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hröderArbeitsberei
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hberei
h InformatikUniversität HamburgVogt-Kölln-Straÿe 3022527 HamburgGermanyingo.s
hroeder�informatik.uni-hamburg.de1 Introdu
tionPart-of-spee
h tagging is an important pro
essing step for many natural language systems. It has beenta
kled with a number of di�erent approa
hes, both ma
hine learning algorithms and methods relyingon rules that are hand 
rafted by human experts. This paper investigates and 
ompares four of themore popular ma
hine learning approa
hes to POS tagging that have been implemented within theICOPOST toolkit [S
hröder 2002℄ whi
h is freely available under the GNU publi
 li
ense1 from theauthor's home page at http://nats-www.informatik.uni-hamburg.de/~ingo/i
opost/.2 The task of taggingTagging is the task of 
lassifying words in a natural language text with respe
t to a spe
i�
 
riterion.Di�erent types of tagging 
an be distinguished based on the spe
i�
 
riterion employed:Synta
ti
 word 
lass: Identify the synta
ti
 
ategory, i.e., the part-of-spee
h (POS), of a word inthe 
ontext of a senten
e. This helps subsequent stages of pro
essing, e.g., parsing, be
ausethe ambiguity is redu
ed from the beginning. Usually, the pro
ess only takes into a

ount theimmediate neighborhood (but see subsequent se
tions).The horse ra
ed[/VBD? VBN?℄ past the barn fell.Word sense: Identify the intended meaning of a word in a given 
ontext. A su

essful disambiguationrequires 
onsidering more global aspe
ts of the utteran
e, e.g., what the topi
 of the dis
ourse isabout.Plants[/fa
tory? vegetable?℄ are known to be dangerous.Atta
hment: Identify the site in a senten
e where a phrase atta
hes to. This usually requires synta
ti
as well as semanti
 information. Often (at least for the purpose of an evaluation) the problem isredu
ed to a binary de
ision.1See http://www.gnu.org/li
enses/li
enses.html. 1



2 3. Evaluation 
riteriaHe read the arti
le in[/ noun?  verb?℄ the newspaper/train.(Underspe
i�ed) synta
ti
 parsing: This 
ombines the task of POS tag resolution and atta
hmentdisambiguation. Either the exa
t position of atta
hment is left underspe
i�ed, i.e., only thedire
tion of atta
hment is given, [Karlsson 1990; Karlsson et al. 1995; Joshi & Srinivas 1994℄or a 
omplete disambiguation is a
hieved [Heine
ke et al. 1998; Järvinen & Tapanainen 1997;Brants, Skut & Krenn 1997℄.Lassen Sie uns no
h[/�AD-A>? �AD-A<?℄ einen Termin ma
hen.Senten
e boundary dete
tion: The (redu
ed) task is to distinguish interpun
tuation marks thatend a senten
e and those that do not.He saw Mr .[/EOS?℄ Jones surrounded by the 
rowd .[/EOS?℄Tagging based on synta
ti
 word 
lass is the most frequently en
ountered form of tagging in the �eldof natural language pro
essing and this paper fo
usses on this type. It is interesting for a number ofreasons:� The problem is 
learly de�ned and well understood.� The task is relatively easy but hard enough. A �good� performan
e 
an already be a
hieved withvery simple methods, but a perfe
t system ultimately requires 
omplete understanding (It is saidto be �AI-hard�.).� Evaluation methods and 
omparison measures are available.� Be
ause only a relatively simple annotation s
heme is required, large 
orpora are available whi
hmake di�erent ma
hine learning approa
hes feasible.3 Evaluation 
riteriaTwo evaluation measures are widely used for evaluating POS taggers: pre
ison & re
all and a

u-ra
y & ambiguity.Given a natural language text w1:::wn with 
orresponding POS tags t1:::tn whi
h are assumed to bethe �
orre
t� tags (golden standard), a tagger 
an �guess� tags G1:::Gn; Gi = fg1i :::gimi g for the words,i.e., it suggests the (alternative) tags g1i :::gimi for word wi. It is generally assumed that a tagger emitsat least one guess per word, i.e., 8ni=1jGij � 1.2 A single tag tagger outputs exa
tly one guess per word,i.e., 8ni=1jGij = 1, while a multi tag tagger potentially emits more than one tag per word.Pre
ision pr and re
all re
 are de�ned as follows:pr = # 
orre
t tags# emitted tags = Pni=1 jGi \ ftigjPni=1 jGij2Note that this must not ne
essarily be the best 
hoi
e for a tagger sin
e by simply omitting a di�
ult de
ision it
ould in
rease its pre
ision measure.



3re
 = # 
orre
t tags# referen
e tags = Pni=1 jGi \ ftigjnObviously, a perfe
t pre
ision 
an be a
hieved by emitting no tags at all and a perfe
t re
all is possibleby always emitting all possible tags. The goal is to a
hieve both a high pre
ision and a high re
all.An alternative measure that we will use in this paper is a

ura
y and ambiguity. Sin
e standard taggersare single tag tagger, i.e., they output exa
tly one tag per word, one often reports a

ura
y a

 thatis de�ned as re
all above. For the spe
ial 
ase of single tag taggers the de�nition 
an be simpli�ed:a

single = # 
orre
t tags# referen
e tags = Pni=1Gi = ftignAmbiguity amb is de�ned as follows:amb = # emitted tags# referen
e tags = Pni=1 jGijnFor single tag taggers the ambiguity is always one by de�nition. When we report a

ura
ies but noambiguity values in the following se
tions, it is implied that we are talking about single tag taggers.4 The 
orpora usedFor all evaluations in this report we use one or both of two natural language 
orpora. This se
tionbrie�y introdu
es both of them.4.1 NEGRA 
orpusThe NEGRA 
orpus version 2.0 [Skut et al. 1997℄ 
onsists of German senten
es taken from thenewspaper �Frankfurter Runds
hau� annotated with POS tags, morphologi
al information as well asdis
ontinuous phrase stru
ture trees. Only the tags have been used in this work.The tagset 
onsists of 55 tags and is largely identi
al to the Stuttgart-Tübingen tag set [S
hiller et al.1995, STTS℄.Here is an example:"/$( Sex/FM Sells/FM "$( ,/$, das/PDS wissen/VVFIN die/ART Marketing-Strategen/NNni
ht/PTKNEG erst/ADV seit/APPR Madonna/NE ./$.Table 1 
ontains some 
orpus statisti
s.The pseudo word `�' (two hyphens) has seven tags. However, it is not a real word but used to representwords obviously omitted in the 
orpus.



4 4. The 
orpora used#tags #types %types #tokens %tokens1 49,189 95.937% 238,545 67.178%2 1,884 3.675% 45,586 12.838%3 164 0.320% 46,789 13.176%4 32 0.062% 20,090 5.658%5 1 0.002% 2,715 0.765%6 1 0.002% 1,363 0.384%7 1 0.002% 8 0.002%� 51,272 100.000% 355,096 100.000%
� no. of senten
es: 20,602� no. of word tokens: 355,096� no. of word types: 51,272� average senten
e length: 17.24� no. of part-of-spee
h tags: 55� mean lexi
al tag ambiguity: 1.61� tag unigram 
ross entropy: 4.27Table 1: Corpus statisti
s for the NEGRA 
orpus version 2.... BoutrosNE GhaliNE nimmtVVFIN anAPPR denART Gesprä
henNN teilPTKVZ .$.DiesePDAT Zurü
khaltungNN kommtVVFIN anPTKVZ inAPPR LangenhainNE .$.... warVAFIN vonAPPR BeginnNN anAPZR dieART bessereADJA Manns
haftNN .$.VomAPPRART 15.ADJA AugustNN anAPPO nimmtVVFIN ... AnmeldungenNN entgegenPTKVZ .$.... muÿteVMFIN ... bereitsADV anADV dieART 100CARD 000CARD MarkNN ... aufbringenVVINF .$.UndKON wiePWAV dieART ProblemeNN anPTKA bestenADJA formuliertVVPP ... werdenVAINF könnenVMFIN .$.Table 2: Example 
on
ordan
es for `an'.The most ambiguous real word is `an'. It is used as a preposition (APPR 77.5%), a separable verb pre�x(PTKVZ 18.1%), the se
ond part of a 
ir
umposition (APZR 3.8%), a postposition (APPO 5 times), anadverb (ADV on
e) and a parti
le for the 
omparative (PTKA on
e). The readings as postposition areprobably annotation mistakes. The parti
le for the 
omparative is a typo in the 
orpus (`an besten'instead of `am besten') (
f. Table 2).Figure 1 shows the per
entage of unknown words and the di
tionary size depending on the number oftokens already seen. The statisti
s has been gathered from the German data of the `European CorpusInitiative Multilingual Corpus I' of whi
h the NEGRA 
orpus is a sub
orpus. It 
an be observed thatthe unknown word rate 
onverges to about two per
ent. O

asional down peaks are due to the lo
alhomogenity of sub
orpora; up peaks o

ur between sub
orpora. The rate of growth for the number ofen
ountered words is almost 
onstant after about two million words. This reje
ts the hypothesis thata large enough di
tionary is su�
ient to over
ome the problem of unknown words.4.2 Wall Street Journal 
orpusThe Wall Street Journal (WSJ) 
orpus [Mar
us, Santorini & Mar
inkiewi
z 1993℄ 
onsists of senten
estaken from English newspaper text.



4.2 Wall Street Journal 
orpus 5
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Figure 1: Unknown word rate and di
tionary size depending on no. of word tokens seen: Only words
onsisting entirely of Latin 
hara
ters plus German umlauts are 
onsidered.Here is an example. Note that the period is used both as a word and as a part-of-spee
h tag.There/EX were/VBD many/JJ pioneer/NN PC/NN 
ontributors/NNS ./.#tags #type %type #token %token1 44,431 86.348% 577,419 44.789%2 5,634 10.949% 268,422 20.821%3 1,203 2.338% 236,128 18.316%4 136 0.264% 34,773 2.697%5 37 0.072% 32,214 2.499%6 13 0.025% 113,344 8.792%7 2 0.004% 26,901 2.087%� 51,456 100.000% 1,289,201 100.000%
� no. of senten
es: 56,762� no. of word tokens: 1,289,201� no. of word types: 51,456� average senten
e length: 22.66� no. of part-of-spee
h tags: 45� mean lexi
al tag ambiguity: 2.32� tag unigram 
ross entropy: 4.33Table 3: Corpus statisti
s for the WSJ 
orpus.Table 3 
ontains some 
orpus statisti
s. This 
orpus if 
ompared to the NEGRA 
orpus has a highermean lexi
al tag ambiguity whi
h seems logi
al be
ause German has a ri
her morphology leading tomore word forms per base form.



6 5. Tagging ParadigmsThe two most ambiguous words are `a' and `down'. `a' is most often used as an arti
le DT (99.89%) butalso o

urs as a symbol SYM, foreign word FW, singular proper noun NNP, adje
tive JJ, list item marker LSand preposition IN. The tags for `down' are more evenly distributed. It is tagged as adverb RB (49.19%),preposition IN (29.15%), parti
le RP (19.85%), adje
tive JJ, singular or mass noun NN, non-3rd-singularpresent verb VBP and 
omparative adverb RBR (
f. Table 4).OnIN theDT weekNN ,, UALNNP wasVBD downRB nearlyRB 40CD %NN ..ByIN 10:30CD a.m.NN theDT DowNNP wasVBD downIN 62.70CD ..HePRP willMD keepVB theDT ballNN downRP ,, moveVB itPRP aroundRB ..... theDT �rstJJ ofIN �veCD orCC sixCD downJJ quartersNNS ..... buyersNNS ... 
ouldMD n'tRB putVB theirPRP$ downNN paymentNN onIN aDT 
hargeNN 
ardNN ...... theDT 
ompanyNN ... shutsNNS downVBP operationsNNS ...TexasNNP InstrumentsNNP wentVBD downRBR 2CD 1|8CD toTO ...Table 4: Example 
on
ordan
es for `down'.5 Tagging ParadigmsQuite a few di�erent approa
hes to tagging have been developed:Manual �nite state rules are 
onverted to �nite-state ma
hines [Voutilainen 1995℄ that 
onsume thesequen
e of words and emit part-of-spee
h symbols. They 
an be implemented to run e�
ientlybut require human expertise to write the rules. Samuelsson & Voutilainen [1997℄ 
ompared su
han approa
h to a statisti
al HMM tagger and reported that the manual tagger performs at leastone magnitude better than the statisti
al one.Neural networks are potential 
andidates for the 
lassi�
ation task sin
e they learn abstra
tionsfrom examples [S
hmid 1994a℄.De
ison trees are 
lassi�
ation devi
es based on hierar
hi
al 
lusters of questions. They have beenused for natural language pro
essing, e.g., for POS tagging [Magerman 1995; S
hmid 1994b℄.(Hidden) Markov models are the dominant model for spee
h re
ognition [Jelinek 1990℄, and alsolend themselves to POS tagging where states 
orrespond to (tuples of) tags and words are outputsymbols (
f. Se
tion 5.1).Maximum entropy models [Ratnaparkhi 1997b℄ avoid 
ertain problems of statisti
al interdepen-den
e and have proven su

essful for tasks su
h as parsing and POS tagging (
f. Se
tion 5.2).Error-driven transformation-based learning derives transformation rules from intermediate 
las-si�
ations of the training set. During tagging, the rules are su

essively applied (
f. Se
tion 5.3).



5.1 Markov Models 7Example-based te
hniques �nd the training instan
e that is most similar to the 
urrent probleminstan
e and assumes the same 
lass for the new problem instan
e as for the similar one (
f.Se
tion 5.4).In this paper, we will present implementations for the last four paradigms and suggest di�erent waysfor 
ombination to over
ome 
ertain short
omings of the individual approa
hes.5.1 Markov Models(Hidden) Markov models (HMM) are sto
hasti
 �nite-state automata with probabilities for the tran-sitions between states and for the emission of symbols from the states [Rabiner 1990℄.The forward-ba
kward algorithm [Cutting et al. 1992; Charniak 1993; DeRose 1988℄ is used for un-supervised learning and relative frequen
ies 
an be used for supervised learning [Brants 2000℄. TheViterbi algorithm is often used to �nd the most likely sequen
e of states for a given sequen
e of outputsymbols.5.1.1 Ba
kgroundOur presentation and implementation follow Brants [2000℄.For presentation purposes, we assume a trigram model here, i.e., a Markov state is represented by apair of tags.Given a sequen
e of words w1:::wn, we are looking for the sequen
e of tags T � that maximizes theprobability that the words are emitted by the model, i.e., we sele
t the single most probable path (theViterbi path) through the model. Merialdo [1994℄ shows that � in theory � the Viterbi 
riterion opti-mizes senten
e a

ura
y while the maximum likelihood 
riterion3 optimizes word a

ura
y. Althoughthe evaluation of taggers is usually done at word level, the Viterbi algorithm is most often employedbe
ause (a) it leads to 
onsistent tag sequen
es, (b) it is easier to implement, (
) it is more e�
ientand (d) the di�eren
e in a

ura
y at word level is negligible.T � = argt1:::tnmax nYi=1P (tijti�1:::t1)| {z }transition prob. �P (wijti:::t1)| {z }output prob.� argt1:::tnmax nYi=1P (tijti�1ti�2) � P (wijti) (1)3The maximum likelihood 
riterion sele
ts the most probable tag for ea
h word individually by summing over allpaths through the model. T � = t�1; :::; t�nt�i = argt max Xt1:::ti�1tti+1:::tn nYj=1P (tj jtj�1tj�2) � P (wj jtj)The forward-ba
kward algorithm [Manning & S
hütze 2000; Krenn & Samuelsson 1996℄ 
an be used to e�
iently 
omputethe most probable tag for ea
h word.



8 5. Tagging ParadigmsEquation 1 uses the Markov assumptions that the transition and output probabilities only depend onthe 
urrent state but not on earlier states.The transition probabilities are estimated from the relative frequen
ies (Equations 2 to 4) and smoothedusing deleted interpolation (Equation 5).P̂ (tk) = f(tk)N (2)P̂ (tkjtj) = f(tj; tk)f(tj) (3)P̂ (tkjti; tj) = f(ti; tj ; tk)f(ti; tj) (4)P (tijti�1ti�2) = �1P̂ (ti) + �2P̂ (tijti�1) + �3P̂ (tijti�2ti�1) (5)Lexi
al (output) probabilities are estimated using relative frequen
ies for known words (Equation 6).For unknown words, a su

essive abstra
tion s
heme is employed whi
h looks at su

essively shortersu�xes (Equations 7 to 9). We (again) borrow the 
al
ulation of the parameter � from Brants [2000℄and use a single 
ontext-independent value.P̂ (wjt) = f(w; t)f(t) (6)P̂ (tj
n�i+1:::
n) = f(t; 
n�i+1:::
n)f(
n�i+1:::
n) (7)P (t) = P̂ (t) (8)P (tj
n�i+1:::
n) = P̂ (tj
n�i+1:::
n) + �P (tj
n�i+2:::
n)1 + � (9)5.1.2 ImplementationOur implementation T3 [S
hröder 2002℄ 
onsists of approximately 1350 lines of C 
ode and pro
essestypi
ally 5000 words/se
ond.TnT is a similar, probably more sophisti
ated implementation by Thorsten Brants. It is available freeof 
harge for resear
h purposes from http://www.
oli.uni-sb.de/~thorsten/tnt/.5.1.3 EvaluationTraining set size Figure 2 graphi
ally illustrates the run of the a

ura
y 
urves for the a
hieveda

ura
ies for all words, known words only and unknown words only on the NEGRA and the WSJ
orpora depending on the size of the training set. All numbers have been ten-fold 
ross-validated.



5.2 Maximum Entropy Models 9
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Unknown words(b) WSJFigure 2: T3: A

ura
y depending on training set size.Summary Table 5 summarizes the a
hieved tagging a

ura
ies (ten-fold 
ross-validated) on theNEGRA and the WSJ 
orpora. The performan
e of 96.83% (NEGRA) and 96.52% (WSJ) worda

ura
y are 
omparable to the best results reported by other resear
hers, for instan
e those reportedby Brants [2000℄. Senten
es All words Known words Unknown wordsCorpus A

. SD A

. SD A

. SD A

. SDNEGRA 63.41 0.876 96.83 0.097 97.95 0.062 85.96 0.790WSJ 50.56 0.573 96.52 0.044 96.89 0.034 77.88 0.839Table 5: T3: Ten-fold 
ross-validated tagging results.5.2 Maximum Entropy ModelsMaximum entropy (ME) models are a probabilisti
 framework for ma
hine learning [Ratnaparkhi1997b℄.Ratnaparkhi [1998a℄ is the major resear
her who applied ME models to natural language pro
essingproblems: POS tagging [Ratnaparkhi 1996℄, prepositional phrase atta
hment [Ratnaparkhi, Reynar& Roukos 1994; Ratnaparkhi 1998b℄ and parsing [Ratnaparkhi, Roukos & Ward 1994; Ratnaparkhi1997a℄.5.2.1 Ba
kgroundIntuitively but also from a theoreti
al point of view, it 
an be argued that if we have 
ertain information(e.g., example out
omes) about a probability distribution, we should 
hoose the �simplest� distributionthat �ts that information.



10 5. Tagging Paradigms�We shall not make any additional asumptions besides the expli
it ones. From all admissibleprobability distributions, the one that maximizes the entropy (or �un
ertainty�) is the mostappropriate 
hoi
e.� �� Ratnaparkhi [1998a℄Throwing a di
e is a simple example. If we observe the 10 out
omes 1, 5, 1, 5, 5, 1, 1, 3, 1 and 5, thenthe �best estimation� of the probability distribution is p(1) = 0:5; p(3) = 0:1 and p(5) = 0:4 be
ausethis distribution does not assume anything beyond the observation, e.g., that the di
e might be fair orthat the probability of an even number is non-zero. Of 
ourse, this example simpli�es matters; withonly 10 out
omes no statisti
al generalization should be made.Equation 10 formalizes this Prin
iple of Maximum Entropy.p� = argp2PmaxH(p) with H(p) = �Xa;b ~p(b)p(ajb) log p(ajb) (10)We model our expe
tations using 
ontextual predi
ates and features. Given a set of possible 
ontexts Band a set a out
omes A (or 
lasses), our training set looks like this: T = f(a1; b1); :::; (aN ; bN )g withai 2 A and bi 2 B. Contextual predi
ates have the form 
p : B 7! f0; 1g and features map pairs ofout
ome and 
ontext to true and false: f : A�B 7! f0; 1g. For our purpose, a form as in Equation 11suggests itself. f
p;a0(a; b) = ( 1 : if a = a0 and 
p(b) = 10 : otherwise (11)As a set P of base distributions, we use an exponential model with parameters �j for ea
h feature fj.p(ajb) = 1Z(b) kYj=1�fj(a;b)j with normalization Z(b) =Xa kYj=1�fj(a;b)j (12)The subset P � P of all exponential distributions P satis�es our expe
tations, i.e., the empiri
alfeature expe
tations E~pfj equal the model expe
tations Epfj.P = fpjEpfj = E~pfj; 1 � j � kg withE~pfj =Xa;b ~p(a; b)fj(a; b) = 1N NXi=1 fj(ai; bi) and Epfj =Xa;b ~p(b)p(ajb)fj(a; b)Generalized Iterative S
aling is an iterative algorithm that adjusts the parameters �j and guaranteesa non-negative improvement at ea
h iteration.�(0)j = 1:0 and �(n+1)j = �(n)j ( E~pfjEp(n)fj )1=C withEp(n)fj =Xa;b ~p(b)p(n)(ajb)fj(a; b) and p(n)(ajb) = 1Z(b) kYj=1�(n)j fj(a;b)C is a 
orre
tion 
onstant and de�ned as the maximum number of a
tive features in the training set T :C = max(a;b)2T Pkj=1 fj(a; b).



5.2 Maximum Entropy Models 115.2.2 ImplementationOur implementation MET [S
hröder 2002℄ 
onsists of approximately 2000 lines of C 
ode.Ratnaparkhi [1996℄ o�ers Java 
lasses of his implementation MXPOST. There also exists a free Javaimplementation that is available from http://maxent.sour
eforge.net.5.2.3 EvaluationCase sensitivity Swit
hing from a 
ase-insensitive lexi
on to a 
ase-sensitive lexi
on results in anin
rease in tagging a

ura
y from 96.19% to 96.76% (ten-fold 
ross-validated) on the NEGRA 
orpus.Number of iterations Figure 3 gives the a
hieved a

ura
y (not 
ross-validated) on the NEGRA
orpus depending on the number of iterations the training was run. Although in this 
ase a smallimprovement was a
hieved even after 100 iterations this must not always be the 
ase. On a di�erenttest set the a

ura
y a
tually de
reased when more than 100 iterations were used. Therefore wegenerally limit the training to 100 iterations.
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Figure 3: MET: A

ura
y on NEGRA test set depending on number of iterations.Size of training set Table 6 summarizes how the a

ura
y depends on the training set size (not
ross-validated).Training [%℄ 10.0 19.9 29.8 39.9 50.0 60.0 70.0 79.9 90.0Training [words℄ 129351 257005 384627 514564 644077 773394 902385 1030694 1159999Senten
e 41.25 45.39 48.09 49.52 50.50 51.12 52.02 52.81 53.73All words 95.36 95.93 96.25 96.43 96.52 96.58 96.65 96.73 96.82Known words 96.30 96.55 96.74 96.85 96.88 96.91 96.95 97.02 97.08Unknown words 83.06 83.57 84.13 84.11 84.54 84.17 84.14 83.90 83.89Table 6: MET: A

ura
y on WSJ depending on training set size.



12 5. Tagging ParadigmsSummary Table 7 summarizes the a
hieved tagging a

ura
ies (ten-fold 
ross-validated) on theNEGRA and the WSJ 
orpora.Senten
es All words Known words Unknown wordsCorpus A

. SD A

. SD A

. SD A

. SDNEGRA 62.72 1.033 96.76 0.117 97.54 0.084 89.23 0.805WSJ 53.49 0.385 96.82 0.038 97.08 0.040 83.62 0.866Table 7: MET: Ten-fold 
ross-validated tagging results.5.3 Error-driven Transformation-based LearningError-driven transformation-based learning (EDTBL) is a ma
hine learning framework where a se-quen
e of transformation rules is derived that su

essively improves an initially naïve 
lassi�
ation[Brill 1993℄.The approa
h is appealing for a number of reasons. First, it is simple so that it is easily understoodand implemented (at least in its simplest form). Se
ond, a model 
onsists of a relatively small set ofrules (instead of hundreds or thousands of numeri
al parameters) that 
an be interpreted by humanexperts. And third, the 
lassi�
ation is simple and e�
ient sin
e one only has to apply the learnedrules to the new problem instan
e.It has (at least) been applied to NLP tasks su
h as POS tagging [Brill 1995; Brill 1997℄, prepositionalphrase atta
hment disambiguation [Brill & Resnik 1994℄ and parsing [Brill 1996℄.5.3.1 Ba
kgroundOne of the advantages of EDTBL is that it is a greedy algorithm that is not based on probabilitymodels, i.e., it is easier to understand and less error-prone in implementation.Given a training set T = fhw1; t1i:::hwn; tnig ea
h sample hwi; tii is initially tagged with an arbitrary
lass gi: hwi; gi; tii. This initial 
lassi�
ation 
an be 
ompletely uninformed, e.g., all samples re
eivethe �rst tag in the tagset, but better results 
an be a
hieved if, for instan
e, known words are taggedwith their most likely tag and unknown words with the most likely tag.A set of rule templates fR1:::Rrg determines whi
h transformation rules are 
onsidered. Of 
ourse,simple templates lead to simple rules that 
an e�
iently be tested but la
k 
ontext sensitivity; theopposite holds for 
omplex templates.Let rji be the rule that results from template Rj when instantiated at the position i, i.e., at sam-ple hwi; gi; tii. Let g(rji ) be the number of samples where rule rji 
hanges the guess gk to the 
orre
ttag tk; similarly, b(rji ) is the number of samples where the rule 
hanges the guess from the 
orre
t tagto a wrong one.At ea
h iteration, the learning algorithm sele
ts the rule r� with maximum s
ore, outputs it and appliesit to the training 
orpus.
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r� = argrji max g(rji )� b(rji )The learning stops when the best rules' s
ore drops below a 
ertain threshold.Classi�
ation simply involves the same kind of initial naïve tagging and su

essive rule appli
ation.5.3.2 ImplementationOur implementation TBT [S
hröder 2002℄ 
onsists of approximately 2000 lines of C 
ode and is rela-tively straight-forward but not terribly e�
ient.Brill [1995℄ o�ers an implementation that is available at ftp://ftp.
s.jhu.edu/pub/brill/Programs/.A re
ent faster implementation has been published by Ngai & Florian [2001℄ at http://nlp.
s.jhu.edu/~rflorian/fntbl/index.html.5.3.3 EvaluationSplitting of the training set During training the training set has to be split yet another timeinto the portion from whi
h the lexi
on is generated and the portion from whi
h the rules are learned.Table 8 gives results on a separate test set with di�erent relations between the sizes of the two portions.Although the trend is not monotoni
, it seems as if the best results 
an be a
hieved when leaving themajor part of the training set for learning the a
tual rules.Portion [%℄ A

ura
y [%℄test lexi
on rules Senten
es All words Known words Unknown words10 70 20 51.72 95.12 96.57 81.0410 50 40 53.13 95.00 96.59 79.4710 30 60 54.25 95.30 96.80 80.6410 10 80 55.65 95.64 96.95 82.87Table 8: TBT: A

ura
y on NEGRA depending on split of training set.Number of rule appli
ations Figure 4 shows how the a

ura
y on a test set and the training test(not 
ross-validated) evolves when more and more rules are applied. It 
an be observed that the qualityis still improving when the last rules are applied. This 
an be a hint that the training has been abortedtoo early sin
e typi
al quality 
urves on a test set show a slight degradation for the �nal rules.4It 
an be observed the during training the a

ura
y stri
tly in
reases when a rule is applied. This isnot stri
tly true when the test set is tagged or when a deviating lexi
on or parameter set is 
hosen forthe training set. Nevertheless it is obvious that the degradation is minimal. It 
an also 
learly be seenthat rules 595 (NEGRA) and 519 (WSJ) are the last rules for unknown words; after that the 
ontextrules have been learned whi
h give the a

ura
y 
urve a se
ond boost.4Training has been stopped after the best improvement was less than �ve 
ounts.
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ura
y depending on number of rules applied. `exa
t training set' means thatthe same lexi
on and the same parameters as during the training are used; `training set' means fulltraining lexi
on and test set parameters; `test set' means full training lexi
on and test set parameters.Summary Table 9 summarizes the a
hieved tagging a

ura
ies (ten-fold 
ross-validated) on theNEGRA and the WSJ 
orpora.Senten
es All words Known words Unknown wordsCorpus A

. SD A

. SD A

. SD A

. SDNEGRA 57.91 1.115 96.08 0.117 97.08 0.120 86.42 0.648WSJ 48.58 1.647 96.27 0.140 96.57 0.136 81.30 0.931Table 9: TBT: Ten-fold 
ross-validated tagging results.5.4 Example-based ModelsExample-based models (also 
alled memory-based, instan
e-based or distan
e-based) are based on theassumption that 
ognitive behavior 
an be a
hieved by looking at past experien
es that resemble the
urrent problem rather than learning and applying abstra
t rules.Daelemans et al. [1996℄ applied the framework to the problem of POS tagging and later 
ompared theperforman
e to that of other taggers [Zavrel & Daelemans 1999℄.5.4.1 Ba
kgroundProblem instan
es are 
hara
terized by a set of features f1; :::; fn. Ea
h feature fi 
an take a value vjifrom the set of admissible values for that feature Vi = fv1i ; :::; vmi g.The idea behind memory-based models is to simply store all problem instan
es in
luding the 
orre
t
lassi�
ation (or a 
ompa
t representation) from the training set. During 
lassi�
ation one or more
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es that are similar to the new problem instan
e are retrieved from the instan
e base and usedto predi
t the 
lassi�
ation (k-nearest neighbor). The distan
e �(X;Y ) of two problem instan
es isoften de�ned as the weighted sum of the distan
es of the 
orresponding feature values.�(X;Y ) = nXi=1 �i � Æi(X;Y )The distan
e between feature values is simply one if the values are equal and zero otherwise sin
e inour domain the values are dis
rete.Æi(X;Y ) = ( 1 : if fi(X) = fi(Y )0 : otherwise (13)The feature weights �i denote the importan
e of the feature for the 
lassi�
ation task.Entropy H(T ) (or un
ertainty) of a set of problem instan
es is the average number of bits required toen
ode the 
lassi�
ation. H(T ) = �Xt2T p(t) � log p(t)Information gain IG is the di�eren
e in entropy before and after the value of a feature is known and
an serve as a feature weight sin
e features that 
ontribute substantially to the disambiguation pro
esshave a huge information gain.Let T be the training set and Tfi=vji � T be the subset where the feature fi has a value vji .IG(T; fi) = H(T )� Xvji2ViH(Tfi=vji ) � jTfi=vji jjT jIf the number of values varies greatly among the features the measure of information gain prefers thosefeatures with a lot of values. Therefore, we use the gain ratio GR measure as a feature weight in these
ases whi
h is the ratio of information gain and split information SI.SI(T; fi) = Xvji2Vi jTfi=vji jjT j � log jTfi=vji jjT j�i = GR(T; fi) = IG(T; fi)=SI(T; fi)During 
lassi�
ation of a new problem instan
e i the training instan
e t 2 T with the smallest dis-tan
e �(t; i) is retrieved from the 
ase base and the 
lassi�
ation of t is predi
ted as a 
lass for i.



16 5. Tagging ParadigmsThe main problem for a memory-based 
lassi�er is that for ea
h new task it has to sear
h the wholeinstan
e base to �nd the 
losest mat
h. To over
ome this e�
ien
y problem the instan
e base 
anbe 
onverted to a tree where ea
h level 
orresponds to a feature and ea
h bran
h on one level to afeature value [Daelemans, van den Bos
h & Weijters 1997℄. The features with higher weights are atthe top of the tree. Standard tree sear
h te
hniques, e.g., bran
h & bound, 
an be employed to �nda minimal distan
e instan
e more qui
kly. [Zavrel & Daelemans 1999℄ showed that even the relativerough approximation where only a single path is followed in the tree (without ba
ktra
king) gives goodresults as long as the weights of the features are di�erent enough.5.4.2 ImplementationOur implementation ET [S
hröder 2002℄ 
onsists of less than 1000 lines of C 
ode.Zavrel & Daelemans [1999℄ provide a general toolkit for memory-based learning at http://ilk.kub.nl/.5.4.3 EvaluationSize of training set Figure 5 shows how the a

ura
y depends on the size of the training set. Notethat the results for unknown words on the WSJ 
orpus are within a one per
ent range (77.3% to78.3%). A further di�eren
e is that 
losed 
lass 
ategories have been ex
luded for unknown word onthe NEGRA 
orpus but not the WSJ 
orpus.
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ura
y depending on training set size.Summary Table 10 summarizes the a
hieved a

ura
ies on the NEGRA and the WSJ 
orpus.



5.4 Example-based Models 17Senten
es All words Known words Unknown wordsCorpus A

. SD A

. SD A

. SD A

. SDNEGRA 55.81 2.585 95.84 0.365 97.37 0.316 81.10 1.034WSJ 47.31 0.698 96.14 0.044 96.50 0.044 78.16 0.898Table 10: ET: Ten-fold 
ross-validated tagging results.6 Comparison of tagging paradigmsDi�erent POS tagging paradigm have already been 
ompared several times, for instan
e for Swedish[Megyesi 2001℄ and Slovene [Dºeroski, Erjave
 & Zavrel 2000℄. However, for the �rst time severalapproa
hes have been 
ompletely re-implemented in a uniform framework and made freely available.Table 11 summarizes the a
hieved a

ura
y results for the two 
orpora and four taggers plus a baselinewhi
h outputs the most probable lexi
al tag for known words and the unique most probable tag forunknown words. A

uraryCorpus Tagger Sent. All Known UnknownBaseline 31.80 90.98 94.99 52.36T3 63.41 96.83 97.95 85.06NEGRA MET 62.72 96.76 97.54 89.23TBT 57.91 96.08 97.08 86.42ET 55.82 95.84 97.37 81.10Baseline 25.05 92.57 94.11 15.87T3 50.56 96.52 96.89 77.88WSJ MET 53.49 96.82 97.08 83.62TBT 48.58 96.27 96.57 81.30ET 47.20 96.14 96.50 78.18Table 11: Comparison of tagging a

ura
y.Table 12 summarizes advantages and disadvantages for the taggers.Tagger E�
ien
y E�
ien
y Perspi
uoustraining tagging modelBaseline ++ ++ ++T3 ++ ++ -MET - + -TBT -- + ++ET - --/+ -Table 12: Chara
terization of taggers.



18 7. Parallel 
ombination7 Parallel 
ombinationThe prin
iple of stru
tural redundan
y states that a 
ombination of n fun
tional equivalent (but ideallyinternally di�erent) 
omponents 
an ful�ll a task more robustly and more a

urately. Having availabledi�erent ma
hine learning methods for the same task, i.e., POS tagging in this 
ase, it is only a smallstep to exploit this prin
iple.Two prin
ipal ar
hite
tures (
f. Figure 6) lend themselves to 
ombining 
lassi�ers: parallel and sequen-tial. In a parallel 
on�guration all methods 
lassify the problem at hand and an additional arbitrationme
hanism is used to 
ompute the overall result from the intermediate separate results. A
tually,the parallel 
ombination of di�erent POS taggers has been studied quite extensively, for instan
e byvan Halteren, Zavrel & Daelemans [2001℄. The sequential 
on�guration will be dis
ussed in the nextse
tion.
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(a) parallel
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(b) sequentialFigure 6: Parallel and sequential 
ombination of POS taggers.



5.4 Example-based Models 19Parallel ar
hite
tures have been studied both theore
ti
ally and pra
ti
ally under the keyword ensem-bles of 
lassi�ers [Hansen & Salamon 1990; Dietteri
h 1997℄. Two prerequisites for the su

ess of a(weighted) majority voter in a parallel ar
hite
ture have been identi�ed:� The individual 
omponents must make somewhat di�erent errors, i.e., there exists a 
ertainpotential for mutual 
ompensation of errors.� The individual 
lassi�ers must have an error rate smaller than 50%.The latter 
ondition is generally satis�ed for the problem of POS tagging. The former 
an be veri�edusing the 
omplementary error rate as suggested by Brill & Wu [1998℄.
omp(A, B) = 1� # 
ommon errors of A and B# errors in AThe (asymmetri
al) 
omplementary error rate 
omp(A, B) of two 
lassi�ers A and B is the per
entageof time when 
lassi�er A is wrong that 
lassi�er B is 
orre
t. Two identi
al 
lassi�ers have a 
om-plementary error rate of zero. If B gets all error 
ases of A 
orre
t the 
omplementary error rate isone. Table 13 lists the 
omplementary error rate for the taggers dis
ussed and evaluated in this paper.Obviously, the di�erent taggers make su�
iently di�erent errors.
omp(A, B) [%℄ T3 MET TBT ETT3 39.20 42.98 35.97MET 40.48 42.51 39.61TBT 53.82 52.43 44.13ET 50.86 52.62 47.03(a) NEGRA
omp(A, B) [%℄ T3 MET TBT ETT3 37.69 39.03 37.75MET 31.84 37.48 35.67TBT 43.03 46.58 37.82ET 43.93 47.02 40.07(b) WSJTable 13: Complementary error rate of taggers.A number of advantages have been identi�ed for a parallel ar
hite
ture whi
h are dis
ussed in thefollowing se
tions.



20 8. Sequential CombinationNo. of taggers 4 3 2 1 0Corre
t 92.79 3.67 1.34 0.99 1.22A

umulated 
orre
t 92.79 96.46 97.80 98.78 100.00Tag ambiguity 0.937 0.983 1.012 1.068(a) NEGRANo. of taggers 4 3 2 1 0Corre
t 93.47 2.75 1.31 1.04 1.43A

umulated 
orre
t 93.47 96.22 97.53 98.57 100.00Tag ambiguity 0.946 0.984 1.012 1.058(b) WSJTable 14: Combining the individual suggestions of di�erent taggers.Higher a

ura
y The potential of voting s
hemes to improve the POS tagging a

ura
y has alreadybeen studied, for example by Brill & Wu [1998; Brill [2000℄. Table 14 lists the number of times when a
ertain number of our taggers agree on the 
orre
t tag. It 
an be observed that the per
entage of timeswhen at least two taggers found the 
orre
t tag is signi�
ant greater than the a

ura
y of the bestindividual tagger. On the NEGRA 
orpus test set, for instan
e, the individual taggers s
ore 96.50%(T3), 96.82% (MET), 96.37% (TBT) and 96.10% (ET) while in 97.80% of the 
ases at least two taggers�nd the 
orre
t tag. We 
ould not �nd a real advantage for a pure majority voter whi
h outputs a tagonly if an unambiguous majority of taggers voted for the tag sin
e only 96.65% a

ura
y was a
hievedin this 
ase. However, when breaking ties randomly, i.e., adding half of the 1.15% 
ases of 2:2 ties, andone quarter of the 1:1:1:1 ties, we gain another 0.58% a

ura
y. Thus a majority voter 
an be expe
tedto a
hieve 97.23% a

ura
y whi
h is better than the best individual tagger.Higher re
all Even more tags 
an be re
overed when allowing more than a single tag per word.Table 14 shows that a 
onsiderable gain in re
all 
an be a
hieved in this 
ase. Emitting every tag leadsto an a

ura
y of 98.78% on the NEGRA 
orpus while in
reasing the tag ambiguity to 1.068 tags perwords. On the WSJ 98.57% a

ura
y with an ambiguity 1.058 tags per words is possible.Bootstrapping Màrquez, Padró & Rodríguez [1998℄ suggest bootstrapping of taggers as a furtheradvantage of parallel 
ombination of taggers.8 Sequential CombinationA sequential ar
hite
ture for POS taggers as shown in Figure 6(b) has � as far as the author knows �not been systemati
ally investigated.Error-driven transformation-based learning (EDTBL) is parti
ularly well-suited for a sequential ar
hi-te
ture for a number of reasons:



Referen
es 21� EDTBL already assumes an initial annotation of the input. Usually a trivial one is 
hosen su
has the most probable tag of ea
h word, but more sophisti
ated ones are also possible. A
tually,Brill [1995℄ suggests using the output of another tagger but does not further investigate thisissue.� Starting with the output of a sophisti
ated tagger has the additional advantage that the numberof errors in the training 
orpus is relatively small (
ompared to a trivial annotation) so thatlearning rules is more e�
ient.A di�erent view on the distin
tion between parallel and sequential 
ombination refers to the informationthat a later 
omponent (i.e., the arbitration me
hanism or a se
ond stage tagger) has a

ess to. Aparallel arbitrater has only a

ess to the output of the taggers while for a sequential tagger linguisti

ontext information (as all taggers) and the guess of the pre
eding 
omponent is available. Hen
e,if a EDTBL 
omponent uses only the de
isions of the pre
eding taggers it would play the role ofthe arbitration 
omponent in Figure 6(a) and the whole ar
hite
ture would resemble the parallel
on�guration. Here we are investigating a sequential tagger 
ombination.
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training set(b) WSJFigure 7: TBT:For the NEGRA 
orpus, we started from the output of the T3 tagger. After 514 rules the a

ura
y onthe training 
orpus improved from 96.81% to 97.51%. Training was stopped after less than two errorswere 
orre
ted. On the test set, the a

ura
y in
reased from 96.85% to 97.23%.A similar experiment for the WSJ 
orpus started from the output of the MET tagger. The a

ura
yin
reased from 96.82% to 97.18% on the training set. 343 rules were learned and training was stoppedafter less than �ve errors were 
orre
ted. On the test set, however, the a

ura
y pra
ti
ally did notin
rease (only from 96.817% to 96.823%). Looking at the results more 
losely, it is apparent that onlytwo to four very bad rules are responsible for the disappointing result. It is un
lear why su
h massivelydestru
tive rules are among the learned rules. Obviously there exist general di�eren
es between thetraining set and the test set. Further experiments will show whether di�erent splits into training andtest set will lead to more favorable results.Figure 7 graphi
ally shows the run of the 
urves.
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