Computer Science and Application EHLAIF 5 M, 2021, 11(6), 1725-1737 Hans Y
Published Online June 2021 in Hans. http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2021.116178

4
d
w

ETHKAEFEHE PRI TR HIR
EEtE %

Ea’, PAAMY, &R

LEWH T RGBS AR, =M B
CEMFE T RY A NLEREE SIS E, =M BY
SE KA EHENL R, EIR

Email: whbin2007@126.com

ks HiA: 202145 H18H; FHHEM: 20214F6 H15H; kA HM: 20214F6H22H

=

FIR EITE T LUK R B A R ARAE B — A8 X%, AATE MK ARG TN “XR” BH#
Bt HBRIRE . Bk, MRSTURANREIE R TIEFEROBFTARR . RTNT RS FRIRNRE
WHMEB URD, S —IR, ASCRH T —FE T F RGN B2 4% 1) TR AR BE R 5
%, BIEU100F AR HEFRROEOABEIR, 4614645 HRE S LB EM B A M 4% 0 FAET,
BB, AThRE. RREERE. TRDE. FREEFENATRLESA P BRBEAT RS F
RGUBFREE R, SEIRUTZT R DA Bt KB RS AL & RO PRI RE UG B,
B B W 4 AR BRI R REE, NS EEEENT 8RR ETRUERR T
REERTREBFFEN TR

XA

FIREE, TR, AL, B

Construction Method of Requirement
Knowledge Graph Based on
Requirement Document and

Graph Neural Network

Hongbin Wang!, Yongpeng Hu?, Xiang Hou3

1Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming
Yunnan

SCEFIH: LK, BN, G, T RSORS00 44 1 55 SR R EE A R TTVE D)L THEALR R S R,
2021, 11(6): 1725-1737. DOI: 10.12677/csa.2021.116178


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2021.116178
https://doi.org/10.12677/csa.2021.116178
http://www.hanspub.org

ok &

’Yunnan Key Laboratory of Artificial Intelligence, Kunming University of Science and Technology, Kunming
Yunnan

3CoIIege of Automation, Chongging University, Chongging

Email: whbin2007@126.com

Received: May 18", 2021; accepted: Jun. 15", 2021; published: Jun. 22™, 2021

Abstract

The knowledge graph can connect a large number of different kinds of information into a semantic
network, and provides the ability to explain and analyze problems from the “relationship” level
for the Al related research. Therefore, the construction of knowledge graph in various fields has
become a research hotspot in recent years. But there are few ways to build a requirement know-
ledge graph. In order to solve this problem, this paper proposes a requirement knowledge graph
construction method based on requirement document and graph neural network. The method
takes 100 real company requirement documents as the data source. Combined with the traditional
natural language processing method and the graph neural network classification model, through
knowledge extraction, manual annotation, requirement feature coding, requirement classification,
requirement graph storage and visualization, the knowledge graph for the requirements domain
will have been successfully constructed. Experiments show that this method can effectively extract
requirement semantic information from a large number of unstructured requirement documents,
and identify requirement intention more accurately through the graphical neural network classi-
fication model. Thus, combined with graph database and scalable vector graph of visualization
technology, the requirement graph is lightweight-stored and visualized.
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Figure 1. Overall framework of the method
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Table 1. Requirements text extraction steps
F 1 BRUARBLE

s W

HERFHIE MRS, AN B ER AR % . FoREEEMIF LM, MREER

RIA KA, WEEHTRRE I 10 10 N, FUE SN 4000 5 AR T.
1534 06 AR, B, S R4 S ML B N ER. WAL MR B&. }
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238 AR iE {nz, n, v, n, n, wp, n, v, n, v, n, a, n, n, wp}

3B A bR {2 A0:(0,1)A1:(3,4), 9 A1:(10,13)}

A4 AR {B-Ni, E-Ni, O, O, ....., 0, O}

S AAEATEA T {2:ATT,3:SBV,0:HED,5:ATT,3:VOB,3:WP,8:ATT,9:ATT,10:SBV,3:CO0 ,14:ATT

14:ATT,14:ATT,10:VOB,3:WP}

Stepl. MI#KLTPIE S A (h LESHRFE) : cws.model (FriafiAl)
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Stepb. Xt 431 R AN 1A AR e — AMRAER)VE I T s, AR PR M IR AF &5
¥o

Stepb. fEIR A, WAHPHEXRR, CEEENE. MENTEIIRR, IF
AT R

Step7. X F— SR FE M1, BN A MR LW, FEATTCH RS
Step8. KT E IREU = AL IR 7 Eexce | KA H .

Figure 2. Dependency syntax and semantic role annotation steps
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Table 2. Partly extracted requirements triples
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n
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Table 3. Triple data is required after manual annotation
3. ALIRERMER=THKE

RS sk =ud i R = TCHbREE
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66 { ‘SRR . O, BEREARGHRE T Tire
67 { @R, Ry, BERKRERAR } s
68 { ‘BERME . O, 04NANT ) AR
139 { ‘KRREkRE" . DT, ‘0.05% } S
156 { REAR . SRAP, MEHROURIIFEBOT TR } s

3.3. BEMEME N IRR
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P — AR, BT DAFRATT R ZE— AN 1T UG B A5 A HR AT 70 RO R, 3 AP R I 28 X 28 fR B FH -
G2, A NFIFH B N4 R AT SO BUR 73 25[13] [14], FFEUS T IR AHIEER, I HEWE
R 28 A AR UF B AT AR [15] [16]. $E AR SCAE ISR F ShbRvERE B I RHEER . GCN (B R 42
48 [13] [171771%, FIHA28 GCN FIAH S SE At SR A R ER DA K A S n ] 1) FH B0 22 R 8 34T 5925
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RN B — 4 1) B 25 R R o (EASCRIBEE S DL B e s e, RIERAR 2L ‘B, FR#&I
BAMHW PXF =T H B B LS, AT S AR JE T R E IR, ARG PR,
J& TAERO LRAF SR, A rT Lodd w M AR L IRBUH R S ME R . BRI ASCRA T BSR4 W
28 710 R PR e AT AL

GCN (¥ BAF55 72 ] AR B 1Y s b 2% ) BISE MRHAE, MR AS [F]39 s AT 4 R A0 38, sl 3 P,
LA R 28 PN 45— P 1) PR 2 2 7 3, — it BRI 380 5 — i R e 8 SE RN 55 - A &
HEAT N ARy H 2 B 1 75 SR = e 5l , @ik GCN YIZRi —AN AT LRI 5 SR = e i s B A, I
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Figure 3. Figure convolutional neural net-
work model classification task

E 3. EERWEMERE S LES

3.3.2. BERMERLELH

GCN [ R BB — I R ERial, v LUE 22 ZIME ML, 552 00— 45
G, B E A TR T LA ELEZ B AR (5 B AL .l GCN b3 5 & EAH R 1 7 sk =i &
PR EI—i.

GCN FI4 N2 B G5 E s, 1 anA ST N — A SRS, 75K S0 T 2 A7 sReicfa
AR R, BLHA 2n AN, BT REROR T TR SR, HAELE —SURRAE, B AR A 2n%D
YERVRHIEAERE F, R SRR R, BAA—> 2n+2n FABHEHEIE A, 2L F Al A {2 GCN
MmN . il 4 Bis, 2 A AU EE I 2 (R R R 40 0

Input layer Output layer

Figure 4. Graph volume neural network model architecture
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RETCAMRHAEFR R, AR E TRHEH 2000 4, HTELF ((n)) 22— 147 2000 SUHIRAEAERE,
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F(f(n)):(envenz’”"enm) ©))

PR T IS B — AR T FH R =Zn I RHEAERE F, BT T — R =704 2000 4
one-hot FHiESmAG &R, FIARE T n DM =JoHFHERIRHELES -
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€1 € €5 0 &y,
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Table 4. Data preprocessing case
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68 { ‘BRI, <, ‘W0MNHAW 3 2R
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1. .«

AR GRLFR: 3D FTED A R 5
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HeHExt STL mu “4E CAD B ScfF, AN FENE SRR b ANl R,
e 345 1 FTE 6 UE ™ A PN PB4 R AT D B 5L
%k R FMRIT IR I A RS S ik, 1R }J:%:%ff&;"':.k.‘dl‘.l ‘ff-ig.’ifﬁJM':‘AEii'Fﬂ:,
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F T S 5, il = 4ESOCExE FA0E l*J..L'z'H,L;) S, BIANTE S e R
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[ Al A (B A I (W et o2
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D

AR RARR: AIfsl i R

BERTRANR: 0470 P9 (08 S0 1) (IR FE B () DA N OB 72 /N
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FD AR, KRR BRI 2 RN TUKIX B 54755
DXAT R, UK IX 5547 5% DXt 3 e 42 1) UM\I (IR B I v g
KA1y gt l SN A M AN A 0 2, KRR P 24 120 /N
HEgK.

T

BERWERAFR: bl 1 O LR B0 R A% i 46 i

BARTRAR : AL H A T Ir‘M/ULHH‘J SR EEARAE R PR A% iy FLAA R
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Figure 5. Requirements document data
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Table 5. Definition of related parameters
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Table 6. Examples of requirements graph construction

3 6. FREEIDESH

L M2
R AARGR SRS, SHE TR % FAR &, TR EEAERE R LE, PR % &I
" BHAR. WETFRINE A 10 A P, BE4E4 4000 75 AR .

[ “Xa®|, ‘HFK , “SHRSE 1, [ “SHMNARSE , NHAT , ‘ERTHRGESE 1. [ ‘FH
HIR K, R, CBEGREREHEAR L[ CBERME . R, WOAMAW [ CBEESE . A,
‘4000 H AR ]
[[ ‘XAR", ‘BR , “SNR% ., ‘H&' L [ SPNERXS , BT, EREWHERE
= EbRE weT, ‘ThEE 1, [ HeRT 4R, CBBERSEREEAR . TRe 1 [ BERMET , R,
LOMNAW , 4 1, [ CTE&E” , SN, ‘4000 AARMT ., AR ]

{source: ‘X A F 73K, target: ‘X AF]", type: ‘ML, ‘rela’ ‘TR 17},

FIE R AL {source: ‘X /A7), target: ‘S R4, type: ‘ HA7", ‘rela’: ‘B %’}
SEveipeaii ¥ Step3 P 4 R B 88 Tk R P VAR N ) 77 31 v 1 R 1 I T B0 R neodj ek
T0RHE
400073...
e L
kK1 Wk SRS
o 2
& “,
TN P
éﬂﬁﬁj}ﬂ \‘l £ \
T/ | mR
N 4 \\\—V 4 7{/@ fj\i / y \\
&, WY
@ \ /"
X \ 4

N
E-ﬁ?}
X

\\ -

=

Figure 6. Visualization example of requirements graph
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