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A b s t r a c t 

Some basic characteristics of subjects' use of mental 
model s o f  physica l  system s ar e discussed .  M a n y 
representation s fo r  physica l  knowledg e suggeste d s o far , 
includin g qualitative-reasoning-base d models ,  d o no t 
accoun t  fo r  thes e experimenta l  findings.  Thi s pape r 
present s a  connectionis t  architectur e whic h suggest s a n 
explanatio n o f  thes e experimenta l  results .  T w o 
simulatio n experiment s ar e describe d whic h demonstrat e 
h o w menta l  model s o f  physica l  system s ma y evolv e 
and wh y groundin g symbol s use d b y a  menta l  mode l  t o 
a quantitativ e representation  i s necessary . 

M e n t a l  M o d e l s o f  Physica l  S y s t e m s 

Recent studies of physical knowledge acquisition have 
focuse d o n th e wa y a  menta l  mode l  o f  a  physica l 
syste m ca n b e create d fro m a  se t  o f  elementar y piece s o f 
Imowledg e abou t  th e physica l  worid .  I n thi s context , 
menta l  mode l  mean s a  structure d representatio n o f 
knowledg e abou t  a  specifi c  system .  Norma n (1983 ) 
observe s th e followin g facts .  (1 )  Menta l  model s evolv e 
throug h interactio n wit h th e syste m the y model .  (2 ) 
Menta l  model s ar e use d t o facilitat e th e interactio n 
betwee n th e subjec t  an d th e physica l  system ,  an d ar e 
not  accurat e description s o f  th e physica l  system .  (3 ) 
Menta l  model s ar e runnable ,  i.e .  subject s ca n ru n thei r 
menta l  model s an d predic t  a  particula r  futur e stat e o f  th e 
system .  (4 )  Pec^l e ar e notoriousl y ba d i n runnin g 
menta l  model s throug h a  larg e numbe r  o f  stage s o r  fo r 
a lon g time .  Also ,  peopl e ar e ofte n hesitan t  abou t  th e 
validit y o f  thei r  mental-model-base d judgements .  Al l 
thes e characteristic s relate  t o th e performator y aspec t  o f 
menta l  models ,  tha t  i s  t o th e actua l  behavio r  o f 
subject s i n experiment s i n which ,  presumably ,  the y us e 
thei r  menta l  models .  Mos t  researc h i n thi s domai n ha s 
focuse d o n th e for m o f  knowledg e representatio n whic h 
give s ris e t o thes e behaviora l  patterns . 

Qual i ta t iv e R e a s o n i n g T h e o r y 

The qualitative reasoning theory (Weld & deKleer, 
1990 )  evolve d ou t  o f  researc h int o menta l  model s o f 
physica l  systems .  Often ,  whe n subject s J^pl y thei r 

physica l  knowledge ,  thei r  behavio r  an d report s ar e 
incompatibl e wit h an y theoretica l  la w o f  physics . 
Thus ,  a n alternate ,  simple r  "qualitative "  physic s theor y 
has bee n formalized .  A  qualitative-reasonin g base d 
menta l  mode l  i s  a  lis t  o f  qualitativ e equation s 
describin g th e physica l  system .  Th e qualitativ e 
equatio n i s a n expressio n describin g th e interactio n 
betwee n coarse-value d variables .  Specia l  qualitativ e 
arithmeti c i s  define d t o operat e o n thes e qualitativ e 
values .  Expresse d thi s way ,  som e physica l  concept s 
e.g .  "flow "  ca n b e expresse d b y specifyin g thei r 
interaction s wit h othe r  concept s suc h a s heigh t  o f  liqui d 
column s (deKlee r  &  Brown ,  1990) . 

Difficulties. Critics of the symbolic paradigm 
however ,  clai m tha t  a  qualitative-reasoning-base d 
menta l  model ,  i s  no t  a  satisfactor y mode l  fo r  an y 
cognitiv e proces s sinc e i t  give s rise  t o th e symbo l 
groundin g proble m (Hamad ,  1990) .  Symbol s canno t 
be arbitrar y form s whic h ar e assigne d meaning s 
iiKlependentl y o f  th e cognitiv e model .  Rather ,  thei r 
for m mus t  b e causall y determine d i n a  botto m u p 
manner . 

A furthe r  difficult y wit h symboli c knowledg e 
representation  i s it s  artificia l  distinctio n betwee n 
competenc e an d performance .  Th e theor y o f  qualitativ e 
reasoning  doe s no t  accoun t  fo r  ho w menta l  model s 
evolv e throug h interaction ,  wh y menta l  model s ar e 
runnable ,  an d wh y subject s ar e s o ba d i n runnin g the m 
ove r  man y stages .  Th e symboli c framewor k exclude s 
thes e confound s fro m an y discussio n abou t  th e 
knowledg e representation  form .  A n alternativ e 
framework ,  unde r  whic h bot h competenc e an d 
performanc e confound s wil l  b e explaine d b y th e 
postulate d knowledg e representation  for m shoul d b e 
preferre d o n th e ground s o f  parsimony . 

Thi s pape r  present s a  modula r  connectionis t 
architectur e fo r  menta l  model s o f  physica l  system s 
whic h allow s th e transitio n from  quantitativ e t o 
qualitativ e knowledge ,  an d whic h avoid s th e problem s 
describe d above .  Th e architectur e generate s symbol s 
whic h ar e assigne d "real-wori d meanings "  a s a  natura l 
and necessar y qualit y o f  th e processe s b y whic h the y 
evolve .  Relation s betwee n th e generate d symbol s 
constitut e a n alternativ e t o th e symboli c notio n o f 
compositiona l  structur e (Fodo r  an d Pylyshyn ,  1988) . 

Th e distinctio n betwee n competenc e an d 
performanc e i s  eliminate d b y usin g a  connectionis t 
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knowledg e representatio n form .  (1 )  D u e t o th e 
connectionis t  trainin g process ,  th e representatio n 
graduall y evolve s throug h interactio n wit h th e 
environment .  (2 )  B y imprintin g th e behavio r  o f  th e 
physica l  syste m i n a  connectionis t  network ,  a  mode l 
can b e "rerun "  late r  i n orde r  t o mak e prediction s o n th e 
system' s futur e state .  (3 )  Th e statistica l  natur e o f  th e 
Imowledg e representatio n buil t  make s i t  har d t o ru n th e 
model  fo r  man y stage s o r  fo r  a  lon g perio d a s error s 
propagat e an d accumulat e quickly . 

I  furthe r  describ e tw o simulatio n experiment s wit h 
th e architecture ,  whic h lea d t o a  numbe r  o f  interestin g 
observations .  I n th e curren t  model ,  adequat e symbo l 
generatio n i s possibl e onl y i f  th e syste m ha s reache d 
some leve l  o f  familiarit y wit h th e rea l  environment . 
Once thi s leve l  o f  familiarit y i s  attained ,  improvin g th e 
system' s knowledg e o f  th e environmen t  i s faste r  usin g 
th e generate d symbol s tha n b y increasin g th e system' s 
familiarit y wit h th e environment .  Th e questio n arise s 
as t o th e computationa l  statu s o f  symbols .  First , 
"grounding "  th e symbol s i s n o longe r  a  mer e 
philosophica l  requirement .  Rather ,  i t  i s  a 
computationa l  requiremen t  i n orde r  fo r  symbol s t o b e 
functional .  Second ,  th e rol e o f  symbol s migh t  b e 
conceive d a s efficien t  knowledg e modifier s rathe r  tha n 
arbitrar y shape s use d a s buildin g block s fo r  som e 
compositiona l  structure . 

T h e M o d u l a r  A rch i t ec tu re :  F r o m 

Quan t i t a t i v e t o Qua l i ta t i v e 

The proposed architecture consists of two inter-related 
modules .  Th e firs t  interact s wit h th e environmen t  t o 
construc t  a  non-symboli c menta l  mode l  o f  it .  Th e 
secon d use s th e interna l  analo g representation s buil t  b y 
th e first  modul e an d associate s qualitativ e symbol s wit h 
thes e representation s (se e Figur e 1) .  Th e entir e mode l 
i s the n abl e t o m a k e qualitativ e statement s an d 
prediction s abou t  th e stat e o f  th e environment ,  give n 
any qualitativ e specificatio n o f  a n initia l  scenario . 

The Quantitative Module 

The first module is a feed-forward three-layered network 
whic h i s expose d t o a  representatio n o f  th e environmen t 
(Th e exac t  for m wil l  b e discusse d i n th e nex t  section) . 
The inpu t  consist s o f  a  representatio n o f  th e stat e o f  th e 
environmen t  a t  time  t .  Th e expecte d outpu t  i s a 
representatio n o f  th e stat e o f  th e environmen t  a t  tim e 
t+ 1 (Se e Hgur e 2) .  Th e modul e i s traine d usin g th e 
eno r  back-propagatio n rul e (Rumelhart ,  Hinton ,  & 

Williams ,  1986) . 
Ther e ar e tw o importan t  fact s regardin g th e couplin g 

of  thi s modul e wit h th e environment .  First ,  eve n 
thoug h (technicall y speaking, )  back-propagatio n i s a 
supervise d trainin g scheme ,  i n thi s case ,  wit h th e 
environmen t  suf^lyin g bot h th e iq)u t  an d th e correc t 

The quantitativ e knowledg e 
acquisitio n modul e 

An interna l  representatio n 
of  th e environmen t 

The qualitativ e knowledg e 
associatio n modul e 

A three-layere d 
feed-forwar d netwoi k 

The hidden layer of 
th e three-layere d 
netwoi k 

An auto-associator 
netwoi k -  base d o n th e 
first  networi c 

A menta l  mode l  o f 
th e environmen t 

The architecturr e afte r 
training . 

Figur e 1 :  Afunctiona l  diagra m o f  th e propose d architectur e 

output ,  th e trainin g i s teacher-les s an d thu s 

psychologicall y plausible .  Second ,  sinc e th e form s o f 
th e inpu t  an d th e outpu t  o f  thi s networ k ar e identical , 
th e networ k shoul d b e viewe d a s a  recurren t  oetwor k 

wit h on e input/outpu t  laye r  an d on e hidde n layer .  Fo r 
computationa l  simplicity ,  th e netwoi k i s traine d a s a 
three-layer s feed-forward  network . 

Th e motivatio n fo r  usin g thi s particula r  architectur e 
fo r  th e first  modul e i s twofold .  First ,  a  thre e layere d 
feed-forwar d networi c traine d b y erro r  back-propagatio n 
i s capabl e o f  learnin g comple x interaction s i n th e 
environment .  Second ,  i t  allow s fo r  th e generatio n o f 
an interna l  representatio n o f  th e environmen t  ove r  th e 
hidde n laye r  whic h alread y encompasse s s o m e 
informatio n abou t  wha t  the  nex t  stat e o f  the 
environmen t  wil l  be .  Thi s interna l  representatio n i s 
the n availabl e fo r  fiirther  processing . 

The Qualitative Module 

The second module auto-associates verbal labels and 
qualitativ e value s wit h activatio n pattern s ove r  th e 
hidde n laye r  o f  th e first  model .  A s demonstrated  i n th e 
nex t  section ,  th e label s an d qualitativ e value s d o no t 
hav e t o correspon d t o explici t  representation s i n th e 
iî u t  fo r  th e first  module .  Thi s modul e consist s o f  a 
recurrent  networi c traine d usin g th e Widrow-Hof f  (I960 ) 
learnin g rule .  A n expansio n o f  th e "Brai n Stat e i n a 
Box "  (BSB )  algoritii m (Andeison ,  Silverstein ,  Rit z an d 

Environmen t 

state(t+l ) tun e uni t 
dela y 

state(t )  v L I N 
I . 

Networ k 

5 

K 
predicte d X ^ j f  Weight s 
state(t+l )  T  adjustmen t 

Erro r 

r ^ state(t+1 7 [calculatio n 

Figur e 2 :  Afunctiona l  diagra m o f  th e first ,  quantitativ e 
module . 
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Startin g conditio n 

lOOOOOO Iwoid 1 I value 1 h«.^SB 

BSB^ State 1 |worf 2 | value 2| 

State 2 [word 3 [value 3 | 

BSB 

I  B S B X  n  time s 

^talen-l|worf n 10000 0 "|»^i>^ p 

I State n |woid n |Value-P| 

The prediction | 

Figur e 3 :  A  diagra m o f  th e ful l  activatio n cycl e o f  th e 
propose d architecture .  Th e firs t  componen t  o f  th e stat e 
vecto r  i s use d a s a  "state "  descripto r  o r  a  memor y cell .  Th e 
secon d an d thir d component s hav e th e wor d an d a 
qualitativ e valu e representations .  Th e flo w predictio n i s 
eventuall y extracte d fro m th e las t  4 0 unit s o f  th e las t  stat e 
vector . 

Randal, 1976) is used as the network activation 
scheme.  Th e propose d architectur e employ s th e Jjasifi S 

of  attractio n o f  th e BS B mode l  t o achiev e qualitativ e 

Linguisti c judgements .  (Se e Hq>field ,  1982 ;  Anderson , 
Silverstein ,  Ri u an d Randa l  1976 ;  an d Golden ,  1986 ; 
fo r  a  forma l  analysi s o f  th e effec t  o f  basin s o f 
attraction) . 

The manne r  i n whic h th e entir e architectur e 
function s i s simila r  t o a  finite-state-automaton  wher e 
th e "interna l  representation "  componen t  o f  th e 
activatio n vecto r  function s a s th e "state. "  A  word ,  an d 
possibl y a  qualitativ e value ,  i s th e inpu t  whic h allow s 
transitio n fro m th e curren t  stat e t o th e nex t  stat e usin g 
th e B S B dynamic s (se e Figur e 3) .  Th e followin g 
section s describ e a  low-scal e implementatio n o f  th e 
architectur e fo r  modellin g th e generatio n o f  menta l 
model s o f  physica l  systems . 

Simulation Experiments 

The architecture was used to construct a mental model 
of  liqui d flow  betwee n reservoir s (Se e Figur e 4) . 
Liqui d flo w wa s chose n because :  (1 )  i t  i s  familiar , 
subject s ca n mak e goo d qualitativ e prediction s abou t  it s 
basi c behavior ,  an d (2 )  thoug h fairi y  simple ,  liqui d 
flo w present s th e difficultie s mentione d abov e 
concernin g people' s representatio n o f  it s  behavior . 

I f  th e menti d mode l  simulatio n generate s a  concep t 
whic h correspond s t o th e physica l  measur e o f  flow 
fro m th e sensor y information ,  withou t  startin g wit h a n 
explici t  representatio n o f  flow,  i t  exemplifie s ho w 
physica l  concept s migh t  emerg e an d ho w symbol s (th e 
symbol  fo r  "flow "  i n thi s case )  ma y b e grounded .  I n 
addition ,  i f  a  trainin g proces s lead s t o th e generatio n o f 
a syste m o f  qualitativ e relationship s describin g th e 
physica l  syste m bein g modeled ,  i t  demonstrate s ho w a 
qualitative-reasonin g base d metMa l  mode l  coul d arise . 

heigh t  1 

(hi ) 
i 

widt h 1  (wl ) 

heigh t  2 

i  (h2 ) 

II - •> l 
widt h 2  (w2 ) 

2 X pipe radius (r) 

Figur e 4 :  Th e liqui d flo w syste m bein g modeled .  Th e real . 
continuou s tim e dimensio n acros s whic h th e proces s o f 
flo w occur s i s divide d int o digita l  unit s a t  whic h th e stat e 
of  th e physica l  syste m i s sampled . 
Qf-Th e flow-rat e a t  tim e t ,  i s  give n b y Torriceli' s  law : 

Q, =2n,^yl2g/hl,-h2,/ 

wher e h i  an d h 2 ar e th e height s o f  th e liqui d colum n i n th e 
tw o reservoir s an d r  i s th e radiu s o f  th e pip e connectin g 
them .  Therefore ,  th e height s o f  th e liqui d leve l  afte r  a 
singl e tim e uni t  wil l  be : 
i fhl>h2 :  ifhl<h2 :  ifhl=h2 : 

hl,+j=hl,-Q^iTw l  hl,^j=hl,+Q/jnv l  hl,^.j=hl , 

h2,^.j=h2,+Q^nw2 h2,^j=h2,-Q^nw2 h2,^j=h2, 

wher e w l  an d w 2 ar e th e width s o f  th e tw o reservoirs . 

Inpu t  an d Outpu t  Representatio n an d 

Trainin g O r d e r 

The first module consisted of a three layered network 
wit h 20 0 inpu t  units ,  8 0 hidde n laye r  unit s an d 8 0 
outpu t  units .  Th e secon d modul e consiste d o f  16 0 
full y  connecte d unit s (Se e Hgur e 5) . 

The qualitativ e modul e 

80+40+4 0 unit s 

Input layer O ^^ /hidden layer of the / 

of  th e Q  W Ŝyauantitativ e modul e 

quantitativ e q  WVvVx\ .  * 
modul e ' ^  « \ W X x _ ' 
-  20 0 unit s 

outpu t  laye r  o f  th e 

quantitativ e 

modul e -  8 0 unit s 

'  qualitativ e 

valu e 

Figur e 5 :  Th e propose d architectur e 
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Th e inpu t  t o th e firs t  modul e consiste d o f 
quantitativ e representation s o f  th e height s o f  th e wate r 
column s i n th e tw o reservoirs ,  th e widt h o f  th e tw o 
reservoir s an d th e widt h o f  th e pip e connectin g them . 
Each measur e wa s represente d i n a n are a o f  4 0 unit s i n 
whic h a  slidin g ha r  o f  fiv e unit s indicate d th e value . 
Pbr  example ,  a  wate r  heigh t  o f  S O i n th e first reservoir 
i s  represented  by : 

OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOl1111 

The total dimensionality of the input layer was 
therefor e Sx40'20 0 units .  Fo r  reasons  o f  simplicit y 
and computationa l  feasibility ,  th e outpu t  laye r  wa s 
onl y 8 0 unit s lon g an d ha d oid y th e tw o height s o f  th e 
tw o wate r  columns .  I t  shoul d b e note d tha t  ba r  cod e 
representations  hav e som e biologica l  appea l  sinc e the y 
resembl e brai n map s tha t  hav e bee n describe d i n 
differen t  area s o f  th e brain s o f  man y species .  I t  i s 
therefor e plausibl e t o assum e bar-cod e representations 
as a  genera l  quantitativ e representatio n form . 

Give n an y quantitativ e initia l  condition ,  thi s modul e 
predict s th e quantitativ e conditio n a t  di e nex t  tim e unit . 
The trainin g phas e include d exposin g thi s modul e t o 
200 0 differen t  flo w scenarios ;  eac h scenari o begin s b y 
du)osin g rando m value s fo r  th e five  inpu t  measure s an d 
the n use s ToriceUi' s la w t o calculat e th e state s o f  th e 
syste m i n th e followin g tim e unit s unti l  equilibriu m i s 
achieved . 

The input to the second module consisted of 
th e interna l  representation  o f  th e physica l  system' s stat e 
generate d ove r  th e hidde n laye r  o f  th e first,  quantitative , 
module ,  plu s a n arbitrar y representation  fo r  a  wor d an d 
a qualitativ e value .  Sinc e th e wor d an d th e qualitativ e 
valu e ar e arbitrar y symbol s (grounde d b y trainin g thi s 
module) ,  the y wer e represente d b y arbitrar y 
representation s tha t  maximiz e orthogonality .  Th e 
hidde n laye r  o f  th e first  mode l  wa s 8 0 unit s long .  Th e 
wor d an d qualitativ e valu e wer e eac h represented  b y 4 0 
units .  Therefore ,  thi s modul e consiste d o f  16 0 full y 
connecte d units . 

The word s represented  were :  "HE IGHT-1 " , 
"HEIGHT-2" ,  "WIDTH-l" ,  "WIDTH-2" ,  "WIDTH -
PIPE"  an d "FLOW" .  Th e qualitativ e value s represente d 
fo r  al l  th e word s bu t  "FLOW" ,  wer e "HIGH" , 
"MEDIUM"  an d " L O W .  Fo r  th e wor d "FLOW" ,  th e 
valu e field  wa s segmente d int o tw o parts ,  th e first 
representing  th e qualitativ e strengt h o f  th e flow: 
"HIGH" ,  "MEDIUM "  o r  " L O W "  an d th e secon d 
representing  di e directio n o f  th e flow:  "FROM-l-TO-2 " 
or  "FROM-2-TO-1 "  o r  "NONE" .  Fo r  flow  valu e o f 
"NONE",  di e magnitud e field  wa s ignored . 

Trainin g th e secon d modul e starte d b y presentin g 
eac h on e o f  th e 200 0 initia l  state s use d t o trai n th e first 
modul e t o th e first  module .  Then ,  th e interna l 
representation  generate d ove r  th e hidde n laye r  o f  th e 
first  modul e wa s auto-associate d wit h eac h o f  th e si x 
word s an d wit h th e qualitativ e valu e correspondin g t o 

th e quantitativ e initia l  condition .  Th e quantitativ e 
rang e associate d wit h eac h qualitativ e valu e wa s chose n 
so tha t  al l  qualitativ e value s woul d occu r  wit h equa l 
fiequency. 

Running the Qualitative Mental Model 

In order for the system to make a prediction, the 
qualitativ e initia l  conditio n mus t  b e specified .  A s 
mentione d earlier ,  th e proces s work s muc h lik e a  finite 
stat e automato n (Figur e 3) .  Th e proces s i s describe d 
below : 
1)  Zer o th e interna l  representation  componen t  o f  th e 

second ,  qualitativ e module . 
2)  Loa d th e first  wor d an d qualitativ e valu e o f  th e 

initia l  conditio n int o th e appropriat e areas . 
3)  Ru n th e B S B activatio n sdiem e unti l  saturation . 
4)  Leav e th e interna l  representation  are a a s i s (sinc e i t 

function s lik e th e stat e i n a  F S A )  an d loa d th e nex t 
wor d an d qualitativ e valu e specifyin g th e initia l 
conditions . 

S)  Repea t  3- S unti l  al l  th e qualitativ e initia l  measure s 
hav e bee n spcd&ed . 

6)  Zer o th e qualitativ e value . 
7)  Loa d th e representatio n fo r  di e wor d " F L O W "  t o Ui e 

wor d area . 
8)  Ru n th e B S B activatio n schem e unti l  saturation . 
9)  Tak e th e predictio n fo r  th e flow  directio n an d 

magnitud e fto m di e qualitativ e valu e are a (Mor e 
precisely ,  th e closes t  qualitativ e valu e t o whateve r 
i s take n ou t  o f  th e qualitativ e valu e are a i n term s o f 
vecto r  cosine) . 

The evaluation of a prediction takes into 
accoun t  th e fac t  tha t  whe n a n initia l  stat e i s specifie d 
qualitatively ,  mor e tha n on e qualitativ e predictio n ca n 
be correct .  Base d o n th e probabilit y  o f  eac h predictio n 
give n an y initia l  condition ,  th e followin g evaluatio n 
scheme i s used : 
1)  Tes t  th e networ k fo r  prediction s fo r  al l  possibl e 

initia l  condition . 
2)  Categoriz e eac h predictio n a s eithe r  correc t  (an d mos t 

probable) ,  secon d bes t  choice ,  thir d bes t  choic e o r 
directio n error . 

3)  Assig n a  grad e t o th e overal l  performanc e o f  th e 
model  by : 
Grad e =  4  *  (%correc t  -  %directio n error ) 

2 *  %thir d bes t  error s 
-  1  *  %secon d bes t  errors . 

The grad e i s mosd y a£fecte d b y th e percentag e o f  correc t 
prediction s versu s th e percentag e o f  directio n errors . 

Experiment 1: The Importance of 

G r o u n d i n g S y m b o l s 

The first experiment tested the importance of the 
"groundin g Imowledge "  t o th e overal l  performanc e o f 
th e system .  Whil e th e amoun t  o f  trainin g pu t  int o th e 
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secon d modul e (th e symbo l  associator )  wa s kep t 
coostant ,  differen t  type s o f  quantitativ e interna l 
representatioDS  wer e used . 
1)  I n Olde r  t o tes t  th e importanc e o f  th e interna l 
representatio n componen t  i n th e dynamic s o f  th e 

symbol  associator ,  rando m intema l  represeatatioos  wer e 
used rathe r  the n real  activatio n pattern s ove r  th e hidde n 
laye r  o f  th e traine d firs t  module .  Th e weight s 
coimectin g th e unit s o f  th e first  modul e wer e assigne d 
randomly ,  yieldin g rando m activatio n pattern s ove r  th e 
hidde n layer .  Th e sam e 200 0 exemplar s wer e use d fo r 
trainin g th e secon d module .  I f  thi s networ k i s trainable , 
the n th e real  knowledg e o f  th e specifi c  syste m mus t 
hav e n o importance :  th e mode l  woul d wor k du e t o 
ther e bein g a n interna l  representation  componen t  tha t 
"anchors "  th e symbol s arbitrarily ,  regardless  o f  thei r 
contents .  Suc h a  result  woul d sugges t  tha t  thi s mode l 
does no t  ofCe r  an y advantag e ove r  symboli c architectur e 
becaus e i t  i s  indifferen t  t o th e meanin g assigne d t o th e 
symbols . 
2)  Eve n i f  th e rando m interna l  representations  prove s 
unsuccessful ,  i t  i s  stil l  possibl e tha t  th e syste m ca n 
functio n wit h th e real  interna l  representations  du e t o th e 
genera l  structur e presen t  i n thes e representations  rathe r 
tha n tbei r  particula r  contents .  Tha t  is ,  th e presenc e o f 
structur e migh t  b e sufficien t  t o "anchor "  th e symbols . 
I n orde r  t o rul e ou t  thi s possibility ,  anothe r  versio n o f 
th e first  modul e wa s used .  A s before ,  th e first  modul e 
was no t  traine d bu t  wa s assigne d weight s i n a  structure d 

patter n yieldin g structure d an d systemati c activatio n 

pattern s ove r  th e hidde n laye r  whic h wer e stil l  no n 

related  t o th e real flow  syste m ̂  Again ,  i f  thi s networ k 
i s trainable ,  the n th e real  knowledg e o f  th e specifi c 
syste m ha s n o importance . 
3)  Finally ,  i t  need s t o b e show n tha t  give n th e 
apprq>riat e training ,  th e syste m ca n work .  T o clarif y 
th e difierenc e betwee n th e previou s case s an d th e cas e o f 
th e real  training ,  I  use d th e tw o arbitrar y weight s setup s 
(th e rando m an d th e structured )  a s initia l  weight s fo r  di e 
first  module ,  an d traine d i t  usin g on e introductio n o f 
eac h o f  th e 200 0 flow  scenarios .  Th e trainin g o f  th e 
qualitativ e modul e starte d onl y afte r  th e quantitativ e 
knowledg e wa s generated .  Thi s trainin g wa s don e b y 
associatin g th e appropriat e word s an d value s wit h th e 
200 0 initia l  states .  Eac h o f  th e association s wa s use d 
10 time s o n averag e durin g th e training . 
4)  T o furthe r  explor e th e importanc e o f  th e qualitativ e 
groundin g knowledge ,  th e previou s case s wer e 
replicated  wit h th e exceptio n tha t  th e first  modul e wa s 
furthe r  traine d b y usin g th e sam e trainin g se t  onc e mor e 
befor e startin g th e trainin g o f  th e secon d module . 

Over  al l  ther e wer e tw o contro l  system s i n whic h 
ther e wa s n o groundin g knowledge ,  tw o system s i n 

^  Th e weight s wer e setu p accordin g t o a  Gauria n fonnul a t o 
ensur e tha t  systemati c change s i n tfie  inpu t  value s woul d 
yiel d systemati c change s i n th e activatio n pattern s ove r 
th e hidde n layer . 

whic h ther e wa s a  certai n amoun t  o f  groundin g 
knowledge ,  an d tw o othe r  system s i n whic h ther e wa s 
more groundin g knowledge .  Th e trainin g o f  th e 
qualitativ e modul e wa s identica l  fo r  th e si x systems . 
The qualitativ e performanc e o f  eac h syste m wa s the n 
evaluate d b y th e schem e describe d abov e an d assigne d a 
grade . 

Results of Experiment 1: The results are 
shown i n Tabl e 1 .  Althoug h i n n o case s wer e th e 
prediction s mad e b y th e syste m perfect ,  th e results  stil l 
sugges t  th e followin g points :  (1 )  Rea l  groundin g 
knowledg e i s necessar y fo r  bette r  qualitativ e 
performance .  (2 )  Arbitrar y structur e o f  th e interna l 
representations  i s no t  sufficien t  fo r  qualitativ e 
knowledg e generation .  (3 )  Bette r  groundin g knowledg e 
consistentl y yield s bette r  qualitativ e results .  (4 ) 
Symbol s (suc h a s th e wor d "FLOW "  an d it s associate d 
qualitativ e values )  ca n serv e t o generat e nove l  concept s 
from  interna l  representations  o f  "sensor y inputs. "  Th e 
relation  betwee n th e nove l  concep t  an d th e concept s 
associate d wit h th e "sensor y input "  i s  th e alternativ e 
thi s framewor k offer s t o th e notio n o f 
"compositionality "  i n th e symboli c fiamework. 

Initia l 
weight s 

Contro l 
group s 

rando m 

structure d 

-10 5 

•10 5 

Singl e 
quantitativ e 
trainin g 
cyd e 

Two 
quantitativ e 

3 
-29 

Irainin g 
cyde s 

8 
Tabl e 1 :  Result s o f  experimen t  1 .  Th e untraine d contro l 
group s di d th e worst .  Tw o quantitativ e trainin g cycle s 
improve d th e performanc e meanin g tha t  "stronge r 
grounding" ,  improve d th e overal l  results . 

Experiment 2: The Importance of 

S y m b o l s fo r  Teachin g 

This e^)eriment examines how the system's predictions 
can b e improved .  On e metho d i s t o furthe r  trai n th e 
first  module ;  i.e. ,  le t  th e syste m "watch "  mor e flow 
scenarios .  A n alternativ e metho d woul d b e t o retrai n 
th e second ,  qualitativ e modul e i f  i t  faile d t o mak e th e 
correc t  predictio n abou t  scenario s whic h wer e par t  o f  it s 
trainin g set ;  i.e. ,  "tell "  th e syste m mor e abou t  ho w 
flow  behave s qualitatively .  I n thi s method ,  th e firs t 
modul e i s no t  retrained.  Th e las t  metho d I  conside r  i s 
t o onl y correc t  th e qualitativ e error s th e syste m doe s i n 
th e evaluatio n test .  Thi s i s muc h lik e th e manne r  i n 
whic h a  teache r  woul d qualitativel y tes t  a  studen t  o n 
nove l  situation s an d correc t  bis/he r  errors . 

I  als o wante d t o inspec t  th e effec t  o f  "groundin g 
knowledge "  o n th e abilit y  t o improv e th e prediction s 
made b y th e system ,  b y makin g qualitativ e corrections . 
Twelv e system s wer e compare d i n thi s experiment . 
Four  wer e th e system s from  th e previou s experimen t 
whic h wer e grounde d t o th e real  physica l  system .  Fo r 
eac h o f  thes e fou r  systems ,  th e tw o qualitativ e 
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collectin g procedure s wer e applie d separately .  Th e 
twelv e network s wer e evaluate d a s before . 

Initia l 
weight s 

Singl e 
quantitativ e 

trainin g 
cycl e 

rw o 
quantitativ e 

trainin g 
cycle s 

Singl e 
qualitativ e Icorrectio n 
trainin g 
cycl e 

rando m -3 

structure d 

random 

structure d 

qualitativ e qualitativ e 
correctio n 

wit h theh v 
trainin g 

set 
-10 5 

-2 9 

8 

il h [h e 
complet e 
evaluatio n 

-11 6 

-10 5 

-11 6 

16 

Tabl e 2 :  Result s o f  experimen t  2 .  Bot h method s o f 
qualitativ e correctio n worsene d th e overal l  performanc e o f 
th e les s grounde d network s bu t  slightl y improve d th e 
overal l  performanc e o f  th e mor e grounde d networks . 

Result s o f  Experimen t  2 :  Th e result s ar e show n 
i n Tabl e 2 .  Ther e ar e tw o interestin g observations :  (1 ) 
qualiutiv e correctiM i  doe s no t  improv e performanc e fo r 
th e les s grounde d systems .  O n th e contrary ,  i t  reduces 

tota l  performance^ .  Groundin g i s no t  onl y necessar y fo r 
overal l  performanc e bu t  als o fo r  makin g qualitativ e 
corrections .  (2 )  I n mos t  cases ,  wit h som e degre e o f 
groundin g established ,  th e mor e efficien t  qualitativ e 
correctio n method s enabl e furthe r  learnin g beyon d tha t 
achieve d b y quantitativ e retraining. 

General Discussion 

The paper sketches a general connectionist architecture 
tha t  remedies  th e symbo l  groundin g proble m withou t 
givin g u p th e notio n o f  symbols .  Th e generatio n o f 
th e nove l  concep t  o f  flow ,  b y associatin g symbol s t o 
an interna l  representation  o f  simple r  interactin g factors , 
demonstrate s h o w a  compositiona l  o r  hierarchica l 
conceptua l  structur e migh t  evolve .  Th e connectionis t 
modellin g technique s eliminat e th e artificia l  distinctio n 
betwee n competenc e an d performanc e tha t  prevail s i n 
much o f  th e research  o n menta l  models .  Th e propose d 
architectur e give s a  unifie d accoun t  fo r  bot h th e for m o f 
th e knowledg e representation ,  an d fo r  th e empirica l 
evidenc e abou t  h o w subject s perfor m task s usin g thi s 
knowledge . 

The generatio n o f  a  menta l  mode l  o f  a  th e liqui d 
flow  physica l  syste m demonstrate s th e tw o essentia l 
a^ct s o f  th e symbol s suggeste d i n thi s paper .  O n th e 
one hand ,  symbol s nee d t o b e grounde d t o real-world 

2 Becaus e th e correctio n proces s i s use d onl y fo r  wron g 
predictions ,  i t  ca n caus e th e netwod c t o forge t  prediction s 
tha t  i t  previousl y go t  right ,  therefor e decreasin g th e 
overal l  grade . 

meaning s fo r  th e mode l  t o work .  O n th e othe r  band , 
onc e thi s groundin g conditio n i s satisfied ,  usin g 
symbol s ha s som e eviden t  advantages .  Thes e results 
sugges t  a  wide r  interpretatio n o f  th e symbo l  groundin g 
problem .  No t  onl y d o symbol s nee d t o b e grounde d t o 
explai n real-worl d meanin g assignment ,  bu t  thei r 
groundin g i s a  necessar y computationa l  condition .  Th e 
groundin g i s wha t  causall y determine s th e 
compositionalit y (Fodo r  an d Pylyshyn ,  1986 )  o f  th e 
symbols .  Obviously ,  thi s assumptio n i s vali d onl y i n 
th e framewor k sketche d i n thi s paper .  T h e 
computationa l  necessit y fo r  grounding ,  however ,  m a y 

contribut e t o th e failur e o f  th e symboli c architectur e t o 
meet  Turing' s (1950 )  vision . 
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