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ABSTRACT

Categorizing documents by content helps find the ruling class fast. Since
classification is established document correspondence, judging similarity is key
to profitable categorization. The bag-of-conversation approach is used in the
study of computers to extract document characteristics established phrase
commonness. Most term weight methods have restraints on account of stated
models. To develop machine intelligence, feature headings are constructed to
establish the allocation of the fundamental data. Deep knowledge is standard
accompanying scientists. Deep education turns unlabeled dossiers into feature
headings. This trait helps you meet an aim. In machine intelligence, individual
aim is to expand a deep interconnected system speech model. We use a deep
neural network to estimate in what way or manner analogous two documents
are. Accurate correspondence estimation demands superior item vectors that
show all item characteristics. We calculate cosine correspondence and interpret

the interconnected system's accuracy.
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CHAPTER 1

INTRODUCTION

Have you ever read a book and realised that it was similar to another book you had
previously read? One of the most critical difficulties in NLP is word similarity. Finding
similarities between documents is utilised in a variety of contexts, including
recommending similar books and articles, identifying plagiarised materials, legal
documents, and so on. If two texts are semantically similar and define the same

notion, or if they are duplicates, we can term them similar.

To let computers figure out the similarity of documents, we need to design a
technique to measure the similarity mathematically that is comparable so that
machines can tell us which papers are the most similar and which are the least
similar. We also need to encode text from documents in a quantifiable form (or a
mathematical object, which is commonly a vector form) so that similarity
computations can be performed on top of it. So, essentially, the two stages
necessary to make computers conduct this activity are turning a document into a
mathematical object and creating a similarity metric. We shall investigate many

approaches.

Because of linguistic, semantic, and knowledge-based aspects, measuring text
similarity is a difficult issue in NLP. Textual similarity may be measured using a
variety of approaches, ranging from basic count-based methods to neural networks
and knowledge-based methods. The primary concept is to map the texts onto a
vector space model (VSM) such that each pair of documents has two vectors. A
cosine similarity metric is used to calculate the dot product of two such normalised
vectors to determine their similarity. Textual similarity has a wide range of real-world
applications, including legal, academic, financial, and medicine. It can also help with

NLP tasks including document categorization, grouping, and retrieval.

The similarity of two vectors in an inner product space is measured by cosine

similarity. It is calculated by taking the cosine of the angle between two vectors and



determining if two vectors are pointing in the same general direction. It is frequently
used in text analysis to assess document similarity.

A document maybe depicted by millennia of attributes, each record the commonness
of the discussion (to a degree a magic words for entry) or phrase in the document.
Thus, each document is an object depicted by what is named a term-frequency

vector.

Vectorization is the process of converting words or text into a numerical form that can
be processed by machine learning algorithms. Cosine similarity is a technique used
to measure the similarity between two vectors, which in this case will represent

words or text.

The process of vectorizing words using cosine similarity involves representing each
word in the dataset as a vector in a high-dimensional space. Then, the cosine
similarity between each pair of vectors is calculated, which provides a measure of

how similar or dissimilar the corresponding words are.

This technique can be useful in a variety of natural language processing (NLP) tasks,
such as text classification, clustering, and information retrieval. By vectorizing words,
we can compare them using mathematical operations and perform tasks such as
finding the most similar words or identifying patterns and relationships in large

datasets.

Vectorizing words using cosine similarity is a technique used in natural language
processing (NLP) to convert words or text into a numerical form that can be
processed by machine learning algorithms. The process involves tokenization,

embedding, and cosine similarity calculation.

Tokenization refers to the process of splitting the text into individual words or tokens.
After tokenization, the words are embedded into vectors in a high-dimensional space,
where each dimension represents a unique feature. This embedding process can be

done using pre-trained models or custom models trained on specific datasets.



Once the words are embedded into vectors, the cosine similarity between each pair
of vectors is calculated. Cosine similarity is a measure of the similarity between two
vectors, where a value of 1 indicates that the vectors are identical, and a value of O
indicates that the vectors are completely dissimilar.

This technique can be applied in various NLP tasks, such as text classification,
clustering, and information retrieval. For example, in text classification, the similarity
between the vectors can be used to classify text into different categories. In
clustering, the vectors can be used to group similar text together. In information
retrieval, the vectors can be used to retrieve relevant documents based on the

similarity of the text.

° Document Similarity

Computing the similarity of two text documents is a typical problem in NLP, with a
variety of practical applications. It is widely used to rank search engine results or to
promote comparable material to readers. Document similarity, as the name implies,

determines how similar two documents are.

We imply a collection of strings when we say "papers.” For instance, an essay or
a.txt file. Many businesses utilise the document similarity principle to detect
plagiarism. Many exam-giving organisations also use it to determine if a student
cheated on another. As a result, understanding how all of this works is both critical

and fascinating.

One of the major issues in information retrieval is document similarity (or distance
between documents). How do humans normally determine how similar two papers
are? Documents are often classified as comparable if they are semantically similar
and convey similar topics. In the context of duplication detection, on the other hand,

"similarity" might be utilised. We'll go through a few typical ways.



A situation involving the necessity of recognising the similarity between pairs of
documents is an excellent use case for using cosine similarity as a quantification of
the assessment of similarity between two items. By turning the words or phrases
inside the text or sentence into a vectorized form of representation, the similarity

between two documents may be quantified.

° Similarity Problem

Semantic text similarity is the term used to describe similarity calculations based on
meaning. This is a highly difficult task to complete and remains a topic of current
research due to the complexity of natural language. In any case, the majority of
contemporary approaches to computing similarity attempt to partially take semantics

into account. You must first define two factors in order to compare texts for similarity:

The similarity approach, which will be used to determine how similar the embeddings
are to one another.The algorithm that will be used to turn the text into an embedding,
which is a vector space representation of the text.

The traditional computational linguistics strategy is to estimate similarity based on
content overlap between papers. The vector representations of the texts may then be
utilised to calculate similarity using the cosine similarity formula. A cosine similarity of
1 indicates that the two papers are identical, whereas a cosine similarity of O

indicates that there are no similarities between the two texts.

° Natural Language Processing

NLP allows computers to process human language and grasp meaning and context,
as well as the related sentiment and purpose, and then utilise this knowledge to build
something new. NLP is a branch of computer science that integrates computational

linguistics with statistical Machine Learning and Deep Learning models.

+ Vectorization



Vectorization is jargon for a traditional method of turning input data from its raw
format (i.e. text) into vectors of real numbers, which are the format supported by ML
models. This method has been around since computers were invented; it has
performed admirably in a variety of disciplines, and it is currently employed in NLP.

Vectorization is a phase in feature extraction in Machine Learning.

By translating text to numerical vectors, the goal is to extract some distinguishing
characteristics from the text for the model to train on. As we'll see momentarily, there
are several vectorization methods available, ranging from simple binary word
occurrence features to complex context-aware feature representations. Depending

on the use case and model, any of these may be capable of doing the desired task.

° Text Vectorization

For as long as computers have been, there has been the challenge of how to
represent data in a form that machines can understand. Text vectorization is a term
used often in natural language processing (NLP) to describe the process of
expressing words, phrases, or even larger units of text as vectors (or "vector
embeddings"). Other data kinds, such as pictures, sounds, and movies, can also be
encoded as vectors. But what are those vectors precisely, and how can you utilize

them in your own applications.

Using machine learning and deep learning approaches to process natural language
text and extract relevant information from a particular word or phrase, the string/text

must be translated into a collection of real numbers (a vector) — Word Embeddings.

Word Embeddings, also known as word vectorization, is an NLP approach that maps
words or phrases from a lexicon to a matching vector of real numbers, which is then
used to determine word predictions and word similarities/semantics. Vectorization is
the process of translating words into numbers. Word embeddings are useful in the

following situations. Compute similar words

0 Text classifications
' Document clustering/grouping

0 Feature extraction for text classifications



' Natural language processing

' Cosine Similarity

Cosine Similarity is a metric that measures the similarity of two or more vectors.
Cosine similarity is defined as the cosine of the angle between two vectors. The
vectors are usually non-zero and are located within an inner product space.

Cosine similarity is defined mathematically as the ratio of the dot product of vectors
to the product of the euclidean norms or magnitudes of each vector.

Cosine Similarity =____(@1*v2)
ICAIEIEZ)

Where:
(v1*v2) - Dot product of the vectors v1 and v2

(IIva|| * [Iv2|]) - product of the magnitude of the vectors  v1 and v2

Cosine similarity is a typical similarity measuring approach utilized in widely used
libraries and technologies like as Matlab, SciKit-Learn, TensorFlow, and others. The
cosine of the angle between the two non-zero vectors A and B is used to calculate
similarity. Assume the angle formed by the two vectors is 90 degrees. The cosine
similarity will be 0 in that situation, indicating that the two vectors are orthogonal or
perpendicular to each other. The angle between vectors A and B decreases as the
cosine similarity measurement approaches 1. The graphics below illustrate this point

more clearly.

102

The angle between vector
A and B is 10 deg.

Cos(10) =0.9848...

The angles could be said to
be 98% similar

FIG: 1.1 ANGLE BETWEEN TWO VECTORS



Cosine similarity may be utilised in a variety of applications, including
recommendation systems, plagiarism detectors, and data mining, and it can even be
employed as a loss function while training neural networks. The concept behind
cosine similarity is simple and, hopefully, can be implemented in most current

computer languages.

CHAPTER 2
LITERATURE SURVEY

Hay Mar Su Aung et.al(2020) examine three machine learning approaches for
sentiment analysis in Myanmar. The basic purpose of sentiment analysis (SA) is to
extract and detect subjective information, such as social sentiment, in the source
text. The sentiment class of a comment might be favourable, neutral, or negative.
The tests are conducted on a sample of 10,000 Myanmar-language Facebook
comments. The purpose of this study is to increase sentiment recognition accuracy
by leveraging the notion of word embeddings. Word2Vec is a high-dimensional word
vector training algorithm that learns the syntactic and semantic features of words.
The resultant word vectors are used to train sentiment classifiers using Machine

Learning methods.

Recent advancements in word vector representation learning have proved effective
in capturing the semantic and syntactic links that exist between words in a language.
Neural networks have been used by NLP researchers to train word embeddings. Two
important models, Continuous Bag of Words (CBOW) and Skip-gram, have not only
increased accuracy but also decreased training time. However, by integrating certain
current approaches, such as the sub-word model, which expresses a word as a
weighted average of n-gram representations, the vector space representation can
still be improved. Although pre-trained word vectors are required for every NLP

activity, little emphasis has been paid to the generation of word vectors for Indian



languages. This research presents a distributed representation for Kannada words

by utilising an optimum neural network model and integrating multiple methodologies.

Word embeddings are used as preprocessing in many text mining systems, words for
which vectors are not produced from a corpus are not taken into consideration in
later stages. Yasufumi Takama et.al(2022) suggest producing vectors of unknown
words without any extra corpus to tackle this challenge in this study. By conducting
arithmetic operations on known word vectors, the suggested approach constructs
word vectors. The main idea is to employ word categories and their connections,
which include both syntactic and semantic interactions. In combination with
Word2Vec's CBoW model, three types of generation methods are offered and
assessed. Two types of tests are conducted: one to evaluate the quality of the
produced word vectors and another to study their influence on a document
categorization job.The results show that, in the best-case scenario, approximately
84% of the generated vectors are ranked among the top ten most similar to actual

vectors.

This study investigates unsupervised learning of vector representations such as
Word2Vec and GloVe to enhance sentiment analysis. The acquired word vectors are
then input into the suggested architecture, which is made up of RNN and CNN
interacting with an attention mechanism called the Recurrent Convolutional Attention
Architecture "RCAA." Experiments show that unsupervised learning of representation
of words into qualified vectors at an adequate computational cost along with the
combination neural architecture by succeeding accuracy on word2vec by 83.62%,
GloVe by 85.72% as compared to Random initialization by 79.97% on rotten

tomatoes test dataset.

Open-source word vector datasets often feature a broad vocabulary with a high level
of emotion. Using vectors and a large number of words, sentiment words may be
retrieved from open source word vectors. Given sentiment words, such as dictionary
sentiment words, are utilised as seed words in this work, and the word similarity
method is then implemented. The open source word vector data set is searched for
similar terms to the target sentiment words, and the sentiment words are obtained by

hand labelling and filtering. Experiments indicate that this approach for collecting



sentiment words is both successful and affordable.

Latent Semantic Analysis (LSA) introduced by Landauer et al. in 1998. LSA uses
singular value decomposition (SVD) to reduce the dimensionality of the word vectors
and obtain a set of latent semantic dimensions. Using vectors and a large number of
words, sentiment words may be retrieved from open source word vectors. The cosine

similarity is then used to compare the vectors in this reduced dimensional space.

Another popular technique is the Word2Vec algorithm introduced by Mikolov et al. in
2013. Word2Vec uses neural networks to learn the vector representation of words by
predicting the context of each word in a large corpus. This technique has been
shown to be effective in various tasks, such as sentiment analysis, named entity

recognition, and part-of-speech tagging.

Word Embedding and Document Similarity Algorithms for Text Analysis, Gogoi and
Gupta (2018) survey the literature on word embedding and document similarity
algorithms for text analysis. The authors discuss the use of cosine similarity for
vectorizing words and document similarity computation. They also provide a
comparison of different techniques and their performance in various text analysis

tasks.

In the paper "A Survey on Word Embeddings in Natural Language Processing", Turc
et al. (2019) provide a comprehensive survey of the literature on word embeddings in
NLP. The authors discuss the various approaches for generating word embeddings,
including the use of cosine similarity, and highlight their applications in various NLP
tasks. They also discuss the limitations of existing techniques and provide insights

into future research directions.

A Survey of Dimensionality Reduction Techniques for Text Data Mining, Cao et al.
(2018) survey the literature on dimensionality reduction techniques for text data
mining. The authors discuss the use of cosine similarity for vectorizing words and
document similarity computation. They also discuss various dimensionality reduction

techniques, including SVD and PCA, and provide a comparison of their performance



in various text data mining tasks.

In the paper "A Survey on Text Classification: From Naive Bayes to Deep Learning",
Wang et al. (2018) provide a comprehensive survey of the literature on text
classification. The authors discuss the use of cosine similarity for vectorizing words
and document similarity computation, as well as other techniques for feature
selection and representation learning. They also provide a comparison of different
classification algorithms and their performance in various text classification tasks.

GloVe (Global Vectors) is another widely used technique for word vectorization
introduced by Pennington et al. in 2014. GloVe uses co-occurrence statistics to learn
the word vectors and has been shown to outperform Word2Vec in several tasks.

Several recent works have focused on improving the effectiveness of vectorization
using cosine similarity by incorporating additional information, such as syntactic and
semantic relations between words. For example, the FastText algorithm introduced
by Bojanowski et al. in 2017 uses character n-grams to learn the vector
representation of words and can capture sub-word information, such as prefixes and

suffixes.

In their survey paper "Word Embeddings in Natural Language Processing", Goldberg
and Levy (2014) provide a comprehensive overview of the technigues for word
vectorization, including the use of cosine similarity. The authors discuss the
advantages and disadvantages of various techniques and highlight their applications

in several NLP tasks.

In the paper "A Survey of Word Embeddings for Natural Language Processing",
Chakraborty et al. (2016) provide an in-depth review of various word embedding
techniques, including LSA, Word2Vec, GloVe, and other related methods. The
authors discuss the strengths and weaknesses of each technique and provide a

comparison of their performance in various NLP tasks.

In the paper "A Survey of Techniques for Efficient and Robust Text Classification in

Social Media", Aggarwal and Zhai (2012) survey the literature on text classification in



social media and discuss the use of cosine similarity for vectorizing words. The
authors highlight the challenges of working with noisy and sparse data in social

media and discuss various techniques for addressing these challenges.

In the paper "A Survey of Neural Network-Based Language Models for Natural
Language Processing"”, Young et al. (2018) survey the literature on neural network-
based language models and discuss the use of cosine similarity for word
vectorization. The authors discuss the recent advances in this field and highlight the
potential applications of these models in various NLP tasks, including machine

translation and speech recognition.

Text categorization is a critical component of natural language processing and one of
the most active study areas today. Text classification technology, on the other hand,
is still grappling with the issue of losing some semantic information as a result of new
terms. As a result, this research presents a fastText-kdTree-based word vector fusion
approach. To begin, the technique trains word vectors using the fastText model and
fills in unknown word vectors using the n-gram model. Second, it makes use of the
kdTree closest neighbour idea to identify numerous word vectors that are related to
unknown words. Finally, a gate mechanism fuses the numerous word vectors to
generate a new word vector representation. The testing findings show that the

suggested technique can achieve 91.08% classification accuracy.

The word2vec model has further applicability in a variety of NLP tasks. The semantic
meaning for each word in vector representations provided by Word2vec has proven
effective in machine learning text categorization. They are used to analyse word

analogies, syntactic structure, and semantics.

Word2vec is available in two variants: CBOW and Skip-Gram. They used to guess a
word based on its context, and the reverse is also true. To boost the efficiency of
word2vec, they applied two computing techniques: hierarchical softmax and negative
sampling. The proposed research project focuses on the introduction of models,
computational approaches, and diverse sectors of word2vec applications.
Word2vec's performance is evaluated by comparing it to other current models using

metrics.



In general, the input embedding produced by Word2Vec is used as the elements of a
word vector, but the output embedding produced concurrently is not. The authors, on
the other hand, underline the paired output embedding's usefulness. Yu Dai et.al
(2020) offer word vectors that incorporate input and output embeddings in this study.
Furthermore, the suggested word vectors' performance is tested empirically, and
document classification studies with the proposed word vectors are carried out.
According to the results, the proposed word vectors increased classification

performance.

The primary goal of sentiment analysis is to determine the polarity of a text's
sentiment (positivity, neutrality, or negativity). Traditional bag-of-words methods have
flaws that affect sentiment categorization accuracy. The purpose of this study is to
increase sentiment categorization accuracy through the use of the idea of word
embedding. In this project, Word2Vec is utilised to build high-dimensional word
vectors that grasp contextual information about words. Machine learning methods
are used to train sentiment categorization classifiers using the obtained word vectors.
Applying real-world datasets, the tests indicate that using word embedding enhances

sentiment categorization accuracy.

Guihong Zhang et.al(2019) address the use of both word vector and character vector
format in English-Indonesian neural machine translation (NMT). Six NMT model
configurations were developed utilising different input vector representations,
including word-based, bidirectional LSTM (bi-LSTM), CNN, and a combination of bi-
LSTM and CNN employing three distinct vector operations: addition, pointwise
multiplication, and averaging. The results of the experiment revealed that NMT
models combining word and character representation obtained higher BLEU scores
than the baseline model, ranging from 9.14 to 11.65 points for all models combining
both word and character representation, with the exception of the model combining
word and character representation using both bi-LSTM and CNN by addition

operation.

2.1 INFERENCES FROM LITERATURE SURVEY



From the literature survey on vectorization of words using cosine similarity for a

melange of data, the following inferences can be made:

Word embeddings have emerged as a popular technique in natural language
processing for representing words as vectors in a high-dimensional space. Cosine
similarity has been shown to be an effective measure for comparing these word

vectors and capturing their semantic similarities.

The most commonly used approach for generating word embeddings is the
Word2Vec algorithm, which learns distributed representations of words based on
their co-occurrence in a large text corpus. Other popular approaches include GloVe

and FastText.

Pretrained word embeddings have been shown to be effective for a wide range of
NLP tasks, including sentiment analysis, text classification, and question answering.
They can be easily incorporated into various machine learning models and can help

to improve their accuracy.

While word embeddings have been successful in capturing the semantic similarities
between words, they still face several challenges such as handling OOV words,
addressing polysemy and homonymy, handling rare words, scaling to large text data,

and multilingual word embeddings.

Technigues such as sub-word embeddings, sense embeddings, contextualized word
embeddings, subsampling, adaptive softmax, distributed word embedding models,
negative sampling, multilingual word embeddings, and cross-lingual transfer learning
have been proposed to address these challenges and improve the accuracy and

effectiveness of word embeddings.

Vectorization of words using cosine similarity for a melange of data has shown
promising results for various NLP tasks, including document similarity, topic
modeling, and text classification. It can handle a wide range of text data, including
structured and unstructured data, and can capture both semantic and syntactic

similarities between words.



The proposed system for vectorization of words using cosine similarity for a melange
of data includes data acquisition and preprocessing, vectorization of words using
word embeddings, and calculation of cosine similarity between word vectors. The
system can be easily integrated with various machine learning models and can help

to improve their accuracy.

Overall, the literature survey highlights the potential of vectorization of words using
cosine similarity for a melange of data in natural language processing and identifies
several challenges that need to be addressed to improve its effectiveness for a wide

range of NLP tasks.

2.2 OPEN PROBLEMS IN EXISTING SYSTEM

While vectorization of words using cosine similarity for a melange of data has shown
promising results, there are still several open problems that exist in the existing

system. These open problems include:

Handling Out-of-Vocabulary (OOV) Words: The existing system assumes that all
words in the text data have corresponding word embeddings. However, this is not
always the case, and new words that are not present in the word embedding model
can result in OOV errors. Techniques such as sub-word embeddings and character-

level embeddings can help to address this problem.

Addressing Polysemy and Homonymy: Many words in natural language have
multiple meanings, which can lead to ambiguity in the context of a sentence. The
existing system does not differentiate between the various meanings of a word,
which can result in incorrect word vectors. Techniques such as sense embeddings

and contextualized word embeddings can help to address this problem.

Handling Rare Words: The existing system may struggle to create accurate word
vectors for rare words that have limited occurrences in the text data. This can be a
problem in domains such as scientific literature, where there may be many technical

terms that are not commonly used. Technigues such as subsampling and adaptive



softmax can help to address this problem.

Scaling to Large Text Data: The existing system may struggle to scale to very large
text data sets, which can result in high computational costs and slow processing
times. Distributed word embedding models and techniques such as negative

sampling can help to address this problem.

Multilingual Word Embeddings: The existing system may not be suitable for
languages other than English, where different linguistic structures and writing
systems may require different approaches to word embeddings. Techniques such as
multilingual word embeddings and cross-lingual transfer learning can help to address

this problem.

While the vectorization of words using cosine similarity for a melange of data has
shown great potential in natural language processing, there are still several open
problems that need to be addressed in order to improve its accuracy and

effectiveness for a wide range of NLP tasks.



CHAPTER 3

REQUIREMENT ANALYSIS

3.1 FEASIBILITY STUDIES/RISK ANALYSIS OF THE PROJECT

FEASIBILITY STUDY

In this phase, the viability of the project is increased server performance, and a
business proposal is presented with a very generic plan for the project and some
cost estimates. The feasibility assessment of the proposed system is to be carried
out during system analysis. Understanding the system's primary needs is required for

feasibility study.Three key considerations involved in the feasibility analysis are

o Economical feasibility
¢+ Technical feasibility

¢+ Operational feasibility

ECONOMICAL FEASIBILITY

This assessment is carried out to determine the economic impact of the system on
the organisation. The amount of money that the corporation can invest in system
research and development is restricted. It is necessary to justify the spending. Thus,
the established system was also developed within the budget, which was
accomplished because the majority of the technologies employed were freely

accessible. Only the modified items were required to be purchased.

From an economic perspective, vectorizing words using cosine similarity can be a
feasible approach for processing text data, depending on the specific use case and
context. The economic feasibility of this approach depends on several factors,
including the availability and cost of the necessary data and computing resources,
the potential benefits of using this technique compared to alternative methods, and

the overall cost-effectiveness of the approach in achieving the desired outcomes.



One advantage of using cosine similarity for word vectorization is that it is a relatively
simple and computationally efficient technique that can be implemented using
widely-available software tools and libraries. This makes it a cost-effective option for
processing large volumes of text data compared to more complex and resource-
intensive techniques such as deep learning. Additionally, cosine similarity-based
methods are often able to achieve high accuracy rates for many common NLP tasks,
which can lead to improved outcomes and cost savings compared to less effective

approaches.

The economic feasibility of using cosine similarity for word vectorization may be
impacted by the availability and cost of the necessary data and computing resources.
For example, if high-quality training data is scarce or expensive to acquire, the cost-
effectiveness of using this technique may be reduced. Similarly, if the required
computing resources are expensive or difficult to obtain, the overall cost of

implementing this approach may be prohibitive.

The economic feasibility of vectorizing words using cosine similarity will depend on a
range of factors specific to the particular use case and context. While this approach
can be a cost-effective and efficient option for many NLP tasks, careful consideration
of the costs and benefits of using this technique compared to alternative methods will

be necessary to determine its overall economic feasibility.

TECHNICAL FEASIBILITY

This research is carried out to determine the technical feasibility, of the system's
technical needs. Any system created must not place an excessive strain on the
existing technological resources. This will result in excessive expectations being
placed on the client. Because only little or no changes are necessary to deploy this

system, the designed system must have modest requirements.

Vectorizing words using cosine similarity is a well-established technique in natural
language processing (NLP) and has been shown to be technically feasible for a wide
variety of data sources. The feasibility of this approach depends on several factors,

including the size and complexity of the data, the quality and availability of the



underlying corpus, and the specific NLP task being addressed.

One of the main advantages of using cosine similarity for word vectorization is that it
is a computationally efficient and scalable technique that can handle large and
diverse data sources. This makes it well-suited for applications in web search, text
classification, sentiment analysis, and other NLP tasks that require processing large
amounts of data. Moreover, cosine similarity-based methods have been shown to be
effective in capturing semantic relationships between words, enabling better

performance on tasks such as word sense disambiguation and language modeling.

One key issue is that it requires a large and representative corpus of text data to be
effective. This can be a challenge in some domains, such as specialized technical
fields or languages with limited resources. Additionally, cosine similarity-based
methods are often limited by the quality and quantity of training data, and may
struggle to capture complex linguistic phenomena such as idiomatic expressions or

figurative language.

While there are some limitations to using cosine similarity for word vectorization, it
remains a technically feasible and widely-used technique in NLP. Its efficiency,
scalability, and ability to capture semantic relationships between words make it a

valuable tool for many applications in natural language processing.

OPERATIONAL FEASIBILITY

The purpose of the research is to determine the user's level of acceptance of the
system. This involves the process of educating the user on how to utilise the system
effectively. The user should not be afraid of the system, but rather embrace it as a
need. The amount of adoption by users is primarily determined by the methods used
to educate and familiarise the user with the system. His confidence must be boosted
so that he can offer constructive feedback, which is greatly appreciated given that he

is the system's final user.

From an operational standpoint, vectorizing words using cosine similarity is generally

feasible for a wide range of data types and NLP tasks. However, the feasibility of this



approach will depend on several factors related to the specific implementation and

the requirements of the task at hand.

The cosine similarity for word vectorization is that it is a well-established and widely-
used technique in NLP, with many available software tools and libraries that can
facilitate its implementation. This makes it a feasible option for many operational
contexts, as it can be integrated into existing workflows and systems with relative
ease. Additionally, cosine similarity-based methods are often able to achieve high
levels of accuracy for many common NLP tasks, which can be a valuable operational

benefit in many applications.

The operational feasibility of using cosine similarity for word vectorization may be
impacted by several factors. For example, the complexity and size of the data being
processed can impact the efficiency and effectiveness of the technique. Additionally,
the quality and quantity of the training data used to build the word vectors can impact
the accuracy and usefulness of the resulting vectors for downstream NLP tasks.
Furthermore, the specific requirements of the task at hand, such as the need to
capture complex semantic relationships between words or the need to process data
in real-time, may require additional considerations in the implementation of this

approach.

The operational feasibility of vectorizing words using cosine similarity will depend on
a range of factors specific to the particular implementation and requirements of the
NLP task being addressed. While this approach is generally feasible for many
applications, careful consideration of the specific operational requirements and
potential limitations of the technique will be necessary to ensure its effective

implementation.

3.2 SOFTWARE REQUIREMENTS SPECIFICATION DOCUMENT

Hardware specifications:
o] Microsoft Server enabled computers
o] Higher RAM, of about 8GB or above

o] Processor of frequency 1.5GHz or above



Software specifications:

o] Python 3.6 and HigherAnaconda Software



CHAPTER 4

DESCRIPTION OF THE PROPOSED SYSTEM

4.1 SELECTED METHODOLOGY OR PROCESS MODEL

The proposed system for the vectorization of words using cosine similarity for a melange of
data is a NLP system that aims to convert text data into numerical vectors that can be used for
a variety of NLP tasks. The system consists of several components, including data

preprocessing, word vectorization, and similarity measurement.

The system is data preprocessing, which involves cleaning and normalizing the text data to
remove noise, punctuation, and other extraneous information. This step may also involve
tokenization, which is the process of breaking down the text data into individual words or
phrases for further processing.

The word vectorization, which involves converting the individual words or phrases into
numerical vectors using cosine similarity. This involves representing each word or phrase as a
vector in a high-dimensional space, where the position and direction of the vector reflect the
semantic meaning of the word or phrase. This process is typically achieved using unsupervised
machine learning algorithms such as word2vec or GloVe, which are trained on large text

corpora to generate high-quality word vectors.

The similarity measurement, which involves comparing the vectors of different words or
phrases to determine their degree of similarity. This is typically achieved using cosine similarity,
which measures the cosine of the angle between two vectors and returns a value between O
and 1, where a value of 1 indicates perfect similarity and a value of O indicates perfect

dissimilarity.

The proposed system can be used for a variety of NLP tasks, including text classification,
information retrieval, sentiment analysis, and natural language generation. By converting text
data into numerical vectors using cosine similarity, the system can facilitate more efficient and
accurate processing of large volumes of data, as well as the identification of complex semantic

relationships between words and phrases.



The proposed system for the vectorization of words using cosine similarity for a melange of
data represents a powerful and flexible tool for processing and analyzing text data in a variety
of contexts. By leveraging unsupervised machine learning algorithms and advanced similarity
measurement techniques, the system can provide valuable insights and enable more efficient

and accurate decision-making in a wide range of industries and applications.
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FIG: 4.1 Sample Input

Modules
1. Data Acquisition and Preprocessing

We must first install all of the required libraries in order to test the various embedding
techniques. For this project, we'll utilise conda from tiny forge to administer a virtual
environment. Conda is required for this project. Huggingface's dataset library will be used to
swiftly load the STSB dataset into pandas data frames. The STSB dataset is made up of two
tables: a train table and a test table. We separated the two tables into their own data frames,

stsb train and stsb test.

Let's write two helper functions for operations that we'll be repeating throughout this essay. The
first function is to pre-process text by lemmatizing, lowercasing, and deleting stop words and
digits. The second function accepts two columns of text embeddings and returns their row-wise

cosine similarity.

Data acquisition and preprocessing are critical steps in the vectorization of words using cosine
similarity for a melange of data. These steps involve collecting and preparing the text data for

further processing using techniques such as tokenization and data cleaning.



The first step in data acquisition is to identify and collect the relevant data for the NLP task at
hand. This may involve scraping text data from websites or social media platforms, collecting
data from APIs, or accessing existing text data sets. It is important to ensure that the collected
data is representative of the target population and that it is relevant to the specific NLP task

being addressed.

Once the data has been collected, the next step is to preprocess it to remove noise and

prepare it for further processing. This typically involves several steps, including:

Data Cleaning: This involves removing extraneous information from the text data such as
punctuation, numbers, and special characters. Data cleaning also involves standardizing the

text by converting it to lowercase and removing any special characters or symbols.

Tokenization: This involves breaking down the text data into individual words or phrases, which
can then be processed further. Tokenization may involve using simple techniques such as
splitting the text on whitespace or more advanced techniques such as using regular

expressions or machine learning algorithms.

Stop Word Removal: Stop words are common words that do not carry much meaning, such as
"the", "a", and "an". Removing stop words can help to reduce the dimensionality of the data and

improve the efficiency and accuracy of subsequent processing steps.

Stemming and Lemmatization: These techniques involve reducing words to their base or root
form to simplify the data and make it easier to analyze. Stemming involves removing the
suffixes from words to obtain their root form, while lemmatization involves using language-

specific algorithms to convert words to their base form.

The data acquisition and preprocessing are critical steps in the vectorization of words using
cosine similarity for a melange of data. By carefully collecting and preparing the text data, it is

possible to create high-quality word vectors that can be used for a wide range of NLP tasks.

2. SBERT Model Building

Google created BERT (Bidirectional Encoder Representations from Transformers) in 2018 as a
transformer-based NLP pretraining model. It's nothing more than a Transformer language
model with several encoder layers and self-attention heads. With the introduction of BERT,



anybody in the globe may now rapidly and efficiently train their own question answering model,
sentiment analysis, or any other language model. Sentence Transformers (also known as
SBERT) are the most advanced NLP sentence embeddings available today. It is pre-trained
using a kind of metric learning known as contrastive learning and employs BERT and its
variations as the foundation model. The contrastive loss function in contrastive learning

compares whether two embeddings are similar or different.

embeddings = spacy.load('en core sci scibert')

Fig:4.2 Bert model

The core idea of Sentence Transformers is as follows:

1. As training data, use the labelled SNLI dataset or the STS datasets. These datasets contain

thousands of pairs of phrases labelled as similar or different.

2. Calculate the contextual word embeddings of each text in the training dataset using any pre-
trained BERT model as an encoder.

3. To generate a single fixed dimension sentence embedding for the full text, compute the
element-wise average of all token embeddings. Mean Pooling is the name given to this

procedure.

4. The model is trained using a Siamese Network architecture with contrastive loss. The
model's goal is to bring comparable text embeddings closer together such that the gap
between them is close to zero. In contrast, the model seeks to shift the embeddings from

dissimilar texts apart so that the distance between them is high.

5. After we have finished training the model, we may compare any two texts by determining the

cosine similarity between their embeddings.

SBERT (Sentence-BERT) is a variant of the popular BERT (Bidirectional Encoder

Representations from Transformers) model that is specifically designed for generating



high-quality sentence embeddings. SBERT has been shown to be effective for a wide range of

NLP tasks, including text classification, sentiment analysis, and information retrieval.

In the context of vectorization of words using cosine similarity for a melange of data, SBERT
can be used to generate high-quality sentence embeddings, which can then be used to
compute cosine similarity between sentences and words. This can help to improve the
accuracy and effectiveness of the vectorization process, particularly for complex sentence

structures and long documents.

To build an SBERT model for vectorization of words using cosine similarity for a melange of

data, the following steps can be followed:

Data collection and preprocessing: Collect a large corpus of text data and preprocess it by
performing tasks such as tokenization, lowercasing, removing stop words, and

stemming/lemmatization.

Fine-tuning BERT for sentence embeddings: Use a pre-trained BERT model as the base and
fine-tune it on a large corpus of sentence pairs to generate high-quality sentence embeddings.
This can be done by training the model to predict whether two sentences are semantically

similar or not.

Generating sentence embeddings: Once the BERT model has been fine-tuned, it can be used
to generate high-quality sentence embeddings for a wide range of NLP tasks. These
embeddings can be used to compute cosine similarity between sentences and words for

vectorization of words using cosine similarity for a melange of data.

Integration with machine learning models: The SBERT model can be easily integrated with
various machine learning models, such as classification and clustering models, to improve their

accuracy and effectiveness.

Overall, building an SBERT model for vectorization of words using cosine similarity for a
melange of data can help to improve the accuracy and effectiveness of the vectorization

process, particularly for complex sentence structures and long documents.

Sentence using a Bi-Encoder The transformer model takes in one text at a time and outputs a
fixed dimension embedding vector. We may then compare any two papers by determining the

cosine similarity between their embeddings.



Though the Bi-Encoder Sentence Transformer performs somewhat worse than the Cross
Encoder on our STSB dataset, Bi-Encoders thrive when used with vector search databases
such as Milvus!We shall use the sentence_transformers library to efficiently use the various

open-source SBERT Bi-Encoder models trained on SNLI and STS datasets.

Fig:4.3 Spacy model reperesentation

3. Training the Model

Only the top layers are trained in order to execute "feature extraction,” which allows the model
to utilise the pretrained model's representations. Optimum Performance This should be done
only after the feature extraction model has been trained to converge on the new data. This is
an optional last step in which the bert model is unfrozen and constrained with a modest
learning rate. This can result in significant improvements by gradually modifying the pretrained
features to the fresh data. The model is then trained from start to finish and evaluated on the

test set.

4.2 ARCHITECTURE / OVERALL DESIGN OF PROPOSED SYSTEM


https://www.sbert.net/
https://paperswithcode.com/dataset/snli
https://paperswithcode.com/dataset/semantic-textual-similarity-2012-2016
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FIG :4.2 SYSTEM ARCHITECTURE

The system architecture for vectorization of words using cosine similarity for a melange of data
is complex and involves several components that must work together seamlessly to produce
accurate results. The success of the system depends on the quality of the data, the accuracy of
the algorithms used for preprocessing and embedding generation, and the effectiveness of the

machine learning model.

4.3 DESCRIPTION OF SOFTWARE FOR IMPLEMENTATION AND TESTING PLAN OF
THE PROPOSED MODEL/SYSTEM

Anaconda is an open-source Python and R package management. It is the most popular
platform for executing Python and R implementations among data science specialists. There
are around 300 libraries in data science, thus every expert in this discipline must have a
reliable distribution mechanism for them. Anaconda makes package distribution and
administration easier. Furthermore, it has a plethora of tools that may assist you with data

collecting using artificial intelligence and machine learning techniques.



Anaconda makes it simple to create, administer, and share Conda environments. Furthermore,
Anaconda allows you to launch any desired project with a few clicks. There are several
advantages of utilizing Anaconda, the most notable of which are as follows: Anaconda is a free
and open-source project. This implies you can use it without paying for it. Anaconda is widely
used in the data science business. It is also open-source, which has contributed to its
widespread popularity. If you want to work in data science, you must be familiar with Anaconda

for Python, since every recruiter wants you to be. It is an absolute necessity for data scientists.

Python and R data science packages, so you won't run into any compatibility concerns while
working with others. Assume your colleague brings you a project that requires packages A and
B, but you only have package A. You would be unable to complete the job without package B.
Anaconda reduces the likelihood of such mistakes. You may simply collaborate on projects
without fear of incompatibility. It provides a unified environment that facilitates project
deployment. With a few clicks and keystrokes, you can launch any project while controlling the

rest.

Anaconda has a large community of data scientists and machine learning experts that utilise it
on a daily basis. If you run into a problem, chances are the community has previously
addressed it. On the other side, you may question individuals in the community about the
problems you're having; it's a really helpful community that is eager to assist newcomers.
Anaconda makes it simple to develop and train machine learning and deep learning models
since it integrates with popular tools like as TensorFlow, Scikit-Learn, and Theano. While using

Anaconda, you can generate visualisations with Bokeh, Holoviews, Matplotlib, and Datashader.

The software for the implementation and testing plan of the proposed model/system for
vectorization of words using cosine similarity for a melange of data would typically involve

several com ponents.

Programming language: The first component of the software is the programming language that
will be used to implement the system. The choice of programming language may depend on
factors such as the complexity of the system, the availability of libraries and frameworks, and
the expertise of the development team. Common programming languages used in natural

language processing and machine learning include Python, Java, and R.



Libraries and frameworks: The second component of the software is the libraries and
frameworks that will be used to implement the system. These may include machine learning
frameworks such as TensorFlow or PyTorch, natural language processing libraries such as

NLTK or spaCy, and vectorization libraries such as Gensim.

Database: The third component of the software is the database that will be used to store the
data that will be used to train the model and perform the vectorization of words. Common
databases used in natural language processing and machine learning include SQL and NoSQL

databases such as MongoDB.

User interface: The fourth component of the software is the user interface. This is the part of
the system that allows users to interact with the model and perform tasks such as querying the
system for word vectorization results or entering new data for vectorization. The user interface
may be developed using web technologies such as HTML, CSS, and JavaScript, or desktop

application frameworks such as Qt or Tkinter.

Testing plan: The final component of the software is the testing plan. This involves defining the
testing methodology and test cases that will be used to ensure that the system is functioning
correctly. Testing may involve techniques such as unit testing, integration testing, and

acceptance testing.

The implementation and testing plan for the proposed model/system for vectorization of words
using cosine similarity for a melange of data should be comprehensive and cover all aspects of
the system, from data acquisition to user interface design. The testing plan should be designed

to ensure that the system is functioning correctly and produces accurate results.

How to Use Anaconda for Python

Now that we have discussed all the basics in our Python Anaconda tutorial, let’s discuss some
fundamental commands you can use to start using this package manager.

Listing All Environments

To begin using Anaconda, you’d need to see how many Conda environments are present in
your machine.

conda env list



It will list all the available Conda environments in your machine.

Creating a New Environment

You can create a new Conda environment by going to the required directory and use this
command:

conda create -n <your_environment_name>

You can replace <your_environment_name> with the name of your environment. After entering
this command, conda will ask you if you want to proceed to which you should reply with y:
proceed ([y])/n)?

On the other hand, if you want to create an environment with a particular version of Python,
you should use the following command:

conda create -n <your_environment_name> python=3.6

Similarly, if you want to create an environment with a particular package, you can use the
following command:

conda create -n <your_environment_name>pack name

Here, you can replace pack _name with the name of the package you want to use.

If you have a .yml file, you can use the following command to create a new Conda environment
based on that file:

conda env create -n <your_environment_name> -f <file_name>.yml

We have also discussed how you can export an existing Conda environment to a .yml file later

in this article.

Activating an Environment

You can activate a Conda environment by using the following command:

conda activate <environment_name>

You should activate the environment before you start working on the same. Also, replace the
term <environment_name> with the environment name you want to activate. On the other
hand, if you want to deactivate an environment use the following command:

conda deactivate

Installing Packages in an Environment
Now that you have an activated environment, you can install packages into it by using the
following command:

conda install <pack_name>



Replace the term <pack_name> with the name of the package you want to install in your

Conda environment while using this command.

Updating Packages in an Environment

If you want to update the packages present in a particular Conda environment, you should use
the following command:

conda update

The above command will update all the packages present in the environment. However, if you
want to update a package to a certain version, you will need to use the following command:

conda install <package name>=<version>

Exporting an Environment Configuration

Suppose you want to share your project with someone else (colleague, friend, etc.). While you
can share the directory on Github, it would have many Python packages, making the transfer
process very challenging. Instead of that, you can create an environment configuration .yml file
and share it with that person. Now, they can create an environment like your one by using the
yml file.

For exporting the environment to the .yml file, you'll first have to activate the same and run the
following command:

conda env export ><file_name>.ym|

The person you want to share the environment with only has to use the exported file by using

the ‘Creating a New Environment’ command we shared before.

Removing a Package from an Environment

If you want to uninstall a package from a specific Conda environment, use the following
command:

conda remove -n <env_name><package name>

On the other hand, if you want to uninstall a package from an activated environment, you’d
have to use the following command:

conda remove <package_name>

Deleting an Environment

Sometimes, you don’t need to add a new environment but remove one. In such cases, you



must know how to delete a Conda environment, which you can do so by using the following
command:
conda env remove —name <env_name>

The above command would delete the Conda environment right away.

4.4 FINANCIAL REPORT ON ESTIMATED COSTING

The cost of implementing the proposed model/system for vectorization of words using cosine similarity
for a melange of data will depend on several factors, such as the complexity of the system, the size of
the dataset, the hardware and software requirements, and the expertise of the development team. Here

is a breakdown of the estimated costs:

Hardware costs: The hardware required for implementing the system will include servers, storage
devices, and network infrastructure. The cost of this hardware will depend on the size of the dataset and
the number of users accessing the system. A rough estimate for the hardware costs would be around
$10,000 - $20,000.

Software costs: The software required for implementing the system will include programming
languages, libraries and frameworks, and databases. Many of these software tools are open-source and
free to use, but some may require licensing fees. A rough estimate for the software costs would be
around $5,000 - $10,000.

Development costs: The development costs will depend on the size and expertise of the development
team, as well as the complexity of the system. A rough estimate for the development costs would be
around $50,000 - $100,000.

Testing costs: The testing costs will depend on the size of the dataset and the complexity of the system.

A rough estimate for the testing costs would be around $5,000 - $10,000.

Maintenance and support costs: The maintenance and support costs will depend on the size of the
development team and the number of users accessing the system. A rough estimate for the

maintenance and support costs would be around $10,000 - $20,000 per year.

Therefore, the estimated total cost for implementing the proposed model/system for vectorization of
words using cosine similarity for a melange of data would be around $80,000 - $170,000, with an

additional yearly cost of around $10,000 - $20,000 for maintenance and support. It is important to note



that these are rough estimates and the actual cost may vary depending on the specific requirements of

the system.

4.5 TRANSITION / SOFTWARE TO OPERATIONS PLAN

Transitioning from the software development phase to the operational phase for vectorization of
words using cosine cosine similarity for a melange of data involves several steps. Here is a

plan outlining these steps:

System Testing: Before transitioning to the operational phase, it is important to thoroughly test
the system to ensure that it is stable, reliable, and meets the requirements of the stakeholders.
The testing should include unit testing, integration testing, system testing, and acceptance
testing. This phase may require additional development and testing to ensure that the system

is ready for operational use.

Deployment: Once the system has been thoroughly tested, it can be deployed to the
operational environment. This may involve installing the necessary hardware and software,
configuring the system, and testing it in the production environment. This phase may require

coordination with other teams or stakeholders to ensure a smooth transition.

User Training: Once the system has been deployed, it is important to provide training to the
users who will be using the system. This may involve providing documentation, training
materials, and hands-on training to ensure that users understand how to use the system and its

features.

Support and Maintenance: After the system has been deployed, it will require ongoing support
and maintenance to ensure that it continues to operate as expected. This may involve
monitoring the system, troubleshooting issues, and providing updates and upgrades as

necessary.
Performance Monitoring: It is important to continually monitor the performance of the system to
ensure that it is meeting the needs of the users and stakeholders. This may involve setting up

performance metrics, monitoring system logs, and analyzing user feedback.

Continuous Improvement: Finally, it is important to continuously improve the system based on



user feedback and changing requirements. This may involve conducting regular reviews,

gathering user feedback, and implementing new features or improvements.

The transition from the software development phase to the operational phase for vectorization
of words using cosine cosine similarity for a melange of data can be a smooth and successful

process, ensuring that the system meets the needs of its users and stakeholders.

CHAPTER 5
RESULTS AND DISCUSSION

The results of the vectorization of words using cosine cosine similarity for a melange of data
show that the proposed method is highly effective in capturing the semantic meaning of words
in a wide range of contexts. The approach was tested on several benchmark datasets, and the

results show that it performs better than many existing methods for vectorization of words.

In particular, the use of the SBERT model allowed for more accurate vectorization of words, as
it takes into account the context in which a word is used. This approach was found to be highly
effective, as it helped to capture the nuances of language and the subtle differences in
meaning between words.

The results of the study suggest that the proposed method is highly effective in capturing the
semantic meaning of words, as well as in identifying similarities and differences between
words. The approach was found to be patrticularly effective in identifying synonyms and related

words, as well as in clustering similar words together.

The study also found that the proposed method can be used in a wide range of applications,
such as text classification, sentiment analysis, and recommendation systems. The accuracy
and efficiency of the proposed method make it an invaluable tool for analyzing large amounts

of text data in these and other applications.

Despite the promising results of the study, there are still some limitations to the proposed

method. For example, the method may not be as effective for specialized or technical



language, which may require more specialized approaches for vectorization. Additionally, the
method may not be as effective for languages other than English, which may require different

techniques for vectorization.

Overall, the results of the study suggest that the vectorization of words using cosine cosine
similarity for a melange of data is a highly effective and promising approach for analyzing large
amounts of text data. The use of advanced techniques such as the SBERT model can further
improve the accuracy of this approach, making it an invaluable tool for a wide range of

applications

CHAPTER 6
CONCLUSION

6.1 CONCLUSION

In conclusion, the proposed method for vectorization of words using cosine cosine similarity for
a melange of data shows promising results in improving the accuracy and efficiency of text
processing and analysis tasks. By leveraging the strengths of both traditional bag-of-words
models and more advanced language models such as SBERT, the proposed system is able to
effectively capture the semantic meaning of text data and facilitate more accurate comparisons

and classifications.

Through a combination of data acquisition and preprocessing, SBERT model building, and
training the model on a diverse range of data sources, the system was able to achieve high
levels of accuracy in text classification and clustering tasks. The results of the testing phase
demonstrate that the proposed method is highly effective in handling a wide range of text data,

including both structured and unstructured data sources.

Overall, the proposed system has the potential to significantly improve the efficiency and
accuracy of text processing and analysis tasks, which have become increasingly important in
today's data-driven world. The system can be further optimized and enhanced through ongoing
research and development, and has the potential to be applied in a wide range of industries

and applications.



6.2 FUTURE WORK

There are several avenues for future work to further improve the proposed method for

vectorization of words using cosine cosine similarity for a melange of data:

Optimization of hyperparameters: The performance of the model can be further improved by
tuning the hyperparameters of the model such as learning rate, batch size, and number of

epochs. This can be achieved through grid search or other optimization techniques.

Integration of additional language models: The proposed method can be further enhanced by
integrating additional language models such as GPT-3 or BERT, which have shown to be highly

effective in capturing the semantic meaning of text data.

Exploration of different text classification techniques: The proposed method uses cosine
similarity for text classification, but other techniques such as k-nearest neighbors, decision
trees, or support vector machines could also be explored to improve the accuracy of the

system.

Application in different industries: The proposed system can be applied in a wide range of
industries such as healthcare, finance, and social media. Further research can explore the

specific applications of the system in these domains and develop customized solutions.

Integration with other data processing and analysis tools: The proposed system can be
integrated with other data processing and analysis tools such as data visualization, natural
language processing, and machine learning platforms to develop end-to-end solutions for

specific applications.

Overall, the proposed method for vectorization of words using cosine cosine similarity for a
melange of data has the potential for further research and development to enhance its
accuracy and effectiveness for a wide range of applications.

6.3 RESEARCH ISSUES

Some potential research issues related to vectorization of words using cosine similarity for a



melange of data could include:

Improving the accuracy of the model: While the current model achieves relatively high
accuracy, there may be ways to improve it further. For example, exploring different variations of
the SBERT model or using different pre-trained language models could lead to improvements

in accuracy.

Handling noisy or unstructured data: The current model assumes that the input data is well-
structured and relatively clean. However, in many real-world scenarios, data can be noisy,
unstructured, or contain errors. Developing methods to handle such data could be an important

research direction.

Scalability: While the proposed system can handle moderate-sized datasets, it may not be
suitable for larger datasets. Finding ways to scale the system to handle larger datasets could

be an important area of research.

Multilingual text vectorization: The current model only supports English text. However, in many
applications, it may be necessary to process text in multiple languages. Developing methods

for multilingual text vectorization could be an important research direction.

Interpretability: While the proposed system can accurately vectorize text, it is not clear how the
model arrives at its conclusions. Developing methods to improve the interpretability of the

model could be an important research direction.

6.4 IMPLEMENTATION ISSUES

The implementation of the VECTORIZATION OF WORDS USING COSINE COSINE
SIMILARITY FOR A MELANGE OF DATA system requires careful consideration of several
issues. Some of the key implementation issues that may arise during the development and

deployment of the system are:

Scalability: The system must be designed to handle large volumes of data efficiently. This may
require the use of distributed computing resources or other techniques to ensure that the

system can handle the workload.



Compatibility: The system must be designed to work with a range of different data sources, file
formats, and programming languages. This may require the development of data adapters or

other tools to ensure that the system can work with a variety of data sources.

Performance: The system must be designed to operate quickly and efficiently, especially when
dealing with large volumes of data. This may require careful optimization of code and the use

of specialized hardware or software technologies.

Maintenance: The system must be designed to be easily maintainable and adaptable to
changing requirements. This may require the use of modular design principles, careful
documentation, and other techniques to ensure that the system remains robust and reliable

over time.

Security: The system must be designed to protect sensitive data and prevent unauthorized
access. This may require the implementation of robust security protocols, data encryption

techniques, and other measures to ensure that the system remains secure and reliable.

Overall, the implementation of the system requires careful consideration of these and other
issues, along with close collaboration between software developers, data scientists, and other

stakeholders involved in the project.
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APPENDIX

Source Code

import os

import nltk

from nltk import word_tokenize

from nltk.corpus import stopwords

from sklearn.feature_extraction.text import TfidfVectorizer
from unidecode import unidecode

import string

import pandas as pd

import numpy as np

from nltk.stem import WordNetLemmatizer
import itertools

import spacy

from pymilvus import (
connections,
utility,
FieldSchema, CollectionSchema, DataType,

Collection,

fmt = "\n=== {:30} ===\n"



search_latency_fmt = "search latency = {:.4f}s"
num_entities = 43
dim = 300

from nltk.tokenize import word_tokenize

from nltk.tokenize import sent_tokenize, word_tokenize

lemmatizer = WordNetLemmatizer()

porter = nltk.PorterStemmer()

connections.connect("default", host="idapt.duckdns.org",
port="19530")#idapt.duckdns.org

has = utility.has_collection("clinical3")

print(f"Does collection hello_milvus exist in Milvus: {has}")

fields = [
FieldSchema(name="pk", dtype=DataType.INT64, is_primary=True, auto_id=False),
FieldSchema(name="random", dtype=DataType.DOUBLE),
FieldSchema(name="embeddings", dtype=DataType.FLOAT_ VECTOR, dim=dim)

schema = CollectionSchema(fields, "hello_milvus is the simplest demo to introduce the
APIs")

print(fmt.format("Create collection “clincial™))

hello_milvus = Collection("clinical3", schema, consistency_level="Strong")

all =]

def clean_text(sentence):

clean_sentence ="".join(l for | in sentence if | not in string.punctuation)

return clean_sentence

# function to calculate the cosine

def cosine_similarity_calc(vec_1, vec_2):



sim = np.dot(vec_1, vec_2)/ (np.linalg.norm(vec_1) * np.linalg.norm(vec_2))

return sim

def embeddings_similarity(sentences):
# first we need to get data into | sentence_a | sentence_b | format

sentence_pairs = list(itertools.combinations(sentences, 2))

sentence_a = [pair[0] for pair in sentence_pairs]

sentence_b = [pair[1] for pair in sentence_pairs]

sentence_pairs_df = pd.DataFrame({'sentence_a': sentence_a, 'sentence b"

sentence_b})

# get unigue combinations of sentance_a and sentance_b
sentence_pairs_df = sentence_pairs_df.loc[
pd.DataFrame(
np.sort(sentence_pairs_df[['sentence_a’, 'sentence_b'"], axis=1),
index=sentence_pairs_df.index

).drop_duplicates(keep="first').index

# remove instances where sentence a == sentence b
sentence_pairs_df = sentence_pairs_df[sentence_pairs_df['sentence_a'l !=

sentence_pairs_df['sentence_b']]

# load word embeddings (will use these to convert sentence to vectors)
# Note you will need to run the following command (from cmd) to download
embeddings:
# 'python -m spacy download en_core_web _Ig'

embeddings = spacy.load(‘en_core_web_1g")



# TEST
for i in sentences:
all.append((embeddings(clean_text(i))).vector)
print(len(all))
"'hh1l = embeddings(clean_text(sentences[0])).vector
hh2 = embeddings(clean_text(sentences[1])).vector
all.append(hhl)
all.append(hh2)™
allarray = np.array(all)
rng = np.random.default_rng(seed=19530)
entities = [
# provide the pk field because "auto_id" is set to False
[i for i in range(num_entities)],
rng.random(num_entities).tolist(), # field random, only supports list

allarray, # field embeddings, supports numpy.ndarray and list

insert_result = hello_milvus.insert(entities)

print(f"Number of entities in Milvus: {hello_milvus.num_entities}") # check the
num_entites
#HTEST
sentence_pairs_df['similarity’] = sentence_pairs_df.apply(
lambda row: cosine_similarity _calc(
embeddings(clean_text(row['sentence_a'])).vector,
embeddings(clean_text(row['sentence_b")).vector),

axis=1

return sentence_pairs_df

def stemSentence(sentence):



token_words=word_tokenize(sentence)

token_words

stem_sentence=|]

for word in token_words:
stem_sentence.append(nltk.porter.stem(word))
stem_sentence.append(" ")

return "".join(stem_sentence)

def pre_process(corpus):
# convert input corpus to lower case.
if pd.isnull(corpus):
return "
corpus = corpus.lower()
# collecting a list of stop words from nltk and punctuation form
# string class and create single array.
stopset = stopwords.words(‘english’) + list(string.punctuation)
# remove stop words and punctuations from string.
# word_tokenize is used to tokenize the input corpus in word tokens.

corpus =" ".join([i for i in word_tokenize(corpus) if i not in stopset])
corpus = unidecode(corpus)

words = word_tokenize(corpus)

stem_sentence =[]

for word in words:
stem_sentence.append(porter.stem(word))
stem_sentence.append(" ")

return ".join(stem_sentence)

return corpus

df = pd.read_csv ('/sample.csVv’)



ss = df["Chief Complaints"]
corpus =]
for index, row in df.iterrows():

corpus.append(pre_process(row[ Chief Complaints']))

print(embeddings_similarity(corpus))
#tfidf_vectorizer = TfidfVectorizer(ngram_range=(1,2))
#tfidf_vectorizer.fit_transform(corpus).todense()

#feature_vectors = tfidf_vectorizer.transform(corpus)

kk =1]

+ Code + Text
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The field of biomedical research generates a
vast amount of data in the form of text,
including scientific literature, medical
records, and other written materials. In order
to extract valuable insights from this data, it
is necessary to analyze and process it using
advanced techniques from natural language
processing and machine learning. One of the
key steps in these tasks is the conversion of
text data into numerical vectors, also known
as word vectors. Milvus is an open-source
vector similarity search engine that can be
used to create vector embeddings for
biomedical data. The process of creating
these embeddings involves mapping each
word or term in the biomedical data to a
unique numerical vector, which can then be
used as input for various machine

learning models. This paper describes the
use of Milvus to convert biomedical data into
numerical vectors and discusses the
potential applications of this approach in
biomedical research.

Furthermore, it is vital to highlight that the
model selection used for generating the word
embeddings is also crucial for the accuracy



and performance of the analysis. One such
model that has been shown to perform well
in the biomedical field is
en_core_sci_scibert, a version of the popular
BERT model fine-tuned on scientific literature
and biomedical data. By using
en_core_sci_scibert model for generating the
embeddings, understanding the specific
language and terminology used in
biomedical research can benefited from its
ability. It has been pre-trained on a large
corpus of scientific literature, including
biomedical articles, and can therefore
understand the context and meaning of
words in the biomedical domain. The cosine
similarity measure compares

multiple vector’s similarity. Cosine similarity
is determined by calculating the cosine of the
angle between two vectors. The vectors are
frequently not involved with zeros and exist
in a vector space.

Literature Survey

Hay Mar Su Aung outlined three machine
learning algorithms for sentiment analysis in
Myanmar. The basic purpose of sentiment
analysis is to extract and detect subjective
data in the source text, such as sociological
opinion. A comment's might be positive,
neutral, or negative. The experiments were
carried out on a sample of 10,000
Myanmar-language Facebook comments.
The goal of the research was to improve
sentiment recognition accuracy by utilizing
the concept of word representations.
Word2Vec is a high-dimensional word vector
training system that teaches words' semantic
and syntactical properties [1].

Recent advances in word vector
representation learning have demonstrated
efficacy in capturing the semantic and
syntactic relationships that exist between
words in a language. Neural networks have
been used by Natural Language Processing
(NLP) researchers to train word embeddings.

Continuous Bag of Words (CBoW) and
Skip-gram are two major models that have
boosted performance but also decreased
training time. Nonetheless, the vector space
representation can still be enhanced by
including certain contemporary techniques,
such as the sub-word model, which
represents a word as a rolling sum of n-gram
representations. Although pre-trained
support vectors are essential for all NLP
activities, little emphasis has been paid to
the generation of word vectors for Indian
languages. The research presented a
sparse representation for Kannada phrases
by using an optimal model of neural
networks and integrating multiple
methodologies [2].

Because word embeddings are used as
preprocessing in many text mining systems,
words for which vectors are not produced
from a corpus are not taken into
consideration in later stages. Yasufumi
Takama offered producing vectors of
unknown words without any extra corpus to
handle this challenge. By conducting
arithmetic operations on known word
vectors, the suggested approach constructed
word vectors. The main idea was to employ
word categories and their connections, which
include both syntactic and semantic
interactions. In combination with Word2Vec's
CBoW model, three types of generation
methods were offered and assessed [3].

In addition to classical algorithms, some
notable feasible deep learning techniques
such as CNN were built. The maximum
accuracy from the Support Vector Machine
(SVM) and CNN models, which were 63.93%
and 88.96% accurate, respectively were
examined [4].

The research [5] considered unsupervised
learning of vector representations like
Word2Vec and Glove to improve sentiment
analysis. The obtained word vectors were
then fed into the proposed architecture,



which was built up of RNN and CNN
interacting with a Recurrent Convolutional
Attention Architecture. Experiments showed
that unsupervised learning of word
representation into qualified vectors at an
adequate computational cost, combined with
the combination neural architecture,
succeeds in word2vec accuracy of 83.62%,
glove accuracy of 85.72%, and Random
initialization accuracy of 79.97% on the
rotten tomatoes test dataset.

Fully accessible word embedding collections
frequently have a variety of words and a high
level of emotion. Sentiment words may be
extracted from open source word vectors
employing vectors and a significant range of
words. In study [6], given emotion words,
such as dictionary sentiment words, were
used as seed words, and the word similarity
approach was then applied. The open source
word vector data set was searched for
keywords that are related to the target
sentiment words, and the sentiment words
were acquired by manual labelling and
filtering. Studies indicate this approach for
collecting sentiment words is both successful
and affordable.

Text categorization is a critical component of
NLP and one of the most active study areas
today. Text classification technology, on the
other hand, is still grappling with the issue of
losing some semantic information as a result
of new terms. As an outcome, the study
proposed a fast Text-kdtree word vector
fusion method. To begin, the technique trains
word embeddings using fast Text model and
the n-gram model to populate in unfamiliar
word embeddings. Second, it makes use of
the kdTree closest neighbors idea to identify
numerous word vectors that are related to
unknown words [7].

The word2vec model has further applicability
in a variety of NLP tasks. The semantic
meaning for each word in vector
representations provided by Word2vec has

proven effective in machine learning text
categorization. They are used to analyze
word analogies, syntactic structure, and
semantics. Word2vec is available in two
variants: CBoW and Skip-Gram [8].
In general, the input embedding produced by
Word2Vec is used as the elements of a word
vector, but the output embedding produced
concurrently is not. The authors, on the other
hand, underlined the paired output
embedding's usefulness. Shuto Uchida
offered word vectors that mix input and
output embeddings. Furthermore, the
suggested word vectors' performance is
tested empirically, and document
classification studies with the proposed word
vectors were carried out [9].
The primary goal of sentiment analysis is to
discover the degree of a text's sentiment
(positivity, neutrality, or negativity).
Traditional bag-of-words methods have
shortcomings that affect sentiment
categorization accuracy. The goal of the
research was to improve sentiment
classification performance by utilizing the
concept of word embedding. Word2Vec was
utilized to build high-dimensional word
vectors that grasp contextual information
about words. The resultant word vectors
were used to train sentiment categorization
classifiers using machine learning methods
[10].

Existing System
The insertion of domain-specific ontologies
knowledge into the primary contexts of the
phrases was used to create a revolutionary
joint meaning model ISO certified matching
of manuscript form. Then, using semantic
identities for research objective, technique,
and domain construction, this paradigm is
implemented in academic writing. Due to
document length disparities, long documents
are not always best represented as vectors.
As a result, while calculating their similarity, it
is critical to account for the variation in



document durations. A longer page may be
expressed as a description of the latent
subjects using the way given in, while a
shorter text is simply an aggregation of the
word embeddings that make it up.

The Word2Vec model may be computed
using the Cosine Similarity equation and
word vector data. Cosine Similarity is used in
text mining to compare texts by determining
the similarity among two n-dimensional
vectors by searching for a cosine value from
the angle between the two.

Country-Capital

Male-Female Verb tense

Fig.1 Word2Vec representation
In Fig.1, Cosine similarity was eventually
chosen as the approach for determining the
degree of similarity between the papers. In
terms of document similarity, the failure of
entirety and Word Mover's Distance were
demonstrated. An unsupervised approach for
doing pair-by-pair document matching was
described. It was started by averaging the
word embeddings and then evaluating the
trigonometric comparison between the two
means to see whether there is room for
improvement. The table 1 below illustrates
the correlation criteria.
Table 1 - Correlation Criteria

r Correlation Criteria
0 Poor

0-0.5 Weak
0.5-0.8

0.8-0.9 Strong
1 Perfect

Moderate

Proposed System
For as long as computers have been, there

has been the challenge of how to show
data in a form that machines can
understand. Text vectorization is a term
used often in Natural Language Processing
(NLP) to describe the process of
expressing words, phrases, or even larger
units of text as vectors (or "vector
embeddings”). Other data kinds, such as
pictures, sounds, and movies, can also be
encoded as vectors.

Word Embeddings, widely referred as word
vectorization, is a NLP approach that maps
keywords or phrases from a corpus to a
matching vector of real numbers, which is
then employed to compute word
predictions and word resemblances. The
act of converting words into numbers is
defined as vectorization.

Milvus was founded in 2019 with one
purpose in mind: to store, index, and
manage enormous embedding vectors
produced by neural networks and other
ML models. It can index vectors on a billion
scale since it was created primarily to
handle searches over input vectors. Milvus
is intended from the ground up to manage
embedding vectors transformed from
unstructured text, as opposed to traditional
relational databases, which primarily deal
with organized data that follows a preset
pattern.

Exceptional efficiency is attained while
doing vector searches on large datasets. It
Is a developer-focused community with
multi-language support and a toolchain. It
is scalable and dependable in the cloud,
even in the case of an interruption. Hybrid
search is accomplished by combining
scalar screening with vector smart
analysis. These are the major prospects of
using Milvus.
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Fig.2 Architecture of the proposed system
The above fig.2 is the architecture of the
proposed system. The cosine similarity
measure compares multiple vector’s
similarity. Cosine similarity is determined
by calculating the cosine of the angle
between two vectors. The vectors are
frequently not involved with zeros and exist
in a vector space.

It is assumed that u and v vectors intersect
at a 90° angle. In such case, the cosine
similarity will be zero in this scenario,
implying that such two vectors are
orthogonal or perpendicular to each other.
As the cosine similarity measurement
approaches, the angle between vectors A
and B decreases. Cosine similarity has
several uses, including recommendation
systems, copyright infringement detectors,
and data analysis, and it can also be
employed as an error function while
training computational models. Cosine
similarity is a basic idea that, presumably,
can be implemented in most modern
computer languages. The figure 3 below
illustrates this point more clearly.

100

The angle between vector

a & bis 10 degrees

Cos(10) = 0.9848

The angles could be said to be
98% similar

Fig.3 Cosine angle
The proposed system for using Milvus and
en_core_sci_scibert model to generate
vector embeddings for biomedical data
would involve the following steps.
0 Pre-processing of the biomedical

data, which may involve cleaning,
tokenization, and annotation.
0 Fine-tuning of the

en_core_sci_scibert model on the pre-
processed biomedical data. This can be
done by adjusting the model's parameters,
such as the number of layers, the learning
rate, and the batch size.

Fig.4 en_core_sci_scibert model

0 Generating vector embeddings for
the words and terms in the biomedical data
using the fine-tuned en_core_sci_scibert
model. This can be done by passing the
pre-processed data through the model and
extracting the embeddings from the last
hidden layer. A matrix X can be used to
represent the acquired embeddings, with
each row i representing the embedding of
the i'" word / term.



’ Indexing the embeddings in Milvus.
This can be done by creating a new vector
index in Milvus and inserting the
embeddings into the index.

. Using cosine similarity to measure
the similarity between the embeddings.
Given two embeddings represented by
vectors v1 and v2, the cosine similarity can
be calculated using:

Cosine Similarity =___ @1*v2)
AT * 1vz]D
Where,
(v1*v2) - Dot product of the vectors v1 and
v2
(IIva|] * [Iv2|]) - product of the magnitude

of the vectors vl and v2
RESULT

Does collection hello_milvus exist in Milvus: True
== Create collection "clincial
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Fig.5 Output

Based on Figure 6, it can be concluded that the
proposed model is able to cope with biological
information and map the texts properly to some
extent, producing a similarity with the maximum
being 0.8, which is considered a good result. The
use of Milvus for converting biomedical data into
numerical vectors provides a powerful tool for
natural language processing and machine
learning in the biomedical field, allowing for new
discoveries and insights through the analysis of
large datasets.

Conclusion and
future work

In conclusion, the proposed architecture for
converting words to vectors using cosine
similarity can be a powerful tool for various
machine learning and data analysis tasks in
biomedical data. The use of pre-trained
language models like en_core_sci_scibert
and similarity measures like cosine similarity
can provide a way to analyze and extract
valuable information from large biomedical
datasets. The results obtained from this
architecture can be used for tasks such as
text classification, named entity recognition,
sentiment analysis, document retrieval, and
ontology construction. A future work that
could be done to improve the proposed
architecture for converting words to vectors
using cosine similarity includes
incorporating other similarity measures, in
addition to cosine similarity; other similarity
measures such as Euclidean distance or
Jaccard similarity could be used to compare
the word embeddings. This would allow for
a more comprehensive analysis of the
similarity between words. Using more
advanced pre-trained language models
instead of using en_core_sci_scibert, more
advanced pre-trained language models
such as GPT-2 OR BERT could be used to
generate the word embeddings. This would
allow for a more accurate

representation of the words.
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