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Abstract

Automatic lyrics generation has received attention from both music and Al communities for years. Due
to increases in computational power rule-based approaches and evolution in data-driven models are mostly
being replaced with deep-learning-based systems. Emotion detection, analysis and generation is one of

the challenging and emerging areas of development in the field of natural language processing (NLP).

The purpose of this study is to provide a comprehensive study of developments in Artificial Intelligence
in the area of Music. Emotion Detection in text documents is essentially a content — based classification
problem involving concepts from the domains of Natural Language Processing as well as Machine
Learning. This review paper provides analysis from various researches on Emotion detection by Machine
Learning. It deep dives into the concepts on various Machine Learning and deep-learning algorithms, pre
trained NLP Model and various emotion model, lexicons, corpora and analyses various researches which
has worked on emotion based lyrics generation. Also the research runs a survey to evaluate top web based

lyric generators on its output for the music practitioners.

Finally, the research recommends the probable approaches used for Identification of Emotion from the

text in generating emotion based song lyrics.



1. Introduction

Writing music lyrics is an art and requires tremendous efforts to sync each word to another and produce a
meaning out of it. Music lyrics are what defines the tone of the musical tunes and it is a platform for the
creative world to showcase their talent to the world. The task that is very difficult for humans to perform
might look even more difficult for a machine to do; well, this project is all about the machine generated
music lyrics which can draw targeted emotion.

My focus is exploring and recommending way in which a digital machine to generate new music lyrics
with intended emotion.

Several scholars have been already trying and understanding the music lyrics auto generation by machine
learning models, but very few have successfully been able to achieve the target of generating new music
lyrics that have a good sync within the words itself and have an appropriate Emotion.

Emotion is one of the main reasons why people engage and interact with music — songs can express our
feelings, produce goosebumps, bring us to tears, share an emotional state with a composer or performer,
or trigger specific memories. An interest for a deeper understanding of the relation between music and
emotion has motivated researchers from various areas of knowledge for decades, including computational
researchers.

Imagine an algorithm that could “predict” the emotions that a listener perceives in a lyric or one that could
dynamically generate music adapting to the mood.

The research aims at critically evaluating on whether the Al and ML is successful in emulating the human
creativity and inspiration while generating emotional lyrics. Also, | will carry out the evaluation by
analyzing about the quality of generated lyrics in top lyrics generator and whether they are satisfactory to
the target users. The analysis will provide us strong feedback whether our users are satisfied with the

quality of output and provide us input for bridging the gap to make it closer to a creative human.



2. Concept of Artificial Intelligence(Al), Natural Language Processing (NLP), Machine

Learning (ML), Deep Learning (DL) and Data Science

Often we see that the terms data science, artificial intelligence, machine learning and deep learning are

used interchangeably. Even though they all are closely related areas, their scopes are different.

Artificial intelligence (Al) is the overarching discipline that covers anything related to making machines
smart. Whether it’s a robot, a refrigerator, a car, or a software application, if you are making them smart,
then it’s Al The term artificial intelligence was first coined by John McCarthy in 1956 and his definition

was “the science and engineering of making intelligent machines”.

Natural Language Processing (NLP) is a form of Al that gives machines the ability to not just read, but
to understand and interpret human language. With NLP, machines can make sense of written or spoken
text and perform tasks including speech recognition, sentiment analysis, and automatic text

summarization.

Machine learning (ML) is a type of artificial intelligence (Al) that allows software applications to
become more accurate at predicting outcomes without being explicitly programmed to do so. Machine

learning algorithms use historical data as input to predict new output values

Deep Learning (DL) is a subset of machine learning that uses artificial neural networks to mimic the
learning process of the human brain. behavior requires considerable knowledge, and learning is the easiest

way to get that knowledge. The image below captures the relationship between Al, ML, and DL.[40]



Artificial intelligence
Machine leaming

Language Processing

900

Deep learning

So, Al is the all-encompassing concept that initially erupted, then followed by ML that thrived later, and
lastly DL that is promising to escalate the advances of Al to another level. NLP and ML are part of Al and

both subsets share techniques, algorithms, and knowledge.
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Data Science - Scientific methods, algorithms and systems to extract knowledge or insights from big data.
Algorithmic and computational techniques and tools for handing large data set. Increasingly focused on

preparing and modeling data for ML & DL tasks.



3. Al and Developments in Music Creation

There have been several advances in artificial intelligence devices and software applied to music.

Alan Turing was first to move in this direction when in 1951 he created a machine that is of sixe of a room

that could emit three simple melodies.

In the 1990s, several other musicians experimented with computers: Brian Eno and David Bowie for pop
music and David Cope for classical music. The latter created Emi, a program that allows new music to be

written in the style of Bach. Aiva, created by two engineers from Luxembourg, which allows creating

original compositions along the lines of the greatest composers of classical music. [41]

S. No

Al

Development

Lyricjam

A real-time system that uses artificial intelligence to generate text lines for live
instrumental music and was created by members of the Natural Language
Processing Lab at the University of Waterloo, Canada. To date, the work has led to
the creation of a system that learns artists' musical expressions and generates lyrics
in their style.

Amper

An open-source programme that allows anyone, even non-professionals, to create
music by indicating parameters such as genre, mood, and tempo.

Lo-Fi Player

One Al instrument that is worth mentioning is Lo-Fi Player, a tool created by
Google’s Magenta. Lo-Fi Player is a virtual room where fans can create and mix lo-fi
and hip-hop tracks for free. It works by changing the objects in the room. For
example, by changing the view out of the window, you can change your
background sound (be it rain, a beach, or the chaos of the city) and if you change
the animal you change the beats per minute (BPM). Also, there are instruments
such as bass, piano, synthesizer, or guitars to change the background sound.

S

Flow Machines system

Sony created the Flow Machines system that led in 2016 to the release of Daddy's
Car, a track openly based on Beatles songs. This system is capable of analysing the
composer's primary idea and assisting them by generating ideas during the virtual
composition. The basic idea is not to automate the creative process of the human
mind but to combine it with an algorithm that can suggest melodies and chords
according to the genre.

Jukedeck

Another great invention is Jukedeck, now owned by Tik Tok. This Al platform works
very easily: in order to create a new piece, the user just selects the desired
composition genre (folk, rock, electronic, ambient), the mood (upbeat or
melancholic), the tempo (beats per minute) and sets the desired duration. After a
few seconds, artificial intelligence elaborates and processes and then provides a
preview to be downloaded. Jukedeck solves the copyright problem and each user
can create new personalised music. Basically, users can pay as little as $0.99 for a
royalty-free license, which is a very democratic price compared to the ones that the
market is offering now.




Despite these advances, no one has yet created a machine capable of writing chart-topping hit songs.

Most musicians use artificial intelligence to achieve what they could not do on their own. An example of
this is Yacht, an American pop group [41] that has used Al to break out of their comfort zone and try to
create something new from their previous discography. The result is their new album was “Chain
Tripping”. The album was released in 2019 and contains 10 songs, among which (Downtown) Dancing is
the most popular one. However, the creator claims that 'human creativity will always be substantially

different from that of machines because we have a different biological nature, needs and intentions.’

Music Al and Emotional Awareness [38]

Good music does not just blindly follow rules, it has feeling, emotion. Historical and current work in
music cognition indicates that part of what enables humans to both process and create music in the way

that we do involves inherently emotional processes.

a) Magenta: Al Duet

This time, Al Duet takes input from a human, improvising musician—in real time—and together they
improvise their own joint musical performance. Simply put, when you play a series of notes, the computer
will respond to those notes, sometimes mimicking, mirroring, or expanding on the input you’ve given
it. This is much more impressive where it incorporates real time social interaction. [38]

b) Cybraphon

Unlike the previous Als, Cybraphon is not entirely generative from the ground up. Rather, it performs by
choosing from a repertoire of pre-composed bits of music, and selects the music that corresponds to its
current “emotional” state. This “emotional state” is not a product of solving the problem of giving a robot
a homeostatic body, but rather from being thoroughly entrenched in social media. Cybraphon is a bit of a
diva—it Googles itself every fifteen seconds and observes its current popularity over news sites, twitter,

and Facebook. [38]



C) Shimon

Created by the Robotic Musicianship Group at Georgeia Tech Center for Musical Technology, Shimon
is trained on an extensive repertoire of classical, jazz, and popular music. Similar to Magenta Al:Duet,
Shimon is a music-making Al that engages in musical improvisation alongside human performers.
However, Shimon is physically embodied in a marimba playing robot with four arms that can play
melodic, rhythmic, and multi-phonic music. Further, this robot features an expressive “face” that can
move along with a musical beat and facilitate interaction with ensemble musicians. [38]

Shimon nods along to the musical beat— mimicking the human propensity to move to a beat—and direct
its attention by turning its head toward the musician playing the most interesting (i.e., salient) musical line

when interacting in a musical ensemble

d) Spawn

Spawn is an example of a budding musical Al which is raised by and embedded in a community, learning,
and evolving through interactions with humans rather than from pre-composed datasets of music.

A composer does not rely on her own feelings alone, and imagine if Cybraphon could not only monitor
social media reactions, but also processed the nature of positive and negative critiques and tracked exactly
which aspects of its compositions some listeners find annoying or sublime. But a more robust system
wherein an A.l. composer is educated by an artistic community could develop the ability to create beyond
its teachers or its training data, and play off the works of others in a way that adds aesthetic depth.
Spawn is One such system has been created by Holly Herndons , strong emphasis of the project is the
“raising” of an Al by a “community. [38]

A successful music-making Al will need to build on current generative successes, and incorporate more
thoroughly embodied interoceptive processing of a sort that would ground the machine’s musical output

to its own internal, perhaps even conscious, states.



4. Natural Language Processing and Role of Machine Learning

Processing of natural language so that the machine can understand the natural language involves many
steps. These steps include Morphological/Lexical Analysis, Syntactic Analysis, Semantic Analysis,
Discourse Analysis, and Pragmatic Analysis, generally, these analysis tasks are applied serially.

Machine Learning acts as important value addition in almost all these processes in some form or the other.

Lexical Analysis * Analysis of structure of words in a text

* Parsing of the words

¢ Arranging words in a particular manner to show
the relationship between the words.

Syntactic Analysis
(Parsing)

Semantic Analysis » Mapping of syntactic structures and objects.

* Meaning of one sentence brings the meaning of

Discourse Integration immediate next sentence

Pragmatic Analysis * Data is interpreted as per its real meaning

- ™\ //7 o = =
( Input Preprocessing N Feature
Extraction
* Collection * Tokenisation
of dataset » Normalisation * Bagof
* Removing words
Stopwords * Ngram
» POS tagging * TFIDF
* Lemmatization embedding
& A A

The pre-trained model solves a specific problem and requires fine-tuning, which saves a lot of time and
computational resources to build a new language model. There are several pre-trained NLP models

available that are categorized based on the purpose that they serve.



Let's take a look at the top pre-trained NLP models:

a) Google’s BERT (Bidirectional Encoder Representations from Transformers)

BERT is a technique for NLP pre-training, developed by Google. It utilizes the Transformer, a novel
neural network architecture that’s based on a self-attention mechanism for language understanding. It suits
best for any task that transforms an input sequence to an output sequence, such as speech recognition,
text-to-speech transformation, etc.

The goal of the BERT mechanism is to generate a language model. The BERT algorithm is proven to
perform 11 NLP tasks efficiently. It’s trained on 2,500 million Wikipedia words and 800 million words
of the Book Corpus dataset. Google Search is one of the most excellent examples of BERT’s efficiency.
Other applications from Google, such as Google Docs, Gmail Smart Compose utilizes BERT for text
prediction.

b) Facebook’s ROBERTa (Robustly Optimized BERT Pre-training Approach)

ROBERTa is an optimized method for the pre-training of a self-supervised NLP system. It builds the
language model on BERT’s language masking strategy that enables the system to learn and predict
intentionally hidden sections of text.

Pre-trained models like RoBERTa is known to outperform BERT in all individual tasks on the General
Language Understanding Evaluation (GLUE) benchmark and can be used for NLP training tasks such as
guestion answering, dialogue systems, document classification, etc.

c) OpenAl’s GPT-3

GPT-3 is a transformer-based NLP model that performs translation, question-answering, poetry
composing, cloze tasks, along with tasks that require on-the-fly reasoning such as unscrambling
words. Moreover, with its recent advancements, the GPT-3 is used to write news articles and generate
codes.

GPT-3 can manage statistical dependencies between different words. It is trained on over 175 billion

parameters on 45 TB of text that’s sourced from all over the internet. With this, it is one of the biggest



pre-trained NLP models available.

What differentiates GPT-3 from other language models is it does not require fine-tuning to perform
downstream tasks. With its ‘text in, text out’ API, the developers are allowed to reprogram the model
using instructions.

d) XLNet

XLNet is known to outperform BERT on 20 tasks, which includes natural language inference, document
ranking, sentiment analysis, question answering, etc.

e) OpenAl’s GPT2

Natural language processing tasks, such as question answering, machine translation, reading
comprehension, and summarization, are typically approached with supervised learning on task-specific
datasets. OpenAI’s GPT2 demonstrates that language models begin to learn these tasks without any
explicit supervision when trained on a new dataset of millions of web pages called WebText. The model
generates coherent paragraphs of text and achieves promising, competitive or state-of-the-art results on
a wide variety of tasks.

f) StructBERT

Recently, the pre-trained language model, BERT (and its robustly optimized version RoBERTa), has
attracted a lot of attention in natural language understanding (NLU) and achieved state-of-the-art
accuracy in various NLU tasks, such as sentiment classification, natural language inference, semantic
textual similarity and question answering. Inspired by the linearization exploration work of Elman,
experts have extended BERT to a new model, StructBERT, by incorporating language structures into pre-
training. Like other pre-trained language models, StructBERT may assist businesses with a variety of NLP
tasks, including question answering, sentiment analysis, document summarization, etc.

g) Google’s T5 (Text-to-Text Transfer Transformer)

The Google research team suggests a unified approach to transfer learning in NLP to set a new state of
the art in the field. To this end, they propose treating each NLP problem as a “text-to-text” problem. Such

a framework allows using the same model, objective, training procedure, and decoding process for



different tasks, including summarization, sentiment analysis, question answering, and machine
translation. The researchers call their model a Text-to-Text Transfer Transformer (T5) and train it on the
large corpus of web-scraped data to get state-of-the-art results on several NLP tasks.

h) ELECTRA (Efficiently Learning an Encoder that Classifies Token Replacements Accurately)
Masked language modeling (MLM) pre-training methods such as BERT corrupt the input by replacing
some tokens with [MASK] and then train a model to reconstruct the original tokens. While they produce
good results when transferred to downstream NLP tasks, they generally require large amounts of
computing to be effective.

i) Microsoft’s DeBERTa (Decoding-enhanced BERT with disentangled attention)

The authors from Microsoft Research propose DeBERTa, with two main improvements over BERT,
namely disentangled attention and an enhanced mask decoder. DeBERTa has two vectors representing a
token/word by encoding content and relative position respectively. The self-attention mechanism in
DeBERTa processes self-attention of content-to-content, content-to-position, and also position-to-content,

while the self-attention in BERT is equivalent to only have the first two components.

The Hugging Face Hub (https://huggingface.co/) is a platform with over 50K models, 5K
datasets, and 5K demos in which people can easily collaborate in their ML workflows. This is one
of the key platforms that provide pre-trained models for natural language processing (NLP). It is cloud

based and can be integrated with Google Colab for running scripts.
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5. Lyric generation by machine learning algorithm- Various Researches

S. .
No Paper Methodology Conclusion
. They introduced an algorithm of textbased
a) The proposed method includes two LSTM layers and the
Text based LSTM networks ) prop . inciu olLs ayers LSTM networks for automatic composition
. . Keras deep learning framework. :
for Automatic Music . . . and reported results for generating chord
L b) The proposed network is designed to learn relation- .
Composition . . progressions and rock drum tracks. Word-
. ships within text documents that represent chord .
By- Keunwoo Choi, George . . . RNNs showed good results in both cases
1 progressions and drum tracks in two case studies. .
Fazekas, and Mark Sandler . while char-RNNs only successfully learned
. c)The proposed system can be used for fully automatic . .
The Centre for Digital e . . chord progressions. The experiments show
A composition or as semi- automatic systems that help .
Music, Queen Mary . . . . LSTM provides a way to learn the sequence
X . humans to compose music by controlling a diversity . .
University of London of musical events even when the data is
parameter of the model. .
given as text.
a) Lyric Generator is application that can be used to . . .
Ly . pp . . In this paper, a creation technique has been
generate lyrics automatically i.e. all by itself. . .
. . proposed which can be used to create a lyric
b) Here the user only needs to describe the scenario of the . .
. . . . . by using the ten prominent features of the
lyric that is the mood, relationship, character description, .
. T L . lyrics. These Features have a pattern and we
rhyming, similarities, and inspirations for the lyrics. . .
. o . can create various patterns using
. . . c) These are certain criteria by which the computer or the . . -
Lyric Generation using . . appropriate algorithms. It is important to
2 P . application understands about what exactly we want it to . . .
artificial intelligence write for us specify the meaning and usage of a word in
. ) . . a computer database. This application can
d) It is very essential that we provide lot of knowledge to P . PP
. . L be used to generate lyrics to any language
the system prior to the creation of the application. .
. . . provided the database has been loaded
e) Updating the database of lyrics is also important. The . .
correctly. Future work includes techniques
database may vary from one language to the other but the - .
. for finding similes and metaphors
concept remains the same
a) Poetry generation is becoming popular among Intelligent poetry generators were surveyed
researchers of Natural Language Generation, in this paper, around a set of relevant axis
. . Computational Creativity and, broadly, Artificial where alternative approaches have been
A survey on intelligent . .
. Intelligence. explored. Poetry has been automatically
poetry Generation — -
Laneuages. Features b)To produce text that may be regarded as poetry, generated in different languages and forms,
g ges, o computational systems are typically knowledge- intensive considering different sets of features, and
3 Techniques, Reutilization j o .
and Evaluation and deal with several levels of language. through significantly different approaches.
. ¢)This paper surveys intelligent poetry generators around a | Poetry generators have been developed
Hugo Gongalo Oliveira. . L . .
2017 set of relevant axis — target language, form and content with different goals and intents, each with
’ features, applied techniques, re-utilization of material, and | their stronger and weaker points, which
evaluation —and aims to organise work developed on this adds to the subjectivity involved in the
topic so far. evaluation of poetry, even for humans
This paper introduces ALYSIA: Automated Lyrical Song-
writing Application.
a) ALYSIA is based on a machine learning model using Algorithmic song writing offers intriguing
Algorithmic Song Writing Random Forests, and we discuss its success at pitch and challenges as both an autonomous and a co-
4 with ALYSIA rhythm prediction. creative system. An autonomous song
Margareta Ackerman & b) Next, it is shown how ALYSIA was used to create original | writing system producing works on par with
David Loker pop songs that were subsequently recorded and produced. | those of expert human songwriters would

c) Finally, vision for the future of Automated Song writing
for both co-creative and autonomous systems has been
discussed.

mark a significant achievement.




Automatically Generating
Rhythmic Verse with Neural
Networks Hopkins & Kiela,

ACL 2017

Two novel methodologies for the automatic generation of
rhythmic poetry in a variety of forms have been proposed.
a) The first approach uses a neural language model
trained on a phonetic encoding to learn an implicit
representation of both the form and content of English
poetry.

b) This model can effectively learn common poetic de-
vices such as rhyme, rhythm and alliteration.

c) The second approach considers poetry generation as a
constraint satisfaction problem where a generative neural
language model is tasked with learning a representation of
content, and a discriminative weighted finite state
machine con- strains it on the basis of form.

First, they developed a neural language
model trained on a phonetic transliteration
of poetic form and content. Although
example output looked promising, this
model was limited by its inability to
generalise to novel forms of verse. They
then proposed a more robust model trained
on unformed poetic text, whose output
form is constrained at sample time. This
approach offers greater control over the
style of the generated poetry than the
earlier method, and facilitates themes and
poetic devices.

Automated Composition of
Lyrical Songs

Jukka M. Toivanen, Hannu

(TT) Toivonen, A. Valitutti

a) They address the challenging task of automatically com-
posing lyrical songs with matching musical and lyrical
features, and present the first prototype to accomplish the
task.

b) The focus of this paper is especially on generation of art
songs.

c) The proposed approach writes lyrics first and then
composes music to match the lyrics.

d) Some example songs composed by M.U. Sicus have
been proposed, first steps towards a general system
combining both music composition and writing of lyrics
have been outlined.

They have proposed the task of generating
lyrical songs as a research topic of
computational creativity. This topic has
received only little attention in the past
although both music composition and
poetry/lyrics generation have been studied
on their own. An automatic generation
procedure of lyrical and musical content also
offers interesting possibilities for
medicalization of data

GhostWriter: Using an LSTM
for Automatic Rap Lyric
Generation
Peter Potash, Alexey
Romanov, and Anna
Rumshisky.

a)This paper demonstrates the effectiveness of a Long
Short-Term Memory language model in our initial efforts
to generate unconstrained rap lyrics.

b) The goal of this model is to generate lyrics that are
similar in style to that of a given rapper, but not identical
to existing lyrics: this is the task of ghostwriting.

¢) Unlike previous work, which defines explicit templates
for lyric generation, this model defines its own rhyme
scheme, line length, and verse length.

d) The experiments show that a Long ShortTerm Memory
language model produces better “ghost- written” lyrics
than a baseline model.

The performance of the LSTM model has
been compared to a much simpler system:
an n-gram model. The results of our
experiments show that, as an unsupervised,
non-template model, the LSTM model is
better able to produce novel lyrics that also
reflect the rhyming style of the target artist.
In future work, we plan to use more data to
train our model, making it easier for our
system to actually identify rhyming pairs and
use them in new con- texts.

Automatic Generation of
Lyrics in Bob Dylan’s Style
Dongzhuo Li
, Chao Liang
, and Tianze Liu

a)lt is interesting to see if machine could learn Bob Dylan’s
poetic style by looking at his lyrics.

b) In this Paper, N-grams and Recurrent Neural Network
(RNN) with Long Short Term Memory (LSTM) have been
used to model Dylan’s lyrics, and eventually use the
algorithms to generate samples of lyrics in Bob Dylan’s
style.

For N-he training perplexity decreases as N
increases because larger N leads to fewer
choices of the next word, hence higher
probability to select the right word.
Character-level RNN seems good at
capturing the grammar of the sentences, but
may be weak in generating text that makes
sense in the context

SMUG: Scientific Music
Generator
Marco Scirea, Gabriella A. B.
Barros, Noor Shaker, J.
Togelius

a) Music is based on the real world. Composers use their
day-to-day lives as inspiration to create rhythm and lyrics.
b) Procedural music generators are capable of creating
good quality pieces, and while some already use the world
as inspiration, there is still much to be explored in this.

c) A system has been described to generate lyrics and
melodies from real-world data, in particular from
academic papers.

d)Through this they want to create a playful experience
and establish a novel way of generating content.

e)For melody generation, they present an approach to
Markov chains evolution and briefly discuss the
advantages and disadvantages of this approach.

They have presented a method for creating
melody and lyrics using realworld data. To
do so, they developed a musical generator
that evolves Markov chains to create
melodies, and a lyric generator, that extracts
content from academic papers and
transforms them into songs. Hence there is
fully functional system that completes tasks,
taking an academic paper in PDF format and
outputting a melody and the according
lyrics. The generator seems to produce
interesting music/lyrics combinations, but
they still have to conduct further studies to
prove their interestingness.

Numerous researchers have worked using a multitude and varied algorithms on the lyrics generation

techniques.




6. Machine learning and Deep learning- varied Models and Algorithms on lyric

generating tools

The current state of the art techniques that are widely used for major NLP tasks are machine learning (ML)
techniques. Broadly Machine learning (ML) techniques can be put in three categories: (1) supervised
learning, (2) semi-supervised learning and (3) unsupervised learning. [34]

The current dominant technique for addressing problem in NLP is supervised learning. The basic idea
behind supervised machine learning models is that it automatically induces rules from training data.
Supervised learning can be (a) sequential and (b) non-sequential. Sequential supervised machine learning
techniques are hidden Markov model (HMM), conditional random fields (CRF), maximum entropy
(MaxEnt), and deep learning (DL), while non-sequential supervised machine learning techniques
includes support vector machines (SVM), decision trees (DT) and Naive Bays. Semi supervised
machine learning technique involve small degree of supervision, example is bootstrapping.

In unsupervised machine learning, the model is not trained. The task is achieved by finding intra- similarity

and inter-similarity between objects. The most common approach of unsupervised category is clustering.
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Deep learning (DL) algorithms have recently emerged from machine learning and soft computing

techniques. Since then, several deep learning (DL) algorithms have been recently introduced to scientific



communities and are applied in various application domains. Today the usage of DL has become essential
due to their intelligence, efficient learning, accuracy and robustness in model building. However, in the
scientific literature, a comprehensive list of DL algorithms has not been introduced yet. This paper

provides a list of the most popular DL algorithms, along with their applications domains
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Deep learning algorithms are popular types of ML algorithms, which tries to learn from layered model
of inputs, commonly known as neural nets. In deep learning approach concept, learning of a current layer
is dependent on previous layer input. With each succeeding layer, deep learning algorithm tries to
learn numerous levels of concept of increasing complexity/abstraction. Deep learning algorithms can
fall in both supervised and unsupervised categories. The main applications of deep learning include pattern
recognition and statistical classification. Various deep learning architectures such as deep neural
networks, convolutional deep neural networks, and deep belief networks have been successfully
incorporated in various domain like computer vision, automatic speech recognition, natural language
processing, audio recognition and bioinformatics, where they have been observed to produce auspicious

results on different tasks. Notable results have been reported by applying deep neural algorithms in the



field of NLP for the tasks of sentiment analysis, parsing, IR (Information Retrieval), NER (Named Entity
recognition) and other areas of NLP.
While deep learning algorithms feature self-learning representations, they depend upon ANNSs that mirror
the way the brain computes information. During the training process, algorithms use unknown elements
in the input distribution to extract features, group objects, and discover useful data patterns. Much like
training machines for self-learning, this occurs at multiple levels, using the algorithms to build the models.
Deep learning models make use of several algorithms. While no one network is considered perfect, some
algorithms are better suited to perform specific tasks. To choose the right ones, it’s good to gain a solid
understanding of all primary algorithms.
Deep learning algorithms work with almost any kind of data and require large amounts of computing
power and information to solve complicated issues.
Now, let us, deep-dive, into the top 5 deep learning algorithms. [34] which are used ma

a) Convolutional Neural Networks (CNNs)

b) Long Short Term Memory Networks (LSTMs)

c) Recurrent Neural Networks (RNNs)

d) Deep Belief Networks (DBNs)

e) De- Noising Autoencoders

f) Generative Adversarial Networks (GANS)

g) Radial Basis Function Networks (RBFNS)

h) Multilayer Perceptron’s (MLPs)

i) Self-Organizing Maps (SOMs)

J) Restricted Boltzmann Machines (RBMs)

Convolutional neural network (CNN) Recurrent neural network (RNN), Denoising autoencoder

(DAE), deep belief networks (DBNSs), Long Short-Term Memory (LSTM) are the most popular deep

learning methods have been widely used .




a) Convolutional Neural Networks (CNNs)

CNN's, also known as ConvNets, consist of multiple layers and are mainly used for image processing and
object detection. Yann LeCun developed the first CNN in 1988 when it was called LeNet. It was used for
recognizing characters like ZIP codes and digits. CNN's are widely used to identify satellite images,

process medical images, forecast time series, and detect anomalies.

Input Layer Convolutional Layer Pooling Layer Dense Layers Output Layer

b) Long Short Term Memory Networks (LSTMSs)

LSTMs are a type of Recurrent Neural Network (RNN) that can learn and memorize long-term
dependencies. Recalling past information for long periods is the default behavior.

LSTMs retain information over time. They are useful in time-series prediction because they remember
previous inputs. LSTMs have a chain-like structure where four interacting layers communicate in
a unique way. Besides time-series predictions, LSTMs are typically used for speech recognition, music

composition, and pharmaceutical development.



c) Recurrent Neural Networks (RNNS)

RNN is designed to recognize sequences and patterns such as speech, handwriting, text, and such
applications. RNN benefits cyclic connections in the structure which employ recurrent computations to
sequentially process the input data. RNN is basically a standard neural network that has been extended
across time by having edges which feed into the next time step instead of into the next layer in the same
time step. Each of the previous inputs data are kept in a state vector in hidden units, and these state
vectors is utilized to compute the outputs. RNNs have connections that form directed cycles, which

allow the outputs from the LSTM to be fed as inputs to the current phase.

o

// '
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RNNs are commonly used for image captioning, time-series analysis, natural-language processing,

handwriting recognition, and machine translation.

d) Deep Belief Networks (DBNS)

DBNs are employed for high dimensional manifolds learning of data. This method contains multiple
layers, including connections between the layers except for connections between units within each layer.
DBNs can be considered as a hybrid multi-layered neural network, including directed and undirected

connections. DBNs contains restricted Boltzmann machines (RBMs) which are trained in a greedy
manner. Each RBM layer communicates with both the previous and subsequent layers. This model
is consisting of a feed-forward network and several layers of restricted Boltzmann machines or RBM as
Deep Belief Networks (DBNs) are used for image-recognition, video-recognition, and motion-capture

data.
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DBN is one of the most reliable deep learning methods with high accuracy and computational

efficiency. Thus, the application domains have been divers, including exciting application in a wide range

of engineering and scientific problems. Human emotion detection, time series prediction, renewable



energy prediction, economic forecasting, and cancer diagnosis have been among the public application

domains.

e) De-Noising Autoencoders (DAE)
DAE has been extended from AE as asymmetrical neural network for learning features from noisy
datasets. DAE consists of three main layers, including input, encoding, and decoding layers. DAE is able
to be aggregated for taking high-level features. This method is a type of feed-forward neural network and

employs a deep architecture with multiple hidden layers and a pre-training strategy.

9
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All the Deep learning algorithms show us that why are they preferred over other techniques. All the
algorithms compel us to use deep learning as they have become the norm of the world lately and also serve
to our comfort with time, effort and ease of use.
Deep learning has made the working of computers to actually become smart and make them work
according to our needs.
With the ever growing data, it can be concluded that these algorithms would only become more efficient

with time and would truly be able to replicate the juggernauts of a human brain.



7. Emotion Model and approaches to identify Emotion in Text

Emotion Detection can be seen as an important field of research in human-computer interaction. A
sufficient amount of work has been done by researchers to detect emotion from facial and audio
information whereas recognizing emotions from textual data is still a fresh and hot research area.
Emotion is expressed as joy, sadness, anger, surprise, hate, fear and so on. Since there is not any
standard emotion word hierarchy, focus is on the related research about emotion in cognitive

psychology domain. In 2001, W. Gerrod Parrot, wrote a book named “Emotions In Social Psychology”,
in which he explained the emotion system and formally classified the human emotions through an emotion
hierarchy in six classes at primary level which are Love, Joy, Anger, Sadness, Fear and Surprise. [16]
Currently there are no standard classifications of “all human emotions” due to the complex nature of
human minds, and any emotion classifications can only be seen as “labels” annotated afterwards for

different purposes. To achieve emotion-based music classification and retrieval, it is_necessary to

label music works with emotions. Emotional annotation of massive music works based on artificial

methods is not only a huge workload, but also the quality cannot be guaranteed. Therefore, it is

inevitable to study music emotion automatic recognition technology and realize automatic emotion
labeling of music works.
Music emotion recognition (MER) refers to the construction of a calculation model based on music audio

data and other related information to realize automatic music discrimination

Emotion itself can be viewed from two major theories, categorical or dimensional emotion.

a) Categorical- The first view is based on the fixed atomic unit, a discrete category which separates an

emotion class from other emotion classes. The best known atomic theory of emotion is the one



proposed by Ekman. In his theory, emotion is divided into 6 categories: surprise, happiness, anger,

fear, disgust, and sadness. [16]

b) Dimensional- Another view on emotion theory is dimensional emotion which, views emotion as a
numerical score in a 2D or 3D space rather than as discrete categories. Most dimensional models
include two dimensions i.e. valence (V) and arousal (A), and many add a third, dominance (D).
These three dimensions respectively represent pleasantnesses, intensity and degree of emotion in
response of the stimulus. [16]

Hevner [1935] studied the relationship between music and emotion through experiments in which
subjects were asked to report the adjectives that came to their minds as the most representative part of

a music piece played.
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Russell and Mehrabian represent emotions into three dimension model such as pleasantness (or

positiveness), arousal (or responsiveness), and potency (or dominance). In 2D representation the



emotions are distinguished as Arousal (Activation and Deactivation) and Valence (Pleasantness and
Unpleasantness) and the third dimension as Dominance Power ) refers to the degree to which an

experienced had been control of their emotions.

In the two-dimensional model, Plutchik's wheel of emotions] represents emotions as a wheel of emotions.
In the concentric circle, the wheel represents emotions, with the inner core emotions being variants of the
eight basic emotions, then the eight basic emotions in the outermost areas of the wheel, and finally
combinations of the primary emotions. The wheel shows how the emotions are related, depends on the

location on the wheel.

Parrot organized emotion into three hierarchical structures namely primary, secondary and tertiary
emotions with joy, anger, fear, love and surprise as primary set of emotion. Table 1 represents different

emotions used in Parrot Emotion Taxonomy. [16]

Having knowledge on both categorical and dimensional emotions will deepen our understanding of
human emotion and offer more advantages. For example, a quick response can be taken by knowing
target emotion category and the productivity of worker can be identified from its valence, arousal, and

dominance (VAD) score.



Table 1 represents different emotions used in Parrot Emotion Taxonomy. [16]

Tablel: Parrot’s Emotion Taxonomy

Primary Secondary Tertiary emotions
emotions | emotions
Love Affection Caring, sentimentality, adoration, fondness, compassion,
tenderness, love, attraction, affection, liking.
Lust Desire, arousal, passion, Infatuation, lust.
Joy Cheerfulness Euphoria, satisfaction, gladness, ,bliss, happiness,
Jubilation, delight, elation, enjoyment, joviality, joy, Amusement
ecstasy, jolliness, gaiety, glee, cheerfulness.
Zest Thrill, excitement, enthusiasm, exhilaration. zeal, zest.
Contentment Pleasure, Contentment.
Pride Triumph, Pride.
Optimism Optimism, hope, Eagerness.
Surprise Surprise Astonishment, surprise, amazement.
Irritation Agitation, annoyance, irritation, grouchiness aggravation,
Sadness Sadness Gloom. grief, melancholy despair, glumness, misery,
unhappiness, hopelessness, sadness, depression, sorrow, woe,
Disappointment Dismay, displeasure , disappointment
Shame Regret, shame, remorse, guilt
Anger Exasperation Frustration, exasperation,
Rage Bitterness, loathing, wrath, dislike, hostility, spite, resentment
rage, ferocity, hate, scorn, fury, anger, vengefulness, outrage.
Disgust Contempt, revulsion, disgust.
Suffering Hurt, agony, anguish suffering,
Fear Horror Horror, panic, hysteria, alarm, fear, terror, shock, mortification
fright.
Nervousness Apprehension, tenseness, anxiety, dreads worry, uneasiness,

distrcss, ncrvousncss.

Certain other words also fall in secondary and tertiary levels. Directions to improve the capabilities of

current methods of text-based emotion detection are proposed in this paper.

Resources- Corpora and lexicons used in research works related to the detection of emotions using

text [16]

Corpora - The Corpora is the collection of linguistic data that are used to detect the emotions from text.

Table 2 describes various corpuses available in the literature. [16]




Table2: List of Corpora

Dataset Features Downloadable Link
Aman [15] Blog post. http://saimacs.github.io/
Available on request
Alm [16] 185 Children stories http://people.rc.rit.edu/~coagla/affectdata/index.

html

ISEAR[17,18]

International survey on
antecedents and reaction

http://www.affective-
sciences.org/index.php/download_file/view/395
/296.

Cross cultural studies

https://www.kaggle.com/shrivastava/isears-
dataset

SemEval 2007[19]

News headlines

http://web.eecs.umich.edu/~mihalcea/affectivete
xt/ffresources.

SemEval 2017[20] Social media and news http://alt.qcri.org/semeval2017/task4/index.php?
id=download-thefull-
training-data-for-semeval-2017-task-4

SemEval 2018[21] Tweets https://competitions.codalab.org/competitions/|

7751.

SemEval 2019(22]

Textual dialog betwwen
two individuals

https://www.linkedin.com/groups/12133338/.

EmoBank [23]

Blogs, newsheadline,
newspapers, letters and

http://saitmohammad.com/WebPages/Emotionl
ntensity-SharedTask.html

travel guides

CrowdFlower [24] Tweets https://www.crowdflower.com/wp-
content/uploads/2016/07/text_
emotion.csv
WASSA-2017 Tweets http://saifmohammad.com/WebPages/Emotionl
Emotion ntensity-SharedTask.
Intensities(Emolnt) html
[ 25]
Cecilia Ovesdotter Stories http://people.rc.rit.edu/~coagla/affectdata/index.
Alm's Affect data html
[26]
DailyDialog [27] Dialogues https://www.aclweb.org/anthology/I17-1099/

Emotion
Stimulus[28]

Designed out of
FrameNets

http://www .site.uottawa.ca/~diana/resources/em
otion_stimulus_data

MELD data [29]

Dialogues from
Television show

https://github.com/SenticNet/ MELD

SMILE dataset[30]

Tweets

https://figshare.com/articles/smile_annotations
final csv/3187909

Dens Dataset[31]

Information obtained
from wattpad web
histories and project
Gutenberg literature

Available on Request

The Valence and
Arousal
dataset[ 32]

Posts of FB (Facebook)

http://wwbp.org/downloads/public_data/dataset-
fb-valence-arousalanon.csv

Grounded
emotions[33]

Tweets

http://web.eecs.umich.edu/~mihalcea/download
s.
html$\delimiter"005C317$#GroundedEmotions

Emotion Lines

FB message chats and
Television show
{FRIENDS}

https://sites.google.com/view/emotionx2019/dat

asets;
Available upon registration

Amazon Alexa
Reviews emotions(5]

Alexa Reviews

https://www.kaggle.com/sid32 l axn/amazon-
alexa-reviews




Lexicons [16]

The lexicons used to detect the emotions from the text that are available in literature and are discussed in

Emotion Lexicon
[37,38]

tweets that contain hashtags with
emotional terms such as #happy,

Table 3
Table 3: List of lexicons
Lexicon Description Link
AFINN It is manually rated word for valence | https:/github.com/fnielsen/afinn.
[35] within an integer between minus
five(-5) and plus five(+5).
Sentiment140 It is automatically generated from http://saifmohammad.com/WebPages/I
Lexicon tweets that contain emoticons. exicons.html#NRCTwitter
[36]
NRC Hashtag It is created automatically from http://www.saifmohammad.com/WebP

ages/AffectIntensity.htm.

#sad. It 1s primarily associated with
words such as anger, fear,
anticipation, surprise, happiness and
trust.

Bing Liu Lexicon

[39]

This Lexicon consists of a list of
positive and negative opinion words
or sentiment words.

https://www.cs.uic.edu/~liub/FBS/senti
ment-analysis.html#lexicon.

NRC Hashtag

It is automatically generated from

http://saifmohammad.com/WebPages/|

Sentiment tweets that include sentiment-word exicons.html#NRCTwitter.
Lexicon hashtag such as #amazing.
[40] It is associated with positive or
negative sentiment.
WordNet Online English lexical Database. https://wordnet.princeton.edu.
[41] It consists of verbs, nouns, adjectives
and adverbs into a set of synonyms
called synsets.
NRC Word- Use Amazon's Mechanical Truck, http://saifmohammad.com/WebPages/
Emotion Lexicon Annotated Manually. NRC-Emotion-Lexicon.htm.
Association Consist of 8 emotions and two
Lexicon positive and negative sentiments are
[42,43] included
EmoSenticNet Emotions labels to Sentic Concept https://www.gelbukh.com/emosenticne

[44]

t/




The comparative analysis between different emotion models, including the advantages and
disadvantages of each emotion model, popular emotion models in the category, and emotions
included in each model. After selecting the emotion model, a significant step is to finalize the

approach for text-based emotion detection [37]
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8. Computational Approaches for Identification of Emotion from the Text

The different approaches proposed in the literature for the identification of emotions from the text were

discussed in the following sections.
a) Keyword based approach:

In this approach, it exploits the knowledge of key features that are combination with emotion labels using
a lexicon such as Word-Net Affect and SentiwordNet, linguistic rules are applied and sentence structures
are exploited. Further text preprocessing has to be performed on the given dataset which includes stopword
removal, tokenization and lemmatization. In addition, keyword spotting and emotion intensity are

evaluated including with Negation checks. Finally, it determines the emotion label for each sentence.

“Hurray! Today, I passed my exam with distinction” "I passed my examination with distinction today"
could indicate the same emotion (joy), but if "hurray” is the only keyword to detect this emotion, the

former without "hurray” might remain undetected. [16]
b) Lexical Affinity Approach

Lexical Affinity approach is an extension of keyword spotting technique; it assigns a probabilistic
‘affinity’ for a particular emotion to arbitrary words apart from picking up emotional keywords.

These probabilities are often part of linguistic corpora, but have disadvantages; firstly, the assigned
probabilities are biased toward corpus-specific genre of texts, secondly it misses out emotional content
that resides deeper than the word-level on which this technique operates. For example, the word “accident’,
having been assigned a high probability of indicating a negative emotion, would not contribute correctly

to the emotional assessment of phrases like ‘I avoided an accident’ or ‘I met my lost friend by accident’.

[16]



c) Corpus based approach:

Corpus-based emotion detection approaches use supervised learning to induce sources of information
such as word-emotion lexicons classified or weakly-labeled from a text corpus with a predefined collection
of emotions extracted from emotion theories such as Ekman, Parrot, etc. To model the syntactic and
semantic trends of text for emotion detection website such as wikipedia is used and unsupervised learning
is also implemented. More works are focused on lexicons, motivated by a considerable amount of study

in the area of sentiment analysis. [16]

d) Rule based Approach

To manipulate knowledge in order to view information in an advantageous way, the rule-based approach
is used. It begins with text preprocessing initially, including stop word elimination, POS tagging,
tokenization, etc. The rules of emotion are then derived using the concepts of statistics, linguistics, and
computation. The best rules are selected later. Finally, the rules are applied to emotion datasets to
determine the emotion labels. Subsequently, the appropriate rules are chosen. Additionally, the rules are

applied to the emotion dataset for determining the emotion labels. [16]

e) Machine learning approach

Emotion detection from text is based on classification problem involving different models from the
disciplines of Natural Language Processing (NLP), Machine Learning(ML). Machine learning is
categorized into unsupervised learning and supervised learning. Naive Bayes (NB), Support vector
machine (SVM), conditional random field etc., are the most common traditional supervised machine

learning. [16]

f) Deep learning Approach

Deep learning(DL) is a subset of ML in which programs learn from understanding and experiencing the

hierarchy of concepts where each concept is described in terms of its relation to simpler concepts. This



methodology helps a program to learn complex ideas by building them on simpler concepts. In many
research papers address DL model as long short-term memory (LSTM). LSTM consist of special type of
RNN (recurrent neural network) with long-term dependency management capabilities. LSTM overcomes

the issue of disappearing or bursting gradient prevalent in RNNSs. [16]
g) Hybrid Approach

In a unified model, the hybrid approach is a combination of different approaches. This approach has a
higher likelihood of transcending the other approaches individually, leveraging the strength of the

approaches used while trying to conceal their corresponding limitations. [16]
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Hybrid approach

At present various techniques for sentiment analysis and emotion detection which are broadly classifed
into a lexicon-based approach, machine learning-based approach, deep learning-based approach. The
hybrid approach is a combination of statistical and machine learning approaches to overcome the
drawbacks of both approaches. Transfer learning is also a subset of machine learning which allows the

use of the pre-trained model in other similar domain.



Some recent works in 2019-2020 : Summary of the recent existing approaches in text-based emotion

detection [16]

1 Proposed Work (Author, | Approaches | Contribution Limitations
Year) Used
2 Suhasini and Badugu, 2020 Machine Demonstrated the efficiency of the Naive Low extraction of
Learning Bayes(NB) in correlation with the K relevant data in
Nearest Neighbor (KNN). The accuracy sentences.
obtained for NB is 72.06% and KNN
55.50%
3 Ahmad Fakhri Ab. Nasir et.al | Machine Comparisons of Four machine learning Worked for Basic
2020 Learning algorithm and developed graphical Ul Model. Mixed
emotions are not
included
4 Seo-Hui Park et.al 2020 Deep Learning | Created an embedding emotion model Negate sentence were
using CNN, highest accuracy for joy of not achieved.
73.3%, lowest accuracy value of 36.7%
and the lowest Kappa score of 0.216
Negate sentence were not achieved.
Dibyendu et al, 2020 [54]
5 Dibyendu et al, 2020 Rule Based Used ISEAR dataset with specific regard Lack of contextual
to phrasal verbs to identify emotions. meaning. Insufficient
words in vocabulary
for the lexicon.
6 Mounika Karnaa et al. 2020 Deep Learning | Using LSTM, SVM, Nested LSTM Recommended to use
identified Multiclass labels for emotion for complex dataset.
and achieved the accuracy F1=94.1, 92.9,
92.2 respectively
7 Flor Miriam Plazadel-Arco et | Corpus based | Used Multilingual dataset and applied Anger, disgust, fear,
al. 2020 machine learning approach for detection of | sad emotions are not
emotions from dataset and obtained able to be identified by
accuracy for Spanish 0.64 and accuracy for | the proposed system
English 0.55
8 Daniel Haryadi, Gede Putra Deep Learning | Classified emotions into seven they are: Recommended to use
Kusuma 2020 (fear, anger, love, joy, surprise, more sophisticated
thankfulness and sadness) using LSTM Deep learning for the
AND nested LSTM. Obtained best challenging dataset
accuracy for Nested LSTM is 99.167%
and average precision and recall for LSTM
is 99.22%, 98.86%, respectively and
Obtained F1- score 99.04%
9 Hasan et al, 2019 Hybrid Developed Emotex for online stream data | Semantic featured
and obtained accuracy of 90% extraction should be
improved.
10 Ramalingam et al.2018 Hybrid Developed model combined with Better classification

keyword-based and learning-based and
obtained satisfactory results

techniques should be
applied to improve
performance.




Summary of all approaches for text based emotion detection [37]
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Surveys (music practitioners — Fellow Singers, music composers, Music Teachers, Music Instrument

9. Surveys-Web Based Top Lyrics generators

players) are conducted to have the feedback on the performance on the following-

1) Feedback from the participants on pros and cons on web based lyrics generators

2) Feedback on the shared lyrics quality

3) To find our whether participants can distinguish between Machine generated lyrics and Human

At the moment, there are three kinds of song lyrics generator websites: The websites that generate lyrics

based on words you input, the ones that generate lyrics based on multiple choice answers, and the ones

generated lyrics

that will generate lyrics about a random subject matter at the click of a button.

Pros and Cons- Web Based Al lyrics generators

These Lyrics Do Not Exist [boredhumans.com Lyrics.com Wash your Lyrics Song Lyrics Generator
Customize song topic Easy to use

Choose lyric genre Free to use Fast speed Fun to use

Download generated Unique generated lyrics [Choose music genres |Free to use Variety of genres and

Pros lyrics Random lyrics Generate random Generate a poster of artists options
Free to use generator lyrics your favorite song lyrics |available
Easy to use
does not support Interface is not user- [Not support generating |The website is
Cons Shows ads choosing lyric themes  |friendly random lyrics cluttered with ads

Song lyrics generators could be most useful for brainstorming ideas at the initial stage of the lyric writing

process. If you have a concept and some keywords that you want to start with, but you don’t know where

to go next, the generators could be useful in suggesting more ideas to develop your concept.




However, most of the songs generated have no genuine storyline and they do not sound very convincing.
They can actually sound a little generic. So, keep in mind that they cannot replace the actual craft of
writing lyrics. You should also be careful if you are taking direct lines from any generators, as they could

potentially get you in trouble if they resemble some famous songs.

Top 5 Song Web Based Generators
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Masterpiece Generator is one of the best free online song lyrics generators. If you have no idea where to

start or what to write, Masterpiece Generator is a great place to go. It can generate song lyrics based on
different genres like rap, metal, country, ballad, love song, etc. You can also generate a song in the style

of a specific artist such as Adele, Drake, Tylor Swift, One Direction, The Beatles, etc.

b) Lyrics.com

Country 1grics Generator o

Music, Songs Lyrics

Pk yu gonre

Lyrics hosts a large collection of song lyrics and music videos. It also has a song lyrics generator that

creates cool lyrics based on the keyword and genre you choose.



lyrics.com is a web-based smart lyric maker. It allows you to create lyrics in just a few seconds. You

can choose different music genres, such as romantic, country, pop, or rap.

c) These Lyrics do not exist
These Lyrics Do Not Exist

Generate Your Own Lyrics

LR ] -

This website generates completely original lyrics for various topics, uses state of the art Al to generate

an original chorus and original verses. You can choose the Al songwriter lyrics topic, lyrics genre and

lyric mood

d) Boredhuman.com

@ BeredHumans.com

Song Lyrics Generator

BoredHumans can write song lyrics that are unique based on Al. Go to this website and click Generate

Lyrics. Then this tool will create the lyrics of a song in seconds.



e) Keywords to Lyrics

E!é
4

Survey

Lyrics generated from the above web based lyric generators and they are shared with music practitioners

— Fellow Singers, music composers, Music Teachers, Music Instrument players

S. No. Questions Obs1|0Obs2|0bs3|0Obs4|0bs5|0bs6|0Obs7 |Obs8|0bs9|0bs10|% Yes Total

1 Are the lyrics sound original /authentic and not copied from ves | ves | ves | No | No | Yes | Yes | No | Yes | Yes 70
any famous song? Yes, or No

5 Do you think the lyrics are meaningful and conveys the right No | No | ves | Yes | No | Yes | Yes | No | No | No 0
message? Yes, or No

. PR

3 Do the lyrics inspired by any famous song writer? Yes or No ves | ves | Yes | Yes | ves | Yes | Yes | No | No | No 70
...guess the name

4 Do the lyrics are having the rhyming feature — AABB, ABAB ves | ves | ves | ves | ves | ves | ves | No | No | Yes 80
or any other? Yes, or No
Are the lyri t i I lai

5 re : e lyrics v.erses connected and meaningful and explains ves | ves | Yes | No | ves | No | Yes | ves | No | No 60
the right emotion? Yes, or No
Do the lyri i ional feeling?

6 o the lyrics contain emotional word, sentences or feeling No | No | ves | Yes | No | ves | Yes | No | ves | Yes 60
Yes, or No

he lyri furth | k | ?

2 Can the lyrics be further explored to make a complete song ves | ves | Yes | Yes | ves | Yes | Yes | ves | Yes | Yes 100
Yes, or No
Do the lyri i irrel ? Yes,

8 Nzt e lyrics contain any irrelevant word, sentence ? Yes, or ves | ves | Yes | Yes | ves | Yes | Yes | No | No | Yes 80
Do the lyri i hich itive? Y

9 Nzt e lyrics contain words which are too repetitive? Yes or ves | ves | Yes | Yes | ves | Yes | Yes | No | No | No 70

10 Overall do you found the quality of lyrics good to be taken ves | ves | ves | ves | ves | ves | ves | ves | No No 80

for song creation ? Yes, or No

Positives: As per the survey observation the generated lyrics are definitely have the potential to be

expanded further, they sound authentic, contains good word and sentence combinations.

Challenges- Meaningfulness, right feeling and emotion




Feedback on Machine and Human generated lyrics

Lyrics Human Machine | Correct Observation

1 | you don't have to worry about anything at all, 7 3 Machine Generated
Cause now I'm here for the very last time These lyrics do not
and as i'm saying goodbye exist
i hope that you will remember all the good times

2 | you don't have to show much 6 4 Machine Generated
to show how much care Masterpiece Song
Caring takes no demeanor Lyrics
it doesn’t have to show.

3 | I can still feel you hold my hand, little man 7 3 Human Generated
And even the moment | knew Taylor Swift
You fought it hard like an army guy
Remember | leaned in and whispered to you?

Come on, baby, with me
We're gonna fly away from here

4 | There's still a little bit of hope in my mind 4 6 Machine Generated
It's still a little hard to say if | have enough Song Ly generator

5 | Walking on the beach, feeling the breeze 7 3 Machine Generated
Wondering if | am ever coming back These lyrics do not
They never said goodbye exist
It's the same old song
Same old rock'n'roll song

6 | Thought that we could hide away in a corner of the heath 4 6 Human Generated
There's never been someone who's so perfect for me Harry Styles
But I got over it and | said
"Give me somethin' old and red"

7 | You step a little closer each day 7 3 Machine Generated
But | always have the debt to pay Keyword to Lyrics
they say it will get better one day
but for now i have nothing to say

8 | stuck in her daydream 6 4 Human Generated
Been this way since 18 Ed Sheeran
But lately, her face seems
Slowly sinking, wasting
Crumbling like pastries

9 it seemed like a dream, 5 5 Machine Generated
The thing was so bittersweet. Masterpiece Song
one day i'll get there but for now Lyrics
I'll just stay right here forever
Do you know, do you know what it's like? 3 7
Haven't seen nothing like it's been out here before. Machine Generated

10 | but hey hey hey its gonna be okay Key Word
we will be alright

11 | And I don't try to hide my tears 8 2 Human Generated
My secrets or my deepest fears Taylor Swift
Through it all nobody gets me like you do
And you know everything about me
You say that you can't live without me

12 | Itook my time , I made my mind . 6 4 Machine Generated
This is your song, These Lyrics do not
This is your life . exist
This is your day to make it

13 | We’ll go to to California, 3 7 Machine Generated

We can head across the sea




We can live our American dream. These Lyrics do not
exist

love, the wise men followed the star 5 5 Human Generated

The way | followed my heart Justin Biber

And it led me to a miracle

Praying the floor won't fall through again 2 8 Human Generated

Wondering which version of you i might get on the phone Taylor Swift

tonight

Well | stopped picking up and this song is to let you know

why

Observations: Majority of the participants couldn’t figure out whether they are Machine of human, that

conveys that it has great possibilities for good lyrics creation.

Survey: Overall Remark

Writers® block commonly find themselves in a situation where they desire to write song lyrics but are
unable to deliver due to a lack of inspiration. In this scenario, a song lyrics generator would be useful for
them. It automatically generates song lyrics for them and inspires them to create. The majority of them

produce lyrics based on the text entered into an online form by the user.

The online lyrics generators mentioned in this article are simple to use and can be used by both music fans
and songwriters. Al lyrics generators, which are also web-based, can assist you in quickly creating original

random lyrics. You only need one word and you’ll be able to come up with a plethora of music lyrics.

| think these creations could be great starting point to meaning full theme based lyrics.



10.Conclusion and Future Studies

In this paper, | have tried to explore ways in which a digital machine would generate new music lyrics with
intended emotion. A comprehensive study was done starting with basic conceptual understanding of
Artificial Intelligence, Natural Language Processing, Machine Language and Deep Learning which |
believed are the bedrock for strong Al system detecting and generating lyrics with appropriate emotion as
expected by users. The research all shares the success stories on various Al model been experimented in
past. | have made a comprehensive study on Machine Learning and Deep learning algorithms which are
successfully getting implemented in the past creations. Neural networks like RNN, LSTM, CNN, DBNs
and other Machine Learning models like HMM, SVM, CRF are quite successful in detecting emotions in
the text. a comparison of various approaches for detecting an individual’s emotional state from textual
data has been undertaken. The three major approaches of the emotion modeling in the psychology research
such as Categorical approach, Dimensional approach and Appraisal based approaches was discussed.
Further, different computational approaches proposed for emotion detection from text such as Keyword
based approach, Rule based approach, Machine learning-based approaches and Hybrid approaches was
discussed. I have researched how emotion theories have been used as a basis for building models applied
in computational approaches in emotion detection and presented a literature review of the latest research

in this area. A hybrid based architecture for emotion detection has been proposed for better accuracy.

Finally, top web based lyrics generators are studied with the help of survey conducted with Singers, music

composers, Music Teachers, Music Instrument players.

I would like to work further on Music Information Recognition and generation including emotion and will

try to create Al which can be closer to human creativity
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