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ABSTRACT 

Community Question Answering (CQA) is the question answering process.  Question Answering (QA) is the field of information 

retrieval and Natural language Processing (NLP).  In this paper, we mainly focus on lexical gap and word embedding problem.  

Here, the CQA aims to find the existing question which is equivalent to queried question. The other existing system of this paper 

is two novel categories powered models.  That is basic category powered model called as MB-NET and enhanced category 

powered model called as ME-NET.  They are used to learn about the lexical gap and word embedding problem.  The proposed 

system of this paper is to extend the metadata information easily using user ratings, like signals and Poll and Survey signals, 

into the learning process to obtain more powerful word representations. 

Keywords: Natural Language Processing (NLP), Information Retrieval, Community Question Answering (CQA) and Question 

Retrieval. 

1. INTRODUCTION 

In a few years ago, the user-generated queries has become more important information resource on the web.  That contains the 

Frequently Asked Question (FAQ) and Community Question Answering (CQA) such as Yahoo! Answers, Quora, Stack Overflow 

etc. The web contains the list of answers in the form of metadata.  The metadata contains the category of the user’s question and 

awards the best answers to the user.  The CQA Archives valuable and various tasks like question-answering and knowledge mining.  

It is used to find the similar question or answer the queried questions.  The best answer to the similar question is retrieved by using 

the knowledge of the CQA.  The traditional retrieval ad hoc information retrieval, QA has several advantages firstly; it uses the 

natural language instead of the keyword as a query.  Second, it has several possible answers instead of a ranked list and it is hard to 

find the required answers. 

The lexical gap problem in CQA includes the previous work as it is divided into two types. The first is a traditional problem it has 

the question-answer pair to relate and learn the semantic relationship for the question -answers. It has the word to word and assuming 

the “parallel text” to obtain the similarity of the question-answer pair.  Secondly, topic-based models, it is used to learn the topic 

based question-answer pair to get the lexical gap problem.  It has the question and answer pair retrieves the same topic based model. 

It uses the skip-gram model, DEEPMATCH architecture [7], convolution neural network architecture (CNTNA) [8], to learn the 

word embedding and get the semantic information among the natural language questions.  When the user asks the question in CQA 

then the user requires the category of the question and it is retrieved by using the predefined categories [4],[5],[9].  Here it has the 
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two models: one is basic category powered model and other is enhanced the category powered model.  We build the regularization 

function to derive the metadata of category information along with the help of skip gram model using the training set.   Once the 

word is embedded in continuous space then the question is viewed by using Bag-of-Embedded-Word (BoEW).  The fixed length 

vector is aggregated by using the Fisher Kernel (FK) for the Variable –cardinality of BoEW. 

2. RELATED WORKS 

I. QUESTION RETRIEVED IN CQA: 

In CQA researchers focus on metadata in CQA[1],[2],[3] to improve the performance o the traditional language model of QA.  It 

has five groups of works.  The first one is categories of questions.  The framework integrates the category-specific term weight into 

the exiting VSM and BM25 retrieval model for question retrieval [10].  The combination of Global relevance and local relevance is 

used for question retrieval and VSM+WTLM shows the superior performance than other.  CLM is used for viewing the category-

specific term.  The second one is question-answer pairs to learn the various translation models to bride the lexical gap problem.  The 

word-based translation language model is used to learn the semantic similarity between the answers of the existing question and 

knows about the lexical gap by allowing the translation probability of similar questions.  The third one is topic based modeling 

techniques to retrieving the best question and answer pairs.  The fourth one is syntactic information for question retrieval.  The fifth 

one is deep learning for question retrieval. 

II. WORD EMBEDDING LEARNING: 

The representation of the word is the continuous vector and it is attracted increasingly in the form of Natural Language Processing 

(NLP).  The neural network language model (NNLM) is addressed in [15].  The efficient neural network word representation 

contains the continuous skip gram mode and continuous bag-of-word model (CBOC). 

3. EXISTING SYSTEM 

In this section, the proposed framework contains two steps.  They are word embedding and fisher vector generation step.  In the 

word embedding, it has the various NLP tasks.  The skip-gram model [6] and continuous bag-of-words model (CBOW) [6] for 

learning word embedding it will free the memory.  In the skip-gram model, it generates the training data.  The softmax function is 

used: 

P (wk+j |wk;𝜃) = exp (eT
w(k+j) ewk)/(∑N

w=1  exp(eT
wewk)) 

3.1 Basic Category Powered Model (MB-NET): 

The metadata powered model is the next step of the skip gram model. It contains the information about the metadata and hierarchy 

of the category[4],[10].  It is used to find the similarity between the existing question and the newly queried question of the users.  

Here, the regularization function is used: 

Sb(wk,wi,ck)=    {
1 𝑖𝑓 𝑐𝑘 = 𝑐𝑖

 0   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                 
 

Eb  = ∑ ∑ 𝑆𝑁
𝑖=1

𝑁
𝑘=1 b(wk,wi,ck)d(wk,wi) 

3.2 Enhanced Category Powered Model (ME-NET): 

This is used to overcome the problem of the basic category powered model.  It is used to exist the similarity of leaf categories under 

the same category[17]. 

Se(wk,wi,ck) = 1/A {𝛾sb (wk,wi,ck) + ∑ 𝑅(𝑐𝑖∈𝑅𝑒𝑙𝑎𝑡𝑒𝑑(𝑐𝑘) ci→ck)sb(wk,wi,ci)} 

3.3 FISHERY VECTOR GENERATION: 

Here, the word embedding is learned and the question can be a representation is by using the BoEW.  The semantic level similarity 

between queried questions and the existing questions represented by BoEW can be captured more accurately by BoWs method.  It 

uses the Gaussian mixture model (GMM).  In GMM, the 𝜆 is implemented by Maximum Likelihood (ML)  using the Expectation 

Maximization (EM).   The final derivation is  

Gqi𝜎,k = 
1

𝑁𝑖√2𝜃𝑖
 ∑ 𝛾𝑁𝑖

𝑗=1 k (k) [((ewij-𝜇k)2/𝜎k
2) -1] 
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4. PROPOSED SYSTEM  

 

In the proposed system we have a metadata information can easily retrieve the information based on the user rating like poll and 

survey signals.  

In the proposed system, it has the set of questions as the input.  And it is used to addresses the problem of the lexical gap and word 

embedding.  Here, we have the word embedding as two processes they skip gram model, basic category powered model and 

enhanced powered model.  The basic model is used to categories the given user query and the enhanced model is used to overcome 

the problem of the basic category model. 

That uses the regularization function, to solve the category problems and it checks the existing question and newly queried question.  

It is the process of getting the question as input and checks whether the question is already existed and provide the best-ranked 

answer for the users. 

It is the process of the getting the training set by using the skip-gram model. The skip gram model is used to retrieve the answer 

easily and saves the memory.  After, skip gram the MP-NET is used to retrieve the best category of the queried questions. Then the 

fishery generation is used it is generated by using GMM model.  And the proposed system to generate the rating process. The 

Metadata information is rated by using the users rating process.  So, the more rated answer is viewed to the queried questions.   

The question is given as input to the proposed system and making the skip gram model to get the training set of date.  After, that the 

category is retrieved by using the existing process and the proposed system is used to retrieve the best Question-Answer pair for the 

user’s questions. 

5. DATASETS 

We collect the data set in the Yahoo! Answers and that is called as the retrieval data or training data.  The retrieved question contains 

the title, description, and category in the metadata.  In order to create the dataset, we collect the extra question and that all are posted 

more recently.  Hence, BM25 is used for ranking the queried question and it is stored in the metadata information.  The data set is 

divided into two sets they are validate set and test set. The validate set is used for tuning parameter the process and the test set is 

used to evaluating the ranked model how the relevant candidate is a contrast to irrelevant data. 

In order to evaluate the performance of the different models. Here, they use the different measures are Mean Average 

Position(MAP), Mean Reciprocal Rank(MRR), R-Precision (R-Prec) and Precision at N(P@N).[4] 

These are used to measure the question retrieval in CQA.   

MAP Measures the mean average precision for the queried question. 

MAP = 
∑ 𝑞𝜖𝑄 𝐴𝑣𝑔 𝑃(𝑞)

|𝑄|
 

Avg P(q) = 
1

𝑁𝑚𝑞
∑

𝑁𝑀𝑞,𝑖

𝑗

|𝑀𝑞|
𝑗=1 1(Mq,j) 
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  MRR is used to evaluate the list of possible response for the set of queries. 

MRR = 
1

|𝑄|
 ∑

1

𝑟𝑎𝑛𝑘𝑖

|𝑄|
𝑖=1  

ADVANTAGE OF PROPOSED SYSTEM 

 The metadata information can be retrieved easily using rating. 

 The information of the user can be obtained accurately and gives a better performance. 

 It is very fast to access the information for the user. 

DISADVANTAGE OF EXISTING SYSTEM 

 It does not retrieve the information based on existing metadata. 

6. CONCLUSION 

In this paper, we proposed to learn about the continuous vector representations for question retrieval in CQA.  For that, we have the 

addresses the lexical gap problem and word embedding problem.  After that we have the novel based models: one is basic category 

powered model (MB-NET) and enhanced category powered model   (ME-NET).  Once the word is embedded into continuous space 

then that will be treated as BoEW. 

The metadata information is rated to retrieve the best pair of question an answer. The metadata is rated using the best-ranking 

process.  It can be easily extended to incorporate other metadata information, such as user ratings, like signals and poll and survey 

signals. 
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