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Abstract

In this paper a technique that enables the dialog-
based construction and refinement of operational-
ized ontologies is proposed. An agent learns classi-
fication knowledge through a dialog with a teacher.
In this dialog the agent is forced to provide log-
ical explanations of why it classifies (or fails to
classify) an instance to various ontology concepts.
The teacher is able to give immediate and very fo-
cused feedback through these dialogs. This en-
ables the agent to be taught classification knowl-
edge through the treatment of only a handful of
examples. And the teacher’s feedback is through
conversational point, click, and field-filling interac-
tions.

What differentiates this approach is that this work
leverages off of, and builds on previous work in
which a complete system of concept equations
may be solved over a practical subset of relational
schemas. The ability to syntactically compute
guery differencenables the calculation of concept
intersections and differences, and the determina-
tion of concept subsumption and disjointness. The
knowledge repair algorithms outlined in this paper
require this capability.

Keywords: Knowledge Acquisition, Query Difference Op-

erator, Explanation, Universal Relation.
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Unfortunately real world data does not usually come with
class membership data attached. Much real world data si

ply describes low-level situations or events.
similarity-based learning techniques, a large, representati
sample of the data must first be manually labeled by an e
pert.
GoodRestaurant

Introduction

classify events and situations using just a handful of exam-
ples.

This is especially pertinent when we consider tbat
tologieswill capture more and more high-level background
knowledge, but will often capture such knowledge in gen-
eral forms that will need to be mapped down to the actual
databases available in practice.

The notion of an ontology in this paper, is that of a lattice of
general and domain concepts and their relationships. These
concepts may have logical definitions connecting them to the
extensional schema in which instances (facts) are represented.
Alternatively the ontology may not have operationalized def-
initions. In the later case the techniques here attempt to aid in
theconstructiorof an operationalized ontology. In the former
case, these techniques may be employedfinean existing,
operationalized ontology.

Let us start this paper out with a very simple example of
an agent trying to build the concept of speedingAssume
a simple schema arecord , along with a target concept
speeding
report(vin, speed, color, type, date)
speeding(vin, date)

This schema also comes annotated, informing usvimat
(vehicle identification number) andate are the keys, and
thatvin , color , andtype are no-orders, andate and
speed are total orders.

Aside from access to this input information, let us assume
that the agent is a virtual tableau rosa. There is no knowledge
of what speeding is - except for the fact that it is assigned to
specific vehicles on specific dates.

report(001, 78 mph, white, mazda, 01-01)

1) Agent: This is not speeding.
2) TeacherWrong classification.

To employ(a) Agent: OK - This is speeding because the speed is 78 mph, color is white, and the

\}gpe is mazda.
(4) Teacher:The color and type are not relevant to why this car was judged to be

Speeding.

Moreover, if the target concepts are subjective (e.g(5) Agent:This is speeding because the speed is 78 mph

or BadCreditRisk

), then this label-

(6) TeacherCorrect.

ing phase will need to be performed by multiple individualsreport(002, 74 mph, black, BMW, 01-02)
to suit their own unique purposes.

Though the idea is not new, it still stands that ugimpr
knowledges helpful in the task of acquiring concrete clas-
sification knowledge. Througbperationalizingsuch back-

(7) Agent: This is not speeding because the speed is not 78 mph.
(8) TeacherWrong classification
(9) Agent:OK - This is speeding because the speed is less than or equal to 78 mph.

More complex examples will be discussed below, but this ex-

ground knowledge, it is possible to teach an agent how t@ample illustrates the basic approach being proposed here.



example instance

(10) TeacherNo - Wrong condition. target concept j/ observation phase

(11)Agent:OK - This is speeding because the speed is greater than or equal to 74 mph. 4
(12)TeacherCorrect. ‘

i classification and !
report(003, 60 mph, brown, Ford, 01-03) AGENT ! explataion | TEACHER
(13) Agent:This is not speeding because the speed is less than 74 mph. S ol
(14) TeacherCorrect - but you mean 65 mph T o oo 17
. . i wrong classification ! correction phase
report(004, 90 mph, white, Police, 01-03) 3 darification 4+——" (optional)
(15) Agent:This is speeding because the speed is greater than 65 mph. ! question(s) |
(16) TeacherWrong classification ! classification and |
(17) Agent: OK - This is not speeding because the the color is white, and the type is ! explataion |
PoliceCarandSpeedi590mph. I 77‘
(18) TeacherThe color and the speed are not relevant to why this car was judged not ! refinement |
to be speeding. ! |
(19) Agent:OK - This is not speeding because the type is Police. ! o |
(20) Teachercorrect. 1 | cassficationand | o rgfinement phase
I explataion ' (repeat)
(21) Agent:ls it always the case that it is not speeding when speed is less than 65 mph? ! general !
(22) TeacherYes. ! questions !
(23) Agent:ls it never the case that it is speeding when car type is police? o
(24) Teacher¥Yes.
(25) Agent:ls it always the case that it is speeding when car type is not police and the . .
speed is greater than 65 mph’) Flgure 1. Conversatlonal FIOW
(26) Teacher¥es.
(27) Agent:I fully understand the concept of speeding. generate a (set of) clarifying question(s) from the agent. After
. ) this phase the agent will be classifying the example properly
1.1 Organization of this paper and therefinement phasie entered.

Section 2 illustrates the basic approach through showing the Upon entering the refinement phase, the agent will be prop-
workings of the agent over the example dialog above. Sectiosrly classifying the example but it may be relying on irrel-

3 discusses scale up to larger domains. Section 4 discussegant conditions in the example to perform the deduction.
the formal under-pining of this work - th@uery Difference  The explanation provided from the observation or correction
Operator. Section 5 discusses this work in relation to somephase starts out the interaction. The teacher may identify
prior and ongoing work in knowledge acquisition and ontol-conditions in the explanation which are irrelevant or incor-

ogy learning. Section 6 proposes the further plans for theect. The teacher may provide repairs to incorrect conditions

development and refinement of this system. or simply let the agent search out an alternative condition.
Alternatively the teacher may request that a deeper explana-
2 The Approa_ch tion, with more conditions, be provided. During the refine-

. ment phase the agent may also ask general questions about
2.1 The Conversational Flow ] the domain. These true/false questions, if answered by the
There is a semi-rigid protocol that is observed between thgeacher, enable the agent to further constrain the hypothesis
teacher and the agent. Teacher input is constrained to be gpace. At the end of the refinement phase the agent will still
a very simple form. This obviates the need for sophisticateg)e able to account for the example (and past examples) but
front-end interpretors over the teachers input and feedback. igill, through, interaction with the teacher, have more specific,
addition all expressions that the agent produces are in naturgfoser to the truth, knowledge structures. This type of confi-

language. This is possible because the representations withifznce building through dialog takes us a step toward more
the agent are forms from which it is relatively easy to generatgomplete and consistent ontolodigls

lucid, non-ambiguous natural language.
Figure 1 shows the conversational flow between the ager?.2 Hypothesis Space Representation

and the teacher. There are three distinct phases of the CONVEfRa o . : : .
; . \ : . pproach here is a mix of version-sp&8kexplanation-
sation. The first phase is tlibservation phasand it always based learning][ 10, and description logi¢s] inspired rela-

occurs. In this phase an example instance and target concepy 5, systemig]. Let us illustrate the basic representations
are presented to the agent. The agent calculates whether t fd processing by treating the example above.

example is a member of the target concept and then provides aAs mentioned in the introduction. the knowledge in-
positive (or negative) minimal explanation of its classification ut to the system is a schema ana a set of target con-
back to the teacher. If the teacher agrees with the classific epts that should be learned ' In this case the relation
tion decision and also finds the explanation adequate, then tquort(vin speed, color type. date) plus
process concludes and the agent will await the next trial. the conce1pSpeedi,ng(vin ' date), is provided. In ad-

If the teacher disagrees with the classification, then theyi: =\ e \now whether an attributes domain is eithestal-
agentis informed of this with a disagreement indication. ThisOrder or ano-ordet Finally we have functional dependency
opens theorrection phasef the conversation. In this phase knowledge that/in. anddate , together, functionally deter-
the teacher directs the agent to repair its knowledge structurgﬁine all the other attributes ' '
and to then provide a new (correct) classification and expla- '
nation based on the repaired knowledge structure. This, when 2unless, in the face of the clarifying questions, the teacher de-
the teacher has been less than consistent in prior training, majdes to abort the trial.



We associate the target concepto be learned with three 2.3 Relevance Representation

expressiongX;h,C.", andC;. As is customaryC';- indicates
the logically most specific possible versiongfC;" the most
general possible version of the concept, &hdhe current,

best guess, as to whatis.

Note that all of these expressions are in the form that willThjs indicates that the variables within the set are relevant to
be defined in section 4. The important point to note here igletermining the concept when the instance falls under the

that these expressions resemble relational algebra (over a urjssociated query expression. The following table shows the
versal relatiori2]) and are closed under a difference operatorcontents ofR, for the example in the introduction.

From this it follows that we are able to compute conceptual
differences, intersections, and compliments. In addition we
are able to compute subsumption, disjointness, and concept 4
equivalence. The operations of the agent, sketched in section
2.4, require these capabilities.

The following tables report the contents of the agent’s
knowledge-base after each step in the diéldgote that the

j-th instance added is.

First we consider the knowledge the agent has abjut

andCj- through the dialog.

of of

0 Tyin,date [

1 Tyin,date © Tvin,date{t1} | 0

3 Tyin,date Tyin,date{t1}

7 Tyin,date © Tvin,datelt2} | Tvin.date{l1}

9 Tyin,date Tyin,dateit1,t2}

13 | myin,date© Tyin,date {1, 21O
Tyin, date{t3} Tyin, date{t3}

15 | 7Tyin,date© Tyin,date i1 t2, t4}O
Tyin, date{t3} Tyin, date{t3}

17 | 7myin,date© Tyin,date{t1,t2}O
Tyin,date{t3, ta} Tyin,date {t3,ta}

22 | Tyin,date© Tyin,date{t1,t2}0
Tyin,dateTspeed <659 Tyin,dateTspeed<65O
Tvin,date 1t Tvin,date 1t

24 | Tyin,date© Tvin,date 11, t2}O
Tyin,dateTspeed <659 Tyin,dateTspeed<65O
Tyin,dateTtype=Police Tyin,dateTtype=Police

26 | Tyin,date© Tyin,dateTspeed>65O
Tyin,dateTspeed <650 Tyin,dateTtype=Police
Tyin,dateTtype=Police

As we

this is achieved. The equivalence@f andC| at step 26
licenses the agent to make the statement at step 27.

There is an additional data structuRe associated with each

concept. This structure records the relevance feedback that
has been gathered on the concept. This structure consists of
a set of relevant attribute sets paired with query expressions.

Ry

?

{speed} : Ocolor=white,type=mazda,speed=T8
12 | {speed} : 0color=white,type=mazda,speed=78D
Tcolor=black.type=BMW, speed=T4

14 | {speed} : 0color=white,type=mazda,speed=78D
Ocolor=black,type=BMW,speed=74D

T color=brown,type=Ford,speed=60

17 | {speed} : 0color=white,type=mazda,speed=78D
Ocolor=black,type=BMW,speed=74D
Ocolor=brown,type=Ford,speed=609

(=]

Tcolor=white,type=Police,speed=90

18 | {speed} : 0color=white,type=mazda,speed=78D
Ccolor=black,type=BMW, speed=74D
Ocolor=brown,type=Ford,speed=60S

Tcolor=white,type=Police,speed=90
{type} :
Tspeed=90,color=white,type=Police

Note that this structure is a logical consequence of the op-
erations carried out by the teacher.

2.4 Operations

The teacher, who guides the sessions, is able to apply opera-
tions. The structure€’;, C;', Ci-, andR; are accessed and
altered during these operations.

Operations of the Observation Phase

The Classify operation simply tests whether the
instance  meets the current definition of tleencept . If

it does then the minimal set of attribute values that make it

can see, until the agent issues the general quese are reported. This is thpositive explanatioffior why the
tions to the teacher, there is little, other than the actual ininstance is a member of the concept. If the instance is not a
stances themselves, that constrain the hypothesis space. Timember of the concept then the minimal set of attribute val-
equivalence o andCji- is established by verifying that ues, which, if changed, would make it a member of the con-
C" e Cf = PandCi- © €] = 0. Section 4 discusses how cept, are reported. This is tmegative explanatiofor why

the instance is not a member of the concept. These techniques
are described if6]. Explanation services for general descrip-

Next we show the calculated guess that the agent has abatitin logic systems are discussed ). The results from this
the actual concepf;. We will discuss below how the system operation are shown in every agent utterance before step 21
arrives at these guesses below. Note that these guesses ar¢he introductory dialog.
always legal. Thatig’; D C{- andC]" D C;.

[<f

[

[}

Tyin, dateibl}

Tvin,dateTspeed=T78Acolor=whiteAtype=mazda

Tvin,dateTspeed=78

Tyin,dateTspeed=78 D Tyin,date1t2}

Tvin,dateTspeed<T78

Tvin,dateTspeed>T74

Tvin,dateTspeed>T74

Tvin,dateTspeed>65

Tvin,dateTspeed>65

Tyin,dateTspeed>65 O Tvin,datelta}

Tyin,dateTspeed>65 © Tvin,dateTcolor=whiteA...

Tvin,dateTspeed>65 O Tvin,dateTtype='Police’

3Operations are applied from left to right e Bo C = (A ©

B)sC

Operations of the Correction Phase

The operationWrongClassification starts the correc-
tion phase in which the agent’s conceptual structures are re-
paired. If the disagreement is with a positive explanation,
then the initial repair is to subtract the instance from all three
C;, C, andC;- structures (e.g. step 16). If the disagree-
ment is with a negative explanation then the initial repair is
to add the instance to the three structures (e.g. steps 2 and
8). In either case for thé€'; expression the agent immedi-
ately adopts a value-oriented view of the instance, expressing
the instance as a conjunction of conditions, one for eakh
evantattribute. The relevance of an attribute is decided by
consulting the relevance structuie. Seeheuristic #2below

to see how relevant attributes are decided. This produces an



immediate generalized repair to the structure. However thiselevant in step 2, only speed after step 8, and again all non-
repair will be generalized only enough to apply to the currenkey attributes after step 16.
instance, so re-testing prior instances is not necessary. Heuristic #3: For total orders, if more than one value is
Note that contradictions are possible when the teacher hasue (or false) the agent will attempt to generalize the condi-
given inconsistent responses. However this is only the casion over the entire domain of the total ordeCurrently the
when the agent has issued a set of general questions to thgent (arbitrarily) decides to generalize by assuming that the
teacher to constraii;’ andC;- . When a correction violates attribute is< to the highest element in the set of known values
the boundaries of th€,” or C;- the agent will issue a (set of) (e.g. step 9). If this fails the agent generalizes by assuming
clarifying question(s) to re-extend the boundary. that the attribute is> to the lowest element in the set (e.g.
step 11). Next the agent attempts to generalize over the range

Operations of the Refinement Phase from the lowest to the highest. If all these generalizations fail,
In all the operations of the refinement phase, the structure haon the agent falls back to just known values.
is altered. If it is generalized then it is necessary to re-test

all of the prior negative examples. If it is specialized then aII3 Scale-up
prior positive examples need to be re-tested. By reasonin i ) ]
over the concept and relevance expressions one does not,gnl Multiple concepts and Hierarchical Knowledge
practice, need to do this full calculation at each step. Stillin the presence of already known concepts we convert the
logically, the new structure must account for all past examconcept values to boolean attributes on new instances. The
ples. In the case of a conflict the operation is disallowedsystem will then neglect the attributes that were deemed rele-
along with an explanation of why. Refinements that carryvant to decide the known concept. Of course the teacher may
C; outside the boundary determined®y andC;- generate force a more specific analysis that include the concept vari-
clarifying questions to the teacher to ask if the boundary maybles. Still this initial treatment helps promote the building

be extended._ _ - of hierarchical knowledge structures in the agent. Note that
The operatiorirrelevant  identifies when and where  this makes the order of the concepts presented to the agent
an explanation is using an irrelevacondition . In the  veryimportant - where each concept builds on the subsequent

case of a positive explanation, the condition is removed (e.gones. Techniques from concept exploralidh may be the
step 4) fromC;. In the case of a negative explanation, key to managing this complexity.

Irrelevant , we remove conditions in a way similar to the )
case for positive explanations, but in this case for terms whici$-2  Incorrect Guidance
are being subtracted withifl; (e.g. step 18). The above system can accommodate an example where the

The operationWWrong identifies a condition that has been teacher gives incorrect or misleading instruction. The ap-
generalized improperly (e.g. step 10). This then precipitateproach is simply to state the conflict to the teacher. The re-
an alternative generalization strategy to be applied to the corsponse of the teacher decides how and if the knowledge struc-
dition. Seeheuristic #3below. The operatio€hange lets  ture is repaired.
the teacher directly alter a constant value within a condition

in the knowledge structure (e.g. step 14). 3.3 More Expressive Knowledge Representations
The operatioMoreReasons is a call for more specificity
around why the instance was (or was not) classified to the R

concept. In either case this leads to the full (i.e. all condi-
tions) value-oriented version of the instance to be either added
to or subtracted frond’;.

After the new version of’; is confirmed consistent with all
the prior examples, th€lassify(instance) operation
is re-run and the correct classification and its explanation are
reported to the teacher. This may in turn result in another
round of refinement.

ITORY_RFT WEATHER RPT  ACTIVITY_RPT ]
EXTREME WHEATHER

Heuristics
The above operations employ the following heuristics: ‘
Heuristic #1: The values of keys are not relevant to clas-
sifying the instancesThough this heuristic could easily be
discarded, it seems to hold for many potential domains.
Heuristic #2: A relevant attribute of an instance is an at-
tribute whose query expression ity does not preclude the Figure 2: Knowledge structure of limited, though practical,
instance. If no relevant attributes may be determined, themxpressivity.
all of the non-key attributes are deemed relevahhe intu-
ition here is that the repairs in the correction phase must only It may be that this approach in this paper is only possi-
apply to the current instance, yet should be generalized, arllle within knowledge representations of the form described
should exploit prior determinations of relevant attributes. Us-below. Still, even within these systems, interesting and prac-
ing this the agent concludes that all the non-key attributes artcal ontologies may be operationalized. Work is currently be




MOVIE(title, type, rating, year) in queries here are sub-relations of the universal relaBion

REVIEW(title, sourceeval) In the Relation Algebra projections are over sets of attributes
THEATER (theateraddress, city) — this requirement could easily be relaxed, but it helps sim-

plify some applications. (3) We extend the notion of differ-
ence and union over what in the standard relational algebra
are non-union compatible projection sets. The expression
Table 1: The MOVIE schema. q1 P g2 indicates this extended form of union. In the standard
CasenMovieUcity:Austin 5] HMovieO'city:LA i_S eqUiVa|ent to
conducted to employ these methods to teach agents structurgszovie Ocity=Austin U lnrovieOcity=1 4. Butin the language

SHOW(title, theater , timgprice)

such as the one within figure 2. here you can also express queries k@ ovic O city=Austin ©
I piaying_atOcity=Austin- 1h€ same extension occurs for
4 The Query Difference Operator the difference operator. In Relational Algebra this again

requires that queries have equivalent projection sets. Not
so here, the operatop expresses this extended notion
of query difference. For exampHEasoyicOcity=Austin ©
Movie,Show0 city=Austin y|e|d5 the empty set. (4) Flna"y
here is a special negation semantics of such queries where the
%ueryHMm'eacity<>rAustm/ is not equivalent to the query

In an earlier pap¢7] it is shown that the set difference of the
queriesq; andgs may be computed as a syntactic manipu-
lation of the expressiong andg. for a well defined subset
of the relational algebra over a restricted class of relation
schemas. With this, one may, without materializing data, tak
the expressions fay; andgs, apply the query difference for- Tl peopte O (city— Austin')- THE former query gives the Movies

mula to yieldgs, and be guaranteed thatis logically equiv- \hich play somewhere other than Austin. The later query ex-
alenttog, —¢». With query set difference handled, the ability \,o5ses the query giving the movies that do not play anywhere
to compute query intersection, subsumption, disjointness, aq;( Austin. This later query is expressing a form of universal

equivalence follow. . quantification through a not-exists constraint.
To illustrate let us take as an example the movie schemai

table 1. Considey, being the queryGive the show timesin 4.2 Algebraic Theorems

:ﬁjtmggirnG t?lgpiélrSGTV%V;ﬁZ \évrlwtgvfticr)r:sssiaaiggt?*ugrnggi Here follows the central theorem that we may use under the
Antgﬁio forgPG-qu or R movies with 3 or 4 star evaluations.” assumptions above. The query difference formula says that
" for the simple queries of the type proposed, one may solve for

The logical result ofj; — ¢» is the query‘Give show times . : : : :
in Austgi]n for G movizls wi'?ﬁ 4o0r5 gtar eyvaluations plus showquery difference by manipulating query expressions directly.

times in Austin for PG-13 movies with 5 star evaluations” Theorem 1 (Query Difference Formula)
Similarly, g1 N ¢ is “Give show times in Austin for PG-13 IIxoea...Ac, © HYUC’I/\.../\C’", =
movies with 4 star evaluationsClearly neither query sub- Ixayoe nnean—e, @ - ® lxayoe, anc,nmet, &

sumes the other, nor are they equivalent. Ox yoen A
- 1N ACy

4.1 Query and Schema Representation and

Restrictions Let us consider some examples of this operator in use: First
Assume a set of relation§Ry, ..., R} where we have, a CONSIderIlaovieOcity=austin © Untovie,Showcity=Austin =
priori, decided on a set of equi-joins that connect these retlMovieOcity=Austina—(city=Austin) = 0. Here we have

lations together so that there are no cycles in the resulting non-union compatible difference that yields the an
graph. In the example in table1 we pick the equi-join betweerfMPLY €xpression. In the expressidiuovicoyear>1950 ©
MOVIEandSHOWhrough the attributéitle |, the equi-join ~ LMovieTyear>1960 = arovie Oyear>1950nyear<i1960- HETE WE
of SHOVnd THEATERhrough the attribut@heater , and have a 5|mplg union compatible query that yield the movies
the equi-join oMOVIEandREVIEWthroughtitle . When ~ Made in the fifties.
we outer join all the relations together, we get the universal " MovieTcity='LA" S UnrovieOecity<>rpar —
relationR. HMovieUcity:’LA’/\j(city<>’LA’) N_OUCe that in th'$ query
A query is represented as an expression of the fornthat what'we obtain are the movies that are playlng only in
Ixo. A r. WhereX identifies a set of sub-relations from LA. This illustrates that rules govern when conditions may
C1/\.../\Cp, . e .
R. The conditions:,, ..., c,, are simple, non-join conditions. € Simplified. The approach s to apply theperator to the
For exampldl shou0eity— Austin Tetrieves the show-times for conditione (thus changing an='to ' <>, or’<’toa’'>=/,

those movies playing in Austin. etc.) if and only if the condition’s attribute is functionally
) . ) dependent on the key of each sub-relation in the projection
Differences with the standard Relational Algebra set, and the attribute is not a proper subset of a candidate key.

Though these queries have a similar appearance and seman- . o
tics to simple relational algebra, they differs in several key eorem 2 (Query Difference is distributive over compound
ways. (1) The “relation” that these queries are applied Oveguerles) _

is alwaysR, the outer join of all the relation§R;, ..., R, } (090)8(6:ou) =(0196)Snu)®(296)Seu)

. Because this is always the cas&’ is omitted from the This theorem enables us to apply the difference formula
notation. And because of this single implied relation argu-over compound queries. This is necessary to compute inter-
ment, self-join queries are precluded. (2) The projection setsections. Intersection follows from N g2 = g1 © (q1 © ¢2).



Note that subsumption follows from D ¢z © g2 © q1 = 0
and equivalence follows frony;, = ¢ & ¢ © ¢ =

0 A g ©q = D. Queries are disjoint if their intersection
is empty.

7 Conclusion

In this paper proposed an approach towards the complete ac-
quisition of conceptual knowledge from a teacher. At its heart
the approach relies on the query difference operator to solve

The following three theorems assist in the simplificationconcept equations.

of query expressions. In many applications queries will be
conveyed to users. No matter the method (e.g. Natural la

guage, graphical dlsplay, etc.), we should like to m|n|m|zegB Bibliography
the number of terms in the expression. These three theoreneferences

give a complete method by which to search for simpler, buh]

equivalent, query expressions.

Theorem 3 (Absorption)ll xo¢ & [y oc:
if C = C'andX CY.

Theorem 4 (Horizontal

Oxuyoc

Theorem 5 (Vertical Merge) lixocnae; @ xocone,

Ixocac, Wheree; V ¢, may be written as the S|mple con- [3]
dition ¢y,.

= Hyac/

Merge) Iixoc @ Iyoc (2]

5 Previous and contemporary work [4]

The work here follows in the same spirit as propose-and-
revise systems such as SALT systdin Approaches such
as ExpedtL3] also relate - especially in the quest to facil- [5]
itate knowledge acquisition through explanatory dialogues.
However the focus here is on acquiring knowledge of a much
simpler form than systems acquiring knowledge for exper
systems. The simplicity of knowledge representation leads,
however, toward an acquisition tool that may be efficiently
instructed on any (or many) possible domain specific 'views’
over a universal relational. (7]
This work shares some goals witl?] in that it may
start with a simple attribute-value structure (a Universal
Relatiori2] in the case here), and build an immediate prob-
lem solver, while keeping as a further goal the extraction of
a reusable ontology from the efforts. In contrast to build-[g]
ing the problem solver from ripple down rules, the approach
here builds a structured, though not highly expressive prob:-
lem solver as a by-product of only a few instances of the prob[g]
lem. The teacher identifies relevance information by interact-
ing with agent explanations.

6]

(10
6 Future plans

A prototype of this system exists, however this prototype
needs to be further developed. The current system is ab
to account for dialogs such as the one described in the intro-
duction. Still there are some further heuristics that need to
be added to reduce instance order sensitivity and to properly
trigger the agent to ask general questions of the teacher. B2
work continues and progress is being made. | look forward

to receiving feedback from the community to focus and guide
the scale-up of this prototype.

In addition | will be investigating how these techniques
may applied over widely used ontology representatlons (OIL,
F-Logic, OKBC, etc.). Once a suitable match is found
this prototype will be ported to that representation language
and larger scale experiments with ontology operationalization
will be undertaken.
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