
Tra in in g R e g i m e n s a n d Funct io n Compatibil i ty :  Implication s fo r 

U n d e r s t a n d i n g th e Effect s o f  K n o w l e d g e o n C o n c e p t  Lea rn in g 

Sheldo n J .  Tetewsk y Thoma s R .  Shult z Yoshi o Takan e 
Departmen t  o f  Psycholog y 

McGil l  Universit y 
Montreal ,  Quebe c H 3 A IB l 

t e t e w s k y d e g o . p s y c h . m c g i 1 1 . c a 
s h u l t z Q p s y c h . m c g i l l . c a 

t a k a n e ( 3 t a k a n e 2 . p s y c h . m c g i l l  .c a 

Abstrac t 

Previou s researc h ha s indicate d tha t  breakin g a  tas k int o 
subtask s ca n bot h facilitat e an d interfer e wit h learnin g i n 
neura l  networks .  Althoug h thes e result s appea r  t o b e 
contradictory ,  the y actuall y reflec t  som e underlyin g 
pnnciple s governin g learnin g i n neura l  networks .  Usin g 
th e cascade-correlatio n learnin g algorithm ,  w e devise d a 
concep t  learnin g tas k tha t  woul d le t  u s specif y th e 
condition s unde r  whic h subtaskin g woul d facilitat e o r 
interfer e wit h learning .  Th e result s indicate d tha t 
subtaskin g facilitate d learnin g whe n th e initia l  subtas k 
involve d learnin g a  functio n compatibl e wit h tha t 
characterizin g th e res t  o f  th e task ,  an d inhibite d learnin g 
when th e initia l  subtas k involve d a  functio n incompatibl e 
wit h th e res t  o f  th e task .  Thes e result s wer e the n discusse d 
wit h regar d t o thei r  implication s fo r  understandin g th e 
effec t  o f  knowledg e o n concep t  learning . 

Introduction 

One of the most effective ways to improve learning in 
neura l  network s i s t o structur e th e w a y th e trainin g pattern s 
ar e presented .  Rathe r  tha n includin g al l  o f  th e pattern s i n 
eac h trainin g epoch ,  learnin g i s  ofte n faste r  an d mor e 
efficien t  w h e n trainin g pattern s ar e divide d int o subset s 
representin g differen t  part s o f  th e overal l  task .  I n recen t 
years ,  th e us e o f  structure d trainin g regimen s ha s assume d 
tw o complementar y forms .  Performanc e o n a  comple x tas k 
ca n b e improve d b y first  trainin g separat e network s t o d o 
differen t  part s o f  th e task ,  an d the n combinin g th e variou s 
subnetwork s t o produc e a  structur e tha t  ca n d o th e entir e tas k 
(Pratt ,  M o s t o w ,  &  K a m m,  1991 ;  Waibel ,  Sawai ,  & 
Shikano,1989) .  Alternatively ,  comple x problem s ca n b e 
learne d mor e quickl y i f  a  network' s trainin g se t  i s divide d 
mt o a  serie s o f  increasingl y difficul t  subtask s tha t  ar e learne d 
sequentiall y  (Cottrel l  &  Tsung ,  1993 ;  Ehnan ,  1989 ,  1991a ; 
Fahlman ,  1991) .  Moreover ,  th e effec t  o f  subtaskin g ca n 
eve n b e accomplishe d wit h a  constan t  trainin g set ,  provide d 
tha t  th e processin g capacit y o f  a  networ k i s increase d durin g 
th e cours e o f  learnin g (Elman ,  1991b) . 

I n contras t  t o thes e findings,  however ,  ther e i s  als o 
evidenc e tha t  no t  al l  problem s ar e learne d bette r  whe n the y 
ar e broke n d o w n int o smalle r  parts .  Incrementall y 

inaeasin g th e siz e o f  th e trainin g se t  i n a n eight-bi t  parit y 
proble m doe s no t  improv e learning ,  an d i t  m a y eve n mak e i t 
mor e difficul t  (Harris ,  1991) .  Ther e i s als o evidenc e tha t 
network s ca n lear n a  give n tas k bette r  whe n the y lear n 
simultaneousl y severa l  relate d task s (Caruana ,  1992) . 

Althoug h thes e tw o set s o f  finding s appea r  t o b e 
contradictor y becaus e the y sho w tha t  trainin g wit h 
subtaskin g bot h facilitate s an d interfere s wit h learning , 
Ehna n (1993 )  ha s argue d tha t  suc h effect s actuall y illustrat e 
some fundamenta l  propertie s abou t  h o w learnin g occur s i n 
connectionis t  models .  Neura l  network s ar e commonl y 
viewe d a s functio n approximator s tha t  ar e tryin g t o discove r 
th e functio n tha t  underlie s a  give n se t  o f  trainin g patterns . 
Becaus e learnin g algorithm s ar e statisticall y driven ,  the y ar e 
highl y sensitiv e t o statistic s o f  th e trainin g set .  Give n thes e 
assumptions ,  Elma n argue d tha t  on e o f  th e mai n reason s 
tha t  learnin g i s difficul t  i s  tha t  a  particula r  se t  o f  trainin g 
pattern s ofte n ha s a  numbe r  o f  differen t  regularities ,  an d i t  i s 
not  alway s clea r  whic h regularit y a  networ k wil l  extract .  B y 
reducin g th e siz e o f  tli e trainin g set ,  a  trainin g regime n tha t 
use s subtaskin g ca n m a k e i t  easie r  t o identif y som e o f  th e 
regularite s i n th e data ,  an d so  learnin g migh t  b e faster . 
However ,  a  reduce d trainin g se t  ca n als o caus e problem s 
becaus e whe n statistic s ar e compute d o n subset s o f  a  tota l 
set  o f  patterns ,  ther e i s a  dange r  tha t  the y m a y no t  provid e a 
goo d estimat e o f  th e populatio n statistics .  I n thi s case , 
when th e siz e o f  th e patter n se t  i s inaeased ,  regularitie s tha t 
appeare d i n th e smalle r  patter n set s m a y n o longe r  apply , 
resultin g i n interference .  (Fo r  relate d ideas ,  se e Harris , 
1991 ,  p .  15-16 ;  Rosenber g an d Sejnowski ,  1986 ,  p .  84-85) . 

Althoug h E lma n (1993 )  w a s abl e t o explai n h o w 
subtaskin g ca n bot h facilitat e an d interfer e wit h learning ,  h e 
di d no t  provid e an y criteri a fo r  predictin g whic h effec t  wil l 
occu r  o n a  particula r  task .  Fo r  example ,  i t  i s no t  clea r  wh y 
subtaskin g improve d performanc e o n Ehnan' s (1991b )  task , 
but  faile d t o improv e learnin g o n Harris '  (1991 )  task . 
I n addition ,  i t  i s  usefu l  t o not e tha t  th e simulation s (Elman , 
1991b )  use d t o develo p thes e idea s ar e somewha t  artificia l 
becaus e the y canno t  b e relate d t o a  specifi c  psychologica l 
task .  I n spit e o f  th e fac t  tha t  the y wer e intende d t o mode l 
th e kin d o f  learnin g tha t  occur s i n languag e acquisition ,  eac h 
trainin g se t  containe d 10,0(X )  sentences ,  whic h fa r  exceed s 
th e processin g capacit y o f  a n adul t  o r  a  child .  Moreover ,  th e 
network' s tas k wa s t o predic t  th e nex t  wor d i n a  sentence , 
somethin g tha t  woul d no t  ordinaril y  absor b huma n listeners . 
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Give n thes e considerations ,  w e decide d t o us e a  simple r  an d 
mor e psychologicall y plausibl e tas k t o identif y som e 
principle s tha t  ca n predic t  h o w differen t  task s ar e learne d 
unde r  differen t  trainin g regimens . 

Analyzing Training Regimens in a Concept 

L e a r n i n g T a s k 

Becaus e neura l  net s lear n t o approximat e functions ,  w e 
hypothesize d tha t  th e opposin g effect s associate d wit h 
subtaskin g ca n b e understoo d i n term s o f  functio n 
compatibility .  I f  th e functio n learne d o n a n earl y tas k i s 
compatibl e wit h th e functio n t o b e learne d later ,  th e n e w 
learnin g wil l  b e facilitated .  I n contrast ,  i f  th e functio n 
learne d o n a n earl y tas k i s incompatibl e wit h th e functio n t o 
be learne d later ,  th e ne w learnin g wU l  b e inhibited . 

T o tes t  thi s hypothesis ,  w e use d a  concep t  learnin g tas k 
originall y develope d b y Wh i tma n an d G a m e r  (1963) . 
Althoug h th e experiment s the y carrie d ou t  wer e motivate d 
by a  ver y differen t  se t  o f  researc h questions ,  th e specifi c 
stimul i  tha t  the y use d provide d a  straight-forwar d wa y o f 
analyzin g h o w functio n compatibilit y  i s  manifeste d i n 
differem t  trainin g regimens . 

The trainin g pattern s tha t  w e use d i n ou r  simulation s ar e 
diagranmie d i n Tabl e 1 ,  whic h i s adapte d from a  se t  o f  visua l 
stimul i  show n i n G a m e r  (1974 ,  p .  83) .  Eac h patter n wa s 
comprise d o f  fou r  binar y dimensions ,  an d th e tota l  se t  o f 
sixtee n pattem s w a s use d t o defin e tw o differen t 
classificatio n tasks .  I n eac h task ,  pattern s 1- 8 wer e th e 
positiv e instance s o f  th e categor y an d pattem s 9-1 6 wer e th e 
negativ e instance s o f  th e category . 

AlUioug h bot h classificatio n task s use d eac h o f  th e sixtee n 
pattem s once ,  the y differe d wit h regar d t o th e statistica l 
relation s betwee n th e componen t  dimensions .  Th e tas k o n 
th e lef t  ha s a  simpl e correlationa l  stmctur e becaus e th e tw o 
categorie s o f  pattem s ca n b e distinguishe d fro m eac h othe r 
wit h regar d t o th e correlatio n betwee n dimension s on e an d 
four .  I n categor y S  th e value s o n thes e dimension s alway s 
disagree ,  wherea s i n categor y ~ S th e value s o n thes e 
dimension s alway s agree .  I n contrast ,  th e tas k o n th e righ t 
has a  comple x correlationa l  structur e becaus e ther e i s n o 
overal l  relationshi p betwee n an y o f  th e fou r  dimension s i n 
eithe r  categor y C  o r  categor y ~ C . 

Tabl e 1  als o illustrate s tha t  eac h tas k ca n b e divide d int o 
tw o distinc t  subtasks ,  a s show n b y th e dotte d line .  I n th e 
firs t  subtask ,  pattem s 1- 4 wer e positiv e instance s o f  th e 
categor y an d pattem s 9-1 2 wer e negativ e instance s o f  th e 

category .  I n th e secon d subtask ,  pattem s 5- 8 wer e positiv e 
instance s o f  th e categor y an d pattem s 13-1 6 wer e negativ e 
instance s o f  th e category .  A n examinatio n o f  th e statistica l 
relation s i n eac h subtas k suggest s tha t  th e relativ e difficult y 
of  learnin g eac h concep t  m a y chang e whe n th e pattem s ar e 
presente d i n term s o f  subtasks . 

For  th e tas k wit h a  simpl e correlationa l  structure , 
dimension s on e an d fou r  ar e correlate d i n th e sam e wa y i n 
eac h o f  th e subtasks ,  bu t  dimension s tw o an d thre e ar e als o 
correlate d i n eac h subtask ,  albei t  i n differen t  ways .  I n th e 
firs t  subtask ,  dimension s tw o an d thre e agre e i n categor y S 
and disagre e i n categor y -S ,  wherea s i n th e secon d subtask , 
dimension s tw o an d thre e disagre e i n categor y S  an d agre e i n 
categor y ~S .  A s note d b y Elma n (1993) ,  becaus e ther e i s 
mor e tha n on e regularit y i n eac h subtask ,  i t  i s  no t  clea r 
whic h on e wil l  b e leame d a t  an y give n time .  S o m e 
network s migh t  focu s o n dimension s tw o an d thre e i n th e 
firs t  subtask ,  thereb y learnin g a  functio n tha t  i s 
incompatibl e wit h th e functio n the y nee d t o lea m fo r  th e 
entir e task .  W e therefor e predicte d tha t  whe n network s ar e 
traine d o n th e simpl e correlationa l  structur e i n term s o f 
subtasks ,  i t  woul d b e harde r  t o lea m th e classificatio n 
relativ e t o a n unstmcture d trainin g regimen . 

For  th e tas k wit h a  comple x correlationa l  stmcture ,  i n 
spit e o f  th e fac t  tha t  ther e ar e n o simpl e correlation s betwee n 
any o f  th e dimensions ,  withi n eac h subtas k ther e ar e tw o 
differen t  correlation s tha t  interac t  wit h eac h other .  I n 
categor y C ,  dimension s on e an d fou r  hav e a  correlatio n tha t 
i s opposit e i n sig n t o tha t  betwee n dimension s tw o an d 
three .  I f  th e value s o n dimension s on e an d fou r  disagree , 
the n th e value s o n dimenion s tw o an d thre e agree ,  a s i n th e 
firs t  subtask .  But ,  i f  th e value s o n dimension s on e an d fou r 
agree ,  the n th e value s o n dimensio n tw o an d thre e disagree , 
as i n th e secon d subtask .  I n categor y ~ C ,  thes e relation s ar e 
reversed ,  s o tha t  dimension s on e an d fou r  hav e th e sam e 
correlatio n a s dimension s tw o an d three .  I f  th e value s o n 
dimension s on e an d fou r  disagree ,  the n s o d o th e value s o n 
dimension s tw o an d three ,  a s i n th e firs t  subtask .  I f  th e 
value s o n dimension s on e an d fou r  agree ,  the n s o d o th e 
value s o n dimension s tw o an d three ,  a s i n th e secon d 
subtask .  Give n thes e relationships ,  th e functio n necessar y 
fo r  leamin g th e firs t  subtas k i n th e comple x concep t  i s quit e 
compatibl e wit h tha t  necessar y fo r  th e entir e task .  Namely , 
dimension s on e an d fou r  hav e correlation s opposit e t o 
dimension s tw o an d thre e i n on e categor y an d identica l 
correlation s i n th e othe r  category .  Becaus e th e functio n 

Tabl e 1 :  Binar y codin g schem e fo r  concep t  leamin g task s containin g a  simpl e correlationa l  stmctur e (left )  an d a  comple x 

pi  I 
p2 1 
p3 0 
p4 0 

s 
0 0 
1 1 
0 0 
1 1 

0 
0 
1 
1 

1 
I 
0 
0 

- s 
0 1 
1 0 
0 1 
1 0 

1 
1 
0 
0 

p9 
pl O 
pl l 
pl 2 

pi  I 
p2 1 
p3 0 
p4 0 

0 0 
1 1 
0 0 
1 I 

0 
0 
1 
1 

1 
1 
0 
0 

~ £ 
0 1 
1 0 
0 1 
1 0 

0 
0 
1 
1 

p9 
pl O 
pl l 
pl 2 

p5 1  0  1  0 
p6 1  1  0  0 
p7 0  0  I  1 
p8 0  1  0  1 

1 0  0  I  pl 3 
1 1  1  1  pl 4 
0 0  0  0  pl 5 
0 1  1  0  pl 6 

p5 1  0  1  1 
p6 1  1  0  1 
p7 0  0  1  0 
p8 0  1  0  0 

1 0  0  1  pl 3 
I  1  1  1  pl 4 
0 0  0  0  pl 5 
0 1  1  0  pl 6 

305 



learne d i n th e firs t  subtas k i s likel y t o b e compatibl e wit h 
tha t  require d fo r  th e res t  o f  th e task ,  w e predicte d tha t 
subtaskin g woul d b e superio r  t o a n unstructure d trainin g 
regime n o n th e comple x task . 

I n summary ,  thes e consideration s le d u s t o th e followin g 
prediction :  W h e n subtaskin g exploit s functio n 
compatibilit y  i t  wil l  b e superio r  t o unstructure d training , 
but ,  w h e n subtaskin g promote s functio n incompatibilit y  i t 
wil l  b e inferio r  t o unstructure d training . 

Simulations 

T o tes t  thes e predictions ,  w e use d Fahlma n an d Lebiere' s 
(1990 )  cascade-correlatio n learnin g algorith m (CC )  becaus e 
i t  ha s certai n desig n feature s tha t  ar e particularl y relevan t  fo r 
understandin g facilitatio n an d interferenc e effect s tha t  occu r 
durin g learning .  C C i s a  generativ e algorith m tha t  start s ou t 
wit h a  minima l  typology ,  consistin g o f  a n inpu t  laye r  tha t 
i s  full y  connecte d t o a n outpu t  layer .  T o solv e a  problem ,  i t 
firs t  trie s t o reduc e th e err w betwee n th e observe d an d desire d 
activatio n acros s th e outpu t  unit s b y modifyin g th e weight s 
betwee n th e inpu t  an d outpu t  units .  I f  i t  fail s  t o reduc e thi s 
erro r  withi n a n acceptabl e criterion ,  i t  the n recruit s a  hidde n 
uni t  fro m a  poo l  o f  candidate s tha t  ar e connecte d onl y t o th e 
inpu t  units .  Th e weight s fro m th e inpu t  unit s t o th e 
candidat e hidde n unit s ar e the n traine d s o a s t o maximiz e th e 
correlatio n betwee n eac h candidat e hidde n unit' s  activatio n 
an d th e residua l  erro r  a t  th e outpu t  units .  W h e n thes e 
correlation s reac h asymptote ,  th e inpu t  weight s leadin g t o 
bes t  candidat e hidde n uni t  ar e frozen ,  thi s bidde n uni t  i s 
connecte d t o th e outpu t  units ,  an d th e networ k revert s bac k 
t o erro r  minimizatio n b y modifyin g th e weight s connecte d 
t o th e outpu t  units .  Th e proces s o f  recruitin g additiona l 
hidde n unit s i s the n repeate d a s needed .  (Fo r  mor e detaile d 
discussion s abou t  th e C C architecture ,  se e Fahlma n & 
Lebiere ,  1990 ;  Shultz ,  Schmidt ,  Buckingham ,  &  Mareschal , 
1995) . 

Becaus e th e weight s fro m th e inpu t  unit s t o eac h hidde n 
uni t  ar e fixe d whe n eac h hidde n uni t  i s  adde d t o th e network , 
knowledg e acquire d durin g th e cours e o f  learnin g i s mor e 
likel y t o b e preserve d durin g subsequen t  learning ,  an d s o it s 
effect s wil l  b e mor e salien t  tha n wit h othe r  algorithms . 
Thi s desig n featur e make s C C mor e resistan t  t o retroactiv e 
interferenc e tha n backpropogatio n (Tetewsky ,  Shultz ,  & 
Buckingham ,  1995) . 

Th e task s wer e presente d i n th e sam e wa y tha t  the y appea r 
i n Tabl e 1 ,  wit h tw o exceptions .  (1 )  Th e dichotomou s 
codin g i n th e inpu t  pattern s wa s represente d i n term s o f  1 
and -1 ,  rathe r  tha n 1  an d 0 ,  t o spee d u p learning. ^  (2 )  W h e n 
subtaskin g wa s used ,  afte r  a  networ k ha d bee n traine d 
sequentiall y  o n subtas k 1  an d subtas k 2 ,  i t  wa s the n traine d 
on th e tota l  se t  o f  pattern s associate d wit h th e classificatio n 
(i.e. ,  subtas k 1  +  subtas k 2) .  Thi s thir d phas e o f  trainin g 
provide d a  wa y t o determin e th e exten t  t o whic h th e functio n 
tha t  ha d bee n approximate d fro m th e subtask s wa s 
compatibl e wit h th e functio n i n th e overal l  task .  Afte r  a 
networ k learne d th e secon d subtas k i t  woul d hav e learne d al l 
16 ttaining  patterns .  However ,  i f  th e functio n th e networ k 
learne d t o approximat e wa s differen t  fro m th e functio n 
containe d i n th e overal l  task ,  the n th e networ k woul d requir e 

additiona l  trainin g i n thi s thir d phas e o f  learning . 
Furthermore ,  i f  th e numbe r  o f  epoch s neede d i n th e thir d 
phas e o f  trainin g wa s les s tha n th e numbe r  o f  epoch s neede d 
t o lear n th e tas k whe n th e pattern s wer e presente d all-at -
once ,  ther e woul d b e evidenc e fo r  functio n compatibility ;  i f 
th e numbe r  o f  epoch s neede d i n th e thir d phas e o f  trainin g 
was greate r  tha n th e numbe r  o f  epoch s neede d durin g all-at -
onc e presentation ,  ther e woul d b e evidenc e fo r  functio n 
incompatibility . 

Th e simulation s wer e carrie d ou t  a s a  2  x 2  factoria l 
design ,  i n whic h ther e wer e tw o type s o f  conceptua l 
structure s (simpl e an d complex )  crosse d wit h tw o type s o f 
trainin g regimen s (all-at-onc e presentatio n an d subtasking) . 
The primar y dependen t  variabl e wa s th e numbe r  o f  trainin g 
epoch s neede d t o lear n a  particula r  concept .  Trainin g wa s 
stoppe d whe n al l  o f  th e outpu t  value s fo r  th e pattern s i n a 
give n trainin g se t  fel l  withi n 4 0 % o f  thei r  desire d value s 
(i.e. ,  th e valu e o f  th e score-threshol d paramete r  wa s 0.4) . 
Fift y network s wer e ru n i n eac h o f  th e fou r  condition s o f  th e 
desig n an d th e result s wer e average d acros s netwoiks . 

Results 

The tota l  numbe r  o f  trainin g epoch s require d fo r  eac h o f  th e 
fou r  condition s specifie d i n th e 2  x  2  desig n ar e show n i n 
Figur e 1 .  Not e tha t  i n assessin g overal l  performance , 
number s o f  trainin g epoch s require d i n eac h phas e o f 
subtaskin g wer e s u m m e d t o ge t  th e tota l  epoch s fo r  learnin g 
th e entir e task . 

Althoug h ther e wa s n o overal l  differenc e betwee n th e tw o 
trainin g regimen s (12 8 vs .  13 3 epochs) ,  F ( l ,  196 )  =  .955 , 
p =  .33 ,  ther e wa s a  mai n effec t  o f  tas k structur e (19 1 v s 
70) ,  F  (1 ,  196 )  =  668 ,  p  <  .001 ,  suc h tha t  th e comple x 
structur e wa s harde r  t o lear n tha n th e simpl e structure .  O f 
mor e importance ,  however ,  i s  th e fac t  tha t  th e interactio n 
betwee n tas k structur e an d trainin g regime n wa s highl y 
significant ,  F  (1,196 )  =  44.9 ,  p  <  .001 .  Paire d contrast s o n 
th e mean s confirme d tha t  i t  wa s easie r  t o lear n th e comple x 
structur e unde r  subtaskin g (17 7 v s 20 4 epochs) ,  F  (1,196 )  = 
16.4 ,  p  <  .001 ,  an d i t  wa s harde r  t o lear n th e simpl e 
structur e unde r  subtaskin g (8 8 vs .  5 2 epochs) ,  F  (1,196 )  = 
29.5 ,  p < .001 . 

An examinatio n o f  th e frequency  distribution s fo r  th e tota l 
number  o f  epoch s neede d i n eac h o f  th e fou r  condition s 
provide d som e interestin g qualifications .  W h e n th e pattern s 
wer e presente d all-at-onc e durin g training ,  th e distribution s 
fo r  th e simpl e an d comple x structure s tende d t o b e normal . 
However ,  whe n th e pattern s wer e presente d i n subtasks ,  th e 
simpl e an d comple x structure s produce d distinctl y bimoda l 
distributions .  Fo r  th e simpl e structure ,  2 5 o f  th e network s 
wer e i n th e rang e o f  42-5 5 epochs ,  an d 2 5 wer e i n th e rang e 
of  113-142 .  Fo r  th e comple x structure ,  3 9 wer e i n th e rang e 
of  132-167 ,  an d 1 1 wer e i n th e rang e o f  216-333 .  Becaus e 
thes e subgroup s fel l  o n eithe r  sid e o f  th e overal l  mea n fo r 
th e respectiv e concep t  structures ,  fo r  purpose s o f 
convenienc e the y wil l  b e referre d t o a s th e eas y an d har d 
version s o f  subtaskin g fo r  eac h structure . 

^Thi s poin t  wa s suggeste d t o u s b y Yasse r  Hashmi . 
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Figur e 1 .  M e a n numbe r  o f  epoch s neede d t o lea m tw o concept s unde r  tw o trainin g regimens .  Erro r  bar s represen t  standar d 
error s o f  th e mean . 

The tw o alternativ e form s o f  subtaskin g fo r  a  tas k wit h a 
simpl e structur e ar e show n i n Tabl e 2 ,  broke n d o w n 
accordin g t o th e numbe r  o f  epoch s neede d i n eac h o f  th e 
thre e phase s o f  learning .  I n th e har d versio n o f  subtasking , 
subtas k 1  require d a n averag e o f  5 1 epoch s t o b e learned , 
wherea s subtas k 2  onl y require d 1 2 epochs .  Thi s differenc e 
was significant ,  F  (1,48 )  =  1727 ,  p  <  .001 ,  an d i t  suggeste d 
tha t  th e knowledg e th e network s ha d acquire d from  subtas k 1 
facilitate d thei r  abilit y  t o lea m subtas k 2 .  Bu t  i n spit e o f 
thi s facilitation ,  eve n thoug h th e network s ha d learne d t o 
classif y al l  1 6 pattern s correctl y afte r  completin g th e first 
tw o phase s o f  learning ,  the y apparentl y di d no t  posses s th e 
knowledg e embodie d i n th e overal l  task ,  becaus e th e numbe r 
of  trainin g epoch s require d i n phas e 3  wa s clearl y differen t 
fro m zero .  I n fact ,  phas e 3  trainin g require d mor e epoch s 
tha n wer e neede d t o lea m th e simpl e tas k durin g all-at-onc e 
presentio n (6 3 vs .  52 ,  t  (73 )  =  11.3 ,  p  <  .001 )  providin g 
evidenc e fo r  functio n incompatibility .  Thus ,  a s a  resul t  o f 
learnin g sequentiall y  subtask s 1  an d 2 ,  network s experience d 
proactiv e interferenc e i n learnin g th e entir e se t  o f  pattems . 
I n contras t  t o thes e findings,  however ,  fo r  th e eas y versio n 
of  subtasking ,  i t  appear s tha t  thes e network s learne d t o 
approximat e th e correc t  functio n i n subtas k 1 ,  s o tha t  ther e 
was perfec t  transfe r  acros s th e nex t  tw o phase s o f  leamin g 
(i.e. ,  n o trainin g epoch s wer e require d t o lea m eithe r  subtas k 
2 o r  th e entir e se t  o f  pattems. ) 

Table 2. Mean number of epochs needed in the easy and hard 
version s o f  subtaskin g o n a  simpl e stmcture .  Number s i n 

parenthese s ar e standar d error s o f  th e mean . 

Easy(n=25 ) Hard(n=25 ) 
Subtas k 1 
Subtas k 2 
Subtask s 1 & 2 

50 (0.7 ) 
0 (0.0 ) 
0 (0.0 ) 

51 (0.6 ) 
12 (0.6 ) 
63 (0.9 ) 

The tw o alternativ e form s o f  subtaskin g fo r  a  tas k wit h a 
comple x structur e ar e shovi m i n Tabl e 3 .  I n th e eas y versio n 
of  subtasking ,  subtas k 1  require d 5 0 epoch s t o b e leame d 
wherea s subtas k 2  onl y require d 11 .  Onc e again ,  thi s 
differenc e wa s significant ,  F  (1 .  76 )  =  1634 ,  p  <  .001 ,  an d i t 

suggeste d tha t  th e knowledg e th e network s ha d acquire d fro m 
subtas k 1  facilitate d thei r  abilit y  t o lea m subtas k 2 .  But ,  i n 
contras t  t o th e har d versio n o f  th e simpl e structure ,  th e 
number  o f  epoch s require d i n phas e 3  trainin g wa s les s tha n 
th e numbe r  o f  epoch s require d t o lea m th e comple x structur e 
when i t  wa s presente d all-at-onc e (9 2 vs .  204 ,  t  (87 )  =  32.5 , 
p <  .001) ,  providin g evidenc e fo r  functio n compatibility . 
Thus ,  th e knowledg e tha t  develope d a s a  resul t  o f  learnin g 
sequentiall y  subtask s 1  an d 2 ,  facilitate d leamin g th e entir e 
set  o f  pattems .  However ,  i n th e har d versio n o f  subtasking , 
i n spit e o f  th e fac t  tha t  subtask s 1  an d 2  followe d th e sam e 
tren d a s i n th e eas y version ,  th e numbe r  o f  epoch s neede d i n 
phas e 3  trainin g di d no t  diffe r  fro m th e numbe r  o f  epoch s 
require d t o lea m th e comple x structur e whe n i t  wa s presente d 
all-at-onc e (20 2 v s 204 ,  /  (59 )  =  .268 ,  p  >  .05.) .  Thi s resul t 
therefor e implie d tha t  thes e network s ha d essentiall y  leame d 
th e sam e functio n tha t  occur s whe n th e trainin g se t  i s 
unstmctured .  Thi s particula r  finding  i s noteworth y becaus e 
give n th e natur e o f  th e trainin g pattems ,  ther e i s n o a  prior i 
reaso n t o expec t  tha t  subtaskin g o n th e comple x stmctur e 
woul d produc e tw o differen t  kind s o f  solutions .  O n e 
possibl e wa y t o interpre t  thi s resul t  i s  b y examinin g th e 
number  o f  hidde n unit s tha t  wer e recmite d b y th e tw o kind s 
of  networks .  I n th e eas y versio n o f  subtasking ,  network s 
recmite d on e hidde n uni t  i n bot h phas e 1  an d phas e 3 , 
wherea s i n th e har d version ,  network s recmite d on e hidde n 
uni t  i n phas e 1  an d a t  leas t  tw o hidde n unit s i n phas e 3 . 
Becaus e mos t  o f  th e network s tha t  leame d th e comple x tas k 
unde r  a n unstmcture d U-ainin g regime n require d tw o hidde n 
units ,  ther e i s reaso n t o believ e tha t  i n th e har d versio n o f 
subtasking ,  network s wer e s o m e h o w ignorin g th e 
informatio n fro m th e hidde n uni t  recmite d i n phas e 1 ,  an d 
leamin g th e tas k a s i f  th e trainin g se t  wa s unstmctured . 
However ,  thi s conclusion ,  a s wel l  a s th e othe r  inference s 
tha t  w e mad e abou t  th e relativ e difficult y o f  learnin g th e 
differen t  correlationa l  stmcture s unde r  th e differen t  trainin g 
regimens ,  ca n onl y b e confirme d b y mor e detaile d analyse s 
of  networ k knowledg e representation s an d th e correspondin g 
function s th e network s learne d t o approximate . 
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Tabl e 3 .  Numbe r  o f  epoch s neede d i n th e eas y an d har d 
version s o f  subtaskin g o n a  comple x structure .  Number s i n 

parenthese s ar e standar d error s o f  th e mean . 

Easy(n=39 ) Hard(n=ll ) 

Subtas k 1 
Subtas k 2 

Subtask s 1& 2 

50 (0.6 ) 
11(0.4 ) 
92(1.1 ) 

51(1.3 ) 
9 (0.5 ) 

20 2 (8.9 ) 

D i s c u s s i o n 

Thes e simulation s wer e carrie d ou t  t o determin e th e 
condition s unde r  whic h subtaskin g wil l  eithe r  improv e o r 
impai r  learnin g i n neura l  networks ,  relativ e t o unstructured , 
all-at-onc e trainin g regimens .  Th e result s indicate d tha t 
when a  networ k extract s a  functio n tha t  i s compatibl e wit h 
late r  learning ,  subtaskin g wil l  facilitat e learning ,  wherea s 
when a  networ k extract s a  functio n tha t  i s  incompatibl e wit h 
late r  learning ,  subtaskin g wil l  interfer e wit h learning . 

I n evaluatin g thes e result s i t  i s  importan t  t o not e tha t  i n 
general ,  ther e i s n o a  prior i  reaso n t o expec t  tha t  certai n 
kind s o f  task s wil l  alway s b e learne d bette r  unde r 
subtasking ,  wherea s othe r  kind s o f  task s wil l  alway s b e 
learne d bette r  unde r  unstructure d trainin g regimens . 
Dependin g o n th e wa y th e subtask s ar e formed ,  i t  i s  possibl e 
tha t  subtaskin g coul d improv e performanc e o n th e simpl e 
correlationa l  structur e an d impai r  performanc e o n th e 
comple x structure .  A s a  practica l  matter ,  i t  i s  therefor e 
necessar y t o devis e a  trainin g regime n tha t  i s  appropriat e fo r 
a give n task .  I n term s o f  th e presen t  findings,  i t  woul d 
therefor e b e usefu l  t o for m othe r  type s o f  subtask s fo r  eac h 
structur e an d examin e th e exten t  t o whic h th e genera l  notio n 
of  functio n compatibilit y ca n accoun t  fo r  th e resultin g 
outcomes . 

Finally ,  thes e simulation s hav e som e importan t 
implication s wit h regar d t o understandin g th e effect s o f 
knowledg e o n learning .  Previou s psychologica l  researc h i n 
thi s are a ha s primaril y bee n concerne d wit h showin g ho w 
existin g knowledg e structure s ca n revers e th e difficult y o f 
learnin g variou s forma l  categor y structure s (Pazzani ,  1991 ; 
Wattenmaker ,  Dewey ,  Murphy ,  &  Medin ,  1986 ;  Waldman n 
& Holyoak ,  1989. )  Althoug h thes e findings  ar e impressive , 
the y ar e als o somewha t  limite d becaus e the y d o no t  sho w 
ho w th e critica l  knowledg e tha t  produce d th e reversa l  wa s 
itsel f  acquired .  Th e presen t  experimen t  i s  therefor e 
noteworth y becaus e i t  show s h o w knowledge ,  whic h i s 
acquire d durin g th e cours e o f  learning ,  ca n affec t  th e 
acquisitio n o f  ne w knowledge .  Hence ,  thes e result s ca n b e 
viewe d a s a  wa y o f  bridgin g th e ga p betwee n forma l  model s 
of  categorization ,  whic h tr y t o describ e specifi c  learnin g 
algorithms ,  an d knowledge-base d approaches ,  whic h ar e 
concerne d wit h h o w concep t  learnin g i s  influence d b y 
existin g knowledge .  Mos t  connectionis t  model s o f  huma n 
learnin g hav e learne d fro m initiall y  rando m weights . 
Althoug h suc h result s m a y provid e importan t  existenc e 
proofs ,  the y ar e generall y unrealisti c a s model s fo r  huma n 
learning ,  whic h ordinaril y  occur s fro m a  bas e o f  initia l 
knowledge .  Researc h o n subtaskin g illustrate s th e potentia l 
importanc e o f  prio r  knowledg e i n learning . 
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