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Abstract. Developers often look information in the web during software
development and maintenance. That means they spend time to formu-
late query, retrieve documents and process the results from many sources
of information. Stack Overflow, one of the most popular question and
answer sites and the most important information sources for developers,
has become one of the most important information sources for develop-
ers. In this paper, we proposed a new approach that use LDA model and
Q&A meta-information to automatically generate query from code con-
text and recommend the retrieval Q&A to developers. We implemented
the approach in Recommendflow, an Eclipse plugin. We considered one
existing recommendation model as baseline and conducted an experi-
ment to compare our approach with baseline. Our experiment on the
test data set shows that LDA-based model outperforms existing Stack
Overflow recommendation model.
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1 Introduction

With the explosive development of software technology, developers face new
software or programming issues more and more often. Developers always need
knowledge beyond that they have already processed [1]. Stack Overflow is one of
the most popular and important ways to look for information on the Internet [2].

However, retrieving information in internet forces developers switching
between IDE and the web browsers, that is really time-consuming [3]. To solve
this problem, some scholars have already proposed studies that integrate Stack
Overflow into IDE which can help developers work efficiently. Seahawk [4], an
eclipse plugin proposed by Ponzanelli et al. [6] in 2013, offers a way to retrieve
and recommend Stack Overflow posts within IDE. Rahman et al. [5] propose an
eclipse plugin, SurfClipse, that can retrieve Stack Overflow posts according to
exceptions that are selected from console view or error log by developers. All
the studies mentioned above just get the meta information in Stack Overflow
(eg. votes, user reputation and posts content). We use LDA model [7], a suit of
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machine learning algorithms aim to discover latent topic structure in collections
of documents.

The contribution of the paper are the following points. First we proposed
LDA-based query generation model. We discuss query generation tasks and
present LDA-based query generation model in Sect. 2. Second we proposed LDA-
based ranking model and combine LDA-based Ranking with Meta-information
ranking in Sect. 3. We implement this approach in Recommendflow, an Eclipse
plugin, which is detailed in Sect. 4. Then we collected a test data set and con-
ducted our experiment on the test data set in Sect. 5. Finally, Sect. 6 concludes
and discusses possible direction for future work.

2 Query Generation

Our query generation model is motivated by the information retrieval ranking.
In information retrieval, the basic approach for ranking query results is the query
likelihood model where each document is scored by the probability of the model
generating a query:

P (Q|D) =
∏

q∈Q

P (q|D) (1)

where d is a document, Q is the query and q is a query term in Q. P (q|D)
is the probability of the document model generating a term. The score shows
how much a document matches the query. However, in query generation model
there is not a given query. If all possible generated queries of the document are
computed, we can easily generate one or Top N best query as follow:

P (Q|D) = Q = argmax
Q∈Ω

P (Q|D) = argmax
Q∈Ω

L∏

i=1

P (qi|D) (2)

Note that since query has a fixed length, we just need to compute all P (q|D)
and then get Top L query terms to maximize the P (Q|D). In this section, we
introduce two methods of computing P (q|D).

In LDA, when we get the posterior estimates of θ and ϕ, we can compute
the probability of a term generating in a document as:

P (q|D, θ̂, ϕ̂) =
K∑

z=1

P (q|z, ϕ̂)P (z|θ̂, D) (3)

where θ̂ and ϕ̂ are the posterior estimates of θ. Blei et al.[9] used a variational
Bayes approximation of the posterior distribution. There are alternative infer-
ence techniques: expectation propagation and Gibbs Sampling. We use Gibbs
Sampling technique in this paper, so we can get P (q|D) as follow:

p(q|D) =
K∑

z=1

c−
v,z + β

cz + V β

c−
i,k + α

Li + Kα
(4)
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where c−
v,z is the number of instances of term qi assigned to topic z except for

the current word, with hyper-parameters α and β. c−
i,k is the number of terms

in ith document assigned to topic z except for the current word, cz is the total
number of words assigned to topic z and Li is the length of the ith document.

3 Ranking

As mentioned before, in information retrieval, scores between query and doc-
uments is used to sort results. In this paper we compute the score between
code context and document instead of the score between query and document,
because the query is generated from code context. We introduce two method of
computing score of Stack Overflow posts, SD.

As we mentioned in Sect. 2, the posterior estimates of θ and ϕ can be used
to compute P (t|D, θ), the probability of document D generating the topic t.
Thus we can get a probability topic vector for every document. And with the
posterior estimates, LDA model can infer topic structure in developer’s code
context. We use Cosine Similarity to measure the similarity between the topic
vector of Stack Overflow posts and the topic vector of developer’s code context.
Finally we define the SD as:

SD =
∑K

t=1 P (z|D,ϕ) · P (z|D′, ϕ′)√∑K
i P (z|D,ϕ)2 ·

√∑K
i P (z|D′, ϕ′)

(5)

where D is the Stack Overflow post,D′ is code context. LDA treat the Q&A
as a vector of words which may ignore meta-information such as votes, user
reputation and so on. So we combine LDA and meta-information. Note that
if consider similarity between two topic vectors as a feature, we can combine
LDA-based Model with meta information. We update the LDA-based Ranking
model as:

SD =λ

∑K
t=1 P (z|D, ϕ) · P (z|D′, ϕ′)√∑K

i P (z|D, ϕ)2 ·
√∑K

i P (z|D′, ϕ′)

+ (1− λ)
n∑

i=1

wi · si
(6)

There is some meta information in Stack Overflow from which we can extract
features as follow:

Question Votes: Every user can give every question a positive vote or a negative
vote. It reflects the quality of the question.

Accepted Answer Votes: The accepted answer votes is normalized like the
question votes. It reflects the quality of the accepted answer.

Questioner Reputation: Every user on Stack Overflow community has a rep-
utation. It is a rough measurement of how much the community trusts the
user.
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Answerer Reputation: The reputation of user whose answer is accepted in
the question.

Content Similarity: The similarity between retrieved content of Stack Over-
flow posts and developer’s code context. We first split the contents to words
then removing stop words and apply Porter Stemming. Finally we compute
similarity of two word vectors.

API method Similarity: It’s similar with content similarity but compute sim-
ilarity of API method word vector which extract from content and code con-
text.

4 Recommendflow

Figure 1 show the architecture of Recommendflow. It is based on client-server
model which consists of two major components - client (Eclipse plugin) and
server (web service server). They communicate through Hyper Text Transfer
Protocol and send files in json format to each other.

Fig. 1. Architecture.

To initiate, crawler crawled all Stack Over flow data (eg. question&answer
posts, user data) and processed them. Server added the processed data to elastic
search and trained LDA model on these data. Once developers change their
source code, the plugin sends code context to server side where LDA model
infers latent topics structure of it and query generation service formulates query
with the inferred structure. Then the server calls a new search through Elastic
Search. After computed score and sorted in Ranking Service, the retrieved posts
will be sent to plugin. To ensure our data are up to date, the server crawls Stack
Overflow and retrains LDA model regularly.

As we introduced before, Recommenflow both automatically recommends
Stack Overflow posts and offers search service. If developers formulate their query
by themselves, the server just skips over generating query step and retrieves
documents directly. Figure 2 represents Recommendflow user interface.
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Fig. 2. Recommendflow User Interface.

5 Experiment

To evaluate our approach, we conducted our experiments on the test data set
which is collected by ourselves. The test data set consisted of some codes and
related Q&A. All related Q&A conducted a Q&A set. We processed each code
and recommend Q&A from the Q&A set and record if the recommended is
related to the code. We considered recommending model in [6] as baseline and
compared our approach and baseline. The experiment result is presented in
Fig. 3.

Fig. 3. Experiment result of the test data set in average precision.

6 Conclusion and Future Work

We have proposed a new approach to automatically generate query from code
context and rank retrieval results, implemented it in a tool named Recommend-
flow and evaluated the method in the test data set. Our approach is based on
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LDA model and experiment results on the test data set demonstrate that the
LDA-based method outperforms the baseline.

We also have a plan to optimize our system and offer it to programmer
community for free.
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