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Abstract. Part Of Speech (POS) tagging is the ability to computation-
ally determine which POS of a word is activated by its use in a particular
context. POS is one of the important processing steps for many natu-
ral language systems such as information extraction, question answering.
This paper presents a study aiming to find out the appropriate strategy
to develop a fast and accurate Arabic statistical POS tagger when only a
limited amount of training material is available. This is an essential fac-
tor when dealing with languages like Arabic for which small annotated
resources are scarce and not easily available. Different configurations of a
HMM tagger are studied. Namely, bigram and trigram models are tested,
as well as different smoothing techniques. In addition, new lexical model
has been defined to handle unknown word POS guessing based on the
linear interpolation of both word suffix probability and word prefix prob-
ability. Several experiments are carried out to determine the performance
of the different configurations of HMM with two small training corpora.
The first corpus includes about 29300 words from both Modern Standard
Arabic and Classical Arabic. The second corpus is the Quranic Arabic
Corpus which is consisting of 77,430 words of the Quranic Arabic.

Keywords: Arabic languages, Hidden Markov model, Unknown words.

1 Introduction

Part of speech disambiguation is the ability to computationally determine which
POS of a word is activated by its use in a particular context. POS tagging is
an important basis of many higher level NLP applications like speech processing
and machine translation. Being one of the first processing steps in any such ap-
plication, the performance of the POS tagger directly impacts the performance of
any subsequent text processing steps. Language resources such as annotated cor-
pora are fundamental for research and development in statistical computational
linguistics and for the construction of NLP applications. The main challenge
involved in constructing any Arabic NLP system for Arabic is amplified by the
lack of these language resources [1]. In spite of recent progress, Arabic is still
lacking such tools and annotated resources [2].
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The task of POS tagging is very difficult due to two main reasons. First, many
words are ambiguous. For example, English word ” past ” can be an adjective
(e.g. his past performance), an adverb (e.g. its ten past seven), or a noun (e.g.
in the past). This ambiguity is exist in all languages. For example, Arabic word

” 99

can be a noun (e.g. sae {lﬁ), or a verb (e.g. ( gl & ). Moreover, words

can be ambiguous to their grammatical properties. For example, Arabic word
7 L7 can be a past verb (e.g.Li! L), or a passive verb (e.g. LB LS.

Second, the existing of unknown words, words that appears in the test data and
do not appear in the training data. The problem of unknown words is the main
problem in POS tagging [3]. Actually, the size of this problem is proportional
to many factors such as: size, genre and the quality of the training data. This
Unknown words problem becomes more serious when the training data are small
[4]. With small training data, it is very difficult to predict the distribution of the
unknown words. The impact of this problem increases in languages which have
huge vocabulary and rich morphological system like Arabic.

This work presents a study aiming to find out the appropriate way to develop a
competitive Arabic statistical POS tagger when only a limited amount of training
material is available. To do so, we compare different smoothing techniques and
different order HMMSs. In addition, we propose a new lexical model to better
handling unknown word in Arabic POS tagging. This new lexical model is based
on the linear interpolation of both word’s suffix probability and word’s prefix
probability. Several experiments are conducted to determine the performance of
the different configurations using two small training corpora.

The remainder of this paper is organized as follows: First, Section [2] reviews
some related works. Then, the training corpora are described in Section [3
Section [ presents a breif description of the investigated HMM models.We then
describe our method for unknown word POS guessing in Sections Bl Section
shows the realized experiments and the obtained results. Finally, Section [ states
some conclusions and further work.

2 Related Work on POS Tagging

POS tagging has been largely studied. There are different approaches have been
used for POS tagging. There are some machine-learning taggers [5I6I7I8] and
some rule based taggers [9]. POS tagging is often considered to be a “solved
task 7, with published tagging accuracies around 97%. However, In the real-
life scenario, Giesbrecht and Evert [I0]showed that five state-of-the-art POS
taggers are unsuitable for fully automatic processing. Among all these state-
of-the-art taggers, HMM taggers are more robust and much faster than other
advanced machine learning approaches in the real-life scenario. Previous work
on POS tagging has utilized different kind of features to tackle unknown word
POS tagging. These features are mainly based on word substring information,
word context information and/or global information.

Padr et al. [I1] and Ferrndez et al. [12] investigate different configurations
of the HMM Spanish POS Tagger when minimum amount of training data is
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available. In contrast with our work, they assume the none-existence of unknown
words, which is the main problem when the training data is small [3I4]. However,
they work with Spanish language which is very different from Arabic language.

Present day Arabic has two literary styles. One is called the Classic Arabic
and the other is the Modern standard Arabic (MSA). Classical Arabic is the
language of formal writing until nearly the first half of the 20th century and was
also the spoken language before the medieval times [I3]. MSA is the language of
formal modern writing in all Arabic countries.

Recently, several works have been proposed to Arabic POS tagging such as
[TAT5T6T718/T9). For more details about Arabic work and also about POS tag-
ging techniques in general,see [20]. Almost all of these taggers are generally
developed for Modern Standard Arabic (MSA) and few works are interested in
Classical Arabic [21]. In contrast with other Arabic taggers, our POS tagger deals
with both MSA and Classic Arabic together. Additionally up to our knowledge,
this is the first work which aims to find the appropriate configuration of Arabic
POS tagger when small amount of training data is available. Furthermore, our
work has defined a new lexical model to handle unknown words in Arabic POS
tagging. The proposed lexical model demonstrates to be effective and efficient
in handling unknown word even with small training data. An unknown words
POS tagging accuracy of 85.3% obtained using the introduced method is as of
yet the highest reported in the Arabic POS tagging literature.

3 The Used Data

For our experiments, we used two different and small Arabic corpora: the FUS-
HA corpus and The Quranic Arabic Corpus. The FUS-HA corpus is composed
of two sub-corpora:

1. MSA corpus: The MSA corpus is composed of journalistic articles discussing
general news topics. The news topics cover various subjects of politics, eco-
nomics and culture. The corpus includes more than 12000 words forms. The
This data are 2009-2010 newswire feeds collected from different online Arabic
newspaper archives, such as Al-Jazeera and Alsharq Al-Awsat.

2. Classic Arabic corpus: The Classic Arabic corpus is composed of some texts
extracted from ALJAHEZ’s book entitled “Albayan-wa-tabyin” (255 Hijri).
“Albayan-wa-tabyin” “The art of communication and demonstration” is one
of the best and earliest Arabic books on Arabic literary theory and liter-
ary criticism. The book covers various subjects, such as rhetorical speeches,
history and science. The Classic Arabic corpus includes more than 17000
word forms.

We annotated the FUS-HA corpus using two Arabic tag sets. The first one
is the Arabic TreeBank tagset, which is consist of 23 tags, used by Diab et
al [I6]. The second one is quite similar to the first one. We only add some
modifications to handle some linguistic limitation. We introduce a tag for the
Broken Plural to distinguish between it and the singular noun. Broken Plurals
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constitute 10% of any Arabic text and form 40% of the Arabic plurals [22]. The
second modification, our tagset does not include NO FUNC (no solution chosen)
tag, which is used as a tag in the above mentioned Arabic TreeBank tagset.
Finally, we distinguish between inflected and non inflected verbs. However, the
modified tag set consists of 24 tags.

The Quranic Arabic Corpus[23] is an annotated linguistic resource which
shows the Arabic grammar, syntax and morphology for each word in the Holy
Quran, the religious book of Islam which is written in classical Quranic Arabic
(c. 600 CE). The research project is organized at the University of Leeds, and
is part of the Arabic language computing research group within the School of

Computing. The Quranic Arabic Corpus is consisting of 77,430 words of Quranic
Arabic.

4 Hidden Markov Models

In HMM, the POS problem can be defined as the finding the best tag sequence
t" given the word sequence w". The label sequence t" generated by the model
is the one which has highest probability among all the possible label sequences
for the input word sequence. This is can be formally expressed as:

n
t7 = argmax [ [ p (tilti-1 ... .t2) .p (wilti ... 1) . (1)

n "
7 i=1

The two models, the state transition probabilities and the emission probabili-
ties, parameters are estimated from annotated corpus by Maximum Likelihood
Estimation (MLE), which is derived from the relative frequencies. We will use
Hidden Markov Models POS taggers of order two and three. Having computed
the state transition probabilities and the emission probabilities and assigning all
possible tag sequences to all words in a sentence, now we need an algorithm that
can search the tagging sequences and find the most likely sequence of tags. For
this purpose we use the Viterbi algorithm [24] which compute the maximized tag
sequence with the best score. However, MLE is a bad estimator for statistical
inference especially, in NLP application, because data tends to be sparse. In this
work, two smoothing methods are used. With the Bigram version, we use the
Modified Kneser Ney smoothing technique [25]. In the Trigram version, we use
the linear interpolation of unigram, bigram and trigram maximum likelihood
estimates [6] in order to estimate the trigram transition probability.

5 Unknown Words Handling

In POS tagging, we frequently encounter words that do not appear in training
data. Such words are called unknown words or out-of-vocabulary (OOV) words.
The existence of unknown words is the main problem for POS taggers, since the
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statistical information of these words are unavailable. It is a non-negligible prob-
lem especially where only a limited amount of training material is available. Un-
known words are usually handled by an exceptional processing. Accuracy of POS
tagging for unknown words is usually much lower than that for known words.

In order to handle the POS tagging for unknown words in Arabic POS tag-
ging, we have defined a new lexical model based on the linear interpolation of
both word suffix probability and word prefix probability. It combines together
both word suffix information and word prefix information. The main linguistic
motivation behind combining affixes information is that in Arabic word some-
times an affix requires or forbids the existence of another affix [I3]. Prefix and
suffix are the first n and m letters of the word, and are not necessarily mor-
phologically meaningful. In this model, the lexical probabilities are estimated as
follows:

1. Given an unknown word w, the lexical probabilities P(suffix(w)|t) are esti-
mated using the suffix tries as in the following equation:

P (t‘CnfiJrl, ceey cn) — P(ta Cn—it1; s Cn)lJr GP(t, Cn—i+2; o) C”) . (2)
+0
1 s 138
0= o S (PU)-PRP= S P(t)
J=1 J=0
where ¢, 11, ..., C, represent the last n characters of the word, Sis the num-
ber of tags in the tagsets.

2. Then, the lexical probabilities P(prefix(w)|t) are estimated using the prefix
tries as in Equation[2l But, we reverse the letters in the words before adding
them to the new word trie in order to find the prefix probability. Here,
the probability distribution for a unknown word prefix is generated from all
words in the training set that have the same prefix up to some predefined
maximum length.

3. Finally, we use the linear interpolation of both the lexical probabilities ob-
tained from both word’s suffix and word’s prefix to calculate the lexical
probability of the word w as in the following equation:

P (w|t) = AP (suf fiz(w)|t) + (1 — A)P(prefiz(w)|t) (3)

where A is an interpolation factor. In addition, the experiments also utilize
the following features: the presence of non-alphabetic characters and the
existence of foreign characters.

6 Experiments and Results

The main objective of this work is to study the behavior of different configu-
rations for a HMM POS tagger, in order to determine the appropriate way to
develop competitive Arabic tagger. To do so, we have carried out several ex-
periments when small amount of training data is available. The data used for
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the empirical evaluation come from the above described corpora. The FUS-HA
corpus is divided into 78% for training and 22 % for testing. The percentage
of unknown words in this test set is 10.7% . Whereas the Quranic Arabic Cor-
pus is divided into 90.1 % for training and 9.9 % for testing. The percentage of
unknown words in the Quranic Arabic Corpus test set is 14.9%. This decision
was taken because the test data has to be guaranteed as unseen during train-
ing [26]and also it is necessary for comparisons to be consistent with previous
evaluation works[27].

Results obtained for each HMM tagger configuration are summarized in
Table[l. Results are given both for the FUS-HA corpus and the Quranic Arabic
Corpus. We define the tagging accuracy as the ratio of the correctly tagged words
to the total number of words. As we can see in Tabldll the experiments show
that the best results on all test sets were achieved by the trigram HMM with
the linear interpolation of unigram, bigram and trigram smoothing technique.

Table 1. Obtained results for all HMM POS tagger configurations using both corpora

Bigram HMM Trigram HMM
A\ FUSHA FUSHA Quranic FUSHA FUSHA Quranic
23 tags 24 tags 23 tags 24 tags
- ©) a ©) = ©) c o a o o ©)
S § £ § £ § £ 2 £ § £ %
r £ f E ¢ E § § §E 7 ¢&
z El = = = El El
= = = = = =
0 662 944 615 936 726 93 644 946 49.7 929 722 929
0.1 68.6 947 624 937 75 935 671 949 533 93.3 76.1 935

0.2 689 947 623 938 76.7 93.7 69.6 952 57 93.7 T7.2 93.7
0.3 69.6 948 64.8 94 79 941 714 954 605 94 80.8 94.3
04 713 949 628 938 80.7 943 702 952 61.3 941 819 944
05 71 949 63.1 938 80.8 943 702 952 62.6 943 84 948
0.6 689 947 61.6 936 82,6 946 69.3 951 62.7 943 85.3 95
0.7 66.3 944 599 934 823 946 669 94.8 63 943 84.6 94.9
0.8 644 941 581 933 81.6 945 628 944 609 941 829 94.6
0.9 633 94 56.1 93 80.8 94.4 60.8 942 59.3 93.9 822 94.5
1 61.7 938 552 929 793 942 564 93.7 581 93.8 794 94.1

Comparing the results for the different order models, we can draw the following
conclusions:

— In general, taggers trained the Quranic Arabic Corpus using have higher
precision than those taggers trained using the FUS-HA corpus. This demon-
strates that increasing the size of the training set has a positive impact on
the accuracy rate.

— It is clearly that working with a trigram HMM gives higher precision than
working with a bigram one, for both training corpora.
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— The most important conclusion is that the proposed lexical model, the
linear interpolation of both the suffix probability and the prefix probabil-
ity, improves the tagging of Arabic text. The linear interpolation model(
0 < A < 1)improves the POS tagging of unknown words dramatically com-
pared to the suffix model ( A = 1), which has been used in several previous
studies and proofed to be effective for other languages [6],[28], and the prefix
model (A =0).

Nevertheless, some important observations can be extracted from these results:

— A competitive HMM taggers may be built using relatively small train sets,
which is interesting, especially, with the lack of language resources.

— The linear interpolation, which combine information from both word suffix
and word prefix togather, is a good indicator of Arabic unknown word POS.

7 Conclusion

Part of speech tagging is an important tool in many NLP applications. In ad-
dition, it accelerates the development of large manually annotated corpora. In
this paper, we have studied how competitive Arabic HMM-based POS taggers
can be developed using relatively small training corpus. Different configurations
of a HMM tagger are investigated. We conducted a series of experiments using
two small Arabic training corpora. Results indicate that accurate Arabic tag-
gers can be build provided appropriate lexical model to handle unknown words.
Between all configurations studied here, in general the one that gives a higher
precision is trigram HMM with the linear interpolation of unigram, bigram and
trigram smoothing technique and the linear interpolation of both word’s suffix
probability and word’s prefix probability unknown word guessing algorithm. In
the future work, it might also be worthwhile to improve the tagging accuracy
of unknown words. This improvement can be done through the integration of
highly coverage Arabic morphological analyzer, increasing the size of our train-
ing corpus as well as by using specific features of Arabic words, which can be
better predictor for Arabic words POS than words suffixes and prefixes. Also,
we plan to study their influence on the taggers developed on small corpora.
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