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Abstract

We present an alignment strategy that specifically deals with the correct alignment of rare German nominal compounds to their English
multiword translations. It recognizes compounds and multiwords based on their character lengths and on their most frequent POS-
patterns, and aligns them based on their length ratios. Our approach is designed on the basis of a data analysis on roughly 500 German
hapax legomena, and as it does not use any frequency or co-occurrence information, it is well-suited to align rare compounds, but
also achieves good results for more frequent expressions. Experiment results show that the strategy is able to correctly identify correct
translations for 70% of the compound hapaxes in our data set. Additionally, we checked on 700 randomly chosen entries in the dictionary
that was automatically generated by our alignment tool. Results of this experiment also indicate that our strategy works for non-hapaxes
as well, including finding multiple correct translations for the same head compound.

1. Introduction 2. Problems for Statistical Word Alignment

Word alignment is a very useful technique for preprocess—z‘l' Multiword Units

ing parallel corpora for a range of applications, including!n order to handle multiwords, Brown et al. (1993) had to
but not limited to machine translation (Brown et al., 1993),introduce so-called n:m-alignments into their models, thus
cross-language information retrieval (Hiemstra, 1996), dicYesulting in much more complex statistical computation.
tionary creation (Smadja et al., 1996; Melamed, 2001) andCupiec (1993) aligned noun chunks in a French-English
induction of NLP-tools (Kuhn, 2004). parallel corpus using the EM-algoritdm his algorithm
Effort is spent on improving word alignment techniques YS€S POS-pattems for recognizing nominals including post-
(Mihalcea and Pedersen, 2003; Cherry and Lin, 2003M0difying prepositional phrases (PPs). Secondly, the EM-

Toutanova et al., 2002), which is of major importance in ar_algorithm is used to statistically learn the correct alignment

eas where it is very difficult to establish correct correspon-c,)f the chunks. As Kupiec (1993)'s strategy relies on statis-

dences between source and target language words. One i however, it has difficulties dealing with rare chunks.
these areas is the correct alignment of multiword sequencd®" té purposes of training statistical machine translation

as these require n:m alignment beads, where n, m or botiiodeéls on alignment data, (Niefsen and Ney, 2001) try to

are higher than 1. Another problem is the alignment of so\WOrk around n:m alignments by splitting German com-
However, this approach

called rare events, i.e. types that occur too rarely in ordepounds mtc_) the',r components. ) R
to align them based on statistical information only. has theoretical disadvantages: This approach implicitly as-

In this paper, we suggest a comparatively simple techni ugumes thata compound's meaning is made up composition-
paper, 99 P ysimp q ally, and that (the same degree of) compositionality also

that tackles both problems with word alignment, at Ieasth : : S )

. . R . olds for its translation. However, this is not necessarily
with respect to nominal expressions: it aligns nommalstrue as examples like
based on word length and part of speech patterns in an~ P
English-German parallel corpus, without taking frequency(1) Personejstand (marital status)
counts or any other kind of statistical information into ac- personal status
count. Hence, it is useful for aligning nominals with a fre-

guency of one, so-called hapax legomena, as well as nomi- ] .
nals with higher frequencies. readily show. Hence it would seem more advisabladb

Our alignment strategy has been incorporated into a ne\I\g/pIIt compounds_ but finding means to align them correctly
to the entire equivalent expression in the other language.

text alignment system, which, due to its modular and flexi- S
ble architecture, is well suited for testing new strategies ana'schorn and Lideling (2003), on the other hand, argue that

evaluating their strengths and failures irrespective of overal i ?\ny runknown \;vordfha;e d:Jne to iﬁr?]dlljift'vr? :/(\j/ord Lc:jrr?r?-t
text alignment quality. on processes, i.e. that compositionality holds, a a

In the followi i first ai . translations for compound components can be found in ex-
n the foflowing sections, we 1irst give an overview over isting dictionaries. In their approach, unknown words are

; i ﬁﬁorphologically analyzed, their components are looked up
Secondly, we describe the corpus from which we extracteﬂq a bilingual dictionary, and, if possible, aligned with their

roughly 500 hapax legomena, and how we analysed therri!ranslations. This yields, in the best case, complete matches

Fourthlyf we explgln how we used qnaly3|s resultg for 'M"hetween a German compound and its English translation.
plementing an alignment strategy in our word alignment

tool. Finally, we report on the results of our alignment ex- 15,4 (Manning and Siitze, 1999), chapter 14.2.2 for a gen-
periments. eral introduction
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Even partial matches between the compound and a part af their respective lengths, counted in charaételfsa Ger-

its translation helps to improve sentence alignment qualityman noun contains n elements, then its translation most of-
which is the task the authors have in mind. Unfortunatelyten also contains n elements.

partial matches are insufficient for word alignment, and the

strategy of Tschorn andildeling (2003) necessarily fails if | #elements) 1] 2] 3] 4] other]
compositionality does not hold. 1 59 21 1, 0 3
2 30| 119 | 56 | 15 10
2.2. Hapax Legomena and Rare Events 3 2| 20| 15| 8 10
Another problem for statistical approaches to word align- 4 0 11 0] 0 2

ment, namely how to align rare words, seems to have be ) , .
neglected in the literature. Dejean et al. (2003) repoiPable 2: Expression complexity. Rows show the number of

that lemmatizing those tvpes that are rare Improves re(_:omponents in English multiword units, columns give the
9 ype ) P equivalent numbers for German compounds.
sults, although they do not give an explanation for the phe-
nomenon. Others exclude words below a certain frequency
from evaluations of their alignment tools (Merkel et al., . . : . .
g ( If it contains one more element, this is mainly due to the

2002), th itting th lem f : X ,
00. ), thereby admitting that rare words are a problem Orstructure of the English translation. In these cases, it often
their approaches.

contains a noun plus PP as in

3. Corpus description (2)  Kongrefvorlage— submission to Congress

For our experiments, we have used theroparl corpus  With respect to the lengths of the German compounds and
which has been incorporated into t8®USparallel corpus  the nominals into which they were translated, counted in
collection (Tiedemann and Nygaard, 2004). haoparl  characters, we found that the median of the length ratios is
corpus consists of verbatim protocols of European Parlial, and the average of the ratio

ment sessions, and it is aligned at the sentence level. For

the purpose of our experiments, we have tagged the English

and German parts of the corpus using the publicly available length ratio=
tree-taggenSchmid, 1994). Additionally, we corrected the

sentence alignments of five randomly chosen protocol file§équals 1.139.
manually.

'I_'able 1 shows the size of our corpus, as well as the propor- 5. Implementation
tions of hapax legomena, other rare events, i.e. types with

a frequency between 2 and 10, and of types occurring moreé-1.  The compound alignment strategy

than 10 times: We used the results of our data analysis to implement a
The five protocol files for which we corrected the sen-compound alignment strategyThe input is a sentence-
tence alignments comprise 103,091 tokens of German analigned, POS-tagged corpus in English and German. For

German compound length
english multiword length

109,732 tokens of English text. each sentence bead in the corpus, the algorithm recognizes
German noun compounds and English multiword nominals,
4. Data analysis and sets them into correspondence using their length ratios.

A German token is considered a compound if it is tagged as
In order to find a strategy that is able to align hapax legomy noun and if it is at least 12 characters long. This threshold
ena successfully, we extracted all German hapax legomengresponds to the first quartile of the average hapax noun
from the Europarl corpus, and analyzed those hapax legomength in our data set. For each English noun, identified by
enathat occurred within the corpus subset for which we hagts pos-tag, the algorithm seeks to construct several candi-
corrected the sentence alignment. dates: i) the noun or noun sequence itself (the nominal), ii)
We analyzed these 512 hapaxes with respect to word cathe nominal preceded by an adjective, iii) the nominal fol-
egory membership, morphological complexity and wordjowed by a prepositional phrase, and iv) the nominal pre-
length. We also aligned them manually to their English cor-ceded by an adjectivend followed by a PP.
respondences and analyzed which categories they belong@#la final step, the length ratios between each German com-

to, how they were structured and how long they were. Wepound and each English candidate translation of a sentence
also hypothesized which kinds of alignment problems aréyead are computed. If the similarity

to be expected if the corpus is automatically aligned.

The analysis yielded that 353 of the 512 German hapax sim (compound,multiword}= 1 — |length ratig

legomena, or 68.95%, are houn compounds, and that their

translations are chunk-like multiword expressions in 68%is greater than zero, the translation pair is added to a bilin-
of all cases. These expressions are most often a sequengeal dictionary. No further filtering, e.g. with respect to
of nouns, either preceded by an adjective or followed by drequency of a compound, is employed, i.e. both hapax and
PP. Paraphrases or nouns followed by clauses are rare. Nnon-hapax nominals are aligned.

Additionally, we found a strong correlation between nouns
and their translations both in morphological complexity and  2including blanks for multiword nouns
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| Language| Tokens | Types | Hapax Legomend Other Rare Events Frequent Types |

English | 29.077,024] 101,967 39,200 (38.44%) | 35,608 (34.92%) | 27,159 (26.64%)
German | 27.643,792| 286,330| 140,826 (49.18%) 98,126 (34.27%) | 47,378 (16.55%)

Table 1: Corpus characteristics of the Europarl corpus

5.2. TheATLAS text alignment system With respect to the hapaxes that received an entry in the dic-

The compound alignment strategy has been integrated infdenary, we _found out that the entrie; contained the correct
ATLAS, a modular and flexible text alignment system thattranslation in 47% of all cases. Additionally, we found 306

allows for the easy adding and testing of alignment mod-{ranslation suggestions where the correct translation was ei-
ules. ther partially present, or a substring of a suggestion. 121

The input toATLAS is a bilingual, parallel corpus that may entries, howeve_r, did not contain any co_rrect transla_tion.
be annotated on various linguistic levels, including but notOur error analysis showed that these fully incorrect lexicon

limited to sentence alignment information, POS-tags, lem&ntries were partially due to the similarity measure itself,

mas, or chunks. Al levels of annotation are accessibl¢t"d partially due to nominal recognition not working opti-
to the alignment modules, as well as central data basd®@ally- In detail, the nominal recognition failed because hy-
with dictionary or alignment information. During an align- Phenated words in both languages had been split into their
ment process, a system-internal dictionary is created, angPMpPonents during tokenization, because the POS-tagger
a process-final filtering step discards translation pairs thdfated words that occurred sentence-internafiglin up-

have been computed, but are not used for the text alignP€" Case as names, but did not tag them as common nouns,
ment. The output of the aligner is a bilingual dictionary, because our algorithm did not account for all POS-patterns,
along with corpus alignment information. and because of paraphrasing, deletion or category changes

during the translation process. An informal evaluation of
6. Test and Results _the addl_tlohql 16(_)0 _IeX|con entries confirmed the overall
impression: in principle, the method works well, but the

After the implementation of the compound alignment strat-recognition of the nominals can be improved.

egy, we have conducted a test on the 100,000 tdken  Accordingly, we revised those parts of the implementation
roparl subset on which whe had carried out the data analthat dealt with the recognition of German and English nom-
ysis: only this subset of the corpus was submitted to thgnals. In detail, we repaired the over-eager tokenization
text aligner, including POS-annotation and sentence alignyith respect to German and English hyphenated nominals.
ment information. Within this subset, our strategy was usethfiar these modifications, the nominal recognition compo-

to find and align noun compounds and their translations,qnis is able to recognize, and hence to align, hyphenated
and all results were used to construct a bilingual Germang,, s |ike

English dictionary. No other alignment strategy was used,

nor did the program compute a full text alignment, or filter (3)  Geldwasche-Beampfungsrichtlinie

the results in any way. (English: anti-money laundering directive)
Afterwards, we semi-automatically evaluated whether the
dictionary contained lexical entries for the 353 hapax noun®’
in our analysis, whether they contained correct transla 4)
tions, partial translations, and why correct translations Weré
missing in the lexicon entries. We also tested why lex-\We also allowed English “names”, i.e. upper case nouns,
icon entries were missing in the automatically generatedo be aligned by the algorithm. Afterwards, we re-ran the
dictionary. We did not evaluate the translation directiontesting.

English—German. Overall, performance increased: Now, 248 of 353 com-
Results are that the dictionary contains lexical entries fopounds (70.25%) were headwords in the automatically gen-
236 of the 353 compounds in our data set (66.86%), andrated dictionary, with 175 entries containing the correct
more than 1600 additional entries with German headWOl‘dQ{angaﬂons_ With respect to the missing entries, error
This is not surprising given that our implementation of thenymbers decreased with respect to unaccounted-for POS-
strategy does not include any frequency restriction, i.e. ipatterns for the English expressions, and with respect to the
aligns nouns irrespective of how often they occur in the in-simjlarity measure, although we did not change it at all.
put data. With respect to the missing entries, we found outrhis could be an effect of the similarity measure actually
that in most cases, the German compounds did not pass tiscarding errors made during the nominal recognition in
length threshold, and hence no aligment was computed fafe first test run.

them. Other error sources like tokenization problems, coma ina analysis was carried out on 760 compounds that

pound recognition errors due to paraphrases or hyphenatl%peard not in the original data set, but had been aligned

occurred but rarely. Fortunately, there were only 11 casegeyertheless: We found 561 correct translations, including
where we could not attribute errors to tokenization or Pos'multiple translations for some head words. as in

patterns, and hence had to attribute them to the length-based
similarity measure. (5) Berufsausbildung— vocational training, profes-

anti-riot act (German: Antiterrorgesetz)
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sional training Texts: Data Driven Machine Translation and Beyond

pages 23-26, Edmonton, Canada, May 31.
The_se 760 compounds come from all frequency_rangeB Hiemstra. 1996. Using statistical methods to cre-
within the 100,000 token subset that we used for this eval- ate a bilingual dictionary. Master’s thesis, Universiteit

uation, i.e. the set contains hapaxes as well as other rare Twente.

e o B s s e7aS K. 2004 Expcing paralllcorpor o o
! lingual grammar induction — a pilot study. Workshop

set. For these frequent nouns, we noticed that their lexicon . ;
entries contained many more translation candidates than for proceedings of the 4th Intemational Conference on Lan-
y guage Resources and Evaluation (LREf3ges 54-57,

rare words. Additionally, we noticed th_at frgquent com- Lisbon, Portugal. LREC Workshop: The Amazing Util-
pounds tended to have multiple translations in the corpus, .
ity of Parallel and Comparable Corpora.

and they hf"ld often been included in the automatically 9€M3ylian Kupiec. 1993. An algorithm for finding noun phrase
erated dictionary.

correspondences in bilingual corpora.Rroceedings of

the 31st Annual Meeting of the Association for Compu-
7. Summary ?‘nd Further Work tational Linguistics pages 17-22, Columbus, Ohio.
Summed up, our analysis on 512 German hapaxes hashristopher D. Manning and Hinrich Sitze. 1999 Foun-
shown that most of them are nouns with English multi-  dations of statistical natural language processingIT
word translations. Consequently, we have implemented an press, Cambridge, Massachusetts, London.

alignment strategy that uses POS-patterns and word lengthspan Melamed. 2001Empirical Methods for exploiting
to recognize German compounds and English multiword  paraliel texts MIT Press, Cambridge, MA.

nominals, and to subsequently align them. Magnus Merkel, Mikael Andersson, and Lars Ahrenberg.
Test results are good — nominals are recognized correctly o002, ThepLuc link annotator — interactive construc-
and are assigned correct translations in 70% of all cases, tjon of data from parallel corpora. In Lars Borin, editor
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egy into standard statistical aligners, two steps have 10 bR, Mihalcea and Ted Pedersen. 2003. An evaluation ex-

taken: i) multiword expressions must be recognized in @ qcise for word alignment. INHLT-NAACL 2003 Work-
corpus, and ii) a similarity measure must be added to the shop: Building and Using parallel Texts. Data Driven

statistical alignment model. The multiword recognition can Machine Translation and Beyongages 1-10, Edmon-
be done in a preprocessing step on a POS-tagged corpus,;oy canada. '

but disambiguation between different possible muItiwordSOnja NieRen and Hermann Ney. 2001. Morpho-syntactic

structures, 1.e. yvh(_ather Some multllwlord IS a noun pre- analysis for reordering in statistical machine translation.
ceded by an adjective, or whether it is a noun followed |, pyyceedings of the Machine Translation Summit VIII

by a PP, may be difficult. Regarding the incorporation of pages 247-252, Santiago de Compostela, Spain.
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