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Fig. 1 The framework for source code similarity
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2.2.2 SICE ## A
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Fig. 3 Source code representation based on SICE-CNN
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3.3 LR

Filik A L SICE | SICE-CNN = Fh 77 I e FATT M 8500 45 L 453847 10 3, BUH S 46 ) 25
J AR LR 5 1 AR AU TR 5 2 8 ~ 55 4 50430 AR R D i SR )
Nup , Npx» Ny BFIEL 55 5 51 ~ 58 7 DI Tk i Ar e A a0 0f P (EARIER 1, v LA
i SICE J7ik Mk SICE B CNN J5 ik 528 BRI L4 F B A FH iml ik A [l 5 %, SF34 F,
43 IEE R T 9% F1 19%. et SICE SICE-CNN J5 I 75 A 4 B8 AL 3 L W | 43 B4 5
T 18%FN 41% AB RN Iy 125 (4 A vk SRR AT I R, RIS, Sk 7 DN A oy 12 A e PR g, X AR B
PR ST I, BIMELN O FFLRFE AR 0.1 B33 1.IR4E5 A0 4 B B v il i A
B BUE R AR, N T LUE S BTPIRN i MBI Z0 0 0.9 22460, F, PEREIR B 4r,
SR B(EZ R 0.6 B, PERE R

FA MR

Table 1 Similarity results
Nyp Nix Npp P/% R /% Fy /%
word embedding 30 328 8132 42 022 79 42 55
SICE 26 610 11 850 17 842 69 60 64
SICE-CNN 25 662 12 798 5202 66.7 83.1 74
].0' ———-————n———~~———~"“"=::::‘~\
0.8+
0.6
P
0.4
— SICE-CNN
0.24 --- word embedding
----- SICE
02 0.4 0.6 0’8 10
threshold #
1O sicE-CcNN LOT__SICE-CNN
--- word embedding {--- word embedding
0.84 ... i 0.8
0.6 1 i 0.6
R e K
0.4 1 //I 0.4 1
0.2 4 0.2
0 . i e . 0 . . . . .
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
threshold ¢ threshold #

Bl 4 PERERE (S EEATE I
Fig. 4 Performance changes with the threshold parameter ([0.1,1])
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FAERY, SR b A SCIT B B i O AR RR AL T — R A ] 1) 5 2k T ELAZ B (A AR Ak 5 i Ay
GER ARFERSHERE R A frde .

AR SOy B AR RS TR B e s B A RIS R b (B R e R T E E X
FHRAEAFAE AN RIS A 3R] Bl S22t ORS B AN e 10 S AL DR G 422 00 B Mg i — 0 g ki) 288
LIPS N i S ATl e gy e
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fits® SICE-CNN iEfCAB ARl &

Input; two matrices forsource code
Parameters : max_length, emded_dim, rate, filter_num
Output; similarity
def get_model () ://5& L SICE-CNN 54
left_seq = Input()// 7€ i AJZ
right_seq = Input()
input_seq = Input( )
for fsize in filter_sizes: // & X2
conv = ConvlD( ) (input_seq)
maxpool = MaxPooling1D( pool_size) (conv) //5E X pooling JZ
merge = Concatenate (axis=1) (all_convs)//%E X merge JZ
output = Dropout(rate=0.2) (merge)//5E i )2
enn_model = Model (input_seq, output)// &4 R
cnn_left = enn_model (left_seq)
cnn_right = cnn_model (right_seq)
prediction = Dot(axes=1, normalize=True) ([ enn_left, cnn_right]) //A%5%ARBLEEAE g N 285 SR
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 ) // 4= il yei
valid_generator = DataGenerator( valid_doc ) // 4 B35 11F 5 P
json_string = siamese_model.to_json( )/ /ARAE CNN P25 i 2544
//FEHEIE ANBHE AT ISR

siamese_model.fit_generator ( training_generator, epochs, valid_generator)

« ’

if _name == “__main_ "
train_data , test_data , valid_data=load_data( ) ///> 813522801 2k 3 IS 0FE 5 s

model = get_model () //#}HL model

model.load_weight( weight_path) / /i I Z51F) TF-IDF HnALR (6] 5

train_model ( model , train_path, valid_path, max_length, epoch=20, batch_size=32)// Il Zf& 5l

predict_data( test_path, arch_path, weight_path, res_loss_path, max_length) // il 45 5t
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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 seg-
ments, 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 similarity 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
improve 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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