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A Connectionis t  M o d e l  o f  Reflectiv e Reasonin g Usin g T e m p o r a l 

Propertie s o f  N o d e Firin g 

Jacque s Sougn ^ 

Department Psychology 
Universit y o f  Lifeg e 

400 0 Lifcge ,  Belgiu m 
sougne@v in l .  u l g .  a c .  b e 

Abstrac t 

Thi s pape r  present s a  connectionis t  mode l  o f  huma n 
reasonin g tha t  use s tempora l  relation s betwee n nod e 
firing .  Tempora l  synchron y i s  use d fo r  representin g 
variabl e bindin g an d concepts .  Tempora l  successio n serve s 
t o represen t  rule s b y linkin g anteceden t  t o consequen t 
part s o f  th e rule .  Th e numbe r  o f  successiv e synchronie s i s 
affecte d b y tw o well-know n neurobiologica l  parameters , 
th e frequenc y o f  neura l  rythmi c activit y an d th e precisio n 
of  neura l  synchronization .  Reasonin g i s predicte d t o b e 
constraine d b y thes e variables .  A n experimen t 
manipulatin g th e amoun t  o f  successiv e synchronie s i s 
presented .  Experimenta l  result s woul d see m t o confir m th e 
predictions . 

Introduction 

Shastri & Ajjanagadde (1993) described SHRUTl. a 
connectionis t  mode l  o f  tractabl e reasoning .  The y intende d t o 
buil d a  neurall y plausibl e mode l  base d mainl y o n tempora l 
propertie s o f  observe d rythmi c neura l  firin g pattern s i n th e 
brain .  Certai n neuron s ten d t o oscillat e i n synchron y a t  a 
frequenc y o f  3 0 t o 8 0 H z .  (i.e .  ever y 3 3 t o 1 2 ms) .  Th e 
model  o f  Shastr i  &  Ajjanagadd e use d thi s propert y i n th e 
attemp t  t o solv e th e bindin g problem .  Variable s an d thei r 
resp)ectiv e content s fire d i n synchron y makin g appropriat e 
binding s betwee n role s an d fillers .  Th e us e o f  thi s tempora l 
propert y t o solv e th e bindin g proble m wa s first  studie d b y 
Clossma n (1988) . 

Thei r  mode l  i s  abl e t o dra w inference s wit h grea t 
efficiency .  Bu t  reasonin g i s  limite d t o wha t  Shastr i  & 
Ajjanagadd e cal l  reflexiv e reasoning .  Thi s concep t  describe s 
th e typ e o f  reasonin g tha t  peopl e d o effortlessly , 
immediately ,  almos t  reflexively .  I t  i s  contraste d wit h 
reflectiv e reasoning ,  demandin g mor e effor t  an d attentio n an d 
takin g mor e time .  Deductiv e reasonin g tha t  ha s bee n studie d 
extensivel y i n cognitiv e psycholog y pertain s t o th e clas s o f 
reflectiv e reasoning .  I n thi s pape r  I  wil l  attemp t  t o exten d 
th e propertie s o f  Shastr i  &  Ajjanagadd e mode l  t o allo w i t  t o 
als o handl e reflectiv e reasoning .  F ro m th e model ,  I  wil l 
deriv e certai n prediction s an d provid e empirica l  evidenc e 
substantiatin g thes e predictions . 

Ther e i s  neurobiologica l  evidenc e fo r  considerin g 
synchronizatio n a s a  bindin g mechanis m (Gra y &  al .  1989 , 
Singe r  1995 ,  Nelso n 1995) .  Th e interva l  betwee n tw o 
spike s o f  a  neuro n (re )  i s  approximatel y 1 2 t o 3 3 ms .  Insid e 

thi s interva l  a  numbe r  o f  differen t  synchronie s ca n occur . 
Thi s numbe r  i s constraine d b y n  an d b y to ,  th e widt h o f  a 
windo w o f  synchrony .  Node s tha t  fire  withi n a  la g o f  les s 

tha n W/ 2 ar e considere d t o fir e i n synchron y (figur e 1) . 

A 

B 

C 

D 

(D 
m 
1 1  1 

1 1  1 

( 0 

1 1  1 

1 1  1 

'  TT '  7 t  '  7 t  ' 

Figur e 1 :  A  representatio n o f  rhythmi c activatio n an d 
synchrony .  Nod e B  fires  i n synchron y wit h nod e A  an d nod e 
D fire s i n synchron y wit h nod e C  (sinc e th e precisio n i s les s 

tha n «/2 ) 

The precision of synchronization between neurons has 
bee n reporte d t o b e approximatel y 3  ms .  (KOni g &  al. , 
1995) .  Thi s mean s tha t  t o shoul d b e aroun d 6  ms .  Thes e 
value s 7 t  an d ( o limi t  th e numbe r  o f  differen t  possibl e 
synchronie s t o aroun d 10 .  Thi s correspond s t o th e wel l 
know n numbe r  7+2 ,  th e spa n o f  workin g memor y (Miller , 
1956 ,  Lisma n &  Idian ,  1995) .  Withi n a  particula r  windo w 
of  synchrony ,  however ,  numerou s concept s ca n fir e a t  th e 
same time .  Th e relevan t  constrain t  i s th e lengt h o f  th e chai n 
of  reasoning .  A s it s lengt h increases ,  th e probabilit y  fo r  a n 
erro r  t o occu r  increases . 

A goo d exampl e o f  reflectiv e reasonin g i s deduction , 
whic h ha s bee n widel y studied .  Typicall y subject s tak e 
approximatel y 5  se c t o dra w a  singl e deductiv e inferenc e 
(Clar k 1969) .  Thi s dela y i s fa r  longe r  tha n thos e describe d 
by th e Shastr i  &  al .  mode l  fo r  reflexiv e inference .  Ther e ar e 
tw o way s t o exten d th e Shastr i  &  al .  mode l  t o allo w i t  t o 
produc e thes e inference s wit h thes e delays .  Eithe r  deductiv e 
reasonin g task s require ,  a  successio n o f  differen t  reflexiv e 
episodes ,  o r  the y requir e learnin g t o initiall y  encod e th e 
problem ,  followe d b y th e buildin g o f  a n appropriat e chai n o f 
reasonin g tha t  wil l  lin k th e dat a t o a  mor e abstrac t  rul e tha t 
enable s inferenc e b y appropriat e bindings . 

Th e first  solutio n require s a n explanatio n o f  th e natur e o f 
th e relationshi p betwee n successiv e dynami c bindings .  Th e 
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secon d require s a  learnin g algorith m t o buil d a  ne w chai n o f 
reasonin g an d th e presenc e o f  abstrac t  knowledg e a t  th e en d 
of  th e chai n o f  reasoning ,  fo r  exampl e pragmati c reasonin g 
schemas (Chen g &  Holyoa k 1985) . 

I  choos e th e secon d solution ,  whic h mean t  includin g i n 
th e mode l  o f  Shastr i  &  al .  a  mechanis m fo r  addin g window s 
of  synchron y durin g th e reasonin g process .  I n S H R U TI  th e 
for m o f  th e quer y mus t  contai n al l  window s o f  synchron y 
necessar y fo r  a  conclusio n t o b e drawn .  Deductiv e reasonin g 
task s ofte n requir e addin g ne w window s o f  synchron y 
becaus e th e variable s o f  th e conclusio n m a y b e boun d t o a 
differen t  conten t  tha n thos e o f  th e premises .  Fo r  example , 
conside r  a  conditiona l  reasonin g tas k wit h a  rule :  "I f  T o m 
give s a  cand y t o Gus ,  the n T o m ha s stole n mone y fro m 
Mary "  an d a  premise :  "To m give s a  cand y t o Gus" .  I n orde r 
t o generat e th e correc t  conclusio n ("To m ha s stole n mone y 
fro m Mary") ,  "candy "  an d "money "  canno t  fire  i n synchrony , 
nor  ca n "Gus "  an d "Mary" .  Otherwis e ther e woul d b e 
confusio n abou t  exactl y wha t  i s stole n o r  give n an d t o 
w h om i t  i s stole n o r  given . 

Shastr i  &  Ajjanagadd e (1993 )  describ e a  learnin g 
algorith m tha t  enable s node s t o fir e i n synchron y startin g 
wit h a  nois y tempora l  firin g distribution .  Learnin g i s no t 
onl y necessar y t o synchroniz e firin g o f  appropriat e nodes , 
but  als o t o lin k th e give n rul e t o a  mor e abstrac t  rul e tha t 
enable s th e generatio n o f  th e conclusion . 

Shastr i  &  Granne s (1995 )  modifie d S H R U TI  t o enabl e i t 
t o perfor m negatio n an d detectio n o f  inconsistencies .  The y 
adde d a  negativ e collecto r  nod e t o ever y predicate .  Thi s 
optio n wa s no t  chose n i n th e presen t  mode l  sinc e i n thei r 
extension ,  th e negatio n o f  eac h predicat e mus t  b e 
specificall y included .  Thi s seeme d somewha t  unrealisti c 
sinc e negatio n i s a  genera l  concep t  an d nee d no t  b e 
specificall y associate d wit h eac h predicate . 

The Shastr i  &  al .  mode l  make s us e o f  differen t  kind s o f 
nodes :  fac t  nodes ,  collecto r  nodes ,  enable r  nodes ,  etc . 
Accordin g t o Ajjanagadd e (1994 )  thi s se t  o f  nod e types ,  a s 
wel l  a s th e distinctio n betwee n role s an d fillers ,  i s 
unnecessary .  H e describe s a  syste m tha t  use s a  se t  o f 
excitator y an d inhibitor y links ,  calle d a  lin k bundle .  Thes e 
lin k bundle s preserv e th e qualitie s o f  S H R U TI  whil e 
simplifyin g th e representation .  I  adapte d thi s solutio n t o th e 
presen t  model . 

Description of the Model 

Network Structure 

The network is composed of a set of nodes which are not 
full y  connected .  Eac h nod e i s eithe r  excitator y o r  inhibitory . 
Excitator y node s ca n sen d onl y excitator y messages ,  an d 
inhibitor y node s onl y inhibitor y messages .  Whil e excitator y 
link s bin d tw o nodes ,  inhibitor y link s bin d a  nod e t o a 
excitator y connection .  Thi s enable s a  temporar y blockin g o f 
a specifi c  excitator y transmission ,  (figur e 2) . 

Each connectio n ha s a  weigh t  whic h ha s tw o functions : 
determinin g th e probabilit y  o f  transmissio n o f  activation , 
and,  i n th e even t  o f  transmission ,  th e amoun t  o f  activatio n 

transmitted .  Connection s als o hav e a  lengt h whic h 
determine s th e dela y fo r  th e activatio n t o propagat e from  th e 
afferen t  nod e t o th e efferen t  node . 

f  E  J  Excitator y nod e 

f I J Inhibitory node 

Inhibitor y lin k 

Excitatory link 

Figur e 2 :  Structur e o f  th e ne t 

A node represents a small cluster of neural units (akin to the 
Hebbia n notio n o f  cel l  assemblies )  an d a  se t  o f  node s firin g 
i n synchron y represent s a  concep t  o r  a  se t  o f  boun d 
concepts .  I n figur e 4  th e concep t  "Consequent "  i s  compose d 
of  4  node s an d i s boun d t o "Lawrence "  becaus e the y bot h fir e 
i n synchron y (figur e 3) .  I n thi s networ k architecture ,  unlik e 
m a ny connectionis t  architectiu'es ,  ther e i s n o notio n o f  layer . 

Activation Propagation 

Excitatory activation is stochastically transmitted along 
connections .  Connectio n weight s represen t  th e strengt h o f 
activatio n passin g an d th e probabilit y o f  propagatio n 
throug h th e connections .  Accordin g t o thei r  weight , 
connection s ar e stochasticall y selected .  O n c e selected ,  th e 
afferen t  nod e receive s a n activatio n equa l  t o th e valu e o f 
weight .  I f  th e s u m o f  activation s arrivin g a t  a  nod e reach s a 
threshold ,  th e nod e fires .  Activatio n propagatio n alon g a 
connectio n take s tim e an d th e propagatio n spee d i s randoml y 
selecte d fro m a  particula r  interva l  whic h i s modifie d b y th e 
learnin g algorithm .  Inhibitor y activatio n follow s th e sam e 
principles ,  excep t  tha t  activatio n propagate s fro m node s t o 
excitator y connections . 

O n ce a  nod e fires ,  i t  tend s t o fir e rhythmicall y wit h a 
frequenc y betwee n 3 0 an d 8 0 H z (i.e .  betwee n 3 3 an d 1 2 
m s ) .  Followin g Shastr i  &  Ajjanagadde' s (1993 )  notation , 
thi s inter-spik e dela y i s calle d n .  T h e widt h o f  w i n d o w s o f 
synchron y las t  3  t o 6  m s an d thi s valu e i s note d (O . 

Synchronou s firin g o f  node s eithe r  produce s variabl e 
bindin g o r  associate s unit s tha t  participat e i n a  concep t 
representation.  T h e tempora l  sequenc e o f  synchronou s firin g 
indicate s relation s be twee n concepts ,  enablin g th e 
representatio n o f  rules .  Fo r  examp le ,  i n figur e 3 , 
"Antecedent "  fire s befor e "Consequent "  an d stand s fo r  th e 
rule :  " U Anteceden t  the n Consequent" . 
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Learn in g 

Learning modifles weights and connection delays on the 
basi s o f  informatio n fro m th e externa l  world .  I t  i s assume d 
tha t  fact s perceive d ar e compose d o f  a  serie s o f  concepts .  Th e 
activatio n o f  thes e concept s ha s a  particula r  tempora l  order . 
Th e tas k o f  th e learnin g algorith m i s t o reproduc e thi s 
tempora l  orde r  an d t o lin k concept s t o th e res t  o f  th e 
knowledg e base .  Externa l  activatio n shoul d therefor e b e 
distinguishe d fro m interna l  autonomou s activatio n o f  th e 
net .  Modificatio n o f  weight s an d delay s depend s o n th e 
overla p o f  externa l  an d interna l  activation .  I n th e cunen t 
model ,  whe n activation s overlap ,  th e weight s o f  excitator y 
connection s increase ,  an d th e dela y interval s shif t  t o focu s 
aroun d th e mos t  recentl y selecte d dela y duration .  I n addition , 
th e weight s o f  connection s inhibitin g excitator y connection s 
als o decrease .  W h e n activation s d o no t  overla p th e proces s i s 
inverted .  Dela y learnin g ca n rapidl y focu s o n a  particula r 
value ,  enabUn g node s t o chang e thei r  partner s o f  synchron y 
and therefor e permittin g plasticit y i n variabl e binding . 

Predictions of the Model 

This model predicts that reasoning will take more time and 
be mor e difficul t  a s th e numbe r  o f  synchronie s increases . 
The numbe r  o f  possibl e tempora l  synchronie s depend s o n 
th e firequemcy  o f  rhythmi c patter n o r  th e inter-spik e dela y (tc ) 
and th e widt h o f  window s o f  synchron y (co) .  W h e n th e 
number  o f  synchronie s increases ,  th e frequenc y mus t 
decreas e (i.e. ,  t c become s larger )  and/o r  c o mus t  decrease .  I f 
thi s las t  valu e decrease s to o much ,  th e probabilit y  o f 
confusio n betwee n synchronie s increase s an d th e probabilit y 
of  error s increases .  I n addition ,  th e tim e fo r  th e networ k t o 
reac h a  stabl e stat e wil l  increase . 

Experiment 1 

To test the last prediction we ran a reasoning experiment 
comparin g tw o situations .  Th e firs t  situatio n require s si x 
window s o f  synchron y (6to) ,  th e secon d require s eigh t 
window s o f  synchron y (8a)) .  Thirt y subject s receive d th e 
followin g instructions :  " A rul e writte n i n blu e wil l  appea r 
on th e screen ,  yo u mus t  rea d i t  an d tel l  m e whe n yo u hav e 
understoo d it .  Afterward ,  a  statement ,  writte n i n re d wil l 
appea r  o n th e screen .  Yo u shoul d relat e i t  t o th e rul e an d tel l 
me wha t  yo u conclude" .  Subject s wer e give n a  serie s o f 
simila r  arithmeti c exercise s t o familiariz e the m wit h th e 
procedure .  Subject s wer e randoml y assigne d t o on e o f  th e 
tw o groups . 

I n th e firs t  grou p (6w) ,  subject s receive d thi s rule :  "I f  T o m 
give s a  cand y t o Gu s the n T o m ha s give n a  cand y t o 
Lawrence "  an d th e question s appearin g i n a  rando m orde r 
were :  "To m give s a  cand y t o Gus" ,  "To m doe s no t  giv e a 
cand y t o Gus" ,  "To m ha s give n a  cand y t o Lawrence "  an d 
"To m ha s no t  give n a  cand y t o Lawrence" .  Thi s tas k o f 
conditiona l  reasonin g make s referenc e t o materia l 
implication .  Subjects '  inference s ar e o f  fou r  types :  Modu s 
Ponen s f̂ JiL ,  M o d u s Tollen s '̂-- ^  (soun d inferences ) 

Denyin g th e anteceden t  ^- ^  an d Affirmin g th e consequen t 

(soun d onl y i n materia l  equivalence) .  Tabl e 1  show s 

thes e inferences . 

Urou p 1 
6<a 

(jTOU p 2 
So 

Modui 
Ponent tcom'i c om 
fiv M a  camd f 
to  Gi u infe r 
Tom ha i 
fiw n a  cmiuf y 
to Lawrtiic 4 bo m To m 
give i  a  cand y 
loCu j  infe r 
Tom ha t 
stolt H memt y 
from  Mar y 

Denyin g th e 
Aniecedico t homTom 
dot *  no t  f  iv « 
a cmdj i  t o 
Gta infe r  To m 
has HOI  |jv«i i 
a cand y t o 
Lawnnei 

ASunungth e 
Coniequen t I n m T o m ^ S 

lo m To m ~ ~ 
dot s no t  (IV « 
a coiuh r  ( o 
Cw infe r 
has ne t  ttoltî ivt j 
montyfro m 
Mary 

•and y no t 
Ton 

tivt n a  Ci 
t o Lawrtnc t 
infe r  To m 
giv* M a  cand y 
to Gu s bo m lor n ha s 
sloU n mone y 
fro m Mar y 

Tamfinfe r  To m 
a cand y 

t o Gu s 

ToUent 
^ m m T S ^ Si 
to t  tn* n a 

candy t o 
Lawrtnc t 
infe r  To m 
dou no t  fiv t 
a cand y t o 
Gus 

tra m To m ha s 
not  stoU n 
money from 
Mvyint a 
Tom dot s no t 
fiv e a  cand y 
t o Gu s Tabl e 1 :  instantiatio n o f  inference s 

Starting with the query: "Tom gives a candy to Gus", the 
model  predict s a  rhythmi c patter n wit h 6  window s o f 
synchron y tha t  coul d b e represente d b y figur e 3  an d a 
networi c stat e enablin g soun d inference s a s i n figure  4 .  Wit h 
6 window s o f  synchrony ,  i f  o )  i s  3  ms. ,  n  mus t  b e >  1 8 
ms.  (th e frequenc y mus t  b e inferio r  t o 5 6 Hz.) ;  i f  o )  i s  6  ms , 
n mus t  b e ̂  3 6 ms .  (th e frequency  mus t  b e inferio r  t o 2 8 
Hz.) .  I n figure  3 ,  n  i s equa l  t o 2 4 ms .  (4 2 Hz. )  an d ©  i s 
equa l  t o 4  ms . 
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Figur e 3 :  Concept s firing  followin g th e query :  "To m give s a 
cand y t o Gus "  i n th e situatio n 1 .  Gu s an d Anteceden t  ar e 
firing  i n synchron y a s wel l  a s Lawrenc e an d Q)nsequen t 

Connections represented in figure 4 enable sound material 
implicatio n inferences .  W h e n th e premis e i s "Yes ,  T o m 
give s a  cand y t o Gus" ,  activatio n i s propagate d from  "Gus " 
t o "Antecedent" ,  from  "Antecedent "  t o "Consequent "  an d 
from  "Consequent "  t o "Lawrence" .  W h e n th e premis e i s 
"No ,  T o m give s a  cand y t o Gus" ,  "No "  inhibit s th e 
connectio n from  "  Antece<fcnt "  t o "Consequent "  thu s prevent s 
any conclusion .  W h e n th e premis e i s "Yes ,  T o m give s a 
cand y t o Lawrence" ,  "Lawrence "  activate s "consequent "  bu t 
"Yes "  inhibit s th e connectio n fro m "Consequent "  t o 
"Antecedent "  thu s prevent s an y conclusion .  W h e n th e 
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premis e i s "No ,  T o m give s a  cand y t o Lawrence "  n o 
inhibitio n occur s an d activatio n i s propagate d t o enabl e 
"Gus "  node s t o fire. 

Lawrcnc i 

Consequen t Anteceden t 

Figur e 4 :  A  networ k configuratio n tha t  enable s soun d 
infe-rence s wit h regar d t o materia l  implication .  Eac h 
concep t  i s represente d b y a  se t  o f  interconnecte d node s 
althoug h i t  i s no t  showed .  (Not e tha t  som e node s coul d 
be use d b y mor e tha n on e concept ,  an d tha t  onl y a  smal l 
number  o f  connection s ar e represented) .  Affirmatio n an d 
negatio n node s ar e necessar y fo r  soun d materia l 
implicatio n inferenc e throug h inhibitio n mechanism . 
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Figur e 5 :  Concept s firing  followin g th e query :  "To m give s a 
cand y t o Gus "  i n th e situatio n 2 .  Give s an d Anteceden t  ar e 
firin g i n synchron y a s wel l  a s Has_stole n an d Consequen t 

For the second group (8co), subjects received this rule: "If 
To m give s a  cand y t o Gu s the n T o m ha s stole n mone y from 
Mary "  an d th e question s were :  "To m give s a  cand y t o Gus" , 
"To m doe s no t  giv e a  cand y t o Gus" ,  "To m ha s stole n 
money from  Mary "  an d "To m ha s no t  stole n mone y fro m 
Mary "  appearin g i n a  rando m order .  Th e require d 8  window s 

of  synchron y ca n b e rqjresente d a s i n figur e 5  an d th e stat e 
of  th e networ k a s i n figur e 6 .  Wit h 8  w indow s o f 
synchrony ,  i f  o > i s 3  nis ,  n  mus t  b e ̂  2 4 ms .  (th e frequency 
must  b e inferio r  t o 4 2 Hz.) ,  i f  c o i s 6  ms .  i t  mus t  b e ̂  4 8 
ms.  (th e frequenc y mus t  b e inferio r  t o 2 1 Hz. )  whic h i s ou t 
of  realisti c range.  I n Figur e S ,  K  i s equa l  t o 2 8 ms .  (3 6 Hz. ) 
and ( 0 i s equa l  t o 3  ms . 

The connection s show n i n figure  6  enabl e soun d materia l 
implicatio n inferences .  Fo r  eac h o f  th e fou r  premises ,  th e 
activatio n i s conecA y propagated . 

Tom Give s Cand y Gu s 

0 ( » - 0 0 o o 
Has Stole n Mone y Mar y 

Anteceden t Consequen t 

Figur e 6 :  A  networ k configuratio n tha t  enable s soun d 
inference s wit h regar d t o materia l  implication .  Eac h concep t 
i s represente d b y a  se t  o f  interconnecte d node s althoug h i t  i s 

not  showed . 

Experimentally evaluating the difficulty of the task is not 
easy .  I t  i s  wel l  know n tha t  subject s ofte n d o no t  follo w 
rule s relate d t o materia l  implication .  I n som e situation s o f 
everyda y life ,  soun d inference s relate d t o materia l 
implicatio n ar e les s adequat e tha n thes e o f  materia l 
equivalence .  Bu t  w e canno t  separat e thes e type s o f  peopl e i n 
tw o groups ,  thos e w h o accep t  materia l  implicatio n an d thos e 
w ho accep t  materia l  equivalence .  A  numbe r  o f  biase s affec t 
subject s response s (Evan s 1989) .  Conten t  an d contex t  als o 
modif y th e patter n o f  responses  (Chen g &  Holyoak ,  1985) . 
T o compar e th e performanc e betwee n groups ,  w e coul d 
compar e respons e pattern s tha t  ar e soun d fo r  materia l 
implicatio n o r  materia l  equivalenc e t o othe r  type s o f 
patterns .  Th e soun d inference s fo r  materia l  implicatio n ar e 

Modus Fonen s — r -  an d Modu s Tollens-SLII ,  fo r  materia l 

equivalence ,  Modu s ponen s — r -  ,  Denyin g th e anteceden t 

' ,  Affirmin g th e consequen t and M o d u s ToUen s 

-=r -  .  W e compar e subject s wit h consisten t  response s t o 

subject s w h o contradic t  themselve s from  on e inferenc e t o 
anotha . 

As th e figure 7  shows ,  th e proportio n o f  consisten t 
pattern s o f  response s i s significantl y highe r  i n th e grou p 
wher e th e presente d rul e requir e si x window s o f  synchron y 

(X ^  (1) = 5.12 9 p  <  .05) . 
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Othe r 

• |  Materia l 
^  implicatio n 

or 
equivalenc e 

6 synchronie s 8 synchronie s 

Figur e 7 :  Percentag e o f  consisten t  an d inconsisten t  pattern s 
of  inference s fo r  th e tw o groups . 

Even though this criterion measures consistency among 
successiv e inferences ,  i t  migh t  b e criticize d a s bein g simpl y 
a measur e o f  tas k difficulty .  Th e lim e take n b y subject s t o 
dra w a n inferenc e ca n als o b e used .  Th e tim e fro m th e 
appearanc e o f  th e questio n t o th e respons e wa s recorded , 
givin g th e average s indicate d i n Tabl e 2 . 

Grou p 1  (6(0 ) 
489 4 m s 

Grou p 2  (8(0 ) 

652 8 m s 

Tabl e 2 :  Averag e tim e i n ms .  betwee n th e questio n presen -
tatio n an d th e response .  Studen t  t  (103 )  =  -3.04 6 p  <  .00 5 

These data show a highly significant difference between 
th e tw o groups .  Subject s doin g th e tas k requirin g eigh t 
window s o f  synchron y tak e mor e tim e t o mak e a n inferenc e 
tha n subject s doin g th e othe r  task .  A s predicted ,  whe n th e 
number  o f  window s o f  synchron y increases ,  th e likeliho(x l 
of  confusio n betwee n synchronie s increases ,  encodin g o r 
learnin g tim e increases ,  an d th e subject' s respons e i s 
delayed . 

Psychologica l  dat a abou t  multipl e instantiatio n ten d t o 
sho w tha t  peopl e dea l  mor e efficientl y wit h a  proble m i n 
whic h predicate s ar e instantiate d mor e tha n once .  Fo r 
example ,  D e Sot o &  al .  (1965 )  showe d tha t  subject s mak e 
les s error s whe n inferrin g " A i s bette r  tha n C "  fro m th e 
premise s " A i s bette r  tha n B "  an d " B i s bette r  tha n C "  tha n 
fro m th e premise s " B i s bette r  tha n C "  an d " B i s wors e tha n 
A" .  M y hypothesi s involve s a n abstraction ,  a  replacemen t  o f 
th e multipl e premise s b y a  chunke d summar y tha t  describe s 
th e situation .  I n thi s example ,  th e predicat e extend s th e 
number  o f  it s  possibl e argument s t o combin e thos e o f 
additiona l  instantiate d predicates .  W h e n i t  receive s th e secon d 
premis e " B i s bette r  tha n C "  o f  th e firs t  situation ,  th e 
syste m merge s th e firs t  premis e t o includ e C  an d m a y 
transfor m a  representatio n "Bette r  than :  A ,  B "  t o "Bette r 
than :  A ,  B ,  C" .  Th e secon d situatio n require s a n additiona l 
process ,  tha t  o f  usin g th e opposit e predicat e t o transfor m " B 
i s wors e tha n A "  int o " A i s bette r  tha n C" . 

Experiment 2 

The above hypothesis concerning multiple instantiations 
was teste d experimentally .  However ,  fo r  th e moment ,  th e 

presen t  mcxle l  canno t  d o multipl e instantiation .  I  use d tw o 
situation s involvin g th e sam e numbe r  o f  instantiation s o f 
th e sam e predicate ,  bu t  involvin g a  differen t  numbe r  o f 
transformation s i n orde r  t o mak e a  summarize d conclusion . 
The first  grou p o f  subject s receive d thes e premises :  "Alla n i s 
i n lov e wit h Mary" ,  "Mar y i s i n lov e wit h Allan" ,  "Pete r  i s 
i n lov e wit h Barbara" ,  "Barbar a i s i n lov e wit h Peter" .  Th e 
secon d grou p receive d thes e premises ;  "Pete r  i s i n lov e wit h 
Mary" ,  "Barbar a i s i n lov e wit h Allan" ,  "Alla n i s i n lov e 
wit h Mary "  an d "Mar y i s i n lov e wit h Peter" .  Th e fou r 
premise s wer e presente d i n a  rando m orde r  t o bot h groups . 
Afte r  readin g thes e premises ,  subjec t  ha d t o infe r  whic h 
peopl e wer e happ y (i.e .  wher e thei r  lov e wa s reciprocated) .  A 
highe r  proportio n o f  subject s gav e th e correc t  answe r  i n th e 
first  grou p wher e relation s ar e al l  reciproca l  (.92) ,  tha n i n 
th e secon d grou p (.66) .  Respons e time s wer e als o shorte r  fo r 
th e first  grou p (mean :  387 4 ms )  tha n fo r  th e secon d (mean : 
1026 2 ms )  Studen t  t  (18 )  =  -3.35 2 p  <  .005 . 

Thes e dat a sho w tha t  multipl e instantiatio n ca n b e treate d 
rapidl y whe n onl y a  smal l  numbe r  o f  transformation s ar e 
require d t o ge t  a  summarize d representation .  Subject s ar e fa r 
les s efficien t  a s th e numbe r  o f  require d transformation s 
increases .  However ,  ther e shoul d b e a  mechanis m leadin g t o 
a summarize d representatio n tha t  maintain s a  trac e o f 
previou s instantiation s whil e th e curren t  instantiation s ar e 
active . 

Discussion 

The present system attempts to model not only certain low-
leve l  neurobiologica l  fact s abou t  synchron y o f  neura l  firing 
but  als o highe r  leve l  psychologica l  dat a o n deductiv e 
reasoning .  Th e reade r  ca n refe r  t o Shastr i  &  Ajjanagadd e 
(1993 )  fo r  a  discussio n o f  th e neurobiologica l  plausibilit y  o f 
thi s typ e o f  model . 

We kno w fro m Johnson-Laird' s wor k (e.g .  Johnson-Lair d 
& Byrne ,  1991 )  tha t  reasonin g i s highl y constraine d b y 
workin g memor y capacit y an d w e kno w fro m Chen g & 
Holyoak' s wor k (e.g .  Chen g &  Holyoak ,  1985 ,  Holyoa k & 
Cheng ,  1995 )  tha t  reasonin g i s als o constraine d b y 
pragmati c principle s whic h ar e th e resul t  o f  th e acquisitio n 
and generalizatio n o f  knowledge .  Thi s mode l  attempt s t o 
incorporat e bot h level s i n a  singl e system .  Workin g 
memory i s conceive d a s th e synchronou s an d rhythmi c firing 
of  nodes .  Thi s proces s i s th e consequenc e o f  th e conten t  o f 
lon g ter m memor y sinc e workin g memor y i s viewe d a s th e 
curren t  activatio n o f  lon g ter m memory . 

The paralle l  activatio n o f  node s i n thi s mode l  give s i t  th e 
theoretica l  possibilit y  o f  avoidin g problem s o f 
combinatoria l  explosio n i n a  scaled-u p version .  Thi s i s als o 
on e o f  th e mos t  interestin g featur e o f  th e Shastr i  &  al . 
model  (Shastri ,  1993) .  M a n y o f  th e sequentia l  model s o f 
deductiv e reasonin g hav e bee n show n t o b e intractabl e i n 
scaled-u p version s (Oaksfor d &  Chater ,  1995) . 

A m o ng th e limitation s o f  thi s mode l  ar e th e proble m o f 
th e multipl e instantiatio n an d catastrophi c forgettin g i n th e 
learnin g process .  Multipl e instantiatio n ha s bee n treate d b y 
Mani  &  Shastr i  (1993) .  Fo r  n  instantiation s o f  a  concept , 
th e amoun t  o f  node s require d i n thei r  mode l  i s r̂ .  Ther e i s 
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no mechanis m i n th e presen t  mode l  fo r  dealin g wit h 
multipl e instantiation .  Bu t  experimen t  2  coul d guid e ou r 
research .  Th e numbe r  o f  simultaneou s instantiation s seem s 
t o b e bounde d aroun d 2 .  W e coul d imagin e tha t  node s 
pertainin g t o a  doubl y instantiate d predicat e woul d fir e a t  a 
ryth m twic e a s fas t  a s th e others .  A s ryth m i s bounde d b y 
th e refractor y pnio d o f  neurons ,  multipl e instantiatio n i s 
als o bounded .  Thi s hypothesi s seem s reasonabl e sinc e th e 
frequenc y o f  oscillation s ha s bee n foun d t o b e dependen t  o n 
th e amoun t  o f  activit y tha t  a  neuro n receives . 

Catastrophi c forgettin g i s characterize d b y a n interferenc e 
of  th e newl y learne d conten t  o n previousl y learne d 
informatio n makin g thi s informatio n lost .  I n m y 
computationa l  simulation ,  thi s limitatio n mean s tha t  th e 
proble m mus t  b e encode d a t  th e sam e tim e a s th e lon g ter m 
knowledg e i s stored .  A  separatio n o f  th e architectur e int o a 
"lon g ter m memory "  componen t  an d a  "mediu m ter m 
memory"  componen t  migh t  b e a n effectiv e wa y o f  dealin g 
wit h thi s proble m (French ,  1994) . 

Conclusions 

A good model of human reasoning should explain the 
mechanism s b y whic h peopl e solv e reasonin g problems ,  th e 
caus e o f  systemati c biases ,  an d ho w th e conten t  o f  a 
proble m a£Fect s performance .  I n thi s paper ,  I  hav e focuse d o n 
a possibl e low-leve l  mechanis m — namely ,  synchron y — 
tha t  enable s (an d perturbs )  deductiv e reasoning .  However ,  I 
di d no t  focu s o n systemati c biase s a s describe d i n Evan s 
(1989) .  I t  i s  know n tha t  a  problem' s conten t  affect s th e 
reasonin g process .  Th e presen t  mode l  attempt s t o giv e a n 
emergen t  explanatio n fo r  thi s phenomenon ,  rathe r  tha n 
proposin g a  specifi c  context-independen t  mechanis m fo r  it , 
we coul d incorporat e th e Pragmati c Reasonin g Schema s 
(Chen g &  Holyoak ,  198 5 Holyoa k &  Cheng ,  1995 )  o r 
possibl y Socia l  Exchang e (Cosmide s 1989) .  Th e mode l 
presente d her e attempt s t o combin e neurobiologica l  an d 
psychologica l  plausibility .  I n addition ,  experimenta l  dat a 
confirme d a  n u m b ^  o f  prediction s o f  th e model . 
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