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Deep Integrated Learning Software Requirement Classification Fusing Bert and Graph Convolution

KANG Yan, WU Zhi-wei, KOU Yong-qi,ZHANG Lan, XIE Si-yu and L.I Hao

College of Software, Yunnan University  Kunming 650091, China

Abstract With the rapid growth of software quantity and types,effectively mine the textual features of software requirements
and classify the textual features of software functional requirements becomes a major challenge in the field of software enginee-
ring. The classification of software functional requirements provides a reliable guarantee for the whole software development
process and reduces the potential risks and negative effects in the requirements analysis stage. However, the validity of software
requirement analysis is limited by the high dispersion. high noise and sparse data of software requirement text. In this paper,a
two-layer lexical graph convolutional network model(TVGCCN) is proposed to model the graph of software requirement text in-
novatively, build the graph neural network of software requirement,and effectively capture the knowledge edge of words and the
relationship between words and text. A deep integrated learning model is proposed, which integrates several deep learning classifi-
cation models to classify software requirement text. In experiments of data set Wiodows_A and data Wiodows_B,the accuracy of
deep ensemble learning model integrating Bert and graph convolution reaches 96. 73% and 95. 60% respectively, which is ob-
viously better than that of other text classification models. It is fully proved that the deep ensemble learning model integrating
Bert and graph convolution can effectively distinguish the functional characteristics of software requirement text and improve the
accuracy of software requirement text classification.

Keywords Software requirements, Text classifications BERT,GCN, Text features.Ensemble learning
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Fig. 2 Integrated learning framework diagram
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NN A B i 45 FH 3R 15 SC7R /Y K R 2 4K ¢ & 5 1 DPCNN
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TE I A R 38 0 K 22 31 580 AR B 45 00 T 388 o 1) 285 % BE 3t T LA
AR AL R MR R, DPCNN EE 45 2 51 A T 5k 22 45
F BN T 2 REAE B, I BB T F 304 43 2% CNN 1 )
IR, LA&EUCZIKEPP/J:MI%% A () s 05 SR A 1
BARPE, IR M, A R % CNN 4549 Z 4, BertD-
PCNN J& Bert 2% #1 DPCNN #5254 ) filt & ¥ Bert 25 B 3C
AHHEAE Sy DPCNN ALy i A, IF FI | DPCNN #E #d 3 17
ARG, AR GE I S X LT & B BertDPCNN ) 450 2 44
IR BertCNN 55 RIS 4,
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5.1 HE&K

AR 3¢ 3 A P BRSO ) P T R SCAS AL R I
PIABOlE A 0 75 3R SCAR Bt ok A — 4> 35 30 R 3 - Softpe-
dia. Softpedia V- 23 A JH P $2 it & =04 FE I B4 TR 2 48
Windows 3, Windows ¥ £ 3K 2 72 )% . i ¥ i Xk 1 L B, |
Mac B 27 . Android I HI #2 )7 |, Linux #2855 JLF- B A7 (9

V. Windows 3428 547 B & 3k 44 L 8 /E T 2 .CD/DVD/
WOt T B A5 U2, IRl 2 I il th, 25 4 Bt i 37 00 7 I 59T 48
BEIL AR 2021 4F 4 H 26 5, 1% P ol e 2 ik v T AR T
1303765 4>, FFE B #E T 2 B R B0 3404890200 1K,

Cola B4 15 5 W £ 32 PRI B 22 — A~ o B i 43 2%
{145 . Cola ¢ F ThsvE R vl 45 24 GREEMOT . AR
AFLRRA AL 8551 AN ZRBCHE I 1043 AT A K0HE , LA
6744 > FHA:R B F 2850 A BAPEWE 1] . Cola F i £ H-F-H K
PEJE 7.72 5. M B MNALE AR 2 IRATKE 5 %0 i I 2 4R
S80S B AR L O R AR 1Y B R AR R S D4R

SST-2 B 4% 4 - 0 $H AR SR PR R — A Zon B ) 43 84T
55 FH S TR T 3R IR ) 4 B, BRI B R N TR
EDT L, ARCHERA A 2, KR Y4/ 6920 ~6F,
ISR 872 ANB -, W R F 1821 N, M
4963 NIEM IS A 4 650 MM PEE . Wit 1 F ¥ K EE
19. 31 A~ 51,

Windows_a £ 4% % : Windows #1528 F B 8 1F 75 SR
PEEOT, — A 11 28,30 15568 SR B E . ELAAR A AR 2
MR 1 E) . o IR A 9337 ¥, k4
5% 3118 M7 A & 3113 DMl . AR5 5K oA
7 B B 17, 81 A B

# 1 Windows_a $idii 4k
Table 1 Windows_a dataset

AR £ A HE Bt R #HE
Antivirus 625 Gaming-Related 114
Authoring-Tools 676 iPod-Tools 174
CD-DVD-Blu-ray-Tools 1545 Maps&.GPS 25
Compression-tools 466 Mobile-Phone-Tools 433
Desktop-Enhancements 7612 Network-Tools 3382
File-managers 546

Windows_b #(#E £ . Pk Windows 25T By 4R 1475 oK £ 98
HEATICH , — QI T 22 Z - 40d . 45 15568 45, TEHLE)
R BI RN R 3R 2 g, Hodr I 2R B 40 44126 A
Bl IR A E 14722 A0 F, MRS 14712 6+
R SR SCAS 1 K R 4. 32 AN B

# 2 Windows_b $t#i 4
Table 2 Windows_b dataset

Bt R H% & Bt R H% &
Antivirus 589 Network Tools 3377
Authoring Tools 660 Office tools 8983
CD / DVD / Blu-ray Tools 1444 Others 10777
Compression tools 471 Portable Software 1118
Desktop Enhancements 7206 Programming 6890
File managers 572 Science / CAD 4283
Gaming Related 271 Security 4509
Internet 7983 System 9934
Maps / GPS 36 Tweak 2001
Mobile Phone Tools 452 Window Widgets 1800
Multimedia 28 iPod Tools 176

Linux $04i4E . Pk % Linux 35T M 54 75 R B ik 17 e
B, —IEMEHL T 25 28,36 9744 S EONE . TREE Y 3R 2
RURIgcR N2 3 Fn g, Ho IR 4R AL 5839 A1, IR
AL 1957 A IR AE A & 1948 DI, AR R X
A -4 BE R 3. 94 AN HA]
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3 Linux B¥E 4

Table3 Linux dataset

S HE S HE
Adaptive Technologies 11 Multimedia 680
Adobe AIR Apps 30 Office 224
Artistic Software 17 Printing 65
Communications 312 Programming 444

Database 100 Religion 7
Desktop Environment 1435 Science 62
Documentation 50 Science and Engineering 268
Education 146 Security 199
Games 713 System 1320

Home Automation 17 Terminals 45
Information Management 114 Text Editing Processing 273
Internet 632 Utilities 617

Linux Distributions 1963

Games £l 4 . Pk Games 2T By 511 75 R B8 i 17 1€
B, —JLEHCT 11 25,3k 25337 0B . TRECE] Y 5 4F
HRFBC N3 4 FrF) . Hod IR 5 15198 A6+ 50
WEEAL & 5073 A0, LA 4E L& 5066 A0 F. FiF7 K
SCAR T 44 B J2 5. 42 A~

F 4 Games Bl

Table 4 Games dataset

e ®E e &
Cheat / Solutions 3622 Online Games Clients 361
Emu 76 Patch 1736
Free to Play 104 Server 59
Freeware Games 10745 Shareware Games 942
Games Demo 5511 Tools 889
Mods/Addons 1292

Mac BH5 5 - BEIE Mac 28R (9 3R 0 75 SR B0 3647 TR R
— T 31 2,3k 24195 MM EUE . TRECE (9 Bk
R 5 Frol, Hop Y448 14504 0T, k4R
£ 5 4852 AT MR AR 6 & 4 839 M7, BRIk Se Ak
B 2 I BE RS 4. 12 SR

#£5 Mac $iiEsE

Table 5 Mac dataset
St ®E EStEll % &
Antivirus 40 Graphics 1879
Audio 1556
HTML Tools 56
Automator Actions &. 80
Workflows Internet Utilities 2145
Business 529 Math/Scientific 2026
Communications 81 Multimedia 731
Compression Tools 54 Network/Admin 389
DTP/Prepress 135 Screensavers 339
Dashboard Widgets 378 Security 361
Desktop 147 Spotlight Plugins & Utilities 13
Developer Tools 1578 System Utilities 876
Development 517 Utilities 5303
Drivers 1195 Video 651
Educational 547 Word Processing 363
Finance 173 iPhone— Applications 4
Font Tools 70 iPod Tools 37
Games 1942
5.2 HELLER
SN 2 A BRI A7 VF 0 AR e 7 A B IE -
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%w]ﬁk/xﬂiﬁ?”’ﬁau)\o VGCN % tH 4k 3 — 4~ H A Softmax
By etk oy N V) WA B3 X A B SR % - L il 25 R T R I
e REE.

TVGCN ZAE R RF I T 20 (4) 5 A A 4142 46 I 1 5F T
REUCE 2 By U5 B 6 R 2 B S B TR G S gk 3]
—/NHA Softmax HIREM) & )2 LI E 4 48
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XA BEHY A 6] Z A 7E T A SRV A SCAR T EDE Z 8] i#E 47
ZH,

TVGCN-Bert: % 4 & i1 it i#E R H) TVGCN 5 Bert #f 17
44 ReLU MI&iE 217025,
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R T SR SCAS B 4R T i 4R T SR N B R, TR AT B 1 ks
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TILATRY IR 2 B 0 B 5 45 0 A 00 9 B AR TR 3 3 SRR 1 O
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B —A-HH [R) 4t BE A S h 25 R FHAE SRS B4y 25, T TextC-
NN ] 2 ) 25 R 28 IR 2% 6 SCAR R A7 4y 2 B0k, —
A SRy CNNLGE S D E S BB AFH S . I A L
Z Y Gl 0 30) 1] 1= L FE 22 S FEUE L HOIS TR U A9 25 5 . Bert
T O A T R A S5 i — P 4R S PR BE . BertCNN H
Bert 7 5 TextCNN £ 8 i 17 @l &, F H Bert i_ﬁ)‘CZJi%%ﬂZ
Y181 AL, FEAE O S A 31 TextCNN A5 Rk £7 S0 A 43 2K
Wﬁﬁiﬂﬂmﬁﬁﬁ\*ﬁﬂﬂﬁﬁm,XMU‘CHMA#F%XSUIKEWE:

AT,
(2)BertLSTM
LSTM™ 2 B A id 12 K 48 B 15 B /8 1 i o 2 0 45,

LSTM & 1 0y Sl Dy 1 fiff e 1 T 42 21 i < 000 In) fE 1%
ey RNN 7 & it A0 i BRI i 8 DL S 3 TE o ok
LSTM Z B LLBEWS fif Y RNN 9 4 109 40 i ] 30, & PR kg 5]
AT 1T (gate) LT T 42 i R AR 74 33038 RO 2% . 78 STHE Bert
5 LSTM #1745 & 4% Bert £ MUY [ i 78 i A 2] LSTM
o R SCAR SRS S A SE I N H T LR B, A ) S 56 R
HIFEA SRR RET .

(3)BertRNN

JL4E TextCNN ZEAR ZAE 55 A R 9 2 B, {0 CNN B
FE T filter_size MALEF, IX — 77 1 JC i HEACTE K )P 51015 2.
A —J5 1 filter_size BYB ST WARZEB, CNN A i 2 i 3¢
AR B REAE 2R 3K AR T SR 1 AL B B R T Y 8 05 P& M
% RB AT M ROk 1R SR B BARTE SUAR G AR 55
Bi-directional RNNCSE Frfifi F 19 J& X ) LSTM) MRl S 1
] LI B A A ] LA AR AR K XU A “n-gram” {5 B, BertRNN
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AR TextRNN 5 Bert 454
5.3 WisEMIEE

XA B R B AT SRR, T Bert Y 2R EHE AE
B[R] 42 K, AR SCLL Bert-Base-Case fE b Fi Il 2k #5080, 3%
T BR T 3CAS N 25 A $07 5038 25 AT 80 I 4% Pr A AR 4
B Ak Ry X R (0 8 AT R I A NLTK (% Tweet Tokeni-
zer X UA AT /NG FbRIC AR5 SCA Y Bert Tokenizer
PRAC, A A GCN 3] Y1 28 2 101 58 I 4R 4 19 Bert dR)IC 3R 19
T4 7EBUE 4 B35 NPMI B, 4l 3 A ) - AE R SCAR B
(RP ab< ST RNES

P T B4R 1 NPMI B {H &N 0. 2, DL 8 5 iA)
ZHILGE AR R ., £ TVGCN-Bert #H f 4 &1 7 A
KNSR 16, B4R A B B8 4 £ o 128, R ATTAE T Bert-
base-uncased MUAS , I 4 e KT HI & BE B Bl 200, %A T AE
9 4~ epoch HHEATUIZR, RN 0.2, LLUT & 5% A 6] Fo il
S HRE. K 3 BR T AR epoch Il 2 B RR , X
HLUAS [R) A A 70 3 8 1 S 802 2] RO — 3K
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95,(._',‘—-—-—-—-—-.
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| . A
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85 +——
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80 +
T ——
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K3 Windows_a $U#lE 4 TVGCN-Bert AS[A] epoch F &R
Fig. 3 Effects of Windows_a on TVGCN-Bert with different

epoches

(1)SST-2: mini-batch=16,23 2 & =1X10"°,12 B &EH &
W =0.01.

(2)CoLLA F1 Mac: mini-batch=16,22 2] F =8X 10 °,12
BFEHEIL=0. 01

(3)Windows_a fl Windows_b:mini-batch=16,%% ] =

1X1077, 12 BAFEZEW =110 °,
(4)Linux fl Games:mini-batch=12,2¢ &R =4X10"°,
12 AR =210
X 2 R MR S B W G 1R T . AR Sl B4 1 L
VA A SR 24 I 9 12 980 v, Ll SL AR BT 1) S
i B 5568 SR F
5.4 BMEEH
8 17 24957 J5 15 2 4 R K R R
# dataset
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Hr, #dataset TBIEIM B KN, # classes A B BE,
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5.5 MM iEHR

FRATISR G A di )z A8 B 48 A R AT A 0 28 A% B 1
A IAL P ¥ 9 Weighted avg F1 Al % °F ¥ # Macro
F2Lt |

W itasses = (13
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5.6 ELWMER

6 5l Bert 15 2 P @l A 14 SE 56 25 3R, BUINACTE B
Gy F4G 5 v 1 7% 7 25 43 B A HR AR AT T A . #E Windows_a
BRI Bert (19 2 Fh Rl A A5 20 AR #BAS B  BAL BertRNN
B IS ¥ 43 e i 3B 80 T 95. 18 %, 2 ¥ 4r iK1 90. 59 % 5
16 SST-2 B4 4 b, B % BertCNN 4 AL 1 43 55 8 1
91.65% . i BertRCNN M IACFE- #4335 3] 91. 49 % 5 #E Co-
la $4%4E I AR BertRCNN 9 N BT ¥ 43 35 51| 80. 87 %6 ; 1E
Windows_b % it 4 I, # % BertDPCNN #Y il 4 3 £ 43
80. 43 % s TEHUHH 4 Linux L. 5 8 BertRCNN i £ 3 43
9 47.06% s ¥E Mac Z4R4E I, %) BertRCNN 4 i - 35 43
B .M 43.02% s 78 Games B85 5 b AR Bert ATT B9 AL
F-344yH 85.38% .

# 6 Bert 5 Z R Rl & 9250 R
Table 6 Experimental results of Bert fusion with various models
CRAL 20

Model SST-2 Cola Windows_a Windows_b Linux Mac Games
Bert 81.32 62.88(55.25) 95.13(90. 00) 59.31(49.80) 45.08(20.15) 42.65(29.40) 84.44(61.57)
BertDPCNN 90. 88 80.12(75.76) 94.87(69.43) 80.43(51.22) 31.05(7.9) 35.45(16.56) 83.92(51.92)
BertCNN 91.65 80.00(75.37) 95.09(90.50) 60.13(51.24) 46.58(24.53) 40.78(28.32) 84.67(62.42)
BertLSTM 91.27 56.51(40.87) 94.45(83.90) 59.04(48.99) 30.26(7.9) 41.52(28.18) 84.59(53.93)
BertATT 90. 67 79.28(74.80) 94.72(89.59) 59.96(50.42) 45.68(22.33) 42.80(27.07) 85.38(62.99)
BertRCNN 91.49 80.87(76.70) 94.78(89.98) 59.56(49.70) 47.06(24. 48) 43.02(31.15) 85.09(63.08)
BertRNN 90. 28 80.12(75.76) 95. 18(90.59) 59.50(49. 24) 46.05(23.30) 42.48(34.13) 85.23(63.88)

27 HIH 3 AR A RS B 2 M 45 B SE R 25 0. TT LA
F R TVGCN #EH b 6 A B £ 1% in A - 34 43 4B e
iy 2 A~ 45w, G H 7R BOdE #E Windows_b I, TVGCN

TR B INACE 3 4 8 TR VGCN 16. 21 %0 5 754K
#E5%E Windows _a .8 Text-GCN R R i, 538 T
92.51%,

7 RFEE S RBEAT SO 5328 19 92 56 25
Table 7 Experimental results of text classification with different graph convolution
CAiz . 95
Model SST-2 Cola Windows_a Windows_b Linux Mac Games
Text-GCN 80. 45 56.18(52.30) 92.51(82.06) 45.90(30. 86) 31.46(11.53) 32.11(16.85) 69.24(41.94)
VGCN 81. 64 63.59(54.82) 80.30(47.25) 60.84(49.44) 48.09(15.16) 51.93(13.48) 76.04(49.12)
TVGCN 81.78 63.69(55.20) 84.88(57.24) 77.05(55.08) 49.37(16.00) 53.26(18.77) 78.86(54. 40)
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# 8 HIH BB Bert fill & 1L H0 45 5. B TVGCN-
Bert 76 Hop 5 A~ s £ 19 0 AT 2 43 #8 HL AR 2 VGCN-Bert

#8 EHME Bert

1 45 A4 FE B 2 Games EIMBCEH X427 T 1.82%, %
T RET 4.11%,

A B LB

Table 8 Experimental results of Bert and convolutional neural network fusion

CA7 %)
Model SST-2 Cola Windows_a Windows_b Linux Mac Games
VGCN-Bert 91.93 83.68(80.46) 94.94(70.58) 95.00(70.91) 76.81(44.03) 78.14(57.84) 84.46(68. 44)
TVGCN-Bert 92. 04 83.25(81.31) 96.33(91.20) 94.98(69.98) 77.21(44.36) 79.02(56.68) 86.28(72.55)

9 B AE IR B o A AR AR R SRR A R
AR A Integrated-Model 7 7 4S80 £ 0 B9 0 AL 2 43 #5
U F R — A AR, 7R HE 4 Windows_a b A9 INIALE #4334

BT 96.73% i Flak iy B — 4 TVGCN-Bert, 4E R AEMS
T G KB A3 R A 26 2% T 7R AR B R IR A R T T
fal — K5 2588 .

O BRI ) S 4
Table 9 Experiment results of integrated models
AT %)
Model SST-2 Cola Windows_a Windows_b Linux Mac Games
TVGCN 81.78 63.69(55.20) 84.88(57.24) 77.05(55.08) 49.37(16.00) 53.26(18.77) 78.86(54.40)
VGCN-Bert 91.93 83.68(80.46) 94.94(70.58) 95.00(70.91) 76.81(44.03) 78.14(57.84) 84.46(68. 44)
TVGCN-Bert 92.04 83.25(81.31) 96.33(91.20) 94.98(69.98) 77.21(44.36) 79.02(56.68) 86.28(72.55)
BertRCNN 91.49 80.87(76.70) 94.78(89.98) 59.56(49.70) 47.06(24.48) 43.02(31.15) 85.09(63.08)
BertDPCNN 90. 28 80.12(75.76) 95.18(90.59) 59.50(49. 24) 46.05(23.30) 42.48(34.13) 85.23(63.88)
Integrated-Model 92. 34 84.38(80.96) 96.73(91.70) 95.60(71.91) 78.11(45.36) 79.82(57.78) 87.48(73.55)
5.7 SRERTMLSHT 5.7.3 @4 Bert 49 R FAEA
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Fig.4 Weighted average {raction renderings of model VGCN and
TVGCN in different datasets
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Fig. 6 Weighted average score renderings of different models

integrated Bert in different datasets
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