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Connectionis t  computin g offer s a  flexibl e approac h t o 
modellin g automati c cognitiv e processes ,  whil e productio n 
system s provid e reasonabl e model s o f  controlle d processe s 
involve d i n proble m solving .  Ou r  initia l  motivatio n fo r  th e 
developmen t  o f  thi s proble m solvin g simulatio n wa s t o buil d 
a mode l  whic h coul d predic t  th e tim e require d t o solv e a 
proble m an d th e type s o f  error s peopl e ar e likel y t o mak e 
unde r  tim e pressure .  Asid e fro m it s predictiv e ability ,  w e 
believ e th e simulatio n offer s a  uniqu e approac h t o modellin g 
cognitiv e tasks .  We refe r  t o th e mode l  a s a  Dynami c 
Connectionis t  Mode l  o f  Proble m Solvin g (DCOMPS).  I t  i s 
connectionis t  becaus e workin g memor y consist s o f 
proposition s whic h ar e organize d int o a  connecte d 
activationa l  network ,  an d i t  i s  dynami c becaus e thi s networ k 
change s it s organizatio n ove r  tim e a s a  resul t  o f  th e firin g 
of  productio n rules .  It s architectur e i s designe d t o handl e 
a variet y o f  proble m solvin g tasks ,  includin g arithmeti c 
wor d problems ,  two-ter m serie s an d a  stroo p task . 

Our purpose in this project is to develop a model of problem 
solvin g tha t  predic t s th e t im e require d t o solv e a  prob le m an d th e 
error s whic h peopl e ar e l ikel y t o mak e unde r  t im e pressure .  We 
assume tha t  proble m solvin g occur s a s a  serie s o f  menta l  events , 
eac h o f  whic h consist s o f  th e recognit io n o f  a  pat ter n an d a 
response .  Th e t im e require d t o respon d t o a  pat ter n i s a  funct io n 
of  th e interact io n betwee n automati c an d control le d processe s 
(Neely ,  1 9 7 7 ) .  Th e tw o mos t  commonl y use d archi tecture s i n 

modell in g cogni t iv e processes ,  connect ionis t  network s an d 
productio n systems ,  closel y paral le l  automati c an d contro l le d 
processes ,  respect ively .  Connect ionis t  network s ar e use d t o 
simulat e th e pat tern-matchin g capabi l i t ie s o f  th e cogni t iv e syste m 
-  the y ar e part icular l y goo d a t  resolvin g incomplet e o r  ambiguou s 
patterns .  Thes e networks ,  however ,  d o no t  easi l y accomodat e th e 
goal-driven ,  seria l  natur e o f  huma n cognit iv e process ing . 
Productio n systems ,  o n th e othe r  hand ,  ar e goal-dr ive n an d seria l 
i n nature .  Connect ionis t  network s d o no t  easi l y dea l  w i t h 
instantiat io n o f  severa l  concurren t  concepts ;  product io n system s 
ca n accommodat e instant iat io n an d var iabl e b inding . 

We would like to thank Earl Hunt, Aura Hanna, Simon Farr and Penny Yee for 
thei r  comment s o n earlie r  drafts .  Thi s researc h wa s supporte d b y a  gran t  fro m 
th e Offic e o f  Nava l  Researc h Gran t  N0014-84-K-00 3 t o th e Universit y o f 
Washington ,  Ear l  Hun t  Principa l  Investigator . 
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Take n together ,  productio n system s an d connectionis t  model s 
compensat e fo r  eac h others '  weaknesses .  Th e huma n cognitiv e syste m 
may hav e evolve d thes e tw o type s o f  processin g primaril y becaus e 
the y compensat e fo r  eac h others '  deficiencies .  Thu s ther e ar e 
theoretica l  a s wel l  a s pragmati c reason s fo r  attemptin g t o 
integrat e th e tw o approache s t o cognitiv e modelling . 

Our work builds on two attempts to combine models of automatic 
an d controlle d processing :  Anderson' s ACT *  (1983 )  an d Hun t  an d 
Lansman' s (1986 )  production-activatio n model .  I n th e ACT *  approach , 
productio n rule s ar e embedde d i n a  connecte d network ,  an d th e rule s 
fir e whe n the y attai n a  sufficien t  leve l  o f  activation . 

Hunt and Lansman's theory is similar to ACT* but focuses upon 
simpl e cognitiv e task s suc h a s th e Stroo p task ,  fou r  an d 
eight-choic e reactio n tim e tasks ,  an d ha s bee n extende d t o simpl e 
arithmeti c task s (Richardso n an d Hunt ,  1986) .  Productio n rule s ar e 
matche d t o feature s i n workin g memory .  A  productio n rul e i s fire d 
when activatio n strengt h exceed s tha t  o f  al l  competin g production s 
by a  paramete r  delta .  Th e tim e require d fo r  a  give n productio n t o 
fir e i s a  decreasin g functio n o f  th e degre e o f  matc h betwee n th e 
productio n patter n an d th e content s o f  workin g memory ,  an d a n 
increasin g functio n o f  th e numbe r  o f  competin g productions . 

Our simulation is based upon the Hunt and Lansman system, but has 
severa l  basi c changes .  Hun t  an d Lansma n represente d object s a s 
vector s o f  features ;  w e chos e a  prepositiona l  representation .  I n 
th e Hun t  an d Lansma n model ,  activatio n spread s throug h a  networ k o f 
productio n rules .  I n ou r  model ,  activatio n spread s throug h a 
networ k o f  proposition s i n whic h th e link s betwee n th e proposition s 
ar e determine d b y a  fe w genera l  principles ,  an d ca n b e modifie d b y 
productio n rules . 

DCOMPS: An Overview 

The program is called DCOMPS, which stands for Dynamic 
Connectionis t  Mode l  o f  Proble m Solving .  DCOMPS i s base d upo n 
thre e assertions :  1 )  automati c processe s ca n b e modelle d b y th e 
paralle l  activatio n o f  relate d node s i n a  prepositiona l  network , 
2)  controlle d processe s ca n b e modelle d b y a  productio n syste m 
and ,  3 )  th e tim e require d t o solv e a  proble m i s a  functio n o f  th e 
interactio n betwee n th e tw o processes . 

The following points describe some of the more salient features 
of  DCOMPS: 

First, we have loosely adapted the system described by Kintsch 
(1974) ,  fo r  th e prepositiona l  representatio n o f  problems .  Comple x 

proble m solvin g task s ar e represente d b y simpl e propositions ,  wher e 
a propositio n consist s o f  a  predicat e an d on e o r  mor e arguments . 

664 



Second ,  fo l lowin g Hun t  an d Lansma n w e d is t ingu is h betwee n 
interna l  an d externa l  channels .  Work in g memor y cons is t s o f  a 
semanti c (internal )  channe l  an d on e o r  mor e externa l  channe ls .  Eac h 
channe l  ma y conta i n severa l  l inke d propos i t ions .  Eac h propos i t io n 
ha s a n act ivat io n leve l  tha t  i s  determine d b y th e act iv i t y i n th e 
network .  Representat ion s i n th e externa l  channe l  hav e bee n 
processe d t o a  certai n extent ,  bu t  hav e no t  bee n semant ica l l y 
encoded .  I n th e curren t  vers ion ,  ther e i s onl y on e externa l  channe l 
whic h receive s preposi t iona l  representat ion s o f  v isua l l y p resente d 
word s o r  sentences .  Othe r  externa l  channels ,  suc h a s audi tor y an d 
tacti l e channels ,  coul d b e added .  Connect ion s acros s channel s ar e 
allowed ,  a l thoug h the y ar e general l y weake r  tha n wi th in-channe l 
connect ions . 

Third, control of the problem solving process is governed by the 
patter n o f  act ivat io n o f  proposi t ion s residen t  i n work in g memor y 
ove r  t ime .  Thi s i n tur n i s governe d b y simpl e rule s whic h d ic ta t e 
ho w proposi t ion s ma y b e l inke d together ,  an d b y th e incorporat io n 
an d t ransformat io n o f  proposi t ion s i n work in g memory . 

The incorporation of prepositional information is based on 
Kintsc h an d va n Di jk ' s (1978 )  mode l  o f  d iscours e understanding . 
Kintsc h an d va n Di j k dist inguis h betwee n a  microst ructur e an d a 
macrostructur e representat io n o f  text .  Th e microst ructur e consist s 
of  th e par t  o f  th e discours e whic h i s current l y be in g comprehended . 
The macrostructur e consist s o f  proposi t ion s whic h hav e bee n 
extracte d fro m th e microstructur e an d whic h ar e retaine d i n work in g 
memory a s a n ai d t o understandin g incomin g propos i t ions .  Becaus e w e 
eventuall y inten d t o simulat e man y di f feren t  type s o f  v isua l  an d 
auditor y tasks ,  w e hav e chose n t o cal l  th e macrost ructur e an d 
microstructur e th e semanti c an d externa l  channels ,  respect ively . 
Proposit ion s ar e extracte d fro m th e externa l  channe l  an d 
incorporate d int o th e semanti c channe l  base d o n th e concep t  o f 
referentia l  coherence .  Tha t  is ,  th e proposi t ion s whic h contai n 
argument s tha t  ar e mos t  of te n referre d t o ar e extracte d f i rst , 
whil e othe r  proposi t ion s ten d t o b e discarded .  Kintsc h (persona l 
communication ,  July ,  1986 )  ha s suggeste d ho w thi s theor y ma y b e 
implemente d i n a  connect ionis t  framework . 

Propositions are linked to themselves by a connection strength of 
1.0 .  Proposi t ion s tha t  shar e argument s ar e l inke d b y a  connect io n 
strengt h o f  0.5 .  Proposi t ion s tha t  ar e bot h reference d b y a  th i r d 
proposit io n ar e l inke d b y a  strengt h o f  0.3 .  Fo r  example ,  PI(agen t 
(John) )  an d P 3 (Objec t  (ball) )  woul d b e l inke d t o eac h othe r  b y a 
strengt h o f  0. 3 i f  proposi t io n P2(ha s (P I  P3) )  wer e als o present . 
Proposit ion s tha t  ar e relate d mor e distant l y ar e l inke d b y a 
connectio n strengt h o f  0.2 .  Fo r  example ,  i f  P 4 wer e (Colo r  (re d 
P 3 ) ) ,  i t  woul d b e l inke d t o P I  b y 0.2 .  Thu s fo r  th e propos i t ion s 
P1-P 4 w e hav e th e fol lowin g connect io n matr ix : 
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PI  P 2 P 3 P 4 

PI 1.0 0.5 0.3 0.2 

P2 0.5 1.0 0.5 0.3 

P3 0.3 0.5 1.0 0.5 

P4 0.2 0.3 0.5 1.0 

We have chosen these link strengths arbitrarily. The actual 
value s themselve s ar e no t  a s importan t  a s th e ide a tha t  th e 
connectio n strength s decreas e wit h th e distanc e fro m relate d 
propositions .  Proposition s place d i n th e externa l  channe l  ar e give n 
an initia l  activatio n valu e o f  1.0 .  Eac h proposition' s activatio n 
valu e a t  tim e i .  i s  compute d synchronousl y b y th e followin g formula : 

^nt = ^i(t-l)^i/N 
wher e Aj^ ^  i s  th e activatio n o f  propositio n n  a t  tim e L ,  Aĵ (t-l )  ^ ^ 

th e activatio n o f  propositio n 1  a t  tim e t-1 ,  an d Cj ^  i s  th e 

connectio n strengt h betwee n propositio n n  an d propositio n i .  N  i s a 
normalizin g facto r  whic h prevent s activatio n i n th e networ k fro m 
becomin g unacceptabl y high .  Th e activatio n leve l  o f  eac h nod e i n 
th e networ k i s iterativel y compute d unti l  th e networ k become s 
sufficientl y "stable" ,  i.e .  whe n th e chang e i n activatio n level s 
fo r  eac h nod e drop s belo w a  criterio n amount .  Onc e th e networ k 
reache s stability ,  th e proposition s whic h ar e mos t  highl y 
reference d ar e th e mos t  active .  I n thi s way ,  a  hierarch y o f 
activatio n level s i s formed ,  an d th e leas t  activ e proposition s ma y 
be droppe d fro m th e network .  Th e mos t  activ e proposition s wil l  the n 
be transforme d int o a  semanti c cod e an d place d int o th e semanti c 
channel .  Th e macrostructur e wil l  eventuall y contai n a  parsimoniou s 
representatio n o f  th e topi c o f  discourse ,  base d o n th e concep t  o f 
referentia l  coherence . 

As Kintsch and van Dijk (1978) have noted, referential coherence 
onl y partiall y  account s fo r  discours e comprehension .  Sinc e 
comprehensio n require s th e additiona l  us e o f  informatio n residen t 
i n lon g ter m memory ,  th e syste m contain s tw o othe r  type s o f  nodes : 
schema node s an d rul e nodes .  Thes e ca n b e conceive d o f  a s 
knowledg e th e syste m alread y has .  Schem a node s resid e i n th e 
semanti c channe l  o f  workin g memor y wher e the y differentiall y 
activat e certai n type s o f  propositions ,  an d thu s hel p contro l  th e 
activatio n o f  th e importan t  aspect s o f  a  statement .  Fo r  example ,  i f 
we wer e t o rea d Joh n ha s thre e dollar s i n th e contex t  o f  a n 
arithmeti c problem ,  w e woul d probabl y atten d t o th e quantit y three . 
Thi s i s becaus e ou r  schem a fo r  arithmeti c problem s activate s al l 
proposition s whic h pertai n t o numbers .  I f  w e wer e t o rea d th e sam e 
sentenc e a t  a  tim e whe n w e happe n t o nee d money ,  w e woul d atten d 
mor e strongl y t o th e objec t  o f  th e sentence ,  dollars . 

Rules are part of the knowledge base of the system, and are 
linke d t o classe s o f  proposition s o r  schem a node s whic h appea r  i n 
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workin g memory .  Th e act ivat io n algor i th m fo r  ru le s i s s imp le :  ru le s 
inheri t  th e act iva t io n o f  th e node s t o whic h the y ar e connected . 
Al l  rule s ar e negat ive l y l inke d t o al l  o the r  ru le s b y a  va lu e o f 
-0 .5 .  Eac h t im e th e networ k stabi l izes ,  th e mos t  act iv e rul e f i res . 
When a  rul e f i res ,  i t  ma y chang e th e connect io n strengt h be twee n 
proposi t ion s o r  i t  ma y inser t  ne w proposi t ion s int o work in g memory . 
Thi s metho d o f  inser t in g ne w proposi t ion s o r  'nodes '  in t o th e 
networ k const i tu te s a  brea k wit h t radi t iona l  connect ion is t 
model ing . 

A Specific Exanple: The Two-term Series Problem 

The DCOMPS' architecture will be illustrated by showing how the 
simulatio n work s o n two-ter m serie s problems.Th e two- ter m ser ie s 
proble m i s a  deduct iv e reasonin g tas k contain in g a  re lat iona l 
statemen t  an d a  quest ion .  A n exampl e i s :  Joh n i s be t te r  tha n Pe te . 
Who i s bes t ? I n th i s typ e o f  proble m peopl e mak e inference s base d 
upo n l inguist ic ,  rathe r  tha n logica l  in terpretat ions .  Per formanc e 
ha s bee n show n t o b e inf luence d b y thre e factors :  1 )  lex ica l 
marking ,  2 )  us e o f  negat ion s an d 3 )  statement-quest io n congruenc e 
(Clark,1969) .  We hav e incorporate d thes e aspect s int o th e 
simulation . 

TABLE 1 

Eight Versions of the Two-Term Series Problem 

T3 
0) 
U 

C 
D 

•0 

U 

s 

Joh n 

Joh n 

Pet e 

Pet e 

Pet e 

Pet e 

Joh n 

Joh n 

Proposi t io n 

i s 

i s 

i s 

i s 

i s 

i s 

i s 

i s 

bet te r  tha n Pete . 

bet te r  tha n Pete . 

no t  a s goo d a s John . 

no t  a s goo d a s John . 

wors e tha n John . 

wors e tha n John . 

no t  a s ba d a s Pete . 

no t  a s ba d a s Pete . 

Quest io n 

Who 

Who 

Who 

Who 

Who 

Who 

Who 

Who 

i s best ? 

i s wors t ? 

i s best ? 

i s worst ? 

i s best ? 

i s worst ? 

i s best ? 

i s worst ? 

Ther e ar e eigh t  vers ion s o f  th e two-ter m serie s proble m i f  on e 
take s int o considerat io n lexica l  marking ,  negat io n an d congruence . 
Thes e ar e summarize d i n Tabl e 1 .  We hav e selecte d on e o f  the m t o 
illustrat e th e detai l s o f  ou r  mode l .  I n tex t  for m th e proble m i s : 
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Joh n i s wors e tha n Pete .  Who i s best ? I n prepositiona l  for m th e 
tex t  i s  represente d a s follows : 

PI(Agent John) 
P2(Worse_tha n P I  P3 ) 
P3(Agen t  Pete ) 
P4 (Questio n P 5 P6 ) 
P5(Agen t  unknown ) 
P6(Bes t  P5 ) 

Initially, working memory contains a reasoning schema and an 
instructio n node ,  II ,  i n th e semanti c channel .  Th e semanti c channe l 
i s  organize d a s depicte d i n Figur e 1 .  I I  i s  th e initia l  instructio n 
t o rea d th e problem .  S I  i s linke d t o th e rul e Rl .  When R l  i s fire d 
th e syste m wil l  rea d th e firs t  sentenc e o f  th e problem .  S 2 i s 
linke d t o rul e R 2 whic h whe n fire d wil l  attemp t  t o solv e th e 
problem .  S 4 i s linke d t o R5 .  R 5 wil l  b e fire d i f  th e tex t  contain s 
a negation ,  suc h a s Joh n i s no t  a s goo d a s Pete ,  an d wil l  transfor m 
thos e proposition s t o a  positiv e interpretation ,  Pet e i s bette r 
tha n John .  S 3 i s a  specia l  nod e whic h wil l  loo k fo r  an y 
relationa l  propositions ,  suc h a s "Better_than "  o r  "Worse_than "  i n 
th e externa l  channe l  an d lin k itsel f  t o tha t  proposition .  Thu s an y 
relationa l  proposition s wil l  ten d t o b e mor e active ,  an d s o wil l 
receiv e a  greate r  amoun t  o f  'attention' . 

SO is initialized with an activation level of 1.0, and the system 
iterate s unti l  th e networ k stabilizes .  Al l  positiv e link s i n th e 
superschem a ar e give n a  valu e o f  0.5 ,  an d al l  negativ e link s ar e 
give n a  valu e o f  -0.5 .  When th e syste m settles ,  rul e Rl , 
read_sentence ,  i s highl y active .  Th e syste m read s i n th e firs t 
sentence ,  Joh n i s wors e tha n Pet e b y placin g th e firs t  thre e 
proposition s i n th e externa l  channel .  Th e worse_tha n relationshi p 
i s lexicall y marke d relativ e t o th e better_tha n relationship .  I n 
th e curren t  example ,  lexica l  markin g i s simulate d throug h th e 
additio n o f  inference s tha t  ar e mad e b y th e syste m wheneve r  a 
worse_tha n relationshi p i s encountered .  DCOMPS infer s tha t  Pet e i s 
bad ,  an d tha t  Joh n i s ver y bad .  Thes e inference s ar e constructe d a s 
proposition s an d linke d t o PI(Agen t  John )  an d P3(Agen t  Pete ) 
respectively .  Al l  inferenc e proposition s ar e linke d t o thei r 
relate d proposition s b y a  connectio n strengt h o f  0.2 .  Inferre d 
proposition s ar e give n a n initia l  activatio n leve l  o f  0 .  Accordin g 
t o Clark ,  lexicall y marke d adjective s tak e longe r  t o recove r  fro m 
memory.  I n ou r  interpretation ,  lexicall y marke d adjective s ar e 
adjective s whic h caus e a  numbe r  o f  inference s t o b e made .  Thi s 
means tha t  a  sentenc e containin g a  lexicall y marke d adjectiv e wil l 
lin k t o mor e (inferred )  propositions .  I t  wil l  tak e longer ,  o n 
average ,  fo r  th e large r  networ k t o stabilize . 

At this point, node S3 in the term schema is linked to 
propositio n P2 ,  (Worse_tha n P I  P 3 ) .  I n orde r  t o kee p th e 
computationa l  overhea d down ,  rule s fro m th e rulebas e ar e onl y adde d 
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Semgntl g Chgnng | 

SO(Ter m schema ) 

l1(read_problem ) 

S3(relation_match ) 

S2(answer_question ) 

S1(read_problem ) 
S4(not_match ) 

BiilS l 

Rl(Read_sentence ) R5(Not_match ) R2(Solve_problem ) 

Externa l  Channe l 

Eirpty 

P -  Propsitiona l  Nod e 
S -  Schem a Nod e 
R -  Rul e Nod e 
I  -  Instructio n Nod e 

Figur e 1 .  Initially ,  workin g memor y contain s a  schem a 
organize d i n th e semanti c channel . 

t o th e networ k i f  ther e i s a  correspondin g proposi t io n matc h i n 
workin g memory .  Rul e R 4 ,  worse_than_relat ion ,  i s  adde d t o th e 
networ k becaus e i t  no w ha s a  correspondin g matc h i n P 2 .  Th e stat e 
of  th e networ k a t  th i s poin t  i s  descr ibe d i n Figur e 2 . 
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Semanti c Channe l 

l1(read_probie m 1 ) 

SO(Ter m schema ) 

/ 

S2(answe r  question ) 
S4(not_match )  )  S3(relatlon_match ) 

SI  (rea d problem ) 

Rule s 

R2(Solve_problem ) 

R5(Not_match ) 

R4(Worse_relation ) 

R1(Read_sentence )  i 

Externa l  Channe l 

P2(Worse_than ) 

P1(Agen t  John ) P3(Agen t  Pete ) 

Figur e 2 .  Th e firs t  sentenc e i s rea d in .  Th e relationa l 
nod e o f  th e schema ,  S 3 i s linke d t o th e propositio n P2 . 
Rul e R 4 i s adde d t o th e network . 

The system again cycles through the activation updating function 
un t i l  th e networ k s tab i l i zes .  Thi s t im e R 4 f i res ,  whic h doe s tw o 
t h i ngs :  i t  add s a  propos i t io n t o th e semant i c channe l  assert in g 
tha t  th i s f i rs t  sentenc e contain s a  Worse_tha n relat ion ,  an d i t 
i ncorpora te s th e propos i t ion s P1-P 3 int o th e schem a b y changin g th e 
l in k s t rength s be twee n th e propos i t ion s t o 0. 3 i f  on e proposi t io n 
i s con ta ine d i n another ' s argumen t  l is t ,  an d 0. 2 i f  tw o 
p ropos i t i on s shar e a  commo n argument .  No w th e schem a look s lik e 
F igu r e 3 . 
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Semanti c nhpnn^ ^ 

l1(read_proble m l ) 

SO(Ter m schema ) 

Sl(rea d problem ) 

S2(answer question) 

S3(relation_match ) 

S4(not_match) 

fiul£l 

R1(Read_sentence ) 

P1(Agen t  John ) 

^ . 

S5(Worse_relation ) 

P2(Worsejhan) 

P6(Ba d PI ) 

P3(Agen t  Pete ) 

P4(Bad P3) 

R2(Solve_probiem ) 
R5(Not_match ) 

Externa l  Channe l 

Empty 

Figur e 3 .  Bot h tex t  an d inferre d proposition s ar e 
incorporate d int o th e schema . 

The presence of the term schema was necessary for proper 
understandin g o f  th e firs t  sentence .  Th e schem a nod e S 3 di recte d 
attentio n toward s th e relat io n state d i n th e tex t .  A s a  resul t ,  R 4 
fire d an d create d a  ne w proposi t io n (S5 )  l inkin g P 2 an d SO . 
Withou t  th e schem a th e mode l  woul d no t  hav e bee n abl e t o extrac t 
informatio n fro m th e sentenc e whic h i s crucia l  t o solv in g th e 
two-ter m serie s problem . 

The connection strengths between the propositions are lowered 
onc e th e proposi t ion s ar e incorporate d int o th e semanti c channel . 
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Thi s i s a  deca y mechanis m use d i n th e simulatio n whic h w e foun d wa s 
necessar y t o allo w th e syste m t o atten d t o ne w proposition s place d 
on th e externa l  channel . 

During the next cycle the system proceeds as before which 
eventuall y result s i n th e rul e R l  firing .  Th e syste m place s th e 
nex t  sentence .  Who i s best? ,  int o th e visua l  channel ,  settin g al l 
activatio n value s fo r  P7-P 9 t o 1.0 .  Rul e R6(Quest_rule )  i s linke d 
int o th e network .  Rul e R6(Quest_rule )  win s out ,  whic h create s 
propositio n S6(Find_agen t  Best) .  II ,  th e instructio n t o read ,  i s 
remove d fro m th e networ k becaus e th e Quest_rul e propositio n i s a 
signa l  tha t  thi s i s th e las t  sentenc e i n th e problem . 

The system cycles through again, now firing R2 because 
propositio n I I  ha s bee n remove d fro m th e network .  Rul e R 2 i s a 
comple x rul e whic h form s variou s hypothese s abou t  th e answer .  A t 
thi s poin t  thre e hypothese s ar e possible :  Joh n i s best ,  Pet e i s 
bes t  o r  th e statemen t  i s incongruen t  wit h th e questio n an d mus t  b e 
converte d t o th e prope r  representation .  Thes e hypothese s ar e linke d 
int o th e networ k a s S7 ,  S 8 an d S9 .  DCOMPS gather s evidenc e fo r 
eac h hypothesi s b y linkin g eac h on e t o th e proposition s i n th e 
semanti c channe l  whic h suppor t  it .  I n thi s cas e ther e ar e n o 
proposition s whic h suppor t  th e Joh n an d Pet e hypotheses ,  becaus e 
th e propositio n term s suc h a s P4(Ba d PI )  ar e incongruen t  wit h th e 
question .  Who i s best .  Hypothesi s S 9 i s mos t  activ e becaus e ther e 
i s a  worse_tha n relatio n an d a  bes t  questio n presen t  i n th e curren t 
representation ,  signallin g tha t  a  conversio n i s necessary . 

Three rules are linked to the three newly formed hypotheses. As 
wit h al l  othe r  rule s whic h ar e presen t  i n th e network ,  inhibitor y 
link s ar e create d betwee n them .  When th e networ k stabilizes ,  rul e 
R9(Convert )  fires .  Thi s rul e wil l  reforma t  th e proposition s create d 
by th e firs t  sentenc e s o tha t  th e relatio n i s congruen t  wit h th e 
question .  Th e conver t  rul e change s worse_tha n t o better_tha n i n 
P2,  a s wel l  a s S5 .  I t  als o switche s th e agents ,  Joh n an d Pete ,  s o 
tha t  th e initia l  sentenc e no w ha s th e interpretatio n Pet e i s bette r 
tha n John .  Th e "bad "  inference s dro p ou t  o f  workin g memor y a s wel l 
as th e conver t  hypothesis ,  S9 . 

Now that the problem is represented correctly, the conversion 
rul e n o longe r  applies .  Tw o hypothese s remain :  Joh n i s bes t  o r 
Pet e i s best .  Thes e hypothese s ca n no w gathe r  evidenc e becaus e th e 
worse_tha n propositio n ha s bee n converte d t o better_than .  Figur e 4 
depict s ho w thes e hypothes e ar e no w linke d t o workin g memory .  Tw o 
rules ,  R7(Agent1 )  an d R8(Agent2 )  ar e adde d t o th e rul e list .  R 8 i s 
most  active ,  sinc e i t  i s  linke d t o P I  (Agen t  Pete) ,  an d 
P2(better_tha n P I  P 3 ) .  Thus ,  Pet e i s bes t  i s determine d t o b e th e 
answer . 
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Sgmanti c Channe l 

SO(Ter m schema ) 

Sl(rea d problem ) 

4(not_match ) 

6(Find_agen t  Best ) 

S5(Better_relation ) 

P9(Bes t  P8 ) 

S10(Agent_ans^er] ) 

>11(Agent_answer2 ) 

P3(Agent Pete) 

1(A^en t  John ) 

S3(relation_match ) 

S2(answe r  question ) 

(Question ) 

8(Agen t  unkown ) 

\ 
P2(Better_tha n P 3 PI ) 

R2(Solve_problem ) 

Rule s 

R8(Agent_answer2 )  R7(Agent_answerl ) 

R5(Not_match ) 

R1(Reacl_sentence ) 

Externa l  Channe l 

Empty 

Figure 4. Hypotheses linked into working memory 
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How doe s DCOMPS compar e t o enplrca l  results ? 

Table 2 presents a comparison of the original Clark data and the 
number  o f  cycle s require d fo r  DCOMPS t o solv e th e sam e problem . 
Ther e i s a  Spearma n correlatio n o f  .99 4 betwee n th e ran k orde r  o f 
th e time s require d fo r  solutio n b y huma n subject s an d b y DCOMPS.  A 
ti e occur s betwee n th e time s require d t o solv e Joh n i s wors e tha n 
Pete .  Who i s best ? an d Joh n i s no t  a s goo d a s Pete .  Who i s best ? 
We attribut e thi s t o th e fac t  tha t  DCOMPS take s les s tim e t o 
proces s no t  statement s tha n d o people .  Becaus e Joh n i s no t  a s goo d 
as Pete .  Who i s best ? i s th e quickes t  o f  th e negativel y frame d 
problem s an d Joh n i s wors e tha n Pete .  Who i s best ? i s th e longes t 
of  th e positivel y frame d problems ,  a  ti e occur s betwee n th e time s 
require d t o solv e thes e tw o problem s b y DCOMPS. 

TABLE 2 

A comparison between data from Clark (1969) and DCOMPS for 
performanc e o n two-ter m serie s problems . 

Clar k DCOMPS 
Proble m Questio n sees .  cycle s 

Joh n i s bette r  tha n Pete . 
Joh n i s wors e tha n Pete . 
Joh n i s bette r  tha n Pete . 
Joh n i s wors e tha n Pete . 
Joh n i s no t  a s goo d a s Pete , 
Joh n i s no t  a s goo d a s Pete , 
Joh n i s no t  a s ba d a s Pete . 
Joh n i s no t  a s ba d a s Pete . 

Who i s best ? 
Who i s worst ? 
Who i s worst ? 
Who i s best ? 
Who i s best ? 
Who i s worst ? 
Who i s worst ? 
Who i s best ? 

.6 1 

.6 2 

.6 8 
1.0 0 
1.1 7 
1.4 7 
1.5 8 
1.7 3 

91 
95 
10 8 
11 3 
11 3 
12 8 
13 0 
14 7 

The tim e require d t o solv e thes e problem s i s a  functio n bot h o f 
controlled ,  seria l  processin g an d automatic ,  paralle l  processing . 
Tha t  is ,  problem s involvin g incongruen t  question s o r  negativ e 
assertion s requir e th e firin g o f  additiona l  production s whic h 
transfor m th e appropriat e propositions .  Th e tim e require d fo r  thes e 
factor s i s a  resul t  o f  seria l  operations ,  an d ca n b e predicte d b y a 
simpl e productio n syste m model .  However ,  th e differenc e betwee n 
solvin g problem s wit h marke d an d unmarke d adjective s i s a  resul t  o f 
th e paralle l  activatio n o f  th e inferre d proposition s whic h wer e 
incorporate d int o th e network .  Durin g som e step s o f  th e proble m 
solvin g process ,  i t  take s longe r  fo r  th e networ k t o "settle "  whe n 
thes e additiona l  proposition s ar e present . 
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Conclusio n 

DCOMPS currently performs two other tasks: arithmetic word 
problem s an d St roo p tasks .  Th e syste m solve s wor d a r i thmet i c 
problem s i n a  manne r  simi la r  t o two- ter m ser ie s p rob lems .  DCOMPS 
begin s wi t h a n ar i thmet i c schem a whic h aid s i n in terpre t in g 
sentence s whic h appea r  o n th e externa l  channel .  I n pa r t i cu la r ,  th e 
arithmeti c schem a di f ferent ia l l y  act ivate s an y Quant i t y 
proposi t ions .  A s eac h sentenc e i s read ,  ru le s f i r e wh ic h 
incorporat e th e proposi t ion s int o th e schema ,  an d c lass i f y th e 
proposit ion s accord in g t o th e typ e o f  se t  whic h i s ind icated .  Fo r 
example ,  th e sentenc e Joh n ha s f iv e mor e marb le s tha n Sara h i s 
classif ie d a s a  more_tha n set .  Whe n a  quest io n i s encountered ,  suc h 
as Ho w man y marb le s doe s Joh n have? ,  DCOMPS generate s hypothese s 
abou t  th e operat ion s require d t o solv e th e proble m base d o n th e 
set s whic h hav e bee n identi f ied . 

Like the two-term series problems, a theory of the particular 
proble m solvin g proces s alread y exist s (Kintsc h an d Greeno ,  1 9 8 5 ) . 
Our  simulat io n i s a n attemp t  t o implemen t  th e theor y wi th i n th e 
DCOMPS arch i tecture ,  an d t o compar e th e t ime s require d b y th e 
syste m t o solv e var iou s problem s wi t h th e t ime s require d b y humans . 

The time to respond to various types of Stroop conditions 
compare s favorabl y wit h huma n dat a i n thre e ways .  F i rs t ,  colo r 
word s presente d i n contrast in g color s ar e no t  ident i f ie d a s quickl y 
as colo r  word s presente d i n th e sam e color .  Second ,  i t  take s DCOMPS 
longe r  t o identi f y th e colo r  o f  th e wor d tha n th e meanin g o f  th e 
word .  Third ,  DCOMPS display s between-tr ia l  e f fects .  I t  take s th e 
syste m longe r  t o identi f y a  featur e whic h wa s inhibi te d o n th e 
previou s t r ia l .  Fo r  example ,  i f  th e tas k i s t o ident i f y th e colo r 
of  th e wor d an d th e firs t  wor d presente d i s th e wor d jbiu e pr in te d 
i n th e colo r  red ,  i t  woul d tak e longe r  t o identi f y th e colo r  o f  th e 
nex t  wor d i f  i t s  colo r  i s  jblue ,  sinc e tha t  featur e wa s inhib i te d o n 
th e previou s t r ia l . 

We are currently working on simulating two additional types of 
task s usin g DCOMPS:  factua l  an d counterfactua l  reasoning ,  an d 
musica l  chor d pr iming .  Futur e plan s fo r  DCOMPS include :  1 )  pursuin g 
severa l  approache s t o relat e DCOMPS'  performanc e wit h huma n data , 
2)  studyin g individua l  di f ference s i n proble m solvin g b y 
manipulatin g th e parameter s o f  th e model ,  an d 3 )  simulat in g severa l 
additiona l  cognit iv e tasks . 

DCOMPS offers a flexible compromise between production systems 
and connectionis t  mode ls .  Al thoug h som e researcher s hav e suggeste d 
a wa y i n whic h a  stati c connectionis t  mode l  migh t  s imulat e 
sequentia l  processes s (e.g ,  Rximelhart ,  Smolensky ,  McClel land ,  & 
Hinton ,  1986 )  thi s metho d i s ver y l ikel y t o b e computat ional l y 
expensiv e and ,  mor e important ly ,  t o b e s o comple x a s t o b e 
intractabl e i n simulat in g proble m solvin g tasks .  DCOMPS explore s 
th e possibi l i t y  tha t  a  simpl e syste m suc h a s th e on e propose d ca n 
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solv e problem s whic h involv e bot h sequence s o f  action s an d paralle l 
processing . 
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