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Abstrac t 

Recently, Bayesian principles have been successfully applied 
t o connectionis t  network s wit h a n ey e toward s studyin g th e for -
matio n o f  interna l  representations .  Ou r  curren t  wor k grow s 
out  o f  a n unsupervised ,  generativ e framewor k bein g applie d 
t o understan d th e representation s use d i n visua l  corte x (Ol -
shause n &  Field ,  1996 )  an d t o discove r  th e underlyin g struc -
tur e i n hierarchica l  visua l  domain s (Lewick i  &  Sejnowski , 
1997) .  W e modifie d Lewick i  an d Sejnowski' s approac h t o 
sOid y ho w incorporatin g tw o specifi c constraints—contex t  an d 
spars e coding—affec t  th e developmen t  o f  interna l  representa -
tion s i n network s learnin g a  featur e base d alphabet .  Analyse s 
of  th e traine d network s sho w tha t  (1 )  th e standar d framewor k 
work s wel l  fo r  limite d dat a sets ,  bu t  tend s t o poore r  perfor -
mance wit h large r  dat a sets ;  (2 )  contex t  alon e improve s perfor -
mance whil e developin g minimalisti c interna l  representations ; 
(3 )  spars e codin g alon e improve s performanc e an d actuall y de -
velop s interna l  representation s tha t  ar e somewha t  redundant ; 
(4 )  th e combinatio n o f  contex t  an d spars e codin g constraint s 
increase s networ k accurac y an d form s mor e robus t  interna l 
representations ,  especiall y fo r  large r  dat a sets .  Furthermore , 
by manipulatin g th e for m o f  th e spars e codin g constraint ,  net -
work s ca n b e encourage d t o adop t  eithe r  distribute d o r  loca l 
encoding s o f  surfac e features .  Feedbac k connection s i n th e 
brai n ma y provid e contex t  informatio n t o relativel y low-leve l 
visua l  areas ,  thereb y informin g thei r  abiUt y t o discove r  struc -
tur e i n thei r  inputs . 

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

Bayesia n principle s hav e bee n regainin g popularit y withi n 
cognitiv e science ,  bot h i n th e mor e traditiona l  approache s 
t o cognitiv e psycholog y (e.g. ,  Anderson ,  1990 )  an d withi n 
th e connectionis t  approac h t o cognitio n (e.g. ,  M a c K a y ,  1995 ; 
McClelland ,  1998) .  Ou r  curren t  wor k i s a  preliminar y in -
vestigatio n o f  incorporatin g tw o specifi c  constraints ,  contex t 
and spars e coding ,  int o a n existin g Bayesia n unsupervise d 
learnin g paradig m fo r  multilayere d architecture s (Lewick i 
& Sejnowski ,  1997) .  T h e concep t  underlyin g th e origina l 
framewor k i s tha t  highe r  orde r  interna l  representation s ca n b e 
forme d b y exploitin g th e statistica l  structur e o f  simpl e fea -
ture s withi n a n inpu t  stream .  Indeed ,  Lewick i  an d Sejnowsk i 
wer e abl e t o sho w tha t  thei r  network s coul d extrac t  hierarchi -
cal  structur e fro m simpl e visua l  domains . 

I n thi s paper ,  w e modif y an d expan d th e origina l  frame -
wor k t o explor e th e interna l  representation s o f  network s 
traine d o n feature-base d letters .  W e first  modifie d th e frame -
wor k t o directl y incorporat e contextua l  informatio n int o th e 
dee p structur e o f  th e network .  I n th e curren t  experiments , 
"context "  i s  define d a s uniqu e informatio n tha t  i s  presente d 
t o th e networ k concurrentl y wit h a n inpu t  pattern .  Therefore , 

contex t  ca n b e use d t o uniquel y identif y inpu t  pattern s and , 
thus ,  provid e hint s abou t  whic h collectio n o f  simpl e feature s 
constitut e higher-orde r  representations . 

T h e second—an d mor e substantial—manipulatio n wa s t o 
plac e prio r  constraint s o n th e bas e probabilitie s o f  uni t  acti -
vation s withi n th e networks .  Thi s "spars e coding "  constrain t 
encourage s a  networ k t o us e relativel y fe w unit s t o represen t 
any specifi c  inpu t  pattern .  Tha t  is ,  a  sparsel y code d networ k 
use s onl y a  relativel y smal l  proportio n o f  unit s t o encod e th e 
interna l  representatio n fo r  a  give n pattern .  Spars e encodin g 
withi n neura l  network s ha s previousl y bee n s h o w n t o creat e 
mor e biologicall y plausibl e receptiv e fields  (e.g. ,  Olshause n 
& Field ,  1996,1997) . 

Thre e differen t  experiment s wer e carrie d out .  T h e first  tw o 
experiment s use d a  reduce d stimulu s se t  t o stud y th e bas e ef -
fect s o f  independentl y manipulatin g th e contex t  an d spars e 
codin g constraints ;  Experimen t  1  manipulate d contex t  wit h 
th e simples t  spars e codin g constraint ,  whil e th e secon d ex -
perimen t  specificall y focuse d o n differen t  form s o f  th e spars e 
codin g constraint .  I n Experimen t  3 ,  th e contex t  an d spars e 
codin g constraint s wer e investigate d usin g th e ful l  alphabet . 
Network s wer e analyze d bot h i n term s o f  thei r  abilit y t o re -
produc e th e trainin g se t  an d i n term s o f  thei r  interna l  structur e 
vi a weigh t  analysis . 

Networks and Bayesian Theory 

I t  i s assume d tha t  th e interna l  representation s use d b y a  sys -
te m mus t  com e t o represen t  th e externa l  worl d i n som e man -
ner .  I n othe r  words ,  interna l  representation s coul d b e though t 
of  a s hypothese s abou t  th e externa l  world .  Thus ,  th e proble m 
of  definin g thes e interna l  representation s ca n b e reformulate d 
as computin g th e probabilit y  o f  a  give n hypothesi s (interna l 
representation )  give n th e observe d dat a (externa l  world)— a 
potentiall y  difficul t  task . 

Fortunately ,  a  relativel y simpl e theoretica l  framewor k ex -
ist s fo r  computin g thi s probability .  I n it s  simples t  form , 
Bayes '  theore m (se e Equatio n 1 )  state s tha t  fo r  a  give n hy -
pothesis ,  v. ,  an d observe d data ,  V ,  th e posterio r  probabilit y 
of  V .  give n V  i s compute d a s 

P(n\V )  = 
p{v\n )  X  p{n ) 

P{V ) (1 ) 

wher e P( 'H )  i s regarde d a s th e prio r  probabilit y o f  V .  befor e 
observin g th e dat a V ,  P [ V )  i s th e probabilit y  o f  th e data ,  an d 
P{'D\'H )  i s th e probabilit y o f  th e dat a give n th e hypothesis . 
Thus ,  b y specifyin g P(r'|?{ )  an d P ( P ) ,  th e mechan ism s o f 
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Figur e 1 :  Th e basi c networ k configuratio n fo r  a  three-laye r 

network .  S k ar e surfac e units ;  S i  ar e mediatin g laye r  units ; 

Sj  ar e dee p laye r  units ;  S c ar e contex t  units . 

Bayesia n theor y provid e a  solutio n t o th e proble m o f  learnin g 
fro m dat a (Bernard o &  Smith ,  1994 ;  MacKay ,  1995 ;  McClel -
land ,  1998) . 

We ca n als o rearrang e th e mode l  t o predic t  th e dat a give n 
th e hypothesis ;  i n othe r  words ,  thi s framewor k ca n b e use d t o 
construc t  a  generativ e model ,  suc h tha t  th e higher-orde r  in -
terna l  representation s predic t  th e lower-leve l  simpl e features . 

Network Architecture 

To hel p explai n th e networ k dynamics ,  w e wil l  conside r  th e 
simpl e cas e o f  a  three-laye r  networ k (se e Figur e 1 )  consist -
in g o f  a n surfac e layer ,  Sk ,  a  singl e mediatin g layer ,  S i  (i n 
practice ,  ther e coul d b e an y numbe r  o f  mediatin g layers) ,  an d 
a dee p layer ,  Sj .  I t  i s  assume d tha t  connection s exis t  onl y 
betwee n adjacen t  layers ;  tha t  is ,  ther e ar e n o direc t  connec -
tion s betwee n th e surfac e an d dee p structur e layers .  Further -
more ,  th e generativ e natur e o f  th e mode l  mean s tha t  connec -
tion s ar e uni-directiona l  an d flow  fro m th e dee p t o th e sur -
fac e laye r  a s indicate d b y th e directe d connection s withi n 
Figur e 1 .  Thus ,  w e ca n defin e thre e differen t  relationship s 
fo r  a  give n unit ;  th e parent s (pa[Si] \  unit s contributin g acti -
vation) ,  children(c/i[5j] ;  unit s receivin g activation) ,  an d sib -
ling s (si6[5i] ;  unit s withi n th e sam e layer) . 

Unit s ar e assume d t o b e stochasti c an d ar e probabilisti -
call y activ e o r  inactiv e a s determine d b y th e s u m m e d acti -
vation s bein g sen t  b y thei r  parent s vi a weighte d connections . 
Consequently ,  th e networ k weigh t  vector ,  W ,  ca n b e inter -
prete d a s encodin g th e underlyin g probabilitie s o f  th e gener -
ativ e model .  Thi s mean s tha t  weight s ar e constraine d t o b e 
zer o o r  positive . 

I n th e presen t  studies ,  thi s basi c networ k architectur e ha s 
bee n expande d t o includ e a  context-layer ,  (Sc) ,  a s illustrate d 
by th e hexagona l  unit s i n Figur e 1 .  Thi s contex t  laye r  i s con -
necte d directl y t o th e dee p laye r  an d thu s provide s contextua l 
informatio n t o th e dee p laye r  only . 

Learning Objective 

Withi n thi s framework ,  th e learnin g objectiv e i s t o find  th e 
most  probabl e explanation ,  H ,  fo r  th e inpu t  patterns ,  V ,  pre -
sente d t o th e network .  I n othe r  words ,  w e wis h t o develo p 
a generativ e mode l  tha t  encode s th e probabilitie s o f  th e in -
put  dat a withi n th e network' s weigh t  structure .  Therefore ,  th e 
learnin g objectiv e reduce s t o adaptin g th e weigh t  vector ,  W , 

t o find  th e mos t  probabl e explanatio n fo r  th e inpu t  patterns . 
I f  w e kne w th e weigh t  vector ,  w e coul d calculat e th e prob -

abilit y  o f  th e inpu t  dat a a s 

P{V^..M\W)^llP{Vn m (2 ) 

wher e 

P(P„|W )  =  Y l  P{Vn\Sm,W)P{Sm m 

i s  th e marginaiizatio n o f  al l  possibl e uni t  states ,  S m ,  o f  th e 
network . 

I t  shoul d b e note d tha t  th e numbe r  o f  al l  possibl e networ k 
states ,  S m ,  increase s exponentiall y  wit h th e numbe r  o f  unit s 
i n th e network .  Therefore ,  computin g th e exac t  su m become s 
intractabl e a s th e network s becom e larger .  On e desirabl e 
propert y o f  generativ e models ,  however ,  i s  fo r  mos t  pattern s 
t o hav e one—o r  jus t  a  few—possibl e explanations ;  therefore , 
onl y a  fe w terms ,  P{T>n\Sm, 'W) ,  wil l  b e non-zer o an d i t  be -
comes tractabl e t o sampl e S m accordin g t o P(«Sm|'Pn ,  W ) . 

Of  course ,  w e d o no t  kno w th e weigh t  vecto r  bu t  mus t 
adap t  i t  instead .  On e wa y o f  adaptin g th e weigh t  vecto r  i s 
t o us e a  variatio n o f  th e expectatio n maximizatio n ( E M )  al -
gorithm .  E M i s typicall y use d t o find  paramete r  estimate s 
i n model s wher e som e variable s ar e unknow n o r  unobserved . 
The algorith m i s compose d o f  tw o steps :  (i )  a n estimatio n (E ) 
ste p tha t  sample s networ k state s ,  an d (ii )  a  maximizatio n (M ) 
ste p tha t  adjust s weights .  Fo r  ou r  purposes ,  th e E  ste p ca n b e 
accomplishe d b y Gibb s samplin g wherea s th e M ste p ca n us e 
maximum-likelihoo d ( M L )  estimation . 

Computing Network Probabilities 

Bein g a  generativ e model ,  th e probabilit y  o f  an y unit' s  stat e 
i s directl y computabl e fro m th e state s o f  it s  parents : 

P{S i  =  l\pa[Si] ,  W )  =  h { J 2 SjWij )  (3 ) 

j 

wher e S j  ar e th e parent s o f  S i  an d Wi j  i s th e weigh t  fro m uni t 
Si  t o S j  .Th e functio n h  i n Equatio n 3  specifie s ho w thes e un -
derlyin g cause s ar e t o b e combine d t o produc e th e probabilit y 
of  5 i  =  1 .  O n e functio n tha t  ca n b e use d fo r  thi s i s th e "nois y 
O R"  function : 

h{u )  =  1  -  e - "  (4 ) 

wher e u  =  ^  SjWi j  i s  th e causa l  inpu t  t o Si .  Not e tha t  be -

caus e weight s ar e constraine d t o b e positive ,  u  i s neve r  nega -
tive ,  an d therefor e 0  <  h{u )  <  1 . 

Thus ,  th e join t  probabilit y  densit y o f  a  suc h a  networ k ca n 
be compute d a s th e produc t  o f  th e conditiona l  probabilitie s 

P(5i.. .  5„ |W )  =  n  (̂•5 > W ^ ' ] ' W ) - (5 ) 

Samplin g Networ k State s 

I n Lewick i  an d Sejnowski' s (1997 )  origina l  formulatio n o f 
th e problem ,  eac h stat e o f  th e network ,  S m ,  i s update d itera -
tivel y accordin g t o th e probabilit y  o f  eac h uni t  state ,  5, ,  give n 
th e state s o f  th e remainin g unit s i n th e network .  Thi s condi -
tiona l  probabilit y  i s compute d a s 

P{Si\S,.,j^i,W) <x 

P{Si\pa[Si],W )  H  P{Sj\pa[Sj],Si,W )  (6 ) 

jech[Si ] 
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Thus ,  th e Gibb s equation s a s use d i n thi s framewor k ca n 
be interprete d i n term s o f  a  stochasti c recurren t  neura l  net -
work ,  wher e th e feedbac k fro m th e highe r  (o r  deeper )  layer s 
influence s th e state s a t  th e lowe r  (o r  surface )  layers .  Wherea s 
Lewick i  an d Sejnowsk i  (1997 )  compute d th e probabilit y  o f  a 
uni t  changin g it s state ,  th e proble m ca n b e reformulate d a s 
one wher e th e probabilit y  o f  a  uni t  bein g activ e give n th e re -
mainin g state s o f  th e networ k i s calculated . 

Consequently ,  on e ca n comput e th e probabilit y  o f  a  uni t 
bein g active ,  5 i  =  1 ,  give n th e remainin g state s o f  th e net -
wor k a s 

1 
P{S i  =  l\Sj.j^i,W )  = 

1 +  e-^^ > 
(7 ) 

Thi s functio n wil l  produc e a  P{S i  =  1 )  w  0  fo r  negativ e 
evidence ,  a  P{S i  =  1 )  w  0. 5 fo r  inconclusiv e evidence ,  an d 
P{S i  =  1 )  w  1  fo r  positiv e evidence . 

The variabl e A x i  i n Equatio n 7  indicate s h o w m u c h chang -
in g th e uni t  state ,  Sj ,  t o bein g activ e change s th e overal l  prob -
abilit y  o f  th e networ k state .  I n multilayere d network s (wher e 
th e numbe r  o f  layer s i s greate r  tha n 2) ,  thi s ter m wil l  hav e 
bot h a  feedbac k componen t  fro m th e parent s i n th e deepe r 
layers ,  an d a  feedforwar d componen t  fro m th e childre n i n th e 
more surfac e layers : 

Axi^fb{pa[Si])+jf ich[Si] )  (8 ) 

In networks with only two layers, or in the deepest layer of 
a multilaye r  network ,  thi s feedbac k ter m wil l  dro p out .  Typ -
ically ,  th e feedforwar d componen t  o f  Equatio n 8  wil l  domi -
nat e th e term ,  bu t  i f  th e feedforwar d inpu t  i s  ambiguous ,  the n 
th e feedbac k componen t  become s importan t  a s i t  allow s th e 
more surfac e leve l  unit s t o us e informatio n computabl e onl y 
at  th e deepe r  layers . 

The feedbac k ter m i n Equatio n 8  i s simpl y compute d a s th e 
lo g probabilit y  o f  th e uni t  bein g o n minu s th e lo g probabilit y 
of  th e uni t  bein g off .  Thi s i s calculate d as : 

fb{Si )  =  lo g 
h{u ) 

1 -  h{u ) 
(9 ) 

wher e th e functio n h{u )  i s compute d a s describe d earlier . 
Feedforwar d i s compute d a s th e probabilit y  o f  th e uni t  be -

in g o n give n th e activit y  o f  it s  children .  Therefore ,  fo r  a  give n 
unit ,  w e wan t  t o su m th e evidenc e o f  th e uni t  bein g o n minu s 
th e evidenc e o f  th e uni t  bein g off .  W e als o wan t  t o weigh t  th e 
evidenc e accordin g t o th e numbe r  o f  othe r  unit s contributin g 
t o th e child' s activit y (th e mor e unit s contributing ,  th e les s 
effec t  an y on e uni t  wil l  have) . 

ff(^i) = 2^ ^k log —j-r ^——.— 

+ (l-5.)log^-"("7^'7+"-^) (10) 
l - h { u -  SiWik ) 

Thus, if Si = 0, then the weight from Si is added to the 
to p portion s o f  Equation s 10 ,  wherea s i f  5 ,  =  1  the n th e 
weigh t  fro m S i  i s remove d fro m th e botto m portio n o f  th e 
abov e equation .  Furthermore ,  i f  5 *  =  0  (indicatin g tha t  th e 
paren t  nod e shoul d b e off) ,  the n th e firs t  ter m o f  Equatio n 1 0 
drop s out ,  wherea s i f  5f c =  1  (indicatin g tha t  th e paren t  nod e 
shoul d b e on) ,  the n th e secon d ter m o f  Equatio n 1 0 drop s out . 

A d d i n g Contextua l  Informat io n 

As define d earlier ,  contex t  i s  th e adde d informatio n tha t  ca n 
provid e hint s abou t  whic h collectio n o f  simpl e feature s con -
stitut e higher-orde r  representations ,  an d thu s help s constrai n 
th e interna l  representation s develope d a t  th e deep-layer .  Con -
tex t  ca n b e adde d t o th e networ k dynamic s simpl y b y directi y 
connectin g a  se t  o f  contex t  unit s (denote d S c i n Figur e 1 )  t o 
th e deep-laye r  units ,  S j ,  vi a weighte d connection s Wcj . 

ffiSj)= ^ SAog uf^_s.yj.\ 

+ (l-5.)logi^/^(^i^%±^ (11) 
1 -  h[ u -  SjWcj ) 

wher e cn[5j ]  ar e th e contex t  unit s directl y connecte d t o th e 
deep-laye r  units .  Thus ,  contex t  informatio n i s directl y adde d 
t o th e activatio n probabilitie s o f  th e deep-laye r  unit s b y sum -
min g th e contribution s o f  Equation s 1 0 an d 11 . 

Adding Sparse Coding Constraints 

A furthe r  modificatio n t o th e origina l  framewor k i s t o ad d a 
spars e codin g constrain t  o n th e uni t  activatio n probabilities . 
That  is ,  al l  thing s bein g equal ,  spars e codin g encourage s a 
networ k t o us e relativel y fe w unit s t o represen t  an y specifi c 
inpu t  pattern .  I n th e standar d framework ,  i n th e absenc e o f 
any guidin g information ,  a  uni t  wil l  b e activ e wit h baselin e 
probabilit y  P  =  0.5 .  Spars e codin g ca n b e encourage d withi n 
th e networ k b y modifyin g Equatio n 8  t o includ e a  sparcit y 
constraint : 

A x i  =  fb{pa[Si] )  +  ffich[Si]) +  A  •  sp{Si )  (12 ) 

where A is equivalent to a gain function which modulates how 
m u ch effec t  sp[Si ]  exert s o n th e res t  o f  th e equation . 

Four  spars e codin g function s ar e defined .  Th e first  an d sim -
ples t  functio n i s a n implicit ,  independen t  prio r  constrain t  tha t 
reduce s th e baselin e probabilit y  o f  a  uni t  bein g activ e b y a 
constan t  amount : 

Constant :  sp^[Si ]  =  l o g j ^  ,  0  <  <f > < 1 (13 ) 

The three other functions defined encourage sparse coding 
i n a n explicit ,  dependen t  manner ;  tha t  is ,  spars e codin g i s 
dependen t  o n th e numbe r  o f  siblin g unit s co-activ e (excludin g 
th e curren t  unit) : 

;  =  ^  S n ,  wher e n  7 ^  i  (14 ) 

nesib[Si ] 

The first dependent sparse coding function (Logistic), uses 
a modifie d logisti c functio n t o probabilisticall y limi t  th e num -
ber  o f  unit s activ e fro m 0  t o <j) n units . 

wher e 

Logistic :  sp2{S^ )  =  l o g ^ - i f ^ ^ ^ 

1 
i,p,̂ ,nU )  =  1  -

1 +  6 
-(J/")- * 

(15 ) 

(16 ) 

The secon d dependen t  spars e codin g functio n place s a 
prio r  activatio n constrain t  o n th e unit s suc h tha t  probabilis -
ticall y (j) n unit s wil l  b e activ e a t  an y give n time .  Thi s i s ac -
complishe d b y samplin g th e uni t  activatio n state s fro m th e 
binomia l  distribution : 
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A =  lnn^tAi+} } Binomial :  sp îSi )  =  log"-^f ^ 

wher e 

^̂ ,-.0 )  =  7 7 
n! 

^'••( l- ,^)"- ^ 

(17 ) 

(18 ) 
j\{n-j) \ 

Finally ,  th e las t  dependen t  spars e codin g functio n i s a  mix -
tur e o f  poisso n an d binomia l  distributions . 

Pols-fBin :  .P4(g. )  =  /og-̂ ;̂ ;̂ ;;:i;::i;̂ .:ijf̂ ) 

wher e 6̂ ,„(j )  i s define d i n Equatio n 1 8 an d 

(19 ) 

(20) 

Thi s mixtur e o f  distribution s ha s th e effec t  o f  probabilisticall y 
havin g 0  unit s activ e a s determine d b y Equatio n 2 0 wit h prob -
abilit y  IT ,  an d havin g <f> n unit s activ e wit h probabilit y  1  — t t 
as determine d b y Equatio n 18 . 

Weight Estimation 

Once w e hav e sample d th e activatio n space ,  w e ar e i n th e 
positio n t o estimat e th e weights .  T o contro l  th e complexit y 
of  th e model ,  a  prio r  i s place d o n th e weights .  I n usin g th e 
"nois y OR "  functio n wher e al l  weight s ar e constraine d t o b e 
positive ,  i t  i s assume d tha t  th e weigh t  prio r  i s a  produc t  o f 
independen t  gamma distribution s parameterize d b y a  an d /? . 
Hence,  th e objectiv e functio n w e wis h th e maximiz e become s 

C =  P{D,..^\W)PiW\a,P ) 

Using the maximization step from the EM algorithm, we 
want  t o se t  dC/wi j  — 0  an d solv e fo r  Wij .  Lewick i  an d 
Sejnowsk i  (1997 )  sho w thi s ca n b e accomplishe d b y usin g 
th e transformation s fi j  =  1  — e~"'' '  an d g i  =  1  — e~" '  an d 
solvin g fo r 

'̂̂ '  a  +  ̂  +  E„5<" ' 
(21 ) 

I t  shoul d b e note d tha t  i n th e equation .  S i  i s th e caus e o f  Sj . 

Furthermore ,  5̂ " ^  i s th e unit' s  stat e obtaine d vi a Gibb s sam -
plin g fo r  th e n* ^  inpu t  pattern .  Th e su m i n th e abov e equatio n 
i s simpl y th e weighte d averag e o f  th e numbe r  o f  time s uni t  S i 
was activ e whe n uni t  S j  wa s active .  Th e rati o fi j  /q j  weight s 
each ter m i n th e su m inversel y t o th e numbe r  o f  cause s fo r 
Sj- ,  i f  S i  i s th e sol e caus e o f  S j  (meanin g tha t  fi j  =  Qj) ,  the n 
th e ter m ha s ful l  weight . 

Method 

The Alphabe t  We adopte d Rumelhar t  an d Siple' s (1974 ) 
feature d base d alphabet ;  Eac h lette r  wa s compose d o f  simpl e 
visua l  feature s suc h a s horizontal ,  vertical ,  an d obliqu e lines . 
We modifie d th e origina l  alphabe t  b y breakin g bot h th e to p 
and botto m horizonta l  lin e segment s int o tw o segment s eac h 
i n orde r  t o equaliz e al l  lin e segmen t  lengths . 

Figur e 2  show s eac h o f  th e 2 6 letter s overlaye d o n th e 1 6 
base lin e segments ;  a  "Space "  characte r  (n o feature s active ) 
was als o presente d t o th e network .  A  subse t  o f  thes e letter s 
('SPC',H ,  I ,  N ,  O ,  S ,  X ,  Z )  wa s use d i n th e first  tw o studie s 
and th e ful l  alphabe t  wa s use d fo r  th e thir d study . 

f ^ 3 ( : : j ] e : f " g h 

E B 
I  I I  / I  l \ /  \ / 

I  I  11 /  l/Ni A I 
" 7 

Figur e 2 :  Th e ful l  alphabe t  superimpose d o n th e 1 6 features . 

Each lin e segmen t  wa s represente d b y a  unar y code ;  there -
fore ,  eac h lette r  wa s represente d b y turnin g o n th e appropri -
at e bit s  i n a  1 6 bi t  code .  Contex t  wa s als o represente d usin g 
a simpl e unar y scheme ;  ther e wa s on e uniqu e uni t  activ e fo r 
each o f  th e letter s withi n th e trainin g set .  Thus ,  ther e wer e 8 
contex t  representation s fo r  th e reduce d alphabe t  an d 2 7 con -
tex t  representation s fo r  th e ful l  alphabet . 

Networ k Architectur e an d Ti-ainin g Th e networ k archi -
tectur e consiste d o f  1 6 surfac e units ,  n o mediatin g units ,  an d 
eithe r  1 0 o r  3 0 dee p unit s fo r  th e reduce d an d ful l  alphabe t 
trainin g set s respectively .  I f  contex t  wa s bein g tested ,  the n 
th e architecture s include d 8  o r  2 7 contex t  unit s  i n accordanc e 
wit h th e trainin g set . 

For  al l  networks ,  th e weigh t  prio r  wa s specifie d wit h a  = 
1. 0 an d P  =  1.25 ;  weight s wer e initialize d betwee n 0.0 5 an d 
0.15 .  Interna l  unit s wer e initialize d wit h P{S i  =  1 )  =  0.5 . 
Gibb s samplin g wa s performe d 1 5 time s fo r  eac h inpu t  pat -
tern ,  o r  unti l  th e maximu m stat e chang e probabilit y  wa s les s 
tha n 0.05 .  Fo r  th e spars e codin g experiments ,  th e parameter s 
were se t  t o A  =  1.0 ,  / /  =  1.0 ,  n  — 0.5 ,  an d 7  =  0.1 ;  0  wa s 
set  t o 0. 1 fo r  th e first  tw o experiment s an d 0.0 5 fo r  th e thir d 
experiment .  I t  shoul d b e note d tha t  th e parameter s wer e cho -
sen t o maximiz e networ k performanc e (wit h al l  thing s bein g 
equal )  an d a  mor e thoroug h exploratio n o f  paramete r  spac e 
wil l  b e require d i n th e future .  Fo r  eac h condition ,  2 5 net -
work s wer e traine d wit h differen t  randomize d initia l  weights . 

Results and Discussion 

Network performance was analyzed via two methods. First, 
th e generativ e natur e o f  th e model s wa s teste d i n term s o f 
thei r  abilit y  t o reproduc e th e surfac e patter n presented .  Eac h 
patter n wa s presente d t o th e networ k an d Gibb s samplin g wa s 
performe d t o produc e a n interna l  patter n o f  activit y a t  th e 
deep layer .  Thi s interna l  activit y wa s the n propagate d bac k 
t o th e surfac e laye r  unit s an d th e numbe r  o f  bit s i n error — 
eithe r  "Addition "  (i.e. ,  1  instea d o f  0 )  o r  "Omission "  (i.e. ,  0 
instea d o f  1 )  errors—wa s calculated .  Thi s wa s performe d 10 0 
time s fo r  eac h pattern . 

Second ,  th e underlyin g weigh t  structur e o f  eac h networ k 
was analyze d bot h qualitativel y an d quantitatively .  Th e first 
qualitativ e measur e i s base d o n th e visua l  inspectio n o f  th e 
weigh t  matri x a s i n Lewick i  an d Sejnowsk i  (1997) .  Th e 
weigh t  fo r  eac h inpu t  featur e i s passe d throug h Equatio n 4 
t o produc e a  colo r  cod e fadin g fro m "black "  t o "white "  (rep -
resentin g 1  - > 0 )  an d the n plotte d a s th e appropriat e lin e seg -
ment .  Thi s typ e o f  analysi s i s show n i n Figur e 4 ;  unfortu -
nately ,  i t  i s  restricte d t o singl e networks .  Th e secon d i s a 
quantitativ e measur e tha t  ca n b e average d ove r  run s an d i s 
based o n th e numbe r  o f  weigh t  vector s (i.e. ,  th e weight s leav -
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Figur e 3 :  M e a n n u m b e r  o f  error s fo r  th e 7  letter s acros s th e 

4 condition s i n E x p e r i m e n t  1 .  B o t t o m portio n o f  th e bar s ar e 
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Figur e 5 :  M e a n numbe r  o f  error s fo r  th e 7  letter s acros s th e 

4 condition s i n Experimen t  2 .  Graphica l  interpretatio n i s th e 

same a s i n Figur e 3 . 
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Figur e 4 :  Typica l  networ k weight s fo r  th e contex t  an d spars e 

codin g manipulations . 
Figur e 6 :  Typica l  networ k weight s fo r  th e spars e codin g m a -

nipulation . 

in g a  paren t  node )  tha t  hav e a t  leas t  on e non-zer o element ; 
thi s measur e give s a  roug h estimatio n o f  h o w man y unit s ar e 
bein g use d t o represen t  th e dat a se t  an d therefor e loca l  (on e 
uni t  pe r  pattern )  versu s distribute d encoding . 

Experimen t  1 :  Figur e 3  show s th e mea n numbe r  o f  bit s i n 
erro r  fo r  th e reduce d alphabe t  ove r  th e fou r  condition s (onl y 
spi  wit h A  =  1.0 ,  (/ > — 0. 1 wa s teste d i n Experimen t  1) . 
The mea n numbe r  o f  bit s i n erro r  collapse d ove r  al l  th e let -
ter s (excludin g 'SPC' )  fo r  th e Control ,  Context ,  Sparse ,  an d 
Context+Spars e condition s ar e 0.9 6 (S D =  0.36) ,  0.5 6 (S D = 
0.16) ,  0.6 2 (S D =  0.18) ,  an d 0.3 0 (S D =  0.09 )  respectively . 

As ca n b e seen ,  th e standar d networ k perform s fairl y wel l 
on th e reduce d inpu t  set ;  i t  average s onl y I  bi t  i n error .  Th e 
additio n o f  th e constraints ,  however ,  improve s th e perfor -
mance o f  th e networks ,  especiall y whe n applie d i n conjunc -
tion .  Furthermore ,  i t  shoul d b e note d tha t  variabilit y  i n net -
wor k performanc e (a s indicate d b y standar d deviations )  i s de -
crease d whe n constraint s ar e added . 

The typica l  weigh t  structure s fo r  th e fou r  condition s ar e 
shown i n Figur e 4 .  A s ca n b e seen ,  th e Control ,  Context , 
and Spars e condition s tende d t o extrac t  group s o f  individua l 
feature s (indicatin g a  distribute d representation )  wherea s th e 
othe r  conditio n tend s t o pic k ou t  complet e letter s ( a mor e lo -

calis t  representation) .  I t  shoul d b e noted ,  however ,  tha t  th e 
Spars e conditio n appear s t o redundantl y encod e informatio n 
i n term s o f  replicatin g lin e segments .  Quantitativ e analyse s 
sho w tha t  o n average ,  th e numbe r  o f  non-zer o weigh t  vec -
tor s fo r  eac h o f  th e fou r  condition s ar e 4. 7 (S D =  0.8) ,  5. 4 
(S D =  0.9) ,  8. 4 (S D =  1.0) ,  an d 7.3 2 (S D =  0.8 )  respectively . 
Thi s analysi s confirm s tha t  a  combinatio n o f  th e contex t  an d 
spars e codin g constraint s encourage s loca l  representation s o f 
complet e letter s t o develop . 

Experimen t  2 :  Figur e 5  show s th e mea n numbe r  o f  erro r 
bit s fo r  th e fou r  differen t  spars e codin g function s (Constan t 
[spi] ,  Logisti c  [SP2] ,  Binomia l  [5^3] ,  an d Pois+Bi n [5^4]) . 
Th e mea n erro r  fo r  eac h o f  th e fou r  condition s ar e 0.6 4 (S D 
= 0.21) ,  1.2 3 (S D =  0.37) ,  0.9 6 (S D =  0.31) ,  an d 0.3 4 (S D 
= 0.09 )  respectively .  Th e first  thin g t o not e i s tha t  tw o o f  th e 
spars e codin g function s (sp j  an d 5^3 )  ar e wors e tha n o r  equa l 
t o th e contro l  conditio n i n Experimen t  1 .  Th e fourt h functio n 
(SP4) ,  however ,  actuall y improve s performanc e ove r  th e sim -
ple ,  independent  spars e codin g constraint . 

Figur e 6  sho w th e typica l  weigh t  structure s fo r  th e fou r 
spars e codin g conditions .  I t  i s interestin g t o not e tha t  sp j  ̂ '̂ ^ 
sp3 hav e simila r  structur e (i.e. ,  weake r  weight s pullin g ou t  in -
dividua l  lines )  t o th e contro l  conditio n i n Experimen t  1 .  Th e 
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Figur e 7 :  M e a n numbe r  o f  bit s i n erro r  collapse d acros s let -

ter s fo r  th e ful l  alphabe t  plotte d fo r  th e si x conditions . 
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Figure 8: Weights for the fully constrained networks. 

othe r  tw o functions ,  sp i  an d sp^ ,  hav e agai n pulle d ou t  some -
what  redundan t  coding s o f  lin e segments .  Thi s distinctio n i s 
supporte d b y th e quantitativ e analysi s  o f  th e weigh t  structure : 
th e mea n numbe r  o f  non-zer o weigh t  vector s  fo r  th e fou r  con -
dition s ar e 8. 7 (S D =  0.8) ,  4. 3 (S D =  0.7) ,  4. 9 (S D =  0.9) ,  an d 
8. 0 (S D =  0.9) . 

Experimen t  3 :  I n thi s fina l  experiment ,  w e teste d th e con -
tex t  an d spars e codin g constraint s o n th e ful l  alphabet .  Onl y 
th e sp i  an d sp ^  spars e codin g constraint s wer e tested .  Fur -
thermore ,  t o improv e performance ,  / 3 wa s reduce d t o 1.0 5 an d 
eac h patter n wa s onl y sample d five  time s pe r  epoch . 

Figur e 7  show s th e averag e numbe r  o f  bit s i n erro r  col -
lapse d acros s al l  2 6 letter s fo r  th e si x condition s (Control , 
Context ,  spi ,  sp^ ,  Contex t  -t -  spi .  Contex t  +  5^4) .  Standar d 
deviation s fo r  thes e si x condition s wer e 0.58,0.62,0.42,0.36 , 
0.34 ,  an d 0.27 .  Movin g t o th e ful l  dat a se t  wa s detrimenta l  t o 
Control ,  Context ,  an d sp j  networks ;  eac h networ k tende d t o 
hav e a t  leas t  on e 'Additive '  erro r  bi t  an d on e 'Omission '  erro r 
bi t  fo r  eac h letter .  Thi s wa s no t  th e cas e fo r  th e thre e othe r 
conditions ,  wit h th e bes t  performanc e bein g produce d b y th e 
combinatio n o f  th e Contex t  an d th e sp ^  constraints . 

Th e averag e numbe r  o f  non-zer o weigh t  vector s  fo r  eac h o f 
th e si x condition s wer e 25. 5 (S D =  3.7) ,  13. 8 (S D =  6.4) ,  30. 0 
(S D =  0.0) ,  18. 5 (S D =  1.6) ,  25. 0 (S D =  1.5) ,  an d 19. 5 (S D 

= 1.4) .  Th e networ k weigh t  structure s fo r  th e tw o full y con -
straine d network s (i.e. .  Contex t  +  Spars e Coding )  ar e show n 
i n Figur e 4  (th e fou r  othe r  condition s wer e no t  graphe d a s 
the y tende d t o hav e smalle r  weights) .  A s ca n b e seen ,  com -
binin g th e contex t  an d spars e codin g constraint s produce d 
network s wit h distinc t  weigh t  structures .  Onc e again ,  i t  ap -
pear s tha t  th e Contex t  -1 -  sp y functio n encourage s loca l  en -
coding .  Interestingly ,  however ,  th e Contex t  -I -  sp ^  functio n 
develope d a  mor e distributed ,  redundan t  encoding . 

General Conclusions 

The result s fro m thes e thre e experiment s sugges t  tha t  a  com -
binatio n o f  contex t  an d spars e codin g constraint s ar e require d 
fo r  th e formatio n o f  adequat e interna l  representations ,  espe -
ciall y whe n th e dat a se t  i s  large .  Moreover ,  analysi s o f  th e 
weigh t  structur e suggest s tha t  mor e accurat e performanc e i s 
due t o th e developmen t  o f  interna l  representation s tha t  ar e 
bot h distribute d an d redundant ,  a s oppose d t o purel y local . 
Althoug h thes e result s ar e preliminary ,  the y sugges t  futur e 
studie s withi n thi s generativ e framework .  Specifically ,  futur e 
researc h wil l  conside r  network s wit h mediatin g layers ,  an d 
network s traine d o n word s usin g th e featur e base d letters . 

I n term s o f  visua l  cognition ,  thes e result s sugges t  tha t  feed -
bac k connection s i n th e brai n ma y provid e contex t  informa -
tio n t o relativel y low-leve l  visua l  areas ,  thereb y aidin g thei r 
abilit y t o discove r  structur e i n thei r  inputs .  Furthermore , 
spars e codin g ma y b e require d t o creat e redundan t  represen -
tation s tha t  actuall y increas e performance . 
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