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Universit y o f  California ,  Sa n Dieg o 
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Departmen t  o f  Informatio n Scienc e 

Universit y o f  Pittsburg h 

Davi d Zipse r 

Institut e fo r  Cogntiv e Scienc e 

Universit y o f  California ,  Sa n Dieg o 

ABSTRACT 

The recent development of powerful learning algorithms for parallel distributed networks has made it pos-

sibl e t o progra m computatio n i n a  n e w way .  Thes e ne w technique s allo w u s t o progra m massivel y paralle l  net -

work s b y exampl e rathe r  tha n b y algorithm .  Thi s kin d o f  extensiona l  programmin g i s  especiall y usefu l  whe n 

ther e ar e n o know n technique s fo r  solvin g a  problem .  Thi s i s  ofte n th e cas e wit h th e computation s associate d 

wit h basi c cognitiv e processe s suc h a s visio n an d audition .  I n thi s pape r  w e appl y th e techniqu e t o th e proble m 

of  learnin g a n efficien t  interna l  representatio n o f  imag e informatio n direcd y fro m a  gray-scal e image .  W e com -

par e th e result s o f  thi s t o th e engineerin g versio n o f  thi s problem ,  i.e. ,  imag e compression .  Ou r  result s demon -

strat e tha t  a  ver y simpl e learnin g metho d learn s interna l  representation s tha t  ar e nearl y a s efficien t  a s thos e 

develope d b y th e bes t  know n technique s i n imag e compression .  Thu s w e hav e a  techniqu e whereb y neuron-lik e 

network s ca n self-organiz e t o for m a  compac t  representatio n o f  a  visua l  environment . 
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INTRODUCTION 

The recent development of powerful learning algorithms for parallel distributed networks has made it pos-

sibl e t o progra m computatio n i n a  ne w way .  Thes e ne w technique s allo w u s t o progra m massivel y paralle l  net -

work s b y exampl e rathe r  tha n b y algorithm .  Thi s kin d o f  extensiona l  programmin g i s  especiall y usefu l  whe n 

ther e ar e n o k n o w n technique s fo r  solvin g a  problem .  Thi s i s  ofte n th e cas e wit h th e computation s associate d 

wit h basi c cognitiv e processe s suc h a s visio n an d audition .  I n thi s pape r  w e appl y th e techniqu e t o th e proble m 

of  learnin g a n efficien t  interna l  representatio n o f  imag e informatio n directl y fro m a  gray-scal e image .  W e com -

pare  th e result s o f  thi s t o th e engineerin g versio n o f  thi s problem ,  i.e. ,  imag e compression .  Ou r  result s demon -

strat e tha t  a  ver y simpl e learnin g metho d learn s interna l  representation s tha t  ar e nearl y a s efficien t  a s thos e 

develope d b y th e bes t  know n technique s i n imag e compression .  Thu s w e hav e a  techniqu e whereb y neuron-lik e 

network s ca n self-organiz e t o for m a  compac t  representatio n o f  a  visua l  environmen t 

The technique we employ is known as back propagation, developed by Rumelhart, Hinton, and Williams 

(1986) .  Whil e w e wil l  no t  g o int o th e detail s o f  i t  here ,  bac k propagatio n ca n b e considere d a  generalizatio n o f 

th e perceptro n learnin g procedur e fo r  multilaye r  nonlinea r  network s o f  neuron-lik e computin g elements .  Train -

in g th e netwoi k consist s o f  repeate d presentation s o f  input-outpu t  pair s representin g th e functio n t o b e learned . 

Th e learnin g algorith m operate s b y adjustin g th e weight s betwee n th e element s o f  th e networ k i n suc h a  wa y a s 

t o reduc e th e overal l  erro r  i n th e output .  I n man y cases ,  th e netwoi k finds  a  solutio n t o th e proble m tha t  wa s 

unknow n i n advanc e t o th e user .  I n doin g so ,  i t  develop s it s o w n interna l  representatio n o f  th e inpu t  tha t  i s  use -

fu l  fo r  solvin g th e problem .  I t  i s  ofte n difficul t  t o analyz e thi s representatio n becaus e m a n y unit s ar e involve d 

and th e representation s ar e highl y distribute d ove r  th e se t  o f  interna l  units .  A  subgoa l  o f  th e presen t  researc h i s 

t o m a k e a  first  ste p toward s unravelin g th e natur e o f  thes e representation s b y applyin g th e learnin g mechanis m 

t o a  domai n wher e th e type s o f  usefu l  representation s hav e bee n wel l  studied . 

Another aspect of this work is tiiat the representation of images in an efficient format by neuron-like com-

putin g element s m a y give  u s clue s t o th e wa y suc h informatio n i s represente d i n actua l  neura l  tissue .  Th e learn -

in g procedur e itsel f  i s no t  particularl y biologicall y plausible ,  bu t  th e mechanism s i t  discover s fo r  solvin g prob -

lem s ar e (Zipser ,  i n press) .  Whedie r  o r  no t  ther e i s anythin g lik e bac k propagatio n i n th e brain ,  w e lea m some -

thin g abou t  h o w th e brai n coul d solv e problem s fro m th e "neural "  solution s i t  discovers .  Suc h informatio n coul d 

be usefu l  i n guidin g neurobiologist s i n thei r  observation s o f  cel l  firing s durin g cognitiv e tasks . 
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Encode r  Network s 

The problem of finding an efficient internal representation of an environment is called the encoder prob-

lem.  '  I n PD P network s usin g bac k propagation ,  thi s proble m i s solve d b y givin g a  networ k th e proble m o f  per -

formin g a n identit y mappin g ove r  som e se t  o f  inputs .  Th e networ k i s constraine d t o perfor m thi s mappin g 

throug h a  narro w channe l  o f  th e network ,  forcin g i t  t o develo p a n efficien t  encodin g i n tha t  channel .  Ther e ar e 

two interestin g aspect s t o this :  (a )  th e networ k i s developin g a  compac t  representatio n o f  it s "environment" ;  an d 

(b )  althoug h th e algorith m use d wa s develope d a s a  supervise d learnin g scheme ,  i n thi s cas e th e learnin g ca n b e 

regarde d a s unsupervised—sinc e th e trainin g signa l  i s th e sam e a s th e input ,  th e syste m self-organize s t o encod e 

th e environment . 

A network appropriate for performing this task in the image domain is shown in Figure 1. It consists of 

an 8x 8 inpu t  patch ,  correspondin g t o a  two-dimensiona l  patc h o f  a n image ,  tha t  i s completel y connecte d t o six -

tee n hidde n units ,  th e "narro w channel "  throug h whic h th e patc h o f  imag e mus t  b e transmitted .  Thes e hidde n 

unit s ar e completel y connecte d t o a n 8x 8 outpu t  patch ,  wher e th e imag e i s reconstructed . 

PROCEDURE 

We trained the above network with a digitized image of the Intelligent Systems Group (ISG) at UCSD 

(Figur e 2) .  A  digitize d imag e i s a n Mx/ V ligh t  intensit y functio n f(x,y) ,  wher e x  an d y  correspon d t o th e spatia l 

coordinate s withi n th e image ,  2tn A f{x,y )  i s  a  ligh t  intensit y valu e fro m 0  t o 255 .  On e elemen t  o f  f(x,y )  i s 

ofte n referre d t o a s a  pixel ,  fo r  pictur e element .  Thu s th e origina l  imag e ha s eigh t  bit s o f  informatio n fo r  eac h 

pixel .  However ,  ther e i s a  grea t  dea l  o f  redundanc y i n thi s information .  Neighborin g pixe l  value s wil l  ten d t o 

be highl y correlated .  I f  th e networ k ca n captur e thi s redundancy ,  i t  ca n represen t  th e imag e mor e compactly . 

We traine d ou r  networ k b y randoml y samplin g 8x 8 patche s o f  thi s image ,  convertin g th e gra y leve l  valu e 

linearl y t o th e rang e [0,1]. ^  Thes e value s for m th e inpu t  t o th e network .  Activatio n passe s throug h th e net ,  an d 
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Figur e 1 .  Th e networ k use d i n mos t  o f  ou r  examples . 

'  Ackley ,  Hinlon ,  an d Sejnowsk i  (1985 )  wer e th e first  t o demonstrat e a  learnin g algorith m fo r  P D P network s tha t  coul d solv e th e encode r 
problem . 

2 We used the usual sigmoidal activation function, with the output range scaled to [-1,1]. Since this function only asymptotically achieves the 
end values ,  i t  i s  easie r  fo r  a  uni t  t o achiev e value s i n th e middl e o f  th e range.  Henc e convertin g th e gra y scal e value s t o th e rang e [0,.85 ] 
work s bette r  o n thi s problem .  W e sho w result s fro m th e [0,1 ]  conversio n fo r  historica l  reasons . 

463 



,,-— ? 

Figur e 2 .  Th e origina l  imag e o f  th e Intelligen t  System s Grou p (ISG )  a t  UCSD. 

activation of the output patch is obtained. This is compared with the input value, error is propagated back 

throug h th e network ,  an d th e weight s ar e update d accordin g t o th e bac k propagatio n algorithm .  W e use d a n ini -

tial  learnin g rat e o f  .2 5 (n o m o m e n t u m ) ,  an d traine d th e networ k o n 100,00 0 patche s o f  th e image .  The n th e 

learnin g rat e wa s lowere d t o .0 1 an d th e ne two ± wa s traine d fo r  a n additiona l  50,00 0 iterations . 

Th e resul t  o f  thi s trainin g i s a  "patc h compressor. "  A  reproductio n o f  th e imag e ca n b e obtaine d b y sys -

tematicall y applyin g thi s patc h compresso r  acros s th e origina l  image ,  reconstructin g a  (nonoverlapping )  patc h a t 

a time.  I n thi s way ,  th e entir e imag e i s passe d throug h th e narro w channe l  o f  th e hidde n units ,  an d w e ca n vie w 

th e reconstructe d imag e t o ge t  a n ide a o f  th e fidelit y o f  th e representatio n obtaine d b y th e hidde n units . 

I n orde r  t o compar e ou r  result s t o tha t  o f  imag e compressio n techniques ,  i t  i s  necessar y t o obtai n a  com -

parabl e measur e o f  th e numbe r  o f  bit s use d t o represen t  th e image .  Imag e compressio n i s measure d b y th e 

number  o f  bit s transmitte d pe r  pixe l  o f  th e reproduce d image .  I n ou r  cas e thi s correspond s to : 

, . . (bits/hidden unit output)x(# hidden units) 

# o f  pixel s reproduce d 

We must quantize (round off to a fixed number of values) the outputs of the hidden units in order to use this 

formula -  Fo r  example ,  i f  w e roun d of f  t o 3 2 differen t  ouQ)u t  values ,  the n thi s correspond s t o fiv e bit s pe r  hid -

de n uni t  outpu t  I n th e followin g examples ,  w e use d a  unifor m quantizer—th e rounded-of f  value s ar e equall y 

space d betwee n [-1,1] .  W e coul d hav e don e bette r  (i n term s o f  resultin g error )  b y quantizin g i n range s wher e 

th e hidde n uni t  output s spen d mos t  o f  thei r  time . 

Finally ,  w e nee d a n objectiv e fidelit y criterio n t o measur e h o w clos e th e reconstructe d imag e i s t o th e ori -

ginal .  Th e standar d measur e use d i s th e mea n squar e erro r  normalize d wit h respec t  t o th e square d intensit y o f 

th e image .  I f  g(x,y )  i s  th e reproduce d image ,  the n di e erro r  i s give n b y 

eix,y) = g(x,y)-f{x,y). 
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th e mean-squar e erro r  i s  give n b y 

MSB =^ZI.eHx,y). 

and the normalized MSE with respect to the average squared intensity of the image is given by 

MSE 
N M SE 

J M-lN- l 

T Pn 

Thi s i s wha t  w e wil l  use ,  expresse d i n percent . 

RESULTS 

The proble m i s t o develo p a n efficien t  representatio n o f  th e informatio n i n a  digitize d image .  Th e net -

wor k o f  Figur e 1  doe s thi s b y processin g repeate d presentation s o f  sample s o f  th e visua l  environmen t  (th e imag e 

i n Figur e 2) ,  usin g bac k propagatio n t o correc t  th e interna l  representation .  Th e resul t  i s  tha t  th e imag e ca n b e 

represente d wit h ver y litd e los s o f  informatio n wit h 1  bit/pixel ,  representin g a n eight-fol d compressio n o f  th e 

informatio n i n th e image .  Also ,  th e sam e representatio n doe s a  goo d jo b o f  reproducin g severa l  image s th e net -

wor k wa s no t  traine d on . 

Some reconstructions of the ISG image are shown in Figure 3. In Figure 3A five bits of hidden unit out-

put  wer e used ,  representin g 1.2 5 bits/pixel .  Th e mos t  noticeabl e degradatio n fro m di e origina l  imag e i s tha t  th e 

stripe s o n th e shir t  o f  th e seate d gentlema n (Do n Norman )  ar e gone .  Thi s i s no t  noticeabl y differen t  fro m th e 

resul t  i f  w e d o no t  quantiz e th e hidde n units .  O n th e othe r  hand ,  reducin g th e outpu t  level s b y anotfie r  bi t  (1 6 

values )  mor e noticeabl y degrade s th e imag e (Figur e SB) . 

I t  turn s ou t  w e ca n recove r  th e shir t  stripe s i f  w e us e mor e hidde n units ,  bu t  compressio n suffers .  Figur e 

4A i s a  reconstructio n usin g 3 2 hidde n units ,  wit h 1 6 outpu t  value s each .  Thi s represent s a  compressio n o f  2 

bits/pixel .  Highe r  compressio n ca n b e obtaine d b y usin g fewe r  hidde n units ,  bu t  th e resul t  i s  les s satisfying . 

Figur e 4 B show s th e result s o f  usin g a  networ k wit h 8  hidde n unit s an d 3 2 outpu t  values ,  resultin g i n .62 5 

bits/pixel .  Mor e example s explorin g th e spac e o f  number s o f  hidde n unit s vs .  number s o f  quantizatio n level s 

can b e foun d i n (Cottrell ,  Munro ,  &  Zipser ,  i n press) . 

How goo d a  representatio n i s thi s fo r  image s othe r  tha n th e trainin g image ? W e naivel y expecte d tha t 

perhap s a  networ k coul d b e traine d tha t  woul d wor k wel l  fo r  al l  images ,  justifyin g th e expens e o f  th e initia l 

training .  Thi s i s a  somewha t  misplace d dream ,  give n tha t  ou r  networ k learns ,  i n som e sense ,  th e statistic s o f  th e 

imag e i t  i s  traine d on ,  an d differen t  image s hav e differen t  statistics .  However ,  i t  ma y wor k wel l  fo r  a  clas s o f 

images .  I t  turn s ou t  tha t  i t  doe s a  goo d jo b o f  reproducin g som e image s tha t  i t  wasn' t  traine d on .  Tw o o f  th e 

image s w e teste d i t  o n an d thei r  reproduction s ar e show n i n Figur e 5 .  W e expec t  tha t  i t  woul d no t  wor k wel l 

fo r  image s wit h ver y differen t  statistics ,  suc h a s text ,  bu t  hav e no t  ha d a  chanc e t o tr y i t  o n suc h image s yet . 

The Internal Representation 

What  i s th e interna l  representatio n a t  th e hidde n uni t  layer ? Figur e 6  show s th e interna l  representatio n fo r 

eigh t  hidde n units .  Eac h ro w correspond s t o on e hidde n unit .  Figur e 6 A show s th e weigh t  matri x fo r  eac h o f 

eigh t  hidde n unit s diresholde d a t  variou s levels ,  on e hidde n uni t  pe r  row .  Th e cente r  column ,  representin g a 

threshol d o f  0 ,  identifie s whic h weight s ar e negativ e an d whic h positive .  Thi s give s a n ide a o f  th e kin d o f  pat -

ter n tha t  excite s eac h hidde n uni t  th e most .  Figur e 6 B show s th e outpu t  patc h drive n b y eac h hidde n uni t  alone . 

Again ,  eac h ro w correspond s t o on e hidde n unit ,  an d th e column s correspon d t o differen t  level s o f  activatio n 

from  th e hidde n uni t  Th e right-han d colum n thu s correspond s t o th e outpu t  weight s fro m tha t  hidde n unit .  On e 

obviou s thin g t o not e her e i s tha t  th e hidde n unit s tr y t o reproduc e wha t  the y "see. "  Figur e 6 C show s th e sam e 

informatio n a s 6B ,  i n a  gra y scal e imag e (6 B i s a  thresholde d versio n o f  6C) . 
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B 

Figures .  Quantizatio n effects .  A :  5  bits ,  1.2 5 bits/pixel ,  N M S E 0.474% .  B :  4  bits ,  1  bit/pixel ,  N M S E 0.676% . 
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age usin g eigh t  hidde n units ,  3 2 quantize r  levels ,  resultin g m .62 5 b.ts/p.xel ,  N M ^ t . 
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Figur e 5 .  T w o image s (o n thi s pag e an d next )  reproduce d b y th e networ k traine d o n th e imag e i n Figur e 2 .  A :  Th e SymboHc s Graphic s 
group .  B :  Reproduce d image ,  usin g si x bit s o f  quantize d values ,  1. 5 bits/pixel ,  N M S E 1.267% . 
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Figures .  C :  Cadillac .  D :  Reproduce d Cadillac ,  1. 5 bits/pixel ,  N M SE 0.764% . 

What  d o thes e weights  represent ? W e don' t  hav e a n analyti c answe r  t o thi s question .  However ,  w e ca n 

compar e th e network' s solutio n t o a  standar d technique ,  di e Principa l  Component s Transfor m (PCT) ,  t o ge t  a n 

ide a o f  wha t  i t  does . 

Firs t  w e se t  u p som e correspondence s betwee n ou r  networ k an d th e usua l  imag e compressio n system .  Th e 

first  ste p i n a  transfor m encodin g syste m i s t o multipl y th e patc h vecto r  b y a  matri x t o obtai n les s correlate d 

coefficients : 

y =  Ax . 

The y, 's are sent through a channel in a coded form, and at the other end they are transformed back into image 

space .  Th e reconstructe d imag e i s th e invers e transfor m 

x = A-'y. 

It is the form of A that determines the type of transform. In the principal components transform, the rows of A 

ar e th e eigenvector s o f  th e covarianc e matri x o f  th e x  patc h vector .  Thi s correspond s t o settin g u p a  n e w coor -

dinat e syste m wit h axe s alon g th e direction s o f  m a x i m u m variance ,  an d sendin g th e coordinate s i n thi s n e w sys -

tem.  The n th e invers e matri x convert s bac k int o imag e coordinates .  Fo r  a  principa l  component s transform ,  thi s 

invers e matri x i s jus t  th e transpos e o f  A .  W h a t  i s ofte n don e i n thi s cas e i s t o jus t  sen d th e coordinate s alon g 

th e first  k  dimensions—th e one s wit h highes t  variance .  W h a t  thi s mean s i s tha t  th e coefficient s themselve s (th e 

coordinate s alon g thes e high-varianc e axes )  als o hav e varianc e tha t  i s hig h fo r  th e first  coordinat e an d tha t 

monotonicall y decreases . 

The analog in our network is that A is the weight matrix between the input and hidden unit layers, with 

each ro w o f  A  correspondin g t o th e inpu t  weights  o n on e hidde n unit ,  an d eac h hidde n uni t  outpu t  a  semilinea r 

versio n o f  y, .  Similarly ,  th e weigh t  matri x betwee n th e hidde n unit s an d th e outpu t  patc h correspond s t o A " ^ 

Now, we can begin to understand what the network does. First, observation has shown that during 
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(C) 

Figur e 6 .  Th e interna l  representation.  A :  Th e weigh t  matrice s fro m th e inpu t  patc h t o eigh t  hidde n units ,  thresholde d fro m —.7 5 t o +.75 . 
The middl e colum n (zer o threshold )  show s th e "canonical "  featur e responded  t o b y tha t  hidde n uni t  B :  Th e outpu t  patc h drive n b y eac h hid -
den uni t  a t  differen t  outpu t  value s fro m —1 t o 1 .  C :  Th e sam e pictur e a s (B )  o n a  colo r  monitor . 

reconstruction of an image, the hidden unit outputs are mostly in the linear range of the activation function. So 

th e networ k make s littl e us e o f  th e nonlinearity .  Second ,  not e tha t  Figur e 6  show s tha t  th e networ k als o use s th e 

transpos e o f  th e inpu t  weight s a s th e outpu t  weights . 

Finally ,  notic e tha t  th e final  imag e ca n b e regarde d a s a  linea r  combinatio n o f  basi s images :  on e fo r  eac h 

coefficien t  (o r  hidde n uni t  output) .  Fo r  compariso n purposes .  Figur e 7  show s th e basi s image s fro m th e princi -

pal  component s transfor m fo r  a  pictur e o f  a  camerama n (fro m Gonzale s &  Wintz ,  1977) .  Figur e 6B ,  th e las t 

column ,  show s th e sam e thin g fo r  eigh t  unit s o f  ou r  network .  Unlik e th e principa l  component s transform ,  ther e 

i s n o obviou s w a y t o orde r  th e basi s images . 

Thi s i s  reflecte d i n th e variance s o f  th e hidde n units '  outputs :  The y ar e al l  abou t  equa l  (t o 0.1 )  an d th e 

amount  o f  erro r  i n th e outpu t  accounte d fo r  b y eac h on e i s o f  comparabl e size .  Bac k propagatio n ha s sprea d th e 

erro r  relativel y evenl y acros s th e hidde n units .  I n th e principa l  component s transform ,  th e "hidde n units "  woul d 
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Figur e 7 .  T h e se t  o f  Hotellin g basi s i m a g e s fo r  a  particula r  i m a g e .  ( F r o m G o n z a l e s &  W i n t z ,  1 9 7 7 .  Repr inte d b y pennission. ) 

have monotonically decreasing variance, and the variance typically falls off very quickly, so that they differ by 

order s o f  magnitude .  Ou r  conjectur e a t  thi s poin t  i s tha t  th e hidde n unit s spa n th e spac e o f  th e first  severa l  prin -

cipa l  components ,  bu t  ar e rotate d s o tha t  eac h ca n hav e abou t  equa l  variance . 

DISCUSSION 

This study has produced results that have implications for both connectionist networks and image 

compression .  T '  ̂s e ar e discusse d an d summarize d below . 

Implications for Connectionist Networks 

Extensional Programming 

The major result of this study is that a relatively straightforward application of the back-propagation learn-

in g procedur e t o a  proble m tha t  ha s bee n studie d fo r  man y year s result s i n nea r  state-of-the-ar t  performance . 

The ke y poin t  i s  tha t  thi s performanc e wa s obtaine d no t  b y progranmiin g a  connectionis t  solutio n t o th e prob -

lem,  bu t  b y th e proces s o f  extensiona l  programming .  I n thi s procedure ,  man y example s o f  th e desire d behavio r 

ar e presente d an d th e networ k mus t  progra m itsel f  t o achiev e th e behavior .  Thi s suggest s tha t  othe r  problems , 

wher e solution s ar e no t  know n i n advance ,  ma y b e solve d b y bac k propagation . 

A major problem with this technique is determining post hoc how the network solved the problem. In our 

case ,  w e hav e som e piece s o f  th e answer ,  mainl y becaus e imag e compressio n i s a  well-studie d problem .  Henc e 

we hav e som e ide a wha t  t o loo k  for ,  i f  no t  a n analytica l  solution .  B y compariso n o f  ou r  networ k t o th e tech -

nique s o f  imag e compression ,  w e ca n gai n insigh t  int o th e solutio n found .  However ,  thi s wil l  no t  b e th e cas e i n 

general .  Th e importanc e o f  bac k propagatio n i s tha t  whethe r  w e kno w ho w t o solv e th e proble m o r  not ,  whethe r 

we kno w o f  a n algorith m fo r  th e solutio n o r  not ,  bac k propagatio n wil l  i n mos t  case s find  a  solutio n t o th e map -

pin g simpl y fro m example s o f  th e input-outpu t  patterns . 

Another key point is that the network self-organizes to represent its environment. This is discussed else-

wher e wit h relatio n t o answerin g th e questio n o f  ho w meanin g migh t  b e grounde d i n perceptio n (Chauvin ,  1986 ; 

Cottrell ,  1987) . 
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Linea r  Network s 

There is currently a bias in the connectionist community, shared by the authors of this article, against 

linea r  networks .  Thi s i s partl y du e t o th e assumptio n tha t  "interesting "  problem s mus t  requir e nonlinearit y fo r 

thei r  solution .  Whil e th e result s wer e no t  reporte d here ,  w e foun d tha t  a  linea r  versio n o f  th e networ k produce d 

result s compatibl e wit h th e nonlinea r  version .  Sinc e identit y mappin g i s a  linea r  proble m thi s i s no t  to o surpris -

ing .  However ,  i t  i s  usefu l  t o chec k whethe r  nonlinearit y i s necessar y fo r  a  particula r  problem .  I f  not ,  th e elimi -

natio n o f  evaluatin g th e logisti c functio n ca n lea d t o mor e efficien t  solutions .  I f  bot h approache s appea r  viable , 

compariso n o f  th e tw o ca n lea d t o a  bette r  understandin g o f  nonlinea r  solutions ,  sinc e th e linea r  networ k lend s 

itsel f  t o analysi s m u c h mor e readil y tha n th e nonlinea r  on e (Williams ,  1985) .  Thi s approac h need s t o b e carrie d 

furthe r  i n futur e work . 

Internal Representations 

One of the typical ways to speak of the solutions discovered by back propagation learning is to say that 

th e networ k discover s regularitie s i n th e input .  Thi s pape r  add s a t  leas t  a  ne w vocabular y fo r  discussin g th e 

kind s o f  regularitie s discovere d i n th e cas e o f  autocoding .  W e ca n loo k a t  th e varianc e o f  th e hidde n unit s a s 

indicativ e o f  thei r  usefulnes s i n th e resultin g solution .  I t  m a y no t  b e th e cas e tha t  hidde n unit s spa n th e princi -

pal  subspac e o f  th e covarianc e matrix ,  tha t  is ,  th e spac e spanne d b y a  P C T solution ,  bu t  i t  i s  possibl e tha t  th e 

hidde n unit s ar e finding  th e bes t  approximatio n t o thi s withi n th e constrain t  tha t  th e logisti c functio n impose s o f 

a limite d rang e o n th e coefficients .  I f  thi s turn s ou t  t o b e true ,  the n w e m a y spea k o f  th e hidde n unit s a s finding 

at  leas t  a n analo g o f  th e principa l  subspac e an d a s discoverin g usefu l  axe s o f  covarianc e o f  th e input . 

Implications for Image Compression 

A major result of this work is the application of a new way of minizing mean square error to a real-world 

proble m tha t  show s i t  i s  competitiv e wit h P C T .  Thi s n e w techniqu e ha s severa l  possibl e advantage s ove r  P C T 

an d othe r  curren t  techniques .  Thes e nee d confirmatio n b y furthe r  investigation . 

One advantage is the relatively equal distribution of error among all of the coefficients. This should lead 

t o a  reductio n i n th e effect s o f  channe l  errors .  I n P C T an d othe r  technique s tha t  approximat e it ,  channe l  error s 

tha t  affec t  th e coefficient s wit h hig h varianc e ca n resul t  i n a  patc h tha t  i s  dominate d b y th e correspondin g basi s 

image .  Th e relativel y equa l  contribution s o f  eac h basi s imag e i n th e networ k solutio n shoul d mitigat e thes e 

effects .  I n particular ,  w e kno w i n advanc e wha t  rang e th e valu e shoul d b e in ,  an d i f  a  coefficien t  i s  suspecte d 

of  bein g i n error ,  a n acceptabl e restoratio n o f  th e patc h ca n probabl y b e effecte d b y simpl y eliminatin g tha t 

coefficien t  o r  replacin g i t  wid i  it s  averag e value . 

Second, because of the fixed range of the coefficients, problems with "tracking" the coefficients by an 

adaptiv e quantize r  i s mitigated .  Adaptiv e quantizer s tr y t o follo w coefficient s a s the y change ,  changin g th e 

quantizatio n a s th e coefficient s shift .  The y ca n "los e track. "  I n ou r  system ,  w e k n o w i n advanc e th e rang e o f 

th e coefficients ,  whic h shoul d mak e thi s les s o f  a  problem . 

Third, the ability of our network to generalize to novel images is striking. The performance of the linear 

networ k i s especiall y encouragin g i n thi s regard .  Thi s require s som e qualification .  First ,  i t  i s  likel y tha t  thi s 

generalizatio n doe s no t  appl y t o image s wit h ver y differen t  statistics ,  suc h a s text .  Second ,  w e ar e no t  awar e o f 

wor k i n thi s are a investigatin g th e abilit y  o f  P C T t o generaliz e t o image s othe r  tha n th e "training "  image . 

Furthe r  wor k shoul d compar e thes e techniques . 

CONCLUSIONS 

The major result of this work is in demonstrating the efficacy of current connnectionist techniques for pro-

grammin g b y example ,  rathe r  tha n algorithm .  W e hav e terme d thi s extensiona l  programming .  Th e result s her e 

sugges t  dia t  thi s techniqu e i s a  powerfu l  one .  It s naiv e applicatio n t o a  proble m o f  curren t  interes t  amon g 

engineer s resulte d i n respectabl e performanc e compare d t o curren t  methods . 
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However ,  bac k propagatio n i s no t  a  panacea—i t  bring s ne w problem s o f  it s  own .  Designin g a  connection -

is t  representatio n o f  th e inpu t  (an d outpu t  fo r  nonautocodin g problems )  i s itsel f  a n art .  Th e representatio n mus t 

contai n enoug h informatio n t o licens e solutio n o f  th e problem ,  withou t  providin g s o muc h tha t  th e solutio n i s 

trivial .  However ,  Hinto n (1986 )  ha s show n tha t  a t  leas t  i n som e domains ,  bac k propagatio n ca n eve n desig n th e 

inpu t  representatio n simpl y fro m th e occurrenc e o f  a  toke n i n context . 

The results of this study suggest that one useful approach to problems for which no algorithm is known, or 

fo r  whic h n o paralle l  algorith m i s known ,  i s t o us e connectionis t  representation s o f  th e proble m an d allo w th e 

networ k t o discove r  th e progra m itself .  Analysi s o f  th e th e program s thu s discovere d ma y ai d i n ou r  understand -

in g o f  th e proble m an d lea d t o method s fo r  doin g th e programmin g ourselves .  A  variet y o f  problem s tha t  cogni -

tiv e scienc e i s concerne d wit h ar e o f  thi s character—th e input-outpu t  behavio r  i s known ,  bu t  th e algorith m i s 

not  Wit h extensiona l  programmin g w e ca n begi n t o investigat e algorithm s tha t  w e di d no t  inven t  ourselves . 
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