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Code Similarity Measurement Based on Graph Embedding
LIANG Yao, XIE Chun-li and WANG Wen-jie

School of Computer Science and Technology,Jiangsu Normal University, Xuzhou,Jiangsu 221116, China

Abstract In recent years,code similarity detection has been a hot topic in the field of software engineering, which can help code
clone detection,code defect prediction,and reduce the cost of software maintenance. At present, most popular code similarity de-
tection methods build language processing model to extract the text, syntax, structure and other feature information of source
code from tokens, AST and other code representations,and map them to real value vectors in continuous space. Then,obtain the
similar value of the code comparison by calculating the Euclidean distance and cosine value of the extracted features or by the
shallow neural network model. These methods have achieved better results than the traditional static analysis program. However,
most of these methods are based on the grammar level of source code,which can not make full use of the semantic information of
source code. Although Doc2Vec and Word2Vec can extract the lexical semantic information of code,they are powerless to handle
the execution semantic information of code. To solve this problem,control flow graph(CFG) is proposed to represent the execu-
tion semantics of code,and the graph embedding method based on random walk is used to learn and reason the semantic informa-
tion of the code,and then judge the functional similarity of the source code. Compared with Doc2Vec and Word2Vec methods, ex-
perimental results show that the model can accurately detect the functional similarity of source code,and its F1 value improves by
16.01% and 18.72% compared with Doc2Vec and Word2Vec methods, respectively.

Keywords Control flow graph,Graph embedding, Random walk,Code similarity detection
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Fig. 2 Code similarity measurement model based on graph embedding
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Table 2 Similarity results of code similarity function test experiment

L 06D
e R 1 BREG 2 DeepWalk # &  Word2Vec # &  Doc2Vec # #
1 Greatestcommondvisior_1. cpp Greatestcommondvisior_2. cpp 98.93 87.93 45.93
2 Greatestcommondvisior_1. cpp Greatestcommondvisior_3. cpp 97.78 75.78 37.78
3 Greatestcommondvisior_1. cpp Greatestcommondvisior_4. cpp 50.59 99.59 42.59
4 Greatestcommondvisior_1. cpp Greatestcommondvisior_5. cpp 88. 85 68. 85 66. 85
5 Greatestcommondvisior_2. cpp Greatestcommondvisior_3. cpp 99.16 87.16 29.16
6 Greatestcommondvisior_2. cpp Greatestcommondvisior_4. cpp 40.78 83.78 46.78
7 Greatestcommondvisior_2. cpp Greatestcommondvisior_5. cpp 86.99 86.09 39.99
8 Greatestcommondvisior_3. cpp Greatestcommondvisior_4. cpp 38.03 71.03 38.03
9 Greatestcommondvisior_3. cpp Greatestcommondvisior_5. cpp 82.96 88.96 48. 96
10 Greatestcommondvisior_4. cpp Greatestcommondvisior_5. cpp 32.09 92.09 45.09
3 AURD AN A DL 2 18 00 3 552 56 614 A B0 B 25 2R
Table 3 Similarity results of code dissimilar function test experiment
CHAL: 26)
F g B R 2 DeepWalk # & Word2Vec # A Doc2Vec # &
1 Greatestcommondvisior_1. cpp Euclid-1. cpp 16. 08 66.08 16. 08
2 Greatestcommondvisior_1. cpp Fibonaccisequence-1. cpp 34.13 54.13 3.13
3 Greatestcommondvisior_1. cpp Sumofoddsquares-1. cpp 22.04 38.04 23.04
4 Greatestcommondvisior_1. cpp Factorialsum-1. cpp 39.09 66.09 21.09
5 Euclid-1. cpp Fibonaccisequence-1. cpp 49.19 74.19 18.19
6 Euclid-1. cpp Sumofoddsquares-1. cpp 36.61 57.61 14.61
7 Euclid-1. cpp Factorialsum-1. cpp 66.95 57.95 6.95
8 Fibonaccisequence-1. cpp Sumofoddsquares-1. cpp 72.83 67.83 4.83
9 Fibonaccisequence-1. cpp Factorialsum-1. cpp 47.16 40. 16 13.16
10 Sumofoddsquares-1. cpp Factorialsum-1. cpp 39.70 65.70 2.70
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Table 4 Comparison results of 3 experimental indexes

TP TN FP FN Precision Recall F1
Doc2Vec 146 9520 238 96 0.3802 0.6033 0.4665
Word2Vec 154 9530 230 86 0.4010 0.6417  0.4936
DeepWalk 235 9317 140 109 0.6267 0.6831 0.6537
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Fig. 4 Comparison of indicators vary with thresholds
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