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ABSTRACT 

The symboli c an d subsymboli c paradigm s eac h offe r  advantage s an d disadvantage s i n con -
structin g model s fo r  understandin g th e processe s o f  cognition .  A  numbe r  o f  researc h pro -
grams a t  U C L A utiliz e connectionis t  modelin g strategies ,  rangin g fro m distribute d an d lo -
calis t  spreading-activatio n network s t o semanti c network s wit h symboli c marke r  passing . 
As a  wa y o f  combinin g an d optimizin g th e advantage s offere d b y differen t  paradigms ,  w e 
hav e starte d t o explor e hybri d networks ,  i.e .  multipl e processin g mechanism s operatin g o n 
a singl e network ,  o r  multipl e network s operatin g i n paralle l  unde r  differen t  paradigms . 
Unfortunately ,  existin g tool s d o no t  allo w th e simulatio n o f  thes e type s o f  hybri d connec -
tionis t  architectures .  T o addres s thi s problem ,  w e hav e develope d a  too l  whic h enable s u s 
t o creat e an d operat e thes e type s o f  network s i n a  flexibl e an d genera l  way .  W e presen t  an d 
describ e th e architectur e an d us e o f  DESCARTES,  a  simulatio n environmen t  develope d t o 
accomplis h thi s typ e o f  integration . 

INTRODUCTION AND MOTIVATION 

Withi n th e connectionis t  approac h ther e ar e thre e paradigms ,  eac h havin g it s ow n advantage s an d 
disadvantages :  Distribute d Connectionis t  Network s (DCNs) ,  Localis t  Connectionis t  Network s 
(LCNs) ,  an d Marker-Passin g Network s (MPNs) . 

DCNs (such as the models in [Rumelhart & McClelland, 1986]) use simple, neuron-like process-
in g element s whic h represen t  knowledg e a s distribute d pattern s o f  activation .  D C N s ,  sometime s 
know n a s Paralle l  Distribute d Processin g o r  subsymboli c models ,  ar e interestin g becaus e the y hav e 
learnin g rule s tha t  allo w stochasti c categor y generalization ,  the y perfor m noise-resistan t  associativ e 
retrieval ,  an d the y exhibi t  robustnes s t o damage .  Distribute d models ,  however ,  hav e (s o far )  bee n 
sequentia l  a t  th e knowledg e level ,  lackin g bot h th e structur e neede d t o handl e comple x conceptua l 
relationship s an d th e abilit y  t o handl e dynami c variabl e binding s an d t o comput e rules . 

L C Ns (a s exemplifie d b y th e model s o f  [Walt z &  Pollack ,  1985 ]  an d [Shastri ,  1988] )  als o us e 
simple ,  neuron-lik e processin g element s wit h numeri c activatio n an d outpu t  functions ,  bu t  repre -
sent  knowledg e usin g semanti c network s o f  conceptua l  node s an d thei r  interconnections .  Unlik e 
D C N s,  localis t  network s ar e paralle l  a t  th e knowledg e leve l  an d hav e structura l  relationship s be -
twee n concept s buil t  int o th e connectivit y o f  th e network .  Unfortunately ,  the y lac k th e powerfu l 
learnin g an d generalizatio n capabilitie s o f  DCNs .  The y als o hav e ha d difficult y wit h dynami c vari -
abl e binding s an d mos t  othe r  capabilitie s o f  symboli c models . 

M P Ns (a s exemplifie d b y th e model s o f  [Chamiak ,  1986 ]  an d [Hendler ,  1988] )  als o represen t 
knowledg e i n semanti c network s an d retai n parallelis m a t  th e knowledg e level .  Instea d o f  spread -
in g numeri c activatio n values ,  M P Ns propagat e symboli c markers ,  an d s o suppor t  th e variabl e 
bindin g necessar y fo r  rul e application ,  whil e preservin g th e ful l  powe r  o f  symboli c systems .  O n 
th e othe r  hand ,  the y d o no t  posses s th e learnin g capabilitie s o f  D C Ns o r  exhibi t  th e inheren t  evi -
dentia l  constraint-satisfactio n capabilitie s o f  LCNs . 
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Hybrid Connectionist Models 

Researc h a t  U C L A ha s spanne d th e rang e fro m subsymboli c t o symboli c connectionis t  model s 

[Dyer ,  1989] .  A  numbe r  o f  u s hav e begu n t o construc t  hybri d architecture s whic h us e wha t  w e 

ter m Multipl e Interactin g Networks ,  o r  MINs ,  heterogeneou s connectionis t  network s tha t  commu -

nicat e vi a share d elements .  A  neurophysiologica l  approac h [Neno v &  Dyer ,  1988 ]  effectivel y use s 

MINs fo r  visual/verba l  associatio n b y modelin g heterogeneou s neurona l  characteristic s i n separat e 

networks .  W e hav e als o bee n explorin g th e us e o f  MIN s fo r  highe r  cognitiv e tasks ,  suc h a s plan -

ning ,  creativity ,  stor y invention ,  an d politica l  negotiations .  I n politica l  negotiation s research ,  fo r 

instance ,  M I N s ar e use d t o simulat e th e multipl e perspective s o f  negotiatin g parties . 

Another approach is to build models that combine the bottom-up processing features of DCNs with 

th e top-dow n processin g feature s o f  L C N s an d M P N s .  Figur e 1  show s Hidin g Pot ,  a n exampl e 

wherei n element s fro m eac h paradig m ar e combine d usin g M I N s .  Thi s allow s u s t o approac h a 

proble m tha t  woul d b e difficult ,  i f  no t  impossible ,  usin g a  singl e paradigm .  Hidin g Po t  show s a 

simplifie d networ k buil t  t o understan d th e sentence ,  "Joh n pu t  th e po t  insid e th e dishwashe r  be -

c a me th e polic e wer e coming." ^  Network- A i n Figur e 1  utilize s a n M P N t o d o role-bindin g an d a n 

L C N t o activat e an d combin e evidenc e fo r  individua l  schemas .  Thes e the n combin e thei r  func -

tionalit y t o suppor t  prediction s an d perfor m inferencin g an d disambiguation . 

One might also want to combine different connectionist approaches by having separate networks 

tha t  communicat e wit h eac h other ,  wher e eac h on e perform s a  differen t  cognitiv e task .  Network- B 

i n Figur e 1  i s a  D C N ,  traine d t o recogniz e word s fro m lin e segment s [McClellan d &  Rumelhart , 

1986 ,  chap .  1] .  B y integratin g thes e tw o approaches ,  w e ca n simulat e cognitiv e processe s a t  th e 

differen t  level s o f  abstractio n necessar y fo r  modelin g readin g an d understanding . 

Network-A interacts with Network-B through shared lexical nodes. Once a word has been recog-

nized ,  i t  passe s activatio n t o th e concept s relate d t o th e word .  Fo r  example ,  th e nod e fo r  concep t 

Joh n get s activatio n fro m th e wor d nod e "John "  whic h i s share d b y bot h networks .  Activatio n the n 

propagate s alon g th e chai n o f  relate d concept s i n th e networ k a s contextua l  evidenc e fo r  disam -

biguation .  Marker s ar e passe d ove r  th e rol e node s acros s marke r  passin g link s betwee n corre -

spondin g role s t o represen t  role-binding s an d perfor m th e neede d inferencing . 

While there are several existing connectionist simulators, none allows the simulation of multiple 

interactin g hybri d networks ,  a s i n Hidin g Pot ,  tha t  integrat e element s fro m mor e tha n on e 

paradig m o f  connectionis t  modelling .  W e hav e develope d th e DESCARTES simulatio n environmen t 

specificall y t o addres s thi s kin d o f  integration .  DESCARTES enable s researcher s t o design ,  simu -

late ,  an d debu g hybri d connectionis t  architecture s tha t  combin e element s o f  distributed ,  localist , 

and marker-passin g networks . 

DESCARTES ARCHITECTURE 

DESCARTES i s a  packag e designe d fo r  simulatin g networ k processing ,  networ k interaction ,  an d 

integratio n o f  network s int o a n overal l  processin g environment .  Th e syste m consist s o f  tw o inter -

activ e components :  networ k elements ,  suc h a s node s an d links ,  thei r  associations ,  an d thei r  func -

tionality ,  ?tn d processin g controllers ,  whic h organiz e networ k element s an d coordinat e thei r  pro -

cessing .  Th e component s o f  thi s architecture ,  a s applie d t o Hidin g Pot ,  ar e show n i n Figur e 2 . 

'Th e inferencin g an d fram e selectio n neede d t o understan d sentence s suc h a s Hidin g Po t  i s  explaine d mor e 
thoroughl y i n [Lang e &  Dyer ,  1989a ]  an d [Lang e &  Dyer ,  1989b] ,  whic h describ e ROBIN ,  a  mode l  o f  high-leve l 
inferencin g usin g a n L C N withou t  marker-passing . 
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~̂  Conceptua l  node s ove r  whic h activatio n spreads .  Thicknes s o f  nod e boundar y relativ e t o leve l  o f  activation . 

Role nodes over which both markers and activation spread. 

Feature detection nodes over which activation spreads. Incoming weights learned by back-propagation. 

.Markers that have propagated (above and to the right of role nodes) representing bindings (eg Jo = John). 

I,ink between related concepts over which weighted activation spreads. 

^ 

Lin k betwee n concep t  an d a  rol e ove r  whic h weighte d acuvalio n spreads . 
.Mapping between role nodes over which markers are spread. 
Spreading-acuvauon link whose weight is learnable by back-propagation. Legen d 

Figur e 1 :  Th e sentenc e "Joh n pu t  th e po t  i n th e dishwashe r  becaus e th e polic e wer e coming. "  illustrate s th e 
utilit y  o f  integratin g semanti c network s (Network-A )  an d distribute d network s (Network-B) .  Th e darkes t  are a 
represent s th e mos t  highly-activate d se t  o f  node s representin g th e network' s plan/goa l  analysi s  o f  th e sen -
tence .  No t  al l  marker s ar e shown .  Locatio n rol e node s an d othe r  part s  o f  th e networ k  ar e als o no t  displayed . 
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Figur e 2 :  D E S C A R T ES Processin g Architectur e applie d t o Hidin g Pot .  Show n i n eac h networ k ar e a  fe w 
of  thei r  nodes ,  wit h th e clas s o f  eac h nod e bein g declare d i n parenthese s belo w thei r  names .  PDP-Node s 
"pot "  an d "John "  ar e share d b y bot h networks . 

Processin g Controller s 

W h en D e s c a r t e s i s loade d an d running ,  th e require d processin g controller s ar e a  meta-controlle r 

( a superviso r  fo r  al l  element s an d sub-controller s presen t  i n th e run-tim e system )  an d a t  leas t  on e 

networ k controlle r  ( a superviso r  fo r  a n individua l  networ k an d it s  elements) .  T h e architectur e de -

scribe d i n Figur e 2 ,  an d implemente d i n H id in g Pot ,  i s  controlle d b y a  meta-controlle r  (Meta -

Control )  wh ic h coordinate s th e t w o network s (Network- A an d Network-B) .  Eac h o f  thes e net -

work s ha s a  loca l  networ k controlle r  whic h coordinate s th e processin g o f  it s  elements .  I n thi s cas e 

th e controlle r  fo r  Network- A i s o f  clas s SA/MP-Control ,  whic h combine s bot h spreading-activatio n 

an d marker-passin g functionality . 

Network Elements 

T h e node s s h o w n i n H id in g Po t  ar e illustrativ e o f  th e kind s o f  node s provide d i n th e system . 

Thre e o f  D E S C A R T E S ' s predefine d n o d e classe s ar e use d i n H i d i n g Pot :  (1 )  S i m p l e - S A - N o d e , 

use d i n H id in g Po t  fo r  conceptua l  elements ,  suc h a s H u m a n an d Transfer-Inside ,  (2 )  Simple -

S A / M P - N o d e ,  use d fo r  roles ,  suc h a s Transfer-lnside^Actor ,  an d (3 )  P D P - N o d e ,  use d fo r  fea -

tur e detectio n i n Network-B ,  suc h a s th e nod e representin g lexica l  entr y "pot" .  Figur e 3  provide s 

an exampl e o f  nod e creatio n i n D E S C A R T E S. 

S imp le-SA-Nod e i s a  basi c clas s o f  spreading-activatio n node s wit h defaul t  activatio n an d outpu t 

functions .  S i m p l e - S A / M P - N o d e i s anothe r  standar d nod e class ,  wh ic h comb ine s th e functionalit y 

of  S imp le -SA-Nod e wit h tha t  require d fo r  marke r  passing .  Finally ,  P D P - N o d e i s th e simples t 

clas s o f  D C N - t y p e node s — spreading-activatio n node s tha t  modi f y th e weight s o n thei r  inpu t 

link s b y backpropagatio n [Rumelhar t  e t  al. ,  1986 ,  chap .  8 ] . 

Many other common node and link types are predefined, with a variety of activation, threshold, 

an d outpu t  functions .  M o r e complicate d classe s ar e als o available ,  includin g gate d node s an d 
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(Simple-SA-Nod e Transfer-Insid e :in-link s (SA-Lin k ("put "  0.75 ) 
(Insid e 1.00 ) 
(Transfer-Inside'Acto r  0.50 ) 
(Transfer-Insidê Ob j  0.50 ) 
(Transfer-Insidê Lo c 0.50)) ) 

(Simple-SA/MP-Node Transfer-Inside'^Actor :in-links (SA-Link (Transfer-Inside 1.0)) 
(MP-Lin k Inside'Planner) ) 

Figure 3: Creation of Transfer-lnsi(de and Transfer-Inside'^Actor nodes, with forward-referencing. 

links, along with more neurally-realistic nodes that communicate via output spikes, such as the ar-
tificia l  neura l  oscillator s o f  [Vida l  &  Haggerty ,  1987] .  Th e functionalit y o f  DESCARTES object s 
can easil y b e extende d b y combinin g th e defaul t  clas s definition s o f  th e objec t  hierarch y wit h user -
define d modifications ,  a  proces s describe d i n [Lang e etai ,  1989] . 

Structured Networks 

Some connectionis t  model s hav e a  consisten t  structur e betwee n group s o f  node s i n th e network . 
I n a  semanti c network ,  fo r  example ,  a  nod e representin g th e hea d o f  a  fram e migh t  alway s b e con -
necte d vi a a  certai n typ e o f  lin k t o eac h o f  it s  roles ,  whic h i n tur n migh t  alway s hav e a  nod e fo r 
thei r  fillers.  Group s o f  node s formin g winner-take-al l  network s ar e alway s completel y intercon -
necte d wit h constan t  inhibitor y weights .  Rathe r  tha n forc e th e use r  t o repetitivel y defin e al l  node s 
and connection s fo r  eac h suc h structure d group ,  DESCARTES ha s a  facilit y  tha t  allow s th e pro -
grammer  t o optionall y defin e a  structure d growin g metho d fo r  eac h nod e class .  A  node' s growt h 
metho d automaticall y create s th e node' s expecte d structure d incomin g an d outgoin g node s an d 
connections .  Thi s featur e allow s knowledg e bas e definition s t o ac t  a s key s fo r  networ k creatio n 
rathe r  tha n a s exhaustiv e listing s o f  th e networks '  node s an d thei r  connectivity . 

SIMULATION IN DESCARTES 

Once th e network s hav e bee n designe d an d built ,  th e use r  start s th e simulatio n b y (1 )  optionall y 
definin g th e cycling ,  termination ,  an d displa y sequenc e fo r  eac h network ,  (2 )  initializin g th e meta -
controUe r  t o clea r  ou t  al l  activatio n an d markers ,  (3 )  activatin g o r  markin g th e desire d nodes ,  an d 
(4 )  startin g th e cyclin g sequenc e an d specifyin g th e numbe r  o f  globa l  cycle s t o run .  A n exampl e o f 
thi s proces s i s show n i n Figur e 4 ,  bu t  fo r  a  complet e descriptio n se e [Lang e e t  al. ,  1989] . 

Figure 4 shows the initial activation and markers needed to process the phrase "John put the pot 
insid e th e dishwasher. "  Th e first  define-cyclin g comman d i n th e figure  specifie s tha t  th e meta -
controlle r  sprea d activatio n i n Network- A onc e pe r  globa l  cycle ,  whil e onl y passin g marker s onc e 
per  ever y thre e globa l  cycles .  Bot h activatio n an d marker s wil l  cycl e unti l  stability ,  thei r  defaul t 
terminatio n condition .  Fo r  analysi s o f  th e network' s activity ,  th e use r  ha s define d tha t  a  trac e o f 
th e markers '  propagatio n b e show n an d tha t  th e statu s o f  th e node s b e displaye d ever y te n cycles . 
The secon d define-cyclin g comman d define s tha t  Network- B i s no t  t o b e cycle d i n thi s example . 

In general, the networks' cycling sequences need only be set once per session (if at all), although 
al l  sequencin g an d displayin g parameter s ma y b e re-specifie d i n mid-simulation .  Activation s an d 
marker s o f  node s ma y b e change d a t  an y time .  Th e cyclin g sequenc e i s furthe r  describe d below . 

The Simulation Cycle 

As shown ,  DESCARTES i s designe d i n suc h a  wa y tha t  network s ca n b e cycle d i n paralle l  o r  seri -
ally .  Th e meta-controlle r  provide s fo r  timin g coordinatio n betwee n th e networks .  Network s cycle d 
i n paralle l  behav e a s i f  the y wer e a  singl e net ,  eve n thoug h the y nee d no t  operat e a t  th e sam e fre -
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(define-cyclin g %Network- A :  sa-cycle-ever y 1  ; ;  (1 ) 

:marker-cycle-ever y 3 

:marker-trac e T 

:display-ever y 10 ) 

(define-cyclin g %Network- B :sa-cycle-ever y NIL ) 

(ini t  meta-control )  ; ;  (2 ) 

(clamp-activation %"put" 1.0) ;; (3) 

(mar k %Transfer-Inside'"Acto r  (marke r  %John )  ) 

(mar k %Transfer-Inside''Ob j  (marke r  %Cooking-Pot ) 

(marke r  %Marijuana) ) 

(mar k %Transfer-Inside^Lo c (marke r  %Dishwasher) ) 

(cycle 50) ;; (4) 

Figure 4: An example of the DESCARTES control language. 

quency, or, in fact, with the same functionality. A particular model may have a network of in-

hibitor y node s cyclin g a t  a  faste r  rat e tha n a  networ k o f  excitator y node s wit h whic h i t  interacts ,  a t 

th e sam e tim e a s symboli c marker s ar e bein g passe d ove r  each ,  an d backpropagatio n i s bein g per -

forme d withi n sub-network s o f  th e model .  Wit h seria l  cycling ,  on e networ k m a y wai t  unti l  anothe r 

networ k complete s a  specifie d numbe r  o f  cycle s o r  reache s stabilit y  befor e startin g t o cycl e itself . 

Each global network cycle is comprised of four steps: (1) determination of which networks need to 

be cycled ,  (2 )  updat e o f  activ e node s i n th e cyclin g networks ,  (3 )  sprea d fro m activ e node s i n th e 

cyclin g network s t o thei r  out-links ,  an d (4 )  repor t  an y requeste d output . 

Determining Active Networks: The meta-controUer determines which of the networks 

i n th e syste m nee d t o b e cycle d i n paralle l  o n th e give n cycle ,  accordin g t o default s an d 

any define-cyclin g commands .  I n Figur e 4 ,  spreading-activatio n node s i n Network- A 

wil l  b e cycle d o n ever y globa l  cycle ,  whil e marker-passin g node s wil l  b e cycle d onl y o n 

globa l  cycle s 1 ,  4 ,  7 ,  an d s o on ,  unti l  terminatio n (stability) . 

Update: Each active node in the cycling networks queries its incoming links for new acti-

vatio n and/o r  markers .  Spreading-activatio n node s calculat e thei r  ne w activatio n b y ap -

plyin g thei r  activatio n function ,  whil e marker-passin g node s stor e an y n e w marker s the y 

hav e received . 

Spread-To-Out-Links: Each active node in the cycling networks calculates its output 

(eithe r  activatio n o r  markers )  an d send s i t  t o it s  outgoin g links .  Th e outpu t  o f  spreading -

activatio n node s i s calculate d b y applyin g thei r  outpu t  function ,  whil e th e outpu t  o f 

marker-passin g node s i s generall y thei r  ne w markers . 

Report Output: The final step of a cycle entails querying the cycling networks for results. 

Each networ k controlle r  ca n optionall y displa y th e statu s o f  importan t  node s a t  specifie d 

cycle s (Network-A' s statu s wil l  b e displaye d ever y 1 0 cycle s i n Figur e 4 )  o r  trac e n e w 

activatio n and/o r  markers .  DESCARTES currentl y ha s a  numbe r  o f  outpu t  option s usefu l 

fo r  syste m desig n an d debugging . 

IMPLEMENTATION AND SIMULATOR ACCESS 

Descar te s ha s bee n designe d fo r  portability ,  flexibility ,  an d simplicit y o f  use .  Portabilit y  i s 

achieve d vi a th e us e o f  C O M M O N L i s p,  th e A N S I  Lis p standard .  Flexibilit y  i s  augmente d b y th e 

use o f  th e C O M M O N L i sp Objec t  System ,  C los ,  whos e hierarchica l  clas s structur e provide s inheri -
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tance which enables users to utilize pre-defined functional classes to customize their own se-
mantics .  A  complet e descriptio n o f  currentl y availabl e functionalit y an d test-be d case s ca n b e 
foun d i n [Lang e e t  ai ,  1989] .  Th e larges t  tes t  cas e simulate d t o dat e i s a n implementatio n o f  a 
Robi n [Lang e &  Dyer ,  1989b ]  networ k i n th e domai n o f  Hidin g Pot .  I t  consist s o f  tw o in -
teractin g L C N s buil t  fro m fou r  nod e classe s an d fiv e lin k classes ,  wit h a  tota l  o f  12,40 0 node s 
and 40,00 0 links . 

DESCARTES's control language is simple and effective, enabling the designer to easily set up and 
tes t  differen t  networ k configuration s usin g eithe r  pre-define d o r  user-define d elements .  A t  th e 
same time ,  th e syste m ha s bee n designe d wit h eas e o f  networ k debuggin g i n mind ,  wit h histor y 
and outpu t  facilitie s tha t  offe r  researcher s valuabl e method s fo r  interpretin g networ k behavior . 

DESCARTES will be made available to all interested users. Enquiries about access to the simulator 
shoul d b e sen t  t o D E S C A R T E S @ C S . U C L A . E D U. 

RELATED WORK 

Some o f  th e recen t  tool s constructe d fo r  buildin g an d simulatin g connectionis t  architecture s ar e 
(1 )  th e Rocheste r  Connectionis t  Simulato r  (RCS )  [Goddar d e t  ai ,  1987] ,  (2 )  th e P D P Softwar e 
Packag e [McClellan d &  Rumelhart ,  1988] ,  (3 )  MiRRORS/I I  [D'Autrech y etai ,  1988] ,  an d 
(4 )  GE^4ESI S [Wilso n e t  ai ,  1988] .  R C S i s a  spreading-activatio n simulato r  whic h allow s unit s t o 
hav e an y amoun t  o f  associate d data .  Ther e i s n o specificatio n languag e fo r  constructio n o f  th e net , 
but  th e syste m provide s a  librar y o f  commonl y use d networ k structure s an d units .  Th e P D P Soft -
war e packag e include s a  numbe r  o f  program s fo r  simulatin g th e D C N model s i n [Rumelhar t  & 
McClelland ,  1986] .  MIRRORS/I I  an d GENESIS,  th e mos t  recen t  o f  th e fou r  systems ,  hav e bot h 
features :  a  hig h leve l  non-procedura l  languag e fo r  networ k constructio n an d a n indexe d librar y o f 
commonl y use d networks .  Bot h hav e mor e sophisticate d an d flexible  contro l  mechanism s tha n 
R CS an d th e P D P Softwar e Package ,  wit h MiRRORS/I I  emphasizin g simulation s usin g L C N s an d 
GENESIS emphasizin g realistic ,  biologically-base d models . 

The flexibility and symbolic capabilities afforded by DESCARTES' object-oriented implementation 
i n COMMONLISP an d Clo S come s a t  a  smal l  expens e i n simulatio n spee d i n compariso n t o th e C -
base d implementation s o f  RCS ,  th e P D P package ,  an d GENESIS.  Th e onl y cas e wher e th e differ -
enc e i n spee d shoul d b e significant ,  however ,  i s i n simpl e backpropagatio n network s requirin g 
thousand s o f  learnin g epochs ,  fo r  whic h th e P D P packag e migh t  b e mor e appropriate .  Excep t  fo r 
GENESIS,  al l  o f  th e above-mentione d simulator s ar e geare d towar d monotoni c distribute d o r  local -
is t  spreading-activatio n networks .  Non e o f  the m hav e th e concep t  o f  hybri d multipl e interactiv e 
network s a s par t  o f  thei r  design ,  especiall y thos e whic h ca n pas s symboli c markers . 

CONCLUSIONS 

We hav e presente d a  developmen t  tool ,  D E S C A R T E S,  whic h provide s researcher s wit h th e capa -
bilit y  t o combin e Distribute d Connectionis t  Networks ,  Localis t  Connectionis t  Network s an d 
Marker-Passin g Network s withi n a  singl e simulatio n environment .  Th e mos t  importan t  theoretica l 
contributio n o f  D E S C A R T ES i s th e concep t  o f  Multipl e Interactiv e Network s wit h intra -  an d inter -
networ k heterogeneity .  A s a  tool ,  i t  provide s a  simple ,  portable ,  an d versatil e environmen t  fo r  de -
signin g an d testin g differen t  cognitiv e models .  Thes e capabilitie s mak e D E S C A R T ES a  uniqu e an d 
powerfu l  too l  fo r  researcher s i n Artificia l  IntelUgence ,  Cognitiv e Modelling ,  an d Connectionism . 
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