BAF2£R ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn
Journal of Software [doi: 10.13328/j.cnki.jos.006910] http://www.jos.org.cn
OB B AT TR Tel: +86-10-62562563

LY X3 ‘ A ~, *
ET X REERMENRBE RS E
Are', # & 4%
TR A TSI, WL 5L 430079)

PRBUELTR TS N e be, 16 2 430070)
WAFEZE: 61, E-mail: gyzhou@mail.ccnu.edu.cn

B ERARELALTARETRAERRS RIS AN EEZN L. FTASHNRDE L LS R E

RERAER R, A ZIRGHRATFRAR 6 TAEFE. R LIS T ARG ERA R B Gty  RiEE

N, EEFRAE P I RFRAD AN R BT KT A PR 6 RABIE & 5 ik DeepCS & KRBT T 1RHF

8 HOR, AR T ik ARSI ARG 69 IR B L. AT Bk A8 R A % 77 % GraphSearchNet #8245 fif X A~ 1A, 27%

H ARG IARBATmAL B R Fe, AN T RBEFLRKE YL XA AT REAA LIRS, REATXZAAL
R W 286 RALIE & T ik, ST 6 SOR B Fo XA B S A, AT 5B B &t SR & 16 e R BT da ks B IR B, 5t

FAP 2K EREHICAN LB KA. ERANNTTHIEE L) 230ss RA T, FTI- 7 ik b o i 89 LA AR DeepCS

#= GraphSearchNet 3% & 455 £ 3.

KRR RAIL L, X 2 BRI, mAs /L Ik A

hEES S TP311

thCH AR BT, W, R TR BRI R 45 (AR 4 2R 07 5. A 253k, hitp://www . jos.org.cn/1000-9825/6910.htm
JC 5| MR Zhou GY, Xie Q, Yu X. Code Search Method Based on Relational Graph Convolutional Network. Ruan Jian Xue
Bao/Journal of Software (in Chinese). http://www.jos.org.cn/1000-9825/6910.htm

Code Search Method Based on Relational Graph Convolutional Network

ZHOU Guang-You', XIE Qi', YU Xiao®

'(School of Computer Science, Central China Normal University, Wuhan 430079, China)
*(School of Computer Science and Artificial Intelligence, Wuhan University of Technology, Wuhan 430070, China)

Abstract: Code search is an important research topic in natural language processing and software engineering. Developing efficient code
search algorithms can significantly improve the code reuse and the working efficiency of software developers. The task of code search is
to retrieve code fragments that meet the requirements from the massive code repository by taking the natural language describing the
function of the code fragments as input. Although the sequence model-based code search method, namely DeepCS has achieved promising
results, it cannot capture the deep semantics of the code. GraphSearchNet, a code search method based on graph embedding, can alleviate
this problem, but it does not perform fine-grained matching on codes and texts and ignores the global relationship between code graphs
and text graphs. To address the above limitations, this study proposes a code search method based on a relational graph convolutional
network, which encodes the constructed text graphs and code graphs, performs fine-grained matching on text query and code fragments at
the node level, and applies neural tensor networks to capture their global relationship. Experimental results on two public datasets show
that the proposed method achieves higher search accuracy than state-of-the-art baseline models, namely DeepCS and GraphSearchNet.
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WL ARLE, fHER TR i S (NTN) BIAR3AE E RS I 2 AN T LU PN T S (FARALLOC R 45 58 PR 1) 3t g A
hj, NTN A PR TR v PN RN Z [0 22 4 BE G R
NTNg, 1) =0'(h,-T-W“:k] ~hj+v[ Z, ]+b) (13)

Hrp, o AR R S, WK e ROk 2L — AN | AR IR R, V e RO T b bRt 28 9 28 KA
BRI . [ S € RY &3 i Wk PE ik SR T - WKL SR B, B RN D) 2 ST 3NN Z TR R S ] AR AL
PER . ARG B RO SOAR B A )R b R SOBRAN I B AR NZR R hy, B by SN — AN 2R B 45, A th T AR A R SOA
el 4 JR LB AR SRR NT NG, ) € R XA U REAE & ANHERE R AIRE T PSR 4R LA T I RIBIMESG .
GBS B A SCA B ) S BB 93 simy | JE i BEKG NT N, ) € REIEN B JZ A TERANZE W 48 L) AT,
(RS BR B2 . A A 2 0 2% A0 P 22 J2 IR 22 0 e s i I e (1003 N IR S 80 T 35 (Y0 0 L A . B AT
HNTNG, 5,) €RY, NZJZAERZANZE M 48 (0 d S5 — 2, iy T 0 BUE bR B sim, € R SXPE AT 21 1 5 A CAS A
SCA A2 )R R R AR 53 2 sima € R
2.6 =B
AT A5 THT WG FC 52 s R 22 T DG 0 SR % 19 73 40 45 R, P 2 0 IS 2 275 38— A P 0 S A B e 44 1
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AL 38 score(g, p) € R . Hod a; /2 —MFESHL.
2
score(q, p) = F (simy, simy) = Zai - sim; (14)

i=1
FEARZ I R, AR R B A A QRS Jr BEEHRN D2 B 2R 58 1. X T AN SCAR K G, AT A AT 28 o 1 T 1k
AL G, FEAT VG, JFARGE AT BIRE RS SCA AR I ¢ IR A BUEE AT 53 score(q, p) . FRALEE 7343 v IR A 126 A QRS B
SIAIRIA], AN FRAd AL PR R AR A R TR ) SOAARRI C oo ) T e 2 b s 383 ) 7 S B AT I ). LA
KUk, WZERET G —MNNGAEREE— A =0l < g, p.p > . W TG UERE M g FXT IS A B p,
BEALATE R ZE ok b — AN SR AR 1 BE pm . BEBLH) H AR A 21 score(q, p) I 72 ELLE score(q, p) I 70 B0

AL margin 35355 pR BT AL
L) = Z max (0,6 — score(q, p) + score(q,p~)) (15)

<q.p,p~>€T
Horp, 0 ACRENZRM BT A B S AL, 6 ARGRIR BB AL B fEL. HEAL 1R K S (e A SOR BRI SR IR IERE A AR A
B AL A3 93 B TF, T SCAS AT W R SRR AR Fr B RO ARALLBE #4373 B

3 SKEEERSY

3.1 HiRSELE

A SCAEPIAS A TT A 1 2 5 42 _EPPA R K GraphCS #i%Y: FB-Java 44/ CSN-Python %4 4E. FB-
Java dli 4 /& Fackbook 1A P2V A (1 ] FI TR %4 R AT 45 (1) Android T H A0S 4 4. GitHub H1BAT 2019 4F
P T IEIARAD A 2R AT 55 A B HE R 48 CodeSearchNet Corpus™, iX /N K HIE A1 6 Fham TR iE = B 24
R SC A, A SCAE FH H 4 1) Python 38 8245 CSN-Python. 5 W (1L, FRATT (1 K045 S5 A 37 RN &1 iy i B e vy
I Ling %5 N P9 7 v A 50

T A RCE S T M VTS AR RAT 45, T B0 B S I A A R BT VR A S L AL B RS R T A, &
Se B B SRS A R B A B AR A B, IR RE AT Fr BEANEE & HR U2 2 AR AT 3> T 3 AT ok B
BT 3 A I ARRD BB B, AN T B A . T i R s 26 10 i BORIAT LA B AR B, R
TR — R AR 757k

Xt SCAS B A AR, T LS ] Stanford CoreNLP T A P91z ff i ¢ SCA PO X, 46535 XM v ) 28 3
PR RER. X T AR P Ry AR, TS0k [26,27] 1 TR USRS R A 1 0 A R I B B E VAR I FL7E B R Y B
A b B R ) S A P R B Y ki e KB 300, 3ok P8 K e 1 o S5 1 4% SR T R, BT DA R O T 300
(RISCAAR %, Bt 7 A FB-Tava 3 p, 53 17 226259 %} Java A% EIAISCAE, M CSN-Python $iE4E, #5351 T
330404 Xf Python {5 BRI SCAREL. SR 5, 44 Hs 4 50 4 VI ZR 8 /50 UEAE /AR AR, Geit- 25 i+ 2 i,

#2 Bk oy

EISIES EES LoanRIS e S
FB-Java 216259 9000 1000
CSN-Python 312189 17215 1000

32 RESHRE

7 B R ABER 1 56 R SR 12 HOE 1, NI SRR R 300, % 07T s 4k FE 29 100. (EEHER M)
S, ASCHIBEREEE T siamese 994 PYHEAT I L5 11, B2 Ui 125 > SCAR B RIS B ) RGON [ 4 JE 52 2
B X FEALT LAyl A5 ok 0L (1) R R, 3 REASEN SRS /NS [RIE 45 R 8 SO SCAS B RS [ 20 06 3R
P AR M 4% 5 o N

SCA B RNAR A P e AR A A AN L], SR BN T Glove™ "5 ST 4A b ) S A kN [1) B, A5
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AR N2 B2 0 300. 0 T T63% M Glove FILAA I HL1A], anACRY B ) CamelCase, — 5% 73 # B #5ic Camel Fl
Case, T Glove TRYIZR I T ARic A ISP YA T WA 4. 76705 252 I P DR E b, Z2 30 DG s 2500 2 80 d
eE N 150. 76 B 2T (LR Ee b, NTN Hos g vk sk B & 1) S50k B8l 50.

IR HE B 0T - 351K B E0H) margin {i 6 %4 0.5, batch size 4 10, J74# F 2% 2] % (learning-rate) >4 0.000 1
(1 Adam DAk 28 B0 Sk T AE KR S A H0Z AL AE 1, dropout ZEUE B A 0.1, FRATTZEVR 27 S HESE PyTorch & #
2 M4 JiF PyTorch_Geometric 94 B, F7EfL 415 Wi Nvidia RTX A5000 GPU /IR 25 2% L VI ZRii sy, ix 42
B AR IR E AT R Bl 5, B SR & 3 B,

®3 ZHN4H

KEESH AR ZHHUE
P st Tl R N AL S5 300
RGCNiy 15 s 4 i 100
EZUNEIINGE e e 150
k= M4 i S5k 50
batch size 10
margin 0.5
dropout 0.1

GraphCS B (i 1) 52 2% B 1 B w15 502 T A DS e ke, BRISE AR (7) FIA R (8). Bk M RN 43 HiI4%
FEOAR RIS B A5 AN B, d ARRAEAN T IR, d AR 200 A VS IC A B A1 6, GraphC'S &4 (1) i i) 52 7%
[ O(NMd + (N + M)d + (N + M)dd) .

3.3 iR

N T HEAT AT B, A S AR TARE P48 451, 45 MR A (1 K /N B 1000, bateh size #5410, 44
HEVAAT 100 AMEIEACHS F B, T I0R 30 55 b (04— R Fy BORISCA IR, — s SCAS A B 1 2 s if,
FER R I BT P BERIL A 99 A BEATLIE B AE 1y B — AV AR AR R AT 5 (i e v B AR SO S B &
P AN Fabm T3 B EeHE 4 MRR FIAE k AR RLTH 2 S @K Al i th A B RN SR 4R 2 1) 1 e . LA i,
MRR 2 —MEWEE T O IMEIEHEL P41, FRank $8IWZ2 A4S 2 K E IR P45 RAE P O BLRF &Rk 10
gh .

10| 1

1
MRR=— 16
10| ; FRank, (1o

Ferh, FRank, 81025 g IREEHIIOE 1 AN 45 RIHEL AL E, 1012 0 PINEWECE. JhAh, S @k RorfeHi4 e

BTk ANHEA G5 A AEE— AN LU IER A S0 o L. iR Ao B, TECA 1, FIMEA 0.
1 10|
S @k = |_Q|; (FRank, <) 17)

T IE P AVE FEFR, Fbn (B Ud WA AR 48 2 1 2 Sy, OB (R M RE TR UF, BB A5 & S b AR R 3%
S AR,
3.4 HERE

0T VA B PR RY IR AE, RATTE R T 7 AN TR AR R R 4 1) S A T A D R R AT AR AR
PRI SCIRSCANSCHER [7,12,14] 55, RIS RIFIEAETT R SLI 5 2 X b, 25 181 7 N EL BT,

(1) NBoW (neural bag of words). BiRNN. 1D-CNN #il self-attention J& SCiik [23] 32 L1K) 4 FhILLEHIAL. NBoW
A5 R SR iR AN AREE AR, BIRNN 48 F GRU 1E 4 AR 751 1 4 id 45, 1D-CNN A — 4 145 B 0P 28 I 25 R AE
HNIARE A B, self-attention 32 F 22 SkyE R HLHIVH BT T HH token HIZR7R. 4 T o i FEIR, —MRIEG
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PR I RIRSE S SRR E.

(2) Facebook [1BA$ H (1) UNTFR 58 i 37 ik AFEAR fastText I ARG A ST, UNIF A H 7] 2% ST 18 1%\ Sk s
REGFNET I, A T A e IR s, A0 R B T 4 i AN B = IR A, A 9% 80 29 AR AR LIS FE .
W HoAE Jg FELAR AT S N, BB R ZE R R 100.

(3) DeepCS®*I M 3 A5 HIASHRACHS (0385 A5 & k4 AR5 (1) token APT I R 4. AR J5 18 & 4
LSTM &k MLP % 3 B [F] (17 4 J5 il A, %o SCAS B A A RNIN HR . - FARAT T APT 38 F 20 R4 7 vk
SEIET Java B R 10 )8 K5, 0 HABGRFRE S AN AR . BRI A SE I A A O vk A AR R A A S SRR
T 1) SURFAE.

(4) GraphSearchNet! ™ FH X [ia) [ 142 I #H 2 M 4% (BiIGGNN) Y125 T W5 AN L (KRR 7 4 A 28 A0 25 W 4m Al 2%, JF it
2 i B LA FEARHL RN SCAS ) A R AT B VR s 1 1Y s AN B BR THIAE 200 A, 175 A SORE BT s AN SR
THITE 300 4, SZE ARG 11 & 1A SR AR B
3.5 SEEERANILE
3.5.1  fENRAE ERSEE

A T UE W FRATTHE 7 VR A R, AN I B A FB-Java S04 SRRl CSN-Python 33 45 1 ) 7 (81 $0HE
4 MRR FI{E k AT S@K K BmAVPAGIEL, 35 4 2 5 45 T 5 7 Pk ik e AN A T 5ot 4 115z

BB 0T . PRAA R B 2 s B U B A5 R, AT R 2 B SRR T R 45 . % 5 PIAT GraphCS (margin loss) !
GraphCS (circle loss) /15K i3 2k R 5053 93 1 4 margin loss Hl circle loss™ [ 5256 45 5.
#* 4 ff FB-Java ¥l ERISEIR S5 R %5 fF CSN-Python $ifs 4 [ (#1506 45
Model MRR S@l S@5 S@l10 Model MRR S@l S@5 S@l10
NBoW 71.7 71.3 85.3 88.5 NBoW 66.0 56.2 78.3 83.2
BiRNN 71.7 63.0 83.2 88.6 BiRNN 62.7 52.8 73.1 81.6
ID-CNN 22.6 12.3 32.7 45.7 ID-CNN 18.4 10.5 25.1 33.6
Self-attention 65.3 54.4 79.1 84.2 Self-Attention 63.9 54.5 753 82.1
UNIF 84.8 781 925 95.7 UNIF 70.1 59.7 83.8 90.3
DeepCS 78.9 70.6 89.6 94.2 DeepCS 64.4 522 78.2 88.3
GraphSearchNet 71.3 64.5 88.6 89.6 GraphSearchNet 739 653 84.2 89.1
GraphCS (margin loss) 87.1 80.1 95.2 96.6 GraphCS (margin loss) 88.3 80.6 97.7 98.8
GraphCS (circle loss) 86.7 79.5 95.0 96.5 GraphCS (circle loss) 87.7 80.1 97.2 98.6

5 BT IR SE AU L, A SCHEH () GraphCS BEALTE AN S 4R 110 4 ANV HR AR 0 L T e lr (b g,
LA 2, MRR 451 FB-Java 335 45 Hl CSN-Python %(#fi 4 L#S L T 85%, X EWRA GraphCS A LR 7 5 Hi4k
BN A WIH S ARRL Fr B S@K & AR ZAT45 11— AN E VPN HR AR, S@K {H 8, 2R EHE% SERTIN K ARl gh
R AEAE IE AR 45 BT ek OK. GraphCS 75 AN S 4R Fak 3 1 95% 1) S@5 i, BI'EH 95% MIKER
HI 5 AR A1 HE 42 25 3 15 2 IE 60 RS Fr B, LA IR 2R BT U DeepCS Al GraphSearchNet 7F S@5 - #R %A
XA, 34k GraphCS #ZEFRFE S@1 BB T 80%, LhILAbAR 45/t T 10%, B GraphCS #:71 # %)
['] Topl 4554 80% HIMEZ 2 IEHH IS F B, DeepCS A1 S@1 % fH /& 52.2%, GraphSearchNet 12 (1] S@1
BAH AL 65.31%, BIES 1 ANRPIAARIE H B F /0 35% HOMERAFF & i i A) ISR, o3 0B 0] f AR5 H B
AN LE PR, LERG AT RIS GraphCS (1198 20K 5 58 rmr, 3R 0] (¥ 7 ARG 1 BE S A 10 05 SCRH DG B 5. ] I,
A IR A margin loss 145 R ZAEMET T-IE T circle loss 1145 F.

Tiob, BEERIIAG TN R g AR 5 IR R 4 R 2 K, 71 Python B4 RN T 75 Java BdladE I
MO T, T AR SC AR AL R IR 2 . K AT A TR A 5 AN SE LR AL A AR AN G A 7 S Java 5 5 036, TR VAT
PR/ Python 1 55 TRIVR 2 45 A A5 AN S F2 4.

3.52  FLARAAE RGP 5o HT
T PR P B, AT A GraphSearchNet F1 GraphCS KT 7E B8z (1 FH P &5 i) B KB, (T
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CodeSearch Challenge™ ') 99 > EL523 5 Query 15 4 21, FE5 B b i ) SUASK T 3 AN LAY Query, WL
T 50 A Query FH TS M. i T X I b ok B T B8, AR [B AT B Br A Rk B T/ B
BE, RAZ 2 56 AN A I 2R B E CSN-Python () 55— KL AR P, 3% LA SCA# ] CodeSearch Challenge™
AR 2R 2R, LR K2 115 JAMRES B, 3 00 T AR IS 38 2% 128 et e i i K- N AR 2L (R A QRS JE 1Y), I
H = # A5 1A Fr BOR B AC B 1R IZRB B AR e A 25 1) 2 o) R ARAD Fr BORIAH DGR, T I B ) AR 48
RIEERATS B BOR WA O AR, XA A B0 S 70 1A B SE AN e 7 — e FE L b IR VAR B vz AL fig

i FB-Java £ifli ANk B T CodeSearch Corpus™, FeAi1 H7E CSN-Python fli4E F#E4T H 52/ A
PRI O T BRI R R, B FRank AE A VP FRUE. FRank FEFR I 45 RAF G AT A5 S i 12 i e,
LA /Nt 3R 7R 4 B o L 45 AL D A 2R T A SN, R U098 &R 4 SEAERT. TR FRank i & 5o S 4 R 45
PR, % 6 R T AL ZIR T 10 4 45 K1 FRank A, NF 5 BT # R 3] —ANHRI IERf 45 1.

X6 7 FRank IRV EAL S 5L

Query GraphSearchNet GraphCS

Convert int to string 1 1
String to date 3 5
Sort string list 3 1
Save list to file 2 1
Set working directory 2 3
Group by count 5 3

Socket recv timeout 3 NF
Convert decimal to hex 7 4

Export to Excel 7 NF
Convert JSON to CSV 3 2
Pretty print JSON 1 1
Replace in file 4 3
k means clustering NF 4
Connect to SQL 2 1
HTML encode string NF 2
Finding time elapsed using a timer 2 6
Parse binary file to custom class NF 3
Get current IP address 5 4
Convert int to bool 2 5
Read text file line by line 1 1
Get executable path 4 7
httpclient post JSON 1 1
Get inner HTML 1 1
Convert string to number 1 1
Map to JSON 1 2
Parse JSON file 2 1
Get current observable value 7 4

Get name of enumerated value NF NF
How to empty array 2 1
How to get current date 1 1
How to make the checkbox checked 3 3
How to reverse a string NF 3
Read properties file NF 9
Copy to clipboard 1 1
Convert HTML to pdf 1 2
JSON to XML conversion 10 5
How to randomly pick a number 1 1
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%6 1E FRank LHIVFAEZR (40)

Query GraphSearchNet GraphCS

Nelder mead optimize NF NF

Hash set for counting distinct elements NF NF
How to get database table name 3
Find int in string 3 2
Get current process id 2 4
Regex case insensitive NF 5
Custom HTTP error response 5 3
How to determine a string is a valid word 3

HTML entities replace 2 NF
Set file attrib hidden NF 4

Sorting multiple arrays based on another NF NF
String similarity levenshtein 8 6
How to get HTML of website 1 4

MK 6 ] LLFE ), GraphSearchNet A8 2 2] &5 HANHON 11 4, GraphCS KRR BN /AN 74, I H
GraphCS J7&IR A 7E Topl AbRIAF& A B R AR BNt B 2. AR F 534, GraphCS J7 kK2 Hdl &
45 B FRank B 5 /1N, AH5C B IEAA 45 R B 5E /0. 41Xt T~ F 5L £ )15 A convert decimal to hex, GraphSearchNet
{8 FRank 1t 7, GraphCS H FRank At} 4, EWA GraphCS FIIR 0145 BAN L5 4 ANGE A Esk, T GraphSearchNet
TEAERIRS T DA BTG ERM AR, &5 LR, 7B T 5% Query WA LY FRank AHR W, A S T7:
#H L GraphSearchNet 45— & (W3, 7] LA 2R 3 50445 & A W 2SR IMARS v B
3.6 BN ILACIRAERIZE

T PP AR SO (1T SCUCTC M A R0k, WEAT T T RS PRAl DL MRS AR AR (R PE g, RGCN 248 AR H
AT AT T SCICE S5 5 PRI ABE TR A8 4k, Bl Gmith 2 J5 0 1 pi A N BB Y H i AL 5 7 FCMax, F H 4% 5% 0 &5 5 s AR AL 43
4. Node-level &5 5N FH 15 o2 100 ROV T S Mg, X HRON i (19719 s8R 28T 20 A0 A DU T bR B803E 47 U E 58 7. Graph-
level A48 SN H [ JZ T TURC SR, 7EA3 B K2R B SOUR BB IR R 25, N Z 5K 5 M 4545 21—
T E R ARABLE [ 5 N 2 /2 R AR 2 I 4 A BIARBLEE AR 23 3R 7 JoR T e ANt bL S e s

KT SCUCRCERAE

Model FB-Java dataset CSN-Python dataset
MRR S@1 S@5 S@10 MRR S@1 S@5 S@10
RGCN 75.5 64.3 89.6 93.8 79.2 70.7 90.5 94.8
Node-level 84.4 79.1 93.1 94.9 85.6 79.8 94.5 96.2
Graph-level 71.2 70.5 81.9 85.1 72.9 71.8 86.8 89.3
GraphCS 87.1 80.1 95.2 96.6 88.3 80.6 97.7 98.8

M T Ty A 3, SR VL BC S HORE R GraphCS HEAR AR & RGCN HRUAT T S 47 (A R PR IE T DLW B
Y TR P C B SR X 2 T 1 4 e DG IS SRS 15 20 B v, Lk WD P 2 WU A7 D6 5 R 50 SET 19 N £ SRS
£ GraphCS FEHE Tk (0 PERE S 2. JATAG I, Fhe sk 9 2% BEOR BEAG E 224 B2l 3R DS AOARBLPE ALK, H
AEABLAE: 1) U S 20 J22 3 90 0% R B 407 2 1) 45 20 7T REAN I AR 5 R BB AR 1A 20 1. D0 A, B AT 1A
TR 28 I 28 G A 1 AN I A i DG PRCH5 A% (14 7 SRS 28 RGN 34 2 LUK 22 B R e 5 20 P e B it K, S E W 1
VRl 5 ) s A DG 2R [T AR A 46 0] T Bt SCAS R B AT 201, DR A T2 ) RERG i 4 3 22 1R 4k i LA 6.
3.7 fREREDFEREIK /N IR BI R B0

RS2 AR TAE B2 ), A i AR 1 BURCE S 100, BI—ANIEHAT 1 BORT 99 ANBERLIEELK IEAb T B
N T S B A AR P B (R R C XTSIz B6 4 R (R i, A Sk — B R AN Mg A i BER K/ (RIF C=100,
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200, 300, 400, 500) vs. T4 45 R BN, TR 45 5K H MRR ! S@K, 5045 R &l 6 Fios.

L6 F AT LB Y, A A B R N B 100 I, A SCHE M () )5 9:4E FB-Java T CSN-Python |43
TR B (R 45 R 3 AR A BRI KN 2 200, 300, 400 BX 500 IS, BTA YR FEFR MRR 1 S@K 1345 W
AR 1k, X R AL L GraphCS B KT Rt 2R A A IR, S@5 A1 S@10 MIME LR L ARFFE 95%
Fidi, RASCHR ) GraphCS J7VETE TR 55 brdgy s AR R I, ARAR Re g R DLt R LF Pk fe.

100 100 :::“ ******* e L A .
O e T drmmmmeeeean fpreemereee e B R
95 | #mem S E— - S— DA— 951 *
S 90t S 90t
“ Wemmmmm—————— W P “ W W ——— e
:% s+ T e — b g 85| e, -
: g
L W It SR ~S—
3 80 - MRR =Tl P— e - § 80 - MRR - = - -
75 = S@1 75 | = S@1
[ -+- S@5 [ -+- S@5
20 *- Swl0 7 -e- S@10
100 150 200 250 300 350 400 450 500 100 150 200 250 300 350 400 450 500
Numbers of candidate snippets Numbers of candidate snippets C
(a) FB-Java dataset (b) CSN-Python dataset

Ko AU BO/N C s, S S5 RV

4 FHXI{E

AR, YRPE A STHORAEVE 2 AN R USRS EOR R, P TRE AU KA ST A TN AR 5 A B i
TURARTSAR SCAE S5 1 M R VEAR T AR DG AT 45 15 ¥R 18 2 >3 S5 AR 2 (3% SR 5 40l 0 4 AR 0 22 20 R 2
J BT IR A 8 3R A8 S AT 55 (1) e FRAH LA HE HLAS AT IR, TN Z5AE A CodeBERT! S £ AR 1B H AR
A48 2R RS SRS 2 Fl 6 22 T 7T 45, Chen 25 AN U 1) BVAE BEUF A5 F sh i 2 T A O 6 4R
RS 2R ) AR 4 22, AR SC R BT AR 2 22 QT S AU A R AR 55 AR AT DG ST ) i T 2, AU HE 2K
HAP T 3 AMBrBe: 2000 G LARTRE T HE TREDE A7 A5 UL R 10 A RE BT BE, 2000-2016 4R ]2 15 B R BRI
BER BELL A 2016 £F L5 3 T2 AL 27 ) JHE AR L 2% ST HEOR BB Be. AT £ 2041 2016 4 LUG HHBLIA LS
HRAA.

ROSFU AR F BE 45 B R 0710 BM2S SEltA TR REHE T, 2 30 0% 48 DA e P AR 1) T
J¥. Source Forager i Q1 Fr B () T AT FT REAFAESS, IR 7050 2SRl BELIK) A 2% ST AR VT SR )
AEZE (R AR 2. SCOR™IRIH Word2Vec HEA Iy /) v K BE LI 1 20 45 25 FEARAD ) Be i SR bt it 1 .
CodeMF"*Vgt —FRFAE f 445 (1) U7 125, " B Il 2 e 43 43 BT A5 BOAR 2 StackOverFlow 1149 - K 48 2% vy ot 14 4 1
JE. e B 1 TR N T2 AN D5 TR T T ARS A% 2R 5 B 1) vl £ SE MRS 2, LR SCAS AR, (1 P At i A %
VRN, DeepCS™UZ 1 AMKHA AR I 2 BT T PRI BRAT 4511 1A, 1% 5 VAR i MLP 5 RNN 2 3] £ i) SCA
PRAT T B, MR T S DT BB AT 11 98T 5 AARAD ) BLs SCHLR i R M. 5 26 A PR DeepCS #:2%
AL, B 5E FIANIFT TR P30 2 it K AR e BRI A SCAR AR g [l — BR N 223 ) (0 ) 2, 9% TS e AT R A sZ AR AL

HE TR 7 T e 252 53 T ARy B S5 A8 3L, AR T S BRI AN . Gu 25 N R st th
T TP T L0 U577 CodeKernal LLIEFE Gl (19 AP A Vi 1], &R U4 RIS 2o Dy 0 S A T I, Tt P (1 50
e PSR 2 B3 4 (1) 25 7). Zeng 25 N UL HLY) DeGraphCS ALK PR 1A B i 47 shil o 48 £ B0 TR ([l v,
O A e A 114 P 2 190 2% 4 80 P RN . AR SO X8 AR AN ) Z AE AT 1) GraphCS KEARRS R SCA ]
FAL M B, R G R A 28 1 TR 8 W 46 2 2] 2 T DA o 4 JR R A 1k 2D R AR )7 BEA SO Bl R A HLOG &R 2)
GraphCS AN AT LU AR RS P Bl ) SOA R T SUA R, I RERR 2R AT 2 TR 4R0RE P A T SCULRE R R, IX A A
TS ER R S ORS  AA.
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5 REES5RE

ARATA 22 S AR 52 FH 1) G, A AL SR T R 4% TS FH 3 LLIZAT IR il 7 T AL e 5 R R B R
(RIS 8 28 7572 HUREA $2 2 STAS AR (13 S22 R A, 113 HVR LA 28 190 2% 4 B ACRS RN 2 8 55 10 1) B0, AR
SR 1 2 T ) 2 2 28 SO AT D A RE A2 B v J U O RFALE, AR T LA 3R L T 22 RE A I 4 SR 1), A SO i B
TORAR BRI M 2% (AR R 57, PR Rehs Se 8 Or B ARG Y B 2 M R SR B, F2 Hh I UL P B A REAE IR 5%
SO P S AR P R AR E DL JE 5% AR AN A2 R R AR, A PUIR AT AE PR RE AT BUR Kb

T AR P vl i 2 B 22 AN SO TRHELE A [ PR AR B, e 2x e B AR R P, X — MBS QU H
SRAT LA 1222500 b A it g S L R, R SR AR eh BRATT 2 T A FR A S D e o T PR A 48 2%
Ko, TRARE SO A A [ B A GRS Jr BO R R SR IR, 3 A ERAT T2 % 18 3 2 R 1 4 Ft v 5 0 Javascript
KRS HEAT SIARTT, PR AR E AT LUR A X AR G R A7 R0 (1 b e 22 I 255, T AR B e vt o e 4, A
i metapath2vec 5Lk %t B 45 R G, 1E— 5 PRA BTSRRI, JRAT 34 2 7 5 DT A QI 4 2SR () ] A
I, AT SR SR A T B A BRI 04T
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