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ABSTRACT

This paper considers the modeling of a general diagnostic system based

upon mathematical-logical considerations. The heart of the system con-

sists of input data, predetermined error distributions or matching

tables, and inference rules formulated within a general fuzzy set system

framework. Applications to the multiple target data association and other

military problems are outlined.
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-1. IST cTIO- an'. ing f~r in:erchange between the two types of

Frobless often arise which. arc not easily treated approaches. This result leads to the pocedure where

from either . deterministic or probabilistic vies- all input information to a problem may be converted
poin:. This situatim typically occurs .abe oos'- separately to fuzzy set forms co5frected by ordinarypoic- -his itutinotypcall ocurs henknow twvalucd logic truth functtols'-oftcc. Conjunction.
ledge of a1.1 Joint probability distributions of the In turna the well developed fuzy sot calculus t9
set of c-4cling paramecers of Interest is c.-obtaifm 7 tetse the c utays leading t
able. nd thus only a relatively los level of infor- -37 be used to siliiy the coputctioms leadig to

Iss the problem final possibility distributfon - or equivalently.
act=o Is present. oe exam-ple of this an single fuzzy set description fthrough its member-
of modeling the most appropriate error or matching ship finction) of the unknown parameter of interest.
discributions with respect to a fixed collection of An open proble of great Intermst Involves the may-
of ship classifications obtained iro= experts in the ope reat rost iolS e ma

field. These classifications may well be overlapping to a gives fuzzy set del (I ese to be ialde

a-d vague In concept. Such typically linguistic in- toae fuzzise md in ens e to becmade

for ation gleaned from these Individuals tends to more precise is the ensuing technical distussion):
Id t sile odels for the distributions hch representation choose

Indiatesimpe mdelsforthedistibuionswhih & for a given fuzzy set. nodel and how' much Information
not take into account conpound or joint oceurences Is lost when a particular random set descriptios Is
of classifications. This is because, as good's replose by a f uzzy set me?
hunan beings are as integrators of disparate inform- replsced by a fuzzy set one?
atio=. there is a limit to the quantity and level of (b) Given input inforsaios consistint of an ordin-
Information that can be handled over a given time. ar7 logical combination of fuzzy set ones for as
Indeed, is such problems as classification, the nunber unknown parameter of interest (the parameter may
of joint event occureaces to be considered, in gener- well be multidimensional in fort), a uniformly most
al. increases exponentially, unless unlikely co=bin- accurate pure fuzzy set description exists uhich Is
ations can be efficiently ruled out. obtainable by replacement of all ordinasy tuo-valued

truth connectors by corresponding fuzzy set ones.
As a consequence of the above discussion. there This description can be shown under sufficient cond-
appears a need to establish a systematic approach to itions of smoothness of behavior to yield an symp-
the quantifIcation and use of such low level infortr- otically consistent estinator of the parameter in
atiou. The paper presented here consists of three question vith computable error bounds. This result
basic aspects: forms the basis for 'the structure of the diagnostic

First. a logical basis is presented for utilizing syste as applied to the nultiple target data associ-

a mixture of possibilistic and probabilistic odeling ation or "correlation" problem: the PACT (Possibilis-

techniques for dealing with military and other pro- tic Aporoach to Correlation and Tracking) algorithm.

lems involving natural language descriptions or other (Se 17) and (91.).

incomplete nunerical or statistical quantities. This (c) Under very general conditions, condirlonal
is based upon earlier york uhere such descriptions fuzzy zet nay be constructed, analagous to con-
uere shown es.entially to correspond to classes of ditional random variables and vectors. In turn, this
random subsets of domains of attributes. (See I1-4J.) leads to a fuzzy set form of Bayes' Theorem. (See

Second, a coprehensIve diagnostic procedure i also [53 and [10].) Then, with the identification of

developed uhich utilizes generalized error distrl- inference rule. with posterior distributions of the

butions and inference rules connecting groups of parameter of interest and error distributions-or

attributes or symptoms with possible values of am oatching tables- with posterior data distributions,
unknown paraeter, or equivalently, possible diagno- the uniformly nost accurate estimator, mentioned in

ses of possible faults. Sose applications of this to (b) is essentially the s e as e overall posterior

illitary situations, including the multiple target esea (S e p I t fuz s .)

data association problem, are given.(See [5-83 for sense. (lee ( ned (2.

previrus work in this area.) Soe detailed technical descriptions of the above
three types of results juutifying the establishment

Third, the proilen of zodelng the Interface be- of the diagnostic system will now be given.

tueen natural language inputs and the main diogr,os-

tic procedvie is briefly treated. A. LOGICAL BASIS FOR (d)

2. LOGICAL BASIS FOR UTILIZATIO OF A MIXTUR.E OF FUZZY SET SYSTMS INl GENERAL
PROBABILISTICAND7FUZZY SET UNCEPTAIdfY IHEASUtS

The procedure presented in this paper is based upon Although It is not possible.to condense futzzy
three general theoretical catheatical-logical results set theory in terrs or all of Its major
obtained previously by the author In sonewhat differ- thrusts here, so=t relevant highlights can
est forms: be touched upon. The besic building block Is

(a) Fuzzy sets and their operators correspond in a the mcrship function

natural way to random sets and their operators such I.
that fuzzy set (or possibilistic) nodeling in effectA - (0,O) , (1)
Is a ueakened form of probabilistic modeling, thus defining furry subset A Of be spoee X.

-i



B ecZthe rc of. 4-,i- a sbse or )?net 1121 and Go*!an E43 , for farther

I " ,r AL rc=-c a. set So th ord y Adelilo-s.) Theo for soy triple sf operatorsS0,1] , A becon.s a set in the ordicnyy.o

cat ser e. Cratinos £r. C rfuzy Zuscts of a of' 
(atc2)

bete space extend those of ordinary subsets Y 'Jj ( V., . (2)

cf tbe space. For ex-zplc, one can define wbtc V. Is usually chose= to be 14.) for
,-uzy intersection bitweco two fuzzy sets

by use or tb. pointise cperator =So applild coeplenecto* (tbough c*t occesarily so

to the corcspondicx CsobershIp functionz. restrictd , , s a t-orm, cnd I?
7f Is

On the other band o c could Just as well or

define otter operations o2 fuzzy sets svsizba -oc= cop dfuzstdroton
=igbt also rcaso-*a.y be called fuzzy ioter m-y slan be dcfncd, with tructure ut d-
section since they also Ieduce to ordinary pco e on te e fined thc choice o F. Ti

nt.ersetioo vheo the fuzzy scts ivolwed ce~as to unified dcf1iitions for isplicatioa,

arc also orditary ones. One such cxa'lc Is cquiwalencc, universal aod existential
the operator prod (for polnt'Isc product uaotifcrs, subsct relations, proJections,

opcratI g on the corresponding s-bcrship and cncrsl functions anod arithoetic opera-
functions)o Sl=ilaly fur fussy uoion, e tloa, among many other concepts. )d.ltivalued

or probsu:- (probability sun, 'berc

probs-.u(,b) 9 sb-ab - l(l-a)(l-b)) can logic, as a foreal extension of ordlary tvo-
valued logic plays the central role in the

servo as dch e.Ctons rom amo y an Infenity abo e constructions. (See Goodman. E43 foror" choices. Consid er also fuzz.y co=-ieeat.

A natural choice is the operator 1-() , hut as exa-ple of this approach to the construct..

a o the shove cases, ay other different ion flf general fuzzy set syste s.) Send
determine from theoretical coOsiderations

definitiout could be used. 'bich ocs to eeuc foct t icao coysi rstc=

choose! Obvlously, this basic problems which subeollectioo of fuzzy set systems F

impinge upon all uses of fuzzy tct theory ; leads to loterpretatlon -in ter-- of probabil-

a partial solution to this tlli be briefly ity theory. As mOtioned later, tso families

cosidered below. (See also Good-na E4]#) ( the sei..-dstrIbutive De)orgao and the
largcr class, the j-copula Delorgan) can be

Sovcver the problem or obtaining fuzzy set chosen for possible F . Specifically, these

cenbcrsblp functions Is relatively sL-ple, arc charactcrized by tbcir . b=oro

provided that the dosain of discourse or bz:c relation% to corresponding randcam set systena.

space Isprpl 0i . For urexanplest -eak" al Zsed above ocans that equalityp~c roperly spci fied. For c-eple,the si sal sdintecneto on

fuzzy set representiog the attribute as is sually used in the coacea1 of bo=o-

clearly must be none onodereasing ofrcoo- zorphls Is replaced !by (the cseacr) equal-

toe Increasing function over its zoan. ity vith respect to one point coverage prob-

But the slope eJi Increase is dcpendeot upon abilities. FInnlly.use empirical procedures
bet.er 'tall' refers to z~ult =tIs- 'aw such as non:t cbing techniques to deter-

llhhr~ In t Uniees Stoate a es to nov mne the cost appropriate F fron the reduced

living in the Oites States, Or to icr.ture colleztion. (Sec 215d aection q for Furtbhe

feraIcs ubo rcsldcd In India duriog tie cozmnots.)
eibtcecob ceotu y s or to ships , etc.
Using proper sampling or curvey technique*

in conjuAnction with vu.itablc para=terlzation, cOiECTiOZiS ,EN SET SYSi S A KANDO.4

analegous to that employed In nodeling prob- SETS

ability distributions, cpiricl membership

functiot say also be constructed. (See the The next set of results cosprise typo (a)

survcy of procedures by DuboIG and Pm-dc tl j basis for the correlation algorithm , where

l98Opp.255.-2.)(Aootber modeling approach fuzzy set and random set descriptions my be

to fuzzy setsenbersbip functions :an be Interchanged (not without so= Infoneation

through the cpirical one point coverage lJoss. or Increase) See Goodan, L43, IC3
functions of the cquivalent random sets, the far background ac nmatheatical details.

latter topic to be dlsevsced later.) Define for any fuzzy subset A of I

One approach to the problc outlined above
concerning noouniquenesslof fuzzy set defin- SUA )  V ,11 (3)

itios is as follows. fIrst attempt to ah.steoaat the ssentl.wsoig d no o an Sj(A) Is a random subset of X vith all out-

that- of coapesentlor ongat-oaid otraction conr-s being nested vith respect to eace. otler,

(ar conjuctioa4 and unlon(or disjucetlorb. where U Is any randOn variable uniformly dIs-

in the cease of the last tvo operators, a oat- tribute over 10iHt e the special case

ural feily of operators has been proposed when q is nnotone ad the relation to r.T.5.

nod Invetigated by cons researcber: the Extend the aoove definition by considering

1.== and -..,ve-.,., respectively. (See any stochastic process U d .Uj)jc J of U()-

l.Venes (Il1 has proposcd a unifying theory of uncertainty modeling which contaios 5c

sbecial cases ruzy set theory with '&si and V or-rAx , probability tbeory, son topo-

logieaL oeighborhood theorY.



for= r.v.'s over 10,13 which IC also a .T- Such 9.cappirr Is calld a e chn-
cula ,I.c-j all joint narginml dstribu- function. S Ir I& called a .choc functj

ions depeod to form only on the eunber of -11 nd- cd by S r Yote that there can be

distinct arbglunts. :n turn, It follows that Infinitely namy sucg fam-Ilics induced by the

for any collectioz A ' (A) o fuzzy sa--e canonical choice function, as Is the
Jcase here, 1f different joint distributions

b sctz A. of b-e space X C J can be constructed for tbe rando= sets In-
volvcd.

(S U3 (j) (11) Anotbcr C~nonical choice functionT

is a well defined randon subset (of appropri- can be constructed by Idcntfyicg T(A) with its

atc Xj'
s
) prOccSc. ordioary Gct =enbcrship functio.n-bicu is

also rand -uhere allq'T(AIx)c rc static-

Tbeoren c . ticaly indepacndent zero-ohe rnn vriables

lt---U e arbitrary a-, above and defines the ',th r 'Pq,,.)(X) - 1) -'Ax)' all XE x.
fuxzy set operator T" by , for any - tir

(aj)j , u5 1( 0,11 , J , DeJIorgan fuzzy set system r - a seni-distrib-
utive syste= satisfies a form of distribot vi-

ty formally similar to the intersection expao-

-r & i ( 0)) , (5) sion of the probability of a union of events;
a any such D.l-orgao systen ,letnog. - 1-(-),

has for its last tn coaponenta ,(n!nex)

octSlg tbatcPh viwL be well defioed and the (prod,probsum), or core generally any ordinal

sum-a certain type of linear like combination-

sane as w'hen 
2

ined recursively. Let~r of these two. (See GOod~au 141 and lentt

E13 .) Then define the choice function

be the 1rDEflrn transforn of T& i.e., facly Cby using the technique as above for

constructing T , burt expanded io terms of an-

V~r~~) i~1-,1v , (6 ther index Involving Ifrom F. This fanl~y
yield weak hozozorphic

& 
relations for9 .

for all uv C1 0,1 . Then let F denote any

corresponding fuzzy set systen forced from fil)- For the spec!al cases for Ues above,

these defioitios for and Y - Then: if U. w U . for ali J s or all U's are
y i or statistically independent, and similarly, if

aystem Is weeko boorhcpe r tlY fcor a prod in the construction of T , then
all three opcratorsto the natural cortes- boSh a and T yield not only fcr tVe correEp-pooding radom set system through 5 - onig-sse ohaewa ooopi

Thus, for exanple, for fuzzy set intersect- onding systen 7 to have sweek ho-nonorphic

desfine th o rfu rvdom counterparts, but also a wide variety
ion defoned through'& . of other homzeorphic-like relations.

(7) (iv) Otbor choice function families nay be

vherc @ denotes f~zzy intersection and A constructed yielding for sceidistrbutivce

is an arbitrery collection of fuzzy subsets systems eek hoz=orphic relations for

of 1. The equiolveoce relation tv is defined arbitrary conbinations ?f V& and ? or , as
by the one noint con c rtoo;1kItefined well as for fuzzy arltheetic operat ons.

t?,e cese of random sets, end membership

,.Iueasin the case of fuzzy sets. Thus A.corem'2.

eq.(7) is the s-= aa Gin any ordinary n-ary operator over a

collection of po.cr classes of base spaces
0!(X)_ - PrC SU(@ " Pr(E nSS(A), and any choice fcnetion foily , there ex-

for all xcl (7) ists a uoique n.ary uzzy set operator ,Aitch

f a±3 wak ho=osorphic to the ordinary one over
K the random sets icuced throuth the choice

itcrarks fuoction family. The latter operator is an

extension of the for-r. All results can be

(1) SU has the property that for any base explicitly constructed. N

space X and any fuzzy subset A of X Thus, the conclusions from Theorems I and 2

A S (A) (8) ephasize that fuzzy sets eAy he identified

U w~ith classes of random sets equivalent under

the one point coverage functions to the

former. These randon sets msay differ considcr-



F-_bly, aceording to the choice function c- - 4
ployd generating them, such ar tbe n-sted
S type od the very broken-up T type>. Pany (-,..,r)

fuzzy set operators correspond weak hon o. - relation effect under r , (1]4)
phically to ntursl corresponding ordinary
rantO0 set operators , .h ie are n1so no. and Q Is arbitra.-y C do=(Q).
uniquely dctcrInd as Is the casc for ran-
do= scts relative to equivalent fuzzy &cttp For zny const,€occ levels

altboag h by specJiyirz both rondom' cet
operator and choice runctloo family, tbeweek hosonorphic fu::y scet is uniquely detez' Ad (d,c ,.., = ( 10)

=load and Is an cxtensioo of tbe.forcer.1

witb do , , [0,1z , slt k,t , define the one

Finally, some recent results of sone Importance will t D t C e at

be nentioned 10J :

(i) There is only one possible nested random set , ;5)gRwj& (Rn(Z,Q)7! Pt
(one point coverage , i.e. z ) equivalent to any t-

given fuzzy cet A. P3ely. SU(A).

(11) Fuzzy sets which admit equivalent random Inter- -& I
vals have been characterized. Then (for E fi-xed), for any possibility dIstrIbu-

(1ii1 P,r may finite space, the maximal entropy tone DOI ) as a function of Q over do=(Ql ,. over

random subset equivalent to a given fuzzy s.,bset 4do(Z), yJIds the s=31llet

A Is T(A). U (A) may or may. not be the ninino f)d)=g.C1J~~(i~g 0 (G
entropy equivalent random subset with respect to
A. depending on further restrictions on the form sictltaoeosly 1or all possible t and v , when
of A. D i. chosen

" oZJI2) - C(z,2,Q) , (17)

far n11 Z,-,Q . In turn, 4 enjoys a similar prop.
erty with respect to the projection 1-g(1-.)
applied to D aod D.

B. LOCICAL BASIS FO (b) (For proofs, see 001 , section 10.)

Theorem 3. Uniformly Most Accurate Estiators

Thus, the above theoren exhibits In a gcoeral
Suppose that Information "oncerning uo noin pa5am setting the uniformly cost acurate single

e 
fuzzy

eter Q consists of the following forms: set description of Q, given Z nd S.
(1) Data 2. o
(1i) ]Natcblng tables XK, l.. .
(et:) Relations B. , t .1,. o rr. For details concernint the asymptotic consistency

let g: EDU1 ct-ors -- (0, hnoocrensiog of Ja given in eq.(9), see 110), section 11.
(mir factors)

with respect to the purtial ordering of vectors. In
Frticulr, S can be cny t-oorm, the oatural oper-

ator corresponding to conujuntion ("aoa").(cee 'f3).

Define the possibility distribution (P by
.)I-AL B(z,,I))S FOR (c)

(aIl 7 ) The next theorem displays the concept of a conditic
where It is zssuzed g Is extendable to an arb1trsry al fuzzy set. In turn, Theorem S is a fuzzy set an-
nuoher of areucots ( this Is guaraoteed If, e.g., alogue of the classical probabilistic Bayes' theort
g is symmetric end associative, which will he the Theorem 6 shows that the optical estimator (i.e., I
case if g Is a t.oor= ) u a. sniformly most accurate fuzzy set description as

a given Is Theorem 3) nay be also considered to be a
C(ZAQ) og( (Zi), ii(

2
,z)) , (0) fuzzy set Bayesian one.

nrtcbing table effect undert,

()

-4-i
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f'heoreom (Ifelated to God=n E33 ,t41.) *nd the s141Se~Cnr eonditio

For Sy fuzzy subsCt C of X X X2 804 5-YV=, Poso( (QIL) (z I)) - pos(Q Z) P

tbe X3, proeOCIC) of '- "to X1I Ps'fr o-YPsi

C'. 'ccoance vltb ots corresponding Sr y oseI-

C ,Or,, SS1,11stve pic blbcoS.usi3g
for ny XZ -1  • Sile.rly, for C( 2 ) r t.X. . poosibfl:stic psyus theore_([? 3)-

For ny XjE Xj -1,2, there exist fuzzy ()rof: Siopli' use the rcetons

subset C~.1 X2) of X, nd fuzzy subset C(2 I., po(R)I, )

of X2 such that " Poss((q I I 1)) • Poss( ) I3)
(X- g(, bothILIZ~) on(I)) (

c,(2) end then apply the Projection operator to both
sides 'itb respect to variable Z.)

If Is ncoetone Iscreasing In all of Its

rguz ents, then the conditionsl fuzzy sets

nodCr~x are wniquely detereined. The above results lead to the following procedure:

iheoren 5 Fuzzy ayes' Theorem (Goodsn E33 procedure

Suppose that a fuzzy subset B of X1 Is given,
calling B the vgo t) and for each XIC , Given a collection of confidence statements

there is a fuzzy subset Cy of i ndexdt& C about an-urnwnoo pars=tcrQ vith som

y e*tatecents Cj represetlfg ragndoz sets end

by Xr lied the = d-t- (on others representing fuzzy sets , convert

pare-teriiz±- Then there is a fuzzy subset the random set ctatemntS to their corrces-

D of ,X %a such thet "(m) - , , '(2x) ponding fuzzy set forms resulting from their

-Cx ; for al xC X, , and sucb that one point coverrge probabilltics and then

f 1 s apply Theoren 3 or any of its extesio ns

V acaD) are determined ixsplieitly discussed above. Altcratively, C : by ep-

(lfx2) 
propriate choice fuJctioos can be converted

through In tro of B and Xi.to pure randon aet forms. In either situation

r heq.() eXi obviously a change in lnformstloo content

occurs.(Aa open research Issue lovolves the

1(ll ) is called the Dosterfor set (con- measur-zznt of this cbage.)

ditioned on x2 ). U

This result be been used to develop a

theory of fuzzy set sapl l g . See Coodnan

C33 for propertles of fuzzyposterior 3. CENERAL iACGNOSTIC SYSTEMS

5CtC for both srall aod ascy=ptotically

large sIn 
this section we direct the peoedure mentioned at

the end of the last section, motivated by logical

bases (a),(t),(e). so general diagnostic systems.

Essentially, this asounts to the breaking up of Con-

'Theoren 6. Posterior Form for Optical '9stielor fidence stateects C concerning parameter Q Into

tuo groupse matchinnJ tables ik and inference rules

Suppuse the see e .itions holds to In "Deoreaa. Rt as given In Theorem 3. In suosary, the rele-

Then cs given in eq.(q) is the posieror vent infornatio nentioned obose Can be con-

psiiitcdistribution of , gie va.t Inomto a-teef'73)ca b cn
pssbisti t[7) veniently divided up into three parts

"here the follovir identifircations are r-de: 1. Observed date.

a( ) p yoss(I '• 2. Prior soovn distributions of ,.akbts

a posc( z) , (ii) betveen observed end true attribute
values.

3-. prior known relatloos betveeo the

levels of =tching outcozes for any

attribute or group of attributes



jhtr, co=e function or &tatlstic (in'the ex- Often relations R are in the for of inference

Ltcncd sense to include pocibIlltics as well rulei_ concerning
t
the Inteity or deg-ee t "hich

as probabltIcs) of the relevant irforation if a group of attributes aatch between potential

-or of part of the informstion, such at only observed and true values, then a restriction holds oi

Involving the fi-st two categories listed particular possibility distribution (i.e., fuzzy set

above- Is sought wbch will cticate the un- membership fanction nay be assumedfor the unknown
parameter. The example below concerning the appliea-

Tsnown paraneter Q. tion to the correlation problem will clarify this.

Finally, utilize the computationG in Theorem 3 to

obtain the possibility dIAstrlbutlon (posterior) of Q

let attributes A A ,_., A be m types of In- as given in eq.(9).

for- ation over Volch o2served 23ta i can be cate-

gorized. Thus we rite In partitioned for=

. (I As an iople of the above statements, consider the
r-ollo° ng four attributes which arc eo- oD1Y lovolv-
ed in inforrationel inputs relative to trat'Ing: A.-

vnere % is observed from the d o f clss, A
2- 

frequ-ncy of signal at its source, A -fo( ) r I- --.= t,16 css-, ddoA ) Is ship =,ad. 1 I
h
•golc on with eonfldro=e

knoio. Ccrrespondlng o k we dcnotc as a vXrablc ellipse. The natural Zo-asiO of ,alues of

Z.y possible value ZcouXd have take in dnc(Ak); these attributes axe typically: doz(At) -(C,..,CJ

simllarly aor Z. esch Ck a ibel for a cacegory of ship ; do=(A2 )
Interval fO, I , where H is some sultably chosen

Let Q denote the umtnovn paramoter vector of later- upper bound (On h.); donA 3 ) notig tch
eat. D notc the autcblg table (or by a simple D heing a label for a node opatoO1 each

t-onfor, the error distribution) for 5ttrlbute Ak highly overlapping flavor In general possessed bY tb

by N,. 7'jpi ally rl it evluatcd as a ounier C's and D 's, vhere so r could actually represent

be^-ten 0 and I : kusbcategozcs vith respect to others; dom(A )-
t(p,1_) j p any pontin I, E any conflde~ee el-

0 6 ( Zo) _ 1lipse centered at p ; each E has the sa e fixed

Defi bl tth probability level1 . Next, ?ct I and J represent

fz sy bolically to corepond to the two fixed track histories. That iseah letter rep-
fuczy relation c€ot,~Ig any Z "lth Q. Specific- resents a-collection cf data from possibly several
ally, differcnt sensor and intelligence sources ublch

Is assumed to correspond to. the san (usually us-

knoun) target source. This data may be classified
hi o )

Into the four types of attributes montioned above.
Xt doz(Ay) dc(q ) o--)10,1, @' in addition, it Is assumed that error distributions

- or equivalently, ratching level tables- are ob-

tainable for each of the types of observed data.
,here l, <h

2
(.. <tb n represents the col- Finally, it Is assumed that prior %bnovn relations

Are available connecting the intcosities of watcbes
lectnoo of attributes involved In the t

t
h relation betwmeen any possible outcomes of attribute categor-

Typically, R\ is evalarted (clearly, a a m=- ized data between I and J and consequential levels
bership function) us a nber betueen 0 nd 1 : of correlation betseen I and 3. Usually, the latter

Is in the form of inference rules. Both matcivng
0 5 Rt(ZQ): 1 0 (T) tables end inference rules y be obtained either

rclytically , using physics'and Secntrical con-

vlth som: abuse of -ubscript notation. rote that straints, or empirically, through the establishment

for-rlly K, and R are poassbility distributions of a panel of experts. The term 'distribution" as

(or equivaltrtly, fuzzy set mebcrsblp functions). used above nay refer to classical probabilistic or
possbilistic/uzzy set definitions. (Secl?)for a

V'e ray think sf ,& corresponding to the folloving survey end sumvAry of posslbilistlc distributions

linilstic description end properties.) Thenssose statistic (in the gcer-

al sense) Is souaht which will stimate the unknovo
i(EZ) . possibility that is the true correlation level b-tween I and J , based upon the

klue, when data Is obscrved, azilnble data, notching tables, ari Inference roles.

noting both 7kand 2k dom(4)
(l cConsider first a set of confusable track histories

Similarly, we may t l,,.rqr ,say - Piels out any i f and define,

R (ZQ) - posslbllity that Z (through at- oItting the obvious subscript dependency,

tribute ., t pass( I od J correlate, i.e., beloag

to the san: target source).



UNCLASSIFIED

Let all of the fancy relations here be of the foam 4K cur~y of tbe FACT algCOrithm is given bclca In

of irferene rul=s. Taus, legulaticelly, a typical Fig. I1
it ;o'respond;%' the phrase N1ETA 2UOXTI I'PSIBiI]CO:1'Z1OITL fiCfATIO 1 0 OSiEMISI

-ua cAtch bet-.cco 1 and J Occurs relative to oI~ -------------------- (aF

attribute Al to intensitY level1ka cod..

a nteb betu-cn I and j3 occurs relative to SELECT PAIR (i,J) OF LIBRARr

attribute A,_ to intensity level 4k%. MOUGHlT9lI PANEL OFA~lS
-t EXFMS AND Arm,

L15 S. ad . correlate to Intensity SELCT APPROPRtIATE WTIC RESULTS

shne 4nfn) Is a ozcr beteen 0 and 1 and nfgt is FUZ SET SYSTII(

%be veL-tor Of IC n n nral, both of thete I-(.), CE. )) o VoLcEnn

s-aloes or obtained from a panel of experts-.Dm =c-
The lnt cn sitie g of tbe a trib u te c stche s is o st F P UET L!Y BY ) A T I U E ) T H
easily translated by ao exponoti~tio Process
applied to the appropriate attribute wstchlogIN ABE

functions. A sizeple conversion table betcenf the
degree of mtcb1V9,exP1 essed lingSui.stiOllY Or

initially nuorloallY on A scale from 0 (to match) CO.'i71= AND STORE FOR ALL POSSIBLE VAFTFE

to 0.5 (Dorsal catch) up to 1.0 (come;Ite mtch), OF Z ;Ml FOR ANY FIXED) VALUSE OF Q E[O0, 1

night be established by use of the relation RZq

ror all x < Pill1 . share ((x)) Is to be -ised as an
exponect. Other translations of the Intensities OX

zotebes are of eoursc possible and may be more

eppropriate, folla.iA3 covirIcal stsudins. (Future cz~Q E.l)

soak sill coradr this proble. See also Du~bois

.ad Prade (91 , pp. 256-2
6

4' for similar problens.)

Cominngaf o te bove remarks, at reasonable PAO3~cT crl ml Zvs AND OBTAIIN

poo.ibilistiC model frinference rule t Is ' Z) (sq.9))

zzQ)-'(asz), q((f4 40 ))),(3)

h-i,.. ,B~) ' RPEMAT ABOVE PROCEDURPE FOREAHPSIL

~ ~~~-) ~ -(52c) R ,- OPO

In this case, dlats vector Z ( and similarly for IFDSRDRCMET EUT OP(O)

variable :Z) i3 brolken up into the i-data ad J- ABULISTIC 1ORJ? (JUSTEIICATION -SE (a))

dlata, as indicated by the appropriate superscript,

v ith the previous notation still holding for the

attribute Indices. 
Fig. 1. Outline of the balic correlation

Bused on three general result& F()()(c)tc~ACT

al goritlha has been developed vhich treats the

oul1tiple target correlation problem s Including

dota categorized as nneolocntionsl. Figure 1. 
A number of probleos have arisen In the inpIeneata-

succinctly suarines the structure Of the dao- tion o h ATagrt

rith., shich depend . functiuolly on the collection

of relvant Inference rulen chosn as Vell as, the (i) How should attributes he chosen? IVhat $yst-

attriXbute notching tables. otic procedures are available for deteraining from
available experts sod other informational sources
vhnt arc the est Important cod distinct attributes

to consider. VCVnboshaos clustering-lika approach

(13] Or alternatively a codified factor anaynis

approach night lend to satisfactory choices.

-r7-



(11) In utilizing a panel of experts, the way see 19.11Z1.1l15) for = number of other examples.
questions arc formulated is critical. Consequently, (193 also contains extensive re'erences to the area

use of qucstioanrire ad psychoxetric tecbolqucs of fuzzy logic and approximate reasoning.).In all of

to extract axi=l unbiased Information Is oecss- the above examples, relatively prinative attributes
rTy. nay be obtained which can be built upon, by use of

appropriate fuzzy set operators, to yield back a

(ii1) Perhaps the eost critical problem is the nodel of the original sentenee restructured In

actual determination or the Inference rules. Even complete fuzzy set for. Thus, sentence 1. probably

vitb a relatively fev attrlbutes used or a basis, the simplest, is replaced by the structure (x)

there are myriad combinations of possible ioteosi- Or CQL(X) ZC -for some varIableqrtsenting the

ties of attrlbulr Patches leading to the corres- confidence level in the truth value of the sentence.
ponding Inference rules. Thua, a netbod Is needed (See Theorem 3, eqs. (13)-(17) for justification of
to generate inference rules which are relatively this approach, instead of the more common fuzzy set

distinct (too many redundat-like rules will cause approach outlined in (9) or (143.) Sentence 2 can be
unnecessary computer running tine without adding described it a fuzzy set context as Cdfq>(.,)) !di

much Informatlon content). Can a metric be designed shere ,1 I] 10,1) 9 some appropr Pte mapping
which determines the amount ofd-stloctncssbctvcca representing intensification of an attribute by "verY"
rules? The ansuer to these problems nay well lie or "much more". Some candidates for this are lz)-za,

vithiA the purvIew of Artilicial Intelligence tech- or t/z)- z+a, for some appropriately chosen constant a,
niques or related search theory procedures. a >0. Analagous to the nodeling of statisticol var-

iables, 4 , as well as (P could be parameterized
(1y) Complete "flay charts far the PACT algorithm with, where required, th''relevant parameters eval-
in its general forn have been mnde (and are avail- uated through en estimation/empirical pricedura.(Again,
aube to Interested renders upon request). Pielinln- see (93, especially section.for such techniques.)

ary nuerical runs indicate a long running pcrogsseI. Sentence 3 involves use of fuzzy cardinalitqes, since

Cossequcntlyby utilizing the basic bounainp Prop- Snt a ncep. fz invied A sin-

erty of t-oorns and t-conorms (see , e.g., ( , ",Oat,, a counting concept. is inv,,ved A reaso-

section 4) , an algorlthm may be obtained hilch able model for it is given as follows:

!r simpler in forn than the original PACT algorithm
and which yields as outputs lower bounds to the .
posterior correlatlon distribution. d1,i

sr

llI,-.

As mentioned previously, one of the apparent assets ' (3

of the diagnostic system established In the previous (3

section Is the ability to handle and integrate natur-
al language descriptions of an unknown parameter with Sentence 4 Is a mixture of probability and possibili-
numerical or statistical descriptions, due to the ties. Sentence 5 is an example of a matchin2 tZEIe
conver,%Ion of all input Informtton into fuzzy set evaluation as discussed in the previous se t ions of

frm.. The lest statement involves the asupto this piper. Similarly, sentence 7 is an example of

that 11 relevant linguistic Informatio can be con- an inf£erence rule evaluation. I entence 6 is an ex-
verted In some reasonable way to fizzy set form. ample of a linguistic description of a pure Probabl-

SOW: examples In which argtuments can be established istic statement. Symbolization of these last 4 sen
for the fuzzy set representation of sentences are: tenses can be completely carried out, but for reasons

of brevity willI not be displayed here. Note. In rc-
.x Is a large number. g~rA to sentence 6. all numerical or probabilistic

2. yIs mch arge tha x.sentences may be put in linguistic form without los-
2. yIs ueh argr thn ing -=n&, but~in general~requirL long symbolic

3. "Mike Is much taller than most of his close forms. In turn, the fuzzy set descriptions of these

friends' seems to be,oer. "noii-putc-linguisric " form~s coincides with the Prig-

4. Te pobailiy tat tis rn ontins=my innl mathmatical synibolisn. In a similar matter.
morTe pb ackb l lty tha n t Is r n co t a n ver y g . Symbolization m y be ext nded to reflect tense , =and,

=oe lak als ha hle s otve
7  

ig. verbal relations and various semntical c onnector S.

5. The. possibility tbat the ship's classification by careful cooslderation of the primative attributes

4s of type C uhnn type A is observed Is 0.4. involved and pertinant variables, such as time,. The probability that position x Is correct y Of asurtmeat, degree of Intensification

givn PsitonIsobsrveIIs0.6olved. It Talguage . linguistic descriptions,Amentioed prtiouly, o ofe aptacsarn very difficult areas to

7. If two track hstories (suitably updated to model from a uosprehensive rlorous viewnoint. Is

s c =on present toe) are such that their attested to by the many different competing approaches
gedoloctrins match closely, I n a eighted found in the literature since Chosky's ground break-
statistical sense and their classifications Ine sork. (See e.g. p16 eo117fa18h.) hat is
only moderately overlap, then the possbili
that they coirelote Is rathcer lao.
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