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SICE-CNN

Input: two matrices forsource code
Parameters: max_length emded_dim rate filter_num
Output: similarity
def get_model( ) : // SICE-CNN
left_seq = Input() //
right_seq = Input( )
input_seq = Input()
for fsize in filter_sizes: //
conv = ConvlD( ) ( input_seq)
maxpool = MaxPoolingl D( pool_size) ( conv) // pooling
merge = Concatenate( axis= 1) ( all_convs) // merge
output = Dropout( rate=0.2) ( merge) //
cnn_model = Model( input_seq output) //
cnn_left = cnn_model( left_seq)
cnn_right = cnn_model( right_seq)
prediction = Dot( axes=1 normalize=True) ( cnn_left cnn_right ) //
siamese_model = Model( inputs= left_seq right_seq  outputs=prediction)
return siamese_model
def train_model( siamese_model train_doc valid_doc epoch=10 batch_size=128)
siamese_model = get_model( )
training_generator = DataGenerator( train_doc) //
valid_generator = DataGenerator( valid_doc) //
json_string = siamese_model.to_json( ) // CNN
/1
siamese_model.fit_generator( training_generator epochs valid_generator)

if _name__ == “__main__":
train_data test_data valid_data=load_data( ) // N N

model =get_model() // model
model.load_weight( weight_path) // TFADF
train_model( model train_path valid_path max_length epoch=20 batch_size=32) //

predict_data( test_path arch_path weight_path res_loss_path max_length) //
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A Source Code Similarity Approach Based on
Improved Convolutional Neural Networks

XIE Chunli  LIN Jiangxu  LIU Xiaoyang =~ ZHANG Wenbin =~ HUANG Junwei
( School of Computer Science & Technology Jiangsu Normal University
Xuzhou Jiangsu 221116 P.R.China)

Abstract: The source code similarity refers to the functional similarity of different code segments which
touches off important research in the field of software engineering. The existing methods mainly extracted
texts and structure features manually from source codes to calculate the similarity based on the statistical
information in disregard of the semantic characteristics of codes. To solve this problem a source code sim—
ilarity detection method based on the CNN was proposed. First the source code was represented through
word embedding to obtain the vector information of word embedding. Second the CNN training model was
constructed to learn the embedded representation of source code documents. Finally the cosine similarity
value of source code pairs was calculated. Experiments show that the proposed method can certainly im—

prove the performance with respect to the semantic similarity of source codes.

Key words: deep learning; convolutional neural network; code similarity; word embedding
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