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Abstract We work with a standard phrase-based MT system

on Urdu-English MT. Since Urdu is morphologi-
of Out-of-Vocabulary (OOV) terms in Urdu- Eally :clc;zer(;fgc tEnglls?, t\;ve Uexdpect a Iﬁr?e .poj-
English MT. Since Urdu is morphologically IOF? or the -erms 0 be Ur u.morp oqg|ca
richer than English, we expect a large por-  variants that are irrelevant to English. In this pa-

We present an approach for online handling

tion of the OOV terms to be Urdu mor- per we describe an approach to automatically learn
phological variations that are irrelevant to English-irrelevant (target-irrelevant) Urdu (source)

English. We describe an approach to au-  morphological variation rules from standard phrase
tomatically learn English-irrelevant (target- tables. These rules are learned in an unsuper-

irrelevant) Urdu (source) morphological vari- —\isaq (or lightly supervised) manner by exploitin
ation rules from standard phrase tables. These ( ghtly sup ) y exp g

) : . redundancy in Urdu and collocation with English

rules are learned in an unsupervised (or lightly X 20
supervised) manner by exploiting redundancy translations. We use these rules to hypothesize in-
in Urdu and collocation with English transla- vocabulary (INV) alternatives to the OOV terms. We
tions. We use these rules to hypothesize in-  then use phrases associated with the INV terms to
vocabulary alternatives to the OOV terms. Our  add to the phrase table additional phrases in which
results show that we reduce the OOV rate from we rep|ace the INV term with its Corresponding
a standard baseline average of 2.6% to anav- Qv term. Our results show that we reduce the
erage of 0.3% (or 89% relative decrease). We OOQV rate from a standard baseline average of 2.6%
also increase the BLEU score by 0.45 (abso- .
lute) and 2.8% (relative) on a standard test set. to an avgrage of 0.3% (or 89% relative decrease).
A manual error analysis shows that 28% of ~ We also increase the BLEU score by 0.45 (absolute)
handled OQV cases produce acceptable trans- and 2.8% (relative) on a standard test set. A manual
lations in context. error analysis shows that 28% of handled OQV cases
produce acceptable translations in context. We also
present additional results comparing and combining
The problem of Out-of-Vocabulary (OOV) terms isthis technique with two other techniques that target
a common theme in many NLP applications, espegsroper names and spelling errors.
cially automatic speech recognition (ASR) and ma-
chine translation (MT). Habash (2008) points out This paper is structured as follows. Section 2
that low token OQV rates can be quite deceptivpresents previous related research. Section 3
since they affect a significant proportion of the senpresents some relevant background on Urdu lin-
tences in MT. For example, a 3% token OOV rateguistics and profiles specific problems for Urdu-
can negatively affect the fluency and accuracy dEnglish MT. Section 4 describes our baseline MT
40% of all sentences. system. Section 5 details the morphology variation

We are interested in the specific task of- rule learning approach and discusses the different
line OOV Handlingas a way to address terms thatypes of learned rules. Section 6 presents our sys-
are not modeled in the offline built MT system.tem evaluation and results.

1 Introduction



2 Related Work proach to smooth phrase-based translation models.
. . o ) Their approach does not target OOVs in particular,
The work presented in this paper is in the interseqs cjearly helps address many OOV cases. Vilar
tion of mul_tlple actlve_ areas of research. In parfuc—et al. (2007) address spelling-variant OOVs in MT
ular we briefly describe three areas: unsupervisegl, 4k on-line re-tokenization into letters and com-
_multlllng_ual Iearnmg- of morphology, OOV handling ;nation with a word-based system. Habash (2008)
in Machine Translation and Urdu NLP. compares and combines four techniques for online

Unsupervised Multilingual Morphology Learn- hand_ling of Out-of-Vocabulary word; in Arabic-
ing Snyder and Barzilay (2008) describe an apI_Engllsh phrase-based MT. The techniques used are

proach for unsupervised learning of cross-linguafPelling expansion, morphological expansion, dic-
morphological segmentation using parallel corpor§©nary term expansion and proper name translitera-
for three Semitic languages (Arabic, Hebrew and©n- The techniques are used to extend the phrase
Aramaic) and English. Their models jointly inducet@Ple With recycled or novel phrases. His results
morpheme boundaries for the studied languages aRfPW & consistent improvement over a state-of-the-
identified cross-lingual morpheme patterns. Thei't baseline in terms of BLEU and a manual error

work overlaps research in unsupervised morphoRNalysis.

ogy learning and research in multilingual learnyrgy NLP Relative to other languages with sim-
ing. Much research has been done in multilinguajar populations, Urdu has not received a lot of at-
learning to build tools exploiting parallel data fromention (Hussain, 2004b). A close sister language
morphology to word sense tagging (Yarowsky ebf Urdu, Hindi, has received relatively more atten-
al., 2001; Diab and Resnik, 2002; Rogati et al.tion. One particular publication on Hindi is relevant
2003). Research in unsupervised morphologic@jere as it explores similar issues: Mahesh and Sinha
learning explores ways of deriving morphology in-2007) exploit rich morphology in Hindi to handle
formation from redundancy in the data (Goldsmithiransiation divergences between Hindi and English
2001; Creutz and Lagus, 2007). in a rule-based MT approach. One of the earlier pa-
Much Perswe could find on Urdu and MT is by Jones and

OOV Handling in Machine Trandation : : . .
work in MT has shown that orthographic andHaV”"a (1998), in which they described a formal-

. . - ism for learning transfer rules for Urdu-English MT.
morpho-syntactic preprocessing of the training an

test data reduces data sparsity and OOV rates. T jg/mayoun (2.006) describes_a suite of resources fqr
is especially true for languages with rich morphol- rdu processing and Hussain (2004a) discusses in

ogy such as Spanish, Catalan, and Serbian (Pbpqureat details the workings of a morphological ana-

and Ney, 2004) and Arabic (Lee, 2004: Habash anyzer for Urdu. In 2008, Urdu was chosen as one

Sadat, 2006). We are interested here in the specifijé languages from which to translate into English

task of on-line OOV handling The most common in the National Institute of Standards and Technol-
solution for such OOV words is to delete them fromOgy (NIST) MT Evaluation _com_petltloh. We use
the output — thus gaming precision-based evaluzglr—1e data provided by NIST in this paper and report

tion metrics such as BLEU (Papineni et al., 2002)r.eTUIE;.0n Its developlgent %nd tes(,jt setsl. ¢
We will not consider this “solution.” Some previ- N TS paper, we describe and evaluate an ap-

ous approaches anticipate OOV words that are p roach to on-line OOV handling in the context of

tentially morphologically related to in-vocabulary rdu—Enghsh MT using automatlgally learned mor-
(INV) words. For example, Yang and Kirchhoff phological variation rules learned in an unsupervised
(2006) extend phrase table’s with back-off phrasrgganner from multilingual data (specifically phrase

variants that are segmented into smaller morpholo %?bles extracted from automatically aligned parallel

ical units. Test data OOV terms are segmented | ata, which are arguably "lightly supervised). The

a similar manner. Talbot and Osborne (2006) Ioror_norphologlcal rules learned cluster morphological

pose a language-independent approach for mod&benomena in the source language (Urdu) that are

ing lexical redundancy for MT. They use this ap- *http://www.nist.gov/speech/tests/mt/2008/doc/



not relevant to the target language (English). By reHumayoun, 2006). We will not discuss syntactic
lating an OQV term to an INV term using one ofissues in this work. We also present a preliminary
these rules, we can expand existing phrase tablagalysis of the types of OOVs seen in Urdu to fur-
with “recycled phrases” of the INV terms. This ap-ther motivate our work.

proach is similar to Habash (2008)’s work on Arabic

online OOV handling except that unlike his work on3-1  Urdu Orthography

morphological expansion which required a morphotrdu is written using an extended version of the
logical analyzer, we do not need one; instead weght-to-left context-sensitive Perso-Arabic alphabet
learn the morphology mapping automatically. Asonsisting of 44 basic letter forms and 15 optional
such, we restrict ourselves to not using any of thdiacritical marks (Humayoun, 2006). The following
existing morphological analyzers for Urdu (Hussainare some of the prominent challenges for Urdu or-
2004a; Humayoun, 2006). The work of Snyder anthography.

Barzilay (2008) is close to our work; however, un-
like them, we are asymmetrically interested in mod-
eling aspects of one language (Urdu) that are irrel-
evant to the other language (English). We expect
our approach to be more useful for morphologically . i . . L
rich source languages being translated to morpho- o IS ambiguous .dependmg on its vowelization
logically poor languages. Our work is closer to Tal- @S the noun, bin ‘son’ or the verb 7 ban
bot and Osborne (2006), except in that they do not ~ ‘make’.

target OOVs in particular. The features they learn o | gtter Marks Arabic’s alphabet usesbliga-

to determine lexical-redundancy cluster membership  tory marks (typically dots) to distinguish dif-
are similar to the rules we learn in this paper. Finally,  ferent letters (e.go b, = t, & 6, _ pands
we differ in general from previous work in multilin- ) :
gual learning and morphology learning in that we
work on Urdu and in that we use and evaluate our
rules for the task of OOV handling.

e Diacritics As in Arabic, diacritics are often not
written in Urdu. Diacritics’ general absence
adds to the ambiguity challenge of translating
from Urdu to English. For example, the word

t).2 This is different from using diacritics. The
number of basic letter forms is 18, less than half
the number of letters. As such there is a high
likelihood that spelling errors involving these
marks take place.

e Disconnective Letters Although the Arabic

Urdu is the official language of Pakistan and one  SCript is a mostly connective cursive script,
of India’s 23 languages. Despite being spoken by there are a few letters that do not connect to
over 60M native speakers and over 100M second the letters that follow themtAl A jr 5z 52
language speakers, Urdu has only recently startedto >d 33 ¢ w. This leads to the presence of a
receive computational attention. Urdu is an Indo-  tiny word-internal space that sometimes is con-
European language from the Indo-lranian branch. fused for a word separator. As a result, some
Urdu is known to closely resemble Hindi (forming—5————— o i )

. . - - All Arabic script transliterations are provided in the
together what is sometimes called “Hindustani )Habash-Soudi-BuckwaIter transliteration scheme (Hakeish
However, Urdu differs from Hindi in that it is written al., 2007). This scheme extends Buckwalter’s translitmat
in an extended form of the Arabic script and in thascheme (Buckwalter, 2002) to increase its readability evhil
it shows a lot of influences from Persian (anothemaintaining the 1-to-1 correspondence with the orthogyagsh

Indo-European lanaua: e) and Arabic (a Semitic la rgpresented in Unicode. The following are the only diffeen
P guag r}rom Buckwalter's scheme (which is indicated in parentlgse

guage) compared to Hindi. ORI ATE)L S @ AT s (1 B5E).0 S W),
In this section we discuss the orthographic ang ; (., § (9,0 L @), ¢ (B)7 ¢ @ Y5, a:(F),
morphOIOglcal challenges for CompUtaFlonal_ Prog (N), T . (K). For Urdu-specific extensions of the Arabic
cessing of Urdu. For a much more detailed disCUSsript, we extend the Habash-Soudi-Buckwalter transiiten
sion of Urdu orthography and morphology from ascheme as followsh , ha,t &, d 51500y 2, Py 25,

computational point of view, see (Hussain, 2004&; G,gf.

3 Urdu Linguistic Challenges



words may be broken into two parts or morefive (OBL+s575" kwiky), instrumental (OBL4n
and incorrect words are made up of two or morgy) genitive (OBL+57 d// S kA/ky/ky and locative

words. See the first spelling error example ir’(E)BL+uy/j/23'/... mynipritly/..). Post-positions
Table 1. are typicall§/ written separate from the word whose
e Homophone Letters Given that Urdu has a function they specify, but often, due to orthography
lot of borrowings from Arabic that retain their features discussed above, the post-positions are at-
Arabic spelling even though they change theitached to the word, effectively extending its ortho-
pronunciation, there are cases of spelling erroiigorphology.
of Arabic words spelled as pronounced in Urdu. yrdu verbs morphologically inflect in mood-
See the second spelling error example in Tagspect-tense (infinitive, subjunctive, perfective and
ble 1, which is the result of the two lettessd  jmperfective), person (first, second, third), gender
and ; z having the same pronunciation in Urdu(masculine and feminine) and number (singular and
/2. plural). With few exceptions, conjugation is very

We do not address the diacritization issue in thisegular. Urdu also has productive suffixes that gener-
work. And although we also do not address spellingte so-called causatives and double causatives from
directly, we in fact address some of the spellind®asic verbs. For example, the rogtbnin the basic
cases indirectly as they are confusable with souragerb L brnA ‘to make (unaccusativelge mady,3

morphological variations in which a letter is sub-can be extended with the suffix +A to createt i\
language. with the suffix |s+ +WA to createlils brwAnA ‘to
make through another person (indirect causative)'.
Much of these inflectional variations are just

:'Jr:ju IS ; v;/'eakl.yﬂlnﬂt'ect%j I.anf.]uage W't:: Imu_l'“noise” from the point of view of English but some
Ipie productive -infiection/derivation morphologl- 5o not | the work presented here we attempt to

cql .mecha.nlsms that reﬂept the different Iangu"’lg%futomaticalIy learn the patterns of what English is
origins of its words. For instance, although UrdL{ruIy blind to and what it is not

is primarily a suffixation language, Arabic templatic

morphology also appears in_Urdu, e.g., bquen plug 3 Preliminary Analysis of Urdu OOV's

rals: the plural ofs ; ;> jzyrh ‘island’ is ;1> jzAyr _

‘islands’. Another example highlighting this com- To understand the kind of phenomena we need to
plexity is the presence of multiple productive femhandle when solving the OOV problem in Urdu-
inine morphemes: for words of Arabic origin, it is English MT, we took a sample of 100 sentences
o+ +h, e.g., A\ WAId ‘father’ becomes .}l wAIdh (1,778 words) from our baseline system and classi-
‘mother’; however, the productive feminine mor-fied the OOV tokens in it. 48 OOV cases (2.7% of
pheme for words of Hindi origin igs+ +y, e.g.,5% words) appeared in 37 sentences (37% of sentences).
IrkAis ‘boy’ but d/) Irky s ‘girl". The OQV cases are (a.) spelling errors (19 case or
N iy (§9.6%), (b.) morphology variants unseen in data
18 cases or 37.5%) and (c.) proper nouns requir-

(nominative [NOM], oblique [OBL] and voca- Ing transliteration (11 cases or 22.9%). We exem-
tive [VOC]). For éxample the plural of the plify these three classes in Table 1. In this work, we
Urdu word -ut:{ KtAb ‘boc;k’ has three case- primarily address morphology issues (almost two-

, N . fifths of all OOVs) and we touch on spelling issues
variant forms:y " ktAbyn(NOM) V35 ktAbwn and transliteration of proper nouns in as much as
(OBL) and ;5" ktAbw (VOC). The oblique case these could be interpreted as morphological variants
is further modified syntactically using a varietysom the point of view of English. In Section 6.3,
of post-positions leading to a total of nine (éxye present two techniques for handling spelling er-
tended) cases: nominative, oblique, vocative, erga-

tive (OBL+ ny), accusative (OBL+4S kw), da- 3+ +nA is the infinitive marker.

3.2 Urdu Morphology

Urdu nouns inflect in gender (masculine an
feminine), number (singular and plural) and cas



Class Urdu English ing process of the morphological variations, but it is
Proper 3 s S 92 hwGrd Hoggard by no means necessary. A random set of 1952 sen-
Noun M\ejhA[khn_d Jharkhand tences (15K words) is extracted and used for tuning.
Morphology u\i.j-.:e bywyAn wives (pl) Training data cons_lsts of 253,260 sentences with
related to 1.8M words of English and 1.9M words of Urdu.
S 5 Dywy wife (sg) 4.2 Orthographic Preprocessing
=3 brogy veil (obl) _ . : :
related to AIthough th_e encodlng of Arablc scrlpt. and |ts
5 br veil (nom) extensmr_\s is ;tandardlzed in a context—lnse_n_smve
& e manner in Unicodé, almost all context-sensitive
Spelling Sa=losAjdkw | SAjid (dat) | glyphs are possible to use direciyThis is not rec-
incorrect form of: ommended; however, it is sometimes done. As a re-
55 =l sAjd kw sult, the same appearance of a word on screen/page
oo I e mOAHML | friction/ may be implemented using different sequences of
incorrect form of: | resistance letters. This has the effect of increasing sparsity
oo 1o mzAHML for any natural language processing system. We ad-

. . dress this issue through a special cleaning step that
Table 1: Three classes of OOVs in Urdu-English MT collapses the various glyphs into their correct letter
form encoding.

In addition, we remove all kashidas (elongation
rors and proper nouns and we compare them to a%j

bine th ith th K holodical vari arkers in Arabic script) and all diacritics. We also
;?i?;n;ne emw € work on morphologica Var"collapse the two forms of Heh in Urdw f and

a h), the two different forms of Yeh ¢y and .~ y)

4 Urdu-English BasdlineMT and the two different forms of Nuuny(n and  n).
n thi tion. we describ r baseline Urd The decisions to collapse these forms were empiri-
IS section, we describe our baseline ucally determined using a development set on which
English MT system. . . .
we received around a 5% relative improvement in
4.1 Data BLEU score. The collapse of some of these charac-

. . ters helps reduce variations resulting from spellin
The data we use here is restricted to the resource P 9 P 9

package made available by NIST for their 2008 MTETOrS: but also from morphological alternatives. In
. . particular the two different forms of Yeh can be mor-
Evaluation (Urdu-English Track). We even follow

- " . Phologically distinctive in Urdu.
the restriction to not use any additional monolingual . . . .
English preprocessing simply includes down-

data outside that package. Among other things, thc%sin separating punctuation from words and split-
package includes a parallel corpus of Urdu and E 9. S€p gp P

glish, a lexicon of Urdu with English glosses, a morl-?Ing off s,

phological analyzer and a transliterator. We only, 5 Building the Phrase-based M T Basgline

make use of the parallel corpus and the lexicon in ) ) )
this paper. We built our baseline system usirgiandard re-

Although some amount of simple preprocessin&ources, for phrase-based MT. Word alignment is
was done in the provided data, we still needed tgON€ With GIZA++(Och and Ney, 2003). Phrase ta-

do additional preparation before we could use it. hlgle extraction and decoding are done using resources
particular, we use an implementation of Gale an{O™ the Pharaoh system suite (Koehn, 2004). Tun-

Church (1993)'s sentence alignment algorithm t§'9 Was done use Och’s Minimum Error Training

align the Urdu and English sentences in the para(MERT) method (Och, 2003). A trigram English

lel corpus. We extend the corpus with paired Urdu!@nguage model was implemented using the SRILM

the lexicon may positively bias the automatic learn- ®http://unicode.org/charts/PDF/UFB50.pdf



toolkit (Stolcke, 2002) applied to the English side ofwe plan to investigate how to modify the weights us-

the training data. ing the probabilities of the learned rules.
Section 6 contains the evaluation results for the
baseline system. 5.2 Analysisof Learned Rules
Our system learned 2,274,392 rules (1,137,196 bidi-
5 Automatic Learning of Morphology rectional rules), which we rank based on redundancy
Variation Rules in supporting examples in the data (or weight).

Our basic approach for handling OOVs using mor:l‘here are 123 different unique ranks with a Zip-

. o ] fian distribution showing an expected very long tail:
phology information is as follows: we match the96 4% of all rules are with 1, 2 or 3 supporting ex-
OOV token with an INV token that is a possible mor‘am'ples only. Only 88 rules ’(in 43 ranks) have 100
phological variant of the OOV token. Then, phrasegupporting éxamples or more. Table 2 describes
associated with the INV token in the phrase table are - distribution of rule counts.b rank level We
used to create new phrases in which the INV token IS tinaui y _ o

istinguish three classes of rules: Prefixing rules
work, we only allow mappings that are “noise” from?PRE) invglve .adding/deleting.a prefi>§ or replac-
the p;oint of view of English. For example case-mg a prefix with another prefix. Suffixing rules
, ' : ' (SUF) similarly involve adding/deleting a suffix or
variant forms of an Urdu noun are all mterchange;eplacing a suffix with another suffix. Gircumfix-
able. We describe next how we learn these morphal- . - _
ogy variation rules. Then we present an analysiS(I) g _rules (C.IRC) mclu_de a]l othgr possible rules:
the different types of learned rules adding/deleting/replacing circumfixes and all rules
' mixing prefixes/suffixes and circumfixes. That is,
we count a rule replacing a prefix with a suffix as
a circumfixing rule. For example, the fifth row in
Table 2 says that in the top 50 rank levels, there are
We collect information on possible inflectional vari-104 ryles, 88% of which are suffixing rules, 8% of
ations from the original phrase table itself. In anynich are prefixing, and 4% of which are circumfix-
offline process, we cluster all the Urdu phrases witfhg.
single word entries in our phrase table that translate 1 shifting distribution of the rules shows a nice
into the same English phrase. For every two Urdygnsistency with what we know about Urdu mor-
words, i and j in the same cluster, we try t0 pro- pnojogy: Urdu is a primarily suffixational language.
duce a three-way segmentation imefix stem suf- The highest rank SUF rules are all nominal/verbal
fix such thastem equalsstem, stem is at least one jnflections that are not present in English such as

character long, andtem andstem are in fact the gleting the infinitive markek+ +nA or replacing

longest shargd gub-strlngs n yvordgnd]. Once the plural nominative suffix,.+ +yn with the plural
a segmentation is found, a bidirectional rule of the -

following form is created (if seen for the first time), ©Plique suffixy s+ +wn. The most common SUF
and its weight (measured by number of supportingtle allows deleting/adding the suffjx+ y, which
examples) is incrementegrefix _ suffix < prefix; actually collapses the distinction between the highly
_ suffix.. ambiguous suffixegs+ y and ~+ y in our system.
During translation time, an OOV word is matchedThe - y suffix refers to past masculine plural, non-
against all rules (by matching prefix and suffix conpast third/second person singular, and nominative
ditions). Once a match is found, a morphological exmasculine plural; while the suffixs+ y refers to
pansion is created. We check if the expanded forgast feminine singular, feminine singular or adjec-
is an INV. If it is not, we ignore it. However, if it tival derivations, among others. The top 20 rules (10
is, we copy all the phrases showing the INV wordvidirectional rules) are presented in Table 3.
as a singleton entry and replace the INV word with  Among medium frequency rules, we find exam-
the OOV word. The translation weights of the INVples of spelling correction rules that reflect phono-
phrase are used as is in the new phrase. In the futdogical similarities, e.g., a rule that replace8 with

5.1 Learning Urdu Morphology Variation
Rules



j zcorrects the word 3543 dyAdtyto 3\ ; zyAdty Rank | Total PRE | SUF | CIRC
‘excess’. Similarly, some of these spelling correc- | 10 20 0% | 100% | 0%
tion rules correct shape-based errors such as spelling 20 40 0% | 100% | 0%
s2Ls SAhy'royal’ as al. sAhy We also find SUF 30 60 3% | 97% | 0%
rules that correct space-spelling errors where a post-| 40 82 7% | 90% | 2%
cilitic is written attached to a word ending with a dis- | 50 104 8% | 88% | 4%
connective letter, e.gss ; 55”1 Aktwbrkw'in Octo- 60 126 11% | 86% | 3%
ber’ becomes, ¢:5"1 Aktwbr. 70 160 18% | 80% | 3%
The first CIRC rule is ranked 45th. It refers toa | 80 200 | 21% | 74% | 5%
phenomenon called “strengthening”, where a word- | 90 314 24% | 66% | 10%
stem vowel is lengthened as part of a derivational | 100 500 1 27% | 52% | 21%
process to create its causative form. The specific rule | 110 1882 | 28% | 31% | 41%
that leads the CIRC list also adds the infinitive suf- | 120 | 38,784 | 19% | 15% | 66%
fix U+ +nA. For example,~S kt ‘be cut/lose’ 5§ 123 2,274,392 8% | 8% | 84%

becomekAMNA ‘to cut/bite’. This rule, expressed as
[k_ < kA_nA], reflects a current limitation, namely Table 2: Distribution of different learned-rule types over

that infixation is not modeled. As a result, the rule i$2"k- Rank refers to the tom rules by amount of sup-
orting evidence.Total refers to the actual number of

too specific in that it incorrectly encodes part of thé)uIeS n rank level. PRE. SUE and CIRC refer to the

basic word stemk) as a prefix. percentage of prefixing, suffixing and circumfixing rules,
Among very low frequency rules, we find exam-respectively.

ples that link words for morphologically meaning-

less reasons. For instance, the following words are

linked to each other through multiple rules sinc<—:~"’lls‘O report on the NIST MT Eval 2008 official test

they all map to different senses of the English Wor(?et (I:/I:{I"OS), ;Nh'Ch hasv\},862 si:ntencl:tes. V\f[lth fourf
‘space’ and contain the lettdr ‘A (a purely hypo- ranslation references. We report results in terms o

. . case insensitive 4-gram (standard) BLEU (Papineni
thetical stem): | 5" kmrA (space as in room, bed- et al., 2002) metric scores. Other metrics such as
room), 61 AkAS(space as in ether, firmament),NiST were considered but gave no additional infor-
Leol2 fASIh (space as in distance, break, disconmation.
tinuation), rL':La moAm (space as in locality, abode, In the following section, we present the results of

dwelling), 3= xIA’ (space as in aerospace, vac@Pplying different subsets of learned rules. We then

uum), andLzs fDA (space as in atmosphere). Somgresent a manual error analysis of the MT output.
of the’se rules are PRE or SUF, but most are CIRC.Fina”y’ we present some additional results compar-

. . . ing the approach we use to other techniques for OOV
A large portion of the rules is very noisy as ah
result of bad alignment, non-inflectional clustering,

andling.
English-semantic alignments that are not meaning 1 Evaluation of Morphology Variation Rules

ful in Urdu, or the loose definition of “STEM”, i.e. _
one shared letter or moravhich allows for a lot of 1€ results are shown in Table 4. The number of

implausible and infrequent rules to be generated. Iffords and OOV words in both E&vSETand MTO08
addition, the simple model we use does not allo@® Shown. In addition, the BLEU scores (multi-

learning independent rules that can be applied ini€d by 100) are presented for thenBELINE sys-
hierarchical manner or in a collective manner. €M when not using any morphology variation rules
and when it is supplemented with the topanks of

6 Evaluation rules. With few exceptions, adding more rules corre-
sponds to better performance as measured by BLEU.
We report results on the B/SeT set provided in the The column marked as LOQV displays the ratio of
NIST package. BVSET includes 4,975 sentencesleftover OOV words in the output. Using more rules
and has one translation reference per sentence. \Alws more OOV words to be handled. All leftover



Rank Rule DEVSET MTO08
1 _ Sy Words 90454 42196
2 _ & _nA oov 2087 1180
3 |- & _A BLEU | LOOV [ BLEU [ LOOV
4 |- & _AnA BASELINE | 9.47 | 2.31% | 15.95 | 2.80%
S - < _h topro 9.49 | 1.82% | 15.98 | 2.12%
6 |_A & _y topo 9.52 | 1.61% | 16.00 | 1.89%
o= & _wn 030 953 | 1.52% | 16.00 | 1.77%
8 |- & _t tops0 9.55 | 1.45% | 16.00 | 1.67%
9 |_h & _y tops0 9.55 | 1.41% | 16.01 | 1.63%
0] < _ny topso 9.55 | 1.40% | 16.00 | 1.62%
o topro 9.57 | 1.32% | 16.03 | 1.46%
Table 3: Top1Ob|d|rectlonalruleslearnedbyoursysterr.t0p80 956 | 1.30% | 16.07 | 1.43%
topgo 9.56 | 1.20% | 16.08 | 1.32%
OOVs are kept in the output (not deleted). Overall, topioo 9.55 | 1.13% | 16.12 | 1.21%
we reduce the OQV rate onABELINE from an aver- | topiio 9.57 | 0.92% | 16.21 | 0.99%
age of 2.6% to an average of 0.3% (or 89% relative top; 2 9.62 | 0.60% | 16.25 | 0.68%
decrease) and increase the BLEU score as\B top;23 9.69 | 0.26% | 16.40 | 0.32%

LINE by 0.45 (absolute) for MT08 and 0.22 (abso-
lute) for DEVSET — an average relative increase ofTable 4: The BLEU scores comparing the baseline sys-

2.6%. tem to its performance when supplemented with,,top
ranks of rules. LOOV refers to the leftover OOV that
6.2 Error Analyss are not handled.

We conducted an error analysis of 100 sentences se-
lected randomly from BVSET. The sample con- 12 Proper nouns (28%) among the handled OOVs.

tains 45 OOV words. We handle all of them exceptiOWeVver the ratio oicceptableproper nouns to all
for two. We judge the handled 43 OOV wordsags ~ Proper nouns (17%) is around half the ratioaaf
ceptableor wrong We only consider aacceptable ceptableno_n—proper_nouns to all non-proper nouns
cases that produce a correct translation or transli32%)- This result is not unexpected since we did
erationin context There are 12 acceptable case§Otfocus on proper nouns in this paper.
(28%). Given that our approach is unsupervised and . ) .
does not use any morphological analysis resourc€S Comparing with other Techniquesfor OOV
(as did (Habash, 2008)), this is a good result for han-  Handling
dling words that otherwise are not translated. Two dfollowing Habash (2008), we compare our mor-
theacceptablecases (17%) are proper nouns and thphology variation approach with two techniques for
rest are nouns, adjectives and verbs. Five of the 130V handling. In the first technique,PSLLVAR,
acceptablecases (42%) do not match any referenceve produce spelling variation hypotheses that as-
words, i.e., they cannot be captured by BLEU. sume the word is misspelled by letter deletion, addi-
Of the 31 wrong cases, six (19%) result from tion, substitution or inversion (alternating the posi-
deleting the OOV word through mapping it to antion of two adjacent letters). We allow one spelling
INV term whose English translation does not transmodification at a time. This is a very simple tech-
late the words completely. Such bad phrase tarique to implement and does not require any addi-
ble entries are created when phrase extraction facgsnal resources. The spelling hypotheses are used
bad/sparse alignments. In the rest of theong to link an OOV word to an INV word. Then the
cases, the decoder made a bad selection. Ten of fhlerases associated with the INV word are recycled
31wrongcases are proper nouns (32%) and the rest a similar manner to what we did in morphology
are nouns, adjectives and verbs. Overall, there avariation.



| DEVSET | MTO8 | be thought of as simply “spelling errors” from the

BASELINE 9.47 15.95 point of view of English, some are too complex to
MORPHVAR 9.69 16.40 handle as such since this may lead to a huge over-
SPELLVAR 9.70 16.34 generation of spelling hypotheses.

TRANSVAR 9.76 16.55 It is important to remember that these approaches
ALL 9.79 16.57 are only working on OOV words, which are around

2.6% of all words, yet they (the approaches) show
Table 5: Results of OOV handling using different tech&N average incre-ase of 0.47 BLE_U from théﬁ‘
niques: MORPHVAR is our morphology variation ap- LINE (3.6% relative). By comparison, gaming the
proach, ELLVAR is a spelling variation approach andBLEU metric by deleting all OOV terms increases
TRANSVAR is an approach that produces transliteratiofhe score of BVSETt0 9.92 BLEU. This means that
hypotheses; AL is a unioq combination of all phrasesthe combined techniques give us (without gaming)
created by the three techniques. 71% of the score increase that we could have re-
ceived through gaming. The morphology variation

The second technique RENSVAR, is more com- technique currently gives 49% of the gaming score

plex as it involves introducing completely novelMcT€ase.

phrases through u§ing a t_ransliteratio_n cor_nponenf. Conclusion and Future Plans

We retarget a publicly available transliteration sys-

tem for Arabic-English (Habash, 2008) by convert\We presented an approach for automatic unsuper-
ing Urdu words to an “Arabic form.” The conver- vised learning of morphological variation rules for
sion includes simple substitution of letters only usethe purpose ofonline OOV Handlingin Urdu-

in Urdu to their closest Arabic variant: e.g.r be- English MT. We reduce the OOV rate from a stan-
comes, r, & t becomes= t and 5 Z becomes |. dard baseline average of 2.6% to an average of 0.3%
- d(or 89% relative decrease). We also increase the

The newly generated pairs are assigned very IO\%LEU score by 0.45 (absolute) and 2.8% (rglative)
translation probabilities that do not interfere with" a standard test set. A manual error analysis shows

the rest of the phrase table. Weights of entries altgat 28% of handled OOV cases produce acceptable

modulated by the degree of similarity indicated b&re:nslz;tlo?s N contex;t. i hol
the confidence measure returned by the translitera- h the future we plan to improve our morphol-

tor. Given the large number of possible matches, w%c"ly Iisrrtung rEOdeI tlo gl_low Iearnln% |Independe\r;\t/
only pass the top 20 matches to the phrase table. rules that can be applied in a sequential manner. We

. will also consider using morphological analyzers for
Table 5 shows the results comparing our bas g b d ¥

%rdu to help with the creation of rules. Finall
line with the morphology variation (MRPHVAR) Y b Wi : u nally,

h Il as theoSLLV. 4T v we plan to investigate the use of different weigh-
approacn as wet as hesLL AR and IRANSVAR ing schemes to manipulate the probabilities in the
approaches. We also combine all of these a

Recycled phrases. We h limi
proaches (AL) by simply taking the union of all ecycled phrases. We have done some preliminary

. . experiments that show some promise.
the new phrases. Each of the techniques clearly im- P P

proves over the baseline and the combination imacknowledgement
proves the most. Although these scores are not

strictly statistically significant, they do show a con-1he first author was funded under the DARPA
sistent trend across two different test sets. GALE program, contract HR0011-06-C-0023.

Then, the Arabic-to-English transliterator is use

The TRANSVAR approach shows the biggest sin-
gle improvement in BLEU score, which is expectedRefer ences

given that it uses additional outside resources. How- _ .

. Tim Buckwalter. 2002. Buckwalter Arabic Morphologi-
ever, SELLVAR does not consistently beat dk- cal Analyzer Version 1.0
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