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Abstract

Producing machine translation (MT) for the many onity lan-
guages in the world is a serious challenge. Migdeihguages
typically have few resources for building MT sysgerRor many
minor languages there is little machine readabbd, téew
knowledgeable linguists, and little money availatde MT de-
velopment. For these reasons, our research proggamsnor-
ity language MT have focused on leveraging to treximum
extent two resources that are available for migdenguages:
linguistic structure and bilingual informants. Atlatural lan-
guages contain linguistic structure. And althoulgd tletails of
that linguistic structure vary from language todaage, lan-
guage universals such as context-free syntactictsire and the
paradigmatic structure of inflectional morphologyiow us to
learn the specific details of a minority langua8amilarly, most
minority languages possess speakers who are kalingith the
major language of the area. This paper discussesgftarts to
utilize linguistic structure and the translatiorformation that
bilingual informants can provide in three sub-arefsur rapid
development MT program: morphology induction, sgtita
transfer rule learning, and refinement of imperfeetned rules.

Introduction

Speakers of minority languages could benefit fraunerit
machine translation (MT) between their native tangad
the dominant language of their region. But scardity
capital and know-how has largely restricted machin
translation to the dominant languages of first wanb-
tions. To lower the barriers surrounding MT systenea-
tion, we must reduce the time and resources netmled
develop MT for new language pairs. This paper disea
our application of two underutilized resource reac
techniques in three sub-areas of rapid MT systenelde
opment. By, first, incorporating linguistic structuinto
MT knowledge induction algorithms, and, secondatstr
gically employing minimally trained bilingual inforants
during system creation we: 1. learn morphologicaiap
digms without supervision, 2. induce syntactic ¢fan
rules, and, 3. automatically correct transfer rulesan
interactive fashion.
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Minor Languages

The AVENUE project has developed prototype machine
translation systems for several minor languages frioe
Americas. We have worked most extensively with
Mapudungun, an indigenous language spoken by more
than 900,000 people in central Chile and adjacegeh-
tina. Our project has produced a prototype ruleetas
Mapudungun-Spanish MT system (Font Llitjos, Levin,
and Aranovich, 2005). In addition to our work on
Mapudungun, We have built a prototype Quechua to
Spanish MT system. Quechua is spoken by several mil
lion people in and around Peru and Bolivia. Culsene

are working with the Alaska Native Language Ceated

the Inupiat community to build an MT system for In-
upiag, the most northern indigenous language oflsla
And we are collaborating with the Universidade d® S
Paulo to develop MT systems for indigenous langsiae
Brazil.

Leveraging Linguistic Structure and
Bilingual Informants to Learn Machine
Translation Systems

Our approach to machine translation seeks to lgectize
structure of natural language to automatically cedMT
systems; at times with deliberate input from biliab
informants. Our morphology learning system expldiis
inherent organizational structure of natural largguenor-
phology: the paradigm (Stump, 2001). Similarly, lee-
erage syntactic structure to automatically leaangfer
rules for MT systems. Additionally, input from bijual
informants provides translations of key syntactiacs
tures to seed rule creation. And informants’ cdioas of
translation mistakes facilitate automatic rulermefnent.
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Table 1: A portion of the verbal morphology of Mapudungéach column headed by one or moiorphosn-
tactic feature categories is a paradigm. Each pgradonsists of at least two cells, the boxes biéntee fea-
ture heading. Each cell marks a verb for a spewdice of the feature category heading that paradithis
figure is adapted from Smeets (1989) with persergkrience.

Morphology

The syntactic-transfer methodology which forms ¢hee
of our MT system requires that words first be apetly
into constituent morphemes. Just as machine trémsla
systems are not available for most minority langsag
morphological analysis systems have not been dpedlo
for these languages either. For our Mapudungun a
Quechua MT systems we hand built morphological an
lyzers. We are currently developing a languageprdd-
ent morphological analysis system that can leargetp
ment the word forms of a new language by examiming
moderate sized monolingual text corpus of that lagg.

Consider the morphological structure of Mapudungun.
Mapudungun morphology is usually described as & slo

system with as many as 35 slots (e.g. Smeets, 188
slot is a paradigm, and either the presence omabsef a
morpheme in any given slot fills a cell of the mhgm of
that slot. Table 1 organizes the trailing paradigafs
Mapudungun in slot order, giving the suffixes tban fill
the cells of each paradigm.

Our unsupervised morphology induction system fo

lows the lead of other morphology induction systems

(Goldsmith, 2001; Snover, 2002) in leveraging tlaeap
digm structure of natural language to learn the phol-
ogy of specific languages. Because our unsupervise
morphology induction system relies on the paradigm
structure of morphology, we christened our systesm P
raMor. ParaMor discovers the paradigm system oéw n
language by comparing surface word forms found in
corpus. ParaMor is a two stage algorithm. In thst fi
stage, ParaMor creates paradigm models, while én th
second stage ParaMor segments words into morphem
by matching words against the paradigm models.fifsie
stage, paradigm creation, is further broken dowto in
three steps. First, ParaMor greedily and aggrelgsive
searches for sets of contrastive word-final strifgany

of the initially selected sets of strings do nopresent
true paradigms. Of those that do represent paragjigm
most capture only a portion of a complete paradiget-
ond, ParaMor merges candidate paradigm piecedanto
ger groups covering more of the affixes in a payadi
And the third step of paradigm model creation fdteut
the poorer candidates.

ParaMor placed strongly in Morpho Challenge 2007
(Kurimo, Creutz, and Varjokallio, 2007), a competit
pitting unsupervised morphology induction algorigim
head to head. Systems participating in Morpho @hgk
2007 were evaluated in two ways: first, in a lirggigially
motivated assessment of morpheme identificatio: se
gnd, in a task-based evaluation that augmentedhfan- i
mation retrieval system with morphological segmenta
tions. Systems competing in Morpho Challenge 2@Qj s
mented wordforms from up to four languages: English
German, Turkish, and Finnish. ParaMor officiallynto
peted in the English and German language trackthdn
linguistic assessment of the English track, Paralden-
tified morphemes with more accuracy than a stattef
art unsupervised morphology induction algorithm abhi
served as a baseline, Morfessor (Creutz, 2006 aNRar
placed fourth among all submitted algorithms in Erey-
lish linguistic evaluation. In the German linguistas-
sessment, a system combining the output of Parahtbr
output from Morfessor tied for first place. For &tthal
I- details on ParaMor’s algorithms and further analysi
performance in Morpho Challenge 2007 please see-Mon
son et al. (2007a; 2007b).

Following the Morpho Challenge deadline, we adapted
garaMor’s algorithms to recognize agglutinative se-
gquences of suffixes and submitted morphologicalysea
of all four language tracks to the Morpho Challengen-
mittee for evaluation. ParaMor’s performance on -mor

n
a

aoheme identification in Finnish is statisticallydistin-

guishable from the best placing system in MorphalCh
lenge 2007; in Turkish, ParaMor achieves much highe
orpheme recall than any officially competing syste
significantly outperforming the highest placing tgys at
F, over morpheme identification, 52.0% vs. 24.7%. The
adapted version of ParaMor also performs well i iti
formation retrieval (IR) evaluation. An IR systemga
mented with morphological analyses from the adapted
version of ParaMor consistently improves the averag
precision of retrieved newswire documents over an u
augmented IR system. In the English and Germarkdrac
ParaMor’s IR performance is as good as the perfocama
of the top systems that were officially submittedtihe
Morpho Challenge. Particular results covering PamaM
adapted for agglutination will appear in Monson(q20In
Press).
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Figure 1: This syntactic transfer rule translates pu-

Spanish adjective with the corresponding meaning. B
neath the phrase structure rules in Figure 1 anatems
for manipulating feature structures associated wiité
phrase structure nodes. The feature equationsgimréil
unify the agreement features from the Mapudungub ve
with the agreement features of the Spanish auyidor

in Spanish it is not meaning bearing adverb th#éedts
but the copula.

By leveraging the syntactic structure that ourgfation
formalism captures, we have developed two sepalate
gorithms that induce syntactic transfer MT systelive
have applied our first induction algorithm Prob20@5)

to learn machine translation systems for Hebrew and

Hindi and obtained encouraging translation resudtgie
et al. (2004; 2003). This paper will focus on the oe-
cently designed second syntactic induction algorit®ur
second induction algorithm is intended to suit detg of
scenarios of Machine Translation including resouicke
to resource-poor language scenarios, with syntiaxrira-
tion for only one language, and resource-rich smuece-
rich scenarios, with syntax information for bothnda

guages. In this paper we concentrate on the apiproac

taken for the resource-rich to resource-poor raduc-
tion.

Rule Induction by Projection
Our rule learning algorithm takes as input a sownd

dungun deadijectival verbs into Spanish adverbiat co target sentence pair along with word level aligntrien
structions, i.e. Mapudungun: kiimelen becomes Spanformation. We also require a full syntactic parsebe

ish: estoy bien meaning I'm fine.

Syntax

For minor languages there is often little if anycmae
readable text data from which to induce an MT syste
This text shortage necessitates bilingual speaiteating

available for the resource-rich side of the patakimtence
pair, which is not difficult to obtain. Given thisforma-
tion we start by traversing the source side syhtee be-
ginning from the root. At each node of the souree tve
calculate the smallest contiguous segment in thgeta
side that is “consistently” aligned with all the nds in the
yield of this source node. Consistent alignmenthis
well-formedness constraint which requires all therds
in a particular segment of the source side to alith a

new parallel data. We maximize the usefulness ef th particular contiguous segment of the target sestieas

relatively few translation examples that a bilinigurdor-
mant can produce, by adopting a syntactic tranfer
malism. And we have specially designed a corputo
tain sentences that are targeted to elicit commyaotastic
structures (Alvarez et al., 2006; Probst et alQ120The
targeted elicitation corpus, in combination witte thyn-
tactic nature of our MT rules, facilitates autornatiduc-
tion of translation rules.
An example of a syntactic transfer rule our MT ewgi

can interpret is given in Figure 1. The transfée iin Fig-

decided by the word-level alignment. For exampte, i
Figure 2 the Urdu string ‘ek seb khaya’ is contigsiy
aligned to the yield of the English VP ‘ate an &pplf a
consistent alignment is found we mark the sourceras
a decomposition point. We then traverse further dtive
tree to identify all such points along all the dnén of
every node until we reach the leaves of the tree.

Once the decomposition points and the corresponding

target sub-sentential segments have been identified
extract syntactic rules. For each source node uerothe

ure 1 is part of a hand-written grammar to trameslat ‘minimal’ tree segment that has only decomposition
Mapudungun into Spanish. Concepts that Spanish (andodes and leaf notes at its frontier. Such a tragnient
English) express with a copula and adverb, Mapudong can be flattened out on the source side to forrordext

expresses with an inflected verb. For exampleMapu-
dungun verbkimelen from the adjective stenkime
‘good,’ translates to Spanish astoy bieriI’'m fine’. The
syntactic transfer rule in Figure 1 describes thamsla-

free rule. For the target side context free rulepngect
the source side syntactic categories across thamgessi-
tion nodes of the minimal tree. An example tracihg
rule extraction process is shown in Figure 2.

tion mismatch between Mapudungun and Spanish. ét th The rule learning process outputs three kinds &f pr

top of Figure 1 are two context-free phrase stmectrees.

mary resources. First, we obtain synchronous teansf

The tree on the left breaks Mapudungun deadjectivatules that are responsible for the reordering etthnsla-

verbs into a verb stem (V) and the verbal suffikésn-
seGroup); the tree on the right captures the syfdax
Spanish copula plus adverb constructions. The diditie

connecting the Mapudungun V to the Spanish ADVUs o

formalism explicitly aligning the Mapudungun verbthe

tion process. Note that our induced rules do nateodly
contain feature unification equations. Second, Wt&ia
syntactic phrasal lexicons or tables. An entry e t
phrasal lexicon is the yield of a particular decosipion
node in a source tree and its equivalent contiguticuss-



(A
GO

/N

Det

John ate an apple

—z7 )

John ne ek seb khaya

Y Y
/—S N /—V Pﬁ
NP VP \V, NP
John ate an apple ate an apple
John ne ek seb khaya ek seb khaya
NP VP NP \Y,
- S "
Y
— vy ~ e ™
NP VP NP ne VP Vv NP NP \Y,

Figure 2: Sample Urd to Englishsyntaxrules our projectior inductior algorithm would obtail. Structures like that
the top of this figure are input to our inductigrstem. The input consists of parsed English thatieeen translated s
aligned with a second language. Our algorithm eidraub-trees from the input structdinat are consistent with t
word alignments. Two extracted sub-trees are pcthere, one headed by S, one by VP. The syntactgoges ¢
English are then projected along word alignmenthéosecond language. Finally, our algorithm prodsg®shronou
context-free rules that capture word order diffeemnbetween the aligned languages.

lation segment in the corresponding parallel tagpri-  these languages have relative little readily atglana-
tence. Third, we also extract the leaves in thecsotree  chine readable text and therefore constitute resspoor
wherever they are one-to-one aligned with a worthen  languages for machine translation. Bilingual speske
target sentence. The extracted leaves form a werel | translated our elicitation corpus from English itdedu,

lexicon annotated with part-of-speech information. and, separately, into Telugu. From the three thuidisa
translated sentence pairs from each language wacted
Application of Rule Induction to Various Languages syntactic transfer rules. Table 2 shows some detéithe

: . ; les extracted.
We have applied our algorithm to several languagjesp ru . . . . .
including English-Urdu and English-Telugu. Although I.O(l;r rule |ndu|ct|on algorithm is Igenenc andbcanal;éeo
both of these are languages with millions of spesgke plied to not only resource-poor languages, but a



source-rich languages like French, German and Gajne #of |Structural |Rules with| Phrasal
which each have extensive parallel corpora withliEhg Sentences| Rules freq>2 | lexicon
The challenging part of expanding to resource-tantr ;
guages from resource-poor languages is the computaENglish-| ... 6824 640 12456
tional complexity of extracting rules which numlerthe Urdu
millions. Furthermore, the extraction algorithm mbg English-
adapted to account for the extra linguistic knowled | Telugy 3126 7543 721 13500
including syntactic parses, that may be availabletlie -
second language. Since this is out of the scopkeoéur-  |English-| 500 183K 16K 680K
rent paper, we skip detailed discussion, but pmvide German
extraction statistics for some languages in Table 2 English-

French 1200K 1.3M 45K 42M

Syntactic Refinement

We are developing algorithms to automatically expan Taple 2: Statistics ofrule induction from MT in e-
and improve translation rules that have been ptslfo  source-rich to resource-poor language sceaaith
written or induced. Bilingual speakers who are fiot limited corpora and in resource-rich to resourcéi
guists or MT experts may be the only source of Know  |anguage scenarios with large corpora

edge readily available for resource-poor languages.

Hence, we have designed and implemented a user-

friendly online graphical interface called the Tskation

Correction Tool (TCTool), shown in Figure 3.

The TCTool allows non-experts to detect and remtedia '€vel- ARR parameters can be set to only execiiieere
errors in MT output. The tool graphically presetite ments to the tran_slanon ru_Ies when sufficient infation
source language sentence and a target languageatisto 'S available to reliably modify the grammar andidex.
translation that needs correction. For examplegmithe We conducted a user study to measure the accuracy
Mapudungun sentencepu piichilkeche awkantuy kifie Wlt'h which b|]|ngual speglkers identify and corrent-
awkantun(children played a gameour prototype hand- chlne translations. Ten b|||nguall speakers of Sgaaind
written translation grammar for our MT system oupu English corrected the translations of 32 sentendes.
the (incorrect) Spanish translationnifios jugaron un Small hand-written English to Spanish grammar peedu
juego(left snapshot in Figure 3). To make this traristat the sentence translatlon_s_, using our rule-based YEs.
acceptable in Spanish, a bilingual speaker cliaedhe  These ten non-expert bilingual speakers reliabtyented
[New Word] button on the top right corner of theTigwl ~ MT errors 90% of the time.
and typed in the missing determindos{. The bilingual The TCquI outputs correction instances, such as th
speaker then dragged the newly inserted vmsdnto the shown in Figure 4. Correction instances are fedhto
correct position in the translation, the beginnifgthe ~ Next stage of syntactic refinement, an automatie re-
sentence, as shown in the right snapshot of Figuithe  finer (ARR). The ARR modifies the original grammntar
resulting corrected translation is thuss nifios jugaron ~ account for each correction instance. The ARR a#0-a
un juego New syntactic structures that result from auto-matically add missing lexical entries, perform stuual
matic refinements are correction-driven, and tmather ~ Modifications of existing grammar rules, and fixxom-
than guaranteeing linguistic perfection, this awton  Plete or incorrect rules that applied during theegation
process guarantees wider coverage based on usag%,f. MT output. ]

Alignment information determines whether changes ar We developed and tested our rule refinement approac
done at the lexical level (collocations) or at grammar ~ On English to Spanish MT. And we have successfully

- = -
r Sentence Translation r Sentence Translation

kifie [un Liiie [un

awkantun _|ueg-u_ | awkantun ?_‘ juege ‘

Figure 3: Snapshots of the Translation Cotion Tool, before anafter correctina Spanish sentence that ' auo-
matically translated into Mapudungun.




SL: pu puchikeche awkantu y kifie awkantu

TL: nifios jugaron un juego

AL:((1,1).(2,1)).(3.2).(4.2),(5.3).(6.4))
Action 1: add (W=los)

C_TL: losnifios jugaron un juego
CAL: ((1,2),(22).(33).(4.3).(54).(6.5)

Figure 4: The correction nstance xtracted from
TCTool log file which corresponds to the user iater
tion shown in Figure 4.

applied our approach to Mapudungun-Spanish MT, show
ing generality. Experiments with our English-SparsT
system have demonstrated statistically significant
provements on unseen data, as measured by stavdard
evaluation metrics. For an in depth descriptionoaf
automatic rule refinement approach, see Font Hlitjo
(2007).

Conclusions

The paired aids of linguistic structure and stritege of
bilingual informants have guided our research ¢ffdo
develop methods for machine translation for mireo-|

guages. By applying these two aids to such MT sub-

problems as morphological analysis, syntax induagtio
and syntax refinement, we have begun to overcorae th
significant challenges of resource scarcity thatanian-
guages pose.
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