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ABSTRACT

Textual Semantic Similarity (TSS) evaluates the degree to which two sentences or
short texts are semantically proportional to one another. It plays an increasingly important
role in tasks such as machine translation, information retrieval and textual forgery
detection. TSS is one of the significant problems in the field of Natural Language
Processing (NLP). Text reuse and plagiarism detection are famous examples of TSS. TSS
could be found several levels, for example, word, sentence, and document level. Existing
approaches have relied upon word and sentence level embedding for various languages
(English, Arabic, Hindi, Turkish, etc.) to retrieve similarity index. Our research focuses on
studying the existing approaches and comparing these for Urdu TSS tasks by using Word,
Sentence and Document-level embedding respectively.

Keywords: Word2Vec, Sen2Vec, Doc2Vec, Semantic Similarity
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CHAPTER 1

INTRODUCTION

The term NLP stands for Natural Language Processing is a branch of Artificial
Intelligence that enables computers to generate, manipulate and understand human
language as humans do in their normal life [1]. The fact is computers only understand
and work on its own language that is 0’s and 1’s.To solve this problem the term NLP
came into existence in computer science under the domain of Artificial Intelligence [3]
[6]. Within very limited time NLP made tremendous progress in understanding and
analyzing data in various languages apart from English [2]. One critical aspect of NLP
is measuring textual semantic similarity, which plays a pivotal role in several
applications, including information retrieval, machine translation, text summarization,
and recommendation systems etc. [2][8][13]. The term Textual Semantic Similarity
(TSS) means two texts are different in context but having the same meaning e.g.

- P and -<tewdF e both the sentences have different wordings but exactly
having the same meaning. Word2Vec, Sen2Vec, and Doc2Vec are all popular models
used in natural language processing (NLP) for generating distributed representations of

words, sentences, and documents, respectively.

1.1. Word2Vec

* Model aims to learn continuous vector representations of words from large
corpora of text.
» Word2Vec represents each word in a fixed-size vector space, where the position

of a word is learned based on its context in the corpus.



» The key idea is that words appearing in similar contexts will have similar vector
representations.

» Word2Vec has two primary architectures: Continuous Bag of Words (CBOW)
and Skip-gram. CBOW predicts the current word given a context, while Skip-gram
predicts the surrounding words given a current word. Both models are trained using a
neural network framework [18]. Traditional techniques for representing words in natural
language processing (NLP) often rely on one-hot encoding, which leads to high-
dimensional and sparse representations. For distributed representations to address this
Issue, where each word is represented by a dense vector in a continuous vector space
Word2Vec should be train to maximize the average log probability of predicting context
words given the current word (for Skip-gram) or predicting the current word given
context words (for CBOW) [2][5].

Word2Vec can be used for both words and phrases as vectors in the same
continuous vector space, the model naturally captures the compositionality of language.
The compositionality property enables the model to accurately predict the meaning of
complex phrases and sentences based on the meanings of their constituent words and
phrases [19].

1.2. Sen2Vec

* Sen2Vec extends the idea of Word2Vec to generate vector representations for
entire sentences or phrases. Sen2Vec learns high-quality representations for entire
sentences [20].

. Instead of treating each word in isolation, Sen2Vec considers the entire sentence
as a context for generating the vector representation [15].

. Sen2Vec embeddings are computationally efficient to compute and store
compared to other more complex models. This efficiency makes them practical for real-
world applications and large-scale NLP systems. Methods like averaging or pooling are

often used to combine word vectors into a single vector representation for the sentence

[21] [8].



Sen2Vec offers a powerful and flexible approach for representing sentences in

semantic similarity tasks, providing benefits such as semantic preservation, contextual

understanding, generalization, efficiency, interpretability, and ease of use [6][8].

1.3. Doc2Vec

Doc2Vec, also known as Paragraph Vector, is an extension of Word2Vec [22].
It is designed to learn fixed-length vector representations for variable-length
pieces of text, such as documents or paragraphs.

Doc2Vec incorporates the idea of paragraph-level context along with word-level
context.

Similar to Word2Vec, Doc2Vec can use both CBOW and Skip-gram
architectures, with an additional vector representing the entire document.

Doc2Vec is useful for tasks like document retrieval, topic modeling, and
clustering. Doc2Vec model is used to maximize the average log probability of

predicting words in the context of a paragraph given its paragraph vector. The
paragraph vector is trained to predict target words in the context of the
paragraph. The Paragraph Vector model is scalable and can be applied to large
corpora of text data. Moreover, the learned representations generalize well to
unseen texts and tasks, making them suitable for a wide range of natural
language processing applications. [14] [7] [17].

Doc2Vec model offers versatile capabilities for representing and analyzing
documents in various natural language processing tasks, ranging from
classification and clustering to information retrieval and machine translation. Its
ability to capture semantic information makes it a valuable tool for a wide range

of text analysis applications [23].



1.2. Research Gap

As TSS problems has been addressed for different languages for example,
English, Spanish, Turkish, however, TSS of document-level embedding for one of the
widely spoken but under resourced language i.e., Urdu has not been inscribed. In our
study, we will address this gap for Urdu TSS by applying textual similarity estimation
techniques for semantic search on Urdu documents and evaluate the performance of

these approaches.

1.3.Problem Statement

Word and Sentence-level embeddings have been used in Textual Semantic
Similarity tasks to assign similarity scores to short texts in Urdu language. These
techniques only cater to the word and sentence-level scope respectively. Such
techniques are constrained in their ability to capture the overall semantics on a
document-level. Short texts are documents which are composed of multiple words and
sentences that collectively provide meaning to text. A document-level embedding
technique is needed to assign semantic similarity scores for short texts in Urdu

language.

1.4.Research Questions

RQ 1: What are the different text embedding techniques?
RQ 2: How do different embedding techniques work?

RQ 3: How can text embedding techniques be applied for textual semantic similarity
tasks?

RQ 4: How do different text embedding techniques compare to each other?



1.5.Research Objectives

The objective of this study is to compare state-of-the-art word, sentence and
document-embedding feature extraction techniques (Word2Vec, Sen2Vec and
Doc2Vec) and to detect features that can be used to find TSS for Urdu language at

different levels.

1.6. Contribution of the study

Although several methods have been used that measure the textual similarity
of sentences, words or documents, but we are using Doc2Vec, Word2Vec and Sen2Vec
model on same datasets and eventually compare their results to view clear picture that
which model is performing best for low resource language i.e. Urdu. The reason to use
these models is, as they are state-of- the art models .This study will provide the
complete guidelines for new researchers who want to do TSS tasks on Urdu language
regarding which model is performing best for Urdu in NLP relevant to TSS tasks. These
models have proven to be effective in capturing semantic meanings of words, sentences,

and documents in a continuous vector space, enabling various downstream NLP tasks.

1.7.TSS Tasks

TSS tasks we are considering in our study for Urdu language are;

. Cosine-similarity between two words (how much two words are similar to each
other).
. Top similar words (on the basis of title word).

. Semantic search for top similar news (on the basis of given title)



1.8. Outline of this thesis

The organization of this paper is as follows: Chapter 1 “Introduction” section
includes the introduction of the study. Chapter 2 “Literature Review” section
summarizes the related works on embedding techniques. Chapter 3 “Research
Methodology” section explains the whole methodology of this study. Chapter 4
“Results and Evaluation” section shows the results obtained. Finally, Chapter

5 “Conclusion” section highlights the key findings and conclusion of this study.



CHAPTER 2

LITERATURE REVIEW

This section gives an overview of the prior research work that has been done in this
area. Textual semantic similarity is contributory in talking the special demanding
situations faced with the aid of low-aid languages like Urdu. It improves the distinction
and efficiency of numerous herbal language processing programs, making digital
content more available, applicable, and useful for Urdu knowing communities while

contributing to the conservation and observe of the language.

Xin Tang et al., [1] proposed a solution to improve the multilingual semantic
textual similarity in low-resource languages by using a shared sentence encoder. This
shared encoder, help to attain numerous sentence representations for a sentence in
special language-precise semantic space, and make use of them in an ensemble model
for higher overall performance in similarity assessment. Experimental outcomes display
that their version continually beats most advanced non-MT tactics, and even reach the
same performance brand new MT- based totally methods in Spanish mission. Its miles
noteworthy that their framework is an established approach to construct multilingual
sentence illustration requiring no language unique prepossessing and handmade
capabilities.

Ahmed Al-Ani et al., [2] used a useful technique in NLP is word embedding.
Word2vec could translate the late Egyptian dialect into Modern Standard Arabic. We
can train the Word2Vec model on monolingual data, which overcomes the parallel data
problem. Word2vec is based on Continuous Bag-of-Words (CBOW) and Skip-gram.
While Skip-gram guesses the context using the dispersed representation of the input
word, the CBOW combines the distributed representation of the target word's
surrounding terms to try to forecast it. Additionally, Word2vec has proven that it is

capable of capturing semantic differences between MSA and EGY without the use of



rules. Although only a small sample of data was used to evaluate the model, it is

anticipated that it will also work well with larger samples.

Derry Jatnikaa et al., [5] proposed that Word2Vec can quickly generate word
vector representations leveraging architectural techniques like Continuous Bag of
Words (CBOW) and Skip Gramm, which may be employed in a broad range of
language processing tasks. Similar words are frequently grouped together in blocks and
share similar vector values. As a consequence, Word2Vec may determine the value of
word similarity from the training of a big corpus. The number of instances a word
shows upin the database determined by the window size and vector dimensions used
affects the Word2Vec model's similarity value. The generated term has less context if
the window size and dimensions vector size are too small. Regarding the larger window
size and vector dimension, the probability that the pair will appear increases the more
context theword is produced.

Adnen Mahmoud et al., [4] proposed Arabic detection of plagiarism is a
challenging task due to the diversity of the Arabic language's features, which include its
productivity, linguistic, and expressive structure. On the other hand, a word's ability to
have multiple lexical categories in different scenarios permits us to have multiple
meanings for the word, which alters the purpose of the sentence. Arabic paraphrase
detection in this context enables estimating the degree to which a suspicious Arabic
text and basic Arabic text are comparable based on their circumstances. Based on a
combination of different Natural Language Processing NLP techniques, such as the TF-
IDF method to enhance the recognition of words that are extremely descriptive in each
sentence as well as distributed word vector representations using the word2vec
algorithm to reduce computational complexity and to maximize the possibility of
predicting words according to the context in which they would be used, authors
proposed a semantic textual similarity approach for paraphrase identification in Arabic
texts. In the end, the Open Source Arabic Corpus (OSAC) was used to evaluate the
suggested technique, and the results were encouraging. Apart from the encouraging
outcomes they were able to achieve with their suggested strategy, they want to make a
number of changes to it in the future. One of these is the usage of a CNN (convolutional
neural network) to enhance their method's ability to recognize patterns of statistical

significance in the context of phrases.



Karlo Babic et al., [3] concentrated on quantifying the similarity of short texts in terms
of semantics. The Word2Vec model, its expansion using NASARI word sense
embeddings provided by the Babelfy system, the FastText model, and the classic TF-
IDF as the baseline are all tested and compared. When determining the degree of
similarity between two brief texts, they mix these representational methods with
traditional centroid- and BM25-derived approaches and their adaptations. Word2Vec,
NASARI+ Word2Vec, and FastText are algorithms based on deep learning and neural
networks that beat the standard TF-IDF model, according to evaluation results using the
SICK and Lee datasets. It appears that the core Word2Vec model performs better than
its extension despite their attempt to enhance it by including the NASARI dataset as an
outside source of knowledge. It is clear that the semantics offered by NASARI do not
boost performance in the findings as was expected. The NASARI dataset may not be
complete, which could be the cause. They consequently anticipate that this expanded
representational model, NASARI + Word2Vec, will perform better with the improved
NASARI and Babelfy. This is still an unanswered query that needs to be explored
further. All of these findings suggest that there is opportunity for advancement and that
novel approaches for determining how comparable short texts are can be defined.

Qufei Chen et al., [14] proposed unsupervised sentiment analysis, a branch
of machine learning and natural language processing, uses data without sentiment
labelling. Unsupervised sentiment analysis is a part of sentiment analysis that is
becoming more and more significant. Sentiment analysis is a cutting- edge examination
of unstructured text on its own. They used cutting- edge methods to apply Word2Vec
and Doc2Vec unsupervised machine learning models to find the stated feelings in
scientific and medical literature. The results of Word2Vec's unsupervised sentiment
analysis of the obesity data match those of SentiWordNet. The data obtained from
Word2Vec and SentiWordNet outcomes and the Doc2Vec findings somewhat agree.
The Welch's test on the same data showed an important distinction among the most
favorable and unfavorable SWN sentiment evaluation. The most favorable and most
negative SWN evaluations on the Reuters data were not significantly different
according to the Welch test, and the Word2Vec and Doc2Vec results did not match
SWN's. They draw the conclusion that Word2Vec demonstrated a more trustworthy
sentiment analysis than Doc2Vec in the unsupervised sentiment analysis of medical

texts. The Welch's test significant results can be used as a gauge of how well Word2Vec
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and SWN results match up. It is necessary to do a more thorough analysis of Doc2Vec's

efficiency.

Igra Muneer et al., [10] proposed standard techniques for Cross-Lingual Text
Reuse Detection X-TRD and large benchmark corpora are generated for English-Urdu
language pair at sentence level obtaining the best results at binary and ternary level.
Shahzad Nazir et al., [11] presented research on Urdu Word embedding by using dataset
of different categories using word2vec model the results were then compared with state-
of-the-art techniques that outperformed. lhsan et al., [9] conducted comprehensive
research on Roman Urdu and Urdu Language for product review in terms of
classification techniques, feature extraction and preprocessing the research work was
compared with the previous research that uses either a lexicon-based approach or

machine learning to find the sentence’s polarity.

Sajadul Hassan et al., [7] proposed a Word2vec model used for Urdu word
embedding using a skip-gram which is unsupervised neural network model that
performs both semantic and syntactic analysis on set of information. W. Wang et al.,
[16] performed Chines text Keyword extraction that is based on the Doc2Vec word
vector and TextRank, as only the internal representation of the text is consider that
comes up with most frequent word but this is not a good approach, so a Doc2Vec is
consider that represent the vector representation of a word from a training dataset,
Doc2Vec method is an improved one as compare to the word2vec that neglects the text
information or order of the word in the document. Doc2Vec has two models Distributed
Memory (DM) and Distributed Bag of Word (DBOW) that improves the performance
for word vector representation. Akef et al., [17] trained a Doc2Vec model on a Persian
poems dataset that calculates the cosine similarity of the sentences, verses with highest
cosine similarity are consider as a correct answer that improves the performance over

6% as compared to previously used benchmarks.

Santillan et al., [13] generated poems using transformers that are coupled with
doc2vec embedding a cosine similarity score is used that choses the best output result
based on similarity factors doc2vec uses DBOW algorithm during training the use
transformer captures the style of a poem in training set that captures the style of a poem
and produce output that belongs to a particular poet similarly cosine similarity ensure

good cohesion between output and input.
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Wang et al., [16] proposed a hybrid semantic representation with prior external and
internal knowledge for word similarity a set of related word is constructed and vector
against each set of words is obtained based on small chines dataset using CBOW and
GloVe embedding models that increases the stability of the similarity results.

Rahman et al., [12] used the clusters of words for examine the relational
similarity of words using word2vec model and performed both extrinsic and intrinsic
evaluations by using skip-gram SG and Continuous bag of word (CBOW) techniques of

word2vec for Bangla language that gives the best performance.

D. Verma et al., [15] determines the semantic similarity between two small
paragraphs by using three similarity functions Euclidean Similarity function, Manhattan
Similarity function and the Cosine similarity function out of these Manhattan Similarity
function outperformed as compared to other two. Compact the computational
complication and the data sparsity problem using word2vec algorithm. The obtained
vectors averaged thereafter to make a sentence vector representation (Sen2vec). Then,
they applied Convolutional neural network CNN model with different statistic
regularities for document modeling and semantic similarity measurement. Compared to
word2vec model, they examined the performance of Sen2vec and CNN models for
sentence modeling and similarity computation.Sen2vec method was able to bridge
lexical gaps and information limit by the use of the average of all word vectors
representations and CNN was beneficial to imprisonment more related information and

calculate the degree of semantic understanding.

Table 2-1 Reviewed Research Work

Ref. | Year | Techniques Used Results
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[1]

2018

Researchers used multilingual

semantic textual similarity in
low-resource languages by using

a shared sentence encoder.

This framework is an established
approach to construct multilingual
sentence illustration requiring no
language unique prepossessing

and handmade capabilities.

[2]

2011

Word2Vec Model

Word2vec has proven that it is
capable of capturing semantic
differences between MSA and
EGY without the use of rules.
Although only a small sample of
data was used to evaluate the
model, it is anticipated that it will
also work well with larger

samples.

[5]

2019

Word2Vec Model

The larger window size and vector
dimension, the probability that the
pair will appear increases the
word IS

more context the

produced.

[4]

2021

TF-IDF ,CNN & Word2Vec

model

Enhanced the recognition of

words  that are  extremely

descriptive in each sentence.
Word2vec

computational

algorithm  reduced
complexity and
maximized the possibility of
predicting words according to the
context in which they would be

used.

[3]

2020

NASARI+
FastText

Word2Vec,
Word2Vec,
algorithm

and

They conclude that this expanded
representational model, NASARI
+ Word2Vec, will perform better
with the improved NASARI and
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Babelfy.

[7]

2021

Doc2Vec Model ,TextRank

Doc2Vec method is an improved
one as compare to the word2vec
that neglects the text information
or order of the word in the

document.

[12]

2020

Skip-gram & CBOW

Both  models shown more
accuracy than previous studies on

Bangla language.

[15]

2020

Sen2Vec Model ,CNN

Researchers compared word2vec
model, they examined the
performance of Sen2vec and CNN
models for computation.Sen2vec
method was able to bridge lexical
gaps and information limit by the
use of the average of all word
vectors representations and CNN
was beneficial to imprisonment
more related information and
calculate the degree of semantic

understanding.

[16]

2020

CBOW and GloVe embedding

models.

These models increased the
stability of the similarity results

for Chinese language.

[17]

2020

Doc2Vec Model

Model on a Persian poems
dataset calculates the cosine
similarity of the sentences, verses
with highest cosine similarity are
consider as a correct answer that
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improves the performance over
6% as compared to previously
used benchmarks.

[11]

2022

Word2Vec model

Researchn  on  Urdu  Word
embedding by using dataset of
different categories using
word2vec model the results were
then compared with state-of-the-

art techniques that outperformed.

[13]

Doc2vec model

Model captures the style of a
poem and produce output that
belongs to a particular poet,
similarly cosine similarity ensure
good cohesion between output

and input for English language.
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CHAPTER 3

RESEARCH METHODOLOGY

3.1. Introduction

This chapter outlines a research framework that utilizes word embedding
techniques for TSS tasks exclusively for Urdu language. There are various steps
involved in our research process. Initially data is collected, then pre-processed to refine
it for models. Then data partitioning into training dataset and testing dataset. Then,

model training and finally human evaluation performance.

3.2. Research Design

By nature, the present research is an experimental study and exploratory in
nature. It investigates the accuracy of Word2Vec, Sen2Vec and Doc2Vec models to
perform TSS tasks at different levels for Urdu language exclusively. Results shown to

participant to evaluate the accuracy, what it’s actually for human.
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3.3. Data Collection Method

Experiments have been performed on already available datasets i.e. “Reuse
Corpus” and “One million Urdu news” datasets for short similar texts and for news of
different categories like entertainment, supports, politics etc. respectively. Links for
datasets are;

https://data.mendeley.com/datasets/834vsxnb99/3

https://www.research.lancs.ac.uk/portal/en/datasets/urdu-short-text-reuse-corpus-
ustrc(5a509221-a313-4c5a-8fde-f0924977701a).html

3.4. Sampling Method

Cluster sampling technique was used for the selection of the sample. In this
study, short text dataset have five thousand seven hundred and seventy seven records
while another have one lack eleven thousand eight hundred and sixty records. The
dataset with 5,777 records was divided into 6 clusters, and then 4 clusters were
randomly selected having almost 950 records in each cluster. Random values from

selected clusters have shown in Table 3.1.

Table 3.1 Values from small dataset

Clusters Values (text on these indices)
1 32,74,214,246,313,595
3 708,988,1043,2008,2500
5 4507,5001,5608,5768
4 3501,3008,2992,2896,3054



https://data.mendeley.com/datasets/834vsxnb99/3
https://www.research.lancs.ac.uk/portal/en/datasets/urdu-short-text-reuse-corpus-ustrc(5a509221-a313-4c5a-8fde-f0924977701a).html
https://www.research.lancs.ac.uk/portal/en/datasets/urdu-short-text-reuse-corpus-ustrc(5a509221-a313-4c5a-8fde-f0924977701a).html
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The dataset “One million Urdu news” with 111,860 was divided into 6 clusters having
20,000 records in each, and then 4 clusters were randomly selected. Table 3.2 shows the

random values (text on these indices) from selected clusters.

Table 3.2 Values from large dataset

Clusters Values (text on these indices)

1 599,503,490,101,7500,8900,9501,9642,9925

4 54007,66001,42000,66002,51002,53301

3 24000,29997,30000,36000,42000,48000,40001,39902
5 92000,72004,95000,80100,90011,86032,82220

3.5. Experimental Procedure

Word2Vec, Sen2Vec and Doc2Vec models have been implemented by using
Gensim library in Python. These models have been implemented individually at
different levels for both the datasets to investigate which method performing best, either
on all levels or any individual level regarding to the short and long text as well.
Word2Vec model have been applied by using both Skip-gram and CBOW techniques
on word ,sentence and on document level as well for both the datasets to evaluate
whether it performs well only on word level or it can perform better for sentence and

document level as well no matters what is the length of the text.

Similarly we performed experiments by using Sen2VVec model by training both
Word2Vec and Doc2Vec models at sentence level, as Gensim library does not include

Sen2Vec model specifically. All similar experiments have been performed by using
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Doc2Vec model as well. We had vector _size = 100 for small dataset and vector size =

500 for large dataset, while performing experiments for all the models.

Experiments have been performed on all test cases to evaluate the results. Then
accuracy of these models have been calculated by using Logistic Regression. Our
benchmark is human so a human evaluation framework have been designed to compare
the accuracy of models with human evaluation. Results obtained from experiments for
both the datasets have been shared with human by hiding the models’ name. Both the

datasets have been provided to human as well.

3.6. Human Evaluation Procedure

First of all we provided clear guidelines to our participant on how to identify
keywords, similar news, and estimate cosine similarity. (We provided the datasets and
our test samples to our benchmark). The participant of our study to evaluate the results
is a 19" grade Army Officer, Lt.Col Sardar Suhail Khan serving as Commandant in

Defense Battle School (DBS) Sialkot. Table 3.3 shows the whole procedure of human

evaluation.
Table 3.3 Human Evaluation Procedure
TSS Tasks Procedure Description
Extracting  Top | Read and | Our participant should
Ten Matching | Analyze read the  provided
Keywords datasets thoroughly.
Our participant should | At the end human
list these keywords. will rate the
Identifying Read and | Participant should accura<_:y of models
Similar News search the dataset for according  to  the
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Analyze news articles that he | rating scale.
find similar to the title ] _
given. Rating Scale:
Our participant should 1. Very Poor
select and rank the top 2 Poor
ten news articles that
are most similar to the 3. Average
title.

4. Good
5. Excellent
Cosine Similarity | Read and | Our participant will rate

Analyze the similarity shown by

all models.

3.7. Variables of the Study

Two types of variables have been used in our experimental study.

Independent Variable
Dependent Variable

The independent variable is the variable that is manipulated or controlled, while
the dependent variable is the variable that is observed or measured in response to
changes in the independent variable. These variables are essential components of
research design and analysis, helping researchers understand causal relationships and
make informed conclusions about their hypotheses. In this study “Length of the text “is

independent and “Models’ accuracy” is dependent variable respectively.
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3.8. Data Analysis Method

The data was analyzed by our benchmark by providing him results got from
Word2Vec, Sen2Vec and Doc2Vec experimental models which performed on TSS tasks
i.e. (i) search top ten similar words, (ii) find cosine similarity between two words and
(iii) Search top ten news similar to the title given. Result sheet along with both the
datasets were provided to human without mentioning models’ names to avoid biased

rating from our participant. Rating scale is;

Very Poor
Poor
Average
Good
Excellent

o M w0 D

Human read, analyzed the results of all models and assigned the rating to the
models according to their performance, then we compared the accuracy shown by

models and what it actually for humans.



CHAPTER 4
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4.1. Experimental Results
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Accuracy of Word2Vec, Sen2Vec and Doc2Vec for the small dataset is being

calculated by Logistic Regression, results shown by Logistic Regression for small
dataset are in table 4.1.

Table 4.1 Models’ accuracy for small dataset

TSS Tasks on Model output
Small Dataset
Word2Vec(Skip | Word2Vec Sen2Vec Doc2Vec
- gram) CBOW)
(accuracy) (accuracy)
(accuracy) (accuracy)
SS score between
two words 0.0104 0.0104 0.0104 0.0281
Semantic search
based on a single | ;7395 0.7395 0.0104 0.0025
index
Top similar words
0.5104 0.5104 0.0129 0.0026
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Table 4.1 shows Word2Vec model with skip-gram and CBOW technique performing
same for all TSS tasks, Sen2Vec performed little better than Doc2Vec for top ten
similar words and to search top ten similar news while Doc2Vec model shown
highest accuracy for cosine similarity task, whereas Word2Vec model has highest
accuracy for two TSS tasks i.e. semantic search for top ten news and top ten similar
words as well. These results have been visually represented in Figure 4-1.

Experimental Results for Small Dataset

0.8
0.7395
0.7
0.6
0.5 0.5404
0.4
0.3
0.2
0.1
0 0.0+04 OuDitd —0056
Word2Vec Sen2Vec Doc2Vec
m— Similar Words Cosine Similarity
Similar News Based on Title
Figure 4-1 Experimental Results for Small Dataset
In figure 4-1 x-axis represents models and y-axis represents accuracy of the
models.

Accuracy of Word2Vec, Sen2Vec and Doc2Vec for the large dataset which
has 111,860 records is also calculated by Logistic Regression, results shown by Logistic

Regression in table 4.2.



Table 4.2 Models’ accuracy for large dataset
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TSS Tasks on
Large Dataset

Model output

Word2Vec(Skip- | Word2Vec Sen2Vec Doc2Vec
gram) CBOW) (accuracy) (accuracy)
(accuracy) (accuracy)
SS score between two
words 0.7401 0.7311 0.4210 0.5462
Semantic search based
on a single index 0.7445 0.6425 0.3451 0.4215
Top similar words
0.6211 0.5426 0.5421 0.5322

Table 4.2 shows Word2Vec model with skip-gram and CBOW technique

performing almost same for only one TSS tasks i.e. cosine similarity between two

words while CBOW technique has performed better than skip-gram technique on large

dataset for rest of two TSS tasks.Sen2Vec model shown less accuracy than Word2Vec

and Doc2Vec model for all the TSS tasks, whereas Doc2Vec model shown accuracy

better than Sen2VVec model for two TSS tasks i.e. semantic search for similar news and

cosine similarity task. From the table 4.2, we found Word2Vec model’s accuracy is

highest (with Skip-gram technique) on large dataset for TSS tasks as compare to
Sen2Vec and Doc2Vec model.

Figure 4-2 represents experimental results for large dataset.
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0.5
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models.

Experimental Results for Large Dataset

0.740%
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0.%21 0.4215
0.3%51
Word2Vec Sen2Vec Doc2Vec
m—— Similar Words Cosine Similarity

Similar News Based on Title

Figure 4-2 Experimental Results for Large Dataset
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In figure 4-2 x-axis represents models and y-axis represents accuracy of the

4.1.1. Experimental Findings

We found Word2Vec model is performing same with both the techniques i.e.

skip-gram and CBOW on small dataset. Experimental results also shown highest

accuracy of Word2Vec model as compare to Sen2Vec and Doc2Vec model. In the case

of large dataset, we found Word2Vec model is performing better with skip- gram

technique than CBOW technique on large dataset for all TSS tasks.Sen2Vec and

Doc2Vec models shown less accuracy than Word2Vec model for large dataset as well.



4.2. Human Results

Results obtained from the experiments have been shared with human without
showing models’ names to evaluate the accuracy of models and to rate them
accordingly, rating scale was mentioned earlier in chapter three. Table 4.3 shows results
got from human for small dataset.

Table 4.3: Human evaluation results for small dataset

TSS Tasks on small Human Output
Dataset Word2Vec Sen2Vec Doc2Vec Rating Scale
(accuracy) (accuracy) (accuracy)
SS score between two words
4 2 2 1-5
Semantic search based on a
single index 3 5 4 1-5
Top similar words
4 2 2 1-5

4.2.1. Findings for Small Dataset

According to human evaluation Word2Vec model is performing best for two
TSS tasks i.e. for cosine similarity and top ten similar words, whereas Sen2Vec showed
excellent results for semantic search based on given title (find the top ten similar
news).Doc2Vec model performed good for semantic search based on given title but

poor progress have been shown for rest of two TSS tasks. Similarly experimental results

for large dataset have been shared with our participant.
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Table 4.4 showing human evaluation results for large dataset.

Table 4.4 Human evaluation results for large dataset

TSS Tasks on Human Output

large Dataset :
Word2Vec Sen2Vec Doc2Vec Rating Scale
(accuracy) (accuracy) (accuracy)

SS score

between two

words 4 1 3 1-5

Semantic

search  based

on a single 4 1 2 1-5

index

Top  similar

words
4 4 2 1-5

4.2.2. Findings for Large Dataset

Human rated Word2Vec a best model as compare to Sen2Vec and Doc2Vec

model as it has shown good results for all TSS tasks on large dataset, whereas Sen2Vec

shown very poor performance for two tasks and good for only one task same Doc2Vec

did for large dataset, as it shown average results for only one task and poor results for

rest of the two tasks.
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Now we will compare the accuracy shown by models and what it actually for

humans for both datasets. Table 4.5 shows the whole information regarding small

dataset.

Table 4.5 Accuracy Comparison for Small Dataset

TSS
Tasks
on
Small
Datas
et

Model Output

Human Output

Word2Ve
c(Skip-
gram)

(accuracy

)

Word2V
ec(CBO
W)
(accurac
y)

Sen2Vec
(accuracy

)

Doc2Vec
(accuracy

)

Word2V
ec
(accurac

y)

Sen2V
ec

(accur
acy)

Doc?2
Vec

(accu
racy)

Ratin

Scale

SS
score
betwee
n two
words

0.0104

0.0104

0.0104

0.0281

1-5

Seman
tic
search
based
ona
single
index

0.7395

0.7395

0.0104

0.0025

1-5

Top
similar
words

0.5104

0.5104

0.0129

0.0026

1-5

4.3.1. Comparison Findings for Small Dataset

Experimental results shown Word2Vec model has highest accuracy for two TSS

tasks i.e. semantic search for top similar news and top ten similar words as well,
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Sen2Vec performed little better than Doc2Vec for top ten similar words and to search
top ten similar news while Doc2Vec model shown highest accuracy for cosine

similarity task.

On the other hand human assigned highest rating to Sen2Vec for semantic search
of top similar news and Word2Vec got second highest rating for the rest of two TSS

tasks. Figure 4-3 shows comparison findings for small dataset.

Comparison for Small Dataset

— Experimental = Human

&) .

0.5

2 mﬂll =R TR LIS UL WL ln’.ln'n]
o

Figure 4-3 Accuracy Comparison for Small Dataset

In Figure 4-3, X-axis represents Models for each TSS tasks and Y-axis

represents accuracy of the models.

4.4. Accuracy Comparison for Large Dataset

Accuracy comparison for large dataset regarding three TSS tasks both from

experimental point of view and human point of view is shown in table 4.6.



Table 4.6 Accuracy Comparison for Large Dataset
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TSS

Tasks on Model Output Human Output

Small

Dataset Word2Ve | Word2V | Sen2Vec | Doc2Ve | Word2 | Sen2V | Doc2 | Ratin
c(Skip- ec(CBO | (accuracy | c Vec ec Vec | g
gram) W) ) (accurac | (accur Scale

(accurac y) acy) (accur | (accu

(accuracy | y) acy) racy)
)

SS score

?egween 0.7401 0.7311 | 0.4210 0.5462 | 4 1 3 1-5

W

words

Semantic

search

based on | 07445 | 0.6425 | 03451 | 04215 (4 |1 |2

a single

index 1-5

Top

similar 0.6211 0.5426 | 0.5421 0.5322 | 4 4 2 1-5

words

4.4.1. Comparison Findings for Large Dataset

In the case of large dataset, experimental results shown that Word2Vec model is

performing better with skip-gram technique than CBOW technique for all TSS

tasks.Sen2Vec and Doc2Vec models shown less accuracy as compare to Word2Vec

model.

As per human rating, Word2Vec got good performance rating for all three tasks as

compare to Sen2Vec and Doc2Vec model.Sen2VVec model got good performance only

in search of top similar words rest it had very poor performance, whereas Doc2Vec

model got poor performance rating in two tasks and average rating in only one task i.e.

cosine similarity. Figure 4-4 shows comparison findings for large dataset.
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Figure 4-4 Accuracy Comparison for Small Dataset

In Figure 4-4, X-axis represents Models for each TSS tasks and Y-axis

represents accuracy of the models.
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CHAPTER S

CONCLUSION

This chapter discusses the conclusion of our work on the accuracy
performance of Textual Semantic Similarity techniques i.e. Word2Vec, Sen2Vec and
Doc2Vec. In addition, we discussed the key findings of this study. This experimental
study was conducted to assess the performance of Word2Vec, Sen2Vec and Doc2Vec
modelindividually at different levels regarding TSS tasks for low resource language
Urdu. This study is helpful for those who are interested to do TSS tasks for Urdu
language without wasting time, as it provides clear direction for researchers, that which
model they should use according to their requirement at different levels. In this study
independent variable was the length of the document while dependent variable was

accuracy of the models.

5.1. Conclusion

Study concluded that Word2Vec model is the state-of the-art model to perform
TSS tasks for Urdu language both for small and large datasets as compare to Sen2Vec
and Doc2Vec model. For excellent results from small dataset to search top similar news
Sen2Vec model is recommended by training Doc2Vec model at sentence level, as
Gensim library does not include Sen2Vec separately like Word2Vec and Doc2Vec
models are available in Gensim library. For rest of the TSS tasks Word2Vec model is
the best choice no matters what the size of dataset. Vector_size and skip-gram technique

are the key factors for model’s best performance.
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5.2. Key Findings

Study evaluated few key points.

Vector_size is one of the most important parameter regarding models’
performance. For small dataset we had vector_size=100 and vector_size=500 for
large dataset. For best results adjust vector_size accordingly.

Word2Vec model performed best with skip-gram technique as compared to
CBOW technique for both datasets.

In case of Sen2Vec model, for best results train Doc2Vec model at sentence
level when need to perform semantic search for top similar news exclusively

from small dataset.
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