
Ole T ogeby

Translation of Prepositions by Neural
Networks

Abstract
Translation of prepositions poses a very serious problem to machine 

translation because prepositions are highly ambigous. In theory prepo­
sitions can be disambiguated by a filter that excludes already generat­
ed representational objects with no selection restriction match between 
preposition and np, but it takes too long time in practice. A neurstl net­
work makes the disambiguation in fractions of a second, because it is fast, 
robust and very powerful.

1 The Problem
T h e  translation  o f  preposition s poses a  very serious p rob lem  to  m ach ine trans­
lation  because prepositions are h igh ly  am bigious— each o f  the m ost 10 frequent 
prepositions in on e o f  the 9 E U R O T R A  languages is translated  in to  10 different 
prepositions in each o f  the 8 o th er languages— and becau se  preposition s alw ays 
will generate m any attachm ent patterns.

Take the exam ple:

Lenin w rote  this note  in his n o te b o o k  in 3 m inutes in C open h agen

T here are the flat structure and the deep  structure and  6 a ttachm ent patterns 
in betw een:
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It is ob v iou s  in  this exam ple that in  d oes not m ean the sam e th ing in the three 
clauses: in  his notebook, in  3  m inu tes  and in  C openhagen. T h e  first on e m eans 
D IR E C T IO N , the secon d  one: T IM E : H O W  L O N G , and the third one: P L A C E  
W H E R E . In o th er w ords, w e need (a t least) three lexical entries for  the w ord 
in. O th er entries are needed for  in  1897, in  anger, in  danger, in  varioris colours, 
w ith  the m ailings: T IM E  W H E N , IN  A  M O O D  O F , D U R IN G  A N  A C T IV IT Y  
O F , O F  A  Q U A L IT Y  O F . So in D anish  there are, in m y op in ion , at least 12 
different m eanings o f  the corresp on d in g  preposition  t (and  furtherm ore all the 
fixed  phrases, e.g . in  all, to  be in  fo r ) .

T h e  d istin ction  betw een  D IR E C T IO N  and P L A C E  W H E R E  is not m ade 
intu itively, bu t w ith  th e  so  ca lled  ‘nonsensical con ju n ction  redu ction  test ’ , which 
says: i f  th e  con ju n ction  o f  tw o con tex ts  to  the sam e w ord  does not m ake sense, 
there are tw o readings o f  the lex ica l item , on e for  each con text. S o it does not 
m ake sense to  say: L enin  w rote this n o te  in  his n otebook  and three m inutes, or 
L enin  w rote this n o te  in  his n otebook  and C openhagen, o r  L enin  w rote this n ote  
in  three m inu tes and C openhagen  o r  L enin  w rote this n o te  in  three m inutes and 
1897. B u t note  that con tex ts  o f  the sam e typ e , i.e. con texts o f  the sam e reading 
o f  a  g iven w ord  form  can  b e  coord in a ted  and m ake sense: L enin  w rote this n ote  
in  a n ger and disappointm ent.

I f  we parse the sentence using a  d iction a ry  w ith  12 different entries for the 
w ord  in, and 8 d ifferent a ttachm ent patterns, the m achine will generate 8 x  12 x  
12 X 12 =  13.824 different representational o b je c ts  i.e. readings o f  the sentence. 
So the p rob lem  is how  to  d isam biguate the sentence and m ake the m achine find 
the correct reading am on g  the 13.824 synteictically possib le  readings.
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2 The Linguistic Solution
In theory, that m eans from  a linguistic poin t o f  v iew , this can  b e  d on e  in the 
follow ing w ay: in th e  d iction ary  the 12 entries for  in  are differentiated w rt. their 
s e le c t io n  r e s t r i c t io n s :  in _ l (P L A C E  W H E R E ) taJres as argum ent 1 nouns o f  
the typ e  C O N C R E T E , in J  (T IM E  W H E N ) takes nouns o f  the ty p e  Y E A R  or  
D A T E , in -3  (M O O D ) takes nouns o f  the ty p e  C O G N IT IO N  O R  E M O T IO N , 
in_4 (T IM E  H O W  L O N G ) takes nouns o f  the ty p e  S C A L E . T h a t m eans th at all 
nouns in the d iction ary  are cod ed  w ith  a  sem antic ty p e  label. I have suggested 
the fo llow in g  set o f  sem antic types for  nouns:
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D anish exam ples: P A R T IT IV E : sek tor, side, halvdel, S E M IO T IC : afsnit, forslag, 
aftale, S C A L E : m eter , decibel, grad, m inut, dag, T IM E : efterkrigstiden , fr em ti­
den, Q U A L IT Y : id en titet, størrelse, længde, R E L A T IO N : afhængighed, fak tor, 
position , R E S U L T : produktion .2 , undtagelse, in vestering .2 , C O G N /E M O T IO N : 
in teresse, fryg t, glæde, A C T IV IT Y : databehandling, anvendelse, produktion .1 , 
A C C O M P L IS H M E N T : revolution , in v es ter in g .l, udforskning, P R O P O S IT IO N  
nouns: fordel, mulighed, problem , N O M IN A  A G E N T IS : fabrikant af, tilskuer  
til, h erre over, O R G A N IZ A T IO N : hjem m em arked , industri, regering, C O M M U ­
N IC A T IO N  T O O L : persondatam at, videobåndoptager, radio, P L A C E : Europa,
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K øbenhavn , ildlinjen, M A S S : vand, luft, sand, N A T U R A L  K IN D : blomst, tree, 
sten , P A R T : kredsløb, svinghjul, taster, W H O L E : dataanlæg, elektronik, in for­
m ationsteknologi.

T h e  selection  restriction  cou ld  w ork  as a  filter w ith  a  ‘ killer rule ’ , i.e. a rule 
that w ou ld  exclu d e  ( ‘ k ill’ ) all o b je c ts  w ith  no m atch  betw een the typ e  which 
is asked fo r  in the sem antic fram e specification  o f  the head, in this case the 
p rep osition , and  the ty p e  o f  the noun that fills the slot. T here  w ill b e  no m atch 
in th e  created  o b je c t  w ith  in _ l (P L A C E  W H E R E ) in the clause in three m inutes, 
becau se  m inu tes  is a  noun  o f  the ty p e  S C A L E , and in -1  on ly  selects nouns o f 
the ty p e  C O N C R E T E .

T h is typ e  o f  rule w ou ld  exclu de  m ost o f  the not w anted o b je c ts  am ong the 
13.824 generated  representational o b je cts . B u t the rule is t o o  strong, because it 
is n ot u n com m on  in natural texts to  find m etaphorica l or  slightly m etaphorical 
sentences, e .g .: The situa tion  threatens to  becom e w orse. In this case the selec­
tion  rule saying that the verb  threaten  on ly  talces nouns o f  typ e  H U M A N  as 
arg u m en tl w ill ‘ k ill’ all the generated  o b je c ts  so  that n o  analysis or  translation 
w ill b e  p rod u ced  at all.

3 Preference Rules
Instead  it is necessary to  use a  p r e fe r e n c e  rule that com pares all represen­
ta tion a l o b je c ts  generated  from  the sam e surface structure, ranks them  wrt. 
in tern a l sem a n tic  fitn ess , and  selects the fittest. A s show n in the first paragraph 
th e  sim ple exam ple  L enin  w rote this n o te  in  his n otebook  in  three m inutes in 
C openhagen  w ill generate 8 attachm ent patterns w hich  then can  have 12 differ­
ent readings o f  each  o f  the three p reposition s. W h a t is com pared  by  a  preference 
rule is n ot tw o clauses con ta in in g  the sam e tw o or  three w ords, but the sum 
o f  the sem antic d istances betw een  all th e  pairs in the sentence o f  1) a  selection 
restriction  bearin g  head and 2 ) the correspon d in g  slot filler, added  up at the top  
n ode .

T h e  con cep t o f  sem antic d istance and  sem antic fitness can  be  operationalized  
in th e  tree o f  sem antic types. Y ou  w alk  in the tree from  the typ e  which is asked 
fo r  in  the selection  restriction , step  b y  step , to  the typ e  o f  the slotfiller, counting 
1.0 for  every  step  to  the left, and 0.1 for  every step  to  the right. T h e  distance 
from  C O N C R E T E  (w hich  is selected  by  in -1 , P L A C E  W H E R E ) to  S C A L E  (the 
ty p e  o f  m in u tes)  is 1.3, w hile th e  d istance from  S C A L E  (w hich  is selected by 
T IM E  H O W  L O N G ) and  S C A L E  is 0 .0 . C onsequently  reading tn ^ , T IM E  H O W  
L O N G  is selected  in  the clause tn three m inutes. T w o  representational ob jects , 
tw o tree structures representing tw o w h ole  sentences, can  then be  co m p 2ired in 
th e  fo llow in g  w ay:
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B y  such a  preference rule the flat stru ctu re w ith  the D IR E C T IO N  reading, the 
H O W  L O N G  reading and  the W H E R E  reading, respectively, w ill b e  selected—  
and that is exa ctly  the correct on e  am on g  the 13.824 p ossib le  readings.

B ut this m achinery will on ly  w ork  in theory. T h e  com parison  am on g  the 
o b je c ts  will be  m ade in pairs, so  there w ill b e  m ade 1 3 .8 2 4 /2  x  13.825 com p a r­
isons and that will take approx im ately  6|  hours w ith  a  fast m ach ine and  a  fast 
program .

4 The Neural Network Design

So in th eory  it can  be  don e, and the hum an brain  m ust fo llow  a  rule like the on e 
described  w hen it ca lcu lates the correct reading in fraction s o f  a  secon d , but it 
m ust d o  it in a  sm arter way than by  com parison  in pairs o f  a lready  genereted  
ob jects .

T h is  sm arter w ay m ust b e  som ething  like w hat is ca lled  a  neural netw ork, 
which is a  strategy  fo r  program m ing the preference rule so  that the m achine 
can com p u te  the best solu tion  o f  the p rob lem  in fraction s o f  a  secon d , like the 
hum an brain  does.

T h e  sem antic netw ork  is designed in the fo llow in g  w ay; It consists o f  three 
layers, an input layer w ith  117 neurons, a  h idden  layer w ith  65 neurons, and 
an ou tpu t layer w ith  12 neurons. A ll input neurons are con n ected  w ith  all the 
hidden layer neurons, and  all the h idden  layer neurons are con n ected  w ith  all 
the ou tpu t layer neurons. T h a t m eans that there are 7670 con n ex ion s betw een  
layer 1 and 2, and 792 con nexion s betw een layer 2 and 3.
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E ach  o f  th e  ou tp u t neurons represents on e o f  the possib le  readings o f  the 
p reposition  in. T h e  12 readings o f  in  M e: A R G l (deep  su b je ct) , A R G 2  (deep  
o b je c t ) ,  L O G  (p la ce  w h ere), D IR  (d irection ), T IM E , D U R  (tim e how  lon g ), M E A  
(m easu re), S T A  (s ta te ), A C T  (a ct iv ity ), E M O  (e m o tio n /co g n it io n ), Q U A L  
(q u a lity ), C L O T  (clo th es).

T h e  input is a  pattern  o f  the syn tactic  and sem antic structure o f  a  sentence 
con ta in in g  the w ord  in. 4 w ords to  the left and 4  to  the right o f  the preposition  
are represented in the pattern  as syn tactic-sem an tic categories. A  given w ord 
belon gs to  on e  and  on ly  on e  o f  the fo llow ing  56 categories, w hich  include the 
sem antic features described  in the first paragraph:

NOUNS: NONHUHAN 
PLACE 
HUMAN
NOMEN AGENTIS
SEMIOTIC
PART
MEASURE OR BARE FORM 
TIME
QUALITY OR RELATION 
RESULT
EMOTION OR COGNITION 
ACTIVITY 
ACCOMPLISHMENT 
PROPOSITION

VERBS: AUXILIARY OR MODAL
INTRANS I STATE 
OR PAS- I PROCESS 
SIVE I EVENT 
TRANSITIVE + noun 
TRANSITIVE + SENTENCE 
TRIVALENT VERB 
VERB w ith p re p o s it io n a l ob­

je c t s  and the p re p o s it io n  
i ,  t i l ,  f r a ,  o v e r , under, 
f o r ,  arf, ved

PREPOSITIONS: I ,  PA, TIL, FRA, OM, FOR, AF, MED, UDEN, OVER, 
UNDER, MELLEM

PRONOUN CONJUNCTION NUMBER
PUNCTUATION MARK AND/OR/BUT TIME ADVERB
THAT ARTICLE PLACE ADVERB
ADJECTIVE DIRECTIONAL ADVERB OTHER ADVERBS
ADJECTIVE + PREPOSITIONAL OBJECT

T h e  natural w ay to  represent the 9  w ord  input pattern  w ould  b e  an array w ith 
504 neurons ordered  in 9 row s and  56 co lum ns. B u t that w ould  b e  a  very re­
du ndan t representation , becau se  on ly  9 o f  the 504 neurons w ould  b e  activated 
in each  sentence.

T h e  input pattern  in form ation  can  b e  represented b y  on ly  117 neurons orga^ 
n ized  in an array w ith  9 row s, on e  fo r  each  w ord  in the sentence w indow , and 13 
co lu m n s, in w hich  each o f  th e  56 categories is represented b y  3 X  in accordan ce 
w ith  the fo llow in g  co d in g  key (n  =  noun , v  =  verb , p =  preposition , a  =  other, 
o  =  zero , i =  1):
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__n o _______n i _____ v o _______ V I________ p o _____p i ________ a o ________ a i _______
1 nonhum t im e  au z /m od  V P O -i i  med pronom  a d j 1
2 p la c e  r e l  s t a t e  V P O -p i p å  u den  k o n j a -p o b  2
3 hum r e s u l t  p r o c e s s  V P O til t i l  o v e r  p u n k t t a l  3
4  a g e n t  emo e v e n t  V PO ov/u f r a  u n d e r  o g  a - t i d  4
5 sem a c t i v i  t - v b + n  V P O for om m ellem  a t  a - s t e d 5
6 p a r t  accom p t - b v + s  VPOaf f o r  v e d  a r t i c l e  a - r e t  6
7 s c a l e __ p r o p ___t r i - v b __V P O loc___a f _____f ø r _______e f t e r ____a . a d v_7

T h a t m eans that the ca tegory  IN T R A N S IT IV E  V E R B  O F  T H E  S T A T E  T Y P E  
is represented b y  u o 2. A s an exam ple the sentence D e t  sk er i 1992  ( ‘it happens 
in 1992’ ) has the representation  show n below :

SENTENCE: XXX . D et s k e r  -  i  -  1992 . XXX XXX 
INPUT PATTERN 
n v p a o i1234567

- 4  ............................... 4 -
- 3  . . . X X . . . X ____3 -
- 2  . .  .X X . X ............ 2 -
- 1  . X . . X _X . . . 1 -

0 . . X . X . X ............ 0
+1 X ___ X. . X _____1+
+2 . . . X X . . . X ____ 2+
+3 ...............................3+
+4 ...............................4+

n v p a o il2 3 4 5 6 7

T h e  ou tpu t is represented by  12 ‘ th erm om eters ’ w hich  show  how  m uch a  given 
neuron, representing on e  reading o f  the p rep osition  i, is activated :

a r g l : ..................
a r g 2 : ..................

l o c : XXXX. . . .
d i r : XX..............

t im e : ..................
d u r : XXXX. . . .
m ea : ..................
s t a :  X .................
a c t : ..................
em o: ..................

q u a l : ..................
c l o t : ..................

W h en  a  pattern  o f  input neurons is activated  the neurons ‘ fire ’ , i e. they  activate  
all the h idden neurons th ey  are con n ected  w ith , w ith  the w eight o r  strength  w hich  
is assigned to  the specific con nexion .

E ach  o f  the h idden  neurons is now  activated  by  the sum  o f  their input values, 
which is depend ing  on  b o th  the pattern  o f  the firing input neurons and the weight
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o f  the their con nex ion s. T h e  h idden  neurons on ly  fire i f  their activation  value 
exceeds a  certain  threshold  level, and the ou tp u t neurons are activated in the 
sam e way.

5 Rules in Neural Networks
T h e  neural netw ork  is ‘ tra in ed ’ w ith  exam ples o f  input patterns and correct 
answers. W h en  the training starts all the con nexion s are random ized , and the 
ou tp u t o f  the netw ork  will in the beginn ing be  rather in correct. T hen  the correct 
answ er is typ ed  as a secon d  in put, and by  a  process ca lled  back propagation  all 
the con n ex ion  weights activated  b y  the input sentence are changed. T h e  con ­
nexion  w eights y ield in g  correct ou tp u t are increased and the connexion  weights 
y ie ld in g  in correct ou tp u t are decreased w ith a  certain  rate.

B elow  I m ention  som e o f  the 100 D anish input sentences— or rather strings 
o f  9 w ords, the central w ord  i and 4 w ords to  the left and to  the right— and the 
correct answer, i.e. the best reading o f  the preposition  i in the con text.

20. sikre at h ver deltager -i- sam m e p rojek t i hele =  A R G 2
21. deltager i sam m e p rojek t -i- hele p ro jek tets  løbetid til =  D U R
22. dom in ere d ette m arked og -i-  stigende om fang eksportere fra  =  M E A
23. nu  er  u nd er overvejelse  -i- nogle a f de større  m ed lem ssta ter =  L O C
24. til e t sådant n yt program  -i- s to r  m ålestok e r  kom m et =  M E A
25. E sprit velkom m en  til m ød et -i- ju n i 1992 og godkendte =  T IM E
26. X X X  . D e t  sk er - i -  1992 . X X X  X X X  =  T IM E
27. som  anvendes i opera tion er -i- m ange v ersion er  og varian ter  =  M E A
28. og afprøvning a f  V L S I/ system er -i-  cilisium  eller  andre halvledere =  L O C
29. beslutning end en  afgørelse -i- rådet =  L O C
30. fu ld t kan s tø tte  brugeren  i kom m unikationsprocessen , og som  =  A C T
31. ; de vil resu ltere i n ye  produkter, p rocesser  =  A R G 2
32. anvendelse foreg å r  m eget L angsom m ere i Europa end i Japan =  L O C
33. a f  alle varer frem stille t i fæ llesskabet e r  i sm å =  A R G 2

W h en  th e  con n ex ion  strengths have been  ad justed  a num ber o f  tim es w ith a 
num ber o f  input sentences the pattern  o f  the con n ex ion  strengths w ill represent 
a  rule w ich  w ill y ie ld  the correct ou tp u t to  each o f  the input patterns in the 
tra in ing set.

It is essential that the in pu t sentences are authentic and n ot gram m ar b ook  
sentences, becau se all regularities in the input m aterial, even the num ber o f  
w ords from  the w ord  i to  the pu n ctu ation  m ark, w ill b e  m ade in to a rule by  the 
netw ork.

It is essential t o o  that the num ber o f  input sentences is so  high that all non- 
lingu istic regularities o f  any kind axe exclu ded . 100 input sentences are certainly 
n ot en ough  to  m ake sure that all n on im portan t w ord  types have been  placed in 
all 8  position s in the input p icture.

I am  n ot sure that a  w in dow  o f  9 w ords is enough , but in the first 100 
authentic 9  w ord  input sentences the rule triggering w ord  has been present.
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T h e training can be  seen from  tw o screen pictures, the first on e show ing input 
pattern , aswer and ou tp u t o f  run no. 2 o f  sentence no. 26. T h e  ou tp u t is not 
even slightly in the right d irection .

fa c t  no. 26
SENTENCE: XXX . Det sker -  i  

INPUT PATTERN 
nvpaoil234567 a rg l :

...................... 4 -  arg2:

.X X ...X ___ 3 - l o c :

.XX.X...........2 -  d ir :
. X . . . . X . . . 1 -  tim e:

X. X. X...........0 dur:
. . .  X. .  X. . . .  1-)- mea:
. X X . . . X___ 2+ s ta :
...................... 3+ a c t :
...................... 4+ emo:

n vpaoi1234567 q u a l:
c l o t :

-4

-3
-2
-1

0
+1
+2
+3
+4

.X

- 1992 . XXX XXX 

ANSWER

xxxxxxxx

OUTPUT

XX.

B ut in run nr. 15 the netw ork has ‘ learn ed ’ a  rule com pletely , and gives the 
correct ou tpu t to  all the training sentences.

fact no. 26 
SENTENCE: XXX . Det 

INPUT PATTERN 
nvpaoi1234567

...........4-

.XX...X....3-

.XX.X..... 2-

. .X___ X.. .1-

X.X.X..... 0
.. .X. .X___ 1+
.XX.. .X--- 2+
...........3+
........... 4+

nvpaoi1234567

run no.15

-4

-3

-2
-1
0

+1
+2
+3
+4

.X

sker - i

argl:

arg2:
loc:

dir:

time:

dur:
mea:

sta:

act:

emo:

qual:

clot:

1992 . XXX XXX 

ANSWER OUTPUT

XXXXXXXX xxxxxxxx

It is interesting that the established rule w ill g ive the correct answ er to  new  
sentences to o , i.e. sentences w hich  have never been  given as input pattern  before . 
In a  w ay the netw ork has ‘ learned ’ a  linguistic rule in du ctive ly  a lthou gh  it has 
not been form ulated  explicitly . It can  be  seen in the fo llow in g  three exam ples.
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new fact

SENTENCE: Mfildet i 

INPUT PATTERN 

nvpaoi1234567
-4 X ___ X ____ X. .4-

-3 . .X.X.X......3-
-2 X.. .X. .X.....2-

-1 .X..X...X____1-

0 . .X.X.X..... 0

+1 ...X.X..X____1+

+2 X. . .X....... X2+
+3 ............. 3+

+4 .............4+

nvpaoi1234567

Strassbourg varede - i 

ANSWER
argl: .......

arg2: .......

loc: ......

dir: ...... .
time: ........

dur: ........
mea: ...... .

sta: ...... .
act: ......

emo: ...... .
qual: ...... .
clot: ...... .

- 3 uger

OUTPUT

XX.

XXXXXXXX

new fact
SENTENCE: fordi den fortsatte deltagelse - i - forhandlingerne 

med de implicerede 

INPUT PATTERN ANSWER OUTPUT

-4
nvpaoi1234567 
...XX..X..X..4-

argl
arg2

-3 ...XX.X.... . .3- loc

-2 ...X.XX.... . .2- dir

-1 X ___ X ____X,, .1- time

0 ..X.X.X.... . .0 dur

+1 X ___ X ____X,. .1+ mea

+2 .... XX.... ,X2+ sta

+3 ...XX.X.... , .3+ act

+4 ...X.XX.... . .4+ mea

nvpaoil234567 qual

d o t

xxxxxxx.
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nev faet

SENTENCE: for en tredje rekvirent i samarbejde med en virksom 
hed

ANSWER
argi: ........

arg2; ........
loc: ........

dir: ........

time: ........

dur: ........
mea: ........

sta: ........

act: ........

emo: ........

qual; ........

clot: ........

- 4
- 3
-2
-1

0
+1
+2
+3
+4

INPUT PATTERN 
nvpaoil234567

. .X.X..... X.4-

.. .XX..... X.3-

. . .X.XX..... 2-

X...X____X...1-

. .X.X.X..... 0
X ___ X ____X. .1+

. .X. .XX..... 2+

.. .XX..... X.3+

X.. .X.. .X___ 4+

nvpaoil234567

OUTPUT

XX....
X .....

X .....

xxxxxxx.

I have not yet— efter 100 input sentences— statistics a b ou t how  m any percent 
o f  correct ‘guesses’ the netw ork  will m ake a b o u t new  sentences, bu t it is a lready  
clear that it is possib le  to  m ake a  netw ork  w hich  can  solve the p rob lem  o f  d isam ­
biguation  o f  prepositions w ith ou t the en orm ou s overgeneration  w hich  is m ade 
by  filter rules in serial program m ing.

It should  accord in g  to  the theories be  p ossib le  to  train  the sam e netw ork  
to  m ake the d isam biguation  o f  all the preposition s (o r  all th e  m ost frequent 
and am biguous preposition s). T h e  netw ork  I have described  is in fa ct designed 
to  com p u te  15 difierent preposition s. B ut I have n ot yet trained it w ith  o th er 
prepositions th£in t.

6 The Power of Neural Networks
I im agine that the neural netw ork in the translation  process w ill b e  p laced  before  
the parser. T h e  netw ork  is fed w ith the lex ica l w ords o f  the in pu t sentence, and 
the relevant in form ation  abou t the sem antic ty p e  o f  each  w ord  taken & om  the 
d ictionary. A ll the p reposition s in the sentence are then d isam bigu ated  b y  the 
netw ork and the reading num ber asigned to  them  b e fore  they  are parsed  b y  the 
gram m ar parser. T h e  p rod u ct o f  the n etw ork  w ou ld  in the exam ple  from  the 
beginning o f  this article  be:

L enin  w rote this n o te  in (D IR ) his n otebook  in (D U R ) 3  m inutes
in (L O C ) C openhagen in (T IM E ) 1897  in (E M O ) anger.

T h e  enorm ous d isam biguation  pow er o f  the neural n etw ork  results & om  three 
factors: the parallel d istribu tion , w hich  m akes it fast, the n on loca l representation
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o f  the rule, w hich  m akes it robu st, and the statistica l analysis, which makes it 
pow erful.

T h e  m ach ine d oes n ot in fact com p u te  the rule in parallel, but in a  seri­
al m ach ine th e  p rogram  sim ulates the parallel processing, and that is enough 
to  com p u te  th e  d isam biguation  o f  a  preposition  in fractions o f  a  second . 8462 
ca lcu lation s d o  n ot take m ore  than  a  fraction  o f  a  second .

T h e  rules w hich  are used for  d isam biguation  o f  the preposition  i, on e o f  which 
cou ld  b e  that i fo llow ed  b y  a  noun o f  the sem antic ty p e  P L A C E  w ill norm ally 
b e  a  i (L O C ), axe n ot loca ted  in som e o f  the con nexion s, bu t in the w hole pattern 
o f  con n ex ion s b o th  from  input layer to  h idden layer, and  from  hidden layer to  
ou tp u t layer. So irregularities in the input, m etaphors or  syn tactic errors, will 
n ot to ta lly  d isable the rule, bu t on ly  m ake m inor changes in the ou tpu t. T h e  
n etw ork  w ill alw ays find the ‘b e s t ’ solu tion , i.e. recogn ize the reading w ith m ost 
sem antic fitness regardless how  g o o d  o r  bad  it is— exactly  as we d o  even when 
w e read the fam ous sentence: C olorless green  ideas sleep furiously.

T h e  n on loca l representation  offers a  solu tion  o f  the prob lem  o f  the so called 
herm eneutic circle , the p rob lem  that the w hole can n ot be  u n derstood  before 
the parts are u n d erstood , and the parts can  not be  u n derstood  before  the w hole 
is u n d erstood . T h e  m ean ing o f  the sentence consists o f, bu t is at the sam e tim e 
m ore  than  the sum  o f  the senses o f  the w ords.

W ith  n on loca l representations the m eaning o f  the w hole is represented, not 
as th e  sum  o f  th e  m eaning o f  the parts, but as a  pattern  or  ‘m ean ing ’ o f  som e­
th ing w hich  is su bsym bolic , subsignificant or  w ith  n o  m eaning at all, but w ith 
a  d ifferentiating fu n ction , v iz. the neurons o f  the h idden  layer. So the netw ork 
com p u tes  o r  recogn izes the m eaning o f  the w h ole  b y  com pu tin g , n ot the sum o f  
the parts, bu t th e  pattern  o f  the su bsym bolic  parts (th e  h idden  layer neurons) 
o f  the sy m b o lic  parts (th e  w ords) o f  the sentence.

T h a t is ex a ctly  the fu n ction  o f  letters o r  phonem es, w hich  have n o  m eaning 
b u t on ly  a  d ifferentiation  fu n ction , and  nevertheless m ake it possib le  to  transm it 
w ord  senses and sentence m eaning from  sender to  receiver in the com m un ication  
p rocess betw een  hum ans.

B u t m ost im p ortan t, the neural n etw ork  will utilize in form ation  w hich  can 
n ot be  used in n orm al gram m ar rules, v iz . p robab ilistic  in fom ation . It is a  lin­
gu istic  rule that on ly  in (D U R )  w ill be  fo llow ed  by  a  noun o f  the type  S C A L E : 
in  3  m inutes. L et us assum e that it is a  statistica l rule that in (D U R )  is follow ed 
b y  a  card in al n um ber 1.000 tim es m ore  o ften  than in (L O C )  is. It is n ot possible 
to  form ulate  this regu larity  as a  linguistic rule, n ot even as a  preference rule, 
becau se  o f  th e  p ossib ility  o f  the sentence: she worked in  tw o room s. T h e  sem an­
tic  n etw ork  w ill u tilize the p robab ilistic  in form ation  but n ot m ake errors in this 
cru cia l exam ple , becau se the pattern  o f  con n ex ion  weights has learned the rule 
for  the com b in a tion  o f  card inal num bers and m easure nouns, not for  cardinal 
num bers only.
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