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Abstract. This paper introduces the notion of fitnessfor-purpose, presents a tradable,
approximate goproad to the recognition of fithessfor-purpase, and describes a working
implementation using constraint programming.

The property of fitnessfor-purpose states whether runring a software component with a
supplied set of inputs can satisfy a given goal. Our interest is to assesswhether a chosen
problem solver, together with one or more knowledge bases, can satisfy a given problem-
solving goal. In general, this is an intradable problem. We therefore introduce an
effedive, pradicd, approximation to fitnessfor-purpose based on the plausibility of the
goa. We believe that constraint programming provides a natural approach to the
implementation of such approximations. We took the Common LISP constraints library
SCREAMER and extended its symbolic capabilities to suit our purposes.

1. Introduction

The property of fitnessfor-purpose states whether runrning a software wmporent with
a suppied set of inpus can satisfy a given goal. Fitnessfor-purpose is related to the
notion o competence (Wielinga, Akkermans & Schreiber, 1998, bu with some
important differences. Firstly, competence describes the general inpu-—output
relationship of a problem-solver, whereas the verificaion d fitnessfor-purpose
involves a test of the problem solver and a spedfic set of input instances against a
given goal. Seaondy, fitnessfor-purpose is a descriptive nation, because it is applied
to an existing system, whereas competenceis a prescriptive term, applied to a system
that is to be built.

Descriptions of fitnessfor-purpose can enable human- or machine ayents to assessthe
suitability of applicaion d the described comporent for a particular task. Some
established approadhes to assesdng whether a software comporent is suitable for
solving the task at hand are by design, testing, verification & validation, proving
properties, and syntactic/structural matching with requirements. Sutabhility by design
aims to devedop new componrents to satisfy requirements. Sutability by testing ams to
deted faults in existing comporents by caeful preparation o test case inpus.
Sutability by veification & validation ams to chedk whether (knowledge-based)
systems med their users requirements by, for example, identifying reduncant or
conflicting rules in a knowledge base. Sutahility by proving properties is potentialy
more informative. However, when dore by hand, it is a difficult and involved process
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and orly feasible for small programs. When automated, it can also be problematic; for
example, MaKenzie notes that ‘whaly automatic theorem provers have so far been
considered inadequate to these tadksidKenzie, 1995).

The (semi-)automatic assessment of fitnessfor-purpose is bewmming increasingly
important for two main reasons. Firstly, as the range and sophsticaion d software
increases, it becomes difficult for a human user to make an informed choice of the
best software solution for any particular task. The same point applies equally to
domain independent reasoning comporents, such as the problem solving methods
(PSVIs) (Benjamins & Fensel, 1998. We believe that novice users of such
comporents, in particular, could benefit grealy from advice generated from a fitness
for-purpose analysis. Seoondy, we observe ademand for software brokers, which,
given some software requirements, return either the software itself, or a reference to
such software. In the knowledge aquisition community, the IBROW3 projed
(Benjamins et al.,1999 intends to buld such a broker for the distribution d problem
solving components.
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Figure 1. Comparison of theFensel approach i}, and our approach (ii), to the
discovery of problem solving properties

Recent work onthe description o competence includes that of Benjamins et al. in the
context of the IBROW3 projed (Benjamins et al.,1998 Benjamins et a., 1999, Fensel
et a., as part of an orgoing investigation into the role of assumptions (Fensel &
Schoregge, 1999 Fensd & Schoregge, 1999, and Widinga @ da., as a
methoddogicd approach to the operationalisation d knowledge-level spedficaions
(Wielinga, Akkermans & Schreiber, 1998. We mnsider Fensel’s approach to be the
neaest to ou work, becaise it investigates the contex dependency of an existing
problem solver/PSVI through the discovery of assumptions. Our work aso
investigates the mntext dependency of problem solvers, bu through the question o
task suitability with the available knowledge. Thus, whilst Fensel investigates a
problem solving method in isolation d its inpus in order to derive suitability



conditions, we take aproblem solver together with its inpus and test their combined
suitability for solving a spedfic task. Both lines of inqury are intradable, and
therefore demand some cmpromise(s) in any implementation. Fensel’s compromise
concerns the level of automation d his proof medianism, which is an interactive
verifier, rather than a fully automated proof mechanism. Since we would like to
generate alvice d run-time for the potential user of a problem solver, we compromise
instead with the deductive power of our proof procedure. The alvantages of our
approach liein the aility to combine the results of multi ple problem solvers (through
propagation mecdhanisms), and to run as a batch process Figure 1 compares Fensel et
al.’s processof assumption hurting with ou approach to matching a problem solver to
atoolkit user’s goal.

Our approad to fitnessfor-purpose analysis was developed to assst in the generation
of advice for novice users of knowledge aquisition tods (KA tods) and poblem-
solvers in the MUSKRAT system (Graner & Sleaman, 1993 Sleeman & White, 1997
White & Sleaman, 1998 White, 200Q0. MUSKRAT is a M UIti Strategy Knowledge
Refinement and Acquisition Toodbox that makes it easier for novice users to apply
and combine the incorporated software tools to solve some spedfic task. When
generating advice on the gplicaion d a diosen problem-solver, MUSKRAT shoud
be ale to dfferentiate between the following three caes for the knowledge bases
available to the problem-solver.

Case 1. The problem-solver can be gplied with the knowledge bases arealy
available, i.e., no acquisition or modification of knowledge is necessary.

Case 2: The problem-solver neals knowledge base(s) that are not currently avail able;
therefore these knowledge base(s) must first be acquired.

Case 3: The problem-solver neals knowledge base(s) that are not currently avail able,
but the requirements can be met by modifying existing knowledge base(s).

The phrase ‘fitnessfor-purpose’ and the computational approximation to it, as
described in this paper, represents our approad to recognising case 1. Cases 2 and 3
are interesting reseach topics in their own right and are dso being investigated. For
case 2, see White & Sleeman (2001); for case 3, see Hameed, Sleanan & Preece
(2001).

In the next sedion, we define more exadly what we mean by fitnessfor-purpose, and
explain the cmputational difficulties which arise in its anaysis. In sedion 3, we
describe how we gproach these difficulties by considering an approximation of
fitnessfor-purpose, rather than the actual fitnessfor-purpose. In sedion 4,we eplan
how we ae implementing these ideas using constraint programming in Common
LISP. Findly, in sedion 5we summarise the idezs, relate them to ather work in the
field, and indicate some possible directions for future work.

2. Fitnessfor-Purpose

When the alvisory subsystem of MUSKRAT addresses the problem of fitnessfor-
purpose, it is in effed posing the question “Is it possble to solve the given task



instance with the available problem-solver? , knowledge bases, and KA tools?".
Clealy, this is a very difficult question to answer withou adually runnng the
problem-solver, regardless of whether the answer is generated by a human o a
madhine. Indedal, the theory of computation hes hown that it not possble, in general,
to determine whether a program (in this case, a problem-solver) terminates. Thisis the
Halting Problem (Turing, 1937). Therefore the only way to affirm the suitability of a
problem-solver for solving a particular task is to run it and test the outcome ayainst
the goal. For the purposes of generating advice in a multi strategy toolbox, however,
we cana afford this luxury, particularly sincerunning the problem-solver could dften
be computationally intensive. We prefer instead to pose the wedker question “Is it
plausible that the given task could be solved with the available problem-solver,
knowledge bases, and KA tods?’. We have shown that it is possble to demonstrate
computationally that some nfigurations of a task, problem-solver, existing
knowledge bases and KA tods cannd, even in principle, generate an acceptable
solution to the task. Such situations form a set of recognsably implausible
configurations with resped to the problem at hand. Furthermore, the computational
cost associated with recognising thisimplausibility is, in many cases, far lessthan that
associated with running the problem-solver.

For example, consider a question from simple aithmetic: isit truethat 22 x 31+ 11 x
17+ 13 x 19=1097? Rather than evaluate the left hand side of the equation straight
away, let usfirst insped the problem to seeif it is reasonable. We know that when an
even number is multiplied by an odd number, the result is always even; and that an
odd number multiplied by an odd number is always odd. Therefore the left hand side
of the equation could be rewritten as <even> + <odd> + <odd>. Likewise, an even
number added to an odd number is aways odd, and the sum of two odd numbers is
always even. Then evaluating left to right, we have <odd> + <odd>, which is <even>.
Since 1097 is nat even, it canna be the result of the evaluation. We have thus
answered the question withou having to dothe ‘hard’ work of evaluating the adua
value of the left hand side.

As ancther example, consider the truth of the statement *If Pigs can fly, then I'm the
Queen o Sheba', which we write & P 0 Q. Given that the premise P isfalse, we can
use the truth table for logicd implicaion® to derive that the whole statement is true,
since any implicaion with a false premise is true. Notice that we derived ou result
withou having to know the truth of the consequent Q. In a similar way, it is possble
to investigate the outputs of programs (in particular, problem-solvers) withou needing
complete information abou their inpus. This issie becmes important if runnng a
problem solver has a high cost associated with it, such as the time it takes to perform
an intensive seach’. In such cases, a preliminary investigation d the plausibility of
the task at hand could save much time if the intended problem solver configuration
can be shown to be unsuitable for the task. We mnsider such an investigation to be a
kind d ‘plausibility test’ that shoud be caried ou before runnng the adual problem
solver. The ideawas suggested as part of a general problem solving framework by

2 For simplicity, we currently assume the application of a single, chosen problem-solver.
TOT=T; TO F=F; O T=T; FO F=T

* Many Al programs perform seaches of problem spaces that grow exponentially with the size of the
problem.



Polya (Polya, 1957. In his book ‘How to Solve It', he propcsed some generd
heuristics for tadkling problems of a mathematicd nature, including an initia
inspedion d the problem to understand the cndtion that must be satisfied by its
solution. For example, is the ondtion sufficient to determine the problem’s
“unknovn”? And is there redundancy or contradiction in the @ndtion? Polya
summarised the issue by asking the following:

‘Is our problem “reasonable”? This question is useful at an ealy stage of
our work if we can answer it easly. If the answer is difficult to oktain, the
troubde we have in olzaining it may outweigh the gain in interest.” (Polya,
1957)?

Note that the aithmetic example given abowe first abstrads the problem instanceto a
different ‘spacé (i.e., from integers to that of odd and even numbers), to which a
simpler algebra can be gplied. Much o the problem instance detail has been ignored
to keep the plausibility test simple. On the other hand, enough detail has been retained
for the test to reflea the aurrent problem instance and for it to be useful. In this sense,
the plausibility test has approximated the task. In the next sedion, we define amore
predse nation d plausibility approximation, and explain hav it can be gplied to
problem-solvers.

3. ThePlausibility Approximation to Fitnessfor-Purpose

Consider the output of a problem solver applied to a given set of knowledge-base
inpus. Our approach compares our knowledge of this output for consistency with the
properties we desire (our problem-solving goal). We dassfy a problem solver's
proposed ouput value & one of implausible, plausible, posgble or actual. A value
that is implausible will never be the output of the problem solver. Informaly, a
plausible value canna be ruled ou as a solution through reasoning such as that in the
arithmetic or logicd examples above®. A posshle value can be asolution to the
problem in some caes. An actua value is the solution in a given case. It is worth
noting that all possble values are dso plausible, and any actual vaue is aways
possible and hence alsolausible(see Figure 2).

As an example of this classficdion, let us remnsider the aithmetic example given
ealier. We reasoned that a plausible set for the aithmetic expresson 22x 31 + 11 x
17 + 13 x 19 is the set of even numbers. So any odd number, such as 1097, is
implausible. The possble set, in this case, has only one value, the actual value, 1116.
Note that in general the possble set may have many vaues, for example, if the
problem solver employs a stochastic procedure, or uses inpus that are not determined
until run-time.

> One way to determine whether the plausibility test is useful is to compare the @mputational
complexities of the problem solver and the plausibility test. If the complexity of the plausibility test is
lower than that of the problem solver, we might assume it is reasonable to apply the plausibility test
first. Unfortunately, this model takes no acount of the utility of the information gained from the
plausibility test.

® Subsequent reasoning may later reveal it to be implausible.
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Figure 2. Venn Diagram showing the relationships between plausible, possible,
and actual values

The set of plausible values is an approximation to the set of possble values, bu we
define it such that the set of posgble \alues is always contained within the set of
plausible \alues. This guarantees that an implausible value is nat possble, so we can
approximate the test for a possble value with a test for plausibility. Note that a
plausible value may nat necessarily be possble — but it may be hard to prove that it is
not possble. Note dso that for any gain in computational effort, testing an element for
membership o the set of plausible values must be in some sense less expensive than
testing it for membership of the set of possible values.

The hash-code is a well-known plausibility approximation wsed in mainstream
computer science (seg for example, Brassard & Bratley, 199§. If there is a mismatch
between the hash-codes of two oljeds, then the two oljeds are (certainly) different. If
the hash-codes are the same (they “colli de”), then the two oljeds are plausibly equal.
Most importantly, comparing objeds hash-codes is computationally cheger than
comparing the objects themselves.

3.1 Inferences Using the Plausibility Approximation

Our approach recognises that a problem solving task can ony be solved if there is at
least one member of the passble set of problem-solver outputs that is also a solution
to the task. Let us dencte the set of acceptable output values (i.e., those that solve the
task) by god. If the problem solver PSuses the inpus| ={l1, I2, ...In} inrolesR =

{R1, Ry, ..., Ry}, then we denate’ the set of possble problem solver outputs by
pOSSib'qPS, l, R)

We then note the following three lemmas.

Lemma L The god is only satisfiable if (Ep)(prossible(PS]I,R)) [ (ngod), or

equivalently, possible(PS’I’R) n god # 0.

" We use this notation because the output set is dependent on the problem-solver, its inputs and their
roles.



Lemma 2 If possible(PS’I’R) n god = [, then the problem solver cannad satisfy
the goal.

Lemma3 If every posshle output vaue satisfies the god, i.e,
possblepg | gy U god , then the goanustbe satisfied.

The plausibility approximation to possbleps | gy is the set of values which are
plausibly output by the problem solver PS given theinpus| ={l1, I2, ...1} inroles
R ={Ry, Ry, ..., Ry}. We denate this approximation by plausibleps |, gr), where

plaus'ble(PS,I,R)Dpossible(PS,,,R). Let us now insped the intersedion

plausible pg | gy N god , without additional knowledge @iossibleps | Ry

There are four cases to consider (see figure 3).

plausible,

PSI,R)

1. Plausblepg | g n god =0 s p- 908 U plawsiblgpg | g

Case C

plausible,

PSI,R)

Case 3 plausiblg pg | gy N god # [ Case 4 plausible pg | 5y O god

Figure 3. Inspecting the relationship between the problem solving goal and the
plausibility approximation

Case 1. Goa is implausible if plausible(Ps,l,R) n god = 0. This follows because
the plausible set of values contains the possble set of values (by definition), so
plausiblepsir) N god = 0 O possblepsir N god = 0. It follows from lemma 2
that the goal isinsatisfiable.

Case 2: The goa is plausible if god O plausiblepsr. Although god [
plausibleps) r), it does not necessarily follow that god [ possblepsr). There ae
two subcases to consider — either possbleps g n god = O, which would imply that
the goal is unsatisfiable (from lemma 2), or possbleps g N god # [, which leaves
the goa plausible (from lemma 1). Withou knowing the @ntents of possbleps r),



we do nd know which of the two subcases applies, so we must draw the wedker of the
two conclusions, i.e., that the goal is plausible.

Case 3: Goadl is plausible if plausibleps gy N god # [, with the same reasoning as
for case 2.

Case 4: Goal is satisfied if possblepsr) U god. If the plausibility approximation is
completely contained within the goal, then all the possble problem solver outputs
must also satisfy the goal. That is, plausibleps gy 0 god O possblepsr) [ god.
Therefore, from lemma 3, the goal must be satisfied.

3.2 Application to Problem-Solving

We ae gplying these ideas to problem solving scenarios in which a number of
knowledge bases (KB1, KBz, ...,KBn) are assgned input roles® (R1, Rz, ...,Rn) to a
problem-solver, and a desired goa is dated. We cdl this a problem-solver
configuration (left hand side of Figure 4). Note that at this gage we have made no
asumptions abou the representation d the knowledge; when we say ‘knowledge
base’ we are not necessarily referring to a set of rules. Nor are we making any
asumptions abou the spedficity of the knowledge bases with resped to the given
problem instance That is, a knowledge base might remain constant over all problem
instances, it might change occasionally, or it might change with every instance In
esence, any inpu to the problem-solver has been labelled as a knowledge base. We
use the knowledge obtained from these inpus and a ‘plausibility description’ of the
behaviour of the problem-solver to generate aset of plausible output values. Note that
under this sheme, a problem-solver ‘description’ is itself a program that, given
appropriate inpus, generates the problem solver’s plausible output. The description
therefore represents a kind d model of the problem solving task; it is a meta—
problem-solver (right hand side of Figure 4). The purpose of building the meta—
problem-solver is to determine, a low computational cost, whether the goa is
consistent with the set of plausible values that it generates. If the goal is not consistent
with this s, then it will also na be satisfied by the output of the problem-solver
itself. In such cases, we need not run the problem-solver to test its outcome.

But how cen this functiondlity be implemented? In a naive generate-andtest
approad, we might answer the plausibility question by testing every paint in the
plausible output set against the goal. Unfortunately, this is both computationally
inefficient (O’ Hara & Shadbdt, 1996, and enables only the modelli ng of sets of finite
size. For a more flexible and computationally more dficient version, we prefer a
constraint-based approacdh’. The ideais that a set of plausible values is represented
using constraints. The plausibility set could be of infinite, or indefinite, size, such as
the set of even courting numbers, or the set of all persons whose surname begins with

& A role represents the way in which an input is used for problem solving. Our notion of a role
corresponds very closely to the notion of a knowledge role in CommonKADS (Schreiber et al., 1999 p.
105).

® Consider the whimsicd analogy of a man wishing to buy a pair of shoes: he does not walk into a bodk
shop, pick up every bodk, and insped it for its $oe-like qualities (the generate-and-test approad).
Instead, he recognises from the outset that bodkshops <l bodks (i.e. the plausibility set is a set of
books), and that this is not consistent with his goal of buying shoes.
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‘W’. To test the plausibility of a given goal, the goal is first represented as a set of
constraints. These @nstraints are then applied to the plausibility set generated by a
meta—problem-solver. If the resulting set is the empty set, then the goal was not
plausible; if the resulting spaceis nonempty (or canna easily be demonstrated to be
empty), then the goal remains plausible. Furthermore, unlike the meta-level reasoning
required for the halting problem, the question d plausibility, if defined appropriately,
can be guaranteed to terminate within a finite number of program steps, because the
meta-level need only be approximatiorto the problem solving levél
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Figure 4. Problem-solver andMeta—problem-solver Configurations

Note that the plausibility refers to the combination d knowledge bases, their problem-
solving roles and the spedfic goal. As an exploration d al the KB—role pairings
might take aconsiderable anourt of time, we make this process more dficient by
assgning precondtions to ead problem solving role, and first chedking that these ae
fulfilled before mnducting a plausibility test. However, nae that in some caes we
may still have to explore anumber of KB—role ambinations before deading that no
plausible solution exists.

More general scenarios are dso passble, since aplausibility set generated by one
meta—problem-solver can also be used as an inpu to a further meta—problem-solver.
When cascading descriptions in this way, the gproximate inpu to the second meta—

19 Consider the cae of the halting problem, in which we should like to determine whether a program
runs forever or halts. At the meta-level, we may choaose to run the program for some given length of
time to see what happens. If the program halts within the dlotted time, then we know that it halts.
Otherwise it remains plausible that it runs forever.
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problem-solver is used to generate a further approximate output. Note that the
approximation generated by the second meta—problem-solver is less predse'! than
when particular inpus are given. Nevertheless the generated plausible output set may
still contain enough knowledge to answer some interesting questions abou the
combination of problem-solvers.

4. Implementation Approach

We mentioned ealier that we prefer a constraint-based approadh to answering the
guestion “Is the goal contained in the set of plausible output values?’. In faq, it is
crucia to the implementation that constraints derived from the goal can be used to
reduce the size of the plausibility set withou enumerating it. This technique makes
the plausibilit y test lessexpensive than running the problem-solver becaise the whole
seach spacedoes not have to be explored to determine whether a goal is implausible.
It also leads one naturally to consider an implementation wsing constraint
programming. As the tools we wished to model and the rest of the MUSKRAT frame-
work were drealy implemented in Common LISP, we implemented the plausibility
approximation to fitnessfor-purpose using SCREAMER, a @nstraint programming
library for Common LISP (Siskind & McAllester, 1993 Siskind & McAllester,
1993Db).

4.1 A Brief Introduction to SCREAMER and SCREAMER+

SCREAMER introduwced two paradigms into Common LISP. firstly, it introduced a
nondeterminism similar to the badktradking capabiliti es of PROLOG. Secondy, and
more importantly for our purpases, it used these badtradking cagpabiliti es as the
founcition for a dedarative onstraints padkage. The SCREAMER constraints
padkage provides LISP functions that enable a programmer to create nstraint
variables, (often referred to smply as variables), assert constraints on those
variables, and search for assgnments of values to variables that are cnsistent with
the asserted constraints.

Although SCREAMER* forms a very good lesis for solving numeric oconstraint
problems in Common LISP, we found it less good for tadkling problems based on
constraints of a more symbadlic nature. We therefore extended the SCREAMER li brary
in three major diredions: firstly, to improve the expressveness of the library with
resped to constraints on lists; sewndy, to introduce higher order™® constraint
functions such as constraint-oriented versions of the LISPfunctions every, some, and
mapcar; and thirdly, to enable @nstraints to be imposed on CLOS™ objeds and their
dots. We cdled the extended library SCREAMER+. A more detalled acourt of
SCREAMERH+is given in our technical report (White & Sleeman, 1998).

M strictly speaking, this should read ‘no more precise’.

12 version 3.20; available & the time of writing from nttp://  www.cis.upenn.edu/  ~screamer-
tools/ home.html

13 A ‘higher order function’ is a function that accepts another function as an argument.
14 CLOS is the Comnon LISP Objed System, a spedfication of functions to enable objed-oriented
programming in LISP, which was adopted in 1988 as part of the Common LISP standard.

10



In the next sedions, we outline an approad to the @nstruction d meta—problem-
solvers using SCREAMER+, and provide an example of its usage to model the fitness
for-purpose of the set-pruning problem-solving method.

4.2 Building a Meta—Problem-Solver

To capture adescription d a problem solver in terms of its inpus and ouputs, we
propose that the MSKRAT developer performs the following activities.

» Elicit the necessary properties of each of the problem solver’'sinput roles, and
express those properties as constréints

» Elicit the properties necessary for inter-role cmnsistency, and express those
properties as constraints across the input roles.

» Elicit guaranteed properties of the problem solver's output(s), and express
those properties as constraints. Often, properties of the output(s) are expressd in
terms of the input roles.

These three sets of constraints then form the basis of the meta—problem-solver. The
am of the process is to colled constraints that cepture detailed (“glassbox™)
knowledge of the problem solver. Once catured, this knowledge can subsequently be
made available a “bladk bax knowledge” to a user of the MUSKRAT todbox. The
aquisition d these cnstraints is a once-only adivity becaise the problem solver
description is also goa-independent. In cther words, the same meta—problem-solver
can be reused for the fitnessfor-purpose verificaion d different knowledge bases for
different tasks.

Note that initialy there may be many plausible KB—ole asgnments, so the
verificaion d fitnessfor-purpose represents a search (subjed to the @ove-given
constraints) through the spaceof the available KBs and the known inpu roles of the
problem solvers.

4.3 Example - Set Pruning

As an example of the gproad, consider the set pruning method (Benjamins et al.,
1999 Groat, ten Telje & van Harmelen, 1999. This method iterates over the
members of a set, removing those members that do nd exhibit a given property. It can
therefore be regarded as a simple filter. A problem-solver with this functionality can
be written in LSP as follows:

( defun set-prune (input-set test)
(remove-if-not test input-set))

The set-pruning functionality can be demonstrated as follows:

;;; Create a set for testing (represented by a list)
> (' setq my-set '(2 to 22 two "to0"))
(2 TO 22 TWO "too")

;;; Prune away all the non-integers
> (set-prune my-set #' integerp)

(222)

> The constraints represent the preconditions on roles first mentioned of\ page
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The important issue here is not writing the problem solver itself, bu the aility to
describe the problem solver with a meta-program. We now develop a meta—problem-
solver acaording to the guidelines st out in sedion 4.2.We dso demonstrate how the
meta—problem-solver can be used to prove the implausibility of a problem solving
goal.

4.3.1 Necessary Properties of the Input Roles

The set pruner accepts two inpus: a set to be pruned, and a test, which eadcy member
of the output must satisfy. In our implementation, the set is represented by alist, and
the test is represented by a function. In this case, the property for a plausible role can
be sucdnctly represented as a LISP type — the role of a set can be defined as a
synonym for the LSPtypelist
( deftype plausible-set ()

'list)
We define aplausible test as any function a CLOS method d one agument®. The
correspondng type for a plausible test can be defined in Allegro Common LISP as
follows:

;»» Predicate to check whether given function accepts a single argument
(defun one-arg-functionp (f)

(let (( dargs( arglist f)))

con
((= (length args) 1) t)
((member (car args) '(&rest &optional)) t)
(tnih))))
;1; Defines a specialisation of the function type for

;;; functions of one argument
( deftype plausible-test ()
'(and function (satisfies one-arg-functionp)))

These definitions allow us to constrain an inpu to be d@ther a plausible-set ora
plausible-test

4.3.2 Properties Necessary for Inter-role Consistency

For inter-role ansistency, we ded the mutual compatibility of the test and the set.
These two inpuswould be inconsistent, for example, if the test is for the primenessof
a numbet’ and the set contains strings as well as numbers:

(defmethod primep ((n integer))

( setgqn( absn))

(when (= n 2) (return-from primep t))

(unless ( evenp n)

(do ((divisor 3 (+ divisor 2))) ; check odd numbers from 3
((> divisor ( sqrt n)) t) ; up to root of n
(when ( zerop (mod n divisor))

(return-from primep nil)))))

;15 Assign testl to be our implemented test for primeness
> ( setq testl #' primep)
#<STANDARD-GENERIC-FUNCTION PRIMEP>

' Note that technically, CLOS methods are also classified as functions.

17 We make the distinction between the property of primeness which can only meaningfully be gplied
to an integer; and the property of being a prime number, which can be gplied to any type (but non-
integers would always return false). As the given test is for the primenessof an integer, inconsistencies
can arise and a test for inter-role consistency is appropriate.
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;1; Assign setl to be a plausible set which includes a string
> ( setq setl (list 0 5 "m"))
(0 5 llmll)

;; Assign testl to be our definition of primep
> (' setq testl # primep)
#<STANDARD-GENERIC-FUNCTION PRIME>

;;» Demonstrate that errors can occur if the test cannot be
;;; applied to every member of the set
> (set-prune setl testl)
Error: No methods applicable for generic function
#<STANDARD-GENERIC-FUNCTION PRIMEP> with args ("m") of classes (STRING)

>

However, a meta—problem-solver can recognise the @ndtion o inter-role
inconsistency that causes auch an error. For the example of primeness the idea ca be
redised by introducing anew function, cdled testable , which returns true (T) if the
given test can be applied to a supplied argument, and filsg @therwise.

(defun testable (input-set test)

;; Conclude that test is plausible if it is

;; not implemented as a CLOS method

(when (not (equal (type-of test) 'sta ndard-generic-function))
(return-from testable t))

;» Otherwise inspect the types of input that the method accepts

;; to determine plausibility

( dolist (element input-set)
(when (null (compute-applicable-methods test (list ele ment)))

(return-from testable nil)))
t; returns true by default

The function works by considering two cases. Firstly, if the test is a “true function”
(i.e., not aCLOS method) then LISPcanna deted the expeded types of its arguments,
and it is not cheded further for its compatibility with the given arguments. If,
however, the test is implemented as a generic function with ore or more CLOS
methods, then the function determines whether the generic function is applicable to
ead o the vaues in the given set'®. That is, the function chedks whether a method
exists that accepts arguments of the same type @ the dements of the supgied set.
Note that in LISP, the generic function approach (using defmethod ) alows for
stronger typing of input arguments than the we&ly typed defun form. The generic
function approach therefore provides good support for checking inter-role consistency.

Notice that testable  has been implemented in a very general way, and daes not
encode ay prior knowledge of the test. Furthermore, it will also be a tea test to
execute — certainly faster than exeauting the test itself. (We can be sure of this because
we know that the LISP system must compute the gpliceble methods of a generic
function with any given arguments before amethod can be gplied. Also, as thisis
such an important part of LISP s rurn-time evaluation system, we can be cnfident that
it has been optimised.)

18 We dso considered an alternative implementation, which only computed the goplicability of the test
for ead distinct element type in the given set. This was a promising approach becaise an input set may
contain many elements of the same type, and the gpli cable methods would be mmputed once for eat
type instead of once per member of the set. However, our implementation was no faster than the given
implementation — probably because determining the type of a LISP value is just as computationally
expensive as computing a generic function’s applicable methods.
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Given the definition d testable , we can nov ched whether testl can safely be
applied to each of the memberssefl :

> (testable setl testl)
NIL

We can also assert that testl  be safely applied to all members of setl , as follows.
Note that with the value aktl given above, the assertion fails, as expected:

> (assert! ( funcallv #'testable setl testl))
--> FAILS

4.3.3 Guaranteed Properties of the Problenolver’s Output(s)

When pruning a set, it is guaranteed that:

» The output is of type plausible-set;
» The output-set is a subset of the input-set (i.e., outpui-sgiut-set); and,
» Every member of the output-set satisfies the given test.

These three statements are captured by the following three ass@rtions

(assert! ( typepv output-set ‘plausible-set))
(assert! ( subsetpv output-set input-set))
(assert! ( everyv (constraint- fn test) output-set))

By combining these cnstraints with the cnstraints given ealier for ensuring satisfac
tion d role properties and inter-role cnsistency, the foll owing definition o the meta-
pruner is derived:

(defun meta-prune (input-set test)
(let ((output-set (make-variable)))
;1; Assert properties of input roles

(assert! ( typepv input-set 'plausible-set))
(assert! ( typepv test 'plausible-test))

;1» Assert inter-role consistency

(assert! ( funcallv #'testable input-set test))

;1» Assert known properties of the output

(ass ert! (  typepv output-set 'plausible-set))

(assert! ( subsetpv output-set input-set))

(assert! ( everyv (constraint- fn test) output-set))
output-set) ; output-set is the return value

)

In this definition, the inpus input-set  andtest correspondto the inpus KB; and
KB, of figure 4. The meta—problem-solver first generates a wnstraint variable to be
used as its output, then asserts the necessary properties of its input roles. Next, it
guarantees the inter-role cnsistency of its inpus by asserting that the suppied test
must be gplicable to ead member of the inpu-set. Finally, the properties of the
output are as%rted; namely, that ead member of the output-set is also a member of
the inpu-set, and that the suppied test is stisfied by ead member of the output-set.
Note dso that a meta—problem-solver must return the cnstraint variable which
represents the plausible output value of the problem solver.

4.3.4 Verifying Fitness-for-Purpose

The meta—problem-solver is interesting because it enables reasoning abou the output
of the problem solver withou exeatting it. In particular, many cases in which the
problem solver would na satisfy the goal are deteded ealy; for example even before

19 constraint-fn accets a onventional LISP function as an argument, and returns a cnstraint-
based function as its result.
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the inpus to the problem solver are onsidered. We now describe some examples in
which failures are detected by thneta-pruner:

In the foll owing example, thetest # integerp  can meaningfully be gplied to all the
members of the input set, but the goal data structure'(3) isrgjeded becauseit is not
a subset of the given input (recall teatl has the valug0 5"m") ):

;1; The return value of the meta-pruner is a constraint variable of the
;11 type plausible-set. Every constraint variable is also assigned a unique
;;; identifier, in this case, 20.

> ( setq plausible-output ( meta-prune setl #' integerp))

[20 plausible-set]

> (assert! ( equalv plausible-output '(3)))

--> FAILS

In the next example, the symbadlic agument 'not-a-function , representing the

test , is not a function, and is therefore incompatible with the epeded type
plausible-test

> ( meta-prune '(0 5 "m") 'not-a-function)

> FAILS

In the following example, the supgied test (for whether an integer is prime) canna
meaningfully be applied to all the members of the input-set:

> ( meta-prune '(0 5 "m") # primep)
--> FAILS

4.3.5 Searching for Plausible Configurations

Suppcee that severa inpu-sets were available, as well as a single goal. By using
SCREAMER+, together with the meta-pruner, it is possble to dscover which o the
inpu-sets plausibly satisfy the goal. For example, suppacse that the input-sets were {},
{0, 1, 2}, {A, B, C}, {0 A}; and that the test prunes away items that are not integers.
Suppose further that the goal is to obtain the set {0}.

Then the problem is first set up as follows:

;1; Set up a constraint variable that is one of the given sets
> ( setq kbs (a-member- ofv'(() (012)(abc)(0a)))
[69 nonnumber enumerated-domain:(NIL (0 1 2) (A B C) (0 A))]

> ( setq goal '(0))
(0)

> (assert! ( equalv ( meta-prune  kbs # integerp) goal))
NIL

Notice that no fail ures have been generated so far, indicating that the task instanceis
still plausible. The following SCREAMER seach idiom returns all inpu-sets that
plausiblysatisfy the goal:

> (all-values (solution kbs (static-ordering #'linear-force)))
((012)(0A)

In effed, the MUSKRAT methodis recommending to try the inpu-sets {0 1 2} and {0
A} to satisfy the goal. It has filtered ou the empty set {} andthe set {a b ¢} becaise
they do nd plausibly satisfy the goal. Noticethat {O 1 2} does naot adually satisfy the
goal, but {0 A} does:

;;; returns nil because (set-prune '(0 1 2) #' integerp) returns '(0 1 2)
> (equal (set-prune ‘(01 2) # integerp) goal)

NIL

;15 returns t because (set-prune '(0 A) #' integerp) returns '(0), which
;11 1s the same as the goal

> (equal (set-prune '(0 A) #' integerp) goal)

T
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44 Example - Meal Planning

Comporent
Instances
Set of
Constraints

Required
Dish

Figure 5. Problem Solving in the Domain of Meal Preparation

Suppce we ae gplying a problem-solver which constructs lutions consistent with
some given damain and temporal constraints (a design task)®°. We have chosen to
apply the problem-solver to the domain of med preparation becaise the domain is
rich and challenging, bu also easily understood. Furthermore, the problem-solving
task is analogous to flexible design and manufaduring, also cdled just-in-time
manufacturing. In the domain of med preparation, the designer is used to compose
(or ‘construct’) a dish which is consistent with culinary, temporal, and resource
constraints, also taking a set of dish preferences into consideration (see Figure 5).

Now suppase that we would like to use plausibility modelli ng on this problem-solver
by constructing its correspondng meta—problem-solver. A meta-designer is easy to
construct if we negled the cnstraints, dish preferences, and the avail able resources.
(Note that negleding knowledge of inpus will have the dfea of producing more
general outputs — behaviour that is consistent with the gproximation described in
sedion 3) The meta-designer produces a set of plausible dishes, together with their
plausible preparation times. These times are represented as upper and lower bounds
onthe preparation d whale dishes, and are derived from knowledge of the preparation
times of dish comporents. The upper bound & the dish preparation time is st as the
sum of the durations of the cmpasite tasks; the lower boundis the duration d the
lengthiest task. Constraints from the goal can then be goplied to the set of plausible
scheduled dishes to seeif inconsistencies can be deteded (see Figure 6). Note that
athough we avocae the use of the @nstraint satisfadion paradigm for the
implementation d the meta-level, this choice is independent of the implementation
method wsed by the problem solver itself. The independence aises becaise the meta
layer treas the problem solver as a bladk bax, describing only its input/output
relationship and not how it works internally.

%0 The task is also soluble by two separate problem solvers: the domain constraints are solved by the
first, and the temporal constraints satisfied by the second. A detailed discusson of the cacading of
problem solvers is outside the scope of this paper.
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Figure 6. Plausibility Reasoning in the Domain of Meal Preparation

We have implemented the example using the knowledge provided in Table 1: alist of
dish comporents, together with their comporent type, a measure of their dietary value,
their cost and preparation time. In addition, the designer must be told what it shoud
construct from this knowledge. Thisinformationis provided by adish ortology which
states that a dish consists of a main comporent, together with a cabohydrate
comporent and two ather vegetables. Likewise, the st of adish is defined to be the
sum of the aosts of its comporent parts, and the number of diet points assciated with
a dish is the sum of the diet paints of its comporents. The meta-designer generates
upper and lower bounds for the preparation time of a dish, as described in the previous
section.

The SCREAMER+ implementation makes use of the CLOS fadlities offered by
defining the set of plausible dishes as a single objed in which ead slot (such as the
main comporent of the dish, the preparation time, dietary points value, and cost) is
constrained to be plausible. In pradice this means that constraints are expressd
aaossthe slots within a single objed. If the domain of one of the sot’s constraint
variables changes, then this causes propagation to the other related slots.

For example, let us inspect some plausible dish preparation times and costs:

;;» Create an instance of the object

;;» An after method asserts the appropriate constraints across
;;; the object’s slots at object creation time.

USER: (' setq my-dish (make-instance 'plausible-dish))
#<PLAUSIBLE-DISH @ #x99c86a>

;;; Retrieve the value of the duration slot

USER: (slot-value my-dish 'duration)

[774 integer 10:120]

;;; Retrieve the value of the cost slot

USER: (slot-value my-dish 'cost)
[769 integer 5:7 enumerated-domain:(5 6 7)]
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Ingredient Name Ingredient Type Diet Points™ Cost (£) Prep. Time (mins)
Lamb Chop Main (meat) 7 4 20
Gammon Steak Main (meat) 10 4 15
Fillet of Plaice Main (fish) 8 4 15
Sausages Main (meat) 8 2 10
Chicken Kiev Main (meat) 8 3 30
Quorn Taco Main (vegetarian) 6 3 10
Jacket Potato Carbohydrate 5 1 60
French Fries Carbohydrate 6 1 15
Rice Carbohydrate 6 1 15
Pasta Carbohydrate 2 1 10
Runner Beans Vegetable 1 1 10
Carrots Vegetable 1 1 15
Cauliflower Vegetable 1 1 10
Peas Vegetable 2 1 3
Sweetcorn Vegetable 2 1 5

Table 1. Meal Preparation Knowledge Used in Plausibility Set Generation

Thistell s us that a plausible dish takes between ten minutes and two hous to prepare,
and costs £5, £6, 0 £7. Now let us restrict our search to a fish dsh, and again insped
the plausible values:

USER: (assert! (
NIL

typepv (slot- valuev my-dish ‘main) 'fish))

USER: (slot-value my-dish 'duration)
[774 integer 15:105]

USER: (slot-value my-dish 'cost)
7

The plausible range size for the preparation time of the dish has deaeased, and the
cost of the dish has beame boundwithou having to make any choices of vegetables.
If the goal wereto have such afish dish realy in lessthan quarter of an hou, it would
fall withou having to know the detail s of the dish preferences or kitchen resources
used by the actual problem-solver, and without needing to run the problem-solver:

USER: (assert! (<v (slot-
--> FAILS

In asimilar way, if we define aquick dish to be one that takes lessthan half an hou to
prepare, and a ‘hedthy’ dish to be one that has a dietary points court of 16 a less
then it is easy to dscover that there is no such thing as a quick dish that includes a
jacket potato, or a ‘healthy’ dish that includes gammonfigmth fries!

valuev my-dish 'duration) 15))

5. Discusson

In this £dion we discussthe cntributions which MUSKRAT is making and indicate
some possible directions for further work.

1 Points <hemes like these ae commonly used by simmers as a simplificaion of cdorific value.
When wsing such schemes, slimmers allow themselves to consume no more than, say, 40 pants worth
of food in a single day (the actual limit usually depends owslihmemer’s sex, height, and weight).
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5.1 Contributions
MUSKRAT's contributions include the following:

1. A notation for representing the caabiliti es of problem-solvers, together with their
relationships to the contents of knowledge sources and a desired goal,

2. The further development of the techndogy of constraint satisfadion through ou
extension to the SREAMERpackage;

3. Formulation d theideaof ‘econamicd’ problem solving and the investigation d its
relationship to the description of problem solving methods;

4. Progress towards the provision d a framework that unifies problem solving,
knowledge acquisition and knowledge transformation/refinement;

5. The development of a method to determine whether it is plausible/likely that
knowledge bases can be reused by a particular problem solver to solve aparticular
task.

Our notation for representing the cmmpetencies of problem solvers, and the technd ogy
we have casen for proving their properties differs considerably from the related
works of Wielinga € a. (Widlinga, Akkermans & Schreiber, 1998, Fensel et al.
(Fensel & Schoregge, 1997 Fensel & Schoregge, 1998, and Pierret-Golbreich
(Pierret-Golbreich, 1998. The differences have evolved becaise we have been
working towards a different, but associated, oljedive. Unlike the methoddogy of
Wielinga € d., for example, we @aume our problem solvers exist and seek to
describe them as they are, rather than attempting to construct them as we would like
them to be. Furthermore, sincewe ae building an advisory system for novice users of
problem solvers, we have strong requirements for operationa descriptions, andafully
automatic proof technique. Pierret-Golbreich argues that formal methods soud be
used to describe problem-solving methods and that this offers a means to dedde on a
comporent’s reusability. Since such methods are not operational, however, this
approach canna be gplied to ou problem. Fensel & Schdnegge have operationali sed
their proof technique, but its powerful proof medhanisms are necessarily interadive
(Fensel & Schoregge, 1997, and nd suitable to be driven by novices. Our notation,
onthe other hand, is dedarative, operational, and sufficiently expressve to enable the
automatic derivation d interesting properties of a problem solver and the knowledge
it employs.

Our extension to the SCREAMER padkage, driven by our requirement for a dedarative
and operational description d problem solvers and knavledge sources, has readed a
level of expressveness that contributes to the field of constraint techndogy.
SCREAMER+ can be used to provide degant solutions to many of the nontrivial
problems cited as luble by commercialy avail able systems sich as CHIP (Simonis,
1995 and ECLIP<E (Wallace Novello & Schimpf, 1997. The LISP-based neture of
SCREAMER+, however, has also helped it to gain advantages over its PROLOG-based
courterparts, such as the aility to assert constraints on expressons that take functions
as arguments. Thisisimportant in the arrent context becaise afunction might be the
realisation of a PSM.
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Our ideas of econamicd problem solving have been motivated by the requirement to
generate alvice on the suitability of problem solvers ‘on the fly’ a runtime.
Conceptualy, some of the techniques applied can be seen varioudly as appli caions of
abstradion (Giunchiglia & Walsh, 1993, o speda cases of generaisation
transformations within the plausibilit y framework of Colli ns and Michalski (Colli ns &
Michalski, 1989 Oroumchian, 1995. In contrast to these gproades, which classfy
their methods acwrding to the morphdogy of their mappings, we ae investigating the
knowledge-level dependencies of ead technique in terms of domain, task, and
method.

The fourth contribution d MUSKRAT is to crede aunified framework for problem
solving, direded knowledge aquisition, and knawvledge transformation. This aim is
shared by the generalised dredive models (GDM) work of O'Hara, Shadbdt and van
Heijst (O’'Hara, Shadbdt & van Heijst, 1999, bu there ae significant differences as
their work takes placein the mntext of analysing source materials and attempting to
co-evolve domain ontologies as well as the gpropriate model for the task; in some
cases, a KA task is adivated. In the cae of MUSKRAT, the task to be solved and the
problem solver to be used have drealy been identified. MUSKRAT seeks to discover
whether existing knowledge bases can be used withou change with the identified
problem solver, whether it can be transformed before use, or whether it is necessary to
aquire a ompletely new knowledge base using a KA tod. Other work that has
sought to provide a @mmon framework for problem solving and KA includes
MOBAL (Morik et al., 1993, VITAL (Motta, O'Hara & Shadbdt, 1996, and NOOS
(Arcos & Plaza, 1994Arcos & Plaza, 1997).

Our contribution to the topic of knowledge reuse is most closely related to Puppe’s
work (Puppe, 1999 and the Protégé projed (Gennari et al., 1998. Puppe has redi sed,
asdo O'Hara @ a. (O'Hara, Shadbdt & van Heijst, 199§ that as experts lean more
abou the domain, their perspedives on the task may change, and henceiit is highly
desirable that acquired knowvledge can be used with a different algorithm from the one
for which it was initially aaquired. Puppe cnfines his attention to clasgfication tasks,
and ndes a number of different clasgficaion algorithms that process the same
information in dfferent ways. He discusses a number of agorithms including
CATEGORICAL (which produces dedsion trees/tables), heuristic dasdgfiers (which
use heuristic rules) and case-base reasoners. Puppe’s important insight was to
reimplement several classfiers o that they have common catafil es that can be reaily
reused. In MUSKRAT, however, we have set up a more general framework in which a
knowledge base initially used with a PSV for a dassficaion task might be reused
with a different PSM for synthesis or planning.

Protégé€’ slong-term goal isto buld atodl-set and methoddogy for the @mnstruction o
domain-spedfic KA tods and knowvledge-based systems from reusable comporents.
The projed plans to develop a variety of methods and knavledge bases, all padkaged
as CORBA (Common Objed Request Broker Architedure) comporents. Knowledge
bases are made avail able on a server which uses the OKBC (Open Knowledge Base
Connredivity) protocol, enabling developers to query the frame-based knowledge with
functions such as get-class-all-subs to retrieve dasses, get-frame-slots to
retrieve slots, and get-class-all-instances to retrieve the instances of a dass
A single method, propcse-and-revise, is avail able within the framework to date, but
there ae several knowledge bases which have been used for the VT (elevator-
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configuration) task, U-Haul (truck seledion), as well as the Ribosome and tRNA
configuration tasks. In order for a particular method to reuse knowledge from a
particular knowledge base amediator must be manually encoded for ead methodKB
pair. However, Gennari et al. (Gennari et a., 199§ argue that given the similarities
in the representations of the knowledge bases, there will be many commonaliti es
between the various mediators needed. This aready reduces the workload required to
produce the mediators, and the Stanford group envisages partially automating
mediator production in the future. MUSKRAT’s third case (seesedion 1) corresponds
to the situation for which Protégé aurrently creaes mediators. Whil st Protégé asumes
that a mediator is necessry, MUSKRAT has evolved a test to determine whether an
avail able knowledge base might be diredly reusable for the given task. If this is the
case, no mediation or adaptation is required.

5.2 Further Work

This paper has described ou approad to fitnessfor-purpase and shown haw it can be
applied to relatively small-scde examples. We dso plan to use the same gproadch on
larger, more realistic problems.

The aithmetic example of fitnessfor-purpose presented in sedion 2 showed how
properties of parity in integer arithmetic can be used to assessthe plausibility of an
arithmetic equation. Arithmetic expressons were astraded to their equivalent parity
expressons before the precndtion was applied. Moreover, there was a very close
relationship between the precondtion and the original arithmetic expresson. In such
cases, it is possble for the precondtion to be generated automaticdly (Robertson,
1999). This represents a class of tasks to be investigated.

As an example, suppee again that we would like to compute the plausibility of the
arithmetic expresson 2231 + 11x17 + 13x19 = 1097. That is, the left-hand side
forms the input to the meta—problem-solver, and the god is that the expresson dausi-
bly evaluates to the right-hand side. We can first rewrite the expresson into LISPs
prefix notation, giving

(= (+ (* 22 31) (* 11 17) (* 13 19)) 1097)

Then, sincethe meta-level in this case gplies adifferent algebrato the same numbers,
the @rrespondng meta-level expresson can be generated (“lifted”) by replaang the
groundlevel operators (+, * and =) by their meta-level cournterparts (meta+, meta*
andmeta=), giving

(meta= ( meta+ ( meta* 22 31) ( meta* 11 17) ( meta* 13 19)) 1097)

With appropriate @nstraint-based definitions of the meta-level functions (given in
White, 2000, the expresson fails, signifying that the goa is inconsistent with the
value of the arithmetic expression:

> (assert! ( meta= ( meta+ ( meta* 22 31) ( meta* 11 17) ( meta* 13 19)) 1097))
--> FAILS

The cdl to meta= represents the cnsistency chedk between the problem solver’'s
output and the goal. Note that the precondtion to apply to arithmetic expressons
varies with the task instance, so it is imperative that the precondtion ke automaticdly
computed as part of theeta—problem-solver.
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The gproac to fitnessfor-purpose described in this paper is a binary dedasion
process That is, a cnfiguration d problem solver and knowvledge bases is deemed to
be ather (plausibly) fit for solving a goal, or unfit. This is smewhat unsatisfadory,
because it provides no information abou how much work would need to be dore to
transform an urfit configuration into a fit one. Rather than introduce arange of
numbers that indicae the level of fitness bu do nd state where the problems lie, we
propcse to extend the aurrent model by introducing a lattice (i.e., a hierarchy with
multiple inheritance) of problem solving roles. As we have seen, problem solving
roles constrain the knowledge they contain to be fit for consumption by a problem
solver. The extension would mean arganising the aiteria, represented by constraint
objeds, into a multi ple inheritance hierarchy. The objeds nea thetop d the hierarchy
are we&ly constrained, whereas those neaer the leaves are strongly constrained. A
fitnessfor-purpose seach would traverse this hierarchy, looking for the strongest set
of criteria which are fulfilled by a knowledge base. That is, if a knowledge base fails
to satisfy agiven role, the seach could move to aweeker role (parent objed), to seeif
it is satisfied by the knowledge base. If this role succeels, the gpproach would be dle
to identify those aiteria which are satisfied by the knowledge base, and thase which
are not. This provides sgnificant information to a user who faces the prosped of
fixing a knowledge base to solve the problem.

53 Summary

In this paper, we defined the fitnessfor-purpose of a problem-solving configuration,
which consists of a problem-solver, knowledge bases, and a goa. We agued that the
plausibility of a configuration is a tradable gproximation to fitnessfor-purpose.
Constraint logic programming offers a promising approac to the implementation o
plausibility tests becaise it enables a knowledge enginee to write adedarative meta—
problem-solver, which makes datements abou the relationship between the inpus
and ouputs of the adual problem-solver. When this knowledge is couded with the
knowledge of some goa that the user is trying to adieve, it reduces the space of
plausible results in a way that can lead to ealy falures. A failure denotes the
implausibility of the task, a property that can be deteded withou remurse to runnng
the problem solver.

We believe the notion d fitnessfor-purpose to be important for knowledge
aquisition and aher fields of software engineaing. However, we recognised that
such a notion would be of little use withou an operational method to suppat its
detedion. Our investigation d passble gproaches and the anstruction d the method
raised many interesting reseach questions. Moreover, ou divide-and-conquer
approach to the requirements of MUSKRAT (see caes 1, 2& 3 in sedion 1) provides
a basic ‘road map’ for the further exploration of related issues.
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