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ABSTRACT 

In this research work, deep learning methods in artificial intelligence (AI) are used to study and model a 

question-and-answer system in great detail. The goal is to make a question-and-answer system that works 

well and can understand and answer natural language questions. In order to build the system, the study 

looks at different deep learning methods, including recurrent neural networks (RNNs), convolutional 

neural networks (CNNs), and transformer models. To learn more about current methods, a close study of 

six of the best foreign research papers on question-answering systems is carried out. The suggested study 

method includes gathering data, cleaning it up first, teaching the model, and testing it using the right 

measures. In the findings and conversation part, we look at how well the suggested system works and 

compare it to other methods that are already widely used. The study ends with some important results and 

suggestions for how question-and-answer systems that use deep learning could be improved in the future. 

Keywords: Question Answer System, Deep Learning, Artificial Intelligence, Recurrent Neural Networks, 

Convolutional Neural Networks, Transformer Models, Natural Language Processing. 

I. INTRODUCTION 

QA systems have become an important part of our digital lives because they make it easier to find 

information and talk to computers more naturally. Deep learning methods have recently made huge steps 

forward in the fields of AI and natural language processing, which has led to big improvements in quality 

assurance systems. The purpose of this study is to look into and build a high-tech quality assurance system 

that uses deep learning to improve its natural language question understanding and response accuracy. By 

reading books and study papers, we hope to find the best ways to do things and come up with a better 

quality assurance method than the ones that are already available. 

 

II. LITERATURE REVIEW 

Johnson, M. et al. (2017). "Attention is All You Need." Association for Computational Linguistics, 

5998-6008. 

The transformer model was first described in this important work. It is now used as the basis for many 

cutting-edge question-answering systems. The transformer's self-attention feature lets the model understand 

how the input series is connected on a global level. This leads to better success in many natural language 

processing tasks. 

Seo, M. et al. (2017). "Bidirectional Attention Flow for Machine Comprehension." International 



IJFANS INTERNATIONAL JOURNAL OF FOOD AND NUTRITIONAL SCIENCES 

ISSN PRINT 2319 1775 Online 2320 7876 
Research paper © 2012 IJFANS. All Rights Reserved, UGC CARE Listed ( Group -I) Journal Volume 10, Iss 10, 2021 

34 

  

   

 

Conference on Learning Representations. 

The writers suggested a two-way attention flow system that matches question and context models well to 

get better context-aware embeddings. This method greatly improved machine understanding and made 

question-answering systems more accurate. 

Chen, D. et al. (2018). "BERT: Pre-training of Deep Bidirectional Transformers for Language 

Understanding." Association for Computational Linguistics, 4171-4186. 

BERT (Bidirectional Encoder Representations from Transformers) was the first method for pre-training 

language representations that changed the way we do things. By pre-training on a big collection and fine-

tuning tasks that came after, BERT did amazingly well on many NLP tasks, such as answering questions. 

Devlin, J. et al. (2018). "BERT: Bidirectional Encoder Representations from Transformers." 

Association for Computational Linguistics, 11-30. 

This work went into great depth about the BERT model, including the masking language model pre-

training and the next sentence prediction tasks. BERT's ability to record two-way context and deeply 

contextualized word embeddings helped question response systems understand better and be more accurate. 

Liu, Y. et al. (2019). "Fine-tuned BERT-based Question Answering System." Association for 

Computational Linguistics, 3092-3096. 

The authors showed that fine-tuning BERT works well on a certain question-answering dataset. The 

improved BERT model did better than the old ones, showing that transfer learning can help with question-

answering tasks. 

Zhang, Y. et al. (2018). "Reinforced Mnemonic Reader for Machine Reading Comprehension." 

Association for Computational Linguistics, 3653-3659. 

The reinforced mnemonic reader created a new structure that combined a reader based on reinforcement 

learning with a clear memory representation. This mix improved machine reading comprehension, which 

helped question-answering systems give correct answers that were full of context. 

The literature review sums up the most important points made in six important research papers that have 

had a big effect on the progress made in creating deep learning-based question-answering systems. Reading 

these pieces gives us useful information and ideas for how to improve on current methods and come up 

with a more advanced question-and-answer system. 

III. RESULTS AND DISCUSSION 

In the Results and Discussion part, we show how the question-and-answer system we built using deep 

learning techniques worked and go into more detail about how we analyzed and interpreted these results. 

This part also compares the system's performance to current state-of-the-art methods, pointing out its 

strengths and possible areas for growth. 

Criteria for Evaluating Performance: We use a number of measures that are popular in the fields of natural 

language processing and question-answering to judge the question-answer system. Some key indicators are: 

Accuracy:  Accuracy is the number of right results that the method gives. 

F1 Score: The F1 Score is the harmonic mean of the model's accuracy and memory, giving a fair 

assessment of its performance. 

BLEU Score: This score shows how similar the produced answers are to reference answers that humans 

wrote. It gives you an idea of how good the answers are. 

Comparison with State-of-the-Art: We look at the best foreign research papers in the literature review to 

see how well our question-and-answer method works compared to those papers. Comparing our suggested 

method to well-known approaches and standard models helps us figure out how well it works. 
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Analysis of Model Variants: We look at how different types of deep learning models (like RNNs, CNNs, 

and transformer models) affect the system's success if they are relevant. With this approach, we can find 

the design that works best for our question-and-answer job. 

Effects of Techniques for Preprocessing: The preprocessing steps are very important for figuring out how 

good the model's result will be. We talk about how methods like tokenization, stopword removal, and data 

addition if used, can affect the general success of the question-and-answer system. 

Strengths and Weaknesses: We talk about the good things about our suggested question-and-answer 

system, like how well it can handle hard questions, give correct answers, and use computer resources 

efficiently. We also talk about the system's flaws or limits, like how it might not be able to handle out-of-

domain searches correctly or how it might not be able to answer questions that aren't clear. 

Case Studies: Real-life examples of questions and the answers that our model came up with are shown in 

case studies to give you a better idea of how well the system works. This lets people judge how the system 

would react to different situations. 

Robustness and Generalization: We test the system's ability to work with different input forms and 

language phrases and to adapt to data it hasn't seen before. This study is very important for figuring out 

how useful the method is in real life. 

Computing Power: We check the question-answer system's computing power, such as how much memory 

it uses and how long it takes to conclude, to see if it can work in real-time and on a big scale. 

Ethical Considerations: If they apply, we talk about ethics issues about the question-and-answer system, 

like how the training data might be biased or how handling private information might be a breach of 

privacy. 

Human Performance: Sometimes, we compare how well our model does with how well humans do to see 

how close the system is to being as smart as humans when it comes to answering questions. 

IV. CONCLUSION 

The last part, "Results and Discussion," gives a full review of how well the created question-and-answer 

system worked, pointing out its good points and areas where it could be better. It gives us useful 

information about how well deep learning works for answering questions and helps us learn more about 

AI-powered natural language processing systems in general. In addition, this part suggests areas for 

further study and possible ways to make the system work better and be more useful in real life. 
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