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7 7 

Towardss a task ontology for knowledge-intensive 
assignmentt problems 

Thiss chapter is aimed at providing a better understanding of how various 
knowledge-intensivee assignment problems can be characterized. After having 
treatedd analytical problem solving in the previous chapters, assignment prob-
lemss are examples of a synthetic problem type. In this chapter we provide some 
basicc vocabulary which can be used in the modelling of assignment problems. 

7.11 Introductio n 

Inn recent years much of the research in knowledge engineering has focussed on the construction of 
variouss ontologies. These should provide a specification of the vocabulary used in the formulation 
off  several related problems, or domains. In particular, a task-ontology comprises the specification 
off  vocabulary used to describe different problems which al belong to the same task, or problem 

type--
Buildingg a task-ontology involves an understanding of the similarities as well as the differences 

amongg problem instances within a task. Comparing and ordering various problem formulations 
shouldd be facilitated by a task-ontology. Methods for solving problem instances are themselves 
nott part of a task-ontology. However, having a good classification of problems within the task, 
onee could associate with each class a Problem Solving Method (PSM). In this way ontologies can 
bee seen as the specification of a library of PSMs. 

Inn the CommonKADS methodology [82] a distinction is made between synthetic and analytic 
tasks.. In analytic tasks the "system" the tasks operates on, exists, whereas in synthetic tasks the 
systemm is constructed [82, 71]. Diagnosis is an example of an analytic task, where the system is 
thee artefact to be diagnosed. Planning, scheduling and assignment are instances of synthetic tasks. 
Thee goal is to construct a plan, a schedule and an assignment, respectively. In this chapter we will 
presentt an ontology for assignment problems. 

Inn knowledge engineering, problems where individuals have to be assigned to locations or re-
sourcess are known as assignment problems [71]. Typically, the goal of assignment problems is 
too find a mapping (or matching) between the elements of two sets, one called subjects or compo-
nents,nents, the other resources. However, there are assignment problems in which the goal is to find a 
matchingg of individuals all belonging to a single set. In such a case there is no distinction between 
subjectssubjects and resources. 
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Thee individuals to be matched are usually described in terms of predicates and relations. Their 
descriptionn forms the bulk of the domain knowledge of the problem. Both constraints and prefer-
encess are often formulated in terms of abstract properties and types of the individuals, mentioned 
inn the domain knowledge. 

Becausee of the divers nature of knowledge-intensive assignment problems, having some un-
derstandingg in what ways they can vary can be helpful in constructing general representational 
models.. Since in knowledge-intensive assignment problems several preferences of different com-
plexityy may appear, it is worthwhile to be able to recognize the different types, and having prob-
lemm solving methods (PSMs) associated with them. A good understanding and survey of different 
typess of (subjproblems can facilitate building and maintenance of large systems. The task ontology 
wee are about to present should be helpful in recognizing different subproblems in a knowledge-
intensivee assignment problem. 

7.22 A basic task ontology for assignment problems 

Inn order to present a basic task ontology for assignment problems we make a distinction between 
thee input, the output and the invariant domain knowledge of the problem type. The input part 
off  the ontology provides a specification of the vocabulary for denoting the input structures of an 
assignmentt problem. The output consists of the type of output plus a specification of the goal. 
Thee goal is a general post-condition for the problem type. The domain knowledge consists of 
knowledgee which is specific for the domain of the problem and remains invariant during problem 
solving.. Domain knowledge plays a role in the general description of constraints, preferences, 
subjectss and resources. 

7.2.11 INPUT 

Wee call the elements which are involved in an assignment problem individuals. In many 
knowledge-intensivee assignment problems this set is partitioned in two blocks (disjoint subsets) 
andd the goal of the problem is to match elements of one subset to the other. In some problems the 
sett of individuals I is partitioned in two sets S and R such that I = S U R and S D R = 0. These 
problemss are called bipartit e matching problems. (The definition of a matching follows below.) 
AA  bipartitio n of a set S involves splitting this set into two disjoint subsets whose union results in 
5'. . 

Thee two subsets S and R of a bipartition of individuals I are usually called subjects or some-
timess components, and resources respectively. In general, one can view subjects as the elements 
whichh have to be matched, whereas resources are those elements to which subjects are matched. 
Forr instance, when employees are matched to offices [57], the employees are subjects and the 
officess are resources. 

Nott all assignment problems are bipartite. Those which are not, are called non-bipartit e 
assignmentt problems. As an example, consider a problem where one has to find pairs of persons 
whoo would like to share rooms with each other. In such a problem one cannot partition the set of 
personss in two. Every person can be assigned to another person within the set of persons (except 
him-/herself).. In general, when each individual can in principal be assigned to any other individual 
(exceptt itself) the problem is called a single set assignment problem. 
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Wee will also use some terminology reminiscent of constraint satisfaction (CS). If at some stage 
wee consider some individuals as candidates for assignment to individual x, we will refer to these 
ass the values of x. When describing a constraint, values are possible resources for a subject. The 
possiblee values of x will sometimes be referred to as the domain of x. Clearly, in a CS context 
onee could read 'variable' where we use 'subject'. 

Thee difference between the use of 'subjects' and 'resources' is often pragmatic. One usually 
talkss of assigning subjects to resources, and not the other way round. This would suggest that the 
underlyingg graph of the problem is a directed graph but this is not necessarily so. 

Thee use of resource can be misleading as it used in a different way in the description of a 
differentt task, namely scheduling. In assignment problems resources are the entities to which 
subjectss are assigned to. They can be organized into types, which may have a capacity for holding 
moree than one subject. However, this capacity is fixed and each subject will make the same 
demandd on a resource type. In scheduling problems activities are assigned to resources. But 
differentt activities may set different demands on resources, and the capacity of resources may 
changee during the problem solving process. 

Anotherr difference between assignment and scheduling problems is the notion of time. In 
schedulingg problems "resources provide a time range in which units (activities) can be occupied 
too satisfy their demands" [82]. In assignment problems time usually plays no role. However, 
thiss distinction between the two tasks can become rather vague. After all, the linear ordering of 
activitiess can be seen as just another constraint in an assignment problem. When the capacity of 
resourcess is fixed, scheduling problems can be seen as a specific type of assignment problems. 

Inn addition to subjects and resources, constraints and preferences are (invariant) parts of the 
inputt for an assignment problem. We provide some elementary, informal definitions. Later we 
wil ll  present a more elaborate definition. 

Definitionn 7.1 : A constraint is a relation between one or more individuals which needs to 
bebe satisfied. In particular a constraint limits the number of matchings between individuals. A set 
ofof constraints is called consistent when there is at least one matching which satisfies at least one 
constraintconstraint in the set. Otherwise it is inconsistent. 

Definitionn 7.2 : A preference provides a partial ordering of candidate solutions. 

Constraintss are usually represented as expressions in some formal or informal language. Their 
meaningg can be formulated as a partition of solutions in two groups: those which are acceptable 
andd those which are not. 

Ass mentioned above, the domain of an individual is a list of legal values for that individual. 
Thee same information can be represented as a constraint. However, often domains are restricted 
withoutt the use of constraints. The knowledge is then part of the domain knowledge. 

Processingg constraints may affect the domain of an individual. In the CS framework, problem 
solvingg prunes domains when processing constraints. When all constraints are processed one is 
leftt with only legal values in the domains of the variables. Every assignment of the variables to 
onee of it's legal values then constitutes a solution. Our use of 'domain' differs from the CS one in 
thatt by 'domain' we only refer to the set of legal values prior to any processing of constraints. 
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7.2.22 OUTPUT 

Itt  can be helpful to view a matching problem in terms of a graph G = {V.E). For bipartite 
assignmentt problems the set of points V' of the graph is the union of subjects S and resources R: 
VV — S U R. The lines in E connect elements from V. A matching can then be defined as follows: 

Definitio nn 7.3 : A (maximal) matching in a graph G is a (maximal) set of lines ofG in 
suchsuch a way that no two lines have a point in common. ' 

Informallyy a matching is an assignment where no two individuals can be assigned the same 
value,, and no individual can have more than one value. Of course one wants to assign as many 
individualss as possible, hence one looks for a maximal matching. The assignment of one individual 
too another is referred to as a match. A match is an element of a matching and can be treated as an 
orderedd pair. 

Inn many problem formulations resources are described as having a capacity for being matched 
too more than one subject. For example, one can assign more than one person to a room, or several 
planess to a hangar. This would conflict with the definition of a matching. However, one can always 
reformulatee such a case by replacing each resource with a capacity of ??, with n new resources each 
withh a capacity of one. In our basic ontology rooms are types of resources. Resources themselves 
cann not have a capacity of more than one. 

Thee goal of an assignment problem is to find a matching which satisfies the constraints and is 
optimall  with respect to preferences. This is a very general statement. When dealing with several 
preferences,, one needs to have a criterio n which describes which solution is ultimately preferred. 
Thee same is true for inconsistent sets of constraints. In such cases, one may want to find the 
bestt non-solution to the problem. A criterion is an expression which describes when a candidate 
solutionn is a solution for instances of the problem type. 

7.2.33 DOMAI N KNOWLEDG E 

Thee entities involved in matching usually have certain properties and relationships between 
them.. For example, when matching passengers to airplane seats, passengers smoke or not, have a 
certainn age etc. Seats are in business or economy class, near windows or not etc. 

Thiss domain knowledge can be quite extensive and is used in the formulation of constraints 
andd preferences. Subjects and resources can be classified on the basis of their properties and be 
organizedd in a hierarchy of types. 

AA type is an abstraction of individuals on the basis of one or more properties. The set of 
individualss which are of the same type is called the type's extension. By an instance of a type we 
meann a specific element of the extension of that type. 

Wee make a distinction between two sort of types: aggregations and generalizations. Ag-
gregationss are abstractions based on a 'part-of' relationship, e.g. 'room' is an aggregation of 
placess in a room. Generalizations are abstractions based on 'is-a' relationships, e.g. 'smoker' is a 
generalizationn of employees who smoke. 

Aggregationss of resources have a capacity. Typically, a capacity indicates how many resources 
aree covered by the aggregation . For example, 'room' is an aggregation of a number of places. 
Thiss number is its capacity. However, a capacity can also be a more complex expression about 
thee number of subjects which a resource type can hold. As an example, consider a large room to 

11 In the following, when we use 'matching' we mean "maximal matching'. The definition comes from Lovasz [58], 



Towardss a task ontology for knowledge-intensive assignment problems 99 9 

whichh either two researchers or one head of staff can be assigned. Such expressions refer to the 
capacityy of the resource type. We call them capacity expressions. 

Iff  one wants to talk about assigning persons to rooms, one has to deal with the capacity of the 
rooms.. Hence, a capacity of an aggregation type refers to the number of individuals in it's exten-
sion.. We assume that the administration for computing the remaining capacity of an aggregation 
typee during problem solving is part of the domain knowledge. 

Theree can be more than one way to organize individuals in a hierarchy of types. For example, 
employeess can be classified according to the role they have in an organization, or according to the 
skillss and experiences they have. A classification is therefore dependent on a viewpoint. 

Inn many cases one can think of a type as an abstract data type. Individuals are often instances 
off  such types. The exception is formed by the aggregation types. 

Al ll  constructs for modelling domain knowledge used by Schreiber et al. [82] can in principle 
bee used to describe the domain knowledge of assignment problems. Individuals can have proper-
tiess and relations among them. Constraints and preferences often make extensive use of abstracted 
types,, rather than specific individuals. 

Typess are often used to define domains for individuals. For example, a type like colour may 
containn all values (colours). The definition of a domain for an individual is also part of the domain 
knowledge.. (Notice that 'domain' in 'domain of an individual' and 'domain knowledge' has two 
differentt meanings.) 

7.2.44 A note on methods 

Inn the ontology presented here, we will not discuss problem solving methods or algorithms. The 
descriptionn of methods is not a part of a task-ontology, which is limited to a specification of the 
vocabularyy for the task description. 

Inn general, when describing methods for solving knowledge-intensive problems one usually 
makess a distinction between weak and strong methods. Strong methods are tightly linked to the 
initiall  problem formulation and are almost tailor-made for the problem instance at hand. On 
thee other hand, weak methods are more general and one often needs to cast the problem into a 
particularr representational mould first. Weak and strong methods can be viewed as two extremes 
off  a continuum. Hence, methods can be compared to each other according to their 'strength', or 
placee in this continuum. 

Thee specification of a Problem Solving Method (PSM) is usually described (roughly) in terms 
off  input, output, domain knowledge and an inference structure. The inference structure should 
specifyy some basic flow control and can be seen a template for a problem solving method of the 
task. . 

Thee ontology presented in this chapter will sometimes be similar to the representations used 
inn Constrain Satisfaction (CS) [63, 12, 33, 96]. We regard CS as a powerful, (weak) method for 
solvingg many constraint-based assignment problems. We will focus on the representational aspect 
off  such problems, instead of how to specify the different methods for solving them. 

Inn the literature, the CS framework has been extended to partial constraint satisfaction [33] 
andd Generalized Constraints [16]. We will treat these, particularly the last one, extensively below. 

Anotherr class of methods (or algorithms) can be found in the literature for Stable Marriage 
Problems.. (The best reference is Gusfield & Irving [39] which describes the history of the problem, 
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andd provides algorithms and a formal analysis of many variations of the problem.) We wil l treat 

Stablee Marriage Problems here, but algorithms for solving them are out of the scope of this chapter. 
Methodss for Stable Marriage Problems can be considered strong, rather than weak. The rep-

resentationn of the problem is tightly coupled to the algorithms used to solve them. 

7.33 A basic classif ication of assignment problems 

Onn the basis of the ontology represented above, one can begin to make some distinctions regarding 
thee nature of some assignment problems. First, we present a formal definition of an assignment 
problem. . 

Definitio nn 7.4 : An assignment problem is a tuple (I. C. P. D), where I is a set of individ-
uals,uals, C us set of constraints, P a set of preferences and D the domain knowledge. The goal of the 
problemproblem is to find a matching M such that it is a maximal matching on I, satisfies all constraints 
CC and is most preferred according to the preferences in P. Note that the constraints in C and 
preferencespreferences in P may refer to knowledge in the domain knowledge D, 

AA first classification of assignment problems is based on the nature of the matching, and is the 
onee between bipartite and non-bipartite problems. A second distinction, to be described here, is 
basedd on the nature on the set of preferences and is the one between one- and two-sided problems. 
Wee now describe these two problem classes in detail. 

 Bipartite and non-bipartite problems. 

Ass remarked above for some problems the set of individuals can be partitioned into two 
subsetss S (subjects) and R (resources) and matchings consists of pairs (s. r), s 6 S. r £ R. 
Suchh problems are called bipartit e assignment problems. When we consider an assign-
mentt problem, and ignore the constraints and preferences, then a problem is completely 
bipartitee if every element from S can be assigned to any element from R and to no others. 
However,, often the candidate matches for an element .s are constrained to a subset dom of 
R.R. In that case dom is the domain of the element s. 

Non-bipartit ee assignment problems are those problems for which the matching is not nec-
essarilyy across a bipartition of the individuals. In the ideal case every individual can be 
matchedd to any other individual, except itself. Such problems are called single-set assign-
mentt  problems. Here the domain of any individual is the set of all individuals minus itself. 
Hence,, every individual is part of all domains except its own. With some abuse of vocab-
ularyy we can say that in a non-bipartite assignment problem, all individuals play both the 
roless of subjects and resources. 

Likee the ideal bipartite case, one can strengthen single set problems by introducing more 
restrictivee domains. In that case the domain of individuals can be restricted to a subset of 

thee set of individuals. 

Inn knowledge-intensive settings single-set assignment problems often occur as subproblems. 
Forr example, consider a problem where students have to be assigned to rooms. Each rooms 
cann contain two students. Assume there are several constraints and preferences that have 
too be met. Instead of assigning students to rooms one could also form pairs of students. 
Whenn pairs are formed in accordance with the constraints and preferences, these can then 
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bee assigned in random order to rooms. This subproblem of finding groups (in this case pairs) 
iss known as grouping. Grouping involves finding a matching within one set of individuals. 

 One and two-sided problems. 

Anotherr general distinction is based on the nature of the set of preferences. Assignment 
problemss can be divided into two categories: one-sided and two-sided problems. 

Inn two-sided problems individuals express preferences for each other. For example, when 
assigningg males to females for a dating service, both males can have preferences for females, 
andd females for males. In a sense the preferences go in two directions: from males to females 
andd vice versa. 

Inn one-sided problems preferences go in one direction. Some individuals have preferences 
forr others, whilst the ones which are subject of a preference are completely indifferent . An 
individuall  x is indifferent towards other individuals y\ ... yn when there is no preference 
whichh expresses any yt as a preferred match above the others. By 'completely indifferent1 

wee mean that no value of the domain of x is preferred above the other. 

Thee distinction does not hold for constraints. They declare some matches to be unaccept-
able.able. It is easy to see that a two-sided constraint problem can be reformulated into a one-
sidedd one. Consider a two-sided constraint problem with an individual x with acceptable 
matchess a. b. c. Because of the two-sided nature of the problem a, b and c may also declare 
whetherr x is acceptable to them or not. Suppose that a does not find x acceptable. Then we 
cann reformulate this as a one-sided problem with a constraint which declares that a is not 
acceptablee to x. Hence, it does not make much sense to speak about two-sided constraint 
problems. . 

Thee distinction between one- and two-sided preferential problems can best be seen when 
thee preferences are personal. A personal preference of an individual x is one which can 
bee expressed as an ordered list of the domain of x. The order of the list then is interpreted 
ass the preference of a match for x. For example, males can express their preference for a 
matchh with a female, by supplying an ordered list of females. And females can do the same 
forr men. 

Onn the basis of these two general distinctions one can categorize assignment problems into 
fourr categories: (1) bipartite and one-sided, (2) bipartite and two-sided, (3) non-bipartite and two-
sided,, and (4) non-bipartite and one-sided. We will give examples of problems for each of these 
categories. . 

1.. As a typical example of bipartite, one-sided problems we will take the office assignment 
problemm of the Sisyphus I experiment [57]. (We will treat this example in detail in sec-
tionn 7.9.) Here employees had to be assigned to offices. Hence, the set of individuals is 
bi-partitionedd into a set of subjects (employees) and resources (places in offices). The pref-
erencess mentioned in this example are all one-sided. 

Inn bipartite, one-sided problems preferences are often introduced as a way of dealing with 
inconsistencyy or overconstrained problems. Preferences are often attempts to maximize an 
unsatisfiablee constraint. When they appear in problems, preferences are often not wishes of 
individuals,, but orderings of candidate solutions. 
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AA textbook example of a bi-partite. two-sided problem, is the Stable Marriage Problem [39]. 
Inn the standard case the set of individuals is bi-partitioned in n males and n females. Each 
malee and each female express their preferences for a partner in a preference list. 

Thesee lists are complete, in the sense that each male ranks all females in his list, and each 
femalee ranks all males in her list. Matches (male/female pairs) have to be formed in such a 
mannerr that all matches are stable. The standard notion of stability says that a matching is 
stablestable when no two pairs which are not partners prefer each other to their current match. In 
otherr words, a couple a. b is not stable when the potential partners which a prefers to b, do 
preferr a to their current partner. (The same reasoning applies to b.) So a marriage is stable 
whenn neither male or female can persuade another partner to break up and and form a better 
marriage. . 

Ass an example consider the following preference lists for males M = {a. b. c} and females 
F=F=  {A.B.C}. 

a: : 
b: : 

c: : 

ABC C 
ABC C 
BCA A 

A: : 
B: : 
C: : 

bac c 
acb b 
abc c 

Malee a prefers female .4 to D and C. Female A prefers b. The matching {aC. !>B. cA} is 
nott stable because a and B prefer each other to their current matches C and b. The matching 
{aB.bA.t-C}{aB.bA.t-C} is stable. 

Ann example of a two-sided, non bipartite assignment problem is the Stable Roommate Prob-
lemm (SRP) [39]. In fact, this is a generalization of the Stable Marriage Problem (SMP) and 
thee representation of both problems is very similar. 

Inn the Stable Roommate Problem the goal is to form pairs of persons (roommates) in such a 
wayy that the pairs are stable. Pairs are stable in the same sense as marriages are in the SMP. 
AA matching is stable when no two persons prefer each other to their current roommate. 

Thee difference with SMPs is that in SRPs each person has a preference list which ranks all 
otherr persons in order of preference. In other words: there is no bipartition of individuals, 
likee males and females. As an example consider the following SRP: There are four persons 
a.a. b. c. d with the following preference lists. 

a: : 
b: : 
c: : 
d: : 

c c 
a a 
b b 

a a 

b b 
c c 
a a 

b b 

d d 
d d 
d d 

c c 

Thee goal is to find stable pairs of roommates such that every person is part of a pair. This 
problemm is an example of a single-set problem since every individual (person) can in prin-
cipall  be assigned to any other individual except itself. 

SRPss are clearly similar to SMPs. In both types of problems preferences are personal and 
two-sided.. SMPs are bi-partite problems, whereas SRPs are non-bipartite, and single set. 
SMPss can be formulated as Stable Roommate Problems (SRPs), but they form a clearly 
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distinguishedd class. For SMPs algorithms exist which always produce a stable matching. 
Thiss is not guaranteed for SRPs. In fact, the problem instance presented above has no 
solution.. Hence, all SMPs have a solution, whereas some SRPs have not [39]. 

4.. An example of a one-sided SRP can be given by allowing only a single person to a have 
aa preference list. This makes the problem trivial. However, since the problem is a single 
sett problem there can be no other person with a preference list without given up the one-
sidednesss of the problem. This is so, because in a single set problem a persons preference 
listt contains all persons except him-/herself. And when two persons have a preference list 
theyy both are owners of a preference list and are part of one. This makes the problem a 
two-sidedd problem. 

One-sidedd SRPs (and SMPs) make not much sense anyway, since the stability criterion is 
basedd on two-sidedness. In general, problems which are both one-sided and non-bipartite 
aree either trivial or collapse into bipartite problems. Problems with only a single person 
allowedd to have a preference list are trivial. 

Iff  one restricts preference lists to range over a subset of all individuals, more than one 
personn can have a list, but then the problem becomes bipartite. The reason for this is that 
one-sidednesss imposes a bipartition itself. One-sidedness of preferences involves a partition 
off  the set of individuals into those which have a preference and those which are subject of 
preference.. It is clear that matches will always be made between elements of both these sets, 
andd hence the problem is bipartite. 

Itt may also happen that in a one-sided problem there are individuals which are neither sub-
jectt of a preference or object of a preference, and therefore fall into a third subset. These 
individualss can, trivially, be assigned to each other. 

7.44 Constraints and preferences 

Thee above classification was based on general characteristics of assignment problems. Next, we 
wil ll  proceed by focussing on the nature of constraints and preferences themselves. We will show 
thatt preferences can be seen as generalizations of constraints. In this section we first present the 
ideass put forward by Brewka et al [16]. In the next section we will show how this can be linked to 
thee ontology described above. 

7.4.11 Overconstrained problems 

Considerr assignment problems in which one is given a set of constraints and the criterion that a 
matchingg is a solution when it satisfies all the constraints. In this case it can very well happen that 
theree are no solutions to the problem. In other words: a solution which satisfies all constraints for 
aa given problem might not exist. In that case the problem is said to be overconstrained, and the 
sett of constraints inconsistent. 

Inn general, there are two approaches for dealing with this. One is to look for the best non-
solution,solution, the other is to redefine, or extend the definition of a constraint. Basically, these ap-
proachess amount to the same, but lead to different terminology. We will first show how one can 
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deall  with overconstrained problems by picking the best non-solution. Then we change the defini-
tionn of constraint accordingly, namely in such a way that it includes preferences. 

Onee approach for solving overconstrained problems is to make a distinction between those 
constraintss which have to be satisfied and those which should preferably but not necessarily be 
satisfied.. The first category usually contains so-called hard constraints, the second soft con-
straints.. The use of this distinction is strongly connected with the criterion that one wants a 
solutionn which satisfies all hard constraints and as many soft constraints as possible. 

Inn fact, distinguishing between hard and soft constraints is an instance of the general approach 
off  ordering all maximal consistent subsets of the set of all constraints. A set of constraints is 
maximall  consistent, iff it is consistent and can not be extended by adding another constraint 
withoutt given up consistency. 

Definitionn 7.5 : (Approximate solution I) Let C be a set of constraints. Let < be a strict 
partialpartial ordering on the maximal consistent subsets C\ ... Cn ofC. The most preferred solution 
ss is the one which satisfies the set of constraints which for the minimal element of this ordering 
[16]. [16]. 

Thee distinction between hard and soft constraints imposes an ordering < by demanding that 
everyy subset contains the hard constraints, and d < Cj when d contains more soft constrains 
thann Cj. 

Inn case a problem is overconstrained the hard-soft distinction allows one to deal with trouble-
somee constraints. They can be declared as 'soft' and will be pruned when they lead to unsatisfia-
bility .. However, this approach has important limitations. All soft constraints are treated with equal 
status.. There is no room to declare that some constraints are more important than others. 

Thiss can be remedied by distinguishing more than just the hard and soft categories. The set 
off  constraints C can be partitioned in a number of blocks C\ ... Cn each with an own level of 
importance.. A solution to the problem is then defined as a solution which satisfies a maximal 
consistentt subset of C\, augmented with a maximal consistent subset of C<i etc. 

Thiss approach is similar to the preferred subtheories approach of Brewka [15] in the field of 
defaultt reasoning. The main difference is that with preferred subtheories one deals with a logical 
theory,, instead of a set of constraints. In the case of preferred subtheories, the logical theory is 
partitionedd into subtheories which all represent a different degree of reliability. 

Thee approaches for dealing with overconstrained problems are described on the level of all 
availablee constraints. One picks the best non-solution after having made a distinction between 
moree and less important constraints. 

However,, this approach does not suffice for all overconstrained problems. Often one is looking 
forr the most optimal solution to a single constraint. One popular way of doing this is by count-
ingg the number of constraint violations of candidate solutions and prefer the one with the lowest 
number.. This technique is employed in partial constraint satisfaction, see Freuder [33] for details. 

Ass an example consider a constraint like "all employees should be assigned a room in de-
partmentt A". Suppose this constraint is unsatisfiable and not all employees can be assigned to 
departmentt A. In that case, one might settle for as many employees as possible, instead of all. 
Hence,, instead of disregarding a constraint like this one would like to replace it by a weaker con-
straintt of the form "As many employees as possible should assigned a room in department A" and 
preferr the solution with the largest number of employees on the department. 

Hence,, in such cases one does not order the constraints, but the solutions (matchings) them-
selves. . 
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Definitionn 7.6 : (Approximate solution 2) Let C be a set of constraints and < an ordering 
ofof the solutions of all maximal consistent subsets of C. s is an approximate solution if it is a 
<-minimal<-minimal element of this ordering. 

However,, there is still something lacking in this solution. A solution is still defined in terms 
off  maximal consistent subsets of constraints. Consider a problem where there is a choice between 
"heavily""  violating a few constraints, or "weakly" violating a superset of these. One may very 
welll  opt for violating more weaker, than fewer heavier constraints. Remedying this problem lead 
Brewkaa et al. to a new notion of constraint networks. 

7.4.22 Generalized Constraint Networks 

Brewkaa et al [16] present a generalized notion of constraint problems which defines classical 
constraintss as a limited case of a general preferential structure. By doing this, all of the ways of 
dealingg with relaxing constraints, as discussed above, can be captured in an uniform way. 

Onee has to note that the framework proposed by Brewka et al. is a generalization of the 
Constraintt Satisfaction (CS) framework. The terminology reflects this. In CS one looks for a 
valuee assignment of the elements of a set of variables. Associated with each variable is a domain 
off  values, its domain. A constraint in the CS framework can be seen as a function which maps 
eachh value assignment to true or false. The CS framework is generalized by the definition of a 
Generalizedd Constraint Network. 

Definitionn 7.7 : A Generalized Constraint Network (GCN) [16] consists of the following 
items: items: 

 V — {v\ ... vn} is a set of variables. 

 D — Ui<i<n Di ,s a s et s u c^ ^at Di is the domain oft'i 

 C — {c\... Ck} a set of generalized constraints where each generalized constraint is a strict 
partialpartial order on value assignments. 

 Comb is a combination function which, given C produces a single partial order on value 
assignments. assignments. 

Definitionn 7.8 : (Solution) Let CN = (C, V, D, Comb) be a constraint network. A value 
assignmentassignment val is a solution ofCN iff val is a minimal element of the partial order Comb(C). 

Intuitively,, this can be explained as follows: each constraint (or preference) is a judge with 
hiss own preferences for value assignments. A committee of judges will decide which of the value 
assignmentss is ultimately to be preferred above the other. This is done in accordance with a 
combinationn rule. 

Inn the classical, CS case the judges only describe their preferences as being either acceptable 
orr unacceptable. The combination rule in this case is the veto-rule: All judges have to agree a 
valuee assignment is acceptable if it is to be a solution. 

Off  course more complicated examples are possible. The combination function may take many 
forms.. One can think of assigning numerical weights to some value assignments or count the 
numberr of times a constraint is violated by a particular value assignment. Such techniques are 
usedd in partial constraint satisfaction [33]. 
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7.55 Using GCNs in the assignment ontology 

Ass remarked above, the GCN framework is a generalization of the standard Constraint Satisfaction 

approach.. Here, we want to incorporate it into the ontology for assignment problems. For this 
purposee we translate the terminology of GCNs into the vocabulary of the ontology used so far. 

Inn the GCN framework, solutions are value assignments. In assignment problems the solutions 

aree matchings. Value assignments are assignments of variables to values, and are not necessarily 
matchings,, since two variables may well have the same value. Matchings therefore correspond to 

valuee assignments with a constraint of difference, stating that all variables must have different 

values,, (The relation of constraints of difference, matchings and value assignments is used by 
Regin,, in the description of an improved CSP algorithm [75].) 

Inn CSPs the set of values and variables are distinct and hence value assignments seem only to 
referr to bi-partite matchings. We wil l come to this problem in the following subsection. 

Thee main motivation for incorporating the GCN approach in our framework is the notion of 

generalizedd constraints as orderings of value assignments. Generalized Constraints correspond to 
preferencespreferences in our ontology. We wil l use the GCN framework to provide a formal definition of the 

notionn of preference. 

Inn the following we wil l use preference as a generalization of constraint. A constraint distin-
guishess two sorts of matchings: those which are acceptable, and those which are not. This can 

bee expressed as an ordering on matchings but can also be expressed simply as a set (as is done in 
CS),, where the complement contains the unacceptable matchings. 

Thee combination function Comb in GCNs resembles the notion of criterion from the basic 

ontology.. The combination function specifies how to combine all the preferences into one prefer-
entiall  structure. In this ordering the minimal element is the preferred solution. The criterion of an 

assignmentt problem can be seen as the specification of such a function. 

7.5.11 Adjustments to the GCN framework 

Ass a generalization of the CS framework, GCNs can be used to describe bipartite, one-sided 
assignmentt problems. A bipartite, one-sided assignment problem can be represented as a GCN 
ass follows. The set of individuals is bipartitioned into subjects and resources. The subjects are 
representedd as variables, the subjects as values. A matching is a value assignment with a constraint 
off  difference. If constraints and preferences are one-sided they do not pose any problems to this 
representation.. They express which value assignments are acceptable, or preferable. 

However,, it is not immediately clear how two-sided, or non-bipartite problems can be de-

scribedd as GCNs. As an example of the problems concerning two-sided preferences, consider a 
SMP.. A set of males AI has to be matched to a set of females F and each male and female have a 
listt of individuals of the other sex in order of preference. 

Inn a GCN the preferences are orderings of value assignments (matchings, in this case). Hence, 

whenn dealing with SMPs, the preference list of each male and female must be translated in an 
orderingg of matchings. This is not difficult. Suppose a person x (male or female) has the preference 

listt a. b. c. Then x prefers all matchings where x is matched to a, to all matchings where x is 

matchedd to b. And all matchings where x is matched to b are preferred to all matchings where x is 
preferredd to c. In general, an individual x prefers matching M to M' if x prefers his match in M 
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too his match in M'. Preference lists in a SMP can therefore safely be interpreted as orderings of 
matchingss and therefore are in accordance with the GCN approach. 

However,, the GCN framework requires that the problem is represented in terms of variables 
andd values. When one tries to describe an SMP this way, one faces the choice which individuals to 
representt as variables and which as values. If males are represented as variables, then the females 
aree the values. But alternatively, one may choose to represent females as the variables and males 
ass the values. 

Theree is no clean solution to this, although one can come up with a patch: We represent 
eachh male and each female by a value and an individual. Then the following condition (or meta-
constraint)) should hold for all individuals x. If x is assigned the value d then the individual 
denotingg the same male/female as d, let's say y should be assigned the value d' which denotes the 
samee female/male as x. 

Wee can adapt the definition of GCN and make it suitable for two-sided problems like SMPs as 
follows: : 

Definitionn 7.9 : An Adapted GCN for SMPs consists of the following items: 

 A set of individuals I = {e\ .. .en} bipartioned into two equal subsets M, F. 

 A set of domains D = [Jl<i<n Di such that the domain Dj C M if ei £ F, otherwise 
DiDi  C F. Di is the domain of the individual ej. 

 An ordering on each domain D{. 

 A combination function Comb which given the individuals and their ordered domains pro-
ducesduces an strict partial ordering on matchings. 

Thee set of individuals is partitioned into two equal sized subsets, M and F. With every 
individuall  we associate an ordered domain, such that if the individual is in M (F) the domain 
iss a subset of F (M). The combination function then translates these ordered domains to an 
orderingg of matchings. 

Thiss adapted GCN is stronger than the original. We have shown how each ordered domain 
cann be seen as an ordering of matchings. But not all orderings of matchings can be represented as 
orderedd domains of individuals. (We will discuss this in the next section.) Also, every individual 
iss both represented as a domain and as a possible value. 

Thee situation for one-sided problems, like SRPs, is not very different. As we have seen these 
problemss can be safely assumed to be two-sided, and each individual will therefore have to be 
representedd both as a value and a variable. The GCN for SMPs can be made suitable for SRPs by 
givingg up the demand that the set of individuals must be bipartitioned and allowing the domains 
too be a subset of the set of individuals, excluding the owner of the domain. 

7.5.22 Preferences as ordered partition s 

Inn the ontology presented here, preferences can thus be seen as a strict partial order on matchings. 
Thiss ordering can be seen as the formalization of the preference relation. A strict partial order 
<< is an irreflexive, and transitive relation. (It is also antisymmetric which means that whenever 
xx < y and y < x then x = y.) Given a partial order, we introduce another relation ~. If < is 
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aa strict partial order then the relation ~ is defined as follows: m, ~ m3 if neither m, < rtij  nor 
m.jm.j < m, [29]. 

Wee use strict partial orders to express preference relations, like a is preferred to b. In order 
too express that a is as much preferred as b we make use of the relation ~. However, we must 
bee careful here. Obviously, x is as preferred as y is an equivalence relation (which is reflexive, 
transitivee and symmetric) but ~ does not need to be transitive as it was defined above. 

Too illustrate this point we first distinguish three types of strict partial orders. These are illus-
tratedd in figure 7.1. 

bb d f 

Figuree 7.1 
Thee partial order on the left, shows four elements linearly ordered. The middle one, shows a weak order, the right one 
aa tree. The order should be read from left to right: if (and only if) x < y then there is left-to-right path from x to y. 
xx ~ y holds when there is no left-to-right or right-to-left path between nodes x and y . 

Thesee three types are based on the nature of the relation ~. The order on the left shows 
fourr elements linearly or strictiy ordered. The relation ~ here, takes the meaning of the identity 
relation.. That is: if neither x < y nor y < x then x = y. This is not the case in the order shown 
inn the middle. Here, all six elements are connected by a line and ~ is transitive. Important for our 
purposess is that in this case we can safely interpret ~ as as preferred as y. As an example, one 
cann look at the elements a and b in figure 7.1. Clearly a ~ b holds, for there is no left-to-right or 
right-to-leftt path connecting them. Both are less preferred than all elements on the left and more 
thann those on the right. 

Thee order on the right shows a tree and here ~ can have a different meaning. In this case ~ 
iss not transitive, and therefore no equivalence relation. For example, for nodes c and d we have 
cc ~ d but also d ~ e. If ~ would be transitive we should have c ~ e but this is not the case: c and 
ee are joined by a line. Hence, in this last order we cannot interpret ~ as as preferred as but instead 
havee to resort to is incomparable with. 

Orderss for which ~ is not transitive can represent preferential relations of which knowledge 
iss only partial. For example, one may lack the knowledge whether a should be preferred to b. b 
too a or if they are equally preferred. In such a case one may decide to declare them incomparable 
[60].. Another option is to try to fill  in the absent knowledge and so force ~ to become transitive. 
Forr example, in figure 7.1 c, d and e are incomparable. If one assumes that d is preferred to e then 
thee graph becomes equivalent to the middle one. One may also make different assumptions: for 
examplee that d is preferred to ƒ and equally preferred to e. 

Inn this way every preferential ordering based on partial knowledge has an 'extension' in which 
preferentiall  knowledge is complete and all elements can be compared to each other. 
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Inn the remainder of this section we will focus on preferential orders based on complete knowl-
edgee only. In other words, we will assume that all two different matchings are either equally 
preferredd or one is preferred to the other. The types of strict partial orders for which this holds 
aree known in the literature as weak orders, and strict (or linear) orders. (Notice that there is a dif-
ferencee between strict orders, and strict partial orders. All orders discussed here are strict partial 
orders.) ) 

Definitionn 7.10 : If A is a set and < a strict partial order, and ~ is transitive, then (A, < ,) 
isis called a weak order. 

AA strict or linear order is a weak order for which ~ is the identity relation. 
Noticee that both in the case of a weak and strict order, we can safely interpret ~ as as preferred 

as.as. In the linear case, ~ is actually the identity relation and hence there are no different elements 
equallyy preferred. 

Whenn {A <) is a weak order, then we can partition A in subsets of elements which are equally 
preferred.. For example, nodes a and b in figure 7.1 are equally preferred and form a subset of the 
sett of all nodes of the graph. Hence, ~ defines a partition on the set of matchings in such a way 
thatt when x ~ y holds, x and y are in the same block (or equivalence class) of the partition. These 
blockss themselves are linearly ordered by preference [29]. When ordering matchings we will call 
thesee equivalent classes, i.e. sets of matchings which are equally preferred, categories. 

Forr strict orders the situation is simple, there are just as many categories as there are elements. 
Thiss is so because no two different elements are equally preferred in a strict order. 

Onee may characterize preferences based on the number of categories they have. Suppose that 
forr an assignment problem there are n possible matchings. As we have seen, for each classical 
constraintt there are only two categories: acceptable and unacceptable. The set of matchings for 
aa given problem is bi-partitioned in this case, and the number of categories equals two. All n 
matchingss are distributed over these and there can be at most n matchings in one of the categories. 
Iff  we consider a preference which orders all matchings in a linear fashion then the number of 
categoriess is n, each of which contains exactly one matching. 

Inn general, if we consider a preference c which imposes a weak ordering < on value as-
signments,, then the associated relation ~ gives us a partition on value assignments. The blocks 
(categories)) contain matchings which are equally preferred and the blocks themselves are linearly 
orderedd by preference. This is illustrated in figure 7.2. 

M i i 
Mi Mi Ms Ms Mi Mi 

MM5 5 

MM6 6 

Figuree 7.2 
Thee picture shows matchings Mi to M 6 weakly ordered. A matching is preferred to another if there is a left-to-right 
pathh from one to the other. For example Mi is preferred to M3 and Mi etc. and no matching is more preferred than 
M\M\ and A ƒ2. Equally preferred matchings, which form a category, are shown in boxes. The categories themselves are 
linearlylinearly ordered. 

Thee trick being performed here is that we transform a weak ordering of matchings to a linear 
orderingg of categories. For linear orderings of matchings no such trick is needed. In this case the 
categoriess each contain a single matching. We can thus view weak and linear ordered preferences 
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ass linear orderings of categories. 
Inn order to compare these orderings of categories we make use of the fact that categories 

aree blocks in a partition. In general, partitions of a set can be ordered by a refinement relation. 
Intuitively,, a partition P is a refinement of the partition Q (P Q Q) if P divides the set S along 
thee same lines as Q and maybe some more. 

Similarly,, one could define one preference to be a refinement of another. In that case, one has 
too take care that the order imposed on the blocks is not disturbed. 

Definitionn 7.11 : Consider two preferences p\ and P2, which weakly order the set of 
matchingsmatchings M by <i and <2 respectively. The relations ~i and ~2 express equally preferred 
matchingsmatchings for p\ and />2 respectively. The partition ~i imposes on ftl is P\, the partition ~2 
imposesimposes on ftl is P2. Preference p\ is a refinement ofp2 iff the following conditions hold: 

11 Partition P\ is a refinement of Pi: Pi Q Pi 

22 p\ preserves theorderofp2 : For each pair of matchings m. » e il ƒ if in <2 n then m <i n. 

Hencee the refinement of preferences is equal to the refinement of their associated partitions 
pluss the preservation of order. An example will illustrate this: 

Examplee 7.1 : Suppose that persons have to be assigned to departments. There is a con-
straintstraint C\ which weakly orders all matchings of persons to departments in such a way that all 
matchingsmatchings which assign 50 people or more to department A are preferred to all other matchings. 
C[C[  distinguishes two categories of matchings: 

(1)(1) Those matchings in which at least 50 people are assigned to department A. 

(2)(2) All other matchings. 

AA preference C2 distinguishes three categories of matchings, presented in preferential order: 

(1(1')') Tfto.se matchings in which at least 50 people are assigned to department A. 

(2')(2') Those matchings in which between 40 to 50 people are assigned to department A. 

(3')(3') All other matchings . 

C-2C-2 is a refinement ofC\. It partitions category (2) ofC\ into two blocks (2') and (3'). There-
forefore the two partitions are refinements. Also, if a matching M is preferred to another matching 
ftft I' according to C\ then this is also the case according to C-2-

NoticeNotice that if we define a preference C3 as: 

(2")(2") Those matchings in which between 40 to 50 people are assigned to department A. 

(I")(I")  Those matchings in which at least50people are assigned to department A. 

(3")(3") All other matchings. 

thenthen C,i is a refinement of C\, (but not of C2). Hence there are several ways of refining a 
preference. preference. 

http://Tfto.se
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Inn this manner preferences can be seen as refinements of constraints. Constraints bipartition 
thee set of matchings and distinguish acceptable the unacceptable matchings. Preferences can be 
seenn as refinements of constraints, when they respect this order but introduce new preferential 
orderingss in the acceptable and/or unacceptable categories. 

Inn practical problems the refining of preferences often occurs, not only in assignment prob-
lems.. One may start problem solving with an initial set of constraints or preferences. Afterwards 
itt may happen that too many solutions have been found. In that case one can refine the preferences 
inn such a way that one orders the solutions found thus far. Refining preferences comes down to 
'zoomingg in' on one or more categories. Matchings which are equally preferred may change status 
afterr refining, and one can become more preferred than another. The opposite, or 'zooming out', 
meanss putting categories together in such a manner that the order is not disturbed. This can be 
usefull  when too few solutions to a problem have been found. 

Inn fact, this exercise shows that one can make use of the formal aspects of the ontology to 
comee up with new classifications. Formalizing an ontology not only leads to a more precise 
understandingg of the notions involved, it also allows for new classifications on the basis of formal 
properties. . 

7.66 Representing preferences 

Inn the previous section we have discussed preferences (and constraints) as orderings of matchings. 
However,, in problem formulations preferences usually occur as expressions and in Stable Marriage 
orr Roommate Problems they occur as preference lists of individuals. 

Thee way preferences are represented differs among problems. It is therefore helpful to un-
derstandd how a formulation of constraints is related to its 'semantics' in terms of an ordering of 
matchings. . 

Wee will first discuss the preference lists of SMPs and SRPs. It will be shown which prefer-
ences,, i.e. partial orderings of matchings, can and which cannot be represented as preference lists. 
Next,, we will use this characterization to come to a notion of dependency between individuals, 
expressedd by a preference. 

7.6.11 Preference lists 

Ass was shown above, SMPs and SRPs present preferences as preference lists of individuals. In the 
standardd Stable Marriage Problem a preference list is a strict order and is complete in the sense 
thatt it mentions every individual of the opposite sex. In the standard Stable Roommate problem 
preferencee lists contain all individuals except the owner of the list. 

Variationss of these problems allow the relaxation of these requirements. By allowing partial 
listss individuals can express the unacceptance of partners by excluding them from their Hst. Using 
weakweak instead of strict ordered lists makes it possible to express ties: some potential partners are 
equallyy preferred. When two or more partners are equally preferred to an individual he or she 
iss said to be indifferent towards them. Indifference allows one to weaken a bi-partitioned, two-
sidedd problem to a bi-partitioned,, one-sided problem by declaring one side completely indifferent 
towardss the other. For example, if in the standard SMP all females are indifferent towards the men 
(butt the men not towards the women), then the resulting problem is one-sided. 
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Whenn preference lists are complete and strictly ordered then the number of categories the 

preferencee distinguishes is equal to the number of elements in the list. If the list is partial the 
numberr of categories is equal to the length of the list plus one, (because the unacceptable partners 

aree not in the list). When ties are possible one has to count the categories in the preference 

themselves:: the number of sets of partners which are equally preferred. 

Ass mentioned before, a preference list can be interpreted as an ordering of matchings: an 

individuall  x prefers matching M to M' if x prefers his/her partner in M to the one x has in M'. 

Butt not all orderings of matchings can be expressed as the preference list of an individual. 

Thosee which can be expressed this way form a special class, as we shall now show. 

Supposee we have an ordering of matchings (M. <}  and all matchings from M' C M in which 
xx is matched to a are preferred to all matchings from M" c M in which x is matched to b. In 

thatt case x prefers a to b. 

Hence,, if (and only if) we have an ordering of matchings (M. <}  and the categories of the 
preferencee can be described in terms of representative elements of assignments of x, then the 
preferencee can be represented as preference list of x. More precisely, there must be a one-to-one, 
orr isomorphic mapping between elements in the preference list and categories in the matchings 
ordering. . 

Examplee 7.2 : Consider a problem where there are two subjects x, y. x can be assigned 
toto resources a. b. c. c. d and y to a, b. Suppose there is a preferential ordering of six matchings 
MiMi  ... M6. These matchings are given in the table below. Suppose the preferential ordering is as 
follows:follows: Mi < M-2 < (Ms ~ M4) < (M5 ~ M6). Here, M:i and M4 are equally preferred and 
formform a category, so do A/5 and MQ. 

MiMi  : (x.a).(y.b) 
MM22:(x.b).(y,a) :(x.b).(y,a) 
M33 : (x.c), (y.a) 
MM44::  (x,c),(y.b) 
M-M-aa:(x,d),(y,b) :(x,d),(y,b) 
MM66 : (x. d): (y,a) 

(Here(Here (x.a) expresses that x is matched to a.) 

ThereThere are four categories in this preference order; two containing one matching and two con-
tainingtaining two matchings. They can be characterized by assignments of x, because x is assigned a 
differentdifferent value in each different category, and the same value in matchings of the same category. 
Hence,Hence, each category contains a distinct assignment of x. The strict ordered preference list of x 
denotingdenoting this ordering of matchings is a,b, c, d. 

Itt is clear that not all orderings of matchings can be described by an individuals preference 
list.. An ordering of matchings {M. <) can onlyy be represented as a strict preference list ai ... an 

off  x if each match (x. at) (1 < i < n) occurs in exactly one category of (M. <) and preserves the 
orderr of the categories. 

Theree is another way of looking at these preference lists. They can also be be characterized 
ass ordered assignments of single individuals. The preference of x only expresses what x prefers, 
withoutt consideration to the preferences of any other individual: x is indifferent about any match 
whichh does not involve x. The preferences of x are thus unrelated, or independent with respect to 
anyy other individuals preferences. 
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Thosee constraints which can be expressed as "preference" lists for individuals are exactly 
thosee which limit the domain of a single individual. Constraints order matchings in two categories 
byy definition. If in all acceptable matchings x is assigned one of the values a.b.c and in all 
unacceptablee matchings other values, then this constraint just limits the assignments of x to a, b, c. 
22 In CS terms these constraints are unary since they range over a single individual. Likewise, we 
wil ll  call preferences, which can be expressed as a preference list of one individual, unary, since 
thee entries in the preference list are independent of other individuals. 

7.6.22 Dependency in preferences 

AA  binary constraint with individuals x and y expresses that there is a dependency between x and 
y.y. This means that if we assign x some resource then this affects the choice of an assignment for 
y.y. Notice, that a dependency is not symmetric: it can happen that x is dependent on y, but y not 
onn x. 

Inn general a n-ary constraint involves the dependency of n individuals. Clearly, unary con-
straintss only involve one individual. Our aim is to generalize this notion of dependency, which is 
commonn in the CS literature, to preference lists of individuals. We propose the following defini-
tion: : 

Definitionn 7.12 : A preference list of'x is dependent on y if the occurrence of some entry in 
thethe preference list ofx depends on some assignment ofy. 

Thiss definition states that the preferences of an individual can depend on the assignment of 
anotherr individual. Strictly speaking, the fact that one searches for a matching does already express 
aa dependency. Since, a matching can be seen as a value assignment with a constraint of difference, 
assigningg one individual affects the possible assignments of others. 

Apartt from this constraint of difference, which we regard as implicit in the definition of match-
ing,, dependency does not occur in preference lists in the standard SMPs or SRPs. However, there 
iss one variation of SMPs in which mutual preference lists for two persons are used [39]. This prob-
lemm is called the hospital-residents problem with couples, and typically involves the assignment 
off  a number of residents to a (not necessarily equal) number of hospitals. The problem comes 
withh an adapted stability criterion, which we will not present here (see Gusfield and Irving [39] 
forr details). 

Thee problem is bipartite and two-sided. Both residents and hospitals express preferences for 
eachh other. Hospitals have a capacity for housing more than one resident. The interesting element 
heree is that residents may form couples and present a joint preference list. If residents x and y 
formm a couple then there is obviously a dependency between them. 

Examplee 7.3 : Consider two persons x and y and hospitals h.k, each capable of taking two 
persons.persons. In general, the joint preference list of a couple is an ordered list of ordered pairs. In this 
casecase thelistofx andy is : (h,h), (k, fc), (h,k), (k,h). A pair (h.k) represents the assignments of 
xx to h and y to k. So x and y prefer the joint assignment to h to the joint assignment to k. 

Clearly,Clearly, there is a dependency between x and y. If we assign x tok then y prefers k to h. But 
ifif  we assign x to h, then y prefers h to k. Hence y's preference for hospitals is dependent of the 

"Thee list is partial and only contains tied entries. It is the new domain of the individual x. 
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assignmentassignment of x. Similarly, x is dependent on y. 

Wee regard joint preference lists as an example of binary preferences, because they express 
thee dependency between two individuals. Also note that all the entries of an individual in a joint 
preferencee list are dependent on the assignment of another individual. In that sense the dependency 
cann be said to be total. Furthermore, if x and y have joint preference lists then x is dependent on 
yy and y on x. In that case we call the dependency between x and y mutual, or interdependent. 

Nott every preference list with a binary preference is a joint preference list. One could think of 
lists,, which are not total, in which only some entries are dependent on the assignment of another 
individual.. Such dependent entries do not have to be mutually dependent. One can think of entries 
as:: if ,r is assigned to h, y prefers k to h. Such 'conditional' preference lists are not described in 
thee SMP literature. However, they would still qualify as binary preferences in our framework. 

Inn the previous section it was shown that standard preference lists are equivalent to an ordering 
off  matchings where there is a one-to-one mapping between categories and entries in the preference 
list,, with the preservation of the order. For joint preference list a similar equivalence holds: there 
mustt be a one-to-one mapping between elements in the preference list and assignments of the 
ownerss of that list in the categories of the corresponding ordering of matchings. 

Forr the joint preference list in the above example, it means that in the corresponding ordering 
off  matchings there are four categories: one in which x and y are both matched to h, one in 
whichh they are both matched to k etc. The order of the categories should be equal to the order of 
thee entries in the preference list. It is clear that preferences are now described in terms of pairs 
becausee of the dependency between individuals. 

Finally,, we use the notion of scheme to express the dependency of a preference. (A similar 
notionn of 'scheme' for constraints is used by Dechter [22].) The scheme of a preference is a set of 
tuples,, each of the form (xi . .. J"n) such that xl is dependent on .r,-+i... . Hence, in the above 
resident-hospitall  problem the scheme of the joint preference list is {(x. y), (y. .r)} . 

7.77 Combining preferences: criteri a and combination functions 

Wee have remarked that constraints order the set of matchings for a problem into two categories: 
thosee which are acceptable and those which are unacceptable. However, not all preferences which 
orderr all matchings into two categories are constraints. 

Ass an example, consider my preference for a window seat in an aeroplane. A window seat 
mayy be available and I will be most pleased, but if no such seat is available I will accept another 
one.. Hence my preference bi-partitions the set of matchings: those in which I am given a window 
seat,, and those in which I am denied one, but neither of the two contain unacceptable matchings. 

Thee interpretation that a category of matchings of a preference is unacceptable is part of the 
criterion.. The notion of criterion is used to describe when a matching is a solution. However, we 
usee it also to interpret the status of categories of preferences. 

Inn the GCN framework the combination function is defined as a function which produces a 
finalfinal strict partial ordering on matchings based on the input of all preferences. A solution then was 
definedd as a minimal element in this ordering. Strictly speaking, to arrive at a conclusion it is not 
necessaryy that the combination function produces the entire ordering, just the minimal elements, 
(orr one of them) would suffice. 
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Onee may wonder what use the other, non-minimal categories of this final ordering of matchings 
couldd have. But they can be of use when preferences are added to the problem at a later time. New 
informationn may prune all solutions found thus far, and one may use the ordering produced by the 
combinationn function to incorporate new knowledge. 

Anotherr reason why non-minimal categories (which contain sub-optimal solutions), can be 
useful,, is that some preferential knowledge is not included into the representation of the problem. 
Somee preferential knowledge may be too difficult or too expensive to capture in a formal or semi-
formall  way, and one may choose to browse the optimal as well as the sub-optimal solutions in the 
orderr presented by the combination function. 

Ass mentioned above, Brewka [16] illustrated the functionality of the combination function 
byy the simile of a system of votes. We would like to elaborate this simile and illustrate how 
preferencess can be combined. 

Firstt of all, all preferences will be represented by a judge which is given the right to object 
too a matching. The strongest objection a judge can raise is to veto the matching, and declare it 
unacceptable.. Every judge will object to matchings according to the categories of the preference 
hee represents: he will raise stronger objections when the preference of matchings decreases. 

Forr example, a constraint has two categories and it's judge will veto all matchings in the second 
category.. My preference for a window seat also has two categories, but none of the matchings is 
vetoed.. In this case the objection against a matching in which I am given a window seat is less 
thann all others. 

Howw strong the objections of a judge are for each category depends on the criterion. One can 
assignn weights to each category for each preference, representing the strength of the objection the 
judgee will raise. The combination function will then compute an ordering of matchings based on 
thesee weights. 

Onee could think of many different ways of combining preferences this way. However, there 
aree two invariants. First, judges will raise stronger objections to matchings when they appear in 
decreasingg order in the preference they represent. Second, judges will object equally strong to 
matchingss within the same category of the preference they represent. 

Whatt remains variant is the distance between categories. I may prefer Bach to Stravinsky and 
Stravinskyy to Mozart, but the difference,, or preferential distance, between my preference for Bach 
andd Beethoven is much smaller than for Beethoven and Mozart. In other words: I like Bach and 
Stravinsky,, but dislike Mozart. 

Basedd on this simile of voting judges it is not difficult to come up with a general form of 
thee combination function which should suffice for many one-sided assignment problems. All 
categoriess of each preferences are assigned numerical weights expressing the strength of objection, 
inn such a way that the two invariants hold. The combination function then simply puts every 
matchingg to the vote and adds the weighed objections. It then produces an ordering in such a way 
thatt a matching is more preferred when its objection number is smaller. 

Anotherr example of a combination function captures the criterion of stability in standard 
SMPs.. For these problems the judges representing the preference are the owners of the prefer-
encee list. A matching M is stable when no two judges which are not partners in M both object 
lesss to a match in which they are partners. In this instance no numerical weights are necessary. 
Inn fact, the majority of algorithms which solve SMPs and related problems, do not make use of 
numericall  weights. 

Weighedd combination functions have been proposed many times in the literature [12]. Usually 
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onee assigns weights to preferences instead of the categories of preferences. The reason behind this 
iss that one looks for solutions which satisfy a maximum number of constraints. Weighing systems 
likee the ones used in Partial Constraint Satisfaction [33] are exceptions to this. Here one counts the 
numberr of times a constraint is violated, and opts for the solution with the less violations. These 
violationss can be weighed and the result is a system which is similar to the one described here. 

Note,, that we have assumed here that all preferences are either weak or strict orders. In other 
wordss all matchings can be compared to each other in all preferences. When one has incomplete 
knowledgee about the preference of two matchings (if they are incomparable) then no exact weight 
cann be assigned to some categories. There are several options in this case. One could assign 
weightss with a measure of uncertainty. Alternatively, one could assign intervals of weights when 
att least the lowest and highest weight of a category is known. 

7.88 Abstract ions in preferences 

Inn initial problem formulations preferences (and constraints) are usually given as expressions rang-
ingg over individuals. In knowledge-intensive assignment problems individuals are often referred 

too in terms of their properties, relations or types. 

Inn general, two sort of types can be distinguished: aggregations and generalizations. Aggre-

gationn types involve the use of a has-part relationship, whereas generalization types make use of 
thee is-a relation. 

Forr a given domain, every type has a set of instances associated with it. This set is called the 
extensionn of the type. For example the extension of the generalization type smoker contains all 

individualss that smoke. 

Individualss and types can also have relations between them. The extension of an »-ary relation 

iss the set of n-tuples of individuals for which the relation holds. Relations can sometimes have 
propertiess as well. As an example, consider the distance between two rooms. The floor-plan can 

bee represented as a graph where the room types form the nodes and there is an edge from one 

nodee to the other if the rooms are next to each other. The length of a path from one room to the 
other,, is the distance between the rooms. In modelling terms distance is a property of a relation 

betweenn room types. With the help of the distance between rooms one can decide whether a room 
iss centrally located, or not. 

Propertiess (or features) are usually represented as attribute-value pairs. One can convert prop-

ertiess to types by defining its extension as containing all individuals which have the property. For 
example,, one can use the attribute smoker with the value true to indicate that an individual is a 

smoker.. Similarly, one can introduce a type smoker and put all smokers in its extension. 
Byy using types this way one abstracts over individuals. Abstractions are usually seen as parti-

tionss on the set of individuals. Binary properties, like smoke/non-smoke, bipartition this set. 

Preferencess can be entirely formulated in types. As an example consider the constraint "smok-

erss and non-smokers are not allowed to share a room". The types use here are smokers, non-

smokerssmokers (generalizations) and rooms (aggregation). (The reason that room is an aggregation is 

thatt it can host more than one individual.) 

Inn such preferences the use of types declares an indifference towards the assignment of in-

dividualss in the extensions. In the above constraint one does not distinguish between individual 
smokers,, non-smokers and places in the rooms. 
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Thiss property can be used to assign chunks of types, or groups instead of individuals. In the 
abovee example, when each room has two seats, then one can first form pairs of smokers and non-
smokerss and assign these. The assignment of individual persons to specific seats is irrelevant. 
Suchh grouping problems will be the subject of chapter 8. 

Inn preferences with types and dependencies the scheme of the preference can sometimes be 
expressedd in terms of types as well. Consider again the smoker/non-smoker constraint: "Smokers 
andd non-smokers are not allowed to share rooms." 

Iff  a non-smoker is assigned a place in a room then this affects the possible assignments of 
alll  other smokers. Hence every non-smoker is dependent on every smoker. And by reasoning 
similarly,, every smoker is also dependent on every non-smoker. The scheme of the preference 
thenn contains all possible pairs of smokers and non-smokers. In terms of types the scheme can be 
givenn much more elegantly as the set {(smoker, non-smoker), (non-smoker, smoker)}. 

Thiss illustrates the fact that the use of abstractions in the formulation of preferences facilitates 
ann easy and intuitive representation. 

7.99 Case study: Sisyphus I 

Inn the Sisyphus I project [57] researchers from the Knowledge Engineering community were 
invitedd to build a system which could solve an office-assignment problem according to some 
givenn criteria. Goal of the project was to compare different approaches, employed by different 
researchers,, to a knowledge-intensive problem. The results, together with the original problem 
statement,, were published in 1994 [57]. We will analyze the problem here as an example of the 
applicationn of our ontology. 

Thee problem presented was to assign a number of researchers to offices, in such a way that 
certainn constraints and preferences were respected. The official Sisyphus problem statement can 
bee seen as consisting of two parts. The first part which provides the explicit domain knowledge 
concerningg researchers and offices. Second, constraints and preferences are given implicitly in the 
formm of a think-aloud protocol by an expert. In order to formulate the constraints and preferences 
onee has to interpret the protocol. The original problem statement, including the protocol can be 
foundd in appendix A. 

7.9.11 Explicit knowledge in the Sisyphus domain 

Inn the office assignment problem of Sisyphus I, researchers have to be assigned to offices. There 
aree 15 researchers and 10 offices. Offices are represented in a floor-plan, see figure 7.3. 

Thee offices to which researchers can be assigned to, are all on one floor. The grey coloured 
roomss C5-118, C5142, C5-144 and C5-143 (see floor-plan) are not available for the assignments 
off  employees. 

Thee offices C5-117, C5-119, C5-120, C5-121, C5-122, C5-123 are large offices and can host 
twoo researchers. The others are small offices which can host only a single researcher. A large 
officee can also be used to host one head of group. 

Researcherss have a number of features and there are relations between them. As an instance 
considerr the following representation of an employee, which was part of the original problem 
description: : 
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C5-123 3 C5-122 2 C5-121 1 C5-120 0 

C5142 2 
C5-144 4 

C5-143 3 

C5-114 4 C5-115 5 C5-116 6 C5-117 7 

Figuree 7.3 
Thee floor-plan of the office assignment problem. The grey coloured offices (C5-118. C5142, C5-144 and 
C5-143)) are on a different floor and cannot be used for assigning researchers. 

Namee Werner L. 
Role=Researcher r 
Project=RESPECT T 
Smoker=NO O 
Hacker=YES S 
Works-with== Angi W, Marc M. 

Similarr representations were given for all subjects in the problem. Note that the attribute-value 
representationn is a standard way of representing domain knowledge. In fact, the subjects can be 
modelledd as instances of an abstract data type. 

Inn the Sisyphus problem statement the resources (offices) have less attributes than the subjects. 
Apartt from their capacity (capable of hosting one or two persons), information about offices is 
givenn by the floor-plan. 

Thee employees are part of a hierarchical, organizational structure. In the original problem 
statementt all the persons fulfillin g the roles in this structure are mentioned by name. One person 
iss head of the group, there is one manager and there are two secretaries. There are three large 
projectss on which multiple persons work. In addition, there are two individual projects. There are 
threee heads of projects, but only one of these projects is mentioned in the problem statement. 

Apartt from the capacity of the rooms, there are no explicit constraints or preferences in the 
problemm statement. Instead, a think aloud protocol of a wizard solving the problem is given. The 
goall  of the Sisyphus project was to build a system which could mimic this line of reasoning. There-
foree the constraints and preferences should be extracted from the protocol. In fact this knowledge 
acquisitionn process is an important step in modelling the problem. We will give an analysis of the 
protocoll  here. 
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7.9.22 Implici t knowledge: constraints and preferences 

Thee wizard starts with the assignment of the head of the group to a large central office. The 
protocoll  states: "The head of group needs a central office, so that he/she is as close as possible to 
alll  the members of the group. This should be a large office." 

Att face value this can be interpreted as the description of a preference: "The head of group 
shouldd be placed as close as possible to all the other members of the group". However, it can 
alsoo be interpreted as a much simpler constraint: "The head of group should have a large central 
office." " 

Accordingg to the wizard the assignment of the head of group is performed first because it 
restrictss the possibilities of other assignments. However, it seems that the importance of the head 
off  group is not totally irrelevant, and one could argue that the wizard performs assignments in an 
orderr which mirrors the importance of the people in the organization. 

Wee interpret this statement in the protocol first as a constraint:"The head of group should have 
aa large central office." When this appears too strong an assumption, we can refine the constraint 
too a preference, containing more than two categories. As for now, we describe the constraint as 
havingg two categories. The first one contains the matchings in which the head of the group is given 
aa central office, the other one contains all other matchings. This is illustrated in the upper half (a) 
off  figure 7.4. The bottom half (b) shows a possible refinement into more than one category. The 
"all-other-matchings""  category should be interpreted as unacceptable. 

C5-117 7 
C5-119 9 

Alll  other 
matchings s 

(a) ) 

C5-117 7 
C5-119 9 

C5-120 0 

(b) ) 

Figuree 7.4 
Thee figure shows two interpretations of the preference that the head of group (HOG) should have a large office, (a) has 
twoo categories: the preferred, left one contains matchings assigning the HOG to C5-117 or C5-117. (b) is a possible 
refinementt of (a). After C5-117 and C5-119 the preferences for assigning the HOG are C5-120 and C5-121. 

Wee have interpreted the floor-plan in figure 1 in such a way that C5-117 and C5-119 are seen 
ass large central offices. Supporting this interpretation is the fact that the wizard assigns the head of 
thee group to C5-117. Looking at the floor-plan, C5-119 seems to be a reasonable alternative. We 
notee that this constraint is unary, and hence does not involve a dependency on other individuals. 

Next,, the secretaries are assigned a room close to the head of group and the wizard remarks: 
"Bothh secretaries should work together in one large office". We interpret this as the combination 
off  a constraint (together in a large office) and a preference (close to the head of group). 

Thee constraint which states that the secretaries should work together in a large office is binary. 
Theree is an interdependency between the two secretaries and one can express this constraint as 
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aa joint preference list. However, there only two categories: large offices and small offices. The 
smalll  offices are unacceptable. It would be more interesting if the secretaries would have joint, 
personall  preferences for an office. But this knowledge is not part of the problem statement. 

Thee preference that the secretaries should be closee to the head of the group (HOG), expresses 
aa dependency between the secretaries and the head of the group. This dependency could be a 
reasonn for assigning the secretaries an office, immediately after the head of group, but this is not 
mentionedd in the protocol. 

Thee minimal number of categories of this preference is two. The set of matchings is bi-
partitionedd into those which assign the secretaries next to the head of group, and those which do 
not.. In fact, this minimal interpretation will result in a correct assignment. Another, possibility is 
too refine this constraint and distinguish categories along a measure of distance relative to the two 
centrall  offices. 

Thee first two categories of such a refined preference are shown in figure 7.5. 

HOGinC5-1177 ->C5-119 
HOGinC5-119-»C5-117 7 
HOGinC5-119^C5-120 0 

HOGG in C5-119 ^ C5-121 
HOGG in C5-1 17 ^C5-120 etc. . 

Figuree 7.5 
Thee figure shows two categories regarding the assignment of the secretaries. Their joint assignment is dependent on the 
HOG.. as is shown by a conditional statement. So. when the HOG is assigned C5-117 the secretaries will be assigned 
C5-119etc. . 

Thee first, most preferred category contains the matching in which the HOG is assigned to C5-
1177 and the secretaries C5-119. Also part of this category are the two matchings, both in which 
thee HOG is assigned to C5-119 and the secretaries to C5-117, and C5-120. The second category 
cann be described as follows: if the HOG is in C5-119 then the secretaries go to C5-121 and if the 
HOGG is in C5-117 then they go to C5-120. 

Forr the sake of simplicity, figure 7.5 only shows the dependency of the secretaries to assign-
mentss of the HOG with regard to the previous preference. If we would treat this preference in 
isolationn we would have to take into account every possible assignment of the HOG. Now we have 
limitedd its assignments to just C-l 17 andC5-l 19. 

Thee next entry in the protocol assigns the manager an office. "She must have maximal access 
too the head of group and to the secretariat. (...) she should have a centrally located office. A 
smalll  office will do." Strictly speaking, this preference is dependent on both the assignments of 
thee head of group and the secretaries. The remark in the protocol "this is the earliest point where 
thiss decision can be taken" can be interpreted as referring to the dependency of the preference. 
Sincee the assignment of the manager is dependent on the assignments of the secretaries and head 
off  group, but not vice versa, it is highly recommended to assign the manager after them. 

However,, the same expression can be interpreted in a more simple way as "The manager 
shouldd have a small central office". There are only four small offices and a minimal interpretation 
wouldd be to accept only C5-116 and reject all others. 
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Next,, the three heads of large projects are assigned a small office. It is remarked that: "The 
headss of large projects should be close to the head of group and secretariat." Again, this preference 
iss dependent on the assignments of the head of group and the secretaries. The fact that the heads 
off  large projects are assigned after the manager could be an indication that, in case of conflict, the 
managerr should be closer to the head of group and secretaries than the heads of projects. This 
wouldd mean that the manager preference has a higher weight than the heads of projects preference 
inn the final ordering of solutions, as defined by the criterion. 

Theree is no preference for assigning the heads of projects individually. No personal prefer-
encess of any of them are given. They are assigned to C5-113, C5-114 and C5-115. 

Finally,, the last eight researchers are assigned in pairs to large rooms. It is remarked that "there 
aree really no criteria for the sequence of these twin-assignments". This is typical of a grouping 
strategy,, see section 7.3 and chapter 8. Individuals are no longer assigned to a room, but pairs 
aree assigned to large rooms. The order of individual assignments is therefore immaterial. The 
contributionn of Schreiber [80] is the only one which makes use of this strategy. 

Thee assignment of these researchers to the rooms still available, is a good example of a sub-
problem.. All other individuals already have been assigned an office and the assignment of the 
researcherss is not allowed to change them. Hence, there is no longer any dependency between 
thesee researchers and any other individual, and vice versa. 

Itt is remarked that smokers and non-smokers can not share a room ("the smoker/non-smoker 
conflictt is a severe one"). We interpret this as a constraint: all matchings assigning a smoker and 
non-smokerr to a room are unacceptable, all others are acceptable. 

Alsoo it is mentioned that researchers are not eligible for a single room. This is a simple unary 
constraintt which limits the domain of all researchers to large rooms. In addition, "members of the 
samee project should not share offices. Sharing with members of other projects enhances synergy 
(...)".. The enhancement of synergy is also given as a reason for putting together researchers with 
differentt types of work. But the information about the kind of work of researchers in the problem 
statementt is limited to a works-with relation and the name of a project. 

Thiss preference for enhancement of synergy can be represented as preferring minimal viola-
tionss of a state of "perfect synergy", see figure 7.6. Such a preference is a nice example of the use 
off  Partial Constraint Satisfaction [33]. One counts the number of violations of the ideal solution 
andd prefers the matching with the smallest number. 

Inn all large rooms 
twoo projects 

Inn all large rooms 
exceptt one 

twoo projects 

Inn all large rooms 
exceptt two 

twoo projects 

Figuree 7.6 
Thee left, most preferred, category contains those matchings in which all large rooms host researchers who work on 
differentt projects. The next preferred category contains matchings to which there is one exception to this. Matchings 
withh two exceptions are in the third category etc. 

Inn order to combine the preferences we can make use of the general combination function 
describedd in section 7.7. Numerical weights can be assigned to categories for preferences, each 
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weightt expressing the strength of objection. The combination function adds all weights for each 
matchingg and orders them. The least objected matchings are solutions. 

Inn this case some categories of preferences have precedence above categories of other ones. 
Forr example, the most preferred offices for the head of group are regarded as more important than 
thee most preferred offices for researchers. This should be reflected in the distribution of weights. 
Theree is no need to assign weights to categories of constraints. This is so, because one category 
iss (by definition) labelled unacceptable, therefore the interpretation of the matchings in the other 
categoryy is always the same. 

Forr the Sisyphus problem, there are several ways to assign weights. The problem with this 
examplee is that one should build a problem solving model based on one instance of solving a 
singlesingle problem configuration. This comes down to performing induction on the basis of a single 
example.. In the Sisyphus case this can lead to a very simple problem solving model. As we 
havee seen, one can safely interpret some preferences in a minimal way and represent them as 
constraints.. In fact, the solution produced by the wizard is an element of every most preferred 
categoryy of all the preferences. In this case there is no need to assign weights and an intersection 
off  all the first categories of the preferences will produce the solution. 

Inn general, one can state that the more categories the preferences have, the harder it is to 
comee up with a nice distribution of weights. For the problem presented here, one may choose to 
representt the preferences as having just a few categories and still come up with a working model. 

7.9.33 Genera] characteristics 

Somee general characteristics of the Sisyphus office assignment problem have been summarized in 
tablee 7.1. The problem is a one-sided, bi-partite assignment problem. The subjects and resources 
aree the employees and places in offices, respectively. There are several types of researchers, mainly 
basedbased on their role in the organizational structure. This structure can be pictured as a hierarchy. 

Thee order of the assignments by the wizard in the protocol, follows the organizational struc-
ture.. The top of the hierarchy (head of group) is assigned first, the bottom (common researchers) 
last.. It seems likely that preferences regarding the top of the organizational structure have prece-
dencee above those regarding lower personnel. But this is not explicitly formulated. 

Bothh subjects and resources have attributes. Those of the subjects are explicitly given, while 
thosee of the resources (offices) must be inferred from the floor-plan. The offices (small and large) 
formm a simple hierarchy. They have either a single or double capacity for holding subjects. How-
ever,, the capacity depends on the role of the subjects in the organizational structure. Higher placed 
personnell  should be given a large room for their own use. 

Tablee 7.1 only lists the smoker/non-smoker requirement as a constraint. As we have seen, other 
preferencess can be represented as a constraint too. However, we interpret the protocol in such a 
wayy that the smoker/non-smoker one is the only one that cannot be refined. Other preferences can 
bee relaxed when needed, this one cannot. 

Theree are dependencies in the preferences, as we have already discussed. The presence of a 
subproblemm (the assignment of 8 researchers to 4 large rooms) has also been treated above. 

Finally,, the criterion can be described in terms of the simile of objecting judges. In that case 
onee would prefer the least objected matching as a solution. This criterion may use numerical 
weights,, but as we have seen, this is not strictly necessary. Of course, other criteria and combina-
tionn functions are possible for this problem. 
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Property y 
Bipartite: : 
One-sided: : 
Subjects: : 
Resources: : 
Typess of subjects: 
Hierarchyy in subject types: 
Attributess of subjects: 
Attributess of resources: 
Typess of resources: 
Hierarchyy in resource types: 
Capacityy of resource types: 
Constraints: : 
Preferences: : 
Personall  preferences of subjects: 
Dependenciess in preferences: 
Subproblem: : 
Criterion: : 
Combinationn function: 

Value e 
yes s 
yes s 
researchers s 
placess in rooms. 
researcher,, head of group, head of staff, secretary. 
yes. . 
name,, role, project, smoker, hacker, works-with. 
locationn on floor. 
offices,, small offices, large offices. 
yes. . 
dependentt on type of subject and resource. 
smoker/non-smoker r 
centrall  offices, synergy, putting different projects together. 
none. . 
onee binary, two trinary (see text). 
groupingg (see text). 
Leastt objected solution . 
Assignedd numerical weights to categories 

Tablee 7.1 
Somee general characteristics of the Sisyphus office assignment problem. 

Inspectingg the protocol, the wizard solving the problem, does not backtrack. One could see 
thiss as an indication that the problem is not as difficult as is claimed in the problem description 
[66],, which states that the wizard is the only one who ever managed to solve the problem. 

Anotherr dubious claim in the problem description is the statement that all employees "have 
theirr personal preferences (...) that had better be observed" [57]. However, as we have seen, 
preferencess are entirely based on the organizational role of the employees, not on any personal 
wish,, as is used in SMPs. Inspecting the preferences it seems unlikely that any of them would 
changee with another set of employees, provided the organizational structure and type hierarchy is 
preserved. . 

Inn this way elements from the ontology presented above can be used to analyze an assignment 
problem.. It provides a way of structuring and representing a problem description and although 
wee have not presented problem solving methods, solving the Sisyphus problem has become quite 
easy. . 

7.100 Discussion 

Inn this chapter we have presented an ontology for assignment problems that can be used to structure 
problemm descriptions of knowledge intensive assignment problems. The ontology provides insight 
regardingg the nature of assignment problems and in what respects they can differ. 

Wee have tried to capture the notions used in the description of CSPs and related problems, as 
welll  as in those used in SMPs and their variants. Central to the ontology is the idea of preference 
ass an ordering of matchings. We have generalized this idea of Brewka et al. to characterize 
preferencee lists, and the use of categories. 

Thee notion of preferential orderings does not apply to assignment problems only. In fact, many 
knowledgee intensive problems make use of preferential reasoning. Preferences occur explicitly in 
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thee knowledge representation of tasks like scheduling and design. From a formal point of view 
manyy types of non-monotonic reasoning can be seen as a form of preferential entailment, [86]. 
Therefore,, some of the things claimed here, especially those regarding weak and strict orders, 
couldd be used in other problem types as well. 

Wee did not discuss Problem Solving Methods (PSMs) for any of the problems treated here. A 
naturall  next step would be to classify known PSMs in accordance with our ontology. In this way, 
aa task ontology can be used to organize and compare methods which can be used within the range 
off  the given problem type. 

Ass an illustration of how the ontology can be used to get some grip on a problem which 
shouldd qualify as a knowledge intensive assignment problem, we have analyzed the Sisyphus 
II  experiment. The use of the ontology certainly differs from the contributions to the Sisyphus 
experimentt [57]. One of the main differences is that we started to give a formal interpretation of 
thee notions involved in the ontology. 

Wee do not claim that the ontology presented here is complete, and covers all variations of 
assignmentt problems. The ontology provides a clear analysis of assignment problems as identified 
byy Puppe [71]. A next step would be the inclusion of an ontology of methods for assignment 
problemm solving. 


