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Abstract These two properties distinguish our work from the pro-
jection framework, commonly used today for cross-lingual
knowledge transfer.

In this paper we explore cross-lingual propagation in the
context of morphological segmentation. This analysis at-
tempts to automatically segment each word into its basic
units of meaning — morphemes. For example, the En-
glish wordmisunderstanding would be properly segmented
into mis - understand - ing. This task is particularly com-
pelling and challenging for cross-lingual learning, asnbil
gual morpheme-to-morpheme alignment itself depends on
predicted segmentation boundaries. For this reason,-cross
lingual alignment cannot be treated as a mere prelude to the
segmentation task.

The model presented in this paper simultaneously induces
a segmentation and bilingual morpheme alignment in a uni-
fied probabilistic framework. For example, given parallel
phrases meaning “in my land”:

< Arabic: fy ardy
* Hebrew:barsy

Multilingual parallel text corpora provide a powerful maan
for propagating linguistic knowledge across languages. We
present a model which jointly learns linguistic structuoe f
each language while inducing links between them. Our model
supports fully symmetrical knowledge transfer, utiliziagy
combination of supervised and unsupervised data across
language barriers. The proposed non-parametric Bayesian
model effectively combines cross-lingual alignment wih t

get language predictions. This architecture is a poteaitradt

tive to projection methods which decompose these decisions
into two separate stages. We apply this approach to the task
of morphological segmentation, where the goal is to separat
a word into its individual morphemes. When tested on a par-
allel corpus of Hebrew and Arabic, our joint bilingual model
effectively incorporates all available evidence from biatf-
guages, yielding significant performance gains.

Introduction

Since the discovery of the Rosetta stone in 1799, parallel
text corpora have provided a powerful means for propagat-
ing linguistic knowledge across languages. In this paper,w We wish to segment and align as follows:
propose a novel statistical framework for such information . j,- fy/b-

transfer. We present a model which jointly learns linguis-

tic structure for each language while inducing links betwee

them. This framework can clearly benefit languages with
few resources by transferring knowledge from resource-ric
languages. However, our model supports fully symmetri-

e land:-ard- / ars-

s my:-y/-y
We define a joint multilingual model which identifies op-

cal knowledge transfer, allowing us to supplement anndtate timal morphemes for each language and at the same time
data in one language with annotated or raw data in another. finds compactly representable cross-lingual alignmerts. F
In essence, our model is able to simultaneously propagate €ach language, the model favors segmentations which yield
information in both directions between languages. high frequency morphemes, incorporating evidence from su-
This framework offers two key advantages. Instead of Pervised training data if available.
simply importing annotations from a source to a target lan- __In addition, we introduce a notion abstract morphemes.
guage, our method actually models cross-lingual structure Bilingual morpheme pairs which consistently share a com-
Thus we can utilize any combination of data, both super- MOon semantic or syntactic function are treated as a unit gen-
vised and unsupervised, for any available language. Sec- €rated by a single language-independent probabilistie pro
ondly, our method unifies cross-lingual alignment and pre- C€SS. Thes_e ab_sftract morphemes are induced autgmatlcally
diction, optimizing them jointly. Alignments themselvaga from recurring bilingual patterns and form the multilingua
then immediately sensitive to the target predictions, abvi ~ backbone of the parallel phrases. When a morpheme oc-

ing the need for any task-specific alignment post-procgssin ~ Curs in one language without a direct counterpartin therothe
language, the model can explain away the stray morpheme

with a language-specific model. The resulting effect of this
design is to predict segmentations that yield high frequenc
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individual-language morphemes as well as common bilin-
gual morpheme pairs.

To achieve this effect in a sound probabilistic framework,
we formulate a non-parametric hierarchical Bayesian model
with Dirichlet Process priors. This framework allows us
to define prior distributions over the infinite set of possi-
ble morphemes in each language as well as over all possi-

application anew, and allows cross-lingual learning when
alignment cannot logically be separated from the task.
Projection for Morphological Segmentation Morpho-
logical analysis has been extensively studied in the past. W
focus our discussion on two algorithms that employ pro-

jection for morphological analysis. The first projection al

gorithm developed by (Yarowsky, Ngai, and Wicentowski

ble aligned pairs of morphemes across languages. Despite2000) aims to predict the roots of both regular and irregu-

assigning positive probability to every possible strirfgg t
resulting distributions concentrate their probabilitysa@an

lar conjugated words. Root information is projected from
English to French using multi-step transitive associaion

a small group of recurring and stable patterns. This feature computed from IBM alignments. Since the mapping proce-
captures the intuition that hidden structure which most suc dure does not analyze the underlying strings, annotatmns f

cinctly represents the data should be inferred.

We evaluate our model on a parallel corpus of Hebrew and
Arabic short phrases extracted from the Bible. First we show
that our model propagates information effectively from a
resource-rich source language to a target language with no
annotation. Furthermore, we find that even the resulting pre
dictions in the annotatesburce language improve signifi-
cantly through cross-lingual learning. This result iskstig
given that the only new source of information is unanno-
tated data in a foreign language. Finally, we find that when
the cross-lingual model is given supervised data in both lan
guages, the performance exceeds that of individuallyedin
monolingual models.

Related Work

Cross-lingual Learning Today, most work on cross-lingual
learning is performed in the projection framework intro-
duced by (Yarowsky, Ngai, and Wicentowski 2000). By def-
inition projection is asymmetric: knowledge is transferre
from a resource-rich source language to a resource-poor
target language. This method follows a two-step architec-
ture. First, annotations are projected from the source lan-
guage to the target language via alignments. The resulting

words that do not have a corresponding root form in the tar-
get corpus cannot be projected. This annotation deficiency
could be particularly severe for Semitic languages, known
for their rich morphology.

(Rogati, McCarley, and Yang 2003) address this limita-
tion in the context of Arabic by modeling probabilities of
prefixes and suffixes as well as stems. An important source
of the model's performance is the availability of an addi-
tional large monolingual corpus in the target language. Our
segmentation task differs from the task of lemmatization ex
plored in these two papers. Our goal is to fully segment
a word into its constituent morphemes, whether those con-
sist of multiple lemmas (as in agglutinative languages) or
a rich vocabulary of prepositions and grammatical markers
(as in the Semitic languages). In this scenario, alignment
and segmentation are logically codependent and thus these
two stages cannot be executed in a sequential manner.

Cross-lingual Propagation Scenarios

In this paper we consider three scenarios of cross-lingual
knowledge transfer. We assume that during training, a paral
lel corpus is available. The presence of annotated datesvari
in each scenario:

pseudo-annotations are in turn used for supervised learn-1. Indirect Supervision: No supervised data is available in

ing in the target language. Since the quality of the pro-
jected annotations is crucial for successful learning aitie

curacy of the alignment step is always a concern for pro-
jection methods. Multiple empirical results have demon-

the target language. However annotated resources exist
for source languages. This is the classical scenario for
projection methods (Yarowsky, Ngai, and Wicentowski
2000).

strated that using out-of-the-box alignment methods, ssch 2. Augmentation: Supervised data is already available in

GlZA++, is insufficient. Therefore, researchers have devel
oped task-specific methods for filtering spurious mappings
and post-correcting automatic alignments (Hwa et al. 2005;
Rogati, McCarley, and Yang 2003; Padb and Lapata 2005).
For instance, in projecting semantic roles, alignmentsere
fined by analyzing syntactic constituents and removingghos
with low similarity scores. In this and other applicatiotis
alignment correction step is essential for successfuhlagr

In contrast to the projection framework, our model is
fully symmetric in the parallel languages. This feature
allows multi-directional knowledge transfer between lan-
guages, each with possibly different levels of supervision
Furthermore, our method performs alignment and predic-
tion simultaneously, thus supporting interaction betwiben
two steps. In this way, alignments induced by the model
optimize the performance of the task at hand. This design
reduces the need for crafting post-correction rules foheac

3.

the language of interest, but can be supplemented with
unsupervised data in additional languages.

Shared Supervision: Supervised data is available for
both languages.

This range of scenarios mirrors actual multilingual data
availability. Even when supervised data is available ihbot
languages, the annotation may not cover the entire parallel
corpus. Moreover, each language in the parallel corpus may
have a different set of data points annotated. Therefore, in
all scenarios with annotations, we assume the presence of
additional unannotated parallel data.

Our model effectively generalizes the idea of multilingual
knowledge transfer beyond the simple scenario of indirect
supervision. While the benefits of indirect supervisiomsee
intuitively plausible (and have been previously demonstia
through the use of annotation projection in other tasks3, it



not at all obvious whether data in a foreign language can be
of use when native supervision is already present. We hy-
pothesize that knowledge of shared linguistic structure ca
in fact yield benefits across the range of these scenarias. Th
results of this paper provide some evidence for this claim.

Model
Overview

In order to simultaneously model probabilistic dependesici

across languages as well as morpheme distributions within
each language, we employ a Bayesian graphical model. This
setting allows us to easily accommodate supervised as well

as unsupervised data in a single framework. since inference

can easily be performed with a mix of observed and unob-
served variables. When the quantity of observed data in a
particular language is limited, the model can fall back upon
reasonable prior distributions.

Our segmentation model is based on the notion that sta-
ble recurring string patterns within words are indicatife o

morphemes. These patterns are anchored by the presenc
of supervised segmentations in one or more languages. Our

model assigns high probability to morphemes with high ac-
tual frequency in supervised portions and high potenteal fr
guency in unsupervised portions of the data. In this way, su-
pervised and unsupervised learning are integrated in éesing
probabilistic framework.

In addition to learning independent morpheme patterns
for each language, the model will prefer, when possible, to
join together frequently co-occurring bilingual morpheme
pairs into singleabstract morphemes. This aspect of the
model is fully unsupervised and is driven by a preference
for stable and high frequency cross-lingual morpheme pat-
terns. Our model thus combines the totality of supervised
and unsupervised data within each language with unsuper-
vised learning of cross-lingual morpheme alignments.

Our aim is to induce a model which concentrates prob-
ability on highly frequent patterns while still allowing rfo
the possibility of those previously unseen. Dirichlet pro-
cesses are particularly suitable for such conditions. is th
framework, we can encode prior knowledge over the infinite
set of possible morpheme strings as well as aligned mor-
pheme pairs. Distributions drawn from a Dirichlet process
nevertheless produce sparse representations with mdst pro
ability mass concentrated on a small number of observed
and predicted patterns. Our model utilizes a Dirichlet Pro-
cess prior for each language, as well as for the cross-lingual
links (abstract morphemes). Thus, a distribution over mor-
phemes and morpheme alignments is first drawn from the set

of Dirichlet processes and then produces the observed data.

In practice, we never deal with such distributions directly
but rather integrate over them during Gibbs sampling.

In the next section we describe our model’s “generative
story” for producing the data we observe. We formalize our
model in the context of two languagBsandF. However,

1The use of Dirichlet processes in a Bayesian framework has
found recent success across a variety of applications in ({@Gdd-
water, Griffiths, and Johnson 2006; Finkel, Grenager, andriifey
2007; Haghighi and Klein 2007).

the formulation can be extended to accommodate evidence
from multiple languages as well. We provide an example of
a generated parallel bilingual phrase in Figure 1.

High-level Generative Story

We have a parallel corpus of several thousand short phrases
in the two languageE andF. Our model provides a gen-
erative story explaining how these parallel phrases were
probabilistically created. The core of the model consists
of three components: a distributioh over bilingual mor-
pheme pairsdbstract morphemes), a distributionE over
stray morphemes in languageoccurring without a coun-
terpart in languag€, and a similar distributiofr for stray
morphemes in languade.

As usual for hierarchical Bayesian models, the generative
story begins by drawing the model parameters themselves —
in our case the three distributioss E, andF. These three
distributions are drawn from three separate Dirichlet pro-
cesses, each with appropriately defined base distributions
The Dirichlet processes ensure that the resulting distribu

®ions concentrate their probability mass on a small number

of morphemes while holding out reasonable probability for
unseen possibilities.

OnceA, E, andF have been drawn, we model our paral-
lel corpus of short phrases as a series of independent draws
from a phrase-pair generation model. For each new phrase-
pair, the model first chooses the nhumber and type of mor-
phemes to be generated. In particular, it must choose how
many unaligned stray morphemes from langu&geun-
aligned stray morphemes from language and abstract
morphemes are to compose the parallel phrases. These three
numbers, respectively denoted s n, andk, are drawn
from a Poisson distribution. This step is illustrated inuig
1 part (a).

The model then proceeds to independently dnaw
languageE morphemes from distributiok, n languageF
morphemes from distributioR, andk abstract morphemes
from distributionA. This step is illustrated in part (b) of
Figure 1.

Them + k resulting languag&-morphemes are then or-
dered and fused to form a phrase in languagend then+k
resulting languag& morphemes are ordered and fused to
form the parallel phrase in language The ordering and
fusing decisions are modeled as draws from a uniform dis-
tribution over the set of all possible orderings and fusings
for sizesm, n, andk. These final steps are illustrated in
parts (c)-(d) of Figure 1. Now we describe the model more
formally.

Stray Morpheme Distributions

To model morphemes which occur in a phrase in one lan-
guage without a corresponding foreign language morpheme
in the parallel phrase (“stray morphemes”), we employ
language-specific morpheme distributions.

For each language, we draw a distribution over all possi-
ble morphemes (finite-length strings composed of charswcter
in the appropriate alphabet) from a Dirichlet process with
concentration parameter and base distributio®. or P
respectively:
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Figure 1: Generation process for a parallel bilingual plréa) First the numbers of stray(@ndn) and abstract() morphemes
are drawn from a Poisson distribution. (b) Stray morphemesten drawn fronE andF (language-specific distributions)
and abstract morphemes are drawn frAm (c) The resulting morphemes are ordered. (d) Finally, sofrtbe contiguous
morphemes are fused into words.

Ald, P’ [ DP(d,P’)
Ela, P, [DP(q,P.) (e, f) A
Fla, P [CDP(a,Py)

As before, the resulting distributiof will give non-zero
probability to all abstract morphemés f). The base dis-
The base distribution3, andP; can encode prior knowl- tributionP’, which acts as a prior on such pairs, can encode
edge about the properties of morphemes in each of the two existing cross-lingual knowledge by, for example, taking t
languages, such as length and character n-grams. For sim-string edit distance betweerandf into account. However

plicity, we use a geometric distribution over the lengthhf t in our experiments for this paper we simply used a mixture
string. The distribution& andF which result from the re- of geometric distributions in the lengths of the component
spective Dirichlet processes place most of their probgbili  morphemes.

mass on a small number of morphemes with the degree of .
concentration controlled by the prior Nevertheless, some ~ Phrase Generation
non-zero probability is reserved for every possible string To generate a bilingual parallel phrase, we first draw

tions also serve as monolingual segmentation models, and three integers represent the number and type of the mor-
similar models have been successfully applied to the task of Phemes that compose the parallel phrase, giving the num-

word boundary detection (Goldwater, Griffiths, and John- ber of stray morphemes in each langu&gandF and the
son 2006). number of coupled bilingual morpheme pairs, respectively.

m, n, k [—Poisson(A)

Given these values, we now draw the appropriate num-
ber of stray and abstract morphemes from the corresponding
distributions:

Abstract Morpheme Distribution

To model the connections between morphemes across lan-
guages, we further define a model for bilingual morpheme
pairs, orabstract morphemes. This model assigns probabil-

ities to all pairs of morphemes — that is, all pairs of finite €1, €m [ E
strings from the respective alphabetge;f). Intuitively, LT I —F
we wish to assign high probability to pairs of morphemes CRAPNCR A A

that play similar syntactic or semantic roles (e.dy, b-)
for “in” in Arabic and Hebrew). These morpheme pairs can
thus be viewed as representitastract morphemes. As with The set of morphemes drawn for each language are then
the stray morpheme models, we wish to define a distribution ordered:
which concentrates probability mass on a small number of
highly co-occurring morpheme pairs while still holding out 61, e, Btk [ DRDERJes, ..., e, €}, ..., €,
some probability for all other pairs. § § CDRDERIE £ Ff
We define this abstract morpheme mo#lels a draw from Ly Ik ITooess T T
another Dirichlet process:



and finally fused into the words that form the parallel by jointly sampling multiple segmentation and alignment
phrases: decisions. We also collapse our Gibbs sampler in the stan-
dard way, by using predictive posteriors marginalized over
~ ~ all possible draws from the Dirichlet processes (resuliting
Wi, .y W L FUSEe1, ..., €n+k Chinese Restaurant Processes).

Vi, ..., V¢ :FUSElf]_,,fn+k i
Resampling
For each bilingual phrase, we resample in turn each word in
To keep the model as simple as possible, we employ uni- the phrase. Consider wowdin languageE. If the word has

form distributions over the sets of orderings and fusings. been segmented by manual annotation, then that segmenta-
In other words, given a set of morphemes (for each lan-  tion stays fixed and we need only resample alignment deci-
guage), we define the distribution over permutations of the sions. Otherwise, we consider at once all possible segmen-
morphemes to simply bBRDER(:|r) = %. Then, given tations, and for each segmentation all possible alignments
a fixed morpheme order, we consider fusing each adjacent We keep fixed the previously sampled segmentation deci-
morpheme into a single word. Again, we simply model the  sjons for all other words in the phrase as well as sampled
distribution over tha — 1 fusing decisions uniformly as and alignments involving morphemes in other words. We are

FUSE(|r) = 5. thus considering at once: all possible segmentations of
L along with all possible alignments involving morphemes in
Implicit Alignments w with some subset of previously sampled languggeor-

Note that nowhere do we explicitly assign probabilities to phemes.
morpheme alignments between parallel phrases. However, The sampling formulas are easily derived as products of
our model allows morphemes to be generated in precisely the relevant Chinese Restaurant Processes (with a minor ad-
one of two ways: as a lone stray morpheme or as part of justment to take into account the number of stray and ab-
a bilingual abstract morpheme pair. Thus, our model im- stract morphemes resulting from each decision). See (Neal
plicitly assumes that each morpheme is either unaligned, or 1998) for general formulas for Gibbs sampling from distri-
aligned to exactly one morpheme in the opposing language. butions with Dirichlet process priors.

If we are given a parallel phrase with already segmented
morphemes we can easily induce the distribution over align- Experimental Set-Up

ments implied by our model. As we will describe in the next  \1qrpheme Definition Our practical definition of anor-
section, drawing from these induced alignment distrimgio pheme includes conjunctions, prepositional and pronominal

plays a crucial role in our inference procedure. affixes, plural and dual suffixes, particles, and roots. We do
not consider cases of infixed morpheme transformations, as
Inference those cannot be modeled by linear segmentation.
Given our corpus of short parallel bilingual phrases, wehwis DatasetAs a source of parallel data, we use the Hebrew

to make segmentation decisions which yield a set of mor- Bible and an Arabic translation. For the Hebrew version,
phemes with high joint probability. To assess the probighili  we use an edition distributed by the Westminster Hebrew
of a potential morpheme set, we need to marginalize over all Institute (Groves and Lowery 2006). This Bible edition is
possible alignments (i.e. possible abstract morpheme pair augmented by gold standard morphological analysis which
ings and stray morpheme assignments). We also need toincludes segmentation. This analysis has been performed by

marginalize over all possible draws of the distributighs linguists and biblical scholars.

E, andF from their respective Dirichlet process priors. We For the Arabic version, we use the Van Dyke Arabic trans-

achieve these aims by performing Gibbs sampling. lation3 We obtain gold standard segmentation with a hand
crafted Arabic morphological analyzer which utilizes man-

Sampling ually constructed word lists and compatibility rules and is

further trained on a large corpus of hand annotated Arabic
data (Habash and Rambow 2005).

To obtain our corpus of short parallel phrases, we prepro-
cessed the biblical data using the Giza++ alignment tadlkit
Given word alignments between the Arabic and Hebrew ver-
sions of the Bible, we extract a list of phrase pairs that form

We follow (Neal 1998) in the derivation of our blocked and
collapsed Gibbs sampler. Gibbs sampling starts by initial-
izing all random variables to arbitrary starting values. At
each iteration, the sampler selects a random varixhle
and draws a new value foX; from the conditional distri-
bution of X; given the current value of the other variables:
P (X;|X_;). The stationary distribution of variables derived " 2We retain ) . . .

through this procedure is guaranteed to converge to the true € retain morpheme identities during resampling of the mor-
through this p g - gelc pheme alignments. This procedure is technically justifigcig-
joint distribution of the random variables. However, if 8m  enting the model with a pair of “morpheme-identity” vailies
variables can be jointly sampled, then it may be beneficial to  geterministically drawn from each abstract morpheme. Thes
perform block sampling of these variables to speed conver- identity of the drawn morphemes can be retained even while re
gence. In addition, if arandom variable is not of directinte ~ sampling their generation mechanism.

est, we can avoid sampling it directly by marginalizing it,ou 3http://www.arabicbible.com/bible/vandyke.htm

yielding a collapsed sampler. We utilize variable blocking “http:/ivww.fjoch.com/GIZA++.html



key Arabic Hebrew
precision| recall | f-measure|| precision]| recall | f-measure
RANDOM u 18.28 | 19.24 18.75 2495 | 24.66 24.80
MORFESSOR u 71.10 | 60.51 65.38 65.38 | 57.69 61.29
UNSUPERVISED u 52.95 78.46 63.22 55.76 64.44 59.78
SUPERVISED S 73.15 92.39 81.65 71.44 | 79.14 75.09
INDIRECT SUPERVISION| US 64.37 80.81 71.65 63.10 | 68.02 65.46
AUGMENTATION su 76.01 92.21 83.33 75.98 78.04 77.00
SHARED SUPERVISION Ss 77.78 92.26 84.39 76.81 79.17 77.98

Table 1: Precision, recall and f-measure for Arabic and Ewhn various cross-lingual scenarios. The key indicates th
combination of supervised/unsupervised for target laggykeft) and source language (right).

independent sets in the bipartite alignment graph. This pro alent monolingual model, we also provide two baselines
cess allows us to group together phrases fikalgbah in in Table 1. The firstRANDOM, makes segmentation de-
Arabic andbbgr in Hebrew while being reasonably certain  cisions based on a coin weighted with the true segmenta-
that all the relevant morphemes are contained in the short tion frequency. As one might expect, this results in very
extracted phrases. The monolingual part of such phrasespoor performance. We also provide results frelORFES
ranges from one to three words. Before performing any ex- sor (Creutz and Lagus 2007), a state-of-the-art unsuper-
periments, a manual inspection of the extracted phrases re-vised morphological segmenter. The results indicate that
vealed that many infrequent phrase pairs occurred merely as our own unsupervised monolingual model is quite competi-

a result of noisy translation and alignment. Therefore, we tive with MORFESSORand is thus a reasonable basis for our
eliminated all phrase pairs that occur fewer than five times.
As a result of this process, we obtain 6,139 phrase pairs. The
number of morphemes per word ranges from 1 to 6 for both
Hebrew and for Arabic. The average number of morphemes
per word in the Hebrew gold data is 1.8, and is 1.7 for Ara-
bic.

Training and Testing We randomly select 1/5 of the data
for testing, and 4/5 for training. As discussed above, fer th
scenarios that involve supervision, we use half of the {rain
ing set as annotated data and the other half as unannotate
data. We emphasize that when testing model performance in
each languagao multilingual information on test cases is
used. This allows us to gauge the performance of the model
trained in a multilingual setting on future test cases where
only monolingual data is available.

The training data itself consists of parallel phrases in He-
brew and Arabic. For example, such a training pair would
include the Arabic phrasky alsbah along with the Hebrew
bbgr (inthe morning). Depending on the exact learning sce-
nario (indirect supervision, augmentation, or shared supe
vision) some segmentation information may be available.
In any case, no alignment between individual morphemes
is ever provided.

We give results for all such scenarios in order to test our
hypothesis that learning shared linguistic structure sro
languages can produce significant benefits in a wide range
of cases. All results are averaged over five runs of Gibbs
sampling with simulated annealing.

Evaluation Methods Following previous work, we eval-

cross-lingual model.

Results

Table 1 shows the performance of various propagation mod-
els on the Arabic-Hebrew dataset. In addition, the table
shows the performance of our segmentation model when ap-
plied in supervised and unsupervised monolingual settings
In this scenario only the language-specific morpheme distri

JutionsE andF are used to model the data (both supervised

and unsupervised).

Some of these results are to be expected. The monolingual
supervised models achieve relative error reduction of 50%
and 38% over their unsupervised monolingual counterparts
(for Arabic and Hebrew respectively). Perhaps also not sur-
prising is the performance of the models in the Indirect Su-
pervision scenario. In this setting, the performance isifbu
to lie somewhere between that of the unsupervised and su-
pervised monolingual models. Crudely put, we observe that
the benefit of foreign language annotation is somewhere be-
tween one third and half that of native annotation. For in-
stance, while the monolingual unsupervised model achieves
63.22% F-measure on Arabic, once supervised Hebrew data
is added to the mix, Arabic performance rises to 71.65%,
nearly halfway to native Arabic supervised performance of
81.65%.

More surprising are the results in the other propagation
scenarios. In the augmentation setting, we find that the ad-
dition of unsupervised foreign language data improves per-
formanceeven when native annotated data is available. For

uate the performance of our segmentation algorithm using example, while the monolingual supervised model achieves
F-score. This measure is the harmonic mean of recall and 75% F-measure on Hebrew, once unsupervised Arabic data
precision, which are obtained from the binary segmentation s added, Hebrew performance rises to 77%. Moreover, in
decisions made between each character in a word. the shared supervision scenario, where both native and for-
BaselinesAlthough our main purpose is to compare the eign annotations are available, we see even higher results.
various cross-lingual propagation scenarios with ourequi  Performance rises to 84.39% for Arabic and 77.98% for He-
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Figure 2: Examples of errors in the monolingual Arabic modefrected when annotated Hebrew data is provided.

brew. These findings are consistent across both languagesway through joint analysis. Furthermore, we will investi-
and across the three evaluation metrics. gate the application of the cross-lingual propagation webth
to higher level linguistic structure induction, such as

Analysis speech tagging and parsifg.

First we note that in all the cross-lingual scenarios ourehod

predicts about 0.54 stray morphemes for each language per References

phrase and about 1.3 abstract morphemes (for a total of 2.6
aligned morphemes). This indicates that as designed, the
model prefers to generate the data via cross-lingual patter
when possible.

We also illustrate the benefits of our model with three
examples taken from the indirect supervision scenario and
shown in Figure 2. Here Hebrew is the annotated source
language, and Arabic is the unannotated target language. In
example (a), the monolingual segmenter fails to separate th
prepositior- (“for”) from the definite article-(a)l- and treats
the combinationl- as a single morpheme. However, when
the parallel Hebrew segmentation is provided, the model
recognizes the common abstract morphéghfe) and thus
segments the Arabic correctly. In example (b), the monolin-

gual Arabic segmenter made a reasonable guess for a pre-

viously unseen word. However, the Hebrew data reveals
that this is actually a single morpheme — in fact, a proper
name — and the cross-lingual arabic segmenter follows ac-
cordingly. Finally, in (c), we have an interesting case veher
in fact the gold standard (hand-crafted) segmenter mistook
the wordndk for a single morpheme. However, the cross-
lingual Arabic segmenter was able to learn from the parallel
Hebrew data that in fact this word is to be analyzed as two
morphemes: “your progeny.” Unfortunately, in this case our
model was penalized for having the correct answer.

Conclusions
In this paper we introduce a novel class of multilingual mod-

els. Rather than using parallel data as a means for annota-

tion transfer, we symmetrically model the shared structure

between languages using whatever resources are available,
both annotated and unannotated. We test this idea on the

task of morphological segmentation. Our results demon-
strate that our model is able to learn from multiple lan-
guage sources and to effectively propagate linguisticstru
ture across language barriers.

In the future, we plan to apply our model to more than two
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