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Abstract

This paper deseribes a knowledge acquisition support system which presumes
knowledge fragments by induction. In this system, human prablem solving knowledge is
extracted as a set of operutions, There are three knowledge acquisition phases in the
knowledge acquisition process. The first is the expert model construction phase, in which
problem solving knowledge is extracted as a set of operations and the type of each
operation is defined. Operation types are preparcd by this system. The second phase is the
model instantiation phase, in which the system extracts detailed knowledge according to
the operation types Sometimes, it is not easy to extract detailed information without
knowledge sceds. Therefore, this system supports an inductive mechanism which makes
operation presumptions in order to stimulate human experts to associale detailed
kaowledge, The third phase is the knowledge refinement phase, in which the system
inference engine evaluates the knowledge base at the operation level to check whether the
knowledge is sufficient. This paper introduces an interactive knowledge acquisition
support system, EPSILON; knowledge representation, Expert Model; an interactive
knowledge acquisition method, pre-post method; and an operation presumption method.

1. Introduction

There is a big problem in the building knowledge base of expert systems, called the
knowledge acquisition bottle-neck. Knowledge acquisition support systems have been
developed to solve this problem. There are three phases in the knowledge acquisition
process; (1) the expert model modelling phase, (2) the expert model instantiation phase,
and (3) the knowledge refinement phase. In the expert model modelling phase, a human
problem solving model is extracted. In the expert model instantiation phase, knowledge,
which is used in problem solving, is extracted. Knowledge consists of concepts, relations
hetween concepts, and problem solving knowledge using concepts and their relations.

In the knowledge refinement phase, the knowledge acquisition system detects shortage
and inconsistency of knowledge, and guides the human expert to modify the knowledge.
Many knowledge acquisition support systems have assumed problem solving knowledge
before knowledge acquisition., A problem solving strategy, which MORE [Kahn 85]
assumes for expert systems, includes the usage of domain models for diagnosis tasks. A
problem solving strategy, which ETS [Boose 84] assumes for expert systems, includes the
classification method of items using knowledge in the form of a rating grid, EPSILON
[Taki 87] has no problem solving strategy before knowledge acquisition. It extracts
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problem solving knowledge first, then acquires other knowledpe which is used by problem
solving knowledge. These knowledge acquisition support systems use some methods to
extract knowledge; ETS uses the personal construct theory to stimulate the human expert
to associate constructs related to items, Il also uses a refinement method which translates
a rating grid into an implication graph and cluster trees to slimulate the human expert to
find some shortage or inconsistency of knowledge. MORE uses a refine method which
refines a domain model using eight interview strategies. EPSILON/One also supports a
knowledge acquisition method, the pre-post method, to stimulate the human expert to
remember operations of his expert jobs and to extract detailed knowledge of each operation
using operation types.

However, it is difficult for us to prepare a general method to extract knowledge. To
associate expert knowledge, we must prepare knowledge seeds. EPSILON/One asks the
expert for detailed information of operations according to the operation type, but
sometimes, the expert cannot answer or remember information, Humans can modify
knowledge more easy than they can remember it. Therefore, to give EPSILON the capacity
to extract operation information like this, we have been developing the operation
presumption method, which supports making knowledge seceds to associate expert
knowledge,

The following sections introduce knowledge representation for knowledge acquisition,
Expert Model; a knowledge acquisition support system, EPSILON/One; and an operation
presumption method using induetive inferenes,

2. Expert Model
This section explains the original idea of the Expert Model, und gives details of Expert
Model structures.

2.1 Basic Idea of Expert Model
The Expert Model is based on two ideas: the simplified expert task model and analysis
and grouping of diagnosis expert knowledge written in production rule form.

(1) Stmplified Expert Task Model

Expert systems can be distinguished as different task types. According to "Building
Expert Systems" [Hayes-Roth 83], there are 10 gunerie categories of knowledge
engiueering applications: interpretation, predietion, diagnosis, design, planning,
monitoring, debugging, repair, instruction and control. We tried to define these categories
as simple models, because simple expert lask models provide the expert task images for the
human expert to represent his knowledge. 'I'wo samples are introduced luter.

Simple Diagnosis Task Model

Fig.1 shows a diagnosis task. Diagnosis tasks are represented in tree structures and
their search algorithm in general Al architectures. However, the tree structure does not
represent expert task images. A simpler model is a filter model. In Fig.1, G1 denotes the
possible results of trouble positions, F1 is a filter to select real results, and G2 denotes the
results of a diagmosis task. Fig.2 also shows a diagnosis task, but this model has some sub-
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tasks which are the same as these of Fig.1.

G2 | F2 Gn
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Fig.2 Simple Diagnosis Task Model{No.2)

Simple Design Task Maodel

Fig.3 shows a very simple design task. Design tasks are very complex; therefore, this
model is actually a sub-task of a design task. It consists of a part modification phase, a
part assembly phase sund a good selection result phase. G4 and G5 are design-part groups,
F4 is a modifier, G10 is a group of modified G4 parts, F'5 is an assembly or combination
operation, G11 is an interim result group, F6 is a selector, and G12 is a group of design
task results. ((35 should not be modified. ) We have considered simplificd expert task
models and ereated a model {operation) which is constructed with a source element-group,
evaluators (e.g. select filter) and a destination element-group.

G rd4  Gl0

Parts Modification

i A G11  Design Seleetion
Puarls Assembly
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Fig.3 Simple Design Task Model

(2} Study from Production Rules of Diagnosis Expert Systems

A production rule is a general knowledge representation for expert systems. Therefore,
knowledge engineers must have techniques of rule writing to represent many kinds of
knowledge. We assumed that those techniques may appear in the form of rules, Seven
operations have been discuvered in production rule sets: SELECTION,
CLASSIFICATION, ORDERING, COMBINATION, TRANSLATION, INPUT and
OUTPUT. The combined result of both ideas is the generic operation.

2.2  Operation Types

The Expert Model is a speeinlized knowledge representation to collect expert task
smoothly from human experts, It is nol necessary for the knowledge acquisition process to
provide a general knowledge representation, i.e. , production rule form. This section
explains the components of the Expert Model.

2. 2.1 Generic Operations

Generic operations are kernel knowledge representations in the Expert Model. The
generic operations have been derived from simple expert task models and by analyzing
production rules of diagnosis expert systems. The benefits of these frameworks are

explained as knowledge acquisition methodology in section 3.
There are seven generic operations: SELECTION, CLASSIFICATION, ORDERIN G,
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COMBINATION, TRANSLATION, INPUT and OUTPUT. Each operation has one or
more source groups, destination groups and evaluator groups.
SELECTION Operation

The SELECTION operation picks up elements from the source group according to the
selection conditions of the evaluators, Fig.4 shows an example of the SELECTION

operation.

ftﬂimall e | Animal
Trenp # Evaluator ; E}mup 2
- M Group 1 :

if;ﬁi.':at* ‘{dolphin,
: mnu;}e, ; 1]11vft1g 1. : _ iﬁ’halc

whale,  Lhesea ' .
jelephant, |-

dolphin :

Evaluator Destination

Seurce Group Group Group

Fig.4 Example of SELECTION operation

CLASSIFICATION Operation

The CLASSIFICATION operation separates source elements into groups. The upper
SELECTION operation is an example which is a special case of CLASSIFICATION, Figs
shows an example of the CLASSIFICATION operation.
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Fig.5.Example of CLASSIFICATION operation

ORDERING Operation

Elements of groups take turns to evaluate. The ORDERING operation sors elements of
the source group and makes a destination group, in which elements take their turns in
order of the ordering condition.
COMBINATION Operation

The COMBINATION operation assembles source elements into new elements.
Generally, there are multiple sources, asshown in Fig 6.
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Fig.6.Example of COMBINATION operation

TRANSLATION Operation

The TRANSLATION operation is used for data abstraction and data interpretation. In
this operation, elements of the source group are translated and the destination group is
generated. New elements must be generated, or attributes of elements must be added or

changed.

INPUT Operation and OUTPUT Operation

These are interaction operations between an expert system and a user {or 2 measuring
devicel. The INPUT operation makes a new group without source groups. The QUTPUT
operation does not make a destination group. It gives source group information to the user
according to the output process.

2.2.2 Elements
Elements consist of items and their attributes. Elements are frame-based knowledge

represeniations which have attribute-slots and an inheritance, but they do not have the
attached procedures as demons. Each element must belong to one or more element groups.
An element is accessed by one or more generic operations.

2.2.3 FEwvaluators

Evaluators consist of conditions and actions, and may include the procedural process.
Sometimes, the evaluator group is a source group of a generic operation. For example,ina
constraint relaxation problem of a planning task, a big evaluator group which has many
conditions as constraints must be modified to & small evaluator group which has fewer
conditions. This small evaluator group is used to solve the planning task,

2.24 Meta-Operation-Control: Meta-Script

The expert tasks have their scenario for solving problems, therefore, this meta-
operation control is called Meta-Seript in the Expert Model. It is a representation to
describe meta-level knowledge. Fig.7 shows its location in the knowledge base.

The Expert Model is recognized as an object-oriented model, and a generic operation is
an object. The communication between a generic operation and other operations is a
message passing process, which has two types in the Expert Model: the inheritance and the
post operation call.

3. Knowledge Acquisition Support System : EPSILON

3.1 EPSILON System Over View

The knowledge acquisition support system, EPSILON consists of three sub-systems.
They are a knowledge elicitation system, an expert model inference engine and a
knowledge reflinement system.

The knowledge elicitation system interviews the expert directly, and extract
knowledge in form of Expert Model. This sub-system uses pre-post method to acquire
knowledge by interview.

The knowledge refinement system checks lacks and inconsistency of knowledge base.
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Extracted kixpert Model is translated into logical knowledge representation and checked
its inconsistency. Lucks of it is checked to compare Expert Model and other knowledge. For
exmaple, if the Expert Model is knowledge for diagnosis of a machine, it is compared 1o the
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machine design influrmation which represents its parts and the structure,

The expert model inference engine evaluates Expert Model. The expert can check his

knowledge to observe behaviors of operations. EPSILON systewm structure is shown in Fig.
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3.2 HKnowledge Acquisition Method : Pre-Post Method

The pre-post method is a problem solving model construction and model instantiation
method. This method has a few model building strategies. The main strategy of this
method stimulates a human expert Lo remember pre-post operations which are associated
with a focal operation. The human experl can easily answer what operations arc
necessary before or after the operation. For example, when the car does not move, the
human |s asked “What do vou do before checking the engine ", He can easily answer, 7
hawe to check the remaining gas"or "l have to check the battery”. The following steps are
knowledge acquisition steps based on the pre-post method.
Step 1: Collecting several human expert operations at random. It is not necessary for
each operation to have any relation to the others. These vperations are used as the
starting points of knowledge acquisition.
Step 2: Muking questions to obtain pre and post operations for cach collected operation.
This step continues until no new operations are extracted from the buman expert. The
same process is repeated for new operations.
Step 3: Many operations have been gathered and they have pre/post information which
operations have to execute before or after operations. This step is the pre/post relation
check step. One way of checking is to display pre/post relations graphically for the human
expert.

Pastl

v Relation 1(0LD)
——#  Relation 2(NEW)

Fig.9 Pre-post relation example

Fig.9 shows pre-post relations. Relationl shows only that Prel to Pred are pre-operations
of a point operation and Postl to Post3 are its post-operations. In relation?, there are new
orders among pre-post vperations defined by the expert. Prel is a pre-operation of Pre3.
Pre2 is a post-operation of Predl. Postl is a post-cperation of PostZ. The more pre-post
information collected, the clearer pre-post relations.

The sequence of some operations may be unclear. We treat the group of these operations
as a weak sequence strategy group. When an operation of this group is finished,
sometimes the result of the operation affects the other operations of this group. It is
important for this group to obtain eonstraint information.

Step 4: This step is the instantiation step of cach operation. The human expert must
select a generic operation type to define the role of each operation. Sometimes, operations
defined by the human expert are big tasks which contain several sub-uperations. To
distribute these big tasks, it is important to ask "What sub-operations exist in XX (an
operation name)? Please answer at random”.  After this question, pre-post operations must
be extracted for sub-operations. Then, the Step 3 process is executed again.



Nute: From step 1 to step 4, a problem solving model is made. From step &, the details of
operations in this model is extracted,

Step 5: This step merges operations. According to pre-post information and generic
vperation types, some operations are merged to one generic operation.

Step 6: Fach eperation has evaluators. This step defines these evaluators. It is not
difficult to do this process, because the role of the operation is clear and its function has
been identified by its generic operation type.

Step 7: The elements of the source group are defined in thisstep. Sometimes, it is difficult
to decide the elements and group of a [ocal operation, because they are decided
dynamically after its pre-operation has been executed. Therefore, the human expert must
scarch for the candidates of the souree group from the result (destination group) of its pre-

operations,

Step 8: Attributes and attribute values of the elements are defined in this step. Each
element must have the attribute evaluated by the evaluators. Generally, elements flow
through a lot of operations, and need the attribute which is evaluated by the evaluators in

the flow,

Other Steps: There are other staps in pre-post method. They are operation blocks making
step to group operations with same inference control, and operation inference control

definition step.

4. Operation Presumption

This operation presumption method makes the details of operation from input data,
input element examples, output data, and output clement examples of an operation
inductively, This section explains the details of operation presumption for four operation
types (selection, elassification, translation and ordering). It is not necessary to make
knowledge seeds to associate expert knowledge for the other operation types (inpul, output
and combination).

4.1 Operation Presumption by Inductive Inference

Induction is an inference which makes more general rules or concepts from examples. It
decides the generalization level of knowledge to limit a version space [Mitchell 78] from
positive and negative examples. For example, in a selection operaticn, an inpul element
group is a set of all examples. An output element group is a positive example set of this
operation. Elements which are not selected by this operation are negative cxamples, An
operation evaluator can be presumed from input and output elements, However, it is
difficult to muke a geod generalization level of the operation evaluator from a few
examples [Valiant 84]. Therefore, this system uses the results of induction for knowledge
seeds. If the cxpert does not remember the details of an operation easily, this is a useful
knowledge acquisition method.

4.2 Selection and Classification Criteria Presumption

To presume selection or classification criteria, attributes and eriteria formulae (logical
or mathematical formulae) must be decided. If attributes to be focused on are mulitiple,
logical relations between criteria of these attributes must be decided. To explain the
presumption cxamples, element groups (EGi: i-th element group) and elements (ELj: j-th
element) are defined as follows,

An element group is shown as a set of elements,
EGi = {ELj, ELj+1, ...., ELk}

An element is shawn as a list of pairs of an attribute (ATn: n-th attribute) and an attribute
value (VAn: n-th attribute value).



ELj = (ATn = VAn) AMMATn+1 = VAn+ 1A .

Then, a selection criterion includes pairs of an attribute and its value in positive examples,
bul does not include pairs of an attribute and its value in negative examples. We assume
that a human expert uses simple and general criteria in preference to complex and special
ones when making a selection. For this reason, the system begins with simple criterion
generation, Candidates for seleclion criteria arc gencrated as follows.

Step 1: Picking up attributes in all elements.

Step 2: Making two attribute value sets for each attribute in positive examples and
negative examples. If an element has an attribute, the system regards the
element which has a pair of the attribute and an attribute value as being
"undefined". A value set made from positive examples is called a positive
attribute value set (PVS) for an attribute. A value set made from negative
examples is called a negalive allribute value set (NVS) for an attribute.

Example 1: Positive examples:
EL1 =(AT1

ELZ = (A1

Negative example:

EL3 = [AT2 = VA4INATS = VAD)

PVEfor AT1 = (VA1 ), NVS for AT1 = { undefined )
PVSfor AT2 = (VA2 vwundefined ), NVS for AT2 = (VA4
EVEfor ATH = (undefined vw VAZ ), NVS for AT =({VA3)

Stepd:  Searching attributes for which an intersection of PVS and NVS is an empty set.
If' there are attributes which satisfay this condtion, the system makes some
candidates for selection eriteria and shows them to the human expert as Step 6.
In example 1, attributes AT1 and A'T2 satisfy this condition, but attribute AT3
dose not. If there are no attributes which satisfy this condition, the system
processes Step 4.

VALINATEZ = VAZ)
VALNATS = VAJ)

Step4: Making two attribute value sets for multiple attributes in positive and negative
examples. Elements of these sets are conjunctions which consist of a pair of an
attribute and its value. A set made from positive examples is called a multiple
positive attribute values set (MPVE), A set made from negative examples is
called a multiple negative atiribute values set (MNVS). Combinations of
attributes begin with attributes which have the lowest number of "undefined” in
PVSand NVS.

{(Example2] Positive example:
EL4 = (ATS = VARNATT = VAT)
EL5 = (AT5 = VASINATE = VAB)NAATE = VAS)
Negative example:
EL6 = (ATH = VASINATE = VAD)
ELT = (AT6 = VABINATT = VALD)

PVS for ATS = (VAS), NVS for AT5 = (VA5 v undefined)

PVS for ATG = (undefined ' VAG), NVS for AT6 = (VA9 VAEB)

PVS for ATT = (VAT v undefined), NVS for AT7 = (undefined vy VA1G)
PVS for AT8 = (undefined v VAS), NVS for AT8 = (undefined)

ATS and ATE have one undefined values,

ATT and AT8 have two undefined values.



Order of Combinations: AT5 A ATE, ATS A ATT, AT6 A ATT, ATS A ATS,
ATE A ATE, ATE N ATT, ATS A ATE AATT, ...

MPVS for ATS and ATS = (ATS = VAS)AATE = undefined)v((ATS = VASINATG =

VAB)

MNWVE for ATS and ATS = (AT5 = VASINATE = VAINAATS = undefined) AT =

VAG)

Step i:  Checking whether an interscction of an MPVS and an MNVS is an empty set. If
the MPVE and MNVS pair satisfies the condition, the system makes some
candidates for selection criteria and show them to the human expert as Step 7. 1f
the pair dosen't satisfy the condition, the system checks another pair,

Step 6: Generating three candidates from PVS and NVS for selection criteria. They are
an expression of an attribute and its PVS, a negative expression of an attribute
and its NV5, and a econjunction of these two expressions,

In example 1, they are shown as [ullows,
[Attribute AT1] Type 1: AT1 = VAL
Type 2: AT1 # undeflined
Type d: (AT = VATAATL = undefined)

[Attribute AT2]  Type L: AT2 = VA2 s undefined

Type 2: AT2 = VA4

Type 3: (AT2 = VA2 undefined) NAT2 + VA4)
The system shows type 1 expression first. If the human expert requires another
expression, the system shows type 2 expression second and type 3 expression
third. If the human expert finds new selection criteria because of these hints, the
experl modifies them directly. If the expert rejects the expression of this form
expression, the system return to Step 4 to make other candidates.

Step 7:  Generating three candidates from MPVS and MNVS for selection criteria. The ¥
are an expression of an attribute and its MPVS, a negative expression of an
attribute and its MNVS, and a conjunction of these two expressions.

In example 2, they are shown as follows.
[Attribute ATS and ATE]
Type 1: ((ATS = VASINATE = undefined)({AT5H = VASIAIATE = VAGD
Thatis: (ATS = VAS)AATE = undefined v VAE)
Type 2: ((AT5 & VASIATE # VAINAIATS # undefinedn(ATE = VAE))
Type 3: (AT5 = VARAATS = undefined vy VAB)A
ATS = VAINVATE = VAINAUATS = undefined) s (ATE = VAR))

The system shows these candidates as in Step 6. If the human expert rejects the
expression of this form, the system return to Step 4 to make other candidates,

This method is based on logical relation. So the current version of the selection operation
presumplion algorithm doesn't make an expression "AT1 >= 10" from an original
expression "AT1 = 10,20, 100, ...".

Example 3: Animal selection operation Input and output element groups are defined as
follows.

Input EG = {lion, whale, penguin, salmon, dolphin, elephant}
Output EG = {whale, dolphin, salmon}

Elements and their contents are defined as follows.



lion = {habitat = plain}™ {legs = 4)/\ (genus = mammalia)

whale = (habitat = sea)/ (has = fins)/ (genus = mammalia)

penguin = (habitat = seaside)/\ (legs = 2)A\ (has = wings)/\ (genus = birds)
salmon = (habitat = sea)/ (has = fins)/\ (genus = fish)

dolphin = (habitat = sca)A (has = fins)/\ (genus = mammalia)

elephant = (habitat = plain}/ (legs = 4)A (genus = mammalia)

A normal logical selection criterion is derived from these examples.
Itis:
(((habitat = sea) A (has = fins) A (genus = mammalia)) \/

{(habitat = sea) A (has = fins) A (genus = fishes))
{(habital = sea) A (has = fins) A(genus = mammalia))} A
= ({{hahitat = plain) A (legs = 4) A(genus = mammalia)) A
((habitat = seaside) A (legs = 2) A (has = wings})) /A (genus = birds)) /A
{(habitat = plain) A {legs = 4) /A (genus = mammalia))

An arranged eriterion is:

(habitat = sea) N (has = fins)A (genus = mammalia v/ fish)/
((habitat + plainh/(legs = 4)\/(genus = mammalia)/N
{(habitat = seasidep/{legs = 2hshas + wingsh/(genus * birds))

This logical formula is a candidate knowledge seed of this operation. However, the expert
focuses on one or a few attributes to select or classify clements. This formula is most
specialized criterion. So the system tries to propose more general ones.

In example 3, PV5 and NVS are shown as lollows.

PVS for habitat = (sea ), NVS for habitat = (plain v/ seaside)
PVS for legs = (undefined ), NVS for legs = ( 2 4)

PVS for has = ( fins ), NVS for has = ( undefined \v wings }
PVE for genus = ( mammalia v fish)

NWVS for genus = ( mammalia v birds)

Pairs of PVS and NVS for attributes "habitat”, "legs" and "has" have no intersections, The
pair of PVS and NVS for "habitat" has no undefined value, so the system makes following
candidates.

{1} habitat = sea

{(2) habitat # plain and seaside

{3) (habitat = sea)/\( habitat ¥ plain A seaside)

If the expert didn't use these criteria, the system generates the following candidates
according to our method,

(4) legs = undefined

(6)legs + 2and 4

(6) (legs = undefined) /M (legs = 2/ 4)

(i) (habitat = sea)\(legs = undefined)

{i+1){(habitat # plain)y/ (legs = 40A((habitat # seasidehy
{legs + 2))

(i+2) ((habitat = sea)/\(legs = undefined)}/\
{(habitat # plain) v/ (legs # 4))/A\((habitat #* seaside}/
(legs = 2))

4.3 Translation Equation Presumption
A translation operation makes a new pair of an attribute and its value to refer to one or

._]]_.



more attribute values, In the following examples, referred attributes are assumed in the
zame elements. There are two kinds of translation operations: translating one symbeol into
another, and translating one number into another using numerical caiculation.

Example 4: Make a new attribute and its value
{Make an area of & box)
Input EG = {box}
Output EG = {box}

box in input EG = (height = 20)M(length = &)
box in output EG = (height = 20)A(length = 5)/Marea = 100)

If a human is given example 4, he compares the input element group and the output
element group, and guickly makes "area = height * length", because he has knowledge
about area. If he is given an example that makes (c = 100) from (a = 20) and (b = 5), he
also makes "c = a *b" easily. There are many candidates which satisfy this relation.

area = height* length

area = height™* 5

area = height *6- length t4
area = length * 20

If the element "box" has (weight = 100}, the human makes "area = weight". There are too
many induction results to narrow down. Before knowledge acquisition, it is difficult for
knowledge acquisition systems to know the relations between atlributes (for example,
relations among area, length and height). A set of attributes in an input element group
related Lo the generated new altribute is [irst delermined for presumption, The
intersection of attributes of input elements must be shown for the expert. The expert
seleets focused attributes from this sel. However, sometimes, the expert checks different
attributes for each input element. Then, other attributes are also shown. In this example,
after the expert selects attributes "height" and "length", he forms relations between these
attributes, After attributes are selected, there are many translation formula candidates.

If the expert can define the form of a translation formula, this presumption is a problem
which decides the formula parameters. If enough examples are given, this system solves
simultaneous equations. The problem of deciding on a translation formula is difficult.
Therefore, the current version of the presumption algorithm supports only the selection of
passible candidates of attributes by forming on intersection of attribute sets of input
elements when multiple examples are given.

Next, we discuss the problem of presuming symbol exchange. Focused attributes are
also important in this case. In oulput elements, the system must focus on new attributes or
attributes which have new values in output elements. There is a strong possibility that an
attribute which has a new value iz a candidate. This heuristic is useful for selecting
attributes in this operation type.

Example 5(a): Change atiribute value
Input EG = {box 1, bux 2, box 3}
Output EG = {hox 1, box 2, box 3}

box Lin input EG = (area = 50)A\(place = on-table)
box 2 in input Kz = {area = 60)\iplace = on-floor}
box 3 in input BEG = (area = 100} {place = in-garden)

box 1 in output EG = (area = small)M\(place = on-table)
box 2 in output EG = (area = small)\(place = on-floor)
box 3 inoutpul EG = {ares = large)™place — in-garden)



Example 5(a) shows a translation operation focusing on the attribute "area”. The following
logical formulae are generated easily in example 5.

jarea = 50p/(area = 60)--= (arva = small)

(ares = 100) --> (area = large)
These formulae handle numbers fur translation criteria. Using a heuristic in which one or
more numbers seleet the translation criterion, these formulae can be generalized. The
comparison resultis:

(area = 50) < {area = 60) < {area = 100y

{arez = 50} and (area = 60} are translated into the same value (area = small), which
means that the necessary criterion is between 80 and 100, Then, EPSILON proposes the
following candidates.

(area < = B0} - (area = small}
(area > 80) > {area = larpge)]

The expert checks these translation formulae forms the following, for example.

(area < = 90} - (area = small}
(area > 90)--> (area = large)

Example 5(b): Change attribute value
Inpul EG = {box 1, box 2, box 3}
Output EG = {box 1, box 2, box 3}

box 1ininput EG = (area = 50)/\(place = on-table)
box 2 in inpul EG = (area = 60)N(place = on-floor)
box 3 in input BG = (area = 100)\(place = in-garden)

box 1in output EG = {area = 50)M(place = in-house)
box 2 in output EG = (area = 80)M(place = in-house)
box 3 in output EG = (area = 100)A({place = put-of-house)

Example 5(b) handles symbol translation focusing on the attribute "place”. The following
logical translation formulae are generated, but cannot be generalized.

{place = on-table) or (place = on-floor) - > (place = in-house)
(place = in-garden) -- = (place = out-of-house)

4.4 Ordering Criteria Presumption

There is a process order, which represents a list of elements, in each element group. An
inference engine of EPSILON has two modes for problem solving: all solution search and
partial solution search. The inference engine uses this order for partial solution search.
The ordering operation sorts elements according to the mathematical or symbol order, for
example, [short, middle, long]. The mathematical order may be ascending or descending.

Example 6: Sorting using symbolic ordering
Input EG = {hox 1, box 2, box 3}
Output EG = {box 2, box 3, box 1}
box 1 = {size = =mall)
box £ = {size = middle}
box 3 = (size = large)
The order of symbols of example 4 is the order list of values of an attribute (size).
Obtained criteria: size = [small, middle, large]



Example 7: Sorting using numerical ordering
Input EG = {hox 1, box 2, bux 3]
Output EG = {bux 2, box 3, box 1}

boxl = (size = 150}
box2 = (size = 120)
boxd = (size = 130)
The order of example 7 is made from numerical comparison of an attribute (size).
Obtained criteria: Ascending order for size

If focused attributes arc multiple, then a transiation operation must be defined before this
ordering cperation to translate values of multiple atiributes into one value of one

attribute.

4.5 Knowledge Acquisition using Operation Presumption

There are many learning algorithms, but most of them are for special knowledge, It is
therefore difficult l extract all knowledge of expert systems using only the learning
algorithms which have been developed to date. However, these methods are useful for
making knowledge seeds of interactive knowledge acquisition systems. Il is important for
us to apply learning methods to knowledge acquisition. In our method, if the induction
result class is too wide (gencral), we must search for presumption heuristics. It is also
important to ask good questions to limit the class of the criteria [Angluin 86]. Induction
heristics are related to non-monotonic reasoning [ Nicolas 89],

9. Summary

This paper introduced the knowledge acquisition support system, EPSILON, and a
presumption method to make knowledge seeds. We proposed Experti Model as knowledge
representation [or knowledge acquisition, used in EPSILON. Expert Model consists of
operations, so it is extracted in operation form. EPSILON supports an interview method
and a presumption method to extract operalion details. This operation presumption is a
syntaclical function, but we must support heuristics for effective presumptions, The
currently implemented EPSILON is EPSILON/One, which supports the non-hierarchical
Expert Model and pre-post method. EPSILON/One is implemented on a sequential
inference machine (PSI-2), developed by 1COT, in an object oriented logic programming
language ESP[Chikayama 84).
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