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Abstrac t 
The Cascade-Correlatio n connectionis t  architectur e wa s 
use d t o mode l  huma n cognitiv e developmen t  o n 
balanc e scal e problems .  Th e simulation s wer e 
characterize d b y gradua l  expansio n o f  th e trainin g 
patterns ,  trainin g bia s i n favo r  o f  equa l  distanc e 
problems ,  an d tes t  problem s balance d fo r  torqu e 
distance .  Bot h orderl y rul e stage s an d torqu e differenc e 
effect s wer e obtained .  Analyse s o f  th e developmen t  o f 
networ k structur e reveale d progressiv e sensitivit y t o 
distanc e information .  I t  wa s note d tha t  informatio n 
salienc e effects ,  suc h a s tha t  fo r  torqu e difference ,  ar e 
particularl y difficul t  t o captur e i n symboli c leve l 
models . 

Introduction 

An emergin g benchmar k fo r  detaile d computationa l 
modelin g i n cognitiv e developmen t  i s th e balanc e scale . 
The clarit y an d replicabilit y o f  balanc e scal e phenomen a 
wit h humans ,  couple d wit h th e classica l  developmenta l 
appea l  o f  it s  stage-lik e character ,  hav e le d t o bot h 
connectionis t  (McClellan d 1988 )  an d rul e base d (Newel l 
1990 )  models . 

Psychologica l  assessment s presen t  th e chil d wit h a  rigi d 
balanc e bea m i n whic h differin g number s o f  weight s ar e 
place d o n peg s a t  variou s distance s t o th e lef t  o r  right  o f  a 
fulcrum .  Th e child' s tas k i s t o determin e whic h sid e o f  th e 
scal e wil l  g o d o w n whe n supportin g block s ar e removed . 
A 5  position ,  5  weigh t  versio n o f  th e balanc e scal e i s 
presente d i n Figur e 1 .  Ordinarily ,  al l  o f  th e weight s o n 
one sid e ar e place d o n a  singl e peg .  Balanc e problem s hav e 
equa l  number s o f  weight s place d a t  equa l  distances .  I n 
weigh t  problems ,  th e sid e wit h mor e weight s goe s d o w n 
sinc e th e distance s ar e equal .  I n distanc e problems ,  th e sid e 
wit h greate r  distanc e goe s d o w n sinc e th e side s hav e equa l 
weights .  Th e conflic t  problem s hav e greate r  weigh t  o n 
one sid e an d greate r  distanc e o n th e othe r  side .  Th e sid e 
tha t  goe s dow n i s th e on e wit h greate r  weigh t  fo r  conflict -
weigh t  problems ,  an d th e on e wit h greate r  distanc e fo r 
conflict-distanc e problems .  Th e scal e balance s i n conflict -
balanc e problems . 

Siegle r  (1976 ,  1981 )  ha s indicate d tha t  children' s 
performanc e o n th e balanc e scal e progresse s throug h 4 
distinc t  rul e base d stages :  (1 )  us e weigh t  alon e t o 
determin e i f  th e scal e wil l  balance ,  (2 )  emphasiz e weight , 
but  conside r  distanc e (correctly )  i n th e even t  tha t  th e 
weight s t o th e lef t  an d righ t  o f  th e fulcru m ar e equal ,  (3 ) 
conside r  bot h weigh t  an d distanc e bu t  ge t  confuse d whe n 
one sid e ha s greate r  weigh t  an d th e othe r  ha s greate r 
distance ,  (4 )  multipl y distanc e b y weigh t  fo r  eac h sid e an d 
compar e th e products .  Siegle r  ha s note d tha t  eac h rul e 
makes specifi c  prediction s abou t  th e kind s o f  problem s 

tha t  wil l  b e solve d a s illustrate d b y th e predicte d 
percentage s correc t  i n Figur e 1 . 

McClellan d (1988 )  reporte d a  pioneerin g simulatio n o f 
balanc e scal e stage s usin g a  connectionis t  networ k wit h a 
back-propagatio n learnin g rule .  Thi s mode l  require d a 
number  o f  limitin g assumptions :  a  stron g bia s i n th e 
trainin g pattern s favorin g equa l  distanc e problems ,  a  loca l 
binar y representatio n o f  weigh t  an d distanc e information , 
and a  force d segregatio n o f  weigh t  vs .  distanc e informatio n 
i n connection s t o th e hidde n units .  Eve n wit h thes e 
assumption s satisfied ,  McClellan d reporte d tha t  ther e wa s 
a grea t  dea l  o f  shiftin g bac k an d fort h betwee n rule s 3  an d 
4,  wit h stag e 4  neve r  bein g clearl y established . 

Interestingly ,  th e leadin g rul e learnin g program ,  Soar , 
has als o bee n applie d t o balanc e scal e phenomen a (Newel l 
1990) .  Soa r  acquire d rule s 1- 3 but ,  lik e th e back -
propagatio n model ,  di d no t  manag e rul e 4 .  I t  i s  unclea r 
h o w dependen t  th e Soa r  mode l  wa s o n gettin g balanc e 
scal e problem s i n a  certai n order .  I t  m a y wel l  b e tha t 
differen t  proble m order s yiel d differen t  order s o f  rules . 

Neithe r  th e back-propagatio n mode l  no r  th e Soa r  mode l 
attempte d t o captur e th e othe r  majo r  balanc e scal e 
phenomenon ,  th e torqu e differenc e effec t  (Ferrett i  & 
Butterfiel d 1986) .  Th e torqu e o n eac h sid e o f  th e fulcru m 
i s th e produc t  o f  weigh t  x  distance .  Torqu e differenc e i s 
th e absolut e differenc e betwee n th e torque s o n th e tw o 
sides .  Th e large r  th e torqu e difference ,  th e easie r  th e 
proble m i s fo r  childre n t o solve .  Thi s coul d b e regarde d a s 
an effec t  o f  informatio n salience .  I t  i s  no t  explainabl e b y 
Siegler' s rule s sinc e an y suc h rul e shoul d appl y regardles s 
of  th e torqu e difference .  No r  i s th e torqu e differenc e effec t 
explainabl e b y th e additiv e o r  multiplicativ e rule s o f 
informatio n integratio n theor y (Wilkenin g &  Anderso n 
1982) . 

I n thi s paper ,  w e repor t  ou r  attemp t  t o cove r  rul e stage s 
and th e torqu e differenc e effec t  i n th e balanc e scal e usin g a 
relativel y ne w connectionis t  architectur e calle d Cascade -
Correlatio n (Fahlma n &  Lebier e 1990) .  Cascade -
Correlatio n build s it s o w n networ k topolog y b y recruitin g 
n e w hidde n unit s a s i t  learn s t o solv e problems .  Thus ,  i t 
afford s a  mor e principle d approac h t o networ k constructio n 
tha n i s typica l  i n connectionis t  research .  I t  start s wit h a 
minima l  topolog y containin g onl y th e inpu t  an d outpu t 
unit s define d b y th e programmer .  I n wha t  i s calle d th e 
outpu t  phase ,  connection s t o th e outpu t  unit s ar e traine d 
unti l  erro r  ca n n o longe r  b e reduced .  Then ,  i n th e inpu t 
phase ,  a  poo l  o f  candidat e hidde n unit s receive s trainabl e 
inpu t  fro m th e inpu t  unit s an d an y existin g hidde n units . 
Output s fro m th e candidat e hidde n unit s ar e no t  ye t 
connecte d t o th e outpu t  unit s i n thi s phase .  Th e purpos e 
of  th e inpu t  phas e i s t o identif y th e candidat e uni t  whos e 
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Figur e 1 .  Balanc e scal e problem s an d predicte d success . 

activation s correlat e bes t  wit h th e outpu t  errors .  Thi s bes t 
candidat e uni t  i s  the n installe d i n th e network ,  receivin g 
inpu t  fro m al l  inpu t  unit s an d an y hidde n unit s alread y i n 
plac e an d sendin g outpu t  t o al l  o f  th e outpu t  units .  Onc e 
installed ,  th e inpu t  sid e weight s t o th e ne w hidde n uni t  ar e 
frozen ,  an d it s outpu t  sid e weight s ar e allowe d t o chang e 
wit h learnin g (outpu t  phase) .  Becaus e Cascade-Correlatio n 
uses secon d orde r  erro r  minimizatio n i n computin g weigh t 
change s an d learn s onl y on e leve l  a t  a  time ,  i t  i s  typicall y 
10-5 0 time s faste r  a t  learnin g tha n back-propagation . 

Althoug h Cascade-Correlatio n ha s no t  ye t  bee n applie d 
t o cognitiv e developmenta l  phenomena ,  i t  appear s t o 
affor d a  nove l  an d natura l  interpretatio n o f  bot h qualitativ e 
and quantitativ e developmenta l  changes .  Qualitativ e 
change s occu r  throug h th e recruitmen t  o f  ne w hidde n 
units ;  quantitativ e change s throug h th e adjustmen t  o f 
networ k weights . 

The Network and the Training 

We repor t  tw o experiments ,  on e o n rul e diagnosi s an d th e 
othe r  o n th e torqu e differenc e effect .  Bot h experiment s 
used a  5  peg ,  5  weigh t  versio n o f  th e balanc e scale ,  a s di d 
McClellan d (1988) .  Ou r  initia l  networ k ha d 4  inpu t  units , 
th e obligator y bia s uni t  (whic h i s alway s on) ,  an d 2 
outpu t  units .  O f  th e 4  inpu t  units ,  on e encode d left-sid e 
distance ,  a  secon d encode d left-sid e weight ,  a  thir d encode d 

right-sid e distance ,  an d th e fourt h encode d right-sid e 
weight .  Th e inpu t  codin g o f  distanc e an d weigh t 
informatio n wa s don e usin g integer s fro m 1  t o 5 .  Ther e 
wer e 2  sigmoi d outpu t  unit s whic h represente d actua l 
balanc e scal e result s i n a  distribute d fashion .  Left-sid e 
down wa s conveye d b y excitatio n o f  th e firs t  outpu t  an d 
inhibitio n o f  th e secon d output ;  right-side  dow n wa s 
conveye d b y th e reverse  pattern ;  an d balanc e wa s conveye d 
by neutra l  value s o n bot h outputs .  An y recruite d hidde n 
unit s als o use d a  sigmoi d activatio n function . 

The initia l  trainin g pattern s wer e 10 0 randoml y selecte d 
withou t  replacemen t  fro m th e 62 5 possibl e 5  peg ,  5 
weigh t  problems ,  subjec t  t o a  0. 9 bia s i n favo r  o f  equa l 
distanc e problem s (balanc e an d weigh t  problems ,  a s 
illustrate d i n Figur e 1) .  Thi s bia s ensure d tha t  th e 
probabilit y  o f  drawin g a n equa l  distanc e proble m durin g 
constructio n o f  th e trainin g pattern s wa s 0.9 .  O n eac h 
epoc h i n th e outpu t  phase ,  anothe r  trainin g patter n wa s 
randoml y selecte d wit h replacement ,  als o subjec t  t o th e 
0. 9 equa l  distanc e bias ,  an d adde d t o th e trainin g patterns . 
We cal l  thi s Expansio n trainin g o f  th e 1 + type .  Th e 
trainin g se t  graduall y expanded ,  wit h 1  ne w patter n adde d 
each outpu t  phas e epoch .  Expansio n trainin g conform s t o 
our  assumption s tha t  th e child' s environmen t  change s 
graduall y an d tha t  thes e change s ar e marke d b y exposur e t o 
more aspect s o f  th e environment .  Th e constan t  bia s fo r 
equal  distanc e problem s reflect s th e assumptio n tha t 

636 



childre n hav e lot s o f  experienc e liftin g differin g number s 
of  object s bu t  relativel y littl e experienc e placin g object s a t 
differen t  distance s fro m a  fulcrum . 

Pilo t  experiment s ha d establishe d tha t  rul e stage s 1  an d 
2 coul d no t  b e obtaine d withou t  a  stron g bia s fo r  equa l 
distanc e problems ;  th e networ k wen t  directl y t o stage s 3 
and 4 .  Othe r  pilo t  experiment s indicate d tha t  learnin g wa s 
extremel y difficul t  w h e n 10 0 trainin g pattern s wer e 
randoml y selecte d eac h epoch . 

We use d defaul t  paramete r  value s fo r  Cascade -
Correlatio n (Fahlma n &  Lebier e 1990) ,  wit h tw o 
exceptions .  W e lowere d th e inpu t  an d outpu t  Epsilon s 
(learnin g rates )  b y 1/ 2 i n orde r  t o reduc e th e bounc e i n 
error s fro m epoc h t o epoch .  W e hav e notice d suc h erro r 
bounc e ofte n i n usin g integer-code d input .  Also ,  w e use d a 
score-threshol d o f  0.25 .  Normally ,  Cascade-Correlatio n 
continue s trainin g unti l  al l  th e activation s o f  outpu t  unit s 
ar e withi n score-threshol d o f  thei r  target s i n th e trainin g 
patterns .  Th e defaul t  score-threshol d o f  0. 4 i s appropriat e 
fo r  sigmoi d unit s o n a  threshol d an d margi n criterion .  Bu t 
becaus e ou r  outpu t  unit s wer e als o codin g neutra l 
(balance )  patterns ,  w e lowere d score-threshol d t o 0.2 5 i n 
orde r  t o achiev e non-overlappin g scorin g ranges .  A n 
outpu t  activatio n ha d t o b e equa l  t o o r  greate r  tha n 
absolut e 0.2 5 i n orde r  t o coun t  a s anythin g bu t  balance . 

Each experimen t  involve d 1 6 runs .  Eac h ru n wa s 
terminate d a t  30 0 epoch s becaus e pilo t  testin g ha d 
establishe d tha t  mos t  run s wer e wel l  withi n stag e 4  b y 
tha t  time .  Wit h Expansio n training ,  complet e master y o f 
th e trainin g pattern s i s quit e difficul t  t o achiev e unti l  mos t 
of  th e trainin g pattern s hav e bee n seen . 

Experiment 1: Rule Diagnosis 

Each o f  th e 1 6 run s use d distinct ,  randoml y selecte d 
trainin g an d tes t  patterns .  Th e 2 4 tes t  pattern s i n thi s 
experimen t  wer e balance d fo r  bot h proble m typ e an d 
torqu e difference ,  suc h tha t  ther e wer e 4  pattern s from  eac h 
of  th e 6  proble m type s i n Figur e 1 ,  1  patter n representin g 
eac h o f  4  level s o f  torqu e difference :  1 ,  2-5 ,  6-9 ,  an d 10 -
20.  O n eac h epoc h durin g th e outpu t  phase ,  th e networ k 
was teste d wit h th e 2 4 tes t  patterns .  A  tes t  proble m whos e 
outpu t  activation s wer e bot h withi n score-threshol d o f 
thei r  correc t  target s wa s code d a s correct ;  an y othe r  tes t 
problem s wer e code d a s incorrect . 

The pattern s o f  correc t  an d incorrec t  problem s wer e use d 
t o diagnos e rul e use .  A  diagnosi s o f  rul e 4  require d 2 0 o r 
more tes t  problem s correct ;  rul e 2  require d 1 3 o r  mor e 
correc t  o n balance ,  weight ,  distance ,  an d conflict-weigh t 
problem s an d les s tha n 3  correc t  o n conflict-distanc e an d 
conflict-balanc e problems ;  rul e 3  require d 1 0 o r  mor e 
correc t  balance ,  weight ,  an d distanc e problem s an d les s 
tha n 1 0 correc t  o n conflic t  problems ;  rul e 1  require d 1 0 o r 
mor e correc t  balance ,  weight ,  an d conflict-weigh t 
problem s an d les s tha n 3  correc t  distance ,  conflict -
distance ,  an d conflict-balanc e problems .  Scorin g priorit y 
fo r  thes e rules ,  i n decreasin g order ,  wa s 4 ,  2 ,  3 ,  an d 1 . 
Rul e 2  wa s give n a  highe r  priorit y tha n rul e 3 ,  becaus e 
rul e 2  produce s fewe r  error s o n conflict-weigh t  problems , 
as show n i n Figur e 1 . 

Figur e 2  show s a  plo t  o f  th e rul e diagnose d a t  eac h 
outpu t  epoc h fo r  a  representativ e compute r  subject .  I t 

show s a  typicall y orderl y progressio n throug h Siegler' s 
rules .  Th e H  o n th e botto m o f  th e plo t  signifie s wher e a 
hidde n uni t  wa s adde d t o th e network .  Tabulatio n o f  rul e 
diagnosi s result s reveale d tha t  1 1 o f  th e 1 6 subject s 
showe d th e predicte d 1 2 3  4  ordering .  T w o othe r  subject s 
showe d rule s 1  2  3 ;  I  showe d rule s 1  2  4 ;  1  showe d rule s 
1 2  4  wit h regressio n t o 3  an d 2 ;  an d I  showe d rule s 1  2 . 
I t  i s  quit e likel y tha t  al l  subject s woul d hav e reache d rul e 
4 wit h continue d training .  T h e overla p betwee n th e 
diagnose s o f  adjacen t  rule s nea r  transitio n point s reflecte d 
th e tentativ e natur e o f  eac h transition . 

Of  th e 1 6 compute r  subjects ,  9  recruite d 1  hidde n unit , 
6 recruite d 2  hidde n units ,  an d 1  recruite d 3  hidde n units . 
Of  thes e 2 4 hidde n units ,  1 3 wer e associate d wit h a  ver y 
quic k progressio n fro m on e rul e t o th e next :  5  move d u p 
t o rul e 4 ,  7  t o rul e 3 ,  an d 1  t o rul e 2 . 

T o bette r  understan d developin g networ k structure ,  w e 
dre w Hinto n diagram s i n th e middl e o f  eac h rul e stage . 
Eac h suc h diagra m show s th e siz e an d sig n o f  incomin g 
weight s a t  a  particula r  epoch .  Siz e o f  weigh t  i s indicate d 
by th e siz e o f  th e square ;  sig n o f  th e weigh t  i s indicate d 
by th e colo r  o f  th e square ,  wit h whit e indicatin g positiv e 
and blac k negative .  Hinto n diagram s fo r  a  representativ e 
subjec t  ar e presente d i n Figur e 3 .  Th e first  epoc h numbe r 
i n eac h diagra m exclude s inpu t  phases ;  th e secon d epoc h 
number  (i n parentheses )  include s inpu t  phases . 

Durin g rul e 1 ,  whic h use s onl y weigh t  information ,  th e 
outpu t  unit s wer e highl y sensitiv e t o weigh t  information . 
The right-side  d o w n outpu t  receive d a  positiv e signa l  fro m 
th e right-side  weigh t  input ,  wherea s th e left-sid e d o w n 
outpu t  receive d a  positiv e signa l  fro m th e left-sid e weigh t 
input .  Durin g rul e 2 ,  whic h continue s t o us e weigh t  bu t 
begin s t o us e distanc e whe n th e weight s o n eac h sid e ar e 
equal ,  th e network' s output s becam e mor e sensitiv e t o 
distanc e information .  Th e differentia l  sensitivit y t o side s 
was retained ,  an d th e ne w hidde n uni t  wa s particularl y 
sensitiv e t o weigh t  information .  Durin g rul e 3 ,  whic h i s 
characterize d b y th e us e o f  bot h weigh t  an d distanc e 
informatio n bu t  confusio n whe n thes e ar e i n conflict ,  th e 
output s becam e abou t  a s sensitiv e t o distanc e a s t o 
weight .  A n d i n rul e 4 ,  whic h signifie s nearl y correc t 
performance ,  a  n e w hidde n uni t  emerge d tha t  wa s 
particularl y sensitiv e t o distanc e information .  Th e tw o 
hidde n units ,  on e representin g mainl y weigh t  an d th e othe r 
mainl y distance ,  sen t  opposit e signal s t o th e outputs . 

Mor e generally ,  w e foun d that ,  o f  th e 2 1 hidde n unit s 
wit h Hinto n relevance ,  8  wer e especiall y sensitiv e t o sid e 
information ,  1 1 wer e mainl y sensitiv e t o sid e x  distanc e 
or  sid e x  weight ,  an d 2  wer e mainl y sensitiv e t o th e bia s 
uni t  o r  t o olde r  hidde n units . 

Experiment 2: Torque Difference Effect 

Thi s experimen t  employe d exactl y th e sam e technique s a s 
Experimen t  1 ,  excep t  tha t  th e principa l  interes t  wa s i n 
recordin g error s fo r  4  torqu e differenc e levels :  1 ,  2-5,6-9 , 
an d 10-20 .  Fo r  eac h run ,  4  set s o f  tes t  pattern s wer e 
randoml y selecte d wit h 4  problem s o f  eac h o f  th e 6 
proble m type s i n Figur e 1 .  Eac h se t  o f  tes t  pattern s 
containe d onl y problem s representin g 1  o f  th e 4  torqu e 
differenc e levels . 
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Error s ar e plotte d ove r  epoch s fo r  a  representativ e 
subjec t  i n Figur e 4 .  A s expected ,  thi s subjec t  showe d 
faste r  an d deepe r  erro r  reductio n wit h increasin g torqu e 
difference . 

An A N O VA o f  thes e erro r  signal s midwa y (epoc h 75 ) 
and lat e (las t  epoch )  i n learnin g wa s performe d fo r  al l 
subjects ,  yieldin g onl y a  mai n effec t  fo r  torqu e differenc e 
level ,  f  (3 ,  42 )  =  48.57 ,  p  <  .001 ,  wit h a  stron g negativ e 
linea r  trend ,  F(l ,  42 )  =  140.45 ,  p  <  .001 .  Th e mea n error s 
at  thes e tw o epoch s fo r  th e 4  torqu e differenc e level s ar e 
presente d i n Figur e 5 .  Th e large r  th e torqu e difference ,  th e 
smalle r  th e error . 

Discussion 

I n thes e simulations ,  Cascade-Correlatio n network s 
learne d t o perfor m o n balanc e scal e problem s a s i f  the y 
were followin g rules ,  includin g clea r  performanc e a t  th e 
leve l  o f  stag e 4 .  Further ,  thes e rule s emerge d i n th e 
psychologicall y correc t  order ,  almos t  withou t  exception . 
Some developmenta l  regression s an d stage-skippin g wer e 
observed ,  jus t  a s i n huma n subjects .  Unlik e previou s 
models ,  thes e net s als o capture d th e torqu e differenc e 
effect .  Th e presen t  model s are ,  o f  course ,  highl y 
simplifie d compare d t o th e environmen t  an d 
computationa l  resource s o f  children . 

The Cascade-Correlatio n network s covere d thes e 
psychologica l  phenomen a withou t  a t  leas t  som e o f  th e 
restrictiv e assumption s o f  McClelland' s (1988 )  back -
propagatio n networks .  W e didn' t  nee d t o encod e weigh t 
and distanc e input s i n loca l  binar y form ,  o r  implan t 
segregate d hidde n unit s fo r  weigh t  vs .  distanc e 
information ,  o r  indee d implan t  an y hidde n unit s a t  all .  W e 
did ,  however ,  follo w McClelland' s lea d i n strongl y biasin g 
th e trainin g pattern s i n favo r  o f  equa l  distanc e problems . 
Such inpu t  bia s ma y no t  b e th e onl y wa y t o obtai n 
human-lik e stage s i n connectionis t  model s o f  th e balanc e 
scale ,  bu t  it' s  effectivenes s i n producin g stage s ma y 
encourag e researcher s t o examin e biase s i n th e child' s 
environment . 

Lik e othe r  earl y connectionis t  attempt s t o mode l 
phenomena i n cognitiv e developmen t  (Chauvi n 1989 ; 
McClellan d 1988 ;  Plunket t  &  Marchma n 1989) ,  th e 
presen t  simulation s sugges t  tha t  th e connectionis t 
approac h deserve s seriou s consideratio n a s a  mean s o f 
studyin g transitio n mechanism s fo r  highe r  leve l 
reasoning .  Connectionis t  network s appea r  capabl e o f 
reproducin g classi c developmenta l  phenomen a suc h a s 
rule s an d stages ,  a s wel l  a s mor e subtl e effect s suc h a s 
informatio n salienc e tha t  explici t  symboli c rul e system s 
have particula r  difficult y with . 

An explici t  symboli c rule-base d mode l  tryin g t o captur e 
th e torqu e differenc e effec t  woul d presumabl y fin d itsel f  i n 
th e paradoxica l  positio n o f  havin g t o comput e torqu e 
difference s wel l  befor e stag e 4 .  I t  migh t  requir e rule s o f 
th e for m / /  torqu e differenc e i s greate r  tha n x  the n appl y 
rul e i ,  wher e x  i s som e intege r  betwee n 1  an d 2 0 tha t 
decrease s wit h age ,  an d /  i s  th e curren t  stage .  Suc h a 
model  woul d apparentl y hav e t o comput e an d us e torqu e 

difference s t o mimi c th e torqu e differenc e effec t  wel l  befor e 
i t  coul d comput e an d us e torque s t o solv e balanc e scal e 
problems .  Thi s woul d possibl y fit  th e psychologica l  data , 
but  woul d b e extraordinaril y  awkward . 
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