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Abstract 

We repor t  a  serie s o f  experiment s o n connectionis t  learnin g tha t  addresse s a  particularl y pressin g 
set  o f  objection s t o Ih e plausibilit y  o f  connectionis t  learnin g a s a  mode l  o f  huma n learning .  Con -
nectionis t  model s hav e typicall y suffere d fro m rathe r  sever e problem s o f  inadequat e generalizatio n 
(wher e generalization s ar e significantl y fewe r  tha n trainin g inputs )  an d interferenc e o f  newl y 
learne d item s wit h previousl y learne d items .  Takin g a  cu e fro m th e domain s i n whic h huma n learn -
in g dramaticall y overcome s suc h problems ,  w e se c tha t  indee d connectionis t  learnin g ca n escap e 
thes e problem s i n combinatoriall y  structure d domains .  I n th e simpl e combinatoria l  domai n o f 
lette r  sequences ,  w e find  tha t  a  basi c connectionis t  learnin g mode l  traine d o n 5 0 6-lette r  sequence s 
ca n correctl y generaliz e t o abou t  10,00 0 nove l  sequences .  W e als o discove r  tha t  th e mode l  exhibit s 
ove r  1,000,00 0 virtua l  memories :  ne w item s which ,  althoug h no t  correctl y generalized ,  ca n b e 
learne d i n a  fe w presentation s whil e leavin g performanc e o n th e previousl y learne d item s intact . 
We conclud e tha t  connectionis t  learnin g i s no t  a s hannfu l  t o th e empiricis t  positio n a s previousl y 
reporte d experiment s migh t  suggest . 

1. Introduction 

T wo importan t  capabilitie s o f  h u m a n learnin g tha t  connectionis t  model s hav e unti l  n o w seemingl y 
faile d t o shar e ar e these :  Acquirin g competenc e fro m a  smal l  se t  o f  examples ,  a s childre n d o w h e n the y 
lear n thei r  nativ e languag e b y bein g expose d t o onl y a  ver y smal l  fractio n o f  wha t  the y ar e ultimatel y com -
peten t  with ,  an d fas t  learnin g o f  n e w item s wit h n o interference ,  a s whe n w e lear n n e w fac t  fro m a  singl e 
presentation .  M o r e specifically ,  connectionis m ha s unti l  n o w suffere d fro m th e followin g tw o problems : 

The connectionist generalization problem: Generalizations are few, and do not outnumber training 

examples .  Curren t  model s suggest s tha t  i n orde r  t o obtai n correc t  performanc e o n a  targe t  se t  o f 
inputs ,  a  networ k need s t o b e traine d o n a  sizabl e fractio n (betwee n 2 5 % an d 7 5 % )  o f  th e learnin g 
set .  (Whil e th e amoun t  o f  informatio n tha t  i s availabl e durin g trainin g i s stil l  a n ope n issu e i n th e 
ongoin g debat e betwee n empiricist s an d nativists ,  i t  woul d b e har d t o find  anyon e eve n remotel y 
comfortabl e wit h th e ide a tha t  childre n ar e expose d t o 2 5 % - 7 5 % o f  thei r  ultimat e competence) . 

The connectionist interference problem: New items to be learned are in current practice intermin-
gle d wit h al l  th e previousl y traine d input s an d subjecte d agai n t o th e length y an d rathe r  laboriou s 
trainin g algorithm .  Severa l  experiment s hav e show n tha t  i f  a  networ k successfull y traine d o n on e 
set  o f  item s i s the n traine d o n another ,  th e networ k wil l  unlear n th e firs t  set .  I n McCloske y & 
C o h e n (1988) ,  thi s i s  referre d a s "catastrophi c interference. " 

Ther e i s n o doub t  tha t  connectionis m woul d fai l  i n it s  clai m t o b e a  plausibl e mode l  fo r  h u m a n learn -
in g i f  catastrophi c interferenc e an d wea k generalizatio n wer e invariabl y prevailin g i n al l  domains .  W e hav e 
hypothesized ,  however ,  tha t  connectionis t  network s wil l  no t  suffe r  fro m th e tw o problem s mentione d 

abov e i n combinatoria l  domains .  I n thi s pape r  w e wil l  furthe r  defin e thi s hypothesis ,  an d repor t  o n a  serie s 
of  experiment s supportin g it . 
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2. Hypothesis 

Takin g a  cu e fro m ih e domain s i n whic h huma n learnin g dramaticall y overcome s th e problem s o f 

slo w an d interferentia l  learning ,  lik e languag e an d facts ,  w e hav e hypothesize d tha t  conncctionis t  model s 
wil l  no t  suffe r  fro m th e generalizatio n an d interferenc e problem s i n combinatoria l  domains .  Mor e 
specifically ,  w e hypothesiz e tha t  i n suc h domains ,  w e wil l  see : 

Massive generalization: To learn a set of inputs, only a fraction of the set will need to be trained 
upon . 

Fast, interference-free learning: Once a network has learned a subset of inputs, to learn a new 
inpu t  whic h share s i n th e structur e o f  previousl y U-aine d inputs ,  th e ne w inpu t  wil l  onl y nee d t o b e 
presente d a  fe w time s an d ther e wil l  b e n o interferenc e wit h th e previousl y traine d input s althoug h 
the y ar e no t  b e traine d again . 

We wil l  tak e a  domai n t o b e combinatoria l  i f  th e element s i n th e domai n ar e constructe d b y combin -
in g smalle r  elements ,  an d i f  th e correc t  processin g o f  large r  element s ca n b e generalize d fro m correc t  pro -
cessin g o f  smalle r  element s o f  whic h the y ar e composed ,  takin g du e consideratio n o f  th e mean s o f  compo -
sition . 

3. Experiments 

T o tes t  ou r  hypothesis ,  w e hav e chose n on e o f  th e simples t  combinatoria l  domain s possible :  Carte -
sia n product s o f  sets .  X ,  ar e sets ,  fo r  /  =  1,... ,  n ,  an d ou r  combinatoria l  domai n i s 

X = X i x X 2 y < •• •  x X „  ={(xi,X2,...,x„ )  /  X i  e  Xi } 
X i s th e domai n consistin g o f  sequence s o f  n  elements ,  th e jt h elemen t  i n eac h sequenc e bein g som e 

m e m b er  o f  X, .  I n ou r  experiments ,  al l  X, -  hav e th e sam e numbe r  o f  elements .  W e trai n a n auto-associativ e 
networ k o n a  randoml y selecte d subse t  o f  th e chose n domain ,  an d the n tes t  an d trai n fo r  correc t  associatio n 
eac h o f  th e remainin g item s o f  th e domain ,  on e b y one .  Th e auto-associativ e network ,  associatin g eac h 
ite m wit h itself ,  ca n b e interprete d a s a  grade d recognize r  o f  whethe r  a n inpu t  share s i n th e regularitie s o f 
th e trainin g set . 

I n ou r  connectionis t  experiments ,  eac h clemen t  o f  eac h se t  wa s represente d i n th e networ k a s som e 
patter n o f  activities .  I t  i s  thes e patterns ,  o f  course ,  tha t  matter ,  an d no t  whateve r  n a m e w e find  convenien t 
t o giv e t o th e elements .  I n thi s pape r  w e wil l  us e letter s a s convenien t  label s fo r  thes e elements .  A s a 
furthe r  convenienc e w e wil l  us e th e sam e se t  o f  label s fo r  eac h se t  X ,  i n th e Cartesia n product ,  bu t  agai n 
thi s i s o f  n o consequence .  (I n particula r  th e networ k i s no t  charge d i n an y wa y wit h discoverin g tha t  w e 
lik e t o us e th e sam e lette r  t o labe l  a n elemen t  i n X i  an d a n elemen t  i n X2. )  Thu s i f  «  =  4 ,  a  typica l  elemen t 
of  X  coul d b e writte n (A ,  B ,  A ,  C )  or ,  mor e simply ,  a s th e strin g A B A C .  W e cal l  th e numbe r  o f  element s i n 
X,  A ,  th e alphabe t  size . 

Architecture and training technique 

Th e connectionis t  learnin g techniqu e w e use d i s a  standar d one :  auto-associatio n usin g back -
propagatio n learning . 

Figur e 1 :  Architectur e o f  th e network s use d i n thes e experiment s 

The network is a three-layer feed-forward network in which the input layer and output layer have N units 
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and ihc hidden layer has // units. The architecture is shown in Figure 1. Each training input (one of the ele-
ment s o f  X )  i s represente d a s a  patter n o f  activit y o n th e N  inpu t  unit s accordin g t o a  mappin g describe d 
below .  T h e targe t  outpu t  o n th e N  outpu t  unit s i s identica l  t o th e inpu t  pattern :  th e networ k mus t  associat e 
eac h elemen t  o f  X  wit h itself .  T h e networ k wa s U^ainc d wit h standar d back-propagation ,  th e unit s o f  th e 
networ k bein g semi-linea r  unit s a s i n Rumelhari ,  Hinlo n an d William s (1986) . 

Representation 

Eac h o f  th e n  element s i n X  wer e code d usin g tenso r  produc t  representatio n a s define d i n Smolensk y 
(1987) .  R a n d o m binar y vector s wer e generate d t o represen t  eac h x ,  e  X ,  (fillers )  whil e th e associate d role s 
wer e a  vecto r  representin g th e se t  X ,  i t  belonge d to .  I n al l  th e experiment s w e wil l  repor t  on ,  th e rol e vec -
tor s wer e simpl y th e vector s o f  nul l  activitie s wit h th e exceptio n o f  th e il h coordinat e o f  X i  whic h ha d 

activit y 1 .  T h e representation s wer e thu s semi-local ,  a s define d i n Smolensk y (1987) ,  an d amounte d t o a 
simpl e concatenatio n o f  th e representation s o f  th e X i  's .  Thus ,  i n th e cas e n  =  3 ,  i f  th e rando m binar y vec -
tor s o f  activitie s representin g x i  e  X\ ,  X 2 e  X 2 an d ̂ 3 e  X 3 wer e (1 ,  0 ,  1 ,  1 ,  0 ) ,  (0 ,  0 ,  1,0 ,  0 )  an d (1 ,  1 ,  1 , 

0,  0 ) ,  respectively ,  the n th e vecto r  o f  activitie s representin g (x i  j:2 ,  xj )  w a s simpl y (1 ,  0 ,  1 ,  1 ,  0 ,  0 ,  0 ,  1 ,  0 , 
0.  1 .  1 ,  1 ,  0 ,  0 )  =  (1 ,  0 .  1 ,  1 .  0 )  *  (1 .  0 .  0 )  +  (0 ,  0 ,  1 .  0 ,  0 )  *  (0 ,  1 .  0 )  - H (1 ,  1 ,  1 ,  0 ,  0 )  *  (0 ,  0 ,  1) .  wher e * 
denote s th e tenso r  produc t  operation . 

Performance measures 

O ur  basi c measur e o f  th e network' s performanc e o n a  particula r  inpu t  wa s th e numbe r  o f  outpu t  unit s 
tha t  wer e "correct" :  withi n a  certai n erro r  criterio n e  o f  th e correc t  value .  I n al l  experiment s reporte d i n thi s 
paper ,  w e use d e  =  0.4 .  Fo r  eac h experiment ,  th e networ k wa s initialize d wit h a  rando m se t  o f  smal l 
weights ,  an d th e back-propagatio n algorith m wa s applie d t o eac h patter n o f  th e trainin g set ,  i n a  rando m 
order ,  weigh t  update s bein g performe d afte r  eac h patter n presentation .  Applicatio n o f  th e learnin g algo -
rith m t o th e trainin g se t  wa s repeale d unti l  al l  input s wer e correctl y associate d accordin g t o th e perfor -
m a n ce measur e mentione d above .  T h e reade r  ca n refe r  t o th e appendi x fo r  furthe r  informatio n o n th e 
trainin g procedur e an d th e value s o f  th e experimenta l  parameters .  I n m a n y experiment s th e "contro l 
group "  agains t  whic h performanc e w a s teste d wa s th e se t  o f  al l  possibl e input s wit h activitie s i n {0 ,  1) .  W e 
calle d pattern s belongin g t o thi s se t  "rando m bi t  patterns" . 

4. Results 

4.1. Regularity detection: English 4-letter words 

We repor t  her e o n earl y experiment s designe d t o les t  th e basi c assumptio n tha t  a  feed-forwar d auto -
associato r  i s capabl e o f  learnin g throug h back-propagatio n t o recogniz e whethe r  a n unfamilia r  sequenc e 
share s i n th e combinatoria l  regularitie s characterizin g s o m e domain . 

250 

Novel  4-latte r  Englis h Word s 
Rondom •-lette r  String s 
Random Pattern s 

5 1 0 1 5 
Number  o f  Incorrec t  Bit s 

20 

Figur e 2 :  Generalizations ;  Networ k traine d o n 10 0 Englis h 4-lette r 
words .  Th e networ k generalize s bes t  o n nove l  Englis h words ,  the n 
on 4-letle r  strings ,  the n o n rando m bi t  patterns . 
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We took the domain X to be a set of 1100 4-lcllcr English words, and trained a network (here and hen-

ceforth ,  a  back-propagatio n feed-forwar d auto-associator )  o n 10 0 randoml y selecte d suc h words .  W c the n 

teste d it s generalizatio n abilit y  o n th e 100 0 remainin g untraine d words ,  o n 100 0 randoml y selecte d 4-lette r 

strings ,  an d 100 0 rando m bi t  patterns .  I f  th e networ k ca n recogniz e th e degre e t o whic h n e w pattern s shar e 

i n th e regularitie s wit h th e trainin g set ,  i t  shoul d generaliz e bes t  wit h Englis h words ,  the n 4-lctte r  strings , 

the n random-bi t  patterns .  Thi s i s confirme d experimentall y i n Figur e 2 ,  wher e 8 7 % Englis h word s hav e les s 

tha t  5  incorrec t  bits ,  versu s 4 5 % fo r  rando m string s an d 2 2 % fo r  rando m bi t  patterns . 
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Figur e 3 :  Numbe r  o f  weigh t  update s t o lear n a  ne w input ,  afte r 
trainin g o n 10 0 4-lette r  Englis h words .  Th e networ k learn s nove l 
Englis h word s th e fastest ,  the n 4-lette r  strings ,  the n rando m bi t  pat -
terns . 

Not only do new inputs that share in the regularities of the training set produce fewer erroneous output bits, 

bu t  the y ar e als o easie r  t o learn ,  a s s h o w n i n Figur e 3 . 

200 

iSSKSS;: - Virluo l  Memorie s 
Generolizolion s 

Ronoom Spring s Random Pattern s 

Figur e 4 :  T h e n u m b e r  o f  generalization s an d virtua l  memor ie s fo r 
ih c networ k traine d o n 10 0 Englis h 4-lctte r  words . 

In the following experiments we will summarize information on generalization and ease of learning 
o f  a  n e w inpu t  b y reportin g jus t  th e n u m b e r  o f  generalization s (th e n u m b e r  o f  nove l  pattern s wi t h zer o 
incorrec t  bits )  a n d th e n u m b e r  o f  virtua l  m e m o r i e s .  W e defin e a  virtua l  m e m o r y t o b e a  nove l  inpu t  w h i c h 
ca n b e traine d t o criterio n whi l e leavin g p e r f o r m a n c e o n th e trainin g se t  error-free .  F igur e 4  s h o w s bot h 
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the generalizations and virtual memories for 1000 untrained words, 1000 randomly selected 4-lcttcr strings, 
an d 100 0 rando m bi t  patterns .  (Fo r  computationa l  tim e reasons ,  w e restricte d th e numbe r  o f  learnin g trial s 

w h en testin g fo r  a  virtua l  m e m o r y t o 5 .  Al l  ou r  result s concernin g thei r  numbe r  ar e thu s lowe r  bound s 

only :  Th e us e o f  lowe r  learnin g rale s and/o r  large r  numbe r  o f  trial s coul d yiel d highe r  numbers .  W e wil l 
hencefort h mea n virtua l  memorie s tha t  ca n b e learne d i n les s tha n 5  trial s whe n w e refe r  t o virtua l 
memories. )  W e observ e tha t  th e numbe r  o f  generalization s an d virtua l  memorie s i s th e bigges t  fo r  th e se t  o f 
Englis h words ,  the n fo r  th e se t  o f  rando m 4-lettc r  strings .  Fo r  th e rando m selectio n o f  100 0 rando m bi t  pat -

terns ,  ther e wer e simpl y n o generalizations . 

4.2. Learning in the Cartesian product domain 

I n thi s sectio n w e describ e th e result s o f  ou r  mai n experiments ,  addressin g learnin g i n Cartesia n pro -

duc t  domain s X  =  X  i  x  X 2 x  •  • •  x  X ,  fo r  variou s value s o f  n  an d set s X, . 

Generalization: The number of generalizations in networks trained on 50 inputs in the case A = IIX, II = 26 

an d n  =  2,3 ,  ... .  6  i s show n i n Figur e 5 ,  i n a  semi-logariihmi c plot .  Fo r  th e case s / i  =  2  an d n  =  3 ,  i t  wa s 
possibl e t o tes t  th e entir e se t  o f  untraine d inputs ; 

Generalization s (Median ) 

.9 1 0 

3 4  5 
Lengt h o f  strin g 

Figur e 5 :  Th e numbe r  o f  generalization s fo r  network s traine d o n 
set s o f  siz e 50 ,  wit h A  =  26 ,  a s n  varie s fro m 2  t o 6 . 

Cenerolizatton B (Medion ) 

25 
Siz e o f  Alphobe l 

Figur e 6 :  Th e numbe r  o f  gcnerali/alion s fo r  network s traine d o n 
se u o f  size s 50 .  wit h n  =  4 ,  an d - 4 =  16 ,  21 .  26 ,  31 ,  36 . 

T h e n u m b e r  o f  generalization s fo r  thes e t w o case s i s thu s exact .  F o r  th e case s n  =  4 ,  5 , 6 ,  c o m p l e t e testin g 

w a s no t  feasibl e fo r  computa t iona l  L im e reasons .  W e therefor e teste d a  s a m p l e o f  T  randomly -genera te d 
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inputs (with replacement). The number of generalizations plotted (and later, the number of virtual 

memories )  i s thu s a n estimate ,  assumin g unbiase d samples .  Fo r  eac h valu e o f  th e varyin g paramete r  (i n 

thi s cas e n ) ,  w e repeate d ou r  experiment s 5  time s (a s i n al l  subsequen t  experiments) ,  eac h tim e startin g 

wit h ne w rando m initia l  weights ,  a  ne w randoml y selecte d trainin g set ,  an d a  ne w randoml y selecte d testin g 

set  o f  T  pattern s i n th e case s / i  =  4 ,  5 ,  6 .  Fo r  n  = 4 an d 5 ,  T  wa s 10,000 .  Fo r  «  =  6 ,  T  wa s 100,00 0 fo r 

generalization s an d 10,0(X )  fo r  virtua l  memories .  Figur e 5  display s th e numbe r  o f  generalization s obtaine d 

fo r  eac h experiment ,  a s wel l  a s th e media n numbe r  o f  generalization s obtained .  Figur e 6  show s th e numbe r 

of  generalization s a s th e siz e o f  X ,  ' s  vary . 

Virtual memories: Figure 7 shows the number of virtual memories in the case of a network trained on 50 

inpu t  patterns ,  fo r  n  =  2 ,  3,... ,  6 . 

Virtuo l  Memore s (Medion ) 

Lenat h o f  atnn g 

Figur e 7 :  Th e numbe r  o f  virtua l  memorie s fo r  network s traine d o n 
set s o f  siz e 50 ,  wit h A  =  26 ,  a s n  varie s fro m 2  t o 6 . 

As the combinatorial complexity of the domain increases, we see that large numbers of virtual memories 

ar e obtained .  F o r  n  =  6 ,  fo r  instance ,  w e estimat e tha t  abou t  2. 8 millio n virtua l  m e m o r i e s exist . 

virtua l  Memorie s (Median ) 

25 
Siz e o f  Alphobe t 

Figur e 8 :  Th e numbe r  o f  virtua l  memorie s fo r  network s traine d o n 
set s o f  size s 50 ,  wit h n  =  4 ,  an d / 4 =  16 ,  21 ,  26 ,  31 ,  36 . 

Figure 8 shows the number of virtual memories for networks trained on sets of size 50, with /i = 4 and A = 
16,21,26,31,36 . 

385 



Brouss e &  Smolensk y 

Discrimination tests: To sec how well our networks were doing at discriminating elements from non-

element s o f  X ,  w e conducte d a  numbe r  o f  test s usin g rando m bi t  patterns .  Althoug h i n al l  ou r  experiment s 

th e numbe r  o f  hidde n unit s wa s alway s smalle r  tha n th e numbe r  o f  inpu t  an d outpu t  units ,  thu s preventin g 

th e networ k fro m computin g th e identit y function ,  w e neede d t o mak e sur e tha t  i t  wa s no t  computin g eve n 

an approximatio n o f  it .  Thi s i s confimic d i n tabl e 1 ,  wher e th e first  ro w show s th e rati o o f  th e numbe r  o f 

generalization s i n a  sampl e o f  10,00 0 member s o f  X  (wit h A  = 2 6 an d m =  4 )  t o th e numbe r  o f  generaliza -

tion s obtaine d b y testin g th e sam e network s wit h 10,00 0 rando m bi t  patterns .  Th e secon d ro w show s th e 

ratio s o f  th e numbe r  o f  virtua l  memorie s i n a  sampl e o f  10,00 0 member s o f  X  (wit h A  = 2 6 an d n  =  4 )  an d 

th e numbe r  o f  virtua l  memorie s obtaine d b y testin g th e sam e network s wit h 10,00 0 rando m bi t  patterns . 

We se e tha t  th e network s generaliz e poorl y fo r  rando m bi t  patterns ,  abou t  l/35t h a s wel l  a s fo r  element s o f 

X .  Similarly ,  ther e ar e abou t  1/lOt h a s man y rando m bi t  vector s whic h ar e virtua l  memorie s a s element s o f 

X .  Statistica l  analyses ,  alon g wit h result s o f  additiona l  experiment s o n discrimination ,  ca n b e foun d i n 

Smolensky ,  Brouss e & .  Moze r  (forthcoming) . 

Experiment s 

Discriminatio n Rati o fo r  Generalization s 

Discriminatio n Rati o fo r  Virtua l  Memorie s 

1 

46.9 9 

6.8 1 

2 

22.9 9 

10.4 0 

3 

51.8 6 

10.4 1 

4 

35.2 2 

12.1 9 

5 

31.4 6 

7.2 6 

Tabl e 1 :  Ratio s o f  generalization s fo r  member s o f  X  an d random -
bi t  vectors ,  an d ratio s o f  vitua l  memorie s fo r  member s o f  X  an d 
random-bi t  vectors . 

5.  Conclusio n 

Furthe r  experiment s an d analyse s t o illucidat e thes e result s ar e i n progress ,  bu t  computationa l  cost s 
ar e a  limitin g factor .  Th e dat a point s alon e displaye d her e represen t  th e multiprocesso r  equivalen t  o f 
roughl y 5,4(X )  hour s o f  Sun 3 time .  Th e experiment s reporte d abov e giv e optimisti c result s wit h respec t  t o 
th e generalizatio n an d interferenc e problem s fo r  connectionis t  learning .  A  fulle r  discussio n o f  thes e experi -
ment s m a y b e foun d i n Smolensky ,  Brouss e &  Mozer ,  forthcoming .  Whil e trainin g a  networ k fro m scratc h 
may b e a  length y process ,  w e hav e see n tha t  onc e a  networ k ha s acquire d som e knowledg e o f  th e combina -
toria l  domai n o n whic h th e trainin g i s performed ,  subsequen t  learnin g o f  member s o f  th e domai n i s muc h 
easie r  an d les s pron e t o interferenc e tha n wa s previousl y thought .  Althoug h w e d o no t  provid e evidenc e 
tha t  connectionis t  inductio n algorithm s ar c stronge r  tha n previousl y availabl e inductiv e techniques ,  w e d o 
believ e tha t  w e hav e provide d evidenc e tha t  connectionis m i s mor e compatibl e wit h a n empiricis t  positio n 
on huma n learnin g tha n previou s result s woul d suggest—a t  leas t  withi n combinatoria l  domains . 
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Appendix: Experimental parameters 

I n al l  ou r  experiments ,  th e momen tu m wa s 0. 9 an d th e erro r  criterio n e  wa s 0. 4 bot h fo r  trainin g an d 

fo r  testin g o f  virtua l  memories .  Th e learnin g rat e wa s 0.0 1 fo r  trainin g an d 0. 2 fo r  virtua l  memor y learning , 
excep t  fo r  «  = 2 wher e th e trainin g learnin g rat e wa s 0.005 .  Th e vector s representin g X ,  wer e rando m 
binar y vector s o f  lengt h 8 .  // ,  th e numbe r  o f  hidde n units ,  wa s linearl y increase d a s n  increase d accordin g 

i o h  =  5  X  n ,  resultin g i n a  constan l  compressio n facto r  o f  8: 5 from  inpu t  t o hidde n units .  Initia l  weight s 

wer e generate d pseudo-randomly ,  wit h equa l  probabilit y  i n th e interva l  [-0.5 ,  0.5] .  Pattern s i n th e trainin g 
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set were presented to the network in a rancU)m orck-r during an epoch, and weights were updated after each 
pattern .  Becaus e gradien t  descen t  suffer s fro m ili c  proble m o f  loca l  minima ,  som e trainin g set s coul d no t  b e 

learne d i n a  reasonabl e time .  W h e n tha t  happene d w e simpl y starte d th e experimen t  over .  W h e n th e erro r 
fo r  al l  input s o f  th e trainin g set s reache d 0 ,  w e traine d agai n fo r  1 0 epoch s t o ensur e stability .  (Sinc e 
weight s ar e change d afte r  eac h patter n presentation ,  a  tota l  erro r  o f  0  a t  th e en d o f  on e epoc h doe s no t 

guarante e tha t  th e nex t  wil l  stil l  contai n error-fre e patterns. )  Al l  network s wer e standar d three-laye r  feed -
forwar d back-propagatio n networks ,  wit h bia s o n al l  hidde n an d outpu t  units . 

The followin g tabl e show s othe r  relevan t  parameters .  W e onl y sho w minim a an d max im a fo r  th e 
number  o f  epoch s durin g trainin g displaye d i n th e rightmos t  columm .  Th e colum n labele d "Trainin g set " 
refer s t o th e numbe r  o f  inpu t  pattern s i n th e trainin g set s used . 

Figur e 

2 

3 

4 

5 

6 

7 

8 

Domai n X :  A 

26 

26 

26 

26 

Varie s 

26 

26 

Domai n X :  n 

4 

4 

4 

Varie s 

4 

Varie s 

4 

X:  Constrain t 

Englis h 

Englis h 

Englis h 

none 

none 

none 

none 

Hidde n Unit s 

20 

20 

20 

Varie s (5n ) 

20 

Varie s (5« ) 

20 

Trainin g Se t 

100 

100 

100 

50 

50 

50 

50 

Epoch s 

255 

255 

555 

119-48 6 

164-25 9 

119-48 6 

164-25 9 
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