AR RARRIERR) 5 578 1 202148 1 A

Acta Scientiarum Naturalium Universitatis Pekinensis, Vol. 57, No. 1 (Jan. 2021)

doi: 10.13209/j.0479-8023.2020.086

BATIE R Jm i T 2 R
fire i 25 1 FCRD A TR
AT ZEARY REL AEY HED AR

L ARRE RS K F T R ALABE, TN 5106315 2. M T REEE fE B F H A L=, M 510631,
+ il {F1E#, E-mail: jzhu@m.scnu.edu.cn

3 > 1,2
DUl TR

WE MR TIER G RA RRR, EA ELAT BE BE JR A i O A T R B R TR
(LSTM)# 25 W 2% fptih 2%, 3 B ok b F SCm) i AT SYE [, AR i ad B sl &5 38 2 090 P15 B, 98 B i)
Z Al A KM . 7F Hearthstone 1 Django AN HE4E [ tE AT A9 ACAS AR B SEIGUESE T BT AR B A A R, S5
BBTIAR LY, TR R B A A B R RDSUE A 2 ) LS, 6 vT DU T3 T AR s /MK
XKEER IS4 HREEN, BEHTE R WK EIC I LM (LSTM); M RmHTEE

Syntax-based Code Generation Model with Selective Local Attention
and Pre-order Information LSTM Decoder

LIANG Wanying'?, ZHU Jia"*', WU Zhijie'?, YAN Zhiwen'?, TANG Yong'?,

HUANG Jin'?, YU Weihao'?

1. School of Computer, South China Normal University, Guangzhou 510631; 2. Guangzhou Key Laboratory of Big Data
and Intelligent Education, Guangzhou 510631; 1 Corresponding author, E-mail: jzhu@m.scnu.edu.cn

Abstract This paper proposes a syntax-based code generation model with selective local attention and a pre-
order information decoder based on long-short term memory (LSTM) neural network, which aims to enhance the
relevance by changing the calculation scope of the context vector and fuse more pre-order information during the
decoding process. Code generation experiments in two dataset Hearthstone and Django confirm the effectiveness of
this model. Compared with state-of-the-art models, the proposed model not only achieves excellent accuracy and

bilingual evaluation understudy score, but also minimizing computational effort.
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Fig. 2 Abstract syntax tree structure of code init (a)
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A syntax-based code generation model with selective local attention and PI-LSTM decoder
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8, Hig AP F a3k 1 7~ . HS 1 Django & 185
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JEXR () Python R, HA AJE R TR LAY 45
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IMAIEAT, AT SRR SRR,
HS A B M4 A4, B 5 02 0 SEbs B
3.2 EfhiRAE

FATEBEMER R . BUE R4S B 58 46 7 (BLEU)
NGRS R PP bR . HERG R AR A 5 H
B i m) ook ] S B A TR EE T S . B PR
T A R ARG 2 2 B T, (S M R 0T R R (AR B
WG AR 45 v, BT AR R ORUIE B4 BF 9T 4 bR
(BLEU). BLEU # i FHLés B, Ty f
BSOS B AR SCAR R AR, BLEU HERR S B
YRR F1 o ASCsesH, ffH bleu-41E & BLEU #4
Fro bleu-4 ] T RZEHAIMI 5T, 110 SMT

*F 1 FHIEE Django 1 HS BN F 5
Table 1 Input sequence of Django and HS

FYEE S NG
get translation function attribute of the object t, call the
Django result with an argument eol message, substitute the result
for result.
HS Maexxna 6 2 8 Destroy any minion damaged by

this minion. Legendary

B2 ASN B A CNN B AIT ) e oh, A4
FHUNZRIS [ R PEAk 8 B 01— 53 (AR 434
33 SHIEE

AR LI AE GeForce 1070-ti i F11 Ubuntu 18.04
LST 24 it A7, fii il Adam fi AL #5124, oK Al ik i
= HHLH A KAE BN 14, 7E Django %046 4 I,
epoch >4 50; 7 HS %#i4E I, epoch 47200, dropout
0.2, Ztthe GRU FFAS &% PI-LSTM A4 B 2 54
¥k 128,
3.4 XJLEKIE

SYGAE RN 2 IR o FRATTHE R —$h s 4 ik
BN MR TR 1) 3T Seq2Seq HEZEH)
2B BB (NMTORE R, 2) A i 2 2L
1512 5P 1 Seq2 Tree A A S Hp AR AY; 3) Seq2-
Tree-UNK'Y; 4) {lf FHFE 1 190 265 14 785 AR TO0I00 21 1) 4% A
RPN 5) 3 T35 75 (19 Seq2Seq i £ ] 45 5 Y
(SNM)'" 6) il 42 184 19 2% (ASN)BE 78 ) HL s 7)
ASN+SUPATT™; 8) -1 X /M A AL Ak 1l it il
% B 2% TRANXYY; 9) 5T Transformer!' 42 #4 3f:
P Al 3 2R K AR 5 1 18 4] 1Y TreeGenl B Y 3 10) 3
F TreeGen i Self Attention JHRIARHL; 11) T 1EE
ZEF I CNN i fi g s 2]

M2 T LLF H, AR SCRLRLE HS B0 42 1) 1
1 %0 BLEU 753 7300 T HAWAL A . 5 SNM 45 AU A
L, AR SCRLR A HERf 42 T 11.1%, BLEU 350427t
11.7 57, I H L HABA R R T 2= 7.9 4y . 5T
Transformer 1) TreeGen B AH LY, AS SCAR Y (1) 7 5
R — T, ARGEEAARE R T 7 5. 1
Django 645 [, FRATEH S AR, Stgh st R Y
HS G A2, AR SCRERI Al i R T AR ROR, e
. SNM #5# $2 75 4.1%, BLEU 234035 2.9%, H
LU i AT 2% TRANX #5278 1) BLEU 43 508 = 2 30 5K
BB RAUEN, PR SR AR EE R I HLE A PI-LSTM 72
P25 HEHf X M BLEU J7 R CHE/EH . 5 SNM £
U FH B4 4000 B I AL A b, e PR SR v 2 1 HL
A R4 & T HS B 4R BB T R
K%, (ff BLEU{HAH 23k — k3 . PI-LSTM i@
ook A e R, PR TR T SNM S AU Y i
Wi, M4 H PI-LSTM 1B R s 25 B oc T, 5 fif
FALSTM A Lt A5 2 A4 ) A & O 2 (015 515
B, ISR T B 2 ] i BE R (JL L AE Django £ 4
R EIH), KRR TR % BLEU,
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Table 2 Experiment results of proposed model and the other 11 models
i Django HS
ME A b HERI/% YRR ] /min KCGE PP AR /% YIZ5H 8] /min

NMT 63.4 41.5 - 60.4 1.5 -
SEQ2TREE 44.6 289 - 534 1.5 -
SEQ2TREE-UNK 58.2 39.4 - 62.8 13.6 -
LPN 77.6 62.3 - 67.1 6.1 -
SNM 84.5 71.6 341 75.8 16.2 376
ASN - - - 77.6 18.2 -
ASN+SUPATT - - - 79.2 22.7 -
TRANX - 73.7 - - - -
TREEGEN-Structural - - - 80.8 333 -
TREEGEN-SelfAttention - - - 81.0 28.8 -
CNN - - - 79.6 27.3 -
AR 87.4 75.7 297 87.5 273 198

B HARB T ORI R A, T 1A

TEVN RIS T, T A 55 # PR, AT H
A SNM BRI 455 78 HS Bl 4 b, A SciiAal
YIZREF ]k 198 4340, XA SNM A8 AN 25 8] (376
OBy — 2 ¥E Django BUHE 4 L W) ki 1] Ry
297 405, S SNM Il R i) 8] (341 43 81 Y 87%.
GRU HLITHiifb T LSTM Hh i [ #5858, i1t
(], LA R % 87 T S e AR /)N o
3.5 HBLSCIE

R T VPG AR SO R8O, FRATTHEAT I Rl S
B o ARPEATRY B SERE, 430 A THE SR il S5 9 RN T
=Rl N DR G oaT i BIA e  N S A S8
3.5.1 HEZRERLRI

HE 4251 i 03 F 48 UF GRU B A schE, S0
W B T g S RUEAD B AR T, SR
3 .

JH BILSTM # #4155 .00, FIAMER LSTM #%
oo ff A 2% 0T, IR R B AL (e Akl RO

IR IE KA R . % T GRU TE4E K 2B R
/37 = N TG I 1 RN SR = A I N NI S s )
GRU-LSTM #4750 50 5 LA K o HEZR IS Al 52 56 vp 3
A~ RS 43 ) 4 BILSTM-LSTM, BiLSTN-PI-LSTM
1 GRU-PI-LSTM,,

5 BiLSTM-LSTM #f Ht, GRU-PI-LSTM £ #
W IROR . 76 HS FIl DJANGO 30848 |, s =
PE5 2.7%~5%, BLEU /338 1.3%~1.5% . B&
GRU-PI-LSTM % BLEU fIk - BiLSTN-PI-LSTM 4},
FCAVEAL b v A T el itk o HS B 4 (1)1 2 sk i)
W 178 434, {0k BILSTM-LSTM Y —2f, Django
s W D 42 55

5 BILSTM A1, GRU 4k T8 #2, #
SR 45 029 50 % o FEAH AL i 745 B i K
WIEAZ M4 PI-LSTM Ji5, GRU X Eff 3R 1Y 671 1 5% i
Al #E Z0%, PI-LSTM fifi 05 £ ()1 ¥ it i 5 8.2 5 i
i, HEE T HERIR A BLEU 5>, Kk, GRU I PI-

®3I HMXELER
Table 3 Results of ablation test
N B Django HS
TSR LR — - - - — y - ‘
MOE PG bR e WERR/%  YIZEEHE/min - XGEPEG bR AR/ % YIl 25 8] /min
BiLSTM-LSTM 84.5 71.6 341 75.8 16.2 376
HEE T il ST 36 BiLSTM-PI-LSTM 80.6 73.7 322 83.8 21.2 352
GRU-PI-LSTM 86.8 743 299 81.9 21.2 198
N GRU-PI-LSTM-Soft 86.8 743 299 81.9 212 198
ER RS o
AR SRR 87.4 75.7 297 87.5 27.3 198
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T2 A B AR DL R o TR T RS e P 4%
FEHY (R YN Grbst R AR AT, 1E S 7 3 0 HL A X )1 kst
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AN Gt 1] 7 T HA AR K AP, AR SCRE AU A B 51
I H Shm B M AE AR 2] IF S5 R AT 55 I T T3
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