nexe.g., the next componentand Fig. 1. An example problem. For variables, v,, andvs, the values and
then selecting a value to assign to that element. In a config¥eights(in italics) arev, ={0=0.2, 1= 0.8}, v, ={1=0.1, 2= 0.7}, and

. . . . vy = {—1= 0.8 4 = 0.9} Forc,,, the constraint between, and v,,
uration task, for example, we might decide to consider g>,. .. -, tuples and weightén italics) are{(0, 1) = 0.1, (1, 1) = 0.7,
component that can only take on a few values before selecty, 2 = 0.9;. Forc,, they are{(0, —1) = 0.2, (0, 4 = 0.3, (1, —1) = 0.5}.
ing one that can take on many. This is, in fact, an example
of theminimum domain sizeeuristic that is well known in
the constraint satisfaction literature. When solving a partic-
ular class of problems, in addition to relying on general{l}, andv; = {-1} is a solution to our problem, and its
purpose heuristics, class-specific heuristics can be used we€ight is(0.8+ 0.1+ 0.8) + (0.7+ 0.5 = 2.9.
take advantage of the structure of the class at hand. For We can compute lower and upper bounds for the solution
example, we may decide to establish the value for the siz&eight by summing up the minimum and maximum weights
of a container before selecting values related to Compoiﬂ each variable and constraint. In our example, the lower
nents that are to go inside this container. bound is MinSW= (0.2+ 0.1+ 0.8) + (0.1+ 0.2 = 1.4,

In this paper we will describe a value ordering heuristicand the upper bound is MaxS¥ (0.8 + 0.7 + 0.9 +
that can be used if each element of the problem has afP-9+ 0.5 = 3.8. Thatis, no solution weight can be smaller
associated weight or rating. The object is to find a solutiorthan MinSW or greater than MaxSW. As we will see next,
that is within some prespecified range for the aggregateinSW and MaxSW are theoretical limi{g.e., solutions
weight of the entire problentThis work is a revision of an ~ with these weights might not exjst
earlier report by Hulubei & Freuder, 1999.

The next sec;tion inFroduces the main idea With g_simpl%_ BACKGROUND CONCEPTS
example. Section 3 gives some background definitions for AND DEFINITIONS
the problem. Section 4 describes the heuristic. Section 5
discusses interpretations of solution weights and possiblEollowing Mittal and Fraymai1989, we can define a con-
applications of this approach to problem solving. Section &iguration problem as a set of components, each with cer-
gives results of some experiments on random test problentsin properties, and ports that connect components. Both
in which the new heuristic is compared with one of thecomponents and ports can be considered as variables in a
most efficient general algorithms for constraint satisfactionconstraint satisfaction problem. In addition, there are con-
problems(CSP3. Section 7 discusses extensions to thestraints that restrict the ways in which components can be
present methods. Section 8 gives conclusions. combined in a solutioifcf. Sabin & Weigel, 1998

A CSP can be defined as a tuples= (V, D, C) consisting
of a set of variable¥ = {v;|v; a variable involved irP},
2. AN EXAMPLE a set of domaind, where each domain is itself a set
domain(v;) = {X; /X is a value that can be assigned
The following example will give a short preview of what to v;, with 1 = k = |domain(v;)|}, and a set of con-
will be discussed in the next sections. Consider a smaltraintsC = {c; |c; a constraint between, andv;}. Each
configuration problem consisting of three variables and tweconstraintc; defines a set of pairs of values that are
binary constraintgFig. 1). Both the values that can be as- allowed by the constraint. That is; = {(xiki,xjkj)|xiki e
signed to a variable and the sets of valteples allowed  domair(v;), X, € domain(y;), and(Xi, X, ) is allowed by
by the constraints have associated weights, because the dbe constrairt If a pair (X, X, ) € C;, then that pair is not
ceptability of a solution is usually influenced by both the allowed by the constraint.
quality of the values chosen and the resulting associations A solution to the problemP is a set of valuesS =
of values. {X1kys Xakys -+ Xv iy b St VG € C, (Xig, X)) € Cj. A

The weight of a solution to this problem is defined as thepartial solution consists of a set of values
sum of the weights of all values and pairs of values in-{X;, i, Xi,k,:- - - Xink,t S-tL.M<|V[,andVi,j=m, 3c; €
volved in the solution. We can easily see that {1}, v, = C = (Xi;» Xi;) € Cj-
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A CSP with weights can be defined as a tuBje= (V, D, and every time a solution is found to check whether its
C, W), whereV, D, and C are defined as before and weight is within the acceptable range. However, because it
there is also a set of weigh®¥ such that each value, € does not use the weights during search, such an algorithm
domain(v;) has an associated weightj € [0,1], and  will look for anysolution, leaving to chance the discovery
each pair of valuegx,, Xk, ) € ¢; has an associated weight of an acceptable one.

wi,-c(xikl,xjkj) € [0,1]. Note that, ifc,q & C, then all the The acceptable-weight value ordering heuristic is

possible pairs of values fromy, andv, are implicitly al-  an attempt to do better than that by guiding search toward

lowed, but their weights are undefined. areas of the search space that are likely to contain solutions
We define theweight of a solutioras the sumover all  with acceptable weights.

the variables and constraintsf the weights of all the val- Consider a problen®,, and two positive real numbers,

ues and pairs of values involved. Formally, MIinASW and MaxASW, representing the minimum and

maximumacceptablesolution weights, with

sw(S) = Wi + WE (Xik. » Xk, )
v,év h CEC WA Ty MIinSW(P,) = MInASW = MaxASW = MaxSW(P,).

with X, X, , X € S and (X, Xi;) € ;. The weight of a A solution Sis acceptablef
partial solution is defined similarly, with the exception that _
only variables included in the partial solution and the con- MInASW = sw(S) = MaxASW.

straints among them are taken into account. Given the range of acceptable solution weights

For (_aach varla_blei We can compgtg theangeof possi- [MinASW, MaxASW], we consider thddeal solution
ble weights by simply taking the minimum and maximum - " . .

. ) : . weight(ldealSW) as being at the center of that rang@b-
weights among all the values in the domain of that variable, . : . . i

) . ) Viously, we can also start with an ideal weight and define a
For allk s.t. 1= k = |domain(v;)|, andx;, € domainv;): . .
range of acceptable weights aroundl it.

During search, a constraint that involves at least one vari-
able that has not been instantiated., assigned a valyiés
MaxVW (p;) = max(ws,). consideredactive whereas a constraint that involves only

instantiated variables is considergthctive This distinc-

Similarly, for each constrairg; we can compute thenge  tion is useful when computing the weight of a partial solu-
of possible weights by taking the minimum and maximumtion, because onlynstantiatedvariables andnactive

weights among all pairs of values allowed by the constraintconstraints can be considered. For brevity, we define the

For allk;,k; s.t. 1= k; = [domain(v;)|,1 = k; = |domain- weightof an instantiated variable as the weight of the value

MinVW (v;) = min(wg,),

)], and (X, Xi,) € Gy that ha§ been assig.ned to it anq theight of an ipactive
constraint as the weight of the pair of values assigned to the
MINCW (c;) = min(wg(Xix,, Xix, ), variables involved in that constraint.
The idea behindcceptable-weight is to keep track
MaxCW(c;) = max(we (X, Xix, ))- of the weight of the current partial soluti@i and attempt

to obtain a solution for the rest of the problem whose weight,
Lower and upper bounds for the weight of a solutioPto combined with the first one, will bring the global solution

are computed as weight as close to IdealSW as possible. Basedothe
number of currentlyuninstantiatedvariables, and, the
MInSW(R,) = 3 MinVW (5;) + 3 MinCW(c;), number of currentlyactive constraints in the problem,
nev G Eec acceptable-weight computes the average of the indi-
vidual weights(AIW) that these variables and constraints
MaxSW(R,) = >, MaxVW(v;) + >, MaxCW(c;). would contribute to the global solution weight €3, should
vev GEC it equal IdealSW:
Note that th_ere might_ be no soIL_Jtions with these weights; IdealSW— sw(S')
all we are saying here is th&S MinSW(P,)) = sw(S) = AW = T

MaxSW(R,,). In order to compute the exact minimum and
maximum solution weights we would have to look atallthe  \When the heuristic attempts to suggest a value for

solutions. the current variable,, it considers the subprobleRy, =
(V",D",C",W") with V" C V containing the current vari-
4. THE “ACCEPTABLE-WEIGHT” HEURISTIC able and the past variables with which it is connected by

constraintsD” containing the current instantiations féf" —
One way of looking for solutions with weights in a given {v.} plus the current domain af,, C" C C containing all
range is to simply use a general purpose search algorithmonstraints between the current variable and past variables,
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andW" containing the weights associated with these varidine with the global IdealSW. Globally, by constantly ad-
ables and constraints. Using the ideal average individuglusting the AIW we try to control the overall deviation of
weight, an ideal weight of a solutio®” to P, can be cal- the solution weight. Note that the algorithm is still com-

culated as plete; if search backs up due to failure, tezeptable-
weight heuristic finds the value with the best weight from
ldealSW' = 3 wg +AIW + [C”[-AIW, among the remaining values in a domain. This strategy ap-
vEV" —{ug} pears to work well in practice, as we will see in Section 6.

wherex;, € domainv;) andx;, € S'.
The acceptable-weight heuristic selects the value - INTERPRETATION AND USE
that minimizes the absolute difference betweeiSW and OF SOLUTION WEIGHTS

IdealSW'. The following example will illustrate the typical Clearly, the solution weights as used in this paper cannot be
situation. Figure 2 shows the relevant Subproblem, COﬂSiSﬁ_‘aken to represent preferences direcﬂy, because typ|ca||y
ing of variables,, ... v, and constraints, ,, C4, andcss.  we do not search for solutions with the maximum weight.
Current domains are shown in square brackets under eaghey can be related to preferences by considering distances
variable name. Two future variables with constraints involv-petween a given solution weight and the ideal weight; the
ing v, are depicted in the diagram but are not considered byreater this distance, the lower the preference. This kind of

the heuristic. interpretation has considerable psychological support, at least
In this example, search is at the point of instantiating  for simple sensory dimensiofi€oombs & Avrunin, 1977,

The possible values argwhose weight is 0. and 5(whose Because a solution weight is the sum of many individual

weight is 0.8, and theacceptable-weight heuristicis  weights, one interpretation of it is as a summary quality, for

supposed to suggest one of them. Let us take a look at th&ample price. When we use theceptable-weight
implications of selecting each value, assuming that A*W  heuristic, we are trying to focus on one subrange of values

0.4 at this point in the search. for this quantity. In terms of our criterion for acceptance, we
In this exampleV"” = {v,05,03,04}, and C” = are making a“strong homogeneity assumption,” thatany com-
{C14:C24,Caa} . If we choose to assign 1 g, then sWS”) = pination of weights yielding a given sum is equally accept-

(0.1+02+04 + 04+ (0.1+ 08+ 0.6) =2.6. If we  gple. Note that the heuristic itself will bias sampling from
choose 5, then si8”) = (0.1+ 0.2+ 0.4 + 0.8+ (0.2+  thjs setin favor of solutions with individual weights closer to
0.9+0.7) = 3.3. After computing IdealSW= (0.1+ 0.2+  the average. However, this is still consistent with our assump-
0.4 +AIW + 3-AIW = 2.3, we see that selecting the value tion because any solution within this setis equally acceptable.

1 willyield a weight forS” that is closer to IdealSWAfter As already noted, a potentially important application of
the assignment af,, acceptable-weight recomputes  thjs approach is “upselling,” in which we start from a given
the AIW, to compensate for the amount we were off. product or configuration and search for related systems that

The Strategy behind the heuristic described is tWOfOld.are h|gher in price_ We do not necessar”y know which com-
Locally, we try to make sure that each small subproblempination of new values will be most satisfactory, but we
centered around the current variable has a Welght that is iWant to narrow the search to those having a certain differ-

ence in price from the original entity.
The idea of preferable distance can be extended to other
Past variables Current variable Future variables global measures, such as complexity or S.Imply magnitude
(already instantiated) (being considered (not yet instantiated)  (larger, andor faster, andor greater capacity, efc.In ad-
for instantiation) dition, in these cases as well as for price, we can either
o focus on some priori ideal point or search for a possible
‘14 - ideal point that the user might already have.
.- Theacceptable-weight heuristic is nicely suited to
¢ 46 these kinds of tasks, because it allows one to choose a given
****** weight as an ideal, which it then zeros in on. Because it
takes a heuristic approach, it has the potential to find solu-
tions quickly(cf. next sectioly in contrast to more labori-
ous optimization procedures like branch and bound for
MAX-CSPs(Jampel et al., 1996

In these cases, derivation of weights for domain values
Fig. 2. An illustration of theacceptable-weight heuristic. The  can be done automatically by considering the difference
domain \_/al_ues and weighi® italics) for the subproblem considered by between a value that serves as the origin point and the present
the heuristic are, = {1= 0.1}, v, = {6 = 0.2}, v; = {4 = 0.4}, andv, = . L . .

{1= 0.4 5= 0.8}. The relevant constraint tuples and their weigfits value for that variable. The |n|t!al solut_|on may be obtained
italics) arec,, = {(1, 1) = 0.1, (1,5 = 0.2}, c,, = {(6, 1) = 0.8, (6,5 = Py the customer through an interactive strategy, such as
0.9}, andcs, = {(4, 1) = 0.6, (4, 5) = 0.7}. See the text for further details. constraint-based matchmakifgreuder & Wallace, 2002

\
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Alternatively, an “original” solution can be chosen by the 16 tuples is considered for inclusion using a probability of
system on am priori basis. Constraint weights can be de-0.75 and the process is repeatedch time from scratgh
rived in accordance with the value weights, that is, to max-until the number of tuples in the constraint is 12. For each
imize the likelihood that values with the appropriate weightsvalue and constraint tuple, a weight was also chosen at
will be chosen. Users can influence this process directly byandom within the rangf0,1].
specifying ideal values for certain variables or variable com- For the present tests we used the maintained arc consis-
binations; or they can simply characterize an ideal solutiontency (MAC) algorithm(Sabin & Freuder, 1994 This al-
for example, in terms of a difference in price, from which gorithm is a form of backtrack search, where search is
individual weights can be derived. interleaved with consistency maintenance among the do-
mains of variables that are not yet instantiated. Specifically,
after each selection of a variable and a value for assign-
ment, the domains of all the uninstantiated variables are
Theacceptable-weight heuristic has been tested suc- made pairwise consistent, or “arc consisteiackworth,
cessfully on a small PC-configuration modblilt accord-  1977). This means that for any pair of variables linked by a
ing to specifications provided by Concentra, Inc., now partconstraint, each value in one of the domains is supported by
of Oracle, Inc). However, in order to evaluate its perfor- at least one value in the other domdimence the name
mance more systematically we performed experimental testmaintainedarc consistengy This algorithm is part of a
on problems that were randomly generaiethdom CSPs  constraint satisfaction library developed at the University
This allowed us to test the ability of this heuristic to find of New Hampshire, which is freely available at hp:
solutions in weight ranges with diminishing numbers of www.hulubei.neftudor/csp.
solutions. Our tests compared the performance of MAC
Problems were generated usingrabability of inclusion  acceptable-weight with that of MAC. In both cases
model with fixed numbers of elements. Under the probabil-we used a standard arc consistency algorithm known as
ity of inclusion model, any element of each typeon- AC-3 and the dynamic minimal domain size variable-
straints, domain values, or constraint tuplssincluded in  ordering heuristic. The algorithms were used to find accept-
the problem with a stipulated probability; in the fixed ver- able solutions to problems with 100 variables, each variable
sion, in addition, the whole process is repeated until thénaving five values in its domain. All the instances we tested
number of elements actually chosen is the same as the ekad very similar behavior, and we chose one of them to
pected number of such elements given this probability. Foshow in each of the experiments presented here. The reason
example, if there is a constraint between two variables, botfor showing just one problem instance in Figures 3—7 is that
with domains of size 4, and the stipulated probability ofwe were interested in comparing different intervals of ac-
inclusion of a constraint tuple is 0.75, each of the possibleeptable weights for each problem.

6. EXPERIMENTAL RESULTS
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Fig. 3. The behavior of MAC and MAG-acceptable-weight on a single test problem as described in the text. The solution
weights are normalized to fall between 0 and 1. The range of acceptable weights is 0.05, which is centered at varying points along the
scale of solution weights. The problems have a density @f © 1 edgegand a tightness of 0, so there are many solutions.
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Fig. 4. A performance comparison of MAC and MAacceptable-weight with a weight range of 0.05 for a problem with a
density of 0 and a tightness of 0.28ncreased tightness reduces the number of possible solytions.

The constraint densitidefined as the fraction of the pos- solution weight on theX axis, which has been translated
sible constraints, beyond the minimum- 1, that the prob- and scaled fromiMinSW(PR,,), MaxSW(R,,)] to [0,1]. We
lem hag and the constraint tightne&sefined as the fraction set a timeout limit at 6 s, because we were interested in the
of all possible pairs of values from the domains of two performance of algorithms that could be used in an inter-
variables that araotallowed by a constraihtvere used to  active setting, as well as algorithms that could find a
vary the difficulty of the generated problems in order to series of solutions close to a desired weight in a short time
study changes in the behavior adéceptable-weight . period.
In the following tests we will compare the time required by  Before going any further, we need to briefly explain the
the two algorithms to find an acceptable solution. Both al-behavior of MAC on these problems. Without going into
gorithms will look for solutions in ranges of a given size details, we will just say that, probabilistically speaking, there
(0.05 and 0.1 in the examples belpwentered around the are many solutions with weights around 0.5 and very few
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Fig. 5. A performance comparison of MAC and MAEGacceptable-weight with a weight range of 0.1 for a problem with a
density of 0 and a tightness of 0.25.
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Fig. 6. A performance comparison of MAC and MAGacceptable-weight with a weight range of 0.1 for a problem with a
density of 0.055 and a tightness of 0.25.

solutions with extreme weightslose to 0 or L. MAC does  most cases the very first solution that MA@cceptable-

not take weights into account, and thus from its point ofweight finds is within the acceptable range.

view the solutions are distributed throughout the search The test in Figure 4 was similar to the one in Figure 3
space. However, as most solutions have weights arounexcept that the constraint tightness was increased to 0.25.
0.5, MAC will tend to find those pretty quickly. As a result, the range in which MA€acceptable-

The first test we did was with density 0 and tight- weight can find acceptable solutions decreases slightly to
ness= 0. Figure 3 shows the performance difference be-0.244-0.752. The range in which MAC finds acceptable
tween the two algorithms. Whereas MAC can only solutions also changes a little, to 0.469-0.560.
find solutions with weights in the 0.455-0.54 range, The first two results presented were performed with a
MAC +acceptable-weight is capable of finding solu- range 0.05 size. That is, any solution with a weight that
tions with weights in the 0.226-0.79 range. Moreover, indiffers in absolute value by at most 0.025 from the ideal
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Fig. 7. A performance comparison of MAC and MA&acceptable-weight with a weight range of 0.1 for a problem in the
“hard” region of the density spadédensity= 0.0651, tightness: 0.25).
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weight was considered acceptable. As we widen the accepthat we are not targeting hard problems with this heuristic.

able range, the interval in which both algorithms quickly As stated earlier, configuration problems are often rela-

find solutions widens. In the test pictured in Figure 5, MAC tively easy, so there are lots of solutions; the challenge is to

was capable of finding acceptable solutions with weights irfind one that is acceptable.

the 0.444—0.584 range. MAEacceptable-weight per- These experiments show that taeeptable-weight

formed much better, covering the 0.216-0.798 raffso  heuristic is able to find solutions even if there are relatively

note that this improves on the 0.244—0.752 range in Fjg. 4.few candidates, in contrast to ordinary CSP algorithms. The
In our fourth test we increased the constraint graph denspeed with which solutions were fouridenerally under

sity while keeping the tightness at 0.25 and the range at 0.1l s) for problems of this size supports the contention that

In this test(Fig. 6), MAC alone covered the 0.447-0.569 this heuristic approach will often outperform optimization-

range whereas MA€acceptable-weight covered based approachdsf. Jampel et al., 1996 Because there

0.415-0.568(The spike around 0.601 marks a small re-was typically a very sharp transition between the region

gion where MAC+acceptable-weight found accept- where problems were found quickly and regions where lo-

able solutions; with a longer time limit it would have covered cating problems was quite difficult, it is clear that similar

the 0.568-0.601 range as well. results would be found even if the cutoff time was reduced
Thus, as the problems get harder, the impact otfo as little as 1 s.

acceptable-weight becomes less noticeable. In terms

of weights, the density of solutions is given by a normal

distribution. The reason for the performance degradation is7' FUTURE WORK

that as density an@r tightness increase, the number of One way to improve the performance of the heuristic might

solutions decreases and the areas affected the most are thime by trying to detect situations where search gets stuck

at the sides of the normal distribution curve, which containin a given range. There are situations where MAC

a very small number of solutions to begin with. Gradually, acceptable-weight obtains a partial solution, but there

the range covered by MA€acceptable-weight will is no way of extending it to a complete solution with an

shrink to a range comparable to that covered by MAC alonacceptable weight. It is clear that in those situations the

(Fig. 6), because there will be virtually no solutions out- heuristic has made a few mistakes, and it might be interest-

side a small range around 0.5 and MAC will be able to finding to see if the overall performance can be improved by

those equally fast just by looking famny solution. refusing to listen to the heuristic’s suggestions until the
For the problems tested hef&00 variables, domain range of solution weights that are obtained changes. Some-

size 9, the difficulty peak(Cheeseman et al., 199for a  what related ideas can be found in Harvey and Ginsberg

tightness of 0.25 is around a density of 0.06%4g. 8). (1995.

Around this peak MAG-acceptable-weight still com- Another idea would be to avoid searching in subtrees

pares well with MAC(Fig. 7). It should be noted, however, where there is no way of extending the current partial so-

70000 T T T T
MAC ——
Hl=solution found, LOW=no solutions -
60000

50000
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|
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/ﬂuﬂ y

f .
10000
UU\/U\J M
0 o T

Time (milliseconds)

0.05 0.055 0.06 0.065 0.07 0.075
Density

Fig. 8. Agraph showing the transition between solvable and unsolvable problems as the density of the constraint graph increases. The
time is that required to find one solutigm any part of the search spac@&he peak difficulty for search is at the boundary, or phase
transition, between solvable and unsolvable problems. All problems have a tightness of 0.25.
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lution to a complete solution with an acceptable weight.Coombs, C., & Avrunin, G(1977). Single-peaked functions and the theory
; ; i ; _ of preferencePsychological Review 84(2216—230.
ROUgh estimates of the potentlal contr-lbut|on of the L!n Felfernig, G., Friedrich, G., & Jannach, [2001). Conceptual modeling
solved part of the problem can be obtained by computing for configuration of mass-customizable productstificial Intelli-
its minimum and maximum solution weightMinSW and gence in Engineering 15(2).65-176. _ _
MaxSW). In addition, we may be able to obtain better weight"reuder. E., & Wallace, R2002. Suggestion strategies for constraint-
evaluations for the small subproblems centered around the pased ;ﬂ at|c hﬂe(“]fg igentstemanonal Journal on Artificial Intell-
gence lools —10.
current variable. In particular, we would like to be able toHarvey, W., & Ginsberg, M(1995. Limited discrepancy searclProc.
take future variables into account in this process. Fourteenth '&gr;gr?tKgﬁmaﬁﬁ'f'c'a' Intelligencepp. 607-613. San
Another reasonable extension is to conditional or dy-Hylubei, T., & Freuder, E(1999. The Goldilocks problem. Irinciples
namic CSPs, where the inclusion of variables or constraints and Practice of Constraint Programming—CP;98ecture Notes in
in a problem may depend on prior instantiations, especially ggrri”n%frer Science, No. 17X3affar, J., Ed, pp. 234-245. Berlin:
because this variant of the constraint satisfaction problengampel, M., Freuder, E., & Maher, MEds). (1996. Over-Constrained
was developed for use with configuration problems Systems. Selected Papers From the Workshop on Over-Constrained
(Mittal & Falkenhainer, 1990 Because thacceptable- ﬁg’?;ep”r"if]g—efp 9% ecture Notes in Computer Science, No. L1Bér-
weight heuristic uses a moving average, it should be poSyackworth, A. (1977. Consistency in networks of relationAtrtificial

sible to adapt it to problems that change dynamically. Atthe Intelligence 8 99-118.

same time. this is another case where it would be useful tyittal. S., & Falkenhainer, B(1990. Dynamic constraint satisfaction

b bl ! ke f iabl . h lcul problems Proc. Eighth National Conf. Atrtificial Intelligencep. 25—
e able to take future variables into account when calculat- 32 menlo Park, CA: AAAI Press.

ing weight evaluations during search. Mittal, S., & Frayman, F(1989. Towards a generic model of configura-
tion tasks.Proc. Eleventh Int. Joint Conf. Artificial Intelligencep.
1395-1401. San Mateo, CA: Morgan Kaufmann.

8. CONCLUSIONS Sabin, D., & Freuder, E(1994. Contradicting conventional wisdom in
constraint satisfactionProc. Eleventh Eur. Conf. Artificial Intelli-

Goldilocks learned a very important lesson. There are things gence(Cohn, A., Ed), pp. 125-129. Chichester, UK: Wiley.

in life that are not the right size for everyone. It is often the SaPin. D., & Weigel, R(1998. Production configuration frameworks—A
. . . . survey.lEEE Intelligent Systems 13(42-49.

case that there is a wide range of choices to pick from andielinga, B., & Schreiber, A(1997). Configuration design problem solv-

we have to determine which one is too big, too small, or ing. |[EEE Expert 12(2)49-56.

just right. Worse still, we sometimes have to relax our no-

tion of just right to get something that is good enough. One

of the most exciting trends in product configuration in-
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