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Abstract : Answer selection is one of the popular tools and has gained an increased research interest in extracting the quality
answers in Community Question Answers (CQA) community. The aim of the QA is to retrieve the best answers for the user’s
query from the large collection of documents from the database. The CQA services allow the users to post questions about their
interest and other users share their opinions with their knowledge. Traditional approaches on deep learning allow the network to
capture a part of the semantic relationship but ignore the rich feature learning which limits the quality answer prediction. To
overcome the certain limitation in those models, we propose a new approach named multi-scale stacked dilated convolution (Ms-
SDC) with the attention-based deep bidirectional long short term memory (Att-deep BiDLSTM) to estimate the quality answers
for the input query. This model tackles the problems of: i) high-level or rich feature representation learning, ii) quality answer
prediction from the set of candidate answers, iii) modeling the complicate relationship among question-answer and answer-
answer.

IndexTerms - Answer selection, deep neural network, community question answering, answer ranking.

l. INTRODUCTION

In recent years, Community Question Answering (CQA) services have gained much attention due to the rapid growth of
question-answering websites such as Quora, Stack Exchange, Yahoo! Answers, etc... These sites offer a user to ask questions, share
their problems, which are answered by other users or experts and discuss their opinions with the entire world without any
restrictions [Liu et al. 2011; Palanisamy and Foshay 2011]. The main objective of the answer selection in CQA technique is to
obtain the suitable and an accurate answer for the input question of a user from the large collection of cQA threads which save the
user’s time [3]. The answer selection task is helpful for many knowledge-oriented intelligent systems like chatbot [4] and automatic
question answering [5]. In the healthcare applications, health expert QA services is an efficient and an on-demand online approach
to attain the medical services from home. In these services, the answers are given by the certified physician and provide numerous
health information in the healthcare sites. These platforms provide guidance and thereby meet the general needs of the health user
without visiting a hospital. However, the answer quality is not guaranteed and may be irrelevant to the question posted by the health
consumer [6-8].

Due to the massive amount of content posted by a large number of users, the selection of accurate answers is quite challenging
in the CQA community. The stack exchange website allows the users to thumps up or down to vote the answer to estimate whether
the answers are of good or bad quality. This voting system plays a key role in determining the value of the answer as well as the
answerer. In this, the recent answers are placed in the bottom of the list and would not be voted even if the answer is of good
quality [9, 10]. Hence, a new tab named promising answers is introduced where the answers are recorded based on their usefulness
which is predicted using the machine learning algorithms. However, the best answers are extraction from the list of answers but the
high-quality answer prediction is equally important. There are many traditional approaches followed to extract the best answers, but
still suffers from several setbacks due to the following reasons: a) the response posted follows the informal writing and incomplete
sentence, b) complex relationship among the posted answers among themselves.

For the QA selection, the approaches followed are categorized under two schemes such as the traditional and the deep learning
models. The traditional methods include the search engine, handcrafted rules [11] and information retrieval (IR) [12, 13] approach.
The IR techniques use the keywords to perform matching but it does not guarantee in the correct answer section while the
handcrafted features are impossible to cover all the patterns result in limited performances [14]. Recently, deep learning models
gained popularity and applied in many Natural Language Processing (NLP) task such as sentence modeling and classification [15,
16], sentence summarization [17] and paraphrase detection [18]. The main task is to learn the semantic connection between the
question and answers and finally answer is selected based on the matching similarity score. The deep learning model extracts the
high level semantic and temporal features based on the collaborative decision strategy and the pre-trained model [19, 20]. Then the
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quality of the answer is predicted by the factorization machine (FM) that encloses the combination of the support vector machine
and factorization model [21]. Convolutional neural network (CNN) captures the semantic information from the input sentences and
converted into high-dimensional feature vector via pooling and convolution layers. In [22], uses the CNN and Bag of Word (BOW)
representation that computes input and related question and score is identified by cosine similarity. However, the CNN models
perform the semantic matching between the QA pair and do not consider the correlation criterion among the answer sequences [23].

Recurrent Neural Network (RNN), which uses the LSTM network that reads the input sentences and determines the long and
short term dependencies among the sequences [24]. The feed-forward RN network captures the non-textual semantic features in the
sequential data and learns the fixed dimensional feature representation. Also, the RNN based learning model captures the features
at the sequence-to-sequence level and further learns the paragraph representation vectors. The sequential dependencies are learned
by the bidirectional LSTM model and the relatedness between the QA pair is calculated by the cosine similarity score estimation
[25]. The 2D-CNN based sentence representation models followed by LSTM network is utilized that identify the answer content
from QA pairs [26, 27]. Despite these advances, still there certain problems remain unsolved in the community question answering
task. However, the existing models approaches achieve a limited performance due to the embedding representation is integrated
with the single neural structure which fails to capture the complex and semantic relationship between the QA pairs. Thus, to
achieve improved performance in the community question answering, the complex patters should be learned effectively as possible.
In this paper, an effective text representation obtains the semantic information and syntactic relations and presented a Hybrid Ms-
SDCNN with the Att-deep BiDLSTM network models to capture rich features for QA selection.

The contribution of this research paper includes:

*  We proposed a multi-scale stacked dilated convolution neural network (Ms-SDCNN) that performs dilated convolutions
which combines more contextual information and extract more features between the QA without the loss of important features.

. For the retrieval purpose of the high-quality answers, we use the attention-based deep bidirectional LSTM model that
captures deeper features and estimate the correlation among the answers.

. The proposed model is more flexible than other networks in which it learns with mare rich features and allows to focus on
obtaining top-ranked answers from the candidate answer set.

. Experimental results conducted in terms of the metrics such as precision, recall, accuracy, and F1-score samples show that
the proposed method performs well than several existing approaches.

The remainder of this work is modeled as: In section 2, we first reviewed the related works of the answer selection task in CQA
services. In section 3, we presented our proposed methodology of our (Ms-SDC+ Att-deep BiDLSTM) network model in the
retrieval of high-quality answer selection. In section 4, the experimental and analysis performed under the two dataset result and its
comparison with other methods are discussed. Finally, the paper is concluded based on the evaluated results in section 5.

Il. RELATED STUDY

Several techniques related to the community question answering task are performed earlier with the data collected from the
social sites to predict the answer for the QA pair. The deep neural network system is modeled with the word pre-trained embedding
to learn the semantic representation features and further estimate the suitable answer for the relevant query. Thus final result for the
given QA is to determine the similarity or relatedness of the question-answer and recognize the relevant answer with high quality.
This will help the user to gain knowledge of the query with highly ranked answers with a considerable amount of time.

Zhou et al. [28], proposed a Recurrent CNN integrates both the convolutional and the RNN that capture both the matching and
the correlations between the question-answer pair. Initially, the matching is performed by the CNN network between question and
answer into two distributional sentence vectors. In this, the two parallel convolutional networks are employed to determine the
representation of the question-answer matching patterns. Then, the hidden layer generates the fixed-length feature representation
for the input QA set. Next, the semantic correlation among answers is estimated by the RNN network. Finally, the softmax layer
predicts the answer quality for the input questions.

Elalfy et al. [29], discussed a hybrid model for predicting the quality answer for the input query. The first module uses the
content features that include three types such as question—answer, answer content and answer to answer features. In the content
module, preprocessing is carried out to extract the tokens from the QA, feature extraction is processed where an additional content
features are added, and then classification is performed to extract the best answer for the question. The second module estimates the
score of user expertise level score and user confidence level score to compute the non- content reputation score. Finally, both the
content and non- content features are integrated together for the prediction.

Hu et al. [30], described a collaborative decision CNN (CDCNN) that learns the semantic knowledge of the non-linear features
based on the pre-trained word embedding. This model is classified under four stages which include the modules such as CNN,
dependency sensitive CNN (DSCNN), collaborative decision, multimodal learning, and a prediction component. Initially, the
semantic features are learned by CNN and the DSCNN for the given input. Then, the collaborative decision integrates the external
knowledge to a mixed representation to extract the precision information. Next, the multi-model layer combines the temporal and
the mixed semantic features to the joint representation. At the last stage, the quality score is obtained using Factorization machine
(FM) that determines the non-independent relationship of various features under sparsity. However, the richer features are not
captured for the QA pair which causes low quality answers prediction.

Roy et al. [31], proposed a regression and classification model to rank the answers based on their effectiveness and then listed it
under the promising answers tabs. In this, the ranking of the answer is estimated by considering the factors such as text quality,
answers reputation and activeness of the answer. At first, the collected files are filtered and then features extraction identifies the
textual and non-textual features to train the network. Then data labeling is performed that assign the labels for the answers in which
the answers have O vote are labeled as low quality and the higher score are labeled as high-quality answers. Here, the random
sampling technique is employed to eliminate the excess data from the classes. Finally, classification is done by Navies, Bayes,
gradient boosting and random forest and then prediction performed by the regression model.

Adlouni et al. [32], proposed a supervised latent semantic analysis (LSA) model for the Arabic language in CQA services. This
method is processed in both supervised and unsupervised approaches where the input sentences are first tokenized based on word
punket and tokenizer and stop words are removed. The preprocessed text are then combined with the embedding model and
forwarded to the neural networks that predict the similarity score. Here three types of embedding models are utilized such as
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BiGRu, DotNet, and pyrmidNet that measure the similarity score of the input query and answers. At last, ranking is performed that
minimizes the ranking based on the query sentences. However, this method consumes more time and the list-wise approach are
difficult that affects the group structure.

Nguyen et al. [33], proposed a deep neural model that uses two models such as convolution and bidirectional LSTM network
for estimating the similarity and ranking the related and input QA pairs. Initially, the input sentences are tokenized and converted
into vectors using word2vec model. Then the vectors are converted into question matrix where each row defines word vector
representation for the input token. The CNN model consists of the convolutional and the poling layers that generate the vector
representation for the input question and related question. Also, the bidirectional architecture sequentially processes the data in both
directions and generate a single vector representation. Next, the concatenation layer obtains the combined vector value and finally
fed to the fully connected multi-layer perception (MLP) for prediction. This MLP includes two hidden layers that calculate the
similarity score for the QA pair. Although the combined features are utilized, it suffers from high computational complexity and
time-consuming.

Zhang et al. [34], described a hybrid encoder model based on CNN and GRU for the Chinese medical answer selection. The
neural architecture such as multi-stack-CNN, Bidirectional Gated Recurrent Unit (BiGRU)-CNN is used to determine the
relationship between the QA pair. Here, the encoder model is utilized to represent the input sentences into a low dimensional vector
to estimate the similarity. This hybrid model is classified under three modules include embedding, encoder, and cosine similarity
module. In this, the embedding module converts the input sentences into a dense vector and then the encoder structure captures and
learns the relationship between the query and answer. Finally, the cosine measure is computed in the answer set to estimate the best
answer for the question. However, these approaches fail in the complex patterns are not captured leads to low answer quality
prediction.

Previous research focuses on the answer selection from the QA pair without determining the high level synthetic and semantic
relationship between the QA pair. This leads to the low answer retrieval without the deeper representation among the question-
answer set. Most of the techniques encode the sematic correlation features that characterize the sentence leads to dissimilarity with
final representation. The lexical gap between the candidate answer sentences and the query and also for the complex feature
representation may lead to obtaining the irrelevant answers. In addition, answer prediction based on the deep learning target on the
single aspect of matching classification among the QA pair. Thus, we develop a model, with multi-scale stacked dilated
convolution with the attention-based deep bidirectional long short term memory approach to obtain the rich features from the input
sentences. Finally, we perform classification that determines the highly ranked answers and produces an accurate answer for the
query related to the reviews.

I11. PROPOSED ANSWER SELECTION APPROACH-MULTI-SCALE STACKED DILATED CONVOLUTION WITH ATTENTION-BASED
DEEP BIDIRECTIONAL LSTM NETWORK

The proposed Ms-SDC with Att- based deep BiDLSTM approach for the quality answer prediction for the QA pairs is
categorized under four phases: a) Embedding b) feature learning, c) prediction, and d) classification. In the first stage, the input
query and the answers are modeled into the embedding matrix by representing each word in the sentences into the dense vector. In
this, we train our embedding with the word2vec tool as the input module for the sentence representation. Then, the embedding
matrix is fed into the multi-scale stacked dilated convolutional neural network structure for learn the semantic relationship between
the QA sentence pair. Finally, the attention-based deep bidirectional network performs the answer-answer prediction to determine
the high-quality answer from the selected set of answers from the convolution network and the highly ranked answers for the input
question are classified at the final softmax layer. Figure.1 shows the overall architecture model of the proposed answer selection
and ranking for the input query in question-answer community. Initially, the word embedding process is processed followed by the
feature learning by the convolution model. Finally, the answer prediction-is carried out by estimating the correlation between the
answer-answer answer retrieval performed with the attention-based stack bidirectional network.
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FIGURE. 1. PROCESS FLOW OF THE PROPOSED APPROACH

1VV. CONCLUSION

In this research work, we presented Ms-SDCNN with Att-deep BiDLSTM task for retrieving an answer for the input query.
This technique learns the complex and the high-level syntactic and semantic features among the QA pair that improves the
performance of the answer selection. At first, word embedding applied over the input sentences is converted into the embedding
matrix for representing each word into the dense vector. Then, the embedding vectors are fed into the convolutional architecture
employs with the multi-scale module that converts the vector representation into three different scales. We will evaluate our
proposed approach with the other methods in terms of accuracy, precision, recall, and F1-measures.
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