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A duplicate software defect report detection method enhanced with long-range
text dependency modeling and multi-feature fusion
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Abstract ; Automatic duplicate software defect detection is a critical component of the defect handling process, as its performance
directly impacts the overall efficiency of defect resolution. Addressing the limitations of pre-trained models in sequence length
and feature diversity, this paper proposed a duplicate bug report detection method enhanced with long-range text dependency
modeling and multi-feature fusion.The proposed method combined BiLSTM-Attention and the Longformer pre-trained model to
improve the ability to capture long-range semantic information in paragraph-level texts,thereby extracting more precise semantic
similarity features. Furthermore ,a feature extraction network was constructed to capture category similarity features from struc-
tured metadata.Finally,these extracted features were fused with token overlap features and used to train a classification model
for efficient duplicate defect report detection. Experiments were conducted on large-scale software defect report datasets from
Bugrzilla, JIRA ,and GitHub platforms, specifically the Eclipse, NetBeans, OpenOffice , Hadoop ,and VSCode projects. The results
demonstrated that, compared to baseline methods, the proposed approach achieved an average improvement of 2.40% in F1
score and 2. 12% in Accuracy, confirming its superior detection performance in cross-platform scenarios.

Keywords : duplicate bug report detection ; Longformer; semantic similarity ;long range dependency

%5 H #9 :2025-03-05

YEE B 3L (1983-) , %o, BB, i+ iR 5 7 1) RSG5 1T IR BE 2% 2 . E-mail : gi. xie.swun@ gmail.com
BEIEE X R (2000-) , 55, BF58 5 1) . H S EE M. E-mail : swun_lyc@ 163.com

HELWB . WA RH I E (25GJHZ0156)



% 3

W LRI R KAZIR B A S A AR A 00 A B BTG AR S ok 299

WEE B R GERIFFEL T F B PR A B E A
TF &5 Y o A v (g SRR P P S o 4 B B
#eft (BR) £ Bugzilla 5538 87 R 58 S ILBRFA T L 4R
ARG o e = AH I GLAR BELAR T, 5 5 H A B
PRI B R TR GBS R AR R R ER
3 ™ HE R R TR B AR A e B A B A R )
IR, B 3 2 S B 45 A ( DBRD, Duplicate
Bug Report Detection ) i# it 1R 5 42 2 15 B IR J7 %
A I TR kB B A1 A T8, DRI 0 B 0 A
U ) 5T IT ).

DBRD RIS 32 A2 AR e B i A, B4 52 B )
ARt B 1 7 38 1 95 4 T 1 0 BB B0 I 5 44 1k S
ALK, T Ao A2 PR A e s 1 28 1), 04 B
i) AEeg 5 7B, Ja & DL A SRR 5 R I X Bl
PEAT BN B RUA | 5 i AR Rl 34 7 Bk k.
) DBRD WF5E £ 2 AL TH R REORETT, i3k
prhre SRR L LA iRl E V=R [ S S we SRV
F AR A Hh ) SO TR AR L RSO 22
g, BB BEWE ST P aE R 2 5 I AL A s B 22 ) 4%
TextCNN ¥R 2% RNN K BEHHCAZ 48 TSTM LI K
I ZRAE Y BERT S5-I B2 27 S HOR HI T i AR 458 £k
JEMERSCAAR I L BERT 28R RRAR 8, (EATS
FAAEJR PR . — J7 T, T A B A A g A R PR A1
(IHH <512 token) , 7EAL PR 544 1k J& M SCAS I A7 AE
TR A R 5 — 7 T, A 7 R R 2 R R R
—  RBEA BRI L e A1 QIR PSR s M e i

BEXF LA b IR, AR SO HH — b A SOA KRR A
FHZZ R Rl P B 52 AP Sl B i 5 A6 D00 75122 3% 07 0
it 254G Longformer % B 13 2 7 ML A1 BiILSTM-
Attention SE BB RE i AR B G0 SCAS B IR BRI
A, B A% 4t 8l 28 T iR A B ) i R 9 PR A
NI AR J 58 B SOAS 1 o SCRRBLBE P AiE 5 L, >R F A%
G E B Ry AT SOARTR AT LU X, A 1A 2H 8
JEARRAE 5 [R] I B 00 ol o 412 415 1) TC R 15 B AR AR
VP 2 4 OIS Sl ARLARL JBE R AE. B 28 ) o = S AR il &
38 3 73 SAGE IR S EAR BE F1  oF  ER S PR AGE

1 tHXMR

L1 ETEERFRANEXTEHAR
I EEOR S BAR (IR) FORBEATH R

B FEAR A5 K6 . Runeson 25 A1 1 R AR AR ( BoW )
GEA A SE AR AL B B R SCAR AR M. Wang 45 A A L
FEA L5 I ATRIASUIAHIL ], T4 HE AR BR 43 B Bl A AR
TS 1R AR ARLEE 1. Sun 25 AT SR A TF-IDF 4
fESS G SVM 4325 85 3647 41 . BM25F J& — Fl ji Se A
AEBLEE 53 PR B, Aggarwal %5 ALS) B FiZ A AR Y —
Pl Sy b SCREAE A4S 5 125 Sun 28 A7) % BM25F
PREGHA TR SCAR 38 FH M 2, 42 1 REP J5 ik it
— AL T K R A Neuyen 28 A\ & B BM25F 1
A PR AR TEH IR S AR SR PR DR il v A
KR SE T 43 (LDA) 9 DBTM #5481 DL i A rf k.

&40 TR J7 i B RES B2 TRV M0 R AR AE | 200 Ak
PR R SCIE B N I, Sureka 25 A T n-gram
BEHYT e FAF AN T3 | 3 3 vk S5 4 43 B G sk 1
SCHSRE Sabor 88 AN HE— 2B RO 45 A HERR IR
B H Y PR B FH O B AR AE 4R T A T BE . Wang 4§
N 2 S AIAE SR | il A SCAAR BB (TF-IDF +
TR A ) S5 EERHE (25 + B m ) AR iRk 51 .
1.2 EFREZIMNMEXITEHAR

W2 ) BR#ES) T DBRD #F 5% #Y 2 . Desh-
mukh 25 A A R B W 2% B0 A BE 4 TextCNN (42
B4 SRR AE ) 55 LSTM (AR Jay 38 By 44l ) S B L
DURL. Akilan 25 A5 5 U2 LDA - 32 B4R i sk 6
Rt FE Xie S5 AR I TR A S 4% 1 43
M FoR T, I A G a5 b e M AT oy S Dok T
SCARSE NI AE GRU W26 5] A7 B AL DL 3h 25
FHASCAR R BEAR U, Sl LA LDA = BURRE 525 51 41
LR T BE. Lazar 25 AV #2118 D_TS Jrik, 8@
1 25 b 4 F AR AR AL BE R AE PG Ak 43 SR, G N AR
AP TEI R Rl Doc2Vee SCASKRHIE 52 IRE BE Y
E— 2Tt

Fifi Transformer ZEA4 45 K , 3EF BERT B fif ok
TR R FF SN R D_BBAS Bk, 5l A
BERT A3 R0 SCA - BEABURE , £ ] Doc2Vec 455
RUTF AR SCAR S BARBLEE | B K PRI AR LU R AE 5
D_TS Jridirft 25 B b 44 L0 AR AL EE e A il A )5 4 [R)4G:
) 58 75 Messaoud 25 A" 45 HY BERT-MLP J5 15, #%
HUAF A B BRI A TR SCARAE S BERT BB 5 A
ZIZIBANHLAr 245 (MLP ) A= B K I 45 2R Tsotani 25
NP B SO H )T % T BERT 84S IR AN 2



300 H# RAERFZFR(ARFAFR)

%51 %

B E) R 5] A LT Siamese 45 4 i) Sentence-BERT %
TR IBOCA T, SURFAE.
2 ARXFIE

DBRD ( Duplicate Bug Report Detection) %) H F5 J&
VSRR DN =24 i Bl B 1 755 AT I e o TRl A F S 4
3 H 0 A IR SR IR E 5 0 2R P B B RRAE S
W BB Xof R B 2 AN [) 7 B, 41 JBO] B 2 ik ) )
RN, LASE UM LS R AR T 5. 3 2 M A 28 B B A
FH 22 FhARBLEE R AR I 25 1) 53 SRR B 3% [ e 5% 41 45 %
R S A 25 2R

B UL B HAR A SCRL S H R s A R 5
Bugzilla JIRA 1 GitHub ) 5 f 42 25 5 & R 0F 58 X
Z, B — R A SO R RO AN 2 R AR Rl ) B AT

B

BB

o) -

e s

ad
/
= LL

) - O
JED, s

BAF BB SR I 7 vk, a1 s, EEAE A
BB Bl FUAL L SCAS T SO BLBE Rk L T
Bt AR ARURE R A B2 JBC ) 4 B 5 T BRR o SE A,
S TUAR L) AR 2 D st S ORI i (il n
PR 3 PN 7 O 2 AR X ) | TR P AR 4 A 1k
a1 F AR AR 5 B S 58 B SUA 5 SUAR TR X
AU R R G5 (8 SCAS AT B 25 T8 S A5, Al
JFHAR SZARARARE IR [ SOMRLBE FRAIE 5 028030 AR DU 4
TSR BUBCBR AT X 2544 AL i 1 o B I A 2 oo AR
AL AR DL RE AR 42 R 2 | 4R HROT B30 AR BLBE ; 37)
P I TSRS L A1 B2 R BOCSCAS v il 41 A A
ARLRE ; 73 SRR LA = M RH AL BE R A0 i A 2% [n] e 2
A E S

TEHCARAR LR
AEFEIR

JEEGE 3137 vigS el

ST SUREHDLE / l x

HHERIR
FER

B FHiEEEEE

Fig. 1 General framework of the method
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Fig. 3 Sliding Window Attention and Global Attention mechanism
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Table 1 Dataset scale partition

vh S ;zﬁg) ‘ UlIE-E S ‘ ‘ pllfnecs ‘
= IEREAR () FREA () IEREAR () FREA(H)
Eclipse 247 362 3 000 6 000 85 192 153 170
Bugzilla NetBeans 185 581 3 000 6 000 92 827 83 754
OpenOffice 99 086 3 000 6 000 54 289 35797
JIRA Hadoop 6715 736 540 4703
GitHub VSCode 30 745 7 126 10 899 3712 9 008
3.2 RS Fl1= 2(Recallil + Precision™ )71 . (26)

AR S MR A At A A5 A I A 55 v i P A
BPE (Accuracy ) K5 B ( Precision ) | [8] 28 ( Recall )
HFL B EbR, TORHE R R AT

TP+TN

A = 2
SR TP+TN + FP+ FN ( 3 )
TP
Precision = '
recision T (24)
TP
Recall = . (25)
TP+ FN

A T(True ) fRFABHY TN IEH , F(False ) 10 FAFHY
TR, P( Positives ) fRERIEIMEA BV E G 4 NV
(Negatives ) {UR A LAEA AIFE B & TP, TN 43
SRR IER B F IE  AEAZCE , FP, FN 53 540ER
FERTIN A IE  AREAKH .
3.3 XtEESEIe

SRR A S A #bk, L BERT-MLPY™ (D _
TS RN AT E T Rt B vk R AR R B



304

H# RAERFZFR(ARFAFR)

%51 %

R0 Ao AR BC 1 556 0 A X Bugzilla 165 19
Eclipse \NetBeans #1 OpenOffice INTFECHE B AT s

PEREVEAY , X b g R W3R 2 =5 6.

F 2 Eclipse IHBEEITLLE R

Table 2 Comparison results on Eclipse dataset

Bh: B (%)

MLP KNN Linear SVM Random Forest
Jrik
Accuracy Precision Recall  FI  Accuracy Precision Recall ~ F1  Accuracy Precision Recall ~ F1  Accuracy Precision Recall — F1
BERT-MLP 81.11  79.27  81.33  79.90 78.26  76.88  79.37  77.26 80.43  78.74 81.07 79.33 80.48 78.57 80.45 79.18
D_TS 95.93  96.21 94.81 9545 9420  94.65 9256  93.47 95.83  96.03 94.75 95.34 95.62  96.15 9422  95.07
HR[17] %% 96.17  96.42  95.14  95.73 9470 95.12 93.19  94.04 96.92 97.08 96.12 96.57 96.28  96.34 9543  95.86
AT 97.05 97.11 96.37 96.72 96.30 96.60 9524 95.86 96.80  96.94 9599  96.44 96.93 97.22 96.02 96.58
F 3 NetBeans FHEEXJ LR
Table 3 Comparison results on NetBeans dataset BAL.BS (%)
MLP KNN Linear SVM Random Forest
Tk
Accuracy Precision Recall F1 Accuracy Precision Recall F1 Accuracy Precision Recall F1 Accuracy Precision Recall F1
BERT-MLP 78.33 7831 7830  78.31 76.62  76.75 76.50  76.53 77.66 7772  77.58  77.60 78.40  78.39  78.42  78.39
D_TS 90.44  91.25 90.80 90.43 86.94 88.57 87.44 86.88 89.05  90.15 89.47  89.03 91.24 9190 91.57 91.24
SCHR[17] 58 93.29  93.56  93.52  93.29 88.04 89.39  88.50  88.00 9228 92.73 9256  92.28 9293 9335 9320 9293
A 93.85 94.65 94.68 94.49 94.49 94.04 94.05 93.85 93.68 93.96 9391 93.68 94.60 94.73 94.78 94.59
%z 4 OpenOffice BB EITLL R
Table 4 Comparison results on OpenOffice dataset BAL.HSEE (%)
MLP KNN Linear SVM Random Forest
Trik
Accuracy Precision Recall F1 Accuracy Precision Recall F1 Accuracy Precision Recall F1 Accuracy Precision Recall F1
BERT-MLP 83.70  83.16  83.27 83.21 82.41 81.81 82.33  82.01 82.50 81.99 82.79  82.20 81.97 81.79 82.79  81.79
D_TS 91.34 90.69 92.48 91.13 84.17 84.81 86.53  84.05 89.65 89.21 91.15 89.46 88.71 88.54 90.53  88.55
SCHR[17] 73 9417 93.46 9498 93.99 85.58 8590 87.74 8544 94.15 93.44 9497 93.97 91.80 91.10 92.80 91.59
ARSIk 94.57 93.89 95.15 94.38 92.77 92.09 93.88 92.58 94.19 9349 95.08 94.02 93.18 9251 9429 93.01
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1 VSCode X4l L4715 F 5 VEREVEAL | SEH0 25 R 4n
5 FIER 6.0 T-F 5 Bl h oo B 7 B R
4% (Hadoop #7> product B, H #8734t 45 T compo-
nent Al version ‘7Bt ; VSCode H2K product , component
priority 7 Bt, H K & i)k & 6t 2> version F B ), bR

BERT-MLP #b, HeAxZ 45 0E il & i i e RE X 32 31 8
F . R R, AT BTG MKIBA
%, 7€ Hadoop Ml VSCode T H A7 L F SCHk[ 17 ] BF
785 F1 ST 4. 85% M1 1. 54% | Accuracy -1
2Tt 4. 03%F1 1. 04%.

%5 Hadoop BIEEILLER

Table 5 Comparison results on Hadoop dataset

BB (%)

MLP KNN Linear SVM Random Forest
itk
Accuracy Precision Recall Fl1 Accuracy Precision Recall F1 Accuracy Precision Recall F1 Accuracy Precision Recall F1
BERT-MLP  79.86 90.21 79.34  83.35 79.24  90.52  79.15 83.52 77.35  90.61  77.27  81.06 7736 90.35  77.01  81.67
D_TS 88.84  87.11 88.84  87.78 60.52  83.90 60.52  68.26 80.87 85.81 80.87  82.96 88.38  72.69 89.02  80.30
SCHR[17]57%  90.44  88.34  90.44  88.26 68.84 83.52 68.84 7353 81.80 86.02 81.80  83.61 89.14 8879  90.75  88.96
A 89.43 89.01 90.96 89.24 79.87 89.08 83.05 85.96 8540 8690 85.40 86.04 91.62 94.60 91.63 92.51
&6 VSCode HHRERTLL LR
Table 6 Comparison results on VSCode dataset BBk (%)
MLP KNN Linear SVM Random Forest
Jitk
Accuracy Precision Recall F1 Accuracy Precision Recall F1 Accuracy Precision Recall F1 Accuracy Precision Recall F1
BERT-MLP  83.22 86.62 83.35 84.16 7252 85.15 72.83  76.09 76.00 85.12  76.84  79.15 75.87 84.28  75.67 78.63
D_TS 81.15 8546 81.15 82.81 68.88  83.52 68.84 7353 85.40 86.90 8540 86.04 85.57 90.19 85.57 87.02
SCHR[17] 5% 87.92  87.46  87.92  87.67 68.86 83.54 68.90 73.57 87.36  88.07 87.56 87.79 89.35 9227 89.35 90.23
SRS 88.56 91.48 83.56 89.48 68.98 83.53 68.95 173.61 89.84 9229 89.84 90.61 90.24 93.79 89.76 91.73

3.4 BIERYFCIERED T

R UE AR T A T RE RS2 MR, BEE AL H]
Sliding Window Attention [ Longformer 15715t (11
SCARRLBERAEAE DAy 53 R AL A ME— T A AR U A i
4 BIiLSTM Attention HL il B9 18 AR EE 451 ( +Bil-

STM Attention) | 7T £ 4 AH 8L & ¢ fiE: ( + Category Fea-
ture ) F1A] 2 BB HFAE (+Overlap Feature ) #E1 7R 52
W 43 M 3256, 7 Eclipse . NetBeans . OpenOffice . Hadoop
1 VSCode T H _EAYZERMNZ 7 2K 1.

R 7T Eclipse BUIBEER

Table 7 Experimental results on Eclipse dataset

BB (%)

MLP KNN Linear SVM Random Forest
DIRES
Accuracy Precision Recall F1 Accuracy Precision Recall F1 Accuracy Precision Recall Fl1 Accuracy Precision Recall Fl1
Baseline 85.29 87.61 80.15 82.28 83.33 85.55 77.65 79.70 82,92 87.96 7598  78.35 84.26 86.18  79.03 81.04
+BiLSTM Attention 90.71  91.62  87.87  89.32 89.89 90.63  86.96  88.38 90.52  91.61 87.50 89.06 88.25 88.28 8546 86.59
+Category Feature 93.00 93.31  91.18  92.10 92.39  92.61 90.51 91.42 92.61  92.67 90.93 91.70 9296 93.18 91.21 92.07
+Overlap Feature 88.84  90.63  84.97  86.90 86.37 88.99 81.39  83.60 87.04 9037 81.92 84.30 88.51 90.19 84.62 86.51
Ay 97.05 97.11 9637  96.72 96.30  96.60 95.24  95.86 96.80  96.94 9599  96.44 96.93 9722 96.02 96.58
% 8 NetBeans #{IEEER
Table 8 Experimental results on NetBeans dataset B ASE(%)
MLP KNN Linear SVM Random Forest
Jri:
Accuracy Precision  Recall F1 Accuracy Precision Recall F1 Accuracy Precision  Recall F1 Accuracy Precision Recall — F1
Baseline 70.39  78.99  71.63  68.75 70.27 7754 7143 68.86 65.18 78.12  66.72  61.85 70.41 7725 71.54 69.09
+BiLSTM Attention 85.66  87.81  86.68  86.12 86.18 87.13  86.14  85.60 85.83  87.60 86.35 85.76 84.32 8572 84.79 84.26
+Category Feature 88.10  89.41  88.55  88.06 86.56 87.97 87.03 86.52 85.16 87.30 85.74  85.06 89.45 90.25 89.81 89.44
+Overlap Feature 76.67  81.33  77.55  76.12 72770 79.22  73.78  71.64 65.64 7691 67.10 62.74 76.61  81.38  77.50 76.05
A1 93.85 94.65 94.68 94.49 94.49  94.04 94.05 93.85 93.68 93.96 9391  93.68 94.60 9473 9478 94.59
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Table 9  Experimental results on OpenOffice dataset B HBOH(%)
MLP KNN Linear SVM Random Forest
Tk
Accuracy Precision Recall F1 Accuracy Precision Recall F1 Accuracy Precision Recall F1 Accuracy Precision Recall — F1
Baseline 73.35 7798 77154 73.34 72.33 7647 76.27  72.33 71.07 77.29 75.85 71.01 72.32 7644 76.25 7231
+BiLSTM Attention 86.96  88.28  90.24  88.40 88.58 86.99 88.92  86.80 88.34  88.10 90.06  88.16 87.13  87.12  89.05 86.97
+Category Feature 81.40  82.53  83.99  81.30 78.53  80.56 81.57 78.48 80.90 81.94 83.41  80.80 81.64 82.79 84.26 81.55
+Overlap Feature 79.35  81.44 8247  79.31 7575 7897  79.34  75.74 76.79  80.23  80.53  76.79 79.14  81.22 8224 79.11
AR 94.57 93.89  95.15 94.38 92.77  92.09 93.88  92.58 94.19 9349 95.08 94.02 93.18 92,51 94.29 93.01
% 10 Hadoop HIIEELER
Table 10 Experimental results on Hadoop dataset BiL.ASE(%)
MLP KNN Linear SVM Random Forest
Jrik:
Accuracy Precision Recall F1 Accuracy Precision Recall Fl1 Accuracy Precision Recall F1 Accuracy Precision Recall Fl1
Baseline 77.06  79.89 76.69  78.26 74.23  77.05 7527 76.15 74.27 78.89 7632  77.58 74.87 7798  72.22 7499
+BiLSTM Attention 91.30  94.21  91.30  92.19 89.15 93.29 89.15 90.44 92.29 9452 9229  92.98 84.61 92.16 84.61 86.96
+Category Feature 77.30  85.06 77.30  80.48 72.54 7591 7254  74.19 7326 84.84 7326 715 76.61  86.96  70.52 77.88
+Overlap Feature 78.79  82.71  80.54  81.61 75.84  76.01 74.79  75.41 76.79  80.23  80.53  80.38 89.81 93.98 89.81 91.05
ES'@2S 89.43  89.01 90.96 89.24 79.87 89.08 83.05 85.96 8540 86.90 85.40 86.04 91.62 94.60 91.63 92.51
R 11 VSCode BIRELER
Table 11  Experimental results on VSCode dataset BBk (%)
MLP KNN Linear SVM Random Forest
Ttk
Accuracy Precision Recall F1 Accuracy Precision Recall Fl1 Accuracy Precision Recall F1 Accuracy Precision Recall F1
Baseline 79.21 83.25 77.54  80.29 7572 78.23 7423 76.18 76.59  79.33  76.26  77.76 72.87 7598 70.22 72.99
+BiLSTM Attention 86.11  89.72  86.11  87.32 79.18  88.28  79.18  81.94 85.01 89.58 85.01 86.49 85.77 90.34  85.77 87.19
+Category Feature 72.31  76.42  73.58 74.97 68.96 83.51 68.96 73.62 76.84  78.49 76.25  77.35 74.00 86.97 74.00 77.83
+Overlap Feature 80.21  84.63  80.21  81.95 74.55 7794 76.26  77.09 87.58  90.77 87.58  88.62 89.81 93.98 89.81 91.05
AT 88.56 91.48 88.56  89.48 68.98 83.53 68.95 73.61 89.84 9229 89.84  90.61 90.24 93.79 89.76 91.73

DL b A S a0 28 B, — A B AR
FRIEXEA DTHR , 02 O b e B0 20 RRAE AR5 T
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11.48% .19. 88% £l 8.28% , ¥6ilE T 2 ¥ 1iF Gl 5 42 71
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Je ARSI T AR B B8 1 AR AE , 3 307 Hadoop Al
VSCode T H I+ F1 3427t 0. 83% \FE(% 0. 87%, Ac-
curacy F- ¥ FEAK 0. 18% 3. 07%. H ik, & LI 2
BiLSTM Attention [l &tk — 5 $& T T 15 MBI
REOE A0 M A 1, S0 Gk B AN R AE S B 98 7E Eclipse |
NetBeans ,OpenOffice , Hadoop 1 VSCode M H |- F- 1
$Tt 5.89% . 16.41% 15. 48% . 13. 89% Al 8.93% 1)
F1 K55 ,7.50 % .18.05% .15. 33% 14. 23%F1 7. 92%
[ Accuracy. 45 & X L S5 BERT-MLP (45 5%, 7]
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IR TF 3.74% 3. 85% 5. 24% 5. 36% F1 7. 87% Ity
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