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Abstract With the vigorous rise of software engineering practices, and the thriving development
of open-source communities, deep learning-based program synthesis has emerged as a focal point
of interest in both academia and industry. This field encompasses a range of disciplines including
software engineering, deep learning, data mining, natural language processing, and programming
languages. Deep learning-based program synthesis, namely intelligent program synthesis, utilizes
deep learning techniques to extract knowledge from vast program repositories, with the goal of
creating smart tools that improve the quality and productivity of computer programming. In contrast
to traditional synthesis methods reliant on heuristic rules or expert systems, program intelligent
synthesis has swiftly gained prominence due to its highly scalable and self-optimizing characteristics,
becoming a research focus on both software engineering and artificial intelligence domains. The
rapid advancement of pre-training techniques has led to the increasing adoption of large-scale
language models in program synthesis, propelling continuous advancements in this domain. For

example, GPT-4 has demonstrated human-comparable performance on platforms like LeetCode,
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while DeepMind’s AlphaCode addresses challenges in natural language competitive programming.
Simultaneously, the industry has introduced a series of Al programming assistants such as Copilot,
Comate, and CodeWhisperer, significantly enhancing development efficiency and drastically
reducing the learning curve in programming, thereby enabling broader participation in software
development. To foster deeper research and widespread application in this field, this paper
systematically explores the latest research progress in program intelligent synthesis from various
perspectives. It comprehensively discusses aspects such as user intent understanding, program
comprehension, model training, model testing, and evaluation, with detailed subdivisions. User intent
understanding aims to locate and understand user intentions by integrating contextual semantics
and knowledge swiftly and accurately. The paper introduces methods for understanding users
from different angles, including input-output pairs, natural language, programs, and visual aspects.
Program comprehension analyzes and extracts critical information from programs at various
abstraction levels and perspectives, transforming it into forms understandable by computers.
This paper presents program comprehension methods based on text sequences, tree structures,
and graph structures. Model training uses this information to generate new code, while model
testing and evaluation verify and optimize the quality and performance of generated code. The
paper also examines challenges such as uneven dataset quality, low efficiency in user intent under-
standing and program comprehension, as well as issues regarding model interpretability and
robustness. Furthermore, the paper anticipates future trends, including higher-quality datasets,
more efficient methods for user intent understanding and program comprehension, more robust
model architectures, and improved application of these technologies in practical industrial settings.
This research not only aids the academic community in comprehensively understanding the latest
developments in the field of intelligent program synthesis but also assists software developers
in quickly mastering relevant technologies and strategies to meet industrial demands. Through
continuous exploration and innovation, intelligent program synthesis is poised to achieve greater
breakthroughs in the future, driving innovation and development across the entire software
engineering domain. The integration of these advancements promises to revolutionize software
engineering practices, ushering in an era of enhanced efficiency and creativity in programming and
development workflows.

Keywords intelligent software engineering; deep learning; program synthesis; program compre-

hension; user intent understanding
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Void foo()

int x =source ();
if (x < MAX)
{

=2 % x;

inty =
Sink(y);
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J TR R B A A L a4 AR R SR A
M SCAS 50 ME LA AR AR 30 4 G B RRAE
4.3 ETHEHMNEFER

FE T SOART B 078 7 B 5 vk B TR T R
PR PR DL R SR AE S T R AR TR S
HERRPE. Qi &l 5 FroR . B2 T 76 9 36 BT 77 2 4 0 15k
Sy HT R Ak B G Sk B 25 R, B R 5 0k
(Abstract Syntax Tree, AST) , DA % 1% %8 #E 1715
SUOp . AST WL HAE T Re s LIRS IE 25 18 2 B Y
(45 K0 FNE A5 B TE R 7 B vh R #5 6 EE AR .

______________________

s AL ! CFG k
kR '
t

W AST 35 gt 28 W 45 n] $2 32 1) i A TE X2
FIHT AST HEA7 A% 3 1) O |, 72 R BE o o, 2
BT AST B ity SCAR P 51, DU SE 4 3t 5 77
FREAY (40 RNN, Transformer %) £ . R4 X Fp
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S3 R K — SR A5 AE S MELOVER HKs AST J7
G54 ] JE b ) AST 4549 X Fsom 7k 7l g 25 5 3L
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28 (Tree-base Neural Network, TNN) 2k 4bFit AST,
L F A 1) 2 T 2 W 2% (Tree-Based Convolu-
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R B S H )R, SWUM ™ 54K 3 T o8 £0F AR
T 24 A0 a4 AN HE AR S 2E 1) 4 28 0 AN o
. UML KK SR REH2E 0 DL e Z 1
F) 28 5 ) R 2R ) — i e A5 A L. CoCoG UM
FIH UML 26 & 5k ZI i #2 57 (19 47 4. CoCoGUM #¢
KAMEREN BT 8 UML S EIME S 2E0E BT
LTS B BTz B R F R CFR R, Rigou &
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S IE AR DA Y o AR T AR A R S DL T AR i X st
15 AL T AT A o AR R g el o
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™ CHZHE &AM DA By vy}
A2 @ I 2 AR LR token ;. 2 B i A AL 2 AY
FLARGE A 23 AT 55 e P i A B80HE 28 3 DL K T 5
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i it o - AL 2 B RL A SR T 2 M A AL L 45 RNN,
LSTM.GRU.CNN, Transformer f1 GNN £,

GRU
~ , -
~a P /
Tree-LSTM - Pointer Net
decoder (decoder)
7 ) .
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Pl 6 2 T i - i Tt e 8 2
(1) CNN

TEFEFE A A0 , CNIN = 35 M3 42 B P 42 43t 14 1)
18,00 F- 210 GUI, A2 sAH B B #  2s) Hok,
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HRELER SR CNN 32 2830 1o 4 B AR X R 350
FRAEHEAT 27 2] X AE AR B A 32 2 R 15 B K IR B
PR 5 28 7 THD AH X 55

(2) RNN
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i ) .

(3) LSTM/GRU

LSTM/GRU 5| A T ML 72— & 2 JE |
e T RNN FE AL FRAC T3 51 R0 4 Jm) 45+ A5 5 1T 7Y
PR, 32 5 7 HAERE & b iy 1R AR L (BAE 3K
F AT AT 6 1 i A5 S 2 2R i Bk R

(4) Tree-LLSTM

TEFE T & WU 55 b B8 P 5 A0 38 LA 19 JE =X
FeR. M AST. Tree- LSTM i it 16 W 45 #9 1 %
LSTM iy SEAE , BB 08 A7 250 i 47l 12 %) b 49 a5 22 1) ) B
JFORFR MR SCE B SR 6 TR 2 R T A
BRI R ARHE K.

(5) Pointer Net

Pointer Net £ Bl T fiff th & 58 A5 A4 vh 78 IF ik 9
R P B R Pk AR 0 2 R R A AR R AN TR
() AR 8 45 | PRER A% ol SE AR ). 38 i Bl A A A AR

RIBRA8 BLH G T4 AT 91 v i BAR AR AT L A 32
TR/ B B DT B2 1 AR B X 22 R A A R
T 1 119 55 1 BE )

(6) Transformer

Transformer 5| A H ¥ & J7 AL . {50 B Y G2 %
TE B AL & i A Y 51 Y B 7 B AT R i
XA B TR AR WG R Ltk T LSTM
A P B A0 A B L[] s ) ] 22 Sk T A T AL
SR Y AT TSI S DT 4R e RS R Y I 2R
HE.

(7) GNN

GNN fe % A ZCHb I 32 7 77 10 5 A= 4540, A0 45 48
e R] OB DG AR L5 A B BRAT IR DL B A I Y
1), DA B 4 T Ml 3R 58 AR Ty B 38 SO Z5 . ok,
GNN S HE 258 R AR 1T LATE 2 )2 K 1 4 Fn i
B AF B SR X T R HUAE FR i 1 72 7 1€ GNIN 2%
AT 166 )11 25 TR0 P03 1K 7 i) A

X SR AR A ] 37 5 T 2 5 30 R 1 0
PRI & 1] DL B 0T 4 e 32 456 3 ‘T 1Y) 2 B i AR i 1D 2
BERL., b AR HLAAC B0, 8 AT DR T M 2 A X g
BEAY L LA B 0 A7 A R AE il R 8OR

2 6 LG T BT AR P G B AR DA SR SR TR
iSO, AR SR W, 6 R P &’ —7
M4 S : NCARE S CAEF) V10 Gy A th
XD G \PCGH 4R 7)) \BC Gl Bug 7).
ST I AR S S R T

k6 ETREFINEFSHMELR

W moE A 2T B A% TR 2] BT LELEE £ %
Balog % A [82] 2017 10 J¥ %) RNN Time., IO@ Num CG
Kalyan % A [83] 2018 10 J¥ 51 LSTM Accuracy, Time CG
Shin 45 A1) 2018 10 2N Bi-LSTM EM. Accuracy G
Sun %5 A\ 31 2020 N AST TreeGen TreeGen & EM, Accuracy, BLEU CG
Yin & A [32) 2017 N AST LSTM, Attention Accuracy, BLEU CG
Xu e )\ [132] 2022 N JF 51 Transformer Accuracy CG

e 1 F1a17 ~ . - . . CDG,CT,
Ahmad %5 A\ [151] 2021 N 52l Transformer BLEU,EM. CodeBLEU CCLA. CG
Wang % A L93) 2021 N 52} Transformer BfF]YIU"A((‘(L);:(;;gI\,U é;)](;
Song % A [220) 2022 N )5 5] (Tl\idefF()Fr:lLrI?Lhﬁ] A“'T“; :;y : CG
Gu 4 A\ [36] ) 2018, N Hik4 . CNN, Co-attention, SuccessRate@F cs
Shuai % A 14 2020 APlIs, 75 LSTM MRR
Ellis & A [56] 2018 G F# 41 CNN., MLP Time CG
Cheng %5 A\ [186] 2020 G J¥ 5 CNN. MLP Accuracy, Time CG
HuZg A\ 15! 2018 C, API sl GRU Precision, Recall , Fl1-score, BLEU CDG
Alon % A\ L7 2019 C AST LSTM, MLP Accuracy. Recall, Precise CDG
Alon % A [201] 2019 C AST LSTM., MLP Precision. Recall, Fl-score MNP
Peng 48 A\ [58) 2021 C AST Transformer Precision., Recall, F1-score CDG
Wang A0 2020 C AST Modular Tree Network Acauracay, Drecivions G
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(82
M H moE R TR T B TR BE 2 2] f 7 AL HE b £ %

Roziere % A [55] 2021 C AST Transformer A””‘“"ﬁi’;i (ej MRR. CCLA,CCO.CT
Bui £ A 114] 2021 C AST TreeCaps Precision., Recall, Fl-score, Time CCLA. MNP
Nair % A [210] 2020 C CFG GraphSAGE Time CCOs
Ma & A\ [146] 2022 C PDG GNN Precision, Recall , Fl-score MNP, CCLA
Ahmad 2§ A [103] 2020 C il Transformer BLEU CDG
Yang & A\ 149] 2021 C F¥ 41 Transformer BLEU CG
Brauckmann % A[215] 2020 C CDFG, AST GNN Accuracy, Time CCLA
Zhang 4 A [110] 2021 C PDG. IR CNN., Transformer EM . Precision, Recall . Fl-score MNP
Cummins Z& A [72] 2021 C CFG. PDG. CG GGNN Precision, Recall , Fl-score CCLA
Wang % A [13%] 2020 C FA-AST GMN Precision, Recall, Fl-score CCO
Wang & A\ [115] 2021 PC Graph GAT Accuracy CC
Alon % \[71] 2020 PC AST LSTM, Transformer EM CcC
Wang 2§ A\ 138 2023 C.BC AST Tree-Transformer Accuracy CCLA. BF
Berabi & A [68] 2021 BC ¥ %) Transformer EM BF
Kim 46 A [213] 2022 BC CG CNN Accuracy, Time, RAM (GB) DD
Zhang 4 A [144] 2022 BC S K P;ﬂ?ﬁ_‘xif{;rk Precision, Recall, Fl-score MNP.CCLA
Chen % A\ [85] 2023 N 51 Transformer pass@*k CG
Wang % A [106] 2023 N 5] Transformer RPs@k RDs@k ., RRs@ £k CG
Silva g A\ [184] 2023 PC ¥ 41 Transformer EM ., AST Match . Semantic Match CG
Zhang & \ o1l 2023 N JE 51 Transformer EM. Edit Similarity . Pass Rate CcC

®7 BFHAIIGEETEEISHERER

TWHE S A S Lol S 1555 i ik
ANT AST Node Tagging T AST 47 85 0 b 25 2 Y
APIRec API Sequence Recommendation T A g APT 8 FH %)
BD Binary Diffing 4 P AS 45 0 A SO 22 [ B R B ORE L
BF Bug Fixing S0 AR G AN TR X A R AR AT s
CcC Code Completion T 25 58 B bR SO B /3R SR 11 token
CCLA Code Classification X 48 58 1 — BORE P R AT 4 26
CCo Code Clone o 245 52 1 T B AR S 5 AR 3 SO AR Y
ccs Code-Code Search KR 5 4 e BT BOAE 1R L EAH L R T
“ode Docstri Senerati B N
DG Coge Docstring Generation A A SO A R — BURR Y 1090 B
“ode Summary Generation
CG Code Generation B 3k A A P BB R
CS Code Search IR P PE R 3R 3 5 B AR5 5 A I = R DS I A 2
CSD Code Similarity Detection fitf e FE e B 2 (8] i) AH A e
CT Code Translation P AT N —Fh o A2 0 5 BRI AR ) — B S R
CU Code Clustering MR A 1h) ik 22 8] A4 AR AL 4 T A A0 B R AT SR 2
DD Defect Detection oz DU PR A B S 1R
ET Exception Type THUIN AR T IE B 1 S h 28 8
FDM Function-Docstring Mismatch Tt 22 45 78 W BRI B S SCRY 45 H 2 75 DE
GCMC Git Commit Message Generation SR UEAAS B AR B, [ Sl A B T L TR A BRI S
MNP Method Name Prediction T 25 7 oA B 11 R L4 FR
PMR Program-based Math Reasoning S Ak 2 A A DAk AR Y B A A i e 502 ) A BE
SO Swapped Operand G ) 15V B 75 0l A 1R 1Y) 22
TI Type Inference MAE T 3B g b AR A
V1 Vulnerability Identification PR H AR v AT RE A AE 119 e B kg R
VMLR Variable- Misuse Localization and Repair P AR T 15 7 B 9 3 [0 1 A 1Y) 7R
VvVC Variable- Misuse Classification T AE B R AT AT A B A A A AR iR
WBO Wrong Binary Operator KAy 25 78 (ARG R BOR & & (T AS IE A 1Y —JCis A
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5.2 BEFWilg&RE

H BERT (Bidirectional Encoder Representa-
tion from Transformers)!**-2260 &= (0 2 g 8 % £ L
ok, KAFEAL G ELMo-"*" | XLNet"**") | RoBERTa"***/
S5 TR A I B AR TE S AL FRAT 55 i A . X — BBl
KT VFZ WG B9 24 AT T Ba AR R 1
BHE BT FE P WIS A2 A 34 1 B
8T REF IR S AR B Bl LI B AR S i —
i, B8 B AT DLTE AR P i B B B AR iR & B0 2
B EAT DA L 98 i s L T B R P i 5 B SR,
SEBR A OLIFAE b . PR R AR AT B9 R AE I R A 3
FEOMRTE. BT, A e R T —
F I 2 SR P RRAE B T GRS A L0010 100 g 8L
ST 5 AR R BI5GB B ST R L R T T
YIZRBE AL AT GRAT: 55 TN S 8 08 4R B AL LT
AT 55 SRR 5. Sy T WAL R . B0 2R AT 55 F0

TUHAE S B T4 S AR 7,58 9 Fx.
BEAM TE“ S BB — 3 . M K78 1 7. B KR
T1e.

M8 AR 7 WIS L 1 g AR . AT LUK
oo AR . B — RS B AN RS A

T B — R B AR R TR S Wi — b S TR G 4K
A Ak AL L0 R T R Y 32 52 B [ AR
B BOIGRBE R IR S R B P SCAR iy 9] CR— B2
FIVERE BRI A DLAR B4 M AR F T RRAT 55 — gk
My 2230E CuBERT™ &4 BERT 5 AT IHH
451 38K, - 76 205 g 7] T8 0 ( MLV 1408 42 4] 5T (N'SP)
PIAAE 55 EAEAT BN 25, BB e » — 28 TARHF GPT )i
MR F A AT % . GPT-CH & GPT-2 ##fy
— AN FRT LA T SRR AT SO 2R 4 1
TR F A4 1T 45 . CodeT5 % R Al T5 #6375
FEFP 45 AT 55 - FF e Pt 4T 24T 5524 .

*8 BEFAIISRAFRER

TR ZRAsE T (R LN Y5 LR WY ZRAT: 55 TN 25 4 5 HL TR TR S e
e . . VVC,.WBO.SO
N T 69] - . RSON
CuBERT C il MLM,NSP BigQUERY (Python) BERT FDM .ET.VMLR
CodeBERT7) N.C ]l MLM ,RTD CodeSearchNet RoBERTa CS.CDG 125M
GPT-C120] C F¥ 5] ALM  GitHub Repos (Python, GPT-2 ce 366M
C# . JavaScript, TypeScript)
C-BERT!229] C AST MLM,WWM GitHub Repos (C) BERT-base ANT.VI —
CugLM% C K% MLM,NCSP,ULM GitHub Repos Transformers cc 104M
(Java, Javascript)
PyMT5089] N.C JT 31 MLM GitHub Repos (Python) T5 CG.CDG 374M
- CDG.CG 60 M~
~ Ty <[176] ] ~ . A A
CodeTrans N.C 521 MLM CodeSearchNet T5 GCMC. APIRec 770 M
N s N BigQUERY
Ans [54] ) : %) 5 > ~
TransCoder N.C il MLM,DAE (C++ _Java. Python) XLM CT
JavaBERT[97] C TF 41 MLM GitHub Repos (Java) BERT-base — 92. 19 M~
; 124. 70 M
GraphCodeBERTL7 N.C DFG MLM,EP,NA CodeSearchNet BERT-Alter CS.CC.CT 125M
InferCodel ! C AST PS code2vec TBCNN CU.CC,CCS
TreeBERT [205] C AST TMILM,NOP BigQUERY (Python) BERT CD 125M
PLBART!!31] N.C il DAE BigQUERY (Java,Python) RoBERTa CD,CG,CCLA 140 M~406 M
ContraCodel "] C 5 InfoNCE CodeSearchNet RoBERTa CCO.CDG,TI 11 M~23M
DOBFL55] C J¥7 51 DOBF BigQUERY (Java, Python) CodeBERT CC,CD,CS 126 M~143 M
T5t42] C 5 MLM CodeSearchNet T5 BF.CD.CG 60M~11B
OSCARL™] IR.\E 524 MLM GitHub Repos BERT CCLA.BD 163 M
. (1773 . CodeSearchNet , o
CoTexT C il MLM - T5-Base CD.CG.DD 220M
GitHub Repos
MSP.IT CodeSearchNet CD.CG.CT
. (93] . JT, . —— .CG.CT, N
CodeTs NC A MIP,BDG BigQUERY (C.C%) [5-base DD.CC 60M~770M
SYNCOBERT?! 23] N.C AST MLM,IT.EP CodeSearchNet BERT CS,CC,DD,CT 125M
UniXcodert104] N.C AST MLM,ULM,DAE CodeSearchNet Transformers CC,CS.CD.CG 125M
Code- MVPL130] N.C  AST.CFG MLM,TI CodeSearchNet BERT CS.DD,CSD —
AstBERTEZ31] C AST MLM Alipay(Python, Java) BERT CS.CC
AlphaCodel173] N.C JE 41 MLM,NCSP GitHub Repos Transformers CG 284 M~41.1B
StarCodert!74] N.C E2il) MLM, NSP StarCoderData SantaCoder CG.CT 15.8B
Code Llamall7s! N.C F 51 ALM GitHub Repos Llama 2 CG.CC 7B~34B
DeepSeek-Coder- 22 N.C 5l NTP.FIM GitHub Repos DeepSeck CG.CC 1.3B~33B
CodeShel] 23 N.C F# 41 GitHub Repos GPT-2 CG.CC,PMR 7B
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55 fili ik

R ST AR LAY token Y A& PFBEAR . T R — A token Hi BLAYHE A

S ERR PP I A IR AR I L 0 E B ARIE S AR AR

X AP S IR 7 i B e M BR tokeen 455720 » SR 5 I 8 70 LUK 2 J5 0 il A
R IR cokenBr R 7 P A 2E L BRBOIVE 1 4% L DUTR VA BRI » SR 5 DI R 3 AR 52 50y 44 ik
o 5 A PR H B AL e 43 14 A ) PR A AT maske 285 TN X L8 mask (93

A SCA AL I3 BT 2R I SR (il 37 o 1L P A R 5 A 0 4% LA v A T8 A Bl A

T ISy 2 E B B Y token BT JEARIAAT

X AR R B BR AT BEAT mask Y RT3 BEAR AT 1 44 B
FtiAL mask % A H B9 — L8 token , 155 2 FU 1X L6 4 mask [ token
Ffi Bl mask i A Y — 287 22 token, T B mask (3% 4L token
mask CFG #3431 55 225 token (19371, T B mask (1321
TR 7 R B B AR T token 7 412 75 AH 4T

BEMLELAE AST Hp B 8645 05 (T , 98 I T e 76 &2 T 48 1k

BTESE 2 AST B R SCRYME BT 70t BLAYAE R

P AEH A JF 5] Hp gl 2 4 i) token RV E A % 9 28 4 1Y token)

R AST g — B FR U IEAT mask. 485 A 1056 86 O T 7 I 91
BT £ T3 token BT F 0T — 4 token

ALM Auto-regressive Language Model
BDG Bimodal Dual Generation
DAE Denoising Auto-Encoding
DOBF —
EP Edge Prediction
FIM Fill in the Middle 7SI BE S
1T Identifier Tagging
MIP Masked Identifier Prediction
MLM Masked Language Model
MSP Masked Span Prediction
NA Node Alignment
NCSP Next Code Segment Predicting
NOP Node Order Prediction
NSP Next Sentence Prediction 8 A 4R 8 R I 15 8 5
NTP Next Token Prediction HRAG 24 58 11 1 F SCHUN T — AN 845 5
PS Predicting Subtrees
RTD Replaced Token Detection
TI Type Inference HEWRTAR 7 AR AT i 26 7Y
TMLM Tree Masked Language Modeling
ULM Unidirectional Language Modeling
WWM Whole Word Masked

mask — B BT A T3 SR 5 TN X L3 mask Y token

Z RS A DG KK AN ) 28 B 0 B Hie (EORR Sy
BOEETE—RAE R G MR AL RS
b Z ST BB AR AR R OO R
Fr 45 M 5 2 VRE P PR T B A AR P O UE R SR Tl
1f A 2 RS AE B LAY AT LA 4 T B A R
i X InferCode" " i o H Wi B 2% 2] N AST i 3k
FEF R AL FLAHT 2 A 75 T 5 4 1) 4 R 22
B2 N AST Y bR SCH SN 5~ B 5 28 5~ R A Dy b
2 T U R B, AT ket 1 N AR T B 1 3 A
O IT 8. SR R 22 B T AR AUA 5 A e 1Y B — A
] T 22 1 AN [e] 0 181 22 8] 8 6 0 56 AR L BRI )
78 . CODE-MVPH0 A [7] f 7 J 40 el A HC X 1 Y
HRTE & iR 5 3 — A Z W X L Bl 2R AE 22
o TERR IR TR o R A I L R G e G A AT:
55 VA TR BRI B T AN B oy s A AR i
i HH R BT R BB A S EOR A K X BT
S5 T 5 0 IR ) 35 1. 28 4k U, PyMTS A6 7Y
WA RIE 3. T4 LS HE AR R T N8 32GB
) Tesla V100 GPUs Wk 55 #% L A7 I 25, Bidt =
T 3 JAM IR S —Jy i SR TE#E 2 NVIDIA
Quadro RTX 8000 GPU [k 55 #% F Il 4 CodeTrans
BRI ZRmf (R FT RE 25 7E 17 & 82 RZ (a1 sh .

SV B T B — S Y R SO A R 1Y
DEHAE T RO Ak BAH X ) B, m LS & v TR
HE A SRR AL Z T BT 2B Ry B 2
BERRT DR AT S F & R P R PR R e 5

2tk i 2 2 A AR T A B I R AR 3 5
FBHE O . U BB Y 7 e B 2R T
AL PR P A KA e ] IR R AR B R I i
LN G ik 18] A3 5E PR AR AR . B — S A
2 B35 Ay ATE R e O R 0 v &% P G, 7E
PR I Hp 5 ARG AT 55 5 P e 4.

6 HEEMIK ST

B R 0 TE A VR PP AL R Y A OB P BE Y
BRI AR T AR 3 L AL FE AR B SR = A
i1 BE X FE T A5 L 2R GE W TEAl AR R TTF 4.

6.1 #EEHK

KB 2 MR TERR Y B BE B IR G h 4 5 &
BEAAE TILEE R A A, RV R0 i — 2B 5
AN Bl P RE A BORE DR A L TR O R R  RR
J 11 5 et Xof AR B B ASE AR E AT 8 43 1 3 G
L. XA BT B WA MR DR A B T
REA IR Ge i L BR A% 76 = 28 4 M A ] Sk B
SR s o A% A . 20 B AR G B ASE R
MIBEFE AN 840 31X R 2 R B L T — A4~ 38 D) 5 2
FAMO BT .

H Al - B2 A 7 A RS 2 ) I3k, F 9% 224 p
FEWG A5 T — 2 D B B sh AR R o 2 BEE TR
30 Ak 1 5 ok Az sl i 4] DA SR UE H AR R T
. #1140, CODET™ I i #i Yl Zr i A >k B sh/k
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TG 3 48] o SR J5 AR A 0 3 P 48] DA e A 8 A
JISG A A 326 A 3 v 0 22 1 A U i 5 DA A T N T
A, EvalPlus' 5 i 5 #6081 55 56 1 248 (1 1 3
A BT AR A A T VAL KOG & R A R 7
DRERYIE A VE. — XU AR A T Ok R
I 1] JEL IR AR AR TR S AN AP Bl AR O SRR A
DATEAR A58 70 1 65 B 1k A0 pE meE . B 40, JTha %
N & X BB LA CodeAttack, K
FE 7 v ) T ) 2R R AT DL AR B 45 0 R T Berh
7o % Bt bR I 68 B0 48 AL 0 2 A
AR E R BT SO ARRIE. S S Z L K
FHA B 2l A 752 A A5 0 3K 5 s 28, I 7E T
BB s T O S B R R X BT RE AR A A
T3 R S 5 5 AT ok DFAil AR Y Y B i 1 AN A
P X Be 5L e PP BOASE 2 A Bl R 4R A T 5
16, 3 A R B R G S AR B T e A R AT
SETEOUE S B T S

6.2 TfEIEHR

TR S A A RS Z )RR R A
J7 6 BT B VAl 4 bR e PR TEAR R AR BE B2 B A
SRIE 5 AL PRI 0 JE A — MR I S Y
PEAGHEAR T LAV O 7S 28 2 50 — S8 a2 e 1 46 A G E 1y
K (Accuracy) i 2 (Precision) . 3 [0 Z (Recall) |
PRI 8 (F1-score) %5 5 55 2 JE ML A% B 1 FIL(E
B RS K45 45 . 10 EM (Exact Macth) , BLEU
(Bilingual Evaluation Understudy) #1 MRR ( Mean
Reciprocal Rank) &5 ; 5 =382 % '] 41 X #2554
I 2 1 PRAL FE AR Code BLEUS; 5 U 28 2 &y U fig
IEWPE VA HE A5 5 5 LR B MR HR AR s 255 /X 26
RHAMIEFR 5 Time.IO@ Num | Iterate (@ Num
SR 6 LA T IR Y R F B AR LA VR AL 4 bR
A B AXE & B Accuracy \EM Fl BLEU 45 #5
(O ENETESY EPUE =S

(D HEFZE (Accuracy) K2 (Precision) .
[ 3R (Recall) FyH M50 (F1-score)

HEN SR AR & e A fe br 2 — . B
BlE SR TR T (S FIOI Y) B A M AR R B
T BB 2. SR T 8 TS AN P-4 1) 40 4R L A
WATHET FTF AT 1 S AN Bt A A A A R B
I T ARG bR, & B A Bk M T A
T kg TE A5 B REAS v ELOE S I A . A el AR
NS R 8 SR A BE %, 2 s T U A G 49 S
S BRSO B . SR RS B A R A R
ORI N DR R L A AR IRV A = U AN =

TR AT RE 2 S ECH B A FEAR, 2 AR K. X, 9
FF- B AE T AE L & IR i P 7 ORS i 23 A [l
BT W AL 1.

(2) EM.BLEU.MRR F1 SuccessRate @k

EM T & R P 5 U R AR TR AR 5 H AR
FEFF 2 — 2

BLEU 2L B2 S0 F 09 DF Al 45 4, 38
n-gram A5 R R A R B & A2 R ) 5 S T Y
FHALEE . 2w 09 BLEU 23 %0l 7 AR & & R P 19
b B . WE9E 2 W], BLEU 4845 5 A T34 45 3
ZAFAE & BE AR M. BLEU 38 st (D i,
o, RALE A T N £oR n-gram B KK, p,
PN 45 R n-gram A B JE . BP 3R 15 1]
Foc BT RKE, r BHEHLERKE. AW,
BLEU XK1 n-gram Z VLS, AR 25 AL 7 1 25 i
SCRTHERRE o PG 45 51 0] RE 32 31— & T L.

Jl, C>7'
BP=9 (z) ’
16 <, <r
N
BLEU=BP + exp( >, w, logp, ) (D
n=1

SuccessRate@k FT EBIERT £ iR [B] 45 F
B EH AR Ao e, B (2) frs. MRR
T H OGO 5 — A IE B A 2R 45 R A 1 O
HE N s, . Q Ran &k 4.
FRankq 78 Q 45 @ > 45 1) (1 1E B 25 3R /Y £ &
OCe) F7R Mt Ay FLBF L3R 8] 1, 465 )5 [ 0.

|Ql

SuccessRate@k = ﬁz 8(FRankq=Fk) (2)
i1
|Ql
_ 18
MRR = 'Q] 24 FRankq (3)
(3) CodeBLEU

BLEU 4]} ML 4% 8126 3% 1 F, 1 5 30 3 DT i
1 72 W8 1 2 5 00 38 325 T8 SCERAE . TR B , o B 2R 46 A
it F A L 2 5 AR AN IR AR TR 1 B AT 25 HH IR A
AL . R DX B8 R . Ren 28 AR T
CodeBLEU VAl 8 b1 25 &5 2% J& T ¥ J2 19 18] 3% 1T
it E VR 2K A0IE B AST VG Jit FIE SCBCHE 7 VS .
BRI S, CodeBLEU J& JF i BLEU . AL BLEU
VEBC ik AST DT EC DL K i SCBCHE Uit U BiE 45 43 1
A & Hd e By o BINALR S, BLEU 2
Ji 46 BLEU 15 43 s BLEU, g 42 M AL - gram DE L,
Match, JEi8: AST VCFELAS 4y . % 8 T 1y 08 ik
{5 B s Matchy 75 & T 8P 085008 0 5508 M5 B
CodeBLEU=q + BLEU+g + BLEU, , +
Yy« Match,,+06 * Matchy 4



2616 it "

Hl

7 2024 4E

o
=B

(4) T REIE#f PE AL

R T R AME G SCA AU B 5 AN A2, Chen
FENFYEIANT pass@r $ b5 T VA A SRR 7 19
DIREIERAPE. pass@k B CRTERT b AR F
FEA T, B — Al o . o E
FRBCE W 0 BRS¢ R IR AR 1 B

(")

(%)

(5) B HRHEPEAL

F 58 AT 78 36 5K 2 i 7 5 B0 ASE 28U 8 RE 7Y [
B 32 N PR B L TE A 8 5T I e o
Wang 58 NM 4 T — 4 IR AR AR T A R A
LR T8 bR B35 Robust Passs @k (RPs@#k) .
Robust Drops @k (RDs @ k), Robust Relatives (@ k
(RRs@k).

RPs@k B 1E7% B hi A 2 BEHLE 3 5 AR 1Y
BB TE. AR R HR PR A BB TE 2808 2 Wk 3 ) 2k
S EE R h =D R A E R, Hop o 3R
NI BR B re, (o) FRoRTER S 1K DL T 2R ) 45
Hh BT A LR A 5 R ) EoE Z AL

IU%@k:E[l—Siigéiﬁl
n

RDs@#k F]T 5 1 #2157 & BURBE B TE e N1 &0
5 IE ARG G0 T 1R RE 1 AH X 25 Ak,
_ pass@k—Robust pass, @k
pass@Fk
RRs@k 25575 8 T fE L WAL 3h )5 . BRI 7E
25 0 JR bR T S A D0 A AR 1 0 v M 2 TR 1Y

pass@k=E, ens | 1—

5

(6)

RDs@#k YD)

AHXT 22 5.
n—rcf(:c)> (n—rcs+ (I))
k

(&)

RRs@k=E, |2—

(8)
(6) H b

Time JEPERFET A BRI F LRI Z
— KRG B H bR AR ¥ T AR 2 i i) 58 R DL 22 R
(ms) BLFD () R BAL. — BT 5+ A6 2% 1Y B fa] iR 1<
BEAY [ AT 35 % 8 2 L B 40, DeepCoder fi# 2l 50 %6
(AT 55 FT 5 T I ) K24 Sy 28597

10@ Num 548756 W H dn FE 7 0 3 # b
JA T AR A B R R 0 B 2o Y A
Xof T BE TG 12 R i T A B OO A AR ) AR O E
SRS RIS B A R T A 2 A A
Xof DU AT BB NG B M BE L LE R T A B LR R Y AR
J A s X — 48 BR G O # L. 40, FlashExtract
SR T EL 2. 86 N A R R AR A R

Iterate@ Num $§ (1) & 76 28 H. 2R 5 & it f2
LT BT R SR AR TR B i P A LR BRE %
P SR B U FE P B4 B P ARG
6.3 HIEE

LG R T A E L BT AR A R RE 7R
O3 KRR FUAET A B 0 0 35 AT LA BE 2R3 19 77 X
TR IE % A s ARt A L 28 R RN LS
P BB B X T SO R AR T 5 s A % OC
N TG E ARG IX —T7 18] A5 0] 3% U A
KRG HE VAT T HREL B AN 10 iR,

£ 10 —EHNEFARESHFRMES
B Fii i
BgQUERY 6t 280 77 TR GitHub 47 8 P 1) 56 6 M L 0 1T 06 00 2 35 3 ot Jave. Python %
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Background

Intelligent program synthesis is a research hotspot in the
field of artificial intelligence and software engineering. Since
Alonzo Church proposed a program synthesis, the problem
has been the holy grail of computer science. It aims to automate
programming by enabling computers to understand user intent
automatically.

Deductive synthesis is the earliest form of program
synthesis, i.e., the automatic construction of programs based
on formal logic specifications. Although formal methods are
highly reliable, creating a logical specification that completely
describes the behavior of a program is still a challenge for
the user. In recent years, the flourishing rise of a large open-
source community has provided researchers with a large
amount of software corpus data, leading researchers to turn
to deep learning-based program synthesis gradually. Deep
learning-based program synthesis uses many techniques of
artificial intelligence and natural language processing, such as
language understanding, text generation, semantic parsing.
With the development of the technology, both academia
and industry are intensifying their research in this direction.
Although it has achieved some progress in this field, in
general, the method still faces problems such as lack of
industrial-grade datasets, poor model interpretability and
robustness, and small-scale program synthesis.

In order to provide a systematic and comprehensive

understanding of intelligent program synthesis, it is necessary
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for us to perform a full study on the technical methods and
evaluation indicators of intelligent program synthesis. In this
paper, we first summarize the research progress of intelligent
program synthesis from the perspective of user intent under-
standing, program understanding, model training, and testing.
Especially, we summarize the existing approach. Finally, we
discuss the possible future developing trends and challenges
of intelligent program synthesis.
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software development such as low automation, low code reuse,
and long development cycles, the project proposes a software

‘

synthesis mechanism “requirement specification—IP—code”,
establishing a platform for automated software synthesis from
software requirements to code implementation. lLeveraging the
research outcomes of Topic 1 * Software Requirement
Description Language” and Topic 2 “Software IP Knowledge
Base”, the project integrates artificial intelligence and other
technologies to explore methods for intelligent synthesis and
optimization of embedded software. It uses the requirement
specifications delineated by the software IP-based language to

automatically synthesize embedded software code by reusing

software IP assets from the knowledge base.



