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Abstract

Lemmatization is performed in many natural language processing applications
during the preprocessing stage, enabling more efficient text analysis and the
extraction of relevant information. The Arabic language is associated with the
following challenges of lemmatization: the morphological richness of the
language, the high usage of concatenations and the omission of the diacritical
marks. To overcome those issues, we will introduce a new lemmatizer to improve
the functionality of a deep learning framework. The latter will be a BLSTM
network, with an additional filtering layer based on morphological features. To
alleviate the effect of out-of-vocabulary words, a statistical layer built on Hidden
Markov Models was introduced. Tests done on a reference corpus showed that
accuracy was enhanced by a margin of over nine percentage points on the use of
the two layers (filtering and statistical). In addition, the results were compared with
state-of-the-art lemmatizers on an independent corpus which proved that the
proposed approach was superior.

Keywords: NLP, Arabic Language, Morphological Analysis, Lemmatization,
Bidirectional Long Short-Term Memory network.

1 Introduction

The massive and ever-growing creation of digital materials in the form of text, voice and
images has been achieved due to the extensive use of the internet and social media. It is,
however, a challenge to extract useful information out of this data using automated
analysis. As a result, the generation of sophisticated natural language processing (NLP)
programs has remained an agenda of the information technology practitioners.

A basic step in NLP is morphological analysis, which is the study of the inner structure of
words [1]. It attempts to break down a word into morphemes (the smallest units of meaning
of a word) and identify their grammatical functionality. This analysis can be either
contextual considering surrounding words, or context-free where words are considered
independently. The contextual morphological analysis uses the surrounding words to
provide an accurate segmentation of each word under analysis. On the other hand, the
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context-free method gives the various possible ways in which a word can be divided into
morphemes.

Lemmatization, which involves reducing inflected words to their base form [2], is a
morphological analysis technique widely applied in NLP during the preprocessing phase.
For nouns, the lemma corresponds to their masculine singular form (when applicable)
without clitics. For instance, the respective lemmas of the words s¢l2l s /wImdArshm/1
(and for their schools) and wll=alS /KAIMEIMAL/ (like the teachers) are 4w /mdrsp/
(school) and &=« /mEIm/ (teacher). For verbs, the lemma refers to the verb form without
clitics, conjugated in the past tense, in the third person singular masculine. For example,
the lemma of 4 s5Sus /syktbwkh/ (they will write it) is S /ktb/ (he wrote). For particles,
the lemma is simply the particle itself, devoid of clitics. Therefore, the lemma of b
/bAIDy/ (with that) is ¢ /AIDy/ (the one).

Lemmatization is essential for various NLP tasks, including indexing web pages [3],
information retrieval [4], text generation [5], text readability assessment [6], machine
translation [7], and sentiment analysis [8].

There are three main main approaches for developing lemmatizers. First, rule-based and
lexicon-based approaches, which use explicit linguistic knowledge encoded in rules and
dictionaries to provide good accuracy in regular cases but may be less effective when
dealing with the complexity of Arabic morphology. Second, machine learning-based
approaches, which rely on statistical models and require large annotated corpora to learn
and predict word lemmas [9]. Third, hybrid approaches which combine linguistic rules,
lexicons and machine learning techniques to leverage the advantages of each method ([10],
[11], [12]). Even though hybrid methodologies are often linked to the improvement of
performance outcomes, their implementation may be technically challenging.
Furthermore, the error rates in empirical assessment on a representative and independent
corpus, when a variety of state-of-the-art lemmatization algorithms are employed has
shown to be relatively high. This highlights the necessity of coming up with an even more
effective lemmatization solution.

In this paper, we present a new lemmatizer that was built in a hybrid manner. First of all,
the morphological data provided by the Alkhalil Morpho Sys analyzer [13] was
incorporated with a Bidirectional Long Short-Term Memory (BiLSTM) network and the
performance was high relative to the state-of-the-art models. Nonetheless, a review of the
errors showed that not all errors were caused by out-of-vocabulary words (OOV). To
overcome this problem, a statistical layer with Hidden Markov Models (HMMs) was
added, which also enhanced performance in the course of the evaluations.

Other parts of this paper are structured in the following way: Section 2 contains the
extended review of the literature about the existing Arabic lemmatizers. Section 3 describes
the hybrid approach used to develop the proposed lemmatizer. It reviews the definition of
HMM models, the steps of the Viterbi algorithm, and the smoothing method chosen to
mitigate the effect of OOV words. Section 4 compares experimental findings, comparing
our lemmatizer to state-of-the-art systems. Finally, Section 5 sums up this manuscript by
discussing essential findings and recommendations regarding further research activity.

2 Related Work

The study of how to extract lemmas in MSA texts has been well researched and hybrid
methods have been found most effective. We give here a historical survey of some of the
most popular lemmatizers used in literature. Madamira [14] is an open-source library of

1 Buckwalter transliteration http://www .qamus.org/transliteration.htm
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morphological analysis of Arabic language, containing a lemmatizer. Madamira has two
stages of lemmatization. The SAMA parser [15] does a context free morphological analysis
first. That is to say, it produces several possible lemmas of each word it analyzes. The
system then uses an SVM classifier and language models which take into account word
contexts, to pick the best lemma in relation to each word out of the generated alternatives.
The authors say that this tool has an approximate accuracy of about 96.6%. Farasa, too, is
a set of open-source software that is specialized in Arabic morphosyntactic disambiguation
and was developed by the Qatar Computing Research Institute [10]. Along with a
lemmatizer, Farasa also has a segmentation module, a diacritization system and a
morphosyntactic tagger (POS). These tools rely on an SVM model with greedy algorithm
[16]. Results of lemmatizer are not diacritized and the accuracy of the lemmatizer is about
97%. The authors suggested a primary approach which is based on machine learning and
a secondary dictionary-based approach for designing a lemmatizer in [17]. They created a
three-million entry exhaustive dictionary and annotated a two-million tokens corpus. The
two lemmatizers resulting from such work may work separately or in unison to produce
better results. The clitics and the base forms were integrated with morphosyntactic tagging
and word segmentation that allowed the system to reach over 95% accuracy. Alkhalil
Lemmatizer [11] is an open-source Arabic lemmatizer, which uses a two- step hybrid
model. It creates a list of possible lemmas of every word by the means of the AlKhalil
Morpho Sys parser in a context-free environment first. Then, a disambiguation step is
involved that uses the Hidden Markov Models and the Viterbi algorithm. This step is a
context-based selection of the most pertinent lemma of the list generated. Accuracy of this
hybrid approach according to the authors is greater than 94%. The Arabic lemmatizer is
also a part of the suite of Arabic language processing parsers and capabilities offered by
the CAMeL Tools [12]. They are available either through command-line interfaces or
Python APIs. The disambiguation methods integrate deep learning with conventional
morphological processing. The researchers indicate that the accuracy of experiments which
are done in Modern Standard Arabic texts was about 95%. To enhance the coverage as
well as the speed of the Arabic morphological analysis, Ibn- Ginni [18] merges the
strengths of two of the popular open-source morphological analyzers: BAMA [19], which
is known to be the fastest, and Alkhalil Morpho Sys, which is known to be the most
comprehensive. Ibn-Ginni expands coverage of BAMA with a huge database of three
million unique words, which allows analysis of 0.6 million other words in comparison to
BAMA alone. In addition, it has a high analysis rate of an average of 0.3 milliseconds per
word. The morphological database and the tool are open-source and can be found at
GitHub. SinaTools [9] is an open-source (Python) package that provides an Arabic natural
language processing (NLP) and understanding. It contains a single bundle of a few NLP
applications, such as Named Entity Recognition (NER) in both flat and nested format,
Word Sense Disambiguation (WSD), Semantic Relatedness, Synonymy Extraction and
Evaluation, Lemmatization, Part-of-speech Tagging, Root Tagging, and others. It further
provides corpus processing and text stripping utilities and diacritic- sensitive word
matching. SinaTools will make it easier to integrate Arabic NLP solutions with systems
and workflows. The authors claim that lemmatizer scores approximately 91% as F1-score.
The lemmatizers being analyzed perform very well on the evaluation dataset they were
evaluated on. To check the consistency of these findings in other corpora, we performed
an evaluation using the independent and free Nemlar corpus [20], tagged with lemma labels
and containing 237,337 words. We did not include in our comparative analysis the Arabic
lemmatizers, Farasa and Alkhalil. Farasa was not included as the output in the program
does not have diacritics limiting the ability to completely disambiguate it. Alkhalil was
omitted since it was trained on Nemlar corpus, the same sample that we evaluated, and this
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may have bias in it and resulted in the unfairness of the comparison. The outcome as in
Table 1 shows that there is a decline in the accuracy as compared to the findings that had
initially been reported by the original authors. Hence, we realized that lemmatizers are very
critical in NLP application. Therefore, we aimed to advance to come up with a new
lemmatizer that would have a better performance.

Table 1: Accuracy of various lemmatizers on the Nemlar test corpus

Lemmatizer Accuracy
Madamira 85.80%
CaMelTools 85.20%
SinaTools 76%

3  Methodology

This section gives a detailed summary of development of the lemmatizer and highlights
the successive improvements using which performance improved and linguistic issues
were tackled. The methodology is having three major iterations of the lemmatizer. Each
one of them makes specific contributions to accuracy and to the treatment of out-of-
vocabulary words.

3.1  Linguistic resources

The development of our lemmatizer is based on four essential resources:

e A corpus C, labeled at the lemma level for the training and testing phases of the
lemmatizer.

e A word vocabulary Vw, containing all words that BILSTM model can process as
input.

e A morphological lexicon Lmor, linking words in Vw to their morphological
information.

e A lemma vocabulary VI, listing all potential outputs of the BILSTM model.

3.1.1 Labeled Corpus C at the lemma level

To train our lemmatizer, we built a rich and diverse annotated corpus extracted from the
corpus presented in [21]. This corpus contained approximately 100 million words and was
compiled from several online news sites as well as e-books. It reflects the linguistic
diversity and regional variations of Arabic, as it originates from several Arab countries and
covers a wide range of domains.

From this corpus, we derived a subcorpus C of about 1 million words, which was semi-
automatically annotated with lemma tags [22]. In the first stage, the Alkhalil lemmatizer
was applied to assign a lemma tag to each word in subcorpus C, after which manual
verification was carried out by two linguistic annotators. This annotated subcorpus serves
as the foundation for the training and evaluation phases of our lemmatizer.

3.1.2  Word vocabulary Vy

As part of our model’s development, a key step involved constructing a vocabulary list that
captures the richness of the Arabic language. This ensures the BiLSTM model could learn
the structures and nuances present in the initial corpus. We extracted the 100,000 most
frequent words from the corpus developed in [21], including particles and stop words, to
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serve as the basis for the embedding phase, during which words were transformed into
feature vectors. The numerical representation enables artificial intelligence algorithms to
process the words, allowing the model to learn semantic relationships and enhancing its
performance in tasks such as homonyms (words that share the same spelling but have
different meanings) disambiguation and contextual understanding.

3.1.3 Morphological lexicon Lmor

In the subsequent steps, we need to use the different potential lemmas of each word in the
vocabulary Vw. To identify these lemmas, we use the morphological analyzer AlKhalil
Morpho Sys [13], which analyzes words in isolation and provides all possible
segmentations into proclitics, stems and enclitics for each analyzed word. The analyzer
also supplies the lemma, root, pattern, POS tag and syntactic state for each segmentation.
Using this information, we constructed the lexicon Lmor, which links each word in Vw to all
its potential lemmas provided by the Alkhalil Morpho Sys. Table 2 shows a sample of this
lexicon.
Table 2: A sample of the morphological lexicon Lmor.

Lemmas Vocabularies
3% — 35 — 8% 3 yall
B R - B g il

3.1.4 Lemma vocabulary V,

From the morphological lexicon of lemmas Lmor associated with vocabulary words Vw, we
generated a lemma vocabulary Vi containing 41,864 lemmas.
We present in table 3 the statistics related to all these linguistic resources.

Table 3: Linguistic resource statistics.

Resource Size
Word vocabulary Vw 100,000
Lemma vocabulary Vi 41,864
Labeled Corpus C 1,000,000

3.2 Lemmatizer architecture

3.2.1 Baseline Lemmatizer

An initial implementation of the lemmatizer was described as a Bidirectional Long Short-
Term Memory (BiLSTM) model which is called the baseline lemmatizer. The reason why
this BILSTM was chosen is because it is capable of capturing long-range dependencies and
contextual relationships in text series. It uses two cells of LSTM that process the input
sentence in both ways forward and backward, which resembles the process of reading a
sentence twice. This provides the model with a better insight into the context in which a
word is used and results in more accurate lemmas predictions, by taking advantage of the
two-way aspect. Outputs of the neural network are lemmas which are the result of each
word fed into the neural network. Therefore, the vocabulary Vw is the input of network and
the vocabulary Vi is the output.

We trained and tested this model on the labeled corpus C divided into 80% training and
20% testing in a random manner. We are using our own BiLSTM lemmatizer that can take
sequence of length up to 57 tokens, each token is in the form of 128-dimensional
embedding vectors all of which characterizes the semantic property of the token in the
language. The LSTM cells of the hidden layer will have 128 units each. For training
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purposes, a batch size of 32 was used and 10 epochs. The results of the accuracy and error
rate on the test set are summarized in Table 4.

Table 4: Accuracy and error rate of the baseline model in the test set.
Model Accuracy Error rates
Baseline BILSTM Lemmatizer 97.825% 2.175%

The baseline model demonstrated strong performance, achieving an error rate of
approximately 2.175%. This high accuracy can be partly explained by the fact that both
the training and test sets were derived from the same corpus C. To evaluate the model’s
generalization ability on an independent test set, we conducted additional testing using the
Nemlar corpus [20]. For this evaluation, the baseline model was retrained on the entire C
corpus before being tested on the Nemlar dataset. The performance results from this
assessment are presented in Table 5.

Table 5: Accuracy and error rate of the baseline model on the Nemlar corpus.
Model Accuracy Error rates
Baseline BiLSTM Lemmatizer 80.76% 19.24%

We observe a significant decline in the performance of the baseline model when tested on
an independent corpus. Moreover, comparing these results with those of state-of-the-art
lemmatizers presented in Table 1, we note that the baseline model performs worse than the
Madamira and CaMelTools lemmatizers.

The limited performance of the baseline model can be attributed to its operational
mechanism, which requires selecting a lemma from the exhaustive output lemma
dictionary for each input word, instead of restricting the selection to morphologically
compatible lemmas. To enhance the accuracy of the baseline BILSTM lemmatizer, we
introduced a second version of the lemmatizer (the filtered lemmatizer), which
incorporates advanced morphological filtering.

3.2.2 Filtered BiLSTM Lemmatizer

To enhance the accuracy of the baseline model, we developed a second version of the
lemmatizer that incorporates advanced morphological filtering. This approach utilizes the
morphological information of the analyzed word to refine the selection of potential lemmas.
Instead of searching for the lemma across the entire dictionary, the model now considers
only a reduced set of candidates that are morphologically compatible with the given word.
By narrowing the search space, this method significantly reduces ambiguity and improves
prediction accuracy. The integration of morphological analysis with the BiLSTM neural
network enables this enhanced version of the lemmatizer to achieve superior performance
by focusing the model’s attention toward the most relevant options.

Specifically, we introduced a morphological filter between the BILSTM’s hidden layer
output and the final softmax activation function o (see Figure 1). This filter operates by
multiplying the vector Ht, corresponding to the word w: and computed by the hidden layer,
with a binary vector Ft. The non-zero elements of Ft are set to 1 at positions corresponding
to the potential lemmas of w: in the lemma vocabulary Vi. Each word in the word
vocabulary Vw is stored alongside its potential lemmas in the lexicon Lmor. This filtering
mechanism ensures that the lemmatizer selects a lemma only from the morphologically
compatible candidates provided by the AlKhalil Morpho Sys analyzer. By leveraging
morphological information more effectively, this approach significantly improved the
lemmatizer’s accuracy (see Table 6).
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The evaluation of this model was conducted under the same conditions established for the
baseline model. Specifically, we utilized the C corpus for training and the Nemlar corpus
for testing. Table 6 presents the results of this evaluation, alongside with the results detailed
in Table 1 and Table 5, for comparative analysis.

Fig. 1: Architecture of the filtered BILSTM lemmatizer.
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Table 6: Accuracy and error rate of the baseline model on the Nemlar corpus.

Model Accuracy Error rates
Baseline BiLSTM Lemmatizer 80.76% 19.24%
Filtered BiLSTM lemmatizer 89.06% 10.94%
Madamira 85.80% 14.20%
CaMelTools 85.20% 14.80%
SinaTools 76% 24 %
Baseline BiLSTM Lemmatizer 80.76% 19.24%
Filtered BILSTM lemmatizer 89.06% 10.94%

The effectiveness of morphological filter is evident in these results. The inclusion of
morphological information resulted in a significant error rate drop and the error rate
improved by more than 8 percentage points. The baseline BiLSTM lemmatizer had an error
rate of 19.24% and the filtered lemmatizer reduced this down to a mere 10.94%. In addition,
we compare our results with the best lemmatizers in the world, which highlights the
strength of our methodology. Our filtered model displays a significant decrease in the error
rates and it scores more than 4 points higher than Madamira (10.94% vs. 14.80%) and
almost 4 points higher than CaMelTools (10.94% vs. 14.80%). These findings relate to the
high level of accuracy attained through incorporation of morphological knowledge.

The study of the lemmatization errors of the filtered model revealed that a large part of the
errors may be attributed to the effect of out-of-vocabulary words (the words in the test set
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that are not represented in the Vw vocabulary of the model). In the next section, We resolved
this issue by training our filtered lemmatizer in a statistical layer with Hidden Markov
Models.

In order to alleviate the adverse effects of the out-of-vocabulary words on the lemmatizer,
we added a statistical layer to the filtered BILSTM model. We start by explaining the
operating principle of the Alkhalil lemmatizer that was designed in [11] and was the
inspiration of the addition of this statistical layer to our model. Alkhalil lemmatizer is a
system of morphological disambiguation of the Arabic language. It takes a milder approach
that incorporates two modules to determine the right lemmas to be used on words in a
sentence. The former module does a context-free analysis of each word in the Alkhalil
Morpho Sys analyzer and thus produces a list of possible lemmas. The second module
takes advantage of the context of the sentence: a statistical disambiguation module, which
IS a statistical component based on HMM models. This component picks the most likely
lemma out of the initial candidates offered by the morphological analysis.

3.2.3 HMM BIiLSTM Filtered Lemmatizer

Our HMM-filtered BiLSTM lemmatizer is an extension of the filtered BiLSTM version.
For words belonging to the vocabulary V,,, the list of candidate lemmas is restricted to the
single lemma generated by the filtered BiLSTM lemmatizer. On the other hand, for OOV
words (i.e. absent from 1;,), the list of candidate lemmas consists of the lemmas generated
by the Alkhalil Morpho Sys analyzer. This configuration implies that only OOV words
present an ambiguity in terms of their lemmatization. The additional layer of the HMM-
filtered BILSTM lemmatizer uses an HMM model to identify, from the list of lemmas
associated with each OOV word, the most likely lemma based on its context.

The structure of the HMM-filtered BILSTM lemmatizer is shown in figure 2. We indicate
the special lemma assigned to a word w;, in the vocabulary ¥}, by the Filtered BiLSTM
Lemmatizer model as ;. In the case of wt not in the Vw vocabulary, Lt is the full list of
lemmas that were produced by the Alkhalil Morpho Sys analyzer.
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Fig. 2: Architecture of the HMM BILSTM filtered lemmatizer.
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Recall that HMMs are a class of probabilistic graphical models used to predict a sequence
of unknown variables (X;);, taking values in the set of hidden states (the lemmas), from a
sequence of observed variables (Y;);, taking values in the set of observed states (the
words). Our goal is to find the most likely sequence of lemmas (13, 13, ..., [,) for the words
in the sentence Ph = {wy, w,, ..., w; }, satisfying the following relation:
(4, ... k) = argmax Pr(l*, .., ¥ |wy, ..., wy, )
l{iELi
1<isk
where L; = {I}, 17, ..., l?"} denotes the set of candidate lemmas associated with the word
w;. Recall thatn; = 1 if w; € I,,. To determine the most probable sequence of lemmas
(43,15, ..., 1), we suppose that the HMM is of order 1, i.e., the processes (X;), and (¥;),
satisfy the following two Markov conditions:

o PT(Xt-I'l:lj/Xt:li""’Xl:ll):Pr(Xt-l-l:lj/Xt:li):aij
where a;; is the transition probability from hidden lemma [; to hidden lemma [;
L PT(Yt = WT/Xt = ll' Yt—l = WT't_l'Xt—l == l ""Y1 == WT'1’X1 == lll)

= Pr(Y, = w, /X, = ;) = by(w,).

it—1

where b; (w,.) is the probability of observing word w,. given the hidden lemma ;,
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and we use the algorithm of Viterbi [24], which is particularly suitable for the search for
the optimal path. It is based on two functions:

e @(t,l]) which represents the maximum probability among all paths of length t — 1

leading to the lemma [, i.e.:
e, I]) = max Pr (l;l, - l? L/ wy, Wiy, Wt)
1€t
e (t,1}) which memorizes the previous lemma that maximized the function ¢:
v lp) =arg [ Tax @t —1,11) Pr(lt/l;-1)

Lt—1

The two Markov hypotheses allow the functlon ¢ to be computed recursively as follows:
o(t,17) = (,max_@(t = 1L18.4) X Pr(lF/150)) Pr(we/1D).

t—1 -1
To extract the optimal path, we apply the Viterbi algorithm according to the following four
steps:
First step (initialization): For I < k < n1, calculate ¢(1,1¥) the probability that the
sentence begins with w, accompanied by the lemma I¥.
Second step (recursive calculation): For 2 <t<mand I <r <n,
o6, 10) = (,max (¢ —1,12-0) x Pr(l/12-0)) Pr(we /1)

Lt—1q

(&, lp) = arg max @(t —1,1;4) Pr(l;/I_1)
lf-1€Lt—1

Third step (final state):
Yy(n+1)= arg max on, L)

Fourth step (deduction of the optimal path)
=yYn+1) andfort=n-1:1 [ =Y l{,1)

To run the Viterbi algorithm, we first need to estimate the initial probability = = (m;),
where m; = P(X; = [;), the transition matrix A = (a;;) and the emission matrix B =
(b;(t)). These parameters are estimated by applying to a labelled training corpus C using
a maximum likelihood method [Manning & Schiitze, 1999], supplemented by the Absolute
Discounting smoothing technique [Ney & Essen, 1991]. This smoothing reduces the
impact of OOV words. The parameters are therefore estimated as follows:

max (m;—D,0) , D . max (n;;j—D,0)
m; = TR 4 P Paps (DN (9) 5 @y = = = 2 Py (1N (4 #) 5
D, ifmy # 0
Pilt) =1 woxo elsewhere
niXZj ’

with the constant D = 0.5 and Py,(L;) = %

e m;: number of sentences of the training corpus C of which [; is the lemma of the
first word.

e M: number of sentences in the training corpus C.

e N;.(Ie): number of lemmas corresponding to the words that appear at the
beginning of sentences in corpus C.

e n;;: number of occurrences of the transition from the lemma [; to the lemma [; in
the corpus C.
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e n;: number of words in the corpus C annotated with the lemma [;.

e N;,(l; »): number of words whose lemmas appear at least once after the lemma [;
in the corpus C.

e m;.: number of times that the word w, appear with the lemma [; in the corpus C.
e N;: number of words annotated in the corpus C with the lemma [;.

e Z;: number of words not annotated in the corpus with the lemma [;, for which the
Alkhalil analyser still generates this lemma.

The proposed solution combines the advantages of filtered BiLSTM and HMM models,
and subsequently offers a more accurate lemmatization system even in the presence of out-
of-vocabulary words.
To evaluate the HMM-filtered BILSTM lemmatizer, we compared its performance with
that of six previous models. For this purpose, we trained the HMM-filtered BILSTM
lemmatizer on corpus C, the same dataset used to train both the baseline and filtered models.
The open-source Alkhalil lemmatizer was also retrained on corpus C to ensure a fair
comparison. Finally, all six models were evaluated on the independent Nemlar corpus.
Table 7 presents the results, including both accuracy and processing speed (measured in
words analyzed per second).

Table 7: Accuracy and error rate of the baseline model on the Nemlar corpus.

Model Accuracy Speed
Baseline BiLSTM Lemmatizer 80.76% 776
Filtered BiLSTM lemmatizer 89.06% 374
HMM-filtered BILSTM Lemmatizer 90.10% 297
Alkhalil lemmatizer 85.51% 2,637
Madamira 85.80% 786
CaMelTools 85.20% 235
SinaTools 76% 38,973

Experimental results indicate that integrating an HMM-based statistical layer into the
filtered BILSTM lemmatizer leads to a notable improvement in accuracy. This additional
layer effectively addresses the issue of out-of-vocabulary words, resulting in an accuracy
increase of over one percentage point (90.10% for the HMM-filtered BiLSTM lemmatizer
vs. 89.06% for the filtered BILSTM lemmatizer). Among the evaluated tools, SinaTools
exhibits the lowest accuracy, while Madamira, CaMelTools and the Alkhalil Lemmatizer
achieve comparable performance. However, the two latest versions of our lemmatizer
(HMM-filtered BIiLSTM and Filtered BIiLSTM) significantly outperform the other
lemmatizers. In terms of processing speed, SinaTools is the fastest, followed by the
Alkhalil Lemmatizer and then Madamira.

Table 8 presents examples of sentences containing OOV words that are not analyzed by
the filtered BiLSTM but are correctly handled by the HMM-filtered BiLSTM.
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Table 8: Some examples from the output of the HMM-filtered BiLSTM.

Output HMM- Output filtered BiLSTM Sentence
filtered BILSTM
colh - G- G- S -8 00V - b - Gu - G- S| a8 s Qb ) L) S
O - 38 - i Jass Jad)
- GG - g5 ylas - JE - e - OO0V - (5 yias - (i) EIEL 5 g9 o) Jiing
- - Ge -gnte - K- dld- e ele JS salls (e Csiall 5
ole - 8
- RE- 5o dad- 8| - O0V- pf - K- g -dad - 8 oS S il l) e (5,08
- i - Grdl - s OOV- pski 130505 Al ) ginany 5
I
BRI EEER SALDA ADlsa - KA 580 ) g alSal ) slall aas,
- A - Alga - A)lsa OO0V - e - i Laladl Cilingll g Cilosas all
Gl - ale .

Table 9 presents examples of sentences where the system fails to correctly lemmatize all
the words in the sentence. In cases where the lemmatizer does not return the correct lemma,
the correct form is provided in parentheses.

Table 9: Some examples of errors produced by the HMM-filtered BiLSTM.

Output HMM-filtered BiLSTM Sentence
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6 Conclusion and Future Work

Lemmatization is an important part of preprocessing many NLP applications, especially
where the language being studied is morphologically rich, as is the case with Arabic. In
this work, we presented two variations of a hybrid lemmatizer that is particularly Arabic-
oriented lemmatizer. The initial one is a bidirectional recurrent neural network with a
morphological filtering mechanism that uses morphological information during the
Alkhalil Morpho Sys analyzer. This method improves the selection of lemmas to a great
extent since the output space is confined to morphologically valid lemmas. Nevertheless,
neural models can be vulnerable to cases of out-of-vocabulary words and hence cannot
generalize well. In order to overcome this shortcoming, we constructed a second one with
a statistical layer using Hidden Markov Models. This improvement allows the model to
address unseen words more appropriately with the help of probabilistic transitions between
lemmas.

Experimental tests prove the fact that both hybrid versions obtain significant enhancements
over the current Arabic lemmatizers, being more accurate and stable. These results can
point to the efficiency of transitional solutions to the language complexity of Arabic,
specifically, the integration of deep learning with rule-based and statistical algorithms. The
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solutions to our research are opening the way to more precise and flexible lemmatization
solutions, which will be able to serve a broad spectrum of NLP tasks, such as information
retrieval, text summarization and machine translation.

The future studies include enhancement of the proposed lemmatizers by looking into
alternative neural network models and the application of reinforcement learning algorithms,
especially through the application of large language models. We also intend to generalize
these hybrid solutions to other morphological analysis solutions such as stemmers, POS
taggers and diacritization systems.
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