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Abstract
A key problem in case-based reasoning is
the representation, organization and maintenance of case libraries. While current approaches rely on heuristic and psychologically inspired formalisms, terminological logics
have emerged as a powerful representation
formalism with clearly de ned formal semantics.
This paper demonstrates how the indexing
of case libraries can be grounded on terminological logics by using them as a kind of
query language to the case library. Indices of
cases are represented as concepts in a terminological logic. They are automatically constructed from the symbolic representation of
cases with the help of a well-de ned abstraction process. The retrieval of cases from the
library is grounded on concept classi cation.
The theoretical approach provides the formal foundation for the fully implemented
case-based planning system MRL. The use
of terminological logics allows formal proof
of properties like the correctness, completeness and eciency of the retrieval algorithm,
which has rarely been done for existing casebased reasoning systems.

1 INTRODUCTION
Reasoning from second principles has emerged as a
new research paradigm in problem solving. Instead
of searching a solution by reasoning from scratch, this
method bases the entire problem-solving process on
the reuse and modi cation of previous solutions.
This paper has been published in the Proceedings of
the 4th International Conference on Principles of Knowledge Representation and Reasoning, pages 351{362, Ed.
by J. Doyle, and E. Sandewall, and P. Torasso, Morgan
Kaufmann, San Francisco 1994.


Current approaches are within the eld of case-based
reasoning which is de ned as a general paradigm for

reasoning from experience [Slade, 1989]. Approaches
to case-based reasoning rely mainly on psychological
theories of human cognition and have led to a wide
variety of proposals for the representation, indexing
and organization of case libraries, cf. [CBR-91, 1991;
CBR-93, 1993].
Case-based systems reason by approximation and similarity. In order to solve a new case by reusing an existing one from a case library, several reasoning tasks
have to be addressed: First, an index is derived from
the new case by extracting those of its features that
are abstract enough to make a case useful in a variety
of situations as well as concrete enough to be easily
recognizable in future situations. In most approaches,
the index vocabulary is a subset of the vocabulary used
for the symbolic representation of cases, cf. [Kolodner,
1993].
The index of the new case is used as a search key on
which the retrieval of applicable old cases is based.
The aim of retrieval is to determine \good cases" eciently in the library|those that make relevant predictions about the current case. Besides the need for an
ecient search strategy, the retrieval problem implies
the matching problem, which is a serious bottleneck for
case-based reasoners, cf.[Kolodner, 1993; Slade, 1989;
Riesbeck and Schank, 1989]. As we cannot expect
that features of di erent cases coincide completely, socalled partial matches have to be computed and cases
with best-matching indices have to be retrieved. Finally, the set of retrieved cases is ordered according to
ranking heuristics and the \best" case is determined.
Research in case-based reasoning proposes various solutions to the problems of retrieval, indexing and
matching. A common characteristic of these solutions
is that they are described in an informal way. This
makes it dicult to compare the various approaches,
to prove their formal properties and to extend them
to other applications.
Nevertheless, practice imposes the following require-

ments on case-based reasoners:

 The behavior of a system should be predictable.

It should be possible to verify whether the system
implements the intended behavior correctly.
 The derivation of indexes should be done automatic instead of \hand-coded", which is still usual
in many approaches.
 The retrieval algorithm should nd a solution to a
new case, if this solution exists in the case library.
 If no direct solution can be determined, the retrieval algorithm should determine the case that
best meets the search criterion.

Consequently, this implies the need for case-based reasoning systems with formal semantics. The retrieval
algorithm should have the following formal properties:

 Correctness: The retrieved case is guaranteed

to meet the search criterion.
 Completeness: Retrieval of existing solutions to
new cases from the case library is ensured.
 Complexity: The retrieval algorithm is proved
to be ecient, i.e. it runs in polynomial time.

A case-based reasoning system with these properties
can be expected to meet the challenge of scaling-up:
The system's behavior remains predictable, sound and
ecient even when it is applied to large-scale realworld problems. Surprisingly, it turns out that problems like the correctness and completeness of the retrieval algorithm have not been widely discussed in the
literature on case-based reasoning.
The work described in this paper is motivated by research in case-based planning. The reuse and modication of plans is a valuable tool for improving the
eciency of planning, because it avoids the repetition
of planning e ort. Therefore, plans that have been
obtained as solutions for planning problems are stored
in plan libraries for further use. The retrieval of a
good plan from a plan library is identi ed as being
a serious bottleneck for plan reuse systems in [Nebel
and Koehler, 1993a; Nebel and Koehler, 1993b]. Consequently, ecient and theoretically well-founded retrieval and update procedures for plan libraries have
to be developed.
The approach presented in this paper suggests the integration of terminological logics into a hybrid representation formalism for case-based reasoning. Retrieval from and updating of case libraries are grounded on a clearly de ned formalism with proper semantics. Their behavior becomes predictable and formal
properties like the completeness and soundness of the
retrieval algorithm can be proved.

2 THE SOLUTION
While case-based reasoning aims at developing a scienti c model of human memory, research in knowledge
representation and reasoning has led to concept languages of the KL-ONE family [Brachman, 1978], also called terminological logics. Terminological logics
support a structured representation of abstract knowledge. In contrast to earlier representation formalisms,
terminological logics possess formal semantics. The
Tarski style declarative semantics leads them to be
considered as sublanguages of predicate logic [Brachmann and Levesque, 1984]. With that, the meaning of expressions within the formalism is clearly dened and it is possible to verify whether or not the
knowledge-representation system correctly implements
the intended behavior. Furthermore, terminological
logics provide special-purpose inference algorithms like
subsumption and classi cation. These properties of
terminological logics clearly suggest their use in casebased reasoning.

2.1 FORMALIZING CASE-BASED
REASONING
A case represented in a case library consists of three
major parts, cf. [Kolodner, 1993]:

 initial situation: A state description, pre, speci-

fying the preconditions, on which the solution represented in the case relies.
 resulting situation: The goal state, goal, that
is achieved when the solution is carried out.
 solution: A solution S that solves the problem
speci cation of the case C = hpre; goali.
Case-based reasoning starts with a new case in the
form of a problem speci cation
Cnew = hprenew ; goalnew i
for which a solution has to be found in the case library.
 Given: a new case Cnew
 Wanted: a solution Sold from the case library
To nd this solution, a search key is derived from the
problem speci cation, which has to re ect the main
properties of the problem. Usually, the search is done
in the state space rather than the solution space. This
means, instead of searching the case library directly
for solutions, it is searched for similar problem speci cations. This is justi ed by the following observation:
the solution Sold is the result of a previous problemsolving process, i.e. it solves an old case Cold in the
sense that
Sold j= Cold

This means, a solution which is applied in an initial
situation satisfying pre achieves a resulting situation
satisfying goal. This suggests a search of the case library for previous problem speci cations, i.e. old cases,
which entail the problem speci cation of the new case
in the sense that each solution for Cold is a solution
for Cnew:
Cold j= Cnew
If this relationship between Cold and Cnew holds, then
the new case has been shown to be an instance of a
case from the library. This implies that solving Cold is
sucient for solving Cnew . Consequently, the solution
Sold stored in Cold will solve Cnew .

2.2 REASONING BY APPROXIMATION
Searching a case library according to the j= relation-

ship is obviously too restrictive. Such a search algorithm would only retrieve solutions from the case library. But obviously, a \good" case is one that can be
easily adapted to obtain the desired solution. Furthermore, the retrieval process is based on an index that
is obtained from Cnew instead of directly taking the
speci cation of Cnew . Therefore, an index of a case
is computed with the help of an encoding scheme !
mapping the case
Cnew = hprenew ; goalnew i
to its index
!(Cnew ) = h!(prenew ); !(goalnew )i
The encoding scheme formalizes an abstraction process: A detailed speci cation of a particular case is
mapped to an abstract index re ecting the main features of that case. The degree of abstraction is determined by the particular encoding scheme, which is
used in the case-based reasoning system. This means
that di erent encoding schemes can de ne di erent degrees of abstraction in a case-based reasoning system.
The encoding scheme ! has to possess the following
formal property:
If Cold ! Cnew then !(Cold ) ! !(Cnew )
This theorem gives a monotonicity property of !. An
existing subset relationship between the models of the
cases Cold and Cnew is preserved as a subset relationship between the models of the indices !(Cold ) and
!(Cnew ).
If MCold  MCnew then M!(Cold )  M!(Cnew )
This monotonicity property of the encoding scheme ensures that an existing solution can be found by searching the case library along the j= dimension between indices. Note that the inverse of the monotonicity property does not hold in general. A case retrieved from

the library, the index of which entails the new index,
will not, with certainty, provide a solution to the new
case. This re ects reasoning by approximation. The
retrieval algorithm approximates the j= relationship
between the cases when it compares the indices of the
cases. Thereby, it extends the solution set computed
by the retrieval algorithm.
The de nition of a particular encoding scheme depends
on three factors:
 the representation formalism for the cases,
 the representation formalism for the indices,
 the application domain.
In Section 3, we illustrate the de nition of an encoding scheme for a case-based planning system. The
representation formalism for the cases is a temporal
planning logic. The representation formalism for the
indices is a terminological logic. The application domain comprises planning tasks arising in a subset of
the UNIX operating system.

2.3 REASONING BY SIMILARITY
The second aspect of case-based reasoning is reasoning
by similarity. Case-based systems compute the simi-

larity of cases by comparing the placement of the cases
in the abstraction hierarchy or by computing their distance on a qualitative or quantitative scale, cf. [Kolodner, 1993]. A formalization of the notion of similarity
is beyond the scope of this paper. Nevertheless, the
encoding scheme allows to de ne when a case is more
speci c than another one:
De nition 1 A case C1 is de ned as being more speci c than a case C2, if !(C1 ) j= !(C2 ) holds for their
indices.

Remember, that a case contains three major parts: its
initial situation, its resulting situation and the solution. The entailment relation between cases can therefore be reduced to relations between initial and resulting situations. A case is an instance of a stored case
if
 the new initial situation entails the old initial situation prenew j= preold , i.e. the solution Sold is
applicable to the new initial situation,
 the old resulting situation entails the new resulting situation goalold j= goalnew , i.e. Sold solves at
least the new problem.
Furthermore, each index !(C) = h!(pre); !(goal)i
comprises two components, namely the encoding of the
initial situation, pre, and the encoding of the resulting
situation goal. Obviously, testing !(Cold ) j= !(Cnew )
can be reduced to computing relations between the
encodings of both situations:

!(prenew ) j= !(preold ) and !(goalold ) j= !(goalnew )
Strong and weak retrieval algorithms can thus be
de ned. A strong retrieval algorithm determines
reusable cases by testing
!(prenew ) j= !(preold ) and !(goalold ) j= !(goalnew )
This guarantees that existing solutions can be found
in the case library. Furthermore, more speci c cases
are retrieved according to de nition 1.
If strong retrieval fails to nd a more speci c case, the
search criterion is replaced by a weaker one: A weak
retrieval algorithm can test
!(prenew ) j= !(preold ) or !(goalold ) j= !(goalnew )
Thus, we can ground the retrieval of cases on di erent
well-de ned relations between indices that possess formal semantics. This overcomes the problem of de ning
partial matches between cases, the semantics of which
remains often unclear.

logical formalism, a case will be represented as a formula in this logic. The index of the case is obtained
by a transformation of the formula with the help of
the encoding scheme. The result is a rst-order logic
formula that can be interpreted as a concept de nition
in the terminological logic, cf. Section 3.
The mathematical properties of various terminological logics are well understood. In particular, terminological languages with decidable subsumption relations have been identi ed. Remember, that retrieval
from case libraries must be ecient, i.e. the complexity of the retrieval algorithm must be investigated.
The use of a terminological logic with a polynomial
subsumption algorithm ensures that the retrieval algorithm runs in polynomial time as well.
Most of the indexing schemes used in case-based reasoning, for example discrimination networks [Feigenbaum, 1963], restrict the case library to have a tree
structure. In using terminological logics, case libraries
are indexed on a more general lattice structure provided by the subsumption hierarchy.

2.4 HYBRID REPRESENTATION

3 AN EXAMPLE

In this paper, we propose a hybrid representation formalism for case libraries: The major parts of a case,
the case entry, are represented in a formalism that
adequately represents problems and solutions in the
underlying application domain, e.g. the planning formalism used by a case-based planner.
The index of the case is represented as a concept in a
terminological logic. The relation j= between indices
is determined by computing the subsumption relation
(denoted with v) between concepts. With that, the
retrieval of a reusable case from the case library can
be grounded on concept classi cation.
The encoding scheme de nes the degree of abstraction
that is re ected in the indices: a given case is mapped
to an index re ecting the main properties of the case.
Note that the encoding scheme may map several speci c cases to the same index. This means, the index
represents a description of an abstract class of specific cases occurring in a particular application domain.
The case related to this index represents one possible
speci c instance of that class.
Terminological logics have the following advantages:
They provide indices with clearly de ned semantics.
The monotonicity property of the encoding scheme
! can be proved. The encoding scheme implements
a representational shift from the vocabulary for the
symbolic representation of cases to the indexing vocabulary represented in a terminological logic. This
leads to a well-de ned abstraction process. Furthermore, the indexing vocabulary can be automatically
built by the case-based reasoning system: If the vocabulary for the symbolic representation of cases is a

The MRL system [Koehler, 1994a] is the case-based
planning component of the system PHI [Bauer et al.,
1993], a logic-based tool for intelligent help systems.
PHI integrates plan generation as well as plan recognition. Plan generation can be done from rst principles
by planning from scratch and from second principles
by reusing previously generated plans with MRL [Biundo et al., 1992]. The example application domain of
PHI is the UNIX mail domain where objects like messages and mailboxes are manipulated by actions like
read, delete, and save.

3.1 THE PLANNING LOGIC
The logical basis of PHI and MRL is the interval-based
modal temporal logic LLP [Biundo and Dengler, 1994].
LLP provides the modal operators  (next), } (sometimes), ut (always) and ; (chop), the binary modal operator, which expresses the sequential composition of
formulae. As in programming logics, control structures like iterations and conditionals and local variables are available, with values that may vary from
state to state.
Plans are represented by a certain class of LLP formulae. They may contain, e.g. basic actions which are expressed by the execute predicate ex, the chop operator,
which is used to express the sequential composition of
plans, and control structures.
The atomic actions available to the planner are the elementary commands of the unix mail system. They are
axiomatized like assignment statements in programming logics. State changes which are caused by exe-

cuting an action are re ected in a change of the values
of local variables which represent the mailboxes in the
mail system. For example, the axiomatization of the
delete-command which deletes a message x in a mailbox mbox reads

8x open flag(mbox) = T ^

delete flag(msg(x; mbox)) = F ^
ex(delete(x; mbox))
!  delete flag(msg(x; mbox)) = T
The state of a mailbox is represented with the help of
ags. The precondition of the delete-command is that
the mailbox mbox is open, i.e. its open flag yields the
value true (T) and that the message x has not yet been
deleted, i.e. its delete flag yields the value false (F).
As an e ect, the action sets the delete flag of message
x in mailbox mbox to the value true in the next state.
Planning problems are represented with the help of formal plan speci cations in the logic LLP. They contain
the speci cation of an initial state, the preconditions
of the plan, and the speci cation of the goals that have
to be achieved by executing the plan.
As an example, assume that a plan P1 for the planning
problem \read and delete a message m in the mailbox
mybox" has to be found. As preconditions, we assume
that the mailbox mybox has already been opened and
that the message m has not yet been deleted. The
formal speci cation of the preconditions preP 1 and the
goals goalP 1 in the logic LLP reads as follows:
preP 1 : open flag(mybox) = T ^
delete flag(msg(m; mybox)) = F
goalP 1 : }[read flag(msg(m; mybox)) = T ^
}[delete flag(msg(m; mybox)) = T ] ]
It should be noted that in using the logic LLP in a
planning system it becomes possible to specify temporary goals with the help of nested sometimes operators,
i.e. goals that have to be achieved at some point and
not necessarily in the end, something which could not
be done in the usual STRIPS or TWEAK type planning systems, cf. [Kautz and Selman, 1992]. In the
example, the goal speci cation requires the message
to be read rst and then deleted.
The plan P1, which solves this planning problem, is a
simple sequence containing the actions type and delete:
P1: ex(type(m; mybox));ex(delete(m; mybox))
To obtain this plan by case-based planning in MRL,
appropriate candidate plans have to be retrieved from
the plan library. In the example, we assume that the
plan library contains the candidate plans P2 and P3:

P2: if open flag(mbox) = T
then ex(empty action)

else ex(mail(mbox));
ex(type(x; mbox));ex(delete(x; mbox))
P3: n := 1 ;
while n < length(mbox) do
if sender(msg(n; mbox)) = joe
then ex(type(n; mbox));
ex(delete(n; mbox))
else ex(empty action);
n := n + 1
od ;
The plan P2 is an example of a conditional plan. It

contains a case analysis on the state of the mailbox
mbox: If the mailbox is open, the message x can be
read and deleted. If the mailbox is closed, we rst have
to open it before the plan can be executed. The case
analysis results from incomplete information about the
preconditions for plan P2:
preP 2 : delete flag(msg(x; mbox)) = F
As a precondition for P2 we only know that the message has not been deleted, but information about the
state of the mailbox not available.
In contrast to the goal speci cation goalP 1 , the speci cation of goals in goalP 2 speci es no temporary goals,
but a conjunctive goal:
goalP 2 : }[read flag(msg(x; mbox)) = T ^
delete flag(msg(x; mbox)) = T ]
The plan P3 is an example of an iterative plan reading all messages from sender joe in the mailbox mbox.
The speci cation of its preconditions and goals contains universally quanti ed formulae:
preP 3 : open flag(mbox) = T ^
8x [sender(msg(x; mbox)) = joe
! delete flag(msg(x; mbox)) = F ]
goalP 3 : } [8x [sender(msg(x; mbox)) = joe
! read flag(msg(x; mbox)) = T ^
delete flag(msg(x; mbox)) = T ] ]
Only a very restricted syntactic class of LLP formulae
is used for the speci cation of preconditions and goals.
For example, only implicit negation of atomic formulae
occurs in implications. Furthermore, atomic formulae
are equations assigning constants to terms of a very restricted syntactic structure. The term msg(x; mbox)
denotes an arbitrary message in a mailbox. Unary
functions like read flag and delete flag represent features of this message. The e ects of actions are re ected in changed features.
The plans P2 and P3 can be easily adapted in order
to obtain the desired plan P1:

 P1 corresponds to the then-branch of P2 when

deleting the super uous empty action.
 P1 corresponds to the sequential body plan of
P3 when deleting the super uous iterative control structure and the test on the sender of the
message.
Consequently, P2 and P3 should both be retrieved
from the case library as possible reuse candidates. Furthermore, the retrieval algorithm should di erentiate
between P2 and P3:
On one hand, both plans P2 and P3 are applicable in
the initial state speci ed for P1 because their preconditions are entailed by preP 1 . On the other hand, P2
is more \similar" to the desired plan than the plan P3:
it reads and deletes an arbitrary message as required
in the new case P1, while P3 reads all messages from
a particular sender|an additional condition, which is
not required in P1.
The identi cation of P2 and P3 as appropriate
reusable cases requires abstraction from
 speci c objects occurring in the speci cations,
 temporary subgoal states,
 universally quanti ed goals.
The e ect of actions which re ect in a change of features of a message have to be preserved during the
abstraction process.
These requirements are re ected in the de nition of
the encoding scheme !, which is used in MRL to map
LLP plan speci cations to concepts in a terminological
logic.

3.2 THE TERMINOLOGICAL LOGIC
The terminological logic ALC [Schmidt-Schau and

Smolka, 1991] is chosen as a starting point for the terminological part of the representation formalism for
case libraries because of its expressiveness and mathematical properties. Concept descriptions in ALC are
built from concepts, intersection, complements and
universal role quanti cations. The logic possesses a
decidable and complete subsumption algorithm which
is PSPACE-complete. This means that deciding subsumption in ALC is intractable. Remember that we
required the retrieval algorithm to be ecient, i.e. to
run in polynomial time to cope with the scaling-up
problem. To obtain polynomial complexity, two solutions can be adopted:
1. Giving up completeness.
2. Restricting the terminological logic.
Giving up completeness in an application system often also implies giving up correctness, because inability to detect existing subsumption relations may lead

to incorrect behavior of the system. In particular for
case-based systems, the incompleteness of the retrieval
algorithm leads to the following problems:

 Existing cases solving the new case may be not

found in the case library. This can lead to an
undesirable computational overhead in case-based
reasoning because the system does not reuse the
best available case during problem solving.
 Uncontrolled growth of the case library may occur. Equivalent cases are added to the library
because the incomplete subsumption algorithm is
unable to recognize the equivalence of indices.

Therefore, the second solution is adopted by restricting concept descriptions to a normal form for which
a sound, complete and polynomial subsumption algorithm exists. We de ne a subset of ALC comprising socalled admissible concepts that are consistent concept
descriptions in conjunctive normal form. They are only built from primitive components, i.e. existential role
restrictions of the form 9R:C and 9R::C where C is
required to be a primitive concept and R is restricted
to be a chain of primitive roles. The following subsumption algorithm is de ned for admissible concepts
Ca :
De nition 2 SUBS(u; t) : Ca2 ! ftrue; falseg
SUBS(u; t) computes its result using the rules:1
z v x; z v y ! z v x ^ y
(1)
x v z ! x^y v z
(2)
x v z; y v z ! x _ y v z
(3)
z v x ! z v x_y
(4)
x v x
(5)

Theorem 1 SUBS is sound, complete and decides the

subsumption relation in polynomial time for admissible
concepts.

The proof can be found in [Koehler, 1994b].
The expressiveness of admissible concepts 2is sucient
to adequately represent the mail domain. As an example, consider the LLP formula

} read flag(msg(x; mbox)) = T
The interpretation of this formula is a message at a
certain position in a particular mailbox at a certain
world state, the read ag of which is set to the value
This rule set is equivalent to a sound and complete rule
set for lattices given in [Givan and McAllester, 1992] that
decides the de ned inference relation in polynomial time.
Note, that SUBS(u; t) is incomplete for arbitrary concept
descriptions in ALC .
2
This property may not generalize to other application
domains, see Section 5.
1

true. Figure 1 illustrates a subset of the primitive con-

cepts and roles representing the mail domain. Starting
with the concept STATE, role chains can be composed,
which describe the state of a particular message at a
particular position in a particular mailbox at a certain
world state. Consequently, the admissible concept

9 mbox  pos  mesg  read flag:T
abstracts the LLP example formula.
STATE
mbox

MAILBOX
pos

open_flag

POSITION
VALUE

mesg

MESSAGE
read_flag
sender
SENDER

delete_flag
VALUE

VALUE

Figure 1: A Subset of the Mail Terminology

3.3 DEFINING THE ENCODING SCHEME
The encoding scheme ! maps LLP plan speci cations
to indices in ALC on the basis of the declarative semantics both logics possess. It depends on the source
logic LLP as well as on the target logic ALC .
LLP plan speci cations are a restricted class of temporal logic formulae containing modal operators. In order
to map them to concept descriptions they are translated into rst-order predicate logic using the method
developed in [Frisch and Scherl, 1991], which has been
extended to LLP in [Koehler and Treinen, 1993]. The
result of the translation is a formula in a predicate
logic with constraints. The constraint theory represents temporal information, e.g. which subgoal has to
hold in a particular state. In a next step, the constraint theory is eliminated, preserving the satis ability of the formula. The elimination of the constraint
theory implements a process of temporal abstraction:
the temporal information is eliminated from the formula.
The encoding scheme abstracts from speci c objects
by replacing constants with existentially quanti ed
variables. Furthermore, universal quanti cation is re-

placed by the weaker existential quanti cation. An nary function is encoded as an n + 1-ary relation. Each
n + 1-ary relation is encoded by n binary relations.
These abstraction operations are justi ed by the restricted syntactic structure of terms and formulae.
After the abstraction process has been completed, the
conjunctive normal form of preconditions and goals
is computed. Of course, the computational e ort for
this operation grows exponentially with the length of
the formulae. But remember that the subsumption
algorithm is only complete for concepts in conjunctive
normal form. Nevertheless, for pragmatic reasons it is
more ecient to compute the normal form only once
during the encoding process instead of computing it
several times during the classi cation of an index.
Finally, the remaining set of formulae is syntactically transformed into sets of formulae of the form
C (x) : 9 y P(x; y) ^ Q(y). The declarative semantics
of terminological logics allow primitive concepts to be
seen as unary predicates and primitive roles to be seen
as binary predicates. This identi cation can be extended to arbitrary concept descriptions, i.e. to every
concept C a predicate formula C (x) can be associated. Consequently, a concept C : 9P:Q corresponds to
the formula C (x). A model of the formula 9 x C (x)
is a model of the concept C and vice versa. In particular, C is unsatis able if and only if 9 x C (x) is
unsatis able [Hollunder et al., 1990].
In the example, the following encoding of preconditions and goals is obtained:3
!(preP 1 ): 9 mbox  open flag:T u
9 mbox  pos  mesg  delete flag:F
!(goalP 1 ): 9 mbox  pos  mesg  read flag:T u
9 mbox  pos  mesg  delete flag:T

9 mbox  pos  mesg  delete flag:F
!(goalP ): 9 mbox  pos  mesg  read flag:T u
9 mbox  pos  mesg  delete flag:T
!(preP ): 9 mbox  open flag:T u
[ 9 mbox  pos  mesg  sender::S t
9 mbox  pos  mesg  delete flag:F ]
!(goalP ): [ 9 mbox  pos  mesg  sender::S t
9 mbox  pos  mesg  delete flag:T ] u
[ 9 mbox  pos  mesg  sender::S t
9 mbox  pos  mesg  delete flag:T ]
!(preP 2 ):
2

3

3

3.3.1 Proving the Monotonicity Theorem
To ensure that the retrieval algorithm performs predictably, the monotonicity property has to be proved
3
TRUE is abbreviated to T, FALSE is abbreviated to
F, and SENDER is abbreviated to S.

for the encoding scheme used in MRL.
An old plan solving the old planning problem
hpreold ; goalold i is reused as a solution for a new planning problem hprenew ; goalnew i in MRL if
prenew ` preold and goalold ` goalnew
can be successfully proved in the logic LLP [Koehler,
1994a]. Therefore, we have to prove the following instance of the monotonicity theorem:

to the index !(P2) is more speci c than the new planning problem that has to be solved. The plan P2 is
activated as a possible reuse candidate and sent to the
plan modi cation module of MRL [Koehler, 1994a].
The index of plan P3 does not meet the criteria required by strong classi cation, since the subsumption
test between the goal concepts fails. This plan is not
considered as being similar to the desired plan.
Terminological Logic Part

Theorem 2
If prenew ` preold then !(prenew ) v !(preold ) and
if goalold ` goalnew then !(goalold ) v !(goalnew ).

TOP

The proof of the theorem can be found in [Koehler,
1994b]. The correctness of the encoding scheme used
in MRL relies on the syntactic restrictions which are
imposed on terms and formulae. Nevertheless, we believe that the general idea to ground the formalization
of abstraction on the de nition of an encoding scheme
is widely applicable.

w (P2)
BOTTOM
classification of the current index

3.4 FORMALIZING THE RETRIEVAL
The results of the encoding process are the admissible
concepts !(pre) and !(goal) from which the index of
a case is obtained as the pair h!(pre); !(goal)i. Now,
the retrieval of a plan from the plan library is formalized as follows:
Given the description of a new case, the index of this
case is computed rst. Then, this index is classi ed
in the plan library. Two classi cation operations are
available:

 strong classi cation
 weak classi cation
Strong classi cation classi es the new index by computing the required subsumption relations between encodings of preconditions and goals:

!(prenew ) v !(preold ) and !(goalold ) v !(goalnew )
The result of the classi cation process determines the
position of the new index in the plan library. All indices that are subsumed by the new index are considered as potential reuse candidates. The plans belonging to the subsumed indices are assumed to be
applicable in the current initial state and to reach all
of the current goals.
In the example, strong classi cation of the new index
h!(preP 1 ); !(goalP 1 )i inserts this index at the position
shown in Figure 2. Obviously, h!(preP 2 ); !(goalP 2 )i is
subsumed by the new index. According to De nition 1,
the planning problem stored in the plan entry related

w (P1)

w (P3)

Planning Logic Part
plan retrieval
plan entries are provided
to plan modification

P3

P2

while ... do
ex(..);ex..

if open
then ...
else ...

plan-library update
plan-entry construction
relation to the index

P1
ex(read);
ex(delete)

Figure 2: A small Sample Case Library
Weak classi cation is activated when strong classi cation fails to retrieve a reuse candidate. It is based on
a weaker search criterion and can classify according to
goals or preconditions:
!(prenew ) v !(preold ) or !(goalold ) v !(goalnew )
Note, that every case that meets the criteria of strong
classi cation also meets the weaker criterion used by
weak classi cation. In the MRL system, plans are
reused if they are applicable in the current initial state.
Therefore, weak classi cation in MRL classi es according to preconditions:
!(prenew ) v !(preold )
In the example, weak classi cation retrieves P2 and
P3, because the subsumption test on the encodings of
preconditions is successful. Nevertheless, plan P3 is
considered as being less appropriate for the solution of
P1 than P2 according to the weaker search criterion.

Figure 2 illustrates the hybrid representation of the
plan library in MRL for the example under consideration. The terminological logic part supports the
structuring of the plan library. Retrieval and update
are grounded on classi cation by computing the subsumption hierarchy of indices. The planning logic part
supports the representation of planning knowledge in
plan entries.

3.5 RANKING OF CASES
Strong as well as weak classi cation can retrieve several appropriate reuse candidates from the case library.
Consequently, a ranking sequence is needed for the
candidates in order to nd the best one.
Strong classi cation determines plans from the plan
library that are supposed
 to be applicable in the initial state and
 to achieve at least all of the current goals.
This implies that the candidate set retrieved by strong
classi cation may contain plans which achieve superuous goals, i.e. goals that are currently unnecessary.
Actions achieving these goals have to be eliminated
from the reused plan by optimizing it. The ranking
of the candidates is therefore grounded on an estimation of the optimization e ort for each candidate. The
ranking heuristic estimates the number of super uous
actions that have to be eliminated from the candidate
plan.
Observe that the subsumption hierarchy for indices
is de ned such that a plan b1 achieving more atomic goals than a plan b2 is placed closer to the bottom
concept than b2. Consequently, the estimated optimization e ort for a plan, the index of which is placed
closer to the bottom concept, is higher than the estimated optimization e ort for a plan, the index of
which is immediately subsumed by the current index.
Therefore, strong classi cation only adds a case to the
solution set, if its index is immediately subsumed by
the current index.
The estimation of the optimization e ort proceeds as
follows:
 The ranking heuristic compares the goal concept of the current index !(goalnew ) with the
goal concepts of all immediately subsumed indices
!(goaloldi ).
 It computes the number of primitive components,
which occur in !(goaloldi ), but not in !(goalnew ).
 The case with the smallest number is selected
as the best candidate according to the ranking
heuristic.
The heuristic estimates the number of atomic subgoals
that are achieved by a candidate plan but that are

not required in the current plan speci cation. It assumes that this number re ects the minimal number
of primitive actions in the candidate plan that have to
be eliminated. Therefore, the plan with the smallest
number is selected as the best reuse candidate and sent
to the plan modi cation module. If several candidates
receive the same ranking value, one of them is selected
arbitrarily.
De nition 3 Let Cold1 ; : : :; Coldn be the set of candidates retrieved by strong classi cation of !(Cnew ).

The goal concepts occurring in the indices of the candidates are !(goalold1 ); : : :; !(goaloldn ), the goal concept occurring in the current index is !(goalnew ). The
set of primitive components that occurs in a concept c
is denoted by PK[c], while their number is denoted by
N[c].
The optimization e ort for each candidate is de ned
as
i

h

OPT!(goaloldi ) = N PK[!(goaloldi )] n PK[!(goalnew )]

The ranking heuristic HOPT selects the candidate with
the smallest optimization e ort:
n

HOPT = ColdijOPT! goaloldi =
(

)

min OPT!(goalold1 ) ; : : :; OPT!(goaloldn )

o

Weak classi cation determines plans from the plan library that are only supposed to be applicable in the
initial state.
The goal concepts of the candidate plans can be related
to the goal concept of the current case in two ways:
1. !(goalnew ) v !(goalold )
This means that we can expect the candidate plan
to achieve only a subset of the goals required in
the current case.
2. !(goalnew ) 6v !(goalold ) and
!(goalold ) 6v !(goalnew )
No subsumption relation holds for the goal concepts of the candidate and the current case. We
have to expect that the candidate achieves other goals than those required in the current plan
speci cation.
Therefore, the ranking heuristic for candidates retrieved by weak classi cation relies on the following
assumptions:
 Every candidate is applicable in the current initial
state.
 No candidate achieves all of the current goals, i.e.
every candidate has to be modi ed.
Consequently, the heuristic estimates the modi cation
e ort for each candidate as follows:

 The ranking heuristic compares the goal concept

 no candidate can be retrieved from the library,
 the modi cation e ort is estimated as being too

of the current index !(goalnew ) with the goal concepts !(goaloldi ) of all indices occurring in the solution set.
 It computes the intersection of the concepts, i.e.
the number of primitive components occurring in
!(goalnew ) as well as in !(goaloldi ).
 This number measures the modi cation e ort by
an estimation of the number of current atomic
goals that are achieved by each candidate.

costly for all potential candidates.

strong classification

weak classification
search for applicable plan
fails

The ranking heuristic HMOD selects the candidate with
the biggest success rate that exceeds the lower bound:
n

and

new )]
MOD!(goaloldi )  N[!(goal
2

o

If no candidate receives a ranking value which exceeds
the lower bound, all candidates are rejected because
their modi cation e ort is too costly. In this situation, case-based planning reports a failure and planning from scratch with the PHI planner is activated.
The ranking heuristics guide the interaction between
case-based planning and plan generation, see Figure 3.
Plan generation is activated when
4
The de nition of an appropriate lower bound may differ for di erent case-based planning systems.

approximation of
modification effort
below
lower bound

The update of the plan library is activated when
 no reusable plan is found and planning from
scratch is performed,
 the retrieved plan has to be optimized or modi ed.
During the update of the plan library a new plan entry is built. Three sources of information are available: the formal plan speci cation Cnew, the generated or modi ed plan Snew and the proofs performed
during deductive plan generation and plan modi cation [Koehler, 1994a]. The plan entry is built out of
Cnew , Snew and information that is extracted from
the proofs. It is related to its index !(Pnew ) that was
already computed and classi ed during the retrieval
process. The index determines the position of the new
plan entry in the plan library. It is now available for a
subsequent case-based planning process.

MOD!(goal
i
h oldi ) =
N PK[!(goaloldi )] \ PK[!(goalnew )]

max MOD!(goalold1 ) ; : : :; MOD!(goaloldn )

succeeds

Figure 3: Heuristic Guidance of Case-based Planning

dates retrieved by weak classi cation of !(Cnew ). The
goal concepts occurring in the indices of the candidates
are !(goalold1 ); : : :; !(goaloldn ), the goal concept occurring in the current index is !(goalnew ). The set of
primitive components that occurs in a concept c is denoted by PK[c], while their number is denoted by N[c].
The estimated success rate for each candidate is dened as:

)

best candidate
activates
plan modification

Activation of Plan Generator

De nition 4 Let Cold1 ; : : :; Coldn be the set of candi-

(

approximation of
optimization effort

fails

The candidate with the biggest number is selected
as being the best reuse candidate, because it is assigned the highest \success rate" and therefore its
modi cation e ort is estimated as being minimal. Furthermore, the ranking heuristic veri es whether the
ranking value of the best candidate exceeds a lower bound: it requires that at least half of the primitive components from !(goalnew ) must be contained
in !(goaloldi ). If this condition is satis ed, the ranking heuristic assumes that the best candidate
achieves
at least half of the current atomic goals.4

HMOD = Coldij MOD! goaloldi =

succeeds

search for applicable plan
reaching all current goals



4 IMPLEMENTATION
The system MRL has been implemented as an integrated part of the PHI system in SICSTUS Prolog.
The plan library can be static as well as dynamic:
A static library comprises user-prede ned typical
plans. The system retrieves these plans for reuse, but
does not add new plans to the library. A dynamic plan
library grows during the lifetime of the system. MRL
starts with an empty library and incrementally adds
new plan entries to it. The system thus automatically
builds a taxonomy of abstract descriptions of typical
planning problems that occur in the application domain.
The application of terminological logics leads to remarkable properties of the system:

The mapping of speci c planning problems to abstract
classes helps to keep the plan library small. Only one
representative for each class is added to the plan library. Instances of planning problems which belong to
the same class can be solved by instantiation or easy
modi cation of the retrieved candidate plan. Furthermore, the implementation of the representational shift
from speci c planning problems to abstract problem
classes with the help of the encoding scheme requires
only marginal computational costs.
The polynomial complexity of the subsumption algorithms leads to an ecient retrieval of candidate plans
in polynomial time, cf. [Koehler, 1994b].
The completeness of the subsumption algorithm ensures that existing solutions are found in the plan library. This leads to eciency gains of the case-based
planner compared to the generative planner because
the system can reuse any solution that exists in the
plan library.

5 RELATED WORK
Recently, the representation of plans based on terminological knowledge-representation systems has led to
several approaches, which extend terminological logics
with new application-oriented representational primitives for the representation of actions and plans.
One such an extension is the system RAT [Heinsohn et
al., 1991] which is based on KRIS [Baader et al.,
1992]. RAT is able to implement reasoning about
plans by inferences in the underlying terminological
logic. The system simulates the execution of plans,
veri es the applicability of plans in particular situations and solves tasks of temporal projection.
An application of terminological logics to tasks of plan
recognition is developed in T-REX [Weida and Litman, 1994]. Plans in T-REX may contain conditions
and iterations as well as non-determinism in the form
of disjunctive actions.
More complex application domains may require the integration of more expressive terminological logics into
the hybrid representation formalism for case libraries.
A future direction of work is the integration of stochastic approaches and the parallelization of the search.
A successful application of a probabilistic method for
NP-complete inference problems is described in [Selman et al., 1992]. The usefulness of non-systematic
search strategies in planning is demonstrated in [Langley, 1992; Minton et al., 1992].

6 CONCLUSION
We have presented an application of terminological
logics as a kind of query language in case-based reasoning. Indices are built from concept descriptions.

The retrieval and update operations working on case
libraries are formalized as classi cation operations over
the taxonomy of indices.
An example taken from the eld of case-based planning demonstrates the applicability of the theoretical
framework. The behavior of the case-based planner
becomes predictable and theoretical properties like the
correctness, completeness and eciency of the retrieval
algorithm can be proved.
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