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Abstract: We describe and discuss the results of ongoingrarpats that use
morphological analysis in the context of Examples&h Machine Translation.
The goal is to increase the coverage of our trgikkamples so as to capture
things that are not directly seen in the trainiext.t This is done through a two
stage process of generalization and filtering.
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1. Introduction

Example Based Machine Translation (EBMT) is a farautomated translation that uses a
large corpus of previously-translated example sem@® to create a translation for a new
sentence. Typically the system does not have icoisus the entire sentence to be translated.
Instead, the system matches words and small phaaskstitches them together with the help
of a target language model. Although EBMT usesisiiedl methods, it differs from
Statistical Machine Translation (SMT). EBMT corisuts corpus of translations at runtime,
whereas SMT pre-processes the corpus to calcuf@eptobability of a word or phrase
occurring as translations and uses only these piidiEs at runtime.

EBMT, like SMT, is limited to working with the dathat occus in its corpus. The fact that
many words and phrases occur with low frequendisep a significant problem because even
a large training corpus will not have examples ttater everything we want to translate.
Furthermore, the accuracy of a translation is §icamtly enhanced when many examples of
the same text are found in the corpus. If a portdérthe input to be translated can be
transformed into a more general class whose meimipenrscludes portions of the training
corpus, many more matches can be retrieved atldataoms time. It is, therefore, highly
desirable to form generalizations to increase tbeexage of our training examples and
capture things that are not directly seen in the te

Arabic, a highly inflectional language, is partiady susceptible to data sparseness, but also
lends itself well to generalization. A root — ulbpia series of three or four consonants or
semi-vowels (weak consonants) — combines with aellowg pattern to form a stem. Affixes
representing information such as person, numbedeayeand case are added to stems in order
to form words. Thus, while it is unlikely that wall see in our training data all forms of an
Arabic word, if we know the rules of Arabic morpbgl we can predict how unseen Arabic
words would act in a context that demands speiifiections.

In this research, we exploit the regular naturéAiEbic morphology in order to generalize
over text that we have seen and find translatidnseeen text. Instead of building a corpus
that uses the final form of Arabic words, we tryetthance coverage by using a more general
representation of each word, such as its stem (gig.“we write”, stem:=). This is often
safe because, in translating from Arabic to Englisle same English word covers several
inflected variants of the Arabic word. However,nrany instances, this technique will over-



generalize and produce invalid translatibnghus, we also need to keep track of information
from the original surface form that was replacedhsy generalization and pass it at along at
runtime as “metadata” to select the best possialestation. In the absence of an exact
translation, a generalized translation will stigpefully, be largely correct and is superior to
no translation.

In this paper, we begin by briefly describing thBNET engine and the multi-engine MT
system in which it is used. Then we address, in,tthe two major components of this
research — how the words are stemmed/generalineldywhat information about the original
word is used to filter translations — and providens preliminary results. We conclude by
discussing some of the issues that are still faaggnd our current directions of work.

2. The Panlite Multi-Engine MT System and the EBMTEnNgine

Several EBMT approaches have been developed ogdash several years (Carl and Way,
2003; Somers, 1999), some of which explicitly cdasimorphology. In our research we
employ the Pangloss-Lite (Panlite) MT system (Frkidg and Brown, 1996), which was
used as the translation engine in DIPLOMAT (Fredeyk Rudnicky and Hogan, 1997), a
rapid-deployment speech-to-speech MT project.

Panlite is a hybrid, multi-engine MT system, witBteong empirically-based (example-based)
core (Brown, 2000a). Given a sentence to translach engine provides scored
translation(s) for either the full sentence or fmets of the sentence. Translation candidates
are placed in a chart as ‘edges’ covering the impwtome part of it. One component of the
system, the Language Modeler (LM) decoder, usesistital knowledge of the target
language and heuristics to select or piece togefrmn the chart the best scoring
translation(s) that cover the entire input. Thenlia system supports the integration of
widely different MT engines, but provides threelbin engines in addition to the LM: an
Example-Based MT (EBMT) Engine, a Glossary Engare] a Dictionary Engine.

The EBMT Engine, at its simplest, translates by aniailg new input to previously seen
examples of translation pairs. The essentialriingf data for the EBMT Engine is a parallel
corpus of translation pairs (phrases or sentenceE)e system does not ‘learn’ in the
traditional machine learning sense. lIts trainingsists of preprocessing the parallel data and
building an index so as to make retrieval of angt pathe source text and corresponding part
of the target text as fast as possible when theéesyss translating new input. The
preprocessing also includes determining the cooredgnce between fragments of parallel
source and target sentences. This computation d@ufterformed at translation time, but it is
more efficient to perform it at indexing time armdstore its results in the index.

At runtime (translation time), the input sentence bie translated and its fragments are
matched against the source-side of the indexedinigaicorpus, with some flexibility in

determining what is considered to be a good matchsome control over the extent of the
search for candidate matches. Candidate transtapooduced from the target side of the
indexed corpus are scored and posted with theiresto the chart, which stores the
translations provided by all engines. If the EBMiigihe cannot find a match for the entire
input sentence, it tries to match all possible rwdrd input fragments and posts to the chart

! Over-generalization also occurs, among other reasbecause Arabic text normally lacks diacritisgjch
distinguish between different parts of speech affdrdnt derivational forms (e.g. different measucé a verb),
so that the same undiacriticized form can actuaby to substantially different meanings. In anneplke-based
approach to machine translation, which employtelift any syntactic or semantic knowledge, therdittte
recourse for this problem, except for relying onteat to select example matches that carry theogpiate part
of speech and meaning for the input we are attengpt match.



what it believes to be the corresponding transhatio

At times, pieces of the input to be translated catre matched against any previously seen
source sentences, so there will be holes in tmsladons produced by the EBMT system and
it is useful to back off to the Dictionary Engine dbtain translations for single words on the
source side. The dictionansed by the Dictionary Engine may be statisticatdeatically
computed from the parallel corpus) or manuallyrmedi or developed. Experience with our
EBMT system shows that a statistical dictionaryallsuworks best for alignment, but a
manually refined dictionary provides better word-feord translations at runtime. Both can
be used in the Panlite MT system. Finally, a Glog&ngine can supplement the translations
provided by EBMT with perfectly aligned human-supgltranslations for words and phrases.

The EBMT Engine provides generalization capabsgitdove and beyond the work described
in this paper (Brown, 1999; Brown, 2000b). One define classes of words or phrases in the
source language and corresponding translation entahget language that are semantically
similar and syntactically interchangeable. Thesgeivalence classes allow the training

examples to work in a broader range of situati@isce unseen input may be matched to
more examples if fragments generalize to the sdasses.

3. Major Research Components: Generalization and FRering

In order to increase coverage, we first performegailization and then filter our results to

limit over-generalization. The generalization that perform in these experiments currently
does not use the generalization framework desciabede Rather, the generalization is done

simply by preprocessing the input of the EBMT syst®/e use the output of a morphological

analyzer to reduce the Arabic vocabulary (by s&lgdhe stem, lemmalD, or a cluster) and
then attach metadata describing the original fofrthe word. This metadata is then used at
runtime by the filtering process.

3.1. Generalization

For our work we used the Buckwalter Arabic Morplgial Analyzer (BAMA), a context-
insensitive morphological analyzer that returngalsible compositions of stems and affixes
for a word. Stems and affixes are annotated vhighrhorphological features they represent.
Each stem is also associated with a lemmalD (wigidups together stems with similar
meanings) and an English gloss. Unfortunately, rtiigsing diacritic markings of written
Arabic text and other orthographical variations a&mcbrs give rise to ambiguity, so that a
word can be analyzed as having originated from iplaltstems with different affix
segmentations. This increases the number of awmlys must look at and raises the issue of
how to select the correct stem for a word. Tablelbw gives an example of all the various
morphological parses for the wordAlp (1<5) "agency".

If we had a large corpus of hand-analyzed Arabit, t&e could choose the stem based on its
frequency of occurrence. Lacking that, the onlfprimation we can use from BAMA is
which stem gives the most analyses, though it iggnaranteed to be the most frequent stem
in natural text. Although less than ideal, usinig thitial approach to generalization gave us a
reasonable boost in coverage, showing a 5% inclieagde number of words covered by a
phrase of 4 words or longer. For example, the amabyf the wordvkAlp as shown above has
three possible stemsikAl, kAl, andAl. Of these possible stemskAl is used twenty one
times, KAl is used seven times, ad is only used three times. Thus, using the method
described above we seledtAl as the canonical stem for the wovkAlp.



Stem Lemmal D Analysis

WA wikAlap_1 WikAI/NOUN ap/NSUFF_FEM_SG

WKAI wikAlap_1 WikAI/NOUN ap/NSUFF_FEM_SG+UuCASE_DEF_NOM

WKAI wikAlap_1 WikAI/NOUN ap/NSUFF_FEM_SG+a/CASE_DEF_ACC

WKA wikAlap_1 WikAI/NOUN ap/NSUFF_FEM_SG+i/CASE_DEF_GEN

WKA wikAlap_1 WikAI/NOUN ap/NSUFF_FEM_SG+N/CASE_INDEF_NOM

WKAI wikAlap_1 WikAI/NOUN ap/NSUFF_FEM_SG+F/CASE_INDEF_ACC

WKA wikAlap_1 WikAI/NOUN ap/NSUFF_FEM_SG+K/CASE_INDEF_GEN

WKAI wikAlap_1 wakAI/NOUN ap/NSUFF_FEM_SG

WKA wikAlap_1 wakAI/NOUN ap/NSUFF_FEM_SG+Uu/CASE_DEF_NOM

WKA wikAlap_1 wakAI/NOUN ap/NSUFF_FEM_SG+a/CASE_DEF_ACC

WKA wikAlap_1 wakAI/NOUN ap/NSUFF_FEM_SG+i/CASE_DEF_GEN

WKAI wikAlap_1 wakAI/NOUN ap/NSUFF_FEM_SG+N/CASE_INDEF_NOM
WA wikAlap_1 wakAI/NOUN ap/NSUFF_FEM_SG+F/CASE_INDEF_ACC

WA wikAlap_1 wakAI/NOUN ap/NSUFF_FEM_SG+K/CASE_INDEF_GEN

WA wikAlap_2 WikAI/NOUN ap/NSUFF_FEM_SG

WKA wikAlap_2 WikAI/NOUN ap/NSUFF_FEM_SG+Uu/CASE_DEF_NOM

WA wikAlap_2 WikAI/NOUN ap/NSUFF_FEM_SG+a/CASE_DEF_ACC

WKA wikAlap_2 WikAI/NOUN ap/NSUFF_FEM_SG+i/CASE_DEF_GEN

WA wikAlap_2 WikAI/NOUN ap/NSUFF_FEM_SG+N/CASE_INDEF_NOM

WKA wikAlap_2 WikAI/NOUN ap/NSUFF_FEM_SG+F/CASE_INDEF_ACC
WKA wikAlap_2 WikAI/NOUN ap/NSUFF_FEM_SG+K/CASE_INDEF_GEN

KA KAI~ 1 wa/CONJ kAI~/ADJ ap/NSUFF_FEM_SG

KA KAI~ 1 wa/CONJ kAI~/ADJ ap/NSUFF_FEM_SG+U/CASE_DEF_NOM
KAl KA~ 1 wa/CONJ kAI~/ADJ ap/NSUFF_FEM_SG+a/CASE_DEF_ACC
KA KAI~ 1 wa/CONJ kAI~/ADJ ap/NSUFF_FEM_SG+i/CASE_DEF_GEN
KAl KA~ 1 wa/CONJ kAI~/ADJ ap/NSUFF_FEM_SG+N/CASE_INDEF_NOM
KA KAI~ 1 wa/CONJ kAI~/ADJ ap/NSUFF_FEM_SG+F/CASE_INDEF_ACC
KAl KA~ 1 wa/CONJ kAI~/ADJ ap/NSUFF_FEM_SG+K/CASE_INDEF_GEN
Al llap_1 wa/CONJ+ka/PREP |I/NOUN ap/NSUFF_FEM_SG

Al llap_1 wa/CONJ+ka/PREP |I/NOUN ap/NSUFF_FEM_SG+i/CASE_DEF_GEN
Al llap_1 wa/CONJ+ka/PREP |I/NOUN ap/NSUFF_FEM_SG+K/CASE_INDEF_GEN

Table 1. Possible Analyses of the wondkAlp ()




A slightly more sophisticated means of generalizs¢p use the lemmalD in BAMA. The
lemmalD is a rough indication of the sense of tr@rdvand covers a fairly small group of
words that share a similar stem. Generalizing wdnyltheir lemmalD performed better than
just taking the most frequent stem in the BAMA gsa, but further increased coverage of
phrases of 4 words or longer by only 2%. LemmadBstypically more general than just the
stemmed word because they can encapsulate mudtgres. However, lemmalD classes are
still relatively small and a given surface form dam part of multiple lemmalD classes, so
even the lemmalD is not general enough. Lookinth@twordwkAlp again, we would select
the lemmalD “wikAlap_1" because it is used the miwsguently. This lemmalD spans the
stemswikAl andwakAl. (In this case, once you remove the vowels thestare the same.)
Table 2 below provides as an example a few lemmaHbisthe stems they cover:

Lemmal D wi kAl ap_1 Lemmal D mut ~aka> 1
WKAI wikAl agency mtk> mut~aka>  support;prop
WKAI wakAl agency mtk& mut~akaW  support;prop
WKAI wikAl agencies mtk} mut~aka} support;prop
WKAI wakAl agencies mtk| mut~aka| supports;props

) mtk} mut~aka} supports;props
Lemmal D wi kAl ap_2 mtk mut~aka  supports;props
wKAI  wikAl proxy

_ Lemmal D nut ~aka>_2
Lemmal D {ibon_1 mtk> mut~aka> cushion;couch
<bn  {ibon  son;junior (Jr.) mtk& mut~akaW  cushion;couch
<bn  {ibon daughter mtk} mut~aka} cushion;couch
>bnA" >abonA’  sons;children mtk| mut~aka] cushions;couches
>bnA’ >abonA’  sons;children mtk} mut~aka} cushions;couches
>bnA& >abonAW sons;children mtk  mut~aka cushions;couches

>bnA} >abonA} sons;children

Table 2. Examples of LemmalDs from BAMA's Stem Didbnary

To achieve greater generalization, we also expettetewith clustering the stems in such a
way as to have each stem map to a single genataliken and all possible stems for any
given word to map to the same generalized tokeis flethod of clustering is quite simple. If
two words share any possible analyses (by analysisnean whatever the smallest unit we
are looking at is, such as stems) then we declaethey are in the same cluster together.
Given the analyses in Table 3 below, we clustemyij and “>Hjm” together in one cluster
and “gAsmy” and “tgAsm” together in another clust&hese words are clustered together
because they share at least one stem in commahisiway, all morphological variants of a
word belong to one cluster. This technique showddrther 10% increase in coverage of
phrases 4 words or longer. Nearly 40% of unsesrniggart of phrases four words or longer
that are found in our generalized corpus. Apprataty 80% of unseen text is covered by
trigram matches or better. These are substani@avements over the 50% trigram matches
and 17% four-gram matches we saw in our origindlwath no generalization.



Word Stems Example Clusters:

Hjmy Hjmy, Hjm Hjm : Hjmy Hjm >Hjm

>Hjm >Hjm, Hjm tnZyr : tnZyry tnZyr

SME : smEy smEAn >smE tsmE smE
fDA} : fDA}y fDA} wDA} DA}

tgAsm tgAsm, gAsm byr : byr kbyr byrty IbyryA Ibyry byry byrA
dbr : tdbr >dbr dbry dbr

gAsm : tgAsm gAsm gAsmy

gAsmy gAsmy, gAsm

Table 3. Clustering Example

The results from each of the methods are displageéigure 1 below. We are especially
encouraged by the strong improvements in three fand gram matches. These longer
matches are more important because they contaie wmmtext and lead to more accurate
translations.

2-Gram Matches 3-Gram Matches 4-Gram Matches
UTF8 0.842 0.565 0.190
Stemmed 0.914 0.638 0.259
LemmalD | 0.922 0.664 0.281
Clustering = 0.950 0.755 0.393
Percent Coverage
1
0.9 1 ]
0.8 1B
0.7
0.6 1 [ 2-Gram Matches
05 e
0.4+
0.3
0.2
0.1
0
UTF8 Stemmed LemmalD Clustering

Figure 1. N-gram coverage results for different geeralization methods.



3.2. Filtering

Having generalized to improve coverage of unsegt) v¢e now must deal with reducing the
ambiguity introduced through over-generalization.

We initially postulated that, if we generalized $gmming the words, we could select the
closest match by comparing the morphological festwf the text to be translated with the
morphological features of each example in our cerplihe multiple analyses produced by
BAMA make this difficult, since we do not know whideatures are correct. We could also
merge all the possible morphological features ar®l what percentage of them match, but
neither of these context-insensitive approache&avery well in our experiments.

What does work well is to save the original surféaren of the word along with all possible
stems of this surface form. If two words share game surface form, then we have a near-
exact translation and we prefer these matchesgeregralized ones, guaranteeing that we will
have all the same matches that would occur if éxé did not undergo any generalization.
However, if no surface form matches exist, thensetect the example(s) in the corpus that
share a possible stem with the text we are atteigppid translate. Recall that we are
clustering the stems into groups that have somsilgesanalysis in common. We know that
every possible stem of a word will be in the sarhster, but that does not mean that the
possible analyses of two different words in the sastuster are the same. Likely, the two
words will only have one or two stems in common. &mparing the possible stems, we
effectively reduce the large clusters we built noafler classes that represent words that are
truly ambiguous and could have the same stem awahe we are looking at. This decreases
the over-generalization by filtering out matchest tho not share any analyses in common.

Consider the sentencead s zad Gh G 57 (“5 mlAyyn Tn gmH rwsy ImS”0 “5 million
tons of Russian wheat to Egypt”. First, each wardhe sentence is matched to a cluster
(some of which contain many words and some onlytaiora single word). The clusters for
this sentence are shown in Table 4 below. If veeteaining the EBMT engine on this text,
then the cluster is used by the EBMT engine toxneach word. We also store metadata
consisting of the original surface form of the wadd all possible alternate stems in the
EBMT index. When we attempt to translate this secgeve do the reverse process. First, for
each word, we look up all examples that share dneescluster. Then we determine if any of
the examples have the same surface form, whicheisrost precise match we can make.
Failing any surface form matches, we check to taay of the examples have an alternate
stem in common. This filtering process allows usnatch only the closest example(s) from
our training corpus.

Word Cluster Metadata

mlAyyn mlAyyn (SURFACE mlAyyn) (ALT_STEM malA yiyn)

n wT (SURFACE Tn) (ALT_STEM Tan~) (ALT_ST EM Tun-~)

gmH gmH (SURFACE gmH) (ALT_STEM gamoH) (A LT_STEM gam~aH)
rwsy rws (SURFACE rwsy) (ALT_STEM ruws) (ALT_ STEM ruwsiy~)
ImSr mSr (SURFACE ImSr) (ALT_STEM musSir~) (AL T_STEM miSor)

Table 4. Clusters and metadata associated with tteentence
“ el gy g b e 57 (“5mlAyyn Tn gmH rwsy ImSr”)
“5 million tons of Russian wheat to Egypt”



4. Remaining Issues

As a result of generalization and filtering, theNEB system finds more and longer examples
that match the text we are attempting to transiBefore generalization, we could often

translate common phrases, but many parts of sesgdrad to be translated word by word. As
expected from the generalization, some of the neatclexamples have incorrect

morphological features, such as the wrong tenseswumber, but this is not problematic in

translating from Arabic to English. Analysis of mlaéd examples shows that the
generalization preserves all the examples fronutigeneralized text and frequently includes
many more examples of substantial quality.

The problem we are currently facing is that theglaage modeler (LM) is not good at
stitching the generalized phrases back togethavelhand-stitch them, we can create much
higher quality sentences than we can from the umgdimed examples found in the corpus.
However, if an example has an incorrect tense tnaswrong part of speech, the LM will
assign it a very low score because such combirationnot occur in natural text. Ongoing
experiments are addressing this problem.

In Figure 2 below, there are two charts descriiegEBMT output for the sentence

“Ussaw Loolaisl Yehwo Joiiwn aaalosl sie” (“Ezp AbrAhym ystgbl msWAWIA
AQtSAdyA sEwdyA”) “lzzat Ibrahim meets a Saudi economic official’he chart on the top
(with the Arabic characters) depicts our origingdtem. The chart on the bottom (using the
Buckwalter transliteration) depicts what happengnvive use the methods described in this
paper for generalization and filtering. (The ingentence in the bottom chart looks slightly
different because each word has been replacedamitluster.) Aside from the proper name
“Izzat Ibrahim”, all the entries in the top chareaingle word translations. The bottom chart
shows that we are now able to retrieve the bigraeoriomic official”. This is important
because the word for word translation would nottbetproper ordering of “economic” and
“official”. The bottom chart also shows some vatg@arof the single word translations
(“economic” and “economy”; “officials” and “officid) which are a direct result of the
morphological generalization. In this case they @ameecessary because we already have a
bigram covering that span of text, but often they leelpful. Lastly, as a result of increasing
our coverage, extraneous translations can appdaeichart as well. “Official will” appears
in the generalized chart below, but is not relatedhe text we are translating. This arc is
likely the result of “official” properly generaliag, but also having a poor alignment such that
“[ya]sotaqobil” (iu[s]) is aligned to “will” (recall that stems are beimged, hence the
prefix s ("ya") is not in the chart. It should be noted that wiile want to limit spurious
translations, it is normal to have some. This igywe employ a language model to help
select the best translation candidates.

5. Conclusion and Current Work

In this paper we described a method for genergliirabic text specifically in the context of
Example Based Machine Translation. We demonstrdtede different techniques for
generalization, of which the clustering technigue developed gives the greatest coverage.
We also explained how we prevented over-generaizain our system by filtering the
results. Although we can see substantial improvenmetie translation candidates we obtain,
we have so far been unable to improve actual tatiosl quality. Current work is addressing
this problem by focusing on the language model $k#&cts the final translation candidates to
use. We are also continuing to investigate to vebxaént we can further refine the filtering
process by using additional morphological informati



835 Pt it dghina [FETPEVE]) bagma

ibrahim (085567 )
izzat ibrahim (0.735174)
ezzatibrahim {0.6932)
saudi (0.7 )

izzat (0.5}
economically {0.5)

receives (0395349}
officials (0.325551)

Euz liborahiym sotagqobil masoW uwl [igotisad SUE nvd
economic official {0.94483)

official will (0.926312)

saudi {0.535866
brahim (0.501326)

sconomic (0.412445)

officials (0.324335)
ezzat ibrahim (0.295297)
received (0. 257644

economy (0142362

official (0.121866

Figure 2. Two charts for the sentence
losgre Ladbaldl Yghue Jaden pasl ol 3’
(“ Ezp AbrAhym ystgbl msWwIA AgtSAdyA sEwdyA”)
“Izzat Ibrahim meets a Saudi economic official”
The top chart is our original system and the bottoncthart uses generalization
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