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Abstract
E xperim en ts were carried ou t com p a rin g  the Sw edish  T elem an  and the 
English Susanne corp ora  using an H M M -ba sed  and a  n ovel red u ction istic  
statistica l p art-o f-sp eech  tagger. T h e y  in d icate  th at ta gg in g  the T elem an  
corpus is the m ore  d ifficu lt task, and th at the p erform a n ce  o f  the tw o 
different taggers is com p a ra b le .

1 Introduction
T h e  experim ents reported  in the current article  continue a line o f  research in the 
field o f  pa rt-o f-sp eech  tagg in g  using se lf-organ izin g  m od e ls  th at w as presented at 
the previous (9 th ) S can dinavian  C on feren ce on  C o m p u ta t io n a l L ingu istics. T h en , 
the w ell-established H M M -ba sed  X erox  tagger, see [C u ttin g  1994], w as c o m p a ­
red w ith  som e less know n  taggers, n am ely  a n eural-netw ork  tagger described  in 
[E ineborg  k. G am b ack  1994], and a Bayesian  tagger presented in  [Sam uelsson  1994]. 
T h e  X erox  tagger perform s lex ica l generalizations by  clustering  w ords based  on  their 
d istribu tiona l pattern s, w hile the la tter tw o u tilize  the m o rp h o lo g ica l in fo rm a tion  
present in Sw edish by generalizing over w ord suffixes.

T h is  tim e, another H M M -ba sed  ap proach  is com p a red  w ith  a novel re d u ctio ­
n istic statistica l tagger inspired by the successfu l C on stra in t G ra m m a r system , 
[K arlsson et  al  1995].

T h e  perform ed  experim en ts d o  n ot on ly  serve to  evaluate the tw o taggers, but 
also shed som e new ligh t on  the T elem an  corpu s as an eva lu ation  d om a in  for  part- 
o f-speech  taggers com p ared  to  oth er, E nglish , corp ora .

T h e  paper is organized  as fo llow s ; S ection  2 discusses the T elem an  corp u s and 
the tagsets used. Section  3 describes the H M M -ba sed  tagger and  S ection  4 the 
redu ction istic  statistica l one. T h e  v ita l issue o f  h an d lin g  sparse d a ta  is addressed 
in Section  5 and the experim en tal results are presented in S ection  6 .

2 The Teleman Corpus
T h e  T elem an  corpus [T elem an 1974] is a corpu s o f  con tem p ora ry  Sw edish , represen­
ting a m ixture  o f  different tex t genres like in form ation  brochures on  m ilita ry  service 
and m ed ica l care, novels, etc . It com prises 85 ,408 w ords (tokens; here, w ords is a 
co llective  d en ota tion  o f  prop er w ords, num bers, and p u n ctu a tion ). T h ere  are 14,191 
different w ords (ty p es ); the m ost frequent on e is w hich  o ccu rs  4 ,662  tim es; the 
m ost frequent prop er w ord is “ o c h ”  ( a n d ) ,  w hich  occu rs  2 ,217  tim es. 8 ,458  o f  the 
w ords occu r ex actly  on ce, w hich is 60%  o f  the types b u t on ly  10%  o f  the tokens.
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T a b le  1: C om p arison  o f  T elem an  and
Teleman Susanne

size 85,408 words 156,644 words
word types 14,191 words 14,732 words
most freq. word 4662 x “.” 9641X “the”
one occurrence 8,458 words 6,820 words
unknown words 10% expected 4% expected
tagset 258 tags 424 tags^

max. tags/word 15 (for “för” ) 14 (for “os” )
reduced tagset 19 tags 62 tags
max. tags/word 7 { “för” , “ i” ) 0 ( a , no )

Tags in the Susanne corpus with indices are counted as separate tags.

For the experim en ts, we used tw o different tagsets. F irst, we used the origina l 
tagset, consistin g  o f  258 tags. Each o f  the 14,191 w ord  types can have betw een one 
and 15 o f  the 258 tags (th e h igh ly  am bigu ou s w ord  “ f ö r ”  { f o r ,  s t e r n ,  lead, too ,  . . . )  
has the m a x im u m  num ber o f  ta gs). W e then used a reduced tagset, con sistin g  o f  
19 tags, w hich  represent com m on  syn tactic  categories and  p u n ctu ation . T h is  tagset 
is iden tica l to  th at used in the p u b lica tion s  m en tion ed  above . Each o f  the w ord 
typ es then has betw een  on e and 7 tags ( “/ o r ” and “ i ” have the m a x im u m  num ber 
o f  tags).

2.1 Com parison with an English Corpus
Since 10%  o f  the w ords in the T elem an  corpu s occu r  on ly  on ce , we ex p ect from  the 
G o o d -T u r in g  form u la  [G o o d  1953] th at 10%  o f  the w ords in new  text be  unknow n, 
w hich  is a very h igh  percentage. O th er p u b lica tion s  ty p ica lly  rep ort 5% . Since 
m ost o f  the w ork in th is area is on  E nglish co rp ora , we com p a red  the T elem an  
corp u s w ith  an English  corpu s, n am ely  the Susanne corpu s [Sam pson  1995], w hich 
is a re -an n ota ted  part o f  the B row n C orp u s [Francis &  K ucera  1982], com prising  
different tex t genres. T h e  relevant fa cts  are su m m arized  and com p a red  in T ab le  1. 
T h e  m a jo r  d ifference (ap art from  corp u s size and tagsets used) is the percentage o f  
w ords th at occu r  ex actly  on ce : 10%  for  T elem an  vs. 4 %  for Susanne. A ccord in g  to 
the G o o d -T u r in g  form u la , this percentage is identica l to  the ex p ected  percentage o f  
u nknow n w ords. A ctu a l counts by d iv id in g  the co rp ora  in to  tra in ing  and test parts 
y ie ld  around  14%  and 7% , respective. T h is  in d icates that unseen Sw edish  text will 
have su bstantia lly  m ore  unknow n w ords than unseen E nglish , w hich  is m ost likely 
due to  the h igher degree o f  m orp h o log ica l variation  in Sw edish.

A  further d ifficu lty  w ith  the Sw edish  corpu s is the h igher degree o f  am bigu ity . In 
the T elem an  corpu s, each w ord in the running tex t has in average 2.38 tags for  the 
sm all tagset, and 3.69 for the large tagset. T h ese  num bers are 2 .07 and 2.61 for  the 
Susanne corpu s, despite the fa ct that the tagsets for the Susanne corpu s are larger 
than  those for  the T elem an  corpu s. T h u s, there is m uch  m ore  w ork for  the tagger to 
d o  in the T elem an  corpus. S om e m ore  num bers: in the running text, 5 4 .5 % /6 4 .2 %  
o f  the w ords in the T elem an  corp u s are am bigu ou s, an d  on ly  4 4 .3 % /4 8 .9 %  in the 
Susanne corp u s (sm a ll/la r g e  tagset, resp.; see T a b le  2 for  further details).

3 The H M M  Approach
A  H idden  M arkov  M od e l (H M M ) consists o f  a set o f  states, a set o f  ou tp u t sy m b o ls  
and  a set o f  transitions. For each state  and each sy m b o l, the p roba b ility  th at this 
sy m b o l is em itted  by  that state is g iven . A lso , a p rob a b ility  is associa ted  w ith
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T ab le  2: D istribu tion  o f  num ber o f  ca tegories per w ord  in  running tex t for  the 
T elem an  and Susanne corpu s, sm all and large tagsets.

Teleman Susanne
small large small large

1 45.5% 35.8% 55.7% 51.1%
2 16.2% 12.2% 17.4% 19.2%
3 17.7% 14.1% 4.8% 4.2%
4 6.4% 10.0% 11.1% 4.5%
5 9.0% 5.3% 8.4% 9.2%
6 1.7% 6.2% 2.6% 2.2%
7 3.5% 4.3% - 2.2%
8 - 1.1% - 4.8%
9 - 2.9% - -

10 - 2.7% - 2.0%
11 - 1.6% - -

12 - 2.9% - -
13 - - - -

14 - - - 0.6%
15 - 0.9% - -
>  1 54.5% 64.2% 44.3% 48.9%

T ab le  3: T elem an  corp u s parts

to ta l w ords unknow n words^
part A 67,402 —
part B 9,262 1,421 (1 5 .3 % )
part C 8,774 1,198 (1 3 .7 % )
E 85,408

Unknown words are words that occur only in the test set, but not in the training set.

T a b le  4: Susanne corpu s parts

to ta l w ords unknow n  w ords
peirt A 127,385 —
part B 9,752 714 (7 .4 % )
part C 9,684 563 (5 .8 % )
E 146,821"*

^The remaining 9,823 words of the Susanne corpus were not used in the experiments.
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each  tran sition  betw een  states (see [R abin er 1989] for  a g o o d  in trod u ction ). T h e  
tran sition  p roba b ility , and thus the p rob a b ility  o f  the fo llow in g  state, depends only 
on  the p revious state  for  first order H M M s, or on  k  p revious states for H M M s o f  A:th 
order. H M M  ap proach es to  pa rt-o f-sp eech  tagg in g  m ake the w ell-know n  assum ption  
th at the current category  or pa rt-o f-sp eech  o f  a w ord  depends on ly  on  the previous 
(n  — 1) categories (M arkov  a ssu m p tion ), thus they assum e that natural language 
is a M arkov process o f  order (n  — 1), w hich  o f  course is n ot true, bu t a successful 
ap p rox im a tion , n  =  3 is chosen  in m ost o f  the cases, resulting in a trigram  m od el 
(i.e ., alw ays w ork ing  w ith  a w in dow  o f  size 3 ), since it y ie lds the best com p rom ise  
betw een  size o f  c o rp o ra  needed for  tra in ing  and tagg in g  accuracy. Furtherm ore, the 
current w ord  (sy m b o l)  depends on ly  on  the current category  (sta te ). T h us, instead 
o f  ca lcu la tin g  and  m a x im iz in g  P { T i  . .  .Tk  \W\ . . .  VFjt), w ith  T{ tags and W i  w ords, 
w hich  is im p oss ib le  in all p ractica l cases, on e ca lcu lates and m axim izes

f[P(Ti |7]-„+i...7;-i)P(lFi |7)) (1)

to  find the best sequence o f  tags for  a g iven  sequence o f  w ords.
T h e  param eters o f  an H M M  can be  estim ated  d irectly  from  a pretagged  corpus 

v ia  m a x im u m -lik e lih ood  estim a tion  (M L E ). B u t M L E  sets a lo t  o f  the transition  
p rob a b ilit ie s  to  zero, and i f  on e o f  the m u ltip lied  p roba b ilities  in ( 1) is zero, the 
p ro d u c t  b ecom es  zero, leaving n o m eans to  d istinguish  betw een  different p rod u cts  
th at con ta in  a zero p roba b ility . T h is  results in p o o r  estim ates for  the p robab ilities  
o f  new sequences o f  w ords. T h is  p rob lem  is addressed in S ection  5.

A n oth er  way o f  estim atin g  the param eters o f  an H M M  is to  use an untagged 
corpu s, a  lex icon  w ith  parts-o f-speech  lists for the w ords and the B a u m -W elch  a lgo­
r ith m  [B aum  1972]. T h is  ap proach  has the advantage o f  avoid ing  the ted ious work 
o f  m anu ally  an n ota tin g  a corpu s, b u t it requires a sop h isticated  choice  o f  in itial 
biases, and generally, the p erform an ce  is w orse than that ach ieved  w ith  annotated  
corp ora .

W h en  using an H M M  for tagg in g, the system  gets a string o f  w ords and has 
to  find  the m ost p rob a b le  sequence o f  tags th at cou ld  have p rod u ced  the string o f  
w ords. T h is  is don e  w ith  a  d y n a m ic  p rogram m in g  m eth od , the V ite rb i a lgorith m  
[V iterb i 1967]. T h e  a lgor ith m  finds the m ost p rob a b le  sequence o f  states in tim e 
linear in the length  o f  the in pu t string.

4 The Reductionistic Statistical Approach
A lth ou g h  n ot yet fu lly  realized, the basic  p h ilosop h y  beh in d  the red u ction istic  sta­
tistica l ap proach  is to  g ive it the sam e expressive pow er as the C on stra in t G ram m ar 
system .

4.1 Constraint Grammar
T h e  C on stra in t G ra m m a r system  perform s rem arkably  well; [V outilainen  &; H eikkila 
1994] rep ort 99 .7%  recall, or  0 .3 %  error rate, w hich is ten tim es sm aller than that 
o f  the best sta tistica l taggers. T h ese  im pressive results are achieved by :

1 . U tilizing  a  num ber o f  different in form a tion  sources, and n ot on ly  the stereoty ­
ped  lex ica l sta tistics  and n -gram  tag  statistics  th at have becom e  the de fa cto  
stan dard  in statistica l pa rt-o f-sp eech  tagg in g.

2. N ot fu lly  resolv ing  all am bigu ities w hen this w ou ld  jeop a rd ize  the recall.
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P rop erty  2 m eans that the system  trades precision  for  reca ll, w hich  m akes it ideal 
as a preprocessor for natural language system s p erfo rm in g  deeper analysis.

T h e  C onstra in t G ra m m a r system  w orks as fo llow s : F irst, the in p u t strin g  is 
assigned all possib le  tags from  the lex icon , or rather, from  the m o rp h o lo g ica l ana­
lyzer. T h en , tags are rem oved  iteratively  by  repeated ly  a p p ly in g  a set o f  rules, 
or  constraints, to  the tagged  string. W h en  n o  m ore  tags are rem ov ed  by th e  last 
iteration , the process term inates, and m o rp h o lo g ica l d isa m b ig u a tion  is con clu d ed . 
T h en  a set o f  sy n tactic  tags are assigned to  the tagged  in p u t string  and  a  sim ilar 
process is perform ed  for sy n tactic  d isam bigu a tion . T h is  m e th o d  is o ften  referred to  
as r e d u c i i o n i s i i c  tagging .

T h e  rules are s o r t -o f  form u la ted  as fin ite state a u to m a ta  [T ap anainen , person a l 
com m u n ica tion ], w hich a llow s very fast processing .

Each rule applies to  a current w ord w ith  a set o f  can d id a te  tags. T h e  stru ctu re  
o f  a rule is typ ica lly :

“ In the fo llow in g  con text, d iscard  the fo llow in g  ta gs .”

“ In the fo llow in g  con text, c o m m it to  the fo llow in g  ta g .”

W e will call d iscard ing  or com m ittin g  to  tags the ru le  a c t io n .  A  typ ica l ru le  c o n t e x t  
is:

“T h ere  is a w ord to  the left th at is u n a m bigu ou sly  tagged  w ith  the 
fo llow in g  tag , and there are n o  in terven ing w ords tagged  w ith  such and 
such ta gs .”

4.2 The New Approach
T h e  structure o f  the C on stra in t G ra m m a r rules readily  a llow s their con texts  to  be 
view ed as the con d ition in gs  o f  con d ition a l proba b ilities , and the action s  have an 
ob v iou s in terpretation  as the corresp on d in g  p robab ilities .

Each con text ty p e  can be seen as a  separate  in fo rm a tion  source, and  we will 
com bin e  in form ation  sources S i , . . .  ,S n  by  m u ltip ly in g  the sca led  p roba b ilities :

P { T \ S i , . . . , S „ )

P { T ) n
i = l

P j T  I S i )  

P { T )

T h is  form u la  can be established  by  Bayesian  inversion , then p erfo rm in g  the inde­
pendence assum ptions, and renew ed B ayesian inversion:

P{T\Si , . . . ,S„ )  =
P{T) -P{Sl , . . . ,Sr.\T)

P { S i , . . . , S n )

^ p ( S i )

_  ^ P{T) .P{Si\T)  _
-  p ( T ) - P ( 5 . )  -

= i= l

In standard  statistica l p a rt-o f-sp eech  tagg in g  there are on ly  tw o in form a tion  
sources —  the lex ica l p roba b ilities  and the tags assigned to  n eigh bou rin g  w ords.
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P (T a g  I L ex icon  an d  n -gram s) =

P (T a g  I L ex icon ) • P (T a g  | N -gram s)

T h e  con text will in general n ot be fu lly  d isam bigu a ted . R ath er than  em p loy in g  
d y n a m ic  p rogra m m in g  over the la ttice  o f  rem ain in g  can d id a te  tags, the new ap­
p roach  uses the w eighted  average over the rem ain in g  can d id a te  tags to  estim ate  the 
p roba b ilities :

P ( T | U L i C . )  =
n

=  ^ P { T \ C i ) - P i C i \ U ^ ^ , C i )
1=1

It is assum ed th at { C i  : t =  1 , . .  . , n }  con stitu tes a  p a rtition  o f  the con text C ,  i.e., 
th at C  — and that C iC \ C j  =  0 fo r  i j .  In particu lar, trig ram  probab ilities
are com b in ed  as fo llow s:

P ( T \ C )  =

=  P i T \ T , , T r ) P ( { T , , T r ) \ C )
(T ,,T ,)e c

H ere T  d en otes a  can d id a te  tag  o f  the current w ord , Tj denotes a  can d id a te  tag  o f  
the im m ed ia te  left n e igh bou r, and Tr  den otes a can d id a te  ta g  o f  the im m ed ia te  right 
n e igh bou r. C  is the set o f  ordered  pairs (T j, T r) draw n from  the set o f  can d id a te  tags 
o f  the im m ed ia te  n eigh bou rs. P { T  \ T ; ,T r )  is the sy m m etr ic  tr ig ram  p robab ility .

T h e  tagger is red u ction istic  since it repeatedly  rem oves low -p rob a b ility  can d idate  
tags. T h e  p rob a b ilit ie s  are then reca lcu la ted , and the process term inates w hen the 
p rob a b ilit ie s  have stab ilized  and n o m ore  tags can b e  rem oved  w ith ou t jeop a rd iz in g  
the reca ll; can d id a te  tags are on ly  rem oved  i f  their p roba b ilities  are below  som e 
thresh old  value.

We thus have;

5 Sparse Data
H an dling  sparse d a ta  consists o f  tw o different tasks:

1. E stim atin g  the p rob a b ilities  o f  events that d o  n ot occu r  in the train ing data.

2. Im p rov in g  the estim ates o f  con d ition a l p rob a b ilities  w here the num ber o f  o b ­
servations under this con d ition in g  is sm all.

C o p in g  w ith  unknow n w ords, i.e ., w ords n ot encountered  in the train ing set, is 
an arch etyp ica l ex am p le  o f  the form er task. E stim atin g  p rob a b ility  d istribu tions 
con d ition a l on  sm all con texts is an ex am p le  o f  the latter task. W e  will exam ine 
several ap proach es to  these tasks.

For the H M M , it is necessary to  avoid  zero proba b ilities . T h e  m ost stra igh t­
forw ard  stra tegy  is em p loy in g  the ex p ected -lik e lih ood  estim ate  (E L E ), w hich  sim p ly  
ad ds 0.5 to  each  frequency  cou n t and then con stru cts a m a x im u m -lik e lih ood  esti­
m a te  (M L E ), (see e.g. [G ale &  C hurch  1990]). T h e  M L E  o f  the p rob a b ility  is the 
relative  frequ ency  r . A n oth er  p ossib ility  is the G o o d -T u r in g  m eth od  [G o o d  1953], 
w here each frequ ency  /  is rep laced  by / *  =  ( /  -f- \ ) N j ^ i / N f , where N j  denotes 
th e frequ ency  o f  frequency  / .  A ltern atively , on e can  use linear in terp ola tion  o f  the 
p rob a b ilit ie s  ob ta in ed  by  M L E , P { c  \ a , b )  =  A ir (c )  +  A2t ( c | b)  - f  A3t ( c ] a, 6).
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[Brow n et al 1992] let the A values depen den t on  the co n tex t , w hich  im p rov es  the 
tagg in g  accuracy. T h is  is related to  the idea  o f  successive ab stra ction  presented in 
S ection  5 .1 . T o  achieve im p rov ed  estim ates o f  lex ica l p rob a b ilities , w ords can be 
clustered together, see [C u ttin g  e t  al  1992].

T h ere  are several w ays to  handle  u nknow n  w ords. T h ese  in clude;

1. M aking  every tag  a  p ossib le  tag  for  th at w ord  w ith  equal p ro b a b ility  and 
find ing  the m ost p rob a b le  ta g  so le ly  based  on  con tex t p roba b ilities . T h e  results 
can be sligh tly  im p roved  by  try in g  on ly  op en -class tags for  u nkn ow n  w ords.

2. A s  an extension  to  case 1, ch oos in g  different bu t again  con stan t p rob a b ilities  
for each p ossib le  tag. T h is  con stitu tes an a  priori d is tr ibu tion  for  u nkn ow n  
w ords, reflecting for ex am p le  th at m ost o f  the unknow n  w ords are nouns. 
T h e  p roba b ilities  cou ld  b e  ob ta in ed  fro m  a  separate  tra in in g  p art, or  fro m  the 
d istribu tion  o f  w ords th at occu r  on ly  on ce  in the tra in in g  corp u s. T h ese  w ords 
reflect the d istr ibu tion  o f  unknow n  w ords a ccord in g  to  the fo rm u la  presented 
in [G o o d  1953].

3. E x p lo itin g  w ord -form  in form a tion  as p rop osed  in [Sam uelsson  1994]. Here, 
the p rob a b ility  d istr ibu tions are determ ined  from  the last n characters o f  the 
w ord, and the rem ain ing  num ber o f  sy llables. T h is  m eth od  has been  proven  
successfu l for  Sw edish text.

4. U tilizing  o rth ograp h ica l cues such as cap ita liza tion .

5.1 Successive Abstraction
A ssum e that we w ant to  estim ate  the p rob a b ility  P { E  j C )  o f  the event E  g iven  
a  con text C  from  the num ber o f  tim es N e  it o ccu rs  in N  =  jC j tria ls, bu t that 
this d a ta  is sparse. A ssu m e further th at there is ab u n d a n t d a ta  in a  m ore  general 
con text C  Z) C  th at we w ant to  use to  get a better  estim ate  o f  P [ E  j C ) .

I f  there is an ob v iou s linear order C  =  C m  C  C m - i  C  • • • C  C i =  C ' o f  the 
various generalizations C k  o f  C ,  we can bu ild  the estim ates o f  P { E  j C * )  on  the 
relative frequency r { E  j C k )  o f  event E  in con text C k  and the p rev iou s estim a tes o f  
P ( E  I C k - i ) .  W e ca ll this m eth od  l in e a r  s u c c e s s i v e  a b s t r a c t io n .  A  s im p le  ex a m p le  
is estim atin g  the p rob a b ility  P { T  j l „ , . . I n - j )  o f  a  ta g  T  g iven  I n - j ,  ■ ■ . , l n ,  the 
last J -I-1 letters o f  the w ord. In th is case, the estim ate  w ill b e  based  on  the relative  
frequencies r ( T  j r ( T  j . .  . , r ( T  j l „ ) , r ( T ) .

P reviou s experim en ts [Sam uelsson 1994] in d ica te  th at the fo llow in g  is a  su itab le  
form ula ;

P ( E  I C )  =
^ / N r { E  I C )  +  P { E  I C )  

^ / N + l
(2)

T h is  form u la  s im p ly  up-w eights the relative frequency  r  by a fa c to r  y / N ,  the square 
roo t o f  the size o f  con text C , w hich is the active  ingredien t o f  the stan d ard  d ev ia tion  
o f  r .

I f  there is on ly  a  partial order o f  the various gen eralizations , the sch em e is 
still v iable. For exam p le , consider generalizing  sy m m etr ic  tr ig ra m  statistics , i.e ., 
statistics o f  the fo rm  P { T  j T i ,T r ) .  Here, b o th  T| and Tr  are on e-step  g enera lizations 
o f  the con text T i ,T r ,  and b o th  have in turn  the co m m o n  genera lization  f i .  W e  
m o d ify  E quation  2 accord in g ly ;

P (T \ T ,,T r )  =

y/\T,,Tr\r(T\T,,Tr) +  P{T\T,) +  P{T\Tr)

y / ^ l W \ + 2
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and

P ( T \ T , )  =  

P ( T  I TO =

y i r i  r (T  I T ,) +  T (T )

v /i^ + 1
y i ^ r ( r | T r )  +  P (T )

y i ^ + 1

W e call th is p a r t ia l  s u c c e s s iv e  a b s t r a c t io n .

6 Experiments
For the experim en ts, both  co rp o ra  were d iv id ed  in to  three sets, on e large set and 
tw o sm all sets. W e used three different d iv isions in to  tra in ing  and testing sets. F irst, 
all three sets were used for  b o th  tra in ing  and testing. In the secon d  and th ird  case, 
tra in in g  and test sets were d is jo in t, the large set and  on e o f  the sm all sets were used 
for  tra in ing , the rem ain in g  sm all set was used for testing. A s a  baseline to  in d icate  
w hat is ga in ed  by  tak in g the con text in to  accou n t, we p erform ed  an ad d ition a l set 
o f  exp erim en ts th at used lex ica l p roba b ilities  on ly, and ignored  the con text.

6.1 H M M  Approach
T h e  exp erim en ts o f  th is section  w ere p erform ed  w ith  a trigram  tagger as described 
in S ection  3. Z ero frequencies were avoided  by  using ex p ected -lik e lih ood  estim ation . 
U nknow n w ords were handled  by a  m ixtu re  o f  m eth od s  2 and  3 listed  in Section  5: If 
the suffix o f  4 characters (3 characters for the Susanne corp u s) o f  the unknow n w ords 
was fou n d  in the lex icon , the tag  d is tr ibu tion  for  th at suffix was used. O therw ise 
w e used the d is tr ibu tion  o f  tags for  w ords th at occu rred  on ly  on ce  in the training 
corpus.

A s o p p o se d  to  trigram  tagg in g , lex ica l tagg in g  ignores con text p roba b ilities  and 
is based so le ly  on  lex ica l p roba b ilities . E ach  w ord is assigned its m ost frequent tag 
fro m  the tra in in g  corpus. U nknow n w ords were assigned the m ost frequent ta g  o f  
w ords th at occu rred  ex a ctly  on ce  in the tra in ing  corpu s. T h e  m ost frequent tags 
for single occu rren ce  w ords are for  the T elem an  corpu s NIMSS (in defin ite  n oun -noun  
c o m p o u n d ) and noun (large and sm all tagset, resp .), for  the Susanne corpus NN2 
(p lu ra l c o m m o n  n ou n ) and NN (c o m m o n  noun ; again  large and sm all tagset resp .).

T a g g in g  speed weis generally  betw een  1000 and 2000 w ords per secon d  on  a 
SparcS erver 1000; m ost o f  th is variation  was due to  variations in the num ber o f  
u n kn ow n  w ords.

T h e  results for  the T elem an  corpu s are show n in T ab le  5 and the results for the 
Susanne corpu s in T a b le  6 .

W h a t im m ed ia te ly  a ttracts a tten tion  is the rem arkably  low  p erform an ce  o f  the 
tr igra m  a p p roa ch  for  the T elem an  corpu s. A lrea d y  the baseline ob ta in ed  by  lexical 
ta gg in g  is be low  80 %  for  new  tex t, usual results are around  90 % . N orm al results can 
b e  ob ta in e d  on ly  for kn ow n  w ords or w hen  using the sm all tagset, the latter be in g  
in fa c t a very s im p le  task, since the a lgor ith m  has to  choose  fro m  on ly  19 tags. For 
the large tagset, trigram  tagg in g  ach ieves on ly  83%  accuracy. T h is  low  figure is due 
to  the unusually  h igh  num ber o f  unkn ow n  w ords and  the larger degree o f  am bigu ity  
com p a red  to  English  co rp ora , as is discussed in S ection  2. Using a large Sw edish 
lex icon  or m o rp h o lo g ica l analyzer sh ou ld  im p rov e  the results significantly.

A n oth er  in teresting result is th at accu racy  increases w hen the size o f  the tagset 
increases for  the Ccises where kn ow n  text is tagged  and con text p roba b ilities  are 
taken in to  a ccou n t. T h is  m eans th at the ad d ition a l in form ation  a b ou t the con text in 
the larger tagset is very help fu l for  d isa m b ig u a tion , bu t on ly  w hen d isam bigu a tin g
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Table 5: Results of the HMM experiments with the Teleman corpus

T rain in g  T esting tota l correct know n  correct u nkn ow n  correct

S L ex ica l T agg ing  
T  A , B , C  A , B , C  
1 1 A , B  C  
* 9 A , C  B

9 5 .13%  9 5 .13%  —  
8 9 .27%  9 4 .18%  5 8 .35%  
9 0 .42%  9 4 .20%  6 9 .60%

^  T  T rigram  T agg ing  
6 g A , B, C  A , B, C 
1 ® A , B C 
t A , C  B

9 6 .22%  9 6 .22%  —  
9 2 .88%  9 4 .51%  8 2 .55%  
9 2 .81%  9 4 .62%  8 2 .83%

L L exica l T agg in g  
r 2 A , B, C  A , B, C  
6 5 A , B C 
;  ® A , C  B

9 0 .65%  9 0 .65%  —  
7 8 .84%  8 9 .07%  14 .44%  
7 8 .05%  8 8 .20%  22 .03%

a 1 T rigram  T agg ing  
f  g A , B, C  A , B, C  
e ® A , B C 
‘  A , C  B

9 8 .35%  9 8 .35%  —  
8 3 .78%  8 9 .99%  44 .6 6 %  
8 1 .01%  8 9 .40%  3 4 .69%

T ab le  6 ; R esults o f  the H M M  experim en ts w ith  the Susanne corpu s

T ra in in g  Testing to ta l correct know n  correct u nkn ow n  correct

S L ex ica l T ag g in g  
T  A , B, C  A , B, C 
1 6 A , B C 
‘ 2 A , C  B

9 5 .28%  9 5 .28%  —  
9 1 .48%  9 4 .80%  4 9 .72%  
9 1 .20%  9 4 .44%  3 8 .37%

a a T rigram  T agg in g  
g g A , B, C  A , B , C  
e " A , B C 
1 A , C  B

9 8 .65%  9 8 .65%  —  
95 .76%  9 6 .95%  8 0 .81%  
95 .18%  9 6 .58%  7 2 .29%

L L exica l T agg ing  
?  4 A , B , C  A , B, C 
g 2 A , B C  
;  1  A , C  B

9 3 .98%  9 3 .98%  —  
8 6 .98%  9 3 .04%  10 .78%  
8 8 .16%  9 2 .59%  15 .81%

a a T rigram  T agging  
6 g A , B, C  A , B, C 
e ® A , B C  
‘  A , C  B

9 9 .80%  9 9 .80%  —  
9 2 .61%  9 5 .66%  5 4 .20%  
9 3 .07%  9 5 .46%  5 3 .83%
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kn ow n  tex t. T h is  cou ld  arise fro m  the fa c t th at a large n um ber ( >  5 0 % ) o f  the 
tr igram s th at occu r  in the tra in in g  tex t o c cu r  ex a ctly  on ce . A n d  m ost o f  the possib le 
tr igram s d o  n ot occu r  at all (generally  m ore  than  90 % , dep en d in g  on  the size o f  
the ta gset). N ow , the trigram  ap proach  has a d istin ct bias to  those trigram s that 
occu rred  on ce  over those that never occu rred . T h ese  h appen  to  b e  the right ones 
fo r  k n ow n  text bu t n ot necessarily for  new  tex t, thus the pos itiv e  effect o f  a larger 
tagset vanishes for fresh text.

T h e  results for the Susanne corp u s are sim ilar to  those rep orted  in other p u b li­
ca tion s  for  (o th er ) English  corp ora .

6.2 Reductionistic Approach
T h e  red u ction istic  sta tistica l tagger described  in S ection  4 was tested on  the sam e 
d a ta  as the H M M  tagger. T h e  in fo rm a tion  sources em p loyed  in  the experim en ts 
w ere lex ica l sta tistics  and con textu a l in fo rm a tion , w hich  consisted  o f  sy m m etric  
trig ram  statistics . U nknow n w ords w ere h and led  by  creating  a decision  tree o f  the 
fou r  last letters from  w ords w ith  three or less occu rren ces. Each n od e  in the tree 
was associa ted  w ith  a  p rob a b ility  d istr ibu tion  (over  the tagset) ex tracted  from  these 
w ords, and  the p rob a b ilities  were sm ooth en ed  th rough  linear successive ab straction , 
see S ection  5.1.

T h ere  were tw o cu t -o ff  values for con texts: F irstly, any con text w ith  less than 10 
observ ation s  was d iscarded . S econ d ly , any con text w here the p rob a b ility  d istr ibu ti­
on s d id  n ot differ su bstantia lly  fro m  the u n con d ition a l on e was a lso d iscard ed . O nly  
the rem ain in g  ones were used for  d isam bigu a tion . D ue to  the com p u ta tion a l m od el 
em p loy ed , o m itte d  con texts are equ ivalent to  back in g  o f f  to  w hatever the current 
p ro b a b ility  d is tr ibu tion  is. T h e  d istr ibu tion s con d ition a l on  con texts  are how ever 
su scep tib le  to  the p rob lem  o f  sparse da ta . T h is  was handled  using partial successive 
ab stra ction  as described  in S ection  5.1.

T h e  results are show n in T ab les 7 and 8 . T h ey  clearly  in d icate  that:

• T h e  em p loyed  treatm ent o f  u nknow n w ords is qu ite effective.

• U sing con textu a l in form a tion , i.e ., trigram s, im proves ta gg in g  accuracy.

• T h e  p erform a n ce  is on  pair w ith  the H M M  tagger and com p a ra b le  to  state- 
o f-th e -a rt sta tistica l p a rt-o f-sp eech  taggers.

• T elem an  is a con sid erab ly  tou gh er nut to  crack than Susanne.

T h e  results using  the Susanne corp u s are s im ilar to  those rep orted  for  the L ancaster- 
O slo -B ergen  (L O B ) corp u s in [de M arcken 1990], w here a statistica l n -best-p a th  
a p p roa ch  was em p loyed  to  trade p recision  for  recall.

T h e  ta gg in g  speed was typ ica lly  a cou p le  o f  hundred w ords per secon d  on  a 
SparcS erver 1000, bu t varied w ith  the size o f  the tagset and  the am ou n t o f  rem aining 
am bigu ity .

7 Conclusions
T h e  exp erim en ts w ith  the H M M  ap p roa ch  show  th at it is m uch  harder to  process the 
Sw edish  than the E nglish  corpus. A lth ou g h  the tw o co rp o ra  are n ot fu lly  com p a ra b le  
becau se o f  the differences in size and tagsets used, they  reveal a strong tendency. 
T h e  d ifficu lty  in processin g  is m ostly  due to  the rather large num ber o f  unknow n  
w ords in  the Sw edish  corpu s and the h igher degree o f  am bigu ity  despite having 
sm aller tagsets. T h ese  effects m a in ly  arise fro m  the h igher m orp h o log ica l variation
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Table 7: Results of the reductionistic experiments with the Teleman corpus

T rain in g  T estin g  | T h resh old : 0 .00 0 .05 0 .075 0 .10 0 .15 0 .20 0 .30 0.50

Sm all T agset

R eca ll (% ) 
T a g s /w o rd

100.00
2.38

T rigram  and lex ica l statistics 
99 .02 98 .66  98 .35 97 .78  97 .37  

1.15 1.12 1.10 1.07 1.05
96.65

1.03
95.55

1.00
A ,B ,C  A ,B ,C

R eca ll (% ) 
T a g s /w o rd

100.00
2.38

L exica l sta tistics  on ly  
98 .96  98 .53  98 .29  97 .69  97 .28 

1.25 1.17 1.14 1.09 1.07
96.36

1.03
95.10

1.00

R ecall (% ) 
T a g s /w o rd

98.98
2.54

T rigram  and lex ica l statistics 
97 .72 97 .25 96.81 96 .20  95 .53 

1.21 1.17 1.14 1.10 1.07
94.67

1.04
93.34

1.00
A ,B  C

R eca ll (% ) 
T a g s /w o rd

98.98
2.54

L exica l sta tistics  on ly  
97.61 97 .14  96 .87  96 .15  95 .63 

1.34 1.25 1.21 1.14 1.11
94.26

1.04
92.55

1.00

R eca ll (% ) 
T a g s /w o rd

98.99
2.51

T rigram  and lex ica l statistics 
97 .80 97 .44  96 .94  96 .34  95 .84  

1.23 1.18 1.15 1.11 1.08
98.81

1.04
93.50

1.00
A ,C  B

R eca ll (% ) 
T a g s /w o rd

98.99
2.51

L exica l sta tistics  on ly  
97 .67 97 .33  97 .07  96 .45  95 .84  

1.34 1.26 1.21 1.14 1.10
94.34

1.04
92.52

1.00
Large T agset

R ecall (% ) 
T a g s /w o rd

100.00
3.69

T rigram  and lex ica l statistics 
98 .36 97 .92 97 .54  97 .03  96.41 

1.23 1.18 1.15 1.11 1.08
95.31

1.04
93.75

1.00
A ,B ,C  A .B .C

R ecall (% ) 
T a g s /w o rd

100.00
3.69

L exica l sta tistics  on ly  
98 .30  97 .63 97 .20  96 .67  95 .57 

1.43 1.31 1.26 1.22 1.16
93.65

1.08
90.59

1.00

R ecall (% ) 
T a g s /w o rd

97.46
4.16

T rigram  and lex ica l statistics 
94 .93 93 .94 93 .35  92 .35  91 .15 

1.47 1.37 1.31 1.24 1.18
88.53

1.08
85.56

1.00
A ,B  C

R ecall (% ) 
T a g s /w o rd

97.46
4.16

L exica l sta tistics  on ly  
95 .23 94 .24  93 .69 92 .93 91.51 

1.69 1.53 1.44 1.34 1.26
87.92

1.11
83.62

1.00

R ecall (% ) 
T a g s /w o rd

96.64
4.18

T rigram  and lex ica l sta tistics  
94 .04 93 .00  92 .09 90 .92 89 .46 

1.48 1.38 1.32 1.24 1.18
86.94

1.08
83.58

1.00
A ,C  B

R ecall (% ) 
T a g s /w o rd

96.64
4.18

L exica l sta tistics  on ly  
94.51 93 .27  92 .50 91 .02 89 .68 

1.71 1.54 1.44 1.34 1.24
85.86

1.10
81.69

1.00

2 21307
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Table 8: Results of the reductionistic experiments with the Susanne corpus

T ra in in g  T estin g  I T h resh o ld : 0.00 0.05 0.075 0 .10 0.15 0 .20 0.30 0.50

S m all T agset

A ,B ,C  A ,B iC

T rigram  and lexical statistics
R eca ll (% )  100.00 99 .46  99 .35 99 .23  99 .03 98 .82 98 .43 97.75 
T a g s /w o r d  2.07 1.08 1.07 1.06 1.04 1.03 1.02 1.00

L exica l sta tistics  on ly
R eca ll (% )  100.00 99 .33  99 .20 98 .94  98 .67 98 .10 97 .43 95.28 
T a g s /w o r d  2 .07 1.18 1.16 1.14 1.11 1.08 1.05 1.00

A .B  C

T rigram  and lex ica l statistics
R eca ll (% )  99 .22  98 .43 98 .28 98.11 97 .78 97 .43 96.91 95.99 
T a g s /w o rd  2.23 1.14 1.11 1.09 1.07 1.05 1.02 1.00

L exica l sta tistics  on ly
R eca ll (% )  99 .22 98 .27 98 .03 97 .78 97 .45  96 .80  96 .15 93.42 
T a g s /w o rd  2.23 1.25 1.23 1.19 1.15 1.11 1.08 1.00

A ,C  B

T rigram  and lex ica l statistics
R eca ll (% )  99 .22  98 .46 98 .22  97 .99 97 .58  97 .15 96 .49 95.54 
T a g s /w o rd  2 .17 1.13 1.10 1.09 1.06 1.05 1.02 1.00

L exica l sta tistics  on ly
R ecall (% )  99 .22  98.21 97 .88 97.61 97 .35 96 .47 95 .46 92.87 
T a g s /w o rd  2.17 1.24 1.21 1.17 1.15 1.10 1.06 1.00

Large T agset

A ,B ,C  A ,B ,C

T rigram  and lex ica l statistics
R eca ll (% )  100.00 99 .25 99 .12 98 .96  98 .74 98 .44  98 .04 96.87 
T a g s /w o rd  2.61 1.10 1.08 1.07 1.06 1.04 1.03 1.00

L exica l statistics on ly
R eca ll (% )  100.00 99 .05  98 .88 98 .59 98 .20  97 .58  96 .72 93.98 
T a g s /w o rd  2.61 1.23 1.20 1.17 1.14 1.10 1.07 1.00

A ,B  C

T rigram  and lex ica l statistics
R eca ll (% )  98.31 96 .94  96 .52  96 .19 95 .68 95 .02  94.21 92.70 
T a g s /w o rd  3.01 1.22 1.18 1.15 1.11 1.08 1.04 1.00

L exica l sta tistics  on ly
R eca ll (% )  98.31 96.91 96 .49  95 .94  95 .50 94 .40  93 .42 90.26 
T a g s /w o rd  3.01 1.41 1.35 1.28 1.20 1.14 1.08 1.00

A ,C  B

T rigram  and lex ica l statistics
R eca ll (% )  98 .49 97 .03 96 .72 96.41 95 .88  95 .16 94 .29 92.71 
T a g s /w o rd  2.83 1.21 1.18 1.15 1.11 1.08 1.04 1.00

L exica l sta tistics  on ly
R eca ll (% )  98 .49  96 .95 96 .55 96 .05  95 .57 94 .44  93 .26 90.31 
T a g s /w o rd  2.83 1.36 1.31 1.25 1.19 1.13 1.08 1.00
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o f  Swedish w hich calls for ad d ition a l strategies to  b e  ap p lied . T h ese  cou ld  b e  the 
use o f  a  large corpu s-in depen den t lex icon  and a separate m o rp h o lo g ica l analysis.

It is reassuring to  see that the red u ction istic  tagger p er form s as w ell as the 
H M M  tagger, in d ica tin g  th at the new  fram ew ork  is as p ow erfu l as the con v en tio ­
nal on e when using strictly  con vention a l in fo rm a tion  sources. T h e  new  fram ew ork  
also enables using the sam e sort o f  in fo rm a tion  as the h igh ly  successfu l C on stra in t 
G ra m m a r ap proach , and the h op e  is th at the a d d ition  o f  fu rther in fo rm a tion  sources 
can advance sta te -o f-th e -a rt p erform an ce  o f  sta tistica l taggers.

V iew ed as an extension  o f  the C on stra in t G ra m m a r ap p roa ch , the new  schem e 
allow s m aking decisions on  the basis o f  n ot fu lly  d isam bigu a ted  p ortion s  o f  the 
input string. T h e  absolute  value o f  the p rob a b ility  o f  each  ta g  can be used as a 
qu antita tive  mecisure o f  w hen to  rem ove a p a rticu lar can d id a te  ta g  and  w hen  to  
leave in the am bigu ity . T h is  provides a  to o l to  con tro l the tra d eo ff betw een  recall 
(a ccu ra cy ) and precision  (rem ain in g  a m b ig u ity ).
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