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Abstract

For certuries, scholars have exploredthe deep
links among human languages. In this pa-
per, we present a classof probabilistic mod-
elsthat usetheselinks asa form of naturally
occurring supervision. These models allow
us to substartially improve performance for
core text processingtasks, such as morpho-
logical segmemation, part-of-speed tagging,
and syntactic parsing. Besidesthese tradi-

tional NLP tasks, we also presert a multilin-

gual model for the computational decipher-
ment of lost languages.

1. Overview

Electronic text is currently being produced at a vast
and unprecedered scale acrossthe languagesof the
world. Natural LanguageProcessing(NLP) holds out
the promise of automatically analyzing this growing
body of text. However, over the last sewral decades,
NLP researt e orts have focusedon the English lan-
guage, often neglecting the thousands of other lan-
guagesof the world (Bender, 2009.

Most of theselanguagesare currently beyond the reac
of NLP technology dueto seeral factors. One of these
is simply the lack of the kinds of hand-annotated lin-
guistic resourcesthat have helped propel the perfor-
manceof English languagesystems. For complextasks
of linguistic analysis, hand-annotated corpora can be
prohibitiv ely time-consuming and expensivwe to pro-
duce. For example, the most widely used annotated
corpus in the English language, the Penn Treebank
(Marcus et al., 19949, took yearsfor a team of profes-
sional linguists to produce. It is unrealistic to expect
such resourcesto ewver exist for the majority of the
world's languages.

App earing in Procealings of the 27" International Confer-
ence on Machine Learning, Haifa, Israel, 2010. Copyright
2010 by the author(s)/o wner(s).

bsnyder@csail.mit.edu
regina@csail.mit.edu

Intelligence Lab, 32 Vassar Street, Cambridge, MA 02139USA

Another dicult y for multilingual NLP is that lan-
guagesexhibit wide variation in their underlying lin-
guistic structure. A model that hasbeendeweloped for
one languagemay not accourt for the kinds of struc-
ture found in others. In fact, there exists an ertire
academicdiscipline dewoted to studying and describing
systematic cross-lingual variations in language struc-
ture, known as linguistic typology (Comrie, 1989.

At rst glance, it may seem that linguistic diver-
sity would make developing intelligent text-pro cessing
tools for the world's languagesa very daunting task.

However, we arguethat in fact it is possibleto harness
systematic linguistic diversity and useit to our advan-
tage, utilizing a framework which we call multilingual

learning. The goal of this enterprise is two-fold:

To induce more accurate models of individual lan-
guagestructure without any human annotation.

To induce accurate models of the relationships be-
tweenlanguages.

The multilingual learning framework is basedon the
hypothesis that cross-lingual variations in linguistic
structure correspond to variations in ambiguity. As an
example,considerthe syntactically ambiguousEnglish
sertence: \|l ate pastawith cheese." The prepositional
phrase\with cheese"can be interpreted as attaching
the noun \pasta" (meaning the pasta had cheese),or
could be interpreted as attaching to the verb \ate"

(meaning perhapsthat the pasta was eaten by means
of a cheese-baseditensil). As humans, we know that

the rst of theseis the only plausible interpretation,

but there is nothing in the sertence itself to indicate
the correct parse. In contrast, the parallel sertencein
Japaneseusesan explicit genitive marker to mark the
fact that the word for \pasta" is being modi ed.

This example is an instance of a more general phe-
nomenon: what one languageleavesimplicit, and thus
ambiguous for computers or humans, another will ex-
pressdirectly through overt linguistic forms. In the
framework of multilingual learning, wetreat thesevari-
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ations in ambiguity as a form of naturally occurring
supervision: by jointly modeling multiple languages,
the idiosyncratic ambiguities of each can be wiped out
by information explicit in the others.

The multilingual formulation presents great promise,
but also poses novel technical challenges. One such
challenge is the discovery of shared cross-lingual struc-
ture while allowing significant language-specific id-
iosyncrasies. To allow an effective balance, our models
explain parallel sentences as a combination of multi-
lingual and language specific latent variables in a hi-
erarchical Bayesian framework. Even so, the scope of
the shared explanatory mechanism is often unknown:
some sets of languages exhibit a much larger degree
of shared structure than other. For example, parallel
phrases in related language pairs like Hebrew and Ara-
bic tend to mirror each other in morphological struc-
ture much more than unrelated language pairs (such as
English and Hebrew). To account for this variability in
shared structure, we employ non-parametric statistical
methods which allow for a flexible number of shared
variables, as dictated by the languages and data at
hand.

Finally, we set scalability in the number of languages
as one of our design goals. Massively multilingual
data-sets exist (e.g. the Bible, which has been trans-
lated into over 1,000 languages) and an ideal multilin-
gual learning technique would scale gracefully in the
number of languages. For the task of part-of-speech
tagging, we developed a model and learning algorithm
that scale linearly in the number of languages in terms
of both time and space complexity.

We have applied unsupervised multilingual learning to
the fundamental NLP tasks of morphological segmen-
tation (Snyder & Barzilay, 2008a;b), part-of-speech
tagging (Snyder et al., 2008; 2009b; Naseem et al.,
2009), and parsing (Snyder et al., 2009a). We have
focused on the use of parallel corpora (texts that have
been written in one language and translated into other
languages). We treat each parallel corpus as a com-
putational Rosetta Stone which can help expose the
latent structure of each language present. We assume
the existence of such a corpus at training time with
no human annotations. We do however, assume that
reasonably accurate sentence- and word-level align-
ments have been induced using standard NLP tools
(Och & Ney, 2003). At test time, we apply our mod-
els to monolingual data in each language. For all
three tasks, multilingual learners consistently outper-
form their monolingual counterparts by a large mar-
gin. Remarkably, in the case of part-of-speech tagging,
we found that model accuracy continues to increase as

I love fish J' adore les

poisson

ani Mujhe machchli pasand hai

Figure 1. Part-of-speech graphical model structure for ex-
ample sentence. In this instance, we have three superlin-
gual tags: one for the cluster of words corresponding to
English “I”, one for the cluster of words corresponding to
English “love”, and one for the cluster of words correspond-
ing to English “fish.”

more languages are added to the mix. We believe these
results point towards a future of ubiquitous and accu-
rate text processing tools for hundreds of the world’s
languages which lack annotated resources.

In the sections that follow we sketch the multilingual
models that we have developed for three classical NLP
tasks: Part-of-speech tagging (Section 2), morphologi-
cal segmentation (Section 3), and parsing (Section 4).
In section 5 we describe a model for the decipherment
of lost languages.

2. Part-of-speech Tagging

The goal of part-of-speech tagging is to automatically
determine the part-of-speech (noun, verb, adjective,
etc) of each word in the context of a given sentence.
For example, the word “can” in English may func-
tion as an auxiliary verb, a noun, or a regular verb.
However, many other languages express these differ-
ent senses with three distinct lexemes. Thus, at the
lexical level, a word with part-of-speech ambiguity in
one language may correspond to an unambiguous word
in the other language. Languages also differ in their
patterns of structural part-of-speech ambiguity. For
example, the presence of a definite article (e.g. the) in
English greatly reduces the ambiguity of the succeed-
ing tag. In languages without definite articles, how-
ever, this explicit structural information is absent.

We first describe the structure of our model. We posit
a separate Hidden Markov Model (HMM) (Merialdo,
1994) for each language, with an additional layer of la-
tent cross-lingual variables. See Figure 1 for a graph-
ical model depiction. A single cross-lingual variable,
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that the number of induced valuesrangesfrom 11 (for
pair of languages)to 17 (for eight languages).

We ewvaluate our model on a parallel corpus of eight
languages:Bulgarian, Czed, English, Estonian, Hun-
garian, Romanian, Serbian, and Slovene (Erjaveq
2004. We perform inference using Markov Chain
Monte Carlo sampling and always test on held out
monolingual data for eat language. We ran our in-
ferencealgorithm over all 255 subsetsof the eight lan-
guagesin our corpus, so we could examine the aver-
agechangein performanceasthe number of languages
increases.In the monolingual scenario,our model re-
ducesto the BayesianHMM of Goldwater & Gri ths
(2007. When a complete part-of-speed dictionary?*
is available and our model is trained using eight lan-
guages,averagetag prediction accuracyincreasesrom
91.1%for monolingual modelsto 95%. In more realis-
tic caseswherethe tag dictionary is restricted to only
frequertly occurring words, we seeeven larger gapsbe-
tween monolingual and multilingual performance. In
one sudh scenario, where dictionary ertries are only
available for words occurring more than v e times in
the corpus, averagemultilingual performanceincreases
to 82.8%from the monolingual baselineof 74.8%. As
seenin Figure 3, accuracy gains steadily aslanguages
are addedto the mix.

3. Morphological Segmentation

In the task of morphological analysis, the goal is to

segmen words into morphemes the smallest units of
meaning(e.g. \misunderstanding" segmetts into three
morphemes: \mis understand ing"). While the mor-
phology of English is fairly simple, many languages
exhibit a richer and more productive set of morpho-
logical patterns. In the unsupervised setting, morpho-
logical segmettation consistsof nding recurrent pre x

and su x patterns which allow a more compact rep-
reseration of the many possiblederived word forms.
Our multilingual model for this task automatically in-
ducesa segmemation and morpheme alignment from
a multilingual (unannotated) corpus of short parallel
phrases. For example, given parallel phrasesmeaning
in my land in English, Arabic, Hebrew, and Aramaic,

we wish to segmen and align morphemesas shown in

Figure 4.

This example illustrates the potential bene ts of un-
supervised multilingual morphological analysis. The
three Semitic languagesuse cognates (words derived
from a common ancestor) to represer the word land.

lie. entries indicating the set of potential parts-of-
speed for each word

English: ir\1 my land
Arabic: fy at-y
]
Hebrew: b-ar-y
Aramaic: !) - ‘lﬂ--_ )/,

Figure 4. Morphological segmenation and alignment.

They alsousean identical sux (-y) to represen the
rst person possessig pronoun (my). These similar-
ities in form should guide the model by constraining
the spaceof joint segmemations and alignments. The
corresponding English phrase lacks this resenblance
to its Semitic counterparts. Howewer, in this as in
many casesno segmetation is required for English as
all the morphemesare expressedas individual words.
For this reason,English should provide a strong source
of disambiguation for highly in ected languages,suc
as Arabic and Hebrew. More generally speaking, our
model exploits the fact that ead languagedistributes
morphemesacrosswords in a unique pattern. Note
that morphemesexpressedn onelanguageoften have
no courterpart at all in someother languages,somor-
phemesmust be allowed to remain unaligned.

The technical di cult y when comparedto the part-of-
speed model of Section2 is that the units of alignment
now dependon the results of the model's segmemation
predictions. Whereasbefore we could treat word-level
alignmernts as xed and obsened (as the result of pre-
processingwith standard NLP word-alignmert tools),
we must now fold alignment uncertainty into the mor-
phology model itself.

We start with a sketch of the probabilistic process
posited by our model for the generation of short bilin-
gual phrases(seeFigure 5 for an accomparying exam-
ple). First, the numbersof unaligned language-sgci ¢
morphemes(m and n), and the number of aligned mor-
phemepairs (k) are drawn from a Poissondistribution.
These are the number of morphemesthat will ulti-
mately composethe bilingual parallel phrase. Next,
the morphemesare drawn from the appropriate distri-
butions: m and n morphemesare respectively drawn
from language-sgci ¢ morphemedistributions E and
F, and k bilingual morpheme pairs are drawn from A.
The resulting morphemesfor ead languageare nally
ordered and fusedinto words.

As in the previous section, the scope of cross-lingual
connections (now in the form of aligned morpheme
pairs) is not known a priori. Indeed, even the num-
ber of morphemesin ead languageis not known in
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Figure 6. A pair of trees (i) and two possible alignment trees. In (ii), no empty spacesare inserted, but the order of one
of the original tree's siblings has beenreversed. In (iii), only two pairs of nodes have been aligned (indicated by arrows)

and many empty spacesinserted.

through a similar comparisonto the English sertence.

However, evenin this simplest of sertence pairs, we no-
tice syntactic divergence. While the English sertence
usesthe simple transitiv e verb \clim bed" to express
the fact that John completed his climb of Everest,
the verb in the Hindi/Urdu sertence takesthe post-
positional argumert \Ev ereston." The syntactic di-
vergencein real-life examplesbecomesonly more se-
vere. The key challengethen is represenational. We
needto parse both sertenceswith possibly quite di-
vergert trees, while recognizingsharedsyntactic struc-
ture. In e ect, we seekto produce two loosely bound
trees: node-to-node alignments need only be used
where repeated bilingual patterns can be discernedin
the data.

We adhieve this loosebinding of trees by adapting un-
ordered tree alignment (Jiang et al., 1995 to a prob-
abilistic setting. Under this formalism, any two trees
canbe aligned using an alignment tree The alignment
tree embedsthe original two treeswithin it: ead node
is labeled by a pair (x;y), (; y), or (x; ) wherex is
a node from the rst tree, y is a node from the second
tree,and isanempty space.The individual structure
of eadh tree must be presened under the embedding
with the exception of sibling order (to allow variations
in phraseand word order).

The exibilit y of this formalism can be demonstrated
by two extreme cases: (1) an alignment between
two trees may actually align none of their individual
nodes, instead inserting an empty space for eah
of the original two trees' nodes. (2) if the original
trees are isomorphic to one another, the alignment
may match their nodes exactly, without inserting any
empty spaces.SeeFigure 6 for an example. An addi-
tional benet of this formalism is computational: The
marginalized probability over all possible alignmernts
for any two trees can be e cien tly computed with a

dynamic program in bi-linear time in the size of the
two trees.

We formulated a generative Bayesian model which
seeksto explain sertence- and word-aligned paral-
lel sertencesthrough a combination of bilingual and
monolingual syntactic parameters. Our model views
ead bilingual pair of sertencesas having been prob-
abilistically generated as follows: First an alignment
tree is drawn uniformly from the set of all such trees.
This alignmert tree speci es the structure of ead of
the two individual trees, as well as the pairs of nodes
which are aligned and those which are not aligned (i.e.
paired with a ). For ead pair of aligned nodes, a
corresponding pair of sertence constituents are jointly
drawn from a bilingual distribution. For unaligned
nodes (i.e. nodes paired with a in the alignment
tree), a single sertence constituent is drawn, in this
case from a language-sgci c distributions. Finally
word-level alignments are drawn based on the struc-
ture of the alignmert tree.

To perform inference under this model, we use a
Metrop olis-Hastings within-Gibbs sampler. We sam-
ple pairs of treesand then compute marginalized prob-
abilities over all possible alignments using dynamic
programming.

We tested the e ectiv enessof our bilingual grammar
induction model on three corpora of parallel text:
English-Korean, English-Urdu and English-Chinese.
The model is trained using bilingual data with auto-
matically induced word-level alignmerts, but is tested
on purely monolingual data for ead language. In all
cases,our model outperforms a state-of-the-art base-
line: the Constituent Context Model (CCM) (Klein
& Manning, 2002, sometimesby substartial margins.
On average,over all the testing scenariosthat we stud-
ied, our model achieves an absolute increasein F-
measureof 8.8 points, and a 19% reduction in error
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monolingual test data. We believe this to be a realistic
scenariofor a large number of the world's languages,
as parallel texts are widely available. Finally, in Sec-
tion 5, we consideredthe special caseof lost language
deciphermen, where parallel text is not presen, but
information about a closely related languageis avail-
able.

For future work, we posethe following two questions:
(i) Can multilingual learning be used to triangulate
the information content of sertencesin multiple lan-
guages?(ii) Can knowledgeof linguistic typology (and
universalfeatures of language)be usedto induce more
accurate unsupervisedmodels, even without the useof
parallel text?
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