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Abstract

The usual approaches to verification of knowledge in the literature have a rather practical nature, and
are sometimes ad hoc and depending on the syntactical structure of a particular knowledge
representation language in the definitions of the properties that are tested. In this paper a more
principled investigation provides a well-defined semantical basis, independent of any particular
syntactical representation, of the various properties that can be tested, and their logical relationships.
Central in this unifying semantical framework is the notion of domain description and the forcing
relation that is used as a standard for the inferences. Properties covered include consistency, three
variants of soundness, three variants of completeness, empirically foundedness, and well-
informedness.

Keywords: Verification, knowledge, semantics, consistency, soundness, completeness, empirical
foundation, well-informedness.

1 Introduction

With the widespread use of knowledge in some form of representation, the need for
verification of knowledge has become more important. In situations where knowledge-based
systems support or even replace people, reliability and correct performance are of major
importance; e.g., [20], [37]. An automatic verifier can serve as avery useful tool during the
development of a (knowledge-based) system. It makes it possible to check the knowledge,
prior to testing by identifying, for example, inconsistency, incorrectness, redundancy, and
missing knowledge, thus supporting the knowledge engineer in the knowledge elicitation and
modelling process, e.g., [29].

1.1 Syntactic ver sus Semantic Per spective on Verification

Knowledge and domain specific information are commonly described by specific
representation languages, such as rules, decision tables, frames or objects. In most literature
on verification and validation (V& V) of knowledge systems a rule-based representation
language is considered. The reason for thisis that they are the most often practically used
representation of knowledge implemented.

A number of existing approaches to knowledge base verification can be found in [1], [5],
[91, [14], [15], [16], [17], [18], [19], [21], [22], [23], [24], [23], [26], [28], [29], [30], [31],
[32]; in [37] acomparative overview can be found for some of the existing approaches. As
argued in [37], one of the problemsin almost all of the existing approaches to knowledge
base verification is that both the properties addressed (e.g., consistency, correctness,
completeness) and the techniques used for verification strongly depend on the knowledge



representation language in which the knowledge base is expressed. Most references address
the case of rule-based knowledge representation; e.g., [22], [23], [24], [26], [30], [31], [32].
Other contributions focus on decision tables (e.g., [5]), frames (e.g., [6]), or other
representation languages.

This dependency on a specific knowledge representation language leads to ad hoc
syntactical definitions of the properties, to problems in the transfer of the approaches from
one knowledge representation formalism to another one, or problemsin combing them in
hybrid knowledge bases, e.g., knowledge bases combining rules and objects with inheritance
(cf. [37]).

Most of the anomalies are checked, in practice, for the case of rule-based knowledge
representation by considering the syntactic form of the rules: syntactic verification. Such
properties are not directly interpretable independent of the knowledge representation format
used: they are not semantic notions. The main aim of this paper is to propose semantic
notions, and to relate syntactic notions from the literature to these semantic notions. In [37]
one of the research issuesidentified as to be addressed in more depth is theoretical
foundations, in the sense of formal semantics for knowledge base anomalies. This paper
indeed contributes such semantical foundations of a major part of the notions known from the
literature on verification of knowledge. Moreover, to define the semantics of these various
notions, one unifying semantical framework is offered.

1.2 TheRole of Situation-Specific Information

Reasoning processes as performed by human expert consultants or knowledge-based
reasoning systems often involve an interaction with the outside world (e.g., a user or sensor)
to obtain the situation-specific information needed in the reasoning. Therefore two
collaborating roles for providing knowledge may be distinguished: the role of the reasoner (or
reasoning system) is to provide (domain-specific but) situation-independent domain
knowledge, while the role of the client or user is to provide situation-specific domain
knowledge (information). The interactive reasoning, which results from this collaboration,
combines these two types of knowledge. From the viewpoint of the reasoner, the knowledge
acquired from the client or user may be viewed as domain information "from outside", in
contrast to the reasoner’s own (internal) domain knowledge. In [38], which inspired our view
on interactive reasoning, the situation-specific information is represented by a so-called
simulation structure, in contrast to the knowledge base, which is represented as a logical
theory. From the logical perspective a simulation structure is amodel of the theory defined by
the knowledge base.

To obtain adequate criteriafor such an interactive reasoning process to draw correct
conclusions, suitable definitions are needed of notions of soundness and compl eteness with
respect to the given domain. Basically verification can be described as a comparison between



the behaviour of a knowledge base (kB) and the requirements. But for more complex
knowledge bases it is not so clear how one should state these requirements. One could
imagine the expert to specify the input-output correspondence of the component by means of
atable defining the functionality. Thisis similar to the approach in [9] where atable of atoms
isgiven that specifies what cause leads to which effects. In this paper we will introduce a
particular view of verification by considering these requirements essentially asadomain
description defining the possible situations (W), and determine the standards for derivation
from it. Theoretically this domain description should be seen as the set of all possible
situations that can occur (e.g., at different times). Obvioudly, listing thisis not possiblein a
practical setting especidly if the number of possible situationsis very large. A useful ideafor
verification, in this case, is either to consider asmaller set of typical (crucial) situations,
which can be used as a test-set, or define the set of world situations by a set of constraints.

We will introduce a number of properties that can be attributed to akB inrelationto w,
and are interesting for verification. We will show that the usual approach to verification isto
check for specia (usually syntactically defined) cases of these more general semantic notions.
Verification, in our view, is essentially a comparison between the domain description w and
the knowledge base KB.

1.3 The Potential Problems

Errorsin aknowledge base can arise through avariety of reasons. The simplest source of
errorsis, of course, the typographical mistake. An other, often occurring source of error isthe
alteration of the system knowledge in order to accommodate wider application coverage.
Adding, changing and refining knowledge base elements can easily lead to problems. Y et
another source of error isignorance or limited knowledge of the expert or the knowledge
engineer, which can very well lead to a system with incorrect or non-specific
recommendations. The larger the knowledge base, the more difficult it is to see whether there
are errors in the knowledge base. Knowledge base properties addressed in this paper arein the
first place:
» Consistency properties
No conflicting conclusions can be made from valid information (see Section 3),
*  Soundness properties
No invalid inferences can be made from valid information. In Section 3 three variants
of definitions of soundness are put forward, which, however, (as shown in Section 3),
if the inference relation is monotonic, semantically are equivalent.
» Completeness properties
No deficiency: no valid information fails to produce desired conclusions. A morein-
depth analysis revea s that at |east three semantically different variants of
completeness can be identified (Sections 4 to 6).



A Prolog programme, DES-CHECK has been devel oped to check a knowledge base on these
notions. In addition to these properties some other useful and related properties are identified
such asimplicit definability, explicit definability, and empirically foundedness of adomain
(Section 5), and well-informedness of a knowledge base (Section 6). Moreover, a number of
theorems established the logical connections between the notions. In Section 7 it is shown
how the perspective put forward here can be used to verify more complex knowledge-based
systems. It is addressed what kinds of properties are needed in example compositional model:
ageneric process model for diagnosis. In Section 2 the basic concepts needed for the rest of
the paper are presented. The paper concludes with a discussion in Section 8.

2 Basic Semantic Concepts

Knowledge bases and situation-specific information are commonly described by
representation languages, such as rules, decision tables, frames, or objects. However, qua
representation the expressive power of alarge class of languages essentially does not exceed
that of propositional logic, especially taking into account that within representations variables
often (likein logic programming) can be eliminated by replacing them by al possible
instances that are relevant in a certain context. Of course for the computational aspects of
inferencing it may make alot of difference whether and how variables or other abstractions
are used; however, these inference process aspects are not addressed here. For a discussion on
how object- , frame like or object-attribute-val ue representations as often used in knowledge
system devel opment environments can be related to the semantical propositional
formalisation used in this paper, see Section 2.2, between Definition 2.2 and 2.3.

Therefore, as we are interested in semantical properties of a system, rather than
computational or visual properties, a propositiona approach suffices here: we will focus on
the sets of (ground) atoms that can be built in a given language rather then on the language
itself. In this manner we can abstract from the specific language that is dealt with.

Logical means are used to define two types of entities for a system, the knowledge and the
facts. Inlogic it is not common to distinguish input facts versus output facts. Also a set of
possible situationsis hardly ever considered explicitly (rather the model theoretic semantics
of aknowledge base defines such a set implicitly). We will show that both these distinctions
are important for dedicated foundations of verification.

As discussed above our approach exploits a description of the world. Such a description
isgiven by aset of situation models, each describing a possible or typical situation of the
world. The whole set describes either the set of al possible situations or a set of typical test
cases. In short, verification should check whether the output that is derived from aninput is
desirable with respect to this world.



2.1 Situation Models

In our language situations are described by afinite signature 3, a sequence of (ground)
atoms based on any given language. In areasoning component one can distinguish three kinds
of atoms according to the three subsets of the set of ground atoms At(Y) based on 3.

At(Z) = InAt(Z) u InternalAt(Z) u OutAt(Y)

They are called the input atoms, the private or internal atoms, and the output atoms. One
should note here that in the literature thisis aless common distinction as usually it is assumed
that any atom of a signature can be given (input) or queried (output). However, in accordance
with software engineering principles on information hiding, in practice thisisavery useful
distinction. The sets of input and output atoms are disjoint from the set of internal atoms, but
they are not necessarily disjoint from each other.

Here, the input atoms describe facts that are influenced or observed from outside the
system, the output atoms are those that one is interested in, and the internal or private atoms
are those that can be used to determine the relation between input and output. The latter
function as a sub goal or intermediate step in the derivations. In an inference they are derived
from inputs (or other intermediary atoms) and are then used to continue the inference so asto
reach the outputs (i.e. they subsequently serve as conditions in other rules).

A useful notation is an ordered tuple

> =< 8%, vig 0o ;hy, ho,.. >

that groups together the input, internal, and output atoms, respectively. Obviously, thes's, the
i’sand the h’s can be arbitrary words, like flu, defect(cd_dirty) and temperature(dog, high). The
propositional equivalent of an atom with avariable isthe set of al instantiations of the
variables; for instance defect(X: OBSERVATIONS) is equivalent to the set of atoms
defect(cd_dirty), defect(cd_upside_down), €tc. where X isinstantiated by all objectsthat have
been declared for the sort OBSERVATIONS.

Definition 2.1

An actua situation is described as a (complete) situation model (or complete model) N
that is atruth-assignment to the atomsin asignature 3, i.e., amapping N : At(X) — {0, 1}.
The set of complete models for signature ¥ isdenoted by CMod(z). The concise way to
show the truth assignments isto give an ordered tuple of truth-values 0 or 1 thatisin
agreement with the signature 3 (e.g., see the example world description below).

A domain (or world) description isaset w of situation models, i.e., any subset

W c CMod(3).



As an example consider the following world description
W ={Nj, N2, N3}
with respect to the signature 3 =< s1, sp, 53, 54, S5 ; i1 ; hy, ho > where

N1 =<1,0,1,0,0;1;1,0>
N> =<1,0,0,1,0;1;0,1>
N3 =<0,1,0,0,1;0;1,0>

In principle the world could be described extensionally, by listing explicitly al possible (or
interesting) situations. If the set of ground atomsisfinite, as often is the casein practice, the
set of al possible world situations will be finite. During knowledge engineering this set can
often only be acquired in the form of a sample of (the most characteristic) situation models.
Another way to describe these situationsis to give a set of axioms that serve as constraints for
the situations, see also [14], [15]. In this case aworld description is the set of al possible
situations that fulfil these constraints, which often can be chosen in such away that afinite set
remains (e.g., by giving bounds to numerical variables). However, when one wants to define
foundations of verification, one can abstract from this issue and just assume that a set of
situationsis defined, leaving open the manner in which this set of situations is described. In
this paper, sometimes the set is assumed finite, but then this will explicitly be stated.

In order to express facts about the domain more conveniently it is possible to build up
propositions from the atoms in our signature using the logical signs A (conjunction: and),

v (digunction: or), — (implication: if ... then ...) and - (negation: not). When an arbitrary
proposition p istrue/ holdsin some situation model N we will use the truth relation symbol
£ towrite N& p.

A literal isaproposition that is either an atom or a negation of an atom, and for an
arbitrary signature 3 we distinguish the sets of input literals (sometimes also called
observables) InLit(3), and the set of output literals (sometimes a so called hypotheses)
outLit(x). Furthermore ~c isdefinedas - cif cisanaomand asaif c= - a.

2.2 Information States and Knowledge Bases

It is appropriate to distinguish the models that reflect situation specific information of a
domain from the knowledge base, KB, that gives the general information about adomain.

The goa of such aknowledge base is to establish arelationship between the input and
output facts of a signature, so when given some input facts the knowledge base should be able
to derive some output facts.

In general a system does not have full accessto the actual situations. Indeed, it isthe
(unobservable) output part of these situations that one is interested in. Moreover, at acertain
moment in time only some of the observations may be available, and only some of the



conclusions that may be drawn have been derived. For example, when a reasoning component
starts to reason, not all input facts of a situation need to be known at that moment, and no
conclusions have been derived yet. Therefore the following is defined (cf. 13]):

Definition 2.2

A partial model M isamapping M : At(Z) — {0, 1, u}

For amany-sorted predicate logic variant, see [12]. Such a partial model describes the
(current) information state of the reasoning component. We will sometimes omit the word
“partial” and simply use the word “model” for a partial model. A partial model that has no
unknown atoms (a situation model, for instance) is a complete model.

In an implementation of a knowledge base in an Knowledge System Development
Environment, the information state of the component is represented by what is often called
the (dynamic) facts base. The facts in the facts base are usually represented by objects and
attributes of them. We will show how such representations can be formalized in the form of a
partial model. An attribute with a Boolean value such as in

birdl.female=false
encodes the information that the atomic statement

female(birda)

is false; this corresponds to the symbol o in a partial model, assigned to the atom
female(bird1). Similarly, a Boolean value true corresponds to a symbol 1 in a partial model; for
instance male(bird1) has the truth value 1. An attribute with a non-Boolean value codes a set
of atomic statements. For example the expression

birdl.color = grey
stating that the attribute colour of bird1 has the value grey, encodes the information that the
propositional atomic statement

colour (birdl, grey)

is true. In the same time we can have the information that colour(birdy, red) is false. The
attributes for which no values are filled in in the objects base may be interpreted as
‘unknown’ or as ‘undefined’. These express the partiality of the information state; they
correspond to the symbols u in a partial model. Assume that we do not have information
about the attribute ‘size’. Then both

size(bird1, tall)

size(bird1, small)
are unknown. So this for simple example we can build the partial model, corresponding to

<female(birdl), male(birdl), colour (birdl, grey), colour (birdl, red), size(birdl, tall), size(birdl, small)>

in the following manner:



<0,14,10,u,u>
Notice that there may be some dependencies between the different atoms. We will not discuss
these at this place.

Definition 2.3

Associated with any (partial) model M we define the input model I1n(M) that copies the
input truth-assignment of M, but assigns u to al other atoms, and similarly the output
model Out(M). In connection to aworld description W we define the sets In(w) and
out(W) asthe sets of input models respectively output models that are associated to the
situationsin w.

) oAy |1 0 u ovy |1l 0 u e—>y |1 0 u
1|0 1/1 0 u 111 1 1 1/1 0 u
0|1 0/0 0O 0|1 0 u 01 1 1
uju uju O u u(l u u u/l u u

Figure 1 Strong Kleenetruth tables

Because we use Strong Kleene semantics (cf. [13]; see Fig. 3), the truth or satisfaction
relation = appliesto partial models too, and we can express the truth of aproposition p ina
(partial) model M by M = p. Thisnaturally leads to an dternative representation of partial
models by a set of literals, i.e. the set of al literalsthat aretruein M. Thusall atoms
mentioned in this set are known (either true or false), whereas the literals not in the set are
assumed to be unknown. Y et another way to represent such a partial model isby a
proposition: the conjunction of the literalsin the related set of literals. This conjunction will
contain al literals that are known, and any atom that does not occur has truth-value unknown.
Note that we are using partial logic here. This has arelation to the fact that we do not
assume the closed world assumption, so negations must be explicitly observed, or deduced.
An essential part of partial logic is the refinement relation as defined below: This can be
understood by defining a partia ordering on the set of truth valuesby u<o, and u<1.

Definition 2.4
Let M and N betwo arbitrary partial situation models with respect to asignature X.
Now N isarefinement of M, denoted by M < N, if for al atoms acAtx) it holds
M(a) < N(a). Equivalently,
M<N & VcelLit() MEc= NEkcC



Derivation or inference in our view is a process that sequentially derives new facts from old
ones, thus dways refining the partial model representing the current information state. In
essence, we view inference as a process of refinement, and in particular we would like to
refine the (observable) input model to the complete model that describes the actual situation
that is under consideration. Here the following property is essential.

Lemma?25
For any (partial) model M, it holds In(M) < M.

Another important property of input modelsis that they maintain the refinement ordering.

Lemma 2.6
For any two (partial) models M, N such that M < N it holds: In(M) < In(N)

Given aset of models Vv it is sometimes useful to consider the set P(v) of partial models that
can be refined to amodel in V. For aworld description w the set P(w) can be viewed as the
search space of the system. Reasoning is a process that starts with a partial situation model or
information state, and subsequently tries to refine this model until an answer is found.

Theset P(In(W)) gives usthe set of all possible (partia) inputs of adomain. As we stated
before in the literature the set of possible inputs is often described by a set of constraints that
an input model must obey. The following lemmais useful when using the operator P.

Lemma 2.7
For any world description w, we have P(In(W)) = In(P(W)). 0

We base our notions on agiven inferencerelation + that is assumed monotonic and sound
but not necessarily complete (for example chaining, or unit resolution, or Horn resolution, or
full resolution). Based on this given (generic) inference relation any language that is used to
formulate a knowledge base will have an associated (specific) inference relation; the notation
M kg p denotesthat aproposition p can beinferred from the information represented in a
model M by the inference relation associated with KB. In fact we consider +— asaternary
relation (instead of abinary relation as usual) due to our strict separation of situation
independent domain knowledge from situation-specific information.

For aknowledge base in rule format (if-then-rules) an obvious inferencerelation is
chaining. Our rule format will consist of implications that have only one literal as conclusion,
and a conjunction of literals as their condition. Having anegation in aconclusion is
sometimes not alowed in the literature (if one restricts oneself to Horn-clauses, for instance).
Continuing the example above we shall consider the following kB for the signature



Y =<85,%55 S ;i1;hg, h2 >

SIA S — i1

% i
i1 A 3 — hy
i1 A — ho

We will list some criteriathat are useful to enforce on an inference relation. Conservativity
seems obvious, that what is already known in amodel can be derived from it (and, in fact
cannot be overwritten by other inferences). Monotonicity impliesthat alarger input should
infer alarger output. Chaining is an example of an inference relation that obeys these
properties.

Definition 2.8
Given aknowledge base KB, any proposition p, and arbitrary models
M, N e P(W), all with respect to asignature X, we distinguish the following properties for
the inference relation related to the knowledge base:
- conservativity M Ep implies M kg p.
- monotonicity  In(M)< In(N) implies InM)Fkgp = In(N)-kgp.

Even though monotonicity seems very intuitive, in practice it is not used in many systems.
A frame system, for instance, may specify default attribute values. These defaults are
assumptions that may be (non-monotonically) retracted later. Also systems that use the Horn
clause subset of predicate logic are often non-monotonic. They often apply the closed world
assumption and the absence of an atom is interpreted as a negation. This negation may need
to be retracted when the atom later becomes known. In this paper monotonicity isimportant
for verification of properties like correctness, and soundness.

2.3 Forcing

A question one might ask oneself in light of verification is how one should specify the desired
behaviour of areasoning component. One could imagine the expert to specify the input-
output correspondence of the component by means of atable defining the functionality. This
issimilar to the approach in [9] where atable of atomsis given that specifies what cause leads
to which effects.

Our ideaisto just consider the domain description W itself, and try to determine the
standards for derivation from it. Here we consider the fact that some relation |=w specifies
what a knowledge base should derive.

10



Definition 2.9
Given adomain description W with respect to asignature 3, apartial model M € P(W),
and an output literal h e OutLit(3). Themodel M forcestheliteral h within w if and
only if h holdsin every complete refinement Ne W with N=M. We will use the
notation |-w that isdefined by:
MEwh & VNeW [N>2M=NE h]

In away this notion sets a standard for the knowledge base, what are the hypotheses it should
derive given some partial model. Before we proceed we will mention a number of useful
properties of forcing.

Lemma 2.10
a) For any model M e P(w) and proposition p itholds M=p = M |rwp
b) For any two models M1, Mo e P(W) and proposition p suchthat Mq <M, it holds

MilFwp = M2 [Fwp

Here a) istrivia; the proof of b) runsasfollows. If N=M, then N>M; which together with
M1 |ew h implies N= h for arbitrary N ew. We have Ms |=w h.

In general the properties for forcing and inference are closely related, and what is natural
for forcing can be enforced on inference. The main theme of this paper isthat thisis what
verification should check. The following corollary paralels conservatism and monotonicity,
if one remembers Lemma 2.6 by which M < N implies In(M) < In(N). Like monotonicity
does for inference, the following corollary then says for forcing that alarger input model
forces alarger output. In fact this may be seen as the reason for assuming monotonicity of
inference in the first place. Also the conservatism property is satisfied for forcing.

Corollary 2.11
a) For any model M e P(w) and proposition p it holds
INMM)E p = In(N) |Fw p
b) For any two models M e P(w) and New suchthat M < N it holds:
IN(M) [ewh = In(N) |=w h

The proof usesthat if M <N then In(M) <In(N) which follows from Lemma 2.6; then
Lemma 2.10 can be used.

Lemma2.12
For any model NeW: In(N)|rwh = Nk h

11



Since N=In(N) the definition of forcing immediately proves the lemma.

2.4 Verifying a knowledge base

Besides defining foundations verification, it is important to be able to actually verify a
knowledge base in practice. In this light we should make some remarks about complexity.
First of all, there are exponentially many more modelsin P(w) than therearein w.
Therefore, checking inference +kg against forcing =y will probably be more complicated
than checking it against truth =. Usually there are many modelsin w so to compute forcing is
time consuming. Moreover, no domain description is considered in the literature. These
might be the reasons why verification in the literature has only considered the truth relation.

Now thereis a problem between forcing, on the one hand as the basis for verification, and
on the other hand as the more complicated property to check. A solution is to consider
particular illegal constellations of rulesthat can be proven to violate one of our notions. In the
literature this (special case) approach to verification has had alot of emphasis, mainly
because special occurrences of rules are more easily checked than the more difficult notions
like soundness, completeness, etc.

The following notion describes what the test is that the knowledge base makes for the
hypotheses in terms of the observables. It defines a proposition that isinduced by a
knowledge base for each hypothesis.

Definition 2.13
A knowledge base expression of aliteral h in OutLit(X) isaproposition p interms of
the observablesin InLit(z) suchthat h can be deduced from M via KB exactly when p
istruein any situation M e W :

INM)ep & In(M)Fkgh

In arule-based system, with chaining as inference relation, this proposition can be found in
the form of a digunction of conjunctions of literals. The disjunction in a sense lists all
possible cases (conjunctions) that lead to an hypothesis h. If nothing concludes hypothesis h,
then the proposition for that hypothesis h isawaysfase (i.e., an empty digunction).

Example2.14
Consider asignature< p, g ; r >, and a knowledge base with just two rules
KB={pagq —» -r,-p — -r}. Then aknowledge base expression for the output literal
-r isthedigunction (pAq) v ( -~ p). Of course, asubtlety arisesif some inputs do not
arise in ainput description. For instance, if wj, = { <0,1>, <1,0>, <0,0> } an alternative
knowledge base expression is ( - p ) describing the starting point of the only “relevant”
chain.

12



If h isan element from outLit(Z) thena knowledge base expression will be made not only
for n, but for its negation - h aswell. This expression is not necessarily the negation of the
proposition p for h. A knowledge base expression is particularly useful when implementing
verification of correctness and decisiveness of knowledge bases with respect to domain
description, as will be shown in following sections.

3 Consistency and Correctness

An important issue in the verification of knowledge-based systems isto assure that the
knowledge applied by the system does not derive any contradiction. There are two related
notions lying behind this statement. First, we want the knowledge base to be such that it does
not derive two conclusions that are inconsistent. Secondly, we want the conclusions to be
consistent with the domain we are considering. These two notions are related as will be
shown below.

3.1 Consistency

A first property that we define here is consistency: we would like inference to be such that
one and the same model can never lead to some proposition aswell asits negation. If a
knowledge base has this property under an inference relation, we cal it consistent.

Definition 3.1
Given a set of partial models sfor asignature X, and an inference relation +~kg. We say
that the inferenceis consistent if for any model M e S and proposition p

never Mi-kg p andM kg - p.

The common definition of consistency is that two rules (or inferences) are inconsistent if they
succeed in the same situation, but have conflicting results. In our view, it misses the point that
the input models that |ead to these inconsi stencies may never occur. Therefore we formulated
consistency as a property of the knowledge base with respect to a certain domain description.

3.2 Correctness

A system is correct w.r.t. adomain description w when it holds for any specific situation
model N ew that if an output atom or its negation isinferred from the input information in
that situation N, viathe KB, then it must also betruein N. Thisisanotion that is commonly
used in the literature of verification.

13



Definition 3.2
Assume W isadomain description with respect to asignature 3, and a knowledge base
KB. Then KB iscorrect with respect to w if for al output literals h e OutLit(3) the
following holds:
YNeW InN)Fkgh = NEh

Closely related to thisiswhat we call soundness. This checks whether what is derived from
the input in an actual situation should indeed follow from that input. In the previous section
we described that forcing will be used to set the standards. The main difference with
correctnessis that we use the forcing relation |=w instead of the satisfaction relation .

Definition 3.3
Assume adomain description W with respect to asignature 3, and KB aknowledge
base. Then KB isweakly sound with respect to w if for all output literals h e OutLit(3)
the following holds:
YNeW InN)Fkgh = In(N)|=w h.

Because an inference can take place aso when we have only partia input information about a
situation, we will define a second kind of soundness that checks the above property for all
possible partial models instead of only the complete models.

Definition 3.4
Assume adomain description W with respect to asignature 3, and a knowledge base
KB. Then KB isstrongly sound with respect to w if for all output literals h e OutLit(3)
the following holds:
YMe PW) InM)-kgh = InM) |rw h.

The last of the above three definitions seems to be the strongest because it checks all possible

partial modelsinstead of only the complete models. Moreover, it checks forcing instead of the
simpler holds relation. However, it can be proven that for a knowledge base with a monotonic
inference al these notions are equival ent.

Theorem 3.5
Let w be adomain description and KB a knowledge base with respect to signature X. If
the inference relation + kg IS monotonic with respect to w, then the following are
equivalent:
(i) KB isstrongly sound with respect to w.
(i) kB isweakly sound with respect to w.
(iii) KB iscorrect with respectto w.
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The proof can be found in the Appendix. The notion of correctness (soundness) isrelated to
consistency as defined in Section 3.1. Indeed, if a knowledge base satisfies the weak
soundness we can prove consistency.

Theorem 3.6
If aknowledge base KB isweakly sound with respect to w, it is aso consistent with
respect to In(w) and output atoms.

The proof runs asfollows. If KB isweakly sound we know for any model N ew and output
aom h e OutAt(3) that if In(N) kg h and In(N) -kg - h then these two facts together imply
In(N) [rw h and In(N) [rw - h. Inturn by Lemma2.12 thisimplies N= h and Nk -h. This
isacontradiction, so KB is consistent with respect to In(w).

If arule set contains rules that lead to contradicting results, the behaviour of the knowledge
baseis not clear. The final advice the expert system gives will depend on the strategies for
selecting rules. It is possible that incorrect conclusions will be drawn.

3.3 Verifying Consistency and Correctness
When verifying correctness the notion of rule-based expression turns out useful. Consider the
signature ¥ =< si,, 83,4, S5 ; i1; h1, hp > and the domain description W given by:

N1 =<1,0,1,0,0;1;1,0>
N =<1,0,0,1,0;1;0,1>
N3 =<0,1,0,0,1;0;1,0>

that was reasoned about by the KB with rules:

SIA S - i1

s o1
i1 A S3 — hy
i1 A g — ho

Correctness can be established by considering all possible inferences to hypotheses. For
example, because In(N7) s ~sp italowsthechain

SIA S —i1 ; i1 AS3—> hy
Thush, can beinferred by KB, and therefore In(Ny) kg hy . Correctnessis obeyed, because
N1~ hy. No other inference chain leads to an output from In(N4) . Because we do not assume
the closed-world assumption we cannot derive (by failure) any negations of hypotheses.
Next, In(No) alowsthechain ;A =sp —i1;i1 A s4 = hy, SO In(Ny) kg ho. Thereisno
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incorrectness because Ny~ ho. Finaly, In(N3) alows nothing to beinferred viathe KB, so
correctness holds automatically here.

A program can check the knowledge base expressions (see Definition 2.13) of every
hypothesis and its negation. In this way it is easy to check whether e.g. In(Ny) infers hy by
taking the proposition p associated with hq, and checking whether In(Ny) makes p true. If
so, then check whether Nj = hj. Do thisfor every hypothesis and its negation, i.e. do it for
every proposition that has been built. The following lemma allows one to easily check for
correctnessin this way.

Lemma3.7
Let p bethe knowledge base expression for aliteral h from oOutLit(Y). If all modelsN
eW suchthat In(N) = p asosatisfy N = h thenKB is correct with respect to W.

There is no need to check weak and strong soundness once correctness has been checked,
because (assuming the inference relation is monotonic) they are equivaent by Theorem 3.5.

Lemma 3.8
If al rulesr in KB aretruein al models of w, then KB is correct with respect to W.

Another way to verify correctnessis given in the above lemma. It is possible to check whether
eachruleof KB istrueinal modelsof w. Thisfollows as one can easily show that then any
chain of rulesthat istrue in amodel, provides a conclusion that istruein that model too. By
Theorem 3.6 we have then automatically checked consistency.

The literature considers several special cases of rules that make a knowledge base
inconsistent. Some of these are self-contradicting rules and rule-chains, and more important,
contradicting pairs of rules and rule-chains. The first two cases, those of self-contradicting
antecedents in rules and rule-chains, are not consistency in the semantic sense. They will be
considered as a case of redundancy later.

« self-contradicting rule:
This is a rule which contradicts itself and of which the negation of its conclusion occurs in
its antecedent. For example, pagq — - p.

« self-contradicting chain of inference:

Same as above, but the contradiction does not occur until after some inferences. For
example, pag—r;ras—-p.
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If they occur in reasoning sessions, these examples are shown to be specia cases of our
definition of inconsistency asfollows. For - p to beinferred, p hasto betrue (in both
examples); so, In(N)+ kg p. Now assume (considering both examples) g and s (inthe
second example) arein In(N), then In(N) -kg - p, and the inconsistency follows.

For self-contradicting inferences it is checked if the conditions that have to be true to
derive the contradiction are ever true ssmultaneously in amodel. When all the conditions of a
rule or chain are input literals then the contradiction is easily verified in the models. However,
if one of these conditions contains an internal literal, it is somewhat more difficult to seeif the
internal literal istrue for amodel. Thisis because internal literals are not specified in models
(only input and output literals). To check the truth value of an internal literal in amode, it is
checked if the observablesin one of the models together with the rules from the KB infer the
internal literal. When all conditions, that have to be true to infer a contradiction, aretruein
the model (input and internal literals), the contradiction is aso implied by the model.

* contradicting rule-pair:
This is the case when two rules succeed with the same antecedent, but with conflicting
conclusions. For example, paAq—spag—-s.

« contradicting chain of inference:
Same as above, but the contradiction happens after some inferences. For example, p - q;

gorand poss;s—o-r.

Note that verifying contradicting rules can lead to an extra possibility of contradiction, one
that is not considered when checking without a domain description. In a model a conflict can
not only occur when two rules or chains of rules with conflicting conclusions have equivalent
conditions, but additionally conflicts occur for rules with different conditions and conflicting
conclusions. For example, consider the following rules: pa-q —s,and p ar — -s. Without
a domain description the conflict is not detected, but a conflict arises in a model if p,-q, and
r are true simultaneously. If no such model exists in the domain there is no inconsistency.

These examples are special cases of our definition of inconsistency too. Take for example
the two rules from contradicting rule-pairs: p Aq—s; p A q— - s Apply the definition of
consistency and one can see In(N) kg sand In(N) kg - s, where In(N) is the input part of
model N, here based onp and q.

4 Weak Completeness and Gapsin the Knowledge Base

The development of a knowledge-based system is an iterative process in which knowledge is
tested, added, changed, and refined. This iterative process can leave gaps in the knowledge
base, which both the knowledge engineer and the expert may have overlooked during the
knowledge acquisition process.
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In the previous section the direction of verification was from the knowledge base back to
the world. For any derivation it was checked whether it violated any criteria set by the world.
In this section the direction will be reversed, and the ideais that the standards as set by the
world must be achieved by the inferences. In general thisis called completeness; aswill turn
out in this and subsequent sections three different types of completeness can be defined.

The gaps or missing rules may or may not be easy to detect, but they usually indicate that
an intended derivation is not possible. Thisincompleteness may be intentional or not;
intentionally missing rules relate to those cases where the omitted rules do not have any
bearing on the task at hand. Unintentionally missing rules are aresult of omissionsin the
devel opment process.

4.1 Weak Completeness

Usually incompletenessisindicated by agap or missing rule. If a hypothesis should be
derivable from an input model, possibly because it holds in a situation with that input, but a
derivation of that hypothesis cannot be performed then there may be some missing rules.
Suwa et d. [31] have informally defined missing rules as follows: "A situation exists in which
aparticular inference is required, but there is no rule that succeedsin that situation and
produces the desired conclusion.”

Such adefinition is based on a knowledge base in a certain format. But what it doesin
essence is to capture a relation between “a desired conclusion” and “a particular inference”. In
our formalism this can be defined as a relation between forcing |=w and inference kg asin
the following definition.

Definition 4.1
Assume a domain description W with respect to a signature 3, and a knowledge base
KB. Then KB is weakly complete with respectto w if for all output literals h
e outLit(x) the following holds:

VNeW In(N) Fwh = In(N) Fkgh

Note that weak completeness is the converse of weak soundness. These two notions,
soundness and weak completeness show the essence of verification as described here. They
show most clearly the comparison between forcing and inference. Where the notions of
correctness and soundness w.r.t. a domain description were shown to be equivalent, the
notions of (weak/strong) completeness and decisiveness (as will be defined in subsequent
sections) are not equivalent. They are, however, if some additional properties of the
knowledge base and domain description are satisfied (i.e., well-informedness and empirically
foundedness, introduced in Section 5 and 6).

Consider the following example again.
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W: N1
N2
N3

<1,0,1,0,0;1;1,0>
<1,0,0,1,0;1;0,1>
<0,14,00,1;0;1,0>

SIA 7S — i1
-S5 - i1
i1 A 3 — hy

i1 A4 — ho

The knowledge base in the example is not weakly compl ete because the input of N, forces

- hy, and theinputsof N; and N3 both force - h,. These hypotheses are not inferred from
the appropriate inputs, for the simple reason that there is no rule that contains these literals as
its conclusion. We should add ruleslike s, — - h; and - s4 — - h, to make the knowledge
base weakly complete with respect to W.

4.2 Gapsin the knowledge base

Checking for weak compl eteness can be complex mainly because forcing is a complicated
notion. In line with the literature, we have identified five cases indicative of gaps (incomplete
information): unnecessary literals, dead ends, unreachable literals, unreachable rules, and
illegal literals. The main intuition behind these special casesis that the occurrence of an atom
in the signature indicates that the atom is needed to determine (it hel psto force) the truth of
some hypothesisin some situation. An atom a is essential for the forcing of an output literal
h if any model that forces h either assigns unknown to a or its sub model with unknown
assigned to a does not force h. We will try to show that the cases below can be seen as
special cases of failure of weak completeness.

* Unnecessary literals
A literal that is mentioned in the input signature is unnecessary if it is not mentioned in
any rule, neither in the antecedent nor in the conclusion, and if it is not mentioned in the
output.

In the latter case, the literal can have a value through interaction with other components and
pass that value on. Then an input literal is necessary even if it does not occur as an antecedent
of any rule, and an output literal is necessary even if it does not occur as a conclusion of any
rule.

For exampl e suppose we have the relation problem with the set of legal values (input-
objects) {cd_dirty, cd_upside down, power_off}. If problem(cd_dirty) and problem(cd_upside_down)

19



occur in the antecedent of arule in the knowledge base, but problem(power _off) does not, and
problem(power_off) does not occur in the output signature then either the knowledge baseis a
rule short or the atom can be deleted from the input signature.

This can be seen as a specia case of failure of weak completeness. Suppose thereisa
model N, with theliteral sinit, that forces an output h (so In(N) = h), and the output h
cannot beinferred from In(N) and the knowledge base (i.e., In(N) ¥ kg h). Thisis because
thereis no rule that uses the litera sin question as part of its condition. So weak
completeness does not hold, and thereisamissing rule. Then again, if the literal in question
isnot used in any model to force h then it is unnecessary.

* 1llegal literals
Thisisthe case when arulerefersto aliteral that does not occur in any signature. For
example, problem(power_off) occursin arule’s antecedent but does not occur in the input
or internal signature.

The same holds for output literals. Some conclusion is drawn by arule in the knowledge base,
but that conclusion is not part of the output signature nor isit part of the internal signature.
Conditions are not allowed to come from the output signature, unless they are declared in the
input signature as well. In the same way, conclusions can only be input literalsin they are
declared in the output signature as well. Actually, the occurrence of illegal literalsis not really
part of weak completeness, but it is more a declaration error.

This part isactually akind of syntax checker aswell: if one misspells something, like
problem(cd_dirty), then thisis determined to be anillegal literal, because problem(cd_dirty) is
theright input literal. Illegal literalsin models are values which are declared in the models-
file, but which are not declared in the signatures of the component.

* Dead-ends
A dead end occursin an inference chain if afact, that is not an output, is concluded and
does not form a part of the antecedents of any other rule. So qisadead end, if intherule
p — q, thelitera q isno output and is no part of the antecedents of any other rule. A
dead-end related to amodel occurs when from the observables of amodel viathe KB the
dead-end can be inferred.

* Unreachablerules
A ruleis not reachable if one of its conditionsis not concluded in any rule, and is not an
input literal. This means that the rule will never be used in a chain. Unreachability of rules
does not depend on whether or not a domain description is considered.
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* Unreachableliterals
This happens when thereisaliteral that is concluded in arule, but the rule itself and all
rules that conclude it are unreachable. Thislooks alot like unreachable rules, but there is
adifference. Consider therules s— h and i — h. The second rule is unreachable if there
are no rules that conclude the internal. This does not mean that the output hypothesisis
unreachable. The output is still reachable but through the first rule. One could in fact
merge unreachable rules and unreachabl e literals into one, because every unreachable
literal is aso part of an unreachable rule, so it will be reported twice (the opposite does
not hold, i.e. not every unreachable rule contains an unreachable literal).

This can also be seen as a specia case of failure of weak completeness: say r isforced by
In(N) (SO In(N) [=w ), butitisnot possibletoinfer r (i.e. In(N)»ggr) becausetherule(s)
that conclude r are unreachable. So, the knowledge base is not weakly complete. In the same
trivial way it can be shown that dead-ends, unreachable literals, and unreachable rules are
specia cases of lack of weak completeness.

5 Empirically Foundedness and Decisiveness

Our basic intuition behind verification is that one should check whether the knowledge base
in some sense fits the description of the world, i.e., that it always gives the right answer about
the output atoms. In order to answer this question it isimportant to know whether the
signature that is used to describe the world is detailed enough to make such a knowledge base
at al possible. It simply may be the case that the domain description is underspecified, and
due to this fact there cannot be found a knowledge base that aways gives the right answer.
This section addresses this.

5.1 Empirically foundedness

We would like the domain or world to be described in such away that each hypothesisis
testable in terms of (can be connected by reasoning to the) observables; this criterion is also
extensively discussed in the literature on the Philosophy of Science; e.g., [10]. An obvious
way to check thisisto make certain that for any output literal h thereisaproposition p in
terms of observablesthat is equivalent to it in all situation models (inspired by [3]).

Definition 5.1
The hypotheses (or output literals) of asignature 3 are explicitly definable with respect
to aworld description w if for every output literal h e OutLit(x), thereisaproposition p
in terms of the observablesin InLit(X) such that any situation N e W it holds
NEh & NEDP
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This definition would seem to imply that every hypothesis has to be given a proposition, but
how such a proposition can be found is not said. Aswe defined in Section 2.4 the knowledge
base givesrise to a proposition of input literals for each hypothesis. Aswe will show in
Section 5.3 what we want for decisiveness is that this knowledge base expression satisfies the
criterion of explicit definability.

A more implicit way to check whether aworld description is empirically founded is given
in the following definition (inspired by [3]).

Definition 5.2
The hypotheses (or output literals) of asignature 3 are implicitly definable with respect
to aworld description w if for every pair of situations N1, Ny € W it holdsthat if N
and N, have the same observables (or input literals) then they must have the same
hypotheses as well:
IN(ND =In(N2) = Out(N7) = Out(Np)

This property will turn out to be important, because it is an easy testable criterion for
decisiveness, see Section 5.2; no knowledge base is decisive unless the hypotheses of aworld
description are implicitly definable.

Definition 5.3

A world description W with respect to asignature 3 isempirically founded if for every
output literal h e OutLit(3)

VNe W NEh = InN)|-wh
An equivalent way of defining thisis:
VNe W In(N) [=w h v In(N) [Fw = h

The inverse implication was aready shown to hold in Lemma2.12 and then it is not too
difficult to prove that empirical foundednessis equivalent to explicit definability aswell asto
implicit definability.

Theorem 5.4
Assume adomain description W with respect to a (finite) signature 3. The following
statements are equivalent:
(i) The hypotheses are explicitly definablew.r.t. w
(if) The hypotheses areimplicitly definable w.r.t. w
(iii) w isempirically founded.
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The proof can be found in the Appendix. It is easy to see that the domain description in the
examplein Section 2 is empirically founded because the hypotheses are implicitly definable.
Consider the models of the domain description:

N1 =<1,0,1,0,0;1;1,0>
N> =<1,0,0,1,0;1;0,1>
N3 =<0,1,0,0,1;0;1,0>

Clearly the hypotheses are implicitly definable because all input models are different. We
then also know that the hypotheses are explicitly definable, and indeed for each hypothesis
there exists a proposition that is equivalent in all models: for instance, for al Ne W

NE hy & NE(SIA "SHA IV S5
NE hy & NESIA-SHSA S
NE-h; o NESIA"SHA-S3
NE-hy & NE-g

Note that these propositions are made from the models are just examples of propositions
that obey the definitions. They are not the simplest that are possible, nor identical to the
knowledge base expressions shown in Section 2.4. However, we want the rule base
expressions to form explicit definitions of the hypotheses.

Domains may exist for which domain descriptions have been modelled that are not
empirically founded. Aswill be discussed in Section 5.2 below, for such domainsitis
impossible to find a knowledge base that fulfils certain desirable properties (i.e.,
decisiveness, see below), since the existence of such a knowledge base implies empirically
foundedness. In such cases it is very useful if in an analysis of aknowledge base it can be
found out that in fact the domain description is the cause of the problems. These problems
can usually be solved if additional observation possibilities can be added to the domain
description that alow for discrimination between hypotheses that cannot be discriminated
within the given domain description.

5.2 Decisiveness

Not only do we want adomain to be empirically founded (the definition can be paraphrased
as the hypotheses are in principle testable with the observabl es), we moreover want the actual
knowledge base KB to perform thistest. Thisis expressed by the following definition where
each literal that istrue in amodel of the domain can be inferred from / tested with the input.
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Definition 5.5
Assume adomain description W with respect to asignature X, and a knowledge base
KB. Then KB isdecisive withrespectto w if for all output literals h e OutLit(3) the
following holds:
YNe W NEh = In(N)Fkgh
If KB is correct with respect to W, then an equivaent definition is:
YNeW In(N)-kghvIn(N)-kg —~h

A variant of this notion was introduced (under the name compl eteness) in [33]. Note that
decisivenessis the converse of correctness. Moreover, decisiveness can be viewed as a variant
of completeness, because if ahypothesis h istruein N, and h cannot be inferred from the
observablesof N by KB, then KB isincomplete (i.e. arule should probably be added), or of
course W istoo large (i.e. it contains a counter example that may be deleted).

Notice that Definition 5.5 only guarantees that a hypothesis can be decided upon if
sufficient input is available; e.g., in any case a complete input model suffices. In practical
cases often only a partial input model will be present. It then depends on the situation whether
or not a hypothesis can be decided; Definition 5.5 gives no guarantee for an arbitrary given
partial input model. However, what Definition 5.5 does guarantee is that there at least existsa
suitable extension of the input information that allows to decide upon the hypothesis. A
knowledge base that is not decisive does not give such a guarantee. A decisive knowledge
base has this guarantee and thus this property supports the use of (e.g., heuristic) information
gathering strategies to extend the input information. Decisiveness saysthat if the strategy
ultimately can exhaust the acquisition of al possible input information (e.g., some form of
A*-search), then there will be apoint in time that sufficient information is available to make a
decision on the hypothesis.

The definition of decisiveness parallels the definition of empirical foundedness (see
Section 5.1) and thus imposes a (possible) property of forcing onto inference. Indeed, the
criterion that distinguishes weak completeness from decisivenessiis precisely the empirical
foundedness of the domain as defined in Section 5.1.

Theorem 5.6
Assume adomain description w, and a sound knowledge base KB with respect to a
signature X. Then the following notions are equivalent:
(i) KB isdecisivewith respect tow
(i) KB isweakly complete with respect to w and w is empirically founded.

The proof can be found in the Appendix. In [34] the situation is addressed where the
observables in adomain have alayered structure, such that decisiveness can be achieved
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(only) if the observations of all layers are allowed, but if only observables of some of the
layers are taken into account, then decisiveness does not hold. The layered structure of the
observables induces a number of levels of relative incompleteness. In [34] methods are
presented to focus observation such that a higher level of decisiveness can be achieved taking
into account only the relevant observations of the next layer.

5.3 Verifying decisiveness

Decisivenessis not avery difficult notion to check, because one just considers all models and
checks whether the knowledge base expressions are satisfied. Thisisrelatively smple
because only the complete models need to be checked, and one does not need to consider
forcing. The following two observations can be made for decisiveness:

1. A knowledge base does not always have to be decisive (especialy not in the case of
domains that are not empirically founded).

2. When a component is decisive, then the closed world assumption could be applied to
the part of the knowledge base involved in derivation of output atoms to obtain
conclusions about the negative output literals.

Shortcomings in decisiveness are mostly unintentional. Consider the example domain
description W ={N7 , N2 , N3 } with the models:

N1:<10,140,0;1,0>

N3 :<0,1,0,0,1;1,0>
Now consider the next KB with thisset w:

S1 AT S —ig

i1 As3 > hp

i1 A4 > ho

-4 == hy

ss —hy

T3 AT o h

In the exampl e decisiveness can be established. First of al, the hypothesesin w are checked
for implicit definability (see Definition 5.2). It is easy to see that the hypotheses are implicitly
definable. Now, the system can be checked for decisiveness (according to the definition). An
easy way to check if In(N)~kgh isgiven inthefollowing lemma.
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Lemmab5.7
Let p bethe knowledge base expression for aliteral h from outLit(y) . If al modelsN
eW suchthat N = h alsosatisfy In(N) = pthen KB is decisive with respect to W.

Thustesting In(N) kg h isreduced totesting In(N) = p, whenever Nk h (as was used for
explicit definability; see Definition 5.1). For example, for the hypotheses h; and h, the
following propositions can be built from KB:

P=(1L A2 AS3)V S5
P=SL AT 2 A

Now the following applies:

NE hy < In(N)E (SIATSHASY) VS
N E hy ~ In(N) = StA- S A

Thismeansthat if hy; istrueinan N say N; thentheobservablesin N; will have to make
p (i.e, (51 A~ s As3)V s5)trueand vice versa.

Thisisthecaseasonecansee(s; ,~ sp and sz aretruein Np ). Now decisiveness for
model N; canbeeasily verified:

N1E hg & In(NpDFkB 1,
N1 k& = ho & In(Np)+kB—h2

So, with respect to the model N; the knowledge base KB isdecisive. It isnot hard to see
that with respect to the other two models decisiveness also holds. It isimportant to note that
with thisway of testing, a proposition can be built only for literals that are concluded by the
rules in the knowledge base. If aliteral istruein amodel, but thereis no rule that concludes
that literal, then the proposition associated with that literal isfalse, and consequently KB is
not decisive for that model.

The concepts of correctness and decisiveness are relative with respect to theworld w of
real situations. This appearswhen W is expanded with new situations. It can very well be
that in the new reality the system is not decisive anymore for every situation.

For example: if one adds situation model N4 :<0,0,0,1,1;1,1> to W thenthesystemis
still correct, (In(Ng) -k g h1 = Nak hy, and neither h, nor its negation can be derived from
the observablesin Ng and the KB). But the knowledge base is not decisive anymore:

Ng = hy = In(Ng) FkB hy,
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but
Nzt ho and In(Ng) kg ho,

i.e., In(Ng) does not make the knowledge base expression of h, true. So the thing to do now is
to shrink w to get a knowledge base that is decisive or to add arule to make it decisive. For
example one could add rule

SEVN Al
This gives an explicit definition for hy in the form that
NEh) ©NE (SIA"S2ASY) V(4 A B

but it is up to the expert or knowledge engineer to determine which observables are to be used
for thenew rule; s4 A ss— hy isjust aproposal.

A domain can be tested for the possibility of a decisive knowledge base by looking at
implicit definability. If implicit definability does not hold then the system cannot be expanded
in order to make it decisive.

For example, if N5 :<1,0,1,0,0; 1, 1> isadded to the world of modelsthen it is easy to
see that implicit definability does not hold:

In(N7 ) =In(Ns) and Out(N7 ) = Out(Ns)

The system now needs extra observables to distinguish between the two models, so no matter
what a decisive knowledge base will not exist.

Note that checking decisiveness can be reduced to checking implicit definability and then
checking weak completeness. Thisis because of Theorem 5.6, and the fact that both
definitions use complete models.

6 Strong Completeness and Well-infor medness

The previous two notions, weak completeness and decisiveness, are both converses of the
notions of weakly sound respectively correct. The remaining case, strong completeness, is
addressed in this section.

Intuitively, a knowledge base should obey the desirable property that it uses aslittle
(input) information as possible. Having too many inputs, as well as having too many rules
negatively influences the performance of a knowledge base. But there are several waysto
violate this property. On the one hand the knowledge base contains superfluous rules
(redundancy or subsumedness), but the inference can still be correct and decisive. On the
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other hand, having an inadequate collection of rules or conditions may lead to undesired
behaviour, where unnecessary input is asked for.

6.1 Well-informedness

In this section the concept well-informedness is introduced. In the literature one sometimes
speaks of unnecessary if-conditions, and Nguyen [23], [24] treats these as problems of
consistency. We believe, however, that the subject is broader, and for this reason a section
will be devoted to the subject of well-informedness.

Before giving aformal semantical definition, we will describe the notion well-
informedness intuitively. In general, we would like a knowledge base to obey the property
that it uses as little (input) information as possible. Having too many inputs, as well as having
too many rules negatively influences the performance of a knowledge base. An occurrence of
thisis often referred to in the literature as unnecessary if-conditions. But there are severa
ways to violate this property.

On the one hand, a knowledge base can contain superfluous rules (redundancy or
subsumedness, see Section 6.3). This may not be a problem logicaly (i.e. the inference
relation may be logically sound and complete), but it may be aproblem in practiceif input is
asked for unnecessarily. One way to capture thisis defined below : well-informedness.

A very simple example of a knowledge base, not satisfying well-informednessis:

p—q
-p—q

This small knowledge base will not able to derive g unless something is known about p. If
we alow partial (input) information states, where an atom may be unknown, thisisa
problem. To be well-informed, the knowledge base should just consist of the general fact g
that allows asystem to derive q even when p isunknown.

Well-informedness is akin to the following property of monotonic inference relations.
Thisisanatura result of monotonicity, because it saysthat if some model allows some
inference, then al refinements of this model alow it too.

Proposition 6.1
Suppose a set of complete models Vv is given and the inference relation for KB is
monotonic.
If M isany partidd modd in P(v)and h e OutLit(3) can bederived from M, then h
can be derived from al refinementsof M inV. More formally,

VMeP(V) MrFkph = VN eV [N>M=Nrkgh]
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The proof runs as follows.

Given M such that Mg h, consider an arbitrary complete refinement

N e Wjn with N>M. By monotonicity we know that dso N+kgh. Aswe have taken an
arbitrary N, thisholdsfor all N ewj, with N>Mm and the theorem is proven.

Well-informedness isin fact the converse of this proposition, as defined below.

Definition 6.2
Suppose a set of complete input models s isgiven. A knowledge base KB iswell-
informed with respect to s if for any partial model M in P(S)any h e OutLit(X) can be
derived from themodel M if it can be derived from al refinements N in sof M. In
other words, if for all M e p(s) thefollowing holds:

{ YNe S[N>M=N+gkgh]} = Mrggph

Unlike monotonicity that depends on the inference relation, well-informedness generally
depends on the contents of the knowledge base. Therefore, a verifier can aid the knowledge
engineer by checking this.

There is aso amore principled reason for wanting a knowledge base to be well-informed
with respect to an inference relation. It can be proven that the forcing relation itself obeys a
condition similar to well-informedness, ais shown in the following theorem.

Theorem 6.3
Assume W isadomain description. For any partial model M e P(In(w)) such that all its
complete refinement inputs force h, themodel M itself forces h, i.e., for any M
e P(In(w)) it holds

VNeW[In(N)=M = In(N) rwh] = MJewh

The proof runs asfollows. Given M e P(In(w)), consider an arbitrary complete refinement

N eW suchthat In(N)=M. By the premiseit followsthat In(N) |=w h and Lemma2.12 then
implies N = h. Aswe have taken an arbitrary N we can concludefor al New that

N=M = N h. Thisis precisely the definition of M |=w h ; that proves the theorem.

6.2 Strong Completeness

In the previous section, we saw that the notions of weak completeness and decisiveness are
precisely distinguished by the notion of empirical foundedness. A nice property of well-
informedness is that it precisely distinguishes strong compl eteness from weak completeness.
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Definition 6.4
Assume adomain description W with respect to asignature X is given. The knowledge
base KB isstrongly complete with respect to w if for all output literals h e OutLit(Y)
the following holds:

VM ePW) [InM)ewh = In(M)Fkgh]

Unlike the converse implications (correct, weakly sound, and strongly sound), the
completeness notions are not equivalent. Indeed, the differentiating property between strongly
complete and weakly completeis precisely well-informedness (along with monotonicity) as
the following theorem shows (for a proof, see the Appendix):

Theorem 6.5
Assume adomain description w, and aknowledge base KB with respect to a signature
>. If KB issound with respect to w, then the following notions are equival ent:
(i) kB isstrongly complete with respect to w
(i) kB isweakly complete with respect to w and well-informed with respect to In(w).

6.3 Verifying Strong Completeness

In the literature a number of specific notions are used that relate to strong completeness. To
relate to thisliterature, in this section we will discuss some of the configurations of rules that
alow rulesto be removed and are useful for a verifier. Notice especially the discussion on
well-informedness, since thisis afundamental concept in our semantical anaysis.

Circularity

A set of rulesiscircular if the chaining of those rulesin the set forms acycle. Circular rules
can cause an infinite loop with backward chaining. To prevent getting lost in such aloop,
loop checks are needed during inference that may be quite computationally expensive.

We consider two cases:
1. sdf-referent rule:
Thisisarulein which the conclusion is a condition from its antecedent.
For example: p A g — g, Or even simpler p — p.
2. saf-referent chain of inferences:

Same as 1. but the sdlf reference occurs after some inferences.
For example: r ns—p and paq—r. Here p doesnot occur in the conditions of
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r As— p, but does occur in the conditions of the rule with conclusion r. So aprogram can
look for arulewith r or s asitsconclusion and then checksto seeif p isamember of
the conditions of that rule. If yes, then acycleisfound. If not, try to go further back.

Redundancy

A ruleisredundant if it firesin the same situation as another one and has the same resuilts.
This means that the antecedents of the two rules are equivalent, as are the conclusions. The
antecedents of the two rules can only be equivalent if they have the same number of
conditions and every condition in one rule has an equivaent condition in the other rule.

We consider two cases:

1. redundancy inrule pairs:

Identical rules, p—r and p—r areaform of redundancy.

It is obvious that removing one of the identical rules will not influence the inference
process.

2. redundancy in chained inference:

Thechains p—»q;q—r and p—r, where q cannot be derived through other rules, are
an example of redundancy. Because g cannot be derived through other rules, either rule
g—r Or p—r canbedeeted.

Redundant rules have no influence on the system’s results, but do affect the system’s
performance. Also, inconsistencies are more likely to arise if one of the redundant rulesis
changed or deleted, whereas the other rule is not changed (thisis not the knowledge
engineer’s intention; why else would he or she have changed the first rule?).

Subsumedness

A rule is subsumed by another if the two rules have the same conclusions, but one rule
contains additional constraints on the situation in which it will succeed. This rule has more
conditions to fulfil, so it is redundant.

Two cases:

1. subsumednessin rule-pairs:

pAQg—T

p—->r

31



It isobvious that if the first rule succeeds then the second, more general, rule does as well,
resulting in redundancy. In this case one could delete the more specificrule paq—r.

2. subsumedness in chained inference:
Thechain pag—s;s—r issubsumed by therule p — r. One could deletes— r if there
are no other ruleswith s as conclusion.

Self-contradiction

A rule contains a self contradiction if it contains aformulathat can never be true. The same
can be said for rule chains. Obviously some part of the rule or chain may then be removed.

1. self-contradicting antecedents:
Thisisarule that has the negation of one of its conditionsin its antecedents. For example,
pAaqa-p—r. Thisrule clearly has no chance of succeeding.

2. self-contradicting antecedentsin chaining:
Same as above, but the contradiction only occurs until after some inferences. Consider the
chaneg. -p—qg,gap—t.

For contradicting antecedents there is no difference whether a domain description is taken
into account or not. For therule paqa-p —r, for example, to be used the conditions p and
- p should be truein amodel at the sametime. So, if thisrule isto be used in areasoning
session, we need to derive a contradiction first. Therefore contradicting antecedents are
always reported, whether checking was done with or without a domain description. One could
as well argue that these errors fall under redundancy, but redundancy errors are of annon
harmful kind, and these errors are definitely harmful. Rules like these have no chance of
succeeding, so it could very well be that the hypothesis concluded by such arule becomes
unreachable (which in turn could imply incompleteness).

Wdl-informedness

The following algorithm can be applied for checking well-informedness. Let any set of
complete input models wij, be given. Take apartia model M e P(Wjp). From this M take al
complete refinements within Wiy, and for each one see what can be derived from it via KB.
Take from these derivations the greatest common information state, i.e. the conclusions that
all refinements agree on. This greatest common information state must equal that what can be
derived from the partial model M via KB. If it is equal, then well-informedness holds. To
make it clearer, consider the following example. Assume we are given asignature
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Y =<sq, S, 83, 4 hp, hp, hg>

and apartial input model M =<1,1,u,u>. So, only something isknown about the first two
observables. Consider the following knowledge base:

s1As2 —hp
s3 —hp

-s3 —-hp
s4 —h3

“s4 —-h3

Now, the complete refinements of M =<1,1,u,u> are:

<1,111>
<1110>
<1,10,1>
<1,1,0,0>

From these the following can be derived:

<1,1,11111>
<1,1,10;1,1,0>
<1,10110,1>
<1100 100>

The greatest common information state has truth value 1 for hy. All four refinements agree
on this hypothesis. Only the first two complete models agree on hy, the last two do not agree
with the first two models. So the greatest common information state of hy, is u (unknown). In
the same way is the greatest common information state of hz unknown as well. So, the
greatest common information state of al complete output modelsis <1, u, u>. Now, let’'s look
at what can be derived from the partial model M. It turns out that from M exactly the same,
i.e.<1,u,u >, canbederived. All partial models have to be checked in this way before we
can conclude that well-informedness applies.

As one can imagine, checking well-informedness in thisway can take alot of timeif there
are many observables, and if the knowledge base KB isvery large. So, in the literature
verifying well-informedness is often limited to checking the rules in the knowledge base for
contradicting antecedents in rules. For well-informedness the domain description can be
restricted to input models only; for ssmplicity it is assumed to be the set of al possible truth
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assignments to the input atoms. When applying the previous to the KB only, checking for
well-informedness results in checking for contradicting antecedents. Rules are checked for
well-informedness by checking if they contain unnecessary conditions. Two rules contain
unnecessary conditionsif the rules have the same conclusion, a condition in one rule’s
antecedent isin conflict with a condition in the other rule’s antecedent and al the other
conditions they have are equivaent. We distinguish four cases:

1. Lack of well-informedness with redundancy in rule pairs:

pAq—>T

pA-q—r

It is obvious that the condition with predicate q isunnecessary in both rules. When p is
truethen r istrue, because it does not matter whether q istrueor not. The two rules can

be merged into one rule, namely p — r. If one did not change the rulesthen r could not
beinferredif q was unknown.

2. Lack of well-informedness with subsumednessin rule pairs:

pAq—T

S gt

The rules have equivalent conclusions and a condition in conflict, but the first rule
contains more conditions. It is subsumed by the second rule (considering only the
conditions not in conflict). In this case, the second condition in the first ruleis
unnecessary, but both rules are still needed. They can be reduced to the following two
rules:

por

aq-r

3. Lack of well-informedness with redundancy in chains:

Two chains produce a condition in conflict and the other conditionsin the chains are
redundant. For example:

PA= g—S

pAgq—>r ; r—s



In the rules above, condition q isin conflict. One would expect that, according to case 1,
the rule and the chain reduce to:

p—s

p—r;r—s

But it could be that, to conclude r, theliteral q is needed as an extrarestriction, soit is
not at all obvious that one can make this adjustment. A solutioniis:

Pp—>S

pAQ—T ;I —>S

That is, only change the first rule, which is not a chain and leave the chain intact.

Consider the following chains as well, where the first chain consists of rules:

“p—=>S ; SAQ—oT

and the second chain consists of:

pAg—>t; t—or

As one can see condition p isin conflict. The problem is, what to do now. A possible
solution would be to change the first chain into:

TP—->S;qg->r

and |leave the second chain intact.

4. Lack of well-informedness with subsumedness in chaining:

Two chains produce a condition in conflict and the set of other conditionsif thefirst chain
is asubset of the other chains conditions. Consider the following two chains:

-~ p—=>S;Sor

pAg-ot; t—or
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Condition p isin conflict, but what to do now. One would expect (asin case 2) the
solution:

- p—>Ss; Sor

q—ot; t—r

But again t may need p in order to be properly inferred. So in this case nothing can be
deleted. One thing one can do is add therule q — r. Thiswould solve well-informedness
by enlarging the knowledge base. This shows that making a knowledge base well-
informed not necessarily smplifiesit.

Another case is when the second chainis:

q—ot; tAap—r
Then it is possible to delete p and make the chain:
g-ot; tor

7 Knowledge Verification in Compositional Knowledge-Based Systems

The above considerations are directed to knowledge-based systems consisting of only one
knowledge base, or to a component of a more complex system. The case of a knowledge-
based system with a compositional structure is the more relevant case in practical
applications. In such a system the inputs for one component are determined by the other
components (it is possible to consider the outside world as a component also); see[2] for an
overview of the principles behind compositional design of knowledge-based agent systems.

The semantical framework introduced here can be applied to verify properties of any
knowledge base, and in particular for knowledge bases in primitive components of a
compositional knowledge-based system. Within this section we will not present an approach
to verification of compositional knowledge-based systems, since this can be found elsewhere;
e.g. [4], [11]. However, what we will do in this section is show how the semantical
verification approach of the current paper connects to compositional verification, i.e., how it
can be used in conjunction with compositiona verification of knowledge-based systems.
Compositiona verification defines how properties of acomposed component relate to
properties of the sub-components. At the lowest level in the composition hierarchy primitive
components are specified by a knowledge base.

In this subsection it is briefly shown how the semantical framework introduced in this
paper can be applied in conjunction with compositional verification of an example
compositional process model for diagnostic reasoning (see[4]) . The processes at different
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abstraction levels of this generic diagnostic model are given in Fig. 2. The primitive
component Hypothesis Determination generates hypotheses that are validated by the
component Hypothesis Validation. The latter component is not primitive: it is composed of
the primitive components Observation Determination, Observation Execution, and
Hypothesis Evauation.

Diagnostic Reasoning

Hypothesis Determination Hypothesis Validation
Observation Observation Hypothesis
Determination Execution Evaluation

Fig. 2 Processes at different abstraction levelsin the diagnostic process model

In [4] it is shown how (dynamic) properties of the process model as awhole can be
reduced to properties of Hypothesis Determination, and how properties of Hypothesis
Validation can be reduced to properties of Observation Determination, Observation
Execution, and Hypothesis Evaluation. Since the primitive components were |eft open in this
generic model, here the story endsin [4]. To apply the generic modd, instantiations of these
primitive components are needed, for example selected from alibrary of components and
using specific knowledge bases. Using the approach of [4], the model as awholeisonly
guaranteed to work properly if the required properties of the primitive components presented
in [4] are satisfied by these primitive components. In this section we show how for some of
the primitive components these properties can be formulated as constraints on arelated
domain description.

To start, the component Hypothesis Determination should satisfy ‘focus efficiency’ and
“focus effectiveness’. Focus efficiency means that no hypotheses are chosen in focus that
already have been assessed. In the temporal language used in [4] this is expressed in the
following form. For all traces, at all time points if at the input the information is available that
some hypothesis h already was assessed, then it will not be at the output that it is in focus:

37



VME Traces(HD) V't Vh

[ state,p(OM_, t, input(HD)) |= assessed(h) = state,p(OM, t, output(HD)) | focus(h) |

The domain description wb) is defined by some constraints (related to the required
properties) on the set of complete models CMod(z(HD)), Where 2 (Hp) is the combination of
input and output signature of the component Hypothesis Determination. The constraint c1
related to the above property is expressed as follows:

Ah — ( assessed(h) A focus(h))

Here A means taking the conjunction over al hypothesesn; similarly Vv, denotes taking

the digunction. The second property to be satisfied by Hypothesis Determination is focus
effectiveness; this means that as long as not all hypotheses have been assessed, and no
hypothesis has been confirmed, there will be generated focus hypotheses. In the temporal
language of [4] thisis expressed as follows. For all traces and time points, if there exists at
least one hypothesis for which no information is at the input that it was assessed, and for no
hypothesis there isinformation on the input that it was confirmed, then there exists at least
one hypothesis such that on the output there is information that it isin focus:

VMEeTraces(HD) V't

[3h state (M, t, input(HD)) | assessed(h) A Vh stateg(OM, t, input(HD)) |# confirmed(h)]

= [ 3n’ state,pOM, t, output(HD)) |= focus(h’) ]

This property can be reformulated to the following defining constraint c2 for w+b):
/\n assessed(h) v Vp confirmed(h) v V' focus(h)

In conclusion, a component can safely be chosen to play the role of Hypothesis
Determination in the diagnostic model if it is sound and strongly complete with respect to the
domain description w+p) defined by the two constraints above (i.e., the set of complete
models satisfying the constraints), related to the temporal properties, i.e.,

W(HD) = { M « CM0od(Z(HD)) |[M|=C1AC2}

In a similar manner the properties “observation effectiveness’ and ‘observation
efficiency’ of the component Observation Determination reduce to constraints (on the set of
complete models) defining domain description w(op). Observation efficiency means that no
observations are generated that already were performed:

VME Traces(OD) V't Vo

[ stateop(OM_, t, input(OD)) |= observed(o) = stategp(OM, t, output(OD)) | to_be_observed(o) ]

This is reformulated as the following defining constraint c3 for w(ob):

No — ( observed(o) A to_be_observed(o) )
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Observation effectiveness means that if there exists at least one hypothesisin focus, and
not al observations have been performed, then at least one observation is generated.
VOME Traces(OD) V't Vh
[Jo stategp(OM, t, input(OD)) | observed(o)
A stategp(OM, t, input(OD)) |= focus(h) =
Jo stateqp(OM, t, output(OD)) |= to_be_observed(o’) ]

Thisisreformulated as the following defining constraint ca for w(ob):

/A\h — focus(h) v /\ g observed(o) vV V g to_be_observed(o)

Again, aproper choice for an instantiation of component Observation Determination is
made if it satisfies soundness and strong compl eteness with respect to domain description
w(op) defined by the two constraints:

W(OD) ={ M ¢ CMod(Z(0D)) | M|=C3 A C4}

One of the required properties of Hypothesis Evaluation is assessment decisiveness, which
means that if for al possible observations, observation results have been input, then for every
hypothesis an assessment can be derived:

VOME Traces(HE) V't

[Vo [ stateye(OM_, t, input(HE)) [ 0 Vv statee(OM_, t, input(HE)) |= — 0] =
Vh [ stateye(OM, t, output(HE)) |[=h Vv statee(OM, t, output(HE)) |[= — h ]

This can be reformulated into the property ‘empirically foundedness’ of the domain
description w describing the world situations to which the system is applied.

This shows by an example (based on [4]) how in addition to a compositional verification
process, required properties of candidate primitive components for a generic model can be
formulated as properties of their domain description.

8 Discussion

In the literature various approaches to verification of knowledge-based systems can be found.
Most of these approaches have a rather practical nature, and seem sometimes ad hoc in the
definitions of the properties that are tested. Often only partial tests are carried out. It turns out
that a more principled investigation from a formal point of view reveals some restrictions of
the available approaches. First we restrict ourselves to verification of systems that consist of
one knowledge base (or to just one component of a more complex system). For this case the
collection of formal notions as introduced in [35] and extended and developed further in the
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current paper provides a useful framework for amore principled analysis. Central in this
framework is the semantical notion of forcing, that is useful as a standard for the inferences.

The property on which verification has been developed best in the literature is
consistency. A precise common definition is available of the notion, and tests are described
for it. However, even on this notion points of discussion are possible. Thefirst point is
whether al possible sets of input facts for the system (or component) are taken into
consideration. If not, then it may be the case that inconsistencies are detected that will never
cause a problem in practice, because the underlying combination of inputs will never occur.
Resolving this type of inconsistencies may lead to a knowledge base that is more complex
than needed. If these harmless inconsistencies should be distinguished from the harmful ones,
aset of input situationsis needed. This can easily lead to a problem in practice, because it
may not be known precisely which input situations do occur (and there may be many of
them). In such a case often working with a set of sample situationsis possible. But then
testing on them does not guarantee consistency with respect to the other input situations.
Another option is to define the set of possible input situations by a set of constraints. It
depends on whether in practice these constraints are easy or difficult to acquire. So, in testing
consistency there exists not one absolutely ideal approach. The kind of certainty obtained is
relative with respect to the defined set of situations. Thisis not a drawback of specifically our
method of analysis but more a characteristic of the nature of the problem of verification of
interactive knowledge-based systems. Every serious verification method for interactive
knowledge-based systems encounters this issue. Our semantic framework offers means to
revea and explain theissue in (formal) detail.

A property that comes next is correctness, or soundness, for which different formal
semantical definitions can be given (we distinguish correctness, weak soundness, and strong
soundness ). In the current paper we prove that, assuming monotonicity of the inference
relation, they are semantically equivalent. So, it does not matter on which one atest is carried
out: one can choose the one that is computationally the least expensive. Of these three,
correctnessis the easiest to check, because it only considers the truth of an hypothesisin a
complete situation model in the domain description. For example, in our own program DES-
CHECK knowledge base expressions are exploited to do this. The notions of (weak and strong)
soundness which use the more complex forcing from partial models, are then automatically
satisfied.

In this case the comparison with the situations occurring in the world (concerning both
input and output facts this time) can not be avoided asit can in the case of consistency. Here
essentialy atest set of world situations is needed, and correctness cannot be guaranteed
beyond this set.

The most complex notion turns out to be completeness. It seems very hard to find in the
literature on verification any formal definition of this notion. Testing on completeness is often
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donein an ad hoc manner, based on an informal definition. In the current paper we have
presented formal definitions for three semantically non-equiva ent variants of completeness.
Moreover, we have analysed that the difference between them depends on two underlying
concepts. empirically foundedness of adomain, and well-informedness of a knowledge base.
These underlying concepts can be tested separately. The outcome of such tests give more
detailed information on the causes of alack of completeness. Of course also in this case the
issue of the set of sample situations plays an important role.

Checking decisiveness is not too difficult as it considers the truth relation in complete
models of the domain description. In the program DES-CHECK thisis done by the knowledge
base expressions. Because we have already shown soundness, we have then automatically
have shown weak soundness and empirical foundedness. Another straightforward possibility
isto first check the three equivaent notions, implicit definability, explicit definability, and
empirical foundedness. Thefirst of theseis easiest asit can be determined by pair-wise
comparison of the models in the domain description. One can check implicit definability to
first determine empirical foundedness.

The remaining notion of strong completeness is more difficult to check. The more
traditional approach taken in the literature of (pair-wise) rule comparison is an incompl ete but
reasonably simple possibility.

It turns out that our semantical framework provides adequate logical descriptions for the
functionality of an interactive knowledge-based reasoning system. In particular the relation of
the conclusions that may be drawn by a system and the situation in reality that is concerned
can be made transparent by our framework.

The framework assumes at crucial places that inferencing is monotonic. The area of
verification of nonmonotonic knowledge bases (e.g., [0]) is an areathat requires a treatment
by itself, since a number of new issues arise if the monotonicity assumption is not made. A
challenge for further research is to investigate the possibility for a semantic framework
addressing the key issues of verification of nonmonotonic knowledge bases, comparable to
the semantical framework for the monotonic case presented above.

In comparison, some approaches (like COVADIS [30]) use a Fact Base (FB), whichisa
set of particular cases. It can be built by any user to specify the problem he or she wants to
submit to the system. The FB isinitialised at each session. We will use situation models
(instead of FB’s) in our approach. These models represent situations of the real world. A
problem with situation models (and FB’s too) is, that they are chosen by the designer of the
system to cover at best the variety of basic situations, but it isimpossible to guarantee that a
knowledge base is completely debugged.

Recently a number of approaches to verification of knowledge-based systems have been
developed that take into account some form of structuring of the knowledge base or the task
structure of the system; e.q., [4], [7], [8], [11], [20], [27]. In generd, these approaches make
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use of knowledge bases as building blocks and concentrate on the way in which they are
processed in combination to achieve the system’s task. An interesting area of further research
isto investigate how the semantical approach to knowledge base verification can be exploited
in these higher order methods. In Section 7 above, for the compositional approach exploited
in [4] and [11], such arelationship has been pointed out.
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Appendix Proofs

Theorem 3.5
Assume adomain description W aknowledge base KB with respect to asignature X. If
the inferencerelation + kg IS monotonic with respect to w, then the following statements
are equivalent:
(i) kB isstrongly sound with respectto w.
(i) KB isweakly sound with respect to w.
(ilf) KB iscorrect with respect to W.

Pr oof:
(i) => (ii) If KB isstrongly sound, then for all M e P(W) the soundness property holds.
In particular, because W c P(W), the same property holds for all NeW. Hence KB is
weakly sound with respect to w.
(if) => (iii) Assumefor an arbitrary New that In(N)
+kg h. Then by weak soundness we know that In(N) |=w h. And by Lemma 2.12 this
implies N = h and hence we have correctness.
(iii) => (i) Given apartiadl model M € P(W) such that In(M)+ kg h, we consider an
arbitrary complete refinement N ew suchthat In(M)< N. Lemma 2.6 together with
In(In(M)) =In(M) implies In(M) < In(N), SO from In(M)+kgh by monotonicity we can
conclude In(N) -kg h, that in turn by correctness implies
N = h. As we have taken an arbitrary N we can conclude that for all models N ew, it holds
N=In(M)= N h which is the definition for In(M) |=w h. 0

Theorem 5.4
Assume adomain description W with respect to a (finite) signature 3. The following
statements are equivalent:
(i) The hypotheses are explicitly definablew.r.t. w
(if) The hypotheses areimplicitly definablew.r.t. w
(iii) w isempirically founded.

Proof:

(i) => (ii) Suppose N7 and N, with In(N7) =In(Ny) aregiven. Take an arbitrary output
literal he outLit(y) and the associated proposition of input literals p that exists by
explicit definability. Then for any pair of situations N1, N> € W the property In(Nq) =
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In(Np) implies Nqk p iff Nok p. By explicit definability thisimplies Np = h iff Ny& h.
Aswe have taken an arbitrary output literal h we can conclude Out(N4) = Out(Ny) that
gives us implicit definability.
(if) => (iii) Take an arbitrary output literal h e OutLit(X) andamodel N;e W such that
not In(Ny) |=w h. Then there must exist an N, e W such that
In(N7) =In(Np) but not No= h. Themodel N, iscompleteso Ny - h. By implicit
definability we then have Out(N7) = Out(Ny), SOalso Nk - h.
This proves the contraposition of empirical foundedness.
(iii) => (i) Take an arbitrary output literal h e OutLit(Y) and consider the set of situation
models of which the input forces h, i.e.

V={NeW]|In(N)|=wh}.
The input of each model in v can be described by a proposition in the format of a
conjunction of literals, and the disjunction of all these propositionsis an explicit
definition of h intermsof input literals. 0

Theorem 5.6
Assume adomain description w, and a sound knowledge base KB with respect to a
signature X. Then the following notions are equivalent:
(i) KB isdecisivewith respect to w
(i) kB isweakly complete with respect to w and w is empirically founded.

Pr oof:
(i) = (ii) Assume KB isdecisive, and an output literal h e OutLit(Y) isgiven. Wefirst
prove weak-completeness, by considering an arbitrary situation model
Ne W suchthat In(N) |w h. By Lemma2.12 we know that N~ h and in turn by
decisiveness In(N) kg h. Hence, KB isweakly complete with respect to w.
It remainsto be shown that W isempirically founded. Consider an arbitrary model N
e W suchthat N~ h. Decisivenessimplies In(N) - kg h.
Next by soundness In(N) |=w h, hence empirical foundedness.
(if) = (i) Given an output literal h e OutLit(3), we consider an arbitrary situation model
Ne W suchthat N& h. Because w isempirically founded we know that In(N) |=w h, and
next because KB isweakly complete In(N) kg h. Aswe have taken an arbitrary model N

the property of decisiveness is satisfied. O
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Theorem 6.5
Assume adomain description w, and aknowledge base KB with respect to a signature
>. If KB issound with respect to w, then the following notions are equivalent:
(i) KB isstrongly complete with respect to w
(i) kB isweakly complete with respect to w and well-informed with respect to In(w).

Pr oof:
(i) = (ii) If kB isstrongly complete then for al partial models M e P(In(w)) the
compl eteness property holds. Because W < P(w) we know that this property holdsin
particular for all complete models N eIn(w). So KB isweakly complete. It remains to be
shown that KB iswell-informed. For this we assume given apartial model M e P(In(w))
and output literal h e OutLit(3) such that for all Ne In(W)
it holds N>M = N+gpgh. By soundness we then know that for all such N also
N |-y h and by Theorem 6.3 we can conclude M |=w h. Finally strong completeness
implies M kg h. Thusit has been shown that KB is well-informed.
(i) = (i) Givenamode M e P(In(w)) and output literal h e OutLit(3) such that
M |=w h, we consider an arbitrary complete refinement N ein(w) with N> M. Here N =
In(N’) for some N’ ew. By Corollary 2.11 we know that N |=\ h too. Next, because KB
isweakly complete we know that N+ kg h. As we have taken an arbitrary N we can
concludefor all NeIn(w) that N=M = N +gpg h, that by well-informedness implies M
+kgh. Concluding M |y h implies M+kgh
and KB is strongly complete with respect to W.Q
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