
`Irrefragable answers'using 
omparable 
orpora to retrieve translation equivalentsSerge Sharo�, Bogdan Baby
h and Anthony HartleyCentre for Translation Studies, University of LeedsAbstra
t. In this paper we present a tool that uses 
omparable 
orpora to �ndappropriate translation equivalents for expressions that are 
onsidered by translatorsas di�
ult. For a phrase in the sour
e language the tool identi�es a range of possibleexpressions used in similar 
ontexts in target language 
orpora and presents themto the translator as a list of suggestions. In the paper we dis
uss the method andpresent results of human evaluation of the performan
e of the tool, whi
h highlightits usefulness when di
tionary solutions are la
king.Keywords: Large 
omparable 
orpora, translation equivalents, multiword expres-sions, distributional similarity 1. Introdu
tionThere is no doubt that both professional and trainee translators need a
-
ess to authenti
 data provided by 
orpora. With respe
t to polysemouslexi
al items, bilingual di
tionaries list several translation equivalentsfor a headword, but words taken in their 
ontexts 
an be translatedin many more ways than indi
ated in di
tionaries. For instan
e, theOxford Russian Di
tionary (ORD) la
ks a translation for the Russianexpression èñ÷åðïûâàþùèé îòâåò (`exhaustive answer'), while the Mul-titran Russian-English di
tionary suggests that it 
an be translated asirrefragable answer. Yet this expression is extremely rare in English; onthe Internet it o

urs mostly in pages produ
ed by Russian speakers.On the other hand, translations for polysemous words are too nu-merous to be listed for all possible 
ontexts. For example, the entryfor strong in ORD already has 57 subentries and yet it fails to men-tion many word 
ombinations frequent in the British National Cor-pus (BNC), su
h as strong {feeling, �eld, opposition, sense, voi
e}.Strong voi
e is also not listed in the Oxford Fren
h, German or SpanishDi
tionaries.There has been surprisingly little resear
h on 
omputational meth-ods for �nding translation equivalents of words from the general lex-i
on. Pra
ti
ally all previous studies have 
on
erned dete
tion of ter-minologi
al equivalen
e, e.g. (Dagan and Chur
h, 1997; Grefenstette,2002; Daille and Morin, 2005). At the same time, translators oftenexperien
e more di�
ulty in dealing with expressions from the gen-
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2 Sharo�, Baby
h, Hartleyeral lexi
on be
ause of their polysemy, whi
h is re�e
ted di�erently inthe target language, thus 
ausing the dependen
y of their translationon the 
orresponding 
ontext. Su
h variation is often not 
aptured bydi
tionaries.Be
ause of their importan
e, words from the general lexi
on are stud-ied by translation resear
hers, and 
omparable 
orpora are in
reasinglyused in translation pra
ti
e and training (Zanettin, 1998). However,su
h studies are mostly 
on�ned to lexi
ographi
 exer
ises, whi
h 
om-pare the 
ontexts and fun
tions of potential translation equivalents on
ethey are known, for instan
e, absolutely vs. assolutamente in Italian(Partington, 1998). Su
h studies do not provide a 
omputational modelfor �nding appropriate translation equivalents for expressions that arenot listed or are inadequate in di
tionaries.Parallel 
orpora, 
onsisting of original texts and their exa
t trans-lations, provide a useful supplement to de
ontextualised translationequivalents listed in di
tionaries. However, parallel 
orpora are notrepresentative. Many of them are in the range of a few million words,whi
h is simply too small to a

ount for variations in translation ofmoderately frequent words. Those that are a bit larger, su
h as theEuroparl 
orpus, are restri
ted in their domain. For instan
e, all of the14 instan
es of strong voi
e in the English se
tion of Europarl are usedin the sense of `the opinion of a politi
al institution'. At the same timethe BNC 
ontains 46 instan
es of strong voi
e 
overing several di�erentmeanings.In this paper we propose a 
omputational method for using 
ompa-rable 
orpora to �nd translation equivalents for sour
e language expres-sions that are 
onsidered as di�
ult by trainee or professional transla-tors. The model is based on dete
ting frequent multi-word expressions(MWEs) in the sour
e and target languages and �nding a mappingbetween them in 
omparable monolingual 
orpora, whi
h are designedin a similar way in the two languages.The des
ribed methodology is implemented in ASSIST, a tool thathelps translators to �nd solutions for di�
ult translation problems. Thetool presents the results as lists of translation suggestions (usually 50to 100 items) ordered alphabeti
ally or by their frequen
y in targetlanguage 
orpora. Translators 
an skim through these lists and identifyan example whi
h is most appropriate in a given 
ontext.In the following se
tions we outline our approa
h, evaluate the outputof the prototype of ASSIST and dis
uss future work.

lrej2006-v03.tex; 13/12/2007; 12:19; p.2



`Irrefragable answers' for translation problems 32. Finding translations in 
omparable 
orporaThe proposed model �nds potential translation equivalents in threesteps, whi
h in
lude1. expansion of words in the original expression using related words;2. translation of the resultant set using existing bilingual di
tionariesand its further expansion of the set using related words in the targetlanguage;3. �ltering of the set a

ording to expressions frequent in the targetlanguage 
orpus.In this study we use several 
omparable 
orpora for English andRussian, in
luding large referen
e 
orpora (the BNC and the RussianReferen
e Corpus) and 
orpora of major British and Russian newspa-pers. All 
orpora used in the study are quite large, i.e. the size of ea
h
orpus is in the range of 100-200 million words (MW), so that theyprovide enough eviden
e to dete
t su
h 
ollo
ations as strong voi
e and
lear de�an
e.Although the 
urrent study is restri
ted to the English-Russian pair,the methodology does not rely on any parti
ular language. It 
an beextended to other languages for whi
h large 
omparable 
orpora, POS-tagging and lemmatisation tools, and bilingual di
tionaries are avail-able. For example, we 
ondu
ted a small study for translation betweenEnglish and German using the Oxford German Di
tionary and a 200MW German 
orpus derived from the Internet (Sharo�, 2006).2.1. Query expansionThe problem with using 
omparable 
orpora to �nd translation equiv-alents is that there is no obvious bridge between the two languages.Unlike aligned parallel 
orpora, 
omparable 
orpora provide a modelfor ea
h individual language, while di
tionaries, whi
h 
an serve as abridge, are inadequate for the task in question, be
ause the problem wewant to address involves pre
isely translation equivalents that are notlisted there.Therefore, a spe
i�
 query needs �rst to be generalised in order tothen retrieve a suitable 
andidate from a set of 
andidates. One way togeneralise the query is by using similarity 
lasses, i.e. groups of wordswith lexi
ally similar behaviour. In his work on distributional similar-ity (Lin, 1998) designed a parser to identify grammati
al relationshipsbetween words. However, broad-
overage parsers suitable for pro
ess-ing BNC-like 
orpora are not available for many languages (in
luding
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4 Sharo�, Baby
h, HartleyRussian). Another, resour
e-light approa
h treats the 
ontext as a bagof words (BoW) and dete
ts the similarity of 
ontexts on the basis of
ollo
ations in a window of a 
ertain size, typi
ally 3-4 words. Using aparser 
an in
rease pre
ision in identi�
ation of 
ontexts in the 
ase oflong-distan
e dependen
ies (e.g. to 
ook Ali
e a whole meal). However,we 
an �nd a reasonable set of relevant terms returned using the BoWapproa
h, 
f. the results of human evaluation for English and Germanby (Rapp, 2004).For ea
h sour
e word s0 we produ
e a list of similar words: Θ(s0) =
s1, . . . , sN (in our tool we use N = 20 as the 
uto�). We 
an alsoprodu
e a more reliable similarity 
lass S(s0) using the assumption thatthe similarity 
lasses of similar words must have 
ommon members:

w ∈ S(s0) ⇐⇒ w ∈ Θ(s0) ∧ w ∈
⋃

Θ(si)i.e. w is also in the similarity 
lass of at least one of other words, sothat o

asional irrelevant words in Θ(s0) are removed, as they do notprodu
e similarity 
lasses 
onsistent with other words.This yields for experien
e the following similarity 
lass: knowledge,opportunity, life, en
ounter, skill, feeling, reality, sensation, dream, vi-sion, learning, per
eption, learn (ordered a

ording to the 
osine dis-tan
e s
ore as implemented by Rapp). Even if there is no requirementin the BoW approa
h that words in the similarity 
lass are of the samepart of spee
h, it happens quite frequently that most words have thesame part of spee
h be
ause of the similarity of 
ontexts.2.2. Query translation and further expansionIn the next step we produ
e a translation 
lass by translating all wordsfrom the similarity 
lass into the target language using a bilingual di
-tionary (T (w) for the translation of w). Then for expanding the trans-lation set in the target language we have two options: a full translation
lass (TF ) and a redu
ed one (TR).
TF = S(T (S(s0))) 
onsists of similarity 
lasses produ
ed for alltranslations. However, this 
auses a 
ombinatorial explosion. If a simi-larity 
lass 
ontains N words (the average �gure is 16) and a di
tionarylists on average M equivalents for a sour
e word (the average �gureis 11), this pro
edure outputs on average M × N2 words in the fulltranslation 
lass. For instan
e, the 
omplete translation 
lass for expe-rien
e 
ontains 998 words. What is worse, some words from the fulltranslation 
lass do not refer to the domain implied in the originalexpression be
ause of the ambiguity of the translation operation. Forinstan
e, the word dream belongs to the similarity 
lass of experien
e.Sin
e it 
an be translated into Russian as ñêàçêà (`fairy-tale'), the latterRussian word will be expanded in the full translation 
lass with words
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`Irrefragable answers' for translation problems 5referring to legends and stories. In the later stages of the proje
t, wordsense disambiguation in 
orpora 
ould improve pre
ision of translation
lasses. However at the present stage we attempt to trade the re
allof the tool for greater pre
ision by translating words in the sour
esimilarity 
lass, and generating the similarity 
lasses of translations onlyfor the sour
e word:
TR(s0) = S(T (s0)) ∪ T (S(s0)).The redu
ed translation 
lass of experien
e 
ontains 128 words.This step 
ru
ially relies on a wide-
overage ma
hine readable di
-tionary. The bilingual di
tionary resour
es we use are derived from thesour
e �le for the Oxford Russian Di
tionary, provided by OUP.2.3. Filtering equivalen
e 
lassesIn the �nal step we 
he
k all possible 
ombinations of words from thetranslation 
lasses for their frequen
y in target language 
orpora.The number of elements in the set of theoreti
ally possible 
ombi-nations is usually very large: ∏

Ti, where Ti is the number of words inthe translation 
lass of ea
h word of the original MWE. This numberis mu
h larger than the set of word 
ombinations whi
h is found in thetarget language 
orpora. For instan
e, daunting experien
e has 202,594
ombinations for the full translation 
lass of daunting experien
e and6,144 for the redu
ed one. However, in the target language 
orporawe 
an �nd only 2,256 
ollo
ations with frequen
y > 2 for the fulltranslation 
lass and 92 for the redu
ed one.Ea
h theoreti
ally possible 
ombination is generated and looked upin a database of MWEs (whi
h is mu
h faster than querying 
orporafor frequen
ies of potential 
ollo
ations). The MWE database was pre-
ompiled from 
orpora using a method of �ltering, similar to part-of-spee
h �ltering suggested in (Justeson and Katz, 1995): in 
orpora ea
hN-gram of length 2, 3 and 4 tokens was 
he
ked against a set of �lters.However, instead of pre-de�ned patterns for entire expressions our �lter-ing method uses sets of negative 
onstraints, whi
h are usually appliedto the edges of expressions. This 
hange boosts re
all of retrieved MWEsand allows us to use the same set of patterns for MWEs of di�erentlength. The �lter uses 
onstraints for both lexi
al and part-of-spee
hfeatures, whi
h makes 
on�guration spe
i�
ations more �exible.The whole pro
edure is relatively language-independent. The originaldevelopment has been done for the English-Russian translation pairand has been later extended to the English-German pair. For instan
e,given an expression like èñ÷åðïûâàþùèé îòâåò (`exhaustive answer') thesystem produ
es a range of expressions for èñ÷åðïûâàþùèé, e.g. reliable,a

essible, e�e
tive, truthful, unlimited, another range for îòâåò, e.g.
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6 Sharo�, Baby
h, Hartleyargument, response, reply, however, a �lter through the list of EnglishMWEs leaves expressions like 
omprehensive answer, 
omprehensive re-sponse, de�nite answer, truthful answer, et
. Similarly for German anexpression like s
hle
ht wegkommen (lit. `
ome out badly', for instan
e,in the 
ontext of ele
tions) produ
es poor performan
e, make bad, poorservi
e, appalling re
ord, inadequate performan
e, et
. The use of dis-tributionally similar words for translation between English and Fren
hhas been studied in (Ploux and Ji, 2003).3. EvaluationThere are several attributes of our system whi
h 
an be evaluated,and many of them are 
ru
ial for its e�
ient use in the work�ow ofprofessional translators, in
luding: usability, quality of �nal solutions,trade-o� between adequa
y and �uen
y a
ross usable examples, pre
i-sion and re
all of potentially relevant suggestions, as well as real-textevaluation, i.e. �What is the 
overage of di�
ult translation problemstypi
ally found in a text that 
an be su

essfully ta
kled?�In this paper we fo
us on evaluating the quality of potentially rele-vant translation solutions, whi
h is the 
entral point for developing and
alibrating our methodology. The evaluation experiment dis
ussed be-low was spe
i�
ally designed to assess the usefulness of translation sug-gestions generated by our tool � in 
ases where translators have doubtsabout the usefulness of di
tionary solutions. In this paper we do notevaluate other equally important aspe
ts of the system's fun
tionality,whi
h will be the matter of future resear
h.3.1. Set-up of the experimentFor ea
h translation dire
tion we 
olle
ted ten examples of possiblyre
al
itrant translation problems � words or phrases whose translationis not straightforward in a given 
ontext. Some of these examples weresent to us by translators in response to our request for di�
ult 
ases.For ea
h example, whi
h we in
luded in the evaluation kit, the word orphrase either does not have a translation in ORD (whi
h is a kind of abaseline standard referen
e for Russian translators), or its translationhas signi�
antly lower frequen
y in a target language 
orpus in 
ompar-ison to the frequen
y of the sour
e expression. If an MWE is not listedin available di
tionaries, we took translations for individual words fromORD. In order to remove a possible bias towards a spe
i�
 di
tionary, wealso 
he
ked translations in Multitran, an on-line translation di
tionary,whi
h was often quoted as one of the best resour
es for translation fromand into Russian.
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`Irrefragable answers' for translation problems 7Table I. S
ores to translation equivalentsTranslation t1 t2 t3 t4 t5 σ
lear plan 5 5 3 4 4 0.84
lear poli
y 5 5 3 4 4 0.84
lear programme 5 5 3 4 4 0.84
lear strategy 5 5 5 5 5 0.00
on
rete plan 1 5 3 3 5 1.67Best Di
t 5 5 3 4 4 0.84Best Syst 5 5 5 5 5 0.00For ea
h translation problem �ve solutions were presented to trans-lators for evaluation. One or two of these solutions were taken from adi
tionary (usually from Multitran, and if available and di�erent, fromORD). The other suggestions were manually sele
ted from lists of possi-ble solutions returned by ASSIST. Again, the 
riteria for sele
tion wereintuitive: we in
luded those suggestions whi
h made best sense in thegiven 
ontext. Di
tionary suggestions and the output of ASSIST wereindistinguishable in the questionnaires to the evaluators. The segmentswere presented in senten
e 
ontext and translators had an option ofproviding their own solutions and 
omments.We then asked professional translators a�liated to ITI (Instituteof Translation and Interpreting) to rate these �ve potential equivalentsusing a �ve-point s
ale. We re
eived responses from eleven translators.Some translators did not s
ore all solutions, but there were at leastseven independent judgements for ea
h of the 100 translation variants.An example of the 
ombined answer sheet for all responses to the Rus-sian example ÷åòêàÿ ïðîãðàììà (lit. `pre
ise programme') is given inTable I (t1, t2,. . . denote translators; the di
tionary translation is 
learprogramme).3.2. Interpretation of the resultsThe results were surprising in so far as for the majority of problemstranslators preferred very di�erent translation solutions and did notagree in their s
ores for the same solutions. For instan
e, 
on
rete planin Table I re
eived the s
ore 1 from translator t1 and 5 from t2.In general, the translators very often pi
ked up on di�erent opportu-nities presented by the suggestions from the lists, and most suggestionswere equally legitimate ways of 
onveying the intended 
ontent, 
f. thestudy of legitimate translation variation with respe
t to the BLEU s
ore
lrej2006-v03.tex; 13/12/2007; 12:19; p.7



8 Sharo�, Baby
h, Hartleyin (Baby
h and Hartley, 2004). In this respe
t it may be unfair to
ompute average s
ores for ea
h potential solution, sin
e for most inter-esting 
ases the s
ores do not �t into the normal distribution model. Soaveraging s
ores would mask the potential usability of really inventivesolutions.In this 
ase it is more reasonable to evaluate two sets of solutions �the one generated by ASSIST and the other found in di
tionaries � butnot ea
h solution individually. In order to do that for ea
h translationproblem the best s
ores given by ea
h translator in ea
h of these two setswere sele
ted. This way of generalising data 
hara
terises the generalquality of suggestion sets, and exa
tly meets the needs of translators,who 
olle
tively get ideas from the presented sets rather than fromindividual examples. This also allows us to measure inter-evaluatoragreement on the di
tionary set and the ASSIST set, for instan
e, via
omputing the standard deviation σ of absolute s
ores a
ross evaluators(Table I).The range of s
ores given by individual translators vary for sometranslation problems more than for the other problems, whi
h is shownby di�erent standard deviation �gures. Disagreement indi
ates thattranslators are not sure about the quality of di
tionary solutions in
ertain 
ontexts. This appeared to be a very informative measure fordi
tionary solutions.In parti
ular, there is a surprising relation between the inter-annota-tor disagreement on di
tionary solutions and the quality of the ASSISTsolutions: higher disagreement on the quality of di
tionary translations
orrelates with the better quality of ASSIST solutions (i.e. the di�er-en
e between the average di
tionary and ASSIST s
ores), whi
h peaksat a 
ertain point, but then be
omes unstable (see Figure 1 vs. 2).Linguisti
 interpretation of this phenomenon 
ould be that the AS-SIST te
hnology works best for a 
ertain 
lass of translation problems� the problems, whose translation is not straightforward, but on theother hand isn't too mu
h idiosyn
rati
 or 
ontroversial. Our systemsu

essfully �nds non-literal translation equivalents, whi
h are within a
ertain optimal range of distributional similarity from the original, butit 
annot yet apply radi
al translation transformations and shifts whi
hgo beyond distributional similarity model.It is possible to predi
t usefulness of the ASSIST solutions for trans-lators on the basis of how mu
h translators disagree on di
tionarysolutions for parti
ular problems by de�ning the range of the standarddeviation s
ores, where ASSIST s
ores normally are higher than di
-tionary s
ores. It 
an be seen from the �gures that the optimal rangeis approximately between σ = 0.75 and σ = 1.5 � the di�eren
e of
lrej2006-v03.tex; 13/12/2007; 12:19; p.8



`Irrefragable answers' for translation problems 9

Figure 1. Agreement s
ores: di
tionary

Figure 2. Agreement s
ores: ASSISTASSIST and di
tionary s
ores then is usually positive, and outside thisrange it is more often negative.The two groups of translation problems and the respe
tive evaluations
ores are shown in Table II. The �rst group is outside the optimalrange of standard deviation �gures for di
tionary solutions, so hereASSIST average s
ores are about 9% lower than di
tionary s
ores. These
ond group shows problems within the range of σ = 0.75 and σ = 1.5,
lrej2006-v03.tex; 13/12/2007; 12:19; p.9



10 Sharo�, Baby
h, HartleyTable II. Groups of translation equivalentsProblems outside range di
t σ system σimpinge 4.7 0.483 4 1politi
al upheaval 4.5 0.707 4.35 1.334èñ÷åðïûâàþùèé îòâåò 5 0 4.875 0.354ïîêëàäèñòûé 3.444 1.590 2.25 1.165ýêîëîãè÷åñêîå ïðèëè÷èå 3.125 1.808 3.889 1.269Average 4.107 3.714 -9.5%
lear de�an
e 4 0.816 4.333 1.323defuse tensions 4.3 0.823 4.556 0.527
ontroversial plan 4.111 0.928 4.8 0.632due pro
ess 3.111 1.167 4.5 0.707daunting experien
e 3.222 1.302 3.5 1.269re
reational fear 2.625 1.408 1.556 1.130÷åòêàÿ ïðîãðàììà 3.625 1.061 4.889 0.333çà÷èñòêà 2.286 1.380 3.857 1.464âîñòðåáîâàííûé 3.333 1.5 4 1Average 3.431 3.959 +15.4%and here ASSIST solutions s
ored about 15% higher than di
tionarysolutions.Having said this, solutions from our system are really not in 
om-petition with di
tionary solutions: they provide less literal translations,whi
h often emerge in later stages of the translation task, when trans-lators 
orre
t and improve an initial draft, where they have usuallyput more literal equivalents. It is a known fa
t in translation studiesthat non-literal solutions are harder to see and translators often �ndthem only upon longer re�e
tion. Yet another fa
t is that non-literaltranslations often require re-writing other segments of the senten
e,whi
h may not be obvious at �rst glan
e.4. Con
lusions and future workThe results of evaluation show that the tool is su

essful in �ndingtranslation equivalents for a range of examples. What is more, in 
aseswhere the problem is genuinely di�
ult, for ea
h query ASSIST 
on-sistently provides a solution that s
ores around 4 � �minor adaptations
lrej2006-v03.tex; 13/12/2007; 12:19; p.10



`Irrefragable answers' for translation problems 11needed�. At the same time the pre
ision of the tool is low, it suggests50-100 examples with only 2-4 useful for the 
urrent 
ontext. However,re
all of the output is more relevant than pre
ision, be
ause translatorstypi
ally need just one solution for their problem, and often have to lookthrough reasonably large lists of di
tionary translations and examplesto �nd something suitable for a problemati
 expression. Even if noimmediately suitable translation 
an be found in the list of suggestions,it frequently 
ontains a hint for solving the problem in the absen
e ofadequate di
tionary information.The 
urrent implementation of the model is restri
ted in severalrespe
ts. First, the majority of target language 
onstru
tions mirrorthe synta
ti
 stru
ture of the sour
e language example. Even if thepro
edure for produ
ing similarity 
lasses does not impose restri
tionson POS properties, nevertheless words in the similarity 
lass tend tofollow the POS of the original word, be
ause of the similarity of their
ontexts of use. Furthermore, di
tionaries also tend to translate wordsusing the same POS. This means that the existing method �nds mostlyNPs for NPs, verb-obje
t pairs for verb-obje
t pairs, et
, even if themost natural translation uses a di�erent synta
ti
 stru
ture, e.g. I likedoing X instead of I do X gladly (when translating from German i
hma
he X gerne).These issues 
an be addressed by introdu
ing a model of the se-manti
 
ontext of situation, e.g. `
hanges in business pra
ti
e' as inthe example above, or `unpleasant situation' as in the 
ase of dauntingexperien
e. This will allow less restri
tive identi�
ation of possible trans-lation equivalents, as well as redu
tion of suggestions irrelevant for the
ontext of the 
urrent example. Currently we are working on an optionto identify semanti
 
ontexts by means of `semanti
 signatures' obtainedfrom a broad-
overage semanti
 parser, su
h as USAS (Rayson et al.,2004). The semanti
 tagset used by USAS is a language-independentmulti-tier stru
ture with 21 major dis
ourse �elds, subdivided into 232sub-
ategories (su
h as I1.1-=Money: la
k; A5.1-= Evaluation: bad),whi
h 
an be used to dete
t the semanti
 
ontext.Another possibility of representing semanti
s in similarity 
lasses isto utilise the notion of lexi
al fun
tions (Mel'£uk, 1996). For instan
e,examples like strong feeling, opposition, sense indi
ate a high degree ofa quality. Su
h 
ases have been generalised by Mel'£uk under the notionof a lexi
al fun
tion, e.g. Magn(feeling)=strong. If knowledge of thissort is en
oded in the lexi
on (or inferred automati
ally from 
orpora),the output 
an be �ltered to in
lude only words that 
an be used inthis fun
tion.
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