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Abstract—Paraphrase Identification or Natural Language Sen-
tence Matching (NLSM) is one of the important and challenging
tasks in Natural Language Processing where the task is to
identify if a sentence is a paraphrase of another sentence in
a given pair of sentences. Paraphrase of a sentence conveys
the same meaning but its structure and the sequence of words
varies. It is a challenging task as it is difficult to infer the
proper context about a sentence given its short length. Also,
coming up with similarity metrics for the inferred context of
a pair of sentences is not straightforward as well. Whereas, its
applications are numerous. This work explores various machine
learning algorithms to model the task and also applies different
input encoding scheme. Specifically, we created the models using
Logistic Regression, Support Vector Machines, and different
architectures of Neural Networks. Among the compared models,
as expected, Recurrent Neural Network (RNN) is best suited
for our paraphrase identification task. Also, we propose that
Plagiarism detection is one of the areas where Paraphrase
Identification can be effectively implemented.

Index Terms—Paraphrase Identification, Machine learning,
Long Short Term Memory Networks, NLP

I. INTRODUCTION

Paraphrase identification is the task of identifying if a

sentence is a paraphrase of another one. It is one of the

challenging tasks in Natural Language Processing. It requires

representing a text in some form taking its context into

consideration and formulating a metric to express the simi-

larity between a pair of texts. The given pair of sentences

or texts may look almost similar in terms of its syntactical

structure but a presence of a single word or phrase may convey

entirely different or opposite meanings. On the other hand,

there are various applications of paraphrase identification.

One of them can be automatically removing the duplicate

questions in online QA forums like Quora. There are different

versions of the same question in such online question-answer

forums conveying the same meaning. Traditional coding would

require creating billions of conditions to accurately assess

whether or not two sentences are semantically the same.

Another application can be the plagiarism detection task.

Current applications for plagiarism essentially just check the

syntax. With a quick web search, one can find many ways

to circumvent plagiarism detection by switching out select

words or using an article rewriter. Paraphrase identification is

suggested as an application-independent framework for mea-

suring semantic equivalence. In terms of identifying duplicate

questions, according to [1], it explains that if two questions

can be concluded with the same answer, both questions are

semantically equivalent. The identification of semantically

equivalent sentences has many applications in natural language

understanding which ranges from paraphrase recognition to

evaluating machine translation. There are a few challenges

when it comes to processing the texts using machines. First,

the computer finds it hard to recognize different words and

their meanings. For example, when speaking of the companies,

“Microsoft” or “Apple”, the computer might mistake “Apple”

as a fruit instead of a company. This problem occurs because

generally, machines fail to figure out the context depicted in

the text. In a given natural language sentence, there are various

relationships among the words. So capturing this relationship

is essential to completely understand the semantic of that

sentence.

In our work, we try to perform paraphrase identification

using various machine learning models and make a perfor-

mance comparison among these models. In Recent years,

Recurrent Neural Networks(RNNs) have proven to be very

successful in machine learning tasks that relate to Natural

Language. As Natural Language can be represented as a

sequence of tokens(characters, words or phrases), and in

general the preceding tokens affect the occurrence of next

token in the sequence, RNNs, which work by taking the

feedback of previous time-steps output to generate the output

for subsequent time-steps, works very well. Specifically, we

devise a Logistic Regression model which is the simplest

machine learning model for classification task and then go

on to implement a relatively more complex model: Support

Vector Machines. Lastly, we will develop various models using

Neural Networks including RNN model.

In the next section, we talk about some of the related

works in text processing in general and also discuss the

specific works done in Paraphrase Identification. Section III
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talks about our approach and the algorithms. In Section IV,

we describe our experimental setups and the results. Then, a

brief discussion of the results is provided in section V. Lastly,

we conclude our paper with some keypoints in section VI.

II. RELATED WORKS

With an increasing amount of developing technology, fur-

ther research must be done to search for solutions to improve

methods of data processing using neural networks and deep

learning. The process of using computers to understand Nat-

ural Language Processing (NLP) has been a challenge due to

the equivocacy of texts and passages. For example, the term

‘apple’ can be referenced as both a company and a fruit. In this

case, creating an algorithm to interpret the correct meaning

would need a method to process and understand the given

information. A proposed solution to this was to use semantic

enrichment. To accomplish this, verbs and nouns are extracted

to output a concept that represents the text [2].

In order to overcome the obstacles of natural language

processing, various methods have been proposed. For instance,

to combat the difficult processing of data-sparse texts, a con-

volutional neural network (CNN) in pair with data clustering

can be used to expand text [3]. Another influential method

for semantic text analysis was to use binary predicate phrases

by extracting prepositional phrases [4] using PropS. If the

proposition can be matched, it is presumed that the phrases

are similar versions of each other.

In [5], paraphrase identification is found by using a matrix

created from semantic similarities from a pair of text sections.

For this method, all similarities between words were consid-

ered to improve accuracy. However, it must also be noted

that this strategy was inspired by an information extraction

(IE) model linking patterns to homogeneous meanings [6].

This stemmed from an (IE) model developed specifically for

semantic processing [7]. For this model, matrices and vectors

were formed by three elements from a clause: subject, verb,

and object.

In contrast to extracting specific grammar variables, sim-

ilarity can also be gleaned from language variables such as

slang, syntax and lexical factors [8]. These features are then

tagged and put through various N-gram models (character

bigrams, trigrams, tetragrams and word unigrams, bigrams and

trigrams). In [9], n-grams were used for paraphrase recog-

nition using lexical features in combination with syntactic,

composite, and semantic features. For instance, similarity can

be determined by the instances of like n-grams (n-gram overlap

measures), as well as dividing identical skip-grams by word

variations (skip-gram overlap measures) in lexical features.

N-gram overlap measures are especially similar to word co-

occurrence in [10]. Another notable approach used a Siamese

gated recurrent unit (GRU) neural network. Afterward, the

sentences are encoded and equivalence is concluded based

on an output vector [1]. It was argued that by feeding data

through an additional neural network (NN) layer enhanced

performance, yielding more accurate results. The method of

using an additional layer can also be applied to pinpoint

the location of questions in a given passage by including

another gate to attention-based recurrent networks [3]. After

the information from the passage is encoded with a self-

matching attention mechanism, a pointer network is used to

locate the positions of answers from the passage. This process

was then tested on the Stanford Question Answering Dataset

(SQuAD) [11].

An additional dilemma of paraphrase detection is asym-

metrical paraphrases, where one sentence is more word-dense

than the other [12]. Hence, it is more complicated to process

in order to find the general idea or ‘paraphrased’ portion.

A proposed solution would be to link lexical connections

from each sentence in a function defined as LogSim [12].

This function aimed to be able to create a corpus with high

reliability with little or no human intervention. On top of this,

LogSim was designed to extract and identify paraphrases with

word reorderings or syntactic differences to have semantic

similarities.

Moreover, features can be classified as being either consist-

ing of one element (primitive), or pairs of primitive elements

(composite) [10]. Primitive characteristics are also used in

the identification of another feature, composite features. Using

composite features is beneficial because it restricts primitive

features, resulting in more detailed tasks and, therefore, more

specific results. [12]

In order to perform machine learning, man neural networks

are needed. [13] These networks work using operators. Oper-

ators use RDF stream or data set applies a query and produces

an output. Here are 3 required operators: Window, Relational,

and Streaming Operators. Window Operators extract triples

from an RDF stream or dataset that match a given triple pattern

and are valid in a given time window. Every operator has

their own job. Relational Operators work the mapping from

discrete results. Streaming Operators work based on patterns

to generate RDF streams from result sets. This information

applies a query that is organized in a dataflow. It has a dataflow

direct tree of operators, whose root nodes are a window and

relational operators respectively. The routing policy decides

the order in which the operators are executed at run time.

CQEL’s Query Engine is a specific model that was introduced.

It used it own language as an extension for languages. Data

Encoding was used when dealing with large amounts of data.

Dictionary encoding is applied to be able to fit more data into

the memory. Caching and Indexing provide faster access to

data Caching is used to store intermediate results, providing

faster access to the data. An index is maintained as long as it

can be updated faster in order to access the data. The Oper-

ator’s Routine Policy supports triple-based window operators

and sliding window operators. The entire performance was

evaluated in terms of average query execution time. In most

things, CQELS outperforms the other approaches by orders

of magnitude for it finishes 700 times faster. Usually, the

operators crash if the data is too big, but EQELS performed

well in efficiency and stability.

Deep learning doesn’t recognize certain words yet. [2] There

are certain words that a computer doesn’t recognize on its
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own. For example, defines “apple” or “orange” as fruit instead

of different foods. The word “apple” can be defined as a

company, food, or fruit. Another defect is that some verbs

have different meanings. This makes it harder to understand

the difference between certain phrases or short texts. Short

texts lack enough context and the ambiguity that deep learning

is unable to understand.

A sentence model and a similarity measurement layer make

machine learning more efficient. [14]. A sentence model is

used for converting a sentence into a representation for similar-

ity measurement. A sentence model has here are many pooling

types. It also multiple window sizes in the building blocks in

order to learn the features of different lengths. A similarity

measurement layer uses multiple similarity measurements,

which compare local regions of the sentence representations

from the sentence model. One way it is used to compare

sentences is by flattening the sentence representations into two

vectors, then use standard metrics like cosine similarity. These

are the uses of a sentence model and a similarity measurement

layer. Other research from the Data Science Lab includes [15]–

[71], [71]–[104].

III. OUR APPROACH

We use some commonly used approaches for preprocessing

the data and encode the input into various encoding. For the

Logistic Regression and SVM models, we formulate one-hot

encoding and word2vec embedding before feeding the inputs

to our models. First, we formulate the task of paraphrase

identification as our problem definition.

A. Problem Definition

Given two sentences S1 and S2, where S1 =
〈
S1
1 , S1

2 ,

..., S1
n

〉
and S2 =

〈
S2
1 , S2

2 , ..., S2
n

〉
, and labels L ∈ {0, 1},

paraphrase identification is the task of predicting the labels:

L = 1; if S1 and S2 are duplicate or L = 0; if they are not

duplicate.

B. Preprocessing

To feed our data to the machine learning models we

need to perform some preprocessing. Preprocessing includes

cleaning the data and representing them in the vector form

machine learning models understand. While cleaning the data,

all irrelevant punctuation, uppercase letters, and symbols are

either stripped or converted to ASCII character representations.

Then, we create a feature vector from our input data using two

schemes: One Hot Encoding and Word2Vec embedding. The

algorithms for One Hot Encoding and Word2Vec are detailed

along with their respective pseudocodes:

a) One Hot Encoding: One-Hot Encoding is one of

the techniques to represent the input data into vector form

understandable by machine learning algorithms. First, the total

number of unique features are computed from the whole

dataset. Then, a vector of n dimension is created for each

data point with each entry in the vector specifying whether or

not that data point contains that specific feature. To create a

one-hot encoding of our input data, we first consider n-grams

and words as a feature separately.

Fig. 1. One Hot Encoding Algorithm

b) N-gram and Word As Feature Vector: Both N-gram

and words are considered to be as a feature to construct the

one hot encoding. In N-gram representation of feature vector,

we consider unigram, bigram and trigrams. And separately, we

consider words present in the dataset as features too.

Fig. 2. Simple illustration of N-grams

c) Word2vec: Word2Vector is a group of word embed-

ding models with the ability to represent raw text data while

also taking context into account. This model creates vector rep-

resentations of words. This model is useful to help machines

understand semantic meanings in addition to word concept and

context. Word2Vec algorithm includes two architectures: the

continuous bag-of-words model (CBOW) and the skip-gram

model [105]. In the former mentioned model, the primary

function is to predict a target word based on given context

words. In the latter model, its function is the obverse of the

former, in that the skip-gram model attempts to predict the

context words given a target word.
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Fig. 3. CBOW Architecture

Fig. 4. Word2Vec Algorithm

C. Algorithms

A wide variety of machine learning algorithms are used in

order to find the best results for paraphrase identification. All

of these algorithms were used with both one hot encoding and

the word2vec model.

a) Logistic Regression (LR): One algorithm used for

paraphrase identification was Logistic Regression which uses

a logistic function to aid in machine learning. This algorithm

is most helpful for binary outputs and categorization. It is used

to identify a clear comparison, or relationship, between two

or more variables. Below given is a general cost function of

logistic regression.

b) Support Vector Machine (SVM): SVM is a non-

probabilistic classifier of data. In other words, when a given

set of data is fed through the algorithm, SVM outputs the

optimum separation to categorize the information. It takes

in the input of the question vector and creates a discrete

classification model of the data that outputs the predicted

value. In SVM, there are also multiple tuning parameters such

as Kernel. Furthermore, there are various functions of Kernel,

including linear, polynomial, and exponential.

c) Neural Networks (NN): The another algorithm that

was used is Neural Networks (NN). Theoretically, Neural

Networks are a universal function approximators. By the

composition of various non-linear activations, they are able

to represent any data distribution. Our neural network model

comprises of a simple 3 layer deep model which takes the

word2vec embedding as an input, a siamese network taking

two vectors representing two sentences as an input and a Long

Short Term Memory(LSTM) network.

Fig. 5. A Neural Network

d) Long Short Term Memeory (LSTM): Recurrent Neural

Network are the class of neural networks which takes the

feedback from previous time step into consideration while

making the prediction for next time step. In sequence process-

ing task like ours, RNN can be effective. Hence, we develop a

model based on LSTM, which is a variant of recurrent neural

network.
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Fig. 6. Our proposed LSTM model

IV. EXPERIMENTAL SETUP AND RESULTS

1) Dataset: The dataset used for classification purpose of

our task is Quora Duplicate Question set which consisted of

over 400,000 potential duplicate question pairs and a binary

value indicating whether or not the questions were duplicate.

The content in the questions spans a wide variety of subjects

due to the public availability of the website. For training the

logistic regression and SVM models, we used 50,000 data

points and 10,000 were used as test data. Whereas to train the

neural network models, we used 320,000 data as training data

and 80,000 as test data.

Fig. 7. A Sample of the Quora Dataset [1]

2) Experimental Setup: To prepare the data for the machine

learning algorithms, we must pre-process our data accordingly.

The first step in pre-processing the data consisted of separating

the potential duplicate question sets into question one, question

two, and a binary value which represents whether or not the

question set is duplicate. Next, everything in the dataset was

normalized to lowercase as this would increase the perfor-

mance of the machine learning algorithms. For paraphrase

identification, special care must be taken in the selection of

the feature set as this can have a profound impact on the

performance of our machine learning algorithms.

A. One Hot Encoding

The first step in this process was obtaining all of the

unique character n-grams from the dataset. This included all of

the unique unigrams, bigrams, and trigrams which were then

added to the feature set. The next step for one hot encoding

was the vector creation process which includes creating two

lists, one for each question set, and appending a binary value

to each of those lists based on if an n-gram from our feature

set matches something in question one or question two. It is

after the vector creation process where our data is finally ready

to be split into both testing and training data.

Fig. 8. Results for One Hot Encoding

B. Words as a Feature Vector

First, the questions from our dataset were filtered to remove

certain punctuation that was believed to negatively impact our

algorithms. After this, the vector creation process occurs which

largely remains the same as the process used for n-grams.

C. Word2Vec

For the pre-processing for the word2vec model, our data

must be converted into LabeledSentence objects and then the

vector dimension space must be defined. The vocabulary is

then created and the word2vec is trained. After this, the vector

creation process ensues. We used 500 dimension hidden layer

for word2vec model which is embedded later as an input

representation.

D. Results From Algorithm

a) Logistic Regression (LR) and SVM models: Figure

8 and 9 shows the result for Logistic Regression and SVM

models using one-hot encoding and word2vec embedding. The

result shows word2vec performs significantly better than one-

hot encoding scheme and SVM performs slightly better than

logistic regression.

Fig. 9. Accuracy Results for Logistic Regression and SVM
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b) Neural Networks (NN): All of the neural network

models are fed with 500 dimensional word2vec embedding.

The hidden layer size used was 128 units with a batch size

of 32 with the model being trained over 15 epochs. This

technique was used using the word2vec model for just words.

Fig. 10. Accuracy Results for Different Neural Networks

V. DISCUSSIONS

Various experiments were performed using different models.

The lowest accuracy obtained was for logistic regression using

a one-hot encoding. The accuracy was around 0.43 while

SVM performed slightly better at 0.45. The sub-par result was

expected as the one-hot encoding is a sparse representation of

input and when the feature space is large the input vector

becomes very sparse and it can’t be processed effectively. In

our case, using N-grams as features, the feature space size was

1300 and using words as features, the feature space size was

around 80000. Hence, the result is attributed to that. Next, we

represented input as word2vec embedding and the result from

the same two models was significantly improved. Word2vec

generates a dense representation of input taking all the context

of a given text into consideration. The accuracy for two models

was around 0.6 and 0.62. The result from various models using

neural networks is shown in figure 10. The highest accuracy

obtained is for the LSTM model. As expected, LSTM model

performed better than other variants of neural networks as they

are more suited for sequence data.

VI. CONCLUSION

Paraphrase identification can be used in many applications.

One of them, we propose in Plagiarism detection. One of the

main problems with plagiarism checkers is they check for

syntactical structures only instead of semantic meaning. Our

model can be used to develop a plagiarism detection system

where a simple rewrite of a text will be flagged as plagiarized.

We have developed a simple application using our model for

this purpose. In conclusion, Various machine learning algo-

rithms were implemented for paraphrase identification tasks.

Specifically, we used Logistic Regression, Support Vector

Machine, and Neural Networks. As expected, recurrent neural

networks (RNN) were found to produce the most accurate

results. Furthermore, we propose that Paraphrase Identification

can be implemented for plagiarism detection effectively and

also developed a simple application for the demonstration

purpose.
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