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Preface

This proceedings contains the papers presented at the 2nd Congress on Intelligent
Systems (CIS 2021), organized by CHRIST (Deemed to be University), Bangalore,
and Soft Computing Research Society, during September 4–5, 2021. Congress on
Intelligent Systems (CIS 2021) invited ideas, developments, applications, experi-
ences, and evaluations in intelligent systems from academicians, research scholars,
and scientists. The conference deliberation included topics specified within its scope.
The conference offered a platform for bringing forward extensive research and litera-
ture across the arena of intelligent systems. It provided an overview of the upcoming
technologies. CIS 2021 provided a platform for leading experts to share their percep-
tions, provide supervision, and address participants’ interrogations and concerns. CIS
2021 received 370 research submissions from 35 different countries, viz. Algeria,
Bangladesh, Burkina Faso, China, Egypt, Ethiopia, Finland, India, Indonesia, Iran,
Iraq, Kenya, Korea, The Democratic People’s Republic of Madagascar, Malaysia,
Mauritius, Mexico, Morocco, Nigeria, Peru, Romania, Russia, Serbia, Slovakia,
South Africa, Spain, Switzerland, Ukraine, United Arab Emirates, UK, USA,
Uzbekistan, and Vietnam. The papers included topics about advanced areas in tech-
nology, artificial intelligence, machine learning, and data science. After a rigorous
peer reviewwith the help of program committeemembers andmore than 100 external
reviewers, 135 papers were approved.

CIS 2021 is a flagship event of the Soft Computing Research Society, India.
The conference was inaugurated Fr Dr. Abraham VM, Honorable Vice-Chancellor,
CHRIST (Deemed to be University), Bangalore, and Chief Patron CIS 2021. Other
eminent dignitaries include Prof. Joong Hoon Kim, General Chair, CIS 2021; Fr.
Joseph Varghese, Patron, CIS 2021; and Prof. K. Balachandran, General Chair,
CIS 2021. The conference witnessed keynote addresses from eminent speakers,
namelyProf.Xin-SheYang,MiddlesexUniversity, TheBurroughs,Hendon, London,
Prof. P. Nagabhushan, Indian Institute of Information Technology Allahabad,
Prof. J. C. Bansal, South Asian University, New Delhi, India, Prof. Lipo Wang,
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Nanyang Technological University, Singapore, and Prof. Nishchal K. Verma, Indian
Institute of Technology Kanpur, India.

Noida, India
Kota, India
Bengaluru, India
Seoul, Korea (Republic of)
New Delhi, India
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A Comprehensive Survey on Machine
Reading Comprehension: Models,
Benchmarked Datasets, Evaluation
Metrics, and Trends

Nisha Varghese and M. Punithavalli

Abstract Machine reading comprehension (MRC) is a core process in question
answering systems. Question answering systems are capable to extract the answer
from relevant resources automatically for the questions posed by humans, and
machine reading comprehension brings attention to a textual understanding with
answering questions. Recent advancements in deep learning and natural language
processing pave the way to improve the accuracy in question answering systems
with the major developments in neural machine reading comprehension, transfer
learning, deep learning-based information retrieval, and knowledge-based informa-
tion extraction. Herein, this research analysis included the comprehensive analysis of
MRC tasks, benchmarked datasets, classic models, performance evaluation metrics,
and modern trends and techniques on MRC.

Keywords Baseline models · Benchmarked datasets · Evaluation metrics · MRC
tasks · MRC types

1 Introduction

Machine reading comprehension (MRC) is an indispensable task in the question
answering system and the machines learn and answering from the text by using the
series of modules in the MRC system. Read, learn, and understand the information
and answer the most relevant answer for the question is one of the tedious tasks for
machines. Each module in MRC plays a vital role in the question answering system
to deliver the most accurate answer. In the MRC system, machines can understand
the input documents and prepare the answers based on the given context, and it is
also one of the promising tasks for direct information retrieval from natural language
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documents in a more efficient manner rather than a sequence of associated Web
pages. The search engine retrieves an enormous amount of Web pages, here comes
the role of MRC. The user can input the query and the context into the MRC system
and the output extracted as the most relevant answer for the query. To recapitulate
the MRC for a given passage P and question Q, MRC tasks can retrieve the accurate
answer A to question Q by the function Ƒ , A = Ƒ(P, Q).

Since 2015, neural machine reading comprehension is a topic that caught fire in
researchers and NLP Community. Before that, MRC systems were presented with
substandard performance due to the limited and insufficient datasets and manually
designed syntactic-rule-based techniques and machine learning techniques. Typical
mathematical and statistical techniques andmethods like patternmatching, similarity
checking between query and context with automated natural language techniques
like stemming, lemmatization, named entity recognition are inadequate to extract
the exact answer in question answering systems.

PresentMRCsystems can gain success easilywith the emerging trends inNLP and
DNN techniques such as transfer learning,word vectorizationmethods, transformers,
RNN, LSTM, GRU, attention mechanisms, and pointer networks in sequence to
sequence modeling. To answer a question, the major challenges associated with
question answering systems are seeking out and explore the relevant resources and
then recognize and integrate the chunks of information from various repositories.
MRC requires a comprehensive understanding of the given context to answer the
question is one of the hurdles. This paper investigated through the most relevant and
highly profiled papers from 2015 to 2020, and the purpose of this survey is to analyze
and summarize the most promising models in MRC, various tasks or types of MRC
systems and its representative datasets, modules and approaches, emerging trends on
MRC and corresponding challenges.

2 Materials and Methods

This section contains machine reading comprehension tasks with examples, MRC
datasets examples, various types of MRC questions, a comprehensive description of
the latest MRC trends, MRC architecture with the elaborated explanation of each
module and the models, techniques, and methods using in corresponding modules.

2.1 Machine Reading Comprehension Tasks

Cloze Tests. These tests are gap-filling tests or fill in the blanks like question
answering; this type of question contains one or more blank space or gap in question.
To answer the questions, MRC systems should be emphasized on the comprehensive
understanding of context and the usage of vocabulary to fill in the blank with an
accurate answer. Cloze test, for a given passage P from which a word or element
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A(A ∈ P) is absent, then the model fills the gap with the most appropriate answer A
by the function Ƒ , A = Ƒ (P − {A}).

Multiple-Choice Questions (MCQ). MCQs are like factoid questions, which
contain a list of answers with one or more correct answers. Proper understanding
of the context is required to choose the right answer from the options. The formal
definition of MCQ, for a given the passage P, the question Q and possible answers
list A = {A1, A2, · · ·, An}, the MCQ task is to choose the accurate result Ai from
A (Ai ∈ A) by, ƑAi = Ƒ (P, Q, A).

Span Extraction. Span extraction reading comprehension is much more natural
than the cloze style and MCQ MRC tasks, certain words are inadequate to answer
the questions, and there may be no proper candidate answer in some cases. The
formal definition of span extraction MCQ [1], for a given passage P, with n tokens,
P = {t1, t2, · · ·, tn}, and the question Q, the task needs to extract the continuous
subsequence A = {

ti,ti+1, . . . . . . . . . ti+k
}
from passage P as the exact answer to the

question Q by using the function Ƒ , A = Ƒ (P, Q). Answer A should be a span that
is inferred from passage P.

Free Form Answering. Free form answering or open-domain question answering
(ODQA) delivers the correct information as the answer to the questions from various
huge relevant data repositories, which produces more accurate and flexible answers
and reduces the limitations of the previous tasks due to inadequate passage and
inconsistent choices. Free answering has some possibilities like the exact answer
contains in the context, the entities are from multiple contexts, all entities contained
in the context and question, part of entities in output is unexplored in the context or
question, and all entities in the answer are not contained in the context or question.
Free answering, for a given passage P and the question Q, the exact answer A may
not be the part of the input text, which means, the answer may or may not be is a
subsequence of P. The free form task needs to deliver the correct answer A by Ƒ , A
= Ƒ (P, Q).

2.2 Types of Machine Reading Comprehension Questions

Cloze Style. It is typically with a placeholder in a statement and maybe a declarative
sentence, imperative sentence, or any other pattern. Answer to question the system
needs to seek out an entity or phrase that is appropriate to fill in the blanks.

Natural Form. It is a question statement and that completely follows the grammatical
rules of the language. For example, “What is your name?”

Synthetic Style. These types of questions are the arrangements of words and that
need not conform to any grammar. The question in Fig. 1 is an example of synthetic
style.
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Fig. 1 Examples for synthetic style questions from QAngaroo dataset [2]

2.3 Latest Trends on Machine Reading Comprehension

In recent times, various machine reading comprehension datasets have been gener-
ated and that leads to the exponential increase in the research of the reading compre-
hension tasks and new trends. The type, size, model, characteristics, and application
or approach to each model are varying from dataset to dataset. The corpus type is
mainly divided into multi-model and textual.

Multi-modal machine reading comprehension is an emerging trend in the QA
system, which needs a comprehensive understanding of the textual data and the
visual data. The textual corpus contains only plain texts, whereas, in the multi-modal
MRC dataset, emphasis more on the given context of the text, architectures, images,
audio, diagrams, and sometimes videos are also included to answer the multi-modal
questions. Figure 2 is the example for multi-model MRC (M3RC), taken from TQA
[3], and the image comprises the rich diagram parsing category. Answer is extracted
based on the relevant information from the question and image with textual contents.

The latest challenges and trends are includingMRCwith unanswerable questions,
reading comprehensions such as multi-hop, multi-modal, paraphrased paragraph,
commonsense or world knowledge requiredMRC, complex logical reasoning, large-
scale MRC dataset, the domain-specific MRC, open-domain (ODQA) dataset, and
conversational MRC.

MRC with Unanswerable Questions. The complexity of the questions increases
with a lack of evidence to answer the question. Then the system will answer the
questions without any relevant content. It raises the problem of incorrect answer
prediction. Consequently, these types of questions are challenging and difficult to
retrieve answers from the context.

Multi-Hop Reading Comprehension (MHRC). The MHRC is effortful with the
multi-passage and complex corpora. The model requires more emphasis on these
kinds of documents withmulti-hop searching and reasoning. The datasets forMHRC
are SQuAD 2.0 [4], MS MARCO [5], natural questions [6] and NewsQA [7], and
all these datasets are the example for MRC with unanswerable questions.
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Fig. 2 Example for M3RC from textbook question answering; the answer extraction requires the
combined analysis of question and image with textual content [3]

ComplexReasoningMRC. Logic and complex reasoning are one of themost impor-
tant challenges in the MRC. Facebook CBT bAbI [8], DROP [9], RACE [10], and
CLOTH [11], LogiQA [12] are the datasets generated for logical reasoning.

Multi-modal Reading Comprehension (MMRC). Some complex or clear-cut
concepts, architectures, logic diagrams, circuit diagrams can represent efficiently
using images than text or a combination of both. TheMMRC task includes heteroge-
neous data, which is a combination of images and language, which increases reading
comprehension as an arduous task that may contain architectures, circuit diagrams,
graphs, and much more with various colors and patterns. The representative dataset
for the M3RC is TQA [3], RecipeQA [13], COMICS [14], and MovieQA [15].

MRCwith Commonsense orWorld Knowledge. Textual data is highly ambiguous
and problematic due to word sense ambiguities like polysemous words and para-
phrase sentences, semantic similarity conflicts, named entity recognition, and aspect
term identification, and human language is more complex than a textual document.
So, machine reading comprehension requires commonsense or world knowledge to
answering these kinds of questions. Representative datasets are CommonSenseQA
[16], ReCoRD [17], and OpenBookQA [18].

Conversational Machine Reading Comprehension (CMRC). The conversation is
the natural way of communication; it includes actions or gestures, and the anaphoric,
cataphoric, and exophoric references in compound statements are the other complex
things to detect in the conversational MRC. To alleviate the problem, in the process
of MRC on conversation needs, a proper identification of the previous conversations
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and historical data on the conversation. Some of CMRC datasets are CoQA [19],
QuAC [20], DREAM [21], and ShARC [22].

Domain-Specific Datasets. The context of a domain-specific dataset are taken from
a specific domain, such as academics, cooking, health, or clinical reports. CliCR [23]
is a medical domain cloze style MRC dataset, SciQ [24] is an MCQ–MRC dataset
questions in science exam generated by crowdsourcing, and COVID-QA consists
of 2019, COVID-19 questions which have been annotated into a broad category of
transmission, prevention, and more information concerning COVID-19. Some other
representative datasets are ReviewQA [25], SciTail [26], and PaperQA [27].

MRC with Paraphrased Paragraph. It alludes to the rephrasing passages using
synonyms and altered words without changing the meaning of the context, which
means the source context and paraphrased context are semantically similar. To extract
the right answer to these questions in the task of paraphrased MRC, the system
requires a comprehensive understanding of the true meaning of different versions of
context. Some of the representative datasets for a paraphrased paragraph are DuoRC
[28] and Who-did-What [29].

Open-Domain Question Answering (ODQA). The ODQA is a kind of task of
identifying answers to natural questions from a large corpus of documents. Initially,
the open-domain QA system starts with information retrieval to select a subset of
documents from the corpus and collections of unstructured documents. Some of the
representative datasets for ODQA areMCTest [30], CuratedTREC [31], Quasar [32],
and SearchQA [33].

3 MRC Architecture, Modules, and Baseline Models

Neural machine reading comprehension (NMRC) is the core process in the ques-
tion answering system. In NMRC process, context and question are the inputs and
produce the answer as results. Figure 3 depicts the MRC system which includes
four phases: word embedding, feature extraction, context–question interaction, and
answer prediction.

Fig. 3 Machine reading comprehension architecture
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3.1 Word Embedding

Word embedding is used to represent the text tokens by fixed-size vectors, and then,
the words which have related meaning have represented in a close vector space area.
The conversion of the text tokens into vectors is known as vectorization. These word
vectors can extract the information based on the meaning and structure of the input
context and the relationship between words in the context. The meaning of a word
depends on the context of words surrounded by it.

3.2 Feature Extraction

This phase takes the question and context embedding as input and extracts features
individually. It also checks out the semantic and structural information of the
sentences from the output of theword embedding. Some typical deep neural networks
applied to mine the contextual features are recurrent neural networks (RNN),
convolutional neural networks (CNN), and transformers.

3.3 Context–Question Interaction

Context–question interaction module extracts the semantic association between the
context and the question; herein the MRC provides more focus to the context and
question to transfer the most accurate information to the answer prediction module.
Attention mechanisms and one-hop or multi-hop interaction are used to capture the
relevant content from the input. The attention mechanism has concentrated more in
an input sequence and decides the position of the context in sequence with higher
precedence. One-hop interaction has calculated the context–query interaction only
once, but in multi-hop interaction, the context–query interaction calculation may be
more than once. Multi-hop interaction includes some methods to implement, first
computes the semantics between the context and query, then introduces memory
spaces to carry the prior memories process of the interaction, and finally, the hidden
states of RNN store the previous information of context–question interaction.

3.4 Answer Prediction

Answer prediction is the final module, which delivers the answers to questions based
on the actual context and also according to the specific tasks. To recapitulate, there
are four types of answer prediction: word predictor, option selector, span extractor,
and answer generator.Word predictor predicts the answer for close style tests and fills
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Fig. 4 Machine reading comprehension modules and methods of machine reading comprehension
system

the corresponding words or entities to the place holder. Option selector selects the
correct answer from candidate options for the multiple-choice tasks. Span extractor
retrieves the answer for a question from a specific input context. In answer generator,
the answers do not need to be exactly the subsequence of the input context, and
answersmaybegenerated frommultiple pieces of evidence in other contexts. Figure 4
illustrates all modules and associated methods of MRC.

4 Performance Evaluation Metrics

Performance evaluation metrics measure the correctness of the MRC tasks using
metrics. Evaluation metrics have been chosen for a specific dataset based on its
characteristics. Some datasets may require more than one metric. Accuracy is the
most common performance evaluation metrics for MRC models, and exact match,
precision, recall, F1, ROUGE, BLEU, HEQ, and METEOR are the other metrics
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Fig. 5 Statistics of performance evaluation metrics

followed by accuracy. For multiple-choice or cloze style tasks are usually evaluated
using accuracy, and the evaluation metrics such as exact match, precision, recall,
and F1measure are usually used for span extraction–prediction tasks. ROUGE and
BLEU are the popular measures for machine translation; recently, both metrics are
using for the MRC tasks. HEQ is the latest evaluation metric in MRC and is most
suitable for conversationalMRC tasks.METEOR includes the features like synonym
matching, and the other versions show higher accuracy in paraphrase matching, text
normalization, proper interaction between content word and function word. The
statistical analysis results of performance evaluation metrics included in Fig. 5. The
pie chart shows that accuracy is the most common evaluation metric with 42.5%.

4.1 Accuracy

It is the percentageof the queries that correctly answers by anMRCsystemaccurately,
which means the ratio between the total number of questions (N) in MRC and the
number of correctly answered questions (M). The accuracy can be calculated as in
Eq. (1).

Accuracy = M

N
(1)
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4.2 Exact Match

Exact match (EM) is the percentage of queries that match the correct answer with
the system-generated answer; the answers can be an entity, phrase, or a sentence,
but both answers should be equal. In the case of span extraction, both accuracy and
the EM are the same. But in the case of factoid questions, EM does not work well,
because there may or may not be a situation where the answer includes a part of the
actual answer. The EM can be calculated using Eq. (2).

Exact Match = M

N
(2)

4.3 Precision and Recall

To define precision and recall, it is necessary to understand true positives (TP), true
negatives (TN), false positives (FP), and false negatives (FN). False positives and false
negatives affect the accuracy; these values occur when your actual value opposes the
predicted value. Precision and recall are two types, token-level and question-level.
Precision, recall, and accuracy can be calculated using Eqs. (3), (4) and (5).

Precision = TP

TP + FP
(3)

Recall = TP

TP + FN
(4)

Accuracy = TP + TN

TP + FN + TN + FP
(5)

4.4 F1 Score (F Score or F Measure)

It shows the balance between precision and recall, and it can be calculated using
Eq. (6). Similar to precision and recall, the F1 score also in token-level F1 and
question-level F1. Token-level F1 for a single question can be calculated as in Eq. (7),
and the question-level F1 as in Eq. (8).

F1 = 2 × Precision × Recall

Precision + Recall
(6)
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F1TS = 2 × PrecisionTS × RecallTS
PrecisionTS + RecallTS

(7)

F1Q = 2 × PrecisionQ × RecallQ
PrecisionQ + RecallQ

(8)

4.5 Recall-Oriented Understudy for Gisting Evaluation
(ROUGE)

ROUGE [34] is a performance evaluation metric for text summary systems, machine
translation, MRC systems, and other NLP tasks. It includes five evaluation metrics.

ROUGE-N—ROUGE-1 (unigram), ROUGE-2 (bigrams), ROUGE-3 (trigrams)
and so on, ROUGE-L—Longest Common Subsequence (LCS)-based statistics,
ROUGE-W—Weighted LCS-based statistics, ROUGE-S—Skip-bigram-based co-
occurrence statistics, ROUGE-SU—Skip-bigram plus unigram-based co-occurrence
statistics. ROUGE-N is an n-gram recall between a candidate summary and a set of
reference summaries and can be calculated as in Eq. (9).

ROUGE-N =
∑

S∈{RS}
∑

gramn∈S Countmatch
(
gramn

)

∑
S∈{RS}

∑
gramn∈S Count

(
gramn

) (9)

4.6 Bilingual Evaluation Understudy (BLEU)

Auto-machine translation represents the quality of a model using the BLEU [35]
score, which shows the similarity between the context texts to the reference texts;
the similarity between the context text and the reference text is higher than the values
closer to one. BLEU can be calculated using Eq. (10). iBLEU is an interactive version
of BLEU, which compares two different systems visually and interactively and also
helps to visually estimate the BLEU scores obtained by the candidate translations.
The interpretations of the BLEU score are like the following Table 1.

BLEU = min

(
1, exp

(
1 − reference − length

output − length

))(
4∏

i=1

Precisioni

)1/4
(10)
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Table 1 BLEU score and
interpretation

BLEU score Interpretation

< 10 Almost useless

10–19 Hard to get the gist

20–29 The gist is clear but has significant grammatical
errors

30–40 Understandable to good translations

40–50 High-quality translations

50–60 Very high quality, adequate, and fluent
translations

60–69 Quality often better than human

4.7 Metric for Evaluation of Translation with Explicit
Ordering (METEOR)

METEOR [36] indicator uses recall and accuracy together to evaluate the model and
based on the harmonic mean of unigram precision and recall, with recall weighted
higher than precision. Unlike at the corpus level as in BLEU, the METEOR inter-
links the better correlation with a sentence level or segment level human judgment.
METEOR can be calculated using Eq. (11), where m is the total number of matched
words, ch number of chunks, and α, β, γ are the parameters are tuned to maximize
correlation with human judgments. The penality and Fmean can be estimated through
Eqs. (12) and (13), respectively.

Meteor = Fmean × (1 − Penality) (11)

Fmean = Precision × Recall

∝ ×Precision + (1− ∝) × Recall
(12)

Penality = γ ×
(
ch

m

)β

(13)

4.8 Human Equivalence Score (HEQ)

The HEQ [20] is a new MRC evaluation metric, which estimates how the model is
performing better than an ordinary person and that can be used in conversational
MRC datasets, such kind of datasets contains questions with multiple valid answers,
and then, the F1 score may be misleading. The HEQ score is computed by (14).

HEQ = M

N
(14)
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5 Summary and Conclusion

This research article has presented a comprehensive survey on neural machine
reading comprehension. First, it explained the need for anMRC system.MRC system
contains four modules, word embedding, feature extraction, question–context inter-
action, and answer prediction. First, the system needs input as question and context;
after that, both question and context will convert as word embedding. Any of the
vectorization methods can be chosen for the embedding process, the output of the
embedding transfer to the feature extraction module. In the second step, the most
essential features for the answer prediction will be captured. For this process, most
of the recent models use the transformer-based methodology, which emphasized
transfer learning and fine-tuning. Then the extracted features transfer to the context–
question interaction module, and finally, the system will predict the answer for the
question. Based on the trends and pattern, the selection of a model to extract the
accurate answer is an arduous task.

For the statistical analysis, 55 benchmarked datasets have been considered from
the period of 2015–2020, and these datasets included textual and multi-model
patterns. The tremendous increase in the large-scale datasets inMRC has contributed
to the highly accurate answers in the question answering system, instead of producing
the passageswith chunks of spreading answers.Various types ofMRCand the sources
of generation of the dataset are also included in the statistical analysis. In addition
to various performance evaluation metrics, the statistical analysis of metrics and the
need and role of each metrics in different tasks are also incorporated.

With the development of newmethods and models, especially the evolution of the
transformer model in 2017, it has shown exceptional and dramatically accelerated
performance not only in MRC but also for all natural language processing and deep
learning tasks. With the evolution of the transformer, Google developed a pertained
model BERT; in addition to that, numerous amounts of BERT versions have been
generated, which makes higher accuracy in the leader board of every benchmarked
dataset.
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