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1. INTRODUCTION.

How people reason is one of the fundamental questions of human behavior., Just how is #
that judgements are made, both the seemingly unconscious *everyday” decisions as well as the
more camplex “thought out” ones? Research in this area is necessarily widespread and diverse,
as one must not only be concerned with particutar inference processes but alsa other factors
such as memory organization and learning. This thesis examines aone theory about how human
plausible reasoning occurs, that described by [Coflins & Michalski 88].

{magine you're In your car, following directions to a friend's house. The directions are
somewhat sketchy but sa far you think you're on the right track. The next instruction is 10 take a
right onta High Street, right after passing the library Well, although you didn’t ses a sign for High
you pass a building that looks like it might be a library so you take a right. Since you didn't see
the sign you have a slight feeling of uneasiness about whether you're still driving correctly, tut
are not too concemed. The next tandmark is an Exxon station, at which paint a left should be
made onta Elm Street. From a distance you see a Sunoco station but cannot see any straet sign.
As you slowly approach you search for the street sign but still do not find it. The point arrives
where a decigion to continue straight or turn must be made - you decide to drive on. Gaing
theough the intersection you catch a glimpse of a street sign - It looks fike "E" something but you
just can’t make it out fast enough. As yau cantinue your doubt as to whether you're still on the
right path increases. Was that Eim Strest? Perhaps the directions had been meant to refer to
the Sunoco station. On the other hand is this even the correct street in the first place? What
made you think the building was a library, anyway? Should you turn around?

Continuing on, you see an Exxon sign and breath a sigh of relief. As you approach you
signal for a left turn and look for the sireet sign. This time it's in plain sight but to your
amazement its riot Elm Street but Oak. Now what? Did she just mix up QOak and Eim? Cr
perhaps Exxon and Sunoco. Again, what makes you think that the road you're on is even
correct? What if you're not even close...

Besides being not that unfamiliar to most pecple this little scenario characterizes a numbar
of issues which are addressed in this thesis. The use of multiple sources of evidence and
inference methods, the expression of kncwledge In uncertain terms, the variance of the certainty
of a conclusion as evidence is gathered, the trade-off between positive and negative evidence,
and the etfect of time upon the reasoning process are the main issues explored within.



Many situations arise in which people reason from incomplete and ambiguous intormation.
In addition, much of the reasoning process occurs at different levels of abstraction. In such
situations the evidence for alternative conclusions is considsred and one interpretation is selected
as being the most probable. This in itself is a complex task but, in addition, many such reasoning
situations are further canstrained by the lime available to consider evidence. This repont
describes PRS (Plausible Reasoning System) which is an implementad computer program that
models the reasoning processes characterized above.

To be a littie more specific the development of PRS was focused in several general areas: 1)
Examining the trade-offs in any reasoning process between certainty, cost, and specificity
(Michalski & Winston 86]; 2) Modeling a number of inference forms which previous researchers
have found to be prevalent in human reasaning [Collins & Michalski 88[; and 3) Representing the
uncertainty inherent in the real world.

Throughout this project several top-level goals directed the work: 1) To develop a warking
cornputer program which can be used fo model, test. and refine theories; 2) To develop an
implementation which is general and not tied to a specific domain; 3) To present a robust
example which illustrates the utllity of the program in a “real world" reasoning situation; and 4) to
consider both formal thearies and atheorstical yet intuitive methodologies.

1.1. Automated Reasoning.

The lerm automated reascning refers to the mechanization of reascning tasks. To some
readers automated reasoning may specifically connote a binary {true/false) reasoning process but
here it is meant to encompass the broad range of ideas connected with automating reasoning
processes. It is a complex area of study and accardingly has attracted a great deal of research.
This research is important in three significant ways: One is in formulating and testing thearies
about how humans reason; two, for building useful systems which can pertorm human-fike
reasoning tasks; and three, for building systems which perform infallibly accurate reasaning. -
Following, some of these altemative ideas and thearies will be briefly described.

A number of formalisms have been used in describing how reasoning operates. Many
theories of automated reasoning are based upon the principles of classical logic. Classical logic
has been shown 1o be useful in the performance of many tasks. One domain where it has seen
some Success is in having computers do theorem proving. In general, this works by giving the
system a set of initial facts, represented in predicate calculus, and having the system perform
deductive inference.

Researchers have found, however, that in many instances classical logic does not



accurately model human reasoning. Thus other formalisms have been developed in the hope of
more accurately mirrating numans.

One of the foundations of many reasening systems is that facts remain constant over time -
once a fact is knewn to be frue it cannot become false. Non-monetanic logic, on the other hand,
does not require that information remain in an unchanging state and be unequivocally known to
be true or false prior to drawing canclusions. Conclusions can be drawn based upon default
values or assumptions. Non-monotonic reasoning allows conclusions to be modified if additienal
information is obtained regarding the steps which support a conclusion. For @xample, when an
assumption which was used in inferring some other fact tums out to be erroneous the fact must
either ba supportable by other means or labeled as false. [McDermott & Doyle 80] provides a
good description of nen-monetonic reasoning,

Other alternatives to classical logic which raceive much attention are formalisms designed to
address the notion that humans reason without knowing information as being either true or false
but rather having some degree of belief attached to it. Uncertain reasoning is this idea that
human reasoning is based upon degrees of belief rather than strictly true/faise determinations.
For example, instead of having to decide whether same answer is right or not some measure of
the confidence in the answer being right is known. A great deal of work has gone inte both the
reprasentational issues concemed with uncertain reasoning and the quantitative and quaiitative
aspects of It. Specitic formalisms which have been developed include fuzzy logic [Zadeh 65,
variable precision logic [Michalski & Winston 86], and Cohen’s endorsement-based reasaning
[Cohen 85].

A major issue in automated reasoning is in the control of the reascning process. The two
contral schemes which have been the heart of many reasoning systems are forward and
backward chaining. Forward chaining is the process of beginning with an initial knowiedge base,
reasoning with it, and formulating conciusions, Backward chaining begins with a fact, or
conclusion, and uses the knowledge base in attempling to prove it. Systems have been -
developed which combine bath forward and backward reasoning, which corresponds well with
human reasofing.

In addition to the strictly theorstical underpinnings. automated reasoning has been at the
farefront of more practical uses of Artificial Intelligence. Expert systems, the performing of
human-like tasks by a computer, have been used for the testing of the theoretical issues as well
as for tools in providing a useful service. Such systems are generally more concemed with
accurate results rather than modeling human reasoning. Perhaps the best known system,
XCON, or R1 as It was originally called, [McDermaott 82], was developed by the Digital Equipment
Corporation to configure VAX systems.



The focus of this thesis is to examine a theory of human plausible reasoning, that of Callins
and Michalski. The Collins-Michalski Theory compares and contrasts with the aforementioned
ideas. It is a descriptive rather than prescriptive theory - it addresses how human reasoning
works rather than how it might ideally work. The Theory is concemed with modeling human
reasoning and generating conclusions carresponding to those a human would rather than
following methodologies which might praduce resuits considered to be mare correct,

A major contribution of the Collins-Michalski Theory Is the combination of numeric
uncertainty. information with semantic and structural information. The Theary identifies
parameters which are used to quantitatively model human plausible reasoning:

Additionally the Theory formalizes a number of different types of inferences used by humans
to gather evidence when reasoning. In any individual reasoning situation multiple inferences
using some number of the identilied types are performed which may resuit in multiple evidence
being found for the passible concfusions. This evidence is combined, allowing a final conclusien
to be reachad with some calculated degree of befief.

in parallel with this thesis several other attempts have been made at implementing the
Theary: [Baker, Burstein, & Collins 87] and [Dontas 88]. Al of the implementations are similar in
that they follow the reasoning style described by Collins and Michalski, implementing the
inference types identified in the Theory. As would be expecled differences are lower level
implementation details, such as the mechanism tor propagating uncertainty.

This thesis will explore the Colling-Michalski Theory in more detail, addressing issues raised
in this intraduction. The focus of this report is on a coemputer implementation of the theory, PRS
(Plausible Reasoning System).



2. PLAUSIBLE REASONING.

A good beginning peint is to discuss what the term plausible reasoning actually means. The
ward plausible is used in a number of different contexts, however in general a user is attempting
ta evoke a feeling similar to the sense of the words believable, probable, reasonable, or
presumable. It is used in situations where there is a general feeling of believability rather than
uncompromising avidence. Reasoning ¢an be thought of as some sont of thinking process which
explains. justifies, or supports a conclusion. I does not necessarily Imply any notion of accuracy
or correctness. Plausible reasening thus is the act of reaching conclusions which are supported
by some evidence, although that evidence is not, in many cases, confimatory, Plausible
reasoning describes reasoning processes in which there Is no clear cut, irrefutable svidence
supporting a particular conclusion. It Is perhaps best described as reasoning based upon
supporting but not necessarily confirming evidence.

Plausible reasoning implies that thera is some degree of uncertainty associated with a given
conclusion and that there are alternative conclusions (although they may not be known). In this
way it differs from deterministic reasoning procedures in which conclusions can be unequivacally
reached given a set of initial facts, One problem with such pracesses is that rarely are all of the
facts known about a situation enough to make an unequivacal determination. Think about some
of the everyday judgements that you routinely make. Although in some cases you c¢an be very
¢ertain of a conclusion there is always a chance that, perhaps due to some small quirk, the
conclusion is not, in fact, valid.

Plausible reasoning is manifest throughout human behavior, People do it in both simpie
situations (eg: "That must be John at the door since he said he would be over around now™.) and
mere complex ones (eg: "l bought stock in the Acme Company because their P/E ratio is goad,
the market for.their products is streng,...".)

Much research has been done in the area of human plausible reasaning (eg: [Callins 78],
{Bobrow & Colling 75]). This thesis incorporates many ideas presented in previous work,
primarily drawing from [Colling & Michaiski 88]. The purpese of the following secticn is to provide
the reader with a brief overview of the Callins-Michalski Theary of Plausible Reasaning - details
will be presented in subsequent chaplers.



2.1. Collins-Michalski Theory of Plausible Reasoning.

Collins and Michalski define a formal theory describing how humans do plausible reasoning.
Their Theory builds upon the idea thal humans use many diverse methods when reasoning.
Previous research has identified and examined a number of these methods, or inference
procedures. For example, the human ability to make Judgements based upon generalizing the
current situation to the more abstract case is clear. Another type of inference which people use is
a lack of knowledge inference [Gentner & Collins 81], This refers to situations where unless
something is explicitly known to be false it Is assumed to be true (or vice-versa).

in addition to identifying certain infersnce patterns the theory proposes that human
reasoning about a particular situation uses one or more of the identified inference types in amriving
at a conclusion. A final judgement is made based upon the combination of the evidence obtained
from using any inference.

Much of the theory evolved through the analysis of questioner-respondent interactions. The
answers to a large number of questions were examined for patterns as to how humans reason.
An example of one such dialogue is shown in figure 1 (taken directly from [Collins & Michaiski
88]). This is an example of a specialization transform: the respondent knew that the Andes are
in most South American countries (7 out of 3 of the Spanish speaking countries). ‘Since Uruguay
is a fairly typical South American country, he guesses that the Andes may be there too. The
respondent is wrong, but the conclusion was quite plausibie.

Q. Is Uruguay in the Andes Mountains?

R | get mixed up on a lot of South American countries (pause). I'm not sure. |
torget where Uruguay is in South America. It's a good guess to say that it's in
the Andes Mountaing because a lot of the countries are.

Flgure 1: Plausible Reasaoning Dialogue.

The Theory addresses both the abstract cognitive issues of reasoning as well as more
implementation orented ideas. It might be broken down into four interrelated areas:
representation, interence types, inference control, and uncertainty.



2.1.1. Representation.

Collins and Michalski propose that information is represented in dynamic hierarchies which
are interconnected by traces. Essentially the theory descrines a network of objects with relations
between them indicated by links. The network changes to reflect new information. The change
takes place in the links, new ones are created and the strength of existing ones changes. The
idea of dynamic hierarchies captures a number of intuitions about how humans store and process
information. It allows for objects to be related in any number of ways and for the information
known about them to be constantly changing. It proposes that information is highly structured,
related both hierarchically and laterally. Figure 2 illustrates the representation of a fact as a trace

between twa hierarchies.

waorld

Asia

trees ‘m\\fff Europe
. 4 ‘\

Ry,

g
daffodils A roses T England

Flowers in England are daffodils, roses,...

Figure 2: Trace.

2.1.2. Inference Types.

A major contribution of this Theory and the work which it bullds upon is the identification of
the different inference types which people use. Inference types detailed in the Theory are!!

Mutual implication: Implications, which are also referred to as rules in much of the literature,
are statements meaning that some antecedent implies some consequent. Mutual implication is

"Thesa are discussed in dstail in chapter 4



an extension to this which additionally considers to what degree knowing just the consequent
implies the antecedent. Thus in the Theory implications are pidirectional, with parameters used
to measure both the farward and backward nature of the rule.

Mutual Dependency: Dependencies are relationships between aftributes. They model a
human's knowledge that certain attributes are related yet the exact relationship is unknown. Faor
axample, an implication might state that a place wilth a temperata climate will have roses while a
similar dependency would state that the types of flowers in a place are related to the climate.
Dependencies relate attributes while implications relate attribute-value pairs. Like mutual
implications mutual dependencies are bidirectional.

Generalizatior: This is the inference process whereby knowing something abcut some
object and also knowing that the object is member of a general class of things allows an inference
ta be made that the same thing holds for the class as a whole.

Specialization; Specialization is the inverse of generalization. It is the inference process
whereby knowing something about some general ciass of things and also knowing that some
object is a member of that class allows an inference to be made that the same thing holds for the

specific abject.

Similarity/Analogy: This describes the class of inferences whereby knowing that objects
have a number of corresponding features other features which only one of them may be known to
have can be inferred to alsa exist on the ather objects.

Again, these Inferences comprise the major fypes upon which the Theory is presented.
Howaever, it is not restricted to these. Recall from above one of the Theory's primary tenets is the
idea that all sorts of diverse inferences types are combined when people reason.

2.1.3. Inference Control.

inference control issues are also addressad in the Theory. Control alludes to several
hypotheses about the actual process of human reasoning. It is, of course, necessarily linked to
the issues of representation, inference types (discussed above), and uncerainty (discussed
tislow).

The main contentions here are that people often use multiple sources of evidence as well as
multiple inference types In reasoning. They are more or less certain of things depending upon
the evidence which they can bring to bear en the subject. A certain conciusion may initially be
weakly believed but as the certainty of the evidence supporting it increases it becomes mcre



accepted as valid. A final judgement is made considering all sources and strengths of evidence
and combining them. Finally, the Theory contends that all avidence, both for and against a
certain conclusion, is considered. This involves the identification of alternatives and weighing

them against each other.

2.1.4. Uncertainty.

The Cailins and Michalski Theory goes beyond just the qualitative aspects of reasoning and
proposes that numeric variables can be used to mare fully model the actual human reasoning
process. They identify nine parameters, or weights, which are used to more lully specity the
information used in reasoning. The parameters are manipulated by the inference processes in
making judgements. The nine parameters used in the theory are forward and backward
conditional lkellhood, frequency, dominarnce, typicality, similanty, muftipiicity, both of the
argument and referent, and certainty, or support. They will be discussed in detail in the following

chapter.

The weights are used to characterize the degree of the relationship between concepis or
objects. They are aftached to data with the intent of modeling human uncertainty about theair
knowledge. As a quick example recall the questioner-respondent dialogue in figure 1. Two of the
certainty parameters agsociated with specialization transforms are evident; frequency (he knows
that the Andes are in most countries), and lypicality (Uruguay 1s a typical South American
country). As will be described in Chapter 3, support weights are associated with information as a
higher Jevel measure of the belief in both a fact and its' associated frequency, doeminance,
typicality, and/or likelihood weight.

With this introduction PRS can now be presented. The following chapters will build upon the
presentation of the theory in this chapter with more detailed descriptions of the representation,
inference types, control, and uncertainty as they relate to the implemented system.
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3. REPRESENTATION

3.1. Descriptors, Arguments, Referents

All information in the system is represented as combinations of descriptors, arguments,
and referents. Descriptors can be thought of as predicates or attributes, arguments as objects,
and referents as attribute values. For example color can be usad as a descriptor, car as an
argument, and biue as a referent. Any object or concept in the universe can be any of the three,
depending upon how it is used. For example, in different situations the word car could be used
as a descriptor or an argument: "the car of John .7, “the color of the car ...". Built upon these
primitives are three general categaries of informatian: facts, implications, and dependencies.

3.1.1. Facts, Implications, Dependencies

Facts are represented in the form (DES (ARG) = (REF)), where DES is the descriptor (i.e.
predicate or aftribute), ARG is the argument (i.e. object), and REF is the referent (i.e. attribute
value). An example of a fact ig (ciimate (England) = (remperare)F which is interpreted as
meaning that the ctimate in England is temperate. Any descriptor can have an inverse assaciated
with it, which essentially just reverses the argument and referent. Heferring to the example
above, a descriptor ciimate-vaiue could be defined to be the inverse of ¢limate. Thus the fact
(climate-vatue (temparate) = (England)) is the inverse of (climate (England) = (temperate)). This
is interpreted as meaning that a temperate climate exists in England. Both a fact and an inverse
may convey essentially the same meaning. Haowever, as will be described in following sections,
the uncertainty weights attached to both a fact and its inverse, which ara not identical, define the
* exact relationship betwesn a descriptor, argument, and referent. To further familiarize the reader
with how facts are interpreted figure 3 lists some facts and their corresponding meaning in
English?®,

Facts may also be written with a conjunctien or disjunction of referents. In the above
example it might be the case that the climate of England ranges from temperate to harsh. Hence

2Nots: In arder to make the connection batwean this thegis and previous werk many of the examples used in this thesis
are from [Collins 78] and {Callins & Michaiski B8]

3As ancthar exampte, referring back ta chapter 2, tha trace in figure 2 would be reprasented as (flowars (England} =
{dalfadils) {roses)).
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(has-part {car) = (engine)) A car has the part engine.
(part-of {(engine) = (car)) An engine is a part of a car.
{type-of (car) = (sedan)) The type of the car is a sedan.
{terrain (lllinais) = (flat)) The terrain of lllingis is flat.
{color (baseball) = (white)) The color of a baseball is white.

Figure 3: English interpretation of PRS Facts.

the above fact could be written (climate (England) = (temperats) (harsh)), Similary since
England is certainly not the only country with a temperate climate the inverse (climate (England)
= (ternperate)) might be more appropriately written (climate-value (temperats) = (England)
(Holland) ...)).

PRS uses four descriptors to represent hierarchical relationships. They are fype-of has-
type, part-of, and has-part. Type-of and has-type are inverses of each other, as are part-of and
has-part, As described above, an inverse means that the referent and argument are transposed
when a fact is writteny with the inverse of the current descriptor (eg: (part-of (England) = (Europe))
and (has-pan (Europe) = (England)) are inverses of each other). Several examples of these
relationships were shown in figure 3.

Implications are represanted as (ANT —» CON)where ANT is a list of antecedent facts and
CON is a single consequent fact®. Dependencies relate two descniptors, indicating that there is
some'-relationéhip between the two, Figure 4 lists some implications and dependencies and their
interprelation. For example, the dependency (climate « — latitude) indicates that there is some
link between the climate of a place and its latitude.

“Note the infix notation of the implication. In the actual implemantation and in seme sxampiss in this report. prefix
notation is used, for beth implications and dependancies (g ( — ANT CON)).
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(= ( (#-of-wheels (7x) = (4)) If 2x has 4 wheels and has an engine then it
(has-part (?x) = (engine}) ) ,

(&« = climate latitude) There is some relationship between the

value of something's climate and the value
of its latitude.

Figure 4: English interpretation of PRS Implications and Dependencies.

Figure 5 summarizes the elements of the representation system®.

3.2. Uncertainty.

In order to model the uncertainty in the worid weights, or certainty parameters, are attached
to all information. In PRS all of these weights are in the range of 0 to 1. 0 Indicates zero certainty
and 1 Indicates absolute certainty, In addition, each weight is represented as a range - i.e. with
jower and upper bounds - rather than as a single number. This allows the precision of the weight
to be made explicit: for example, 0.5+0.2 is quite different from 0.5+£0.02. Thus 0.4 to 0.6
Indicates that although the actual vaiue is not knawn, however lies samewhere between 0.4 and
0.6. Two characteristics of any weight, or interval, are important: the magnituds - how high are
the bounds, and the pracision - the distance between the lower and upper bound. It should be
noted that the addition of cerainty ranges rather than single numbers is an extension of the
Collins-Michaiski Theory. This was done to more closely match some aspects of human
knowledge that cauld not be done with a single value. As each weight can be represented as a
single value b} having equal upper and lower bounds (eg: 0.5 to 0.5) this representation is a
generalization of that described in [Collins-Michalski 88].

In general what the weights represent is the relationship between abjects, or concepts, in the
universe. More precisely each concept can be thought of as a finite set in the total universe.

Sfollowing standard notation symbols er words fallowed by a "7 are variables.
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NAME FORM EXAMPLE
DESCRIPTORS | DES,, DES,. DES,4 climate, language, latitude
ARGUMENTS | ARG, ARG, England, Europe
REFERENTS REF,, (REF,, REF,)}, (REF;,..] temperate, temperate and mild.

' tropical, ...
VARIABLES BOCK? a book
TERMS DES,{ARG,), DES,(ARG,) climate(England), language(Europe)
STATEMENTS | (DES,(ARG,) = (REF,)) The «climate of Engtand s
temperate.
IMPLICATIONS ' | (BUY-LOC(BOOK?) = (England))|if the book was purchased in
— (LANG(BOOK?) = (English})) England then it's written in English.
DEPENDENCIES | DES,(ARG,) « = DES3(ARG) The dlimate of England is refated to
the iatitude of Engiand.

Figure 5: Elements of PRS Expressions,

Sets may overiap indicating that they are related, which in PRS means in the context of a certain
descriptor. Figure 6 illustrates this.

The weights are used to characteriza the degree of intersection between concepts, Weights
are represented by the following terminalegy: A weight is indicated by two numbers enclosed by
square brackets, eg: [0.7 0.9]. The general template is (s p] where s is the support and p is the
plausibility®. By definition s and p are both equal to or greater than 0 and equal to or less than

1. Also s is less than or equal to p. When s = p it indicates that there is no imprecision about the
" waight.

_ A weighi mdicates bellef In both a fact and its negation. The lower bound specifies both the

lower bound for a fact and the upper bound for the negation of that fact. The upper bound
specifies both the upper bound for a fact and the lower bound for its negation. For example,
consider a weight [0.7 0.9) supporting a fact. This is equivalentto a weight of [0.1 0.3] supporting
the negatian of the fact.

The terms support and plausibility are ussd to ramain consistent with uncertainty litarature (eg: [Shafer 78]), The
tarms have o meaning other than lower and upper bounds.
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Figure 6: Concepts as Intersacting Sets,

Six diffarent types of weights can be attached to datum: frequency, dominance, typicality,

likelihood, similarity, and support (or certainty), each described in detail in the following
sections’. (Note: As mentionad, in keeping with the notation in the uncertainty literature the term
support is used to signify the lower bound in any uncertainty interval. It is also used to refer to the
cenainty parameter as identified in the Collins-Michalski Theory. The term support is used
instead of the term certaimty because it was felt to better convey the meaning of the weight. Do
not confuse the two usages of the term support.)

Each bracketed welght is preceded by a letter which indicates what type of weight it is.

F[0.7 0.9] is thus is a frequency waight. The other weights also use the first letter in their name
as the Identifier. Each of the bounds in a weight can also be represented by subscripting the

"The Thaery ientfies nirie certainty parameters. This differance between nine and tha six listed above is for twa

raasong: One, as will be desaribed in saction 3.2.5, the forward and backward likelinood weights are represented as tha
sama waight on two Implications; one for the forward nature of the implicatien and one for the backward naturs, Twao, the
two muttiplicity parametars wers not part of the iriitial drafts of the Collins-Michalski Theary and subsequently this
implementation does not include them. Section 3.2.6 dascribes the multiplicity parametar arid assossaes the sffect of thew
abgence.
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bound with the weight type identifier. Thus F[s p] contains the bounds §p and Pg. ‘For example,
in the dominance range D[0.3 0.6] s, = 0.3 and p, = 0.6. (Note: the terms weight, range, and
interval will be used interchangeably to refer to the numeric values associated with a datum.
Bellet is used interchangeably with the term support),

It should be mentioned that in this thesis all the weights were set based upon the author's
experience or intuitions with regard to any datum. In general any weights with wide ranges refiect
a lack of knowledge about what they should actually be. As will be mentioned In the conclusion
scientific methods for the setting of uncertainty values is one area for additional research.

3.2.1. Frequency.

The frequency weight indicates the frequency of the referent occuering in the argument of
the descriptor. For example, if the frequency weight F[0.7 0.8] was associated with the fact
(climate (England) = (temperate)) it would mean that the climate of 70 to 90 percent of England is
temperate. (It might also ba interpreted that the climate of England is temperate between 70 and
90 percent of the time. PRS currently interprets frequency weights using the "place”
interpretation rather than the "time” interpretation). Freguency can thus be interpreted as the
conditional probability of a referent given the argument: the probability that the climate of England
is temperate is 0.7 to 0.8 (ie: P( temperate | climate(England) ) = 0.7 to 0.9)%. Figure 7 gives
some examples of frequency weights attached to facts. Figure 8 graphically Hlustrates the notion
of frequency. The figure is interpreted as the outside rectangle being the climate of England
which is partitioned based upon the dlfferent values which it can have. In this case we are only
concerned with the value temperate.

(terrain (Minois) = (flat F[0.8 0.9])) The terrain of 80 to 90% of lllincis is flat.

(color (baseball) = (white F[0.97 0.99])) The color of basebails is 97 to 93% white.

Figure 7. Facts with assoclated Frequency.

To llustrate the ditference in the weights attached to an inverse consider the previous

Appandix A summarizes the representation and associated meaning tor PRS tasts. This may be a useful refarence for \
the following chapters.
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Engtand
07 AN
_K. // /////’;’ ‘& not (climate (temperate))

[ climate (temperate)’/|

(climate (England) = (temperate F[0.7  0.9]))

|~ o

Figure 8: Graphical Representation of Frequency.

example, (climate (Engiand} = (temperate Fl0.7 0.9])). The inverse fact is (climate-vaiue
(temperate) = (England)). Since England is but a small portion of all temperate areas the
frequency attached to the inverse would be low. For the sake of this example let's say it's 0.1 to
0.2 (which is certainly somewhat inflated over the actual value). With this Information the
complete relationship between England and temperate in terms of the descriptor climate is
specified. The top two diagrams in Figure 8 illustrate graphically these two facts. In the diagrams
the area's marked with the crossed lines are in fact the same. This area is the intersection
between England and a temperate climate. By normalizing the weights attached to the facts they
can be represented in a single diagram. Thus 0.7 can be normalized to 0.1 (or vice versa),
which. as will be described in later chapters, allows certain inferences to be made (eg: if we know
that London is a part of England what can be said about it having a temperate climate). The
bottom diagram in figure @ lllustrates this normaiization.

Frequency medels the human ability to make judgements about the probability that a
characteristic or attribute Is present. As the examples in figure 7 indicate it allows the probability
of an atiribute having a specific value (or argument having a specific referent) fo be expressed, It
also allows for facts such as "a car is mostly red with some black” to be saslly represented:

(color {car) =  (red F[0.4 0.8])
' {black F[0.2 0.4]))

Intuitively the notion of frequency corresponds well with the way people think about much of
the information they know, Although much of it may not be explicity thought of in terms of
weights and probabilities It is clear that people do reason with such information.
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Figure 9: Graphical Representation of a Fact and its Inverse.
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3.2.2. Dominanee.

The second fype of weight is dominance. Dominance is identical to frequency except it
refers to the relationship between ssls and subsets and is used with any facts containing tha
hierarchical descriptors "type-of”, "has-type", "part-of", or "has-pant”. It reflects the dominance of
a set within another set. As with frequency, dominance can be interpreted as a conditienal
probabilty. Figure 10 gives some examples of dominance weights. Naote the set/subset
relationships between the arguments and referents in the statements. Figure 11 graphically
represents dominance.

(has-part {car) = (engine D[1.0 1.0])) 100 % ot cars have engines.

(part-of (engine) = (car D[0.4 0.6])) 40 to 60 % of engines are in cars.

- Figure 10: Facts with associated Dominance

Europa
IZ N \\ nt
Z{/ NN N %\ ‘\\ C\\ \
has-part (England} +~ 1 ) not (has-part (England)}
0.1 i1 ?‘ i
1 N N
(7 \.:\\

- (has-part (Europe) = (Enmgland D[0.1  0.2]))

Figure 11: Graphical Representation of Dominance

Like trequency dominance reflects people’'s knowledge ahout the relationship between sets.
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in this casa hierarchical sets. In people much of this knowledge is used unconscicusly yetitis a
cornerstone of much reasoning.

3.2.3. Typicality.

Typicality indicates how typical a subset is to a superset. It refers to the probability that
characteristics of a superset also hold for a subset. Typicaiity Is similar to dominance but it allows
stronger inferances to be made in situations where a subset is only a very small portion of a
superset yet most of the characteristics of the superset hold for the subset, As an example
consider the sets of Golden Retrievers and dogs. Since there are many differant kinds of dogs
Golden Retrievers make up a small percentage of all dogs {low dominance). However they're
fairly typical of the prototypical dog and therefare have a high typicality. As will be shown in
Chapter 6 on uncertainty propagation the high typicality allows for stranger inferences than would
otherwise be possible due to the low dominance.

Facts may have both dominance and typicality weights assaciated with them. Depending
upon their values and the type of Inference either of the weights or both may have a bearing on a
particular reasoning procass. (Again, this Is discussed in Chapter 6).

Figure 11 lists some facts with typicality weights and their interpretation. (The graphic
representation would be identical to that for dominance).

{has-type (car) = (sedan T[0.8 1.0})) There is an 80 to 100% probability that facts
associated with cars wilt also hold for
sedans.

(has-part (England) = (Surrey T[0.3 0.8]) There is a 30 to BO% probability that facts

associated with England will also hold for .
Surrey.

Figure 12: Facts with associated Typicality.
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3.2.4. Similarity.

Similarity is analogous to typicality except it indicates a rélationship between two non-
hierarchically related sets. It refers to the probability that characteristics of one set hold tor the
other. It allows for inferences to be made about the presence of an attribute, or characteristic, in
one set based upon a measure of ils similarity to anather set with that characteristic.

A number of issues make the concept of similarity extremely complex. OCne is that two
objects are generally nat just similar but similar in a certain context. For example, in a certain
viewpoint cats are very similar to dogs: domesticated, relative sizes, number of legs, and so on.
Yet ohviausly there ara many ways in which they are dissimilar.

Researchers have proposed a number of ideas of how human similarity mechanisms work
and how they might be modeled. For example, one view is that similarity can be measured by
looking at the corresponding attributes between two objects. Measuring similarity In this manner
brings up a number of issues: salience or importance of attributes when making this match,
underlying tunctional aspects ot atiributes, and consideration of the attributes which don’t match:
Because of the great complexity invalyed with correctly implemanting a similarity mechanism 1t
was not attempted in this thesis. Much research has been devoted specifically to the cancept of
similarity and its inclusion here would not do justice to all of this research in the contsxt of the
other foci of this thesis.

As a final note one point which will be made in the conclusion is that an implementation
teature of PRS is that it is amenable to incremental additions. Although the developmeant of
mechanisms to handle similarity is not a trivial task it could be done on top af the current system
and it would not entail radical system madifications.

3.2.5. Likelihood.

The fifth type of weight is likelihood and is attached 1o implications and dependencies, For
implications likelihood is @ measure of the belief in the consequent given the antecedents. His
interpreted as the conditional probability of the consequent given the antecedents. For
dependencies likelihood is interpreted as a measure of the correlation between the two
descriptors. That is, a priori to knowing the values associated with attributes, or descriptors, it is
known that they may be related. Figure 13 gives an example of each.

In the Theory likelihood is represented as two separate weights, one relating the probability
ot of the right-hand side of a mutual implication or dependency given the left-hand side and the
other vice-versa, This requires fwo weights attached directly to each implication and
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(- ( (#of-wheels (7x) = (4)) If ?x has 4 wheeis and has an engine then
(has-part (7x) = (engine) ) there is a 70 to 95% likelin it
(object-id (7x) = (car)) L[0.7 0.95]) re i 0 95% likelihood that it is a
ear.
(& = climate latitude L{D.8 0.8]) For any argument there is an 80 to 90%

likelihaod that the value of climate is retated
to the vajue cf |atitude.

Figure 13: English Interpretation ot PRS Implications and Dependencies.

dependency, for example A — B . L, L, The representation used In this thesis is fo write each
Implication (and dependency) as two implicatlons (or two dependencies) and attach a llkelihocd
waight to each, Thus the aforementioned example would be represented as A - B:L and B
— A :L,. This change is merely representational and has no effect on the results of reasoning,

The likelihood weight matches well with human knowledge for both implications and
dependencies. Humans have knowledge about how likely a result is if certain conditions are true.
Also, in the case of dependencies It is clear that humans use a nation of dependent variables in
reasoning processes.

3.2.6. Multiplicity.

The multiplicity parameters refer to either a referent or an argument. They express the
cardinality of possible references or arguments, Consider the fact (mineral (Venezuela) = foil ..,
). A multiplicity weight reflecting the number of minerais Venezuela might have could be .
attached to the fact as well as one reflecting the numuer of countries which produce ail.

As mentloned at the beginning of this Chapter the multiplicity weight is not surrently included
in this implementation, as this was initially based on an earlier draft of the Theary which did not
include multiplicity. Although the absence of this parameter does not prevent inferences from
occurring multiplicity does factor into belief calculations and thus may affect the certainty of
conclusions in some instances. One of the characteristics of the mechanisms for handling
uncertainty, which will be described In Chapter 8, is that ail calculations are done on a
conservative basis, with no simplifying assumptions. Thus it multiplicity parameters were added
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to the system the conclusions reached during a reasoning task would become mare precise (ie:
the uncertainty ranges would become smaller) - inconsistencies with current reasoning
¢onclusions woauld not arise.

As noted In section 3.2.4 PRS is amenable te incremental additions and the addition of
multiplicity parameters could be done on top of the existing system.

3.2.7. Support,

The final type of weight is the support weight, referred to in the Theory as certainty. Up to
this point the weights which have been discussed - frequency, dominance, typicality, similarity,
likellhood, and multiplicity - have all been first order weights. What is meant by a first order
weight is that it is directly associated with data (ie: facts, implications, and dependencies).
Consider the combination of datum and its first order weights as a pair. Support is associated
with such pairs. It indicates the degree of belief in both the datum ard the first order weights
connected to that datum. Support is termed a second order weight in that it is measure of
certainty about other weights. Figure 14 shows some of the examples from the previcus
sections, now with a support value attached.

(terrain (lilinois) = (flat F[0.8 0.9] There is a 95 to 100% probability that the
8[0.95 1.01) terrain of 80 ta 90 % of Mlinois is flat.
(has-part {car) = (engine D[1.0 1.0] There is a 90 to 100% probabllity that 100%
S{-g 1.01) of cars have engines.
(= ( (#-of-wheels (7x) = (4)) There is a 70 to 80% probability that the rule
(has-part (?x) = (engine)) ) if 7x has 4 wheels and has an engine then
(obectd (7x) = (car)) L[0.7 0.95] Wi nas 4w - angme
S[0.7 0.8]) there is a 70 to 95% likelihood that it is a
car, is true.

Figure 14: Examples of Support Weights.

Support carresponds with the notion of meta-knowledge: they not anly have knowledge but
they have knowledge about that knowledge [Bobrow & Callins 75].
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3.3. Implementation.

The purpose of this section is not to provide an in-depth desch’ptlon of the impiemented
knowledge representatian, but rather to give a short overview of the general principles and
features,

PRS was implemented using a number of ideas expressed through the years on human
memery structure. Many of the thoughts were presented in {Quillian 68] and have come o be
associated with the term semantic networks. In PRS every object (ie: descriptor, argument, and
referent) is represented as a class, or node. Links are made between classes indicating the
relationships between them. Thus for representing facts the links connect a descriptor class and
an argument class to a referent class. Each top level class is represented identically which
allows any class to potentially be used as a descriptor, argument, or referent,

In the werld any object or concept in the world may be related to any number of other
objects in multiple ways. This is madeled in PRS by allowing multiple links from any class and
aftaching information to the link indicating the manner in which the classes are related. For
example, if the class bat existed in a knowledge base links aftached to It would connect it to other
classes, indicating the the use of the class (ie: as a descriptor, argument, or referent) in terms ol
each plece of information in which it is involved. This corresponds to way people know
information related to the concept bat with regard to the various meanings it may have (eg: the
verb bat or the noun carresponding to a baseball bat) and the various ways in ‘which each
meaning is used.

Cther information in the knowledge base, Implications and dependencies, is represented in a
similar manner. In the case of implications classes are linked together to make up individual
antecedents and conseguents and then these groups are linked together to form the implication.
A dependency is represented as a direct link between two classes - the two classes being
concepts which are used as descriptars.

In addition to strictly connecting classes, links hold information on the strength of the link.
Mare specifically, this is the uncertainty information discussed in the previous section. Thus
when a fact is retrieved it is not simply indicated that it exists but certain information abaut it is

tound.

In summary, there are number of important and useful characteristics of this implementation.
The whole principle of having an entity for every object and concept and allowing them to be
extensively interrelated corresponds to many long held views on human memory. The
implementation allows all information relating to a given object to be sasily found. In addition, the
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incremental expansion of a knowledge base is straightforward: new classes and links can be
added. Likewise for the modification of a KB: the information associated with links can be
retrieved and revised, or perhaps just removed.
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4, INFERENCE TYPES.

Now that the representation of information in PRS has been discussed, the next issue is how
it is used to make inferences. The basic idea behind the inference scheme is that if a fact is not
explicitly known (l.e. presentin the knowledge base) a number of transfermations ¢an take place
which in effect creates a path fram a known fact to the unknown input query (T erminology; a
query is any fact which the system attempts to prove. It may be one of several types: An input
or initial query is the query given to the system by the user to begin the infarence process. An
unknown query is any query which is not explicitly found in the knowledge base. A variable
quety is a query with a variable, It is generated by the system based upon one of the inference
transformations in order to find evidence for an unknown query. A secondary quety is a query
which resuits from an unknown query and the match found by a variable query. A solution path,
or path, is a string of querles and facts which connects an initial query to a known fact in the
knowledge base. The protocols given throughout this chapter will make these distinctions clear).
Once this path is discovered, the various weights associated with each datum along the path can
be combined to amive at a frequency and support range for the query. This propagation wiil be
discussed in Chapter 6, after each inference type has been presented.

A simple example might be useful before discussing each inference type. Consider a
system such that the facts (part-of (Surrey) = (Engiand)) and (climate (England) = (temperata))
wera included in knowtedge base but (climate (Surrey) = (temperate)) was not. I the system was
given the initial query (climate (Surray) = (temperate))? a line of reasoning could be made which
would indicate that since Surrey is a part of England and the climate in England is temperate then
there is some degree of evidence that the climate in SBurrey is temperate (a generaiization-based
inference®). Based on the weights associated with the two facts along the path a frequency and .
support range is assigned to the query that the glimate In Surrey is temperate. Using this
inference method it is possible, and probable in many situations, that the use of muitiple
transformations on the input query will generate muitiple solution paths. In the above example we
might also know that a town in Surrey is Guildford and the climate there is temperate and thus a

Note: This thesis uses the terms genaralization and specialization based infarence aoperations, or inferencs
transiormations, to réfar to the mechanisms by which an unknown datur is generalized or specialized to somathing that is
knowr. For axampla, if A is unknown it may be generalized to B which 15 known. This allows same degras of ballef to ba
transtared from B to A. Thus since the infarence vperation was a genaralization the evidence transier oparation was a
specialization {from B to.A). This thesis uses the operatlon names to refer ta the inference cperation necassary to move
fram unknown te known data not vice-varsa, Keep this gistinction clear.
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second solution path could be created (using a specialization-based inference). In such
situations the weights which each path brings to bear on the query are combined to produce final
frequency and suppart ranges for the query. (Again, this propagation and combination will be
discussed in Chapter ).

Since many of inference types in PRS depend upon the hierarchical structure of information
some further clarification of the hierarchical descriptars is in order. The four descriptors, type-of,
has-type, part-of, and has-part {presented in Chapter 3), map out two types of hierarchies: type-
of (or "isa") and part-of (or "part/whale"). There are a number of dlfferences in the intormatien
represented in the two types and the inferences which humans make fram the information varies
accordingly. The inferences depend not only on the fact that information Is orderad hierarchically
but alsa on sxactly what the hierarchical relationship is and what information is being transterred,
As an example, aven thought a spark plug is a part of an engine clearly the weight attribute of the
enging cannat be inherited by the spark plug. Alternatively, London is & part of England and
cenain atiributes, such as language, are easily transferred between the two sets. Type-ot
Hierarchies are more amenabie to inheritance between levels but they too do not always lead to
correct inferences. Ta avoid the complexity involved in distinguishing between acceptable and
unacceptable inferences all descriptors in PRS are treated equally and thus can just as easily be
reascned with in each kind of hierarchy. One area for future research is to expand the knowledge
base to encompass more information on descriptors, for example indicating validity for
hierarchically based inferences.

4.1, Argument-Based Generalization.

The first type of inference ftranstormation - an argument-based transformation - was
illustrated in the climate example on the previous page. More specifically, this is an example of a
argument-based generalization transtorm'%. The strategy of this inference is to generalize the
argument of an initial query, (DES (ARG) = (REF)). To generalize, the system laoks for facts of
the form (type-of (ARG) = (?x)) and (part-of {ARG) = (?7x)). It any generalizations are found they
are substituted for the argument in the unknown query and this generalized query then becomes
the subject of the inference mechanism. Figure 15 shows the template of queries and facts which
successiul argument-based generalizations follow.

Figure 16 shows the example given at the outset of this chapter cast into this tempfate:

10 the most recant versien of the Theory, (Collins ‘& Michaiski 88), this Is referred to as a ganaralization-based
argument transform. The names af the othar inferencss to be describad below have baen similarly revised
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Input Query: (DES (ARG) = (REF))

;;x—f;:e;-c_e-g;eration: Argument-Based Generalization
Variable Query: (part-of (ARG) = (7X})

Known: (part-of (ARG) = (ARG2))
Secondary Query: (DES (ARGZ2) = (REF))

Known: (DES (ARG2) = (REF))
;l-':f;;;&-:ﬂ"m (DES (ARG) = (REF))

Figure 15: Template for Argument-Based Generalization Inference.

Input Query: (climate (Surrey) = (temperate))
;;t;;;-.a}:ération: Argument-Based Generalization
Variable Query: (part-of {Surrey) = (?X))

Known: (part-of (Surrey) = (England))
Secondary Query: (climate {England) = (temperate})
Known: {climate (England) = (temperate))
;t;rr; ------- (climate (Surrey) = (temperate))

-

Figure 16: Example of an Argument-Based Generalization inference.
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4.2. Argument-Based Specialization.

Spacialization operations are similar to generalization operations except they are concemed
with finding mare specific abjects and reiating them to the initial abject. In the case of argument-
based specializations instead of looking for generalizations of the argument, specializations are
found using the descriptors "has-part” and "has-type”. Figure 17 shows the template for these

infarences.
Input Query: (DES (ARG) = (REF))
;r-ﬂ‘—e;;;;g;eration: Argument-Based Specialization
Variable Query: (has-part (ARG) = (7X))
Known: (has-part (ARG) = (ARG2))
Secondary Query: (DES (ARGZ2) = (REF))
Known: (DES (ARG2) = (REF))
lni;:e; ------- (DES (ARG) = (REF))

Figure 17: Template for Argument-Based Specialization Inference.

Figure 18 illustrates an example of this inference. The initial query is to find out whether the
latitude of England is greater than 40 degrees. Although this fact is not in the knowiedge base i
is known that Surrey is a part of England and that the latitude of Surrey is indeed greater than 40
degrees. Thus, some degree of evidence exists that England's latitude is greater than 40
degraes.

4.3. Referent-Based Generalization.

Referent-based transtormations are the next type of inferences, These transformatians look
for generalizations and specializations of the referent in a query as opposed to the argument.
When generalizing a query of the torm (DES (ARG) = (REF)) the secondary queries (type-of
(REF) = (7)) and (part-ol (REF) = (?x)) are gensrated by the system. Figure 19 presents the
template for referent-based generalizations.

Figure 20 illustrates a referent-based generalization inference. In the example it is unknown
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input Query: (latitude (England) = (>40-degrees))
;;f;-r;r;;-a;efaticn: Argument-Based Specialization
Vatiable Query: (has-part (England) = (?X))

Known: (has-part (England) = (Surrey))
Secondary Query: (latitude (Surrey) = (>40-degrees))
Known: (latitude (Sumrey) = (>40-degrees))
Inferr;d ----- i (Iatitude {England).'- (>40-degrees))

Figure 18: Example of Argument-Based Specialization Inference.

Input Query; (DES (ARG) = (REF))
Inf;re:t;e 5 ;-J-eration: Referent-Based Generalization
Variable Query: (part-of (REF) = (?X))

Known: (part-of (REF) = (REF2))
Secondary Query: {DES (ARG) = (REF2})
Known! (DES (ARG) = (REF2))
et (DES {ARG) = (REF))

Figure 19: Template for Referent-Based Generalization Inference.

whether ar not a bicycle |s maroon however it is known that maroon is a type of red and that the
bicycle is red. Thus some degree of evidence has been found for the bicycle being maroon. The.
assumption inherent in this reasoning should be apparent: that because something s red it is
maroon, In actuality there are many shades of red which something that is red might be and the
uncertainty mechanisms will canstrain such assumptians.
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Input Query: {color (bicycle-X) = (maroon))
;;-f;;-e-;l-c.;a;eration: Referent-Basad Generalization
Variable Query: (type-of (maroon) = (7X))
Known; (type-ot (maroon) = (red))
Secondary Query: (color (bicycle-X) = (red))
Knawrn. {color (bicycle-X)} = (red)}
Int;rred_"m (color (bicycle-X) = (maraon)}

Figure 20: Example of Referent-Based Generalization Infarence.

4.4. Referent-Based Specialization.

As in argument-based specialization transtormations, referent-based specialization uses the
descriptors "has-type” and “has-part’ to generate secondary queries only using the referent
instead of the argument. Figure 21 shows the template for these inference pattems,

Input Query: (DES (ARQ) = (REF))
;;f;r-'n;\-c:_e._{;;:_-eration: Referent-Based Specialization
Vartable Cuery: h(has-pan (REF) = (7X))
Knawn: {has-part (REF) = (HEF2))
Secondary Query: (DES (ARG) = (REF2))
Known: (DES (ARG) = (REF2))
il-'l-l;r“e;:m-_ (DES (ARG) = (REF))

Figure 21: Template for Referent-Based Specialization Inference.
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Figure 22 illustrates one possible referent-based specialization inference. Although it is not
known explicitly that in pine trees in general exist on Cape Cod, it is known that scotch pines,
which are a type of pine, do. Thig allows the inference that pine trees are present on Cape Cod.

Input Query: - (tree-types (Cape-Cad) = (pine})
I;f;;;;; -C-;;srat'ion: Referent-Based Specialization

Variable Query; (has-type (pine) = (?X))

Known: (has-type (pine) = (scotch-pine))
Secondary Query: (tree-types (Cape-Cod) = (scotch-pine))
Known! (tree-types (Cape-Cad) = (scotch-pine))
};1-1;;;;;:*““’ {tree-types (Cape-Cad) = (pine))

Figure 22: Example of Referent-Based Specialization Inference,

4.5. Implication.

The fifth type of inference transformations in PRS invalve implications. The presence of an
implication which has an unknown query as its consequent invokes a backward chaining
operation whereby secondary queries are generated from the antecedent facts in the rule. Figure
23 llustrates the general template which implication operaticns follow.

Figure 24 gives an example of an implication based (nference. The goal of the query in the
example is to determine if the computer is an Apple. Using the rule that Macintosh computers are
made be Apple and the knowiedge that the computer in question is a Macintosh the guery is
inferred. =

Nate that aithough in the example the implicaticn has only a single antecedent is is possible
to have multiple antecedents which all must be present in the knowledge base for a path to be
generated.
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Input Query:

Inference Operation:

Variable Query:

Known:

Secondary Query:

(DES (ARG) = (REF))
Implication

(= 72X _
(DES (ARG) = (REF)) }

( (DES2 (ARG2) = (REF2)) )
(DES (ARG) = (REF)) )

=

(DES2 (ARG2) = (REF2}))

Known: (DES2) (ARG2} = (REF2))
;;t-;;ed_“ (DES (ARG) = (REF))
Figurs 23: Template for Implication Interence.
Input Query: (made-by (computer-A) = (Apple))
;A-;;;;—;-a;ralion: Implication
Variable Query: (= X
{made-by (computer-A) = (Apple}) )
Known: (— ( (computer-type (?X) = (Macintosh)) )
(made-by (?X) = (Apple}) )
Secondary Query: (computer-type (computer-A} = (Macintosh))
Known: {.ccmputer-type (computer-A) = (Macintosh))
i:f-e-rradm" (made-by (computer-A) = (Apple))

Figure 24: Example of implication based inference,
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4.6. Dependency-Based Inferences.

The next class of inferences, dependency-based inferences, are similar to implication-based
inferences. The key difference is that dependencies are not as specific - they do not relate facts
directly to each other as in as implication but instead relate just descripters. Figure 25 illustrates
the general template for dependency-based inferences,

input Query: {DES (ARG) = (REF))
;a-fg;;;k;-ageration : Dependency

Variable Query: (&= = DES 7X)

Known: (— — DES NEW-DES)

Variable Query: (NEW-DES (ARG) = (7X))
Known: (NEW-DES (ARG) = (NEW-REF))
Variable Query: (NEW-DES (7X) = (NEW-REF))
Known: (NEW-DES {NEW-ARG) = (NEW-REF})
Secondary Query: (DES (NEW-ARQ) = (REF}))
Known; (DES (NEW-ARG) = (REF))
;;z-t-e-;;;g:“—“ (DES (ARG) = (REF))

Figure 25: Tamplate for Dependency Inference.

In dependency inferences a general correlation between two descriptors is known as well as .
some facts involving them with several arguments. One way of thinking of these inferences is
that by using the facts associated with the secand argument an implication can be made with one
fact implying the other. Using this derived implication with the fact associated with the first
argument the initial query can be Inferred. Obviously this is not as strong an infarence as the
case when an implication is already existing but in centain situations that degree of information is
not available and dependency inferences can be useful.

Figure 26 gives an example of a dependency-based inference. This inference works by first
finding a dependency relating the descriptor in the Initial query to another descriptor. Latitude
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was found, which indicates some link between that and climate. The next step is finding if the
argument in the query - Surrey - has a value, or referent, for latitude, Once that is found a search
is made for other arguments with that same latitude and Halland Is found. Holland's referent for
the descriptor climate is checked and it is found to be temperate. Since it is known that the
values of climate and latitude are related and Holland and Surrey have the same value lor latitude
it can be inferred that they have the same value for climate. Thus evidence has been found
supporting the initial query that the climate of Surrey is temperate.

input Query: ) {climate (Surrey) = (temperate))
;r‘;e‘;':a:c:-a;eration: Dependency

Variable Query: (e = cfimate ?X)

Known: { — — climate latitude)

Variable Query; (latitude (Surrey) = (?X))

Known: (latitude (Surrey) = {>40-degrees))
Variable Query: {latitude (?X) = (>40-degrees))
Known; (latitude (Holland) = (>40-degrees))
Secondary Query: (climate (Holland) = (temperate))
Known: (climate (Holland) = {temperate))
lr"nf;r—rer o (climate (Surrey) = (temperate))

Flgure 26: Example of Dependency-Based Inference.

4.7. Combir]ed Inferences.

Combined inferences refer to two aspects of tha system which extend its power. The first is
the use of multiple inferences along one solution path. In the examples given previously the
genaral format is to g!ve'the system a query and when it could not be found an inference
operation transtormed it to a secondary query. In the examples this secondary query was always
found to be in the knowle&ge- base and thus a solution path was generated. However it is not
necessarily the case (or perhaps even likely) that the secondary query will be known. In that
case ancther inference operation will be performed on the secondary query, generating another
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secondary query which the know!édg_e base will be checked for. If that query is present a path
will have been found. If not the process can repeat itself again. Figure 27 gives an example of a
two step argument-based generalization inference, This example is similar to that in figure 16
except that (climate (England) = (terperate)) is unknown and the argument is further generalized
to Europe. '

B i e

Interence Cperation:

{climate (Surrey) = (temperate))

Argument-Based Generalization

Variable Query: (part-of (Surrey) = (?X))
Known: (part-of (Surrey) = (Engiand))
Secondary Query: (climate {Engtand) = (temperatg))

Inference Operation:

Argument-Based Generalization

Variable Query: {part-of (England) = (?X})
Known; (part-of (England) = (Europg))
Secondary Query: {climate (Europe} = (temperats))
Known {climate (Europe) = (temperate))
;{;;;;-:----- (climate (Surrey) = (temperate))

Figure 27: Example of a two step Interence (Argument-Based Generalization).

Multiple step interences are not confined to a single inference type. Thus if an implication
was known implying that the climate of England is temperate knowing its antecedent would also -
create a solution path.

The second type of combined inference refers to the fact that at each point where a query Is
not found, not just one but all six of the possible inferences are tried. Thus, as has been
mentioned praviously, support for an initial query may come trom multiple solution paths. As an
example consider figures 18 and 26, In both examples the same initial query was given and
using different inference methods twa ditterent solutien paths were generated. As will be shown
in Chapter 6 both paths bring some level of support tor the initial query. Note that although six
inference operations are attempted on each unknown query the number of paths leading from an



unknown query is not a fixed number. One operation may not be applicable while another may
produce several secondary queries. Far example, consider the query (tax-rate {Urbana) = (low)).
The knaowledge base may have several generalizations of the argument Urbana - town.

Champaign County - but no specializations.

Several points should be made about combined inferences. The first is that it is conceivable
that the system will have an unknown query, perform an inference operation, generate another
query, not tind that query in the knowledge base, and repeat the process ad infinitum. Also, since
each inference operation Is attempted for each unknown query the number of paths spreading
from one unknown guery can grow very large. For both of these reasons a number of inference
control mechanisms are used - they are described In the following chapter.
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5. INFERENCE CONTROL.

As discussed in Chapter 4 there are six infersnce operations which can produce secondary
queries. Because each of the six are applied to any unknown query the number ol diverging
paths from an input query can grow quite large. To lHustrate the combinatorics of the inference
process consider if a query "A" Is unknown. The six inference operations ¢an be performed te find
related information, resulting in a number of new queries.'’ For any of the new queries that are
unknown the six inference operations can be applied to each and mare queries are generated,
and so on. Thus, continually applying each transformation to each unknown guery quickly
increases the number of queries which PRS must search for. Bacause of this ingrease some
type of control is needed so that the system does not get bogged down in its search for data
relevant to the initial query. .

Priar to describing the specific control mechanisms an overview of the general control
structure is necessary. The system uses two stacks for controlling the inference: an active stack
and an Inactive stack. Both are initially empty. Elements in both stacks are operations ta be
performed on a particular query. The active stack is processed as the system praceeds with its
inference. The inactive stack holds elements which are no longer processed. Elements may be
putin the inactive stack for several reasons which wiil be discussed below.

To initiate the reasoning process an initial query is entered. A check for the input query is
added as the first element in the active stack. The stack is then processed by popping its top
element and performing the associated operation, Thus if the input query is in the knowiedge
base the uncertainty values for It are returned, If it is unknown, however, inference operations on
the query are added to the stack and the first element is again processed.

"Hgeall from the end of Chapter 4 that the number of secondary quertes does not necessaiily equal the numbar of
inferenca operations.  Far example; several generalizations may oxist for some argument of, conversely, no
generalization may axist.
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Using the inference operations described in the following chapter ten possible operations
may be generated and become stack elements. All are operations to be performed on any input
or unknown queries'2(Shown in no particular arder.):

1. (CHECK-QUERY query)

Checks the knowledge base for the existence of the query. If the quiery is found
the inference path from the query to the initial query is traversed, performing the
uncertainty calculations. In the case of an initial query being directly found the
exact uncertainty weights associated with it are returned. [t it is not found the
operations listed below are added to the stack.

2. (GET-ARGUMENT-GENERALIZATIONS query)

Checks for facts of the form (part-of (<argument>) = (?X)) or (type-of (<argument>)
= (?X)). If tound new queries of the form (check-query <descriptor> (?X) =
(<refarant>))) are added to the stack.

3. (GET-ARGUMENT-SPECIALIZATIONS query)

Checks for facts of the form (has-pant (<argument>) = (?X)) or (has-type
(<arguments) = (7X)). If lound new queries af the form (chack-query <descriptor>
(?7X) = (<referent>))) are added to the stack.

4. (GET-REFERENT-GENERALIZATIONS query)

Checks for tacts of the form (part-of (<referent>) = (?X)) or (lype-of (<referent>) =
(?X)). If found new queries of the form (check-query <descriptor> (<argument>) =
(?X))) are added to the stack,

5. (GET-REFERENT-SPECIALIZATIONS query)

Checks for facts of the form (has-part (<referent>} = (?X)) or (has-type (<réferents)
= (?X)). |t found new queries of the form (check-query <descriptor> (<argument>) =
(?X))) are added to the stack.

6. (BACKCHAIN query)

Checks for implications which have query as their consequent. It any are found the
antecedents are added to the stack with CHECK-QUERY aperations.

7. (GET-DEPENDENCIES query)

Checks for dependencies relating to the <descriptor> in query: (<> <descriptor>
2X). W found an operation (check-arg-with-new-des query ?X) is added to the
stack, where ?X is the newly found dependent descriptor. (Note: Making
inferences with dependencies is more complicated and requires a number of Steps.
Dependency-based inferences are Implemented by this operation along with the
tollowing three. See the discussion of dependency-based inferances in section 4.6
for a maore complete description. )

8. (CHECK-ARG-WITH-NEW-DES query NEW-DES)

Checks for tacts of the form (NEW-DES (<argument>) = (?x)). It found an
aperation (get-matching-arg query NE W-DES 7X) Is added to the stack,

2Qiiary, the argument in: all of the cparations, is of the form (<deseriptors (<arguments} = (<referants))  Angle
brackets surrounding a word, < and >, indicata a pasticular value, not-a variabie
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9. (GET-MATCHING-ARG query NEW-DES NEW-REF)

Checks for arguments which have the referent NEW-REF far the descriptor NEW-
DES (eg: (NEW-DES (?X} = (REF))). It found an operation (get-ref-with-init-des
query ?2X) is added to the stack.

10. (GET-REF-WITH-INIT-DES query NEW-ARG)

Adds (check-query (<descrptor> (NEW-ARG) = (<referent>)) to the stack.

in addition to dealing with the combinatoric protlem due to the multiple possible operations,
control of the stack is necessary in order ta model human reasening. Simply processing the
stack In a standard first in first out manner does not model human reasoning. The mechanisms
described in the following section correspend ta a number of reasoning behaviors exhibited by
people. One of the most obvious is the relationship between reasoning processes and time.
People constantly reasan in time constrained situations. They have the ability to reason quickly,
although in some situations incarrectly, when time is not available to consider all evidence. They
have the ability to decide that tao much time has been spent on a particular solution method and
something else should be tried. In addition, people shift their attention away from less promising
avenues toward areas more likely to produce an answer. People's reasoning processes are
directed, either consciously or subconsciausly. towards using procedures which have better
chances of success than others.

5.1. Control Mechanisms.

A number of ¢ontrol mechanisms have been identified and integrated into the inference
scheme to constrain and direct processing. The mechanisms involve four areas: time, solutien
path length, evidence limits, and inference type priorities. Fallowing the description of all the
mechanisms a table summarizes the control parameters, giving their default values, The defauit
values, which are all adjustable, were developed based on a combination of experimentation with
the uncertainty mechanisms (discussed in Chapter 8) and intuitions about hurman reasoning.

§.1.1. Time. _

The time spent on finding evidence for a query is the first means of inference control. Time
limits are used in both an absolute and felative sense. The absolute time limit is the total
allowable amount of time to be spent processing an input query. When this threshold is
excesded processing terminates and any evidence found so far is summarized. The relative time
limit is the ameunt of lime which has transpired since the operation which initiated the current one
was popped off the stack. When this threshold is axceaded the element is not processed
immediately but pul at the bottom of the stack. When an element is put at the boftom of the stack
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the time at which it is subsequently processed becomes the time which descendant elemants use
for their relative time check. This mechanism allows for & combination of depth-first and breadth-
first processing. Paths are processed in a depth-first manner until it is "decided" that perhaps too
much time has been spent following this path with no results and ancther should be tried.

5.1.2. Solution Path Length,

The next control mechanism i8 a constraint on the length of a solution path - it puts a
maximum limit on the length of paths. Recall that a solution path is the segquence of gueries,
inferences, and known data which provides some degree of evidence for the initial query. In
addition, a current path is a sequence of operations which have not yet reached a solution but
are still being processed. The path length is the number of queries, inference opérations, and
data in any path. The path length is used to terminate search down a path after a globally
defined length is exceeded. As the current path length increases the chances are that the
amount of avidence which the particular path can passibly bring to bear an the input query will be
minimal, due to the propagation of weights through multiple transformations. Intuitively this
makes sense - the discussion of uncertainty in Chapter 6 will corroborate this. (Theoreticaily the
degree of certainty does not necessarnly decrease - it could stay constant as the path length
increases, However, this would be a highly improbable situation as all the uncertainty weights
along the path would have to be absolutely certain).

5.1.3. Evidence Limits.

A limit is put on the number of separate pieces of evidence, or solution paths, to be tound for
any given input query. When it is reached the processing of the stack terminates and the
evidence found is summarized. This is useful in constraining the search in robust knowledge
bases where processing may procead indefinitely, relating every fact in the knowledge base to
every other. '

5.1.4, Pricritizing Inference Types.

Inference type priority is the most complex of the contral mechanisms. It attempts to steer
the processing in directions which have the greatesl chance of finding useful evidence. Each
stack element has an assoclated worth, on a scale of 100 (high) to 0, which is a measure of the
element’s likelinood of producing useful avidence. The initial query is given a worth of 100 and as
new elements are made and added to the stack they are given a new, decremented worth value
which is based upon the worth of the element from which they offshoot and a rating value for the
operation associated with the new element. Each of the six inference operations has a rating
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value associated with it. These are used of rank the different interence operations and steer the
system toward using operations which will more likely produce results, For example, if an
implication is avaitable relating to an unknown query it might be more beneficial to use it ane see
it any evidence can be obtained rather than performing a referent-based transformation. The
rating value for each inference operation is set by using either subjective methods ar empirical
avidence as to what inferences tend to produce reiiable evidence. As an example of how worth is
decrementad. consider an initial query A" with a worth of 100. It an argument-based
generalization operation, which has a rating value of 0.9 , is performed on it the werth of the
resulting element is S0 (100 x 0.8). It another argument-based generalization is performed on
that element the resulting worth would be 81 {20 x 0.9).

The worth associated with stack elements is used in several manners. It is used o sort the
stack prior to popping an element fram It. Elements with higher worth values are put at the top of
the stack on each cycle. Thus the processing is alsa geared te somewhat of a best-first search -
those operations which have been determined to more reliably generate evidence are tried before
less reliable operations. There is also & notion of absolute and relative worth limits. The absolute
worth limit is the threshold below which a stack element is put on the inactive stack instead of
being processed, thereby terminating search down a particular path. The refative worth limit is
the percentage of the worth of the current element to tha worth of the parent element which was
initially popped from the stack. If the current elements worth is below this percantage the element
is not processed currently but put at the bottomn of the stack. When an element is put at the
bottom of the stack the relative worth control is reset: the relative worth chieck for elements which
eventually descend from it is based upon its worth.

As an example of the relative worth mechanism consider a stack with the element "A" with a
worth of 80 at the top, Itis popped off tha stack and pracessad, One of the operations performed
on it has a rating value of 0.8 which generates a new element "B" with a warth of 72 (80 x 0.9).
When "B" Is papped off the stack and examined, its’ warth, 72, is greater than the relative worth
limit, set to its detault of 0.7, times its parents worth, 80 (ie: 72 > 80 x 0.7 {0.56) ) so it is .
processed. An operation with a rating vaiue of .75 is then applied which creates a new element
*C* with a worth of 54 (72 x .75). When "C" Is popped from the stack its worth is found to be less
than 56 so it is put on the bottom of the stack. Putting an element on the bottom of the stack
resais the relative worth limit chieck - when elements which are descendents of "G are checked
their worth will have to fall below 45 (56 x 0.7) for them ta be put on the bottom of the stack.

Figures 28 and 29 summarize these parameters, giving their default values. Recall from the
introduction to this section that the defaull values were set based on a combination of
experimentation with the uncertainty mechanisms (discussed in Chapter 6) and intuitions about

human reasoning.
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value; 400.

VARIABLE DESCRIPTION PURPCSE
*abs-time-limit* Maximum number of seconds to find | Restricts Inference from running |
evidence for an'input query. Detfault | indefinitely.

“rel-time-lirnit*

Limit on the length of time an
aslement and its descendents are
processed before putting them on
the end of the stack. Default value:

Allows one line of reasoning to be
gxplored for some amount of time
before shifting to another line.

10.

“path-limit*

Limit on the length of paths of

evidence. When this limit is
exceeded the operation is put on the
inactive stack Instead of being
processed. Default value: 10.

Pravents lengthy, probably
insignificant lines of reasoning.

*avid-limit*

Limit on the number of separate
pieces of evidence to find relating to
an input query. Default value: 10.

Allows a decision to be made after a
specified amount of evidence has
been brought to bear on the query.

Figure 28: |nference Control Parameters (Figure 1 of 2).

5.2. PRS Cantroi Aigorithm.

The control algorithm developed for PRS combines the mechanisms described in the
previous section to optimize reasoning capabilities. As the specific applications and goals for
PRS can be diverse optimal may take on a variety of meanings. Thus the algorithm is controlled
by the aforementioned parameters (summarized in figures 28 and 29) which allow it to be
adjusted and optimized to suit the needs at hand. The use of variables allows for generality, as
well as the ability to tune the system o model or test specific inference theories. The algorithm is
described below and aiso presented in figure 30.

The contral algorithr works by first creating the twe control stacks: the active stack and the
inactive stack. (Recall from the outset of this chapter that the active stack holds operalions still to
be processed while the inactive stack holds operations which are no longer considered for
processing.) An initial query of the form (descriptor (argument) = (referent)) is input and given a
worth value of 100. If this query is explicitly in the knowledge base its certainty values are
retrieved and output. If the query Is not known then operations perfarming the six possibie
inference types on the query are added to the active stack. Thus if an initial query given to the
systemn is unknown six elements are added to the stack. Each operation, or glement, is given a
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current worth of an operaticn to the
initial worth of its parent befora it is
put on the end of the stack. Default
value: 0.70.

VARIABLE DESCRIPTION PURPQOSE
*abs-worth-imit* | The warth value below slements are | Prevents operalions which are most
taken from the active stack and put | likely Insignificant from being
on the inactiva stack. Default value: | performed.
50.
*rel-worth-limit* Limit on the percentage of the | Gives paths whose element’s

worths are stable a higher pricrity to
check than those who are
decreasing more steadily.

"arg-gen-rating”

Worth of query resulting from
argument-based generalization
inferencs is set to this percentage of
the waorth of the query it was
performed on. Default value: 0.90.

Ranks the expected ulility of the
argument-based generatization
inference as compared to the other
5.

*arg-spec-rating”

Worth of query resulting from
argument-based specialization
inference is set to this percentage of
the worth of the query it was
performed on. Default value: 0.8.

Ranks the expscted utility of the
argument-based specialization
inference as compared fo the other
5.

*ref-gen-rating”

Worth of query resulling from
reterent-based generalization
inference is set to this percentage of
the worth of the query R was
performed on. Default vaiue: 0.8,

Ranks the expected ulility of the
referant-based generalization
inference as compared to the other
5.

“ref-spac-rating”

Werth of query resulting trom
referent-based specialization
inference is set to this percentage of
the worth of the query it was
pertormed an. Default vaiue: 0.9,

Ranks the expected utiity of the
referent-based specialization as
compared to the other 5.

*imply-rating”

| Warth of query resulting fram an

implication s set to this percentage
of the worth of the query it was

‘perfarmed on. Defauit vaiue: 0.95.

Ranks the expected utility of the
implication inference as compared
to the other 5.

*depend-rating”

‘Worth of query resulting from a

dependency inference is set o this
percentage of the worth cf the query
it was performed on, Default value:
0.75.

Ranks the expected utility of the
dependency inference as compared
to the other 5.

Figure 29: Inference Control Parameters (Figure 2 of 2).

worth value based upon the worth value of the element from which it is proceeding (in this case
from the Initial query which has a value of 100) and the worth rating associated with the type of
inference aperation (*arg-gen-rating®, *arg-spec-rating®, "ref-gen-rating®, “ref-spec-rating", *imply-
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rating”, and "depend-rating®, as discussed in the previous section). Prior to adding the new
elements to the stack they are sorted based upon their worth values. Thus new elements in the
stack are ordered so that operations with higher worth vaiues are performed first. (Note that the
enlire stack is not sarted, just the newly added elements,)

The system proceeds by popping the top operation oft the stack, performing the operation,
and adding new elements to perform additional inference when facts are not found in the
knowledge base. If operations cannot be performed (eg: there are no generalizations of the
argument in the initial query) the element is put onto the inactive stack and the next element from
the active stack is processed. When evidence is found for the input query - le: a path is found
from the query to a fact in the KB - the inferred uncertainty weights are calculated and output.
(The uncertainty mechanism is discussed in the foilowing chapter.)

As discussed in the previous sections a number of controls are used to guide the system. A
maximum time limit is checked each time an slement is popped from the stack. If the allowable
time tar processing the input query ("abs-time-limil°) has been exceeded the remaining elements
are fransferred to the inactive stack and processing terminates. Likewise if the limit on the
number of individual pieces of evidence to be found (*evid-limit*} has been reached processing
terminates.

In addition to these two global contreis four local controls are used in examining each
element popped from the stack before its operation is performed. If the length of the path from
the input query to the current element exceeds the set [imit (*path-limit*) the element is put on the
inactive stack and the next elemant from the active stack is processed. Likewise, if the werth
value associated with the element has fallen below the set value (“abs-worth-limit*}, due to a
string of inference operations (which all cause the value to be decremented), the element is put

on the inactive stack.

As discussad in earlier sections in this ¢hapter two relative checks are done 1o compare the
current element o the original stack element frem which it descends. |Initially the Input query '
given the system is considered the original elemert, These checks are on time and worth - if the
difference between elther the time or worth of the original element and the current element
exceeds the set values ("rel-time-limit", “rel-worth-limit”) the element Is put at the botlorn of the
stack and the next element is popped from the stack and processed. Recall from above that
when new elements are added to the stack they are sorted among themselves but the whele
stack is not sorted. This creates a depth first inference mechanism. These last two controls
effectively cut off this depth first inference after a point, causing the system to consider other
branches. When either of these relative limits is exceeded and an element is put at the boftom of
the stack its relative time and worth values are reset. The relative time and worth of any '
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elements which might subsequently proceed from them are compared to the reset values: The
concept of original stack elements was introduced at the beginning of this paragraph. The initial
query, as well as elements which are put at the bottom of the stack, due to one of these contrals,
are considerad the original elements as far as any subsequent elements procesding from them
ars concerned. Because their relaiive time and worth values are reset, operations can proceed
from them in a depth first manner, In the same manner as with the initially input query, until these
relative limils are again exceeded.

In figure 30 the items marked with asterisks are the variable parameters for adjusting the
algerithm. Note that by setling certaln parameters at exireme values they can be effectively
removed from having an effect on the control. Thus, for example, if the path length threshold was
sat to a very high value that check would have no bearing an the algorithm. The parameters can
aiso be adjusted in order o create standard search algorithms. For example, by setting a yery
low relative time limit breadth-first search would be done.



1, Create active stack, A-Stack, and inactive stack, I-Btack.

2. Get input query, In-Query, and put (CHECK-QUERY In-Query) as the first element
in the A-Stack, with a worth value of 100,

3. if A-Stack is empty go to 15 (terminate).

4. i *abs-time-limit~ for finding evidence for In-Query is exceeded then
transfer all eiements in A-Stack to |-Stack and go to 15.

5. If the number of pieces of evidence (referred to as evidence nodes) already
found which relate to In-Query squals "evid-limit* then move all elements in
A-Stack to I-Stack and go to 15.

6. Get next element, E, from A-Stack.

7. Check the length of the path from In-Query to E - if greater than
*path-limit* then put E on |-Stack and go to 3.

8. Get worth of E - it below "abs-worth-limit* then put E on I-Stack
and go to 3.

9. Check time that stack element which lead to E was initially pulled off
A-Stack - if it exceeds “rel-time-limit* then reset time on E, put E at
bottom of A-Stack, and go 1o 3.

10. Chaecke difference between E's worth and worth of the initial stack
glement which led to E - if greater than ‘rel-worth-limit* then reset
relative worth of E, put E at bottom of A-Stack, and go to 3.

11. Perform operation assaciated with E. Possibilities are the operations
associated with the six inference types.

12. It element operation produces new elemants then set their
worth te a decremented value of E's worth (based on the
transformation type which produced them). If more than one
new element then sort ther by worth, add them to top of
A-Stack, and go to 3.

13.1f E is a (CHECK-QUERY fact) operation and the fact is
found in the knowledge base then create an evidence node
for the path from E to In-Query and go to 3

14. If performing E generates no additional elements and is not a
CHECK-OUERY operation whose fact is found in the
knowledge base then put E in the |-Stack and goto 3.

15. Terminate: Summarize the evidence found for the In-Query,

Figure 30: PRS Inference Control Algerithm,
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6. UNCERTAINTY.

When an inference path is generated the weights associated with each datum in the path
are combined to give both a fraquency and support weight for the input query. To illustrate what
PRS actually generates considar the following example inference, initially presented in figure 22
(Chapter 4), which is rewritten in figure 31 only now with uncertainty weights. As can be seen,
not only does PRS find information related fo an Input query but also calculates uncertainty
weights for that query.

Input Query: (tres-types (Cape-Cod) = (ping))

e e e

Inference Operation:  Referent-Based Specialization

Variable Query: (has-type (pine) = (?X))

Known; | (has-type (pine) = (scolch-pine D[0.1 0.2] S{1.0 1.01 )
Secondary Query: (tree-types (Cape-Cod) = (scotch-pine))

Known: {iree-types (Cape-Cod) = (scotch-pine F[0.8 0.9] S[0.8 1.0]))
Infe“r;éd ------- {tree-types (Cape-Cod) = (pine F{0.8 1.0] S{0.9 1.0]))

Figure 31: Example of Inference path with weight calculations.

It multiple pieces of evidence are found the certainty which aach brings to bear on the query
is combined, producing a single set of frequency and support bounds for the query. The
reasoning process is non-manotonic - as new evidence is found it may support the negation of
the quaery as well as the query - and thus the certainty weights for a query may rise and fail as the
reasoning process proceeds.

It was briefly mentioned in section 3.2.7 that frequency, dominance, typicality, and likelihcod
are first-order weights and support is a second-order weight. To further elaborate, the weights
can be thought of as existing In two separate probability spaces, one relating to the first-order
weights and the other relating to second order {(support) weights. Thus the frequency and
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support values for the input query are calculated independantly of each other. Prior to describing
the uncertainty methed implemented in PRS a briet intraduction to the handling of uncertainty in
other Al systems will be given. The general rules developed for PRS for combining uncertainty
weights in both probabiiity spaces will be then be detailed. Foliowing this, an example of the
propagation of uncertainty for each of the different inference types will be shown.

A number of uncertainty methods have used by Al researchers in their attempt to made! the
uncertainty in the world. The purpose here is not to raview them in detail but to point out a few
well-known deficiencies with the existing methods which precipitated the development of the
mechanisms in PRS. For one reference ses [Quinlan 83] or [Cohen 85] for a more detailed
discussion of alternative unceriginty mechanisms.

Three means of handling uncertainty have received the greatest attention in Al systems at
late: Bayesian Probability (for one reference see [Duda, Hart & Nilsson 76]), the Dempster-Shafer
Theory of Evidence [Shater 76], and fuzzy logic {Zadeh 85]. Each of these methods has its
strengths and weaknesses. One of the concerns with any methad Is its tractability: is the
information necessary to reach a conclusion available? For Bayesian prebability schemes the
answer is generally no. In order to reach conclusions the formal definition of Bayesian
propagation requires that the conditional probabilities of every combination of datum in the
knowledge base be known. Having this degree of information available in any real domain is
unrealistic, making the Bayesian scheme less attractive.

One way in which this problem has been reduced is by making the assumption of conditional
independence between data. The Dempster-Shafer Theary, a generalization of Bayesian
prebability, also makes this assumption. The problem is that it is an Incorrect assumption. Far
example, if you had some rule which said that a person's height and weight implied what gender
they are it is cleany erroneops to assume no relaticnship between height and weight.

Fuzzy logic is the idea that concepts do not have clear, defined definitions but rather have
vague, context dependen! boundaries. In some ways fuzzy logic is analogous 1o use of
frequency and dominance weights in PRS to characterize the overlap between sets. Most fuzzy
logic based systems are concerned with problems involving linguistic interpretation and as this
was not the focus of PRS its mechanisms were not used.

The uncertainty method in FRS was developed with several underlying principles. The first
is that a conservative approach was taken: in propagating weights no assumptions are made
which could fead to an inflated lower bound or deflated upper bound. Also, it allows for varying
degrees of known information: if information is available it is used, if not an uncertainty calculation
can still be made, albeit with less precision.



6.1. Propagation Rules.

The general rules for computing the negation, canjunction, and disjunction of uncertainty
weights will be presented. In addition, the calculations necessary for propagating weights
through implications, generalization and specialization based inferences, and dependencies will
be detailed. For each operation the calculation for both first and second order weights will be
shown, The equations for conjunction and disjunction are essentially the same as those given in
[Quintan 83].

6.1.1, Negation.

As described in Chapter 3 a fraquency range is associated with each fact. The lower bound
represents the minimum probability of the argument having the referent and the upper bound the
maximum. Thus a fact such as (climate (England) = (temperate F[0.3 0.5] )) indicates that there
is between a 30 and 50% probability that England has a temperate climate and, conversely, a 50
to 70% probability that it does not. This is illustrated by figure 32. The fallowing equations apply

to first order fraquency negation'?:
s(~DATUM) = | — p(DATUM) (0
p~DATUM) = 1 = s (DATUM) (2

Note the x subscript in equations 1 and 2, which indicates that they are applicatle tor
negating all of the five types of weights, including second-order support weights. To illustrate the
negation of support weights consider the support interval of S[0.6 0.8] attached to the fact given
above, (climate (England) = (temperate F[0.3 0.5])). The support and its negation are shown
graphically in figure 33.

3Recall the notation from Chaptsr 3: {s p) defines a weight where s is the support. ar lowar tound, and p is the
plausibility, or upper bound, A capital letter (F. D, T. L, or 5) preceding an intarval indicatas the type of weight (eg: Fls p]i
A specific bound can be wiittan as s or p with a subseripled lotter signitying the type of waight {eg: sc). When x is used in
an equation it indicates that it can be appiied to any of the tiva typss of weights. In the equations DATUM represents tha
piecs of knowladge to which the waignts ralate.
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ENGLAND
— p 1 .'...".\-\\ |‘\:1\\
CLIMATE (TEMﬁ'EF\ATE) ﬁ AN not{CLIMATE (TEMPERATE))

Z

0.3

(CLIMATE (ENGLAND) = (TEMPERATE F[0.3 0.5]))

[

(CLIMATE (ENGLAND) = (not (TEMPERATE) F[0.5 0.7]))

Figure 32: Graphic Representation of Frequency Weight and its Negation
{1st Qrder).

(CLIMATE (ENGLAND) = {TEMPEHATEI)}. not{CLIMATE (IEN_GLAND) = (TEMPERATE))
0.6 Ll (- ! L - 0.2

(CLIMATE (ENGLAND) = (TEMPERATE S[0.6 0.8]))
(not (CLIMATE (ENGLAND) = (TEMFERATE)) S{0.2 0.4])

Figure 33: Graphic Representation of Support Weight and its Negation
{2nd Crder).
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6.1.2. Conjunction.

Many situations require the conjoining of multiple facts and thus also require the conjaining
of the associated weights, Conjunction is the same for both first and second order conjunction.
The lower bound for a conjunction is determined by finding the minimal possible intersection
betwsen two facts, using each of their lower bounds. The upper bound is determined by finding
the maximum possible intersection, using the upper bounds associated with each fact. The
equations for this caleulation are similar to these given in [Quinian 83j'4:

DATUM = D\ A Dy A ¢ A D, 3)
n

s (DATUM) 2z Max(l — Y (1 — 5(D)) , U) (4

p(DATUM) S MIN(p(D)) i = l...n 5)

Figure 34 lllustrates graphically the notions behind conjoining frequency weights for multiple
facts, Figure 35 illustrates the same for support weights'®,

4sing the dascribed notatien
the plausibility, or upper bound,

s,\D;) Indicates the suppatt. of lower bound, for some datum D, and p (D) indicatas

15/ interpreting the graphical figures In this Chaptar be awars of the dirsation of the diagonal liler lines. Tha directions
reémain consistent in ail diagrams in afigura. Adso the diagrams are ticked off in one-tenth inerements an the top and
ong-fifth increments on the sida s that the corfespondence katwesn Uncartainty weights and area is clear. Consider
figure 34 for example. In the top diagrams the lower fraquency bound for each conjunct - climate(tamparate) and
aftitude{<100-metars) - is indicated by lines slanting in opposite directions. These same directions ara consistent in the
bottom two figurss, the crossed sections indieating overiapping areas. n the lowar |sft figura the minimum possibie
overlap, of lower bound, is 0.1 and in the lower right. which, Uses the upper frequency baund for aach conjunct, tha
maximum possible overlap, or upper bound, is 0.4 '
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CONJUNCTS:
ENGLAND ENGLAND

7Y T 7
CUMATE '\ I"lOt (CLIMATE B _\ (4100 METEHS) E/;//
(TEMPERATE) ‘i: (‘I{'}EgﬂPERATE)) \‘\ - \ \\\\ 7
0.3 ; 0.6 TN % [
. _. e e -h u_::\ \\ ’,;_,:-4

(CLIMATE (ENGLAND) (<1 gfi METERS)

= (TEMPERATE F{0.3 0.4])) (ALTITUDE (ENGLAND)
= (<100-METERS F[0.8 0.2]))

LOWER BOUND: UPPER BOUND:
ENGLAND
VR \\\\\\\\\ LKL \1\\\\\\\\
CL|K ALTITUDE Clea;EE :\\ALTITUDE
{TEMPERATE
{1 )\\\ («.wo METERS)] [ . ;k (<100-METEHRS)
7 \“* \\ ¢ SRS
x\\\\\\ :

((CLIMATE (ENGLAND) = (TEMPERATE)) and
{ALTITUDE (ENGLAND) = {<100-METERS)) F[0.1 0.4])

Figure 34: Graphic Representation of Bounds on Conjunction of Frequency Weights
(1st Order).
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CONJUNCTS:

,
;
%

#
1

i,

77

(CLIMATE (ENGLAND)

= (TEMPERATE S§{0.6 0.8]))

LOWER BOUND:

| R = I VI

2

A

oy

A e

(CLIMATE (ENGLANE 1\\\:\\\\\
= (TEMPERATE})) %&\ N

D AUTITUDE (ENGUAND)
G *57/‘ = {<100-METERS}))

Q.4

A
o S -.f/ /A * g, %

AR

(ALTITUDE (ENGLAND)
= (<100-METERS S[0.4 0.7}))

UPPER BOUND:

((CLIMATE (ENGLAND) = (TEMPERATE)) and
(ALTITUDE (ENGLAND) = (<100-METERS)) F[0.1 0.4] S{0.0 0.7])

Figure 35: Graphic Representation of Bounds on Conjunction of Support Weights
(2nd Order).
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6.1.3. Disjunctlon.

In addition to conjunction disjunctive operations are often necessary for grouping information
and reasoning with it. As with both negation and conjuncticn, the first and second order
disjunction are calculated identically. The lower bound is determined by intersacting the lower
bounds of the disjuncis as much as possible. The upper bound is tound by assuming the minimal
possible intersection between the disjuncts, thus minimizing the uncovered area. The equations

describing thess calculations are:

DATUM = D, v Dy v - v D, )
s(DATUM) 2 Max(s5(D)) i = 1...n (7)
p(DATUM) < MiN( Y p D) . 1) (8)

Figure 36 illustrates the disjoining of the frequency intervals for two facts. Figure 37
ilustrates the same for support values.
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DISJUNCTS:
ENGLAND ENGLAND
,/,'/./ L '\' T \-\ S ...__L\_.'.ﬂ_. s ' L 5\\% i/
7Y Y7
TEMPERATE)f  (TEMPERATE) TN (<100-METERS Q\\\\ 2
= 03 ~ 0§ SRR o N L ‘ Y CQ‘
v // K\\\\\f‘ -\\\" Ny
4//A N\\kk \\\\\\\\\\:\Q\‘\\‘\:\}EA‘L%TE;\E |
(CLIMATE (ENGLAND) TRy

= (TEMPERATE F[0.3 0.4]))  (ALTITUDE (ENGLAND)
= (<100-METERS F{0.8 0.2]))

LOWER BOUND: UPPER BOUND:

ENGLAND ENGLAND
cdiATe RN et R
AR NN
1 03 laiTiTuce ] TUF ALTITUDE s
RSt " B 2 hie0e10 1 N (R
Seggboandiany RN AN
AHUNHLS x\\&\“aé\\\\:*\ CRREEEERNSNN AR

s F = 0.8 P F = 1.0

((CLIMATE (ENGLAND) = (TEMPERATE)) V
(ALTITUDE (ENGLAND) = (<100-METERS)) F[0.8 1.0))

Figure 36: Graphic Representation of Bounds on Disjunction of Frequency Weights
(1st Order). '
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DISJUNCTS:

{CLIMATE (ENGLAND)
= (TEMPERATE

L
-+

(CLIMATE (ENGLAND)

= (TEMPERATE S${0.6 0.8}))

LOWER BOUND:

(ALTITUDE (ENGLAND)

! i | 1 /] !

;/
z

(ALTITUDE (ENGLIAND)

h= (<100-METERS))

(ALTITUDE (ENGLAND)

= (<100-METERS S{0.4 0.7]))

UPPER BOUND:

MPERATE))
’ ‘§<‘ -

i

Ll

VAT E RGN

% W d .1. P \t\
K¢ (ALTITUDE (ENGLAN
£ = (<100-METERS),
s f';h""Y".{.‘A“x’l#‘}{q:;z"-".-:T\L\ R

"\

((CLIMATE (ENGLAND) = (TEMPERATE)) V

(ALTITUDE (ENGLAND) = (<100-METERS)) F{0.8

1.0] S[0.6 1.0))

Flgure 37: Graphic Representation of Bounds on Disjunction af Support Weights

(2nd Order).
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6.1.4. Implication.

Knowing the frequency weights associated with the antecedents in an implication and the
likelihood weight for the implication itself allows a frequency interval for the consequent to be
determined. The first step is 1o compute the frequency value for the antecedents as a whole,
using the conjunction and disjunction equations as necessary. To use the likelihced weight
associated with an implication recall that the likelinood intervals are lower and upper bounds on
the conditional probability P(Consequent | Antecedents). The lower bound on the frequency of
the consequent is determined by using the lower bound af both the frequency of the antecedent
and likelihood (eq. 11). The upper bound is determined by first finding the lower bound on the
antecedent implying the negation of the consequent (eq. 12). The inverse of this is the upper
bound on the implication of the consequent. The equations are as tollows:

(— ANTECEDENTS CONSEQUENT L(s pl) )
ANTECEDENTS F(s p) (10y
s{CONSEQUENT) 2 S{ANTECEDENTS) s{— ANTECEDENTS CONSEQUENT) (1)

4 —~CONSEQUENT) = s}._(ANTECEDENTS) (1 =p{— ANTECEDENTS CONSEQUENT)) (12

p_;(C'ONSEQUEND < l_ft{'-lCOJVSEQUENT) (13)

Figure 38 illustrates graphically how the bounds are determined. In the figure the lower
bound on the antecedent being true is 0.8, At least 0.8 (the lower bound on the fikefihcod of the
implication holding) of that 0.8 the conseguent is true thus the lower bound is 0.64 (0.8 x 0.8). To
calculate the upper bound first the lower bound on the antecedent implying the negation of the
consequent ig determined: 1 - 0.9 = 0.1, The lower bound on the negation ot the consequent
holding is the-product of this and the lower bound on the antecedent: 04 x 0.8 =008 This is
" the inverse of the upper bound on the consequent - the upper bound is 1 - 0.08 or 0.92. Teo look
at this upper bound calcufation anather way consider that the frequency of the antecedent is the
lower bound 0.8. Using the upper bound on the implication - 0.9 - the frequency of the
consequent is calculated to be 0.72. However, using 0.8 as the frequency of the antecedent
means that 0.2 is the frequengy of the negation of the antecedent being true. Since nething is
known which constrains the consequent from coexisting-existing with the negation of the
antecedent assume that the consequent holds in that 0.2 and the upper bound is 072 + 0.2 =
0.92.
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Appendix D illustrates the implication calculations far an example implication inferencs.

ANTECEDENT: IMPLICATION:
// <] ((ALTITUDE (?X) = (<100-METERS))
i N — (CLIMATE (7X) = (TEMPERATE))
-zALTITUDE (<100~METEH N\ Les 0.9)
§
-///////// \
7 / N
(ALTITUDE {ENGLAND) =
(<100-METERS F[0.8 0.9]))
LOWER BOUND: UPPER BOUND:

0. 08
et !"(W‘(‘( i

" ,.( ( /‘
:<<\,\f<fi<<§ %;fé{\ E‘%‘ o
/\?c,{?{:}( -‘:‘."..;."..J 5 .-.f,

¢ _‘_'.. {.' -.\

= .64 pp =082

SE
(CLIMATE (ENGLAND) = (TEMPERATE F[0.64 0.92}))

Figure 38: Graphic Representation ot Bounds on the Implication of Frequency Weights
(18t Crder).

The support interval for the consequent in an Implication is determined by conjoining the
support weights for the antecedents and implication using equations 4 and 5. This is clear when
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one considers that a consequent logically follows from knowing the antecedents and the
implication (antecedents — conseguemsy.

6.1.5. Daminance.

Many of the inferences in PRS involve transierring a property which an object at one level of
abstraction has to an object at a different level. The two objects are related through a
generalization or specialization inference which has a dominancs or typicality weight associated
with it. The property, or referent, which ane of the abjects has and is to be transferred through
the generalization or specialization inference to the secand object has a frequency interval
attached to it. The purpase of the dominance equations is to calculate a frequency relating the
referent ta the second object. To illustrate this propagation congider the inheritance of a referent
associated with a superset by one of its subsets (an argument-based generalization inference
operation'®). What is being computed is the frequency of a fact (DES (SUB) = (REF)) (that is, the
probability of DES(REF) given SUB or P(DES(REF)|SUB) ) if it Is known thal (part-of (SUB) =
(SUP)) and (DES (SUP) = (REF)). In order to present the equations in general terms the
variables DES, INV-DES, ARG, REF, SUB, and SUP are used. They stand for DEScriptor,
INVerse-DEScriptor, REFgrent, ARGument, SUBset, and SUPerset. To map this to a concrete
example DES = climate, INV-DES = country, ARG = SUB = Sumey, SUP = England, and REF =
temperate. Thus what is being computed is the frequency of Surrey (ARG, SUB) having a
temperate climate ( DES(REF) ) (that is, compute 7 ( climate{temperate) | Surrey) ) if it is known
that Surrey is a part af England (SUP) and that the climate of England is temperate.

Figure 39 shows the information which the system knows prior to propagating the
uncertainty. In the figure the lower case lefters are variabtes tor the lower and upper bounds on
the weights. The location of the bracketed weights in the diagrams indicate what it actually refers
to: In figure 39 the location af [c d] indicates that bounds on the frequency of the superset in the
subset are known, not vice-versa (ie: the bounds on Surrey being part of England not the bounds
on England which is also Surrey'7), Likewise the locatian af [e f] indicates the bounds or supP
* having DES(-H]EF) and riot the bounds on things which are DES(REF) being SUP (ie. the bounds
on England having a tempsrate climate not the bounds cn something which has a temperate
climate being England).

"®Racall the discussion in the beginning of Chapter 4 regarding the naming of infarance cperations. As digcussad thera
this thesis uses the inferencs names to relter to the inferance gperation necessary to move from unknown o known data
net vica-versa.

17The diagram daes not exactly fit the example since all of Surrey (SUB) is in reality within England {(SUP), thus making
[edl = (1.0 1.0. This total subsumption is not recessarily the casa though, evident, for example, in the consideration of

the sots such as Fard cars and sporis cars.
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ENGLAND
SuP

- 77

7 ..
SRR / :
Sy
N
N\

£

(part-of (SURREY) = (ENGLAND D[c dl))
(part-of (SUB) = (SUP Dfc d]))

[

(CLIMATE (ENGLAND) = (TEMPERATE F[e 1))
(DES (SUP) = (REF Fle f]})

Figure 39: Graphic Representation of Minimum Initial Infarmation for Calculation of
) Set/Subset Bounds (15t Order),

Note that in figure 39 the size of SUP and REF in relation to SUB and SUP respectively
cannot be determined since the inverse probabiiities are unknowr, in order to fully specify the
relationship two additional facts and their weights are needed. The fully constrained situation is
shown in figure 40. Although more precise inferences can be made if ail four facts are known,
uncertainty intervals can be calculated with just the two original tacts if the other two are
unknown. In this case the default of [0.0 1.0] - total uncertainty- is used for the unknown weights.
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(part-of (SURREY) = (ENGLAND Dfc d))
(part-of (SUB) = (SUFP Dfc d]))

(has-part (ENGLAND) = (SURREY D[a b])
(has-part (SUP) = (SUB Df[a b}))

(CLIMATE (ENGLAND} = (TEMPERATE Fle f])
(DES (SUP) = (REF Fle f])

(COUNTRY (TEMPERATE) = (ENGLAND Fig hJ))
(INV-DES (REF) = (SUP Flg h])

Figure 40; Graphic Representation of Maximum Initial Information for Calculation of
Set/Subset Bounds (15t Order).

Equations 14 through 17 list the information which is known from the first order weights. The
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information which may not be known is marked with an asterisk'®.
(part-of (SUB) =(SUP Dlc dl)} : P(part-ofiSUP)|SUB) = [a b] (14)
(has-part (SUP)= (SUB D{a b))) : P(has-par(SUB)|SUP) = [c d] (L5}
(des (SUP) = (REF Fle f1)) : Pldes(REF)|SUP) = [e f] (16)
(iny~des (REF) = (SUP Flg h)} i P(imv-des(SUP)|REF) = [g hI’ (U7

In an argument-based generalization inference there is a property ( (des(REF) ) associated
with a superctass (SUP) which is inherited by a subclass (SUB). A set of calculations can be
done to determine both the lower and upper bounds on the frequency of des(REF) in SUB. The
lower bound is determined by the following steps'%: (Note: The left hand side of the equations
refers to the size of the indicated sets. Also, two values separated by a vertical bar indicate that
using either value might produce the lowest bound - however there is no way of determining
which value to use without doing the actual calculations).

sup = ¥ (18)
SUP notin SUB = 1 — ¢ld (19)
SUP with REF = Max(e — SUPnotinSUB |, 0) 20)
LOWER BOUND P(REF|SUB) = SUBwithREF @

SUB

Equation. 18 determines the size of SUB when the size of SUP is taken to be 1.0 (normalizes
SUB). To getthe lowest possible bound this should be as large as possible. Eg. 19 finds the
amount of SUP which is not SUB - this should also be as large as possible since the objective is
to tind the lowest bound, Using the lower bound of REF in SUP eq. 20 determines how much
REF in SUP, If any, necessarily overiaps into the intersection between SUB and SUP. It this
value is less than zero the lower bound is 0.0. Eq. 21 renormaiizes the amount of REF in SUB for

'8The squations are présented in terms of an argument-oased generaiization inference. However, thay are used for
any of the four hisrarchical infarences. The mapging batwsen the inputs 1o the squations and sach inference typa is
shown In figure 41, follawing the presantation of the equations.

""This souid all be presentad ina single squation but it is ctearer if it 1% lllustrated in steps
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a SUB size of 1.0. In order to find the lowest possible bound the calculations need to be done
twice, first using the ¢ vatue and then the d value. This is because both egs. 18 and 19 want 1o
set their left hand sides as large as possible. For eq. 18 this would be by using the d value, and
for 19 the ¢ value. As the actual frequency which the interval [c d] constrains cannot be twa
values at once the calculations must be done twice to determine what the most conservative

lower bound is.

The upper bound is calculated by the lollowing steps:

alb
SUB not in SUP = SUB - (alb- SUB) (23
reF = (22)
glh
REF notin SUP = REF — (g|lh  REF) {25}
SUB in SUP not with REF = MaX(cld — elf , 0) (26)
SUB not in SUP not with REF = MaX(SUB not in SUP — REF notin SUP . 0) (27)
SUB not REF = SUB in SUP not with REF + SUB not in SUF not with REF (1%)
SUB withREF = SUB — SUB not REF (29
UPPER BOUND P(REF|SUB) = SUB withREF (30}

SiUB

Clearly the upper bound calculation is more invoived than that for the lower bound. This is
hecause in addition to considering the portian within SUF that SUB and REF can overlap the
possible intersection outside of SUP must be considered. What further complicates the
procedure is that both SUB in SUP not with REF (eg. 26) and SUB not in SUP not with REF (eq.
27) should be minimized and it cannat be determined a priod which combination of the interval
bounds will do this and thus produce the highest upper bound.

Although the calculation steps detailed above were presented in terms of an argument- ‘
based generalization inference they are applicable to all set/subset inferences. Since Ihe
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equations themselves can be interpreted to be concemed anly with set relationships and not with
the fact that ane set is a superset of the other {the subset/superset relations ceme from the
samantics attached 1o each type of weight and the actual weights themselves) it is straightforward
to map the equations to each Inference type. Figure 41 correlates the inputs to the equations to
the information for both argument and referent based inferences. Recalling the semantics
discussed in Chapter 3 (and summarized in Appendix A), in the figure P(has-part(SUB)|SUP)
corresponds to has-part or has-type relations and P(part-of(SUP}|SUB) to part-of or type-of
relations. P{des(REF)|7X) maps to non-hierarchical facts, corresponding to the probabiiity of
some argument and descriptor having a particular referent, while P{?X|des(REF)) corresponds to
the inverse.

In the diagrams in figure 41 the thick lines refer to information that is known and the thin
lines with arrowheads refer ta inferences being made. Thus the diagram in the upper left, for an
argument-based generalization infersnce operation, DES{REF) is known for SUF and is being
inferred for SUB. As an exampie, the climate of England (SUP) is known to be temperats (
DES(REF) ) and this is used to infer that the climate of Surrey (SUB) is likewise temperate. A
similar example for an argument-based specialization (upper right diagram) would be that the
climate of Surrey (again SUB) is known to be temperate ( DES(REF) ) and this is bseing used to
infer that the climate of England (SUF) is temperate.

Similar examples can be given for the refersnt-based inferences. In the lower left diagram
(referent-based generalization operation) the temperature of Antarctica (SET) might be krown ta
be cold { DES(REFgp) ) and because cold is a generalization of frigid { DES(REFg;g) ) an
inference can be made that the temparature of Antarctica is frigid. Likewise for a referent-based
specialization inference operation (lower right diagram) an example would be that since lhe
temperature of Antarctica (SET) is frigid { DES(REFg,g) ) It could be Inferred that it is coid (
DES(REFgp) ).
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ARGUMENT-BASED INFERENCE OPERATIONS

GENERALIZATION SPECIALIZATION
SUp \
SUB
Query: P(DES(REF)|SUB) P(DES(REF)|SUP)
(2 b] PSUP|SUB) P(SUB|SUP)
[cd] P(SUB|SUP) P(SUP|SUB)
(e P(DES(REF)|SUP) P(DES(REF)|SUB)
(g h P(SUP|DES(REFY) P(SUB|DES(REF))

REFERENT-BASED INFERENCE OPERATIONS

GENERALIZATION ) SPECIALIZATION

Query: P(DES(REF gy5)| SET) P(DES(REF gyp)| SET)
[a b ) P(DES(REF 5,p)| SET) P(DES(REF g,5){ SET)
[cd] P{SET|DES(REFgyp)) P(SET| DES(REF s:8))
fof] P(DES(REF ¢1;p) | PES(REF g;p)) PIDES(REF g,0)| DES(REF g7}
[g hi P(DES(REF g;p)| DES(REF ;7)) P(DES(REF g1;5)| DES(REF g))

Figure 41: Carrelation of known Information to Set/Subset Propagation Equations.
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Figure 42 lists some examples of bound calculations. This illustrates the relatianship
between the uncertainty v}eights for several combinations. The first four columns indicate various
combinations of the known information and the last indicates the calculated frequency range of a
subset having a referent value {argument-based generalization operations) or a superset having
a referent value (argument-based specialization operations). (In arder to fit the column headings
Descriptor is abbreviated as just D instead of the usual DES.) Note the general incraase in the
magnitude of the resulting uncenainty weights as the magnitude of the contributing weights
increases.

To give a befter feel for how the calculations are done figures 43 and 44 graphically iflustrate
some examples of bound calculations for an argument-based generalization inference operation
with varying degrees of known infarmation.. In these examples the facts (part-of (SUP) = (SUB)),
(has-part (SUP) = (REF)), (DES (SUP) = (REF)), and (INV-DES (REF) = (SUP) are known with
varying uncertainty weights (indicated by their degree of intersection). A bound on (DES (SUB) =
(REF)) is being calculated.?® Each row in the diagrams corresponds to various situations in
which certain of the constraining weights are known or unknown, Inthe diagrams boxes with four
exact sides indicate completely constrained siluations while diagrams including boxes with
continuation symbols are underconstrained. Under each diagram the bound is given, with many
being either 0 or 1. "=X" indicates that a bound is calculable using equations 14 - 30 - it doesn't
necessarily tall to either 0 or 1. The diagrams are meant to convey a generat feel for how the
sets relate and do not necessarily exactly depict what the bounds are in every possible
instantiation of each situation.

in figure 43 A) the lower bound is O - it is possible for SUB to be contained in the partion af
SUP which does not contain REF. The upper bound Is determined by maximally “covering” the
portion of SUB which is in SUP with REF. The exact bound is calculated depending on the
percent of SUB which intersects with REF.

in B) the sizes of SUB and REF dictate that there must be some minimum intersection
between SUB and REF inside of SUP and thus a lower bound can be calculated. The upper
bound is determined similarly to in A), only additionally assuming that the portion SUB not in SUP
is covered by REF.

C) illustrates a situation in which the relationship between SUP and REF is fully constrained
but the relationship between SUP and SUB is not. To determine the smallest possible lower

Wpaain, this can be mapped to the same axampls usad previcusly in this: section: DES = climate, INV-DES = country,
SUB = Surrey, SUP = England, and REF = temperata. What is being computed is the fraquancy of Surrey (SLB) having a
temperata climats ( DES(REF) ) {that is, compute £ ( cimate(temperate} #| # Surray)> ) if #t'is known that Surray is 2 part
of England (SUP) and that tha climate of England is lemperate.
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ARGUMENT-BASED GENERALIZATION OPERATIONS

P(SUPISUB) P{SUB|SUP) P(SUP|D(REF)) | P{D(REF){SUP) | P(D(REF)SUB)
1.01.0 0:30.3 1.01.0 04 0.4 0.01.0
0.505 0.404 0.00.8
0505 0.7 0.7 0.41.0
0.70.7 0.70.7 0.68 1.0
0.50.5 0303 1.01.0 0.40.4 0.00.5
050.5 0.404 0.00:4
0505 0.70.7 0.20.5
6707 ¥ 0707 02905
1.01.0 0303 0:50.5 0404 6.01.0
0505 0.4.0.4 0.00.8
0.505 0.7 0.7 0.41.0
0.7 0.7 0.7 0.7 0.58 1.0

ARGUMENT-BASED SPECIALIZATION OPERATIONS
P{SUP|SUB) P(SUBISUP) P(SUP|D{REF)) | P(D(REF)|SUP) | P(D(REF)|SUP)

1.01.0 03043 _ 1.01.0 0.4 0.4 0.120.12
0505 0404 0202
0505 | 0.707 035035
0.70.7 | 0707 0.49 0.49
0.505 0,303 1.01.0 0.404 0.00.24
0505 0404 0005
0505 . 0707 0.205
0707 0.7 07 0.28 0.7
1010 0303 0.50.5 0404 0.120.24
0505 0404 0.20.4
0505 0707 0.350.7
0707 0.7 07 049079

Figure 42: Bound Calculation Examples.

bound consider the situation where SUB is very large (ie: the unknown weight, P(SUP|SUB). is
very small). As a rasult even though there is necessarily some overtap between SUB and REF
inside of SUP it is possible that it {the overiap) Is a trivially small portion of the whole of SUB and
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thus the lower bound is essentially 0. The upper bound is determined by assuming that the size
of SUB autside of SUP equals the size of REF outside of SUP. The bound is calculated by
assuming that those two areas Intersect completely and that SUB and REF intersect as much as

possible within SUP,

In figure 44 D) the size of SUP in SUB is known but not the inverse. From just this
information the percentages of SUB which are inside and outside of SUP are known but not the
exact sizes. (In the diagram this is illustrated by the doubly unconstrained SUB box. As the size
axpands or contracts in one direction it must do the same in the other, remaining in line with the
percentage of SUP in SUB dictated by the known weight P(SUP|SUB)). To determine the
smallest possible lower bound consider the situation where SUP is much larger than SUB (ie: the
unknown weight, P(SUB|SUP), is very small). In this case there will be some area of SUP where
SUB can be present without REF and the lower bound is 0. (If REF had completely coverad SUP
this would be not be the casa). The upper bound is 1 for a similar reason. Again, SUP may be
much larger than SUB. Thus REF will aiso be larger than SUB and all of SUB, both inside and
outside of SUP can be covered.

E) illustrates a situation similar to D). The size of SUP which is in REF is known but not the
inversa. Thus the percentages of REF which are inside and outside of SUP are known but not
the absolute size of REF in relation to SUB and SUP. It is possible that the amount of REF in
SUP ig trivially small and does not intersect at all with SUB, making the lower bound 0. The
upper bound is determined by assuming that the unknown weigit P(REF|SUB) is 1 and thus any
SUB within SUP intersects with REF. With this assumption the size of REF in relation to SUEB
and SUP can be calculated and assuming maximal intersection between SUP and REF outside of
SUP the upper bound can be calculated.

In F) since tha size of both SUB and REF in SUP are known a lower bound can be
calculated. As with the other exampies, the lowest passible bound is when there is no
intersection of SUB and REF outside of SUP. The upper bound ¢an be determined by maximally
. covering SUB in SUP with REF and assuming that the size of REF allows any portion of SUB
 gutside of SUP to also be covered.

The situations detailed lllustrate situations in which none or ane of the uncertainty weights is
unkniown. In cases where two or more are unknown the lower and upper bounds defauit to their

poles, O and 1.

The support weight for set/subset relations is, like the support for implications, computed by
conjoining the suppart values for sach fact using gsquations 4 and 5. In this case though, a
globally defined interval which indicates the support for the set to set transfer must alsa be
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9 = P(DES(REF){SUB) (eg: (des (SUB) = (REF)) )
(ab] = P(SUP{SUB} {eq: (part-of (SUB) = {SUP D{a b])) )
[cd] = P(SUB|SUP) {eg: (has-part (SUP) = (SUB Dfc d])) }
(e f] = P(DES(REF)|SUP) {eg: (des (SUF) = (REF Fle f])))
[ah] = P(SUP|DES(REF)) {eg: (inv-des (REF) = {SUP Flg hp) )
LOWER BOUND ' UPPER BOUND
A Ste SUP
R NG
(2 bi=x | PNRN / ' NN #0o5
[c d]=x \\\\&3\\ //é RS
e £f]=x
- SUB REF SUB REE‘-)
[g hl=x LB=0 UB=X
B
[a bl=x
[c dl=x
[e £]l=x
[g hl=x
C
[a b]=7
[e dl=x
[e £]=x
(g h]=x

Figure 43: Examples of Bound Calculations.

conjoined. This is necessary since set/subset transter, unlike implication, is not a principle of
formal logic, and therefore is not necessarily true. Figure 45 lists these variables for for
argument-based generalization inferences as weil as each of tha other types.

Appendix D iliustrates the calculations for an example of an argument-based generalization
inference.
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7 = P(DES(REF)|SUB) (eg: (des (SUB) = (REF)) )

(ab] = P(SUP|SUB) (eg: (part-of (SUB) = (SUP D[a b)) }
[c d] = P(SUB|SUP) (eg: (has-part (SUP) = (SUB D¢ d))) )
[ 1] = P(DES(REF)|SUP) (eg: (des (SUP) = (REF Fle f]) )

(g h} = P(SUP|DES(REF)) {eg: (inv-des (REF) = (SUP Flg h])) )

LOWER BOUND UPPER BOUND

Sup SUP

=

ke
N\

SuB REF SUB REF
LB=0 UB=1

TN

[a bl==x \:j
[c d]=2 \
[e £]l=x
(g h]l=x

[a b]=x
[c d]=x
[e £]1=7
[g h]l=x«

T

Wi
S

1B=0

[2 b]l=x
[c d]l=x
[_e El=x
(g h]=?

= Figure 44: Examples of Bound Calculations (continued).
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OPERATION PARAMETER DEFAULT VALUE
Argument-Based Generalization | *arg-gen-supp” | ${1.0 1.0]
Argument-Based Specialization | *arg-spec-supp” | 8{1.0 1.0]
Referent-Based Generalization | ‘ref-gen-supp’ S[1.0 1.0
Referent-Based Specialization | “ref-spec-supp® | S[1.0 1.0]
Dependency “depend-supp’ §[(1.0 1.0]

Figure 45: Support Parameters for Interence Operations.

6.1.6. Typicality.

As described in section 2.2.3 typicality weights are associated with the relation between a
set and its subsets. - It is similar to dominance yet allows stranger inferences to made in situations
where the relative sizes of two sets in a hierarchy are disparate yet they share many of the same

attributes.

Propagation of frequency values through typicality relations works the same as with
dominance relatians. which were discussed in the preceding section. The same equations are
used, except typicaiity weights are used instead of dominance weights for defining the
relationship between two arguments.

The support for typicality relations is also calculated the same as with se¥/subset relations.
Again, as with dominance, since typicality is not a principle of formal legic a variable is defined .
which is the global support for typicality relations. (tis setto a default of S{1.0 1.0].

6.1.7. Dependencies.

The propagation of uncertainty in dependency-based inferences works by building an
implication based upon the dependency and known facts and using it to infer a frequency for the
unknown query. Equations 31 through 34 below give the information gained through gathering
the facts used in dependency inferances.?'40-degrees.> Equations 35 and 38 perform the

2VRecall the description of dependency inferencas In section 4.6 The mapping betwesn the example prasentad In
figure 26 in that section and the equations prasented here is DES1 = climate, DES2 = latitude, ARG1 = SBurray, ARG2 =
Hallang, REF1 = temperate, and AEF2 =
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uncertainty propagation. Equation 35 calculates the lower bound on the implication invelving the
two descriptors and the values associated with the second argument. The lower likelihoed bound
on the dependence between the two descriptars is used to lower this result below what would be
obtained by just using the facts associated with the second argument. Equation 36 calculates the
upper tound, using the upper bound on of the likelihood of the dependence as the correction
tactar. Once the likelihood associated with the generated impiication are determined the
implication equations (equations 9 - 13) are used to calculate the frequency invaived with the

initial query.
(&« — DES1 DESZ Lis pl) G31)
(DES2 (ARG1)=(REF2 F[s pl)) : P(DES2(REF1)|ARGl)=[a b] (32}
(DES2 {ARG2) = (REF2 F[s pl)) ; P(DESAUREF)|ARGY)=[c d] (33)
(PESL (ARG =(REFL F[s pD)) . P(DESU(REF1)|ARG2) = [e f] {34)

510 (= ((DES2 (ARG2) = (REF2))) (DESI(ARG2)=(REF1)))) = =-5; (35)

Tl

) (l=p;) (36)

p,((—>((DES2 (ARG2)=(REF2))) (DES1 (ARG2)=(REF1)))) = 1-(1-—"‘2“’

6.2. Combined inferences.

At the end of Chapter 4 two types of combined inferences were discussed: combining
multiple inferences in one sclutien path and combining the aevidence abtained from multiple.
solution paths into some total measure of the belief in the initial query. The first of these is
straightforward using the equations developed in this chapter. Beginning wilh the fact found at
the end of a solution path the resuit of each uncertainty caiculation along the path is used in the
rext caleulation. For example, consider if a fact A is being queried for and the implication B = A
is known. If B Is known we're all set but perhaps it is unknown. It may be the case. however, that
a generalization of B is known and thus it could be used lo calculate a belief in B. This in furn can
be used in the impiication and a betief in A can be calculated. Obviously, the longer the solution
paths are (and thus the greater the number of calculation steps) the lower the belief that a
salution path will fikely bring to bear on the query.

The second aspect of combined inferences is when multiple sources of evidence are found
relating to a query. In these situations the evidence which each source brings to bear on the
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query is summarized to arrive at the final belief in the query. The method used it to first break
each piece of evidence into positive and negative components. Thus if a particular piece of
avidence ganerates a frequency of [a b] with a support of [c d] for a query A, A is true with the
weights F[0 a] S[c d} and not{A) is true with the weights F[0 1-b] S[c d]. (Recall the semantics of
uncertainty ranges, section 3.2.) The next step is to combine these weights by subdividing each
frequency interval as necessary and adding the support welghts associated with that interval. An
example will make this clear - consider figure 46. Note the support values for the combined
evidence. For the positive frequency range 0.0 to 0.2 this is the sum of the support for both
evidence sources since they both cover this range, For the range 0.2 to 0.6 the support is just
the support for the first evidence source since that is the anly one which covers that range. Since
both evidence sources cover the negative range 0.0 to 0.1 the combined support is the sum of
the individual supports. Although the figure only shows the combination of two evidence sources
any number of sources can be combined using the same sirategy.

Evidence Source 1: F{0.6 0.9] S[0.30.7]
positive: F[0.0 0.6] S[0.30.7]
negative: Fl©.00.1] S[0.30.7]

Evidence Sourca 2: F[0.2 0.9] S[0.2 0.5]
positive: F{c.0 0.2] §{0.2 0.5]
negative: F{0.G Q.1] 5[0.20.5]

Cambined Evidence:

positive: F0.00.2) S[0.5 1.0]
F10.2 0.6] $[0.30.7]
negative: F{0.0 0.1] $[0.5 1.0]

Figure 46; Example of Summing Multiple Saurces of Evidence.

6.3. Qualitative Uncertainty.

Qualitative uncertainty refers to transforming quantitative measures of uncertainty to
qualitative terms, Thus when evidence for a query is found the resulting frequency and support
values can be output in English as well as numericaily. Without any deep analysis a number of
terms were selected and used to transtorm frequency and support values, Figure 47 shows the
translations currently used In PRS for cutputting resulits.
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Weight
0.0
0.0-0.23
0.33 - 0.67
0.67-1.0
1.0

Figure 47:

Translation for Frequency
nane

some

halt

most

all

Translation for Support
none

weak

medium

strong

strong

Transiations between Quantitative and Qualitative Uncertainty Measures.
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7. SYSTEM OPERATION.

This chapter describes how PRS operates, from the perspective of a user interacting with it.
The first part builds upon previous chapters, describing maore specifics about how PRS runs, and
includes an annotated listing of PRS running. This is followed by a description of the Symbolics
interface.?2

PRS was developed in common lisp and is composed of 13 source files and approximately
3700 lines of code, not including the underlying window interface cods.

7.1. Creating a Knowledge Base.

The first step in running PRS Is sefting up a knowledge base, The components of a
knowledge base are facts, rules, and dependencies. These are entered using the lisp functions
ADD-FACTS, MAKERULE, and MAKEDEPENDENCY. Appendix B lists and briefly describes
these as well as the other functions which a user may invoke. An example of how these functions
are used is shown in figure 48. A knowledge base can be developed incrementally and there is
no required order in which information must be added. Appendix C lists the complete knowledge
base used for the climate examples. Note that the size of a knowledge base is fimited only by the
memary in a Symbaiics machine and thus for any practical 1ask there is no constraint on the
number of facts, rules, and dependencies.

7.2. Running PRS.

Once knowledge is entered into the lisp environment PRS can be run. Evaluating the
tunction RUN-PRS initiates the system and prompts for a query. Taking this query as the starting
point PRS u_s‘és- the inference operations (Chapter 4) to transform it and find related evidence in
the knowledge base. As described in Chapter 5 this reasoning process is controlled by a number
of adjustable parameters.

As an example, below is a trace of PRE running. In this example the system Is Irying to
determine if the climate of Surrey is temperate. PRS finds four separate pieces of avidence

Zappandix 8 summarizes the lisp functions for operating PRS.
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{ADD-FACTS
‘ ({part~cf (England) = (Europa D{ 0.1 0.2 ] 8{ 0.6 0.9 1))
{(ciimate {England) = (temperate F[ 0.8 0.5 ] 8[ 0.7 0.8 1))

))
(MAKERULE 7 (--> ((laticude (?x) = (>40-degreas)))
(elimate (?x) = (tamparate)) L{ 0.8 .5
s[ 1.0 1.0

(MAKEDEPENDENCY * (<--> climate latitude L[ 0.5 0.8 ] 8[ 0.6 0.9 ]))

]
1)

Figure 48: Knowledge File.

regarding this query. In order to make this exampte more helpiul comments have been added to
the actual system output (in italics). User input is indicated with bold capitals. All else is tracing
and resuit information which the system outputs as it runs.

Load the climate Knowledge Base (Full listing in Appendix C). The climate KB contains facts,
implications, and dependencies used to illustrate PRS working in a simple geographical
domain.

Command: LOAD FILE CLIMATE

-------------------------- Adding Factg=-—=—rm—=——se-emacccen——a———-
Facts, implications. and dependencies are asserted inta the environment.

Asserting (PART-OF (ENGLAND) = (EUROBE))...
Asserting (TYPE-OF (ENGLAND) = (COUNTRY))..
Asserting (CLIMATE (ENGLAND) = (TEMPERATE))..

Making Rule (==> ((LATITUDE (?X) = (>-40-DEGREES)))
(CLIMATE (7X) = (TEMPERATE))) ...

Asserting (PART-OF (ENGLAND) = (UNITED-KINGDOM))...

Making Dependency (<--> CLIMATE LATITUDE)

... Rone.

Initiate PRS sessior:

Command: (RUN-PRS)



Running FRS-QUERY systam:
A user inputs an initial query to determine if the ciimate of Surrey is temperate:

Enter query: (tlimate (sﬁrrey} = (temperate))

Next Cperation: (1)
(CHECK-QUERY ' (CLIMATE (SURREY) = (TEMPERATE)))
tima = 0 path langth = 0
worth = 100 ral, time = 0

The fact (climate (Surrey) = {temperats)) is not in the KB so inference operations are added
to the stack.

Unknown. . .Adding stack slements:

(GET-ARGUMENT-GENERALIZATIONS *‘ (CLIMATE (SURREY) = (TEMPERATE)))
(GET-ARGCUMENT-SPECIALIZATIONS ’ (CLIMATE (SURREY) = (TEMPERATE)))
(GET-REFERENT-GENERALIZATIONS * (CLIMATE (SURREY) = (TEMPERATE)))
(GET-REFERINT-SPECIALIZATIONS ’ (CLIMATE (SURREY) = (TEMPERATE)))
(BACKCHAIN ‘' (CLIMATE (SURREY) = (TEMPERATE)))

(GET-DEPENDENCIES ' (CLIMATE (SURREY) = (TEMPERATE)))

The stack is sortad (sae Chapter 5) and the next cperation is popped off and executed.
The impiication aperation has the highest worth (See Figure 29, Chapter 5).

Next Cperation: (2}
(BACKCHAIN ’ (CLIMATE (SURREY) = (TEMPERATE)))
time = 1 path langth = 0
worth = 85,0 rel, time = 1

Found an impiication which implies that the climate of Surrey (s lemperate:

Found (--> ((LATITUDE (?X) = (>40-DEGREES)))
{CLIMATE (?X) = (TEMPERATE)))

Adding to stack:

(CHECKR-QUERY " (LATITUDE (SURREY) = (>40-DEGREES)))

Now check ta see if the antecedent of the irfiplication is in known.

Next Operation: (3)
(CHECX-QUERY ’ (LATITUDE (SURREY) = (>40-DEGREES)))
time = 2 path length = 2

woerth = 95.0 rel. time = 2
The antecedent is in the KB:
found (LATITUDE (SURREY) = (>40-DEGREES))
Finding antecedent creates a solution path - one piece of evidance is found supporting the imtial
query. The system summarnzes the inferenice path which led to this evidence and calculates the
beliefin the query based upon this evidence!

-------------------------- Evidentoe: 1 =-es-——c—smssmemesnmecasenna=
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Tound Evidencsa:
It is known that
(==> ((LATITUDE (?X) = {(>40-DEGREES) ) }
(CLIMATE (X)) = {TEMPERATE) ) )

like : 0.80 .. 0,90 supp: 1.00 .. 1.00
(LATITUDE (SURREY) = (>40-DEGREES)) '
freq : 0.80 .. 0.80 supp: 0.80 .. 1.00
On the basis of this evidence the input query is known with
freq: 0.64 .. 0.92 supp: 0.80 .. 1.00

Numbers are transiated to qualitative terms (see Section 6.3):

This translates to STRONG evidence that HALF to MOST of
tha CLIMATE of SURREY is TEMPERATE,

Cembining the 1 source of evidence the initial query,
(CLIMATE (SURREY) = (TEMPERATE)), has the following belief:
Supporting Fact!:
freq: (0.00 0,.64) supp: (0.80 1.00)
Supporting Negation of Fact!
€raq: (0.00 0.0B8) supp: {(0.80 1.00)

Operation continues. Trying the next possibie inference which was put on the stack above which
is to find generalizations of the argument Surrey:

Next Cpezation: (4)
{GET-RRGUMENT-GENERALIZATIOHS ¢ (CLIMATE (SURRZY) = (TEMPERATE) })
tima = 3 path lesngth = 0

worth = 20.0 rel, tima = 1
Find that England is a generalization of Surrey:
Found (PART-OF (SURREY) = (ENGLAND))
Adding to stack:
(CHECK-QUERY ' (CLIMATE (ENGLAND) = (TEMPERATE)))

Now check to see if England has a temperate climate:

Next Operation! (5)
{CHECK-QUERY ' (CLIMATE (ENGLAND) = (TEMPERATE) ))
timea = 4 path leagth = 2

worth = 90.0 rel. tima = 4
Found (CLIMATE (ENGLAND) = (TEMPERATE))

Since England does have a temperate climate an argument-based generalization inference
has been complated. As with the first piece of evidence the path which produce the
avidence is output and calculation of the degree of beliaf which this brings to bear on
the initial query is calculated. Also the total belief in the initial query is calcuiated
from the two piecas of evidence found so far:

------------------- emmme=— Eyidance 2 —=---es-s—ms——sasossmaesse——
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Found Evidance:
It ia known that
(PART-OF (SURREY) = (ENGLAND))
dom: 1.00 ., 1.00 typ: 0.30 .. 0.80 supp: 1.00 .. 1.00
(CLIMATE (ENGLAND) = (TEMPERATE))

freg : 0.80 .. 0.90 supp: 0,70 .. 0.90
On the basis of this evidence the input query is known with
freq: 0.33 .. 1.00 supp: 0.70 .. 0.3%0

This translatas to STRONG evidence that SOME to ALL of
the CLIMATE of SURREY is TEMPERATE,

Summarizes total evidence from both solution paths found so far...

Combining the 2 souzces of evidence the initial query,
(CLIMATE (SURREY) = (TEMPERATE)), has the following belief:
Supporting Fact:
freq: (0.00 0.33) supp: (1.00 1.00)
freq: (0.33 0.64) =upp: (0.80 1.00)
Supporting Negation of Fact:
freq: (0.00 0,08) supp: (0.80 1.00)

Y S T —— - i . - . — -

Operation continues. Now iook for generaiizations of the referent temperate:

Next Operation: (8)
(GET-REFERENT-GENERALIZATIONS ’ (CLIMATE (SURRLY)} = ({TEMPERATE) } )
time = 7 path length = 0
worth = 85.0 rel. tima = 7

Neone found.

No generalizations of temperate found. Now look for specializations of the argumant
Surrey;

Next Operation: {7)
(GET-ARGUMENT-SPECTALIZATIONS ‘ (CLIMATE (SURREY) = (TEMPERATE) ))
time = 8 path length = 0
worth = 85.0 rel. time = 8

Neone found.

No specializations of Surrey found. Now fook for specializations of the referent
temparate!

Hext Operaﬁion: (8)

(GET-REFERENT-SPECIALIZATIONS " (CLIMATE (SURREY) = (TEMPERATE) ) )
time = B path lengcth = 0
worth = 80.0 rel, tims = 8

Found (HAS-PART (TEMPERATE) = (MODERATE-TEMPERATURE) )

Found that moderate-temperatura is a specialization of temperate. So naw check if it
is known that the climate of Surrey has a moderate temperature:

Adding to stack!:
(CHECR-QUERY ' (CLIMATE (SURREY) = {(MODERATE-TEMPERATURE) } )



80

Next Operation: (9
(CHECK-QUERY * (CLIMATE (SURREY) = {MODERATE-TEMPERATURE) ) )
tima = 9 path length = 2
worth = 80.0 rel, time = 9

Found (CLIMATE (SURRZY) = (MODERATE-TEMEZRATURE) )

Finding that Surrey doas have a moderate termperature completes a reference-basaed
specialization infarance, Again the amount of evidence which this brings to bear on the
climate of Surrey being temparate is caikculated and the sum of the three pieces of evidence
found so far is calculated:

-------- e Emmmee————nee—-——- Evidence T it o e o e

Found Evidence:
It is known that
(HAS-PART (TEMPERATE) = (MQDERAT!-TEHPERATURE})
dom: 0.70 .. 0.80 &yp: 0.00 ., 1.00 supp: 0.70 .. 0.90
(CLIMATE (SURREY) = (MODERATE-TEMPERATURE))

freq ; 0.80 .. 0.80 supp: 0.70 .. 0.80
On the basis of this evidence the input query is known with
freq: 0.80 ,. 1.00Q supp: 0.40 ., 0.80

This translatas to MEDIUM to STRONG evidenca that MOST to ALL of
the CLIMATE of SURREY ia TEMPEIRATE.

Combining the 3 sources of evidence the initial query,
(CLIMATE (SURREY) = (TEMPERATE)), has the following belief:
Suppeosting Tact:
freqg: (0.00 0.64) supp: {1.00 1.00)
freq: (0.64 0.80) supp: (0.40 0.80)
Supporting Negation of Fact!
freq: (0.00 0.08) supp: (0.80 1.00)

Operation continues. Naw looking for dependencies involving the descriptor climate:

Next Operatign: {10}
(GET-DEPENDENCIES ' (CLIMATE (SURREY) = (TEMPERATE)))
tima = 12 path length = 0
worth = 75.0 ral. time = 12

Since the relative time is exceeded (fe: the amount of time since the stack element
which this descendsd from - (CHECK-QUERY (CLIMATE (SURREY) = (TEMPERAT £)) -is
greater than the adjustabla relative time limit parameter) the slement is put on bottom
of stack:

Rel. time (12) exceeds limit (10) - Operation put at bottom of stack.

Since the element is the only element left in the stack it's procassed jmmediately;

Naxt Operation: {11)
(GET-DEPENDENCIES ‘' (CLIMATE (SURREY) = (TEMPERATE)})
time = 12 path length = 0

worth = 75.0 real, time = 0
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A dependency is found relating ciimate and latitude:
Found (<--> CLIMATE LATITUDE)
Check if Surrey has a value (ie: referent) for the descriptor latitude:

Adding to stack:

(CHECK-ARG-WITH-NEW-DES ’ (CLIMATE (SURREY) (TEMPERATE)) <N-~LATITUDE>)

Next Operation: {12)
{CHECK-ARG-WITH-NEW-DES ’ (CLIMATE (SURREY) = (TEMFERATE)) <H-LATITUDE>)
time = 13 path length = 2
worth = 67.5 rel. Eime = 1

Found that Surrey's lalitude is greater than 40 degrees:

Found (LATITUDE (SURREY) = (>40-DEGREES))

Adding to stack:
{GET-MATCHING-ARG ' (CLIMATE (SURREY) = (TEMFERATE))
<N-LATITUDE> ">40~DEGREES)

Now check if there's another argument with the same referent as that found for Surrey
(>40-degrees) for the descriptor latitude:

Next Operation: (13)
{GET-MATCHING-ARG ’ (CLIMATE (SURREY) = (TEMPERATE))
<H-LATITUDE> ‘>40-DEGREES)
tima = 14 path langth = 4
worth = 60.75 rel. time = 2

Found that Helland's latitude is alsc greater than 40 degrees:
Found (LATITUDE (HOLLAND) = (>40-DEGREES))

Now check if new argument (Holfand) has the same vaiue (temperata) for the initial
descriptor (ctimate) as Surrey:

Adding to stack:

(GET-REF-WITE-INIT-DES ’ (CLIMATE (SURREY) (TEMPERATE) ) ‘HOLLAND)

Next Cperation: (14)
(GET-REF-WITH-INIT-DES ‘ (CLIMATE (SURREY) = (TEMPERATE)) 'BOLLAND)
time = 15 path length = €

worth = 54.675 zel. time = 3
Found that Holland's climate is also temperate:
Found (CLIMATE (HOLLAND) = (TEMPERATE))
Have now completed a dependency-based inference: since it is known that climate is

related to latitude and that Surrey and Holland both have the same latitude an inference
can be made that thelr climatas are the same. Sinca Holland's climate s temperate this
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is avidence that Surray’s is also. As with the pravious three piecas of avidence a
calculation is done 1o see the amount of belief which this piece of evidence brings to
bear on the initial query and then the combined belisf in Surrey having a temperate
climate is calculated;

o o ~== Evidence d memmmmmmmem e m————————— e

Found Evidanca:
It is known that
(<-=> CLIMATE LATITUDE)

like : 0.50 .. 0.80 supp: 0.8Q0 .. 0.90
(LATITUDE (SURREY) = (>40-DEGREES) )

freq : 0.80 .. 0.90 supp: 0.80 .. 1.00
(LATITUDE (HOLLAND) = (>40-DEGREES))

freq : 0.90 .. 1.00 supp: 0.90 .. 0.90
(CLIMATE (HOLLAND) = (TEMPERATE) )

freq : 0.60 .. 0.80 supp: 0.90 .. 0.90

On the basis of this evidence the input query ia known with
freqg: 0.60 .. 1.00 supp: 0.20 .. 0.90

This translates to WEAR to STRONG evidence that HALF to ALL of
the CLIMATE of SURREY is TEMPERATE. .

Combining the 4 souxces of evidence the initial query,
(CLIMATE (SURREY) = (TEMPERATE)) , has the following belief:
Supporting Fact:
freq: (0.00 0.64) supp: {(1.00 1.00)
freq: (0.64 0.80) supp: (0.40 0.80)
Supporting Negation cf Tact:
freq: (0.00 0.08) supp: (0.80 1.00)

PROCESSIRG TESRMINATED -~ No more elements in stack.
Summarizes the evidence from each source:

SIMMARIZING EVIDENCE
1) (CLIMATE (SURREY) = {(TEMPERATE) )

frag: .64 .. .92 supp: .80 .. 1.00
2) (CLIMATE (SURREY) = (TEMPERATE))
freq: .33 ,. 1.00 supp: .70 .. .90
3) (CLIMATE (SURREY) = (TEMPERATE))
freq: .80 .. 1.00 supp: -40 .. .80
4) (CLIMATE (SURREY) = {(TEMPERATE) )
freq: .60 .. 1.00 supp! .20 .. .90

Type (see-evidance #) to see the inferenca path for a particularx
avidance numbex.

Type (summarize-evidence-id) to ses this summary.
(Total tima: 20 saconds)

Command: (SEE-EVIDENCE 1)
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Show stack elements and facts along the solution path for the first piece of evidence
found.

(check-query ' (climate (surrey) = (temperate)))
(backchain '’ {¢limate (surrey) = (temperate)))
(-=> ({LATITUDE (?X) = (>40-DEGRELS)))
(CLIMAT® (?X) = (TEMPERATE)))

like : 0.80 .. 0,90 supp: 1.00 .. 1.00
(¢heck-query " (latitude (surrzay) = (>40-degrees)))
{LATITUDE (SURREY) = (>40-DEGPEES))
freg : 0.80 ., 0.90 supp: 0.80 .. 1.00

(CLIMATE (SURREY) = (TEMPERATE))
freg : 0.64 .. 0,92 supp: 0.80 .. 1.00

7.3. Symbolics Interface.

Once loaded on a Symbolics 3600 series computer PRS is invoked with the
SELECT-SYMBOL-J command. This builds the user interface screen, shown in Figure 49, This
screen provides a simple interface to the lisp functions described above in order to easily opetate
PRS. As can be seen there are four basic panes in the window: fisp interaction, command,
debug, and summary. The basic function of each will become clear in the following description of
operating the system?.

The lisp interaction pane at the bottom of the window is a lisp listener. 1t is the low leve!
intertace in which any lisp function can be catled.

The command pane at the top of the window is the high level contral interface. [t allows the
user to invoke a& number of operations with the mouse, Each item in the command line, referred
ta below as buttons, is mouse sensitive, They may have multiple options depending upon which
mouse button is clicked - the mouse documentation line at the battom of the window indicates the
possible operations.

The KNOW. BASE button allows a user to load in a knowledge file containing facts, rules,
and dependencies or to reset the environment, removing all knowledge. Knowledge files are
created by the user using an editor and contain function calls as shown previously in figure 48.

The RUN PRS-QUERY button initiates the running of the system. The user is first prompted

23Thg following desgription is nat meant to.describe the Interface with great detail. with this summary the cparation is
very straightforward.
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Figure 43: Symbolics Interface.

for a fact to be reasoned about. As the system runs the debug pane lists each stack element
being processed and the results of processing the element {unless debug messages are disabled
via the parameters menu - described below). The summary pane flists each line of reasoning as it
is Inferred as well as a summary upon compistion of processing.

The RUN PRS-ID button operates the application of PRS lo the domain of turigrass
identification. This is described in detail in the following chapter.
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The VIEW PATH button is used after the system has run. It allows the user to view the

inference path for a particular piece of evidence which was found.

The REFRESH button allows a user to clear the output history in the debug or summary
panes.

The PARAMETERS button pops up a menu which allows the user to view and modify
inference controt parameters as well as certain window operation parameters.

The HELP button provides a brief summary of PRS and its operation.
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8. APPLICATION OF PRS.

In. addition to developing a madel for human reasoning, one goal of this thesis was to show
the utility of the Collins-Michalski Theery as a practical tocl in a complex domain. An extension of
PRS was developed - PRS-ID - which involves the task of making correct identifications of
unknowns when given soma initial information about the unknown. Specifically, the system is
used in identifying turfgrass species given information regarding varlous characteristics®*. Note
that the development of a fully robust grass identification expert system was not the purpose of
this work - it was done to demonstrate the applicability of the Theory in such a system.

8.1. Grass Type Identification.

The motivation behind the development of g grass identification system is to build a tool
which can be used by a turf manager to make positive identifications of unknown plants based on
incormplete informaticn. [n addition, such a system could provide advice to persens not familiar
with the grass identification domain. Correct identification is important as it is the first step in
treating turf problems. Many factors make this task less than straightforward, For example, the
unknown turf may be in such a condition that some important keys for identitication cannot bz
determined. A common example of this is in attempting to identify grasses in mowed areas.
Generally the floral part of the plants are cut off and thus cannot be used in the identification
process, leaving only the vegetative features of the plants for identification, Also, the information
upen which the identification is to be based may be from an unreliable source, perhaps from a
person unfamiliar with the various species of turfgrasses and their characteristics.

[Morse 71] outlines five basic identification methods for determining unknown plaht )
spaci'e525: i) Expert determination, which is generally regarded as the most reliable of all
identification techniques. This methad merely transfers the responsibility of idsntification to an
appropriate expert. This service can be slow and costly, and is often limited by the availability of
an expert. il) Immediate recognition, which approaches expert determination and accuracy. This
is the ability of an individual to recognize an unknown weed by past examples of identification.

24This work was dona in callabaratian with Professer Thomas W, Fermanian of the Department of Horticulture at the
University of llinais. Or. Fermanian is actively invalved In developing computar-pased systems for agricultural tasks
espacially in the area of turfgrass managamaent.

5This and the following three paragraphs ate included from [Fermanian & Michalski 88} with parmission,
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For some taxonomic groups and immature plants, however, this method of identification is very
difficult and in all cases requires extensive past experience. iif) Comparison of an unknown
specimen with identified species or illustrations. It offers a rapid, simple diagnosis and [s often
useful for many commonly found weeds, iv} An identification key which is based on the
development of appropriate descriptive phrases of merphological or biochemical character-
variables (hereafter, referred-to as variables). Identification keys generally take the form of
groupings of similar merphotogical variables from which the user must select the variable which
best matches that present on the unknown sample. The selection of this variable then leads to
the next set of identifying characteristics . This process is followed until enough variables have
been identified to suggest the identification of the specimen. v) The last identification technique is
a diagnostic table or polyclave. Diagnostic tables are a matrix of rows of species and columns of
identitying variables. Users of a diagnastic tables can identity the listed variables in any order
they wish. Currently, the use of an identification key or expert determination are the most
commonly used methods to identify grasses tound in turf by inexperienced turt managers.

[Morse 71] lists two major faults of identification keys: i) They require a user to utilize certain
variables whether or not they are convenient or can be identified. Because the keys are set up as
decision trees where each branch requires a definite answer they are inflexible in not allewing for
unknown information; if) They implicitly rely on rigid descriptions of specimens. Oeeasional
variation in a population can cause & grass misidentification.

In a list of relative merits of both identification keys and diagnostic tables [Payne & Presce
80), stated that the diagnostic table was superior 1o a key because it offered a choice in the arder
of characters 1o be used for identification. They also suggested, however, that keys are more

convenient to use.

Computer systems might offer the benefits of both identification keys and diagnostic tables
in one tool. The use of expert systems techniques offers a new, unique method for assisting with |
species identification [Atkinson & Gammerman &7], (Fermanian, Michalski, Katz & Kelly 88]. The
relative merits of an expert system Is its ability to allow the user to select variables that are
available on the unknown specimen. They can cperate an various levels of ungertainty providing

" a more efficient mechanism for identification. They can be easily modified to reflect local vanation
in the values of variables for included species.

PRS is well suited to both the specilic grass identification task and identification tasks in
general. First, the representation allows for the hierarchical nature of grass classification to be
made explicit. Characteristics of grasses can be entered at various levels of abstraction. The
use of various certainty weights corresponds well with how characterigtics are associated wilh
plants - as with most "real world” domains little information is black and white. The inference
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process itself matches with how people perform the identification task. Having a number of
reasoning "tools® available to solve the task af hand is important as well as controlling the
reasoning based on time and other canstraints. The inference style of collecting evidence from
multiple sources also fits in with the grass identification task. In [Fermanian & Michalski 88] it is
indicated that untrained individuals could identity unknown grasses if multiple evidence was

available:

8.2. Identification Mode of Operation.

Although to this paint only one mode of PRS operation has been discussed, as mentioned at
the outset of this chapter there are actually two, PRS and PRS-ID. PAS Is the base system
whose operation was described in the previous chapter: a user inputs an Initial query and, using
the previously input knowiedge, inference is done to determine a measure of belief In that query.

PRS-ID is a specialization of PRS adapted to the task of turfgrass identification. its general
operation is identical to PRS. The goal behind it is to determine the identity of an unknawn
argument, given some initial information about the characteristics of the unknown. Based on the
information in the knowledge base, a determination is made about which argument, from a set of
given possibilities, has thosa initially input characteristics.

in arder to make a useful identification tool several features were developed on top of the
base PRS system. One is the ability to input information about a specific situation at hand in
addition to having a knowledge base af domain infarmation, This input information is referred to
as initial or id facts. The abiiity to modify this initial informatien or add new information
incrementally during system operation is also impertant. In keeping with the nature af PRS ail
input information is expressed using the same uncertainty weights as described previously.

The domain information which the system uses are facts regarding grass characteristics.
This information can be thought of as two basic types, classificatory and characteristic.
Classificatory involves the morphological structural information which defines the damain.
Characteristic invoives the various attributes and values associated with the classes. See [Morse
71] for more information on the grass domain. Figure 50 presents some examples of (hese facts.
The system currently has 109 facts defined in its knowledge base. Appendix E lists the complete
knowledge base.

Running PRS-ID involves first entering the characteristics of the unknown type of grass and
the possible choices for the identification of the unknown. Next the inference process Is started.
The system operates by generating a query for the combination of each possible identification
with each input characteristic {ie: id fact), This is done by substituting the possibilities for the
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(has-type (grass) = (poa-genus D{0.2 0.25] T{0.85 0.85] $[0.65 1.01))

{vein-type (grass) = (parallel F[1.0 1.0] S[0.85 1.0]))

lhas-type (poa-genus) = (kentucky-bluegrass D[0.4 0.7] T[0.85 0.95] S(0.85 1.0]})
(leat-type (poa-genus) = (keel-shape F[0.8 0.95] S[0.9 0.85] )i

(collar-type (kentucky-bluegrass) = (narrow F[0.45 0.65] S[0.85 0.95}))

(sheath-type (kentucky-bluegrass) = (compressed F[0.8 0.9] S[0g 1.01)

Figure 50: Examples from Grass Identification Knowledge Base.

unknown as the argument in each id fact and adding a CHECK-QUERY cperation to the stack for
each of thesa generated queries. As an example, if there are two possible identifications for the
unknown and three known features about the situation six queries would be generated. Once
these operations are added to the stack inference proceeds as described in Chapter & on
inference control. In processing these operations PRS-ID collects evidence that each of the
possible identifications passesses the initially entered facts, and thus is the correct identification
for the unknown. When processing terminates the evidence galhered supporting each possibility
is summarized and a judgement can be made as to which possibility most closely matches with
the initial features describing the unknown. At this point several options exist. One is to examine
the inference path which led to each conclusion. Ancther is to analyze the evidence and try to
draw a conclusion as to the comrect identification. The system has a facility tor matching the
inferred evidence to the id facts and selecting the most prabable identification. The user can also
enter new facts or revise the old ones and see how the evidence is affected.

Figura 51 gives an example of the functions used to set up and run PRS-ID (A full listing is in
Appendix B). ‘RESET-PRS-ID clears any previous id facts and possibilities from the environment,
ADD-ID-FACTS and SET-POSSIBILITIES set the initial facts and identification possibilities. The
juricion RUN-PRS-ID initiates the processing of the given id facts and passibilities
RUN-PRS-ID-INCREMENTALLY allows a user to build upon previous results rather than starting
from scratch. The idea is to allow a user to run PRS-ID and get some results. Then additional
facts can be given or the initial ones can be revised and the system can be run again with the
previously inferred facts as the starting point.
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(RESET-PRS-ID)

(ADD-ID-FACTS
' {{collar-type (?x) = (nazzow F[ 0.3 0.6 ) 3{ 0.9 1
{ligule-shape (?x) = (truncate r{ 0.8 0.9 ] 8( 0.9 1.

[= =]

(SET-POSSIBILITIES 'poa-genus 'agrostis-gsnus)
(RUN-PRS-1D)

(RUN-PRS-ID-INCREMENTALLY)
(MATCH-EVIDENCE-TOQ-FACTS)

Figure 51: PRS-ID Functions.

Using the function MATCH-EVIDENCE-TO-FACTS the evidence gathered for each
possibillty is matched to the given facts. This is done by considering the intersection between the
frequencies of corresponding given and inferred facts as positive evidence and the nen-
intersection as negative evidence. The generated match ratings can be used to conclude that the
unknown is one of the given possibilities, or perhaps to indicate that enough evidence has not yst
been found suppoarting a particular conclusion. Figure 52 lilustrates the match rating principle.
The result generated by equation 39 is a range with both values between -1 and 1. These values
are then normalized into the range of 0 lo 1. Note that the ratings are only used for comparison
purposes and have no higher meaning. The equations for the calculation are as follows:

Positive Evidence = % of inferred freq which intersects with given freq (37N

Negative Evidence = MAX(-1 . % of given freq wihich doesn’t intersect with inferred freq (383
- +( % of inferred freq which doesn't intersect with given freq
. avg. distance from closest given bound )')

Match Rating = Positive Evidence — Negative Evidence ) - Support Bounds 39

MATCH-EVIDENCE-TO-FACTS lists the possibilities in decreasing erder of likelihood as the
cotrect identification. This order is determined by considering first the number of pisces ot
evidence found for each possible identification and then the average match rating of all the
evidence found for that identification. See the end of the output trace in Appendix F for an
exampie of the output of this function.
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0.0 1.0

Frequency Range: i i

Freq. of Given Fact: - Freguenc
(ie: an ID Fact) Range X
' Freq. of Inferred Facts: - Ppsitive
Evidence
Fact 1: e e —— - Negative
Evidence
1
Fact 2: —!—-——-—J

Figure 52: PRS-ID Match Rating.

in the Symbolics interface window, described In section 7.3, ihe RUN FPRS-ID button
operates the grass identification system. The user first sets the initial facts {id facts) and the
possibilities for the unknown (recall figure 51). This can be done in the lisp interaction pane.
Alternatively these functions could be put in a file and entered via the KNOW. BASE button.
PRS.ID can run either from an initial "clean” state (left mouse click) or incrementally (middle
elick). It is run incrementally by adding new infarmation about the urknown (with the function
ADD-ID-FACTS) without resetting the enviranment. The currently known facts about the
unknown as well as the identification possibilities can atso be listed (right click).

Appendix F is an annotated trace of the system running in PRS-ID mode.

8.3. Analysis of Grass Identification Application.

PRS-ID was analyzed by comparing system oufput to the conclusions of humans given the
same initlal information2®. This testing involved setting up experiments, or runs, with various
combinations of both initial tfacts and identification pcssibilitles-z". The initial information in the
experiments ranged from two initial facts and twa identification possibitities to six facts and seven

25Tha human analysis of each situation was done by the domain expedt, Dr, Fermanian,

2Tha id facts and possibiities compriging each experiment arg {istad in Appendix G:



92

possibilities. A set of twenty runs comprised the test set. Each experiment was run by the
system and the cutput recorded. Parallel to the system examination of each of the experiments
the domain expert analyzed the twenty situations and ranked the identification possibilities in
terms of thelr correspondence with the input facts. The conclusions of both the system and
expert were then compared and cantrasted®®,

In the analysis of the resuits, an experiments might be viewed as being of one of three
general types: 1) When there are no, or minimal, canfllcting initial facts and one identification
possibility is correct {In any particular experiment a conffict is when ene Id fact is evidence for ane
identification and another id tact is evidence for a different identification); 2) When there are
conflicting facts but one possibility is still clearly correct; and 3) When there are many conflicting
facts and no choice can be determined to be the correct identification.

in experiments of the first type the system output always matched the results of human
reasoning given the sam@ initial information: the same identitication possibility was selected as
being the most probable by both the human and the system. In experiments of the second type,
where ane choice was correct even though some of the initial facts conflicted, the system resulis
again corresponded with human reasoning. However one deficiency of the system was evident in
reviewing the experiments of this type. This shortcoming is in the match rating mechanism which
matches the inferred evidence to the initial facts, Although the mechanism correctly ordered the
correct identification choices as being more likely than the other possibilities there is not an
accurate feel for what this rating actually means. Itis unclear as to within what range two choices
should be judged as having essentially the same degree of beiief. Likewise, it should be made
claar when ane choice is above some threshold and should be deemed the correct choice.
Recall from the previous section that the match rating was only developed to compare evidence,
A facility for interpreting the meaning of rating values, allowing direct comparison with human
generated values, would be usetul.

In addition, some means of weighing the importance of attributes woulid allow the matching.
facility to more closely correspond with human reasoning. When presented with multiple
conflicting characteristics humans have the ability to rank them as being more or less important
relative to the task at hand. This importance factor plays a role in the analysis of conflicting
evidence.

The need for additianal analysis of the correspondence hetween initial and Inferred facts is
also evident in the review of sxperiments of the third type (when there are conflicts and no one
choice is correct), For all identification possibilities the match ratings generated by the system

28 A summary of the rasults of both the systam and expert analysis of each experiment is'given in Appendix H,
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were closaly clustered however there is no automatic tacility for determining that within a certain
range match rating values are essentially the same. Thus in situations when there are simiiar
amounts of evidence for multiple identifications - when no one identification is decidedly corract -
it is important to more formally analyze how the avidence for each possibility compares to the
known facts so that the possibilities can be ordered correctly.

Another area of the system which the experiments illusirated as reguiring additional
refinement is the overall method by which the id possibilities are ranked. Recall from tha
description of the function MATCH-EVIDENCE-TO-FACTS in the previous section that this Is
done by considering the number of pieces of evidence found tor each possibility and then the
average malch rating associated with the possibilities. However, in the words of the expert: "...
several poor matches might net be justifiably befter than one close match." Some method for
considering both the amount of evidence and rating values in parallel rather than allowing ong to
have precedence over the other when ranking chaices should be examined.

Anather dimension of analysis of PRS-ID examined the effect of the varying number of initial
facts and and identification possibilities. The inference control mechanisms described in Chapter
5 manage both small and large amounts of initial information so system can handle both
situations. When the amount of initial information is at sither the small or targe extreme, though,
the possibility of unclear results increases (too little information may be ambiguous, too much
may lead to be conflicts), giving rise ta the problems mentioned in the pravious paragraphs.

Beyond the examination of specific expeniments the analysis of the system considered a
number of additional issues, including the correspondence of the Collins-Michaiski Theary to
human reasoning in this domain, and the utility of PRS-ID as an agricultural tool, and the utility of
PRS-ID as a general purpose reasoning tool.

First, the organization of grass informatian into hierarchical knowledge structures and the
aftachment of attributes at any leval in the hierarchies corresponds with how humans view the the
domain, The uncertainty parameters which thé Theory identifies allows the information which ’
humans bring to bear on this task to be sasily represented. The inference types used in PRS
clearly mateh with the existing methods for turfgrass identification. For example, identification
keys mave users between general and specific features, corresponding to the generalization and
specialization based inferences,

The inference style also corresponds with cerain aspects of human reasoning. This is
gvident cansidering both the gathéri'ng of multiple evidence as well as the alternating focus on
sach identification possibility (described in Chapter 5 on inference control).  Further, the
aforementioned ability to incrementally add information madels how a human reasons in most

situations,
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One area for some further attention is to examine more closely the manner in which queries
are initiaily generated and subsequently processed. Recall this is done by combining each of the
Identification possibilities with each of the known characteristics. This method does fulfill the geal
of getting evidence about each of the possibilities actually being the correct identification yet in
situations where there are large numbers of possibilities and initial facts the number of queries
which the system must find evidence for is large. I|deally as a reasoning process proceeds the
control mechanism would focus attention on those hypotheses which have already gathered
some level of evidence, not bothering to process those queries associated with possibllities that
seam highiy unlikely to be the correct Identification,

Several comments can be mads in terms of the utility of PRS-ID as an agricultural tool,
Because il allows varying degrees of known facts about a situation PRS-ID is useful in the many
different circumstances which a turfgrass manager might encounter. In situations where much
information is known about the unknown obviously a mere accurate conclusion can be reached
but the system can also make judgements in situations where there are less constraints, albeit
with less certainty. PRS-ID was developed to be a useful tool for both domain experts as well as
people relatively unfamiliar with turfgrasses. The ability to input the initially known facts about a
situation with uncertainty weights was developed for this reason. This feature is important in
situations where a non-expert is examining the plant and the accuracy of their description of the
features is not without doubt. Another related teature is the explanation facility. After the system
finishes its processing of queries a user can loak at the infersnces and facts involved in each

plece of evidence.

One area of focus for additional work is the general expansion of the knowledge base. The
system cumently operates on two general classes of grass (genera) and seven specific grass
species divided between the two classes. The number of features used to describe these general
classes and individual grasses is nine, A more fully developed system would include
approximately 15 genera, 40 individual grass species, and 20 identifying teatures.

Using this example of turfgrass identification as a basis several points can be made about -
the ‘applicability of PRS-ID in other domains. The inference style of moving between levels of
abstraction by 'generalizatlun and specializa!ion is obviously dependent upon infarmation being
related hierarchically. Also, as the general inference mechanism works in a backward chaining
manner - given a quecy evidence is found supporting its pelief - the unknown possibilities must be
made explicit at the outset. Certain aspects of reasoning not integrated into the Theery, such as
a notion of seguences of events, ara likewise not handled in PRS-ID and thus It is clearly not
applicable to tasks which involve such reasoning. As has been a recurring theme In this thesis as
well as in the Theory the inference methods employed by humans are used across diverse
domains. The PRS-ID system might be thought of as essentially a pre and post processor to the
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inference methods detailed by Collins and Michaiski and thus is applicable to identification tasks
whose regresentation and inference style corresponds to that detailed in'the Theory.

From this application several important conclusions can be made about both PRS-ID and
PRS in general. In analyzing the results of PRS-ID it is clear that the inference style used
produces plausible results, clesely corresponding with human reasoning. Although the purpose
of the grass identification system was not to deveiop a fully robust expert system clearly solid
headway has been made toward that end. In terms of expert systems technology a number of
{eatures were illustrated. One is the ability to revise input and use the system in an interactive
and incremental fashion, Secondly, by storing the traces of inference paths, PRS can explain its
conclusions. always an important aspect for any expert system. A unique feature of PRS-ID is
the explicit uncertainty allowable in the input. The focus of many expert systems has been on
how uncertainty can be expressed In a knowledge base but allowing the actual interactions with a
user to be expressed with uncertainty Is aiso important. Although no additional domains were.
examined in detail there is no reason why the techniques used In PRS-ID and results abtained in
the application of the systam to ihe task of grass identification could not extended to other
domains. As illustrated with this application the inference processes described in the Collins-
Michalski Theary carrespond with many important aspects of human reasoning.



96

9. CONCLUSION.

The purpose of this thesis was to implement a working computer system which can serve tor
hypothesizing and testing various aspects of human plausible reasoning. In this research a
number of important issues have been explored. In working on these problems some clear
accomplishments have been made and certain direction for future research have become
apparent,

First and foremost a running computer system modeling many aspects of human plausible
reasoning was developed. The focus, of course, was 10 logk at one particutar theory of plausible
reasoning, that of Collins and Michaiski. The implemented system, PRS, correspands with the
ideas presented in the Theory: Multiple inference methads are used to obtain evidence,
Generalization and specialization based inferences as well as implications and dependencies are
used to find information related o an unknown query, Conclusions are reached by combining
and comparing the evidence obtained from multiple and perhaps disparate sources of avidencs.

The Collins-Michalski Theory presents a viewpaint that human reasoning can be effectively
modeled in a guantitative fashion. A major focus of this thesis is on the issue of uncertamn
reasoning and a method is presented which details how uncertainty can be represented and
handled in a computer system. Although final determinations can be made qualitatively the
evidence benind those decisions is examined and combined In a guantitative manner. An
important extension to the Theary developed within is the idea that these numeric parameters are
not single numbers but rather a range. This allows information to be represented capturing both
the degree, or magnitude, of beliet in a fact and also its precision. This is useful in that if much of
the knowiedge which a person has were to be quantified a range of possible values would allow
for certain information to be represented more accurately than by using single vaiuss. Allowing
for a range of values does allow for single values - having single values is just a specialization
where the lower and upper bounds are equal.

A large portion of the work in this thesis was spent developing the uncertainty propagatien
equations. A conservative approach was taken in the uncertainty mechanism. In taking a
conservative viewpoint in the equations no'assumptions were made which might bias the results,
such as conditional independence. It is important as a starting point in any uncertainty
mechanism to generate answers with no bias. It the initial results are not specific enough then it
might be appropriate to make some assumptions which might generate mare certain conclusions.
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Ariother area receiving attention in this work was control of inference processes. In gensral
reasoning can be viewed as involving trads-offs between cost, or time, certainty, and generality,
As variance is made atong one of these dimensions the other two are affected. For sxample, as
mare time is spent gathering evidence about a situation the certainty of the conclusion should
increase. The control mechanisms developed within attempted to model these characteristics of
human reasoning. based upon genaral intuitions. Clearly the individual mechanisms used, such
as weighing certain inference types as mare likely to generale evidence than others, have a basis
in human plausible reasoning. An area for addilional work is a more formal development and
analysis of these inference control methods.

An important result of this thesis involved the analysis of the system output. Both in the
simple geographic examples and in the more complex grass domain PRS does generate
plausible answers. Analysis of the evidence found and canclusions reached by PRS showed it ta
correspond to general intuitions of human performance given the same infarmation. One area for
additional work is In a more formal analysis of the results, perhaps involving contralled
experiments comparing system results to humans.

PRS can be used as a tool to test psychological theories of plausible reasoning. The
parameterization of system variables allow it to be tuned to focus on specific aspects of reasoning
for running controlled experiments, For example, by adjusting the search to follow a depth first
algorithm the issue of gatling sidetracked on seemingly promising yet eventually useless paths
can be explored.

As a test domain for the implemented system the prablem of making identifications of
unknowns with limited initial information was explered. Specitically the identification of grass
types given less than complete identitying ¢haracteristics was examined. For this application a
made of operation was developed where a set of initial facts and possibilities for the unknown
were input and a decision could be reached on the most plausible identification. The analysis of
the output of this application showed that the reasoning style as well as the conclusions reached
closely matched those of humans. '

Several features of the grass identification system are noteworthy, The allowing of
uncertainty both in the input facts of the system as well as the knowledge base corresponds with
the infarmation humans have at their disposal in this and similar reasoning tasks. Also the ability
to incrementally input facts and continue running from that point makeas the system much more
efficient, as well as, again, closaly modsling this ability in humans. Although, as mentioned in the
description of the implementation in Chapter 8. the number of facts must be expanded in order to
have a fully robust system, it is clear that with that additional knowledge a useful tool wouid exist.
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One of the basic tenets of the Colling-Michalski Theary Is the general applicability of the
described reasoning methodology in medeling humans. This is corroborated by the resuits of
bath the grass identification problem as well as the other small examples used in this report and
during system development. The use of multiple inference methods and multiple evidence
sources when making decisions is a major tool of human reasoning in any domain. The
uncertainty parameters identified by the Theory provided a useful and accurate syntax for
regresenting human knowiedge. As PRS usés these general principles at its core in principle any
domain can be implemented by generating a knowledge base and, it necessary, providing some
basic input/output facilities.

The breadth of issues surrounding the implementation of a system for piausible reasoning
necessitated focusing on certain areas and not on others. Several aspects of the Collins-
Michalski Theory were not examined in this thesis. Specilically similarity based interences which
are based on lateral relationships between objects rather than hiararchical relationships wera not
implemented. The use of similarity and analogy in reasoning processes is currently an area of
much ressarch and the breadth of ideas and theories justifies more examination than was
passible in the framework of this thesis. In additien, as discussed in Chapter 3 on knowledge
representation, the muitiplicity parameter was not implemented.

in the discussion of these issues it was stated that PRS is amenable to certain extensicns,
such as the addition of inference methods and uncertainty parameters. Several factors allow this
statement to be made. First and foremost is the use of a stack-like mechanism ta hold inference
operations. As additional inference types are hypothesized, formalized, and implemented they
are initiated by adding an element to the stack which, when processed, calls the newly defined
function on an unknown query to perform the inference. In addition, hecause the control
parameters are readily adjustable rather than hardcoded any tuning of the system to handle new
operations s straightforward. Uncertainty calculations are performed after an inference is
complete, after all information about a particular path has been found. This allows the current
uncertainty mechanisms to be extended to handle additional uncertainty parameters and ta be-
substituted for the current methods where appropriate. Finally, as described in Chapter 3, the
knowledge representauon in PRS is such that any concept may be used as any element in a
datum - its use depends on the links betwean them. Because links can be added incrementally
and there is no limit to the number of links to or from any concept extanding a2 KB is nat

complicated.

Another area which was not explored in detail was how formal methods could be used In
setting the numeric uncertainty weights. As mentioned, all the weights on information used in this
thesis were set subjectively, based on experience and intuition with regard to a particular datum..
The setting of weights is nonetheless a very importart issue and it would be a worthwhile avenue
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for additional work. Such wark must first decide whether the tocus should be to model the world
as it is, for example by collecting data and computing correct conditional probabilities between
obiects and attributes, or to more closely madel the information which humans use, by semehow
eliciting such information directly from people,

Plausible reasoning is inseparably related to ather aspects af human thinking and behavior.
Human knowledge - how it is organized, how it changes - Is obviously an important Issue in
reasoning. In this thesis a highly connective knowledge base was developsd as the model for
human memory. This agrees with many features of human memory yet more examination of this
area is in order to more fully correspand with the human model.

One research area which in the past few ysars has heceme the focus of much attention is
parallel pracessing. In many situations human reasoning ralies on information being gathered
with the various sensas concumently. PRS was implemented with the thought of the paralle!
processing of inference paths as an area for future work and such an extension would not require
major changes to the structure of the system.

In summary, this thesis iilustrates the ideas of the Collins-Michalski Theory of plausible
reasoning in a working computer system. This work shows that not only are the ideas in the
Theory valid in terms of modeling hurnan plausible reasoning but also that a computer system
can be built which generates results corresponding to human reasoning.
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APPENDIX A. REPRESENTATION SUMMARY.

The tollowing is a quick reference for mapping between the representation and associated
meaning for PRS facts. Note that specialization and generalization are a special case of
descriptors and inverse-descriptors, using dominance (and typicaiity for specialization)
weights instead of frequencies. For each category the syntax and semantics are given, first for
unwelighted and then weighted facts. Also, for each category one example is given for a fully
weighted fact, -

1. DESCRIPTORS:
a. (DES (ARG) = (REF))
"The DES of ARG is REF.”

b. (DES (ARG} = (REF F[A BJ))
"A to B% of the DES of ARG Is REF."

P( DES(REF) | ARG )%*=A .. B

c. (DES (ARG) = (REF F{A B} S[C D))
“There is a C to D% prabability. that A to B% of the DES of ARG is REF".

P{ P( DES(REF) | ARG )})=C ..D

d. (cimate (England) = (temperate F[0.6 1.0] S[0.8 1.0])) : “There is an 80 to 100%
probability that 60 to 100% of the climate of England is temperate.”

2. INVERSE DESCRIPTORS:
a. (inv-DES (REF) = (ARG))

20pY | %) : *The prokability of Y givan X.*
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"DES that is REF is in ARG"

b. (inv-DES (REF) = (ARG F[A B]))
*A to B of DES that is REF is in ARG."

P( ARG | DES(REF))=A . B

¢. (inv-DES (REF) = (ARG F[A B] S[C D))
There Is a C to D% probability that A 1o B of DES thatis REF is in ARG."

P(P( ARG | DES(REF)))=C..D

d. (country (temperate) = (England F[0.0 0.2] S[0.7 0.9]) : "There is a 7Q to 80% prob:ability
that 0 to 20 of climate that is temperate is in England.”

3. SPECIALIZATIONS:
a. (has-part (ARG) = (REF))
*ARG has part REF."

b. (has-part (ARG) = (REF D{A BJ))
"A to B% of ARG is REF."

P( has-part(REF) | ARG ) =A .. B

c. (has-part (ARG) = (REF T[E F))
*E to F% of ARG's features holid for REF,

P( has-pari{REF) | ARG ) =E .. F

d. (has-part (ARG) = (REF D{A B] S[C D]))
“There is a C to D% probability that A to B% of ARG is REF.™

e
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P( P( has-part(REF) | ARG ))=C .. D

e. (has-part (England) = {Surrey D{0.1 0.2] S[1.0 1.0])) : "There is a 100% probability that 10
to 20% of England is Surrey.”

4. GENERALIZATIONS:
a. (part-of (ARG) = (REF))
"ARG Is part of REF."

b. (part-of (ARG) = (REF D[A B}))
"A to B% of ARG is REF."

P( part-of(REF) | ARG ) =A .. B

c. (part-of (ARG) = (REF D[A B] S[C Dj)}
"There is a C to D% probability that A to B% of ARG is REF."

P( P( pan-of(REF) | ARG))=C .. D

d. (part-of (Surrey) = (England D{1.0 1.0] S[1.0 1.0])) : "There is a 100% probability that
100% of Surrey is in England.”
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APPENDIX B. SYSTEM LISP FUNCTIONS.

This appendix lists and describes the functions used in running PRS and PRS-ID. Examples
of some of the functions from the climate and grass identification domains are in Chapters 7 and
8 as well as Appendices C and E, See Chapters 7 and 8 for details on running the system in

either made:

B.1. General Functions.
DEBUG status

ASSERT! descriptor argument referent
weights

ADD-FACTS &rest facts

MAKERULE rule

MAKEDEPENDENCY dependency

RESET-DATA ()

LOAD-PRS-DATA ()

Sets debugging flags to argument,

Enters given fact into envirenment. if the
fact already exists the weights are set to the
new values. An example of ASSERT! being
called is in Appedix C.

Calls ASSERTI! to add given facts -into
environment. Facts are any number of {acts
with their associated weights., See Chapters
7 and 8 as well as Appendices C and E for
examples.

Enters given implication (mule) inta the
environment. The syntax for rule is an
implication in prefix form and its associated
weights. See Chapters 7 and 8 as well as
Appendices C and E for examples.

Enters given dependency (i{dependency])
into the environment. The syntax for nule is
an implication in prefix form and its
agsociated weights, See Chapter 7 or
Appendix C for an example.

Clears knowledge from snvironment.

Prompts for and then loads a knowledge-
base file.



SET-INVERSE descriptor! descriptor2

SET-DEFAULT-INVERSES ()

SET-INVERSES ()

CHECK-DATA descriptor argument
referant

B.2. PRS.

RUN-PRS &optional (outflag nil)

SEE-EVIDENCE num &aptional (all-
elements nif}

SUMMARIZE-EVIDENCE ()

SUM-EVIDENCE ()
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Sats descriptors as inverses of each other.
(Arguments are symbols, not structures).

Sets inverses of hierarchical descriptors
(type-of, has-type, part-of, and has-part).

Prompts user for setting descriptors as
inverses of each other.

Checks knowledge-base for given fact,
(Arguments are symbols).

Runs prs-query system. Outflag is t when
running in PAS Intertace window.

Lists the inference operations and facts
found which provided evidence for an input
query (prs-query mode) or for a particular
uknown (prs-id mode), If afl-elements is !
jisting includes gqueries for inverse facts
(inverse fact weights are nacessary far

uncertainty calculations),

Lists each piece of evidence found relating
to an input query.

Combines ail of the svidence found for an
input query and summarizes it in terms of
support for the query and for the negatian of
the query.
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B.3. PAS-ID.

SET-POSSIBILITIES possibilities Defines the possibiiities lor the identification
of the unknown.

ADD-ID-FACTS forms Adds facts about unknown. |t facts are
alrsady entered as an id fact this just
madifies its weights. See Chapter 8 as well
as Appendix E for examples.



DEL-ID-FACTS forms

LIST-ID-FACTS-&-CHOICES ()

RESET-PRS-ID ()

RUN-PRS-ID ()

AUN-PRS-ID-INCREMENTALLY (}

SEE-EVIDENCE num &oplional (all-
slements nil)

SUMMARIZE-EVIDENCE-D ()

MATCH-EVIDENCE ()

B.4. Symbolics.

SELECT-SYMBOL-}
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Delstes facts about unknown and any
evidence which relates to the deleted facts.

Lists the possibilities for the unknown and
related facts.

Re-initializes prs-id system: removes facts
about unknown, clears evidence.

Begins running PRS-ID system.

Runs PRS-ID with previous results already
knawn,

Same as in PRS-QUERY mode.

Summarizes the evidence found for each
passible cheice of the unknown.

Computes a rating for each inferred fact to
the given fact to which it correspends.

Selects PRS Interface window:
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APPENDIX C. CLIMATE KNOWLEDGE BASE.

Below are the facts, rules, and dependencies used in the climate examples used throughout
this thesis. (For a detailed exampta see Chapter 7). The fype of weight associated with datum is
Indicated by the capital letter preceding a bracketed range: F - frequency, D - dominance, T -
typicality, L - likelihood, S - support (described in Chapter 3).

The information is some very basic geographic and climatic information. The weights were
set by some cursory research combined with the auther's intuitions. The purpose of this
knowledge base is to demonstrate PRS and certain aspects of the Collins-Michalski Theory and
net to generate infallible lines of reasoning. See Chapter 7 for an annotated listing of system
output involving this damain,

The ADD-FACTS command asserts facts into the enviranment:

(ADD-FACTS

*{({pazt-of (England) = (Euxope . D[ 6.1 0.21 S{ 0.6 0.9 1)
{climate (England) = (temperate r{ 0.8 0.9 ] s{ 0.7 0.9 1))

(has-part (England) = (Surrey p[ 0. 0.21 T[ 0.2 0.8 ]

S[ 1.0 1.0 1))

(part-of (Surrey) = (England o[ 1.012,0)] 8( 1.01.0 1))
(latituda (Surzey) = (>40-degrses r[ 0.8 0.9 ] S[ 0.81.01))

(climate (Surrey) = (moderate-temperaturxe F[ 0.8 0.9 ]
s 0.7 0.8 1))

(forast-type (Surrey) = (deciduous F[{ 0.6 0.9 ] S[ 1.0 1.0 1))
(h’as-t.'y'_pa (Eir-type) = (pine p{ 0.5 0.5 1 S[ 0.9 2.0 1)}
(climate (Holland) = (temperate ¥l 0.6 0.8 )] s( 0.9 0.9 1)}

(latitude (Holland) = (>40-degrees F[ 0.9 1.0 ] s{ 0.9 0.9 1)}

(part-of (Fast-Surrey) = (Surrey D[ 0.8 0.9 1 s[ 0.9 Q.9 1))
{has-part (tempsrate) = {(modarate-temparature D[ 0.7 0.8 ]
8[ 0.7 0.9 1))



111

(type-of (moderate-~temperature) = {temperate

oo
B

i O
~—
o
oo
il

1)

ASSERT! can be used directly to get the same result as if using ADD-FACTS with & single
fact:

(ASSERT! "part-of ’'England ‘United-Kingdom
'{ D[ 0.9 0.9 ] S[ 0.395 1.0 1)}

(MAKERULE ~ (--> ((latituda (?x) = (>40-degrees)))

{(climate (?x) = (temperata)) L[ 0.8 0.9 ]
5[ 1.6 1.0 1)}

(MAKEDEPENDENCY ’ (<--> climata latitude L[ 0.5 0.8 ] S{ 0.6 0.9 ]))
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APPENDIX D. EXAMPLES OF INFERENCES.

This appendix presents the unceriainty calculations for two examples, a argument-based
generalization inference and an implication. The inferences are based upon examples presented
in Chapter 4 and the output trace in Chapter 7. The equation numbers carrespond with those
presented in Chapter 6 on uncertainty,

D.1. Argument-Based Generalization.

Input Query: (climate (Surrey) = (temperate))

Inference Operation:  Argument-Based Generalization

Variable Query: (part-of (Surrey) = {?X})

Known: (part-of (Surrey) = (England D[1.0 1.0] 5(1.0 1.01))
(has-part (England) = (Surrey D[e.10.2] T[0.30.8] S[1.01.4]

Secondary Query: (climate (England) = (temperate))

Known: (climate (England) = (temperate F[0.8 0.9] S[0.7 0.97))
(inv-climate (temperate) = {England F[0.0 1.0] 8[1.0 1.01)

Inferred: {climate (Surrey) = (temperate F[0.33 1.0] $[0.7 0.91))

Frequency calcuiation:

In Equations 18 - 30, Chapter &: .
' [ab] =[1.0 1.0] (From (part-of (Surrey) = (Engtand)) above).
(¢ d} =[0.1 0.2} or [0.3 0.8] {Fram (has-part (Engiand)=(Surrey)) above)}.
[ef] =[0.8 0.9] (From (¢climate (England) = {temperale)) above).
[a h] =[0.0 1.0} (From (inv-climate (temperate) = (England)) abave).

sug = M (189

SUP novin SUB 1 = cfd (19

1 =03 = 07
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Max(e — SUP notinSUB , 0) (20}
Max(0.8 — 07 .0 = 01

SUP with REF

LOWER BOUND P(REF|SUB) = S_U‘f;T‘;RE_F 21)
04 _
= 22 =033
cld
sug = &£ 22
> {22}
_ 03 _
=3 =03
SUB notin SUP = SUB - {(alb SUB) (23)
= 03 - (1.0-03) =0
ReEF = ¥ : (24)
gia
_ 038
T 10
REF not in SUP = REF - (glh- REF) (25)
=08 — (1L.0-08) =0
SE/B in SUP not with REF = Max(cld — #f . 0 £26)

= Max(0.3 — 08 , 0 = 0

SUB not in SUP not with REF = MAX(SUB nor in SUP ~ REF notinSUP , 0) (27)

SUB not REF = SUB in SUP not with REF  + SUB not in SUP not with REF {28)
=0 +0=270

SUB with REF = SUB - SUB not REF (29)
=03 -0=023

UPPER BOUND P(REF|SUB) = %’i‘ﬁ (30)

=
S

= L0

1

e
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Support Calculation:

In Equalicns 4 and 5, Chapter 6:
S, =[1.01.0]
S, =[1.0 1.0]
S, =[0.70.9]
S, =[1.01.0]
S = *arg-gen-supp” = {1.0 1.9]

s{DATUM) 2 Max(l - T (1 = 5(D) . 0

2 MAY(L — [(I=D+ =D+l =0N+U-D+{1-D], ) = 07

pADATUM) < MIN{p D)) i = l...n
< M (L0,1.0,09,1.0,1.0) < 0.9

(4}
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D.2. Implication.

Input Query: (climate (Surrey) = (temperate))

e e W

inference Operation:  Implication

Variable Query: (= X

(climate (Surrey) = (femperate)) )
Known: (= ( (latitude (?X) = (>40-degrees)) )

(climate (?X) = (temperats}) L[0.8 0.9] 8{t1.0 1.0]
Secondary Query: (fatitude (Surrey) = {>40-degrees))"
Known: flatitude (Sumey) = (>40-degrees  F[0.8 0.9] S[0.8 1.01))

{inv-latitude (>40-degrees) = (SurreyF[0.0 1.0] S[1.0 1.0}))

Interred: (climate (Surrey) = (temperate F[0.64 0.82] $[0.8 1.01)

Frequency calculation:

In Equations 11 and 13, Chapter 6:
L[t f] =[0.8 0.9] (From the knawn implication ahave).

Ft 1] =[0.8 0.9) (From (latitude (Surrey) = (>40-degrees)) above}.

sf(CONSEQUENn > SI{ANTECEDENTS) - s{—> ANTECEDENTS CONSEQUENT)

v

0.8-08 = 064

s}'.(_ —~CONSEQUENT) 2 STGANTECEDENTS} (I=pf= ANTECEDENTS CONSEQUENT))

> 08-(1-09) = 008

p)(CONSEQUENT} < l—s}(qCONSEQUENT)
< 1-008 < 092

Suppart calculation:

In Equations 4 and 5, Chapter &:
S, =[1.01.0
S,=[(0.81.0]
S,=[1.010]

sADATUM) 2 max(l - T (1 — 50D . 0

(L

(12

(13)

(4}
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> Mmax(l - [(I-D+(1-08)+(1-D]. ® =038

= (3)
pADATUM) < MlN(px(DI-J.} ] L...n
x
< wmiv(l, 1,1) = L0
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APPENDIX E. GRASS IDENTIFICATION: KNOWLEDGE BASE.

This is the knowledge base generated for the grass identification system. it was developed
by Professor Thomas W. Fermanian of the University of lllinois. He is inveolved on a daily basis
with the identification of lufgrasses as well as the computerized automation of this and other
agricultural tasks. It is by no means an exhaustive listing of all the tacts associated with the
turtgrass domain but rather a reasonable portion which allowed the testing of the system, The
weights were set by Dr. Fermanian based upon his intuitions.

(ADD-FACTS
"(

;7 GRA3S

({has-type (graas) = (poa-genus
D[ 0.2 0.25 ] T{ 0.85 0.95 ] S[ 0.65 1.0 ]))
{has-type (grass) = (agrostis-genus
D{ 0.05 0.15 ] T[ 0.85 0.393 ] s 0.85 1.0 1))
(num-leaf-groups (grass) = (two
F[ 1,0 1.0 ]
(vein-type (grass) = (parallel
F[ 1.0 1.0 1] S[ 0.95 1.0 1))

s{ 1.0 1.0 1))

:; POA-GENUS

{type-of (poa-genus)} = (grass

oL 1.0 1.0 ] 8[ 1.0 2.0 1)}
(has-typa (poa-genus) = {(anngal-bluegrass

pf 0.2'0.35 ] T{ 0.65 0.85 ] S{ 0.85 0.95 ]))
(has-type (poa-genus) = (kentucky-bluegrass

D[ 0.4 0.7 } T[ 0.85 0.95 ] S[ 0.85 1.0 J))
(has-type (poa-genus) = (canada-bluegrass

o{ 0.1 0,25 ] T( 0.85 0,95 ] S{ 0.65 1.0 1))
(has-type (poa-genus) = (roughstalk-bluegrass

ol 0.2 0.25 ] T[ 0.85 0.95 1 S[ 0.65 1.0 ]})
(Leaf-type (poa-genus) = (keel-shape

F[ 0.90 0.35 ) 5( 0.9 0.95 1))
(inv-leaf-type (keel-shape) = (poa-genus

F[ 0.8 0.83 ] S[ 0.9 0.95 1))
(ligule-type (poa-genus) = (membranous

r{ 0,95 1.0 ] s{ 0.85 1.0 1))
(inv-ligule-type (membraneous) = (poa-genus

r{ 0.1 0.15 ] 8[ 0.65 0.75 1))
(vernation-type (poa-genus) = (folded

F[ 0.95 1.0 ] 5[ 06.85 0.95 1))
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(inv-vernation-type (folded) = (poa-gernus

F{ 0.2 0,25 ] S{ 0.7 1.0 }))
(auricle-type (poa-genus) = (absent

F[ 0.85 1.0 } S[ 0.95 1.0 1))
{(inv-auricle-type (absant) = (poa-genus

¥l 0.05 0.08 ] s[{ 0.7 1.0 1))

ANNUAL-BLUEGRASS

(type-of (annual-bluegrass) = (poa-genus

D[ 1.0 1.0 ] S{ 1.0 1.0 1))
(Ligule-shapa (annual-blusgrass)} = (acute

F[ 0.65 0.8 ] s[ 0.8 1.0 1))
{inv-ligqule-shape (acuts) = (annual-blugrass

F[ 0.25 0.35 ] S[ 0.75 1.0 1))
{(collaz-<type (annual-blusgrass) = (narzow

F[ 0.8 0.9 ] sS{ 0.65 1.0 1))
{inv=collar-typa (narrow) = (annual-bluegrass

F[ 0.15 0.25 ] s{ 0.85 .0 ]))
(sheath-typa (annual-bluegrass) = (compressed
. r[ 0.9 1.0 ] S[ 0.8 0.95 1))
{inv-sheath-type (compressed) = (annual-bluegrass

ry 0.05 0.1 ] sS[ 0.8B5 0.95 1))
(growth-habit {(annual-bluegrass) = (bunch

r{ 0.5 0.6 ] S[ 0.75 1.0 1))
(inv-growth-habit (bumch) = (annual-bluegrass

r{ 0.61 0.05 ] s[ 0.85 1.0 1))

KENTUCKY~-BLUEGRASS

{type-of (kentucky-bluegrass) = (poa-genus

D{ 1.0 1.0 ] E[ 1.0 2.0 1))
{(ligule-shape (kentucky-bluegrass) = (truncate

rF{ 0.89 0,95 | Sf 0.85 0.95 1))
{inv-ligqule-shape (truncate) = (kentucky-bluegrass

F[ 0.25 0.3 ] S{ 0.75 1.0 1))
(collar-type (kentucky-bluegrass) = (narrow

rf 0.45 0.65 ) S{ 0.85 0.95 ]))
(inv-collaz-type (narzow) = (kentucky-bluegrass

[ 0.05 0.15 ] S$[ 0.75 1.0 1))
(collar-type (kentucky-bluegrass) = (divided

_ r[r 0.45 0.8 ] sr 0.8 1.0 1))

(inv-collar-type (divided) = (kentucky-bluegrass

F[ 0.05 0.15 ] s 0.7 1.0 1))
{sheath-type (kentucky-bluegrass) = {(compressed

Fl 0.8 0.9 ] s[ 0.9 1.0 1))
{inv-sheath-type (comprassed) = (kentucky-bluegrass

r{ 0.15 0.2 } s[ 0.6 1.0 }))
{grewth-habit (kentucky-bluegrass) = (rhizome

r[ 0.65 0.85 ] S[ 0.9 0.95 1)}
{inv-growth-habit (rhizcme) = (kentucky-bluegrass

F[ 0.2 0.3 ] 8[ 0.6 1.0 1))

; ¢ CANADA-BLUEGRASS
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{type-of (canada~-bluegrass) = (poa-genus

D( 1.0 1.0 ] S{ 1.0 1.0 1))
(ligule~shape (canada-bluegrass) = (acute

Fl 0.75 0.95 ] 31 0.6 0.75 1))
{(inv-ligule-shape (acute) = (canada-bluegrass

L 0.1 0.15 ] sS[ 0.5 0.85 1))
(collar-typa (canada-bluegrass) = (divided

¥F[ 0.65 0.85 ] 8[ 0.5 0.65 ]))
(inv-collar-type (dividad) = (canada-hlusgraass

[ 0.05 0.1 ] g8{ 0.5 0.65 1))
(sheath=-type (canada-bluegrass) = (compressed

F{ 0.6 0.8 ] ' S[ 0.7 0.8 1))
(inv=gheath-type (comprassed) = (canada-hbluagrass

F{ 0.05 0.1 ] S[ 0.7 0.8 1))
(growth-habit (canada-bluegrass) = (rhizoma

rr 0.8 0.9 1 s[ €.9 0.95 1))
{inv~growth-habit (rhizome) = (canada-bluegrass

F[ 0.15 0.2 ] S[ 0.8 0.9 1))

;7 ROUGHSTALK-BLUEGRASY

(type-of (roughstalk-bluegrass) = (poa-genus

D[ 1,0 1.0 ] 8[ 0.95 1.0 1))
(ligule-shape (roughstalk-bluegraas) = (tocothed

r{ 0.7 0.85 ] S[ 0.8 0.95 1))
{(inv-ligqule-shape (toothad) = (roughstalk~bluegrass

r{ 0.2 0.25 ] S[ 0.65 0.8 ]))
(collazr~type (roughstalk-bluegrass) = (broad

F[ 0.8 0.95 ] S[ 0.7 0.8 1))
(inv-collar-type (broad) = (roughstalk-bluegraas

F[ 0.05 0.1 ] S[ 0.5 0.65 1))
(sheath-type (roughstalk-bluegrass) = (compressad-rough

F[ 0.8 0.85 ] S[ 0:9 0.95 1))
{inv-sheath-type (compressed-rough) = (roughstalk-bluegrass

F{ 0.05 0.1 ] S5{ 0.7 0.75 1))
(growth-habit (roughstalk-bluegraas) = (stolona

r{ 0.95 1.0 ] S{ 0.65 0.75% 1))
{inv-growth-habit (stolons) = (roughstalk-bluegrass

F( 0.1 0.15 j s{ 0.55 0.65 1))

:: AGROSTIS-GENUS

(type-of (agrostis—-genus) = (grass

D{ 1.0 1,0 ] s[ 1.01.0 1)
(has-type (agrostis-genua) = (creeping-bentgrass

D[ 0.4 0.45 ] T 0.85 0.9 ] S[ 0.85 0.%85 1))
{(has-type (agrostis-genus) = (colonial-bentgrass

Dl 0.1 0.2 ] T[ 0.6 0.7 ] ST 0.75 2.0 1))
(has-typa (agrostis=-genus) = (redtop

D[ 0.2 0.35 ] T[ 0.75 0.8 ] 8{ 0.758 1.0 1))
(leaf-type (agrostis-genus) = (pointad

r{ 0.9 0.95 ] S{ 0.75 1.0 1))

{inv-leaf-type (pointed) = (agrostis
F[ 0.05 0.08 ] 8[ 0.5 0.55 1))
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{ligule-type (agrostis-genus) = (mambranous

F{ 0.95 1.0 ] 8( 0.9 0.95 1)
(inv=ligule-type {membranous) = (agrostis-genus

F[ 0.05 0.08 ] S[ 0.85 0.9 1))
(vernation-typa (agrostis-genus) = (rolled

F[ 0.95 1.0 ] S[ 0.95 1.0 1))
(inv-vernation-type (rolled) = (agrostis-genus

F[ 0.1 0.15 ] s[ 0.8% 1.0 1))
(auricle-type (agrostis-genus) = (absent

Fl[ 0.95 1.0 ] S[ 0.%5%5 1.0 1))
{inv-auricle-type (absent) = (agrostis

r{ 0.01 0.05 ] Sf{ 0.985 1.0 ]))

;; CREEPING-BENTGRASS

(type-cf (creeping-bentgrass) = {agrostis~genus

D[ 1.0 1.0 } S[ 0.85 1.0 ]1)
(ligule-shape (creeping-bentgrass) = (zound

F[ 0.650,8 ] S[ 0.85 1.0 1))
(inv-ligule-shape (round) = (creeping-bentgrass

F[ 0.05 0.1 ] S[ 0.85 1.0 1))
(ligule-size (czssping~bentgrass) = (tall

i 0.8 0.5 ] S[ 0.85 0.85 1))
(inv-ligule~size (tall) = (creeping-bentgxass

F[ 0,25 0.35 ] S 0.9 0.95 1))
(collar-type {creeping-bentgrass) = (narrow

r{ 0.3 0.8 ] 8[ 0.75 1.0 1))
{inv-collar-type (narrow) = (creeping-bentgrass

Fl[ 0.1 0,15 ] S{ 0.5 1.0 1))
(sheath-type (cresping-bentgrass) = (round

r{ 0.75 0.85 ] 3[ 0.65 1.0 1))
(inv-sheath~-type (round) = (creeping-~bentgrass

L 0.05 0.1 ] 3[ 0.65 1.0 1))
(growth-habit (creeping-bentgrass) = (staolen

F{ 0.75 0.8 ] S 0.85 1. 1))
(inv-growth~habit (stolen) = (cxeeping-bentgrass

[ 0.2 0.25 ] 8[ 0.75 1.0 ]1))

;; COLONIAL-BENTGRASS

(type-of (colonial-bentgrass) = (agrostis-genus

Pl 1.0 1.0 ] 8[ 0.65 1.0 ]))
(ligule~shape {(colonial-bentgrass) = (round

[ 0.75 0.85 ] sS[ 0.75 1.0 1))
{inv-ligule-shape (round) = (colonial-bentgrass

FlL 0.1 0.15 ] S[ 6.5 1.0 1))
{ligule-size {(colonial-bentgrass) = (short

F[ 0.75 0.85 ] S[ ¢.65 1.0 1))
{inv-ligqule-size (short) = (colonial-bentgrass

F[ 0.05 0.1 ] 5[ 0.8 1.0 1})
{collac~type (colonial-bentgrass) = (narzow

F{ 0.8% 0.85 ] 8[ 0.65 1.0 1))

(inv-collaz-type (narrcw) = (colonial-bentgrass
F[ 0.1 0,15 ] s[ 0.45 1.0 ]))
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(sheath-type (colonial-bentgrass) = (zound

r{ 0.85 0.95 ] 3{ 0.
{inv-sheath-type (round) = (colonial-bertgrass

F{ 0.05 0.1 ] s[ 0.
(growth-habit (colonial-bentgrass) = (stclen

£l 0.85 0.8 ] 5[ 0.
{inv-growth-habit (stolexn) = {colonial-bentgrass

F{ 0.1 0.15 ] s[ 0,

;¢ REDTOP

(cype-of (redtop) = (agrostis-genus

o[ 1.0 1.0 ] 8[ 0.
(ligule-shape (zredtop) = (round

¥[ 0.85 0.95 ] 8[ 0.
(inv-ligule—-shape (round) = (redtep

[ 0.15 0.2 ] s 0.
{ligule-size (redtop) = (tall

F[ 0.85 0.8 ] s[ 0.
(inv-ligule~size (tall) = {(redtop

F{ 0.2 0.25 ] s[ 0.
(collar-typa (redtop) = (divided

F{ 0.75% 0.85 ] 5[ 0.
(inv-collar-type (divided) = (redtop

F[ 0.1 0,15 ] sl 0.
{sheath-type (redtop) = (round

r{ 0.8 0.95 ] s{ 0.
(inv-sheath-type (round) = (redtop

F{ 0.05 0.1 ] s{ 0.
{growth-habit (zredtop) = (rhizome

- F[ 0.8 0.95 ] s[ 0.

(inv-growth-habit (rhizcome) = (redtop

FlL 0.1 0.2 ] s{ Q.

(SET-INVERSE ’leaf-type ’inv-leaf-type)
(SET-INVERSE ’ ligule-shape 'inv-ligule-shape)
(SET-INVERSE 'ligule-size 'inv-ligule-size)
(SET-INVERSE  ligule-~type ‘inv-ligula-type)
(SET-INVERSE ’ceollaz-type ’inv~collar-type)
(SET-INVERSE ‘ sheath-type ’inv-sheath-type)
(SET-INVERSE ‘growth-habit ’inv-growth-~habit)
(SET-INVERSE ’auricle~type ‘inv-auricle-type)
(SET-INVERSE 'vernation-type ‘inv-vernation-type)

6§ 1.0 1)
51.01))
75 1.0 1))

71.0 1))

65 1.0 1))
8 1.0 1))

71.01))

9 0.95 1))
8% 0.95 1))
65 1.0 1))
1.0 ]))

75 1.0 1))
§5 1.0 1))
9 0.95 1))

75 1.0 111))
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APPENDIX F. GRASS IDENTIFICATION: EXAMPLE OUTPUT.

This appendix lists an annotated listing of system autput when operating in identification
mode (described in Chapter 7) in the grass domain (Chapter 8). The example used was selected
because it Is representative of system operation in this mode and domain,

Cemmand; (RESET-PRS-ID)
Command: (ADD-ID-FACTS

* ((collar-type (?x) = (narrow F[ 0.3 0.6 ] 8
(ligule-shape (7x) = (truncate F[ 0.8 0.9 ] 8§

——

Command: (SET-POSSIBILITIES ‘pca-genus ’‘agrostis-genus)
Command: (RUN-PRS-ID)

The possibilities for the identification of the unknown are:
POA-GENUS
AGROSTIS-GENUS

The known facts are:
1. (COLLAR-TYPE (2X) = (NARROW))
freq: 0.30 ,. 0.60 supp: 0.90 .. 1.00
2. (LIGULE-SHAPE (?X) = (TRUNCATE})
freq: 0.80 .. 0.90 supp: 0.90 .. 1,00

Crass each possibility with each given fact and attempt lo infer the result.
In this example evidenca will be found for four quenes. First query:

Next Opexation: {1)
(CHECK~-QUERY " (COLLAR-TYFPE (AGROSTIS-GENUS) = (NARRCOW)))
time = 0 path length = 0
worth = 100 rel, time = 0

Unknown. ..Adding stack elements:
(GET-ARGUMENT-GENERALIZATIONS / (COLLAR-TYPE (AGROSTIS-GENUS) =
- {NARROW) ))

(GET-ARGUMENT-SPECIALIZATIONS ' (COLLAR-TYPE (AGROSTIS-GENUS) =
{NARRCW) ) }

(GET-REFERENT~GENERALIZATIONS ' (COLLAR-TYPE (AGROSTIS=-GENUS) =
(WARROHW) ) )

(GET-REFERENT-SPECTALIZATIONS ' (COLLAR-TYRE (AGROSTIS-GENUS) =
(NARROW) ) )

(BACKCHAIN ' (COLLAR-TYPE (AGROSTIS-GENUS) = (NARROW) })

(GET-DEPENDENCIES ’ (COLLAR-TYPE (AGROSTIS-GENUS) = (NARROW) ) )

Next Operation: (2)
(BACKCHAIN ' (COLLAR-TYPX (AGROSTIS~-GENUS) = {NARRCHW) ) }
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time = 1 path leagth = 0
worth = 920.0 rel, time = 1
Hene found,

Next Operation; (3)
{GET-ARGUMENT-GENERALIZATIONS ’ (COLLAR-TYPE (AGROSTIS-GENUS) =
(NARROW) ) )

tima = 1 path length = 0
worth = 30.0 rel, tima = 1

Found (TYPE-OF (AGROSTIS-GENUS) = (GRASS))

Adding to stack:

(CHECK-QUERY ’ (COLLAR-TYPE (GRASS) = (NARROW)))

Next Operation: (4)

(CHECK~QUERY ’ (COLLAR-TYFE (GRASS)
time = 1 path length = 2
worth = 90.0 rel, time = 1

Unknown. , .Adding stack alements:

(GET-ARGUMENT-GENERALIZATIONS ’ (COLLAR-TYPE (GRASS)

(GET-ARGUMENT-SPECIALIZATIONS ‘ (COLLAR-TY?E (GRASS)

(GET-REFERENT-GENERALIZATIONS ’ (COLLAR-TYPE (GRASS)

(GET-REFERENT-SPECIALIZATIONS ' (COLLAR-TYPE (GRASS)

(BACKCHAIN ‘ (COLLAR-TYPE (GRASS) = (NARRCOW)))

(GET-DEPENDENCIES ' (COLLAR-TYPE (GRASS) = (NARRCW)))

(NARROW) ) )

(NARROW) ) )
(NARROW) ) )
(NARROW) }))
(NARRCW) } )

Next Operation: {5)
(BACKCHAIN ' (COLLAR-TYPE (GRASS) = (NARROW)))
tima = 2 path length = 2
worth = 81.0 rel, tima = 2
None found.

Next Oparation: (12)
(GET-ARGUMENT-SPECTALIZATIONS ‘ (COLLAR-TYPE (AGROSTIS-GENUS) =
(NARROW) ) )
time = € path length = 0 .
worth = B5.0 rel. time = §

Found three specializations of Agrostis-Ganus:

Found (BAS=TYPE (AGROSTIS-GENUS) = (CREEPING-BENTGRASS))
Adding to stack:

(CHECK-QUERY ' (COLLAR-TYFE (CREEP ING-BENTGRASS) = (NARRCW)))
Found (HAS-TYPE (AGROSTIS~GENUS) = (COLONIAL-BENTGRASS))
Adding to stack:

(CHECK-QUERY * (COLLAR~TYPE (COLONTAL-BENTGRASS) = (NARRCW)))
Found (HAS-TYPE (AGROSTIS-GENUS) = (REDTOPR))

Adding to stack:

(CHECK-QUERY ’ (COLLAR-TYPE (REDTOR) = (NARROW)))
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Next Oparation: (13)
(CHECK~-QUERY ' (COLLAR-TYPE (REDTOP) = (NARROW)))
time = 7 path length = 2
worth = 85.0 rel. time = 7

Unknown. .. .Adding stack elements:

(GET-ARGUMENT~GENERALIZATIONS ’ (COLLAR-TYPE (REDTOP} = (NARROW)))
(GET=ARGUMENT-SPECTALIZATIONS ’ (COLLAR-TYPE (REDTOP) = (MARROW))}
(GET-REFERENT-GENERALIZATIONS ‘ (COLLAR-TYPE (REDTOP) = (NARROW) ) )
(GET~REFERENT~SPECTALIZATIONS ‘ (COLLAR-TYPE (REDTOF) = (NARROW) ) )
(BACKCHAIN ' (COLLAR-TYPE (REDTOP) = (NARROW)))
(GET-DEPENDENCIES ’ (COLLAR-TYPE (REDTOP) = (NARROW) ))
Nexzt Operation: (14) )
(BACKCHAIN ' (COLLAR-TYPE (REDTOP) = (NARROW)))
time = 9 path length = 2
worth = 76.5 rel, time = 9
Mone found.
Next Qperxation: {(17)
(GET-ARGUMENT-SPECIALIZATIONS ‘ (COLLAR-TYPE (REDTOF) = (NARROW) ) )
time = 11 path length = 2

worth = 72,28 rel, time = 11
Ralative time exceeded (Rel. tima is the time when initial operation - in this case
(check-query ‘(collar-type (agrostis-genus) = (narrow))) - was poppad off stack.
Rel. time is reset when element is put at bottom of stack.

Rel, time (11) exceeds limit (10) - Cperation put at bottem of stack.

Second query, out of the four to be processed:

Next, Operation: (24)
(CHECR~QUERY ' (LIGULE-SHAPE [AGROSTIS-GENUS) = (TRUNCATE)))
tima = 14 path length = 0
worth = 100 rel. tima = 0

Unknown. . .Adding stack elements:
(GET-ARGUMENT-GENERALIZATIONS ’ (LIGULE-SHAPE (AGROSTIS-GENUS) =
{TRUNCATE)))

(GET-ARGUMENT-SPECTALIZATIONS ' (LIGULE-SHAPE (AGROSTIS-GENUS) =
 {TRUNCATE)))

(GET-REFERENT-GENERALIZATIONS ’ (LIGULE-SHAPE (AGROSTIS-GENUS) =
(TRUNCATE) ) )

(GET-BSFERENT—SPECIALIZATIONB * (LIGULE-SHAPE (AGROSTIS~GENUS) =
(TRUNCATE)) )
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(BACKCHAIN ’ {LIGULE-SHAPE (AGROSTIS-GENUS) = (TRUNCATE)))
(GET-DEPENDENCIES ’ (LIGULE-SHAPE (AGROSTIS-GENUS) = (TRUNCATE)))

Next Oparation: (25)
(BACKCHAIN / (LIGULE-SHARE (AGROSTIS-GENUS) = (TRUNCATE)))
time = 15 path length = 0
worth = 90.0 ral. time = 1

NHone found.

Next Cperation: (26)
{G!T-ARGUHENT-GENEBALIZATIONS “ (LIGULE-SHAPE {AGRCSTIS-GENUS) =
(TRUNCATE) ) )
tima = 16 path length = 0
wozrth = 80.0 ral. time = 2
Found (TYPE-OF {AGROSTIS-GENUS) = (GRASS))
Adding to stack:
(CHECK-QUERY f (LIGULE-SHARPE (GRASE) = {(TRUNCATE} )} )

Next Cperation: (27)

(CHECK-QUERY " {(LIGULEZ-SHAPE {GRASS) = (TRUNCATE) } )
time = 17 path length = 2
worth = 90.0 rel, time = 3

Unknown. . .Adding stack elementa:
(GET-ARGUMENT-GENERALIZATIONS r {LIGULE-JHAPE (GRASS)
(GET-ARGUMENT-S?!CIALIZAIIOHS * (LIGULE-SHAPE (GRASS)
(GET-REFERENT-GENERALIZATIONS * {LIGULE~SHAPE (GRASS)
[GET-REFERENT-SEECIALIZATIONS * (LIGULE-SHAPE (GRASS)
{BACKCHAIN ‘ (LIGULE-SHAPE {GRASS) = (TRUNCATE)))

{TRUNCATE) ) )
(TRUNCATE) } )
(TRUNCATE) ) }
(TRUNCATE) ) )

{(GET-DEPENDENCIES * (LIGULE-SHAPE (GRASS) = (TRUNCATE) )}
Mext Cperation: {28)
{BACRCHAIN '(LIGULE-SHAPI'(GRhSS) = (TRUNCATE)))
time = 18 path length = 2
worth = B81.0 rel. time = 4

None £ound.

Next CQperxation:¢ (33)
(GET-DEPENDENCIES ' (LIGULE-SHAFE (GRASS) = (TRUNCATE))])
tima = 21 path length = 2
worth = 67.5 rml, time = 7

Relative wonrth fimit is 70% of worth of element initially popped from stack - in this
case 100 from (check-query '(ligule-shape (agrostis-genus) = (truncate))}

Worth (67.5) below relative limit (70.0) - Operaticn put at
bettom of stack.

Next Oparation: (34)
(GET-REFERENT-GENERALIZATIONS ' (LIGULE-SHAPE (AGROSTIS-GENUS) =
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{TRUNCATE) ) )

tima = 21 path length = 0
worth = 85.0 rael. time = 7
None found.
Next Operation: (35)

{GET-ARGUMENT-SPECTIALIZATIONS * (LIGULE-SHAPE (AGROSTIS-GENUS) =

(TRUNCATE) ) )
time = 22 path langt 0

worth = 85.0 rel. tima = 8
Again, three specializations of Agrostis-Genus:

Found (HAS-TYPE (AGROSTIS-GENUS) = (CREEPING-BENTGRASS))
Adding to stack:

(CHECR-QUERY ’ (LIGULE-~SHAPE (CREEPING-BENTGRASS) = (TRUNCATE)))
Found (HAS-TYPE (AGROSTIS-GENUS) = (COLONIAL-BENTGRASS))
Adding to stack:

(CHECK-QUERY / (LIGULE-SHAPE (COLONTAL-BENTGRASS) = (TRUNCATE) ))
Found (HAS-TYPE (AGROSTIS-GENUS) = (REDTCP))

Adding to stack:

(CHECR-QUERY ' (LIGULE-SHARE (REDTOP) {TRUNCATE) })

Next Opexation: (36)
(CHECKR-QUERY ‘ (LIGULE-SHAPEZ (REDTOP) = (TRUNCATE)))
time = 23 path length = 2

wozrth = 85.0 rel, time = 9
Unknown. . .Adding stack elementa:

(GET-ARGUMENT-GENERALIZATIONS ' (LIGULE-SHRPE (REDTOR) = (TRUNCATE) ) )
(GET-ARGUMENT-SPECIALIZATIONS ‘ (LIGULE-SHAPE (REDTOP) = (TRUNCATE) ) )
(GET-REFERENT-GENERALIZATIONS ¢ (LIGULZ-SHAPE (REDTOR) = (TRONCARTE) ) )

(GET-REFERENT-SPECIALIZATIONS ' (LIGULE-SHAPE (REDTOP) (TRUNCATE) ) )
(BACKRCHAIN ' (LIGULE-SHAPE (REDTOP) = (TRUNCATE)))

{GET-DEPENDENCIES ' (LIGULE-SHRFE (REDTOP) = (TRUNCATE)))

Haxt Operation: (37)
(BACKCHAIN / (LIGULE-SHARPE (REDTOP) = (TRUNCATE) ))
time = 235 path length = 2
worth = 76.5 ral. time = 11
Rel. tima (11) exceeds limit (10) - Operation put at bottom of stack.
Next COperation: (38) “
(GET-AEGUHINT-GEHERALIZATIONS ' (LIGULE-SHAPE (REDTOR) = (TRUNCATE) } }
time = 25 path length = 2

worth = 76.5 ral. tima = 11

Time when (check-query ‘(ligule-shape (agrostis-genus) = (truncate))) came off stack
was 14. Current time minus that is over threshold:

Rel. time (11) exceads limit (10) - Operation put at bottom of stack.
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Third query:
Next Operation: (47) _ _
(CHECK~QUERY ' (COLLAR-TYPE (POA-GENUS) = (NARRCW) ) )
time = 30 path length = 0
worch = 100 rel. time = 0
Unknown. .  Adding stack elements:
(GET-ARGUMENT-GENERALIZATIONS ' (COLLAR-TYPE (PCA-GENUS) = (NARROW)))
(GET—ARGUMZNT-SPESIALIZATIONS ’ (COLLAR-TYPE (POA-GENUS) = (NARROW)))
)
)

(GET-REFERENT-GENERALIZATIONS ‘ (COLLAR-TYPE (POA-GENUS) = (NARRCHW) )
{(NARROW) }

(GET-REFERENT-SPECTALIZATIONS ' (COLLAR-TYPE (POA-GENUS)
{BACKCHAIN ‘ (COLLAR-TYPE (POA-GENUS) = (NARRCW)))
(GET-DEPENDENCIES ' (COLLAR-TYPE (POA-GENUS) = (NARROW)})

Hext Oparation: (48)
{BACKCHAIN ' (COLLAR-TYPE (POA-GENUZ) = {NARRCW) ) )
time = 31 path length = 0
worth = 80.0 rel. time = 1
Neone found,
Next Operation: (49)
(GET-ARGUMENT-GENERALIZATIONS * (COLLAR-TYPE (POA-GENUS) = (NARROW)))
time = 32 path length = 0
worth = 90.0 rel. time = 2

Found one gensralization of Poa-Genus:

Found (TYPE-OF (POA-GENUS) = (GRASS))
Rdding to stack:
(CHECK-QUERY ' (COLLAR-TYPE (GRASS) = (NARROW)))
Next COperaticn: {52)
(GET-ARGUMENT-SPECIALIZATIONS ‘ (COLLAR-TYPE (POR-GENUS) = (NARROW)))
. time = 33 path length = 0
worth = 85.0 rel. time = 3

Four specializations of Poa-Ganus:

found (HAS-TYPE (POA-GENUS) = (ANNUAL-BLUEGRASS))

Adding to stack:

(CHECK-QUERY ’ (COLLAR-TYFE (ANNUAL-BLUEGRASS) = (NARROW)))
Found (HAS-TYPE (POR-GENUS) = (KENTUCKY-BLUEGRASS) )

Adding to stack:
(CHECK~QUERY ’ (COLLAR-TYPE (KENTUCKY-BLUEGRASS) = (NARROW)))

found (HAS-TYPE (POA-GENUS) = (CANADA-BLUEGRASS))
Adding to stack:

(CHECK-QUERY ’ (COLLAR-TYPE (CANADA-BLUEGRASS) = (NARROW)))
round {(HAS-TYPE (POA-GENUS) = (ROUGHSTALK]))

Adding to stack:
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(CHECRK-QUERY ' (COLLAR-TYRE (ROUGHSTALK])

Next Operation: {60)

= (NARROW) ))

(CHECK-QUERY / (COLLAR-TYPE (CANADA-BLUEGRASS) = (HARROW) ) )

time = 40 path length = 2
worth = 85.0 rel, tima = 10
Unknown. . .Adding stack elemants:

(GET-ARGUMENT~GENERALIZATIONS ’ (COLLAR~TYPE
(GET-ARGUMENT~SPECIALIZATIONS ’ (COLLAR-TYPE
(GET-REFERENT-GENERALIZATIONS ‘ (COLLAR-TYPE
(GET-REFERENT-SPECTALIZATIONS / (COLLAR-TYPE

(BACKCHAIN ' (COLLAR-TYPE (CANADA-BLUEGRASS) = (NARROW)))

(CANADA-BLUEGRASS) =

(HARROW) ) )

(CANADA-BLUEGRASS) =

(NARROW) ) )

(CANADA-BLUEGRASS) =

{HARROW) ) )

(CANADA-BLUEGRASS) =

(WARROW) ) )

(GET-DEPENDENCIES ‘ (COLLAR-TYPE (CANADA-BLUEGRASS) = (NARROW) ) )

Fourth query:
Next Operation: {71)
(CHECK-QUERY ‘ (LIGULE-SHAPE (POA-GENUS)
tima = 46 path length = 0
worth = 100 zel. time = 0

Unknown. . Adding stack elemsnts:

= (TRUNCATE)))

(GET-ARCUMENT-GENERALIZATIONS " (LIGULE-SHAPE (POA-GENUS)

(GET~ARGUMENT-SPECTALIZATIONS ' (LIGULE-SHAPE
(GET-REFERENT-GENERALIZATIONS ~ (LIGULE-SHAPE
(GET=-REFERENT-SPECIALIZATIONS ’ (LIGULE-SHAPE

(POR~GENUS)
(POA~GENTS)
(POR-GENUS)

(BACKCHAIN ' (LIGULE-SHAPE (POA~GENUS) = (TRUNCATE) ) )

(GET-DEPENDENCIES ' (LIGULL-SHAPE (POA-GENUS) = (TRUNCATE) ) )

(PCA-GENUS)

Next Cperation: (72)
{BACKCHAIN ' (LIGULE~-SHAPE (PCA-GENUS) = (TRUNCATE) ) )
time = 48 path length = 0
wozth = 80.0 rel. time = 2
None found.
Next Operation: (73)
(GET-ARGUMENT ~GENERALIZATIONS f (LIGULE-SHAPER
time = 48 path length = 0
worth = 90.0 ral. tima = 2

Found (TYPE-OF (POA-GENUS) = (GRASS))
Adding to atack!

—
=

(TRONCATE) )}
(TRUNCATE) ) )
{TRUNCATE)))
(TRUNCATE) ) )

{TRUNCATRE) ) )
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(CHECE-QUERY " (LIGULE-SHAPE (GRASS) (TRUNCATE) ) )

Next Operation: (74)
(CHECK-QUERY * (LIGULE-SHAPE (GRASS) = (TRUNCATE)))
time = 49 path length = 2

worth = 90.0 rel, time = 3

This operation matches an operation previously tred - do not repeat (this path will
usé any resuits found from carresponding operation).

Operation matches previcus operation 27

Hext Operation: {75)
(GET-REFERENT-GENERALIZATIONS * (LIGULE-SHAPE (POA-GENUS) = (TRUNCATE} ) )
time = 50 path length = 0
worth = 85.0 rel. tima = 4

None found,

Next Opexration: (78)
(GET-ARGUMENT-SPECIALIZATIONS ’ (LIGULEZ-SHAPE (POA-GENUS) = (TRUNCATE}))
time = 50 path length = 0
worth = 85.0 rel. tims = 4

Found (HAS-TYPE (POA-GENUS) = (ANNUAL-BLUEGRASS))

Adding to stack:

{CHECK~QUERY * (LIGULE-SHAPE (ANNUAL-~BLUEGRASS) = (TRUNCATE)))
Found (HAS-TYPE (POA-GENUS) = (KENTUCKY-BLUEGRASS))

Adding to stack!

(CHECK-QUERY ' (LIGULE-SHAPE (KENTUCKY~BLUEGRASS) = (TRUNCATE)))
Found (HAS-TYPE (POA-GENUS) = (CANADA-BLUEGRASS))

Adding to stack:

{CHECK-QUERY * ({LIGULE-SHAPE (CANADA-BLUEGRASS) = (TRUNCATE)))
Found (HAS-TYPE (POA~GENUS) = (ROUGHSTALK))

Adding to stack:

(CHECK~QUERY * (LIGULE-SHAPE (ROUGHSTALX) = (TRUNCATE}))
Next Operation: {77)
(CHECKR-QUERY ‘ (LIGULE-SHAPE (ROUGHSTALK) = (TRUNCATE}))
time = 52 path length = 2

worth = 85.0 rel, time = 6

Unknown. . .Adding stack elements:

(GET-ARGUMENT-GENERALIZATIONS ! (LIGULE-SHAPE (ROUGHSTALK) =
{TRUNCATE} ) )

(GEThanﬁﬂﬂENT-SPECILLIZATIOHS ‘* (LIGULE-SHAPEZ (ROUGHSTALK) =
(TRUNCATE) ) )

(GET-REFERENT-GENERALIZATIONS " (LIGULE-SHAPE (ROUGHSTALK) =
(TRUNCATE)) )

(GET-REF!RENT-SP!CIALIZATIOHS * (LIGULE~SHAPE (ROUGHSTALK) =
(TRUNCATE) ) )

(BACKCHAIN ' (LIGULE-SHAPE (ROUGHSTALK) = (TRUNCATE)))

(GET-DEPENDENCIES ’ (LIGULE-SHAPE (ROUGHSTALK) = (TROUNCATE)))

Faxt Operation: (78)
(BACKCHAIN ' (LIGULE-SHAPE (ROUGHSTALK) = (TRUNCATE)))
tima = 83 path length = 2
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worth = 76.5 rel, tima = 7
Nene found.

Next Oparation: {84)
(CHECK-QUERY * (LIGULE-SHAPE (CAHLBA-BLUEGRASS} = (TRUNCATE)))
tima = 56 path length = 2
worth = 85.0 rel, time = 10

Unknown. . .Adding stack elemants:

(GET-ARGUMENT-GENERALIZATIONS ' (LIGULE-SHAPE (CANADA-BLUEGRASS) =
{TRUNCATE)) )

(GET-ARGUMENT-SPECIALIZATIONS ' (LIGULE-SHAPE (CANADA-BLUEGRASS) =
(TRUNCATE) ) )

(GET~RAEFERENT-GENERALIZATIONS / (LIGULE~-SHAPE (CANADA-BLUEGRASS) =
(TRUNCATE) ) }

(GET-REFERENT-SPECTALIZATIONS ‘ (LIGULE-SHAPE (CANADA-BLUEGRASS) =
(TRUNCATZ) ) )

(BACKCHAIN ’ (LIGULE-SHAPE (CANADA-BLUEGRASS) = (TRUNCRIE)))

(GET-DEPENDENCIES ' (LIGULE-SHAPE (CANADA-BLUEGRASS) = (TRUNCAIE)))

Next Operation: (99)
(CHECK-QUERY ’ {(COLLAR~TYPE (COLONIAL-BENTGRASS) = (NARROW) ) )
time = 63 path length = 2
worth = B5.0 rel, tima = 0

Found (COLLAR-TYPE (COLONIAL-BENTGRASS) = (NARROW) )

——————————————————————— a==Pridence l==———s——mes=e—ewoc—c—a=a=-

Found Evidence:
It i= known that
{HAS-TYPE (AEROSTIS—GENUS) = (COLONIAL-BENTGRASS)}
dom: 0.10 .. 0.20 ewyp: 0.80 .. 0.70 supp: 0.7% .. 1.00
(COLLAR-TYFE (COLONIAL~BENTGRASS) = {NARROW)} )

freg : 0.85 .. 0.95 supp: 0.65 .., 1.00
Thus (COLLAR-TYPE (AGROSTIS-GENUS) = (NARROW) )
€req: 0.51 .. 0.97 supp: 0.00 .. 1.00
This is evidence that the identification of the unknown is
AGROSTIS-GENUS.

Next Operation: {100}
(CHECK-QUERY ! (COLLAR-TYPE (CRBEPIHG—BENTGRASS} = (NARROW)))

time = 67 path length = 2
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wozth = B5.0 ral. time = 0
Found (COLLAR-TYPE (CREEPING-BENTGRASS) = (MNARROW))

Found Evidence:
It is known that
(HAS-TYRE (AGROSTIS-GENUS) = (CREEPING-BENTGRASS})
dom: 0.40 .., 0.45 typ: 0.85 .. 0.95 supp: 0.85 ,. 0.95
{COLLAR-TYPE (CREEPING~BENTGRASS) = (NARROW))

fraqg : 0.80 .. 0.90 supp: 0,75 ,, 1,00
Thus (COLLAR-TYPE (AGROSTIS-GENUS) = (NARRCW))}
freq: 0.68 .. 0.91 supp: 0,00 .. 0.95
This is evidence that the identification ¢of the unknown is
AGROSTIS~GENUS .
Next Qperation: (101)
(GET-REFERENT-SPECIALIZATIONS ' (COLLAR-TYPE (AGROSTIS-GENUS) =
| (NARROW) ) )
tine = 69 path length = 0
worth = 80.0 rel. time = 0
None found.
Next Operation: (109)
(GET-DEPENDENCIES " (LIGULE-SHAPE (REDTOP) = (TRUNCATE)))
time = 73 path length = 2
worth = §3.758 rel, time = 0
None £found.
Next Cperation: (1109
(CHECK-QUERY * (LIGULE-SHAPE (COLONIAL-BENTGRASS) = (TRUNCATE)))
time = 74 pacth length = 2

worth = 85.0 rel, time = 0

Unknown. . . Adding stack elements:

{(GET-ARGUMENT-GENERALIZATIONS ' (LIGULE-SHAPE (COLONIAL-BENTGRASS)
= (TRUNCATE)))

(GET-ARGUMENT-SPECIALIZATIONS ’ (LIGULE-SHAPE (COLONIAL-BENTGRASS)
= (TRUNCATE)}))

(GET-REFERENT-GENERALIZATIONS ‘ (LIGULE-SHAPE (COLONIAL-BENTGRASS)
= (TRUNCATE}))

(GET~REFERENT~SPECIALIZATIONS ' (LIGULE-SHAPE (COLONTIAL-BENTERASS)
= (TRUNCATE)))

{(BACERCHAIN ! (LIGULE-SHAPE (COLONIAL-BENTGRASS) = (TRUNCATE)))

(GET-DEPENDENCIES ‘ (LIGULE-SHAPY (COLONIAL-BENTGRASS) = (TRUNCATE) ) )

Next Operation: (111)
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(BACKCHAIN ' (LIGULE-SHAFE (COLONTAL-BENTGRASS) = (TRUNCATE)))
time = 75 path length = 2
worth = 76.5 zal. time = 1

None found,

Next Qparation: (117)
(CHECR~QUERY * (LIGULE-SHAFE (CREEPING-RENTIGRA3S) = {TRUNCATE) } )
time = 78 path length = 2

worth = B85.0 ral. time = 0

Unknown. . .Adding stack alemants:

{GET-ARGUMEHT-GENERALIZATIONS ' (LIGULE-SHAFE {CREEPING-BENTGRASS)
= (TRUNCATE)))

(GET-&RGUMENT-SPECILLIZATIGNS"(LIGULE—SHLPE (CREEPING-BENTGRASS)
= (TRUNCATE)))

(GET-REFERENT-GENERALIZATIONS ' (LIGULE-SHAPE (CREZPING-BENTGRASS)
= (TRUNCATE) )}

[GET—REFEREHT-S?ECIALIZATIONS"lLIGULE-SHAPE-{CREE?ING-BENTGHASSJ
= (TRUNCATE)))

(BACKCHAIN ‘ (LIGULE~-SHAPE (CREEPING-BENTGRASE) = (TRUNCATE) ) )

(GET-DERENDENCIES f {(LIGULE-SHAPE (CREEPING-BENTGRASS) = (TRUNCATE) ) )

Next Operxation: {134)
(CHECK-QUERY ' (COLLAR-TYPE (KENTUCKY-BLUEGRASS) = (NARROW) ) )
time = 88 path length = 2
worth = 85.0 rel, time = 0

Found (COLLAR-TYPE (KENTUCKY-BLUEGRASS) = (NARROW))

-------------------------- Evidence 3-e-———wemmmsamm—amm———————
Found Evidence:
It is known that
(RAS-TYFE (POA-GENUS) = (RENTUCKY-BLUEGRASS) )
dom: 0.40 .. 0.70 ¢€yp: 0.85 .. 0.95 supp: 0.85 .. 1.00
(COLLAR-TYPE (KENTUCKY-BLUEGRASS) = (NARROW))

freqg : 0.45 .. 0.65 supp: 0.85 .. 0.85
Thus (COLLAR-TYPE (POA-GENUS) = (NARROW))
fraqg: 0.238 .. 0.70 supp: 0.45 .. 0.95
This is evidance that the idantification of the unknown is
POA-GENUS.

Next Operation: (135)
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(CHECK-QUERY ’ (COLLAR-TYPE (ANNUAL-BLUEGRASS) = (NARROW)))
time = 350 path length = 2
worth = 85.0 rel. tima = 0
Found (COLLAR-TYPE (ANNUAL-BLUEGRASS) = (NARROW) )
------------------------- Evidence d====———— === mmem————————

Found Evidenca:
It is known that
(HAS~TYPE (POA-GENUS) = (ANNUAL-BLUEGRASS))
dom: 0.20 .. 0.35 typ: 0.65 .. 0.85 supp: 0.85 .. 0.95
(COLLAR~TYPE (ANNUAL-BLUEGRASS) = {NARROW})

freg : 0.80 .. 0. 90 supp: 0.85 ., 1.00
Thus (COLLAR~- TYPE (BOA-GENUS) = {MARROW) )
freq: 0,52 .. 0.94 supp: 0.15 .. 0.95
This is evidence that the identification of the unknown is
FOR-GENUS.
Mext Operation: {138)
(GET-REFERENT-SPECIALIZATIONS " (COLLAR-TYPE (POA-GENUS) = (NARRCW)))
ctime = 92 pacth length = 0

worth = 80.0 rel. time = 0
None found,

Next Oparation: (137)
(GET-DEPENDENCIES " (COLLAR-TYPE (PCA-GENUS) = {NARROW) ) )
tima = 92 path length = 0

worth = 75.0 rel, time = 0
None found.

Next Operation: (146)
(CHECK~QUERY  (LIGULE-SHAPE (KEINTUCKY-BLUEGRASS) = (Tatmcxrmn)
time = 97 path length = 2
worth = 85.0 ral. time = 0
Found (LIGULE-SHAPE (KENTUCKY-BLUEGRASS) = (TRUNCATE))

Ffound Evidence:
It is known that
(HAS-TYPE (POR-GENUS) = (KENTUCRY-BLUEGRASS))
dom: 0.40 .. 0.70 typ: 0.85 .. 0.95 supp: 0.8 .. 1,00
(LIGULE-SHAPE (KENTUCKY-BLUEGRASS) = {TRUNCATE) )
freq : 0.89 .. 0.95 supp: 0.85 .. 0.98
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Thus (LIGULE-SHAPE (POA-GENUS) = (TRUNCATE))

freq: 0.76 .. 0,96 supp: 0.45 .. 0.8%
This is evidence that the identification of the unknown is
POA-GENUS,
¥Next Operation: {147)
(CHECK-QUERY ’ (LIGULE-SHARPE (ANNUAL-BLUEGRASS) = (TRUNCATE)))
tima = 39 path length = 2°

worth = 85.0 rel., time = 0
Unkriown. . .Adding stack elements:
(GET-ARGUMENT-GENERALIZATIONS ‘ (LIGULE-SHAPE (ANNUAL-BLUEGRASS)

{TRONCATE) ) )

{GET-ARGUHENT-S?ECIALIZATIONS / (LIGULE-SHAPE (ANNUAL-BLUEGRASS)

{TRUNCATE) ) )

(GET-REFERENT-GENERALIZATIONS ' (LIGULE-SHAPE (ANNUAL-BLUEGRASS)

=

{TRUNCATE) } )

(GET-~REFERENT-SPECIALIZATIONS ' (LIGULE-SHARE (ANNUAL-BLUEGRASS)

-

{TRUNCATE) ) )

(BACKCHAIN ‘ (LIGULE-SHAPE {ANNUAL-BLUEGRASS) = (TRUNCATE)))

(GET-DEPENDENCIES  (LIGULE-SHAPE (ANNUAL-BLUEGRASS) = (TRUNCATE)))

Naxt Operation: (148)
{BACKCHAIN ‘ (LIGULE-SHARE (ANNUAL-BLUEGRASS) = {(TRUNCATE) })
time = 100 path length = 2
worth = 76.5 rel, tima = 1
Mone found.

Next Operabtion: (149)

(GET-ARGUMENT-GENERALIZATIONS ' (LIGULE-SHAPE (ANNUAL-BLUEGRASS) =
(TRUNCATE) ) )

time = 101 path length = 2
worth = 76.5 rel. time = 2
‘Hone found.

Next Cperation: (155)
(GET-DEPENDENCIES ' (LIGULE-SHAPE (POA-GENUS) = (TRUNCATE) ) )
time = 104 path length = 0
worth = 75.0 rel. time = 0
Nona found.

PROCESSING TERMINATED - No mors elements in stack.

SUMMARIZING EVIDENCE:

Tha possibilities for the identification of the unknown are:
POA-GENUS
AGROSTIS-GENUS
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The khnown facts are:
1. (COLLAR-TYFPE (?X) = (NARROW})
freq: 0.30 ., 0.60 supp: 0,90 .. 1.00
2. (LIGULE-SHAPE (?X) = (TRUNCATE))
freg: 0.80 .. 0.90 supp: 0.90 .. 1.00

Inferred evidance for each choice is as followa:
AGROSTIS-GENUS
a3} (COLLAR—TY?E (AGROSTIS-GENUS) = (NARROW))
freq: 0.51 .. 0.597 supp: 0.00 .. 1.00
2) (COLLAR-TYPE (AGROSTIS-GENUS) = (NARROW))
freq: 0.68 .. 0.91 supp: 0.00 .. 0.95
POA-GENUS _
3) (COLLAR-TYFE (POA-GENUS) = (NARROW))
. freqg: 0.38 .. 0.70 supp:! 0,45 .. 0.95
4) (COLLAR-TYPE (RPOA-GENUS) = (NARROW))
freq: 0.%52 .. 0.94 supp: 0.15 .. 0.95
5) (LIGULE~SHAPE (PCA-GENUS) = (TRUNCATE))
freq: 0.76 .. 0.96 supp: 0.45 ,, 0.95

Type (see-evidence #) to see the inference path for a particular
avidenca number.

Type (match-avidence-to-facts) to match inferred facts to given
facta. ;

Use (add-id-facts ’{{...) to add new initial facts ox revise
existing facts.

Pype (run-prs-id t) to run PRS incrementally, after adding or
modi fying facts.

Type (summarize-evidence-id) to see this sumary.

(Total tima: 107 seconds)

Calling SEE-EVIDENCE with a 2nd argument of t shows "hidden" queries alse - "hidden”
queries are the intemal queries used to find inverses.

Command: (SEE-EVIDENCE 1)
---------- gm=mmmmmmmmmmmmmEridence #lo--—-emmms-—e————soooooooo

{check-query ' (ccllar-~type (agrostis-genus) = (narcow)))
{get-argument-spacializations ’ (collar-type (agrostis-genus) =
(narrow)) )
(HAS-TYPE (AGROSTIS~GENUS) = (COLONIAL-BENTGRASS))
dom: 0.10 .. 0.20 ¢yp: 0.60 .. 0.70 supp: 0.75 .. 1.00
(get-inverse ’ (has~type (agrostis-genus) = (colenial-bentgrass)) )
(TYPE=-OF (COLONIAL-BENTGRASS) = (AGROSTIS-GENUS))
dem: 1.00 .. 1.00 supp: 0.65 .. 1.00
{check-query ' (collar-type (colonial-bentgrass) = {(narxow)) )
(COLLAR-TYFE (COLONIAL-BENTGRASS) = (NARROW))
freg : 0.85 ., 0.95 supp: 0.63 .. 1.00
(get-inverse ' (collar-type (colonial-bantgrass) = (narzow)))
(INV-COLLAR-TYPE (MARROW) = (COLONIAL-BENTGRASS) }
freq : 0.10 .. 0.15 supp: ©.45 .. 1.00
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(COLLAR-TYPE (AGROSTIS-GENUS) = (NARROW))
fraqg : 0.51 .. 0.97 supp: 0.00 .. 1.00

Command: (MATCH-EVIDENCE-TO-FACTS)

A review of the evidence ratings indicates that the unknown s most likely Poa-Genus:

ID possibilities for run 1 listed in decraasing likelihood:

7% = POA-GENUS (3 piece(s) of evidence found)

Match rating: avg: (0.47 0.63) max: (0.61 0.74)
Evidence 3 matches with id fact 1: (0.39 0.869)
Evidence 4 matches with id fact 1: (0.22 0.46)
Evidence 5 matches with id fact 2: (0.61 0.74)

2% = AGROSTIS-GENUS (2 piece(s) of evidence found)
Mateh rating: avg: (0.11 0.50) max: (0.00 0.50)

Evidence 1 matches with id fact 1: (0.21 0.50)

Evidence 2 matches with id fact 1: (0.00 0.30)
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APPENDIX G. GRASS IDENTIFICATION: EXPERIMENT LISTING.

The following functions define the twenty examples which were used lo compare system
output and expert analysis. These examples were developed both by having a particular
identification possibility in mind when composing the groups of id facts as well as by randomly
selecting facts to use together. See also Chapter 8, which discusses the grass identification
system, and Appendix H, which presents a summary of the results of both the system and expert

analysis for these experiments.

;: RUN-1 output is Appendix T,

(defun RUN-1 ()
(reset-prs-~id)

{add-id-facts
* (({cellar~type (?=) = (nacrow F| 0.3 0.6 ) §({ 0.8 1.0 }})

{ligule-shapa (?x) = (tzuncata ¥{ 0.8 0.9 } 8 0.9 1.0 })}))
(set-possibilitiss ‘poargenus ' agrostis-genus)
{serg *zun-id* 1))

(defun RUN-2 ()
(reset-prs~-id)
(add-id-facts

* {{vernaticn-typa (?x) = (Eolded F{ 0.9 1.0 } 5( 0.7 1.0 1)
(rolled F{ 0.9 1.0 } S{ 0.1 0,2 }))

(compressed F{ 0.8 0.9 } S{ 0.8 1.0 })
(round F{ 0.8 0.9 } S{ 0.1 0.2 1N

(sst-possibilities ' poa-genus ‘agrostis-ganus)

(setqg *run-id* 2})

¢
Q

{(sheath-type (7?x) =

{defun RUN-3 ()
(reset-prs-id)

(add=id-facta
“{(collar-type {(?x) = (parzow F{ 0.3 0.6 } S{ 0.9 1.0 }))
(ligule-shape (?x) = (truncate F{ 0.8 0.9 } S{ 0.9 1.0 1))
(leaf-type (?x) = (keal-shape T 0.6 0.7 ) 8 0.9 1.0 }))
{vernation=-typa (?x) = (folded F{ 0.75 0.9 } S{ 0.9 1.0 0
(set-possibilities ‘creaping-bentgrass ‘ canada-bluegrass
rannual-bluegrass ’kentucky-bluegrass

*colonial-bentgrass)
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(setq *run=id* 3))

{defun RUN-4 ()
(reset-pra=-1d)
{add-~id-facts
* ({collar-type {?x) = (nazrow ¥F( 0.3 0.6 } 8{ 0.3 1,0 }))
(ligule-shape (?x) = (truncate F{ 0.8 0.9 } 3{ 0.9 1.0 }))
(leaf-type (?x) = (pointed F{ 0.6 0.7 } 8{ 0.9 1.0 }))
(vernation-type (?x) = (rolled F( 0.75 0.9 } S{ 0.9 1.0 )1}
{set-possibilities ‘creeping-bentgrass ’'canada-bluagrass
fannual-bluagrass ‘kantucky-bluegrass

‘eolonial-bentgrass)
{seatg *"run-id* 4})
{defun RUN-5 ()
(reset-prs-id)
(add-id=£facts
r ((ligule-shape (?X) = (toothad F{ 0.5 0.9 } S{ 0.6 0.9 }))
(collar-type {(?X) = (narrow F{ 0.4 0.7 } ${ 0.2 0.7 1))

(asheath-type (?X)
(compressed-rough F{ 0.7 1.0 } S{ 0.8 1.0 '))
(gzowth-habit (?%X) = (bunch F{ 0.6 0.8 } S{ 0.3 1.0 )
(set-pozsibilities ’'Annual-Bluegrass ‘Rantucky-Bluegrass
‘Canada-Bluegrass 'Roughstalk-Bluagzrass
'Creaping-Bentgrass ‘Colonial-Bentgrass ‘Redtop)
{setq *run-id* 5))

(defun RUN-6 ()
(reset-pra~id)
{add-id-facts
' “ ({ligule-shape (7X) = (tosthed F{ 0.7 1.0 } S{ 0.8 1.0 }))
{collazr-type (?X) = (broad F{ 0.5 0.9 } ${ 0.6 0.9 1))
{sheath-type (?X) = (compressed F{ 0.5 0.3 } 8( 0.5 1.0
_ {(grewth-habit (?X) = {stolons F{ 0.7 1.0 ) 8{ 0.2 0.7 }
{set-pessibilities ’"Annual-Bluegzass ‘ Keantucky-Bluegrass
*Canada-Bluegrass ’'Roughstalk-Bluegzrass
' Creeping-Bentgrass 'Colonial-Bentgrass ‘Redtop)
(setg *run-id* §))

1M
1)

{defun RUN-7 ()
(raset-prs-id)
{add~id-facts
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* ((ligule~shape (’K) = (zound F{ 0.7 1.0 } 8{ 0.5 1.0 })}
(collar-type (?X) = (divided F{ 0.4 0.7 ) 8{ 0.8 0.9 }})
(sheath~typa (¥} =

(compressed-zough F( 0.6 8.8 } 8( 0.6 0.8 }))
(growth-habit (?X) = (chizome T{ 0.5 0.9 } 8{ 0.8 1.0 }})))
(set-possibilities ‘Annual-Bluegrass ' Rentucky-Bluagrass
'Roughstalk-Bluegrass ‘Creeping-Bentgrass
‘Colonial-Bentgrass ’Redtop ‘Canada-Bluegrass)

{aetqg *run-id* 7))

(defun RUN-8 ()
{reset-prs-id)
{add~id-facts

‘ ({laaf-type (?X) = (peinted F( 6.5 0.9 ) 8{ 0.5 2.¢ I}
(varnation-cype (?X) = (rolled r{ 0.7 1.0} 8{ 0.2 0.7 }})
(ligule-shaps (?X) = (acute T( 0.4 0.7 } 8f 0.6 0.9 }))
{collar-type (7X) = (parzow F{ 0.4 0.7 } S{ 0.8 1.0 }1}))

)

{sheath-type (7?X) = (round ¥{ 0.5 0 8 } 5({ 0.2 0.7 }
{growth~habit (?X) = (stolons ¥{ 0.7 1.0 } S{ 0.6 0.9 1))}
(set-possibilities 'Annual~Bluegrass *Kentucky-Bluagrass
*Roughstalk-Bluagrass ‘Cresplng-Rantgrass
‘Colonial-Bentgrass ’'Redtop "Canada-Bluegrass)
(setg *zun-id* 8))

(d=fun RUN-3 ()
(reset-pra-id)
(add-id-£facts
' ((Laaf~type (7?X) = (keel-shape F{ 0.4 0.7 } S{ 0.6 0.9 )

¥)
(vernation-type (?X) = (folded F({ 0.6 0.8 } S{ 0.8 1.0 }))
(ligule-shape (?X) = (truncate F( 0.7 1.0 } 8{ 0.6 0.9 }))
(collaz-type (?X) = (broad T{ 0.7 1.0 } §{ 0.2 0.7 }))
(sheath~type (?X) = (round F{ 0.5 0.9 } 8( 0.5 1.0 1

(growth-habit (?X) = (bunch F{ 0.5 0, 3} 8{ 0.2 0.7 1N
(set-possibilities ’Annual-Bluegrass ‘Kantucky-Bluegrass
’Roughstalk-Bluegrasa 'Creeping-Bentgrass
'Colonial-Bentgrass ‘Redtop ‘Canada-Bluegrass)

{secqg *:gn-idﬁ 9))

(defun RUN-10 ()
(reset-pra=-id)
(add-id~facts
‘ ( (Leaf-type (7X) = (pointed F{ 0.6 O. } 8( 0.6 ¥)3
{vernation-type (?X) = (folded ¥( 0.7 1. 0} 8¢ 0.9 }))
(ligule-shape {?%) = (round F{ 0. 4 0. 7 }o8{ 0.6 0.9 }))
(collaz-type (?X) = (broad F{ 0.6 0.8 } 39( 0.5 1.0 ¥))

)

0.9
0.6
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(sheath-type (?X) = (compressed r( 0.% 6.9 )} 8{ 0.2 0.7 }))
(growth-habit (?X) = (bunch F{ 0.4 0.7 } $( 0.8 1.0 }))))
(set-pessibilities ‘Annual-Bluegrass * Rentucky~-Bluegrass
'Roughstalk-Bluagrass 'Creeping-Bentgrass
tColonial-Bentgrass ‘Redtop ‘ Canada-Bluegrass)
(setqg *zun-id* 10 )) '

(dafun RUN-11 {)
(reset-prs-id)
(add~id-facts
Y ({leaZ-type (?X) = (pointed F( 0.4 0.7 } 8( 0.3 0.7 1)
(vernation-type (?X) = (rolled F{ 0.5 0.% } 8( 0.2 0.7 }))
(ligule-shape (?X) = (toothed ¥{ 0.5 0.9 } 8{ 0.5 1.0 }))
(collar-type (?X) = (divided F{ 0.7 1.0 ) S{ 0.2 0.7
(sheath-type (?X) =
(compressed-zough ¥{ 0.7 1.0 } S{ 0.6 0.9 })}
{growth-habit (?X) = (rhizome ¥{ 0.6 0.8 } S{ 0.6 3.9 }1))))
(set-possibilities tAnnual-Bluegrass ‘Kentucky-Bluagrass
‘Roughstalk-Bluegrass ‘Creeping-Bentgrass
‘Colonial-Bentgrass ’‘Redtop ’'Canada-Bluegrass)
{setg *run-id* 11})

{defun RUN-12 ()
{reset-pra~id)
{add-id-facta
‘ {(Leaf-type (?X}) = (keel-shape F{ 0.71,0) s8( 0.6 0.9 }))
{verpation=-type (?X) = (zolled F{ 0.7 L.0 } 8{ 0.2 0.7 1))
(ligula-shape (?X) = (acute r{ 0.4 0.7 } S{ 0.8 1.0 1))
(collaz-type (?X) = (divided F{ 0.6 0.8 ) s{ 0.8 1.0 1))
(sheath-type (?X) = (xound F{ 0.3 0.9 } 8{ 0.6 0.9 }))
(grewth-habhit (?X) = (stolons F( 0.3 0.9 ) 8 0.8 1.0 }N))
(set-possibilities 'Annual-Bluegrass ‘ Rentucky-Bluegrass
"Roughstalk-Bluegrass ’‘Cresping-Bentgrzass
‘Colonial-Bentgrass 'Redtop ‘Canada-Bluegrass)
(setg *run-id* 12)}

{defun AUN-13 ()
(reset~prs-id)
{add-id-facts
" {(leat-type (?X) = (kesl-shape F{ 0.5 0.9 } 8{ 0.6 0.9 }))
{(vernation-type (?X) = (folded F{ 0.4 0.7 } S{ 0.5 1.0 }))

(ligule-shape (?X) = lacute ¥{ 0.4 0.7 '} S{ 0.5 1.0 1))
{collar~type (?X) = (razrow F{ 0.7 1.0 ) 8( 0.6 0.9 1))
{sheath-type (7X} = (compressed F({ 0.6 0.B } S$({ 0.8 1.0 }))
{(growth-habit {7X) = {bunch F{ 0.6 0.8 } S{ 0.2 0.7 }})))
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(set-possibilities ’Annual-Bluegrass ’‘Kentucky-Bluegrass
'Roughstalk-Bluegrass 'Creeping-Bentgrass
'Colonial-Bentgrass ‘Redtop ‘Canada~-Bluegrass)

{setq f*run-id* 13)})

(defun RUN-14 ()
(resat-pra-id)
(add-id-facts
’ ({ligule-shapa (?x) = (toothed F{ 0.3 0.6 } 8{ 0.5 1.0 }})
{collaz-typa (?x) = (divided F{ 0.6 0.8 } 8( 0.3 1.0 1))
(sheatb-type (?x) =
(compreased-rough F( 0.8 0.9 ) 8( 0.3 1.0 }))))
(set-possibilities 'poa-genus ‘agrostis-genus)
(setg *run-id* 14))

(defun RUM-15 ()
{raset-prs—-id)
(add-id-facts
* ((vernation-type (?x) = (rolled F{ 0.3 0.6 } S( 0.9 1.0 })}

(growth-habit (?x) = (bunch F( 0.8 0.9 } 3{ 0.9 1.0 1))
(sheath-typa (?x) = (zound F{ 0.6 0.8 } S{ 0.9 1.0 )}
{collazr~-type (2?%) = (broad F( 0.6 0.8 } S{ 0.9 1.0 1))

(set-possibilities ‘poa-genus 'agrostis-genus)

(setq *run-id* 135})

(defun RUN-16 ()
(zaset-prs-id)
(add~id-facts
f { (growth=-habit (?x) = {bunch ¥{ 0.3 0.6 } S 91,0}

(sheath-type (?x) = (compressed F( 0.8 0.9 } 8¢ 0.9 1.
(collar-type (?x) = (parzow F{ 0.6 0.8 } S g 1.0}
(ligule-size (?x) = (short r{ 0.8 0.9 } S{ )
{ligule-shape (?x) = (truncate F{ 0.8 0.9 ) 8

(set=-possibilities ‘poa-genus ’agroatis-genus)

(secg *run-id* 16))

L=
— 0 .

(defun RUN-17 ()
(reset~pra-id)
(add-id-facts
r( (sheath-type (?x) =
(compreased-rough F{ 0.6 0.8 } S( 0.9 1.0 1))
(collar-type (?x) = (broad F{ 0.8 0.9} 8{ 0.9 1.0 1))
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(ligule-siza (?x) = (tall F{ 0.8 0.8 } ${ 0.9 1.0 }))
(ligule-shapa (2?x) = (round ¥({ 0.6 0.8 } S{ 0 $ 1.0 1))
(set-possibilities ’"poa-genus 'agrostis-genus)
(setg *run-id* 17))
(defun RUN-18 ()
(zeset-pra-id)
(add=-id~-facts
’ ((gzewth-habit (?x) = (stolons F( 0.3 0.6 } 8( 0.9 1.0 }))
(sheath-type (?x) = (compressed F{ 0.8 0.9 |} S{ G.9 1.0 }))
(collar-type (?x) = (nazrzow F{ 0.6 0.8 } 8{ 0.5 1.0 }))

(collar-type (?x) = (divided F( 0.6 0.8 }) 8{ 0.5 2.0 1))}
(set-possibilitiss ’'poa-genus ‘agzrostis-genus)
(setqg *run~id* 18))

(defun RUN-19 ()
(reset-prs-id)
(add-id-factas
* ( (grewth-habit (?x) = (rhizome ¥{ 0.3 0.6 } 3( 0.9 1.0 }})
(sheath-type (?x) =

(comprassad-zrough r{ 0. .B } 8{ 0.5 1.0 }})
{sheath~-type (?x) = (compressed T{ 0, .8 }) 8( 0.5 1.0 }))
{collar-type (?x) = (broad F{ 0.8 0.9 } S{ 0.9 1.0 1)}
(ligule=size (?x) = (shorzt F{ 0.6 0.8 } S( 0.9 1.0 }))
(Ligule-shape (?x) = (acute F{ 0.8 0.9 } S{ 0.9 1.0 }))))

(set-possibilities ‘poa—-genus 'agrostis-genus)
(seatg *run-id* 19))

{dafun RUN-20 ()
{resec-prs=~id)
{add-id-facts .
* { (growth-habit (?x) = (bunch F{ 0.3 0.6 } S{ 0. 9 1.0 1))

{sheath-type (?x) = (zound F{ 0.8 0.9 } 8{ 0.9 1.0 BB
“({collaz-type (?x) = (divided F{ 0.8 0.9 } &{ 0.9 1.0 }))
‘(ligule-sizxe (?x) = (shoxt F({ 0.6 0.8 } s{ 0.9 1.0 }))
(ligule-shape (?x) = {(tcothed F{ 0.6 0.8 } s{ 0.9 1. o NNy

(set-posaibilities ‘poa-genus ’‘agrostis-genus)
{setg *run-id* 20))
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APPENDIX H. GRASS IDENTIFICATION: RESULTS SUMMARY.

This appendix summarizes the system and expert conclusions for the twenty experiments
used to test the grass identification system. (The information used to define each experiment Is
listed in Appendix G). A brief description of the information listed for each run follows, which
refers to terms and principles described in Chapter 8. For a more complete discussion of the
grass identification system and the results see Chapter 8.

The infarmation given below is separated into the individual expenments, For each
experiment, or run, the number of id facts and identification possibilities are given. The
identification possibilities are then listed in the order In which they were ranked by the system,
using the abbreviations given below. Foillowing each paossibility is the number of pieces of
avidence found and the average and maximum match ralings of the inferred facts. The last
columns show the ranking given by the domain expert to the possibilities as well as a measure of
his belief in his selection. Following each run are comments.

For readability several of lhe issues discussed in Chapter 8 will be briefly mentioned here.
One is that match ratings are for comparison purposes only between. other match ratings.
Likewise the bellef measures given by the expert are coemparable only among themselves.
Nonetheless, they can be used to give an indication of the confidence in an assigned rank in
relation to the values given for the other rankings. As discussed in Chapter 8 an area for futurae
work is the further examination of the relationship between system match ratings and human
beiief vaiues. Anather paint is that the system currently ranks choices based first upon amount of
evidence found and then considering the average match rating. Again, as discussed in Chapter
8, this method could use_.reﬁnemenl in some ¢ases,

In a number of the experiments the expert did not rank all of the choices. This can be taken
to indicate that the evidence for the unranked choices does not approach that of the ranked
choices or that the given facts have a high leve! of conflict which makes determinations difficult.
(Recall from Chapter 8 that In any particular experiment a confiict is when one id fact is evidence
for one identification and another id fact is evidence for a different identification).
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ABBREVIATIONS:
AB -  Annual Bluegrass KB -  Kentucky Bluegrass
AG -  Agrostis Genus PG - PoaGenus
CaB-  Canadian Bluegrass AT - Redtop
CaB-  Colonial Bentgrass RB - Roughstaik Bluegrass

CrB -  Creeping Bentgrass

RUN# #of # of SYSTEM #of “MATCH RATING: EXPERT
ID POSSI- RANKING PIECES of Avg Max RANKING
FACTS BILITIES EVIDENCE
Runi 2 2 PG 3 (0.470.63)  (0.61074) 1 080
AG 2 {0.11 0.50) (0.22050) 2 0.60
System and expert rankings match exactly.
Run 2 4 2 PG 4 (0.52 0.63) {0,72074) 1 075
AG 4 {0.56 0.62) (0.740.75) 2 030
Equal amount of evidence for either chaice, however the suppart values for the tacts
related to PG are higher than those reiated to AG and thus the system ranks PG
higher.
Run3 4 3 KB 4 (0.20 0.32) (0.610862) 1 080
AB 3 (0.01 0.21) (0.020.30) 3 0.0
CaB 2 (0.01 0.34) (0.02040) 2 060
CoB 1 (0.000.17) (0.000.17)
L
Ccr8 1 {0.00 0.12) {0.00 0.12)

-

First choice matches. Expert ranked CaB above AB because research has shown that
the values for one of the variables (ligule shape) is easily confused and thus CaB might
actually fit the “real” situation better than AB. '




RUN# #of #of SYSTEM # of MATCH RATING: EXPERT
1D POSSI- RANKING PIECESof Avg Max RANKING
FACTS BILITIES EVIDENCE
Run 4 4 5 CeB 3 (0.07 0.39) (022050) 1 080
CrB 3 (0.08 0.32) (0.22050) 1 080
KB 2 (0.38 0.41) (0.61062) 2 0.70
AB 1 (0.000.17) (0.00 0.17)
CaB 0
System and expert rankings match exactly for first 3 possibilities.
Run 5 4 7 RB 2 (0.67 0.68) (0.73074) 1 050
AB 2 (0.00 0.15) (0.000.17) 2 040
KB 1 {0.78 0.81) (0.78 0.81)
CoB 1 {0.00 8.17) (0.00 0.17)
CrB 1 (0.00 0.12) (0.000.12)
CaB 0
RT 0

System and expert rankings match for first 2 possibilities. (Expert didn't rank remaining

choices: "their order is ambiguous”™.)

Run & 4 7 RB a
CaB 1
KB 1
Cri3 1
CoB 1
AB 1
RT Q

(0,62 0.64)
(0:68 0.70)
(0.61 0.63)
(0.57 0.58)
{0.50 0.50)
(0.03 0.10)

(0.84 0.89)
(0,68 0.70)
(0.610.63)
(0.57 0.58)
(0.50 0.50}
(0.03 0.10}

1

0.80

System and expert ranking matches for first chaice. Expent: "RBis a sirong mateh ie
the facts". (Other possibilities weren't ranked by expert).
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RUN& #of #of SYSTEM #of MATCH RATING: EXPERT
D PQSSI- RANKING P_IECES of Avg Max RANKING
FACTS BILITIES EVIDENCE
Run?7 4 7 AT 3 (0:37 0.43) (0.63067) 3 040
KB 2 (0,72 0.75) (0.72077) 1 070
CaB 2 (0.46 0.43) (0.61062) 2 055
CoB 1 (0.63 0.67) (0.63 0.67)
crB 1 {0.50 0.50) (0.50 0.50)
RB 1 (0.02 0.04) (0,02 0.04)
AB 0
Firet 3 selsctions are all close. KB was picked first by expert based upon typicality of
KB as a possible id. Also, although KB has less svidence found than RT it has higher
match ratings.
Run B 6 7 CrB 5 (0.39 0.48) (0.580.63) 1 080
CoB 5 (0.34 0,44) (0.50 0.64)
RT 3 (0.42 0.53) {0.50 0.61)
AB 2 (0.13:0.23) (0.25 0.30)
KB 1 (0,78 0.81) (0.78 0.81)
RB | ' (0.560.86)  (0.560.56)
CaB 1 (0.12 0.19) (0.12 0.19)
System and expert agree on CrB. However it is not clear why the expert did not also
select CoB as it matches on the same facts as CrB.
Run 9 6 7 RB 3 (0.24 0.48) (0.68 0.73)
AB 3 (0.210.36)  (0.600.63)
KB 3 (0.20 0.35) (0.58 0.60) 1 0.45
CaB 2 (0020,33)  (0.02 0.40)
) CrB { (0.58063)  (0.580.63)
RT 1 (0.46 0.47) (0.46 0.47)
CoB 1 (0.310.38) (0.31 0.38)

Expert: "This example containg canflicting initial facts and ranking possibilities is
difficult. |f forced to make choices, though, RB is also a reasonable selection - missed
it on first pass”.
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MATGH RATING:

RUN# #of # ol SYSTEM #of EXPERT
D POSSI- RANKING PIECES of Avg Max RANKING
FACTS BILITIES EVIDENCE
Run10 & 7 AB 3 (0.400.46) (0,63 0.67)
CaB 2 (0.60 0.63) (0.68 0.70)
KB 2 (0.58 0.61) (0.61 0.83)
Cr8 2 (:23.0.42) (0.22 0.50)
RB 2 (0.28 0.37) (0.51 0.60)
CoB 2 (0.11 0.31) (0.22050) 1 0.0
RT 2 (0.11.0.30) (0.22 0.50)
Expent: "Knowledge base is missing a fact attached to CoB which would have allowed
an additional piece of evidence to be found - this would have caused CoB to be ranked
highest by the system". There is a lot of contlicting evidence in this example. With one
exception each possibility had an equal amount of evidence.
Run 11 6 7 RT 4 (0.21 0.43) (0.861 0.67)
RB 2 {0.67 0.69) (0.73 0.74)
KB 2 (0.51 0.53) {0:73 0.74)
CoB 2 (0.11 0:50) (0.22 0,50)
crB 2 (0.12 0.43) (0.22 0.50)
CaB 2 (0.290.31) (0.56 0.58)
AB ¢]
Expert: "The given facts made the identification of any species very difficult. There
were just too many discrepancies in the values selected for the facts™.
Run12 8 7 CrB 3 (0.56 0.60Q) (0.58083) 1 050
CoB 3 (0,48.0.57) (0.64 0.69)
) CaB 3 (0.44 0.51) (0.59 0.69)
» RT 3 (0.45 0.50) (0.50 0.61)
KB 2 (0.68 0.73) {(0.73 0.78)
AB 2 (0,46 0.52) (0.67 0.75)
RB 2 (0.35 0.43) (0.58 0.69)

Expert: "Evidence Is very contiicting - no cheice clearly outweighs others”, if pressed
ihough, expert would choose CrB which matches with the system.
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RUN# #of #of SYSTEM #of MATCH RATING: EXPERT
1D POSSI- RANKING PIECES of Avg Max ARANKING
FACTS BILITIES EVIDENCE
Run 13 6 7 AB 8 (0.1 0.30) (0.81 067) 1 085
CaB 4 (0.27 0.45) {0.85 0.90)
KB 4 (6.03 0.16) (0.01 0.30)
RE 2 (0.06 0.38) (0.01 0.43)
CB 1 (0,83 0.67) {0.83 0.67)
CoB 1 (0.61 0.67) (0.61 0.67)
RT a
System and expert agree on AB being a strong match,
Run 14 3 2 PG 4 (0.42 0.63) (0.570.71) 1 0.6C
AG 1 (0.50 0.81) (0.500.81) 2
System maiches expert exactly.
Run 15 4 2 AG 4 (0.38 0.56) (0.50077) 1 055
PG 2 (0.25 0.43) (0.500.50) 2
System matches expert exactly.
Run16 5 2 PG 7 (0.50 0.64) (0.570.77) 1 085
AG 3 (0.50 0.61) (0:500.71) 2
System matches expert exactly,
Run17 4 2 AG 5 (0.82 0.71) (0.500.84) 1 080
PG 2 (0,50 0.56) (0.500.82) 2
Sys_te_m matches expert axactly.
Run 18 4 2 AG 5 (0.40 0.58) (0.50 0.81) 1 045
PG 5 (0.39 0.55) (0.570.71) 2

System matches expert exactly. (Note: evidence found is equal for either possibility
and conclusion is essentially a toss-up.)
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AUN# #of # of SYSTEM #of MATCH RATING: EXPERT
D POSSI- RANKING PIECESof Avg Max RANKING
FACTS BILITIES EVIDENCE
Run13 6 2 PG 8 (0.42 0.55) (0.510.75) 1 Q70
AG 2 (0.25 0.59) (0.500.71) 2
System matches expert exaclly,
Run20 5 2 AG 5 {0.50 0.60) (@.500.71) 2
PG 4 {0.42 0.59) (0.57077) 1 035

Although system and expert disagree on what possibility should be ranked higher the
evidencs is almost equal for either choice.




