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Abstrac t 

This paper reviews six approaches to solving the 

proble m o f  'catastrophi c sequentia l  interference" .  I t  i s 

coiKlude d tha t  al l  o f  thes e method s functio n b y reducin g 
(o r  circumventing )  hidden-laye r  overlap .  A  ne w metho d 

i s presented ,  calle d 'rando m rehearsa l  training' ,  tha t 

furthe r  explore s a n approac h introduce d b y Hetheringto n 
and Seidenber g (1989) .  A  constan t  numbe r  o f  patterns , 

randoml y selecte d fro m thos e learne d earlier ,  i s 

rehearse d wit h ever y newl y learne d pattern .  Thi s schem e 

of  rehearsin g pattern s may ,  perhaps ,  b e compare d t o th e 

functionin g o f  th e 'aniculator y loop '  (Baddeley ,  1986) . 
I t  i s  show n tha t  thi s presentatio n metho d m a y virtuall y 

eliminat e sequentia l  interference . 

Prevent in g 'Catastrophi c Interference ' 

Both from a psychological and from a practical point of 

view ,  standar d backpropagatio n model s (Rumelhart , 

Hinton ,  an d Williams ,  1986 )  suffe r  fro m a n importan t 

weakness :  o n sequentia l  learnin g task s the y exhibi t 
stron g retroactiv e interference .  Newl y learne d pattern s 

m ay eras e near h al l  existin g memorie s (Grossberg . 
1987 ;  McCloske y an d Cohen ,  1989 ;  Ratcliff ,  1990) .  Thi s 

behaviora l  implausibilit y ha s becom e th e subjec t  o f 

m a ny studies ,  usuall y wit h referenc e t o th e nam e 

'catastrophi c interference '  coine d b y McCloske y an d 
Cohen (1989) .  Severa l  proposal s hav e bee n mad e t o 
overcom e th e stron g interferenc e i n sequentia l  learnin g 

tasks . 

A numbe r  o f  studie s approache s th e issu e b y 
enhancin g th e networ k architectur e o r  th e learmn g rule . 
Frenc h (1991) ,  fo r  example ,  use s a  metho d whereb y 

afte r  prolonge d learnin g onl y *  node s i n th e hidde n laye r 

remai n activ e fo r  eac h pattern .  H e call s thi s metho d 'k -
nod e sharpening' .  Kortg e (1990 )  propose s a  ne w 

learnin g rule ,  calle d th e 'novelt y rule' .  Wit h thi s rule , 
th e amoun t  o f  learnin g i s mad e dependen t  o n th e relativ e 

novelt y o f  th e inpu t  pattern .  Sloma n an d Rumelhar t  (i n 
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press )  us e a  networ k withou t  hidde n units ,  an d wit h 

weight s tha t  ar e logicall y gate d b y 'episodi c units '  (i.e. , 
representin g th e learnin g context) .  I t  seem s tha t 

network s withou t  hidde n units ,  i n general ,  ar e les s pron e 

t o sequentia l  interferenc e (Lewandowsky ,  1991 ; 
Hetherington ,  1990b) .  Hinto n an d Plau t  (1987 )  us e a 

networ k i n whic h th e hidde n unit s hav e eithe r  'fast '  o r 
'slow '  weights .  Sinc e the y focuse d primaril y o n th e 

effect s o f  retrainin g item s earlie r  i n th e list ,  thi s 
approac h doe s no t  directl y addres s th e proble m a s pose d 

by eithe r  McCloske y an d Cohe n (1989 )  o r  Ratclif f 

(1990) .  W e might ,  fmally ,  mentio n th e mode l  b y 
Kruschk e (1992 )  i n whic h th e receptiv e fields  o f  th e 

hidden-laye r  unit s ar e functionall y locate d (restricted ) 
befor e learning . 

Apar t  from  a n alteratio n o f  th e workin g o f  th e 

backpropagatio n algorithm ,  interferenc e m a y b e reduce d 

by merel y changin g th e representatio n o f  th e inpu t  an d 
outpu t  patterns .  S o m e studie s hav e successfull y use d 
bipola r  patter n feature s (i.e. ,  value s -0. S an d 0.5 ,  o r 

value s i n thi s range ;  Kortge ,  1990 ;  Lewandowsky , 
1991) .  Other s hav e argue d tha t  normalizatio n o f  th e 

patter n lengt h m a y reduc e interferenc e (Kruschke , 
persona l  communication) .  I t  m a y als o b e note d tha t  ih e 

natur e o f  th e pattern s use d seem s t o hav e a  stron g effec t 
on sequentia l  interference .  Fo r  example ,  Brous e an d 
Smolensk y (1989 )  an d Hetheringto n (1990b )  hav e 

argue d tha t  i n combinatoria l  domain s (i.e. ,  wit h a  larg e 

number  o f  structure d patterns ,  suc h a s words ) 
interferenc e i s  strongl y reduced .  Also ,  Hetheringto n 
(1990a )  ha s pointe d ou t  tha t  wit h auto-associativ e 
learnin g on e m a y expec t  les s interferenc e tha n wit h 

hetero-associativ e learnin g (i.e. ,  input s diffe r  fro m 

outputs) . 
As a  thir d genera l  approac h w e m a y distinguis h 

betwee n variation s i n th e metho d o f  p a u e m presentation . 

Hetheringto n an d Se;,lenber g (1989 )  traine d a  networ k 
i n ovCTlappin g block s (se e Tabl e 1 ,  an d below) ,  whic h 
greatl y reduce d sequentia l  interference .  I n thi s paper ,  w e 
wil l  focu s o n anothe r  metho d o f  presentation ,  calle d 

'rando m rehearsal' ,  tha t  i s  aki n t o thei r  method .  Afte r  a 

brie f  revie w o f  th e simulation s b y McCloske y an d 
Cohen (1989 )  an d Hetheringto n an d Seidenber g (1989) , 

we wil l  desaib e thi s n e w method .  I n th e Discussion ,  w e 

shal l  argu e tha t  al l  successfu l  approache s t o reducin g 
interferenc e ar e base d o n a  singl e underlyin g facto r 
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orthogonalizatio n o f  hidden-laye r  representatioi u acros s 
subsequen t  pattern s o r  patter n blocks . 

Patter n Presentatio n a n d Interferenc e 

The study by McQoskey and Cohen (1989) aimed at 
teachin g (b y 'rot e learning' )  a  mode l  som e simpl e 
arithmetic :  adding ,  subtracting ,  dividing ,  an d multiplyin g 
number s i n th e rang e zer o t o nine .  Durin g training ,  tw o 
number s an d a n arithmeti c operato r  wer e presente d a s 
inpu t  patterns ,  whil e th e correc t  answe r  wa s presente d a s 
output .  Th e mode l  consiste d o f  a  straightforward ,  three -
laye r  backpropagatio n mode l  wit h full y  connecte d 
layers .  Number s (singl e digits )  wer e represente d b y 
activatin g thre e consecutiv e node s i n th e outpu t  o r  inpu t 
layer .  Th e numbe r  three ,  fo r  example ,  wa s represente d 
as 0 0 0 1 1 1 0 0 0 0 an d a  zer o a s 
1 1  1000 0 Th e inpu t  laye r  consiste d o f  2 8 inpu t 
node s (tw o time s twelv e node s fo r  representin g th e 
digits ,  an d fou r  additiona l  node s fo r  th e operators) ,  th e 
hidde n laye r  consiste d o f  fifty  nodes ,  an d th e outpu t 
laye r  consiste d o f  2 4 node s (twelv e fo r  digit s an d twelv e 
fo r  tens) . 

The networ k coul d easil y b e taugh t  al l  summe d 
digi t  pairs ,  a s wel l  a s al l  multiplie d digi t  pairs .  Th e pair s 
wer e presente d fo r  trainin g i n block s wit h varyin g 
rando m order .  W h e n th e networ k wa s traine d o n pattern s 
draw n fro m th e entir e trainin g set ,  n o problem s 
occurred .  Bu t  whe n th e networ k wa s firs t  taugh t  al l 
addition s wit h on e (e.g. ,  [1+1] ,  [2+1] ,  [3+1 ]  an d als o 
[1+2] ,  [1+3] ,  [1+4],...) ,  an d onl y the n o n al l  addition s 
wit h tw o (excep t  [1+2 ]  an d [2+1] ,  whic h ha d alread y 
bee n learned) ,  th e newl y learne d pattern s appeare d l o 
hav e washe d ou t  al l  m e m o r y o f  additio n wit h one . 
Performanc e o n th e ones ,  droppe d fro m 1 0 0 % t o 5 7 % , 
afte r  a  singl e run ,  an d t o 3 0 % ,  afte r  tw o run s o n th e 
twos . 

The simulation s b y McCloske y an d Cohe n (1989 ) 
wer e replicate d b y Hetheringto n an d Seidenber g (1989 ) 
wit h essentiall y  simila r  results .  A  secon d simulatio n b y 
thes e authors ,  however ,  indicate d tha t  learnin g th e two s 
doe s no t  completel y destro y al l  memor y o f  th e ones .  I t 
appeare d tha t  th e one s wer e releame d faste r  tha n a 
totall y nove l  se t  o f  addition s (wit h three) .  Th e mode l 
thu s showe d evidenc e o f  'savings '  (Ebbinghaus ,  1985) : 
th e one s wer e no t  completel y unlearned ,  whic h greatl y 
accelerate d releaming .  Base d o n thes e result s (als o se e 
Hinto n an d Plant ,  1987) ,  Hetheringto n an d Seidenber g 
(1989 )  argu e tha t  th e catastrophi c interferenc e foun d b y 
M c Q o s k ey an d Cohe n (1989 )  i s primaril y dependen t  o n 
th e metho d o f  patter n presenution .  I n particular ,  the y 
argu e tha t  blockin g 
of  learnin g trial s (i.e. ,  first  a  bloc k o f  ones ,  the n a  bloc k 

of  twos )  m a y b e a n importan t  contributin g factor ,  an d 

Stag e Patter n set s 

1 1 
1 1  2 

1 2 2  3 
1 2 2  3  3  4 

2 3  3  4 4  5 

Tabl e 1 .  Trainin g schem e use d b y Hetheringto n an d 
Seidenber g (1989) .  Th e tabl e show s th e set s presente d 
i n eac h stage .  A  stag e laste d fo r  te n epochs .  I n eac h 
epoch ,  pattern s wer e presente d i n a  differen t  rando m 
order . 

that "if, instead of following this strict blocking scheme, 
ther e i s  som e minima l  retrainin g o n th e ones , 
performanc e wil l  rapidl y improv e du e t o savings. "  (p.30 ) 
Base d o n thi s ide a the y use d a  trainin g schem e 
intermediat e betwee n bot h stric t  blockin g an d full y 
concurren t  presentatio n o f  patterns . 

Hetheringto n an d Seidenber g (1989 )  traine d thei r 
model  i n five  stage s o n additio n wit h ones ,  twos ,  threes , 
and fours .  Fo r  eac h addition ,  a  se t  wa s constructe d 
containin g thirtee n digi t  pair s a s mentione d above .  Th e 
set s wer e constructed ,  s o tha t  the y woul d no t  overla p 
(i.e. ,  [1+3 ]  occurre d i n eithe r  th e se t  o f  ones ,  o r  th e se t 
of  threes ,  bu t  no t  i n both) .  Th e trainin g schan e i s show n 
i n Tabl e 1 .  Presentin g tw o set s o f  on e typ e correspond s 
t o presentin g eac h elemen t  o f  th e se t  twice ,  i n rando m 
order ,  interleave d wit h element s fro m othe r  sets .  F r o m 
th e tabl e i t  become s clea r  tha t  th e consecutiv e stage s 
overlap :  pattern s ar e traine d durin g a  numbe r  o f 
consecutiv e stages .  A t  stag e five,  th e one s ar e n o longe r 
retrained ,  s o tha t  o n th e basi s o f  th e abov e cite d dat a w e 
migh t  expec t  considerabl e interferenc e a s a  resul t  o f 
trainin g th e twos ,  threes ,  fours ,  an d fives,  whil e no t 
simultaneousl y retrainin g ones .  Th e results ,  however , 
indicat e tha t  thi s  i s no t  th e case .  Afte r  trainin g o n stag e 
5,  th e mode l  i s stil l  abl e t o correctl y reproduc e i n 
betwee n twelv e an d thirtee n one s (ou t  o f  a  possibl e 
thirteen) .  Th e author s furthe r  repor t  tha t  afte r  continue d 
rainin g fo r  3 5 mor e epoch s followin g stag e four ,  th e 
.-nea n numbe r  o f  correc t  response s o n th e one s wa s stil l 
9 1 % (11. 8 ou t  o f  13) .  Thei r  conclusion ,  therefore ,  i s tha t 
thi s metho d o f  patter n presentatio n prevent s catastrophi c 
interference . 

We di d a  serie s o f  simulation s t o investigat e furthe r 
th e effect s o f  patter n presentatio n scheme s o n retroactiv e 
interference .  Ou r  findings  indicat e tha t  Hetheringto n an d 
Seidenberg' s (1989 )  result s o n th e detrimenta l  effect s o f 
stric t  blockin g d o no t  directl y generaliz e t o othe r 
models .  A  metho d simila r  t o thei r  'metho d o f 
overiappin g stages' ,  however ,  appear s t o wor k wel l  o n 
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Fig.l .  Interferenc e i n backpropagatio n a s a  resul t  o f 

stric t  sequentia l  learning .  Th e result s ar e average d ove r 

10 0 replications . 

auto-associative learning of random pattern vectors. The 
pattern s use d i n ou r  simulation s consiste d o f  eigh t 

elements .  Te n n e w pattern s wer e generate d fo r  eac h 
simulatio n (an d replication) .  Eac h o f  th e patter n 
element s wa s assigne d a  (unifomi )  rando m valu e 
betwee n zer o an d one .  Th e lengt h o f  th e vecto r  wa s 

normalize d t o 1. 0 (thi s m a y hav e reduce d sequentia l 
interference ,  suc h a s betwee n blocks ,  se e discussio n 
below) .  Th e mode l  use d wa s a  simpl e ihree-laye r 

backpropagati<H i  netw<rt .  Th e siz e o f  th e inpu t  an d 

outpu t  layer s wa s eight ,  th e siz e o f  th e hidde n laye r  wa s 
fiv e node s (simulation s indicate d tha t  increasm g th e 

hidde n laye r  beyon d thi s siz e di d no t  essentiall y 
influenc e th e results ,  se e Figur e 6  an d th e discussio n 

below) .  Befor e ever y simulation ,  weight s wer e (uniform ) 
randoml y initialize d i n th e rang e [-0.5 ,  0.5] .  Th e 
teamin g rat e wa s 0.5 ,  th e m o m e n t u m paramete r  wa s se t 
at  0.9 .  Wit h thes e parameters ,  th e network s easil y learn s 

te n rando m pattern s t o th e criterio n describe d below . 
Simulatio n 1 .  I n thi s simulation ,  'stric t  sequentia l 

learning '  wa s used .  Eac h o f  th e pattern s wa s learne d 

unti l  th e criterio n wa s reached ,  an d no t  repeate d 

therettfter .  Th e criterio n consiste d o f  a  correlatio n 
coefficien t  (i.e. ,  cosin e o f  th e angl e betwee n th e tw o 
vectors )  o f  mar t  tha n 0.9 9 betwee n th e (target )  patter n 
an d patter n produce d a t  th e outpu t  layer .  Th e simulatio n 

was repeate d 10 0 times .  Fo r  eac h replicate d simulatio n 
bot h th e initia l  weight s an d th e pattern s wer e generate d 
anew.  Th e average d result s ar e show n i n Figur e 1 . 

Recal l  i s  represente d b y th e correlation s remainin g afte r 

havin g learne d al l  patterns .  Th e bas e rat e show n i n th e 
figure  i s th e expecte d correlatio n o f  0.86 3 betwee n a 
rando m patter n an d it s outpu t  befor e th e networ k ha s 

learne d anything .  I t  wa s establishe d b y generatin g 500 0 

rando m pattern s an d averagin g th e correlations .  A s ca n 
be see n from  Figur e 1 ,  stric t  sequentia l  learnin g cause s 
catastrophi c interferenc e t o th e exten t  tha t  afte r  learnin g 

th e networ k perform s actuall y wors e tha n befor e 

0,7 i  • 
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stric t  blockin g scheme .  Th e result s ar e average d ove r 

10 0 replications . 

learning. 
Simulatio n 2 .  Havin g establishe d tha t  i n thi s 

simulatio n paradig m stric t  sequentia l  learnin g give s ris e 
t o 'mor e tha n catastrophi c interference' ,  w e traine d th e 

networ k usin g stric t  blocking '  o f  trials .  First ,  five 
pauems wer e simultaneousl y traine d unti l  th e criterio n 

was reache d (se e above) ,  followe d b y trainin g o n 
pattern s si x t o ten .  Afte r  thes e ha d reache d th e criterion . 
th e networ k wa s teste d fo r  recall .  Th e simulatio n wa s 

repeate d 10 0 times .  Th e result s ar e show n i n Figur e 2 . 

Stric t  blockin g als o lead s t o considerabl e retroactiv e 
interference ,  althoug h no t  a s ba d a s stric t  sequentia l 
learning . 

Simulatio n 3 .  T o tes t  whethe r  trainin g i n 

'overlappin g stages' ,  a s describe d b y Hetheringto n an d 
Seidenber g (1989 )  i s a  feasibl e metho d fo r  reducin g 

interferenc e th e followin g trainin g metho d wa s used .  A 
fixed-size  'window '  wa s move d ove r  th e ordere d patte m 

set .  Al l  pattern s i n th e w indo w wer e traine d t o th e se t 
criterion .  Say ,  th e windo w ca n contai n thre e pattern s (w e 

wil l  spea k o f  a  dept h o f  3) .  Then ,  th e trainin g stage s ar e 

as follows .  I n subsequen t  stage s w e trai n pauem s A ,  B , 
C,.. ,  a s follows :  (A) ,  (A.B) .  (A,B,C) ;  (B.CJ)) ;  (CJ5,E) . 
etc .  Simulation s wer e carrie d ou t  wit h window s o f  dept h 
1,  2 ,  3 ,  an d 4 .  Network ,  patterns ,  an d parameter s wer e 
as above .  Fo r  eac h depth ,  10 0 replication s wer e carrie d 

out .  Th e average d result s ar e show n i n Figur e 3 .  A 
dept h o f  1  lead s t o stron g retroactiv e interference , 

comparabl e t o usin g zer o dept h (i.e. ,  stric t  sequentia l 

learning) .  Depth s o f  2 ,  3 ,  an d 4 ,  however ,  lea d a  t o 

progressivel y decreasin g interference ,  althoug h eve n a 
dept h o f  4  perform s hardl y bette r  tha n strictl y blocke d 

learnin g i n thi s respect . 

Simulatio n 4 .  Accordin g t o Hetheringto n an d 
Seidenber g (1989) .  th e overlappin g stage s metho d lead s 
t o reduce d interference ,  becaus e ol d pattern s ar e 

occasionall y retrained .  Th e 'windowin g method '  o f  th e 
previou s simulation s onl y rehearse s th e mos t  recen t 
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FigJ .  Interferenc e i n backpropagatio n usin g a 

windowe d trainin g method .  Eac h poin t  i s average d ove r 
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Flg.4 .  Expecte d numbe r  o f  ite m rehearsal s (ou t  o f  a 

possibl e 10 )  fo r  depth s o f  1  t o 4 .  Se e tex t  fo r  a n 

explanation . 

patterns .  I t  woul d b e interestin g t o se e whethe r  a n 

increas e i n performanc e (i.e. ,  a  reductio n i n interference ) 
coul d b e achieve d b y rehearsin g a  constan t  numbe r  o f 

pattern s randoml y chose n from  th e alread y learne d 
patterns .  I n th e metho d used ,  th e firs t  pattern s hav e a 

highe r  chanc e o f  bein g rehearse d tha n lat e pattern s i n 

th e list .  Exac t  chance s o f  rehearsa l  wit h lis t  siz e 1 0 ar e 
show n i n Figur e 4 .  Wit h a  dept h o f  two ,  fo r  example , 
patter n 3  wil l  o n th e averag e b e rehearse d abou t  fou r 

time s (ou t  o f  a  possibl e ten) .  Th e ter m dept h i s 
maintained ,  al thou ^  her e i t  refer s t o randoml y selecte d 
items .  W e remark ,  furthermore ,  tha t  i f  dept h i s 3 ,  i t 
implie s tha t  th e first  fou r  item s wil l  certainl y b e 
rehearse d u p unti l  paue m 4 . 

The result s ar e give n i n Figur e 5 .  A s ca n b e seen , 
th e 'rando m rehearsa l  method '  work s successfully . 

Especiall y wit h depth s o f  3  an d 4  retroactiv e 
interferenc e i s strongl y reduced .  Note ,  tha t  th e tota l 

number  o f  rehearsal s i s no t  greate r  tha n tha t  o f  th e 

windowe d trainin g scheme . 

Discussio n 

Simulations 1 to 4 convincingly demonstrate that pattern 
presentatio n scheme s m a y considerabl y influenc e 
retroactiv e interference ,  fro m 'mor e tha n catastrophic ' 
fo r  strictl y sequentia l  learnin g t o 'onl y slightly '  fo r  th e 
rando m rehearsa l  method . 

As wa s argue d b y Hetheringto n an d Seidenber g 
(1989) ,  thei r  metho d o f  presentatio n ma y b e calle d 
plausibl e fro m a  psychologica l  poin t  o f  view .  Occasiona l 
reminder s o f  item s ar e nearl y alway s give n durin g 
prolonge d instructio n (e.g. ,  i n classroo m situations) .  I n 
our  metho d o f  'rando m rehearsal' ,  reminder s ar e draw n 

frop i  al l  item s learned ,  rathe r  tha t  jus t  th e mos t  recen t 
ones .  Thi s m a y o r  m a y no t  b e a  plausibl e schem e fo r 

classroo m instruction .  W e woul d rathe r  argue ,  however , 

tha t  i t  ca n b e viewe d a s a  partia l  implementatio n o f  th e 
'aniculator y loop '  propose d b y Baddele y an d Hitc h 

(1974 ;  Baddeley ,  1986) .  Whil e learnin g a  list ,  a  fixed 
number  o f  item s i s draw n from  m e m o r y an d rehearse d 

wit h th e n e w items .  A s i s show n i n Figur e 4 ,  earlie r 

item s hav e a  hig h chanc e o f  bein g retrained .  Th e 
aniculator y loo p m a y thu s b e see n a s a  metho d whereb y 
occasiona l  'reminders '  ar e generate d fo r  retrainin g 

(whic h occur s quickl y du e t o savings ,  se e above) .  Th e 
propose d metho d i s onl y a  partia l  implementation , 
becaus e i t  presupose s tha t  al l  item s learne d ar e stil l  full y 
available .  I n a  mor e complet e implementation ,  rehearsa l 

shoul d b e a  mor e self-containe d process .  Us e could ,  fo r 
instance ,  b e m a d e o f  a  recurren t  schem e t o implemen t 
th e aniculator y loop .  Suc h studie s hav e indee d bee n 

carrie d ou t  recentl y (Burges s an d Hitch ,  1991 ;  Nolfi , 
Parisi ,  Vallar ,  an d Burani ,  1990 ;  Mu l ,  Phaf ,  an d Wolters , 

i n preparation) .  I n thes e models ,  earl y item s i n th e lis t 

ar e recalle d bette r  tha n lat e items .  I n a  recurren t  networ k 
an 'aniculator y loop '  may ,  thus ,  full y  counterac t  th e 
effect s o f  retrograd e interference .  Mor e importantly , 
perhaps ,  i s tha t  thi s primac y effec t  i s  consisten t  wit h 

well-establishe d experimenta l  findings. 
O ne fac t  tha t  remain s surprisin g i n th e simulation s 

presente d above ,  i s tha t  a  seemingl y importan t 
architectura l  characteristi c suc h a s th e siz e o f  th e hidde n 
laye r  ha s a  negligibl e influenc e o n retroactiv e 
interference .  I n Figur e 6 ,  fo r  example ,  a  replicati(M i  o f 
Simulatio n 1  i s show n wit h hidde n layer s o f  5  an d 2 0 
nodes .  A s ca n b e seen ,  increasin g th e siz e o f  th e hidde n 
laye r  ha s onl y a  mino r  influenc e o n retroactiv e 
interferenc e (thi s wa s als o foun d b y Hetheringto n an d 
Seidenberg ,  1989 ,  se e thei r  not e 3 ,  p.32) .  I n fact , 
increasin g th e hidde n laye r  seem s t o hav e a  sligh t 

negativ e effec t  o n recall . 
Thi s effec t  m a y b e explaine d wit h referenc e t o th e 
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FigJ .  Interferenc e i n backpropagalio n usin g a  rando m 

rehearsa l  method .  Eac h poin t  i s  average d ove r  10 0 

replications . 

nature of hidden-layer representations emerging in 

standar d backpropagatio n networks .  A  detaile d analysi s 

of  Ratcliff s  (1990 )  first  serie s o f  simulation s ha s 

reveale d tha t  nearl y al l  sequentia l  interferenc e ca n b e 
attribute d t o overla p o f  hidden-laye r  representation s 
(Murre ,  1992) .  Backpropagalio n i s abl e t o develo p 

sufficientl y distinc t  representation s fo r  pattern s withi n a 

lis t  (block) .  Th e representation s betwee n lists ,  however , 
ar e almos t  purel y random .  I t  ca n b e show n tha t  a s fe w 
as tw o overlappin g activ e hidde n unit s (i.e. ,  i n tw o 

sequentiall y  learne d patterns )  m a y caus e nearl y complet e 
unlearnin g o f  th e first  patter n (Mune ,  1992) .  Normally , 
roughl y hal f  o f  th e hidden-laye r  wil l  b e activ e fo r  an y 

patter n presented .  Chance s o f  a n overla p o f  mor e tha n 

on e activ e uni t  are ,  therefore ,  ver y high .  Thi s i s eve n 
mor e so ,  i f  th e siz e o f  th e hidden-laye r  i s increased . 
whic h m a y explai n th e effec t  o f  Figur e 6 . 

Reducin g hidden-laye r  overla p wil l  decreas e 

sequentia l  interferenc e (als o se e French ,  1991) .  I n fact , 
al l  studie s cite d abov e tha t  succee d i n reducin g 

interferenc e shar e thi s a s a  c o m m o n factor : 
1.  Sharpenin g (French ,  1990) .  Thi s metho d i s 

introduce d explicitl y  t o reduc e hidden-laye r  overlap . 
Fewer  activ e node s result s i n a  lowe r  chanc e o f  overlap . 

A mor e detaile d analysi s o f  thi s method ,  however , 
show s tha t  i n man y situation s ther e i s a  rathe r  hig h 

chanc e tha t  learnin g wil l  no t  COTverge ,  becaus e within -
lis t  rqjresentation s m a y overla p (Mune ,  1992) . 

2.  NoveU y rul e (Kortge ,  1990) .  Thi s metho d result s 
i n emphasizin g th e between-paue m differences ,  whic h 

give s ris e t o mor e distin a hidden-laye r  representations . 

3.  Restricte d receptiv e field s (Kruschke , 
1992) .  Functionall y locate d hidde n node s onl y respon d 
t o a  restricte d pa n o f  th e patter n space .  Thi s result s i n a 

decrease d overla p o f  rqjresentations :  a  uni t  tha t  respond s 
t o a  certai n pattern ,  i s  les s likel y t o respon d t o another . 

4.  Normalizin g pattern s (Kruschke ,  persona l 

communication) .  Normalizatio n result s i n mor e 

Fig.6 .  Th e negligibl e effec t  o f  increasin g th e siz e o f  th e 

hidde n laye r  o n retroactiv e interference .  Th e result s ar e 
average d ove r  10 0 replications . 

restricted receptive fields. This can be most easily seen 

when considerin g binar y nodes .  Suppose ,  tha t  a  certai n 

hidden-uni t  ha s weight s [1,1 ]  an d threshol d 1.3 .  Suc h a 

nod e wil l  b e activate d by ,  fo r  example ,  th e patter n 

(0.8,0.6) ,  bu t  als o b y al l  pattern s (>1.3,>1.3) . 
Normalizatio n place s al l  pattern s o n a  hypersphere .  Afte r 

normalization ,  th e uni t  wil l  stil l  b e activate d b y patter n 

(0.8,0.6) ,  whic h alread y ha s lengt h one .  Pattan s i n th e 
are a o f  (2,0) ,  (0,3) ,  etc. ,  however ,  wil l  b e normalize d t o 

(1,0) ,  (0,1) ,  etc. ,  s o tha t  th e uni t  i s  n o longe r  activate d 

by suc h patterns .  Similarly ,  a  linear-sigmoi d nod e ca n b e 
place d s o tha t  i t  'carve s of f  jus t  a  smal l  piec e o f  th e 
hypersphere .  Wit h normalize d pattern s suc h node s 

develo p mor e restricte d receptiv e fields,  whic h give s rise 

t o mor e distinc t  hidden-laye r  representations . 
5.  Bipola r  patter n feature s (Kortg e 1990 ; 
Lewandowsky ,  1991) .  Wit h bipola r  patter n features ,  i t 
ca n easil y b e show n tha t  fo r  orthogona l  patterns ,  hidde n 

unit s ten d t o develo p orthogona l  representation s (als o 
betwee n lists ,  whic h i s no t  th e cas e wit h standar d 

backpropagalion ,  se e Ratcliff ,  1990) . 
6.  W i n d o w e d trainin g (Hetheringto n an d 

Seidenberg ,  1989) .  W indowe d trainin g i s base d o n 
providin g reminder s o f  recen t  items .  Thi s enable s th e 

algorith m t o develo p representation s tha t  ar e orthogona l 
ove r  severa l  subsequen t  list s rathe r  tha n jus t  within-lists . 
7.  R a n d o m rehearsa l  trainin g (Simulatio n 4 , 

above) .  Thi s metho d function s similarl y t o windowe d 

training .  I t  als o provide s reminder s o f  item s learne d 
earlier .  Thes e reminder s enabl e th e mode l  t o kee p 
representation s orthogonal . 

We conclud e from  thi s brie f  revie w tha t  al l  o f  thes e 
method s deriv e thei r  succe s primaril y from  makin g th e 
hidden-laye r  representation s o f  pattern s between-list s 

mor e orthogonal .  O n e wa y o f  circumventin g th e proble m 
woul d b e t o hav e a  mode l  withou t  hidde n layers .  Thi s 

has indee d bee n foun d (Hetherington ,  1990b , 

Lewandowsky ,  1991 ,  an d Sloma n an d Rumelhart ,  i n 
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press) ,  i n particular ,  i f  pattern s ar e orthogonal . 

T o arriv e a t  a  mor e plausibl e (an d perhap s mor e 
practical )  mode l  o f  h u m a n m e m o r y i t  m a y b e 

worthwhil e t o investigat e othe r  type s o f  models .  Mos t 
model s base d o n categorizatio n o r  othe r  form s o f 

unsupervise d learnin g ar e abl e t o develo p orthogona l 

representation s betwee n list s (e.g. .  Carpente r  an d 

Grossberg ,  1987 ;  Grossberg ,  1987 ;  Kohonen ,  1990 ; 

Rumelhar t  an d Zipser .  1985) .  Elsewhere ,  w e hav e 

advocate d a n approac h tha t  combine s a  modula r 
architectur e wit h intramodula r  competition .  T h e learnin g 

rat e i n thes e module s i s sensitiv e t o th e novelt y o f  th e 
incomin g p a u e m (Murre .  Phaf ,  an d Wolters ,  1989.1992 ; 

M u n e.  1992) .  Thi s approac h combine s severa l  partia l 
solution s t o th e proble m o f  sequentia l  interferenc e 
outline d above .  O n c e thi s proble m ha s bee n full y 
understood ,  w e m a y b e abl e t o perfor m detaile d 
simulation s o f  a  mor e challengin g phenomenon :  th e 

forgettin g gradien t  i n retrograd e amnesia .  Sever e 

disturbanc e t o th e brai n seem s t o resul t  i n a  los s o f 

recentl y learne d patterns ,  wit h pattern s learne d earlie r 
being  save d (Squire ,  1987) .  Thi s well-establishe d fac t 
seems t o ru n counte r  t o an y neura l  networ k mode l 
devise d thu s far . 
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