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Abstract

The use of statistical measures to constrain generalisa-
tion in learning systems has proved successful in many
domains, but can only be applied where large numbers of
examples exist. In domains where few training examples
are available, other mechanisms for constraining gener-
alisation are required. In this paper, we propose a repre-
sentation of background knowledge based on arguments
for and against a hypothesis rather than as statements
in logic or probabilistic relations, and show how it can
be used to constrain generalisation from single examples
(sometimes referred to as ‘case-based reasoning’). Ex-
amples are characterised by the set of arguments for and
against a hypothesis of interest, and the resolution of
conflicting arguments in a current problem is obtained
by firstly locating an old example where the same or
a similar conflict occurred, then secondly generalising
the solution in the old example to also apply to the new
problem. This allows learning to occur in domains where
few training examples exist and background knowledge
is available. We provide a description of this method in
logical form, and analyse the assumptions under which
it is valid, its limitations and possible future extensions.

1 Introduction

This paper presents a formalism for expressing back-
ground knowledge for a problem-solving task, in which
knowledge is expressed not by a set of logical axioms but
as arguments for and against a hypothesis being true. We
show how, in domains where there are too few examples
to allow statistical measures for constraining generalisa-
tion, such background knowledge can be used to guide
the search for solutions to problems by generalising so-
lutions to other, previously solved problems.

In the first part, we discuss the motivation for intro-
ducing background knowledge and the requirements we
desire of our representation. We discuss existing rep-

resentational schemes and their suitability and limita-
tions for assisting learning. Following this discussion,
we present a representation of background knowledge as
arguments and illustrate their use in learning with an
example. In part four, we present a formalisation of ar-
guments using logic, and finally discuss the assumptions
under which generalisations justified by arguments are
valid, the limitations of this formalism and its possible
future extensions.

2 The Problem

Much work in machine learning makes use of statisti-
cal measures to select between alternative inductive hy-
potheses drawn on the basis of examples (for example the
systems ID3 [15] and AQ11 [12]). In order that the appli-
cation of statistical measures is reliable, it is necessary
to have a large number of training examples available.
In many domains where the constraint for a large num-
ber of examples is met, rule induction methodology has
proved successful ([18, 17, 11, 16]). However to extend
this methodology to other domains, the ability to repre-
sent and exploit available domain knowledge in addition
to that implicit in the example set is required. This is
necessary in domains where statistical evidence alone is
inadequate for reliably constraining the search for gen-
eralisations. The representation and use of such domain
knowledge in the generalisation process is the subject of
this paper.

In contrast to work on the inductive rule learning
paradigm, research in the paradigm of explanation-based
learning has concerned itself with the use of knowledge
beyond a set of examples (eg. [7, 14, 10]). Explanation-
based learning (EBL) makes use of logical implication as
the basic relation for expressing domain knowledge. For
example, a typical statement used by an EBL system
might be Partof(x,y) A Isa(y,Bottom) A Is(y,Flat)
= Stable(x) (taken from [13]). Using such knowl-
edge, EBL techniques have been demonstrated as a



useful means for improving the efficiency of problem-
solving systems. However the requirement for back-
ground knowledge in the form of relations of logical im-
plication does not allow representation of many types of
uncertainty (for example, if the consequents only follow
the antecedents with a certain probability, uncertainty in
that probability, etc.). This is problematic, firstly as ex-
pert knowledge is rarely without such uncertainties and
thus difficult or impossible to express in logical form, and
secondly because, with background knowledge as a set
of unchangeable logical axioms, the assumption is being
made that much of learning has been already completed.
An adaptive system can only adapt knowledge which it
considers to be subject to uncertainty in some way, and
thus representations of background knowledge incorpo-
rating uncertainty are required if flexibility of a learning
system is to be obtained. Recent research of techniques
to incorporate uncertainty in EBL has concentrated on
allowing the assertion and retraction of statements in
the ‘domain theory’ of logical implications. This allows
a limited form of uncertainty to be represented, namely
that the truth of the logical relations in the domain the-
ory is subject to question (similar to the approach taken
in truth maintenance systems [6, 5]). This allows more
scope for learning (eg. [9, 19]), and is sometimes referred
to as ‘reasoning with an imperfect domain theory’ [13].
However, this still does not allow representation of de-
grees of belief in the truth of a logical implication or
of probabilistic implication; statements of the form ‘x is
usually true’; although a common part of much expert
knowledge, are still unrepresentable within this frame-
work.

An alternative representation of background knowl-
edge is to use some form of probabilistic representation.
However, this too has its drawbacks which has led us
to look at other representational schemes. Most impor-
tantly, although clearly defined updating procedures for
probabilistic models of a domain exist, there is not as yet
any clear theory about how to specify such models in the
first place. Difficulties in formulating Bayesian models
from expert knowledge have led us to look to other rep-
resentational schemes not requiring precise probability
measures to be supplied. A second problem is that many
probabilistic representations are only ‘proof functional’
(ie. able to calculate a value for A A B given A and B [1])
by making assumptions of independence generally not
justified in many domains. Cheeseman [2] and the sub-
sequent debate provides an excellent discussion on the
issue of Bayesian and other probabilistic representations
for learning systems.

This has led us to propose a representation of back-
ground knowledge based on the use of ‘arguments’ for
and against a hypothesis being true as a means of rep-
resenting uncertain background knowledge which can be

used for constraining generalisation from examples and
avoids the use of numerical measures of probability. This
latter aim is addressed by dealing only with (possibly
partial) knowledge of the relative strengths of arguments,
rather than any absolute measure of strength (as might
be represented by a number) which would require to-
tal knowledge of the relative strengths of all arguments.
In addition we are attempting to formalise the use of
arguments by experts for and against hypotheses, and
their frequent referral to previous similar cases, as part
of their problem-solving technique. In this paper we de-
fine the notion of an argument formally and show how
background knowledge in this form can be used to con-
strain generalisation in situations where there is insuffi-
cient statistical evidence to enforce adequate constraint.

3 A Representation of Arguments

3.1 Properties of Arguments

Here we define the basic properties of arguments for our
representation. Following this, we give an example of
how arguments can then be used to generalise a solution
from an old example to also apply to a new problem, and
then in the next section provide a formalisation of these
properties using logic.

Arguments are considered as form of implication,
which we denote by A=%B. If A is true then we say that
argument A—%B supports (is ‘for’) B. This implication
has different semantics from logical implication (A = B),
as follows:

1. Where there are only arguments for B, and none

against B (ie. none for —B), then B is true

2. Where there some arguments for B and some against
B, we have a conflict. Conflicts cannot be resolved
(ie. result in B or =B being concluded) on the basis
of arguments alone.

3. The same conflict will always resolve in the same
way. Thus, if we have a previous case where the
same conflict applied, and we know the outcome of
that conflict (either B or —B found true), then we
can infer the same outcome will also occur in the
current case

4. Adding an argument in favour of a fact already
known to be true cannot make it false (and vice
versa)

In section 5, we discuss the underlying assumptions these
properties are based on, and the conditions under which
these assumptions are valid. First though, we provide
an example of using arguments in reasoning.

3.2 Example

For the purposes of explanation we present an exam-
ple from the domain of geology. Consider the seismic



Figure 1: A seismic cross-section showing a raised fault
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cross-section shown in figure 1, in which a geologist is
interested in determining whether there is a layer of oil-
bearing sand over the raised block. A geologist unfamil-
iar with the region may know the various factors which
suggest or do not suggest that there is sand over the
block, but does not know enough about the region to
determine how these various ‘arguments’ for or against
the hypothesis interact. Examples of such arguments
might be, for example:

#1 : Over_block(x) —> —Sand_at(x)
#2 : Sand nearby(x) —% Sand.at(x)
#3 :Late_fault(x) —% Sand.at(x)
#4 : —Late_fault(x) —% —Sand_at(x)
#5 : Environment(x, d)A

Unfavourable(d) —% —Sand_at(x)
#6 :Fault_size(x,Small) —» Late fault(x)

As a consequence, from known observations, the ge-
ologist can accumulate supporting arguments for and
against a case, but as yet be unable to resolve it. In
order to find a resolution to the problem, he or she will
then search for already drilled wells similar to the one un-
der consideration in the nearby region and observe how a
similar conflict of arguments was resolved in those cases.
Then, using this knowledge, the geologist hypothesises
that their resolution will also be the same in the current
case. In this way, we are using arguments to determine
which previous solutions can be generalised to also ap-
ply to the current case. Our semantics of arguments
state that only generalisation from previous cases where
a similar argument conflict occurred can be made.

We can view this process of inferring a solution from
an old case also applies to a new case as occurring in two
stages:

1. Cases with known outcomes supply information
about how to resolve conflicting sets of arguments

2. Information about how to resolve conflicting sets of
arguments allow the prediction of outcomes in new
cases

We introduce the relation Stronger(ag, a_z) to describe
this, where a; is the set of all arguments for some fact B
(ie. all A=5B where A is true) and a_g is the set of all ar-
guments against B (ie. for —B). This predicate describes
the relative strengths of different sets of arguments. Ini-
tially, this knowledge about argument sets may be par-
tially or even fully unknown. However, as examples with
known outcomes are encountered, such knowledge can be
gradually learned and applied to known cases.

Consider, for example, the geologist knows the follow-
ing facts for the to-be-drilled well (Welll say):

Over_block(Welll)

Sand nearby(Well1l)
Environment(Welll,Paleo)
Unfavourable(Paleo)
Fault_size(Well, Small)

As a consequence, the arguments for Sand_at(Welll)
will be the set:

{#2,#3}

Similarly the arguments against Sand_at(Welll) are:

{#1,#5}

Now:

1. If we are told that, in fact, Sand_at(Welll) is true,
then we can infer the set of arguments ‘for’ is
stronger than the set of arguments ‘against’, ie. that

Stronger({#2, #3}, {#1, #5})
was true.

2. If we wished to find whether Sand_at(Welll) was
true, we would search for a previous case where sim-
ilar conflicting argument sets also applied, and ob-
serve how they were resolved.

A previous case where an identical conflict occurred
can thus be used to resolve a current conflict. In
addition, because arguments for a fact increase ev-
idence for a fact (by definition), a previous case
where a subset of the ‘for’ arguments was found
stronger than a superset of the arguments ‘against’
(and vice versa) will also resolve the conflict. This
property is an important part of the semantics of
arguments, for example the following examples of
known Stronger relation (possibly acquired from
previous cases) are also sufficient to resolve the
above conflict:

Stronger({#2}, {#1, #5})
Stronger({#2, #3}, {#1, #5, 47, #8})



Figure 2: Case-Based and Rule-Based Concept Repre-
sentation Methods
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We can view this representation as characterising a case
in our knowledge base not by the primitive features
which it contains, but by the sets of arguments for and
against the hypothesis of interest. As a consequence, we
are allowing our domain knowledge to determine which
previous solutions can also be applied to a new case. Our
domain knowledge provides arguments, and past cases
allow the incremental learning of how conflicting argu-
ment sets should be resolved.

3.3 Case-Based Reasoning

In section 3.1, we described the properties which we have
assigned to the argument relation —%. In particular,
we declared that the same conflict betweeen sets of ar-
guments would always resolve in the same way. Thus,
given a conflict between argument sets which we wish to
resolve, we can find how to resolve the conflict by ob-
serving the resolution of a similar conflict in a previous
case, where the resolution is known.

This method of locating a similar previous case then
transferring the solution to a current case is often re-
ferred to as a process of case-based reasoning (CBR).
This contrasts with the ‘rule induction’ methodology
of delineating concept boundaries explicitly before a
run-time classification task is at hand. This is shown
schematically in Figure ??. It is important to note the
relation of case-based reasoning to rule induction as fol-
lows:

1. In CBR, generalisations are sought for at run-time
when a particular classsification task is to be solved.

Rule induction methods enumerate generalisations
of examples during an induction phase, performed
before run-time classification tasks.

2. CBR systems to not explicitly delineate the bound-
aries (in example space) of generalisations they
form; they merely ensure generalisations cover a
previous and current case. Rule induction meth-
ods do explicitly delineate concept boundaries, and
as such have a ‘bias’ towards those concepts where
the concept representation language permits concise
description of those boundaries.

3. There are corresponding trade-offs between CBR
and rule induction concerning memory usage and
efficiency.

For a more detailed discussion of these relationships,
see [3]. It should be noted that, instead of performing
‘case-based reasoning’ to use arguments, we could al-
ternatively form an explicit representation of a concept
boundary given a previous case and a set of arguments
and use this for classifying new cases rather than use a
matching algorithm. However, such a representation is
likely to be cumbersome (eg. using a concept represen-
tation language such as that of AQ11) and computation-
ally expensive to form. In addition, should the concept
boundary need to be recalculated due to the addition of
new examples, the computational cost in calculating the
original boundary will have been wasted.

4 Representation and Semantics

4.1 Preliminaries

We now provide a description of the semantics of argu-
ments using logic. In the following, we use the following
notation:

,... variables
sets of variables
,... constants
,... sets of constants

When we discuss arguments for and against some fact’s
truth, we are actually making a meta-level statement
about that fact. When referring to a fact itself (rather
than its truth value), we follow the convention of Gene-
sereth and Nilsson of writing the fact in quotes [8]. This
convention is as follows:

G(C) the value of predicate G(C) (true/false)
"G(C)"  the predicate G(C) itself
"G(<x>)" the predicate G(x) with x’s value
substituted in (<, > denote unquoting).

(eg. if x = Fred, then "G(<x>)"="G(Fred)").



4.2 Notation

The user expresses domain knowledge about arguments
in using predicate schema' of the form below. To trans-
late the semantics of such a schema into logic, we intro-
duce the relation Arg(N, G) meaning “argument N applies
in support of (ie. “for’) G”:

N:F(x,y)—>G(x)
is a notation for
Vx( (Jy F(x,y)) & Arg(l,"G(<x»)") )
B loose_ly translated as:
“if the condition F is true
then argument N supports (is ‘for’) G”

(1)

In the argument schema, G(x) denotes a single (possi-
bly negated) n-ary relation and x the set of free vari-
ables it contains, F(x,y) denotes a boolean combination
of relations with free variables x (shared with G) and y
(unshared), and N is a label (eg. a number) for the re-
lation. This is interpreted as meaning that, for all G(x)
where the condition F(x,y) is true, argument N supports

(is “for’) the conclusion G(x). For example the argument
#1 : Owns_car(x, c) A Big(c)—>Rich(x)

expresses that if someone owns a big car then this is a
supporting argument for their being rich. If we knew
that, say, Owns_car(Fred, Lotus) and Big(Lotus) then
from equation 1 we conclude

Arg(#1,"Rich(Fred)")

Similarly, we can now collect the set of all arguments
which support some fact G(C). We denote this set using
the predicate Args as follows:

Vag,x Args(ag, "G(<x>)")
iff ag = {n|Arg(n,"G(<x>)")}

4.3 Semantics of Arguments

We now consider the semantics of arguments, based on
reasoning with the sets of arguments a; ‘for’ and a_g
‘against’ some fact G(C).

Firstly, we say that sets of arguments for and against
a conclusion will completely determine the truth of that
conclusion. In other words, conflicts involving the same
sets of arguments will always result in the same conclu-
sion. This can be expressed in logic as:

Vag, a-6((Vx Args(as,"G(<x>) " )AArgs(aq," —G(Kx>)" )= G(x))

loosely translated as:
“For all cases with the same arguments for and against
G,
either G will always be true
or G will always be false”?

If all the G(x)s are true, we say that the set of argu-
ments ag is stronger than the set a.g, and vice versa if
all the G(x)s are false. In order to aid comprehensibility
and ease bookkeeping operations within the system, we
introduce a relation Stronger to express this fact:

for all G(C) with sets of arguments a; ‘for’ and a-¢
‘against’:

G(C) < Stronger(ag, a-g)

(2)

-G(C) < Stronger(a-g, as)

Thus, new cases provide new knowledge of the Stronger
relation between argument sets, and this can conversely
be used to resolve sets of conflicting arguments for new
cases.

With this definition, we can observe how to resolve
conflicts between argument sets by locating cases where
an identical conflict has occurred in the past. We now ex-
press a second semantic property of arguments, namely
that adding an argument in favour of some fact G(x) can
only ‘increase the strength’ of evidence for G(x) (ie. can-
not change its truth value). We can express this simply
as follows:

! ! / /
Vag,a-q,a5,a’,; Stronger(ag,a.q) = Stronger(ag,a’)
where a; D ag,a/,; C ag
(3)

It should be noted that the Stronger relation is not
assumed to be transitive® and thus does not define an
ordering on sets of arguments. This is because we are
trying to model an expert’s reasoning, where sometimes
transitivity of arguments is not observed. Instead, we
only compare cases with either identical arguments, or
argument pairs based on the subset-superset relation
above (eqn 3).

Finally we state that any set of arguments is at least
stronger than no arguments:

Vag ag # {} = Stronger(ag, {}) (4)

and that the relation is antisymmetric:

Vag,a-¢ Stronger(ag, a-g) < —Stronger(a.g,ag)

2This can be expressed using Davies and Russell’s notation for

V(Vx Args(as,"G(<x>) " )AArgs(aq," ~G(<x>)")=G(X))) determinations [4] as:

'A predicate schema is obtained from a sentence (closed for-
mula) by optionally replacing object constants with variables and
optionally removing quantification from variables. As a conse-
quence, a schema may contain free variables

Args(ag, "G(<x>) ") A Args(a-¢, "G (<x>) ") = 1G(x)

i being a polar variable representing the truth value of G(x).
%ie. Stronger(A,B) A Stronger(B,C) & Stronger(4,C)



4.4 Computation with Arguments

The semantics of arguments are defined in terms of the
sets ag ‘for’ and a_ ‘against’ some fact G(C). However, in
a practical situation, there will in general be the prob-
lem that we may not be able to determine these sets
from our existing theory. This will occur if neither the
truth nor falsity of an argument’s condition can be deter-
mined, either due to limited computational resources or
incompleteness of the theory. In order to cope with this
problem, we show how the semantics can be re-written
in terms of sets of arguments which are findable by the
reasoning system.
Consider we have the following four arguments

#1 : A(x) —>G(x)
#2 :B(x) :—:}G(X)

#3:C(x)—G(x)
#4 : D(x) —>—G(x)

and also know the facts:

A(Fred)
—C(Fred)

Here we have insufficient information to tell whether #2
is an argument for G(Fred) or not, as we are unable to tell
whether the condition B(Fred) is true. Consequently, we
cannot determine the set ag of arguments ‘for’ G(Fred).
However, we can determine lower and upper bounds on
this set ag by finding those sets of arguments which can
be shown to apply and can’t be shown to not apply re-
spectively. For example, we can easily conclude from the
above that:

{#1} C as C {#1,#2}

Consequently, we will now show how the above semantics
for arguments can be simply rewritten in terms of lower
and upper bounds. Following from this, we show that
the tighter these bounds, the more likely we are to be
able to draw conclusions about new cases from old ones.
Thus we show there is a trade-off between expending
resources and the ability to reach conclusions.

4.4.1 Reasoning with Bounds on Arguments

Consider we have established lower and upper bounds on
the set of arguments a; for some fact G(C). We denote
these bounds a; and af respectively, ie:

ag Cag Caf

Using equation 3, we can rewrite equation 2 as follows.
Firstly, if we wish to know the truth of G(C), then the
following Stronger relations will allow us to deduce it:

= G(¢) }

Stronger(alg,ad) = —G(C)

Stronger(ag,at;)

(5)

This follows straightforwardly from eqn 3 as

Stronger(ag,al;) = Stronger(ag, a-¢)

Conversely, if we already know the truth of a particular
case G(C), we can infer knowledge about the Stronger
relations:

(6)

G(C) = Stronger(a{f,a:c)}

—G(C)

These equations can be intuitively understood as corre-
sponding to the most conservative estimates we can make
of the arguments ag and a_¢ for and against a fact. For
example, if at least all the arguments definitely shown
to be in favour of a fact (ag) are stronger than all the
arguments that could possibly be against (afg), it must
be the case that the fact is true; the actual set of argu-
ments ‘for’ (ag) can only be larger and the set ‘against’
(a-g) only smaller, which only strengthens the case for
G(C) being true (eqn 3).

= Stronger(afg, ag)

4.4.2 Computational Trade-Off

Given lower and upper bounds on the set of arguments
for a fact, we can use the equations 5 to find whether the
fact is indeed true. The tighter the bounds the reason-
ing system can draw, the more likely it is that a previous
case can be found which will offer a solution to the con-
flict of argument sets in the current case. This can be
seen from equations 5 and 3, as the larger ag and the
smaller aj the more likely it is that the Stronger rela-
tion can be inferred from known Stronger relations (eqn
3). Thus, where the set of arguments which apply to a
case cannot be exactly determined, the reasoning system
should expend effort to bound this set. For many appli-
cations, exhaustive enumeration of known and possible
arguments would be the most practical approach to take.

5 Assumptions and their Validity

We have presented a representation of background
knowledge and described how it can be used for con-
straining generalisation from single examples. Here we
discuss the assumptions under which such generalisa-
tions are valid, and following this we discuss future ex-
tensions required to this work.
The basic assumptions the formalism makes are that:
e Argument conflicts will always resolve the same way
e Adding arguments for a conclusion always strength-
ens the case for it.
Underlying these two assumptions are several strong, ba-
sic assumptions:
1. We assume that the data we have about a given
case is sufficient to completely determine the values
of any unknown features we are interested in



2. We assume that the set of arguments provided by
the user is sufficiently complete to avoid the same ar-
guments being resolved in different ways for different
cases. If there is some additional argument which
may apply in a conflict and is significant enough to
change its outcome, but the system is unaware of
it, then the assumption that conflicts known to the
system will always be resolved the same way will be
violated

3. We assume that the arguments provided are correct,
such that adding an argument in favour of a case will
only strengthen the case

These assumptions constrain the applications for which
such reasoning is valid to those where extensive weak
background knowledge and detailed information about
cases are available. The domain of legal reasoning is one
which is particularly suitable.

6 Conclusion and Future Work

In the absence of adequate statistical information to
constrain generalisation, other methods of constraint
must be employed. In this paper, we have described
a representation of background knowledge in the form
of arguments for and against a case, and a method by
which such arguments can be used to justify generalis-
ing old solutions to new cases. Our aim has been to
provide a representation of uncertain background knowl-
edge which can be used to constrain generalisation in the
absence of adequate statistical evidence from examples,
and to avoid the requirement for explicit probabilities to
be specified for the arguments comprising background
knowledge.

There are several limitations to the method presented
here suggesting future work which we now highlight.
Most importantly, we have assumed that the same con-
flict between sets of arguments will always resolve itself
in the same way, and it is on the basis of this assump-
tion that we are able to justify the generalisation of old
solutions to apply also to new cases. Thus we are as-
suming that a previous example completely removes the
uncertainty presented by a conflict between sets of argu-
ments. This assumption is often violated in real world
domains for various reasons including imperfect back-
ground knowledge and limited knowledge of the partic-
ular problem at hand, and to extend the theory to relax
this assumption would be an important future step. Sec-
ondly, in the theory presented we generalise on the basis
of background knowledge and a single example, and thus
statistical methods play no role. The theory needs to be
extended to allow statistical methods to also be included.
For example if the same conflict between sets arguments
for a hypothesis has occurred four times before, resolve
three times ‘for’ and once ‘against’, we would like to re-

solve the current case ‘for’ (or at least reason about the
different outcomes in previous cases) rather than merely
saying this is inconsistent with our background knowl-
edge. Thirdly, it may be the case that there is no previ-
ous example where an argument conflict similar to a cur-
rent conflict occurred. In this situation, we would like to
nevertheless make some prediction for the current prob-
lem but the representation presented will not offer any
method for making such a prediction. Finally, we have
not considered ways in which the background knowledge
itself can be extended or corrected in the light of new
evidence from examples, again a feature which would be
a useful extension.
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