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Concer n ha s recentl y develope d regardin g th e 
possibilit y  tha t  paralle l  distribute d processin g model s 
wil l  exhibi t  massiv e amount s o f  retroactiv e 
interference .  McCloske y <&.  Cohe n (i n press )  hav e 
suggeste d tha t  suc h model s exhibi t  "catastrophi c 
interference "  unde r  realisti c trainin g conditions ;  the y 
conclud e tha t  P D F model s m a y no t  b e abl e t o 
simulat e basi c aspect s o f  huma n performance .  I n thi s 
pape r  w e repor t  replication s an d extension s o f 
simulation s o n whic h thes e claim s wer e based .  Th e 
n e w simulation s sugges t  tha t  'catastrophi c 
interference "  m a y b e les s o f  a  proble m tha n 
McCloske y &  Cohe n suggest ;  specifically ,  i t  i s 
relate d t o th e us e o f  a  rigi d trainin g schem e tha t  bears 
littl e resemblanc e t o ho w childre n actuall y learn . 

Learning in parallel distributed processing models 
involve s change s t o th e weight s o n connection s 
betwee n unit s a s a  consequenc e o f  feedbac k o r 
"experience. "  O n e o f  th e mai n propertie s o f  thes e 
model s i s tha t  th e effect s o f  learnin g ar e superimpose d 
on on e another ;  a  model' s performanc e i s determine d 
by th e aggregat e effect s o f  th e ensembl e o f  trainin g 
experiences .  Thi s propert y o f  P D P model s i s though t 
t o b e theoreticall y important ;  fo r  example ,  i t  enable s 
Seidenber g an d McClelland' s (i n press )  mode l  o f  wor d 
recognitio n t o simulat e th e effect s o f  inconsisten t 
spelling-soun d correspondence s o n task s suc h a s 
namin g an d lexica l  decision ,  an d Rumelhar t  an d 
McClellan d (1986 )  hav e argue d tha t  i t  i s  critica l  t o a n 
accoun t  o f  fact s about  th e child' s acquisitio n o f  pas t 
tens e morphology .  Recently ,  however ,  i t  ha s bee n 
note d tha t  thi s propert y o f  P D P model s m a y hav e 
some negativ e sid e effects .  T w o issue s hav e arisen . 
Firs t  ther e i s th e proble m o f  retroactiv e interference : 
event s late r  i n th e trainin g regim e m a y resul t  i n 
poore r  performanc e o n previously-learne d items .  Fo r 
example ,  a  wor d pronunciatio n mode l  (e.g. , 
Sejnowsk i  &  Rosenberg ,  1986 ;  Seidenber g & 
McClelland ,  i n press )  migh t  b e traine d t o generat e th e 
correc t  pronunciatio n o f  a  wor d suc h a s G A V E ; 
subsequen t  trainin g o n a  wor d suc h a s H A V E migh t 
resul t  i n change s t o th e weight s tha t  hav e a  negativ e 
impac t  o n performanc e o n G A V E ,  yieldin g incorrec t 
outpu t  o r  "unlearning" . 

A second ,  relate d issu e concern s th e regime s use d i n 
trainin g P D P models .  Mos t  trainin g scheme s t o dat e 
hav e involve d wha t  McCloske y an d Cohe n (i n press ; 
hereafte r  M C )  hav e terme d "concurrent "  schedules : 
ther e i s a  se t  o f  targe t  pattern s t o b e learned ,  an d 
trainin g proceed s b y samplin g fro m th e entir e set . 
Thi s contrast s wit h wha t  M C ter m "sequential " 
regimes ,  i n whic h targe t  pattern s ar e introduce d a t 
differen t  times .  Sequentia l  regime s ar e though t  t o b e 
mor e realisti c i n term s o f  peoples '  actua l  experience . 
I n learnin g t o read ,  fo r  example ,  childre n ar e expose d 
t o differen t  word s a t  differen t  times ,  wherea s i n th e 
Sejnowsk i  an d Rosenber g (1986 )  an d Seidenber g an d 
McClellan d (i n press )  models ,  al l  word s ar e availabl e 
fo r  trainin g a t  al l  times . 

Given the fact that learning can produce retroactive 
interference ,  i t  i s  clea r  tha t  th e performanc e o f  P D P 
model s wil l  b e highl y dependen t  o n th e typ e o f 
trainin g schem e tha t  i s  used .  M C hav e conjecture d 
tha t  P D P model s m a y b e incapabl e o f  simulatin g 
human learnin g unde r  realisti c trainin g conditions . 
Specifically ,  thei r  clai m i s tha t  ther e i s a  retroactiv e 
interferenc e proble m tha t  ca n onl y b e overcom e b y 
usin g concurren t  trainin g schemes .  W h e n th e mor e 
realisti c sequentia l  scheme s ar e utilized ,  suc h model s 
exhibi t  "catastrophic "  interference :  learnin g o n late r 
trial s result s i n grossl y impaire d performanc e o n 
previously-learne d items .  M C illustrate d thi s proble m 
by analyzin g som e simulation s o f  th e tas k o f  learnin g 
simpl e arithmetic . 

The MC paper raises important issues concerning 
learnin g i n P D P models ;  Pinke r  an d Princ e (1988 ) 
and Lachte r  an d Seve r  (1988 )  presen t  simila r 
concerns .  MC' s simulation s demonstrat e tha t  ther e ar e 
condition s unde r  whic h P D P model s exhibi t  behavio r 
tha t  doe s no t  relat e wel l  t o huma n performance . 
However ,  th e scop e o f  th e "catastrophic "  interferenc e 
proble m i s  unclear ;  i n thi s pape r  w e repor t 
simulation s tha t  examin e th e issu e further .  Ou r  mai n 
conclusio n i s tha t  catastrophi c interferenc e i s no t  a s 
genera l  a  proble m fo r  P D P model s a s M C suggest ;  i n 
fact ,  replication s o f  thei r  simulation s wit h sligh t 
change s i n th e trainin g procedur e yiel d ver y differen t 
result s tha n the y reported .  Ou r  simulation s provid e a 
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Figure 1: The Model (Input on Top; Output on Bottom) 
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broade r  perspectiv e o n th e condition s tha t  d o an d d o 
not  yiel d excessiv e retroactiv e interference ,  an d why . 

BACKGROUND: MODEL AND TASK 

MC report several simulations using a two-layer 
model  (i.e. ,  a  mode l  wit h tw o layer s o f  connections) , 
traine d usin g th e backpropagatio n algorith m 
(Rumelhart ,  Hinton ,  &  Williams ,  1986) .  Th e mode l 
consiste d o f  2 8 inpu t  units ,  5 0 hidde n o r  associatio n 
(Rosenblatt ,  1962 )  units ,  an d 2 4 outpu t  unit s (Figur e 
1) ,  wit h ful l  connectivit y betwee n adjacen t  layers . 
The mode l  wa s traine d t o perfor m simpl e additio n an d 
multiplicatio n problems ;  fo r  example ,  give n th e 
inpu t  [3+2] ,  th e mode l  wa s t o produc e th e outpu t  [5] , 
Each o f  th e tw o digit s i n a n equatio n wa s encode d b y 
12 inpu t  units .  Th e remainin g fou r  inpu t  unit s 
encode d whic h operatio n wa s t o b e performe d (+ ,  - ,  x , 
+) .  Th e firs t  1 2 outpu t  unit s represente d th e ten s 
colum n o f  th e answer ;  th e secon d 1 2 code d th e digit s 
column .  Figur e 1  illustrate s th e proble m [ 1 +  3  = 
04] .  Th e inpu t  an d outpu t  representation s wer e 
distributed ;  eac h o f  th e number s fro m 0  t o 9  wa s 
encode d b y thre e units .  Thi s metho d i s simila r  t o th e 
thermomete r  codin g schem e use d b y Anderso n (1983 ) 
and b y Viscuso ,  Anderson ,  an d Spoeh r  (i n press )  t o 
cod e continuou s value s i n qualitativ e physic s an d 
mathematics .  Thi s distribute d representatio n ca n 
represen t  an y pai r  o f  operand s an d thei r  sum s o r 
products ,  ye t  th e individua l  unit s an d connection s d o 

not  represen t  th e number s themselves. ^ 

MC' s simulation s wer e concerne d wit h th e tas k o f 
learnin g simpl e arithmeti c problems .  Consider ,  fo r 
example ,  th e se t  o f  simpl e additio n problem s 
involvin g th e digit s 1-9 .  M C sho w tha t  th e mode l  i s 
abl e t o lear n th e targe t  se t  o f  pattern s whe n i t  i s 
traine d usin g a  concurren t  method .  Durin g th e 
trainin g phase ,  th e mode l  wa s presente d wit h 
problem s fro m th e targe t  set .  Problem s wer e 
randoml y sample d fro m th e set ;  al l  problem s wer e 
availabl e t o b e sample d a t  al l  times .  Thus ,  th e mode l 
migh t  b e traine d o n [1+3] ,  the n [2+9] ,  the n [8+7] , 
etc .  Unde r  thes e conditions ,  th e networ k learne d t o 
successfull y m a p al l  pair s o f  operand s t o thei r 
respectiv e sums ;  i t  als o learne d th e mappin g fro m th e 
operand s t o thei r  products . 

Very different results were obtained using a sequential 
trainin g method ,  however .  Th e mode l  wa s initiall y 
traine d o n additio n problem s involvin g I' s  (se e 
"Simulatio n 1 :  Replication "  below) ;  trainin g 
continue d unti l  th e mode l  performe d withou t  erro r  o n 
thes e items .  Th e mode l  wa s the n traine d o n problem s 
involvin g 2's .  Th e primar y motivatio n fo r  thi s 
trainin g schem e wa s th e intuitio n tha t  i t  mor e closel y 
resemble s th e experienc e o f  childre n learnin g 
arithmetic .  Childre n ar e no t  expose d t o al l  problem s 
i n a  rando m order ;  the y lear n th e simple r  problem s 
and the n m o v e t o mor e comple x ones .  Wit h th e 
sequentia l  method ,  th e mode l  learne d t o comput e th e 
2' s problems ;  however ,  performanc e o n th e I' s 

1.  Th e schem e use d t o encod e digit s wa s no t  entirel y 
arbitrary .  Eac h digi t  wa s encode d b y 3  consecutiv e inpu t 
units .  Th e firs t  3  unit s wer e use d t o encod e 0 ,  th e secon d 

3 unit s encode d 1 ,  th e thir d 3  units ,  2 .  Thus ,  digit s tha t 
diffe r  b y on e share d 2  encodin g units ;  digit s tha t  diffe r 
by 2  share d 1  encodin g unit ,  an d digit s tha t  diffe r  b y 
more tha n 2  share d n o unit s i n common . 
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problem s greatl y deteriorated .  Fo r  example , 
performanc e o n th e I' s  decrease d fro m 1 0 0 % t o 5 7 % 
correc t  afte r  a  singl e ru n throug h th e 2's ,  an d t o 3 0 % 
correc t  afte r  tw o suc h runs .  "Catastrophi c 
interference "  refer s t o thi s decremen t  i n performanc e 
on earlier-traine d items . 

SIMULATION 1: REPLICATION 

Our first step was to replicate MC's basic findings. 
We constructe d a  networ k exactl y lik e theirs ,  usin g 

th e sam e paramete r  settings. ^  Th e simulatio n wa s 
ru n 5  times ,  an d th e dat a tha t  w e repor t  ar e average d 
ove r  thes e run s ( M C reporte d dat a average d ove r  2 
runs) .  Th e mode l  wa s traine d o n th e I' s  an d 2' s 
problem s i n sequence .  Th e I' s  se t  include d 1 6 
problems :  1  +  1 ,  1+2 ,  1+3 ,  .. .  1+9 ;  3+1 ,  4+1 ,  .. . 
9+1 .  Ther e wer e n o problem s containin g O' s (a s i n 
th e M C simulations) ,  an d th e 2+ 1 proble m wa s 
exclude d becaus e i t  occurre d i n th e 2' s se t  Similarly , 
th e 2' s  se t  include d 1 6 problems ;  1+ 2 wa s exclude d 
becaus e i t  occurre d i n th e I' s  set .  Henc e th e tw o 
proble m set s wer e mutuall y exclusive . 

Training involved a series of epochs, where each 
epoc h refer s t o th e presentatio n o f  al l  problem s 
withi n a  se t  i n rando m order .  Fo r  example ,  4 0 epoch s 
of  trainin g o n th e I' s  se t  involve d presentin g 4 0 set s 
of  th e 1 6 I' s  problems ,  eac h i n a  differen t  rando m 
order .  Performanc e wa s evaluate d i n tw o ways .  First , 
fo r  eac h proble m w e calculate d a n erro r  su m o f 
square s (E) ;  thi s wa s th e s u m o f  th e square d 
difference s betwee n compute d an d targe t  value s ove r 
al l  outpu t  units : 

i 

Thi s scor e provide s a  genera l  quantitativ e measur e o f 
performance .  Belo w w e repor t  th e erro r  score s fo r  th e 

2.  Th e simulation s wer e implemente d usin g th e 
McClellan d an d Rumelhar t  (1988 )  softwar e runnin g o n 
an IB M PS/ 2 Mode l  8 0 computer .  Excep t  wher e note d i n 
th e text ,  th e simulation s followe d MC' s procedur e 
exactly .  Th e learnin g rat e wa s se t  t o .25 .  M C conside r 
thi s t o b e a  conservativ e rat e althoug h McClellan d & 
Rumelhart' s  (1988 ,  p .  107 )  recommendatio n t o us e a  rat e 
equal  t o th e invers e o f  th e numbe r  o f  inpu t  unit s woul d 
resul t  i n a  muc h smalle r  valu e (.036) .  Weight s o n 
connection s betwee n unit s wer e assigne d initia l  rando m 
value s betwee n +/ -  .3 .  Targe t  activatio n value s wer e se t 
t o . 9 fo r  unit s tha t  shoul d b e on ,  an d . 1 fo r  unit s tha t 
shoul d b e off .  Finally ,  al l  hidde n an d outpu t  unit s wer e 
give n a  rando m bias . 

correc t  answer s average d acros s al l  problem s withi n a 
set  an d acros s al l  5  runs .  However ,  i t  i s  als o 
necessar y t o determin e ho w ofte n th e correc t  answe r 
t o a  give n proble m provide d th e bes t  fi t  t o th e 
compute d output .  Tha t  is ,  th e erro r  scor e indicate s 
h o w closel y th e compute d outpu t  matche d th e patter n 
fo r  th e correc t  answer ;  w e als o nee d t o kno w ho w 
ofte n th e correc t  answe r  produce d th e lowes t  erro r 
scor e (wha t  M C ter m th e "bes t  match "  criterion) .  Fo r 
a give n problem ,  w e calculate d a  se t  o f  erro r  score s b y 
comparin g th e compute d patter n o f  activatio n t o th e 
pattern s correspondin g t o al l  possibl e answers .  W e 
the n determine d h o w ofte n th e bes t  fi t  (lowes t  erro r 
score )  wa s provide d b y th e correc t  answer . 

The training procedure followed MC's sequential 
method .  Th e mode l  wa s traine d o n th e I' s  problem s 
fo r  4 0 epochs .  ( M C traine d thei r  networ k unti l  al l  o f 
th e outpu t  unit s ha d activation s withi n . 1 o f  th e 
targe t  activatio n levels ,  whic h too k approximatel y 3 5 
epochs. )  Th e mode l  wa s the n traine d o n th e 2' s 
problem s fo r  4 0 epochs .  W e teste d th e model' s 
performanc e o n th e I' s  durin g th e trainin g o n th e 2's . 
Thes e tes t  trial s di d no t  involv e additiona l  learnin g o n 
th e I's ;  thus ,  w e coul d examin e ho w trainin g o n th e 
2' s affecte d performanc e o n th e I's .  Th e I' s  wer e 
teste d afte r  eac h o f  th e firs t  5  epoch s o f  trainin g o n 
th e 2's ;  thereafte r  the y wer e teste d afte r  ever y 5  epoch s 
of  trainin g unti l  th e 40t h epoch .  Startin g a t  epoc h 40 , 
th e I' s  wer e teste d afte r  eac h o f  5  additiona l  epochs , 
and the n a t  5  epoc h interval s unti l  th e 80t h epoch . 
Al l  tha t  change d acros s simulation s wa s th e orde r  i n 
whic h th e problem s wer e presente d withi n a n epoc h 
and th e initia l  rando m value s assigne d t o th e weights . 

Results and Discussion 
The mode l  learne d th e I' s  se t  ver y quickly .  Afte r  1 5 
epoch s o f  training ,  th e averag e erro r  scor e wa s .144 , 
and n o error s wer e mad e (i.e. ,  fo r  al l  problems ,  th e 
correc t  answe r  provide d th e bes t  fi t  t o th e compute d 
output) .  Erro r  score s continue d t o decreas e wit h 
additiona l  training .  However ,  performanc e o n th e I' s 
decrease d drasticall y onc e trainin g o n th e 2' s began .  I n 
onl y on e epoch ,  th e mea n erro r  fo r  th e I' s  increase d 
fro m .03 8 t o .734 ,  mor e tha n a n orde r  o f  magnitude . 
Afte r  five  epochs ,  th e mea n erro r  reache d 1.41 .  Th e 
bes t  matc h criterio n yielde d simila r  results :  th e mea n 
number  o f  correc t  response s fel l  fro m 1 6 t o 8. 6 i n 
on e epoch .  B y fiv e epochs ,  th e mea n numbe r  o f 
correc t  response s wa s a  catastrophi c 2.8 .  Thus , 
learnin g th e 2' s problem s interfere d wit h performanc e 
on th e I's . 
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On th e basi s o f  simila r  results ,  M C concluded ,  "t o 
th e exten t  tha t  on e i s intereste d i n usin g connectionis t 
network s t o mode l  huma n learnin g an d memory ,  thi s 
sor t  o f  disruptio n woul d appea r  t o b e a  significan t 
problem "  (p .  14) .  Th e questio n t o b e addresse d i s this : 
h o w seriou s i s th e "catastrophi c interference " 
problem ? I n particular ,  h o w closel y i s i t  relate d t o th e 
particula r  condition s studie d b y M C ,  an d h o w d o 
thes e condition s relat e t o th e one s experience d b y 
childre n i n learnin g arithmeti c an d othe r  skills ? 

SIMULATION 2: SAVINGS 

Under the sequential training procedure studied by MC 
and i n Simulatio n 1 ,  performanc e o n th e I' s 
deteriorate s drasticall y durin g th e learnin g o f  th e 2's . 
Th e decremen t  i n performanc e i s  see n i n th e 
increasin g erro r  score s fo r  th e I's ,  an d th e decreas e i n 
th e proportio n o f  correc t  answers .  Henc e i t  appear s 
tha t  th e solution s t o th e I' s  problem s wer e unlearned . 
I f  thi s i s  correct ,  th e model' s performanc e differ s 
greatl y fro m tha t  o f  humans ;  a s M C note ,  unlearnin g 
(e.g. ,  i n verba l  learnin g experiments )  i s  virtuall y 
neve r  complet e (see ,  e.g. .  Postma n &  Underwood , 
1973) .  I t  i s  possible ,  however ,  tha t  th e solution s t o 
th e I' s  problem s wer e no t  completel y unlearned ;  th e 
weight s o n connection s betwee n unit s coul d stil l  hav e 
encode d informatio n relevan t  t o thes e problem s 
despit e th e seemingl y poo r  leve l  o f  performance .  Thi s 
issu e ca n b e examine d b y determinin g whethe r  ther e 
i s an y saving s (Ebbinghaus ,  1885 )  whe n th e I' s 
problem s ar e relearned .  Conside r  th e followin g 
procedure :  w e trai n th e mode l  a s i n Simulatio n 1 , 
producin g poo r  performanc e o n th e I' s  onc e th e 2' s 
ar e introduced .  W e the n retrai n th e mode l  o n th e I's , 
and introduc e a  ne w se t  o f  problems ,  th e 3's .  I f  th e I' s 
hav e bee n completel y unlearne d du e t o "catastrophi c 
interference, "  the y shoul d b e relearne d a t  th e sam e rat e 
as th e entirel y ne w proble m set .  Faste r  releamin g o n 
th e I' s  woul d indicat e memor y savings ,  becaus e th e 
I' s  problem s ha d no t  bee n completel y unlearned . 
Saving s woul d indicat e tha t  th e networ k ha d retaine d 
informatio n relevan t  t o computin g th e correc t 
answers ,  facilitatin g releaming . 

In the second simulation, we examined whether 
saving s woul d occur .  W e firs t  replicate d Simulatio n 
1.  Th e I' s  wer e traine d fo r  4 0 epochs ,  followe d b y th e 
2' s fo r  4 0 epochs .  Thi s procedur e result s i n poo r 
performanc e o n th e I's .  W e the n traine d th e mode l  o n 
a se t  o f  problem s involvin g I' s  an d 3's .  Thi s se t  o f 
30 problem s containe d al l  o f  th e uniqu e I' s an d 3' s 
problem s (i.e. ,  th e 3+ 1 proble m wa s exclude d fro m 

th e I' s  set ,  an d th e 1+ 3 an d 2+ 3 problem s wer e 
exclude d fro m th e 3' s  set) .  Th e mode l  wa s traine d fo r 
4 0 epoch s o n thi s large r  set .  Thi s period ,  epoch s 80 -
120 ,  wil l  b e terme d th e retrainin g phase .  Th e model' s 
performanc e o n th e I' s an d 3' s problem s wa s teste d 
afte r  eac h o f  th e firs t  5  retrainin g epochs ,  an d ever y 5 
epoch s thereafter .  Th e dat a w e repor t  ar e average d ove r 
th e 1 0 independen t  simulatio n runs . 

Results and Discussion 
The primar y result s ar e presente d i n Figur e 2 .  Ove r 
th e firs t  5  epoch s o f  th e retrainin g phase ,  th e mode l 
performe d similarl y o n th e I' s an d 3's .  However , 
lookin g a t  th e longe r  tren d ove r  th e firs t  2 5 epoch s o f 
retraining ,  learnin g o f  th e 3' s wa s slowe r  tha n 
releamin g o f  th e I's .  Usin g th e mea n erro r  score s a s 
th e dependen t  measur e i n a n analysi s o f  variance , 
ther e wa s a  mai n effec t  o f  proble m set ,  F(l,18 )  = 
43.42 ,  p<.001 .  Th e sam e effec t  wa s foun d usin g th e 
bes t  matc h criterion :  th e I' s  produce d significantl y 
fewe r  error s ove r  th e firs t  2 5 epoch s o f  training , 
F(l,18 )  =  46.77 ,  p<.001 .  Henc e ther e wa s saving s i n 
th e releamin g o f  th e I's ,  indicatin g tha t  the y ha d no t 
bee n completel y unlearned . 

Since the I's and 3's problems were similar in terms 
of  complexity ,  the y shoul d hav e bee n equall y eas y t o 
leam .  Hence ,  th e improve d performanc e o n th e 1' s 
appear s t o hav e bee n du e t o savings—prio r  experienc e 
wit h th e I' s  tha t  wa s no t  completel y erase d b y 
exposur e t o th e 2's .  T o b e certai n tha t  bot h proble m 
set s wer e equall y eas y t o leam ,  w e ra n a  contro l 
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Figur e 2 :  Learnin g 3' s v s Releamin g I' s 
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simulatio n i n whic h th e mode l  wa s traine d fro m th e 
firs t  epoc h o n th e rs-and-3' s set .  Th e mode l  wa s the n 
teste d o n bot h th e I' s  an d 3' s  problem s a t  5  epoc h 
intervals ;  ther e wer e n o statisticall y significan t 
difference s betwee n th e tw o proble m sets ,  i n term s o f 
eithe r  erro r  score s o r  percentag e o f  correc t  responses . 

This simulation demonstrates that under the 

"catastrophic "  interferenc e condition s studie d b y M C , 
th e I' s  ar e no t  entirel y unlearned .  Becaus e th e networ k 
retain s informatio n relevan t  t o thes e problems ,  the y 
ar e relearne d mor e quickl y tha n a  nove l  se t  o f 
problems .  Th e simulatio n illustrate s tha t  globa l 
measure s suc h a s mea n square d erro r  o r  numbe r  o f 
correc t  answer s ma y no t  full y  captur e al l  tha t  a  mode l 
has learned .  Th e existenc e o f  saving s i s  especiall y 
importan t  becaus e i t  bear s o n th e scop e o f  th e 
"catastrophi c interference "  problem .  I f  ther e i s 
significan t  savings ,  the n th e "catastrophic" ' 
performanc e o f  th e I' s  migh t  b e dramaticall y 
improve d b y a  smal l  numbe r  o f  releaming  trials .  Tha t 
is ,  catastrophi c interferenc e m a y criticall y depen d o n 
th e blockin g o f  trainin g trials .  W h e n th e mode l  i s 
traine d o n a  bloc k o f  I' s  problems ,  an d the n o n a 
bloc k o f  2' s  problems ,  performanc e o n th e I' s 
declines .  If ,  instea d o f  followin g thi s stric t  blockin g 
scheme ,  ther e i s som e minima l  retrainin g o n th e I's , 
performanc e wil l  rapidl y improv e du e t o savings .  I n 
th e presen t  case ,  w e retraine d th e mode l  o n th e I' s 
afte r  exposur e t o th e 2' s (startin g a t  epoc h 80) .  Afte r 
onl y 3  epoch s o f  retraining ,  performanc e improve d 
fro m a  mea n erro r  o f  1.7 3 an d 12.5 % correc t  t o a 
mean erro r  o f  0.2 3 an d 86 .3 % correct .  Afte r  5  epochs , 
th e erro r  wa s .1 1 an d 97 .5 % wer e correct . 

Rapid releaming can also be illustrated in the context 
of  Seidenber g an d McClelland' s (i n press )  mode l  o f 
wor d naming .  Th e mode l  wa s traine d o n a  se t  o f  289 7 
monosyllabi c words .  Th e mode l  take s a  spellin g 
patter n a s inpu t  an d produce s a  phonologica l  cod e a s 
output .  Afte r  25 0 epoch s o f  training ,  th e mode l 
perform s thi s tas k wit h a  hig h degre e o f  accuracy .  Fo r 
a wor d suc h a s T I N T ,  fo r  example ,  th e bes t  fit  t o th e 
compute d outpu t  i s  provide d b y th e correc t 
phonologica l  cod e /tint/ .  Conside r  n o w wha t  woul d 
happe n i f  w e traine d th e mode l  o n a  bloc k o f  trial s 
involvin g th e wor d PINT ,  whic h i s spelle d lik e T I N T 
but  pronounce d differently .  Trainin g o n P I N T wil l 
affec t  th e weight s i n a  wa y tha t  ha s a  negativ e impac t 
on T I N T ,  producin g retroactiv e interference .  Figur e 3 
illustrate s thi s effect .  Afte r  25 0 epoch s o f  training , 
T I N T produce d a n erro r  scor e o f  8.92 .  Th e mode l  wa s 
the n traine d o n 2 0 P I N T trials ,  wit h T I N T reteste d 

afte r  eac h trial .  A s th e figure  illustrates ,  trainin g o n 
P I N T increase s th e erro r  scor e fo r  T INT ,  indicatin g 
poore r  performanc e o r  "unlearning. "  However ,  th e 
figure  als o show s th e effect s o f  additiona l  learnin g 
trial s o n TINT .  Wit h onl y 2  additiona l  trials ,  th e erro r 
scor e fall s  belo w th e leve l  tha t  ha d bee n achieve d 
prio r  t o trainin g o n PINT .  I n sum ,  a  smal l  numbe r  o f 
retrainin g o r  "reminding "  trial s i s  sufficien t  t o 
overcom e th e interferin g effect s o f  prio r  learning . 

It is clear, then, that retroactive interference in simple 
P DP net s depend s o n th e propertie s o f  th e 
trainin g regime .  MC ' s mai n poin t  i s  tha t  th e 
concurren t  regim e use d i n mos t  simulation s i s 
unrealistic .  However ,  th e schem e the y introduce d i s 
equall y unrealistic .  Thei r  schem e i s no t  merel y 
sequential ;  i t  involve s strictl y blockin g trial s b y type . 
Conside r  h o w thi s blockin g schem e relate s t o th e 
child' s experienc e i n learnin g arithmetic .  I t  ca n b e 
see n fro m an y arithmeti c prime r  tha t  childre n ar e no t 
taugh t  I' s  problems ,  the n 2's ,  the n other s i n stric t 
blocks .  I n fact ,  children' s problem s ar e typicall y 
ordere d i n term s o f  th e magnitude s o f  sums ,  no t 
operands ,  wit h considerabl e overla p acros s proble m 
sets .  I n learnin g multiplicatio n tables ,  n e w problem s 
ar e typicall y embedde d i n writte n practic e sheet s alon g 
wit h problem s introduce d earlie r  (e.g. ,  Campbel l  & 
Graham,  1985) .  Th e proble m set s ar e indee d ordered — 
small-numbe r  problem s ar e usuall y taugh t  earlier — 
but  thes e problem s ar e als o drille d an d practice d whe n 
ne w one s ar e introduced . 

12 

Trainin g o n PIN T 

Refrainin g o n TIN T 

10 1 5 

Tria l  Numbe r 
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Figur e 3 :  Retrainin g o n TIN T afte r  Trainin g 
on PINT . 
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Our  mai n poin t  i s tha t  a  mor e realisti c trainin g 
regime—on e tha t  doe s no t  involv e stric t  blockin g b y 
type—woul d tak e advantag e o f  th e saving s illustrate d 
i n Simulatio n 2 .  A s lon g a s th e chil d (o r  model ) 
experience s a  smal l  numbe r  o f  releamin g trials ,  th e 
learnin g o f  ne w problem s shoul d no t  resul t  i n 
massiv e interference .  Th e nex t  simulatio n examine d 
thi s issu e empirically . 

SIMULATION 3: A MORE REALISTIC 
TRAININ G REGIM E 

As we have noted, addition problems are not taught 
usin g mutuall y exclusiv e set s o f  problems .  I f  th e I' s 
ar e taugh t  first ,  followe d b y th e 2's ,  th e se t  o f  2' s 
usuall y contain s som e o f  th e I' s  a s reminde r  o r 
refreshe r  trials .  Fro m th e teacher' s intuitiv e 
perspective ,  th e purpos e o f  thes e trial s i s t o 
consolidat e o r  reinforc e prio r  learning .  Th e simulatio n 
model s provid e a  computationa l  wa y t o constru e thi s 
"consolidation "  process :  th e remindin g trial s ar e 
necessar y i n orde r  t o reduc e th e interferin g effect s o f 
new learning .  W e examine d thi s proces s i n a  ne w 
simulatio n involvin g 5  stages .  Th e mai n ide a wa s t o 
use a  sequentia l  trainin g regim e i n whic h w e use d 
overlappin g proble m sets .  Th e effec t  o f  thi s regim e 
was t o slowl y introduc e ne w problem s whil e slowl y 
phasin g ou t  ol d ones .  Eac h o f  th e five  stage s wa s 1 0 
epoch s long .  Th e firs t  stag e involve d trainin g th e 
model  o n tw o set s o f  I' s  problems .  Durin g eac h 
epoc h i n th e secon d stage ,  th e mode l  wa s traine d o n 
tw o set s o f  I' s  an d on e se t  o f  2's .  I n th e thir d stage , 
th e mode l  wa s traine d o n on e se t  o f  I's ,  tw o set s o f 
2's ,  an d on e se t  o f  3's .  I n th e fourt h stage ,  th e mode l 
was traine d o n on e se t  o f  I's ,  tw o set s o f  2's ,  tw o set s 
of  3's ,  an d on e se t  o f  4's .  Finally ,  th e fift h stag e 
include d on e se t  o f  2's ,  tw o set s o f  3's ,  tw o set s o f 
4's ,  an d on e se t  o f  5's .  N o I' s  wer e presente d i n th e 
final  stage . 

As can be seen from this description, the training 
procedur e involve d fadin g i n n e w problem s whil e 
fadin g ou t  ol d ones .  Thus ,  th e trainin g regim e wa s 
not  strictl y concurren t  (al l  problem s wer e no t 
availabl e fo r  trainin g simultaneously )  bu t  i t  wa s no t 
as rigidl y sequentia l  a s th e M C procedure .  Al l  set s o f 
problem s wer e define d a s before ;  the y wer e 
constructe d s o a s t o contai n 1 3 problem s tha t  di d no t 
occu r  i n an y othe r  se t  (e.g. ,  1+ 3 occurre d i n th e I' s 
set ,  no t  th e 3' s set) .  Th e simulatio n wa s replicate d 5 
times ;  th e dat a ar e average d acros s al l  5  runs . 

Results and Discussion 

The primar y dat a concer n performanc e o n th e I' s  a s a 
functio n o f  exposur e t o othe r  problem s (Figur e 4) . 
Th e dat a i n th e figur e wer e average d ove r  tw o 
consecutiv e epochs .  Durin g th e first  stage ,  th e mode l 
learne d th e I' s  problems .  Introductio n o f  th e 2' s 
durin g stag e tw o initiall y  cause d a  smal l  decremen t  i n 
performanc e (epoch s 12-14) ,  bu t  ther e wa s rapi d 
recover y (epoch s 16-18) .  Simila r  effect s wer e obtaine d 
at  stage s thre e an d four ,  wit h a  notabl e decreas e i n 
magnitud e i n stag e four .  Thus ,  trainin g o n othe r 
problem s produce d diminishin g amount s o f 
interferenc e o n th e I's .  Dat a concernin g th e averag e 
number  o f  correc t  response s showe d a  simila r  pattern . 
Durin g stag e 5 ,  whe n ther e wa s n o additiona l  trainin g 
on th e I's ,  th e erro r  score s fo r  thes e problem s bega n 
t o increas e again .  Note ,  however ,  tha t  th e increas e 
was stil l  relativel y small ,  an d th e mode l  stil l  average d 
les s tha n on e erro r  pe r  proble m set .  Afte r  7 5 
epochs—35 epoch s afte r  th e networ k wa s las t  traine d 
on th e I' s se t  an d followin g 273 0 trial s o n othe r 
problems—th e mea n erro r  scor e fo r  th e I' s  wa s .3 2 
and th e mea n numbe r  o f  correc t  response s wa s 
11.8/1 3 (91%) .  I n sum ,  th e mode l  di d no t  exhibi t 
catastrophi c interference . 

GENERAL DISCUSSION 

Our findings can be summarized as follows. MC are 
correc t  i n observin g tha t  ther e i s massiv e retroactiv e 
interferenc e i n a  simpl e PD P mode l  o f  arithmeti c 
learnin g whe n th e proble m set s ar e strictl y blocke d 
(Simulatio n 1) .  Earlie r  problem s ar e no t  completel y 
unlearned ,  however ,  a s evidence d b y th e saving s 

•) 4 _  Stag e 1 I  stag e 2  Stag e 3  •  Stag e 4  :  Stage s p  1. 0 
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Figure 4: Performance on the 1's Problems 
Durin g Fiv e Stage s o f  Trainin g 
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observe d i n Simulatio n 2 .  Takin g advantag e o f  thi s 
saving s merel y require s relaxing  th e stric t  blockin g o f 
trainin g trial s b y typ e (Simulatio n 3) .  Thi s doe s no t 
involv e th e "concurrent "  procedur e tha t  M C conside r 
unrealistic ;  rather ,  i t  involve s a  trainin g sequenc e 
mor e lik e th e one s use d i n th e actua l  teachin g o f 
arithmetic .  Thus ,  i n Simulatio n 3 ,  th e mode l  wa s 
abl e t o lear n th e I' s  problem s an d thi s knowledg e wa s 
not  eliminate d b y a  larg e amoun t  o f  trainin g o n 
subsequen t  problems . 

The main point of our simulations has been to 
sugges t  tha t  i t  woul d b e a  mistak e t o overinterpre t 
M C ' s results ,  sinc e ver y smal l  change s t o thei r 
procedure s yiel d ver y differen t  results .  W e shoul d 
stress ,  however ,  tha t  ou r  simulation s b y n o mean s 
resolv e an y o f  th e importan t  question s concernin g 
retroactiv e interferenc e i n P D P models .  Ou r 
simulations—a s wel l  a s MC's—prov id e empirica l 
dat a concernin g a  relativel y smal l  subse t  o f  cases . 
Thes e simulation s represen t  individua l  point s i n a 
ver y larg e multidimensiona l  spac e o f  possibl e 
models .  Thi s spac e o f  possibilitie s i s define d b y th e 
rang e o f  possibl e architecture s (e.g. ,  numbe r  o f  units , 
pattern s o f  connectivity ,  encodin g schemes) ,  learnin g 
procedures ,  an d trainin g regimes .  Empirica l 
demonstration s suc h a s our s an d MC' s ca n b e usefu l 
i n identifyin g potentia l  problem s an d solutions . 
However ,  the y d o no t  provid e a  definitiv e basi s fo r 
identifyin g principle d limitation s o f  th e P D P 

approach. ^ 

It will be important to understand the scope of 
retroactiv e interferenc e problem s i n P D P network s i n 
a mor e rigorou s way .  Ther e see m t o b e tw o fruitfu l 
ways t o pursu e thi s issu e i n futur e research .  O n e i s t o 
perfor m mor e systemati c analyse s o f  th e propertie s o f 
variou s P D P models ,  wit h th e goa l  o f  identifyin g th e 
principle s tha t  gover n thei r  behavior .  Thi s typ e o f 
analysi s i s  difficul t  t o perform ,  bu t  i t  i s  clea r  tha t 
ther e i s  beginnin g t o b e significan t  progres s i n thi s 
regar d (see ,  e.g. ,  paper s i n Touretzky ,  1989) . 
Certainl y Minsk y an d Papert' s  (1969 )  celebrate d 
analysi s o f  perceptron s provide s a  mode l  fo r  thi s typ e 
of  analysis .  A  secon d alternativ e i s t o develo p mor e 

3.  W e di d explor e on e othe r  factor ,  th e numbe r  o f  hidde n 
units ,  whic h w e though t  woul d b e importan t  o n th e basi s 
of  previou s researc h (e.g. ,  Seidenber g &  McClelland ,  i n 
press )  an d a  reviewer' s comments .  However ,  essentiall y 
simila r  result s wer e obtaine d usin g 13 ,  25 ,  an d 5 0 hidde n 
units . 

realisti c model s tha t  provid e a  systemati c accoun t  o f  a 
broa d rang e o f  behaviora l  data .  Th e proble m wit h 
demonstration s suc h a s MC' s (an d ou r  o w n )  i s tha t 
the y d o no t  attemp t  t o simulat e a  realisti c learnin g 
tas k o r  accoun t  fo r  detaile d aspect s o f  huma n 
performance .  I n th e are a o f  arithmeti c learning ,  fo r 
example ,  ther e i s a  larg e amoun t  o f  behaviora l  data , 
severa l  account s o f  whic h hav e alread y bee n propose d 
(e.g. ,  Groe n &  Parkman ,  1972 ;  Siegle r  &  Shrager , 
1984) .  A  reasonabl e goa l  woul d b e t o attemp t  t o 
develo p simulatio n model s tha t  addres s suc h 
nontrivia l  phenomen a i n detail .  Again ,  example s o f 
P DP model s wit h broa d scop e an d coverag e o f  th e 
dat a ar e beginnin g t o appea r  (e.g. ,  Seidenber g & 
McClelland ,  i n press ;  Dell ,  1986) . 

Ratcliff (1989) presents an impressive example of the 
secon d approach .  H e explore d whethe r  a 
connectionis t  mode l  coul d simulat e a n extensiv e se t 
of  finding s concernin g recognitio n m e m o r y 
performance ,  an d systematicall y explore d severa l 
modellin g variable s ( M C als o repor t  simulation s o f 
some o f  thes e phenomena) .  Interestingly ,  al l  o f 
Ratclif f  s  model s produce d behavior s unlik e humans' . 
Analyse s suc h a s Ratcliff' s  contribut e t o 
understandin g wher e ther e i s an d i s no t  a  goo d matc h 
betwee n th e propertie s o f  connectionis t  model s an d 
thos e o f  huma n behavior .  Th e failur e o f  Ratclif f  s 
simulatio n model s suggest s tha t  thi s typ e o f 
recognitio n memor y performanc e canno t  b e construe d 
i n term s o f  learnin g i n multilaye r  net s vi a 
backpropagation .  Severa l  characteristic s o f  thes e 
recognitio n memor y phenomen a appea r  t o b e critica l 
t o understandin g w h y th e simulation s failed .  Unlik e 
most  learning ,  th e typica l  recognitio n m e m o r y 
experimen t  doe s involv e stric t  sequencin g o f  trials ,  a s 
wel l  a s rapi d stimulu s presentatio n tha t  limit s th e us e 
of  rehearsa l  o r  othe r  learnin g strategies ,  an d ver y 
simple ,  unrelate d stimuli ,  suc h a s list s o f  letter s o r 
words .  Th e questio n the n i s whethe r  othe r  type s o f 
learnin g exhibi t  th e characteristic s tha t  apparentl y 
make th e connectionis t  approac h s o inapplicabl e i n 
thi s case . 

Consider in this light the question of retroactive 
interferenc e i n learnin g simpl e arithmetic .  Ou r 
simulation s sugges t  tha t  th e seriousnes s o f  thi s 
proble m depend s i n par t  o n question s concernin g th e 
learnin g regime :  i s i t  strictl y  concurrent ,  i s  i t  strictl y 
blocked ,  o r  i s  i t  neithe r  o f  thes e extremes ? W e 
sugges t  tha t  i t  i s  mor e concurren t  tha n M C recognize , 
and les s sequentia l  tha n i n th e cas e o f  recognitio n 
m e m o ry experiments .  Thi s i s  simpl y a n empirica l 
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question ,  however .  Wit h a  mor e realisti c 
characterizatio n o f  th e tas k an d th e learnin g 
environment ,  i t  shoul d the n b e possibl e t o determin e 
whether ,  i n fact ,  ther e i s a  seriou s retroactiv e 
interferenc e proble m o r  not .  I t  i s doubtful ,  however , 
whethe r  thi s substantiv e issu e ca n b e decide d o n th e 
basi s o f  demonstratio n program s lik e MC's .  On e o f 
th e mai n lesson s o f  researc h i n traditional ,  symbol -
processin g artificia l  intelligenc e wa s tha t  genera l 
principle s canno t  b e uncovere d b y studyin g to y 
problems .  Ther e i s n o reaso n t o thin k tha t  anythin g 
differen t  shoul d obtai n i n th e cas e o f  PDP. 
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