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Abstrac t 

Our brains have an extraordinarily large capacity to store and 
recogniz e comple x pattern s afte r  onl y on e o r  a  ver y fe w expo -
sure s t o eac h item .  Existin g computationa l  learnin g algorithm s 
fal l  shor t  o f  accountin g fo r  thes e propertie s o f  huma n memory ; 
the y eithe r  requir e a  grea t  man y learnin g iterations ,  o r  the y ca n 
do one-sho t  learnin g bu t  suffe r  fro m ver y poo r  capacit y I n 
thi s paper ,  w e explor e on e approac h t o improvin g th e capacit y 
of  simpl e Hebbia n patter n associators :  addin g hidde n units . 
We propos e a  deterministi c algorith m fo r  choosin g goo d targe t 
state s fo r  th e hidde n laye r  I n assessin g performanc e o f  th e 
model ,  w e argu e tha t  i t  i s  critica l  t o examin e bot h increase d 
stabilit y  an d increase d basi n siz e o f  th e attracto r  aroun d eac h 
store d pattern .  Ou r  algorith m achieve s both ,  thereb y improv -
in g th e network' s capacit y t o recal l  nois y patterns .  Further , 
th e hidde n laye r  help s t o cushio n th e networ k fro m interfer -
enc e effect s a s th e memor y i s overloaded .  Anothe r  technique , 
almos t  a s effective ,  i s  t o "soft-clamp "  th e inpu t  laye r  durin g 
retrieval .  Finally ,  w e discus s othe r  approache s t o improvin g 
memory capacity ,  a s wel l  th e relatio n betwee n ou r  mode l  an d 
extan t  model s o f  th e hippocampa l  system . 

I n t r o d u c t i o n 

Human episodic memory (Tulving, 1972) is a puzzling phe-
n o m e n on t o m a n y modellers .  Ou r  brain s hav e a n extraor -
dinaril y  larg e capacit y t o stor e an d recogniz e pattern s suc h 
as picture s (Standing ,  1973) ,  fo r  example .  Thi s remarkabl e 
capacit y mus t  b e reconcile d wit h th e fac t  tha t  w e ca n lear n a 
comple x ite m suc h a s a  pictur e o r  a n associatio n betwee n a 
pai r  o f  unrelate d word s afte r  onl y a  singl e exposur e (one-sho t 
learning) .  H o w coul d w e mode l  suc h a  system ? Existin g com -
putationa l  learnin g algorithm s appea r  t o b e inadequate .  Con -
nectionis t  learnin g procedure s ca n b e groupe d int o tw o broa d 
types :  1 )  thos e tha t  hav e hig h capacit y bu t  requir e m a n y learn -
in g iterations ,  an d 2 )  thos e tha t  hav e lo w capacit y bu t  ca n d o 
one-sho t  learning .  Model s o f  th e first  typ e ar e abl e t o extrac t 
statistica l  regularitie s o r  hidde n variable s graduall y fro m th e 
input ;  thes e includ e back-propagatio n networks ,  Boltzman n 
machine s an d competitiv e learnin g network s (fo r  a  revie w o f 
thes e an d othe r  connectionis t  learnin g procedures ,  se e Hinton , 
1989) .  Model s o f  th e secon d typ e rapidl y memoriz e th e inpu t 
withou t  recodin g i t  int o hidde n features ;  thes e includ e linea r 
patter n associator s (e.g. ,  Anderson ,  1972 ;  Kohonen ,  1972) , 
Hopfiel d network s (Hopfield ,  1982 )  an d convolutiona l  m e m-
or y model s (e.g. ,  Murdock ,  1982 ;  Eich ,  1982 ;  Humphrie s 
et  al. ,  1989) . 

Variou s attempt s hav e bee n m a d e t o improv e th e capacit y o f 
single-laye r  associativ e m e m o r y network s (se e th e Discussio n 
section) .  Th e approac h take n her e i s t o devis e a  principle d 
way t o trai n a  memorizin g devic e wit h hidde n units .  Ou r 
startin g poin t  i s  th e Hopfiel d network .  W e retai n th e crifica l 
feature s o f  a  Hopfiel d network :  symmetri c connections ,  sym -
metri c Hebbia n learning, '  an d Hopfield' s activatio n dynamic s 
fo r  network s wit h real-value d unit s (Hopfield ,  1984) .  Wit h 
thes e features ,  th e networ k wil l  alway s settl e int o a n attracto r 
state ? Hopfiel d network s ar e popula r  a m o n g theoreUcian s 
becaus e o f  thei r  eas e o f  analysis :  the y ar e n o w wel l  under -
stoo d wit h respec t  t o thei r  storag e capacit y an d convergenc e 
properties .  The y ar e als o appealin g t o m a n y cognitiv e mod -
eller s becaus e o f  thei r  apparen t  similarit y t o h u m a n episodi c 
memory :  the y ca n recal l  pattern s afte r  onl y a  singl e exposur e 
usin g a  Hebbia n learnin g rule ,  an d the y ar e capabl e o f  retrieva l 
fro m partia l  o r  nois y cue s (patter n completion) .  However , 
thei r  capacit y i s extremel y low .  Th e numbe r  o f  pattern s re -
calle d nearl y correctl y a s a  proportio n o f  th e numbe r  o f  unit s 
i s abou t  0.15 .  Further ,  a s th e m e m o r y i s loade d beyon d thi s 
point ,  performanc e deteriorate s catastrophically .  Thes e ar e 
certainl y no t  typica l  characteristic s o f  h u m a n memory . 

The Model 

The solution explored here is to add hidden units to a Hopfield 
network ,  s o tha t  th e networ k ca n encod e hidde n o r  laten t 
variable s an d thereb y improv e it s capacity .  Th e proble m i s 
the n h o w t o adap t  th e weight s t o th e hidde n units .  A n obviou s 
ide a i s t o ad d a  hidde n laye r  wit h rando m initia l  weights , 
allo w th e hidde n laye r  unit s t o settl e t o "rando m states" ,  an d 
the n simpl y appl y one-sho t  Hebbia n learnin g a s i n th e usua l 
Hopfiel d network .  I f  th e hidde n laye r  state s ar e trul y rando m 
-  o r  nearl y so ,  thi s shoul d improv e th e capacit y becaus e i t 
i s  equivalen t  t o increasin g th e inpu t  dimensionality ,  whil e 
makin g th e inpu t  pattern s mor e nearl y orthogonal .  However , 
we hav e foun d tha t  thi s lead s t o eve n wors e capacity .  Thi s i s 
likel y becaus e 1 )  th e hidde n laye r  state s ar e no t  reall y random , 
an d 2 )  th e Hebb-rul e encourage s the m t o encod e feature s 

'i n symmetri c Hebbia n learning ,  th e weigh t  chang e o n th e con -
nectio n fro m uni t  A  t o uni t  B ,  an d als o o n tha t  fro m uni t  B  t o A ,  i s 
proportiona l  t o th e produc t  o f  th e tw o units '  activation s 

^An attracto r  stat e ha s th e desirabl e propert y tha t  i t  i s  stable ; 
i.e. ,  applyin g th e stat e updat e rul e t o an y uni t  leave s it' s activatio n 
unchanged .  Moreover ,  i f  th e networ k i s clos e t o a n attracto r  state , 
furthe r  stat e update s wil l  ten d t o driv e i t  int o tha t  attracto r  Thi s 
enable s th e networ k t o perfor m error-correctin g patter n retrieval . 
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Hidde n Unit s 
J 

0 

I n p u t  unit s 

Ex te rna l  inpu t 

- ^ > -  Fixe d weights ,  one-to-on e connection s 
-^^ -  Adaptiv e weights ,  ful l  intra-laye r  connectivit y 
— >-  Adaptiv e weights ,  spars e connectivit y 

Figur e 1 :  Th e networ k architecture .  Externa l  inpu t  connection s 
implemen t  "soft-clamping "  (se e text) ;  al l  othe r  connection s ar e sym -
metric .  Input-to-hidde n connection s ar e involve d i n modulatin g th e 
plasticit y i n th e hidde n laye r 

c o m m on t o m a n y patterns ,  thereb y leadin g t o mor e incorrec t 
retrieval s (i.e. ,  spuriou s attractor s o r  "blen d states") -

Th e ide a behin d ou r  approac h i s tha t  th e hidde n laye r  shoul d 
lear n t o correc t  fo r  codin g error s a t  th e inpu t  layer .  Thi s shoul d 
hel p t o creat e stabl e attractor s ou t  o f  th e inpu t  patterns .  Fur -
ther ,  th e attractor s shoul d b e widene d s o tha t  th e networ k i s 
toleran t  t o nois e i n th e input .  W e n o w describ e ou r  networ k 
architectur e an d trainin g procedure .  A  ke y featur e o f  ou r  ap -
proac h i s a  deterministi c schem e fo r  choosin g th e targe t  state s 
of  th e hidde n laye r  b y minimizin g inpu t  frustratio n s o tha t 
performanc e improve s dramatically .  Anothe r  critica l  featur e 
of  ou r  mode l  i s spars e hidde n laye r  connectivity .  W e first 
describ e th e networ k architectur e (show n i n Figur e 1) ,  an d 
the n th e procedur e fo r  hidde n stat e initializatio n an d learnin g 
(summarize d i n Tabl e 1) . 

Spars e input-to-hidden-laye r  connectivity :  Eac h hidde n 
uni t  shoul d b e responsibl e fo r  th e cleanu p o f  onl y on e o r 
a fe w inpu t  units '  activities .  Th e hidde n laye r  i s therefor e 
randoml y an d sparsel y connecte d t o th e inpu t  layer ,  an d thes e 
connection s initiall y  hav e smal l  uniform ,  positiv e weights . 

Spars e hidden-to-hidden-laye r  connectivity :  I f  eac h hid -
den uni t  wer e full y  connecte d t o ever y othe r  hidde n unit , 
th e learne d association s withi n th e hidde n laye r  woul d simpl y 
mirro r  thos e o f  th e inpu t  layer .  Ver y littl e improvemen t  i n 
capacit y woul d b e expecte d i n thi s case .  O n th e othe r  hand ,  i f 
eac h hidde n uni t  i s  connecte d t o a  smal l  numbe r  o f  othe r  ran -
doml y chose n hidde n units ,  i t  shoul d lear n t o predic t  th e inpu t 
from  wha t  i s approximatel y a  rando m featur e o f  th e input . 

Hidde n uni t  stat e initialization :  Eac h tim e a n inpu t  patter n 
i s presente d t o th e network ,  th e hidde n uni t  state s ar e first 
initialize d t o zero ,  an d the n synchronousl y update d fo r  a  singl e 
tim e step .  Thus ,  thei r  initia l  state s depen d onl y upo n th e inpu t 
laye r  activations ,  an d no t  o n othe r  hidde n uni t  activations . 
(Subsequen t  t o learning ,  w h e n th e m e m o r y performanc e o f 

th e networ k i s evaluated ,  th e entir e network' s state s woul d b e 
update d a t  thi s poin t  unti l  the y stabilize. )  Next ,  thei r  state s ar e 
threshoide d a t  zer o t o produc e binar y state s o f  1  o r  -1 .  Thes e 
state s ar e the n refine d a s describe d belo w t o produc e th e final 
hidde n laye r  targe t  states . 

Frustratio n minimization :  Hopfield' s stat e updat e equation s 
allo w th e networ k t o settl e t o a  stabl e stat e (a n attractor) ,  b y 
minimizin g th e followin g energ y function : 

E — -0.5 V] V] statei statcj weightij 

I f  a n inpu t  patter n i s presente d t o th e networ k bu t  tha t  stat e 
i s unstable ,  th e networ k wil l  m o v e awa y fro m tha t  stat e an d 
settl e int o th e wron g attractor .  W e therefor e wan t  th e net -
wor k t o buil d attracto r  state s ou t  o f  th e inpu t  patterns .  Thus , 
our  goa l  fo r  th e hidde n laye r  i s t o for m representation s tha t 
compensat e fo r  instabilitie s i n th e inpu t  layer ,  an d correc t  fo r 
potentia l  codin g errors .  Thi s motivate s th e followin g schem e 
fo r  adjustin g th e initia l  hidde n laye r  state s t o produc e th e fi-
nal  hidde n laye r  targe t  states :  W e minimiz e th e inpu t  laye r 
frustration .  A n inpu t  uni t  i s  i n a  "frustrated "  stat e w h e n it s 
net  inpu t  i s  o f  opposit e sig n t o it s externa l  input .  I n thi s case, 
th e inpu t  uni t  send s a  modulator y signa l  t o it s hidde n units , 
alertin g eac h hidde n uni t  tha t  i t  i s  frustrated .  Eac h hidde n uni t 
ca n the n evaluat e whethe r  i t  i s  contributin g t o th e inpu t  layer' s 
frustration ,  an d revers e it s o w n stat e i f  appropriate .  Ou r  al -
gorith m fo r  selectin g hidde n laye r  targe t  state s follow s th e 
gradien t  o f  th e energ y fo r  frustrate d inpu t  units .  Thi s energ y 
measur e correspond s t o th e energ y equatio n define d above , 
wit h i  indexin g ove r  frustrate d inpu t  unit s an d j  indexin g ove r 
al l  units . 

Weigh t  updates :  Onc e th e state s o f  th e hidde n unit s hav e 
bee n determined ,  th e one-shot ,  symmetri c Hebbia n learnin g 
rul e i s the n applied .  Thi s minimize s th e energ y i n th e entir e 
networ k t o m a k e a n attracto r  ou t  o f  th e curren t  globa l  networ k 
stat e (includin g bot h inpu t  an d hidde n laye r  units) . 

Tabl e 1 .  Th e Learnin g Phas e 
1.  Initializ e modulator y connectio n weight s t o 1 . 
2.  Initializ e al l  othe r  connectio n weight s t o 0 . 
3.  Fo r  eac h o f  th e N  inpu t  patterns , 

3. 1 C lam p inpu t  laye r  state s t o externa l  inputs . 
3. 2 Se t  hidde n laye r  state s t o zero . 
3. 3 D o 1  synchronou s updat e o f  hidde n laye r  states . 
3. 4 Threshol d hidde n laye r  state s t o ge t  -1, 1 states . 
3. 5 Improv e hidde n state s t o ge t  final  targe t  states : 

3.5. 1 Fo r  eac h inpu t  uni t  i . 
Comput e tota l  input ,  neU. f ro m al l  layers . 
I f  frustrate d (i.e .  statC i  *  net i  <  0) , 

For  eac h hidde n uni t  j  tha t  inpu t  i  project s to , 
Send a  modulator y signal ,  rntj : 

rrii j  =  statC i  *  weight^ j 
3.5. 2 Fo r  eac h hidde n uni t  j . 

I f  hidde n uni t  i s  frustratin g th e inpu t 
(i.e .  statC j  *  Y^ ^  rrii j  <  0) , 

Revers e thi s hidde n unit' s  state . 
3. 6 Appl y on e Hebbia n learnin g ste p t o al l  weights : 

Aweightj ^  =  1/A ^  state j  state ^ 
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M e a s u r i n g th e traine d network ' s p e r f o r m a n c e 

Soft-clamping the input layer: Once the network's weights 
hav e bee n trained ,  i t  ca n the n b e teste d o n it s abilit y  t o re -
cal l  o r  recogniz e tes t  patterns ,  presente d a s externa l  inpu t  t o 
th e network .  Geof f  Hinto n (persona l  communication )  sug -
geste d t o u s tha t  on e reaso n th e Hopfiel d networ k recall s s o 
fe w pattern s correctl y m a y b e tha t  th e inpu t  i s onl y mad e 
availabl e fo r  a  singl e tim e step .  A s th e inpu t  units '  state s ar e 
updated ,  the y ar e fre e t o forge t  completel y thei r  initia l  states . 
Thus ,  th e final  state s o f  th e unit s afte r  settlin g m a y b e ver y fa r 
fro m th e externa l  inpu t  pattern .  A  quic k fix  fo r  thi s proble m 
i s t o provid e th e externa l  inpu t  t o eac h uni t  a s a  constan t  inpu t 
sourc e whil e th e inpu t  uni t  state s ar e updating .  Thi s schem e 
bee n use d elsewher e (e.g .  th e B S B model ,  Anderson ,  1995 , 
Chapte r  15 )  although ,  t o ou r  knowledge ,  it s  effec t  o n capacit y 
has no t  bee n reporte d previously .  I t  i s  sometime s referre d 
t o a s soft-clamping .  T o implemen t  thi s idea ,  w e provide d 
eac h inpu t  uni t  wit h a n extr a incomin g lin k wit h a  positiv e 
connectio n weigh t  (se e Figur e 1) . 

Measure s o f  Capacity :  T w o capacit y measure s ar e com -
monl y use d i n th e literature :  1 )  Th e absolut e capacit y i s  th e 
proportio n o f  pattern s whic h ca n b e recalle d exactly ,  an d 2 ) 
th e relativ e capacit y i s  th e proportio n o f  th e trainin g pattern s 
whic h ca n b e recalle d nearl y correctly .  W e use d th e latter , 
wit h a  9 8 % correctnes s criterion .  W e teste d th e networ k o n 
bot h noise-fire e pattern s (identica l  t o th e trainin g patterns )  an d 
nois y version s o f  th e trainin g patterns .  Th e forme r  cas e i s 
analagou s t o a  recognitio n m e m o r y test ,  whil e th e latte r  i s 
analagou s t o cue d recall .  Tabl e 2  summarize s th e procedur e 
fo r  testin g th e network .  I n th e nex t  section ,  w e summariz e th e 
simulation s w e hav e performe d wit h thi s model . 

Tabl e 2 .  Th e Tes t  Phas e 
For  eac h inpu t  pattern , 

1.  Initializ e inpu t  laye r  state s an d externa l 
(soft-clamped )  input s accordin g t o th e inpu t  pattern . 

2.  Initializ e hidde n laye r  state s a s i n th e learnin g 
phas e (step s 3. 2 an d 3. 3 i n Tabl e 1) . 

3.  Allo w th e entir e networ k t o settl e t o equilibrium . 
4.  Retrieva l  i s  counte d a s correc t  i f  a t  leas t 

9 8 % o f  th e inpu t  unit s ar e i n correc t  states . 

connecte d randoml y vi a modulator y link s t o 1 0 % o f  th e inpu t 
laye r  units ,  an d als o t o 5 % o f  th e hidde n laye r  units .  Al l  th e 
connection s jus t  describe d wer e symmetric . 

Furthe r  simulation s wit h th e 100-inpu t  networ k wer e per -
forme d whic h include d run s wit h soft-clamping ,  nois y tes t 
patterns ,  an d variabl e connectio n probabilitie s withi n th e hid -
den layer .  Nois y version s o f  th e testin g pattern s wer e create d 
by flipping  th e sig n o f  eac h patter n elemen t  wit h a  probabilit y 
of  0. 1 o r  0.2 .  Finally ,  th e probabilit y  o f  th e random ,  symmet -
ri c interconnection s withi n th e hidde n laye r  wa s varie d fro m 
.1 0 t o .20 . 

We use d th e hyperboli c tangen t  activatio n function : 

statC i  = 
1 -  exp{-gai n neti ) 

1 -I -  cxp{-gai n net, ) 

S i m u l a t i o n s 

wher e net t  i s  th e weighte d s u m m e d inpu t  t o th e it h unit .  W e 
use d a  larg e gai n o f  50. 0 t o spee d u p convergence .  Lowerin g 
th e valu e o f  th e gai n di d no t  see m t o influenc e th e recal l 
capabilitie s m u c h i f  a t  all . 

Results and Discussion 

Results with noise-free patterns 

Some of the results for the 100-input network with noise-
fre e dat a ar e presente d i n Figur e 2 .  Th e botto m curv e show s 
th e performanc e o f  network s wit h n o hidde n unit s an d n o 
soft-clamping .  Th e next-lowes t  curv e show s th e benefit s o f 
soft-clampin g wit h n o hidde n units .  Th e remainin g curve s 
sho w result s fo r  network s wit h soft-clampin g an d varyin g 
number s o f  hidde n units .  Althoug h thi s figure  suggest s tha t 
th e hidde n laye r  i s beneficial ,  i t  als o illustrate s tha t  testin g 
wit h noise-fre e pattern s ca n b e rathe r  deceptive .  I n fact ,  w e 
coul d ge t  perfec t  recal l  fo r  an y patter n se t  siz e (i.e. ,  infinit e 
capacity )  simpl y b y settin g th e soft-clampin g weight s t o b e 
sufficientl y large .  I n doin g so ,  inpu t  unit s woul d the n ignor e 
th e state s o f  othe r  unit s i n th e network ,  an d simpl y cop y th e 
state s o f  thei r  externa l  inpu t  lines .  However ,  thes e network s 
woul d exhibi t  n o toleranc e t o noise .  I n othe r  words ,  th e soft -
clampin g help s t o m a k e stabl e attractor s o f  th e inpu t  patterns , 
but  i t  doe s no t  hel p t o m a k e wid e attracto r  basins .  I n fact ,  i t 
m ay lea d t o mor e spuriou s attractor s becaus e i t  help s t o mak e 
stabl e attractor s o f  ever y possibl e state .  Fo r  th e remainin g 
simulation s reporte d here ,  network s wer e teste d wit h nois y 
patterns . 

P r o c e d u r e 

All simulations were run on run on Silicon Graphics Indy 
workstations .  Th e trainin g pattern s wer e rando m vector s o f 
binar y number s tha t  ha d a n equa l  probabilit y  o f  bein g 1  o r 
-1 .  Fiv e differen t  rando m trainin g set s wer e create d fo r  eac h 
inpu t  laye r  siz e an d trainin g se t  size .  Hence ,  simulation s wit h 
a give n architectur e consiste d o f  runnin g five  independen t 
trial s wit h eac h o f  th e inpu t  trainin g se t  sizes . 

Our  initia l  simulation s wer e ru n usin g network s wit h 50 , 
100 ,  an d 15 0 inpu t  laye r  units ,  withou t  soft-clamping .  W e 
varie d th e numbe r  o f  hidde n unit s fro m 0  t o 50 0 a t  interval s 
of  10 0 units .  Fo r  eac h o f  thes e conditions ,  th e connectivit y 
schem e wa s a s follows .  Th e inpu t  laye r  wa s full y intercon -
necte d (withou t  self-connections) .  Th e hidde n unit s wer e 

Result s wit h noisy  pattern s 

Figure 3 shows the results of 100-input networks tested 
wit h nois y inpu t  patterns . 

Effect s o f  trainin g se t  size :  A s mentione d earlier ,  th e sim -
pl e Hopfiel d networ k wit h n o hidde n unit s an d n o soft -
clampin g ha s a  relativ e capacit y o f  abou t  .15N ,  wher e N  i s 
th e numbe r  o f  units .  I f  suc h a  networ k i s overloade d wit h 
a numbe r  o f  pattern s exceedin g it s capacity ,  it s  performanc e 
rapidl y deteriorate s towar d zero .  Moreover ,  th e capacit y i s 
a grea t  dea l  wors e whe n measure d wit h nois y tes t  patterns . 
Thes e effect s ca n b e see n i n th e botto m curve s o f  Figure s 
2 an d 3  respectively .  Wit h soft-clampin g an d hidde n units , 
th e networ k perform s m u c h bette r  i n th e presenc e o f  noise . 
Wit h increasin g trainin g se t  sizes ,  th e networ k performanc e 
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stil l  deteriorate s towar d zero .  Usin g a n incrementa l  learnin g 
rul e wit h weigh t  deca y m a y hel p t o preven t  thi s deterioration , 
by allowin g gradua l  replacemen t  o f  ol d memorie s wit h ne w 
ones .  Thi s shoul d allo w th e capacit y t o remai n relativel y con -
stan t  (i n absolut e number s o f  pattern s recalled ,  a s oppose d t o 
proportio n o f  trainin g se t  size )  a s th e trainin g se t  siz e grows . 

Althoug h ou r  mode l  doe s no t  yiel d th e sor t  o f  capacit y 
increase s on e woul d se e wit h a  mor e powerfu l  learnin g proce -
dur e suc h a s back-propagation ,  i n th e leagu e o f  Hopfield-styl e 
network s wit h one-sho t  learning ,  i t  perform s quit e impres -
sively . 

Effect s o f  hidde n laye r  siz e an d connectivity :  Varyin g th e 
siz e o f  th e hidde n laye r  fro m 0  t o 50 0 unit s produce d smoothl y 
increasin g gain s i n capacit y fo r  al l  inpu t  size s an d trainin g 
set  size s tested .  Onl y th e performanc e curv e fo r  th e 500 -
hidden-uni t  networ k i s show n i n Figur e 3 .  Wit h respec t  t o th e 
connectivit y o f  th e hidde n layer ,  mor e significan t  gain s wer e 
achieve d whe n th e probabilit y  o f  th e interconnection s amon g 
th e hidde n unit s wa s increase d fro m 0. 1 t o 0. 2 (no t  show n i n 
Figure) .  Thi s ha s th e effec t  o f  widenin g th e basin s o f  attrac -
tio n fo r  th e inpu t  patterns ,  sinc e mor e unit s ar e involve d i n th e 
representation .  However ,  ther e i s a  limite d benefi t  i n continu -
in g t o increas e th e connectivit y i n th e hidde n layer .  I n fact ,  i f 
th e hidde n laye r  i s to o strongl y interconnected ,  performanc e 
deteriorate s -  presumabl y becaus e th e hidde n laye r  feature s 
become correlate d an d m a y the n lea d t o spuriou s attractors . 

Effec t  o f  soft-clampin g versu s hidde n units :  B y addin g 
hidde n unit s an d soft-clamping ,  w e se e mor e tha n a  five-fold 
improvemen t  i n capacit y ove r  th e simpl e Hopfiel d networ k 
withou t  hidde n unit s o r  soft-clamping .  Thi s estimat e i s de -
rive d fro m Figur e 3  b y equatin g performanc e a t  th e . 7 recal l 
leve l  a s a  proportio n o f  th e trainin g se t  size .  Thi s i s th e maxi -

m um achieve d b y th e simpl e Hopfiel d network .  A t  thi s point , 
th e origina l  Hopfiel d networ k ca n stor e abou t  3. 5 pattern s i n 
a trainin g se t  o f  5  patterns ,  whil e th e networ k wit h 50 0 hid -
den unit s an d soft-clampin g ca n stor e abou t  1 9 o f  2 7 patterns . 
Not e tha t  th e networ k wit h 50 0 hidde n unit s an d 0. 1 connec -
tio n probabilit y  ha s onl y a  four-fol d increas e i n th e numbe r  o f 
connection s ove r  a  simpl e Hopfiel d networ k wit h 10 0 units . 
To achiev e thi s sam e improvemen t  i n a  simpl e full y  connecte d 
Hopfiel d networ k woul d requir e increasin g th e networ k siz e 
four -  t o five-fold,  hence ,  addin g 1 6 t o 2 5 time s th e numbe r 
of  connections .  Additionally ,  on e woul d nee d t o increas e th e 
number  o f  bit s o f  informatio n i n th e inpu t  pattern ,  wherea s i n 
ou r  network s wit h hidde n unit s w e hav e no t  adde d an y n e w 
informatio n t o th e input . 

Hopfiel d network s wit h soft-clampin g an d hidde n unit s out -
performe d thos e wit h soft-clampin g an d n o hidde n unit s b y 
factor s o f  2.0 ,  1. 6 an d 1. 4 whe n measure d a t  th e 1.0 ,  0. 9 an d 
0. 8 recal l  level s respectivel y (se e Figur e 3) .  Thus ,  th e soft -
clampin g account s fo r  mos t  o f  th e performanc e improvement , 
but  th e hidde n laye r  enhance s peroformanc e significantl y be -
yon d this . 

General Discussion 

We began by stating that one way to improve the capacity 
of  a n associativ e m e m o r y mode l  woul d b e t o creat e rando m 
code s i n th e hidde n layer .  Ou r  mode l  use s rando m spars e 
connectivity ,  rathe r  tha n rando m initia l  weights ,  t o achiev e a 
degre e o f  randomnes s i n th e hidde n laye r  features .  M o r e im -
portantly ,  however ,  ou r  mode l  use s a  principled ,  deterministi c 
schem e fo r  improvin g upo n th e hidde n codes ,  b y minimiz -
in g th e amoun t  o f  frustratio n i n th e inpu t  layer .  O n e migh t 
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thin k tha i  simpl y assignin g rando m initia l  stale s t o th e hidde n 
unit s woul d b e bette r  still .  However ,  thi s woul d b e equivalen t 
t o simpl y increasin g th e siz e o f  th e input ,  an d woul d requir e 
addin g ne w externa l  informatio n t o augmen t  th e inpu t  pattern . 

We hav e als o demonstrate d th e utilit y  o f  usin g soft -
clampin g i n a  Hopfiel d network :  soft-clampin g turn s ou t  t o 
be a t  leas t  a s importan t  a s hidde n unit s i n improvin g th e ca -
pacity .  A t  lo w nois e levels ,  i n fact ,  th e hidde n unit s provid e 
littl e o r  n o advantag e beyon d tha t  o f  soft-clamping .  A t  hig h 
nois e levels ,  however ,  th e hidde n laye r  become s increasingl y 
beneficia l  i n cleanin g u p th e inpu t  states .  A s discusse d above , 
increasin g th e connectivit y i n th e hidde n laye r  widen s th e 
basi n o f  attraction ,  leadin g t o bette r  performanc e wit h nois y 
patterns . 

Other Ways to Improve Capacity 

A variety of other schemes have been proposed for improving 
th e capacit y i n associativ e memor y models ,  whil e retainin g 
one-sho t  Hebbia n learning .  W e describ e tw o here :  th e us e o f 
spars e activations ,  an d non-monotoni c activatio n functions . 

Sparse activations 

Several investigators have demonstrated the utility of sparse 
activation s i n improvin g memor y capacit y (Ami t  e t  al. ,  1987 ; 
Tsodyks ,  1988;Tsodyks&Feigel'man ,  1988) .  Tha t  is ,  rathe r 
tha n usin g equa l  bi t  probabilitie s i n generatin g th e inpu t  pat -
terns ,  onl y a  smal l  numbe r  o f  th e inpu t  unit s shoul d b e on .  A n 
intuitiv e wa y t o understan d th e reaso n fo r  thi s i s t o thin k o f  th e 
probabiht y o f  an y pai r  o f  unit s bein g o n together .  Wit h ran -
d o m patterns ,  th e pairwis e probabilitie s ar e jus t  equa l  t o th e 
produc t  o f  th e individua l  bi t  probabilities .  Thus ,  wit h spars e 
patterns ,  an y pai r  o f  unit s ha s a  muc h lowe r  chanc e o f  bein g 
on together .  I n thi s case ,  th e connection s encod e association s 
whic h occu r  relativel y infrequently ;  thus ,  eac h associatio n 
m ay onl y represen t  a  singl e memor y episode .  Larg e sparsel y 
connecte d network s therefor e see m t o b e well-suite d a s mod -
el s o f  episodi c memory .  Thi s analysi s applie s equall y wel l 
t o th e hidde n laye r  code s i n ou r  network .  Thus ,  w e woul d 
expec t  a  comparabl e improvemen t  i n capacit y fo r  ou r  multi -
laye r  networ k i f  w e use d spars e code s a t  bot h th e inpu t  an d 
hidde n layers . 

Alternative activation functions 

Morita has studied a version of the Hopfield network 
whic h use s a  non-monotoni c activatio n functio n (Morita , 
1993 ;  Yoshizaw a e t  al. ,  1993 )  o f  th e for m show n i n Fig -
ur e 4 .  Morita' s networ k achieve s approximatel y a  three-fol d 
improvemen t  i n capacit y ove r  Hopfield' s dynamics .  Inter -
estingly ,  whe n th e Morit a networ k i s presente d wit h a  nois y 
patter n tha t  i t  fail s  t o recognize ,  rathe r  tha n settlin g t o a n incor -
rec t  attractor ,  Morit a claim s tha t  i t  instea d wander s chaoticall y 
throug h it s stat e space .  Recen t  estimate s o f  th e fracta l  dimen -
sio n o f  Morit a networ k dynamic s b y Thoma s Trappenber g 
(persona l  communication )  confir m tha t  the y d o indee d appea r 
t o b e chaotic . 

W hy woul d chaoti c behavio r  b e desirabl e i n a  memor y 
model ? Stev e Joorden s (persona l  communication )  ha s sug -
geste d tha t  on e coul d buil d a  recognitio n memor y networ k 
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Figure 4: Morita's non-monotonic activation function. 

base d o n Morita' s dynamic s tha t  ca n discriminat e a  familia r 
stimulus ,  whic h bring s th e networ k t o a n attracto r  state ,  fro m a 
nove l  stimulus ,  whic h doe s not .  Thi s suggest s tw o intriguin g 
possibilitie s fo r  memor y models :  1 )  Th e distinctio n betwee n 
attracto r  state s an d chaoti c dynamic s coul d b e use d t o signa l 
th e memor y syste m a s t o whe n i t  shoul d encod e somethin g 
new,  rathe r  tha n encodin g ever y ite m tha t  i s  presente d t o th e 
network .  2 )  I f  th e chaoti c pat h throug h stat e spac e remain s 
sufficientl y fa r  fro m an y store d patterns ,  i t  ma y b e use d t o 
selec t  pseudo-rando m targe t  state s fo r  th e hidde n laye r  whe n 
a ne w cod e i s t o b e learned .  I n othe r  words ,  th e Morit a dy -
namic s coul d b e use d t o advantag e i n ou r  mode l  t o hel p selec t 
goo d hidde n laye r  code s fo r  nove l  patterns .  W e ar e currentl y 
investigatin g th e utilit y  o f  combinin g bot h spars e code s an d 
Morit a dynamic s wit h th e learnin g procedur e describe d here . 

Relation to Hippocampal Function 

It is widely believed by both neuroscientists and memory re-
searcher s tha t  th e sea t  o f  th e episodi c o r  explici t  memor y sys -
te m i s th e hippocampa l  are a (includin g surroundin g cortica l 
structures) .  Earl y attempt s t o mode l  hippocampa l  functio n 
assumed tha t  thi s brai n regio n behave d lik e a  simpl e Heb -
bia n patter n associato r  (Marr ,  1971 ;  McNaughto n &  Nadel , 
1990) .  T w o mor e recen t  model s hav e emphasize d th e nee d 
fo r  a  rando m recodin g o f  th e hippocampa l  input s fro m th e 
dentat e gyru s int o a  spars e cod e i n th e C A 3 regio n o f  th e hip -
pocampu s (McClellan d e t  al. ,  1995 ;  Lev y &  W u ,  1993 ;  Lev y 
& W u ,  1996 ;  Levy ,  1997) .  Th e mode l  propose d her e i s con -
sisten t  wit h tha t  interpretation ,  i.e. ,  th e dentat e gyru s act s a s 
th e inpu t  laye r  an d C A 3 act s a s th e hidde n layer .  Th e moss y 
fiber  projection s fro m th e dentat e t o C A 3 coul d pla y th e rol e 
of  sendin g plasticity-gatin g modulator y signals .  Thi s coul d 
be accomplishe d vi a a  frequenc y cod e (e.g. ,  th e hippocampa l 
thet a rhythm) ,  o r  b y modulatin g th e gai n o f  th e hidde n units ' 
activatio n function s i n combinatio n wit h a  plasticit y threshold . 

Our  mode l  woul d nee d t o b e elaborate d t o accoun t  fo r  th e 
detaile d circuitr y o f  th e hippocampa l  structures .  Fo r  example , 
our  mode l  ha s symmetri c feedbac k connection s fro m th e hid -
den t o th e inpu t  layer ,  wherea s ther e d o no t  appea r  t o b e direc t 
back-projection s fro m C A 3 t o th e dentat e gyrus .  Instead ,  th e 
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inpu t  t o th e dentat e i s re-integrate d wit h th e cod e produce d i n 
th e C A 3 regio n a t  th e subsequen t  processin g stage s (CA I  an d 
entorhina l  cortex) .  I f  w e remove d th e back-projection s fro m 
th e hidde n t o th e inpu t  layer ,  an d use d spars e codes ,  th e hii t 
den laye r  woul d b e performin g a  rathe r  interestin g function : 
i t  woul d directl y encod e onl y th e surprisin g part s o f  th e inpu t 
-  patter n element s tha t  ar e no t  expecte d give n th e pairwis e 
association s learne d withi n th e inpu t  layer .  Thi s ma y b e a 
ver y efficien t  wa y t o encod e nove l  episodes . 

Lev y an d other s hav e stresse d th e rol e o f  th e hippocampa l 
syste m i n formin g tempora l  association s i n sequenc e learning . 
Severa l  investigator s hav e show n tha t  addin g a  tempora l  dela y 
i n th e Hebbia n learnin g rul e ca n accomplis h thi s i n simpl e 
associativ e memor y model s (e.g .  Amari ,  1972 ;  Griniast y 
et  al. ,  1993 ;  Lev y &  W u ,  1996 ;  Levy ,  1997) . 

Conclusions 

We have presented a novel algorithm for training Hopfield 
network s wit h hidde n unit s whic h bot h deepen s an d widen s 
th e attracto r  basin s aroun d th e trainin g patterns .  Th e mode l 
i s o f  interes t  a s a  potentia l  accoun t  o f  huma n recognitio n 
memory an d hippocampa l  function . 
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