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Abstract order to learn the relation extractor without sig-
nificant annotation efforts. To do this, we propose
While extensive studies on relation ex- to leverage parallel corpora to project the relation
traction have been conducted in the last annotation on the source language (e.g. English)
decade, statistical systems based on su- to the target (e.g. Korean).
pervised learning are still limited because

. o While many supervised machine learning ap-
they require large amounts of training data

_ _ _ proaches have been successfully applied to the
to achieve high performance. In this pa-  ppc a5k (Kambhatla, 2004; Zhou et al., 2005;
per, we_ de_velop a cross-lingual annota- Zelenko et al., 2003; Culotta and Sorensen, 2004;
tion projection method that leverages par- g\ ;nascy and Mooney, 2005; Zhang et al., 2006),
allel corpora to bootstrap a relation detec- o\, haye focused on weakly-supervised relation
tor without significant annotation efforts extraction. For example, (Zhang, 2004) and (Chen
for a resource-poor language. Inorder to o 5 5006) utilized weakly-supervised learning
make our method more reliable, we intro- o nniques for relation extraction, but they did
duce three simple projection noise reduc- . consider weak supervision in the context of
tion methods. The merit of our method is cross-lingual relation extraction. Our key hypoth-
demonstrate_d through a novel Korean re- esis on the use of parallel corpora for learning
lation detection task. the relation extraction system is referred to as
cross-lingual annotation projectionEarly stud-
ies of cross-lingual annotation projection were ac-

Relation extraction aims to identify semantic re Complished for lexically-based tasks; for exam-

lations of entities in a document. Many rela.P€ part-of-speech tagging (Yarowsky and Ngal,

tion extraction studies have followed the Rela-ZOOl)’ named-entity tagging (Yarowsky et al.,

tion Detection and Characterization (RDC) tasl?om)’ and verb classification (Merlo etal., 2002).

organized by the Automatic Content ExtractionR,ece,mly’ there has _been in_cregsing interest in ap-
project (Doddington et al., 2004) to make multi-pl'cat'ons of annotation projection such as depen-

lingual corpora of English, Chinese and Ara_dency parsing (Hwa et al., 2005), mention de-

bic. Although these datasets encourage the d 2ction (Z_itouni and Florian, 2008), and semantic
velopment and evaluation of statistical relatior{OIe labeling (Pado and Lapata, 2009). However,

extractors for such languages, there would be tg the best of our knowledge, no work has reported

scarcity of labeled training samples when learn®" the RDC task.

ing a new system for another language such asIn this paper, we apply a cross-lingual anno-
Korean. Since manual annotation of entities anthtion projection approach to binarglation de-
their relations for suchiesource-poor languages tection a task of identifying the relation between

is very expensive, we would like to consider intwo entities. A simple projection method propa-
stead a weakly-supervised learning technique igates the relations in source language sentences to

1 Introduction
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word-aligned target sentences, and a target reld} The annotations obtained by analyzing the sen-
tion detector can bootstrap from projected annota- tence inL; are projected onto the sentence in
tion. However, this automatic annotation is unre- L based on the word alignment information.
liable because of mis-classification of source text
and word alignment errors, so it causes a critica}) The projected annotations on the sentence in
falling-off in annotation projection quality. To al- L2 are utilized as resources to perform the re-
leviate this problem, we present three noise reduc- lation detection task for the language.
tion strategies: a heuristic filtering; an alignment _
correction with dictionary; and an instance selecz1 Annotation
tion based on assessment, and combine theseTte first step to projecting annotations fram
yield a better result. onto L, is obtaining annotations for the sentences
We provide a quantitive evaluation of ourin L;. Since each instance for relation detection
method on a new Korean RDC dataset. In ouis composed of a pair of entity mentions, the in-
experiment, we leverage an English-Korean pafermation about entity mentions on the given sen-
allel corpus collected from the Web, and demontences should be identified first. We detect the
strate that the annotation projection approach arghtities in theL; sentences of the parallel cor-
noise reduction method are beneficial to build apora. Entity identification generates a number of
initial Korean relation detection system. For exinstances for relation detection by coupling two
ample, the combined model of three noise redu@ntities within each sentence. For each instance,
tion methods achieves F1-scores of 36.9% (59.8%e existence of semantic relation between entity
precision and 26.7% recall), favorably comparingnentions is explored, which is called relation de-
with the 30.5% shown by the supervised baseection. We assume that there exist available mod-
line.t els or systems for all annotation processes, includ-
The remainder of this paper is structured as foling not only an entity tagger and a relation de-
lows. In Section 2, we describe our cross-lingualector themselves, but also required preprocessors
annotation projection approach to relation detecsuch as a part-of-speech tagger, base-phrase chun-
tion task. Then, we present the noise reductioker, and syntax parser for analyzing textip.
methods in Section 3. Our experiment on the pro- Figure 1 shows an example of annotation pro-
posed Korean RDC evaluation set is shown in Segection for relation detection of a bitext in En-
tion 4 and Section 5, and we conclude this papeylish and Korean. The annotation of the sentence

in Section 6. in English shows that “Jan Mullins” and “Com-
puter Recycler Incorporated” are entity mentions
2 Crosslingual Annotation Projection of a person and an organization, respectively. Fur-
for Relation Detection thermore, the result indicates that the pair of en-

ﬁities has a semantic relationship categorized as

The annotation projection from a resource-ric
prol “ROLE.Owner” type.

languagel to a resource-poor languade, is
performed by a series of three subtasks: annotg-, pr oj ection
tion, projection and assessment.

The annotation projection for relation detectiori Order to project the annotations from the sen-
can be performed as follows: tences inL; onto the sentences iy, we utilize

the information of word alignment which plays

1) For a given pair of bi-sentences in parallel coran important role in statistical machine transla-
pora between a resource-rich langudgeand tion techniques. The word alignment task aims
atarget languagé,, the relation detection task to identify translational relationships among the

is carried out for the sentencein. words in a bitext and produces a bipartite graph
T iThe dataset and th el labl tWith a set of edges between words with transla-
author,‘; Wig;fe and the parallel corpus are available on the, relationships as shown in Figure 1. In the

http://isoft.postech.ac.kemegaup/research/resources/.  Same manner as the annotationZin entities are
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ROLE.Owner

PER ORG

Jan Mullins, owner of Computer Recycler Incorporated said that ...

S

A5FE 2 Abo] 2] o @ owWux AR & ..ogm wan
(keom-pyu-teo-ri-sa-i-keul-reo) (ui) (jan) (meol-rin-seu) (sa-jang) (eun) (ra-go) (mal-haet-da)
ORG PER
ROLE.Owner

Figure 1: An example of annotation projection for relatietettion of a bitext in English and Korean

considered as the first units to be projected. We asess against the erroneous projections. The noise
sume that the words of the sentence&draligned produced by not only word alignment but also
with a given entity mention itl.; inherit the infor- mono-lingual annotations ifh; accumulates and
mation about the original entity if;. brings about a drastic decline in the quality of pro-
After projecting the annotations of entity men-jected annotations.
tions, the projections for relational instances fol- The simplest policy of utilizing the projected
low. A projection is performed on a projected in-annotations for relation detection iy, is to con-
stance inL, which is a pair of projected entities sider that all projected instances are equivalently
by duplicating annotations of the original instanceeliable and to employ entire projections as train-
in Lq. ing instances for the task without any filtering. In
Figure 1 presents an example of projection of gontrast with this policy, which is likely to be sub-
positive relational instance between “Jan Mullins’standard, we propose an alternative policy where
and “Computer Recycler Incorporated” in thethe projected instances are assessed and only the
English sentence onto its translational countefhstances judged as reliable by the assessment are
part sentence in Korean. “Jan meol-rin-seu” andtilized for the task. Details about the assessment
“keom-pyu-teo-ri-sa-i-keul-reo” are labeled as enare provided in Section 3.
tity mentions with types of a person’s name and an _ _ _
organization’s name respectively. In addition, theé NOise Reduction Strategies

Instance composed_qf the two projected ent_ltles Fhe efforts to reduce noisy projections are consid-
_anno_tated as a positive m_stance, because its "red indispensable parts of the projection-based
inal instance on the English sentence also hasré‘lation detection method in a resource-poor lan-

semantic relationship. guage. Our noise reduction approach includes the

~ Asthe description suggests, the annotation prgg|iowing three strategies: heuristic-based align-
jection approach is highly dependant on the qualyen filtering, dictionary-based alignment correc-

ity of word alignment. However, the results of au+joy and assessment-based instance selection.
tomatic word alignment may include several noisy

orincomplete alignments because of technical dif3.1 Heuristic-based Alignment Filtering

ficulties. We present details to tackle the problem : .
. ) ) - In order to improve the performance of annotation
by relieving the influence of alignment errors in

. projection approaches, we should break the bottle-
Section 3. . .
neck caused by the low quality of automatic word
alignment results. As relation detection is carried
out for each instance consisting of two entity men-
The most important challenge for annotation protions, the annotation projection for relation detec-
jection approaches is how to improve the robustion concerns projecting only entity mentions and

2.3 Assessment
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their relational instances. Since this is different In order to solve this problem, a dictionary-
from other shallower tasks such as part-of-speedbased alignment correction strategy is incorpo-
tagging, base phrase chunking, and dependentated in our method. The strategy requires a bilin-
parsing which should consider projections for algual dictionary for entity mentions. Each entry of
word units, we define and apply some heuristicthe dictionary is a pair of entity mention ity and
specialized to projections of entity mentions ands translation or transliteration ih,. For each
relation instances to improve robustness of thentity to be projected from the sentence fiq,
method against erroneous alignments, as followsts counterpart inL, is retrieved from the bilin-

e A projection for an entity mention should gual (_Jlictionary. Then, we see_k the re_trigved entity
be based on alignments between contigumirgem'on from the sentence ih, by finding the
word sequences. If there are one or moreongeSt common sgbsequence_. If.a subsequence

atched to the retrieved mention is found in the

gaps in the word sequence in L2 alignedn ) .

: . S ._sentence iy, we make a new alignment between
with an entity mention in the sentence m.t dits oriainal entit the, i
L1, we assume that the corresponding align'- and Its original entity on 1 sentence.

ments are likely to be erroneous. Thus, thg 3 A ssessment-based I nstance Selection

alignments of non-contiguous words are eX:I'he reliabilities of instances projected via a series
cluded in projection. pro)

of independent modules are different from each
e Both an entity mention i,; and its projec- other. Thus, we propose an assessment strategy
tion in Ly should include at least one basdor each projected instance. To evaluate the reli-
noun phrase. If no base noun phrase o@bility of a projected instance iy, we use the
curs in the original entity mention i1, it confidence score of monolingual relation detec-
may suggest some errors in annotation fotion for the original counterpart instance ity .
the sentence il;. The same case for the The acceptance of a projected instance is deter-
projected instance raises doubts about alignmined by whether the score of the instance is
ment errors. The alignments between wordhrger than a given threshold valde Only ac-
sequences without any base noun phrase atepted instances are considered as the results of
filtered out. annotation projection and applied to solve the re-

: . : lation detection task in target language.
e The projected instance in L2 should sat- g guage

isfy the clausal agreement with the original4  Experimental Setup

instance in L1. If entities of an instance

are located in the same clause (or differTO demonstrate the effectiveness of our cross-
ent clauses), its projected instance should H&gual annotation projection approach for rela-

in the same manner. The instances withodton detection, we performed an experiment on
clausal agreement are ruled out. relation detection in Korean text with propagated

o _ _ annotations from English resources.

3.2 Dictionary-based Alignment Correction
The errors in word alignment are composed of-1 Annotation
not only imprecise alignments but also incompletd he first step to evaluate our method was annotat-
alignments. If an alignment of an entity amongng the English sentences in a given parallel cor-
two entities of a relation instance is not providechus. We use an English-Korean parallel corpus
in the result of the word alignment task, the procrawled from an English-Korean dictionary on the
jection for the corresponding instance is unavailweb. The parallel corpus consists of 454,315 bi-
able. Unfortunately, the above-stated alignmergentence pairs in English and KoreanThe En-
filtering heuristics for improving the quality of glish sentences in the parallel corpus were prepro-
projections make the annotation loss proble >

. . . The parallel corpus collected and other resources are all
worse by filtering out several alignments likely t0 4iaple in our website
be noisy. http://isoft.postech.ac.ki/megaup/research/resources/
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cessed by the Stanford ParsefKlein and Man- Filter Without assessing  With assessing

ning, 2003) which provides a set of analyzed re- none 97,239 39,203
sults including part-of-speech tag sequences, a de+ heuristics 31,652 12,775
pendency tree, and a constituent parse tree for & dictionary 39,891 17,381
sentence.

The annotation for English sentences is di- Table 1: Numbers of projected instances
vided into two subtasks: entity mention recogni-

tion and relation detection. We utilized an off-

the-shelf system, Stanford Named Entity Recog"3 mode| traineq on thg Se!'ong corpus (Kim, 2006).
nizer 4 (Finkel et al., 2005) for detecting entity The annotation projections were performed on

mentions on the English sentences. The totd® Pi-sentences of the parallel corpus followed
number of English entities detected was 285,568 descriptions mentioned in Section 2.2. The
Each pair of recognized entities within a sentencBi-Sentences were processed by the GIZA++ soft-

was considered as an instance for relation detef@re (Och and Ney, 2003) in the standard con-
tion. figuration in both English-Korean and Korean-

A classification model learned with the train-ENglish directions. The bi-direcional alignments
were joined by the grow-diag-final algorithm,

ing set of the ACE 2003 corpus which con-"~"= /=7 e
sists of 674 documents and 9,683 relation in?hich is widely used in bilingual phrase extrac-

stances was built for relation detection in EnglisthIon (quhn et _al., 2003) for_statistical machine
In our implementation, we built a tree kernel-translation. This system achieved 65.1/41.6/50.8
based SVM model usian SVM-Light(Joachims in Precision/Recall/F-measure in our evaluation
1998) and Tree Kernel Toofs(Moschitti, 2006). ©f 201 randomly sampled English-Korean bi-
The subtree kernel method (Moschitti, 2006) foF€ntences with manually annotated alignments.
shortest path enclosed subtrees (Zhang et al., The number of projected instances varied with
2006) was adopted in our model. Our relathe applied strategies for reducing noise as shown
tion detection model achieved 81.2/69.8/75.1 iff Table 1. Many projected instances were fil-

Precision/Recall/F-measure on the test set of t{§red out by heuristics, and only 32.6% of the in-
ACE 2003 corpus, which consists of 97 docuStances were left. However, several instances were

ments and 1.386 relation instances. rescued by dictionary-based alignment correction

The annotation of relations was performed b},and the number of projected instances ingreased
determining the existence of semantic relation§0mM 31,652 to 39,891. For all cases of noise re-
for all 115,452 instances with the trained modefluction strategies, we performed the assessment-
for relation detection. The annotation detecte§2S€d instance selection with a threshold value
22,162 instances as positive which have semanfff 0-7; Which was determined empirically through

relations. the grid search method. About 40% of the pro-
jected instances were accepted by instance selec-
4.2 Projection tion.

The labels about entities and relations in the EVi 3 Evaluation

glish sentences of the parallel corpora were propa-

gated into the corresponding sentences in Koreal order to evaluate our proposed method, we pre-
The Korean sentences were preprocessed by ditred a dataset for the Korean RDC task. The
part-of-speech taggér(Lee etal., 2002) and a de- dataset was built by annotating the information

pendency parser implemented by MSTParser witBbout entities and relations in 100 news docu-
ments in Korean. The annotations were performed

i';“pf””:pﬂa”;ord-EdU/SOﬁwafe”eX'Parser-swm'l by two annotators following the guidelines for the
ttp://nlp stanford.edu/software/CRF-NER.shtm ACE corpus processed by LDC. Our Korean RDC
http://svmlight.joachims.org/ . )
®http://disi.unitn.itmoschitt/Tree-Kernel.htm corpus consists of 835 sentences, 3,331 entity

"http:/fisoft.postech.ac.k¥megaup/research/postag/  mentions, and 8,354 relation instances. The sen-
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w/o assessing with assessing

Model P R F P R F
Baseline 60.5 20.4 30.5 - - -
Non-filtered 225 6.5 100 29.1 132 18.2
Heuristic 514 155 238 56.1 229 325

Heuristic + Dictionary 55.3 19.4 28.7 59.8 26.7 36.9

Table 2: Experimental Results

tences of the corpus were preprocessed by equivd/e measured the performances of the models on
lent systems used for analyzing Korean sentencésie entity mentions with true chaining of coref-
for projection. We randomly divided the dataseerence. Precision, Recall and F-measure were
into two subsets with the same number of inadopted for our evaluation.

stances for use as a training set to build the base- )

line system and for evaluation. 5 Experimental Results

For evaluating our approach, training instanc&@able 2 compares the performances of the differ-
sets to learn models were prepared for relatioant models which are distinguished by the applied
detection in Korean. The instances of the trainstrategies for noise reduction. It shows that:
ing set (half of the manually built Korean RDC
corpufs) were used to train the baseline model. ® The model with non-filtered projections
All other sets of instances include these baseline  achieves extremely poor performance due to
instances and additional instances propagated by @ large number of erroneous instances. This
the annotation projection approach. The train- indicates that the efforts for reducing noise
ing sets with projected instances are categorized —are urgently needed.
into three groups by the level of applied strategies
for noise reduction. While the first set included
all projections without any noise reduction strate-
gies, the second included only the instances ac-
cepted by the heuristics. The last set consisted of
the results of a series of heuristic-based filtering o The dictionary-based correction to our pro-
and dictionary-based correction. For each training jections increased both precision and recall
set with projected instances, an additional set was compared with the former models with pro-
derived by performing assessment-based instance jected instances. Nevertheless, it still fails to
selection. achieve performance improvement over the

We built the relation detection models for all baseline model.
seven training sets (a baseline set, three pro-
jected sets without assessing, and three pro-* : _
jected sets with assessing). Our implementations assessment-based _ms_tgnce selecgon boosts
are based on the SVM-Light and Tree Kernel the performancgs 5|gn|f|cantly._ This means
Tools described in the former subsection. The f[hat th,'s selection strategy is crucial in
shortest path dependency kernel (Bunescu and |mprovmg_the perf_ormar_me of the models
Mooney, 2005) implemented by the subtree kernel by e'xcludlng unreliable instances with low
method (Moschitti, 2006) was adopted to learn all confidence.

models. e The model with heuristics and assessments

The performance for each model was evaluated finally achieves better performance than the
with the predictions of the model on the test set, baseline model. This suggests that the pro-
which was the other half of Korean RDC corpus.  jected instances have a beneficial influence

e The heuristic-based alignment filtering helps
to improve the performance. However, it is
much worse than the baseline performance
because of a falling-off in recall.

For all models with projection, the
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on the relation detection task when at leasin order to apply them. An experimental result
these two strategies are adopted for reducingf this work shows that the most important factor
noises. in improving the performance is how to select the
reliable instances from a large number of projec-

e The final model incorporating all proposedtions. We plan to develop more elaborate strate-
noise reduction strategies outperforms thgjes for instance selection to improve the projec-

baseline model by 6 in F-measure. This igion performance for relation extraction.
due to largely increased recall by absorbing

more useful features from the well-refinedAcknowledgement
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