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I. Introduction

Systematic elicitation of expert knowledge is concerned with developing methods and techniques for acquiring the basic terminology and the conceptual structure of the knowledge base from a human expert. 

These notes presents some basic approaches to the systematic elicitation of knowledge.

Part II presents several interview-based methods and a corresponding methodology for extracting the basic concepts of a domain and their relationships from a human expert. The result of applying this methodology is the acquisition of an important part of the declarative knowledge of the expertise domain which could be used as raw data for building an initial knowledge base. No assumptions are made with respect to the inference engine of the knowledge-based system to be built. In this sense, this methodology is very general.

Part III presents an alternative interview-based methodology for acquiring the basic concepts of a domain and their relationships. The component methods are based on a special type of representation, called repertory grids, that has its roots in cognitive psychology. The result of applying this methodology is a representation of expert's declarative knowledge in the form of repertory grids. Repertory grids are regarded as an intermediate representation of expert knowledge which could be used to derive other forms of knowledge (both declarative and procedural) for the knowledge base. Although no assumptions are made with respect to the inference engine of the system to be built, some applicability restrictions are related to the possibility of translating repertory grids into the forms of knowledge required by the inference engine.

Part IV presents a different approach to systematic elicitation of knowledge which uses a strong model of a problem solving method as, for instance, the propose-and-revise method. When the problem solving method is well-defined and specific-enough, the type and form of knowledge it needs are also well defined. Consequently, building the knowledge base reduces to a menu-driven dialog in which the expert is asked to supply the necessary knowledge into the form indicated by the knowledge elicitation system. The applicability of this approach is, of course, limited to a more narrow class of tasks (e.g. those for which the propose and revise method is adequate) but the result of knowledge elicitation is the final expert system (as opposed to an initial incomplete knowledge base).

II. A methodology for the elicitation of the expert's conception of a domain

1 An outline of the methodology

By eliciting the expert's conception of his/her expertise domain we mean determining which concepts apply in the domain, what they mean, what is their relative place in the domain, what are the differentiating criteria distinguishing the similar concepts, and what is the organizational structure giving these concepts a coherence for the expert.

We shall present a general methodology for the elicitation of the expert conception of the domain and we shall illustrate it with results from a specific experiment in the domain of domestic gas-fired hot water and central heating system.

The methodology, which was developed by Gammack (1987), comprises four stages:

1. Concept elicitation (elicit the concepts of the domain i.e. an agreed vocabulary);


2. Structure elicitation (elicit some structure for the concepts);


3. Structure representation (formally represent that structure);


4. Transformation of the representation (transform the representation to be used for 


    some desired purpose).

2 Concept elicitation through tutorial interviews

The first stage of concept elicitation is to ask the expert to prepare an introductory talk outlining the whole domain, then to deliver it as a tutorial session to the knowledge engineer. The main purpose of this talk is to generate the concepts of the domain.

The important thing is that the chosen technique gets the expert communicating fluently, and it does not particularly matter about the overall organization.

Other equivalent techniques are tape-recording a lecture, a structured or unstructured interview, or a protocol generated from talking through case histories.

One direct method is to simply ask the expert to generate a list of typical concepts and then systematically to probe for more relevant information (e.g., using free association). 
In well-understood domains, a list of concepts might already exist, for example, as an index to a manual.

The result of this phase is a list of concepts.

In the particular application considered the result consisted of about 90 nouns or compound nouns, both concrete and abstract in nature. The expert edited this list by removing synonyms, slips of the tongue, and other aberrant terms, which reduced the list to 75 familiar concepts. Some of these concepts are shown in the left-hand side of Figure 1.

The expert initially considered the dictionary definition of these concepts to be adequate, but since there is no guarantee that the expert's own definition necessarily matches the dictionary one, a personal definition of the concepts was given. This produced a few new concepts, such as "fluid", "safety", and "room". The definitions indicated that sometimes a concept went beyond the level of detail given in a general purpose dictionary and sometimes it meant one very specific idea in the context of the domain.

This illustrates an important issue: Much human expertise is likely to consist in the personal and semantic associations (connotative meaning) that an expert brings to domain concepts and may result in the invention or appropriation of personalized terms to describe esoteric or subtle domain phenomena.

The domain glossary obtained happened to be restricted substantially to the component parts of a central heating system, such as thermostats and radiators, but also included general physical terms such as heat and gravity. A second path through the transcript yielded 42 relational concepts, usually verbs (contains, heats, connects to, etc.). These concepts will be used later to label relationships between the discovered concepts (see section 4.2).

2.1 Features of the tutorial interview and related methods

Strengths:
• gives knowledge engineer orientation to domain



• generates muck knowledge cheaply and naturally



• little demand on expert

Weaknesses:
• incomplete and arbitrary coverage



• the knowledge engineer needs appropriate training and/or social skills

Rule of thumb:• use early to get the basic vocabulary

3 Structure elicitation

This consists in eliciting structural criteria that the expert can use to organize the chosen domain concepts.

One way of structuring the domain concepts is to determine the global organization of the domain's major divisions and to determine which concepts properly belong to each sub-area. Section 3.1 presents a method for eliciting this type of structure.

Another way of structuring the domain concepts is to determine the detailed differentiations an expert makes among the closely related things in a specialized sub-area. A method for eliciting this type of structure is the repertory grid method that will be presented section III.

3.1 The card-sort method

The Card-sort method is a method for eliciting the global organization of a domain. This method is best described with the help of the experiment considered.
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First, the 75 concepts were typed on small individual index cards and a large table was cleared, upon which these were spread out at random. The expert was told to group together the concepts into as many small groups as possible. Any group remaining divisible had to be split, while retaining more than one element in each, and there had to be a rationale behind the grouping. The expert's spontaneous strategy for this was to form slightly larger groups first and then to split those. This produced 25 groups. The expert was then asked to label each of the 25 groups, and then to amalgamate them into slightly larger groups, which themselves were relabeled. The outcome of this was a six-level hierarchical organization of the concepts in which the conceptual sub-areas of gas, water, electricity, and heat were dominant sub-trees. Part of this hierarchy corresponding to the electricity sub-area is shown in Figure 1.

Figure 1: Part of the hierarchy of concepts from the card-sort method.
One lesson learned from this, however, was that there was a variety of conceivable levels of abstraction among the original 75 concepts, so such concepts as heat and gas, which were labels for groups of concepts at higher levels, were also concepts at the bottom level along with fuses and valves. This is not necessarily bad; the same word can describe a concept at different levels (e.g., the different senses of the word gas, which refers both to the particular stuff in the pipes and to an abstract physical medium), but this illustrates some problems of having a single definition per lexical item.

A related problem is that some concepts naturally belong in more than one group, and the hierarchical format precludes that. In such a case it is better to write out a duplicate card for the concept in question. The neatness of simple tree structure then of course is lost, and the move is toward a richer, tangled hierarchy, or a net representation.

Card-sort methods are likely to be adequate to a range of applications. Sorting is a task people find natural and easy.

The utility of the technique in the presented domain was that it identified rational subsystems and their attendant concepts, together with the principles or higher-order concepts that united the 75 original concepts at different levels of abstraction. Such a structure suggests a way to incorporate new concepts into the knowledge base.

3.1.1 Features of the card sort method

Strengths:
• gives clusters of concepts and hierarchical organization



• splits large domains into manageable sub-areas



• easy and widely applicable

Weaknesses:
• incomplete and unguided



• strict hierarchy is usually too restrictive

Rule of thumb:• useful method to reveal the hierarchical organization of the domain

4 Structure representation

The next step of the presented methodology is to represent the discovered information into a semantic network and to acquire additional structural knowledge.

4.1 A network model

To collect information relevant to forming a network of the domain concepts one could use the method described in the following.

This method should be applied to the 75 concepts identified in the first phase of the methodology. However, in order to reduce the effort of the human expert, this set was reduced to 25 concepts by asking the expert to choose a representative concept from each of the 25 classes defined in the previous phase.

First, the expert is asked to sort the selected 25 core concepts by considering one concept as reference, and then each of the others in turn. If there is some valid relationship between the current concept and the reference, it is placed in one pile; if not, it is discarded; and any dubious ones are placed in a third pile.

The next phase is to array the relatable concepts along a scale from 0 to 100 marked at the side of the table. The expert has to move the cards around until content with the ordering and relative distance between the concepts; the values are then simply read off the scale and entered in a data matrix. The following benchmarks were used as guidance; Values from 50 to 99 were reserved for strongly related concepts, 20 to 49 for reasonable but not striking relations, and 1 to 19 when it was hard work to contrive a connection, or the connection was seen as tenuous. The procedure was repeated until all concepts had been used as references. 

In the application considered, the analysis of this proximity matrix was done using the PATHFINDER program of Schvaneveldt et al. (1985). This form a network where the nodes are the rated concepts, and weighted links represent the proximities. Based on the original data, the algorithm forms a link between concepts A and B if and only if that link represents the shortest path between those two concepts. If it is shorter to go from A to B via C, no direct link will be formed between A and B. Two parameters allow networks of arbitrary complexity to be formed - one determines the maximum number of nodes to consider in path formation (the L parameter), while the other is the Minkowski distance measure in multidimensional space (the R parameter). 

Before subjecting the data to the program, the matrix was transformed as follows. First, the similarity rating were subtracted from 100 to give distances, and then the matrix was made symmetric by taking the minimum of cells (i,j) and (j,i) where the two ratings differed and putting this value into both cells. Taking the minimum rather than the mean of the two values is an arbitrary decision since we know of no reason to assume one criterion rather than another.

The network for L = 5 and R set to be infinity, shown in Figure 2, has 31 links. 
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Figure 2. PATHFINDER network from proximity data (from Gammak, 1987).

From Figure 2 it can be seen that the domain has a clear conceptual organization. The subdomain of "plumbing" concepts is represented in the top left corner, with the "gas" concepts below them. The electrical concepts are shown in the top right corner, while the main cluster of essential central heating concepts is in the center. Peripheral but relevant concepts are included, depending from their nearest associate. Some of these may serve as hooks out to related domains of expertise.

What PATHFINDER offers is a core organization from which to elaborate a weighted network of arbitrary size. The semantics of this organization are not implied by the network since the links do not necessarily represent a single semantic relationship, but a conceptual proximity.

In the next section we describe how this network may be used to guide elicitation of a set of domain propositions.

4.2 Developing the representation

One way to take the network further is to elaborate the particular set of concepts to include their characteristic properties and relationships and to link those into the structure. In this way we locally expand sub-domains of interest since the network as it stands is impoverished in its restriction to a schematic representation of an overall domain picture.

This basic method used to elicit the specific relationships between concepts was simply to use the matrix of proximity ratings (equivalent to the elaborated network) and, for each pair of concepts identified by the expert as relatable, to ask what that relationship was. 

In the considered experiment, this task produced 248 propositional relationships among the 24 core concepts, although 1 concept (thermal circuit) was dropped because the expert claimed it was used inconsistently in the original tutorial. Some propositions included more than 2 concepts. This number was effectively reduced to around 124 owing to symmetry. Many of the relationships were dependent or componential [e.g., part-of(radiator, primary circuit )]; others involved dynamic aspects between concepts [e.g., feeds(water supply, header tank); warms(radiator, air)]. Sometimes relations were not so direct - the elicited relationship between boiler and header tank was as follows:


"boiler supplies heat [that] causes water expansion [that] requires header tank"

which indicates the remote relationship of "necessitates" between those concepts.

The pair wise relationships represented in this complex relationship were elicited individually for the component pairs of concepts. Incidentally, this chain is also represented in the illustrated network. 

4.3 Features of the proximity analysis and the matrix techniques

Strengths:
• gives information on the local structure in the form of a network



• shows which links are likely to be meaningful



• organize elicitation of semantic relationships

Weaknesses:
• results depend of parameter settings



• requires more time from the expert



• combinatorics limit its applicability

Rule of thumb:• useful to find the local structure of the domain

5 Transformation of the representation

The above presented methodology is general in that the declarative knowledge was acquired without having any expert system in mind. It could therefore be used as raw data for building a wide variety of expert systems. The type of the expert system will require an adequate transformation of this representation and, most often, the acquisition of procedural knowledge.

What type and how much additional knowledge is necessary depend of the type of expert system to be built. For instance, for a question-answering system in the domain of domestic gas-fired hot water and central heating system, most of the knowledge is already acquired. For other types of systems (e.g. a system for the design or for the diagnosis of "domestic gas-fired hot water and central heating system"), the elicited knowledge represents only an initial incomplete and partially incorrect knowledge base that needs to be further extended and improved by using other knowledge elicitation and refinement methods (e.g. the methods used by the DISCIPLE system).

Reference
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III. Knowledge elicitation based on the personal construct theory

George Kelly developed in 1955 a systematic theory of human cognition based on the single primitive of a construct, or dichotomous distinction. This theory was developed in the context of clinical psychology with the goal of having techniques to bypass cognitive defences and to elicit the construct systems underlying the behavior of an individual.

1 Repertory grids

Kelly introduced the repertory grid as a way of representing personal constructs as a set of distinctions made about elements relevant to the problem domain. In clinical psychology this domain will often be personal relationships, and the elements may be family members and friends.

A repertory grid is a two-way classification of data in which events are interlaced with abstractions in such a way as to express part of a person's system of cross-references between his personal observations or experience of the world (elements) and his personal constructs or classifications of that experience (Shaw and Gaines, 1987).

In the context of an expert system, the elements are the things that are used to define the area of the topic, and can be concrete or abstract entities. They should be of the same type and level of complexity, and should span the topic as fully as possible. It is usual to start with about 6 to 12 elements. The constructs define the attributes along which the elements are distinct or similar.

The following is an example of a repertory grid from the domain of programming languages. This grid gives a characterization of several programming languages (the elements of the grid) along several dimensions (the constructs of the grid).

The dimensions are:


symbolic - numeric (we could call it attitude)


widely available - not widely available (availability)


scientific - business (application area)
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One may notice that each construct is characterized by two extreme values, and the components of the grid matrix indicate which of the two extremes characterizes the corresponding element (where 0 stands for the left pole of the construct, and 1 for the right pole).

For example, FORTRAN is characterized as being numeric, widely available and scientific.

Thus, a repertory grid is a set of feature vectors, each characterizing an element along the dimensions indicated by the constructs. 

For instance, the feature vector characterizing the FORTRAN language is:

(1 0 0) or (attitude = numeric, availability = widely available, application area = scientific)

Although a repertory grid represents in itself knowledge that can be used as such in an expert system, several techniques have been developed for inferring new knowledge from it (Shaw and Gaines, 1987; Boose and Bradshaw, 1988).

One set of techniques uses the cluster analysis of the constructs and elements, based on the values in the grid. In such an analysis, each construct is represented by the corresponding line in the grid (viewed as a vector). For instance, the availability is represented as the vector (1 1 1 0 0).

The analysis will then indicate which constructs are close to each other, and therefore similar.

Another set of techniques is based on a logical analysis of the grid in which the poles of the constructs are viewed as predicates applied to elements. 

Thus, in the example considered, the predicates are "symbolic", "numeric", "widely-available", etc. The values of each such predicate for the elements of the grid are indicated by the values in the grid. 

For instance:

symbolic(LISP) = true




symbolic(FORTRAN) = false




numeric(LISP) = false

Obviously, the two elements of each construct Ci satisfy the relationship: x, Li(x) = ¬ Ri(x)

Also, by analyzing the components of the grid, one could infer several implication types between the predicates. For instance, one could infer that Li ( Lj, if whenever Li is true, Lj is also true (Shaw and Gaines, 1982).

Hinkle described some of the possible implications between two constructs Li - Ri and Lj - Rj (taken from Boose, 1988):
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In the above considered grid, one may infer that:


x ( S, symbolic(x) ( not-widely-available(x)


x ( S, symbolic(x) ( scientific(x)


x ( S, not-widely-available(x) ( scientific(x)


x ( S, symbolic(x) ( scientific(x)


where S = {ADA, LISP, PROLOG, COBOL, FORTRAN}

It is common in many practical applications of repertory grids to use an n-point scale with 1 being an assignment to the left-hand pole and n being an assignment to the right-hand pole, and intermediate numbers representing some form of intermediate assignment. N is usually odd, 5 or 7, to allow a 'neutral' mid-point to the scale. In such a case, the poles of the constructs are viewed as fuzzy predicates (Gaines and Shaw, 1981, 1985).

2 Eliciting repertory grids

In this section we will present a technique for eliciting repertory grids. This technique has been implemented in several systems (Pegasus, ETS, Acquinas).

The technique will be presented with the help of an example of running the Pegasus system.

In the following session example, the answers of the user are in italics. Our comments are enclosed in parentheses. We have slightly edited the session in order to make it easier to follow.

{Start of the session}

Type in your purpose for doing this grid: staff appraisal
Name some of the elements: Dick, Liz, Bob, Paul, Ann, Don, Mary

{
The above are the elements of the grid to be elicited from the user.


Next, the system will try to elicit constructs from the user.


The method used is called the triad method (or the minimal context method):



The elements are presented in groups of three, three being the lowest number that will produce both a similarity and a difference, and the subject is asked to say in what way two are alike and thereby different from the third. This is the emergent pole of the construct. 



The implicit pole may be elicited by the difference method (in what way does the singleton differ from the pair) or by the opposite method (what would be the opposite of the description of the pair).}

Triad for elicitation of construct 1: Dick, Liz, Bob

Can you choose two of this triad of elements which are in some way alike and different from the other one ? Yes

Which is the different one ? Bob

Now I want you to think about what you have in mind when you separate the pair from the other one. How can you describe the two ends or poles of the scale which discriminates Dick and Liz on the left pole from Bob at the right pole ?

left pole rated 1: 
intelligent
right pole rated 5:
dim

According to how you feel about the considered persons, please assign to each of them a provisional value from 1 to 5:

Dick

1

Liz

1

Bob

5

Paul

5

Ann

3

Don

3

Mary

5

Ruth

4

Rob

5

{At this point, Pegasus has built the following grid:


 EMBED Word.Picture.8  


The session will continue, with Pegasus presenting other triads for construct elicitation, and the user defining the corresponding constructs.

The current grid is:
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After several constructs have been built, Pegasus may direct the user in defining new constructs and elements, as indicated in the following dialogue.}

Ann and Don are matched at the 90% level. This means that so far you have not distinguished between Ann and Don.

Do you want to split this ? yes

Think of a construct which separates Ann from Don, with Ann on the left pole and Don on the right pole.

left pole rated 1:
self starters
right pole rated 5:
need a push
According to how you feel about the considered persons, please assign to each of them a provisional value from 1 to 5:

Dick

2

Liz

1
Bob

5
Paul

5
Ann

1
Don

5
Mary

5
Ruth

3
Rob

4
The two constructs you called


intelligent - dim


little supervision-reqd - need supervision

are matched at 66 percent level. This means that most of the time you are saying intelligent you are also saying little supervision required and most of the time you are saying dim you are also saying need supervision.

Think of another element which is either intelligent and needs supervision or little supervision required and dim.

Do you know such a person ? John
Type in the ratings for this element on each construct. 

Left pole rated 1, right pole rated 5.

intelligent - dim



5
willing - unwilling



2
new boy - old sweats



3
little supervision reqd - need supervision
3
motivated - less motivated


2
...

{The final repertory grid elicited is the following one:
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This ends the elicitation session with Pegasus}
The Entail system (Gaines and Shaw, 1981, 1985; Shaw and Gaines, 1982) gives a dependency analysis of the grid by listing logical entailments consistent with the data. This analysis could be interactive, leading to the elicitation of further knowledge from the expert.

The entailment analysis of a repertory grid treats each pole of a construct as a fuzzy predicate to which the elements have degrees of membership given by their rating, and induces the logical implications between these predicates. Some of the produced entailments are the following ones (Shaw and Gaines, 1988):

L1( L9

intelligent ( self starter

L9 ( L13

self starters ( overall rating high

R9 ( R1

need a push ( dim

...

L6 ( L13

reliable ( overall rating high

...

L4 ( L13

little supervision reqd ( overall rating high

L12 ( L13

professional ( overall rating high

...

These rules may be regarded as those of an expert system on staff appraisal concerned with deriving its "overall rating" (construct 13) from behavioral assessments such as "intelligent" and "creative". They show that L1, L4, L6, L9, L10, and L12 imply L13, that "intelligent, creative, reliable, and professional self-starters requiring little supervision receive a high overall rating", whereas R2, R4, R5, R6, R9, and R12 imply R13, that "being unwilling, less motivated, not so reliable, less professional, needing supervision, and needing a push leads to a low overall rating."

Exercise

Compose a repertory grid for choosing a CS course to enroll in.
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III. Knowledge elicitation for role-limiting methods

1 Role-limiting problem solving methods

Problem solving may be defined as the identification, selection, and implementation of a sequence of actions that accomplish a task within a specific domain.

A problem solving method provides a means of identifying, at each step, candidate actions. It provides one or more mechanisms for selecting among candidate actions and ensures that the selected action is implemented.

A weak method is a problem solving method that is only weakly constrained by task features, each method being potentially applicable to a broad set of task types. 

Weak methods typically achieve this generality with simple control structures that requires additional control knowledge to be supplied before the method could be applied. They cannot provide much help in determining what knowledge needs to be collected or how it should be encoded.

An example of a weak method is Means-Ends Analyses (MEA).

A role-limiting method is a specialization of a weak method that predefines the task-related control knowledge the method can use. It typically consists of a simple loop over a sequence of five to 10 steps. Within a step there is no control, that is, it makes no difference in what order the actions are performed. The method defines the roles that the task-specific knowledge it requires must play and the forms in which that knowledge can be represented.

An example of a role limiting method is the propose-and-revise problem solving method implemented in the SALT system (Marcus, 1988).

This method may be used in design applications. It assumes that the initial state is a specification of a product and the final state is a complete design of the product.

In the case of designing elevator systems, the input is a list of parameters representing customer requirements, such as how fast the elevator should travel and what its carrying capacity should be, as well as architectural details about the building it will service, such as floor heights and wall-to-wall dimensions in the elevator shaft. 

The output must be a list of quantities, ordering codes and other parameters for all equipment required, and an equipment layout customized to the elevator shaft.

The method creates a design by proposing values for design parameters, checking constraints on those parameters, and revising values if constraints on proposed parameters are violated. It has the following control structure:


1. Extend the design and identify constraints on the extension just formed.


2. Identify constraint violations; if none, go to step 1.


3. Suggest potential fixes for a constraint violation.


4. Select the least costly fix not yet attempted.


5. Tentatively modify the design and identify constraints on the modification just formed.


6. Identify constraint violations due to the revision; if any, go to 4.


7. Remove relationships incompatible with the revision.


8. If the design is incomplete, go to 1.

There are three roles that knowledge plays in this problem solving method:


1. PROPOSE-A-DESIGN-EXTENSION (used only in step 1)


2. IDENTIFY-A-CONSTRAINT on a part of the design (used in steps 1, 2, 5, 6)


3. PROPOSE-A-FIX for a constraint violation (used in step 3)

To each such knowledge role corresponds a type of a knowledge piece. These types are PROCEDURE, CONSTRAINT, and FIX.

PROCEDURE is used to describe a procedure for determining the value of a proposed design extension (parameter). Some procedures calculate the value of a design parameter from the values of other design parameters. Other procedures look for values in specified tables.

CONSTRAINT is used to identify limits on the value of a design parameter that are not captured in the specification of the PROCEDURE but should be explicitly checked before a solution can be reached.

FIX is used to suggest revisions to decisions in response to a violation of tests expressed by constraints knowledge. Revisions may change the values of input, design parameters or constraints. The crucial information to be included in this knowledge type is the specification of the value to change, how to change it and some idea of the expert's preference for this revision over others that might be tried.

2 SALT: a knowledge elicitation tool for propose-and-revise systems

SALT is a system that elicits declarative knowledge for propose-and-revise systems and compiles it into rules for a rule-based expert system. The main steps of generating a rule-based system with SALT are the following ones:

1. Elicit PROCEDURE, CONSTRAINT, and FIX knowledge pieces, through a menu-driven dialog.

2. Build a dependency network that expresses the dependencies between the design parameters from the elicited knowledge pieces.

3. Ask the user to supply a procedure for each design parameter that has no associated procedure, a constraint for each design parameter, and a fix for each constraint violation.

4. Detect the cycles in the dependency network. For each cycle ask the user to supply a procedure for determining an initial value of a parameter in the cycle.

5. Compiles the declarative knowledge pieces into rules written in OPS5 (Cooper & Wogrin, 88).

2.1 Elicitation of the knowledge pieces

In order to elicit knowledge pieces, SALT displays a schema of prompts for information associated with each type of knowledge role. Samples of completed schema are shown below.

SALT's prompts for information are given on the left. Users fill in the schema by typing the knowledge requested by the prompt. A completed schema definition of a PROCEDURE for calculating the value of a design parameter (car-jamb-return) is shown below:


1 Name:

car-jamb-return


2 Precondition:
door-opening = center


3 Procedure:

calculation


4 Formula:

[platform-width - opening-width] / 2


5 Justification:
center-opening doors look best when centered on the platform.

The precondition specifies that this procedure should only be used on cases in which the value assigned to door-opening is center. The type of procedure is a calculation using the formula given on line 4. Information on how door-opening, platform-width and opening-width receive values must be supplied by the user through separate procedures. The justification is used to explain the reasoning of the generated expert system.

The following is an example of a procedure that retrieves a value from a table (database lookup):


1 Name: 


machine-model


2 Precondition:

none


3 Procedure:


database-lookup


4 Table name:


machine


5 Column with needed value: model


6 Parameter test:

max-load ≥ suspended-load


7 Parameter test:

done


8 Ordering column:

height


9 Optimal:


smallest


10 Justification:

this procedure is taken from standards manual iiia, p. 139.

When the procedure database-lookup is selected, the user is presented with a set of sub-prompts asking for details for locating the value to be retrieved (table name, column with needed value). Each parameter test lists a test to be performed on table entries (rows) to decide which are viable candidates for retrieval. In this case the entry must have a listing under the column max-load that is greater than or equal to suspended-load, a separately generated value. Finally, if more than one entry under model meets this test, ordering-column and optimal are used to determine a preferred candidate. Here the user indicates that the entry with the smallest height is the most desirable.

For any design parameter defined, the user should also define a constraint on the possible values of the parameter. The following, for instance, is an example of a CONSTRAINT definition for the parameter "car-jamb-return":


1 Constrained value:

car-jamb-return


2 Constraint type:

maximum


3 Constraint name:

maximum-car-jamb-return


4 Precondition:

door-opening = side


5 Procedure: 


calculation


6 Formula:


panel-width * stringer-quantity


7 Justification:

this procedure is taken from installation manual i, p.12b.

This CONSTRAINT definition states that the design parameter "car-jamb-return" should not exceed a maximum value. It defines a new variable "maximum-car-jamb-return" that indicates this maximum value, and a procedure for calculating the value of "maximum-car-jamb-return".

For any constraint that can be violated the user has to define a FIX procedure that suggests a potential fix for the violation. The following, for instance, is a FIX procedure that suggests a fix for the violation of the above constraint:


1 Violated constraint:

maximum-car-jamb-return


2 Value to change:

stringer-quantity


3 Change type:

increase


4 Step type:


by-step


5 Step size: 


1


6 Preference rating:

4


7 Reason for preference:
Changes minor equipment sizing.

This FIX procedure suggests an increase of "stringer-quantity" by steps of 1. This will increase the value of "maximum-car-jamb-return" and therefore will remove the constraint violation.

2.2 Building of the dependency network

SALT's representational scheme is built around the framework of a dependency network. For SALT, each node in the network is the name of a value the expert system must acquire or generate; this can be the name of an input, a design parameter or the name of a constraint.

There are three kinds of directed links that represent relations between two nodes A and B:

(1) A contributes-to B, if the value of A is used in a procedure to specify a value for B.

(2) A constrains B, if A is the name of a constraint and B is the name of a design parameter and the value of A places some restriction on the value of B.

(3) A suggests-revision-of B, if A is the name of a constraint and a violation of A suggests a change to the currently proposed value of B.

The dependency network built from the described knowledge pieces is the following one:
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2.3 Completing the Network

When a piece of knowledge is added to the knowledge base store, it may create new nodes in the network. When a node is added, SALT checks for the existence of other links to every node in the network unless the node represents a "ground", that is, an input or a constant. It therefore checks to make sure that all nodes have procedures associated with them that will either supply "contributes-to" links or identify the node as an input or constant. If a procedure is not stored for a node, SALT will ask the user for one. SALT also considers potential "constrains" and "suggests-revision-of" links that might emanate from a node. SALT requests the user to supply constrains for any nonconstraint value and fixes for a violation of any constraint identified in the interview. 

2.4 Acyclicity in Dependency

The task of the problem-solver is to find a path through the network, assigning values at each node that leads to quiescence, a state in which all the design parameters have received values and all the constraints have been checked and satisfied. This is not possible if the network contains cycles.

SALT detects loops in the dependency network and will guide the expert in setting up the knowledge base for propose-and-revise to get values for all the nodes on the loop.

Let us suppose that the following procedures have been defined by the user:


hoist-cable-quantity = suspended-load / hoist-cable-strength


hoist-cable-weight = hoist-cable-unit-weight * hoist cable-quantity * hoist-cable-length


cable-weight = hoist-cable-weight + comp-cable-weight


suspended-load = cable-weight + car-weight

The corresponding dependency network is the following one:
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It is clear from this representation that the procedures cannot be applied in a strict forward-chaining. When the problem-solver reaches the loop, it will become stuck, since it cannot have all the information needed to apply any procedure without having the results of applying the procedure itself.

When SALT detects such a loop, it will ask the user to provide a new procedure to be used for getting a first estimate for one of the parameters in the loop.

In this example, the user elected to estimate hoist-cable-quantity. The procedure uses car-weight to rule out values of hoist-cable-quantity the expert knows cannot be used and then selects the smallest hoist-cable-quantity that might be used since this incurs the lowest dollar cost.


1 Name:


hoist-cable-quantity


2 Precondition:

none


3 Procedure:


database-lookup


4 Table name:


hoist-cable


5 Column with needed value: quantity


6 Parameter test:

max-load > car-weight


7 Parameter test:

done


8 Ordering column:

quantity


9 Optimal:


smallest


10 Justification:

this estimate is the smallest hoist cable quantity that can be






used on any job.

Next, SALT proposes to change the role of the original procedure for hoist-cable-quantity (i.e. hoist-cable-quantity = suspended-load / hoist-cable-strength) as identifying a constraint that must be explicitly checked after the value for hoist-cable-quantity is proposed. SALT tells the user this and asks for additional information required by the role, namely a specification of what kind of constraint the value is:

The procedure you originally gave for hoist-cable-quantity will be used as a check of the estimate. How does the value arrived at by that procedure limit the estimate ? [minimum]: <cr>

Minimum contained in brackets is SALT's suggested default value, which in this example the user accepts by typing <cr>. The KB now contains a new knowledge piece for a new constraint, minimum-hoist-cable-quantity:


hoist-cable-quantity ≥ minimum-hoist-cable-quantity


minimum-hoist-cable-quantity = suspended-load / hoist-cable-strength

Now that SALT has knowledge of a new constraint, checks for general completeness will require the user to supply a suggested fix the problem-solver can use if the constraint is violated. If the user now exits from the interview, SALT will issue the following request:


I have no knowledge of fixes for minimum-hoist-cable-quantity.


Do you wish to specify any now ? [ save ] :

The completed screen for the proposed fix is shown next. According to this fix, the problem-solver considers increasing hoist-cable-quantity by the same amount that it fell below the minimum.


1 Violated constraint:

minimum-hoist-cable-quantity


2 Value to change:

hoist-cable-quantity


3 Change type:

increase


4 Step type


same


5 Preference rating:

4


6 Reason for preference:
changes minor equipment sizing

The following figure shows the dependency network after the addition of a knowledge piece for the new constraint minimum-hoist-cable-quantity and a knowledge piece for the above fix knowledge.
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2.5 Convergence

In order for a propose-and-revise problem-solver to move toward a solution, it needs control knowledge identifying what revision is appropriate to make when a proposed design does not meet a constraint. 

In addition to trying to converge on a solution if one is possible, the problem-solver must also attempt to optimize the solution. In general, there is not enough knowledge contained in procedures to extend a design and identify constraints to figure out how to achieve this second goal. Domain knowledge is required to specify what revisions are feasible and which are preferable.

Given that procedures used in proposing a value for a design extension are the ones the expert would prefer in an under-constrained case, potential fixes must be less preferred than the value originally proposed. What the problem-solver needs from the expert is some indication of the relative preference of a change to one design parameter, for example, to hoist-cable-quantity, compared to some other change it might make, for example, to car-weight. 

SALT allows the domain expert to supply a list of reasons why revisions could be less preferred than the values originally proposed. This list can be modified by the domain expert.

The list used for the elevators design is shown below:


1   Causes no problem


2   Increases maintenance requirements 


3   Makes installation difficult


4   Changes minor equipment sizing


5   Violates minor equipment constraint


6   Changes minor contract specifications


7   Requires special part design


8   Changes major equipment sizing


9   Changes the building dimensions


10 Changes major contract specifications


11 Increases maintenance costs


12 Compromises system performance

These effects are ordered from most to least preferred. The reasons mainly reflect concerns for safety and customer satisfaction as well as dollar cost to the elevator company. 

Because of the dissimilarity in the nature of the negative effects, relative position on this scale is significant but absolute position is not. For example, an increase of hoist-cable-quantity changes minor equipment sizing. This cost can be measured directly in dollars. It is preferred to a decrease in car-weight, which changes major contract specifications. This is associated with a cost measured in less concrete terms of additional effort required for contract negotiations with a probable loss in customer satisfaction. 

The information provided in a fix piece gives the problem-solver what it needs to start a revision. As a default strategy, the problem-solver might begin revision as a single constraint violation is detected and start by trying the most preferred fix associated with that constraint, then the next less preferred fix, and so on until the constraint no longer registers as violated. 

If fixes for one constraint have no effect on other constraint violations, this strategy guarantees that the first solution found will be the most preferred. However, it is possible that remedies selected for one constraint violation may aggravate constraint violations that occur elsewhere in the network.

2.6 Compiling the Knowledge Base

A functional knowledge base representation provides the key to how and when the knowledge should be used during problem solving. 

SALT proceduralizes the domain-specific knowledge base into rules written in OPS5 [Cooper and Wogrin, 88]. These are combined with a problem-solving control shell, also written in OPS5. In providing SALT with this rule-generation capability, the goal was to demonstrate the feasibility of this approach. The idea was to show that a compiler could be written that could go from a declarative representation of the knowledge base that supports effective knowledge-elicitation strategies to a functional expert system.

The problem solving control shell shifts control between the phases of problem solving and uses domain-specific knowledge to decide what other domain-specific knowledge to apply next. 

The flow of control of the problem-solving strategy as it makes use of the pieces of knowledge is as follows:

The expert system starts with a forward-chaining phase in which procedures to propose design extensions and identify constraints are eligible to apply. The control in this constructive phase is data-driven; any step can be taken as soon as the information called for by the procedure associated with the step is available. As it extends the design, the expert system also builds a dependency network that, for each fact, records which other facts were used to derive it.

Demons are used to check for constraint violations; when a constraint and the value it constrains are known, they are compared. When the system detects a constraint violation, it selects alternatives in order of decreasing preference from a pre-enumerated set of possible fixes. Combinations of changes may also be tried, where fixes are selected to be combined in order of preference.

The problem-solver then investigates the success of the revision. The expert system first verifies that no constraints on the revised value itself are violated by the change. It then makes the proposed change and works through the implications according to its knowledge for proposing design extensions and identifying constraints. If the constraint is not identified as antagonistic to others, the problem-solver explores revision implications until it has enough knowledge to evaluate the originally violated constraint. If a proposed change violates the constraints, it is rejected, and another selection is made.

Once a good guess has been identified, the system applies a truth-maintenance system; that is, it uses the dependency network constructed during the forward-chaining phase to identify and remove any values that might be inconsistent with the changed value. This includes removing the effects of previous fixes if the current change will cause a re-evaluation of the constraint that they remedied. The expert system then re-enters the data-driven constructive phase for extending the design with the new data.

An example of an English translation of an OPS5 rule for the following "constructive" PROPOSE-A-DESIGN-EXTENSION is shown below.

PROCEDURE for "car-jamb-return":


1 Name:

car-jamb-return


2 Precondition:
door-opening = center


3 Procedure:

calculation


4 Formula:

[platform-width - opening-width] / 2


5 Justification:
center-opening doors look best when centered on the platform.

Generated Rule 1:


IF




Values are available for door-opening, platform-width and opening-width, and 



The value of door-opening is center, and 



There is no value for car-jamb-return,


THEN



Calculate the result of the formula [platform-width - opening-width] / 2



Assign the result of this calculation as the value of car-jamb-return.



Leave a trace that door-opening, platform-width and opening-width 




contributed to car-jamb-return.



Leave a declarative representation of the details of the precondition and 




calculation and its justification.

Leaving a trace of contributions builds up the dependency network used by the truth-maintenance system and explanation. A declarative representation of the knowledge base is used by the explanation facility.

For every piece of the identify-a-constraint knowledge, a rule is generated that both supplies a procedure for specifying a value for the constraint and provides the crucial identifying information to the problem-solver.

CONSTRAINT for "car-jamb-return":


1 Constrained value:

car-jamb-return


2 Constraint type:

maximum


3 Constraint name:

maximum-car-jamb-return


4 Precondition:

door-opening = side


5 Procedure: 


calculation


6 Formula:


panel-width * stringer-quantity


7 Justification:

this procedure is taken from installation manual i, p.12b.

Generated Rule 2:


IF




Values are available for door-opening, panel-width, and stringer-quantity, and



The value of door-opening is side, and



There is no value for maximum-car-jamb-return,


THEN



Calculate the result of the formula [panel-width * stringer-quantity].



Assign the result of this calculation as the value of maximum-car-jamb-return.



Identify this value as a constraint of type maximum on car-jamb-return.



Leave a trace that door-opening, panel-width and stringer-quantity contributed to 


maximum-car-jamb-return.



Leave a declarative representation of the details of the precondition and 




calculation and its justification.

For every constraint that can be violated, a rule is generated that suggests all the potential fixes to the problem-solver.

FIX for the violation of "maximum-car-jamb-return":


1 Violated constraint:

maximum-car-jamb-return


2 Value to change:

stringer-quantity


3 Change type:

increase


4 Step type:


by-step


5 Step size: 


1


6 Preference rating:

4


7 Reason for preference:
Changes minor equipment sizing.

Generated Rule 3:


IF



There has been a violation of maximum-car-jamb-return,


THEN



Try an increase of stringer-quantity by-steps of 1. This costs 4 because it 




changes minor equipment sizing.



Try a substitution of side for door-opening. This costs 8 because it changes 




major equipment sizing.



Try a decrease of platform-width by-steps of 2in. This costs 10 because it 




changes major contract specifications.

The final three rule types are used to explore the success of a proposed fix or fix combination in a lookahead context before extending the proposed design on the basis of the proposed revision. In order to do this, the problem-solver uses propose-a-design-extension knowledge to draw out the implications of the change suggested by the fix and identify-a-constraint knowledge to re-evaluate the value of the constraint under the change. 

The fourth rule type directs the problem-solver to propagate the change to just those values that contribute to either the violated constraint or its constrained value. SALT conducts a search through the dependency network in order to generate the actions in these rules. The list of values to "FIND" essentially limits the look-ahead by the generated expert system to the immediate constraint violation under repair.

Generated Rule 4:


IF



maximum-car-jamb-return has been violated, and



The problem-solver has decided on which changes to try,


THEN



find car-jamb-return and find maximum-car-jamb-return.

Rule 5 is generated from the PROCEDURE for the calculation of "car-jamb-return". 

Generated Rule 5:


IF



The active command is to find car-jamb-return, and



Any of door-opening, platform-width or opening-width has been revised, and



The most recently derived value (mrdv) of door-opening is center, and



There is no revised value for car-jamb-return,


THEN



Calculate the formula [mrdv of platform-width - mrdv of opening-width] / 2.



Assign the result of this calculation as the value of car-jamb-return.



Mark this value as revised.

Rule 6 is generated from the CONSTRAINT for "car-jamb-return". 

Generated Rule 6:


IF



The active command is to find maximum-car-jamb-return, and



Any of door-opening, panel-width or stringer-quantity has been revised, and



The mrdv of door-opening is side, and



There is no revised value for maximum-car-jamb-return


THEN



Calculate the result of the formula




[mrdv of panel-width * mrdv of stringer-quantity].



Assign the result of this calculation as the value of maximum on car-jamb-return.



Mark this value as revised.

When asked to compile the knowledge base, SALT proceduralizes the knowledge pieces into these six rule types. Roughly, for every piece of propose-a-design-extension knowledge and every piece of identify-a-constraint knowledge, SALT generates one constructive rule and one lookahead rule. For each constraint, a rule for directing the lookahead is generated if its fixes propose direct changes to values other than the constraint or its constrained value. In that case, the change need to be propagated through intermediate values in order to re-evaluate compliance with the constraint.

3 Conclusion

The scope of applicability of a role-limiting method, because it is a method for performing a particular type of task, is less broad than that of a weak method. But role-limiting methods, unlike weak methods, have little, if any, task-specific control knowledge. This characteristic makes role-limiting methods good foundations on which to build knowledge acquisition tools, since knowing in advance all of the control knowledge that a method will use gives substantial insight into what kinds of task-specific knowledge will be required and into how that knowledge can be appropriately encoded.
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