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Abstract: The analysis and inference of program play an important role in software development, maintenance and
migration. How to efficiently obtain high quality information from program code has become a hot research topic.
In recent years, a large number of researchers have introduced the deep learning-based representation technology
into the code analysis tasks. The deep learning model can automatically extract the implicit and useful features
implicit in the source code, which can alleviate the dependence on the manual construct feature. This paper first
introduces the background and basic concepts of code representation, and summarizes the recent research work on
deep learning-based code representation learning from the perspective of code static information analysis. Furthermore,
this paper introduces the application of code representation on three tasks, code clone detection, code search and
code completion. Finally, it discusses the challenges of deep learning-based code representation and the possible
research directions in this field.
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Fig.1 Framework of code analysis with deep learning
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Fig.2 Matrix-based distributional representation
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Fig.3 Two training frameworks of Word2vec algorithm
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Table 2 Deep learning-based code clone detection methods

(RN R 7S oAl o1 225 ) 45 A 14 LioRllNzEa=t i 1]
CCLearner™ Type-1,2,3(ST) TR 2 0 4% Java 2017
CDLH™ Type-1,2,3,4 SR TRV IS Java,C 2017
DeepSim"™ Type-1,2,3,4 T A 2 N 2% Java 2018
ASTNN™ Type-1,2,3,4 IR E7 N Java.C 2019
TECCD™ Type-1,2,3 P22 ) 245 Java 2019
FCCA™ Type-1,2,3,4 K2 24 T 8 ) 24 Java 2020
FCDetector”” Type-4 TR 22 N 4% C 2020
At-biLSTM™ Type-1,2,3,4 WL i) S e A2 M 45 Java.C 2020
Rsharer+"" Type-1,2,3,4 B U 22 N 2% Java 2020
MISIM™” Type-1,2,3,4 &I £ ] 2% C.C+H+ 2020
CodeAli®” Type-1,2,3,4 LR 2 N 2% Java.C 2021
CACCD™ Type-1,2,3,4 PAE TR iR AT Java 2021
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Java code:

public AttributeContext(Method setter , Object value) {

this.value = value;

this.setter = setter;
}

Subword units:

public</t> Attribute Con text</t> (</t> Method</t> set ter</t> ,</t> Object</t>|
value</t> )</t> (</t> this</t> .</t> value</t> =</t> value</t> ;</t> this</t>
.</t> set ter</t> =</t> set ter</t> ;</t> }</t>

P4 Java fCHS Y 6] o0 15 )il o
Fig.4 Word and subword units of Java code
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