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FUZZY SEMANTIC NETWORKS:  A  NEW 
KNOWLEDGE REPRESENTATION STRUCTURE 

BY: 
DOUGLAS D .  DANKEL I I 

KENNETH W.  SPRAGUE 

COMPUTER AND INFORMATION SCIENCES 
UNIVERSITY OF FLORID A 
GAINESVILLE.  F L 3261 1 

ABSTRACT 

This paper introduces a new method of 
knowledg e representatio n calle d a  fuzz y semanti c 
networ k (FUSEN) .  FUSENs wer e create d t o mode l 
continuou s o r  fuzz y knowledg e usin g concept s 
fro m artificia l  intelligence ,  fuzz y se t  theory , 
and cognitiv e psychology . 
FUSENs have the ability to model three theories 
fro m cognitiv e psychology :  th e theor y o f  natura l 
categories ,  th e famil y resemblanc e theory ,  an d 
th e feature-se t  theory .  The y ca n als o perfor m 
as mos t  o f  th e knowledg e structure s fro m artifi -
cia l  intelligenc e an d a s a  fuzz y se t  structure . 
Presente d i s thei r  structur e an d severa l  example s 
illustratin g thei r  use . 

INTRODUCTION 

To have a complete understanding of an entity 
one mus t  b e awar e o f  ho w i t  acts ,  wha t  rule s appl y 
t o it ,  an d i n wha t  situation s on e migh t  expec t 
t o fin d it .  Fo r  example ,  i t  i s  possibl e t o des -
crib e th e color ,  shape ,  size ,  an d subpart s o f  a 
'dog' .  I t  i s  eas y t o defin e th e set s t o whic h 
'dog '  belong s an d th e memeber s o f  th e se t  calle d 
'dog' .  But ,  th e concep t  o f  'dog '  i s  no t  complet e 
unles s on e know s wha t  'dog' s d o an d ho w the y act . 
Ther e shoul d b e specifi c  memorie s o f  'dog's . 
Ther e shoul d b e anticipation s o f  wha t  t o expec t 
fro m 'dog' s i n genera l  an d fro m specifi c  'dog' s 
i n particular .  Ther e mus t  als o b e a n under -
standin g o f  time ,  space ,  an d th e physica l  realit y 
i n whic h 'dog' s operate .  A  complet e concep t  o f 
a 'dog '  include s al l  o f  thi s knowledge . 

FUSENs divide this complex knowledge into 
fou r  separat e classes :  entitie s an d categories ; 
action s an d processes ;  litera l  an d dee p sentences ; 
and rule s an d hypotheses .  Thi s pape r  examine s 
th e firs t  o f  thes e classe s an d briefl y discusse s 
th e relationship s betwee n FUSENs an d thre e theorie s 
fro m cognitiv e psychology :  natura l  categories , 
famil y resemblanc e theory ,  an d feature-se t  theory . 
STRUCTURE 
Figure 1 shows the graphical representation 
of  FUSENs.  Th e owne r  labe l  define s th e owne r  o f 
a hea d nod e an d th e typ e labe l  define s th e associa -
tio n existin g betwee n th e node .  Th e weight s 
represen t  th e associatio n strength s betwee n nodes . 
A hea d nod e ca n b e associate d wit h an y numbe r  o f 
sub-nodes .  Eac h instanc e o f  a  hea d nod e an d it s 
sub-node s i s calle d a  fuse .  Al l  node s o f  a  fus e 
can b e sub-node s o r  hea d node s o f  othe r  fuses . 
Figure 2 is a fuse representing a set of 
attribute s fo r  th e categor y 'fruit' .  Thi s i s de -
terminde d b y examinin g th e hea d nod e name ,  'fruit' ; 
and th e typ e labe l  '(attrib)' .  Th e typ e labe l  i s 
a reserve d work ,  denote d b y th e surroundin g 
parentheses ,  describin g th e relationshi p betwee n 
th e sub-node s an d th e hea d node .  '(Attrib) '  define s 
al l  th e sub-node s a s attribute s o f  th e hea d nod e 

name 'fruit' .  Th e owne r  labe l  define s th e paren t 
node(s )  o f  th e hea d node .  Thi s labe l  resolve s 
any ambiguit y create d whe n tw o o r  mor e fuse s hav e 
th e sam e hea d nod e name .  Fo r  example ,  i f  tw o 
fuse s hav e th e hea d nod e nam e o f  'color' ,  on e woul d 
loo k a t  th e owne r  labe l  t o se e wha t  the y referenced . 
Ther e coul d b e fuse s concerne d wit h automobil e 
colors ,  lea f  colors ,  o r  color s i s general .  I n 
Figur e 2  th e owne r  labe l  i s  '() '  o r  null .  Thi s 
means thi s fus e i s abou t  'fruit '  i n general . 
Each sub-node is a different attribute of 
'fruit' .  Th e weight s associate d wit h eac h sub -
node reflect s ho w strongl y tha t  particula r  attri -
but e i s associate d wit h 'fruit' .  Th e lin k label s 
defin e th e domai n ove r  whic h th e sub-nod e i s 
defined .  I n Figur e 2  'red '  an d "yellow '  ar e de -
fine d a s color s o f  'fruit' . 
The weights are viewed as frequency counts. 
I n Figur e 2  th e hea d nod e weight s o f  13 7 state s 
tha t  13 7 instance s o f  'fruit '  hav e bee n observed . 
The rati o o f  th e sub-node' s weigh t  t o th e hea d 
node weigh t  i s tha t  sub-node' s associatio n 
strength .  'Red '  ha s a n associatio n strengt h o f 
66/13 7 o r  48.2% . 
Figure 3 shows a fuse representing a set of 
apple s attributes .  Th e typ e labe l  i s  '(attrib)' , 
so th e synta x o f  thi s fus e i s th e sam e a s tha t 
of  Figur e 2 . 

NATURAL CATEGORIES 

The theory of natural categories was developed 
by Rosc h [ANDE80] .  Natura l  categorie s ar e level s 
of  abstractio n tha t  peopl e see m t o naturall y 
develo p an d use .  Rosc h feel s categorizatio n occur s 
t o g o beyon d insignifican t  individua l  difference s 
and t o obtai n th e mos t  informatio n fro m th e 
smalles t  amoun t  o f  categorization . 
Figures 2 and 3 can be used as an example 
of  natura l  categories .  Accordin g t o thes e 
figures ,  a  certai n objec t  tha t  i s  small ,  red , 
and swee t  ca n b e see n a s a n appl e o r  a  piec e 
of  fruit .  Sinc e thes e attribute s matc h bot h 
th e 'apple '  an d th e 'fruit '  fuse s a  compute r 
algorith m woul d sa y th e objec t  i s  bot h a n appl e 
and a  piec e o f  fruit ,  whic h i s correct .  But , 
i n conmunicatin g wit h humans ,  th e algorith m 
wil l  hav e t o pic k th e mos t  appropriat e leve l  o f 
abstractio n o r  a s Rosc h calle d it ,  th e 'basic ' 
level . 
The way the algorithm can find the basic 
leve l  i s  t o loo k a t  th e hea d nod e weight .  Th e 
h iqhes t  weigh t  i s th e mos t  frequentl y conceptu -
alize d concep t  o r  th e basi c level .  I n thi s 
exampl e th e objec t  woul d b e calle d a n 'apple' . FAMILY RESEMBLANCE THEORY 

The family resemblance theory was also 
develope d b y Rosc h [ANDEBO] .  This  theor y state s 
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tha t  ever y categor y i s define d b y a n open-ende d 
se t  o f  attributes  o r  features .  Natura l  cate -
gorie s hav e n o fixe d boundaries .  Fo r  an y parti -
cula r  categor y ther e migh t  no t  b e eve n on e attri -
but e i n common wit h al l  th e categor y members . 
An entit y i s judge d t o b e a  goo d member  o f  a  cate -
gor y i f  i t  ha s man y attribute s overlappin g wit h 
th e attributes  o f  th e category . 
The FUSEN structure models this theory very 
well .  Th e 'fruit '  an d 'apple '  fuse s sho w ho w th e 
concep t  i s define d b y a  se t  o f  attributes .  Th e 
number  o f  sub-node s an d thei r  weight s ar e dynami c 
and ca n constantl y chang e a s ne w example s o f  th e 
categor y ar e observed .  I f  a  gree n frui t  i s 
observed ,  th e sub-nod e 'green '  wit h a  weigh t  o f 
1 wil l  b e adde d t o th e 'fruit '  attribut e fuse . 
I n additio n th e 'fruit '  hea d nod e weigh t  wil l  b e 
incremente d b y 1 . 

FEATURE-SET THEORY 
Feature-set theory [AN0E80] assumes people 
recal l  ho w frequentl y the y hav e see n al l  th e vari -
ous attribute s o f  a  concept .  Th e mor e frequentl y 
see n attributes  hav e a  highe r  correlatio n o r 
associatio n strengt h wit h th e category . 

This is exactly how fuses work. Figures 2 
and 3  sho w tw o categories .  Th e associatio n 
strength s fo r  eac h sub-nod e reflect s ho w strongl y 
i t  i s  associate d wit h th e hea d node .  Notic e tha t 
'red '  i s  mor e strongl y associate d wit h 'apple ' 
tha n 'fruit' ,  an d 'tart '  i s  mor e strongl y 
associate d wit h 'fruit' . 

SUMMARY 

This paper briefly introduces a new method 
of  knowledg e representatio n calle d a  fuzz y 
semanti c network .  Th e theor y i s base d o n th e 
ide a tha t  knowledg e ca n b e represente d b y th e 
association s betwee n symbol s an d tha t  thes e symbol s 
and association s ca n b e explicitl y  represente d 
by a  semanti c network .  Usin g semanti c network s 
as a  base ,  a  genera l  metho d o f  knowledg e 
representatio n wa s develope d t o includ e idea s 
fro m man y areas :  artificia l  intelligence , 
mathematics ,  psychology .  I t  i s  hope d tha t  whe n 
th e complet e synta x i s develope d FUSENs wil l  b e 
abl e t o represen t  mos t  an y kin d o f  semanti c 
knowledge. . 
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OTHER METHODS OF KNOWLEDGE REPRESENTATION 

Sprague [SPRA82] has shown how fuses can 
als o perfor m a s man y othe r  knowledg e structures . 
I n particula r  h e discusse s productio n rules , 
semanti c networks ,  exper t  knowledg e systems , 
fram e theory ,  fuzz y sets ,  an d stimulus-respons e 
theory . 

Figure s 2  an d 3  o n followin g page . 
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FIGURE 1 .  Diagra m o f  FUSEN structur e 
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Figur e 2 .  Exampl e o f  frui t  attribut e fus e 
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Figur e 3 .  Exampl e o f  appl e attribut e fus e 
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