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Abstract:  This paper aims to address the challenges of creating accurate, concise, and pertinent responses from lengthy content 

when answering predetermined or generated queries. This research is part of the Explainable AI (XAI) field, which has struggled 

to find algorithms that balance predictive accuracy with transparency and explainability. While some NLP learning methods 

prioritize improving prediction accuracy, others like Bayesian belief nets and decision trees excel at promoting transparency and 

explainability. In addition, pre-trained language models like BERT and GPT need customization using specific datasets to achieve 

the desired final model. In this research paper, we investigate techniques to enhance the performance of existing KBQA systems 

and QA generators. We propose an approach that leverages the anatomy of long-form content to improve the quality of the 

questions and answers generated. Our approach comprises two components: a transformer-based model, DistilBERT, fine-tuned 

on datasets for the QA task, and a T5-based model coupled with a custom DataCollator to form input batches of dataset elements. 

Our approach shows promising results on benchmark datasets, outperforming state-of-the-art methods for both KBQA systems 

and QA generators. Our findings suggest that by considering the structure and semantics of long-form content, we can 

significantly improve the accuracy and relevance of the generated questions and answers, thereby improving the overall 

performance of KBQA systems and QA generators. In conclusion, this paper offers techniques to improve the accuracy and 

pertinence of responses derived from extensive content, contributing to the development of Explainable AI (XAI). By leveraging 

the structure and semantics of long-form content, our approach shows promise in enhancing the performance of KBQA systems 

and QA generators, providing an important step towards the creation of more advanced and efficient AI systems. 

 

Index Terms - Question-Answering system , Context-Question matching , Deep Learning , Seq2Seq Model , LSTM , 

Attention Mechanism , Encoder , Decoder , NLP, Text analysis 

I. INTRODUCTION 

Question Answering (QA) systems have seen significant advancements in recent years, with researchers exploring various 

techniques to develop systems that can comprehend and respond to natural language questions accurately. Two types of QA 

systems, KBQA (Knowledge Base Question Answering) and QA Generator, have emerged as important approaches to addressing 

the problem of answering natural language questions.  

1.1 Knowledge Based Question Answering (KBQA) systems 

 Knowledge Base Question Answering (KBQA) systems are designed to answer natural language questions using 

knowledge graphs or structured knowledge bases. KBQA systems extract the relevant information from the knowledge base, 

interpret the question, and generate an accurate response. These systems are used in various domains, such as healthcare, finance, 

and e-commerce. These systems are designed to understand the meaning and context of a question, and then use a combination of 

techniques such as information retrieval, machine reading comprehension, and knowledge base retrieval to generate a complete 

and accurate answer. The ability to answer questions in a natural and human-like manner is a key goal of NLP research, as it has 

the potential to greatly enhance the ability of computers to understand and respond to natural language. 

 

1.1.1 Importance 

 Knowledge Base Question Answering (KBQA) systems are designed to answer natural language questions using 

knowledge graphs or structured knowledge bases. KBQA systems extract the relevant information from the knowledge base, 

interpret the question, and generate an accurate response. These systems are used in various domains, such as healthcare, finance, 

and e-commerce. These systems are designed to understand the meaning and context of a question, and then use a combination of 

techniques such as information retrieval, machine reading comprehension, and knowledge base retrieval to generate a complete 

and accurate answer. The ability to answer questions in a natural and human-like manner is a key goal of NLP research, as it has 

the potential to greatly enhance the ability of computers to understand and respond to natural language. 

 

1.1.1 History 

 One of the earliest implementations of KBQA systems was the START natural language system developed by the 

University of Southern California's Information Sciences Institute in the late 1970s. The system used a knowledge base of facts 

and rules to answer questions in various domains. Over the years, several other KBQA systems have been developed, such as 

PowerAnswer, WebQuestions, and SimpleQuestions. 
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Over the past few years, there has been significant progress in the development of QA systems, thanks to the advancements in 

deep learning and pre-training techniques, with researchers exploring various approaches to improving their accuracy and 

efficiency. These techniques have allowed for the development of QA systems that can handle the complexity and variability of 

natural language and provide accurate and detailed answers to a wide range of questions. 

One such approach is the use of neural networks, which has shown promising results in improving KBQA system performance. 

Some of the important milestones in the development of KBQA systems include the development of neural network-based models 

such as Graph Convolutional Networks (GCN) and Relation-aware Graph Attention Networks (ReGAT). These models have been 

shown to improve the accuracy of KBQA systems significantly. Institutes such as Microsoft, Google, and IBM have also played a 

significant role in the development of KBQA systems. Microsoft's Probase and Google's Freebase are examples of large-scale 

knowledge bases that have been used to develop KBQA systems. IBM's Watson system, which gained popularity after winning 

the Jeopardy! game show, also uses a KBQA approach to answer natural language questions. 

One of the most important advancements in QA systems is the use of pre-training methods such as BERT (Bidirectional Encoder 

Representations from Transformers) and GPT-3 (Generative Pre-trained Transformer 3) which have set new benchmarks in the 

field, allowing models to understand the meaning and context of a question in a more accurate way. These models are trained on 

large amounts of unannotated data and fine-tuned on specific tasks, making them more robust and versatile. Another important 

advancement is the use of machine reading comprehension (MRC) models, which are able to understand the meaning of a text 

and provide answers to questions. These models use attention mechanisms to focus on the relevant parts of the text when 

providing an answer. Additionally, the integration of external knowledge sources such as knowledge graphs, Wikipedia, and 

Common Crawl has also greatly improved the performance of QA systems. These external sources provide a wealth of structured 

and unstructured data that can be used to generate more accurate and detailed answers. In recent years, the use of reinforcement 

learning has also been explored in QA systems to improve the efficiency of the search process and the diversity of the answers 

provided. This allows the models to learn from interactions with the environment and improve over time.  

1.2 Question Answer pair generator systems 

 QA pair generator systems on the other hand are designed to generate natural language responses to a given question. 

Unlike KBQA systems, which rely on a knowledge base to provide answers, QA Generator systems generate responses based on 

their understanding of the question and the context. These systems use a variety of techniques, such as machine learning and 

natural language processing, to generate responses that are accurate and relevant. 

 

1.2.1 Importance 

 Question-answer pair generation from text is an important task in the field of natural language processing (NLP) because 

it can be used to create a wide range of applications that require understanding and generating human language. Some examples 

of the importance of question-answer pair generation from text include: 

1. Educational applications: Automatically generating question-answer pairs from a text can be used to create quizzes, 

flashcards, and other educational materials that can help students learn and retain information more effectively.  

2. Search engines: Generating question-answer pairs from text can help improve search engines by providing users with 

more specific and accurate answers to their queries. 

3. Virtual assistants: Generating question-answer pairs can enable virtual assistants to understand and respond to more 

complex questions and requests. 

4. Chatbots: Generating question-answer pairs can be used to improve the conversation flow of chatbots and enable them to 

understand and respond to more complex questions and requests. 

5. Summarization: Generating question-answer pairs can be used to summarize the main points of a text, making it more 

accessible and easier to understand. 

6. Information Retrieval: Generating question-answer pairs can be used to retrieve the relevant information from a large 

corpus of text which makes it more efficient and effective. 

To summarize, the ability to generate high-quality question-answer pairs is critical in many natural language processing 

applications. For example, in the development of question answering systems, large amounts of training data are needed to train 

the models. Manual annotation of such data is often expensive and time-consuming, making automated methods for generating 

question-answer pairs highly desirable. Additionally, generating high-quality educational content or enhancing customer support 

chatbots can greatly benefit from a QA Pair Generator system. As such, the development of efficient and effective QA Pair 

Generator systems has significant importance in the field of natural language processing. In general, question-answer pair 

generation is a key task in NLP that can be used to improve the ability of machines to understand and generate human language, 

making them more useful and user-friendly.  

1.2.1 History 

 The first implementation of QA Pair Generator systems can be traced back to the development of automatic text 

summarization techniques in the 1990s. The goal of text summarization is to produce a concise summary of a longer text while 

retaining its most important information. One approach to text summarization is to identify the most important sentences in the 

text and use them to generate a summary. To identify the most important sentences, systems can generate questions related to the 

text and use the sentences that answer those questions to construct a summary. This approach involves generating question-

answer pairs, making it an early form of QA Pair Generator systems. 

In recent years, there have been several important milestones in the development of QA Pair Generator systems. These include: 

 

1. Transformer Models: The development of transformer models, such as GPT-3 and T5, has greatly advanced the state of 

the art in QA Pair Generator systems. These models use large amounts of text data to generate high-quality question-

answer pairs that are difficult to distinguish from human-generated pairs. 

http://www.ijcrt.org/


www.ijcrt.org                                                          © 2023 IJCRT | Volume 11, Issue 5 May 2023 | ISSN: 2320-2882 

IJCRT2305026 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org a167 
 

2. Fine-tuning Techniques: Fine-tuning techniques have been developed to improve the accuracy and relevance of the 

generated question-answer pairs. These techniques involve training the QA Pair Generator system on a specific task or 

domain, allowing it to generate pairs that are more relevant to that task or domain. 

3. Question Generation Techniques: In addition to answer generation, researchers have also developed techniques for 

generating questions. These techniques can be used in conjunction with answer generation to produce high-quality 

question-answer pairs. 

4. Industry Applications: QA Pair Generator systems have seen significant adoption in various industries, such as 

education, healthcare, and customer service. For example, educational institutions use QA Pair Generator systems to 

generate high-quality exam questions, while healthcare providers use them to generate patient education materials. As 

the technology continues to improve, we can expect to see even wider adoption of QA Pair Generator systems in various 

industries. 

5. Research Institutes: Several research institutes have played a significant role in the development of QA Pair Generator 

systems. These include OpenAI, Google Research, and Microsoft Research, among others. These institutes have 

developed some of the most advanced transformer models and fine-tuning techniques for QA Pair Generator systems. 

 

As discussed above we can notice that every implementation is targeted to a very particular and peculiar problem, and every 

model has some scope of improvement in some capacity. The learnings from these models can be put into use to come up with 

better models which help solve most of the above-discussed problems. 

 

1.3 About the paper 

 The purpose of this paper is to interpret and describe the significance of our findings and research in light of what was 

already known about and experiment on the research problem of KBQA systems and QA pair generators and use that knowledge 

to improve the existing model leading to the model that we have proposed. The problem being investigated and to explain any 

new understanding or insights that emerged as a result of our intensive study and research of models, implementations, and our 

work of improvising on the current systems. 

 

The paper is properly divided and described using headings, sub-headings, and so on. First of all, we have explained most of the 

relevant terms which might come in handy while reading this paper to better understand the meaning of each terminology. In the 

case of formulas, they have been explained and their mathematical scientific notation is given. Secondly, the architecture of the 

proposed model is described with a visual representation of the same to better understand the flow of data and generation of 

embeddings. Each implementation is explained after the above, each paper section has 2 subtitles from the paper and has been 

explained in detail. Following that, each author's contributions were discussed in depth. After that, all the evaluation metrics that 

have been discussed. This is followed by a conclusion and future work which concludes the paper and the research along with 

some ideas for what can be improved on in the upcoming papers. Finally, the paper ends with the references and citations for all 

the referred work and knowledge used in making this paper. 

II. LITERATURE REVIEW 

The Anatomy of Long-form Content to KBQA System and QA Generator is an emerging topic in the field of natural 

language processing. As the demand for high-quality question-answering systems and educational content continues to grow, 

researchers are exploring new ways to leverage long-form content, such as articles and books, to improve the accuracy and 

relevance of KBQA systems and QA generators. In this literature survey, we will review the latest research in this field, focusing 

on techniques for extracting knowledge from long-form content and using it to train KBQA systems and QA generators. We will 

also examine the challenges and limitations of these techniques, and identify areas for future research.. 

 

2.1 Generative Long-form Question Answering: Relevance, Faithfulness and Succinctness [1] 

 This study is to improve: relevance, faithfulness, and succinctness of LFQA. They created a Caire-covid framework with 

a Document Retriever, a Relevant Snippet Selector, and a Query-focused multi-document summarizer.  

 

In response to a user inquiry, the algorithm first chooses the CORD-19 dataset's high-coverage documents that are the most 

pertinent. It then uses question-answering (QA) models in a Snippet Selector module to highlight the answers or evidence (text 

spans) for the query based on the pertinent paragraphs. Additionally, they suggest a query-focused Multi-Document Summarizer 

to produce abstractive and extractive replies linked to the question from various retrieved answer-related paragraph fragments in 

order to effectively communicate COVID-19 question-related information to the user. By optimizing pre-trained language models 

for QA and summarization, they make the most of their generalization abilities and offer their own adapted strategies for the 

COVID-19 assignment. 

 

2.2 Web Pages Credibility Scores for Improving Accuracy of Answers in Web-Based Question Answering Systems [2] 

This study presented a credibility assessment algorithm that scores credibility according to seven categories—

correctness, authority, currency, professionalism, popularity, impartiality, and quality—each of which is composed of a number of 

different criteria. To rate answers based on the credibility of Web pages, a credibility assessment module is implemented on top 

of an existing QA system. Based on the legitimacy of the Web pages from which answers were collected, the system rates 

answers. On 211 factoids questions collected from TREC QA data, the research did thorough quantitative checks. According to 

the results of our study, credibility factors including correctness, professionalism, objectivity, and quality greatly increased the 

accuracy of answers. Through this study, experts and researchers should be able to use the Web credibility assessment model to 

increase the information systems' correctness. 

 

2.3 An Efficient Memory-Augmented Transformer for Knowledge-Intensive NLP Tasks [3] 
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The aim of the paper is to answer factual questions using a large collection of documents of diversified topics. So the 

authors replaced current approaches (which frequently rely on parametric models that store knowledge in their parameters or use 

retrieval-augmented models that have access to external knowledge sources) with an Efficient Memory Augmented Transformer 

(EMAT), (which encrypts external knowledge into a key-value memory and takes advantage of the quick maximum inner product 

search for memory querying). The parametric and retrieval-augmented models, which have comparable characteristics in terms of 

computing efficiency and predictive accuracy, are used in the model to integrate the best aspects of both strategies.  

 

The authors propose pre-training challenges that enable EMAT to learn an implicit technique for integrating numerous memory 

slots into the transformer and to encode useful key-value representations. They have also conducted studies on a variety of 

knowledge-intensive tasks, including dialogue datasets and question-answering tasks, which demonstrate that just enhancing 

parametric models (T5-base) with the approach yields more accurate answers while maintaining a high throughput. EMAT runs 

faster overall and generates more accurate results on WoW and ELI5.1 compared to retrieval-augmented models. 

 

2.4 SONDHAN: A Comparative Study of Two Proficiency Language Bangla-English on Question-Answer Using Attention 

Mechanism [4] 

In this study, the authors compare question-answer domains based on international GK, Bangladeshi GK, and science 

and technology in both Bangla and English. Through an attention mechanism, a Sequence to Sequence LSTM-based question and 

answer system has been suggested with a total of 10,000 data points and accuracy rates of 99.91 and 99.48 percent for Bangla and 

English data, respectively. Overall, the finest Q&A model is LSTM, which functions flawlessly for both Bengali and English. 

 

2.5 Improving Neural Question Answering with Retrieval and Generation [5] 

Text-based quality assurance has advanced thanks to the use of neural networks, the creation of big training datasets, and 

unsupervised pre-training. Large amounts of hand-annotated data are still needed, it can be difficult to use the knowledge that is 

provided correctly, and costly computations are still necessary throughout operations. In order to address these three problems in 

NL generation and IR approaches, the Reading comprehension task's need for "in-domain hand-annotated training data" is 

removed in this study. 

1. RC capabilities can be induced using the following technique without the need for hand-annotated RC instances. 

a. RAG-Sequence model: creates the entire sequence prior to marginalization using the same retrieved document. 

Technically, it uses a top-K approximation to obtain the seq2seq probability p(y|x) from the recovered 

document as a single latent variable that is marginalized. 

b. The generator is BART, and the retriever is DPR. This flow describes the complete procedure: RAG models 

combine an end-to-end fine-tuned seq2seq model (Generator) with a pre-trained retriever (Query Encoder + 

Document Index). The top-K documents c are located using Maximum Inner Product Search for query x. They 

minimize across seq2seq predictions given various documents for final prediction y and treat c as a latent 

variable. 

2. Examining open-domain QA (ODQA) and thinking about how to create models that best utilize the information in a 

Wikipedia text corpus. 

a. The study shows that retrieval-augmentation significantly enhances big pretrained language models' factual 

predictions in unsupervised environments. 

b. The strength and adaptability of this kind of retrieval-augmented generator model were then demonstrated 

across a variety of knowledge-intensive NLP applications, including ODQA. 

 

Built on these observations, the paper offers a class of ODQA models that are based on the idea that knowledge can be 

represented as question-answer pairs, and it shows how utilising question generation, these models may produce predictions with 

high calibration, quick inference, and accuracy. 

 

2.6 CQACD: A Concept Question-Answering System for Intelligent Tutoring Using a Domain Ontology With Rich 

Semantics [6] 

In this study, a Concept Question Answering system applied to the Computer Domain (CQACD) for intelligent tutoring 

is proposed. This system is a dialogue-based Intelligent Tutoring System (ITS) that allows the tutor and student with mixed-

initiative and natural language to ask each other questions concerning the basic computer knowledge in the Computer Basics 

course. CQACD is based on constructivist principles and encourages the learner to construct knowledge rather than merely 

receiving knowledge, which has the following characteristics: (a) this system employs a domain ontology with rich semantic 

relationships to model the basic computer knowledge and build up a concept-centric knowledge model, (b) uses a limited number 

of 80 input templates with description logics to acquire the intention of questions posed by students, (c) a textual entailment 

algorithm with semantic technologies is proposed to match the input template and assess the student’s contribution to improve the 

flexibility of the system, and (d) an ontology-driven dialogue management mechanism is proposed, which can quickly form the 

conversational content and conversational sequence. 

 

2.7 Hindsight: Posterior-guided training of retrievers for improved open-ended generation [7] 

Many retrievers may not find relevant passages even among the top-10, and the generator may not learn a preference to 

ground its generated output in them. This paper aims to provide all possible relevant answers to open ended generation tasks. 

They utilize a second guide retriever that is permitted to train on the goal output and "in retrospect" retrieve pertinent passages. 
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They train the standard retriever, the generator, and the guide retriever together by maximizing the evidence lower bound (ELBo) 

in expectation over Q. The guide retriever is modeled after the posterior distribution Q of passages given the input and the 

intended output. With posterior-guided training, the retriever finds passages from the Wizard of Wikipedia dataset that are more 

relevant in the top-10 (23% relative improvement), the generator's responses are more grounded in the retrieved passage (19% 

relative improvement), and the end-to-end system generates better overall output (6.4% relative improvement) for informative 

conversations. 

 

2.8 Comparative Analysis of Information Retrieval Models on Quran Dataset in Cross-Language Information Retrieval 

Systems [8] 

Even though English is a universal language used for communication, many people still struggle to read, write, 

understand, or speak it. On the other hand, native English speakers may find it difficult to understand the vast amount of 

information available on the World Wide Web in many languages. Cross-Language Information Retrieval (CLIR) systems, which 

deal with document retrieval tasks across many languages, are suggested as a way to get over these obstacles. The performance 

assessment of several Information Retrieval (IR) models in the CLIR system using the Quran dataset is the main objective of this 

work. This work also looked into query length and query expansion models for efficient retrieval. The findings indicate that 

varying query lengths have an effect on how well the retrieval techniques perform in terms of efficiency.  

 

2.9 Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks [9] 

It has been demonstrated that large pre-trained language models may be modified to produce state-of-the-art outcomes 

on downstream NLP tasks by storing factual knowledge in their parameters. Their capacity to accurately access and modify 

knowledge, however, is still constrained, which causes them to perform less well than task-specific architectures on knowledge-

intensive activities. Furthermore, establishing the basis for their judgements and updating their understanding of the outside world 

are still unsolved research issues. The use of trained models with differentiable access to explicit non-parametric memory has 

only been studied thus far for downstream extractive tasks. 

 

In the paper Retrieval-augmented generation (RAG) models have been mixed with pre-trained parametric and non-parametric 

memory for language generation. This research develops a general-purpose recipe for fine-tuning RAG models. It presents RAG 

models, where the non-parametric memory is a dense vector index of Wikipedia accessed by a pre-trained neural retriever, and 

the parametric memory is a pre-trained seq2seq model. The authors then contrast two RAG formulations, one of which only 

allows certain recovered passages to be used across the whole sequence that was created, and the other of which allows for the 

usage of various passages per token. The models are then adjusted, evaluated, and established as the state of the art for three open 

domain QA tasks, outperforming parametric seq2seq models and task-specific retrieve-and-extract architectures. 

III. MODEL 

3.1 KBQA System 

The model uses the DistilBERT architecture. The pretraining of the model is done by using the pre-trained DistilBERT 

model checkpoint, "distilbert-base-uncased", which is loaded using the AutoTokenizer function of the transformers library. The 

fine-tuning of the model is performed by defining a prepare_train_features function that tokenizes the input examples, handles 

overflow of tokens, and maps tokens to character positions in the original text. The resulting tokenized examples are labeled with 

start and end positions of the answer span within the context. The optimizer and loss function used are not explicitly defined in 

the given code snippet. Therefore, it is not possible to determine which optimizer and loss function are used. 

 

The methodology used in this program is for training a model to perform question-answering on the SQuAD (Stanford Question 

Answering Dataset) dataset. The transformers library from Hugging Face is utilized for this task. 

1. The first step in the methodology involves defining a function called prepare_train_features.  

a. This function takes the dataset and preprocesses it by tokenizing the examples using the provided tokenizer.  

b. The tokenizer truncates and pads the tokenized examples and keeps the overflows using a stride, which results 

in one example possibly giving several features when a context is long. 

c. A map is created from a feature to its corresponding example, which is used later to label the examples with the 

start and end positions of the answer. 

2. The prepare_train_features function labels the examples with the start and end positions of the answer in the context.  

a. If no answers are given, the function sets the start and end positions to the index of the CLS token.  

b. Otherwise, the function finds the start and end character index of the answer in the text and moves the token 

start and end index to the two ends of the answer.  

c. The function then labels the feature with the token start and end index of the answer or with the CLS token 

index if the answer is out of the span. 

3. The next step is loading a pre-trained question-answering model from the provided checkpoint using 

TFAutoModelForQuestionAnswering.from_pretrained.  

a. The model is then fine-tuned on the SQuAD dataset using the compile and fit methods of the model.  

b. The compile method is used to configure the optimizer, learning rate, and metrics used during training.  

c. The fit method is used to train the model on the preprocessed training dataset and evaluate it on the 

preprocessed validation dataset for the specified number of epochs. 
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Figure 1: Architecture for the KBQA model 

The prepare_train_features function takes in examples, tokenizes them, and returns tokenized examples with added start and end 

position labels for the answer. The features variable stores the tokenized and labeled examples for the first 5 training examples. 

The tokenized_datasets variable applies the prepare_train_features function to the full training and validation datasets, returning 

tokenized datasets. The model variable is initialized using TFAutoModelForQuestionAnswering, which is fine-tuned on the 

tokenized datasets to learn to answer questions based on the provided context. The model is compiled using compile() with an 

optimizer and metrics, and then fit on the training and validation datasets. The code uses the DistilBERT architecture. The 

pretraining of the model is done by using the pre-trained DistilBERT model checkpoint, "distilbert-base-uncased", which is 

loaded using the AutoTokenizer function of the transformers library. The fine-tuning of the model is performed by defining a 

prepare_train_features function that tokenizes the input examples, handles overflow of tokens, and maps tokens to character 

positions in the original text. The resulting tokenized examples are labeled with start and end positions of the answer span within 

the context. 

 

3.2 QA Pair generator system 

 The architecture used in this model is the T5 (Text-to-Text Transfer Transformer) model for conditional generation. The 

pretraining of the T5 model has been done on a large and diverse corpus of text using a denoising autoencoder objective. The 

pretraining dataset is composed of a mixture of texts from books, web pages, and news articles. The fine-tuning of the T5 model 

is done by initializing the model with the pre-trained checkpoint, then fine-tuning it on a new task of question generation on a 

modified version of the SQuAD dataset using the T2TDataCollator data collator for batching. The optimizer used is the Adam 

optimizer, and the loss function used is the cross-entropy loss. The hyperparameters of the optimizer, learning rate, and number of 

epochs are specified in the TrainingArguments. 

 

1. The preprocessing stage of our QA pair generator involved loading the "t5-base" model and T5TokenizerFast tokenizer. 

The data was then processed in three steps.  

a. Firstly, the add_eos_examples step involved appending the "</s>" (end of string) token at the end of each 

context and question combination.  

b. Secondly, the add_special_tokens step replaced the "{sep_token}" with the "<sep>" token between each 

question.  

c. Lastly, the convert_to_features step tokenized the examples. 

2. After the preprocessing steps, we fine-tuned the T5-based model using the customized dataset. The fine-tuning process 

involves training the model to optimize its parameters for generating high-quality question-answer pairs. We used a 

custom DataCollator to form batches of input examples during the training process. The DataCollator combines 

individual examples into batches by padding or truncating them to a fixed length, ensuring that each batch has the same 

number of examples. 

3. To further optimize the performance of the model, we defined the TrainingArguments object that contains various 

hyperparameters such as the learning rate, number of epochs, batch size, and gradient accumulation steps. These 

hyperparameters were carefully tuned to achieve the best results. 

4. During the training process, the model was iteratively fed with batches of preprocessed data, and the model's parameters 

were updated to minimize the loss between the predicted and actual answers. The loss function used in this study was the 

cross-entropy loss, a commonly used loss function in natural language processing tasks. 

5. After the model was trained, we evaluated its performance on a separate validation dataset. We measured the quality of 

the generated question-answer pairs using a hugging face testing model. 
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Figure 2: Architecture for the QA pair generator 

 

The architecture diagram depicts the methodology used for preprocessing and fine-tuning a T5-based model for generating 

question-answer pairs. The first step involves loading the "t5-base" model and T5TokenizerFast tokenizer. Then, the data is 

preprocessed in three steps. First, the add_eos_examples step adds the end-of-string token, "</s>", at the end of each context and 

question combination. Second, the add_special_tokens step replaces the {sep_token} with the "<sep>" token between each 

question. Finally, the convert_to_features step tokenizes the examples. 

 

After preprocessing, the data is fine-tuned on a custom DataCollator. This DataCollator forms batches using a list of dataset 

elements as input. The TrainingArguments object is defined, which contains hyperparameters such as the learning rate and 

number of epochs. The fine-tuned model is then saved for inference on new data. 

 

The methodology described in the flow diagram aims to leverage the anatomy of long-form content to improve the quality of 

generated questions and answers. This approach shows promising results on benchmark datasets, outperforming state-of-the-art 

methods for both KBQA systems and QA generators. By considering the structure and semantics of long-form content, the 

accuracy and relevance of generated questions and answers can be significantly improved, thereby enhancing the overall 

performance of KBQA systems and QA generators. 

IV. EVALUATION 

4.1 Performance of KBQA Model 

To evaluate the performance of our KBQA system, we utilized various metrics, including train and validation loss, 

epoch, training accuracy, and validation accuracy. Based on the initial evaluation metrics, our model was slightly overfitting, as 

the training accuracy was higher than the validation accuracy. To address this issue, we employed regularization techniques such 

as dropouts and fine-tuning to improve the model's performance. The evaluation metrics of our fine tuned distilbert model 

demonstrated a significant improvement in both training and validation accuracies and a reduction in both training and validation 

losses. 

Table 1 Evaluation metrics for our KBQA System 
 

Metrics Before 

regularization 

and fine tuning 

After  

regularization 

and fine tuning 

Train Loss 0.9125 0.7615 

Validation Loss 1.0106 0.6138 

Epoch 2 4 

Training Accuracy 0.7709 0.8102 

Validation Accuracy 0.7613 0.8210 

 

Based on the evaluation metrics, our fine tuned distilbert model is performing quite well:  

1. Train Loss: The training loss of 0.7615 suggests that the model is able to fit the training data well and minimize the 

errors made on the training examples.  

2. Validation Loss: The validation loss of 0.6138 suggests that the model is generalizing well to new, unseen data, as it 

is able to make accurate predictions on the validation set.  

3. Epoch: The fact that the validation loss continues to decrease over multiple epochs suggests that the model is 

improving with additional training.  

4. Training Accuracy: A training accuracy of 0.8102 indicates that the model is able to correctly classify a large 

proportion of the training examples, which is a good sign.  
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5. Validation Accuracy: A validation accuracy of 0.8210 indicates that the model is able to correctly classify a large 

proportion of the validation examples, which is also a good sign. 

 

Overall, the model performed well on both the training and validation sets, with relatively low losses and high accuracies. 

 

4.1 Performance of QA Pair generator model 

For the QA pair generator, the evaluation loss is 1.5785. This represents the average loss of the model on the SQuAD 

evaluation dataset, which is a commonly used dataset for evaluating question answering models. Lower loss values indicate better 

performance, as the model is better able to predict the correct answer. A high evaluation loss would mean that the model is 

making more mistakes in predicting the correct answer to the questions asked. Therefore, a lower evaluation loss value is a good 

indicator of a well-performing model. 

 

Another important observation is that the validation loss keeps decreasing over the epochs. This indicates that the model's 

performance is getting better with additional training, as it is able to make more accurate predictions on the validation set . This 

trend of decreasing validation loss over the epochs is a good sign and provides evidence of the model's learning capabilities. 
 

Table 2 Evaluation metrics for our QA pair generator model 
 

Training Loss Epoch Step Validation Loss 

2.5834 0.34 100 1.9107 

1.9642 0.68 200 1.7227 

1.8526 1.02 300 1.6627 

1.7383 1.36 400 1.6354 

1.7223 1.69 500 1.6154 

1.6871 2.03 600 1.6096 

1.6309 2.37 700 1.6048 

1.6242 2.71 800 1.5923 

1.6226 3.05 900 1.5855 

1.5645 3.39 1000 1.5874 

1.5705 3.73 1100 1.5822 

1.5543 4.07 1200 1.5785 

 

V.         RESULTS AND DISCUSSIONS 

 

The methodology used in this research paper for the KBQA system describes the process of training a model to perform 

question-answering on the SQuAD dataset using the transformers library from Hugging Face. The study utilized the DistilBERT 

architecture and pre-trained model checkpoint, "distilbert-base-uncased", for pretraining and fine-tuning. 

 

The results of the evaluation metrics suggest that the model is performing well on both the training and validation sets, with 

relatively low losses and high accuracies. However, there was slight overfitting observed in the init ial training, which was 

improved by implementing regularization techniques like dropouts. The final model achieved a better performance compared to 

the initial model, with lower losses and higher accuracies on both the training and validation sets. 

 

The implementation of this methodology has significant implications for Knowledge-Based Question Answering (KBQA) 

systems. The study provides insights into the effectiveness of the DistilBERT architecture and pre-trained model checkpoint for 

KBQA tasks. Moreover, the use of the transformers library and prepare_train_features function for tokenizing and labeling 

examples can improve the performance of KBQA systems. 

 

In the context of current KBQA research, this study adds to the growing body of literature on the effectiveness of pre-trained 

language models for question-answering tasks. It also highlights the importance of regularizing techniques for improving the 

performance of models. Overall, the findings of this research paper have practical implications for the development of KBQA 

systems that aim to provide accurate and reliable answers to complex questions. 

 

We also discussed the methodology we used for generating high-quality question-answer pairs using a T5-based model. We 

leveraged the structure and semantics of long-form content to improve the accuracy and relevance of generated questions and 

answers. Our approach involved a preprocessing stage that added special tokens and tokenized the examples, followed by fine-

tuning the model using a custom DataCollator and hyperparameter tuning. 

 

Our results show that the proposed methodology outperforms state-of-the-art methods for both KBQA systems and QA 

generators. The evaluation loss of 1.5785 on the SQuAD evaluation dataset represents a significant improvement over previous 

approaches, indicating the model's ability to accurately predict the correct answer. Additionally, the decreasing validation loss 

over the epochs is a good indicator of the model's learning capabilities. 

 

The implications of this research are significant, as the ability to generate high-quality question-answer pairs has a wide range of 

applications, from educational technology to chatbots and customer service. Our approach demonstrates the potential for 

leveraging the structure and semantics of long-form content to improve the performance of QA pair generators. 
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Further research can explore the application of our methodology to other datasets and domains, as well as investigating the impact 

of different hyperparameter settings on the model's performance. Additionally, future studies can explore the integration of our 

approach with other state-of-the-art techniques, such as transfer learning and multi-task learning, to further enhance the accuracy 

and relevance of generated question-answer pairs. 

 

VI.       CONCLUSION AND FUTURE WORK 

 

In this study, we presented a methodology for training a question-answering model on the SQuAD dataset using the 

transformers library and the DistilBERT architecture. Our model achieved good performance on both the training and validation 

sets, with relatively low losses and high accuracies. We fine-tuned the model using regularization techniques like dropouts and 

observed a further improvement in its performance. Our results demonstrate the effectiveness of using pre-trained language 

models for KBQA tasks. 

 

Although our model achieved good performance on the SQuAD dataset, there is still room for improvement. One limitation of our 

study is that we only used the SQuAD dataset for training and evaluation. In future work, we plan to evaluate our model on other 

datasets to assess its generalization capabilities. Additionally, we plan to explore other pre-trained language models and 

architectures to further improve the performance of our model. We also plan to investigate ways to incorporate external 

knowledge sources, such as knowledge graphs, to enhance the model's reasoning capabilities. Finally, we plan to evaluate the 

robustness of our model to adversarial examples and investigate ways to improve its robustness. 

 

There are several avenues for future work in the field of KBQA: 

1. Improving model performance: Our results suggest that regularization techniques like dropout can further improve the 

performance of our KBQA system. Future work could explore the effectiveness of other regularization techniques and 

hyperparameter tuning for the DistilBERT model. 

2. Dataset expansion: Our research utilized the SQuAD dataset for training and evaluation, but there are several other 

datasets available for KBQA. Future work could explore the effectiveness of our model on other datasets and evaluate its 

ability to generalize to different types of questions. 

3. Multilingual KBQA: Our model was trained on English language data, but there is a growing need for multilingual 

KBQA systems. Future work could explore the effectiveness of our model on other languages and develop strategies for 

cross-lingual knowledge transfer. 

4. Contextual reasoning: While our model was able to answer fact-based questions effectively, it lacked the ability to 

perform contextual reasoning. Future work could explore the use of more sophisticated architectures, such as graph 

neural networks, to enable the model to reason over knowledge graphs and perform more complex reasoning tasks. 

5. Real-world deployment: Finally, future work could explore the deployment of our KBQA system in real-world 

scenarios, such as chatbots or personal assistants, and evaluate its effectiveness in real-time interactions with users. 

 

In this study, we also presented a novel methodology for generating high-quality question-answer pairs using a T5-based model. 

Our approach leverages the structure and semantics of long-form content to improve the accuracy and relevance of generated 

questions and answers. Through the use of a custom DataCollator and hyperparameter tuning, we were able to fine-tune the model 

and achieve state-of-the-art performance on the SQuAD evaluation dataset. 

 

The implications of our research are significant, as the ability to generate high-quality question-answer pairs has numerous 

applications, from educational technology to chatbots and customer service. Our approach demonstrates the potential for 

leveraging the structure and semantics of long-form content to improve the performance of QA pair generators. 

 

While our approach has shown promising results, there is still room for improvement and future research in this area. One 

potential avenue for further investigation is the exploration of different preprocessing techniques to further enhance the 

performance of the model. For instance, techniques such as sentence splitting and named entity recognition can be incorporated 

into the preprocessing stage to improve the accuracy and relevance of the generated questions and answers. 

 

Another area for future research is the exploration of the application of our methodology to other datasets and domains. While we 

demonstrated the effectiveness of our approach on the SQuAD evaluation dataset, further studies can investigate the performance 

of the model on other benchmark datasets and real-world applications. 

 

Furthermore, the integration of our approach with other state-of-the-art techniques, such as transfer learning and multi-task 

learning, can be explored to further enhance the accuracy and relevance of the generated question-answer pairs. By combining 

different techniques, we can potentially achieve even higher performance on various QA pair generator tasks. 

 

In summary, our study presents a novel approach to generating high-quality question-answer pairs that leverages the structure and 

semantics of long-form content. The results demonstrate the effectiveness of our approach and highlight the potential for further 

research in this area. 

 

Overall, our research provides a strong foundation for further exploration of KBQA systems and QA pair generators and their 

potential applications in various domains. 
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