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Abstract English Latin
| present a novel approach to the determination ten deke ‘ten

of recurrent sound correspondences in bilingual tu dgo ‘wo
wordlists. The idea is to relate correspondences be- 't g ‘eat b
tween sounds in wordlists to translational equiva- tue _ednt oot
lences between words in bitexts (bilingual corpora). nest ni nest
ni gen knee

My method induces models of sound correspon-
dence that are similar to models developed for sta-
tistical machine translation. The experiments show
that the method is able to determine recurrent sound
correspondences in bilingual wordlists in which less

than 30% of the pairs are cognates. By empIOy'Table 1: Examples of English-Latin cognates

ing the discovered correspondences, the method Caé?(hibiting correspondences.  The corresponding

id_entify cognates with_higher accuracy than the Iore'phonemes shown in boldface originate from a sin-
viously reported algorithms.

gle proto-phoneme.

nefju nepot ‘nephew
fut p ed ‘foot’
fom spum ‘foam’
wulf lup ‘wolf’

1 Introduction

Genetically related languages often exhibit recurfrom unprocessed bilingual wordlists could be of
rent sound correspondences (henceforth referred @reat assistance to historical linguists. TRecon-
simply as correspondences) in words with similarstruction EngingLowe and Mazaudon, 1994), a set
meaning. For examplet:d, 6:t, n:n, and other of programs designed to be an aid in language re-
known correspondences between English and Latigonstruction, requires a set of correspondences to
are demonstrated by the word pairs in Table 1. Worde provided beforehand.
pairs that contain such correspondences are called The determination of correspondences is closely
cognates because they originate from the samerelated to another task that has been much stud-
protoform in the ancestor language. Corresponied in computational linguistics, the identification
dences in cognates are preserved over time thanks @§ cognates. Cognates have been employed for
the regularity of sound changes, which normally ap-sentence and word alignment in bitexts (Simard
ply to sounds in a given phonological context acrosst al., 1992; Melamed, 1999), improving statisti-
all words in the language. cal machine translation models (Al-Onaizan et al.,
The determination of correspondences is the prind999), and inducing translation lexicons (Koehn
cipal step of the comparative method of languageand Knight, 2001). Some of the proposed cognate
reconstruction. Not only does it provide evidenceidentification algorithms implicitly determine and
for the relatedness of languages, but it also makeemploy correspondences (Tiedemann, 1999; Mann
it possible to distinguish cognates from loan wordsand Yarowsky, 2001).
and chance resemblances. However, because man-Although it may not be immediately apparent,
ual determination of correspondences is an exthere is a strong similarity between the task of
tremely time-consuming process, it has yet to be acmatching phonetic segments in a pair of cognate
complished for many proposed language familieswords, and the task of matching words in two sen-
A system able to perform this task automaticallytences that are mutual translations (Figure 1). The



Snow lies  on  the ground correspondences are. Historical linguists solve this
\ \ / apparent circularity by guessing a small number of
Nix  iacet in terra likely cognates and refining the set of correspon-
dences and cognates in an iterative fashion.
Guy (1994) outlines an algorithm for identifying
w u I f . . . . .
cognates in bilingual wordlists which is based on
/ / correspondences. The algorithm estimates the prob-
| u p ability of phoneme correspondences by employing
_ S _ ~ a variant of thex? statistic on a contingency ta-
Figure 1: The similarity of word alignment in bi- pje which indicates how often two phonemes co-
texts and phoneme alignment between cognates. gccur in words of the same meaning. The prob-
abilities are then converted into the estimates of

consistency with which a word in one language iscognation by means of some experimentation-based
translated into a word in another language is mir-heuristics. The paper does not contain any eval-
rored by the consistency of sound correspondencesiation on authentic language data, but Guy’s pro-
The former is due to the semantic relation of syn-gram COGNATE, which implements the algorithm,
onymy, while the latter follows from the princip|e is pUbIlCIy available. An eXperimentaI evaluation of
of the regularity of sound change. Thus, as alreadyfeOGNATE is described in Section 6.
asserted by Guy (1994), it should be possible to use Oakes (2000) describes a set of programs that
similar techniques for both tasks. together perform several steps of the comparative
The primary objective of the method proposed inmethod, from the determination of correspondences
this paper is the automatic determination of corredn wordlists to the actual reconstruction of the proto-
spondences in bilingual wordlists, such as the ondorms. Word pairs are considered cognate if their
in Table 1. The method exploits the idea of relat-€dit distance is below a certain threshold. The edit
ing correspondences in bilingual wordlists to trans-Operations cover a number of sound-change cate-
lational equivalence associations in bitexts througtgories. Sound correspondences are deemed to be
the employment of models developed in the contegular if they are found to occur more than once in
text of statistical machine translation, The secondhe data. The paper describes experimental results
task addressed in this paper is the identification off running the programs on a set of wordlists rep-
cognates on the basis of the discovered corresporiesenting four Indonesian languages, and compares
dences. The experiments to be described in Sedhose to the reconstructions found in the linguistic
tion 6 show that the method is capable of determinliterature. Section 6 contains an evaluation of one
ing correspondences in bilingual wordlists in which of the programs in the set, JAKARTA, on the cog-
less than 30% of the pairs are cognates, and oufate identification task.
performs comparable algorithms on cognate identi-
fication. Although the experiments focus on bilin- 3 Models of translational equivalence
gual wordlists, the approach presented in this pape,
could potentially be applied to other bitext-related
tasks.

statistical machine translation, a translation
model approximates the probability that two sen-
tences are mutual translations by computing the
product of the probabilities that each word in the
2 Related work target sentence is a translation of some source lan-
In a schematic description of the comparativeguage word. A model of translation equivalence that
method, the two steps that precede the determidetermines the word translation probabilities can be
nation of correspondences are the identification ofnducedfrom bitexts. The difficulty lies in the fact
cognate pairs (Kondrak, 2001), and their phonetidhat the mapping, or alignment, of words between
alignment (Kondrak, 2000). Indeed, if a compre-two parts of a bitext is not known in advance.
hensive set of correctly aligned cognate pairs is Algorithms for word alignment in bitexts aim at
available, the correspondences could be extractediscovering word pairs that are mutual translations.
by simply following the alignment links. Unfortu- A straightforward approach is to estimate the likeli-
nately, in order to make reliable judgments of cog-hood that words are mutual translations by comput-
nation, it is necessary to know in advance what theéng a similarity function based on a co-occurrence



statistic, such as mutual information, Dice coeffi-defined as:

cient, or thex? test. The underlying assumption is _ N
that the association scores for different word pairs gcore,(u,v) = log B(links(u,v) |coodu, v),A™)
are independent of each other. ’ B(links(u, V) |cooqu,Vv),A )

Melamed (2000) shows that the assumption of in- - )
dependence leads to invalid word associations, anyhereB(k|n, p) denotes the probability dt being

proposes an algorithm for inducing models of trans-9enerated from a binomial distribution with param-
lational equivalence that outperform the models thaftersn andp. _ . _

are based solely on co-occurrence counts. His mod- I Method C, bitext tokens are divided into
els employ theone-to-oneassumption, which for- classes, such as content words, function words,
malizes the observation that most words in bitextgPunctuation, etc., with the aim of producing more
are translated to a single word in the correspond@ccurate trgnslatlon models. The auxiliary parame-
ing sentence. The algorithm, which is related toters are estimated separately for each class.

the expectation-maximization (EM) algorithm, iter-

atively re-estimates thiéelihood scoresvhich rep- score;(u,v|Z = clasgu,v)) =
resent the probability that two word types are mu- B(links(u,Vv) | coodu,Vv),A3)
tual translations. In the first step, the scores are B(links(u, V)| cooqu, v), ;)

initialized according to the5? statistic (Dunning,
1993). Next, the likelihood scores are used to in-4 Models of sound correspondence

f -to-ormk k , ,
duce a set of one-to-orliaks between word tokens Thanks to its generality and symmetry, Melamed'’s

in the bitext. The links are determined by a greedy arameter estimation process can be adapted to the
competitive linkingalgorithm, which proceeds to P P P

link pairs that have the highest likelihood scores.prObIem of determining correspondences. The main

After the linking is completed, the link counts are ?dea Is to induce a model of sound correspondence

used to re-estimate the likelihood scores, which inh & bilingual wordlist, in the Same way as one in-
turn are applied to find a new set of links. Theduces a model of translational equivalence among
process is repeated until the translation model conWordS in a parallel corpus. .After the_ model'hag con-
verges to the desired degree verged, phoneme pairs with the highest likelihood

Melamed presents three translation-model estiscores represent the most likely correspondences.
mation methgds Method A re-estimates the like- While there are strong similarities between the
' task of estimating translational equivalence of

lihood scores as the logarithm of the probability OfWords and the task of determining recurrent corre-

jointly generating the pair of wordsandv. spondences of sounds, a number of important modi-
fications to Melamed’s original algorithm are neces-
_ sary in order to make it applicable to the latter task.
S v links(U, V) The modifications include the method of finding a
good alignment, the handling of null links, and the
where links(u,v) denotes the number of links in- method of computing the alignment score.
duced between andv. Note that the co-occurrence  For the task at hand, | employ a different method
counts ofu andv are not used for the re-estimation, of aligning the segments in two corresponding se-
In Method B, an explicit noise model with auxil- quences. In sentence translation, the alignment
iary parameterad ™ and\— is constructed in order to links frequently cross and it is not unusual for two
improve the estimation of likelihood scored is  words in different parts of sentences to correspond.
a probability that a link is induced between two co-In contrast, the processes that lead to link inter-
occurring words that are mutual translations, whilesection in diachronic phonology, such metathe-
A~ is a probability that a link is induced between sis are quite sporadic. The introduction of the
two co-occurring words that are not mutual trans-no-crossing-links constrairgn alignments not only
lations. Ideally,A* should be close to one aidd  leads to a dramatic reduction of the search space, but
should be close to zero. The actual values of the twalso makes it possible to replace the approximate
parameters are calculated by the maximum likeli-competitive-linking algorithm of Melamed with a
hood estimation. Letoodu,v) be the number of variant of the well-known dynamic programming
co-occurrences ofl andv. The scorefunction is  algorithm (Wagner and Fischer, 1974; Kondrak,

links(u, v)

scorey(u,v) = log



2000), which computes theptimal alignment be- weight assigned to every induced link. (A lower
tween two strings in polynomial time. ratio causes the program to be more adventurous
Null links in statistical machine translation are in positing sparse links.) The parametezontrols
induced for words on one side of the bitext thatthe tradeoff between reliability and the number of
have no clear counterparts on the other side of thénks. In Method A, the value of is the minimum
bitext. Melamed’s algorithm explicitly calculates number of phoneme links that have to be induced
the likelihood scores of null links for every word for the correspondence to be valid. In methods B,
type occurring in a bitext. In diachronic phonol- C, and D, the value of implies a likelihood score
ogy, phonological processes that lead to insertionhreshold oft - Iogﬁ—f, which is a score achieved by
or deletion of segments usually operate on individ-a pair of phonemes that hatdinks out oft co-
ual words rather than on particular sounds across theccurrences. In the experiments reported in Sec-
language. Therefore, | model insertion and deletiortion 6, d was set to (5, andt was set to 1 (suf-
by employing a constarnhdel penalty for unlinked ficient to reject all non-recurring correspondences).
segments. In Method D, where the lack of vowel links causes
The alignment score between two words is com-+he linking constraints to be weaker, a higher value
puted by summing the number of induced links, andof t = 3 was used. These parameter values were op-
applying an indel penalty for each unlinked seg-timized on the development set described below.
ment, with the exception of the segments beyond the
rightmost link. The exception reflects the relative® Evaluation
instability of word endings in the course of linguis- g 1 The data for experiments

tic evolution. In order to avoid inducing links that The experiments in this section were performed us-
are unlikely to represent recurrent sound correspon- P P

dences, only pairs whose likelihood scores exceed 09 a_well-knovyn list of 200 bas_lc meanings that are
set threshold are linked. All correspondences abovgonydered universal and relatively resistant to lex-
the threshold are considered to be equally valid. | cal replacgment (Swadesh, 1952)'. Th_e _Swadesh
the cases where more than one best alignment 00-word lists are widely used in linguistics and
found, each link is assigned a weight that is its av- ave been compiled for a large number of lan-

. . uages.
erage over the entire set of best alignments (for ex9 .
ample, a link present in only one of two competing The development set consisted of three 200-word

: : : list pairs adapted from the Comparative Indoeuro-
alignments receives the weight abj. pean Data Corpus (Dyen et al.,, 1992). The cor-
pus contains the 200-word lists for a number of
Indoeuropean languages together with cognation
The method described above has been implementgddgments made by a renowned historical linguist
as a C++ program, named CORDI, which will soonlIsidore Dyen. Unfortunately, the words are rep-
be made publicly available. The program takes asesented in the Roman alphabet without any dia-
input a bilingual wordlist and produces an orderedcritical marks, which makes them unsuitable for
list of correspondences. A model for a 200-pair listautomatic phonetic analysis. The Polish—-Russian,
usually converges after 3-5 iterations, which takesSpanish—Romanian, and Italian—Serbocroatian were
only a few seconds on a Sparc workstation. Theselected because they represent three different levels
user can choose between methods A, B, and C, def relatedness (73.5%, 58.5%, and 25.3% of cognate
scribed in Section 3, and an additional Method D. Inpairs, respectively), and also because they have rel-
Method C, phonemes are divided into two classesatively transparent grapheme-to-phoneme conver-
non-syllabic (consonants and glides), and syllabicsion rules. They were transcribed into a phonetic
(vowels); links between phonemes belonging to dif-notation by means d®erl scripts and then stemmed
ferent classes are not induced. Method D differsand corrected manually.
from Method C in that the syllabic phonemes do not The test set consisted of five 200-word lists repre-
participate in any links. senting English, German, French, Latin, and Alba-

Adjustable parameters include the indel penaltynian, compiled by Kessler (2001) As the lists con-
ratio d and the minimum-strength correspondencetain rich phonetic and morphological information,
thresholdt. The parameted fixes the ratio be- the stemmed forms were automatically converted
tween the negative indel weight and the positivefrom the XML format with virtually no extra pro-

5 Implementation



cessing. The word pairs classified by Kessler a$.3 Identification of cognates in word pairs

doubtful cognates were assumed to be unrelated. The quality of correspondences produced by
CORDI is difficult to validate, quantify, and com-
6.2 Determination of correspondences inword pare with the results of alternative approaches.
pairs However, it is possible to evaluate the correspon-
dences indirectly by using them to identify cog-
Experiments show that CORDI has little difficulty nates. The likelihood of cognation of a pair of words
in determining correspondences given a set of cogincreases with the number of correspondences that
nate pairs (Kondrak, 2002) However, the assumpthey contain. Since CORDI explicitly posits corre-
tion that a set of identified cognates is already avail-spondence links between words, the likelihood of
able as the input for the program is not very plausi-cognation can be estimated by simply dividing the
ble. The very existence of a reliable set of cognatenumber of induced links by the length of the words
pairs implies that the languages in question have althat are being compared. A minimum-length pa-
ready been thoroughly analyzed and that the sounchmeter can be set in order to avoid computing cog-
correspondences are known. A more realistic ination estimates for very short words, which tend to
put requirement is a list of word pairs from two be unreliable.
languages such that the corresponding words have
the same, well-defined meaning. Determining cor-

ri word pair cognate? i pj

respondences in a list of synonyms is clearly a more ; ;[E:/t///kl;?rdd// %gs 1 1.00
challenging task than extracting them from a list of 3 Jsol/niw/  yes > 0.66

reliable cognates because the non-cognate pairs in-
troduce noise into the data. Note that Melamed’s Table 3: An example ranking of cognate pairs.
original algorithm is designed to operate on aligned

sentences that are guaranteed to be mutual transla-pg eyajuation method for cognate identification
tions. algorithms adopted in this section is to apply them
to a bilingual wordlist and order the pairs accord-

cooc links score valid ing to their scores (refer to Table 3). The ranking

rr 26 24 158.7 yes is then evaluated against a gold standard by com-
nn 24 23 1542 yes puting then-point average precision, a generaliza-
td 18 18 1224 yes tion of the 11-point average precision, wherés

kk 12 11 725 yes the total number of cognate pairs in the list. The
ss 11 10 657 yes n-point average precision is obtained by taking the
fp 9 9 612 yes average oh precision values that are calculated for
m:m 10 9 589 yes each point in the list where we find a cognate pair:
dt 10 8 498 no pi = +,i = 1,...,n, wherei is the number of the
L 14 9 497 yes cognate pair counting from the top of the list pro-
hk 7 7 476 yes duced by the algorithm, and is the rank of this

. . . . ognate pair among all word pairs. Théoint pre-
'tlj'at)cl:eoi\;gngllsh—Latm corresgondences discoveredlision of the ranking in Table 3 i€l.0+0.66) /2 =
y In noisy synonym data. 0.83. The expected-point precision of a program
that randomly orders word pairs is close to the pro-
In order to test CORDI’s ability to determine cor- portion of cognate pairs in the list.
respondences in noisy data, Method D was applied
to the 200-word lists for English and Latin. Only Languages A B Meth((:)d D
29% of word pairs are actually cognate; the remain-—_ :
ing 71% of the pairs are unrelated lexemes. Th%OIISh . Russuf;m 989 .994 .994 .986
top ten correspondences discovered by the progra omanian Spanish .898 .948 .948 .875
are shown in Table 2. Remarkably, all but one areltal""‘n Serbocr. 499 455 .527 615
valid. In contrast, only four of the top ten phoneme
matchings picked up by the statistic are valid cor-  Table 4: Average cognate identification precision on
respondences (the validity judgements are my own)the development set for various methods.




Languages Proportion COGNATE  JAKARTA Method

of cognates A B C D
English German .590 .878 .888 936  .957.952 .950
French Latin .560 .867 787 .843 914 .838 .866
English Latin .290 .590 447 .584 .641 .749  .853
German Latin .290 532 .518 617 723 736 .857
English French 275 324 411 .482 .528 545 559
French German .245 .390 .406 347 .502 487  .528
Albanian Latin 195 449 455 403 432 .568  .606
Albanian French .165 .306 432 .249 .292 319 437
Albanian German 125 277 .248 .156 A77 154 312
Albanian English .100 .225 227 302 _ .373 .319 .196
Average .283 484 482 492 554 .567 .616

Table 5: Average cognate identification precision on the test set for various methods.

Table 4 compares the average precision achievequite similar, even though they represent two rad-
by methods A, B, C, and D on the development setically different approaches to cognate identifica-
The cognation judgments from the Comparative In-tion. On average, methods B, C, and D outper-
doeuropean Data Corpus served as the gold staferm both comparison programs. On closely re-
dard. lated languages, Method B, with its relatively un-

All four methods proposed in this paper as well constrained linking, achieves the highest precision.
as other cognate identification programs were uniMethod D, which considers only consonants, is
formly applied to the test set representing five In-the best on fairly remote languages, where vowel
doeuropean languages. Apart from the English-correspondences tend to be weak. The only ex-
German and the French—Latin pairs, all remainingception is the extremely difficult Albanian—English
language pairs are quite challenging for a cognatgair, where the relative ordering of methods seems
identification program. In many cases, the gold-to be accidental. As expected, Method A is out-
standard cognate judgments distill the findings ofperformed by methods that employ an explicit noise
decades of linguistic research. In fact, for some ofmodel. However, in spite of its extra complexity,
those pairs, Kessler finds it difficult to show by sta-Method C is not consistently better than Method B,
tistical techniques that the surface regularities ar@perhaps because of its inability to detect important
unlikely to be due to chance. Nevertheless, in orvowel-consonant correspondences, such as the ones
der to avoid making subjective choices, CORDI wasbetween French nasal vowels and Latin /n/.

evaluated on all possible language pairs in Kessler's _
set. 7 Conclusions and future work

Two programs mentioned in Section 2, COG-| have presented a novel approach to the determi-
NATE and JAKARTA, were also applied to the test nation of correspondences in bilingual wordlists.
set. The source code of JAKARTA was obtained di-The results of experiments indicate that the ap-
rectly from the author and slightly modified accord- proach is robust enough to handle a substantial
ing to his instructions in order to make it recognizeamount of noise that is introduced by unrelated
additional phonemes. Word pairs were ordered acword pairs. CORDI does well even when the
cording to the confidence scores in the case of COGaumber of non-cognate pairs is more than double
NATE, and according to the edit distances in thethe number of cognate pairs. When tested on the
case of JAKARTA. Since the other two programs cognate-identification task, CORDI achieves sub-
do not impose any length constraints on words, th&tantially higher precision than comparable pro-
minimum-length parameter was not used in the exgrams. The correspondences are explicitly posited,
periments described here. which means that, unlike in some statistical ap-

The results on the test set are shown in Table 5proaches, they can be verified by examining indi-
The best result for each language pair is underlinedvidual cognate pairs. In contrast with approaches
The performance of COGNATE and JAKARTA is that assume a rigid alignment based on the syl-



labic structure, the models presented here can link ceedings of the 2001 Conference on Empirical Meth-
phonemes in any word position. ods in Natural Language Processingages 27-35.
Currently, | am working on the incorporation of Grzegorz Kondrak. 2000. A new algorithm for the
complex correspondences into the cognate identifi- 2lignment of phonetic Se_q“e”]?eﬁ- F"mcer?d'”gs of
cation algorithm by employing Melamed's (1997) NAACL 2000: 1st Meeting of the North American
. . . o Chapter of the Association for Computational Lin-
algorithm for discovering non-compositional com- P
. lel h . | guistics pages 288-295.
pounds in parallel data. Such an extension woulgs;eqor7 Kondrak. 2001. Identifying cognates by pho-
overcome the limitation of the one-to-one model, netic and semantic similarity. IProceedings of
in which links are induced only between individual NAACL 2001: 2nd Meeting of the North American
phonemes. Other possible extensions include taking Chapter of the Association for Computational Lin-
into account the phonological context of correspon-  guistics pages 103-110.
dences, combining the correspondence-based afzegorz Kondrak. 2002Algorithms for Language Re-
proach with phonetic-based approaches, and iden- construction Ph.D. thesis, University of Toronto.
tifying correspondences and cognates directly in Available at http.//wwvx_/.cs.toronto.edukondrak.
dictionary-type data John B. Lowe and Martine Mazaudon. 1994. The re-
The results presénted here prove that the tech- construction engine: a computer implementation of

. : o the comparative methodComputational Linguistics
niques developed in the context of statistical ma- 20:381-417.

chine translation can be successfully applied to &ideon S. Mann and David Yarowsky. 2001. Multipath
problem in diachronic phonology. The transfer of translation lexicon induction via bridge languages. In
methods and insights should also be possible in the Proceedings of NAACL 2001: 2nd Meeting of the
other direction. North American Chapter of the Association for Com-
putational Linguisticspages 151-158.
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