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t. Cognates are words of the same origin that belong to distin
tlanguages. The problem of automati
 identi�
ation of 
ognates arises inlanguage re
onstru
tion and bitext-related tasks. The eviden
e of 
og-nation may 
ome from various information sour
es, su
h as phoneti
similarity, semanti
 similarity, and re
urrent sound 
orresponden
es. Idis
uss ways of de�ning the measures of the various types of similar-ity and propose a method of 
ombining then into an integrated 
ognateidenti�
ation program. The new method requires no manual parametertuning and performs well when tested on the Indoeuropean and Algo-nquian lexi
al data.1 Introdu
tionCognates are words of the same origin that belong to distin
t languages. For ex-ample, Fren
h lait, Spanish le
he, and Italian latte 
onstitute a set of 
ognates,sin
e they all derive from Latin la
tem. In general, the number of 
ognates be-tween related languages de
reases with time, and the ones that remain be
omeless similar. Re
urrent sound 
orresponden
es, whi
h are produ
ed by regularsound 
hanges, are helpful in distinguishing 
ognate pairs from a

idental re-semblan
es. For example, the fa
t that /d/:/t/ is a re
urrent 
orresponden
ebetween Latin and English (ten/de
em, tooth/dentem. et
.) indi
ates that Latindie `day' is not 
ognate with English day.Depending on the kind of data, the task of 
ognate identi�
ation 
an bede�ned on three levels of spe
i�
ity:1. Given a pair of words, su
h as English snow and German s
hnee, 
omputethe likelihood that they are 
ognate.2. Given a list of word pairs mat
hed by meanings, su
h as the one in Table 1,rank the pairs a

ording to the likelihood that they are 
ognate.3. Given a pair of vo
abulary lists, su
h as the one in Table 2, produ
e a rankedlist of 
andidate 
ognate pairs.A phoneti
 measure 
an be 
omputed for any pair of words in isolation (levels 1,2 and 3), but a longer list of related words is ne
essary for the determination of



1. `all' al� éiT�2. `and' unt e3. `animal' t��r kaf�s�4. `ashes' a�s� hi5. `at' an n�6. `ba
k' r�uk�n �spin�7. `bad' �slext ke
8. `bark' rind� �sk�lboz�9. `be
ause' vayl sepse10. `belly' bawx barkTable 1. An ex
erpt from the German/Albanian word-pair list [10℄.the re
urrent sound 
orresponden
es (levels 2 and 3), while a semanti
 measureis only appli
able when words are a

ompanied by glosses (level 3).The ultimate goal of the resear
h des
ribed in this paper is the fas
inatingpossibility of performing an automati
 re
onstru
tion of proto-languages fromthe information 
ontained in the des
endant languages. Given di
tionaries ofrelated languages, a hypotheti
al language re
onstru
tion program would beable to determine re
urrent sound 
orresponden
es, identify 
ognate sets, andre
onstru
t their 
orresponding proto-forms.The identi�
ation of 
ognates is not only the key issue in language re
on-stru
tion, but is also important in a number of bitext-related tasks, su
h assenten
e alignment [3, 19, 21, 24℄, indu
ing translation lexi
ons [11, 18℄, and im-proving statisti
al ma
hine translation models [1℄. Most of the appli
ations takeadvantage of the fa
t that nearly all 
o-o

urring 
ognates in bitexts are mutualtranslations. In the 
ontext of bitexts, the term 
ognate usually denotes wordsin di�erent languages that are similar in form and meaning, without making adistin
tion between borrowed and geneti
ally related words.Current approa
hes to 
ognate identi�
ation employ either phoneti
/ortho-graphi
 similarity measures [2, 19, 21, 23℄ or re
urrent sound/letter 
orrespon-den
es [6, 18, 26℄. However, there have been very few attempts to 
ombine dif-�anisk�oh�o�
ikan string of beadsasikan so
k, sto
kingkam�amakos butter
ykost�a�
��win terror, fearmisiy�ew large partridge, hennam�ehpin wild gingernapakihtak boardt�eht�ew green toadwayak�eskw bark
�a�sikan do
k, bridgeanaka'�ekkw barkkipaskosikan medi
inekott�a�
��win fear, alarmm�em��kwan' butter
ymisiss�e turkeynam�epin su
kernapakissakw plankt�ent�e very big toadTable 2. Ex
erpts from the Cree (left) and the Ojibwa (right) vo
abulary lists [9℄.



ferent ways of 
ognate identi�
ation. Yarowsky and Win
entowski [28℄ boot-strap the values of edit 
ost matrix with rough phoneti
 approximations, andthen iteratively re-estimate the matrix in order to derive empiri
ally observed
hara
ter-to-
hara
ter probabilities. Kondrak [13℄ linearly 
ombines a phoneti
s
ore with a semanti
 s
ore of gloss similarity.In this paper, I present a method of integrating distin
t types of eviden
e forthe purpose of 
ognate identi�
ation. In parti
ular, the 
ombined phoneti
 and
orresponden
e-based similarity measures are applied to lists of word pairs, andthe semanti
 similarity of glosses is added on when dealing with vo
abulary lists.The new method 
ombines various similarity s
ores in a prin
ipled way. In termsof a

ura
y, when tested on independently 
ompiled word and vo
abulary lists,it mat
hes or surpasses the results obtained using the method with manuallyset parameters [13℄. Finally, the method makes it possible to utilize 
omplex,multi-phoneme 
orresponden
es for 
ognate identi�
ation.The paper is organized as follows. The next three se
tions provide ba
kgroundon the measures of phoneti
, 
orresponden
e-based, and semanti
 similarity, re-spe
tively, in the 
ontext of 
ognate identi�
ation. After introdu
ing the methodof 
ombining various measures, I des
ribe and dis
uss experimental results onauthenti
 language data. I 
on
lude with a 
omparison of the method presentedhere with another method of identifying 
ognates.2 Phoneti
 SimilaritySurfa
e-form similarity of words 
an be estimated using orthographi
 and/orphoneti
 measures. Simple measures of orthographi
 similarity in
lude edit dis-tan
e [19℄, Di
e's bigram similarity 
oeÆ
ient [2℄, and the Longest CommonSubsequen
e Ratio (LCSR) [21℄. Phoneti
 measures are appli
able if words aregiven in a phoneti
 or phonemi
 trans
ription. ALINE [12℄ is a phoneti
 wordaligner based on multivalued phoneti
 features with salien
e weights. Thanks toits ability to assess the similarity of individual segments, ALINE performs betteron 
ognate identi�
ation than the orthographi
 measures that employ a binaryidentity fun
tion on the level of 
hara
ter 
omparison [13℄.ALINE returns a normalized s
ore in the [0; 1℄ range. The s
ore by itself
an be used to rank 
andidate pairs with respe
t to their phoneti
 similar-ity. However, in order to 
ombine the phoneti
 s
ore with the semanti
 and/or
orresponden
e-based s
ores, it is helpful to 
onvert the s
ore assigned to a pairof words into the probability that they are related. For modeling the distribu-tion of s
ores, I adopt the Beta distribution. The Beta distribution is de�nedover the domain [0; 1℄, and has two free parameters Â and B̂. The relationshipbetween the two parameters and the mean and varian
e of the distribution isthe following:� = ÂÂ+ B̂ �2 = ÂB̂(Â+ B̂)2(Â+ B̂ + 1)
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Fig. 1. Distribution of the phoneti
 s
ores for the unrelated (left) and the 
ognate(right) word pairs, and the 
orresponding Beta distributions.Figure 1 shows the distribution of phoneti
 s
ores between word pairs inthe development set (Cree{Ojibwa) within the 0:04 intervals. The left and rightplot depi
t the phoneti
 s
ore distribution for the unrelated and for the 
ognateword pairs, respe
tively. The parameters of the 
orresponding Beta distributionswere 
al
ulated from the mean and varian
e of the s
ores using the relationshipexpressed in formulas (1) and (2). For unrelated words, the Beta distribution �tsthe distribution of phoneti
 s
ores remarkably well. For 
ognate words, the �t isalso quite good although somewhat less tight, whi
h is not surprising 
onsideringthat the number of 
ognate pairs is several magnitudes times smaller than thenumber of unrelated pairs.3 Corresponden
e-Based Similarity3.1 Determination of Simple Corresponden
esFor the determination of re
urrent sound 
orresponden
es (often referred to sim-ply as 
orresponden
es) I employ the method of indu
ing a translation modelbetween phonemes in two wordlists [14℄. The idea is to relate re
urrent sound
orresponden
es in wordlists to translational equivalen
es in bitexts. The transla-tion model is indu
ed by 
ombining the maximum similarity alignment with the
ompetitive linking algorithm of Melamed [22℄. Melamed's approa
h is basedon the one-to-one assumption, whi
h implies that every word in the bitext isaligned with at most one word on the other side of the bitext. In the 
ontextof the bilingual wordlists, the 
orresponden
es determined under the one-to-oneassumption are restri
ted to link single phonemes to single phonemes. Never-theless, the method is powerful enough to determine valid 
orresponden
es inwordlists in whi
h the fra
tion of 
ognate pairs is well below 50% [14℄.The 
orresponden
e-based similarity s
ore between two words is 
omputed inthe following way. Ea
h valid 
orresponden
e is 
ounted as a link and 
ontributesa 
onstant positive s
ore (no 
rossing links are allowed). Ea
h unlinked segment,with the ex
eption of the segments beyond the rightmost link, is assigned a



smaller negative s
ore. The alignment with the highest s
ore is found usingdynami
 programming [27℄. If more than one best alignment exists, links areassigned the weight averaged over the entire set of best alignments. Finally, thes
ore is normalized by dividing it by the average of the lengths of the two words.3.2 Determination of Complex Corresponden
esKondrak [15℄ proposed an extension of the one-to-one method that is 
apable ofdis
overing 
omplex, `many-to-many" 
orresponden
es. The method is an adap-tation of Melamed's algorithm for dis
overing non-
ompositional 
ompounds inbitexts [20℄. A non-
ompositional 
ompound (NCC) is a word sequen
e, su
has \high s
hool", whose meaning 
annot be synthesized from the meaning ofits 
omponents. Experimental results indi
ate that the method 
an a
hieve upto 90% re
all and pre
ision in determination of 
orresponden
es on vo
abularylists [15℄.When the NCC approa
h is applied, the 
omputation of the similarity s
oreis slightly modi�ed. Segments that represent valid NCCs are fused into singlesegments before the optimal alignment is established. The 
ontribution of a valid
orresponden
e is weighted by the length of the 
orresponden
e. For example,a 
orresponden
e that links three segments on one side with two segments onthe other side is given the weight of 2:5. As before, the s
ore is normalized bydividing it by the average of the lengths of the two words. Therefore, the s
orefor two words in whi
h all segments parti
ipate in links is still guaranteed to be1:0.Figure 2 shows the distribution of 
orresponden
e-based s
ores between wordpairs in the development set (Cree{Ojibwa). For unrelated words, the �t withthe Beta distribution is not as good as in the 
ase of phoneti
 s
ores, but stilla

eptable. For 
ognate words, the Beta distribution fails to a

ount for a num-ber of word pairs that are perfe
tly 
overed by 
orresponden
es (s
ore = 1.0).However, the problem is likely to be less a
ute for language pairs that are notas 
losely related as Cree and Ojibwa.
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Fig. 2. Distribution of the 
orresponden
e-based s
ores for the unrelated (left) and the
ognate (right) word pairs, and the 
orresponding Beta distributions.



3.3 Determination of Corresponden
es in Vo
abulary ListsKondrak [14℄ showed that 
orresponden
es determined with the one-to-one ap-proa
h 
an be su

essfully used for 
ognate identi�
ation in pairs of word lists,where the words are already mat
hed by meanings. However, the task is more
hallenging when 
ognates have to be identi�ed in unstru
tured vo
abulary lists,In vo
abulary lists, as opposed to word lists, words a
ross languages are notneatly mat
hed by meanings; rather, semanti
 similarity has to be inferred fromglosses. Whereas in word lists of related languages the per
entage of 
ognates
an be expe
ted to ex
eed 10%, the probability that randomly sele
ted wordsfrom two vo
abulary lists are 
ognate is usually less than 0:1%. Attempting todetermine 
orresponden
es with su
h a small signal-to-noise ratio is bound tofail. It is ne
essary �rst to identify a smaller set of likely 
ognate pairs, on whi
ha translation model 
an be su

essfully indu
ed.One possible way to determine the set of likely 
ognate pairs is to sele
t n
andidate pairs starting from the top of the ordered list produ
ed by a 
ombinedsemanti
 and phoneti
 approa
h. However, the sele
ted pairs are likely to in
ludemany pairs that exhibit high phoneti
 similarity. When a translation model isindu
ed on su
h set, the strongest 
orresponden
es 
an be expe
ted to 
onsistmostly of pairs of identi
al phonemes.A better approa
h, whi
h is not biased by the phoneti
 similarities betweenphonemes, is to sele
t 
andidate pairs solely on the basis of semanti
 similarity.The idea is to extra
t all vo
abulary entries 
hara
terized by the highest levelof semanti
 similarity, that is, gloss identity. Even though su
h a set is stilllikely to 
ontain mostly unrelated word pairs, the fra
tion of 
ognates may besuÆ
iently large to determine the strongest 
orresponden
es. The determined
orresponden
es 
an then be used to identify 
ognates among all possible wordpairs.4 Semanti
 Similarity FeaturesKondrak [13℄ developed a s
heme for 
omputing semanti
 similarity of glosseson the basis of keyword sele
tion and WordNet [5℄ lexi
al relations. The s
heme
ombines four lexi
al relations and two fo
us levels, whi
h together yield eightsemanti
 similarity levels (Table 3). Keywords are salient words extra
ted fromglosses by a heuristi
 method based on part-of-spee
h tags. If there exists alexi
al relationship in WordNet linking the two glosses or any of their keywords,the semanti
 similarity s
ore is determined a

ording to the s
heme shown inTable 3. The levels of similarity are 
onsidered in des
ending s
ore order, withkeyword identity taking pre
eden
e over gloss hypernymy. The s
ores are not
umulative. The numeri
al values in Table 3 were set manually on the basis ofexperiments with the development set (Cree{Ojibwa).In this paper, I propose to 
onsider the eight semanti
 similarity levels asbinary semanti
 features. Although the features are de�nitely not independent,it may be advantageous to 
onsider their 
ombinations rather than just simply



Lexi
al relation Fo
us levelGloss KeywordIdentity 1.00 0.50Synonymy 0.70 0.35Hypernymy 0.50 0.25Meronymy 0.10 0.05Table 3. Semanti
 similarity features and their numeri
al s
ores [13℄.the most prominent one. For example, gloss hypernymy a

ompanied by keywordsynonymy might 
onstitute stronger eviden
e for a semanti
 relationship thangloss hypernymy alone.In the 
ontext of dete
ting semanti
 similarity of glosses, a transitive sub-sumption relation 
an be de�ned for the semanti
 features. In the followingassertions, the expression \feature A subsumes feature B" should be understoodas \feature B is redundant if feature A is present".1. Gloss identity subsumes other relations involving glosses (e.g. gloss identitysubsumes gloss meronymy).2. Keyword identity subsumes other relations involving keywords.3. Features involving a lexi
al relation between glosses subsume features in-volving the same lexi
al relation between keywords (e.g. gloss hypernymysubsumes keyword hypernymy).4. Synonymy subsumes hypernymy and meronymy, and hypernymy subsumesmeronymy.The resulting partial ordering of features is shown in Figure 3. Assertion 4 isprobably the most debatable.
gloss identity

gloss synonymy

gloss hypernymy

gloss meronymy

keyword identity

keyword hypernymy

keyword meronymy

keyword synonymy

Fig. 3. Partial ordering of semanti
 features.



sem = related to semanti
 similarityph = related to phoneti
 similarityr
 = related to 
orresponden
e-based similarity+ = related to 
ognate pairs� = related to unrelated pairs
ogn = the given pair of words are 
ognate:
ogn = the given pair of words are unrelatedv = feature ve
tor for the given word pairvj = values of the binary semanti
 featuress = numeri
al s
ores for the given word pair (in the [0; 1℄ range)� = partial similarity s
ores� = interpolation parameters (weights)d = probability density fun
tion of the 
orresponding Beta distributionCi = normalizing 
onstants independent of the given word pairTable 4. Symbols used in Se
tion 5.I investigated the following variants of semanti
 feature ordering:LN The linear order that 
orresponds to the semanti
 s
ale originally proposedin [13℄.SP The partial order implied by assertions 1{4, whi
h is shown in Figure 3.WP The weaker version of the partial order, implied by assertions 1{3.NO The unordered set of the eight semanti
 features.MK The feature set 
orresponding to Method K in [13℄, whi
h 
ontains onlythe WordNet-independent features: gloss identity and keyword identity (theformer subsumes the latter).MG The feature set 
orresponding to Method G in [13℄, whi
h 
ontains onlygloss identity.NS Empty set, i.e. no semanti
 features are used (the baseline method).I dis
uss the e�e
t of the feature ordering variants on the overall a

ura
y inSe
tion 6.5 Combining Various Types of Eviden
eIn [13℄, the overall similarity s
ore was 
omputed using a linear 
ombination ofthe semanti
 and the phoneti
 s
ores. The interpolation parameter was deter-mined on a development set. In this paper, I adopt the Naive Bayes approa
hto 
ombining various sour
es of information. The ve
tor v 
onsists of the eightsemanti
 features, the phoneti
 similarity s
ore, and the 
orresponden
e-basedsimilarity s
ore. The overall word-pair similarity s
ore for a pair of words is
omputed by the following formula (see Table 4 for the explanation of symbols):s
ore = p(
ogn j v)p(:
ogn j v) = p(
ogn) � p(v j 
ogn)p(:
ogn) � p(v j :
ogn)) = C1 � p(v j 
ogn)p(v j :
ogn))



= C2 � (Qj p(vj j 
ogn))(Qj p(vj j :
ogn))!�sem ��dph+(sph)dph�(sph)��ph � �dr
+(sr
)dr
�(sr
)��r
It is more 
onvenient to do the 
omputations using logarithms:log s
ore = �sem � �sem + �ph � �ph + �r
 � �r
 + C3where�sem =Xj log p(vj j 
ogn)p(vj j :
ogn) ; �ph = log dph+(sph)dph�(sph)) ; �r
 = log dr
+(sr
)dr
�(sr
) :Sin
e the goal is a relative ranking of 
andidate word-pairs, the exa
t value ofthe normalizing 
onstant C3 is irrelevant.The di�eren
e between the 
urrent method of 
ombining partial s
ores andthe method presented in [13℄ lies in the way the original s
ores are transformedinto probabilities using the Naive Bayes assumption and the Beta distribution.A number of parameters must still be established on a separate training set: the
onditional probability distributions of the semanti
 features, the parameters forthe beta distributions, and the interpolation parameters. However, the valuesof the parameters (ex
ept the interpolation parameters) are set automati
allyrather than manually.6 ResultsThe 
ognate identi�
ation methods were tested on two di�erent data sets: aset of stru
tured word lists of 200 basi
 meanings, and a set of unstru
turedvo
abulary lists 
ontaining thousands of entries with glosses.The a

ura
y of the methods was evaluated by 
omputing the 11-point in-terpolated average pre
ision for the vo
abulary lists, and the n-point averagepre
ision for the word lists (n is the total number of 
ognate pairs in a list). Theoutput of the system is a list of suspe
ted 
ognate pairs sorted by their similaritys
ores. Typi
ally, true 
ognates are very frequent near the top of the list, and be-
ome less frequent towards the bottom. The threshold value that determines the
ut-o� depends on the intended appli
ation, the degree of relatedness betweenlanguages, and the parti
ular method used. Rather than reporting pre
ision andre
all values for an arbitrarily sele
ted threshold, pre
ision is 
omputed at anumber of di�erent re
all levels, and then averaged to yield a single number.In the 
ase of the 11-point average pre
ision, the re
all levels are set at 0%,10%, 20%, . . . , 100%. In the 
ase of the n-point average pre
ision, pre
ision is
al
ulated at ea
h point in the list where a true 
ognate pair is found. In the ex-periments reported below, I uniformly assumed the pre
ision value at 0% re
allto be 1, and the pre
ision value at 100% re
all to be 0.6.1 Results on the Indoeuropean Word ListsThe experiments in this se
tion were performed using a list of 200 basi
 meaningsthat are 
onsidered universal and relatively resistant to lexi
al repla
ement [25℄.



Languages Phoneti
 Simple Complex Phoneti
 Phoneti
+ Simple + ComplexEnglish German .916 .949 .924 .946 .930Fren
h Latin .863 .869 .874 .881 .882English Latin .725 .857 .740 .828 .796German Latin .706 .856 .795 .839 .830English Fren
h .615 .557 .556 .692 .678Fren
h German .504 .525 .526 .575 .572Albanian Latin .618 .613 .621 .696 .659Albanian Fren
h .612 .443 .460 .600 .603Albanian German .323 .307 .307 .395 .398Albanian English .277 .202 .243 .340 .330Average .616 .618 .605 .679 .668Table 5. The average 
ognate identi�
ation pre
ision on the Indoeuropean 200-wordlists for various methods.The development set in
luded six 200-word lists (Italian, Polish, Romanian, Rus-sian, Serbo
roatian and Spanish) adapted from the Comparative IndoeuropeanData Corpus [4℄. The test set 
onsisted of �ve lists (Albanian, English, Fren
h,German, and Latin) 
ompiled by Kessler [10℄. In this experiment, only wordsbelonging to the same semanti
 slot were 
onsidered as possible 
ognates.Table 5 
ompares the average 
ognate identi�
ation pre
ision on the test setobtained using the following methods:Phoneti
 The phoneti
 approa
h, in whi
h 
ognate pairs are ordered a

ord-ing to their phoneti
 similarity s
ore 
omputed by ALINE. The settings ofALINE's parameters are the same as in [12℄.Simple The 
orresponden
e-based approa
h, as des
ribed in [14℄ (method D),in whi
h only simple, one-to-one 
orresponden
es are identi�ed.Complex The 
orresponden
e-based approa
h that identi�es 
omplex, many-to-many 
orresponden
es [15℄.Phoneti
 + Simple The 
ombination of the phoneti
 and the 
orresponden
e-based approa
hes, without utilizing 
omplex 
orresponden
es.Phoneti
 + Complex The 
ombination of the phoneti
 and the 
orrespon-den
e-based approa
hes that utilizes 
omplex 
orresponden
es.In the �nal two variants, the phoneti
 and the 
orresponden
e-based approa
hesare 
ombined using the method des
ribed in Se
tion 5, with the parametersderived from the Italian/Polish word list (the interpolation parameters �ph and�r
 were held equal to 1). This parti
ular language pair was 
hosen be
ause itprodu
ed the best overall results on the development set. However, the relativedi�eren
es in average pre
ision with di�erent training sets did not ex
eed 1%.The results in Table 5 show that both the phoneti
 method and the 
orres-ponden
e-based method obtain similar average 
ognate identi�
ation pre
ision.The 
ombination of the two methods a
hieves a signi�
antly higher pre
ision.



Languages NS MG MK LN SP WP NOFox Menomini .488 .607 .640 .651 .652 .652 .491Fox Cree .508 .682 .678 .698 .694 .694 .549Fox Ojibwa .655 .674 .685 .691 .695 .695 .572Menomini Cree .438 .591 .612 .618 .613 .608 .523Menomini Ojibwa .478 .611 .632 .641 .639 .635 .516Average on test set .513 .633 .649 .660 .658 .657 .530Cree Ojibwa .717 .783 .785 .787 .784 .784 .722Table 6. The average pre
ision on the Algonquian vo
abulary lists obtained by 
om-bining the semanti
 similarity features, the phoneti
 similarity s
ore, and the 
omplex-
orresponden
e-based similarity s
ore.Surprisingly, the in
orporation of 
omplex 
orresponden
es has a slightly nega-tive e�e
t on the results. A 
lose examination of the results indi
ates that fewuseful 
omplex 
orresponden
es were identi�ed by the NCC algorithm in the200-word Indoeuropean lists. This may be 
aused by the small overall numberof 
ognate pairs (57 per language pair, on average) or simply by the pau
ity ofre
urrent 
omplex 
orresponden
es.Additional experiments showed that straightforward averaging of the pho-neti
 and the 
orresponden
e-based s
ores produ
es results that are quite similarto the results obtained using the method des
ribed in Se
tion 5. On the test set,the straightforward method a
hieves the average pre
ision of :683 with simple
orresponden
es, and :680 with 
omplex 
orresponden
es.6.2 Results on the Algonquian Vo
abulary ListsThe 
ognate identi�
ation method was also tested on noun portions of fourAlgonquian vo
abulary lists [9℄. The lists representing Fox, Menomini, Cree,and Ojibwa 
ontain over 4000 noun entries in total. The results were evaluatedagainst an ele
troni
 version of the Algonquian etymologi
al di
tionary [8℄. Thedi
tionary 
ontains 4,068 
ognate sets, in
luding 853 marked as nouns. The Cree{Ojibwa language pair was used as the development set, while the remaining �vepairs served as the test set. The proportion of 
ognates in the set of word-pairsthat have at least one gloss in 
ommon was 33.1% in the development set andranged from 17.5% to 26.3% in the test set.Table 6 shows the average pre
ision obtained on the Algonquian data by
ombining the phoneti
, semanti
 and (
omplex) 
orresponden
e-based similar-ity using the method presented in Se
tion 5. The 
olumns 
orrespond to variantsof semanti
 feature ordering de�ned in Se
tion 4. The numbers shown in boldtype in the left-most four 
olumns 
an be dire
tly 
ompared to the 
orrespond-ing results obtained using the method des
ribed in [13℄. The latter method,whi
h uses the linear 
ombination of the phoneti
 and the semanti
 similaritys
ores (set a

ording to Table 3), a
hieved the 11-point average pre
ision of .430,.596, .617, and .628, for variants NS, MG, MK, and LN, respe
tively. Therefore,



Methods Corresponden
esNone Simple Complex| | .448 .473Phoneti
 .430 .472 .513Semanti
 .227 .633 .625Phoneti
 + Semanti
 .631 .652 .660Table 7. The average pre
ision on the Algonquian vo
abulary lists (test set only)obtained by 
ombining various methods.the improvement ranges from 5% (LN) to nearly 20% (NS). When all semanti
features are utilized (
olumns LN, SP, WP, and NO), there is hardly any dif-feren
e in average pre
ision between alternative orderings of semanti
 features(LN, SP, WP). However, applying the features without any ordering (NO) isalmost equivalent to using no semanti
s at all (NS).Table 7 provides more details on the 
ontribution of various types of eviden
eto the overall average pre
ision. For example, the merger of the phoneti
 andthe semanti
 similarity with no re
ourse to 
orresponden
es a
hieves the aver-age pre
ision of :631. (not signi�
antly better than the average pre
ision of :628obtained using the method des
ribed in [13℄). Repla
ing the phoneti
 similaritywith the (simple) 
orresponden
e-based similarity has little in
uen
e on the av-erage pre
ision: .448 vs .430 without semanti
s, and .633 vs. .631 with semanti
s.The advantage provided by 
omplex 
orresponden
es all but disappears when alltypes of eviden
e are 
ombined (.660 vs. .652). Relying on gloss similarity aloneis inadequate (.227) be
ause no 
ontinuous s
ore is available to order 
andidatepairs within the semanti
 similarity 
lasses.The tests were performed with the following parameter settings: semanti
feature ordering { linear (LN); parameters for 
omputing phoneti
 similarity {as in [13℄; parameters for 
omputing the 
orresponden
e-based s
ore { as in [14℄(
omplex 
orresponden
es limited to 
onsonant 
lusters); number of iterationsof the NCC algorithm | 12, as in [15℄. When two types of eviden
e were 
om-bined, the interpolation parameters were held equal to 1. With all three typesof eviden
e, the interpolation parameters were �sem = 2, �ph = 1, and �r
 = 1.The 
hoi
e of values for the interpolation parameters requires further expla-nation. The weights used for the �nal testing were sele
ted be
ause they arerelatively simple and result in near-maximum average pre
ision on the train-ing data. They also have a theoreti
al justi�
ation. Both the phoneti
 and the
orresponden
e-based similarity measures are 
al
ulated on the basis of the pho-neti
 trans
ription of words. Moreover, re
urrent 
orresponden
es are 
omposedmostly of similar or identi
al phonemes. In 
ontrast, the semanti
 similarity mea-sure is based ex
lusively on glosses. The experiments performed on the trainingset suggested that the best results are obtained by assigning approximately equalweight to the gloss-based eviden
e and to the lexeme-based measures. The re-sults in Tables 7 and 6 re
e
t this observation. If the weights are equal for all



three types of eviden
e, the average pre
ision drops to :616 with the simple
orresponden
es, and to :639 with the 
omplex 
orresponden
es.7 Computing Similarity vs. Generating Proto Proje
tionsIt is interesting to 
ompare the method des
ribed here to the method that wasoriginally used to 
ompile the etymologi
al di
tionary [8℄, whi
h served as ourgold standard, from the vo
abulary lists [9℄, whi
h also 
onstituted our test datain Se
tion 6.2. The method [7℄ is based on generating proto-proje
tions (
andi-date proto-forms) of the lexemes o

urring in the vo
abulary lists of the daughterlanguages. For example, assuming that the 
onsonant 
luster �s�s in Ojibwa is are
ex of either *h�s or *q�s in Proto-Algonquian, the proto-proje
tions of Ojibwami�s�si 'pie
e of �rewood' would in
lude *mih�si and *miq�si. The 
ognate iden-ti�
ation pro
ess su

eeds if the interse
tion of the sets of proto-proje
tionsgenerated from distin
t daughter languages is not empty. The set interse
tionoperation was implemented by alphabeti
ally sorting all proto-proje
tions. Thepotential 
ognate sets were subsequently analyzed by a linguist in order to de-termine whether they were in fa
t re
exes of the same proto-form and, if thatwas the 
ase, to re
onstru
t the proto-form.Hewson's method has a number of disadvantages. It is based ex
lusively onre
urrent sound 
orresponden
es, with no re
ourse to potentially valuable pho-neti
 and semanti
 information. It requires the user to provide a 
omplete tableof 
orresponden
es between daughter languages and the re
onstru
ted proto-language. Sin
e su
h a table of 
orresponden
es is established on the basis ofmultiple sets of 
on�rmed 
ognates, the method is appli
able only to languagefamilies that have already been throughly analyzed. In addition, the numberof proto-proje
tions in
reases 
ombinatorially with the number of ambiguousre
exes that o

ur in a word. Anything less than a perfe
t mat
h of 
orrespon-den
es may result in a 
ognate pair being overlooked.Table 8 
ontains some interesting examples of Algonquian 
ognate pairs thatare not found in Hewson's di
tionary, but are re
ognized by the implemen-tation of the method proposed in this paper. Their semanti
, phoneti
, and
orresponden
e-based similarity 
onsidered in isolation may not be suÆ
ient fortheir identi�
ation, but 
ombining all three types of eviden
e results in a highoverall similarity s
ore. In parti
ular, su
h pairs are bound to be missed byany approa
h that requires the identity of glosses as the ne
essary 
ondition for
onsideration.8 Con
lusionI have proposed a method of 
ombining various types of eviden
e for the task ofautomati
 
ognate identi�
ation. In many 
ases, the new method a
hieves highera

ura
y than the method based on the linear 
ombination of s
ores. Moreover,the new method does not require manual parameter tuning, but instead 
an betrained on data from other language pairs.



# Lang. Lexeme Gloss WordNet relationCree m�os�ap�ew `unmarried man'1 Men. m�os�ap�ewew `ba
helor, single man' gloss synonymyFox ke�s�emanet�owa `great spirit'2 Men. kes�emanet�ow `god' noneCree w��hk�es `sweet-
ag'3 Ojib. w��kk�en' `iris' keyword hypernymyMen. en�ohekan `pointer'4 Ojib. in�o'ikan `that whi
h is pointed at' noneFox m��k�atiweni `�ght'5 Men. m��k�atwan `war, �ghting' gloss synonymyFox at�amina `maize-plant'6 Ojib. mant�amin `grain of 
orn' keyword synonymyFox �ates�ohk�akana `sa
red story'7 Ojib. �atiss�okk�an `story or legend' keyword identityTable 8. Examples of 
ognate pairs not in
luded in Hewson's di
tionary.The method proposed here is appli
able both to stru
tured (word lists) andunstru
tured (vo
abulary lists) data. Apart from assisting the 
omparative lin-guists in proto-language re
onstru
tion, it 
an be used to dramati
ally speedup the pro
ess of produ
ing etymologi
al di
tionaries, even when little is knownabout the languages in question. The results of the experiments show that it ispossible to dis
over a large number of 
ognates with good pre
ision. To take theFox{Menomini pair as an example, 70% re
all at 50% pre
ision signi�es that thetop 170 
andidates 
ontain 85 out of 121 existing 
ognate pairs. Moreover, manyof the apparent false positives are in fa
t 
ognates or lexemes that are related insome way.This paper belongs to a line of resear
h that has already resulted in ap-pli
ations in su
h diverse areas as statisti
al ma
hine translation [17℄ and theidenti�
ation of 
onfusable drug names [16℄. In the long run, su
h appli
ationsmay prove more important than the original linguisti
 motivation of the resear
hthat led to them. However, the language re
onstru
tion framework is parti
ularlywell-suited for formulating the driving problems and for testing the proposed so-lutions.A
knowledgmentsThanks to Colin Cherry, Russ Greiner, Dekang Lin, Dan Lizotte, and Dale S
hu-urmans for 
omments and advi
e. This resear
h was supported by the NaturalS
ien
es and Engineering Resear
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