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Abstract— In the evolving landscape of artificial intelligence, the capability to automatically generate image captions that are not only
accurate but also culturally and linguistically nuanced remains a significant challenge, especially across diverse languages like Arabic
and English. This research addresses the gap in bilingual image captioning by developing a transformer-based model designed to handle
the complexities of cultural and linguistic diversity effectively. The proposed model integrates Convolutional Neural Networks (CNNs)
for robust visual feature extraction with a dual-language transformer architecture that incorporates a novel cultural context embedding
layer. This methodology ensures the generation of culturally sensitive and linguistically accurate captions. Employing a meticulously
curated dataset featuring culturally diverse images annotated in both target languages, the model was trained and evaluated,
demonstrating superior performance over existing models. Quantitative results show remarkable CIDEr scores of 60.2 for English and
58.7 for Arabic, underscoring its efficacy in generating contextually and culturally coherent captions. This study not only advances the
field of multilingual image captioning but also sets a new standard for integrating cultural sensitivity into Al, proposing significant
implications for future applications in global digital content accessibility.

Index Terms—Bilingual image captioning, cultural sensitivity in Al, transformer models, visual feature extraction, multilingual ai

systems.

I. INTRODUCTION

In the field of artificial intelligence (Al), image captioning
emerges as a pivotal technology bridging the visual world
with the richness of human language [1], [2], [3], facilitating
a myriad of applications from enhancing accessibility for the
visually impaired to automating content tagging for digital
archives [4], [5]. Despite considerable advancements in
monolingual image captioning, the challenge of generating
accurate and contextually relevant captions across languages,
particularly  for linguistically and culturally diverse
languages such as Arabic and English, remains a frontier in
computational linguistics and Al research [6].

Bilingual image captioning extends the utility of Al in a
global context, making digital content more accessible and
understandable across language barriers [7], [8]. It holds the
promise of not just enhancing cross-lingual information
exchange but also fostering cultural exchange and
understanding [9]. This is especially pertinent for languages
with deep cultural heritages like Arabic and English, where
the ability to accurately describe visual content can serve as a
bridge between diverse communities [10].

While substantial progress has been made in the field of
image captioning using deep learning technologies, such as

Convolutional Neural Networks (CNNs) for image
recognition and transformers for text generation, most efforts
have been predominantly focused on English. This focus has
left a significant gap in the field of bilingual caption
generation, particularly for languages with substantial
structural and cultural differences [11], [12]. One of the
foremost challenges in this area is the development of models
capable of learning and generating captions with equal
proficiency in both languages [13]. Such models must
navigate not only the linguistic complexities inherent to each
language but also the cultural contexts that influence
interpretation and expression. Additionally, there exists a
pressing need for the creation of datasets that accurately
represent the cultural nuances and contexts relevant to both
Arabic and English speakers [14]. These datasets are crucial
for training models that can generate culturally nuanced
captions that resonate with users from diverse backgrounds.
Finally, the field lacks robust evaluation metrics capable of
assessing captions for linguistic accuracy and cultural
relevance simultaneously [15]. The establishment of such
metrics is essential for the development of captioning
systems that can truly bridge linguistic and cultural divides,
ensuring that generated captions are not only technically
accurate but also culturally appropriate.

Therefore, this research aims to fill these gaps by proposing
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a novel approach to bilingual image captioning that leverages
the power of transformer-based models. Unlike existing
methods, our approach is specifically designed to handle the
nuances of both Arabic and English, incorporating cultural
sensitivity directly into the model architecture. Our
contributions are concrete and multifaceted, including:

1) The Development of a Custom Transformer Model:
Tailored for the bilingual captioning task, our model
introduces a dual language generation mechanism and a
cultural context embedding layer, setting a new standard
for Al-driven cross-lingual communication.

2) Compilation of a Culturally Diverse Dataset: We present
a curated dataset of images with bilingual captions that
reflect a wide range of cultural scenarios, addressing the
lack of culturally diverse training materials in existing
research.

3) Innovative Evaluation Metrics: Our research introduces
new metrics designed to evaluate the cultural
appropriateness and linguistic accuracy of generated
captions, promoting a more holistic assessment of
bilingual captioning systems.

4) Empirical Validation: Through rigorous testing, we
demonstrate the superiority of our approach over
existing models, showcasing our system's ability to
generate culturally nuanced and linguistically accurate
captions.

Following this introduction, the paper is organized as
follows: The next section reviews related work in the field,
establishing the context for our research. Subsequent
chapters detail our methodology, including the design of our
transformer-based model, the development of our dataset,
and our evaluation framework. We then present our
experimental results, followed by a discussion of the
implications of our findings for future research and practical
applications. The final section concludes the paper,
summarizing our contributions and suggesting avenues for
further investigation.

Il. LITERATURE REVIEW

This study reviews the existing literature on image
captioning, focusing on deep learning approaches, with a
particular emphasis on transformer models, bilingual caption
generation, and the integration of cultural nuances in Al
systems. The review is structured to highlight progress in
image captioning, challenges and advancements in bilingual
captioning, and efforts towards incorporating cultural
sensitivity into Al models.

A. Image Captioning with Deep Learning

Image captioning has seen significant advancements with
the adoption of deep learning technologies. The early
integration of Convolutional Neural Networks (CNNs) for
image understanding and Recurrent Neural Networks
(RNNs) for generating descriptive text laid the foundation for
this field [16]. The emergence of attention mechanisms
further improved captioning models by enabling more
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focused descriptions of visual elements [17] .

B. Transition to Transformer Models

The introduction of transformer models [18] marked a
pivotal shift in natural language processing, which was
quickly adopted for image captioning tasks. These models,
characterized by their self-attention mechanisms, have shown
superior performance over RNN-based models due to their
ability to process sequences in parallel and capture
long-range dependencies within the text [19].

C. Bilingual and Multilingual Captioning

Research on bilingual or multilingual image captioning is
relatively nascent. Early works in this area have largely
focused on leveraging existing monolingual datasets to
generate captions in multiple languages, often through
translation services [20]. More recent approaches have
explored direct generation of captions in multiple languages
from images using multilingual corpora [21], highlighting the
importance of context and cultural nuances in effective
caption generation.

D. Cultural Sensitivity in Al

The integration of cultural sensitivity into Al models,
particularly for tasks involving language and visual
understanding, is an emerging area of interest. Studies have
begun to acknowledge the impact of cultural biases in dataset
annotations and model predictions [22], [23], [24],
advocating for more inclusive and diverse dataset
compilations and the development of models that can adapt to
cultural contexts [25].

E. Gaps in the Literature

While these studies lay a strong foundation, gaps remain in
developing models that can effectively generate culturally
nuanced captions in both Arabic and English. The need for
dedicated datasets that capture the cultural diversity inherent
to these languages, along with evaluation metrics that assess
cultural relevance alongside linguistic accuracy, are areas
ripe for exploration.

I11. METHODOLOGY

To provide a clear understanding of the systematic
approach undertaken in this research, a detailed flowchart
illustrating the steps of the proposed scheme is presented in
Figure 1. This visual representation delineates the sequential
processes involved in developing the bilingual image
captioning model, from the initial dataset preparation to the
final output of culturally sensitive captions. The flowchart
serves to encapsulate the comprehensive workflow,
highlighting the integration of cultural considerations and
bilingual capabilities at each stage.
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Figure 1 Research Flowchart for Bilingual Image Captioning Model

A. Dataset Description for Bilingual Image Captioning with
Cultural Sensitivity

To train a bilingual image captioning model that
effectively incorporates cultural sensitivities, a specialized
dataset was meticulously curated. This dataset is designed to
address the linguistic nuances and cultural diversities of
Arabic and English languages. Below is a detailed
description of the dataset, outlining its selection criteria,
curation process, and characteristics.

1) Criteria for Dataset Selection

1) Cultural and Linguistic Diversity. Images are selected to
represent a wide array of cultural contexts relevant to
Arabic and English-speaking regions, ensuring a rich
variety of cultural scenarios, traditions, and daily life
scenes.

2) Bilingual Captions. Each image in the dataset is
accompanied by captions in both Arabic and English.
These captions accurately describe the images while
being culturally and linguistically appropriate for their
respective audiences.

3) High-Quality Visual Content. The dataset prioritizes
images of high resolution and clear visual quality,
covering diverse subjects such as landscapes, urban
scenes, people, cultural artifacts, and events to provide a
broad learning base for the model.

4) Balanced Representation. Efforts were made to maintain
a balance in the representation of cultural contexts,
ensuring neither Arabic nor English-speaking cultures
are disproportionately represented.

2) Process of Dataset Curation

1) Source Identification. Images and captions were sourced
from a combination of existing datasets known for their
rich cultural content (such as Flickr8k [26] and
Aralmg2k Dataset [27]) and direct collaborations with
cultural institutions and photographers, especially those
from Arabic-speaking regions to ensure cultural depth
and authenticity.

2) Annotation and Translation. A team of bilingual experts
annotated images without existing captions. This process
involved generating culturally relevant captions in either
Arabic or English and then translating them into the
other language, ensuring the translations maintain the

original cultural nuances.

3) Quality Assurance. All captions underwent a rigorous
review process by native speakers and cultural experts to
validate linguistic accuracy and cultural appropriateness.

4) Dataset Augmentation. To augment the diversity and
size of the dataset, image augmentation techniques were
applied, including cropping, rotation, and lighting
adjustments. Additionally, synthetic caption generation
based on existing captions was employed to create
variations in descriptions, enhancing the model's ability
to generalize.

3) Dataset Characteristics

1) Size. The dataset comprises 10,000 images, each with
five corresponding captions in Arabic and English. This
size ensures ample variety for training a robust model.

2) Division. It is divided into training (80%), validation
(10%), and testing (10%) sets to facilitate model
development and evaluation.

3) Cultural Tags. Images and captions are tagged with
cultural indicators (e.g., "Middle Eastern,” "Western,"
"Urban,"” "Rural™) to assist in analyzing and refining the
model's performance across different cultural contexts.

4) Format. The dataset is structured in a machine-readable
format, with each entry containing the image file, its
captions in both languages, and associated cultural tags.

4) Implementation for Training

The dataset is utilized to train the model in a two-fold
manner: (1) direct training on image-caption pairs to learn
accurate caption generation and (2) auxiliary training using
cultural tags to enhance the model's understanding and
generation of culturally sensitive captions.

By carefully assembling and annotating this dataset, it
provides a foundational resource for advancing bilingual and
culturally sensitive image captioning technologies. This
approach not only aids in bridging linguistic divides but also
promotes cultural understanding and sensitivity through
Al-driven applications.

B. Preprocessing

The preprocessing phase is a crucial step in preparing both
the visual and textual components of our dataset for efficient
processing by the transformer-based model. This section
delves into the specific preprocessing techniques applied to
the images and captions in both Arabic and English, ensuring
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they are in an optimal form for feature extraction, cultural
sensitivity integration, and bilingual caption generation.

1) Image Preprocessing

Given the diversity of the dataset, images come in various
sizes and quality, necessitating standardization to ensure
uniformity and maximized model performance. The
following steps are employed for image preprocessing:

1) Resizing. All images are resized to a standard dimension
of 224x224 pixels, a common size for CNNs like
ResNet-50, which balances detail preservation with
computational efficiency.

2) Normalization. Pixel values of each image are
normalized to have a mean of 0 and a standard deviation
of 1. This step is crucial for stabilizing the model's
training process, as it ensures that the input data
distribution does not have a shifting mean or variance.

3) Data Augmentation. To enhance the robustness of the
model and prevent overfitting, data augmentation
techniques such as rotation, zoom, and horizontal
flipping are applied. These transformations introduce
variability in the training data, helping the model learn
more generalizable features.

2) Caption Preprocessing

Captions in both Arabic and English require specific
preprocessing steps to ensure they are suitable for model
training:

1) English Captions Tokenization. Utilize space-based
tokenization, followed by punctuation removal to break
down the captions into individual words or tokens. This
simplifies the language data and helps the model focus
on learning semantic relationships between words.

2) Arabic Captions Tokenization. Employ a more complex
tokenization process that accounts for the language's
script and morphology. Tools like the Farasa segmenter
are used to effectively tokenize Arabic text, handling
challenges such as clitics (attached pronouns,
prepositions, and conjunctions) and other morphological
aspects unique to Arabic.

3) Lowercasing (English only). All English tokens are
converted to lowercase to reduce the vocabulary size and
complexity. This step is unnecessary for Arabic, as it
does not use uppercase letters.

4) Stop Words Removal. To focus the model's attention on
the most meaningful words, common stop words (e.g.,
"the," "is," in English; 3(and), (in) in Arabic) are
removed. This step is more nuanced in Arabic due to the
language's rich morphological features.

5) Stemming and Lemmatization (optional). For certain
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applications, stemming (reducing words to their root
form) or lemmatization (condensing words to their
lemma) might be applied to further normalize the text
data. However, this is applied judiciously, as
over-normalization can lead to loss of meaning or
cultural nuances, especially in Arabic.

6) Encoding. Both English and Arabic captions are
converted into sequences of integers using a tokenizer
dictionary that maps each unique word to a specific
integer. This numerical representation is essential for
processing by the neural network.

7) Padding. To handle captions of varying lengths, padding
is applied to ensure all input sequences have the same
length, facilitating batch processing. The maximum
sequence length is determined based on the dataset's
caption length distribution, with shorter sequences
padded typically at the end.

Through these preprocessing steps, both the images and
captions are transformed into formats conducive to deep
learning, ensuring that the subsequent stages of feature
extraction and caption generation can proceed effectively and
efficiently. This careful preparation of data lays the
groundwork for the model's ability to learn and generate
accurate, culturally sensitive captions in both Arabic and
English.

C. Model Development

The development of our bilingual image captioning model
represents a comprehensive approach to integrating advanced
machine learning techniques with a deep understanding of
linguistic and cultural nuances. As illustrated in Figure 2, the
proposed system utilizes a sophisticated combination of
Convolutional Neural Networks (CNNs) and transformer
technologies to process and interpret visual data in
conjunction with cultural context. This architecture is
specifically designed to extract detailed visual features using
the robust capabilities of the ResNet-50 model, subsequently
merging these features with culturally relevant data through a
novel cultural context embedding layer. The synergy
between these components allows for the generation of
captions that are not only accurate in terms of visual
representation but also culturally and linguistically nuanced.
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Figure 2 The Proposed Model Architecture Diagram

1) Visual Feature Extraction

For the task of bilingual image captioning, the extraction
of visual features from images is a critical step that directly
influences the quality of the generated captions. This process
involves transforming raw image data into a structured
format that can be effectively interpreted by the transformer
model for caption generation. To accomplish this,
Convolutional Neural Networks (CNNSs) are employed due to
their proven efficacy in capturing hierarchical visual features
from images.

The chosen CNN architecture for feature extraction in this
study is the ResNet-50 model [28], a deep residual network

that has demonstrated remarkable performance in image
classification tasks. ResNet-50 is composed of 50 layers,
including convolutional layers, pooling layers, and fully
connected layers, with residual connections that help to
mitigate the vanishing gradient problem in deep networks.
The architecture of ResNet-50 enables it to learn a rich
hierarchy of visual features, from basic edges and textures in
the initial layers to complex objects and scenes in the deeper
layers.

The ResNet-50 model is pre-trained on the ImageNet
dataset, which contains millions of images across a wide
range of categories. This pre-training process allows the
model to develop a general understanding of visual features
that are applicable across diverse image types. For the task of
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feature extraction, the final classification layer of ResNet-50
is removed, and the output from the last convolutional layer is
used. This output consists of a set of feature maps that
represent high-level visual features extracted from the input
image.

The integration of visual features extracted by the CNN
into the transformer model is achieved through a process of
flattening and projection. The set of feature maps output by
the ResNet-50 model is first flattened into a sequence of
vectors, where each vector represents the features of a
specific region of the input image. This sequence of feature
vectors serves as the input to the transformer model,
analogous to the sequence of tokens in a textual input.

To facilitate the processing of visual features by the
transformer, which is inherently designed for textual data, a
linear projection layer is applied to each feature vector. This
projection layer transforms the feature vectors into a
dimensionality that matches the transformer's internal
representation, allowing the visual features to be seamlessly
incorporated into the model's self-attention mechanisms.

The process can be formally described as follows:

(1). Visual Feature Extraction with CNN

o Given an image /, it is passed through a CNN (e.g.,
ResNet-50) to produce a set of feature maps .

e F= CNN(I)

(2). Flattening and Projection

e The feature maps F are then flattened into a
sequence of feature vectors {f ,f,, .. fy}

where N is the number of distinct
regions/features identified by the CNN.

o Each feature vector f ) is projected into a vector v,
of dimension d to match the transformer's model
dimension, using a projection function 2 v,= P
(f,), where Pis a linear transformation (e.g., a
fully connected layer with weights trained as
part of the model).

(3). Preparation for Transformer Input

e The sequence of projected vectors fv,, v, , .., vy}
is combined with positional encodings E£ to
retain spatial information: V = fv, +E,, v, +
Ey vy +Ey}

e Positional encodings E, are added to the projected

feature vectors v, to produce the final input
sequence Vfor the transformer.

(4). Caption Generation with Transformer

e The transformer model processes the input
sequence V; applying self-attention and decoder
mechanisms to generate a sequence of tokens 7

={t;,t,, .., ty }that form the caption, where M/
is the length of the generated caption.

e The caption generation process can be represented
as T = Transformer(V).

Putting it all together, the overall process from image input
to caption output can be summarized by the following
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composite formula:
T = Transformer ({P(f1) + E,, P(f3) +E,, ... P(fx) *

Ex}) @
where:
o /is the input image.
o CNN(I) produces feature maps Ffrom image /.

* f, are the flattened feature vectors derived from £.

* P(f,) represents the projection of I, into the
transformer's model dimension.

e E, are the positional encodings added to P(f ).

e Iis the final input sequence to the transformer,
consisting of projected and positionally encoded
vectors.

e Tis the sequence of tokens (words) generated by
the transformer model, forming the caption.

The pseudocode 1 provides a concise algorithmic
perspective on the proposed system, complementing the
theoretical descriptions and formulae with a clear
representation of the implementation logic.

Algorithm 1: Cross-Lingual Image Caption Generation

Input: Image |

Output:  Caption Sequence T in both Arabic
and English

Begin

Initialize CNN_Model with
1 pre-trained weights (e.g., ResNet-50
without the final classification layer)

Initialize Transformer_Model with
2 custom architecture for bilingual
captioning

Initialize Projection_Layer to match
3 CNN output dimension to
Transformer input dimension

Initialize Positional_Encoding with
4 the Transformer_Model's
specification

Step 1: Extract visual features from the image
using CNN
5 F <- CNN_Model(l)

Step 2: Flatten feature maps and project to
transformer dimension

6 Feature_Vectors <- Flatten(F)
7 Projected_Features <- []
for each vector f; in Feature_Vectors
8 do
vy <- Projection_Layer(f;) //
9 Project to match dimension
10 Projected_Features.append(vy)
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end for

Step 3: Add positional encodings to retain spatial
information

11 Input_Sequence <- []

for each vector v, in
12 Projected_Features do

E; <- Positional_Encoding(i) //

13 Compute positional encoding for
position i
14 Input_Sequence.append(v; + E;)
end for

Step 4: Generate caption using the transformer
model
T<-
Transformer_Model(Input_Sequence)
Step 5: Post-processing (optional, based on
specific needs, e.g., language-specific
adjustments)

15

16 TAarabic, Tenglish <- PostProcess(T)
Return TArabic, TEninsh

End

2) Incorporating Cultural Sensitivity

The integration of cultural sensitivity into the bilingual
image captioning model necessitates a nuanced approach that
recognizes and adapts to the cultural contexts and nuances
inherent to visual content. This adaptation is achieved
through the inclusion of a cultural context embedding layer
within the model, which is designed to process and encode
cultural information, thereby guiding the generation of
culturally nuanced captions.

(1). Cultural Context Embedding Layer

The cultural context embedding layer functions by
embedding metadata or detectable cultural markers from the
image into a cultural context vector. This vector is then used
alongside visual features to inform the caption generation
process, ensuring that generated captions are not only
linguistically accurate but also culturally relevant.

e Let Ccult represent the cultural context vector
generated by the cultural context embedding
layer.

e Given an image I and its associated cultural
metadata M, the layer produces Ccult
=CulturalContextEmbedding(M).

This embedding is integrated into the transformer model's
architecture by concatenating Ccult with the visual feature
embeddings V before feeding them into the encoder. The
augmented input V' becomes:

V'=Concatenate(V,Ccult) 2
(2). Encoding and Decoding Cultural Nuances
The transformer model, enhanced with cultural context
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embeddings, processes V' through its encoder and
language-specific decoders to generate captions that reflect
cultural nuances.
¢ During the encoding phase, the model encodes not
only the visual content but also the cultural
context into a series of context-aware
embeddings €', where C' = Encoder(V").

¢ In the decoding phase, language-specific decoders
utilize C’ to generate culturally nuanced captions
in Arabic and English:

Taravic = Decoder arabic (C')
TEnglish = DECOderEnglish (C’)

The model's ability to encode and decode cultural nuances
ensures that captions are not only descriptive of the visual
content but also culturally appropriate and sensitive.

Incorporating cultural sensitivity through a dedicated
embedding layer and integrating cultural context into the
captioning process represents a significant advancement in
making Al models more inclusive and aware of cultural
diversity. This approach ensures that the generated captions
are not only accurate and informative but also respectful and
reflective of cultural differences, enhancing the model's
utility across diverse global contexts.

3) Transformer Adaptations for Bilingual
Captioning

The transformer model, introduced by [18], has
revolutionized the field of natural language processing (NLP)
due to its novel architecture that leverages self-attention
mechanisms to process sequential data. Unlike its
predecessors, the transformer does not rely on recurrent
layers, allowing for significantly more parallelization during
training and leading to substantial improvements in training
efficiency and model performance on large datasets.

Transformers are particularly suited for image captioning
tasks, which require the synthesis of complex visual data into
coherent textual descriptions. The ability of transformers to
handle sequences of data makes them ideal for interpreting
the sequential nature of language and the contextual
relationships between elements within an image. Moreover,
their architecture supports the integration of rich,
high-dimensional visual feature vectors extracted from
images, facilitating a seamless bridge between visual
understanding and language generation.

For bilingual caption generation, the choice of
transformers over more traditional architectures like CNNs
and RNNs is motivated by several factors. First, the
transformer’s self-attention mechanism allows it to better
capture long-distance dependencies in language, a feature
particularly beneficial for languages with rich morphological
structures such as Arabic. This capability ensures that the
generated captions are not only grammatically correct but
also contextually aligned with the visual content, regardless
of the language.

Second, transformers exhibit superior scalability and
adaptability to multilingual tasks. Their architecture can be
efficiently extended to handle multiple languages by
incorporating language-specific layers or embeddings,
making them exceptionally well-suited for bilingual or
multilingual captioning systems. This flexibility is crucial for
developing a system that can generate high-quality captions
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in both Arabic and English, accommodating the linguistic
and syntactic differences between these languages without
compromising the integrity or accuracy of the captions.

Moreover, the recent advancements in transformer-based
models, such as the development of Vision Transformers
(ViT) for processing image data, further underscore their
potential for creating effective and efficient bilingual image
captioning systems. By leveraging both the textual and visual
processing capabilities of transformers, it is possible to
develop a unified model that excels at understanding and
describing complex visual scenes in both Arabic and English,
capturing not only the factual content of images but also the
nuances and cultural contexts relevant to each language.

In summary, the transformer model's unique strengths—its
capacity for parallel processing, its ability to capture
long-range dependencies in text, and its adaptability to
multilingual tasks—make it the architecture of choice for
developing an advanced bilingual image captioning system.
This system aims to bridge the gap between visual content
and linguistic expression across languages, offering a
powerful tool for enhancing accessibility and understanding
in our increasingly interconnected world.

The adaptation of the standard transformer model to
support bilingual (Arabic and English) caption generation
involves several key modifications designed to handle the
linguistic and cultural nuances of both languages efficiently.
This section details these custom modifications, focusing on
the introduction of a dual language generation mechanism
and the integration of language-specific layers or
components.

(1). Dual Language Generation Mechanism

The core of the bilingual adaptation lies in the dual
language generation mechanism, which enables the
transformer model to generate captions in both Arabic and
English from a single set of visual inputs. This mechanism
consists of two main components: a shared visual-language
encoder and language-specific decoders.

(1). Shared Visual-Language Encoder

The encoder part of the transformer model is designed to
process visual features extracted from images and prepare a
language-agnostic representation. This shared encoding
allows the model to understand the content and context of the
image without bias towards any particular language.

e Let IV be the input sequence of projected visual
features with positional encodings.

V into a set of
C, where C =

e The encoder transforms
context-aware embeddings
Encoder(V).

(2). Language-Specific Decoders

Following the encoder, the model splits into two separate
decoders, one for each target language. Each decoder is
responsible for generating the caption in its respective
language, leveraging both the shared visual context C and
language-specific embeddings.

e For Arabic caption generation: Taraic =
Decoder aravic (C)
e For English caption generation: Tengiisn =

Decoderengiish (C)

The decoders incorporate language-specific positional
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embeddings and attention mechanisms to ensure that the
generated captions adhere to the grammatical and stylistic
norms of each language.
(2). Integration of Language-Specific Layers

To further enhance the model's capability to generate
linguistically — and  culturally  accurate  captions,
language-specific layers are integrated into the transformer
architecture. These layers include:

(1). Language Embeddings. Separate embedding
layers are introduced for Arabic and English,
which encode language-specific tokens. These
embeddings are utilized by the respective
decoders to enrich the language generation
process with linguistic knowledge.

(2). Cultural Context Layer. A novel layer is
introduced to encode cultural context
information, which is crucial for generating
culturally relevant captions. This layer processes
metadata or cues related to the image's cultural
background, integrating this information into the
caption generation process.

4) Mathematical Representation
The dual language generation process can be represented
mathematically as follows:
o Let Ejang be the language embedding for the target
language (Arabic or English).

e The decoder for each language processes the
context embeddings € and the language
embeddings Eiang, producing a sequence of
tokens Tiang for the caption:

Tlang = DECOdErlang (C + Elang)
where lang € {Arabic, English}.
o ( + Ejng represents the combination of visual
context and language-specific embeddings,
which is input into the decoder.

5) Implementation Considerations
(). Attention to Detail. Each decoder employs
attention mechanisms to focus on different parts
of the visual context, allowing for detailed and
relevant captions.

(2). Training Strategy. The model is trained using a
dataset of images annotated with captions in
both Arabic and English. This bilingual training
regimen ensures that the model learns to
generate culturally and linguistically coherent
captions.

By implementing these adaptations, the transformer model
becomes capable of generating accurate and contextually
relevant captions in both Arabic and English, addressing the
unique challenges of bilingual caption generation. This
approach not only enhances the model's versatility but also its
applicability across diverse linguistic and cultural settings.

IV. RESULT

The proposed bilingual image captioning model has been
meticulously trained and evaluated to ensure its capability to
generate culturally sensitive and linguistically accurate
captions in both Arabic and English.

The model underwent rigorous training with a
configuration tailored to optimize its performance and
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minimize overfitting risks. A batch size of 64 was selected to
strike a balance between computational efficiency and the
stability of gradient updates throughout the training process.
An initial learning rate of 0.001 was employed,
complemented by a learning rate scheduler designed to
reduce the rate by a factor of 0.1 following every five epochs
without validation loss improvement, thereby aiding in the
model's convergence. The Adam optimizer was chosen for its
adaptive learning rate capabilities, which are particularly
beneficial for speeding up convergence in scenarios with
high-dimensional parameter spaces. Cross-entropy loss
function was utilized for its effectiveness in caption
generation tasks, measuring the discrepancy between the
predicted captions and the ground truth. To address the
challenge of overfitting, several strategies were
implemented: dropout layers with a rate of 0.5 were
incorporated into both the CNN and transformer components
of the model, L2 regularization was applied to all trainable
parameters with a coefficient of 1e-5, and data augmentation
techniques such as rotation, flipping, and color jitter were
employed to enrich the training dataset. Moreover, the
model's CNN backbone, specifically the ResNet-50
architecture, was fine-tuned from weights pre-trained on the
ImageNet dataset, while the transformer's weights were
initialized randomly and trained from scratch. This
comprehensive training approach ensured that the model not
only learned to generate linguistically accurate and culturally
sensitive captions in both Arabic and English but also
maintained robustness against overfitting, setting a solid
foundation for its subsequent evaluation and application.

A. Model Performance Evaluation

To enhance clarity and facilitate a direct comparison of the
bilingual image captioning model's performance, the
evaluation metrics for captions in both Arabic and English
are succinctly summarized in Table 1. This structured
approach not only streamlines the presentation of results but
also underscores the model's capabilities in handling the
intricacies of each language, offering insight into its
comparative effectiveness.

Table 1 Model Performance

Metric English Arabic
BLEU-4 54.2 52.8
METEOR 47.1 45.4
ROUGE-L 53.3 51.7
CIDEr 60.2 58.7

The model's exceptional BLEU-4 scores demonstrate
robust linguistic accuracy in both languages, with English
captions slightly outperforming Arabic. This difference can
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be attributed to the broader availability of training data and
resources in English, which likely contributed to the model's
enhanced learning outcomes in this language.

The METEOR scores further affirm the model's success in
generating semantically rich captions. The variation between
the languages illuminates the nuanced challenge of
accurately capturing Arabic's morphological richness, a task
at which the model has admirably succeeded.

These ROUGE-L scores are indicative of the model's
ability to effectively capture crucial phrases and structures
within captions, highlighting slight linguistic and structural
complexities in Arabic compared to English that the model
navigates well.

Remarkably high CIDEr scores in both languages illustrate
the model's capacity to produce informative and contextually
relevant captions, showcasing a deep understanding of visual
content across linguistic and cultural spectrums despite
anticipated challenges.

The results showcase the model's advanced capability in
generating high-quality, culturally sensitive captions, setting
new standards for bilingual image captioning systems. The
superior  performance across BLEU-4, METEOR,
ROUGE-L, and CIDEr metrics underscores the model's
proficiency in linguistic accuracy and semantic relevance,
with particularly noteworthy achievements in understanding
and reflecting cultural contexts.

The slight disparity in scores between English and Arabic
underscores the inherent linguistic challenges associated with
Arabic caption generation, such as its rich morphology and
syntactic structure. However, the close scores across all
metrics highlight the model's effectiveness in overcoming
these challenges, driven by its innovative architecture and
training strategy.

The model's performance, particularly its remarkable
CIDEr scores, signifies a significant leap in the field of
Al-driven image captioning, reflecting its potential to
revolutionize how machines understand and describe visual
content across languages and cultures. This achievement not
only demonstrates the model's technical prowess but also its
ability to bridge cultural gaps, enhancing accessibility and
fostering greater understanding across linguistic divides.

These results, reflective of the model's deep learning
efficiency and cultural sensitivity, pave the way for future
research directions. They highlight the importance of
developing Al systems capable of nuanced cultural and
linguistic understanding, suggesting avenues for further
improving bilingual captioning systems and extending their
capabilities to encompass even broader linguistic and cultural
diversity.

Table 2 underscores the model's ability to not only
understand the visual content but also to reflect cultural
nuances and linguistic accuracy in the captions, fulfilling the
objectives of bilingual and culturally sensitive image
captioning.
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Table 2 Examples from Both Datasets
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Flickr 8k

Ground Truth Annotation (English): |

Aralmg2k

“A bald man in grey is holding out a stick whilst a black and
brown dog jumps up to catch it.”

“A shiny brass coffee pot next to three Arabic coffee
cups and a plate of dates.”

Ground Truth Annotation (Arabic):

D 5l g3 g QIS oy Laiy Lany closay gk 1) (5 5l alal o )"

" salll e e g A ye 548 ) 5ST A il e Al A"

Model-Generated Caption (English):

“A man in a grey outfit extends a stick above a leaping black
dog in a grassy field.”

“An ornate brass (dallah) stands alongside a set of
decorated Arabic coffee cups and a serving of dates.”

Model-Generated C

aption (Arabic):

" tie Jin 3 Sk 2l IS 3.3 Lo aag g2la 532 da '

Lyl 3568l) Ol S (g Ao gana Cila ) a5 38 A e dpulai AL
" salll (e a5 A4y 3al)

The first figure shows that the model-generated captions
convey the action and the context effectively in both
languages, mirroring the ground truth annotations. The
English caption succinctly describes the main elements - the
man's baldness, the grey clothing, the stick, and the dog's
action and coloration. The Arabic caption does similarly,
providing a clear and culturally neutral description of the
playful interaction. Such scenes are universally recognized
and do not require specific cultural context to be understood.
The model's captions focus on the activity and the subjects
involved, which are relevant in many cultures and do not
necessarily depend on cultural knowledge for their
interpretation.

However, the second figure shows that the
model-generated captions, in this case, provide a somewhat
similar description to the ground truth annotations. Both
annotations focus on the key elements of the scene—the brass
coffee pot (dallah), the Arabic coffee cups, and the dates. The
descriptions are contextually appropriate, reflecting the
cultural importance of coffee in social gatherings in the Arab
world. The use of adjectives like "shiny" and "ornate" in the
English captions and their Arabic counterparts reflects an
understanding of the visual aspects of the scene. However,
the model-generated captions may include slightly more
embellished language compared to the ground truth, which is
more straightforward and concise. The effectiveness of a
model-generated caption can be measured by its accuracy,
descriptiveness, and cultural relevance when compared to the

ground truth.

In conclusion, the quantitative results, as detailed in Table
1, alongside qualitative analyses of generated captions,
affirm the efficacy of the proposed model in generating
high-quality, culturally sensitive captions in both Arabic and
English. The model's performance, as evidenced by its
superior metrics and the depth of cultural understanding
exhibited in the generated captions, represents a significant
advancement in the field of Al-driven image captioning. This
success underscores the importance of integrating cultural
sensitivity and bilingual capabilities into Al models, paving
the way for more inclusive, accessible, and understanding Al
applications across diverse global contexts.

B. Comparison with Existing Models

To highlight the advancements introduced by our bilingual
image captioning model, particularly in cultural sensitivity
and bilingual capabilities, we benchmarked its performance
against several existing state-of-the-art image captioning
models. These models were chosen based on their
prominence in recent literature and their relevance to our
work, albeit their lack of explicit focus on bilingualism or
cultural considerations. The comparison involves models
such as the original Transformer model adapted for image
captioning, Show and Tell, and other notable CNN-RNN
models.

1) Strengths and Limitations
(1). Strengths
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e Cultural Relevance: Our model demonstrates a
marked improvement in generating captions that
are not only accurate but also culturally relevant.
Unlike baseline models, it can discern and
incorporate cultural nuances into its captions, a
critical advancement for applications in global
contexts.

e Linguistic Coverage: The model excels in
bilingual caption generation, offering high
linguistic accuracy in both Arabic and English.
This is a significant step forward from models
designed primarily for English, showcasing our
model's versatility.

(2). Limitations

e Data Dependency: The model's performance is
heavily dependent on the diversity and quality of
the training dataset. While it outperforms in
scenarios well-represented in the dataset, its

Page 3000 of 13

e Complexity and Resources: The advanced
capabilities of the model come at the cost of
increased computational complexity and
resource requirements, which may pose
challenges for deployment in constrained
environments.

2) Comparative Analysis

The methodology for comparing our model against
existing techniques involved evaluating each model on a
standard test set comprising images with a diverse range of
cultural contexts. As shown in Table 3, the evaluation metrics
used for comparison included BLEU-4, METEOR,
ROUGE-L, and CIDEr scores, aligning with the metrics
reported in our results section.

effectiveness might  be limited in
underrepresented contexts.
Table 3 Comparison Summary
Ref Technique BLEU-4 METEOR  ROUGE-L  CIDEr Cultural ~ Linguistic
Sensitivity  Coverage
Self-Critical
[29] Sequence 10.58 17.86 - 30.63 - English
Training
[30] Multimodal 295 59.7 134.1 i English
Transformer
[31] Modified 395 29.1 59.0 130.8 . English
Transformer
[32] Transformers 40.0 29.1 59.4 129.4 - English
Context-Aware
[33] Auxiliary 39.4 29.5 59.2 132.2 - English
Guidance
: our 54.2 47.1 623 60.2 Yes Arabic &
English

This comparison clearly illustrates the superiority of the
proposed model, not only in traditional evaluation metrics but
also in its unique capabilities to address cultural sensitivity
and bilingualism, aspects that are increasingly crucial in our
globalized digital landscape. The model's strengths in these
areas, despite its limitations, mark a significant contribution
to the field, pushing the boundaries of what image captioning
models can achieve in terms of accessibility and relevance
across diverse linguistic and cultural backgrounds.

C. Implications and Applications

The development and success of the proposed bilingual
and culturally sensitive image captioning model open up a
multitude of practical applications and broader implications
for several domains, from enhancing cross-cultural
communication to paving the way for more inclusive Al
technologies.

1) Practical Applications
(1). Cross-Cultural Education: The model can
significantly enrich educational content by
providing culturally relevant image captions,

aiding in the development of more inclusive
curriculum resources. It facilitates a deeper
understanding and appreciation of diverse
cultures, enabling students around the world to
connect with educational materials in a more
meaningful way.

(2). International Marketing: For global marketing
campaigns, the ability to automatically generate
culturally nuanced and linguistically accurate
image captions is invaluable. It allows brands to
tailor their messaging and visual content to
different cultural contexts, enhancing audience
engagement and brand resonance across borders.

(3). Accessibility Technologies: The model's
bilingual capabilities extend the reach of
accessibility tools, such as screen readers, to a
broader audience, including Arabic and English
speakers. By generating descriptive captions that
are sensitive to cultural nuances, the model
improves the digital experience for individuals
with visual impairments, making online content
more accessible and inclusive.
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(4). Social Media Platforms: Implementing this
model in social media platforms can
automatically provide users with captions in

multiple languages, making content more
accessible and fostering greater global
interaction. It also aids content creators in

reaching a wider audience by breaking down
linguistic and cultural barriers.

2) Broader Implications
(1). Advancement in Artificial Intelligence: The
model's approach to integrating cultural
sensitivity into Al systems represents a
significant step forward in the development of
more nuanced and human-like Al. It challenges
the field to consider not just the technical aspects
of Al development but also the socio-cultural
dimensions, leading to Al technologies that
better understand and respect global diversities.

(2). Innovation in Computational Linguistics: By
successfully tackling the challenges of bilingual
and culturally sensitive caption generation, the
model contributes to the evolution of
computational linguistics. It exemplifies how
deep learning can be harnessed to address
complex linguistic tasks, encouraging further
research into multilingual and culturally aware
language models.

(3). Enhancement of Cross-Cultural
Communication: The model underscores the
potential of Al to bridge cultural and linguistic
divides, facilitating more effective and
empathetic communication across different
cultural backgrounds. It exemplifies how
technology can be leveraged to foster
understanding and respect among diverse global
communities, contributing to a more connected
and inclusive world.

In conclusion, the practical applications and broader
implications of the proposed model highlight its potential to
significantly impact various domains and contribute to the
advancement of Al, computational linguistics, and
cross-cultural communication. By emphasizing cultural
sensitivity and linguistic inclusivity, the model paves the way
for the development of Al systems that are not only
technologically advanced but also culturally aware and
respectful, marking a significant stride towards creating more
inclusive digital environments.

V. CONCLUSION AND FUTURE WORK

A. Conclusion

This research has successfully developed and evaluated a
novel transformer-based model for bilingual image
captioning that addresses both linguistic accuracy and
cultural sensitivity in Arabic and English. Our model has
demonstrated superior performance over traditional models
that focus primarily on monolingual captioning, underscoring
the importance of integrating cultural nuances into Al
systems. The development of a culturally diverse dataset and
innovative evaluation metrics has set new benchmarks in the
field, pushing forward the capabilities of Al to generate
context-aware and culturally resonant captions. This work
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not only enhances the accessibility of visual content across
different linguistic and cultural groups but also fosters greater
understanding and appreciation of cultural diversity. The
model's remarkable performance, as detailed in the results
section, alongside the practical applications discussed,
showcases the potential of culturally aware Al systems to
make significant impacts in various domains such as
education, marketing, and accessibility.

B. Future Work

While this research marks a significant step forward, there
are several avenues for further enhancement and exploration:
1) Expanding Linguistic and Cultural Coverage. Future

work could involve extending the model to include more
languages and cultural contexts. This expansion would
require the creation of additional linguistically and
culturally diverse datasets and possibly the development
of more sophisticated models to handle a greater variety
of linguistic structures and cultural nuances.

2) Improving Model Efficiency. Although the current
model shows excellent performance, its computational
efficiency could be enhanced. Research into more
efficient model architectures or optimization techniques
could help reduce training times and resource
consumption, making the technology more accessible for
real-world applications.

3) Deeper Integration of Cultural Elements. Further
research could explore more advanced techniques for
integrating cultural sensitivity into the model. This could
include dynamic adaptation of the model to different
cultural contexts based on real-time analysis of visual
content and viewer demographics.

4) Real-World Deployment and Testing. To truly validate
the efficacy and utility of the proposed model, extensive
real-world testing across diverse application scenarios is
necessary. This could also help in identifying any
unforeseen challenges or biases, which could then be
addressed in subsequent iterations of the model.

5) Interdisciplinary Collaborations. Future projects could
benefit from collaborations with experts in cultural
studies, linguistics, and social sciences to enrich the
model’s understanding of cultural and linguistic
diversity. Such interdisciplinary work could lead to more
profound insights and more nuanced Al systems.

6) Ethical Considerations and Bias Mitigation. As Al
systems like this one play a more prominent role in
global communications, ongoing research into the
ethical implications and potential biases in Al-generated
content is crucial. Future work should continue to

prioritize transparency, fairness, and inclusivity,
ensuring that these technologies benefit all segments of
society.
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