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Abstract

In this paper we define and attack the problem
of competence assessment for intelligent agents.
The basic idea is that we use meta-knowledge to
infer competence. The main contribution of this
paper is a single rule that allows efficient com-
petence assessment for any system with explicit
strategic knowledge. The reason for this is that
strategic knowledge already contains the right in-
formation. Cognitive evidence supports our the-
ory.

Competence and Intelligent Agents

The Problem of Competence Assessment

The problem we attempt to address in this paper is
best illustrated by looking at an example. Consider
the problem-solving activity of human problem solvers
given the following simple physics problem1:

A block of mass m starts from rest down a
plane of length l inclined at an angle O with the
horizontal. If the coefficient of friction between
block and plane is #, what is the block’s speed as
it reaches the bottom of the plane?

Given that the human problem solvers have some
knowledge of physics in the form of equations that are
appropriate to the problem, they will most likely an-
swer the question whether they can solve this problem
with "yes", i.e. they will state that they are compet-
ent to solve this particular problem instance. We will
refer to this question as the competence assessment
problem. However, then asked what the solution is
they would probably reply that to work out the exact
speed of the block at the end of the plane they needed
some more time.

1This example problem is taken from (Larkin et al.
1980), work we shall return to later in this paper.

Now, this is interesting. Assessing whether one can
solve a problem seems to be much easier than actu-
ally solving the problem, at least for a human prob-
lem solver. This claim is supported by research on the
knowing not phenomenon (Barr 1979). They point out
that "people often know rapidly and reliably that they
do not know something."

Intelligent Agents and Competence

To be able to solve the competence assessment problem
efficiently would be a very useful and important ability
for an intelligent (computational) agent trying to solve
a problem as well.

Intelligent agents do not necessarily have all the
knowledge they need to solve a problem but they might
know of other agents they can communicate with that
have the knowledge they lack. Thus, in order to solve
its problem the first agent has to find another agent
that can provide the desired knowledge, formulate and
ask the relevant question, wait for the reply, and con-
tinue processing. The second agent receives the query
and tries to find an answer. If it finds an answer it
returns it and does something else.

A problem occurs when the agent is incompetent to
solve the given problem and wastes time looking for the
solution anyway. It may be the case that other queries
cannot be worked on during this time. The simplest
approach to trying to avoid this situation is for the
question-answering agent to proceed in two steps:

1. Assess own competence with respect to the given
problem instance;

2. Try to find the answer.

Questions about Competence
The first step, deciding the competence assessment
problem, is what we want to look at more closely now.
The basic idea of how this can be done could, if not
must, look something like this:
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We have to abstract from the given problem
instance and from the knowledge base that will
be used to try to solve this problem instance and
test whether the two match in some way.

We can divide this problem into several categories
by distinguishing different types of questions the in-
telligent agent should ask itself in order to assess its
competence. These can be identified by the kind of
object the question is about. What these questions all
have in common is that they ask about the existence
of some knowledge or capability within the agent. We
have come up with the following basic categories:

1. Do I know about < instance >?

e.g. Mont Blanc, Robert Burns, ThatBlock (from
the above example), etc.

2. Do I know about < concept >?

e.g. mountains, poets, sliding blocks, etc.

3. Can I derive < proposition >2?

e.g. Mont Blanc is x metres high, etc.

4. Can I do < action >3?

e.g. climbing the Mont Blanc, etc.

Looking at the sliding block problem again we need
to assess competence for a proposition, i.e. a ques-
tion of the third type. From the problem "What
is the block’s speed as it reaches the bottom of the
plane?" we take the proposition "The block’s speed as
it reaches the bottom of the plane is x?" to insert into
the competence question.

We will first address the third question type be-
cause research on explanation indicates how to answer
this question. Achinstein defines what it means to be
in a knowledge-state with respect to an (explanation-
seeking) question Q (Achinstein 1983, page 24). 
though the above questions are not explanation seeking
questions~ the notion of "being in a knowledge-state"
is ve.ry useful here. Let Q be a question asking for the
proposition P. Then someone (.4) is in a knowledge-
state with respect to Q iff A knows of p4 that it is a

2Thls question can be seen as asking about the agent’s
knowledge if the knowledge refers to the deductive closure
of the knowledge base.

3Given that an agent knows the primitive actions it can
perform, this kind of competence question is equivalent to
asking whether the agent can generate and execute a plan
implementing the action in question. Whether and how
the competence questions about propositions and actions
are related remains an open issue.

4In the original work P is existentiMly quantified to
cover equivalent statements. The idea itself is based on
the concept of being "acquainted" with P (Russell 1910).

correct answer to Q. Similarly, extending this defini-
tion, we can say that A is in a complete knowledge-
state with respect to P iff A is in a knowledge-state
with respect to any Q asking for P. We can say that A
is in a knowledge-state with respect to P iff A is in a
knowledge-state with respect to some Q asking for P.

As this is work from philosophy, the knower A from
above was intended to be human, not a computational
intelligent agent. We now need to look at the concept
of being in a knowledge-state from a computational
point of view. In that sense we would like to view being
in a knowledge-state as a property of the knowledge
base rather than a whole system that might not be a
question-answering system. This can be done by saying
that a knowledge base KB is in a knowledge-state with
respect to P if[ an appropriate mechanism could extract
P from KB given some Q as above.

The problem with this is that P is a proposition in
some formalism and thus, extraction means derivation.
Only in a rather simple formalism like propositional lo-
gic is it possible to decide whether a given proposition
follows from the agents knowledge base or not. This
can be done by just trying to derive the given propos-
ition. However, this is not addressing the competence
question directly but trying to solve the problem and
obviously gives no efficiency gain. Furthermore, if the
underlying formalism is more complex, as, for example,
first order logic then the problem is known to be un-
decidable. Notice that the difficulty comes from the
problem itself.

However, we can apply the above definition of
knowledge-states to the first two question types simply
by saying that P is an instance or concept. This gives
us a very convenient computational criterion for de-
ciding on competence questions about instances and
concepts: basically we just need to search for know-
ledge involving them. For example, we will assume
that an agent knows about the block from our slid-
ing block example if the symbol ThatBlock represent-
ing the block is mentioned in sentences in the agent’s
knowledge base.

As we believe that a useful knowledge representa-
tion formalism will have the property of undecidabil-
ity quite often, we can only hope for an approximate
answer to a competence question about propositions.
That is, we hope for an answer like "Yes, it is likely
that I can solve this problem (e.g. derive a propos-
ition like the one in the sliding block problem)." In
this way we could overcome the undecidability and ef-
ficiency problem mentioned above. The last kind of
competence question about actions has the same prob-
lem associated with it, we can only get a probabilistic
evaluation here as well.
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Looking at human problem solvers again, we find
the same behaviour: the initial assessment might be
wrong. This is simply a result of the fact that the
competence decision is based upon an abstraction of
the problem instance, and some details might reveal
the problem as more difficult than initially thought.
If, in the example from the beginning of this paper,
the plane turns out to be so long that the effects of
aerodynamics become important, then human problem
solvers may fail at this problem instance although they
originally thought they were competent.

Up to now, we know how to solve the competence
assessment problem for instances and concepts and we
know that the best we can hope for in the case of pro-
positions and actions are probabilistic answers. Also,
it is intuitively clear that answering the more difficult
questions relies on the simpler cases.

Meta-Knowledge
The Type of Knowledge Required
We now have a set of question types representing the
competence assessment problem, two of which we know
how to deal with, and two we have yet to deal with. To
address the latter we need two things: the knowledge
required to answer the questions, and a method to get
at this knowledge efficiently. We will first look at the
type of knowledge required.

Competence knowledge is knowledge about other
knowledge. Davis and Buchanan have used the term
meta-knowledge to describe exactly this kind of know-
ledge (Davis & Buchanan 1977):

... meta-level knowledge is knowledge about
knowledge. Its primary use here5 is to enable a
program to "know what it knows", and to make
multiple uses of its knowledge. That is, the pro-
gram is not only able to use its knowledge directly,
but may also be able to examine it, abstract it,
reason about it, or direct its application.

The kind of knowledge the meta-level knowledge ex-
amines is called object-level knowledge. This is know-
ledge of the domain that is used to solve a problem,
the kind of knowledge you would find in a trace of the
system.

What we want to do with the object-level know-
ledge in order to assess competence is to abstract it,
i.e. abstract from the given problem instance, and then
reason whether we can use the agents knowledge to
solve the problem. Thus, let us look at the meta-
knowledge TEIRESIAS contained.

5"here" refers to TEIRESIAS, the system they were
building.

Types of Meta-Knowledge

In discussing their system TEIRESIAS, Davis ,and
Buchanan identified four different types of meta-
knowledge. They do not claim that these are ,all the
types there are but just what was relevant for their
work. If meta-knowledge is the kind of knowledge re-
quired for competence assessment then it makes sense
to look at the types of meta-knowledge they have iden-
tified:

Schemata hold knowledge about the representation
of objects. This knowledge describes the structure
and interrelations of the objects represented.

Function templates hold knowledge about the rep-
resentation of functions. It resembles a simplified
procedure declaration.

Rule models hold knowledge about inference rules.
They are abstract descriptions of a set of rules, built
from empirical generalizations about these rules.

Meta-rules hold the knowledge about reasoning
strategies, i.e. knowledge about how to use other
knowledge. It helps in deciding which knowledge
to invoke next in a situation where more than one
chunk of knowledge may be applicable.

One can argue whether all the types of knowledge
in this list are really meta-knowledge. For example,
schemata representing internal structure and relations
between objects like a conceptual hierarchy are very
close to semantic networks. Function templates de-
clare the types of the arguments to the function in this
hierarchy. Rule models are an abstraction from other
knowledge in the system. In fact, we would like to see
these three types rather as additional knowledge than
as meta-knowledge because when using this knowledge
in the reasoning process, the objects being reasoned
about are not the actual rules in the object-level know-
ledge base. This is only the case for meta-rules and
hence we would see this as true meta-knowledge here.

In the rest of this paper we will focus on meta-rules
as a formalism to represent meta-knowledge. However,
there is no need for the rule-basedness of the formal-
ism. The emphasis should be seen as on the kind of
knowledge this is, i.e. explicit knowledge how to de-
cide in which direction to proceed in the search space,
knowledge to control search. This was exactly the aim
in Davis’s work on meta-rules (Davis 1980).

Although they mention that the same knowledge
rnay be used for other purposes as well, they did not
follow this up. There is no mention of assessing com-
petence based on this knowledge.
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Explicit Representation versus Inferred
Knowledge

There is one principled concern here that we need to
discuss before we have a closer look at the relation
between meta-rules and competence. If we want an
agent to be able to answer the above competence ques-
tions efficiently then there are two basic approaches to
getting at the required knowledge: adding an expli-
cit representation of competence versus trying to in-
fer competence with respect to a given topic from the
object-level knowledge base.

A specific representation of competence knowledge
will most likely be much more efficient because it can
be designed to supply the knowledge to our questions
directly. On the other hand there is always the risk
that the object-level and meta-level knowledge become
inconsistent since they are held in separate represent-
ations.

Attempting to infer competence could turn out to
be very expensive and, as we have mentioned above, it
might not be decidable at all depending on the form-
alism used for the object-level knowledge. However,
if new knowledge is added to the system or existing
knowledge is updated then inferring competence will
always result in a correct assessment. This aids main-
tainability of the knowledge base greatly and there is
no need to guess in advance all the things one might
want to do with the knowledge. Some systems even
change their own competence by learning or forgetting
(Smyth & Keane 1995) in which case it is impossible 
have a static representation of competence. Concern-
ing efficiency, inferring the knowledge might be more
expensive, but the example of human problem solvers
given above indicates that the cost might not be too
high. We will consider this approach further.

The Thesis: Meta-Rules Indicate
Competence

In this section we will show how meta-rules as used
for search control can be used to indicate competence.
First we will look closer at an example recta-rule to
see exactly what knowledge it represents. Then we
will show how this knowledge can be used to assess
competence, and finally we will present some cognitive
evidence that supports our work.

Meta-Rules

Meta-rules guide search by pruning the search space
or reordering the set of plausibly useful knowledge
sources, i.e. the object-level rules. Meta-rules, in
TEIRESIAS, are associated with the goals of object-
level rules. If such a goal is activated the meta-rules in-
dicate which applicable object-level rule should be dis-

regarded and which ones should be tried before others.
The following example meta-rule is taken fl’om (Davis
1980). The goal it is associated with is to determine
an investment.

METARULE002:
If [1] the age of the client is greater than 60,

[2] there are rules which mention high risk,
[3] there are rules which mention low risk,

then it is very likely (.8) that the former should 
used after the latter.

Notice that the goal itself is not mentioned in the
rule but can be seen as an additional precondition
that is checked in a different way. Then there are two
kinds of precondition in this meta-rule: the implicit
precondition (the goal) and the first explicit precon-
dition refer to the problem instance to be solved, the
second and third precondition refer to the object-level
knowledge of the system. The conclusion tells the in-
ference engine which rules should be preferred over
others. In other words, the preconditions in meta-
rules abstract from the actual problem instance and
the object-level knowledge base in order to determine
the search strategy. This sounds very much like the
basic idea of how to address competence questions as
mentioned above.

Similar formalisms to encode strategic knowledge
show the same principles, for example PRESS (Bundy
et al. 1979), (nundy & Welhmn 1981). There 
also knowledge representation systems that support
the representation of meta-knowledge, mostly by al-
lowing sentences at the object-level to be associated
with constants at the meta-level, for exmnple SPHERE
(Filman, Lamping, & Montalvo 1983), Omega (Attardi
& Simi 1984), metaProlog (Bowen 1985), RM (Gins-
berg 1986), etc. However, none of these addresses the
competence assessment problem we are dealing with
here.

Meta-Rules and Competence

Our claim here is that meta-rules contain knowledge
about competence. Given a problem instance with its
goal we can use the following simple rule to assess com-
petence:

If there is a meta-rule applicable to the
given problem instance that tells us which object-
level knowledge to apply then it is likely that we
are competent with respect to this problem in-
stance.

The intuition behind this rule is quite simple: in try-
ing to assess our competence for a given problem we
seek ways to attack the problem. If we know of a prom-
ising way to attack the problem then we assume that
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we are competent. The existence of meta-knowledge
that tells the inference engine how to proceed in the
search space represents exactly the condition of know-
ing how to attack the problem. Of course, it is pos-
sible that after actually starting to solve the problem
the system discovers that the promising approach did
not lead to the solution. This simply accounts for the
fact that the competence assessment problem is not
decidable in general.

Thus, in the above example of a nmta-rule we can
see that the system is competent to determine an in-
vestment for a client over the age of 60 if it has some
object-level rules mentioning low risk. Otherwise the
system could only try to find a high risk investment
which we know from the meta-knowledge is unlikely to
be suitable.

There are a number of possible objections at this
point. For example, if the meta-knowledge still leaves
us with a considerable number of promising rules then
we know of quite few ways to attack the problem which
might be interpreted as not really knowing how to at-
tack the problem. Another objection could be that
meta-rules do not contain all the knowledge we need
to assess competence and we will fully agree with this
point. We might need to explicitly represent further
knowledge to get to a better assessment. Yet an-
other objection could be that a rule-based approach
is not general enough. However, a production system
framework covers many AI techniques (Nilsson 1980).
Still, one could argue that, for example, a case-based
reasoning approach (as in JULIA (Kolodner 1987)) 
a constraint-based approach is more suitable for the
competence assessment problem. This is missing the
point though.

The problem we are given is to decide on the basis of
the knowledge-base (including all levels of knowledge
and the problem instance at hand) whether it is likely
that we can solve the problem. There are two issues
here: how to abstract from the problem instance and
knowledge base; and how to evaluate whether the two
abstractions match. We believe that the hard part
is the abstraction process because one has to identify
some general features in terms of which the problem
instance can be described. This problem is similar to
the one in earlier work on concept learning systems:
if the right attribute is not given to the system any
mechanism must fail to derive an appropriate concept
description. Only once the potentially important fea-
tures have been identified it does makes sense to think
about the mechanism. And this is also true for case-
based reasoning as mentioned above: extracting the
right features to classify and retrieve cases is a funda-
mental problem.

So why meta-rules? What we have shown above is
how to use the knowledge in the meta-rules to get to an
abstraction of the problem instance. Meta-rules per-
form a kind of abstraction fl’om the problem instance
and the object-level knowledge to decide what to do
next. Thus, there are already a number of features
contained in the meta-knowledge that are connected
to features of the knowledge base. Instead of inventing
new features, representing them in a different form-
alism, and doing the evaluation this way, it is more
sensible to reuse the meta-knowledge in the system to
decide the competence assessment problem.

Concerning knowledge that is necessaxy for compet-
ence assessment but not contained in the meta-rules,
there is a possibility that this knowledge might be use-
ful for pruning the search space as well and hence,
should again be reused. We have not followed up this
line of investigation as yet.

Some Cognitive Evidence

There is cognitive evidence supporting our claim that
meta-knowledge indicates competence. (Larkin et al.
1980) have implemented two computational models
simulating expert and novice reasoning showing that
the expert’s competence is based on additional meta-
knowledge. The experiment they did was the following.

They prepm’ed two example physics problems and
had expert and novice subjects solve them. One of the
problems is the sliding block example from the begin-
ning of this paper. They asked the subjects to "think
aloud" while solving the problems and recorded their
reasoning. Then they took these data and adjusted the
strategic knowledge of the two models so that their
reasoning resembled that of expert and novice. The
accuracy achieved in this way was around 92%.

The differences between the two computational mod-
els were in the strategic knowledge where the expert
used more forward reasoning and has more sophistic-
ated strategic knowledge. Looking at the search space
it is obvious that unguided forward search results in
a nmch larger search space than unguided backward
search. Hence, for the expert to solve the problem with
forward inferences more efficiently, more knowledge on
guiding this search must be available. Anderson shows
a similar behaviour in a different domain (Anderson
1981).

They way we like to see this result here is that stra-
tegic knowledge can be represented in meta-rules and
nmre expertise means greater competence. Hence, hav-
ing appropriate meta-rules and being competent are
strongly related at least.
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Further Related Work

Reflective systems are systems that can reason about
their own knowledge-base by means of an explicit rep-
resentation of it (Smith 1982), (Maes 1986), (Maes 
Nardi 1988). Thus, the ability to assess ones own com-
petence can be called a reflective ability of an intel-
ligent agent. However, there are many other abilities
which a fully reflective system must have: it should be
able to reason about any aspect of its own knowledge.
In the light of this it is not surprising that the question
of competence assessment is not treated in tile work on
reflective systems mentioned above.

The competence assessment problem was addressed
in the project REFLECT (Vofl et al. 1990). Their aim
was similar to ours in that they wanted to add efficient,
non-constructive feasibility studies to their system by
abstracting from the given problem. However, they
chose to implement this by adding explicit necessary
criteria to test for solvability of the problem instance.
For example, the requirements are tested for inconsist-
ency before the system attempts to find a configura-
tion. Using meta-knowledge as described above results
in a probabilistic assessment.

A question we have not addressed in this paper is
how to get at this meta-knowledge that we use for com-
petence assessment and this seems to be very hard in-
deed. (Laske 1986) has analyzed the process of know-
ledge elicitation and described the knowledge states
of an expert during some problem-solving activity as
snapshots in the problem space. He argues that even
the operations that lead from one state to another are
only inferred by the knowledge engineer and are, thus,
unreliable. He would further argue that the elicitation
of meta-knowledge is very difficult because of the large
epistemological distance. However, as shown above,
(Larkin et al. 1980) came up with models that seem
to fit expert and novice meta-knowledge rather well.
Still, the problem of meta-knowledge elicitation has to
be solved in order to be able to exploit meta-rules for
competence assessment on a larger scale.

Future Work and Conclusions

In summary, we have defined and illustrated the com-
petence assessment problem and argued that it is of rel-
evance for intelligent agents. We have identified several
questions that manifest that problem, and have given
an efficient way to decide the simpler cases. For the
more complex cases, we identified meta-knowledge as
the kind of knowledge required to address these ques-
tions, and did a thorough analysis of different types of
meta-knowledge. We have argued that it is desirable
to infer competence from the given knowledge rather
than adding specific competence knowledge.

Then, looking at meta-rules in more detail, we have
given a criterion based on this knowledge to decide the
competence assessment problem. We have explained,
illustrated and discussed our method, emphasizing the
point that its usefulness stems fronl the fact that meta-
rules contain the right knowledge, not from the partic-
ular representation formalism of meta-rules. Finally,
we have given supporting evidence that strategic know-
ledge and competence are strongly related.

Our aim for the future is to apply these ideas to plan-
ning, more specifically the O-Plan framework (Tate,
Drabble, & Kirby 1994). This implies that we need
to identify planning-specific meta-knowledge and ana-
lyse it for features as described above. This is not to
be mixed up with meta-plans (Wilensky 1981) but 
the seeking of control knowledge for the planning task.
We expect domain knowledge to play an important role
here. More generally, we will also follow up different
approaches in order to characterize planning capabilit-
ies, but this is a much wider issue.

Another point worth mentioning here is that the
ideas presented are not yet implemented. The reason is
simply that O-Plan uses an evaluation function rather
than explicit knowledge to decide in which direction
to search for a plan. Extracting explicit knowledge
is hence the first step to competence assessment with
meta-knowledge.
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