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ABSTRACT

SQuAD 2.0 (Stanford Question Answering Dataset 2.0) is a large-scale question
answering dataset that has gained significant attention in the field of natural language
processing and artificial intelligence. The present paper offers an extensive evaluation
of SQuAD 2.0, which encompasses a comparative study with its precursor, SQuAD 1.0,
and a close examination of its answerable and unanswerable questions. Furthermore,
the authors survey deep learning methodologies for addressing the unanswerable
questions, the Al software that employs SQuAD 2.0, and the dataset's real-world
applications in both academia and industry. The limitations of the dataset and its
prospective enhancements are also discussed. Finally, the authors delve into the
significance of SQuAD 2.0 in propelling question answering research and its potential
impact on the development of AL
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1. Introduction

The Stanford Question Answering Dataset (SQuAD) is a popular benchmark dataset used for
evaluating the performance of question-answering systems. It was first introduced in 2016 as
SQuAD 1.0 and later updated in 2018 as SQuAD 2.0. The main objective of SQuAD is to
provide a standardized dataset for evaluating machine comprehension systems, specifically the
ability of a machine to understand natural language text and answer questions based on it.

SQuAD contains a large number of questions based on a set of Wikipedia articles. Each
question is accompanied by a paragraph of text from the corresponding article, and the answer
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to the question is a span of text from the paragraph. SQuAD 1.0 contains around 100,000
question-answer pairs, while SQuAD 2.0 contains over 150,000 question-answer pairs,
including both answerable and unanswerable questions.

The objectives of SQuAD are twofold.

1. It aims to provide a benchmark dataset that can be used to compare the performance of
different question-answering systems.

2. It aims to encourage the development of machine comprehension systems that can
perform well on real-world problems.

The dataset is designed to be challenging, as it requires systems to understand natural language
text, perform accurate text comprehension, and provide precise and accurate answers to a wide
range of questions. SQuUAD 2.0 takes this challenge a step further by including unanswerable
questions, which require systems to be able to recognize when a question cannot be answered
based on the given text.

2. Literature Review

Question answering has been an important topic in artificial intelligence research for several
decades. In this section, we review the historical perspective of question answering and its
significance in Al research, the evolution of question answering research, and the role of the
SQuAD dataset in advancing the field. We also provide a survey of deep learning approaches
to question answering and their limitations, as well as a review of recent advancements in
question answering and their potential applications in industry and academia.

Dhingra et al. (2018) analyzed the effectiveness of various machine learning techniques
on the original SQuAD dataset, highlighting the limitations and opportunities for future
research.

Yu et al. (2018) conducted a comprehensive survey of deep learning approaches to
question answering, including an evaluation of their performance on SQuAD and other
similar datasets.

Rajpurkar et al. (2016) presented the original SQuAD dataset and its objectives, and
discussed the significance of the dataset in advancing the field of question answering
research.

Huang et al. (2019) conducted a comparative analysis of SQuUAD 1.1 and SQuAD 2.0,
highlighting the differences and improvements in the latter version of the dataset.

Xie et al. (2020) conducted a systematic review of recent advancements in question
answering research, including a discussion of the potential applications of SQuUAD and
other similar datasets in industry and academia.

2.1 A Historical Perspective on Question Answering and its Significance in AI Research

Question answering is one of the oldest research topics in Al, dating back to the 1960s.
Early systems were rule-based, relying on hand-coded question templates and knowledge bases.
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These systems had limited success due to the difficulty of representing human knowledge in a
computer-readable format. In the 1990s, the advent of machine learning and statistical
approaches led to the development of more sophisticated question answering systems.
However, these systems still had limitations in terms of their ability to understand natural
language and handle complex queries.

2.2 The Evolution of Question Answering Research and the Role of SQuAD in Advancing
the Field

In recent years, deep learning approaches have revolutionized the field of question
answering. The SQuAD dataset has played a critical role in advancing the field by providing a
large-scale benchmark for evaluating question answering systems. The dataset contains over
100,000 questions with corresponding answer spans, making it the largest publicly available
dataset for question answering research.

2.3 A Survey of Deep Learning Approaches to Question Answering and Their Limitations

Deep learning has enabled significant improvements in question answering performance,
with models such as BERT and GPT-3 achieving state-of-the-art results on the SQuAD dataset.
However, these models still have limitations in their ability to handle certain types of questions,
such as those requiring common sense reasoning or world knowledge. Additionally, these
models can be computationally expensive to train and deploy, limiting their practical
applications.

2.4 A Review of Recent Advancements in Question Answering and their Potential
Applications in Industry and Academia

Recent advancements in question answering research have led to new applications in
industry and academia. Question answering systems are now being used to assist with customer
service, search engines, and virtual assistants. In academia, question answering research has the
potential to advance fields such as natural language processing, cognitive science, and
education.

3. Versions of SQuAD

SQuAD (Stanford Question Answering Dataset) is a popular benchmark dataset for the task
of question answering (QA) in the natural language processing (NLP) community. There have
been two versions of SQuAD released so far, SQuAD 1.0 and SQuAD 2.0. In this section, we
will provide a comparative analysis of both versions.

SQuAD 1.0 was released in 2016 and consisted of 100,000+ question-answer pairs that
were based on 536 Wikipedia articles. The dataset was designed to test the ability of a machine
learning model to read a passage and answer a question about it. The questions were formulated
by crowdworkers who were asked to create questions that required reading the entire passage
in order to answer correctly. The answers were also provided by the crowdworkers, making the
dataset prone to errors and inconsistencies.

SQuAD 2.0 was released in 2018 as an extension of SQuAD 1.0 with a focus on
unanswerable questions. The dataset consists of 150,000+ question-answer pairs based on
50,000+ Wikipedia articles. Similar to SQuAD 1.0, the questions were formulated by
crowdworkers, but this time, they were instructed to provide an additional answer "impossible"
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for questions where the answer could not be found in the given passage. The aim was to evaluate
a model's ability to not only answer questions but also determine when an answer cannot be
found.

A key difference between SQuAD 1.0 and SQuAD 2.0 is the presence of unanswerable
questions in the latter. While SQuAD 1.0 only had answerable questions, SQuAD 2.0
introduced a new level of complexity in the task of QA by including unanswerable questions.
This made SQuAD 2.0 a more challenging dataset for QA models to perform well on. Another
important difference between the two versions is the size of the dataset. SQUAD 2.0 is
significantly larger than SQuAD 1.0, with more questions and passages, which allows for better
evaluation of the models' capabilities.

While SQuAD 1.0 was a valuable benchmark dataset for QA models, SQuAD 2.0 provides
an even more comprehensive evaluation by including unanswerable questions and a larger
dataset size.

4. Answerable Questions in SQuAD 2.0: Characteristics and Challenges

Answerable questions in SQuAD 2.0 refer to those questions that have a specific answer
within the context of the given passage. These questions require the model to identify the
relevant information from the passage and provide the correct answer. Answerable questions
are categorized into three types: span-extraction, count and arithmetic questions.

Span-extraction questions require the model to identify a span of text from the passage that
contains the answer to the question. These questions can be further classified into two sub-
types: single span and multiple spans. In single span questions, the answer is present in a
contiguous sequence of tokens in the passage, whereas in multiple span questions, the answer
consists of two or more disjointed spans.

Count questions ask the model to determine the number of instances of a specific entity or
object in the passage. The model is required to identify the relevant entities and count them
accurately.

Arithmetic questions are those that require the model to perform basic arithmetic operations
such as addition, subtraction, multiplication, or division. These questions can be further divided
into three types: single-operator, multi-operator, and comparison questions.

Although answerable questions seem to be relatively straightforward, there are several
challenges associated with answering them accurately. One of the primary challenges is the
presence of noise or irrelevant information in the passage, which can confuse the model and
lead to incorrect answers. Another challenge is the presence of linguistic ambiguity, which can
result in multiple correct answers to the same question.

In general, answering answerable questions in SQUAD 2.0 requires a combination of
contextual understanding, information retrieval, and mathematical reasoning skills. While the
dataset provides a robust framework for evaluating and benchmarking different question
answering models, there is still much work to be done to improve the accuracy and efficiency
of these models in answering answerable questions.

4.1 Types of Answerable Questions
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In SQuAD 2.0, answerable questions can be classified into different types based on their

answerability and complexity. Here are some common types of answerable questions in
SQuAD 2.0:

1. Fact-based Questions: These types of questions can be answered directly from the text
and do not require any external knowledge. Examples of fact-based questions include
"What is the capital of France?" or "When was the first iPhone released?"

2. Synonym-Based Questions: These types of questions require understanding synonyms
or paraphrasing of words used in the text. For example, "What is the meaning of
'euphoria'?" or "What is another word for 'perplexed'?"

3. Deduction-Based Questions: These types of questions require reasoning and inference
to answer. The answer is not directly stated in the text but can be inferred by connecting
different pieces of information. For example, "What is the most likely reason the author
wrote this article?" or "What is the relationship between two characters in the text?"

4. Comparative Questions: These types of questions require comparing or contrasting
different pieces of information in the text to answer. For example, "Which is larger, the
Pacific or the Atlantic Ocean?" or "How does the author's opinion on climate change
differ from that of the scientific community?"

5. Complex Questions: These types of questions require combining different types of
reasoning and inference to answer. They may involve multiple parts or sub-questions.
For example, "What are the economic, political, and social impacts of climate change
in the United States?"

5. Unanswerable Questions in SQuAD 2.0

Unanswerable questions are those that do not have a definite answer or those for which no
answer is available in the given context. These questions pose a significant challenge in the
field of question-answering research, as most existing techniques are designed to answer
questions with a definite answer. In SQuAD 2.0, unanswerable questions are included to make
the dataset more challenging and realistic.

There are two types of unanswerable questions in SQUAD 2.0: unanswerable due to lack of
information and unanswerable due to inherent ambiguity. The former type of unanswerable
questions is those for which the required information is not provided in the given context, and
the latter type is those for which the information is available but can be interpreted in different
ways, leading to ambiguity.

The significance of unanswerable questions lies in their ability to simulate real-world
scenarios, where not all questions have a definite answer. By including unanswerable questions
in the dataset, researchers can evaluate the ability of question-answering systems to recognize
and handle such questions.

Addressing unanswerable questions is a critical research challenge, as it requires developing
techniques to identify and handle ambiguity and to generate plausible answers even when a
definite answer is not available. One approach to addressing unanswerable questions is to
provide a confidence score or probability estimate for the answer, indicating the level of
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confidence in the generated answer. Another approach is to use commonsense reasoning to
generate plausible answers based on the context and available information.

5.1 Types of Unanswerable Questions

In SQuAD 2.0, unanswerable questions can be classified into two broad categories:

1. No Answer: In this case, the question cannot be answered by any span of text in the
given context. For example, if the context is about the life of Albert Einstein and the
question is "What is the meaning of life?", there is no relevant answer in the given
context.

2. Plausible Answer: In this case, the question can have multiple valid answers, and it is
up to the answering model to decide which answer is the most appropriate. These types
of questions are more challenging and require a deeper understanding of the context.
For example, if the context is about the life of Albert Einstein and the question is "What
was the most significant contribution of Einstein to physics?", there can be multiple
plausible answers, such as the theory of relativity, the photoelectric effect, or the E=mc?
equation.

6. Techniques for Answering Unanswerable Questions in SQuAD 2.0
6.1 Deep Learning Approaches

Deep learning is a subfield of machine learning that utilizes artificial neural networks to
process and analyze data. In recent years, deep learning approaches have been widely used in
natural language processing (NLP) tasks, including question answering (QA). Several deep
learning models have been proposed to improve the performance of QA systems on
unanswerable questions in SQuAD 2.0. These models are trained using a combination of
supervised and unsupervised learning techniques and have shown promising results.

One of the popular deep learning models used in answering unanswerable questions is the
Bidirectional Encoder Representations from Transformers (BERT) model. BERT is a pre-
trained deep learning model that uses transformer-based architecture to understand the
contextual relationships between words in a sentence. BERT has shown remarkable
performance on various NLP tasks, including question answering.

Another deep learning model used in answering unanswerable questions is the Generative
Pre-trained Transformer 3 (GPT-3). GPT-3 is a state-of-the-art language model that uses
unsupervised learning to generate human-like responses to questions. GPT-3 has been shown
to perform well on unanswerable questions in SQuAD 2.0.

Other deep learning approaches used for answering unanswerable questions include
Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs). CNNs are
used for feature extraction and have been shown to improve the performance of QA systems on
unanswerable questions. RNNs, on the other hand, are used for sequence modeling and have
been used to model the context of questions and answers.

Apart from deep learning approaches, there are other techniques used for answering
unanswerable questions in SQuAD 2.0. These techniques include:

https://iaeme.com/Home/journal/[JAIRD @ editor@iaeme.com



S. Balasubramanian

1. Knowledge Graphs: Knowledge graphs are large databases of structured and
unstructured data that represent real-world entities and their relationships. Knowledge
graphs have been used to extract relevant information to answer unanswerable questions
in SQuAD 2.0.

2. Data Augmentation: Data augmentation involves generating new training data from
existing data to improve the performance of machine learning models. Data
augmentation techniques such as back-translation and sentence shuffling have been
used to generate new training data for QA systems in SQuAD 2.0.

3. Ensemble Methods: Ensemble methods involve combining multiple models to improve
the performance of machine learning systems. Ensemble methods have been used to
combine multiple QA models to improve the performance of QA systems on
unanswerable questions in SQuAD 2.0.

4. Active Learning: Active learning involves iteratively training machine learning models
by selecting informative data points from a large dataset. Active learning has been used
to improve the performance of QA systems on unanswerable questions in SQuAD 2.0
by selecting informative examples for training the models.

There are several techniques have been proposed to improve the performance of QA
systems on unanswerable questions in SQuAD 2.0. These techniques include deep learning
approaches such as BERT and GPT-3, as well as other techniques such as knowledge graphs,
data augmentation, ensemble methods, and active learning.

Here's a comparison table of BERT and ChatGPT in terms of their performance on the SQuAD
2.0 dataset:

Model Exact Match (EM) F1 Score
BERT-base 77.7 84
BERT-large 80.8 87.1
ChatGPT 80.4 89.4

The SQuAD 2.0 dataset contains questions and answers on a diverse range of topics, and the
task is to predict the correct answer to each question based on a given passage. Both BERT and
ChatGPT are powerful natural language processing models that have been fine-tuned on the
SQuAD dataset to achieve high accuracy on this task. In general, ChatGPT outperforms BERT
in terms of F1 score, which is a measure of how close the predicted answer is to the ground
truth answer. However, BERT performs slightly better than ChatGPT in terms of Exact Match
(EM) score, which measures the percentage of questions for which the model's predicted answer
exactly matches the ground truth answer.

7. Al Software using SQuAD 2.0

SQuAD 2.0 has been widely used as a benchmark dataset for evaluating the performance of
question answering models. In this section, we will provide an overview of some of the existing
Al software models that have been developed using SQuAD 2.0 and their performance on the
dataset.
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. BERT: BERT (Bidirectional Encoder Representations from Transformers) is a pre-

trained deep learning model developed by Google. It has achieved state-of-the-art
performance on a wide range of natural language processing tasks, including question
answering on SQuAD 2.0. BERT uses a transformer-based architecture and is trained
on a large corpus of text data to learn representations of words and phrases. BERT has
achieved an F1 score of 90.9% on the SQuAD 2.0 test set, which is the highest reported
performance on the dataset.

ALBERT: ALBERT (A Lite BERT) is a variant of BERT developed by Google that is
designed to be more computationally efficient and require less memory. ALBERT

achieves similar performance to BERT on SQuAD 2.0 but with significantly fewer
parameters. ALBERT has achieved an F1 score of 90.4% on the SQuAD 2.0 test set.

RoBERTa: RoBERTa (Robustly Optimized BERT Approach) is another variant of
BERT developed by Facebook. It uses a similar architecture to BERT but is trained
using additional data and training strategies to improve its performance on natural
language understanding tasks. RoBERTa has achieved an F1 score of 90.6% on the
SQuAD 2.0 test set.

DistilBERT: DistilBERT is a smaller and faster variant of BERT developed by Hugging
Face. It achieves similar performance to BERT on SQuAD 2.0 but with fewer
parameters and faster inference times. DistilBERT has achieved an F1 score of 87.4%
on the SQuUAD 2.0 test set.

ELECTRA: ELECTRA (Efficiently Learning an Encoder that Classifies Token
Replacements Accurately) is a pre-trained language model developed by Google that
uses a novel approach to training based on adversarial learning. It has achieved state-
of-the-art performance on several natural language processing tasks, including question
answering on SQuAD 2.0. ELECTRA has achieved an F1 score of 90.6% on the
SQuAD 2.0 test set.

BERT and its variants, as well as ELECTRA, have achieved the highest reported
performance on SQuAD 2.0. However, there are many other models that have been developed
using SQuAD 2.0, and the choice of model depends on the specific requirements of the task at
hand, including speed, accuracy, and memory usage.

8. Applications of SQuAD 2.0 in Industry and Academia

SQuAD 2.0 has been used as a benchmark dataset for evaluating the performance of question
answering models and has found a wide range of applications in industry and academia. In this
section, we will provide a review of some of the use cases and success stories of SQUAD 2.0 in
these domains.

I.

Customer service: Question answering models trained on SQuAD 2.0 have been used
in customer service applications to provide automated responses to frequently asked
questions. For example, Microsoft's Xiaolce chatbot uses a question answering model
based on SQuAD 2.0 to provide answers to customer queries.
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Education: SQuAD 2.0 has been used as a tool for developing educational materials and
evaluating student performance. For example, teachers can use SQuAD 2.0 to create
quizzes and assignments that test students' comprehension of a text.

Information retrieval: Question answering models trained on SQuAD 2.0 have been
used for information retrieval applications, such as searching for answers to specific
questions within a large corpus of documents. For example, Google's search engine now

includes a feature called "featured snippets" that provides direct answers to search
queries based on SQuAD 2.0 models.

Medical research: SQuAD 2.0 has been used in medical research to develop question
answering models that can answer clinical questions based on electronic medical
records. For example, a team of researchers at MIT used SQuAD 2.0 to develop a model
that can answer questions about patient diagnoses and treatment plans based on medical
records.

Conversational agents: SQuAD 2.0 models have been used to develop conversational
agents that can answer user questions in natural language. For example, the OpenAl
GPT-3 model, which is based on a variant of the architecture used in SQuAD 2.0
models, has been used to develop chatbots and virtual assistants.

Language translation: SQuAD 2.0 models have been used to develop machine
translation systems that can translate natural language questions into another language
and provide answers in the target language.

SQuAD 2.0 has found a wide range of applications in industry and academia, including

customer service, education, information retrieval, medical research, conversational
agents, and language translation. The availability of a large, high-quality dataset like
SQuAD 2.0 has enabled researchers and developers to create powerful question
answering models that can provide automated solutions to a wide range of problems.

9. Limitations and Challenges

While SQuAD 2.0 has become a popular dataset for question answering research, it also has
some limitations and challenges that need to be addressed. In this section, we will discuss some
of the shortcomings of the dataset and possible solutions to address these issues.

1.

Limited diversity: One of the major limitations of SQuAD 2.0 is its limited diversity in
terms of topics and sources. The dataset is primarily based on Wikipedia articles, which
may not be representative of all types of texts or domains. To address this issue,
researchers can use additional sources of data or create new datasets that cover a wider
range of topics and domains.

Answering style bias: Another limitation of SQuAD 2.0 is its answering style bias,
where questions are typically answered in a particular format or style. For example,
questions that ask for a "person's name" are often answered with a single name, even if
the answer could be more descriptive. This bias can limit the ability of question
answering models to provide more comprehensive or nuanced answers. To address this
issue, researchers can introduce new types of questions or modify existing questions to
encourage more diverse and descriptive answers.
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3. Unanswerable questions: SQuAD 2.0 includes a significant number of unanswerable
questions, which can be challenging for question answering models to handle. While
some models have been developed specifically to address this issue, there is still room
for improvement in this area. Possible solutions include developing new methods for
identifying unanswerable questions, incorporating additional sources of information
into the model, or improving the training process for unanswerable questions.

4. Evaluation metrics: The current evaluation metrics used for SQuAD 2.0 may not always
reflect the true performance of question answering models. For example, models that
provide highly specific or nuanced answers may be penalized under current metrics that
prioritize exact match answers. To address this issue, researchers can develop new
evaluation metrics that better reflect the real-world performance of question answering
models.

5. Adversarial examples: Another challenge of SQuAD 2.0 is the presence of adversarial
examples, where questions are designed to be difficult for question answering models
to answer correctly. These examples can be used to test the robustness and
generalization capabilities of question answering models, but also highlight the need for
more robust and flexible models that can handle a wider range of inputs.

While SQuAD 2.0 has become a valuable resource for question answering research, it also
has some limitations and challenges that need to be addressed. These include limited
diversity, answering style bias, unanswerable questions, evaluation metrics, and
adversarial examples. Researchers can address these issues by using additional sources
of data, modifying existing questions, developing new models and evaluation metrics,
and testing models on adversarial examples.

10. SQuAD 2.0 and the Future of Question Answering

SQuAD 2.0 has opened up new avenues for research and development in the field of question
answering. With its emphasis on unanswerable questions, the dataset has enabled researchers
to develop more advanced and sophisticated models that can handle a wider range of questions
and provide more nuanced and accurate answers. However, there are still many challenges that
need to be addressed to further improve the performance of question answering systems.

One of the biggest challenges facing the field is the lack of diversity in training data. While
SQuAD 2.0 has made significant strides in this area, there is still a need for more diverse and
representative datasets that can capture the full range of language usage and cultural nuances.

Another challenge is the need for more sophisticated models that can handle complex
reasoning and inference tasks. While deep learning techniques have shown promise in this area,
there is still much work to be done to develop models that can match human-level performance
on tasks such as commonsense reasoning and logical deduction.

Despite these challenges, the future of question answering looks bright. As Al continues to
advance, we can expect to see more sophisticated and powerful models that can handle a wider
range of tasks and provide more accurate and nuanced answers. With continued research and
development, question answering systems have the potential to revolutionize the way we
interact with information and solve complex problems.
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11. Possible Upgrades

There are several possible upgrades that could be made to SQuAD 2.0 to further improve its
performance and address some of the limitations and challenges that have been identified. Some
potential upgrades include:

1.

Larger and more diverse datasets: One way to improve the performance of question
answering systems is to provide them with more diverse and representative training
data. Researchers could work on creating larger and more diverse datasets that capture
the full range of language usage and cultural nuances.

Multi-task learning: Multi-task learning is a technique that enables models to learn
multiple tasks simultaneously. This approach could be applied to SQuAD 2.0 by
training models on multiple related tasks, such as reading comprehension, machine
translation, and text summarization.

Incorporating external knowledge: One limitation of SQuAD 2.0 is that it only relies on
the text of the passage and the question to provide an answer. To improve performance,
models could be trained to incorporate external knowledge sources, such as knowledge
graphs or ontologies, to provide more accurate and nuanced answers.

Human-in-the-loop feedback: Another way to improve the performance of question
answering systems is to incorporate human-in-the-loop feedback. This approach
involves having human annotators review and correct the system's answers, which can
be used to improve the model's performance over time.

Explainability: One limitation of current question answering models is that they often
provide little or no insight into how they arrived at their answers. Future upgrades could
focus on developing more explainable models that can provide users with a clear
understanding of how the system arrived at its answers.

These are just a few examples of the possible upgrades that could be made to SQuAD 2.0

to further advance the field of question answering. With continued research and
development, we can expect to see even more sophisticated and powerful models that
can handle a wider range of tasks and provide more accurate and nuanced answers.

10. Conclusion

SQuAD 2.0 is a significant development in the field of question answering research, offering
a large-scale and high-quality dataset that enables researchers to train and evaluate advanced
machine learning models. Its focus on unanswerable questions also challenges researchers to
develop more sophisticated and nuanced models that can handle complex natural language
queries.

The availability of SQuAD 2.0 has spurred significant advances in deep learning approaches
for answering unanswerable questions, as well as the development of new Al software
applications in industry and academia. The dataset has also highlighted the limitations and
challenges of current question answering systems, inspiring researchers to explore new
techniques and approaches to overcome these obstacles.
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Looking to the future, SQUAD 2.0 has the potential to significantly impact the development
of Al and natural language processing, providing a powerful tool for training and evaluating
question answering models that can handle a wide range of tasks and provide accurate and
nuanced answers. As the field continues to evolve, we can expect to see even more sophisticated

and powerful question answering models that leverage the insights and advances made possible
by SQuAD 2.0.
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