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Abstract lack annotated resources of this kind, mainly due
to the lack of training corpora which are usually

We describe a knowledge and resource required for applying standard statistical taggers.
light system for an automatic morpholog-

ical analysis and tagging of Brazilian Por-
tuguese. We avoid the use of labor in-
tensive resources; particularly, large anno-
tated corpora and lexicons. Instead, we
use (i) an annotated corpus of Peninsular
Spanish, a language related to Portuguese,
(i) an unannotated corpus of Portuguese,
(iii) a description of Portuguese morphol-
ogy on the level of a basic grammar book.
We extend the similar work that we have
done (Hana et al., 2004; Feldman et al.,
2006) by proposing an alternative algo-
rithm for cognate transfer that effectively
projects the Spanish emission probabili-
ties into Portuguese. Our experiments use
minimal new human effort and show 21%
error reduction over even emissions on a
fine-grained tagset.

Applications of taggers include syntactic pars-
ing, stemming, text-to-speech synthesis, word-
sense disambiguation, information extraction. For
some of these getting all the tags right is inessen-
tial, e.g. the input to noun phrase chunking does
not necessarily require high accuracy fine-grained
tag resolution.

Cross-language information transfer is not new;
however, most of the existing work relies on par-
allel corpora (e.g. Hwa et al., 2004; Yarowsky
and Ngai, 2001) which are difficult to find, es-
pecially for lesser studied languages. In this pa-
per, we describe a cross-language method that re-
quires neither training data of the target language
nor bilingual lexicons or parallel corpora. We re-

1 Introduction port the results of the experiments done on Brazil-

ian Portuguese and Peninsular Spanish, however,
Part of speech (POS) tagging an important step our system is not tied to these particular languages.
in natural language processing. Corpora that havghe method is easily portable to other (inflected)
been POS-tagged are very useful both for linguistanguages. Our method assumes that an anno-
tic research, e.g. finding instances or frequenCie&ted corpus exists for the source |anguage (here,
of particular constructions (Meurers, 2004) and forgpanish) and that a text book with basic linguis-
further computational processing, such as syntagic facts about the source language is available
tic parsing, speech recognition, stemming, word{here, Portuguese). We want to test the generality
sense disambiguationMorphological taggingis  and specificity of the method. Can the systematic
the process of assigning POS, case, number, geBommonalities and differences between two ge-
der and other morphological information to eachpetically related languages be exploited for cross-
word in a corpus. Despite the importance of mor{janguage applications? Is the processing of Por-
phological tagging, there are many languages thatiguese via Spanish different from the processing
Wankthe anonymous reviewers fortheirconstructiveOf Russian via Czech (Hana etal., 2004; Feldman
comments on an earlier version of the paper. et al., 2006)?
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Spanish  Portuguese B: Eudei paraMaria.
| gaveto Mary

1.sg. canto canto

2.sg. cantas cantas B: ‘l gave it to Mary.

3.sg. canta canta b. A: ¢ Q& hicistecon el libro? [PS]
1.pl. catamos cantamos Whatdid  with thebook?

2.pl. cantais  cantais A: ‘What did you do with the book?”
3.pl. cantan  cantam

B: Se lo di a Maria.
Her.datit.accgaveto Mary.

Table 1: Verb conjugation present indicativer
regular verb:cantar ‘to sing’ B: ‘I gave it to Mary.’

Notice also that in the Spanish example (2b) the

2 Brazilian Portuguese (BP) dative pronourse ‘her’ is obligatory even when
vs. Peninsular Spanish (PS) the prepositional phrasa Maria ‘to Mary’ is
present.

Portuguese and Spanish are both Romance lan-

guages from the Iberian Peninsula, and sharg Resources
many morpho-syntactic characteristics. Both lan-

guages have a similar verb system with three maig-1  Tagset

conjugations Aar, -er, -ir), nouns and adjectives For hoth Spanish and Portuguese, we used posi-
may vary in number and gender, and adverbs argonal tagsets developed on the basis of Spanish
invariable. Both are pro-drop languages, they haves|jC-TALP tagset (Torruella, 2002). Every tag is

a similar pronominal system, and certain phenomg string of 11 symbols each corresponding to one
ena, such as clitic climbing, are prevalent in bothmgrphological category. For example, the Por-
Ianguages. They also allow rather free ConStituerﬁJguese Worcpartires ‘you leave' is assigned the
order; and in both cases there is considerable deag\/M0S---2PI- |, because it is a verty}, main
bate in the literature about the appropriate char(M’ gender is not applicable to this verb forfy
acterization of their predominant word order (thesingular ), case, possesor's number and form are
candidates being SVO and VSO). not applicable to this category), 2nd personZ),

Sometimes the languages exhibit near-completgresent), indicative ( ) and participle type is not
parallelism in their morphological patterns, asapplicable {).

shown in Table 1. S A comparison of the two tagsets is in Tablé 2.
syntactic word order: use the same values, however some differences are
(1) Os estudantega comparamos unavoidable. For instance, the pluperfectis a com-

pound verb tense in Spanish, but a separate word
that needs a tag of its own in Portuguese. In ad-
dition, we added a tag for “treatment” Portuguese

Los estudianteya compraronos
Thestudents alreadybought the

livros. [BP]

libros. [PS] pronouns. .

bOOKS The Spanish tagset has 282 tags, while that for
‘The students have already bought thePortuguese has 259 tags.

books.’ 3.2 Training corpora

One of the main differences is the fact thatSpanish training corpus. The Spanish corpus
Brazilian Portuguese (BP) accepts object dropwe use for training the transition probabilities as
ping, while Peninsular Spanish (PS) doesn’t. Inwell as for obtaining Spanish-Portuguese cognate
addition, subjects in BP tend to be overt while inpairs is a fragment (106,124 tokens, 18,629 types)

PS they tend to be omitted. of the Spanish section of CLiC-TALP (Torruella,
(2) a. A: O quevocefezcomo livro? [BP] Notice that we have 6 possible values for the gender po-
i ; ) sition: M(masc.)F (fem.),N (neutr., for certain pronouns(,
What ygu did with _thebOOk' (common, eitheMor F), 0 (unspecified for this form within
A: ‘What did you do with the book?’ the category); (the category does not distinguish gender)
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No. Description No. of values automatically acquired. In the experiments below,
Sp Po we used the following modules — lookup in a list
of (mainly) closed-class words, a paradigm-based
1 POS _ 14 11 guesser and an automatically acquired lexicon.
2 SubPOS - detailed POS 30 29
3 Gender 6 6 4.1 Portuguese closed class words
4 Number 5 5 We created a list of the most common preposi-
> Case 6 6 tions, conjunctions, and pronouns, and a number
6 Possessor's Number 4 4 of the most common irregular verbs. The list con-
7 Form 3 3 tains about 460 items and it required about 6 hours
8 Person 5 S of work. In general, the closed class words can be
9 Tense U 9 derived either from a reference grammar book, or
10 Mood 8 9 can be elicited from a native speaker. This does
11 Participle 3 3 not require native-speaker expertise or intensive

Table 2: O _ q _ fthe t ; linguistic training. The reason why the creation
aple 2. Dverview and comparison ot the tagsetSq ¢y a list took 6 hours is that the words were
annotated with detailed morphological tags used

2002). CLIC-TALP is a balanced corpus, contain-2Y ©U" System.

ing texts of various genres and styles. We automaty 2 portuguese paradigms

icall I h LiC-TALP i . . .
ically translated the CLIC tagset into our We also created a list of morphological paradigms.

system (see Sect. 3.1) for easier detailed evalu%ur database contains 38 paradigms. We just en-

tion and for comparison with our previous work .

- ) coded basic facts about the Portuguese morphol-
that used a similar approach for tagging (Hana
etal., 2004: Feldman et al., 2006) ogy from a standard grammar textbook (Cunha

B ’ h ' and Cintra, 2001). The paradigms include all three
Raw Portuguese corpus. For automatic lexi- regular verb conjugationsdr, -er, -ir), the most

con acquisition, we use NILC corpds;ontaining common adjective and nouns paradigms and a rule

1.2M tokens. for adverbs of manner that end wiimente(anal-
_ ogous to the Englishy). We ignore majority of
3.3 Evaluation corpus exceptions. The creation of the paradigms took

For evaluation purposes, we selected and manualigbout 8 h of work.
annotated a small portion (1,800 tokens) of NILC

corpus. 4.3 Lexicon Acquisition

. . The morphological analyzer supports a module or
4 Morphological Analysis modules employing a lexicon containing informa-

. : tion about lemmas, stems and paradigms. There is
Our morphological analyzer (Hana, 2005) is an e . Y .

always the possibility to provide this information
open and modular system. It allows us to com-

bine modules with different levels of manual in- manually. That, however, is very costly. Instead,

. we created such a lexicon automatically.
put — from a module using a small manually pro- . . X
) . : Usually, automatically acquired lexicons and
vided lexicon, through a module using a large lex-

. ; . similar systems are used as a backup for large
icon automatically acquired from a raw corpus, to, . . . )
high-precision high-cost manually created lexi-

a guesser using a list of paradigms, as the OnIY:ons (.. Mikheev, 1997: Hidiova, 2001). Such
resource provided manually. The general strat- e ' . " :
ystems extrapolate the information about the

is to run modules that make fewer errors an .
egy is to run modules that make fewer errors a words known by the lexicon (e.g. distributional

less overgenerate before modules that make more . . .
) properties of endings) to unknown words. Since
errors and overgenerate more. This, for exam:

ple, means that modules with manually Createé)urapproach is resource light, we do not have any

. such large lexicon to extrapolate from.
resources are used before modules with resourcés . : :
The general idea of our system is very sim-

*Nucleo Interdisciplinar de Lingistica Computacional; ple. The paradigm-based Guesser, provides all the
available athttp://nilc.icmc.sc.usp.br/nilc/ , . . .
we used the version with POS tags assigned by PALAVRAS.pOSSIbIe analy.ses of a V\_lord Con_S'Stem with Por-
We ignored the POS tags. tuguese paradigms. Obviously, this approach mas-
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sively overgenerates. Part of the ambiguity is usu- | exicon no yes
ally real but most of it is spurious. We use a large recall 990 981
corpus to weed the spurious analyses out of the avg ambig (tag/word) 43 35
real ones. In such corpus, open-class lemmas are -

likely to occur in more than one form. Therefore, Tagging (cognates) —accuracy 79.1 82.1
if a lemma+paradigm candidate suggested by the
Guesser occurs in other forms in other parts of the
corpus, it increases the likelihood that the candi-

date is real and vice versa. If we encounter the . ~
o Consider for example, the forfiangdes‘func-
word cantamoswe sing’ in a Portuguese corpus, .., " ~
tions’ of the feminine nourfungdo. The analyzer

using the information about the paradigms we can . . .

o : ) . without a lexicon provides 11 analyses (6 lemmas,

analyze it in two ways, either as being a noun in . . .

. . : . each with 1 to 3 tags); only one of them is cor-

the plural with the endings, or as being a verb in . .

\ . rect. In contrast, the analyzer with an automati-

the 1st person plural with the endirgmos Based . : . )

e cally acquired lexicon provides only two analyses:

on this single form we cannot say more. However, .

. the correct one (nhoun fem. pl.) and an incorrect
if we also encounter the fornmgantq canta can-

. one (houn masc. pl., note that POS and number
tamthe verb analysis becomes much more prob- ( P

L are still correct). Of course, not all cases are so
able; and therefore, it will be chosen for the Iex'persuasive )
icon. If the only forms that we encounter in our L .
Portuguese corpus wegantamosand (the non- The evaluation of the system is in Table 3. The
g P _ 98.1% recall is equivalent to the upper bound for
existing)cantama(such as the existing wordmo

: the task. It is calculated assuming an oracle-
andramog then we would analyze it as a noun and .
not as a verb. Portuguese tagger that is always able to select the

With such an approach, and assuming that thcorrect POS tag if it is in the set of options given

corpus contains the forms of the vemmatar ‘to y the morphologmal analyzer. Notice alsp that
. for the tagging accuracy, the drop of recall is less
kill', mato,, matas,,, mata,,, etc., we would

not discover that there is also a nomata‘forest’ important than the drop of ambiguity.
¥Vlth a_plural formmatas— the set of the 2 noun g Tagging
orms is a proper subset of the verb forms. A sim-

ple solution is to consider not the number of formWe used the TnT tagger (Brants, 2000), an im-
types covered in a corpus, but the coverage of thplementation of the Viterbi algorithm for second-
possible forms of the particular paradigm. How-order Markov model. In the traditional approach,
ever this brings other problems (e.g. it penalizesve would train the tagger’s transitional and emis-
paradigms with large number of forms, paradigmssion probabilities on a large annotated corpus of
with some obsolete forms, etc.). We combine bottPortuguese. However, our resource-light approach
of these measures in Hana (2005). means that such corpus is not available to us and

Lexicon Acquisition consists of three steps:  we need to use different ways to obtain this infor-

) ) mation.

1. A large raw corpus is analyzed With a \ya a55me that syntactic properties of Spanish
lexicon-less MA (an MA using a list of .4 Portuguese are similar enough to be able to
mainly closed-class words and a paradigm,qe the transitional probabilities trained on Span-
based guesser); ish (after a simple tagset mapping).

2. All possible hypothetical lexical entries over ~ 1he situation with the lexical properties as cap-
these analyses are created. tured by emission probabilities is more complex.

Below we present three different ways how to ob-

3. Hypothetical entries are filtered with aim to tains emissions, assuming:

discard as many nonexisting entries as possi-
ble, without discarding real entries. 1. they are the same: we use the Spanish emis-

sions directly §5.1).

Table 3: Evaluation of Morphological analysis

Obviously, morphological analysis based on
such alexicon still overgenerates, but it overgener- 2. they are different. we ignore the Spanish
ates much less than if based on the endings alone. emissions and instead uniformly distribute
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the results of our morphological analyzer. ferent distributions. For example, Span-
(§5.2) ish embarazada’pregnant’ vs. Portuguese

L ) ) embaracadaembarrassed'.
3. they are similar: we map the Spanish emis-

sions onto the result of morphological analy- 2. Cognates could have departed in their mor-
sis using automatically acquired cognates. phological properties. For example, Span-

(85.3) ish cerca‘near’.adverb vs. Portugueserca
) ) ‘fence’.noun (from Latincirca, circus ‘cir-
5.1 Tagging — Baseline cle).
Our lowerbound measurement consists of training
the TnT tagger on the Spanish corpus and apply- 3. There are false cognates - unrelated,
ing this model directly to Portugueéelhe overall but similar or even identical words. For

performance of such a tagger is 56.8% (see the the ~ €xample, Spaniskalada‘salty’.adj vs. Por-
min column in Table 4). That means that half of ~ tuguesesalada ‘salad’.noun, Spanistioce
the information needed for tagging of Portuguese ~ ‘twelve’.numeral vs. Portuguesedoce
is already provided by the Spanish model. This  ‘candy’.noun

tagger has seen no Portuguese whatsoever, and is

still much better than nothing. Nevertheless, we believe that these examples
are true exceptions from the rule and that in major-
5.2 Tagging — Approximating Emissions | ity of cases, the cognates would look and behave

The opposite extreme to the baseline, is to assur@milarly. - The borrowings, counter-borrowings
that Spanish emissions are useless for tagging Pof"d parallel developments of the various Romance
tuguese. Instead we use the morphological arjanguages have of course been e.xtens'lvely s'Fudled,
alyzer to limit the number of possibilities, treat- 2nd We have no space for a detailed discussion.

ing them all equally — The emission probabilitiesIdentifyingl cognates. For the present work,

would then form a uniform distribution of the tags | . aver we do not assume access to philologi-
glvenbtl)y the}?nalyzer. 'I;he results are summar(:zegal erudition, or to accurate Spanish-Portuguese
in Table 4 (t ee-eovenco umn) —accuracy 77.2% yanqjations or even a sentence-aligned corpus. Al
on full tags, or 47% relative error reduction against ¢ 1 ose are resources that we could not expect to

the baseline. obtain in a resource poor setting. In the absence
of this knowledge, we automatically identify cog-

o o nates, using the edit distance measure (normalized
Although it is true that forms and distributions of by word length).

Portuguese and Spanish words are not the SaMme€, ynlike in the standard edit distance, the cost of
they are also not completely unrelated. As any

ish K d he knowled operations is dependent on the arguments. Simi-
Span!s speaker would agree, the knowledge cﬂalrly as Yarowsky and Wicentowski (2000), we as-
Spanish wordgs useful when trying to understand

) sume that, in any language, vowels are more muta-
a text in Portuguese.

] ble in inflection than consonants, thus for example
Many of the corresponding Portuguese andgacinga for i is cheaper that replacingby r.

Spanish words are cognates, i.e. historically they, 5 qqition. costs are refined based on some well

descend from the same ancestor root or they afg, .\ 2and common phonetic-orthographic regu-

mere translations. We assume two things: (i) COgy,ities, e.g. replacing qwith c is less costly than
nate pairs have usually similar morphological anq'eplacingm with, says. However, we do not want
d_ist_ribu_tional properties, (ii) cognate words A€o do a detailed contrastive morpho-phonological
similar in form. _ analysis, since we want our system to be portable
Obviously both of these assumptions are apyy, gther languages. So, some facts from a simple
proximations: grammar reference book should be enough.

5.3 Tagging — Approximating Emissions Il

1. _Cognates could have departed in their meanysing cognates. Having a list of Spanish-
ings, and thus probably also have dif-portuguese cognate pairs, we can use these to

“Before training, we translated the Spanish tagset into thé''aP the emission probabilities acquired on Span-
Portuguese one. ish corpus to Portuguese.

37



Let's assume Spanish word, and Portuguese min e-even e-cognates
word w,, are cognates. L&y denote the tags that Tag: 56.9 772 82 1
w, occurs within the Spanish corpus, andieft) : ' ' '

be the emission probability of a tagt ¢ Ts = POS: . 65.3 84.2 87.6
ps(t) = 0). Let T, denote tags assigned to the SUbPO_S' 61.7 83.3 86.9
Portuguese wordu, by our morphological ana- gender._ 704 873 90.2
lyzer, and thep,(t) is the even emission proba- numper. 78.3 95.3 96.0
bility: p,(t) = 7. Then we can assign the new 3¢ _ 92'584 98'687 9;'720
emission probability;,(¢) to every tagt € T), in Foorfns.essors num- 92 9' 99 2' 99 2'
the following way (followed by normalization): person: 745 912 92 7
ps(t) + py(t) tense: 90.7 95.1 96.1

ph(t) = == (D mood: 915  95.0 96.0

participle: 99.9 100.0 100.0

Results. This method provides the best results.
The full-tag accuracy is 82.1%, compared to
56.9% for baseline (58% error rate reduction) and
77.2% for even-emissions (21% reduction). The
accuracy for POS is 87.6%.
columne-cognatesf Table 4.

Table 4: Tagging Brazilian Portuguese

Detailed results are inyigterent genres or a different language (e.g. cross-
language projection of morphological and syn-
tactic information in (Yarowsky et al., 2001;
Yarowsky and Ngai, 2001), requiring no direct su-
The best way to evaluate our results would be tgervision in the target language).
compare it against the TnT tagger used the usual Ngai and Yarowsky (2000) observe that the to-
way — trained on Portuguese and applied on Portal weighted human and resource costs is the most
tuguese. We do not have access to a large Popractical measure of the degree of supervision.
tuguese corpus annotated with detailed tags. HowGucerzan and Yarowsky (2002) observe that an-
ever, we believe that Spanish and Portuguese arther useful measure of minimal supervision is the
similar enough (see Sect. 2) to justify our assumpadditional cost of obtaining a desired functional-
tion that the TnT tagger would be equally successity from existing commonly available knowledge
ful (or unsuccessful) on them. The accuracy ofsources. They note that for a remarkably wide
TnT trained on 90K tokens of the CLIC-TALP cor- range of languages, there exist a plenty of refer-
pusis 94.2% (tested on 16K tokens). The accuracgnce grammar books and dictionaries which is an
of our best tagger is 82.1%. Thus the error-rate isnvaluable linguistic resource.
more than 3 times bigger (17.9% vs. 5.4%).

Branco and Silva (2003) report 97.2% tagging’/.1 Resource-light approaches to Romance
accuracy on 23K testing corpus. This is clearly languages

better than our results, on the other hand the)t:ucerzan and Yarowsky (2002) present a method
needed a large Portuguese corpus of 207K tokeng, pootstrapping a fine-grained, broad coverage
The details of the tagset used in the experimentpng tagger in a new language using only one

are not provided, so precise comparison with 0Uherson-day of data acquisition effort.  Similarly

results is difficult. to us, they use a basic library reference gram-
mar book, and access to an existing monolingual
text corpus in the language, but they also use a
Previous research in resource-light languagenedium-sized bilingual dictionary.

learning has definedesource-lightin different In our work, we use a paradigm-based mor-
ways. Some have assumed only partially tagge@hology, including only the basic paradigms from

training corpora (Merialdo, 1994); some have be-a standard grammar textbook. Cucerzan and
gun with small tagged seed wordlists (Cucerzar¥arowsky (2002) create a dictionary of regular in-

and Yarowsky, 1999) for named-entity tagging,flectional affix changes and their associated POS
while others have exploited the automatic transand on the basis of it, generate hypothesized in-
fer of an already existing annotated resource in dlected forms following the regular paradigms.

6 Evaluation & Comparison

7 Related work
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Clearly, these hypothesized forms are inaccuratianguages are often close enough to others within
and overgenerated. Therefore, the authors perfortineir language family so that cognate pairs be-
a probabilistic match from all lexical tokens actu- tween the two are common, and significant por-
ally observed in a monolingual corpus and the hy+ions of the translation lexicon can be induced with
pothesized forms. They combine these two modhigh accuracy where no bilingual dictionary or
els, a model created on the basis of dictionary inparallel corpora may exist.

formation and the one produced by the morpho-

logical analysis. This approach relies heavily on8 Conclusion

two assumptions: (i) words of the same POS tend ) )
to have similar tag sequence behavior; and (i) have shown that a tagging system with a small

there are sufficient instances of each POS tag l&émount of manually created resources can be suc-
beled by either the morphology models or closedS€Ssful- We have previously shown that this ap-
class entries. For richly inflectional languages,Proach can work for Czech and Russian (Hana

however, there is no guarantee that the latter a! l-» 2004; Feldman et al., 2006). Here we have
sumption would always hold. shown its applicability to a new language pair.
The accuracy of their model is comparable t This can be done in a fraction of the time needed

0 : :
ours. On a fine-grained (up to 5-feature) podor systems with extensive manually created re-

space, they achieve 86.5% for Spanish and 75 5gOUrCes: days instead of years. Three resources

for Romanian. With a tagset of a similar size (11are _requwed: (i) a r_eference grammar (for infor-

. mation about paradigms and closed class words);
features) we obtain the accuracy of 82.1% for Por- .. . .
tuguese. (i) a large amount of text (for learning a lexicon;

e.g. newspapers from the internet); (iii) a limited
Carreras et al. (2003) present work on develop; g Pap ): (i)

ing | (N 4 Entit . NER) § access to a native speaker — reference grammars
ing low-cost Named Entity recognizers ( ) for are often too vague and a quick glance at results

a language with no available annotated resourceg, . provide feedback leading to a significant in-

using as a starting point existing resources for rease of accuracy; however both of these require
similar language. They devise and evaluate sever%lrnIy limited Iinguisti'c knowledge

strategies to build a Catalan NER system using In this paper we proposed an algorithm for cog-

only annotated Spanish data and unlabeled Cata- . .
: . Nate transfer that effectively projects the source
lan text, and compare their approach with a classi:

. . L language emission probabilities into the target lan-
cal bootstrapping setting where a small initial cor- guag P g

: . uage. Our experiments use minimal new human
pus in the target language is hand tagged. It turn .
. ; .effort and show 21% error reduction over even
out that the hand translation of a Spanish modelis . . , .
. emissions on a fine-grained tagset.
better than a model directly learned from a small
In the near future, we plan to compare the ef-

hand annotated training corpus of Catalan. Thef* i ” 4 ori ¢ h with
best result is achieved using cross-linguistic feaic o VENESS (time and price) of our approach wi

tures. Solorio and &pez (2005) follow their ap- that of the standard resource-intensive approach to

proach; however, they apply the NER system fOIannotating a medium-size corpus (qn a corpus of
Spanish directly to Portuguese and train a Classeroungl 100K tokens). A _resource-lntenslve_ Al
fier using the output and the real classes. tem will be more accurate in the labels which it of-
fers to the annotator, so annotator can work faster
(there are fewer choices to make, fewer keystrokes
required). On the other hand, creation of the in-
Mann and Yarowsky (2001) present a method foifrastructure for such a system is very time con-
inducing translation lexicons based on trasductiorsuming and may not be justified by the intended
modules of cognate pairs via bridge languagesapplication.
Bilingual lexicons within language families are in-  The experiments that we are running right now
duced using probabilistic string edit distance mod-are supposed to answer the question of whether
els. Translation lexicons for abitrary distant lan-training the system on a small corpus of a closely
guage pairs are then generated by a combinatiorelated language is better than training on a larger
of these intra-family translation models and onecorpus of a less related language. Some prelim-
or more cross-family online dictionaries. Simi- inary results (Feldman et al., 2006) suggest that
larly to Mann and Yarowsky (2001), we show thatusing cross-linguistic features leads to higher pre-

7.2 Cognates
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