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Abstract similarity are optimized. A lot of work has been done on
language segmentation and classification. Here are a few
This paper presents a system for segmenting bilingual text.examples of text segmentation tasks that at first occur to be
A Naive Bayes classifier using n-gram counts is trained on similar to our problem, but then turn out to have very dif-
an unlabeled corpus using the Expectation Maximization ferent solutions. When dealing with multi-lingual corpora
(EM) algorithm. We show that the performance can be im- it is often useful to determine the language used in a doc-
proved when a small set of labeled documents is available:ument. A few sentences are usually sufficient for this task
the classifier is first trained using the available labele¢do  ([1]), so that it is even possible to determine the language
uments and then the EM technique of iterating (until con- used in short paragraphs reliably. For document retrieval
vergence) between probabilistically labeling the unlagel it is important to clusters text-segments containing simi-
documents and re-estimating the model’s parameters is apHar concepts, rather than different languages and good so-
plied. While the accuracy of this semi-supervised classifie lutions have been proposed ([4], [3]). On a lower level peo-
is higher than the one of the unsupervised classifier, the ac-ple are interested in splitting words into morphemes (mor-
curacy degrades with each iteration of EM. In the second phemes are the smallest meaning-bearing elements of lan-
part Deterministic Annealing (DA) is applied instead of EM guage). For agglutinative languages like Finish and Thrkis
and is shown to converge to a better local maximum, thusthe unsupervised construction of lexica is infeasible due t
achieving better segmentation results. But again the use ofthe large number of different word forms and therefore mor-
unlabeled data only decreases the quality of the classifier. phemes have to be used [5].
The techniques used in these text segmentations tasks
1. Introduction cannot be applied in our environment. We need to be able
to determine the language not for a whole paragraph but
A system that is able to segment text containing two lan- for single words. In the language classification task evi-
guages could help linguists to better understand how bilin- dence from a whole paragraph can be collected and it is
gual speakers use the different languages. Especially chil known where a transition between languages can occur. In
dren growing up in a biligual environment tend to mix lan- our case a transition can occur between each pair of words
guages heavily and even create new composite words out oind getting the boundaries between languages exactly will
words from different languages. Analyzing the way that be crucial. Therefore our task turns out to be closer related
words from different languages are combined could help to work in completely different domains. When trying to
us understand the way that language is acquired and reprefind the secondary structure of a protein [2] or trying to de-
sented by children. When dictionaries are available the tas termine the borders between coding and non coding DNA
simplifies to finding the word stem, querying both dictio- [10] a transition can occur after any element.
naries and resolving ambiguities when a word can be partof Note: The initial idea was to compare a clustering
both languages. Here we will focus on the situation where method working on the character level with a more sophis-
no dictionaries are available. We will train a classifier on a ticated model working on the word level. The word level
unlabeled training set of bilingual test and then evaluae t model was not implemented because the data set turned out
performance of predicting the language of words from this to be smaller than expected, so that sparsity would have
training set. made parameter estimation very hard.

Unsupervised classification, or clustering, assumes that This paper is structured as follows: after describing the
the training data is not labeled with class information. The data set in the next section we will introduce a Naive Bayes
goal is to create structure for the data by objectively parti classifier and the corresponding graphical model in section
tioning the data into homogeneous groups where the withinthree. This classifier will be trained with Expectation Max-
group object similarity and the between group object dis- imization in section four. Deterministic Annealing as an



alternative training method will be presented in sectioe.fiv B
We will conclude and give an outlook to future work in sec- Q\
tion six.
« c a
2. The Data Set @ O "
The data set is a collection of emails from three different N

authors. All of the authors are bilingual (Bulgarian and-Ger

man) and mix both languages when writing. While the main ) ]

language is Bulgarian, single words, phrases or even wholgigure 1: Gra}phlcal model representation of the character

sentences can be in German. Very often the German stem opased classifier. Based on the observed characfetse

a word is used with a Bulgarian ending. The level in which parametersa andj are to be estimated in order to determine

the languages are mixed is highly dependent on the authorth® language classfor each word.

It should be noted that everything is written with Latin char

acters (a-z). Therefore the German special characterd (3an

the different "Umlaut”, e.g. U) were replaced by character specific Cyrillic letter which has to be described by several

pairs resembling their sound (ss, ue, etc.). Since Bulgaria Latin letters. However this approach has its limitationd an

uses the Cyrillic alphabet, Latin transliteration is usBd:  close to perfect clustering certainly cannot be expected.

cause there are more Cyrillic letters than Latin lettersyyna

of the sounds that are specific to Slavic languages are tran :

scribed with two or three Latin letters. Unfortunately some 3.1 Graphical Model

inconsistencies exist in the way the different authors-tran Throughout this papew = ajasas...an shall denote the

scribe these sounds, elg:’ is written as 'sh’ or 'sch’. word w, which has lengthV and consists of the charac-
The task is further complicated by the fact that there ex- tersa,,,n = 1...N. The generative probabilistic model of

ist words with different meanings, but the with the same a word is shown in figure 1. The basic idea is that a word

spelling in both languages. The correct classification of is generated by picking a languagea word lengthV and

these ambiguous words can only be achieved when the conthen generating characters (eljcan be chosen to be Pois-

text is taken into consideration. Our model relies solely on son distributed, but since it is independent of the other var

character statistics and therefore cannot be expecteddo cl ables its randomness can be ignored). We assume that there

sify such words correctly. Hence ambiguous words will be are only two languages classesc@n take on the values 0

treated separately. and 1) and therefore can be characterized by a Bernoulli
The bodies of the emails are transformed into a sequencaelistribution which is parameterized hy. The character

of words by removing all punctuation marks and transform- probabilities are parameterized b & A matrix 3, where

ing all letters to lower case. The data set is then split into A is the size of the alphabet amf;, = P(a; = 1|¢; = 1).

an unlabeled training set (95%), and labeled validation andOur goal is to estimata and$ so that we can compute the

test sets (each 2.5%). probability that the wordv is from the language clags
3. Naive Bayes Classifier P(clw, o, B) o P(clax) - P(wle, B)
N
Assume you were given a text containing words from two B '
languages which you have never heard and that you were = Plela) IJP(G”|C’ B)-

asked to separate the words into two languages. How would

you solve the problem? A natural way to cluster words is

to examine the characters that occur within the words and . . : RN
certainly not true in general but is a useful simplification.

to group words that inhibit similar character frequencies. It is relativelv straiaht f dt tend thi del t
Since German, an Indogermanic language, and Bulgarian, IS relatively straignt forward to extend this model to use

a Slavic language, are fairly different languages, it is rea n-grams instead of single. characters (unigrams). We will be
sonable to expect such a method to do something usefulUsing n-grams up to = 41n our experiments.

One might be able to increase the accuracy by using tupels .
of characters (bigrams, trigrams or even fourgrams) iistea 3.2. Smoothing

of just single characters (unigrams). Bigrams and trigramsFor n-gram models higher than unigrams sparsity becomes
represent sounds that contain more information about thea problem. A new word can contain character combinations
language than just single characters. This is especially tr that were not seen in the training set. The maximum likeli-
for Bulgarian since many typical sounds are described by ahood estimate for unseen n-grams and thus for the word will

Among other things, this assumes that each character is
generated independently of the previous characters. $his i



be zero. There are two different approaches for handling4.1. Initialization

utnknown n—g(;sramds._r One SSOIUUCTEE.'S to7$mcr>]c_)trr1] the patralrln'When absolutely no labeled data is available for training
eters, (e.g. Good-Turing Smoothing [7], which essentially there are two equivalent ways of initialization.

is to take off some mass from the observed features and to One way is to initialize P(c|a) and P(aylc, 3) uni-

reserve this ma;s for unseen features. _ . formly (with some added noise). An alternative is to assign
When clustering unlabeled data a different approach is o5 \word randomly to one of the classes and then estimate
often used: If the test data is available at the time of tragni P(c|a) and P(ax|c, B) according to this assignment. The

it is included into the training set (without the labels)tHé estimates fop3 will be very different but both will have in
test data is not available at the time of training, the cfessi ., 1mon thatP (an|c = 0, 8) ~ P(ag|c = 1, ). We de-

V\1i|| bi_re—t_raineq on thhe trainigg se_t a_md the tezt data lgefor %:ided to use the first initialization scheme.
classification. Since the test data is just a random subset of - gj -6 \ye have a small validation set we can use it for a

:jhe ”"?"r_"”g data abr:d we arledtrylr;lg to f'r(‘jd pa_tterhns n _th's semi-supervised approach. Instead of initializing ranigom
ata, it Is reasonable to Include the test data in the trginin o ¢4 yse the M-Step of the outlined algorithm and esti-

step. matea ands from the correctly labeled validation set.

4. Expectation Maximization 4.2. Hard vs. Soft EM

The literature distinguishes between hard and soft EM.

While hard EM assigns each data point to one cluster (as
described above), soft EM uses fractional counts in the M-

Step. Usually soft EM achieves slightly better results, but

on the given training data there seemed to be no significant
performance difference.

Since there is no labeled training gefa.,|c, 3) cannot be
computed directly. Instead Expectation Maximization (EM)
[6] is applied in order to estimatB(a,,|c, 3). After initial-
izing P(ay|c, 3) and P(c|«) the following two steps are
computed repeatedly:

E-Step: Use the current classifies*) anda(*), to esti-
mate the class membershjpof each word, i.e., the proba-

bility that each class generated each word: 4.3. Results
The performance of the different classifiers will be evalu-
. 5 ated on a hand labeled test set. The words in the test are
Py = ¢jlur, a™, 30) = paghag

labeled as eitherBulgariar?, " Germari or "Both'. The
words in the classBoth' are either ambiguous words that

P(cj|d(’“)) - P(wy|c;, @(k)) exist in both languages, composite words with a Bulgarian
£ = and a German part or proper names. Words from this class
P(wlw( )) . .
are not taken into account when the accuracy of the classi-
fier is computed.
A |wi . Note: Due to the limitations of the models a perfect
P(e;a®) 1;[ P(anle;, ) classification cannot always be achieved, even in the most
1 [t - simplifying environment. If the Naive Bayes Classifier is
> Plem|a®) - T Plan|em, B5)) trained (supervisedly) on the test set and evaluated on the
m=0 n same set the accuracy for unigrams6s3%, for bigrams

. - _ 75.7% and aboved8% for higher n-gram models. This is
M-Step: Re-estimate the classifier given the estimated pecause short words in both languages inhibit similar n-

class membership of each word. We first maximize our like- gram counts and also because we are discarding the position
lihood by assigning each word; the most likely label: of the n-grams within the word.

iy = argmax Pyt = ¢jlwp, a®), g®)), Since we do not know of any other work trying to seg-
J

ment bilingual text, we will compare our classifiers to a

Then Bi(f*l) is re-estimated by counting up how often baseline where each word is labeled randomly. Since there
n-grama; occurs in words with labet; and normalizing. ~ are only to classes the performance of such a baseline will
The update of the class pria#$**1 follows analogously. be 50%. The test set was generated in such a way that it

Iteration between E- and M-Steps will converge to a lo- contains equally many Bulgarian and German words (At
cal maximum of the likelihood function. While these are the first Bulgarian was with roughly 70% the more common
general steps of the EM-algorithm, there are slightly diffe language). This was necessary in order to ensure that the ac-
ent ways of performing each of them. The following sub- curacy of labeling all words as one of the languages would
sections will discuss these variations. be 50%.
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Figure 2: Classification results for the different n-grarsdxhclassifiers trained with Expectation Maximization.

Figure 2 shows how the classification performance puted in the E-Step. While the E-Step of the EM algorithm
evolves with each iteration of the EM algorithm. The per- computesP(c|w, ., 3) x P(c|a)- P(wlc, 3), the E-Step in
formance of the unsupervised classifier turned out to bethe inner loop of the DA algorithm will compute:
highly dependent on the random initialization. On aver-
age the trigram-model seems to perform consistently with P(clw,a, B) < P(cla)” - P(w|c,3)7.
an accuracy around% while the other models achieved ) )
rates of only50%. The performance of the fourgram model  hen we start withy ~ 0 the computed P will be close
is the lowest. This is a sign that we are starting to over- to a uniform distribution over the hidden variables; DA ef-

fit the training data and therefore the accuracy on the test€Ctively ignores the current parameter estimateznd ;.
set drops. The amount of training data is to small for the 7077 = 1, there is no difference between DA and EM. DA

reliable estimation of fourgram frequencies. It should be Starts outby using EM to find the maximum of an easy con-

further noted that one of the clusters usually contains al- ¢2ve function{ = 0). This solution is then used as an ini-
most only German words (the ratio between German andtlahzatlonforasllgh_tly harder optimization probl_em. Wh.
Bulgarian words is ca. 9:1), while the other cluster corgain PA guarantees an improvement on the ob!ectlve function,
the rest of the Bulgarian words and the short German wordsit d0€s not guarantee to find a global maximum or even a
(ratio 6:4). The classifier is very good at picking out long Petter maximum than EM will converge to. In our exper-

German words, but for short words the n-gram counts for Iments we started ouf = 0.1 ran EM until convergence
German and Bulgarian words are too similar. and increased by a factors = 1.5 as long asy <= 1.0.
The semi-supervised models find a better local maxi- Experiments with different factors had similar results.

mum since their initialization is closer to the desired one.
Unfortunately the accuracies drop with each EM iteration 5.1. Skewed DA

before converging (For some reason the supervised initial-one of the advantages of DA over EM is its insensitivity
ization of the bigram has a very low accuracy). These re- g the initialization of the parameters. In situations vehar
sults are in accordance to B. Merialdo [8], who experi- small amount of labeled data is available, this data can be

mented with a probabilistic model to tag English text as yse( to initialize the parameters. Skewed DA makes use of
part of speech. He was training the model with different this additional information.

amounts of labeled and unlabeled data and found that the
accuracy "will generally degrade [...], except when only a
limited amount of hand-tagged text is available”. P(c|w, a, B) x P(cla) - P(wle, B)Y - P(c|lw)' ™7,

5. Deterministic Annea”ng WhereP(c|_w) is a po;terior es‘_[ima_lted from the Iabeled
data. Essentially DA is interpolating in the log domain be-

Deterministic Annealing (DA) [9] is an algorithm that uses tween two posterior distributions: the one givendyys and
EM in an inner loop that iteratively increases a value  another one given by?. When the interpolation coefficient
(from ~ 0 to 1), which in turn modifies the posterior com- ~ is close to zero the E-Step will choose to be very close
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Figure 3: Classification results for the different n-grarsdxhclassifiers trained with Deterministic Annealing.
to P. When~ comes closer to 1 the influence &f will The best results were obtained when only the small set of
diminish and the algorithm becomes identical to EM. labeled words were used for training. Neither EM nor DA
were able to benefit from the much bigger set of unlabeled
words. This indicates that while the used features (n-grams
5.2. Results (n-g

of different sizes) are useful for distinguishing langusge

Figure 3 shows the accuracy of the classifier for different they are not sufficient for the unsupervised training of a
n-gram models on our test set. In the unsupervised caselassifier with EM or DA. EM and DA are search algorithms
the DA algorithm is able to find a better local maximum and maximize the likelihood of the data for a given model.
than the EM algorithm and the accuracies increase to 70%Merialdos results [8] demonstrated that ML and maximiz-
- 80%. The fourgram model still has the lowest accuracy, ing accuracy are generally not the same; the EM algorithm
confirming our interpretation that this model starts to iver  consistently degraded the accuracy of his supervised mod-
the data. els while increasing the likelihood of the data. These tssul

In the semi-supervised case the same effect as for EMlead to the conclusion that, when the goal is a system with
can be observed: the accuracy of the supervised classifierfiigh accuracy for two specified languages, it is more useful
is decreased with each iteration. This is unsurprisingesinc to focus the resources on generating labeled data that can be
(skewed) DA is simply another search algorithm with the used for training, instead of developing better algorithms
same criterion as EM. It improves the likelihood of the  However, when the languages are not known in advance
data but this does not always affect the segmentation perand from a scientific point of view, it would be very ben-
formance positively. eficial to have algorithms that can make use of unlabeled

DA appears to be more suitable for training the classi- data. While the generation of labeled corpora is very expen-
fiers. It should also be kept in mind that this slightly higher sjye, large amounts of unlabeled data can be obtained easily
performance comes at the cost of a siginifcantly longer concretely we would propose to first collect a much larger
training time. Further even this increased accuracy ib stil data set, in the order of several hundred thousand words (the

not sufficient for practical applications. current data set has 25,000 words). We would then build a
model working on the word level, probably a (higher order)
6. Summary and Conclusions Hidden Markov Model. Such a model is capable of learning

patterns in the way that languages are combined: it can learn
We presented a generative n-gram based word model andhat after certain words or word types a transition between
two different algorithms for training a Naive Bayes classi- languages is more likely to occur. However, the challenge
fier for the language segmentation task. While it was not would be to ensure that the model learns these transitions
hard to achieve first promising results, improving on them from unlabeled data. It is not completely clear how it can
and building a system with almost perfect accuracy is very be enforced that, for a frequently used expression congisti
hard given the constraints. Although German and Bulgarianof a German word and a Bulgarian word, the two words are
have a fairly disjunct vocabulary, segmenting words basedput in different clusters, although they appear most of the
solely on frequency counts of n-grams seems not feasible. time in a sequence.
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