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Abstract - Inconsistent changes to code clones can create faults
and, hence, lead to incorrect program behavior. Consequently, these
clones increase the change effort when software is maintained. In
order to improve software quality and to help programmers pre
attention the hidden trouble of clone inconsistent changes. In this
paper, Different from previous research, we predict the probability of
inconsistent changes to clones based LDA. This paper expands the
LDA (Latent Dirichlet Allocation) model application fields. The
experiment on a large open source software system is presented.
Experimental results show the feasibility of this technique.

Index Terms - Predicting Probability, Inconsistent Changes,
LDA

1. Introduction

Research in software maintenance has shown that many
programs contain a significant amount of duplicated (cloned)
code. Such cloned code is considered harmful for two
reasons: (1) multiple, possibly unnecessary, duplicates of code
increase maintenance costs and, (2) inconsistent changes to
cloned code can create faults and, hence, lead to incorrect
program behavior [1-2].

To shed light on the situation, we investigated the effects
of code cloning on program correctness. It is important to
understand, that clones do not directly cause faults but
inconsistent changes to clones can lead to unexpected
program behavior. A particularly dangerous type of change to
cloned code is the inconsistent bug fix. If a fault was found in
cloned code but not fixed in all clone instances, the system is
likely to still exhibit the incorrect behavior. To illustrate this,
Fig. 1 shows an example, where a missing null-check was
retrofitted in only one clone instance [3].

Previous studies were detecting inconsistent changes to
code clones. Researchers calculated how many code clones
are inconsistent changes in multiple versions of software. At
the same time they proved that the inconsistent changes to
clones is harmful to developers and maintainers. Therefore, it
is important to predict the probability of inconsistent changes
to code clones, in order to improve software quality and to
help programmer pre attention the hidden trouble of clone
inconsistent changes.

In this paper, we implement a mapping of multiple
versions of the clone group to obtain a clone group evolution.
Source code files which include code clones will be extracted

Natural Science Foundation of Inner Mongolia (N0.2011MS0906)
The National Natural Science Foundation of China (N0.61363017)

© 2014. The authors - Published by Atlantis Press

118

according to the evolution history of each clone group.
Then using the LDA model identifies themes of these source
code files and judge the stability of file functions. Finally, we
predict the probability of inconsistent changes to code clones.

Contributions of this paper:

Unlike existing studies that researchers only consider a
single feature of the code clones. The code clones in this
paper are placed in the context and we enrich code clones
feature information.

LDA model is applied to the field of code clones for the
first time. Simultaneously, we quantify the evolution
information of code clones and predict the probability of
inconsistent changes to code clones and provide data for
our follow up predicting harmfulness of code clones.

2. Related Work

Hindle et al.apply the Link model to commit log
messages in order to see what topics are being worked on by
developers at any given time[4]. The authors apply the Link
model (based on LDA) to a collection of commit logs over a
period of 30 days, then link topics from successive periods
using an 8-out-of-10 top-term similarity measure (i.e., if at
least 8 of the 10 top words for a topic at period i are shared by
a topic at period i+ 1, then the topics are considered the
same). The authors find LDA to be useful in identifying
activity trends and present several visualization techniques to
understand the results.

Linstead et al. use the Hall model (based on LDA) to
analyze source code evolution, claiming that LDA provides
better results than LSI [5]. The authors present line plots of
topic assignment percentages over time for two systems,
Eclipse and ArgoUML. These plots reveal integration points
and other changes that shape a project’s lifetime. We build on
this work by formalizing the approach, considering additional
topic metrics to better understand topic change events, and
providing a detailed, manual analysis of the topic change
events to validate and characterize the results of the approach.

Above knowable, the current researchers don't pay much
attention to the study predicting the probability of inconsistent
changes to code clones.
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Figure 1  Missing null check on right side can cause exception
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Figure 2 Adjacent version clone group mappings.

3. Study Approach

First of all, we build clone group mapping for multiple
versions of software on the basis of existing clone detection
tool. The specific mapping relationship is shown in Figure 2.
Each branch in the figure constitutes a lineage clone. Lineage
clone is a directed acyclic graph, which describes a clone
group's immediate evolution history that has no branch. Next,
source code files which include code clones will be extracted
according to the evolution history of each clone group. Then
using the LDA model identifies themes of these source code
files. Finally, we predict the probability of inconsistent
changes to code clones by calculating information entropy etc.

A. Building Clone Group Mapping

The construction of cloning group mapping is primarily
on the basis of calculating text similarity. The text similarity
between two code snippets C1 and C2 is determined by
calculating the common tokens sequence with respect to their
token sizes. By considering tokens generated by FCD [6], we
count the textual matches across versions. Equation (1) below

describes the TextSimilarity function. Here |C1| and |C2| are the
token sizes of code snippets of C1 and C2 respectively.
ICl M CzI is the size of common ordered tokens between C1

and C2, calculated using the longest common subsequence
(LCS) algorithm. We used a text similarity heuristic of
0.8.With this similarity threshold, the length and size of the
genealogies are neither overestimated nor underestimated.
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TextSimilarity(C,,C,) =

Because code clones to convert into token is a lexical
analysis process. Sometimes, the tokens that two code clones
are not the same may be similar. So the text similarity score
itself is not always enough to get better result. In snippet
matching, on the other hand, we match the snippets based on
the similarity of identifiers. Because the clone detection tools
we used only detects clone group of type-1 and type-2. So
each clone group contains almost exactly the same code
snippets. Therefore, we can random extract a code fragment to
a clone group. According to the following formula calculated

the snippet matching.
4_LCS(si,sj)}/Z (2
len(S;)

LCS (S;, S;) represents the length of the longest common
subsequence for two cloned fragments. len (S;) represents the
length of cloned fragment S;. If the matching scores greater
than the threshold 0.3, we establish mappings for the two
clones group. On the contrary, we do not establish a mapping
relationship.

LCS(S;,S;)
len(S;)

SnippetMatching (S;,S;) = {

B. Using LDA Extract the Themes to Set of Lineage Clone
Group

Source code files which include code clones are
extracted from a lineage clone that originated in the same
group. These files are defined as the set of lineage clone



group. Using LDA model extract the themes to set of lineage
clone group. Then we get the probability of each theme in
each file.

To apply LDA on code clone, we consider a software
system as a collection of documents and each document is
associated with a set of concepts (i.e., topics). The mapping
between LDA model and code cloning entities is shown in
Table 1.

TABLE 1 Mapping LDA to Code Cloning

LDA Model Code Cloning Entities
Identifiers and comments extracted from source
word . .
code, which comprise the vocabulary set
document source code files of a clone code
set of documents | source code files are included in a clone group.
corpus set of lineage clone group

For the LDA computation, we used MALLET version
2.0.6 [7]. MALLET is a highly scalable Java implementation
of the Gibbs sampling algorithm. We ran for 1,000 sampling
iterations, the first 100 of which were used for parameter
optimization [8]. We allowed MALLET to use
hyper-optimization for o and f input parameters, which are
smoothing parameters for the model.

For any given corpus, there is no provably optimal
choice for K [9]. The choice is a trade-off between coarser
topics (smaller K) and finer-grained topics (larger K). Setting
K to extremely small values results in topics that contain
multiple concepts (imagine only a single topic, which will
contain all of the concepts in the corpus!), while setting K to
extremely large values results in topics that are too fine to be
meaningful and only reveal the idiosyncrasies of the data. Our
goal in this study is to discover topics of medium granularity,
so we seek a non-extreme value for K.

Appendix A provides a brief replication guide for our
study.

C. Predicting the Probability of Inconsistent Changes to
Code Clones

We quantify the evolution information of code clones by
calculating the average probability, entropy, etc. Then we
predict the probability of inconsistent changes to code clones.
The following example in Figure 3 introduced attribute values
need to calculate.

Let us consider the following example of a group of
cloning, which consists of two documents implementing three
different topics (see Figure 3).

docl

doc2

Figure 3 Probability distributions of three topics in two files

We can observe that the second topic (vertical filling line
pattern in Figure 3), which is relevant to the first document
with probability pt=0.7 and to the second document with
probability pt=0.5, is the dominating topic in the documents
(as compared to the other two topics).
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(1) Average weight(AVG_w)

In this paper, the weight value is defined as the average
probability of each topic in the selected file. Average weights
are important parameters to calculation maximum weight
entropy in the next. Average weight is calculated as follows:

30
AVG _w(t,) = le 3)

The pt‘: is the probability of topic t; in a document d.

Its value can be gained by the LDA model. n is the number of
selected  files, in  our example  (figure  2):

AVG _w(t,) =(0.1+0.2)/2=0.15, AVG _w(t,) =0.5.

(2 )Topic_Distribution(TD)

Topics distribution is the entropy. Entropy essentially
reflects the degree of uncertainty. The higher entropy of a
theme is, the more similar probability value of the topics in
each file is. The probability distribution of topics in the file
can reflect the relation degree of file functions. Therefore,
through the entropy represent related degree between files
function. In order to compute entropy for a topic t; we need to
transform document-topic probability distributions P; to

topic-document distributions (|, as the following:

dj
p;,

qsi =— (4)
2P
d=1
d; is the j-th file, in our example (figure 3),

g, =0.2/(0.2+0.5)=0.286, ¢ =0.5/(0.2+0.5)=0.714.
The distribution of the topic t; is calculated as follows:

Zn‘, —q¢ xlog(qy)
D)= ©)

logn
In our example, TD(t;)=0.92, TD(t,)=0.88, TD(t3)=0.86.

(3) File Function Correlation(FFC)

Each file has more than one topic. The entropy of every
topic reflects the probability distribution of the topic in the
file. If relevant degree value is higher, the file function is
more similar. Conversely, the function of these files is more
dispersed. It also means that clones in the files are scattered.
Computation formula is as follows:

It

FFC =Y TD(t,) (6)

|t|is the number of extracting topics, in our sample,
FFC=0.92+0.88+0.86=2.66, 0<FFC <[t|.

(4) Maximal Weighted Entropy(MWEwe)

At last we need to further calculate the maximum
weighted entropy to obtain the main function. Because the
choice of each documents set is carried out in the adjacent
version and the value of two files’ sets which most relevant



functions are different is similar. The FFC value of two sets of
files is similar, but its most relevant functions may be
different. So we can not judge the stability of file’s functions
just by FFC values in the process of version evolution.
Considering this situation, need to calculate MWE:
MAX . = max(AVG _w(t,)xTD(t,))

I<i<lt|

()

|t| is the number of extracted topics, in our sample,

MAX . = max{0.15x 0.92,0.5x 0.88,0.35x 0.86} = 0.440.

According to the step B, we obtain the probability for
each topic in each file. Then we can calculate the Average
weight, Topic-Distribution and File Function Correlation,
Maximal Weighted Entropy. The FFC value reflects file
functions’ degree of similarity. The higher FFC value is, the
more similar the two documents function is. If source code
files which include code clones change frequently in the
evolution history, the FFC values we calculate will be small.
This shows that these code clones have high flexibility and
the probability of inconsistent changes to code clones will be
high. The probability is calculated as follows:

probability = >~ x f (FFC,)

i=1

(8)

f(FFCi):l—:FFCi ©)
We need to explain that every set of lineage clone group
has been repeated step B and C after step A.

4. Experiment and Result Analysis

A. Experiment

We chose open source software Bluefish to complete the
approach proposed in this paper, because the size of the
software appropriate to verify experiment results by manual,
as shown in table 2. Lines of clones are counted according to
detect function clones. The number of clone groups is
statistical results that filter out code clones less than five lines.

TABLE 2 Experimental Systems

Software Title | Soft Size | Lines of Clones | Number of Clone Groups
bluefish-2.2.4 | 66459 3478 56
bluefish-2.2.3 | 65731 3461 56
bluefish-2.2.1 | 63712 3622 53
bluefish-2.0.3 | 57168 2069 33
bluefish-2.0.0 53160 1710 24
bluefish-1.0.7 | 50786 14241 21
bluefish-1.0.6 | 50778 14241 21
bluefish-1.0.5 50741 14241 21

Table 2 shows the input data of this experiment. Next,
we construct cloned group mappings. With the last version
(bluefish-2.2.4) clone group is starting to move back mapping
process. The mapping results are shown in Table 3. Each row
is the clone group id number in each version and each column
is the evolution of clone groups and "-" is the end of the
evolution process. For example, bluefish-2.2.4 clone group
No.0 is evolved from bluefish-2.2.3 clone group No.0.
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TABLE 3 Clone Groups Mapping Between Versions

Software Title
bluefish-2.2.4
bluefish-2.2.3
bluefish-2.2.1
bluefish-2.0.3
bluefish-2.0.0
bluefish-1.0.7
bluefish-1.0.6 -
bluefish-1.0.5 -

Clone Grou
1 2
1
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Next, using LDA model extracts themes to set of lineage
clone group. Figure 4 is a portion of themes’ information
extracted. We can see that "topic id=0"means detailed
information of topic 0. Table 4 is the probability of each
theme in each file. We assuming five themes were extracted.

We got the probability of inconsistent changes to code
clones by calculating information entropy etc. according to
the probability of each theme in each file, as shown in table 5.
0.00023 in the table is the probability of inconsistent changes
to code clones that have mapping relationship between
bluefish-2.2.1 and bluefish-2.2.3. In this way, we obtain the
probability of inconsistent changes that each clone group of
bluefish-2.2.4 traces evolution every step. Table 5 selected
clone groups of long evolution history to show the results,
because clone group NO.1 and NO.4 of bluefish-2.2.4 just
have two versions evolution information. They are too short
and will be filtered out.

B. Result Analysis

We can see that the probability of inconsistent changes
have hardly any greater than 0.6. On the one hand, because
we have chosen some small software and most of all clone
groups containing codes are from the same source file. So the
probability of files change is small in the evolution. On the
other hand, because even if some source code file that is
contained by one clone group has changed in the evolution,
according to the formula (8) shows that the value of results to
improve the range is not large. Although the final probability
scores are almost all less than 0.5, the size discrimination of
inconsistent changes is quite obvious. So they will not affect
the final result of the experiment.

5. Conclusion

In this paper, we propose an approach that can predict
the probability of inconsistent changes to code clones for the
first time. LDA is also first applied to the code clone. We
extend application fields of LDA model. This method is based
on the detection result of clone groups. First of all, according
to the text similarity construct clone groups mapping cross
versions. Secondly, we extract themes to set of lineage clone
group with the LDA model and get the probability of each
theme in each file. Finally, we predict the probability of
inconsistent changes to code clones by applying the theory of
information entropy and calculating average probability etc..
In the future, we will study predicting harmfulness of code
clones according to the experimental results.



- «topics:

- «topic id="0" alpha="0.1508655599572976" totalTokens="7134" titles="maxisign dsti, for, put, avg, mpeg, const, w, block, return,

else"=

<word weight="0.08130081300813008" count="580"=for</word>
<word weight="0.07695542472666106" count="549">put</word>

<word weight="0.046958228202971686" count="335">avg</word=>
<word weight="0.04513596860106532" count="322">mpeg</word>
<word weight="0.042612839921502665" count="304">const</word:

<word weight="0.04065040650406504" count="290">c</word=>
<word weight="0.036865713484721056" count="263">w</word>

<word weight="0.027754415475189236" count="198">block</word:
<word weight="0.026352677319876647" count="188">return</word=

Figure 4 Identification file topics sample

TABLE 4 Topic Probability in Each File Sample

File TopicO Topicl Topic2 Topic3 Topic4 Topich
file:/e:/test/10-1qgpel.c 0.00002 0.00002 0.00001 0.4697 0.00002 0.5303
file:/e:/test/10-2dsputil.c 0.122 0.3487 0.0355 0.00009 0.1306 0.3632
file:/e:/test/11-1qgpel.c 0.00001 0.00001 0.00001 0.4718 0.00001 0.5281
file:/e:/test/11-2dsputil.c 0.1176 0.354 0.0348 0.00009 0.1319 0.3616
file:/e:/test/8-1qpel.c 0.00001 0.00001 0.00001 0.4632 0.00001 0.5367
file:/e:/test/8-2dsputil.c 0.1278 0.36 0.0416 0.0001 0.1161 0.3543
file:/e:/test/9-1qpel.c 0.0001 0.00001 0.00001 0.4614 0.00001 0.5384
file:/e:/test9-2dsputil.c 0.1231 0.3503 0.0358 0.0003 0.1271 0.3635
TABLE 5 the Probability of Inconsistent Changes to Code Clones
Clone groups of final version Version of bluefish
(bluefish-2.2.4) 2.2.3 2.2.1 2.0.3 2.0.0 1.0.7 1.0.6 1.05
clone group NO.0 of bluefish-2.2.4 0.00024 0.00023 0.00217 0.00351 - - -
clone group NO.2 of bluefish-2.2.4 0.00058 0.00043 0.00095 0.00189 - - -
clone group NO.3 of bluefish-2.2.4 0.07068 0.21819 0.00023 1 0.47028 0.09523 0.08917
clone group NO.5 of bluefish-2.2.4 0.06427 0.00560 0.10010 0.04304 0.20096 0.01171 0.00062
Appendix a Replication Guide References

For the sake of completeness, we include a guide for
replicating our study.

1. Collect source code data. This can be performed by
either checking out copies from the open source software.

2. Preprocess the data. Isolate source code identifiers and
comments. Split the words based on common naming
schemes. Convert all letters to lower case. Remove stop
words. Stem each word. Remove overly common words
(those that appear in more than 80% of the documents) and
rare words (less than 2%).

3. Transform the data into MALLET format. If input-dir
is the name of the top-level directory containing the
preprocessed source code documents, and ${MALLET-BIN}
is the path to the MALLET executable, then the command

${MALLET-BIN} import-dir --input input-dir --output
data. mallet --keep-sequence

will create the output file data. mallet.

4. Discover the topics. Run the command

${MALLET-BIN} train-topics \

--input data. mallet --num-topics K \

--num-iterations 10000 --optimize-burn-in 1000 \

--optimize-interval 100 \

--output-doc-topics allfiles.txt \

--output-topic-keys topics.dat \

--xml-topic-phrase-report topic-phrases.xmi

substituting the number of topics, iterations, etc. as
desired.
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