F xx &% xx # T E AR Vol.xx No.xx
XX % xx A COMPUTER SCIENCE XX.XX

BRI HEESHEE AR RTTRIN A

ek FTWAIR
(BEIRAFETIEHK RK 430033)

WE 28V EAZB AR R EME, AHARETREARTH—LEETEEA, L5 R 28 AT RE AT
A5, Bl RADR T AIETRBEARIIT KA ALY F IR ), RE T — ARt B4 2 W 445 2 A CodeNLM, @ i3 4947189
BB XETORKRD TP, ZER RS HIRAANE, RN R REMESA . £EINNABERIRSE ) KA HIE, 2
EARARES, 8l THE LS FHR%, B3ERAELGHMRES TRAAENGR B/, 4A3HiETEEES445, BRE
T RR BB RS, BRI REEMEETREEAROA RN, ERIEEERT, 43 9 A Java A B & 203 7 47K,
CodeNLM 73 2| &9 B & B 354700 B 4L T 2T 1089 n-gram £ A foib 25 T4 ARDIT S H P F2 69734 k4% (MRR #47)
Bty kRS 3.4%~24.4%. FIEFE LW, CodeNLM LA # R INALFEST EHE A RARTHES, HEARBRGKIES
12853,

RBEIF W, RIBPRR, HAREF M, EERE, e LS
RS TP31L.5 SCERFRIREG A DOT
A Modified Neural Language Model and Its Application in Code Suggestion

ZHANG Xian BEN Ke-rong
(School of Electronic Engineering, Naval University of Engineering, Wuhan 430033, China)

Abstract Language models are designed to characterize the occurrence probabilities of text segments. As a class of important model in the field of natural language
processing, it has been widely used in different software analysis tasks in recent years. To enhance the learning ability for code features, this paper proposed a
modified recurrent neural network language model called CodeNLM. By analyzing the source code sequences represented in embedding form, the model can
capture rules in codes and realize the estimation of the joint probability distribution of the sequences. Considering that the existing models only learn the code data
and the information is not fully utilized, this paper proposed an additional information guidance strategy, which can improve the ability of characterizing the code
rules through the assistance of non-code information. Aiming at the characteristics of language modeling task, a layer-by-layer incremental nodes setting strategy is
proposed, which can optimize the network structure and improve the effectiveness of information transmission. In the verification experiments, for 9 Java projects
with 2.03M lines of code, the perplexity index of CodeNLM is obviously better than the contrast n-gram class models and neural language models. In the code
suggestion task, the average accuracy (MRR index) of our model is 3.4%~24.4% higher than the contrast methods. The experimental results show that with a strong
long-distance information learning capability, CodeNLM can effectively model programming language and perform code suggestion well.

Keywords Software analysis, Code suggestion, Natural language processing, Language model, Recurrent neural network
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try {

Class. forName ("sun. jdbc. odbc. JdbcOdbcDriver") ;
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Figl An example of code suggestion (acquired by CodeNLM)

ARRS S 7= B2 24 A i A 472 Ja SRS, AT SOA

TR A B (L), B E SRR R A A R
RIS, 7R A TH SRR P (W |y, W), X EESR AR
W UF AT R T SCAR T A TR . R SR M, TR S R
TR TAE . Hindle MW FHT T 22K, HMA n-
gram T Java ARBSHE/R, STIG 45 SRR H %7 15T 1Y 0
Eclipse FFRIBEFIFERR . BT TE, Tu SEHEH T —
Bl cache WHF A, LUEMRREIMEGEST, G 70T A
A n-gram B AL RN PERE . Nguyen SEONEHE T —FiE S
A SLAMC, i gREi i, BaERA. WEie %
FE, TR ARG SCRMEE ST, JREAURL RS AR S IS T
AL HER 1% . Bielik S5 20N M T — R i) A 5 AR oA 7
PGOH (probabilistic higher order grammar) , L n-gram 13
HMEEHE L2068 LR EE, X GAEEM T S AR
FE55 S TR R . TE[22] TAEMERD L, White 211414
7 LA RNN Z5H i S0, J8id sesext b, 1X a7y
TEARREHRT S b, B n-gram ZARRVE BE R ASCET
EEHFEMET —/AN T LSTM HICHISE RNN iE 5 A
CodeNLM, iZMAY Al LUG RUERE TS AE B WA,
HET A 2 B AR B AR A G i . I il SRR I, Fi i
SERUTE TAE . T SO A SCIT R HEAT TEGH I IR

3 HEMMAIESRE

T 1A B BT AT 55, AR SCHR Y T —Fh IR A5 .51 F 1
PAIEF A CodeNLM, HEAZMGIE 2 Fin. A
T AR SEBRAT S SR B AR, B RL A SR
RS MISRIREAR B IS B, Bl — b RILE R, Wi H 2K,
BAFRA . A E SRS (RIS AT, RECAR[H
BEINME D 5 Z 5 BT SHIRARAD STk AT 0 T 1 B dfE T AL T
B RIS A AR 5 41 B FL BRI JE — R N 45 A5 28 (R A% 0 0
gy, Bl—AMET LSTM H7GH) DNN, T3R0S B 3
FE. FIRTPIESTRE; &, HEH—A softmax £4)
AR TN T H AT — 18], LAAS 380 (1 M 26 70 A1 Sk 2 i 8% B
AR K A R

WA 2 s, CodeNLM [ DNN #i4r FEAFTHNE .
BHRERZ FHES 2 YOREMEH . Hb, #dik
A JE R 53 A1 SRR T 1R AR ] Bl S oy — S
MISEE R R, U BEARLR DR I T A A 2R s RRAE 2
212 BRI 28 5% 8 Fp A7) 27 S AR 8 SCRFE AR Fr e A
J5 PSR R I £ W 2 A5 BTN A R — ], DG 2 i
FRASJ5 F1) (I R o A o 38 SASE 2R o BT 55 1 B A
AR SCRAT S AR DRI RE AR IS RN 25 . Bk, w564
B b B A SEE A &, SRS 3 A RD ] ) S A softmax
RN, DB 45 5] 5 R



T HEALHF

IO | (e0e -0 -000)
*
o Softmax 77 2 i
wir | ‘hé‘g‘gi‘gi-‘gio}:@o:i@ﬂ-—
*
AL ) JE : ; : :

+

(@vee @ece -seee) [-(oooo]]]
Y

srs |

(PN [ [ e e e ]

/ dewaEm

f
—E

WA

e |
WA

[#2  CodeNLM HEZ

Fig2 The framework of CodeNLM
X CodeNLM F) 2 A4 S HEAT VELI A 21 -
3.1 HiEmAL

FEGRPR 2 28 1T, 75 S0 T8RP B8 HEAT 0 B R T
ARFR AR, BARTTIEAN R

RRL: SREURARE SO . AT REEE h B BURARTS SCARE
ARSI 58 E 1) Ji7 4 5

B2 A RCA RIS . EBRIEARS SR R A AT
TR B ST .

BUE3: ARAIAM (tokenization) o % FEIEVEFN UK JACHD

HEAT A AR R, RDA e A, flan “for', '(, 'int!,
=0T .
A4 ARGAER . IR SO, GETH AT 3R K
HAa, R,
B /b W] o R AR A B R S s v, B
PREE BTV 13, HAR M <RARE>FRE .
AYR6: RS B g . A ] E KR AR R A
A4 58 RAE S 2 -

3.2 P 482 235 4 % 40 SRR

CodeNLM %05 & — AN InE B 51 3£ 2 RNN,

FEREAPING BB T, MFIA LSTM oK 1S
SRR SR A SRS SRR S AR PR A T A
S)

LSTM #.56H Schmidhuber 272 H, @i H N 7T
FEOUH B LA B AR I, IR T L RNN s LLiE 2 K2
A 1) B . LSTM B 7T B2 i R Ay

i, =0 (Wyx, +W,h_ +b)

f, =0 (W, x +W,h_ +b;)

0, = (WX +Wh_ +b,)

¢, = f,oc_, +i, Otanh(W, x, +W, h_ +b))

h, =0, O tanh(c,)
Hrfvo(x)=1/(1+e™) M tanh(x) = (e* —e™)/ (e*+e™) Nk
TEEREG WA D AR AR R EFERE AR B A . O RORIRIT
FAHFe, B Hadamard #; i, f,,0, 2 BIFRIREIANTT BUET]
U T THRAE:  x,C0h ZP A FIRMZE SN L 1012 B TIRZS AN
B ERAS: ¢ RoRIETFI(A].

2 BRI (W15 5 R L SR 22 S0 R0 O 2% 25 46 W v Dy T
TRAG—EE B, ARSI FRg . FnE R 52
HWE CGRRG 1D AN SR Z G SRR (RS 2) , DUBIRGITRY
FRAAT S5 BEAR . CRAR TR S A ).

(1) s 251550

A G 5 B ORHE IR ACRD Hd h H B iR, WA BT
fRUKAAL S I ARG R (5 ITE X RIOCR . B
B B EENMEGD AR AR, S EER AR
XTERAFREAT 7800 AT o R oe IRAX — A, AR SO HOR AT 45 A
KINAACKLAZ BB 25, 5] B 5 AL 1+ 2 8 95 5 RFAE
P15 SR P 0 s 2 S BT g . FREEFR L, R HE Rk
MNAAES, HBCREMIME S . T 30K DARID R AT 55 A1)
HEAT A

BARHE, 2 SR Rl B AE B LA S [ T
Fox, G MNENA M REHAF softmax EH ARG, H
THBINZE 2 ) 5k, Hou bk .

X‘1 =W, )N(tl :[W[ pt]

softmax _ hN‘aye' thoftmax _ |:|"I[NIW pt:| (4)

X

Forp x FRBERGRN, X FOREHE R RGN, W R
FEE, p FRARAMEAREE, h#oR LST™M s
R, N, BREERES R IF .

HFRFERES, oA S AR ERmE R, &
SCOURET R BIREAT 0T . ARTOHIR B 78 R A 52
AR, DRI R MR, T AR 8
5 R B S 7 5 BT R AR, 0 S WA R 2
b AFAEGEME RS A AR A A PO MO L T
ST R IR, ASOR B STH 106 R 15 BB %,
I 3 iR, AR, @) RIS R p BN
EALS T H 4D, HEAME AR AR, BRsif,
ST BN B S ORI B 1D, SRJFH5AUAT token
(1D U SO BOSTE 1D A4 A s, 51t
R HEEL.



ik WSRO A E S EE R KRR P RN

WA

(@)
®
@
@)

Fig3 Extraction and quantification of additional information
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Tablel  Information of the evaluated dataset

BH 4 Ji A SR (AT ARAAT
Ant 20110123 1,193 254,457 128,266
Batik 20110118 1,657 367,293 195,467
Cassandra 20110122 545 135,992 97,029
Log4J 20101119 353 68,528 34,479
Lucene 20100319 2,279 429,957 266,573
Maven2 20101118 386 61,622 38,593
Maven3 20110122 847 114,527 70,462
Xalan-J 20091212 973 349,837 171,619
Xerces 20110111 827 257,572 138,841

it — 9,060 2,039,785 1,141,329

4.2 SIRIMESEB S

SEEGIE AT RN Windows 7 64 fiEEE R4, Intel i7-
6700K CPU. 16G P17/ 13t GeForce GTX 1070 &+, f#/H
B FE 2 5] T H. )y TensorFlow 1.0.0', A AL T A
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! https://www.tensorflow.org/
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Figd Loss curves (10-fold cross validation)
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fiE SR E S AT T BT . A CodeNLM* 3%
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MBS JZYERE Y9 800, HARTT L CodeNLM A4E, iXPH
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Table2  Perplexity values of the investigated models
n-gram FAE Y Regularized LSTMs [24] RILTTE
i DeepSoft
R n-gram Cache LM .
(4] 5] [16] Small Medium Large CodeNLM** CodeNLM* CodeNLM
PRI 2K i 12~14 8~9 4.720 3.739 3.044 3.152 2.946 2.881 2.802
IR [A] 0.9 min 2.9 min — 79 min 457 min 1750 min 150 min 180 min 185 min

4.3.2 RARFEFEREHIL
R 303 FH A 2R P i A R AR IR A R 1k R L),
“FH5HEF 8% (mean reciprocal rank, MRR)FI Top-n #ERHZH .
BFRTHE AT

T BRI A 1 RO AR TSNS 1 RIS 2.
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i 0:
AP T FRMIR token S rank, R IEMAZE R t, K151
HEFE A IK . Top-n HERMAHTE 1 LA 45 R ILAEHT n Mgk

rank, <n
rank; > n

MRR=_) R TP AT REPE: MRR F8 b5 02 7R IE R 45 R4 1P 2 HE 4 1Y
[T| 45 rank 5%, 150 MRR=0.5 W1 F49 28 S IERhLE B ILE S 4
1o FELE .
Top-n=—2ri o N . .
T|= ® 3P TAFE SRR 1 B E BRI S,
Horp A, PP CodeNLM G 341
#3 AEBALEATI R RAT % PR RE X L
Table3  Performance of the investigated models for code suggestion
e n-gramS KA Regularized LSTMs [24] S WIRS
TEH
e E n-gram Cache LM SLAMC .
Eiz0a Small Medium Large CodeNLM**  CodeNLM* CodeNLM
[4] [5] [6]
MRR 52.8% 67.6% — 68.5% 73.8% 72.9% 75.4% 76.2% 77.2%
T8 Top-1 46.3% — 65.6% 58.9% 64.9% 64.0% 66.9% 67.7% 68.5%
Top-5 56.8% — 78.2% 80.3% 84.9% 83.8% 86.0% 86.8% 88.0%

3% 3 W UG, MAE S B BAARE S n-gram 585
A RN, 3 PhUERD TR AR B AR T ik fe —
WEBEEI N2, n-gram BEREE AT T R SCHE, Lk
SCHER[6]45 2 H AT SRR AR B i LS R o X2l T
LSTM RBIAERHE R . AREMERAAEAR . KRS (E B2 )
SHHBEARBMLSA, Ho n-gram BB TTLEAM context
RN TSR (43,3 G E S o £
o9 ANIH b, AR R T RALERE, Hdh MRR 18
FRYMEN 77.2%, BFEAMER (X)) BK 3.4%~24.4%:;
Top-1 FaFRIIME N 68.5%, K 2.9%~22.2%; Top-5 tEHrISE
N 88.0%, MK 3.1%~31.2%. £ 3 LT CodeNLM*A
CodeNLM**#iHIZE . bl MRR #8455 901, BT B2 T
75.4%F1 76.2%, [FIFEAR T HAbTT:, HHE TR T ook g
) CodeNLM.,
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