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E p i s o d i c M e m o r y i n C o n n e c t i o n i s t  N e t w o r k s 

Chri s A .  Kortg e 
Dept .  o f  Psychology ,  Stanfor d Universit y 

Abstrac t 

A majo r  criticis m o f  backprop-base d connection -
is t  model s (CMs )  ha s bee n tha t  the y exhibi t  "catas -
trophi c interference" ,  whe n traine d i n a  sequentia l 
fashio n withou t  repetitio n o f  group s o f  items ;  i n 
term s o f  memory ,  suc h C M s see m incapabl e o f 
rememberin g individua l  episodes .  Thi s pape r  show s 
tha t  catastrophi c interferenc e i s no t  inheren t  i n th e 
architectur e o f  thes e C M s ,  an d ma y b e avoide d onc e 
an adequat e trainin g rul e i s employed .  Suc h a  rul e i s 
introduce d herein ,  an d i s use d i n a  memor y modelin g 
network .  Th e architectur e use d i s a  standard ,  non -
linear ,  multilaye r  network ,  thu s showin g tha t  th e 
know n advantage s o f  suc h powerfu l  architecture s 
need no t  b e sacrificed .  Simulatio n dat a ar e 
presented ,  showin g no t  onl y tha t  th e mode l  show s 
much les s interferenc e tha n it s backpro p counterpart , 
but  als o tha t  i t  naturall y model s episodi c memor y 
task s suc h a s frequency  discrimination . 

Introduction 

One o f  th e mos t  obviou s area s o f  applicatio n fo r 
connectionis m i s i n modelin g memory .  McClellan d 
& Rumelhar t  (1986 )  an d other s (e.g .  Anderson ,  1972 ) 
hav e show n h o w importan t  propertie s o f  huma n 
memory-suc h a s conten t  addressabilit y  an d proto -
typ e extraction-fal l  naturall y ou t  o f  paralle l  distri -
bute d models .  Furthermore ,  suc h model s hav e th e 
potentia l  o f  ultimatel y linkin g biologica l  an d psycho -
logica l  account s o f  memory .  However ,  a s pointe d 
out  b y Grossber g (1987 )  an d McCloske y &  Cohe n 
(1989) ,  on e o f  th e mos t  powerfu l  an d popula r  classe s 
of  CMs-multilaye r  network s couple d wit h th e back -
propagatio n learnin g rule ,  o r  B P C Ms fo r  short-ha s 
had difficult y accountin g fo r  a  fundamenta l  aspec t  o f 
human memory :  th e abilit y  t o lear n an d remembe r 
base d o n a  singl e trial . 

Whil e B P C Ms ca n lear n a  singl e patter n t o a  hig h 
degre e o f  precision ,  the y hav e seeme d unabl e t o d o 
thi s fo r  a  serie s o f  suc h pattern s withou t  "forgetting " 
al l  bu t  th e las t  few .  Peopl e certainl y sho w retroactiv e 
interferenc e t o som e degree ,  bu t  a s the y ca n clearl y 
remember  mor e tha n th e las t  handfu l  o f  item s fro m a 
lon g list ,  the y don' t  exhibi t  th e kin d o f  catastrophi c 
interferenc e whic h seems ,  prim a facie ,  t o b e inheren t 
i n B P C M s.  Single-tria l  learnin g i s centra l  t o man y 
memory tasks-includin g al l  thos e base d o n a  singl e 
presentatio n o f  a  list ,  whic h i s perhap s th e mos t  com -
m on experimenta l  procedure-an d thu s n o existin g 
B P CM i s a  seriou s alternativ e t o currentl y popula r 
"global "  theorie s o f  memor y suc h a s S A M 
(Raaijmaker s &  Shiffrin ,  1981) ,  an d Minerv a 2 
(Hintzman ,  1986) .  RatcUf f  (1990 )  argue s tha t  seriou s 

problem s exis t  fo r  B P C Ms i n modelin g recognitio n 
memory,  i n particular . 

I n thi s pape r  I  propos e a  connectionis t  mode l  o f 
memory whic h ca n lear n sequentiall y  withou t  catas -
trophi c interference .  I  first  describ e th e model , 
whic h i s muc h lik e existin g B P C Ms excep t  fo r  it s 
uniqu e learnin g rule .  Nex t  I  presen t  simulatio n dat a 
showin g tha t  th e mode l  ha s n o difficult y modelin g 
memory task s whic h ar e clearl y episodi c i n nature . 
Finally ,  I  us e thes e dat a t o argu e tha t  multilaye r  net -
work s ar e stil l  a  viabl e approac h t o devisin g globa l 
theorie s o f  memor y an d learning . 

The Model 

The netwoi k architectur e use d b y th e mode l  i s a 
two-weight-laye r  "encoder "  networ k (Ackley ,  Hin -
ton ,  &  Sejnowski ,  1985) ,  whic h map s a n inpu t  vecto r 
of  N  element s t o a n outpu t  vector ,  als o o f  N  ele -
ments .  Inpu t  pattern s ar e vector s wit h element s o f 
eithe r  -1-0. 5 o r  -0.5 ,  whic h for m th e activatio n value s 
fo r  th e inpu t  units .  Activation s fo r  othe r  unit s ar e 
compute d usin g a  symmetri c logisti c function .  Thu s 

aj = [l/(l+exp(-'ZiaiWji))]-.5 

where a is the activation value (J indexes the current 
layer ,  /  th e previou s layer) ,  an d wj i  th e weigh t  o n th e 
connectio n fro m uni t  i  t o uni t  ; .  Unlik e a  typica l 
networ k o f  thi s type ,  n o biase s ar e use d i n computin g 
activations . 

The network' s tas k i s t o lear n t o reproduc e eac h 
presente d inpu t  patter n a t  th e output ,  give n fewe r  hid -
den unit s tha n N .  I n th e simulation s reporte d here , 
performanc e afte r  learnin g i s measure d b y th e 
"match "  betwee n th e inpu t  an d outpu t  vectors ,  wher e 
"match "  i s define d a s th e do t  produc t  betwee n inpu t 
and output ,  divide d b y N ,  an d multiplie d b y 4  t o giv e 
a numbe r  betwee n - 1 an d 1 .  Matc h value s ma y the n 
be compare d fo r  differen t  classe s o f  items ,  suc h a s 
thos e item s appearin g versu s no t  appearin g i n a  stu -
die d list .  Th e us e o f  suc h a n architectur e i n memor y 
modelin g i s no t  new ;  Ratclif f  (1990 )  use s a  ver y 
simila r  on e i n hi s diagnosi s o f  th e interferenc e prob -
lem .  Th e mai n contributio n o f  th e presen t  pape r 
center s o n th e ne w algorith m use d t o trai n th e net -
work ,  whic h i s no w described . 

T wo ke y point s nee d t o b e mad e i n describin g th e 
learnin g rul e used .  Th e first  poin t  i s that ,  i n associa -
tiv e networ k learnin g i n general ,  orthogonalit y o f 
input s i s sufficien t  fo r  eliminatin g interference .  Thi s 
means tha t  i f  patter n A  i s traine d t o giv e a n outpu t 
A* ,  subsequentl y trainin g patter n B  t o produc e an y 
othe r  outpu t  wil l  no t  chang e th e A-to-A *  mappin g a s 
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lon g a s B  i s orthogona l  t o A .  Thi s i s tru e i n mos t 
one-weight-laye r  networks ,  an d a s elaborate d below , 
ca n b e m a d e tru e t o a  larg e degre e i n multi-laye r  net s 
as well ,  b y carefu l  selectio n o f  parameters .  Whethe r 
i t  i s  reasonabl e t o assum e tha t  a  model' s input s wil l 
al l  b e orthogona l  t o on e another ,  though ,  i s anothe r 
question ,  an d i s addresse d i n th e Discussion  sectio n 
below . 

The second key point is that gradient descent (see 
Rumelhart ,  Hinton ,  &  Williams ,  1986 )  i s no t  neces -
sar y fo r  reducin g th e erro r  o n a  give n pattern .  I f  w e 
loo k a t  learnin g a s movin g throug h th e spac e o f  pos -
sibl e weigh t  combinations ,  onl y on e directio n 
correspond s t o doin g gradien t  (steepest )  descent .  O n 
th e othe r  hand ,  hal f  o f  al l  possibl e direction s wil l  stil l 
reduc e th e error ,  althoug h no t  a s fas t  a s followin g th e 
gradien t  would .  Thi s ide a i s quantifiable-th e do t 
produc t  o f  th e actua l  chang e i n th e weight s wit h th e 
gradien t  indicate s th e spee d wit h whic h th e erro r  i s 
reduced .  Th e importan t  thin g here ,  though ,  i s tha t  b y 
relaxin g th e constrain t  tha t  th e gradien t  b e followe d 
(tha t  erro r  b e reduce d a s fas t  a s possible) ,  an d instea d 
onl y requirin g tha t  th e erro r  b e reduce d t o som e 
degree ,  w e gai n "room "  fo r  addin g anothe r  constrain t 
t o ou r  network' s learnin g process-namely ,  on e 
whic h reduce s interference . 

The standar d backpropagatio n learnin g rule , 
whic h use s gradien t  descent ,  operate s essentiall y  b y 
associatin g activate d unit s i n on e laye r  wit h desire d 
output s a t  th e nex t  laye r  (t o th e degre e th e curren t 
output s ar e wrong) .  T h e ide a behin d th e presen t 
algorithm ,  o n th e othe r  hand ,  i s roughl y t o us e a  sub -
set  o f  th e activate d unit s i n th e association .  I n partic -
ular ,  onl y th e "novel "  activation s ar e used ,  a s define d 
below .  Conceptually ,  th e ide a i s this :  whe n th e net -
wor k make s a n error ,  w e woul d lik e t o blam e jus t 
thos e activ e unit s whic h wer e "responsible "  fo r  th e 
error-blamin g an y other s lead s t o exces s interferenc e 
wit h othe r  patterns '  outputs .  And ,  th e argumen t 
goes ,  becaus e "familiar "  thing s ar e wel l  learne d (b y 
definition ,  i n a  m e m o r y system )  w e migh t  reduc e 
interferenc e wit h well-learne d informatio n b y assum -
in g tha t  th e nove l  aspect s o f  th e inpu t  ar e "responsi -
ble "  fo r  th e outpu t  error ;  tha t  is ,  b y changin g weight s 
onl y fro m them ,  an d no t  from  th e familia r  parts . 

The precis e definitio n o f  "novelty "  i s  crucial ,  o f 
course .  Th e basi c approach ,  though ,  i s t o substitut e a 
"novelt y vector "  fo r  th e actua l  activation s durin g 
standar d backpro p learnin g (no t  durin g feedforwar d 
processing) .  Thu s th e chang e t o a  particula r  weight , 
Wji ,  i s  n o w 

where a,- is the "novelty" of the activation of unit /, r\ 
i s  th e standar d learnin g rat e parameter ,  an d 5 ;  i s  th e 
delt a signa l  a s compute d b y standar d backpropaga -
tion .  Thi s wil l  allo w bot h o f  ou r  desire d constraint s 

t o b e met :  First ,  th e novelt y vector s (on e fo r  th e 
inpu t  layer ,  an d on e fo r  th e hidde n layer )  ar e chose n 
so tha t  eac h tend s t o b e orthogona l  t o highl y familia r 
activatio n pattern s a t  tha t  layer .  Thi s propert y wil l 
allo w reduce d interferenc e whe n th e weigh t  change s 
ar e made ,  b y insurin g tha t  weight s fro m well-learne d 
pattern s ar e change d less .  Second ,  a  novelt y vecto r  i s 
generall y a  "part "  o f  th e actua l  activatio n vecto r  i t 
replaces ,  i n som e sense .  A s elaborate d below ,  thi s 
insure s tha t  whe n w e creat e association s b y changin g 
th e weight s jus t  from  th e nove l  parts ,  w e ar e stil l 
reducin g th e erro r  o n th e patter n a t  han d (althoug h 
not  a s fas t  a s wit h gradien t  descent) . 

Th e novelt y vector s use d wer e a s follows :  Th e 
novelt y vecto r  fo r  th e inpu t  laye r  i s simpl y th e inpu t 
(target )  vecto r  minu s th e outpu t  vector .  Thi s make s 
intuitiv e sense :  becaus e th e tas k o f  th e networ k i s t o 
reproduc e previousl y see n input s a t  th e output ,  th e 
outpu t  erro r  shoul d provid e a  roug h indicatio n o f 
whic h aspect s o f  th e inpu t  ar e novel .  A s fo r  th e hid -
de n layer ,  it s  novelt y vecto r  i s obtaine d b y feedin g 
th e inpu t  novelt y vecto r  throug h th e first  laye r  o f 
connection s (jus t  a s i f  i t  wer e anothe r  inpu t  pattern) , 
and usin g th e resultin g hidde n uni t  activation s a s th e 
hidde n novelt y vector .  (A s explaine d below ,  th e hid -
den novelt y vecto r  i s take n t o b e zer o i n certai n 
cases. )  Th e justificatio n fo r  usin g thi s particula r  vec -
to r  i s no t  strong ;  i t  i s  simpl y tha t  thi s hidde n novelt y 
shoul d ten d t o correspon d t o hidde n activatio n pat -
tern s whic h hav e no t  previousl y occurre d (becaus e 
th e inpu t  novelt y whic h produce d i t  i s  itsel f  a  patter n 
whic h isn' t  highl y learned) . 

Thes e particula r  definition s o f  "novelty "  ar e no t 
necessaril y  optimal ;  the y ar e onl y heuristics .  The y 
d o posses s th e characteristic s describe d above , 
though .  First ,  the y ten d t o b e orthogona l  t o highl y 
familia r  activatio n pattern s a t  th e correspondin g 
layer ,  eve n whe n th e curren t  activatio n patter n i s no t 
orthogona l  t o previou s ones .  Thi s i s becaus e (1 )  out -
put  error s ten d t o b e orthogona l  t o well-learne d out -
puts ,  an d (2 )  sinc e a n encode r  networ k i s bein g used , 
and thu s ther e i s a  correspondenc e betwee n input s 
and outputs ,  w e ca n readil y defin e inpu t  novelt y i n 
term s o f  outpu t  error . 

Second ,  thes e novelt y vector s satisf y th e con -
strain t  tha t  th e n e w algorith m stil l  reduc e th e outpu t 
error .  I t  ca n b e show n tha t  substitutin g an y vector s 
fo r  th e activatio n vector s durin g backpropagatio n 
learnin g wil l  stil l  allo w th e erro r  (whic h i s compute d 
usin g th e tru e activations )  t o b e reduced ,  i f  (bu t  no t 
onl y i O eac h activatio n vecto r  a  i s replace d b y a  vec -
to r  correlate d wit h a .  I t  i s  readil y observe d tha t 
when usin g binar y +.5/-. 5 targets ,  a s here ,  th e sig n o f 
targe t  -  output ,  th e inpu t  novelty ,  i s  alway s th e sam e 
as th e sig n o f  target ,  fo r  eac h uni t  Thu s th e inpu t 
activation s an d th e inpu t  noveltie s ar e correlated .  A s 
fo r  th e hidde n novelt y vector ,  i t  als o tend s t o b e 
correlate d wit h th e actua l  hidde n activations . 
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However ,  thi s i s no t  guaranteed ,  s o th e hidde n novel -
tie s ar e se t  t o zero s whe n thi s i s no t  tru e (a n infre -
quen t  occurrence) ,  thu s restrictin g learnin g t o th e 
first  weigh t  layer . 

I n sum ,  then ,  thi s ne w learnin g algorith m i s muc h 
lik e B P ,  bu t  wit h a  mor e focuse d assignmen t  o f 
blame .  B y blamin g nove l  thing s mor e tha n familia r 
thing s whe n a n erro r  occurs-wher e "novelty "  i s 
determine d b y th e evolvin g networ k memor y itself , 
i n a  context-dependen t  manner-th e networ k ca n 
modif y t o a  greate r  degre e thos e connection s whic h 
don' t  muc h affec t  th e storag e o f  well-leame d pat -
terns .  A s a  result ,  storag e o f  a  ne w paue m require s 
relativel y littl e disruptio n o f  existin g knowledge . 
Becaus e th e gradien t  i s no t  followed ,  thi s advantag e 
i s obtaine d a t  a  cos t  o f  lowe r  learnin g speed .  H o w -
ever ,  "learnin g speed "  i n thi s cas e mean s withi n a 
patter n presentation ,  whic h i n huma n term s migh t 
correspon d t o th e amoun t  o f  tim e a  stimulu s i s 
viewe d b y a  subject .  Bu t  sinc e w e hav e n o ide a ho w 
much networ k learnin g (e.g .  magnitud e o f  weigh t 
change )  shoul d correspon d t o a  give n stimulu s dura -
tio n i n a  huma n learnin g experimen t  anyway ,  thi s i s 
not  a  proble m fo r  th e model .  Wha t  i s importan t  i s 
tha t  th e presen t  mode l  exhibit s improve d learnin g 
acros s patterns ,  i n tha t  ol d pattern s nee d no t  b e re -
presente d man y time s t o allo w rememberin g o f  a 
lon g list .  Thi s i s show n next . 

Simulation Data 

Forgetting functions 

Perhap s th e simples t  w a y t o asses s interferenc e i s 
t o presen t  a  lis t  o f  patterns ,  trainin g eac h patter n i n 
tur n b y s o m e amoun t ,  and ,  afte r  on e ru n throug h th e 
list ,  t o examin e performanc e a s a  functio n o f  seria l 
positio n o f  th e lis t  items .  Thi s i s th e basi c procedur e 
use d i n m a n y experiment s o n h u m a n m e m o r y ,  an d i s 
als o th e procedur e Ratclif f  (1990 )  argue s mus t  b e 
use d i n model in g suc h experiment s (i.e. ,  i f  a  lis t  i s 
no t  repeate d f w a  person ,  i t  shoul d no t  b e repeate d 
fo r  ou r  netwcH k mode l ) .  T h e presen t  mode l  w a s 
teste d agains t  standar d B P o n suc h a  task ,  usin g 
identica l  n e t w w k architectures .  Thes e network s 
wer e a s describe d above ,  usin g 3 2 input ,  1 6 hidden , 
an d 3 2 outpu t  unit s ( a "32-16-32 "  net) .  Fo r  eac h 
simulate d subject ,  1 6 binar y pattern s wer e 
constructed-rando m vectors ,  wit h element s +. 5 wit h 
probabilit y  1/2 ,  otherwis e -.5 . 

FcM-  eac h run ,  1 5 o f  th e 1 6 pattern s wer e actuall y 
learned .  T h e learnin g rate ,  r| ,  w a s .5 ,  an d th e initia l 
weight s o f  th e networ k wer e normall y distribute d 
wit h m e a n zer o an d varianc e (a^ )  =  .25 .  Eac h patter n 
i n tur n w a s repeatedl y presented-meanin g simpl y 
tha t  multipl e learnin g step s wer e take n o n each-unti l 
eithe r  th e m e a n square d erro r  ove r  th e outpu t  unit s 
reache d .01 ,  o r  a  pre-se t  nu i x imu m o f  100 0 step s w a s 
reached .  (F ro m n o w on ,  eac h se t  o f  step s o n a  singl e 

patter n wil l  b e considere d on e "presentation". )  Afte r 
th e 1 5 patter n presentations ,  th e matc h valu e betwee n 
inpu t  an d ouq>u t  w a s teste d fo r  eac h pattern ,  includ -
ing  th e unpresente d one .  Ther e wer e 2 5 0 simulate d 
Ss i n eac h condition .  Figur e 1  show s th e resultin g 
seria l  positio n curve s fo r  th e novelt y rule ,  backprop , 
an d anothe r  instantiatio n o f  backpro p a s teste d b y 
Ratclif f  (1990) ,  whic h onl y studie d eigh t  singl e 
items . 

2 

S-

I 

3 

Forgettin g o l  Us t  Item * 

o o o o o o o o o o o o o 0  0  • 

0 novelt y rul e 
•  backpro p 

RatdlHexp i 

1— 
10 

Serial Position 

— 1— 
15 

Figur e 1 .  Degre e o f  input/outpu t  matc h a s a  functio n o f  seria l  posi -
tion ,  afte r  on e lis t  presenution .  Positio n 1 6 represent s th e 
unpresente d item .  Th e Ratclif f  dat a begin s a t  positio n 8  fo r  com -
pariso n purposes . 

The first thing to note in the figure is that there is 
m u ch m o r e forgettin g i n th e RatcUf f  experimen t  tha n 
i n eithe r  o f  th e others .  T w o aspect s o f  Ratclif f  s  net -
w o r k probabl y contribute d t o it s wors e performance : 
First ,  asymmetri c ( 0 t o 1 )  activatio n function s wer e 
used ,  whic h induce s a  large r  averag e correlatio n 
betwee n activatio n vectors .  Thi s generall y lead s t o 
highe r  interference ,  a s alread y noted .  Second , 
smalle r  startin g weight s wer e use d (unifor m -t-. 3 t o 

.3) .  Davi d Rumelhar t  (persona l  communication )  ha s 
suggeste d tha t  large r  initia l  weight s ten d t o lea d t o 
lowe r  intCTference ,  becaus e trainin g tend s t o m o v e 
activation s furthe r  int o th e tail s o f  th e sigmoi d func -
tion .  Becaus e th e derivativ e o f  th e sigmoi d i s  nea r 
zer o there ,  subsequen t  change s o f  weight s t o th e 
"saturated "  unit s wil l  b e small ,  meanin g tha t  interfer -
enc e wit h th e pattern s represente d b y thos e unit s wil l 
b e less .  Thi s analysi s w a s supporte d b y comparin g 
separat e run s o f  backpro p o n th e presen t  experimen t 
usin g a ^  value s o f  .01 ,  .25 ,  an d 1.0 . 

I t  i s  als o apparen t  fro m th e figure  tha t  forgettin g 
i s eve n les s w h e n usin g th e novelty-base d learnin g 
rule. '  Thi s resul t  mus t  b e qualified ,  though .  Furthe r 

•  I n addition ,  ther e appear s t o b e a  sligh t  primac y effec t  wit h th e 
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simulation s showe d tha t  bot h baclcpro p an d th e 
novelt y rul e improve d significantl y o n thi s tas k wit h 
increasin g networ k size .  I t  m a y wel l  be .  then ,  tha t 
wit h a  larg e enoug h ne t  ther e woul d b e virtuall y n o 
interferenc e wit h eithe r  algorith m o n thi s task . 
Furthermore ,  importantly ,  th e questio n o f  wha t  siz e 
net  i s "proper "  fo r  modelin g m e m o r y remain s open , 
as note d i n th e Discussio n sectio n below . 

However ,  whil e backpro p improve d greatl y wit h 
large r  nets ,  th e pattern s use d wer e als o uncorrelate d 
on average ,  whic h m a y hav e helped .  T h e nex t  exper -
iment s use d pattern s whic h wer e distortion s o f  a  sin -
gl e (random )  prototyp e pattern ,  an d thu s wer e expli -
citl y  correlated .  Eac h distortio n w a s generate d b y 
flippin g an y give n bi t  o f  th e prototyp e wit h probabil -
it y  .25 .  Figur e 2  compare s th e seria l  positio n func -
tion s obtaine d wit h suc h pattern s fo r  tw o size s o f 
b^kpro p network s (32-16-3 2 an d 128-64-128) ,  an d 
th e 32-16-3 2 novelt y networ k use d above .  Othe r 
parameter s wer e a s above . 
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Figur e 2 .  Degre e o f  matc h a s a  functio n o f  seria l  position ,  afte r 
presentin g a  lis t  o f  correlate d items .  Positio n 1 6 represent s 
untraine d item s whic h wer e correlate d wit h th e presente d items . 

Comparin g th e tw o backpro p nets ,  whil e th e 
large-networ k curv e end s u p highe r  (possibl y du e t o 
a tendenc y t o produc e m o r e learnin g pe r  step) ,  it s 
slop e i s als o steeper ;  thu s overall ,  forgettin g i s mor e 
pronounce d i f  anythin g fo r  th e large r  ne t  (not e tha t 
new-ite m matc h i s lowe r  fo r  th e large r  net ,  though) . 
A 256-128-25 6 net ,  an d net s wit h large r  a \  gav e 
simila r  results .  Thes e result s wer e perhap s predict -
able :  Whil e forcin g activation s furthe r  int o th e sig -
moi d tail s  ca n reduc e interference-b y makin g delt a 
vector s mor e orthogona l  t o learne d outputs-thi s 

novelt y rule ,  wit h item s fro m th e beginnin g o f  th e lis t  givin g bette r 
matche s tha n thos e i n th e middle .  Mor e wor k i s necessar y t o deter -
mine th e significanc e o f  this . 

shoul d no t  reduc e an y interferenc e cause d b y corre -
late d inputs .  Ther e i s n o apparen t  w a y t o remov e 
correlation s a m o n g th e input s simpl y b y changin g th e 
networ k configuration . 

T h e novelty-rul e network ,  o n th e othe r  hand , 
exhibite d ver y littl e interferenc e eve n wit h thes e 
correlate d items .  Moreover ,  furthe r  run s showe d th e 
novelt y rul e t o improv e wit h networ k size :  absolut e 
matc h value s wer e ai^roximatel y unchanged ,  bu t 
new-ite m matc h value s decrease d significantly ,  s o 
tha t  forgettin g i n term s o f  discriminatio n w a s less . 
Thu s i t  appear s tha t  eve n wit h correlate d patterns , 
multilaye r  networ k model s nee d no t  suffe r  fro m 
extrem e interference . 

Varying amount of learning 

I n th e nex t  experiment ,  discriminatio n betwee n 
"old "  (studied )  an d "new "  (unstudied )  item s wa s 
examine d a s a  functio n o f  amoun t  o f  learning ,  a s 
measure d b y numbe r  o f  learnin g step s taken ,  o r  th e 
"duration "  o f  eac h patter n presentation .  Thi s i s 
importan t  t o check ,  becaus e whil e h u m a n dat a show s 
increasin g discriminatio n wit h increasin g ite m learn -
in g time ,  suc h a n improvemen t  i s no t  predicte d b y 
s o me curren t  m e m o r y models .  Simpl e linea r  models , 
fo r  example ,  predic t  tha t  th e varianc e i n outpu t  t o 
n e w item s increase s wit h th e m e a n old-ite m outpu t  a s 
learnin g amoun t  increases ,  s o a s t o kee p d '  constan t 
(Shiffrin ,  Ratcliff ,  &  Clark ,  1990) .  Also ,  RatcUf f 
(1990 )  ha s show n tha t  severa l  variant s o f  th e 
backprop-base d encode r  networ k d o no t  predic t  a 
stricU y increasin g d '  (th e actua l  pattern s ar e c o m -
plex ,  ofte n nonmonotonic ,  an d dependen t  o n th e 
parameter s used) . 

A 32-16-3 2 architectur e w a s use d a s i n th e for -
gettin g simulations .  Othe r  parameter s wer e (f i  -  .25 , 
an d 1 1 =  .1 .  However ,  rathe r  tha n trainin g eac h lis t 
ite m t o a  criterio n a s before ,  eac h ite m w a s simpl y 
give n a  fixe d numbe r  o f  learnin g step s befor e 
proceedin g t o th e nex t  item .  Thi s n u m b ^ o f  step s 
w as varie d (betwee n lists )  fro m 1  t o 512 ,  b y power s 
of  2 .  T w o type s o f  pattern s wer e tested ,  fo r  bot h 
standar d backpro p an d th e novelt y variant :  "uncorre -
lated" ,  wit h element s +. 5 an d -. 5 equall y likely ;  an d 
"correlated" ,  wher e lis t  item s wer e disttMtion s o f  a 
singl e prototype ,  a s describe d above .  Withi n eac h 
learnin g amount ,  10 0 list s o f  1 6 item s wer e traine d 
fo r  eac h condition .  Performanc e wa s compare d o n 
th e learne d item s an d 1 6 n e w item s usin g d '  (mea n 
old-ite m matc h minu s m e a n new-ite m match ,  divide d 
b y standar d deviatio n o f  new-ite m match) ,  wher e 
n e w item s wer e generate d th e s a m e w a y a s lis t  item s 
(fro m th e sam e prototype ,  i n th e "correlated "  condi -
tions) . 

A s depicte d i n Figur e 3 ,  d' s wer e increasin g fo r 
th e mos t  part .  (Th e ver y sligh t  decreas e ove r  th e las t 
interva l  i n th e novelty/correlate d conditio n w a s insig -
nificant )  Furthermore ,  i n a  replicatio n o f  al l 
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conditions ,  usin g a ^  =  1.0 ,  ther e wer e n o decreases , 
an d a  simila r  overal l  patter n w a s obtained .  Not e tha t 
i n al l  condition s th e increase s extende d int o o r  pas t 
th e rang e o f  d' s typica l  i n h u m a n experiment s (abou t 
1 t o 3) .  M e a n matc h value s afte r  trainin g th e 512 -
ste p list s range d fro m abou t  .7 0 t o .78 .  Backpro p 
w as s o m e w h a t  wors e overal l  tha n th e novelt y rule , 
presumabl y d u e t o interferenc e effects .  I n s u m , 
RatclifP s conclusio n tha t  increasin g <i '  i s  a  proble m 
fo r  th e encode r  networ k mus t  b e quahfied .  I n partic -
ular ,  furthe r  simulation s suggeste d tiiat  initia l  weigh t 
varianc e i s critical :  usin g o ^  =  .0 1 rathe r  Uia n .25 , 
nonmonotoni c function s m u c h lik e RatcIifF s wer e 
obtaine d wit h backpro p (th e novelty-rul e functio n 
w as stil l  monotonic) .  Ther e i s a  degre e o f  thi s non -
monotonicit y apparen t  i n th e bp/uncorrelate d condi -
tion  i n th e graph ,  a s well . 

Effec t  o l  Amount  o f  Learnin g 

1 novelty ,  uncorr . 
2 bp ,  uncorr . 
3 novelty ,  corr . 
4 bp ,  corr . 

— I — 
t o 

—I  1 — 
50 100 500 

•  o l  learnin g step s pe r  patter n 

Figur e 3 .  d '  a t  functio n o f  numbe r  o f  learnin g step s pe r  patter n 
i n a  once-presenle d lis t  Not e th e logarithmi c scale . 

Frequency discrimination 

Afte r  bein g presente d wit h a  lis t  o f  items ,  s o m e o f 
wh ic h ar e repeate d variou s number s o f  times  (a t  vari -
ou s intervals) ,  peopl e ca n giv e fairl y  goo d estimate s 
o f  th e frequencie s wit h whic h item s wer e presented . 
Thi s tas k ca n b e viewe d a s a  generalizatio n o f  th e 
recognitio n task ,  wherei n th e possibl e frequencie s ar e 
limite d t o zer o an d one .  H in tzma n (1988 )  ha s calle d 
frequency  judgmen t  " a quintessentiall y  episodi c 
m e m o ry task" ,  presumabl y becaus e informatio n con -
cernin g individua l  ite m presentation s (namel y thei r 
occurrence )  i s require d i n orde r  t o respon d correcUy . 

T h e presen t  novelty-base d mode l  w a s applie d t o 
thi s task ,  usin g a  paradig m simila r  t o on e use d b y 
Hin tzma n (1988 )  i n testin g hi s multiple-trac e 
m e m o ry mode l ,  Minerv a 2 ,  o n frequenc y discrimina -
tion.  A  siz e 48-9-4 8 networ k w a s used ,  wit h i \  =  . 5 
an c ^  =  .25 .  Twenty-fou r  r ando m pattern s wer e gen -
erated ,  wit h fou r  assigne d t o eac h o f  si x frequenc y 

conditions ,  0  t o 5 .  Eac h patter n w a s copie d th e 
prope r  numbe r  o f  times,  an d th e resultin g lis t  o f  6 0 
item s w a s randoml y permuted .  Item s wer e the n 
traine d one-by-one ,  wit h onl y a  singl e learnin g ste p 
take n o n eac h (thu s considerabl y les s trainin g wa s 
don e pe r  patter n tha n i n th e forgettin g experiment s 
above) .  Afte r  training ,  matc h value s wer e teste d fo r 
al l  2 4 patterns .  Thi s procedur e w a s replicate d fo r 
500 0 simulate d Ss ,  resultin g i n distribution s o f  matc h 
value s fo r  eac h o f  th e si x frequencies .  F r o m thes e 
distribution s forced-choic e dat a wer e computed ,  giv -
in g Ui e propwtio n o f  error s th e networ k woul d m a k e 
i f  require d t o pic k th e m o r e (o r  less )  frequent  ite m 
fro m a  pai r  take n fro m th e origina l  24 .  Thes e erro r 
dat a ar e s h o w n i n Figur e 4 . 

Forced-choic e Frequenc y Discriminatio n 

4 

paramete r  -  highe r  frequenc y 

Smalle r  Frequenc y 

Figur e 4 .  Eno n i n simulate d forced-choic e data ,  a s a  functio n o f 
th e frequenc y o f  th e les s frequen t  ite m i n a  tes t  pair .  Da u wer e 
generate d fro m distribution s o f  matc h value s correspondin g t o eac h 
frequency . 

Overal l  th e mode l  predict s tha t  (give n appropriat e 
respons e criteria )  discriminatio n betwee n tw o fre-
quencie s improve s wit h great w frequency  difference , 
an d holdin g frequenc y differenc e constant ,  discrimi -
natio n worsen s wit h increasin g frequencies.  Thi s 
s a me patter n hold s wit h peopl e (Hintzma n &  Gold , 
1983) ,  w h e n result s fo r  th e "choos e th e mor e fre-
quent "  an d "choos e th e les s frequent"  instruction s ar e 
collapsed .  Interestingly ,  th e result s obtaine d her e ar e 
ver y nearl y indistinguishabl e from  thos e obtaine d 
wit h Minerv a 2 ;  i n fact ,  althoug h eac h matche s th e 
h u m an dat a well ,  th e model s matc h eac h othe r  m u c h 
bette r  tha n eithe r  matche s th e h u m a n data .  Fo r  thi s 
task ,  then ,  ther e seem s t o b e n o theoretica l  advantag e 
t o maintainin g a  distinc t  m e m o r y trac e fo r  eac h indi -
vidua l  "event "  t o b e remembered .  Clearly ,  th e 
presen t  connectionis t  mode l  doe s a s wel l  b y 
"strengthening "  eac h repeate d ite m (b y increasin g th e 
relevan t  weights) .  (Backpro p w a s als o abl e t o mode l 
thi s particula r  task. ) 
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List-specifi c  f requenc y j u d g m e n t 

O ne migh t  rightfully  argu e tha t  ther e i s mor e t o 
makin g frequenc y judgment s tha n simpl y assessin g 
th e familiarit y o f  a n item ,  though .  I n particular , 
human subject s ar e face d wit h th e mor e difficul t  tas k 
of  no t  onl y havin g t o discriminat e differen t  frequen -
cie s tha t  occurre d withi n a n experimenta l  list ,  bu t 
als o havin g t o discriminat e th e lis t  presentation s fro m 
al l  th e time s th e sam e item s hav e bee n observe d out -
sid e th e experiment .  Thus ,  fo r  example ,  peopl e ar e 
quit e goo d a t  discriminatin g rar e word s whic h 
appeare d i n a  lis t  from  c o m m o n word s whic h di d no t 
appear ,  eve n thoug h presumabl y th e "baseline "  fami -
liarit y i s m u c h highe r  fo r  th e c o m m o n words . 
Anotfie r  exampl e i s provide d b y a n experimen t  b y 
Hintzma n &  Bloc k (1971) ,  i n whic h peopl e wer e 
aske d t o m a k e list-specifi c  frequency  judgments . 
Eve n thoug h tw o differen t  list s wer e m a d e u p o f  th e 
same items ,  subject s coul d giv e goo d estimate s o f  a n 
item' s frequenc y i n on e lis t  almos t  independentl y o f 
it s  frequenc y i n th e othe r  list .  I n a  sense ,  thi s tas k i s 
eve n mor e "quintessentiall y  episodic "  tha n standar d 
frequency  judgment ;  no t  onl y mus t  informatio n abou t 
number  o f  occurrence s b e retained ,  bu t  thi s informa -
tio n mus t  b e distinguishabl e o n th e basi s o f  instruc -
tion s t o limi t  th e relevan t  context . 

The presen t  mode l  wa s teste d o n thi s tas k usin g a 
120-30-12 0 net ,  wit h x \  =  . ^  an d a ^  =  .25 .  A n 
approac h m u c h lik e Hintzman' s (1988 )  wa s used .  I n 
orde r  t o mode l  differen t  lists ,  8 0 inpu t  unit s 
represente d lis t  context ,  an d eac h lis t  wa s assigne d it s 
o wn rando m contex t  vecto r  whic h wa s presente d 
alon g wit h ever y ite m i n tha t  list .  Twenty-seve n ran -
d o m 40-elemen t  vector s wer e generated ,  an d thre e o f 
thes e assigne d t o eac h o f  th e 9  possibl e combination s 
of  th e frequencie s 0 ,  2 ,  an d 5  acros s th e tw o lists . 
Thus eac h o f  th e thre e "2-0 "  pattern s appeare d twic e 
i n th e first  lis t  an d zer o time s i n th e secon d list ,  an d 
similarl y fo r  0-0 ,  0-2 ,  0-5 ,  2-5 ,  an d s o on .  O n c e th e 
prope r  numbe r  o f  copie s wer e made ,  eac h lis t  wa s 
randoml y permute d an d the n trained ,  wit h on e learn -
in g ste p pe r  item . 

Figur e 5  show s th e matc h value s obtaine d afte r 
trainin g bot h lists ,  average d ove r  50 0 simulate d Ss , 
alon g wit h th e dat a from H  &  B  linearl y transforme d 
t o matc h th e model' s outpu t  value s (usin g a  leas t 
square s fit  ove r  th e 9  means) .  Eac h patter n wa s 
teste d separatel y wit h eac h contex t  vector ,  an d dat a 
fo r  th e tw o list s wa s collapsed. ^  Thu s fo r  exampl e th e 
"target-frequenc y =  5 ,  nontarget-frequenc y =  2 "  dat a 
poin t  represent s matc h value s obtaine d b y testin g th e 
5- 2 pattern s i n contex t  1 ,  an d th e 2- 5 pattern s i n con -
tex t  2 . 

I n th e graph ,  perfectl y fla t  (separated )  line s 
woul d mea n tha t  discriminatio n wa s perfect ;  i.e. ,  tha t 
ther e wa s n o interferenc e from  th e nontarge t  lis t  i n 
makin g frequency  judgments .  Hintzma n (1988 )  pro -
pose s measurin g performanc e o n thi s tas k b y a 
"discriminatio n index "  (DI) ,  obtaine d b y dividin g th e 
varianc e a m o n g mean s accounte d fo r  b y nontarge t 
frequenc y b y tha t  accounte d fo r  b y targe t  frequency. 
Suc h a  measur e coul d var y from 0  (perfec t  lis t 
discrimination )  t o 1  (n o discrimination) .  H  &  B' s 
subject s showe d a  D I  o f  .097 ,  an d th e presen t  simula -
tio n gav e a  D I  o f  .093 .  Correlatio n o f  th e mode l  wit h 
th e H  &  B  mean s wa s .998 .  ( A tota l  o f  abou t  five 
simulation s o f  thi s experimen t  precede d thi s particu -
la r  one ,  s o no t  a  lo t  o f  fitting  wa s involved. ) 

d 

Ust-specifl c  Frequenc y Judgmen t 

novelt y networ k 
Hintzma n &  Bloc k 

paramete r  -  target-lis t  frequenc y 

^  Th e mode l  showe d a  reliabl e primac y effect ,  wit h highe r  matche s 
overal l  o n th e firs t  list ,  bu t  i t  wa s no t  larg e an d di d no t  affec t  th e 
conclusions . 

1 1  1  1 
0 1 2 3  4  5 

Nontarget-llst Frequency 
Figur e 5 .  Mea n matc h value s C'frequenc y judgments" )  fo r  item s i n 
a particula r  list ,  a s a  functio n o f  frequenc y o f  th e sam e ite m i n th e 
othe r  list .  Hintzma n &  Block' s subjects '  da u wa s linearl y scale d 
t o matc h th e network' s outpu t  values . 

The present model had no trouble, then, even 
wit h thi s highl y episodi c m e m o r y task .  (Backpro p 
als o ha d n o trouble ,  excep t  w h e n interferenc e effect s 
wer e larg e du e t o us e o f  correlate d items. )  Th e 
novelty-base d networ k di d requir e m a n y mor e con -
tex t  element s tha n di d Minerv a 2 ,  however ,  i n orde r 
t o matc h h u m a n performanc e (a s wit h Minerv a 2 , 
discriminatio n improve d wit h additiona l  contex t  ele -
ments) .  Thi s migh t  see m disadvantageous ,  bu t  i t 
isn' t  clea r  h o w m u c h o f  a  person' s interna l  represen -
tatio n o f  a n episod e i s devote d t o "context" ,  anyway . 
Moreover ,  Minerv a 2  doe s no t  attemp t  t o mode l  th e 
existenc e o f  extra-experimenta l  memories .  I t  seem s 
reasonabl e tha t  th e mor e occurrence s o f  a n ite m ar e 
store d i n m e m o r y ,  th e large r  mus t  b e th e numbe r  o f 
possibl e context s i n orde r  tha t  an y smal l  subse t  o f 
thos e memorie s b e accessed .  Pu t  differendy ,  th e 
mor e backgroun d noise ,  th e harde r  th e discriminatio n 
tas k becomes .  Thu s a  versio n o f  Minerv a 2  whic h 
modele d prefamiliarizatio n migh t  requir e mor e 
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contex t  element s a s well .  Th e presen t  model ,  o n th e 
othe r  hand ,  doe s al l  it s  learnin g i n term s o f  wha t  i s 
alread y known ;  i.e. ,  al l  previou s knowledg e i s con -
taine d i n th e model ,  althoug h her e thi s pre-existin g 
m e m o ry wa s modele d simpl y wit h rando m weights . 
Thu s i t  ha s mor e o f  a  burde n i n tryin g t o discriminat e 
th e experimenta l  presentation s fro m backgroun d 

memorie s 

Discussio n 

As a  whole ,  th e result s presente d her e argu e 
strongl y tha t  episodi c memor y task s ar e no t  beyon d 
th e modelin g capabilitie s o f  multilaye r  networks . 
First ,  i t  wa s show n tha t  th e catastrophi c interferenc e 
exhibite d b y man y o f  thes e network s i s readil y 
avoided .  Thre e differen t  trick s wer e use d t o accom -
plis h this :  (1 )  increasin g th e varianc e o f  th e startin g 
weights ,  which ,  b y makin g mor e us e o f  th e non -
linearit y o f  th e activatio n functions ,  tend s t o protec t 
fro m chang e thos e weight s leadin g t o unit s bein g 
"used "  t o represen t  ol d items ;  (2 )  increasin g networ k 
size ,  whic h provide s mor e unit s t o b e "used "  i n 
representin g ol d items ,  an d als o increase s th e vari -
anc e o f  initia l  activation s (b y increasin g th e fan-i n t o 
th e units )  whic h shoul d hav e a n effec t  simila r  t o 
increasin g th e initia l  weights ;  an d (3 )  usin g a  n e w 
learnin g rule ,  whic h increase s orthogonalit y fo r 
learnin g purpose s whil e stil l  reducin g error .  Whil e 
us e o f  th e Hrs t  tw o trick s suggeste d tha t  arbitraril y 
lo w interferenc e migh t  b e obtaine d wit h backpro p 
usin g uncorrelate d (o n average )  patterns ,  onl y b y 
usin g th e n e w learnin g rul e di d thi s see m possibl e fo r 
explicitl y  correlate d patterns . 

Second ,  i t  wa s show n tha t  th e increasin g d '  exhi -
bite d b y peopl e wit h increase d learnin g pe r  ite m ca n 
be modele d b y backprop ,  withi n certai n parameters , 
an d b y th e novelty-base d learnin g rule ,  wit h n o 
observe d nee d fo r  limitin g parameters .  Thi s attenu -
ate s th e conclusio n mad e b y Ratclif f  (1990 )  tha t  thi s 
i s a  proble m fo r  backpro p networks .  (Ratclif f  doe s 
not e th e qualitativ e difference s change s i n parameter s 
ca n make. ) 

Third ,  th e novelty-base d networ k (an d backpro p 
t o som e extent )  wa s show n capabl e o f  modelin g a 
simpl e frequency  discriminatio n task ,  an d a  mor e dif -
ficult  list-specifi c  frequenc y judgmen t  task .  While , 
unlik e recal l  tasks ,  thes e task s ar e base d onl y o n 
scala r  "familiarit y value "  outputs ,  the y stil l  depen d 
on th e abilit y  t o maintai n informatio n abou t  indivi -
dua l  episodes ,  an d thu s see m lik e goo d indicator s o f 
episodi c memory . 

Disadvantages 

Becaus e o f  th e preliminar y natur e o f  th e presen t 
model ,  i t  i s  har d t o sa y m u c h abou t  it s explanator y 
disadvantages .  I t  i s  reasonabl e t o as k a t  least , 
though ,  whethe r  th e trick s use d herei n ar e justifie d 
fro m a  theoretica l  standpoin t  Increasin g initia l 

weigh t  varianc e doesn' t  see m problematic :  peopl e 
clearl y brin g a  lo t  o f  knowledg e t o a n experimen t 
(whethe r  rando m weight s captur e thi s knowledg e i s 
debatable ,  o f  course) .  Increasin g networ k siz e seem s 
fairl y reasonabl e a s well ;  obviousl y th e numbe r  o f  a 
person' s neuron s dwarf s th e numbe r  o f  item s i n an y 
m e m o ry experiment .  However ,  i t  mus t  b e note d that , 
performanc e leve l  hel d equal ,  smalle r  network s see m 
t o generaliz e bette r  t o n e w experienc e tha n larg e one s 
(consisten t  wit h genera l  overfillin g arguments) . 
Note ,  though ,  tha t  "interference "  an d "generalization " 
ar e i n essenc e tw o side s o f  th e sam e coin .  Eac h 
implie s learnin g o f  on e patter n affectin g th e outpu t  o f 
another ;  th e differenc e i s whethe r  suc h effect s ar e 
"good "  o r  "bad" ,  give n th e tas k a t  hand .  I t  i s a n ope n 
question ,  then ,  l o wha t  exten t  futur e C M s wil l  exhibi t 
hig h "goo d generalization "  an d lo w "ba d generaliza -
Uon" . 

As fo r  th e novelty-base d learnin g rule ,  n o obvi -
ous explanator y disadvantage s (relativ e t o othe r 
C M s)  hav e surface d ye t  Indeed ,  i t  seem s clea r  tha t 
peopl e d o ten d t o focus ,  i n som e sense ,  o n unusua l 
aspect s o f  thei r  environment .  Furthermore ,  i t  seem s 
lik e successiv e input s t o a  huma n memor y syste m 
woul d ten d t o b e highl y correlated ,  i f  anything ,  base d 
on continuit y o f  th e environment .  Thu s th e novelt y 
rul e (o r  somethin g similar )  m a y wel l  b e necessar y fo r 
modelin g huma n memor y i n multilaye r  net s witfiou t 
hig h interference .  O n th e negativ e side ,  preliminar y 
run s sugges t  tha t  th e novelt y rul e i s no t  a s goo d a s B P 
at  storin g informatio n i n smal l  (relativ e t o th e task ) 
networks ,  whe n ver y larg e amount s o f  learnin g pe r 
patter n ar e used .  Thi s nee d no t  b e problemati c fo r 
modeling ,  though ,  sinc e a s note d ther e i s n o pressin g 
theoretica l  limitatio n o n a  modelin g network' s size . 

Relation to other models 

Severa l  point s nee d t o b e mad e regardin g previ -
ous models .  First ,  a  larg e numbe r  o f  connectionis t 
(o r  connectionist-flavored )  model s d o no t  suffe r  fro m 
th e catastrophi c interferenc e proble m a s d o B P C M s. 
Thes e includ e holographi c model s suc h a s C H A R M 
(e.g .  Eich ,  1982) ,  an d th e variou s A R T model s (e.g . 
Grossberg ,  1987) ,  amon g others .  Th e presen t 
researc h speak s t o thes e model s onl y indirectly , 
insofa r  a s i t  lend s suppor t  t o a  clas s o f  potentia l  com -
petitor s (multilaye r  error-reductio n networks) .  I t  i s 
als o importan t  t o not e tha t  th e basi c ide a behin d th e 
learnin g rul e introduce d here-tha t  focusin g o n 
novelt y i n learnin g ca n reduc e interference-i s no t 
new.  Grossber g (1987 )  ha s argue d tha t  thi s  i s neces -
sar y t o allo w stabilit y  o f  learnin g i n a  changin g 
environment .  Otwel l  (1990 )  ha s use d substitutio n o f 
novelt y vector s (o f  a  differen t  sor t  tha n here )  i n back -
pro p learning .  A n d i n a n intriguin g parallel , 
Holyoak ,  Koh .  &  Nisbet t  (1989 )  us e a n "unusualnes s 
heuristic "  i n generatin g "exceptio n rules "  i n thei r 
rule-base d theor y o f  anima l  conditioning ,  whic h 
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functio n t o "censo r  usefu l  bu t  imperfec t  defaul t  rules , 
protectin g the m fro m los s o f  strength" .  Thi s seem s 
roughl y lik e anothe r  w a y t o sa y "reduc e interfer -
ence" .  T h e presen t  paper ,  then ,  migh t  b e use d t o 
argu e tha t  th e differenc e betwee n rule-base d an d con -
nectionis t  account s o f  learnin g i s no t  s o clea r  a s 
Holyoa k e t  al .  suggest . 

Ther e ar e m a n y similaritie s betwee n th e presen t 
model  an d Hintzman' s multiple-trac e mode l , 
Minerv a 2  (1988) .  Fo r  instance ,  input s ar e 
represente d a s featur e vector s i n each ,  an d eac h 
allow s fo r  tw o kind s o f  outputs :  a  scala r  familiarit y 
value ,  an d a  vecto r  representin g a  "retrieve d 
memory" .  Thes e similaritie s hav e le d t o th e fre -
quenc y judgmen t  experiment s herei n bein g modele d 
m u ch a s i n Minerv a 2 .  T h e models '  storag e assump -
tions ,  however ,  ar e quit e different :  whil e Minerv a 2 
maintain s distinc t  m e m o r y vector s correspondin g t o 
eac h experience d "event" ,  th e presen t  mode l ,  a s othe r 
C M S,  superimpose s al l  memor ie s o n a  singl e se t  o f 
connectio n weights .  T h u s i t  i s strikin g tha t  th e agree -
ment  i n thei r  prediction s note d abov e i s a s stron g a s i t 
is . 

Hintzma n allow s fo r  th e possibilit y  tha t  associa -
tiv e matri x model s migh t  accoun t  fo r  th e rang e o f 
frequency-judgmen t  dat a exhibite d b y people ,  bu t 
opt s fo r  a  multiple-trac e vie w fo r  variou s reasons -
suc h a s th e accessibilit y  o f  individua l  even t  informa -
tion ,  an d th e abilit y  t o activat e individua l  trace s a s a 
nonlinea r  functio n o f  thei r  similarit y t o a  prob e 
(Hintzman ,  1988 ;  1986) .  T h e presen t  researc h 
argues ,  though ,  tha t  give n s o m e distinguishin g con -
tex t  cues ,  individua l  even t  memor ie s ca n als o b e 
accesse d b y a  network .  Also ,  becaus e o f  th e non -
linea r  activatio n function s o f  th e presen t  mode l ,  i t  to o 
has th e potentia l  t o exhibi t  nonlinea r  generalizatio n 
as peopl e d o (pilo t  w o r k o n prototyp e extractio n 
experiment s ha s supporte d thi s claim) .  T h u s ther e i s 
no obviou s reaso n w h y multiple-trac e theorie s suc h 
as Minerv a 2  shoul d posses s an y inheren t  explana -
tor y advantag e ove r  C M s . 

Conclusion 

I t  ha s bee n argue d herei n tha t  a  potentiall y  majo r 
proble m wit h multilaye r  networ k models-tha t  the y 
exhibi t  catastrophi c interference-i s i n fac t  no t 
inheren t  i n thes e model s a t  all .  B y usin g th e learnin g 
rul e introduce d here ,  an d i n certai n case s usin g eve n 
simple r  devices ,  thes e model s ca n lear n individua l 
association s t o a  larg e degre e wit h littl e disruptio n o f 
prio r  knowledge .  Give n this ,  ther e i s n o obviou s rea -
so n w h y a n encode r  network-base d alternativ e t o 
cuaen t  globa l  model s o f  m e m o r y coul d no t  evolve . 
Of  course ,  th e presen t  pape r  ha s barel y scratche d th e 
surfac e o f  suc h a n undertaking ,  an d ther e i s m u c h 
mor e t o b e said ,  surel y bot h pr o an d con ,  abou t  suc h 
memory models .  Nonetheless ,  a  non-obviou s capa -
bilit y  o f  thes e networks-th e abilit y  t o learn . 

remember ,  an d late r  m a k e us e o f  informatio n abou t 
individua l  even t  information-ha s bee n s h o w n t o 
exist .  Take n togethe r  wit h previou s connectionis t 
work ,  an d th e tantalizin g prospec t  o f  meshin g biolog -
ica l  an d psychologica l  account s o f  m e m o r y ,  thi s sug -
gest s strongl y tha t  connectionis m ha s a  soli d plac e i n 
futur e m e m o r y research . 
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