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Abstract; The existing code completion methods mainly rely on Abstract Syntax Tree ( AST). However, AST
parsing-based methods cannot fully capture the source code contextual syntax and semantic information, resulting
in low accuracy of code completion. Thus, we propose a dual-input code completion method based on Pointer
Networks ( DIBPN). DIBPN takes the AST sequence of source code and Token sequence together as the model
input, then predicts the next Token by pointer hybrid network, and uses deep learning to extract and characterize
the feature information. The experimental results show that DIBPN has better experimental results relative to the
three benchmark models. Therefore, DIBPN proposed in the paper can improve the accuracy of code completion,
thus improving the efficiency of software development.
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LST™M 7724 69.90  82.69  75.80  84.94  78.60  71.62  63.60 73.28  66.30  74.72 67.30

Attentional LSTM 79.76  71.70 85.07 78.10 86.16 80.60 73.22 64.90 75.53 68.40 77.83 69.80
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TR SUAE B ANER 2 Fs  FE B e IR 48 1, DIBPN AR B iERf 54T 1 LSTM 5.

2) 5 Attentional LSTM %%, Attentional LSTM 7E LSTM (1347l | #4723k, 76 Attentional LSTM Hr | 3}
AR SCET 1A Y Y i BEEIR A S 2 A e tR 2 22 T A 3 A A A i R S A 2 A
& YT FRBCIR A B ST i ARG R A A SRR = E 45 5. 5 Attentional LSTM A L, 5] AL
R A -T KRR, ol LA G K D AST Fp b5 R/ 45 i {5 B 228 a2k 2 Firs , A
[t LSTM, Attentional LSTM 7E Type 1 Value T Jy 1 (4 vERf AR A Fr 82 71 , 1B 5 5L T8 51 99 45 19 U ALK
b B AUAR LU AT) A 2556,

3) 5 Pointer Mixture Network [t%:.Pointer Mixture Network fF Attentional LSTM 14 3& 0l _E 301 T 384 ™
2%, ] A4 Jry i) Rl Ry & b SO S R —A> Token. DIBPN FE A F A Token FRAIAE A, I3
IngR 22 A VRAME B & R 45 L R, DIBPN BEAUFi Type F1 Value f) i 22 5 55 43 i 2 88.74% Fil
83.42% , [t Pointer Mixture Network 23 l#2 T 1.11 /N 43 S H1 2.42 AN H 4305
3.2.2 MEARF LM A R

N T B UES ER WA R, BEAT T IH BT ST A AST 9 g4 A Token 4y AFIEK 22 45 3 Fhali#h #E4T
ARG Uk, S22 1 8 T 0. o 1 f5 2 ) i 1% f7 (58 14, K19 s ] 590 2 InAST, Token [] 590
InToken , 7517 . [] 1t H1 Token [a] AR5 ZE1E 270 0iC 0 R, F R,

8 R OL AT AR

1) InAST+R , +InToken+R, : f51%4 DIBPN 544, iy A AL 7515 i 1] 20 Token i) Bt L K — 3 X5 17 5% 22

2) InAST+R,, « i A 55719 5 ) 5 SO0 I 3R 22, il 5 2R 55 DIBPN 347X [, AT LA BE Token [n]
FOT R % 25 W 2H G BOR.

3) InToken+R : 4y A7 Token [ ik SOuf W )5k 2 K BR 2551 15 DIBPN HEAT XS L, o] AR BES £ 1n]
i SO R 2 A A RSOR

4) InAST+InToken : i A, %5 77 i 7] 5 F1 Token [r] i, AL E 5K 22 K I 455 5 DIBPN #EATXS 1, Al
DMAI 2 A5k 22 Y 24H 5 80R.

5) InAST A AAAL 5 1] i, K0 45 R S50 00 2 AT 0T bG, AT DA B9 i 1) 2 Xof g 7k 2 1)
HOR A IRIE S5 R GO0 4 HEATXFE, AT DUABE Token [] 5 [ PSR

6) InToken : i AALZ Token [n] 4, IR IG45 R 500 3 FEATXF L, AT LUA I Token [ £ X 1 5% 22 1
FAROR BRI A5 R GO0 4 BEATXT LG, T AR B A 1] 2 0 BRASCR.

7) InAST+InToken+R . : i A 575 i 17] £ | Token [ 5 S H 3% 22 , K gn g R 5 DIBPN #E471% [, AT
DA 5w 26 iy 4% 2 ) SR 8OCR K 45 R S8 00 3 EA X L, T AR BT it 1o i 1) bR

8) InAST+R , +InToken : 4 A4, 259 i 1] & Bz X B 19 5% 26 Fl Token [r] i, il Ja 45 R 55 DIBPN #E47
XFH, AT AASEE Token [a] 2 Xof i 4% 22 1) BRMURCR BRI 45 R S5O0 2 EA X EE, T LA SR Token [a] 5 1) B
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HRAE LA _E 8 FiE L, 430 7E IS T PY Zdia 48 b XL AY AT I 25, AN [ S5 A B R il g 5 SR n 5k 3
/. FH5R 3 A A1 : InAST +InToken 41 45 1) 12 56 45 2R L 5 ft InAST 5% InToken X147, IEBH T InAST 4y A 5
InToken %y AT T oy U4 8 R B 02 W AN AT /0 () R AR A i i 1 a5 1] A B 1 72 23 4 B AR
TETR S RFAE , oA i Token ] 5 BEAK 7843 B2 BOIRA R (15 SURFE , A7 B 40715 28 Token 19442 InAST+
InToken 245 ARIRCR AL, BAER] T 38 245 04 e A AL v 2 2 AT R0

5 InAST+R, , InToken+R,, InAST+InToken F{)%5 S AH [t , DIBPN FAER #5555 , WEWT T InToken+R,,
InAST+R, 1 R, +R, H-E % TH m AU AM 2 B HERR K24 %10 ; DIBPN 5 InAST+InToken+R,, InAST+
R, +InToken 455 AH LUACR B 47, GE B 7 B AY R, 55 Ry Xof 48 s 455 284 9 1 2% 02 43 80 InAST + R, [,
InAST (5L R4 InAST+R , +InToken £t InAST+InToken {55 S, UERH T B X1 5 i) 2 (PR 7% 25 1 42 12
B3 ;InToken+ R, Et InToken 2 H At InAST + InToken + R, Et InAST +InToken R H A, UF B T B X
Token 5 i [ 12 (i 5% 22 14 45028 R [R] IR, X6 775 i ) 2 F1 Token ] £ i 1T 5% 22 3% #2216 A S5CR $2 T B B
76 IS Bdii 4 |, Value TN i S 42 71 0.84 AN 43 i, Type Tl fe @ $2 71 0.8 AN 43 s 76 PY $di 4
I, Value Tl i = 42Tt 0.76 A4~ 43 14, Type Bl S s 42 1 0.71 A4S 43 s5. 5% 25 3% 2 AT DARRAE (5 B ) |
HEAE T2 L2050 5 R S IR B 5 B R, e KT REHL AR B U CAS R AE. LA b 2
T A BR 22 3% 42 B TR (5 BB PR B8, AT LASE ARG b4 9 HE A 5.

A3 ARZMBER G REER $4% %
IS PY

BEny 1x10° 1x10* 5%10* 1x10° 1x10* 5x10*
Type Value Type Value Type Value Type Value Type Value Type Value
DIBPN 84.41 75.68 87.80 81.24 88.74 83.42 77.52 68.61 78.43 71.24 80.37 72.67
InAST+R 83.42  74.57 88.28 80.24 88.83 82.46 76.55 67.65 79.46 70.27 80.45 71.67
InToken+R 82.17  73.42 87.04 79.16 88.06 81.26 75.54 66.73 78.28 69.25 78.76 70.45
InAST+InToken 83.61 74.84 88.55 80.47 89.04 82.73 76.81 67.96 79.66 70.55 80.63 71.91
InAST 81.89  73.20 86.84 78.90 87.63 81.00 75.27 66.40 77.83 68.90 78.46 70.10
InToken 75.87  67.70 80.47 73.67 83.36 76.34 69.55 60.93 72.78 63.68 73.44 64.94

InAST+InToken+R;  83.87 75.05 88.72 80.66 89.34 82.93 77.03 68.16 79.94 70.73 80.85 72.16
InAST+ R, +InToken 84.08 75.22 88.94 80.94 89.57 83.17 77.28 68.34 80.17 70.98 81.13 72.35

3.2.3 MARF SRR A

TEYIN it e A TR 2 500 ) e T LA o B A 8 ) 2 R ik B e A AR SR AT I S A7 8 - (1)
batch size; (2) 1572 11241

1) batch size %%

batch size $if ZBIRIEAC 1 RAEALBEASE 19 22 20, S2 IX B PR BT RO , AN [RIHHEAL B /N X5 TR ) 52
W AR 24 batch size B50/INNF Bl 48 15 4 H (I SESCH ] RE S AT AEVERE LA 2R 5 25 batch size BRI, AT
LAY ZRIT TR, (LTS AT 238 ORI 2 A RE 2 F [ X1 3 BEE batch size Jy 64, 128, 256, 4
[ batch size IABEZERANF 4 PR, i3 4 n] Al :batch size 2 128 I R AL

%4 RF batch size 893K 3 % R %
IS by

batch size 1x10° 1x10* 5x10* 1x10° 1x10* 5x10*

Type Value Type Value Type Value Type Value Type Value Type Value

64 83.25 74.47 88.15 80.07 88.55 82.37 76.43 67.56 79.46 70.03 80.24 71.59
128 84.41 75.68 87.80 81.24 88.74 83.42 77.52 68.61 78.43 71.24 80.37 72.67
256 83.75 74.97 88.65 80.68 89.25 82.95 76.96 68.16 79.87 70.56 80.74 72.18

2)ER 2RO
FRERNZBOIRBER 1, 2, 3, AFEE 2B E RN S Fros. i3 5 nl R 3t s
JEBOF A BESE R AT ) PR RE. 2531 T 2 HOM N, 25 i) S A2 2 , SR M) 5 B2 {ELT) I 25 AL
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BRI AFAE [ — BER 227 — 2D HOR , DT 52 WA B B F) P

£S5 RREENEHKGRABLER #45:%
IS PY
EENEE 1x10° 1x10* 5x10* 1x10° 1x10* 5x10*

Type Value Type Value Type Value Type Value Type Value Type Value

1 84.41  75.68 87.80 81.24 88.74 83.42 77.52 68.61 78.43 71.24 80.37 72.67

2 83.93  75.34 88.95 80.96 89.45 83.16 77.35 68.34 80.16 70.95 81.05 72.33

3 83.15  74.54 88.16 80.04 88.64 82.28 76.42 67.46 79.35 70.13 80.27 71.43

4 #ig

1) {F Pointer Mixture Network f3Eat F 32 H DIBPN #L A | [6] B5PRF 55 2 ) £ Al Token [m] 384 Shy R 5l gy
N O G TR AR B SUE R

2) {4 th i) DIBPN FEHITE Token #h42J7 HIMRAS 1 L LATESGHERERL B 41 ) 25 2R

3) ARRMGE AT 4 AT AT e : MRS AN 2 ERA R A UR b R0 IX 2 A5 TN AR AL AT O AL
PLIB B ST H RO 5 3R 5408 R A BE SE XTI AT I 25, LA = B BL A el 3%, [) oo 3 A i 5 1Y
Bl , (R BB IS T S 2 AT & 5 8 R0 FHVE L, 25 Rk B T8 1 00 45 1% U A 45+ g FH 21 A0
8 ZR AN b P AG I S5 U 5 R AR 1) Ho A 2 8 2, 28 P 2o AR 1) At e 7 T b AT 3R AR, T )
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