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Coupling an annotated corpus and a lexicon
for state-of-the-art POS tagging

Pascal Denis, Benoit Sagot

Abstract This paper investigates how to best couple hand-annotatedwdth information
extracted from an external lexical resource to improve Pagg8ihg performance. Focusing
mostly on French tagging, we introduce a Maximum Entropy RdaModel-based tagging
system that is enriched with information extracted from aphological resource. This
system gives 87.75% accuracy on the French Treebank, an error reductidb&f (38%
on unknown words) over the same tagger without lexical metion. We perform a series of
experiments that help understanding how this lexical mftion helps improving tagging
accuracy. We also conduct experiments on datasets anetexaf varying sizes in order
to assess the best trade-off between annotating data \velogiag a lexicon. We find that
the use of a lexicon improves the quality of the tagger at #ayesof development of either
resource, and that for fixed performance levels the avdithabf the full lexicon consistently
reduces the need for supervised data by at least one half.

Keywords Part-of-speech tagging, maximum entropy models, morpitastic lexicon,
French, language resource development

1 Introduction

Over recent years, numerous systems for automatic papexch (POS) tagging have been
proposed for a large variety of languages. Among the bedbrqoeing systems are those
based on supervised machine learning techniques (seegil2hfoverview). For some lan-
guages like English and other European languages, thesersy/save reached performance
that comes close to human levels. Interestingly, the ntgjofi these systems have been
built without resorting to any external lexical informatigources; they instead rely on a
dictionary that is based on the training corpus (see howf@®JerThis raises the question
of whether we can still improve tagging performance by eitiplg this type of resource.
Arguably, a potential advantage of using an external dietig is in a better handling of un-
known words (i.e., words that are not present in the traicigus, but that may be present
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in the external dictionary). A subsequent question is holest integrate the information
from a lexical resource into a probabilistic POS taggerhis paper, we consider two dis-
tinct scenarios: (i) using the external dictionarycasstraintsthat restrict the set of possible
tags that the tagger can choose from, and (ii) incorpordtiaglictionary tags af®aturesin

a probabilistic POS tagging model. Another interestingstjoe is that of the relative impact
of training corpora and of lexicons of various sizes. Thisi&sis crucial to the development
of POS taggers for resource-scarce languages for whicinigsrtant to determine the best
trade-off between annotating data and constructing diaties.

This paper addresses these questions through variousgeggieriments carried out on
French, based on our new tagging system called MEIt (Maxiruntnopy Lexicon-enriched
Tagger). An obvious motivation for working on this languagjéne availability of a training
corpus (namely, the French Treebank [1]) and a large-sealedl resource (namely, ffie
[21]). Additional motivation comes from the fact that thdras been comparatively little
work in probabilistic POS tagging in this language. An intpat side contribution of our
paper is the development of a state-of-the-art, freelyritlisied POS tagger for French.
Specifically, we here adopt Maximum Entropy Markov ModelsEMMs), an extension of
MaxEnt models for sequence labeling. MEMMs remain amond#st performing tagging
systems for English and they are particularly easy to builtifast to train.

This paper is organized as follows. Section 2 describes dlesdts and the lexical re-
sources that were used. Section 3 presents a baseline MENtértéor French that is in-
spired by previous work, in particular [17] and [27], thatealdy outperforms TreeTagger
[23] retrained on the same data. In Section 4, we show thaig¢tfermance of our MEMM
tagger can be further improved by incorporating featurésaeted from a large-scale lexi-
con, reaching &7.75% accuracy, which compares favorably with the best resubitsioed
for English with a similar tagset. In order to assess thesti®ss of our approach, we apply
it to various languages and of different sizes. Finally,tlBed evaluates the relative impact
on accuracy of the training data and the lexicon during taggeelopment by varying their
respective sizes. These last two sections build on two puevtonference publications, [8]
and [7], respectively.

2 Resources and tagset
2.1 Corpus

The morphosyntactically annotated corpus we used is antasfathe French TreeBank or
FTB, [1]. It differs from the originalFTB in so far that all compounds that do not correspond
to a syntactically regular sequence of categories have imegged into unique tokens and
assigned a category corresponding to their spanning ndigler; compounds have been left
as sequences of several tokens (Candito, p.c.). The regebirpus hag50, 931 tokens in
12,351 sentences.

In the original FTB, words are split intol3 main categories, themselves divided into
34 subcategories. The version of the treebank we used wasebthy converting subcat-
egories into a tagset consisting 2§ tags, with a granularity that is intermediate between
categories and subcategories. Basically, these tags emimaain categories with informa-
tion on the mood of verbs and a few other lexical featuress €panded tagset has been

1 The MEIt tagger is freely available frofttp:/lingwb.gforge.inria.fr/ . Results reported
in this paper correspond to release MEIt 1.0.



CetteDET mesurelC ,/PONCT qui/PROREL pourraitv étreNVINF appliquée/PP dansP lesDET
prochaine#ADJ semaineMC ,/PONCTpermettraity d'/P économiseWINF quelqueDET 4/ADJ mil-
liardsNCdefP francsNC./PONCT

Fig. 1 Sample data fron#TB in Brown format

shown to give the best statistical parsing results for Fidt? A sample tagged sentence
from theFTB is given in Figure 1.

As in [4], theFTB is divided into3 sections: training&0%), development1(0%) and
test (L0%). The dataset sizes are presented in Table 1 togetherheitiumber of unknown
words.

Data Set # of sent. | # of tokens | # of unk. tokens
FTB-TRAIN 9,881 278,083

FTB-DEV 1,235 36,508 1,892 (5.2%)
FTB-TEST 1,235 36, 340 1,774 (4.9%)

Table 1 Data sets

2.2 Lexicon

One of the goals of this work is to study the impact of usingxtemmal dictionary for train-
ing a tagger, in addition to the training corpus itself. Wedithe morphosyntactic informa-
tion included in the large-coverage morphological andagtit lexicon L&f, developed in
the Alexina framework [20F.

Although Lédff contains both morphological and syntactic information dach entry
(including sub-categorization frames, in particular ferbs), we extracted only the mor-
phosyntactic information. We converted categories andphmaogical tags into the same
tagset used in the training corpus, hence building a laoyerage morphosyntactic lexi-
con containings07, 362 distinct entries of the fornform, tag, lemma)corresponding to
502, 223 distinct entries of the fornfform, tag) If grouping all verbal tags into a single
“category” while considering all tags as “categories”, ddentries correspond 1d 7, 397
(lemma, categorypairs (the relevance of these pairs will appear in Section 6)

3 Baseline MEMM tagger

This section presents our baseline MaxEnt-based Frenchtd&@sr, MEIf . This tagger is
largely inspired by [17] and [27], both in terms of the modedidhe features being used. To
date, MEMM taggers are still among the best performing temydeveloped for EnglishAn
important appeal of MaxEnt models is that they allow for tbenbination of very diverse,

2 This tagset is known asREEBANK+ in [6], and since then as CC [4].

3 The Ldff is freely distributed under the LGPL-LR licensehdtp://alexina.gforge.inria.
fr/

4 [17] and [27] report accuracy scores @6.43% and96.86% on section 23-24 of the Penn Treebank,
respectively.



potentially overlapping features without assuming incej@mce between the predictors.
These models have also the advantage of being very fasinc'tra

3.1 Description of the task

Given a tagsef” and a string of wordsT', we define the task of tagging as the process of
assigning the maximum likelihood tag sequenfec T™ to w}. Following [17], we can
approximate the conditional probabilify(¢7 |wT) so that:

n
"= Pt} w?) ~ P(t;|h; 1
1= arg max (t1'|wr) argtglea%i]:ll (tilha) @)

wheret; is the tag for wordw;, andh; is the “history” (or context) for(w;, t;), which
comprises the preceding ta;tjs‘1 and the word sequence’.

3.2 Model and features

In a MaxEnt model, the parameters of an exponential moddiefdllowing form are esti-
mated:

P(tz|hz) = ﬁ - exp <; /\jfj(hi,ti)> (2)
ST are feature functions defined over tagand historyh; (with f(hi,t;) € {0,1}), AT

are the parameters associated wffi, and Z(h) is a normalization term over the differ-
ent tags. In this type of model, the choice of the parametesubject to constraints that
force the model expectations of the features to be equakioeémpirical expectations over
the training data [3]. In our experiments, the parameten®wstimated using the Limited
Memory Variable Metric Algorithm [11] implemented in the lg@m packagé.

The feature templates we used for designing our Frenchrtgggodel is a superset of
the features used by [17] and [27] for English (these wemgelgrlanguage independent).
These features fall into two main categories. A first set afdees try to capture tHexical
form of the word being tagged: these include the actual wordgsfion the current word
w;, prefixes and suffixes (of character lengthnd less), as well as binary features testing
whetherw; contains special characters like numbers, hyphens, arefcgge letters. A sec-
ond set of features directly model thentextof the current word and tag: these include the
previous tag, the concatenation of the two previous tagsiedisas the surrounding word
forms in a window of5 tokens.

The detailed list of feature templates we used in this basédigger is shown in Table2.

5 Arguably better suited for sequential problems, Condild®Random Fields (CRF) [10] are considerably
slower to train.

6 Available fromhttp://www.cs.utah.edu/ ~hal/megam/ .

7 Recall that features in MaxEnt are functions ranging on lnoifitexts and classes. A concrete example
of one of our features is given below:

_ flifw;="le"& t=DET
fro0(h,t) = { 0 otherwise @



Internal lexical features

ti =uni X, if Iefff(wi) = {X} &t;=T
t; = X,VX € Iefff(wi) if ||efff(w1)| >1 &t; =T
t; = v Iefff(wi) if |Iefff(w1)| >1 &t; =T
t; = unk, if Iefff(wi) =0 &t; =T
External lexical features

ti+j :\/Ief‘f‘f(le),j (S {—2,—1,1,2} &ty =T

titjtive = \/ Iefff(wi+j) \/ Iefff(wi+k)7 (.]7 k) € {(727 71)7 (17 2)7 (717 1)} &t; =T
Table 2 Baseline model features

An important difference with [17] in terms of feature desigrthat we did not restrict
the application of the prefix/suffix features to words tha&tmare in the training data. In our
model, these features always get triggered, even for frequerds. We found that the per-
manent inclusion of these features led to better performdancing development, which can
probably be explained by the fact that these features gedrtsatistics and are extremely
useful for unknown words. These features are also probabhg miiscriminative in French
than in English, since it is morphologically richer. Anothiifference to previous work re-
gards smoothing. [17] and [27] use a feature count cutoffodb avoid unreliable statistics
for rare features. We did not use cutoffs but instead use @aggation Gaussian prior on
the weight&, which is arguably a more principled smoothing technigue.

3.3 Testing and Performance

The test procedure relies onb@am searcho find the most probable tag sequence for a
given sentence. That is, each sentence is decoded froro fght and we maintain for each
word w; the n highest probability tag sequence candidates u;toFor our experiments,
we used a beam size 8f*° In addition, the test procedure utilizesag dictionarywhich
lists for a given word the tags associated with this word entthining data. This drastically
restricts the allowable labels that the tagger can choase for a given word, in principle
leading to fewer tagging errors and reduced tagging time.

The maximum entropy tagger described above, RiBitas compared against two other
baseline taggers, namelyNIGRAM and TreeTaggeruNIGRAM works as follows: for a
word seen in the training corpus, this tagger uses the megtuént tag associated with this
word in the corpus; for unknown words, it uses the most fregteg in the corpus (in this
case,NQ. TreeTagger is a statistical, decision tree-based POgtd83]1! The version
used for this comparison was retrained ontie training corpus. The performance results
of the three taggers are given in Table 3; scores are repiortedms of accuracy over both
the entire test set and the words that were not seen duringiga

As shown in Table 3, MEﬁt achieves accuracy scores @% overall and86.1% on
unknown words? Our baseline tagger significantly outperforms the retcinersion of

8 Specifically, we used a prior with precision (i.e., inversgiance) ofl (which is the default in Megam);
other values were tested during development but did nad ymeprovements.

9 Informally, the effect of this kind of regularization is tepalize artificially large weights by forcing the
weights to be distributed according to a Gaussian distdbuvith mean zero.

10 we tried larger values (i.e5, 10, 15, 20) during development, but none of these led to significant
improvements.

11 Available athttp://www.ims.uni-stuttgart.de/projekte/corplex/Tr eeTagger/ .
12 The accuracy results of Mﬁjton FTB-DEV are:96.7% overall and36.2% on unknown words.



[ Tagger | Overall Accuracy | Unknown Word Accuracy |
UNIGRAM 91.90 24.50
TreeTagger 96.12 75.77
MEIt) 97.00 86.10

Table 3 Baseline tagger performance

TreeTagger, with an improvement of ovié1% on unknown word$? There are several pos-
sible explanations for such a discrepancy in handling uwknaords. The first one is that
MaxEnt parameter estimation is less prone to data fragrtientéor sparse features than
Decision Tree parameter estimation due to the fact thatesdwt partition the training
sample. A second related explanation is that TreeTaggeismisses some of the general-
izations regarding lexical features due to the fact thanly includes suffixes and this only
for unknown words.

4 Lexicon-enriched MEMM tagger

For trying to further improve ME}}, we investigate in this Section the impact of coupling it
with an external lexical resource, and compare two waystegiating this new information:
as constraints vs. as features.

4.1 Integrating lexical information in the tagger

The most natural way to make use of the extra knowledge sgpply a lexicon is to rep-
resent it as “filtering” constraints: that is, the lexicorused as an additional tag dictionary
guiding the POS tagger, in addition to the lexicon extraéteh the training corpus. Under
this scenario, the tagger is forced for a given wardo assign one of the tags associated
with w in the full tag dictionary: the set of allowed tags feris the union of the sets of
its tags in the corpus and in fffe This approach is similar to that of [9], who applied it to
highly inflected languages, and in particular to Czech.

In a learning-based tagging approach, there is anotheiljidgso accommodate the
extra information provided by Iff: we can directly incorporate the tags associated f§ Le
to each word in the form of features. Specifically, for eachidyave posit a new lexical
feature for each of its possible tags according to tH# Las well as a feature that represents
the disjunction of all L& tags (provided there is more than one). Similarly, we can ate
the Ldff to provide additional contextual features: that is, we cafuide Ldf tags for all
the words in a window 05 tokens centered on the current token. Table 4 summarizes the
new feature templates.

Integrating the lexical information in this way has a numbépotential advantages.
First, features are by definition more robust to noise (ia tfase, to potential errors in the
lexicon or simply mismatches between the corpus annotatimd the lexicon categories).
Furthermore, some of the above features directly modeldheegt, while the filtering con-
straints are entirely non contextual.

13 Chi-square statistical significance tests were appliechémges in accuracy, with set t00.01 unless
otherwise stated.



Lexical features

Lefff tag forw; = X &t; =T
Lefff tags forw; = Xo ... Xn &t; =T
Contextual features

Lefff tag forw;4; = X,j € {—2, -1, 1,2} &t; =1

Lefff tags forw;y; = Xo... Xn,j € {—2,-1,1,2} &t; =T

Table 4 Lexicon-based features

4.2 Comparative evaluation

We compared the performance of thdfl-eonstraints based tagger MiElind Léff -features
based tagger ME{jtto other lexicon-enriched taggers. The first of these tagganGRAM g,
like UNIGRAM, is a unigram model based on the training corpus, but it udéisfar labeling
unknown words: among the possibleffi¢éag for a word, this model chooses the tag that is
most frequent in the training corpus (all words taken intocoamt). Words that are unknown
to both the corpus and ffeare assigneNC The second tagger, TreeTaggeris a retrained
version of TreeTagger to which we provideffLes an external dictionary. Finally, we also
compare our tagger ®©-BKY, an instantiation of the Berkeley lexicalized parser agleor
French by [6] and used as a POS tagger. The performancesrésuthese taggers are given
in Table 5.

[ Tagger | Overall accuracy (%) | Unknown words accuracy (%) |
UNIGRAM| gfff 93.40 55.00
TreeTaggqresit 96.55 82.14
F-BKY 97.30 82.90
MEIt?r 97.00 86.10
MEIthr 97.25 86.47
MEIt} 97.75 91.36

Table 5 Lexicon-based taggers performance

The best tagger is Mﬁflt with accuracy scores &7.75% overall and1.36% for un-
known words. This represents significant improvements76% and5.26% over MEIf),
respectively* By contrast, MEIf achieves a rather limited (and statistically insignifigant
performance gain ofl% overall but &2.9% improvement on unknown words. Our expla-
nation for these improvements is that thefl-based features reduce data sparseness and
provide useful information on the right context: first, fewesrors on unknown words (a
direct result of the use of a morphosyntactic lexicon) nsaely leads to fewer erroneous
contexts for other words, and therefore to better taggiagpsd, the possible categories of
tokens that are on the right of the current tokens are vadugibtes of information, and they
are available only from the lexicon. The lower result of MEdan probably be explained by
two differences: it does not benefit from this additionabmfiation about the right context,
and it uses L information as hard constraints, not as (soft) features.

Accuracy scores put Mﬁtabove all the other taggers we have tested, including the
parser-based-BKY, by a significant margin. To our knowledge, these scorestardeést

14 The accuracy results of MI;{Jton FTB-DEV are:97.23% overall and90.01% on unknown words.



[ Error type | Frequency |
Adjective vs. past participle 5.5%
Standard errors Errors @ du, des 4.0%
Other errors 34.0%
Errors on numbers 15.5%
Errors related to named entities 27.5%
Error in FTB-DEV 8.5%
MEItffr 's result seems correct  Unclear cases (both tags seem valid) 4.5%
Truncated text irFTB-DEV 0.5%

Table 6 Manual error analysis of the 200 first errors of N(,Eun the development corpus

scores reported for French POS taggifdther taggers have been proposed for French,
some of which have been evaluated during the GRACE evaluatimpaigrt® Although a
direct comparison is difficult, given the differences imtarof reference corpus and tagsets,
it is worth mentioning that the best scores during this cagmapproximately 96%, have
been obtained by parser-based taggers [2]. Finally, [16drtea 97.82% accuracy on the
FTB, but their tagger/chunker does not take unknown words ioto@nt.

4.3 Error analysis

In order to understand whether the.75% accuracy of MEIﬁ could still be improved, we
decided to examine manually its fir&0 errors onFTB-DEV, and classify them according
to an adequate typology of errors. The resulting typology tae corresponding figures are
given in Table 6.

These results show that tB&.75% score can still be improved. Indeed, standard named
entity recognition techniques could help solve most errefated to named entities, i.e.,
more than one out of four errors. Moreover, simple reguldtepas could allow for replac-
ing automatically all numbers by one or several placeh@droth in the training and eval-
uation data. Indeed, preserving numbers as such inevitehtis to a sparse data problem,
which prevents the training algorithm from modeling the pter task of tagging numbers
— they can be determiners, nouns, adjectives or pronourgofipate placeholders should
significantly help the training algorithm and improve theuks. Finally, no less that8.5%
of MEItffr 's apparent errors are in fact relatedroB-DEV’S annotation, because of errors

(9%) or unclear situations, for which both the gold tag and IﬁlEItag seem valid.

Given these facts, we consider it feasible to improve §I&om 97.75% to 98.5% in
the future.

15 An adaptation to French of the Morfette POS-tagger [5] usirgrTs and the L#f has been realized
by G. Chrupata and D. Seddah (p.c.). Their accuracy residtsimilar to ours, although slightly lower (on
the same data sets, Henestroza and Candito have obtaine@B&®&ccuracy). On other variants of thes,
Chrupata and Seddah report 97.9% (p.c.). However, theseefiglp not correspond exactly to the same
experimental setup, as Morfette extracts and uses in itefe@ah additional source of information, namely
lemmas.

18 http://www.limsi.fr/ TLP/grace/



4.4 Impact of various sets of fiebased lexical features

In order to understand better the relative impact on I}I?I’Elmodel of various types of infor-
mation extracted from the K&, we have run a series of ablation experiments on the set of
features described in 4. Specifically, we have evaluated fhessible configurations con-
sisting in including (or not) internal lexical featurasit), external lexical features defined
on the left contextEFT), and external lexical features defined on the right cor{(fxaHT).

The results of these experiments performed on the develoipooegpusFTB-DEV are given

in Table 7. Note that the experiments named Headd INT+LEFT+RIGHT, correspond re-
spectively to the variants MEltand MEI;’; of our system.

| Lefff features | Overall accuracy (%) | Unknown words accuracy (%) |
0 (MEIt]?r) 96.54 83.95
INT 97.04 91.4
LEFT 96.38 85.36
RIGHT 96.39 86.48
INT+LEFT 96.92 91.28
INT+RIGHT 97.30 92.01
LEFT+RIGHT 96.57 86.93
INT+LEFT+RIGHT(ME|tf7;) 97.41 92.35

Table 7 Comparative accuracy of MI%Jtusing various subsets of lexical featuresram-DEV

These results indicate that it is the combination of inteera right external lexical
features that brings the most information to the taggeeéuddthe subsetiT+RIGHT yields
the best results after MElitself, both on all words and on unknown words only. These two
subsets of lexical features are complementawy: features improve the lexical coverage
of the tagger (some unknown words, i.e., unseen in the tigiocorpus, are covered by the
lexicon), whereagIGHT features provide important information about the rightteahthat
MElt; s features only model in a rough way.

5 Varying tagsets and languages

In order to validate the robustness of our approach, we hauet] two series of taggers
with the same architecture as MiEIt

— several other taggers trained on the same corpus and thelesdinm, but with tagsets
of different granularities; indeed, different NLP tasksymmaquire tagging with a dif-
ferent level of detail, including only major categoriegg&atsmall , 15 tags), standard
categories (standard taget, 28 tags) and detailed tagathade morphological features
such as gender, number, person, tense, and others (lagget, 239 tags);

— two other taggers trained on corpora and lexicon for otheguages, namely English
and Spanish; for English, we used the Penn TreeBank [13] agpa< (sections 2 to 21
for training and section 23 for tagging, as usual in the pgrsommunity; 46 tags) and
the lexicon EnLex developed in the same framework as tlfe, ltdexina; for Spanish,
we used the Ancora corpus [26] (the first 60,000 sentencesramang corpus, the last
3,328 sentences as a test corpus; 16 tags) and the Alexinaridrr Spanish, the Liee
[15].
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[ Language | Training Corpus | Tagset Size| Overall Acc. (%) |
French FTB-TRAIN (small tagset) 15 97.69%
French (MEI{r) FTB-TRAIN (standard tagset) 28 97.25%
French FTB-TRAIN (large tagset) 239 93.73%
English Penn TreeBank (sec. 2-23) 46 97.03%
Spanish Ancora (60,000 first sentences) 16 97.73%

Table 8 Applying the MEIt system on other tagsets and languagestést¢éor information about test cor-
pora)

Results are shown in Table 8. Note that the last three expeatsr(Frencltarge , English,
Spanish) rely on lexicons that do not use the same tagsekasotpus.’ Indeed, since
lexical information extracted from the lexicon is used ie florm of features, there is no
particular need for having the same tags in the lexicon dsdrtorpus.

These results are satisfying not only for I\/lfiEltseIf. For example, the state-of-the-art
for English on the same corpus (not necessarily split in #mesway, though) is approxi-
mately 97.4% [25], a figure that is reached by combining sdvaggers.

6 Varying training corpus and lexicon sizes
6.1 Motivations and experimental setup

The results achieved by Mlﬁllhave been made possible by the (relatively) large size of the
corpus and the broad coverage of the lexicon. However, sdurces are not always avail-
able for a given language, in particular for so-called usrdspurced languages. Moreover,
the significant improvement observed by usingffLehows that the information contained in

a morphosyntactic lexicon is worth using. The questiorearighether this lexical informa-
tion is able to compensate for the lack of a large trainingpesr Symmetrically, it is unclear
how various lexicon sizes impact the quality of the results.

Therefore, we performed a series of experiments by traiMnEgtf{ on various sub-
corpora and sub-lexicons. Extracting sub-corpora fiers-TRAIN is simple: the firsts
sentences constitute a reasonable corpus ofssiewever, extracting sub-lexicons from
the Ldff is less trivial. We decided to extract increasingly large-lxicons in a way that ap-
proximately simulates the development of a morphosyritadeticon. To achieve this goal,
we used the ME(& tagger described in the previous section to tag a large rapus&® We
then lemmatized the corpus by assigning to each token thefliall of its possible lem-
mas that exhibit a category consistent with the annotafamally, we ranked all resulting
(lemma, categorypairs w.r.t. frequency in the corpus. Extracting a subdemiof sizen
then consists in extracting gfiorm,tag,lemmagntries whose correspondifigmma, cate-
gory) pair is among the best ranked ones.

We reproduced the same experiments as those describediorSedut training MElit;
on various sub-corpora and various sub-lexicons. We Qsdifferent lexicon sizes and
different corpus sizes, summed up in Table 9. For each megutigger, we evaluated on
FTB-TESTthe overall accuracy and the accuracy on unknown words.

17 MEIt has also been used for training POS taggers for Pergrahd Kurmaniji Kurdish [28] (see below)
based on noisy corpora and medium-size lexicons, with mioguresults.

18 We used a corpus of 20 million words extracted from ltHest Républicainjournalistic corpus, freely
available at the web site of the CNRTht{p://www.cnrtl.fr/corpus/estrepublicain/ ).
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Lexicon size (lemmas) | 0; 500; 1, 000; 2, 000; 5, 000;

10, 000; 20, 000; 50, 000; 110, 000
Corpus size (sentenceg) 50; 100; 200; 500; 1, 000; 2, 000;
5,000; 9, 881

Table 9 Varying training corpus and lexicon sizes: experimentalge

6.2 Results and discussion

Before comparing the respective relevance of lexicon amdusomanual development for
optimizing the tagger performance, we need to be able totgatvely compare their de-
velopment costs, i.e., times.

In [13], the authors report a POS annotation speed that &sla3 000 words per hour”
during the development of the Penn TreeBank. This speeddhesl after @ month period
(with 15 annotation hours per week, i.e., approximately 6Qrf) during which the POS
tagger used for pre-annotation was still improving. Théarg also report on a manual tag-
ging experiment (without automatic pre-annotation); tbbgerved an annotation speed that
is aroundl, 300 words per hour. Therefore, it is probably safe to assume timahverage,
the creation of a manually validated training corpus starta speed that is around 1,000
words (30 sentences) per hour, and increases Bpa0 words (100 sentences) per hour
once the corpus has reached, $a¥00 sentences.

For lexicon development, techniques such as those deddnpg9] allow for a fast val-
idation of automatically proposed hypothetical lemmasnia intervention is then limited
to validation steps that take aroufdo 3 seconds per lemma, i.e., abdys00 lemmas per
hour.

Figure 2 compares contour lif€gor two functions of corpus and lexicon sizes: tagger
accuracy and development tiffeThese graphs show different things:

— during the first steps of development (less tBdmurs of manual work), the distribution
of the manual work between lexicon and corpus developmenhbaaignificant impact
on overall tagging accuracy, but accuracy on unknown wasdsetter when focusing
more or equally on the lexicon than on the corpus;

— in later stages of development, the optimal approach isteldpboththe lexicon and
the corpus, and this is true for both overall and unknown waéagging accuracy; how-
ever, it is by far better to concentrate only on corpus thdp on lexicon development;

— using a morphological lexicon drastically improves thegiag accuracy on unknown
words, whatever the development st&ge;

— for fixed performance levels, the availability of the fulkieon consistently reduces the
need for training data by at least one half (and up to two #)ird

19 As computed by théspline  mode ofgnuplot s contour lines generation algorithm.

20 The development times per sentence and per lexical entryioned in the previous paragraphs lead to
the following formula for the total development timgs, I) (expressed in seconds), in whiglis the number
of sentenced, the number of lexical entrieg(s, ) = 36s + 8400 - log(s/100 + 1) + 2.4 - L.

21 performing POS tagging with a morphological lexicon butwiit any training corpus is a significantly
different task, addressed by an increasing literature44.8]. In that regard, MEIt has been used in a simple
experiment on Kurmaniji Kurdish, a resource-scarse Iral@iaguage [28]: in that paper, the authors project
the morphological lexicon they have built for that languadisambiguate the resulting ambiguous annotation
in three different ways, merge these annotations for priodua (noisy) training corpus, and train a MEIt
tagger based on this corpus and their lexicon. Despite thplisity of the three disambiguation techniques,
the authors report 85.7% accuracy on a tiny gold standard using a 36-tag tagset.
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13

These results demonstrate the relevance of developingsing a morphosyntactic lexicon
for improving tagging accuracy both in the early stages oktioment and for long-term
optimization.

7 Conclusions and perspectives

We have introduced a new MaxEnt-based tagger, MEIt, thatauegd on the=TB for build-
ing a tagger for French. We show that this baseline, named{ME&n be significantly
improved by coupling it with the French morphosyntacticidex Ldff. The resulting tag-
ger, MEItf{, reaches 87.75% accuracy that are, to our knowledge, the best figures rgbort
for French tagging, including parsing-based taggers. Mageisely, the addition of lexicon-
based features yield error reductions26£6 overall and o88% for unknown words (cor-
responding to accuracy improvements. 05% and5.26%, respectively) compared to the
baseline tagger.

We also showed that the use of a lexicon improves the qudithe tagger at any
stage of lexicon and training corpus development. Moreawverapproximately estimated
development times for both resources, and show that thealagsto optimize human work
for tagger development is to work on the development of botl@notated corpus and a
morphosyntactic lexicon.

In future work, we plan on trying and demonstrating this lasipractice, by developing
such resources and the corresponding I}!?IEﬂigger for an under-resourced language. We
also intend to study the influence of the tagset, in particiatraining taggers based on
larger tagsets. This work should try and understand hownefiieas much as possible from
the internal structure of tags in such tagsets (gender, agraetzt.).
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