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Modified Neural Language Model and Its Application in Code Suggestion

ZHANG Xian BEN Ke-rong
(School of Electronic Engineering, Naval University of Engineering, Wuhan 430033, China)

Abstract Language models are designed to characterize the occurrence probabilities of text segments. As a class of im-
portant model in the field of natural language processing,it has been widely used in different software analysis tasks in
recent years. To enhance the learning ability for code features,this paper proposed a modified recurrent neural network
language model, called CodeNLM. By analyzing the source code sequences represented in embedding form, the model can
capture rules in codes and realize the estimation of the joint probability distribution of the sequences. Considering that
the existing models only learn the code data and the information is not fully utilized, this paper proposed an additional
information guidance strategy,which can improve the ability of characterizing the code rules through the assistance of
non-code information. Aiming at the characteristics of language modeling task,a layer-by-layer incremental nodes setting
strategy is proposed,which can optimize the network structure and improve the effectiveness of information transmis-
sion. In the verification experiments,for 9 Java projects with 2. 03M lines of code,the perplexity index of CodeNLM is
obviously better than the contrast n-gram class models and neural language models. In the code suggestion task, the
average accuracy (MRR index) of the proposed model is 3. 4 % ~24. 4% higher than the contrast methods. The experi-
mental results show that except possessing a strong long-distance information learning capability, CodeNLM can effec-
tively model programming language and perform code suggestion well.

Keywords Software analysis,Code suggestion, Natural language processing. LLanguage model,Recurrent neural network
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public class JDBCTest

try {
Class.forName("sun.jdbc.odbc.JdbcOdbceDriver");
}

catch (Exception e)

T E BRI
e.printStackTrace(); 1. toString (%4
System.out.println(e._? 2. getMessage

3. getClass

...... 4. getName

5. printStackTrace

try {
Category log = Category.getInstance("main");
log.debug("Debug 1");

Thread.sleep(500); B
log.info("info 1"); 1. 500 v
Thread.sleep(500); 2.200
log.warn("warn 1"); 3. 100
Thread.sleep(_? 4.10

5.50

B 1 AR 7R B (B CodeNLM 74 5))

Fig.1 Example of code suggestion (acquired by CodeNLM)
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Fig. 3 Extraction and quantification of additional information
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Table 1 Information of evaluated dataset

THH 4 &N X * G AT AR B AT
Ant 20110123 1193 254457 128266
Batik 20110118 1657 367293 195467
Cassandra 20110122 545 135992 97029
Logd] 20101119 353 68528 34479
Lucene 20100319 2279 429957 266573
Maven2 20101118 386 61622 38593
Maven3 20110122 847 114527 70462
Xalan-]J 20091212 973 349837 171619
Xerces 20110111 827 257572 138841
Bt — 9060 2039785 1141329
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Fig.4 Loss curves (10-fold cross validation)
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