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Research on Semi-automatic Construction of Knowledge Graph

Based on Natural Language Processing
ABSTRACT

In this work, the problem of automatically extracting knowledge graph (KG)
from text data is partially addressed. In the past, extracting knowledge graph from
unstructured data such as texts mainly relied on experts by their manual processing,
which was not only time-consuming and laborious, but also has gradually become
infeasible with the rapid increase of text information. However, in the education
field, there is a large amount of text information and the lack of natural language
understanding of text data will hinder the educational application of artificial
intelligence technology.

This research uses transcripts of instructional videos as the data source to
design and implement a semi-automatic knowledge graph construction method
based on natural language processing, using deep learning technology, statistical
method and rule-based approach. In addition, this work focuses on the
cost-effectiveness of the construction of KG and the validity of the extraction
results. So it could not only reduce the cost of constructing KG for texts, but also
provides a structured data foundation for more educational technology.

KEY WORDS : Knowledge graph; deep learning; human-machine

collaboration; BiLSTM-CRF
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1.1 RE=

1.1.1 BENFIZEBHEMEEFSINRAE

(2020 FHTZ iRk BEERD) FRHBABERFEARN = REH 2 —ia N TR
AR (BEHT & 246, 20200 1, THH EIEN S I AP ENFANEE KKK RESH
L E L N T AR A2 2 — (Feldstein & Hill, 2016) 2, &M% AR AE N
AR PR AL FL 5 S KT B I HORS R 00 5 ) SCHF . BRI 32 00 S 37 55 B A AERH I A 0
R R 5 S50 R S TRESUE

SR E AT B R 2 S HOR TR R TV 2 AR e, JCHR A IR RAE . BES
A8 X F RIS, FRATTRTFR H 9 ARSI . At 2 R U AT B A A — N2 AR
Wi, tEREP SR EMS 2 MR R XTI XU 408 ik, /iy s
PUHEHE P, AR B 20 R A AN IR S R A R AT B A G AR TS, R R
) P A AR AT ARz O T D e AR BT S I R 2, T R o R R VA B R N R
M. BATREE D], H AT T DU E 2 KR AT A MR R KRBT RAE, KR IR A A
WE U, BERN Y I HEARTPRTEIEN N

1.1.2 BENZ I 2REE

TR, BIERNY I BORR R EE N EERIEA . BENY S REREWRIE 7L
IR 2 3B B REACHEIR 2 S BEU. DD BL. SR W IRIEARAIBE T, HIEN >
ARG IR EER AT Ly DU PR, A, BRI RANHESE 51 5 CRHian 5,
2018) 3. Moo, WARAIZIE 152> A AN B RIRIA R, 2 BE N ) RS0 E E AL
#or. AILAUE, WAL R RE T HIEN S RGN R R .

DFRHNE, & ZEH. (2020). (2020 HoCPARAR: BGERD)  BIME OB T mAR AR T n Pk S AR A e
HERE, 38(2), 3-16.

2 Feldstein, M., & Hill, P. (2016). Personalized learning: What it really is and why it really matters. Educause review, 51(2),
24-35.

SORHEAH, TILST, & BTE. (2018). TR EE B B &N S RGRIRBRA . FAMORE AR (5 BB, 36(3),

345-350.



MR EE (Knowledge Graph, KG) 1EN—FrEZE N LR REH AR, EHEANHZ|
HE MRS T HARETHENL R I EZERAE T B IR EIREE A —MoREE 450 115 B
FE, REEERZ M s . R, AT SCRR B I Ak s b B, HoA RENH
TS HEE . VP BRI, O/ KEW| IR 7 e A SCREN A 7 I L

FEFERIACE U, IUAE O H-F G X0 5 ) B DL R S R B, e )
PRt — B AR E AR M FRHER BCE ML S SRR, BUS T RIFIMACR . X E51iR
el i o dR I 22 50 T 1) R X UM AT L) 07 R .

{HE RN THEBUETHR EE  77 E AR ME T 72 2032 iR s B i gt v, — 7 Tz
SRS R, N LACHE 25 7 AR, 1 HLBE 5 B0 25 G K AR R AR
FRATIAT s 5 —J7 Ak BT PR X ) AR 75 7K R AU T XA RE AT, A AT 17
I [EVRIARG J1 2 B . AERXFERIIEOLT, B Sk EiE 2 B sh A @ mn iR B0 i 77 22 Bz
FEHIR, TR IR IR SR A BT R 1 1) ) R

1.1. 3 FEVRAR A Bt iZ iR EIE SIS R RE

M 2012 4 Google 2 ) #2 H FIR Bl LUG, AR BT BRIHEAT Y ER M A 32 3
Iz R FR S R L RE W S5 M b RO 5 B DB B RITE SRR, AR AT
BRETP AR RE B, A EE USSR BRSSO TR R R R A 7
AR N TR, FI, T, EFERAERT . SN, V2 et B
B 9 B B N TR REBOAR R R Mg AR T e o R ) e Rl 0 AN D 8 53 17 R S iR 55 AT
L FH FR) R e AL

R R B S R BOR A VA AR AN R A, FI AR B 2 N T, R
IRELHE R By — Mg A i ik, AH N AR ) B R A DA S 78 To ik SR 1) ) T
LB M JUEEREE 3 AE S AR (Natural Language Processing, NLP) A&, A
WA BT R ST T AR SR, BB EE R B ) SR o)A,
AW i R T AL A R R AN R, AR TR 2 IR D IEE R

1.2 X EETEURIFh 2 &

1.2.1 FETE

FERX T FE AR, A SCAE R B Sh A b B TR BT B ) A5 21 1 — 8 12 R
o DR MSCAIZ AR S5 AE A Bcdhs o il BOORn VR B 3 AR 500 AT N AR, IR I5 92
AR B 77, T B OSBRI 2, N TACE BB RANAT . MAERH
QU SO EHE K AR, BhZ X0 SOAE B H AR 5 B SRS N T RERORAE B E i
SR N



AT FC LA S I SCAE AT MBI, Bt IR SEil 7 — BT A ARE 5 b
BoR KM TERESE L giih2a. RUNDRAR AR B B I %, i RiEE |
P A R 2 A 06 1 SR IE SR A Rtk . AR 7 ST i g R BB i A, ik
REN B 2 2 H BOR R SR LA/ Ab IR S AL

1.2.2 flFh<z &

AHFFEB I T — B A IR ERE T R, R AN SO ALY
AR BRI T, T R BRI T

() AERGREER R Bt AT A RR SR TEBCR A 1 B R i8Ry
%, BENE AT RERVE BB MURIIR B2, MO SEAR R RIER R BT FRIT B L
iR, AAT IR B 2R LSRR R,

(2) AEFRRIAR Ay, B SOREE, A TR T AL [FIANER 22 2] K2 B
ENACHIECT V%, LRSS T R (RO AE R SR 1 (8] 5 1R 1 B0 T 2 n] e i 3 & 2%
N LS

(3) FERIASEARIR RESL ATy, AT EIH PR /e X SR B IEAT /N1 0, $REL
SCAAE BLEE R 5 N GE R R SRAF AR Z B (K FR s R R AR S5 AL SCAS o R sk
RESe . A MRRR R - — Rl

1.3 WXARGH AR FIESR

1.3.1 A0

WA BB T
B 515, SWE. BENE T IIEEOR B sh R kiR EE R TR S
MRS, MR 7 AR TR EE TAEMAIR A, BJa N 7 AT H LS5 1 Lt T

;Jigo

BT CBRERIA, N SCHEOR VT PRI SRR e A . S ml S R
P B B 0RO E . BRI T #0r S RS I AT, Rl R ETC
AT AR B R D75 RIRRAERLE . R REE AL E AR RJaMR T
ANASTIE T B A 5 14 35 T MRIURG =3% 1 SCAS Hs (1 AR S A S T 7

=R MSCEORIEA, AT SEEURUR IR R LAl — 7 T B 1 R
P BOR M BEAR A5 ¥, JEHGR R SOR K (M RR ERE 5K 53— T i 1
AR AR S, Q85 T HAS B A B RE 2R EE . 25T BILSTM A
CRF (R SEARASRE L SRR RCR A B0 48 b ANk 1 20 X 18] ATH] [ 8 (1) /N5 7 U B

IR BTl Bl ERN RSBl ST K. E U 1TRX I T et g H
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2 WHEKFER

RELERIIR . BRI T A BT RIR A O SRR B RDIR L 2
BMNAHRME: BB EE 7 HE SRR ERE N DAL, R R E T RR S R
Jiid SRERAL. RAERUNRAE BN RGBT A TR I 2 I % 1
ST B8 R JoH VR P AL R AT 7

2.1 FMIREISEEHE QB PN E

E—TJ710, B8 AR B 9 808 0 1 S s A i i 4t 1 T RE. AR BB E 8 —
MNMERAS B, BERSIEAS [ A A B i e — ke . T BE A 2 AR = 1) K, R
PABCURAE 1 (R 202 K 2 DAL G FE AR B % v) 1 2 A, AR R v AR 2 B 1 4
i, WA SOR. M. B B, VR R URE S R R S A I R
W, AL T E RN AR, AT AR, SR IR R A B T ek A
B IR0 B P A (REBEER, 20200 4. 55 —J7TH, #E S AR ERE A K
=N TIPS . e 2 s i B AL i R Z 2 E (Smart education) HA R TH (Shi
etal,2019) 5, JEHEMEMEE 5% (Education individualization) (Rizun, 2019) ©,

FUE U 0 U g [R] 380 U BE L, A AR B S A A
T A BT 5| L2 E 2R BN Tl A 9%

2.2 HESHHIREEOEXAR
AR AP D B0 7 P B L 00 7 R A ST I TR 0 1 B AL R e

Jiid AFRISEARRLEL . AR IR RE R DU AT E B A RORERE AR SCAT 7T, LR
RN B A A SO A R VA DL R R s AR FEAT T A

AR e (2020). 22 AR FE R TR I A4 -5 R S (T 2 AR 30, 7 MR ).

5 Shi, W., Liu, X., Gong, X., Niu, X., Wang, X., Jing, S., ... & Luo, J. (2019, November). Review on Development of Smart
Education. In 2019 IEEE International Conference on Service Operations and Logistics, and Informatics (SOLI) (pp. 157-162).
IEEE.

6 Rizun, M. (2019). Knowledge graph application in education: a literature review. Acta Universitatis Lodziensis. Folia

Oeconomica, 3(342), 7-19.



2.2.1 AEE AR ELE

AR B AR Tk Fokad, BT R ERBE MR ERE @ EA R N T A
A HLE AN EIR %, BB A N TR ReRAR AN B S8, Bkl 2 it 50 R
TR 22 B S A i R B . (2 TALES B T B AAE S R AR, 1R
REE AU N R, A TR E AR ERE AT A, N TR B — EREEE N AL S
TSRS o N2 B4R T DU RR R 7 vk AR SR 7T

(1) RANLTHIERAG BRI FIREE M, HEh = R, X BEAET EENH;

() RHARBMERTTE: AWHAERITFEH 7TAVEMERNTTERE T BEAPR-%

A -0 -ERAR - R -2 2] 2B fUR R = e 2 BRSO R B, R
ERRYE N S Bt =R T BUM-IRAE- R T A IRAE TR B A RN
WIHRRTE. W@, AEEH T oHME. 2 ERUE. W AE R E
BRI St SR WS AT R ANAH 02 SR A T AT AR S5 R A

(3) KNI IEAT FR RS A AT 78 . W12k A8 4K M TF-IDF HyEAE B a5
Pt 2 6 B ST BRIREAT SEAR IR, R VAR S BT T SR SR 2 A A
SR A AR CRAEE, 2018) THIWF LS.

(4) KR AN E R M AR B R F G R e B T U A L K I B
20 58 RATEA IR B RE 45 8, TS I FP-Growth SLVER 2% =) AT A EUE #1740
PN AR SR R A2, B SE RN IR IS BN AT CRigh, 2018) 8, A H
ShtEE R B ESANEREBNBETRE, RGEHNES web EHFAR
S E DL Wikipedia WG B RCEIN AR B R EH, TERCT 2 B3 AR E
PR T H (Wang, 2017) °.

2.2. 2 AN[EISEARRE R EH EE

K2 B R B RS AT 7EAE AT R0 VR R S ST I i 2 AR A R 75 SR BT AN AR E
FISEd, EEA=MARKER, NZERBIBOI AR SRR FR AR .
R, AT EERFRR I AR A SRR ) A

(1) = BEPRRLE

2016 FH BT TTETK 1 BE I B 7 R AR B IR 2 1 B8 s I E HERA A o
SIBEIR AR IR BT o B R ARAT TR H 1 1R 10 SOAS B DA R AL B U ) B2 5 % (Closed
captions, I CC ¥4, 28I T3 A1 M ALK B 21 328 1) A LT 2 8] HF AT UL,

TORARE. (2018). T ) SR AR S B ST ST (Master's thesis, PU)IITTEK ).
RN, (2018). FETANRENE ) HIE R S RIS (Master's thesis, i HRK2).
® Wang, S. (2017). Knowledge Graph Creation from Structure Knowledge.

10



Bz H LDA #kAT @ BT AR E BB B2 0 AT 1 I SOA 8RR BL I (1) 52 & (Basu
etal.,2016) 0. EAHEERT MOOC WIm=FH A MIRERERMEF, iR Ar MOOC
WAk R 0T E TR ERAE B, B SGZ AR EE SRR A DUR UM BREEA. BREE. &R
ZIN. SEAEE. W R (R, 2017) .

(2) KR RURLE

A FERES T UUAR B 28R BTN L u i AR B (Tlkou & Signer, 20200 12, il
IR AR 2007 4F & 1 — A28 T SR EE B R AR o B8 (Resource-selector-link, RSL)

(Signer & Norrie, 2007) B3F% T EduKnow “F &, {H RSL BRI AP A FR 5 A7 M
wHERE.

(3) MR RLSE

2016 RN M 2R 22 B 708 20 B S AL bR 2 — D R RAE IRAR SE TR o0 R IWA )
B, At AT TR SR B AN (R 1) 7E B2 BRFE B ik 25 110 J6n TRURE A Bl Sk 81— 38 A A& =[], IR
FAMES 2 [R] ) 58 Z TN PRAE 2[RI AE ) B R &R o

H Chen %5 A\1E 2018 SEHF K1) KI12BduKG #%t, nILLHBIN K-12 BB I8 2284
RSN ERE, AR K12 B B E R EC IR R SR I T B il SRR B A A = X
IGFR, 0 “Sed” “Q7 R . AR TR SCEUNTZHE p-Apriori HiEK
T E 2 2 [T A RS 98 &R (Chen et al., 2018) 14,

2020 FHEAEIELIL T B AR B RLZ ) MOOC Ak B 77 % GF I,
2020) 15, WFFLE M MOOC T A I F T 454 UL S S AE SCAS rp SR ICRRBE S, i« — W7
&, JFET NIRRT ML TR AL & O RMNSE K &R, BT 1] [a) S AR AE SR B T MRS A] () A
KRR

(4) HRA LU

AP AR AH 2R (Hodge, 2000; Bollacker et al., 2008; Wu et al., 2012; Dong et al.,

10 Basu, S., Yu, Y., Singh, V. K., & Zimmermann, R. (2016, January). Videopedia: Lecture video recommendation for educational
blogs using topic modeling. In International Conference on Multimedia Modeling (pp. 238-250). Springer, Cham.

RN, (2017). 2T MOOC MR E SR EIE I (Doctoral dissertation, JbxT: JLETHEHL K E).

12 Tlkou, E., & Signer, B. (2020). A Technology-enhanced Smart Learning Environment based on the Combination of Knowledge
Graphs and Learning Paths. In CSEDU (2) (pp. 461-468).

13 Signer, B., & Norrie, M. C. (2007, November). As we may link: a general metamodel for hypermedia systems. In International
Conference on Conceptual Modeling (pp. 359-374). Springer, Berlin, Heidelberg.

4 Chen, P, Lu, Y., Zheng, V. W., Chen, X., & Li, X. (2018, June). An automatic knowledge graph construction system for K-12
education. In Proceedings of the Fifth Annual ACM Conference on Learning at Scale (pp. 1-4).

IS $E3H. (2020). FET MOOC K= B A AR ] 2 B A A 5T (Master). Beijing Normal University.
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2014) 'OBORMELE —E MR IE FRAEFIR BT, WA —E 0 20 AR TR B T A
& 7R THE I FIRARER, WEHARMAR (Knowledge Forest) 4 @il fe H i) —
AT FIUAARAK B 77 TH A (Facet trees) FIESASAH . FIIRARMAEFH 7 B HIIAME GRS
ANFEAEFN IR BeAh, ZITARRBE FUE IE e 1 — M B S AR AR AR, s T
PR B, FR A BEH 3655 (Zheng et al., 2019) 20,

2.2.3 PEXRFERBAZER

EHE NI, V2 W AEE AR AR REES T, FERZRXF: a8k
% (inclusion relation) . #@#t k%R (causal relation) « R R (progressive relation)
Jeik K & (prerequisite relation) o HHH e ok RANEL 520 R A2 K2 HE 7 % LB

(1) K H

DL B R, SRk R R E IR R, B HMELLR A . T B SE K R FF
E AR A B (knowledge space theory)  (Doignon & Falmagne, 1985) 2!, ZFigiAA
MNTN I R TR MRS 2 TR SR AR H AR R R ), M A BIHES B IR5ETR K Rt
MEIRE Y I HEEEEMS B Al R EZEREMS A, RS B Bk THES A,

AW E T MOOC & .\ 7 S MR & i 2 A IR e TR (0 A1 /s D 2 D
I PR SR AR 4298 p-Apriori 53 (Sun et al., 20100 2[H B R IME & 2 A 26 RO R

16 Hodge, G. (2000). Systems of Knowledge Organization for Digital Libraries: Beyond Traditional Authority Files. Digital
Library Federation, Council on Library and Information Resources, 1755 Massachusetts Ave., NW, Suite 500, Washington, DC
20036.

17 Bollacker, K., Evans, C., Paritosh, P., Sturge, T., & Taylor, J. (2008, June). Freebase: a collaboratively created graph database
for structuring human knowledge. In Proceedings of the 2008 ACM SIGMOD international conference on Management of
data (pp. 1247-1250).

8 'Wu, W, Li, H., Wang, H., & Zhu, K. Q. (2012, May). Probase: A probabilistic taxonomy for text understanding.

In Proceedings of the 2012 ACM SIGMOD International Conference on Management of Data (pp. 481-492).

19 Dong, X., Gabrilovich, E., Heitz, G., Horn, W., Lao, N., Murphy, K., ... & Zhang, W. (2014, August). Knowledge vault: A
web-scale approach to probabilistic knowledge fusion. In Proceedings of the 20th ACM SIGKDD international conference on
Knowledge discovery and data mining (pp. 601-610).

20 Zheng, Q., Liu, J., Zeng, H., Guo, Z., Wu, B., & Wei, B. (2019). Knowledge forest: A novel model to organize knowledge
fragments. arXiv preprint arXiv:1912.06825.

21 Doignon, J. P., & Falmagne, J. C. (1985). Spaces for the assessment of knowledge. International journal of man-machine
studies, 23(2), 175-196.

22 Sun, L., Cheng, R., Cheung, D. W., & Cheng, J. (2010, July). Mining uncertain data with probabilistic guarantees.

In Proceedings of the 16th ACM SIGKDD international conference on Knowledge discovery and data mining (pp. 273-282).
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(Chen et al., 2018) %3,

() HERAR

BERFATR MRS INE T 79— IS, Xl 30T & R AR ) 2 IR
SRR FMEIL, EER S, BOYIXEE B R BORH BGE BOR R IR 4G s 454
H.

AW FEE T 7RI TR, Blangtss AR IR AR P 4R B e ok R (Liang
etal, 2017) 24, ST EMgFE R A 5038 A LS 2 PRIE A S0 REVEE T — N F &
(Liu et al., 2016) 2, 5 N MZERH IS Z X451 (Wang et al., 2015) 26, Chaplot
A1 Koedinger S 7E — ] URER HPHRELZ AN 524K 2 [8] (1) 45 74 (Chaplot et al., 2016)?7, KnowEdu
SKH T T AU B 77 R RS ) B s SR T JE IR G DA SR 2 TR AL 5 O &R

2.2. 4 HEHEHVRAIREEHEXHR

A AR RS R R E 20 H I TA K, A EEABRR IR I AR AR . X B A
BENH=AHF: (ZEEL) B CKGHV (Zhuetal.,2016) 2, #H #1E Kl EduVis
(Sunetal., 2016) 2°, & =BT 248 MathGraph (Zhao et al., 2019) 3,

REENAE 2016 FFFF K 7 (= O AR ERE CKGHV . i 7835 R A& S i T A4
TNERE MR BZAEAE, A FE R B ERARAF R A ORR (BAEE ) o il

2 Chen, P, Lu, Y., Zheng, V. W., Chen, X., & Yang, B. (2018). KnowEdu: a system to construct knowledge graph for education.
Ieee Access, 6, 31553-31563.

24 Liang, C., Ye, J., Wu, Z., Pursel, B., & Giles, C. L. (2017, February). Recovering Concept Prerequisite Relations from
University Course Dependencies. In AAAI (pp. 4786-4791).

% Liu, H., Ma, W,, Yang, Y., & Carbonell, J. (2016). Learning concept graphs from online educational data. Journal of Artificial
Intelligence Research, 55, 1059-1090.

26 Wang, S., Liang, C., Wu, Z., Williams, K., Pursel, B., Brautigam, B., ... & Giles, C. L. (2015, September). Concept hierarchy
extraction from textbooks. In Proceedings of the 2015 ACM Symposium on Document Engineering (pp. 147-156).

27 Chaplot, D. S., Yang, Y., Carbonell, J., & Koedinger, K. R. (2016). Data-Driven Automated Induction of Prerequisite Structure
Graphs. International Educational Data Mining Society.

28 Zhu, Y., Cao, X., Bian, Y., & Wu, J. (2014, September). CKGHV: a comprehensive knowledge graph for history visualization.
In IEEE/ACM Joint Conference on Digital Libraries (pp. 437-438). IEEE.

2 Sun, K., Liu, Y., Guo, Z., & Wang, C. (2016). Visualization for Knowledge Graph Based on Education Data. International
Journal of Software and Informatics, 10(3).

30 Zhao, T., Huang, Y., Yang, S., Luo, Y., Feng, J., Wang, Y., ... & Zhu, F. (2019, April). Mathgraph: A knowledge graph for
automatically solving mathematical exercises. In International Conference on Database Systems for Advanced Applications (pp.
760-776). Springer, Cham.
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3 CKGHV & (=E) A#%x%H (GEiR: Zhuetal., 2016)

AN R BB S AL 2016 SEIF K 1 — Xt B0F B FAF 1 ] ML AR &S EduVis
(Sunetal., 2016) 32, T2 ESRiFENZE BELEE, B iFaE 7 — Al

TR, S —AE W DI TR ISR [ R 80 F ok R AT — A
FUP ISR ER BR AR, IR A RENS ALy 5 B 20 B i HE A Se SRS A0 AR 55

31 Zhu, Y., Cao, X., Bian, Y., & Wu, J. (2014, September). CKGHV: a comprehensive knowledge graph for history visualization.
In IEEE/ACM Joint Conference on Digital Libraries (pp. 437-438). IEEE.

32 Sun, K., Liu, Y., Guo, Z., & Wang, C. (2016). Visualization for Knowledge Graph Based on Education Data. International
Journal of Software and Informatics, 10(3).
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THRERER SRR T R ECEE A I FHR BB MathGraph, JRIFR 17— 2T
MathGraph [ 5 ST & FECE B R4 (Zhao et al., 2019) 3. AbATTIA R 7545 5 A0sAs) 2
HEARERE (enfeedigo Bazed LI, JES AR ERE X 0 0F, A Rel
JETRIE R 73R fffi14 MathGraph ¥ T 520 T AR BRI 2K

NN

33 Zhao, T., Huang, Y., Yang, S., Luo, Y., Feng, J., Wang, Y., ... & Zhu, F. (2019, April). Mathgraph: A knowledge graph for

automatically solving mathematical exercises. In International Conference on Database Systems for Advanced Applications (pp.

760-776). Springer, Cham.
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In the complex plane, — % Inactive Edge |

Origin ) i+1 ! zand y are —— Active Edge !
Text complex conjugate of ;—% ; a conjugate HERRR

is located in . i pair [Get Real Part] !
3 Get Real Part Rl Numbar!

v 3 Complex Number Get Imaginary Part O
Parser Get Modulus
} Get Conjugate

Coordinate Positioni

1
O |

__|Operations ! A
! nswer
Structured . [Constraints| ‘ MathGraph ) ) )
Input fnstances F """""""""""""" ‘:

if a1 +ax+b +b=0

O<:O/ i Jare=yErg |
g1 O/ ! |Constraint Set

4

Quadrant I

& 6 £F MathGraph R ET—ES P HFMAGRIZMSE (RiE: Zhao, T. etal., 2019)

MathGraph [P 7 B R E IR W R

(D) FAA =K R A (nEHD  #BENT A (b AR S (B
FEVURP LR R (B x My 50 . FALAR (W at2=b) . AEAY
(I ar2<10) « REAHR (WaeN) ) ;

(2) hEWM: f74E1L (the Derive edge) (CRINM AT GBI R FR, W
“ MRS = M) Fiiil (the Flow edge) (FRRERFEEZIR KR, tLun szt
FRE iz — AR, AR SEEURIN, M4 R A i mescdie, Ak
45 FIR Bl —ANSEHD .

P AT P 2 TR0 1035 SUARATT % (Semantic parser) , K > B SC A BT 2] MathGraph
FHN I RORAESTRE— )7, AT N EFE RG] 7B A0

2.3 ETHEUHEEF AN FIREIEE AR

AR AL LR AR AR 45 A A SRR 1 R B RS AL R T 1 — 2 AR, T
B U ) SC AR ) g2 R P A A O 1) A S E B BE T B AT A A T 2020 R
F ) (Shanmukhaa et al., 20200 34, ARATTIE TSI AE 2R 5 SIARATAL 2 1 0F REAILART PN 25 1)
KRG o Al AT AR R B S S RSOCAR s G e SR N B i 44 SR . SRR
fife ZICHIRIBIMTTH, B G HAF ] Neodj B FEh .

BB AIE 503 BT A A BIF 98 02 38 — VO 3 BT 28 2 ST AT SC AR5 J2 1 Jen 1L F 3 i g 1 5%
77, [FIBTARATTHE H 7 0 T At P v A P e T DRI 8 B P ST A s (10 A 2 R

3 Shanmukhaa, G. S., Nandita, S. K., & Kiran, M. V. K. (2020, March). Construction of Knowledge Graphs for video lectures.
In 2020 6th International Conference on Advanced Computing and Communication Systems (ICACCS) (pp. 127-131). IEEE.
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&, NES5ZT R RRME T RENSEE L.

GO A — B R RRE. — 7, AT S A SN SCTE, AURT R
Jo R AR NG = SGE A B A B, A 25 1 BT RN BOR K P R R () 3 s SO
RSB AR EE L E R W . 53— 7, BT 7 SR A NER B4 &
TR, WHEE 44 1R %18 (Noun phrase) , XAFHEHUH RATSLARA e 4@ T3
B, TEWF TG s R IRIE T “when we”  “before you” 2B A bR S B X
HIwE Can R ED .

situ@on simplé) this
him

polité thing
justiend when (Jourself

eeeee

commoiil Englismbarragsing that

everybody

telephone

7 ENEREWENAELFE ARUREIR B

(3kiE: Construction of Knowledge Graphs for video lectures)
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3 MXBEARERM

AREEEAG T SRR B R R BORIER, RSt FE it SR
KR BRI R . — 5 A R B R EOR BRI, JCH AR SRR 1)
FIREIEMEEOR; 5 HIE 7 AR R I A 5k, dh. BT HA5 B A
FIFTRZ R 5% 3T BiLSTM A CRF HSEAR IR A SRIE  SAR IR BOR K I8 48 br A T
T 2l DX TR) A R] [ & /N 2 BB

3.1 FRENEME SR

3. 1.1 FMBENEHLA

3.1.1.1 MREERENX

SR P ) e AT AR & F A SCHk HR 4K 31 (Rizun, 2019; Ehrlinger & WoB, 2019) 333,
AR, R B 2 — AN G5 R AL I i A7 S A DL R S AR 2 IR AE 55 R 2% (Paulheim,
2017) ¥, ‘EREMSLE ML AR L St SR E B IR R
MR 2020 4F 4 H WA K AR ERE RS (Stanford, 20200 3841, &R e 3R 24
=R R E 7
(1) #rw: BE—LhES ENE - KRRES R, MARER -METET =71
A KR E

(2) ARG BERIAS[F B F RIS, € L —ANAAR,  HAERR F5 S 2 (B A H
SR ) B B R iR Pt

(3) RDF 1 LPG #f 2 &niR Bl 1% B AA 1) fif £ 4% :0. RDF M1 LPG s id 4 i =t 4
R, MK Neodj 3 H T4 LPG 615 BRI SO A% 2T 80 5 b A 1H) 15
T o ATCAE AT Neodj 02— 32 3 (10 f 47 1 1 B 1 1 BT 00Hs J2 S, 7 el T3 mT

35 Rizun, M. (2019). Knowledge graph application in education: a literature review. Acta Universitatis Lodziensis. Folia
Oeconomica, 3(342), 7-19.

3 Ehrlinger, L., & WoB, W. (2016). Towards a Definition of Knowledge Graphs. SEMANTICS (Posters, Demos, SuCCESS), 48,
1-4.

37 Paulheim, H. (2017). Knowledge graph refinement: A survey of approaches and evaluation methods. Semantic web, 8(3),
489-508.

38 CS 520: Knowledge Graphs. (2020). Retrieved 10 December 2020, from https://web.stanford.edu/class/cs520/
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PIE A MAL R, B3 TR AR 2.
3.1.1.2 MMREER

MR FE NS T TR B, R B RS BT 2 i@ Fn IR % (Generic knowledge graphs) F141
AR (Domain knowledge Graph)  (Qingjie et al., 2014) 3%, P X B EAKMZE 1 BT
TNo

x| BAFREIEMEESUEMIREER LR (B, 2020) «©

FCACZ T L o AU T B I R T
JFE G i
KRR IRFE N %
L il N
JiR R R A2 [
INEES Qi1 ExZY PRI FEFEAIR
H 2R i =
HEFE 2% K i)
FR N H
% AR I=FS fi] H

T8 F R E R R, 32 B T S BN ARV A B kAT M A A7 . 5
A Knowledge Vault (Dong et al., 2014) “UFIf 1) Microsoft’s Probase (Wu et al., 2012)
2R o R SEAR R ARIA B T AL, HA SRS REIA R T B T B AR BN
W2, FAR BTSRRI AR R K, IR RIS KA IR S, FERE TS

3 Qingjie, L., Lingyu, X, Jie, Y., Lei, W., Yunlan, X., Suixiang, S., & Yang, L. (2014, September). Research on domain
knowledge graph based on the large scale online knowledge fragment. In 2014 IEEE Workshop on Advanced Research and
Technology in Industry Applications (WARTIA) (pp. 312-315). IEEE.

40 AmAE, (2020). 4TI VR 1 S R R 1) LS 4 SIZAA. Retrieved 10 December 2020, from
https://www.sohu.com/a/280006592 100099320

41 Dong, X., Gabrilovich, E., Heitz, G., Horn, W., Lao, N., Murphy, K., ... & Zhang, W. (2014, August). Knowledge vault: A
web-scale approach to probabilistic knowledge fusion. In Proceedings of the 20th ACM SIGKDD international conference on
Knowledge discovery and data mining (pp. 601-610).

42 Wu, W, Li, H., Wang, H., & Zhu, K. Q. (2012, May). Probase: A probabilistic taxonomy for text understanding.
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(45615 J1 4 Wikipedia B0 B R4, KA 7 AL X AR 7 AR g n). miEH
IR Bl Re A SR A 1) B = 22 IR IR S5, 9140 Google [1) Knowledge Vault K3 S #F T
Google Search 822 51 % 4%, Wolfram Alpha %35 7 Apple Siri i& % BT IR 55 .

AFLIE FH 60 VR S 5 30 A R AR B b SRR VR 2 R U N S DR D I 8 18 7R RN
QUBAE BT MP RN IR, DR b S R R P 1 N R SR AE . H R OR R ) s R R S 32 A R
SEATE R BT L B R A R B 451 U Geonames  (Frontini et al., 2013) 43, 1N T i 2
AU R E N, FR RSP, GnBe s e R R R B AT DAARA O AR I
FHRIR TS L ob B s RN IR B L TR SO AR BT SE (IR & RS, 20200 #.
AHIE T AL A R0 R P B T 2 A R R R

3.1.2 MREEMAET A

IR BB RS s DA SRR ) 75 5K, SR S Ay 7 3294 B3 E1al T (Top-Down)
H A E (Bottom-Up) A —#EEEHITE (ER%, 2019) %,

H b e B 2 7 Vs T A B A R B ORI AR AR JR B AT A A S B
ZJa 8 LA AE B, AN B AR ENE & LR A)Z, R @ AR,
FLUGBE L A AR 1 S A AR TE S, I 5 78 i 44 SIS R I A 9 o5 B i IR S id e X
(R SEAIAF N R R

S AN AHU NITF a2 AR EE Y, B THEORZIR, 3 2R E SRR A K
77 SR AR GAlifiss, 20160 4, dnve 2 AR IEE T H #EH T wikipedia HE4
SRR R B A Dy B s VRt — 2D i R T

BN A 7 vk dE T R D AR A R B e R s A A E R,
e MIEARCT B AR . XM 7 VR SR S AR A AR =, AT DA T T
BN G RIEETIREE . FEM ARG B AN G R RS A AR
GHlE

BEE H S F IRz I8 BRI R 8, B A tAa v 2 sl EE R H B T B 77 Ak
i, 5 Knowledge Vault 1 Microsoft’ s Satori #Sifiit H a6 R A SRR SR R, #mH
ST FrIE e B AR EE (XIS, 20160 4. T E R B R Tk S EAKEE AR 5
B, FERER H S B BN BB 2 J5, R 2 HFHRE N T/ A RLAIK R IRl B L S 5% 2

43 Frontini, F., Del Gratta, R., & Monachini, M. (2013, December). GeoDomainWordNet: Linking the geonames ontology to
WordNet. In Language and Technology Conference (pp. 229-242). Springer, Cham.

MR, & AL (2020). FUSKIRERERT L. THRENLR G, 29(6), 1-12.

LA (2019). FHRER Jrik. StESRA. JbE B TR

O g, by, B, NBE, & ZRE. (2016). AR EEHEEARLGE. THENIIER S RE, 53(3), 582.

XN, A, Bk, XIBE, & L. (2016). HREWAEERLE. TSN SRR, 53(3), 582.
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I R B, R I R P
3.1.3 fMEENEMMEIRT

ARG AR B A i AR T . R B NN AR R Sk dh
HY (Entity extraction) + X ZRH#HHL (Relation extraction)  HIUH ETE A7 g A 2

3.1.3.1 MiRERE

FRIRBLIEA R RN R B RS B 20 . FESR B TR B 7 VA g R B AR
o, IR B ) 2R R LS T AR LZE  (Knowledge Schema) 5482 . MR H N
BT EA B R RS AN U . B R AR B 1 AR A A (Ontology)
A H AR TP AR B FREE R o 1A 2 R AR A 2 A AN STV A 28] 1) 5451 K
i o

3.1.3.2 L{HHER

SCRHEGR R B3k, RS N T NG A, g AEEg 13
P BUE BT o XA SR A AR ] A 3R AR IR SE A ?

X T AN R Y (R HA YA AN TR SRR U7 v o 2 B DTSR I A A A KR, AT
DIREUE TR 1 /7% (Pattern-based method) FHEUAIVRSEAR, &1 X B R4 45 501H X FE
[P gE g AL B R, T DR TTAL #E (Web page processing) F 77k % SCARIX K AE
gE MR ) 75 B K FH Ay 44 SEAR 1R 71 (Named Entity Recognition, NER) ) 777% (Yan et al.,
2018; ERAT, 2019) 0, A[RIEHEIT L0 B 1) SLARF I RIS 2 B .

® 2 NEIHIRRES MBS HEUT A

BAE IR A=A BERERARE A
Hs R LRI A FRLE A

WIRES HEF AR T ik W4 L Ak 3 i 44 SEAR IR
IR A EL AT 3 AN AT 3R
NILERE AN AN 2 i
AT i v IR AT 45 B+ 3CA

48 Yan, J., Wang, C., Cheng, W., Gao, M., & Zhou, A. (2018). A retrospective of knowledge graphs. Frontiers of Computer
Science, 12(1), 55-74.
Y ERA, WA, & BRI, (2019). ANRERE: U5k, SEERE M. dbR B Tl
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gl

S =i T o Hh S

P AHIE 503 T SOAR AT SR, PRI AR 4 H i A 28 7 SCAS H T S R 1) R 2
fiti: A4 LIRS

i 4 SRR BITE SR e s R, R IR R A TG E LR,
A N G 2H SRS ) R 2 R A RIS B X e BB AR A i 44 S (Named
Entity, NE) &

iy 4 SEAR U ) R Gd — e R R, IR S TR R AR 2, EERR T
=SROTEMTRRR . SR OTEIRAER— MR R, TR TS R EEA NS, )
I H B SO B AT IR B A T

(1) FETH A S 7] S

BTN DA K 17 BB 77 1 e A 51 N B NER H 1) 25

FEN TR GRSV, A5 REMN, 8K H bR AR5 R0 VTR R S 44
UfE 1991 4F Rau #2117 B R EIEIFEE TN TS AN )77 Ee % 5 sh Akt 5 A 7=
SRR BN E ik B B R R, e I A R E KRR A WA
PR, RS s UGB T e 2, [F— O U TEAS R b R 2 KA T4,
AT 25 R0 P SEAR S B O 1R R BB R T e 5 6 o

T 5 R NATT R B T3] S F SEAA e EORCR: b g 55 I B 0 — 8, ) [ 2 SUTR L 3
%, TR ERR BB, A ST Y15y . (HRAZ T VA BRI R BR 1
B R Be IR R S AR B S4BT 288 SCA T B IR AL

(2) FETHLEZF AR

A 320 0 SEAR B T 1 2 — i B T B S ST LA 2 ST HoR . X Rl T vk sk
PR AT 55 5 N P FURRIEAT 55 o 1250325 75 BT T2 38 KRR H 45 TE L P R A SO A i b
% (AMZCTF RN , HLEs5 2] B AR AR X L OA bRy I SCAREHR 5% 21 S0 hn
R, BRSSO AR SRR AR S AT 0 2K X PN OT VR E A0 T 1 NER
FEZ—, HFEEEIIRES JH ARG GRS EVF 2 NER A5 HHUS RIFR8UR.

X ST RRE R FR 25 T 54 BIO. BIOES Wi L9 MIbRVER R . Hrp B AUR ST
TR, I RREERN TR, O XRIESLE 7R/, B RRLETFRNLGRE, S RRED
FLRFRIN S . T BIO FRyEAR Z BT T8 A O S T2 R EL, 7E BIO AR R, 1 “ /i
EACHINYE R UWE 7 B 2 A 387 mdsiE 45 R AT ey “B-PER, I-PER, O, B-ORG,
I-ORG, I-ORG, I-ORG, I-ORG, I-ORG, O, O, O, B-ORG, I-ORG, I-ORG, I-ORG, 0,0, 0" .

FAM R NER T2 HIbLes 2 I BAVA VT2 o infa /R v KA (HMMD A FNJ5[18])
%ABEHLY (Conditional random field, CRF) (355i/K (Finkel) %5 A[19]) . M CRF &
T I Tk —, #E 2 HUSH BHE R SCF IR A (Leaman et al., 2015) ORI A S sk

i

50 Leaman, R., Wei, C. H., & Lu, Z. (2015). tmChem: a high performance approach for chemical named entity recognition and

22



HAfES: (Han et al., 2013) S,

SR, ZITEETG T — A AR BRSSP A 5 R R E A T 5K,
T BRIV T ARG 2 AL B AT TR B IR 1] o (R A At St A > A5U3BORN S AR 73 ol S ST B b R TR A
LSS ISR, AR BRI . T84 andef D2 8 KL h 3 shih 2= > 2 Re e
J1IX 53 SEAR 5 R SSAR IR AR Y 1 g 12 SIS K BT 0] o Rt R SR Y T IR s
PRAERLEE I fF 775 (Whitelaw et al., 2008) 52, A HFFLE BIN T — L5 LA 2% 2 B
A, WXIEE N[2075 K 3548 (K-nearest neighbors, KNN) 7328 5 CRF #iHIALE 4, TR
% 38 3 — A 2 B B HE 28 O R S = AN SR B R AN AT B R . R, R )
(transfer learning) 4 FH A9 /D AN [F] 958 18 KL EE BIFRVE TAE (Panetal. [21]) .

(3) BT HHER 2% (RIRBE 2 S HR

HAl, 55— F170 3 NER iR EGE TR E 7 I8 (Lample et al., 2016) . H
TR X 4% (R P o SR RATH AT NER AR5 AN E P FUARIEAESS o AR A0 2 W] BLIE
2 2% (Neural Network) 2% > B TR HROS BIAE FH I B8 2 4 RFAE, AT REA 5471
LI

Sia gl a IR AR, BT IR Y I HOR I NER 2D 2 g a) )=,
Il CRF fE M=, XA B A ML WA AF ) CRF JZRAZ 422 X 4% i tH (1) 45
B o Bl teEs B AR g A O IR) K A 1017 X 4 - 2544 BE L3 (BiLSTM-CRF) (Huang
etal.,, 2015) >4, HFAHLE M 245-25FBENL%) (CNN-CRF)  (Huang et al., 2015) ¥, ¥
ZMz%-S VLY (GRU-CRE)  (FRFE 845, 2016) %%, IR 5452 >] (Feng et
al., 2018) STHIfFIRTTIE

normalization. Journal of cheminformatics, 7(S1), S3.

1 Han, A. L. F., Wong, D. F., & Chao, L. S. (2013, June). Chinese named entity recognition with conditional random fields in the
light of Chinese characteristics. In Intelligent Information Systems Symposium (pp. 57-68). Springer, Berlin, Heidelberg.

52 Whitelaw, C., Kehlenbeck, A., Petrovic, N., & Ungar, L. (2008, October). Web-scale named entity recognition. In Proceedings
of the 17th ACM conference on Information and knowledge management (pp. 123-132).

53 Lample, G., Ballesteros, M., Subramanian, S., Kawakami, K., & Dyer, C. (2016). Neural architectures for named entity
recognition. arXiv preprint arXiv:1603.01360.

4 Huang, Z., Xu, W., & Yu, K. (2015). Bidirectional LSTM-CRF models for sequence tagging. arXiv preprint
arXiv:1508.01991.

33 Huang, Z., Xu, W., & Yu, K. (2015). Bidirectional LSTM-CRF models for sequence tagging. arXiv preprint
arXiv:1508.01991.

6 FhA Sy, WIRAE, ER4RIE, & FEARZ. (2016). BT > (AU S SR AL 1) RS H U 72 SRRHL S LA, 35(1),
53-55.

57 Feng, J., Huang, M., Zhao, L., Yang, Y., & Zhu, X. (2018). Reinforcement learning for relation classification from noisy
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3.1.3.3 X E&ME

KARMELT) H R stk RS E R, RIRERE R seik 2 (a3 sk. 1 Bl
BRI R ZIuR R, AR MPICR, REER<EK, KR, SLE>=tH. %
AT OB ) R . eI A3 = e e ?

K FR AR NS TR 77 V546, B89l N T AR GehLas 5 SRR L 2]
P77 . BeAh, FFloe ZHL Copen relation extraction, ORE) 0] DAZE A A T W B A 1510
TGN =TIt MR A EONRR RO RAEIHESE . B AT E 2 RIEECR R 3
TNo

& 3 HATEZMXRMEEA

ik TR A5 1% R WRE] FRBCRAHR
(ORE)
5275 F B A B A MBI o
RS [A] SCARRR SCARRFAIE e 4 2 (A RFAIE SCARFIE
NILERE AN i i 2 AN
WSERE R A& L ES L ES i 2 AN
iR <5 = = {[iS
FEIEES Sk % H =

(1) ZETHAR

FET AR ) 77252 N 90 5 A s A AR PR sk e vh 1 ) - @ AT DL IO SE AR O R o B
WREZH WM, — P, J—MRE G, X B EARTSE — 15 G 5 7732,
RN T M A) ISR, ARIE IR PETIUE X A)F B¢ RIEHGHN] . X Pk RA B
e, LB SA PRI, —J7 2 F 2N T8 XV 2 RS HE IR & 1) 7 a5 R (R ]
MR 75 ZEAGAR I E & RN RS T P HR DU R AU AR, 8 Lo H—JrmET
TR R T VE AT IR AR, T0E SRR E LA B 325 2 FF 1 B IRE 5 FIO0A .

() ETERENBZEINREZEIRTE

T WA 22 2 W 5 V2 W Ak ¢ RAR BT 55 U 1E R R 7325114 (Nadeau & Sekine,
2007) SHEATACFE . ARG TTIERTIE PSR R &R, B 0ER AT R RbniE, @

data. arXiv preprint arXiv:1808.08013.
38 Nadeau, D., & Sckine, S. (2007). A survey of named entity recognition and classification. Lingvisticae Investigationes, 30(1),
3-26.
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iy gs CAnAhE DI i KRR (Ratnaparkhi, 1996) . B L& A12% (Collins & Duffy,
2002) 0. ZEPEXSHL (Knoke etal., 19800 ©'4%) =7 I U RHZE o (U SCARHIE . MR A4 A o
W PE T, A B¢ R A BT vk — 40 O T B T AR IR O R Hl B (feature based
extraction) FIFEF A% (kernel based extraction) (XFLAEE, 2007) 2, AW EHIKA
TR T T R R B HER I . 1A B A R EREIRE IR, AR A
X 1 o K] I 2 5 7BF (Carlson et al.,2010; Liwei et al., 2013 )34, J5 i Bf (Zhang & Zhou, 2000)
SSFRIITVEB B 51 N B9k R A ELH

(3) & T 5 WEBHIFFHR R T

5 458 1) 5% 22 4l B 2R G A P B B o~ M B I D7V R L DA i USROG &Ry 14
I LA SINZRERAE TN o SR TSR IGX 645 20T T~ 52w B H B AR L &5 7 A 1 2 e ok
A N HER o [RIHGRIE 78 38 0 T IX AR 08 1R AR 2T T8O R 777 . i HH Banko
HT —MEBE (self-supervised) RS TextRunner, ‘& HEWETEBA TN L NI
N AERLEE PR IUR SR R L], AR A B B S — MR RIE R R 2 S
AIE B3 R i P ok RS, Al MRS B ATH B G R IEIERR o I AP 7 VAR T TR TR 45K
(120 R AR 1 R B ROUR
3.1.3.4 MINEEFH

H Al BT B R R A2 A, K2 H R B 3 S A SR T . A A
MBI EE & R R, MHEA—EBRGR —MEEE, Rt ARBFER, Tk
AR Fd R RS A AR o AR EIX BA B AP 0 2

(1) T 50 R A B e 1) P 2 e e

9 Ratnaparkhi, A. (1996). A maximum entropy model for part-of-speech tagging. In Conference on empirical methods in natural
language processing.

% Collins, M., & Duffy, N. (2002, July). New ranking algorithms for parsing and tagging: Kernels over discrete structures, and
the voted perceptron. In Proceedings of the 40th Annual Meeting of the Association for Computational Linguistics (pp. 263-270).
1 Knoke, D., Burke, P. J., & Burke, P. J. (1980). Log-linear models (Vol. 20). Sage.

2 XTI, T, M, & T (2007). HE TR AR SOCR B MIAR S KIL. THENET TS KE, 44(8), 1406-1411
63 Carlson, A., Betteridge, J., Wang, R. C., Hruschka Jr, E. R., & Mitchell, T. M. (2010, February). Coupled semi-supervised
learning for information extraction. In Proceedings of the third ACM international conference on Web search and data mining (pp.
101-110).

% Liwei, C., Yansong, F., & Dongyan, Z. (2013). Extracting relations from the web via weakly supervised learning. Journal of
Computer Research and Development, 50(9), 1825.

65 Zhang, Y., & Zhou, J. (2000, October). A trainable method for extracting Chinese entity names and their relations. In Second
Chinese Language Processing Workshop (pp. 66-72).
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RGHR 2B EE L RS (RDBMS) A TAHE AL AL S 2 AE R sm K T A, &
FEAH . AR BRI Kode A B R AR AR bR . V2 PRI P 2 ok R TR
3 B SEE . 4 G-shore. Filament %% .

(2) FET = o B E =

FE B R o5 B g — HEZE N IR AR HE 22 (resource description framework,
RDF) . i@id RDF fif /7501 B 3% — M5 T W3C 1) RDF 45k LA & SPARQL #5ifk. 7E RDF
fikr, B NE LR R SRR R<EIE, 8, ®iE>. m—4 RDF B #EE
e MRE=JTCHRES . A2 EEEFEZ UL RDF = o A8 U 5is 1,
AllegroGraph. Neo4j. DEX. Sones. HyperGraphDB %,

3.2 FiiRPRANEMEE

3.2.1 ETEHEEMAGBNFNAEZEE X

3.2.1.1 AtARAETEEEMEAEOFRIZSIREL?

AW FUR I EAR AN 2 A 0 B 1A P2 308 S R A 24 SOl P i FHiRsE . T
AL AR RIE T A FHEAC IR AE, WRERABORIAENE, PRIk nT BT
TR I R SR R B 317 (unkown words) T2 % FER A —Fh R 115 B R i #Tial
FEYRFLIEXS SCASL AT W 1) i 44 SEARR A

3.2.1. 2 FMaZ R AR T/ERIE

BT BAT B RS B IR A2 A B B B2 B Matrix67 $E Y (Matrix67, 2012) ¢,
KPS A5 210, TG B AT LURAEPIAS h 307 2 [ B N R E & B2, 2 A R mT LR
AR A AN E FHEE o T THDO I P SR 2R AT FAAR R

B (Mutual Information) KAE 73k Y 15 B JE X3k 5 — 15 B X BIAH & I
/b, W] BLEEAS B AT LRAE AN AR B (A MR L, ] g SOA XS BRAIE Y 26 1F
T X BME R B ZE. A EERBR, Wi X 5 Y ZEpREERZBERL, X5
Y A FA AT REPE K (Stanford, 20090 7. FAZEIFHE AR (3-1) iR,

()= - £ (3-1)

o HIRRIACHIAE 2B S 22 2T SNS ISCARE 23 | Matrix67: The Aha Moments. (2012). Retrieved 27 April 2021,
from http://www.matrix67.com/blog/archives/5044

67 Mutual information. Retrieved 27 April 2021, from
https://nlp.stanford.edu/IR-book/html/htmledition/mutual-information-1.html
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F A4 (Information Entropy) A& 48—/ Mgk ia] /2 45 WA S R, RE6% I Ml fok 126 1) 22
BEHAEFEENALAER FEERE, 2017) 9, ik i /)4 Ao, U035 Be ik 17 B i
FE B, N DMSLETE R E R AR E AT

()=- C 1)y 20 1) i (3-2)

3.2.1.3 AAMRFINALAET EEERMAGBHFNAZEEL?

AHFEHE H BAS SR A 0 B R 2 R EA S DU AN PR

(1) B Zed M jieba flik4T vh 431 s

(2) FHEAS B LA 3T 5

W AH 20 531 4 SR A A AR o g de i i A7 B

(3) i 7 HIERB (Trie B FEAE AR A ST HRIAN

% H Trie MHAigAF— @K ER A B, H n-gram P HIA & Trie # . Trie AR5 55040 4%
£ AR R 3 R/ s BT 1 U PR TRV AE SCAC H H IR A

(4) 6 H A R YRS 1 i &5

(5) HUMEZ i = 19 N AN L 18R A #inl s

FEAL R EEZ 8 AR SR, T AN ZRE S s AR R o R SGH, I “Ru” “iy
W7 ARG R FNRSEAR R E S, BRIHRT 2 &R AL A] ) 77 ZAORH2 9 45 SR kAT 2 58
T AR T 75 1) B 47 P SEAA TR0 250R

3.2.2 ETF BILSTM-CRF & SL{RiR R & %

3.2.2.1 AH+4fFER BiLSTM-CRF?

AHIE T 7R AT AR B SCAR R I 25— AN RERE R A L 2808 sl TR S AR F A5
M (model) , JEZRIA] N HZAAY B B0 iR ) oAty B AR SCAH B AR SEAK

T4y 44 SR 1R 51 (Named Entity Recognition, NER) {155, JET#h& M4 i) 575 dE
WIMAT S . — 444 (Bi-directional Long Short-Term Memory, BiLSTM) & 2% EBEHL
% (Conditional Random Field, CRF) ] NER B EA RAFHIESS 5ERRACR, Hh BILSTM
A CRF AR A E [ 2, LR #FR BILSTM-CRF SR PRI H . A TH A A 24
BiLSTM-CRF [ L 53 S AEAHH 58 Hh i 52 A

3.2.2.2 BiLSTM-CRF T{E/&1E

LA IR o, &2 — D EdEEE, Kb S8 CREdE, — SR bRsE.

08 AEBRILT 7 A5 B AN IS B HTRZAE. (2017). Retrieved 27 April 2021, from
https://zhuanlan.zhihu.com/p/25499358
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HSCARRRZE I H O BIO 8¢ BIOES [AriF 7 :0. AWFFMH T BIO ftsiE X, HA B
HT =AM FRF, AR T — DR R 255 DL 4 R4, O Frid AL
AR WK BIN TR E” X R FR{E T 5125 OBIIOBIIL.

BiLSTM-CRF [ N2 il [l B B P A7 ) &, i 2 B A 6] 7 i 8720 B AR 2 7

y. HIFEFINA S:
PP 99

CRFE

IR

> >
LSTM LSTM ISTM [g | LSTM ] [ LSTM

8 BILSTM-CRF #&8! ;=&

ty
R
Hy

TN REERRT LSTM #56. LSTM Btk i) BILSTM JZ B & CRF ZE47 IR B 30 .

(1) LSTM #& BT

LSTM (KA HAIEHZM 4%, Long-Short Term Memory) & —FU4EE R RNN #14 #t,
B A L R BENS AL R — PP IR (B8 VA 2 I 4% . LSTM ML G R T RNN (1A ] A1
TEFEARPE R iF) @, B LSTM S oG REX A (8 Bz iR 2545 B AT KL 12 . LSTM #h&
JCIERENE FigAT, RAMRDMEHEMETIES, FIRE 7 KEERE B

HARKYL, 5> LSTM S TAEEEEZ I T B, AT RNN, LSTM Honlyibhhig
7 —AefZ 8o M=ANTIERAE AR R RS, 4 08%i AT  (Input Gate) Fl%)
17 (Output Gate) , PLRFFMIZEMEEI]T  (Forget Gate) ; HA M HIIhRe 2
ETRAEE, BEE B EEE] N — LSTM Hyofl N —if (e G ESE, 2020) ¢, 1 LSTM
BTy

W, MR, & X (2020). 2T BERT-BiLSTM-CRF A7 ff i Sesg il Al ML RGN, 29(7), 48-55.
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“L®
I
a
he—1 |
—
.
Xy
9LSTM Bt TiEREE
(2) BILSTM &
[ Yro] Ywo] [ Yra] Uba] [ Yr2] Vb2| [ Vs3] Vbs] [ Vra] Vbs]
Backward )47
Forward
Lo lwo] Lealw] [eolw] [alw] [clw]

10 BILSTM ET{E=ER

BiLSTM JZ % N\ 91 [n) 87 A a8, H tH & — H 1 B R0 B2 PR 28 1R 23 4
(Emission score) o 1% HNA BT, BILSTM ¥ A% H & 0.4 (B), 1.9 (1), 0.008 (O).
LSt L& 1T A BB B R0 BN AR ZE , (EAR AR IR B BOR A RIR I, DRI L 43 4
LN T] CRF B ATHIE .
(3) CRF 2
CRF J& NER HAj LM AR, &l Lafferty’®%5: A (2001) B IRIEH, # McCallum
(McCallum, 2003) 7'f£ 2003 4EN FH7E T NER 414541, CRF fefE4 & —HMNFH) X 1
AR T A Y PRAEEER A, ERAAE TR DO — AN B AR 1] AR R
AFE RN LR BN SCRHEE R, BRI A5 S AP 5N AT S 2 T &2
IR -
7£ BILSTM-CRF #%rf, CRF 2% BiLSTM JZ ) Emission score 1EJ95I N,  FE440 Hi i

0 Lafferty, J., McCallum, A., & Pereira, F. C. (2001). Conditional random fields: Probabilistic models for segmenting and
labeling sequence data.

T McCallum, A., & Li, W. (2003). Early results for named entity recognition with conditional random fields, feature induction
and web-enhanced lexicons.
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AEAZ T B A B2 AR IR B K RT RE K I AR 26 172 81

CRFE
N N
START | 0.1 0.005 0.09 0.01 0.005
B 0.07 0.25 0.15 0.29 0.55
[ 0.9 0.55 0.25 0.05 0.15
0 0.02 0.145 0.5 0.6 0.27
END 0 0.05 0.01 0.05 0.025

11 CRF BEL{EREE

CRF JZ [ F bR 2 A B A0 1 — S8 A SOR B DR AR RS TIN (K0 R, B2 AL E LW, W
“CIFH DTSR IZZ B 8 O, MAR1” , AXEHHNART, TR
PREE TS 50 R 45 21 BE AT R b 2 T

3.2.2.3 AR HIIALIL?

HVFZ Github T H C4 523 7 UIZRERY L oy AR DU SRR RS R T e 11, ASHIT e 4
7 luopeixiang TT#RH Github I H (luopeixiang, 2019) 72147 BILSTM-CRF SZAAR ) H 4Y
IR, PRAE S

3. 2.3 AFARIRE ISR

X TR FC A = 48 A oKk VE Al iy 42 S AR A I SRR T R R, a2 HE R R
(Precision, P) , BIiF&EWFERFIE NG (TP+FP) WA Z KLl 2B (TP) ;

72 luopeixiang/named_entity recognition. (2019). Retrieved 1 May 2021, from
https://github.com/luopeixiang/named_entity recognition
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HFZ (Recall, R) , BRHFEAENREFFARHS (TP+FN) F g Filxt 7 (TP) L4,
F {8 (F-score, F) , BITHSUERAFAIG BIRF AT, HLIgEE % B HER R A [
Ko HFEAXS AU

=— X (3-3)

= — A (3-4)
2

=2 X (3-5)

W= AR 0.75, BIBIIGR T BER, 25= e R 0.8 TR I
e

3.2. 4 EFEsXEfMamEmEn/h b oIEx

3.2.4.1 AHAFEEHITITSE?

NZRAEXS R SR ) 50 2 i I A o 3 AR 2 15 R 45, IR T SCAR A 2L 214,
e S B B SCA R B SEARBEAT R ROE R — R T REM T ¥k HELEIN AR ZHA S
HA MRS (eI OIS, SR A — 5 8 TN 2 TR ] e 4% X
RIEERR N “ 55— “EB T 45D, BIRAH TSR — M B sk T 20 SO
SRBEAT /N ], SIS IR R T R Al

3.2.4.2 NS RIGENTIERE

PAAE: 12 S5L88 FR BIT 9 2 X0 280 AL AR 45 1) 1 1 30 A 2 I 3 A S e A 73 Bt (Lecture
Segmentation 5% Lecture Fragmentation) [ /4. fEid %, ETLIUTH (PPT) XEZEAR
FRAI B W BEABIE S A R, FRATTRT ASRAG AR T £ I e, (HEVFZ BT, o
JE A —E AL T PPT B WA 18 H PPT, Af WA TR {5 B /N1 40 B0 071 R BRAE RO
M T, #EPEANREVE AL (Lecture video transcripts) 1R 2% 25 Ml 5 56 SUAR AR

(ASR) WA, 1 HiEPRLs s 7 EBAMNEH G S, BUE T PPT. F3H4,
Xt AR 3 H R RGN RS S (Galanopoulos & Mezaris, 2019) 7, FEEH ARSI, W
BTG S PFIMAE B Wi SASCARRHE AT A # . B et st i 1
W 270, (BT EKE ChRC s s, M BARAE #6677

NP AN ] @, 9T 3 Damianos Galanopoulos F1 Vasileios Mezaris (2019) $gfit | —

73 Galanopoulos, D., & Mezaris, V. (2019, January). Temporal lecture video fragmentation using word embeddings. In
International Conference on Multimedia Modeling (pp. 254-265). Springer, Cham.
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ANFE B ARG 777 (Galanopoulos & Mezaris, 2019) 74, AihAlT R DL WFSCASIE % A #4
Bl AEBIINZRE S A (40 Bert —2RIE S A 0 STAH A Q0 1) AU I 7%,
N R 1 S SCAE R AR R /NS ) ) f o 3N T VAR S 1 LA R R, T HL
O N HAE 7 — St b, 0 4 1) AR LA BT R VideoLectures. NET5 45,
FH T A 5 10) T g S [F) A s = KRS s 4, DR AT 52 2 X b B2 R o SR
SRR /N 4 I

e 43 yaEEEL

12 Damianos Galanopoulos #1 Vasileios Mezaris B 3THEZSS

(38 (Temporal Lecture Video Fragmentation using Word Embeddings) )

AT T 2 ARAS 73 BN A5 R AR a0 b B TR

AR A ASR H AR AR H % 5 tHIEPE SCAR o IR, IR S S FH SRR = X
MISCAZL R (Cue extraction) , IXEEZRZ 2 JFUIA ARG B AR BORTE . IXEEA R 2 55
HIREAE, e AR s HhE T SORIAR AN o A ATRORF TS8R AL T PRI A R 2R R 3R
Wik. H—MIniER~RS% T Ui et a7t TAE, A4 %35 (Noun Phrases) 1
NEZFATIIN G E); 5 AR ET BHLMII R R4t (an ad-hoc video search system)
RISCAR S T AN SCAR SRR EAT 1 36 =00, BRI =M, A STRTHEFRR
ANl TR R P AR AN [ R 5 ik 1 2 2 (R R R B 2R R . BJm s T e AN
RS, BIEFAL T T I Bl B 77 R R DA A B TR 5, X e e T iR
LRI TR BB

3.2. 4.3 EARMRPUAEIIXPDFE?

BTN BB TARR AR A BRI KM S HNE, A AEESE TR EshE N
FRASKPEAS I HEAT A B (R 53, 3R RO ASHIE FE /N5 00 B S 1) AR I B AT VRS Ar
4.

T B0 B FUR B B 50 (R s A O BRSOt i D9 SCAS P B & 70 31 (R 8] 1
Mo LAEFERGUTR: B, DRRESKIE DESCR ERE), HIR, EHHIR SR 5,
XHEEAS T I R RN R SR, IR SR O R R S MR SR T 2 i (A &, %R 1A BT R

" Galanopoulos, D., & Mezaris, V. (2019, January). Temporal lecture video fragmentation using word embeddings. In
International Conference on Multimedia Modeling (pp. 254-265). Springer, Cham.

5 new-MOVING-lecture-video-fragmentation-technologies-in-videolectures-net-platform. (2019). Retrieved 9 May 2021, from
http://moving-project.eu/2019/01/21/new-moving-lecture-video-fragmentation-technologies-in-videolectures-net-platform/
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Word2vec #EATHRAE; 8=, FITFE R — SURAHSEPE AN G 1 8- 35 0] m) EARLRE, FFR A
PR y, Wy ARGEPIAAEAR & L I8 KA 7 8. S fm, AIEH y BIEHER I35 — S il
2 (D, XA B SR B A 8 E 9ISy T I s R LA FRR A HR
Bl T SR R R E 1Y, X val RJRTBI/AME, BREASXT RLH p 4E, 1%
R T B A I TR R I PR A 2 N2 R T B ST R V(R IEEAEL, TUAZR A BRIVR N -

= ( 1= )+ ( 2 — ) :—lit(3-6)

Iy RAL T LR E N (B QB3 B 1P RR SR IR SCRRE S, AT BOE BIME
HlE= RFgEm I, RIAPRZ s O AN 73 81
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4 FRRIEIT

AT FC CAFCEA I S B SCAE AR B, Bt IR SEal 7 — BT B ARE 5 b
BoR KM TERESE . giitas, MDA R AR B - By . Aagt 17t
FCR AR BRI, BE D VR TR R TS AR, B T A R
FIHIARHELE

4.1 xR BirRE B

AWFFUR) EE B bR, W IFSEIl— B RR G B 2y 5. 107 IR E AR
R ARG R A R, MR 2T Gevh 2 AR TR i 5 2R 5 A B RO R 4Z 4
AL, AT B SR I AT 2 BRI . I A T (EoE R
URRE A AL AT 7w 81

Y& H AT RTRE BRI 1 TSSO, ST FUARE B AN O R SCERAR PN A S R R R P
it RS AR B e AR P SCRRE N B RR RS B T, Bedh, XTI
B T2 2 A 22 3 P A R R B OB 7T A

AR B R 7 R =A L E A br-

(1) BEWSIE RWOZ A i o IO FHRIA &R, SRR . TR iR
BESZ ARG R

(2) it I SEILRA AR AR B R 7 58, BRI N DU = X (MM
DB AR SRR AL S (X N T REAR AT T8 A, i 25 B e RS AR P B 2 A

(3) BEMG LM F Al A Fr I DS SO, N 2 A SR N A S /1L i
Hm e ndte BN P RER B RN T A RS 3 B 2 A= IR 22 N 2 S8 35 FHiRGS
IR S VE R SE: NH T BOT B E R R AR RO R B RIF R IRIE T, SR
AR, MEhECAEHERATH A E . 2R E . BRI RRR R A
i ORBEATILES, oSk BN &4k & F R R T %

FERE T A AR EERY B, 256 O 1 SCIREEAE, B 7E BN 13 B
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FHREERY
BRIt
g
any ¥ * Y
o ok AR SRR RERE FnREREEER
|z . ED%%’?K@\}U — 57 m— s S
SURIERIT &t igit B EIIET
#ng=
Lecture
1
MEZEHTE
HIRESFEIMEIEEEE Y
Video ' Transcript
Y I
iR HELARS INBHE EREE
SLiite Named entity Lecture |  Relation
QE recognition Fragmentation identification
B A
L] #ETEA
PSRRI
e LA ZERER, 28,
AMREEEEN AT L2

B 13 FLREIEF B R s RigitE

2B FREE AR BT A FORRH B i N AT E R i _EARSS S BRI
WA, BRI RIR S RUR, B IR RE A REE B BRSO
SR P 1) SR S 2 T R 9% 2R

B0 BEEALE R KRBT R R ORI T RS AR, R AR E SOR
BORTAFIAN CEBD HISCARIE S, I HAR 820 B sh i iy b B p U SO e 58 A
A AR R

B A SR BT SRR THE B SR BE 7 2 T VN SO B e R AT i 44 5K
RRAIIFAR S, G 2ISEARIA L, SCILRE B SR SCAE e FIR SR L7 5

D SRR RER . 2R O El. SRS T AR R S
JHESS VST /N 08, 3B R AN HISCAS, SEELRENS R SCA /NS
DEIMREF, NRREEMAER, QRRER, 4EORMEFINNTAHE, KAZETMU
WU 3592068 55 = 2045 B R TR AR AT SEAR SC R P, 49 B SR T (1 5R 4% 5

B FREREAE A S T 2 BT . FIH Python #2740 bk Sk fi AT stk 2

35



(1) 5% bt 77 51 Neodj FIKHRZE T, I AT HAL S TL.
4.2 HEHFRIFIT

AFEIE S ok S O L 82 IS RN S e L Wl N6 LB L5 4 AN 2 S LN AV
Wity SRR RIEFEWE . ARG A S T R BB

4.2.1 BBt

BEAT AR B RS R 02 B BT T8 B SRR B R i SEAR L SRR SC R, X T
FORE KR B o T S AR KR SR, IR A SR R, BRI
1) FHREEHER

BT AR T B brsg W SCAIL SRR 2 AR A R, B TIA e LERTER. Fik
AW FEAE 58 SCRIRSAR 8 43 R F B N BRI 59%, 7558 RMEUIEE 7 SR SR sE k56 &
MEE %=, WK A Ll k.
(2) FmiRsEkE X

FRIEFIER B AR, AHIT FE R A i 0 75 2R AT 6 K Rl b 78 55 SC A Bk o 1) 32 A 1]
o B, AHF T e SURNRSEACOR RE S AL & — 8 & UIA],  FLIXANIA] 75 B2 RE 8 Az A 1%
FIOCHE BABCR, KRN TIGAE . HHAEFZ MRSk Rl R PR B i By
2, RIEE N TARVE O 45 0 i S A
() EHRREX

AW AR (RN R 0 8 T 20 A U AR B, DRI 58 SCS Ak O% R I 75 o e sk
K RMIZE B HEREE %2 o

EHEII, WEHE BN RE M, FEREXIUA: AEFKR, Ei
KR RRKR, BFRR. HPRFPRRAGUERARLRZH 7 EFRNRERN. Aot
EREANERER, LA R AR MRS &R, BIPANA 2 8076 N ZRA0R 122 5L 25 01
KRR R

g b, ARFRE CSERR R NEE KRR T RARUSER KR =M A8 E %=
IR AR

4.2.2 AR
A TR K 5 A A VY25
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\ ; W kEEs FEERILA e
: : EERFFSFOAR MNFICE ESiETER
/ 1#@&"1&% miEEe ] stk /: SANERIE

14 HERLIBRIZRITE

0, il PSS ORI TR B B AT s, SRS B R R
FEOR mpa SO

WOB, e, KHM G WA TAE & BRI 5 XU TR AT %, ¥ mp4 SCfF BA%
FIMAMEL TAEG £, TAE G B30 A BUs BT SOA

W08, WHAREIE S SUARTRIE, ARG AT -SSR IE TR, R IR %
BHRIIAE, DUORIESCAREER i &, I8/ 5 SCARIL K srt X, a8 B A
19 /> 8 FE s

S0, EYE, BRI xIsx A& ST IT, BRI i S AT [H] X 280
KIER, 1FBASCAR ORISR

4.2.3 aBASEAIRFNIRIT

i 44 SEAR TR 2 AR PV AL o R S AT, AT A\ S 2 i i A PR S B SO
03, Ayt A2 F Rs e A R F) R R S AR 2Rt AR

AT TR R G 1) i 44 SEARFRONRIR SRR, TXRE R RN R SEAARIE 5 D — ] B 4 15
REFALFTR R AR, Bl “ REHE”

AHIEFE R i 24 SRR 0 o =28, W0 R BT

BiE8-EAE "miSiEE
HAizEEE A

BiLSTM-CRF FmRiEE
LRS! B

15 FIRSHRIR AR IR T E

() B—%: RALREB-EARBKFAZEERCE AT RIRGIAL A;

FMASEAR
HEGEE

SURIRED
BRI
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g . / | ETEEEMNAAE = FhRiEE
/I#EEIZKIBE/ B"]?fﬁﬁj‘%i@%iﬁ ‘7/ ?ﬁﬂ H A /

—AIﬁAiE??I$?§EE4]

16 £ T EREMAABIFNAEZER S E

XTI TR R 55 B A, @ WL A 77 A SCARE % Hp )5 15 31 il
WA

B A BAE B- A AW E R AT 300 ANH0E, FE N D29 a4 T
e, 4B T AR SR FTRBON stopwords.txt (2 FHIAZFRH, AT 2R, HI2IR
73 2 F T 1] KR 43 N RR SR AT 1R AR, Wi ST 1 A RS TR AL
(2) B FET BILSTM-CRF SEARFIEEYI Zhdn 2 LRI R F KRB AR E L B

\ ‘ BIOSZA hlsee BiLSTM-CRF ARIRIEE
/ W AR /L’ F jFE Wy SCERIRE B

17 ETIHEBF a6 & LR SER it E

I L2544 A 44 ST ST R R SRR 5, e W B VR 2 =1 T vk
I TR 345 1 ] S

BRI SCAHHT BIO SCAFHURRE, A A THHRbRE ARk, 3R I
RS H5 (1 BILSTM-CRF SAA SIS VI ZRUM I (RAT R, B 45 % 70 1 )
75 B RHCIR A b 3 AT S S B
@) B=sh: LARIMNERS

MR
A

rinigs R,
S5 BEE.
FiEtes

HhRiEE
B

B 18 SEARIRRIMIRACI &I E

BRI L A, T B, i AR S B St =AA i, TFRAER R, HRIE FEIFEAT
. = abrdliEid 0.75, MIRRERNIZRT 652, 25 =DM abadm T 0.8 ¥ B 5L
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PR RSCR B, 126 HOCEL T R Sl g ] S S L PR A D O IR B R 53, IR
SORAE T RAE T 5 S i kR T

4.2.4 LR REEEIT

FESARR RIERL AT, AR ay 4 SR RS B RR S, oyt A2 RNIR SR
RZ I IR AR o

AHFCRERIREAR Z B ST R AR P RAMAR KR =K R KIS
SE SC=Rh SR A BT RN, AT B TR 0 5% AR R0
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5.4 FIRENEM#EFRATILENR

AR EIRAG B FIR SR SEAR G R, (A7 A CSV 3. 83 python H ] py2neo
it A7 21 L BUHE i Neodj ', 187 Neodj Community Server [ A1l Al 55 71 T 30 W5 28 A\
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[t CSV 3.

SERACE . %I B python FE/F 5ERK, 4 AR =75 py2neo 2021.1.1 fRAZEAT

LR

% CSVITiH

(5) 5. 18 pandas M CSV LAz BU RN SEAR A ¢ &

(6) 5 —2P: JA3) Neodj HR5s 25 318 F py2neo &z [ “http:/localhost:7474” 5

(D EAHIAH Neodj llt%s, 7 cmd % H %\ neodj.bat console J 5] Neodj il 55 %% ;

(2) f#H py2neo 4% “http://localhost:7474” ;

(7) =20 QT SAIEL;

L BB 6] node 1 Flnode 2, & XHFRZ (label) i Knowledge, & )&
P name R SAR A FR s

(2) ¥7 5556 node 1 Ml node 2 4> HIALA (merge) EIEIH, FEIFREM H AR NE R
FAAEAH FIARAE AN B YR RS 1, B AN A W T A, A AR IE 215 A

(3) FIVIEDBRKZR (node 1, SEHRKZFR, node 2) , FFERLARIEF, FERFAEME H 3
Rl 2 R AEEAH IR GG 1T /il b SRR R, HAAENASHERR, HAAFEN
WK R,

(8) FEVYP: FTHF Neodj PFIER FEidt 47 AT A0 4k 22305
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“http://localhost:7474” Vjj [\ iZEHE .
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> e é‘@wﬁf EJI - FENeodjFIERESE] [ TTHLEN
e S SALES

B 31 FLREEMEFER AL EIURIZE
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6.1.2 ENREIEHELTRIIREB
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