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Abstract

The necessity of the existence of Question Answering (QA) systems becomes evident by considering the fact that the enormous
amount of unstructured data created by humans nowadays, results in ineffectiveness of search engines to provide the exact solution
for a given question. However, an outstanding question answering system requires an outstanding Question Classification (QC) system.
Question classifier is a system that assigns a label to each question. There exist different ways of solving this problem such as rule-based,
machine learning, and hybrid approaches. This paper provides a better solution for QC using machine-learning approaches. Three meth-
ods of feature extraction are proposed in this paper. The First method uses clustering algorithms to partition vocabulary into clusters and
acquires feature vector corresponding to each question using clustering information. The second one suggests a method of extracting
features from questions to dispose of using recurrent neural networks and to use feedforward neural networks, which have the advantage
of learning faster and less need for data, instead. Each question is converted to a feature vector, which is obtained by the Word2vec
method and weighted by tf-idf coefficients. The results of question classification using Support Vector Machine and Neural Network
classifiers indicate the effectiveness of this type of feature vector and based on that, high performance of the proposed QC system.
Finally, the third approach keeps the innovation behind first approach, but it also keeps the fact that we are dealing with a sequence
based type of data into consideration. Eventually, it would be concluded that even with a limited amount of data it is reasonable to take
Recurrent Neural Networks into consideration.
� 2017 Elsevier B.V. All rights reserved.
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1. Introduction

Nowadays, search engines receive keywords and return
some relevant and irrelevant pages to the users, whereas
QA systems were designed to get a natural language ques-
tion or query and retrieve more probable and appropriate
answers. An appropriate answer has some characteristics
such as being concise, comprehensible, and correct. These
answers can be reported as a word, sentence, paragraph,
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image, audio fragment, or an entire document
(Kolomiyets & Moens, 2011). The focus of current QA sys-
tems is on types of questions generally asked by users.

One of the most important modules of a QA system is
question classification, which is the task of assigning a label
to an input question that has been addressed before, using
rule-based, machine learning and hybrid techniques. Rule-
based approaches are implemented by designer defining
some rules (Huang, Thint, & Qin, 2008) often based on
the assumption that natural language can be controlled
by finite definitive rules. However, this assumption is
almost always not completely true (Metzler & Bruce
Croft, 2005); in addition, the process of defining these rules
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are often time-consuming (Sherkat & Farhoodi, 2014) and
does not worth the effort due to the poor performance of
the final system in comparison with machine-learning-
based systems (Mikolov, Kombrink, Burget, Černocký, &
Khudanpur, 2011). On the other hand, machine learning
suggests a better way by learning the data without making
any assumption about the structure of the language (Zhang
& Lee, 2003). Therefore, the whole system can be changed
easily to be ported to another language.

Previously, a popular method of extracting features
from questions was bag-of-words (Laokulrat, 2016), yet
this method has serious downsides. For example, if this
kind of systems receive a training question containing the
word ‘‘cat” and then asked to classify the very same ques-
tion with the word ‘‘cat” being replaced by ‘‘kitten” mis-
classification would be probable. To overcome this
problem we need a mathematical representation of words
like function f to assign each word x to a vector f ðxÞ such
that if x and y are semantically or syntactically close then
f ðxÞ and f ðyÞ are close vectors. A novel representation of
words with aforementioned feature was introduced by
Mikolov et al. named Word2vec (Mikolov & Dean, 2013)
which is applied in this paper in feature extraction phase.
The idea of Word2vec method is that words which are
semantically or syntactically close occur in the same con-
texts with high probability. Therefore, if words w1 and w2

were seen in the same context, then their vectors should
get a little bit closer to each other.

First method introduced in this paper uses clustering
algorithms to cluster words in the vocabulary and convert
each question into a sparse vector.

Second method considers each feature vector as a linear
combination of vectors of the words of the question. For
extracting vector of words, the Word2vec method is
employed. Afterwards, we set the coefficients of previously
mentioned linear combination using the tf-idf method.

Then for classification, we use Multi Layered Perception
(MLP) and Support Vector Machines (SVM). By applying
these two proposed method, an average accuracy of 72.46%
using MLP and 72% using SVM over three question data-
sets was achieved.

Our third proposed method converts each question to a
matrix in which each row represents word2vec representa-
tion of a word. Later, a LSTM network is used for the pur-
pose of classification which in our experiments led to an
average accuracy of 81.77% over three question datasets.

Furthermore, in this paper, we introduce University of
Tehran Question Dataset 2016 (UTQD.2016) which was
gathered from some sort of jeopardy game hosted by Iran’s
official television.

The rest of the paper is organized as follows: In Section 2
we briefly review related works that have been done in the
field of question classification both in Persian and in other
languages. Section 3 describes the Word2vec method. In
Section 4, the proposed methods will be introduced. In this
section, we describe our feature extraction methods, learn-
ing procedure and details of the databases. Further, the
experimental results will be reported. Finally, the conclu-
sion section ends the paper.

2. Related works

A typical pipeline Question Answering System consists
of three distinct phases: Question Processing, Document
Processing, and Answer Processing. Question Processing
phase classifies user questions (also termed as question
classification), derives expected answer types, extracts key-
words, and reformulates a question into semantically
equivalent multiple questions. Reformulation of a query
into similar meaning queries is also known as query expan-
sion and it boosts up the recall of the information retrieval
system. The Document Processing phase retrieves docu-
ments containing keywords in the original as well as
expanded questions, applies ranking algorithms on the
retrieved document set and returns the top ranked docu-
ments. In Answer Processing phase, the system identifies
the candidate answer sentences, validates the correctness
of the answers, ranks them and finally presents the answers
to the user using information extraction techniques (Ray,
Singh, & Joshi, 2010).

Question classification as mentioned can be done using
three main approaches: rule-based (manual), machine
learning, and hybrid approaches. Manual question classifi-
cation (Hermjakob, 2001) tries to match questions with
handcrafted rules to identify question’s answer type. Aside
from the fact that writing these rules are tedious and the
final system often suffers from being too specific (Metzler
& Bruce Croft, 2005), the obvious reason why this type
of system is rare is that the overall performance is not even
close to machine learning based methods (Mikolov et al.,
2011). For a discussion about machine learning methods
outperforming manual methods see (Li, 2002). Machine
learning on the other hand, suggests a relatively easier
method to classify questions; instead of manually writing
the rules, we can learn them from the data and as a result,
this kind of systems can be adapted to new situations with
minimum effort. Because of the fact that hybrid methods
are new and not quite common, in the following a single
hybrid approach will be reviewed.

Machine learning methods are quite diverse; some of
them try to represent questions as a tree. For instance,
Zhang and Lee (2003) proposed to use a kernel function
named tree kernel to enable SVM to take advantage of syn-
tactical structures of questions. Furthermore, another ker-
nel named HDAG is proposed by Suzuki, Taira, Sasaki,
and Maeda (2003) which directly accepts structured natural
language data, such as several levels of chunks and their
relations.

Blunsom, Kocik, and Curran (2006) used a maximum
entropy model with a rich set of syntactic and semantic fea-
tures. They also have observed that hierarchical classifier
performs better in practice.

A two-layered taxonomy has been proposed by Li and
Roth (2002), which contains six coarse-grained and 50



18 M. Razzaghnoori et al. / Cognitive Systems Research 47 (2018) 16–27
fine-grained types. This taxonomy was later used by many
researchers as a benchmark. They have also developed a
hierarchical classifier based on the SNoW learning archi-
tecture. There are primitive features extracted for each
question and on top of these features, features that are
more complex are composed. In some cases, the length of
feature vector is as long as 200,000.

Huang et al. (2008) used two classifiers, SVM and max-
imum entropy model, which performed roughly identical.
In contrast to Li and Roth approach which uses a very rich
feature space they have proposed a compact yet effective
feature set. Each question is represented as a bag of fea-
tures. Features like head word, wh-word, WordNet seman-
tic features for head word, word grams and word shape
feature was used separately and in incremental fashion.

Loni, Khoshnevis, and Wiggers (2011) used features
approximately similar to what Huang et al. proposed.
Although the innovation is that they used a dimensionality
reduction technique similar to Principal Component Anal-
ysis (PCA) named Latent Semantic Analysis (LSA) to
reduce the feature space size to a much smaller one. They
used both SVMs and Back-Propagation Neural Networks
(BPNN) and they found out that BPNN outperforms
SVM.

Hacioglu and Ward (2003) also used SVMs and dimen-
sionality reduction over bag of n-grams feature vector.
Their method tries to use as few linguistic analyses as pos-
sible. In this respect, it is similar to ours.

Mollaei, Rahati-Quchani, and Estaji (2012) started
another trend by using sequence-based classifiers. Condi-
tional Random Fields (CRF) was used by the authors to
classify each token in the question and then maximum vot-
ing to extract a unique label for each question. The goal of
their study was to classify Persian questions and the data-
base used for the study was gathered by themselves. About
70% of the database questions were from the primary and
junior high school materials, and the rest from frequently
asked questions of several websites. An accuracy of
79.8% has been achieved on their working database.

A hybrid question classification method has been used
by Sherkat and Farhoodi (2014). They have defined their
own taxonomy and gathered their own database, including
9500 questions with the help of two Quranic experts. The
overall precision for coarse-grain classes is 80.5%.

Table 1 shows the summary of the related works.

3. Word2vec

In 2013 Mikolov et al. introduced two model architec-
tures named Continuous Bag-of-Words (CBOW) and
Continuous Skip-gram for computing continuous vector
representation of words from very large datasets
(Mikolov & Dean, 2013). These two models are very simi-
lar; CBOW considers a word in the corpus as the target and
tries to correctly classify it given its context while Continu-
ous Skip-gram Model does the inverse and tries to predict
context of a word given that word (Fig. 1). However,
considering the fact that training this model is intractable
for huge amounts of text because of the normalization fac-
tor of the softmax function, Mikolov et al. proposed an
extension called Negative Sampling (NEG) that can
improve both quality and training speed of the model.

Eventually we need to optimize

logrðv0wo

>vwI Þ þ
Xk

i¼0

EwiPnðwÞ½logrð�v0wi

>vwI Þ� ð1Þ

where PnðwÞ, wI and vx are respectively a noise distribution,
input word and vector associated with word x. The task
here is to distinguish the target word wo from wi which
has been drawn from noise distribution, using logistic
regression where there are k negative samples for each data
sample and this can be done easily using optimization
methods like Stochastic Gradient Descent (SGD).
4. Proposed method

In this section, first, we will describe our feature extrac-
tion methods, which are the core ideas of the paper, in
details. Then, we will take a look at classification method
and the classifiers. Moreover, we will exhibit our methods
with some examples in this section. Fig. 2 shows the pro-
cess of converting questions to vectors in our proposed
methods.

4.1. Feature extraction

In order to obtain a high performance classification sys-
tem, it is necessary to extract valuable features. The idea
behind our feature extraction methods is probably the most
important part of this paper. In our system, at first, word
vectors of vocabulary words are calculated using Word2vec
algorithm. Word2vec initializes word vectors with random
vectors. Next, for every word and its context, which can be
defined based on the application, the algorithm tries to
increase the cosine similarity between them. Thus by giving
Word2vec, huge amounts of text data, it will be able to
distribute vectors of words in the space such that their
closeness is proportional to relevance of their correspond-
ing words. It is not completely pointless to indicate that
vocabulary is the words with repetition more than some
threshold in the massive text data with which Word2vec
was trained. In this step, three different feature extraction
techniques are proposed. The first technique tries to cluster
word vectors into c clusters while c is a hyper-parameter
that is to be learned. After performing various experiments
in which all parameters are fixed except c and comparing
results, an approximation of c can be found. Then for every
question, a vector is created such that ith element of the vec-
tor demonstrates how many words of the question are in
the ith cluster. As the results suggest, this representation
of questions is not promising enough, probably because
of the sparsity of the feature vectors. Some sample of
clusters and their members are shown in Table 2.



Table 1
Summary of related works.

Reference Language Database Feature extraction technique Classification method Accuracy
(%)

Hermjakob (2001) English Penn treebank with
an additional
treebank of 1153
words

POS tags, lexical feature – –

Li (2002) English UIUC Words, POS tags, chunks, named
entities, head chunks, semantically
related words and over these primitive
features a set of operators to compose
more complex features

SNoW 91

Zhang and Lee (2003) English UIUC Bag-of-ngrams NN 79.8
Zhang and Lee (2003) English UIUC Bag-of-ngrams NB 83.2
Zhang and Lee (2003) English UIUC Bag-of-ngrams DT 84.2
Zhang and Lee (2003) English UIUC Bag-of-ngrams SNoW 86.6
Zhang and Lee (2003) English UIUC Bag-of-ngrams SVM 87.4
Hacioglu and Ward (2003) English UIUC Named entity, n-grams SVM 82.0
Hacioglu and Ward (2003) English UIUC n-grams SVM 80.2
(Suzuki et al., 2003) English NTCIR-QAC1 Words, named entity, semantic

information
SVM with HDAG kernel 88.0

Blunsom et al. (2006) English UIUC Lexical and syntactic information:
language model, POS tags, chunks,
named entity tags, WordNet for target
and quoted strings

ME (maximum entropy
model)

86.0

Ray et al. (2010) English UIUC Words, named entity, semantic
information

– 91.0

Huang et al. (2008) English UIUC wh-words, head word, WordNet
semantic feature for head word, n-
grams, word shape

SVM and ME 89.0

Mollaei et al. (2012) Persian Almost Primary
and junior high
school

Question informer, words, Question
Words, N-gram, POS tags, position of
tokens

CRF 85.31

Sherkat and Farhoodi (2014) Persian Quranic Question POS tags, Lemm, normalized word,
length of question, n-gram,
VerseFinder, special word detection

SVM with defined rules 75.92

Loni et al. (2011) English UIUC Bigrams, word-shapes, wh-words, head-
words, related words, hypernyms

SVM and BPNN 93.8
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The second method is based on the assumption that lin-
ear combination of the word vectors of the question words
can be a reasonable feature vector. However, we first need
to obtain these coefficients. Term Frequency–Inverse Doc-
ument Frequency (tf-idf) weighting was chosen to deal with
this problem. The tf-idf measure is computed using Eqs.
(2)–(4).

tf ðtÞ ¼ logðcountðtÞÞ ð2Þ

idf ðtÞ ¼ log
N
nt

� �
ð3Þ

tf idf ðtÞ ¼ tf ðtÞ � idf ðtÞ ð4Þ
where count(t), N and nt are respectively the number of
times term t occurred in the massive text data, the total
number of documents in corpus and the number of docu-
ments containing term t. Thus, feature vector for question
q represented by the words w1;w2; . . . ;ww would be
ta1v1 þ ta2v2 þ � � � tawvw where ti and vi are respectively the tf-
idf and the word vector of the ith word. The a parameter
is the tf-idf factor which specifies the tf-idf efficacy.
To acquire word vectors and tf-idf weightings of words/
phrases inside the dictionary first we needed a large amount
of text data, which was extracted from Wikipedia. In addi-
tion, it is worth pointing out that a statistical algorithm
was used to aggregate words with co-occurrence more than
some threshold to form phrases. Next, we fed the output of
the aforesaid algorithm to Word2vec and tf-idf algorithms
to obtain word vectors and tf-idf weights. Finally, in
‘‘Question to vector” section all questions were converted
to their corresponding vectors (Fig. 2). For example, for
the aforementioned question (‘‘Can a robot write a sym-
phony?”) there exist a d dimensional vector for each and
every word in this question. Therefore, each of the six vec-
tors is multiplied by its corresponding tf-idf coefficient
raised to the power of tf-idf factor and then the results
are added up to form the final feature vector of the ques-
tion (Fig. 3).

Finally, the thirdmethod uses the exact sameword embed-
dings calculated in the second method. However, here, word
embeddings are not added up. Instead, aftermultiplying tf-idf
weights, they are concatenated and formed a matrix in which



Fig. 1. Continuous bag of words (left) and continuous skip-gram (right) models.

Fig. 2. The process of converting questions to vectors.

Table 2
Some samples of clusters and their members.

No. of cluster Some of members

3 Area, North, Eastern, South, Northern, Western, West, Areas, East, Mountain, Southern, River, Islan, Region, . . .
5 Could, Saw, Wanted, Put, Stayed, Read, Lifted, Accepted, Paid, Sat, Called, Took off, Couldn’t, Remained, Puts, Hits, . . .
7 That, It, Self, Too, However, Those, But, Just, They, Must, All, If, Such, Us, Even
10 Government, Parliament, Law, Election, Member, Laws, Approval, Sentence, Constitution, United, United Nations, . . .
15 University, Activity, Scientific, Sciences, Field, Art, Education, Association, Medical, Researches, Engineering,. . .
28 Iran, Country, USA, World, Germany, Countries, France, Europe, Russia, Soviet, India, Britain, China, . . .
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each row represents a word. Therefore, the whole dataset
could be represented as a three dimensional tensor.

4.2. Classification

First, question datasets were split into two parts includ-
ing training set and test set. Then a classifier was all we
needed to obtain a QC system. In the first and second
methods, we used both SVM and Multi-Layer Perceptron
(MLP) with different parameters for classification. Long
Short Term Memory (LSTM) was used as a fair deputy
of RNNs in the third method. An LSTM network is a net-
work containing several LSTM cells as its hidden layer in
which the first LSTM cell non-linearly encodes input vector
into new space and while data flows through cells to reach
the last cell it gets encoded non-linearly over and over



Fig. 3. The process of converting question ‘‘Can a robot write a symphony?” to its corresponding feature vector.
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again till it appears at the output. The main reason behind
choosing LSTM networks was, as the name suggests, their
remarkable potential to remember past terms and their
exceptional results in practice. Fig. 4 shows LSTM network
input.

4.3. Introduction of UTQD.2016

Dataset UTQD.2016 contains 1175 Persian questions,
which are manually gathered and labeled trying to simulate
Fig. 4. LSTM netwo
real world conditions by gathering them from a jeopardy-
like game. Number of questions in each class is shown in
Table 3.

5. Experiments

There are different taxonomies for question classification
task. For example, Hermjakob (2001) can be mentioned as
the biggest taxonomy including 180 coarse-grained types.
Additionally, we should mention the taxonomy of Li and
rk input tensor.



Table 3
Number of questions in each class of UTQD2016.

Class Number of questions

Abbreviation 70
Entity 129
Description 160
Location 198
Human 259
Numeric 216
List 36
Yes/No 107
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Roth (2002) including six coarse-grained and 50 fine-
grained types. The aforementioned taxonomy is represented
in Table 4. Metzler added two coarse-grained types to this
table called list and yes/no.

Adding two more Coarse-grained types can lead to a
better coverage and a better performance. Thus, Jooya tax-
onomy (Jazani & Sajedi, 2017) is slightly different from
Metzler. Checking Questions and their respective classes
led to deletion of fine-grained types that had not been
occurred. In other words, Jooya taxonomy includes eight
coarse-grained types and 59 fine-grained types. Details of
Jooya taxonomy are shown in Table 5.

We took advantage of using three data sets. Dataset
number one was UTQD.2016 while dataset number two
contained 5452 questions which were translated from an
English question dataset, and dataset number three
included 5000 questions.

The results of different performed tests are reported in
the following tables. The parameters mentioned in the
tables are as follows:
Table 4
Question classification taxonomy of Li and Roth (2002).

Coarse-grained Fine-grained

Abbreviation Abbreviation-Expression
Entity Animal-Body-Color-Creative-Currency-Disease/Medicine-L

Sport-Substance-Symbol-Technique-Term-Vehicle-Word
Description Definition–Description–Manner–Reason
Location City-Country-Mountain-Other-State
Human Group-Individual-Title-Description
Numeric Code-Count-Date-Distance-Money-Order- Other-Period-Pe

Table 5
Question type taxonomy of Jooya (Jazani & Sajedi, 2017).

Coarse-grained Fine-grained

Abbreviation Abbreviation
Existence Animal, Body, Color, Effect, Disease, Event, Food, Instrum

Method, Machine, Word, Other, Sura
Description Description, Definition, Case, Reason
Location City, Country, Mountain, State, Other, River, City, Contin
Human Description, Group, Individual, Title, Other
Numeric Code, Count, Date, Distance, Money, Order, Period, Perce
List List
Yes/No Yes/No
– Lambda: L2 regularization parameter.
– Tf-idf factor: Power to which tf-idf coefficients are
raised.

– Gamma: The inverse of the radius of influence of sam-
ples selected by the model as support vectors.

– C: the complexity of the model; if C is set to a high value
the model tries to classify all the training examples cor-
rectly by giving model freedom to select more training
samples as support vectors.

5.1. Evaluation of the first method

Although comparing to the second method, the first
method sounds disappointing, we performed some experi-
ments to visualize the results and the result are shown in
Table 6. A hasty look at the table can lead us to a conclu-
sion that accuracy is directly proportional to the number of
clusters and inversely proportional to the number of nodes
in hidden layer. However, there are certainly boundaries
for increasing and decreasing them; as it is obvious that
extremely small numbers of nodes in hidden layer cannot
code the information and if number of clusters is set to
number of words in vocabulary the method would be
bag-of-words.

5.2. Evaluation of the second method

The results in Table 7 show that tf-idf factor is an acute
parameter that should be tuned carefully. From the results,
we observed that higher amounts of tf-idf factor can cause
overfitting and lower amounts of that can cause lower
accuracy. Moreover, it can be observed that a small num-
anguage-Event-Food-Instrument-Letter-Other-Plant-Product-Religion-

rcent-Speed-Temp–Size–Weight

ent, Language, Letter, Plant, Product, Religion, Sport, Material, Symbol,

ent, Monument, Organization, Avenue, Waterfall, Ocean

nt, Speed, Temperature, Size, Weight, Other



Table 6
Results of the first method using MLP classifier.

Number of clusters No. of nodes
in hidden layer

No. of nodes in
output layer

Lambda No. of iterations Dataset Train accuracy Test accuracy

100 25 8 0.5 2000 1 74.3 55
100 25 8 0.5 2000 2 53.9 46.9
100 25 6 0.5 2000 3 66.9 60.5

100 50 8 0.5 2000 1 73.7 54.8
100 50 8 0.5 2000 2 53.4 47.4
100 50 6 0.5 2000 3 64.9 62.2

100 75 8 0.5 2000 1 70.3 53.8
100 75 8 0.5 2000 2 51.8 47
100 75 6 0.5 2000 3 62.6 59

200 25 8 0.5 2000 1 87.2 65.8
200 25 8 0.5 2000 2 67.6 58.2
200 25 6 0.5 2000 3 73.3 66.4

300 25 8 0.5 2000 1 92 66.4
300 25 8 0.5 2000 2 73.2 60.8
300 25 6 0.5 2000 3 78.2 70.1

Table 7
The results of the experiments performed on a four-layered MLP.

No. of nodes
in input layer

No. of nodes in
1st hidden layer

No. of nodes in
2nd hidden layer

No. of nodes in
output layer

Lambda No. of
iterations

Tf-idf
factor

Dataset Train
accuracy (%)

Test
accuracy (%)

150 60 20 8 7 2500 1 1 98.9 70.1
150 60 20 8 7 2500 1 2 95 58.8
150 60 20 6 7 2500 1 3 95.2 72.6

150 100 20 8 7 2500 1 1 98.8 71.8
150 100 20 8 7 2500 1 2 99.2 59.1
150 100 20 6 7 2500 1 3 99.5 73

150 150 20 8 7 2500 1 1 98.9 72.3
150 150 20 8 7 2500 1 2 99.4 61.8
150 150 20 6 7 2500 1 3 99.6 74.5

150 150 20 8 7 2500 0 1 77.6 69.8
150 150 20 8 7 2500 0 2 77.8 66
150 150 20 6 7 2500 0 3 80 74.5

150 150 20 8 7 2500 0.5 1 98.7 69.5
150 150 20 8 7 2500 0.5 2 99.1 65.6
150 150 20 6 7 2500 0.5 3 98.2 75.3

150 150 20 8 7 1000 0.5 1 80.7 66.8
150 150 20 8 7 1000 0.5 2 80.5 63.9
150 150 20 8 7 1000 0.5 3 82.8 74.1
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ber of nodes for first hidden layer is not good enough and a
higher number of nodes in this layer usually leads to a bet-
ter accuracy; Nonetheless, there exists an upper bound for
the number of nodes in the second layer. In our experi-
ments, a satisfying range was between the number of nodes
in the next layer and the number of input nodes. The aver-
age accuracy obtained is 71.2% classifying the questions of
three datasets.

Considering Table 8, we can jump to the conclusion that
higher Word2vec vector sizes can lead to higher accuracy
of the overall system. Furthermore, it can be seen that
three-layers MLP performs slightly better than
four-layers MLP in this task. The average accuracy is
72.46% on three data sets.

Table 9 also supports our hypothesis about higher
word2vec vector sizes being better for the accuracy of the
system. The values of Gamma and C are obtained experi-
mentally. The average accuracy on three datasets is
72.01%.

It is concluded from the data reported in the tables
above that the third data set is the simplest dataset and
the second dataset is the most intricate one. The reason
behind data set number 2 being so difficult is that it
includes questions that are translated from another



Table 9
Results of experiments performed using the SVM classifier.

Feature vector size C Gamma Tf-idf factor Dataset Train accuracy (%) Test accuracy (%)

150 5 0.0003 1 1 94.1 71.7
150 5 0.0003 1 2 83 65
150 5 0.0003 1 3 88 76.2

150 5 0.0003 1.5 1 99.1 50
150 5 0.0003 1.5 2 99 50
150 5 0.0003 1.5 3 99.5 67.3

150 5 0.0003 0.5 1 69.3 66
150 5 0.0003 0.5 2 61.3 59.7
150 5 0.0003 0.5 3 70.7 69.2

150 5 0.003 0.5 1 90.8 72.1
150 5 0.003 0.5 2 79.6 67.4
150 5 0.003 0.5 3 84.7 76.6

50 5 0.003 0.5 1 89.2 72.1
50 5 0.003 0.5 2 75.2 63.3
50 5 0.003 0.5 3 82.7 74.4

Table 8
Results of the experiments performed on a three-layered MLP.

No. of nodes
in input layer

No. of nodes
in hidden layer

No. of nodes
in output layer

Lambda No. of
iterations

Tf-idf factor Dataset Train
accuracy (%)

Test accuracy (%)

150 20 8 5 2500 0.2 1 91 71.3
150 20 8 5 2500 0.2 2 77.5 66
150 20 6 5 2500 0.2 3 83.3 75.4

150 79 8 5 2500 0.2 1 93.1 73.4
150 79 8 5 2500 0.2 2 88.8 68
150 79 6 5 2500 0.2 3 89.1 76

150 150 8 5 2500 0.2 1 92.8 72.6
150 150 8 5 2500 0.2 2 75.8 58.2
150 150 6 5 2500 0.2 3 67.1 57.1

50 79 8 5 2500 0.2 1 89.7 71.1
50 79 8 5 2500 0.2 2 83.7 64
50 79 6 5 2500 0.2 3 85.9 74.5

50 29 8 5 2500 0.2 1 88.9 68.5
50 29 8 5 2500 0.2 2 75.2 62.9
50 29 6 5 2500 0.2 3 81.9 73.6
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language and translator is not perfect. The classifiers which
were used in this method, perform approximately
identically.

We included confusion matrices of the best three-layer
MLP classifiers in Table 10. The row shows the predicted
classes and the column are actual classes. As the results
show first five classes in dataset No. 2 are misclassified with
each other. Also class 2 in dataset No. 3 is misclassified by
other classes.

5.3. Evaluation of the third method

Recurrent neural networks are obviously computation-
ally more expensive than their feedforward peers. There-
fore, we were compelled to face the fact that grid search
with all these parameters was not an option. As a result,
a rather linear manner of tuning parameters was chosen.
In other words, one parameter was tuned while the other
parameters were fixed. After finding an optimum for a
parameter, that optimum value was used as a fair represen-
tative of that parameter in all of the experiments that were
conducted later.

There are a few observations about Table 11 which we
would like to point out:

1. Higher feature vector sizes do not necessarily imply
higher accuracy. In our case, both 400 and 800 feature
vector sizes led an accuracy of 73.8% which was higher
than the others and 400 was chosen because of it being
more efficient. Additionally, we should probably men-
tion that results of the third dataset was put first due
to the fact that we used the third dataset to deal with
the size of the feature vector and once it was fixed all
the other experiments were performed with it.



Table 10
Confusion matrices of the best classifiers obtained in Table 11.

Table 11
Results of experiments performed using the RNN classifier on dataset no. 3.

Feature vector size LSTM cell size Number of LSTM cells Tf-idf factor Train accuracy (%) Test accuracy (%)

50 40 3 1 69 66
100 40 3 1 73 67
150 40 3 1 74 67
200 40 3 1 71 66
250 40 3 1 79 73
300 40 3 1 79 68
400 40 3 1 80 74
600 40 3 1 77 69
800 40 3 1 86 74
1000 40 3 1 85 71
400 5 3 1 69 64
400 10 3 1 55 56
400 20 3 1 72 70
400 40 3 1 75 70
400 60 3 1 81 76
400 80 3 1 80 76
400 80 1 1 84 73
400 80 2 1 87 78
400 80 4 1 85 75
400 80 6 1 79 70
400 80 2 0 92 80
400 80 2 0.2 92 79
400 80 2 0.5 95 85
400 80 2 1 88 79
400 80 2 2 72 67
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2. There is no obvious connection between the LSTM cell
size and test accuracy. However, it can be concluded
that a limited number of neurons cannot accommodate
this much information.

3. The connection between the number of LSTM cells and
test accuracy of the system is more interpretable.
Clearly, putting a great number of LSTM cells is not
the best idea, since it can increase the number of param-
eters drastically and cause the learning to be more labo-
rious. On the other hand, shallow networks can be far
too feeble to describe data. However, this is not some-
thing that can be easily recognized when it comes to
intricate high-dimensional data. Therefore, conducting
some experiments with a limited number of LSTM units
where necessary.

Although Table 12 shows fairly the same information
about the hyper-parameters as Table 11 does, there are
minor differences. First of all, the overall accuracy of the
system is lower which suggests that dataset number two
is also more challenging for the third method and our
hypothesis about the degree of difficulty of datasets is sup-
ported. The number of LSTM cells is increased to twice as
many as before which means that we now have a deeper



Table 12
Results of experiments performed using the RNN classifier on dataset no. 2.

Feature vector size LSTM cell size Number of LSTM cells Tf-idf factor Train accuracy (%) Test accuracy (%)

400 5 3 1 34 32
400 10 3 1 44 43
400 20 3 1 68 66
400 40 3 1 70 63
400 60 3 1 76 69
400 80 3 1 63 60
400 60 1 1 60 53
400 60 2 1 34 34
400 60 4 1 73 65
400 60 6 1 48 44
400 60 4 0 84 77
400 60 4 0.2 83 77
400 60 4 0.5 75 70
400 60 4 1 62 58
400 60 4 2 25 28

Table 13
Results of experiments performed using the RNN classifier on dataset No. 1.

Feature vector size LSTM cell size Number of LSTM cells Tf-idf factor Train accuracy(%) Test accuracy(%)

400 5 3 1 77 60
400 10 3 1 90 66
400 20 3 1 94 75
400 40 3 1 98 79
400 60 3 1 99 78
400 80 3 1 98 79
400 40 1 1 97 73
400 40 2 1 99 77
400 40 4 1 96 82
400 40 6 1 93 75
400 40 4 0 99 83
400 40 4 0.2 99 78
400 40 4 0.5 99 82
400 40 4 1 98 82
400 40 4 2 84 69
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network which can remember a great deal of linguistic
intricacies. As a result, the network will handle the tf-idf
role by itself and the optimum value for tf-idf factor is zero.

Table 13 also shows that deep LSTM networks do not
require tf-idf to specify important terms and are able to
Table 14
Confusion matrices of the best RNN.
manage it themselves. The best accuracy reported in
Table 13 is only one percent lower than the best accuracy
reported in Table 11 which can be interpreted in two ways:
first, it can be assumed that even the number of questions
in the first dataset is quite sufficient for LSTM networks
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with this depth to be trained; second, we can jump to a con-
clusion that the gap of intricacy between the third and the
first datasets is due to importance of considering the
sequential nature of the questions.

There were parameters which were chosen to be fixed to
a reasonable value during the whole experiments. These
fixed values were estimated after performing some initial
experiments. Some of these parameters are as follows:

� Learning rate: 1E-3.
� Batch size: The number of questions which were shown
to the network; was set to 420 for dataset number 3 and
320 for the other two. The reason behind that is the issue
of imbalanced classes which were overcome by picking
an equal number of samples from each class in a random
manner to form a batch. As a result, it was better to
choose a multiple of the number of classes for batch size.

� Number of iterations: 3000.

We included confusion matrices of the best RNN classi-
fier in Table 14. The row shows the predicted classes and
the column are actual classes. As the results show first five
classes in dataset No. 2 are misclassified with each other.

6. Conclusion and future work

In this paper, some methods for question classification
based on Word2vec vector representation, which can cap-
ture a large number of precise syntactic and semantic rela-
tionships, were introduced. We observed that the effect of
tf-idf weighting on improving the accuracy is significant,
but the tf-idf factor should be carefully tuned to acquire
better results. We have reached satisfactory results consid-
ering the fact that these questions were designed to be hard
to answer even for humans. In the future, we intend to
invent another feature extraction method based on Word2-
vec and dimensionality reduction techniques that can pre-
serve sequence order. This technique could be as well
used in question classification.
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