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Figure 1 The architecture of TCCCD
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AR 4 EIRT)E M 2 AL E
T R BOR A2 B A Yo
Y, = 0 (Linear( Linear(Y"))) (10)

AYR S TR ZE R NE T — AL 1 B e
& C .

Y iden = YViiaaen TY75 (11)

C, = LayerNorm (Y’ ,...) o (12)

1.3 CNNHZ£RBRER
ME SCHR[ 13-15] A AF5E, CNN F1 self-attention
TR E BRI EFE 2 R . self-attention £& &
1542 JRy bR S0 R E A WP L G B 2 R v R T
CNN B 2 i 5C T B g A B9 =) iR RR AR5 B . AR
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L. W, e R SHRUESERE; b, M RE .
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XF TR S HGEAT Ol A DI 20 R, X
TR B AR B B, A AR B R o A A A AR
Je i A EOR I B R AT T i g, 2 [0,1]
Y BAASE R b, T A prediction b

True,y, > 0;

(16)

prediction (18)

False,y, < 6,
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AU B (E T 0.5, 45 B BUNAE A True , #5015
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TR 3 AU SR oy Dy i 3 BRI R 3 R
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2.1

EHE i 600 J7 A4~ EAR I v e X Ak it 26 7 4~ B
RS TEREXT, BEALIE T 20 000 X5 AR A% 7o B X
T RE 3 RIS 4 U RS v B 6 2R 20 000 Xt 2
AL A2 R 3 RUECR D B/ T 20 000 X,
DL BT A BIRE D, 2 AL B 5 b
BARBLL3 0 1 1 L BE AL 4 SR I 2R AR R
S TNIREE

AR T A ARG Y0 87 D VI V8 R of T At A5 8 )
e, A HEpR I E TN
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Precision = ———;
TP + FP
TP
Recall = ————; (19)
TP + FN
Precision X Recall
F1 = o
Precision + Recall

FH : Precision 3R 7845 [ 5 Recall 327~ B 1 K ; TP 3%
TR R G AR R T R 1 v B X AR B FP RN B
PO Sy v B 1) Al v B0 B B s TV R s U AR
e B A IR B R X 1 B0 5 FIV 3R 7R B TN O AR B R
14 e e Xof ) 4K B
2.2 LRHRBE5SHILE

A SZ I 1 BE A 36 55 8 Inter (R) Core 17-8700K
CPU NVIDIA GeForce GTX 1080 Ti( discrete graph-
ics) \RAM 32.00 GB, #f¥4% K Anaconda 3. 6.0,
Pycharm 3. 4.0 Pytorch 1. 6.0, 1t FH pycparser fi#t By
C AR 1S | Javalang f# M7 Java 1 8% 75 #| AST; fif A
Word2Vec 15 2|t A F 7~ ; AdaMax ML ILAR .

Sl R 2 W R SR, B B
RESR I (B AY 40 Y B2 B 2 5T« Encode di-
mension "N 128 ; Embedding dimension A 128 ; Hidden
dimension "N 256 ; Epoch M 15; Baich size 5 32 ; Num-
ber of head 3 8; Kernel size "N 3; Number of encoder
block layer bl 6 ;max length N 512;6 4 0.5,
2.3 LWHER
2.3.1 BEAZM oA

RT3 AT R AR 2 R AR e R R Y 5 e
UE TCCCD "G 2 4> 45 J5 $2 BURFAE 19 BE ) B0
BT 1 3 Flobh 2 19 46 25 0 90 A7 AU T R A I L
B TCCCD ,CNN A Transformer Y Encoder,

®1 KREEEALUBIEE
Table 1 Code clone detection dataset
- B ERBERE BKFTH CFHFH ASTEK ASTFY  ASTRK  AST Y
Ko XF ks % KR K W W T A T A
0JClone 7 500 6.6 2271 244 60 13.2 1 624 192
BigCloneBench 59 688 95.7 16 253 227 192 9.9 15 217 206
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M F11E, " LIE W {3 A Transformer /) Encoder £
CNN AHEE & 45+, B TCCCD , A % T Hifl 2 4> 4%
SR B, 25d 1 I Z 5, TCCCD 78 K
UESE F A R SRR T 0. 126 8., #E 15 f2 191
it firp , TCCCD 4 — & B iF 5 2 (H ¥ K F 53 4k 2
AW 2R, Zead 15 Bl 2 )5, TCCCD 4544 1)
K5 BEN 98.9% , 3 MK K 98. 1% ,F1 {5} 98.5%, 3
ASPEM P8 BRAE 3 R T HoA 2 SRS A,
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Figure 2 Loss curves for different neural network

on the validation set of OJClone
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Figure 3 Performance comparison of different neural

network for detecting code clone on OJClone dataset
F2EIR T AN Bl 25 ) 2% 25 4 7E B I 4R Big-
CloneBench |- 4 FfAS [] 245 7Y (%) A8 15 o Bt Ao ) &%
S, BCB-T1 BCB-T2 BCB-T4 43 540 2 £ i 4
BigCloneBench H 2% 1 57 2 JZEA 4 BCB-ST3
H1 BCB-MT3 4354t £ 5 4 BigCloneBench H Y 5ik
3RIAIRE 3 R SE R AR 4 R IR AU

e, TCCCD J5 A I A iR & F1E ¥ N e
TCCCD #H % Ff# F§ Transformer ] Encoder & 43 8%
# CNN $2BOACHS 45 AR A DL 3, mT DL g e 00K 2
IF] i B AIG 5 4 S R % . EL TCCCD 7385 BCB-
T1 F1 BCB-T2 2 ANUHS F B iy AR ABL P 7 1o #0 AF #
AR BB TR R B bR R AT 24 BR TERESE X 2 A4
ARG Fr BEIL - AR TR T A Al AQ RS e g 2 70
TCCCD # M BCRFEA T [, JUHAE BCB-T4 Al
KA LLiA 3] 99.3% , A3 MR H A5 91. 2%, F1 {8
W HAT 93. 8%, 1 BHAG I 4 A1 B %k R 85 ey, A7 — 2K
B AL A AR X A T T AR TERE X
T2 TEHEMLELHTE BigCloneBench ##E &£
X A4AMAEEBAKDEERLNER
Table 2 Different neural networks detect of four types

code clone on BigCloneBench

2 ) 2% 45 | W/ % BN/ % F1/%
BCB-T1 96. 5 95.7 96. 1

BCB-T2 96.3 95.6 95.8

CNN BCB-ST3 95.9 92.5 93.9
BCB-MT3 91.1 87.2 89.3

BCB-T4 90.3 82.1 86.3

BCB-T1 99. 6 99. 8 99.7

Transformer BCB-T2 99.3 99. 6 99. 4
Encoder H 4 BCB-ST3 99.0 9.1 96.5
BCB-MT3 98. 1 91.2 94. 1

BCB-T4 97.6 86.3 91.2

BCB-T1 100.0  100.0  100.0

BCB-T2  100.0  100.0  100.0

TCCCD BCB-ST3 99.6 94.9 9.8
BCB-MT3 99.4 92.1 9. 1

BCB-T4 99.3 91.2 93.8

SEHG R W, Transformer fY Encoder #5431 CNN
2 5] BT R AR SRR AE 2 A R0 45 AH 25 & 4R B
L fig 1 H 5,
2.3.2 BHikE2LAKELE LMK LRI

%3 RN T A MBAE 0JClone %4l 4 LA AT
R 455, nTLAE 2, RAE Ml CDLH J7 % kS
JEFN F1 AR o3/ KT 60% . X /& i RAE
T token J¥HHEAT G 5, TC LA & S BARHS Y
SERFEAE . OJClone 2 F 2% AE £ 22 1) 4 e 81 4 325 T
R, —MARDTIHEE =05 il w238 ik K
B A4, I, CDLH B4R 23T AST 4K
HE&ERRZHEICGE R, Rk — i k(s e,
ASTNN At-BiLSTM , TCCCD A A5 v B il 2 SR 43¢
Gf KRG B IR F1LEB ST 90% ., 3 iy 4R
FeF AT UEAT SR A5, UL BH A KB AST DI #) i iE
TR D VR B TR 2 SRS R 25 4 {5 B T
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AR IR R MR B, TCCCD 1 4% W &t 45 s
Mg T A AT T — SRR, ARG RS L TC-
CCD 5 ASTNN ¥ H A = {8 98. 9% ; 76 A [ % I+,
TCCCD H, ASTNN & 5.4 H 20 45, b At-BiLSTM &
2.8 Ay, IAE T 98. 1% 78 F1 {i I, TCCCD It
ASTNN & 3 H 43 21, lb At-BiLSTM & 2.5 & 43
KRBT 98.5%, Transformer B Encoder R 43 i
CNN ARGAR I, 7T LA > il AR 42 )R 15 A=)
A5 B A H % ) i 328 . TCCCD REHR M3 B £ 1
L T R AR 5 R A A URD B AR
#£3 BAHEEOJClone HEE FHLHLER
Table 3 Results of various methods on OJClone %

VRS ¥ PEN R F1
RAE 48.9 65.6 56.0
CDLH 47.0 73.0 57.0
ASTNN 98.9 92.7 95.5
At-BiLSTM 9.8 95.3 96. 0
TCCCD 98.9 98. 1 98.5

4 JBIR T 4% J7 ¥ 7E BigCloneBench L A4 46
2
&R 4 & J5ETE BigCloneBench #{IE4& FH LWL R

Table 4 Results of various methods

on BigCloneBench %
Ji ik KB EIEES F1
RAE 73.5 60. 1 56.0
CDLH 92.0 74.0 82.0
ASTNN 97.9 88.4 92.9
At-BiLSTM 95.9 91.1 93.4
TCCCD 99.1 91.5 94.2

i1 T BigCloneBench f & 4 RIS SR A
DU 2 25 R AR5 4 b7 1 AR X 45 i A i
Bk, T 0JClone ¥ 45, RAE 1 CDLH 7
DA A SR A LT RAE A AR A BE il 48. 9% 41
JHE T 73.5% ,CDLH B KRS B i 47. 0% 32 71 2
T 92.0%, X &M T BigCloneBench J& M H 52 i H
HRZ R B Y SE B — A n) E A A 2 20 A R Y
BRI LK Java FEREZE, 1 ASTNN | At-BiL-
STM \TCCCD 5l % SRR A T B, IR R & 28 7 4 1
FRAD X o5 AR A 5 B BB — 2 DL TR AL 4 R
B SCAEARL R AR A5 5 [ X, A7 — 2638 SC AR AL AR A5
XF I AN & TR S R SO B BE M R T A A ]
RMFLEYA MK, BRI 3 A IETE Big-
CloneBench Az SR mE A T [, (Hi8 = F RAE
1 CDLH J5 %,

TER ARG BE |, TCCCD M 99. 1%, Hb ASTNN 7
M1 2 5, e A-BILSTM i i 3.2 H 0 s 76 B
R4 [, TCCCD o ASTNN /& i 3.1 @ 20 i kb

At-BiLSTM = i} 0.4 A 43 5578 F1 {H |, TCCCD I
ASTNN @i 1.3 H 43 s, t At-BiLSTM =i 0.8 A
Sy A GRE T 94.2%, MILZ R, TCCCD AT LS B
B G RS BB [ e AR AR AR R

3 &g

AR T HF Transformer F1 4 B b 25 W 2%
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Code Clone Detection Based on Transformer and Convolutional Neural Network

BEN Kerong, YANG Jiahui, ZHANG Xian, ZHAO Chong
(College of Electronic Engineering, Naval University of Engineering, Wuhan 430033, China)

Abstract. Code clone detection, based on deep learning, is often applied to use the model to extract features in the
sequence of tokens or the entire AST. That may lead to the missing of important semantic information and induce
gradient disappearance. Aiming at these problems, a method of code clone detection based on Transformer and
CNN was proposed. First of all, source code was parsed into AST. Then the AST was cut into statement subtrees,
which were input into the neural network. Statement subtrees were composed of a sequence of statement nodes ob-
tained by pre-traversal, which contained the structure and hierarchical information. In terms of neural network de-
sign, Encoder of Transformer was used to extract global information of the code. CNN was used to capture the local
information. Fusion of features were extracted from two different networks. Finally, a vector containing lexical,
syntax, and structural information could be learned. The Euclidean distance was used to represent the degree of se-
mantic association. A classifier is trained to detect code clone. Experimental results showed that on OJClone data-
set, the Precision, Recall, and F1 values could reach 98.9%, 98.1%, and 98.5%, respectively. On Big-
CloneBench dataset, the Precision, Recall, and F1 values could reach 99. 1%, 91. 5%, and 94. 2% , respectively.
Compared with the relevant methods, the Precision, Recall, and F1 values were all improved. This method could
effectively detect code clone.

Keywords: code clone detection; abstract syntax tree ( AST) ; Transformer; convolutional neural network; code

feature extraction



