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Abstrac t 

We address the question of memory mcdntencince in 
a neurona l  syste m whos e synapse s underg o continuou s 
metaboli c turnover .  Ou r  solutio n i s base d o n neurona l 
regulatio n mechanisms .  W e develo p thi s concep t  cin d 
demonstrat e i t  withi n th e framewor k o f  a  neura l  mode l 
of  associativ e memory .  I t  operate s i n conjunctio n wit h 
rando m activatio n o f  th e memor y system ,  cin d i s abl e t o 
coimterbalcinc e degradatio n o f  synapti c weights ,  an d t o 
normcdiz e th e bcisin s o f  attractio n o f  a H memories .  Ove r 
lon g tim e periods ,  whe n th e veiricinc e o f  th e degrada -
tio n proces s become s important ,  synapse s ar e n o longe r 
maintaine d a t  thei r  origina l  veilues .  Nonetheless ,  mem-
orie s ca n b e maintaine d provide d ther e exis t  appropri -
at e bound s o n synapti c growth .  Th e remnan t  memor y 
syste m i s obtciine d b y a  dynami c proces s o f  synapti c se -
lectio n cin d growt h drive n b y neuronci l  regulator y mech -

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

Memorie s ca n b e maintaine d fo r  ver y lon g period s o f 
time ,  eve n durin g ou r  whol e lifetime .  A  fundamenta l 
dogma i n th e Neuroscience s i s  tha t  memorie s ar e en -
grave d i n th e brai n vi a specific ,  long-term ,  alteration s i n 
synapti c efficacies .  However ,  synapti c turnove r  i s rela -
tivel y widesprea d i n th e matur e nervou s syste m (Goele t 
et  a/.1986 ;  Lismanl994 ;  Wolf f  e ^  a/.1995) .  H o w the n 
ar e memorie s maintaine d fo r  ver y lon g periods ? Clearl y 
memorie s ca n b e maintaine d i f  synapti c weight s ca n b e 
kept  fixed ,  whic h i s th e purpos e o f  severa l  mechanism s 
tha t  wer e suggeste d i n th e literature .  A n interestin g 
alternative ,  tha t  w e wil l  explor e below ,  i s maintainin g 
memorie s wit h altere d synapti c values ,  i.e. ,  synapse s 
chang e dynamicall y an d stil l  encod e th e origina l  memo-
rie s (Kavanaul994) . 

Memory maintenanc e i s carrie d ou t  o n th e neurona l 
leve l  an d compensate s fo r  synapti c degradation .  I t  ha s 
th e interestin g propert y o f  normaUzin g basin s o f  attrac -
tion ,  an d prevent s th e formatio n o f  pathologi c neura l  as -
semblies .  T o perfor m memor y maintenance ,  th e neuron s 
i n ou r  mode l  regulat e thei r  overal l  leve l  o f  synapti c in -
put s (i.e. ,  averag e post-synapti c potential )  b y activatin g 
neurona l  regulator y (NR )  processe s tha t  jointl y modif y 
al l  th e incomin g synapse s o f  th e neuro n b y a  commo n 
factor . 

Our  proposa l  i s  biologicall y motivate d b y th e extensiv e 
experimenta l  evidenc e o f  homeostasi s mechanism s tha t 

act  t o maintai n neurona l  activit y (se e (va n Ooyenl994 ) 
fo r  a  comprehensiv e review) .  I t  i s a  generalizatio n o f  a 
previou s wor k (Hor n e t  a/ .  1996a )  wher e w e hav e stud -
ie d a  simila r  mechanis m fo r  th e extrem e cas e o f  synapti c 
deletio n i n th e contex t  o f  Alzheimer' s Disease .  A  first 
versio n o f  thi s mode l  wa s presente d i n th e Cogsc i  con -
ferenc e las t  yea r  (Hor n e t  o/ .  1996b) .  Th e presen t  wor k 
extend s th e previou s versio n significantl y i n tw o impor -
tan t  ways :  First ,  b y incorporatin g dynamica l  synapti c 
learning .  Second ,  b y introducin g bound s o n synapti c 
weights .  Th e latte r  turn s ou t  t o b e crucia l  fo r  th e em -
beddin g o f  lon g ter m memories ,  whic h ca n b e maintaine d 
wit h modifie d synapti c values . 

The Model 

We stud y N R i n th e framewor k o f  a n excitatory -
inhibitor y associativ e memor y networ k (Tsodyksl989) . 
M memor y pattern s ar e encode d o n th e N  excitator y 
neuron s only ,  wit h spars e codin g leve l  p  «  1 .  Th e in -
hibitor y neuron s ar e assume d t o serv e th e rol e o f  induc -
in g competitio n betwee n th e excitator y neurons .  Thei r 
effec t  i s  represente d b y a  globa l  term .  Th e initia l  synap -
ti c efficac y Jij{ t  =  0 )  betwee n th e jt h (presynaptic )  neu -
ro n an d th e it h (postsynaptic )  neuro n i s chose n i n th e 
Hebbia n manne r 

M 

=̂1 
(1 ) 

wher e tj' '  ar e th e store d memor y patterns .  Th e updatin g 
rul e fo r  th e activit y stat e VJ o f  th e it h binar y neuro n i s 
give n b y 

Vi{t '  +  At ' )=S(hi{ t ' ) -T )  (2 ) 

wher e t '  denote s th e fas t  time  scal e o f  th e updatin g o f  th e 
networ k i n a  singl e retrieva l  trial ,  an d T  i s th e threshold . 
S{x )  i s a  stochasti c sigmoi d function ,  gettin g th e valu e 
1 wit h probabilit y  ( 1 -| -  e ~ ^ ) ~ ^ an d 0  otherwise . 

hi{t' )  =  hnt')-iQit' )  +  i i (3 ) 

i s th e loca l  field,  o r  membran e potential .  I t  include s 
th e excitator y Hebbia n couplin g o f  al l  othe r  excitator y 
neurons , 

N 

^^( 0 =  E-^'^^i( 0 (4 ) 
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an externa l  inpu t  A ,  an d inhibitio n tha t  i s proportiona l 
t o th e tota l  activit y o f  th e excitator y neuron s 

e( 0 =  T^E^.( 0 Np 
(5 ) 

As lon g a s th e inhibitio n strengt h obey s 7  >  Mp" ^  th e 
networ k perform s well .  Performanc e i s measure d b y iis -
sessin g th e averag e recal l  o f  al l  memories .  Th e retrieva l 
qualit y a t  eac h tria l  i s  measure d b y th e overla p function , 
m'* ,  tha t  denote s th e similarit y betwee n th e fina l  stat e 
V th e networ k converge s t o an d th e memor y patter n r;' ' 
tha t  i s  cue d i n eac h trial ,  define d b y 

m' '( 0 = 
1 

p(i-p)A ĵe t 
E('?^-p)v;( 0 (6 ) 

Synapti c wezikenin g du e t o metaboli c turnover ,  o r 
synapti c degradation ,  i s  modele d b y 

J,ji t  +  At )  =  {l-Uj)JiAt ) (7 ) 

wher e th e tim e t  denote s th e numbe r  o f  degradatio n an d 
maintenanc e steps ,  o r  epochs .  Th e degradatio n parame -
ter s e, j  ar e generate d randoml y wit h averag e e  an d stan -
dar d deviatio n (7̂ .  Synapti c strengthenin g resultin g fro m 
N R i s represente d b y 

Jij{ t  +  At )  =  CiJij(t ) (8 ) 

i n whic h th e regulatio n factor s c ,  correc t  th e value s o f 
al l  excitator y synapti c connection s projectin g o n neuro n 

c,-  =  1  +  rtan h 1-
{hU{t))\ ] 

m j \ 
(9 ) 

wher e i/ f  =  (/î,( < =  0) )  an d k  an d r  ar e rat e constants . 
Thi s choic e o f  c ,  maintain s th e averag e neurona l  inpu t 
fiel d a t  it s baselin e value ,  i/f ,  sinc e i t  counterbalance s 
th e effec t  o f  an y shif t  i n /if .  Th e tan k functio n limit s 
th e effect s o f  sudde n larg e change s i n th e field,  thu s in -
creasin g th e stabilit y  o f  th e resultin g networ k dynamics . 
I n numerica l  simulation s w e us e / c =  1 0 an d r  =  0.01 . 

I n ever y simulatio n experimen t  describe d below ,  a  se -
quenc e o f  synapti c degreidatio n an d maintenanc e step s 
i s executed .  Eac h suc h ste p (on e tim e unit ,  o r  'epoch' , 
i n th e result s reporte d below )  i s compose d o f  th e follow -
in g substeps :  1 .  Synapti c degradatio n i s performe d b y 
decrementin g Ji j  followin g Eq .  7 .  2 .  Th e averag e inpu t 
field  o f  ecic h neuro n i s measure d b y presentin g rando m in -
put s t o th e networ k an d lettin g i t  flow  int o it s  attractors . 
3.  Afte r  averagin g ove r  man y input s th e ne w c,' s ar e cal -
culate d vi a Eq .  9  an d th e synapti c weight s ar e modifie d 
accordingly .  4 .  Th e network' s curren t  performanc e leve l 
i s  measure d b y Eq .  6 ,  befor e anothe r  degradatio n ste p i s 
applied . 

Results 

Thi s algorith m implement s successfully ,  i n a  loca l  man -
ner ,  th e globa l  optima l  synapti c regeneratio n strateg y 
describe d i n (Hor n e t  a/ .  1993) .  Interestingly ,  i t  ca n als o 

g4-g50= 1 

\ 'v\r \r^^' f ! l 
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Figur e 1 :  (a )  Siz e o f  basin s o f  attractio n a s measure d b y 
th e percentag e o f  retrieval s o f  specifi c  memories .  Thi s 
simulatio n o f  a n N  =  100 0 networ k ha s 5 0 memorie s 
store d suc h tha t  thre e hav e strength s o f  3  =  4 ,  3  an d 2 , 
and al l  th e res t  hav e 5 = 1 .  (b )  Share s o f  memor y spac e 
(relativ e size s o f  basin s o f  attraction )  a t  th e beginnin g 
(uppe r  figure)  an d th e en d (lowe r  figure)  o f  th e simula -
tion .  Rando m input s lea d eithe r  t o encode d memorie s o r 
t o th e nul l  attracto r  (gra y shading )  i n whic h al l  activit y 
stops . 

counteract the formation of pathologic attractors. The 
latte r  ar e strongl y embedde d patterns ,  tha t  dominat e 
al l  othe r  memor y patterns .  Suppos e tha t  a t  som e poin t 
of  tim e suc h pathologi c attractor s ar e formed ,  an d th e 
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syste m finds  itsel f  wit h a  synapti c efficac y matri x 

1 ^ 
•^' i (^)=A^E5' ' '? ' ' .V ,  (10 ) 

where some of the memories are encoded with weights ^'' 
large r  tha n 1 .  W e find  tha t  i f  a t  thi s poin t  th e N R mech -
anis m i s applied ,  allowin g th e syste m t o evolv e throug h 
degradatio n an d maintenanc e cycles ,  suc h attractor s ar e 
trimme d down ,  a s demonstrate d i n Figur e 1 .  W e displa y 
her e th e basin s o f  attractio n o f  ou r  model ,  a s measure d 
by a  retrieva l  proces s whic h i s initiate d b y rando m in -
puts .  Wherea s a t  th e beginnin g th e stron g memorie s 
dominat e th e scene ,  thei r  weight s ar e graduall y reduced 
by th e maintenanc e method ,  unti l  a n almos t  homoge -
neou s embeddin g i s achieved . 
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Figur e 2 :  Alternatin g synapti c learnin g an d mainte -
nance .  W e star t  ou t  wit h a  syste m o f  N  =  100 0 neuron s 
holdin g 3 0 memories .  Ever y 1 5 epoch s a  ne w patter n i s 
store d durin g 5  epochs ,  followe d b y 1 0 epoch s o f  regula r 
synapti c degradatio n an d maintenance .  Th e to p figure 
shows ho w th e nul l  attracto r  graduall y vanishes .  Th e 
lowe r  figure  portray s th e basin s o f  attractio n o f  th e dif -
feren t  memorie s (large r  basin s ar e darker )  a t  subsequen t 
epochs .  A s evident ,  homogeneou s m e m o r y retrieva l  i s 
maintaine d throughou t  th e simulation . 

Neuronal regulation works well also when it is com-
bine d wit h ongoin g learnin g o f  new ,  unfamiliar ,  m e m o r y 
patterns .  Thi s i s demonstrate d i n Figur e 2 .  Her e ever y 
fe w epoch s th e networ k acquire s anothe r  m e m o r y i n a n 
activit y dependen t  manner .  A  ne w m e m o r y i s presente d 

t o th e networ k vi a a n externa l  inpu t  an d th e synapti c 
efficacie s o f  co-activ e neuron s ar e allowe d t o chang e i n a 
Hebbia n fashion . 

•-"10 ' 

Figur e 3 :  Th e collaps e tim e t c o f  networ k performanc e 
(logarithmi c scale )  a s a  functio n o f  th e standar d devia -
tio n o f  th e synapti c degradatio n proces s a^ .  Bot h exper -
imenta l  (smal l  circles )  an d analyti c (soli d curve )  result s 
ar e shown .  A ^  =  1000 ,  M =  50 ,  p  =  0.05 . 

By maintaining the mean of the neuron's local field, 
th e N R metho d prevent s rapi d m e m o r y los s tha t  woul d 
otherwis e occu r  du e t o synapti c decay .  Thus ,  wit h a 
unifor m degradatio n process ,  th e network' s performanc e 
wil l  b e maintaine d forever .  However ,  a  non-unifor m 
degradatio n proces s wil l  eventuall y lea d t o a n imbalanc e 
of  synapti c weights ,  resultin g i n a  finite  networ k life-tim e 
tc -  Thi s i s demonstrate d i n Figur e 3  wher e w e compar e 
simulation s wit h analyti c result s calculate d b y a  mean -
field  approac h (Sompolinskyl986 ;  Tsodyksl989 ;  Her -
rman n e t  aZ.1995) .  A s th e varianc e o f  synapti c degrada -
tio n increases ,  th e network' s life-tim e rapidl y decreases . 
Translatin g thi s resul t  t o th e biologica l  real m i n a  precis e 
quantitativ e manne r  i s currentl y impossible ,  sinc e dat a 
abou t  biologica l  synapti c turnove r  rate s ar e ye t  scarc e 
an d inconclusive .  Severa l  studie s sugges t  tha t  synapse s 
underg o complet e turnove r  i n a  perio d o f  severa l  week s 
(Goele t  e t  a/ .  1986 ;  Purve s an d Voyvodicl987 ;  Wolf f  e t 
a/ .  1995) .  I f  w e thin k o f  th e degradatio n an d mainte -
nanc e cycl e a s occurrin g fe w time s i n 2 4 hours ,  ̂  thi s 
implie s tha t  e  i s o f  orde r  10~^ .  Takin g cr ^  t o b e roughl y 
th e same ,  implie s tha t  th e critica l  lif e tim e wil l  b e o f 
orde r  lO"* ,  o r  abou t  10 0 months .  Bu t  i f  ct j  i s  larger , 

'Not e tha t  th e degradatio n an d mainteneinc e proces s i s 
assumed t o procee d i n smal l  step s i n ou r  mechanism .  I n 
principle ,  ther e exist s a n alternative ,  i n whic h th e synaps e 
undergoe s majo r  chcinge s ove r  onl y a  smal l  fractio n o f  it s  (e.g . 
monthly )  lif e cycle .  Thi s seem s t o b e th e cas e fo r  perforate d 
synapses.(Jone s e t  a/.1991 ) 
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th e syste m wil l  los e it s homeostasi s muc h sooner .  W e 
conclud e therefor e tha t  th e N R mechanis m ma y b e in -
sufficien t  t o accoun t  fo r  lifelon g m e m o r y maintenance ,  i f 
synapse s ar e unbounded . 

Long Term Maintenance 

Clearl y deletio n lead s eventuall y t o a  breakdow n o f  th e 
m e m o ry system .  T h e compensatio n b y Ci  jus t  postpone s 
th e demis e o f  th e system .  Nonetheless ,  w e fin d tha t 
our  metho d ca n b e altere d i n a  wa y tha t  wil l  allo w fo r 
ongoin g m e m o r y maintenanc e althoug h th e synapse s n o 
longe r  maintai n thei r  origina l  values .  Fo r  thi s purpos e 
we find  tha t  w e hav e t o introduc e a  finite  variatio n spa n 
fo r  th e synapti c weights .  A s th e synapse s Ji j  underg o a 
serie s o f  degradatio n an d maintenanc e steps ,  thei r  val -
ues ar e allowe d t o chang e i n th e interva l  [B~ ,  S + ] .  I f  th e 
dynamic s lea d t o J, j  <  B ~ ,  th e synaps e i s declare d dea d 
an d Ji j  i s  se t  t o 0 .  I f  th e dynamic s lea d t o J, j  >  i? + 
i t  i s  rese t  t o S + ,  representin g a  limi t  o n th e strengt h a 
synaps e m a y attai n i n rea l  biologica l  networks . 
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Figur e 4 :  T h e effec t  o f  synapti c bounds .  Th e smal l 
circle s denot e th e performanc e o f  th e networ k withou t 
synapti c bounds ,  5 + =  oo .  Th e '-|- '  symbol s denot e th e 
performanc e o f  th e networ k wit h fl"*"  =  8/N p (i.e. ,  8 
time s th e siz e o f  a  synaps e tha t  store s on e m e m o r y a t 
t  =  0) ,  whil e th e '* '  symbol s correspon d t o th e cas e o f 
5 + =  Z/Np .  T h e othe r  parameter s o f  th e simulatio n 
wer e N  =  500 ,  M =  25 ,  p  =  0.075 ,  e  =  0.005 ,  <t ,  =  0.2 . 

The normalization property and the ability to learn 
ne w pattern s ar e retaine d whe n bounde d synapse s ar e 
employed .  T h e differenc e i s tha t  now ,  fo r  appropriat e 
synapti c uppe r  bounds ,  th e networ k m a y successfull y 
maintai n it s store d memorie s foreve r  eve n i n fac e o f  on -
going ,  continuous ,  synapti c turnover ,  a s demonstrate d 
i n Figur e 4 .  Th e simpl e intuitiv e explanatio n i s tha t 
by lettin g th e degradation-maintenanc e proces s continu e 
fo r  a  lon g tim e th e synapse s underg o a  rando m wal k 
proces s wit h bounds .  I f  th e synapti c boun d i s suffi -
cientl y  low ,  th e numbe r  o f  larg e synapse s retaine d b y th e 

N R mechanis m wil l  b e highe r  tha n th e minima l  numbe r 
of  synapse s require d t o maintai n m e m o r y performance . 
Thi s i s th e cas e fo r  B" ^  =  Z/N p i n th e simulatio n pre -
sente d i n Figur e 4 .  ̂  B y maintainin g th e neurons '  av -
erag e post-synapti c potentials ,  th e N R mechanis m pre -
serve s th e numbe r  o f  larg e synapse s practicall y forever , 
eve n thoug h th e identit y o f  thes e synapse s m a y chang e 
durin g th e network' s life-time .  Th e existenc e o f  synap -
ti c upiK T bound s prevent s th e formatio n ('runaway' )  o f 
synapse s wit h ver y larg e values .  Th e formatio n o f  th e 
latte r  woul d hav e deleteriou s effect s o n th e network' s 
performanc e since ,  togethe r  wit h th e concomitan t  actio n 
of  th e N R mechanism ,  the y m a y reduc e th e numbe r  o f 
larg e synapse s beyon d th e threshol d o f  memor y capacity . 

-  -  smal l  synapse s 
-  -  larg e synapse s 

al l  synapse s 

10' 10-

Figur e 5 :  T h e fractio n o f  r ema in i n g synapse s i n a  neu -
ro n tha t  unde rgoe s a  serie s o f  synapt i c degradat io n a n d 
N R steps ,  f  =  0.01 ,  (J (  — 0.1 .  T h e simulate d neuro n 
ha s 10' '  synapses ,  w h o s e initia l  value s follo w th e typica l 
distributio n o f  synapti c value s o f  a  n e u r o n i n a  networ k 
of  N  =  5 0 0 neu ron s storin g 2 5 m e m o r i e s wi t h p  =  0.4 . 
Th e bound s ar e B + =  lO/N p an d 5 "  =  O.b/Np .  Th e 
smal l  synapse s trace d her e stor e a  singl e memor y pat -
tern ,  whil e th e larg e synapse s stor e seve n pattern s each . 

The possibility that the network can achieve stabil-
ity ,  i.e .  tha t  i t  wil l  continu e t o exhibi t  hig h retrieva l 
performanc e forever ,  i s  furthe r  enhance d whe n a  'via -
bility '  boun d ( B ~ >  0 )  i s incorporated .  I n thi s case , 
synapse s whos e value s decreas e belo w B ~ di e an d thei r 
value s ar e se t  t o zero .  Thi s selectiv e synapti c deat h pro -
ces s help s preserv e th e network' s performanc e becaus e 
synapse s wit h larg e initia l  value s (i.e. ,  synapse s tha t  cod e 
severa l  memories )  hav e greate r  chance s t o surviv e tha n 
synapse s wit h smal l  initia l  values .  ̂  

^Not e tha t  thi s correspond s t o th e amoun t  neede d t o en -
cod e thre e memorie s i n th e origina l  synapti c weights ,  whos e 
averag e valu e a t  t  =  0  wa s .  14/Np . 

'Th e intuitio n o f  retainin g synapse s wit h larg e initia l  val -
ues i s clear ,  sinc e thes e synapse s encod e a  larg e numbe r  o f 
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Thi s synapti c selectio n proces s i s depicte d i n Figur e 5 , 
whic h demonstrate s tha t  a  significantl y greate r  fractio n 
of  larg e synapse s tha n smal l  one s i s retaine d throug h th e 
actio n o f  th e N R algorith m a s tim e evolves .  Thes e result s 
wer e obtaine d b y studyin g numericall y th e evolutio n o f  a 
singl e neuro n whos e synapse s underg o a  serie s o f  degra -
datio n an d N R steps ,  assumin g tha t  th e N R algorith m 
maintain s a  fixed  tota l  s u m al l  synapti c weights .  Thi s 
approximatio n o f  th e dynamic s o f  a  networ k undergoin g 
synapti c degradatio n an d N R enable d u s t o trac e th e 
resultin g synapti c value s fo r  ver y lon g period s o f  time . 
Interestingly ,  th e patter n o f  decreas e i n overal l  synapti c 
count s a s tim e evolve s i s remarkabl y reminiscen t  o f  tha t 
observe d experimentall y i n primate s (Raki c e t  a/ .  1986 ; 
Raki c e t  a/ .  1993) .  Th e leve l  o f  th e selectio n bia s towar d 
synapse s wit h larg e initia l  value s depend s o n th e patter n 
of  synapti c degradatio n employed . 

Discussion 

We have described a developmental, ongoing, process 
of  synapti c turnove r  includin g Hebbia n changes ,  nois y 
degradatio n an d N R correctio n steps .  Ou r  maintenanc e 
proces s ha s a  tempora l  scal e determine d b y th e vari -
anc e o f  synapti c degradation ,  a s show n i n Fig .  3 .  Fo r 
shor t  times ,  t  <  t c ,  N R compensate s fo r  th e los s o f 
synapti c efficacy .  I t  als o help s t o normaliz e memor y 
retrieval ,  b y equalizin g th e basin s o f  attractio n o f  th e 
store d memories ,  an d preventin g th e formatio n o f  patho -
logi c attractors .  Fo r  lon g times ,  t  >  tc ,  a .  networ k wit h 
unbounde d synapse s canno t  maintai n it s memory .  How -
ever ,  N R ca n maintai n m e m o r y foreve r  i n network s wit h 
appropriatel y bounde d synapses .  Durin g th e N R pro -
ces s som e synapse s di e whil e other s approac h th e uppe r 
synapti c boun d an d remai n i n it s vicinity ,  realizin g long -
ter m memor y maintenance .  M e m o r y maintenanc e m a y 
therefor e b e achieve d eve n thoug h th e synapse s ar e no t 
maintaine d a t  thei r  origina l  values . 

The N R mechanis m describe d i n thi s pape r  pro -
vide s a  biologica l  realizatio n o f  synapti c 'clipping' , 
bearin g similarit y t o a  proces s describe d previ -
ously(Sompolinskyl986 )  i n th e contex t  o f  a  Hopfiel d 
model .  I n th e latter ,  th e synapti c m e m o r y matri x i s 
clippe d s o tha t  al l  synapti c weight s whos e absolut e valu e 
lie s belo w som e threshol d vanish ,  whil e th e value s o f  al l 
othe r  ar e se t  a s plu s o r  minu s th e threshol d value .  Thi s 
proces s (Sompolinskyl986 )  cause s a  surprisingl y smal l 
decreas e i n th e capacit y o f  th e associativ e m e m o r y net -
work .  I n ou r  model ,  a  subse t  o f  th e survivin g synapse s 
approache s th e uppe r  bound .  Th e choic e o f  thes e stron g 
synapse s i s  stochasti c an d time-varying ,  bu t  synapse s 
wit h larg e initia l  value s hav e muc h large r  chance s t o sur -
viv e tha n initiall y  wea k synapses .  Tha t  is ,  th e actio n 
of  th e N R mechanis m graduall y transform s th e networ k 
fro m havin g continuou s synapse s t o quasi-binar y ones , 

memorie s an d henc e jir e mor e significan t  tha n synapse s wit h 
smcil l  initia l  values .  Thi s intuitiv e notion ,  supporte d b y th e 
wor k o f  (Sompolinskyl986 )  o n clippe d synapses ,  ha s recentl y 
been prove n formall y b y (Chechic k an d Ruppinl996) . 

i n a  computationall y efficien t  manner .  Fro m a  biologica l 
poin t  o f  view ,  analo g network s m a y b e a  transitional , 
developmental ,  stag e o f  associativ e memorie s a s thei r 
synapse s saturat e an d becom e quasi-binary .  Fo r  a  fixed 
number  o f  synapse s pe r  neuron ,  thi s proces s i s  compu -
tationall y advantageou s versu s Willshaw-lik e network s 
tha t  ar e base d o n binar y synapse s t o begi n with ,  sinc e 
i t  lead s t o a  mor e efficien t  synapti c matri x wher e onl y 
synapse s representin g severa l  memorie s ar e retained . 

Our  mechanis m relie s o n activatio n o f  th e m e m o r y 
syste m b y rando m inputs ,  thu s testin g al l  basin s o f  at -
tractio n withou t  resortin g t o a<:tivatio n b y th e memorie s 
themselves .  A s such ,  i t  i s  reminiscen t  o f  previou s sugges -
tion s (Cric k an d Mitchisonl983 ;  Hopfiel d e t  a/.1983 )  tha t 
utiliz e rando m activit y t o unlear n spuriou s attraictor s i n 
th e network .  Suc h attractor s ar e rar e i n th e Tsodyk s 
model ,  and ,  therefore ,  wer e irrelevan t  i n ou r  study .  No -
tice ,  though ,  tha t  ou r  N R mechanis m doe s weake n th e 
memorie s tha t  ar e frequentl y retrieve d throug h rando m 
activation ,  thu s leadin g t o th e normalizatio n exempli -
fied  i n Fig .  2 .  R a n d o m activatio n o f  cortica l  m e m o r y 
system s m a y b e triggere d b y P G O wave s (Hobso n an d 
McCarleyl977 )  durin g R E M sleep .  I t  i s  howeve r  stil l  un -
clea r  whethe r  thi s i s  indee d th e appropriat e an d th e onl y 
perio d i n whic h synapti c maintenanc e occurs .  I n an y 
case ,  i t  seem s preferabl e t o hav e a  clea r  separatio n be -
twee n th e processe s o f  m e m o r y consolidatio n an d m e m-
or y maintenanc e sinc e the y requir e activatio n o f  differen t 
(an d complementary )  mechanisms . 

N R ca n b e viewe d a s a  particula r  realizatio n o f  'dy -
nami c stabilization' ,  a  ter m tha t  describe s th e ide a tha t 
durin g slee p ther e exis t  dynami c processe s tha t  main -
tai n synapti c efficacies .  Kavana u (Kavanaul994 ;  Ka -
vanaul996 )  ha s presente d a n extensiv e revie w o f  th e 
literatur e o n thi s subject ,  includin g m a n y experimenta l 
findings  tha t  bea r  o n th e possibl e role s o f  differen t  stage s 
of  sleep ,  an d theoretica l  suggestion s a s t o ho w thes e m a y 
be beneficia l  t o synapti c maintenance . 

I n summary ,  ther e ar e tw o natura l  tim e scale s i n ou r 
model ,  define d b y th e effec t  o f  th e varianc e o f  synapti c 
degradation .  O n shor t  tim e scale s N R perform s synapti c 
maintenance .  Ove r  lon g tim e period s i t  perform s m e m-
or y maintenanc e provide d synapti c size s ar e appropri -
atel y bounded .  I n bot h case s i t  relie s o n rando m acti -
vatio n o f  th e system ,  and ,  hence ,  i s  th e first  biologicall y 
plausibl e realizatio n o f  dynami c m e m o r y maintenance . 
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