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Abstrac t 
Learnin g a s a  functio n o f  tas k complexit y wa s exam -
ine d i n h u m a n learnin g an d tw o connectionis t 
simulations .  A n exampl e tas k involve d learnin g t o 
m ap basi c inputioutpu t  digita l  logi c function s fo r  si x 
digita l  gate s ( A N D O R ,  X O R an d negate d versions ) 
wit h 2 -  o r  6 -  inputs .  H u m a n s give n instructio n 
learne d th e tas k i n abou t  30 0 trial s an d showe d n o ef -
fec t  o f  th e numbe r  o f  inputs .  Backpropagatio n learn -
in g i n a  networ k wit h 2 0 hidde n unit s require d 68,00 0 
trial s an d scale d poorly ,  requirin g 8  time s a s man y 
trial s t o lear n th e 6-inpu t  gate s a s t o lear n th e 2-inpu t 
gates .  A  secon d simulatio n combine d backpropaga -
tio n wit h tas k divisio n base d upo n rule s human s us e 
t o perfor m th e task .  Th e combine d approac h im -
prove d th e scalin g o f  th e problem ,  learnin g i n 3,10 0 
trial s an d requirin g abou t  3  time s a s man y trial s t o 
lear n th e 6-inpu t  gate s a s t o lear n th e 2-inpu t  gates . 
Issue s regardin g scalin g an d augmentin g connectionis t 
learnin g wit h rule-base d instructio n ar e discussed . 

Introductio n 
I n thi s pape r  w e compar e huma n learnin g o f  a 

modestl y comple x tas k wit h connectionis t  learnin g 
tha t  use d th e procedur e know n a s "backpropagation " 
(Rumelhart ,  ffinton &  Williams ,  1986) .  W e als o 
conside r  a  mode l  tha t  use s rule s t o divid e th e tas k int o 
subtask s tha t  ca n b e separatel y learne d wit h 
backpropagation .  W e examin e th e benefit s o f 
providin g a  connectionis t  syste m wit h a  rule-base d 
instructo r  tha t  ca n reconfigur e th e syste m vi a atten -
tio n t o lear n component s o f  th e task . 

A critica l  issu e fo r  artificia l  intelligenc e an d huma n 
learnin g involve s findin g learnin g algorithm s tha t 
scal e well .  Learnin g tim e fo r  a n algorith m shoul d 
not  increas e s o dramaticall y wit h tas k complexit y tha t 
i t  ca n onl y b e applie d t o to y problems .  Minsk y an d 
Paper t  (1988 ,  p .  262 )  commen t  o n th e importanc e o f 
th e scal e issu e stating :  "I n th e examinatio n o f 
theorie s o f  learnin g an d proble m solving ,  th e stud y o f 
suc h growth s i n cos t  i s  no t  merel y on e mor e aspec t 
t o b e take n int o account ;  i t  i s  th e onl y aspec t  wort h 
considering. " 

To th e psychologis t  th e proble m o f  scal e ha s criti -
cal  importanc e becaus e th e tim e a  biologica l  syste m 
has t o lear n i s limited .  A  learnin g algorith m tha t 
does no t  allo w th e organis m t o lear n a  tas k i n it s lif e 
tim e i s o f  limite d value . 

Curren t  connectionis t  algorithm s m a y scal e to o 
poorl y t o accoun t  fo r  huma n learnin g i n man y in -
stances .  M a n y task s m a y b e learne d fa r  mor e quickl y 

by human s tha n b y currentl y availabl e connectionis t 
procedures ,  becaus e huma n learnin g ca n b e guide d b y 
rules .  Belo w w e describ e suc h a  tas k i n whic h hu -
mans require d aroun d 30 0 trial s t o learn .  I n contrast , 
currentl y oiu -  fastes t  learnin g simulation s usin g onl y 
backpropogatio n require d 68,00 0 trials ,  (se e Figur e 2 
below) .  Mor e importantly ,  huma n learnin g tim e di d 
not  increas e wit h increase s i n th e complexit y o f  th e 
task ,  wherea s th e learnin g time s fo r  th e connectionis t 
procedur e significand y increased . 

Th e stud y o f  connectionis t  learnin g i s partiall y 
supporte d b y a n implici t  assumptio n tha t  human s 
provid e a n existenc e proo f  fo r  simple ,  powerfu l 
learnin g algorithm s tha t  scal e well .  Thi s assumptio n 
i s likel y t o b e false .  B y simpl e learnin g algorithm s 
we mea n algorithm s tha t  ca n m a p input s t o output s 
by alterin g connectio n weight s o n eac h tria l  give n th e 
inpu t  an d th e desire d outpu t  stat e o f  th e system.  Thi s 
learnin g occur s withou t  usin g explici t  rule s o r  focus -
in g th e network' s attentio n o n specifi c  part s o f  th e 
problem .  H u m a n learnin g i n suc h situation s i s poo r 
and doe s no t  scal e well .  Subject s tak e man y trial s t o 
lear n simpl e concept s involvin g ver y fe w featur e di -
mension s (usuall y abou t  4 )  i n psychologica l  studie s 
i n whic h subject s ar e discourage d fro m formin g verba l 
rule s (e.g. ,  Mcdi n an d Schaffer ,  1978) .  H u m a n s ben -
efi t  greatl y fro m focusin g attention ,  instruction ,  hy -
pothesi s generation ,  an d learnin g b y imitation ,  non e 
of  whic h i s presen t  i n traditiona l  connectionis t  learn -
in g models .  W h e n learnin g a  comple x problem ,  suc h 
as famil y hierarchie s (Hinton ,  1985) ,  a  connectionis t 
procedur e mus t  develo p interna l  representation s solel y 
fro m th e input s an d output s tha t  ar e specifie d o n eac h 
learnin g trial .  Ther e i s n o mechanis m t o directl y in -
struc t  th e networ k abou t  relationship s amon g feature s 
(e.g. ,  tha t  femal e an d daughte r  ar e correlate d feature s 
suc h tha t  daughter s ar e alway s female) .  Th e back -
propagatio n procedur e ca n lear n simpl e task s o f  thi s 
sort ,  bu t  learnin g ofte n require s thousand s o f  trials . 
We believ e tha t  bot h simpl e learnin g algorithm s an d 
rule-base d learnin g wil l  b e necessar y t o accoun t  fo r 
human learning . 

The huma n learnin g o f  chicke n sexin g (identifyin g 
youn g chick s a s male s o r  females )  provide s a  contras t 
betwee n learnin g b y input-outpu t  mappin g an d learn -
in g b y instructio n o n rules .  Unti l  recentl y chicke n 
sexer s ha d t o lear n thei r  tas k o n th e basi s o f  feedbac k 
fro m expert s an d on-the-jo b practice .  I t  wa s claime d 
t o hav e take n year s fo r  peopl e t o becom e proficien t  a t 
thi s tas k (Biederma n &  Shiffrar ,  1987) .  Biederma n 
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and Shiffra r  demonstrated  tha t  colleg e student s coul d 
perfor m a  varian t  o f  th e chicke n sexin g tas k a s wel l 
as expert s whe n provide d wit h a  classificatio n rule . 
Onl y abou t  a  minut e wa s neede d t o instruc t  th e sub -
ject s o n thi s rule ,  whic h focuse d subjects '  attentio n 
on particula r  feature s an d tol d the m h o w t o respon d 
give n th e presenc e o f  thos e features .  Thi s exampl e 
suggest s tha t  human s ca n lear n comple x relation s vi a 
reinforce d input-outpu t  mapping ,  bu t  thi s learnin g 
metho d scale s poorl y an d ca n b e greatl y improve d b y 
usin g attentiona l  an d instructiona l  operation s tha t  ar e 
generall y absen t  i n connectionis t  learning . 

We ar e examinin g connectionis t  architecture s tha t 
includ e attentiona l  focusin g an d instruction-base d 
learnin g (Schneide r  &  Detweiler,1987 ;  Schneide r  & 
M u m m e , 1 9 8 8;  Schneide r  &  Oliver ,  1988) .  Thes e 
architecture s combin e feature s from  connectionis t  an d 
production-syste m models .  Rule-base d processin g 
allow s a n attentiona l  mechanis m t o dynamicall y re -
configur e connectionis t  network s s o tha t  critica l  fea -
ture s becom e salien t  an d a  tas k ca n b e decompose d 
int o subtask s o f  smalle r  scale .  Usin g rule s allow s 
rapi d initia l  learnin g o f  th e component s o f  th e tas k 
and th e seria l  executio n o f  eac h component ,  a s occur s 
i n Anderson' s (1983 )  A C T *  o r  Laird ,  Rosenbloo m 
and Newell' s  (1986 )  S O A R.  Connectionis t  learnin g 
withi n th e architectur e ca n conver t  seria l  processin g 
of  th e componen t  rule s t o paralle l  processin g a s a 
consequenc e o f  practice .  I n addition ,  th e mutua l  con -
strain t  natur e o f  connectionis t  processin g provide s a 
best-matc h mappin g o f  input s t o output s tha t  i s  les s 
brittl e tha n rule-base d matchin g processes . 

I n thi s pape r  w e examin e th e benefit s o f  tas k de -
compositio n b y comparin g th e huma n learne r  t o a 
connectionis t  learnin g syste m wit h an d withou t  tas k 
decomposition .  W e examin e th e effec t  o f  learnin g a s 
a functio n o f  th e complexit y o f  th e task .  Th e tas k 
involve d learnin g digita l  input-outpu t  mapping s fo r 
si x digita l  logi c gate s ( A N D ,  O R ,  X O R an d th e 
negate d form s o f  th e rules )  fo r  eithe r  2 ,  4  o r  6  input s 
per  gate .  W e hav e studie d thi s tas k extensivel y i n th e 
acquisitio n o f  huma n troubleshootin g skil l  (Carlson , 
Sulliva n &  Schneider ,  1988a ,  1988b) .  W h e n learn -
in g thi s task ,  huma n subject s describ e thei r  proces -
sin g a s havin g thre e stages .  Th e firs t  stag e i s 
encodin g th e input s a s al l  I's ,  al l  O's ,  o r  mixed .  Th e 
secon d stag e i s mappin g th e code d inpu t  an d th e gat e 
typ e t o th e expecte d outpu t  o f  a  0  o r  1 .  Th e thir d 
stag e involve s applyin g th e negatio n operato r  whe n i t 
i s  require d t o revers e th e output .  Subject s wer e in -
structe d o n rule s fo r  eac h stag e an d the n require d t o 
lear n 2- ,  4-o r  6 -  inpu t  gat e problems .  Connectionis t 
learnin g withou t  decompositio n wa s examine d i n a 
networ k tha t  mappe d th e input s t o th e output s 
throug h a  singl e laye r  o f  hidde n units .  Input-outpu t 
pair s wer e presente d t o th e network ,  an d 

backpropagatio n learnin g (Rumelhar t  e t  al. ,  1986 ) 
was use d t o modif y th e connectio n weights . 
Connectionis t  learnin g wit h decompositio n wa s ex -
amine d i n a  networ k compose d o f  thre e modules ,  on e 
fo r  eac h stage .  Eac h modul e ha d a n inpu t  laye r  an d a n 
outpu t  layer .  Durin g training ,  eac h modul e receive d 
inpu t  an d outpu t  informatio n fo r  eac h stag e an d prop -
agate d erro r  onl y withi n it s  o w n stage . 

H u m an Learnin g o f  Digita l  Logi c 
The computationa l  propertie s o f  connectionis t 

model s hav e bee n studie d b y examinin g h o w the y 
lear n boolea n function s (e.g. ,  Minsk y &  Papert , 
1988 ;  Rumelhar t  e t  al. ,  1986 ;  Volpe r  &  Hampson , 
1986) .  Interestingly ,  researc h o n digita l  troubl e 
shootin g ha s als o looke d a t  h o w subject s lear n 
boolea n logi c i n th e laborator y (Brook e &  Duncan , 
1983 ;  Carlso n e t  al. ,  1988a ,  1988b) .  I n orde r  t o 
compar e a  connectionis t  model' s learnin g wit h huma n 
learning ,  w e designe d a n experimen t  tha t  require d 
subject s t o lear n severa l  boolea n function s an d late r 
had th e mode l  lear n th e sam e se t  o f  functions .  W e 
wer e mainl y intereste d i n whethe r  increasin g th e 
complexit y o f  th e tas k b y increasin g th e numbe r  o f 
input s t o th e function s woul d mak e th e tas k muc h 
mor e difficul t  t o learn . 

The subject s i n thi s experimen t  wer e Universit y o f 
Pittsburg h undergraduate s wit h n o experienc e i n digi -
ta l  logic .  A  between-subject s experimenta l  desig n 
was used ;  on e grou p o f  8  subject s learne d digita l  logi c 
gate s wit h 2  input s an d anothe r  grou p o f  9  subject s 
learne d gate s wit h 6  inputs .  Th e subjects '  tas k wa s t o 
lear n th e rule s fo r  th e gate s t o a  hig h leve l  o f  accurac y 
whil e respondin g a s quickl y a s possible .  Subject s 
typicall y reac h a n asymptoti c accurac y o f  onl y abou t 
9 2 % i n thi s tas k (Carlson ,  e t  al. ,  1988b) .  Thei r  er -
ror s ar e random ,  suggestin g cause s othe r  tha n rul e 
learnin g (e.g. ,  attentio n shifts ,  speed-accurac y trade -
offs )  fo r  th e less-than-perfec t  performance . 

The subject s learne d si x digita l  logi c rules-AND , 
N A N D,  O R ,  N O R,  X O R ,  X N O R.  Th e subject s pre -
dicte d th e correc t  output s w h e n give n differen t 
combination s o f  O' s an d I' s  a s input s fo r  th e variou s 
logi c gates .  Th e input s t o th e gate s wer e randoml y 
determine d wit h certai n constraint s o n eac h tria l  (se e 
below) .  Th e gate s an d thei r  input s appeare d on e a t  a 
tim e o n a  C R T screen ,  an d th e subject s indicate d th e 
correc t  outpu t  ( 0 o r  1 )  b y pressin g labelle d keys .  A 
compute r  controlle d th e sequencin g an d presentatio n 
of  th e stimul i  an d gathere d dat a o n th e accurac y an d 
spee d o f  th e subjects '  responses .  Feedbac k o n th e 
correctnes s o f  respons e wa s provide d afte r  eac h trial . 
The subject s wer e give n verba l  rule s durin g th e earl y 
par t  o f  th e experimen t  fo r  eac h gate ,  suc h a s th e fol -
lowin g rul e fo r  th e A N D gate :  "i f  th e th e input s ar e 
al l  I' s  respon d 1 ;  i f  th e input s ar e mixe d (O' s an d I's ) 
respon d 0 ;  an d i f  th e input s ar e al l  O' s respon d 0. " 
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W h en a  hel p ke y wa s pressed ,  th e appropriat e rule s 
fo r  a  gat e appeare d i n th e upper-left-han d come r  o f  th e 
screen .  A n introductio n t o th e thre e gat e type s 
( A N D,  O R ,  an d X O R )  involvin g 2 4 trial s pe r  gat e 
was followe d b y 3 6 practic e trial s respondin g t o gate s 
and input s selecte d a t  random .  Th e subject s wer e the n 
give n instruction s o n h o w t o carr y ou t  negatio n fo r 
th e differen t  gate s ( N A N D ,  N O R ,  an d X N O R)  an d 
give n 2 4 trial s o f  practic e o n each  o f  thes e gat e types . 
An additiona l  3 6 practic e trial s followe d i n whic h th e 
negate d gate s wer e selecte d a t  rando m an d presente d t o 
th e subjects .  I n th e final  par t  o f  th e experiment ,  th e 
subject s responde d t o 30 0 gate s selecte d a t  rando m 
fro m th e entir e set ,  includin g negate d gates .  Th e 
subject s coul d res t  briefl y afte r  block s o f  5 0 trials , 
and us e o f  th e hel p ke y wa s no t  permitted . 

I n orde r  t o var y th e complexit y o f  th e task ,  th e 
number  o f  input s t o th e gate s differe d betwee n group s 
of  subjects .  O n e grou p o f  subject s sa w gate s wit h 2 
input s an d anothe r  grou p sa w gate s wit h 6  inputs . 
Becaus e increasin g th e numbe r  o f  input s dramaticall y 
change s th e proportio n o f  1  an d 0  response s fo r  a 
give n gate ,  a  constrain t  wa s place d o n th e samplin g 
of  inpu t  combination s fo r  th e 6-inpu t  condition .  Fo r 
th e 6-inpu t  gates ,  th e probabiht y o f  samplin g certai n 
inpu t  combination s (e.g. ,  th e al l  I' s  cas e fo r  th e A N D 
gate )  wa s increase d t o maintai n th e sam e proportion s 
of  0  an d 1  response s a s occurre d i n th e 2-inpu t  condi -
tion .  Withou t  thi s constrain t  o n th e generatio n o f 
inpu t  combinations ,  th e subject s woul d b e biase d to -
ward s alway s givin g th e sam e respons e fo r  a  particu -
la r  gate-fo r  example ,  the y woul d b e biase d toward s 
respondin g 0  t o ever y A N D gat e becaus e th e 
probabilit y  o f  tha t  answe r  bein g correc t  woul d b e .98 . 
H u m an Learnin g Result s 

The subject s responde d correctl y o n a  hig h propor -
tio n o f  trial s (92% )  durin g th e final  30 0 trial s o f 
practice .  Th e mea n percentage s o f  correc t  response s 
ove r  50-tria l  block s wer e 89 ,  90 ,  94 ,  95 ,  94 ,  an d 9 3 % 
fo r  block s 1  throug h 6  respectively .  Hence ,  th e sub -
ject s starte d thi s final  par t  o f  th e experimen t  wit h 
hig h accurac y an d becam e somewha t  mor e accurat e 
wit h th e additiona l  practice .  A n analysi s o f  varianc e 
tha t  include d th e variable s fo r  inpu t  conditio n an d 50 -
tria l  block s indicate d tha t  ther e wer e significan t 
difference s i n accurac y a m o n g th e blocks , 
F(5,75)=4.60 ,  pK.OOl .  Th e mai n effec t  fo r  inpu t 
conditio n wa s no t  significant ,  F(1,15)<1 ,  no r  di d in -
put  conditio n interac t  wit h blocks ,  F(5,75)<1 .  Th e 
mean accuracie s wer e 9 2 % fo r  th e 2-inpu t  conditio n 
and 9 3 % fo r  th e 6-inpu t  condition . 

An analysi s o f  th e subjects '  respons e time s als o 
faile d t o sho w difference s betwee n th e 2 -  an d 6-inpu t 
conditions .  Th e subject s responde d faster ,  o n average , 
t o th e 6-inpu t  gate s (2.1 8 seconds )  tha n t o th e 2-inpu t 
gate s (2.3 1 seconds) ,  bu t  thi s differenc e wa s no t  sig -

respons e 
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Input s gat e ne g 

Figur e 1 .  T h e configuratio n o f  th e networ k 
tha t  learne d th e 6-inpu t  gate s withou t  tas k 
division . 

nificant, F(1,15)<1. As one might expect, there was 
a significan t  speed-u p ove r  blocks ,  F(5,75) = 14.52 , 
p<.001 ;  th e mean s fo r  th e eigh t  50-tria l  blocks ,  be -
ginnin g wit h bloc k 1 ,  wer e 2.77 ,  2.34 ,  2.19 ,  2.10 , 
2.02 ,  an d 1.9 0 seconds .  Th e variable s inpu t  condi -
tio n an d 50-tria l  bloc k di d no t  significantl y interact , 
F(5,75)=1.15,/j>.34 . 

I n summary ,  th e initia l  21 6 trial s o f  trainin g 
brough t  th e subject s t o a  hig h leve l  o f  accuracy .  Th e 
fina l  tes t  block s showe d tha t  th e subject s coul d 
maintain ,  an d eve n improve ,  thi s accurac y whe n the y 
wer e teste d o n th e differen t  gate s a t  random .  Ther e 
was n o indicatio n tha t  th e si x inpu t  gate s wer e mor e 
difficul t  t o lear n tha n th e 2-inpu t  gates . 

Connectionis t  Learnin g Wi thou t  Tas k 
Div is io n 

We als o examine d connectionis t  learnin g o f  th e 
digita l  logi c tas k usin g th e backpropagatio n learnin g 
procedure .  A  softwar e packag e develope d b y McClel -
lan d an d Rumelhar t  (1988 )  wa s use d t o mode l  th e 
task .  T o fin d ou t  ho w changin g th e numbe r  o f  input s 
woul d affec t  learning ,  w e modelle d learnin g o f  2- ,  4 -
and 6-inpu t  gates . 

The network s traine d wit h backpropagatio n wer e 
feed-forwar d network s havin g eithe r  6 ,  8  o r  1 0 unit s 
i n th e inpu t  layer .  Eac h networ k ha d 2 0 hidde n units , 
and a  singl e outpu t  unit .  Th e inpu t  laye r  consiste d o f 
3 unit s t o encod e gat e type ,  1  uni t  t o encod e nega -
tion ,  an d 2 ,  4  o r  6  unit s t o encod e th e input s (O' s o r 
I's )  t o th e gates .  Figur e 1  illustrate s th e network' s 
configuratio n fo r  learnin g th e gate s wit h 6  inputs . 
Differen t  code s wer e use d fo r  th e A N D (100) ,  O R 
(010) ,  an d X O R (001 )  gates ,  an d th e negatio n uni t 
was se t  t o 1  t o represen t  th e negate d gate s ( N A N D , 
N O R,  an d X N O R)  an d otherwis e se t  t o 0 .  Th e initia l 
weight s fo r  th e networ k wer e se t  t o rando m value s 
tha t  varie d uniformly  betwee n -0. 5 an d 0.5 .  Th e 
m o m e n t u m paramete r  wa s se t  t o 0.9 .  W e trie d a 
number  o f  differen t  learnin g rat e parameters ,  an d th e 
simulation s w e repor t  belo w use d th e parameter s tha t 
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Backpropagatio n 

Human 

^ 

4. 0 
No.  o f  Input s 

6. 0 

Figur e 2 .  Trial s t o criterio n fo r  humans , 
backpropagatio n alone ,  an d backpropaga -
tio n wit h stages . 

yielded the fastest learning. These learning rate pa-
rameter s wer e .1 ,  .07 ,  an d .0 2 fo r  th e 2- ,  4- ,  an d 6 -
inpu t  network s respectively . 

Followin g th e usua l  procedur e fo r  backpropagation , 
th e network s wer e repeatedl y presente d wit h th e com -
plet e se t  o f  pattern s t o b e learne d i n cycle s o r 
"epochs. "  Th e network s wer e presente d wit h pattern s 
correspondin g t o al l  possibl e featur e combination s fo r 
th e gate s an d thei r  inputs .  Particula r  pattern s i n th e 
4-  an d 6-inpu t  simulation s wer e repeatedl y presente d 
t o th e networ k withi n epoch s t o achiev e th e sam e 
proportio n o f  1  an d 0  response s tha t  subject s ha d en -
countere d i n th e experimen t  describe d above .  Th e 
weight s wer e adjuste d afte r  eac h patter n s o tha t  th e 
networ k learne d ove r  epoch s t o respon d t o th e pattern s 
wit h th e appropriat e O' s an d I's . 

Each network' s accurac y wa s teste d a t  10-epoc h in -
terval s durin g learnin g b y presentin g th e se t  o f  train -
in g pattern s t o th e networ k whil e learnin g wa s turne d 
off .  A  network' s respons e wa s assume d t o b e a  1  i f 
th e activatio n o f  th e outpu t  exceede d .5 ,  an d 0  i f  it s 
activatio n wa s les s tha n . 5 (possibl e activatio n value s 
varie d betwee n 0  an d 1) .  Te n simulation s wer e ru n 
fo r  th e differen t  networ k configurations ,  eac h startin g 
wit h differen t  rando m weights . 

Figur e 2  show s th e numbe r  o f  trial s (numbe r  o f 
epoch s time s numbe r  o f  pattern s pe r  epoch )  neede d fo r 
eac h networ k t o lear n t o th e criterio n o f  10 0 percen t 
accuracy .  Thi s criterio n wa s use d becaus e th e net -
work' s behavio r  wa s deterministic ;  i f  th e networ k wa s 
les s tha n perfec t  i t  woul d alway s er r  o n th e sam e pat -
terns .  Thes e systemati c errors ,  whic h ar e 
uncharacteristi c o f  ou r  subject s w h o performe d abov e 

^ 

\ 

negatio n 

gat e ma p 

inpu t  ma p 

input s gat e typ e ne g 

Figur e 3 .  T h e configuratio n fo r  th e net -
w o r k tha t  use d tas k divisio n t o lear n th e 6 -
inpu t  gates . 

90% accuracy, were taken to mean that the network 
had no t  ye t  learne d th e task . 

As th e complexit y o f  th e tas k increased ,  ther e wa s a 
substantia l  growt h i n th e numbe r  o f  trial s necessar y 
t o trai n th e networks .  Not e tha t  thi s growt h contrast s 
dramaticall y wit h th e lac k o f  an y complexit y effec t  i n 
th e huma n data .  Thi s growt h apparentl y resulte d 
fro m th e exponentia l  increas e i n th e numbe r  o f  pat -
tern s t o b e learne d b y th e network ;  th e numbe r  o f 
pattern s t o b e learne d double d wit h eac h additiona l  in -
put .  Ther e wer e 24 ,  96 ,  an d 38 4 pattern s t o b e 
learne d i n th e 2- ,  4- ,  an d 6-inpu t  condition s respec -
tively .  Generalizatio n o f  learnin g amon g th e pattern s 
was insufficien t  t o hol d dow n th e learnin g time . 
Connectionis t  Learnin g wit h Tas k Divisio n 

H u m an learnin g m a y scal e wel l  i n ou r  tas k becaus e 
of  th e subjects '  abilitie s t o divid e th e tas k int o com -
ponen t  tasks .  Thes e componen t  task s ca n b e sepa -
ratel y focuse d o n durin g bot h instruction s an d perfor -
mance o f  th e task .  Th e subjects '  prio r  knowledg e al -
low s the m t o b e instructe d o n th e rule s tha t  appl y t o 
th e componen t  tas k an d would ,  eve n i n th e absenc e o f 
explici t  instructions ,  allo w the m t o for m hypothese s 
abou t  whic h featur e combination s migh t  b e impor -
tant .  Suc h tas k divisio n an d us e o f  prio r  knowledg e 
are ,  o f  course ,  standar d feature s i n man y simulation s 
of  cognitiv e processes ,  e.g. ,  Anderson' s A C T * 
(1983) .  Furthermore ,  th e notio n o f  informatio n pro -
cessin g stage s ha s playe d a  fundamenta l  rol e i n 
cognitiv e psychology .  M u c h reseac h ha s bee n de -
signe d t o identif y stage s o f  processin g an d discove r 
h o w the y interac t  (e.g. ,  Sternberg ,  1969) . 

T o examin e h o w tas k divisio n migh t  spee d u p 
learnin g i n ou r  task ,  w e use d backpropogatio n t o 
lear n th e individua l  componen t  task s i n a  modula r 
network .  Figur e 3  illustrate s h o w th e unit s tha t 
code d th e gat e inputs ,  gat e type ,  an d negatio n wer e 
use d a s input s t o th e modules .  Th e figur e als o show s 
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Figur e 4 .  Trial s t o criterio n a s a  functio n 
of  subtask s an d no .  o f  inputs . 

how the outputs from one module became the inputs 
t o anothe r  module .  Th e mode l  ha d thre e modules , 
eac h containin g a  laye r  o f  inpu t  units ,  a  laye r  o f  1 0 
hidde n units ,  an d a  laye r  o f  outpu t  units .  Th e firs t 
modul e (inpu t  map )  wa s traine d t o recod e 2 ,  4 ,  o r  6 
input s o f  O' s an d I' s  int o code s representin g eithe r  "al l 
O's" ,  "al l  I's" ,  o r  "mixed. "  Th e secon d modul e (gat e 
map)  wa s traine d t o produc e th e correc t  response s ( 1 
or  0 )  whe n give n th e recede d input s an d th e code s fo r 
th e gat e type s ( A N D ,  O R ,  X O R ) .  Th e thir d modul e 
(negation )  wa s traine d t o negat e th e outpu t  o f  th e 
secon d modul e whe n negatio n wa s calle d for . 

To asses s tota l  time s fo r  th e mode l  t o lear n th e 
task ,  learnin g simulation s wer e ru n fo r  eac h module . 
Our  result s o n learnin g time s ar e base d o n 1 0 run s fo r 
eac h simulation .  Eac h ru n wa s initialize d t o us e a 
differen t  se t  o f  rando m weight s uniforml y distribute d 
betwee n . 5 an d +.5 .  Fo r  al l  modules ,  th e m o m e n-
tu m paramete r  wa s .9 .  Th e learnin g rat e parameter s 
fo r  th e input-ma p modul e wer e .5 ,  .1 ,  an d .0 5 fo r  th e 
2- .  4- ,  an d 6-inpu t  condition s respectively .  Th e 
learnin g rat e paramete r  wa s . 1 fo r  th e gate-ma p mod -
ul e an d . 5 fo r  th e negatio n module .  Thes e learnin g 
rat e parameter s wer e selecte d t o enabl e rapi d learning , 
but  n o majo r  effor t  wa s take n t o fin d th e bes t 
parameters . 

Figur e 4  show s th e mea n numbe r  o f  trial s neede d t o 
lear n th e componen t  task s fo r  th e differen t  number s o f 
gat e inputs .  Figur e 4  show s tha t  recodin g th e inpu t 
as I's ,  O's ,  an d mixe d require s substantiall y  mor e 
trial s a s th e numbe r  o f  input s i s increased .  Assumin g 
tha t  learnin g ca n occu r  fo r  al l  thre e module s durin g 
eac h trial ,  learnin g tim e woul d depen d principall y o n 
th e modul e tha t  too k th e m a x i m u m numbe r  o f  trial s 
t o learn .  Thi s m a x i m u m valu e i s plotte d i n Figur e 2 . 
I t  i s  clea r  fro m th e figur e tha t  learnin g i n thi s cas e 
scale s considerabl y bette r  tha n learnin g wit h back -

propagatio n alone .  I t  shoul d b e pointe d out ,  how -
ever ,  tha t  Figur e 4  suggest s tha t  furthe r  increase s i n 
th e numbe r  o f  input s woul d requir e man y mor e trial s 
t o lear n i f  jus t  thre e componen t  task s ar e assumed .  I f 
presente d wit h eve n mor e inputs ,  th e subject s woul d 
probabl y adop t  additiona l  codin g processe s t o cop e 
wit h increasin g complexity ,  a s i s though t  t o occu r 
when subject s chun k visua l  stimul i  int o familia r 
configuration s (Bartram ,  1978) . 

Discussio n 
We hav e examine d huma n an d connectionis t  learn -

in g o f  a  modestl y comple x problem .  Th e huma n 
subject s learne d th e tas k ver y quickly ,  reachin g 9 0 % 
accurac y b y th e secon d bloc k o f  distribute d practice . 
Ther e wa s n o evidenc e o f  an y proble m o f  scalin g i n 
th e huma n learnin g data ,  wit h bot h th e 2 -  an d 6 -  in -
put  condition s reachin g a n asymptot e o f  9 3 % i n 35 8 
trials .  Reactio n time s decline d substantiall y  ove r 
trials ,  wit h th e 2 -  an d 6 -  inpu t  function s showin g 
equivalen t  learnin g rates .  I n a n extende d stud y o f 
human learnin g o f  digita l  gate s (Carlso n e t  al . 
1988a )  subject s too k abou t  50 0 trial s pe r  gat e o r 
300 0 tota l  trial s t o brin g thei r  respons e time s belo w 
. 8 seconds .  W h e n respondin g i n . 8 seconds ,  subject s 
hav e apparentl y shifte d t o a  strateg y o f  direc t  associa -
tiv e retrieva l  o f  th e outpu t  o f  eac h stag e give n it s in -
put  (se e Carlso n e t  al. ,  1988) .  T o acquir e thi s skil l 
of  automati c retrieva l  i n th e digital-logi c task ,  sub -
ject s requir e abou t  5  hour s o f  practic e distribute d ove r 
severa l  sessions . 

I n shar p contras t  t o huma n learning ,  connectionis t 
learnin g withou t  tas k decompositio n require d abou t 
68,00 0 trial s t o lear n th e 6-inpu t  case .  Assumin g 
tha t  human s tak e abou t  6  second s pe r  trial ,  abou t  11 0 
hour s woul d b e neede d t o perfor m 68,00 0 trials .  Thi s 
i s fa r  mor e tha n th e 5  hour s human s actuall y required . 
Eve n o f  greate r  concer n tha n thi s lon g learnin g time , 
i s th e poo r  scalin g show n i n learning .  Th e networ k 
require d abou t  6  time s a s man y trial s t o lear n th e 6 -
inpu t  rathe r  tha n th e 2-inpu t  case .  Th e dramati c 
growt h i n th e numbe r  o f  trainin g trial s suggest s suc h 
a networ k coul d no t  lear n a n 8-inpu t  proble m i n th e 
lifetim e o f  a  human . 

Connectionis t  learnin g wit h tas k decompositio n 
learne d th e 6-inpu t  cas e i n abou t  3,20 0 trial s an d 
scale d fairl y  well ,  requirin g 3  time s a s man y trial s 
tha n th e 2-inpu t  case .  Th e tota l  numbe r  o f  trial s 
compare s reasonabl y wel l  wit h th e huma n perfor -
mance,  a t  leas t  i f  w e assum e tha t  th e huma n connec -
tionis t  processin g i s no t  wel l  develope d unti l  human s 
can respon d belo w 1  second .  Connectionis t  learnin g 
wit h decompositio n learne d th e 6-inpu t  cas e 2 1 time s 
faste r  tha n withou t  decomposition . 

The abov e result s sugges t  tha t  combinin g rule -
base d an d connectionis t  learnin g ma y provid e th e bes t 
of  bot h type s o f  computation .  Initia l  rule-base d 
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learnin g (a s i n A C T *  an d S O A R)  ca n searc h a  prob -
le m spac e an d decompos e a  tas k int o subtask s i n 
reasonabl e amount s o f  time .  Processin g i n thi s rule -
base d m o d e i s slow ,  serial ,  an d effortfii l  a s i s a  huma n 
novic e durin g th e controlle d processin g stag e o f  skil l 
acquisitio n (Shiffri n &  Schneide r  1977 ,  Schneide r  & 
Detweile r  1987) .  Practic e executin g th e rule s allow s 
connectionis t  learnin g t o m a p th e input s t o th e out -
put s o f  eac h o f  th e componen t  tasks .  Th e earl y rule -
base d processin g decompose s a  tas k s o tha t  smaller -
scal e task s ca n b e learne d wit h connectionis t  proce -
dures .  Thi s decompositio n mus t  identif y th e basi c 
stage s an d th e numbe r  o f  outpu t  state s fo r  eac h stage . 
Once task s hav e bee n divided ,  connectionis t  learnin g 
nee d n o longe r  perfor m gradien t  descen t  searc h i n th e 
power  se t  o f  al l  possibl e connections ,  bu t  rathe r  ha s a 
mor e limite d proble m o f  mappin g a  smal l  numbe r  o f 
inpu t  state s o f  eac h componen t  tas k t o a  smal l  num -
ber  o f  outpu t  state s fo r  eac h componen t  task .  Thi s 
us e o f  tas k decompositio n t o m a k e connectionis t 
learnin g scal e reasonabl y i s a n approac h als o advo -
cate d b y Minsk y (1988 )  t o dea l  wit h th e combinatori c 
explosio n proble m tha t  occur s a s tas k complexit y in -
creases . 

S o me reader s migh t  argu e tha t  ou r  exampl e pro -
vide s a n unfai r  tes t  o f  connections t  learnin g an d tha t 
our  conclusion s appl y t o onl y a  limite d se t  o f  tasks . 
We wil l  briefl y discus s fou r  criticism s reader s m a y 
have .  First ,  th e proble m chose n wa s a  particularl y 
difficul t  on e fo r  connectionis t  learning ,  sinc e i t  in -
clude d thre e level s o f  non-linearl y separabl e problem s 
(inputs ,  gates ,  negation) .  W e gran t  this ,  bu t  i t  i s  a 
rea l  tas k tha t  human s hav e n o difficult y performin g i f 
the y ar e instructed .  Learnin g combinatori c gate s i s 
stil l  a  to y proble m an d on e tha t  mus t  b e solve d b y 
any mode l  o f  huma n learning .  Second ,  b y instructin g 
humans w e gav e awa y th e answers .  W e agree ,  bu t 
standar d connectionis t  learnin g provide s n o mecha -
nis m fo r  instruction .  Sinc e huma n learnin g ca n im -
prov e b y m a n y order s o f  magnitud e wit h instruction , 
i t  i s  importan t  t o explor e architecture s tha t  ca n bene -
fi t  fro m instruction .  Third ,  differen t  parameter s o r 
n e w learnin g algorithm s m a y greatl y spee d learnin g 
i n th e presen t  task ,  s o tha t  a  connectionis t  procedur e 
coul d lear n th e 6-inpu t  conditio n i n a  reasonabl e 
number  o f  trials .  Perhaps ,  bu t  th e critica l  issu e i s 
whethe r  ne w solution s wil l  scal e well .  Tas k divisio n 
an d us e o f  rule s ca n alway s b e use d t o reduc e th e 
scalin g proble m fo r  an y connectionis t  procedure ,  an d 
i t  woul d b e surprisin g i f  huma n learnin g woul d no t 
m a ke us e o f  thi s propert y whe n learnin g ne w tasks . 
Fourth ,  th e presen t  stud y show s tha t  dividin g task s 
bring s abou t  faste r  learning ,  bu t  ther e i s n o demon -
stratio n o f  h o w t o implemen t  th e tas k decompositio n 
i n a  parsimoniou s manner .  W e ar e currentl y workin g 
on developin g suc h a n architecture . 

We ar e developin g a  connectionist/contro l  architec -
tur e (Schneide r  &  Detweile r  1987 ,  Schneide r  & 
M u m me 1988 ,  Schneide r  &  Oliver ,  1988 )  tha t  ca n 
implemen t  rule-base d learnin g an d connectionis t 
learnin g an d tha t  ca n benefi t  fro m instructio n an d tas k 
division .  Th e architectur e involve s connectionis t 
module s tha t  transmi t  vecto r  message s amon g mod -
ules .  Th e contro l  architectur e use s a n attentiona l 
gatin g mechanis m tha t  ca n modulat e th e transmissio n 
and receptio n o f  vector s amon g modules .  Eac h mod -
ul e output s informatio n t o th e controller ,  indicatin g 
th e degre e o f  modul e activit y an d priorit y o f  it s  mes -
sage .  Controlle d processin g o f  th e rule s involve s al -
terin g wha t  message s ar e transmitte d an d compare d i n 
th e network .  Fo r  example ,  i n digita l  gat e learning , 
th e rul e woul d b e o f  th e for m "i f  al l  th e inpu t  modul e 
vector s matc h th e lexica l  vecto r  modul e (whic h con -
tain s a  1) ;  the n transmi t  th e "ALL ls "  cod e t o th e 
outpu t  o f  th e input -  codin g module" .  Throug h 
change s i n attentiona l  gating ,  th e networ k ca n b e re -
configure d t o execut e a  proces s i n a s man y stage s a s 
i s require d t o perfor m th e task .  Intermediat e state s fo r 
eac h stag e ar e represente d no t  a s specifi c  units ,  bu t  a s 
rando m vectors . 

Learnin g durin g th e inpu t  codin g stag e illustrate s 
h o w rule-base d an d connectionis t  learnin g interac t  i n 
th e connectionist/contro l  architecture .  Th e instruc -
tion s t o th e mode l  indicat e tha t  th e inpu t  cod e mus t 
be encode d i n on e o f  thre e critica l  state s an d al l  th e 
input s m a p t o thes e critica l  states .  Th e networ k gen -
erate s thre e random-stat e vector s an d associate s thos e 
t o thei r  respectiv e rule s (e.g. .  Al l  I s =  A ;  A L L O s = B , 
M I X E D = C ) .  Th e rando m vector s ar e simila r  t o th e 
gensy m operato r  i n LIS P programs .  Durin g practice , 
th e rule-base d performanc e correctl y solve s th e prob -
le m b y seriall y  executin g th e rules .  O n eac h tria l  th e 
inpu t  an d outpu t  o f  eac h stag e ar e correctl y se t  vi a th e 
rule-base d processin g (Schneide r  &  M u m m e,  1988) . 
Connectionis t  learnin g alter s th e connectio n weight s 
t o directl y m a p th e inpu t  t o th e outpu t  withou t  th e 
us e o f  th e rule .  A s oppose d t o doin g a  gradien t  de -
scen t  searc h throug h th e connectio n spac e fo r  al l  pos -
sibl e outpu t  codes ,  th e networ k need s onl y t o lear n 
h o w t o m a p th e inpu t  state s t o th e instructe d outpu t 
states . 

As th e connectionist/contro l  architectur e learn s a 
task ,  processin g shift s fro m sequential ,  rule-base d t o 
association-base d processing .  Eac h modul e asso -
ciativel y map s it s inpu t  t o th e outpu t  an d thi s proces s 
cascade s ove r  a  numbe r  o f  stages .  Thi s connectionis t 
processin g ha s tw o importan t  advantage s ove r  rule -
base d processing .  First ,  i t  i s  faster ,  becaus e informa -
tio n i s retrieve d associatively .  Second ,  i t  i s  no t  a s 
brittl e a s rule-base d processin g becaus e th e mutua l 
constrain t  matc h propert y o f  connectionis t  mappin g 
wil l  m a p th e inpu t  t o it s closes t  matchin g output . 
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Thi s ma y provid e bette r  generalizatio n whe n ih e rul e 
knowledg e i s ambiguous .  Th e mode l  follow s th e 
change s i n huma n skille d performanc e a s practic e 
continue s (Schneide r  &  Detweile r  1987 ;  Schneide r  & 
Mumme,  1988) . 
Summary 

We hav e provide d a n illustratio n o f  th e scalin g 
proble m exhibite d b y backpropagatio n whe n require d 
t o solv e a  modes t  complexit y problem .  W e hav e 
shown tha t  humans ,  i f  the y ar e give n instructio n o n 
th e digital-logi c task ,  show  n o effec t  o f  scal e whe n 
th e numbe r  o f  input s t o b e learne d wa s increased . 
The human s learne d th e mos t  comple x tas k 22 0 time s 
faste r  (i n term s o f  trials )  tha n th e connectionis t 
simulation .  W e als o evaluate d a  mode l  usin g a  tas k 
decompositio n exhibite d b y th e huma n subjects . 
Connectionis t  learnin g o f  th e decompose d task s scale d 
reasonabl y i n thi s model ,  learnin g 2 1 time s faste r 
tha n th e mode l  withou t  tas k decompositio n fo r  th e 6 -
inpu t  case .  W e speculate d tha t  hybri d architecture s 
provid e a  superio r  processin g environmen t  tha n eithe r 
purel y rule-base d o r  connections t  processin g envi -
ronments .  Th e hybri d architectur e appear s t o scal e 
wel l  an d lear n a t  rate s comparabl e t o humans . 
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