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ABSTRACT

With the exponential increase of available textual data,
transforming the natural language content into potential
information becomes crucial to assist the prominent
application domains. In Natural Language Processing (NLP)
applications, keyphrase generation has recently become
an increasingly prominent research topic. Even though
numerous advancements are realized in the current keyphrase
generation models, the proliferation of neural network
models profoundly impacted natural language generation
to a new era. Over the past several years, various studies on
keyphrase extraction and generation have been developed
that deliver significant contributions to the current state of
keyphrase generation research. The researchers confront
understanding the deep insights for further developments
from the conventional keyphrase generation research while
adopting the deep neural network models. Hence, this work
notably focuses on studying the keyphrase generations with
the impact of the exploding deep learning methods. This
survey briefly introduces keyphrase generation in NLP and
reviews the recent abstractive methods using deep learning
for meaningful keyphrase generation that achieves state-
of-the-art performance. By determining and discussing the
shortcomings in the previous machine learning and deep
learning-based keyphrase generation, this work facilitates
strong groundwork for understanding the recent developments
in keyphrase generation. Also, it discusses the research
challenges in keyphrase generation from the perspective of
both text mining and deep learning models. Thus, this study
lays the foundation for the researchers to develop potential
solutions to resolve the research constraints in keyphrase
generation.

Keywords: Natural Language Generation, Machine
Learning, Keyphrase Extraction, Keyphrase Generation,
Deep Learning.
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1. INTRODUCTION

In recent years, the rapid growth of textual data
and the use of deep learning has propelled the field
of Natural Language Processing (NLP). NLP is
considered a potential field of Artificial Intelligence
(AI) to solve computational models and processes to
analyze natural languages for real-world problems
automatically (Lauriola et al., 2022, Landolt et al.,
2021). To be concise, NLP is a technology concerned
with interactions between natural human languages and
computing devices. Owing to the ubiquitous human-
computer interaction, NLP spread its applications as
given by Kalyanathaya et al., 2019 in various fields
ranging from text summarization and text mining
to web search engines, voice assistants, machine
translation, robotics, and speech recognition (El-Kassas
etal., 2021).

Text generation, formally categorized as Natural
Language Generation (NLG), has become a challenging
task in NLP that produces a natural language text
from the non-linguistic representation of information
(Gatt and Krahmer, 2018).Keyphrases are phrases
that provide highly-condensed information, which
facilitates improving the utilization efficiency in a
document. There are two main methods involved in
automatic keyphrase generation methods: extraction
and abstraction.Several researchers have proposed
various keyphrase generation methods and keyphrase
extraction methods for the implementation of various
NLP tasks (Parida et al., 2021).

Deep learning has significantly impressed numerous
areas of NLP involving Recurrent Neural Networks
(RNNs), Convolutional Neural Networks (CNNs)
proposed by Michelucci, 2022, and several other
potential deep neural network architectures (Patel,
2020). Different from these conventional models,
deep neural architectures are Generative Adversarial
Networks (GAN) and Variational Encoder, which are
also used for text generation models, but these models
possess a different way of training the network (Lu et
al., 2018). Researchers have developed text generation
models using Pre-trained Language Models (PLM)
to learn semantics and contextual representations of
universal languages, which are trained on the large-
scale text corpus and tuned for various downstream
NLP applications (Li et al., 2021).

Several papers presented keyphrase generation models
in NLP. This paper presents a survey of NLP with the
aim of deep insights into keyphrase generation using
deep learning approaches to assist the researchers in
further improving the performance of the keyphrase
generation methods. The organization of this paper is
as follows. The summary of NLP and its significance
with various categories of applications are discussed
in Section 2. Section 3 describes the role of keyphrase
extraction and Keyphrase generation in NLP and the
different keyphrase extraction methods and keyphrase
generation. Section 4 reviews various machine learning
and potential deep learning-based keyphrase generation
methods. Section 5 presents research challenges in
keyphrase generation, and Section 6 concludes this
work.

2. NATURAL LANGUAGE
PROCESSING

The powerful NLP is one aspect of Aurtificial
Intelligence that empowers machines to analyze and
comprehend natural language based on computer
algorithms and programs. With the advent of natural
language content through online and offline processes,
NLP plays a crucial role in various application areas
by designing different information extraction processes
with text mining procedures. It is a potential tool for
many organizations to identify powerful insights from
comprehending human-generated large data corpus.

2.1 Significance of NLP Approaches

With the emergence of web-based technologies,
textual data has had tremendous growth in the form
of unstructured or semi-structured data (Hariri et al.,
2019). This unstructured or semi-structured data makes
searching and analyzing key content information more
complex. Thus, it demands automatic information
filtering and summarization and the field of NLP has
made great progress to resolve this problem (Khurana et
al., 2022). NLP components include Natural Language
Understanding (NLU), NLG, Speech Processing, Text
Mining, and Text Analytics. Among the NLP tasks, Text
mining, and Text Analytics, have seen unprecedented
growth. Text Mining has gained significant attention
in NLP applications, which deal with discovering and
extracting a pattern from unstructured natural language
text data, and it facilitates classifying documents or
clustering the documents into categories (Sebastido et
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al., 2022).
2.2 Tasks of NLP

Generally, a sentence in natural language is based on
rules, syntax, and semantics, whereas symbols are used
to convey the information contained in the text sentence.
NLP concerns the machine’s ability to understand and
generate natural language. NLP methods strongly rely on
language linguistics, which studies language, including
meaning, grammar, structure, and phrases. Part-of-
speech tagging (POS), Stemming, Lemmatization, and
Stopword Removal are the generally applied NLP tasks
(Lourdusamy and Abraham, 2018).

2.3 Categories of NLP

The broad categorization of NLP includes NLU
and NLG, which evolves the task of generating and
classifying the text.

2.3.1 The Natural Language Understanding

Natural Language Understanding (NLU) tries to
interpret meaning by dealing with common human
errors, including mispronunciations or transported
letters or words (Otter et al., 2020). To understand
and represent the natural language in potential
representation, NLP applies different levels of linguistic
analysis that assist people in extracting meaning from
text or spoken language. The different stages of analysis
in processing natural language involve Morphological
analysis, Lexical analysis, Syntactic analysis, Semantic
analysis, Discourse analysis, and Pragmatic analysis.

2.3.2 Natural Language Generation

Natural Language Generation (NLG) is categorized
as a sub-field of NLP aiming at generating a text
understandable to human language (Dong et al., 2021).
It involves the analysis of the versatility of the language
constructs. Based on the context, NLG systems decide
to generate the natural language. The instances of NLG
are text-to-text generation and data-to-text generation.
Text abbreviation, Text translation, and Text expansion
are the categorization of text-to-text generation. The
task of generating text based on image or video is an
application of data-to-text generation. Because of
its extremely challenging and promising application

prospects, NLG has recently gained more attention
among researchers.

3. ROLE OF KEYPHRASE
EXTRACTION AND GENERATION
IN NLP

Due to the increasing usage of keyphrases, Keyphrase
extraction and Keyphrase generation play a significant
role in the field of NLP. For a single document,
keyphrases serve as a condensed summary, such as an
article, enabling the reader to decide quickly whether
the article is interesting. The keyphrase prediction
model recommends an automatically generated set
of representative phrases related to the main topics
inherent in a document. Keyphrase prediction is broadly
categorized into extraction and generation methods
(Nasar et al., 2019).

3.1 Methods in Keyphrase Extraction

Keyphrase extraction is a fundamental step for various
tasks of NLP, including document classification,
document clustering, and text summarization.
Automatic Keyphrase extraction methods determine
a group of phrases, also known as ‘candidate phrases
which are scored and ranked (Alami, et al., 2020).
By employing the keyphrase extraction method, the
best phrases are selected as a document’s keyphrases.
Ranked extracted keyphrases are presented in two sets:
Single document keyphrases or document collection
keyphrases. Keyphrases extraction methods are
widely used in NLP, text mining, document mining,
information retrieval, and document collection.

3.2 Methods in Keyphrase Generation

Keyphrase generation gives a set of keyphrases in
a document, which is an important task in NLP. The
main task is to predict keyphrases from the source text
automatically. The automatic keyphrase generation
model combines the keyphrase extraction and keyphrase
generation  processes. The domain-independent
keyphrase generation approach incorporates the
unsupervised keyphrase extraction phase and the
keyphrase inference phase to describe and classify the
text (DeNart et al., 2014). Several automatic keyphrase
extraction methods focused on extracting present
keyphrases, the phrases appearing exactly in the
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source text. Ignoring the semantics and the underlying
context of the content is an issue and cannot generate
absent keyphrases that do not appear in the source text
(Almutiry, 2020). Several researchers have presented
sequential keyphrase generation models to resolve this
constraint and generate both the present and absent
keyphrases. Supervised and unsupervised methods are
the categorization of Keyphrase Generation methods.

Supervised  Method:  Supervised  Keyphrase
Generation approaches consider keyphrase generation
as a classification problem (Meng et al., 2020). The
supervised approach is a learning model trained based on
potential features of labelled keyphrases and classifies
a candidate keyphrase and not a candidate keyphrase.
Moreover, it transforms the keyphrase extraction task
into a classification or regression problem.

Unsupervised Method: Domain-independent
algorithm, also called an unsupervised algorithm,
applies to documents in different domains without
needing controlled vocabularies or prior knowledge. In
contrast to the supervised approaches, the unsupervised
approaches consider keyphrase extraction as a ranking
that employs techniques such as clustering as proposed
by Nair et al., 2021 or graph-based ranking to determine
the keyphrases in the document.

4. IMPACTOFMACHINE LEARNING
AND DEEP LEARNING MODELS
IN NLP

NLP offers potential means of gaining access to
information and facilitates many natural language
applications and information retrieval tasks,
including text summarization, opinion mining, text
categorization, and document clustering (Ibrahim et
al. 2019). The major process of machine learning and
deep learning models in NLP is categorized into text
preprocessing, text representation, model training,
and model evaluation. Due to the increased amount of
textual information on the web, summarizing the entire
information or document along with the main points
in the NLP task is critical, so keyphrase extraction and
generation methods are essential.

4.1 Review on Machine Learning Approaches in
Keyphrase Generation

Different Machine learning approaches include

supervised, unsupervised, and reinforcement learning
in Keyphrase Generation. The ranking-based keyphrase
generation approaches develop machine learning
models that determine the keyphrases based on the
previously generated key phrases which are relevant
and then rank them. The ranking phrase candidates
often utilized supervised and unsupervised machine
learning features with manually defined features,
including TF-IDF and PageRank. However, these
manually annotated features do not determine the
significance of each word in the document, leading to
inaccurate prediction of the semantics relation among
the words underlying the document content. Naive
Bayes, a supervised machine learning model, employs
TF-IDF measurement to predict and classify whether
or not the candidate key phrase is the best phrase.
Traditional word representation methods, such as a bag
of words and one-hot encoding, do not contain semantic
information.

To resolve this constraint, the word distribution
method as proposed by Le et al., 2014 employs a
neural network and maps each word vector to a shorter
word vector using the word embedding method. The
sentence embedding method is Sent2Vec, and the word
embedding method is Word2Vec. The two classical
embedding methods in which Word2Vec maps the
entire document and Sent2Vec maps the sentences
to vectors that utilize n-gram features to generate the
sentence embeddings.

By employing the labelled training knowledge,
Supervised machine learning models can automatically
generate this mapping process and generates the
target text. Hence, supervised classifiers are trained
on documents annotated with keyphrases which are
useful for determining whether a candidate phrase
is a key phrase. Naive Bayes, bagged C4.5, SVM,
and maximum entropy are the different supervised
machine learning models widely used to predict and
generate keyphrases. Unsupervised machine learning
approaches consider keyphrases as a ranking problem,
and it performs keyphrase extraction and generation
without prior knowledge.

4.2 Review on Deep Learning Approaches in
Keyphrase Generation

This section reviews several existing keyphrase
generation approaches using different deep learning
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models. Most of the existing machine learning-based
keyphrase generation methods fail to predict the absent
keyphrases and fail to capture the text’s semantic
meaning.

The research work by Meng et al., 2017proposed the
deep keyphrase generation model, CopyRNN, by
utilizing RNN with copy mechanism and predicting the
keyphrases without considering the presence or absence
of the keyphrases in the text. Initially, it extracts the
semantic and syntactic features using an encoder model
with an RNN model for semantic understanding. In
subsequence, the copy mechanism in the RNN model
predicts the significant word based on the attention
of positional and syntactic information in the context,
and consequently, it enables the RNN to predict the
OutOfVocabulary words in the source text. Finally,
the decoder model in the RNN learns the significant
features obtained from the copy mechanism and
effectively generates target keyphrases in a text. Even
though this work considers the semantic meaning, it
fails to predict correlation among the target keyphrases.

The Title-Guided Network (TG-Net) model by Chen
et al., 2019 utilizes the input as source context with
title and generates the keyphrases based on the analysis
of the title-influenced words in the document using
the encoder-decoder architecture. It provides equal
importance to the document’s title while extracting the
keyphrases from its main body. Initially, the encoder
model in the TG-Net learns the input as source context
input and title input and generates the title-guided
context representation through the sequence of three
embedding layers. Then, the attention-based decoder
model in the TG-Net learns the highly summarized
information extracted from the encoder module and
effectively generates the target keyphrases of the text.
Even though seq2seq models have achieved superior
performance on keyphrase generation task, seq2seq
models are inappropriate for large-scale unlabeled
samples with the lack of labeled information or training
knowledge.

To address this issue, the researchers suggested a semi-
supervised learning approach by Ye et al., 2018 that
utilizes labelled and unlabeled data to generate the
keyphrases. It initially tags the synthetic keyphrases
extracted from the unsupervised keyphrase extraction
methods with the unlabeled documents and combines
the tagged unlabeled samples with the labelled samples.

Then, by jointly learning, keyphrases and titles of the
document are generated. The seq2seq model fails to
predict the Out Of Vocabulary (OOV) words without
considering the correlation among the generated
keyphrases.

To handle this, the seq2seq RNN model incorporates a
copy mechanism, attention mechanism, and coverage
mechanismas proposed by Zhang et al.,, 2018for
predicting the key phrases and generating the highly
correlated keyphrases based on semantic information.
The proposed model constrains the OOV issue through
the copy mechanism and generates the highly correlated
keyphrases based on the analysis of the relation
between the generated keyphrases with the assistance
of the coverage mechanism in the model.

To resolve the constraint of generating too few
keyphrases, researchers presented a reinforcement
learning approach by Chan et al., 2019, to generate
adequatekey phrases from the basis of the adaptive
reward function. It incorporates a Wikipedia knowledge
base to detect name variations of the keyphrases and
generates accurate keyphrases.

To automatically extract multiple keyphrases from
Twitter-like sites, the research work by Zhang et
al., 2016 proposed a joint-layer RNN model which
combines keyword ranking, keyphrase generation,
and keyphrase ranking. The joint-layer RNN model
comprises two hidden layers and two output layers
for processing the keyword ranking and keyphrase
generation task.

The research work by Zhao et al., 2019 presented
a parallel Seq2Seq model called ParaNet with the
coverage attention mechanism to address the generation
of overlapping keyphrases issue. It employs a word
encoder and tag encoder in the ParaNet on the source
side and a multi-task learning with POS tags for words
on the target side to generate key phrases. The encoder
in the ParaNet learns the semantic representation of the
words in the source text. While the decoder in the ParaNet
model comprises a keyphrase decoder that generates
the keyphrases, and the POS tag decoder predicts
the POS tags of words in keyphrases. Moreover, this
work enhances the keyphrase generation performance
through linguistic constraints of keyphrases in the
Seq2Seq network and multi-task learning framework.
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The Sentence Selective Network (SenSeNet) model
by Luo et al., 2020 avoids the constraints of generating
keyphrases from unimportant sentences using end-to-
end training through the straight-through estimator and
sentence selection module through weak supervision.
Initially, it extracts the features by employing the bi-
GRU model and subsequently selects the significant
sentences through CNN in the sentence selection
module, which learns the significant features and
generates the sentence representation. Finally, the work
generates the keyphrases based on estimated sentences
related to keyphrases obtained from the selection
model.

The research by Zhu et al., 2020 employed an encoder-
decoder model with a copy mechanism called CopyNet
to generate keyphrases byanalyzing semantic and
significant information in the source text. Initially, this
work automatically builds the keyphrase semantic web
to extract more related information for source text and to
improve the keyphrase generation performance. Based
on the attention mechanism, it extracted the source
text’s potential information with the semantic web’s
assistance and effectively generated the keyphrases of
the source document.

Table 1 compares the conventional keyphrase generation
approaches with their advantages and limitations.

Table 1: Comparison of the Conventional Keyphrase Generation Approaches

Author Name | Learning

Objective
and Year

Algorithm

Advantages

Limitations

Le et al. Machine  To produce the distributed
(2014) learning  representation of the input
sequence with variable length
Menget al. Deep To analyze the semantic
(2017) learning ~ meaning of the keyphrase
generation using a copy
attention mechanism
Chen, et al. Deep To generate keyphrases in a
(2019) learning document through title-
- Title influenced words.
Guided
Network
Ye et.al Deep This model uses labeled and
(2018) learning  unlabeled data for generating
the keyphrases.
Zhang and Deep To generate OOV words and
Xiao (2018) learning  highly correlated keyphrases
throughpotential information
of the document.
Chan et al. Deep To generate accurate and
(2019) learning  adequate keyphrases from
large text documents.
Zhang et al. Deep To generate accurate
(2016) learning  keyphrases from a large

collection of documents such
as twitter sites.

Unsupervised A neural network Lacks to support
model, maps the word vector the generation of
Paragraph to a shorter word the keyphrases with
Vector vector from training.  parsing on complex
sentences.
Recurrent It predicts the absent ~ Needs to focus on
Neural keyphrases discontinuity in the
Network and sentences
Copy RNN
Encoder- It provides the Fail to rely on
Decoder importance of the simple statistics or
architecture document’s title rules to yield good
while extracting results.
keyphrases from the
source document.
Semi- It generates Lack of nonlinear
supervised keyphrases for new uncertainties
learning data. problem
Seq2Seq It enhances the Gold-standard
model information with the ~ keyphrases
help of GRU are inadequate
to validate
the keyphrase
generation
Reinforcement It resolves the Lack of keyphrase
learning generation of too few boundary leads to
key phrases ineffective adaptive
modeling
Recurrent It combines Fails to focus on
Neural keyword and context the dependencies in
Network information. the labels
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Zhao and Deep To resolve the overlapping

Zhang(2019)  learning  keyphrase generation.

Luo, et Deep To generate the efficient

al.(2020) learning ~ metadata sentence from the
documents.

Zhuet Deep To generate keyphrases with

al.(2020) Learning  an attention mechanism

S. RESEARCH CHALLENGES
KEYPHRASE GENERATION

IN

In the NLP, keyphrase generation models have several
research gaps, which are presented as follows.

e Lack of analyzing the document’s semantic
meaning while applying the machine learning
methods alone for keyphrase generation results in
inaccurate key phrases.

*  Supervised and unsupervised machine learning
methods fail to predict the absent key phrases
during the keyphrase generation process.

* A unique challenge in keyphrase generation is
generating multiple target keyphrases during the
keyphrase prediction process.

e Models predict inaccurate or incomplete
keyphrases if the input sequence data is inaccurate
or incomplete.

»  Existing Keyphrase generation methods neglect
correlation among multiple keyphrases, thus
resulting in duplication and coverage issues.

*  Overlapping keyphrases have been occurring while
applying existing deep learning models, resulting
in inaccurate key phrases.

*  The neural seq2seq model fails to generate the
keyphrases for new data when learning the patterns
from the labelled data

*  Without adaptively tuning the deep learning model
and utilizing the external knowledge source,
the keyphrase generation method confronts the
generation of the absent keyphrases and the

Parallel It utilizes syntactic Lack of
seq2seq constraints to determining
network prevent overlapping  the number of
(paraNet) keyphrase generation. keyphrases leads to
the over-generate
of keyphrases
seq2seq It resolves the Fails to predict the
network discontinuity problem absent keyphrase
during keyphrase
generation
Encoder- It handles Out-Of- Lack of keyphrase
decoder Vocabulary(OOV) boundary leads
framework problems through to inaccurate
semantic web keyphrase
generation

generation of present keyphrases.

* Existing generative models predict multiple
keyphrases and the number of keyphrases from the
input document but fail to generate accurate and
too few keyphrases.

6. CONCLUSION

This survey presented the keyphrase generation
methods and techniques for large-size documents in
various NLP applications. It enhanced the automatic
keyphrase generation methods using prior knowledge
and data to predict semantic meaning and absent
keyphrases. Keyphrase generation also applied semi-
supervised learning algorithms to predict the present
and absent keyphrases simultaneously. In addition, it
utilized deep reinforcement learning with an adaptive
reward to predict the semantic meaning of the absent
keyphrases. By discussing the pros and cons, this work
enables better directions for future research work in
keyphrase generation models.
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