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Abstract
OSCAR is a fully implemented architecture for a cognitive
agent, based largely on the author’s work in philosophy
concerning epistemology and practical cognition. The
seminal idea is that a generally intelligent agent must be
able to function in an environment in which it is ignorant of
most matters of fact. The architecture incorporates a
general-purpose defeasible reasoner, built on top of an
efficient natural deduction reasoner for first-order logic. It is
based upon a detailed theory about how the various aspects
of epistemic and practical cognition should interact, and
many of the details are driven by theoretical results
concerning defeasible reasoning.

1. Epistemic Cognition
The “grand problem” of AI has always been to build artificial agents with human-like intelligence. That is the stuff
of science fiction, but it is also the ultimate aspiration of
AI. In retrospect, we can understand what a difficult problem this is, so since its inception AI has focused more on
small manageable problems, with the hope that progress
there will have useful implications for the grand problem.
Now there is a resurgence of interest in tackling the grand
problem head-on. Perhaps AI has made enough progress
on the little problems that we can fruitfully address the big
problem. The objective is to build agents of human-level
intelligence capable of operating in environments of realworld complexity. I will refer to these as GIAs — “generally intelligent agents”. OSCAR is a cognitive architecture
for GIAs, implemented in LISP, and can be downloaded
from the OSCAR website at http://oscarhome.socsci.arizona.edu/ftp/OSCAR-web-page/oscar.html. OSCAR
draws heavily on my work in philosophy concerning both
epistemology [1,2,3,4] and rational decision making [5].
The OSCAR architecture takes as its starting point the
observation that GIAs must be able to form reasonable
beliefs and make rational decisions against a background
of pervasive ignorance. Reflect on the fact that you are a
GIA. Then think how little you really know about the
world. What do you know about individual grains of sand,
or individual kittens, or drops of rain, or apples hanging on
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all the apple trees scattered throughout the world? Suppose
you want to adopt a kitten. Most AI planners make the
closed world assumption, which would require us to know
everything relevant about every kitten in the world. But
such an assumption is simply preposterous. Our knowledge
is worse than just gappy — it is sparse. We know a very
little bit about just a few of the huge number of kittens
residing in this world, but we are still able to decide to
adopt a particular kitten. Our knowledge of general matters
of fact is equally sparse. Modern science apprises us of
some useful generalizations, but the most useful generalizations are high-level generalizations about how to repair
cars, how to cook beef stroganoff, where the fish are apt to
be biting in Piña Blanca Lake, etc., and surely, most such
generalizations are unknown to most people. What human
beings know about the world is many orders of magnitude
smaller than what is true of the world. And the knowledge
we lack is both of individual matters of fact and of general
regularities holding in the world.
In light of our pervasive ignorance, we cannot get
around in the world just forming beliefs that follow deductively from what we already know together with new sensor input. We must allow ourselves to form beliefs that are
made probable by our evidence, but that are not logically
guaranteed to be true. For instance, in our normal environment, objects generally have the colors they appear to
have, so we can rely upon this statistical generalization in
forming beliefs about the colors of objects that we see.
Similarly, objects tend to retain certain kinds of properties
over time, so if we observe an object at one time, we tend
to assume that, in most respects, it has not changed a short
time later. None of these inferences can deductively guarantee their conclusions. At best, they make the conclusions
probable given the premises.
GIAs come equipped (by evolution or design) with
inference schemes that are reliable in the circumstances in
which the agent operates. That is, if the agent reasons in
that way, its conclusions will tend to be true, but are not
guaranteed to be true. Once the cognizer has some basic
reliable inference schemes, it can use those to survey its
world and form inductive generalizations about the reliability of new inferences that are not simply built into its
architecture. But it needs the built-in inference schemes to
get started. It cannot learn anything about probabilities
without them. Once the agent does discover that the probability of an A being a B is high, then if it has reason to
believe that an object c is an A, it can reasonably infer that

c is a B, and the probability of this conclusion being true is
high. This is an instance of the statistical syllogism [9].
Notice that in order for the agent to reason this way with
new probability information, the statistical syllogism must
be one of its built-in inference schemes.
An agent whose reasoning is based on inference
schemes that are less than totally reliable will sometimes
find itself with arguments for conflicting conclusions —
“rebutting defeat” [6,7] — or an argument to the effect that
under the present circumstances, one of its built-in
inference schemes is not reliable, or less reliable than it is
assumed by default to be. The latter is one kind of
“undercutting defeat” [6,7]. Undercutting defeaters attack
an inference without attacking the conclusion itself. For
intance, if I know that illumination by red light can make
an object look red when it is not, and I see an object that
looks red but I know it is illuminated by red lights, I should
refrain from concluding that it is red, but it might still be
red. In the human cognitive architecture, we find a rich
array of built-in inference schemes and attendant
undercutting defeaters. One of the tasks of the
philosophical epistemologist has been to try to spell out the
structure of these inference schemes and defeaters. I have
made a number of concrete proposals about specific
inference schemes [1,8,9,6,2,3,4]. Often, the hardest task is
to get the undercutting defeaters right. For example, in [2] I
argued that the frame problem is easily solved if we
correctly characterize the undercutting defeaters that are
associated with the defeasible inference schemes that we
employ in reasoning about causation, and I implemented
the solution in OSCAR.
The natural temptation is to try to build an implemented
defeasible reasoner on the model of familiar deductive
reasoners. First-order deductive reasoners generate the
members of a recursively enumerable set of deductive
consequences of the given premises. By Church’s theorem,
the set of consequences is not decidable, but because it is
r.e., its members can be systematically generated by an
algorithm for constructing arguments. (This is what the
completeness theorem for first-order logic establishes.)
However, the situation in defeasible reasoning is more
complex. If we assume that it is not decidable whether
there is an argument supporting a particular conclusion (for
first-order logic, this is Church’s theorem), then it cannot
be decidable whether there are arguments supporting defeaters for a given argument. This means that in constructing defeasible arguments, we cannot wait to rule out the
possibility of defeat before adding a new step to an argument. We must go ahead and construct arguments without
worrying about defeat, and then as a second step, compute
the defeat statuses of the conclusions in terms of the set of
arguments that have been constructed. So argument
construction must be separated from the defeat status
computation. Most implemented systems of defeasible
reasoning do not make this separation, and as a result they
are forced to focus exclusively on decidable underlying
logics, like the propositional calculus. But that is too weak
for a GIA. The knowledge of a GIA can, in principle,

include any or all of modern science and mathematics, and
that requires a full first-order language.
A GIA cannot wait until all possibly relevant arguments
have been constructed before computing defeat statuses,
because the process of argument construction is non-terminating. It must instead compute defeat statuses provisionally, on the basis of the arguments constructed so far, but
be prepared to change its mind about defeat statuses if it
finds new relevant arguments. In other words, the defeat
status computation must itself be defeasible. This is the
way human reasoning works. We decide whether to accept
conclusions on the basis of what arguments are currently at
our disposal, but if we construct new arguments that are
relevant to the conclusion, we may change our mind about
whether to accept the conclusion.
The literature on nonmonotonic logic and most of the
literature on defeasible reasoning has focused on what
might be called simple defeasibility. This is defeasibility
that arises from the fact that newly discovered information
can lead to the withdrawal of previously justified conclusions. But as we have seen, there is a second source of
defeasibility that arises simply from constructing new arguments without adding any new information to the system. We can put this by saying that the reasoning is doubly
defeasible.
I have made four important observations about the reasoning of a GIA. First, it must have an expressive system
of representations for encoding its beliefs, including at
least first-order representations. Second, this means that it
must employ powerful systems of reasoning, including at
least full first-order logic. Third, this means that argument
construction will be non-terminating, and the existence of
arguments supporting particular conclusions will be undecidable. But fourth, that forces the reasoning to be doubly
defeasible. To the best of my knowledge, OSCAR is the
only implemented defeasible reasoner that accommodates
double defeasibility [10,6]. Accordingly, OSCAR is the
only implemented defeasible reasoner that can make use of
strong reasoning techniques like first-order logic.
These observations have the consequence that a GIA
cannot be viewed as a problem solver as traditionally
understood in AI. Because reasoning is non-terminating, a
GIA can only solve problems defeasiblyProblems can be
set aside when defeasible solutions are found, but they can
never been forgotten. There is always the possibility that
an agent will have to return to a particular problem.
Furthermore, solutions that were found for old problems
but have not yet been acted upon may interact with what
solutions are available for new problems, and that may
necessitate looking for different solutions for the old
problems. For a GIA (as for humans), nothing is ever
completely finished. An implementation of a GIA is an
infinite loop, not a finitely terminating problem solver.

2. Practical Cognition
In sophisticated agents, actions are directed in part by
appeal to the agents’ beliefs about their environment. The

cognitive processes that issue in action make up what is
called “practical cognition”. Roughly, practical cognition
consists of those aspects of cognition that deal with
adopting and executing plans. Within practical cognition,
we can distinguish between plan construction and plan
adoption. In sophisticated agents, multiple plans may be
constructed, aiming both at the same goal and at different
goals. Plans aimed at different goals may interact in various ways (competing for resources, sharing actions, etc.),
and this affects which plans the agent should adopt. So
plan construction is one thing, plan adoption another. I will
talk about plan adoption below, but first let us think a bit
about plan construction. In a GIA, should that be part of
epistemic cognition, or should it be a separate kind of cognition?
In recent years, there have been impressive advances in
planning theory, resulting in “high performance planners”
that are capable of solving problems much harder than
those classical goal regression planners could solve. But
most of this work is inapplicable to building GIAs. This is
for two reasons. First, high performance make the closed
world assumption, and do so in an absolutely essential way
that cannot be relaxed. But this flies in the face of our
initial observation of pervasive ignorance. So GIAs cannot
be constructed on the basis of such planners.
Second, a GIA will also lack definite knowledge of what
the outcomes of actions will be. It will at best be able to
predict some outcomes probabilistically. Furthermore,
GIAs do not face isolated planning problems. As an agent
learns more about its environment, new opportunities arise
and new threats arise, resulting in new planning problems.
It may not be possible for an agent to achieve all its goals.
So even if it can construct a plan for achieving a goal, that
does not mean that the plan should be adopted. It must be
considered how the plan is related to other plans. If the
plan is adopted, will the agent have to reject another plan
because, for example, it lacks the resources to execute
both? In choosing between conflicting plans, the agent
must take account of their costs and benefits. So the
requisite kind of planning for a GIA is probabilistic and
decision-theoretic.
Existing decision-theoretic planners almost invariably
make the closed world assumption regarding individual
matters of fact in the start state. Furthermore, they assume
that the cognitive agent has at its disposal a complete
probability distribution regarding the probabilistic
connections between any matters of fact that are relevant to
the planning problem. We have already seen that the closed
world assumption is unacceptable for GIAs, but the
assumption of a complete probability distribution is
equally preposterous. Suppose a problem is described by
logical compounds of a set of n simple propositions. Then
to specify a complete probability distribution we must
provide the values for 2n logically independent
probabilities. For a rather small number of simple
propositions, there is a completely intractable number of
logically independent probabilities. For example, given just
300 simple propositions, a grossly inadequate number for

describing many real-life problems, there will be 2300
logically independent probabilities. 2300 is approximately
equal to 1090. To illustrate what an immense number this is,
recent estimates of the number of elementary particles in
the universe put it between 1080 and 1085. Thus to know all
the probabilities required for a complete probability
distribution, a GIA would have to encode 5 – 10 orders of
magnitude more logically independent probabilities than
the number of elementary particles in the universe. And
this is from a problem that can be described in terms of just
300 simple propositions. In the real world we need vastly
more.
There is a more profound difficulty for using existing
planning technology in a GIA. Existing planners “compute
plans”. Their input is a planning problem which includes
all of the information needed to find a plan, and then they
run a program that computes a plan and terminates. This
strategy is inapplicable to GIAs. In the real world a GIA
cannot be expected to come to a planning problem already
knowing everything that is relevant to solving the problem.
In the course of trying to construct a plan, an agent will
typically encounter things it would like to know but does
not know. For instance, if it is planning how to make a
peanut butter and jelly sandwich, it may discover that it
does not know where the peanut butter is. This illustrates
that addressing a typical planning problem may give rise to
epistemic queries which will initiate further epistemic cognition. Planning and epistemic cognition must be smoothly
interleaved. This cannot be handled by doing all the epistemic cognition before beginning the planning, because we
often do not know what we will have to know until the
plan is partly constructed. For example, in a goal regression planner we may need to find out whether the preconditions for some action are satisfied, but we will not know
which actions are relevant until the planning is already
underway and a partial plan constructed. Most emphatically, we cannot require a GIA to already know everything
that might be relevant.
This observation profoundly changes the logic of planning. If planning and epistemic cognition are essentially
interleaved, then because the epistemic cognition is defeasible, so must be the plan construction. If a plan is constructed by assuming beliefs that are later withdrawn, the
plan should be withdrawn. In principle, this might be handled by replanning from scratch, but because planning is so
computationally difficulty, that would be very inefficient.
It seems that it would be better to keep track of where in
the planning process various beliefs are used, and then try
to repair the plan if those beliefs are withdrawn. This is the
way defeasible reasoning works. We have to keep track of
our arguments so that we know what conclusions were
used in inferring a given conclusion, and then we use that
information in deciding which conclusions to accept in the
face of defeaters. It looks like the structure of defeasible
planning must be exactly similar, and will require all the
same sophistications as full-fledged defeasible epistemic
cognition. Rather than duplicating all of this in a separate
planning module, and somehow integrating that module

with epistemic cognition, it seems more efficient to do it
all with a single module. In other words, do defeasible
planning within the system of epistemic cognition by reasoning defeasibly about plans. It is at least plausible that
this is the way humans construct plans.
It is an open question what form of planning should be
employed by an GIA, but in the absence of the closed
world assumption, the only familiar kind of planner that
can be employed in a GIA is something like a classical
goal regression planner. I do not want to claim that this is
exactly the way planning should work in a GIA, but
perhaps we can at least assume that the planner is a
refinement planner that (1) constructs a basic plan, (2)
looks for problems (“threats”), and (3) tries to fix the plan.
It follows from our observations about epistemic cognition
that the set of 〈planning,solution〉 pairs cannot be
recursively enumerable, and planning cannot be performed
by a terminating computational process [11]. This is
because the search for threats will not be terminating. The
result is that, just like other defeasible reasoning, planning
cannot be done by “computing” the plans to be adopted.
The computation could never terminate. A GIA must be
prepared to adopt plans provisionally in the absence of
knowledge of threats (that is, assume defeasibly that there
are no threats), and then withdraw the plans and try to
repair them when defeaters are found. So the logical
structure of planning is indistinguishable from general
defeasible reasoning.
The observation that planning is defeasible changes not
only the logical structure of plan construction, but also the
logical structure of the decision-theoretic reasoning involved in adopting plans. For a GIA to adopt a decisiontheoretic plan, the requirement cannot be that it is optimal
(i.e., at least as good as any other possible plan for achieving the same goals). This is because there will be no time
at which it is not still possible that we will later find a better plan. Instead, a GIA must adopt “good” plans provisionally, being prepared to replace them by better plans if
the latter are found [5]. But it may never find optimal
plans.
To explore the feasibility of the idea that a GIA should
construcruct plans by reasoning about them epistemically, I
implemented a classical goal regression planner within
OSCAR that worked by reasoning about plans [12,13].
Various defeasible inference schemes were supplied, and
then the planning proceeded by using them in reasoning.
The planner was not particularly impressive (roughly
equivalent to UCPOP [14]), but it worked, indicating that
this approach is in principle feasible. I am currently
working on designing and implementing a defeasible goalregression decision-theoretic planner that can be
incorporated into OSCAR. The theory underlying this is
presented in [5].
The proposed implementation is based heavily on recent
results that I have obtained regarding reasoning defeasibly
about probabilities [8]. The main result is as follows.
Given a list of variables X1,…,Xn ranging over
propositions, truth-functional compounds of these variables

are formed by combining them with &, ∨, ~, etc. So, for
example (X∨Y)&~Z is a truth-functional compound of X,
Y, and Z. Linear constraints on the probabilities of truthfunctional compounds either state the values of certain
probabilities, e.g., stipulating that prob(X/Y) = r, or they
relate probabilities using linear equations. For example, if
we know that X = Y∨Z, that generates the linear constraint
prob(X) = prob(Y) + prob(Z) – prob(X&Z).
Then my main result is:
Expectable Probabilities Principle:
Let X1,…,Xn be a set of variables ranging over
propositions, and consider a finite set LC of linear
constraints on probabilities of truth-functional
compounds of those variables. If LC is consistent
with the probability calculus, then for any pair of
truth-functional compounds P,Q of X1,…,Xn there is a
real number r between 0 and 1 such that, given the
constraints LC, we can defeasibly expect that
prob(P/Q) = r.
Furthermore, there is an algorithm for computing the value
of r. This makes it possible for a GIA, engaging in
decision-theoretic planning, to fill in the gaps in its
probability knowledge defeasibly. This obviates the need
for a GIA to have a complete probability distribution at its
disposal. For example, suppose we have two seemingly
unrelated diagnostic tests for a disease, and Bernard tests
positive on both tests. We know that the probability of a
person with his general symptoms having the disease is .6.
We also know that the probability of such a person having
the disease if he tests positive on the first test is .8, and the
probability if he tests positive on the second test is .75. But
what should we conclude about the probability of his
having the disease if he tests positive on both tests? The
probability calculus gives us no guidance here. It is
consistent with the probability calculus for the probability
of his having the disease given that he tests positive on
both tests to be anything between 0 and 1. However, let us
define:
Y(r,s:a) =

rs(1 ! a)
a(1 ! r ! s) + rs

I was able to prove:
The Y-Principle:
£prob(A/B&U) = r & prob(A/C&U) = s & prob(A/U)
= a· is a defeasible reason for £prob(A/B&C&U) =
Y(r,s:a)·.
Thus, for example, we have a defeasible reason for
expecting that the probability of Bernard’s having the
disease is Y(.8,.75:.6) = .889. Similar reasoning allows us
to fill in the gaps in our probability knowledge defeasibly,

forming reasonable expectations about the values of
unknown probabilities without having to have a complete
probability distribution at our disposal.

3. The OSCAR Architecture
My claim is that plan construction should be performed by
epistemic cognition. What remains for practical cognition
is the task of posing planning problems, evaluating plans
once they are constructed, deciding which to adopt, and
directing plan execution. All of these processes involve a
lot of interaction between practical cognition and epistemic
cognition. Basically, practical cognition passes queries to
epistemic cognition and epistemic cognition sends answers
back to practical cognition. In this section, I will give a
high level description of how this all works in the OSCAR
architecture. It is diagrammed in figure 1.

The point of epistemic cognition is to provide the information required for practical cognition. Epistemic
cognition must take account of what kind of information
would be useful in the agent’s practical endeavors, and
focus its epistemic efforts accordingly. Practical cognition
poses queries which are passed to epistemic cognition, and
then epistemic cognition tries to answer them. Different
queries are passed to epistemic cognition depending upon
what practical cognition has already occurred. For
example, once the agent has adopted a particular goal, it
tries to construct a plan for achieving it. In order to
construct such a plan, a query should be passed to
epistemic cognition concerning what plans are apt to
achieve the goal. The queries posed by practical cognition
comprise the set of ultimate epistemic interests.
The course of epistemic cognition must be driven by two
different kinds of inputs. New information is input by perception, and queries are passed to it from practical cognition. The queries are epistemic interests. They represent

things the agent wants to know. The agent can be equipped
with inference-schemes that would allow it to answer a
particular query if it knew something else. For example,
given an interest in knowing (P & Q), the agent could satisfy that interest if it knew P and Q separately. So the agent
reasons backward and adopts interest in P and Q. These are
derived epistemic interests. In this way the agent can reason backward from its ultimate epistemic interests and
forwards from perceptual input until it finds itself in a
situation in which forward reasoning has produced a belief
that answers a query at which it has arrived by backward
reasoning. This discharges the interest, enabling the agent
to use the answer to that query in answering the query from
which it was derived, and so on. By interleaving backward
and forward reasoning, the agent is thus able to use its ultimate epistemic interests to help guide its epistemic cognition. OSCAR implements such bidirectional reasoning,
and uses that to implement a natural deduction system for
first-order logic [6]. It turns out that
the bidirectional structure makes
the deductive reasoner
very
efficient, and it often outperforms
the more fam-iliar resolutionrefutation systems.
Many questions of practical
interest cannot be answered just by
thinking about what the cognizer
already knows. To answer even so
simple a question as “What time is
it?”, the agent may have to examine
the world — at least look at a
clock. More difficult questions may
require looking things up in
reference books, talking to other
cognizers, searching one’s closet,
performing experiments in particle
physics, etc. These are empirical
investigations. They give rise to
actions aimed at acquiring the
information of interest. Actions are
driven by practical cognition, so this involves a connection
whereby epistemic cognition initiates further practical
cognition. Practical cognition begins with the formation of
goals, and then looks for plans that will achieve the goals.
Accordingly, the mechanism whereby epistemic cognition
can initiate practical cognition is by introducing “epistemic
goals” — goals for the acquisition of information.
There is a general distinction between “active” and “passive” perception, where active perception consists of putting oneself in an appropriate situation for passive perception. Some of the actions generated by practical cognition
in the course of an empirical investigation will typically
involve active perception. For instance, the agent may look
something up in a reference book by turning to the appropriate page and then directing its eyes to the right place on
the page.
Empirical
investigation
is
accommodated
by
incorporating two kinds of links into the architecture. One

link is from epistemic cognition, via the formation of
epistemic goals, to practical cognition, and the other link is
from practical cognition to epistemic cognition via active
perception. Adding these links has the consequence that we
get loops from practical cognition to epistemic cognition,
then back to practical cognition, and so on. Practical interests give rise to epistemic interests, which may in turn
produce epistemic goals, which may initiate a search for a
plan for how to find the desired information, which passes
a new query back to epistemic cognition. That may give
rise to new epistemic goals and further loops back through
practical cognition.
Although epistemic cognition is initiated by practical
cognition, it need not be directed by practical cognition
about how to answer questions. That would lead to an infinite regress, because practical cognition always requires
beliefs about the world. If an agent could not acquire some
such beliefs without first engaging in practical cognition, it
could never get started. This indicates that there must be a
default control structure governing epistemic cognition,
and in particular, governing the way in which an agent tries
to answer questions. However, in human beings it is also
possible to override the default control structure. For example, consider taking an exam. A good strategy is often to
do the easy problems first. This involves engaging in practical cognition about how to arrange our epistemic tasks.
Our default control structure might, for example, take them
in the order they are presented, but we can think about
them and decide that it would be better to address them in a
different order. Cognition about cognition is reflexive cognition.
When we redirect the course of our cognition by thinking about it and deciding what it would be best to do first,
we are engaging in practical cognition about how to cognize. Clearly it is a good idea for a sophisticated cognitive
agent to be able to modify the course of its own cognitive
endeavors by engaging in practical cognition about how
best to pursue them. An agent can learn that certain natural
(default) strategies are unlikely to be effective in specific
circumstances, and new strategies may be discovered that
are more effective. The latter are often obtained by analogy
from previous problem solving. It is desirable for a rational
agent to use practical cognition in this manner to direct the
course of either epistemic or practical cognition.
In the OSCAR architecture, cognition is driven by (1)
sensor input, (2) the production of new conclusions by
reasoning and Q&I modules, and (3) the production of new
epistemic interests by either backward reasoning or queries
passed from the various practical reasoning modules. There
will typically be more cognitive tasks to be performed than
can be performed at one time. So these three kinds of items
are placed on a prioritized cognitive task queue, and
popped off and processed in order of priority. OSCAR is
then implemented as an infinite loop that repeatedly retrieves the top members of the cognitive task queue and
passes it to the cognitive modules appropriate to its type,
its type being any of (1) – (3).
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