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Top-1 #e 5 £ 53] T 69.8% ./ Mozilla 8 B LiX 2] T 59.7%.
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Automatic Assignment Method for Software Bug Based on Multivariate Features of Developers

DONG Xia-lei' , XIANG Zheng-long” , WU Hong-run’ , WANG Ding-wen' and LI Yuan-xiang'
1 School of Computer Science, Wuhan University, Wuhan 430072, China
2 School of Computer and Software, Nanjing University of Information Science and Technology, Nanjing 210044 , China

3 School of Physics and Information Engineering, Minnan Normal University, Zhangzhou, Fujian 363000, China

Abstract Software bug repair is a problem that cannot be ignored in the process of software life. How to efficiently assign soft-
ware bugs automatically is a very important research direction. Now, the existing research methods mainly focus on the bug
report’s text content or the low-level information of the developers’ tossing network, while ignoring the high-level topology infor-
mation in the tossing network. Therefore, this paper proposes a software bug automatic assignment model MFD-GCN based on
the developers’ multivariate features. Model fully considers the high-level topological features in the developers’ tossing net-
work,and uses the powerful network feature extraction capabilities of graph convolution network to fully mine the multivariate
features that represent developers’ deep cooperation relationship and fixing preferences,and train the classifier together with the
bug text features. The proposed method is evaluated on two large open-source software projects,i. e. » Eclipse and Mozilla. Expe-
rimental results show that compared with the mainstream bug-assignment methods proposed in recent years,the MED-GCN mo-
del has achieved state-of-art results in recommending the top K developers. The accuracy rate of top-1 recommendation on the
Eclipse and Mozilla project reaches 69. 8% and 59. 7% ,respectively.

Keywords Automatic assignment,Bug report, Developers’ tossing network,Graph convolution network, Multivariate feature
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43 IREH (Bug Assignment) , W3l F B N TT & H M . (A5
TE RS AR 22 BB 28 00 IR A AN A3l 1 F R S B 1
e T A R Hh T 4 RGBT B T R T R R R A B¢
WHIR D . SCHRE3-4 1A ST o0 BT W L Eclipse T H 1) — £k
W B 28 T o IR BT U A R 5 JRUAE 5L T B A 4 R P 2
FEHTZ5 100 K. UG, B8 HY F 8h Ak i B 2 IR O 1k % 48 0 JF
R Z Mk E T EE,

T AR BB I 40 YR A% R L 1 £ B A A 43 UR T I
P . A B BB 43 YR 18 3 i e 7 s Gl B AR AT G
0] G5 F Bl S D A e B T R A 1 R R R AT B AT
Bleba s 5, DA Y ke b B0 4 R B B B B BA E 3h 43 Uk
Tk FEA 4R 3 AN AT B AR AR
) TC RO A 3R R A SO E SR M T R O
HHe B BB S 0 T LB s T R B Z AR
FRU P B B T 43 T L O R R B I 4 AR R 4 T
R U BTG IR CARNEMIT R EGEXRMRES
RREANCO2) R TR A ) B R 1 B 28 I, — S R 2 o
Al 4 FH 7E B 43 U 1) S v, B A A2 A BN 2 ) 4 A Y
(Convolutional Neural Network, CNN) X it i #% 4 3¢ 7 3 47
S 3] FRMEFEFF L A U 38 A BRI 28 ) 4% (Recurrent Neu-
ral Network, RNND X 6 b 82 25 SCAS (1 A 8 1 SCRFAE BE AT 42
BOF 77 ¥ & #5538 1B % UM % (Graph Convolutional
Network, GCN) 5 e i 2 25 v SCAS AR B 56 3R kA7 2% > IR 4
I ERHEDT,

SR LA BRI R 2243 2% B e B 41 45 19 SO R AE 50T &
R ZAERFR AR K T8 434248 ) FHIT & 2 4 B 190 4%
oA 7 2 AR MR AE L AT R 0B R I R R ARG R
&, BEXT GRS T — A R I 25 T 0 B ) 4
T (Y 1R 2 VR FNVERAE R B B iR 4 SCAR R AE (9 43 YR A2 ( Mul-
tivariate Features of Developers-Graph Convolutional Net-
work, MED-GCN) , %15 1 & Ja HE 48 Bk b i 2 o i 8 52 7 s
HUHE TCHR 5 T IF R 3 00 199 2% 0T 500 b R AT AR AR S
i6 R & R 2 SR B AR R IT & & 1B B i R 2 5 1EC R
B 2 JUHRHE , fe )5 1) 48 BB B9 F & 35 2 ST AE T i B iz 4
SCAFEME US55 25 8%, 58 U BA 09 [ B 0 Uk . (AR — R 0 2
B AE 32 F 45 TR 46 AT FRAE SR AT, 25 08 T R W) 25 Ky
A5 01 T DAAR BT & 35 90 4 0 4% 199 5 A 485 4 R AL
A CHE Eclipse #1 Mozilla PN & 4 FF IR K A4F- & b 3EAT 52
U IR MEFD-GON 468 80 55 07 45 Sk £ Hh ) 5 T AL 25 2% > A
TR 2% 2 By — 6 3 30 07 I6 A7 5 e, S8 5 45 R % B MFD-
GON B T 5007 R HEFR R0 . A, S0 25 IR Bk, F &
Y 22 T0 R AE X RS (¥ 9 P B X AR A 5 [ B SRR
I7i) Fry Al R BSU X B R PE R — S BT

A SCH 2 WA A B 4 IR B P9 AR A BT R
553 U I AR SO A I A AR A 4 A BRI
MFD-GCN #8885 5 5 4 28 SL B0 4500 I AT 45 54007 s e JR
M A,

2 MXIIE

T AR AR R A R B AR L T R Y
Fa H 3ok k. BB IR 5T O 1k 3 R R T A R S U4
NS I MLER 2% 2] 40 25 5 ik o B A 50 B3 i 5 1 SCAR 9 28 (4
BRI AR %) T AR BUSCAS REAE I8 T ML %27 2] 43 28 8% 5L
BB R H 30Uk . B0, Xuan 55 F FH Bk B 4 45 G FR 8
(Title) Fl4# #& (Description) # 43 # 3C A 5 Bl Z SVM Al
MNB 4543 2888 58 W % # I #7257 s Jonsson %5 (# Fi 48 1 2%
>J 1 SEUVARL L T e BB B i P AN ) S B SR A R 4
2 AN TR B 43 2 8% L SR )5 38 o HEAR V2 1k (Stack Generalization)
B 7 ¥ 4 AN [ 43 288 2 1) 43 R 85 1L O B 6 #7753 1 F
KHY ., HIGE, Jeong AT F Wang 85 & #, % I K
H R AR AR R 3R B B 43 IR 9 &R I A Jeong S5 F
FH 7R W] R 5 TR AL I & B 2 8] A 9 B8 56 &, AT £ T Bt
W 53 IR 1 34 26 s Wang SRR 4R JF & & % i B 1) 4 52 D7 58 L 1
B TP S5 M5 BLA 1 1 T R o 5 I 4%, 3 2o A i 1 S5 ) 4%
KT 2 TF R Z B MG VR FR IR0 43 BT 45 5% H Rk 4l 1) ke
FaarIR™ . BEJG AR R B T SCAMA R E LR
TR A7 1k BE HE — 25 B2 T i RA 43 UR 04 o i 2600, i 4n, Shi
S5 E e AR B B R =2 TRD A SCAS AR ARLRE L 0t AR 0L BE s Y B
W i 45 BT Xk N 0918 52 38, SR S MR I O 3 AE T R L A AR
910G F 2B W T 743 e 5 4207 5 Bhattacharya %5 W 5@ i £ FH
BAE 0 JeE 1 | 22 R A 3 6 ) B R R R SR T R

Bifi 5 TR B 2 ] HOR B K i, — S22 35 F IR i R R B 2% 2
B A $ BBUB B 2 5 B SCAR AR AE . 10 Mani S 42 1 T —F
F T IR B XU 1) A A 42 R 4% (DBRNIN-AD By BB 3 38 7 Uk B
B A1 SR T JC B Y J7 2N G50 B 1 A5 SCAS Hh A 2 A ik R
W SCRAAE » 8 R 22 0 ML 6 T SOAR Y 22 22 38 43 L 4 e A
BB HE RSO 5 X 242 Y TTriage #5050 15 56 2R H T %1 2
¥ 51 457 (Sequence-to-Sequence Model) 323k 4 2% 3 it B 4 45
SCAR TN P 51 B9 RRALE o SR 5 {0 g 41 45 SCAS ST U g
EF 50 (1 R AE I 20y 22800

PEAE K, B & B M 4 B 2% (Graph Neural Networks,
GNN) 7E JEBR [G A AL ECHE 09 B 2 o T, — 28 3k °F 8] fif 42 )
26 (1 B B 23 DR AR R S g A R0 L BN, Zaidi SF 1 B AR HE
5 B 4R 5 SO e B ] - A 3] R B ) - S RY 22 ()2 A IR] L R
S 37 B A R OGR4 R I8 RS AR 45 N B I
0 4% rh SR IBURRAE L R S P B IR A R AE I 2R T
5 Zaidi FF AN, Li 55 48 I 3 T B Ba e SOAR Z [ i & 5%
AH ABL P > B ST B B i 1 OC R 4% L SR JE DA ST 1Y I 4% b 4
BURRAE R YN Zrar 23807 0 L LA BB I BOAS TR IR
il
3 WM&MIR
3.1 ERFEmE

AR 22 R I U5 A 14 T B A A ol R e R A 2 R 4 ok WS 4R R

B BRI BRBE L 4 40 Eclipse 1 Moxzilla 95 A4~ FF 5 3 £ 31 48 1
Bugzilla 2 g8 HE A7 45 BV 0 B0 SR B 76 45 J1 2R 48 v LA BR B
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e g X FALE
WE X F B (Pre-defined Filed) ., & & Jj %2 (History) . i i

(Description) F1PF 1 (Comment) 5 A4~ FE FH 40, il 1 fr s,

— A GRBE S AL S % 2 (Summary) |

Ho R E R AP T BeRL T AR R R SRR A E
B VB RO T e 2 X% e s 14 18 S s 185 T A 52 g o DU
EFTIFRBEZ MM AR LFER .

Bug_170054 - SQL Tooling not working with Oracle 10 HE
Status: RESOLVED WONTFIX T
Alias: None E

Product: Data Tools

Compeonent: Enablement (show other bugs)

| B

Version: 1.0 &
Hardware: PC Windows XP =
Importance: P3 normal with 2 votes (vote) I
Target Milestone: fytyre & v
Assignee: Project Inbox
jgraham |2007-01-31 15:11:25 EST|A dtp.sqld Is-inbox |john.graham T
jgraham |2007-03-16 17:26:47 EDT | Target Milestone | --- future
jgraham |[2007-09-06 15:35:49 EDT | Assignee john.graham dtp.enablement-inbox : g
Keywords helpwanted l E
hui.cao 2007-09-09 22:11:07 EDT|CC hui.cao Ej'
Component SQL Editor Framework | Enablement : E
jfrantzius | 2008-09-23 11:33:51 EDT|CC jfrantzius
bpayton |2013-08-08 14:44;06 EDT| Resolution - WONTFIX |
Status NEW RESOLVED A"/
Lesvasas hyme o sanomicyzesapnes 1 SO& servuorencplunem ey oy bpayton _ _
Stefan Holzknecht & 2007-01-10 03:46:06 EST Description
Build ID: 120061214-1445 T

Steps To Reproduce:

L. Create a connection profile to be used with Oracle 10

2. Connect 0 the database
3. Explore the database in the Datasowrce Explorer
- you see the dabase objects

= you cannot select a schema as filter in the properties of the database v
- you cannot open a stored procedure: Failed to get source

John Graham &8y~

For consideration in ¥nablemant

Jora von Frantzius ST

2008-09-232 11:33:51 EDT .

2007-01-31 15:11:25 EST

T Comment 1

Commaeant 2

.
Content assist for table names werke for me in the meantime. 1've never seen a <olumn name
complotion, though, but I don’t know ir DIP supporte that at all.

Brian Fitzpatrick

Havo you tried the actual Oracle plug-ine from Oracle’e site?

nttn:lloaz. aracle. canfdbpiuginceclinsesdin hrul

The Oracle implementation in Enablement
cont. assist bito, We are working wi

6 to t:
into Enablument for Galileo, but we're etill not sure that will happen.

Brian Payton

the Oracle plugin
available

2008-09-23 16:15:03 EDT

Just a base implementation. I

2013-08-08 14:44:06 EOT L.

ie really just a

Commaent 3
- PR

udes the
atured plug-ing

doubt it dns
Ty and got their full

Comment 4

wtub,  Oracle hae ma

Tne current DTP maintainers have no expertive in Orecie, and as ie pointed out in o1 the provious
. in DTP more 1ugllg-foatired DTP

1

Fig. 1

— ARG S B s B B R B B R G
PRCOLFR B R VB8R P & LIRS 25 RS 1 B

ESE Vi R ]

A A 2 R .
J& BB 2

— T B BB R (New) 8 452 1
AR AR ke I A 1 9 A 78 K kI 20 UR (Assigned) 45

BIE M TF AR N RARTT S B 58 I 12 0 B A 2

INVALID

Eclipse i H 1 1D iy 170054 F I 47 4
Bug report with ID 170054 in Eclipse project

(Tossed) &5 T —AN ] BEAE S T R B3 B4 O 22 & o e B 41 75 40455

SEA PR 3 B 24 18 & (Resolved) , e & 2 38 56 0IE (Verified)
Ja XM (Closed)™ . 4k, — S IR &1y T &2 1, 80 J0 15 %
16 52 Bk Bt 2 AR i A B RS . AR SCROTIT ST 220G 1 ik
W B84 23 U AR o B i Ay 9 e o 4 7 B 5 1B WY T R

If is Fixed

Pl 2 i i A i A i S
Fig. 2 Life cycle of bug report

3.2 FREPHIM L%
PR RO S 0 D SR PR A T IT R Z A B G
A AT & 3 2 (8] B #58 5C & AT LUK 8 JT % 3 5% 10 4%

G(V,E)’/\FPV dlvdz"'sd(:}%%%ﬁ%%%vc ygﬁﬁ%
Hrit . WT IR Z BETEAS [ 3 5 AR (R R AR SUIR
I K Z A A PR IR B K G R SBHEAERE A & (D),
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1, if count(d; .d;) =7
A, = D

0, otherwise
o, 2555 Kk 3 dFd ;2 1] 0 58 o 5055 T sl i « ok,
A; =1,%NA; =0,
TF & A6 52 30 19 B e o 30 T LA S W HC T e B 48 52 v
R AT . BN &8 e e B 5 — A B E . AXH IR
TF R TE BB 18 5 5 B vh 0 A - 14 LR SR T R 3 s
AT BRFER S A9 TR . RAE Wa SERTHI RO B2 L F R B W
TAE F 8 (Working Topic) Fl T4F 40 14 (Working Component)
P Jag T A Bt B 140 46 S 2 ) e K TR AR S 4k 2 SR T T
VR B BUR TAR AR 0 FF R Jm
TFR#1 TAE E A5 IT & #8219 K 2 80k i 5 i s
B AR T R 42 508 5 B A ) 0k E .
FATVHETT K N BLd i T 52 R0 e 1 B i 4 0 A 23 X
HR(2):
2 0Ch.0)

hEB,

2 200,

LET HEB,

Hp 0h, )2 LDA #5 # (Latent Dirichlet Allocation) %
R ) A B, R F R E L S5 1 0 B I 4
s,

FF & HTTREZE AT — A TR 8L 8 AT 07— A~ e W i
AR TR, R (ORI E
5, JR AT T R B d B0 THE 0L SRR (3)

d,[?]:arg maxP(d; ,t) (3)

Howbo o™ Rdimir R EHES,
T % W TARAAF R IR IT 2 % 8 22 516 2 Bk i i
BT IR LR 2 . TR E AT A — 1 ¢ BBk IE R

Pdd;,t)= (2)

HE R = () PR
23 8(hso)
IO S P — )
- By |

Hop, B, RITREd G S 5BEEH RS 500, 0 FR R
Fatleit b 2GR A . MIEX (DO, IFRFL W TAELME
Al E A
d,[?’]:argmaxP(d;,c) (5)
cec”

H, o " Zm kB BESE5BEMENTEHE. dT
—ANIF R E T RE S8 BV 2 8RR X B T RE SR A R [F Y
WA, B, TP & v DU T8 2 2440 i BB i 5
iR @ =G AR IF & HEMIENL G L5 &
JBHEIE N X = {2y sa, =+ saq s HP o, BRFFREL P TAE
TR TR S T Ry FR SN T
PELLPER o, Femic.
3.3 EHBRME%

&l % B W % (Graph Convolutional Network, GCN) H
Kipf 2% F 2016 4258 — k48 A, w2 F F AR
LTl i A E S TN R € e LN S e S e R R o
TRV A X iy 3500 485 A 1) JB% 1 R 7 B I 445 v 3t i A7 A B 30 0 5 4B

i A A5 R L T o T A A R A B T
125 B DT 4 31040 30000 46 25 6 47 P40 19 B . A% SC 32
I 45 LI 205 8 T % 2 90 980 00 £ 301 47 A F B T o 75 43 452 B JF
% 19 % TEHRAE T T W A HEPEAT 4

GON 0 J52 45 A1 25 45 38 12 0 5 B A2 1 % 6) J7 7% -

H’”:f(H’,A):a(f/\xH’WU (6)
Hoor, H 3 %5 A A 25 HO L 00 B SR 6 A 5
A F R L (A G B 5 £C + ) 387 Al 28 1 AR B, — i S8 3
R LU 2 A 0E WA J5 19 B 2 45 07 4 e L B A =
D TAD T D AR R A AR W3R R I
2 SRR 280, 0 96 8K I 2k P e iR B, — B Relu,
Tanh %805 L. GON B — it 45 £ 2, i 1) £ )2 % B
1, 5 O T 26 25 1] 4 H A £ 412 5

4 MFD-GCN &5

A SCHE ) MFD-GCN S AIHEZL N 18] 3 T . R ZEALHE
3B AR TO0 i [ R 4 SO Y A AT AR B2 I AR R T
iz FH R BRI 45 DT 2 4 0 588 1) 2% v 42 IR 22 S0 AR AE 5 A5 B T
Bl B A 4 1 SCARHRAE 5 9T R 1 £ TR IE I 25 4y 25 3%
S B R A Bh AR .

4.1 BREEIRE M AR

R T 52 X S I 41 15 119 SCA R AT 19 2 B8, S A Sy BB
#2519 TF-IDF (HAE M X, o A SCHSE X, R 04 B 56 41 5 S
ARG A T 3 . BRERAE R 1 Skt
45 SCA B AT 40 ) | 25 058 B | i) T A S T A TR L AR U R
1 TF-IDF #8358 A B 4l 5 79 TE-IDF {8 17 & x,
W () e AR g B B 4 R AE 1) B R X, Hh X, €
RN N BB & 00 m R e e, 3E— 20 R
— /N4 2 (Full Connected Layer) $ X, %% 4t 2] 37 1) FR 1
%% ] B(Bug Feature) ffv, HAATHR i B W= (7 7R

B=X,W, @
Hop,BERY W . F7R 41 B2 )2 el 22 2T 10 S 8008 1
d R R W R AR 2 R 4
4.2 FEENS THIERK

R T 38 o P 35 R I 45 Sk JF 2 37 A 49 090 245 4 B 22 o 4%
fE, HE AN PR GOV E) JF & #H i TAE E 88
PEAE B X, A T AR R SRR X

4% Abu-El-Haija %52 % 09 BF 55 . 38 i X A [F B (9 48 &
T RE BT B N AR AL B o JEOR T B n 4 (— )
A BT R A A I 4% 1 R R A AL A B L T B B B A
P 9 A0 T A UG 1] 2 A TR R R R EME S B, X
S T B B4 48 J8 45 s 2R AT 15 B A8 0 B A A8t A 2K I 5 7 Sy T LA
R4 SRR IMEAE . 3 6) i GCN X 45 g — [y 48 J R 17 %

S, B TE UL J5 R B 4 AR AT . AR REAR) £ K
TV BUAL AW BRI & 4 M L AT i
HeJ2 GON BB J5 UM PV 1 10, Ak S0 k=1 2275
TR BRI R R k1 £R TR SRR AR,
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IDI 04355 0.6549 - IDL:
D2:

D2 0.6464 02378 - D3
» FC :

D3 01431 08241 - ID4:
ID5:

TF-IDF value

Input A, X:, X,

& 3
Fig. 3
O, A5 A A W R EARR LK (k=1 Fl k=20 T ¥y
FR R AEF K ENARFE B, BARMmE 3 FiR,
RUXFTF R 4 B ) 4% 48 I 2 ST AR AE &2 Al a3 3 3 Ok oE
B 8 T8 — AR 45 2 (8) PR IBURRAE . %5 T S BEMLUR E 1
FME B TP R I8 PR X, SR U TF & 3 R iR Fh R AR 1T R
H, 53 T8 ARG 20 () SR BURRAE , 2% BT A5 B AL Ui 28 P 25 0 4
MG R FFEH B HEEFEX, R K H =20 MR IED A
Hp 538 = AR 2 (10) $2 WURFAE L 2% 18 35 50 BE LI E P 20 1
WIME B IR & B X, BT & & 2 MR
HKH: . K (8)—3(10) H1.0 N Relu ¥ il iR £, Wi 2 [ 453l
HGSE HER ,d LM 4L, 5 4.1 1 P ok a5
PR R AT 28 B R /MR R — B

A A
H,=s(A + s(AX,W{OW()

(8)
A A

H =06(A” » (A’ X, WHOW) 9
A A

H;: =0(A* + 6(A* X WY)HOWL) (10)

A AR QD @A 3 A AEH, . He S H A8 k&
WA PRHERE M L.LE RO, H P RlG o8 800, 7T 28 1 /Y 6L 45
KAk (max) . E il (add) L R (muD) , 16, € {max,add, mul} .

L=H, -0, «H? *0,« H’ (1D
4.3 HIEMEES S

FEHL TIT AR 4l A2 B T 41 BRI Bk i 4 25 SO RRIE 5 A8 1T
PRIk # Z u IR oy 2 e . Bfke L= (12) fF
N FA 2 R BRI log_softmax pRIEC LA hE A i1 58 3 TR %K
et o LSRR T T S R 3 SRy T A A L BT 4 Y
HER#.

v =log_softmax(B « L") (12)

R SR J AT W B i U1 25 5 =X, 3 T D e Bl I ik 4 B0
TSR, BT IF & & M 75 n) 8o 2 28 00 4 28 4% 55, 9 it
MFD-GCN R H 28 SUR 7 R4 0k i . 52 S (13) B

B
Loss=- > y.logy.’ (13)
c=1

Horr . C A I R & BBy BIERRAE Ly X (12) 153
B PRI AR 25

D https://github. com/ssea-lab/BugTriage/

» https://pytorch-geometric. readthedocs. io/en/latest/

Fusion
Function

log_softmax

Bug Feature

mwu
Xma

xwang

Yliang

Devploper Feature

MFD-GCN #5175 & &
Framework of MFD-GCN model

5 WELBERERDH

2% S¢S B Ok R B FF IR AR5 H - Eclipse Al Mozilla
FP Y B ST AN 3 B Bugzilla 5 550K B HR B
{58 . 7€ Bugzilla RGe i, AR BLEER A — L 4544 1k
B SR B 45 Bl B R A TR 1 BT R . AR SO BOIR 7S R B fE R
FRic g O BRI B B I B A RS VR S S IR AR

BAEER B S Bk 1 5, Eclipse W H 1 7€ 2001-
10—2011-10 i8] B 98 UEE 5 M2 9.5 05 A il 6 3 5 4 L 3L
gy & 5 A (Product) | 121 4~ 41 4 ( Component) #il
1420 % FF & # (Developer) ; Mozilla %4 4 ti 78 1998-04 —
2011-04 /8] B ¥6E 1B 2 A9 29 11. 8 J5 A~ B G 4 &5 21 A, Hovp
WA E 5 A= 197 NEMER 3634 ZIFEH .

5.1

F1 SR BIEE
Table 1 Experimental dataset
Project Bug Report  Product Component Deve-loper
Eclipse 95053 5 121 1420
Mozilla 117781 5 197 3634
5.2 ZWELE

SLHG 9 MFD-GCN #8571 3 F VR % 3] I PyTorch Ge-
ometric % B” . 5L 5 7E BL 45 Intel (R) Core 19 10920X F
NVIDIA GEFORCE RTX3080 A9 Ik 45 #§ b 5¢ . < Bl 2k
rfre 3 %8 R 0. 001, Dropout & 0.5, e R 3EARJH 4
40000, 7 B Jy 2, BRPE IR S REAEFE BEX,, AL m R E N
2000,W, iR d % E A 300,20 (11) WA SR AE @l A ok 50, Bk
N R add B4 0, BOINE B R mul #8246, R Adam 1k
AR VEATAE ALY SR . B B 43 R [ia) R A S0 Ay #fi 42 10) L 5 4 i AF
GO WP 48 AR — B0, AR SO AT S92 50 389 R FH 4 o R
(Accuracy) 15 b5 2F PP A5 1 438

ARSI T 3 AL 45 MFD-GCN 5 5 7 ik
B 45 25 T EE L 25 A3 1B 22 0 R AIE G AR AL 1 B 1 BTk LA K
Z TURHE A A 75 20 6k B A M 8 1 52 3 A O T 43 BT 50 IR
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MFD-GCN B #E 7 1 8

TR 1(5.3. 1) MFHCT M O S A SR B
MFD-GCN J7 ¥ 7E Eclipse 5 Moxzilla ¥ 38 4 b 19 3 77 1 9
o, FUTT AL AR Ok B RE S IR SR 5 R TR, H
BOW-+SVM, TF+SVM,DF+ SVM! Yy 5 T HL %825 > 1y )7
% . DBRNN-A"VHI ITriaget " o 3 F WS T Iy ik . 0
FRI 28 4R L ) 43 3 3% &R 0. 4,0. 6,0, 8, 528630 5 Top-K #E
iR, o K B 1,3,5,

BOW+SVM J5 i : % J7 ¥ & BOW (Bag of Words) £
T R Bl B 4 B SR SRR AIE L SRS DI 2R SVML 43 25 3% DL HE 77
BIEMH L . SEE Ry vk IR AR B (B A RS 30~ 3000,
SVM 43 K BBRIN S 4L,

TF+SVM 771 1% 7 1 56k Hl TF-IDF #5858 3158 ) e
245 A By TF-IDF {8, # AR #i8 TF-IDF {H il 4 SVM 43 2%
B H R R AR SCAR Y TF-IDF {8 588 1 8 SO 45— 3,
SVM 4 K4 BUR A S 4L,

DF+SVM ik Z ik H BT R H B R R I L
BB I S B I R A R B0 e B Y BRI 4R SVM
SRR SVM 43 R BRI B 5L,

DBRNN-A J7 % 3% 7 1k 5 T TR BE 3 ) 41 B4 1f 28 W) 4% (Bi-
directional RNN)A Y #E 37, 45 A % BTG Wa A% 1) J 2 DA Sk s i
e SO H 2 o) Rk RE SCRRAE , Il T T WL 4R i
FERCRT A SRS R SRR — 3

ITriage J5 % - 1% 77 1 8 Sl T 3 BT 510 6 ) 2% > e
i 5 SCAS FL B T 3 10 R AE 4R FE I 43 AR LK i B 4
B SCAS P2 TG B A B A1 I R AR R AT R A DA 2R 2%
PR B SRS R SO R

U 2(5.3.2 ) ST MFD-GCN w4643l i $2 B 19
Z TURHAE XA R PE BE 19 TRk . 5258 43 51 25 T R A 1 JR) 3 R
HEH, 7 2 F0 SN AE H e RHL Sof B 8 A 3 7 1 B O 8 i, R AT
BlG PRELO, RO, BT add 48 AE IR R 0. 8,1 3% Top-
K R R, b K U 1,3,5,

SEHY 3(5.3.3 ) 4FSE MFD-GCN i Fil & b 54 0 46
RUMELE 00 2R 0 5 0 . R AE Rl A BB 400, A0, 43 0 i B mul,
add, max H g —Ffr, F A S0 06 15 B R R — B, 50 50 F0HE I 2 4R
W R 0.8,id5% Top-K MR ZE, Hf K i 1,3,5,

5.3 ZWHER
5.3.1 MFD-GCN 5 2 A 7 sk ey dg 5 45 Rtk

# 2 T MFD-GCN # 5 #f 3£ 3 7 ik 1 58 B 1
Eclipse Fl Mozilla $(#84E I MEREMES S, B R D W LA
0, B Y ZRFEZR LU ) i 38 00, 4 77 15 7E Eclipse il Mozilla 3
H FagHEA #ER % Top-1, Top-3, Top-5 WZE Wi . MHA
B A F MR S5 SR T LR L AR T LR 2 I ik LS Al
VL TF-IDF {H 15 J fife i it 5 09 SCAS £ B e I 4k L 2 0. 8
& » Eclipse Al Mozilla 310 H I Top-1 #E 7 555 43 7 7] 35
F 54. 3% M 46. 1%, i 8 b B 6 A A 4545 B BOW +
SVM 41 .14 =41 DF+SVM 233 J& 7 B pk e Ji 19 SC A
BH A Pk i B v 7 BEAY A — 4L A AR B AF L Eclipse
T H Top-1 i 45 foc i M0 28 1T 3564, 5 %6 , Top-5 A 3k 83. 2%,

1M Mozilla 5 H Top-1 i % & = #E 5 % 7] ik 48. 6 %0, Top-5 A
ik 68. 1% s [F Ay, BT 3 LI 45 R T LUy, i ] TF-IDF
(B 1 A B i 45 SCAS 5 B HE B 3R] 0 A I AR R 22 4y
A 0k % o 1% Jis P 5 B AR SR 5 B ik 5 SCOAS A R T g 2R
Ehf,

% 2 MFD-GCN Mt H 52 36 #fi 75 1fi 5 R

Table 2 Recommendation accuracy of MFD-GCN and comparative

methods
Approach Top 1/3/5
10% 60% 80%

BOW-+SVM 15.7/28.4/37.1 19.2/33.6/42.5 24.1/36.9/47.2
TF+SVM  47.1/60.5/69.7 50.0/62.3/71.6 54.3/65.0/73.1
Eclipse DF+SVM  52.2/62.7/72.3 60.3/69.8/75.9 64.5/72.4/83.2
DBRNN-A  17.7/27.9/31.5 21.9/30.1/34.7 23.6/33.1/37.0
ITriage 30.5/41.1/52.4 37.3/55.1/66.4 47.5/70.2/77.3
MFD-GCN  66.8/83.5/87.6 68.9/85.3/89.1 69.8/85.4/89.4
BOW-+SVM 12.4/23.9/31.2 16.2/28.8/37.3 21.0/31.5/40.6
TF+SVM  37.2/50.7/59.3 40.4/54.0/62.8 46.1/59.2/66.7
Mogilla DF+SVM  40.3/53.1/61.6 44.4/60.2/65.4 48.6/62.7/68.1
DBRNN-A  12.9/20.5/24.6 18.7/29.1/35.5 21.2/32.2/39.5
ITriage 25.6/41.5/50.3 35.0/47.6/57.2 45.1/63.2/69.9

MFD-GCN  58.1/73.5/77.7 59.3/74.5/78.7 59.7/75.0/79.2

TER B3] J7 ¥ b MFD-GCN 1 # 3 e ) 2% L 3 4 )
TF & # 15 B iy DBRNN-A F1 1Triage Wi 4> 1 51 245 %5 K (1) 2
Tt A LA 25 3 F ik W BRI T . FESIIAGEHT,
Eclipse 1 H 7 Top-1 #E¥EHEMR R T BOR W TE 5% LU B, 3
ATk 69. 8%, Top-3 Al Top-5 EFHRL R IHTE 6% Lh L5
1 Mozilla i H H, Top-1 2 FH ORI 6 11X DL E L e Al 5k
59.7% ,Top-3 M1 Top-5 #EF R W4 9% UL I, I HBEH
HEFEANBC B, FERC R k. Hovb ,7E Eclipse W H I,
Top-5 #EMI R E A EN T 89. 4% .1 78 Mozilla Wi H k& ik
BT 79.2%, H5ERITEM L, MFD-GCN #5 B A9 ¥k 22 Pk fig
T LI HE T MFD-GCN 94 35tk .
5.3.2 MFD-GCN ¥ JF & & % 4% 4 27 AL AL M 4 09 % vh

1 Eclipse Fll Mozilla £8 #5 % I, MFD-GCN 4% 4~ i 18 2
B 22 D0 R HE X AR P RE A B e 45 SR 1B 4 iR . HH Ga
R BT & 1R AR AR H, . Gb 4 % 58T & 3 1 R R AR
FEH, FS 2 FNREH : , Ge 4125 [ TT & % 19 J5 3R 4% 1T H, Fl
R ANRIEH » G A% JEIF R W R AR AE H, N & 2
NFAEH 2 FH: . G084 BT/, 7€ Eclipse 206 % b, AU H
TF & 3 SR B IE B Ga 219 Top-1 1 75 WE§ 2 L HoAth 7] i i
IR 3 1 )2 40 FD REAE B9 28 50K 0. 420 ~ 2. 5% , Top-3 Fl
Top-5 HEAF HER R B R 2SN 1. 2% F0 1. 3% . 1 fff FH T & %
Wi Z 0 AN AR (9 Gd 41 L Al — B 2 PN AR A9 GD
HH Ge HIHEFEVEREAE K BU1.3.5 WL R 1% A%
X F Mozilla B8 42 , i T & 35 5 F8 R AL FH 155 2 96 D RRAE 19
Gd 4 AL FT R F 45 AE 19 Ga 41 Top-1 HE 75 HE# R 5
2.6 %0, Ll —Fh i E AN FRAE 19 Gb A1 Ge 4119 Top-3
5 Top-5 HMEMFEH 1.1% ~2. 2% A%, UL W, 4
SCHEBURY IF % 2 ) 22 05 A6 X 4500 3 77 50 35 A UM A
[l Bt 5 DA Tk 4 85 19X 5% vl 42 1) o5 J2 4 0 R A B A sk T
LAY () i 22 PERE
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Fig. 4 Influence of different feature combinations on model

performance

5.3.3 MFD-GCN ¥ i 4 & 2 b 82 B b 48 49 % oh

% 3% T MFD-GCN 7£ Eclipse 1 Mozilla 348 4 R~
] il R %R0 A 0, 20 & T RSB Top-K MY HEFEMERR -, H b
“ 7 F add BREL S+ AR mul BREL.

W% 3 B )Y il oR B A A X AR TR o S M B L &
A —E R . X T Eclipse 8546 SRICH, +Hz2) * He
Fill & bR B2 A R B UL T O, A 0, 4B mul B8R B 22 5 K
F Mozilla % ¥5 %, X 8 H, +~H: *» H: , H, * H* + H:
max(H, * H Hz2 )Gl A R B A B B4, R FE L 6, F10,
AW mul MR e ZE . BRI EE R LR I, Rl G R 0k
£ add, max B -G AR T IF & FH £2 JURAE Y Rl & . 0 430
i B mul oRER Y Rl AR B 2

£ 3 IR R A R A A AR A B 1Y B2 i)

Table 3 Influence of different combination of fusion functions on
model performance
Eclipse Mozilla
0, .0,
Top-1 Top-3 Top-5 Top-1 Top-3 Top-5
+,+ 68. 4 85.1 89.0 58.3 73.5 78.0
* % 65.5 81.4 85.6 52.3 65. 6 69.7
+, * 69. 8 85.4 89.4 59.7 75.0 79.2
*,+ 69. 2 85.6 89.5 60. 1 75.0 78.9
(+) * 69.7 86. 1 89.9 59.9 73.5 78.0
max( * ,) 68. 4 85.1 89.0 59.9 75.0 79.2
max(,) * 69.1 85.8 89.7 60. 0 74.7 79.1
GERIE AT R EWH AT T — A0 B

i B B PE BRI E BT 0 JRBE B MEFD-GCNL R R > % 18 T
TE R 4l B X 2% v 1) 10 J2 YR ISR A 0T 4 1 A Y 2 i,
T B 2 BRI 24 42 B TTF & # 10 2 TTRAE , 91 5 Bl i SoA
FRAE—, SEEL T BRFE By B 3 43 UK i S5 7E T IR I E Eclipse
Fl Mozilla b #4725, 384IF T MFD-GCN #5284 s5cbk
TE IS R B AT A B, 25 TEOT R 3 I 45 19 )2 IR
MG B BE A AR = BT AR RO L T AR S TR S 2
WHRIME BB AN 5 IR T IF & # 1 35 80 M A A1k JE

iH) R 2 4 B T 6 B4 H A A T A 3K R AR O AR Y el
I H X FIT % 3 2 TR 8l Jr 28 A SO TR B Y i
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