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Abstract 2 Motivation and Related Work

While there has been a lot of discussion on the rel-
In this paper we describe the SemEval-  evant sense distinctions for monolinguesp sys-
2010 Cross-Lingual Lexical Substitution  tems, for machine translation applications there is
task, where given an English target word g consensus that the relevant sense distinctions are
in context, participating systems had to  those that reflect different translations. One early
find an alternative substitute word or  and notable work was theEBISEVAL-2 Japanese
phrase in Spanish. The task is based on  Translation task (Kurohashi, 2001) that obtained
the English Lexical Substitution task run  ajternative translation records of typical usages of
at SemEval-2007. In this paper we pro- 3 test word, also referred to asranslation mem-
vide background and motivation for the  ory. Systems could either select the most appro-
task, we describe the data annotation pro-  priate translation memory record for each instance
cess and the scoring system, and present and were scored against a gold-standard set of an-
the results of the participating systems. notations, or they could provide a translation that
was scored by translation experts after the results
were submitted. In contrast to this work, in our
task we provided actual translations for target in-
_stances in advance, rather than predetermine trans-

In the Cross-Lingual Lexical Substitution task, an-"" . )
notators and systems had to find an alternativéat'ons using lexicographers or rely on post-hoc
evaluation, which does not permit evaluation of

substitute word or phrase in Spanish for an En- " fter th i
glish target word in context. The task is based €W sy§ ems atter the competition.
on the English Lexical Substitution task run at Previous standalon@/sp tasks based on par-

SemEval-2007, where both target words and sub@llel data have obtained distinct translations for
stitutes were in’Eninsh. senses as listed in a dictionary (Ng and Chan,

, , . _.2007). In this way fine-grained senses with the
An automatic system for cross-lingual lexical .
I same translations can be lumped together, how-
substitution would be useful for a number of ap-

plications. For instance, such a system could beverthis does not fully allow for the fact that some

T ' . . Senses for the same words may have some transla-
used_ t_o assist human transfators in thelr work, mfions in common but also others that are not (Sinha
providing a number of correct translations that theet al., 2009)
human translator can choose from. Similarly, the In"our taék we collected a dataset which al-
system could be used to assist language Iearnerl%wS instance’s of the same word to have some
by providing them with the interpretation of the translations in common, while not necessitating
unknown words in a text written in the language '

. clustering of translations from a specific re-
they are learning. Last but not least, the outpu . ; .
. . N source into senses (in comparison to Lefever and
of a cross-lingual lexical substitution system could

1 .
be used as input to existing systems for cross'—_|OSte (2010))- Resnik and Yarowsky (2000) also

Ianguage qurmatlon retrieval or automatic ma- Though in that task note that it is possible for a transla-
chine translation. tion to occur in more than one cluster. It will be interestiag

1 Introduction
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conducted experiments using words in context4 The Cross-Lingual Lexical

rather than a predefined sense-inventory however Substitution Task

in these experiments the annotators were asked for _ _ o

a single preferred translation. In our case, we alThe Cross-Lingual Lexical Substitution task fol-

lowed annotators to supply as many translationd®VS LEXSUB except that the annotations are
as they felt were equally valid. This allows us translatlons rather than paraphrases. _leen a tar-
to examine more subtle relationships between usget word in context, the task is to provide several
ages and to allow partial credit to systems thafOrrect translations for that word in a given lan-
get a close approximation to the annotators’ transguage. We used English as the source language
lations. Unlike a full blown machine translation @nd Spanish as the target language.

task (Carpuat and Wu, 2007), annotators and sys- e provided both development and test sets, but

tems are not required to translate the whole contex?0 training data. As foLExsus, any systems re-
but just the target word. quiring training data had to obtain it from other

sources. We included nouns, verbs, adjectives and

adverbs in both development and test data. We

3 Background: The English Lexical used the same set of 30 development words as in
Substitution Task LEXSUB, and a subset of 100 words from thex -

SUB test set, selected so that they exhibit a wide

The English Lexical substitution task (hereaftervariety of substitutes. For each word, the same ex-
referred to asLEXSUB) was run at SemEval- ample sentences were used asEXSUB.

2007 (McCarthy and Navigli, 2007; McCarthy and )

Navigli, 2009). LEXSUB was proposed as a task 41 Annotation

which, while requiring contextual disambiguation, We used four annotators for the task, all native
did not presuppose a specific sense inventory. I§panish speakers from Mexico, with a high level
fact, it is quite possible to use alternative rep-of proficiency in English. As inEXsus, the an-
resentations of meaning, such as those proposetbtators were allowed to use any resources they
by Schitze (1998) and Pantel and Lin (2002).  wanted to, and were required to provide as many

The motivation for a substitution task was thatsubstitutes as they could think of.
it would reflect capabilities that might be useful The inter-tagger agreement (ITA) was calcu-
for natural language processing tasks such as parkated as pairwise agreement between sets of sub-
phrasing and textual entailment, while not requir-stitutes from annotators, as doneLixsuB. The
ing a complete system that might mask system ca-TA without mode was determined as 0.2777,
pabilities at a lexical level and make participationwhich is comparable with the ITA of 0.2775 de-
in the task difficult for small research teams. termined forLEXsSUB.

The task required systems to produce a substiz12 An Example
tute word for a word in context. The data was ~
collected for 201 words from open class parts-of-One significant outcome of this task is that there
speech (PoS) (i.e. nouns, verbs, adjectives and aére not necessarily clear divisions between usages
verbs). Words were selected that have more tha@nd senses because we do not use a predefined
one meaning with at least one near synonym. Tef€nse inventory, or restrict the annotations to dis-
sentences for each word were extracted from thé&nctive translations. This means that there can be
English Internet Corpus (Sharoff, 2006). Thereusages that overlap to different extents with each
were five annotators who annotated each targeather but do not have identical translations. An
word as it occurred in the context of a sentenceexample is the target advedeverely. Four sen-
The annotators were each allowed to provide up téences are shown in Figure 1 with the translations
three substitutes, though they could also providéprovided by one annotator marked in italics and
a NIL response if they could not come up with a{} braces. Here, all the token occurrences seem

substitute. They had to indicate if the target wordrelated to each other in that they share some trans-
was an integral part of a multiword. lations, but not all. There are sentences like 1

and 2 that appear not to have anything in com-

S _ _ _ mon. However 1, 3, and 4 seem to be partly re-
see the extent that this actually occurred in their data hed t

extent that the translations that our annotators providigthtm lated (they Shareeveramente)’ ar_]d 2,3,and 4 are
be clustered. also partly related (they shaseriamente). When

10



we look again, sentences 1 and 2, though not di-

rectly related, both have translations in common
> oses; frequency(s € T;)

with sentences 3 and 4. oot score(i) = T (4)
K3

4.3 Scoring

We adopted théest andout-of-ten precision and . )

recall scores fromExSUB (oot in the equations oot precision = — 2. 00 Sc_ore(l) (5)

below). The systems were allowed to supply as i € I: defined(S;)]

many translations as they feel fit the context. The .

system translations are then given credit depend- oot recall — > 0ot score(i) (6)

ing on the number of annotators that picked each 1]

translation. The credit is divided by the number \ye note that there was an issue that the origi-
of annotator responses for the item and since fopg| | Exsug out-of-ten scorer allowed duplicates
the beﬁ_t score the cr_eQit for the system answerg\cCarthy and Navigli, 2009). The effect of du-
for an item is also divided by the number of an-pjicates is that systems can get inflated scores be-
swers the system provides, this allows more credigayse the credit for each item is not divided by the
to be given to instances where there is less varigyymber of substitutes and because the frequency
tion. For that reason, a system is better guessings each annotator response is used. McCarthy and
the translation that is most frequent unless it réNavigli (2009) describe this oversight, identify the
ally wants to hedge its bets. Thusiifs an item  gysiems that had included duplicates and explain
in the set of instance$, andT; is the multiset of  the jmplications. For our task, we decided to con-
gold standard translations frqm the human annotagn e to allow for duplicates, so that systems can
tors fori, and a system provides a set of answerg,ogst their scores with duplicates on translations
S; for i, then thebest score for item is?: with higher probability.
For both thebest andout-of-ten measures, we

ZSESi frequency(s € Ty) alsq report amode score, which is calculated

ST (1) against the_ mode from the_ annotators responses as

was done inLEXsuB. Unlike the LEXSUB task,

Precision is calculated by summing the scoredVe did not run a separate muilti-word subtask and
for each item and dividing by the number of items€valuation.
that the system attempted whereas recall divide .
the sum of scores for each item py. Thus: 5 Basdinesand Upper bound

best score(i) =

To place results in perspective, several baselines as

. best score(i) well as the upper bound were calculated.

(2)

best precision =

li € I:defined(S;)] 5.1 Basdlines
_ We calculated two baselines, one dictionary-based
best recall — 2_; best score(i) (3) and one dictionary and corpus-based. The base-
|| lines were produced with the help of an on-

The out-of-ten scorer allows up to ten system lineé Spanish-English dictionatyand the Spanish
responses and does not divide the credit attribute¥/ikipedia. For the first baseline, denotedigT,
to each answer by the number of system responsef§’.r all target words, we collected all the Spanish
This allows a system to be less cautious and fofranslations provided by the dictionary, in the or-
the fact that there is considerable variation on théler returned on the online query page. Test
task and there may be cases where systems seld@seline was produced by taking the first transla-
a perfectly good translation that the annotators ha#on provided by the online dictionary, while the
not thought of. By allowing up to ten translations Out-of-ten baseline was produced by taking the
in the out-of-ten task the systems can hedge theirfirst 10 translations provided.

bets to find the translations that the annotators sup- The second baselinepICTCORR also ac-
plied. counted for the frequency of the translations
within a Spanish dictionary. All the translations

2NB scores are multiplied by 100, though fout-of-ten -
this is not strictly a percentage. Swww.spanishdict.com
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1. Perhaps the effect of West Nile Virus is sufficient to extiish endemic birds alreadseverely
stressed by habitat loss€guertemente, severamente, duramente, exageradamente}

2. She looked aseverely as she could muster at Dracgigurosamente, seriamente}

3. Aday before he was due to return to the United States Patesever ey injured in aroad accident.
{seriamente, duramente, severamente}

4. Use market tools to address environmental issues , sugim@sating subsidies for industries that
severely harm the environment, like coajpeligrosamente, seriamente, severamente}

5. This picture wasseverely damaged in the flood of 1913 and has rarely been seen until now.
{altamente, seriamente, exageradamente}

Figure 1: Translations from one annotator for the adwevierely

provided by the online dictionary for a given targetple of cases where there are more than 10 transla-
word were ranked according to their frequencies irtions from the annotators.

the Spanish Wikipedia, producing timeCTCORP

baseline. 6 Systems

5.2 Uppe bound Nine teams participated in the task, and several

The results for thebest task reflect the inherent ©f them entered two systems. The systems used

variability as less credit is given where annotators/a10us resources, including bilingual dictionar-
s, parallel corpora such as Europarl or corpora

express differences. The theoretical upper bountf i - i )
for the best recall (and precision if all items are Pullt from Wikipedia, monolingual corpora such
attempted) score is calculated as: a_ts WeblT or newswire collections, and transla-
tion software such as Moses, GIZA or Google.

Some systems attempted to select the substitutes
Sier Jredmost f‘z;?l substitute; on the English side, using a lexical substitu-
besty, = K : x 100 tion framework or word sense disambiguation,

whereas some systems made the selection on the

= 40.57 (7) Spanish side using lexical substitution in Spanish.

Note of course that this upper bound is theoretical !N the following, we briefly describe each par-
and assumes a human could find the most frequed€!Pating system.

substitute selected by all annotators. Performance CU-SMT relies on a phrase-based statistical ma-
of annotators will undoubtedly be lower than thechine translation system, trained on the Europarl
theoretical upper bound because of human variEnglish-Spanish parallel corpora.

ability on this task. Since we allow for duplicates, The UvT-v and UvT-g systems make use of k-
the out-of-ten upper bound assumes the most fre-nearest neighbour classifiers to build one word ex-
quent word type irll} is selected for all ten an- pert for each target word, and select translations
swers. Thus we would obtain ten times thest  On the basis of a GIZA alignment of the Europarl

upper bound (equation 7). parallel corpus.
The uBA-T anduBA-w systems both use can-
fTeQmost freq substitute; Xx10
Dier

didates from Google dictionary, SpanishDict.com
T and Babylon, which are then confirmed using par-
00tuy = 1| X100 ajiel texts. UBA-T relies on the automatic trans-
—  405.78 (8) lation of the source sentence using the Google
Translation API, combined with several heuristics.
If we had not allowed duplicates then tbet- The UBA-w system uses a parallel corpus auto-
of-ten upper bound would have been just less tharmatically constructed from DBpedia.
100% (99.97). This is calculated by assuming the SwWAT-E andswAT-S use a lexical substitution
top 10 most frequent responses from the annotadramework applied to either English or Spanish.
tors are picked in every case. There are only a couFhe swaT-E system first performs lexical sub-
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stitution in English, and then each substitute is | Systems R P | Mode R Mode P
translated into Spanish.SWAT-S translates the UBA-T 2r15 2715 57.20  57.20
source sentences into Spanish, identifies the Span- | USPVLV | 26.81 26.81 5885 58.85
. : colsim 25.99 27.59 56.24 59.16
ish word correspondlng to t_he_target Worgl, and | \vivuse | 2527 2527 5281 52 81
then it performs lexical substitution in Spanish. SWALE | 2146 2146 4321 4321

TYo uses an English monolingual substitution UVT-v 21.09 21.09 43.76 43.76
module, and then it translates the substitution can- | cu-smt | 20.56 21.62| 44.58 45.01
didates into Spanish using the Freedict and the | usA-w 19.68 19.68 39.09 39.09
Google English-Spanish dictionary. UvT-g 19.59 1959 41.02  41.02

FCC-LS uses the probability of a word to be SWAT-S | 1887 1887/ 36.63 3663

. . . coleur 18.15 19.47 37.72  40.03
translated into a candidate based on estimates ob- | —__° 1538 2216 3347 4505

tained from the GIZA alignment of the Europarl IRSTHS 1321 2251 28.96 45.27

corpus. These translations are subsequently fil- | +vo 839 862 14.95 15.31

tered to include only those that appear in a trans- | pict 24.34 24.34] 50.34 50.34

lation of the target word using Google translate. DICTCORP | 15.09 15.09 29.22 29.22
WLV usp determines candidates using the best

N translations of the test sentences obtained with Table 1:best results

the Moses system, which are further filtered us-
ing an English-Spanish dictionarysPWVLV uses

candidates from an alignment of Europarl, which
are then selected using various features and a cl

sifier tur11ed on thte dflvlelopmte)ntt.td?ta. . PoS though systems were perfectly free to use dupli-
IRST-1 génerates Substitute using a FoS 4165 some may not have realised thiDupli-

constrained a"gnme”F of Moses translat|on_s_ of th%ates help when a system is fairly confident of a
source sentences, with a back-off to a bilingual

dicti Forout-of-ten. dicti { lati subset of its 10 answers.
ctionary. rorout-or-ten, dictionary ransiations =y paq anticipated a practical issue to come up
are filtered using the LSA similarity between can-

duplicates. In table 2, in the column marked dups,
we display the number of test items for which at
4Fast one duplicate answer was provided.Al-

the PoS constrained Moses translation lest,
and the dictionary translations fout-of-ten.

coleur andcolslm use a supervised word sense
disambiguation algorithm to distinguish between
senses in the English source sentences. Tran
lations are then assigned by using GIZA align-
ments from a parallel corpus, collected for the
word senses of interest.

counting on the participants to clean their files and
provide us with clean characters only, we ended up
with result files following different encodings (e.qg,
UTF-8, ANSI), some of them including diacrit-
s, and some of them containing malformed char-
acters. We were able to perform a basic cleaning
of the files, and transform the diacritics into their
diacriticless counterparts, however it was not pos-
7 Results sible to clean all the malformed characters without
a significant manual effort that was not possible
Tables 1 and 2 show the precisigh and recall due to time constraints. As a result, a few of the
R for the best and out-of-ten tasks respectively, participants ended up losing a few points because
for normal and mode. The rows are ordered bytheir translations, while being correct, contained
R. Theout-of-ten systems were allowed to pro- an invalid, malformed character that was not rec-
vide up to 10 substitutes and did not have any adegnized as correct by the scorer.
vantage by providing less. Since duplicates were There is some variation in rank order of the sys-

allowed so that a system can put more emphasigms depending on which measures are uSed.
on items it is more confident of, this means that

out-of-ten R and P scores might exceed 100% “Please note that any residual character encoding issues
were not considered by the scorer and so the number of du-

because the credit for each of the human answetsicates may be slightly higher than if diacritics/diffateen-

is used for each of the duplicates (McCarthy and:odsings had been considered. _

Navigli, 2009). Duplicates will not help the mode . “Also, note that some systems did not supply 10 transia-
. tions. Their scores would possibly have improved if they had

scores, and can be detrimental as valuable guessgse so.

which would not be penalised are taken up with  °There is not a big difference betweéhand R because
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Systems R P | Mode R Mode P | dups|  of 15 different systems participated in the task, us-
SWATE 117459 174.59 6694  66.94 | 968 |  ing a variety of resources and approaches. Com-
SWATS | 97.98  97.98| 7901 79.01 | 8721 arative evaluations using different metrics helped

UvT-v 58.91 58.91| 62.96 62.96 | 345 det . hat K Il th lecti k
UvT-g 5520 529 7394 7384 | 146 etermine what works well for the selection o
UBA-W 5275 52.75| 8354 8354 | - cross-lingual lexical substitutes.

WLVusP | 48.48 48.48| 77.91 77.91 64

UBA-T 4799 47.99| 8107 8107 | - 9 Acknowledgements
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