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Abstract: Qualitative conditionals of the form If A then normally B can be viewed
as default rules, and they require a semantical treatment going beyond the models
used in classical logic. Ranking functions assigning degrees of plausibility to each
possible world have been proposed as an appropriate semantic formalism. In this
paper, we discuss the computation of c-representations corresponding to particular
ranking functions for a setR of qualitative conditionals. As a challenge for constraint
programming, we formulate a constraint satisfaction problem CR(R) as a declarative
specification of all c-representations for R, and we argue that employing constraint
programming techniques will be advantageous for computing all minimal solutions of
CR(R).

1 Introduction

Knowledge in every-day life, in many scientific and technical disciplines, in textbooks,
or in knowledge-based systems is very often expressed in the form of if-then rules like
If A then (normally) B. Such a conditional expresses that there is a plausible relationship
between A and B, i.e. if A is the case then it is plausible to assume that also B is the case.
To give a concrete example, let A stand for The car does not start and let B stand for The
battery is flat. If we observe that the car does not start, it is plausible to assume that the
battery is flat.

However, assigning a truth value to If the car does not start then normally the battery is
flat, is not obvious at all; indeed such a truth value does not make sense for instance in
cases where the car does start. Instead, we say that a rational agent accepts the conditional
If the car does not start then normally the battery is flat, if the agent deems a world where
“The car does not start and the battery is flat” is true less suprising than a world where
“The car does not start and the battery is not flat” is true. Note that this is fundamentally
different from saying that from the car does not start it necessarily follows that the battery
is flat, since the agent’s belief about possible worlds still allows for exceptions, i.e. for a
possible world where “The car does not start and the battery is not flat” is true.

In this paper, we deal with semantical approaches for conditionals that can be viewed
as default rules as illustrated above. These approaches employ so-called ranking func-
tions that order possible worlds according to their degree of surprise or their degree of
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plausibility resp. implausibility (cf. [Spo88, GMP93, GP96]). In [KI01, KI02] a criterion
when a ranking function respects the conditional structure of a set R of conditionals is
defined, leading to the notion of c-representation for R, and it is argued that ranking func-
tions defined by c-representations are of particular interest for model-based inference. In
[BKIK08] a system that computes a c-representation for any such R that is consistent is
described, but this c-representation may not be minimal. While the problem of finding a
minimal ranking function for R involves an exponential search space, [Bou99] presents
an algorithm for computing a minimal ranking function, but this algorithm fails to find all
minimal ranking functions if there is more than one minimal one. In [Mül04] an extension
of that algorithm being able to compute all minimal c-representations for R is presented.
The algorithm developed in [Mül04] uses a non-declarative approach and is implemented
in an imperative programming language.

The aim of the present paper is three-fold: First, we will present the problem of specifying
all c-representations for R and formalize it explicitly as a high-level, problem-oriented
constraint satisfaction problem CR(R). Second, since solving CR(R) efficiently and
finding all its minimal solutions is still a difficult task, we present CR(R) as a challenge
for constraint programming. Finally, we argue that using a declarative approach based
on constraint programming will be advantageous with respect to the flexibility of adding
or modifying constraints, e.g. in order to further reduce the number of minimal solutions
which is a topic of ongoing research.

This paper is organized as follows: In Section 2, we recall the formal background of con-
ditional logics as it is given in [BKI08] and as far as it is needed here. In Section 3,
we present an illustrative example for a conditional knowledge base and for what can be
inferred from it. In Section 4, the notion of c-representation [KI02] for a set R of condi-
tionals is given, and the constraint satisfaction problem CR(R) whose solution set denotes
all c-representations for R is defined and illustrated in Section 5. Section 6 concludes the
paper and points out further work.

2 Background

We start with a propositional language L, generated by a finite set Σ of atoms a, b, c, . . ..
The formulas of L will be denoted by uppercase Roman letters A, B,C, . . .. For concise-
ness of notation, we will omit the logical and-connective, writing AB instead of A ∧ B,
and overlining formulas will indicate negation, i.e. A means ¬A. Let Ω denote the set of
possible worlds over L; Ω will be taken here simply as the set of all propositional interpre-
tations over L and can be identified with the set of all complete conjunctions over Σ. For
ω ∈ Ω, ω |= A means that the propositional formula A ∈ L holds in the possible world ω.

By introducing a new binary operator |, we obtain the set

(L | L) = {(B|A) | A, B ∈ L}

of conditionals over L. (B|A) formalizes “if A then (normally) B” and establishes a plau-
sible, probable, possible etc connection between the antecedent A and the consequence B.
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Here, conditionals are supposed not to be nested, that is, antecedent and consequent of a
conditional will be propositional formulas.

A conditional (B|A) is an object of a three-valued nature, partitioning the set of worlds
Ω in three parts: those worlds satisfying AB, thus verifying the conditional, those worlds
satisfying AB, thus falsifying the conditional, and those worlds not fulfilling the premise
A and so which the conditional may not be applied to at all. This allows us to represent
(B|A) as a generalized indicator function going back to [DeF74] (where u stands for
unknown or indeterminate):

(B|A)(ω) =


1 if ω |= AB
0 if ω |= AB
u if ω |= A

To give appropriate semantics to conditionals, they are usually considered within richer
structures such as epistemic states. Besides certain (logical) knowledge, epistemic states
also allow the representation of preferences, beliefs, assumptions of an intelligent agent.
Basically, an epistemic state allows one to compare formulas or worlds with respect to
plausibility, possibility, necessity, probability, etc.

Well-known qualitative, ordinal approaches to represent epistemic states are Spohn’s ordi-
nal conditional functions, OCFs, (also called ranking functions) [Spo88], and possibility
distributions [BDP92], assigning degrees of plausibility, or of possibility, respectively, to
formulas and possible worlds. In such qualitative frameworks, a conditional (B|A) is valid
(or accepted), if its confirmation, AB, is more plausible, possible, etc. than its refutation,
AB; a suitable degree of acceptance is calculated from the degrees associated with AB
and AB.

In this paper, we consider Spohn’s OCFs [Spo88]. An OCF is a function

κ : Ω → N

expressing degrees of plausibility of propositional formulas where a higher degree denotes
“less plausible” or “more suprising”. At least one world must be regarded as being normal;
therefore, κ(ω) = 0 for at least one ω ∈ Ω. Each such ranking function can be taken as
the representation of a full epistemic state of an agent. Each such κ uniquely extends to a
function (also denoted by κ) mapping sentences and rules to N ∪ {∞} and being defined
by

κ(A) =

{
min{κ(ω) | ω |= A} if A is satisfiable
∞ otherwise

(1)

for sentences A ∈ L and by

κ((B|A)) =

{
κ(AB)− κ(A) if κ(A) 6= ∞
∞ otherwise

(2)

for conditionals (B|A) ∈ (L | L). Note that κ((B|A)) > 0 since any ω satisfying AB
also satisfies A and therefore

κ(A) = min
ω|=A

κ(ω) 6 min
ω|=AB

κ(ω) = κ(AB),
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ensuring that κ(AB)− κ(A) > 0.

The belief of an agent being in epistemic state κ with respect to a default rule (B|A) is
determined by the satisfaction relation |=O defined by:

κ |=O (B|A) iff κ(AB) < κ(AB) (3)

Thus, (B|A) is believed in κ iff the rank of AB (verifying the unquantified conditional) is
strictly smaller than the rank of AB (falsifying the unquantified conditional). We say that
κ accepts the conditional (B|A) iff κ |=O (B|A).

3 Example

We will illustrate the concepts presented in the previous section with a simple example.
Suppose we want to formalize the following default rules:

• Sea animals have gills.

• Sea animals are not mammals.

• Dolphins are sea animals.

• Dolphins are mammals.

Example 1 Using the propositional variables {s, g, m, d} for sea animal, gills, mammal,
and dolphin we get the knowledge base R = {R1, . . . , R4} with

R1: (g|s)
R2: (m|s)
R3: (s|d)
R4: (m|d)

Figure 1 shows a ranking function κ that accepts all conditional given in R (this ranking
function has been computed using the CONDOR@AsmL system [BKIK08]). Thus, for any
i ∈ {1, 2, 3, 4} it holds that κ |=O Ri.

For the conditional (g|d) that is not contained in R, we get κ(dg) = 1 and κ(dg) = 2 and
therefore κ |=O (g|d).

On the other hand, for the conditional (d|s) that is also not contained inR, we get κ(sd) =
1 and κ(sd) = 0 and therefore κ /|=O (d|s) so that the conditional (d|s) is not accepted by
κ.
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ω κ(ω)

s g m d 1
s g m d 1
s g m d 2
s g m d 0
s g md 2
s g md 2
s g m d 3
s g m d 1
s g m d 2
s g m d 0
s g m d 4
s g m d 0
s g md 2
s g md 0
s g m d 4
s g m d 0

Figure 1: Ranking function κ accepting the rule setR given in Example 1

4 C-Representations and Ranking Functions

Given a set R = {R1, . . . , Rn} of conditionals, a ranking function κ that accepts every
Ri repesents an epistemic state of an agent acceptingR. If there is no κ that accepts every
Ri then R is inconsistent. For the rest of this paper we assume that R is consistent.

For any consistent R there may be many different κ accepting R, each representing a
complete set of beliefs with respect to every possible formula A and every conditional
(B|A). Thus, every such κ inductively completes the knowledge given by R, and it is a
vital question whether some κ′ is to be preferred to some other κ′′, or whether there is a
unique “best” κ. Different ways of determining a ranking function are given by system Z
[GMP93, GP96] or its more sophistictaed extension system Z∗ [GMP93], see also [BP99];
for an approach using rational world rankings see [Wey98].

For quantitative knowledge bases of the form Rx = {(B1|A1)[x1], . . . , (Bn|An)[xn]}
with probability values xi and with models being probability distributions P satisfying a
probabilistic conditional (Bi|Ai)[xi] iff P (Bi|Ai) = xi, a unique model can be choosen
by employing the principle of maximum entropy [Par94, PV97, KI98]; the maximum en-
tropy model is a best model in the sense that it is the most unbiased one among all models
satisfying Rx.

Using the maximum entropy idea, in [KI02] a generalization of system Z∗ is suggested.
Based on an algebraic treatment of conditionals, the notion of conditional indifference of
κ with respect to R is defined and the following criterion for conditional indifference is
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given: An OCF κ is indifferent with respect to

R = {(B1|A1), . . . , (Bn|An)}

iff
κ(Ai) < ∞

for all i ∈ {1, . . . , n} and there are rational numbers κ0, κ
+
i , κ−i ∈ Q, 1 6 i 6 n, such

that for all ω ∈ Ω,
κ(ω) = κ0 +

∑
16i6n

ω|=AiBi

κ+
i +

∑
16i6n

ω|=AiBi

κ−i . (4)

Note that although κ0, κ
+
i , κ−i may be rational numbers, the world rankings κ(ω) are still

assumed to be natural numbers. Thus finding a κ that is indifferent with respect to R
amounts to choosing κ0, κ

+
i , κ−i such that the constraints given by (4) are satisfied. When

starting with an epistemic state of complete ignorance (i.e., each world ω has rank 0), for
each rule (Bi|Ai) the values κ+

i , κ−i determine how the rank of each satisfying world and
of each falsifying world, respectively, should be changed. κ0 is a normalization constant
ensuring that there is smallest world rank 0.

While (4) allows for multiple ways of adjusting a world rank, [KI02] points out two ways
to simplify the form of κ. Employing the postulate that the ranks of a satisfying world
should not be changed yields the constraints

κ+
i = 0, (5)

and requiring that changing the rank of a falsifying world may not result in an increase of
the world’s plausibility yields the constraints

κ−i > 0 (6)

for all i ∈ {1, . . . , n}. Requiring that κ accepts R can be expressed by the constraints

κ(AiBi) < κ(AiBi) (7)

again for all i ∈ {1, . . . , n}. Note that (7) necessarily implies κ(Ai) < ∞.

Furthermore, under conditions (5) and (6), we have that

κ0 = 0 (8)

since R is assumed to be consistent [KI02].

Whereas in general, c-representations do not require non-negative values for κ−i and trivial
zero-values for κ+

i as in (5) and (6), for the rest of this paper we will be interested only in
special c-representations arising from these restrictions (cf. [KI02]) and that we will just
also call c-representation.

Definition 2 Let R = {(B1|A1), . . . , (Bn|An)}. Any ranking function κ satisfying (4),
(5), (6), (7), and (8) is called a (special) c-representation of R.

Thus, finding a c-representation for R now amounts to choosing appropriate values κ−1 ,
. . . , κ−n .
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5 The Constraint Satisfaction Problem CR(R)

For any set R of conditionals, we will now explicitly formulate the constraint satisfaction
problem CR(R) whose solutions are vectors of the form (κ−1 , . . . , κ−n ) determining c-
representations of R.

Note that using (1), the constraint (7) is equivalent to

min
ω|=AiBi

κ(ω)− min
ω|=AiBi

κ(ω) > 0 (9)

when setting min(∅) = ∞. We can now substitute the expression given for κ(ω) in (4)
into (9); doing so and rearranging and simplyfing expressions (see [KI02, KI01] for details)
transforms (9) into the constraint

κ−i > min
ω|=AiBi

∑
j 6=i

ω|=AjBj

κ−j − min
ω|=AiBi

∑
j 6=i

ω|=AjBj

κ−j (10)

for any i ∈ {1, . . . , n}. Furthermore, using (5) and (8), we can simplify (4) by eliminating
κ0 and the sum over the κ+

i , yielding:

κ(ω) =
∑

16i6n

ω|=AiBi

κ−i (11)

In the following, we will consider only solutions with κ−i being natural numbers (and not
just rational numbers).

Definition 3 [CR(R)] Let R = {(B1|A1), . . . , (Bn|An)}. The constraint satisfaction
problem for c-representations ofR, denoted by CR(R), is given by the conjunction of the
constraints (6) and (10) for all i ∈ {1, . . . , n}.

A solution of CR(R) is an n-tupel

(κ−1 , . . . , κ−n )

of natural numbers, and with SolCR(R) we denote the set of all solutions of CR(R).

Proposition 4 For R = {(B1|A1), . . . , (Bn|An)} let (κ−1 , . . . , κ−n ) ∈ SolCR(R). Then
the function κ defined by (11) accepts R.

All c-representations built from (10) and (11) provide an excellent basis for model-based
inference [KI02, KI01]. However, from the point of view of minimal specificity (see e.g.
[BDP92]), those c-representations with minimal κ−i yielding minimal degrees of implau-
sibility are most interesting.

We can define an obvious partial order on SolCR(R) by defining

(κ′−1 , . . . , κ′
−
n ) ¹ (κ−1 , . . . , κ−n )
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iff κ′
−
i 6 κ−i for i ∈ {1, . . . , n}. With ≺ we denote the irreflexive component of ¹.

Obviously, for any (κ−1 , . . . , κ−n ) ∈ SolCR(R) there are infinitely many (κ′−1 , . . . , κ′
−
n ) ∈

SolCR(R) with (κ−1 , . . . , κ−n ) ¹ (κ′−1 , . . . , κ′
−
n ), e.g. by increasing the ranks of all al-

ready most implausible worlds by some fixed amount. As we are interested in minimal
κ−i -vectors, an important question is whether there is always a unique minimal solution.
This is not the case; the following example that is also discussed in [Mül04] illustrates that
SolCR(R) may have more than one minimal element.

Example 5 Let Rbirds = {R1, R2, R3} be the following set of conditionals:

R1 : (f |b) birds fly
R2 : (a|b) birds are animals
R3 : (a|fb) flying birds are animals

From (10) we get
κ−1 > 0
κ−2 > 0−min{κ−1 , κ−3 }
κ−3 > 0− κ−2

and since κ−i > 0 according to (6), the two vectors

sol1 = (κ−1 , κ−2 , κ−3 ) = (1, 1, 0)
sol2 = (κ−1 , κ−2 , κ−3 ) = (1, 0, 1)

are two different solutions of CR(Rbirds) that are minimal in SolCR(Rbirds) with respect
to ¹.

6 Conclusions and Further Work

Whereas in a probabilistic framework, the maximum entropy principle determines a unique
model, there may be different minimal or “best” ranking functions for a set of qualitative
rules R. In general, finding a minimal ranking function involves an exponential search
space since already the set Ω of all worlds is exponential in the number of propositional
variables.

In [Bou99] an algorithm is given that computes a minimal OCF if such an OCF exists,
but it is not able to find all minimal solutions if there are multiple minimal solutions. In
[Mül04], an algorithm is developed returning all minimal c-representations; this algorithm
is implemented in the object-oriented programming language C#.

As demonstrated above, the set of all c-representations for R correspond to the solutions
of the constraint satisfaction problem CR(R), where CR(R) is a direct and declarative
specification of the solution space. Thus, instead of using an imperative programming
language approach as in [Mül04], it seems an obvious and natural choice to use constraint
programming techniques for solving CR(R), taking into account the additional constraint
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that the solutions of interest are the minimal solutions in SolCR(R). Due to the problem’s
complexity, the efficient solving of CR(R) poses a challenge for constraint programming.

By using declarative constraint programming techniques, we additionally expect advan-
tages with respect to modifications of the set of constraints. For instance, one might want
to use an ordering of the solution space that is different from the component-wise ordering
¹ employed above in Section 4. Furthermore, it is an open problem how to strengthen
the constraints defining a c-representation so that a unique solution is guaranteed to ex-
ist. In both cases, the declarative nature of constraint programming might allow for an
easy modification of a solution finding method taking into account a modified constraint
system.

References

[BDP92] S. Benferhat, D. Dubois, and H. Prade. Representing default rules in possibilistic logic.
In Proceedings 3th International Conference on Principles of Knowledge Representation
and Reasoning KR’92, pages 673–684, 1992.

[BKI08] C. Beierle and G. Kern-Isberner. A Verified AsmL Implementation of Belief Revision.
In E. Börger, M. Butler, J. P. Bowen, and P. Boca, editors, Abstract State Machines,
B and Z, First International Conference, ABZ 2008, London, UK, September 16-18,
2008. Proceedings, volume 5238 of Lecture Notes in Computer Science, pages 98–111.
Springer, 2008.

[BKIK08] C. Beierle, G. Kern-Isberner, and N. Koch. A High-Level Implementation of a System
for Automated Reasoning with Default Rules (System Description). In A. Armando,
P. Baumgartner, and G. Dowek, editors, Proc. of the 4th International Joint Conference
on Automated Reasoning (IJCAR-2008), volume 5195 of Lecture Notes in Computer
Science, pages 147–153. Springer, 2008.

[Bou99] R. A. Bourne. Default reasoning using maximum entropy and variable strength defaults.
PhD thesis, Univ. of London, 1999.

[BP99] R.A. Bourne and S. Parsons. Maximum entropy and variable strength defaults. In Pro-
ceedings Sixteenth International Joint Conference on Artificial Intelligence, IJCAI’99,
pages 50–55, 1999.

[DeF74] B. DeFinetti. Theory of Probability, volume 1,2. John Wiley & Sons, 1974.

[GMP93] M. Goldszmidt, P. Morris, and J. Pearl. A maximum entropy approach to nonmonotonic
reasoning. IEEE Transactions on Pattern Analysis and Machine Intelligence, 15(3):220–
232, 1993.

[GP96] M. Goldszmidt and J. Pearl. Qualitative probabilities for default reasoning, belief revi-
sion, and causal modeling. Artificial Intelligence, 84:57–112, 1996.

[KI98] G. Kern-Isberner. Characterizing the principle of minimum cross-entropy within a
conditional-logical framework. Artificial Intelligence, 98:169–208, 1998.

[KI01] G. Kern-Isberner. Conditionals in nonmonotonic reasoning and belief revision. Springer,
Lecture Notes in Artificial Intelligence LNAI 2087, 2001.

INFORMATIK 2011 - Informatik schafft Communities 
41. Jahrestagung der Gesellschaft für Informatik , 4.-7.10.2011, Berlin

www.informatik2011.de 

erschienen im Tagungsband der INFORMATIK 2011 
Lecture Notes in Informatics, Band P192 
ISBN 978-3-88579-286-4

weitere Artikel online: 
http://informatik2011.de/519.html 



[KI02] G. Kern-Isberner. Handling conditionals adequately in uncertain reasoning and belief
revision. Journal of Applied Non-Classical Logics, 12(2):215–237, 2002.

[Mül04] C. Müller. Implementierung von Default-Regeln durch optimale konditionale Rangfunk-
tionen. Abschlussarbeit Bachelor of Science in Informatik, FernUniversität in Hagen,
2004.

[Par94] J.B. Paris. The uncertain reasoner’s companion – A mathematical perspective. Cam-
bridge University Press, 1994.

[PV97] J.B. Paris and A. Vencovska. In defence of the maximum entropy inference process.
International Journal of Approximate Reasoning, 17(1):77–103, 1997.

[Spo88] W. Spohn. Ordinal conditional functions: a dynamic theory of epistemic states. In W.L.
Harper and B. Skyrms, editors, Causation in Decision, Belief Change, and Statistics, II,
pages 105–134. Kluwer Academic Publishers, 1988.

[Wey98] E. Weydert. System JZ - How to build a canonical ranking model of a default knowledge
base. In Proceedings KR’98. Morgan Kaufmann, 1998.

INFORMATIK 2011 - Informatik schafft Communities 
41. Jahrestagung der Gesellschaft für Informatik , 4.-7.10.2011, Berlin

www.informatik2011.de 

erschienen im Tagungsband der INFORMATIK 2011 
Lecture Notes in Informatics, Band P192 
ISBN 978-3-88579-286-4

weitere Artikel online: 
http://informatik2011.de/519.html 




