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constructed of the proposed model involved integrating the AraBERT’s contextual vectors
Arabic text processing, AraBERT, with entities of embedding of knowledge graph (KG). The SANAD dataset (195k articles) was
Knowledge Graph, Language used train this model. The model achieved an accuracy of 90% and an F1-score of 91% which
modeling, Next word prediction. outperformed several of fine adaption baseline models including AraGPT-2 (84.8) and

AraBERT (82.6%). The significant improvement in results indicates that the combining of
contextual and knowledge based has a promising direction for advancing several of Arabic
language application including Arabic text prediction, understanding, and auto-generation,
and other NLP application.
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1. Introduction

Electronic conversations are a common feature in our modern lifestyle. Mostly, the conversation applications focus
on a providing next word prediction system of native language to reduce time spent and facilitate communication.
Next word prediction (NWP) is a branch of large language model (LLMs) that concentrate on discovering the most
likely word which in a sequence of tokens or words in sentences. This task has contributed to enhancing many
applications such as smart authoring and correcting grammatical errors, in addition to more complex tasks such as
generating dialogues and machine translation. In addition, this task has applied to enhancing many NLP applications
such as smart authoring, correcting grammatical errors, and machine translation.

Despite the importance of the next word prediction, this field remains challenges in Arabic language. It often
struggling behind the achieving performance in other languages such as English. This is largely due to the Arabic’s

linguistic complexities and morphology. A further complicates matters is that the language is divided into three
main sections. The formal language, which is based on classical Arabic (the language of the Quran). Modern
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Standard Arabic language, derived from Classical Arabic and used in government, media, and education. The
colloquial dialects language, which vary from country to country. These differences make understanding and
communication between speakers of different dialects some time difficult.

Deep learning models have mainly contributed to develop words prediction systems, especially when founding the
transform-based models such as BERT that makes massive revaluation in this field. It has increased the level of
contextual understanding of texts, leading to achieving state-of-the-art results by training on enormous text
collections. AraBERT is well known model due to their training on large Arabic corpus and provides improved
understanding of linguistic contexts. Despite their power, these models' predictive and inferential abilities depend
primarily on the patterns and co-occurrences learned from the corpora. This can cause them to struggle with factual
knowledge and long depending knowledge.

To deal with this issues, Knowledge Graphs (KGs) were utilized, which are based on structuring information into
entities and defining the relationship between them, as a powerful solution for this limitation. These models provide
a clear cognitive representation of real and intuitive reality. The main objective of this research is to integrate the
statistical competence gained from AraBERT model with the empirical knowledge of KG models to create a robust
and powerful model capable of making predictions based on factual knowledge in addition to statistical analysis.
This making system exposes to error when the prediction depends on real word knowledge or logic. The main
contributions of this research can be outlined as follow:

1. A novel proposed neural model was suggested that retrieves information from the knowledge graph based on
input context and integrates the retrieved information with AraBERT's contextual embeddings.

2. The proposed model was evaluated against several of the AraBERT baselines, which showed significant
improvements in prediction accuracy, particularly in texts that required a factual or logical knowledge.

The remainder of this paper as follow: Section 2 reviews the related work in word prediction system. Section 3
describes the proposed methodology for building AraBER-TKG model. Section 4 shows the experimented setting
and results, and Section 5 presents conclusion and future direction.

2. Related work
2.1 Next-Word Prediction in Various Languages

Shakhovska et al. [1] suggested applying a hybrid model of LSTM-Markov approach for predicting next words in
Ukrainian languages. The LSTM-Markov model achieved an accuracy of75 %. Their results indicated the hybrid
model implemented a slow result compared to the performance of Markov when used individually. Sharma et al. [2]
applied two deep learning approaches (LSTM and BiLSTM) to predict the next word in a Hindi sequence. They
designed a novel model which is based on natural language to facilitate the process of understanding for individuals.
The observed results were an accuracy of 59.46% with LSTM and 81.07% with BiLSTM. Atgcili et al. [3] conducted a
comparative study between RNN-GRU and LSTM to identify the best approach to predict next word in Turkish
dataset. The dataset consisted of 100434 words that obtained from open sources in domain of different sport
subjects including football, tennis, volleyball, and basketball. The LSTM model showed the best accuracy results of
81% while RNN-GRU achieved accuracy of 72%. However, in spite of the enhanced results recorded with LSTM, the
model was subject-dependent. This means that it could yield different performance with different articles subjects.
Singh et al. [4] presented a novel hybrid approach for predicting next words in Punjabi-English language. They
applied two deep learning approaches: CNN, for extracting local dependency, and LSTM for detecting long term
dependency. The main corpus of the model was collected from Twitter and WhatsApp application, with 500,000
tweets and from 600,000 WhatsApp messages. Their proposed hybrid model achieved an accuracy of 0.93 which
was enhanced results compared to other five model implemented on same subject. Al-Anzi et al. [5] conducted
ARABERT-LSTM model to predict next word in Arabic contexts. Authors aimed to achieve state of art model on
Arabic language by utilizing AraBERT for embedding to enhance the semantic relationship with texts. The
ARABERT-LSTM achieved an accuracy of 75% and 64% for LSTM without uses ARABERT. The results showed the
improved results in performance that outperform some of the baseline models applied on Arabic texts. The size of
these results is restricted with specific scale of training dataset and sources which limiting the batch size, and
number of epochs. Tiwari et al. [6] presented neural network architecture of LSTM and BiLSTM to design a next
word prediction model suggested model which outperformed several neural network models based on utilized the
[ITB English-Hindiparallel training dataset. Lahrache et al. [7] investigated both temporal convolutional networks
(TCN) and recurrent neural networks (RNN) to determine next words. They used three datasets: Coursera Swiftkey,
the book Writings of Friedrich Nietzsche, and the News articles obtained from Brown corpus. The model achieved
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an accuracy of 71.51 for RNN and 65.20% for TCN. Hoque et al. [8] utilized n-gram dataset for their proposed model
that based on GRU-RNN approaches for next word prediction system in Bangla language. The outcomes displayed
notable outcome in accuracy results of 88%, 99%, 97%, and 99% for Unigram model, Bi-gram model Tri-gram, and
4-gram models, respectively. Ikegami et al. [9] presented a hybrid model (RNN-LM) to enhance Japanese text
prediction system. The RNN-LM model included an input layer supplied with word embedding, an output layer, and
hidden layers connected with LSTMs. The model was trained on 4 million Japanese sentences extracted from
Twitter. The experiments indicated that the obtained result was 10% less confusing than traditional models. In
addition, this model is included in IME (Input Method Editor) system. Gerz et al. [10] introduced a large-scale LM
applied on 50 different languages. The authors offered a novel approach that focused on sub-word-level data which
showed notable performance across all 50 languages. Ahmad et al. [11], implemented a comparative study between
several of deep learning model to identify the best model used to predict next word system in Urdu languages. They
used RNN, LSTM, and BiLSTM on Ur-MonoUrdu dataset containing 8,000 sentences. They conducted their
experiments in two phases. In the first phase, they applied the models on a small database (3000 sentences), and the
results were: 87%, 79%, and 81% for RNN, LSTM, and BiLSTM, respectively. In the second phase, they expanded the
dataset to 5000 sentences to obtain results of 72% for RNN,80% for LSTM,84% for BiLSTM. Mahbub et al. [12] study
examined which embedding method was best suited for integration with LSTM to predict next word in Bengali
corpus of 25,000 sentences. They used word2vec skip-gram, word2vec CBOW, fast-skip-gram and fast-text-CBOW.
Results exhibited that word2vec-gram achieved the best accuracy of 79.72% compared to others. Shahid et al. [13]
proposed deep learning model for Urdu next word prediction. They investigated LSTM and BERT on large Urdu
dataset contain of one 1.1 million terms for training both models. The accuracy scored of 52 for LSTM and 74 % for
BERT. Other researchers [14] have also evaluated the role of LSTM in next words prediction but with the Assamese
texts (the language of local India). Their model achieved a promising result which demonstrating a high level of
accuracy of 88%. Badawi [15] incorporated N-gram model for next word prediction in Kurdish language. Despite the
lack of large Kurdish dataset, as well as the insufficient number of N-gram models for the Kurdish language, their
model yielded a noticeable result 96% for accuracy.

2.2 Knowledge-Enhanced Language Models

Several of resent studies were motivated to move from sequential research models to explore structured knowledge
in exploring large language models. Integrating the KGs in LLMs is valuable for obtaining accurate results with
answer question models [16]. An example of this is the ReLMKG model [17], which employed the KG for answering
the complex question based on expanded information sources. Zhang et al. [18] proposed KnowGPT, a framework
model designed to enhance the accuracy of LLMs tasks by involving the factual knowledge (KG) model into their
response. This model achieved 92 % accuracy in openbookQA task. Their model has shown the potential importance
of using KG model to extract the relevant knowledge and convert it into effective factual prompts. However, this
model suffered from complex structure that makes the implementation of this model require high computational
resources. Zhang1 et al. [19] proposed a novel model (GLAME) that utilizes a pre-trained LLMs with knowledge
graph (KG) to detect the relevant knowledge and inject its structure into LLMs. Despite the improvements achieved
(6%) over prior models, its performance depends primarily on the presence and quality of the underlying
knowledge graph. This makes the model's accuracy dependent on an external knowledge source. For task like next
word prediction, Magar et al. [20] suggested Graph Neural Network combined with LSTM to encode the local context
of preceding words and predict next words. They used Wikipedia dataset of 1.9 billion word including subjects of
music, sports and celebrities. They obtained an accuracy of 53%,61%, 67% for sports, celebrities, and music,
respectively. Although these methods have proven the importance of involving knowledge integration with LLMs, it
has not yet been exploited in special tasks such as next word prediction in the Arabic language. the proposed model
AraBERT-KG model addresses this gap by designing a hybrid model that performes a parallel task to leverage the
power of structured knowledge for Arabic next word prediction.

3. Methodology

3.1 Dataset description and preprocessing

The SANAD dataset is used in experiments. It is an Arabic dataset [21] collected from three news resources:
AlKhaleej, AlArabiya, and Akhbarona. The dataset has 194,797 Arabic articles categorized into seven domains:

Culture, Finance, Medical, Politics, Religion, Sports, and Tech. each article in the SANAD dataset is single label,
meaning that each article is assigned to one specific domain. Table 1 shows the statistical distribution of the dataset.
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Table 1. The statistic distribution of the SANAD dataset.

Dataset No. Articles
AlKhaleej 78050
AlArabiya 71247

Akhbarona 45500
Total 194.797

The articles of the dataset were organized into seven folders corresponding to their perspective domains. Each
article is saved in text file of (.txt format). For processing, simple python scripts were implemented to read the data
and prepared it for training the proposed model. The dataset was randomly split into two sub-files: training and
testing subsets with a range of 80:20. The training file was split into 90% located for training phase and 10% for
validation step. Table 2 displays the count of training, validation and testing of the SANAD dataset. For preparing
the corpus for processing, several of tradition preprocessing methods were used such as removing white space,
punctuation marks, and URL.

Table 2. Size of train, test, and validation subsets.

Dataset Train file Testfile Validation file
SANAD dataset  140.254 38.959 15.584

3.2 Knowledge graph construction

Knowledge Graph (KG), which is also named as Knowledge Base, is a structured representation that based on
organizing real word entities and their interlinking in a graphlike structure. Typically, it helps model unstructured
information in a significant graph [22]. In the graph, nodes represent entities and edges between them defines the
type of relationship. In addition, each node can share its information with other nodes. It has been an essential
resource for many NLP applications that rely on knowledge such as Question Answering system [23], medical
industry [24], and e-commerce [25]. KG is defined by a triple of (subject, predicate, object). Fig. 1 shows an example
of a KG model illustrating the triple of ("sa3¥1 " " e 58" " juail) (" @bl " () ainy "" jeaill"),

il

Al-Nassr

St o) iy
defeated is_located_in

v v

Sy okl

Al-Ittihad Riyadh

Fig. 1 The illustration entities with KG.

3.3 Feature extraction using AraBERT

Original input texts cannot be fed directly into deep learning models. They must first be transformed into numerical
vectors by using embedding techniques. In this proposed model, AraBERT was selected to generate the contextual
feature embeddings from the input corpus based on linguistic analysis, while the Knowledge graph operates in
parallel to retrieve at the same time the KG work on retrieving entities embedding based on knowledge
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understanding. Basically, AraBERT is based on the significant BERT architecture that uses a transformer for
embedding to capture the meaning of words in contexts. Furthermore, AraBERT is distinguished by its ability to
capture the syntactic and semantic relationship with keeping the nuanced meaning of each word within the related
sentence. In this system, BERT-large-arabertv02 was used [26]. At first, the input strings were tokenized using the
AraBERT tokenizer. After that, the tokenized sequences were processed through the pre-trained AraBERT model.
The output of the last hidden layer of AraBERT model were extracted, and mean pooling was applied across all
token location. This creates an embedding vector of 768 dimension for each input sequence. These encoder vectors
form the foundation for creating the knowledge schema and determining the final word prediction.

3.4 Prediction model with KG

The main aim of the proposed system is to design a hybrid neural model that integrates contextual embeddings
from the AraBERT with a knowledge graph (KG) to predict the next word. Figure 2 illustrates the proposed model.
The input strings were tokenized and processed by using the BERT-large-AraBERT model. At the same time, the
interesting entities of the input strings were identified by matching words against the entity set of the knowledge
graph. The 2-layer Graph attention network (GAT) was used to capture the relationship between these entities.
Then, the precomputed feature vector for each identified entity was retrieved. Node2Vec model was used to
generate 64-dimensional embedding vector on SANAD knowledge graph. These vectors included the encoding
information which is specific for each node such as degree, weighted connectivity, and its domain (e.g., sport,
politics). The entity embeddings for a given input were averaged and projected to a space of 64 dimensions. The
768-dimensional AraBERT vector was combined with 64-dimensional KG vector resulting in 832-dimensional
representations. This combined vector was passed across a fusion layer (fully connected layer with ReLU activation)
for the next word prediction. The output of fusion layer was fed into a final linear layer. This layer was responsible
for producing the probability distribution matrices that define the final next word prediction.

3.5 Experiential setup and training

The model was implemented using PyTorch and Transformers library. As previously mentiond, the pre-trained
BERT-large-AraBERTV2 model from Hugging Face Hub website was used. The hyperparameters were set
empirically to obtain the best results. The model was trained with AdamW optimizer using the following
configuration: a learning rate of 0.00002, and weight_decay of 1e-4. A StepLR scheduler was applied to reduce the
learning rate by a value of 0.8 every two epochs. The Cross Entropy loss function was used. Training was
implemented for 5 epochs using a batch size of 8.

3.6 Evaluation matrix

To evaluate the proposed model, the standard evaluation matrixes that used in Natural language processing (NLP)
which are: accuracy, precession, recall, and F1-score. These matrixes are consisted from several values including
True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN)) which are extracted form
confusion matrix. The result of accuracy is obtained by divided the ration of correctly detected phrase on the overall
number of evaluated ones. The recall value is determined by calculating the percentage of total correct found
phrases. Precision represents the rate of correct samples divided by the total number of correct predicted phrase by
the model. F1-score is founded by calculating the mean of precision and recall values. They are calculated based on
follow formulas.

TP+TN

Accuracy = ————— Y
Precision = 7 @
TP+FP
Recall = 7 )
TP+FN
iSi * I
F1-Score = 2 » P2 20TeC @

precision+recall
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Table 3. Explain the parameter configuration of the proposed model.

Models Parameters Used values
AraBERT The basic mode BERT-large-AraBERTV?2
Hidden size 768
Number of layers 12
Pooling method Mean pooling
KG KG dimension 64
Number of layers 3
Fusion layer Final size of vector 832
Fusion method ReLU function
Training Optimizer AdamW
setting
Learning Rate 2e-5
weight_decay le-4
learning rate scheduler StepLR (gamma=0.8, step size=2 epochs
Batch size 8
Number of epochs 5

4. Results and discussions

4.1 Results

The AraBERT embedding method was used in a model combined with a knowledge graph to predict next word in
Arabic strings. The model was trained for 20 epochs on SANAD dataset of 194.797 articles. Table 4 displays the
enhanced results obtained when combining AraBERT with Knowledge graph model. The proposed model
(AraBERT-KG) achieved an accuracy of 90% and F1-score of 91% while applied the Knowledge graph to predict
next word yielded an accuracy of 82%, and a F1-score of 80%s. Table 5 illustrates sample sentences that used to

evaluate the system.

Table 4. The results of the proposed model.

Model Accuracy F1-score Precision Recall
Knowledge graph (KG) 84 81 80 83
AraBERT-KG 90 91 88.6 93

Table 5. Shows some examples for predicting next word by the proposed model.

Sentences The sentence Aft:lggﬁplace word with Predicted index Predicted word

o (alaill dils ol dlaall " R R .
ST T MASK] ) o il el g 8724 52
Oe s s (s el ) saas ) Dl s e ) s Gla gl ) saas () i

Pt PPN NN [mask] 3056 S
%! vimall Cay gt Baa . . .
et Gl st B o [MASK]dens Casinall iy yu5 58 Ldaa 5428 ik
dtay il 3 Adimia CaES . e - .,
Al oeg [MASK]ista sl (o (53 Ao i8S 6542 el
Qe B{LU'.@ La\; Gl gl ) gell ala dae 33l ) e Lald (3 gl gLl 9843 43

A8 ) 5l als [mask]

A0 3l 5 362 (g0 de siie A sana [Mask]s ¥ (0 e siie e sane 11045 4l il
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Arahic
strings
SANAD set

'

Preprocessing step
Remove Non-Arabic

Words

l

AraBERT Encoder (bert-
large-arabertv02)

Feature Extraction Layer

Knowledge Graph (Entity
Recognition)

v

Contextual Embeddings 1024-

*

dimensional

knowlege Embeddings
Multi-domain Arabic KG

-

Feature Concatenation
Context + Knowledge

v

Fusion Layer

!

Next Word Prediction

Fig. 2 The architecture of the proposed model for predict next word.

4.2 Discussions

The proposed model demonstrated a relative improvement (6%) in an accuracy compared to Knowledge graph-
based model. Furthermore, AraBERT-KG model achieved enhanced results in F1-score which indicates an
improvement in balancing between precision and recall. The integration of AraBERT with Knowledge graph proved
effective in handling contextual semantics in next word prediction system for Arabic texts. The system successfully

l

Evaluatio

dealt with the complexities of the linguistic structure in Arabic language.
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However, the error rate of (10%) could be a result of complex morphological structures in some Arabic words. In
addition, some of Arabic sentences could be ambiguous and offer more than one option in prediction process. To
investigate this error, subset of incorrect model prediction is illustrated in Table 6.

Table 7 shows some existing methods which were used for comparison with the proposed model in order to assess
the performance of the system. However, to make reasonable and strong comparable baseline, these baselines
models were redeveloped and tested them by utilizing my benchmark for Arabic next word prediction. Antoun et al.
used AraGPT-2 for Arabic language generation. They used large collection of online Arabic texts for adaption a
powerful architecture model for Arabic language modeling [27]. By applying their model on SANAD dataset, | was
able to determine its performance on my benchmark and compare with the proposed model. The AraBERT
Language understanding model [26] was redeveloped to predict Arabic next word by SANAD training set. The
author of [5] used AraBERT combined with LSTM for predicting Arabic next word. Their dataset was collected by
converting Arabic audio data into text of size 1,925,826 sentences.

Table 6. Illustrates the failure case of the proposed model.

Detected error Example Possible reasons

il Jeallall caline (e LS L6 20 s The model failed to achieve
agreement between numerical
phrases and pronouns.

complex morphological Error detection:ils2 (county)

Correct word : Js? (countries)

v o 3 Bl Alane (B T KG model fails to detect the most
Error detection:J&sY! (celebration) relevant phrase
Correct word : <Y Laii ((lack of supplies)

e cAiggl) ol ) 616,20 RS ) LoV L
Complex morphological ol Jleef
Error detection:¢ 55 sl (collaborators)
Correct word: ¢sis<i(cooperate)
G gledl ol o écgujj:l::)@ sl 5L The model failed to adapt with
Error detection:Ul () the formal language of the news.

Correct word: ¢~ (we)

Failure in KG model

Failure in detecting the correct
morphological derivation word

Differences in dialects

Table 7. Displays the performance comparison between the proposed AreBERT-KG model against
other existing Arabic next word prediction methods on SANAD dataset.

Model Implementation detail Accuracy
raGPT-2 The model in [27] was adapted for next word prediction by utilizing SANAD 84.5%
corpus.

Original task: Arabic language generation

ARABERT The pre-train model in [26] was fine-tuned using the SANAD dataset for 82.6%
Arabic next word prediction.

Original task: Arabic language understanding

LSTM The standard LSTM model in [5], which was designed for Arabic next word 69.3%
prediction, was adjusted on the SANAD dataset.

The original model achieved 64.9% Accuracy from audio derived dataset.

ARABERT + LSTM The hybrid model in [5] (design for Arabic next word prediction ) was re- 77.8%
implemented on the SANAD dataset.

The original model yielded 74.6% accuracy based on audio derived dataset

Proposed model - 90%
(ARABERT-KG )
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5. Conclusion

This work bridges the gap between statistical understanding of language model and structured cognitive illustrated
for next word prediction in Arabic language. The proposed model combines AraBERT (to generate contextual
features vectors based on linguistic analysis) with a knowledge graph (to provide factual knowledge). The hybrid
model AraBERT-KG was trained on the SANAD dataset which contain 194, 797 articles. The results indicate the
importance of considering statistical representation in addition to cognitive representation in the process of
determining the next word. several of previous model were fine turned on the benchmark model within
experimental structure to create a fair and direct comparison. These models were investigated in different areas of
LLMs models. This is because of lack of previous Arabic research using knowledge graph (KG) for Arabic next word
prediction, addition to the limited number of studies applied to the SANAD dataset. The proposed system obtained
an accuracy of 90% and F1-score of 91% which is much better than enhanced baseline model. This system opens
new opportunities for developing several NLP models which based on knowledge enhanced representation in
Arabic language such as machine translations, text similarity, and question answering applications. Despite the
promising results, error analysis indicates that the system struggles to distinguish ambiguous contexts that may
have more than one correct prediction. These difficulties could likely be overcome by employing richer contextual
inference. In addition, for future, it is aimed to expanding the knowledge graph representing to covered more
domain entities and relationship. It is also possible to adapt the system to investigate more Arabic dialects.
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