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INTRODUCTION

Plagiarism is usually defined as the passing off someone else's ideas as your
own. As the Internet becomes more and more accessible every day, a huge amount
of data becomes available to people. Nowadays, it is quite easy to find a suitable
study and plagiarize it instead of developing one’s own from scratch.

Plagiarism undermines the efforts of the researcher whose work has been
plagiarized and gives the plagiarist the opportunity to over-praise himself; such a
person can be detrimental when appointed to an important position.

Many fields of life are susceptible to plagiarism, including research and
education. Plagiarism can also take many forms: from straight up copy-paste to
paraphrasing and sentence restructuring. This makes plagiarism a rather complex
problem, where methods, such as longest common subsequence or n-grams, based
on finding shared words between documentst®l, might not work. Therefore, we
might consider applying deep learning to the problem of plagiarism detection.

So, the aim of this work is to review two machine learning models called
BERT and Word2Vec, determine how can they be used in plagiarism detection,
and develop an application where users can check texts for plagiarism.

Object of study: plagiarism, BERT and Word2Vec models.

Research methods: analysis of scientific literature.

Objectives of the study:

1. Study the concept of plagiarism and its types;

2. Review BERT and Word2Vec models;

3. Using BERT and Word2Vec develop an application for plagiarism
detection.

The work consists of an introduction, five chapters, conclusions and a list of
references.

In the first chapter, we study the concept of plagiarism and its types.

In the second chapter, we review modern approaches to plagiarism
detection.

The third chapter is devoted to the study of BERT and Word2Vec models,
their architecture, and possible use cases.

The fourth chapter deals with how BERT and Word2Vec can be used
specifically in plagiarism detection.

The fifth section is dedicated to the development of the application for
plagiarism detection.

Scientific novelty of the obtained results: the paper presents one of the
possible ways to utilize machine learning models, like BERT and Word2Vec, in
order to solve a problem of plagiarism detection. Reviews the architecture of
BERT and Word2Vec models.

The practical significance of the results obtained: the paper might be of
use to the ones who are interested in the problem of plagiarism detection.



1.Types of plagiarism

With the appearance and further development of the Internet, lots of texts
have become available to people. And with that, plagiarism has become a common
phenomenon. It can occur in many fields of life, including research and education
[1, p. 81]

According to the Cambridge Dictionary, plagiarism — is the process or
practice of using another person's ideas or work and pretending that it is your own.
We can divide plagiarism into several types(?l:

a) Direct or verbatim plagiarism. The author copies text word to word from
the source and pastes it into his work;

b) Source-based plagiarism. The author references non-existent resources or
does not reference all used resources;

c¢) Paraphrasing plagiarism. The author changes the structure of the
sentences of the original text by rearranging or deleting words, replacing them with
synonyms, etc.;

d) Mosaic or patchwork plagiarism. It is a more advanced variation of the
previous type. The author interweaves the original text (probably paraphrased)
with many different sources, including his ideas and perspective;

e) Plagiarism of ideas. The most hard-to-detect plagiarism. The author uses
(without acknowledging) ideas or conclusions from other works as a foundation for
his work.

All these types of plagiarism usually boil down to changing the text
vocabulary or its syntactic or semantic representation.

Vocabulary changes involve the addition, deletion, or words replacement.
We can detect changes of this type by methods like the longest common
subsequence or n-grams. The more shared terms documents have, the more similar
they arel3p-1-21,

Synthetic changes imply changes in the structure of the sentence, for
example, the rearrangement of words and phrases or changing the sentence
grammar. To detect such changes, we make use of the text's syntactical units. For
instance, we may use POS tags to find similar documentst® P-1-21,

Semantic changes include the changes of two previous types, as well as text
paraphrasing. To detect these changes, we conduct a semantic analysis of the texts.
For instance, some methods use synonyms, antonyms, hypernyms, and hyponyms
to identify changes and compare texts!3 P-1-21,

Apart from various kinds of plagiarism, we can divide plagiarism detection
itself into two categories. These are external and intrinsic plagiarism detection P
2]

External plagiarism detection compares an input document with other
available documents. Intrinsic plagiarism finds parts of the input document that
another author has written.



2. Plagiarism detection approaches

Plagiarism detection is a part of Natural Language Processing (NLP).
Currently, there are many solutions for lexical or syntactical plagiarism based on
NLP techniques, including concept extraction using corpus like WordNet!® p-821,

In recent years, deep learning approaches have become rather popular in
NLP. Deep learning is a branch of machine learning. It focuses on the extraction of
high-level (abstract) features of the data. Also, deep learning networks do not
require any complicated featuring engineering or labeled data. These factors make
deep learning models a good fit for the problem of plagiarism detectionl? P31,

In the subsequent chapters, we will look at one deep learning network called
BERT and a two-layer neural network called Word2Vec.

3. Models used for plagiarism detection
3.1. Word2Vec

Word2Vec is a two-layer neural network. It takes as input a large corpus of
words and produces a vector space of several hundred dimensions. Each vector
represents a single word from the corpus. Words that have a similar meaning (or
context) have vectors that are close to each other. VVectors produced by the
Word2Vec are called word embeddings!l.

We can implement Word2Vec in two ways: via Continuous Bag of
Words (CBOW) or Skip-gram.

3.1.1. Continuous Bag of Words (CBOW)

CBOW tries to predict a target word (for example, "porch™) from the
surrounding context or, simply speaking, from the surrounding words (*'a dog sits
on a"). Skip-gram, on the other hand, tries to predict the surrounding context from
the target word“.

Consider a quote from the sci-fi book Dune: "Thou shalt not make a
machine in the likeness of a human mind."

CBOW will begin its work by generating a dataset from the input text (in
our case is just a sentence) using a sliding window. The sliding window has a fixed
size. It defines the number of words we will extract from the textl®,

We will take a sliding window with the size of three. The sliding window
will start on the first three words (Fig. 1).

The first three words will constitute our first dataset sample. The first two
words are features the third is a target that we will try to predict.



Thou shalt not hake a machine in the likeness of a human mind

Sliding window across running text Dataset

output

thou shalt not make a machine in the

Figure 1. Word2Vec sliding window — Step 1 [5]

We then continue to slide our window by one word to the right.

Thou shalt not makeja machine in khe likeness of a human mind

Sliding window across running text Dataset
output
thou  shalt not make a machine in the ... thou shalt not
thou shalt not make a machine in the shalt not make
thou shalt not make a machine in the not make a
thou shalt not make a machine in the make a machine
thou ' shalt not make a machine in the a machine in

Figure 2. Word2Vec sliding window - Step 2 [5]

We can also improve this approach if we consider words that come before
and after the target. Thus, for every "window slide," we will have four features and
one target.

3.1.2. Skip-gram

Since skip-gram tries to predict the surrounding context from the target
word, it uses a different method for dataset organization.
Consider the following picture:

[Thou shalt not make a}naohine in the likeness of a human mind

thou shalt not make -machime in the ... target word
not thou
not shalt
not make

Figure 3. Word2Vec skip-gram — Step 1 [5]



Unlike the approach proposed for CBOW skip-gram generates four samples
instead of one.

Moving one position will produce four new samples:

ThOL[shaIt not make a machine}w the likeness of a human mind

thou shalt  not  make a machine in the ... target word
not thou

thou shalt not make @ a - in the .. not shalt
not make
not a
make shalt
make not
make a

Figure 4. Word2Vec skip-gram — Step 2 [5]

3.1.3. Word2Vec architecture

After we have generated a dataset, we proceed to model training. It is very
similar for both CBOW and Skip-gram. Thus, in the example below, we will
consider model training in the case of Skip-gram.

To begin with, that's how the model architecture looks like:

Output Layer
Softmax Classifier

Hldden Laver Probability that the word at a
Linear Neurons randemly chosen, nearby
Input Vector position is “abandon”
m @ ... “ability”
A“1”in the position n - “able”
corresponding to the 1
word “ants” n
.
10,000
positions
300 neurons -+ .. "zone”

10,000

neurons

Figure 5. Word2Vec architecture [4]

The input vector is a vector representation of a single word. Its length is
equal to the size of the vocabulary. It has zeroes everywhere, except for the index
that corresponds to the input word®l.



The hidden layer is a standard fully connected layer, which weights are the
word embeddings. The output layer gives us the probability for other words to be
the neighbor of the input word.

To get the word embeddings, we remove the output layer after having
trained the model. Thus, we will get the model that will produce word embedding
instead of word occurrence probabilitiest,

3.1.4. Word2Vec training

Let's now look at how we train the model to predict neighboring words.

Firstly, we initialize model weights with random numbers. Then, we pick the
first feature from the first dataset sample and give it to the model.

The weights of the hidden layer are the word embeddings we are trying to
get as a result of model training. These weights can be represented as a matrix,
which in turn will be the matrix of word embeddings. The shape of this matrix will
be N X M, where N — is the number of words in the vocabulary, and M — is the
number of neurons in the hidden layerf.

Hidden Layer : Word Vector
Weight Matrix Lookup Table!
300 neurons 300 features

10,000 words
10,000 words

Figure 6. Word2Vec hidden layer weights [6]

So we multiply the encoded input word by the weight matrix, thus getting
the corresponding word vectorf®, It will look like the following:

1 2 3

0 0 1)><(4 5 6>=(7 8 9)
7 8 9



The resulting vector is multiplied by the weights of the output layer, which
can be represented as a matrix with a shape of M x N. Therefore, the input weights
are represented by an N X M matrix, and the output weights are represented by an
M X N matrix.

As was mentioned above, the output vector should contain the probabilities
for each word in the vocabulary to appear near the input word. So, the numbers in
the output vector should sum up to 1. To get this result, we apply a softmax
activation function to each value of the output vectorf®.

O-(Z)i = K 7
j=1€"

In the end, we subtract the vector of probabilities from the input vector to
calculate the errors and adjust the weights using backpropagation(®l.

Actual Model

Target Prediction
0 0 aardvark 0
0 0 aarhus 0
0 0.001 aaron -0.001
0 0.4 taco 0.4
1 0.001  thou 0.999
0 0.0001 | zyzzyva -0.0001

Figure 7. Word2Vec prediction error calculation [5]

3.1.5. Negative sampling

The last step of the Word2Vec training can be computationally expensive,
especially if the size of the vocabulary is large. So, to improve the model
performance, we may switch the task from predicting the probabilities of
neighboring words to predicting the probability for two words to be neighbors,
where 1 will mark that words are neighbors, and 0 otherwisel!.

To:
Change Task from

Untrained Model —_— Untrained Model

N Task: — thou —_— Task: — 090

Predict neighbouring word Are the two words neighbours?

Figure 8. Word2Vec negative sampling [5]



This will turn our model from a neural network into a logistic regression,
allowing us to perform computations at a much greater speed®.

To perform this switch, we should also change the structure of the dataset.
There will be no input and the target word, but input word, output word, and a
target that will hold values of 0 or 105,

target word target
not thou not thou 1
not shalt not shalt 1
not make not make 1
not a not a 1
make shalt make shalt 1
make not make not 1
make a make a 1
make machine make machine 1

Figure 9. Word2Vec negative sampling [5]

There's also a tiny problem left. Since the target is always 1 we may get a
model that will always output 1 achieving 100% accuracy but learning nothing
along the way. To combat this, we will use negative samples in our dataset.
Negative samples - are pairs of words that are not neighbors (so the target for them
is )1,

target
not thou 1
not 0 .
:> Negative examples
not 0
not shalt 1
not make 1

Figure 10. Word2Vec negative samples [5]

To fill the missing output words, we randomly sample words from the
vocabulary. The probability of selecting a word as a negative sample depends on
the frequency (word count) of this word. Specifically, each word is given a weight
equal to its frequency raised to the power of 3/4. The probability for selecting this
word will be this weight divided by the sum of the weight of all other words!*,



The idea of adding a negative sample is inspired by the concept of Noise-
contrastive estimation. We contrast actual signals (being pairs of words that are
neighbors) with noise (which are negative samples)®l.

3.1.6. Word2Vec training with negative sampling

At the start of the training, two matrices are initialized. The first is called
embedding matrix, and the second one - context matrix. These two matrices store
embeddings for our words from the vocabulary and have equal dimensionsl. The
number of rows corresponds to the number of words in the vocabulary and the
number of columns corresponds to the desired length of word embedding vectors
(300 hundred is a common value. It was used by Google in the Word2Vec model
which was trained on the Google News dataset[?)

Embedding Context

aardwvark aardvark
aarhus aarhus

aaron aaron

Figure 11. Word2Vec embedding and context matrix [5]

We initialize these matrices with random values and take one positive
sample and its connected negative samples from the datasetl!.

dataset model

output word | target

not thou
not aaron
not taco
not shalt
not mango
not finglonger
not make

not plumbus

PO |- OO |- OO |-

Figure 12. Word2Vec dataset and model [5]



As a result, we will have one input word (not, in this case) and three output
or context words: thou, aaron, and taco (the last two being negative samples). We
then one-hot encode these words and multiply the vector of the input word by the
embedding matrix and the vectors of the output words by the context matrix. In
this way, we will get word embeddings of all the words we need®.

We then take the dot product of the input embedding with each of the output
embeddings. The resulting number will indicate the similarity between the input
and the output embeddings®.

output wora target * output
not thou 1 0.2
not aaron 0 -1.11
not taco 0 0.74

Figure 13. Word2Vec similarity calculation [5]

Since the output vector should contain probabilities (positive numbers
between 0 and 1) we apply sigmoid to them[®],

Sx) =———
(x) 1+e™*

output word target * output sigmoid()
not thaou 1 8.2 0.55
not aaron 0 -1.11 0.25
not taco 0 6.74 0.68

Figure 14. Word2Vec similarity calculation [5]

We can then subtract these values from the target values, calculate the error,
and update the model weights (which are "stored" in the context and embedding
matrices)ll,

output word | target e output  sigmoid()
not thou 1 0.2 0.55
not aaron 0 -1.11 0.25
not taco 0 0.74 0.68

aaron
not taco

thou

Figure 15. Word2Vec similarity calculation [5]



3.1.7. Limitations of Word2Vec

Word2Vec may give decent results nevertheless, sometimes it might not be
accurate enough!®. Word embeddings don't take into consideration the order of
words in which they appear. This may lead to the loss of some syntactic and
semantic information of the sentence.

For examplel®], the sentences "You are going there to teach not play." and
"You are going there to play not teach." will have similar representation in the
vector space, however, their meaning is different.

Also, depending on the context, words may bear different meanings. For
instancel® the word "bucket” in the sentences "I have scuba diving in my bucket
list." and "There is a bucket filled with drinking water." has a different meaning.

So we need a model that will preserve the contextual information relating to
the words in a sentence. One of such models is BERT.

Before we look at BERT, we should get familiar with transformers which
are heavily utilized in BERT.

3.2. Transformers
3.2.1. What is a transformer?

A transformer is a component used in neural networks to process sequential
data, like text or time-series data. Quite often transformers are used in the area of
NLPI,

The transformer takes input text in the form of a sequence of vectors and
converts it into a vector called encoding, and then decodes it back into another
sequencel*t,

Transformers also use an attention mechanism. The attention mechanism
helps the model to "remember" relationships between input tokens. For example,
this can be used in machine translation of sentences. The attention mechanism will
allow the model to translate words like "it" into the word of correct gender in
Spanish or French by paying attention to all neighboring words in the original
sentenceltY,

The structure of a transformer can be seen on the Figure 16.

Each encoder consists of two layers: self-attention and feed-forward. The
self-attention layer is where the attention mechanism is used to produce better
word encodings. The output of the self-attention layer is then fed to the feed-
forward neural network!*?, The output of a feed-forward network is then fed to the
next encoder.

A decoder has the same two layers, plus an encoder-decoder attention layer
between them™?! (Fig. 17).
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Figure 16. Transformer structure [12]
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Figure 17. Transformer encoder and decoder [12]
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Figure 18. Encoder and decoder structure [12]

Attention layers of encoders and decoders operate similarly, yet they have a
few small but significant differences*?l:

a) The encoder self-attention layer computes the relevance of each word in
the input sentence to each other word in the same input sentence;

b) The decoder self-attention layer computes the relevance of each word in
the output sentence to each other word in the same output sentence. Also, it is



allowed to take into consideration only the previous positions in the input
sequence. The future positions are masked,;

c) The decoder encoder-decoder attention layer computes the relevance of
each word in the output to each other word in the input sentence.

Each layer of the encoder (decoder) has a residual connection around it and
is followed by a layer-normalization step!*? (Fig. 18).

3.2.2. Embedding and position encoding

Before we pass any text to encoders, we should first preprocess it a bit. This
procedure consists of three steps*4l:

a) Generate word embeddings for each word in the input text;

b) Compute the position encodings for each word in the input text;

¢) Combine these encodings by summing them.

Transformer encoders process words from input text in parallel, with each
word following its separate “path”. Thus, information about the position of the
words is usually lost. Position encoding is used to remember the position of the
words in the input sentence,

Embedding & Position Encoding
- EE' -
Embeddmgs ............................................. poag s g PR
s N (- N
Embedding Position Encoding
p j A j

‘57 ‘B2 17 e
Word IDs 4

You are welcome | PAD
Input Sequence

Figure 19. Transformer embedding and position encoding [14]

It is a fixed value that depends only on the length of the word embedding
vector (which is usually equal to 512). To calculate it we use the following
formulal*4;

lD(pos,zi) = Sin(pOS/lOOOZi/dmodel)
P(pos2i+1) = €0S(pos/10002"/dmoder)



pos — index of the word in the sentence; i — index of the value from the word
embedding vector; d,,,40; — l€ngth of the word embedding vector.

3.2.3. Self-attention

The self-attention layer works with matrices, where the number of columns
corresponds to the length of the word embeddings, and the number of rows is a
hyperparameter we can set (usually it is equal to the length of the longest
sentence).

To simplify the explanation of how self-attention works we will use vectors
in the examples below. Then, to show how it is implemented, we will give several
examples with matrices.

Suppose we have the sentence “Thinking Machines”. We generate
embeddings for each word in this sentence and pass the resulting vectors to the
encoder.

The first step in the self-attention layer would be to create three vectors from
the encoder input vectors. These vectors are called Queue, Key, and Value. To get
them we multiply the input vector by the three weight matrices that were learned
during the model training™?.

Input

Embedding LT T] [T TT]

Queries o T o[ we
Keys [T1] [T

Values [T1] [T 1]

Figure 20. Transformer self-attention layer - Step 1 [12]

On the image, we multiply the word embeddings for “Thinking” and
“Machines” by the matrices W2, WX and WV producing Queries, Keys, and
Values vectors respectively.

The resulting vectors will have smaller dimensionality of 64 (while the input
vector dimensionality is usually 512). These vectors do not have to be smaller, but
it is an architecture choice to make the computation of multiheaded attention
(which will be discussed later) constant!*2],



In the second step, we calculate a score. The score will determine how much
focus we should place on other vectors (words) when we encode the current vector
(word).

For example, when calculating self-attention for the input vector, that
corresponds to the word “Thinking”, we will take the dot product of the query
vector g, and the key vector k;,i = 1, ..., n where n — is the number of input
vectorst?l,

Input

Embedding [T T T] [T T 1]
Queries as Djj g2 I:l:‘j
Keys T (T
Values [T T] [T 1]
Score g1 e ki= g1 e ke =

Figure 21. Transformer self-attention layer - Step 2 [12]

In the third and fourth steps, we will divide scores by the square root of 64
(which is the dimension of Query, Key, and Value vectors) and pass the resulting
values to the softmax function to make them positive and add up to one*?,

Input

Embedding LT T 1] LT T T]
Queries CIE a: [T
Keys D:D Djj
Values D:D D:l:‘
Score qi* Ki= qi* K2 =
Divide by 8 (d )

Softmax

Figure 22. Transformer self-attention layer - Step 3, 4 [12]



In the fifth step, we multiply the value vector of each input vector by the
output of the softmax function. This will help us to discard irrelevant words by
multiplying them by values like 0.00001.

In the sixth step, we sum up all the vectors, produced in the previous step, to
produce an output of the self-attention layer for the first input vector, that
corresponds to the word “Thinking”[*?],

Input
Embedding I:I:l:lj El:l:l:l
Queries a1 |:|:|:| qz D:D
Keys [T T
Values [T1] [T 1]
Score qr e ki = g1 o ko =
Divide by 8 (vd )
Softmax
Softmax

X [TT]
Sum D]j Djj

Figure 23. Transformer self-attention layer - Step 5, 6 [12]

If we arrange the input embeddings into the matrix, then, to get the self-
attention output, we would use the following formula?:

softmax( )

Figure 24. Transformer self-attention output [12]

Matrices Q, K, and I/ are the Query, Key, and Values matrices which we got
by multiplying the input matrix by each of the three weight matrices W ¢, WX, and
wv.



3.2.4. Multi-headed attention

In the Transformer, the self-attention layer repeats its computation multiple
times in parallel. Each of these is called an attention head. Every attention head
has a separate set of W@, WX, and WV matrices.

Suppose we have eight attention heads. We will compute eight different
“attention outputs” and then combine them to produce a final attention score.

To combine the outputs, we concatenate them and multiply them by an
additional weight matrix W °[2,

1) Concatenate all the attention heads 2) Multiply with a weight
matrix that was trained
jointly with the model

X
L] \ \ L]

3) The result would be the © matrix that captures information
from all the attention heads. We can send this forward to the FFNN

- ]

Figure 25. Transformer multiple attention heads [12]

Multiple attention heads allow the Transformer to learn different aspects of
the meaning of each word. For instance, one attention head may capture the gender
of a word, while the other can capture its cardinality!*!,

3.2.5. Decoders

After the input sequence went all the way through the encoder stack, the
output of the top encoder is passed to all the decoders to be used in the encoder-
decoder attention layer. This layer is very similar to the encoder’s attention layer
but instead of the matrices WX and W< an encoder stack output is used™ (Fig.
26).

The self-attention layer of the decoder is also like that of the encoder except
for the fact that when calculating the attention, it is allowed to take into
consideration only the previous positions in the input sequence. The future
positions are masked (set to -inf).



The decoder output is generated in a loop. The entire output of each loop is
re-fed to the first decoder until we reach an end-of-sentence token.

Encoder-6 ﬂecoder& \

Enc-6 Out

[ Decoder-1 J

Figure 26. Transformer decoder structure [14]

Like with the encoders, we convert the input sequence into the embedding
(with positional encoding) before passing it to the first decoder(®l,
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Figure 27. Transformer structure [16]

The output of the decoder stack is passed to the linear layer, followed by a
softmax layer.



The linear layer projects the vector produced by the decoder stack into a
much larger vector called a logits vector. The logits vector will contain scores for
each unique word in the vocabulary (which is derived from the training dataset)™*?l,

The softmax layer will turn these scores into probabilities (that are positive
and add up to one). The word that corresponds to the highest probability will then
be outputted by the model.

3.3. BERT
3.3.1. What is BERT?

BERT or Bidirectional Encoder Representations from Transformers is a
paper published by researchers at Google Al Language in 20181, The release of
BERT marked the beginning of a new era in the NLP, as it showed state-of-the-art
results in such tasks as Question Answering, Natural Language Inference, and
others(®l,

3.3.2. BERT use cases
The first way to use BERT is for sentence classification(l,

Input Qutput

Prediction

Y )

Classifier
856% Spam
BERT

Figure 28. BERT sentence classification [10]

15% Not Spam

Training such a classifier requires almost no changes to BERT. We need to
train only the classifier.

Some use cases for BERT include sentiment analysis (e.g. given a review,
tell whether it is positive or negative) and fact-checking (e.g. given a sentence, tell
whether it is a claim or not).



3.3.3. BERT origins

BERT has been built upon several ideas that include Transformers, ELMo,
and OpenAl Transformer. In this section, we will briefly overview these
technologies and see how BERT incorporates them.

ELMo is a model that is used to produce word embeddings for words.
Models with a similar goal, like Word2Vec or GloVe, generate embeddings no
matter what the context of the word is. Thus, the word “like” used in the sentences
“I like apples” and “You look like Matt Damon” would have the same embedding
vectort®?,

ELMo introduces a concept of contextualized word embeddings. Therefore,
before assigning a word an embedding, it looks at the whole sentence where this
word is located™,

To do this, ELMo uses a bi-directional LSTM trained to predict the next
word in a sentence (a task called Language Modelling). Bi-directional LSTM
consists of a Forward Language Model (contains information about a current word
and other words before it) and a Backward Language Model (which contains
information about the current word and other words after it)[l,

Embedding of “stick” in “Let’s stick to” - Step #1

Forward Language Model Backward Language Model

LST™M 5 s
Layer #2
o o o STl >y | o o T

LSTM o 9 (] @ ® [
Layer #1 -w w w -w -w -w

Embedding I L

Figure 29. ELMo structure (1) [10]

Embedding of “stick” in “Let’s stick to” - Step #2
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Figure 30. ELMo structure (2) [10]

To produce a contextualized word-embedding for a single word, vectors
produced by each LSTM layer are concatenated, multiplied by a weight, and
summed together?,



Later, a better alternative to LSTM appeared, called Transformers.

Transformers, as we have seen in previous sections, with their Encoder-
Decoder structure are a perfect suit for machine translation. Thus, it could be a nice
idea to try to adapt Transformers for other tasks, like sentence classificationl,

OpenAl Transformer does exactly this - tries to utilize the concepts offered
by Transformers to produce a fine-tunable language model for NLP tasks.

OpenAl Transformer stacks twelve Transformer Decoders together.
Decoders were picked for the model because they are a good fit for language
modeling as they mask the future tokens while processing the input sequencel°l,

These decoders do not have an encoder-decoder attention layer (as there are
no Encoders in the model), however, a self-attention layer is still present.

With this structure, we can train the model on the language modeling task as
it was in ELMo's case.
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Figure 31. Open Al Transformer [10]

Having trained the model, we can use it for tasks other than language
modeling. The paper, where the OpenAl Transformer was presented, shows
necessary input transformations and model structuresl,

Classification ‘ Start | Text I Extract M Transformer H Linear I

Entailment ‘ Start | Premise I Delim | Hypothesis | Extract H——{ Transformer H Linear ‘
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Multiple Choice‘ Start | Context | Delim | Answer 2 |Extract ‘}—{ Transformer H Linear

‘ Start | Context I Delim | Answer N |Extract ﬂ——{ Transformer H Linear

Figure 32. OpenAl Transformer modifications [10]



Thus, ELMo introduced a way to use bi-directional LSTM for generating
contextualized word embeddings, and later, as a better alternative to the LSTM,
OpenAl Transformer was introduced. BERT builds upon these concepts and offers
a transformer-based model that uses both subsequent and previous words to
produce embeddings.

To do this, BERT masks 15% of inputs tokens and tries to predict them by
using the information derived from the other words in the sentencel*°l,

Use the output of the
masked word’s position
to predict the masked word

Possible classes
All English words 10%  Improvisation

Zyzzyva
FFNN # Softmax

BERT

Randomly mask

15% of tokens
[cLs] [MASK]

Input

Figure 33. BERT [10]

3.3.4. BERT architecture

The paper, where BERT was presented, defines two versions of BERT:

a) BERT BASE — similar in size to OpenAl Transformer;

b) BERT LARGE — huge model which achieved state-of-the-art results
presented in the paper.

BERT is a trained Transformer Encoder stack. Both versions of the model
have several layers (or Transformer Blocks, as it is stated in the paper) - the BASE
version has twelve, and LARGE has twenty-four.
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Figure 34. BERT BASE and BERT LARGE [10]



Apart from the usual Transformers, BERT BASE and BERT LARGE have
larger feed-forward networks (768 and 1024 hidden units respectively), and more
attention heads (12 and 16 respectively)[l,

Like the usual Encoder BERT receives a sequence of words as input with
the first input token being a token called [CLS], where CLS stands for
Classification (Fig. 33).

To understand the purpose of this token, we should mention that BERT is
trained to perform two tasks:

a) Masked language modeling, is when the model tries to predict the words
masked with a [MASK] token during training;

b) Next sentence prediction, when given two sentences, the model learns to
predict whether the second sentence is likely to be the sentence that might follow
the first one. For this purpose, we use the [CLS] token. Its output will tell us how
likely it is that the second sentence follows the first sentence.
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Figure 35. BERT next sentence prediction

BERT can be also adapted to solve other tasks, some of which are illustrated
in the BERT paper*?l,
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Figure 36. BERT modifications



4. Using Word2Vec and BERT for plagiarism detection

In this paper, we will look at external plagiarism detection in Ukrainian
texts. External plagiarism detection involves comparing an input document with
documents in the collection. We will use word embeddings to compare the
documents, as texts with similar meaning or context produce similar word
embeddings.

Using Word2Vec and BERT, we transform each document into a series of
word embeddings. Calculating the similarity measure for these embeddings will
help us determine whether the documents are similar or not.

Some of the most common ways to calculate vector similarity are Euclidean
distance and Cosine similarity.

Cosine similarity calculates the cos of an angle between two vectors (Fig.
37) using the following formula:

A;B;
A-B 1—21

ClAlBl [ [
\."ZA; -'IZBz'
[ i=1

cosine similarity = S¢ (A, B) := cos(6)

[ i=1

where A; and B; are the components of vectors A and B.

Figure 37. Cosine similarity

Cosine similarity belongs to the interval [—1, 1]. The more vectors are
similar, the closer the value of cos (6) will be to 1.

Euclidean distance calculates the distance between two vectors using the
following formula:

d(a,b) = d(b,a) =




Euclidean distance between two vectors can be illustrated in the following

way:

Figure 38. Euclidean distance

Euclidean distance (d)

Thus, similar vectors will have a smaller distance between them.

5. Plagiarism detection in Ukrainian texts
5.1.0verview of BERT and Word2Vec implementations

Word2Vec and BERT can be trained to create embeddings for texts in an
arbitrary language. However, the training of these models requires a large enough
corpus of texts written in this language and a significant number of computational
resources. Therefore, in this work, we will be using pre-trained Word2Vec and

BERT models.

Word2Vec is provided by lang-uk, an open community of specialists in the
field of computer word processing(*l,

Word2Vec is available in three variants, each trained on a separate text
corpus: fiction, news, or “ubercorpus”. Ubercorpus is a large 6GB corpus of texts
from Ukrainian periodicals. The sizes and number of tokens in each corpus are
provided in the table below[7],

Name Number of tokens Size (compressed)
Fiction 18323509 41 MB
News 461451019 1.1GB
Ubercorpus 665419885 1.6 GB

For each text corpus, several pre-processing options are available:

a) Tokenized;

b) Tokenized and lowercased,;
c) Tokenized and lemmatized;

d) Tokenized, lowercased, and lemmatized.




Every model produces a 300-dimensional embedding vector. In this work
we will be using tokenized, lowercased, and lemmatized version of the Word2Vec
trained on the Ubercorpus.

BERT is provided by the SentenceTransformers framework that features
various BERT models for producing sentence, text, and image embeddings!*®l. In
this work we will be using the “paraphrase-multilingual-mpnet-base-v2” which is a
multilingual model trained to generate sentence embeddings.

5.2. Application for plagiarism detection

Using the previously mentioned implementations of BERT and Word2Vec
models, we can develop a program to detect plagiarism in Ukrainian texts. The Ul
of the completed web application can be seen in Figure 39.

UA Plagiarism Checker TEXTS
Text to Compare BY WORD2VEC ~ EE

No Comparison Results Available

Figure 39. UA Plagiarism Checker

The application Ul has been developed using React, a JavaScript library for
building user interfaces!*®l. React manages user interaction with the page, which
are mostly button clicks and text input, and renders page components. Component
—is an independent and reusable piece of code. Components are very similar to
JavaScript functions: they receive arbitrary inputs and return React elements that
describe what should be displayed on the page.

The web application uses a library of components called Material Ul.
Material Ul offers many ready-made components for displaying inputs, buttons,
text paragraphs, and other essential elements on the web pagel?.

On the main page of the application, user can input a text that will be
compared with the texts from the application’s database for similarity. The
comparison will be performed by generating word embeddings from the texts.
Similarity of the embeddings is calculated using either cosine similarity or
Euclidean distance.



Users can select the model to be used to generate word embeddings using
the buttons in the upper right corner of the text input.
An example of text comparison can be seen below.

UA Plagiarism Checker TEXTS
Text to Compare By WORD2VEC = BERT

TEpemora BHKNHKANA JAHENOKOEHHR, CAMOBHASLL NVIWE PO UE Tak: «YCe, WO KHBO, NAHANOCA B KO3AUTRO R, EAMHOK IHAYHOK MINITAPHOID GHNoK Pedl MocnomuTol Ha npocTopax
3aNHWHNAck HANBIPHA apMisl KHA3S | BOGBOIN PYCHKOTO BHILHEBEULKOTo. OTPHMABILN JBICTKY NPO KOPCYHb, Apema BALIHEBELILKMA BHCTYNHB 3 SANHINPAHLIWHM,

BNV CEAR RESULTS

Target Text (2)

Mepemora BUKIHKANa SAHENOKOEHHR, CaMOBHAEL NMLUE NP0 UE TaK: «YCe, LU0 KMBO0, NIAHANOCH 8 KO3ALTEOS. GAVHOR IHAYHO MINITApHOI cinako Pexi MocnonuTal Ha NpocTopax
anuLMNack HAABIPHA APMIN KHA3R | BOSBOAH PYCHKOTO BUWHEBBUBKOTD, OTPHMABLIM 3BICTKY Npo Kopoyks, Aipema aucTynua 3

Results (6 documents) Cosine Similarities COSINE SIMILARITY = EUGLIDIAN DISTANCE

text_1

3gicTka NPo Ko3aubki nepemoru nia XoaTHmu Bonamu i KOpoyHEM BUKNWKaNa cnanax NoBCTaHHR NPoTW Bnaau Peui MocnonuToi. CamoBnaeus Y cBOEMY NITONKC NHWE NPo Ue Tak:
«¥ce, WO #1BO, NGHANOCR B KO3AUTBON. EANHOID 3HAYHGKD MINTapHoi cnalo Pevi MocnonuTel Ha npocTopax Yxkpain Nicns BTPATH Maitxe BCLOID KOPOHHOMD Bilickka B BHTEI Nig
KopcyHem 3aniwunack HazBipHa apMis KHR3A | BOEBOJN PYCBKOTO Fpemi BHWHEBEUBKOro. OTPUMABILN JBICTKY NP0 NOPasky N KOPcyHeM, Apema BHLIHEBELLKIA BHCTYNIE 3
3aaHINpAHIWMAY. .. SEE FULL

Figure 40. Text comparison results

The comparison metric can be changed using two buttons next to the
“Results” label.

Texts database of the application can be modified by clicking on the “Texts”
button in the top-right corner of the page. Clicking this button will open a new
page with the ability to view existing texts, delete existing text or add a new text to
the database (Fig. 41).

UA Plagiarism Checker TEXTS

text_1

3gicTKa Npo Ko3aubKi nepemork i KosTumu Bogamu i cnanax npotu Bnaav Peui MocnonuToi. Camosuaeus y ceoemy nitonuci
nuwe Npo Le Tak: «Yce, Lo XNBO, NAHANOCA B KO3ALUTBO». EANHOID 3HA4YHOK MiniTapHoio cunoto Peui MocnonuTol Ha npocTopax Ykpaiku nicns BTpaTi Mavixe
BCLOTO KOPOHHOTO Bifickka B 61TBI Nia KopcyHem 3anuumnack HaasipHa apMis KHA3s | BOEBOAW PYCLKOTo Sipemut Bulukesekoro. OTpUMasium 3BicTKy Npo nopasky

DELETE

nig Kop , Apema W BUCTYNUB 3 i .. SEE FULL

text_2

Byayuu yactuHolo Migkiuko-3axigHol TepuTopil, KOkoH npueanaro Ao Kakaawm 1870 poky, a BXe 3 po3nanom 30noTol nuxomaHku 1898 poky, yTBOPEHO HelanexHy
aAMIHICTPaTUBHO-TepUTOPIanbHy oanHUWO «TepuTopia KOKoH» y cknaai kaHaacbkol kondeaepauii 3 ueHTpom y floycoui.Y 1906 poui Ha Teputopii KOkoHy Gyno

cpibno — i a 3 BMAoBYTKy 30M10Ta Ha IHWI KOPUCHI KONANKMHM.... SEE FULL
DELETE

text_3

Opranizauis MiBHiYHOATNAHTU4HOTO AoroBopy, Takox MiBHivHOaTNaHTU4HMIA anbsHe abo HATO (awrn. North Atlantic Treaty Organization — NATO, ¢p. L'
O du Traité de I, i Nord — OTAN) — mi; p i p i v cota 30 aepxae MiBHIYHOT AMepukm i
€8ponu, AKi NparHyTb AOCAITM MeTH MiBHIYHOATNAHTUYHOTO AOTOBOPY, NiANUCAHOTO y BalMHITOHI 4 kBITHA 1949. BianoBIAHO A0 CTATYTHUX AOKYMEHTIB ANbAHCY,

Figure 41. List of texts

The calculation of word embeddings and their comparison is performed on
the application’s backend.



The backend is written using the Python programming language and Flask, a
lightweight framework for developing APIs and web applications in general?!l,

An endpoint called compare_texts is responsible for generating and
comparing word embeddings.

mapp.route('/compare/', methods=["POST"])
def compare_texts():
# Extract data from the request
raw_data = request.get_json()
query_text = str(raw_datal'text'])
model = str(raw_data[ 'model’])

# Extract all documents from the DB
cursor = ua_texts_collection.find({}).sort("title")
documents = [UaText(#*doc) for doc in cursor]

# List of texts
texts = [query_text] + [doc.text for doc in documents]
# List of slugs
slugs = [query_text] + [doc.slug for doc in documents]

document_embeddings = []

if model = 'word2Zvec':
processed_texts = process_texts(texts)

tfidfvectoriser = get_tf_idf_model(processed_texts, my_tokenizer)
tokenizer = get_tokenizer(processed_texts)

document_embeddings = get_document_embeddings(
tfidfvectoriser, tokenizer, w2v_model, processed_texts)
elif model = ‘'bert':
unnorm_processed_texts = process_texts(texts, False)
document_embeddings = shert_model.encode(unnorm_processed_texts)
else:

return custom_error({'message': 'Model not found'}, 404%)

scores = get_model_scores(document_embeddings, slugs)

scores['cosine_similarities']['similar'] = list(
map(lambda item: list(map(str, item)), scores['cosine_similarities']['similar']))
scores[ 'euclidian_distances']['similar'] = list(

map(lambda item: list(map(str, item)), scores['euclidian_distances']['similar']))
return jsonable_encoder(scores, exclude_none=True)

Figure 42. compare_texts endpoint

This endpoint receives a request with the text to compare against other texts
and a preferred model for calculating embeddings. After extracting this data from
the request, we fetch all documents from the MongoDB database and create a list
of texts and a list of slugs. In the context of this application, a slug is a hash
produced by applying SHA256 algorithm to the text contents concatenated with
random string, produced by uuid — a Python library for producing unique
identifiers. Slugs are URL-safe and are used to identify documents when
performing requests.

After initializing the lists, texts undergo preprocessing. For this purpose, the
process_texts function is used.

This process includes dividing the text into sentences and sentences into
tokens (words), lowercasing tokens, removing punctuation marks, any special
characters, and stop words — common words whose removal usually does not affect



the meaning of the text. In the case of Word2Vec tokens also undergo
lemmatization. Lemmatization aims to reduce the inflectional form of a word back
to its root using morphological analysis[??l.

After preprocessing stage, we generate text embeddings. This process varies
depending on the model picked by the user.

Since Word2Vec can only generate embeddings for individual words, we
need a way to calculate an embedding for the entire document from the
embeddings of its words. One of the ways to do this, would be to multiply the
embedding of each word by its tf-idf weights and then sum the resulting vectors(?3l,

tf-idf or term frequency-inverse document frequency assigns a weight to
every word in the document. This weight depends on the number of occurrences of
a word in the current document (or tf for short) and the number of documents that
contain the given word (idf for short)[?41,

N
dfe

where N — is the number of documents in the collection, df; — is the number
of documents that contain term t.
Having tf and idf we can calculate tf-idf of a term t from the document d.

idf, = log (

tf-idftq = tfea X idf;

The get_document_embeddings function calculates document embeddings
for the Word2Vec using the process described above.

def get_document_embeddings(tfidfvectoriser, tokenizer, w2v_model, texts)
tfidf vectors = tfidfvectoriser.transform(texts)
tfidf_vectors = tfidf_vectors.toarray()

tokenized_documents = tokenizer.texts_to_sequences(texts)

tokenized_paded_documents = tf.keras.utils.pad_sequences(
tokenized_documents, padding='post')

vocab_size = len(tokenizer.word_index) + 1
embedding_matrix = np.zeros((vocab_size, 300))

for word, i in tokenizer.word_index.items():
if word in w2v_model:
embedding_matrix[i] = w2v_model[word]

document_word_embeddings = np.zeros(
(tokenized_paded_documents.shape[0], tokenized_paded_documents.shape[1], 300))

for i in range(tokenized_paded_documents.shape[0]):
for j in range(tokenized_paded_documents.shape[1]):
document_word_embeddings[i]1[j] = embedding_matrix[tokenized_paded_documents[i][j]]

document_embeddings = np.zeros((tokenized_paded_documents.shapel0], 300))
words = tfidfvectoriser.get_feature_names_out()

for i in range(len(document_word_embeddings)):
for j in range(len(words))
document_embeddings[i] += embedding_matrix[tokenizer.word_index[words[j]]
1 * tfidf vectors[i][j]

return document_embeddings

Figure 43. get_document_embeddings function



The get_document_embeddings function also uses a tokenizer to turn a
document into a sequence of numbers, by assigning a unique identifier to each
word in the document. This is done by using the texts_to_sequences function.

Number sequences are also padded to have equal lengths. This way, even if
the input texts have different lengths, the resulting embedding vectors would have
equal sizes.

Unlike Word2Vec, BERT can generate embedding for the whole document,
so we only need to call the encode function.

After we have calculated embeddings, a get_model_score function is used
to compare embeddings using cosine similarity and Euclidean distance.

def most_similar(text_id, slugs, similarity_matrix, matrix):
similar = []
target = slugs[text_id]
if matrix = 'cosine':
similar_ix = np.argsort(similarity_matrix[text_id])[::-1]
elif matrix = ‘'euclidean':
similar_ix = np.argsort(similarity_matrix[text_id])
for ix in similar_ix:
if ix = text_id:
continue
similar.append([slugs[ix], similarity _matrix[text_id][ix]]1)
return {"target": str(target), "similar": list(similar)}
def compare_documents(document_embeddings):
pairwise_similarities = cosine_similarity(document_embeddings)

pairwise_differences = euclidean_distances(document_embeddings)
return (pairwise_similarities, pairwise_differences)

def get_model_scores(document_embeddings, slugs):
(pairwise_similarities, pairwise_differences) = compare_documents(
document_embeddings)
cosine_similarities = most_similar(
0, slugs, pairwise_similarities, 'cosine')
euclidian_distances = most_similar(
0, slugs, pairwise_differences, 'euclidean')
return {"cosine similarities": cosine similarities, "euclidian distances": euclidian distances}

Figure 44. get_model_score function

get_model_score function performs a pairwise comparison of embedding
vectors using the cosine_similarity and euclidean_distance functions provided
by the scikit-learn library.

The comparison results are used to sort the list of document slugs with
respect to a specific document. The most_similar function is used for this
purpose. Sorted slugs are then sent to the frontend and displayed to a user.



CONCLUSION

In this article we discussed the concept of plagiarism and listed its types.
Two machine learning models have been proposed for plagiarism detection:
Word2Vec and BERT. We also provided an overview of both models and
described how they could be used in the problem of plagiarism detection.

A web application for plagiarism detection has been developed. This
application features React, a JavaScript framework, on the frontend and Python on
the backend. To store application data, MongoDB is used.

This application allows a user to input a text that will be compared with the
texts from the application database using cosine similarity or Euclidean distance as
metrics. Comparison is performed using word embeddings, calculated by pre-
trained BERT or Word2Vec model. A user can choose the model and similarity
metric using the application’s UI.

The application can be further improved to not only output similarity metric
but also highlight the similar sentences in the texts. The ability to save comparison
results can also be added.
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