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Abstract— Q&A forums like Quora,
Stack-overflow, Reddit, etc are highly susceptible
to question pair duplication. Two questions asking
the same thing could be too different in terms of
vocabulary and syntactic structure, which makes
identifying their semantic equivalence challenging.
In this paper, we’ve explored deep learning
methodology of determining semantic equivalence
between pairs of questions using a dataset released
by Quora of more than 400,000 questions pairs
through Machine Learning with Natural
Language Processing. Even if a model cannot
describe exactly the reality, it could be very helpful
if it is close enough, with our model we have tried
to achieve an accurate prediction of semantic
relatedness between common queries Our machine
learning approach is based upon Levenshtein
distance between two sentences and the
sentence-vector encoding using our own unique
Word2Vec model to experiment with a variety of
distance metrics and predict their semantic
equivalence. We compare the standard supervised
classification methods such as Logistic Regression,
KNN and Random Forest with our artificial
neural network (ANN). Our experimental results
show that the artificial neural network with word
embeddings achieves high performance, achieving

an F1-score of 0.6529 with 0.7236 accuracy on the
test set.

Keywords— semantic analysis, duplicate questions,
natural language processing, machine learning, word
embeddings.

I. INTRODUCTION

Quora has a monthly visitor of approximately 300
million users and more than 38 million questions
have been asked till date[1]. It comes in no surprise
that many users ask semantically equivalent
questions. In this study we define two questions as
semantically equivalent if they can be adequately
answered by the exact same answer. In order to build
a high-quality knowledge base, it is important to
ensure each unique question exists on Q&A forums
only once. For example, we’d consider questions like
“What are the best ways to lose weight?”, “How can
a person reduce weight?” and “What are effective
weight loss plans?” These are duplicate questions
because they all have the same intent and should not
exist separately because the intent behind all is
identical.

Understanding semantic relatedness of questions
would allow understanding of much of the
user-generated content on the Q&A forums. Thus,
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detecting duplicate questions could greatly benefit the
community. Quora, infact realized the severe issue
and hence published its dataset for the first time on 27
Feb, 2017 [2], which could be used for machine
learning for data analysis.

II. RELATED WORKS

In [3], a set of features was proposed that, although
well-known in the NLP literature for solving other
problems, had not been explored for detecting
paraphrase or semantic similarity, on noisy
user-generated short-text data such as Twitter.
Support vector machine (SVM) based learning was
applied and used the benchmark Twitter paraphrase
data, released as a part of SemEval 2015, for
experiments. The system delivered a paraphrase
detection F1-score of 0.717 and semantic similarity
detection F1-score of 0.741, thereby significantly
outperforming the then-existing systems, that deliver
F1-scores of 0.696 and 0.724 for the two problems
respectively.[3]

In [4], the main idea was to first vectorize questions
and extract features, train, and predict using machine
learning techniques based on question vectors and
features previously built. They implemented two
approaches to detect if two questions are duplicates.
Different vectorization and feature extracting
methods were used in the two approaches, one based
on the Word2Vec model and TF-IDF score, the other
one is a Neural Network method based on term
frequency. Different classification methods were also
used, for example, KNN, SVM, and Random Forest.
This reached accuracies of nearly 80% in both two
approaches.

Using a dataset of 400,000 labeled question pairs
provided by Q&A forum Quora, a researcher at the
Department of Computer Science, Stanford
University explored a series of deep learning
methodologies for detecting duplicate question pairs:
convolutional neural networks (CNNs), long
short-term memory networks (LSTMs), and a hybrid
model [5]. Each question was passed into a separate
tower of the network with identical parameters and
weights, producing a siamese network. The raw
questions, represented as single-dimensional vectors
of vocabulary indexes, are then converted into
pre-trained words in 6 embedding layer. The
embedding matrix for each question is then passed
through the encoding layer, which converts the word
matrix into a single-dimensional feature vector. The
feature vectors from each of the two independent
networks are concatenated together. Finally, the
concatenated feature vectors are passed through a
Multi-Layer Perceptron that produces the final
output.

Evaluation for extracting various features carried out
which includes the concept of fuzzy wuzzy and
vector distances of the texts was hugely inspired from
the presentation in Pydata, Berlin, Germany by
Abhishek Thakur, regarding the Deep learning model
[6] used in Question duplication analysis.

Overall, it was found that the three deep learning
models significantly out-performed the baselines
across all metrics, but none of the three deep learning
models stood out as being noticeably more expressive
than the others. The LSTM was notable for having
slightly better overall performance than the CNN, but
being significantly faster to train and perform
inference.

In this paper, we have focused on generating our own
unique word2vec model using CBOW, from the
dataset and integrating it with our neural network. By
doing so, in addition to the selected features along
with the word2vec model, the performance and
accuracy of our model showed a significant
improvement compared to previous related works.

III. METHODOLOGY
● System Architecture and Overview
The overall architecture of our system is shown
below. For each question in the pairs, the system
undergoes a series of data preprocessing, feature
extraction and engineering steps. The features from
the question pairs are fed into a feed forward neural
network for training and testing accuracies. Similarly,
the resulting trained model is used to evaluate a new
pair of questions, following the same set of
procedures of preprocessing, feature extraction and
engineering to test for duplication.

Fig 1. System Architecture

● Data Acquisition and Dataset Description
Quora has given an (almost) real-world dataset [7]
consisting of a total of 404,290 question pairs in a
tab-separated format; 255045 negative samples
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(non-duplicates) and 149306 positive samples
(duplicates) with the label of is duplicate along with
every question pair. Positive samples comprise 40%
of the total question pairs. The training dataset
contains valid question pairs , with labels:
• id: unique identifier for the question pair
• qid1: unique identifier for the first question
• qid2: unique identifier for the second question
• question1: full unicode text of the first question
• question2: full unicode text of the second question
• is duplicate: label 1 if questions are duplicates, 0
otherwise.
As a comparison, the test dataset contains 20% of the
total question pairs, but without any “is duplicate”
label as a dataset for conducting further predictions
on. The dataset was analyzed and the distribution was
visualized in a count plot.

Fig 2. Distribution of the total question pairs

● Data Pre-processing
Insignificant columns; ‘id’, ‘qid1’, ‘qid2’ are dropped
from the dataset since these have no contribution in
the learning the semantics of the questions.

1. Word Tokenization
Word tokenization splits a large sample of text into
words where each word is captured and subjected to
further analysis like classifying and counting them for
a particular sentiment.

2. Stopword Removal
Stopword words (such as the, a, an, in) are removed
as we would not want these words taking up space in
our database, or taking up valuable processing time.

3. Stemming and Lemmatization
For grammatical reasons, documents are going to use

different forms of a word, such as organize,
organizes, and organizing. Both stemming and
lemmatization reduces inflectional forms and
sometimes derivationally related forms of a word to a
common base form

● Feature Extraction
The Machine Learning models as anticipated, is
going to take in a lot of numerical values and vectors.
For example, the number of times a word appears in a
piece of text can be considered a feature. Several

features are derived from the input text, and
aggregated on a per-text basis into feature vectors
through Vector Space Modelling. Vector Space
Modelling is being implemented via following
techniques:

1. Word Embedding: word2vec
Word vectors are positioned in the corresponding
vector space such that words that share common
contexts in the body are located near to one another in
the space. These models are shallow, two-layer neural
networks that are trained to reconstruct linguistic
contexts of words. Word2vec [8] takes input from a
very large corpus of text and produces a vector space,
which consists of several hundred dimensions, with
each unique word in the corpus assigned equivalent
vector in the space.

1.1. Continuous Bag of Word Model
CBOW as our Word Model, is predicting the word by
the context. A context may be a single word or
multiple words for a given target word. For instance,
Hope can set you free. So one approach is to treat
Hope, set, you, free as a context and from these words
be able to predict or generate the center word can.

Fig 3: CBOW model

● Feature Engineering
Feature engineering involves extracting information
from the given dataset. Features are divided into four

KEC Conference 2021, April 18, 2021
"3rd International Conference on Engineering & Technology"
Kantipur Engineering College, Dhapakhel, Lalitpur, Nepal

258

ISBN 978-9937-0-9019-3KEC Conference 2021



categories. This involves the working of basic NLTK
mathematics, fuzzywuzzy parameters, Word Mover
Distance and Vector distance.

1. NLTK Library Groundworks
The simple features: len q1, len q2, diff len, len char
q1, len char q2, len word q1, len word q2 and
common words are derived from the dataset.

2. Fuzzy wuzzy Features
Fuzzy String Matching, known as approximate string
matching, uses Levenshtein Distance, which is the
number of primitive operations (insertion, deletion
and substitution) necessary to convert the string into
an exact match, to calculate the differences between
sequences.

3. Word Mover Distance
WMD is used to assess the distance between two
texts, even when they have no words in common. It
uses word2vec vector embeddings of words.

4. Vector distances
Various vector distances: Cosine, Cityblock,
Canberra, Euclidean, Minkowski and BrayCurtis
distances are measured for all the question pairs.
These distances are plotted against common words
which give the similar plot.

Cosine Distance:

similarity = =𝑐𝑜𝑠(θ)
𝐴.𝐵
𝐴| | 𝐵| |

Euclidean Distance:
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Minkowski Distance:

D(X,Y) = (
𝑖=1

𝑛

∑ 𝑥
𝑖

− 𝑦
𝑖| |𝑝 )

1/𝑝

● Supervised Machine Learning
For the validation of feature-engineered parameters,
different supervised machine learning algorithms are
applied, possible along with the study of their
accuracy and results for a few parameters. The
supervised machine learning algorithms under
considerations via scikit-learn library are:

Fig 5. Supervised Machine Learning

● Neural Network Design
Artificial neural networks (ANN) or connectionist
systems are computing systems vaguely inspired by
the biological neural networks and astrocytes that
constitute animal brains. The neural network itself is
not an algorithm, but rather a framework for many
different machine learning algorithms to work
together and process complex data inputs.

Fig 4. Architecture of Neural Network

● Framework of Artificial Neural Network:

After completion of feature engineering, the
parameters extracted are now tested to evaluate how
these parameters affect the performance of our neural
network. 16 best parameters are chosen through the
analysis of correlation heat-map.

Our Artificial Neural Network is designed consisting
of 5 hidden layers. Input layer consists of 16 nodes
that send information to the hidden layer. The exact
artificial neural network of our model consists of an
input layer with 16 input nodes, 5 hidden layers with
8 nodes each for precise result calculation and a
single output node that results 1 or 0 i.e. duplicate or
not duplicate. The nodes in the input layer and the
hidden layers have ReLU as the activation function,
while the output node has sigmoid function as the
activation function. Mathematically, ReLU is defined
as

y = max(0, x).
Often, sigmoid function refers to the special case of
the logistic function and defined by the formula:

S(X) = 1/ (1 + e-x)

Training
We used 20% of the dataset as testing dataset and
remaining 80% as training dataset. Input parameter
are: diff len, common words, fuzz qratio ,fuzz
WRatio, fuzz partial ratio, fuzz partial token set ratio,
fuzz partial token sort ratio, fuzz token set ratio, fuzz
token sort ratio, wmd, cosine distance, cityblock
distance, canberra distance, euclidean distance,
minkowski distance and braycurtis distance. The
batch size is 10 and 30 epochs are used for training of
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our model. Batch size defines the number of samples
that are going to be propagated each time through the
network.

IV. RESULT AND ANALYSIS

● Confusion Matrix
The matrix (table) shows us the number of correctly
and incorrectly classified examples, compared to the
actual outcomes (target value) in the test data. The
simplest classifiers, called binary classifiers, have
only two classes: positive/negative, yes/no,
male/female. Performance of the binary classifier is
summarized in a confusion matrix, for the duplicate
and non-duplicate questions, as shown:

Predicted Values

Actual
Values

is_duplicate 0 1

0 36462 12792

1 8954 20455

Fig 6. Corresponding Confusion Matrix of ANN
Model

Measure Value Derivations

Sensitivity 0.6955 TPR = TP / (TP + FN)

Specificity 0.7403 SPC = TN / (FP + TN)

Precision 0.6152 PPV = TP / (TP + FP)

Negative Predictive
Value

0.8028 NPV = TN / (TN + FN)

False Positive Rate 0.2597 FPR = FP / (FP + TN)

False Discovery
Rate

0.3848 FDR = FP / (FP + TP)

False Negative
Rate

0.3045 FNR = FN / (FN + TP)

Accuracy 0.7236 ACC = (TP + TN) / (P + N)

F1 Score 0.6529 F1 = 2TP / (2TP + FP + FN)

Fig 7. Summary of Confusion Matrix

Accuracy and Loss
In running our experiments, a sample batch size of 30
was used and trained for a total of 10 epochs. Adam
optimization was used with learning rates as shown in
the table below. Binary cross entropy was chosen for
the loss. Across all three of the models of
experiments studied, a similar pattern of convergence
was found. The model accuracy would sharply

increase over the few training epochs, then quickly
flatline after about 13 to 15 epochs. A similar pattern
in the loss was observed, where it decreases for the
first few epochs, then begins to flatten consistently as
the magnitude of the accuracy increases.

Fig.8,9 .Training Loss and Accuracyof ANN

Conclusion
With prior findings from the related works, we’ve
developed our own machine model to simplify the
semantic machine of question pairs. The main
objective was to develop a module to analyze and
identify the questions having the same semantic
meaning while also verifying the accuracy of the
ANN model with some of the supervised machine
model based upon the same set of features. The
resulting model is designed to prevent the duplication
for Q&A forums like Quora and which would be able
to assist mitigation of redundancy in answers to
support a high-quality knowledge base. Using the
machine learning techniques on the dataset, the main
goal was fulfilled with understanding the challenges
in the collection of relevant features from sentences
and designing a system to decide upon the question of
duplication of question pairs, and the semantic
relatedness of sentences from words. In conclusion,
our project is capable of adding values to Q & A
forums and its users as mentioned in the applications.
We’ve achieved almost near accuracy compared to
the related approaches, whilst taking a simpler, more
understandable and generic approach which can be
applicable for fields other than semantic question pair
matching in the field of NLP.

Future Enhancement
We, in the field of statistics and machine learning
tried to develop theoretical models, aiming to predict
the behaviour of a certain process, the idea of the
quote, “All models are wrong, but some are useful” is
that every single model will be wrong, holds for
every machine model, meaning that it will never
represent the exact real behaviour. Having said that,
even if a model cannot describe exactly the reality, it
could be very helpful if it is close enough, where the
areas of further improvement and enhancements for
us are presented as follows:

• Data from multiple Q&A forums
Our only source of question pairs is Quora.
Collecting data from other sources helps to cover
more of the entirety of questions, as one source
cannot cover all the questions. This helps to get the
complete picture of the situation.
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• Perform Part of Speech Tagging
Part-of-speech tagging is harder yet more accurate
than just having a list of words and their parts of
speech, because some words can represent more than
one part of speech at different times, and because
some parts of speech are complex or unspoken. This
is not rare, in natural languages, a large percentage of
word-forms are ambiguous.

• Perform Named Entity Recognition
Classification of named entities that are present in a
text into predefined categories like individuals,
companies, places, organization, cities, dates, product
terminologies etc. is not implemented in the system,
but if performed, it could add a wealth of semantic
knowledge to the content and helps to promptly
understand the subject of any given text.
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