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Abs t rac t 

We develop an interactive model of human mem-

or y calle d th e Hebbia n Recurren t  Networ k (HRN ) 

whic h integrate s wor k i n th e mathematica l  modelin g 

of  memor y wit h tha t  i n erro r  correctin g connection -

is t  networks .  I t  incorporate s th e Matri x Mode l  (Pike , 

1984 )  int o th e Simpl e Recurren t  Networ k (SRN ,  El -

man,  1989) .  Th e resul t  i s  a n architectur e whic h ha s 

th e desirabl e memor y characteristic s o f  th e matri x 

model  suc h a s lo w interferenc e an d massiv e general -

ization ,  bu t  whic h i s abl e t o lear n appropriat e en -
coding s fo r  items ,  decisio n criteri a an d th e contro l 

function s o f  memor y whic h hav e traditionall y bee n 

chose n a  prior i  i n th e mathematica l  memor y litera -

ture .  Simulation s demonstrat e tha t  th e H R N i s wel l 

suite d t o a  recognitio n tas k inspire d b y typica l  mem-

or y peiradigms .  I n compariso n t o th e SRN,  th e H R N 

i s abl e t o lear n longe r  lists ,  an d i s no t  degrade d sig -

nificantl y b y increasin g th e vocabular y size . 

Introduction 

Within  the recent literature there has been consider-

abl e debat e abou t  th e abilit y  o f  connectionis t  mod -

el s t o captur e huma n memor y phenomena .  Whil e 

ther e i s a  feelin g tha t  connectionis t  model s hav e muc h 

t o offer ,  th e result s thu s fa r  hav e bee n mixe d (Rat -

cliff ,  1990 ;  Lewandowsky ,  1991) .  Connectionis t  mod -

el s provid e mechanism s b y whic h encodings ,  decisio n 

criteri a an d contro l  function s ca n b e learned ,  yet ,  o n 

some ver y basi c variable s lik e th e degre e o f  interfer -

ence ,  the y hav e no t  performe d a s wel l  a s conventiona l 

^  Thi s pape r  ha s bee n supporte d b y a n Australia n Postgrad -
uat e Researc h Awar d t o th e first  author ,  an d a n Australia n Re -
searc h Counci l  gran t  t o Humphreys ,  Burt ,  Wile s an d Tehan . 

memory models . 

We star t  b y discussin g th e contributio n o f  con -

nectionis t  model s t o th e modelin g o f  memory .  Nex t 

we examin e som e o f  th e majo r  aspect s o f  memor y 

phenomena whic h remai n obstacle s fo r  connectionis t 

model s o f  memory .  Finall y w e outlin e th e Hebbia n 

Recurren t  Networ k (HRN )  whic h integrate s learnin g 

and memor y model s t o addres s thes e issues . 

Learning Issues 

In an interactive model, it is the interplay of the en-
vironmen t  an d th e architectur e whic h lead s t o per -

formanc e (Dennis ,  Wiles ,  &  Humphreys ,  1992) .  Fo r 

exampl e i n optimizin g connectionis t  models ,  perfor -

mance i s determine d bot h b y th e architectur e (i.e. , 

structur e o f  th e interconnections ,  th e transfe r  func -
tion ,  an d th e value s o f  th e parameters )  an d th e sta -

tistica l  contingencie s embodie d b y th e trainin g set . 

Ther e ar e i n essenc e thre e majo r  advantage s o f  suc h 

a syste m fo r  th e modelin g o f  huma n memor y (Denni s 

et  al. ,  1992) . 
Firstly ,  whil e th e performanc e o f  curren t  mem-

or y model s depend s solel y o n architectura l  assump -

tions ,  th e performanc e o f  a n interactiv e mode l  de -

pend s bot h o n architectura l  an d environmenta l  as -

sumptions .  Sinc e th e environmen t  i s observable ,  en -

vironmenta l  assumption s ten d t o b e mor e amenabl e 
t o empirica l  verificatio n (Anderso n &  Schooler ,  1991 ; 

Denni s e t  al. ,  1992 )  an d henc e interactiv e model s ca n 

provid e mor e parsimoniou s account s o f  th e phenom -

ena o f  memory . 

Secondly ,  interactiv e architecture s ca n addres s 

th e developmenta l  cours e o f  memor y phenomen a 

(Bate s &  Elman ,  1992) .  Th e developmenta l  literatur e 

demonstrate s tha t  memor y strategie s suc h a s imag -
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ing ,  elaboration ,  namin g an d rehearsa l  ar e learne d 

(Hashe r  &  Zacks ,  1979) ,  ye t  ther e ha s bee n littl e 

progres s i n modelin g suc h processes .  Connectionis t 

model s m a y b e abl e t o redres s th e situation . 

Thirdly ,  ther e ar e a  numbe r  o f  wel l  documente d 

learnin g t o lear n phenomen a whic h ar e no t  addresse d 

by curren t  architecture s (Postman ,  1969) .  Whil e 

ther e ha s bee n som e wor k don e o n specifi c  transfe r 

effect s (i.e. ,  thos e whic h depen d o n th e manipulatio n 

of  relation s o f  successiv e tasks )  ther e ha s bee n n o 

attemp t  t o addres s nonspecifi c  transfe r  effect s (i.e. , 

highe r  orde r  transfe r  o f  skills ,  e.g. ,  respons e learning ) 

despit e a  wel l  develope d empirica l  database .  Connec -
tionis t  model s offe r  a n opportunit y t o develo p suc h a 

theory . 

So,  whic h aspect s o f  th e memor y syste m ar e 
learned ? Curren t  model s ca n b e summarize d i n term s 

of  thei r  representations ,  thei r  decisio n criteri a an d 

thei r  contro l  paradigms .  Th e followin g section s ad -

dres s eac h o f  thes e i n turn . 

Learnin g Representation .  Th e formatio n o f 

appropriat e encoding s fo r  item s whic h wil l  b e entere d 
int o memor y ha s bee n a  difficul t  an d largel y unex -

plore d are a i n th e memor y literature .  Whil e i t  i s 

know n tha t  item s wit h simila r  meaning s an d percep -
tua l  form s interac t  wit h eac h othe r  t o a  greate r  exten t 
tha n unrelate d item s ther e ha s bee n littl e progres s i n 

determinin g ho w th e formatio n o f  suc h a n encodin g 

landscap e m a y com e about . 

Connectionis t  model s however ,  construc t  thei r 
own interna l  representations ,  an d henc e offe r  a  wa y 

of  avoidin g m a n y representationa l  assumptions .  Fur -

thermore ,  connectionis t  network s lear n thes e repre -

sentation s a s a  consequenc e o f  th e environmen t  i n 

whic h the y ar e situated .  The y introduc e a  principle d 

way i n whic h "abstrac t  features "  migh t  b e formed . 
Hence th e first  o f  ou r  desig n criteri a fo r  a  mode l  o f 

memory i s tha t  interna l  representatio n b e learned . 
Learnin g Decisio n Criteria .  Anothe r  aspec t 

of  th e memor y tas k whic h i s usuall y hel d constan t  i s 

th e decisio n mechanism .  I n mos t  curren t  model s a 
signa l  detectio n framewor k i s applie d an d ther e i s n o 

sens e i n whic h th e matchin g functio n coul d b e sai d 

t o hav e bee n acquired . 

I n th e majorit y o f  memor y paradigms ,  however , 

subject s becom e mor e accurat e a s the y gai n experi -

ence .  Whil e som e o f  th e improvemen t  m a y b e du e t o 
th e refinemen t  o f  th e representation ,  a  componen t  o f 
thi s improvemen t  i s attributabl e t o a n improvemen t 

i n th e abilit y  t o decid e upo n a  respons e (Postman , 

1969) .  Henc e th e secon d desig n criterio n o f  th e H R N 

i s tha t  i t  b e abl e t o acquir e decisio n criteria . 

Learnin g Cont ro L Withi n th e memor y litera -

tur e th e natur e o f  th e contro l  processe s i s ofte n take n 

fo r  granted .  Fo r  instance ,  ho w i s i t  tha t  th e subjec t 

decide s whe n t o giv e a  response ? Traditiona l  math -

ematica l  model s o f  m e m o r y assum e tha t  th e answe r 

t o thi s questio n i s embedde d i n th e program . 

To lear n contro l  regime s withi n a  connectionis t  ar -

chitectur e on e mus t  tur n t o recurren t  networks .  Feed -

forwar d model s lear n representation s an d decision s 

but  canno t  embod y th e tempora l  relation s whic h 

characteriz e contro l  problems .  Ther e hav e bee n at -
tempt s t o appl y recurren t  network s i n thi s are a (Nolfi , 

Parisi ,  Vallar ,  k  Burani ,  1990 ;  Wile s &  Phillips , 

1991) ,  an d w e wil l  revie w thes e i n mor e detai l  whe n 

we attemp t  t o fulfil l  th e thir d desig n criterion ,  tha t 
is ,  th e acquisitio n o f  contro l  processes . 

Memory Issues 

In the previous section we outlined the aspects of the 

memory syste m whic h migh t  b e acquire d b y a  con -

nectionis t  system .  T o b e seriou s contender s a s m e m-

or y models ,  however ,  ther e ar e a  numbe r  o f  obstacle s 
whic h mus t  b e overcome .  I t  i s  t o thes e tha t  w e no w 

turn . 

Capacit y a n d Interference .  Th e proble m o f 

catastrophi c interferenc e ha s receive d a  grea t  dea l  o f 
attentio n i n th e recen t  literatur e (Ratcliff ,  1990 ;  M c -

Closke y &  Cohen ,  1989 ;  Lewandowsky ,  1991 ;  French , 

1991 ;  Brouss e &  Smolensky ,  1989 ;  Hetheringto n & 

Seidenberg ,  1989 ;  Wile s k  Phillips ,  1991) .  Th e diffi -

cult y arise s whe n wha t  ha s bee n learne d i s disrupte d 

dramaticall y b y subsequen t  learning ,  i.e .  ther e i s sig -

nifican t  retroactiv e interference .  Th e proble m i s o f 

particula r  importanc e i n th e modelin g o f  recognitio n 

memory wher e th e capacit y i s ver y larg e an d th e de -

gre e o f  interferenc e i s small . 

Withi n th e literatur e tw o majo r  strategie s hav e 
emerge d i n orde r  t o dea l  wit h th e proble m o f  catas -

trophi c interference .  Th e first  involve s increasin g 
th e orthogonalit y o f  items  an d henc e decreasin g th e 

exten t  t o whic h the y interac t  (Lewandowsky ,  1991 ; 

French ,  1991) . 
Th e alternativ e approac h ha s bee n t o us e recur -

ren t  architecture s t o encod e list s o f  items  rathe r  tha n 

singl e items  o n thei r  hidde n unit s (Nolf i  e t  al. ,  1990 ; 

Wile s &  Phillips ,  1991) .  Th e networ k then  ha s th e 

tas k o f  learnin g a  singl e highe r  orde r  encodin g func -
tio n rathe r  tha n a  sequenc e o f  items .  Unfortunately , 
thi s encodin g functio n become s muc h mor e difficul t 

t o acquir e a s th e numbe r  o f  item s t o b e encode d 
increases ,  an d henc e curren t  recurren t  architecture s 

hav e stric t  capacit y restrictions .  Th e first  o f  th e 

memory criteria ,  then ,  i s tha t  th e mode l  avoi d catas -

trophi c interferenc e whil e maintainin g capacity . 

395 



Generalisation .  Anothe r  issu e closel y relate d 

t o interferenc e i s th e degre e o f  generalization .  Wha t 

proportio n o f  th e entir e spac e o f  possibl e input s mus t 

th e networ k b e presente d wit h durin g it s trainin g 

phas e i n orde r  t o perfor m wel l  o n unsee n cases ? I n 

th e contex t  o f  memory ,  th e importan t  variabl e i s th e 

siz e o f  th e vocabulary .  Subject s hav e extensiv e vo -

cabularies ,  ye t  ar e abl e t o perfor m memor y task s in -

volvin g an y o f  th e item s withi n tha t  vocabulary .  Th e 
secon d memor y criterio n i s t o b e abl e t o generaliz e 

wel l  a s th e siz e o f  th e vocabular y increases . 

Rapi d Binding .  Th e las t  o f  th e memor y criteri a 

revolve s aroun d a n importan t  issu e raise d b y Wile s 

and Phillip s (1991 )  concernin g th e distinctio n be -

twee n memorizatio n an d learning .  Memor y involve s 

th e rapi d bindin g o f  alread y establishe d representa -

tion s rathe r  tha n th e acquisitio n o f  ne w representa -

tions .  Endurin g memorie s ca n b e lai d wit h presen -
tatio n duration s o f  jus t  a  fe w hundre d milliseconds . 

The tim e cours e o f  lewnin g t o lear n effects ,  i n con -

trast ,  tend s t o b e i n th e orde r  o f  hour s o r  days .  A 

model  o f  memor y shoul d b e capabl e o f  explainin g th e 

differenc e betwee n memorizatio n an d learning ,  an d 

be abl e t o accoun t  fo r  th e differenc e i n th e tim e scales . 

The Hebbian Recurrent Network 

The aim is to address the above criteria by incor-

poratin g th e Matri x Mode l  int o th e S R N i n a  fash -

io n whic h take s advantag e o f  th e strength s o f  each . 

Ther e ar e tw o importein t  point s abou t  th e structur e 

of  th e H R N (se e figur e 1) .  Firstly ,  th e representation s 

shoul d b e determine d b y th e dynamic s o f  th e networ k 

as a  consequenc e o f  learnin g an d no t  chose n a  prior i 
by th e experimenter .  Henc e th e input s t o th e mem-

or y syste m shoul d com e fro m th e hidde n activation s 

of  th e backpropagatio n network .  Secondly ,  tw o layer s 

of  backpropagatio n weight s ar e availabl e t o ma p th e 

output s o f  memor y ont o a m appropriat e respons e an d 

resul t  o f  probin g memor y ca n b e use d t o construc t 

th e nex t  cu e t o memory ,  allowin g th e possibilit y  o f 

chain s o f  recollection . 

Ther e ar e tw o way s i n whic h on e ma y vie w th e 

H R N.  Th e firs t  i s  t o conside r  i t  a  matri x memor y 

whic h ha s som e optimize d weight s aroun d i t  t o handl e 

th e control ,  decisio n an d representatio n aspects .  Th e 
othe r  wa y o f  thinkin g abou t  i t  i s  a s a n S R N wit h lon g 

ter m memory . 

Simulations and Results 

The SRN and HRN were applied to an episodic recog-

nitio n task .  Th e networ k wa s presente d wit h a  se -

quenc e o f  stud y item s durin g whic h i t  wa s t o respon d 

wit h th e "Blank "  symbol .  Thes e wer e followe d b y a 

tes t  ite m an d o n th e nex t  tim e ste p th e networ k ha d 

t o respon d "Yes "  i f  th e tes t  ite m wa s i n th e stud y lis t 

and "No "  otherwise . 

Lis t  Length .  Figur e 2(A )  show s th e effec t  o f 

increasin g th e lis t  lengt h o n th e performanc e o f  th e 

SRN,  an d H R N respectively .  Whil e th e performanc e 

of  th e SR N ha s decrease d t o chanc e afte r  onl y 5  items , 

th e H R N sustaine d it s performanc e unti l  i t  reache d 

10 ite m lists .  I n thes e simulation s th e vocabular y siz e 

was se t  t o b e twic e th e lis t  lengt h s o a s t o maintai n 

a 0. 5 probabilit y  o f  a  positiv e tes t  item .  Henc e whe n 

lis t  lengt h reache s 1 0 th e vocabular y ha s reache d 2 0 

items .  Th e inabilit y  o f  th e networ k t o memoriz e 

large r  list s ma y b e a  consequenc e o f  th e fac t  tha t 

th e vocabular y siz e ha s reache d th e numbe r  o f  hid -

den unit s rathe r  tha n a n indicatio n o f  th e memor y 
capacity . 

Vocabular y Size .  Figur e 2(B )  show s perfor -

mance a s th e vocabular y siz e i s manipulate d whe n 

th e H R N i s applie d t o th e 4-ite m recognitio n task . 

As wa s note d earlier ,  performanc e i s virtuall y unaf -

fecte d b y vocabular y siz e unti l  i t  reache s th e numbe r 

of  hidde n units .  A t  thi s poin t  ther e i s a  shar p drop . 

Hidde n Uni t  Analysis .  Whil e th e S R N mus t 

for m a  representatio n o f  th e entir e lis t  i n it s hidde n 

uni t  activatio n patterns ,  th e H R N ca n rel y o n th e 

hebbia n memor y t o stor e items .  Figur e 3  show s Hier -

archica l  Cluste r  Diagram s (HCA )  o f  th e hidde n uni t 

pattern s afte r  th e fina l  stud y ite m ha s bee n inpu t 

whic h demonstrat e thi s point . 

Discussion and Conclusions 

The introduction outlines six criteria for a model of 

human memor y an d a t  thi s stag e w e evaluat e th e 

HRN's performanc e o n these .  Th e architectur e o f 

th e H R N i s designe d s o tha t  i t  wil l  leeû n representa -

tion ,  decisio n criteri a an d contro l  an d henc e th e first 

thre e criteri a ar e met .  I n suc h a  simpl e tas k th e de -

gre e o f  contro l  require d wa s limited .  Th e onl y majo r 

distinctio n t o b e mad e wa s betwee n th e stud y phase , 

and th e decisio n phase .  Thi s distinctio n thoug h wa s 

typicall y learne d ver y quickly ,  usuall y wel l  withi n on e 

hundre d epochs . 
The H R N avoid s catastrophi c interference ,  inher -

itin g th e performanc e characteristic s fro m th e matri x 

memory.  It s abilit y  t o generaliz e wel l  eve n a s th e 

number  o f  vocabular y item s increase d i s o f  particula r 

importance ,  an d i s on e o f  th e majo r  distinguishin g 

factor s betwee n i t  an d th e SRN.  Th e las t  o f  th e crite -

ri a wa s th e rapi d bindin g i n memor y o f  alread y estab -

396 



[^  Outpu t  Unit s 

Baackpropagatio n j  i 

(  Hidde n Unit s 

) 

) 

Backpropagatio n 
t. 

(̂  Input s Unit s )  ( 

! 

'** *  Hebbia n 

^ 

Contex t  Unit s 

Figur e 1 :  Th e Hebbia n Recurren t  Networ k Architecture .  Th e soli d arrow s ar e set s o f  weight s whic h ar e mod -
ifie d usin g th e backpropagatio n algorithm .  Th e dcishe d lin e represent s th e feedin g o f  hidde n uni t  activation s 

throug h a  se t  o f  Hebbia n weight s t o th e contex t  unit s i n preparatio n fo r  th e nex t  timestep .  Th e Hebbia n 

weight s ar e update d afte r  th e activation s ar e fe d through .  I n additio n th e inpu t  patter n wa s require d o n th e 
outpu t  t o ensur e tha t  th e state s correspondin g t o differen t  input s wer e separated . 

lishe d representations .  Whil e th e possibl e represen -

tation s ar e develope d b y th e backpropagatio n mech -

anism ,  specifi c  memorie s ar e store d i n th e hebbia n 

weights .  I t  i s  th e dua l  memor y architectur e whic h 

avoid s catastrophi c interference ,  allow s fo r  th e signif -
ican t  improvemen t  i n generalization ,  an d account s fo r 

th e dramaticall y diflFeren t  timespan s o f  memor y emd 

learning . 
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Figur e 2 :  (A )  Performanc e (d' )  a s a  functio n o f  Lis t  Lengt h o n th e H R N an d S R N .  T h e H R N perform s 

m u ch bette r  thai n th e S R N o n list s o f  lengt h 9  o r  less .  O n list s o f  lengt h 1 0 th e HRN ' s performanc e fall s 

t o chance .  (B )  Performanc e (d' )  a s a  functio n o f  th e Numbe r  o f  Vocabular y Item s usin g th e H R N o n th e 4 
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Simpl e Recurren t  Ne two r k 

^ 

k 

The "a "  cluster s 

Hebbia n Recurren t  Ne twor k 

a -  list s whic h containe d a n "a " 
X -  list s whic h di d no t  contai n a n "a " 
3 -  indicate s tha t  th e "a "  wa s i n th e thir d positio n 

3 

H 

Figur e 3 :  Hierarchica l  Cluste r  Analysi s ( H C A )  o f  th e hidde n uni t  pattern s afte r  th e stud y lis t  ha s bee n 

input .  Fo r  th e S R N th e sequence s whic h contai n a n "a "  regardles s o f  positio n ar e clustere d together .  I n 

contras t  th e H R N cluster s onl y th e thir d positio n "a" s well .  T h e first  an d secon d positio n "a" s ar e mixe d 

i n wit h th e no n "a "  pattern s (i.e .  Xs ) .  T h e H R N doe s no t  nee d t o separat e thes e item s i n th e hidde n uni t 
vector s sinc e the y ar e retdne d i n th e hebbia n memory . 
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