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Abstract. We have for several years been working on an approach to
knowledge system building that argues for the existence of a close connec-
tion between the tasks which the knowledge system is intended to solve, the
methods chosen for them and the vocabulary in which knowledge is to be
modeled and represented. We trace the historical origins of the idea that we
have called Generic Tasks, and outline their evolution and accomplishments
based on them. We then critique their original implementations from the
perspective of flexible integration. We follow this with an outline of our cur-
rent generalization of the view in the form of atheory of task structures. We
describe the architectural implications of this view and outline some research
directions.

1 Introduction

We and our colleagues have been working for about a decade on an approach to the
construction of knowledge systems that can be best characterized as task-oriented. In
this approach, the nature of the task that is set for the knowledge-based system (KBS)
takes primacy in analysis. The properties of the underlying general architecture on
which the knowledge system is implemented are considered relatively unimportant.
Our work has gone through much evolution, and in fact, recently, the evolution has
been many-branched, i.e., different researchers are taking somewhat different paths.

Our work has had three phases: initial work on MDX and associated systems during
which we devel oped our understanding of the importance of atask-oriented perspective;
a second phase in which the task-level emphasis was made explicit and a specific ver-
sion of it, the Generic Task (GT) approach, was developed in some detail; and the
third, current, phase, in which the GT approach is evolving into the broader view that
we call Task Structures which places greater emphasis on multiplicity of methods for
tasks and flexibility in invoking them. The current phase has also introduced new
points of view regarding the relationship of the task-oriented view to general architec-
tures.

* Portions of this paper appear as part of Chandrasekaran, B., Johnson, T.R.,
Smith, JW.: Task-structure analysis for knowledge modeling. Communications of the
ACM, (September) 1992.



In writing this paper, we have assumed a general familiarity on the part of the read-
ers with our work on the first two phases, which is well-documented in the literature.
What we plan to do is to quickly review the history of the first two phases, then spend
more time on our recent concerns and ideas.

2 Generic Tasks: A Historical Overview

2.1 Diagnosis as Classification

In the late 70's, inspired by the work of the Stanford group on Mycin and related diag-
nostic systems, we began to investigate medical diagnostic problem solving.
Specificaly, at a seminar during 1977, at the suggestion of Jack Smith, our medical

collaborator, we examined some solution protocols from Harvey and Bordley [35], a
book of medical case analyses. Fernando Gomez, a member of our group, proposed
that the reasoning involved in the cases that we looked at could be viewed as aform of
classification reasoning, i.e., one in which a set of data describing the case (symptoms
or observations) was classified into one or more disease classes. (This was some time
before Clancey published his analysis of Mycin [23] as a heuristic classification prob-
lem solver.) Gomez and Chandrasekaran [32] also proposed that the diagnostic knowl-
edge could be organized as a classification hierarchy of disease concepts, and imple-
mented as a community of specialists, with one specialist for each diagnostic concept.
The specialist would have procedural knowledge about how to establish the concept,
and if the concept is established, control would be transferred to the child concept. The
idea of concepts as specialists has many reverberations from the past and the present:
Wittgenstein's ideas [ 74] on the active nature of concepts, Minsky’s view of a Society
of Mind [51], and object-oriented programming are some examples that come to mind.

2.2 Diagnosis as Classification + Intelligent Database

Our medical diagnostic system, MDX [19] [18], was based on the classification per-
spective. Sanjay Mittal, who took on the task of implementing MDX soon saw the
need for another type of reasoning to augment classification. Classification specialists
had knowledge that hel ped map from the case data to confidence values in various hy-
potheses, but the types of case data that the classification specialists could handle were
often different from the observations that described the case. The observations had to be
normalized or otherwise converted to a form that the classification specialists could
handle. Otherwise the proceduresin each of the classification specialists would have to
contain many combinations to account explicitly for each form in which the data could
appear as observations. To give a simple example, a classification specialist in the
medical domain might need information about exposure to anesthetics, while the case
data might not have any information about this, but instead might record that the pa-
tient recently underwent major surgery. The latter information can be used to infer ex-
posure to anesthetics.

Mittal [18] decided to create an “intelligent database” that would use domain knowl-
edge to make inferences from available observations about the presence or absence of
information that the classificatory specialists could use. Separating the database in this



way enabled us to keep the classificatory activity perspicuous. Mittal implemented the
database in the same specialist-community style as the classification module. The
database had specialists that specialized in different types of medical data. These spe-
cialists were organized in a way that reflected the hierarchical and other relations be-
tween the types of data. Inferential knowledge about data was represented at different
levels of abstraction in the various data specialists. Once we modularized the database
this way, we could identify more examples of reasoning that could be supported by the
database, e.g., spatial and temporal reasoning about data [18, 20, 52, 53]. Spatial rea-
soning was needed for reasoning about radiographic information., e.g., to infer obstruc-
tions in the bile duct from descriptions of shapes and location of masses in x-rays.
Temporal reasoning was needed to answer questions about temporal relations between
data; for example, to decide if some quantity was rapidly rising or not based on a se-
guence of itsvalues.

About the time we were developing this view of diagnosis as classification,
Clancey was making his own analysis of Mycin as a heuristic classification system.
He decomposed heuristic classification into three subtasks: data abstraction, heuristic
match (of datato categories), and (category) refinement. While our classification prob-
lem solver was explicitly performing both concept-establishment and concept-refine-
ment, and our data retrieval module was performing several other types of inferencesin
addition to data abstraction, MDX and Clancey's Neomycin system were talking about
the same kinds of subtasks and at approximately the same level of abstraction.
(However, the order in which subtasks were invoked was quite different in the
Neomycin and MDX implementations. The similarities are at a fairly abstract level of
the types of subtasks.)

2.3 Diagnosis as Abduction

Asthe range of diagnostic problems we considered widened, we started to look at diag-
nostic problems for which classification was not enough. MDX could handle multiple
malfunctions as long as the malfunctions were more or less independent. The kind of
diagnosis that, for example, Internist [50] and Abel [57] could perform, where the di-
agnoses involved selecting subsets of hypotheses from among relevant hypotheses,
was beyond MDX's capability. In [32], we recognized the need for an Overview prob-
lem solver which could perform an evaluation of how well the hypotheses were ex-
plaining the data, but we made no suggestion about how the problem solving would
proceed.

At about this time, John Josephson joined our group. His philosophical interest
was in using abductive reasoning, i.e., reasoning to the “best explanation,” as the cen-
tral strategy in arriving at increasingly reliable knowledge in spite of uncertainty.
Pople [60] had earlier shown that the diagnostic problem had a strong abductive charac-
ter. Our diagnostic approach was ready for the addition of the abductive view. It turned
out that we could view the classification problem solver as a module that generated a
number of highly plausible hypotheses along with an account of what each hypothesis
could explain. We added a new problem solver, an abductive assembler, that would se-
lect the best subset of these hypotheses by reasoning about which subset explained the
data most satisfactorily. Again, following the paradigm aready set, we looked at ab-
ductive assembly as a distinct type of problem solving, and started identifying the
types of knowledge needed and the kinds of strategies that were available to perform the



task. Abduction evolved, over the next few years, into one of the most active areas of
research within our Laboratory. It was during this time that Josephson, Smith, and a
number of graduate students developed a complex abductive system called RED. (The
results of almost a decade of our Lab's research on abduction are summarized in [45].)

2.4 Hypothesis Assessment by Hierarchical Matching

Diagnosis as classification requires as a subtask assessing the concepts in the classifi-
cation hierarchy, or, more precisely, requires determining how likely a given classifica-
tory concept is, given the case data. Mycin had popularized a form of certainty factor
calculus for performing this task, and a number of probabilistic techniques had been
used in traditional pattern recognition for this subtask. In MDX this was accomplished
by aform of template matching against the concept description. The technique [9, 21]
combined qualitative measures of the presence of data (“high,” “medium,” etc.) to reach
conclusions about hypotheses with a qualitative measure of certainty attached to the
conclusions (“likely,” “unlikely,” etc.). The essence of the matching was hierarchical,
feature-based pattern matching. This technique side-stepped the need for assigning nu-
merical values and combining them when the data didn't have such numerical precision
and when the task only called for qualitative evaluation. We saw that this type of prob-
lem solving had the potential for wide use, not only as part of diagnosis, but wherever
hypotheses or concepts of any sort had to be matched against a situation description.
Later this technique was generalized to structured matching, in which one choice out of
asmall number of choicesis made by hierarchically matching features.

2.5 Routine Design: Plan Selection, Instantiation and Refinement

Around 1981, David Brown took on as his thesis topic design as a possible application
areafor KBS's. Brown and Chandrasekaran analyzed the problem solving activity of an
expert designer of amechanical device called an air-cylinder and identified the design ac-
tivity as aform of routine design [5]. We saw that, similar to our analysis of classifi-
cation, the designer's knowledge could be decomposed into a number of design con-
cepts that were hierarchically organized, reflecting the hierarchical structure of the ob-
ject that was being designed. Again, this form of problem-solving activity had charac-
teristic types of knowledge (for example, plans), problem-solving subtasks (plan selec-
tion, plan refinement), and problem-solving strategies (top-down design).

2.6 Generic Tasks: The Initial Formulation

By 1983, we had gained experience with severa tasks. In particular we were beginning
to learn how to decompose a complex task into component tasks. Chandrasekaran had
started formulating the notion of a Generic Task [11, 13]. The main intuition was that
classification, dataretrieval, plan selection and refinement, state abstraction and abduc-
tive assembly all were in some sense re-usable subtasks. These subtasks were proposed
as especialy useful as components in other more complex problem-solving tasks. In
our work on diagnosis we had shown how classification, data retrieval and abductive
assembly came together. The work on design also used aform of intelligent data man-



ager in conjunction with the planner. We viewed these generically useful components
as building blocks and called them Generic Tasks (GT's). We knew that we did not
have an exhaustive list of GT's yet, but we were confident that we had identified some
important ones and that they were illustrative of the kind of generic components that
we should be looking for.

Note the distinction between tasks, such as diagnosis and design that are in some
sense generic, and Generic Tasks. Diagnosis and design were not in our list of GT's.
We viewed them as compositions of GT's of the type that we had identified. One of the
criticisms often made about the GT approach [37] is that it would lead to multiple rep-
resentation of the same knowledge. The example often used involved the use of struc-
tural knowledge of a device in both diagnosis and design. If one built task-specific
knowledge representations for each of these tasks, the argument went, one would need
to replicate the structural knowledge in the two modules. However, as we have shown
elsewherein detail [17], both diagnosis and design use structure-to-behavior simulation
as a subtask, and structural information is the knowledge that is needed to carry out
this subtask. If we create a module for this type of simulation that can be invoked dur-
ing design or diagnosis as needed, structural knowledge need only be represented once
in this module.

The specialist architecture that we had adopted was particularly helpful in compos-
ing the GT's. Message passing between specialists was the glue with which to com-
pose the specialists of different types. However, we soon started to recognize that, in
identifying the task-level view so closely with the specialist-style implementational
approach, we were mixing implementation-level talk with task-level talk. We began to
describe [12] each GT in terms of the input-output description of the task, the
method/strategy that was appropriate for it and the knowledge that the method needs.

Generic Task Shells. Since each GT had a clear characterization in terms of types
of knowledge needed and some family of parameterizable methods, it was a natural step
to propose a shell for each of the GT's that we had identified. Bylander, with the design
assistance of Mittal, built the first such language, CSRL [10]. It enabled a knowledge
engineer to encode classification hierarchies in the domain of interest and either accept
the Establish-Refine strategy that was the applicable default strategy for hierarchical
classification, or specify local variations on the strategy. When the domain-specific
knowledge was encoded and the method was specified using CSRL, the compiler pro-
duced a classification problem solver. Brown [4] similarly built DSPL, alanguage in
which to specify domain knowledge and control for building routine design problem
solvers. In later versions of CSRL and DSPL, graphical user interfaces of considerable
sophistication were added which relieved the system builders of much of the need to do
“programming.” A separate shell called HY PER [41] was built for the hypothesis as-
sessment task.

We designed PEIRCE as a shell for constructing abductive assembly systems [61].
Sticklen built a data-base shell called IDABLE [38] for constructing intelligent data
base modules as data servers for knowledge systems.

This general style of paying attention to the knowledge needs of the task and char-
acteristic strategies was a hallmark of our approach to a number of other problemsin
knowledge systems. For example, Sembugamoorthy and Chandrasekaran identified a
form of functional reasoning as a generic activity that was useful in simulation of de-
vices [65], and we identified the types of knowledge needed to represent knowledge



about how devices worked. Allemang built a generic shell to support the acquisition
and use of functional representations.

The GT shells found wide use in chemical engineering, nuclear engineering, medi-
cal applications, speech recognition, planning and design. Josephson led an effort to
build an integrated toolset which was based on a uniform agent-oriented formalism to
implement a specialist architecture [46], while Sticklen and Punch at Michigan State
moved to build a Smalltalk-based GT toolset. In addition, a number of organizations
over time also implemented their own versions of the shells.

Advantages of GT's. It seemed to us that we were engaged in a new approach to
knowledge representation (KR). In traditional KR, knowledge was represented indepen-
dently of the task. Since there was no theory of tasks to help in identifying types of
knowledge, the only terms that were available were very general and task-independent,
such as predicates, sets and set membership and subset relations. On the other hand,
because of the emphasis on tasks and the role different types of knowledge played in
their achievement, our approach to knowledge representation provided alarger vocabu-
lary of task-related terms, and additionally, related the knowledge to how it was going
to be used. Aswe develop an understanding of more such tasks, more knowledge-level
termswill be identified for the representation of knowledge.

Bylander and Chandrasekaran outlined [8] how the GT view facilitated knowledge
acquisition by providing the vocabulary in terms of which to seek knowledge for the
task, and by guiding in the organization and use of the knowledge thus acquired.
Chandrasekaran, Tanner, and Josephson [22] similarly showed how the task-view also
provided important points of leverage in the generation of explanations of problem
solving.

The GT's also appeared to have computational advantages. Goel et al. [30] showed
how, if the right kind of knowledge was available, hypothesis generation by classifica-
tion had a computational complexity that was linear in the number of hypotheses.
Goel and Bylander similarly analyzed the computational properties of structured match-
ing [28] (see Section 2.4). Bylander et al., showed in a series of papers which culmi-
nated in [7] that many of the strategies used in the construction of our abductive as-
sembler (see Section 2.3) had attractive computational properties, explaining how
knowledge of the right type can help solve problems in acceptable time even though
the general abductive problem was NP-complete.

We now had a system-building style in which we had a general architecture of mes-
sage-passing modular specialists. Each GT language was built by specializing this ar-
chitecture for the GT at hand into a task-specific architecture (TSA). This architecture,
when instantiated with domain knowledge, produced a problem solver for the corre-
sponding task in that domain. Our attitude to general purpose architectures at this
point in time was two-fold. One, they strictly served the role of universal machinesin
enabling the construction of TSA's. It didn't matter whether the underlying architecture
was LISP, Prolog, arule-interpreter, or whatever. Two, emphasis on general purpose
architectures often made people view what were essentially content! issues at the task

1The term “content” is often used in Al discussions to contrast it with “form.” The
content of a representation is roughly what types of information is carried by the
representation, while the form is the syntactic aspects of how the representation is encoded.
“Form” also corresponds to a computational architecture in that there is a correspondence
between architectures and programming languages. Newell's Knowledge vs. Symbol-level



level as syntactic issues in the programming language corresponding to the underlying
architecture.

2.7 GT's as Functional Building Blocks: The Platonic View

In [14], Chandrasekaran outlined a view of GT's as “building blocks” of intelligent
systems. We can call it the Platonic View since it proposed that a set of abstract GT's
existed which together functionally captured the capability of intelligence in solving
problems. The proposal was explicitly not claiming that the GT's we had identified
were all that were there, but we hoped that with further work we would be able to iden-
tify a number of such strategies that were sufficient to cover alarge part of problem
solving. GT's such as classification, plan instantiation and refinement, and abductive
assembly seemed ubiquitous as components in many different problem solving tasks.
They all could be defined functionally, thus avoiding the vexing problem of the right
general architecture. They all had attractive computational properties. The GT'sthat we
were working with seemed more than accidental, ad hoc entities.

2.8 Other Work in the Same Spirit

By 1987, Newell's paper on the Knowledge Level [56] had become more widely known
and read in Al. In our group, we redlized that we had in fact been working at and argu-
ing for precisely the knowledge-level view of knowledge systems. Our arguments
against general purpose architectures, which were the bones of contention in the field,
could now be seen as arguments against a premature commitment to symbol-level is-
Sues.

From 1987-89, we became aware of a number of efforts outside our Laboratory to
investigate knowledge-based problem solving at the Knowledge Level. We have already
mentioned Clancey's work on Heuristic Classification and the Heracles shell based on
it. KADS work in Europe [3] proposed a number of primitive inference termsto usein
describing the problem solving behavior of agents. (Hadzikadic [34] in the US had aso
made a similar proposal, but it was not widely known.) The KADS work at that time
seemed to have somewhat different goals from those of the GT work. For one thing, it
offered to provide support for analyzing and describing problem-solving behavior in
terms of generic inferences, whereas the GT approach offered direct support for imple-
mentation in the form of building blocks that could be used to instantiate problem
solvers. There were no proposals in KADS of that period about strategies or methods
by which problems were solved. The KADS inference primitives seemed much more
fine-grained than GT terms such as classification and plan refinement, i.e., they seemed
to be at the level of internal operators that our GT's were using. However, there was

distinction is one attempt to capture this distinction more formally. What is content at one
level may be form at another level. Consider an assembly language, LI1SP that compiles into
the assembly language, and a knowledge representation language such as KL-ONE written in
LISP. LISP has a content theory of some computational objects, but KL-ONE is a further
content theory for which LISP provides the formal substrate. KL-ONE is in turn a formal
substrate for a representation of knowledge in some domain in KL-ONE.



no obvious direct mapping from the operators that GT's were using and the inference
primitivesin KADS. Over time, the KADS view has evolved into a more comprehen-
sive framework, called KADS-2 [72], which has many layers spanning from analysis
through strategies to implementation. KADS-2 has a clear role for methods in the
spirit of GT's in what they have called “the blue book,” a compendium of abstract
methods of general usefulness. But thereis still an unresolved issue of the status of the
inference primitives from KADS-1 which now reside in one of the layers of KADS-2.
Their status as a closed and orthogonal set of ontological primitives, how they arise
and how they relate to other such sets of primitives are al unclear and need further re-
search. We come back to thisissue again in the last section of the paper (Section 5.1).

Therole of the structure of tasksin guiding the construction of knowledge systems
began to be investigated by many other researchers. McDermott and Marcus [48, 49]
wanted to know what role different types of knowledge played in different types of
methods. They identified very general methods such as “ Propose-and-Refine” for con-
figuration problems, and identified the role knowledge played in the achievement of
such methods. In France, David and Krivine [26] worked on TSA's for diagnosis. They
made a useful distinction [25] between functional architectures at the knowledge level
for atask, and GT's as particular components of functional architectures that have
proved to be recurrent and ubiquitous in various knowledge systems performing the
task. Gruber and Cohen [33] identified uncertain reasoning as a generic activity and
proposed generic methods and representations to handle this problem. Musen's work on
Protege [54] was quite close in spirit to DSPL. Steels' work on componential frame-
works [66] was to come later, but it also shared the spirit of the GT work (we discuss
this approach later in the paper as well). Thus a community was emerging with simi-
lar goal's, with approaches that shared some ideas and differed on others. Specifically,
they shared two features. First, they identified tasks at various levels of abstraction
above the implementation language level. Second, they identified types of knowledge
and reasoning strategies needed to accomplish such tasks.

Later in the paper, we discuss in some detail the relation of our approach to KADS,
the componential framework and role-limiting methods.

2.9 Critiques of the GT Approach

As experience accumulated in our Lab in using the GT approach for a variety of com-
plex problems, a period of assessment began from 1988 onwards. While there was
widespread acknowledgment of the utility of the GT approach, there were critiques of
aspects of the approach from researchers outside our Laboratory as well. We have al-
ready dealt with a recurrent criticism that the GT view might lead to redundancy of
knowledge representation. What we now want to discuss is the series of critiques of
GT from those participating in its development.

The first set of questions concerned the criteriafor aGT: How many GT's are there?
What kinds of tasks count as GT's? (See Sections 3.7-3.9 for the answers that we
ended up with to these questions.) In one sense, there are just two generic tasks: abduc-
tion and planning. All agents have to make sense of the world and build more or less
veridical internal models of the environment (the problem of abduction), and using
such models plan actions on the world to achieve goals (the task of planning). In this
view, GT's such as classification are a means to an end, subtasks of the two major
tasks. This sense of generic tasks, which emphasizes goals, is different from the build-



ing block view of GT's that we were promulgating and that emphasized generic capa-
bilities useful for a number of goals.

We also became increasingly aware of aterminological problem: the conflation be-
tween atask and a method in the GT way of speaking. Each GT such as classification
was both atask (classification had the goal of identifying a class that best characterized
a set of observations) and a method (in CSRL, the classification task was performed by
the hierarchical classification method). Of course the methods could set up subtasks
(CSRL set up the subtask of data abstraction/retrieval). Classification used as a build-
ing block for the task of diagnosis was a method for the subtask of hypothesis genera-
tion, but it also came with the method of hierarchical classification. In fact one of the
proposed strengths of the GT view was that each such task came with a preferred de-
fault method. Nevertheless it was becoming clear that we needed to make a clear dis-
tinction in our discussions between tasks and methods.

Once we started looking at the methods inside GT's separately, it was clear that the
rigidity of the methods for GT's was becoming a problem. It is true that the top-down
method of Establish-Refine is a good general strategy for hierarchical classification,
but there are instances in which a different control strategy is needed. For example, at
times a disease at a higher level can only be established if any of its subtypes can be
established. A knowledge engineer should be able to specify different strategies.

As aresult, we gave CSRL increased flexibility in method specification, ways in
which the default strategy can be modified. The theoretical issue was how far flexibil-
ity could be pushed within the framework of the GT and the corresponding notion of a
task-specific architecture.

There was another aspect to the flexibility issue: flexibility in the way different GT
problem solvers were hooked up to solve a complex problem. In building our diagnos-
tic systems, we would typically know at system-building time how these components
would be put together: for example, for diagnosis, the abductive assembly system
would invoke the classifier for hypothesis generation, the classifier would invoke the
appropriate hypothesis assessors for evaluating the various hypotheses, and so on.
Later in MDX-2 [67], when knowledge was missing in any of the components, the
functional model of the device under diagnosis would be invoked to derive the missing
knowledge. However, it was becoming increasingly clear that a more opportunistic,
run-time choice of methods could be beneficial in several applications.

“Chunkiness’ of some of our GT's was aso becoming a problem. We noted that
our classification tool, CSRL, was actually two GT's in one: one for the problem of
navigating classification hierarchies and the other for the problem of assessing each of
the hypotheses selected during navigation. It seemed wise to separate out the assess-
ment GT from CSRL. Thiswas in fact done quite early in our work, during about 83-
84. The hypothesis assessment GT, along with its symbolic abstraction method, be-
came knows as HY PER [41]. It found extensive use wherever we found the task of
symbolic assessment of how well a set of data fits a hypothesis, concept or a plan.

The chunkiness problem was actually quite severe in DSPL. DSPL solved a num-
ber of subproblems:. plan assessment, plan selection, plan refinement, and failure han-
dling. For each of the subtasks it had a method. When users wanted to adopt a different
method for a subtask, DSPL provided escape into LISP for coding the new method.
This was of course a good thing, since it avoided the tools becoming representational
prisons from which escape was impossible, but the problem is that LISP is not a lan-
guage that has any theory of problem solving implicit in it. The language into which
one escapes should preferably be one which is built on a uniform framework for prob-



lem solving. Thus, it seemed that either we had to provide alarger repertoire of meth-
ods, or provide a task-independent problem-solving framework to solve the local prob-
lem and get back into the GT tool.

Another problem concerned the multiplicity of ways in which people used the GT's
in solving a new problem. In arecent experiment to study how users of GT were using
the tools to model real-world problems, a number of GT researchers were asked to de-
sign a system to assign employees to various rooms so that a set of constraints are
satisfied [1]. Most subjects viewed the problem as an instance of routine design in
which plans are selected and instantiated so as to satisfy the constraints. But one GT
analyst chose to view the problem as an instance of the assembly problem, i.e, a
problem where objects (rooms) are assembled such that a set of constraints are satis-
fied, and proposed the use of the abductive assembly tool, with the understanding that
the intended criterion for assembly was not explanation but coverage of design con-
straints. We are confronting the issue of what it means for a problem to be a certain
type. Is abductive assembly a special type of configuration problem? Is design a par-
ticular type of assembly problem? (These issues, by the way, are not unique to the GT
approach; they are problems for any general theory of tasks and methods.)

The above considerations were taking their toll on two aspects of our stance. One
of them concerned the Platonic View, that GT's were abstract functional building
blocks of intelligence, and the other was the associated architectural view that intelli-
gence was a collection of task-specific architectures, each devoted to one of the GT's.
Skepticism about this position led to re-examination of our belief that general purpose
architectures were just Turing-Universal machines for implementing GT-level TSA's.

It was beginning to seem unlikely that a GT such as routine design (as captured in
the tool DSPL) could be a building block: there were too many subtasks and methods
rolled into one. What are the elementary tasks and how to tell?

Multiplicity of methods for a given task and emergence of complex methods from
more elementary pieces reintroduced the issue of an appropriate general architecture.
For handling the multiplicity of methods, we needed an architecture in which methods
could be invoked, evaluated and chosen at run-time. If that architecture could also ex-
plain how methods that we recognized as GT-like could emerge, and could support
writing of new methods in a uniform framework, so much the better.

In response to these questions, the GT approach evolved into a framework that we
have called the Task Structure view. In the next section of the paper, we describe this
view and its architectural implications.

3  TheTask Structure Perspective

In [15] and more elaborately in [16], Chandrasekaran described this form of analysis.
Let usfirst clarify some terminology before describing the task structure approach.

3.1 Tasks

The term “task” has been used in many senses in the field, contributing to some con-
fusion. The term has been used to denote an instance of a problem, a problem class,
and both a problem class and an abstract description of a method of solving the prob-
lem. Newell and Simon use the term to refer either to a problem instance or a class of



problems of the same type. In Clancey [24], the term task refers to the basic subgoals
that can be set by an expert system (e.g., APPLYRULE!, GROUP-AND-
DIFFERENTIATE, etc.), i.e, it includes a high level description of the method. In
our work on GT's, we also included a method description as part of a Generic Task.
Similarly, Wielinga et al., [72] use the term “task” to refer to the sequence of opera-
tions (at an appropriate level of abstraction) that a particular system performs. We
think it is useful to separate the intended set of problem instances for a knowledge sys-
tem from the methods used by it to solve them, i.e., separate the task from the
method.

In the rest of the paper, we will use the term “task” to refer to a type of problem,
or equivalently, a set of problem instances with something in common. Thus diagno-
sisis atask, i.e., atype of problem in which the goal is to identify the causes of a
given set of abnormal behaviors of some system. The task can be at different levels of
generality. For example, we can have diagnosis, and medical diagnosis, which isatype
of diagnosis and so on. How a set of problem instances gets grouped into a type of
problem is determined purely on pragmatic grounds of the usefulness of such a group-
ing. For example, treating diagnosis as a type of problem enables us to study general
strategies for that class of problems. Note that we explicitly do not include, as part of
the task description, any specification of how the task will be accomplished.

3.2 Methods, Operators, Subtasks and Inferences

Methods are ways of accomplishing tasks and may be of many types: they may be
computational, or “situated,” i.e., involve extracting information from the surrounding
physical world. For example, the task of predicting behavior of a device may be solved
by a computational method that performs a simulation, or it may be solved by manip-
ulating a physical model of the device and seeing what happens. Within the class of
computational methods, a method may be couched as executing a precompiled algo-
rithm, search in a state space, as a connectionist network and so on.

Let usfocus on computational methods. Abstractly, such a method can be described
in terms of the operators it employs, the objects that it operates on, and any additional
knowledge about how to organize operator application to satisfy the goal. Note that
any algorithm can be abstractly characterized in these terms. The problem-space for-
malism is a general way of formulating such methods. In this model, the goal is de-
scribed as the desired knowledge state of the problem-solving agent. Theinitia stateis
the knowledge state corresponding to what is known at the start of problem solving.
Thus the initial state in diagnosis contains knowledge of the symptoms, while the
goal state description includes the causes of the symptoms. The operators transform
one state into another state. Whenever two or more operators are applicable to a state
knowledge that indicates which operator to select is needed. Thisis called search-con-
trol knowledge [47] because it indicates how the problem space is searched.

Operators are the subtasks of a method. The only difference between the definition
of an operator and our definition of atask is that operators a'so come with precondi-
tions. Nonetheless an operator is a task. It specifies a class of problems to be solved.
Thus, we use the terms operator and subtask interchangeably.

Subtasks can be accomplished either directly or through additional problem solving
using a method. A subtask can be accomplished directly if all its preconditions are sat-
isfied and the knowledge to accomplish the subtask is in a form that can be applied



without further problem solving. More commonly, however, subtasks require addi-
tional problem solving using a method. A subtask, of course, can have aternative
methods associated with it.

It might seem that the problem-space formalism is only appropriate for describing
search methods. However, algorithms that do not perform search can still be viewed as
specia cases where the choice of which operator to apply to which state is completely
specified, and all preconditions for operator application are satisfied. Thus the problem-
space formalism is sufficiently genera to include al algorithms whether they perform
search or not.

Often the term “inference step” is used as part of method descriptions, and re-
searchers speak of “inference structures’. This terminology arises from the “reasoning
metaphor,” in which agents solve problems by making inferences from available
knowledge to generate new knowledge. The agent's goal is to make a series of infer-
ences such that a clause or proposition which meets the informational requirements of
the goal is generated as one of the new pieces of knowledge. We can map the reasoning
metaphor to the problem-space metaphor as follows. Each state in the problem space
corresponds to a certain knowledge state for the agent. Each operator if applicable and
applied enables the agent to be in a new knowledge state which typically adds knowl-
edge to previous states. Thus there is a correspondence between “inference rul€”’ in the
reasoning view and “operators’ in the problem solving view. Corresponding to “opera-
tor schemas,” wherein the agent instantiates an operator schema before applying it, we
might also have inference rule schemas.

3.3 Example: The Method of Hierarchical Classification

Let us consider how to represent the Establish-Refine method for hierarchical classifi-
cation [32] using the framework described above. Hierarchical classificationisused in
many diagnosis systems as a way of quickly focusing on possible malfunctions. The
initial state of the classification task is a set of data (e.g., manifestations in a diagnosis
task) and an initial high level hypothesis (e.g., liver disease). The goal state is one
containing plausible malfunction hypotheses, i.e., the most detailed hypotheses con-
sistent with the data. The method works by first considering a high-level malfunction
category, such as liver disease, to determine if the malfunction appears likely given the
data at hand. If it appears likely then the malfunction is refined to more specific dis-
eases, hepatitis and cancer, for example. The more specific malfunctions are then eval-
uated against the data and any that appear likely are refined. This process continues un-
til no more malfunctions can be refined.
We can specify this method using two subtasks:

evaluate hypothesis
refine hypothesis

The first, evaluate, takes some hypothesis (such as a malfunction hypothesis) and as-
signs a likelihood based on the current case data. A precondition for applying evalu-
ate to a hypothesis is that the hypothesis must not have already been evaluated. The
second subtask, refine, takes a hypothesis as input and produces the refinements for
that hypothesis. Refine has two preconditions: the hypothesis must be likely and
must not have already been refined.



We must also specify the operator proposal knowledge, that is knowledge that de-
termines when an operator should be considered for application to a state. For the hier-
archical classification method we are describing, the operators evaluate and refine
should be proposed whenever their preconditions are met.

Theinitial and goal states and the subtasks define a search space or problem space.
Figure 1 illustrates the search space that results when the hierarchical classification
method described above is applied to aliver diagnosis problem. The search space is the
set of states reachable from the initial state by applying the operators for the method.
The figure shows part of the search space of the task, beginning with the initial state,
S1, containing manifestations indicative of aviral infection (labeled Data) and the high
level hypothesis liver disease. The only operator applicable to this state is evaluate
liver disease. Application of this operation results in a new state, S2, in which liver
disease is rated likely (in the figure this is noted by setting the hypothesis in bold
face). Only one operator is applicable to S2, refine liver disease, resulting in S3
which contains the refinements of liver disease: cancer and infection. At S3 two opera-
tors are applicable: evaluate cancer and evaluate infection; hence the tree branches
to show both possibilities: evaluate cancer resultsin S4' in which cancer is deter-
mined to be unlikely and evaluate infection resultsin $4” in which infection is rated
likely.

In the problem-space framework, problems are solved by searching through a prob-
lem space for a path from the initial state to the goal state. Problem-space search is
done by enumerating operators applicable to the current state (which at the start of
problem solving is the initial state of the task instance), selecting from these a single
operator and then applying that operator to the current state. The resulting state then
becomes the new current state and the whole process of operation selection and applica
tion isrepeated until the goa state is reached.

Search-control knowledge guides the search through the problem space. For exam-
ple, in hierarchical classification the agent might apply a heuristic that it is better to
evaluate hypotheses with higher likelihoods than those with low likelihoods, or it
might decide that the decision about which evaluate operator to apply is not impor-
tant, hence either operator can be selected. In the task structure, to insure that the
method is as general as possible, we specify the minimum amount of domain indepen-
dent search-control knowledge needed for each method. In the Establish-Refine method
described above, no search-control knowledge is specified because any such knowledge
would unduly constrain the method. For example, if either of the heuristics mentioned
above were included in the search-control knowledge for the classification method, it
would limit the application of the method to those domains and task instances in
which the heuristics apply.

The independent specification of search-control knowledge and subtasks lead to two
of the primary advantages of the problem-space approach to specifying methods:

1. We are not forced to specify a particular operator sequence. We can specify the
search-control knowledge that is general to al task instances for a method and de-
fer other decisions about operator sequencing to system designers or run-time
computation. By doing this, we insure that the method can be applied to aswide a
range of task instances as possible. In contrast, early GT work often overcon-
strained the sequencing of operators, limiting the use of each method to a narrow
range of problems.
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Fig. 1. Part of the search space for the Establish-Refine method as applied to liver
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text are unevaluated; those in bold are likely; and those shown with a line through
them are unlikely.



2. Search-control knowledge ensures a dynamic or situated system. Each bit of search
control knowledge is sensitive to the operators and the current state, hence the
precise sequence of operatorsis determined dynamically at run-time.

3.4 The Task Structure

With the clarification of the terminology of tasks, methods, operators and subtasks be-
hind us, we are now ready to formulate our notion of a Task Structure. The Task
Structure is the tree of tasks, methods and subtasks applied recursively until tasks are
reached that are in some sense performed directly using available knowledge. Figure 2
graphically represents part of the task structure for diagnosis. A task (aswe defined ear-
lier) is a problem type, such as diagnosis. Tasks are represented graphically using cir-
cles. A method isaway of accomplishing atask. These are represented graphically us-
ing rectangles. In the figure, Bayesian Explanation, Abductive Assembly and Cover-
and-Differentiate are identified as methods for doing diagnosis. All of these methods
can be classified as abductive methods, hence they appear as a subtype of Abduction
Methods. In general, a task can be accomplished using any one of severa aternative
methods, so in the task structure we explicitly identify alternative methods for each
task. A method can set up subtasks, which themselves can be accomplished by various
methods. For example in the Diagnosis task structure Abductive Assembly has been
decomposed into two subtasks: Generate Plausible Hypotheses and Select Hypotheses.

In addition to knowledge of the tasks, methods and subtasks, four other kinds of
knowledge play important roles in the task structure; 1) subtask preconditions; 2) sub-
task proposal knowledge, i.e., knowledge about when to attempt a subtask (which can
differ from the preconditions); 3) search-control knowledge for sequencing subtasks;
and 4) method-sel ection knowledge for selecting between multiple methods for a task.
M ethod-sel ection knowledge is associated with atask or task/method combination.

3.5 Examples of Task Structures for Design and Diagnosis

The following descriptions of design and diagnosis illustrate the main points about
specifying task structures.

Design. Part of the task structure for design is shown in Figure 3 (this is abstracted
from the task structure description in [16]). The top task for the design task structure
is, of course, Design. The design task can be solved using a family of methods called
Propose-Critique-Modify (PCM). These methods have the subtasks of proposing par-
tial or complete design solutions, critiquing the proposals by identifying causes of
failureif any and modifying proposals to satisfy design goals. Hence the three subtasks
shown for PCM: Propose, Critique and Modify. These subtasks can be combined in
fairly complex ways, but the following is one straight-forward way in which a PCM
method can organize and combine the subtasks.
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Design

Propose-
Critigue-
Modity

Propose Critique Modify

Constraint

Decomposition | |Case-based Satisfaction

Fig. 3. Part of the task structure for design [16]. Circles represent tasks; rectangles
represent methods.

Step 1. Given design goal, propose solution. If no proposal, exit with failure.

Step 2. Verify proposal. If verified, exit with success.

Step 3. If unsuccessful, critique proposal to identify sources of failure. If no useful
criticism available, exit with failure.

Step 4. Modify proposal; return to 2.

There can be numerous variants on the way the methods in this class work. For exam-
ple, a solution can be proposed for only a part of the design problem, a part deemed to
be crucial. This solution can then be critiqued and modified. This partial solution can
generate additional constraints, leading to further design commitments. Thus, subtasks
can be scheduled in afairly complex way, with subgoals from different methods alter-
nating. One could generate all such variations and identify them all as distinct meth-
ods, but both the need for descriptive parsimony and the sheer numerousness of the
methods argue against doing that.

Each of the PCM subtasks can be achieved using various methods. Three such fam-
ilies of methods are shown for the Propose task (see Figure 3): decomposition, case-



based and constraint satisfaction. In decomposition methods, domain knowledge is used
to map subsets of design specifications into a set of smaller design problems. The use
of design plansis a special case of the decomposition method. Case-based methods are
those retrieving from memory cases with solutions to design problems similar or close
to the current problem. Constraint-satisfaction methods use a variety of quantitative
and qualitative optimization or constraint-sati sfaction techniques.

Diagnosis. Part of the task structure for diagnosis is shown in Figure 2. The diag-
nosis task can be viewed as an abductive task, the construction of a best explanation
(one or more disorders) to explain a set of data (manifestations). The task structure
shows three typical subclasses of abductive methods: Bayesian, abductive assembly
[44] and parsimonious covering [59]. Bayesian methods require knowledge of prior
probabilities of disorders and conditional probabilities between disorders and manifesta-
tions. They use this knowledge to estimate posterior probabilities of disorders.
Abductive assembly requires knowledge of disorders and the manifestations that they
explain. This method works by first generating plausible hypotheses to explain parts
of the data and then using these hypotheses to assemble a complete explanation of the
data. Parsimonious covering works by stepping through each manifestation, updating
the current set of parsimonious explanations as each manifestation is considered. Two
subtasks for abductive assembly are shown in the diagram, generate-plausi ble-hypothe-
ses and select-hypotheses. These tasks can be done using many kinds of methods.
Bayesian and classification methods have typically been used to generate plausible hy-
potheses, so these are shown in the task structure.

Role of Simulation. The task structure for diagnosis also shows that simulation
can be used to implement many subtasks. By simulation we mean structure-to-behav-
ior simulation, i.e., determining how some device will behave under changes to its
structure by simulating its behavior under those conditions.

Simulation can be used to evaluate a hypothesis because the simulation can reveal
whether the hypothesis is possible given the data about the device. Causal refinements
of acategory can be determined by simulating to determine the possible outcomes of a
set of inputs to a device. Simulation plays an important role in many task structures
because it isafairly general method for generating knowledge based on the structure of
a device. We did not show the simulation method in the design task structure, but
there too it can play an important role, especially for critiquing designs, by generating
some of the knowledge needed for the subtask of design verification.

These task structures are based on the methods and subtasks implicit in many ex-
pert systems that perform the tasks. Neither of the task structures is meant to be com-
plete; however, both capture a wide range of the methods useful for achieving the re-
spective tasks. As we discover additional methods, these can be added to the structure.
Some methods, such as depth-first search, are so general they can be used to solve any
problem (see Section 3.7). These methods are not listed in the task structure since they
would appear everywhere, cluttering the diagram.

The task structure is meant to be an analytical tool. We do not mean to imply that
the implementation of a system must have a one-to-one correspondence to the task
structure, but that a system that performs diagnosis or design can be viewed as using
some of the methods and subtasks. In particular, the task structure does not fix the or-
der of subtasks or dictate that a single method must be used to achieve each task. It is



also not meant to correspond to a procedure-call hierarchy, although that is one way to
directly implement atask structure. The task structure simply provides the vocabulary
to use in describing how systems performing the task work. The systems being de-
scribed might be based on neural networks, production rules, frames, or a task-specific
language; this is unimportant for the use and construction of the task structure.

3.6 Direct Versus Derived Knowledge.

The knowledge in a task structure can be available in two forms: it can be directly
available or it can be computed by another method. Directly available knowledge is
that which isin aform that maps the input of the task to the output. For example, di-
rectly available knowledge for refineis of the form:

If task isrefine hl then refinements arerl, r2, r3...
For instance:
If task isrefine liver disease then refinements are infection and cancer.

No complex computation (i.e., other subtasks) is required to use this knowledge to ac-
complish the refine task; the knowledge isin aform directly applicable to the task. If
knowledge is not directly available, it must be derived from existing knowledge or ac-
quired anew from the external environment. In either case, a method must be used to
acquire knowledge of the desired form. In the example in Figure 1, refine can be ac-
complished using a method that knows about different refinement dimensions, such as
refinements along etiologic and subpart relations. This method can evaluate various
dimensions and then select the dimension appropriate for the task instance. For exam-
ple, using etiology liver disease could be refined to infection and cancer; using
anatomic structure liver disease could be refined to central area and portal area. The
most appropriate dimension to use depends on the task instance, i.e., the kinds of man-
ifestations available.

Whenever knowledge needed to carry out a method is not directly available, sub-
tasks to acquire the knowledge can be created and set up as new problems. These sub-
tasks are viewed like any other task: they have an initial state and a goal state and can
be accomplished by the application of a method consisting of a set of operations.
Hence, although a method requires certain kinds of knowledge to be applied to a task,
this knowledge does not have to be known before problem solving can begin, but can
be dynamically acquired or derived at runtime.

This ideais aso closely related to the distinction between “deep” and “shallow”
knowledge, sometimes called “deep” and “compiled” knowledge. There is also often
another distinction between model-based and rule-based reasoning, where models are
supposed to be more general knowledge that describes the principles of the domain,
while rules are supposed to refer to relatively ad hoc associations between evidence and
hypotheses. In [17], we provide an analysis of these terms and develop a notion of
“depth” of knowledge that is important for knowledge modeling. We give a brief de-
scription of thisidea



Let K(T,M) denote the knowledge needed by method M in performing the task T. If
a knowledge system performing T using M has the knowledge K(T,M) directly avail-
able in its knowledge base, let us say that the knowledge system has the knowledge in
a compiled form. However, suppose some knowledge element k in K(T,M) is missing
in the knowledge base, and the task of generating this knowledge is set up as a sub-
task. If there exists some other body of knowledge in the knowledge base, say K', such
that by additional problem solving using K' we can generate the knowledge element k,
we can say that K' is deep relative to k.

In the refine example above we saw that anatomic structure is one of the dimen-
sions along which refinement could be done. In the model-based reasoning approach,
structural descriptions of the device under diagnosis are used to generate refinement hy-
potheses. From the device model, we can generate a list of malfunctions (e.g., one
malfunction category can be assigned to the failure of each of the functions of each
component; moreover, malfunction categories can correspond to errors in connections
between components). The same structural model can be used to generate knowledge
needed for the Evaluate subtask in Figure 2. The structural model can be simulated for
each malfunction, and information about the relation between malfunctions and obser-
vations, which is the type of knowledge needed for the methods of the Evaluate sub-
task, can be generated (See 3.5 for information on simulation). Thus the structural
model is a deep model for the methods of classification and hypothesis evaluation that
are used in the diagnostic task.

The approach to defining the notion of depth of knowledge in the framework of
tasks, methods and knowledge generalizes previous work in the field that has equated
structural models with deep models. Under our definition depth is a relative notion,
i.e., it is relative to a method for a task, and there is no notion of characterizing
knowledge as deep or shallow in some absolute way.

3.7 What Kinds of Methods Belong in the Task Structure?

In the task-structure framework, methods are attached to tasks, rather than identified as
independent objects. A criticism is that some methods are applicable to all or many
tasks and as such they need not be indexed by tasks at all. The problem here is a shift-
ing sense of the word “task.” The technical definition of “task” that we are using in the
Task-Structure framework is that of class of problem instances. It is certainly true that
there are very general methods such as generate and test that can be used for, say, diag-
nosis and design. This doesn't make the notion of a method exist independent of tasks.
Tasks as classes of problem instances can be partially ordered in a generalization hier-
archy. For example, the task of “problem solving” includes all instances of all prob-
lems, while diagnosis and design are subtypes of problem solving. Thus both generate
and test and classify are in fact methods associated with tasks. Generate and test is as-
sociated with the most general class of tasks, while classify is associated with a sub-
class. Of course, all subtypes can inherit the methods associated with the parent. Thus
diagnosis can be solved by generate and test as well. (The task structure doesn't usu-
ally indicate such general methods due to reasons of descriptive economy.) The particu-
lar instantiation of generate and test for diagnosis would be somewhat more specific,
since only diagnostic hypotheses will be generated, and only task-specific tests will be
used.



There is another sense in which it is often said that methods are independent of
tasks. Thus one might say that qualitative simulation as a method is task-independent,
since it can occur as part of say both diagnosis and design. But thisis again based on a
highly restricted use of the word “task.” We saw earlier that qualitative simulation is a
method that can be used for many subtasks in the task structures for both diagnosis and
design. That is, ultimately, methods are always in the service of goals. Methods that
appear to be independent of goals are in fact either methods for very general problems
or for tasks that are very specific but that appear as subtasks for a number of tasks.

3.8 Task Structure and Domain Knowledge

The Task-Structure approach helps in understanding how domain knowledge comes
about to be in certain forms, and in modeling this knowledge.

Methods require characteristic types of knowledge. The Task Structure view associ-
ates tasks with methods that accomplish them and the knowledge required to use the
methods. The multiple levels of the task structure show how knowledge can be de-
composed into bodies of knowledge that are associated with specific tasks. The task
structure also highlights the generality and specificity of the knowledge needed for a
problem-solving method. That is, it allows methods to be compared based on the re-
quired knowledge; hence, we can see how some methods require little domain knowl-
edge (such as depth-first search, which only requires knowledge to recognize a goal
state) while others require considerable domain knowledge (such as hierarchical classifi-
cation, which needs a domain-specific hierarchy of categories).

Normative algorithms for complex problems are less useful than they seem. The
Task Structure view should be contrasted with what one might call a“uniform norma-
tive algorithm” view of how to solve complex problems such as diagnosis or design.
For example, there have been proposals for a general algorithm for diagnosis: “ diagno-
sisfrom first principles’ [63] and Bayesian networks [58] are two examples. The gen-
eral algorithms, while they guarantee an optimal solution within their respective
frameworks, are typically intractable. Engineering of systems to solve the tasks is
done by one of two approaches. In one, additional knowledge which constrains the
choices and produces tractable behavior is brought to play; however, this knowledge is
just thought of as domain-specific knowledge. One way of viewing the methods in the
task structure is that they identify types of such constraining knowledge for classes of
problems. In the other approach, various forms of heuristic approximations of the gen-
eral algorithm are used, which of course no longer have the normative properties that
are associated with the original algorithm. The general algorithms also do not always
make contact with the form in which knowledge is actually available in various real
world domains. Thus, the Bayesian framework may be fine for a domain where the
needed prior and conditional probabilities (or good approximations to them) are avail-
able, but in other domains where the domain knowledge takes other forms, thereis of -
ten a need for trandating from these forms to the probabilistic forms in which knowl-
edgeisneeded.

The Task-Structure approach on the other hand views the solution of complex
problems as arising out of the interaction of many local methods for local tasks. In
any domain where there is a record of successful human problem solving, the know!-
edge in the domain helps to decompose the task into manageable subtasks such that
each of the problems can be solved to the degree of precision and accuracy needed for



the domain. It then becomes the task of the Al theorist to develop vocabularies of
generic tasks, methods and knowledge. Thus the attention is shifted from the search for
uniform algorithms to modeling knowledge and methods by which tasks are decom-
posed and subtasks are accomplished.

The fact that we do not start with a uniform normative algorithm does not mean
that we cannot be precise about the behavior of systems built in the Task-Structure
framework. Bylander et al. [7] and Goel et al. [30] are examples of analyses in which
the role of specific types of knowledge in producing good computational propertiesis
studied within the general framework of the task structure view. For example, Goel
shows why classification is an attractive method, if knowledge in the form of classifi-
cation hierarchiesis available, and Bylander et al. show how knowledge about the exis-
tence of certain types of causal links (and non-existence of other types) makes the ab-
ductive assembly method tractable.

Domain knowledge evolvesin order to match the needs for attractive methods. We
can aso see how such task structures evolve in real world domains. If classification is
a generally effective method for the generate-hypotheses subtask of diagnosis, then
over time, the problem solving community develops the knowledge needed to apply it.
Thus the medical community has devoted hundreds of years to the devel opment of dis-
ease taxonomies, which is the form in which the classification method needs knowl-
edge. Knowledge compilation techniques (see Section 3.6) are also a means by which
knowledge in aless direct form is converted into knowledge in aform that is more di-
rectly usable by a computationally attractive method. In domains and tasks of impor-
tance, domain knowledge tends to evolve over time so that methods with good compu-
tational properties can be supported.

Task-structures capture regularities in a body of knowledge. Often Al approaches
are categorized as either a good way of solving a problem (ideally a way that is justi-
fied as rigorous in some way and hence offered as prescriptive) or a model of how a
human agent solvesit. We have already described the problems in using such prescrip-
tive methods for building knowledge systems. If the human agent whose problem
solving ismodeled is a certified expert, then perhaps the model may be expected to per-
form well in the same task domain. Additionally, the issue of knowledge availability
does not arise since the model only uses the knowledge acquired from the expert.
However, cognitive modeling in this sense restricts knowledge systems to be models
of individual human problem solvers.

The Task-Structure analysis represents a third way between prescriptive techniques
for solving a problem and cognitive models of individual agents. The methods in the
structure need not model the knowledge of any individual agent but could model the
structure of the corpus of human knowledge in the domain. The collective knowledge
of acommunity of problem solvers can transcend the errors and limitations of individ-
ual agents and be a stable, robust and convergent body of knowledge. We just discussed
how domain knowledge evolves to satisfy the needs of computationally attractive
methods.

Since much of this community knowledge is meant to be used by individual agents
most of the time, this knowledge has certain interesting properties. Individual agents
should be able to use, learn and generate it. Certainly parts of it could be in the form
of specialized computational models, but in general the knowledge is qualitative and
robust (i.e., insensitive to small errorsin data or reasoning). Methods of this type have
manageable computational complexity. Complex methods are decomposed into sub-
tasks and methods for them.



The means-ends (or goal-subgoaling) character implicit in the task structure (i.e.,
the methods are the means which in turn set up subgoals) and the relatively low com-
plexity of the methods are properties that reflect the fact that the intended users of the
community knowledge are human agents. Of course, when we wish to mechanize
problem solving, we don't have to be restricted to these methods, but use of these
methods helps to ensure that the domain knowledge needed to execute them islikely to
be available.

Task structures retain the knowl edge-modeling advantages of the earlier task-spe-
cific tools. Since methods are characterized by the knowledge they require, domains can
be modeled by tools appropriate for the knowledge that is available in the domain.
High-level tools based on this concept, such as CSRL [10], DSPL [6], MUM [33],
and MOLE [27], can be viewed as method-specific shells. Much has been written about
how they facilitate knowledge modeling, knowledge acquisition, explanation and learn-
ing.

Task structures suggest how generation of new knowledge can itself be viewed as a
reasoning task. During knowledge modeling appropriate questions can identify sources
of deep knowledge for various methodsin the task structure.

Task structures suggest how methods of different types can be combined.
Quantitative and qualitative knowledge, heuristic and algorithmic knowledge can be
appropriately combined for the accomplishment of a task. For example, if a subtask
can be accomplished using a known technique, for instance by solving a set of differen-
tial equations, that method can be used instead of more traditional Al methods. The
method that set up this subtask is concerned with the solution, not how it was arrived
at, so the original task can be implemented using a different kind of method or even a
different computational architecture. The only requirement is that thereis an underlying
architecture which can set up goal stacks, invoke methods and unwind the goal stack as
methods return solutions.

Task structures have a number of architectural implications. Overdetermination and
rigidity in methods are avoided by using the task structure because a complete method
does not need to be specified (only the subtasks need to be given and not all of these
have to be used to accomplish atask). Furthermore, multiple methods can be used to
model domains that do not warrant the selection of a single method for accomplishing
atask. Overdetermination and rigidity of implementation can be avoided by dynami-
cally determining methods and subtask sequencing at runtime. We will next discuss
some architectural aternatives to achieve thiskind of dynamic selection of methods.

3.9 Architectures for Supporting Task Structures

So far we have presented the task structure as an analysis technique. We can, however,
also ask about the architectural implications of such an analysis. An obvious possibil-
ity isto support each of the methods by a method-specific shell. In fact the earlier gen-
eration of GT's can be viewed as method-specific shells (except that the method that a
GT supported was the only one for the task). If we want the system to have the flexi-
bility to select methods at run-time, we also need, in addition to method-specific archi-
tectures, a capability to invoke methods, assess them and select one to achieve a goal.
We will now discuss the TIPS architecture of Punch [62] and the Soar/GT work of
Johnson and Smith [43], both of which were attempts at LAIR to achieve flexibility
in problem solving behavior.



The germs of the task structure view were contained in the work that William
Punch began in 1988 towards building diagnostic systems. MDX2 [67] had shown
how causal models could be used to generate missing diagnostic knowledge, but which
model to use had been hard-wired at design time. Punch wanted the diagnostic system
to invoke different types of models selectively as run-time problem solving needs dic-
tated. He developed the TIPS architecture as a solution to this problem. TIPS had the
ability to invoke different methods for a problem-solving goal (the methods had to be
appropriately indexed as being relevant to a goal), evaluate them, order them, and select
the most appropriate one. (See [16] for the criteriafor method selection.) The selected
method may set up a subgoal for which the architecture would again invoke and select
methods. Thus, during diagnosis, the system might invoke a method that used simula-
tion of a physiological model for alocal subgoal in one problem instance, while for
another problem instance the heuristic match method might be chosen. TIPS used a
simple sponsor-selector scheme for partial ordering of the appropriateness of the meth-
ods. This scheme called for the knowledge engineer to represent in advance the condi-
tions on the state of problem solving under which a method was appropriate. Punch
independently invented several features of the Soar architecture that we will discuss
shortly. More recently Herman has built DSPL++ [36] as aflexible architecture for de-
sign problem solving in a framework that explicitly follows the design task structure
as developed in [16]. DSPL++ supports a number of different methods for the Propose
subtask of design, and is extensible, i.e., methods can be added. DSPL ++'s techniques
for invoking, evaluating and selecting methods were similar to those of TIPS.
(Dynamic method selection has also been investigated by [2], [70], and [69].)

This brings us to the Soar phase of our work. Around 1988-89, Jack Smith had be-
come excited by Soar as ageneral architecture [47]. In an earlier era, we would have re-
acted to it as just another general purpose architecture, but with the recent awareness of
the need for an architecture that can support flexibility, we saw that Soar offered us
three capabilities:

1. Unlike earlier general purpose architectures, Soar’s problem-space construct was
consistent with a key insight of the GT view: the close connection between the
task, the method and the knowledge needed to support the method. Each problem
space was in fact the agent's way of bringing the task and the knowledge together
in one organized entity.

2. Universal subgoaling was a way of achieving great run-time flexibility in the in-
vocation and choice of methods. Soar's preference scheme for ordering choices had
many similarities to Punch's sponsor-selector mechanism for doing the same, but
was more general.

3. Soar's chunking mechanism could explain how higher level GT's such as DSPL's
could come about and be put to general use without their being initially available
in that chunked form. That is, the TSA's that we have been proposing could be
seen as emergent virtual architecturesfor classes of problems.

But we also saw that Soar had no content theory of tasks or of methods (except for a
collection of weak methods). The GT's and later the methods in the task structures that
we identified for diagnosis and design are a content theory of those tasks. Thus it ap-
peared that it would be an interesting and important research direction to see how the
GT idea could be worked out in the context of Soar as the underlying architecture.



This is what Todd Johnson did for his thesis [40, 42]. There are several ways of
implementing GT's (or generic methods in the task structure) in the Soar framework.
First, each of the methods can be implemented directly as a problem space. We can go
al the way from a fully procedurally specified method (one al of whose control
choices are specified ahead of time) to one whose control behavior is all determined at
run-time. For example, in classification, depending upon the search-control knowledge
that is made available, a hierarchical control structure can emerge, or an exhaustive
search of the hypothesis space can take place.

If the methods are complex, that is, if they can be decomposed into many subtasks,
then a finer-grained control behavior can be obtained if the sub-methods are treated as
the units for invocation and selection. Extremely flexible interlacing of subtasks from
different methods can be achieved. For example, during diagnosis a subgoal in the ab-
ductive assembly method can be followed by a subtask in the classification method.
Because problem spaces permit implementing methods whose control is not specified
in advance but can emerge at run time as a function of available knowledge, a full
range of control can be implemented. The complex methods that characterized earlier
GT implementations can be obtained as special casesin this framework. In particular,
the chunking mechanism of Soar can be used to demonstrate the emergence of the
somewhat more compiled virtual architectures such as DSPL.

The role of the chunking mechanism in Soar in producing GT-like architectures as
a result of experience is relevant for an issue that we noted in our discussion of the
early history of GT's. We said that our attitude to lower-level architectures (rules,
frames, logic, etc.) was that they were just implementation alternatives without any
intrinsic theoretical interest. Functionally, we argued, once we extracted the knowledge
and strategies by an analysis at the task-level, the problem solver can be implemented
in any of a numerous array of lower-level architectures. However, the fact that GT-
level architectures can emerge from the appropriate lower-level architecture as a result
of suitable learning mechanisms means that not all lower-level architectures are equiva
lent.

If the methods themselves can be written in the same architecture which is used for
dynamically selecting methods, and if the learning mechanisms of this architecture can
chunk or compile method-specific virtual architectures as a result of problem solving
experience over a number of problems of a certain type, then significant unification
would have been achieved. The problem-space perspective and the associated computa-
tional architecture provides a framework in which this unification is possible. The
computational architecture comes with a learning mechanism of the appropriate type
for chunking the GT's. This suggests that not all implementational alternatives are
equally desirable. The alternatives can be evaluated with respect to how they support
problem solving, learning, and dynamic invocation, al in aunified framework.

In the Soar implementation of GT's, we get the best of both the worlds: the task-
level leverage of the GT perspective and the flexibility and opportunism of the Soar ar-
chitecture. But the range of architectures that are useful in practice as technology for
knowledge systems still occupies a large space, and there is room for a number of ar-
chitectures with different degrees of flexibility. The Soar implementation of GT's oc-
cupies one niche, where the subgoals in different methods can be combined very flexi-
bly at run time. TIPS and DSPL++ occupy another niche, where methods, with all
their subgoals, can be invoked and combined at run time as units. The earlier
CSRL/DSPL systems occupy Yyet athird niche where the designer has enough informa-
tion to hard-wire what method will be used for which subtask at design time. Unifying



them all is the Task-Structure view that identifies the goals, methods for them and the
knowledge needed to implement the methods.

3.10 RedSoar: An Abductive System in Soar

To emphasize the importance and role of the Task Structure for describing systems, as
well asto give a sense of how the Soar architecture can support the realization of task
structures, let us consider three descriptions of RedSoar, an abductive system that in-
terprets immunohematologic tests in order to identify antibodies present in a patient's
blood [39]. In describing a complex knowledge system such as RedSoar, we can use
three levels: 1) the Task Structure; 2) a computational level (such as problem spaces);
and 3) asymbol level. Figure 4 shows each of these levels for RedSoar. RedSoar uses
abductive assembly of antibody hypotheses to construct a best explanation of the test
data. In the task, the test data are the manifestations; antibodies are the “disorders’ or
explanations. RedSoar is directly implemented in Soar's production-rule language and
can be described by listing all the rules in the knowledge base, such as those in Figure
4c. About 1000 of these rules constitutes the symbol-level view of RedSoar. However,
this description fails to capture the task-level control and knowledge in the system. To
do this, RedSoar can be described at a computational level by listing the problem
spaces defined by the Soar production rules, as in Figure 4b. That is, we can abstract
away from the symbol level production rules to focus on the problem spaces, their ini-
tial and desired states and their operators. This level of description is much closer to
the task level but would still contain too many details present as artifacts of the im-
plementation (e.g., extra operators that must be used for low-level manipulation of
representations). At the Task-Structure level (see Figure 4a), we can simply describe
the system as using abductive assembly and then point out how it generates and selects
hypotheses: i.e., the methods and knowledge that it uses. RedSoar uses conditional and
a priori probabilities to generate plausible hypotheses and a scoring function based on
explanatory coverage and plausibility ratings to select a hypothesis. As shown in the
figure RedSoar also uses two additional subtasks, Rule-out and Confirm hypotheses.
These are domain-specific subtasks. The first allows the system to quickly rule-out
clearly absent antibodies. The second lets the system focus on antibodies that are likely
present. By describing RedSoar at this level, a comparison can be made between it and
other abductive assembly systems by comparing the methods and knowledge used to
generate and select hypotheses.



Identify
Antibodies

a) Abductive

Assembly

Rule-out Confirm Sg:g?lz Select
Hypotheses Hypotheses Hypothese. Hypotheses

Problem Space: Identify
Operators:
M ake-abstract-hypotheses
Rule-out
Match-hypothesis-to-antigram
Determine-final-results
Determine-certainty
b) Refine
Cover
Resolve-redundancy
Resolve-inconsistency
Determine-accounts-for
Mark-redundancies
Mark-inconsistencies
;; Propose rule-out
(sp identify* propose* operator* rule-out
(goal <g> "problem-space <p> “state <s>)
(problem-space <p> “name identify)
(state <s> “object <model>)
(object <model> “isa model “master-panel-read yes -“antibody-list
-“rule-out-performed)

-->
(goal <g> “operator <0>)
(operator <o> “name rule-out))
c)
: Refine is better than rule-out
(sp identify* compare* operator* refine* rule-out
(goal <g> "problem-space <p> "state <s>
~operator <01> + { <> <01> <02>} +)
(problem-space <p> “name identify)
(operator <01> "“name refine)
(operator <02> “name rule-out)
>
(goal <g> “operator <01> > <02>))

Fig. 4. RedSoar described at three levels: a) the task structure; b) the problem-space
level (acomputational level; and c) production rules (the symbol level).



4  Comparison to Other Work

4.1 Clancey's Model-Construction Perspective

Recently, Clancey has developed the model-construction perspective wherein systems
are viewed as constructing and manipulating models of situations [25]. The knowledge
in these systems is modeled using a general graph/set/operator language. By develop-
ing primitive model-construction operators, it is possible to compare systems that
have very different implementations at an implementation-independent level. The
model-construction perspective is related to the KADS approach in that both attempt
to offer auniform language for modeling knowledge.

In Clancey's view, knowledge systems use domain models and inference rules
(contained in the knowledge base) to build a situation-specific model (SSM).
Specifically, he suggests that SSM's be viewed as graphs whose nodes and links are
constructed by the inference steps during problem solving. For example, consider the
problem-solving graph produced by a diagnostic system whose problem solving con-
sists of associating subsets of the symptoms with diagnostic hypotheses that explain
it, and establishing the causal pathways by which the diagnoses cause the symptoms.
Some of the nodes in this graph would be symptoms, some nodes would be patho-
physiological states hypothesized by the problem-solving system during problem solv-
ing, and finally some nodes would correspond to diagnostic hypotheses. Many of the
links would be causal links, (e.g., such and such a pathophysiological link caused such
and such a symptom). Links such as “type-of” can also relate some nodes (e.g., after
establishing liver disease, the problem solver might establish cirrhosis, which is a
type of liver disease).

At the (successful) completion of problem solving, a subgraph of the problem-
solving graph would correspond to a model of the specific case: which symptoms were
caused by which pathophysiological states which in turn were caused by which disease
processes which were types of which diseases, and so on. When the diagnostic job is
done, not only do we have the name of a disease, but we also have an explicit record of
the relation between the data and the conclusions. This subgraph is what Clancey calls
the situation-specific model.

From the modeling perspective, the language in which SSM's are constructed is
closely related to tasks. That is, the types of nodes and links that are constructed for a
diagnostic problem are likely to be different than those for a planning problem or for a
design problem. In a diagnostic task, the SSM's are couched in the language of
“causes,” “explained-by” and so on, while in a design task, the basic vocabulary would
include terms such as “sub-function-of,” “achieves-behavior” and so on. Secondly,
while the terms are related to the task, the tasks would share parts of the vocabularies.
To the extent that both design and diagnosis deal with devices, causal processes in
them, their functions and malfunctions, many terms would occur in the SSM's of both
diagnostic and design tasks. In fact, the task/method/subtask point of view that we ad-
vocate makes this clear on the following way. The task structures for design and diag-
nosis both have simulation as a possible subtask; and a common method for simula-
tion is tracing of causal paths from a causal network. Thus we would expect that the
problem solving activities which construct SSM's for diagnostic and design problems
would, when they are engaging in the simulation subtask, be using identical terms for
that portion of the SSM.



The SSM viewpoint can be sharpened by the analysis provided by the Task
Structure framework. We can decompose the SSM built by a problem solver into a hi-
erarchy of SSM's mirroring the task/method/subtask hierarchy. Thus for a diagnostic
problem, the task at the highest level can be described as the construction of a prob-
lem-specific SSM of a certain type: specificaly, a model in which the abnormal ob-
servations of amalfunctioning systems are linked to diagnostic hypotheses by “ caused-
by” or “explained-by” links, with perhaps additional causal links between hypotheses
themselves. At this level we can take Clancey's proposal as a hotational variant of the
goal state specification in the problem space point of view. As the problem solver
uses the knowledge to consider and select methods and starts executing the selected
one, SSM's specific to the method chosen will be constructed. For example, if the ab-
ductive assembly method is chosen, the SSM will consist of initial hypotheses, their
plausibilities, assessment of various hypothesis combinations and so on. The subtasks
set up by this method will have their own characteristic SSM's, and this process will
recurse, similar to the task/method/subtask recursion. The hierarchical structure of the
SSM's that emerges from the Task-Structure viewpoint makes SSM's easier to com-
prehend and use during the problem-solving process itself. In fact, we can regard the
SSM's as a well-organized working memory, which retains the structure of invocation
of methods and subtasks. In this sense the hierarchical SSM's induced by the Task-
Structure methodology preserve the character of an informal “proof” that Clancey at-
tributes to SSM's, since they reflect how the agent decomposed a task and how the
methods accomplish the task instance.

Let us consider the example of a problem solver engaging in the task of behavior
prediction using the method of causal process simulation. There is a mapping between
the following three ways of talking about the situation:

1. Inthe domain causal process C, the state Sl is causing state S2 because of some
action Al

2. The problem solver, armed with this knowledge, can transit from a problem state
P(S1) to P(S2) by applying the operator “Action Al.” Here P(S1) stands for the
problem state in which the agent's knowledge includes the information that the
process C isin state S1.

3. The SSM has nodes S1 and 22, linked by the link “caused-by Action AL1.”

However, not all of the operatorsin 2 have to be “domain operators’ asin 1. Some of
them could be “mental” operators, such as abstraction, generalization, specialization,
aggregation, and so on. In this sense, SSM's that problem solvers construct reflect
both domain terms and additional abstraction terms. What isimportant for our perspec-
tive isthat there is a close connection between the tasks, methods and the terms in the
corresponding SSM's because these terms are reflected in the knowledge that is needed
to implement the methods.

4.2 The KADS Approach to Knowledge Modeling

KADS [72] is a Europe-based research program for knowledge modeling which is be-
coming quite influential. KADS-2, the most recent version of the approach, identifies
four layers:



1. Domain layer. In this layer the domain objects and their relations are modeled. For
example, in diagnosis, presumably the device components and their connectivity
relations would be included in this model. It is often stated that the domain layer
in task-independent, but it is hard to imagine that one would know what entities
and what relationships should be included in the domain layer without some idea
of the range of tasks that we want the knowledge system to perform. Perhaps
what is really meant is that the terms in the domain layer are not unique to spe-
cific high-level tasks.

2. Inference layer. Here the terminological differences begin to become a problem.
This layer has a description of the roles played by the objects in the domain layer
in the problem-solving process. For example, if “Drug d” is an object in the do-
main layer, and if “prescribe drug <d>" is a possible action that the problem
solver can consider, this layer will make this connection explicit. They have tried
to identify generic classes of such problem-solving roles such as “Available-
Observation” and “Available-action” (“prescribe drug <d>" is an example of the
latter), and a generic taxonomy of what might be called “elementary” goalsin our
terminology, e.g., “select,” “classify,” “compare,” etc. (They call these a taxon-
omy of “knowledge sources,” but that term has a different meaning for most re-
searchersin this area. We think it is best to view these as types of primitive goals
or primitive operators. See our earlier discussion in Section 3.2 on the duality of
a goal or subtask also being an operator.) While the set of terms that they have
developed is a useful one, there is no theoretical study of the orthogonality of the
terms or their completeness.

3. Task layer. To the first degree of approximation, the task layer is really what we
have called a method, namely, a series of operators that together help achieve the
goal. They additionally specify that each of the operators should be one of the
types that we identified as elementary goals in 2 above. There are two reasons
why we would be concerned about such areguirement: One is that we would like
the operators to be abstract enough that additional problem solving might be used
by selecting methods. There is no reason to impose the requirement that the
method's sequence of operators at the elementary level be fixed in advance.
Second, given our concerns about whether the terms that they propose are orthog-
onal, primitive or complete, we think the development of such terms should be an
on-going empirical enterprise. This iswhere the task-specificness of our enterprise
becomes important, since we think the specification of the goal class gives us
leverage in analyzing the methods and developing primitives for them. Perhaps
eventually we might converge on a set of terms, but we need to have a clear idea
of therole played by the terms in the performance of classes of tasks.

4. Strategy layer. Thislayer exists as a partial answer to one of the concerns that we
raised in our discussion of 3 above, namely the lack of flexibility implicit in the
fixed set of primitive operators. In the strategy layer, the aim is to represent meta-
plans so that different combinations of operators may be generated.

From the knowledge modeling perspective, the only layer where they have made spe-
cific commitments for a vocabulary is, as we discussed above, in their proposal for a
typology of primitive goal types. As we said, our preference is for these terms to
emerge empirically from studies of classes of tasks.



4.3 The Componential Framework

In Steels' componential framework [66] systems are described from three perspectives:
1) the model perspective; 2) the task perspective; and 3) the method perspective. This
framework is in many ways similar to the task structure framework that we have de-
scribed. The model perspective corresponds to the knowledge states of problem spaces
in our framework. In both frameworks tasks are decomposed via methods into subtasks
to form atask structure. Likewise, both frameworks recognize that the level of the task
decomposition (that is, when a particular task should be decomposed into subtasks)
varies depending on the purpose of the analysis. There are, however, severa differences
between the two frameworks. First, Steels' task structure only includes the tasks and
subtasks; ours mixes tasks, subtasks and methods. Thus our task structure makes ex-
plicit the use of methods including multiple methods for a task. Second, the compo-
nential framework makes no commitment to a technique for describing methods,
whereas we have selected the problem-space paradigm because of its generality and
flexibility.

4.4 Role-limiting Methods?

Role-limiting methods [49] identify particular paths through the task structure. A role-
limiting method is described to the lowest level, i.e., al tasks, methods and subtasks
are specified until the lowest subtasks can be directly implemented. The specification
also includes the order in which the subtasks are accomplished. This differs from other
approaches in which a system can be described at high levels of abstraction with lower
level details remaining to be specified either |ater in the design process or dynamically
at runtime. The implication of thisis that a small variation of a particular role-limit-
ing method must be viewed as a different role-limiting method.

For example, Cover-and-differentiate [49] is a role-limiting method for a form of
abduction. McDermott defines the method as follows [49]:

1. Determine the events that potentially explain (that is, cover) the symptoms.
2. If thereis more than one candidate explanation for any event, identify information
that will differentiate the candidates by
— ruling out one or more of the explanatory connections,
— ruling out one or more of the candidate explanatory events,
— providing sufficient support for one of the candidate explanatory events,
— providing a reason for preferring some of the explanatory connections over
others.
3. Get thisinformation (in any order) and apply it (in any order).
4. |If step 3 uncovers new symptoms, go to step 1.

Two classes of task knowledge are needed to use the Cover-and-differentiate method:

1. Knowledge mapping manifestations to disorders (for Step 1 of the method, gener-
ating explanations for afinding).

2This is a modified version of the anlysis appearing in [40].



2. Knowledge mapping an explanation to information that can help confirm or dis-
confirm the explanation (for Step 2 of the method, differentiating between com-
peting explanations).

These two classes indicate the role that domain-dependent knowledge plays in the
method.

On one hand, a role-limiting method is a domain-independent abstract method. Thus
Cover-and-differentiate, as a method, is specified independent of whether it is going to
be used for liver diagnosis or automobile diagnosis. On the other hand, the search-con-
trol knowledge that describes the behavior of the method, and hence the method's con-
trol behavior, is completely specified as part of the method specification. The knowl-
edge engineer who is using the method for his domain has no freedom to change the
control behavior to suit his domain. The philosophy is that precisely this form of pre-
specification of the control strategy is needed to be able to guide the knowledge engi-
neer on the kinds of knowledge needed to use the method. Of course, if the knowledge
engineer can't even specify parts of the control strategy at system-building time, cer-
tainly, the approach does not enable the control strategy to emerge at run-timeasare-
sult of interactions between any partially specified search-control knowledge and the
particulars of the problem instance. Note that the Task-Structure approach allows a full
range of options in the specification of control behavior: all control knowledge does
not have to be prespecified, and if some aspects of control are specific to some do-
mains, that is fine as well. Nevertheless, the Task-Structure approach provides the
same advantage as the role-limited method approach with respect to identify the role
knowledge plays in a method. We will demonstrate this by showing that:

1. Therole of domain-dependent knowledgeis still limited even though search-con-
trol knowledge is not specified as part of a method, and
2. Domain-dependent search-control knowledge can aso be role-limited.

To illustrate each of these points consider the method described for abductive assembly.
This method supplies very little search-control knowledge, but since the input and
output of each subtask in the method are known, the knowledge required to use the
method can be specified. For example, to implement generate-plausible-hypotheses the
system must have domain-dependent knowledge mapping a manifestation to a disorder.
One direct encoding of this knowledge is a rule that maps from a particular manifesta-
tion to hypotheses that explain it. Even if this knowledge is indirectly represented us-
ing a method that implements generate-plausible-hypotheses, the role the knowledge
plays in the abductive method remains the same. Furthermore, by specifying the task
structure for the method that implements generate-plausible-hypotheses the role of each
piece of knowledge used to generate explanations can be understood. Thus, if the sub-
task's input and output are known, the role and basic form of the knowledge needed to
implement the subtask can be identified.

As for the second point, domain-dependent search-control knowledge is limited to
the role of differentiating between competing subtasks. The form of the knowledgeisa
mapping from one or more subtasks to preference information for those subtasks. This
knowledge can be divided into three classes:



1. Knowledge that prefers or rejects a single subtask without respect to other appli-
cable subtasks.

2. Knowledge that prefers one or more subtasks over one or more other subtasks.

3. Knowledge that indicates that two or more subtasks are equivalent.

This might seem an overgeneral specification of the knowledge; however, it is no
more general than the role of knowledge for differentiating between explanations in
Cover-and-differentiate. Thus search-control knowledge can be given the same role-lim-
iting status as the knowledge for differentiating explanations.

5  Shiftsin Perspective and New Resear ch Directions

The Task-Structure perspective retains many of the advantages of the GT view, but in
crucia places, it reflects changes in philosophy. In this section we discuss some of
these shiftsin perspective.

The major shift in the point of view is about the status of the TSA's associated
with the GT's. The notion of a fixed method for atask is abandoned. Furthermore, the
fact that there is no finite set of distinct methods for a task implies that there is no fi-
nite set of hard-edged conceptual building blocks. But GT-based TSA's till represent a
good idea technologically for arange of situations served well by the method incorpo-
rated in the TSA's.

In an earlier section, we enumerated a number of questions about GT's that moti-
vated our reexamination: How many GT's are there? What kinds of tasks count as
GT's? What are the criteria? In the current perspective, the answers is that there is no
finite number of tasks or methods. They exist in some partial ordering of generality
and domain-specificity, and any collection of problem instances that have some prob-
lem features in common and that is for some reason worth considering as agroup is a
generic task. Thus, abduction, diagnosis and medical and engineering diagnosis are all
Generic Tasks. Abduction is more general than diagnosis (i.e., covers a much larger
number of problem instances), and diagnosis is more general than either medical or en-
gineering diagnosis.

The Task-Structure approach retains many of the traditional advantages of the GT
perspective. The task-method-subtask characterization still conforms to the injunction
not to separate knowledge from its use. The method organizes how knowledge is to be
used to achieve the task. To the extent the methods are generic, useful characterizations
can be made of the knowledge and strategic requirement of the methods, just asin the
case of the traditional GT's. Leverage for knowledge acquisition and explanation that
GT'sprovided is retained. In fact, because the task structure separates the task from the
method, how the method hel ps achieve the task can be explicitly included in the expla-
nation capability, as is done in Tanner [68]. The generic methods that are identified
will play the role that generic mechanisms play in mechanical engineering: organized
collections of inferences for generic types of goals. Just like generic mechanisms are
not building blocks in a basic theoretical sense (that is, there is no way to argue that
in principle all mechanical devices can be decomposed into a set of generic mecha
nisms), they still play extremely useful roles as technological building blocks. Generic
methods—and method specific architectures (MSA's) indexed by tasks that they are
good for—will continue to play thisrole in knowledge-based systems as well.



The analogy of the GT primitives to Schank's conceptual dependency primitives
[64] is interesting. Schank proposed about 15 primitives in terms of which all the ac-
tion verbs in natural languages can be expressed. Wilks [73] also proposed a similar
idea, but the number of primitives in his scheme was in the order of hundreds. In prac-
tice, however, few natural language systems use the particular set of primitives from
either system as canonical objects. There is quite arange of variation in the primitives
that do get used. But what has survived is the important idea that it is useful to group
verbs in such a way that inferences common to a set of verbs be shared by abstract
verbs that stand for their common action quality. Similarly, in the GT view, in spite
of the twists and turns about what the primitives are and at what level of genericness
should they be represented, what is of long-term importance is the idea that tasks and
methods provide the organizing principle for knowledge-based problem solving.

Some might argue that in moving away from a set of primitive “generic” tasks and
associated preferred methods we have weakened the enterprise, i.e., that the Task-Struc-
ture approach provides fewer guidelines to researchers and system designers. To the
contrary the Task-Structure approach builds upon and strengthens the GT enterprise by
clearly separating analysis from implementation and by providing a framework for en-
compassing a multitude of task-method combinations. The task structure concept just
provides the organizing principles for analyzing and describing systems, i.e., that there
are tasks, methods and subtasks. In this role it is purposefully designed to be ex-
tremely general, even content-free. The content is provided by identifying and fleshing
out useful task structures for important tasks, such as those we described earlier for de-
sign and diagnosis. It is these “instantiated” task structures that provide strong guid-
ance to researchers, system designers and system users.

5.1 Research Directions

Many researchers have been associated with the GT view over time. The research direc-
tions that are currently being pursued by them cover awide spectrum. The research is-
sues can be broadly categorized as architectural and content issues.

Architectural Issues. The dimension in which architectural approaches differ is
that of generality and flexibility. As a practical matter, there is a need for different
combinations of generality and task-specificness for system-building technologies.
There are many technological niches and different researchers are pursuing different
ones. At one end of the spectrum, Sticklen continues to experiment with TSA's at the
level of granularity of the original GT's. Punch continues to experiment with architec-
tures that treat methods as the units to invoke. Herman [36] has similarly proposed an
architecture for design which can invoke, assess and select methods for various sub-
tasks of the design task as described in [16]. At the other end of the spectrum, Johnson
and Smith are continuing their investigation into using Soar and problem spaces as the
architectural medium to realize task-specific problem solvers. In this approach, TSA's
(or MSA's) are constructed in the uniform framework of problem spaces. Whenever a
subtask needs a hew method that is not supported by an MSA, the problem-space
framework is available to code up the new method.



Knowledge and Method Sharing. There are severa aspects to the research on the
content issues related to task structures. In one, a number of researchers are using the
Task-Structure viewpoint to abstractly analyze complex tasks. We have aready dis-
cussed task analyses of design and diagnosis. Goel and Chandrasekaran [31] provide a
task structure for case-based design. Narayanan and Chandrasekaran [55] provide such
an analysis for visual reasoning in the task of prediction of behavior of physical ob-
jects.

This type of analysis directly leads to a potentially revolutionary technological
possibility: method- and knowledge-sharing. Each TSA embodies a class of strategies
to solve a type of problem in addition to providing primitives in which to encode
needed knowledge . In this sense each TSA is ameans to share the corresponding prob-
lem-solving method. The task structure makes explicit that it is the methods that are
being abstracted and made available for sharing. As research on various diagnosis and
design problems is pursued around the world by numerous researchers, task structures
which abstract methods and subtasks from the individual efforts and solutions can be
constructed, knowledge and strategies for them identified, knowledge representation and
acquisition tools for them constructed, and their computational properties analyzed.
Task structures and methods in them may begin to play the role in knowledge engi-
neering that identification and analysis of generic mechanisms played and continues to
play in other engineering disciplines.

Explanation and Learning. There are a number of issues related to learning that
intersect with the task structure perspective. Earlier we said that it was conceptually
and practically important to have architectures which unified problem solving and
learning, and pointed out that earlier GT-like architectures can be viewed as |earned vir-
tual architectures for classes of problems. Goel's work on Router [29], a system that
finds routes between locations, is an instance of research in this perspective. It starts
with amethod that is model-based, but gradually its reasoning shifts from model-based
to case-based.

There is another aspect to learning that relates, not to the learning mechanisms that
architectures have, but to the content issues in learning. In [15], Chandrasekaran out-
lined a research agenda for explanation-based learning (EBL) in the Task-Structure
framework. EBL, broadly construed, is a method of learning by constructing an expla-
nation of why some solution was correct or incorrect, and using the explanation to re-
fine the representation of the concept that is being learned. Weintraub [71] uses this
idea to build a corrective learning component to his gait diagnosis system. When its
answer to a problem is incorrect, the system attempts to identify which part of the
knowledge it used and which task in the task structure may be at fault and also at-
tempts to change it. The approach uses the fact that the task-specific view gives advan-
tages by providing appropriate vocabularies in which explanation can be couched
(Chandrasekaran, 1989). We identify three types of explanation relating to knowledge-
based systems. These are: (1) trace of run-time, data-dependent problem-solving behav-
ior, i.e., explaining the data in the current situation was used to arrive at a decision; (2)
relating specific decisions to the control strategy used by the system; and (3) justifying
particular pieces of knowledge by relating them to more general domain knowledge.
When an error is made, Type 1 and Type 2 explanations can be constructed for the in-
correct answer. These explanations together can be used to identify possible knowledge
elements that could have been responsible for the error, and methods in the task struc-
ture that the knowledge elements are associated with. In this way the explanation capa-



bility associated with the task-specific view helps solve some aspects of the credit as-
signment problem for learning. Combining this ability to narrow down the error can-
didates with simulation of the underlying qualitative model of the gaits, Weintraub was
able to both locate the source of the error and correct it. The potential of the task struc-
ture for helping solve the credit-assignment is significant.

Content Theory of Tasks, Inferences and Methods. Another important con-
tent issue is somewhat more foundational for the entire family of approaches at the
task level. Thereis a central theoretical issue that dogs al of this type of work: GT's,
task-structures, KADS, Clancey's SSM's (situation-specific models) and so on. That
issue can be formulated as a series of questions about the content theory of tasks (or
inferences): What are the task-level terms? In what sense are they primitives? How do
they relate to one another? Is there any sense in which we can determine and agree on a
set of terms that are not idiosyncratic to each research paradigm, but in fact represent
some universally sharable set of analytic primitives?

Let us take some examples. KADS proposes a list of inferences as primitives in
terms of which they wish to analyze the problem solving behavior of experts. That is,
all information processing verbs in a natural 1anguage description of the behavior of
the expert will be mapped into equivalence classes represented by these inference primi-
tives. Similarly, while the GT view does not propose an exhaustive list of terms as
KADS does, till for problems of diagnosis and design, a person trained in the GT
view would be armed with terms like “classify,” “assess hypothesis,” “instantiate
plan,” and would decompose the behavior into modules like the above.

Earlier we discussed Clancey's proposal that what problem solvers do is to con-
struct situation-specific models (SSM's) of some system in the world. He proposes
that all SSM's can be expressed in terms of sets, memberships and relations. The set-
relation view of the SSM is no doubt a good starting point, but it doesn't completely
specify the content theory of inference operators for the task. We need to know what
kinds of objects and relational operators are going to be in the vocabulary for the SSM
for a given task. The set-theoretic view, or the point that what is being constructed is
an SSM, does not by itself specify that in diagnosis the kinds of sets we are interested
in are malfunctions, symptoms, and the kinds of relations are explanatory causal rela-
tions; or that in design, the objects of interests are components and devices, the rela
tionships of interest are functional and physical connections. Further, we pointed out
earlier the need for inferential operators (in addition to operators that stand for relations
between domain objects) that arise from the strategies used in the methods. These op-
erators are not part of the vocabulary of SSM's for the design task.

Thus whether we are following the GT/TS, KADS or SSM framework, we need a
principled theory of inference operators, and how they connect to world models that we
construct and the tasks that we perform. The hope that there may be small humber of
such operators which are in some sense primitives is present in several frameworks.
But the proposals on the table for such primitives are either not complete, or not rich
enough, or if nominally complete, not sufficiently well-motivated to explain why
those terms and not others, or even the sense in which they are primitives at all.

Aristotle, and Kant following him, proposed rather similar content theories of fun-
damental categories of thought and experience: quality, quantity, order, space, causa-
tion, etc. It appears to us that when we think about the world, when we solve prob-
lems, we are trying to build models which are ultimately couched in these basic cate-
gories. Taking seriously the notion of problem solving as model building, we can say



that our inference operators arise ultimately from the primitives anchored on the
Kantian categories of thought and experience. Theories of generic tasks and methods
will eventually have to be grounded in such a categorical content theory of our
thought. Until such a thoroughgoing content theory is available, we will have to be
content with pragmatic criteria as the basis for selecting from among alternative pro-
posals for knowledge primitives.

6 Concluding Remarks

Among the many ideas that we have covered in this paper, the most important one is
the emphasis on content issues in knowledge for problem solving. Clearly some of the
content of knowledge is so specific to the individual or a domain that it cannot be of
much interest for the theory or technology of artificial intelligence. The content issues
that we have emphasized are the regularities in knowledge use that cut across individual
instances of the problems, and become applicable to classes of problems. Task-level
analyses are ways in which we exploit these regularities. How much of these content
characterizations are part of the definition of intelligence, and how much are just analy-
ses of knowledge that the agent has acquired, is a philosophical issue that has to do
with one's prejudices about how much of intelligence has to do with form and how
much with content. But from the viewpoint of creating knowledge technologies, the
scientific issue is elucidation of these regularities in knowledge and its use. The origi-
nal notion of Generic Tasks helped nudge the field into a consideration of content is-
sues a decade or so ago. The notion of Task Structures, in our view, provides an analy-
sistool for a more sophisticated marriage of form and content in knowledge systems.
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