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Abstract In recent years, with the development of artificial intelligence technology, many programmers expect to let
computers automatically complete the tasks of writing program code, generating code comments and so on. Across natural
and programming languages (NL-PL) generation tasks are carry out these jobs, which refers to the mutual conversion of
natural language and programming language, namely, natural language to programming language generation and pro-
gramming language to natural language generation. A dramatically increasing number of researchers have been taken in
across NL-PL generation task in the past few years. Especially with the development of deep learning (DL) technology,
many researchers use DL technology to improve the performance of generation tasks across NL-PL. By optimizing pro-
gram representation methods, improving neural network models, or designing large-scale pre-training models, we have
seen a good progress in the literature on this problem. In the meantime, a number of Internet magnates are working on
converting research achievements into commercial use. As a result, the underlying model security in practical application
has attracted close attention by both academia and industry. In order to systematically investigate across NL-PL generation
tasks techniques, it is necessary to classify the state-of-the-art results. In this paper, we focus on two aspects of across
NL-PL generation tasks: program generation and comment generation. We reviewed the latest representative literature in
this area. Besides, we proposed a generic implementation model of DL-based across NL-PL generation tasks. The pro-
posed model consists of three components: program representation, language processing and language generation. We fur-
ther analyzed the existing research results from the aspects of program code representation, network model structure,
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model application in industry, security problems and research status in the application process, common datasets and the
model performance. Towards the end, we summarized the existing limitations in the literature as well as the possible re-

search directions in the future.
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Figure 2 Dataset samples for generation tasks across NL-PL(white background represents input data while black
background represents the output data)
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(1) PL AbBEZH A4l 1 12 R BT A1 S IR R B (AL,
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PGNN R4k PL AL ERZH Aok 2 S iR N ROR, [H]
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Transformer #5216 F2AE T 45 5 A2 1 26544
o 2 ¥ HKILT DL KIS NL-PL A2 AT 45 5T
HEAT T3 Hr At L.

%2 ET DL W¥ NL-PL £REH AL
Table 2 Comparison of across NL-PL generation task methods based on DL
1£4% Lk PR RITIE PL 4bBRZH A NL AbFZH fF PL kil NL A it of LA Y
LBG16" A Bi-LSTM, StruAtt Ptr-Net (51531
GZZ7165 BN GRU GRU, Att
RSK175¥ gt Bi-LSTM vertical LSTM (3l
YN18® gt Bi-LSTM, LSTM, Att (9. 13.38]
B SZM195 gt CNN CNN Att (89,13, 38]
I SZX2014"! Spin Sel-Att, Att, Tree- Trans-En, Conv Trans-De 18.9,28,38-39]
Conv
Lwz2154 A, LSTM LSTM LSTM, Att 19, 13, 55-60]
JzM21H1 i) Bi-LSTM,RL  LSTM, Att, RL (10,40, 61)
NTC21% A BERT Trans-Dec, TAE (810,611
DMB2114 PR StruTrans-En ~ Trans-De, Ptr-Net 1621
IKC16!' A GlobalAtt LSTM [52.63]
JAM1754 A RNN RNN 521
Lz182! LIp Code-GRU RNN (17, 52, 64]
wzy18! o, pm STM I{EGLSTM’ Att, RNN, RL 21, 31,6561
WLX191 A Bi-LSTM Bi-LSTM LSTM, Att LSTM, Att (5. 15.17. 5. 63)
XYX19!"¥! A Bi-GRU GRU Att (3435, 67]
CLX20™ LR Tree-basedLSTM LSTM, Att (17, 65, 67-68]
YHW20[) A, Bi-GRU, GAT GRU, Ptr-Net (5,17, 32,70]
‘ LCx2124 &) HybridGNN LSTM, Att (4, 15,17.19,71)
Yﬁ;% ACR20"! A Trans-En Trans-De [4-6.15.17.63]
BZB21P" A Trans-En Trans-De,DAtt (7274
SWD214¢ A, A Trans-En, RVNN Trans-De (5,7, 15,17,119,70]
CBNI21#4 704 Trans-En, GCN Trans-De [4-6.15.17.19. 65
ZKC217 SOAR, FRY CodeTrans Trans-De [70.75]
CKC21P% A BERT Trans-De [4-6.15.17.19. 65
Wzz214! A Stru-induTrans-En Trans-De [4-6, 15,17, 19, 65]
LGC221 gl Bi-LSTM Att [18. 34-36.49.50]
ZyL220) A, GNN. ;Sg}g’ Code- Trans-De o779
GLW22[™ SOA, FRY GNN, Trans-En Trans-De, PGN (46,15, 17,119, 44, 65]
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3.4 BFRFSMINGERHRE

THREBEEA A ) NL-PL T 25 H b A0 ZRAs
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A 9 245 A TR B 78 43 M PR AR A N TR RE I S RS R,
VS Y b 5E A AT 4% . 3R 3 %% PL T Sk 51
AT T XL,

#3 PLIGAEXTEE
Table 3 Comparison of PL pre-training methods

SR PN HLRY TR H b
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Code AR rans-en-de BDG
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iX [85] ) 7 T an 5 5
UniXcoder Ei) rans-en-de DNS
GraphCodeBERT!** AR, Trans-en EP,NA

CodeBERT Bi77 5 2020 4 Feng 25 A4 H 11 &
ANTH ) NL-PL XUHEAT 55 I M 2R B Y, & 2k T
RoBERTa WM 5 i, HLF AL R I i KR e
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fh 5 FE P (MSP) s AR IRFFFRE(IT) FEAL U Tt
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FH L) 68 A2 (BDG) 7 1 [ Iy I R T 2B il Rl
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B PLBARTSHH L BLEU-4 4R THA 1%, {6
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W £ 457 1 2 AN Transformer 454184, 5 _EIACE
F—% Transformer 925 siAR D45 B ANR], 1%
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¥ NL-PL A2 peAE 55 ik, (Hi T EPiES
WHAT T4 ERAIZRR, HET GraphCodeBERT
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TUE L P 2 3% J T 28 SR ) Ak P20 3R A 1 1) SUAR R
Tk e 5EEARSIEANA], TV A Al ek i 22 B+
Transformer fFIS AT B2 vH. 2022 4 6 H 22 H.%
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YO I RS IRY fiAt Y R A B ) A B A8 FEE GPT-3 (1
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SR, Codex FNZALL T A% b4 I AU ZREE A K
8oy H AT BRI AR TE S R AR B Lk, R
R PE P gn R A 22 BE R, ISR 1 Google (1)
P A T A e 5 2R 28 70 Gt B2 ) 850 ) R 22 B R
AlphaCode™, 7 ZE25 45 f% ) BUH 3 (05— BU AR
AR E 5 I R — Lo AR s 9], LTI e A A ik
W . AR AR, E# A GitHub WL
715GB £ Java, JavaScript, PHP, Python %5 12 Fiiif
T RS ST, Bt v G b s R IR FE RS A 4
(TR A TR 2 ) IR o O i S5 M 2k
JRAFEAS, AR S BT i H 16 K R PR A AT T AN
. AlphCode BiM!FE Codeforces %% ¥ il 55
1591-1623 g5 1 1) 10 8 FE8 FbAT T K, F€8
FER AT R A ULV L A VE N

M) R, HAES AT 54.3%, Bt 46% M E A
ZIH .

P27 A R Ak 2 )i, e e A e R a2 3
TR/ Z%0E, Har 2R LU = J7 1 ) #:
(DU B A R 7 v REAF A 2 AR, bl F 55
IR GIANR LA E =i fife Bl
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IR () At G R D V) 55, 4 R ARE N B2 A8 X
TH, W SEERAHERE, 5 RARGAE. Q)
SR R ARHE W] BEAE A RSO SV n] il . 6T RORL
)@, {f Copilot KA IA G, —L6{fi FH7 AL
1% TR P AR 38 3 R e AR ORI B, A7 72 AL
P 5 S HIRL W AR (14T S, DR ASE FH SR S 1R 1ok
BEHOR 28 1] 23 T BRI 5 TV 0] ) &,
T REB R A Github ~F & BB 1) 7 9 R AR
REAT ISR, X LT YA 34180 GPL(GNU Gen-
eral Public License)t/pis, Bf i H F 4 2 JL 2 fl 4
CER A, T EC IR D S R L T R M A R HOR B
HiRT GPL V¥R, 734l Github WCAEHHE I AL
BRI, GitHub HAFEWSEIE GPL VF ] 8L AR AR
T i e, BE A HmT AR B FH - R A A FR VR
AL TR ARSI BRIE A ) i, I\ L IE P9 I £
AR Re L BB T, B2 fE X R ik
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Table 4 Comparison of pre-training methods for
program generation in industrial field

ik B I ﬁ‘jﬁﬁ;ﬁ
Codex!" Trans-de NTP 159
PANGU-CODER™ Trans-de CLM, MLM 185
CODEGEN-MONO™  Trans-de NTP 217
AlphaCode!®® Trans-en-de MLM,NTP 715

42 EREREENARREM

TR AR B R AR T N e/, H i A
479 T B GhostDoc?. DocFXP*il Doxygen™™..
GhostDoc #& Visual Studio T.E[#if4, H SubMain
AFFFR, WU RN A CHE A S
XML A% 23R SCRY; DocFX S ik A 7] 1 & 1 SC
YRR T, S2RF C#FI VB i 5, Doxygen W H T,
1t OpenCV A1 Apollo 554K 2 TS E AL o (H2
R TR T A T AR AT RS VAT R BT R,
AL IR B 2 2] 5 ik B A e R SR o

AVETTI, TR AR s A B i B
S, ST IR AP0, FERR R S A AT S
SR N I IR FEAR — AN RS (. B
IR T (R FR PRAT ) AT DUAR 25 5 3 S0 8 52 A,
Wi 5 P, XFERERUREE 5 2 B0 P8G5
Wi VRPE 2 S BRI SR FARE S 0P, BB
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WU BRI S U A /E R BT RS, LA
HH 0 B R B R R (R VR D X B S, 1%
J5% H AT N T T #5 NL-PL A e B2 A T4
Ho 2R 58 PL XHUEE S AT TR,

0V d(name):
name == null:

“Remove a member

B ?V from the table”

; HE R T R )

index = indexfun(name)
table.remove(index)

JEU R REAS
\Witii(name):
name == null:

. I “Delete a refresh
: . R R from the table”
indexl = indexfun(name)

table.remove(indexl)

5 XA

Figure 5 Adversarial examples

RS5 PLMMEI AN
Table 5 Comparison of PL adversarial learning

methods
SCHR FpRoR XA A BT v
YAY20" BN FhEE
BV20P et
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HRW221) SCA/ T B e
SLM211! B@N etk
77521110 gl itk

X2 30 3 R 6 T B ik R SRR R
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w43 h =R RO SO 51 S TR I
Py FETREEN ik 5 ARSI 12 S AN,
T2 7 V8 5 TR0 PR AR 6 20035 A2 R 7V 5 () AT R
M A, Henkel 2 NPRIFIREE ETF AR ottt
FEA A AVERLOC,  EAK I B 0K R e e 46
—ARPHESE, X AL A SRR, B
Jei K1 R RS AS R R, AR B R b I B
B AR AT, [R50 T A4 6 20 R AR UE R 7 1
SCHIUMERfTE: o 1Z 7 VAE Python A1 Java {UHE 4% 24T 5%
AT T TR, ORI TR T SCARER ORI
R AR RS, 28 e I G () A L T AT
TRE T 56%IMIRUATERE . FSBUHh, X256 TR A 22
FRMIERL, 2 VIR BB B T 31% (1 )5
GR TR RE, TR YRR P O R AR 47 ZE AR B 5 )
W P 5 o 53 A eI 250 195 1 5 A Y
TR AN, (5 Java V8 5 I RIS eI

N 21 Python ¥ 5 2 I, XTHTIIZEM F1AE T %
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