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Abstract

Learning and problem solving are intimately related: problem solving determines the knowledge requirements
of the reasoner which learning must fulfill, and learning enables improved problem-solving performance. Different
models of problem solving, however, recognize different knowledge needs, and, as aresult, set up different learning
tasks. Some recent models analyze problem solving in terms of generic tasks, methods, and subtasks. These models
require the learning of problem-solving concepts such as new tasks and new task decompositions. We view reflection
asacore processfor learning these problem-solving concepts.

In this paper, we identify the learning issues raised by the task-structure framework of problem solving. We view
the problem solver as an abstract device, and represent how it worksin terms of a structure-behavior-function model
which specifies how the knowledge and reasoning of the problem solver results in the accomplishment of its tasks.
We describe how this model enablesreflection, and how model-based reflection enablesthe reasoner to adapt its task
structure to produce solutions of better quality. The Autognostic system illustrates this reflection process.
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(Eds.), pp: 287-306. 5-8 April 1994, Catania, Sicily (Itay).



1 Motivation and Background

That which is commonly known as “intelligence” is surely the result of the interaction of a great number of cognitive
abilities such as motor control, vision, learning, problem solving, and language use, just to name afew. Yet most Al
research does not fully exploit the constraints that these faculties impose on one another. For example, research on
problem solving often assumes the existence of rich domain knowledge for solving complex problems but it typically
ignorestheissuetheacquisitionof theassumed knowledge. Similarly, research onlearning oftenviewsthelearner asan
entity unto itself, and focuses on devel oping strategiesto learn simple concepts without much regard to their usefulness
in reasoning. For example, much of learning research hasfocused on theissue of acquisition of domain concepts, e.g.,
[32, 11, 20]. The task most commonly used for evaluating the products of concept learning has been classification.
Whilethelearning of new concepts may expand the range of objects a classification system may recognize, it haslittle
or no effect on the internal mechanism of classification. Improving the classification mechanism requires the learning
of problem-solving concepts, i.e. concepts that affect the problem-solving mechanism as opposed to domain concepts
which simply refer to classes of objects and relationsin the world.

When learning research has aimed towards improving the performance of a problem solver, it has adopted a narrow
view of problem-solving. For example, some studies have investigated learning in the context of tasks such as
game-playing [27], automatic programming [28], symbolic integration [22], and scheduling [21]. These systemsview
problem solving as search in a problem space. The search begins at either theinitia or the goal state in the problem
space, and ends with a sequence of operators that connects the two states. These systems assume the availability of a
“complete” set of operators. The only type of information not completely specified is the heuristic rules for selecting
the operators. In thisframework, the only problem-solving concepts that the problem solver may learn are rules for
selecting an appropriate operator to apply at agiven state in the problem space. Since these systems can learn only one
kind of concept, theimpact of learning on problem solvingislimited to improving the efficiency of the problem solver.
Moreover, for redlistically complex tasks, such as planning in a complex environment, it is unreasonable to assume a
complete operator set; in such environments, it would be desirable that the system can learn new operators depending
on the environmenta structure and the task requirements.

Recent work on problem solving has led to afamily of theories [6, 33, 19, 5, 29] that describe problem solving at a
level higher than that of states, operators, heuristics etc. These theories analyze problem solving in terms of different
kinds of generic tasks and generic methods. A task is specified in terms of the kinds of information it takes as input
and gives as output. A method is characterized by the kinds of knowledge it uses, and the subtasks it sets up, when
applied to some task. Different methods may use different kinds of knowledge, e.g., associative, episodic, or causal
knowledge, and set up different subtasks for the same task.

These theories of problem solving use a richer vocabulary of problem-solving concepts. They admit different kinds
of concept learning that go beyond learning heuristics for operator selection, for example, learning new tasks and new
task decompositions. Note that since these theories posit severa different kinds of problem-solving concepts, which
play different rolesin problem solving, they introduce the issue of what kind or kinds of concept to learn in addition
to what concept to learn.

Despite the recent popularity of these theories of problem solving, relatively little work has been done on the learning
of the problem solving concepts they postulate. We view reflection as a core process for recognizing the needs
of problem solving, learning the knowledge that can fulfill these needs, and effectively integrating it in the current
problem-solving process. We endow the problem solver with a model of its own task structure and with a process
capable of monitoring its reasoning on a specific problem, assigning blame, upon failure, to some eement in its
task structure, and appropriately redesigning its task structure. In this paper, we sketch an architecture for reflective
learning, describe a language for specifying the problem-solver’s knowledge and reasoning, and discuss the process
for performance-driven reflective learning as a model -based redesign task. We illustrate the learning process using an
example from the Autognostic system, a reflective path planner.



2 Réflection for Concept L earning

A Per spectiveon Problem Solving  Weadopt Chandrasekaran’s[1989] task structuresastheframework for analyzing
and modeling problem solving. A task consumes some type(s) of information as input and produces as output some
other type(s) of information. A task may be accomplished by one or more methods, each of which may decompose
the task into a set of simpler subtasks. A method is specified by the kinds of knowledge it uses, the subtasks it sets
up, and the control it exercises over the processing of these subtasks. The subtasksinto which amethod decomposes a
task can, in turn, be accomplished by other methods, or, if the appropriate knowledgeis available, they may be solved
directly. The task structure of a problem solver thus provides a recursive decomposition of its overall task in terms of
methods and subtasks.

The tasks and subtasksin the task structure of a problem solver may beinstances of generic tasks[4]. A generictask is
atask instances of which can be encountered in several domains, such as classification and plan synthesis, and whose
methods are applicableto al itsinstantiations.

A task, in our framework, is specified by the information it takes as input, the information it produces as output, a
prototypical task of which it isan instance, and aset of conceptua relations between the input and output information.
These conceptua relations congtitute a partial description of the correct performance of thistask. If the task is
accomplished by a method, then the conceptual relations of its subtasks and the ordering relations that the method
imposes over these subtasks constitute a partial description of a correct internal mechanism for thistask.

The task structure of a problem solver is non-deterministic. Firstly, a task may be accomplished by more than
one methods; if more than one method is applicable to a given task in the task structure, then the problem solver
opportunistically sel ects a given method based on some criteria. Secondly, a method may itself be non-deterministic,
inthat it may specify only apartial ordering for the subtasksit sets up, and some subtasks may not be necessary under
specific conditions.

Concept Learning Revisited The task-structure framework of problem solving identifies several problem-solving
concepts, and gives rise to corresponding learning tasks, including the following:

1. thecriteriafor the applicability of a particular method for a given task,

2. the conditions which determine whether and when a subtask of a method is necessary for the progress of the
problem solving, and

3. the conceptual relations between the types of information atask takes as input and produces as output.

Thusthe productsof concept learning may be of severa different kindsand may resultin different kindsof modifications
to the problem-solving process. Learning theapplicability criteriaof amethod to sometask isroughly similar tolearning
heuristic rules for selecting among operators in the problem-solving-as-search framework. Learning the conditions
under which to perform a subtask, and learning the conceptua relations between the input and output of a subtask,
do not really have equivalentsin the problem-solving-as-search framework. If, however, we were to paraphrase them
in that framework, then, the former (learning the conditions under which a task needs to be performed in order to
contribute to the progress of problem solving) would be roughly equivaent to learning when the application of an
operator contributes to the progress towards the goal state, and the latter (Iearning the conceptual relationsthat a task
imposes between its input and output) would be roughly equivalent to revising the preconditions and post-conditions
of an operator or learning a new operator.

3 Réflective Concept Learning

The task-structure view of problem solving compounds the difficulty of concept learning because it raises the issue
of deciding “what kind or kinds of concept to learn” in addition to the question of deciding “which concept to learn”.
In our work, we adopt reflection as the core process for learning problem-solving concepts. We view the reflection
process as composed of three abilities:



1. recognizing the need for a new concept of a specific kind in thetask structure,
2. identifying the specific concept to be integrated in the task structure, and

3. integrating the new concept so that it resultsin avalid modified task structure and improved performance.

To enable reflection, we need a well-defined language for representing the task structure of the problem solver. We
have adapted the language of structure-behavior-function (SBF) modelsfor describing how physical deviceswork [12]
for thispurpose. Adapting the SBF language for modeling how a problem solver works, we express tasks astransitions
between information states: the input and output information states of a task describe the types of information that
the task takes as input and produces as output correspondingly. Each information-transformation task is annotated
by a set of conceptua relations between the task’s input and output information, and a set of conditions under which
its accomplishment contributes to the progress of problem solving. Moreover, each information transformation is
annotated by a pointer to a prototypical task of which it is an instance, and a set of pointersto the methods that can
be used to accomplish it. Methods are expressed as partially-ordered sequences of state transformationswhich specify
in detail how they accomplish the task for which they are applicable. Each method in turn is annotated by a set of
conditions under which it is applicable to the task. Tasks which are not decomposable by any methods point to the
program modules that can directly accomplish them.

The comprehension of a problem solver of its own reasoning in terms of this SBF model enables the problem solver
to improve its performance

1. by specifying a“road map” for problem solving which allows the problem solver to monitor the progress of its
reasoning on a specific problem,

2. by specifying “ correctness’ criteriafor the results of each of the problem-solver’s subtasks, so that, when it fails,
the problem solver can assign blame for its failure to these subtasks whose results are not consistent with their
corresponding criteria, and

3. by guidingtheproblem solver to consistently redesign its own problem solving and thusimproveits performance.

Monitoring When presented with a new problem, the problem solver uses the model of its reasoning to monitor its
process for solving this problem. Asit solves a given problem, the problem solver records which method it uses for a
specific task, which of the resulting subtasks it performs, in which order, by which method, and their corresponding
results. The model generates expectationsregarding the information states the problem solver goes through asit solves
the problem. Each information state in the problem solving should be related to the preceding one according to the
conceptual relations of the task carrying out the transformation between them. Also, atask should be performed only
when it contributesto the progress of the reasoning.

As the problem solver monitorsits reasoning on a given problem, some of these expectations may fail. For example,
a conceptua relation of some task may not hold true between the actua values of its input and output information.
If, in spite of thisfailure, the problem solver produces an acceptable solution for the given problem, then the problem
solver may recognize the need to modify its understanding of the conceptual relations of task that generated the failed
expectations. That is, it may recognize the need to learn a new conceptual relation that can appropriately describe the
transformation that this task imposes between its input and output. This is an instance of recognizing the need for
learning a type-3 concept.

Another type of expectation failure that may occur during monitoring is that the information produced by some
intermediate subtask may not get used by any other subtask. In this case, the problem solver may recognize the need
to refine its understanding about the conditionsunder which the performance of thistask contributesto the progress of
problem solving. Thisisan instance of recognizing the need for learning a type-2 concept.

Blame Assignment Even if the problem solving proceeds without expectation failures, the problem solver may
produce an incorrect or suboptimal solution. If the problem solver receives the correct solution as feedback from the
world, then thistoo may present another opportunity for learning. In this case, the problem solver can use the record



of itsfailed reasoning process, and the modd of its problem solving to assign blamefor the failureto some element(s)
initstask structure and propose modifications which can potentially remedy the problem. The task-structure view of
problem solving givesrise to ataxonomy of |earning tasks each one corresponding to adifferent type of potentia cause
of failure that the problem solver can identify [30]. In this paper we focus on the learning tasks that involve learning
of anew problem-solving concept.

Onepossiblecausefor thefailure of the problem solver to produce the desired solutionto the given problem may bethat
it did not use the appropriate method to solve it. Often the applicability criteria of some methods may overlap. If the
known applicahility criteriado not enable the problem solver to discriminate between the methods, then it may choose
one arbitrarily. As different methods decompose the overall task into different sets of subtasks, the sets of conceptual
relationsthat describe the transformation of the input problem to the output solution differ from one method to another.
Thus, in general, the solutions that each method produces are characterized by different properties. The properties
and attributes of the desired solution may suggest that the problem solver should have been used some method, say,
M aiternative, different from the one actually used, say M, .4. INn such acase, the problem solver may recognize that
it should modify the applicability criteria of the available methods such that it gives precedence to Miternative OVEr
My s.q inSimilar situations. Thisis an instance of recognizing the need for learning atype-1 concept.

Another possible cause for thefailure of the problem solver to producethe desired solution may bethat asit transforms
itsinput information to produce a solution, it does not “pay attention” to the “right properties’ of its problem domain.
Often there may be enough information in the problem-solver’s knowledge of the world to enable the production of
the desired type of solutions. But the problem solver may produce an incorrect solution because it does not make use
of the available knowledge. The problem-solver’'smode of its reasoning and knowledge may lead it to recognize the
need for introducing a new subtask in the task structure, such that it uses the knowledge needed for the production of
the desired solution type. In this case, the problem solver has to learn the conceptua relations that specify the new
task. Thisisan instance of recognizing the need for learning a type-3 concept.

Redesign  After having recognized the need for learning a problem-solving concept of a specific type, the problem
solver must employ a learning strategy to actually learn the concept and subsequently redesign its task structure to
integrate the new concept in it. In the cases of revising the conditions of a method’s applicability to a task, or the
conditionsof atask’s usefulnessin problem solving, the integration of the new concept does not involve any non-loca
consequences to thetask structure. However, inthe case of introducing a new task inthetask structure (type-3 concept
learning), the consequences to the task structure are non-local. Thisis because the introduction of a new task implies
modifications to the flow of control and information among the existing tasks in the task structure. The semantics of
the SBF models can guide the problem solver in its modification process so that the result is a valid task structure as
we illustrate bel ow.

Evaluation of Learning There is no a priori guarantee that learning will result in an improved problem solver.
However, learning can be evaluated through subsequent problem solving. If the problemthat triggered the modification
can now be solved and the appropriate sol ution produced, then thisis strong evidence that indeed the modification was
appropriate. If not, the problem solver may try other modifications or it may try to evaluate why the modification did
not bring the expected results. The latter assumes amodel of the reflection process: reflection isa reasoning task, and
it too can be modeled in terms of SBF models just like any other task.

4 Router: A Case-Study Problem Solver

In our work, we use Router, [13], apath planning system, as a case-study problem solver. Router’stask isto find apath
from an initial location to a goal location in a physical space. Router was not developed specifically for the purposes
of thiswork; thus, originally it did not have amodel of its own problem solving. On top of Router, we have devel oped
Autognosticwhich has aSBF model of Router’ sreasoning and which isal so capable of the reflection process described
above. Router and Autognostic together constitute a reflective reasoner and learner.

Figure 1 diagrammatically depicts the architecture we have developed for reflective learning. In thisarchitecture, the
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Figure 1: The Architecture of a Reflective Reasoner and Learner

reasoner has both reasoning and meta-reasoning capabilities. In Figure 1 tasks are depicted as solid-line, tilted boxes,
knowledge is depicted as dashed-line boxes, control flow is shown by double arrows, input and output information
flow is depicted by simple arrows, and access and use of knowledge by tasksis depicted by double-headed arrows.

At thereasoning level, Router has domain knowledge. 1t has aworld model which contai ns knowledge about objectsin
the world and the rel ations between them. 1t also has a case memory which consists of experiences of solving specific
problemsintheworld. Router knowstwo methods that can achieve thistask: a model-based method, and a case-based
method. When Router is presented with a problem, it chooses one of these methods based on a set of heuristic rules
which evaluate their applicability and utility on the particular problem at hand. At the reasoning level the reasoner,
Router, does not have explicit understanding of its knowledge or reasoning.

At the meta-reasoning level, however, the reasoner, Autognostic, understands Router’s problem solving in terms of a
SBF model. The SBF modd of the problem-solver’s reasoning captures the interdependencies between the different
tasks it can perform, its problem-solving methods, and its knowledge. Autognostic understands that it knows two
methods that can be used to achieve the path-planning task. Each one of these methods decomposes the overall
problem-solving task in different sets of subtasks, and uses different types of knowledge. One method uses the world
model and the other uses the case memory. The problem solver has also explicit knowledge about the ontology on
which its world model and case memory are based and their respective organizations. The problem solver uses the
knowledge it has at the meta-reasoning level to monitor its reasoning, assign blame to some element of its reasoning
process it when it fails, redesign it, and thus learn and improve its performance.

Figure 2 depicts a part of the SBF model of Router’s problem solving, more specificaly a part of its mode -based
path-planning method. Since the example we discuss in this paper involves the model-based method only, we do
not describe in detail Router’s case-based method [14]. In the language of SBF models, problem-solving process is
viewed as a sequence of transformations between information states. In Figure 2, each information state is depicted as
arectangular box, and containsthe information avail abl e at the state; each state transformation is depicted by adouble



arrow, and is annotated by the description of the task which accomplishes the transformation.
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Figure 2: Part of Router’s SBF model

Router model of itsworld is a hierarchically organized topographical model. The model contains knowledge about
pathways, their directions and the intersections between them. The pathways are grouped into neighborhoods and
the neighborhoods are organized in a space-subspace hierarchy. The higher-level neighborhoods contain knowledge
of magjor pathways, and cover large spaces. Each neighborhood gets decomposed into severa neighborhoods at the
immediately lower level. These lower-level neighborhoods contain knowledge of minor pathways but cover spaces
smaller than the neighborhood that subsumes them.

When Router is presented with a problem, it first finds the neighborhoods of the initial and goal intersections,
initial-zone and goal - zone correspondingly, with the el abor at i on subtask. Then, theretri eval

subtask searches in Router’s path memory, for a path that is close to the current problem. The conceptual relations of
ther et ri eval subtask specify that the retrieved path should connect some intersectioninthei ni ti al - zone to
some intersection in the goal - zone, to be similar enough to the current problem. If the two problem intersections
belong in the same neighborhood, Router may usethei nt r azonal - nodel - based method to sear ch for a path
between the two given locations. The i nt r azonal - nmodel - based search method is essentially a breadth-first
search within the common neighborhood of the two intersections. If the two intersections do not belong in a single
neighborhood, Router has two other options for solving the sear ch subtask: it can either perform a hierarchical
search its neighborhood organization, i nt er zonal - nodel - based method, or it can use the path it retrieved
from its memory, as the basis for solving the current problem (case- based method). The SBF model of the
i nt razonal - nodel - based method, isshown inthe bottom dashed-linebox, in Figure 2. Initially, Router setsup
itscurrent -1 ocati ontobethei nitial -1ocation,andinitiaizesitst enpor ar y- pat h to contain only
thisintersection. Then, by repeatingthei ncr ease- of - pat h subtask, it incrementally adds additional intersections
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tothet enpor ar y- pat h. Thissubtask isrepeated under the conditionthat thelength of the temporary path does not
exceed N. If, at somepoint, Router reachesthegoal - | ocat i on Router assignsthevaueof thet enpor ar y- pat h
tothepat h and returnsit as the desired solution.

Figure 3 depicts part of Autognostic’smeta-model of Router’sworld knowledge. Router’ sworld isdescribed in terms
of severd different typesof obj ect s, suchasi nt er sect i ons, nei ghbor hoods, st r eet s and pat hs. The
types of information that Router reasons about in its route-planning process are instances of these objects.
The objects in Router’s world are related through r el at i ons, such as bel ongs-i n which relates intersections
to neighborhoods, and cover s which relates neighborhoods with other neighborhoods. Finally, some relations are
related to each other with domain const r ai nt s.

5 LearningaProblem-Solving Concept: An Example

In this section we describe in detail Router’s reasoning for a specific problem. In this problem, feedback from the
world informs Router that there is a better solution to the problem at hand. Thus Autognostic reflects on Router’s
reasoning using the SBF model of its problem solving as a guide, identifies the cause of the failure and proposes to
introduce anew task to Router’stask structure. We discuss the adaptation and show how it improves Router’s planning
performance.

Monitoring the Problem Solving Process Router is presented with the problem of connecting (10th & center) with
(dalney & ferst-1). Autognostic monitors Router’s planning process and generates its trace. The trace is a partia
instantiation of the SBF model of Router’s problem solving; only the part of the model which explains the subtasks



actualy performed during the specific problem-solving process gets instantiated. For this example, the trace is the
instantiation of the part of the SBF model depicted in Figure 2, where each one of the different types of informationis
instantiated with the specific values produced during the particular planning session.

Router uses its r out e- pl anni ng method to solve the task, and sets up its corresponding subtasks. The
el abor at i on subtask produces as output z1 as the value of both the i ni ti al - zone and the goal - zone.
Theretrieval task returns no path similar enough to the current problem from Router’s memory. Since its
applicability test, i.e., equality of theinitial and goal zones is true, Router chooses to solve the sear ch task with
i ntrazonal - nodel - based method. The repeated execution of thei ncr ease- of - pat h subtask produces
the path (center 10th East atlantic) (10th atlantic South ferst-1) (atlantic ferst-1 East dalney) which isreturned as the
output pat h of the overall r out e- pl anni ng task.

Assigning Blame for Producing a Suboptimal Solution The path that Router produced is correct. However it is
suboptimal, because it islonger than the path (center 10th East dalney) (10th dalney South ferst-1) which is presented
to Router as feedback.

Autognostic uses the feedback, the trace of Router’ sreasoning on the specific problem, and the SBF model of Router’s
problem solving, to identify the cause of itsfailure. This model-based method for blame-assignment searches through
thetask structure of Router’s problem solving, and the search is guided by the feedback and the problem-solving trace.

The blame-assignment process first identifiesthe highest task in the task structure whose output is the information for
which the problem solver produced an undesirable value. In this example, it identifiesther out e- pl anni ng task
because thisis the highest task producing the suboptimal pat h. The process then uses the conceptual relations of
the task under inspection to investigate whether the desired value given as feedback could have been produced by the
task. If the desired output value and the input of thistask are verified by the conceptual relations, then the desired
value could indeed have been produced by the task under inspection. The blame-assignment method thus infers that
the reason why this value was not actualy produced must lie within the internal mechanism of thetask, that is, it must
be due to some of the subtasks which were performed to accomplish the task under inspection. From the trace of
the problem solving, the blame-assignment process infers which method was actually used to solve thistask, and, as
above focuses the assignment of the blame to the subtask which produced the undesired value. In this example, the
blame-assignment process focusesinitially tor out e- pl anni ng and subsequently toi ncr ease- of - pat h.

If a some point, the conceptual relations of a task do not hold true between the input of this task and the desired
value, then Autognostic tries to infer alternative input values which would satisfy the failing conceptua relations.
This is possible when the task’s input information is not part of the overall problem specification, in this example
{initial-locationgoal-location }, butis produced by some intermediate task in the task structure.
Autognosticis able to infer aternative values for the input of the task under inspection in two ways: (a) if the failing
conceptual relation is a domain relation exhaustively described in an association table, (Autognostic’'s meta-level
understanding of Router’sdomainrelations, 3, includesapointer tothe data structureholding therel ation’ sassociation
table), then Autognostic can search for the inverse mappings, aternatively (b) Autognostic may know the domain of
the desired value (Autognostic's meta-level understanding of Router’s domain objects, 3, includes a pointer to the
data structure holding the set of the instances of this object known to Router) and it can try to find these values in
the domain that would satisfy the conceptual relations of the task. If Autognosticinfers an alternative value for some
intermediate type of information, the focus of the blame-assignment process shiftsto identifying why this value was
not produced.

In this example, the conceptua relation of the i ncr ease- of - pat h fails for the desired value for pat h and
the actua input value for the informationi ni ti al - zone. The relation bel ongs-i n isadomain relation, and
from its association table, Autognostic infers that the value of i ni ti al - zone should have been za. Thus, the
blame-assignment process focuses on identifying why za was not produced asthevaluefori ni ti al - zone.

If the blame-assignment process reaches a leaf task (that is, a task not further decomposable by a method) whose
input is part of the overall problem specification, then there are two possible situations: the desired output value and
the actual input values may or may not be consistent with the conceptua relations of that task. In the latter case,
Autognostic infers that another method should probably have been used for the production of the desired vaue. If
there is no aternative method known, then thisis an indication that the role of the task under inspection in the task



structure, that isits conceptual relations, should be reeval uated.

On the other hand, a leaf task which can produce two aternative values, both of them consistent with its conceptual
relations, with one of them however leading to the desired overall problem solution and the other leading to an
unacceptable solution, is an indication that the task structure is not sufficiently tailored to producing the right kind of
solutions.

ASSIGN-BLAME-SUBOPTIMAL-VALUE(path,
actua value (center 10th East atlantic)
(10th atlantic South ferst-1)
(atlantic ferst-1 east dalney)
desired value (center 10th East dalney)
(10th dalney South ferst-1) )
PRODUCED(path) = { increase of path }
CONCEPTUAL-RELATIONS(increase of path):
ForAll n IN nodes(path) belongs-in(ninitial-zone)
Conceptua -Re ationshold TRUE for actual values of path and initial-zone
Conceptua -Relations DO NOT hold TRUE for desired value of path
and actua value of initial-zone
INFERRING ALTERNATIVE VALUE FORinitial-zone
ForAll n IN nodes(desired path) belongs-in(za) =
desired value(initial-zone) = za

ASSIGN-BLAME-SUBOPTIMAL-VALUE(initial-zone,
actual value z1
desired value za)
PRODUCED(initia-zone) = {elaboration }
CONCEPTUAL-RELATIONS(elaboration):
belongs-in(initial-intersectioninitial-zone)
Conceptua -Re ationshold TRUE for actual values of initial-zone
and initial-intersection
Conceptua -Re ationshold TRUE for desired value of initial-zone
and actual value of initial-intersection

—> el abor at i on can produce either za or z1 for valueof i ni ti al - zone

Figure4: Blame Assignment using the SBF model of Router’s Path-Planning process

Part of the blame-assignment process for this example is shown in detail in Figure 4. From the desired value of the
pat h and the conceptual relation of the producing subtask i ncr ease- of - pat h, Autognosticinfers that the value
of theinformationi ni ti al - zone should have been za. Both the actual z1 and the aternative za values of this
information meet the conceptual relation of its producing subtask el abor at i on. At thispoint, Autognostic knows
that theel abor at i on subtask can potentially produce either za or z1 as values for thei ni ti al - zone, because
thedomain relationbel ongs-i n(i ntersecti on zone) isnotone-to-one.

In this case, Autognostic has two possible modifications actions to choose from: (i) modification to domain relation,
that is deletion from the domain relation of the unacceptable mapping, so that it allows only the preferred mapping,
and (ii) insertion of selection task, in order to enable the problem solver to select the preferred one mapping when
multiple ones are possible. We discuss the first adaptation in [30]; in this paper we describe how the insertion of a
selection task affects Router’s problem solving.

Redesigning the Problem Solver: Inserting a Selection Task The motivation behind inserting a selection task
after the elaboration task in Router’s task structure is to enable Router to reason about the two possible values for
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i nitial-zone and select the most appropriate one. This way, Autoghostic can “tailor” Router’s task structure
towards producing the kind of solutions represented by the feedback.

The SBF moddl of the problem-solver’s reasoning explicitly specifies the ontology of the problem-solver’s domain.
For each type of information that its tasks consume and produce, the SBF model specifies what type of world object
itis. Moreover, for each type of world abject, anong other things, the model specifies the domain relations which
are applicable to it. Autognostic uses this knowledge, along with the specific values (actual and preferred) of the
information type to be selected, to discover a relation which can be used to differentiate between these values. If
there is such arelation, then Autognostic can use it as a conceptual relation for the new task to be inserted in the task
structure.

Inour example, Autognosticknowsthat onedomain rel ation applicabl eto neighborhoodsisthecover s relation. Given
theactual and the dternativevaluesfor thei ni t i al - zone, 1 and za correspondingly, Autognostic noticesthat cov-
ers(z1 za). It then hypothesizesthat thiscan be used as a differentiating criterion between possibleaternative valuesfor
thei ni ti al - zone. Thusitinsertsin theset of subtasks of ther out e- pl anni ng method, after el abor at i on,
thesel ecti on-after-el aborati on subtask, withinputi nt er nedi ate-initial - zone, (anew infor-
mation type produced by the elaboration subtask, which does not produce anymore “the” initial zone but al the pos-
sible aternatives) output i ni ti al - zone, and conceptual relation cover s(i ntermedi ate-initial -zone
i nitial-zone). Thenew task has as agoal, given a specific path-planning problem, to reason about the possible
valuesof thei ni t i al - zone inthe context of thisproblem, and select the one which is covered by therest of them,
that isthe most specific one.

In more general terms, a newly inserted task in the problem-solver’s task structure has as a goal to reason about the
possible values of some type of information in the context of a specific problem and select the most appropriate one
for the given problem. Thus, the selection-task insertion implies the discovery of a characteristic property of the
information type to be selected which will enable the problem solver to discriminate among the possible values of this
information, and sel ect the most appropriate onefor agiven problem. 1n our example, selecting the most specific vaue
for thei ni ti al - zone resultsin the selection of alow-level neighborhood. Given that lower-level neighborhoods
describe smaller spacesinmoredetail, Router’ ssearch becomesvery local, and thetwo problem |l ocationsare connected
through small pathways instead of major ones, which, in general, resultsin shorter paths.

In order for the problem solving task structure to be consistent after this modification, Autognostic needs to perform
some more modificationsin additionto theinsertion of thesel ect i on- aft er - el abor at i ontask: (i) introduce
anew typeof informationi nt er nedi at e-i ni ti al - zone toholdtheintermediateresultsof theel abor at i on
task and to be the input of the new task, (ii) create a function to carry out the transformation of the new task, (iii)
change (reprogram) the function el abor at i on- f unc to actually return appropriately a list of values instead of
a single one, (iv) modify the description of i ni ti al - zone in the SBF modd to describe as producing task the
sel ection-after-el aborati ontask, and (v) modify ther out e- pl anni ng method to includethe new task
after the el abor at i on task. Autognostic can autonomously perform modifications (i) (ii) and (iv) but not (iii),
which is currently performed by a human programmer, at the suggestion of Autognostic.

Evaluating the modified Problem Solver ~ After Router’s process is modified, Autognostic eval uates the appropri-
ateness of the revision by presenting Router with the problem that led to failure before. As Router solves the same
problem once again Autognostic goes back again to its monitoring task. In our example, Router produces the desired
path thistime, so the modification can be evaluated as successful. Had Router failed, once again, to deliver the desired
path, Autognostic would have another learning opportunity, and it would repeat its blame-assignment-and-learning
task.

6 Reated and Further Research

Reflection has received much attention in psychological research on meta-cognition. The main results of thisresearch
are that reflection upon own’s problem solving enables the problem solver to select particular strategies in particular
situations [9], reformul ate the course of its own “thinking” to improve performance and meet the varying demands of
thetask at hand [2], and improve its performance capabilitiesby monitoring and careful evauation of its own thinking
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[17]. Our work on Autognosticisinspired by these resultsand is consistent with them.

Inparallel with research in psychology, Al researchers recognized the useful ness of meta-knowledge, that isknowledge
about what they know and how they reason, in intelligent systems [3]. Many Al systems have used descriptions of
their own problem solving for several different tasks. These descriptions have taken a variety of forms depending on
the view they adopt for problem-solving and on thetask they are used for. Teiresias [7, 8], for example, views problem
solving as recursive ruleactivation. It modelsitsrule base in terms of meta-rules that describe which rules can be used
as evidence for or against inferences on domain objects. Teiresias uses its meta-rules to guide the domain expert in
identifying erroneous rules in the rule base and acquiring new ones.

Castle and Meta-Aqua are recent systems that use reflection for failure-drive learning. Castle [10] views problem
solving as a sequence of interacting components. For each of its components it has a description of its correct
performance and a set of intended behavior propertieswhich are important to the eff ectiveness of thiscomponent inthe
overall architecture. Castle'scomponentsare similar to Autognostic’stasks. However, Castl€' sfunctional architecture
is not hierarchica (a problem solver is a sequence of components) and deterministic (it uses a single sequence of
components) which limitsits expressiveness. In addition, thislimits Castle's blame-assignment task to finding a fault
in a single linear component sequence. Moreover, Castle lacks the concept of generic (prototypical) tasks which
enables Autognostic to transfer the results of its learning from one point of its task structure to another. Meta-Aqua
[26] views understanding as acycle of explainingitsinput using X Ps, cases and domain knowledge, and modifying its
knowledge when anomalies are encountered. It uses a set of specia explanation patterns, |MXPs (introspective meta
XPs), to parse itstrace of reasoning and recognize reasoning failures. Unlike Autognostic, M eta-Aqua does not have
explicit descriptionsfor the “correct” behavior of its reasoning elements (i.e. XP-instantiation, case-interpretation).

NOOS [25] viewsreasoning as transfer from precedents and uses reflection for learning by memorization of episodes.
In NOOS reasoning and learning are modeled in a framework similar to task structures. MAX [18] uses a explicit
description of a robot’s capabilities to enable deliberative, and consequently more effective, integration of these
capabilities. It focuses on self-monitoring rather than recovery from failure.

Failure recovery analysis [15] is another technique for planner modification. It uses statistical analysis of long traces
of the planner actions to infer correlation between action patterns and failures. This technique is more appropriate
to rapidly changing domains where planning tends to be more reactive to the environment and less deliberative, and
where there is no good understanding of the interactions between the different planning strategies.

Functional models, similar to SBF models, have al so been used for software program verification [1], knowledge-base
validation [31], and student modeling in the context of atutoring system [16].

Both Router and Autognostic are operational systems. We have evaluated Autognostic for severa learning tasks in
Router’s task domain, for example, the acquisition of new world knowledge, certain kinds of reorganization of the
world knowledge, and some kinds of modifications to the task structure along the lines described above. In order
to evaluate the generality of Autognostic’'slanguage for describing how a problem solver works and its process for
reflective reasoning, we are presently using it in the task domain of engineering design. Inthefuture, we are interested
in validating our process-model of reflection against existing psychological data, integrating Autognostic with an
autonomous robot and investigating the acquisition of SBF models from source code.

7 Conclusions

Webelievethat theoriesof intelligencethat artificially divorcelearning and problem solving are often under-constrained.
Problem solving determines the knowledge needs of the reasoner which learning must fulfill, and learning enables
improved problem-solving performance - improvement in problem-solving performance is one way of evaluating the
quality of learning. However, different models of problem solving recognize different kinds of knowledge needs, and,
as aresult, set up different learning tasks and enable different kinds of performance improvement.

The task-structure framework of problem solving givesrise to three different types of problem-solving concepts:

1. thecriteriafor the applicability of a particular method for a given task,
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2. the conditions which determine whether and when a subtask of a method is necessary for the progress of the
problem solving, and

3. the conceptual relations between the types of information atask takes as input and produces as output.

We view reflection as a core process for learning these problem-solving concepts. The capability of reflection raises,
itself, a set of issues:

1. How to assign the blame for the undesirable properties of the overall problem-solving behavior to some element
of the problem-solver’sreasoning
2. How to modify elements of the problem-solver’sreasoning while maintaining its overall consistency

3. How to represent the el ements of the problem-solver’sreasoning and the interactions between them, in order to
support the previous two tasks, and in such away, that it is possible to model problem solvers with complex
hierarchical, multi-strategy reasoning capabilities

Our work has led ustoidentify some types of knowledge which must be captured in aframework for modeling problem
solving. Such aframework should describe:
1. the subtasksthat the problem solver can accomplish and their information needs,

2. the dternative strategies which can potentially accomplish the overall task of the problem solver, and the
information and control interactions of the subtasks these strategies consist of

3. the ontology on which the problem-solver’s domain knowledgeis based

We adapted the language of structure-behavior-function (SBF) models for specifying the functioning of a physica
deviceto develop amodeling framework whi ch satisfiesthe above knowl edge needs. The SBF model enablesareasoner
to monitor its problem solving, and, upon failure, to assign blame to some element (subtask or domain knowledge) in
itstask structure and redesign it appropriately. In this paper, we showed how this process enabl es the problem solver
to

1. recognize the need for a new concept of a specific kind in the task structure,
2. identify the specific concept to be integrated in the task structure, and
3. integrate the new concept so that it resultsin avalid modified task structure and improved performance.
In addition to improving problem-solving efficiency, which isthe genera result of learning problem-solving concepts

of the first and second kinds, learning concepts of the third kind enables the reasoner to tailor the problem-solving
mechanisms to produce solutions of better quality.
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