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Abstract- In recent years, Question Answering Systems
(QASSs) have been known as one of the most significant
tools to access information. QASs are search engines that
can return a short and accurate answer for each question
in natural languages. The answer to the question that
asked in such a system could be a document, a paragraph,
a sentence, etc. In this paper, an approach is proposed to
optimize the performance of web-based QASs for
answering questions in Persian. It has been considered a
Persian Multi-Objective QAS that would achieve the
most probable answer from the documents that has been
retrieved by the standard search engine. Various features
can be extracted from the text, through the ranking
process. Each of them examines the text from a
perspective, but changes in the values of them are not
consistent with each other; therefore, it is needed to use a
method that considers all these views. In this regard, three
different aspects (lexical, contextual and syntactical) of
the text are considered.

Because evolutionary algorithms are appropriate for
issues that have a large search space and texts can be
analyzed from various aspects, the proposed approach
uses NSGA-Il as a Multi-Objective Evolutionary
algorithm (MOEA). We have used a standard dataset and
web data for assessing our system. Comparing the
obtained results from the proposed approach with other
existing systems, reveals that it yields considerable and
effective results.

Keywords: Question Answering System, NSGA-II,
Natural Language Processing, Multi-Objective Problems,
Persian Language.

1. INTRODUCTION

With the ever-increasing amount of information in the
recent decades, finding the needed information from a
mass of web data, has been more complex. Therefore, the
development of the Internet has made it possible to access
information easily and has allowed each user to be an
information producer. “Information is power”, but it can
be confusing if we cannot find the beneficial information

[1].
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Regarding this purpose, there are automated tools for
accessing information. Current information retrieval (IR)
systems return a limited number of documents based on
one or a few keywords (query) that a user entered. These
systems have some big challenges. For instance, users
usually do not have the skill of selecting the main
keywords of their questions, so they enter them
completely. In addition, it is usually not easy for users to
convert their questions into the suitable keywords, as they
are not expert. Besides, entering a few keywords is not
adequate for determining the exact purpose of user, hence
sometimes such conversion is not possible [2].

In most cases, the user may not be able to enter the
suitable query in the system, even if he/she is sure that
the required information exists in a document in the texts
collection. Moreover, users are looking for answers to
their questions, while these systems return some
documents that probably contain the answer. So, the user
has to read them completely to find the target answer.

Although there is a steady progress in the efficiency
of present search engines, what is not widely known is
that a fundamental feature is missed in them, which is
deduction capability. This feature can be used to answer a
query using information from different parts of the
knowledge base. Whereas, QAS is a system that has a
deduction capability [1].

Unlike IR systems, the goal of QASs is to
communicate directly via natural language. So, they get
the users question in natural language and give the
accurate response [2] [3]. Accordingly, such systems
must deal with more complicated NLP techniques.
Furthermore, it is said that QASs are recognized as the
improved version of usual search engines [4]. For this
purpose, the importance of the linguistic analysis at
various levels is undeniable. Generally, these systems can
be assessed from different perspectives; e.g., basis of
answers, domain, and the interviewers’ nature. To select
the answer from a set of possible options, you need to
rank them, so that the score of each, is calculated based
on a set of features. [5]. Since there are many types of
features for prioritizing texts, this process can be done for
each type separately. Thus, it can be considered as a



multi-objective optimization problem, which aims to find
the right answer from all of these results.

Evolutionary algorithms can provide solutions which
are near to the optimum in reasonable time for large-scale
optimization problems [6]. These techniques are intuitive
population-based search procedures that include random

variability and selection operators. Recently, these
approaches are used widely to optimize many engineering
systems [7] [8] [9] and also many attempts have been
made to introduce new evolutionary algorithms [10] [11].

In this paper, an approach to optimize the
performance of Persian multi-objective QAS (PMOQAS)
is proposed, which consists of four main stages and
analyzes the text from three dimensions. For each of
them, the predefined text features are extracted and the
objective functions of the NSGA-II algorithm will use the
combination of them. Our proposed approach selects the
most suitable answer for the user’s question from the
retrieved documents by the web search engine. The
experiments proofs that proposed method has achieved
acceptable results in comparison with the existing QASs.

This paper is structured as follows. Section 2 gives an
overview of QASs and introduces some related works in
this area. In Section 3, the structure of the QAS s
described. Section 4 presents evaluation metrics and
datasets. Section 5 is about experimental results. Finally,
Sections 6 and 7 provides the conclusions and future
works, respectively.

2. RELATED WORKS

Green et al. and Woods et al. proposed the first QASs
which are BASEBALL [12] and LUNAR [13],
respectively. Both of them were restricted-domain and
using natural language questions, they introduced a
structured database and analyzed questions based on a set
of patterns, that were expected to happen in the input
[14].

Another method which has been used to extract
answers are statistical methods, because the web contents
include many paraphrases and its multilinguality is
constantly increasing. Echihabi et al. proposed a
statistical approach that scores a given sentence and a its
substring, which is probable to be the answer, according
to the query [15].

Rinaldi et al. presented a QAS that was domain-
specific, and by using paraphrases, in a collection of
technical documents finds answers [16].

Previous efforts on feature engineering task tried to
select answers automatically as an alternative to manual
rule definition [17] [18] [19]. Severyn et al. defined a
method for automatically learning complicated patterns
such as relational semantic structures of questions and
their related answer texts [18]. This approach derived
trees from the questions’ syntactic trees, and used
automatic classifiers to provide texts connected by
relational tags. Severyn et al. proposed a supervised
method which learns a model for re-ranking, by
exploiting structural relationships between each question
and its probable answers [19]. Moschiti et al. tried to re-
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rank answers using linguistic kernels and supervised
discriminative models, which learn the suitable ranking
from examples [20]. They defined four features: N-gram,
bag-of-words (BoW), syntactic chunks and NP-VP-PP
groups. Hele et al. presented a ranking method based on a
statistical language model using question type features,
keywords and a mathematical model for answer
extraction [21].

Moreda et al. examined the influence of using two
features: WordNet and semantic roles, in an open-domain
system for extracting answers [22]. Khodadi et al.
proposed a Genetic Programming-based method for this
purpose [5]. In another research Khodadi et al. proposed a
method that search among sentences of retrieved
documents using Memetic algorithm [23]. Atkinson et al.
ranked answers of a specific type of questions (How-To
questions) using an evolutionary model in a community
question answering system [24]. Their method combines
clustering techniques and evolutionary algorithms to rank
answers from user-generated contents in web. In another
study, Figueroa et al. tried to answer factoid questions
using Genetic algorithm for finding intended N-grams
[25].

Tohidi et al. provided a Multi-Objective QAS [26]. In
the ranking process, some text features were extracted,
that each of them examined the text from a perspective.
As changes in the values of their features were not
consistent, the approach that consider all these views, was
used. Zhang et al. used question features to determine the
answer type and answer features intended by the user
[27].

Yoon et al. used intent keywords in questions to find
similar ones in a question answering database, then the
users answer was produced according to the answers of
these similar questions [28]. De et al. assigned a topic tag
to each keyword in the query and the purpose of the
question was inferred using rules based decision on the
tags set in it [29]. Both et al. presented an approach
driven by a question answering vocabulary core that was
provided by domain-specific communities to existing
ontologies [30].

Croce et al. merged kernels of dependency tree with
lexical similarities to classify questions [31] and Yu et al.
used co-training style semi-supervised learning for
question classification [32].

Yu et al. defined a medical definitional QAS called
MedQA that analyze lots of electronic documents
automatically to generate coherent and brief answers for
definitional questions [33]. Furthermore, Hazrina et al.
showed that out of 13 types of the known ambiguities,
less than half of them had been addressed by the previous
research successfully [34].

Unfortunately, up to now, very little research has
been done on question answering systems for Persian
language. So, we hope this research will be one of the
first steps in this direction.
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Figure 1. Structure of our proposed approach

3. STRUCTURE OF OUR PROPOSED QAS

The main structure of the proposed approach is shown
in Figure 1. Although some words (Stop words) such as
auxiliary verbs, adverbs and etc. are used frequently, they
are of little importance and in pre-processing step, we
have omitted them using a predefined list of these words.
Then, if they occur in the text, they are deleted from the
document. This approach improves the processing quality
and increase the speed of the process by reducing the
computational load.

Retrieved Sources is an important step, that extracts a
texts set that contain probable answers from retrieved
documents. For web-based QAS, it is possible to use the
web search for extracting passage, instead of processing
the text of all returned documents completely.

It has been considered based on using snippet that
search engines generate and process them [35].
Therefore, it can speed up the process.

As, QASs should work real-time, the main goal of this
paper is optimizing the performance of QASs without
complicating them. Besides, some features have been
chosen to analyze text in three levels.

In order to maximize the system performance, three
objectives are defined for the multi-objective algorithm
that categorize the selected features in three groups which
are Lexical, Syntactical and Semantic feature, as shown
in Figure 2.

In the Feature Extractor step of our proposed
approach, these features from text are extracted.

s
« 1: Uni-gram similarity

Lexical « 2: Bi-gram similarity
« 3: Uni-gram similarity in cut part
””””””””” k. 4: Bi-gram similarity in cut part
. | « 5: Stem similarity
Syntactical { « 6: Stem similarity in cut part
o p
Semantic : 7 S s!m!lar!ty .

« 8: Synonym similarity in cut part

’ -

Figure 2. Three groups of features for text ranking [26]

In the ranking process step, the most probable answer
from retrieved resources is found using NSGA-II and
doing a systematic search. The chromosome model which
has 3 genes, is presented in Figure 3. They indicate the
sentence number | and two cut points C; and C; in this
sentence, which includes N words.
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Figure 3. Chromosome model [26]

¢ | ¢ |

The initial population size of NSGA-II depends on the
retrieved text’s size and here it is considered as 10% of
the whole search space, which its members are selected
randomly. In general, all possible parts of all sentences
form the total search space. Further, for each
chromosome in implementation, three fitness functions
should be calculated as Equations (1), (2) and (3) [26].

w f (D)™ +w, F(2)7 4wy f (3)™ +w, f(4)™ (1)
ws f(5)% +wg f (6)” )
w, f(7)% +wg f (8)* @)

where, f is short form of ‘feature’ and the number in the
parentheses is its number in Figure 2. The 1st fitness
function analyses a text the lexical view, the next one is
for the syntactic perspective, and the last function is
related to the text’s semantic [26].

As mentioned before, each chromosome is related to a
specific part of the text, which its genes address it
directly.

If the first Pareto front of the final result contains
more than one individual, the one that have the lowest
number of words in cut part is selected, as it is more
likely to be the correct answer and would be more
accurate.

In our proposed approach, operators are used in
parallel. It means that two operators separately select
their chromosomes from the total population and
simultaneously. Here, in the crossover operator, the
second and the third genes in one chromosome switch
with the same genes in the other one, which means that a
new cut part of the selected sentence will be analyzed.

In each execution of the crossover operator, if the
generated chromosome does not exist in the search space,
the operation is repeated with two other population
members. After this replacement, features are re-
computed based on the selected sentence of the
document.

It is important to note that the three mentioned genes
of chromosomes help to identify the related cut part and,
in each chromosome, the composition of these three
genes is unique. The mutation operator changes the value
of the first gene to a random number in the range of the
sentences’ number in the document, that is equivalent to
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select a new sentence in the search space. The values of
the two other genes, which indicate the cut part, are fixed
for the mutation operator. In addition, similar to the
crossover operator, if in the search space there is not any
member like the generated chromosome, the operation
will be performed again to generate another member.

4. EVALUATION
For evaluating the performance of the QAS, MRR
(mean reciprocal rank) which is a standard metric in this
field, is used. Score of each answer is calculated
according to its position in ranking, by assigning inverse
of its position, as Equation (4). The MRR of a system is
the average value for a set Q, of Q, questions [3].

1 1

MRR =—x _
h vaeo, Fank _answer,

The other standard metric that has been used to
evaluate the presented approach, is Top-n Accuracy. This
metric is one of the most usual ways for measuring a
method’s accuracy. Setting the value 1 for n means the
only answer that the system will produce must be exact
and correct. Therefore, by considering n to have a greater
value, we let the system to have more wrong guesses. For
instance, by assuming n=4, the system must give the
correct answer in the top 4 generated responses. The
standard formula which calculates the metric (n=1) is as
Equation (5) [5]:

number of correct answers (5)
number of questions

In this paper, Rasekhoon question answering dataset
(www.rasekhoon.net) is employed to evaluate question
matching model. Most of questions and answers in this
service is about religion and had been answered by
experts. In this paper the Stop-word list that has been
used contains 927 Persian words, which occur a lot in
documents, however, their semantic effect in texts is very
low. Extracting this stop word list is based on: syntactic
classes, corpus statistic and expert judgments. Some of
the most important challenges that arise in the Persian
automatic text processing are outlined as well in [36].

(4)

Toplaccuracy =

5. EXPERIMENTAL RESULTS

Overall, the system user enters his/her question, then
the system returns a set of candidate sentences for being
its answer. Afterwards, they would be ranked and a
sentence with the highest score is selected.

In the following, using NSGA-Il as a scoring
approach with some objectives is analyzed and the impact
of the selected features are compared. NSGA-II results
can be different in each execution, so this algorithm was
run repeatedly (30 times) and the most repeated response
considered as the final result. The effect of each feature in
the fitness functions formulas can be different. Assuming
the ratio (weight) of feature number n as w,, then giving

each value to these variables result in different outcomes.

These weights were examined with some values and
the most probable value for each of them was found, as
shown in Table 1.
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Table 1. Evaluation metrics for each set of weights

W=<w.W,.....wg > MRR | Topl-Accuracy
<0,1,1,1,1,1,1,1> 0.497 0.243
<1,0,1,1,1,1,1,1> 0.509 0.266
<1,1,0,1,1,1,1,1> 0.356 0.207
<1,1,1,0,1,1,1,1> 0.477 0.252
<1,1,1,1,0,1,1,1> 0.503 0.266
<1,1,1,1,1,0,1,1> 0.453 0.252
<1,1,1,1,1,1,0,1> 0.509 0.252
<1,1,1,1,1,1,1,0> 0.483 0.243
<1,1,1,1,1,1,1,1> 0.511 0.266
<2,1,1,1,1,1,1, 1> 0.590 0.252
<1,2,1,1,1,1,1,1> 0.636 0.480
<1,1,2,1,1,1,1, 1> 0.534 0.299
<1,1,1,2,1,1,1,1> 0.681 0.492
<1,1,1,1,2,1,1,1> 0.583 0.365
<1,1,1,1,1,2,1, 1> 0.590 0.389
<1,1,1,1,1,1,2,1> 0.574 0.374
<1,1,1,1,1,1,1,2> 0.583 0.399
<1,2,1,2,1,1,1,1> 0.655 0.505

Table 1 represents that the weight of two features
should be 2. It means that these two are more significant
in analyzing text than other feature with weight 1.

In addition, in the mentioned formulas the different
order for each feature can generate different outcomes. In
this regard, given the previous selected weights, we
consider «, as the order of feature number n, and we
tested these variables with some possible values, as
presented in Table 2. Then, again the most suitable values
for each of them were selected. By this means, we
defined the fitness functions formulas here [26].

Table 2. Evaluation metrics for each set of feature order

a =< o.q,...a5 > | MRR | Topl-Accuracy
<1,1,1,1,1,1,1,1> | 0.605 0.485
<2,1,1,1,1,1,1,1> | 0579 0.439
<1,2,1,1,1,1,1,1> | 0.614 0.480
<1,1,2,1,1,1,1,1> | 0.623 0.435
<1,1,1,2,1,1,1,1> | 0.635 0.463
<1,1,1,1,2,1,1,1> | 0.583 0.439
<1,1,1,1,1,2,1,1> | 0.640 0.458
<1,1,1,1,1,1,2,1> | 0.645 0.433
<1,1,1,1,1,1,1,2> | 0.623 0.474
<1,2,1,2,1,1,1,1> | 0.640 0.463
<1,2,1,2,1,2,1,1> | 0.646 0.485
<1,1,2,2,1,2,1,2> | 0.655 0.505

As presented in Tables 1 and 2, the value of features
related to the chosen cut part has power of 2 in the
functions, which shows the greater influence of them.
Moreover, in the first fitness function, bigrams’ features
have the order 2, suggesting their double effect in
comparison with the unigram features. Fitness Function
final formulas are as Equations (6), (7) and (8).

:f(1)+(f(3)2)}+z[f(z)+(f(4)2)} (6)
:f (5)+( f (6)2)} (7)
:f (7)+( 1 (8)" )} ®)
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Single-objective algorithms are not appropriate
solutions for MOEAS, because changes in their objectives
are not consistent with each other [26]. Figure 4 shows
the behavior of these three fitness functions in each
generation (for one question and document). It can be
observed that decreasing and increasing in the value of
one fitness function will not cause a same change in the
other functions necessarily.

e F{{NESS] e Fitness2 Fitness3
40
30
20
10 /V\
0 o> SO SSPVIN

1 4 7 1013 16 19 22 25 28 31 34 37 40 43 46 49

GENERATION

Figure 4. Changes of the fitness functions in 50 generations

In each application, NSGA-II converges to the final
result, with different generations numbers [26]. Here for
finding the suitable value, NSGA-II was executed with
different generations’ numbers and the two mentioned
metrics was measured each time. The related results are
presented in Figure 5.

It can be seen that the algorithm converges to the final
result after 50 generations, thus we considered the
generations’ number for NSGA-II as 50.

MRR Accuracy

0.7

0.6

0.5
0.4
0.3

0.2
50 60

Generation

70 80 90 100

Figure 5. The required number of generations for the NSGA-II

The results according to our evaluation metrics
obtained in 30 runs, their average and the best ones are
presented in Figures 6 and 7.

Table 3 illustrates that this approach is able to achieve
similar Topl-accuracy (using the standard dataset) in
comparison with the existing English QASs. Below, in
Table 4, our proposed approach has been compared with
some related research using the MRR metric.

According to the Table 4, our proposed approach was
able to achieve similar MRR rate in comparison with
previous studies for English language.

Undoubtedly, the speed of question answering
systems is a significant feature for them. Therefore, we
analyze the average time that the proposed system spends
to answer each entered question, compared with other
related systems.
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Figure 6. Computed MRR metrics
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Figure 7. Computed Topl-Accuracy metrics

Table 3. Topl-accuracy of the PMOQAS and similar research

System Topl-Accuracy
GP-based feature learning QAS [5] 0.460
sv2007c [5] 0.289
LymbaPAO07 [5] 0.706
FMIX [37] 0.290
LCCFerret [5] 0.494
MOQAS [26] 0.527
Proposed approach 0.505

Table 4. MRR of the PMOQAS and similar research

System MRR

web QAS using GA (PreGA) [25] 0.387

web QAS using GA (GAQA+GASCA) [25] | 0.569
FMIX (Perceptron) [37] 0.641

FMIX (SVM-rank) [37] 0.638

MOQAS [26] 0.711

Proposed approach 0.655

In Table 5, it can be seen that the responsiveness of
the proposed model is acceptable in comparison with
other systems that use evolutionary algorithms, although,
generally the speed of these algorithms is lower than
common machine learning methods. So, to reduce
computational load of the system and to improve its
speed, it is recommended to work with snippets produced
by search engines instead of processing the retrieved
document completely.

Table 5. The average time of the PMOQAS and similar research

System Time (Milliseconds)
PreGA [25] 36671.006
GAQA+GASCA [25] 185724.634
MOQAS [26] 56120.769
Proposed approach 68104.584
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6. CONCLUSIONS

Although available search engines like Google, have a
lot of notable and remarkable features, they lack the
capability of deduction, that a primary QAS is expected
to have; However, we know that search engines are really
useful, as skilled users and experts can resolve their
information needs. From this perspective of view, a
qualified search engine can be considered as a semi-
mechanized QAS.

It is very complex to improve a search engine to a
QAS. To achieve this goal, creative ideas and new
concepts are required to solve problems that arise, when
we face an environment which has uncertainty.

This paper illustrates a multi-objective method, that
may be considered as a fundamental step in this direction.

Here, NSGA-II is used to optimize the performance of
a Persian QAS. It is extracted some general features of
text and grouped them in three different categories:
Lexical, Syntactical and Semantic features. Afterward,
the features’ combination in each group was considered
as an objective of the problem. So, NSGA-II that have all
the three objectives is executed, and using this algorithm
answers are ranked in different Pareto fronts. Then, the
most likely answer for the user question is found.

The experimental results illustrate that the topl-
accuracy and MRR of our proposed approach is
acceptable compared to the related works.

Generally, the speed of evolutionary algorithms is
lower than other machine learning techniques, and here it
is one of the limitations of the approach.

7. FUTURE WORKS
In this paper, the main goal was to examine Persian
question answering systems, however, other languages
can also be processed in future.

A possible future work for optimizing the proposed
model is to use frequently asked questions (FAQ) to
improve the performance of the system.

Another action could be adding other features to make
the feature extractor step more accurate, which needs
deeper knowledge about Persian language.

As mentioned before, processing the provided
snippets (by search engines) instead of analyzing the
whole documents, could considerably enhance the system
speed. Finally, parallelizing some steps in the proposed
structure, will also help reducing the time for answering
each entered question.

REFERENCES

[1] L.A. Zadeh, “From Search Engines to Question
Answering Systems - The Problems of World
Knowledge, Relevance, Deduction and Precisiation”,
Toward a Generalized Theory of Uncertainty (GTU), pp.
1-40, 2005.

[2] C. Kwok, O. Etzioni, D.S. Weld, “Scaling Question
Answering to the Web”, ACM Transactions on
Information Systems, Vol. 19, No. 3, pp. 242-262, July
2001.

67

[3] A. Bouziane, D. Bouchina, N. Doumi, M. Malki,
“Question Answering Systems: Survey and Trends”,
Procedia Computer Science, Vol. 73, pp. 366-375, 2015.
[4] O. Kolomiyets, M.F. Moens, “A Survey on Question
Answering Technology from an Information Retrieval
Perspective”, Information Sciences, Vol. 181, No. 24, pp.
5412-5434, December 2011.

[5] I. Khodadi, M. Saniee Abadeh, “Genetic
Programming-Based Feature Learning for Question
Answering”, Information Processing and Management,
Vol. 52, No. 2, pp. 340-357, March 2016.

[6] M. Zile, “Design of Power Transformers Using
Heuristic Algorithms”, International Journal on Technical
and Physical Problems of Engineering (IJTPE), Issue 38,
Vol. 11, No. 1, pp. 42-47, March 2019.

[71 A. Mokhtarpour, A. Pashaei, S. Pournaji Iran,
“Performance of PSO Algorithm in Coordination of
Directional Overcurrent Relays Considering Fault
Current Direction”, International Journal on Technical
and Physical Problems of Engineering (IJTPE), Issue 42,
Vol. 12, No. 1, pp. 105-109, March 2020.

[8] N. Tohidi, Ch. Dadkhah, “Improving the Performance
of Video Collaborative Filtering Recommender Systems
Using Optimization Algorithm”, International Journal of
Nonlinear Analysis and Applications, Vol. 11, No. 1, pp.
283-295, 2020.

[9] N. Tohidi, Ch. Dadkhah, R.B. Rustamov, “Optimizing
the Performance of Persian Multi-Objective Question
Answering System”, 16th International Conference on
Technical and Physical Problems of Engineering (ICTPE-
2020), Istanbul, Turkey, 2020.

[10] M. Ghaemidizaji, Chi Dadkhah, H. Leung, “OHDA.:
An Opposition Based High Dimensional Optimization
Algorithm”, Applied Soft Computing, Vol. 91, 2020.

[11] M. Ghaemidizaji, Ch. Dadkhah, H. Leung, “A New
Optimization Algorithm Based on the Behavior of
BrunsVigia Flower”, IEEE International Conference on
Systems, Man, and Cybernetics (SMC), 2018.

[12] W. Green, C. Chomsky, K. Laugherty,
“BASEBALL: An Automatic Question Answerer”,
Western Joint Computer Conference, 1961.

[13] W. Woods, R. Kaplan, B. Webber, “The Lunar
Sciences Natural Language Information System: Final
Report”, Bolt Beranek and Newman Inc (BBN), Vol.
2378, 1972.

[14] A. Mishra, S.K. Jain, “A Survey on Question
Answering Systems with Classification”, Journal of King
Saud University - Computer and Information Sciences,
Vol. 28, No. 3, pp. 345-361, July 2016.

[15] A. Echihabi, D. Marcu, “A Noisy-Channel Approach
to Question Answering”, 41st Annual Meeting on
Association for Computational Linguistics (ACL’03),
Sapporo, 2003.

[16] F. Rinaldi, J. Dowdall, M. Hess, D. Molla,
“Exploiting Paraphrases in a Question Answering
system”, ACL-03 Workshop on Paraphrases (IWP2003),
Sapporo, 2003.



International Journal on “Technical and Physical Problems of Engineering” (IJTPE), Iss. 46, Vol. 13, No. 1, Mar. 2021

[17] A. Severyn, A. Moschitti, “Automatic Feature
Engineering for Answer Selection and Extraction”,
Conference on Empirical Methods in Natural Language
Processing, Seattle, 2013a.

[18] A. Severyn, M. Nicosia, A. Moschitti, “Learning
Adaptable Patterns for Passage Reranking”, Seventeenth
Conference on Computational Natural Language
Learning, Sofia, 2013b.

[19] A. Severyn, A. Moschitti, “Structural Relationships
for Large-Scale Learning of Answer Re-Ranking”, 35th
international ACM SIGIR Conference on Research and
Development in Information Retrieval, 2012.

[20] A. Moschitti, S. Quarteroni, “Linguistic Kernels for
Answer Re-Ranking in Question Answering Systems”,
Information Processing and Management, Vol. 47, No. 6,
pp. 825-842, November 2011.

[21] M.H. Heie, E.W.D. Whittaker, S. Furui, “Question
Answering Using Statistical Language Modelling”,
Computer Speech and Language, Vol. 26, No. 3, pp. 193-
209, June 2012.

[22] P. Moreda, H. Llorens, E. Saquete, M. Palomar,
“Combining Semantic  Information in  Question
Answering Systems”, Information Processing and
Management, Vol. 47, No. 6, pp. 870-885, November
2011.

[23] I. Khodadi, M. Saniee Abadeh, “A Memetic-Based
Approach for Web-Based Question Answering”, Vol. 6,
pp. 39-45, August 2014.

[24] J. Atkinson, A. Figueroa, C. Andra, “Evolutionary
Optimization for Ranking How-to Questions Based on
User-Generated  Contents”, Expert Systems with
Applications, Vol. 40, No. 17, pp. 7060-7068, December
2013.

[25] A.G. Figueroa, G. Neumann, “Genetic Algorithms
for  Data-Driven  Web  Question  Answering”,
Massachusetts Institute of Technology, Evolutionary
Computation, Vol. 16, pp. 89-125, 2008.

[26] N. Tohidi, S.M.H Hasheminejad, “MOQAS: Multi-
Objective Question Answering System”, Journal of
Intelligent & Fuzzy Systems, Vol. 36, No. 4, pp. 3495-
3512, 20109.

[27] X.G. Zhang, Y. Yuan, “Comparative Study on the
Chinese Q&A Community Based on Search Engine”,
Library Science Research, pp. 65-72, 2009.

[28] S. Yoon, A. Jatowt, K. Tanaka, “Detecting Intent of
Web Queries Using Questions and Answers in CQA
Corpus”, Web Intelligence and Intelligent Agent
Technology (WI-IAT), IEEE/WIC/ACM International
Conference on, Lyon, 2011.

[29] A. De, S. K. Kopparapu, “A Rule-Based Short
Query Intent Identification System”, Conference on
Signal and Image Processing, Chennai, 2010.

[30] A. Both, D. Diefenbach, K. Singh, S. Shekarpour, D.
Cherix, C. Lange, “Qanary - A Methodology for
Vocabulary-Driven Open Question Answering Systems”,
Semantic Web. Latest Advances and New Domains,
2016.

68

[31] D. Croce, A. Moschitti, R. Basili, “Structured
Lexical Similarity via Convolution Kernels on
Dependency Trees”, Conference on Empirical Methods in
Natural Language Processing, Edinburgh, 2011.

[32] Z. Yu, L. Su, L. Li, Q. Zhao, C. Mao, J. Guo,
“Question Classification Based on Co-Training Style
Semi-Supervised Learning”, Pattern Recognition Letters,
Vol. 31, No. 13, pp. 1975-1980, October 2010.

[33] H. Yu, D. Kaufman, “A Cognitive Evaluation of
Four Online Search Engines for Answering Definitional
Questions Posed by Physicians”, Pacific Symposium on
Biocomputing, 2007.

[34] S. Hazrina, N.M. Sharef, H. Ibrahim, A.A. Masrah
S.AM. Noah, “Review on the Advancements of
Disambiguation in  Semantic Question Answering
System”, Information Processing & Management, Vol.
53, No. 1, pp. 52-69, 2017.

[35] D. Jurafsky, J.H. Martin, “Speech and Language
Processing”, New Jersey, Alan Apt, 2016.

[36] M.R. Davarpanah, M. Sanji, M. Aramideh, “Farsi
Lexical Analysis and Stop Word List”, Library Hi. Tech.,
Vol. 27, No. 3, pp. 435-449, 2009.

[37] M. Surdeanu, M. Ciaramita, H. Zaragoza, “Learning
to Rank Answers to Non-Factoid Questions from Web
Collections”, Association for Computational Linguistics,
Vol. 37, No. 2, pp. 351-383, June 2011.

BIOGRAPHIES

Nasim Tohidi was born in Tehran, Iran,
on March 27, 1993. She received the
B.Sc. and M.Sc. degrees in software
engineering from Alzahra University,
Tehran, Iran. Now, she is a Ph.D. student
in computer engineering (artificial
intelligence) at K.N. Toosi University of Technology,
Tehran, Iran. Her research interests include natural
language processing and evolutionary algorithms. She
awarded honorary admission to the graduate program and
also received INEF Scholarships for having high
academic records and achievements.

Chitra Dadkhah received the B.Sc.
degree in software engineering from

Shahid Beheshti University, Tehran,
Iran, in 1990, the M.Sc. degree in
computer engineering (artificial

intelligence) from the 1ASI Department,
University of Paris 11, Orsay, France, in 1993. She also
received the Ph.D. degree in computer engineering from
the Department of Computer Engineering & IT, Amir
Kabir University Tehran, Iran, in 2005. She is an
Assistant Professor in Computer Engineering Faculty of
K.N. Toosi University of Technology, Tehran, Iran. Her
research interests include evolutionary & swarm
algorithms, natural language processing, recommender
systems, robotic (simulation).



International Journal on “Technical and Physical Problems of Engineering” (IJTPE), Iss. 46, Vol. 13, No. 1, Mar. 2021

Rustam B. Rustamov was born in Ali
Bayramli, Azerbaijan, on May 25, 1955.
Currently he works for Azercosmos
/e . .
I - 0OJSC as an advisor on space science and
\F technology. He has mainly specialized in
. space instrumentation and remote sensing
and GIS technology. He has graduated Ph.D. at the
Russian Physical-Technical Institute, St. Petersburg,
Russia. He was invited for the work at the European
Space Agency within the Framework of the United
Nations Program on Space Applications at the European

2.,
———

69

Space Research and Technology Center, The
Netherlands. He has appointed for the United Nations
Office for Outer Space Affairs Action Teams (member,
Vienna, Austria), United Nations Economical and Social
Commission for Asia and the Pacific (national focal
point, Thailand), International Astronautically Federation
(Federation’s contact, France) as well as Co-Chair of the
International Astrobaitical Congress IAC2022. He is an
author of 16 books published by the European and United
States famous publishers and more than 130 scientific
papers.



