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commendation, established the corresponding re-
lation between music and emotion, and verified the 
feasibility of the system through studying the recom-
mendation accuracy, response time and comfort level.
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Abstract
There are a large number of similar or duplicate questions exist in Q&A community, resulting in poor 
efficiency retrieval and other issues. This paper puts forward a kind of removing duplicate questions 
method based on LDA, fully considering deep semantic knowledge of questions. First of all, we use 
LDA to model for question set, and execute parameter inference by Gibbs sampling of MCMC to 
calculate model parameters indirectly. Then through mining the hidden relationship between different
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topics and words in questions, the probability distribution of topic and word can be obtained, which 
is used to calculate the similarity between questions. Lastly, setting a similarity threshold, questions 
which have high degree of duplication will be screened and removed. Compared with other traditional 
similarity calculation methods, experimental results show that the proposed similarity calculation 
method has a better precision rate and obtains good effect on removing duplicate questions.
Key words: Q&A community, Latent Dirichlet Allocation, Similarity 
Calculation, Duplicate Questions Removal

1. Introduction
With the growing prosperity and the explosive 

growth of data access in Q&A community, it has 
gradually become an important medium for Internet 
users on information transmission and knowledge 
sharing, such as Yahoo! Answers, Baidu knows, and 
other community sites. Q&A community releases tens 
of thousands of questions every day. Common ques-
tions and corresponding answers are usually stored in 
the database. User can search the similar question to 
get corresponding answers directly, which can save 
a lot of time. However, with the growing number of 
questions in Q&A community, there are many dupli-
cated questions, which seriously affect the user to ob-
tain the required information quickly and accurately. 
Therefore, a key study is how to remove duplicate 
questions from Q&A community.

  Many theories and algorithms have emerged in 
Q&A community. R.D.Burke et al. [1] and V.Jijkoun 
et al. [2] used vector space model to calculate angle 
cosine between the query question vector and the can-
didate question vector. M.Collins et al. [3] proposed 
a tree method to compare the similarity between syn-
tactic trees by calculating the number of the same tree 
fragments between two syntactic trees. J.Jeon et al. 
[4] estimated the similarity between two questions 
through calculating the similarity of two answers, but 
without taking into account syntactic and semantic-
features. Meanwhile, according to the time spent, the

quality of answer and other factors, some scholars 
predicted user satisfaction for answers [5, 6].

This paper proposes a kind of method to remove 
duplicate questions from Q&A community. It uses 
LDA model to express the relationship between ques-
tion, topic and word. So questions and words will be 
mapped to the same semantic space. The similarity 
between questions can be calculated by using the 
topic information of questions. Based on this, we can 
screen and remove questions with the high degree of 
duplication, thereby reducing duplicate questions in 
the retrieval results to improve information retrieval 
efficiency.

2. Theory of LDA model
  LDA model is proposed by Blei et al. in 2003 [7], 
which is based on LSA (Latent Semantic Analysis) 
and PLSA (Probability Latent Semantic Analysis). 
It belongs to a kind of implicit variable model. LDA 
model is trained by unsupervised method, and is in-
dependent of the number of training samples, so it is 
more suitable for dealing with large-scale text corpus. 
The model consists of three layers of word, topic and 
document, which is a three layer Bayesian probability 
model. The main idea of this model is that it repre-
sents a document into the probability distribution of 
each topic, and each topic is represented as a proba-
bility distribution of different words in all documents. 
LDA is a probability model, which is shown in  Fig-
ure 1.

Figure 1. LDA model
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The meaning of each symbol in LDA model

Symbol Meaning Symbol Meaning

α Super parameter of θ w Word

β Super parameter of Φ N The number of words

θ Document-topic probability 
distribution T The number of topics

Φ Topic-word
Probability distribution M The number of documents

z Word
probability distribution

diagram is shown in Table 1.

Table 1. The meaning of each symbol

LDA model describes the process of generating 
word in the document based on the latent topic. The 
model is determined by two parametersα and β , 
where α  reflects the relative strength of implicit top-
ics in the document and β  represents its probability 
distributional of implicit topics.

3. Duplicate questions removal based on LDA
3.1 LDA modeling
LDA model uses probability way to generate 

model. In order to model the question set, a ques-
tion is seen as a document, and each question can be 
expressed as a series of topics mixture distribution, 
denoted as ( )p z . At the same time each topic is the 
probability distribution of all the words, denoted as

( | )p w z . Therefore, the probability distribution of 
each word in a question can be calculated as follows:

(1)
Where iz is a latent variable, ( | )i ip w z j=  repre-

sents the probability of the word iw  that belongs to 
the jth  topic, ( )ip z j= represents the probability of 
the document d  that belongs to the jth  topic.

 The process of training to generate text by LDA 
model in question set is as follows:

A word polynomial distribution ( )tφ  is obtained by 
extracting the relationship between topic and word 
from Dirichlet(β).

A topic polynomial distribution dθ  is obtained by 
extracting the relationship between question and top-
ic from Dirichlet(α).

For each word iw in each document, a topic t is ex-
tracted from the topic polynomial distribution dθ , and 
then a word iw is extracted from the word polynomial 
distribution ( )tφ  on this topic.

3.2 Parameter estimation
In the process of building LDA model, it needs 

to estimate model parameters. Common estimation 
methods are mainly variation Bayesian inference, 
desirable propagation algorithm and Gibbs sampling, 
etc. Among them, Gibbs sampling method is easy to 
understand and implement, which can effectively ex-
tract topics from large text set. Therefore, Gibbs sam-
pling algorithm has become the most popular extrac-
tion algorithm of LDA model.

 In the LDA model, the most important two param-
eters are the probability distribution of each topic and 
the probability distribution of each document. This 
paper estimates model parameters by using Gibbs 
sampling algorithm based on MCMC, and indirectly 
calculates the probability distribution of topic and the 
probability distribution of word by Gibbs sampling. 
The calculation formula is given by [8]:

(2)

(3)

Where ,z wφ  represents the probability of the word 
w in the topic z, ,d wθ represents the probability of the 
question q in the topic z , w

zn represents the number of 
the word w appeared in the topic z, wβ  is the Dirichlet 
prior of the word w, z

qn represents the number of the 
topic z appeared in the question q, zα is the Dirichlet 
prior of the topic z, V stands for the number of ques-
tions and T represents the number of  topics.

After Gibbs sampling algorithm, we can map the
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word vector space of question to the topic vector 
space of question, and then the result can be used as 
the input of question similarity calculation.

3.3 Similarity calculation
Through the construction of LDA model, we can 

obtain probability distribution of topic and probability 
distribution of word, where the probability distribution 
of topic is a simple mapping of question vector space. 
Therefore, the similarity of the two questions can be 
achieved by calculating the corresponding probability 
distribution of topics.

  In this paper, we use JS (Jensen-Shannon) 
distance to calculate the distance of topic probability 
vector between 1 2( , ,..., )mp p p p= and 1 2( , ,..., )nq q q q=
, the specific calculation formula is expressed as 
follows:

Information technologies

(4)

Where p and q represent the probability distribu-
tion of topic respectively, 

3.4 Duplicate questions removal
According to the similarity between questions in 

question set, it is necessary to set a similarity thresh-
old to remove duplicate questions. The algorithm of 
duplicate questions removal is as follows:

Input: question set Q to be removed, 
1 2{ , , , }nQ q q q=  , the value of similarity threshold u.

Output: question set Q ' after removing duplicate 
questions, duplicate set R.

Step1 preprocess the question set.
Step2 construct LDA model for the question set.
  Step3 calculate the similarity between the ques-

tion iq and the question jq , namely im( , )i jS q q .
  Step4 if im( , )i jS q q u> then add the question iq

into duplicate set Rand remove it from the question 
set Q.

4. Experiment and analysis
4.1 Experimental data
In this paper, experimental data was selected from

Table 2. The distribution of experimental data

Category Computer Education Life

The number of 
questions 2184 1607 1426

For questions of each category, three members of 
the experimental group labeled them by manual to 
identify duplicate questions in each category.

  This paper used Chinese lexical analysis sys-
tem-ICTCLAS as segmentation tool. After pretreat-
ment, the question set was modeled by LDA. The ex-
perience values of priori parameters α and β in LDA 
model were 50 / Kα = , 0.01β = , K=30. The number 
of Gibbs sampling iterations was set to 1000 times.

4.2 Experimental analysis
This paper adopted the precision rate P to evaluate 

the performance of algorithm, namely AP
B

= , where 
A represents the number of questions that are correct-
ly removed, and B represents the number of questions 
removed.

1 The determination of the similarity threshold u.
The similarity threshold u has an important impact 

on final removal result. In order to carry out the high 
quality similarity calculation without introducing too 
much noise data, we executed comparison experi-
ments on different thresholds, by using artificial way 
to judge the result and statistic the precision rate P 
of three categories questions, which is as shown in 
Table 3.

the Q &A community of Baidu knows. Since the spar-
sity of data will affect the LDA model, so we select-
ed some relatively popular question category. Using 
network spiders to crawl questions of three catego-
ries, there is computer, education and life, a total of 
5217 questions which were used for the construction 
of question set, the specific distribution of questions 
is shown in Table 2. 2/3 of question set were used for 
training data and 1/3 for testing data.

Category
Precision rate (%)

u=0.5 u=0.6 u=0.7 u=0.8 u=0.9

Computer 61.23 67.69 75.23 74.11 69.37

Education 65.87 72.35 78.61 73.08 69.29

Life 58.36 65.17 73.49 71.34 68.41

Table 3. The precision rate on different similarity threshold
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From the Table 3, we can see that the change of 

the threshold also brings the change of the precision 
rate P. When the threshold is 0.7, the precision rate P 
is the highest in each category, so we determined the 
threshold is 0.7 for followed experiments. 

Based on the determined threshold, we calculat-
ed the repetition rate of question for the above three 
categories, repetition rate = the number of duplicate 
question removal / total questions. The calculation re-
sult is shown in Table 4.

Table 4. The repetition rate of three categories

Category Computer Education Life

Repetition 
rate（%）

3.57 2.14 2.51

As can be seen from Table 4, the repetition rates 
of three categories are different. The reason is that the 
distribution of duplicate questions in Q &A commu-
nity has randomness, and the selected experimental 
data is independent of the size.

2. Comparison experiments on the effect of dupli-

cate question removal.
Experiments were divided into three groups, re-

spectively using the statistical model based on VSM, 
question classification algorithm based on HowNet, 
and the proposed method.

The first group experiment used the traditional 
VSM method to calculate question similarity, namely 
calculated the TF-IDF value of every word in ques-
tions to get the corresponding vector representation 
of questions, and then obtained the similarity by cal-
culating the angle cosine between two vectors.

  The second group experiment calculated the sim-
ilarity based on HowNet semantic [9], by calculating 
the similarity of words in questions to get the similar-
ity of two questions.

  The third group experiment was based on the 
proposed LDA method. Through modeling the ques-
tions set to calculate the topic probability distribution 
of questions, so the similarity between two questions 
also can be calculated.

Experimental comparison result of three groups is 
as shown in Figure 2.

Figure 2. The comparison result of three experimental methods

As can be seen from the Figure 2, comparing with 
the other two experimental methods, the similarity 
calculation method proposed in this paper obtains a 
higher precision rate. This suggests that the similarity 
calculation algorithm based on LDA topic model ef-

ficiently enhances the semantic expression ability of 
question and improves the computational result.

5. Conclusions
In order to handle a large number of duplicate 

questions in Q&A community, according to the



Metallurgical and Mining Industry252 No. 7— 2015

characteristics of LDA topic model, this paper intro-
duces LDA to model the question set and calculate 
the similarity between questions. By setting an appro-
priate similarity threshold value, we remove the du-
plicate questions in Q&A community. Experimental 
results show that the proposed method in this paper 
efficiently improves the precision rate by LDA mod-
el, reduces the data sparsity and high- dimension fea-
ture space. In addition, the whole precision rate is not 
high. On the one hand, the reason is that the question 
is a short text and irregularity, on the other hand, the 
result is influenced by its quality of divided exper-
imental data. So how to improve the precision and 
efficiency of question feature is the focus of the next 
research.
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