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Chapter 1

In tro duction

1.1 In tro duction

\The time has come," the W alrus said, \T o talk of man y things"

L ewis Carr ol l in Thr ough the L o oking Glass

The goal of this researc h is to dev elop metho ds for represen ting and accessing kno wledge

to supp ort m ultiple tasks. The kno wledge represen tation researc h attac ks three problems

of frame-based represen tation languages: represen ting quan ti�ed assertions, represen ting

b oth de�nitional and nonde�nitional assertions, and represen ting information con textually .

The kno wledge access researc h addresses three problems as w ell: ho w to pro vide a con ten t

addressable kno wledge base, ho w to pro vide a virtual kno wledge base, and ho w to access

viewp oints of concepts.

1.2 Motiv ation

Consider the follo wing activities that a h uman exp ert, suc h as a professor of b otan y , migh t

p erform on a routine da y:

� answ ering studen ts' questions in class,

� writing an explanation of photosyn thesis for a textb o ok,

� diagnosing and treating a wilting plan t in the greenhouse, and

� learning ab out new disco v eries from a journal article.

Human b eings ha v e great 
exibilit y in applying their kno wledge of a domain to a v ariet y

of tasks. F or eac h task they p erform, only a small p ortion of their kno wledge is relev an t,

y et they are able to iden tify that p ortion and distinguish it from the irrelev an t kno wledge.

This activit y is referred to here as know le dge ac c ess . Designing computational metho ds for
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kno wledge access is crucial to dev eloping an arti�cially in telligen t agen t that uses a corpus

of domain kno wledge to p erform m ultiple tasks.

Kno wledge access is ric h with in teresting problems. F or example, consider the problems

a b otanist faces when writing the follo wing description of cell n uclei:

The n ucleus is t ypically the largest structure in the cytoplasm of a euk ary otic

cell. The n ucleus p erforms t w o essen tial functions. First, it con trols the ongoing

activities of the cell. It do es this b y determining whic h protein molecules are

pro duced b y the cell and when. Second, it stores the cell's genetic information,

passing it on to the daugh ter cells in the course of cell division.

1

This passage illustrates sev eral problems of kno wledge access. First, the passage con tains

only a small fraction of ev erything the author kno ws ab out cell n uclei. Otherwise, the text

w ould o v erwhelm the reader. Y et the author w as able to determine whic h facts to include

and whic h to exclude so that the material w ould b e coheren t, rather than a random sampling

of information.

Second, the passage con tains kno wledge that is c ontent addr essable . F or example, the

concept \the cytoplasm of a euk ary otic cell," lik e man y concepts in b otan y (or an y other

domain), has no \o�cial" tec hnical name. The author w as able to access the concept purely

via its con ten ts; partial kno wledge of the concept ( e.g ., that it is a kind of cytoplasm and

that it is part of a euk ary otic cell) is activ ated, resulting in the rest of the kno wledge ab out

it b ecoming accessible.

Third, the passage con tains kno wledge of p oten tially ad ho c concepts, suc h as \the cy-

toplasm of a euk ary otic cell." Ev en if that concept w ere not stable in the author's mind,

the author still accessed the concept b y creating it ad ho c using implicit kno wledge of the

concept distributed among other stable concepts, suc h as \cytoplasm" and \euk ary otic cell."

Finally , there arises the question of ho w the author's kno wledge is enco ded so as to

supp ort solutions to the ab o v e problems.

This researc h addresses the ab o v e problems of kno wledge access in the con text of com-

puter systems p erforming kno wledge-based tasks. The sp eci�c goals are threefold. The �rst

goal is to mak e it p ossible to represen t in a formal language the kind of domain kno wl-

edge that supp orts a v ariet y of tasks (called multifunctional know le dge ) in suc h a w a y that

general (task indep enden t) metho ds can access it. The second goal of the researc h is to de-

v elop metho ds to enable computer systems to access concepts b y their con ten ts, regardless

of whether the concepts exist explicitly or implicitly in the kno wledge base. The third goal

of the researc h is to dev elop metho ds for accessing coheren t p ortions of kno wledge ab out a

giv en concept from a large kno wledge base. The next three sections discuss these goals and

the approac h tak en to eac h.

1

Adapted from Biolo gy of Plants [68 ], page 36.
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1.3 Multifunctional Kno wledge Represen tation

Most presen t-da y kno wledge-based systems rely on represen tations of domain kno wledge that

w ere designed to supp ort the single task the system p erforms. Suc h task sp eci�c kno wledge

bases su�er from t w o limitations. First, they include only the kno wledge needed to p erform

the task for whic h they w ere engineered. F or example, the IF-THEN pro duction rule bases

that exp ert systems use t ypically lac k the supp ort kno wledge that underlies the rules. As

a result, exp ert systems that rely on them cannot adapt to unan ticipated circumstances

b ecause they lac k kno wledge of \�rst principles" from whic h to reason. In addition, the rules

are usually unsuitable for explanation and teac hing, as the Guidon pro ject demonstrated [18].

The second limitation of task sp eci�c kno wledge bases is that the form of their kno wledge

is tailored for a particular application. F or example, man y advisory and tutoring systems

rely on kno wledge in the form of \canned text," m ultisen tence text passages hand-crafted

for sp eci�c con texts. Although a sp ecial-purp ose form enables more e�cien t p erformance of

one task, it usually precludes the kno wledge from b eing applied to other tasks within the

same domain. F or example, while kno wledge of plan t diseases in the form of canned text

can b e used to pro vide instruction, it cannot b e used for automated diagnosis.

More 
exibilit y is ac hiev ed b y building a comprehensiv e, �ne grained represen tation of

domain kno wledge, i.e. , one that pro vides broad co v erage of the domain, represen ted as

atomic facts that can b e com bined and used in m ultiple w a ys. F or example, consider a

kno wledge base con taining the follo wing facts, represen ted so that an application program

can examine and manipulate them.

1. Photosyn thesis requires ligh t, carb on dio xide, and w ater.

2. Photosyn thesis pro duces glucose and o xygen.

3. Respiration requires glucose and o xygen.

4. Respiration pro duces carb on dio xide and w ater.

A system could use facts (1) and (4) to reason ab out ho w carb on dio xide is in v olv ed in

plan t ph ysiological pro cesses. Similarly , reasoning ab out the role of o xygen w ould in v olv e

facts (2) and (3). The �rst three facts w ould b e relev an t to reasoning ab out ho w ligh t

depriv ation a�ects respiration. Finally , a system w ould need all four facts to reason ab out

ho w photosyn thesis and respiration are complemen tary pro cesses.

Suc h comprehensiv e, �ne grained represen tations of kno wledge are called multifunctional

know le dge b ases . Because m ultifunctional kno wledge bases con tain kno wledge to supp ort a

v ariet y of tasks, they are large and costly to build. A h yp othesis underlying this w ork is

that it is more cost-e�cien t in the long run to construct a single m ultifunctional kno wledge

base for a domain than to construct a separate kno wledge base dedicated to eac h task to b e

p erformed in that domain.
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In the last few y ears, in terest in m ultifunctional kno wledge bases has gro wn rapidly within

the arti�cial in telligence comm unit y . In 1988, the American Asso ciation for Arti�cial In telli-

gence sp onsored a w orkshop on the topic. The CYC pro ject [40] has dedicated the last sev en

y ears to dev eloping the largest m ultifunctional kno wledge base in existence. Brac hman lists

large kno wledge bases as one of the most imp ortan t areas of future kno wledge represen tation

researc h [10].

Multifunctional kno wledge bases can b e constructed using a v ariet y of represen tational

languages, including predicate logic, Prolog, and frame-based languages. This w ork assumes

a frame-based language, although man y of the ideas presen ted here apply to other represen-

tational paradigms as w ell. There are four reasons that a frame-based language w as c hosen

o v er other represen tational paradigms. First, sev eral common t yp es of inference are v ery

e�cien t in frame-based languages. These include inheritance of features from one class to

another, retrieving the v alue of an attribute for an en tit y , and retrieving all kno wn facts

ab out an en tit y . Second, using a frame-based language yields a mo dular kno wledge base,

one that is con v enien t for bro wsing and editing. Mo dularit y is esp ecially imp ortan t for a

large, m ultifunctional kno wledge base. Third, it is easy to describ e the prop erties of rela-

tions in a frame-based language. F ourth, it is p ossible to describ e intensions of concepts in

a frame-based language (discussed in Chapter 2).

An imp ortan t asp ect of this w ork is its broad applicabilit y . An y application program

using a frame-based kno wledge base can use the kno wledge access metho ds presen ted here,

regardless of the task b eing p erformed or the domain.

Although domain indep enden t, this w ork is undertak en in the con text of the Botan y

Kno wledge Base pro ject [67]. The Botan y Kno wledge Base is a m ultifunctional represen ta-

tion of b otan y , with emphasis on plan t anatom y and ph ysiology . It curren tly con tains o v er

2,600 concepts and o v er 28,000 facts. The domain of b otan y w as c hosen b ecause it is a non-

formal domain, y et it is relativ ely self-con tained. Lik e man y domains, b otan y is concerned

primarily with ph ysical ob jects (anatom y) and ph ysical pro cesses (ph ysiology).

While dev eloping access metho ds for large m ultifunctional kno wledge bases suc h as the

Botan y Kno wledge Base, sev eral represen tational problems w ere encoun tered. The rest of

this section discusses these problems.
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1.3.1 Represen ting Necessit y , Su�ciency , and Lik eliho o d

In most frame-based languages, frames represen t categories, and slots and their v alues rep-

resen t features of mem b ers of those categories. In some languages, suc h as KL-ONE and

other terminological languages, features represen t necessary and su�cien t criteria for cate-

gory mem b ership, as with the features col or = B l ack and isa = T el ephone for the category

Black-T elephone [86]. In other languages, features represen t not de�ning prop erties, but

defaults, as with the feature col or = Gr ay for Elephant [9]. Nonetheless, these languages

mak e no pro vision for represen ting the lik eliho o d of the default ( e.g ., ho w lik ely it is that a

particular elephan t is gra y). Still other languages seem to allo w users to imp ose their o wn

seman tics for features [50].

The problem with these approac hes is not the particular in terpretation they assume,

but that they all assume a single in terpretation for ev ery h fr ame slot value i triple in the

kno wledge base. A comprehensiv e corpus of domain kno wledge consists of features of all

kinds. A more 
exible represen tation language is needed that allo ws the kno wledge engineer

to

� distinguish features that are de�nitional

from those that merely happ en to o ccur,

� distinguish b et w een necessit y and su�ciency ,

� distinguish b et w een defeasible and absolute features, and

� sp ecify di�eren t degrees of defeasibilit y ( e.g ., lik eliho o d).

A goal of this researc h is to dev elop constructs for represen ting this kind of information

ab out features. These constructs m ust allo w information ab out a feature (its necessit y ,

su�ciency , lik eliho o d, etc.) to b e represen ted in the same con text as that feature, as opp osed

to requiring the rei�cation of features as frames. In addition, these constructs m ust b e

con v enien t and e�cien t to use.
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1.3.2 Represen ting Quan ti�ed Assertions

Just as domain kno wledge includes features with di�eren t necessit y , su�ciency , and lik eli-

ho o d, domain kno wledge also includes assertions with di�eren t quanti�c ational p atterns :

� Every plan t has as a part some stem.

� Plan t01 has as a part some stem.

� Every plan t has color green.

� Plan t01 has color green.

Most existing frame-based represen tation languages do not allo w quan ti�ed assertions to

b e c onveniently represen ted ( i.e. , represen ted with a single h fr ame slot value i triple). Ground

prop ositions are represen ted with a single triple, but quan ti�ed assertions require either

additional represen tational constructs (suc h as a rule or constrain t language) or m ultiple

triples. This requiremen t mak es kno wledge represen tation m uc h more tedious.

A goal of this w ork is to allo w assertions ha ving commonly o ccurring patterns of quan-

ti�cation to b e represen ted with a minim um of notation, while main taining rigorous and

explicit seman tics. In other w ords, the goal is to represen t quan ti�ed assertions in the same

w a y as unquan ti�ed assertions, as single h fr ame slot value i triples. F or example, the ab o v e

four assertions w ould all b e represen ted in the same syn tactic form, ev en though eac h has a

di�eren t quan ti�cational pattern:

� h Plant has-p art Stem i

� h Plant01 has-p art Stem i

� h Plant c olor Gr e en i

� h Plant01 c olor Gr e en i

The correct in terpretation could b e determined automatically as needed.
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1.3.3 Represen ting Con textual Information

Consider represen ting the statemen t \The cells of the ro ot system con tain no c hloroph yll."

T raditional frame-based represen tation languages pro vide t w o unsatisfactory alternativ es.

The �rst tec hnique is to asso ciate an \if-needed" rule with the amount-chlor ophyl l slot on

the Cel l frame that states, in e�ect, \If a cell is part of a ro ot system, then it has no

c hloroph yll." This approac h requires that the represen tation language include a formalism

for represen ting and reasoning ab out suc h rules. It also has the disadv an tage that it pro vides

no direct access path from the frame R o ot-System to the kno wledge ab out cells that are part

of ro ot systems unless a sp ecial mec hanism installs p oin ters from frames to the rules in whose

an teceden ts they app ear.

The second tec hnique is to create a frame for the concept \Cell of a ro ot system," then

�ll in the appropriate slot v alues on that frame, as in

Cell-of-A-Ro ot-System

||||||||{

generalizations: Cell

part-of: Ro ot-System

amoun t-c hloroph yll: Zero

If little or no additional kno wledge di�eren tiates the concept Cel l-of-A-R o ot-System from

the concept Cel l , then this approac h requires an inordinate amoun t of e�ort.

Another disadv an tage of this approac h is that it results in a proliferation of frames cor-

resp onding to concepts that are imp ortan t only in v ery limited con texts (suc h as \w ater

con tained in a guard-cell that is collapsing" and \w ater p ore in the mem brane of the epi-

dermis of a ro ot"). Ideally , ev ery frame in the kno wledge base w ould corresp ond to a stable

concept in the mind of the domain exp ert, that is, a concept one w ould exp ect to �nd in the

index of a comprehensiv e text on the domain. Suc h a kno wledge base is easier to na vigate,

for b oth kno wledge engineers and application programs.

An alternativ e tec hnique for represen ting \The cells of the ro ot system con tain no c hloro-

ph yll" that do es not necessitate creating a frame for \Cell of a ro ot system" is to represen t

the information c ontextual ly . That is, the triple h Cell amoun t-c hloroph yll Zero i is repre-

sen ted in the con text of the triple h Ro ot-System has-part Cell i , signifying that cells that ar e

p art of a r o ot system ha v e no c hloroph yll. One goal of this w ork is to allo w con v enien t rep-

resen tation of con textual information within the h fr ame slot value i paradigm ( i.e. , without

resorting to a rule or constrain t language).
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1.3.4 The Approac h

The dev elopmen t of the kno wledge represen tation language used in this researc h (called KM),

to ok adv an tage of existing tec hnology as m uc h as p ossible. The starting p oin t for KM w as

the Theo system dev elop ed b y T om Mitc hell at Carnegie-Mellon Univ ersit y [50]. T o allo w

the represen tation of b oth con textual information and necessit y , su�ciency , and lik eliho o d

information, KM w as extended to include annotations : eac h v alue of a frame-slot can b e

annotated with additional �lled slots that either

� are relev an t to the v alue b eing annotated only within the curren t con text, as in

Ro ot-System

||||{

has-part: Cell

amoun t-c hloroph yll: Zero

� or pro vide information ab out the en tire h fr ame slot value i triple, as in

Plan t

||{

color: Green

lik eliho o d: High

A second feature that distinguishes KM from Theo is a precise seman tics. The seman tics

is expressed b y a semantic mapping from h fr ame slot value i triples in the kno wledge base to

form ulae in probabilistic logic. This mapping co v ers annotations as w ell. T o allo w relations

carrying di�eren t quan ti�cational patterns to b e represen ted b y simple h fr ame slot value i

triples, the seman tic mapping is not uniform for ev ery triple in the kno wledge base, but v aries

according to the slot app earing in the triple. F urthermore, slots are o v erloaded in the sense

that the quan ti�cational pattern a slot implies v aries with the frame on whic h it app ears and

the v alue(s) it has. The kno wledge en terer need not explicitly indicate the quan ti�cational

pattern of ev ery triple in the kno wledge base b ecause this can b e determined automatically .

The design of KM in v olv ed, to some degree, all mem b ers of the Botan y Kno wledge Base

pro ject [67]. Erik Eilerts w as largely resp onsible for the implemen tation of KM. The con tri-

bution of this researc h is, �rst, pro viding a theoretical grounding for our design decisions,

and second, sp ecifying the seman tics of KM's represen tational constructs. Chapter 2 giv es

the sp eci�cs of the KM represen tation language and its seman tics.
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1.4 Kno wledge-Base Access

The term know le dge-b ase ac c ess is used here to mean iden tifying a p ortion of a kno wledge

base that is relev an t to a particular task. F or a frame-based kno wledge base, a \p ortion" is

a group of one or more h fr ame slot value i triples. T ypical examples of access metho ds for

frame-based represen tations include

� single frame-slot access, in whic h the user, either a h uman or an application program,

sp eci�es a frame and a slot o ccurring on that frame, and the access metho d returns

the v alue(s) of the slot,

� en tire frame access, in whic h the user sp eci�es a frame, and the access metho d returns

the v alues of all the slots o ccurring on that frame, and

� task sp eci�c access metho ds, suc h as the con ten t-determination op erators of an

explanation-generation or question-answ ering system.

This researc h addresses t w o issues regarding kno wledge-base access: (1) allo wing users to

access frames b y their con ten ts (as w ell as b y name), regardless of whether they exist explic-

itly or implicitly in the kno wledge base, and (2) accessing coheren t p ortions of kno wledge

ab out a particular concept from a kno wledge base.

1.4.1 Pro viding a Con ten t Addressable, Virtual Kno wledge Base

Building a kno wledge base in v olv es making n umerous decisions, including

� what name to giv e to eac h kno wledge-base frame

( e.g. , \Plan t-Stem" vs. \Stem-of-Plan t"), and

� what concepts and relations will b e represen ted explicitly in the kno wledge base

( i.e. , will ha v e an asso ciated frame).

Domain theory and principles of kno wledge represen tation guide some of these decisions.

Man y of these decisions, ho w ev er, are arbitrary . This is esp ecially true for m ultifunctional

kno wledge b ecause there is not a sp eci�c task determining what the kno wledge base should

con tain or ho w it should b e represen ted. F urthermore, the kno wledge engineer is often

una w are of these arbitrary decisions.

Although man y of the decisions in v olv ed in kno wledge engineering are arbitrary , they

nonetheless impact users of the kno wledge base. F or example, if a user's only access to

frames in the kno wledge base is through the frames' names, then the user's abilit y to �nd a

frame dep ends on whether he kno ws (or can guess) what the kno wledge engineer named it. If

a user only has access to concepts that are explicitly represen ted in the kno wledge base ( i.e. ,

concepts that ha v e a corresp onding kno wledge-base frame), then the kno wledge engineer's

decision not to reify a concept that happ ens to b e imp ortan t for a particular task sev erely
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limits the user's abilit y to p erform that task. One goal of this researc h is to insulate users

from the e�ects of the (sometimes arbitrary) c hoices made during kno wledge represen tation.

An access metho d can insulate kno wledge-base users from the e�ects of arbitrary c hoices

of frame names b y pro viding c ontent addr essability . A con ten t addressable kno wledge base

allo ws users to access frames not only b y sp ecifying the frame name, but also b y sp ecifying a

partial description of the frame's con ten ts. F or example, to access the frame for the concept

\euk ary otic cell cytoplasm," the user could describ e the concept (in a formal language) as \a

kind of cytoplasm that is part of a euk ary otic cell." (More complex t yp es of descriptions are

also p ossible, suc h as those in v olving m ultiple features and nested descriptions.) When giv en

this description in place of a frame name, the access metho d searc hes the kno wledge base for

the frame matc hing the description and uses the name of that frame in servicing the access

request. The adv an tage of con ten t addressabilit y is that users can access the kno wledge base

without extensiv e a priori kno wledge of its con ten ts.

An access metho d can insulate kno wledge-base users from the e�ects of arbitrary c hoices

ab out what is made explicit in the kno wledge base b y pro viding a virtual know le dge b ase .

In the actual kno wledge base, the only concepts and relations that are accessible are those

that ha v e b een explicitly represen ted in the kno wledge base. In a virtual kno wledge base, b y

con trast, concepts and relations that are implicit in the kno wledge base are also accessible.

Muc h researc h in arti�cial in telligence has b een dev oted to dev eloping access metho ds for

r elations in the virtual kno wledge base ( e.g. , inheritance and rule c haining). The w ork

describ ed here fo cuses on metho ds for accessing c onc epts in the virtual kno wledge base.

A concept is implicit in the kno wledge base ( i.e. , it is in the virtual kno wledge base)

if it can b e completely de�ned in terms of other concepts and relations in the kno wledge

base. F or example, if the concepts Eukaryotic-Cel l and Cytoplasm and the relation p art-of

are eac h represen ted b y a frame in the kno wledge base, then the concept \cytoplasm of a

euk ary otic cell" is in the virtual kno wledge base.

T o access a concept in the virtual kno wledge base, the user supplies (in a formal language)

a de�nition of the concept in terms of other kno wledge-base concepts, suc h as \the cytoplasm

that is part of a euk ary otic cell." The access metho d creates a new frame for the concept

and reorganizes the kno wledge base to accommo date it. This reorganization in v olv es �nding

� the maximally sp eci�c set of concepts in the kno wledge base that are more general

than the new concept, and

� the maximally general set of concepts that are more sp eci�c than the new concept,

and installing the appropriate generalization and sp ecialization links b et w een these frames

and the new frame. It also in v olv es recording on the new frame all the information giv en

in the user's sp eci�cation of the concept (in this example, p art-of = Eukaryotic-Cel l ). The

access metho d then uses the name of the new frame to service the access request.

When an access metho d pro vides b oth con ten t addressabilit y and access to the virtual

kno wledge base, users do not need to kno w whether concepts are explicit in the kno wledge

base or implicit. Users simply supply a description of the concept to b e accessed, em b edded
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in the access request. If the concept already has a frame asso ciated with it, then that frame

is found and used; otherwise, a new frame is created and used.

The dynamic creation of new concepts is not a new idea. A ma jor con tribution of the

KL-ONE kno wledge represen tation system [12] w as the in tro duction of a mec hanism for

automatically assimilating new concepts in to an existing taxonom y based on their descrip-

tions. Most of the terminological languages that descended from KL-ONE also ha v e this

facilit y , called automatic classi�c ation. Automatic classi�cation as done in KL-ONE and its

descendan ts has sev eral limitations, whic h this researc h addresses. Chapter 3 discusses these

limitations in more detail.

Pro viding a con ten t addressable, virtual kno wledge base is essen tially a problem of au-

tomatically extending an index (the taxonom y of frames) and circum v en ting that index

when it is insu�cien t. Hence, this task do es not arise for represen tation languages that

do not pro vide an index, suc h as predicate logic. This w ork is an e�ort to com bine the

access 
exibilit y of nonindexed languages with the adv an tages of an indexed, frame-based

language (e�ciency of inference, mo dularit y , the abilit y to describ e relations, and the abilit y

to represen t in tensions).

Chapter 3 details metho ds for pro viding a con ten t addressable, virtual kno wledge base.

Chapter 3 also presen ts a three-part ev aluation of these metho ds:

� An empirical ev aluation of the h yp othesis \concepts that are candidates for con ten t

addressabilit y and concepts that migh t exist in the virtual kno wledge base but not in

the actual kno wledge base are prev alen t in h uman-generated text,"

� An analytic ev aluation of the strengths and limitations of the approac h, and

� An empirical ev aluation of the exp ected cost of accessing concepts in the virtual kno wl-

edge base. The results of this study are compared with the theoretical analysis giv en

b y W o o ds [85 ].

1.4.2 Accessing Coheren t P ortions of Kno wledge

T raditional access metho ds for frame-based kno wledge bases retriev e either the v alue(s) of a

single frame-slot or the v alues of all slots of a giv en frame. These metho ds are often ill-suited

to the needs of application programs. F or example, consider an advisory or tutoring system

that generates explanations of domain kno wledge from a kno wledge base, suc h as [43 ]. With

con v en tional access metho ds, the system has t w o unsatisfactory options for selecting the

relev an t h fr ame slot value i triples from the kno wledge base. One, the system can request

the v alue(s) of individual frame-slots one at a time using the \single frame-slot" access

metho d. This requires that the system kno w in adv ance whic h frame-slots are relev an t to

the explanation it is constructing. Tw o, the system can request the v alues of all slots of

a frame, then examine eac h slot v alue to determine its relev ance. This approac h is v ery

ine�cien t, b ecause an explanation of some concept usually requires only a small fraction of

all the information found on the frame for that concept. F urthermore, information that is
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not stored directly on that frame ( i.e. , information stored on neigh b oring frames) ma y b e

relev an t to the explanation of that concept. With this metho d, the system will miss that

information unless it also examines all the slot v alues on all the neigh b oring frames.

Metho ds are needed for accessing, from all the information a v ailable on some concept, a

coheren t subset that is appropriate for a particular task. As a solution, this w ork includes

metho ds for accessing viewp oints of concepts. A viewp oin t is a coheren t collection of facts

that describ es a concept from a particular p ersp ectiv e. F or example, a structural viewp oin t of

the concept Se e d-Co at describ es the substances and parts that mak e up a seed coat and ho w

they are connected. The viewp oin t of Se e d-Co at as a kind of Container includes information

ab out what parts of the seed are con tained b y the seed coat, whether the seed coat has

op enings, etc. The viewp oin t of Se e d-Co at as ha ving no c hloroph yll includes the fact that

seed coats are not photosyn thetic.

Viewp oin ts are essen tial for a v ariet y of tasks. Explanation-generation, advisory , and

tutoring systems dep end on viewp oin ts to ensure the coherence of the explanations they

generate [43, 46 , 47 , 49, 78, 64, 65, 79 , 51 , 52]. Learning systems also use viewp oin ts. F or

example, KI uses views to constrain the searc h for consequences of adding new information

to a kno wledge base [54, 57 ], and Shrager uses views to guide incremen tal c hanges to a

learner's theory of ho w a device w orks so that only coheren t theories are learned [72]. Other

systems use viewp oin ts to constrain automated reasoning. F or example, F alk enhainer and

F orbus use p ersp e ctives in comp ositional mo deling to ensure consisten t mo deling assumptions

and to increase e�ciency [23]. ISAA C [62] and APEX [38 ] use viewp oin ts in solving ph ysics

problems. BLAH [82 ] and Algernon [19] use p artitions and views to constrain problem solving

and default reasoning. Finally , systems use viewp oin ts for natural language pro cessing.

F or example, Grosz uses fo cus sp ac es to guide disam biguation in discourse understanding

[28], and KING uses views to guide linguistic and conceptual c hoices in natural language

generation [37]. Although viewp oin ts are crucial for a v ariet y of tasks, existing metho ds

for dynamically generating viewp oin ts from a kno wledge base are limited. This researc h

pro vides general (domain and task indep enden t) metho ds for generating viewp oin ts.

The approac h tak en here to the problem of generating viewp oin ts from kno wledge bases

is to iden tify viewp oint typ es b y analyzing h uman-generated texts, then to dev elop metho ds

for constructing eac h t yp e of viewp oin t from the kno wledge base. T o access a viewp oin t,

the user sp eci�es the t yp e of viewp oin t w an ted and the concept of whic h the viewp oin t will

b e tak en (the c onc ept of inter est ). The access mec hanism then determines whic h relations

in the kno wledge base are relev an t to the requested viewp oin t and accesses those relations

using frame-slot access metho ds.
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The t yp es of viewp oin ts iden ti�ed here are

� as-kind-of viewp oin ts, whic h describ e the concept of in terest b y relating it to a more

general concept. F or example, the viewp oin t of Se e d-Co at as a kind of Container is an

as-kind-of viewp oin t.

� viewp oin ts constructed along b asic dimensions , whic h describ e particular kinds of fea-

tures of the concept of in terest (structural features, functional features, etc.). An

example is a structural viewp oin t of Se e d-Co at .

� as-having viewp oin ts, whic h include features ab out the concept of in terest that are

relev an t to a user-sp eci�ed feature of the concept. F or example, the viewp oin t of

Se e d-Co at as ha ving no c hloroph yll is an as-having viewp oin t.

Chapter 4 describ es these viewp oin t t yp es in more detail along with metho ds for gen-

erating viewp oin ts from kno wledge bases, either singly or in com binations. Chapter 4 also

presen ts t w o ev aluations of the metho ds dev elop ed for generating viewp oin ts. The �rst is an

analysis to assess the completeness of the curren t set of viewp oin t t yp es and to guide fur-

ther re�nemen ts and extensions. The second is an ob jectiv e ev aluation to assess the qualit y

of automatically generated viewp oin ts, as compared to the qualit y of viewp oin ts found in

h uman-generated text.
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1.4.3 System Arc hitecture

The previous sections ha v e in tro duced the notions of m ultifunctional kno wledge, con ten t

addressabilit y , virtual kno wledge, and viewp oin ts. This section describ es ho w these ideas

are in tegrated in to a computer system. Figure 1.1 sho ws the arc hitecture for a kno wledge-

base access to ol that accesses viewp oin ts from a con ten t addressable, virtual kno wledge base

of m ultifunctional kno wledge. In the absence of suc h a to ol, users access the kno wledge

base solely through mo dules for frame-slot access or frame access. Using the to ol, users can

additionally access viewp oints from the kno wledge base through a mo dule called the View

R etriever (a term prop osed b y Suthers [75]). As they p erform kno wledge-base access, the

View Retriev er and the mo dules for frame-slot access and frame access lo cate frames in the

kno wledge base using the Finder , a mo dule that pro vides con ten t addressabilit y . The Finder

is giv en either a frame name or a concept description. When giv en a concept description,

the Finder determines the name of the frame matc hing that description. If the Finder fails

to �nd a frame in the actual kno wledge base matc hing the giv en description, it passes the

description to the Cr e ator , a mo dule that creates new frames for concepts in the virtual

kno wledge base.

The arc hitecture sho wn in Figure 1.1 has b een implemen ted in a system called KASTL ,

for K no wledge A cces s T o o l .
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1.5 Summary

Human b eings ha v e great 
exibilit y in applying their kno wledge of a domain to a v ariet y of

tasks. An imp ortan t comp onen t of this abilit y is know le dge ac c ess , iden tifying the p ortion

of their kno wledge that is relev an t to a particular task. Designing computational metho ds

for kno wledge access is crucial to dev eloping an arti�cially in telligen t agen t that p erforms

m ultiple kno wledge-based tasks.

This researc h addresses three problems of kno wledge access. The �rst is represen ting

domain kno wledge in a formal language in suc h a w a y that it can b e accessed in supp ort of a

v ariet y of tasks. A frame-based language has b een dev elop ed for constructing comprehensiv e,

�ne grained represen tations of kno wledge. This language, KM, allo ws

� con v enien t represen tation of quan ti�ed assertions,

� represen tation of sev eral kinds of statemen ts, b oth de�nitional and assertional, and

� con v enien t represen tation of con textual information.

A con tribution of this researc h is a sp eci�cation of the seman tics of KM.

The second problem of kno wledge access this researc h addresses is pro viding users with

a con ten t addressable, virtual kno wledge base. This allo ws users to access concepts b y their

con ten ts, regardless of whether the concepts exist explicitly or implicitly in the kno wledge

base. The adv an tages of a con ten t addressable, virtual kno wledge base are

� kno wledge-base users are insulated from the e�ects of represen tational c hoices made

b y the kno wledge engineer, and

� users can access the kno wledge base without extensiv e a priori kno wledge of its con ten ts

(what frames exist in the kno wledge base and what their names are).

The third problem of kno wledge access this researc h addresses is accessing coheren t p or-

tions of kno wledge ab out a giv en concept from a large kno wledge base. T raditional access

metho ds for frame-based kno wledge bases allo w users to retriev e either the v alues of a single

frame-slot or the v alues of all slots on a particular frame. KASTL presen ts metho ds for

accessing viewp oints , coheren t collections of facts that describ e a concept from a particular

p ersp ectiv e. This w ork iden ti�es sev eral viewp oin t t yp es and presen ts general metho ds for

accessing viewp oin ts of eac h t yp e, either singly or in com binations.

The next three c hapters discuss this researc h on eac h of these three problems of kno wledge

access.
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Chapter 2

Multifunctional Kno wledge

Represen tation

These are the kinds of questions that philosophers ha v e b een asking ev er since

they realized that b eing a philosopher did not in v olv e an y hea vy lifting.

Dave Barry

This c hapter describ es KM, a frame-based language for represen ting m ultifunctional

kno wledge. The �rst section discusses the motiv ation for dev eloping a new represen tation

language, and the follo wing sections describ e the represen tational constructs that distinguish

KM from traditional frame-based languages.

2.1 In tro duction

The motiv ation for dev eloping a new represen tation language w as the need for more expres-

siv e p o w er than existing frame-based languages pro vide. Although predicate logic pro vides

a great deal of expressiv e p o w er, a logical represen tation lac ks the adv an tages of a struc-

tured ( i.e. , frame-based) represen tation: mo dularit y , the abilit y to describ e relations, the

abilit y to represen t concept in tensions, and e�ciency of inference. Although increasing the

expressiv eness of a frame-based language reduces the e�ciency of inference in general, cer-

tain common t yp es of inference ( e.g. , inheritance, retrieving the v alue an en tit y has for a

particular attribute, and retrieving all the attributes of en tit y) remain m uc h more e�cien t

than with predicate logic.

Designing a language for increased expressiv eness, ev en at the cost of in tractable or

undecidable inference, runs coun ter to m uc h of the w ork in kno wledge represen tation. F or

example, KR YPTON and man y of its successors limit expressiv eness in an e�ort to ac hiev e

tractabilit y of certain inference algorithms [11 ]. Exp erience has sho wn, ho w ev er, that this

approac h results in represen tation languages so sev erely limited that they are no longer

generally useful, b ecause complete and tractable inference algorithms are imp ossible for all

but the least expressiv e languages [86, 22 ]. The tradeo� b et w een expressiv eness and e�ciency
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of inference is not an equitable exc hange b ecause, although increased expressiv eness can

substitute for limited inference, inferen tial p o w er cannot substitute for limited expressiv eness;

kno wledge can only b e inferred if it can b e represen ted.

A second motiv ation for dev eloping a new represen tation language w as the need for

constructs that enable con v enien t represen tation of common kinds of assertions. This goal

re
ects the p oin t of view that it is preferable for a represen tation language to b e more

con v enien t for p eople to use, ev en if it means that it is less con v enien t for computer systems

to use.

As with other frame-based languages, the basic represen tational units of KM are fr ames

(also called concepts or units), whic h are collections of slots (relations, roles) and their values

(�llers). The v alue of a slot on a frame is either a frame name or a constan t, suc h as a string

or n um b er. When a frame is in tended to describ e a set of en tities, the frame is said to

represen t a c ate gory . F rames that are in tended to describ e a single individual are said to

represen t instanc es (of some category). Often a frame represen ts b oth a category and an

instance. F or example, the category Elephant is an instance of the category Animal-Sp ecies.

The term nonc ate gory instanc e refers here to an instance that do es not itself ha v e instances,

suc h as Clyde-the-Elephant .

F rames in KM also represen t slots. F or example, the frame represen ting the slot p art-of

includes information ab out the slot's in v erse ( has-p art ), its domain (the frames on whic h the

slot ma y app ear ), its range (what kinds of v alues the slot tak es), ho w man y v alues the slot

allo ws, what slots are more general or more sp eci�c, etc. F rames also represen t pr op erties

(suc h as oblong or p atchy ). This c hapter concen trates on the represen tation and seman tics

of frames that represen t categories and instances rather than slots or prop erties.

The next three subsections discuss the represen tational constructs of KM that collectiv ely

distinguish it from traditional frame-based represen tation languages. These are constructs

for

� represen ting quan ti�ed assertions,

� represen ting b oth de�nitional and assertional statemen ts, and

� represen ting information con textually .

2.2 Represen ting Quan ti�ed Assertions

F rame-based languages pro vide a straigh tforw ard represen tation for ground prop ositions. F or

example, the triple h Clyde c olor Gr ay i represen ts the logical prop osition col or ( C l y de; Gr ay ).

Ho w ev er, man y (ev en most) of the relationships constituting fundamen tal, general domain

kno wledge are not b et w een individuals (suc h as Clyde and Gr ay ). Rather, they relate cate-

gories (suc h as Elephant and T runk ). These relationships usually in v olv e univ ersal or exis-

ten tial quan ti�ers, as in
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1. Every p erson has some paren t that is a p erson.

2. Jo e has some paren t that is a p erson.

3. Every elephan t has color gra y .

Although quan ti�ed assertions constitute a large p ortion of fundamen tal, general domain

kno wledge, most existing languages, unlik e KM, do not allo w quan ti�ed assertions to b e

c onveniently represen ted ( i.e. , represen ted with simple h fr ame slot value i notation). Ground

prop ositions are represen ted with a single h fr ame slot value i triple, but quan ti�ed assertions

are more cum b ersome to represen t, requiring additional represen tational constructs (suc h as

a rule or constrain t language) or m ultiple triples. F or example, in KL-ONE, represen ting

em b edded existen tial quan ti�ers [as in (1) and (2) ab o v e] requires attac hing a value r estriction

to a slot (role) of a frame [12]. F or example, the fact that Jo e has a paren t w ould b e

represen ted b y a v alue restriction of Person attac hed to the p ar ent slot on the Jo e frame,

rather than b y the triple h Jo e paren t P erson i . Similarly , the CycL language uses entryIsA

constrain ts to enco de em b edded existen tial quan ti�ers: the kno wledge en terer m ust create

a new frame, called a c onstr aint unit , for the h Jo e paren t i pair and store Person on the

entryIsA slot on that frame [40]. Represen ting the same statemen t in Theo requires a r ange

fac et asso ciated with the h Jo e p ar ent i pair [50]. T o represen t em b edded existen tial quan ti�ers

in Algernon, the kno wledge en terer m ust resort to a rule language [19].

Univ ersal quan ti�cation [as in (1) and (3) ab o v e] is also cum b ersome to represen t in

man y languages. T o represen t the assertion \All elephan ts are gra y" in CycL, the kno wledge

en terer states that the v alue Gr ay for the slot c olor is to b e inherited to all frames �lling

the al lInstanc es slot of the Elephants frame. T o represen t the same assertion in Algernon,

the kno wledge en terer m ust create a r epr esentative frame to b e asso ciated with the Elephant

frame and store Gr ay on the c olor slot of the represen tativ e frame.

The claim underlying this w ork is that it is p ossible to represen t quan ti�ed assertions in

the same w a y as ground assertions, as single h fr ame slot value i triples, while main taining a

rigorous and explicit notational seman tics. Suc h a represen tation is made p ossible b y o v er-

loading the seman tics of slots, in the same sense that op erators of a programming language

are sometimes o v erloaded. F or example, KM allo ws \Ev ery p erson has some paren t" to b e

represen ted simply as h Person p ar ent Person i , \Jo e has a paren t" as h Jo e p ar ent Person i ,

and \Elephan ts are gra y" as h Elephant c olor Gr ay i , y et it is still p ossible to determine (from

the con text) the appropriate quan ti�ers when reasoning with the information.

W o o ds outlines the di�eren t quan ti�cational patterns that ma y b e implicit in a

h fr ame slot value i triple [85 ]. The quan ti�cational pattern implicit in a triple describ es the

quan ti�ers that app ear in the logical assertion(s) represen ted b y that triple. The basic nine

v arieties are based on whether the fr ame and the value are to b e in terpreted as the scop e of

a univ ersal quan ti�er, an existen tial quan ti�er, or no quan ti�er. F or example, the triple

h Person live-in Plac e i ma y represen t \ev ery p erson liv es in some place," called the AE

pattern (using A for All and E for Exists). It ma y alternativ ely represen t \Some p erson

liv es in ev ery place," the EA pattern, as \Some p erson liv es in some place," the EE pattern,
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or \Ev ery p erson liv es in ev ery place," the AA pattern. Similarly , h Person likes John i

suggests the AI and EI patterns (using I for Instance, meaning \unquan ti�ed"), whic h are

\Ev ery one lik es John" and \Someone lik es John." F or h John likes Person i the IA and IE

patterns are \John lik es ev ery one" and \John lik es someone." Finally , the I I pattern in v olv es

no quan ti�ers, as with h John likes Mary i .

W o o ds suggests a tec hnique for allo wing single h fr ame slot value i triples to represen t

assertions ha ving di�eren t quan ti�cational patterns. He in tro duces a set of r elation-forming

op er ators that construct relations whose seman tics en tail quan ti�cation. F or example, the

AE op erator applies to a relation r to pro duce a new relation, AE[r], that relates t w o

categories. The new relation asserts that for eac h instance x of the �rst, there exists some

instance y of the second suc h that r(x,y). Th us, the relation h Person AE[p ar ent] Person i

asserts that ev ery p erson has as a paren t some p erson. (This is one of sev eral p ossible

in terpretations. The next section discusses other kinds of assertions that a particular triple

can represen t, eac h sensitiv e to the in tended quan ti�cational pattern.) W o o ds de�nes similar

relation-forming op erators for the other quan ti�cational patterns.

W o o ds states that the quan ti�cational pattern of the relation of a triple (the op erator

used to construct it) should b e explicitly distinguishable from the underlying relation so that

inference metho ds can reason with it. He prop oses represen ting the op erator as an explicit

quan ti�cational tag asso ciated with the triple. The disadv an tage of this approac h is that the

kno wledge en terer m ust tag ev ery triple in the kno wledge base to indicate its quan ti�cational

pattern. This dramatically increases the cost of building and storing the kno wledge base.

The KM approac h recognizes that quan ti�cational tags are generally unnecessary b e-

cause the in tended quan ti�cational pattern usually can b e determined automatically . This

disam biguation is p ossible b ecause most slots are only sensibly com bined with a small subset

of all the quan ti�cational patterns, and this subset is suc h that, for a particular o ccurrence

of the slot in a h fr ame slot value i triple, the c haracteristics of the frame and v alue in v olv ed

determine whic h quan ti�cational pattern is appropriate.

Exp erience with the Botan y Kno wledge Base p oin ts to four semantic typ es of slots. A

seman tic t yp e is an equiv alence class of slots based on the quan ti�cational patterns that

are implicit in triples in v olving those slots. In other w ords, slots of the same seman tic t yp e

are o v erloaded in the same w a y . By attending to the seman tic t yp e of slots, a system can

automatically determine the quan ti�cational pattern implicit in a particular triple. T yp e 1

slots are those that t ypically relate a univ ersally quan ti�ed category with an existen tially

quan ti�ed category . An example of a T yp e 1 slot is has-p art . When a T yp e 1 slot relates

t w o categories, as in h Plant has-p art R o ot i , the implied quan ti�cational pattern is AE, as in

\Ev ery plan t has some ro ot." In addition to AE, T yp e 1 slots also allo w the AI, IE, and I I

quan ti�cational patterns. When a T yp e 1 slot relates a noncategory instance to a category ,

as in h Plant-01 has-p art R o ot i , the implied quan ti�cational pattern is IE, as in \Plan t-01

has some ro ot." When the slot relates a category to a noncategory instance, the pattern is

AI, and when the slot relates t w o noncategory instances, the pattern is I I.
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Semantic Example Quanti�c ational Example

T yp e Slot Patterns A l lowe d Oc curr enc es

h 1 i has-p art AE h Plant has-p art R o ot i

IE h Plant-01 has-p art R o ot i

AI h Plant has-p art R o ot-01 i

I I h Plant-01 has-p art R o ot-01 i

h 2 i c olor AI h Plant c olor Gr e en i

I I h Plant-01 c olor Gr e en i

h 3 i le af-shap e-of IA h Ne e d le-like le af-shap e-of Pine-L e af i

I I h Ne e d le-like le af-shap e-of Pine-L e af-01 i

h 4 i sp e cializations I I h Plant sp e cializations T r e e i

T able 2.1: Slots are group ed in to four seman tic t yp es based on the quan ti�cational patterns

they allo w.

T yp e 2 slots t ypically relate a univ ersally quan ti�ed category to an instance. An example

of this t yp e of slot is le af-shap e . When a T yp e 2 slot o ccurs on a category frame, as in

h Pine-L e af le af-shap e Ne e d le-Like i , the implied quan ti�cational pattern is AI, as in \Ev ery

pine tree leaf has shap e needle-lik e." T yp e 2 slots also allo w the I I quan ti�cational pattern,

as in h Pine-L e af-01 le af-shap e Ne e d le-Like i .

T yp e 3 slots t ypically relate an instance to a univ ersally quan ti�ed category . F or these

slots, the p ossible in terpretations are IA or I I. An example of a T yp e 3 slot is leaf-shap e-of,

as in h Ne e d le-Like le af-shap e-of Pine-L e af i or h Ne e d le-Like le af-shap e-of Pine-L e af-01 i .

T yp e 4 slots relate t w o instances. F or these slots, the only in terpretation is I I. F or

example, sp e cializations is a T yp e 4 slot. Although this slot relates a category to a more

sp ecialized category , as in h Plant sp e cializations T r e e i , the categories are treated as instances

in this con text ( i.e. , they are not giv en a quan ti�er) b ecause T yp e 4 slots allo w only the

I I (unquan ti�ed) pattern. T able 2.1 summarizes the four seman tic t yp es of slots and the

quan ti�cational patterns eac h allo ws.

T able 2.2 illustrates ho w di�eren t com binations of frame, slot, and v alue yield the di�eren t

quan ti�cational patterns AE, AI, IE, IA, and I I. The Botan y Kno wledge Base do es not use

the AA pattern b ecause one rarely encoun ters kno wledge of the form \Ev ery X is related

to ev ery Y ," suc h as \Ev ery p erson requires ev ery t yp e of vitamin." The EA, EE, and EI

patterns (those that in v olv e an initial existen tial quan ti�er) are not used b ecause fundamen tal

domain kno wledge deals in generalities (features true of most or all mem b ers of a category).

When an un usual feature o ccurs in some subset of a category , that subset usually has other

distinguishing c haracteristics, whic h leads to its rei�cation as a separate category . The next

section discusses another tec hnique for represen ting assertions suc h as \Some seeds ha v e

an aril" without using an implicit existen tial quan ti�er: attac hing a lik eliho o d measure L

to the assertion \All seeds ha v e an aril," yielding the assertion \All seeds ha v e lik eliho o d

(probabilit y) L of ha ving an aril."
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Semantic T yp e Status of Status of Quanti�c ational

of Slot F r ame V alue Pattern

(1) category category AE

(1) category noncategory

(2) category either AI

(1) noncategory category IE

(1) noncategory noncategory

(2) noncategory either

(3) either noncategory

(4) either either I I

(3) either category IA

T able 2.2: The quan ti�cational pattern implicit in triple h F r ame Slot V alue i is determined

b y the seman tic t yp e of Slot and the category status of F r ame and V alue .

Although slots of the four seman tic t yp es describ ed ab o v e are o v erloaded, triples in v olving

them are unam biguous. This is b ecause the c hoice of in terpretation is nev er b et w een a

univ ersal quan ti�er and an existen tial quan ti�er. The c hoice is alw a ys b et w een a univ ersal

quan ti�er and no quan ti�er at all, or b et w een an existen tial quan ti�er and no quan ti�er at

all. Therefore, the decision of whic h quan ti�cational pattern is appropriate for a particular

h fr ame slot value i triple is made b y determining whether the frame and v alue in v olv ed are

categories: a category tak es a quan ti�er, while a noncategory instance do es not.

T o summarize, KM represen ts b oth quan ti�ed and unquan ti�ed assertions in the same

manner, as simple h fr ame slot value i triples, with no explicit tags, annotations, or constrain ts

needed on triples to signify their quan ti�cational pattern. This is accomplished b y o v erload-

ing the seman tics of eac h slot and assigning eac h slot to a seman tic t yp e according to the kind

of o v erloading. The system can determine automatically the seman tics of a particular triple

b y attending to the seman tic t yp e of the slot in v olv ed and the category status of the frame

and v alue in v olv ed. The kno wledge en terer sp eci�es the seman tic t yp e of eac h slot as the

slot is created. The t yp e can b e recorded on the slot's frame so that it can b e referred to b y

inference metho ds that m ust b e sensitiv e to the quan ti�cational pattern of kno wledge-base

triples.

One imp ortan t inference metho d that m ust b e sensitiv e to the seman tic t yp e of slots is

inheritanc e . Inheritance is the propagation of slot v alues from one frame to another, t ypically

to the sp ecializations or instances of a category . The idea b ehind inheritance is that features

common to all mem b ers of a set will also o ccur for an y particular mem b er of that set and

for an y mem b er of an y subset of that set. Hence, if a frame represen ts a category , and

a slot v alue on that frame represen ts a feature common to all instances of that category ,

then automatic inheritance can soundly propagate the slot v alue to an y frame represen ting

a sp e cialization of the category , and the slot will ha v e the same quan ti�cational pattern on

the second frame as on the original frame. Inheritance can also soundly propagate the slot

24



v alue to a frame represen ting an instanc e of the category . In this case, ho w ev er, the slot has

a di�eren t quan ti�cational pattern on the second frame: the univ ersal quan ti�er is dropp ed.

Inheritance is sound only for certain seman tic t yp es of slots. T yp e 1 and T yp e 2 slots allo w

an AE or AI in terpretation when they app ear on frames represen ting categories (that is, they

allo w an implicit univ ersal quan ti�er). Th us, inheritance is sound for triples in v olving slots

of T yp e 1 or 2, dep ending on the kind of assertion represen ted b y that triple (as discussed

in the next section). Inheritance is not sound for assertions in v olving slots of t yp e 3 or 4,

ho w ev er, b ecause these slots do not allo w the AE or AI in terpretations. F or example, it w ould

b e incorrect to propagate b asic-unit-of

1

= Plant from Botanic al-Cel l to R o ot-Xylem-Cel l.

A second imp ortan t inference metho d that m ust b e sensitiv e to the seman tic t yp e of slots

is inverse maintenanc e . In v erse main tenance is the automatic installation of bac k p oin ters

in the kno wledge base. F or example, if the in v erse of slot s is de�ned to b e slot s

0

, then

giv en triple h X s Y i , automatic in v erse main tenance asserts h Y s' X i . Automatic in v erse

main tenance is sound only when the t w o triples in v olv ed ha v e exactly the same seman tics

( i.e. , they represen t equiv alen t logical form ulae). That is, represen ting h X s Y i should trigger

the automatic installation of h Y s' X i only when h X s Y i and h Y s' X i mean exactly the

same thing. This requiremen t implies that the in v erse of a triple with an AI quan ti�cational

pattern is a triple with an IA pattern, and vice v ersa. It also implies that the in v erse of a

triple with an I I pattern also has an I I pattern. T riples with AE or IE patterns, ho w ev er,

do not ha v e in v erses that corresp ond to an y of the nine basic quan ti�cation patterns. F or

example, h Elephant has-p art T runk i with the AE pattern means \Ev ery elephan t has some

trunk," but h T runk p art-of Elephant i with the EA pattern means something di�eren t, that

\Some (single) trunk is part of ev ery elephan t." Th us triples ha ving AE patterns do not ha v e

represen table in v erses. Similarly , neither do triples ha ving IE patterns.

Because slots of seman tic t yp e 2, 3, or 4 do not allo w the AE or IE patterns, in v erse

main tenance for these slots is sound assuming that

� the in v erse slot of a T yp e 4 slot (whic h admits only the I I pattern) is also of T yp e 4,

and

� the in v erse slot of a T yp e 2 slot (whic h admits only the AI and I I patterns) is a slot

of T yp e 3 (whic h admits only the IA and I I patterns), and vice v ersa.

Because T yp e 1 slots allo w AE and IE quan ti�cational patterns, automatic in v erse main-

tenance for triples in v olving these slots is not sound. F or these triples, the system cannot

determine autonomously whether the in v erse holds. In this situation the system consults the

kno wledge en terer to appro v e or reject the prop osed in v erse. F or example, after enco ding the

triple h Photosynthesis r aw-materials Water i to represen t the assertion \All photosyn thesis

ev en ts consume some p ortion of w ater,"

2

the kno wledge engineer w ould reject the installa-

tion of h Water r aw-material-for Photosynthesis i b ecause it is incorrect that all p ortions of

1

a T yp e 3 slot

2

The next section discusses ho w the \all" can b e w eak ened to \most" using lik eliho o d annotations.
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w ater are consumed b y some photosyn thesis ev en t. (This w ould b e the implied quan ti�ca-

tional pattern b ecause r aw-materials is a T yp e 1 slot, whic h assumes the AE pattern when

it relates t w o categories.) On the other hand, after enco ding h Plant has-p art R o ot i to repre-

sen t \All plan ts ha v e (some) ro ot," the kno wledge engineer w ould accept the installation of

h R o ot p art-of Plant i to represen t \All ro ots are part of some plan t." These decisions require

domain kno wledge and cannot b e automated.

This section has presen ted a tec hnique whereb y assertions ha ving common patterns of

quan ti�cation are con v enien tly represen ted with single h fr ame slot value i triples while main-

taining a rigorous and explicit seman tics. The next section discusses the di�eren t kinds of

statemen ts to whic h these quan ti�cational patterns are applied and also giv es the semantic

mappings that translate h fr ame slot value i triples represen ted in KM in to logical form ulae.

2.3 Represen ting De�nitions and Assertions

A fr ame in KM represen ts a description that includes b oth de�nitional and assertional

comp onen ts. The de�nitional comp onen t of a description is its essence or meaning, what the

description is intende d to describ e. De�nition, as the term is used here, corresp onds to the

term intension W o o ds uses [85 , 84]. A de�nitional feature is more than just a feature that

is univ ersal for the category or instance b eing describ ed. F or example, although all calico

cats are female, that feature is not part of the de�nition (in tension, meaning, essence) of the

category \calico cat." Only the sp ecies and color pattern app ear in the de�nition.

The assertional comp onen t of a description is a set of statemen ts describing the prop erties

of its extension , the things in the w orld that are c haracterized b y the description. The real

w orld en tities that are c haracterized b y a description ( i.e. , the en tities in its extension) are

those that p eople judge to ha v e a su�cien t degree of matc h with the de�nitional comp onen t

of the description or those that the description w as formed to c haracterize.

The de�nitional and assertional comp onen ts of a description ma y b e partial or empt y .

Man y categories (esp ecially \natural kinds") cannot b e completely de�ned. Th us some de-

scriptions ha v e an empt y or partial de�nitional comp onen t. Similarly , some descriptions

ha v e no extension and th us no assertional comp onen t ( e.g. , \colorless green ideas" or \uni-

corns"). This allo ws the represen tation of concepts that ha v e v arious kinds of existence (or

nonexistence) [34].

A description, as the term is used here, di�ers from a mathematical set or a logical

predicate. First, t w o sets (or t w o predicates) are equiv alen t if they are co extensional. By

con trast, t w o descriptions that ha v e di�eren t de�nitional comp onen ts are distinguishable,

ev en if they are co extensional ( e.g., the Morning Star and the Ev ening Star). Second, while

the de�nition of a set in set theory (or a predicate in logic) fully describ es what the set's

extension is, the de�nitional comp onen t of a description only describ es what the extension

is intende d to b e. There ma y b e a discrepancy b et w een the de�nitional comp onen t of a

description and the description's extension. F or example, part of the de�nition of \mammal"

is \giv es birth to liv e y oung," y et its extension includes the egg-la ying ec hidna and plat ypus.
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Because there ma y b e a discrepancy b et w een the de�nitional comp onen t of a description

and its extension, de�nitions cannot b e in terpreted as making assertions ab out the exten-

sion. Suc h assertions constitute the assertional comp onen t of a description. The degree of

matc h b et w een statemen ts in the de�nitional comp onen t and statemen ts in the assertional

comp onen t re
ects the degree to whic h a description's de�nition matc hes its extension.

Because of the di�erences b et w een descriptions and mathematical sets, and b ecause �rst-

order logic is based on set theory , �rst-order logic cannot completely capture the seman tics of

KM's frames. The de�nitional comp onen t of a description D is c haracterized with statemen ts

of the form

D is in tended to c haracterize the en tit y/en tities x for whic h

f logical form ula in v olving x g holds.

The assertional comp onen t of a description, ho w ev er, is expressed b y logical form ulae.

Unlik e KM, most frame-based languages do not allo w b oth de�nitions and assertions

to b e represen ted within the h fr ame slot value i framew ork. KL-ONE, NIKL, and other

terminological languages deal almost exclusiv ely with de�nitions rather than assertions [86].

KR YPTON and other h ybrid languages represen t assertions as w ell as de�nitions, but most

represen t them in the \ABo x" using a logic-lik e language or rules rather than the frame

language of the \TBo x" [11]. (One exception is CLASSIC, whic h uses the same language for

b oth [86 ].) CycL and Algernon represen t assertions, but not de�nitions (as the term is used

here) [40, 19 ]. KM pro vides an expressiv e language for represen ting b oth the de�nitional

and assertional comp onen ts of a description within the h fr ame slot value i framew ork.

2.3.1 Represen ting De�nitions

Although de�nitions cannot b e represen ted in or manipulated b y �rst-order logic, they are

nonetheless useful for explanation and as metakno wledge for reasoning. F or example, features

that are part of the de�nition of a concept should b e the last features to b e relaxed in the

face of a coun terexample [85].

T o represen t the de�nitional comp onen t of a description on the same frame with the asser-

tional comp onen t, KM m ust include represen tational constructs that distinguish de�nitional

features from nonde�nitional assertions. In addition, KM m ust distinguish b et w een necessit y

and su�ciency . Most terminological languages ( e.g. , KL-ONE) represen t de�nitions in terms

of features that are b oth necessary and su�cien t [86 ]. Man y natural concepts, ho w ev er, ha v e

only partial de�nitions. That is, they ha v e features that are necessary but not su�cien t, or

vice v ersa. T o represen t the de�nitions of suc h concepts, KM m ust include represen tational

constructs that allo w separate statemen ts of necessary features v ersus su�cien t features.

As a solution, KM allo ws annotations on triples in the kno wledge base: eac h triple can

b e mo di�ed with an y n um b er of �lled slots. Some of these annotations represen t domain

kno wledge. F or example, annotations ma y describ e the conditions under whic h a relationship

holds or giv e an explanation of a relationship. Other annotations signify the seman tics of

the triple they mo dify . I call the latter semantic annotations . The seman tic annotations of

27



a triple, together with its implicit quan ti�cational pattern, determine its seman tics. Tw o of

the seman tic annotations distinguish de�nitional features. They are

� de�nitional ly-ne c essary? = T, and

� de�nitional ly-su�cient? = T

These annotations can o ccur either singly or together. (The next section discusses the

seman tic annotations that express nonde�nitional assertions.)

The in tuitiv e seman tics of de�nitional necessit y and su�ciency is as follo ws. A feature

( i.e ., slot v alue) mark ed as de�nitionally necessary for mem b ership in a category indicates

that the category is in tended to include only (but not necessarily all) things ha ving that

feature. A set of features mark ed as de�nitionally su�cien t for mem b ership in a category

indicates that the category is in tended to include al l (but not necessarily only) things that

ha v e al l

3

those features.

F eatures can b e annotated as de�nitionally necessary and de�nitionally su�cien t for in-

dividuals as w ell as categories. A de�nitionally necessary feature on a description of an

individual indicates that the description is in tended to describ e some en tit y ha ving that fea-

ture. A de�nitionally su�cien t feature indicates that the description is in tended to describ e

the en tit y ha ving that feature and an y other features mark ed as de�nitionally su�cien t.

Th us, for individuals, su�ciency implies necessit y .

The default v alue for de�nitional ly-ne c essary? and de�nitional ly-su�cient? is nil , so

that only triples represen ting de�nitional features require these annotations. Exp erience

with the Botan y Kno wledge Base suggests that most features are purely assertional rather

than de�nitional.

T able 2.3 c haracterizes the meaning of features that are annotated as de�nitionally nec-

essary or de�nitionally su�cien t. This c haracterization is giv en b y a semantic mapping from

triples to de�nitions. This mapping is sensitiv e to b oth the seman tic annotations that o ccur

( i.e., de�nitional ly-ne c essary? and de�nitional ly-su�cient? ) and the quan ti�cational pat-

tern (as determined b y the seman tic t yp e of the slot and the category status of the frame

and v alue).

2.3.2 Represen ting Assertions

The assertional comp onen t of a description is a set of assertions describing the prop erties of

the things in the w orld that are c haracterized b y the description. KM accommo dates a v ariet y

of assertions t yp es, including defeasible assertions (with v arying degrees of defeasibilit y) and

nondefeasible assertions.

Most represen tation languages describ e extensions solely with sets of defeasible assertions

(usually default features with no degree of defeasibilit y) [9] or solely with sets of univ ersal

(nondefeasible) features, as in the v ariations of predicate logic or the Prolog-lik e rules used

3

De�nitionally su�cien t features are jointly su�cien t for category mem b ership.
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Semantic Status of Status of Semantics when Semantics when

T yp e of F r ame F V alue V de�nitionally-necessary ? = T de�nitionally-su�cien t? = T

Slot S

(1) category category F is in tended to F is in tended to include

include only all en tities x for whic h

en tities x for whic h 9 y 2 V :S ( x; y )

9 y 2 V :S ( x; y ). and x is otherwise su�cien t.

(1) category noncategory F is in tended to F is in tended to include

include only all en tities x for whic h

(2) category either en tities x for whic h S ( x; V )

S ( x; V ). and x is otherwise su�cien t.

(1) noncategory category F is in tended to F is in tended to b e the

b e some en tit y x for whic h

en tit y x for whic h 9 y 2 V :S ( x; y )

9 y 2 V :S ( x; y ) and x is otherwise su�cien t.

(1) noncategory noncategory F is in tended to F is in tended to b e the

(2) noncategory either b e some en tit y x for whic h

(3) either noncategory en tit y x for whic h S ( x; V )

(4) either either S ( x; V ). and x is otherwise su�cien t.

(3) either category F is in tended to F is in tended to b e the

b e some en tit y x suc h that

en tit y x suc h that 8 y 2 V :S ( x; y )

8 y 2 V :S ( x; y ) and x is otherwise su�cien t.

T able 2.3: The seman tic mapping of triple h F S V i in to a de�nition, as determined b y the

triple's seman tic annotations, the seman tic t yp e of S , and the category status of F and V .

(In the table, \otherwise su�cien t" means \satis�es other criteria mark ed as de�nitionally

su�cien t.")
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b y h ybrid languages ( e.g. , KR YPTON [11]). The adv an tage of the �rst approac h is that it

allo ws us to represen t the great prop ortion of kno wledge that is defeasible. The adv an tage of

the second approac h is that nondefeasible assertions allo w sound and more e�cien t inference

metho ds. Both adv an tages are imp ortan t enough to w arran t a kno wledge represen tation

language that allo ws b oth kinds of assertions to b e represen ted.

KM accommo dates b oth defeasible and absolute assertions, as w ell as di�eren t degrees

of defeasibilit y . T o represen t b oth kinds of kno wledge using the same h fr ame slot value i

format, KM (again) uses seman tic annotations. The kno wledge en terer attac hes seman tic

annotations to triples to indicate:

� the degree of b elief, as a qualitativ e or quan titativ e probabilit y , and

� the assertion that is mo di�ed b y the degree of b elief,

out of the p oten tially sev eral assertions that the same triple can represen t.

First, seman tic annotations con v ey the kno wledge en terer's de gr e e of b elief in some asser-

tion. Degrees of b elief are expressed as probabilities. Although probabilities are commonly

though t to corresp ond to frequency ratios, Cheeseman argues that, to the con trary , proba-

bilities alw a ys corresp ond to a measure of b elief [16]. (He notes, ho w ev er, that for large sets,

measure of b elief appro ximates frequency .) Probabilit y theory is emerging as a p o w erful

paradigm for represen ting and reasoning ab out uncertain t y . Neufeld p osits that probabilit y

theory underlies ev ery curren t AI formalism for reasoning ab out uncertain t y [59]. Cheese-

man argues that, under the measure of b elief in terpretation, probabilit y theory also subsumes

fuzzy logic [17]. F urthermore, Ric h sho ws that when default reasoning is treated as lik eliho o d

reasoning, natural solutions emerge for sev eral problems encoun tered b y traditional metho ds

[69].

Probabilities are sp eci�ed in KM either as qualitativ e ranges or as sp eci�c n um b ers.

Although n umeric probabilities facilitate reasoning, they are di�cult to acquire. Domain

exp erts �nd it di�cult to assign a precise n um b er to their degree of b elief in an assertion.

F urthermore, the precision that n umeric probabilities pro vide is often unnecessary . A study

of the certain t y factors used in MYCIN demonstrated that, although the system allo ws 1000

distinct n umeric v alues, reducing the set to �v e qualitativ e ranges pro vided comparable sys-

tem p erformance [13]. T o simplify the represen tation of probabilities, the Botan y Kno wledge

Base uses a set of eigh t qualitativ e v alues, eac h of whic h represen ts a range of probabilities.

This c hapter uses a simpli�ed set consisting of L ow, Me dium , and High (in addition to the

endp oin ts zero and one). Although KM do es not curren tly include metho ds for reason-

ing with qualitativ e probabilities, Grosof 's metho ds for reasoning with b ounded conditional

probabilities apply [27].

W e turn no w to a discussion of the second kind of information that seman tic annotations

mo difying assertions con v ey . Eac h triple in the kno wledge base can sim ultaneously represen t

sev eral assertions ab out the extension of a description. (These m ultiple in terpretations are

orthogonal to the c hoice of quan ti�cational pattern, discussed in the previous section. These
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t w o issues will b e in tegrated shortly .) A seman tic annotation on a triple indicates whic h of

the assertions the triple represen ts has the sp eci�ed degree of b elief.

Consider the di�eren t assertions that a triple in the kno wledge base can represen t ab out

the extension of a description (in addition to an y de�nitional statemen ts that the triple

represen ts). Just as de�nitions comprise t w o di�eren t kinds of statemen ts (statemen ts of

de�nitional necessit y and de�nitional su�ciency), assertions come in t w o analogous v arieties.

F or example, assume that for triple h fr ame slot val i , fr ame represen ts category C and

sl ot = v al represen ts feature F . The strongest assertions regarding ho w satisfaction of F

relates to mem b ership in C are

1. all instances of C ha v e feature F : 8 x: [ x 2 C ) sl ot ( x; v al )]

2. all en tities ha ving feature F are instances of C: 8 x: [ sl ot ( x; v al ) ) x 2 C ]

Although this is the same distinction made in the previous section b et w een statemen ts of

de�nitional necessit y and de�nitional su�ciency , and although logicians often refer to these

as assertions of necessit y and su�ciency , this di�ers from de�nitional necessit y/su�ciency .

De�nitional necessit y is part of the meaning or essence of a concept, but assertion (1) ab o v e

expresses necessit y in the sense of \happ ens to b e true in all cases." Hence, I call the latter

extensional ne c essity to distinguish it from de�nitional necessit y . Similarly , I call the v ariet y

of su�ciency expressed b y assertion (2) extensional su�ciency . The degree of matc h b e-

t w een the extensional necessit y/su�ciency of features in a description and the de�nitional

necessit y/su�ciency of those same features re
ects the degree to whic h the description's

extension matc hes its de�nitional comp onen t.

W e see then that assertions (1) and (2) ab o v e are the t w o kinds of nonde�nitional as-

sertions that a particular triple can represen t. Consider ho w KM migh t asso ciate degrees

of b elief with eac h of these assertions. One approac h is to attac h a probabilit y to the en-

tire assertion. Nilsson's probabilistic logic allo ws probabilities to b e asso ciated with logical

sen tences [61]. In probabilistic logic, the in terpretation of a logical sen tence is a probabilit y

distribution rather than a truth v alue. Th us, probabilities b ecome generalized truth v alues.

The probabilit y of a sen tence S b eing true is the probabilit y (degree of b elief ) that the actual

w orld corresp onds to some p ossible w orld in whic h S is true.

The problem with attac hing probabilities directly to assertions (1) and (2) is that what

one usually w an ts to express is not, for example, the degree of b elief in the assertion \all

birds 
y ," but rather the degree of b elief in the assertion that a randomly selected bird B 
ies

(p ossibly based on an estimate of the p ercen tage of birds that 
y). Rather than asso ciate a

probabilit y with assertion (1) or (2) as a whole, one usually w an ts to express the probabilit y

of the c onse quent of the implication giv en that the an teceden t is satis�ed for some en tit y

within the scop e of quan ti�cation. (Grosof extends Nilsson's probabilistic logic to allo w suc h

conditional probabilities to b e attac hed to assertions [27].)

Before attac hing probabilities to the consequen ts of the implications in assertions (1) and

(2), w e m ust recognize that eac h assertion has t w o p ossible forms: the forms sho wn ab o v e,
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and their con trap ositiv es. That is, the set of assertions ab o v e is equiv alen t to the follo wing

set:

(1A) 8 x: [ x 2 C ) sl ot ( x; v al )]

(1B) 8 x: [ : sl ot ( x; v al ) ) x 62 C ] (the con trap ositiv e of (1A))

(2A) 8 x: [ sl ot ( x; v al ) ) x 2 C ]

(2B) 8 x: [ x 62 C ) : sl ot ( x; v al )] (the con trap ositiv e of (2A))

Although (1A) and (1B) are logically equiv alen t (as are (2A) and (2B)), they di�er in their

consequen ts. Hence, for the purp ose of asso ciating probabilities, they are distinct assertions.

A particular h fr ame slot value i triple in the kno wledge base can sim ultaneously represen t all

four of these assertions, eac h with a di�eren t probabilit y (degree of b elief ) asso ciated with

its consequen t.

When w e asso ciate a probabilit y with the consequen t of (1A), w e express the likeliho o d

that a particular instance of C has feature F (an estimate of the frequency with whic h F

o ccurs among instances of C ). When w e asso ciate a probabilit y with the consequen t of (1B),

w e express the degree of extensional ne c essity of feature F for category C , the probabilit y

with whic h an en tit y is not an instance of C based on the absence of F . When w e asso ciate

a probabilit y with the consequen t of (2A), w e express the degree of extensional su�ciency

of feature F for category C , the probabilit y with whic h an en tit y is an instance of C based

on the presence of F . This corresp onds to the term cue validity used in the psyc hological

literature. When w e asso ciate a probabilit y with the consequen t of (2B), w e express the

rarit y of feature F outside category C . I call this the uniqueness of F for C . Lik eliho o d and

uniqueness information is useful for prediction, while necessit y and su�ciency information

is useful for classi�cation.

T o pro vide concise and con v enien t represen tations, KM allo ws assertions of the lik eliho o d,

extensional necessit y , extensional su�ciency , and uniqueness of a feature for a category all to

b e represen ted with the same h fr ame slot value i triple. (The same triple can also represen t

de�nitional statemen ts, as describ ed in the previous subsection.) This is accomplished b y

using seman tic annotations called likeliho o d, ne c essity, cue-validity , and uniqueness , eac h

taking a qualitativ e or quan titativ e probabilit y v alue. F or example, the follo wing represen-

tation

Human-Male

||||||

has-disease: Hemophilia

lik eliho o d: Lo w

necessit y: Lo w

cue-v alidit y: High

uniqueness: High
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mak es the follo wing assertions:

1. Hemophilia is rare among men.

2. Absence of hemophilia is v ery w eak evidence that an en tit y is not a man.

3. Ha ving hemophilia is v ery go o d evidence that an en tit y is a man.

4. Hemophilia is rare for things that aren't men.

Although the v alue of cue-v alidit y (extensionally su�ciency) is High (and ev en if the v alue

w ere 1), the absence of seman tic annotation de�nitional ly-su�cient? = T signi�es that

the concept Human-Male is not intende d to include all hemophiliacs, ev en though most

hemophiliacs are men.

KM com bines the tec hnique of represen ting a v ariet y of assertions b y the same kno wledge-

base triple with the tec hnique in tro duced in the previous section for represen ting di�eren t

quan ti�cational patterns. This allo ws the represen tation of assertions ab out the extensions

of categories and individuals, and the represen tation of assertions in v olving either quan ti�er-

free features or features ha ving existen tial quan ti�ers. F or a particular h fr ame slot value i

triple, the seman tic t yp e of slot and the category status of fr ame and value determine

the quan ti�cational pattern of all the assertions that triple represen ts, and the seman tic

annotations of the triple determine the degree of b elief assigned to eac h assertion. T able 2.4

giv es the seman tic mapping from triples to logical form ulae.

As these mappings illustrate, v alues giv en for lik eliho o d and uniqueness sp ecify the abso-

lute probabilit y that some en tit y has a feature, giv en that it do es or do es not b elong to some

category (or, for an instance, giv en that it is or is not some individual). F or example, an

annotation of l ik el ihood = 0 on a feature of a category indicates the b elief that no instances

of the category ha v e that feature. An annotation of l ik el ihood = 1 indicates the b elief that

all instances of the category ha v e that feature.

V alues giv en for necessit y and cue-v alidit y sp ecify a change in b elief (rather than an ab-

solute degree of b elief ) that an en tit y is an instance of some category (or is some individual),

giv en the absence or presence of some feature. F or example, an annotation of

cue-validity = 0 on feature F of category C indicates that the presence of F do es not c hange

the strength of a priori b elief that an en tit y is an instance of C . An annotation of

cue-validity = 1 indicates the b elief that the presence of F guaran tees that an en tit y is an

instance of C .

Necessit y and cue-v alidit y are de�ned in the same w a y as the measures of b elief/disb elief

that mak e up MYCIN's certain t y factors [13 ]. Exp erience with MYCIN indicates that, for

classi�cation tasks (one purp ose of necessit y and cue-v alidit y information), exp erts are more

willing to giv e c hanges in b elief than absolute probabilities. On the other hand, lik eliho o d

and uniqueness seem to b e more naturally expressed as absolute probabilities.
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Semantic Status of Status of Semantics of h F S V i assuming

T yp e of F r ame F V alue V l ik el ihood = L , cue-validity = C V ,

Slot S ne c essity = N , and uniq ueness = U

(1) category category 8 x: [ P ( 9 v 2 V :S ( x; v ) =x 2 F ) = L ]

8 x: [

P ( x 2 F = 9 v 2 V :S ( x;v )) � P ( x 2 F )

1 � P ( x 2 F )

= C V ]

8 x: [

P ( x 2 F ) � P ( x 2 F = ( 6 9 v 2 V :S ( x;v )))

P ( x 2 F )

= N ]

8 x: [ P ( 6 9 v 2 V :S ( x; v ) =x 62 F ) = U ]

(1) category noncategory 8 x: [ P ( S ( x; V ) =x 2 F ) = L ]

8 x: [

P ( x 2 F =S ( x;V )) � P ( x 2 F )

1 � P ( x 2 F )

= C V ]

(2) category either 8 x: [

P ( x 2 F ) � P ( x 2 F = : S ( x;V ))

P ( x 2 F )

= N ]

8 x: [ P ( : S ( x; V ) =x 62 F ) = U ]

(1) noncategory category P ( 9 v 2 V :S ( F ; v )) = L

8 x: [

P ( x = F = 9 v 2 V :S ( x;v )) � P ( x = F )

1 � P ( x = F )

= C V ]

8 x: [

P ( x = F ) � P ( x = F = ( 6 9 v 2 V :S ( x;v )))

P ( x = F )

= N ]

8 x: [ P ( 6 9 v 2 V :S ( x; v ) =x 6= F ) = U ]

(1) noncategory noncategory P ( S ( F ; V )) = L

(2) noncategory either 8 x: [

P ( x = F =S ( x;V )) � P ( x = F )

1 � P ( x = F )

= C V ]

(3) either noncategory 8 x: [

P ( x = F ) � P ( x = F = : S ( x;V ))

P ( x = F )

= N ]

(4) either either 8 x: [ P ( : S ( x; V ) =x 6= F ) = U ]

(3) either category 8 v :P ( S ( F ; v ) =v 2 V ) = L

8 x: [

P ( x = F = 8 v 2 V :S ( x;v )) � P ( x = F )

1 � P ( x = F )

= C V ]

8 x: [

P ( x = F ) � P ( x = F = ( 9 v 2 V : : S ( x;v )))

P ( x = F )

= N ]

8 x: [ P ( 9 v 2 V : : S ( x; v ) =x 6= F ) = U ]

T able 2.4: Seman tic mapping of a triple h F S V i to form ulae in probabilistic logic, as

determined b y the seman tic t yp e of slot S , the category status of frame F and v alue V , and

the seman tic annotations of the triple. P ( A ) indicates the probabilit y of logical sen tence A,

and P ( A 1 = A 2) indicates the conditional probabilit y of A1 giv en that P ( A 2) = 1.
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A p ossible explanation for this di�erence is that classi�cation tasks t ypically in v olv e

� com bining multiple pieces of evidence, and

� ranking multiple comp eting h yp otheses, p ossibly from an unsp eci�ed set.

F or example, a disease diagnosis problem usually has the form \Giv en symptoms s

1

, s

2

,. . . , s

n

,

whic h of diseases d

1

, d

2

,. . . , d

m

(or ev en \whic h of the diseases I kno w of") is most lik ely?"

It is more imp ortan t to determine whic h diagnosis (classi�cation) is most lik ely than to

determine the exact lik eliho o d of an y particular diagnosis. Necessit y and cue v alidit y , de�ned

as measures of increases/decreases in b elief, are more con v enien t for computations of this

sort than are absolute probabilities.

Prediction tasks, b y con trast, t ypically in v olv e

� determining a feature based on mem b ership in a single category , and

� determining the lik eliho o d of a single , presp eci�ed feature,

as in \I b eliev e/kno w that this thing is a C ; ho w lik ely is it that it has feature F ?" An example

is \That animal app ears to b e a dog. Ho w lik ely is it that it will bite me?" F or this kind

of task, absolute probabilities are more appropriate than measures of increased/decreased

b elief.

Lik eliho o d, necessit y , cue-v alidit y , and uniqueness annotations can b e giv en qualitativ e

ranges, suc h as L ow, Me dium , and High , in addition to n umeric v alues. F or lik eliho o d and

uniqueness, whic h giv e a conditional probabilit y that an en tit y will ha v e some feature, it is

con v enien t to use a range of qualitativ e v alues cen tered on the a priori probabilit y of that

feature. F or example, L ow could b e de�ned to include most n um b ers less than the a priori

probabilit y , Me dium the n um b ers close to it on either side, and High most n um b ers greater

than it. Necessit y and cue-v alidit y , b y con trast, represen t a c hange in b elief rather than an

absolute b elief (and th us are relativ e to the a priori probabilit y b y construction). Hence, it

is more con v enien t for these annotations to use qualitativ e v alues that constitute a uniform

partitioning of the range [0 :: 1].

Inheritance of features and automatic in v erse main tenance m ust b e sensitiv e to lik eliho o d,

necessit y , cue-v alidit y , and uniqueness annotations. The only assertions for whic h inheritance

is sound are those for whic h l ik el ihood = 0, those for whic h l ik el ihood = 1, those for whic h

necessity = 1, and those for whic h cue-validity = 0. The only seman tic annotation for whic h

automatic in v erse main tenance is sound is the lik eliho o d annotation, but this is limited to

triples in v olving slots of seman tic t yp e 2, 3, or 4, or slots of seman tic t yp e 1 under the I I

quan ti�cational pattern.

T o summarize, the seman tic annotations likeliho o d, ne c essity, cue-validity , and unique-

ness allo w eac h triple in the kno wledge base to sim ultaneously represen t a v ariet y of asser-

tions ab out the extension of a description. By assigning probabilities represen ting degrees

of b elief (or c hanges in b elief ) to the seman tic annotations, KM accommo dates b oth defea-

sible and nondefeasible assertions. A ttac hing seman tic annotations directly to triples mak es
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kno wledge represen tation more con v enien t than the approac h CycL uses, in whic h necessit y ,

cue v alidit y , etc., m ust b e stored on constrain t units, separate frames asso ciated with the

triples b eing describ ed [40 ].

The Botan y Kno wledge Base uses the seman tic annotations describ ed here with the ex-

ception of uniqueness . Uniqueness seems to ha v e limited utilit y for t w o reasons. First,

uniqueness represen ts assertions ab out nonmemb ers of a category C on the frame represen t-

ing C ( e.g. , \Things that aren't cats usually don't ha v e tails" stored on the Cat frame). It

seems unlik ely that a reasoning system w ould access the frame for C to predict features of

individuals that are not instances of C . Second, uniqueness is rarely informativ e, b ecause

almost all features in a non trivial domain ha v e high uniqueness. That is, in a domain for

whic h most categories constitute a small p ortion of the univ erse and for whic h most features

o ccur in a small p ercen tage of en tities, most features will lik ewise o ccur in a small p ercen tage

of en tities not in an y giv en category , meaning they ha v e high uniqueness for that category .

F or exceptional situations where uniqueness is lo w (or zero) for some feature on some cate-

gory , it seems more natural to create a complemen t category and annotate the feature with

l ik el ihood = H ig h (or l ik el ihood = 1) on the complemen t category . When uniq ueness = 1,

that information need not b e represen ted at all, b ecause it turns out that uniq ueness = 1

if and only if cue-validity = 1. Because uniqueness annotations app ear to b e neither useful

nor informativ e, the Botan y Kno wledge Base do es not include them.

2.4 Represen ting Information Con textually

This section describ es the third ma jor extension of KM, value annotations for represen ting

information con textually .

Consider represen ting the assertion \Cells of plan ts ha v e cell w alls." T raditional represen-

tation languages pro vide t w o unsatisfactory alternativ es. The �rst tec hnique is to asso ciate

an \if-needed" rule with the has-p art slot on the Cel l frame that states, in e�ect, \If the

cell is part of a plan t, then one of its parts is a cell w all." This approac h requires that the

represen tation language include a formalism for represen ting and reasoning ab out suc h rules.

It also has the disadv an tage that it pro vides no direct access path from the frame Plant to

the kno wledge ab out cells that are part of plan ts unless a sp ecial mec hanism installs p oin ters

from frames to the rules in whose an teceden ts they app ear.

The second tec hnique is to create a frame for the concept \Cell that is part of some

plan t," then �ll in the appropriate slot v alues on that frame, as in

Cell-of-A-Plan t

|||||||-

generalizations: Cell

part-of: Plan t

has-part: Cell-W all
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(Seman tic annotations w ould also b e installed if they di�er from the defaults.)

If little or no additional kno wledge di�eren tiates the concept Cel l-of-A-Plant from the

concept Cel l , then this approac h requires an inordinate amoun t of e�ort. With this approac h,

represen ting a single assertion in v olv es

� creating and naming a new frame,

� reorganizing the taxonom y to accommo date the new frame,

� installing the de�ning prop erties of the new concept

( e.g. , part-of = Plan t), and

� represen ting the original assertion ( e.g. , has-part = Cell-W all).

Th us the o v erhead for represen ting a single assertion of this kind is increased threefold or

more ab o v e that required for other assertions.

Another disadv an tage of this approac h is that it results in a proliferation of frames cor-

resp onding to concepts that are imp ortan t only in v ery limited con texts (suc h as \w ater

con tained in a guard-cell that is collapsing" and \w ater p ore in the mem brane of the epi-

dermis of a ro ot"). Ideally , eac h frame in the kno wledge base w ould corresp ond to a stable

concept in the mind of the domain exp ert, that is, a concept one w ould exp ect to �nd in the

index of a comprehensiv e text on the domain. Suc h a kno wledge base is easier to na vigate,

for b oth kno wledge engineers and application programs (suc h as a program that p erforms

spreading activ ation searc hes). Lenat and Guha giv e a similar argumen t for limiting frame

proliferation [40].

An alternativ e tec hnique for represen ting the statemen t \Cells of plan ts con tain cell

w alls," one that necessitates neither a sp ecial rule language nor the creation of a frame for

\cell that is part of some plan t," is to represen t the information c ontextual ly . That is, the

triple h Cell has-part Cell-W all i o ccurs in the con text of the triple h Plan t has-part Cell i ,

signifying that cells that ar e p art of some plant ha v e a cell w all. The adv an tages of this

approac h o v er the t w o previous tec hniques are

� assertions lik e the one ab o v e are more con v enien t to represen t, and

� the resulting kno wledge base is easier to insp ect, edit, and reason with, b ecause related

information is k ept together and b ecause only the ma jor concepts of the domain are

rei�ed as frames.

T o allo w con textual represen tations, KM allo ws value annotations , whereb y v alues of slots

can b e further describ ed b y an y n um b er of �lled slots. Hence, KM has a recursiv e notation:

frames ha v e slots with v alues, whic h themselv es ha v e slots with v alues, whic h ha v e slots

with v alues, etc. V alue annotations di�er from the seman tic annotations describ ed in the

previous section (and from the slot en try details of the CycL language [40]) in that seman tic

annotations describ e en tire triples and the assertions they represen t, while v alue annotations
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describ e categories, just as �lled slots on frames describ e categories. F or example, a seman tic

annotation, suc h as likeliho o d = 1, on triple h Plant has-p art Cel l i giv es information ab out

the relationship b et w een Plan ts and Cells, while a v alue annotation on h Plant has-p art Cel l i

giv es information ab out cells (in particular, ab out cells that are part of some plan t).

The CycL language pro vides a construct similar to v alue annotations [40]. In CycL,

asso ciated with eac h frame-slot is a set of features (�lled slots) to b e inherited to all v alues

�lling that frame-slot. F or example, the statemen t \Regions with hilly top ograph y tend to

ha v e ro c ky soil" can b e represen ted b y asso ciating the feature soil-r o ckiness = High with

the frame-slot h Hil ly top o gr aphy-of i as a feature to b e inherited to all frames acting as

v alues of that frame-slot ( i.e. , all frames that ha v e the slot top o gr aphy �lled with v alue

Hil ly ). This construct di�ers from KM's v alue annotations in that, in CycL, the set of to-

b e-inherited features m ust apply to ev ery v alue �lling the frame-slot, while KM allo ws the

kno wledge en terer to describ e eac h v alue of the frame-slot indep enden tly of other v alues. F or

example, with v alue annotations one could represen t \Regions with hilly top ograph y that

are temp erate regions ha v e ro c ky soil" and \Regions with hilly top ograph y that are desert

regions tend to ha v e sandy soil."

V alue annotations do not extend the expressiv e p o w er of KM. Hence, the seman tics of

v alue annotations can b e sp eci�ed b y describing a pro cedure for transforming a kno wledge

base con taining v alue annotations in to a kno wledge base con taining only h fr ame slot value i

triples and then relying on the seman tic mappings for triples giv en previously . Belo w is a

description of the seman tics of the general form of a v alue annotation, illustrated with an

example:

4

F rame1

|||-

slot1: F rame2

slot2: F rame3

Plan t

||{

has-part: Cell

(lik eliho o d: 1)

has-part: Cell-W all

(lik eliho o d: High)

In tuitiv ely , the meaning of the example is as follo ws:

All plan ts ha v e as a part one or more cells, and most of those cells ha v e as a part

one or more cell w alls. In other w ords, most cells that are part of some plan t

ha v e as a part one or more cell w alls.

4

F or clarit y , seman tic annotations are sho wn in paren theses to distinguish them from v alue annotations.
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KM requires that the triple h F r ame1 slot1 F r ame2 i represen ts assertions in whic h F r ame 2

is an existen tially quan ti�ed category . That is, F r ame 2 represen ts a category and sl ot 1 is

of seman tic t yp e 1 taking quan ti�cational pattern AE or IE in this con text. The in tuitiv e

meaning is that the category F r ame 2 is b eing further constrained (sp ecialized) b y this

con text (the relationship to F r ame 1), and the v alue annotation sl ot 2 = F r ame 3 pro vides

additional information ab out this sp ecialization of F r ame 2. F or example, C el l is b eing

(implicitly) sp ecialized in the con text of h Plant has-p art Cel l i , and the v alue annotation

has-p art = Cel l-Wal l describ es this new kind of cell ( i.e. , a plan t cell).

The reason KM requires that F r ame 2 represen t a category is that if F r ame 2 represen ts

an individual in this con text, then v alue annotations are unnecessary . If F r ame 2 repre-

sen ts an individual then F r ame 2 is not b eing constrained (sp ecialized) b y this con text, and

information ab out F r ame 2 as an individual can b e represen ted on the frame called F r ame 2.

The seman tics of the ab o v e constructs are obtained b y conjoining

� the form ulae represen ted b y the triple h F r ame1 slot1 F r ame2 i , as determined b y the

seman tic mappings giv en in the previous section (for example, h Plant has-p art Cel l i

ab o v e represen ts \All plan ts ha v e as a part some cells."), and

� the form ulae represen ted b y the triples in tro duced b y the follo wing pro cedure, whic h

translates the v alue annotations in to standard h fr ame slot value i triples. (KM do es

not actually p erform this pro cedure; it is giv en here solely to explain the seman tics of

v alue annotations.)

1. Create an explicit sp ecialization of F r ame 2, F r ame 2

0

. F or example, create a

sp ecialization of C el l , C el l

0

(whic h corresp onds to the category \Cell of a plan t").

2. Represen t the de�nition of the new category b y installing h F r ame 2

0

sl ot 1

0

F r ame 1 i

(where sl ot 1

0

is de�ned as the in v erse of sl ot ), with the follo wing seman tic anno-

tations:

{ de�nitional ly-ne c essary? = T ,

{ de�nitional ly-su�cient? = T ,

{ necessity = 1,

{ l ik el ihood = 1, and

{ cue-validity = 1.

(The last three annotations assert that, b ecause this new category is not a \natural

kind," the category's extension matc hes its de�nition p erfectly .) F or example,

assert as the de�ning criterion of category C el l

0

the feature p art-of = Plant .

3. Assert h F r ame 2

0

sl ot 2 F r ame 3 i with the same seman tic annotations as giv en for

the v alue annotation sl ot 2 = F r ame 3. F or example, assert

h Cel l' has-p art Cel l-Wal l i with seman tic annotation likeliho o d = High .
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The result of steps (1) through (3) for the v alue annotation on h Plant has-p art Cel l i is

sho wn b elo w.

Cell'

||-

generalizations: Cell

part-of: Plan t

(de�nitionally-necessary?: T)

(de�nitionally-su�cien t?: T)

(necessit y: 1)

(lik eliho o d: 1)

(cue-v alidit y: 1)

has-part: Cell-W all

(lik eliho o d: High)

In this example, the triple whose v alue w as annotated ( h Plant has-p art Cel l i ) had se-

man tic annotation l ik el ihood = 1, and the triple serving as the v alue annotation

( h Cel l has-p art Cel l-Wal l i ) had seman tic annotation l ik el ihood = H ig h . Th us the resulting

in terpretation w as

All plan ts ha v e as a part one or more cells, and most of those cells ha v e as a part

one or more cell w alls. In other w ords, most cells that are part of some plan t

ha v e as a part one or more cell w alls.

Belo w are three di�eren t in terpretations that are ac hiev ed b y using di�eren t com binations of

lik eliho o d v alues High and 1 (the most common v alues). Although in these examples b oth

triples use the AE quan ti�cational pattern, other patterns are p ossible, dep ending on the

seman tic t yp e of the slots in v olv ed and the category status of the frames in v olv ed.

Plan t

||{

has-part: Cell

(lik eliho o d: High)

has-part: Cell-W all

(lik eliho o d: High)

Most plan ts ha v e cells, and most of those cells ha v e cell w alls.
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Plan t

||{

has-part: Cell

(lik eliho o d: High)

has-part: Cell-W all

(lik eliho o d: 1)

Most plan ts ha v e cells, and all those cells ha v e cells w alls. In other w ords, most

plan ts ha v e cells with cell w alls, and all cells of plan ts ha v e cell w alls.

Plan t

||{

has-part: Cell

(lik eliho o d: 1)

has-part: Cell-W all

(lik eliho o d: 1)

All plan ts ha v e cells, and all those cells ha v e cell w alls. In other w ords, all plan ts

ha v e cells with w alls, and all cells of plan ts ha v e cell w alls.

Adding v alue annotations to KM necessitated mo difying KM's frame-slot access metho d.

In frame-based languages, slot v alues are accessed b y sp ecifying the addr ess of the required

v alue. F or con v en tional languages, an address is simply a (frame-name slot-name) pair. T o

pro vide access to v alue annotations nested to an y depth, KM accepts addresses of the form

(frame-name slot-name f frame-name slot-name g� )

where � indicates zero or more rep etitions (Kleene star). F or instance, to access the v alue

annotation in the previous examples, the address required is (Plan t has-part Cell has-part),

whic h retriev es the part(s) of plan t cells. Giv en this address, the access function returns

the v alue Cel l-Wal l (along with an y other v alid v alues). Inciden tally , v alues for seman tic

annotations ( likeliho o d, ne c essity , etc.) ha v e addresses of the same form. F or example, the

address (Plan t has-part Cell lik eliho o d) refers to the probabilit y that a particular plan t has

a cell part.

As suggested ab o v e, a v alue annotation can b e though t of as information ab out an implicit

sp e cialization of a category . F or instance, the v alue annotation on h Plant has-p art Cel l i in

the ab o v e example can b e though t of as describing the implicit sp ecialization of Cell, \Cell

that is part of some plan t." In KM this notion has b een incorp orated in to the represen tation

language. The set of v alue annotations asso ciated with a particular slot v alue V is said
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to constitute an emb e dde d unit represen ting an implicit sp ecialization of V . KM treats

em b edded units as equals with explicit frames: they are automatically link ed in to the concept

taxonom y , they participate in in v erse main tenance and inheritance, and slot v alues are stored

on and retriev ed from em b edded units just as they are for explicit frames. Th us, information

stored on v alue annotations is just as accessible as information stored on explicit frame slots,

y et the disadv an tages of creating frames to house them are a v oided.

Although KM treats em b edded units equiv alen tly with explicit frames, em b edded units

are still distinguishable from explicit frames. Th us, users of the kno wledge base can ignore

em b edded units when it is con v enien t to do so. In this w a y KM retains the adv an tages of

ha ving frames represen t only the most imp ortan t concepts in the domain.

The previous example serv es to illustrate KM's treatmen t of em b edded units:

Plan t

||{

has-part: Cell

has-part: Cell-W all

When the kno wledge en terer installs the v alue annotation has-p art = Cel l-Wal l , KM

p erforms the follo wing activities automatically:

1. Represen t the de�nition of the em b edded unit: add p art-of = Plant as a de�nitionally

necessary and su�cien t feature of the new concept b y installing it as a (second) v alue

annotation of h Plant has-p art Cel l i . This annotation also serv es as an in v erse for

h Plant has-p art Cel l i . It is safe to assume that the alternativ e in v erse

h Cel l p art-of Plant i w as rejected b y the kno wledge engineer (that it isn't true that most

cells are part of some plan t), b ecause otherwise the kno wledge engineer w ould ha v e no

reason to annotate h Plant has-p art Cel l i : he could represen t information ab out cells

that are part of some plan t directly on the C el l frame instead.

2. Connect the em b edded unit in to the kno wledge-base taxonom y: install an implicit-

sp e cialization link from the C el l frame to the em b edded unit represen ting \Cell that

is part of some plan t"; also install the in v erse generalization link. Em b edded units are

referenced (named, p oin ted to) in KM b y sp ecifying the address of the v alue whose

annotations constitute the em b edded unit. F or example, the em b edded unit sho wn

ab o v e (consisting of the single v alue annotation has-p art = Cel l-Wal l ) is referenced

b y (Plan t has-part Cell). T o connect this em b edded unit in to the kno wledge-base

taxonom y , KM asserts h Cel l implicit-sp e cializations (Plant has-p art Cel l) i and

h (Plant has-p art Cel l) gener alizations Cel l i .
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The result of these t w o activities, p erformed automatically b y KM, is sho wn b elo w:

Plan t

||{

has-part: Cell

has-part: Cell-W all

generalizations: Cell

part-of: Plan t

(de�nitionally-necessary?: T)

(de�nitionally-su�cien t?: T)

As stated ab o v e, em b edded units are referenced in KM b y giving the address of the v alue

whose annotations constitute the em b edded unit. This implemen tation has the adv an tage

that the de�ning feature of an em b edded unit is implicit in its \name." F or example, the

name of the em b edded unit in the ab o v e example, (Plan t has-part Cell), can b e parsed to

yield the de�nition of the concept it represen ts, \cell that is part of some plan t."

T o summarize, KM pro vides value annotations for represen ting information con textu-

ally . Although v alue annotations do not extend the expressiv eness of KM, they ha v e sev eral

adv an tages o v er con v en tional frame-based languages. First, they allo w information to b e rep-

resen ted con textually within the h fr ame slot value i format, as opp osed to a rule or constrain t

language. Second, they pro vide a more con v enien t w a y to represen t kno wledge in man y situa-

tions. Rather than creating explicit frames to hold eac h assertion, some assertions are stored

on em b edded units as v alue annotations. In addition, taxonomic and de�ning information

ab out em b edded units is installed automatically b y KM rather than b y the kno wledge en-

terer. Third, represen ting kno wledge con textually results in a kno wledge base that is easier

to use, for b oth p eople and mac hines, b ecause related information is bundled together and

b ecause imp ortan t domain concepts are automatically distinguished from those imp ortan t

only in v ery limited con texts.

2.5 Summary and Limitations

This c hapter presen ts KM, a frame-based kno wledge represen tation language designed to

pro vide increased expressiv eness and a more con v enien t represen tation of kno wledge than

existing frame-based languages pro vide. KM includes three ma jor extensions that collectiv ely

distinguish it from traditional languages. The �rst extension (the use of di�eren t seman tic

t yp es of slots to represen t quan ti�ed assertions) is purely seman tic (a c hange in the w a y that

triples represen ted in the language are in terpreted). The other t w o extensions (seman tic

annotations and v alue annotations) are c hanges in b oth the form and the seman tics of the

language.

The �rst extension to KM allo ws quan ti�ed assertions to b e represen ted with the same

ease as ground assertions, as simple h fr ame slot value i triples. This is accomplished b y
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o v erloading slots (in the same sense that op erators of a programming language are some-

times o v erloaded) with di�eren t seman tics, dep ending on the frames and v alues that the slot

relates. Di�eren t com binations of categories and noncategory instances giv e rise to di�eren t

quan ti�cational patterns. Slots that are o v erloaded in the same w a y (and that share the

same seman tic mapping) are group ed in to equiv alence classes called semantic typ es . When

the seman tic t yp e of eac h slot is explicitly represen ted, a system can automatically determine

the seman tics of a particular triple. Slot o v erloading mak es kno wledge represen tation more

con v enien t than with con v en tional frame-based languages, and it allo ws the represen tation

of sev eral di�eren t forms of quan ti�ed assertions.

F or some situations this tec hnique is not suitable. These are situations in whic h KM

cannot determine automatically the correct seman tics of a triple. F or example, consider as-

sertions in v olving the relation c ar dinality b et w een a category and the n um b er of its instances,

as in

1. cardinalit y(Kitc hen-c hair-at-m y-house,4)

(\There are four kitc hen c hairs at m y house..")

2. cardinalit y(Kitc hen-c hair-set-at-Al's-furniture-w arehouse,1000)

(\There are 1,000 sets of kitc hen c hairs at Al's furniture w arehouse.")

3. 8 x 2 Kitc hen-c hair-set-at-Al's-furniture-w arehouse, cardinalit y(x,4)

(\There are four c hairs in eac h kitc hen c hair set at Al's.")

Assume the kno wledge engineer creates slot c ar d to represen t the c ar dinality relation and

assigns it seman tic t yp e 2 so that it can represen t assertions ha ving the I I quan ti�cational

pattern [ e.g. , (1) and (2)] as w ell as the AI pattern [ e.g. , (3)]. Under the approac h describ ed

here, the ab o v e three assertions w ould b e represen ted as

1. h Kitchen-chair-at-my-house c ar d 4 i

2. h Kitchen-chair-set-at-A l's c ar d 1000 i

3. h Kitchen-chair-set-at-A l's c ar d 4 i

This presen ts t w o problems. First, triple (1) w ould b e in terpreted not as \There are four

kitc hen c hairs at m y house," but as \Eac h kitc hen c hair at m y house has four instances."

This in terpretation is incorrect b ecause a particular c hair is not a category and th us cannot

ha v e instances. KM mak es the incorrect in terpretation b ecause Kitchen-chair-at-my-house

is a category and slot c ar d is of seman tic t yp e 2, meaning that when c ar d app ears on a

category , the category is in terpreted as the scop e of a univ ersal quan ti�er. T o a v oid the

error, c ar d m ust b e declared seman tic t yp e 4, whic h admits only the I I (quan ti�er-free)

in terpretation. Declaring c ar d to b e of seman tic t yp e 4, ho w ev er, mak es it unsuitable for

represen ting assertion (3) ab o v e.
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The second problem is that triples (2) and (3) are con tradictory . This o ccurs b ecause

one of the triples is in terpreted incorrectly . Declaring c ar d to b e of seman tic t yp e 2 leads

to an incorrect in terpretation of triple (2), while declaring it as seman tic t yp e 4 leads to an

incorrect in terpretation of triple (3).

This problem o ccurs whenev er the kno wledge en terer w an ts to represen t categories whose

instances are themselv es categories ( e.g., Kitchen-chair-set-at-A l's ) and he w an ts to represen t

the same kind of information ab out b oth the encompassing categories and their instances

( e.g., cardinalit y). F or these situations the kno wledge en terer m ust create separate slots for

eac h of the p ossible in terpretations, suc h as one slot, c ar d1 , of seman tic t yp e 2 and another

slot, c ar d2 , of seman tic t yp e 4. F ortunately , suc h problematic situations are rare.

A second disadv an tage of o v erloading the seman tics of slots is that an y inference metho d

that reasons with triples in the kno wledge base m ust b e sensitiv e to the seman tic t yp e of

slots and the con text in whic h they app ear. The reasoner cannot assume that ev ery triple

is mapp ed to logical form ulae in the same w a y . This c hapter discusses the mo di�cations

required for inheritance and in v erse main tenance; other inference metho ds require similar

mo di�cations. Although this requiremen t mak es reasoning more complex, it is more im-

p ortan t for a represen tation language to b e easy for p eople to use, ev en if this means it is

harder for mac hines to use. The requiremen t also mak es designing inference metho ds more

di�cult, but designing a particular metho d is a one-time cost, while the costs of kno wledge

represen tation are incurred ev ery time the language is used. T o minimize represen tation

costs, KM allo ws seman tic o v erloading.

The second extension of KM, semantic annotations , pro vides greater expressiv eness b y

pro viding constructs for represen ting b oth the de�nitional and assertional comp onen ts of a

description. De�nitions are represen ted using seman tic annotations that distinguish b et w een

de�nitionally necessary features and de�nitionally su�cien t features. This distinction allo ws

concepts ha ving partial de�nitions to b e represen ted. Nonde�nitional assertions are also

represen ted using seman tic annotations (lik eliho o d, necessit y , cue-v alidit y , and uniqueness).

By attac hing probabilities to these seman tic annotations to represen t degrees of b elief, KM

accommo dates b oth defeasible and nondefeasible assertions as w ell as assertions of graded

defeasibilit y .

This c hapter pro vides a seman tics for nonde�nitional assertions b y sp ecifying a seman tic

mapping from kno wledge-base triples to form ulae in probabilistic logic. This approac h has

t w o disadv an tages. First, mapping eac h triple to logic indep endently and conjoining the

resulting form ulae is not suitable for

� slots for whic h one w an ts the order of v alues to b e imp ortan t, and

� slots for whic h one w an ts v alues to b e considered collectiv ely . F or example, one migh t

w an t the v alues of a slot to b e in terpreted disjunctiv ely rather than conjunctiv ely .

Second, assertions in probabilistic logic are more di�cult to reason with than assertions

in traditional predicate logic. Abadi and Halp ern sho w that probabilistic logics that in-

clude binary predicates are undecidable [1]. As stated b efore, ho w ev er, KM w as designed
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for greater expressiv e p o w er, ev en at the exp ense of in tractable or undecidable inference

metho ds, b ecause inferen tial p o w er cannot mak e up for limited expressiv eness.

The third extension of KM is value annotations for represen ting information con textually .

Although v alue annotations do not add expressiv e p o w er to the language, they ha v e sev eral

adv an tages:

� they mak e kno wledge represen tation m uc h more con v enien t,

� they do not require the use of a rule or constrain t language,

� information represen ted with v alue annotations is just as accessible

as the rest of the information in the kno wledge base, and

� the resulting kno wledge base is easier to insp ect and use, b ecause

only the most imp ortan t domain concepts are rei�ed as frames.

The ma jor limitation of v alue annotations and the implicit sp ecializations they de�ne is

that v alue annotations as describ ed here are useful primarily for de�ning implicit sp ecial-

izations ha ving a single necessary and su�cien t feature. (In the example of the previous

section, the single de�ning feature of the implicit sp ecialization of Cel l corresp onding to

\cell of some plan t" w as \is a part of some plan t.")

Additional necessary and su�cien t features could b e sp eci�ed within an em b edded unit,

as in the follo wing em b edded unit represen ting the concept \substance that is transp orted

b y mineral transp ort and that con tains minerals":

Mineral-T ransp ort

||||||||-

transp ortee: Substance

con tains: Mineral

(de�nitionally-necessary? T)

(de�nitionally-su�cien t? T)

Ho w ev er, this has t w o disadv an tages. First, the seman tic mapping b ecomes more com-

plex b ecause determining the seman tics of a triple requires examining all the v alue annota-

tions mo difying it. F or example, consider an extended v ersion of the ab o v e example that

captures the additional information that the de�nition of Miner al-T r ansp ort includes the

feature \transp orts a substance that con tains minerals":
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Mineral-T ransp ort

||||||||{

transp ortee: Substance

(de�nitionally-necessary? T)

(de�nitionally-su�cien t? T)

con tains: Mineral

(de�nitionally-su�cien t? T)

(de�nitionally-necessary? T)

Because the implicit sp ecialization of Substanc e has a de�ning feature ( c ontains = Miner al )

within the em b edded unit, it is no longer p ossible to determine the seman tics of the triple

h Miner al-T r ansp ort tr ansp orte e Substanc e i b y attending only to that triple and its semantic

annotations ( de�nitional ly-ne c essary? and de�nitional ly-su�cient? ). All of its value anno-

tations m ust b e examined also. If the c ontains = Miner al v alue annotation is ignored, an

incorrect de�nition of Miner al-T r ansp ort results: \a pro cess that transp orts some substance

(of an y kind)." This disadv an tage is ev en more sev ere considering that v alue annotations can

b e nested to an y depth.

The second disadv an tage of allo wing implicit sp ecializations to ha v e more than one de�n-

ing feature is that suc h implicit sp ecializations can b e represen ted in m ultiple w a ys (as em-

b edded units on di�eren t frames). F or example, the concept \substance con taining minerals

that is transp orted b y mineral transp ort" could b e represen ted as sho wn ab o v e or as an

em b edded unit on the Miner al frame. As a result, implicit sp ecializations could b ecome

distributed (m ultiply de�ned) in the kno wledge base, with partial kno wledge of the con-

cept in one em b edded unit and partial kno wledge in others. In the w orst case, an implicit

sp ecialization with n de�ning features could ha v e n di�eren t lo cations. This w ould lead to

inconsistencies in the kno wledge base, access problems, and redundan t represen tations.

T urner prop oses a more expressiv e kind of v alue annotation than those KM uses [81].

Although T urner's approac h do es not su�er from the �rst disadv an tage ab o v e, the problem

of distributed represen tations is m uc h w orse. With T urner's v alue annotations, the repre-

sen tation of an implicit sp ecialization imp oses an ordering on the features comp osing its

de�nition, th us in the w orst case an implicit sp ecialization with n de�ning features could

ha v e n ! di�eren t lo cations, one for eac h di�eren t ordering of the features.

Despite its limitations, KM has pro v en v ery useful for represen ting fundamen tal domain

kno wledge. The Botan y Kno wledge Base, represen ted in KM, curren tly con tains o v er 28,000

facts from college-lev el b otan y . The rest of this dissertation describ es metho ds for accessing

kno wledge represen ted in a frame-based language suc h as KM.
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Chapter 3

A Con ten t Addressable, Virtual

Kno wledge Base

T o destro y is alw a ys the �rst step in an y creation.

e e cummings

This c hapter describ es metho ds for making users of a kno wledge base less dep enden t

on the particulars of ho w kno wledge is represen ted. This is done b y pro viding a c ontent

addr essable kno wledge base and b y pro viding access to concepts in the virtual know le dge

b ase .

3.1 In tro duction

While represen ting kno wledge, a kno wledge engineer mak es n umerous decisions, man y of

them arbitrarily . F or example, the c hoice of what name to giv e eac h frame is often arbitrary

( e.g. , \Plan t-Stem" vs. \Stem-of-Plan t"). Similarly , the c hoice of whic h domain concepts

to reify (create a frame for) in the kno wledge base dep ends on the kno wledge engineer's

sub jectiv e judgmen t of the relativ e imp ortance of concepts. F or instance, the kno wledge

engineer migh t create a frame for Condensation and a frame for Water , but not a frame for

Water-Condensation . Because relativ e imp ortance v aries from one task to another, decisions

the kno wledge engineer mak es regarding whic h concepts to reify in a m ultifunctional kno wl-

edge base will not b e appropriate for all tasks in all situations. A goal of this researc h is

to insulate users of the kno wledge base from the e�ects of the (sometimes arbitrary) c hoices

made during kno wledge represen tation.

A kno wledge-base access metho d can insulate kno wledge-base users from the e�ects of

arbitrary frame-name c hoices b y pro viding c ontent addr essability . A con ten t addressable

kno wledge base allo ws users to access frames using a partial description of the frame's con-

ten ts. F or example, to access the frame for \plan t cell," the user could describ e the concept

as \cell that is part of a plan t." This description could b e giv en in a formal language as

(Cell (part-of Plan t)). When giv en this description in place of a frame name, the access
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metho d searc hes the kno wledge base for the frame that matc hes the description. It then

uses the name of that frame in servicing the access request. F or example, consider a frame-

slot access metho d that pro vides con ten t addressabilit y . Giv en the kno wledge-base fragmen t

sho wn in Figure 3.1 and the follo wing frame-slot query (whic h requests the parts of a cell

that is part of a plan t):

((Cell (part-of Plan t)) has-parts)

the system w ould

1. Recognize the �rst item of the address, (Cell (part-of Plan t)), as a frame description

rather than a frame name.

2. Find the name of the frame matc hing that description, Botanic al-Cel l .

3. Substitute the frame name for the description to yield the mo di�ed frame-slot address,

(Botanical-Cell has-parts).

4. Lo cate (or compute) and return the v alues of slot has-p arts on frame Botanic al-Cel l :

Cel l-Wal l, Pr otoplast , etc.

Con ten t addressabilit y can also b e used when storing slot v alues. F or example, the

kno wledge engineer can use the address ((Cell (part-of Plan t)) has-parts) when asserting

what the parts of a plan t cell are. Although con ten t addressabilit y supp orts b oth querying

and up dating the kno wledge base, all the examples in this c hapter are query accesses.

The adv an tage of con ten t addressabilit y is that users (either p eople or application pro-

grams) can access the kno wledge base without extensiv e prior kno wledge of ho w it has b een

represen ted. In particular, users can access concepts without kno wing the names of all the

frames in the kno wledge base. They need only to kno w the names of the most general frames

and slots (the top lev el of the taxonom y), and they can access other concepts b y describing

them in terms of more general frames and slots. Th us, users ha v e more 
exibilit y in ho w they

request information from the kno wledge base. Application programs that use the kno wledge

base can pass this 
exibilit y on to their users. F or example, a question-answ ering system

that accesses a con ten t addressable kno wledge base can accept questions whose topics are de-

scriptions of concepts, rather than frame names. This 
exibilit y is crucial for systems whose

users are unfamiliar with the kno wledge base, suc h as studen ts using a tutoring system.

The �rst w a y , then, that an access metho d can insulate users from the e�ects of kno wledge

represen tation decisions is to pro vide con ten t addressabilit y . The second w a y is to pro vide

a virtual know le dge b ase . In the actual kno wledge base, only concepts and facts that are

explicitly represen ted are accessible. In other w ords, the only concepts that are accessible are

those that are rei�ed as frames, and the only facts that are accessible are those represen ted

b y an explicit h fr ame slot value i triple. In a virtual kno wledge base, b y con trast, concepts

and facts that are implicit in the kno wledge base are also accessible. That is, the virtual

kno wledge base consists of all concepts that can b e de�ned in terms of other concepts and
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Eukaryote

Plant AnimalEukaryotic-Cell

Animal-CellBotanical-Cell

part-of: Eukaryote
definitionally-necessary? T
definitionally-sufficient? T

part-of: Plant

has-parts: Cell-Wall, Protoplast, ...

part-of: Animal
definitionally-necessary? Tdefinitionally-necessary? T
definitionally-sufficient? Tdefinitionally-sufficient? T

Prokaryotic-Cell

Cell

Living-Thing

Figure 3.1: Kno wledge-base fragmen t used to illustrate con ten t addressabilit y , sho wn as a

graph. No des represen t frames, and arcs represen t sp ecialization relations. Only the relev an t

features of eac h concept are sho wn. Giv en the concept description (Cell (part-of Plan t)),

KASTL matc hes the description with the concept Botanic al-Cel l .
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slots in the kno wledge base, and all facts implied b y other facts in the kno wledge base. Sev eral

metho ds exist for accessing facts in the virtual kno wledge base (inheritance, rule c haining,

etc.). This c hapter describ es metho ds for accessing c onc epts in the virtual kno wledge base.

A general description of the metho d for pro viding access to concepts in the virtual kno wl-

edge base is as follo ws. First, the user supplies a description of the concept, in the same w a y

that con ten t addressable concepts are describ ed. The access metho d creates a new frame

matc hing the giv en description and reorganizes the kno wledge base to accommo date it. This

task in v olv es �nding, in the taxonom y , the immediate generalizations and sp ecializations of

the new concept and installing links b et w een these frames and the new frame. (These links

allo w the new frame to participate in inheritance.) It also in v olv es recording on the new

frame an y kno wn information ab out the new concept, including the information giv en in the

input description. Finally , the access metho d uses the name of the new frame in servicing

the access request.

As an example, consider a frame-slot access metho d that pro vides access to concepts in

the virtual kno wledge base. Giv en the h yp othetical kno wledge-base fragmen t sho wn in the

top p ortion of Figure 3.2 and the follo wing frame-slot query (whic h requests the site of origin

of o xygen that is the end-pro duct of photosyn thesis):

((Oxygen (end-pro duct-of Photosyn thesis)) site-of-origin)

the system w ould

1. Recognize the �rst item, (Oxygen (end-pro duct-of Photosyn thesis)), as a frame de-

scription rather than a frame name.

2. Create a new frame to represen t the sp eci�ed concept. Unless a frame name is sp eci�ed

b y the user, the system giv es the frame a mac hine-generated name ( e.g. , O xy g en

0

).

3. Find the most sp eci�c concepts that are more general than the user-de�ned concept:

Pr o duct-of-Photosynthesis and Biolo gic al ly-Pr o duc e d-Oxygen . These can o ccur in the

kno wledge base either as frames or as em b edded units.

4. Find the most general concepts that are more sp eci�c than the user-de�ned concept:

Oxygen-of-L e af-Photosynthesis . Again, these can o ccur in the kno wledge base either

as frames or as em b edded units.

5. Install generalization links from O xy g en

0

to Pr o duct-of-Photosynthesis and

Biolo gic al ly-Pr o duc e d-Oxygen , and install sp ecialization links from O xy g en

0

to

Oxygen-of-L e af-Photosynthesis . Remo v e redundan t links. The result of this kno wledge

base reorganization is sho wn at the b ottom of Figure 3.2.

6. Record on O xy g en

0

information ab out the new concept giv en b y the input sp eci�cation.

Install end-pr o duct-of = Photosynthesis with seman tic annotations

de�nitional ly-ne c essary? = T and de�nitional ly-su�cient? = T.
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7. Lo cate (or compute) and return the v alue(s) of slot site-of-origin on the new frame

O xy g en

0

: Photosynthetic-Cel l , inherited from Pr o duct-of-Photosynthesis .

In this w a y , the access metho d w ould return Photosynthetic-Cel l as the resp onse to the ab o v e

query .

If users ha v e access only to concepts that are explicitly represen ted in the kno wledge base,

then the kno wledge engineer's decision not to reify a concept that is imp ortan t for a particular

task limits the user's abilit y to p erform that task. F or example, if a question-answ ering

system has access only to the actual kno wledge base, then that system can generate answ ers

only to questions ab out concepts that ha v e b een explicitly represen ted. By pro viding access

to concepts in the virtual kno wledge base, an access metho d mak es users less vulnerable to

the particulars of ho w kno wledge is represen ted. F or example, a question-answ ering system

could describ e ho w a decrease in the amoun t of w ater in the soil surrounding a plan t a�ects

plan t gro wth, ev en if the kno wledge base con tains no frame corresp onding to \w ater in

the soil surrounding a plan t." In addition to the practical adv an tages, pro viding a virtual

kno wledge base also has psyc hological v alidit y . Barsalou's exp erimen ts indicate that p eople

readily construct ad ho c c ate gories (categories not w ell established in memory) for use in

sp ecialized con texts [5].

The crucial step of pro viding con ten t addressabilit y and of pro viding access to concepts in

the virtual kno wledge base is determining, for eac h concept in the kno wledge base, whether

the input description matc hes it exactly , is more general than it, is more sp eci�c than it, or is

neither more general nor more sp eci�c. This step is called subsumption [86 , 85 ]. P erforming

subsumption requires that the input description pro vide a complete de�nition of the concept

to b e accessed, one con taining de�nitionally necessary and de�nitionally su�cien t criteria

that completely delineate the concept's in tension. (It is not p ossible to determine whether

t w o p artial de�nitions describ e exactly the same concept.) This implies that, although an y

concept in the kno wledge base can b e iden ti�ed as a p otential matc h for a giv en description,

only completely de�ned concepts can b e uniquely iden ti�ed b y description ( i.e. , iden ti�ed as

the only p ossible matc h for the description). F ortunately , concepts that can b e only partially

de�ned usually ha v e standard names, suc h as \w ater" or \photosyn thesis." Section 3.3.3

describ es ho w KASTL allo ws users to access partially de�ned concepts b y description b y

iden tifying p oten tial matc hes for a giv en description.

The fact that it is not p ossible, in general, to determine the subsumption relationship

b et w een t w o partial de�nitions also implies that a concept is in the virtual kno wledge base

only if it can b e completely de�ned in terms of other concepts and relations in the kno wledge

base (either the actual kno wledge base or the virtual kno wledge base). F or example, if the

concepts Eukaryotic-Cel l and Cytoplasm and the relation p art-of are rei�ed in the kno wledge

base, then the concept \Cytoplasm of a Euk ary otic Cell" is in the virtual kno wledge base.

Although only concepts that can b e completely de�ned in terms of other concepts are in the

virtual kno wledge base, suc h concepts app ear to o ccur frequen tly enough to mak e dev eloping

metho ds for accessing them w orth while. In an analysis of a c hapter from a biology textb o ok,

of the 899 concepts referenced in 55 paragraphs, appro ximately 29% of them referred to

52



Thing

Substance
Object

actor-in

end-product-of

Soil

Product-of-Photosynthesis
Oxygen

Liquid-Oxygen

Respired-OxygenOxygen-of-Leaf
Photosynthesis

end-product-of: Photosynthesis
(site-of-origin: Photosynthetic-Cell)

Process
Slot

product-of

Photosynthesis

Leaf-Photosynthesis

actor: Biological-Entity

location: Leaf

state: Liquidproduct-of: Biological-Process

end-product-of: Respiration
end-product-of:

Leaf-Photosynthesis

Thing

Substance
Object Process

Slot

Photosynthesis

Leaf-Photosynthesis

Soil

Product-of-Photosynthesis
Oxygen

Liquid-Oxygen

Respired-Oxygen

Oxygen-of-Leaf
Photosynthesis

end-product-of: Photosynthesis
(site-of-origin: Photosynthetic-Cell)

actor: Biological-Entity

location: Leaf

state: Liquidproduct-of: Biological-Process

end-product-of: Respiration

end-product-of:

Leaf-Photosynthesis

Biologically-Produced
Oxygen

Biologically-Produced
Oxygen

Oxygen'
end-product-of: Photosynthesis

Biological-Process

Biological-Process

raw-material-for

actor-in

end-product-of

product-of raw-material-for

Figure 3.2: Kno wledge-base fragmen ts b efore and after reorganization to accommo date the

new concept O xy g en

0

, describ ed b y (Oxygen (end-pro duct-of Photosyn thesis)). Only the

relev an t p ortions are sho wn. All features sho wn are de�nitionally necessary and su�cien t,

with the exception of those sho wn in paren theses.
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concepts that could b e completely de�ned.

When an access metho d pro vides b oth con ten t addressabilit y and access to concepts in the

virtual kno wledge base, users need not kno w whether concepts are explicit in the kno wledge

base. Users simply supply a description of the concept, em b edded in an access request. If

the concept has a frame asso ciated with it, then the system will �nd and use that frame.

Otherwise, the system will create and use a new frame. F rom the user's p oin t of view, there

is no distinction b et w een accessing concepts b y description and accessing concepts in the

virtual kno wledge base. In terms of the system arc hitecture giv en in Chapter 1, the Finder

and the Creator share a single user in terface. F or this reason, and b ecause the computations

of the Finder and the Creator o v erlap signi�can tly , this c hapter com bines the discussions of

con ten t addressabilit y and pro viding a virtual kno wledge base. The next section discusses

the related w ork on these topics, and the follo wing section describ es the approac h tak en

here. The c hapter concludes with some examples tak en from the Botan y Kno wledge Base

and with an empirical cost analysis.

3.2 Related W ork

Pro viding access to concepts in the virtual kno wledge base is essen tially an automatic clas-

si�c ation task. Automatic classi�cation in v olv es inserting a new concept in to a taxonom y

so that it is directly link ed to the most sp eci�c concepts that subsume it and to the most

general concepts that it subsumes [86]. Automatic classi�cation originated with KL-ONE

[12], and most of KL-ONE's successors, including KR YPTON [11], include classi�ers.

As implemen ted in KL-ONE, KR YPTON, and their descendan ts, automatic classi�cation

has sev eral limitations. First, man y of these languages, including KR YPTON, KANDOR,

and CLASSIC, limit expressiv e p o w er in an e�ort to ac hiev e tractable subsumption algo-

rithms [86]. (Recall that subsumption is the step of classi�cation that compares t w o concept

descriptions to determine their relationship. There is a tradeo� b et w een the expressiv eness

of a represen tation language and the complexit y of computing subsumption for descriptions

represen ted in that language [44 , 86 , 71 , 15, 66, 58].) The philosoph y of sacri�cing expres-

siv eness for tractable subsumption is still widely em braced, as evidenced b y the statemen t in

[71]: \a (represen tation) formalism with an undecidable subsumption is unsatisfactory ." As

noted in Chapter 2, ho w ev er, this approac h results in languages so limited that they are no

longer generally useful. KR YPTON, one of the few languages (if not the only language) to

ac hiev e a tractable subsumption algorithm, nev er found its w a y in to applications, partially

b ecause of its limited expressiv eness [86].

A second limitation of traditional classi�ers is that they use ill-c haracterized subsumption

algorithms. These systems use the follo wing criterion for subsumption [12]:

A concept X subsumes a concept Y if and only if, in all p ossible in terpretations,

the extension of X is a sup erset of the extension of Y .

W o o ds calls this de�nition of subsumption extensional subsumption [85]. This criterion for
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subsumption has b een found to lead to in tractabilit y for most represen tation languages, ev en

for most of the languages that limit expressiv eness [86, 58 ]. As a result, most classi�ers ha v e

retreated to tractable but incomplete subsumption algorithms [66]. These algorithms are

sound with resp ect to the ab o v e subsumption criterion, but they lac k a precise sp eci�ca-

tion of what subsumption relationships they detect (their degree of completeness). This

is surprising giv en the strong KL-ONE tradition of grounding the represen tational system

in formal seman tics. (A notable exception is P atel-Sc hneider's appro ximate accoun t of the

subsumptions that the NIKL classi�er detects [66 ].) An alternativ e approac h is to de�ne a

new criterion for subsumption, one that has a more tractable computation. A classi�cation

algorithm based on suc h a criterion w ould ha v e a precise accoun t of what the algorithm

computes, without sacri�cing expressiv eness of the language.

The third limitation of traditional classi�ers is that they are based on the extensional

subsumption criterion, but they are restricted to using only terminological ( i.e. , de�nitional)

kno wledge, kno wledge that carries no assertional imp ort [12, 11 ]. Extensional subsumption

cannot alw a ys b e computed solely from terminological or de�nitional kno wledge (suc h as the

information in KR YPTON's TBo x [11 ]). F or example, if \T riangle" is de�ned as \P olygon

with three angles," determining that \P olygon with three or more sides" subsumes \T riangle"

requires the fact that \ev ery angle of a p olygon has a corresp onding side," kno wledge that is

strictly assertional rather than de�nitional (and hence w ould app ear in KR YPTON's ABo x

rather than its TBo x).

If subsumption is to b e computed using only de�nitional kno wledge, a new criterion for

subsumption m ust b e used, one that is based on concept in tensions rather than extensions.

W o o ds in tro duces suc h a criterion, called intensional subsumption [85]. In tensional sub-

sumption means that the de�nition (in tension) of the subsuming concept is more general

than the de�nition of the subsumed concept. (De�nition D 1 is more general than de�nition

D 2 when ev ery de�nitionally su�cien t feature of D 1 is de�nitionally necessary for D 2 or

generalizes some feature that is de�nitionally necessary for D 2.) F or example, under in-

tensional subsumption, \P erson whose c hildren are professionals" subsumes \W oman whose

c hildren are do ctors" (assuming that \W oman" is de�ned as a kind of \P erson" and \Do c-

tor" is de�ned as a kind of \Professional"), but \P olygon with three or more sides" do es not

subsume \P olygon with three angles."

T o o v ercome the limitations of traditional classi�ers, KASTL's classi�cation algorithm

is based on the criterion of in tensional subsumption rather than extensional subsumption.

Although W o o ds prop oses in tensional subsumption as an alternativ e to extensional sub-

sumption, he retains extensional subsumption as the criterion of completeness. That is,

W o o ds sa ys that in tensional subsumption should en tail extensional subsumption, and that,

all else b eing equal, it is desirable to b e as complete as p ossible with resp ect to exten-

sional subsumption. This w ork, b y con trast, rejects extensional subsumption in fa v or of

in tensional subsumption b ecause extensional subsumption has the undesirable prop ert y that

t w o concepts that ha v e empt y extensions in all p ossible w orlds, suc h as \Round square" and

\Colorless green idea," are considered to subsume one another ( i.e. , to b e equiv alen t). Under
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in tensional subsumption, concepts are equiv alen t only when they ha v e iden tical in tensions.

The �nal limitation of traditional classi�ers that this w ork addresses is that most clas-

si�ers w ere designed to accompan y represen tation languages less expressiv e than KM. In

particular, KM allo ws the kno wledge en terer to represen t necessary features separately from

su�cien t features. It also allo ws de�nitional and nonde�nitional assertions to b e represen ted

with the same constructs. In the KL-ONE family of languages, b y con trast, de�nitional

features are usually in terpreted as b oth necessary and su�cien t [85], and in most of these

languages nonde�nitional assertions are either not represen table or are represen ted separately

from de�nitions, as in KR YPTON's ABo x [11]. KASTL's classi�cation and subsumption al-

gorithms w ere designed to accommo date the increased expressiv eness KM o�ers.

3.3 The Approac h

This section describ es the metho ds KASTL uses to pro vide a con ten t addressable, virtual

kno wledge base. The �rst t w o subsections describ e separately the tasks of accessing concepts

b y description and accessing concepts in the virtual kno wledge base. The third subsection

describ es ho w these tasks are in tegrated in a single mo dule of KASTL. The section concludes

with examples of system p erformance from the Botan y Kno wledge Base.

3.3.1 Accessing Concepts b y Description

(Con ten t Addressabilit y)

The task of accessing concepts b y description can b e describ ed informally as \giv en a de-

scription of a concept, �nd the kno wledge-base frame that describ es the concept." A more

precise form ulation of the task as p erformed b y KASTL is giv en b elo w:

Given : A concept description, in a formal language, consisting of

� a base concept B (more precisely , the name of the frame represen ting B ), and

� a set F of features ( i.e. , slot-v alue pairs),

R eturn : The name of the frame represen ting the concept C that matc hes the description. C

matc hes the description if and only if

� C is a sp ecialization of B (although not necessarily an immediate sp ecialization),

� All features in F are de�nitionally necessary for mem b ership in C , and

� The features in F are (join tly) de�nitionally su�cien t for mem b ership in C for all

mem b ers of B .
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F or example, in the concept description (Cell (part-of Plan t)), the base concept B is Cel l

and the only feature in F is p art-of = Plant . The task to b e p erformed is to �nd a frame

represen ting a sp ecialization of Cel l for whic h the feature p art-of = Plant is de�nitionally

necessary and su�cien t. In other w ords, the task is to �nd the frame represen ting the concept

whose de�nition is \cell that is part of a plan t."

Although this example consists of a simple concept description, KASTL also accommo-

dates more complex descriptions. Figure 3.3 sho ws the grammar for concept descriptions.

This c onc ept sp e ci�c ation language has the same syn tax as frames in KM so that concepts

can b e describ ed in the same w a y that they are represen ted.

Concept descriptions ma y ha v e m ultiple features, as in

(Cell (part-of Plan t) (pro ducer-in Photosyn thesis)).

Multiple features are in terpreted conjunctiv ely; al l of the sp eci�ed features m ust b e anno-

tated as de�nitionally necessary and su�cien t on the matc hing concept. Th us, the ab o v e

example describ es \photosyn thetic plan t cell."

The concept sp eci�cation language is recursiv e. In other w ords, the language allo ws

nested concept descriptions. F or example, the description

(W ater (transp ortee-in (Di�usion (source Soil-Region) (destination Plan t))

describ es \w ater transp orted b y di�usion from the soil in to a plan t." KASTL matc hes nested

descriptions from the inside out. F or example, KASTL �rst searc hes for a frame matc hing

(Di�usion (source Soil-Region) (destination Plan t)), suc h as Plant-Water-Uptake . It then

substitutes that frame name for the nested description to yield

(W ater (transp ortee-in Plan t-W ater-Uptak e)).

Finally , KASTL searc hes for a frame matc hing the mo di�ed description.

In addition to concepts, the concept sp eci�cation language in Figure 3.3 also allo ws users

to access slots b y description. A list of slots in place of a slot name refers to the disjunction

of those slots. F or example, ( husb and wife ) w ould refer to the slot sp ouse . Users can also

refer to the transitiv e closure (Kleene star) of a slot. F or example,

(transitiv e-closure-of p ar ent ) w ould refer to the slot anc estor .

Figure 3.4 giv es the pro cedure KASTL uses to pro vide con ten t addressabilit y . The �rst

step is to ensure that the giv en concept description is meaningful. This in v olv es c hec king

that eac h frame name and slot name in the description exists and that eac h feature is v alid.

A feature slot = value is v alid when value is in the r ange of slot . F or example, the description

(Glucose (pro duct-of Photosyn thetic-Cell)) is not v alid if slot pr o duct-of has range Pr o c ess ,

b ecause Photosynthetic-Cel l is not a Pr o c ess .

The next step is an e�ciency measure. T o reduce the amoun t of searc h, KASTL con-

v erts the base concept within the giv en concept description to a more sp eci�c concept if the

con v ersion do es not c hange the meaning of the description. F or example, giv en the concept

description (Ob ject (paren t-in Sexual-Repro duction), \an ob ject that repro duces sexually ,"
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<Concept-description> ::= ( <Concept> <Features> ) | ( <Concepts> )

<Concept> ::= <Frame-name> | <Concept-description>

<Concepts> ::= <Concept> | <Concept> <Concepts>

<Features> ::= <Feature> | <Feature> <Features>

<Feature> ::= ( <Slot> <Facet-list> <Value> )

<Slot> ::= <Slot-name> |

( <Slot-list> ) | ; disjunction of slots

( transitive-closure-of <Slot> ) ; Kleene star

<Slot-list> ::= <Slot-name> | <Slot-name> <Slot-list>

<Facet> ::= <Facet-name> | ( <Facet-list> )

<Facet-list> ::= <Facet> <Facet-list> | epsilon

<Value> ::= <Concept> | <kb-constant>

Figure 3.3: The concept sp eci�cation language for describing concepts to KASTL. The same

language is used b oth to access concepts b y description and to access concepts in the virtual

kno wledge base. (The fac ets sho wn ab o v e are a represen tational construct of KM used to

annotate frame-slots indep enden tly of their v alues. Although KASTL supp orts facets, they

are rarely used in the Botan y Kno wledge Base and are not discussed here.)
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1. Insure that the giv en concept description is meaningful. Eac h frame name and slot

name m ust exist, and eac h feature m ust b e v alid for the sp eci�ed base concept.

2. Con v ert the base concept B to a more sp eci�c concept, if p ossible, b y examining the

features giv en in the description and the constrain ts the kno wledge base con tains.

3. If the base concept B matc hes the input description, return B .

4. Otherwise, examine eac h immediate sp ecialization S of B .

� If S matc hes the input description, return S .

� If S is more general than the input description, then rep eat step 4 for all sp ecial-

izations of S .

5. If no matc h is found for the giv en concept description, then reify the concept from the

virtual kno wledge base and reorganize the taxonom y to include it.

Figure 3.4: Pro cedure KASTL uses to pro vide con ten t addressabilit y .

KASTL mo di�es the description to (Living-Thing (paren t-in Sexual-Repro duction)). Chang-

ing the base concept from Obje ct to Living-Thing do es not c hange the meaning of the de-

scription b ecause KASTL determines from examining the kno wledge base that only a living

thing can repro duce ( i.e. , the domain of slot p ar ent-in is Living-Thing ). This mo di�cation

greatly simpli�es the searc h for a matc h; sp ecializations of Obje ct that are not sp ecializations

of Living-Thing need not b e examined.

The third step of the pro cedure is to determine whether the (p ossibly mo di�ed) base con-

cept matc hes the giv en description. F or example, KASTL determines whether the Living-

Thing frame matc hes the description (Living-Thing (paren t-in Sexual-Repro duction)). A

frame matc hes a description if ev ery feature annotated as de�nitionally necessary or def-

initionally su�cien t on that frame is presen t in the description and ev ery feature in the

description is presen t on the frame and is annotated as b oth de�nitionally necessary and

su�cien t. F or example, for the Living-Thing frame to matc h the ab o v e description

p ar ent-in = Sexual-R epr o duction m ust b e represen ted as de�nitionally necessary and su�-

cien t for Living-Thing and Living-Thing m ust ha v e no other de�nitional features. In this

example, the matc h fails, so KASTL pro ceeds to the next step.

Step 4 of the pro cedure is to examine eac h immediate sp ecialization of the base concept

for a matc h. (KASTL examines b oth explicit sp ecializations and implicit sp ecializations

represen ted b y em b edded units.) If a matc h is found, it is returned. Otherwise, KASTL

rep eats step 4 for eac h sp ecialization whose de�nition is more general than the giv en concept

description. A sp ecialization S is more general than the concept description if S has at
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least one de�nitionally su�cien t feature ( i.e. , it has a de�nition), and eac h suc h feature

app ears in the concept description or generalizes some feature in the concept description.

If no sp ecialization of the base concept is more general than the giv en description, KASTL

fails to �nd an exact matc h.

The kno wledge-base fragmen t sho wn in Figure 3.5 can b e used to illustrate step 4 for

the concept description (Living-Thing (paren t-in Sexual-Repro duction)). The searc h for a

matc h is restricted to the p ortion of the taxonom y ro oted at Living-Thing . KASTL �rst

attempts to matc h eac h sp ecialization of Living-Thing with the giv en description. Neither

R epr o ducing-Structur e nor Nonr epr o ducing-Structur e is an exact matc h, but

R epr o ducing-Structur e is more general than the concept description b ecause the feature

p ar ent-in = R epr o duction on R epr o ducing-Structur e subsumes the feature

p ar ent-in = Sexual-R epr o duction in the input description. Therefore KASTL rep eats the

matc hing pro cess for the sp ecializations of R epr o ducing-Structur e . On this iteration a matc h

is found, Sexual ly-R epr o ducing-Or ganism .

If KASTL fails to �nd an exact matc h for a giv en concept description, the describ ed

concept is not explicitly represen ted in the kno wledge base, either as a frame or as an

em b edded unit. Although the concept do es not exist explicitly in the kno wledge base, it

do es exist in the virtual kno wledge base, b ecause it can b e completely de�ned in terms of

other concepts and relations (as evidenced b y the giv en description). Th us, KASTL can still

access the concept b y reifying it using the metho d describ ed in the next subsection.

3.3.2 Accessing Concepts in the Virtual Kno wledge Base

The task of accessing concepts in the virtual kno wledge base can b e describ ed informally as

\giv en a description of a concept, mo dify the kno wledge base to include that concept." A

more precise form ulation of the task as p erformed b y KASTL is sho wn b elo w:

Given : A concept description consisting of

� A base concept, and

� A set of features ( i.e. , slot-v alue pairs),

R eturn :

� The name of the frame created to represen t the describ ed concept, and

� A new kno wledge base reorganized to accommo date the new frame.

F or example, giv en the concept description (Oxygen (end-pro duct-of Photosyn thesis)), the

task is to create a frame whose de�nition is \P ortion of o xygen pro duced b y photosyn thesis"

and to mo dify the taxonom y to include that frame.

The same concept sp eci�cation language used to pro vide con ten t addressabilit y , sho wn

in Figure 3.3, is also used to pro vide access to concepts in the virtual kno wledge base. The
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Thing

Object Process

Living-Thing Reproduction

Sexual-Reproduction

Reproducing-Structure Nonreproducing-Structure

Sexually-Reproducing-Organism

parent-in: Reproduction
definitionally-necessary? T
definitionally-sufficient? T

parent-in: Sexual-Reproduction
definitionally-necessary? T
definitionally-sufficient? T

Figure 3.5: Kno wledge base fragmen t used to illustrate con ten t addressabilit y for Sexual ly-

R epr o ducing-Or ganism , describ ed b y (Living-Thing (paren t-in Sexual-Repro duction)). Only

the relev an t features of eac h concept are sho wn.
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1. Find immediate generalizations of the new concept. Recall the failure p oin ts of the

searc h for a matc h. (Figure 3.4 giv es the algorithm for this searc h.) These failure

p oin ts are the most sp eci�c concepts that are more sp eci�c than the base concept but

more general than the new concept.

2. Find additional immediate generalizations of the new concept. Find the most sp eci�c

concepts that are b oth

� neither more general nor more sp eci�c than the base concept, and

� more general than the giv en description.

3. Find the immediate sp ecializations of the new concept. Cho ose one of the generaliza-

tions G found in step 1 or 2, and �nd the most general concepts that are sp ecializations

of G and that are more sp eci�c than the giv en description.

4. Create a new frame.

(a) Install generalization relations to concepts found in steps 1 and 2.

(b) Install sp ecialization relations to concepts found in step 3.

(c) Assert on the new frame eac h feature giv en in the input description.

(d) Remo v e redundan t taxonomic relations.

5. Infer new features for the new concept (optional).

Figure 3.6: Pro cedure KASTL uses to access concepts in the virtual kno wledge base.

seman tics of the language is the same for b oth uses; the base concept is a generalization of the

describ ed concept, features mo difying the base concept are join tly necessary and su�cien t,

and nested descriptions are matc hed or created from the inside out. Using the same concept

sp eci�cation language for b oth con ten t addressabilit y and accessing concepts in the virtual

kno wledge base allo ws a single user in terface. In this w a y , users do not need to kno w whether

they are accessing existing concepts or virtual concepts. (The next subsection discusses this

in more detail.)

Figure 3.6 giv es the pro cedure KASTL uses to access concepts in the virtual kno wledge

base. The �rst t w o steps of the pro cedure �nd the immediate generalizations of the con-

cept to b e created. This in v olv es �nding the most sp eci�c concepts in the kno wledge base

that subsume the giv en concept description. (Recall that a concept in the kno wledge base

subsumes the giv en description if it has at least one de�nitionally su�cien t feature, and

eac h suc h feature app ears in the description or generalizes some feature in the description.)

Step 1 tak es adv an tage of the fact that KASTL creates a new concept only after ha ving
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failed to �nd the concept in the kno wledge base. If KASTL fails to �nd an exact matc h for

the giv en concept description, it terminates its searc h after encoun tering the most sp eci�c

sp ecializations of the base concept that are more general than the giv en concept descrip-

tion. These concepts will b e immediate generalizations of the concept to b e created. Th us,

KASTL a v oids rep eating the searc h for these generalizations b y recording the failure p oin ts

of the searc h for a matc h.

F or example, consider the concept description (Oxygen (end-pro duct-of Photosyn thesis))

and the kno wledge-base fragmen t sho wn in the top p ortion of Figure 3.2. When KASTL

searc hes the kno wledge base for a concept matc hing the description, it b egins at the base

concept, Oxygen . One sp ecialization of Oxygen , Liquid-Oxygen , neither matc hes nor is more

general than the giv en description, so it is not pursued. The other sp ecialization, Biolo gic al ly-

Pr o duc e d-Oxygen , is more general than the giv en description (b ecause pr o duct-of is more

general than end-pr o duct-of and Biolo gic al-Pr o c ess is more general than Photosynthesis ),

so KASTL rep eats the searc h from that concept. A t this p oin t, none of the sp ecializations

of Biolo gic al ly-Pr o duc e d-Oxygen can b e pursued. (None of them matc hes or subsumes the

giv en concept description.) Th us, the only failure p oin t is Biolo gic al ly-Pr o duc e d-Oxygen .

After failing to �nd a matc h for the sp eci�ed concept, KASTL pro ceeds to create it. KASTL

recalls the single failure p oin t, Biolo gic al ly-Pr o duc e d-Oxygen , to b e installed as an immediate

generalization of the new concept. Biolo gic al ly-Pr o duc e d-Oxygen is guaran teed to b e the only

immediate generalization in the p ortion of the taxonom y ro oted at the base concept, Oxygen .

Step 2 of the pro cedure �nds the generalizations of the new concept that are outside

the p ortion of the taxonom y ro oted at the base concept. Although the searc h for an exact

matc h for a concept description can b e limited to the p ortion of the taxonom y ro oted at the

base concept, the searc h for generalizations of the describ ed concept m ust originate at the

ro ot of the taxonom y . Because KASTL is searc hing for maximally sp e ci�c generalizations

only , it need not examine ancestors of the base concept. (The base concept subsumes the

describ ed concept b y construction, and it is more sp eci�c than an y of its generalizations.)

Sp ecializations of ancestors of the base concept, ho w ev er, m ust b e examined. F or exam-

ple, although the ancestors of Oxygen ( Substanc e and Thing ) will not b e maximally sp eci�c

generalizations of the concept describ ed b y (Oxygen (end-pro duct-of Photosyn thesis)), the

immediate sp ecializations of Substanc e and Thing ( Soil, Pr o duct-of-Photosynthesis, Obje ct,

Pr o c ess , and Slot ) m ust b e examined. If an y of these concepts subsumes the giv en descrip-

tion, then KASTL m ust also examine its sp ecializations. (KASTL examines b oth explicit

sp ecializations and implicit sp ecializations represen ted b y em b edded units.)

KASTL con tin ues searc hing the taxonom y in this w a y un til it �nds no more concepts

that subsume the input description. The most sp eci�c concepts found will b e immediate

generalizations of the newly created concept. F or example, although none of Soil, Obje ct,

Pr o c ess , or Slot subsumes the concept describ ed b y (Oxygen (end-pro duct-of Photosyn the-

sis)), Pr o duct-of-Photosynthesis do es subsume it. Because Pr o duct-of-Photosynthesis has no

sp ecializations, it is a maximally sp eci�c generalization of the giv en description, and KASTL

will install it as an immediate generalization of the new concept.

63



Step 3 of the pro cedure is to �nd the immediate sp ecializations of the concept to b e

created. This in v olv es �nding the most general concepts in the kno wledge base that the

giv en concept description subsumes. (The giv en description subsumes a concept in the

kno wledge base if ev ery feature in the description is de�nitionally necessary for the concept

or generalizes some feature that is de�nitionally necessary .) The searc h for sp ecializations

can originate with an y of the generalizations found in steps 1 and 2, preferably the one with

the few est sp ecializations. KASTL c ho oses a starting concept and examines its immediate

sp ecializations. If a concept is subsumed b y the giv en concept description, then KASTL

retains it as a maximally general sp ecialization. (Its sp ecializations need not b e examined

b ecause KASTL is searc hing for the maximally gener al sp ecializations.) If a concept is not

subsumed b y the giv en description, then KASTL m ust also examine all of its sp ecializations.

In the w orst case, the searc h con tin ues to the most sp eci�c concepts in that p ortion of the

taxonom y . The most general sp ecializations found will b e immediate sp ecializations of the

new concept.

Recall that for the h yp othetical kno wledge-base fragmen t sho wn in the b ottom p ortion

of Figure 3.2, the most sp eci�c generalizations of the concept description

(Oxygen (end-pro duct-of Photosyn thesis)) are Pr o duct-of-Photosynthesis and Biolo gic al ly-

Pr o duc e d-Oxygen . Assume that KASTL c ho oses Biolo gic al ly-Pr o duc e d-Oxygen as the start-

ing p oin t of the searc h for sp ecializations. The �rst sp ecialization of Biolo gic al ly-Pr o duc e d-

Oxygen , Oxygen-of-L e af-Photosynthesis , is subsumed b y the giv en description b ecause L e af-

Photosynthesis is a sp ecialization of Photosynthesis . Th us, Oxygen-of-L e af-Photosynthesis

is a maximally general sp ecialization and its sp ecializations (if it had an y) w ould not b e

examined. The second sp ecialization of Biolo gic al ly-Pr o duc e d-Oxygen , R espir e d-Oxygen , is

not subsumed b y the giv en description, th us KASTL m ust also examine its sp ecializations.

In this example, R espir e d-Oxygen has no sp ecializations, so the searc h terminates. The only

sp ecialization found is Oxygen-of-L e af-Photosynthesis , whic h will b e installed as an immedi-

ate sp ecialization of the new concept.

Step 4 of the pro cedure is to create a frame to represen t the new concept ( e.g. , O xy g en

0

)

and reorganize the kno wledge base to accommo date it. Reorganization in v olv es installing

generalization relations from the new frame to the frames found in steps 1 and 2, installing

sp ecialization relations from the new frame to the frames found in step 3, and installing

eac h feature giv en in the concept description on the new frame as a de�nitionally nec-

essary and su�cien t feature. It also in v olv es remo ving taxonomic relations that b ecome

redundan t after installing the new taxonomic relations. The b ottom p ortion of Figure 3.2

sho ws the result of this reorganization for the kno wledge-base fragmen t sho wn in the top

p ortion of Figure 3.2, follo wing the creation of a new frame for the concept describ ed b y

(Oxygen (end-pro duct-of Photosyn thesis)). The sp ecialization relation from Biolo gic al ly-

Pr o duc e d-Oxygen to Oxygen-of-L e af-Photosynthesis is remo v ed b ecause it is redundan t giv en

the new sp ecialization relations from Biolo gic al ly-Pr o duc e d-Oxygen to O xy g en

0

and from

O xy g en

0

to Oxygen-of-L e af-Photosynthesis . Similarly , the redundan t sp ecialization relation

from Pr o duct-of-Photosynthesis to Oxygen-of-L e af-Photosynthesis is remo v ed.
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The �nal step in reifying concepts in the virtual kno wledge base is to infer new informa-

tion ab out the concept and install it on the new frame. This can b e done using standard

inference metho ds suc h as induction from sp ecializations or instances, deduction from rules,

or inheritance. This step can b e done as the system installs the new frame in the kno wledge

base, or it can b e done on demand as users request slot v alues. KASTL tak es the latter

approac h. With KASTL, users can request slot v alues directly , or they can request them

through requests for viewp oints of the new concept. The next c hapter describ es the metho ds

KASTL uses for accessing viewp oin ts of concepts.

3.3.3 Com bining Con ten t Addressabilit y with a Virtual Kno wl-

edge Base

This section has describ ed t w o tasks, accessing concepts b y description and accessing con-

cepts in the virtual kno wledge base. These tasks are p erformed b y a single mo dule of KASTL

with a single user in terface. Com bining the tasks has t w o adv an tages. First, the pro cedure

that rei�es concepts in the virtual kno wledge base can use information gathered while at-

tempting to �nd a concept in the actual kno wledge base (step 1 of Figure 3.6). When b oth

pro cedures are executed, com bining them mak es the system more e�cien t. The second ad-

v an tage is that users of KASTL do not need to kno w whether the concept they w an t to access

exists in the actual kno wledge base. They simply pro vide a description of the concept. If

KASTL fails to �nd a frame represen ting that concept, it automatically creates one. Users

do not need to kno w or sp ecify whether they are accessing existing concepts b y description

or accessing concepts in the virtual kno wledge base.

If users w an t to access concepts b y description without accessing concepts in the virtual

kno wledge base, they can op erate KASTL in the r e c o gnition-only mo de. In the recognition-

only mo de, KASTL attempts only to �nd the describ ed concept in the actual kno wledge

base and do es not create a new frame. If KASTL �nds no matc h, then rather than create a

new frame, KASTL returns the list of concepts in the kno wledge base that are more sp eci�c

than the describ ed concept. The user can then select from this list of partial matc hes the

concept that is most appropriate for the task at hand. F or example, for the kno wledge-base

fragmen t sho wn in the top p ortion of Figure 3.2 and the concept description

(Oxygen (end-pro duct-of Photosyn thesis)),

KASTL (op erating in recognition-only mo de), up on failing to �nd an exact matc h, w ould

return the list ( Oxygen-of-L e af-Photosynthesis ). This facilit y allo ws users to lo cate a concept

through a description more general than the one that matc hes the concept exactly . More

general descriptions are more con v enien t for users to pro vide b ecause they require less prior

kno wledge of the frames and slots in the kno wledge base. This facilit y also allo ws users

to access b y description concepts that cannot b e completely describ ed (b ecause they lac k

complete de�nitions).
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Thing

Object Process

Molecule

Macromolecule

Nucleic-Acid

Production

Biosynthesis

Macromolecule-Synthesis

Nucleic-Acid-Synthesis

products:

definitionally-necessary? T
definitionally-sufficient? T

Macromoleculeproducts:

Nucleic-Acid
definitionally-necessary? T
definitionally-sufficient? T

Figure 3.7: Kno wledge-base fragmen t used to illustrate con ten t addressabilit y for the concept

description (Biosyn thesis (pro ducts Nucleic-Acid)). KASTL returns Nucleic-A cid-Synthesis

as a matc h.

3.3.4 F urther Examples

The example used to illustrate accessing concepts in the virtual kno wledge base w as h yp o-

thetical, sp ecially constructed to illustrate all asp ects of the algorithm. F ollo wing is a sample

of actual results KASTL pro duced from the Botan y Kno wledge Base.

Con ten t Addressabilit y Examples

� Giv en (Biosyn thesis (pro ducts Nucleic-Acid)), whic h describ es \Biosyn thesis pro cess

that pro duces a n ucleic acid," and the kno wledge-base fragmen t sho wn in Figure 3.7,

KASTL returns Nucleic-A cid-Synthesis .

� Giv en (Pro cess (ra w-materials W ater)), whic h describ es \Pro cess that consumes w a-

ter," and the kno wledge-base fragmen t sho wn in Figure 3.8, KASTL, in r e c o gnition-only
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Process

Production

Biosynthesis

Conversion
Transformation

Chemical-Reaction

Metabolic-Reaction
Fusion Reproduction

Transportation

Energy-Transduction

Photosynthesis Photosynthetic-Dark-Reactions Calvin-Cycle-Carboxylation Calvin-Cycle-Regeneration
raw-materials: WaterWaterWater

Waterraw-materials:raw-materials:
raw-materials:

Carbon-Dioxide
ATP Nadph

H+
3-PhosphoglyceraldehydeCarbon-Dioxide

ATPCarbon-Dioxide

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

....

Ribulose-Diphosphate

Figure 3.8: Kno wledge-base fragmen t used to illustrate con ten t addressabilit y for the descrip-

tion (Pro cess (ra w-materials W ater)). KASTL, in r e c o gnition-only mo de, returns the list

(Photosyn thesis Photosyn thetic-Dark-Reactions Calvin-Cycle-Carb o xyl ati on Calvin-Cycle-Regeneratio n).

mo de, returns the list

(Photosyn thesis Photosyn thetic-Dark-Reactions Calvin-Cycle-Carb o xylation Calvin-Cycle-Regeneration) .

� Giv en (Energy-T ransduction (input-energy-form (Energy (energy-holder A TP)))), whic h

describ es \Energy transduction pro cess whose input energy is held b y A TP ," and the

kno wledge-base fragmen t sho wn in Figure 3.9, KASTL, in r e c o gnition-only mo de, re-

turns the list (Photosyn thetic-Dark-Reactions). This example illustrates an em b edded

concept description.

Virtual Kno wledge Base Access Examples

� Giv en (Plan t (pro ducer-in Plan t-Photosyn thesis)), whic h describ es \Plan t that is pho-

tosyn thetic," and the kno wledge-base fragmen t sho wn in the top p ortion of Figure 3.10,

KASTL mo di�es the kno wledge base as sho wn in the b ottom p ortion of Figure 3.10.

(In this example, the user has sp eci�ed the name to b e giv en to the new frame,

Photosynthetic-Plant .) This example illustrates KASTL's treatmen t of em b edded units

[ e.g. , the em b edded unit referred to b y the address

(Seedling-Emergence dev elop ee Seedling after-state Seedling)].
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Thing

Energy Process

Energy-Transduction

Photosynthetic-Dark-ReactionsPhotosynthesis

Photosynthetic-Light-Reactions

Photophosphorylation

Light-Absorption

input-energy-form: Phosphate-Bond-Energy

Phosphate-Bond-EnergyCarbon-Bond-Energy

Chemical-Bond-Energy

holder: ATPholder: Organic-Molecule

Heat-EnergyElectron-Excitation-Energy

Figure 3.9: Kno wledge-base fragmen t used to illustrate con ten t addressabilit y for the

description (Energy-T ransduction (input-energy-form (Energy (energy-holder A TP)))).

KASTL, in r e c o gnition-only mo de, returns the list (Photosyn thetic-Dark-Reactions).
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Plant-Photosynthesis
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after-state: Seedling
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Thing

Object Process

Thing

Object Process

Figure 3.10: Snapshots of the kno wledge base b efore and after rei�cation of

Photosynthetic-Plant , describ ed b y (Plan t (pro ducer-in Plan t-Photosyn thesis)).
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� Giv en (W ater (transp ortee-in (Di�usion (source Soil-Region) (destination Plan t)))),

whic h describ es \W ater mo v ed b y di�usion from a soil region to a plan t," and the

kno wledge-base fragmen t sho wn in the top p ortion of Figure 3.11, KASTL mo di�es

the kno wledge base as sho wn in the b ottom p ortion of Figure 3.11. In addition to

creating a frame to represen t the new sp ecialization of Water , KASTL also creates a

frame to represen t the new sp ecialization of Di�usion , \di�usion of w ater from a soil

region to a plan t," referenced b y the nested description.

� Giv en (Ev ap oration (transp ortee W ater) (source Soil-Region)), whic h describ es \Ev ap-

oration of w ater from the soil," and the kno wledge-base fragmen t sho wn in the top

p ortion of Figure 3.12, KASTL mo di�es the kno wledge base as sho wn in the b ottom

p ortion of Figure 3.12.

� Giv en (Substance (ra w-material-for Photosyn thesis)), whic h describ es \Substance that

is consumed b y some photosyn thesis ev en t," and the kno wledge-base fragmen t sho wn

in the top p ortion of Figure 3.13, KASTL mo di�es the kno wledge base as sho wn in the

b ottom p ortion of Figure 3.13. In this example, the user has sp eci�ed the name to b e

giv en to the new frame, R aw-Materials-for-Photosynthesis .

3.4 Dynamic P artitioning

The previous section discussed the task of reifying single concepts that are in the virtual

kno wledge base. This section discusses a related task, one that in v olv es reifying sev eral

concepts st once. This is the task of dynamically creating new partitionings in the kno wledge

base.

A partitioning is a p ortion of a kno wledge base in whic h a concept is partitioned (brok en

do wn) in some w a y . There are at least four t yp es of partitionings. First, a concept can b e

partitioned in to sp ecializations. F or example, Cel l can b e partitioned in to sp ecializations

A nimal-Cel l and Botanic al-Cel l . Second, ob jects can b e partitioned in to their ph ysical parts

or comp osing substances. F or example, a seed can b e partitioned in to the seed coat, the

em bry o, and the endosp erm. Third, ob jects can b e partitioned in to temp oral parts (called

states or stages ). F or example, a plan t can b e partitioned in to �v e stages: zygote, em bry o,

seedling, juv enile, and mature plan t. F ourth, ev en ts can b e partitioned in to steps (called

sub events ). F or example, photosyn thesis can b e partitioned in to the ligh t reactions and

the dark reactions. A slot that represen ts a partitioning ( e.g., sp e cializations, has-p arts,

c omp ose d-of, stages, sub events ) is called a p artitioning slot .

A concept can b e partitioned in m ultiple w a ys on an y partitioning slot, dep ending on the

p artitioning criterion . F or example, the partitioning of Human in to sp ecializations Male and

F emale is based on a gender criterion. Other criteria yield other partitionings. F or example,

a hair color criterion giv es rise to sp ecializations Blonde , Brunette , etc. Eac h elemen t of

the partitioning ( e.g. , eac h sp ecialization of Human ) has a more sp ecialized v alue for the

partitioning criterion than the partitioned concept has [ e.g. , a more sp ecialized v alue for
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Thing
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Water195 Diffusion194
transportee-in: Diffusion194
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source: Soil-Region

destination: Plant

definitionally-necessary? T
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definitionally-necessary? T

definitionally-necessary? T

Figure 3.11: Snapshots of the kno wledge base b efore and after rei�cation of Water195 ,

describ ed b y (W ater (transp ortee-in (Di�usion (source Soil-Region) (destination Plan t)))).
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Water-Evaporation

transportee: Water
definitionally-necessary?: T
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Evaporation
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definitionally-necessary?: T
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Evaporation196

transportee: Water

definitionally-necessary?: T
definitionally-sufficient?: T
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definitionally-necessary?: T

source: Soil-Region

Figure 3.12: Snapshots of the kno wledge base b efore and after rei�cation of Evap or ation196 ,

describ ed b y (Ev ap oration (transp ortee W ater) (source Soil-Region)).
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raw-material-for: Photosynthesisraw-material-for: Photosynthesis

Water-of-Photosynthesis CO2-of-Photosynthesis

Water-of-Photosynthesis CO2-of-Photosynthesis

Figure 3.13: Snapshots of the kno wledge base b efore and after rei�cation of R aw-Materials-

for-Photosynthesis , describ ed b y (Substance (ra w-material-for Photosyn thesis)).
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hair-c olor than the v alue of ( Human hair-c olor )]. KM allo ws an y partitioning slot to ha v e

m ultiple, orthogonal partitionings and pro vides a mec hanism for represen ting the criterion

for eac h.

Although m ultiple partitionings are represen table for eac h partitioning slot, the kno wl-

edge engineer t ypically represen ts only a few of the p ossible partitionings. Application pro-

grams ma y need some of the unrepresen ted partitionings to supp ort some task. F or example,

a tutoring system generating a description of the di�eren t w a ys that a leaf acquires glucose

throughout its lifetime w ould need a partitioning of L e af in to stages according to glucose

acquisition metho d. T o service this need, KASTL pro vides dynamic creation of new parti-

tionings. In other w ords, KASTL rei�es partitionings that are in the virtual kno wledge base

but not in the actual kno wledge base. F or example, giv en the concept Ener gy-T r ansduction ,

partitioning slot sp e cializations , and criterion slot input-ener gy-form , KASTL automatically

creates a new partitioning of Ener gy-T r ansduction in to sp ecializations E T 1 (whic h has

input-ener gy-form = Light-Ener gy ) and E T 2 (whic h has

input-ener gy-form = Ele ctr on-Excitation-Ener gy ), as sho wn in Figure 3.14.

The task of dynamically creating partitionings can b e describ ed as follo ws:

Given :

� A concept C to partition ( e.g., Ener gy-T r ansduction ),

� A partitioning slot, S ( e.g., sp e cializations ), and

� A partitioning criterion ( e.g., input-ener gy-form ),

R eturn :

� A set of newly created concepts that are related to C b y slot S and that ha v e more

sp eci�c v alues for the partitioning criterion than C has ( e.g. , sp ecializations of

Ener gy-T r ansduction that ha v e di�eren t sp eci�c forms of input energy), and

� A kno wledge base reorganized to accommo date the newly created concepts.

The partitioning criterion ma y b e a simple slot name or a slot path. F or example,

giv en the concept A ngiosp erm (
o w ering plan t), partitioning slot sp e cializations , and (as

the partitioning criterion) the slot path (has-p art Flower c olor) , KASTL w ould partition

A ngiosp erm in to sp ecializations according to the di�eren t colored 
o w ers they ha v e. The

criterion ma y also include a v alue �lter, whic h signi�es that when creating the partitioning,

KASTL should ignore v alues of the partitioning criterion that are not sp ecializations of the

concept giv en as the �lter. F or example, giv en the concept T r e e to partition, partitioning

slot sp e cializations , and partitioning criterion has-p arts with v alue �lter L e af , KASTL w ould

partition T r e e in to sp ecializations according to the di�eren t t yp es of lea v es they ha v e.

T o dynamically create a new partitioning of concept C along partitioning slot S ac-

cording to a giv en partitioning criterion, KASTL �rst explores an existing partitioning of
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Energy-Transduction

Photosynthesis
Creation-of

Phosphate-Bond-Energy Light-Absorption

Light-Reactions Photophosphorylation Oxidative-

Phosphorylation

input-energy-form: Light-Energy input-energy-form: Light-Energyoutput-energy-form: 
Phosphate-Bond-Energy

input-energy-form: Light-Energy input-energy-form:
input-energy-form:Electron-Excitation-Energy

Electron-Excitation-Energy

Energy-Transduction

Photosynthesis Light-AbsorptionLight-Reactions Photophosphorylation
Oxidative-

Phosphorylation

input-energy-form: Light-Energy input-energy-form: Electron-Excitation-Energy
ET1 ET2

definitionally-necessary? T
definitionally-sufficient? T

definitionally-sufficient? T
definitionally-necessary? Tdefinitionally-necessary? T

definitionally-sufficient? T

Photosynthetic

Photosynthetic

Figure 3.14: Kno wledge-base fragmen t used to illustrate dynamic partitioning of Ener gy-

T r ansduction along partitioning slot sp e cializations according to criterion input-ener gy-form .

Although not sho wn, the existing partitioning remains in tact.
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C along partitioning slot S to �nd the top-most concepts that are di�eren t from (or more

sp ecialized than) C with resp ect to the partitioning criterion. F or example, to create a parti-

tioning of Ener gy-T r ansduction in to sp ecializations according to input-ener gy-form , KASTL

�rst �nds the most general sp ecializations of Ener gy-T r ansduction that ha v e a di�eren t (or

more sp eci�c) v alue for input-ener gy-form than Ener gy-T r ansduction do es. Assuming the

kno wledge-base fragmen t sho wn in the top p ortion of Figure 3.14, this set is Photosynthe-

sis, Photosynthetic-Light-R e actions, Photophosphorylation, Oxidative-Phosphorylation , and

Light-A bsorption .

The next step is to collect the v alues that these concepts ha v e for the partitioning cri-

terion (the criterial values ). F or example, the criterial v alues of the concepts Photosynthe-

sis, Photosynthetic-Light-R e actions, Photophosphorylation, Oxidative-Phosphorylation , and

Light-A bsorption on slot input-ener gy-form are Light-Ener gy and Ele ctr on-Excitation-Ener gy .

The new partitioning will ha v e one \branc h" for eac h distinct criterial v alue. F or eac h

criterial v alue, KASTL creates a new concept (using the pro cedure giv en in Figure 3.6)

to represen t the category of en tities ha ving that criterial v alue. The new concept will

encompass all the concepts encoun tered in the previous searc h that ha v e that criterial

v alue. F or example, the new partitioning of Ener gy-T r ansduction will include the newly

created sp ecialization of Ener gy-T r ansduction E T 1, for whic h input-ener gy-form = Light-

Ener gy . This sp ecialization will ha v e sp ecializations Photosynthesis, Photosynthetic-Light-

R e actions , and Light-A bsorption . Similarly , the new sp ecialization E T 2 for whic h input-

ener gy-form = Ele ctr on-Excitation-Ener gy will ha v e sp ecializations Photophosphorylation

and Oxidative-Phosphorylation . The b ottom p ortion of Figure 3.14 sho ws the kno wledge

base of the top p ortion of Figure 3.14 mo di�ed to accommo date the new partitioning of

Ener gy-T r ansduction . (Existing partitionings are left in tact; Figure 3.14 sho ws only the new

partitioning.)

KASTL creates dynamic partitionings to one lev el only . If users require additional lev els

of partitioning, they can create them easily through recursiv e calls to the pro cedure describ ed

ab o v e.

Although KASTL can automatically create a new partitioning for an y partitioning slot

and an y partitioning criterion, not all com binations of partitioning slots and partitioning

criteria mak e sense. F or example, consider automatically partitioning Flower in to parts

according to w eigh t, using the algorithm describ ed ab o v e. The standard partitioning of

Flower in to parts is Calyx, Cor ol la, A ndr o e cium , and Gyno e cium . Supp ose these parts

ha v e weight v alues of six grams, nine grams, one gram, and one gram. T o create a new

partitioning based on w eigh t, KASTL w ould create a \six gram part" (the calyx), a \nine

gram part" (the corolla), and a \one gram part," whic h has as parts b oth the andro ecium

and the gyno ecium. KASTL w ould assert that the \one gram part" w eighs one gram and

that it has t w o parts, eac h of whic h also w eighs one gram. This inconsistency arises b ecause

it do es not mak e sense to sp eak of \ the part of the 
o w er that w eighs one gram." It do es

mak e sense, ho w ev er, to sp eak of \the category of 
o w er parts that w eigh one gram." Th us,

a more meaningful request is for a partitioning of Flower-Part in to sp ecializations according
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to w eigh t, rather than partitioning the t ypical Flower in to parts according to w eigh t.

The class of partitionings that will not raise this problem ( i.e. , those that are guaran teed

not to in tro duce inconsistencies) can b e circumscrib ed as follo ws. A partitioning along

partitioning slot S according to partitioning criterion slot P is meaningful if the follo wing

implication holds:

8 C ; X : [ 8 V ; X

0

:inK B ( C ; S; V ) ) inK B ( V ; P ; X

0

) ^ X

0

� X )] = ) inK B ( C ; P ; X )

where inK B ( f r ame; sl ot; v al ue ) is true when triple h fr ame slot value i is in (or implied b y)

the kno wledge base. That is, if all v alues for slot S on the frame for concept C ha v e

v alues for slot P that are X (or a sp ecialization of X ), then C also has v alue X for slot

P . The consequen t of the ab o v e implication c haracterizes the triples that KASTL adds to

the kno wledge base as it creates a partitioning based on P and S . Th us, if this implication

holds, then the partitioning will not in tro duce inconsistencies. F or example, consider the

com bination of partitioning slot has-p art and partitioning criterion c olor . If all of the parts

of an ob ject C are the same color X (or are some shade (sp ecialization) of X ), then the

color of C is also X . Th us the ab o v e implication holds, so a partitioning of an ob ject in to

parts based on color will not in tro duce inconsistencies. Reconsider the earlier example that

com bined partitioning slot has-p art with partitioning criterion weight . If all of the parts of

some ob ject C ha v e the same w eigh t X , it is not true that C also has that w eigh t. Th us, the

ab o v e implication do es not hold, so this com bination of partitioning slot and partitioning

criterion is not meaningful ( i.e. , it ma y in tro duce inconsistencies).

The broadest class of partitionings that satisfy the constrain t giv en ab o v e is the set of

partitionings that com bine sp e cializations as the partitioning slot and a partitioning criterion

slot that is of seman tic t yp e 1 or 2 (suc h as has-p art, c olor, weight , or actor-in ).

3.5 Cost Analysis

This section presen ts a cost analysis of automatic classi�cation, adding new concepts to

an existing taxonom y . Automatic classi�cation is the primary and most costly activit y in

accessing concepts in the virtual kno wledge base.

Previous complexit y analyses ha v e four limitations [85]. First, most past researc h has

fo cused on the cost of subsumption rather than the cost of classi�cation. Recall that sub-

sumption, determining whether one concept is more general than another, is but one step

in classi�cation; more imp ortan t is the complexit y of the o v erall classi�cation task. Second,

past researc h has analyzed the cost of determining extensional subsumption . As describ ed in

Section 3.2, KASTL uses a classi�cation algorithm based on intensional subsumption rather

than extensional subsumption. In tensional subsumption allo ws the de�nition of a precisely

c haracterized classi�cation algorithm without restricting expressiv e p o w er. The third limi-

tation of past results is that most of them giv e w orst-case complexit y analyses. Users of the

kno wledge base are often more in terested in a v erage-case predictions. The fourth limitation

is that most complexit y analyses are giv en in terms of the size of the concept description
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b eing classi�ed. The size of the taxonom y has a m uc h greater impact on the o v erall cost

of classi�cation, b ecause description size is t ypically small, but taxonom y size ma y b e quite

large, esp ecially for a m ultifunctional kno wledge base.

T o address the limitations of past researc h, W o o ds has analyzed the complexit y of clas-

si�cation based on in tensional subsumption [85]. W o o ds sho ws that the complexit y of clas-

si�cation, as a function of ho w man y of the N frames in the taxonom y are compared to the

input concept description, is logarithmic or b etter for t ypical inputs and linear in the w orst

case.

W o o ds uses three parameters to capture ho w the c haracteristics of the kno wledge base

a�ect the cost of classi�cation. The �rst is the do wn w ard branc hing ratio, r , the a v erage

n um b er of immediate sp ecializations for concepts that are not lea v es of the taxonom y . The

second is a parameter B , whic h re
ects ho w \out of balance" the taxonom y is. The third is

a parameter W , whic h giv es the width of the ancestor c hain ab o v e a t ypical concept due to

m ultiple generalizations. W o o ds estimates that B and W are in the range of one to three

for most kno wledge bases.

The cost-dominan t steps of KASTL's classi�cation algorithm (sho wn in Figure 3.6) are

steps 1, 2, and 3. F or steps 1 and 2, whic h �nd the most sp eci�c generalizations of the new

concept, W o o ds estimates a t ypical cost of r B W l og N frames examined. F or step 3, whic h

�nds the most general sp ecializations of the new concept, W o o ds estimates that, for t ypical

inputs, r ( r + 1) frames m ust b e compared to the input description. Th us the total n um b er

of comparisons is r B W l og N + r ( r + 1) frames. The v alue of r (the do wn w ard branc hing

ratio) for the Botan y Kno wledge Base is 4. Using this v alue of r and an estimate of 2

for parameters B and W , as suggested b y W o o ds, yields an estimated t ypical-case cost of

16 l og N + 20 comparisons. F or the Botan y Kno wledge Base, this w ould mean comparing

a t ypical input description with up to 5.6% of the 2665 frames curren tly in the kno wledge

base.

T o empirically ev aluate the ab o v e cost estimate based on W o o ds's analysis, 53 b otanical

concepts that are not explicitly represen ted in the Botan y Kno wledge Base, suc h as \n ucleus

of an epidermal cell" and \tree that gro ws in a sw amp," w ere selected. These concepts w ere

c hosen at random from a biology textb o ok, so presumably the sample is represen tativ e of the

domain. The ev aluation consisted of measuring, for eac h concept, the maxim um n um b er of

frames that KASTL w ould examine to classify it in the Botan y Kno wledge Base taxonom y .

The a v erage cost w as 117 of the 2665 total frames, ab out 4.3%, not signi�can tly di�eren t

from W o o ds's estimate. The minim um w as 32 frames (1%), and the maxim um w as 804

frames (30%). (Recall that in the w orst case, KASTL w ould ha v e to examine 100% of the

frames in the taxonom y .) The cost of classifying a particular concept dep ends largely on the

p osition of the concept in the taxonom y . The more general the concept, ( i.e. , the closer the

concept is to the ro ot of the taxonom y), the more costly it is to classify .

The ab o v e analysis determined the n um b er of frames to b e examined when classifying

a new concept. F or eac h frame examined, KASTL m ust determine the subsumption rela-

tionship of the concept that frame represen ts and the giv en concept description. W o o ds
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estimates the t ypical-case cost of determining in tensional subsumption as (2 m

2

+ p

2

) frame-

slot access op erations, where m is the n um b er of features in the input concept description

and p is the n um b er of base concepts in the input description. (The concept sp eci�cation

language allo ws m ultiple base concepts, in terpreted conjunctiv ely .) This estimate assumes

that concept descriptions do not con tain binding constrain ts among slot v alues.

T o empirically ev aluate W o o ds's estimate of the cost of computing in tensional subsump-

tion, actual v alues for m and p w ere deriv ed from concept descriptions found in a biology

textb o ok. Of 155 concept descriptions, all but four had a single base concept ( i.e. , p � 1 on

a v erage), and the a v erage n um b er of features mo difying the base concept ( m ) w as 1.3. Th us,

the a v erage cost of computing in tensional subsumption for these concepts is 4.4 frame-slot

access op erations, assuming the descriptions do not include binding constrain ts. If binding

constrain ts do app ear, then the cost of computing in tensional subsumption is probably ex-

p onen tial in m . Nev ertheless, it seems that the cost will not b e prohibitiv e giv en that most

concept descriptions include v ery few features.

The cost of classifying a new concept, then, is the pro duct of

� the n um b er of frames to b e compared with the input description, and

� the n um b er of frame-slot accesses required to compare a particular frame with the

input description (and compute the subsumption relationship b et w een them).

The empirical evidence indicates that, in terms of the actual co e�cien ts, the dominan t factor

b y far is usually the n um b er of frames to b e examined, rather than the n um b er of frame-

slot accesses required to compute subsumption. The complexit y KASTL's classi�cation

algorithm, as a function of the n um b er of frames to b e examined, is tractable: logarithmic

for t ypical inputs, and linear in the w orst case.

3.6 Summary and Limitations

This c hapter presen ts tec hniques for insulating users of the kno wledge base from the partic-

ulars of ho w kno wledge is represen ted. T o insulate users from the e�ects of c hoices regarding

the names of frames, KASTL pro vides con ten t addressabilit y . The adv an tage of con ten t

addressabilit y is that users can access the kno wledge base without extensiv e prior kno wledge

of ho w it has b een represen ted. In particular, users can access concepts without kno wing

the names of all the frames in the kno wledge base. They need only to kno w the names of

the most general frames and slots (the top lev el of the taxonom y). They can access other

concepts b y describing them in terms of more general frames and slots. Although partially

de�ned concepts, suc h as \natural kinds," cannot alw a ys b e uniquely iden ti�ed b y descrip-

tion alone, these concepts usually ha v e standard names ( e.g. , Photosyn thesis, Flo w er, and

Soil).

T o insulate users from the e�ects of represen tational c hoices regarding whic h concepts

are rei�ed in the kno wledge base, KASTL pro vides access to concepts in the virtual kno wl-

edge base. Accessing concepts in the virtual kno wledge base requires p erforming automatic
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classi�cation of the giv en concept within the kno wledge-base taxonom y . Man y existing sys-

tems p erform automatic classi�cation, including most languages in the KL-ONE family [86].

These systems, ho w ev er, ha v e sev eral limitations. First, man y of them limit expressiv eness

in an e�ort to ac hiev e tractable algorithms for the subsumption step of classi�cation. This

results in languages so limited that they are no longer generally useful.

The second limitation of traditional classi�ers is that they use ill-c haracterized subsump-

tion algorithms. P ast systems ha v e used the extensional de�nition of subsumption, whic h

has b een found to b e in tractable for most languages. As a result, systems that are based

on extensional subsumption ha v e retreated to tractable but incomplete algorithms. These

algorithms lac k a precise sp eci�cation of what subsumption relationships they detect.

The third limitation of traditional classi�ers is that they are based on extensional sub-

sumption, but they are restricted to using only de�nitional (terminological) kno wledge,

kno wledge that has no assertional imp ort. Extensional subsumption cannot alw a ys b e com-

puted solely from de�nitional kno wledge.

T o address the limitations of existing classi�ers, KASTL is based on the intensional

subsumption criterion W o o ds giv es [85]. In tensional subsumption means that X subsumes

Y when the de�nition (in tension) of X is more general than the de�nition of Y . In tensional

subsumption mak es p ossible a w ell-c haracterized classi�cation algorithm without limiting

the expressiv eness of the represen tation language.

The disadv an tage of using in tensional subsumption rather than extensional subsumption

is that some relationships of extensional subsumption that w ould b e useful to a reasoning

system will not b e disco v ered. F or example, KASTL migh t not disco v er that \Cell with a

c hloroplast" subsumes (extensionally) \Cell that is photosyn thetic," ev en if the kno wledge

base con tains the information that all photosyn thetic cells ha v e c hloroplasts, b ecause the

subsumption cannot b e determined solely b y examining the t w o concept de�nitions.

KASTL p erforms b oth the tasks of accessing concepts b y description and accessing con-

cepts in the virtual kno wledge base within a single mo dule with a single user in terface. This

has t w o adv an tages. First, the pro cedure that rei�es a concept in the virtual kno wledge base

can use information gathered while attempting to �nd that concept in the actual kno wl-

edge base, making the system more e�cien t. Second, users of KASTL do not need to kno w

whether concepts exist in the actual kno wledge base; they simply pro vide a description of

the concept needed. If KASTL fails to �nd a frame represen ting that concept, it automati-

cally creates one. Users do not need to kno w or sp ecify whether they are accessing existing

concepts b y description or accessing concepts in the virtual kno wledge base.

Users of KASTL describ e concepts using the c onc ept sp e ci�c ation language , a formal

language that has the same syn tax as KM, the represen tation language. The adv an tage of

using the same syn tax is that users can describ e concepts in the same w a y they represen t

them. A limitation of KASTL's concept sp eci�cation language is that there are constructs

a v ailable in KM that are not included in the sp eci�cation language. Th us, there are concepts

represen table in KM that cannot b e describ ed in the sp eci�cation language, and hence cannot

b e accessed b y description or automatically rei�ed from the virtual kno wledge base.
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One suc h construct is r ole value maps , whic h express binding constrain ts. With role

v alue maps, one can sa y that t w o frame-slots are �lled b y the same v alue. F or example,

with role v alue maps one could describ e the concept \P erson whose sp ouse is his/her b est

friend." Without role v alue maps, one can only describ e \P erson whose sp ouse is a p erson and

whose b est friend is a p erson." As discussed in the previous section, extending the concept

sp eci�cation language to include role v alue maps will probably result in a subsumption

algorithm whose cost is exp onen tial in the length of the input description, but description

length is t ypically so small that the cost will nev ertheless b e reasonable.

A second limitation of KASTL's concept sp eci�cation language is that, unlik e KM, eac h

feature is in terpreted as b oth necessary and su�cien t. Separate statemen ts of necessary fea-

tures and su�cien t features are not allo w ed. One area for future w ork is to extend KASTL's

concept sp eci�cation language to include role v alue maps and to distinguish necessary fea-

tures from su�cien t features.

In addition to dynamically reifying concepts that are in the virtual kno wledge base,

KASTL also p erforms dynamic partitioning. F or a particular partitioning slot ( sp e cializa-

tions, has-p art, etc. ), the kno wledge engineer t ypically represen ts only a few of the p ossible

partitionings. KASTL allo ws users to access partitionings that are not explicit in the kno wl-

edge base b y dynamically creating new partitionings. Although KASTL can automatically

create a new partitioning for an y com bination of partitioning slot and partitioning criterion,

not all p ossible partitionings are meaningful. Section 3.4 giv es a formal c haracterization of

the class of partitionings guaran teed not to in tro duce inconsistencies in the kno wledge base.

T o summarize, KASTL mak es users of a kno wledge base less vulnerable to the particulars

of ho w kno wledge is represen ted b y

� pro viding con ten t addressabilit y ,

� pro viding access to concepts in the virtual kno wledge base, and

� pro viding dynamic partitioning.

These facilities mak e it easier for users to lo cate the frames that are relev an t to a particular

task. Once the relev an t frames ha v e b een isolated, users m ust then determine whic h slot

v alues of those frames are relev an t. The next c hapter discusses KASTL's tec hniques for

assisting users in selecting slot v alues. These are tec hniques for accessing viewp oints of

concepts.

81



Chapter 4

Accessing Viewp oin ts of Concepts

T o b e truly absurd, y ou need a coheren t p oin t of view!!

Zippy the Pinhe ad b y Bill Gri�th

4.1 In tro duction

This c hapter presen ts general metho ds for accessing viewp oints of concepts, coheren t collec-

tions of facts that describ e a concept from a particular p ersp ectiv e. Viewp oin ts are essen tial

for a v ariet y of tasks, including explanation generation, comp ositional mo deling, problem

solving, and learning. This researc h iden ti�es sev eral t yp es of viewp oin ts and dev elops com-

putational metho ds for dynamically generating viewp oin ts of eac h t yp e.

4.1.1 Motiv ation

Consider a question-answ ering system generating a description of photosyn thesis using the

kno wledge-base fragmen t sho wn in Figure 4.1. In most con texts, a coheren t description

requires only a small fraction of all of the a v ailable information, b ecause a description con-

taining all the information w ould o v erwhelm the user. The system cannot, ho w ev er, select

an arbitrary subset of the information and still pro duce a coheren t description. Ev en select-

ing relations that are closest to (or directly on) the Photosynthesis frame do es not ensure

coherence, as evidenced b y the follo wing description:

Photosyn thesis is a kind of pro duction and also a kind of energy transduction. It

o ccurs in a c hloroplast. In photosyn thesis, a photosyn thetic cell pro duces carb on

b ond energy . The input energy form is ligh t energy , pro vided b y a photon.

The ra w materials of photosyn thesis are carb on dio xide and w ater. The energy

source for photosyn thesis is A TP . The pro ducts of photosyn thesis are glucose and

o xygen. Photosyn thesis has some temp oral duration. One step of photosyn thesis

is the ligh t reactions, and another step is the dark reactions.
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A shorter resp onse is not necessarily more coheren t. Omitting information in an unprin-

cipled w a y in tro duces incoherence b ecause of incompleteness:

Photosyn thesis is a kind of pro duction that o ccurs in a c hloroplast. The en-

ergy source for photosyn thesis is A TP . Photosyn thesis uses carb on dio xide and

pro duces o xygen. One step of photosyn thesis is the dark reactions.

Selecting relations based on an a priori imp ortance ranking is also not su�cien t to ensure a

coheren t resp onse, as the SCHOLAR pro ject demonstrated [14].

T o generate a coheren t description, the system needs to select from all the a v ailable

information a subset that can b e understo o d as a whole, a collection of facts that are relev an t

to one another, as in the follo wing description:

Photosyn thesis is a kind of pro duction in whic h a photosyn thetic cell uses w ater

and carb on dio xide to pro duce glucose and o xygen.

One w a y to select coheren t p ortions of kno wledge is to access viewp oints of concepts.

4.1.2 Viewp oin ts

A viewp oin t is a coheren t collection of facts ( i.e. , h fr ame slot value i triples) that describ es

a concept from a particular p ersp ectiv e. F or example, a structural viewp oin t of the concept

Se e d-Co at describ es the substances and parts that mak e up a seed coat and ho w they are

connected. The viewp oin t of Se e d-Co at as a kind of Container includes information ab out

what parts of the seed the seed coat con tains, whether the seed coat has op enings, etc.

The viewp oin t of Se e d-Co at as ha ving no c hloroph yll includes the fact that seed coats are

not photosyn thetic. Eac h concept has m ultiple viewp oin ts, whic h giv e di�eren t asp ects or

p ersp ectiv es of the concept. The union of all the viewp oin ts pro vides complete kno wledge of

the concept.

Barsalou giv es evidence of the psyc hological v alidit y of viewp oin ts [6]. Although he

uses the term c onc ept rather than viewp oint , he describ es viewp oin ts in this w a y (with

terminology substitution added):

. . . the kno wledge for a particular category con tains man y , man y [viewp oin ts].

On a giv en o ccasion, the [viewp oin t] that is constructed to represen t a category

only traces out a small subset of all the kno wledge a v ailable in long-term memory

for represen ting the category . . . . the [viewp oin t] used to represen t a category on

a particular o ccasion con tains information that pro vides relev an t exp ectations

ab out the category in that con text.

Although viewp oin ts constitute a subset of the total kno wledge of a concept, viewp oin ts

are not limited to the information found on the frame represen ting that concept. The terms

fr ame and c onc ept are often used in terc hangeably , but a single frame do es not pro vide com-

plete kno wledge of a concept. The total meaning of a concept is giv en b y a net w ork of rela-

tions cen tered on the frame represen ting that concept. The frame includes only the relations
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Figure 4.1: The p ortion of the Botan y Kno wledge Base in the region of Photosynthesis .

84



that explicitly reference the concept. (F or example, the total kno wledge of photosyn thesis

includes the information that it pro duces the glucose required for respiration, represen ted b y

the triples h Photosynthesis pr o duct Gluc ose i and h Gluc ose r e quir e d-for R espir ation i , but only

the �rst of these triples app ears on the Photosynthesis frame. The second app ears on the

Gluc ose frame.) A viewp oin t of a concept includes an y relation that is relev an t, regardless

of whether it app ears on the frame represen ting the concept.

4.1.3 Viewp oin t Coherence and Other Sources of Coherence

Viewp oin ts w ere describ ed ab o v e as c oher ent collections of facts. A viewp oin t is coheren t

to the exten t that all the facts it comprises are relev an t to one another. F or example, all

the facts in a coheren t viewp oin t of \photosyn thesis as a carb on dio xide utilization pro cess"

m ust b e relev an t to the fact that photosyn thesis utilizes carb on dio xide. Because relev ance

is b oth sub jectiv e and graded, viewp oin t coherence cannot b e precisely de�ned. One can

b etter understand what viewp oin t coherence is, ho w ev er, b y understanding what it is not .

Hobbs p oin ts out that coherence is not simply sharing a common referen t [35]. That

is, a set of facts that describ e the same concept is not necessarily coheren t. Consider the

follo wing example from [35]:

Ronald Reagan used to act in co wb o y mo vies. He app oin ted Caspar W ein b erger

as Secretary of Defense.

Although the statemen ts are c ohesive , b ecause they b oth refer to Ronald Reagan [32, 26, 21],

they are not coheren t. Coherence requires a stronger relationship b et w een facts.

Viewp oin t coherence should also b e distinguished from other sources of coherence, suc h

as disc ourse c oher enc e . Discourse coherence re
ects the degree to whic h a discourse accom-

plishes general comm unication goals, suc h as motiv ating or p ersuading the reader, explicitly

linking new information to what the reader already kno ws, and guiding the reader's infer-

ences ab out what is said. Hobbs [35, 36 ] and Rhetorical Structure Theory [45] c haracterize

discourse coherence with sets of c oher enc e r elations and rhetoric al r elations that hold b e-

t w een t w o segmen ts of a discourse. These relations describ e v alid con v ersational \mo v es"

[35].

In general, coherence relations and rhetorical relations c haracterize discourse coherence

rather than viewp oin t coherence. They re
ect the rhetorical in ten tions of the sp eak er rather

than the seman tic or conceptual connectivit y of information. Tw o of Hobbs's coherence

relations, ho w ev er, are the kind of relation that holds b et w een facts in a coheren t view-

p oin t. These are c ause and enablement , generalized b y o c c asion . According to Hobbs, these

relations re
ect coherence in the w orld or the structure of memory and the w a ys w e are con-

v en tionally reminded of things, rather than discourse goals. This is the kind of relationship

that holds among facts in a coheren t viewp oin t. Alterman giv es a larger set of coherence re-

lations of this kind that c haracterize taxonomic, partonomic, and temp oral relations b et w een

ev en ts or states [2 , 3].
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Another source of coherence is glob al c oher enc e [35]. The global coherence of a discourse is

the degree to whic h eac h of its utterances is relev an t to the sp eak er's sp eci�c comm unication

plan [29 ]. (This is the criteria that Mo ore's explanation generator uses when constructing

its p ersp e ctives [51 , 52 ].) Viewp oin t coherence, b y con trast, is a more general notion that

applies ev en in the absence of an y problem-solving goal or discourse con text. Although some

viewp oin ts are coheren t b ecause their facts share a common relev ance to some problem-

solving goal, this researc h fo cuses on task indep enden t viewp oin ts.

A source of coherence that is v ery similar to viewp oin t coherence is explanatory c oher enc e

[80, 60 ]. Explanatory coherence is a sp ecialized form of viewp oin t coherence that measures

ho w w ell a h yp othesis explains a set of observ ations. Explanatory coherence is a prop ert y

of a logical pro of, but viewp oin t coherence applies to more general sets of assertions. The

underlying notion, ho w ev er, is the same. The greater the \connectedness" within a set of

assertions (or within a pro of ), the greater its coherence.

Another source of coherence is textual c oher enc e , the w a y that a collection of facts making

up a text is organized and presen ted. Viewp oin t coherence, unlik e textual coherence, is

in
uenced solely b y con ten t (the facts the viewp oin t comprises).

Finally , viewp oin t coherence is not the same as c onc eptual c oher enc e . Conceptual coher-

ence is a term used in the psyc hology literature to describ e the degree to whic h the mem b ers

of a category form a comprehensible, informativ e, or useful class [53 ]. Conceptual coher-

ence describ es groupings of en tities in to categories; viewp oin t coherence describ es groupings

of assertions ab out categories (or instances) in to descriptions. Although conceptual coher-

ence and viewp oin t coherence di�er, they are related. Murph y and Medin prop ose that one

comp onen t of conceptual coherence is the degree to whic h a category's description includes

features that are connected via some relationship [53 ]. Th us, only coheren t concepts can b e

describ ed b y coheren t viewp oin ts.

T o summarize, viewp oin t coherence is a prop ert y of a set of facts that re
ects the degree

to whic h the facts are in terrelated. The coherence of a viewp oin t is determined en tirely b y

its con ten ts, and not b y the w a y it is organized or presen ted. F urthermore, the coherence of

man y viewp oin ts is apparen t in the absence of an y problem-solving task or dialogue con text.

These are the viewp oin ts of in terest in this w ork. After m uc h analysis b y researc hers in

sev eral disciplines, coherence remains an ill-de�ned notion. The goal of this w ork, ho w ev er,

is not to pro vide a precise de�nition of coherence, but to understand ho w an access metho d

can generate viewp oin ts that will b e judged coheren t b y h uman sub jects.

4.1.4 Applications of Viewp oin ts

As Section 4.1.1 suggested, an imp ortan t application of viewp oin ts is to ensure the coherence

of the explanations that a question-answ ering or explanation-generation system pro duces.

(Other sources of coherence, suc h as discourse coherence and textual coherence, also con-

tribute to the o v erall coherence of an explanation.) Viewp oin ts lend coherence to b oth the

con ten t and the organization of an explanation. In selecting the con ten t of an explanation,

it is imp ortan t for a system to b e sensitiv e to the curren t con text, b ecause the coherence
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of the explanation will b e judged relativ e to that con text. Di�eren t viewp oin ts pro vide dif-

feren t explanations of domain kno wledge, eac h appropriate for di�eren t lev els of exp ertise

[76, 64, 65 , 79 ], di�eren t user needs [49], di�eren t system goals [51, 52], and di�eren t dialogue

con texts [46, 47 , 51 ]. In organizing an explanation, it is imp ortan t for a system to group

together facts that are related to one another [48 ]. One w a y to accomplish this is to group

together facts that b elong to the same viewp oin t [42]. Suthers p oin ts out an additional

b ene�t of constructing explanations from viewp oin ts: accessing the kno wledge base at the

righ t lev el of abstraction ( i.e. , at the viewp oin t lev el) allo ws an explanation generator to

concen trate on issues of discourse managemen t, and it facilitates p ortabilit y across domains

and represen tational formalisms [75].

In addition to their utilit y for explanation generation, viewp oin ts are also imp ortan t for a

v ariet y of other applications, suc h as natural language pro cessing. In discourse understand-

ing, Grosz uses viewp oin t-lik e kno wledge structures called fo cus sp ac es to fo cus the system's

atten tion on the kno wledge that is most salien t at a giv en p oin t in the dialogue [28]. F or

example, ev en if \the ma y or of San Diego" and \m y neigh b or" refer to the same p erson, the

information in fo cus di�ers dep ending on whether the system views the p erson as a ma y or

or as a neigh b or, whic h in turn dep ends on whic h reference the system encoun ters. This

fo cusing enables the system to access more imp ortan t information �rst as it disam biguates

a sen tence. F or example, fo cus spaces constrain the searc h for p ossible referen ts of pronouns

and de�nite noun phrases.

The KING system uses views to guide linguistic and conceptual c hoices that arise in

natural language generation [37]. F or example, whether the system generates the sen tence

\Mary w as sold the b o ok b y John" or the sen tence \Mary b ough t the b o ok from John"

dep ends in part on whether the actor of the ev en t is Mary or John, whic h in turn dep ends

on whether the system views the ev en t as a buying ev en t or a selling ev en t.

Other systems use kno wledge similar to viewp oin ts to constrain automated reasoning. F or

example, F alk enhainer and F orbus use p ersp e ctives to construct mo dels of ph ysical devices

[23]. Their system has a kno wledge base of mo del fragmen ts, eac h p ertinen t to a particular

p ersp ectiv e. The system constructs a mo del b y comp osing mo del fragmen ts that are relev an t

to the c hosen p ersp ectiv e. P ersp ectiv es ensure that the mo del mak es consisten t simplifying

assumptions. F or example, a mo del should not view a feed tank sim ultaneously as an in�nite

capacit y liquid source and as a con tainer that ma y b e emptied. Although incompatible, eac h

of these di�eren t views is appropriate for di�eren t reasoning tasks. P ersp ectiv es also ensure

the relev ance of the mo del to the reasoning task for whic h it is constructed. F or example,

the system should not mo del a steam plan t as an abstract heat engine if the user asks ab out

the mass 
o ws that o ccur in it. Finally , p ersp ectiv es yield simpli�ed mo dels. Simpli�ed

mo dels are crucial b ecause reasoning ab out ev ery asp ect of a mec hanism is computation-

ally prohibitiv e, ev en for simple ob jects. In addition, simpli�ed mo dels are more generally

applicable (b ecause they require less data), and they yield more coheren t explanations of

problem-solving b eha vior.

The abilit y to tak e m ultiple viewp oin ts of an ob ject is also imp ortan t for solving ph ysics
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problems. F or example, the ISAA C and APEX problem solv ers construct a formal represen-

tation of the giv en problem b y viewing eac h ob ject in the problem as a c anonic al obje ct , an

idealized or abstract ob ject suc h as a p oin t mass or a lev er [62, 38 ]. Viewing actual ob jects

as canonical ob jects is imp ortan t b ecause, while problems are stated in terms of complex,

real-w orld ob jects, the principles and la ws of ph ysics are stated in terms of canonical ob-

jects. Comp etence in solving ph ysics problems deriv es mainly from the abilit y to form ulate

the problem in terms of canonical ob jects so that domain principles and la ws can b e applied

[38]. In addition, viewing a real-w orld ob ject as a canonical ob ject restricts the information

ab out the actual ob ject that ma y b e used to solv e the problem, whic h greatly reduces the

size of the problem space [62, 63].

Algernon uses views for default reasoning [19]. Man y default reasoning sc hemes are

in tractable, b ecause they require the system to ensure that a default assumption is consisten t

with ev erything that is kno wn b efore making that assumption. Restricting inference to the

information found within a c hosen view mak es default reasoning more e�cien t. BLAH uses

p artitions in a similar w a y to constrain its searc h for rules relev an t to a giv en problem-solving

task [82].

Finally , learning systems use viewp oin ts. Murra y's KI system uses views for kno wledge

in tegration, the task of incorp orating new information in to an existing kno wledge base [54,

57]. Kno wledge in tegration in v olv es iden tifying con
icts b et w een the new information and

existing kno wledge and iden tifying ho w new information can explain existing b eliefs. This

is di�cult b ecause �nding all of the subtle in teractions b et w een new and existing kno wledge

requires computing the deductiv e closure of the kno wledge base, an in tractable op eration. KI

uses views to limit its searc h for the consequences of new information. Views determine whic h

concepts and prop ositions in the kno wledge base are most relev an t to the new information,

then KI applies inference metho ds only to the kno wledge within the selected view(s).

The principal comp onen t of Shrager's mo del of learning b y exp erimen tation is view ap-

plic ation [72]. In the mo del, views guide incremen tal c hanges to the learner's theory of ho w

a complex device w orks. Using views ensures that the space of theories is searc hed rapidly

and that only coheren t theories are explored.

Although viewp oin ts are imp ortan t for a v ariet y of applications, existing metho ds for

dynamically generating viewp oin ts from a kno wledge base are limited. The goal of this

researc h is to pro vide general metho ds for generating viewp oin ts ( i.e. , metho ds that are

applicable to a v ariet y of tasks and domains).
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4.1.5 Generating Viewp oin ts

The task of generating viewp oin ts can b e describ ed as follo ws:

Given :

� a kno wledge base con taining declarativ e kno wledge of domain concepts, and

� a viewp oin t sp eci�cation, whic h indicates the t yp e of viewp oin t required and

the concept of whic h the viewp oin t will b e tak en (the c onc ept of inter est ),

R eturn : A collection of facts ( i.e. , h fr ame slot value i triples) from the kno wledge base that

constitutes the sp eci�ed viewp oin t. This collection includes b oth facts that are explicit in

the kno wledge base as w ell as facts that m ust b e computed ( i.e. , facts that are in the virtual

kno wledge base).

The metho dology used in this researc h on generating viewp oin ts is as follo ws. First,

iden tify recurren t viewp oint typ es b y analyzing h uman-generated texts. Second, dev elop

metho ds for generating viewp oin ts of eac h t yp e from a kno wledge base. Third, implemen t

these metho ds in a system, called the View R etriever . F ourth, ev aluate the qualit y of the

viewp oin ts the View Retriev er generates. Fifth, iden tify w eaknesses of the curren t set of

viewp oin t t yp es through further text analysis, and use these w eaknesses to guide future

researc h.

A ma jor con tribution of this w ork is a framew ork of viewp oin t t yp es that are indep enden t

of an y particular domain and task. The curren t framew ork of viewp oin t t yp es consists of

� as-kind-of viewp oin ts, whic h describ e the concept of in terest b y relating it to a more

general concept. F or example, the viewp oin t of Se e d-Co at as a kind of Container is an

as-kind-of viewp oin t.

� viewp oin ts constructed along b asic dimensions , whic h describ e particular kinds of fea-

tures of the concept of in terest (structural features, functional features, etc.). An

example is a structural viewp oin t of Se e d-Co at .

� as-having viewp oin ts, whic h include features ab out the concept of in terest that are

relev an t to a user-sp eci�ed feature of the concept. F or example, the viewp oin t of

Se e d-Co at as ha ving no c hloroph yll is an as-having viewp oin t.

The next three sections discuss these t yp es of viewp oin ts in more detail.

A user or application program sp eci�es a viewp oin t b y indicating the t yp e of viewp oin t

required and the concept of in terest. The concept of in terest can b e a concept represen ted

either b y a frame or b y an em b edded unit. F urthermore, the concept of in terest can b e

sp eci�ed b y description or b y name, and it can b e a concept in the actual or virtual kno wledge

base. The Finder and Creator mo dules of KASTL replace concept descriptions in viewp oin t

sp eci�cations with frame names as a prepro cessing step, using the metho ds describ ed in

Chapter 3.
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A second ma jor con tribution of this w ork is a collection of metho ds for dynamically

generating viewp oin ts. The next three sections describ e the metho ds the View Retriev er

uses to generate viewp oin ts of the three t yp es giv en ab o v e. Section 4.2 discusses as-kind-

of viewp oin ts, Section 4.3 discusses viewp oin ts constructed along basic dimensions, and

Section 4.4 discusses as-having viewp oin ts. In addition to generating viewp oin ts of a single

t yp e, the View Retriev er also constructs comp osite viewp oin ts, as Section 4.5 describ es.

Section 4.6 discusses related w ork on dynamically generating m ultiple t yp es of viewp oin ts

and represen ting viewp oin ts in a kno wledge base.

Section 4.7 presen ts t w o ev aluations of this w ork. The �rst is a sub jectiv e analysis of the

co v erage of the curren t set of viewp oin t t yp es. The second is an ob jectiv e ev aluation that

compares the coherence of automatically generated viewp oin ts to the coherence of h uman-

generated viewp oin ts. The c hapter concludes with a discussion of the limitations of the View

Retriev er.

4.2 As-kind-of Viewp oin ts

An as-kind-of viewp oin t describ es a concept in terms of a more general concept. F or example,

the viewp oin t \photosyn thesis as-kind-of pro duction" consists of those facts that explain ho w

photosyn thesis is a sp ecial kind of pro duction, suc h as what its ra w materials and pro ducts

are. Figure 4.2 sho ws a p ortion of this viewp oin t as pro duced b y the View Retriev er.

As-kind-of viewp oin ts corresp ond to what Lak o� and Johnson call c ate gorization [39].

In Metaphors We Live By , the authors sho w that an imp ortan t w a y that p eople structure

concepts is b y relating them to other concepts. F or example, one can think of a con v ersation

as a journey . Categorization is a sp ecial case of this in whic h one relates a concept to a more

general concept, a concept of whic h it is a kind.

The sp eci�cation of an as-kind-of viewp oin t requires t w o parameters:

� the c onc ept of inter est , the concept that is the fo cus of the viewp oin t, and

� the r efer enc e c onc ept , a generalization of the concept of in terest

(although not necessarily an immediate generalization).

F or example, the viewp oin t sho wn in Figure 4.2 has the follo wing sp eci�cation:

(Photosyn thesis as-kind-of Pro duction).
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Figure 4.2: The viewp oin t of \photosyn thesis as-kind-of pro duction," as generated from the

Botan y Kno wledge Base b y the View Retriev er.
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The View Retriev er constructs as-kind-of viewp oin ts b y �rst selecting relev an t facts

ab out the concept of in terest ( i.e. , triples of the form h c onc ept-of-inter est slot

1

value i ). A

triple is considered relev an t if some more general triple app ears on the frame for the reference

concept. The triple h r efer enc e-c onc ept slot

0

value

0

i is more general than

h c onc ept-of-inter est slot value i if an y of the follo wing conditions holds:

1. sl ot = sl ot

0

and v al ue is a sp ecialization of v al ue

0

.

2. v al ue = v al ue

0

, sl ot is a sp ecialization of sl ot

0

, and sl ot emerges either at the concept

of in terest or on the path b et w een the reference concept and the concept of in terest

( i.e. , the domain of sl ot is some concept that is a sp ecialization of the reference concept

and a generalization of the concept of in terest).

3. v al ue is a sp ecialization of v al ue

0

, sl ot is a sp ecialization of sl ot

0

, and sl ot emerges on

the path b et w een the reference concept and the concept of in terest.

F or example, the viewp oin t sho wn in Figure 4.2 con tains the fact that photosyn thesis pro-

duces glucose, b ecause it is kno wn that pro duction pro cesses t ypically pro duce some sub-

stance and glucose is a sp ecial kind of substance. More sp eci�cally , the View Retriev er

includes h Photosynthesis pr o duct Gluc ose i in the viewp oin t \photosyn thesis as-kind-of pro-

duction" b ecause the kno wledge base con tains h Pr o duction pr o duct Substanc e i , whic h is

more general than h Photosynthesis pr o duct Gluc ose i b ecause Substanc e is a generalization

of Gluc ose [condition (1) ab o v e]. The View Retriev er also includes in the viewp oin t an y

annotations found on selected triples.

After the View Retriev er selects relev an t facts in v olving the concept of in terest, it adds

to the viewp oin t the connections b et w een these facts and the more general facts in v olving

the reference concept. F or example, the viewp oin t in Figure 4.2 includes not only the fact

that photosyn thesis pro duces glucose, but also the facts that photosyn thesis is a kind of

pro duction, that pro duction pro cesses pro duce some substance(s), and that glucose is a kind

of substance. These connections pro vide the justi�cation for the viewp oin t's con ten ts and are

sometimes useful for application programs. F or example, a tutoring system can use them to

relate new information in an explanation to the studen t's bac kground kno wledge. Figure 4.3

giv es the pro cedure the View Retriev er uses to construct as-kind-of viewp oin ts.

By comparing the kno wledge-base fragmen t sho wn in Figure 4.1 with the viewp oin t

sho wn in Figure 4.2, one sees that constructing a viewp oin t in v olv es \�ltering out" man y

irrelev an t facts. As-kind-of viewp oin ts pro vide t w o kinds of �ltering. The �rst �lter remo v es

redundan t features, those that the concept of in terest and the reference concept ha v e in

common. F or example, the View Retriev er excludes from the viewp oin t \photosyn thesis

as-kind-of pro duction" the fact that photosyn thesis has a temp oral duration b ecause this

is true of an y pro duction ev en t, and the viewp oin t con tains the fact that photosyn thesis

is a kind of pro duction. (If, on the other hand, Photosynthesis had a more sp eci�c v alue

1

Only slots of seman tic t yp es 1 and 2 are appropriate for as-kind-of viewp oin ts, b ecause these are the

slots that represen t inheritable features.
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Given reference concept R and concept of interest C:

Ensure that R is a generalization of C.

For each slot S in (get-slots C R),

For each value V of (C S),

For each slot-value pair (RS RV) on R that subsumes (S V),

Unless RS=S and RV=V and the annotations on (R RS RV)

do not differ from the annotations on (C S V),

include in the viewpoint:

1. (C S V)

2. (R RS RV)

3. (V generalizations RV)

4. all annotations stored on (C S V)

5. annotations inferred for (C S V) that are

subsumed by some annotation on (R RS RV)

(get-slots C R) returns all slots that have stored values on R

and all slots that are specializations of such slots and that

originate on the path linking R and C. (A slot S

originates on a frame F iff the domain of S is F.)

A slot S is omitted from the result if S is single-entry

(it takes at most one value) and S has a specialization S'

such that the value of (C S) subsumes the value of (C S').

Figure 4.3: Pro cedure the View Retriev er uses to construct as-kind-of viewp oin ts.
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for dur ation than Pr o duction has, then the View Retriev er w ould include dur ation in the

viewp oin t.) The second �lter remo v es irrelev an t features, features of the concept of in terest

that do not �t within the conceptual structure of the reference concept. F or example,

although the kno wledge base con tains the information that photosyn thesis con v erts ligh t

energy in to carb on b ond energy , the View Retriev er excludes this information b ecause it

do es not �t within the conceptual structure of pro duction, as represen ted in the Botan y

Kno wledge Base. (That is, Pr o duction is not within the domain of slots input-ener gy-form

and output-ener gy-form .) The View Retriev er do es , ho w ev er, include suc h information in

the viewp oin t \photosyn thesis as-kind-of energy transduction," sho wn in Figure 4.4.

The cen tral notion b ehind as-kind-of viewp oin ts is that one can emphasize di�eren t

asp ects of a concept b y di�eren tiating it with resp ect to di�eren t generalizations. This,

of course, is not a no v el idea; it has app eared in a v ariet y of disciplines since the time of

Aristotle [4]. In the �eld of arti�cial in telligence, it app eared as early as 1977 as the basis

of KRL, one of the �rst frame-based represen tation languages [8]. More recen tly , McKeo wn

and Suthers ha v e designed systems that automatically generate concept descriptions of this

sort [48 , 49 , 78].

The problem with as-kind-of viewp oin ts that the View Retriev er generates (and with the

descriptions McKeo wn's and Suthers's systems generate, when applied to a large, m ultifunc-

tional kno wledge base) is that, ev en though they fo cus on a single asp ect of a concept, they

are nonetheless to o unconstrained. They often mix sev eral di�eren t kinds of information.

F or example, the complete viewp oin t \pine tree as-kind-of tree" includes facts ab out ho w a

pine tree lo oks di�eren t from a protot ypical tree, ho w its in ternal structure is di�eren t, ho w

its dev elopmen t di�ers, ho w its ph ysiology di�ers, etc.

As a solution, this researc h includes an additional, orthogonal metho d of structuring

concepts, one that the View Retriev er can com bine with the metho d for generating as-kind-

of viewp oin ts to further constrain their con ten ts. The next section discusses this metho d

of generating viewp oin ts and ho w the View Retriev er uses it to enhance the coherence of

as-kind-of viewp oin ts.

4.3 Viewp oin ts Constructed Along Basic Dimensions

Lak o� and Johnson sa y that p eople structure their concepts in t w o w a ys, b y relating them

to other concepts (as with as-kind-of viewp oin ts) and according to b asic dimensions of

exp erience [39]. Basic dimensions are general t yp es of facts, suc h as facts ab out the structure,

function, or app earance of an ob ject, or facts ab out the actors or steps of a pro cess. F acts

within the same basic dimension con v ey similar kinds of information. The View Retriev er

constructs viewp oin ts along the follo wing basic dimensions for ob jects and pro cesses:

Basic dimensions for ob jects:

� Structural , whic h includes the parts or substances that mak e up the ob ject and

their relativ e sizes and n um b ers. It also includes the connections and spatial relations

among them, as inter c onne ction r elations . The structural dimension also includes
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Figure 4.4: The viewp oin t of \photosyn thesis as-kind-of energy transduction," as generated

from the Botan y Kno wledge Base b y the View Retriev er.
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prop erties of the ob ject that suggest an unsp eci�ed part, suc h as moistur e-c ontent,

total-chr omosome-numb er , and ovary-p osition .

� Spatial-Sup erstructural , whic h includes the ob ject(s) of whic h the ob ject is a part,

the other sibling parts, and the connections and spatial relations among them.

� P erceptual , whic h includes information regarding ho w p eople p erceiv e (see, hear, etc.)

the ob ject. This dimension includes the shap e, symmetry , size, color, and temp erature

of the ob ject.

� F unctional , whic h includes what the ob ject \do es" (the pro cesses in whic h it is an

actor). The functional dimension also includes prop erties of an ob ject that are sug-

gestiv e of some unsp eci�ed pro cess in whic h the ob ject is in v olv ed, suc h as life-sp an

and metab olic-r ate . The Activ e-F unctional dimension is a subt yp e of the functional

dimension that includes only information ab out pro cesses in whic h the ob ject is an ac-

tiv e, rather than a passiv e, actor. (F or example, the pro ducer in a pro duction pro cess

is an activ e actor, but the lo cation of the pro cess is a passiv e actor.)

� T emp oral , whic h includes the temp oral parts of an ob ject (its stages or states). It

also includes, as in terconnection relations, the temp oral ordering constrain ts among

the stages or states.

� T emp oral-Sup erstructural , whic h includes the ob jects of whic h this ob ject is a

stage or state, the other sibling stages/states, and their temp oral ordering constrain ts.

Basic dimensions for pro cesses:

� Beha vioral , whic h includes the t yp es and roles of the actors in the pro cess and the

c hanges that the pro cess e�ects up on them. The b eha vioral dimension also includes

initial and �nal conditions of the pro cess, the relativ e amoun ts/sizes of the actors, and

the forms of the actors.

� Pro cedural , whic h includes the steps (sub ev en ts) of the pro cess and (as in terconnec-

tion relations) the temp oral ordering constrain ts among the steps.

� Ev en t-Sup erstructural , whic h includes the pro cess(es) of whic h the pro cess is a step,

the other sibling steps, and the temp oral ordering constrain ts among them.

Basic dimensions for b oth ob jects and pro cesses:

� T axonomic , whic h includes the sub categories (sp ecializations) of a category , the rela-

tiv e sizes of the sub categories, the criteria for the breakdo wn, and, as in terconnection

relations, information ab out whic h sub categories are disjoin t.

� T axonomic-Sup erstructural , whic h includes the generalization(s) of the giv en cat-

egory , other categories that share the same generalization(s), their relativ e sizes, and

disjoin tness relations among them.
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� Mo dulatory , whic h includes information ab out ho w one ob ject or pro cess a�ects

other ob jects or pro cesses. This dimension includes causal relationships ( e.g. causes,

enables, prev en ts, facilitates), whic h constitute the subt yp es Causal-Agen t and

Causal-Recipien t , and in
uences b et w een quan tities [24] whic h constitute the sub-

t yp es In
uence-Agen t and In
uence-Recipien t . The latter subt yp es include in-

formation ab out the relativ e strengths of in
uences, the conditions under whic h they

hold, and their saturation p oin ts.

This set of basic dimensions is designed for domains concerned with ph ysical ob jects

and pro cesses. It is a compilation of kno wledge t yp es dra wn from sev eral sources, including

Lak o� and Johnson [39 ], instructional text analyses [74 ], coherence relations [2, 35 ] and

ma jor kno wledge-engineering e�orts [40 , 67 ]. The list m ust b e extended to re
ect the t yp es

of kno wledge found in other kinds of domains and to re
ect t yp es of kno wledge sp eci�c to a

particular domain. F or example, Lak o� and Johnson suggest t w o basic dimensions for h uman

artifacts in addition to those giv en ab o v e for ob jects: purp osive , whic h includes information

ab out the h uman goals that the ob ject w as designed to satisfy , and motor-activity , whic h

includes information ab out ho w p eople use or in teract with the ob ject. F or h uman activities,

they suggest the purp ose dimension in addition to those giv en ab o v e for pro cesses.

T o construct viewp oin ts along basic dimensions, the View Retriev er requires kno wledge

of whic h slots in the kno wledge base are within eac h dimension. Exp erience with the Botan y

Kno wledge Base indicates that this kno wledge is easily represen ted directly in the kno wledge

base, �rst b ecause the distinctions the basic dimensions mak e also o ccur in the slot hierarc h y ,

and second, b ecause it is usually appropriate for a slot to inherit the basic dimension of its

generalizations. In the Botan y Kno wledge Base, eac h frame that represen ts a slot has a

slot-dimension slot to indicate whic h basic dimension(s) the slot b elongs to. If no v alue is

sp eci�ed for slot-dimension , then the slot inherits the slot-dimension of more general slots.

Most slots b elong to exactly one basic dimension, but this is not required b y the View

Retriev er.

Represen ting kno wledge of basic dimensions directly in the kno wledge base has t w o ad-

v an tages. First, the set of basic dimensions is easily re�ned and extended. Second, the View

Retriev er's algorithm for constructing viewp oin ts is indep enden t of the particular set of basic

dimensions used.

4.3.1 Requesting Viewp oin ts Along Basic Dimensions

The sp eci�cation for a viewp oin t constructed along a basic dimension has t w o required

parameters, the concept of in terest and the name of one or more basic dimensions. F or

example, a structur al viewp oin t of Se e d has the follo wing sp eci�cation:

(Seed dimension structural)

As with as-kind-of viewp oin ts, the concept of in terest can b e giv en b y name or b y description,

and it can b e a rei�ed frame, an em b edded unit, or a concept rei�ed from the virtual

kno wledge base b y the Creator mo dule of KASTL.
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Some basic dimensions ha v e as optional parameters r elation r estrictions and value r estric-

tions . When the sp eci�cation includes a relation restriction, the View Retriev er constructs

a viewp oin t that includes only triples in v olving slots that are sp ecializations of (or equal to)

the giv en relation. F or example,

(Chloroplast dimension functional ( r elation-r estriction pro ducer))

sp eci�es a viewp oin t that includes only information ab out pro cesses in whic h a c hloroplast

is the pro ducer. When the sp eci�cation includes a v alue restriction, the View Retriev er

constructs a viewp oin t that includes only triples whose v alues are sp ecializations of (or

equal to) the giv en concept. F or example,

(Xylem dimension functional ( value-r estriction T ransp ortation))

sp eci�es a viewp oin t that includes only information ab out transp ortation pro cesses in v olving

the xylem (the conduit for w ater 
o w in a plan t).

Another optional parameter is the p artition-by criterion . Some concepts ha v e m ultiple

viewp oin ts under a particular basic dimension. This o ccurs with basic dimensions that

include partitionings ( i.e. , the structur al, temp or al, pr o c e dur al , and taxonomic dimensions).

F or example, Plant has t w o predominan t structur al viewp oin ts: one divides plan ts in to ro ots,

stems, lea v es, etc., and the other divides plan ts in to the symplast (the living tissues) and the

ap oplast (the nonliving tissues). T o indicate whic h viewp oin t is needed, the user sp eci�es the

criterion of the partitioning, in the same w a y that a user sp eci�es the criterion of a dynamic

partitioning (see Chapter 3). F or example, the follo wing sp eci�cation describ es the latter

viewp oin t:

(Plan t dimension structural ( p artition-by health-state))

If a partitioning ha ving that criterion is not explicitly represen ted in the kno wledge base, then

the View Retriev er calls on the Creator mo dule of KASTL to create a new partitioning. The

View Retriev er then returns a viewp oin t consisting of the new partitioning. If a concept has

m ultiple partitionings under a requested dimension and the sp eci�cation do es not include

a partition-b y criterion, then the View Retriev er returns a viewp oin t con taining all the

partitionings.

4.3.2 Generating Viewp oin ts Along Basic Dimensions

The View Retriev er constructs a viewp oin t along a basic dimension �rst b y retrieving facts

ab out the concept of in terest that b elong to the basic dimension. F or example, to construct

a structur al viewp oin t of a plan t seed, sp eci�ed b y (Seed dimension Structural), the View

Retriev er �rst retriev es from the Se e d frame the v alues of all slots that b elong to the structur al

dimension. A structur al slot that app ears on the Se e d frame is has-p arts , so the View

Retriev er retriev es the follo wing triples, using traditional frame-slot access metho ds:
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Seed

Seed-Coat

Embryo Endosperm

has-parts

contains

Figure 4.5: A structural viewp oin t of Se e d as generated from the Botan y Kno wledge Base

b y the View Retriev er.

� h Se e d has-p arts Se e d-Co at i ,

� h Se e d has-p arts Embryo i , and

� h Se e d has-p arts Endosp erm i .

The View Retriev er also includes in the viewp oin t the annotations that app ear on selected

triples.

Next, the View Retriev er selects in terconnection relations for the sp eci�ed basic dimen-

sion. F or the structur al dimension, in terconnection relations are c onne cte d-to, c ontains,

surr ounds , etc. The View Retriev er lo oks for these sorts of relationships b et w een the se-

lected parts of the seed: the seed coat, em bry o, and endosp erm. (The View Retriev er �nds

these relationships ev en if they are not represen ted directly on the Se e d frame.) The View

Retriev er �nds the follo wing triples:

� h Se e d-Co at c ontains Embryo i , and

� h Se e d-Co at c ontains Endosp erm i .

The resulting viewp oin t, sho wn in Figure 4.5, con tains the information that the seed is made

up of a seed coat con taining an em bry o and an endosp erm.

As another example, consider the viewp oin t sp eci�ed b y the follo wing:

((W ater (comp oses Plan t)) dimension In
uence-Recipien t)

This sp eci�cation requests information regarding in
uences on the w ater that comp oses a

plan t (a mo dulatory viewp oin t). The concept of in terest, \w ater that comp oses a plan t,"
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Quantity

Transpiration

Plant-Water-Uptake

Quantity

Quantity

amount

rate

rate

composed-of

positively-influenced-by

negatively-influenced-by

Figure 4.6: A mo dulatory viewp oin t of (Water (c omp oses Plant)) , as generated from the

Botan y Kno wledge Base b y the View Retriev er.

is giv en b y description rather than b y frame name, so the View Retriev er �rst calls on the

Finder/Creator mo dule to lo cate or reify the concept. In this example the concept happ ens

to b e represen ted in the Botan y Kno wledge Base as an em b edded unit lo cated at the address

(Plan t comp osed-of W ater). (That is, information ab out \w ater that comp oses a plan t" is

represen ted b y v alue annotations on the v alue Water of slot c omp ose d-of on the Plant frame.)

The Finder returns the address of the em b edded unit to the View Retriev er and the View

Retriev er pro ceeds to construct the viewp oin t.

T o construct the viewp oin t, the View Retriev er selects the features of \w ater that com-

p oses a plan t" that are within the in
uenc e-r e cipient basic dimension. The only slots within

the in
uenc e-r e cipient dimension that app ear on the em b edded unit for \w ater that com-

p oses a plan t" are p ositively-in
uenc e d-by and ne gatively-in
uenc e d-by . These slots do not

app ear directly on the em b edded unit itself. Rather, they app ear as annotations on the

amount slot (see Figure 4.6). Although amount is not in trinsically a mo dulatory slot, the

View Retriev er includes the triple h (Plant c omp ose d-of Water) amount Quantity i in the

viewp oin t so that it can also include its annotations that carry mo dulatory information.

(This searc h for annotations within the sp eci�ed basic dimension is restricted to the �rst

la y er of annotations.) The resulting viewp oin t, sho wn in Figure 4.6, con tains the facts that

(roughly sp eaking) the amoun t of w ater in a plan t is directly prop ortional to the plan t's

rate of w ater uptak e and in v ersely prop ortional to the plan t's rate of transpiration. (This

example has no in terconnection relations.)

100



Figure 4.7 giv es the pro cedure the View Retriev er uses to construct viewp oin ts along

basic dimensions.

Com bining Basic Dimensions with As-kind-of Viewp oin ts

As the previous section men tioned, basic dimensions can b e com bined with as-kind-of view-

p oin ts to enhance their coherence. T o do so, the user requests an as-kind-of viewp oin t as

b efore, except that instead of sp ecifying a reference concept, he sp eci�es a viewp oint of the

reference concept along some basic dimension(s). F or example, to request a viewp oin t of

photosyn thesis as a kind of pro duction, but one that includes only information ab out the

actors in photosyn thesis ( i.e. , information within the b ehavior al basic dimension), the user

giv es the follo wing viewp oin t sp eci�cation:

(Photosyn thesis as-kind-of (Pro duction dimension Beha vioral)

This is the viewp oin t actually sho wn in Figure 4.2. The complete viewp oin t of \photo-

syn thesis as-kind-of pro duction" additionally includes information from the pr o c e dur al and

mo dulatory dimensions, suc h as the sub ev en ts of photosyn thesis and what other pro cesses it

a�ects. The viewp oin t (Photosyn thesis as-kind-of Energy-T ransduction) sho wn in Figure 4.4

is lik ewise restricted to the b ehavior al dimension.

Related W ork

Viewp oin ts created b y the View Retriev er along basic dimensions are similar to the p ersp e c-

tives Suthers suggests for explanation generation [77 , 78]. Suthers describ es a p ersp ectiv e

as \an abstract c haracterization of the kind of kno wledge pro vided b y a class of mo dels."

Suthers's set of p ersp ectiv es app ears to b e a subset of the basic dimensions giv en here, al-

though he giv es only their names: structural, functional, causal, constrain t, and pro cess.

Suthers uses p ersp ectiv es to restrict the information selected for an explanation so as to

minimize the n um b er of unfamiliar concepts. A concept is considered familiar if its relation

to a kno wn concept lies within a c hosen p ersp ectiv e.

Viewp oin ts constructed along basic dimensions are also similar to the domain p ersp e ctives

McCo y's R OMPER uses to generate correctiv e resp onses to users' misconceptions ab out

domain concepts [46, 47]. A domain p ersp ectiv e is a list of slots and their asso ciated salienc e

values . A p ersp ectiv e acts as a �lter on the attributes of a domain concept; only the v alues

of slots ha ving the highest salience v alues, as prescrib ed b y that p ersp ectiv e, are included in

the resp onse.

R OMPER's p ersp ectiv es are unlik e the basic dimensions giv en here in that p ersp ectiv es

are sp eci�c to the domain of �nancial securities, but the basic dimensions are generally

applicable. The adv an tage of McCo y's approac h is that the slots within a p ersp ectiv e ha v e

di�eren t degrees of relev ance, rather than b eing simply relev an t or irrelev an t.

R OMPER do es not include a t yp e of p ersp ectiv e analogous to as-kind-of viewp oin ts. Be-

cause viewp oin ts that are tied to the generalization hierarc h y ( e.g. , as-kind-of viewp oin ts) are
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Given concept of interest C and basic dimension D:

Initialize the list of values encountered, E, to nil.

For each slot S legal for C and in dimension D and not having

an overriding specialization:

For each value V of (C S):

Include (C S V) in the viewpoint.

Include in the viewpoint all annotations stored on (C S V).

Add V to E (the list of values encountered).

For each slot S legal for C and not in dimension D:

For each value V of (C S):

For each tuple annotation slot T legal for (C S V) and

within dimension D:

For each value AV of (C S V T), include in the viewpoint:

1. (C S V)

2. (C S V T AV)

3. all annotations stored on (C S V T AV)

Include interconnections between encountered values:

If D is a superstructural dimension

(spatial-supers tru ct ur al, temporal-superst ru ctu ra l,

event-superstru ctu ra l, or taxonomic-superst ruc tu ra l),

For each value V encountered (for each value V in E):

For each slot S on which V was encountered,

For each value V2 of (V S-inverse), include in the viewpoint:

1. (V S-inverse V2)

2. all annotations stored on (V S-inverse V2)

If D is a substructural dimension

(spatial, temporal, procedural, or taxonomic),

For each value V encountered (for each value V in E):

For each slot S that is legal for V and that is defined

to be an interconnection slot for dimension D,

For each value V2 of (V S) that is in E (the list of

values encountered), include in the viewpoint

1. (V S V2)

2. all annotations stored on (V S V2)

Figure 4.7: Pro cedure the View Retriev er uses to construct viewp oin ts along basic dimen-

sions. Although this description assumes a single basic dimension in the viewp oin t sp eci�ca-

tion, m ultiple dimensions can b e sp eci�ed. Optional relation restrictions, v alue restrictions,

and partition-b y restrictions are omitted here.
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insu�cien t to c haracterize the breadth of viewp oin ts that p eople use, and b ecause McCo y's

metho d for generating domain p ersp ectiv es (and the metho d giv en here for basic dimensions)

is at least as p o w erful as a metho d for generating as-kind-of viewp oin ts, McCo y rejects the

latter in fa v or of the former. The adv an tage of including a mec hanism for generating as-kind-

of viewp oin ts is that they imp ose few er demands on the kno wledge engineer. The kno wledge

engineer m ust explicitly represen t the group of slots making up eac h p ersp ectiv e (and eac h

basic dimension), but the system generates as-kind-of viewp oin ts using only pre-existing

domain kno wledge. F or this reason, the View Retriev er includes metho ds for generating

as-kind-of viewp oin ts. It also includes metho ds for generating as-having viewp oin ts, as the

next section describ es.

4.4 As-having Viewp oin ts

An as-having viewp oin t con tains information ab out a concept that is relev an t to some sp eci-

�ed feature of the concept. F or example, the viewp oin t \seed coat as ha ving no c hloroph yll"

con tains facts lik e \a seed coat is usually not green" and \a seed coat is not photosyn thetic."

The sp eci�cation of an as-having viewp oin t has the follo wing form:

( h concept of in terest i as-having h slot i h v alue i )

As with other t yp es of viewp oin ts, the concept of in terest can b e giv en b y name or b y

description, and it can b e a rei�ed frame, an em b edded unit, or a concept rei�ed from

the virtual kno wledge base b y the Creator mo dule of KASTL. The slot and value in the

sp eci�cation indicate the fe atur e of inter est , the feature to whic h facts in the viewp oin t m ust

b e relev an t. F or example, the viewp oin t \seed coat as ha ving no c hloroph yll" is sp eci�ed b y

(Seed-Coat as-having p ercen t-c hloroph yll Zero)

If the feature of in terest is not a t ypical c haracteristic of the concept of in terest, then the

View Retriev er calls on the Finder/Creator mo dule to lo cate or reify a new sp ecialization

of the concept of in terest for whic h the feature is t ypical. F or example, assume that a user

submits the follo wing viewp oin t sp eci�cation:

(Botanical-Cell as-having pro ducer-in Photosyn thesis)

This sp eci�cation requests information ab out b otanical cells relev an t to the fact that they

(sometimes) undergo photosyn thesis. Because the feature of in terest,

pr o duc er-in = Photosynthesis , is not true of most b otanical cells, the View Retriev er mo di�es

the concept of in terest to b e Photosynthetic-Cel l , a sp ecialization of Botanic al-Cel l for whic h

the feature is t ypical. This mo di�cation facilit y pro vides users more 
exibilit y in requesting

as-having viewp oin ts. That is, users can sp ecify the concept of in terest abstractly if it is

clear from the rest of the viewp oin t sp eci�cation what concept is in tended.

The ideal metho d for constructing as-having viewp oin ts is to use a theory of relev ance

to determine what facts ab out the concept of in terest are most relev an t to the feature of
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in terest. The View Retriev er w ould compare eac h fact kno wn ab out the concept of in terest

to the feature of in terest using a relev ance measure, and it w ould include in the as-having

viewp oin t only the facts judged most relev an t. Unfortunately , a general, prescriptiv e mea-

sure of relev ance is not y et a v ailable. (Hobbs's coherence relations [35 , 36 ] and Mann and

Thompson's rhetorical predicates [45] c haracterize some of the w a ys in whic h one fact is rel-

ev an t to another, but most of these c haracterize discourse coherence rather than viewp oin t

coherence. In addition, they are to o ill-de�ned to b e directly applied b y the View Retriev er.

Alterman's coherence relations are restricted to relations b et w een ev en ts or states [2, 3].)

Therefore, to select the facts that constitute an as-having viewp oin t, the View Retriev er de-

p ends on stored kno wledge of relev ance. This kno wledge tak es the form of viewp oin ts stored

in the kno wledge base. These viewp oin ts are either handco ded b y the kno wledge engineer

or computed and cac hed b y the View Retriev er.

T o construct an as-having viewp oin t, the View Retriev er �rst lo oks for a stored as-having

viewp oin t whose feature of in terest is the same as (or more general than) the sp eci�ed feature

of in terest, but with a di�eren t concept of in terest. F or example, to construct the follo wing

viewp oin t:

(Squirrel as-having agen t-in Seed-Disp ersal)

the View Retriev er �rst searc hes the kno wledge base for a similar stored viewp oin t, suc h as

one of the follo wing:

� (Mammal as-having agen t-in Seed-Disp ersal),

� (Bird as-having agen t-in Seed-Disp ersal), or

� (Animal as-having agen t-in T ransp ortation).

Note that although the stored viewp oin t's feature of in terest m ust b e either the same as or

more general than the sp eci�ed feature of in terest, the stored viewp oin t's concept of in terest

need not b e related to the sp eci�ed concept of in terest (as with Squirr el and Bir d ).

If a similar viewp oin t is found in the kno wledge base, the View Retriev er uses it to

determine whic h facts to include in the new viewp oin t. F or eac h feature in the stored

viewp oin t, the View Retriev er lo oks for a corresp onding feature of the sp eci�ed concept of

in terest. The w a y this is done dep ends on the taxonomic relationship b et w een the concepts

of in terest of the t w o viewp oin ts.

If the stored viewp oin t's concept of in terest is a generalization of the sp eci�ed concept

of in terest, then �nding corresp onding features in v olv es �nding features of the sp eci�ed

concept of in terest that sp ecialize features in the stored viewp oin t. F or example, consider

constructing the viewp oin t

(Squirrel as-having agen t-in Seed-Disp ersal)

using the stored viewp oin t
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(Animal as-having agen t-in T ransp ortation).

If the stored viewp oin t con tains the fact that animals are usually larger than the things they

transp ort, then the View Retriev er w ould include in the new viewp oin t the fact that squirrels

are usually larger than the seeds they disp erse.

If the concepts of in terest of the t w o viewp oin ts are siblings , as with Squirr el and Bir d ,

then �nding corresp onding features is more di�cult. It in v olv es �nding pairs of features that

share a common abstraction, suc h as h Bir d mo de-of-tr avel Flight i and

h Squirr el mo de-of-tr avel Walking i . This matc hing task is similar to the task of constructing

an analogy , giv en the target and base concepts and the relev an t features of the base concept

[25].

If the View Retriev er do es not �nd a similar viewp oin t in the kno wledge base from whic h

to construct the requested viewp oin t, then the View Retriev er determines what other t yp e

of viewp oin t includes the feature of in terest and returns that viewp oin t. This in v olv es deter-

mining whic h basic dimension includes the feature of in terest and constructing a viewp oin t

of the concept of in terest along that basic dimension. F or example, to construct

(Squirrel as-having agen t-in Seed-Disp ersal)

the View Retriev er recognizes that the slot agent-in b elongs to the functional basic dimension

(b y retrieving the v alue of ( agent-in slot-dimension ), so it constructs instead the viewp oin t

(Squirrel dimension F unctional),

whic h includes information ab out other activities in whic h squirrels engage. This metho d of

constructing as-having viewp oin ts tak es adv an tage of the in ter-relev ance of features within

the same basic dimension.

Figure 4.8 giv es the pro cedure the View Retriev er uses to construct as-having viewp oin ts.

4.5 Comp osite Viewp oin ts

In addition to constructing individual viewp oin ts as describ ed ab o v e, the View Retriev er

also constructs comp osite viewp oin ts. This in v olv es more than simply concatenating the

con ten ts of t w o individual viewp oin ts. Rather, it in v olv es putting them in to corresp ondence

and remo ving the p ortions that do not corresp ond.

The View Retriev er constructs three t yp es of comp osite viewp oin ts. The �rst t w o are

c omp ar e and c ontr ast , wherein the View Retriev er highligh ts the similarities or di�erences

b et w een t w o concepts under a particular viewp oin t. F or example, the View Retriev er can

compare a structural viewp oin t of a ro ot to a structural viewp oin t of a stem, as sho wn in

Figure 4.9. T o compare t w o viewp oin ts, the View Retriev er retains only those features that

are common to b oth viewp oin ts or that share a common abstraction. F or example, one

part of R o ot is R o ot-Inter c el lular-Sp ac e , and one part of Stem is Stem-Inter c el lular-Sp ac e , so

the View Retriev er includes in the comparison the feature has-p arts = Inter c el lular-Sp ac e .
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Given a concept of interest C and feature of interest Slot=Val:

If (C Slot Val) is not in the knowledge base,

find/create a specialization C' of C for which Slot=Val and

use C' as the concept of interest instead of C.

Look for a similar as-having viewpoint in the knowledge base.

If found, construct a new as-having viewpoint based on the

existing viewpoint.

Otherwise, construct an as-kind-of viewpoint (using C as the

concept of interest and the domain of Slot as the reference

concept) restricted to the basic dimensions under which Slot

is classified.

To find a similar as-having viewpoint in the knowledge base:

Find one having any concept of interest and having feature

of interest Slot'=Val', where either

1. Slot' = Slot and Val' = Val,

2. Slot' = Slot and Val' subsumes Val,

3. Val' = Val and Slot' subsumes Slot, or

4. Slot' subsumes Slot and Val' subsumes Val.

To construct a new as-having viewpoint based on an existing viewpoint:

For each slot-value pair (S V) in the existing viewpoint,

For each common generalization G of the concepts of interest of

the new and existing viewpoints, if S is legal for G or

if S originates on some specialization of G,

For each maximally specific generalization S' of S that is legal for G,

For each maximally specific value V' of (G S') that subsumes V,

For each specialization S'' of slot S' that is legal for G

(or that originates on the path linking G and C)

and that does not have an overriding specialization,

For each value V'' of (C S'') that V' subsumes,

Include in the new viewpoint (C S'' V'').

Figure 4.8: Pro cedure the View Retriev er uses to construct as-having viewp oin ts.
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Figure 4.9: Comp osite viewp oin t that compares the structure of a ro ot to the structure of a

stem, as generated from the Botan y Kno wledge Base b y the View Retriev er.

One part of R o ot that do es not o ccur in Stem is R o ot-Hair , so the View Retriev er excludes

that part from the comparison. Figure 4.10 giv es the pro cedure the View Retriev er uses to

construct comparison viewp oin ts. T o con trast t w o viewp oin ts, the View Retriev er retains

only the facts that app ear in one viewp oin t but not the other. Figure 4.11 giv es the pro cedure

the View Retriev er uses to construct con trast viewp oin ts. McCo y stresses the imp ortance of

adhering to a single t yp e of viewp oin t when comparing or con trasting t w o concepts [47].

Constructing comp osite viewp oin ts in v olv es �nding the elemen ts of t w o primitiv e view-

p oin ts that corresp ond. F or comparisons, equalit y or similarit y determines the corresp on-

dence. F or con trasts, inequalit y determines the corresp ondence. F or the third t yp e of com-

p osite viewp oin t, a relation ( p art-of, actor-in , etc.) determines the corresp ondence. In this

t yp e of comp osite viewp oin t, a group of en tities from the �rst viewp oin t all ha v e the same
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Given two viewpoints, VP1 and VP2,

where VP1 has concept of interest C1:

For each slot-value pair (S V) on viewpoint VP1,

;;; Look for identical matches between the viewpoints:

If V is a value of (VP2 S),

Then include in the viewpoint:

1. (C1 S V)

2. a comparison of the annotations on (VP1 S V) and (VP2 S V)

Else ;; look for a different value on the same slot and generalize:

For each value V2 of (VP2 S) not on (VP1 S),

For each common generalization G of V and V2,

If G is a valid entry for S, include in the viewpoint:

1. (C1 S G)

2. a comparison of the annotations on (VP1 S V) and (VP2 S V2)

;;; look for the same (or a similar) value on a different slot:

For each slot S2 on VP2,

For each common generalization slot SG of S and S2,

If SG is a true slot, rather than a slot class,

If V is a value of (VP2 S2), include in the viewpoint:

1. (C1 SG V)

2. a comparison of the annotations on (VP1 S V) and (VP2 S2 V)

Else for each value V2 of (VP2 S2),

For each common generalization G of V and V2,

If G is a valid entry for SG, include in the viewpoint:

1. (C1 SG G)

2. a comparison of the annotations on

(VP1 S V) and (VP2 S2 V2).

Figure 4.10: Pro cedure the View Retriev er uses to construct comparison viewp oin ts.
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Given two viewpoints, VP1 and VP2:

For each slot S occurring on VP1,

For all values V of (VP1 S),

If V is a value of (VP2 S)

Then include in the viewpoint any annotations

on (VP1 S V) and (VP2 S V) that differ.

Else include in the viewpoint:

1. (C1 S V), where C1 is the concept of interest of VP1

2. any annotations stored on (VP1 S V)

Figure 4.11: Pro cedure the View Retriev er uses to construct con trast viewp oin ts.

kind of relationship to en tities from the second viewp oin t. F or example, the View Retriev er

can put a structur al viewp oin t of an ob ject (whic h describ es the ob ject's parts) in to cor-

resp ondence with a pr o c e dur al viewp oin t of an ev en t (whic h describ es the ev en t's steps or

sub ev en ts) along actor-in relations. This corresp ondence links eac h of the ob ject's parts to

the sub ev en t(s) in whic h it is an actor of some kind. The resulting viewp oin t describ es the

roles that the ob ject's parts pla y in the sub ev en ts of the ev en t. (P aris's \pro cess strategy"

generates similar descriptions of ho w the comp onen ts of a device enable it to p erform some

function [64 , 65 ]. The View Retriev er generates this and other kinds of comp osite viewp oin ts,

as describ ed shortly .)

The sp eci�cation for a comp osite viewp oin t has one of the follo wing forms:

� ( c omp osite h viewp oin t1 i h viewp oin t2 i c omp ar e ),

� ( c omp osite h viewp oin t1 i h viewp oin t2 i c ontr ast ), or

� ( c omp osite h viewp oin t1 i h viewp oin t2 i h slot-name i ).

where viewp oint1 and viewp oint2 are individual viewp oin ts (or sp eci�cations for them). F or

the third t yp e of comp osite viewp oin t, slot-name is a relation that holds b et w een the concepts

of in terest of viewp oint1 and viewp oint2 . It sp eci�es the corresp ondence to b e established

b et w een the viewp oin ts. The remainder of this section fo cuses on the third t yp e of comp osite

viewp oin t.

Consider again the comp osite viewp oin t that puts a structur al viewp oin t of an ob ject

in to corresp ondence with a pr o c e dur al viewp oin t of an ev en t along actor-in relations. This

109



Flower

Angiosperm-Sexual-Reproduction

Pollen-Grain
Formation

Embryo-Sac

Transfer

Germination

Double
Fertilization

Pollen-Grain

Formation

Pollen-Grain
Androecium

Gynoecium

parts

subevents

surrounds

location

source

destination

location

location

location

location

has-

Figure 4.12: The comp osite viewp oin t that describ es the roles of the 
o w er's parts in the

sub ev en ts of angiosp erm sexual repro duction. The View Retriev er constructed this viewp oin t

from the Botan y Kno wledge Base.

comp osite viewp oin t, whic h describ es the function of an ob ject (and its parts) in an ev en t

(and its sub ev en ts), is requested b y the follo wing sp eci�cation:

( c omp osite ( h ob ject i dimension structural) ( h ev en t i dimension pro cedural) actor-in)

F or example, the viewp oin t that describ es the roles of a 
o w er's parts in the steps of an-

giosp erm (
o w ering plan t) sexual repro duction is sp eci�ed as follo ws:

( c omp osite (Flo w er dimension structural)

(Angiosp erm-Sexual-Repro duction dimension pro cedural)

actor-in)

Figure 4.12 sho ws the con ten ts of this viewp oin t, as generated from the Botan y Kno wledge

Base b y the View Retriev er.

The View Retriev er constructs this comp osite viewp oin t b y the follo wing pro cedure.

First, it constructs the t w o individual viewp oin ts (the structur al viewp oin t of Flower and
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the pr o c e dur al viewp oin t of A ngiosp erm-Sexual-R epr o duction ). Then, it determines whic h of

the Flo w er parts in the structur al viewp oin t are related to A ngiosp erm-Sexual-R epr o duction

or one of its sub ev en ts (as giv en in the pr o c e dur al viewp oin t) b y an actor-in relation (or

some more sp eci�c relation, suc h as lo c ation-of ). The View Retriev er omits from the com-

p osite viewp oin t those parts that are not actors in an y sub ev en t of A ngiosp erm-Sexual-

R epr o duction . F or example, Cor ol la (the 
o w er's p etals) app ears in the structur al viewp oin t

of Flower , but the View Retriev er excludes it from the comp osite viewp oin t b ecause the

corolla do es not participate in repro duction. Similarly , the View Retriev er omits those

sub ev en ts of A ngiosp erm-Sexual-R epr o duction that do not in v olv e an y of the parts in the

structur al viewp oin t of Flower , suc h as F ruit-R ip ening .

Another example of the third t yp e of comp osite viewp oin t is one that describ es the parts

of a plan t o v ary as related to the parts of the fruit of whic h the o v ary is a dev elopmen tal

stage. This viewp oin t has the follo wing sp eci�cation:

( c omp osite (F ruit dimension structural) (Ov ary dimension structural) stages)

The comp osite viewp oin t, sho wn in Figure 4.13 includes the parts of the fruit (the p ericarp

and the seed), the parts of the o v ary (the o vule and the o v arian w all), and the stage relations

b et w een them, suc h as the facts that the o vule is a dev elopmen tal stage of the seed and the

o v arian w all is a dev elopmen tal stage of the p ericarp.

Other examples in v olv e t w o taxonomic viewp oin ts put in to corresp ondence. F or example,

living things participate in repro duction, so the View Retriev er can put di�eren t sp ecial-

izations of R epr o ducing-Structur e in to corresp ondence with the di�eren t sp ecializations of

R epr o duction they engage in. Similarly , angiosp erms ha v e 
o w ers, so the View Retriev er can

put di�eren t sp ecializations of A ngiosp erm in to corresp ondence with di�eren t sp ecializations

of Flower . Figure 4.14 giv es the pro cedure the View Retriev er uses to construct comp osite

viewp oin ts.

When constructing t w o individual viewp oin ts to b e com bined in to a comp osite viewp oin t,

the View Retriev er can construct them so as to maximize the corresp ondence b et w een them.

F or example, to create the comp osite viewp oin t sho wn in Figure 4.12 so as to maximize the

corresp ondence b et w een the 
o w er's parts and the sub ev en ts of angiosp erm sexual repro-

duction, the View Retriev er can, up on request, create a structur al viewp oin t of Flo w er that

includes parts that are not explicitly represen ted in the kno wledge base. Unlik e the usual

viewp oin t, the new structur al viewp oin t divides Flower in to parts based on the criterion of

repro ductiv e function, as in \all the parts of the 
o w er in v olv ed in p ollen grain dev elopmen t"

or \all the parts of the 
o w er in v olv ed in double fertilization." The View Retriev er constructs

this new structur al viewp oin t b y calling on the dynamic partitioning facilit y of the Creator

mo dule of KASTL, describ ed in Chapter 3.
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Figure 4.13: The comp osite viewp oin t that describ es the stage relations b et w een the parts

of the fruit and the parts of the o v ary . The View Retriev er constructed this viewp oin t from

the Botan y Kno wledge Base.
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Given

1. viewpoints VP1 and VP2, which have concepts of interest

C1 and C2, respectively, and which constitute partitionings

along slots S1 and S2, respectively, and

2. correspondence relation R:

Check that C1 is related to C2 by R (or some specialization of R, R').

Include in the viewpoint (C1 R C2) [or (C1 R' C2)].

For each value V of (VP1 S1),

If V is related to some value V2 of (VP2 S2) by R or

some specialization of R,

Include in the viewpoint (C1 S1 V)

For each V2 in (VP2 S2) such that (V R' V2),

where R' is a specialization of R (or is equal to R),

include in the viewpoint:

1. (V R' V2)

2. (C2 S2 V2)

Record interconnection relations among retained values:

For each value V of (VP1 S1),

If (C1 S1 V) has been included in the composite viewpoint,

For each annotation (AS AV) stored on (VP1 S1 V),

If (C2 S2 AV) has been included in the viewpoint,

Then include in the viewpoint (V AS AV).

Figure 4.14: Pro cedure the View Retriev er uses to construct comp osite viewp oin ts.
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4.6 Related W ork

This section discusses related w ork in t w o areas: dynamically generating m ultiple t yp es of

viewp oin ts, and represen ting viewp oin ts in a kno wledge base.

4.6.1 Generating Viewp oin ts

This c hapter's in tro duction men tioned sev eral systems that use viewp oin ts to supp ort a par-

ticular application. Previous sections ha v e already discussed those that generate viewp oin ts

of one of the three ma jor t yp es. This section discusses t w o systems, TEXT and KI, that are

not limited to viewp oin ts of a single t yp e.

The TEXT System

McKeo wn's TEXT is a system that answ ers questions ab out the structure of a database [48].

TEXT treats the database sc hema as a source of domain kno wledge and uses it to generate

de�nitions, descriptions, and comparisons of domain concepts.

T o determine the con ten t of a resp onse to a question, TEXT �rst constructs a r elevant

know le dge p o ol , all the information that is p oten tially relev an t. TEXT then selects prop osi-

tions from the relev an t kno wledge p o ol one at a time b y follo wing a schema of common text

patterns.

McKeo wn recognizes that to con v ey information ab out sev eral prop erties of an en tit y , the

system should not generate an arbitrary list of prop erties. T o ensure coherence, the system

should group together \prop erties that are in some w a y related to eac h other." Stated in the

terminology used here, coherence requires organizing information according to viewp oin ts.

In an e�ort to structure kno wledge according to viewp oin ts, TEXT uses the follo wing

heuristic (called a fo cus c onstr aint ) for selecting the next prop osition from the relev an t

kno wledge p o ol: to decide what to sa y next ab out some en tit y , c ho ose the prop osition with

the greatest n um b er of links to previously selected prop ositions. Links b et w een prop ositions

can b e explicit (as when t w o prop ositions men tion the same en tit y) or implicit (as when an

en tit y men tioned b y one prop osition is a sp ecialization or part of an en tit y men tioned b y

another prop osition). The result is a sequence of prop ositions in whic h eac h prop osition is

related to some preceding prop osition.

Although the ab o v e heuristic increases the coherence of the resp onses TEXT generates,

selecting prop ositions one at a time is not an optimal strategy for ac hieving viewp oin t co-

herence. Because viewp oin ts often o v erlap, TEXT ma y unkno wingly progress from one

viewp oin t to another related viewp oin t without completing the �rst viewp oin t. This results

in fragmen ted or incomplete viewp oin ts, whic h degrade the coherence of the resp onse. Using

complete viewp oin ts, rather than atomic prop ositions, as the building blo c ks of a resp onse

yields greater coherence.
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The KI System

Murra y's KI is a to ol for assisting kno wledge en terers in making extensions to a large kno wl-

edge base [54 , 57]. Giv en a prop osed kno wledge-base extension, KI iden ti�es ho w the new

information violates or conforms to exp ectations arising from the existing kno wledge.

KI uses views to constrain the searc h for consequences of new information b y applying

inference metho ds to only the kno wledge within the selected view(s). Murra y c haracterizes

views as sets of prop ositions that in teract in some signi�can t w a y and should therefore b e

considered together. Some of KI's views are analogous to as-kind-of viewp oin ts ( e.g., Qua

Container and Qua T angible Obje ct ). Other are analogous to as-having viewp oin ts ( e.g., Qua

F o o d Sour c e, Qua Pr o duct of R epr o duction, Qua Comp onent , and Qua Developing Obje ct ).

Abstract views ( view typ es ) are de�ned b y seman tic net w ork templates, eac h represen ted

as a set of paths emanating from a ro ot no de. F or example, Figure 4.15A sho ws the view t yp e

Qua Container . This view t yp e iden ti�es the p ortion of the kno wledge base surrounding a

concept that is relev an t to its function as a con tainer [56 ]. KI generates an instan tiated view

b y applying a view t yp e to a domain concept. This in v olv es binding the domain concept to

the ro ot no de of the view t yp e and instan tiating eac h path of the view t yp e with a p ortion

of the kno wledge base surrounding the domain concept. F or example, Figure 4.15B sho ws

the result of applying the Qua Container view t yp e to the concept L e af-Epidermis . This

view iden ti�es the p ortion of the kno wledge base that represen ts the leaf epidermis in its role

as a con tainer (of leaf mesoph yll). F or example, it includes the fact that leaf transpiration

transp orts w ater v ap or from the leaf mesoph yll, con tained in the leaf epidermis, to the

atmosphere outside the leaf.

This researc h extends KI's abilit y to dynamically generate viewp oin ts. Although KI's

mec hanism for generating views is general-purp ose, the set of view t yp es Murra y pro vides

is quite limited. They are not in tended to pro vide broad co v erage, and man y of them are

sp eci�c to the domain of b otan y . An emphasis of this w ork has b een to pro vide a fairly

complete set of viewp oin t t yp es useful in all ph ysical domains.

4.6.2 Represen ting Viewp oin ts

Although the kno wledge base from whic h a viewp oin t is generated con tains all of the facts

the viewp oin t comprises, represen ting the b oundaries of the viewp oin t itself in the kno wl-

edge base is also useful. This allo ws cac hing of commonly used viewp oin ts, and it pro vides

a means for hand-co ding viewp oin ts that are sp eci�c to a particular task or domain. F ur-

thermore, storing a viewp oin t in the kno wledge base allo ws assertions ab out the viewp oin t

to b e represen ted, suc h as the tasks for whic h it is lik ely to b e useful or whether a user is

exp ected to b e familiar with its con ten ts.

Sev eral researc hers ha v e prop osed suitable approac hes for represen ting viewp oin ts within

a kno wledge base. One of the earliest formalisms for represen ting viewp oin ts app eared in

the KRL represen tation language [8]. In KRL, the kno wledge engineer describ es concepts

b y comparing them to other, more general concepts. Th us, the KRL formalism is limited to
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(A)  Qua Container

contains

conduit-in
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(B)  Leaf-Epidermis Qua Container
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Figure 4.15: (A) View t yp e Qua Container iden ti�es the p ortion of the kno wledge base

relev an t when considering a concept as a con tainer. The shaded no de designates the ro ot

no de. (B) The view L e af-Epidermis Qua Container is the result of applying Qua Container

to L e af-Epidermis . It consists of the p ortion of the kno wledge base that represen ts the leaf

epidermis in its role as a con tainer of leaf mesoph yll.
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represen ting as-kind-of viewp oin ts. K ODIAK pro vides a similar construct [83].

Hendrix later prop osed a formalism for partitioning seman tic net w orks in to net sp ac es

[33]. Hendrix used net spaces to delimit the scop e of quan ti�cation, to enco de alternate

w orlds and h yp othetical situations, and to delimit lev els of detail. Grosz extended Hendrix's

tec hnique to allo w a seman tic net w ork to b e partitioned in more than one w a y and to allo w

net spaces to o v erlap. This extension mak es net spaces suitable for represen ting \alternate

views" of concepts [28], although it is not clear whether the represen tation allo ws assertions

to b e made ab out eac h alternate view.

The CycL represen tation language allo ws di�eren t frames to represen t the multiple mo dels

of a concept, where eac h mo del represen ts a di�eren t asp ect (viewp oin t) of a single ob ject [40].

The CycL approac h of reifying viewp oin ts as �rst-class ob jects allo ws the kno wledge engineer

to represen t m ultiple mo dels and to represen t assertions ab out them. So w a [73] and Cra wford

[19] pro vide similar facilities for represen ting viewp oin ts (whic h they call p ersp e ctives and

views ).

Guha presen ts the most general approac h [30, 7, 31]. In his formalism, an y group of

related assertions can b e represen ted explicitly as a unit, called a c ontext (or micr othe ory ).

Eac h con text has an asso ciated frame that con tains the list of assertions within that con-

text as w ell as assertions ab out the con text ( e.g. , what assumptions the kno wledge engineer

made when creating it). Guha presen ts sev eral uses for con texts, including represen ting h y-

p othetical situations, represen ting the same phenomenon using di�eren t primitiv es, di�eren t

simplifying assumptions, or di�eren t lev els of detail, and represen ting the fo cus of a natural

language utterance or problem-solving task. He also suggests using con texts to represen t

di�eren t p ersp e ctives . Although Guha's notion of a p ersp ectiv e (a description of an ev en t

slan ted to w ard one of its actors) is more restrictiv e than our notion of a viewp oin t, his for-

malism is nonetheless suitable for represen ting viewp oin ts. An imp ortan t con tribution of

Guha's w ork is his lifting axioms for pulling together information from con texts that use

di�eren t primitiv es or di�eren t simplifying assumptions.

The represen tation of viewp oin ts used in this pro ject is similar to CycL's treatmen t of

m ultiple mo dels. In addition to frames that represen t concepts and slots, the kno wledge

base also con tains viewp oint fr ames . Assertions that constitute a viewp oin t are stored on

a viewp oin t frame in the same notation used to represen t assertions on concept frames.

Concept frames are link ed to viewp oin t frames via the slot has-viewp oints and its in v erse

viewp oint-of . The t yp e of viewp oin t that a viewp oin t frame represen ts is indicated b y

slots as-kind-of, as-having, b asic-dimensions , and (for comp osite viewp oin ts) c orr esp ondenc e-

typ e and c orr esp ondenc e-with . Figure 4.16 sho ws the frame that represen ts the structural

viewp oin t of a seed. (The same viewp oin t is sho wn graphically in Figure 4.5.)

The main di�erence b et w een the represen tation of viewp oin ts used in this pro ject and

CycL's represen tation of m ultiple mo dels is the use of v alue annotations. In the represen-

tation used here, triples in a viewp oin t that do not directly in v olv e the concept of in terest

of the viewp oin t are stored as v alue annotations on triples that do in v olv e the concept of

in terest. F or example, in Figure 4.16, the c ontains relationships b et w een the parts of the
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Viewpoint41

Viewpoint

basic-dimensions: Structural

parts: EndospermEmbryoSeed-Coat

Seed-Coat
contains: Embryo Endosperm

slot-dimension: Structural

viewpoint-of: Seed

instance-of:

Endosperm

Embryo
contained-in Seed-Coat

Seed-Coatcontained-in

:

:

has-

Figure 4.16: The frame that represen ts the structural viewp oin t of a seed. The same view-

p oin t is sho wn graphically in Figure 4.5.
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seed are represen ted b y v alue annotations on the triples h Viewp oint41 has-p arts Se e d-Co at i ,

h Viewp oint41 has-p arts Embryo i , and h Viewp oint41 has-p arts Endosp erm i . Using v alue an-

notations allo ws all the assertions that constitute the viewp oin t to b e lo calized on a single

frame.

A disadv an tage of this metho d of represen ting viewp oin ts is that it in tro duces redundancy

in to the kno wledge base. In addition to app earing on concept frames, assertions also app ear

on (p oten tially sev eral) viewp oin t frames. Redundancy is problematic b ecause it w astes space

and b ecause it ma y lead to inconsistencies in the kno wledge base. T o a v oid inconsistencies,

cac hed viewp oin ts m ust b e discarded or recomputed follo wing an y mo di�cation of the concept

frames from whic h those viewp oin ts w ere constructed.

Another disadv an tage of this metho d is that, although determining whic h assertions are in

a giv en viewp oin t is straigh tforw ard, determining whic h viewp oin ts con tain a giv en assertion

requires examining ev ery viewp oin t frame that migh t con tain it. One solution to this problem

is to annotate eac h assertion in the kno wledge base to indicate the viewp oin ts con taining it,

if an y . Suc h annotations w ould also mak e a v oiding inconsistencies more e�cien t. When an

assertion is mo di�ed, only the viewp oin ts con taining it m ust b e discarded or recomputed.

4.7 Ev aluation

This section presen ts t w o ev aluations of the w ork on generating viewp oin ts. The �rst is

a sub jectiv e analysis of the completeness of the set of viewp oin t t yp es. The second is an

exp erimen t to assess the qualit y of the viewp oin ts the View Retriev er generates.

4.7.1 Co v erage of Viewp oin t T yp es

The purp ose of the �rst ev aluation w as to assess the degree to whic h the viewp oin t t yp es

dev elop ed in this researc h co v er the space of viewp oin ts that p eople use and to guide fur-

ther re�nemen ts and extensions of the framew ork of viewp oin t t yp es. Recall that the curren t

framew ork consists of three basic t yp es of viewp oin ts ( as-kind-of, as-having , and b asic dimen-

sions ) and three comp osite t yp es ( c omp ar e, c ontr ast , and corresp ondence along a relation).

The b asic dimensions comprise sev eral subt yp es, giv en in Section 4.3. Figure 4.17 summa-

rizes the curren t framew ork with the grammar of the viewp oin t sp eci�cation language.

The �rst ev aluation consists of a sub jectiv e analysis of an en tire c hapter on plan t ph ysi-

ology from a college-lev el biology textb o ok [20]. The con ten t of eac h paragraph w as c harac-

terized, as m uc h as p ossible, according to the t yp es of viewp oin ts it con tained. The analysis

considered only p ortions of the text con taining fundamen tal domain kno wledge. In par-

ticular, purely rhetorical text (�gure references, reminders, organizational aids, etc.) w as

omitted, as w ere illustrativ e examples.

Of the text that w as considered, roughly 85% w as c haracterized as comp osing a t yp e

of viewp oin t that the curren t framew ork includes. The remaining 15% of the text w as not

c haracterized for a v ariet y of reasons. Some of the unc haracterized text includes
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( concept AS-KIND-OF view-specification )  |

( COMPOSITE view-specification view-specification
correspondence-type )

view-specification ::= |

( concept AS-HAVING slot-name value )

viewpoint-name

|

(concept DIMENSION dimensions ) |

dimensions view-dimension

dimensions

|::=

view-dimension

view-dimension ::= PERCEPTUAL

FUNCTIONAL

ACTIVE-FUNCTIONAL

TAXONOMIC

STRUCTURAL

TEMPORAL

PROCEDURAL

SPATIAL-SUPERSTRUCTURAL

BEHAVIORAL

modulatory

{( RELATION-RESTRICTION slot-name )}
{( VALUE-RESTRICTION process )}

{( PARTITION-BY criterion )}

{( VALUE-RESTRICTION object )}

|

|

{( VALUE-RESTRICTION process )}
{( RELATION-RESTRICTION slot-name )} |

|
{( PARTITION-BY criterion )}

{( PARTITION-BY criterion )}

|
|

{( PARTITION-BY criterion )} |

{( RELATION-RESTRICTION slot-name )}

|

|

|

|

|

modulatory ::= CAUSAL-AGENT
INFLUENCE-AGENT

INFLUENCE-RECIPIENT
CAUSAL-RECIPIENT

|

|
|

criterion slot-name slot-path|::=

slot-path ( slots value )

::=correspondence-type COMPARE CONTRAST slot-name

::=

| |

value concept constant::= |

object

process

concept frame-name embedded-unit-address

concept

concept

::=

::=

::= |

slots slot-name
slot-name

slots::= |

EVENT-SUPERSTRUCTURAL

TAXONOMIC-SUPERSTRUCTURAL

TEMPORAL-SUPERSTRUCTURAL

Figure 4.17: The grammar for the viewp oin t sp eci�cation language, the input language for

the View Retriev er. The grammar sho wn here assumes that the Finder and Creator mo dules

of KASTL ha v e already replaced concept descriptions with frame names.
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information ab out scien ti�c metho d (exp erimen ts, h yp otheses, theories, etc.) rather than

b otanical ob jects and pro cesses. The basic dimensions do not curren tly c haracterize this

kind of information, but they can b e extended to do so. Other passages seem to b e included

as rhetorical devices ( e.g. , as evidence of a preceding statemen t, to relate the discussion to

up coming material, or to correct misconceptions the reader migh t ha v e). Other passages

discuss ho w a prop ert y of some ob ject prev en ts or enables some pro cess, as in \Because

the diameter of the v essels is v ery small, gas bubbles do not form." The mo dulatory basic

dimension can b e easily extended to include this kind of information. One of the unc harac-

terized passages de�nes a prop ert y (\adv en titious") rather than an ob ject or a pro cess. Tw o

passages re
ect a more sophisticated con trast tec hnique than the View Retriev er p ossesses:

one assesses the degree of di�erence b et w een t w o ob jects, rather than simply listing the

di�erences, and the other giv es an explanation of the di�erences [\An animal requires less

w ater (than a plan t do es) b ecause . . . "]. Other passages w ere not c haracterized for reasons

that are still not fully understo o d.

The analysis suggests that most explanations consist of sev eral viewp oin ts used in concert.

(The a v erage w as 5.4 viewp oin ts p er paragraph.) F or example, the follo wing paragraph

Stems hold the photosyn thetic structures | the lea v es | up to the ligh t, conduct

w ater to the photosyn thetic cells, and transp ort sugars from them. The outer

surface of a green stem is made up of epidermal cells. The bulk of the stem is

ground tissue, whic h ma y b e divided in to an outer cylinder (the cortex) and an

inner core (the pith). The ground tissue is largely comp osed of parenc h yma cells

but also ma y con tain �b ers and sclereids.

2

consists of a functional viewp oin t of Stem , follo w ed b y a structural viewp oin t of Stem and

a structural viewp oin t of Gr ound-Tissue . An imp ortan t area for future w ork is iden tifying

prev alen t com binations of viewp oin ts.

Although the results of this analysis are encouraging, they cannot b e tak en as conclusiv e

evidence of the co v erage of the curren t set of viewp oin t t yp es. One reason for this is that

the analysis is sub jectiv e. A more ob jectiv e analysis requires an external judge not famil-

iar with the c haracterization of viewp oin ts used here. Another reason is that the analysis

is necessarily sp eculativ e. Iden tifying viewp oin ts in the text requires sp eculating as to the

form of the author's kno wledge and the plan used to generate the text. This is a di�cult

task giv en only the end pro duct and no kno wledge of what the author had in mind. F ur-

thermore, authors often omit information or con v ey it implicitly , so the viewp oin ts that a

text comprises are often incomplete. P artial viewp oin ts are more di�cult to recognize than

complete viewp oin ts.

Despite its limitations, ho w ev er, the analysis indicates that the framew ork of viewp oin t

t yp es dev elop ed here mak es appropriate distinctions, and the unc haracterized passages sug-

gest imp ortan t areas for extension and re�nemen t of the curren t set of viewp oin t t yp es.

2

Invitation to Biolo gy , H. Curtis and N. Barnes, W orth Publishers, NY, 1981, p. 309.
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4.7.2 Coherence of Viewp oin ts

The purp ose of the second ev aluation of this w ork w as to measure the qualit y of viewp oin ts

the View Retriev er generates, as compared to the qualit y of viewp oin ts found in h uman-

generated text.

F or eac h of 12 preselected concepts in b otan y (selected b ecause they are w ell represen ted

in the Botan y Kno wledge Base), sets of facts w ere dra wn from 3 sources:

� the View Retriev er applied to the Botan y Kno wledge Base, as pro vided b y the domain

exp ert, and

� a college-lev el b otan y textb o ok [68],

� facts selected randomly from a particular frame in the Botan y Kno wledge Base, using

a random n um b er generator.

The viewp oin ts ranged in size from 3 to 11 facts. F or eac h concept, textb o ok passages

and random sets of facts w ere c hosen to b e roughly the same size as the View Retriev er's

viewp oin t of that concept. The n um b er of viewp oin ts constructed w as 13, the n um b er of

textb o ok passages w as 17, and the n um b er of random collections of facts w as 23.

Eac h group of facts (including the textb o ok passages) w as translated man ually in to \sim-

ple English" to normalize presen tation st yle. F or example, one of the viewp oin ts selected

w as the viewp oin t sho wn in Figure 4.12. This viewp oin t w as rendered in English as follo ws:

The 
o w er is the lo cation of angiosp erm sexual repro duction. The t w o main

parts of the 
o w er that are in v olv ed in repro duction are the andro ecium and the

gyno ecium. (The andro ecium surrounds the gyno ecium.) The gyno ecium is the

lo cation of em bry o sac formation, and the andro ecium is the lo cation of p ollen

grain formation. The andro ecium is the source of the p ollen grain transfer, and

the gyno ecium is the destination. A t the gyno ecium, p ollen grain germination

and double fertilization o ccur.

The textb o ok passage selected for the same concept w as the follo wing:

Most 
o w ers con tain t w o sets of sterile app endages, the sepals and p etals, whic h

are attac hed to the receptacle b elo w the fertile parts of the 
o w er, the stamens

and carp els. The sepals o ccur b elo w the p etals, and the stamens b elo w the

carp els. Collectiv ely , the sepals form the calyx and the p etals the corolla. T o-

gether, the calyx and corolla constitute the p erian th ("around the 
o w er").

This passage w as simpli�ed as follo ws:

Most 
o w ers con tain t w o sets of sterile app endages, the sepals and p etals. The

sepals and p etals are attac hed to the receptacle b elo w the stamens and carp els.

The stamens and carp els are the fertile parts of the 
o w er. The sepals are b elo w
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the p etals, and the stamens b elo w the carp els. Collectiv ely , the sepals form the

calyx and the p etals the corolla. T ogether, the calyx and corolla constitute the

p erian th.

The random collection of facts selected from the Flower frame in the Botan y Kno wledge

Base consisted of the follo wing triples:

((FLOWER FLORAL-SYMMETRY SYMMETRY-VALUE)

(FLOWER ACQUIRER-IN ACQUISITION)

(FLOWER PARTS PLANT-GROUND)

(FLOWER LOCATION-OF METABOLIC-REACTION)

(FLOWER PARTS PERIANTH)

(FLOWER DEGENERATED-BY DEGENERATION)

(FLOWER DEVELOPEE-IN FLOWER-DEVELOPMENT)

(FLOWER METABOLIC-RATE QUANTITY)

(FLOWER LOCATION-OF ANGIOSPERM-SEXUAL-REPRO DUCT ION)

(FLOWER METABOLIZER-IN METABOLIC-REACTION))

This collection of facts w as rendered in English as follo ws:

Flo w ers are the site of angiosp erm sexual repro duction and metab olic reactions.

They acquire materials, dev elop, metab olize, and degenerate. Flo w ers require

n utrien ts. Tw o parts of the 
o w er are the ground tissue and the p erian th. Flo w ers

tend to ha v e symmetry .

T en sub jects (senior undergraduates and graduate studen ts from the Botan y and Biology

Departmen ts of the Univ ersit y of T exas at Austin) judged the coherence of passages from

eac h source. (Eac h sub ject receiv ed 6 textb o ok passages, 6 random collections of facts,

and 12 viewp oin ts generated b y the View Retriev er.) Sub jects w ere giv en the follo wing

instructions:

Eac h of the follo wing pages con tains a brief passage of text along with its sub ject.

Please judge the coherence of the passage on a scale of 1 to 5. A passage should

b e scored \1" if it seems no more coheren t than a randomly selected group of

facts on the sub ject. A passage should b e scored \5" if it is as coheren t as a

passage of comparable length on the sub ject from a go o d textb o ok.

Limit y our consideration to the con ten ts of eac h passage, and ignore issues of

organization and rhetoric (suc h as writing st yle, w ording, and diction). If y ou

feel that the presen tation of the material is p o or, giv e the passage the same score

that y ou w ould giv e a passage con taining the same information but organized

and presen ted in a b etter fashion.

T able 4.1 summarizes the sub jects' resp onses. Statistical analysis (using a T-test with

0.95 lev el of con�dence) yields the follo wing results:
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Coher enc e

Sour c e Me an Standar d Deviation

(1) T extb o ok Viewp oin ts 4.23 0.56

(2) View Retriev er's Viewp oin ts 3.76 0.74

(3) Degraded Viewp oin ts 2.86 0.94

(4) Random Collections of F acts 2.62 0.86

T able 4.1: T en judges rated the coherence of sets of facts from four sources (1=incoheren t;

5=coheren t). A statistical analysis using the T-test with 0.95 lev el of con�dence sho ws no

signi�can t di�erence in coherence b et w een sources (1) and (2) or b et w een sources (3) and

(4). There is a signi�can t di�erence b et w een all other pairs.

� The mean coherence of viewp oin ts from textb o oks, a v eraged across sub jects, did not

di�er signi�can tly from the mean coherence of viewp oin ts the View Retriev er generated.

� The mean coherence of generated viewp oin ts did di�er signi�can tly from the mean

coherence of random collections of facts dra wn from the same frame.

A further study giv es additional evidence that the View Retriev er generates coheren t

viewp oin ts. Along with passages from the three sources describ ed ab o v e, the sub jects w ere

giv en passages from a fourth source: viewp oin ts constructed b y the View Retriev er and then

degraded b y replacing some of their facts with randomly selected facts on the same topic.

Tw en t y-eigh t suc h degraded viewp oin ts w ere constructed, eac h with b et w een one and sev en

facts replaced. Of the t w en t y-eigh t, eac h sub ject receiv ed six. T able 4.1 sho ws the mean

coherence score of the degraded viewp oin ts. Statistical analysis sho ws a signi�can t di�erence

in the mean coherence of pure viewp oin ts and degraded viewp oin ts.

4.8 Summary and Limitations

T o generate coheren t explanations of domain kno wledge, question-answ ering and advisory

systems m ust select, from all of the a v ailable kno wledge, collections of facts that are relev an t

to one another. One w a y to select coheren t p ortions of kno wledge is to access viewp oints of

concepts, collections of facts that describ e a concept from a particular p ersp ectiv e. Di�eren t

viewp oin ts pro vide di�eren t presen tations of domain kno wledge, eac h appropriate for di�er-

en t users, di�eren t system goals, and di�eren t dialogue con texts. Accessing the kno wledge

base at the lev el of viewp oin ts allo ws an explanation generator to concen trate on issues of

discourse managemen t, and it facilitates p ortabilit y [75 ].

In addition to their utilit y for explanation generation, viewp oin ts are also imp ortan t for a

v ariet y of other applications, including natural language pro cessing, comp ositional mo deling,

problem solving, default reasoning, and learning. Although viewp oin ts are crucial for a

v ariet y of tasks, existing metho ds for dynamically generating viewp oin ts from a kno wledge
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base are limited. This researc h pro vides general metho ds for generating viewp oin ts. In

particular, this w ork pro vides

� a framew ork of viewp oin t t yp es that are indep enden t of an y domain and task, and

� metho ds for generating viewp oin ts of eac h t yp e, either singly or in com binations.

The curren t framew ork of viewp oin t t yp es consists of as-kind-of viewp oin ts, viewp oin ts

constructed along basic dimensions, and as-having viewp oin ts. As-kind-of viewp oin ts de-

scrib e a concept b y relating it to a more general concept. The View Retriev er constructs

as-kind-of viewp oin ts b y �rst selecting relev an t features of the concept of in terest (features

subsumed b y some feature of the more general concept), then adding the connections b et w een

these features and the more general features. These connections pro vide the justi�cation for

the viewp oin t's con ten ts.

As-kind-of viewp oin ts pro vide t w o kinds of �ltering. The �rst �lter remo v es redundan t

features, those that the concept of in terest and the more general concept ha v e in common.

The second �lter remo v es irrelev an t features, features of the concept of in terest that do not

�t within the conceptual structure of the more general concept.

The second t yp e of viewp oin t is viewp oin ts constructed along basic dimensions. Basic

dimensions are general t yp es of facts, suc h as facts ab out an ob ject's structure, function,

or app earance, or facts ab out a pro cess's actors or steps. F acts within the same basic

dimension con v ey similar kinds of information. Basic dimensions are esp ecially useful for

pro viding added fo cus to as-kind-of viewp oin ts.

The set of basic dimensions giv en in Section 4.3 pro vides broad co v erage for domains

concerned with ph ysical ob jects and pro cesses. The list m ust b e extended to re
ect the kinds

of kno wledge found in other domains. Because kno wledge of basic dimensions is represen ted

declarativ ely in the kno wledge base, ho w ev er, the View Retriev er easily accommo dates an y

set of basic dimensions.

As-having viewp oin ts include features ab out the concept of in terest that are relev an t to

a user-sp eci�ed feature of the concept (the feature of in terest). Ideally , the View Retriev er

w ould construct as-having viewp oin ts b y using a theory of relev ance. Unfortunately , a gen-

eral, prescriptiv e measure of relev ance is not y et a v ailable. Therefore, the View Retriev er

dep ends on kno wledge of relev ance stored in the kno wledge base in the form of cac hed view-

p oin ts. The View Retriev er lo oks for a cac hed as-having viewp oin t similar to the requested

viewp oin t and uses this viewp oin t to determine whic h facts to include in the new viewp oin t.

If the View Retriev er do es not �nd a similar viewp oin t, then the View Retriev er de-

termines what other t yp e of viewp oin t includes the feature of in terest and returns that

viewp oin t. This metho d tak es adv an tage of the in ter-relev ance of features within the same

basic dimension.

In addition to constructing individual viewp oin ts, the View Retriev er also constructs

comp osite viewp oin ts. This in v olv es more than simply concatenating the con ten ts of t w o

individual viewp oin ts. Rather, it in v olv es putting them in to corresp ondence and remo ving

the p ortions that do not corresp ond. The View Retriev er constructs three t yp es of comp osite
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viewp oin ts. The �rst t w o are c omp ar e and c ontr ast , wherein the View Retriev er highligh ts

the similarities or di�erences b et w een t w o concepts under a particular viewp oin t. In the third

t yp e of comp osite viewp oin t, corresp ondence is determined b y a kno wledge-base relation,

suc h as p art-of or actor-in .

A user or application program sp eci�es a viewp oin t b y indicating the t yp e of viewp oin t

required and the concept of in terest. Figure 4.17 sho ws the grammar for the viewp oin t

sp eci�cation language. This sp eci�cation language allo ws the concept of in terest to b e a

concept represen ted either b y a frame or b y an em b edded unit. F urthermore, the concept of

in terest can b e sp eci�ed b y description or b y name, and it can b e a concept in the actual or

virtual kno wledge base. F or example, in the follo wing viewp oin t sp eci�cation

((W ater (comp oses Plan t)) dimension In
uence-Recipien t)

the concept of in terest (\the w ater that comp oses a plan t") is giv en b y description rather

than b y name, and that concept is represen ted in the kno wledge base b y an em b edded

unit rather than b y an explicit frame. (Figure 4.6 sho ws the viewp oin t that the View

Retriev er constructs giv en this sp eci�cation.) The Finder and Creator mo dules of KASTL

replace concept descriptions in viewp oin t sp eci�cations with frame names (or em b edded unit

addresses) as a prepro cessing step, using the metho ds describ ed in Chapter 3.

This w ork includes t w o ev aluations of the metho ds dev elop ed for generating viewp oin ts.

The �rst is an analysis to assess the completeness of the curren t set of viewp oin t t yp es and to

guide further re�nemen ts and extensions. Although the analysis is sub jectiv e and sp eculativ e,

its results suggest that the framew ork of viewp oin t t yp es dev elop ed here pro vides broad

co v erage for ph ysical domains suc h as b otan y . Limited co v erage is the ma jor limitation of

past w ork on generating viewp oin ts [46 , 47, 54, 57, 77 , 78 , 48, 49]. The analysis also suggests

imp ortan t directions for future w ork. F or example, the textb o ok analysis rev eals that most

explanations consist of sev eral viewp oin ts used in concert. Although the View Retriev er

can construct comp osite viewp oin ts, an imp ortan t area for future w ork is iden tifying whic h

com binations are most useful.

The second ev aluation of this w ork assesses the qualit y of the viewp oin ts the View Re-

triev er generates. T en indep enden t judges rated the con ten t coherence of b oth mac hine-

generated viewp oin ts and viewp oin ts tak en from a textb o ok. The results of this ev aluation

indicate that viewp oin ts the View Retriev er generates are comparable in coherence to h uman-

generated viewp oin ts.

One limitation of the View Retriev er is that it has no kno wledge of whic h viewp oin t(s)

of a giv en concept are the most signi�can t or of whic h facts within a particular viewp oin t

are most imp ortan t. A more sophisticated View Retriev er w ould assist users in requesting

salien t viewp oin ts and pro vide \viewp oin t highligh ting" to call atten tion to facts that are

esp ecially relev an t.

A second limitation of this w ork is that, although the View Retriev er pro vides general

metho ds for accessing viewp oin ts, it do es not prescrib e ho w to select the viewp oin t most

appropriate for a particular task. Although this w ork pro vides a task indep enden t language

for describing viewp oin ts and task indep enden t metho ds for generating viewp oin ts, viewp oin t
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selection requires task sp eci�c heuristics. Man y of the systems describ ed in Section 4.1.4

include suc h heuristics. The next c hapter discusses early w ork on heuristics for selecting the

most appropriate viewp oin t for explanation generation.

A third limitation of this w ork is the lac k of evidence as to the utilit y of the View

Retriev er for application programs. Although the utilit y of viewp oin ts for applications is

apparen t, whether a system can b ene�t from the services of the View Retriev er dep ends on

whether the View Retriev er generates the t yp es of viewp oin ts needed. The results of the text

analysis describ ed in Section 4.7.1 suggests that the View Retriev er is based on a framew ork

of viewp oin t t yp es that mak es appropriate distinctions, but conclusiv e evidence of the utilit y

of the View Retriev er requires designing and dev eloping application programs that use the

View Retriev er to access viewp oin ts. The next c hapter describ es initial e�orts and plans for

future w ork in this direction.
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Chapter 5

Summary and F uture W ork

The plain fact is that there are no conclusions. Sir James Je ans

5.1 Summary

The goal of this researc h is to dev elop metho ds for represen ting and accessing kno wledge to

supp ort m ultiple tasks. The sp eci�c goals of the researc h are threefold:

� to pro vide an expressiv e and con v enien t language for represen ting m ultifunctional

kno wledge,

� to insulate users of the kno wledge base from the e�ects of (sometimes arbitrary)

decisions of kno wledge represen tation, and

� to pro vide access to coheren t p ortions of kno wledge ab out a giv en concept ( viewp oints ).

5.1.1 Multifunctional Kno wledge Represen tation

The motiv ations for dev eloping a new represen tation language w ere, �rst, the need for more

expressiv e p o w er than existing frame-based languages pro vide and, second, the need for

constructs that enable con v enien t represen tation of common kinds of assertions. These

goals re
ect the p oin t of view that it is preferable for a represen tation language to b e more

con v enien t for p eople to use, ev en if it means that it is less con v enien t for computer systems

to use.

Chapter 2 presen ts KM, an expressiv e, frame-based language for represen ting m ultifunc-

tional kno wledge. KM includes three ma jor extensions that collectiv ely distinguish it from

traditional languages. These are constructs for

� represen ting quan ti�ed assertions,

� represen ting b oth de�nitional and nonde�nitional statemen ts, and
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� represen ting information con textually .

The �rst extension to KM allo ws quan ti�ed assertions to b e represen ted with the same

ease as ground assertions, as simple h fr ame slot value i triples. This is accomplished b y o v er-

loading slots (in the same sense that op erators of a programming language are sometimes

o v erloaded) with di�eren t seman tics, dep ending on the frames and v alues that a slot relates.

Di�eren t com binations of categories and noncategory instances giv e rise to di�eren t quan-

ti�cational patterns. Slots that are o v erloaded in the same w a y (and that share the same

seman tic mapping) are group ed in to equiv alence classes called semantic typ es . When the

seman tic t yp e of eac h slot is explicitly represen ted, a system can automatically determine

the seman tics of a particular triple. Slot o v erloading mak es kno wledge represen tation more

con v enien t than with con v en tional languages, and it allo ws the represen tation of sev eral

di�eren t forms of quan ti�ed assertions.

The second extension of KM, semantic annotations , pro vides greater expressiv eness b y

pro viding constructs for represen ting b oth the de�nitional and assertional comp onen ts of a

description. De�nitions are represen ted using seman tic annotations that distinguish b et w een

de�nitionally necessary features and de�nitionally su�cien t features. This distinction allo ws

concepts ha ving partial de�nitions to b e represen ted. Nonde�nitional assertions are also

represen ted using seman tic annotations (lik eliho o d, necessit y , cue-v alidit y , and uniqueness).

By attac hing probabilities to these seman tic annotations to represen t degrees of b elief, KM

accommo dates b oth defeasible and nondefeasible assertions as w ell as assertions of graded

defeasibilit y .

The third extension of KM is value annotations for represen ting information con textually .

Although v alue annotations do not add expressiv e p o w er to the language, they ha v e sev eral

adv an tages:

� they mak e kno wledge represen tation m uc h more con v enien t,

� they do not require the use of a rule or constrain t language,

� information represen ted with v alue annotations is just as accessible

as the rest of the information in the kno wledge base, and

� the resulting kno wledge base is easier to insp ect and use, b ecause

only the most imp ortan t domain concepts are rei�ed as frames.

5.1.2 A Con ten t Addressable, Virtual Kno wledge Base

The second goal of this researc h is to insulate users of the kno wledge base from the e�ects

of arbitrary decisions made during kno wledge represen tation. One kind of arbitrary deci-

sion is the c hoice of frame names ( e.g., Plant-Stem vs. Stem-of-Plant ). KASTL insulates

kno wledge-base users from the e�ects of arbitrary frame-name c hoices b y pro viding c ontent

addr essability .
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With con ten t addressabilit y , users can access frames using either the frame name or a

description of the concept that the frame represen ts. When giv en an access request con taining

a concept description, KASTL searc hes the relev an t p ortion of the kno wledge base for a frame

with a de�nitional comp onen t that matc hes that description. KASTL then substitutes the

name of the matc hing frame for the description in the access request and passes the request

to the appropriate access function.

The adv an tage of con ten t addressabilit y is that users can access the kno wledge base

without extensiv e prior kno wledge of ho w it has b een represen ted. In particular, users

can access concepts without kno wing the names of all the frames in the kno wledge base.

They need only kno w the names of the most general frames and slots (the top lev el of

the taxonom y), and they can access other concepts b y describing them in terms of more

general frames and slots. Th us, users ha v e more 
exibilit y in requesting information from

the kno wledge base. Application programs can pass this 
exibilit y on to their users. F or

example, a question-answ ering system that accesses a con ten t addressable kno wledge base

can accept questions whose topics are descriptions of concepts, rather than frame names.

This 
exibilit y is crucial for systems whose users are unfamiliar with the kno wledge base,

suc h as studen ts using a tutoring system.

Another kind of kno wledge represen tation decision is the c hoice of whic h concepts to reify

in the kno wledge base. This c hoice dep ends on the kno wledge engineer's sub jectiv e judgmen t

of the relativ e imp ortance of concepts. Because the imp ortance of concepts v aries from one

task to another, decisions the kno wledge engineer mak es regarding whic h concepts to reify

in a m ultifunctional kno wledge base are not appropriate for all tasks in all situations.

T o insulate users from the e�ects of this kind of represen tational decision, KASTL pro-

vides access to concepts in the virtual kno wledge base. With a virtual kno wledge base,

concepts that are implicit in the kno wledge base are just as accessible as concepts that are

explicit ( i.e. , that ha v e an asso ciated frame). When KASTL receiv es an access request con-

taining a concept description for whic h it cannot �nd a matc h in the kno wledge base, KASTL

creates a new frame to represen t the describ ed concept and mo di�es the kno wledge base to

accommo date it.

The adv an tage of pro viding a virtual kno wledge base is that users are less vulnerable

to the particulars of ho w kno wledge is represen ted. If users ha v e access only to concepts

that are explicitly represen ted in the kno wledge base, then the kno wledge engineer's decision

not to reify a concept that is imp ortan t for a particular task limits the user's abilit y to

p erform that task. F or example, if a question-answ ering system has access only to the actual

kno wledge base, then that system can generate answ ers only to questions ab out concepts that

ha v e b een explicitly represen ted. By pro viding access to concepts in the virtual kno wledge

base, an access metho d allo ws users to retriev e information ab out an y concept that can

b e describ ed in terms of other kno wledge base concepts, regardless of whether it has b een

explicitly represen ted.

Accessing concepts in the virtual kno wledge base requires p erforming automatic classi�-

cation of the giv en concept within the kno wledge-base taxonom y . Man y existing systems
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p erform automatic classi�cation, including most languages in the KL-ONE family [86]. These

systems, ho w ev er, ha v e sev eral limitations. First, man y of them limit expressiv eness to

ac hiev e tractable algorithms for the subsumption step of classi�cation [86]. This results in

languages so limited that they are no longer generally useful.

The second limitation of traditional classi�ers is that they use ill-c haracterized subsump-

tion algorithms. P ast systems use the extensional de�nition of subsumption, in whic h X

subsumes Y when the extension of X m ust b e a sup erset of the extension of Y . Extensional

subsumption has b een found to b e in tractable for most languages [86, 58 ]. As a result,

systems that are based on extensional subsumption ha v e retreated to tractable but incom-

plete algorithms [66]. These algorithms lac k a precise sp eci�cation of what subsumption

relationships they detect.

The third limitation of traditional classi�ers is that they are based on extensional sub-

sumption, but they are restricted to using only de�nitional (terminological) kno wledge,

kno wledge that has no assertional imp ort [12, 11 ]. Extensional subsumption cannot alw a ys

b e computed solely from de�nitional kno wledge.

T o address the limitations of existing classi�ers, KASTL is based on the intensional

subsumption criterion W o o ds giv es [85]. In tensional subsumption means that X subsumes

Y when the de�nition (in tension) of X is more general than the de�nition of Y . In tensional

subsumption mak es p ossible a w ell-c haracterized classi�cation algorithm without limiting

the expressiv eness of the represen tation language.

KASTL p erforms b oth the tasks of accessing concepts b y description and accessing con-

cepts in the virtual kno wledge base b y using a single mo dule with a single user in terface.

This has t w o adv an tages. First, the pro cedure that rei�es a concept in the virtual kno wledge

base can use information gathered while attempting to �nd that concept in the actual kno wl-

edge base, making the system more e�cien t. Second, users of KASTL do not need to kno w

whether concepts exist in the actual kno wledge base; they simply pro vide a description of the

concept. If KASTL fails to �nd a frame represen ting that concept, it automatically creates

one. Users do not need to kno w or sp ecify whether they are accessing existing concepts b y

description or accessing concepts in the virtual kno wledge base.

In addition to dynamically reifying concepts that are in the virtual kno wledge base,

KASTL also p erforms dynamic partitioning. F or a particular partitioning slot ( sp e cializa-

tions, has-p arts , etc.), the kno wledge engineer t ypically represen ts only a few of the p ossible

partitionings. Application programs ma y need some of the unrepresen ted partitionings to

supp ort some task. F or example, a tutoring system generating a description of the di�eren t

w a ys that a leaf acquires glucose throughout its lifetime w ould need a partitioning of L e af

in to stages according to glucose acquisition metho d. KASTL allo ws users to access partition-

ings that are not explicit in the kno wledge base b y dynamically creating new partitionings.

T o summarize, KASTL mak es users of a kno wledge base less vulnerable to the particulars

of ho w kno wledge is represen ted b y

� pro viding con ten t addressabilit y ,

� pro viding access to concepts in the virtual kno wledge base, and
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� pro viding dynamic partitioning.

These facilities mak e it easier for users to access the concepts that are relev an t to a particular

task. Once the relev an t concepts ha v e b een found, users m ust then determine what informa-

tion ab out those concepts is relev an t. KASTL assists users in selecting relev an t information

b y pro viding access to viewp oints of concepts.

5.1.3 Accessing Viewp oin ts of Concepts

The third goal of this researc h is to pro vide access to viewp oints of concepts. A viewp oin t

is a coheren t collection of facts that describ es a concept from a particular p ersp ectiv e ( e.g. ,

a structural viewp oin t of Se e d-Co at , a viewp oin t of Se e d-Co at as a kind of con tainer, a

viewp oin t of Se e d-Co at as ha ving no c hloroph yll).

Viewp oin ts are essen tial for a v ariet y of tasks. Explanation-generation, advisory , and

tutoring systems dep end on viewp oin ts to ensure the coherence of the explanations they

generate [43, 46 , 47 , 49, 78, 64, 65, 79 , 51 , 52]. Learning systems also use viewp oin ts. F or

example, KI uses views to constrain the searc h for consequences of adding new information

to a kno wledge base [54, 57 ], and Shrager uses views to guide incremen tal c hanges to a

learner's theory of ho w a device w orks so that only coheren t theories are learned [72]. Other

systems use viewp oin ts to constrain automated reasoning. F or example, F alk enhainer and

F orbus use p ersp e ctives in comp ositional mo deling to ensure consisten t mo deling assumptions

and to increase e�ciency [23]. ISAA C [62] and APEX [38 ] use viewp oin ts in solving ph ysics

problems. BLAH [82 ] and Algernon [19] use p artitions and views to constrain problem solving

and default reasoning. Finally , systems use viewp oin ts for natural language pro cessing.

F or example, Grosz uses fo cus sp ac es to guide disam biguation in discourse understanding

[28], and KING uses views to guide linguistic and conceptual c hoices in natural language

generation [37].

Although viewp oin ts are crucial for a v ariet y of tasks, existing metho ds for dynamically

generating viewp oin ts from a kno wledge base are limited. This researc h pro vides general

metho ds for generating viewp oin ts. In particular, this w ork pro vides, �rst, a framew ork

of viewp oin t t yp es that are indep enden t of an y particular domain and task, and second,

metho ds for generating viewp oin ts of eac h t yp e, either singly or in com binations.

The curren t framew ork of viewp oin t t yp es consists of

� as-kind-of viewp oin ts, whic h describ e a concept b y relating it to a more general con-

cept. F or example, the viewp oin t of Se e d-Co at as a kind of Container is an as-kind-of

viewp oin t.

� viewp oin ts constructed along b asic dimensions , whic h describ e particular kinds of fea-

tures of a concept (structural features, functional features, etc.). An example is a

structural viewp oin t of Se e d-Co at . Section 4.3 giv es a set of basic dimensions that pro-

vides broad co v erage for ph ysical domains. The View Retriev er easily accommo dates

basic dimensions for other kinds of domains as w ell.
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� as-having viewp oin ts, whic h include features ab out a concept that are relev an t to a

user-sp eci�ed feature of the concept. F or example, the viewp oin t of Se e d-Co at as

ha ving no c hloroph yll is an as-having viewp oin t.

In addition to constructing individual viewp oin ts of these three t yp es, the View Retriev er

also constructs comp osite viewp oin ts. This in v olv es more than simply concatenating the

con ten ts of t w o individual viewp oin ts. Rather, it in v olv es putting them in to corresp ondence

and remo ving the p ortions that do not corresp ond. The View Retriev er constructs three

t yp es of comp osite viewp oin ts. The �rst t w o are c omp ar e and c ontr ast , wherein the View

Retriev er highligh ts the similarities or di�erences b et w een t w o concepts under a particular

viewp oin t. In the third t yp e of comp osite viewp oin t, corresp ondence is determined b y a

kno wledge-base relation, suc h as p art-of or actor-in .

This w ork includes t w o ev aluations of the metho ds dev elop ed for generating viewp oin ts.

The �rst is an analysis to assess the completeness of the curren t set of viewp oin t t yp es

and to guide further re�nemen ts and extensions. Although the analysis is sub jectiv e and

sp eculativ e, its results suggest that the framew ork of viewp oin t t yp es dev elop ed here pro vides

broad co v erage for ph ysical domains suc h as b otan y . Limited co v erage is the ma jor limitation

of past w ork on generating viewp oin ts [46, 47 , 54, 57 , 77, 78, 48 , 49]. The analysis also

suggests imp ortan t directions for future w ork.

The second ev aluation of this w ork assesses the qualit y of the viewp oin ts the View Re-

triev er generates, as compared to the qualit y of viewp oin ts found in h uman-generated text.

In this exp erimen t, biologists and b otanists judged the coherence of text passages consist-

ing of viewp oin ts the View Retriev er generated and viewp oin ts tak en from textb o oks. The

results of this exp erimen t sho w no statistically signi�can t di�erence in the mean coherence

of viewp oin ts the View Retriev er generates and the mean coherence of h uman-generated

viewp oin ts.

5.2 F uture W ork

This section discusses t w o predominan t areas for future w ork. The �rst is extending the

set of access metho ds dev elop ed here to include new paradigms for kno wledge access. The

second is designing application programs that tak e adv an tage of these access metho ds to

p erform kno wledge in tensiv e tasks.

5.2.1 New P aradigms for Kno wledge Access

The t w o traditional access metho ds for frame-based kno wledge bases are frame-slot access,

wherein the user sp eci�es a ( fr ame slot ) pair and the system returns the v alue(s) of that

slot on that frame, and the second is frame access, wherein the user sp eci�es a frame name

and the system returns all the h fr ame slot value i triples stored on that frame. This researc h

extends traditional metho ds to include metho ds for
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� accessing concepts b y description,

� accessing concepts in the virtual kno wledge base,

� accessing partitionings in the virtual kno wledge base, and

� accessing viewp oin ts of concepts.

One area for future researc h is to further expand this set with new paradigms for kno wledge

access.

Mo del Comp osition

A relativ ely new paradigm of kno wledge access that researc hers are in v estigating is mo del

comp osition. A mo del of an ob ject or pro cess di�ers from a viewp oin t in that a mo del can b e

executed ( e.g. , via n umerical or qualitativ e sim ulation) to yield predictions. Th us, mo dels

t ypically require few er kinds of kno wledge than viewp oin ts do (usually only structural kno wl-

edge of ob jects, mo dulatory relationships b et w een pro cesses, and functional and di�eren tial

relationships b et w een quan tities). Mo del c omp osition is the task of automatically selecting

from a kno wledge base the information that constitutes the minimal mo del adequate for a

particular task.

As with viewp oin t construction, the goal of mo del comp osition is to iden tify all and only

the domain kno wledge that is p ertinen t to a particular task. If a mo del includes to o m uc h

information, then execution of the mo del ( i.e. , sim ulation) will b e ine�cien t and costly . In

addition, an o v erly complex mo del do es not yield a coheren t explanation. If a mo del includes

to o little information, then it ma y not b e adequate to mak e the required predictions, or its

predictions ma y b e unsound.

F alk enhainer and F orbus ha v e made a signi�can t con tribution to mo del comp osition [23].

They prop ose constructing mo dels from �ne grained mo del fr agments . Eac h mo del fragmen t

is conditioned on the set of assumptions that it requires. These assumptions prescrib e

whic h domain ob jects to include in the mo del, what viewp oin ts to imp ose on them, and

other simplifying assumptions. F alk enhainer and F orbus's system selects a minimal set of

mo del fragmen ts that constitutes a mo del of the quan tities to b e predicted (the quantities of

inter est ). By attending to the assumptions accompan ying eac h mo del fragmen t, the system

ensures that the mo del it constructs is consisten t.

Ric k el p oin ts out that a ma jor limitation of F alk enhainer and F orbus's metho d is that

it do es not alw a ys construct an adequate mo del [70]. F or example, consider the prediction

question, \Ho w w ould a decrease in the amoun t of w ater in the soil a�ect the gro wth rate of

a plan t?" Because it is p ossible to reason ab out gro wth rate indep enden tly of the soil, there

is a minimal mo del of gro wth rate that excludes the soil (and hence excludes the amoun t of

w ater in the soil as w ell). F alk enhainer and F orbus's metho d will construct suc h a mo del,

ev en though satisfactorily answ ering the giv en prediction question requires a mo del that

includes the in teraction b et w een soil w ater amoun t and plan t gro wth rate.
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Addressing this limitation of the \minimal mo del" approac h is non trivial b ecause the

system cannot assume that ev ery quan tit y men tioned in the question should b e included in

the mo del. The user ma y pro vide a complex scenario, m uc h of whic h is irrelev an t. Users can-

not b e exp ected to kno w what information is relev an t to their questions, and automatically

determining what is relev an t is di�cult.

Ric k el has prop osed researc h to address this problem [70 ]. Ric k el's approac h is to �nd

and exploit inter action p aths , sets of functional and di�eren tial relationships that connect

giv en quan tities ( e.g. , the amoun t of w ater in the soil) with quan tities of in terest ( e.g. , plan t

gro wth rate), describing ho w they a�ect eac h other. In teraction paths guide the selection of

ob jects to include in the mo del and the selection of an appropriate lev el of detail at whic h to

mo del eac h ob ject and eac h relationship. By exploiting in teraction paths, Ric k el's metho d

ensures that the resulting mo del is adequate for the giv en prediction task.

Accessing Lev els of Detail

Another new paradigm for kno wledge access is accessing deep er lev els of detail for a giv en

fact. Often a fact is an abstraction of a collection of facts at a �ner lev el of detail. The

detailed facts pro vide an explanation of the more general fact. F or example, one can describ e

a causal relationship b et w een t w o ev en ts at a �ner lev el of detail as a sequence of causal

relationships in v olving in termediate ev en ts. Similarly , one can explain a logical implication

b y a series of logical implications. One can detail functional relationships b et w een quan tities

either b y replacing qualitativ e relationships with more precise quan titativ e relationships or

b y sp ecifying more detailed dynamics at a faster time scale [70].

Although �ne grained kno wledge bases often con tain m ultiple lev els of detail, the b ound-

aries of these lev els are usually not explicitly represen ted. That is, accessing deep er lev els of

detail usually requires searc hing the kno wledge base. Because a v ariet y of applications re-

quire m ultiple lev els of detail, including comp ositional mo deling and explanation generation,

an access metho d capable of retrieving the information that constitutes a deep er lev el of de-

tail for a giv en fact w ould simplify the design of these application programs. In addition, it

w ould enhance their mo dularit y and p ortabilit y across domains and across represen tational

formalisms.

An access metho d for lev els of detail w ould p erform the follo wing task:

Given:

� a kno wledge base,

� a triple, h F S V i , and

� the t yp e of detail needed for the giv en triple,

R eturn: A collection of one or more triples that pro vides more detail (of the giv en t yp e)

for the giv en triple. This collection of triples forms a path through the kno wledge base

starting at F and ending at V . F or example, giv en a request for causal detail for the triple

h Plant-Dehydr ation c auses Stoma-Closing i , an access metho d could return
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� h Plant-Dehydr ation c auses Conc entr ation-of-Guar d-Cel l-ABA i ,

� h Conc entr ation-of-Guar d-Cel l-ABA c auses Guar d-Cel l-Potassium-L oss i ,

� h Guar d-Cel l-Potassium-L oss c auses Guar d-Cel l-Osmosis i ,

� h Guar d-Cel l-Osmosis c auses Guar d-Cel l-Water-L oss i ,

� h Guar d-Cel l-Water-L oss c auses Guar d-Cel l-Col lapse i , and

� h Guar d-Cel l-Col lapse c auses Stoma-Closing i ,

assuming eac h of these triples w as represen ted in the kno wledge base.

The c hallenge in dev eloping an access metho d that p erforms this task is iden tifying

imp ortan t t yp es of detail (w a ys that a fact can b e re�ned b y other facts). The t yp es of

detail men tioned ab o v e are causal re�nemen t, logical re�nemen t, qualitativ e-to-quan titativ e

re�nemen t, and time-scale re�nemen t. The t yp e of detail needed constrains the searc h

through the kno wledge base; for eac h t yp e, only certain classes of slots need to b e explored.

F or instance, to access causal detail (as in the ab o v e example), an access metho d need

only tra v erse relations suc h as c auses, enables , and pr events . As with basic dimensions for

viewp oin ts, it is lik ely that the kno wledge of whic h slots are p ertinen t to eac h t yp e of detail

can b e represen ted directly in the kno wledge base, on the frames that represen t slots. In

this w a y , the access to ol can op erate on an y kno wledge base.

Lik e viewp oin ts, lev els of detail that users access frequen tly could b e cac hed in the kno wl-

edge base. Mallory is dev eloping a formalism for represen ting the collection of facts that

detail a giv en fact. (The formalism is curren tly limited to facts ab out ho w an increase or

decrease in one quan tit y causes an increase or decrease in another quan tit y .) In this for-

malism, a h fr ame slot value i triple in the kno wledge base can ha v e an asso ciated story that

comprises the triples that explain it. Mallory is also dev eloping metho ds for presen ting these

stories in a h uman-readable form.

5.2.2 Applications

The second area of future w ork is to design application programs that use the access metho ds

dev elop ed here to p erform kno wledge in tensiv e tasks. Aside from the merits of the application

programs themselv es, designing them will pro vide an empirical ev aluation of the utilit y of

the access metho ds.

Kno wledge Acquisition

One application of the access metho ds dev elop ed here is kno wledge acquisition. Kno wl-

edge acquisition is a mac hine-learning task in whic h a computer system assists a kno wledge

engineer in constructing or augmen ting a kno wledge base.

Extending a kno wledge base includes
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� adding new concepts to the taxonom y , and

� extending existing concepts b y adding new slots and v alues.

A kno wledge-acquisition to ol incorp orating the access metho ds dev elop ed here can assist the

kno wledge engineer in these activities b y

� suggesting new concepts and new slot v alues to add to the kno wledge base,

using kno wledge of viewp oin t t yp es,

� making concept creation easier b y reifying concepts from the virtual kno wledge base,

and

� making concept extension easier b y pro viding con ten t addressabilit y .

First, a kno wledge-acquisition to ol can suggest new information to add to the kno wledge

base, using kno wledge of viewp oin t t yp es. A problem that kno wledge engineers face when

constructing a m ultifunctional kno wledge base is deciding what information to add next.

Because the kno wledge is not tailored to a sp eci�c problem-solving task, the kno wledge

engineer needs another source of guidance to iden tify gaps in the kno wledge base. Viewp oin ts

pro vide this guidance.

A kno wledge-acquisition to ol can use viewp oin ts to guide kno wledge en try in the follo wing

w a y . Giv en a concept to b e extended, the system �rst determines whic h viewp oin t t yp es

apply to that concept. F or eac h of these t yp es, the system attempts to construct a viewp oin t.

If it cannot �nd some of the relations that the viewp oin t t yp e requires, the system suggests

that the kno wledge engineer add them to the kno wledge base. By soliciting information

within one viewp oin t at a time, the system pro vides a sense of fo cus to kno wledge en try .

Murra y's KI system p erforms a similar function as it do es kno wledge in tegration [55].

When KI attempts to apply a view t yp e to a domain concept, and KI cannot complete the

view, then it suggests that the kno wledge engineer en ter v alues for the necessary slots. In ad-

dition, KI sometimes mak es suggestions for appropriate en tries of those slots. A kno wledge-

acquisition to ol can generalize this metho d b y augmen ting KI's limited set of view t yp es

with the more general set of viewp oin t t yp es describ ed in Chapter 4.

The second w a y that a kno wledge-acquisition to ol can assist in kno wledge en try is b y

making it easier for the kno wledge engineer to create new concepts b y reifying concepts from

the virtual kno wledge base. The usual tec hnique for adding a new concept to the kno wledge

base is for the kno wledge engineer to

1. create a new frame to represen t the concept,

2. name the new frame,

3. select the generalizations of the new concept,

4. select the sp ecializations of the new concept,
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5. install generalization and sp ecialization relations b et w een the new frame and its

generalizations and sp ecializations, and

6. install de�ning prop erties of the new concept that distinguish it from its generalizations,

if applicable.

A kno wledge-acquisition to ol can simplify this pro cess b y p erforming these steps automati-

cally . Giv en a description of the concept to b e created (in the sp eci�cation language giv en

in Chapter 3), the system uses the metho d describ ed in Chapter 3 to reify the concept from

the virtual kno wledge base and reorganize the existing kno wledge base to accommo date it.

The kno wledge engineer can then pro ceed to add additional slot v alues to the new frame.

Third, a kno wledge-acquisition to ol can mak e it easier for the kno wledge engineer to lo cate

the frame to whic h new kno wledge is to b e added, b y pro viding con ten t addressabilit y . T o

add new kno wledge ab out a particular concept, the kno wledge engineer normally sp eci�es

the name of the frame represen ting that concept, and the system presen ts that frame for

editing. If the kno wledge engineer do es not kno w or cannot remem b er the name of the frame,

then he m ust searc h the kno wledge base for it. With con ten t addressabilit y , the kno wledge

engineer can �nd the frame easily b y describing it (in the sp eci�cation language giv en in

Chapter 3). Similarly , to sp ecify a frame as the v alue of a slot on some other frame, the

kno wledge engineer can giv e a description, and the system will replace it with the appropriate

frame name, using the metho d describ ed in Chapter 3.

Question Answ ering

A second application of the access metho ds dev elop ed here is question answ ering. The

question-answ ering task can b e describ ed as follo ws:

Given:

� a question, and

� a kno wledge base,

Do:

� query interpr etation: translate the question in to an unam biguous in ternal

represen tation grounded in kno wledge-base frames and slots,

� c ontent determination: select the p ortion of the kno wledge base that constitutes a

correct and coheren t resp onse,

� or ganization: arrange the information in a linear sequence of facts for presen tation,

and

� r e alization: translate the information in to a form for presen tation

( e.g. , natural language).
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Question answ ering is an imp ortan t comp onen t of in telligen t tutoring systems, exp ert sys-

tems, and advisory systems.

Query in terpretation in v olv es translating user-supplied descriptions of concepts in to names

of frames in the kno wledge base. F or example, giv en the question \Ho w do es the amoun t

of w ater in the soil around a plan t a�ect the plan t's gro wth rate?" the system m ust deter-

mine that \the soil around a plan t" refers to the frame Plant-A mbient-Soil . The metho ds

giv en in Chapter 3 for accessing concepts b y description simplify this translation greatly .

F urthermore, if a concept describ ed in a user's question is not explicitly represen ted in the

kno wledge base, then the system can reify it from the virtual kno wledge base. This facilit y

giv es the system more 
exibilit y in answ ering unan ticipated questions.

Con ten t determination in v olv es selecting coheren t p ortions of kno wledge from the kno wl-

edge base. As Chapter 4 describ es, accessing viewp oin ts of concepts is one tec hnique for

selecting coheren t p ortions of kno wledge. Accessing kno wledge at the viewp oin t lev el also

increases the mo dularit y and p ortabilit y of the system. T o use viewp oin ts as the building

blo c ks of a resp onse, a question answ erer m ust solv e the follo wing problems:

� determine whic h sequences and com binations of viewp oin ts are most useful

and most coheren t, and

� determine whic h t yp es of viewp oin ts are most appropriate for the giv en question.

One w a y to determine useful sequences and com binations of viewp oin ts is to analyze

h uman-generated texts. F or example, in the text analysis describ ed in Chapter 4, some

patterns of viewp oin ts are apparen t. The most common is structur al-functional-b ehavior al .

In this sequence of viewp oin ts, the text �rst giv es a structur al viewp oin t of an ob ject (whic h

describ es its parts), follo w ed b y a functional viewp oin t of eac h part (whic h describ es the

pro cesses in whic h it is an actor), follo w ed b y a b ehavior al viewp oin t of eac h pro cess (whic h

describ es the other actors in the pro cess). Another common pattern is b ehavior al-mo dulatory .

In this sequence, the text �rst giv es a b ehavior al viewp oin t of a pro cess (whic h describ es

its actors) follo w ed b y a mo dulatory viewp oin t of the same pro cess (whic h describ es what

pro cesses it causes or enables. The text then describ es those pro cesses b y another b ehavior al-

mo dulatory viewp oin t com bination.

Lester has dev elop ed a represen tation for this kind of discourse kno wledge, called A bstr act

Disc ourse Plans , or ADPs [41]. An ADP for a giv en topic includes a list of p oten tial subtopics

to b e discussed, conditions that go v ern when to include eac h subtopic, and instructions on

ho w to create viewp oin t sp eci�cations to pass to the View Retriev er. ADPs also sp ecify ho w

to organize the information that the View Retriev er returns. An imp ortan t area for future

w ork is building a library of domain indep enden t ADPs that capture common patterns of

viewp oin ts found in h uman-generated text. This e�ort will serv e to further ev aluate the

co v erage of the set of viewp oin t t yp es dev elop ed here and the exten t to whic h domain

indep enden t viewp oin t t yp es are su�cien t.

Another problem in using viewp oin ts for question answ ering is determining whic h view-

p oin ts are most appropriate for the giv en question. Presumably , di�eren t t yp es of questions
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require di�eren t t yp es of viewp oin ts. The selection of viewp oin ts should also b e sensitiv e to

the system's mo del of the user (resp onses should con tain viewp oin ts that relate new informa-

tion to what the user already kno ws) and the preceding dialogue (the viewp oin ts con tained

in a resp onse should con tin ue the theme of the preceding discourse).

When kno wledge of common patterns of viewp oin ts is a v ailable in the form of ADPs,

the problem of selecting the viewp oin ts appropriate for a giv en question is reduced to the

problem of selecting an appropriate ADP . Lester is dev eloping heuristics for selecting the

ADP most appropriate for a giv en question. These heuristics use the t yp e and the main

topic(s) of the giv en question to index in to a library of ADPs stored in the kno wledge base.

The heuristics are also sensitiv e to the system's mo del of the user and the dialogue history .

Once a question-answ ering system has selected the appropriate viewp oin ts to constitute

the con ten t of the resp onse, it m ust then organize the material. The kno wledge selected

during con ten t determination constitutes a net w ork of h fr ame slot value i triples. Natural

language, ho w ev er, has a strictly linear ph ysical represen tation. Th us, the system m ust

organize the selected kno wledge linearly b efore it translates it in to natural language.

Using viewp oin ts as the building blo c ks of an explanation simpli�es organization. Because

the information within a viewp oin t forms a coheren t whole, the task of organizing a resp onse

is reduced to organizing the material within eac h viewp oin t and then imp osing a linear

ordering on the viewp oin ts. Lester sho ws ho w viewp oin ts also guide restructuring of an

explanation when the initial organization is sub optimal [42].

Finally , the question answ erer m ust translate the resp onse it has constructed in to natural

language. As demonstrated b y the KING natural language generator, the kno wledge of

whic h viewp oin t the system imp oses on concepts in the explanation can guide linguistic and

conceptual c hoices [37].

5.3 Conclusions

A primary goal of arti�cial in telligence is to dev elop an arti�cially in telligen t agen t capable

of p erforming a v ariet y of kno wledge-based tasks. F or an agen t to ha v e suc h capabilities,

it m ust �rst p ossess a b o dy of kno wledge that supp orts m ultiple tasks. In other w ords, it

m ust ha v e m ultifunctional kno wledge. This researc h pro vides an expressiv e and con v enien t

language for represen ting m ultifunctional kno wledge.

F or an agen t to p erform a v ariet y of kno wledge-base tasks, it m ust also b e able to access

from its kno wledge base the domain concepts that it requires for the task at hand. This

researc h pro vides metho ds for accessing the concepts that are needed through con ten t ad-

dressabilit y . The agen t m ust also b e able to access the kno wledge of those concepts that is

relev an t in the curren t problem-solving con text. This researc h pro vides metho ds for accessing

relev an t kno wledge in coheren t groups, called viewp oin ts.

An imp ortan t asp ect of this researc h is its broad applicabilit y . Although this w ork

is presen ted in the con text of a frame-based represen tation language, man y of the ideas

(particularly those regarding viewp oin t access) apply to other represen tational paradigms as
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w ell. F urthermore, an y application program can use the kno wledge access metho ds dev elop ed

in this researc h, regardless of its task or domain.

Muc h of the past researc h in arti�cial in telligence has fo cused on problem solving tasks,

assuming that the relev an t kno wledge to supp ort those tasks will b e a v ailable. This researc h

pro vides metho ds for making the relev an t kno wledge a v ailable.
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