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Abstrac t 

We investigate connectionist models of rule-based 
reasoning ,  an d sho w tha t  whil e suc h model s usu -
all y carr y ou t  reasonin g i n exactl y th e sam e wa y 
as symboli c systems ,  the y hav e mor e t o offe r  i n 
term s o f  commonsens e reasoning .  A  connection -
is t  architectur e fo r  commonsens e reasoning ,  C O N-
S Y D E R R,  i s  propose d t o accoun t  fo r  c o m m o n -
sens e reasonin g pattern s an d t o remed y th e brit -
tlenes s proble m i n traditiona l  rule-base d systems . 
A dua l  representationa l  schem e i s  devised ,  utiliz -
in g bot h localis t  an d distribute d representation s 
and explorin g th e synerg y resultin g fro m th e inter -
actio n betwee n th e two .  C O N S Y D E RR i s there -
for e capabl e o f  accountin g fo r  m a n y difficul t  pat -
tern s i n commonsens e reasoning .  Thi s wor k show s 
tha t  connectionis t  model s o f  reasonin g ar e no t  jus t 
"implementations "  o f  thei r  symboli c counterparts , 
but  bette r  computationa l  model s o f  commonsens e 
reasoning . 

Introduction 

Rule-base d reasonin g i s th e mos t  prominen t  paradig m 
of  symboli c  AI .  Whethe r  connectionis t  model s ca n b e 
a viabl e alternativ e t o symboli c A I  depends ,  t o som e 
extent ,  o n thei r  abilit y t o account  fo r  rule-followin g 
behavior s an d rule-base d reasoning . 

To account  fo r  rule s i n connectionis t  models ,  var -
iou s approache s hav e bee n explored ,  an d severa l  dif -
feren t  system s hav e bee n implemente d tha t  ca n carr y 
out  rule-base d reasonin g rathe r  completely .  However , 
most  o f  the m ar e straigh t  "implementations" ,  withou t 
any fundamenta l  differenc e fro m symboli c system s i n 
term s o f  logica l  capabilitie s o r  reasonin g capacities . 

Can connectionis t  model s d o mor e an d bette r  i n 
term s o f  accountin g fo r  robust ,  flexible,  an d multi -
facete d h u m a n commonsens e reasoning ,  especiall y i n 
th e type s o f  reasonin g tha t  ar e mos t  ofte n deal t  wit h 
by rule-base d paradigms ? Ca n thos e dat a (suc h a s 
i n Collin s &  Michalsk i  1990 )  tha t  ar e difficul t  t o ac -
coun t  fo r  b y symboli c rule-base d system s b e explaine d 
by connectionis t  rule-base d reasonin g models ? W e tr y 

t o answe r  thes e question s b y buildin g a  connectionis t 
reasonin g syste m t o accoun t  fo r  c o m m o n pattern s i n 
commonsense reasoning .  Thi s wor k show s tha t  con -
nectionis t  model s o f  reasonin g ar e no t  jus t  a n "im -
plementation "  o f  thei r  symboli c counterparts ;  rather , 
the y ar e bette r  computationa l  model s o f  commonsens e 
reasoning ,  takin g int o consideratio n th e approximate , 
evidentia l  an d flexible  natur e o f  rule-base d reasoning , 
and similarity-base d reasonin g (o r  a  limite d for m o f 
analogy) ,  an d als o accountin g fo r  th e spontaneit y an d 
parallelis m i n reasonin g processes . 

Belo w w e wil l  first  loo k int o variou s existin g connec -
tionis t  model s o f  rule-base d reasoning .  The n w e wil l 
identif y som e problem s tha t  ar e difficul t  fo r  the m t o 
solve .  W e wil l  mov e o n t o develo p a  ne w connectionis t 
architectur e tha t  ca n bette r  dea l  wit h thes e problems . 
I n thi s paper ,  w e wil l  concentrat e mor e o n motivationa l 
issue s tha n o n technica l  details . 

Background Reviews 

Let  u s loo k int o som e previou s wor k i n rule-base d 
reasoning ,  especiall y connectionis t  ones .  Rule-base d 
system s hav e a  lon g histor y i n A I  an d cognitiv e sci -
ence .  Th e earl y successfu l  wor k suc h a s thos e de -
scribe d i n Buchana n &  Shortliff e (1984 )  demonstrate d 
th e promis e o f  thi s overal l  approach ,  whic h adopt s a 
simpl e representatio n wit h modula r  unit s calle d rule s 
compose d o f  a  smal l  se t  o f  condition s an d conclusions . 
M a ny elaborat e cognitiv e theorie s o f  learning ,  prob -
le m solvin g an d memory ,  etc .  wer e buil t  base d o n thi s 
paradig m (cf .  Klah r  e t  a l  1987 )  K 

Becaus e o f  thi s success ,  whe n connectionis m cam e 
along ,  on e o f  th e mai n challenge s fo r  connectionis m 
was ho w t o implemen t  rule-base d reasonin g i n a  net -
wor k fashion .  Touretzk y &  Hinto n (1985 )  i s th e first 
wor k tha t  tackle s thi s problem .  The y basicall y em -
ulat e th e structur e o f  a  symboli c rule-base d (produc -
tion )  system ,  wit h separat e module s fo r  workin g m e m-
ory ,  rules ,  an d facts .  A n elaborat e pull-ou t  networ k i s 
designe d t o matc h workin g m e m o r y dat a agains t  rule s 

'Nevertheles s th e paradig m ha s lon g bee n plague d b y 
th e brittlenes s proble m fo r  larg e scal e systems ,  a s wil l  b e 
discussed . 
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and t o decid e whic h matchin g rul e i s t o fire.  Compe -
titio n an d winner-take-al l  ar e use d fo r  th e matchin g 
purpose .  Th e resul t  i s  th e equivalen t  o f  a  simpl e se -
quentia l  symboli c rule-bzise d system . 

Barnde n (1988 )  represent s anothe r  earl y attac k o n 
thi s problem .  I n hi s system ,  dat a resid e i n grid-lik e 
network s (calle d Configuratio n Matrices) ,  code d wit h 
th e hel p o f  adjacenc y relation s an d highlightin g tech -
niques .  Hardwire d rule s ar e use d t o detec t  th e presenc e 
of  dat a tha t  matc h particula r  rules ,  an d a n "Actio n 
Part "  modul e ca n b e use d t o ad d a  ne w dat a structur e 
representin g th e conclusio n fro m th e matche d rule .  Al -
thoug h ther e i s som e parallelism ,  i t  i s  mostl y a  sequen -
tia l  rule-base d system ,  carryin g ou t  symboli c process -
ing . 

Fro m thes e examples ,  i t  i s  quit e clea r  no w tha t  con -
nectionis t  model s ar e capabl e o f  implementin g rule -
bsise d reasonin g i n a  variet y o f  way s "̂ .  No w th e ques -
tio n is :  Ca n connectionis t  model s accoun t  bette r  fo r 
commonsense reasoning ? Th e evidential ,  robust ,  flex-
ible ,  an d multifacete d natur e o f  commonsens e reason -
in g i s eviden t  fro m variou s studie s (suc h a s i n Collin s 
& Michalsk i  1990 )  ye t  the y ar e al l  absen t  fro m thes e 
abov e models .  Wha t  i s reall y neede d fo r  a  connec -
tionis t  mode l  o f  rule-base d reasonin g t o b e abl e t o 
model  commonsens e reasonin g adequately ? W e con -
fron t  th e abov e questions ,  b y analyzin g rea l  protoco l 
dat a an d the n actuall y buildin g a  ne w kin d o f  con -
nectionis t  model s a s a  computationa l  mechanis m fo r 
commonsense reasoning . 

Common Reasoning Patterns 

Alla n Collin s collecte d a  numbe r  o f  protocol s o f  com -
monsens e reasoning .  H e indicate d th e inadequac y o f 
traditiona l  logi c i n explainin g thos e reasonin g pat -
terns ,  an d argue d fo r  th e us e o f  differen t  formalism s 
or  framework s i n th e stud y o f  common reasonin g pat -
tern s foun d i n variou s commonsens e reasonin g tasks . 
Collin s &  Michalsk i  (1990 )  hav e don e a n impressiv e jo b 
i n term s o f  analyzin g th e dat a an d establishin g a  uni -
fyin g framewor k fo r  explainin g them .  Wha t  i s neede d 
i s a  computationa l  mechanis m fro m whic h variou s in -
ferenc e pattern s containe d i n th e dat a ca n emerg e int o 
existence .  W e believ e tha t  th e mechanis m ough t  t o 
be analyticall y simple ,  structurall y unified ,  an d mech -
anisticall y sound .  Connectionis t  model s i n genera l  fit 
thes e abov e description s ver y well ,  s o the y migh t  pro -
vid e suc h a  mechanism . 

Let' s loo k a t  som e example s fro m Collin s &  Michal -
ski  (1990) .  On e protoco l  i s  a s follows : 

Q:  D o yo u thin k the y migh t  gro w ric e i n Florida ? 

R:  Yeah .  I  gues s the y could ,  i f  ther e wer e a n adequat e 
fres h wate r  supply ,  certainl y a  nice ,  big ,  warm ,  fia t 
area . 

^Also ,  Dola n &  Smolensk y (1988) ,  Su n (1989 )  (se e als o 
Sun &  Walt z 1991) ,  Ajjanagadd e fe  Shastr i  (1989) ,  an d 
Lang e &:  Dye r  (1989 )  ar e work s basicall y belongin g t o thi s 
same category . 

I n thi s example ,  th e perso n answerin g th e questio n 
deduce d a n uncertai n conclusio n base d o n partia l  in -
formation ,  wit h a  piec e o f  crucia l  informatio n (fres h 
water )  missing .  Thi s exampl e als o indicate s th e nee d 
fo r  a n additiv e procedur e fo r  accumulatin g evidence . 

Anothe r  cas e i s a s follows : 

Q:  I s th e Chac o th e cattl e country ? 

R:  I t  i s  lik e wester n Texas ,  s o i n som e sens e I  gues s 
it' s  cattl e country . 

Her e becaus e ther e i s n o know n knowledg e (o r  n o ap -
plicabl e rules) ,  a n uncertai n conclusio n i s draw n base d 
on sinularit y wit h know n knowledg e (rules) . 

"S e t  anothe r  cas e i s 

Q:  Ar e ther e rose s i n England ? 

R:  Ther e ar e a  lo t  o f  flowers  i n England .  S o I  gues s 
ther e ar e roses . 

Her e th e deductio n i s base d o n propert y inheritanc e 
(flowe r  L O C A T I O N England ;  ros e IS- A flower;  s o ros e 
L O C A T I ON England) ,  an d th e conclusio n i s partiall y 
certai n an d ca n b e draw n onl y whe n ther e i s n o infor -
matio n t o th e contrar y (i.e .  n o cancellation) . 

Existin g connectionis t  models ,  o r  an y computationa l 
model s fo r  tha t  matter ,  s o fa r  canno t  dea l  ver y wel l 
wit h thes e abov e pattern s i n a  singl e unifie d model . 

The Brittleness Problem 

Thos e abov e example s ar e actuall y instance s o f  a  gen -
era l  proble m tha t  ha s bee n plaguin g symboli c A I  fo r 
long ,  namel y th e brittlenes s problem . 

The brittlenes s proble m ca n b e defined ,  fo r  th e pur -
pose o f  thi s research ,  a s th e inabilit y  o f  a  syste m t o dea l 
wit h th e followin g aspect s o f  reasonin g i n a  systemati c 
way withi n a  unifie d framework ;  (1 )  partia l  informa -
tio n (fo r  example ,  th e first  protocol) ,  (2 )  uncertai n o r 
fuzz y information ,  (3 )  n o matchin g rule s (fo r  example , 
th e secon d protocol) ,  (4 )  rul e interactions ,  i.e .  lac k 
of  consistenc y an d completenes s i n a  fragmente d rul e 
base ,  (5 )  generalization ,  (6 )  bottom-u p inheritance ,  (7 ) 
top-dow n inheritanc e (fo r  example ,  th e thir d protocol) , 
and (8 )  learnin g ne w rules . 

Detaile d analysi s o f  thes e aspect s (wit h lot s o f  exam -
ples )  show s that ,  whil e the y loo k lik e a  disparat e se t 
of  problems ,  the y ca n al l  b e characterize d a s reason -
in g wit h rule s supplemente d wit h (feature )  similarity -
relate d inferences .  W e defin e a  measur e o f  conceptua l 
similarit y  (cf .  Tversk y 1977 )  a s 

such that ^ 

i f  ACT a =  a ,  the n ACT b =  a  *  { A ~  B ) 

wher e F ,  i s th e featur e representatio n o f  nod e "i" ,  an d 
ACTi  i s th e activatio n o f  nod e "i" .  W e defin e a  mea -
sur e o f  knowledg e link s (i.e .  rules )  a s 

{ A — *  fl) =  re[-l,l ] 

*We assume there is nothing else affecting ACTb 
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suc h tha t 

if ACTa = a, then ACTb = a * {A —• H) 

where ACTi is the activation of node "i", and r is 
th e knowledg e lin k (rule )  strengt h ̂  betwee n A  an d B . 
Each o f  thes e abov e case s ca n b e analyze d an d deal t 
wit h utilizin g thes e tw o concepts ,  fo r  example ,  th e no -
matching-rul e situatio n ca n b e describe d as : 

A ~ B 

B —• C 

and A  i s activate d (ACT a ?^  0) .  S o w e hav e 

ACTc = (5 —• C) • ACTb 

= {B —* C)* ACTa * {A '^ B) 

Othe r  case s ca n b e describe d similarly ,  excep t  learnin g 
ne w rules ,  whic h i s a  separat e issu e (se e Su n k  Walt z 
1991) . 

Thes e tw o mechanism s ar e embedde d i n ou r  ne w ar -
chitecture :  C O N S Y D E RR ^  s o eac h o f  thes e aspect s 
of  brittlenes s ca n b e handle d b y ou r  system . 

A Sketch of the Model 

The C O N S Y D E RR architectur e consist s o f  tw o lev -
els :  C L an d CD .  C L i s a  connectionis t  networ k wit h 
localis t  representation ,  o r  roughl y reasonin g a t  th e con -
ceptua l  leve l  (cf .  Smolensk y 1988) .  Rule s ar e repre -
sente d i n C L a s link s betwee n tw o node s represent -
in g th e conditio n an d th e conclusio n respectively .  T h e 
scheme proposed ,  F E L o r  Fuzz y Evidentia l  Logic ,  ca n 
handl e a  superse t  o f  Hor n claus e logi c an d Shoham' s 
modal  logi c (o r  Causa l  Theories ,  cf .  Shoha m 1990) ,  s o 
tha t  i t  ca n full y accommodat e traditiona l  rule-base d 
reasonin g an d captur e commonsens e causa l  knowledge . 
Moreover ,  i t  i s  capabl e o f  approximat e an d cumulativ e 
evidentia l  reasonin g an d work s wit h partia l  an d un -
certai n information .  Unlik e Hor n claus e logic ,  i t  ca n 
deal  wit h negativ e a s wel l  a s positiv e evidence .  I t  ca n 
handl e variabl e binding s b y utilizin g th e D N / P D N for -
malis m a s i n Su n (1989 )  an d Su n (1990) .  Th e basi c 
operatio n o f  thi s schem e i s simpl y weighted-su m com -
putations ,  therefor e thi s schem e ca n b e implemented , 
wit h ease ,  i n a  connectionis t  networ k wit h weighted -
su m nod e activatio n functions .  Becaus e o f  th e limite d 
spac e an d th e nee d t o emphasiz e th e mai n point s i n 
thi s shor t  presentation ,  w e wil l  no t  discus s i n detai l 
th e abov e point s regardin g rul e representation s (se e 
Sun 199 1 fo r  details) . 

C D i s a  connectionis t  networ k wit h distribute d rep -
resentation ,  roughl y correspondin g t o reasonin g a t  th e 
subconceptua l  level .  Concept s an d rule s ar e diffusel y 

Phase I :  top-dow n 

link s enable d 

Phase U: intra-level 

link s enable d 

Phase ni: bottom-up 

link s enable d 

*When ther e ar e multipl e condition s i n a  rule ,  thi s mea -
sur e become s a  vector ,  an d th e multiplicatio n use d her e i s 
generalize d t o inner-products . 

Î t  stand s fo r  a  CONnectionis t  SYste m wit h Dua l  rep -
resentatio n fo r  Evidentiz d Robus t  Reasonin g 

Figur e 1 :  A  two-leve l  architectur e 

represente d b y set s o f  unit s overlappin g eac h other . 
Th e amoun t  o f  overlappin g o f  tw o set s o f  unit s rep -
resentin g tw o differen t  concept s i s proportiona l  t o th e 
degre e o f  similarit y betwee n thes e tw o concepts .  I  cal l 
thi s a  stmilariiy-base d representation ,  i n whic h unit s 
ca n b e features ,  perceptua l  primitives ,  interna l  goal s o r 
affec t  states .  Concept s ar e "defined "  i n term s o f  thei r 
similarit y t o othe r  concept s i n thes e primitiv e repre -
sentations .  I  wil l  utiliz e thes e primitive s onl y a s a  sub -
stratu m fo r  similarity-base d representatio n o f  highe r 
leve l  concepts . 

N ow w e ca n lin k th e localis t  networ k (CL )  wit h thi s 
distribute d networ k ( C D ) ,  b y linkin g eac h nod e i n C L 
representin g on e concep t  t o al l  th e node s i n C D repre -
sentin g th e sam e concept ,  an d assig n the m appropriat e 
weight s (se e Fig.l) .  Thos e cross-componen t  link s ar e 
moderate d b y a  latc h mechanism .  T h e rul e link s i n 
CL ar e duplicate d (diffusely )  i n C D .  Th e interaction s 
of  th e tw o component s ar e i n fixed  cycles :  first  th e 
latc h open s t o allo w th e activatio n o f  C L node s t o flow 
int o correspondin g C D nodes ,  an d the n th e tw o part s 
star t  settlin g dow n o n thei r  o w n simultaneously ,  an d 
finally  th e latc h open s t o allo w th e activatio n o f  node s 
i n C D t o flow  bac k int o C L t o b e combine d wit h th e 
activatio n o f  correspondin g C L nodes . 

Fro m th e abov e descriptio n i t  i s  clea r  tha t  th e sys -
te m i s a  combinatio n o f  rule-base d an d similarity-base d 
components ,  interwove n together .  I t  implement s nat -
urall y th e function s define d abov e fo r  knowledg e link s 
and conceptua l  similarity .  T h e synerg y o f  th e tw o 
type s o f  representatio n an d reasonin g help s t o dea l 
wit h th e brittlenes s proble m liste d abov e and ,  there -
fore ,  t o accoun t  fo r  th e aforementione d c o m m o n rea -
sonin g patterns . 

For  example ,  i n orde r  t o solv e th e no-matching-rul e 
situation ,  w e ca n explor e th e similarit y betwee n th e 
curren t  situatio n an d th e rul e condition s a s represente d 
i n th e C D par t  o f  th e system .  Conside r  th e followin g 
case : 

Car s ar e fo r  travelin g o n ground .  Airplane s ar e fo r 
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travelin g i n air .  Ar e buse s fo r  travelin g o n groun d o r 
i n th e air ? 

I n th e contex t  o f  decidin g mode s o f  transportation , 
base d o n th e similarit y o f  relevan t  feature s  ̂  a s repre -
sente d wit h th e amoun t  o f  overlappin g i n correspond -
in g set s o f  unit s i n C D ,  buse s ar e close r  t o car s tha n t o 
airpleines .  S o "travelin g o n ground "  i s activate d mor e 
strongly .  On e conclude s tha t  buse s ar e fo r  travelin g o n 
ground . 

Anothe r  exampl e concern s th e proble m o f  inconsis -
tent/incoheren t  rul e base s (rul e interaction) ,  w e ca n 
utiliz e th e rul e interaction s i n C D : 

I f  carryin g cargo ,  bu y utilit y  vehicles .  I f  carryin g pas -
sengers ,  bu y passenge r  vehicles .  I f  carryin g bot h carg o 
and passengers ,  wha t  shal l  on e buy ? 

Differen t  type s o f  vehicle s ar e represente d a s feature s 
i n C D .  W h e n th e abov e tw o rule s ar e bot h activate d (i n 
respons e t o th e question) ,  al l  feature s correspondin g t o 
bot h utilit y  an d passenge r  vehicle s wil l  b e activate d i n 
C D.  Al l  thi s informatio n wil l  g o u p t o CL ,  an d th e 
thing s correspondin g t o th e intersectio n o f  utilit y  an d 
passenge r  vehicle s wil l  b e activate d strongl y (becaus e 
the y hav e ad l  th e features) .  S o somethin g lik e "van " 
wil l  win . 

Othe r  aspect s o f  th e brittlenes s proble m ca n b e 
solve d i n a  simila r  fashion ,  includin g th e commo n pat -
tern s identifie d b y Collin s &  Michalsk i  (1990 )  ̂ .  Thi s 
solutio n i s quit e differen t  fro m Collin s k  Michalski . 
My contentio n i s tha t  thi s mode l  i s conceptuall y sim -
ple r  an d computationall y mor e efficien t  (b y combinin g 
and eliminatin g man y parameters) . 

Formal  mathematica l  analyse s wer e performe d fo r 
each o f  thes e aspects ,  an d w e cam e u p wit h a  se t  o f  re -
quirement s an d constraint s fo r  eac h aspec t  regardin g 
th e parameter s o f  a  syste m tha t  ca n dea l  wit h tha t  par -
ticula r  aspect .  Afte r  analyzin g ho w thes e requirement s 
and constraint s impose d b y eac h o f  thes e aspect s inter -
act  wit h on e another ,  a  synthesi s i s achieved ,  s o tha t  a 
unifie d syste m i s forme d wit h a  uniqu e se t  o f  parame -
te r  setting s satisfyin g al l  requirements .  Base d o n that , 
a large-scal e syste m consistin g o f  abou t  tw o hundre d 
node s wa s buil t  t o test ,  i n a  realisti c setting ,  ho w thes e 
fragment s combine .  Th e syste m utilize s geographica l 
knowledg e extracte d fro m encyclopedia s an d perform s 
commonsense reasonin g base d o n tha t  knowledg e (se e 
Sun 1991) . 

A Detailed Example 

T h e Proble m 
Look a t  th e "Chaco "  exampl e (Collin s &  Michalsk i 
1990) . 

*Such as Having-wings, Having-tails, Wheels-on-both-
sides ,  Aerodynamic-shapes ,  Landing-gears ,  etc . 

^We ar e certainl y no t  implyin g tha t  w e solve d th e brit -
tlenes s proble m completely .  Rather ,  w e ar e aimin g fo r  a 
simpl e an d elegan t  mode l  tha t  ca n dea l  wit h som e impor -
tan t  an d predominan t  aspect s o f  th e proble m ver y effec -
tivel y an d efficiently . 

Q:  I s th e Chac o th e cattl e country ? 

R:  I t  i s  lik e Wester n Texas ,  s o i n som e sens e I  gues s 
it' s cattl e country . 

We ca n pu t  i t  anothe r  wa y t o straighte n ou t  th e 
reasoning : 

Wester n Texa s i s cattl e country . 
Chaco i s simila r  t o wester n Texa s (i n som e relevan t 

aspects) . 
So Chac o i s cattl e country . 

An analysis 

I n thi s example ,  becaus e ther e i s n o know n knowl -
edge (o r  n o applicabl e rules) ,  a n uncertai n conclusio n 
i s draw n base d o n similarit y wit h know n knowledg e 
(rules) .  Usin g th e formalis m w e developed ,  i t  ca n b e 
describe d as : 

Chaco ~ WesternTexas 

WesternTexas —• cattlecountry 

Give n "Chaco "  wit h ACTchac o =  1 ,  "cattlecountry "  i s 
conclude d wit h ACTcattUeountr y calculate d a s follows : 

ACTcattUcountry = (WestemTexas —• cattlecountry) 

*ACTchaco* (Chaco ~ WesternTexas) 

wher e th e similarit y measur e i s chose n t o facilitat e 
late r  implementation s i n th e C O N S Y D E RR architec -

ture : 

^, ,xr . m \^Chaeo(^fWetternTexas\ 
Chaco ~  Western I  exa s =  p * \Fchaco \ 

p G [0,1] is a parameter used for adjusting the sys-
tem' s behavior ,  fro m absolut e rigidit y t o free-floatin g 
thinkin g (se e Su n 1991) . 

Thes e equation s ca n b e readil y translate d int o th e 
C O N S Y D E RR architecture :  Link s betwee n node s i n 
bot h C L an d C D represen t  rul e strengt h measure s (th e 
lin k weight s ar e define d t o b e th e correspondin g rul e 
strengths) ,  an d similarit y measure s ar e implemente d 
wit h C D representation s (w e us e a  se t  o f  node s t o vep -
resen t  al l  feature s i n C D an d th e amoun t  o f  overlappin g 
betwee n representation s o f  tw o concept s expresse s th e 
conceptua l  similarit y  o f  thes e tw o concepts) .  Se e Fig.2 . 

The Working of the System 

Afte r  startin g t o receiv e inpu t  data ,  th e C O N S Y-
D E RR syste m operate s i n fixed  cycles :  (I )  Top-dow n 
phase ,  (2 )  Settlin g phase ,  an d (3 )  Bottom-u p phase . 
Thi s cycl e ca n b e repeate d t o continuousl y trac k in -
puts . 

I n Top-dow n phase ,  th e computatio n i s a s follows : 

x,(t + l) = maxy4CTa(t) 
a 

wher e a  i s an y nod e i n C L tha t  ha s i ,  G  CDa -
I n Settlin g phase ,  th e computatio n i s a s follows : 

AACTa = tt 5Z ^•^•(*) - fiACT^t) 
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Figur e 2 :  Th e Reasonin g Proces s fo r  th e Chac o Pro -
tocol :  (1 )  Receivin g inputs ,  (2 )  Top-down ,  (3 )  Settlin g 
(rul e application) ,  an d (4 )  Bottom-up . 
(T o sav e space ,  unrelate d node s ar e no t  show n here) . 

and 
Ax,  =  /î tu,i,(< )  -i/Zi(i ) 

wher e W, ,  Wi  ar e rul e strengt h (weight )  measures ,  an d I,,i i 
ar e th e activation s o f  relate d concept s o r  feature s (premise s 
or  logica l  predecessors) . 

I n Bottom-u p phase ,  th e computatio n i s a s follows : 

Acnit + i) = m^xiAcn(t), J2 ig^) 

where b is any node in CL. 
Applyin g thi s cycl e t o th e example :  Top-dow n phas e 

wil l  activat e th e C D representatio n o f  "Chaco "  an d 
activat e partiall y  th e C D representatio n o f  "West -
ernTexas "  base d o n thei r  similarity ;  the n i n Settlin g 
phase ,  rule s (links )  tak e effec t  an d thi s amount s t o ap -
plyin g i n C D th e rule :  WesiemTexa s i s cattle-country , 
so th e C D representatio n o f  "cattl e country "  i s par -
tiall y  activated ;  finall y i n Bottom-u p phase ,  th e par -
tiall y  activate d C D representatio n o f  "cattl e country " 
wil l  percolat e u p t o activat e th e "cattl e country "  nod e 
i n CL .  Th e resul t  ca n b e rea d of f  fro m CL .  Se e Figur e 2 . 

Comparin g i t  wit h othe r  systems :  C O N S Y D E RR 
utilize s parallelis m inheren t  i n th e dat a t o th e maxi -

m um extent ,  especiall y whe n compare d wit h Touretzk y 
k Hinto n (1985 )  o r  Dola n k  Smolensk y (1989) .  Whil e 
most  othe r  connectionis t  rule-base d system s (Lang e & 
Dyer  1989 ,  Ajjanagadd e &  Shastr i  1989 ,  etc. )  ar e 
functionall y comparabl e t o th e C L par t  o f  C O N S Y-
D E R R,  th e C D par t  i s  uniqu e i n tha t  i t  provide s 
an efficien t  wa y fo r  similarit y matchin g t o supple -
ment  rule-base d reasoning ;  th e C L / C D dua l  represen -
tatio n schem e constitute s a  principle d wa y o f  account -
in g fo r  th e dichotom y o f  conceptua l  leve l  an d subcon -
ceptua l  (intuitive )  leve l  reasonin g (Smolensk y 1988 , 
Sun 1991) .  Mor e recentl y Barnde n k .  Sriniva s (1990 ) 
utiliz e connectionis t  rule-base d system s t o explor e sim -
ilarit y i n reasonin g (i.e .  connectionis t  case-base d rea -
soning) ;  whil e th e ide a i s ver y simila r  t o our s (se e Su n 
1991 fo r  details) ,  thei r  syste m require s a  comple x re -
trieval/matchin g process . 

The Initial Setup 

The questio n o f  ho w w e ca n gathe r  dat a an d se t  u p a 
larg e syste m ca n b e divide d int o tw o questions :  ho w d o 
we obtai n rul e weight s an d ho w d o w e obtai n similarit y 
measures ? 

I n ou r  large-scal e syste m (Su n 1991) ,  rule s ar e ob -
taine d b y goin g throug h geograph y sourcebooks ,  pick -
in g ou t  th e relevan t  informatio n an d integratin g i t 
int o th e networ k wit h th e C F R D N procedur e (se e Su n 
1991) .  Th e rule s bein g pu t  int o th e syste m includ e 
WesternTexa s i s cattlecountry ,  etc .  * 

Similarit y measure s ar e obtaine d b y a n indirec t 
means:  w e firs t  obtai n al l  th e relevan t  feature s neede d 
fo r  representin g th e concept s involved ,  an d the n nat -
urall y th e amoun t  o f  featur e overla p i s th e similarit y 
betwee n concept s involved .  I n orde r  t o com e u p wit h 
detaile d featur e representation s fo r  concepts ,  w e pre -
establis h a  se t  o f  featur e nodes ,  an d w e the n g o throug h 
sourcebooks ,  establishin g link s (cross-leve l  links )  be -
twee n a  concep t  i n C L an d it s feature s i n C D ,  base d o n 
what  w e rea d i n th e sourcebooks .  Th e feature s include : 
altitude ,  rainfall ,  vegetation ,  population ,  temperature , 
terrain ,  etc .  wit h variou s ranges .  ̂  

One importan t  issu e i s ho w th e syste m focuse s o n 
relevan t  feature s an d ignor e o r  discoun t  someho w th e 
irrelevan t  ones ,  give n th e contex t  (o r  th e query ,  i n th e 
above-mentione d cases) .  Thi s i s don e b y th e attentio n 
focusin g modul e externa l  t o th e system ,  i n whic h a 
set  o f  "contex t  rules "  ar e use d t o pic k ou t  al l  relevan t 
feature s an d suppres s other s whe n a  certai n contex t 

*I n general ,  weight s representin g rule s ca n b e obtaine d 
by readin g textbooks ,  instructions ,  o r  b y usin g learnin g al -
gorithm s throug h interaction s wit h th e environment .  Ther e 
i s n o universall y applicabl e wa y t o d o this ,  o r  i n othe r 
words ,  i t  i s domain-specific . 

^Anothe r  possibl e wa y o f  obtainin g similarit y measure s 
i s t o conduc t  a  test ,  askin g a  grou p o f  subject s t o rat e th e 
similarit y o f  concept s concerne d an d the n construc t  C D 
representation s base d o n th e collecte d tes t  score s wit h th e 
STSI S procedur e (se e Su n 1991) . 
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Figur e 3 :  T h e Overad l  Architectur e wit h Featur e an d 

Resul t  Selection s 

i s give n (b y activatin g th e nod e representin g th e par -
ticula r  context ,  i n way s describe d b y Su n 1989) .  Se e 
Figur e 3  fo r  a  sketc h o f  thes e mechanisms .  Becaus e 
of  th e fac t  tha t  thes e mechanism s ar e domai n specific , 
the y ar e no t  par t  o f  th e C O N S Y D E RR architecture , 
bu t  add-o n mechanism s (cf .  Su n 1991) . 

Summary 

We analyze d connectionis t  model s fo r  rule-base d com -
monsens e reasoning .  A  connectionis t  architectur e i s 
propose d t o accoun t  fo r  som e c o m m o n pattern s foun d 
i n commonsens e reasonin g an d t o remed y t o a  cer -
tai n exten t  th e brittlenes s proble m foun d i n typica l 
symboli c systems .  Differen t  fro m othe r  existin g con -
nectionis t  systems ,  a  dua l  representationa l  schem e i s 
devised ,  whic h ha s extensiona l  object s (localis t  repre -
sentation )  a s wel l  a s intensiona l  object s (distribute d 
representatio n wit h features) .  B y usin g feature-base d 
distribute d representatio n i n additio n t o th e localis t 
representation ,  w e ar e abl e t o explor e th e synerg y re -
sultin g fro m th e interactio n betwee n thes e tw o type s o f 
representation s an d betwee n rule-base d reasonin g an d 
similarity-base d reasoning .  Thi s synerg y help s t o dea l 
wit h problem s suc h a s partia l  information ,  n o exac t 
matching ,  propert y inheritance ,  rul e interaction ,  an d 
therefor e th e C O N S Y D E RR syste m i s capabl e o f  ac -
countin g fo r  m a n y difficul t  reasonin g pattern s i n on e 
unifie d system .  Thi s architectur e als o demonstrate s 
tha t  connectionis t  model s equippe d wit h symboli c ca -
pabilitie s ar e powerfu l  tool s fo r  modelin g reasonin g ca -
pacitie s a s wel l  a s fo r  constructin g efficien t  practica l 
system s (b y utilizin g massiv e parallelism) ,  an d the y 
ar e no t  mer e implementation s o f  thei r  symboli c coun -
terparts . 

Acknowledgments I wish to thank Dave Waltz, 
James Pustejovsky ,  an d T i m Ricke y fo r  m a n y help -
fu l  discussions ,  an d D o n Smit h fo r  commentin g o n th e 
paper . 

References 

V.  Ajjanagadd e an d L .  Shastri ,  1989 .  Efficien t  Inferenc e 
wit h Multi-plac e Predicate s an d Variable s i n a  Connection -
is t  System .  I n Proc.llt h Cognitiv e Scienc e Societ y Confer -
ence ,  396-403 .  Hillsdale ,  NJ :  Erlbaum . 

J.  Barnden ,  1988 .  Th e righ t  o f  fre e association :  relative -
positio n encodin g fo r  connectionis t  dat a structures .  I n 
Free .  10t h Conferenc e o f  Cognitiv e Scienc e Society ,  503-509 . 
Hillsdale ,  NJ :  Erlbaum . 

J. Barnden and K. Srinivas, 1990. Overcoming Rule-
Based Rigidit y an d Connectionis t  Limitation s Throug h 
Massivel y Paralle l  Case-base d Reasoning ,  Technica l  Re -
por t  MCCS-90-187 ,  Computin g Researc h Laboratory ,  Ne w 
Mexic o Stat e University ,  La s Cruces ,  N M . 

B. Buchanan and E. Shortliffe, 1984. Rule-Based Expert 
Systems .  Reading ,  M A :  Addison-Weslley . 

A. Collins and R. Michalski, 1990. The logic of plausible 
reasoning ,  Cognitiv e Science ,  13(l):l-49 . 

C. Dolan and P. Smolensky, 1988. Implementing a con-
nectionis t  productio n syste m usin g tenso r  products .  I n D . 
Touretzk y e t  al .  eds .  Proc.198 8 Connectionis t  Summer 
School ,  265-272 .  Sa n Mateo ,  C A :  Morga n Kaufman ,  198 9 

J. Klahr et al, eds. 1989. Production System Models of 
Learnin g an d Development .  Cambridge ,  M A :  M I T Press . 

T. Lange and M. Dyer, 1989. Frame selection in a connec-
tionis t  model .  I n Proc.llt h Cognitiv e Scienc e Conference , 
706-713 .  Hillsdale ,  NJ :  Erlbaum . 

L. Shastri, 1988. A Connectionist Approach to Knowledge 
Representatio n an d Limite d Inference ,  Cognitiv e Science , 
12:331-392 . 

Y. Shoham, 1990. Non-monotonic Reasoning and Causa-
tion ,  Cognitiv e Science ,  14:213-252 . 

P. Smolensky, 1988. On the proper treatment of connec-
tionism ,  Behaviora l  an d Brai n Sciences ,  11:1-43 . 

R. Sun, 1989. A Discrete Neural Network Model for Con-
ceptua l  Representatio n an d Reasoning .  I n Proc.llt h Cog -
nitiv e Scienc e Societ y Conference ,  916-923 .  Hillsdale ,  NJ : 
Erlbaum . 

R. Sun, 1990a. Rules and Connectionism. In Proc.INNC-
Paris ,  p.545 .  Netherlands :  Kluwer . 

R.  Sun ,  1990 .  Th e Discret e Neurona l  Models . 
Proc.INNC-Paris ,  902-907 .  Netherlands :  Kluwer . 

I n 

R.  Su n an d D .  Waltz ,  1991 .  A  Neurall y Inspire d Massivel y 
Paralle l  Mode l  o f  Rule-Base d Reasoning .  I n B .  Souce k ed . 
Neura l  an d Intelligen t  Syste m Integration .  N e w York ,  N Y : 
Joh n Wile y & ;  Sons . 

R. Sun, 1991. Integrating Rules and Connectionism for 
Robust  Reasoning :  A n Architectur e wit h Dua l  Represen -
tation .  Ph. D Thesis ,  Compute r  Scienc e Department ,  Bran -
dei s University ,  Waltham ,  M A . 

D. Touretzky and G. Hinton, 1985. Symbol Among Neu-
rons .  I n Proc.9t h IJCAI ,  238-243 .  Sa n Mateo ,  CA :  Morga n 
Kaufman . 

A. Tversky, 1977. Features of Similarity, Psychological Re-
view ,  84(4):327-352 . 

D. Waltz and J. Pollack, 1985. Massive parallel parsing. 
Cognitiv e Science ,  9:51-74 . 

442 


	cogsci_1991_437-442



