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BDM-KAT: Final Technical Report of Research Results 

CONTRACT NUMBER: DAAL03-87-C-0019 

TECHNICAL CLIENT: Army Research Office/DARPA 

EXECUTIVE SUMMARY 

The BDM-KA T project was initiated to address specific, critical needs for rapid 

development of knowledge bases to support intelligent materials processing systems. 

These needs have developed from the demand for decreases in the time lag between 

laboratory development of new materials or processing capabilities and their use in opera­

tional production environments and demands for increases in the quality and yield of 

existing processes. An initial premise of the BDM-KAT project was that experts across 

the general field of materials processing use common types of knowledge and similar 

reasoning mechanisms. For this reason, we proposed the development of a tool specifi­

cally oriented toward knowledge engineering for materials processing. Because, at the 

time of project inception, no working systems for intelligent materials processing had 

been developed or fully designed, we were able to address the specific domain issues that 

impinge on appropriate knowledge acquisition efforts independently of defacto or default 

representation and inferencing conventions. Furthermore, the BDM-KAT project and a 

separately funded intelligent controller development project were initiated simultaneously 

to allow rapid feedback between the knowledge elicitation efforts and the application 

requirements, to the advantage of both projects. BDM-KAT gained significantly from this 

feedback process in that, as we gained experience with intelligent materials processing 

and the Hot Isostatic Processing domain, characteristics and functional expectations of the 

tool were modified to accomodate the specific characteristics and requirements of the IPM 

domain. Two versions of BDM-KAT were developed from different underlying para­

digms. The lessons learned from the first version were of significant valued in developing 

version 2.0. For both versions, the overall goals were to: 

• accelerate the knowledge elicitation process; 

• support incremental knowledge elicitation; 

• enable full representation of the overall process being considered; 

• facilitate the interactions of multiple experts; and 

• aid in subsequent updates of materials knowledge bases. 

BDM-KAT version 1.0 was developed from a software engineering paradigm. In 

its Clarification Mode, experts were led to develop a process model specification in terms 

of logical AND/OR connections between process stages and objects. In the Prediction 

Mode, the process model was automatically reframed as a flow model and the expert was 

queried about specific predicted process states, acceptable and unacceptable sensor val-
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ues as specific process points, and missing components of the process . In the Diagnosis 
Mode, the expert was to observe a step-through simulation of the process to identify 
additional missing components or improperly specified relationships between process 
components. 

BDM-KAT 1.0 was successful in that the software model was demonstrated to be a 
useful mechanism for process specification. However, as a usable knowledge engineering 
tool, BDM-KAT 1.0 was flawed because: 

• The screen representations were unfamiliar to our domain experts. 
• The transitions between modes during sessions were excessively slow. 
• Management of the growing library of process objects was difficult and 

inefficient. 
• The tools were not portable, requiring the experts to travel to our facili­

ties for all sessions. 
• The tools were not capable of capturing heuristic dialogue between ex-

pert and knowledge engineer. 
Given this experience and these lessons, a second version of BDM-KAT was developed 
from a different theoretical paradigm. For this version, these goals were added to the 
original set of program goals: 

• reducing the requirements for translations of knowledge, particularly by 
the domain expert; 

• reducing the burdens in time and effort on the domain expert; 
• reducing the dependence on the skill of the individual knowledge engi­

neer; 
• providing a mechanism for selecting appropriate techniques; and 
• providing an overall control structure for a knowledge elicitation effort. 

The 2.0 version of BDM-KAT was developed from a cognitive psychology model 
of human knowledge representation and reasoning based on the general body of literature 
in human cognition and a specific model developed by Dr. L.M. Vekker. In this version 
of BDM- KAT, the individual tools and user interface are designed to maximize com­
patiblity with the domain expert's own internal representations, thus making the elicita­
tion process more comfortable for the expert. In addition, the tools are implemented in 
the C programming language on SUN workstations to allow portability to the expert's own 
working location. Three tools, Categorizer, Time Mapper, and Causal Charter have been 
prototyped and used in preliminary knowledge acquisition for an intelligent process con­
troller for Hot Isostatic Pressing (HIP). The tools were used in a total of twelve hours of 
active knowledge elicitation for the HIP application. Both the volume of information 
collected and structured and the value of that knowledge for the developing controller 
attest to the value of the concepts implemented in BDM-KAT version 2.0. 
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Based on the utility of the tools in actual knowledge elicitation and the comments 

of domain experts during and after their sessions with the tools, we believe that this 

research effort has succeeded. We have prototyped a set of tools that reflect an approach 

to knowledge acquisition that addresses many of the shortcomings of more traditional 

techniques. Specifically, we believe BDM-KAT 2.0 can: 

improve the nature of the domain expert's experience with knowledge 

engineering; 
streamline the overall knowledge acquisition process; 

improve the structure of large-scale knowledge engineering efforts; and 

enhance the verifiability of elicited knowledge. 
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BDM- KAT: Final Technical Report of Research Results 

CONTRACT NUMBER: DAAL03- 87-C-0019 
TECHNICAL CLIENT: Army Research Office/DARPA 

I. PROGRAM GOALS AND MOTIVATION 

The BDM-KAT project was initiated to address specific, critical needs for rapid 
development of knowledge bases to support intelligent materials processing systems. 
These needs have developed from the demand for decreases in the time lag between 
laboratory development of new materials or processing capabilities and their use in opera­
tional production environments and demands for increases in the quality and yield of 
existing processes. An initial premise of the BDM-KAT project was that experts across 
the general field of materials processing use common types of knowledge and similar 
reasoning mechanisms. For this reason, we proposed the development of a tool specifi­
cally oriented toward knowledge engineering for materials processing. Because, at the 
time of project in~eption, no working systems for intelligent materials processing had 
been developed or fully designed, we were able to address the specific domain issues that 
impinge on appropriate knowledge acquisition efforts independently of defacto or default 
representation and inferencing conventions. Furthermore, the BDM-KAT project and a 
separately funded intelligent controller development project were initiated simultaneously 
to allow rapid feedback between the knowledge elicitation efforts and the application 
requirements, to the advantage of both projects. BDM-KAT gained significantly from this 
feedback process in that, as we gained experience with intelligent materials processing 
and the Hot Isostatic Processing domain, characteristics and functional expectations of the 
tool were modified to accomodate the specific characteristics and requirements of the IPM 
domain. The following sections address these sets of requirements. 

1.1 Intelligent Control Related Demands on Knowledge Engineering 

Systems that control other systems and their processes have evolved through sev­
eral technological stages. While a definitive taxonomy of control systems is not available 
and will not be attempted here, the broad range is characterized by: open loop control, 
state regulation, adaptive regulation and intelligent control. Many varieties of control 
systems, over a great range of complexities, can be classes as closed loop regulators. A 
system that accounts for conditions that are of higher order than the direct process state is 
considered adaptive. Intelligent control, such as that intended by the IPM program, im­
plies more than adaptive control. The original concepts stemmed from expectations that 
intelligent control technology would yield tools allowing operators to actively control mate­
rials properties during production and generate decisions based on information derived 
from . sensors and process models. Figure 1 shows the structure of an linear feedback 
control system on the left, and the added capabilities required for an intelligent control 

- 4-



system on the right. In practice, a large set of possibilities in architecture and technology 

Conventional 

Control 

Control 
Algorithm 

Actuation ----~ 

Sense 
T,P 

Process 

T, P under Closed-Loop Control 
p, Jl, a under Open Control 

Adaptive 

Algorithms 

IPM 

Control 

Sense 
T, p 

Sense 

p, Jl, a 

Actuation t----~ Process 

T, P under Adaptive Control 

p, Jl, a under Closed Control 

FIGURE 1 TRADITIONAL AND INTELLIGENT CONTROL SCHEMES 

use is open for achieving the goals of IPM. Figure 2 shows a partial tree of the choices 
available to the builders of IPM systems and some of the knowledge acquisition tech­
niques required to support them. BDM's choices from among this space are highlighted. 

Using the functionality shown in Figure 1 and a hybrid (i.e ., mixed knowledge­
based and numeric processing) approach, BDM has developed and demonstrated a proto­
type intelligent controller for Hot Isostatic Pressing (HIP) of intermetallic powders under 
separate funding. The specific approach has been driven by the types of knowledge used 
by materials scientists in processing work and by close communication between available 
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FIGURE 2 PARTIAL TREE OF IPM TECHNIQUES 

quantitative models and this knowledge. The overall success of this controller, both in 
development time and performance capability serves as a demonstration that the knowl­
edge acquisition techniques instantiated in BDM-KAT are successful and valid. The re­
sulting system provides intelligent control of the HIP process, broadly defined, by support­
ing a set of activities that include: 

• development of process schedules; 
• prediction of process trajectories; 
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• observation of actual trajectories; 
• comparison of actual and projected trajectories; and 
• planning and executing corrective actions. 
This design supplies future users with a full set of capabilities that may be needed 

by either a product/process designer or a real-time operator with control demands. 

Within this framework, the knowledge elicited from domain experts and stored 
within the knowledge base can be used at a variety of points in the process to meet the 
changing goals of the ongoing process as shown in Figure 3. Initially, the knowledge, and 
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Property 
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• Constraints 
-System 
- Processing 

Process 

Plan 

• Selection 
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Alternatives 
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• Optimization • Densification 

• Common Sense • Coarsening 
Procedures 

• Controls 

- Temperature 

- Pressure 

FIGURE 3 USES OF KNOWELDGE IN IPM 

the elicitation process itself, are used to capture and represent the categorical, causal, and 
temporal structures implicit in the expert's knowledge as well as the general content 
knowledge. With these structures captured and integrated, the knowledge base can be 
used by a process or part designer to specify fully the objectives, priorities, and con­
straints such as those shown in Figure 4 that must be considered and/or met during 
process execution. During process planning, the specifications generated using the plan-
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FIGURE 4 HIP PROCESS SPECIFICATION 

ner's own knowledge and the elicited knowledge base are used to guide generation of an 

optimum process schedule by a well-tuned set of quantitative models. During execution, 

the same knowledge is used to aid the operator in detecting and diagnosing possible 

property-related deviations in the behavior of the material or the equipment during proc­

essing and to suggest appropriate corrective actions as necessary. 

1.2 Critical Characteristics of Materials Processing 

There are unique challenges in the development of knowledge documents, domain 
models and intelligent control systems for materials processing domains such as HIP 

because the knowledge held by the various domain experts is of numerous types (e.g., 

quantitative models, phase diagrams, metallography, heuristics) and is changing rapidly 
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over time as new aspects of the domain are studied and understood. Consequently, a 
knowledge acquisition effort in IPM must confront the challenges of: 

• the knowledge being neither stable nor well-formed. 
• few "true" experts in the domain (with the few having limited time 

available to spend in knowledge acquisition). 
• the lack of a single expert whose knowledge spans the full scope of the 

domain. 
• the intelligent control systems being designed to take advantage of not-

yet- developed technical capabilities (e.g., new sensors) 
Our approach to meeting these challenges has been two-phases. We first sought to iden­
tify the types of knowledge needed to support the knowledge base functions discussed in 
the previous sections . Given an understanding of the types of knowledge needed, we 
worked to develop a methodology and environment for active knowledge elicitation that 
will enable us to surmount the challenges common to all knowledge acquisition efforts 
and unique to IPM domains. 

Our identification of the knowledge types required for IPM was based on prelimi­
nary knowledge acftuisition activities and a review of the knowledge and reasoning used 
by materials scientists and process planners during their activities and on specification of 
the functions to be served by the knowledge base within the HIP controller framework. 
From this analysis, we determined that a knowledge engineering tool for IPM must be 
capable of capturing the following types of knowledge: 

• Domain structure, or knowledge about materials properties and interre­
lationships and about novel materials, to support completion of product 
and process specification and diagnosis. 

• Causal networks, or knowledge about process control and material be­
havior, to support selection of materials and active control and diagno­
sis. 

• Constraints, or knowledge about the temporal aspects of the process and 
the validity or invalidity of process model components, to support sched­
ule optimization and selection. 

With these requirements identified, we explored options for the specific design and use of 
a set of tools for use by knowledge engineers. In the following section, we present some 
details of the specific design used for BDM-KAT and the underlying reasons for the de­
sign. 

1.3 Status of Existing Knowledge Engineering Methods and Tools 

Knowledge engineering as a field has developed from the demand created by the 
development of expert or knowledge-based systems. In such applications, it is necessary 
that the knowledge base used by the system be well-organized, consistent, and reasonably 
complete. This, in turn , requires that the process by which that knowledge is entered into 
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the knowledge base be equally well-organized and controlled. However, early efforts in 
knowledge acquisition were modeled on small scale projects in which a single domain 
expert and a single developer could interact to build the final project, allowing a certain 

-informality and ad hoc set of procedures to exist. In larger scale projects, the ad hoc 
nature of early knowledge engineering efforts was soon discovered to be limiting and 
unworkable. 

In response to this situation, Hayes-Roth, et.al. (1983) presented a methodology 
for knowledge engineering. In this approach, a five-step cycle of identification, concep­
tualization, formalization, implementation, and testing is used iteratively until a satisfac­
tory product results. While this provides a structure within which a system architecture 
and basic domain structure can be determined and allows for iteration through an identi­
fiable sequence, it does not impose any control or guidance on the techniques used or 
support verification of the elicited knowledge. More current approaches tend to depict the 
knowledge engineering process as a more controlled, cyclic sequence, drawing on models 
and standards from the software engineering field . Some methodologies, like the adapted 
waterfall model of knowledge acquisition presented by McGraw and Harbison-Briggs 
(1989), suggest not only steps within the cycle, but also techniques for each phase and 
some guidance at decision and iteration points. However, even this structure does little to 
address how the knowledge acquisition task might be tied directly to the perceived struc­
tures and representations within the domain, as viewed by an expert. 

In any manual knowledge engineering effort, the time and labor demands are high 
even when structures and practices are in place to direct and manage the timing and foci 
of knowledge engineering sessions. In addition, there are several pervasive and trouble­
some characteristics of the overall process. Specifically, true experts, because of the 
demand for their expertise are frequently unavailable for a series of several knowledge 
acquisition sessions, thus generating a demand on the knowledge engineer to maximize 
the value of every session held. When sessions are held, experts frequently have great 
difficulty accessing and then verbalizing significant components of their knowledge be­
cause it has been "chunked" or "proceduralized" during the development of expertise. 
Such knowledge is easily acted upon, but not easily discussed, making it difficult or im­
possible for the knowledge engineer to tap and depict the structure and relationships the 
expert holds of the domain. In addition, because such knowledge is, in many ways, 
implicitly assumed by the expert, it allows him/her to assume a level of understanding on 
the part of the knowledge engineer that is frequently inappropriate. Furthermore, many 
knowledge engineers cling to the interview as a primary technique. In the hands of a 
skilled communicator with adequate analytical skills and a good foundation in the do­
main, the interview can be highly useful. However, few knowledge engineers are able to 
use it efficiently, leading to large expenditures of time that result in little critical knowl­
edge being elicited. This can be compounded by the practice of establishing the design 
and architecture of the target system in advance of knowledge acquisition--a practice that 
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forces a way of thinking about the domain and subdomains that may be incompatible with 
the model held by the domain expert. Finally, regardless of the techniques used or time 
expended, many manual-based knowledge acquisition efforts fail to document the knowl­
edge elicited sufficiently for later verification and validation of the system. 

A number of approaches to automating the process so as to alleviate some of these 
have been tried, ranging from simple problem simulations for discussion to fully auto­
mated knowledge acquisition environments. Most of these knowledge engineering tools 
have been developed to serve the needs of a specific system or a particular class of 
applications. In other words, they can be considered to be implementation driven. Because 
of their orientation toward the final representation and use of the knowledge by the sys­
tem to be developed, the tools constrain domain experts by requiring that they present 
knowledge in the format on which the tool is based (e.g., repertory grids, fuzzy sets) or in 
the representation of the knowledge base (e.g., rules). This requirement may force the 
experts to transform the expression of their knowledge from a familiar, useful form to a 
novel, untested one. In contrast, many manual approaches do allow the expert to express 
knowledge in a more comfortable manner but place the burden for the transformation on 
the knowledge engineer . 

1.4 Goals of the BDM- KAT Project 

The original goals of this project were multi-faceted. As proposed, BDM- KAT 
was envisioned as an expert system for knowledge acquisition about materials processing 
that would necessarily include substantial general purpose knowledge about materials 
processing and use that knowledge to direct specific elicitation efforts. The value of such 
a system was described in terms of: 

• accelerating the knowledge elicitation process; 
• supporting incremental knowledge elicitation; 
• enabling full representation of the overall process being considered; 
• facilitating the interactions of multiple experts; and 
• aiding in subsequent updates of materials knowledge bases. 

During the research and development efforts of this project, a major shift in the 
underlying paradigm for BDM-KAT took place. While this change will be discussed in 
detail in later sections, it should be noted that none of the above goals were discarded. 
However, in redesigning BDM-KAT based on our growing experience with the domain, 
we focused our consideration on identifying a more global set of desired characteristics 
for a general purpose knowledge engineering environment and sought to develop an ap­
proach in line with them. Briefly, we determined that a knowledge engineering system 
should meet our earlier goals and provide significant support to the practicing knowledge 
engineer by: 

• reducing the requirements for translations of knowledge, particularly by 
the domain expert; 
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• reducing the burdens in time and effort on the domain expert; 
• reducing the dependence on the skill of the individual knowledge engi­

neer; 
• providing a mechanism for selecting appropriate techniques; and 
• providing an overall control structure for a knowledge elicitation effort. 

II. BDM- KAT: VERSION 1.0 

II.l Methodological Foundation: Software Engineering 

The primary concept underlying the design of BDM-KAT 1.0 is that knowledge 
engineering and software engineering have much in common that can be taken advantage 
of to the improvement of both fields. The modes and interaction capabilities of BDM­
KAT 1.0 were selected and designed to reflect some of the principles and methodologies 
of software engineering that have enhanced the specification and timely development of 
software process specifications. 

The central thesis of this framework is that a computer program is . in and of itself, 
the specification o~ a process rather than as the embodiment of a problem solving meth­
dology. Similarly, knowledge engineering for process control is fundamentally and exer­
cise intended to produce a complete and logically coherent specification of a process and 
the reasoning supporting that process. Given these definitions of software and knowledge 
engineering, it becomes plausible to consider the ways in which the tools and techniques 
of software engineers could be used by knowledge engineers to ease their tasks. For 
additional detail concerning the underlying rationale and methodologies for BDM-KAT 
1.0, see the attached papers by Blaxton & Reeker (1988); Kushner, Geesey, Parrish, & 
Wox (1987); Reeker, Blaxton, & Westphal (1988); and Westphal (1988). 

11.2 Design and Implementation 

BDM-KAT 1.0 was designed to support the knowledge engineer in building a 
knowledge base to be handed over to an expert system. The developed knowledge base 
would not include interface features or inference capabilities; these would require sepa­
rate development. Building from the software engineering model , BDM-KAT 1.0 con­
sisted of three query modes, each prompting the expert to answer different types o;f 
questions about the materials processing domain under elicitation and each using a differ­
ent conceptualization and graphic display format of the process. The three modes were 
Clarification Mode, Prediction Mode, and Diagnosis Mode. Clarification and Prediction 
Modes were implemented using KEE and SIMKIT on a Symbolics 3670; Diagnosis Mode 
was designed, but only partial implementation was completed. 

Clarification Mode provided the expert with facilities for creating and AND/OR 
graph representation of the process using a library of previously defined object types and 
rule classes. Prediction Mode redisplayed the content of the AND/OR model in a flow-

- 12-



chart format and prompted the user to answer a series of questions about each subprocess 
represented in the structure. These queries would clarify acceptable ranges for sensor 
values and specific interactions between objects and would lead the expert to make pre­
dictions about possible failure points in the process and possible corrective or preventive 
actions at those points. Diagnosis Mode would be invoked once several Clarification-Pre­
diction mode iterations had yielded a fairly detailed mode. In Diagnosis Mode, a step­
through presentation of the modeled process would be executed, displaying all sensor 
readings defined. This mode allows the user to trace the pattern of rules being evoked 
and to diagnose the validity of the elicited model. In the following sections, each mode is 
described in some detail. 

11.2.A The Object Library 

Before a model could be built in BDM-KAT 1.0, a library was required that con­
tained a sampling of the objects and rule classes expected to be required by the final 
model. The selection of components for this initial library was based on domain famili­
arization by the knowledge engineer through review of technical materials and preliminary 
conversations with domain experts. 

11.2.B Clarification Mode 

Clarification Mode may be thought of as a framework that allows the expert to tell 
the system what each process consists of, in terms of immediate sub-orocesses, as the 
expert sees them. This is a top- down, or process decomposition approach to modeling the 
knowledge. The result is an AND/OR graph, such as is shown in Figure 5 . At the outset 
of Clarification Mode, certain objects corresponding to to units in the object library would 
be available in an object window. The expert may either use these objects or create now 
ones to be placed in the window and library. The expert moves a particular object into 
the main viewport and adds it to the developing AND/OR graph using a series of mouse 
actions. Once several objects have been placed in the main viewport, the expert can 
specify the relationships that hold between them, selecting from the set of relationships 
provided in the relations window. This process continues until the expert states that the 
process has been fully specified. 

11.2.C Prediction Mode 

Prediction Mode provides another perspective on the developing process model, 
transforming the AND/OR graph developed in Clarification Mode into a flowchart model. 
In this transformation, potential "holes" in the process model will be exposed which the 
expert can fill by either returning to Clarification Mode or adding objects directly to the 
Prediction Mode flowchart. While using Prediction Mode, the expert is queried about 
what sensors are used at each point in the process and what range of values is acceptable 
or indicative of trouble for each sensor. For such ranges of sensor values, the expert is 
guided through creation of a rule for the knowledge base using a Rule Builder tool that is 
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FIGURE 5 

PARTIAL HIP PROCESS AS DISPLAYED IN CLARIFICATION MODE 

executed within Prediction Mode. Figure 6 shows a sample Prediction Mode screen with 

a partially defined process. 

II.2.D Diagnosis Mode 

Once the expert is satisfied with the developed process model, most likely after 

several iterations through Clarification and Prediction Modes, Diagnosis Mode provides a 

means of "stepping through" the process in a dynamic manner, indicating consequences 

of the process in as much detail as is supported by the model. This step through allows 
the expert and knowledge engineer to identify additional, unsuspected gaps and/or errors 

in the model and to further specify rules and sensor requirements. 

11.3 Results 

The design and development of BDM-KAT 1.0 was the primary focus of the pro­

ject through March of 1988. During that time, Clarification and Prediction Modes were 

fully implemented on a Symbolics 3670 and were transitioned into "production" versions 

through reimplementation on a different Symbolics machine. The initial implementation 

was developed using an unstructured rapid prototyping methodology; the "production" 

implementation was made using more structured methods and with an added focus on 

efficiency, documentation, and clarity of coding. Implementation proceeded fairly well , 
with the KEE and SIMKIT tools being highly useful within the Symbolics environment. 

The Diagnosis Mode was only partially implemented. 
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PARTIAL HIP PROCESS AS DISPLAYED BY PREDICTION MODE 

Much of BDM-KAT 1.0 was highly successful. The automated rule builder imple­
mented within Prediction Mode was highly useful for both experts and knowledge engi­
neers. Limited implementation activities for Diagnosis Mode indicated that a step­
through or simulation approach to knowledge verification would be extremely useful for 
process knowledge models, provided the simulation could be made to exercise the full 
model. From the perspective of the knowledge engineers and system developers, the 
AND/OR and flowchart representations were successful in capturing most aspects of the 
process models developed. The only area in which the representations were technically 
flawed was that not enough attention was paid to the hierarchical nature of the relation­
ships between some objects . Consequently, the potential for confusion between levels of 
detail was present. This was not considered to be a serious problem, but rather to be 
something to be addressed as new object libraries were developed for new domains and 
processes. However, there were several severe flaws in BDM-KAT 1.0. 

First, and most significant, our domain experts found the interface representations 
of Clarification and Prediction Modes to be unsatisfactory. A common comment was that 
"we don't think about it this way", and most experts refused to complete more that two 
sessions using BDM-KAT 1.0. This was a critical flaw, given our concerns that the 
knowledge be verifiable. The time involved for processing additions to the model and for 
transitioning between modes was excessive, especially given our avowed purpose of re­
ducing the time requirements for knowledge engineering. As the size of the object library 
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grew, severe library management problems developed. Because the system was hosted on 

a Symbolics machine, it was not possible to install it on equipment in the workplace of 

our experts. This required that they come to our facilities for all knowledge engineering 

sessions, placing a severe time burden on them and exacerbating their overall disatisfac­
tion with the tools. Finally, except within the limited boundaries of the Rule Builder, the 

tool was not capable of capturing any heuristic control knowledge expressed by the ex­

pert. 

11.4 Lessons Learned 

From this experience with BDM-KAT 1.0, we gained several significant insights. 

The comments of domain experts and increasingly apparent need to attend to hierarchical 

relationships in the process models led us to a better understanding of the types of knowl­

edge that a system such as BDM-KAT would be required to elicit and represent. More 
specifically, we learned that the software engineering model of knowledge engineering 

was useful but not sufficient and did not lead to good interface representations from the 

expert's perspective. In addition, the comments of the experts underscored the impor­
tance of developing a system whose interface used a representational scheme compatible 

with he expert's own internal representations--both for gaining expert cooperation and 
for ease of knowledge elicitation. 

III BDM-KAT: VERSION 2.0 

Based on these lessons from our experience with BDM-KAT 1.0, the knowledge 

acquisition tool was reconceptualized and completely redesigned. The 2.0 version, while 
adhering to the original goals of the project: increased timeliness, support for incremental 

and multiple expert knowledge elicitation, and support for updating and maintenence of 
knowledge bases, was designed more from the perspective of the expert's and engineers it 

was intended to serve. In other words, the underlying theoretical model for BDM-KAT 

2.0 is a model of human cognition rather than of software engineering. In addition, to 

address the speed and portability problems of the 1.0 version, BDM-KAT 2.0 was hosted 

on a SUN workstation and implemented in C. 

111.1 Methodological Foundation: Models of Human Cognition 

The 2.0 version of BDM-KAT differs from other tools in several critical ways. 

Like the 1.0 version, it has been designed and implemented to aid a trained knowledge 

engineer in eliciting expert knowledge about well-structured domains. Unlike its prede­

cessor and most other tools, it is based on principles of human cognition relating to the 

representation and structure of knowledge in memory, yet these representations are im­

plemented in a computationally-efficient way. The toolkit provides an environment in 

which the knowledge engineer and domain expert discuss, manipulate, and record the 
objects and relationships that provide the domain with its structure and predictability. As 

the elicitation progresses, a database of basic domain components is developed. Using 
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this database, a knowledge base and inferencing structure can be derived to operate in the 
selected domain. 

A first premise of BDM- KAT is that all aspects of an expert's knowledge must be 
captured in a knowledge base for an intelligent system. Equally important is the premise 
that the knowledge structures as elicited and represented should be compatible with the 
structures used by the expert. There is substantial agreement with both of these premises 
within the AI and cognitive science communities (Barfield, 1986; Gammack, 1987; 
Hamill, 1984; Kidd, 1983; McGraw & Harbison-Briggs, 1989). However, as discussed 
above, the problem of eliciting and representing knowledge is highly complex. When 
compatibility with human knowledge structures is made a priority, it becomes necessary 
to address the even more perplexing issue of non-verbal knowledge. This presents an 
extremely difficult situation, particularly because the nature of non- verbal knowledge is 
not well understood by cognitive psychologists. Generally speaking, the cognitive aspects 
of non-verbal knowledge have been treated in more detail by Eastern psychologists than 
those of North America, where there is still controversy about the reality of direct visual 
representation (represented by the advocacy of dual coding by Paivio (1986) and its rejec­
tion by Pylyshyn (1984)). While we were reviewing the literature in cognitive psychology 
for results and theoretical models to support our design efforts, a former BDM consultant 
introduced us to Dr. L.M. Vekker, former chair of psychology at the University of 
Leningrad. Over the course of a 40- year career, Professor Vekker has developed a theory 
of human knowledge processing that integrates all levels of mental activity from percep­
tion to abstract thought. In fact, within the literature of Eastern psychologists, the work of 
Professor L. M. Vekker (1974, 1976, 1981) is outstanding. In a series of discussions with 
Dr. Vekker, we determined that his model addresses most of the points we considered 
necessary for developing a knowledge acquisition tool based on a cognitive model. As is 
summarized in the following paragraphs, his model addresses both the representation and 
manipulation of knowledge, provides for multi- modal representations of knowledge inter­
nally, and maintains a process- oriented view of information and reasoning. 

III.l.A A Multi- modal Model of Cognition 

Vekker has developed, over a research career of 40+ years, a comprehensive the­
ory of the human cognitive system. He drew strongly on the general structure of informa­
tion theory (see Billingsley (1963) for definition and discussion of the principle concepts 
in information theory) in building his multi-dimensional model of the human system. In 
particular, he defines knowledge as a special type of information within that framework 
and uses the principles of isomorphism and homeomorphism, or the one-to-one mapping 
of different functions or knowledge representation to one another to develop his model of 
the levels and types of knowledge within the human system and their relationships to one 
another. Vekker describes the internal store of information as being of two fundamen­
tally different types (imagistic and sentential) that are reflected in multiple levels of the 
cognitive system. Figure 7 summarizes the types of knowledge and the increasing levels 
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REPRESENTATIONS IN THE HUMAN COGNITIVE SYSTEM 

of abstraction discussed in Vekker's model. Perceptual and memory "images" reflect 
some specific object or experience or a hierarchically abstracted, idealized image of a 
class of objects or experiences such as a prototypical object. Images include not only 
visual images but also such sensation-oriented representations as the kinetic sense of bal­
ance and muscle motion required to ride a bicycle and the haptic and kinetic awarenesses 
of when a football is held and thrown properly. In contrast, a sentential representation is 
not tied to any specific experience; it is an abstract and verbally-oriented representation. 
Since the imagistic components of awareness of specific and generic objects and the 
sentential concepts of names of such objects are represented and stored separately, think­
ing or reasoning processes require the manipulation of connections that exist between 
sentential represenations and their related imagistic representations in a process of con­
tinuous reversible translation, as indicated in Figure 8. 

Dr. Vekker also discusses learning and representation in individual and multiple 
modes. While the knowledge or information necessary for reasoning in a domain is being 
learned, the learner will have many inconsistencies in her knowledge, particularly between 
imagistic and sentential representations. In contrast, experts tend to have developed sta­
ble knowledge representations that allow them to manipulate the knowledge to make in­
ferences, to relate similar knowledge, and to be consistent in their statements, assump-
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FIGURE 8 INTERACTIONS IN THE COGNffiVE SYSTEM 

tions, and conclusions. The degree of instability in a student's problem solving or ques­
tion answering, where manipulation of sentential and imagistic representations simultane­
ously is required, is a measure of the degree to which she has not yet mastered the 
material to be learned. Professor Vekker emphasizes in his discussions of knowledge 
elicitation that questions and problems must be posed to the expert that will drive the 
interaction of sentential and imagistic knowledge so that stability in the translations be­
tween the two "languages" can be demonstrated. Only then can the elicited knowledge be 
considered valid and acceptable across modes. In BDM-KAT, the methods and proce­
dures for using the tools have been developed to encourage the expert to draw upon 
his/her imagistic and sentential representations to enable identification of the critical in­
variant relationships in the expert's knowledge. Critical invariants are those aspects of a 
concept or causal sequence that cannot be altered without substantively changing the 
nature of the concept. For example, a (American) football game has numerous charac­
teristics, including the size of the field, shape of the goal posts, nature of the uniforms 
worn, and time limits on play that, if violated, do not prevent the ongoing activity from 
being considered a football game, albeit a "back yard game" or "pick up game" or some 
other informal variant. Nevertheless, if other characteristics of the game such as the 
shape of the ball or the means by which the ball is placed into play or transferred from 
one player to another, then what is played is not a football game at all, but another game 
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altogether, perhaps soccer. This exercise indicates that while those characteristics in the 

first list are important features of a game, they are not critical invariants of the general 

concept. However, if the concept is limited to an officially sanctioned inter-mural game, 

then those characteristics may well turn out to be critical invariants of the more limited 

concept. 

Several characteristics of BDM-KAT are the direct result of this cognitive frame­

work. In the current version of BDM-KAT, the interface representations have been de­

signed to take advantage of the verbal and nonverbal aspects of the knowledge structures 

being elicited and the initial set of tools implemented has been selected to draw upon 

knowledge structures common to all human information processing. In addition, an over­

all integration schema for the toolkit has been partially developed that includes additional 

tools and a "manager" component to assist the knowledge engineer in coordinating ses­

sions and integrating the knowledge base. The set of tools that we expect to eventually 

comprise the complete toolkit will reflect the cognitive system as shown in Figure 9. 

Briefly, the functions of the tools are as follows: 

Categorizer: elicits basic domain concept structure in rigid class/subclass 

hierarchies and tracks concept properties. 

Classifier: acts as Categorizer, but also supports creation of tangled 

concept hierarchies. 
Time Mapper: elicits temporal sequences of events, supports decomposition 

of processes into event/subevent hierarchies, tracks temporal 

characteristics of events. 
Causal Charter: elicits causally connected sequences of events, states, 

and concepts. 
Imager: supports input of graphic images and elicitation 

of information implicit in the images. 

In a later section of this report, the implemented tools are discussed in some detail. 

III.l.B COMMON KNOWLEDGE STRUCTURES 

This framework of the ways in which human knowledge is structured along with 

our knowledge of how such structures are organized has driven the selection and design 

of the initial set of tools for BDM-KAT. Expertise can rarely be elicited and represented 

in a single structure as humans tend to store knowledge about a domain in multiple 

structures. Knowledge engineers, and tools developed to assist in the process of knowl­

edge acquisition, must be capable of eliciting, translating, and representing multiple types 

of knowledge structures for any given domain. Complex, knowledge-intensive domains 

reflect diverse, yet interrelated types of knowledge. For the initial set of tools in the 

BDM-KA T prototype, we have focused on those recognized to be universally applied to 

verbal knowledge, specifically categorical, temporal, and causal structures. The following 
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FIGURE 9 CONCEPTUAL RELATIONSHIPS IN BDM-KAT 

paragraphs present basic information about the nature and support for the generality of 
these structures. 

Categorical Structure of Knowledge 

People tend to divide the world into relatively neat categorical structures. While for 
laymen the categorical divisions are frequently unstable (e.g., individual items may 
change their positions in terms of both category membership and typicality within a cate­
gory (Barsalou, 1986)), experts in a specific field tend to hold stable and shared categori­
zations of their domain (Rosche, et. al. 1975). A substantial portion of one's understand­
ing of a domain rests in knowledge about the items that appear in the domain, their 
individual and collective characteristics, and the relationships between them. Consider 
again, for example, our football game and its position in a general categorical structure of 
games. Few (even non-experts) would have trouble producing a taxonomy such as that 
shown in Figure 10 and naming the characteristic properties of each node. Undoubtedly, 
a sports professional would quickly generate a more detailed, and possibly differently 
structured taxonomy. Because this organization is natural to the domain expert, knowl­
edge elicited within this structure is likely to be more easily obtained, more easily modi­
fied, and, once accepted by the expert, more accurate. 
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In addition to dividing objects in the world into categorical sets, people structure 

their knowledge and memories of events into orderly sequences. Autobiographical knowl­
edge appears to be organized internally into "mental time line models" in which the 

temporal relationships between episodes are specified (Barsalou, 1986). Similarly, indi­
vidual events and generalizations of events appear to be stored menally as ordered se­

quences of actions and/or decisions, such as those in the familiar restaurant script, doctor 
script, and so forth (Mandler, 1979; Nelson, 1978; Schank & Abelson, 1977). Where the 

episodes or process events can be decomposed to enabling or sub-events, hierarchical 
relationships exist between them similar to those between levels in a categorical taxon­
omy. This structural nature of event memory can be exploited in eliciting knowledge 

about processes that occur over time. Drawing from this model the domain expert can tap 
and share the order, temporal characteristics and relationships, and hierarchical associa­
tions between steps in the process. 

Causal Structures in Knowledge 

Finally, experts can be partially defined as those individuals who understand the 
why and how of a particular domain. All people, even novices, construct causal mental 
models of the world around them (Kelly, 1955). However, causal models held by a novice 
may reflect incorrect assumptions or focus (e.g. , correlations), while those held by an 
expert tend to be more accurate. Consider, for example, the knowledge used by auto 
mechanics. While they do develop, with expertise, extensive classifications of diagnoses 
by symptom sets, they continue to solve most diagnostic problems by tracing the pre­
sented malfunction through its causal antecedents to (hopefully) a single cause. The 
networks of causal connections supporting this reasoning have been shown to improve in 

specifiable ways with increasing experience and training (Lancaster & Kolodner, 1987; 
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1988) . As with categorical and temporal organizations of knowledge, causal models can 
be elicited directly from an expert-- here by focusing interactions on the expert's explana­
tions for states and conditions in the domain of interest. Of these three types of knowl­
edge, causal models are the most similar to the rules usually sought during the knowledge 
acquisition phase of knowledge-based system development. 

III.2 Design And Implementation 

BDM-KAT is a toolkit that has been designed to enable a knowledge engineer to 
elicit knowledge based on both the structure and modality in which it is most likely to be 
represented in the domain expert's internal cognitive model. To accomplish this, BDM­
KAT consists of three cooperating knowledge engineering tools: Categorizer, Time Map­
per, and Causal Charter. Their high-level structure is shown in Figure 11. Categorizer 
elicits knowledge about the stable, underlying structure of a scientific domain via the 

Control Panel 

FIGURE 11 CURRENT STRUCTURE OF BDM- KAT 
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drawing and "filling in" of a tree-like, taxonomic structure. Time Mapper provides a con­
text in which the domain expert positions items on time lines to express knowledge about 
the temporal characteristics of, and relationships between, events and subevents within a 
process; The knowledge engineer uses Causal Charter to elicit cause-effect knowledge for 
domain functions and events. Each tool provides the knowledge engineer and domain 
expert with a means for 1) focusing attention on the aspect of the domain being elicited, 
2) recording information as it is elicited, and 3) verifying the information as it is elicited. 

Each tool uses textual and graphic interface representations, and all tools transfer 
information to, and interact with, a single database management system (DBMS). The 
final database representation of the knowledge has three potential uses. First and fore­
most, the database should be of form and content sufficient to serve as an intact knowl­
edge base for insertion into a knowledge-based system. Secondly, the structure of the 
database itself should provide significant support for the generation of knowledge docu­
ments, which are on- line or hard-copy structured summaries intended for review, verifi­
cation, and validation activities by the domain expert, knowledge engineer, and other 
system development team members. Finally, because the knowledge will be stored in a 
supported DBMS, _it will be possible for human users of the knowledge to query and 
browse the content of the database for assistance in decision making outside of the con­
text for which the knowledge-based system has been developed. 

All tools are accessed from a common control panel displaying icons for each tool 
and a set of three buttons. The buttons can be used to generate prompt screen dumps of 
the current session, open an on-line notepad to capture ongoing dialogue that may not be 
immediately applicable to the session, and terminate the session. The tools are opened by 
a single mouse click on the appropriate icon. All three tools use basically the same 
interface as screen dumps in later sections of this paper will demonstrate. The left side of 
the window contains the active canvas in which objects are created and their characteris­
tics and relationships are specified. Along the right hand side of the canvas are tool and 
object management buttons. 

The following sections briefly describe the individual tools. This version of BDM­
KAT has been successfully demonstrated on several occasions and has been used to elicit 
a significant data base of HIP information. 

111.2.A Categorizer 

Categorizer elicits the underlying structure of a domain by requiring the expert to 
construct a taxonomy or set of taxonomies. As discussed earlier, categorical knowledge is 
commonly held for any domain or topic area. Furthermore, it is critical for constructing a 
domain model because the properties of specific objects and object classes will dictate 
much about how the knowledge can be used. 

Using Categorizer the expert initially creates and names objects that exist in the 
taxonomy and places them at the appropriate position within the structure. The expert 
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typically works in a top-down fashion, but the tool does not restrict the level at which 
objects can be named. Figure 12 shows a completed HIP taxonomy in Categorizer. After 
the taxonomy has been developed the essential, contingent, and second-order properties 
of each domain object are elicited from the expert. (A clear knowledge of object proper­
ties is necessary for the success of the overall knowledge engineering effort because it will 
be these properties that will determine how the model can be perturbed during future 
verification activities.) Object properties are best elicited in tandem with object taxono­
mies for two primary reasons. First, this sequence follows from the structure of the 
taxonomy itself. Second, while the expert's attention is focused on the taxonomy, s/he 
will be less likely to make errors in identifying properties for individual objects. 

Categorizer creates and builds within the database a series of entities and relation­
ships between them. The domain objects and properties specified during elicitation are 
represented individually in the database as are their relationships. 

111.2.B Time Mapper 

Whereas Categorizer elicits taxonomic and part-whole relationships among ob­
jects, Time Mapper elicits the structure of events or actions that occur during the execu­
tion of a process. Specifically, Time Mapper elicits the hierarchical relationships among 
events and subevents (at multiple levels) , the overall duration of each event, and the 
specific starting and ending times of each subevent within an event. This elicitation effort 
is critical to developing a full process model because it provides both the decomposition 
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of the process into well specified components and the temporal relationships necessary 
for control. The expert is asked to name the process as a single event and then to name 

the subordinates of that event. This cycle iterates with increasing specificity, such that the 
subevents at one level are considered as events at the next level, until the events can be 
decomposed no further. Figure 13 shows a the process execution steps for a HIP cycle in 

Time Mapper. 

111.2.C Causal Charter 

The third tool, Causal Charter, is used to elicit high level "rules" and low level 
cause-effect chains. The rules are intrinsically implicit and are supplied by the expert 

through a description of an item to be "charted". The item under consideration may be 
either a function of a domain object (specified during Categorizer as a functional property 
of that object) or a subevent from the process decomposition state of Time Mapper. The 
structural elements in the item description are separated from other specified functions 
and are grouped together to indicate those elements that support each function in the 
description. Thus, the generation of clusters of structural elements (as units) are related 

to specific functio~s. The expert is asked to select those items from the description that 
provide support for each function given in the description. When specifying the cause-ef­
fect chains the domain expert selects the elements from the mechanism in the order in 
which they are caused or required by the mechanism. Thus a completed chain indicates the 
process by which the final state or element is reached. Causal Charter can also serve as a 
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verification mechanism on some components of the categorical and process knowledge 
elicited previously. 

111.3 BDM- KAT: An Example of Its Use 

Given this description of the general functionality of each tool, let us now consider 
their coordinated use in a knowledge acquisition effort. As with any such exercise, the 
knowledge engineer's first task is an organizational one; in this case identifying the types 
of knowledge to be elicited and selecting the tool to support each session. For example, 
suppose a knowledge engineer were tasked to structure a knowledge base for a software 
engineering support tool. Analysis of the task domain would allow the knowledge engi­
neer to determine that the tool will need to have two primary forms of knowledge in its 
knowledge base: that about the timing and sequence of various planning, documentation, 
code development and testing activities leading up to a final software product; and that 
about the set of documents and document components required for the developing and 
final software product, their characteristics, and their relationships to one another and the 
steps in the process. From this characterization of the knowledge base requirements, the 
knowledge engineer concludes that the first of these classes of knowledge can be elicited 
using the Time Mapper tool and the second using the Categorizer tool. Because the 
process of software development is only tangentially driven by direct causal factors the 
knowledge engineer makes no initial plans to use the Causal Charter tool during eliciation 
activities. 

Based on preliminary conversation and scheduling with the domain expert, the 
knowledge engineer decides to begin the elicitation activities with a series of sessions 
using the Time Mapper tool. This decision is driven by the domain expert's statement 
that s/he will find it easier to identify all the document requirements from their relevant 
points in the process and sense that the process sequence may be the more straightfor­
ward to express, at least in an idealized form. In the first session, the expert and knowl­
edge engineer focus on establishing the overall time frame (months or years) for develop­
ing a large-scale software product and on establishing the general stages through which 
such a project should move. During discussions of timing factors, the knowledge engineer 
focuses the domain expert on how much time is allocated to each phase of the process 
and how much they can or should be allowed to overlap one another. In subsequent 
sessions, each phase of the process is broken down into smaller steps and the timing and 
sequencing of the steps discussed until the domain expert states the the tasks are defined 
as finely as possible or as finely as is appropriate for consideration by the support tool. 
At the end of each session, the domain expert is provided with a hard copy of all the 
material discussed during the session, and all material discussed at previous sessions to 
support review and correction of already elicited material and the expert's own prepara­
tion for the next session. In particular, the expert is asked to prepare for subsequent 
sessions by considering the next level of task breakdown. 
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With the process sequence and timing structured to the expert's satisfaction, the 
knowledge engineer is ready to turn to a series of sessions using the Categorizer tool. In 
preparation for the first session, the domain expert is asked to review the process se­
quence and to note down document requirements that are linked to specific points in the 
process. In addition, the domain expert is asked to review or to bring any support materi­
als that define the structures of the documents insofar as they can be separated into 
independently prepared components. Armed with this information, the domain expert 
and knowledge engineer begin their first session with the Categorizer tool by enumerating 
the set of documents required and placing them into a hierarchical structure that, at its 
highest level, reflects the general phases of the development process. 1 For each docu­
ment, the domain expert is asked to specify the properties of the document. Properties, 
in this domain would include such things as the purpose of the document and any official 
numbering conventions for document identification. With the set of full documents de­
fined and described, the expert and knowledge engineer then proceed to address the lower 
level sections and subsections of each document, placing them into their appropriate rela­
tionships to the parent documents and specifying their characteristic properties until the 
documents have been defined to the finest level at which a section could be generated 
somewhat indepenaently of other sections. 

This brief review of the use of BDM- KAT has demonstrated that the tools con­
structed map well into the types of knowledge required by knowledge based systems of 
several types. In addition, the knowledge engineer and expert are aided in both prepara­
tion for and execution of elicitation sessions by their knowledge of how the tool will be 
used to structure and focus the discussion for each session and by the easy availabilty of 
hard copies of the material for review and modification purposes. 

111.4 BDM- KAT Performance in the HIP Domain 

The Categorizer and Time Mapper tools were used in a series of knowledge engi­
neering sessions with four HIP domain experts over the period March- June 1989. These 
sessions generated a set of HIP data bases providing a structured view of both the overall 
processing constraints and the microstructures, mechanical properties, and usability fac­
tors of HIPped materials. The overall plan for the elicitation effort was specified in the 
HIP Knowledge Engineering Plan. 

As in the hypothetical example covered in the previous section, knowledge engi­
neering for HIP began with domain familiarization, in this case a months-long informal 
process, and some high-level domain structuring. Prom this, we derived a set of domain 
categories in which knowledge would be required for the ultimate functioning of a HIP 
knowledge-based controller. Given the domain information discussed in Section I and 

1 While, in its current implementation, BDM-KAT does not directly link the Categorizer 
information to the events defined in Time Mapper, having the process structure available 
during the Categorizer elicitation does assist the knowledge engineer and expert in defining 
the hierarchical relationships and, in BDM-KAT's final form, the connections would be 
generated and maintained in the knowledge base. 
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other design information from the HIP program, we determined that knowledge was re­
quired specifying the temporal aspects of the HIP process in its entirety; defining the 
microstructure and mechanical properties of titanium aluminides (TiAl), the material un­
der consideration; and specifying the selection parameters for materials to be HIPped in 
general. Given this overview of the knowledge engineering requirements , sessions were 
scheduled with appropriate experts. Because we were initially pursuing knowledge in 
separable aspects of the domain, knowledge engineering with each expert progressed in­
dependently. In the following sections, we present the progress and results of the knowl­
edge engineering efforts between January and April 1989. 

III.4.A Temporal Considerations 

Knowledge engineering began with two sessions in January 1989 with H.N.G.Wad­
ley as expert using the Time Mapper tool to derive a full time map of a specific HIP 
process from the point of material selection up to the point at which the final part is 
inspected and shipped. Because our main concern was with the sequencing of actions and 
possible areas of overlap. the time map was structured as if work were done continuously 
with no nights or weekends. With the tool, Dr. Wadley was able to break down the 
overall process in two one- hour sessions. During the first session, the discussion focused 
on specifying all events at the most general level and Figure 14 shows a screen dump of 
the results of that session. The subsequent session focused on specifying more detailed 
breakdowns of events for all events preceeding the setup and execution of the HIP run 
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and for the final few steps. The detailed breakdown of events occurring within the HIP 
run itself was obtained during a one hour session with Dr. R. Schaeffer April 13, 1989. 
Figure 15 shows an example of the most detailed level in the elicited HlP timemap. A 
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final session with Dr. Wadley to review the inputs of Dr. Schaeffer was held at the end of 
March 1989. In this elicitation process, the two experts consulted were consistently in 
agreement with one another about both the specific events to be included and their tempo­
ral relationships. 

111.4.B Mechanical Properties and Selection Criteria 

An initial categorization of the mechanical properties of advanced materials and 
the defining characteristics of those properties was developed during a one hour session 
with Dr. Roger Clough on April 13, 1989. The purpose of this session was to structure 
information about strength and usability of materials after HIPping and the factors that 
influence those characteristics. Figure 16 shows the overall categorical structure that was 
elicited. During a second one-hour session on April 19, 1989 Dr. Clough defined the 
characteristic features of each item within the categorical structure of mechanical proper­
ties. Figure 17 shows an sample screen from that session. During the same session, an 
initial structuring of the parameters that affect selection of a material for use in a specific 
part was developed. Creation of this structure consumed approximately half of the one­
hour session. Figure 18 shows the results of the discussion. 
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III.4.C Material Microstructures 

Two one-hour sessions, on April 13 and 19, 1989 were held with Dr. Richard 

Fields to discuss the microstructures of advanced materials and their characteristic prop­

erties. In the initial session, Dr. Fields named the important microstructures, but encoun­

tered severe difficulty placing them into an organized categorical structure. Figure 19 

shows the structure that resulted from this first session. As can be seen, the major 

concepts are present, but some confusion is present between subcategories and character­

istic properties of the concepts. Dr. Fields was provided with a copy of this screen and 

asked to consider the relevant knowledge during the week between sessions. During the 

second session, a more well-structured representation was developed and characteristic 

properties were identified for all concepts named within less than one hour. This struc­

ture was shown in Figure 12. 

III.4.D Failure Modes 

During June 1989, an additional series of knowledge engineering sessions focused 

on characterizing possible failures during execution of a HIP cycle were held with Mr. 

John Wlassich of BDM. This effort required a series of three 45-minute sessions and 

yielded the overall structure shown in Figure 20 and characteristic property definitions 

for all concepts such as are shown in Figure 21. 

IV. OVERALL RESULTS AND IMPLICATIONS 
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BDM-KA T is a cognitively-based toolkit that represents a major shift in the devel­
opment of tools to support the knowledge acquisition process. While previous tools as­
sisted the knowledge engineer in efforts related to programming or implementation, 
BDM-KAT has been developed based as an application of cognitive research to assist the 
knowledge engineer in eliciting and representing knowledge in a cognitively valid, com­
putationally efficient manner. We believe BDM- KAT has the potential to provide signifi­
cant assistance to knowledge engineers in three broad areas. First, BDM-KAT can 
streamline the overall process by: 

• representing objects at the appropriate conceptual level; 
• enabling elicitation and representation of fine-grained temporal knowl­

edge; 
• enabling direct elicitation of causal knowledge; 
• capturing relevant heuristic knowledge provided during other sessions 

on-line; and 
• using a high-quality, friendly user interface. 

In addition, BDM-KAT will improve the nature of the domain expert's interactions during 
knowledge elicitation by: 

• providing a high-quality interface; 
• supporting verbalization of knowledge by the expert via cognitive com­

patibility; 
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• supporting more focused and efficient sessions; and 
• supporting immediate print- out and review of elicited knowledge. 

Finally, BDM-KAT enhances the verifiability of the elicited knowledge by: 

• supporting immediate print- out and review of elicited knowledge; 
• allowing on-line browsing of all elicited knowledge at any stage of elici­

tation; 
• using cognitively compatible interface representations; and 
• reducing the amount and number of "translations" between the expert 

and the knowledge base. 

In addition to enhancing the quality and timeliness of the knowledge acquisition 
process, BDM- KAT will generate a knowledge base whose contents reflect the expert's 
mental organization. Such a structure is most likely to result in a knowledge-based sys­
tem, intelligent tutoring system, or decision aiding system that can be used effectively in 
operational settings. It is our position that the cognitive foundations of BDM-KAT and its 
orientation toward the acquisition of knowledge in a form familiar to and comfortable for 
the domain expert have resulted in a system whose utility is not constrained to a specific 
domain or domain-class. 

The overall concept of BDM-KAT calls for a fully integrated set of tools and a 
coherent, integrated database representation of the elicited knowledge to which inferenc­
ing techniques can be applied. Research on knowledge acquisition in the context of 
BDM-KAT development is continuing with the emphasis moving toward developing the 
capabilities that will realize the toolkit's potential for general purpose use in three broad 
technical areas of research: 

• visualization of knowledge for elicitation and control purposes; 
• integration of the elicited knowledge and the BDM-KAT tools; and 
• interfaces between the environment and its users . 

These topics will be pursued and new tools and capabilities implemented as the 
appropriate designs are developed. In all continuing work, the predictions and parameters 
of the human cognitive systems, as modeled in the multi-dimensional model discussed 
earlier will be used to define boundaries and requirements of the system. 
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A TOOL FOR KNOWLEI)GE ACQUISI110N 
IN PROCESS DOMAINS 

Extended Abstract 

T. A. Blaxton and L. H. Reeker 
The BDM Corporation. Advanced Technology Group 

7915 Jones Branch D rlve, McLean, VA 22102 

1. Introduction: Knowledge Engineering and KAT 
Today's applications of artificial intelligence are based upon the fact that useful 

tasks can be accomplished by programs containing large, detailed, specialized 
knowledge bases. It has become apparent that one of the major obstacles in applying 
artificial intelligence to specialized domains is the difficulty of creating these knowledge 
bases, which requires the acquisition of the requisite knowledge from human experts. 
The Knowledge Acquisition Tool (KAT) under development at The BDM Corporation 
is designed to help overcome this obstacle in the area of knowledge acquisition about 
processes or procedures. 

In contrastl.o using a tool specifically designed for knowledge acquisition, the typ­
ical approach to building knowledge bases entails prolonged and intensive one-on-one 
interactions between a programmer and a domain expert. In this setting the program­
mer may elicit large amounts o f information from the expert, impose his/her own 
organization onto this information, and encode it into the system . An obvious draw­
back to this approach is that the programmer ends up learning much more detail about 
the domain than is likely necessary, and the expert becomes far more knowledgeable 
about AI programming than he or she might like. Although there have been many 
recent advances in expert system building technology such as expert system shells, 
these advances do not address the knowledge acqu isition bottleneck. 

Figure 1 shows the typical life cycle of a knowledge-based system, based on that 
for a con ven tiona! software syste m (Jackson, 1 Q75). The dotted portion is what is 
usually called "knowledge engineering", consisting of knowledge acquisition and the 
initial design and prototype development, based on the knowledge acquired (though in 
the latter, the knowledge engineer may be aided by other J~rggrammers). For a given 
process domain, KAT is intended to replace . this portiOJ:! .~.:. We wish to state from the 
outset that we have not tried to design KAT as somethi.ng that will evolve into an 
expert system for materials processing, or even as a tool for building an expert system 
directly. Rather, KAT will be used by the programmer to build up a knowledge base 
that can then be handed over to designers who will be building an expert system. The 
knowledge base will not provide all of the interface features, the real-time perfor­
mance, or even the inferencing capabilities that are desired in the final system. 
Although KAT does contain within it a certain amount of "expertise" in the metho­
dology of process design, the structure is more that of a software design environment 
than an expert system. It uses an expert system shell on a LISP machine 
(KEE/SIMKIT on the Symbolics 3670 ), but the purpose of using these systems is to 

Work described In this paper was supported in part by the U. S. Defense Advanced 
Research Projects Agency, under contract number F4962D-86-C-0036. 
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provide appropriate structures for building the knowledge base and stepping through 
the dynamics of the process. 

Although it will automate the knowledge acquisition process to some degree, 
then , KAT is not envisioned as a replacement for the knowledge engineer. It is, in 
fact, being designed with the objective in mind that it will be used by a knowledge 
engineer, working with an expert or multiple experts. At present, KAT is expected 
merely to alleviate the usual situation that requires the knowledge engineer to 
"become an expert" on the domain in question, because KAT can be used to record 
and refine the expert's knowledge in an incremental fashion. 

Using KAT, the knowledge engineer and domain expert will iterate through three 
querying modes in which the expert will be prompted to answer diiTerent types of 
questions about a particular materials processing domain (see Figure 2). In the 
Clarification Mode, the expert will be provided with facilities for creating an AND / OR 
graphical representation of the process. Once a certain amount of information is 
encoded in this format, the system will switch into a Prediction Mode. At the start of 
the Prediction Mode , the knowledge structure created during the Clarification Mode 
will be converted into a flowchart display. The user will be prompted to answer a series 
of questions about each subprocess represented in that structure. For instance, the 
expert might be asked to estimate ranges for temperature , pressure, and exhaust gas . 
ratios at each point identified so far for the process. In addition , the expert will be 
asked to make predictions about what could go wrong at each given point, and to pro­
vide suggestions for redesign that might lead to avoidance of identified problems. 
Once these queries are completed , the knowledge engineer will return to the 
Clarification Mode, and recycle through the questioning, adding to the knowledge base 
created thus far. 

Once the expert has iterated through the first two modes several times, a fairly 
detailed knowledge structure will be in place. At this point, the Diagnosis Mode will 
be invoked. In this mode, KAT's facilities will provide a step-through presentation of 
the materials process as specified up to this point. Sensor readings will be displayed so 
that the user can see how they change dynamically as the process progresses . In addi­
tion . the user will be able to trace the pattern of rules that are being evoked to affect 
these changes along the way.ln this environment, then, the expert will have opportun­
ities to diagnose the knowledge base created thus far, adding and deleting elements as 
necessary. 

As mentioned above , KAT is being built at BDM on a Symbolics 3670 in the 
KEE and SIMKIT environments. KEE is used because it provides many facilities to 
aid AI programmers in the generation of frame-like objects and rules. In addition, it 
has graphics and specialized mouse functions which are useful in constructing user 
interfaces . The SIMKIT system , which resides on top of KEE, provides a host of 
facilities for writing event-driven simulations including a clock, event calendar, data 
collec tors. and various mathematical tools for data analysis. The event-driven nature 
of the SIMKIT simulation environment makes it ideal for the materials processing 
domain. 

KAT is a sophisticated tool, embodying the best methodologies known for pro­
cess specification, both in top-down and a bottom-up fashion. The top-down portion 
is based on tbe highly-successful Higher Order Software approach (Hamilton and Zel­
din, 1 980; Harel ( 1 980)) used in complex software development for NASA, extended 

l 
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slightly to allow parallel processes (Reeker, 1086). The bottom-up portion features 
flowcharting that can be rearranged dynamically and transformed back to the top-down 
AND /OR representation. 

KAT extracts knowledge both through explicit and implicit queries of the expert, 
who is being aided in the use of KAT by the knowledge engineer. It has been sug­
gested that procedural knowledge might best be extracted by implicit means (see, e.g ., 
Graf and Schacter, U)85). In specifying processes however, all knowledge is not pro­
cedural, as a number of declarative facts will be germane to the process [for the dis­
tinction between procedural and declarative knowledge, see Kolers and Roediger 
(1Q84)]. The three modes of query shown in Figure 2 are designed to elicit different 
types of knowledge in specialized ways. A more detailed description of knowledge 
acquisition in each of these modes will now be provided, along with a discussion of 
other features of KAT. 

1.1. The Materials Processing Library 
Before one can build a process model in KAT, a library must be constructed 

which contains a sampling of the objects and rule classes that will be used in the final 
system. Our initial implementation of KAT is in the domain of materials processing, 
specifically chem_ical vapor infiltration (CVI). For this domain, objects in the library . 
might include re.a..ctor types, preform types, information about thermal and pressure 
gradients·, and so on. For each of these objects, further information may be stored in 
internal "slots". For instance , the object co rresponding to a one-dimensional preform 
might have slots for such features as size, material makeup, initial density, optimum 
density, and reactive gas, to name a few . Each of these slots is allowed to take on cer­
tain values. These values can be se t and reset fo r any particular materials design 
scenario. 

Our aim in constructing the initial library is not to represent exhaustively every 
e lement of interest in the materials process. That task will be left to the domain 
expert when KAT is actually used to build the knowledge base. Rather, the intent is 
to anticipate, to a ce rtain d egree at least, some general concepts that are bound to be 
needed to describe the CVI process. These basic co mponents will then be in place in 
the syste m when the knowledge engineer and the expert sit down for the first time to 
create a process model. Building this initial library will not only save the expert time, 
but will provide some guidance for the expe.rt's e arly efforts in partitioning the CVI 
world in to objects. 

1.2. The Oarification Mode 
The clarification mode (Figure 3) may be thought of as a framework that allows 

the expert to tell the system what each process consists of, in terms of immediate sub­
processes, as the expert sees them. This is the top-down, or process decomposition, 
portion . As mentioned above, the result is an AND /OR graph. Wbere OR no des are 
used, the branches will often be labeled by co nditions that would cause one to choose 
one of the alternatives, by question marks to indicate that the alternatives have not yet 
been decided, o r by the initials of one o r more of multiple experts. 

At the outset o f the clarification mode , ce rtain objects corresponding to units in 
the materials library will be available in an object window. If the expert wishes, new 
objects not already in the library can be created at any time and placed in this object 
window. The expert will indicate that a particular o bject should be moved into the 
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main viewport and included in the AND / OR graph. Once several objects are in place 
in the viewport, the expert can then indicate. the type or relation that should exist 
between them . These relations include AND, OR, and NEXT, and will be displayed 
in the relations window next to the viewport. The final configuration will be displayed 
with arrows indicating relations that have been defined between objects. This graph 
creation will continue until the expert has thoroughly specified the process. 

1.3. Prediction Mode 
The prediction mode (Figure 4) provides another view of the same process, in 

terms of process flow, exposing "holes" that were missed in the clarification mode 
and allowing them to be filled either in prediction mode (i.e. bottom-up) or by return 
to clarification mode. Time and sequencing relationships that may only be implicit in 
the AND / OR representation are now shown explicitly, though the logical subsetting 
process explicit in the AND /OR graph is suppressed. 

The information entered into the system during the Clarification mode is con­
verted into a flowchart representation before being shown again in the Prediction 
mode. In order to do this, AND and OR tree structures are collapsed down into sin­
gle composite objects. These composite objects are displayed with simple "next" rela,­
tions in the flowchart format, thus emphasizing the temporal flow of the process. 
These composite_-objects may be expanded into their parts as desired . 

For ·each subprocess point in the flowchart, the expert is asked which sensors are 
relevant and what their normal ranges should be. In addition, the expert is asked 
questions concerning his/her interpretation of sensor readings at each subprocess 
point. The responses to such queries take the form of rules. For example, the expert 
might say something like "If the temperature of the reactive chamber is greater than 
1200 degrees , the infiltration of the preform will be uneven". Menu-driven user 
interface facilities handle the construction of rules in cases such as this. It is likely that 
this identification of potential problems will prompt the expert to redesign the process 
in some cases. Thus facilities for rearranging, adding, deleting, and creating new 
objects are also available during the Prediction mode. 

Once the expert has been queried about each subprocess in the flowchart. the 
knowledge engineer returns to the Clarification mode. Here, the knowledge structure 
is presented in an AND / OR format and the expert will further specify the process. It 
is expected that switching between the AND /OR graph and the flowchart displays will 
prompt the expert to think of details to add to the model created up to that point. 
These details might not otherwise be remembered were the model always presented in 
one format. 

1.4. Diagn03is Mode 
By the time the expert moves into diagnosis, the clarification and prediction 

modes will have been iterated many times. The diagnosis mode (Figure 5) provides a 
means of "stepping through" the acquired knowledge in a dynamic manner, indicating 
consequences of the process in whatever detail has been giV ~' n at any time. The detail 
might initially be quite sketchy, but as more and more knowledge is added , it becomes 
more explicit. Where it is not adequately explicit, the diagnosis mode may expose a 
need for more detail. In a sufficiently knowledge-rich environment, the diagnosis 
mode could actually simulate the process taking place. For the materials processing 
case, we have looked at the knowledge required, and it is considerable, including 

I 
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qualitative physical knowledge of the sort studied by De Kleer ( 1 gs4), and Kuipers 
(lg84). Though we have interest in this aspect of KAT for the future, the di~nosis 
mode now consists only of an eventrstepped "tour" of the process specified, in which 
the expert will have to observe to see that events are taking place as has been 
specified, and that conditions specified for the events are, indeed, true. 

As may be seen in Figure 5 , specialized graphics will be created for displaying 
sensor readouts. In addition, the expert will be able to observe directly the conse­
quences of process rules defined during the Prediction mode. If at any time the expert 
perceives the process to be going awry, s / he can stop it immediately and redesign as 
necessary. Such redesign could include any number of measures such as adding, 
deleting, rearranging sensors, rules, or objects. 

Note that the form of query in the Diagnosis mode is more implicit than in the 
previous modes. There is no program of queries to which particular types of 

responses are expected. That is, the expert is not being given direct questions about 
the structure of the process. Rather, s / he is allowed to observe a step-through "simu­
lation" as defined by information provided thus far, and then make determinations 
about how this design could be improved. This progression thro u gh previous ly 
defined states is displayed through, among other things, changes in sensor icons. 

2. The general import of KAT 

The basic KAT system is very general as to the type of process or procedure 
being discussed. It allows both parallel and serial processes, and allows specification of 
a lternative processes where there is uncertainty or disagreement as to steps to be 
taken. It can thus be used by a single expert or multiple experts. In extracting infor­

mation from multiple experts , KAT will provide an opportunity that may be unavail­
able in the conventional domain. M ultiple experts may be geographically distributed 
or have other reasons that they cannot come together to give informatio n. But the 
knowledge engineer can obtain the information from them separately, then just focus 
o n the cases where KAT indicates that they have disagreed. 

A comparison of KAT to the traditio n al knowledge engineering approach is given 
in Figure 6. In general, KAT will re lieve the knowledge engineer from the necessity 
o f "becoming an expert" in the subject; will f acilitate incremental knowledge acquisi­

tion, th us making the most of the expert's limited time; will provide a facility for 
allowing aspects of the process to be represented and understood more fully; and will 
provide an arch ival form fo r the body o.f knowledge, wh ich will h e lp in the 
modification or updating of the expert system and in the design of related systems. 

It is clear that knowledge engineering will be important in the future not on ly for 
the development of knowledge-based syste ms but as a form of archiving expe rtise in a 
condensed form for multiple purposes. These include reference use and education, as 
we ll as the building of various forms of systems, designing processes , etc. We feel, 
therefore, that knowledge engineering tools will have wide applicab ility. But the 
immediate uses for which KAT is designed are in the expert system area. Some 
potential areas of expert system development which we are exploring with an eye to 

the use of KAT are shown in Figure 7. 
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FINAL IMPLEMENTATION 

u 
FINAL TESTING 

u 
MAINTENANCE 

CLARIFICATION MODE 

u 
PREDICTION MODE 

u 
DIAGNOSIS MODE 

u 
DESIGN TIMING (AS NECESSARY) 

u 
- KAT MAY BE HELPFUL IN MAINTENANCE 
. AND MODIFICATION, AS WELL, 

DEPENDING ON CHOICE OF FINAL 
IMPLEMENTATION ENVIRONMENT 

Figure 1. KAT IN lliE EXPERT SYSTEM LIFE CYCLE 
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THE OVERALL STRUCTURE OF KAT 

Clarification 
Mode 

,, 
Prediction 

Mode 

, 
Diagnosis 

Mode 

+ Description of process decomposition is created in 
the form of an AND/OR graph 

+ Logical relationships among processes are 
represented explicitly 

+ Information is presented in flowchart format, 
and expert checks -- inputs & outputs 

-- relevant attributes 
-- process rules 

+ Information format is changed to show tem-
poral ordering; procedural knowledge elicited. 

+ Dynamically step through knowledge structure, 
making changes as necessary 

+ Implicit interactions within the process model 
1 are ex plica ted 

Figure2 
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CLARIFICATION MODE 

Model Design Canvas Relations 
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-

Model Objects 

D DDDD DD DDD ·········· 
+ Expert starts from scratch and decomposes process into a logical 

progression of subprocesses. 
I I 

+ Alternative subprocesses are indicated where appropriate (ORs). 

+ Result is an AND/OR graph of the entire process 

Figure3 
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PREDICTION MODE 

Model Design Canvas Relations 

AND 

I I NEXT I I NEXT I I ................. OR 

NEXT 
. 
. 
. 

Model Objects 

D DDDDDDDDD ·········· 
+ Knowledge structure created in the Clarification Mode is redisplayed in a 

temporal (flowchart) form. 
+ For each subprocess, the expert identifies: - Inputs and outputs 

, - Other relevant data structures 
- Rules which define relation­

ships among subprocesses, etc. 
+ Temporal ordering may be easily modified. 

Figure 4 
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DIAGNOSIS MODE 

Model Design Canvas 

I ~~EXI I H ~~Exrl 
I 

............... 

Sensor Readings Explanation Facility 

1 

~ (History of rule ~iri~gs) 

~ II 
. 

} 

+ Knowledge structure is presented in flowchart form. 
+ Expert sees a dynamic step- through display of the process with relevant 

sensor readings and the history of rule applications. 
+ This step- through serves a~ an implicit query, prompting the expert to 

redesign upon noticing incomplete or faulty specifications. 

Figure 5 
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COMPARISON OF KAf WITH TRADITIONAL 
APPROACHES TO KNOWLEDGE ENGINEERING 

TRADITIONAL KNOWLEDGE 
ENGINEERING 

LIMITED (EXPUCIT) TECHNIQUES 

FOR EUCITlNG KNOWLEDGE 

INFORMATION RECODING: 

- TIME CONSUMING 
-LOSSOFINFORMATION~NSWITCmNG 

FORMATS 
- KNOWLEDGE MAY END UP IN AN 

INAPPROPRIATE FORM 

INTEGRATION OF INPUTS FROM MULTIPLE 
EXPERTS IS DIFFICULT 

PROCESS FOR VAliDATING THE KB IS 
ILL- DEFINED 

KAT 

LARGE NUMBER OF TECHNIQUES FOR EUCIT1NG 

KNOWLEDGE (IMPliCIT AND EXPUCIT) 

- NO RECODING OF INFORMATION; ALL 
INPUTS ARE PUT DIRECTLY INTO THE KB 

- SYSTEM CONTROLS THE TYPE OF DATA 
STRUCTURE USED TO REPRESENT INFORMATION 

SPECIALLY DESIGNED FOR USE WITH MULTIPLE 
DOMAIN EXPERTS 

DIAGNOSIS MODE OF QUERY IS DESIGNED TO 
ASSIST IN THE VERIFICATION PROCESS 

Figure 6 
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POTENTIAL AREAS FOR FURTHER APPLICATIONS 

++ In principle, KAT is applicable to a variety of expert system 
building domains. Some of these might include: 

Materials Selection 
Factory Automation 
Diagnosis/ Maintenance 
Planning Courses of Action 
Crisis Management 
Concealment, Cover, and Deception 
Software Engineering 

I I 

Figure 7 
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Combining explicit queries with simulation techniques during 
knowledge acquisition 
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.-\BSTRACT 
Despite recent advances that have been made in 

expert system building technologies, the process of 
obtaimng knowledge from human experts and coding 
1 t mto a computing system remains fraught with 
difficulties. The Knowledge Acquisition Tool (KAT) 
currently being developed at the BDM Corporation is 
destgned to address this knowledge acqutsition 
bottleneck in the domain of matenals processmg. 
KAT offers the knowledge engineer a vanety of 
modes in which to query a materials expert on 
different aspects of a gtven materials domain. In the 
Clarification Mode, the expert specifies the entire 
process 10 terms of an AND/OR graph. This structure 
1s converted to a flowchart in the Prediction Mode, 
where the expert ts asked to predict problems that can 
occur at different points in the process, and to specify 
limiting conditions. Finally, the Diagnosts Mode 
provides a dynamic step-through of the process model 
which is somewhat analogous to a simulation. This 
step-through provides an opportunity for the expert to 
verify the specification of the process and redesign as 
necessary. 

INTRODUCTION AND OVERVIEW 

Today's applications of artificial intelligence are 
based upon the fact that useful tasks can be 
accomplished by programs containing large, detailed. 
specialized knowledge bases. It has become apparent 
tha t one of the maJor obstacles in applying artificial 
mtelligence to specialized domains is the difficulty of 
creating these knowledge bases, which require the 
acquisition of the requisite knowledge from human 
experts. This knowledge acquisition bottleneck 
reflects the difficulty of obtainin$ knowledge from 
domain experts in a structured fash10n and converting 
It mto a form that can be readily accessed by the 
expert system itself. There have been many recent 
advances in expert system building technology such as 
expert svstem shells, but these advances do not address 
the knowledge acquisition bottleneck. Building the 
initial knowledge base remains one of the largest 
stumbling blocks to successful system completion. 

The typical approach to building knowledge 
bases for AI systems entails prolonged and intensive 
one-on-one interactions between a programmer and a 
domain expert. In this setting the programmer may 
elicit large amounts of information from the expert, 
impose hts/her own organization onto this information, 
and encode it into the system. An obvious drawback to 
this approach is that the programmer ends up learning 
much more detail about the domain than is likely 
necessary, and the expert becomes far more 
knowledgeable about AI programming than s/he might 
like. 

The Knowledge Acquisition Tool (KAT) project, 
currently underway at BDM, is aimed at investigating 
remedies for the knowledge engineering problem. 
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KAT is being designed for use by a programmer as a 
tool to aid in the knowledge acqu1s1tton process. 
providing structured mechanisms for eliciting 
mformation about materials processing. We w1sh to 
state from the outset that KAT will not be used as a 
tool for building an expert system m matenals 
processing. Rather, KAT will be used by the 
programmer to build up a knowledge base tha t can 
then be handed over to designers who will be butlding 
an expert system. Furthermore. it 1s important to 
realize that although KAT w11l automate the 
knowledge engtneering process to some degree. we do 
not envtsion It as a replacement for the knowledge 
engineer. Instead it is best thought of as a tool that the 
knowledge engineer uses to query the expert in a 
structured manner. 

KAT can be used to extract knowledge both 
through explicit and implicit queries of the expert, 
who will be aided by the knowledge engineer. 
Research in the area of human memory has suggested 
that procedural knowledge might best be extracted by 
implicit means (e.g., Graf & Schacter, 1985; Roediger & 
Blaxton, 1987~ In specifying processes, however, all 
knowledge is not procedural, as a number of 
declarative facts will be germane to the process. (For a 
discussion of the distinction between procedural and 
declarative knowledge, see Kolers & Roediger, 1984.) 
For this reason, KAT has been designed to prov1de 
facilities for obtaining both types of knowledge in a 
natural manner. 

As shown in Figure 1. the expert will interact 
wi•h KAT in three different ··modes" callrd 
Clarification, Prediction, and Diagnosis. These modes 
will be used iteratively to provide a structure for 
knowledge acquisition. The Clarification Mode allows 
the expert to define the overall process in terms of an 
AND/OR graph of subprocesses. That is, t he expert 
tells the system what his/her mental model of the 
process is tn terms of subprocesses. The Prediction 
Mode will provide another view of the model built up 
during the Clarification Mode. The already specified 
knowledge structure will be presented in such ·a way as 
to emphasize the temporal flow of the process, thus 
exposins "holes" . that w.ere missed earlier. . T ime . and 
sequencmg relationship~ that may only be tmpltClt tn 
the AND/OR representation are now shown explicitly, 
though the logical subsetting apparent in the AND/OR 
graph is suppressed. During this mode the user will be 
asked questions concerning particular conditions that 
must be satisfied in order for the process to continue 
and so on. 

Once the expert has iterated between the 
Clarification and Prediction Modes several times, a 
fairly well-specified knowledge structure will be in 
place and the Diagnosis Mode will be invoked. The 
Diagnosis Mode will provide a means of "stepping 
through" the process model in a dynamic manner. 



o Dl~ Oil I'IIOCIU DICOM'OSI'10I' IS C~IAnO IN 
THI JOIIM Oil AN &NOIOII Cia&"' 

o lOGICAl UlAT101tSHIP\ &- PllOCUSU Ul 
~li'IIIHifTID IXPUC:IT\. Y 

.---*--""""" o IN,_'IIOII IS I'IIIHifTID IN R.OWCH&IIT fOIIM&l. AND 
lXPIII1' CHKKS 

- '""'" a OUTNn 
• UUY&IIT &TTII.uTIS 
- l'ltOCIU lUUS 

o IHfOtlMA'IIOII fOIIM&T IS CH&NGill lO 5HOW n~ 
~DI .. OG; I'IIOCIDUIIAI. KNOWUDGI IUCJTID 

..----*--....... • on~&MICALI.Y Sl1l' THIIOUGII KllfOWU!M;I mucruu • 
MAKING CH&H&415 jl5 NICUS&lY 

o IMf'UtiT INltUCTIOitS WITMM n41 I'IIOCIU _.. Ul 
tUUCAnD 

Where ~he model is not yet adequately specified, this 
mode w1ll expose the need for more detatl. The step­
through w1ll resemble a simulation on the surface 
although it will not really be a simulation in the truest 
sense of the word. I.n a sufficiently knowledge-rich 
environment, the D1agnosis Mode could actually 
stmulate the process takmg place. For a materials 
processing appli_cation! the amount of knowledge 
requtred for a stmulauen would be considerable and 
would include . the sort of qualitative physical 
knowledge studted by De Kleer (1984) and Kuipers 
(1984). Though we have interest in this aspect of KAT 
for the future, the present Diagnosis Mode is designed 
to do _an event-stepped "tour" of the process specified, 
~n _whtch the expert wtll have to verify that the model 
IS mdeed reflective of the true physical world. 

KAT VERSUS TRADITIONAL KNOWLEDGE 
ENGINEERING TECHNIQUES 

As was already mentioned, the traditional 
approach to knowledge engineering usually involves 
an extended . interviewing process whereby the 
knowle_dge engmeer asks t~e exp_ert as many questions 
as posstble about the domam of Interest. As shown in 
Figure 2, these guestions are limited in their utility in 
several ways. First, the quenes are explicitly formed 
~ 'ld are presented to the expert in such a manner as to 
presuppose a particular type of response. Second, the 
fact that the queries can be posed at all by the 
knowledge engmeer implies that s/he has some 
~nderstanding of the domain and what its important 
mformatlon_ elements are. In all likelihood a large 
amount of tu11;e w1ll be spent in coming uf to the level 
of understanding that enables meaningfu interactions 
with the expert. 

. The third and most serious drawback to the 
questlo~s that the knowledge engineer poses to the 
expert IS that they reflect the knowledge engineer's 
own mental model of the domain and not the expert's. 
The knowledge engmeer deems particular questions to 
~e Important because they fill in missing information 
1~ hts/her personal conception. of the problem domain. 
Stnce _the. kn~wle~ge engmeer ts not experienced in the 
domam. It IS quite ltkely tha~ s/he will key in on 
concepts th~t a~e only tangential to the main issues. 
and thus . w1ll b1as the construction of the knowledge 
base. Smce the expert 1s not experienced in AI 
programming, s/he will not be able to look at the 
knowledge structure as it is developed and make 
corrections as to the proper hierarchical arrangement 
of knowledge base elements. One might imagine how 
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a few mistakes of this type early on in the knowledge 
a~quisit.ion process could lead to deeply entrenched 
btases to the knowledge structure that would be 
difficult to compensate for later . 
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In contrast to this approach. KAT offers several 
modes in which the expert may be queried about the 
domain. Some of these queries will be explicit whereas 
others will be implicit. For example, in the Prediction 
Mode the expert will view a flowchart of the process 
and will be asked explicitly to identify sensors that are 
of. mterest at a particular point in the process. In the 
Dtagnosts Mode, however, a dynamic step-through of 
th_e process will ~e presented. Readings from sensors 
w1ll be made available to the expert and s/he will infer 
from _these rel_ldings whether the process is properly 
spec1fted. Thts second type of interaction involves 
what may be termed an 1mplicit query in that the 
expert is watching the process in action and 
redes1gnmg_ as necessary, rather than responding to 
overt q~estlons from the knowledge engineer. This is a 
very d1fferent type of methodolo~y than has been 
employed in other knowledge acquisition systems. 

RECODING PROBLEMS 

A second class of problems that one encounters 
when using . traditional approaches to knowledge 
en~meenng mvolves the receding of informatior 
provided in the expert's responses to a form that the 
AI system can use. In most cases, the expert is 
interviewed at length at some place other than the 
software development site. Following an interview 
session. the knowledge engineer has to work through 
~nd organize the information gleaned during the 
mterv1ew and then decide how best to encode it into 
the already existing knowledge structure. Since the 
expert 1s not present when this recoding takes place. 
the knowledge engineer runs the risk of either 
?mitting . importa~t information, coding the 
1nformat1on mto an mappropriate form, or both. 

KAT is designed to avoid these recoding 
problems .. Specificall~, since the knowledge engmeer 
w1ll be usmg KAT wh1le knowledge acquisition occurs. 
the information gathered from the expert may be 
dtre.ctly encoded mto the knowledge base as tt is 
eltc1ted. F':'rther~ore, the queries posed by the system 
w1ll be des1gned tn such a way that their answers will 
naturally fit into a particular data structure format. 
That is, the system will already be expecting that a 
response to a particular question will take the form of 
a rule (or a frame, as the case may be). Facili ties for 



entenng the informauon into the system will be 
avatlable to automate this process as much as poSSible. 
Th';ls, errors of the type discussed earlier may be more 
eas1ly avoided. Finally, since the expert will be present 
when the information is entered into the knowledge 
base. ~/he will have the opportunity to suggest 
correc tions as appropnate. 

MULTIPLE EXPERTS 

A classic ?roblem ~ncountered during 
knowledge engtneenng efforts IS the acquisition of 
information from multiple experts. In many cases, the 
experts fall to agree on important pomts and the 
kno~ledge engineer is in no position to judge the 
op1mons one agatnst the other. Perhaps more 
senously, the mental model of the domain can vary 
considerably from expert to expert. This is reflected in 
differences in emphasis that are imparted to the 
knowledge engineer during the acqu1sition process. 
The fact that one concept is considered more 
important than another can have a large effect on the 
knowledge base structure. Consequently, knowledge 
bases engineered from multiple experts can "look" 
different from one another, even though there mav be 
few outright contradictions. · 

KAT is being_ designed to address this problem. 
By prov1d1ng fac1ht1es for experts to specify and edit 
models of the materials process. we will have a handv 
tool for observing differ~nces in emphasis imparted by 
different experts. There will be opportunities for an 
expert to compare directly his/her formulation of the 
domain with that specified by other experts. Once laid 
bare, these disagreements can either be resolved by 
revising one or more of the knowledge structures, or at 
least can be marked for future reference. 

KNOWLEDGE BASE VERIFICATION 

One final but important class of problems that 
KAT addresses is that of verifying the knowledge 
structure once it is in place. In normal practice, it is 
sometimes quite difficult to check that the information 
encoded in the system actually conveys the meaning 
intended by the expert. Although there exist no 
standard set of procedures for establishing the 
credibility of a system. many environments perform at 
least some form of static overview. However, these 
checks provide only limited insurance that the model is 
correct, and unless a system is validated its credibility 
will suffer. A more promising approach is the use of 
non-static evaluation techniques such a simulation that 
allow the behavior of a model to be viewed as 
interactions among its internal objects (e.g., Payne, 
1982~ 

This is analogous to what occurs in the 
Diagnosis Mode. Dunng Diagnosis, the expert sees an 
automated "step-through" of the process as it has been 
specified up to that point. If all is well, the process 
should flow according to the expert's expectations. 
Deviations from those expectations, however, indicate 
either that information has been coded in an improper 
way or that information is missing altogether. Once 
these problems are detected, the expert can 
immediately direct their correction on-line. S/he can 
then check to see that proposed solutions have indeed 
eliminated the problem by re-running the step-through. 

The Diagnosis Mode uses a discrete-event 
scheduling method where the rule actions determine 
the system behavior. The initial specification may be 
preliminary, thus exposing underdeveloped sections of 
the model, but as additional knowledge is obtained, it 
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will become increasingly expli~:ic Since the model uses 
objects as input/output processes. a model inference 
(Mihram, 1973) or sensitivity analysis can be applied to 
the model objects to validate the svstem performance 
and obtain variability estimates via multiple process 
simulations. In addition these causal chains (e.g~ 
Reddy, Fox, & Husain, 1986) may help express 
al ternative parameters for system operations (see 
Baskaran & Reddy, 1984; Miller, 1974). 

INITIAL IMPLEMENTATION OF KAT 

KAT is being built at BDM on a Symbolics 3670 
machine in the KEE and SIMKIT envtronments. KEE 
is an expert system building shell sold by Intellicorp. 
It provides many facilities to aid AI programmers 10 
the generation of frame-like objects and rules. In 
addition, it has graphics and specialized mouse 
functions which are useful in constructing user 
interfaces. The SIMKIT system, which resides on top 
of KEE, provides a host of facilities for writing event· 
driven simulations including a clock, event calendar. 
data collectors, and various mathematical tools for data 
analvsis. The event-driven nature of the SIMKIT 
simulation environment makes it ideal for the 
materials processing domain. 

What follows is a description of the features 
being implemented in KAT using both functions 
available from the KEE and SIMKIT environments as 
well as other code generated at BDM. Some of these 
features have already been implemented, and others 
are currently being designed. 

L The Clarjfjcatjon Mode 

The expert's task in the Clarification Mode is to 
create an AND/OR graph of the process. At the outset 
of this mode, certain objects corresponding to units in 
the materials processing domain are available in an 
object window (see Figure 3~ If the expert wishes, new 
objects not already present can be created at any time 
and placed in this object window. The expert indicates 
that a particular object should be moved mto the main 
viewport and included in the AND/OR graph. When 
the corresponding icon is moused in the object window, 
a menu will appear displaying the slots and values of 
that object before its placement in the viewport is 
confirmed. 

Once several objects are in place in the 
viewport, the expert can then indicate the type of 
relat1on that should exist between them. These 
relations include AND, OR, and NEXT, ·and are 
displayed in the relations window below the viewport. 
(Note that other relations are displayed as well. These 
are of · interest in the Prediction Mode.) The user 
mouses on the desired relation, and then mouses on the 
objects to be linked with that relation. The system 
then prompts for other objects to be included in the 
relation, and the final configuration is displayed with 
arrows indicating relations that have been defined 
between objects. This graph creation will continue 
until the expert has thoroughly specified the process. 

2. The Predjctjon Mode 

The information entered into the system during 
the Clarification Mode is converted into a flowchart 
representation before being shown again in the 
Prediction Mode (see Figure 4). The AND/OR tree 
structure is collapsed down into single composite 
objects. These composite objects are displayed in a 
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quasi-flowchart format. thus emphasizing the temporal 
flow of the process. 

For each subprocess point in the flowchart, the 
expert is asked whtch sensors are relevant and what 
their normal ranges should be. In addition, the expert 
is asked what very high or very low readings woula 
indicate at this point in the rrocess. The responses to 
such queries take the form o rules. For example, the 
expert might say something like "If the temperature of 
the reactive chamber is greater than 1200 degrees, then 
the infiltration of the preform will be uneven". It is 
likely that this identification of potential problems in 
the Prediction Mode will prompt the expert to 
redesign the process in some cases. Thus facilities for 
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rearranging, adding, deleting, and creating new objects 
are also available during the Prediction Mode. 

As one might imagine, the task of handling free· 
form user inputs and converting them into accepta ble 
rule form is not a trivial one. There are many 
problems to consider, such as how to have multiple 
antecedents and consequents, how to handle variables 
in rules, how to choose from among the seve ral rule 
types available in the KEE system, and how to 
incorporate newly created rules into the already· 
existing knowledge structure. To address these 
problems, a menu-<iriven facility is being developed 
that will handle the construction of rules in a par tially 
automated manner. In its early version, the rule 
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builder will by used by the knowledge engineer to 
construct standard If-Then rules that conform to the 
syntax dictated by KEE. Later, facilities will be added 
for constructing LISP expressions, methods, and so on. 

After the expert has been queried about each 
subprocess m the flowchart, the knowledge engineer 
returns to the Clarification Mode. Here, the 
knowledge structure is again presented in an AND/OR 
format and the expert further specifies the process. It 
is expected that switching between the AND/OR graph 
and the flowchart displays wtll prompt the expert to 
think of details to add to the model created up to th:ll 
point. These details might not otherwise be 
remembered were the model always presented in one 
format. 

3. The Dia&nosjs Mode 

Once the knowledge engineer has iterated 
through the Clarification and Prediction Modes several 
times with the expert, a good deal of information 
about how the process occurs will be represented in the 
knowledge structure. In the Diagnosis Mode, the 
expert will have a chance to look at a step-through 
''simulation"' of the process as specified thus far. It is 
during the Diagnosis Mode sess10n that the features of 
SIMKIT are exploited most fully. 

The SIMKIT environment provides numerous 
facilities for project s;fevelopment such as a 
clock/calendar, verification procedures, data collectors, 
and event generators (lntellicorp, 1986). The clock, 
which is used to represent current simulation cycle 
may be associated with the calendar to schedule future 
events and maintain priorities (e.g., Franta, 1977). This 
combination will support run time checkpoints for the 
model that allow step-throu~h simulation, and 
predetermined stop points. A hterarchical design for 
model development is used to J?romote inheritance and 
provide general structure venfication procedures for 
constraint violations which include basic checks for 
cardinality faults, imcompatible value classes. and 
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undefined methods. Mechanisms for dynamic, static, or 
stochastic data collection may be used to review, 
compare, and analyze the activities of the sample 
simulations from the data produced by event 
generators. These generators i~troduce variability into 
simulation through generation of pseudo-random 
sequences of test data. 

In addition to the features provided in SIMKIT. 
specialized graphics will have been created earlier in 
the Prediction Mode for displaying sensor readouts 
during Diagnosis, (see Figure 5). In addition, the 
expert will be able to observe directly the 
consequences of any process rules defined during the 
Prediction Mode. If at any ttme the expert percetves 
the process to be going awry, s/he can stop it 
immediately and redesign as necessary. Such redesign 
could include any number of measures such as adding, 
deleting, or rearranging sensors, rules, or objects. 

Note that the form of query in the Diagnosis 
Mode is more implicit than in the previous modes. 
There is no program of queries to which particular 
types of responses are expected. That is, the expert is 
not being given direct questions about the structure of 
the process. Rather, s/he is allowed to observe a step­
through "'simulation"' as defined by information 
provided thus far, and then make determinations about 
how this design could be improved. 

It should be reiterated that the Diagnosis Mode 
does not employ simulation in the traditional sense of 
the word. Rather, it is a facility in which a progression 
of previously defined states is displayed through, 
among other things, changes in sensor icons. In order 
to have a true simulation of the process, one would 
first need a structural model on which to build. Such a 
model may indeed be the final output of KAT, but 
would not be specified by the knowledge structure at 
this point. 
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SUMMARY AND CONCLUSIONS 

KAT has been designed to address many types 
of problems typically encountered during knowledge 
acquisition. The fundamental feature of this tool is 
that it provides a variety of ways in which a 
knowledge engineer can query a domain expert about 
a materials process. Some of these queries are explicit, 
such as having the expert create an AND/OR graph of 
the model. Others are more implicit, such as letting 
the expert view a dynamic step-through of the process 
and make suggestions for redesign. It is anticipated 
that this combmation of retrieval cues in a structured 
environment will facilitate the construction of 
knowledge bases to be used for expert system 
development. 
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Abstract 

Today, knowledge acquisition remains the critical bottleneck in the 
development of expert systems. This paper summarizes research in progress to 
develop a tool for prototyping knowledge bases for the specialized domain of 
materials science. The targeted application is the integration of expert systems, 
in-situ sensors and process models in materials manufacturing environments. 
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A KNOWLEDGE ACQUISffiON TOOL 

FOR TilE 

INTELLIGENT PROCESSING OF MATERIALS 

The field of expert systems is a discipline within applied AI in 
which human expertise in specialized domains is implemented in computer 
systems. These systems achieve high levels of performance in task areas that, 
for human beings, require years of special education and training. Obviously, 
the generation of a computer program with those capabilities involves an 
extensive development process. Although this process used to take on the 

order of 10 - 20 man years of effort, it has been greatly reduced by the 
advent of second and third generation expert system development tools. 
Aside from offering multiple forms of knowledge representation and control 
structures, these tools provide advanced development environments with such 
facilities as graphics, windowing, and interactive debugging systems. 

Despite these recent advances in expert system technology, there is 
still a severe problem in building expert systems at the present time, namely 
the knowledge acquisition bottleneck. By knowledge acquisition, we refer to 
the process whereby critical information is extracted from an expert, or group 
of experts, and explicitly represented in the knowledge base of the expert 
system. There are many problems associated with this enterprise, some of 
which are under the control of the knowledge engineer and others which are 
not. First and foremost among these difficulties is the availability of and 
quality of time of interaction with the expert{s). Other types of challenges in 
knowledge acquisition include: resolving conflicts between experts, organizing 
and coding the knowledge obtained, and compiling the relevant expertise into 
problem-solving capabilities. In the following discussion we will give an 
overview of our recent progress to develop a Knowledge Acquisition Tool 
{KAT) for the Intelligent Processing of Materials {IPM) Program. 

Interactive knowledge acquisition tools, such as TEIRESIAS (1), 
have proven their usefulness in helping the domain expert express knowledge. 
However, the quantity of time required by the expert still represents a 
significant barrier to expert systems implementation. More sophisticated 
systems have been built which can infer rules from presented data (e.g., 
MetaDendral 12)) or which can learn to guide their own search strategies (e.g., 
ACT• {3) and EURJSKO {4]). But the principals of learning and adaptation are 
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still poorly understood, (5) making these systems higher risk approaches to 
development of functional knowledge bases. What is required for a 

manufacturing-based program such as IPM is an approach to knowledge 
acquisition which can take advantage of commercially available technologies 
and software, and quickly integrate them to express knowledge in an easily 

modified format. KAT, targeted for the IPM program, is such a tool for rapidly 
prototyping knowledge bases for the specialized domain of materials science. 

The IPM Program seeks to combine the use of expert systems, 
advanced in-situ sensors, and process models to control the quality of 
materials in a production environment. As part of this endeavor, expertise will 
be acquired from multiple experts: a laboratory materials scientist, on- line 
technicians who possess expertise in manufacturing activities and materials 

applications engineers. The coupling of inputs from these very different 
domains is a formidable knowledge acquisition task. One can easily imagine 

that the knowledge engineer will have great difficulty in resolving conflicts or 
differences between these types of experts. The bottom line is that knowledge 
acquisition has a significant impact on the IPM Program, and this program 
cannot be successful without it. 

The premise of our activity in building KAT for the IPM Program is 
that the knowledge and representations required for materials production are 
common across multiple materials processing domains. What this means is 
that the same type of representations, whether they be frames or rules or 
semantic nets, can be utilized to develop a "mediating" knowledge 
representation during knowledge acquisition. This "mediating" representation 
can form the basis for an interactive environment used to ease the socialization 
process associated with knowledge acquisition from experts. 

As stated previously, knowledge acquisition is a critical activity in 
the IPM Program due to the different types of knowledge that need "to be 
represented in one expert system. Of particular importance is the laboratory 
knowledge, where an expert has multiple sensors which can be used to 
determine the characteristics of the materials during processing in very small 
quantities. There is also the production knowledge, where either of the 

following scenarios occur: measurements are taken from small samples and 
the results are used to make inferences about the quality of batch processes; 
or there are on-line sensors which provide minimal information about the 
associated process, in which case the operator makes inferences about the 
whole activity based on the reading of those sensors. Regardless of the 
configuration, both of these types of knowledge will be required in ortler for 
the IPM Program to be a success. However, knowledge acquisition is 

197 



currently a manpower intensive problem, frequently requiring the knowledge 
engineer to become expert in a domain. As is the case in a variety of AI 
technologies, the manpower intensive nature of the task is extremely costly 
and techniques to automate this activity are being sought. 

We believe that KAT can work for the following reasons. First, 
previous success in AI have occurred when system designers focused in on a 
narrow domain, whether it be interpretation of spectral data (as in the 
Dendra! project),6 the configuration of minicomputers from components (the 
RI project), 7 or the diagnosis of diseases in internal medicine (the Mycin 
project).8 Materials production is similar to each of these in that the domain 
is suitably limited for expert system application. Second, the KAT may be 
developed using existing technology, being implemented on a Symbolics 3670 
with the KEE 3.0 system.4 As such, the tool could aid in the long-term 
transition of materials technology from research into production, and allow us 
to predict integration problems in advance. Third, our experience with the 
development of other AI systems cause us to have a high degree of 
confidence in our ability to reduce the KAT design to practice. The knowledge 
structures within KEE and SIMKIT, a simulation building facility which is 
resident on top of IntelliCorp's KEE kemal, allow a library of objects to be 
readily created and modified. This provides the flexibility in the user interface 
necessary for rapid modifications and updates to the knowledge base, a critical 
element in the early development and prototyping of knowledge based systems. 

The remainder of this discussion will describe the design 
characteristics of KAT. Our approach to KAT includes the desire to prompt 
the expert's consideration of the elements that characterize his/her 
knowledge. That is, we seek ways to prompt the verbalization and expression 
of knowledge from the expert and therefore optimize the interaction time 

with the expert. This is done by initially structuring the knowledge 
engineering process through the use of a materials-referenced development 
environment that provides a low level of materials-related knowledge to 

make the expert comfortable. The expert then iterates through various stages 
of knowledge storage and modification which are designed to elicit extraction 
of different types of knowledge that she/he might have about the domain. 
For example, information about logical, procedural, functional and physical 
relations will be queried. To aid the expert, the tool serves as a workplace 
containing materials-specific references in easy-to- use, high graphic forms, 
with a facility that encourages direct query, examination through explanation, 
browsing, and efficient consideration of process knowledge. 
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To elicit knowledge, KAT is designed to present multiple, interactive 
displays to the expert(s) in several functional modes. These include: the 
clarification mode, the prediction mode, and the diagnosis mode (See figure 
1). It is the iterative processing through these modes that KAT allows the 
expert, working in conjunction with the knowledge engineer, to initially 
instantiate the knowledge base and incrementally improve and modify it. The 
set of objects which are central to the domain under consideration are 
developed within SIMKIT, creating the necessary elements to explicitly 
represent relationships among process. For purposes of development, chemical 
vapor infiltration (CVI) of composite materials is the domain being addressed. 

CLARIFICATION: The expert creates a graphical data-flow representation of 
the process. 

PREDICTION: 

DIAGNOSIS: 

I CLARIFICATION 

I 

a) The expert defines inputs to and outputs from each 
process. 

b) Queries about process steps are answered . 
c) Priority ratings for individual processes are 

provided. 

The expert corrects inconsistencies in the process 
knowledge base through iterative exercising of system 
with varying inputs. 

I 

I PREDICTION 

I DIAGNOSIS J 
THROUGH ITERATION OF THIS PROCESS. A TOP-DOWN CONSTRUCTION OF THE 

KNOWLEDGE BASE IS INVOKED, SIMPLIFYING THE ORGANIZATION PROCESS 

Figure 1: KAT's Functional Modes 

The clarification mode allows a description of the process to be 
created in the form of dilta- flow graphs. In this mode, the expert will create a 
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graphical representation of the process by sketching the general process 
on-screen to obtain a shell to work from . This is essentially a fill - in-the-box 

operation (See figure 2}, drawing from the set of objects previously defined 
with in the library. The logical relations between process components are also 
represented , using the relations AND, OR NEXT ... to explicitly define process 
flow characteristics. 

MELT Ga &As 
IN HP REACTOR 

CRYSTAL FORMATION 
AND GROWTH 

REACTOR ENVIRONMENT: 

PROTECTIVE 
SEAL FORMS 

PUll & TWIRL 
SEED WIRE 

M!)NITOR PRESSURE, 
MONITOR TEMPERATURE, 
MONITOR CRUCIBLE CONTROL, 
MONITOR GASSES 

SKETCH GENERAL PROCESS 
GET A PROCESS SHEll TO WORK FROM 

Fill IN THE BOXES 

Figure 2: Clarification Mode of KAT Using Example of GaAs 
Bulk Crystal Growth 

In the prediction mode, the expen will view the information in 
flowchan form, which exhibits temporal relations between process elements. 
The expen can elaborate on inputs to and outputs from each process (See 
figure 3} "that was defined in the clarification mode. The expen also answers 
queries about active sensors, deviations from ideality, and provides priority 
ratings for the individual procedures. Example questions from the 
prediction mode are : 
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( 1) What sensors are active at this subprocess step? 
(2} What are the results if Furnace Temperature Fr > 1000 C? 
(3) What other sensors readings would verify Ft > 1000 C? 
(4) What other process variables elements can control Fr? 

This act1v1ty might produce the following changes to the knowledge base: 
rearrangement of some procedures, deletion or addition of some procedures, 
or creation of a network effect associated with the .individual processes that 
are represented internally. 
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Figure 3: Prediction Mode of KAT Using Example of CVI 
Process 

After cycling through the clarification and prediction modes several 
times, the expen will then move to the diagnosis mode. Here the expen 
provides guesses as to the causes of problems indicated in a simple 
simulation of the process and proposes solutions. For example, the expen 
might view a simulation proceeding through the flowchan previously defined 
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in the clarification mode. Each procedure is highlighted as it becomes 
active, and gauges for the relevant sensors come into view. Explanation 
information may be provided in 'a separate window and when the expert is 
given an undesirable result, she/he can make recommendations for adding, 
deleting, or changing the procedures within the knowledge base. As indicated 
earlier, the overall design approach for this tool involves an iteration of the 
process, using top down construction of the knowledge base from the 
clarification mode through the diagnosis mode and having several iterations in 
order to provide an interactive debugging facility. 

Obviously, there are some trade-offs in building a system such as 
this . By design, KAT will have only a sophomore's level of understanding, 
whereas a fully functional expert system should by definition have an expert 
level of understanding about the process. But, there lies the difference 
between the mission of KAT as compared to the expert system. KAT is 
intended to be a supplement to, and not a substitute for, the eventual expert 
system. That is, KAT is a general tool seeking application in multiple 
domains, whereas any expert system is specialized in depth with regard to a 
particular set of knowledge structures. In addition to its generality, the cost 
of implementation for KAT will be low since only a minimum level of 
knowledge need be initially built into the system. Furthermore, it is designed 
for portability and to leverage the expert's time and availability. 

In summary, the Knowledge Acquisition Tool attacks a major 
problem in both expert systems and the Intelligent Processing of Materials 
program - - the knowledge acquisition bottleneck. We believe that this tool 
can aid in the identification of common elements across multiple materials 
processing domains, facilitation the rapid implementation of materials 
manufacturing knowledge bases. Finally, KAT can assist in demonstrating 
rapid transition from materials research into production and in streamlining 
the development of expert systems. 
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.-\s increasing numbers of knowledge-based systems are developed for operational 

use, the importance of kno\\' iedge acquisition becomes even more apparent . Knowledge 

acquisition, the process of extracting and transferring expertise from domain experts into 

the system, consumes the single largest block of time in the development of a knowledge 

based system (Feigenbaum. 1977; Hayes-Roth, et al., 1983; McGraw & Harbison-Briggs, 

1989). To reduce the time required for this process, numerous tools have been developed 

to automate or systematize the elicitation and transfer of knowledge from expert to 

knowledge base .. -\mong these advances are developments in machine learning that 

enable an expert system to acquire its knowledge from "experience" (\1ichalski. 1980: 

Michie, 1982), expert system shells that allow domain experts to write their own rules 

(e.g., MacSiv1ARTS), and knowledge engineering tools that assist a knowledge engineer in 

his/her work. The material reported here describes research and development efforts on a 

computer-based set of knowledge acquisition tools known collectively as the BDM 

Knowledge Acquisition Toolkit (BDM-KAT). 

Work described in this paper was supponed by the CS Defense Advanced Research Projects Agency. 
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BDM-KAT differs from other tools in several critical ways. It has been designed 

and implemented to aid a trained knowledge engineer in eliciting expert knowledge about 

well-structured domains. It is based on principles of human cognition relating to the 

representation and structure of knowledge in memory, yet these representations are 

implemented in a computationally-efficient way. The toolkit provides an environment in 

which the knowledge engineer and domain expert discuss. manipulate, and record the 

objects and relationships that provide the domain with its structure and predictability. As 

the elicitation progresses, a database of basic domain components is developed. Using 

this database. a knowledge base and inferencing structure can be derived to operate in the 

selected domain. 

The development of BDM-KAT can be discussed from several perspectives, 

including its conceptual basis, implementation, integration, and intended uses. The 

purpose of this paper is to address briefly each area with particular emphasis on the roles 

of a cognitive theory in BDM-KAT. First, we present the need for and define the 

framework upon which BDM-KA T has been designed. Second, we present the specific 

organizational structures reflected in the initial components of the toolkit. Finally, we 

describe, from a cognitive perspective, the implementation. integration and use of 

8D}..1-KAT. 

KNO\VLEDGE ENGINEERING 1\'IETHODOLOGIES 

Knowledge engineering as a field has developed from the demand created by the 

development of expert or knowledge-based systems. In such applications, it is necessary 

that the knowledge base used by the system be well-organized, consistent, and reasonably 

complete. This, in turn. requires that the process by which that knowledge is entered into 

the knowledge base be equally well-organized and controlled. However, early efforts in 

knowledge acquisition were modeled on small scale projects in which a single domain 

expert and a single developer could interact to build the final project, allowing a certain 
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[nformality and ad hoc set of procedures to exist. In larger scale prOJects. the ad hoc 

nature of early knowled2e engmeenng efforts was soon d[scovered to be limiting and 

unworkable. 

In response to this s[ruarion. Hayes-Roth, et.al. (1983) presented a methodology 

for knowledge engmeenng. In this approach. as Figure 1 shows, a five-step cycle of 

[dentification. conceptual ization. formalization, implementation, and testing is used 

iteratively until a satisfactory product results. \Vhile this provides a structure within 

which a system q.rchitecture and basic domain structure can be determined and allows for 

iteration through an identir'iable sequence. it does not impose any control or guidance on 

the techniques used or support \·erification of the elicited knowledge. :Vlore current 

approaches tend to=depict the knowledge engineering process as a more controlled, cyclic 

sequence, drawing on models and standards from the software engineering field. Some 

methodologies, like the adapted waterfall model of knowledge acquisition presented by 

McGraw and Harbison-Briggs (1989), suggest not only steps within the cycle, but also 

techniques for each phase and some guidance at decision and iteration points. However, 

even this structure does little to address how the knowledge acquisition task might be tied 

directly to the perceived structures and representations w[rhin the domain. as viewed by 

an expert. 

Insert Figure 1 about here 

In any manual knowledge engineering effort, the time and labor demands are high 

even when structures and practices are in place to direct and manage the timing and foci 

of knowledge engineering sessions. In addition, there are several pervasive and 

troublesome characteristics of the overall process. Specifically, true experts, because of 

the demand for their expertise are frequently unavailable for a series of several 
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knowledge acquisition sessrons, thus generating a demand on the knowlege engineer to 

maximize the value of every session held. \Vhen sessions are held, experts frequently 

have great difficuity accessing and then verbalizing significant components of their 

knoweldge because it has been ·'chunked" or ·'proceduralized" during the development of 

expemse. Such knowledge is easily acted upon. but not easily discussed. making it 

difficult or impossible for the knowledge engineer to tap and depict the structure and 

relationships the expert holds of the domain. In addition, because such knowledge is, in 

many ways, implicitly assumed by the expert, it allows him/her to assume a level of 

understanding on the part of the knowledge engineer that is frequently inappropriate. 

Furthermore. many knowledge engineers cling to the interview as a primary thechniques. 

In the hands of ~ skilled communicator with adequate analytical skills and a good 

foundation in the domain, the interview can be highly useful. However, few knowledge 

enigineers are able to use it efficiently, leading to large expenditures of time that result in 

little critical knowledge being elicited. This can be compounded by the practice of 

establishing the design and architecture of the target system in advance of knowledge 

acquisition--a practice that forces a way of thinking about the domain and subdomains 

that may be incompatible with the model held by the domain expert. Finally, regardless 

of the techniques used or time expended. many manual-based knowledge acquisition 

effons fail to document the knowledge elicited sufficiently for later verification and 

validation of the system. 

A number of approaches to automating the process so as to alleviate some of these 

have been tried. ranging from simple problem simulations for discussion to fully 

automated knowledge acquisition environments. l\1ost of these knowledge engineering 

tools have been developed to serve the needs of a specific system or a particular class of 

applications. In other words, they can be considered to be implementation driven. Because 

of their orientation roward the final representation and use of the knowledge by the 
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system to be developed, the tools constrain domain experts by requiring that they present 

knowledge in the format on which the tool is based (e.g., repertory grids. fuzzy se ts) or in 

the representation of the knowledge base (e .g., rules) . This requirement may force the 

experts to transform the expression of their knowledge from a familiar, useful form to a 

novel. untested one. In contrast, many manual approaches do allow the expert to express 

knowledge in a more comfortable manner but place the burden for the transformation on 

the knowledge engineer. In designing BDM-KAT. we first considered what would be 

desired characteristics of an improved knowledge engineering environment and sought to 

develop an approach in line with them. Briefly, we determined that a knowledge 

engineering system should: 

• reduce tbe requirements for translations of knowledge, particularly by 

the domain expert: 

• reduce the burdens in time and effort on the domain expert: 

• reduce the dependence on the ski ll of the individual knowledge engineer; 

• provide a mechanism for selecting appropriate techniques; and 

• provide an overall control structure for a knowledge elicitation effort . 

In BD:t\·1-KAT \\'e seek to meet these goals by using a theoretical foundation from 

cognitive psychology (Vekker. 1974; 1976; 198 1) and by controlling knowledge elicitation 

through the use of recognized conceptual mechanisms such as categorical structures 

(Rosche . Mervis. Gray, Johnson, & Boyes-Braem, 1975), causal models, and timelines of 

events (Barsalou, 1986). In the next section, we present some details of the cognitive 

framework that has driven the des ign of BD1-1-KA T; after that we discuss the 

characteristics of human knowledge organization a nd reasoning that have been central to 

BDM-KAT thus far. 

A 1\IULTI-Dil\IENSIONAL l\IODEL OF HUl\IA.J.~ KNO\VLEDGE 
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A first premise of BDr-..1- KAT is that all aspects of an expert's knowledge must be 

captured in a knowledge base for an intelligent system. Equally important is the premise 

that the knowledge structures as elicited and represented should be compatible with the 

structures used by the expert. There is substantial agreement with both of these premises 

within the AI and cognitive science communities (Barfield, 1986; Gammack. 1987; 

Hamill. 1984; Kidd, 1983; }..JcGraw & Harbison-Briggs, 1989). However, as discussed 

above, the problem of eliciting and representing knowledge is highly complex. When 

compatibility with human knowleldge structures is made a priority, it becomes necessary 

to address the even more perplexing issue of non- verbal knowledge. This presents an 

extremeiy difficult situation. particularly because the nature of non-verbal knowledge is 

not well understood _by cognitive psychologists. Generally speaking, the cognitive aspects 

of non-verbal knowledge have been treated in more detail by Eastern psychologists than 

those of North America, where there is still controversy about the reality of direct visual 

representation (represented by the advocacy of dual coding by Paivio ( 1986) and its 

rejection by Pylyshyn (1984)) . \Vithin the work developed overseas, the work of Provessor 

L. M. Vekker (1974, 1976, 1981) is outstanding. Professor Vekker has developed a 

theory of human knowledge processing that integrates all levels of mental activity from 

perception to abstract thought. In the fo llowing paragraphs. we provide a very brief 

summary of those aspects of Vekker's theories that have played roles in the design of 

BDM-KAT. 

Vekker has developed. over a research career of 40+ years, a comprehensive 

theory of the human cognitive system. He drew strongly on the general structure of 

information theory (see Billingsley, 1963 for definition and discussion of the principle 

concepts in information theory) in building his multi-dimensional model of the human 

system. In particular, he defines knowledge as a special type of information within that 

framework and uses the principles of isomorphism and homeomorphism. or the 
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one-to-one mapping of different functions or knowledge representation to one another to 

deve lop his model of the levels and types of knowledge within the human system and their 

relationships to one another. Vekker describes the internal store of information as being 

oi two fundamentally different types (imagistic and sentential) that are reflected in 

multiple levels of the cognitive system. Figure 2 summarizes the types of knowledge and 

the increasing levels of abstraction discussed in Vekker 's model. Perceptual and memory 

"images" reflect some specific object or experience or a hierarchically abstracted. 

idealized image of a class oi objects or experiences such as a prototypical object. Images 

include not only visual images but also such sensation-oriented representations as the 

".;.fnecic sense of balance and muscle motion required to ride a bicycle and the haptic and 

k. inecic awarenesses of when a football is held and thrown properly. In contrast, a 

sentential representation is not tied to any specific experience; it is an abstract and 

verbally-oriented representation. Since the imagistic components of awareness of 

specific and generic objects and the sentential concepts of names of such objects are 

represented and stored separately, thinking or reasoning processes reqUire the 

manipulation of connections that exist between sentential represenations and their related 

imagistic representations in a process of continuous reversible translation, as indicated in 

Fi!!ure 3. 

Insert Figure 2 about here 

Insert Figure 3 about here 

Dr. Vekker also discusses learning and representation m individual and multiple 

modes. While the knowledge or information necessary for reasoning in a domain is being 
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learned. the learner wiil have many inconsistencies in her knowledge, particularly between 

imagistic and sentential representations. In contrast. experts tend to have developed 

stable knowledge representations that allow them to manipulate the knowledge to make 

inferences, to relate similar knowled~e. and to be consistent in their statements, 

assumptions, and conclusions. The degree of instability in a student's problem solving or 

question answering, where manipulation of sentential and imagistic representations 

simultaneously is required. is a measure of the degree to which she has not yet mastered 

the material to be learned. Professor Vekker emphasizes in his discussions of knowledge 

el icitation that questions and problems must be posed to the expert that will drive the 

interaction of sentential and imagistic knowledge so that stability in the translations 

between the two "l<!_nguages" can be demonstrated. Only then can the elicited knowledge 

be considered valid and acceptable across modes. In BDM-KAT, the methods and 

procedures for using the tools have been developed to encourage the expert to draw upon 

his/her imagistic and sentential representations to enable identification of the critical 

invariant relationships in the expert's knowledge. Critical invariants are those aspects of 

a concept or causal sequence that cannot be altered without substantively changing the 

nature of the concept. For example, a (American) football game has numerous 

characteristics, including the size of the field, shape of the goal posts. nature of the 

uniforms worn, and time limits on play that, if violated, do not prevent the ongoing 

activity from being considered a football game, albeit a "back yard game" or "pick up 

game" or some other informal variant. Nevertheless, if other characteristics of the game 

such as the shape of the ball or the means by which the ball is placed into play or 

transferred from one player to another, then what is played is not a football game at all, 

but another game altogether, perhaps soccer. This exercise indicates that while those 

characteristics in the firs t list are important features of a game. they are not critical 

invariants of the general concept. However, if the concept is limited to an officially 
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sanctioned inter-mural game. then those characteristics may well turn out td be critical 

invariants of the more limited concept. 

Several characteristics of BDM-KA T are the direct result of this cognitive 

framework. In the current version of BDM-KAT, the interface representations have been 

designed to take advantage of the verbal and nonverbal aspects of the knowledge 

structures being elicited and the initial set of tools implemented has been selected to draw 

upon knowledge structures common to all human information processing. In addition, an 

overall integration schema for the toolkit has been partially developed that includes 

additional tools and a .. manager '' .:omponem to assist the knowledge engineer in 

coordinating sessions and integrating the knowledge base. The set of tools that \\'e expect 

to eventually comprise the complete toolkit will reflect the cognitive system as shown in 

Figure 4. Briefly, the functions of the tools are (or will be) as follows: 

Categorizer: elicits basic domain concept structure in rigid class/subclass 

hierarchies and tracks concept properties. 

Classifier: acts as Categorizer, but also supports creation of tangled 

concept hierarchies. 

Time Mapper: elicits temporal sequences of events. supports decomposition 

of processes into eventlsubevem hierarchies, tracks temporal 

characteristics of events. 

Causal Charter: elicits causally connected sequences of events, states, 

and concepts. 

Imager: supports input of graphic images and elicitation 

of information implicit in the images. 

In a later section of this chapter, the implemented tools are discussed in some detail. 
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Insert Figure 4 about here 

COl\1l\10N KNOWLEDGE STRUCTURES 

This framework of the ways in which human knowledge is structured along with 

our knowledl!e of how such structures are orl!anized has driven the selection and desil!n - - -
of the initial set of tools for BDM-KAT. Expertise can rarely be elicited and represented 

in a single structure as humans tend to store knowledge about a domain in multiple 

structures. Knowledge engineers. and tools developed to assist in the process of 

knowledge acquisition, must be capable of eliciting, translating, and representing multiple 

types of knowledge structures for any given domain. Complex. knowledge-intensive 

domains reflect diverse , yet interrelated types of knowledge. For the initial set of tools in 

the BDM-KAT prototype, \\'e have focused on those recognized to be universally applied 

to verbal knowledge, specifically categorical, temporal , and causal structures. The 

following paragraphs present basic information about the nature and support for the 

generality of these structures. 

Categorical Structure of Knowledge 

People tend to divide the world into relatively neat categorical structures. While for 

laymen the categorical divisions are frequently unstable (e.g., individual items may 

change their positions in terms of both category membership and typicality within a 

category (Barsalou, 1986)), experts in a specific field tend to hold stable and shared 

categorizations of their domain (Rosche. et. al. 1975). A substantial portion of one's 

understanding of a domain rests in knowledge about the items that appear in the domain, 

their individual and collective characteristics, and the relationships between them. 

Consider again. for example, our football game and its position in a general categorical 
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structure of games. Few ~even non-experts) would have trouble producing a taxonomy 

such as that shown in Figure 5 and naming the characteristic properties of each node. 

Undoubtedly, a sports professional would quickly generate a more detailed. and possibly 

differentlY structured taxonomv. Because this organization is natural to the domain - . ~ 

expert, knowledge elicited within this structure is likely to be more easily obtained, more 

easily modified, and, once accepted by the expert, more accurate. 

Insert Figure 5 about here 

Temporal Organization of Events 

In addition to dividing objects in the world into categorical sets, people structure 

their knowledge and memories of events into orderly sequences. Autobiographical 

knowledge appears to be organized internally into "mental time line models" in which the 

temporal relationships between episodes are specified (Barsalou, 1986). Similarly, 

individual events and generalizations of events appear to be stored menally as ordered 

sequences of actions and/or decisions. such as those in the familiar restaurant script, 

doctor script, and so forth (Mandler, 1979; Nelson, 1978; Schank & Abelson, 1977). 

\Vhere the episodes or process events can be decomposed to enabling or sub-events, 

hierarchical relationships exist between them similar to those between levels in a 

categorical taxonomy. This structural nature of event memory can be exploited in eliciting 

knowledge about processes that occur over time. Drawing from this model the domain 

expert can tap and share the order, temporal characteristics and relationships, and 

hierarchical associations between s teps in the process. 

Causal Structures in Knowledge 
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Finally, experts can be partially defined as those individuals who understand the 

why and how of a particular domain. All people, even novices, construct causal mental 

models of the world around them (Kelly, 1955). However, causal models held by a novice 

may rerlect incorrect assumptions or focus (e .g ., correlations), while those held by an 

expert tend to be more accurate. Consider, for example, the knowledge used by auto 

mechanics. \Vhile they do develop, with expertise, extensive classifications of diagnoses 

by symptom sets, they continue to solve most diagnostic problems by tracing the 

presented malfunction through its causal antecedents to (hopefully) a single cause. The 

networks of causal connections supporting this reasoning have been shown to improve in 

specifiable \\·ays with increasing experience and training (Lancaster & Kolodner. 1987: 

1988). :-'\s with categorical and temporal organizations of knowledge, c::lUsal models can 

be elicited directly from an expert--here by focusing interactions on the expert's 

explanations for states and conditions in the domain of interest. Of these three types of 

knowledge, causal models are the most similar to the rules usually sought during the 

knowledge acquisition phase of knowledge-based system development. 

BDl\I-KAT DESIGN A..'lD Il\IPLE1\1ENTATION 

BDM-KA T is a toolkit that has been desismed to enable a knowled2:e enl!ineer to - - -
elicit knowledge based on both the structure and modalitv in which it is most likelv to be - ' ' 

represented in the domain expert's internal cognitive model. To accomplish this , 

BDM-KAT consists of three cooperating knowledge engineering tools: Categorizer, Time 

Mapper, and Causal Charter. Their high-level structure is shown in Figure 6. Categorizer 

elicits knowledge about the stable, underlying structure of a scientific domain via the 

drawing and " filling in" of a tree-like. taxonomic structure. Time Mapper provides a 

context in which the domain expert positions items on time lines to express knowledge 

about the temporal characteristics of, and relationships between, events and subevents 

within a process. The knowledge engmeer uses Causal Charter to elicit cause-effect 
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knowledge for domain functions and events. Each tool provides the knowledge engineer 

and domain expert with a means for 1) focusing attention on the aspect of the domain 

being elicited, 2) recording information as it is elicited, and 3) verifying the info rmation 

as it is elicited. 

Insert Figure 6 about here 

Each tool uses textual and graphic interface representations, and all tools transfer 

information to, and interact with. a single database management system (DBMS). The 

final database representation of the knowledge has three potential uses. First and formost, 

the database should be of form and content sufficient to serve as an intact knowledge 

base for insertion into a knowledge-based system. Secondly, the structure of the 

database itself should provide s ignificant support for the generation of knowledge 

documents, which are on-line or hard-copy structured summaries intended for review. 

verification, and validation activities by the domain expert. knowledge engineer, and other 

system development team members . Finally, because the knowledge wi ll be stored in a 

supported DBMS. it will be possible for human users of the knowledge to query and 

browse the content of the database for assistance in decis ion making outside of the 

context for which the knowledge-based system has been developed. 

The following sections briefly describe the individual tools. This version of 

BDM-KAT has been successfully demonstrated on several occasions and has been used to 

elicit a significant knowlege base of HIP information. 

Categorizer 

Categorizer elicits the underlying structure of a domain by requiring the expert to 

construct a taxonomy or set of taxonomies. As discussed earlier, categorical knowledge is 
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commonly held for any domain or topic area. Furthermore, it is critical for constructing a 

domain model because the properties of specific objects and object classes will dictate 

much about how the knowledge can be used. 

Using Categorizer the expert initially creates and names objects that exist in the 

taxonomy and places them at the appropriate position within the structure. The expert 

typically works in a top- down fashion, but the tool does not restrict the level at which 

objects can be named. After the taxonomy has been developed the essential , contingent, 

and second- order properties of each domain object are elicited from the expert. (A clear 

knowledge of object properties is necessary for the success of the overall knowledge 

engineering effort because it will be these properties that will determine how the model 

can be perturbed during future verification activities.) Object properties are best elicited 

in tandem with object taxonomies for two primary reasons. First, this sequence follows 

from the structure of the taxonomy itself. Second, while the expert's attention is focused 

on the taxonomy, s/he will be less likely to make errors in identifying properties for 

individual objects. Figure 7 shows a partially completed categorical elicitation. 

Insert Fi~ure 7 about here 

Categorizer creates and builds within the database a series of entities and 

relationships between them. The domain objects and properties specified during 

elicitation are represented individually in the database as are their relationships. 

Time l\Iapper 

Whereas Categorizer elicits taxonomic and part-whole relationships among 

objects. Time 1\·fapper elicits the structure of events or actions that occur during the 

execution of a process. Specifically, Time Mapper elicits the hierarchical relationships 
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among events and subevents (at multiple levels), the overall duration of each event, and 

the specific starting and ending times of each subevem within an event. This elicitation 

effort is critical to developing a full process model because it provides both the 

decomposition of the process into well specified components and the temporal 

relationships necessary for control. The expert is asked to name the process as a single 

event and then to name the subordinates of that event. This cycle iterates with increasing 

specificity, such that the subevents at one level are considered as events at the next level, 

until the events can be decomposed no further. Figure 8 shows a partially completed time 

map. 

-- Insert Figure 8 about here 

Causal Charter 

The third tool, Causal Charter. is used to elicit high level " rules" and low level 

cause-effect chains. The rules are intrinsically implicit and are supplied by the expert 

through a description of an item to be "charted" . The item under consideration may be 

ei ther a function of a domain object (specified during Categorizer as a functional property 

of that object) or a subevent from the process decomposition state of Time Mapper. The 

structural elements in the item description are separated from other specified functions 

and are grouped together to indicate those elements that support each function in the 

description. Thus, the generation of clusters of structural elements (as units) are related 

to specific functions. The expert is asked to select those items from the description that 

provide support for each function given in the description. \Vhen specifying the 

cause-effect chains the domain expert selects the elements from the mechanism in the 

order in which they are caused or required by the mechanism. Thus a completed chain 

indicates the process by which the final state or element is reached . Causal Charter can 
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also serve as a verification mechanism on some components of the categorical and 

process knowledge elicited previously. 

Scenario Using BDl\'1-KAT 

Given this description of the general functionality of each tool, let us now consider 

their coordinated use in a knowledge acquisition effon. As with any such exercise, the 

knowledge engineer' s first task is an organizational one; in this case identifying the types 

of knowledge to be elicited and selecting the tool to support each session. For example, 

suppose a knowledge engineer were tasked to structure a knowledge base for a software 

engineering support tool. Analysis of the task domain \\'OUld allow the knowledge 

engineer to determine that the tool \\'ill need to have two primary forms of knowledge in 

its knowledge base: that about the timing and sequence of various planning, 

documentation, code development and testing activities leading up to a final software 

product; and that about the set of documents and document components required for the 

developing and final software product, their characteristics, and their relationships to one 

another and the steps in the process. From this characterization of the knowledge base 

requirements. the knowledge engineer concludes that the first of these classes of 

knowledge can be elici ted using the Time 1\Japper tool and the second using the 

Categorizer tool. Because the process of software development is only tangentially driven 

by direct causal factors, the knowledge engineer makes no initial plans to use the Causal 

Charter tool during eliciation activities. 

Based on preliminary conversation and schedul ing \\' ith the domain expert, the 

knowledge engineer decides to begin the elicitation activities with a series of sessions 

using the Time i\lapper tool. This decision is driven by the domain expert's statement 

that s/he will find it easier to identify all the document requirements from their relevant 

points in the process and sense that the process sequence may be the more 

straie:htforward to express, at least in an idealized form. In the first session, the expen 
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and knowledge engineer focus on establishing the overall time frame (months or years) 

for developing a large-scale software product and on establishing the general stages 

through \\'hich such a project should move. Durin!! discussions of timinl! factors, the - -
knowledge engineer focuses the domain expert on how much time is allocated to each 

phase of the process and how much they can or should be allowed to overlap one another. 

In subsequent sessions, each phase of the process is broken down into smaller steps and 

the timing and sequencing of the steps discussed until the domain expert states the the 

tasks are defined as finely as possible or as finely as is appropriate for consideration by 

the support tool. .-\t the end of each session, the domain expert is provided with a hard 

copy or all the material discussed during the session. and all material discussed at 

previous sessions to support review and correction of already elicited material and the 
~ 

expert's own preparation for the next session. In particular, the expert is asked to 

prepare for subsequent sessions by considering the next level of task breakdown. 

With the process sequence and timing structured to the expert' s satisfaction, the 

knowledge engineer is ready to turn to a series of sessions using the Categorizer tool. In 

preparation for the first session. the domain expert is asked to review the process 

sequence and to note down document requirements that are linked to specific points in 

the process. In addition. the domain expert is asked to reveiw or to bring any support 

materials that define the structures of the documents insofar as they can be separated into 

independently prepared components. Armed with this information. the domain expert 

and knowledge engineer begin their first session with the Categorizer tool by enumerating 

the set of documents required and placing them into a hierarchical structure that, at its 

highest level , reflects the general phases of the development process. 1 For each 

document. the domain expert is asked to specify the properties of the document. 

1 \\'hile. in its current implementation. BDM-KAT does not directly link the Categorizer 
information to the events defined in Time i\'lapper. having the process structure availabl~ 
durin!! the Catel!orizer elicitation does assist the knowledl!e enl!ineer and expert in defimng 
the hierarchical-relationships and. in BD~l-KA T's final form. -the connections would be 
generated and maintained in the knowledge base. 
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Properties. in this domain would include such things as the purpose of the document and 

anv official numberine conventions for document identification. \Vith the set of full ' -

documents defined and described, the expert and knowledge engineer thed proceed to 

address the lower level sections and subsections of each document. placing them into 

their appropriate relationships to the parent documents and specifying their characteristic 

properties until the documents have been defined to the finest level at which a section 

could be generated somewhat independently of other sections. 

This brief revtew of the use of BDM-KAT has demonstrated that the tools 

constructed map well into the types of knowledge required by knowledge based systems of 

several types. In addi tion. the knowledge engineer and expert are a ided in both 

preparation for and execution of elicitation sessions by their knowledge of how the tool 

will be used to structure and focus the discussion for each session and by the easy 

availabilty of hard copies of the material for review and modification purposes. 

CONCLUSIONS 

BDM-KAT is a cognitive ly-based toolkit that represents a maJor shift in the 

development of tools to support the knowledge acquisition process. \\'hile previous tools 

assisted the knowledge engineer in efforts related to programming or implementation. 

BDM-KAT has been developed based as an application of cognitive research to assist the 

knowledge engineer in eliciting and representing knowledge in a cognitively valid, 

computationally efficient manner. \Ve believe BDM-KAT has the potential to provide 

signi ficant assistance to knowledge engineers in three broad areas. First, BDt¥1-KA T can 

streamline the overall process by: 

• representing objec ts at the appropriate conceptual level: 

• enabling elicitation and representation of fine-grained temporal 

knowledge; 
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• enablin2: direct elicitation of causal knowled2:e; 
~ -

• capturing relevant heuristic knowledge provided during other sess10ns 

on-line: and 

• using a high-quality, friendly user interface. 

In addition, BDM-KAT \\'ill improve the nature of the domain expert 's interactions during 

knowledge elicitation by: 

• providing a high-quality interface; 

• supporting Yerbalization of knowledge by the expert via cognitive 

compatibility: 

• supportmg more focused and efficient sessions: and 

• supportirrg immediate print-out and review of elicited knowledge. 

Finally, BDM- KAT enhances the verifiability of the el icited knowledge by: 

• supporting immediate prim- out and review of elicited knowledge; 

• allowing on-line browsing of all elicited knowledge at any stage of 

elicitation: 

• using cognitively compatible interface representations; and 

• reducing the amount and number of "translations" between the expert 

and the knowledge base. 

In addition to enhancing the quality and timeliness of the knowledge acquisition 

process, BDM-KA T \\'ill generate a knowledge base whose contents reflect the expert's 

mental organization. Such a structure is most likely to result in a knowledge-based 

system, intelligent tutoring system, or decision aiding system that can be used effectively 

in operational settings. It is our position that the cognitive foundations of BDM-KAT and 

its orientation toward the acquisition of knowledge in a form familiar to and comfortable 

for the domain expert have resulted m a system whose utility is not constrained to a 

specific domain or domain class. 
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The O\'erall concept of BDM-KAT calls for a fully integrated set of tools and a 

coherent. integrated database representation of the elicited knowledge to \\'hich 

inferencing techniques can be applied. Research on knowledge acquisition in the context 

of BDM-K4.T deveiopment is continuing with the emphasis moving toward deve loping the 

capabilities that will realize the toolkit's potential for general purpose use in three broad 

technical areas of research: 

• \'isualization of knmvled!Ze for elicitation and control purposes; 

• integration of the elicited knowledge and the BDM-KAT tools; and 

• interfaces between the environment and its users. 

These topics will be pursued and new tools and capabilities implemented as the 

-
nppropriate designs are developed. In a ll continuing work, the predictions and parameters 

of the human cognitive systems, ns modeled in the multi-dimensional model d iscussed 

earlier will be used to define boundaries and requirements of the system. 
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DRAFT 

Rapid Proto typing of Intelligent Controller Knowlege Bases Using the BDM 

Knowledge Acquisition Toolkit (BDM- KAT) 

Abstract 

Juliana S. Lancaster 
Leo M. Vekker 

Brian G. Kushner 
BDM International, Inc. 

and 
Edward S. Manukian 
University of M aryiand 

The development of new systems, both commercial and military, has come under a 

serious, heightening handicap in recent years by a trend of lengthening time-spans in the 

technological developments of both materials and product. Demand for materials ad­

vances now face a lag of as much as 30 years between laboratory development of a new 

advanced material (e.g., P/M superalloys or high temperature epoxys) and its integration 

in operational components. The goals of an approach termed Intelligent Processing of 

Materials (IPM) are to make use of new potentials more quickly and to support improved 

control of advanced materials processes. IPM approaches support the development and 

introduction of sensors to measure microstructures and infer component properties which, 

coupled with the inherent flexibility of a knowledge-based (i.e. , intelligent) controller, 

could provide the capability to tailor "specialty" materials and their processing for par­

ticular applications. Estimates indicate that IPM has the potential to reduce the transfer of 

technology from the laboratory to production from a time scale of multiple years to one 

measured in months. The end goal is to improve the quality, reliability, and yield of 

advanced materials and to accelerate their insertion in tomorrow's defense technologies. 

BDM has been addressing the requirements for intelligent control of Hot Isostatic 

Pressing (HIP) and the larger issue of effective and efficient knowledge engineering for 

IPM in related projects over the past three years. In these projects, working prototypes of 
both an intelligent controller and of a knowledge engineering toolkit (BDM-KAT) have 

been developed. This paper discusses intelligent control and its relationship to effective 

knowledge acquisition (KA) and reviews the rationale and theoretical support for BDM­

KAT. 
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Types of Knowledge Required for IPM Domain 

Dotnain Structure 

• Knowledge of Materials Properties and Interrelationships 

• Knowledge of Novel, Incompletely Characterized Materials 

Causal Networks 

• Process Control and Causality Knowledge 

Constraints 

• Temporal Knowledge of Process 

• Knowledge of Where Process Models are Valid 
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Uses of IPM Knowledge in Intelligent Control 

Domain Structure 

• complete specification sheet 

• categorize faults and failures 

Causal Networks 

• material selection 

• active control and diagnosis 

Constraints 

• schedul~ optimization 

• priority ordering and schedule selection 
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Desired Features of a Knowledge Acquisition System 

A Knowledge Acquisition System should: 

• reduce the level of burden on the domain expert 

• reduce the dependencies on individual knowledge engineer skills 

• reduce the requirements for translation to KRL 

• reduce the domain dependence of tools 

• provide a controlling structure for a KA effort 

• provide a mechanism for selecting appropriate tools/techniques 

Our Solution was to Use a Cognitive Basis for KA 
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Categorizer 

PURPOSE: Capture stable, underlying domain structure 
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Time Mapper 

PURPOSE: Decompose process into event hierarchy 
Capture temporal relationships 

METHOD: Elicits event/suhevent structures 
Elicits temporal unit and duration for events 
Elicits start point and min/max durations for events 

INTERFACE: Graphic representation of event sequence and timing 



BDM INTERNATIONAL, INC. 

Causal Charter 

PURPOSE: Elicit cause- effect chains in processes and events 
Provide verification of knowledge elicited with other tools 

METHOD: Elicits functions, structural parts and causal links 
Can elicit higher order "rules" 

INTERFACE: Textual representation of objects, functions, and structures 
Graphic representation of causal chains 
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A Cognitively Valid Knowledge Acquisition 
Tool 

Introduction 

Juliana S. Lancaster 
Christopher R. Westphal 

Karen L. McGraw 
The BDM Corporation 

Advanced Technology Division 
1300 N. 17th Street. Suite 950 

Arlington. VA 22209 

As more (and more) knowledge-based systems are 
designed for operational use. it becomes apparent that the 
knowledge engineering (KE) process of transferring 
domain expertise into the system consumes the single 
largest block of development time (Feigenbaum. 1977; 
Hayes-Roth. Waterman. & Lenat. 1983) . To reduce the 
time required for this stage, numerous tools have been 
developed that automate--or systematize the elicitation and 
transfer of knowledge from expert to knowledge base. 
Among these advances are developments in machine 
learning that enable an expert system to acquire its 
knowledge from "experience" (Michalski, 1980; Michie, 
1982), expert system shells that allow domain experts to 
write their own rules (e.g., MacSMARTS), and knowledge 
engineering tools that assist a knowledge engineer in 
his/her work. The material reported here describes BDM's 
development of a computer- based set of tools. known 
collectively as BDM-KAT. 

BDM-KA T has been designed and implemented to aid a 
trained knowledge engineer in eliciting expert knowledge 
about well-structured domains. BDM-KAT is based on 
principles of human cognition. particularly those relating 
to the representation and structure of knowledge in 
memory. BDM-KAT provides an environment in which the 
knowledge engineer and domain expert discuss, 
manipulate, and record the objects and relationships that 
provide the domain with its structure and predictability. As 
the elicitation progresses, a database of basic domain 
components is developed. Using this database, a 
knowledge base and inferencing structure can be built to 
operate in the selected domain. It is important to note that 
BDM-KAT can elicit rules about the domain and its 
operation, but that is is not required to do so . 

Most knowledge engineering tools force domain experts to 
present their knowledge in the format on which the tool is 

based (e.g ., repertory grids. fuzzy sets). This requirement 
mav force the experts to translate the expression of their 
kn~wledge from a fami liar. useful form to a novel. r 
untested one. BDM-KA T avoids this restriction through 
the use of recognized conceptual mechanisms such as 
categorical structures (Rosche, Mervis, Gray, Johnson. & 
Boyes-Braem, 1975), causal models, and timelines oi 
events (Barsalou, 1986). In developing this framework. 
several characteristics of human knowledge organization 
and reasoning surfaced that are critical to the KE process: 
the structure of knowledge, the stability of knowledge, and 
the representation of knowledge. Each is briefly discussed 
below. 

Structure 

Categorical Structure of Knowledge: People tend to divide \ 
the world into relatively neat categorical structures. While 
for lavmen the categorical divisions are frequently I 
unstable (e.g., individual items may change their positions 
in terms of both category membership and typicality within 
a category (Barsalou, 1986)) , experts in a specific field 
hold stable and shared categorizations of their domain 
(Rosche, 1975) . A substantial portion of one's 
understanding of a domain rests in knowledge about the 
items that appear in the domain. their individual and 
collective characteristics, and the relationships between 
them. Because this organization is natural to the domain 
expert, knowledge elicited within this structure is likely to 
be more easily obtained and more accurate. 

Temporal Organization of Events: In addition to dividing 
objects in the world into categorical sets, people structure 
their knowledge and memories of events into orderly 
sequences. This knowledge appears to be organized 
internally into "mental time line models" in which the 
temporal relationships between episodes are specified 
(Barsalou, 1986). Where the episodes or process eventS 
can be decomposed to enabling or sub-events, hierarchical 
relationships exist between them similar to those between 
levels in a categorical taxonomy. This structural nature of 
event memory can be exploited in eliciting knowledge 
about processes that occur over time. Drawing from this 
model the domain expert can tap and share the order. 
temporal characteristics and relationships, and 
hierarchical associations between steps in the process. 

Causal Structures in Knowledge: Finally, experts can be 
partly defined as those individuals who underStand the. why 
and how of a particular domain. All people, even novtces. 
construct causal mental models of the world around them 
(Kelly, 1955). However. causal models held by a novice 
may reflect incorrect assumptions or focus (e.g .. 



correiations 1. \Vhile those held by an expert tend to be 

more accurate. As with categorical and temporal 

organizations of knowledge, causal models can be elicited 

directly from an expert by focusing interactions on the 

expert's explanations for states and conditions in the 

domain of interest. 

Of these three types of knowledge, causal models are the 

most similar to the rules usually sought in knowledge 

acquisition. The categorical and temporal features of a 

domain are also critical for understanding, reasoning, and 

problem solving in the domain, but are difficult to elicit 

manually in the forms needed for knowledge-base system 

development. BDM's research efforts in the design of the 

Knowledge Acquisition Tool (KAT) have been oriented 

toward developing a method and means for eliciting and 

utilizing expert knowledge in a form compatible with the 

expert's internal model. 

Stability 

The design philosophy behind BDM-KAT is based on an 

application of the theories of Vekker• (1974. 1976, 1981) . 

A critical component of his theory states that expert 

knowledge about a domain Is stable across time and 

perspective . For the purposes of knowledge elicitation, the 

stability of expert knowledge has two implications. First, 

knowledge elicited in one session can be compared to the 

results of other sessions for validation purposes. thus 

providing an ongoing capacity for checking the accuracy 

-- and completeness of the growing knowledge base. Second, 

the "expertness" of an individual can be determined by 

monitoring the stability of his/her knowledge across 

sessions. To the extent that stability is not maintained in a 

segment of the domain. the knowledge engineer may 

decide to pursue efforts in that sub-domain with a 

different domain expert. 

Modality 

Research has indicated that human knowledge is 

represented in both visual and verbal modalities (Vekk.er, 

1981; Anderson, 1984; Paivio 1986) . Vekk.er supports the 

theory that object names and properties are verbally 

represented while spatial. logical. and temporal 

relationships are more likely to be visually represented in a 

person's cognitive model. This perspective on human 

knowledge representation has important implications for 

the design and structure of user interface representation 

and internal human representation that will enable more 

efficient interactions between user and system. 

BDM- KAT Design 

BDM-KA T has been designed to enable a knowledge 

engineer to elicit knowledge based on both the structure 

· '.·.:: Cll'• -- •. _ 

and modality in which it is most likely to be represented in 

the domain expert's internal cognitive model. To 

accomplish this, BDM-KAT consists of three cooperating 

knowledge engineering tools: Categorizer. Time Mapper, 

and Causal Charter. Categorizer elicits knowledge about 

the stable, underlying structure of a scientific domain via 

the drawing and filling in of a tree-like taxonomic 

structure. Time Mapper provides a context in which the 

domain experts position items on time lines to express 

knowledge about the temporal characteristics of and 

relationships between events and subevents within a 

process. Using Causal Charter the knowledge engineer 

elicits cause-effect knowledge for domain functions and 

events. Each tool provides the knowledge engineer and 

domain expert with a means for 1) focusing attention on 

the aspect of the domain being elicited, 2) recording 

information as it is elicited, and 3) verifying the 

information as it is elicited. 

Each toot uses both textual and graphic interface 

representations . All tools output to and interact with a 

single database, so knowledge elicited by any toot can be 

used in future elicitation sessions with other tools. The use 

of such a database also provides an exceUent knowledge 

browsing facility and content for the development of 

knowledge documents. 

Categorizer 

Categorizer elicits the underlying structure of a domain by 

requiring the expert to construct a taxonomy or set of 

taxonomies. As discussed earlier, categorical knowledge is 

commonly held for any domain or topic area. 

Furthermore, it is critical for constructing a domain model 

because the properties of specific objects and object 

classes wiU dictate much about how the knowledge can be 

used. In Categorizer. the expert initially creates and names 

objects that exist in the taxonomy and places them at the / 

appropriate position within the structure. The expert works 

primarily in a top- down fashion, but the tool does not 

restrict the level at which objects can be named. After the 

taxonomy has been developed the essential, contingent, 

and second-order properties of each domain object are 

elicited from the expert. A clear knowledge of object 

properties is necessary for the success of the overaH 

knowledge engineering effort because it will be these 

properties that will determine how the model can be 

perturbed during future verification activities. Object 

properties are best elicited in tandem with object 

taxonomies in part because they follow from the structure 

of the taxonomy and also because. while the expert's 

attention is focused on that taxonomy, slhe will be less 

likely to make errors. 
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Tune Mapper 

As Categorizer elicits taxonomic and part- whole 
relationships among object. Time Mapper elicits the 
structure of events or actions that occur during the 
execution of a process. Specifically, Time Mapper elicits 
the hierarchical relationships among events and subevems 
(at multiple levels), the overall duration of each event. and 
the specific starting and ending times of each subevent 
within an event. This elicitation effort is critical to 
developing a full process model because it provides both 
the decomposition of the process into well specified 
components and the temporal relationships necessary for 
control. The expert is asked to name the process as a 
single event and then to name the subordinates of that 
event. This cycle iterates with increasing specificity such 
that the subevents at one level are considered as events at 
the next. until the events can be decomposed no further. 

Causal Charter 

The third tool. Causal Charter. is used to elicit high level 
"rules" and low level cat;Se-effect chains. The rules are 
intrinsically implicit and are supplied by the expert 
through a description of an item to be "charted" . This 
item under consideration may be either a function of a 
domain object (specified during Categorizer as a 
functional property of that object) or a subevent from the 
process decomposition state of Time Mapper. The 
structural elements in the item description are separated 
from the additional functions specified and are grouped 
together to indicate those elements that support each 
function in the description. Thus, the generation of 
clusters of structural elements (as units) are related to 
specific functions. The expert is asked to name those items 
from the description that provide support for each function 
given in the description. When specifying the cause-effect 
chains the elements are selected from the mechanism in 
the order in which they are caused or required by the 
mechanism. Thus a completed chain indicates the process 
by which the final state or e lement is reached. Causal 
Charter can also serve as a verification mechanism on 
some components of the categorical and process 
knowledge elicited previously. 

Categorizer 

"Professor Lev M. Vekker is the former head of Cognitive 
Psychology at the University of Leningrad. Special thanks 

to Roger Geesey. Carl Friedlander. and Larry Reeker. 
Work described in this paper was supported by the U.S. 
Defense Advanced Research Projects Agency, through the 
Air Force Office of Scientific Research under contract 
number F49620-86-0036 and the Army Research Office 
under contract number DAAL03-87-C- 0019. The views 
and conclusions contained in this paper are those of the 
authors and should not be interpreted as representing the 
official policies. either expressed of implied of the 
Defense Research Advanced Research Projects Agency or 
the U.S . Government. 

References 

Anderson. J.R. (1984). Representational types: A tricode 
proposal. Technical Report #82-1, Office of Naval 
Research, Washington, D.C. 

Barsalou. L.W. (1986) . The content and organization oi 
autobiographical memories (unpublished draft) . 

Feigenbaum. E. (1977) . The art of AI. Proceedings oj the 
Fifth International Conference on Artificial Intelligence. 

Hayes-Roth, F ., D. Waterman. & D. Lenat (1983). 
Building Expen Systems Addison-Wesley. 

Kelly, G. (1955). The Psychology of Personal Constructs, New 
York: Norton. 

Michalski. R. (1980). Knowledge engineering through . 
conceptual clustering: A theoretical framework and ' 
algorithm for partitioning data into conjunctive concepts. 
International Journal of Policy Analysis and lnfonnacion 
Systems, 4(3), 219-243. 

~ichie. D. (1982) . The state of the art in machine 
learning. In D. Michie (ed) /ncroduccory Readings in Experr 
Systems. 

Paivio. A. (1986). Mental Representations: A Dual Coding 
Approach, New York. Oxford University Press. 

Rosche. E .• C.B. Mervis, W.O. Gray, D.M. Johnson. & P. 
Boyes- Braem (1975) . Basic objects in natural categories. 
Cognitive Psychology, 8, 382-439 . 

Vekker. L.M. (1981) Mental Processes: The Agent, rhe 
Experience, Action and Consciousness Vol. 3, Leningrad 
University Press. (In Russian) . 

Vekker. L.M. (1976) Mental Processes: Thinking an~ rht 
Intellect . Vol. 2, Leningrad University Press. (In Russran). 

Vekker, L.M. (1974) Mental Processes. Vol. 1. Leningrad 
University Press. (In Russian) . 



I 

I 

I I 



KNOWLEDGE-BASED SYSTEMS APPLIED TO 
ADVANCED MATERIALS MANUFACTURING 

Andrew B. Levy and John J. Wlassich 

The BDM Corporation 
1300 North 17th Street 

Suite 950 
Arlington. Virginia 22209 

(703) 247- 0340 

ABSTRACT 

The U.S . Department of Defense (DoD) is planning a new generation of weapons 
systems that require the production of advanced materials in quantities that are 
cost-prohibitive, given current manufacturing techniques. This paper introduces 
the Defense Advanced Research Projects Agency, Defense Sciences Office 
(DARPAJDSO) Intelligent Processing of Materials (IPM) program and describes its 
projected impact on the reduction in cost of advanced materials manufacturing 
through the utilization of knowledge-based systems and intelligent control. 

1.0 INTRODUCTION 

Historically, weapons systems in the U.S. have been designed to fulfill multiple 
roles. Examples are the F-111 fighter/bomber and the Armored Personnel Carrier 
that serves as a command and communications vehicle. The motivation for 
multiple role weapons is one of force multiplication; procuring fewer weapons 
while maintaining effective readiness. Versatile weapons imply a degree of 
innovation and sophistication over single function arms. Often, advanced 
technology systems demand modes of operation that exceed current materials 
properties. The new materials must withstand higher temperatures, greater 
stresses. and harsher environments than their predecessors. 

Copyright 19 8 8 by Elsevier Science Publishing Co., Inc. 
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The U.S. Deparnnent of Defense (DoD) has begun plans for a new generation of 
weapons systems that require the production of advanced materials in quantities 
that are cost- prohibitive, given current manufacturing techniques. An examination 
of the state of advanced materials manufacturing reveals the primary factors that 
contribute to the high cost. The manufacturing techniques for advanced materials 
are in a stage that is not far removed from initial laboratory-scale processing. 
Fundamental insight into the process kinetics is usually poor or nonexistent. The 
same can be said of sensors of process state variables. Processes are, in general, 
controlled by heuristics that are compiled from numerous runs and sensitivity 
testing. This trial-and-error methodology leads to predictably low levels of 
production yields -- outright losses are high, typically greater than 50 percent -
thus making the manufacturing process appear more as an art than a technology. 
Furthermore, material uniformity is poor and reproducibility is low. Fabrication 
cycle times are conservative so as to ensure a comfortable margin of safety that as 
least a portion of the product will meet specifications. Experimentation to scale up 
to larger production quantities is often inhibited by the high cost of failures. 

The Defense Sciences Office of the Defense Advanced Research Projects Agency 
(DARP AID SO) has responded to the need for innovative, economical production 
techniques for advanced materials critical to DoD mission requirements through 
the formulation of the Intelligent Processing of Materials (IPM) program. IPM 
targets GaAs, titanium aluminide intermetallics, and carbon/carbon composites as 
prime emerging materials that could benefit from a pointed research thrust in 
order to achieve economical production means. The challenge is to accelerate the 
transition from materials processing in ~ laboratory environment to fabrication 
techniques in a production environment. Today, a complete cycle of research, 
development, and application requires about 15 years. The mission of the IPM 
program is to reduce this cycle by half for specific materials in order to meet 
DoD's timetable for deployment of new systems, such as the National Aerospace 
Plane that is projected for 1993. The tools proposed by IPM for accelerating the 
transition are analysis and synthesis of the materials process kinetics to form 
models of the state metastasis, in conjunction with in-situ sensors to monitor actual 
states. The vehicle for the accelerated transition of laboratory research to yield 
enhanced manufacturing techniques is knowledge-based systems. 

Figure 1 depicts an approximate relationship between models, sensors, and 
heuristics in advanced materials production. The focus of IPM is to accelerate the 
movements of materials processing techniques from a position on the left to a 
more economical position in the right. Phase I of IPM encompasses research in 
addition to capitalization on the gains afforded by developing new sensors and 
capturing process heuristics in knowledge-based systems. 
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One might ask, if the models and sensors are part of the IPM research effort, how 
can one instantiate heuristics given that experts will not exist who have used the 
new models and sensors? IPM overcomes this problem by structuring the program 
to meld existing heuristics, data bases, models, and sensor information into a 
computer- based workstation from which the processes can be controlled through 
human intervention. This workstation approach is illustrated in Figure 2. By the 
end of Phase I, the new expertise will be captured in knowledge-based systems in 
order to emulate and enhance human control actions, forming an intelligent 
controller for use in Phase ll of IPM. Phase ll will tackle scaling and 
implementation issues to apply the suite of analytical models, in- situ sensors, and 
knowledge- based systems to a manufacturing environment. To promulgate the 
transfer of this innovative manufacturing approach for the benefit of American 
industry, a microfactory will be built that embodies the essential elements of 
intelligent control of the advanced material at a production level, for showcase 
demonstrations, and actual material production in bulk quantities. 

The remainder of this paper will focus on knowledge based systems applied to 
manufactunng problems and the approach taken by The BDM Corporation in the 
area of knowledge acquisition. In addition, a summary of one IPM program, Hot 
Isostatic Pressing, will be presented as an example of the implementation issues 
addressed by IPM. 

2.0 IPM AND EXPERT SYSTEMS 

The field of expert systems is a discipline- within the applied artificial intelligence 
field wherein human expertise in a specialized domain is codified and 
implemented on a computer. This coded expertise may then be coupled with other 
processes, such as an inference engine, a user interface, and a report generator 
module, in order to build an integrated application program that uses the coded 
knowledge. One of the benefits that may be attained from expert systems is that, in 
some cases, high levels of performance are achievable with computerized expert 
systems in a fraction of the time that would be required for human experts to 
receive the necessary training and education to accomplish the same task. 

Expert systems have received a great deal of attention recently in professional and 
academic circles. Much of the attention, however, is due to the relative successes 
of a small number of expert systems being used for research purposes or in 
professional fields. And although there remains no unanimity of the definition of 
what an experts system is, such systems typically possess a number of 
characteristics that provide a clear distinction. Expert systems are heuristic by 
nature, using "rules of thumb" to search for the best solution in a space of 
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solutions in which there is not necessarily a single "right solution. " The type of 
information processing performed by an expert system is heavily inferential. 

For this reason. expert systems tend to address problems that do not have 
conventional algorithmic solutions; and. if the expertise that is captured in the 
program is deep enough, they come to much the same conclusions as do human 
experts. Conventional programs, on the other hand, are algorithmic processes that 
execute procedural instructions, usually in a repetitive fashion. There is no reason, 
of course, that expert systems cannot incorporate algorithmic processes where they 
are known and useful. We know that human experts do the same, with pencil and 
paper or a computer. 

-
One of the critical problems that has arisen relative to the development of expert 
systems and their component knowledge bases deals with the process by which 
knowledge is acquired. In many cases. knowledge acquisition is a more formidable 
problem than locating the expertise or operating the expert system development 
software on a computer. In fact, this problem is often labeled the "knowledge 
acquisitio~ bottleneck." Simply stated, the knowledge acquisition bottleneck refers 
to the problem of extracting domain knowledge in a structured fashion from one or 
more experts and r :.: presenting it in a logical form that can be processed by the 
modules of a expert system. Knowledge acquisition is inherently time intensive and 
involves a number of data transfers between the expert, the knowledge engineer, 
and the computer, that can contribute to a loss of knowledge integrity. Building 
initial knowledge bases for a wide variety of domains, therefore, remains one of 
the largest problems in development and application of expert systems today. Let's 
examine in greater detail why knowledge . acquisition is a difficult problem. 

Typical approaches to building knowledge bases for expert system use rely on 
interactions between a domain expert and a programmer. In this manner, the 
expert's knowledge is communicated to the programmer, who may impose a new 
interpretation or organization onto the information before encoding it into the 
system. For those applications in which expertise is to be extracted from multiple 
knowledge sources, no mechanism exists for resolving any conflicts that may arise. 
In summary, typical approaches to knowledge acquisition often compromise the 
integrity of the gathered data. 

It is this knowledge acquisition bottleneck that has been identified by DARPA as 
the critical problem in transitioning knowledge relating to strategic systems, such 
as the knowledge of advanced materials manufacturing, from the laboratory to the 
factory. The IPM program seeks to reduce the time required for transitioning the 
associated processing techniques into full manufacturing environments. Doing so 
will involve the expertise of laboratory materials scientist and process engineers as 
well as the use of expert systems, in-situ sensors, and process models. The 
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integration of these systems will facilitate 12:reater control over the materials 
processing environment and will reduce the long lead- time between initial 
materials development and eventual materials production and utilization. 

2.1 A Knowledge Acquisition Tool 

Because of the specialized nature of some of the subsidiary materials processing 
fields, as well as the small number of industry experts in those fields, the IPM 
program will employ expert system technology to develop an intelligent knowledge 
acquisition system. This portion of the IPM program, known as the Knowledge 
Acquisition Tool (KAT) project, is aimed at making the most efficie_nt and effective 
use of the limited number of domain experts in some of the materials processing 
fields that have the highest potential for payoff in DoD systems. KAT is envisioned 
to be an intelligent supplement to the knowledge engineering process because it is 
being designed to provide structured mechanisms that can be used by the 
knowledge engineer for eliciting information about materials processing. 

It should be stated that KAT is not intended to replace the knowledge engineer or 
the knowledge engineering process. It is not intended to be a system that builds 
materials processing expert systems. Rather, it is an intelligent tool that assists a 
knowledge engineer in the construction of a knowledge base. To that degree, KAT 
is designed with interchangeable domain-specific libraries and models. It therefore 
can be used to construct knowledge bases in virtually any domain for which a 
library of knowledge objects may be defined. KAT uses graphics-based drawing 
windows and multiple representations of knowledge objects to bring the domain 
expert closer to the maturing knowledge -base and to allow the domain expert to 
freely explain a process, model, or event. The use of such a tool in itself 
constitutes a major advancement in the knowledge engineering process. 

Using KAT, the knowledge engineer and domain expert will iterate through three 
querying modes in which the expert will be prompted to answer different types of 
questions about a particular materials processing domain. In the first mode, known 
as the clarification mode, the expert will be provided with facilities for creating an 
AND/OR graphical representation of the process. Once a certain amount of 
information is encoded in this format, the users will switch into a second mode 
called the prediction mode. At the start of the prediction mode, the knowledge 
structure created during the clarification mode will be converted into a flowchan 
display. The users will be prompted to answer a series of questions about each 
subprocess represented in the defined structure. For example, the domain expert 
might be asked to estimate ranges for temperature, pressure, and exhaust gas 
ratios at each point identified thus far in the process. In addition, the expert will be 
asked to make predictions about what could go wrong at each given point and to 
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provide suggestions for redesign that might lead to avoidance of identified 
problems. Once these queries are completed, the knowledge engineer will return to 
the clarification mode and will recycle through the questioning, thus adding to the 
knowledge base in an efficient, iterative manner. 

Once the expert has iterated through the first two modes several times, a fairly 
detailed knowledge structure will be in place. At this point, the users will enter a 
third mode, termed the diagnosis mode. In this mode, the KAT facilities will 
provide a step- through presentation of the materials process as specified up to this 
point. A sensor panel will be displayed so that the users can see how certain 
process indicators change dynamically during the process. In addition, the users 
will be able to trace the pattern of the rule firings that effect the changes indicated 
by the sensors. In this mode, the domain expert will have opportunities to diagnose 
the process knowledge in the knowledge base created thus far by adding, changing, 
or deleting elements as necessary. 

2.2 KAT Progress to Date 

KAT is being designed and built at .BDM on a Symbolics 3670 Lisp machine using 
the KEETM and Sim.Kitn.o development environments. 1 KAT makes extensive use of 
the graphical and user interface functions within KEE as well as the design models, 
library representations of objects, clock, calendar, and various mathematical tools 
in SimK.it. The event-driven nature of the SimK.it simulation environment makes it 
ideal for representing materials processes as networks of objects and relations. 

Even though the KAT contract portion of the IPM program has only been in place 
for several months, a substantial amount of design and programming has already 
been accomplished. Much of the design work for the clarification and prediction 
modes for the "Version 0.0" prototype of KAT has been completed and design 
work for the diagnosis mode is under way. Additionally, functional modules of the 
clarification and prediction modes have been coded and are undergoing 
enhancement and testing. 

3.0 HOT ISOSTATIC PRESSING: AN IDEAL IPM PROGRAM 

Hot Isostatic Pressing (HIP) is a process by which metal powders are compacted to 
nearly 100% of complete density in forms that approximate the net desired shape 
of a component. The primary benefit of HIP is the ability to produce parts made of 
metastable-phase interrnetallics. Quenching ingots of titanium aluminide 
intermetallics does not transfer heat quickly enough to reach metastable phases. By 
rapidly solidifying atomized, molten titanium aluminide intermetallics to achieve 
1 KEE and SimKit are trademarks of IntelliCorp. 
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the desired phase in powder form, then compacting the solidified powder, one can 
yield bulk quantities of the required material. 

A typical HIP cycle lasts three hours, during which the component is subjected to 
inert gas pressures of 2000 atmospheres and temperatures of 1000 degrees 
centigrade. The temperature and pressure profile during the cycle forms an 
open-loop schedule with the intent to achieve 100% densification. Figure 3 
illustrates a process schedule. Presently, schedules are designed by relying on 
subjective rules compiled from numerous past experiments and production runs. 
Companies that manufacture materials via HIP have closely guarded scheduling 
heuristics resident at their facilities . Reduction in cycle times should focus on the 
excess time that is added to HIP schedules as a rough estimate t9 ensure 100% 
dense components. If monitoring of the actual component's density as a function of 
time were possible, cycle times could be optimized. Additional control to improve 
uniformity and cut outright losses depend on models of the yielding, creep, 
diffusion, and chemical bonds in the material as a function of the temperature and 
pressure schedule comprising a HIP run. 

Phase I of IPMIHIP addresses the issues of increasing production yields and 
controlling microstructure by structuring a program that includes modeling of the 
process kinetics, capitalizing on unique density sensor, and instantly processing 
heuristics into an Intelligent Control approach. The laboratories of the Materials 
Science Division of the National Bureau of Standards (NBS) has been chosen for 
this program. An ASEA HIP chamber is ready for experimentation in addition to 
extensive facilities for test and evaluation of pressed samples. Models of the 
mechanical and chemical processes which occur during a HIP cycle exist for lead 
and copper. IPMIHIP targets extending this analytical understanding of titanium 
aluminide. 

A new sensor based on eddy current measurements developed at the National 
Bureau of Standards (NBS) has been proven viable as an in-situ density sensor for 
hot isostatic pressing. Figure 3 illustrates the ASEA HIP chamber with the density 
sensor. HIP schedule expertise is resident and available for development and 
enhancement at NBS. In addition to HIP experts at NBS, a consortium of American 
manufacturers using HIP has been formed as an advisory council. Input from the 
consortium will be vital to the completion of successful research into HIP failure 
modes. These modes include densification fronts (premature densification of the 
outer surface of a component which inhibits further densification of the inside 
volume), component buckling, metal powder container leakage (which halts 
densification and causes oxides to form on titanium aluminide), and dimensional 
constraints on the metal powder container to avoid undesirable shrinkage patterns. 
Already, guidelines from the consortium members has yielded research direction 
valuable to the NBS scientists in the area of shrinkage modeling. 
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The computer- based workstation is at the heart of the development of the 

intelligent controller. The workstation provides a rich information environment for 

the HIP expert to enhance the expert's control of the process. The new control 

heuristics may then be instantiated in a knowledge- based system. Figure 4 shows 

the computer network that will comprise the Phase I HIP workstation. Large CRT 

screens will display easily- used, understandable graphics of the sensor information 

coming from the HIP chamber, in conjunction with process simulation code that 

can be run from arbitrary initial states. Data logging and data base retrieval will be 

automated to free the user of administrative tasks and to enable him to focus on 

control of the HIP process. Color and three- dimensional representations of HIP 

process parameters, such as temperature, pressure, and density, will further 

increase the power of the expert. An ultrasonic in-situ sensor to measure grain size 

will be added to the functionality of the workstation as the technology of the sensor 

is developed. The workstation will form a man-machine interface that allows the 

human to act as predictor/corrector to achieve process control. Figure 5 shows a 

HIP control scenario. 

The BDNI Corporation will develop the workstation and conduct the knowledge 

engineering. It is expected that heuristics to avoid failure modes will come from 

experimentation and advice from the consortium. The goal of Phase I is to 

demonstrate the efficient production of titanium aluminide in cylindrical shapes 

with control over failure modes and material microstructure by man-in-the- loop 

process control. In Phase II, the intelligent controller will be designed to automate 

the control actions of the human. 

Phase II of IPMIHIP will build on the expa:nding knowledge base in an environment 

that addresses the essential scaling issues of HIP at the production level - a 

microfactory. The dual purpose of a microfactory is to start producing urgently 

needed titanium aluminide intermetallics economically while providing a showcase 

for commercialization by American industry. The location of the micro factory will 

be chosen from one of the sites of the Phase I consortium members. Figure 6 

depicts the completed Intelligent Control computer network. 
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4.0 SUMMARY 

The Intelligent Processing of Materials Program (IPM) is an interdisciplinary 
research thrust initiated by DARPA during 1986. It is aimed at capturing the 
expertise of the laboratory materials scientist and the process engineer to improve 
the quality, reliability, and yield of the new materials that are dictated by the latest 
DoD specifications. The IPM program will pursue the reduction in the historically 
long lead times between initial material development and eventual materials 
production and application. In doing so, the IPM program seeks to combine the use 
of expert systems, advanced in-situ sensors, and process models to control the 
quality of materials in a production environment. 

-
It is envisioned that expert systems will have a significant impact on the IPM 
program and that the objectives of the IPM program cannot be met without experts 
systems. Knowledge acquisition is a critical activity in technical program due to 
different types of knowledge that are required in a single expert system, and due to 
the complexity of the domains selected for IPM application. The coupling of inputs 
from one-_9r more knowledge sources, therefore, is clearly a formidable knowledge 
acquisition task, it is equally clear that the knowledge engineer is not adequately 
qualified to resolve the conflicts that will arise between domain experts. Much of 
the conflicts that will arise between domain experts. Much of the conflict 
resolution, therefore, must be accomplished by the experts themselves with the aid 
of an automated system that supports multiple representations of knowledge 
objects. This implies that some sort of intelligent system is required for the 
knowledge acquisition/knowledge engineering process. 
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Abstract 

Expert systems that will assist in the solution of C3 problems will require the use of multiple 

domain experts. The requirement to tap multiple experts results from the fact that in 

complex domains, any single expert may be very knowledgeable about only a small subset of 

the domain. Even when a single expert embodies required domain knowledge, the use of 

one expert for knowledge acquisition in highly dynamic domains may not produce knowledge 

base content that is diverse enough to accommodate anticipated domain problems. Csing 

more than one expert enables developers to make use of different problem solving 

approaches, considerations, and applications of knowledge . Multiple viewpoints can be 

incorporated tn a "multiexpert" expert system such that each line of reasoning can contribute 

unique information that others can access and use. The BDM Corporation has been 

investigating the use of hypertext technology to integrate and represent multiple (possibly 

conflicting) experts' views within BDM-KAT, a knowledge acquisition tool. The application 

of hypertext to the multiple expert problem provides a powerful vantage point from which to 

acquire, represent, and access expert knowledge, while preserving dissenting opinions. These 

techniques may also be integrated into other applications in which the preservation of 

multiple opinions is essential, such as intelligent tutoring systems, intelligent computer 

managed instruction and decision aiding systems in the C3 arena. 
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Expert systems that will assist in the solution of C3 problems will require the use of multiple 
domain experts. As a domain, the C3 arena is particularly susceptible to problems resulting 
from multiple expert input. Specifically, typical C3 problems will require that 
knowledge-based decision aiding systems be able to handle and/or integrate knowledge from 
experts who may represent diverse fields or subdomains. Furthermore, addressing this issue 
requires that the system be able to either resolve conflicting opinions and/or document their 
occurrence . The combination of emerging technologies, such as knowledge acquisition 
tooling and hypertext or hypermedia provides an approach to managing multiple expert input 
and multiple reasoning models within a domain. This paper describes one example of this 
approach anc!_ the synergy that can result from depicting and accessing multiple reasoning 
models. First. we describe BDM-KAT. a knowledge acquisition tool developed to capture 
process knowledge from the materials processing domain. We illustrate how this tool helps a 
knowledge engineer elicit a mental model for the domain by describing the different tools 
and modes available. Next. we detail the importance of basing a knowledge based system on 
valid mental models and discuss the need for multiple reasoning models. Finally, we 
describe the use of hypertext/hypermedia technology to enable the depiction and use of 
alternate or additional models and/or supporting text. 

Knowledge Acquisition Tooling 

Knowledge acquisition has been referred to as "the bottleneck in development," "the most 
problematic aspect," and the "most essential component of expert system development." 
Several problem areas within current knowledge acquisition methodologies contribute to this 
assessment (McGraw & Harbison-Briggs, 1989): 

• Inability or domain experts to verbalize decision making processes 
• Difficulties relating to the conceptualization of an expert's mental 

model for a domain 
• Inaccuracies inherent in the communication process, on which 

traditional knowledge acquisition is based 
• Difficulties involved in translating accurately the knowledge acquired 

from a session into knowledge base code . 

I Work described in this paper is supported by the US Defense Advanced Research Projec ts Agency, through 
the Air Force Office of Scientific Research under Contract number F49620-86- C-0036 and the Army 
Research Office uncer Contract number DAAL03-87-C-0019 . The views and conclusions contained in this 
paper are those of the a uthors and a re not to be interpreted as representing the official policies, either 
expressed or implied of the Defense Advanced Research Projects Agency or the US Government. 



To address these problems, the BDM Corporation's Advanced Technology group is 

developing the Knowledge Acquisition Tool (BDM-KAT). Although BDM-KAT currently is 

aimed at the acquisition of process knowledge, it is designed to overcome some general 

problems associated with knowledge engineering in a broad variety of knowledge- based 

applications. Using tools within BDM-KAT a knowledge engineer is able to elicit knowledge 

from experts in a structured manner such that the knowledge acquisition bottleneck is 

loosened. The end product of a series of sessions is a knowledge base for an expert system 

or: decision- aiding system. 

Working with BDM- KAT the knowledge engineer and domain expert interact with several 

specialized tools to build a process model for a domain. Tools currently in design and 

implementation for this purpose include: (1) Rule Builder, (2) Causation Charter, (3) 

Categorizer, and (4) Time Mapper. These tools stimulate the elicitation of process 

knowledge in a manner that reduces typical knowledge acquisition risks. The process model 

that results from iterative use of these tools is developed and refined in three modes: 

Clarification, Prediction, and Diagnosis. In the Clarification mode the knowledge engineer 

elicits declarative knowledge about the domain (Figure 1). In this mode. primary objects in 

the expert's domain are detailed and their relationships made explicit. The expert is 

provided with facilities for creating a graphical representation of the process . The objects 

that are built into the model are represented in frames in a hierarchically-organized 

knowledge base (Reeker, Blaxton, & Westphal. 1988). 

After the initfal model for the domain has been created, the Prediction mode can be evoked 

to provide a process flow view of the model. Goals for this mode include setting parameters 

for each stage in the process model, exposing deficiencies in the model, and allowing 

additional information to be inserted (Blaxton & Westphal, 1988). In this mode the domain 

expert and knowledge engineer identify sensors that are used in the process and develop 

active images for those sensors (e.g., thermometer, clock, flow rate monitor, pressure 
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gauge). Once developed, value ranges for each sensor are set (i.e., high, average, and low 
readings are defined). Additionally, the expert is asked to anticipate potential faults at each 
given point in the process. Problems in obtaining responses to these requests are minimized 
by having the expert interact directly with the active image that represents a crucial sensor. 
As it is likely that this identification of parameters, sensors, values, and potential problems 
will prompt the expert to redesign aspects of the process, iterations between Clarification 
mode and Prediction mode are expected. 

The result of iterations between these modes is a process model that represents a fairly 
detailed knowledge structure of the domain's concepts, conceptual hierarchies, facts, and 
heuristics for using those facts. At this point the knowledge engineer and domain expert can 
use the Diagnosis mode to step- through a presentation of the process that has been detailed. 
Much like an event- stepped simulation, this mode enables the domain expert to examine the 
model he or she has developed in a more active way. Later, key values and parameters of the 
model are challenged through selected perturbations to the model. This activity ( 1) exposes 
nuances and inaccuracies that may have remained undetected in the previous modes and (2) 
enables controlled iteration through the previous modes as the model is corrected and 
expanded (Westphal, 1988) . 

,.,,, ,.,........,, " t l ·~•.ct. v... ....... 
.,.,, u oe c• """·l 

Figure 2. BDM- KAT's Diagnosis Mode 
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The process model developed through the interaction between an expert and BDM-KAT will 
not necessarily reflect a " textbook" version of the domain. Rather, it will represent the 
expert's mental model of the problem and domain under consideration. While it may seem 
that an expert system would be better served by a knowledge base that is compiled from 
known scientific facts about the domain, there is much about the ways in which we reason 
with and from knowledge that this approach would not capture. For example, the concept 

3 



of a script has developed from the awareness that we approach the world with expectations 

and beliefs that we use to guide our behavior, our interpretation of what we see and hear, 

and our developing plans for reaching a goal or solving a problem (Mandler, 1979 ; Schank, 

1977). The plans we generate based on our expectations are not static or fixed, but rather 

are easily adaptable for changing situations (Gick & Holyoak, 1983; Hammond, 1986; 

Kolodner,' 1985; Kolodner & Simpson, 1984). This implies that the models on which the 

plans are based are not static, but can be reasoned with and manipulated. To achieve this 

capability in knowledge based systems, we must develop knowledge bases that are not just 

static representations of the domain content, but that represent usable models of the domain 

(i.e., we must capture the expert's own mental model). The knowledge bases elicited by 

BDM-KAT are created, structured. and modified by the expert using various tools to 

translate his or her own mental models. 

The Need for Multiple Reasoning Models 

Developing a knowledge acquisition tool to capture a single model for reasoning or processing 

is useful as it allows developers to frame the process. provide a common reference point. and 

illustrate the various tasks and subtasks involved. As a model in BDM-KAT is clarified and 

enhanced, for example, the characteristics of its components are simultaneously translated 

into code that becomes the initial knowledge base. However, in complex domains such as 

C3, developerli_ might not find it acceptable to build the knowledge base upon a single mental 

model. These domains often require multiple reasoning models for the following reasons, 

each of which will be discussed briefly: 

• A large domain may be composed of several subdomains, each having itS own 

required expertise; 

• Multiple domain expertS may approach problem solving within the domain 

from slightly different perspectives, even though the factS they refer to are 

similar; or 
• ExpertS in a given domain may have non- compatible models of the structure, 

content, and/or implications of the domain. 

Separable Subdomains. The requirement to tap multiple experts is due partially to the fact 

that, in complex domains, any single expert may be very knowledgeable about only a subset 

of the domain (Mittal & Dym, 1985; McGraw & Seale. 1988). Knowledge within a complex 

domain may exist in various separate but interrelated usubdomains." Problem solvers in the 

domain access and use knowledge from each subdomain to accomplish specific tasks; yet 

each piece of information may provide only part of the solution to the problem. In 

applications for which multiple subdomains are evident or in which experts disagree as to the 

structure of a process model it would be useful to be able to depict and/or invoke portions of 

an alternate model. For example, for the Mentor system developers were able to identify 

several expertS in the servicing of refrigeration equipment, each of whom had a particular 

specialty (Cochran and Hutchins, 1987). Similarly, developers of the DARN project (Mittal, 

Bobrow, and deKleer, 1984), a system to assist in computer maintenance. identified a variety 

of computer maintenance personnel early in the development process. They quickly realized 

that although the selected maintenance individuals all had a general understanding of the 

problem area, each had his or her specialty area within the general domain. In a system as 

complex as the Pilot's Associate, subdomains that contribute to a course of action may be 

even more dissimilar. requiring knowledge from subdomains such as system status, situation 

assessment, mission planning, tactics. and pilot vehicle interface. 
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Multiple Perspectives. Even if we were able to identify a single individual who embodies most 
of the required domain knowledge in a particular area, the use of one expert for knowledge 
acquisition in highly dynamic domains may not produce knowledge base content that is 
diverse enough to accommodate anticipated domain problems. Using more than one expert 
enables developers to make use of different problems solving approaches, considerations, 
and applications of knowledge. Previous research by LeClair (1985) has determined that 
multiple viewpoints can be incorporated in a "multiexpert" expert system, such that each line 
of reasoning can contribute unique information that others can access and use. Thus, system 
users can work from the combined strength of different problem solving models or solution 

sets. 

Non- Compatible Models. Since knowledge acqwslUC?n is still an intensely interpersonal 
communication problem, tools built to assist in this task must be able to graphically present 
the developing mental model to the domain expert. This presentation is a form of feedback, 
in which the expen uses the tool to verify domain knowledge elicited earlier. In the case of a 
single expert, this verification usually leads to refinement, but may not result in dramatic 
changes in the strucrure of the model. However, in the case of multiple experts, it may be 
difficult for one expert to view and agree with the structure of a model created by another 
domain expert, simply due to the fact that different users may have different mental models 
of a system's operating processes (Lehner, Rook, & Adelman, 1984) or may be using 
different labels_ to depict it. The degree to which contributing experts share the same lowest 
level data items, objects, and properties with the process model determines the cognitive 
consistency of the model with the human view of processing or reasoning in the domain. 
Being able to represent differences for later exploration and consideration helps developers 
increase the validity of the model on which the system will be based and thus, the validity of 
the knowledge base itself. 

Hypertext for Multiple Models 

Hypertext/hypermedia is a technology for "building systems for information representation 
and management around a network of multi- media nodes connected together by typed 
links" (Halasz, 1988, p. 836). Hypertext technology provides mechanisms that can be used 
to integrate and represent multiple (possibly cont1icting) experts ' views. This technology 
enables non-monotonic "idea processing" by providing 

• Windows on the screen that are associated with objects in a knowledge 
database of objects (e.g., domain concepts and categories) 

• Links or relationships between these objects 
• Chunk.ing of information into small units or nodes 
• User determined navigation through the database. 

Current hypertext systems support both graphics and fully-formatted text nodes. Users can 
browse contents within the "database" by navigating through the system. This is generally 
accomplished by selecting the target about which more information is desired. The 
application of this technology to the multiple expert problem provides a powerful vantage 
point from which to acquire, represent, and access expert knowledge, while preserving 
dissenting opinions. As an expert views a process model created in BDM-KAT he or she can 
add to or provide alternate models that may result from past experience, a different 
perspective, or the particular context of a problem. The expert can then call up one or more 
windows and provide ( 1) text explaining exceptions to a model, (2) considerations for the 
model's use, and/or (3) a graph of an alternate model (or portion thereof). The problem 
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solving environment that results is one that enables expens to compare , contrast, and follow 
different viewpointS (e.g., models, processes). 

The representation of, and access to information supplied to BDM- KAT by multiple expens 
is accomplished through an interactive, inspectable "hyper-expen" facility. A process frame 
of the domain model's base structure may contain an active, graphic icon (i.e., a crosshatch) 
indicating that additional information about this frame has been provided by another expen. 
Upon selecting this icon a user receives a menu that displays titles to all nodes relating (e.g., 
liri.ked) to that icon. Each entry is an active element that when selected, displays a window 
into the expert's commentS (e .g., justification or explanation for differing opinion) and/or a 
"sketchpad" containing a model of that expert 's view. The explicit relationships among the 
representations of the expertS' knowledge allow the interpolation of new reasoning strategies 
and browsing. 

Conclusions 

The use of knowledge acquisition tooling and hypertext technology as a partial solution to the 
problem of multiple expertS can be a significant step toward the construction of systems that 
enable reasoning from multiple models. The developers of these systems recognize that 
mental models are inextricably tied to problem solving context and individual expens. 
Providing facilities to allow the elicitation of mental models (and variations of ponions of the 
model) enable. users to browse the system and select the most appropriate reasoning model 
for the problem at hand. Not only can the elicitation of models and their variations enable 
browsing to select that which is most appropriate, but browsing also may result in extensions 
of an expert's understanding of the domain as he or she examines other ways of looking at a 
process. 
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APPLYING SOFTWARE ENGINEERING 
TO KNOWLEDGE ENGINEERING (AND VICE-VERSA) 

L. H. Reeker. T. A. Blaxton, and C. R. Westphal 

The BDM Corporation. Advanced Technology Group 
7915 Jones Branch Drive, McLean, VA 22102 

Abstract 

An underlying thesis of this paper is that software engineering at the program specification 
level is closely related to knowledge engmeering for expen systems describing processes. and 
that practitioners oi each can benelit substantially through companson of techniques and ob­
jectives. It is pointed out that a computer program is a process and that the activities 
described by computer programs are processes. Sometimes they are problem solving 
processes. but.:i.nc_reasmgly oiten. they are difficult to conceptualize in the problem solving 
paradigm. Within this context. a knowledge engineering tool for processes is described and 
discussed from two viewpointS. First. the tool itSelf is the embodiment of a number of princi· 
pies and methodologies of software engineering. Second. it is argued that such a tool can be 
useful in software engineering. panicularly in the cases where the software is not easily con­
ceptualized as problem solving. 

1. Introduction: Process Knowledge and Programming 

The enterprise of software engineering is dedicated to creating programming methodolo-

gies and environments that iacilitate the development of maintainable and verifiable software. 

A critical determinant in the design of tools to aid the software engineer is the manner in 

which the software engineering activity itself is conceptualized. Programming has traditionally 

been regarded as a problem solving activity. Thus, software engineering emphasis has often 

been on developing software aimed at solving particular classes of problems. even where the 

applications are not readily characterized as problems, in the sense of having initial states. solu-

tion methods. and solution states. In these latter cases. we argue that it is useful to think of a 

computer program as the specification of a process. The idea that a program specifies a 

Work described in this paper was supported by the U. S. Defense Advanced Research ProjectS Agency, 
through the Air Force Office of Scientific Research under contract number F49620-86-C.0036 and the Anny 
Research Office under contract number DAAL03-87..C-0019. The views and conclusions contained in this paper 
are those of the authors and should not be interpre~ as representing the official policies. either expressed or im­
plied. of the Defense Advanced Research ProjectS Agency or the U. S. Government. 
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process will not seem radical and may be seen as implicit in certain types of programming, 

panicuiarly in simulations: but it represents a shift of emphasis from the tradition of represent-

ing a program as a problem solving method. Processes may be problem solving activities. of 

course. but they may be many other things, including real-time control and operating systems. 

For instance, many of the examples cited as "components of complex systems" by Winograd 

(1979) are most easily conceptualized as processes (or as behavioral descriptions of systems), 

than as problem. solving activities. 

Once the model of programs as processes is accepted. the software engineering 

researcher's task becomes one of studying and providing facilities for the specification of 

-processes in a disciplined and natural manner. In this paper we describe a tool which provides 

such facilities. Tills tool was designed not as a software engineering environment but as a sys-

tern for acquiring knowledge about processes. The Knowledge Acquisition Tool (KAT') is 

being built using some imponant principles of software engineering, but it is clear that the 

techniques embodied in KAT for knowledge engineering can be fed back into the design of 

programming environments for software engineering. 

The mutually beneficial relationship between software engineering and knowledge 

engineering will be illustrated in two steps. First. we describe the operation of KAT. 

highlighting principles and techniques from software engineering that have been incorporated 

into its design. Second. we reverse our perspective and describe how techniques for acquiring 

process knowledge in KAT can be used to design better software engineering tools. 

'The acronym KAT has proven irresistible for a knowledge acquisition tool. We have become aware of oth­
eB in the literature, so the user may wish to read this not as IM KAT. but as a KAT. Specifically, we have begun 
calling it BDM-KAT. 
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, KAT- A Knowledge Acquisition Tool for Processes 

It has become apparent that one of the major obstacles in applying anificial intelligence 

to specialized domains is the difficulty of gaining from human expens the knowiedge necessary 

to create large and detailed knowledge bases. One approach to widening this ''knowledge 

acquisition bottleneck'' is to design computerized tools to elicit information from domain 

experts. KAT is being developed for this purpose. • The initial application area for which KAT 

is intended is materials processing. KAT is expected to expedite the transition of techniques 

:·or the synthesis of new materials from the laboratory to production environments. Although 

KAT is specifically aimed at the acquisition of process knowledge. it is being designed to 

overcome some general problems associated with knowledge engineering in a broad variety of 

knowledge-based AI systems. 

To understand the need for building a computerized tool such as KAT. it is only neces-

sary to consider the difficulties associated with the construction of knowledge bases. Figure 1 

shows the typical life cycle of a knowledge-based system as a variation on the more general 

software life cycle (Jackson. 1975). Considerable effort is expended in knowledge acquisition 

and prototype resting, largely because information gleaned from human expens is often either 

incomplete or incorrectly coded in early prototype versions of the system. This is true in pan 

because the typical approach to building knowledge bases entails prolonged and intensive one-

to-one interactions between a programmer and a domain expert. Thus there is an extra transla-

tion step between the expert and the implementation which may result in the misrepresentation 

of knowledge and the introduction of bias. Traditional methods of knowledge engineering are 

unstandardized and provide no formal process specification for knowledge base verification. 

•KAT is currently in prototype development stage. By prototype development. we mean that specificatioru 

are complete and an initial demonstration system designed for a particular domain (chemical vapor infiltration) is 

implemented. but that a large-scale deliverable prototype to be developed under the contract will not be available 

for several months. 
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We seek to recufy these problems in KAT by providing a structural format which remains con­

sistent throughout each application. The reader should note that although KAT will automate 

the knowiedge acquisition process to a large extent. it is not intended to replace the knowledge 

engineer. Rather. it is designed as a tool to aid the engineer in developing a knowledge base. 

2.1. A Closer View of KAT 

KAT is intended to address the dotted knowledge engineering portions of the diagram in 

Figure 1. providing a medium for experts to express relevant information about a processing 

Jomam. Titis knowiedge is captured and encoded in appropriate intemai representations ti.e. 

objects. frames. rules) by cycling through different modes of query designed to elicit 

knowledge from the expert in an organized and efficient manner. 

Using KAT. the knowledge engineer and domain expert iterate through the three querying 

modes indicated in Figure 2. In each mode. the expen is prompted to answer different types 

of questions about a panicular materials processing domain. In the Clarification Mode (Fig­

ure 3), the expen is provided with facilities for creating a graphical AND/OR representation of 

the process. ~1odel objects. or data items. included as components in the graph will be 

represented in frames in a hierarchically organized knowledge base. Oarification is thus 

designed to elicit primarily declarative knowledge. The user will place objects in the graph 

and assen logical relations (AND. OR. and NEXT) between them. 

The Prediction Mode (Figure 4) provides a process flow view of the model. exposing 

"holes" that were missed in the Clarification Mode. allowing additional information to be 

insened as necessary. Time and sequencing relationships that may only be implicit in the 

AND/OR representations are shown explicitly in this mode, though the logical design history 

explicit in the AND/OR graph is suppressed in the creation of composite objects. These com­

posite objects are displayed with simple "next" relations in the fiowchan format, emphasizing 
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the temporal flow of the process. 

It is emphasized that the fiowchan is not used to compose the process specification. but 

rather to check the specification previously composed using a structured methodology. It pro­

vides another perspective on the specification. providing a more refined frameworic for posing 

cenain questions that reference process sequences. In the Prediction Mode. the expen is asked 

to anticipate potential faults at each given point in the process. and to provide suggestions for 

redesign that might lead to avoidance of identified problems. Information gleaned from some 

of these queries is recorded into the knowledge base in rule form. though some knowledge can 

be maintained as ·'comment" text. Once these queries are completed. the knowledge engineer 

may rerum . to the Oarification Mode and recycle through the questioning, adding to the . 

knowledge base created thus far. 

Once iteration between Oarification and Prediction Modes has occurred a few times. a 

fairly detailed knowledge structure will be in place. At this point. the Diagnosis Mode (Figure 

5) is invoked. In this mode. the KAT facilities provide a step-through presentation of the 

materials process as specified up to this point. much like an event-stepped simulation. with the 

depth of the simulation limited to the knowledge impaned by the expen". 

2.2. Software Engineering Techniques in KAT 

Although KAT may appear to be an expen system in the acquisition of materials process­

ing knowledge, its current structure is closer to that of a software design environment. The 

KAT prototype is being built on a Symbolics 3670 in the KEE and SimKit environments. 

KEE is used because it provides many facilities to aid AI programmers in the generation of 

frame·like objects and rules. In addition, it has graphics and specialized mouse functions 

which are helpful in constructing user interfaces. The SimKit system, which resides on top of 

• For an overview of simulation in the knowledge acquisition process. see tWestphal. 1988). 
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KEE. provides a host of facilities for writing event-driven simulations. including a clock. event 

.:alendar. data collectors. and various mathematical tools for data analysis ~IntelliCorp, 1986). 

The event-driven nature of the SimK.it simulation environment makes it ideal for the materials 

processing domain. 

KAT is not currently intended to produce an expen system; rather. it is to be used as a 

means of producing a knowledge base by using both top-down and bottom-up process 

knowledge elicitation methodologies. The top-down portion. embodied in the Clarification 

\lode. is based on a technique akin to the Higher Order Software approach (Hamilton and Zel­

din. 1976: Hare!. 1980) used in complex software development for NASA. extended slightly to 

allow the specification of parallel processes (Reeker. 1986). The bottom-up portion. found in. 

the Prediction Mode. and in dynamic form, in the Diagnosis Mode, features flowcharting that 

can be rearranged djnamically and transformed back to the top-down AND/OR representation. 

The facilities provided in the Prediction Mode are not unlike those of TASC's Adagraph pro­

duct. based on the Pamela design methodology (Cherry, 1986). By iterating through the three 

query modes. the expert will be exposed to a variety of knowledge acquisition techniques (Fig·· 

ure 2). 

The Clarification Mode (Figure 3) may be thought of as a framework that allows the 

expen to infonn the system about the component subprocesses of each process. using a top­

down or process decomposition viewpoint. As mentioned above, the result is an AND/OR 

graph. The OR relations. where deterministically specified. will contain branches labeled by 

conditions that determine the appropriate path to select. If the conditions are not known. they 

may be indicated by question marks to denote alternatives that have not yet been resolved or 

will be decided by later indications of success or failure (nondetenninism), or by the initials of 

one or more expens who may have specified different alternatives. 
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Once a cenain amount of information is encoded in AND/OR format. the user moves imo 

the Prediction Mode (Figure 4 ). This transition entails a conversion from the knowledge struc­

ture created during the Oarification Mode to a dowchan display. In order to periorm this tran­

sition •. <\!\fD and OR tree structures are collapsed down imo single composite objects. The 

composites incorporating AND relations represent sequentially cohesive units. and those 

comprised of OR relations are logically cohesive (Pamas. 1972~ Page-Jones. 1980). The com­

posite objects may be expanded into their original parts as desired. 

For each subprocess point in a Prediction Mode ftowchan under the current system. the 

~!xpen is asked to indicate sensors that are relevant to the process. and to specify their normal 

operating ranges. In addition. the expert is asked questions concerning the interpretation of 

various sensor readings at each subprocess point. including extreme readings. The responses to 

such queries take the form of inference rules. For example, the expert might state: "If the 

temperature of the reactive chamber is greater than 1200 degrees. the infiltration of the preform 

will be uneven' •. KAT provides mechanisms to obtain these responses through an imeriace 

that attempts to minimize for the user the problems associated with the syntactic and semantic 

issues of rule-based structures ~Blaxton and Westphal. 1988). It is likely that this identification 

of potential problems will prompt the expert to redesign the process in some cases. 

By the time the expert moves into diagnosis, the Oarification and Prediction Modes will 

have been iterated many times. The Diagnosis Mode (Figure 5) provides a systematic check of 

the knowledge structure to allow the domain expert to identify problems with that structure by 

observing errors in its performance during a limited process simulation (Suwa er al. 1982). 

The detail might initially be quite sketchy. but as more knowledge is added. it becomes 

increasingly explicit. Where it is not adequately explicit. the Diagnosis Mode may expose a 

need for more detail. This process is analogous to something between a static code check and 
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m interpretive execution. The control statements implicit in the clarification and prediction 

inputs of the expen are used for sequencing, but conditions that affect sequencing can be 

chosen interactively and a record kept. so that various alternatives are tried. 

As may be seen in Figure 5. specialized graphics are used for displaying sensor readouts. 

In addition, the expen can observe directly the consequences of process rules defined during 

the Prediction Mode. If at any time the expen perceives the process to be going awry, the 

simulation can be halted and the system redesigned as necessary by reruming to the other 

:nodes. A redesign could include addition. deletion. or rearrangement of subprocesses. rules. 

or objects. We have examined the requirements making the mode more dynamic in the materi· 

a.ls processing case. and it is considerable. including qualitative physical knowledge lDe K.leer. 

1984; Kuipers. 1984). Though we have plans to develop this aspect of KAT in the future, the 

Diagnosis Mode currently consists only of the event stepped " tour" of the process specified. 

allowing the expen to verify that the events are taking place as specified and that conditions 

specified for the events are indeed true. 

The most imponant point to note about KAT's three query modes is that they are spe­

cially designed to elicit different types of information from the expen. Recent research on 

human memory has shown that the information people retrieve upon a given query depends 

largely on the way in which that query is posed (e.g., Roediger and Blaxton. 1987; Schacrer 

and Graf. 1986). In panicular. it has been shown that explicit queries (such as those in the 

Clarification and Prediction Modes) elicit different types of information from that obtained by 

implicit queries (Diagnosis), as indicated in Figure 2. In addition. the change in format of 

model presentation across modes constitutes a variation on retrieval cues that should help to 

elicit otherwise unrecalled information, leading to a more complete specification. Weinberg 

(1971), among others. pointed out the utility of considering multiple views of programs. Tilis 
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observation is valid both for code and for process specifications. Other systems such as EPOS 

: Biewald et ai. 1979) use similar techniques of incorporating multiple views when transitioning 

between design levels. The iteration of clarification and prediction provides opportUnities for . 

the elicitation of different types of knowledge and their organized integration into a single 

knowledge structure. 

3. Applying Knowledge Engineering Techniques to Software Engineering 

We now consider the application of techniques used in the acquisition of process 

knowledge to the enterprise of software engineering. It is imponant to remember that we are 

discussing the whQ.le_ software engineering process. from the formulation of a specification to 

the delivery of finished code. This includes debugging and documentation. 

As was stated at the outset. it is beneficial to view computer programs as describing 

processes. rather than as solving problems. The tradition of problem-oriented software 

~ngineering practices has its roots in the development of early programming languages. For 

example. it was the methodology of problem solution that was captured in the early higher­

level languages. A.LGOL tells the story in its name: ''Algorithmic Language ' '. The emphasis 

has been on supplying inputs to an algorithm and o~taining outputs (solutions to the problem). 

Unless the term is stretched a good deal. however,. problem solving is not the most common 

use of computers today. We are all familiar with operating systems. real-time contrOl systems 

and others that do not fit well into the "problem solving" mold. All of these specify 

processes. 

If one thinks of programming as process specification rather than as problem solving, the 

techniques available from work in the acquisition of process knowledge are available for use in 

creating better programming environments. The basic entities by which processes are 

described in a system for knowledge engineering about processes. such as KAT. include the 
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~owest level subprocesses and the structures that are referenced in the description of the pro­

cess at any level. In using .KAT to develop software specifications for programming a process, 

:1arural language descriptions of subsystems known to be programmable would constirute these 

lowest-level items. If KAT were being used to produce code directly, they would be state­

ments in a programming language or programs already written and being reused. There should 

be present in the software engineering environment a variety of statements of a functional. 

imperative, and declarative nature that can perform the desired operations. It should be possi­

ble to create new ones within the environment by composition of processes and by definition 

of basic processes on data structures. thus encapsulating data in a desirable manner. 

Additional basic entities in software engineering are the data structures used in program­

ming. In today 's software engineering methodology, data strucrures not built into the language 

are described by data abstraction techniques. In fact. this is exactly how their counterpans in 

knowledge engineering are described. In a navy knowledge-based system in which ships are 

basic objects. for instance. the system only knows what a ship is in terms of the operations that 

~an take place on ships and the predicates that can be used to make queries about ships. A 

ship is a different data object in a system for naval personnel records from what it is in a sys­

tem for naval battle management. 

Additional treatment of knowledge representation in knowledge engineering as the analo­

gue of data strucrures in software engineering can be found in (Cooke and McDonald. 1986). 

DuBois et al (1986) have developed an approach that emphasizes knowledge representation of 

the son used in knowledge-based systems within a requirements engineering framework similar 

to that of (Greenspan and Mylopoulos, 1982). A suggestion for data abstraction within a 

visual KAT-like environment is to be found in (Reeker. 1986). 
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4. Some Specific Areas of Tool Application 

Suppose that the whole process of creating software for some application like running a 

robotic assembly line. were developed using a tool like KAT. At the simplest level of applica­

tion. one could use the tool for recording and refining specifications for the system. on which 

project assignments could be superimposed. The description of the system could be developed 

by individual software engineering teams right down to the level of code. Specification. code, 

and documentation could be kept together, thus simplifying the project librarian's job. Clearly, 

one could use KAT's facilities tor creating graphical A!'ID/OR and flowchart representations of 

3. process to add to the documentation. Further. one might imagine that KAT's Prediction 

Ylode queri_es sucn -as "What could go wrong here?" and "How could the process be 

redesigned so as to avoid this problem?", as well as others that could be added, would be 

helpful in fleshing out program content and making programs " correct by design" . Finally, 

the ability to "step through" a program in KAT's Diagnosis Mode would provide an ideal 

facility for debugging. 

The ways in which a tool such as KAT might be applied to software engineering efforts 

extend far beyond these specific examples. Below are listed seven generic problem areas of 

concern to software engineers that we feel could be aided through techniques developed by 

knowledge engineers. 

( 1) Code Design. This is the primary issue addressed above. Generation of code could take 

place automatically through specification of processes. just as knowledge bases are 

automatically generated within KAT. 

(2) Project Design. In a large software project. the organization of the project reflects, to 

some level. the organization of the system. How better to detennine system segmentation 

than through gathering the expenise of persons with knowledge of the process for which 
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the software is being designed? Once this inforrnauon about the hierarchical project 

design is obtained. it can be made available to those managing the project who need the 

· 'big picture ' ·. Given an appropriate knowledge acquisition tool with a knowledge base 

that can be consulted centrally. managers and domain expens can add commentS pertinent 

to the project design. 

(3) Interteam and Intrateam Communication. Any son of computerized tool for project 

segmentation can facilitate communication within and among programming teams. This 

is analogous to the sharing of opinions among expens and AI programmers through the 

use of a knowledge engineering tool such as KAT. 

(4) Problem Diagnosis. As was mentioned above. a facility such as the Diagnosis Mode in 

KAT serves an imponant debugging function. much like an interpreter that allows the 

programmer to step through a program a statement at a time. Such a feature can provide 

programmers with an opportunity to observe the consequences of having specified the 

program flow in a panicular way and to embellish or redesign as necessary. 

1 5) External Documentation. Coupling a " software knowledge acquisition system" being 

used in a software development project to an expert system shell, such as the KEE sys­

tem used in KAT, would be an effective way of capturing the knowledge needed to 

develop reference systems that could anticipate and react to a user's needs. rather than 

producing "canned" documentation. 'This capability would be useful for many purposes. 

including tutoring new users and providing intelligent interfaces. 

(6) Redesign and Reuse. By archiving the knowledge concerning the software design pro­

cess it should be possible to facilitate the maintenance. redesign and reuse of the modules 

in a program. The imponance of internal documentation to this process has often been 

remarked. The sophisticated history gathered by KAT should be doubly useful in this 
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process. It will be necessary to develop tools to access the appropriate knowledge 

without being saturated with additional irrelevant infonnation. of course. Representational 

aspects of KAT. including class hierarchies (inheritance) and instance variables tend to 

promote reuse and redesign. As Fischer (1987) points out, inheritance allows simple 

redesign by allowing new objects similar to ones previously defined to be created with 

only a few incremental changes. Inheritance also reduces the need to specify redundant 

infonnation and simplifies updating and modification. Kaiser and Garlan (1987) discuss 

the utility of instance variables and associated methods in promoting software reusability. 

The same infonnation that instance variables provide would be available in such a sys-

-- -tern. 

(7) Testing and Verification. As an aid to software engineering it has long been considered 

useful to provide interpreters that can simulate the execution of code in a production 

environment. thus helping to test that code. There is also the possibility of verification of 

the code. either heuristically, with relevant "expenise" built into the software engineer­

ing system. or through mathematical techniques such as the inductive assertion method 

(Floyd, 1967: Hoare. 1969). The "what?" and "why?" questions of KAT elicit much 

the same infonnation as that in Floyd's suggestions for a verifying compiler. 

With respect to the inductive assertion method in particular, there have been a number of 

efforts over the years at developing machine-aided methods of generating and proving asser­

tions (Floyd, 1972). A KAT-like process knowledge system would provide a good framework 

for application of these methods. In fact, the current prototype for materials knowledge 

engineering is designed to gather as much infonnation as possible regarding the expected state 

of the process at each step of the process during the Prediction Mode, in order to use it during 

the Diagnosis mode, which is the closest thing that the system now has to verification. With 
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the proJected inclusion of qualitative physical knowledge, KAT would be closer l within itS 

current materials processing domain) to a formal verification of the inductive assenion type, 

but wnh the verification being done at a higher level than normally suggested for computer 

programs. It might acruaily be more practical to do verification at this level. Though higher 

level verification would mean separate software/knowledge engineering verification systems for 

different domains of process control. CAD/CAM. operating systems, numerical algorithms. and 

other areas. it would be much closer to the way that expen programmers who also understand 

the content area of the program informally check the functioning of their program. Because of 

its hierarchical development of program logic, KAT might profitably be coupled with both 

functional v~rificanon and statistical testing (Mills. 1986). 

5. Conclusion 

The KAT tool is designed for use in knowledge engineering, in the panicular task of 

acquiring expen knowledge about processes. A number of the considerations in itS design are 

derived from software engineering. On the other hand. KAT also provides an excellent poten-

tial tooi for software engineering. ln seeing this. it is useful to consider that programming is 

really the specification of a process. and that much of what software does today is better con-

ceprualized in this framework than in terms of the traditional problem solving paradigm. 
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Abstract 

A primary factor for establishing the validity of an expert system depends on how well 

the system's knowledge corresponds with the real world environment being modeled. 

These correspondences (knowledge) may be defined as components, s uch as heuristic 

methods, object representations, and relational dependencies. This paper will discuss 

several validation procedures, in particular simulation-like methodologies, which allow 

a dynamic overview of the knowledge structure to be presented as the interactions of 

its related components. In addition. a knowledge e ngine e ring tool (prototype) will be 

discussed and re lated to these v a lidation procedures in a n attempt to express future 

areas of innovation. 

1. Introduction~ 

1.1. Simulation for Validation. 

A.s today's expert systems become larger and more complex there mus t be better 

means of validating the correctness of their knowledge structures and rule bases . One 

plausible method for doing this is to provide a d iagnos tic analysis of these structures 

using simulatio n-like methodologies to insu re the structures co rrectly represent the 

real world environment being modeled . Since the most critical stage of expert sys tem 

development occurs during the elicitation and transfer of domain knowledge from the 

expert into machine representations, it appears reasonable to perform extensive testing 

and validation at this point. 1 

Knowledge base valid ation is an important aspect o f knowledge acquisition. The 

validity o f a system may be determined directly from the e xpecte d performance 

1The distinction between testing and validation , as defined by Muchnick 119811 . states that testing 

involves the effort o f searching for errors and validation 1s used to confirm the absence of errors. 
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intended fro m a specific set of input parameters. Although there exists no standard set 

of procedures for establishing the credibility of a syste m based on performance. many 

environments execute some form of static overview of the system. The way a system 

manages its internal co mponents (ie. rules, objects. relations) determines how the sys­

te m will perform. These components are responsible for represe nting the e lements of 

the "real system" and must be accurate if the syste m is to operate correctly. ~on-

static evaluation techniques2 using s imulation allow the behavior of a system to be 

viewed as interactions among the internal objects of a model [Payne, 1982] and can be 

incremen tally applied in phases to the system allowing the model to be teste d for the 

accurate representation of the relevant features of the system being developed [Payne, 

1 982] [Mihram., 973] . 

1.2. Phased Sensitivity Analysis. 

An ideal model would be expected to correspond exactly with a re al world system 

in its relevant inputroutput behavior. Although this can never be fully ach ieved, a 

close approxim ation of a system may be validated th rou gh careful observations of the 

model structure using sens itivity analysis. 

Basic sensitiv ity analysis techniques view the model structure as an inputro utput 

process (similar to a black-box approach) providing feed-back about incremental 

changes of the input with relation to the output. The input parameters represent the 

range of operational values for the particular process they are associated with. As 

these input values are altered, corresponding perturbations of ce rtain o utput variables 

will determine if the model correctly defines the in tended syste m . Any changes in outr 

put variables not directly associated with any of the input variables will be suspected of 

2
Dynam ic validation techniques not applicable to an increme n tal design are not discussed here . 
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misrepresentation. 3 In addition. infiated changes in the output relative to nominal vari-

ations of input parameters may indicate an improper reasoning technique in the mode l 

[Miller, 1974!. 

A system may be decomposed into stages (ie. subsystems or phases) [Yourdon , 

UJ7Qj , allowing an extension of se nsitivity analysis to be applied to each stage during 

development. Thus phased sensitivity analysis permits the outputs of a discrete stage 

to be observed as functions of the related input variables. This provides a localized 

error detection scheme for validating the current stage. Since each stage has been iso-

lated from the rest o f the system it contains less co mplex interactions to complicate 

the validation procedures and makes the project development more manageable 

[O'Keefe , 1987j . However, successful validation of all stages does not necessarily 

imply the syste m as a whole will be valid, therefore a sensitivity analysis should also 

be applied to the entire structure after each stage has been confirmed. 

1.3. Multiple Experts. 

The need for additional review procedures may prov ide useful support when 

establishing the credibility of the model. The usage of multiple experts for validation 

of a knowledge structure provides an excellent method to insure the stru cture is com-

plete and contains minimized biased information . Commonly, each expe rt is a special-

ist about a particular aspect of the production domain [Mittal, UJ85j [Cochran, lg87 j 

and will build upon the existing base structure, adding their own knowledge as neces-

sary. 

3 Analysis o f multivariate-response may prove dimcult during a simulation due to the interdependen­

cies be tween variables [Friedman. 1984j . 
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W he n mult iple expe r ts are used to produce a knowled ge stru cture, all re lev ant 

information must be presented in a format which can be easily comprehended by all 

the participants involved [Payne , 1982]. However, co nflicts may arise when there are 

dilfe rences in opinio ns abo u t how info rmatio n should be presented. These may be du e 

to v ariances in termino logy or structural disagreements [Wie lin ga, 1 985], and should 

be reso lved appropriate ly. Presentin g the material in an organized and elfective 

manner may s uppress certain initial interpretational co nflicts between expert 

v iewpoints [Payne, 1982] , but may provide no insight on the interaction elfects of 

another expert's opinions. Using a s imulation-like presentation of the model will 

allow implicit multi-e xpe rt co nflicts to be made explicit. Many of these conflicts may 

be resolved by--simulating multiple opinions (methods) in-order to exhibit s imilar 

behavior in their functio n ali ty. T his s imilarity can be use d to persuade an expert to 

accept an alte rn ative m eans for producing t he desired solutio n , and thus removing 

repetitive information fro m the kn o wledge structure. If a disagreement is still ev ident, 

the system s hould accommodate bo th representations and provide facilities to se lect 

the preferred method o f reasoning [Cochran , 1987]. 

The appropriate re presentations for s uppo rtin g multiple experts would modify the 

early conceptual design stages of a syste m to include facets labeled with the appropri­

ate expert w ho provided the info rm atio n [Reeker, 1 986]. This allows future experts to 

record their own o pinio ns without losing the base information already acquired. 

2. Knowledge Acquisition Tool. 

The fac ili ties for obtaining the base structure of a mo del s ho uld be care fully 

in tegrated with the validation procedures of the syste m , as to insure an acc urate 

representation o f the req uired specifications. A syste m currently under development at 
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The BDM Corporation is the Knowledge Acquisition Tool (KAT). which provides 

both a medium for acquiring specialized domain knowledge in materials processing and 

a structured presentation o f the model to interactive ly validate system correctness. 

KAT has been developed as a tool to be used in conjunction with a knowledge 

engineer to help expedite the knowledge acquisition process. Hybrid systems such as 

KRITON [Diederich. 1 987], SALT [Marcus , 1985], and INFORM [Moore , 1 987] try 

to automate the elicitation process (via removal of the knowledge e ngineer) so the 

expert can interact directly with the system. This can degrade the system efficiency 

th rough misrepresentations of information and underu tilized reasoning techniques. 

KAT has been automated to a certain degree but is not envisioned as a replacement 

for the knowledge engineer [Blaxton , 1988]. Although KAT uses several co nceptual 

models , they have been carefully integrated and matched to work with the pre­

se lected domain (as do KNACK [Klinker, 1987] and OPAL [Musen, 1987]). More 

general purpose systems s uch as MOLE [Eshelman , 1 986], KADS [Hayward, 1987], 

and MORE [Kahn, 1985] contain no specific s ubject knowledge and can be applied to 

broad domain applications which may restrict the integrity of the knowledge base. 

Many syste ms provide some form of ge neric verification and testing (i.e. constraint 

violations and syntax errors), but the system validation procedures (if any) are more 

dependent o n the design environment used to produce a system [Hoover, 1984]. 

Sayre [ 1963] advocares a design methodology for a syste m model based on repli­

cation, formalization an d s imulation . KAT has been developed using a modified 

interpretation of these gu idelin es. The use r interacts with KAT in three query modes 

(Figure 1), each designed to e licit different forms of knowledge. The Clarifi cation 

Mode (replication) captures primary declarative knowledge through the construction of 

DRAFT February 23, 1988 DRAFT 



Westphal 7 Simulation/Knowledge Base Validation 

an AND / OR model. The Prediction Mode (formalization ) converts the model into a 

process flow representation so it can extract procedural knowledge, and the Diagnosis 

Mode (simulation) provides a step-through presentation of the model to reveal any 

o bservable design faults. Each of these modes is an essential link to the construction 

of aKA T knowledge base. 

Although the first two modes are necessary for the verification of a knowledge 

base and include facilities for completeness checks (such as unreferenced and illegal 

attribute values, syntax checking, and minor inconsistencies) [Nguyen , 1987], the last 

mode is of primary importance to validate the correctness of the working model. 

Potentially serious misconstructions include consistency checks for redundant, 

conflicting, and circular rules [Nguyen, 1987 ] [Suwa, 1g82 ] , in addition to unreachable 

conclusions and misconstrued logical relationships [Hayes- Roth, 1985 ] . To effectively 

construct valid rule premises entails subjective reasoning about state changes and 

insight of the execution effects [Hayes-Roth, 1985] [Williams, 1983], a task not easily 

accomplished. However, KAT can monitor a process execution by graphically present­

ing the internal interactions between rules , objects and attributes. A more in-depth 

description of KA. T follows. 

3. Overview of KAT. 

3.1. The Clarification Mode. 

The Clarification Mode (Figure 2) allows the domain expert to build-up a 

representation o f a process s tructure forming a replication of the system to be 

modeled. The model objects represent real world items in the materials processing 

environment (ie. sensors, reactors , ceramics, etc). The attributes of an object define 
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its physical characteristics and the relationships between them correspond to their for­

mal activities [Sayre, 1963]. The in teractions of multiple experts are supported by pro­

viding "guard" o perators affixed to the relations that are labe led with the expert who 

provided the information [Reeker. 1986]. Adopting this type of flexible knowledge 

structure provides alternative reasoning techniques for system operations [Cochran, 

1987 ]. An object library (Figure 2.a) furnishes a finite number of re levant entities 

pertainin g to the domain subject, allowing the expert to construct the model structure 

[Blaxton, 1988]. An option to create additional objects through a simplified user inter­

face is also provided. Objects are placed in a design viewport and relations are asserted 

between them thus forming the canonical structure to be used through out the system 

development. 

3.2. 'The Prediction Mode. 

The Prediction Mode (F igure 3) converts the basal structu re in to a fiowchart for­

mat to provide an alternative view in an attempt to elicit additional information where 

it is incomplete [Reeker, 1987]. The structure is reduced to co mposite obje cts using an 

equivalent node aggregation scheme [Reddy, 1086], th us simplifying the struc tu ral for­

mat for an alyses by suppressing the intermediate details of the model [Martin, 

1 968 ] [Reddy, 1986]. The input/output parameters of the composite structures will be 

defined at this stage, th us obtaining some of the fundamen tal information required to 

perform a sensitivity analysis of the model [Tomovic, 1972] [Payne. 1982]. In addi­

t ion, queries for sensor production are constructed with active images portraying the 

cu rrent values of the respected unit. The qualitative information elicited about these 

se nsors is then o btained through specification of rule constructs. Due to the difficulties 

involved with elicitin g procedural knowledge [Cooke, 1 986] it is expected that these 
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two modes (Prediction, Clarification) will be iterated numerous times before a solid 

knowledge structure is defined [Reeker, Hl87 J [De Graef, 1985 ] [Nguyen. 1987] . 

3.3. The Diagnosis Mode. 

The Diagnosis Mode (Figure 4) uses a discrete-event scheduling method where 

the rule actions determine the syste m 's behavior. The initial specification may be prel­

iminary, thus exposing underdeveloped sections o f the model, b ut as additional 

knowledge is obtained, it will become increasingly explicit [Reeker, 1987]. Since the 

model uses objects as input/ output processes. a model inference [Mih ram. 1973] or 

se nsitivity analysis can be applied to the model. Csing a sensitiv ity analys is to provide 

a structured presentation of the domain model will a llow the expert to insure a proper 

representation of the system has been implemented based on the face validity of the 

model [Hermann, 1967], in addition, variability estimates via multiple process simula­

tions may also be obtained [Hayes- Roth , 1983]. The parameters of the inference are 

s pecifi ed using an interactive inspectable interface. This type of interface allows experts 

to interact with system activities that can not be normally ( ie. cost effective) be moni­

tored or manipulated in a real world environment [Hollon, 1984 ]. Relevant sensors 

and value displays will emulate the status of the respected model components (ie. flow 

rates, fluid leve ls, switch positions, etc) and manipulation of these displays (via 

mouse) will allow the expe r t to interactively adjust their values. The an alysis of 

discrete intervals for a range of values may then be compared to expose differences in 

the resultant states created, which may help express alternative parameters for system 

o perations [Baskaran, 1084] [Miller, 1974]. If the analysis exposes a need to redesign 

parts of the model structure, the expe rt can return to the prev io us modes 

(Clarification and Prediction) and make the chan ges required . 
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4. Simulation Environment. 

KAT is being prototyped on a Symbolics 3670 machine supported by KEE and 

SIMKIT environments. 4 The SIMKIT env ironment provides numerous facil ities 

(clock / calendar, verification procedures, data co llectors , and event generators) for pro­

ject development [IntelliCorp, H~86]. The clock used to represent the current simula­

tion time should be associated with the calendar to schedule future events and main-

tain priorities [Reddy, 1986] [Franta, 1977]. This combination will support run time 

checkpoints for the model that allow step through simulation (via the clock), and 

predetermined stop points ( via the calendar). A hierarchical design fo r the mode l 

deve topmen t was desired to promote inheritance and provide general stru cture 

verificatio n procedures for co nstraint violations which include bas ic checks for cardi­

nality faults, incompatible value classes. and undefined methods [IntelliCorp, 1986]. 

Mechanisms for data collection (i.e . dynamic, static, stochastic) are used to review, 

compare, and analyze the activ ities of th e sample simulations from the data produced 

by event generators [Martin , 1968]. These generators introduce variability into simula­

t ion through generation of deterministic. pseudo-random . and arbitrary sequences of 

test data. 

5. Conclusion. 

A brief overv iew of the KAT system has been presented to show our current 

e fforts designing a knowledge acquisition system for materials processing. More impor­

tan tly, this system has linked the usage of simulation- like methodologies to 

knowledge base validation. 

4KEE and SIMKIT are trademarks of IntelliCorp. 
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One particular simulation method of importance is sensitivity analysis. Variations 

o f causal input parameters are used to estab lish an acceptance of the model through 

observed changes in relative o utput variables. This may be used to insure a proper 

representation of the real system has been correctly implemented. 

As o f today, few A.l. systems have used this functionality to validate their 

knowledge structures . However, KA. T has been designed with facilities to produce a 

structured presentation of its knowledge base ( ie. sensitivity analysis), coupled with a 

flexible interface to allow the expert to interactively adjust parameter values, thus pro-

viding a means to analyze changes in the state of the model. 

A.s expert system technology progresses. more emphasis will be placed o n 

developmental sensitivity analysis (as opposed to field testing); a llowing the expert to 

analyze his/her opinions as they are deve loped and view how the overall syste m is 

directly affected by them, thus producing mo re reliable knowledge bases. 
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THE OVERALL STRUCTURE OF KAT 
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KAT INTERFACE FOR PREDICTION MODE 
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KAT INTERFACE FOR DIAGNOSIS MODE 
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