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ABSTRAI:T: 1 h i s  paper d e s c r i b e s  an experi- 
menLal procedure For Lhe inducLive auLomaLed 
learning of morphological rules From exam- 
ples. At First an ouL].irle of Lhe problem is 
given. Then a Formalism for Lhe represen- 
t. arian o f  m o r p h o l o g i c a l  r u l e s  i s  d e f i n e d .  
T h i s  F o r m a l i s m  i s  used by Lhe auLomaLed 
p r o c e d u r e ,  whose anaLomy Js s u b s e q u e n t l y  
p resen t ,  ed.  F i n a l l y  t. he p e r f o r m a n c e  of t. he 
sysLem i s  e v a l u a t ,  ed and Lhe mosL i m p o r t a n t .  
u n s o l v e d  p r o b l e m s  a re  d i s c u s s e d .  

l .  O u L l i n e  o f  Lhe P r o b l e m  

Learning algorithms for Lhe domain of 
naLurai languages were in Lhe pasL mainly 
developed to model Lhe acquisition of synLax 
and Lo generaLe synLacLJc descripLions flrom 
examples (eL. Pinker 1979~ Cohen/Feigenbaum 
] 9 8 2 :  4 9 4 - 5 ] ] ) .  There  e x i s t  a l s o  some s y s -  
Lems which learn rules for Lhe auLomaLie 
phonetic LranscripLion off orLhographic LexL 
(eL. Oakey/Cawt:horn 1981, Wolf 1977). Like 
the system presenLed in Lhis paper all Lhese 
systems sLill are exporimenLal sysLems, the 
inductive auLomaLic learning of morphologi~ 
c a l  r u l e s  has L i l l  now been i n v e s L i g a L e d  
o n l y  Lo a s m a l l  d e g r e e .  R e s e a r c h  on L h i s  
problem was carried out by Ring (1978), 
3 s n s e n - W J n k e l n  (]985) and Wofhl<e (1985). 

The t a s k  of' Lhe sysLem d e s c r i b e d  h e r e  
i s  Lo l e a r n  r u l e s  f 'or  i n f l e c L i o n a ]  and 
d e r i v a L i o n a l  m o r p h o l o g y .  The sys tem is naL 
d e s i g n e d  as a s L a n d a r d  p r o g r a m ,  bu t  as an 
e x p e r i m e n L a l  s y s t e m .  I t  ] s  used For Lhe e x -  
p e r i m e n L a ]  d e v e l o p m e n t  and t, he L e s l i n g  o f  
f u n d a m e n L a l  a ] g o r i L h m i c  l e a r n i n g  st. rat .  e g i e s .  
Lat. e r  t h e s e  s L r a t e g i e s  c o u l d  p e r h a p s  become 
n e c e s s a r y  componen t s  o f  a s t a n d a r d  ] . e a r n i n g  
p r o g r a m  d e v i s e d  For Lhe i n t e r a c L i v e  d e v e l o p -  
menL off ] i n g u i s L J c  a l g o r i t h m s  For Lhe domain 
o f  m o r p h o l o g y .  

Input :  Lo Lhe sysLem i s  a seL o f  exam- 
p l e s  c a l l e d  a l e a r n i n g  c o r p u s .  Each examp le  
i s  an o r d e r e d  p a i r  o f  w o r d s .  We c a l l  t h e  
f ' i r s L  word  o f  each p a i r  Lhe s o u r c e .  [ he  
second  word  i s  c a l l e d  Lhe t. a r g e L .  BeLween 
t h e  s o u r c e  and Lhe La rgeL  o f  each g i v e n  p a i r  
Lhe re  musL e x i s t :  an i n f l l e c t ,  i o n a l  o r  a 
d e r i v a t i o n a l  m o r p h o l o g i c a l  r e l a L i o n .  By ap-. 
p l y i n g  t. he p r o c e s s e s  o f  g e n e r a l l z a L i o n  and 
d e L e c L i o n  a n a l o g i e s  Lhe syst .  em has t o  c o n -  
s L r u c L  a seL o6 i n s L r u c L i o n s  w h i c h  d e s c r i b e  

on a purely graphemic basis how Lhe LargeL 
of each pair is generaLed From the source. 
(SemanLic f e a L u r e s  o f  morphemes a r e  aL 
p r e s e n L  i g n o r e d  by Lhe s y s L e m . )  Such a seL 
of inskrucLions should not only generaLe 
correcL LargeLs For the sources given in the 
learning corpus: The insLrucLions should 
also generaLe correcL targeLs for Lhe major- 
iLy of Lhe sources not in Lhe corpus which 
par t .  i c J p a L e  i n  Lhe same i n f l e c t i o n a l  o r  
derJvaLional relaLienship as Lhe source- 
LargeL-pairs Jn Lhe learning corpus. Suppose 
For example LhaL Lhe Following learning cor- 
pus is Fed JnLo Lhe sysLem: 

" a s s e m b l y '  
"baLh 
"box "  
"boy"  
"bus"  
"bush 
"buzz 
" c a l f  
"copy 
" c r y "  
"door  
" F i e l d "  
' h o u s e '  
" k n i f e "  
" l a d y "  
"moLher "  
" s w i L c h '  
" u n i v e r s i L y "  

" a s s e m b l i e s "  
"baLhs "  
" b o x e s "  
" b o y s "  
b u s e s "  
bushes  
buzzes  
c a l v e s  
copies 
c r i e s "  
d o o r s "  

" f i e l d s  
"houses  
" k n i v e s  
" l a d l e s  
" m o L h e r s '  
" s w i L c h e s '  
" u n J v e r s i L J e s "  

F i g u r e  ] . 

I n  t. h i s  case ki lo l e a r n i n g  a l g o r i L h m  has Lo 
c o n s L r u c l  a set. off i ns t .  r u e L i o n s  w h i c h  g e n e r -  
a l e s  f ior  each s i n g u l a r  noun (= SOLirce~ i n  
Lhe l e F L  c o l u m n )  of: L h i s  c o r p u s  a s L r i n g  
w h i c h  i s  i d e n L i c a l  w.tLh t. he c o r r e s p o n d i n g  
p l u r a l  Form (= L a r g e L ,  i n  t h e  r i g h L  c o l u m n ) .  
F u r L h e r m o r e ,  Lhe i ns t .  r u c L i o n s  s h o u l d  a l s o  
generat, e Lhe correcL p l u r a l  Form For Lbe 
majoriLy of English singu].ar nouns which are 
not, members off Lhe l~arnirlg corpus. For in- 
s e a n c e ,  Lhe i n s l r u c l ,  i o n s  s h o u l d  a l s o  g e n e r -  
aLe " f l i e s "  f 'rom " f i [ y ' ,  " L a b l e s  " f 'rom 
" L a b l e  ", " f o x e s  " f r om " f o x  ", " l a y s "  f r om 
"Lay ", " c l a s s e s  " From " ( ; l a s s ' ,  and " t h i e v e s  " 
From " L h i e f ' .  Of c o u r s e  Lhe re  w i l l  a l s o  be 
s i n g u l a r  nouns For  w h i c h  Lhe . t n s L r u c L i o n s  
w i l l  noL be a d e q u a L e .  These w i l l  i n c l u d e  a l l  
nouns whose p a L L e r n  off p l u r a l i z a L i o n  i s  n o t  
r e p r e s e n L e d  by e x a m p l e s  i n  Lhe l e a r n i n g  c o r -  
pus .  WiLh t. he g i v e n  l e a r n i n g  c o r p u s  one 
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could not expect the inferred instrucLJons 
to be adequat, e e. g. For the pluralizations 

" o x "  -> " o x e n ' ,  " L o o L h "  ->  " t e e L h ' ,  
" i n d e x "  ->  " i n d i c e s ' ,  " f o o t "  ->  " f e e L "  ~ and 
" a d d e n d u m "  ->  " a d d e n d a ' .  As L h i s  e x a m p l e  
i l l u s t r a t e s ,  t h e  l i n g u i s t i c  a d e q u a c y  of" t h e  
i n s L r u c L i o n s  does  n o t  o n l y  depend  on t h e  
q u a l l L y  o f  t h e  a u t o m a t e d  l e a r n i n g  s L r a t e g i e s  
b u t  a l s o  on t h e  r e p r e s e n t a t i v i t y  off a g i v e n  
] e a r n i n g  c o r p u s  f o r  a m o r p h o l o g i c a l  p a t t e r n .  

2, Formalism for t h e  ReEresentation of 
Me r ~ h o ~ i c  a l  Rules 

]here are two main types of instruction the 
learning algorithm uses for the formulation 
of morphological rules: 

Prefixal substitution instructions change 
the beginning of a source in order to 
generate the corresponding target. ]hey 
have  Lhe g e n e r a ]  ] 'arm 

X - >  Y / #  ( Z ( 1 ) l  . . .  I Z ( i ) f  . . .  ~ Z ( n ) ) .  

Such an i n s t r u c t i o n  means:  If a s o u r c e  
b e g i n s  w i t h  Lhe s t r i n g  X and J fi 
immedJ, a t e l y  on t h e  r i g h t  of X f o l l o w s  t h e  
s t r i n g  Z ( ] . )  o r  . . .  o r  Z ( i )  o r  . . .  o r  
Z ( n ) ~  t h e n  s u b s t i t u t e  X by Y. ( ' # "  
signifies t h e  w o r d - b o u n d a r y  and 
m a r k s  t h e  p o s i t i o n  w h e r e  X must  o c c u r  i n  
o r d e r  Lo be s u b s t  i. L u t a b l e  by Y, n a m e l y  a t  
Lhe b e g i n n i n g  sl '  a s o u r c e  ( r i g h t  off " #" ) 
and i m m e d i a t e . } y  b e f o r e  Z ( 1 )  o r  . . .  o r  
Z( ] . )  or . . .  at" Z ( n ) ) .  
~ u f f l i x a . l  subs tJ ,  t u L i o n  ] n s t r u c L J o n s  c h a n g e  
t h e  end o f  a s o u r c e  i n  o r d e r  t o  g e n e r a t e  
t h e  c o r r e s p o n d i n g  t a r g e t .  I hey  have  t h e  
form 

X -> Y/(Z(])I ... IZ(J)I ... IZ(n)) #. 

rhe meaning off such an instruction .is:IF 
a source ends with the string X and if 
i m m e ( l i a L e l y  on Lhe left: o f  X is t h e  
str.tng Z(1) or ... or Z(i) or ...or Z(n), 
then substitute X by Y. 

Each seE of" instructions constructed by the 
learning algorithm Js ordered, i. e. the 
later application of the instructions to a 
given source mus~ be tried i n  a fixed 
sequence in order to generate a target: The 
first applicable prefiixa] i n s t r u c t i o n  in the 
s e q u e n c e  of prefixal substitution 
instructions must be determined and the 
first applicable suffixal instruct Jan in the 
s e q u e n c e  of suffixal subsLitution 
instructions must be determined. Then, both 
must be applied to the source concurrently, 
thus generating the target. 

the order and application of sets of 
instructions may be illustrated by a small 
example: Suppose the learning algorithm has 
consLructed Lhe Following set of 
instructions for the negation of English 
adjectives (the seL i s  linguistically noL 
F u l l y  a d e q u a t e ;  ""  i s  t h e  n u l l s ] r i n g ,  i .  e.  
t h e  s t r i n g  w i L h  t h e  l e n g t h  0 ) :  
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] ) -> 
2) -> 
~ )  _> 
a)  -> 

5) -> 

Figure 2. 

i l ' / #  " l "  
i r ' / #  - - ' r "  
i n " / # - ~ ( "  m" I"  p" ) 
i n " / # . _ _  

" /  # 

Then t h e  n e g a t i o n  o f  " p e r f e c t '  is Formed by 
F i r s t  d e t e r m i n i n g  t i l e  f J r s L  a p p l i c a b l e  
p r e f l J x a ]  s u b s t i t u L i o n  i n s t r u c t  i. on :  

( l )  is n o t  a p p l i c a b l e ,  s i n c e  " p e r f e c t "  
does  noL b e g i n  w i t h  " 1 " .  
( 2 )  i s  n o t  a p p l i c a b l e ,  s i n c e  ' p e r f e c t : "  
does  n o t  b e g i n  w i t h  " r  ". 
( 3 )  i s  o p p ] . J e a b l e ,  s i n c e  " p e r f e c t "  b e g i n s  
w i t h  "p " ,  

The f i r s t  a p p l i c a b l e  s u f f l i x a l  s u b s t : i t : u t J o n  
i n s t r u c t i o n  Js t h e  o n l y  s u f f i x a l  : i n s t r u n L J o n  
at. h a n d ,  n a m e l y  ( 5 ) :  " p e r f e c t "  ends  w i L h  " ' .  
By t h e  c o n c u r r e n L  a p p . I J c a t i o n  o f  ( 3 )  and ( 5 )  
t o  " p e r f e c t  " t h e  t a r g e t  ' i m p e r f e c t  " Js 
g e n e r a t e d ,  w h i c h  ] s  t:he n e g a L i o n  o f  
" p e r f e c t  ". 

3, Ana tomy  o f  t h e  Sys tem f o r  t h e  A u f o m a l n d  
L e a.£ni  r£~_9 fi _M o ~_tip~11 p £ i  c s l R u ] e s 

l h e  sysLem Js w r i t t e n  J.n t h e  p r o g r a m m i n g  
l a n g u a g e  P L / I .  I t  has  t h e  name PRISM, w h i c h  
is an acronym f o r  "PRogram For tile Inferennc 
and SJmulaLion of' Morphological ru].es'. 

PRISM has t h e  macro structure shown Jn 
Figure 3. At an actJvat ion of PRISM, its 
main procedure MONITOR at first activates 
GETOPTN ~lhJch reads ]:he user's options For 
|111o control of PRISM and checks them for 
s y n L a c t J c  we] ] . - F o r m e d n e s s  and For  
p l a u s : i h i l J t y o  [hen MONIIOR a c t i v a f e s  Lhe 
c o m p o n e n t  i n d i c a L e d  by t h e  u s e r  "S C O l / i r e ]  
options. ~here are three alternative 
components : 
- A learning component which infers sels of 

JnstruelJons From a ]earning corpus gJvee 
by t h e  u s e r  o f  PRISM. Th:is c o m p o n e n t  
c o m p r i s e s  t h e  p r o c e d u r e s  I:ItKCRPS, DISCOV, 
STMT[}UT, TODSE], and o t h e r s .  ] h e  l e a r n i n g  
p r o c e s s  i s  p e r f o r m e d  by DIS( 'OV. The o t h e r  
p r o c e d u r e s  p e r f o r m  p e r i p h e r a l  f u n c t i o n s .  
A componenL  For  t h e  a p p l : i c a t i o n  o f  
i n s t r u c t i o n s  ~ h i c h  we re  i n f e r r e d  by t h e  
] . e a r n i n g  c o m p o n e n t ,  l h i s  c o m p o n e n t  
c o m p r i s e s  t h e  p r o c e d u r e s  FRODSE],  APPLY, 
DERIVE, and o t h e r s .  
A t h i r d ,  m a r g i n a l  c o m p o n e n t  w h i c h  
p r e p a r e s  i n s t r a c t i o n s  For  t h e i r  p r i n t o u t .  
IL  consists of FRODSE[, SIM]OU], and 
other procedures. 

The aet:J vat]on of the learning 
algorithm starts with a call of CHKCRPS by 
MONITOR. CHK(}RPS cheeks a given learning 
corpus for formal errors. The procedure 
activated next. is DISCOV~ which performs the 
learning processes. DISI'OV first determines 
Lhe different types of substitution patterns 
in the qiven ]earninq corpus. Types of 
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F. igure ,  3 .  M a c r o  e L r u c L L i r e  e l  P R I S M .  ( F o r  r e a s e l l s  oF l u e J d i L y  some m a c r o  F e a t L I r e s  
of PRISM h a v e  b e e n  . i g n o r e d  i n  L h i s  c h a r t . )  

s u b s t ,  i L u L : i  en p s i : b a r n s  ace  Ehe d i F f e r e n L  
( X ,  Y ) - p a i r s  w h i c h  a r e  i m l ) l i c i L l y  p r e s e n L  i n  
Lhe l e a r n J ,  og c a r p u s .  ( F o r  Lhe e L a b u s  of` X 
and  Y c e m p a r e  Lhe d e F : i n i L i o n  oF t h e  
f o r m a l . J a m  I ' o r  Lhe r e p r e e e n L a t i o n  oF 
m e r p h o l a g J  c:a.l r u J e s o  ) [ t i e  s e c o n d  s t :ep  o f  
[) I S(~(]V cempL iLes  Lhe f r e q u e n c y  ef` each 
s u b s t . . i L u L i o n  p a t L e r n  i n  I :he e o r t J a s .  D]SI~E]V 's  
l e a r n i n g  st. r a L e g y  p r e s u r ) p o s e s  L h a L  Lhe  
s u b s  b J lL l t : . ier l  p a [ : ~ : e r n s  o e e t l r r J n g  mo re  
I r e q u e n f ] . y  Jn a ] a n g u a g e  a l s o  e e c u r  mo re  
F r e q u e n t l y  J n Lbe ] e a r n : i n g  c o r p u s .  I h e r e f ' o r e  
D1SCOV c r e a t e s  mo re  g e n e r a l  J. nst .  r u e L i o n a  Per  
Lhe mare  f ' r e q u e n t  p o L L e r n a  of" a l e a r r l i o g  
c o r p u s  and  more  s p e c i f i c  ] l iSP. surE:bOl lS f o p  
Lhe ] .ens  f ' r e q u e n L  p a t L e r n s  oF o l e a r n i n g  
c o r p u e ~  J .  o .  t h e  c o n L e x L u o ]  s b r i n g e  Z ( i )  of" 
an Jn,<;Lrue|:. i .  or~ X --> Y/# ( Z ( ] ) ]  ... 
i Z ( : i ) !  . . .  I Z ( n ) )  o r  X - >  Y ~ ( Z ( ] . ) I  . . .  
t Z ( : i ) l  . . .  I Z ( n ) )  tt a r e  l :he mo re  g e n e r a l  
Lhe m o r e  f r e q u e r l t ,  l y  Lhe eubsL~ t :u l : : i ,  on pat :LeFr~ 
(X~ Y) a e e U r S o  T h e y  a r e  bbe more  s p e e l f ' . i e  
[-.he me re  r a r e l y  t. he a u b s L J  t. uL.i. on pal : t ,  e r n  
o c c u r s .  P r o v i d e d  L h a L  a l e a r n : i n g  o o £ p u s  JS 
r e p r e s e n l . a t : ]  ve  of" Lhe m o r p h o l a q i c a l  SUb-  
a t J t .  u L J o n  p a l : t e r n s  of` a ] . a n g u a g e  and Lhe 
c o n L e x L u a ]  at. r i n g s  Z ( J ) ,  t : h i e  g e n e r a ] .  
s L r a t ,  e g y  Fa r  Lhe  d e L e r m J e a L J o n  of '  t. he Z ( J )  'a 
i n c r e a s e s  t. he p r o b a b J l J L y  t h a L  t h e  i n f e r r e d  
: ins f . r  ue I::i ons  g e n e r a t e  c o r r e c t  t a r g e L s  For  
s u e h  s o u r ( ' , e s  as  a r e  not.  e l e m e n t s  oF t, he 
g i v e r l  ] . e a r r l i n g  c o r p u s .  D[SCOV a r r a n g e s  Lhe 
s u b s L i l : u t J n n  i n a L r u c t t o n , s  i n  s u c h  a way t. bat. 
Lhe  more  n p e e i f ' J . e  i n s t .  r u e L J o n s  p r e c e d e  t :he 
mo re  g e n e r a l  o d e s .  r h i s  o r d e r  of` t h e  i n -  
st. r u e L i o n s  g u a r a n t ,  ees  durJ .  ng t, h e J r  ] a l e r  a p -  
p ] i c a L i o n  Lhat :  pot ,  e r l L i a ] . l y  e a c h  t n s l .  cL~et, i o l /  
c a n  be a p p l i e d .  S I H T O U ]  L r a n s f o r m s  s u b s t : i t u -  
t. i o n  i n s t r h l c L : i o n s  i n f e r i t e d  by  I ) IS( :OV From 
L h e i r  i n L e r r l a l ,  r e l D r e s e n t ,  a L J e n  ~ w h J c b  a l i e n s  

lheir e a s y  and  f a s L  a u b o m a b i e  b r e a L m e n L ,  
i n t o  an e x t e r n a l  r e p r e s e r l L a L l o n  and  p r i n L s  
then l  o u L .  F o r  Lh . ts  ex t ,  e r n a i  r e p r e s e n L a L l o n  
Lhe noLa t ,  i o n  is u s e d  which was : i n t : r a d u c e d  
a b o v e  :in Lhe d e f ' i n J l : i o n s  off t h e  l:wo t. y p e s  oF 
s u b s t ,  i i  u L i o n  i n , s L r u c L i o n s .  F . t n a ]  ] y  TOI)SE [ 
s l a t e s  Lhe ~ I] a [~ £ ill? ~, J one  i n  an e x b e r n s ]  
k n o w l e d g e  b a s e ,  From i ~ h i e h  L h e y  can  I s l e t  be 
read by t. he oLher |.wo componenLs off PRISM 
(In Lhe l< r lo l l / ledqe base Lhe  J. nsb rL i cLJ ,  ons  a r e  
s e a r e d  J. rl t heJ .  r i n L e t ' n a ]  t ' e p r e s e n L a L i o n ) .  

The s p p ] l c a L l o n  c o m p o n e n t ,  s L a r L s  ~ /J th  
E R O I ) S E I ,  ~ h J e h  l o a d s  a set .  of" i n s b r u c L i o n s  
I-o be n p p J i e d  From Lhe k n o w l e d g e  b a s e  l o  Lhe 
e e n L r a l  m e m o r y .  Then  l. he Ewe p r o c e d u r e s  
APPLY and  DERIVE a p p l y  Lbe  i n s t ,  I . ' u e t : i o n s  Lo 
~ /o rde  g i v e s  by  Lhe  u s e r  and  L h e r e b y  g e n e r a L e  
L a r g e l . s  i~/hJch a r e  ~ lJr i t :Len t o  an o u L p u L  d a t a  
s e t : .  [ h e  I< i. nd of m o r p h o l o g i c a l  r e l a L J ,  en  
b e L w e e n  bhe  g e n e r a b e d  L a r g e t - s  and  t. he g i v e n  
w a r d s  d e p e n d s  on l. he a p e e i f J ,  c see  af` Jn-- 
s L [ ' u c l ,  J o n a  w h i c h  is applied. 

4 .  ~_LaLu~LL~n  ~_r L±£_Sy,,~Lem 

[ h e  p e r f ` o r m a n e e  of" PRISM ~J/as e v a l u a L e d  L lnde r  
t h e  Fo],J. u w i n g  c o n d i t . : i o n s .  

] .  A see  oF i n s L r u c l .  J one s t lou. ' [d  a l w a y s  
g e n e r a t ,  e c o r r e c t .  Lai~gef .  s i f '  i L  l a  a p p l l e d  
Lo t. he s o u z ' c e s  of" Lhe  l e a r n i n g  c o r p u s  
From u / b i c h  i L  was i n f e r r e d .  

2 .  The l a r g e r  Lhe  l e a r n i n g  c o r p H s  Js F o r  a 
g i v e n  m o r p h o J o g i c a l  r e l a L i o n ,  t h e  h l g h a r  
s h o u l d  be on a v e r a g e  t. he p e r c e n L a g e  of" 
c o r r e c l : ] y  g e n e t ' a b e d  t. a c g e t : s  f ' o r  s u c h  
s o u r c e s  as  a r e  not:  e ] . emenbs  of` t h e  
l e a r n L n g  c a r  pu,q ( b u L  n e v e r t ,  h e l e s s  
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participate in the given morphological 
relation). 

3. A set of instructions inferred From a 
linguistically representative learning 
corpus should generate correct targets 
for at ].east 90% of the sources which are 
not elements off the learning corpus (but 
which nevertheless participate in the 
morphological relationship under discus- 
sion). 

4. If a linguistically representative 
learning corpus is given, the learning 
algorithm should classify as regular 
those morphological patterns which 
linguists also usually classify as 
regular. 

Condition i is fulfilled. This could be 
proved deductively with reference to the 
structure of the learning algorithm. (The 
proof is given in Wothke 1985, 144-154.) 

The fulfilment of conditions 2-4 could 
only be tested inductively by applying 
PRISM's learning algorithm to different 
learning corpora and evaluating the results. 

Condition 2 was tested by applying the 
learning component t o  learning corpora of 
different sizes compiled For two morphologi- 
cal relations: derivation of nomina actionis 
from verbs in German (e. g.: "betreuen" -> 
"8etreuung'), derivation of Female nouns 

from male nouns in French (e. g.: 
"spectateur" -> "spectaLrice'). With the 
s e t s  of instructions inferred from t h e s e  
learning corpora PRISM's application com- 
ponent generated targets for a set of words 
not in the learning corpora. The statistical 
results of these tests showed that the per- 
centage of correctly generated targets For 
such sources as are not elements of the 
learning corpus is, on average, the higher 
the larger the learning corpus is. A Further 
important result was that the percentage of 
correctly generated targets is t h e  higher 
the more regular the morphological relation 
is: The tests yielded better results For the 
more reguiar derivation of Female nouns from 
male nouns in French than For the less 
regular derivation of nomina actionis Form 
verbs in German. 

To test the Fulfilment of the third 
condition representative learning corpora 
were manually compiled For the derivation of 
nomina actionis From verbs in German (9.167 
source-target-pairs) and For the derivation 
of female nouns from male nouns in French 
(89 source-target-pairs). The two sets of 
instructions automakieally inferred from 
these two corpora were applied Lo large sets 
of sources which were not members of the 
learning corpora (4.793 sources for German, 
211 sources for French). In both cases the 
percentage of correctly generated targets 
was iOO~. 

Condition 4 was tested with learning 
corpora for the pluralization of English 
nouns and For the derivation of female nouns 
from male nouns in French. An exact quanti- 
fication of the degree of accuracy is not 
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possible, since this condition contains some 
vague e x p r e s s i o n s  such as "regular" and 
"usually" My subjective judgement is that 
the instructions constructed by the learning 
algorithm For (approximately) representative 
corpora are quite similar to the morphologi- 
cal regularities described in t r a d J t i o n a I  
grammars. This may be illustrated by an ex- 
ample: The learning corpus shown in Figure 
is approximately representative for the 
regular pluralization patterns of English 
nouns. From this corpus PRISM inferred the 
Following set of instructions which 
represent the most important pluralization 
r u l e s :  

( l )  " - >  " / #  

(2 )  " f "  -> ' y e s ' /  # 
(3 )  " r e "  -> " y e s . ' /  # 
(4 )  "y" -> " i e s ' / (  " d ' l  " l ' i  " p ' i  ' r ' ~  " t  ' )  # 
(5 )  ' '  --> " c a ' / (  "oh ' i  " s h ' t  " s ' l  " x ' [  "z " ) #  
(6)  " '  -> "s ' /  # 

_ _ I  

Figure 4. 

5. U n s o l v e d  Problems 

- The Formalism which PRISM uses For the 
representation of the instructions is 
designed For the description of graphemie 
changes at: tile beginning and/or at the 
end of a word. Thus this Formalism Js 
inadequate For the description o£ changes 
in the interior of a word. These, how- 
e v e r ,  o c c u r  more r a r e l y  t_han t~he changes  
at: t h e  b e g i n n i n g  o r  a t  t h e  end.  A s o l u -  
t i o n  t o  t h i s  p r o b l e m ,  w h i c h  c o u l d  c o n s i s t .  
i n  t h e  d e s i g n  o f  a new F o r m a l i s m  whose 
e x p r e s s i o n s  c o u l d  a l s o  be ] . ea rned  
a u t o m a t i c a l l y ,  has n o t  as yet: been Found.  
PRISM cannot recognize exceptions in a 
learning corpus and treat them 
adequately. I f ,  for instance, the 
learning corpus in Figure 1 would also 
contain the pair ('goose', "geese), 
PRISM would infer the prefixal substitu- 
tion instruction "goo" -> "gee'/# and 
insert it in the set of instructions 
shown in Figure 4 before instruction (1). 
Furthermore PRISM would infer the suf- 
Fixal instruction " ' -> ' " / ' o s e "  # and 
insert it before instruction (3). IF this 
new set of instructions is applied to the 
nouns "good', "goodness" and "goon" the 
incorrect plurals "geeds', "geednesses" 
and "gowns' are generated. - It would be 
preferable for PRISM to identify excep- 
tions as such and store them in a list of 
exceptions instead of inferring 
overgeneralizing instructions from them. 
If a set of instructions is linguisti- 
cally inadequate, the user of PRISM must 
First make the learning corpus more 
representative by adding suitable exam- 
plea. Then he must activate the learning 
component of PRISM ~hich infers a totally 
new s e t  of instructions. Perhaps  it 
~ould be better if PRISM could infer new 
instructions only From the ne~ examples 
and then synthesize these ne~ instruc- 



L i o n s  w i L h  t h e  f i o r m e r l y  i n f e r r e d  and 
l J n g u i s L i e a l l y  i n a d e q u a L e  J n s L r u e L i o n s  
Lo g i v e  a new, more a d e q u a L e  seL off i n -  
s t r u c L i o n s .  
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