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Abstract—The Arabic language belongs to a group of languages
that require diacritization over their characters.Modern Standard
Arabic (MSA) transcripts omit the diacritics, which are essential
for many machine learning tasks like Text-To-Speech (TTS) sys-
tems. In this work Arabic diacritics restoration is tackled under a
deep learning framework that includes the Confused Sub-set Res-
olution (CSR)method to improve the classification accuracy, in ad-
dition to an Arabic Part-of-Speech (PoS) tagging framework using
deep neural nets. Special focus is given to syntactic diacritization,
which still suffers low accuracy as indicated in prior works. Evalu-
ation is done versus state-of-the-art systems reported in literature,
with quite challenging datasets collected from different domains.
Standard datasets like the LDC Arabic Tree Bank are used in ad-
dition to custom ones we have made available online to allow other
researchers to replicate these results. Results show significant im-
provement of the proposed techniques over other approaches, re-
ducing the syntactic classification error to 9.9%andmorphological
classification error to 3% compared to 12.7% and 3.8% of the best
reported results in literature, improving the error by 22% over the
best reported systems.
Index Terms—Arabic diacritization, classifier design, deep net-

works, part-of-speech (PoS) tagging.

I. INTRODUCTION

A RABIC is a wide spread language spoken by over
350 million people on the planet. The Arabic alphabet

and vocabulary are very rich, with the same word morphology
being a candidate of different meanings and pronunciations.
For example the word رمع might bear the meaning of the
person name “Omar” or◌ْ ر◌َ م◌ُ ع the meaning of “age” .◌ْ ر◌ْ م◌ُ ع What
distinguishes them is the diacritization signs assigned to each
character of the word.
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Diacritics are short vowel marks added on the character to
reflect its correct pronunciation, according to grammatical, syn-
tactical and morphological rules of the language.

Historically, diacritics were not included in Classical Arabic
(CA). Even the holy Quran was originally written with nei-
ther diacritics nor pointing system. Later, Muawiyah of the
Umayyad dynasty asked linguists and scientists in Basra to
introduce a diacritization system, which was developed first
by Abu al-Aswad al-Du’ali, then tailored and improved by
Al-Farahidi to develop into the system known today.

Nowadays, Modern Standard Arabic (MSA) transcripts are
written without diacritics, leaving the reader to restore them
from the context and knowledge. Diacritics restoration is not
an easy task even for knowledgeable, native Arabic speakers.
On the other hand, there are many machine learning tasks, like
Text-To-Speech (TTS), translation, spelling correction, word
sense disambiguation, etc., that require diacritizing the script as
a pre-processing step before applying the core algorithms.

In its basic form, the problem can be reduced to a pattern clas-
sification problem, with seven diacritics classes being the tar-
gets. In addition, the diacritics classification can be divided into
syntactical diacritization, caring about case-ending and mor-
phological diacritization, caring about the rest of the word di-
acritics. Currently, the morphological part of the problem is al-
most solved, leaving a marginal error of around 3-4%. On the
other hand, syntactic diacritization errors are still high, hitting a
floor that is claimed to be asymptotic and cannot be further re-
duced ([1], [2]). For this reason, we focus our effort on reducing
the error below the 12.5% error obtained in [1] and [2].

Recently, a significant advancement in the area of deep
learning has been witnessed, with the development of a gen-
erative model, Deep Belief Nets (DBN), with a fast algorithm
for inference of the model parameters. Deep Neural Networks
(DNN) shall be the basic machine learning classifier used in
this work, employing the latest results reached in the deep
learning field. An efficient feature vector is designed under
the umbrella of deep learning to distinguish different word
diacritics. Features that are tested in the current work are:
PoS, morphological quadruple of lexemes, last character and
word identity. In addition, context features are essential to the
diacritization problem. Context features include the previous
word’s features, as well as the previous word’s diacritics.

Part-of-Speech (PoS) features are critical to syntactic diacriti-
zation, which is the focus of this work. For some datasets PoS
tags are manually annotated by professional linguists, while for
the real case and most datasets, they are not available. For this
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reason, standalone PoS taggers are built under the deep learning
framework, which can reused in Arabic PoS tagging systems,
needed for many other applications, and not only for Arabic
diacritization.

The deep learning model often hits a performance barrier
which cannot be crossed. Hence, error analysis and diagnosis
is run on the confusion matrix results, leading to the Confused
Sub-set Resolution (CSR) method to train sub-classifiers to
resolve the identified confusions and automatically generate a
deep network-of-networks composed of the main classifier and
the sub-classifiers working together to offer around 2% error
enhancement.

Evaluation of the proposed techniques is done on two
datasets; the first is a custom one collected from many different
sources, which is available online at [10]. Manually extracted
PoS and morphological quadruples are available for only a part
of this dataset. The PoS tags of this part of the dataset were
used to build the DNN PoS taggers to tag the rest of the dataset.
The corresponding test set, which is available online at [11],
was collected from different sources than training ones and
is quite challenging. The second dataset is the standard LDC
Arabic Tree Bank dataset [12] used to bench mark the system
against state-of-the art systems in Arabic diacritization area.

The rest of the paper is organized as follows: first the related
works in literature are surveyed, followed by a formulation of
the CSR method. The next section is dedicated to describing the
features used in the system, and how they are encoded and rep-
resented in the feature vector followed by the details of building
the DNN PoS tagger for Arabic. The datasets used for evaluation
are then described. The next section describes the system eval-
uation experiments. Experimental results include an error anal-
ysis study of the effect of each feature and method on the system
performance, in addition to benchmarking against state-of-the
art systems in literature, evaluated on standard datasets. Finally,
the paper is concluded with the main results and conclusion.

II. RELATED WORK

There have been many attempts to approach the Arabic
diacritization problem by different techniques. Focus will be
around three works strongly related to what is proposed here,
and having the best results in literature. Zitouni et al. (2006) [3]
apply Maximum Entropy classification to the problem taking
the advantage of the MaxEnt framework to combine different
features together, like lexical, segment-based, and PoS features.
Segmentation involves getting the prefix, suffix, and stem of the
word. PoS features are also generated under the MaxEnt frame-
work. Habash and Rambow (2007) [4] perform Morphological
Analysis and Disambiguation of Arabic (MADA) system, and
then apply SVM classification. Last, Rashwan et al. (2010 and
2011) [1], [2] and [2] propose a hybrid approach composed of
two stages: first, maximum marginal probability via A* lattice
search and n-grams probability estimation. When full-form
words are OOV, the system switches to the second mode which
factorizes each Arabic word into all its possible morphological
constituents, then uses also the same techniques used by the
first mode to get the most likely sequence of morphemes, hence

TABLE I
ARABIC DIACRITICS CLASSES

the most likely diacritization. The latter system ([1], [2]) shall
be our baseline, since it gives the best results in literature so
far, and the dataset used to evaluate it is available at our hand,
and hence fair comparison is possible. Also, comparison to the
three systems is made on the LDC Arabic Tree Bank data set.

III. DEEP LEARNING FRAMEWORK

The Arabic diacritics restoration task can be formulated as
pattern classification problem. The target classes shall be the
diacritics themselves, described in Table I. The input is the
raw MSA transcript. The task is to classify the input based
on well-designed feature vector and restore the original dia-
critics of the raw text. The output shall be the full diacritized
text. All these diacritics can exist on case-ending character,
while Fathten, Dammeten and Kasreten can never occur on
non-ending character of the word root.

The machine learning classifier tool chosen in this paper is the
Deep Neural Network (DNN), under the framework of learning
deep architecture proposed by Hinton et al. (2006) [5] and [6].
The raw text is presented to the classifier, and a group of sub-
nets work to extract the desired features, like PoS tags. The net-
work architecture is shown in Fig. 1. Each sub-net is trained to
extract a certain kind of features, and the obtained feature vec-
tors are concatenated together to form the input that is repre-
sented to the classifier network. In fact the training of features
extraction nets is guided by certain desired features, like PoS
tags. This enables building a standalone system that operates on
the raw text only.

IV. CONFUSED SUB-SET RESOLUTION METHOD

The Confused Sub-Classes Resolution (CSR) is based on
confusion matrix analysis and the method in [7]. The output of
this analysis shall be a network architecture composed of the
original classifier operating with sub-classifiers to resolve con-
fusions that were identified through confusion matrix analysis.

The method starts with training a global classifier, then eval-
uating its performance. To enhance its accuracy, the sources of
errors are analyzed by building the confusion matrix for the
training set. The position of the off diagonal element identifies
the pair of classes that are confused together.

The confused classes are grouped together in confused
sub-sets. Each pair sharing a class target are grouped together
forming new entry in the set, and so on until no more grouping
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Fig. 1. Deep network framework.

is possible. For each member group of the final set, a sub-clas-
sifier is trained, only using the training cases that hold the label
of the sub-class members of the group.

Once the groups of sub-classifiers are available, a deep net-
work model is formed out of the global classifier and the sub-
classifiers, such that the first layer is formed of the global clas-
sifier, followed by the second layer of the sub-classifiers groups
having the maximum number of members, followed by a deeper
layer of fewer members groups, and so on. The training or test
cases are fed to this architecture so that each case is fed to the
global classifier, and then based on its decision the example is
routed to the proper sub-classifiers to resolve any possible con-
fusion. The same procedure is repeated in each layer till the last
layer resolving conflict between pair of classes.

A. Algorithm
The flow chart of the CSR method is shown in Fig. 2. The

following steps describe the algorithm:
1. Train a basic global classifier in DNN framework and ob-

tain the confusion matrix on the training set
2. Identify the confusion domains that have con-

fusions more than a threshold , which is a parameter of
the algorithm obtained from confusion matrix analysis. It
could be set by sorting the off-diagonal elements in order of
magnitude, and selecting the threshold to be in the middle
of the largest gap in magnitude between successive ele-
ments, similar to the “eigengap” heuristic used in spectral
clustering.

3. Train sub-classifiers for each confusion domain .
4. Determine the architecture of the model having sub-

classifiers. The superscript denote the index in the layer,

while denotes the layer depth in which this domain is
resolved. When a sub classifier is a complete subset of an-
other one, it is placed in a deeper layer of the architecture.
In this case, the superscript is incremented to denote
extra depth in the model.

B. Network Model

1- Arabic diacritics classes contain high confusion domains,
for example the “Kasra” and “Kasreten” classes are ex-
pected to be highly confused. In an attempt to resolve this
confusion, CSR algorithm is applied. The first step is to
generate the confusion matrix. Table II shows the con-
fusion results for DNN classifier. Fatha, Damma, Kasra:

with threshold
2- Fathten, Dammeten, Kasreten:
3- Kasra, Kasreten:
Each domain has its own classifier to resolve its

confusions. The final model shall be as shown in Fig. 3. The
identified confusions go exactly with the Arabic grammatical
rules which directly influence the syntactic diacritization task.
An interesting property arises here which is the ability to inject
sub-class specific features to further resolve confusions. For
example the sub-classifier resolving Kasra/Kasreten is
highly impacted if the concerned word has identification pre-fix
لا which is a feature definitive enough to resolve the confusion,
so this specific feature can be given higher weight or specially
handled for this sub-classifier. However, this is left to future
works on CSR since the scope of the current work does not
include handcrafted features with task-specific knowledge.
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TABLE II
CONFUSION MATRIX RESULTS FOR DNN CLASSIFIER ON SYNTACTIC DIACRITIZATION

Fig. 2. CSR algorithm flow chart.

C. Probabilistic Interpretation
Multi-class classification problems are concerned with min-

imizing an error function with respect to the clas-
sifier parameters on the training set

made of examples, each represented with feature
vector and label . The minimization of the error is equiv-
alent to maximizing the discrimination probability, or equiva-
lently, maximizing the classification accuracy:

The random variable is the feature vector,
is the class label and is the number

of class labels. The accuracy of classification is linked to how
efficient the discrimination probability models the real data.

We propose to factorize the class labels set into clusters or
sub-classes mostly confused together:
where is the number of sub-classes, so that this probability is
as follows:

This factorization is similar to the approach in [8] but with
a different factorized random variable. While we factorize the



RASHWAN et al.: DEEP LEARNING FRAMEWORK WITH CSR ARCHITECTURE FOR AUTOMATIC ARABIC DIACRITIZATION 509

Fig. 3. CSR model for syntactic Arabic diacritization task.

class labels, the method in [8] factorizes the word input vocabu-
lary or the language model for quite a different objective. More-
over, the clusters are identified in our work based on confusion
matrix analysis.

In the CSR framework, each sub-class is assigned a sub-clas-
sifier to discriminate its members, which is meant to model

. Also, each sub-class is as-
signed a domain classifier to trigger it, which is meant to model

.
The success of the approach is strongly determined by finding

a set of sub-classifiers such that their accuracy in the domain
of sub-classes they discriminate is higher than that of the basic
classifier modeling directly. The gain in ac-
curacy reflects the correction capability of the sub-classifier. It is
expected that the confusion matrix after applying CSR is better
shaped with less sum of off-diagonals than the basic case. Fur-
ther iterations of the algorithm are possible to obtain a more im-
proved confusion matrix having maximum diagonal elements.

Also, the detection capability which
triggers the sub-classifiers should be improved or at least not
degraded. If we count on the basic classifier decision to trigger
the sub-classifiers, then we have the same as
the basic model, which means that the improvement is governed
by the improvement in .

The above probabilistic interpretation of the method enables
to get rid completely of the fusion DNN in Fig. 3, which func-
tions as a selector trained to take the output from the most ap-
propriate classifier of the network. The factor

replaces this DNN, triggering only the good classi-
fier and dumping the others. This simplifies the model than and
yields similar results.

V. FEATURES

The input to text processing tasks is a transcript or document
containing raw text. For Arabic diacritization task specifically, a
set of features have proved good performance in literature, such
as morphological lexemes, PoS, word identity,…etc see [1], [2],

[3] and [4]. In this section the features employed in our feature
vector are described.

Arabic morphological model assumes the canonical struc-
ture uniquely representing any given Arabic word “w” to be a
quadruple of lexemes (or morphemes) so that (t: p, r,
f, s) where p is prefix code, r is root code, f is pattern (or form)
code, and s is suffix code. Morphological features are normally
more effective in morphological than syntactic diacritization,
since they are concerned with the word morpheme or building.

Syntactic diacritization is about adding diacritics on the last
character of the word. Arabic language prohibits some diacritics
from being placed over some characters. For example fatha
on”و” is phonetically forbidden. Also, it favors some diacritics
over some character like fatheten on .”ا“ A rule based system
would have set a rule for that, however, in DNN framework,
the system is left to learn such rules. Hence, the last character
identity is an effective feature for syntactic diacritization task.

The raw word identity is another type of possible features.
The system in [1] uses this feature. There are two possibilities
of encoding such feature, the first would be to use a raw index
representing the word index from a vocabulary vector built from
training set. However, this could lead to many out of vocab-
ulary (OOV) cases, in addition to a long vector. On the other
hand, a word can be encoded as sequence of the identities of its
composing characters, which is more efficient under the DNN
framework to avoid OOV, because even if a word is not encoun-
tered during training, at least a similar one with a character less
or more was encountered during training, generating nearly sim-
ilar activation of the stochastic binary units and leading to sim-
ilar result as the original word. The same exact word need not
be present during training phase, instead only a similar word is
enough so that the word is not considered OOV. This is a di-
rect result of encoding words as sequence of their constituting
characters.

Considering the feature vector of the preceding and/or suc-
ceeding words or characters can improve significantly the clas-
sification accuracy. This is what we refer to as context features.
Context features are essential to syntactic and morphological
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Fig. 4. Class context features , .

Fig. 5. Context and word features sparse representation.

diacritization tasks. For morphological diacritization context is
just the surrounding characters, while for syntactic diacritization
context is represented by the surrounding words. We denote the
depth of the preceding context by N and the succeeding context
elements by M (see Fig. 6).

The context does not only include the feature vectors of in-
puts, it can also include the context of class labels. For example,
the decision of the classifier for the previous diacritic can be
re-considered as an input feature for the current diacritic classifi-
cation. This results in something like an auto-regressive model,
where the previous decisions affect the next one recursively. We
refer to the input features context as and to the class
labels context as .

In the model described in Fig. 4 only the previous label is
considered for simplicity ( , ). The class labels
context is appended to the feature vector just the same
as the input context, so both are embedded in the same vector.
In this case, the previous class label is obtained as the output
of the classifier for the previous input , resulting in a
recursive, or auto regressive model. The DNN network is then
left to learn how to discriminate current class label based
on the current input , the previous input and the
previous output all merged in one feature vector.

Fig. 6. Context features in case of last character and rest of word diacritization.

To complete the picture all features used in the system are
listed in Table III. Each feature is represented by an identifier
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TABLE III
EMPLOYED FEATURES AND THEIR DYNAMIC RANGE

TABLE IV
SAMPLE ARABIC POS TAGS VECTORS

(ID) that can take integer value from a certain range; hence each
feature ID has its own dynamic range depending on the number
of values it can take. For example, the “Prefix” feature can be
one of 255 prefixes types, so its ID value can take any value
from 1 to 255.

Merging all features together in one vector can be done based
on their raw indices as in Fig. 5, but in this case the features
with higher dynamic range will dominate and bias the classifi-
cation decision. Hence, some sort of normalization is required.
In our implementation, we choose a special sort of normaliza-
tion technique based on assigning a vector for each feature with
its length equal the dynamic range of the feature. Each element
of such vector is either 0 or 1 depending on the value the fea-
ture takes. This technique is similar to one-hot spot encoding,
but to overcome the problem of missing the similarity between
semantically similar words, we encode the context word fea-
tures as well. In some sense, encoding the context in the same
vector achieves the same goal of clustering using LSA or LDA,
or even neural word embeddings [9], because it is based on the
same concept; similar words tend to appear in the same context.

VI. POS TAGGING

Part-of-Speech tags are essential features to discriminate
syntactic diacritics cases, where syntactic diacritics restoration
is strongly related to grammatically parsing and analyzing the
sentence into its syntactic language units or PoS. There are
many models for Arabic PoS tags. In this work we adopt the
one in [2] (example in Table IV), which sets 62 context-free
atomic units to represent all possible Arabic language PoS tags.
A very rich dataset of Arabic words, extracted from different
sources, is used to train the system (see VIII TRN_DB_I and
TST_DB). PoS tags are manually annotated for this dataset
by expert Arabic linguists. The PoS tags for each word are
presented in the form of a PoS tag vector, with a word assigned

Fig. 7. Block diagram of disjoint classifiers PoS tagging method.

Fig. 8. Deep learning framework for DNN-PoS-diacritization.

many PoS tags at once (PoS vector), see Table II in [1], which
is partially replicated here for clarity:

However, to be able to use this dataset under the deep learning
framework, a word must be assigned one and only one tag rep-
resenting its target class. Hence, a method was developed to an-
alyze the PoS vectors into single tag per word. In fact, each tag
given in the vector can be viewed as separate feature.

The length of those features is 62 different tags. By analyzing
the dataset it was found that up to 11 different tags could be
assigned to one word at a time.

To be able to train a PoS classifier, it is important to identify
the different tag groups that compose the PoS tags in the dataset.
Some tags always occur together, offering no extra informa-
tion, while others never occur together, indicating that they are
members of the same feature set like, for example, “Noun” and
“Verb”, which normally do not occur together, and hence be-
long to the same feature group. A feature group is a set of PoS
tags that do not occur together. To get rid of redundancy PCA
can be run to reduce the members of each feature set. We refer
to the independent feature sets as “Disjoint Classes”.

Fig. 7 describes the process. First the raw dataset is parsed to
form a matrix of POS tag co-occurrences. The matrix is com-
posed of entries, with an entry per PoS tag pair. For each
word encountered, the joint cell of the matrix is incremented; to
indicate how many times the two tags occur together. After the
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TABLE V
REDUCED POS TAGS GROUPS

whole dataset is parsed, tags that never occur together are mem-
bers of disjoint groups of feature sets. To eliminate redundancy,
PCA is run to remove entries that always occur together offering
no extra information. After this step, three group where identi-
fied in Table V:

Hence, the 62 tags were reduced to 24 non-redundant and
non-overlapping tags, divided into three groups that can occur
simultaneously in one PoS tag vector. For each group, a sepa-
rate DNN classifier is trained. The final PoS tag is taken as the
fusion of the three classifiers. This feature vector is the input
to the next stage DNN diacritization classifier according to the
deep architecture presented in III Fig. 1 and Fig. 8. The input
to the DNN-PoS Tagger is just the raw text, with each word
encoded in its sequence of characters, in addition to the con-
text words surrounding the word to be tagged. The output is the
PoS tag assigned to this word. The feature vector is formed as

VII. OVERALL SYSTEM ARCHITECTURE

Throughout the previous sections, the main building blocks
of the proposed system are described. In this section the overall
system is presented in a coherent way. Fig. 9 describes the archi-
tecture of the proposed system, putting the pieces of the puzzle
together to form the big picture.

The raw text input is fed to the system word by word. Ac-
cording to the configured context depth, a number of succeeding
and preceding words are stored in a context memory. In our
system the context is empirically taken as three preceding words
and one succeeding word ( , ), which is found to
give the best accuracy results. This context will serve later to
format the context feature vector. If the word is the first or last
one in a sentence, the preceding or succeeding context is zero
padded. Word context serves in case of syntactic diacritization,
while for the morphological case the character context is also

Fig. 9. Overall Arabic diacritization system.

Fig. 10. Contributions to the overall accuracy.

needed, which is directly present in the character sequence of
the single input word itself. Context encoding is described in
details in V.

The feature extraction procedure depends on the feature it-
self. For PoS tags, a special DNN is trained for that purpose,
which also makes use of the context of the word. For other fea-
tures, like the sequence of characters forming the word, the last
character of the word and the morphological quadruples are di-
rectly extracted from the single word.

The framework in Fig. 1 is employed. A three-layer network
architecture is used for each feature extraction subnet or classi-
fication network. For the classification network a 20-20-20 ar-
chitecture was used, while for PoS-tagging networks a 60-60-60
architecture is used. The network architecture is determined em-
pirically. By experiments it was found that the best architecture
is the symmetric one, with the same width for all layers. The best
width is found to be the same as the average number of ones in
the training set feature vectors. To clarify, in our system, the fea-
ture vectors are sparse bit fields with few positions set to one and
the rest of the vector are zeros. To get the best network width,
we count the number of ones in each vector of the training set
and average this count. The resulting average is found to be the
best setting of the net layers widths.

The neural network training undergoes DBN pre training as
in [5] and [6] for 20 epochs per layer, with batch size of 1000
examples each without mini batches. Momentum is used ini-
tially with 0.5 for the first 5 epochs and then raised to 0.9 for
the next epochs. The discriminative fine tuning is performed
using conjugate gradient minimization for 30 epochs. For the
first 6 epochs, only the upper layer is adjusted, then the rest of
the layers are trained for the next epochs.
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TABLE VI
EFFECT OF CSR

TABLE VII
EFFECT OF CLASS LABELS CONTEXT ON SYNTACTIC DIACRITIZATION

Once the features are ready for a given word, they are fed
to the DNN classifier. The resulting confusion matrix from the
training phase is then fed to the CSR method to generate the tree
structure that improves the system accuracy. During testing, the
raw input features are fed to the DNN classifier to obtain an
initial guess of the target diacritic. This guess is then improved
in the next CSR stage to obtain the final diacritic decision.

VIII. DATASETS

The following datasets are used in our experiments:
— TRN_DB_I: This is a 750,000 word dataset, collected

from different sources and manually annotated by expert
linguists with every word PoS and Morphological quadru-
ples. For more information refer to [1].

— TRN_DB_II: This is 2,500,000 word dataset. For more in-
formation refer to [1] and [2]. The corpus can be down-
loaded from [10].

— TST_DB: This is a 11,000 word test set. For more infor-
mation refer to [2]. The corpus can be downloaded from
[11].

— ATB: LDC Arabic Tree Bank. For more information refer
to [12].

IX. SYSTEM EVALUATION

A. Effect of CSR Method
The objective of this experiment is to show the effect of CSR

method described in IV. The test set is TST_DB. Results in
Table VI show improvement around 2% absolute in all tested
datasets. This represents 17% relative improvement of error.

B. Effect of Class Context Learning
The objective of this experiment is to evaluate the effect of

employing sequential class labels model proposed in V. Test set
is TST_DB. The results in Table VII show that employing this
feature offers 1% to 2% absolute improvement in accuracy over
the basic DBN model alone. This represents a 15.6% relative
improvement in error.

TABLE VIII
EFFECT OF CONTEXT ON SYNTACTIC DIACRITIZATION

TABLE IX
EFFECT OF LAST CHARACTER FEATURE ON SYNTACTIC DIACRITIZATION

C. Effect of Adding Input Features Context
The context of the word or character is another feature to be

employed in the feature vector as described in V. The dataset
used for training is TRN_DB_I and for testing is TST_DB. The
effect of employing this feature is described in Table VIII. A
significant improvement of around 4% absolute is achieved.

D. Effect of Last Character Feature For Syntactic Case
As described in V the identity of the last character of a word is

a critical feature for the syntactic diacritization task. The dataset
used for training is TRN_DB_I and for testing is TST_DB.
Table IX shows the effect of utilizing this feature. A significant
error improvement of about 4% absolute is observed with this
new feature.

The reason for this strong improvement is that the Arabic lan-
guage prohibits some diacritics from being placed over some
characters. For example fatha on”و” is prohibited phonetically.
Also, it favors some diacritics over some character like fatheten
on .”ا“ A rule based system would have set a rule for that, how-
ever, in DNN framework, the system is left to learn such rules.

E. Effect of Character Level Encoding of the Word
As described in V the word identity is an important feature

for the diacritization task. Some systems heavily rely on this
feature like [1] and [2]. There are two possibilities for encoding
this feature. The first is an identity representing the index of
the word from a vocabulary vector built from a training set,
which we refer to as “Word level”. However, this could lead
to many Out Of Vocabulary (OOV) cases, in addition to a long
vector. On the other hand, a word can be encoded as sequence of
the identities of its composing characters, which we refer to as
“Character level”. The dataset used for training is TRN_DB_I
and for testing is TST_DB. Table X shows the effect of utilizing
this feature. A significant error improvement of about 2% is
witnessed with this feature.

“Word level” could lead to many out of vocabulary (OOV)
cases, in addition to a long vector. On the other hand, “Char-
acter level” is more efficient under the DNN framework to avoid
OOV suffered in [1] and [2], because even if a word is not en-
countered during training, but a similar one with a character less
or more was encountered, then a nearly similar activation of the



514 IEEE/ACM TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 23, NO. 3, MARCH 2015

TABLE X
EFFECT OF CHARACTER LEVEL WORD ENCODING

ON SYNTACTIC DIACRITIZATION

TABLE XI
EFFECT OF DATASET SIZE ON SYNTACTIC DIACRITIZATION

TABLE XII
POS TAGGING RESULTS

stochastic binary units would be generated, leading to similar
result to the most similar word existing in training data set.

F. Effect of Dataset Size
The objective of this experiment is to show the effect of

dataset size on the accuracy, see Table XI. The dataset used for
training is TRN_DB_I and for testing is TST_DB. Results in
show improvement of accuracy with the increase of training set
size, however, this trend saturates as the dataset size increases.

G. PoS Tagging Results
In this section the DNN-PoS tagger is tested. The DNN ar-

chitecture used is 60-60-60. As described in VI, three groups of
PoS tags were identified in the TRN_DB_I dataset. Results for
each group and overall are shown in Table XII.

H. Comparison to other Systems
The objective of this experiment is to evaluate the perfor-

mance of the proposed system for Arabic diacritization versus
the architecture in [1] and [2], the MaxEnt model proposed in
[3] and the MADA system [4]. These systems represent the
state of the art in Arabic diacritization systems, with the best
reported accuracy in literature. The evaluation was done on all
the datasets as explained in [2]. The PoS features are extracted
using the DNN-PoS tagger, since the TRN_DB_II / TST_DB
dataset contains only raw text without ready PoS features.

Results in Table XIV show that the proposed system achieves
improved performance by around 1.2% over the system in
[2], which represents 9.23% of the error, evaluated on the
(TRN_DB_I + TRN_DB_II / TST_DB) dataset. Also, on the
ATB standard dataset, the proposed system achieves 0.9%
absolute improvement over the best result in literature.

TABLE XIII
COMPARISON TO HYBRID ARCHITECTURE WITH READY POS FEATURES

Another comparison is done when the dataset TRN_DB_I is
used with manual PoS features. Results in Table XIII show that
the proposed system achieves better performance by 3.2% over
the system in [1], which represents 24.6% of the error. The im-
portance of this experiment is to isolate the automatic PoS tag-
ging errors from the evaluation.

I. Error Analysis
The error analysis presented in this section (see Fig. 10) quan-

tifies the effect of each contribution of features or algorithms in
the system. This analysis is conducted for syntactic diacritiza-
tion.

The baseline system considered is the DNN system described
in III with PoS features only. is obtained on a dataset for which
PoS are readily available (see VIII TRN_DB_I/TST_DB),
which explains the 90.2% reached in the end.

With PoS features only, the accuracy is just 77.9%. Em-
ploying the context features of the surrounding words and
characters of the current word raises the accuracy by 4.35%.
Adding the last character identity to the feature vector adds
another 3.95% to the accuracy. The identity of the word feature,
encoded as sequence of characters adds another 1%.

Inserting the class labels context enhances the accuracy by
1.1%. Finally, utilizing the CSR algorithm boosts the accuracy
by a final 1.9% to reach 90.2%.

From the comparisons in Table XIV and the above analysis of
error some conclusions can be drawn about the effect of the un-
derlying classifier used to approach the diacritization problem.
While our classifier is a DNN, the one used in [3] is MaxEnt. The
baseline accuracy reached with the DNN with PoS features is
around 82.25%, which is almost the same as the MaxEnt results.

Adding the last character feature and word identity improves
the accuracy to 87% which is almost the same as the result
obtained with the hybrid architecture in [1] and [2]. This con-
clusion is expected because the hybrid architecture depends on
word matching compared to a given database and automatically
assigns the diacritics based on the pattern matched, in addition
to OOV treatment. Adding the word identity and last character
feature to our approach results in a similar system to the hybrid
architecture, while encoding the word identity as a sequence of
characters treats the OOV problem as well, and hence a similar
performance is reached.

The CSR method is the final push that boosts our system be-
yond the best reported result in literature, where automatic con-
fusion analysis is conducted to resolve specific confusions, thus
boosting the performance by an extra 1.9%.

X. CONCLUSION

In this paper the problem of Arabic diacritization restoration
is tackled under the deep learning framework, taking advantage
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TABLE XIV
COMPARISON TO OTHER SYSTEMS

of DBN model training. As part of the proposed deep system,
a PoS tagger for Arabic transcripts using deep networks is pro-
posed as well. The first contribution is the introduction of the
Confused Sub-set Resolution (CSR) architecture to enhance the
accuracy.

Design of feature vector played a key role in error improve-
ment. Specifically, using features like last character identity had
a valuable contribution to error improvement by about 4%. In-
cluding class labels context features in auto-regressive fashion
also has a good impact of 1.1% on error improvement. Finally,
encoding words as sequences of characters reduces OOV cases
and enhances the accuracy.

CSR enables resolution of confusions between diacritics. A
network-of-networks architecture formed of a group of classi-
fiers, each working to resolve a set of confusions, is directly
generated to enhance the overall accuracy by about 2%. The
identified confusions and the architecture reflect the grammat-
ical and syntactical rules of Arabic.

Evaluation of the proposed system is made on two different
datasets, custom and standard, both of which are available
online to enable replicating the experiments. Details of feature
vectors formatting and the used features are presented to facili-
tate replication of results. The standard LDC Arabic Tree Bank
dataset is used to bench mark the system against the best three
systems in literature, showing that our system outperforms all
previously published baselines. The effect of each proposed
method is presented separately. Results show improvements
ranging from 1.2% to 2.8% over the best reported results
representing 22% improvement of the error.
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