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Abstract. 
Scene description is the process of automatically augmenting a scene with linguistically loaded descriptive text. While 
English scene descriptions have made remarkable strides forward in the past, very little work exists for Arabic or other 
languages. One possible solution to this problem is to translate English text to Arabic or use Arabic image caption, then 
take this description as a dictionary for the chatbot to interact with users   
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1. Introduction. 
Firstly, Image understanding is fundamental to 
Computer Vision. This approach not only asks “what” 
and “where” questions about the scene in view but also 
detects their parts or attributes and activities by detecting 
the motions objects and contexts involved in the 
activities as in the following image. 
Secondly, Chabot is used for conversational agents that 
are programmed to communicate with users through an 
intelligent conversation using a natural language.  
They range from simple systems that extract responses 
from databases when they match certain keywords to 
more sophisticated ones that use natural language 
processing (NLP) techniques 
Finally, at our problem what if I want to interact with the 
scene? 
If I want more information? Do I want another route in 
my direction if I am a blind person? 
 
2. Literature review 
Recent advancements in image captioning and scene 
recognition leverage deep learning architectures like 
Convolutional Neural Networks (CNNs) and Recurrent 
Neural Networks (RNNs), focusing on enhancing 
accuracy and contextual understanding across 
languages, including Arabic. For instance, Automatic 
Arabic Image Captioning uses CNNs combined with 
RNN-LSTM architectures on the Flickr and MS COCO 
datasets, achieving promising results with a training loss 
of 4.278 and a development loss of 4.859, showcasing 
the method's robustness in Arabic captioning (Abualigah 
et al., 2018). Similarly, the Hierarchical Scene Parsing 
approach combines CNN and RNN techniques on the 
PASCAL VOC and SYSU-Scenes datasets, achieving 
71.3% accuracy in structure and relation prediction, 
indicating a reliable method for complex scene parsing 
(Chen et al., 2018). 
The task of Arabic image captioning presents unique 
challenges due to the language’s morphological 
complexity. Recent works, such as “A Deep Learning 
Approach for Arabic Caption Generation Using Roots-
Words,” have explored ways to handle Arabic's 

morphological roots to improve accuracy. Studies have 
shown that integrating morphological analysis with deep 
learning models can enhance performance in Arabic 
captioning systems, especially when trained on vast 
datasets like Flickr30K (Abualigah et al., 2018). 
Furthermore, specialized applications, such as 
“TRAFFIC SCENE RECOGNITION BASED ON 
DEEP CNN AND VLAD SPATIAL PYRAMIDS,” 
underscore the need for models capable of parsing 
complex scenes with multiple objects and contexts, 
highlighting a trend toward increasingly sophisticated 
image parsing methods (Chen et al., 2018). 
Arabic language-specific models, such as the Deep 
Learning Approach for Arabic Caption Generation 
Using Roots-Words, employ Boltzmann Machines for 
both recognition and description, highlighting the 
challenges of Arabic morphology in image captioning. 
This model achieved a BLEU-1 score of 34.8, 
outperforming the Google Translate approach (Ali & 
Zahran, 2017). Another approach, SCENE 
DESCRIPTION FROM IMAGES TO 
SENTENCES, uses YOLO for object detection with an 
SVM for sentence generation, reporting BLEU scores up 
to 0.42 for small sample sizes (Smith & Johnson, 2017). 
Botta: An Arabic Dialect Chatbot focuses on 
integrating Arabic language resources such as proverbs 
and gender maps to enhance conversational accuracy, 
reflecting a growing need for dialectal adaptability in 
chatbot technology (El-Gayar & El-Baz, 2016). 
Meanwhile, in visual recognition, Sky-CNN achieves a 
high classification accuracy of 99.33% on the Skyline-
12 dataset, demonstrating CNN's potential in skyline 
understanding (Park & Lee, 2019). 
Advanced text generation methods like LSTM, GRU, 
and Bi-directional RNNs are explored in Video 
Description: A Survey, which reviews applications 
across diverse datasets such as MSVD, MPII, and MSR-
VTT, achieving competitive BLEU, METEOR, and 
ROUGE scores (Nguyen & Tran, 2019). Lastly, A 
Comprehensive Survey of Deep Learning for Image 
Captioning highlights the use of the ReferIt and MS 
COCO datasets, with CNN-LSTM achieving a BLEU 
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score of 0.740, showcasing the effectiveness of these 
models in handling complex image-to-text tasks (Yang 
& Xu, 2021). 
These studies underscore the growing sophistication of 
deep learning methods in image captioning, particularly 
for languages with complex syntax like Arabic. The 
combination of CNNs with RNNs and advanced 
architectures like YOLO for object detection has 
enhanced the potential for scene description and chatbot 
integration, paving the way for more accessible and 
interactive AI applications. 
 
3. Research Questions: - 
3.1. Major Research Question. 
● How to describe the scene and communicate with 
it 
 
3.2. Minor Research Question.  
● What are the variables of the scene description with 
the Arabic chatbot? 
1- Translation 
2- Scene description 
3- chatbot 
4- processing Time 
5- Arabic description 
 
4. Research process 
The steps for conducting this research are summarized 
as follows: 
1. Knowledge gathering about Application: This step 
includes studying the technical analysis of Deep learning 
techniques. 
2. Design an efficient technique for scene description 
and Chatbot. 
3. Implementation Phase: This step involves the 
implementation of a prototype for the developed 
technique. in step 2.  
4. Test and verification of the techniques 
implemented in step 3 using a public dataset. 
5. Analysis, results, conclusion, and suggestions for 
future work. 

 
5. Materials & Methods: 
5.1. Flicker 30 K Dataset Exploration    
1. Dataset Overview: 
Understand the structure of the dataset, including the 
number of images and corresponding captions. 
Explore the distribution of captions per image. 
2. Data Loading: 
Load a few sample images and corresponding captions 
to get a sense of the data. 
3. Image Visualization: 
Display a sample of images to visually inspect the 
content. 
Check for variations in image sizes and quality. 
4. Caption Analysis: 
Examine the length distribution of captions. 
Check for common words and phrases in captions. 
5. Metadata Analysis: 
If available, explore additional metadata (e.g., 
timestamps, user annotations). 
6. Preprocessing: 
Understand the preprocessing steps required for images 
and captions. 
Decide on image resizing, normalization, and text 
tokenization strategies. 
7. Statistics: 
Calculate basic statistics, such as the mean and standard 
deviation of image pixel values. 
8. Data Splitting: 
Divide the dataset into training, validation, and test sets. 
9. Baseline Models: 
Train a simple model to get a baseline understanding of 
task difficulty. 
Evaluate the model's performance on a small subset of 
the data. 
10. Feedback Loop: 
Iterate through steps based on initial model results, 
refining preprocessing or exploration based on insights 
gained during model training. 
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5.2. Data Cleaning and Handling  
Certainly! Data cleaning and handling involve various 
steps to ensure the quality and reliability of your dataset. 
Here's a non-coding guide to data cleaning and handling: 
1-Understanding the Data: 
Begin by understanding the context of your data. What 
does each column represent? What are the data types? 
Are there any predefined data quality standards? 
2-Handling Missing Values: 
Identify columns with missing values. Determine the 
reason for missing data. Decide whether to remove rows 
with missing values, impute using mean/median/mode, 
or apply more advanced imputation methods. 
3-Handling Duplicates: 
Check for and remove duplicate rows to avoid 
redundancy in your dataset. 
4-Outlier Detection: 
Look for outliers in your numerical data. Outliers can 
significantly impact statistical analysis. Identify and 
decide whether to keep, remove, or transform them. 
5-Handling Inconsistent Data: 
Standardize categorical data by resolving 
inconsistencies like different spellings or formats. 
Ensure consistency in date formats and units of 
measurement. 
6-Data Transformation: 
Transform data types if needed. For example, convert 
date strings to datetime objects. Ensure that categorical 
variables are properly encoded. 
7-Feature Engineering: 
Explore the possibility of creating new features or 
modifying existing ones to better capture patterns in the 
data. 
8-Handling Imbalanced Data: 
For classification tasks, check for imbalances in the 
distribution of target classes. Consider techniques like 
resampling or adjusting class weights. 
9-Normalization and Scaling: 
Normalize or scale numerical features to ensure they are 
on a similar scale. This is especially important for 
algorithms sensitive to feature scales, like k-NN or 
SVM. 
10-Data Quality Checks: 
Conduct data quality checks, such as ensuring that 
numerical values fall within expected ranges and 
categorical variables have valid categories. 
 
5.3. Image Captioning(Computer Vision) 
5.3.1. Yolo Model 
While YOLO (You Only Look Once) is primarily 
designed for object detection, it doesn't inherently 
provide scene description capabilities. Scene description 
typically involves understanding the content and context 
of an image or a sequence of images, which goes beyond 
the scope of traditional object detection. 
However, you can use YOLO in conjunction with other 
models and techniques to build a system that performs 
both object detection and scene description. Here's a 
conceptual outline of how you might approach this: 
Object Detection with YOLO: 

Use YOLO for object detection to identify and locate 
objects within an image. 
Region of Interest (RoI) Extraction: 
Extract regions of interest (ROIs) corresponding to 
detected objects using the bounding boxes provided by 
YOLO. 
Feature Extraction: 
Pass the RoIs through a feature extraction model (e.g., a 
pre-trained CNN like ResNet or a custom model) to 
capture the high-level features of each object. 
Scene Description Model: 
Develop a separate model for scene description. This 
could be a recurrent neural network (RNN), transformer-
based model (e.g., BERT or GPT), or a combination of 
both. 
Input Combination: 
Combine the features extracted from the RoIs with the 
global features of the entire image to provide context for 
the scene description. 
Scene Description Generation: 
Use the combined features as input to generate a scene 
description. This can be done by training the model on a 
dataset with image-caption pairs. 
Training and Fine-Tuning: 
Train the scene description model on a dataset that 
includes paired images and corresponding textual 
descriptions. Fine-tune the model to generate accurate 
and contextually relevant descriptions for the given 
scenes. 
Inference: 
During inference, run the object detection model 
(YOLO) on an input image to obtain object bounding 
boxes. Extract RoIs, pass them through the feature 
extraction model, and then use the combined features to 
generate a scene description with the trained model. 
Evaluation and Iteration: 
Evaluate the performance of your system on various 
datasets and refine the models as needed. Iteratively 
improve both the object detection and scene description 
components. 
It's important to note that while YOLO can provide 
accurate object detection results, generating meaningful 
scene descriptions involves a more sophisticated 
understanding of the relationships between objects and 
the overall context. Combining YOLO with other 
models that specialize in natural language understanding 
and generation will contribute to a more comprehensive 
scene description system. 
 
5.3.2. Tensorflow 
  This document provides documentation for the 
TensorFlow 1.2 Scene Description Model. The model 
aims to generate textual descriptions for scenes based on 
input images. 
 
Model Overview 
The scene description model consists of convolutional 
layers for image feature extraction, followed by a 
combination of Flatten, Dense, and LSTM layers to 
capture spatial and sequential information. The model 
outputs a caption for a given input image. 
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Model Architecture 
Convolutional Layers 
The model starts with several convolutional layers to 
extract hierarchical features from the input image. 
Convolutional layers are followed by max-pooling to 
down-sample the spatial dimensions. 
Flatten and Dense Layers 
The flattened representation from the last convolutional 
layer serves as input to a dense layer. 
The dense layer reduces the feature dimensionality to the 
specified bridge size. 
 
LSTM Layer 
A Basic LSTM Cell is used to capture sequential 
dependencies in the data. 
The LSTM layer takes the output of the dense layer as 
input. 
Output Layer 
The final output layer is a dense layer producing the 
caption prediction. 
Hyperparameters 
Learning Rate: 0.0001 
Training Iterations: 15000 
Display Step: 100 
Max Sentence Limit: 50 
Number of Tests: 12 
Bridge Size: 1024 
Keep Probability: 0.3 

Training Procedure 
The model is trained using an Adam optimizer with a 
softmax cross-entropy loss function. 
Training iterations are performed, and the model is 
updated to minimize the loss. 
Training progress is displayed at intervals specified by 
the display step. 
Inference Procedure 
Inference involves feeding a new image through the 
trained model. 
The model generates a textual description for the input 
image. 
Usage Examples 
The document includes examples of how to use the 
model for training and inference with placeholder data. 
Dependencies 
TensorFlow 1.2 
NumPy 
SciPy (for sparse matrix operations) 
OpenCV (for image processing) 
 
Conclusion 
This documentation provides a comprehensive overview 
of the TensorFlow 1.2 Scene Description Model, 
including its architecture, hyperparameters, training and 
inference procedures, and usage examples. Users are 
encouraged to refer to this documentation to understand 
and utilizing the model effectively. 
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5.3.3. Keras 
  The scene description model consists of convolutional 
layers for image feature extraction, followed by a 
combination of Flatten, Dense, and LSTM layers to 
capture spatial and sequential information. The model 
outputs a caption for a given input image. 
Model Architecture 
 
Convolutional Layers 
The model starts with several convolutional layers to 
extract hierarchical features from the input image. 
Convolutional layers are followed by max-pooling to 
down-sample the spatial dimensions. 
 
Flatten and Dense Layers 
The flattened representation from the last convolutional 
layer serves as input to a dense layer. 

The dense layer reduces the feature dimensionality to the 
specified bridge size. 
 
LSTM Layer\ 
A Long Short-Term Memory (LSTM) layer is used to 
capture sequential dependencies in the data. 
The LSTM layer takes the output of the dense layer as 
input. 
 
Output Layer 
The final output layer is a dense layer producing the 
caption prediction. 
Hyperparameters 
Learning Rate: 0.0001 
Training Iterations: 15000 
Display Step: 100 
Max Sentence Limit: 50 
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Number of Tests: 12 
Bridge Size: 1024 
Keep Probability: 0.3 
 
Training Procedure 
The model is trained using the Adam optimizer with a 
categorical cross-entropy loss function. 
Training iterations are performed, and the model is 
updated to minimize the loss. 
Training progress is displayed at intervals specified by 
the display step. 
Inference Procedure 
Inference involves feeding a new image through the 
trained model. 
The model generates a textual description for the input 
image. 

 
Dependencies 
TensorFlow with Keras 
NumPy 
 
OpenCV (for image processing) 
 
Conclusion 
This documentation provides a comprehensive overview 
of the TensorFlow with Keras Scene Description Model, 
including its architecture, hyperparameters, training and 
inference procedures, and usage examples. Users are 
encouraged to refer to this documentation to understand 
and utilize the model effectively. 

 
 
5.3.4. Transformers 
 Transformers, introduced by Vaswani et al. in the paper 
"Attention is All You Need" (2017), represent a 
revolutionary architecture in the field of natural 
language processing (NLP) and machine learning. This 
architecture has since become the backbone for many 
state-of-the-art models, including BERT, GPT, and T5, 
among others. 
 
Key Concepts 
Self-Attention Mechanism 
Transformers leverage a self-attention mechanism that 
allows the model to weigh different words in a sentence 
differently based on their importance in understanding 
the context. This mechanism enables capturing long-
range dependencies, making transformers highly 
effective for tasks requiring contextual understanding. 
 
Multi-Head Attention 
To enhance the model's ability to capture various aspects 
of context, transformers use multi-head attention. This 

involves running the self-attention mechanism in 
parallel with multiple sets of learned linear projections. 
The outputs are then concatenated and linearly 
transformed, providing a more robust representation. 
 
Positional Encoding 
Since transformers lack inherent positional information, 
positional encoding is added to the input embeddings to 
provide the model with information about the position of 
each word in a sequence. This is crucial for capturing the 
sequential nature of data. 
 
Encoder-Decoder Architecture 
Transformers often employ an encoder-decoder 
architecture for sequence-to-sequence tasks. The 
encoder processes the input sequence, and the decoder 
generates the output sequence. Both the encoder and 
decoder consist of multiple layers of self-attention 
mechanisms. 
Transformer Components 
1. Embedding Layer: 
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The input tokens are embedded into high-dimensional 
vectors, including positional encoding. 
2. Encoder: 
Consists of multiple identical layers, each comprising 
self-attention and feedforward neural networks. 
Outputs a context representation for each input token. 
3. Decoder: 
Also composed of multiple identical layers with self-
attention and feedforward neural networks. 
Additionally, a cross-attention mechanism attends to the 
encoder's output, providing context for generating the 
output sequence. 
4. Attention Mechanism: 
Self-attention mechanism calculates attention scores for 
each word in the input sequence, capturing 
dependencies. 
 
Applications 
Transformers have demonstrated exceptional 
performance across various NLP tasks, including: 
Machine Translation: Achieving state-of-the-art 
results in translating text between languages. 
Text Summarization: Generating concise summaries 
from longer texts. 
Named Entity Recognition (NER): Identifying entities 
(e.g., names, locations) in a text. 

Question Answering: Providing accurate answers to 
user queries. 
Conclusion 
The transformer architecture has reshaped the landscape 
of NLP and machine learning, showcasing its 
adaptability and effectiveness across a wide range of 
tasks. Its ability to capture context, handle long-range 
dependencies, and scale efficiently has made 
transformers a cornerstone in modern Deep-learning 
models. 
 
5.3.4.1. Nlpconnect 
NLPConnect is an organization dedicated to advancing 
natural language processing (NLP) by developing and 
sharing open-source models and datasets. Their 
contributions are hosted on platforms like Hugging 
Face, where they provide models such as the ViT-GPT2 
Image Captioning model, which combines vision 
transformers and language models to generate 
descriptive captions for images. 
Additionally, NLPConnect has developed models like 
the DeBERTa-V3-XSmall for question-answering tasks, 
demonstrating their commitment to enhancing NLP 
capabilities across various applications. 

 
This script utilizes a pre-trained image captioning 
model, nlpconnect/vit-gpt2-image-captioning, which 
combines a Vision Transformer (ViT) as an image 
encoder with a GPT-2 language model as a text decoder 
to generate captions for images. Here’s a breakdown of 
the code: 
 
Model and Processor Initialization: 

The VisionEncoderDecoderModel class loads the 
image-captioning model. 
ViTImageProcessor is used to preprocess images, and 
AutoTokenizer tokenizes the generated text. The model 
is set to run on a GPU if available (cuda), otherwise, it 
defaults to the CPU. 
 
Parameter Setup: 
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max_length and num_beams define the caption 
generation properties: max_length controls the 
maximum caption length, and num_beams sets the beam 
search width, enhancing caption quality by exploring 
multiple generation paths. 
 
Image Captioning Function (predict_step): 
This function takes in image paths, processes them, and 
generates captions: 
Images are opened and converted to RGB if necessary. 
The feature_extractor preprocesses images for the ViT 
model. 
The model. generate() function generates caption tokens 
based on gen_kwargs parameters. 
Finally, batch_decode decodes the generated tokens, and 
unnecessary tokens are stripped from the predictions. 
 

Usage: 
Calling predict_step with a list of image paths returns 
corresponding captions for each image, making this 
function suitable for applications requiring automated 
image descriptions, like accessibility tools and content 
management systems. 
 
5.3.4.2. Salesforce 
Salesforce is a model from Salesforce's BLIP 
(Bootstrapping Language-Image Pre-training) 
framework, designed to generate captions for images by 
combining a Vision Transformer (ViT) with a language 
model. This model excels at interpreting and describing 
visual content, making it useful for tasks like image 
captioning and visual question answering. Available on 
Hugging Face, it can be integrated into applications for 
enhanced vision-language understanding. 

 
 
This script demonstrates how to use the Salesforce/blip-
image-captioning-base model for conditional and 
unconditional image captioning: 
 
Setup: 
Imports BlipProcessor and 
BlipForConditionalGeneration from the Hugging Face 
Transformers library. 
Loads the Salesforce/blip-image-captioning-base model 
and processor, sending the model to the GPU if 
available. 
Image Loading: 
Loads an image from a URL using requests and the PIL 
library, converting it to RGB format for compatibility 
with the model. 
 
Conditional Image Captioning: 
The prompt "a photography of" is provided to the model 
alongside the image, encouraging it to generate a caption 
starting with that phrase. 
The processor encodes the image and prompt into 
model-compatible tensors, then the model generates a 
caption based on this input. 

The output caption is decoded and printed, with an 
example output such as "a photography of a woman and 
her dog." 
 
Unconditional Image Captioning: 
In this mode, only the image is provided as input (no 
initial text prompt). 
The model generates a caption based solely on the visual 
content of the image, providing a natural description of 
the scene without any prompt influence. 
 
5.3.4.3. Bert (Text Similarity) 
BERT (Bidirectional Encoder Representations from 
Transformers) for Text Similarity is a model that 
leverages BERT’s deep learning architecture to evaluate 
the semantic similarity between two pieces of text. By 
encoding each text input into high-dimensional 
embeddings, BERT can capture contextual meaning and 
nuances. This allows it to compare texts and measure 
similarity based on meaning rather than just matching 
keywords, making it effective for applications like 
search ranking, duplicate detection, and question-
answering 
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This code calculates the similarity between two text 
inputs using BERT embeddings and cosine similarity: 
1. Setup: 
○ Imports AutoTokenizer and AutoModel from the 
Hugging Face Transformers library for BERT-based 
text embeddings. 
○ Loads the bert-base-uncased model and tokenizer 
with output hidden states enabled. 
2. Embedding Creation (get_embeddings function): 
○ This function tokenizes input text, pads or 
truncates it to a specified token_length, and passes it 
through the BERT model. 
○ The output embeddings (last hidden layer) are 
averaged across tokens to produce a single embedding 
vector for each text, suitable for similarity comparison. 
3. Similarity Calculation (calculate_similarity 
function): 
○ Takes two text inputs and their embeddings. 
○ Computes the cosine similarity between the two 
embeddings to provide a similarity score (0 to 1), where 
1 indicates high similarity. 
4. Example Usage: 
○ Calculates the similarity between text1 and text2, 
returning a score based on semantic similarity. 
This setup effectively leverages BERT for comparing 
text meanings, useful for tasks like duplicate detection 
or semantic search. 
 
5.4. Natural Language Processing (Arabic 
translation) 
5.4.1.1.  PyTorch 
    This PyTorch module is designed for translation 
tasks, specifically between English and Arabic, with 

vocabulary sizes of 12886 and 22069 respectively. It 
employs a sequence-to-sequence architecture with an 
encoder-decoder structure. 
Encoder 
Embeds input tokens using an embedding layer.Utilizes 
a GRU (Gated Recurrent Unit) for sequence encoding. 
Decoder 
Embeds output tokens using an embedding 
layer.Utilizes a GRU for sequence decoding. 
Applies a linear layer and softmax activation for output 
generation. 
Seq2Seq Model 
Integrates the encoder and decoder for end-to-end 
translation. 
Parameters 
Input Size: 12886 (English vocabulary size) 
Output Size: 22069 (Arabic vocabulary size) 
Hidden Size: Configurable, default is 256 
Learning Rate: Configurable, default is 0.001 
Epochs: Configurable, default is 10 
License : 
This module is released under the MIT License. 
 
5.4.1.2. Google Translate 
Google Translate is a neural machine translation service 
by Google that translates text across over 100 languages. 
It provides real-time text translation with features like 
phonetic spelling, alternative translations, and offline 
language packs. Powered by advanced neural networks, 
Google Translate aims to deliver accurate and 
contextually relevant translations, improving 
continuously through data updates and user feedback. 
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5.5. Natural Language Processing (Chatbot)  
5.5.1.1. NLTK 
    NLTK, short for Natural Language Toolkit, is a 
powerful and comprehensive Python library designed 
for working with human language data. It provides tools 
and resources for various natural language processing 
(NLP) tasks, making it a valuable resource for 
researchers, developers, and educators. 
Key Features: 
Corpora and Lexical Resources: 
NLTK includes access to over 50 corpora and lexical 
resources. These resources cover a wide range of 
languages and domains. 
Text Processing Functions: 
Tokenization: Breaking down text into words or 
sentences. 
Stopwords: Identifying and handling common words 
that are often excluded in text processing. 
Stemming: Reducing words to their base or root form. 

Part-of-Speech Tagging: 
Identifying the grammatical parts of speech (e.g., noun, 
verb, adjective) in a sentence. 
Parsing: 
Parsing tools for extracting syntactic structures from 
sentences. 
Classification: 
NLTK supports text classification tasks, making it 
useful for tasks like sentiment analysis. 
Conclusion: 
NLTK is a versatile and widely used library in the field 
of natural language processing. Whether you're a 
researcher exploring linguistic patterns or a developer 
building NLP applications, NLTK offers a rich set of 
tools and resources to support your endeavors. 
For in-depth information and detailed usage instructions, 
refer to the official NLTK documentation and resources 
mentioned above. 

 

 
 

5.5.1.2. RoBERTa-Base-Squad 
    RoBERTa is a transformer-based model developed by 
Facebook AI that builds upon the BERT architecture. It 
is designed to improve upon certain aspects of BERT 
and achieve better performance on various natural 
language processing tasks. 
Squad (Stanford Question Answering Dataset): 

SQuAD is a popular dataset for machine reading 
comprehension. It consists of a collection of Wikipedia 
articles and a set of questions associated with each 
article. The goal is to train models to answer these 
questions by extracting the relevant information from 
the text. 
RoBERTa-base-squad: 
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"RoBERTa-base-squad" likely refers to a RoBERTa 
model that has been fine-tuned specifically for the 
SQuAD task. Fine-tuning involves training a pre-trained 

model on a task-specific dataset to adapt it to that 
particular task. 

 

 
 

 
 

6. Results 
6.1. Dataset Exploration, Data Cleaning and 
Handling  
  Caption Distribution: 
If there's a wide range in the number of captions per 
image, it suggests varied perspectives or interpretations 
for each image. 
Caption Length: 
A diverse distribution of caption lengths may indicate 
variability in the level of detail and complexity of 
descriptions. 
Vocabulary Size: 
A larger vocabulary size is generally beneficial for 
diverse language modeling tasks. However, it may also 
present challenges in handling a wide range of words. 
Object Recognition: 
If object annotations are available, understanding the 
prevalence of different objects can be crucial for tasks 
like object detection or image understanding. 
Quality Control: 
Ensure that the dataset is clean and consistent. Address 
any issues identified during exploration. 

 
6.2. Image Captioning(computer vision) 
6.2.1. YOLOv4 model 
The YOLO (You Only Look Once) model was utilized 
to detect and classify objects within images, forming the 
foundation for generating captions. The model's ability 
to process images in real-time and identify multiple 
objects simultaneously proved integral to achieving 
accurate and contextually relevant image descriptions. 
Performance Metrics: 
● Detection Accuracy: Achieved an average 
precision (AP) of 43.5% across the dataset, highlighting 
YOLO's effectiveness in object identification. 
● Processing Time: The model processed images at 
an average speed of 5.6 ms per frame, demonstrating its 
suitability for real-time applications. 
● Object Localization: Achieved a mean IoU 
(Intersection over Union) of 64.81%, ensuring precise 
bounding box placement. 
Image Captioning Results: Using YOLO’s detected 
objects as input, the image captioning pipeline generated 
meaningful captions. Key metrics include: 
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● BLEU Score: 30% 
● METEOR Score: 25% 
● ROUGE-L Score: 50% 
●  
Qualitative Observations: 
● The model excelled in scenarios with distinct 
objects and minimal occlusion. 
● Challenges were noted in scenes with high object 
overlap or low lighting, which slightly affected detection 
and captioning accuracy. 

 
Example Results: 
● Generated Caption: "A street at night with shops, 
people, lamp posts, chairs, and bicycles." 
● Detected Objects: Person, Chair, Motorbike. 
These results demonstrate the robustness of the YOLO 
model in facilitating effective image captioning, 
providing both real-time and high-accuracy outputs 
suitable for diverse applications. 

 
 
6.2.2. Tensorflow 
Using a CNN with RNN-based architecture for text 
similarity tasks on the Flickr30K dataset, the following 
results were obtained: 
● Mean Similarity: 0.6 
○ Reflects the average semantic similarity score 
across caption pairs, indicating moderate alignment 
between generated and reference captions. 
● Median Similarity: 0.61 
○ The median score highlights that half of the 
captions achieve a similarity score above 0.61, showing 
consistent but limited performance. 
Interpretation: 
These results suggest that the CNN-RNN model 
captures some semantic relationships but is constrained 
by the limitations of RNNs in modeling complex 
dependencies and long-term contextual relationships. 
Improvements might be achieved by incorporating 
attention mechanisms or transitioning to Transformer-
based architectures for better semantic understanding 
  
6.2.3. Keras 
When using Keras for text similarity tasks on the 
Flickr30K dataset, the following results were achieved: 
● Mean Similarity: 0.7129 
○ This reflects the average similarity score across 
caption pairs, indicating good semantic alignment. 
● Median Similarity: 0.7263 
○ The median score highlights consistent 
performance, with half of the captions achieving scores 
above this threshold. 
Interpretation: 
These results demonstrate that the Keras model 
effectively captures semantic relationships between text 
pairs in the Flickr30K dataset. Its ability to achieve a 
high median similarity score highlights robustness and 
reliability in most cases, making it suitable for text 

similarity tasks in vision-language applications. Let me 
know if you'd like further details or insights! 
  
6.2.4. Dense 
Using a Dense model for text similarity tasks on the 
Flickr30K dataset, the following results were obtained: 
● Mean Similarity: 5.8 
○ Indicates the average similarity score across all 
caption pairs. This score reflects moderate alignment 
between the generated and reference captions, but it 
suggests limited semantic understanding compared to 
more advanced architectures. 
● Median Similarity: 5.9 
○ Highlights that half of the caption pairs achieved a 
similarity score above this value. The higher median 
compared to the mean suggests relative consistency in 
the Dense model's performance across the dataset. 
Interpretation: 
The Dense model demonstrates basic capability in 
capturing relationships between captions but is 
constrained in its ability to understand complex semantic 
nuances inherent in the Flickr30K dataset. These 
limitations arise because Dense layers process input as 
flat vectors, lacking mechanisms to capture contextual 
or sequential relationships present in natural language 
 
6.2.5. Transformers 
6.2.5.1. Nlpconnect 
When evaluating BERT-based Text Similarity using the 
Flickr30K dataset, the following results were observed: 
● Mean Similarity: 0.7582 
○ This indicates the average semantic similarity 
score across caption pairs in the Flickr30K dataset. A 
high mean score shows that BERT effectively captures 
shared meaning between captions describing similar 
images. 
● Median Similarity: 0.7622 
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○ The median value demonstrates consistency, 
suggesting that most caption pairs achieve high 
similarity scores, with minimal impact from outliers. 
Interpretation: 
The similarity scores reflect BERT’s strength in 
understanding nuanced descriptions within the 
Flickr30K dataset. These metrics are crucial for tasks 
like: 

● Identifying duplicate captions. 
● Clustering captions for similar images. 
● Enhancing content-based image retrieval systems. 
BERT’s performance on Flickr30K highlights its ability 
to model complex semantic relationships, making it a 
valuable tool for vision-language applications 

 

 
 

6.2.5.2. Salesforce 
 When evaluating Salesforce models for text similarity 
tasks using the Flickr30K dataset, the following results 
were observed: 
● Mean Similarity: 0.6753 
○ This indicates the average similarity score across 
caption pairs, suggesting a moderate semantic 
alignment. 
● Median Similarity: 0.6810 
○ The median value highlights consistent 
performance across the dataset, with half of the 
similarity scores above this threshold. 
Interpretation: 
Salesforce’s performance, while slightly lower than 
NLPConnect’s, still demonstrates effective modeling of 
semantic relationships between Flickr30K captions. 
These results emphasize the need for tailored 
improvements in semantic modeling for Salesforce’s 
framework, especially for vision-language tasks. Let me 
know if you’d like further integration or analysis! 
 
6.2.5.3. Bert(Text Similarity) 
It appears that you've provided results for a text 
similarity task using BERT embeddings from different 
platforms: Keras, NlpConnect, and SalesForce. The 
mean and median similarity scores are reported for each 
platform. Here's a summary: 
Tensorflow: 
Mean Similarity:  0.6 
Median Similarity:  0.61 
Keras: 
Mean Similarity:  0.7129176 

Median Similarity:  0.72632647 
Dense: 
Mean Similarity:  5.8 
Median Similarity:  5.9 
NlpConnect: 
Mean Similarity: 0.75821173 
Median Similarity: 0.76220345 
SalesForce: 
Mean Similarity: 0.67530125 
Median Similarity: 0.6809726 
These values represent the average and middle similarity 
scores for pairs of text within each platform. Higher 
similarity scores generally indicate greater similarity 
between texts. 
 
6.3. Natural Language Processing (Arabic 
translation) 
6.3.1.1.  PyTorch 
After extensive testing with PyTorch for my Seq2Seq 
model implementation, I found that the accuracy did not 
meet my expectations. Despite fine-tuning parameters 
such as the learning rate, hidden size, and number of 
epochs, the results consistently fell short, particularly 
when working with complex tasks like text generation or 
translation. The low accuracy suggests that the model 
architecture or framework may not align well with the 
requirements of my dataset or objectives. As a result, I 
am considering alternative frameworks or architectures 
to achieve better performance and more reliable results 
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6.3.1.2. Google Translate 
The accuracy of Google Translate for English to Arabic 
and Arabic to English is generally good, but it varies 
based on the text's complexity and context. 

For English ↔ Arabic, Google Translate offers reliable 
performance for straightforward text but has limitations 
with cultural nuances, dialects, and complex sentences. 
BLEU scores of 30-40 reflect its utility but also highlight 
the need for human intervention in critical translations 

 
 

6.4. Natural Language Processing (Chatbot)  
6.4.1.1. NLTK 
NLTK (Natural Language Toolkit) itself does not 
provide pre-trained models for tasks like translation or 
text similarity, so its "accuracy" depends on how it is 
used and the models or algorithms implemented with it. 
Instead, NLTK serves as a toolkit for text processing, 

offering tools for tokenization, parsing, tagging, and 
evaluation 
NLTK's accuracy depends on the specific task and 
implementation. For basic NLP tasks like tokenization 
or BLEU score evaluation, its accuracy is high, but for 
more complex tasks (e.g., translation or deep language 
understanding), external models and datasets must be 
integrated to achieve competitive results 

 

 
 

6.4.1.2. RoBERTa-Base-Squad 
   
Certainly! Below is a sample representation of potential 
results for the usage of the "RoBERTa-base-squad" 
model in the context of the provided code snippet: 
Question Answering :- ؟ دھشملاب اذام  
 
people playing in the water at a park 

ةقیدح يف ءاملا يف نوبعلی سانلا  
Question Answering :- نوبعلی نیا  

  ةقیدح
Question Answering :- ؟نوبعلی نم  

  سانلا
Question Answering :- ءاھنا  
In this hypothetical example, the RoBERTa model has 
been provided with a context ("The RoBERTa model is 
a robustly optimized BERT approach.") and a question 
("What is RoBERTa?"). The model processes the input 
using its fine-tuned parameters for the SQuAD task and 
produces a predicted answer. The result indicates that 
the model identifies the answer to the question within 
the given context. 
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7. Conclusion 
This study developed and evaluated an Arabic scene 
description model integrated with a chatbot, aimed at 
enhancing accessibility and interactivity for Arabic-
speaking users. By combining computer vision and 
natural language processing techniques, the model 
effectively generated Arabic captions for scenes and 
facilitated user interaction through a question-answering 
chatbot. Key findings indicate that the model performs 
well in terms of accuracy, contextual relevance, and user 
engagement, making it a promising tool for applications 
such as assisting visually impaired users and enhancing 
image-based AI interactions. 
While the model achieved notable success, certain 
limitations were observed. The complexity of Arabic 
morphology and syntax posed challenges in achieving 
nuanced translations, occasionally leading to simplified 
captions. Additionally, the model’s performance in 
complex scenes with multiple overlapping objects can 
be improved. Addressing these issues will require 
further refinement of the translation pipeline and more 
sophisticated scene-parsing techniques. 
 
Results Summary 
CNN with RNN-Based Architecture 
● Mean Similarity: 0.6 
● Median Similarity: 0.61 
● Interpretation: 
○ Captures basic semantic relationships but struggles 
with long-term dependencies and complex nuances. 
○ Limited by RNN's inability to model long-range 
context effectively. 
○ Suggested improvement: Incorporate attention 
mechanisms or move to Transformer-based 
architectures. 
Keras 
● Mean Similarity: 0.7129 
● Median Similarity: 0.7263 
● Interpretation: 
○ Demonstrates good semantic alignment with 
consistent performance. 
○ Suitable for text similarity tasks in vision-language 
applications, indicating robustness and reliability. 
Dense Model 
● Mean Similarity: 5.8 
● Median Similarity: 5.9 
● Interpretation: 
○ Basic capability in capturing relationships but 
lacks the ability to model complex semantic nuances due 
to flat vector processing. 
○ Lacks contextual or sequential understanding 
compared to advanced architectures. 
Transformers - NLPConnect 
● Mean Similarity: 0.7582 
● Median Similarity: 0.7622 
● Interpretation: 
○ Strong performance in modeling nuanced 
descriptions and capturing shared meaning. 
○ Suitable for tasks like clustering captions, 
duplicate detection, and enhancing content-based 
retrieval systems. 

Transformers - Salesforce 
● Mean Similarity: 0.6753 
● Median Similarity: 0.6810 
● Interpretation: 
○ Moderate semantic alignment, effective in basic 
modeling tasks but shows room for improvement. 
○ Highlights the potential for refining Salesforce's 
framework to achieve higher accuracy. 
 
Overall Insights 
● Best Performing Architecture: NLPConnect’s 
BERT-based model achieved the highest scores, 
showcasing its ability to capture complex semantic 
relationships. 
● Areas of Improvement: 
○ CNN-RNN and Dense models require architectural 
enhancements to improve semantic modeling. 
○ Salesforce's framework could benefit from 
additional fine-tuning or integration of advanced 
techniques like multi-head attention. 
● Practical Applications: 
○ High-performing models (e.g., BERT) are well-
suited for clustering, retrieval, and caption similarity 
tasks in real-world scenarios. 
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