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CNN-based Program Compilation Error Message Feature Extraction
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Abstract: With the rapid development of the Internet industry,in the field of natural language processing, the effective representation of
input as fixed length feature vectors is an important research direction in machine learning algorithms. Massive compilation error message
can not only be used to study the similarity of program error, but also to cluster and classify the compilation error message to give teachers
specific guidance in the education and teaching of computer programming courses. The essence of these applications lies in the efficient
extraction of compiler error message characteristics. We propose a method of feature extraction of the compiled error message based on
word2vec model and convolutional neural networks (CNN). At first,the compiled error message is represented by the skip—gram model
in the word2vec tool in the form of word vector,and then the complete characteristic vector of the compiled error message is represented
by the CNN. Effectively learn fixed — length feature representations from variable — length compile error message. Finally, SVM
classification algorithm is used to verify the experimental results. It is showed that the feature extraction method is effective in compiling
error message.
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