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Review on Application of Knowledge Mapping and Graph Embedding in Personalized Education
ZHANG Xu-Xiang, MA Hua

(College of Information Science and Engineering, Hunan Normal University, Changsha 410081, China)

Abstract: At present, big data regarding education are increasingly growing. How to efficiently and accurately extract
high-value knowledge from the massive data to meet the personalized education needs of learners or educators is a hot
topic worthy of attention in smart education. As a visual analysis technology, knowledge graphs can’ effectively construct
and mine knowledge and the interrelationship between knowledge, which has been successfully applied in many fields.
The introduction of graph embedding technology is beneficial to significantl}!l improve the processing efficiency of
knowledge graphs in the context of big data. To meet the knowledge processing needs of personalized education, this
study first introduces the basic concepts of knowledge graph and gfaph embedding algorithms and then expounds the
triple-based representation learning model from three aspects: vector translation, tensor-based factorization, and neural
network-based representation learning. Then, from the perspective of seven application types, the practical application of
knowledge graph.and graph*erﬁbedding in the field of personalized education is reviewed. Finally, the conclusions are
presented and the direciions of future research are discussed.

Key words: knowledge graph (KG); graph embedding; personalized education; typical applications; review

BEAH 2N HIRBOR IR, R B BEAL R I FHEMERRNEE, MRS HERMRESNHE,
FESI RO — R BH A, MG HE 77 sUEAE A 8 2 A PR PR A B 7 43 R (B TR EL I I
HE G M R A S A, M Bt R ERERFR S 2 2 B, 5 ) E AR A R AR

O BT H: FXARBEEET ETH (62077014); MIFHE2E TR2EP T H B FEDH (18B037); WIFEH HAARHEIE S (2020074440); FH #
A SCH S BFER 5CT 4- E 4r (18YICZH124)
WA ] 2021-05-04; A& BT [A]: 2021-05-28; K FHIR [A]: 2021-07-01; csa 7E£R Hi RIS [A]: 2022-01-24

48 %it+Z7iA Special Issue

© EREERREST  hup/iwww.c-s-a.org.en


http://www.c-s-a.org.cn/1003-3254/8377.html
http://www.c-s-a.org.cn/1003-3254/8377.html
mailto:cas@iscas.ac.cn
http://dx.doi.org/10.15888/j.cnki.csa.008377
http://www.c-s-a.org.cn

20224F #5314 53

http://www.c-s-a.org.cn

i H AR SN A

Hi R B 2 B 7R SR IME R, 15 S RO 5 2] i
FAECL LRI TE. A 2 B I, MR A&
GG 2 F I S ARG 5 5 2 R R AT M AR B A
ST RUCHRRE 7. e B8 4 o R FHAS B R AT A
YA ZCE, (k2 2] Fm R 2), SO E0E U8t 7t
FR) A R T, o4 v AR 0 o B L

5 2] 38 2 ST R R R ), 2 ST R
W RN, 2 FHEZ R FHRADZEH XA
B IRGERTE SKR, I 0 EIR IR 2 2 75 5K, BRI E AN PR
HEBARPE B S B R RZIRA BER.
FESR AR B (knowledge graph)™! 7E1E & FilE 2 > .
I 5 5 HERE 2R 40 A A B Tz R P R T B R
NS A ) SRS R, IR RS K R 5 R
TGN R DL B 45 M) R AT 57 AAAF A, FLAD 25 18 S 2%
K FR N FNHEER S A T Bk, JE w8 v SRE By
SR BL. 1R P A B A R e, B 1R o
ﬁ%%ﬁ‘]ﬁfﬁﬁﬁﬁ; EITIN (graph embedding)™ J&—
Tl 1 50 4t At S DA R AR 2% 1) B ) O AR A R T
LFH g N RN, TR = R G R, 1Y 5
RS

NG 24w BOE S B I <A BT
CRNVA R A48 ), Bk R 22 1) 2 2 I 9T SR AR 3
HE 5 B RS B BT AR B BB
FAR, MMUEE T E & MIE UG R, AL RE
A& 2 21 3 1) 5 2] /3R 5 5 2] R i) 2 W A, T
HitRerEtb B Al B 2 M I A B R S, 1R
B 2] 35 5 S XS TRAN B S R T RN S T L 1)

Zh 4y, AT DA RO ok KU RdE 3 5 R 0K [, ik

— S KR A ] R AR, |

AR SCE e AR A B A B 1
ARSI, SRR, B T A S B R
TE A4k 2R TSR PR T, 9656 B T AR 4T 4
GEAMIT . X AT AR AR R L 2 R
B, GHERE . BETMT E SIS VR4 T i
TR 5 AT 25 7 2. LR, S s A0 IREs ARk
(IR 5 R 2.

1 AR B S B AR
1.1 FRENESERBANERETS

Google T 2012 =42 H Fn iR S M S, A3 2
NTRACTE F 51 R [ (5 S, M P R T R

I FHAREE AN — N2 I, FLAE 2006 F
A SRR T 1B UM (semantic network) AL, I
WERFAE . 583 18 F A R R A B HE 1 i)
BREiE X, B IRIIAMESY (resource description framework,
RDF) # A1 OWL (Web ontology language) Hi /& 2% T
IR H B AR FARE AT B — M R Sk
5] 9% ZR G UM 2%, AR OO — S8 RO R 1) 3R
B3, 41 SUMO. YAGO. Freebase. Wikidata
SRR E T2 SN BR TS AR Sk
STV EYSE3IS I"ﬂ%:gﬁjﬁﬁ?ﬁ'ﬁ%?ﬁ%gﬁiﬁ.

LS P P AR R A A LUAL IR, 5 S
SR LI e G T 2 KR e
(I 4. PR N — ot PR G o v AR 5 T
B Bl S A AR AR 25 1) 2 P I A, DAY I v AR AR 3R ORR
e T BB 5, B DL RN B0 P AR B 1 4 vy B 9 2%
FOTH SRR RN R BEAE T, 1N 48 SR N 3K 1)
AL TS BT AR R AR T BT
U HAB AR 945 B
1.2 ET=nEMRIEF SRR

BT = JuH LA IR, KRR B —
AL A W EE B F S =G Triplet (S3544, X &,
SEAR). FEARTTH, AT A1 3 KRIABAL: T &
PRSI, LT sk A I BALRIRL T b 22 I 45 [ LAY,

A5 RNk 1 TR, \
R0 R R R AR T 2k
FEFE | KRR W%
'TgansE“] RESCAL' SME”
“TransH'™ DistMult”! NTN!
TransR™"" HolE!" MLpL
TransD!'*! SimpleE"! ConvKB!""!
TransA!"” RotatE!"* KBGAN!™

1.2.1 &AL

H M 2013 £ Mikolov 25 AP J2H T Word2Vec
RN B2 DR, 2 o3 A ARk BVE B ok a2 2N
TR, 7218 ) Word2Vec HIREFEH, AATRIL T #k
N Ja ] [ 5 25 ) B — R A R, R T RN
[y ) f 23 0] fa, HOE L ) & T LA R A 1 S R
PE. 523 Word2Vec )3 %, Bordes 2 AP #2H! T TransE
S35, TransE B0 BT A [ SRR 1) 2 i 31— N ik
245 — FRMERFAEZS 8] R, X T8 —A~=J04 Triplet
(h, r,t) #A—A H Ry THESHIN. EZEIZ4

Special Issue % it £k 49

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20224F #5314 3

F bn e 48 H+R=T, i HAETH 5 | B il =t
LR SCR AR, AT B AR 1 k.

F 3 A
\
\
% N %
. 6 L= X]
A o
h t ,< - t.f:
i ’/d F
P N o /
/
b L /
g R
. e == I
Ll L
(a) TransE FLiL R (b) TransH %A

B PR E R AR

Wang %5 N\ 5 S E 7 — A KR, 0T A A 524
Fe XA, £ TransE SESEAL EA5 7 ARALIFR 1

TransH %%, TransE 59543 8 (45 58, 3 T A RS 4A

] FIRE R % R, SLLE VI 200 7 o 0 T T
5. TransH SELAS45 N= TG4 SR B3 R )
BRG] I, (B S PR AR AT 1 360 6 R
WA KA, 5 2RH T TransE SOEEILAMIX 5 %
% KR MBI, Liu 2 A0 th 2% B RAFAE X
5, K S A 15 5 R A 5 T, A KRR — A
5K 2R 2 1A, A5 S A S 1) K 28 2 AT
25, B2 T TransR 3%, Ji AN BRI A FRA
X0, T 96 PRt A [X 3, ety T TransD 3325, 3
a3k FE S s i 53 0 80 B T S, T4 S A
XF 9% & 25 8] SR 34T U 2k, #H ELF TransR, TransD
Wb T SRS S, (7 T

UL SR AE TransE (LR L, 4 R 4T

Pede, T Jia 55NN R 53—Fh A BERAS TransE #EAT. |

AL FFHEH T TransA 5%, FH 5 [KEEES (Mahalanobis
distance) 1 B T 45 s 20 185, AT 3 1 7403
Rt 5 R R A
122 HETakEFERM iR

S B[R 2 R ) T RO TR 30 7 56 T i i PR
Ik, E IR TE T = Te AR 3 Bk, 65—
PITAR 0t i — /9 B, AT T 7 4 A SEAA T I
% F A TR R = 64, FIE i i S04 sk
53 ZR 6 OO T B K T TR 40 R R 0 LR 4
2 .

Nickel 4 AL 7 FF 3 B 25 26 6 0350 46 ) J A
¥, FERIFH rank-d (R 2060 R IX B & — e R 25 1O 1 X3
&, #EHH 7 RESCAL 8k, (HILE B TEMERK

50 T iteZEik Special Issue

MAEE— 2 R PRI, Yang 2 AP BRI T RESCAL fit
FAE LR, $2H T DistMult 532, HESR H bR & HU
() B DA 2R 5o R R, AN B T SV R A, 72
FLNZRa8C R B A By AT R IR . Nickel 55
NPT HolE ik, 7 Sk SEAA R R sk 2 a3k 47
TR M ALY R TR R AR SR 1 B RN R
ST AR CP Ik B, Kazemi 25 AN 3R T
SimpleE &%, HAEH —FinsR AL CP 7532, BIFH
JRIR AR H R I 98 AR 1 CP . Sun 2 NS R
T RotatE 5%, $#2H 7 —Fiese s B3R (rotational
Hadmard product), S5 3 4 {2 Sk 5 R 564 2
(AR5 4 I i

!

|
[
|

e e .. e,

€

"
n

SRS L N

-

123 ST MM AR
T4 R A 0 AT A ST, R
FO I . 25 1 7 27 52 2% (00 I £ PE R BT Bordees
SN T SME B0, A T5E SOk —ANE SITRE
il B K, SR VG o 42 X 28 ) 10 = e 4L T
P, AR R P TB  We S A SR 0 5 55 06 R 2 1]
(IEE R, FFE L 43 B2 2 SR A = 70 4L 0 5 ST AR
A 5 215 ) 1 0 220 TP 46 TR ol 0 1L 2 77 o I
OB LGS X5 2R 55 =TT ALk K, R 3 TR
Socher 25 A" 42 H1 7 NTN &3k, HAFH— ik
B 2R A B4, B K R
T G 25 100 25 T FR T YR 2 P 2 A i O U B
JEi I Fh 0 52 2 S0 R, JE 1338 A B 2 A
i K. Dong 25 NI B T MLP B0k, M5 ST —
PR G, LB 6 RIEEE B8, B Sk
55 BAE N JE R B L 30 10 2 ), 48 0 R 2
Ik A58 S22 S T A7 5459 4. Nguyen 25 AU il A 257

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20224F #5314 531

http://www.c-s-a.org.cn

i H AR SN A

A2 o0 28 SRl 12 R R PR PR TR AR R U S, BR T
ConvKB 5%, fESLHEARL R, & — A =Jedl il — A =17
RS, FERAERE A 2B RZ T, JFR R
BB B — N 8L, BUE RS T B AT
IR A FE R A T = e i LS.

s @

f

<X>

(e]e]elo)Xl )

000 © [ (e]e)e)

' s B

1.3 HhRIEFSJRE

HIRE L SCARE B R EA 2L SRR AE R
ARG R, BT ORI FIR 8 X4 48 = Ju
B —AN R, 2R I SCARE BoR$E = fe.
Xie 25 NPV T TKRL 5k, RS Seik#G T
Ref 2 B SRR, O TR 2 HARRAE KRR,
—ANAN TR ) 2 B R L B AN [F] ) R B H B, Lin 5%
NP e sy — ek R L Z o E 0%, 1
T PtransE HyE. S F—AN=J04H (b, 7, ©), ¥ AR
KREPERE 5 t XA, BRELE— DA

f

T RURIER h A ¢ (2R P A5 MAUY HIRIE. |

B 40 O R 20 2 2 B R TR BRI 00 B, A5 40 R
ThS 2 ABRNAEE, 8 ¢
2 TEANPEA R I L 5

S % B i\ AP0 SR E AT 2
BRI FH, 150 B0 ISP 28 2 16 P (R P
P, ¢ 2 45 th 7R RIS B 5 4. AR SCH A
P 7 O A R 0 5 P
FE . SEIG VIO 4 FRMEA R GEME MRS 4 TR
VA EA RO 2 TAE.
2.1 FHORRE

S SIERE R I BB R R . TUA
F, 3352 AL S ARSI T MR 3ok % AT

M2 B 2 ) B YRR R ARG AN, JF B, KE >
FFAEE T TRIE R A2 B A FRI B &
B SRR R, ABCEE 5T HORAE LA Tt

R2 AT PR 2 B

AMPERH R 57 0 P
% KSR FUAICHL . ARG T
AT SEARIRA . AT . BT

2SI BRAR T ARAFIEE . BT B AT
I ApkHE . FTREEE
e 115 i SR R LI
5 B SN e O

VRO S WICRE, BEHT . BRI

5

Rﬁ%%”%ﬁfﬁ*%%%ﬂﬂﬁ@%&ﬁﬂm
AT R G, 2 FORET BT R 01k 2 22 R (8
SRR R A% 2RI 2 R R R R B 0K
2 RO 5 4 5% 2 1 A T i S R K R,
DAL SR8 72 51 (1025 S R 52 ST A0 HLZ, 1%
PF 0 0 M A A 0005 B A, 3 01 A e
U 5 FE & B HAR S 1k, el B L B
FE 1y 30 e g 20— HR) B 0 3 VR 2K Gk R P 0
B SESTACR . IR, 3 LUK T A
RGO, B0 S B PSR 1 B A 4T

Sun 2 AP 3 5o g e AT L L, ke S A
FR S RVHIR A B R TT S T B i AT e i
B, SCHL T AT G, Y s R,
PRI P 5% 2 o T KL A8 T 7 ke 25 FTARARE 1 LI %
R TIA, R TR 2 102 ) D, 1 )
B, {855 5T 25 S IR (R, % A B A
PR e PR (SR, L, T O R 1 5
S AT T LA ) 5 T8 7, R S 48k 520 40 W7 SR B 4
FE PSR
2.2 EMREE

=R, 2 HTENEA T ARE, 4 a3
JE 08 0 HR S AR, B 2R (R (15 S M 2 L, T
HE L R J7 2R B A 9 B R ok A I £ L
U] 2 A A L ) — R R AL BT R, PP 44
AR 25 1, 125 2R G0 L A A L LR )
N, F R R A2 S R P

X 24 A0 S8 7 R 58 8 S R
SCHL T LA R, 3T HO 8 11035 5 AT o e e o
ol B I R G, 18 T AL SR TS T RLAT I
SR SR 125 S AT SR I A S ik

Special Issue & i%gik 51

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20224F #5314 H3 M

(0 10) R 25 tH A8 58, e T SRR o 1 A SO A A
T SUBARAE B A UL AR B 7 B, P AT 204 e A
5 AR RLEE IR EOR P AL 2 1) L b AU R R L
FREL/N Ho S = 37 RCR 1) S350 IE, (H AR 7T $ 43t
T AT AR B R B R G TAT T R,

B o R R Pl v s o R P SR TR 5 00 R A EOGA
Wi, 247 2 B4R T 3T BILSTM+CNN-CRF )52
AR 0% 5 T SR AR I 1) 22 DR 2R R g A AL il
WU, M 1 N T e s L R . LR AE
HEE . HZE, FE 3 ANMabs ERHEARIAE FiEMH
EE A I Sk ) 52 T, L RE bR T T Al 4 4 R R
P (A . (B2, 78 CA R iR i g B il b 8 % i)
BRGENE, H ORI T 0 R R A S R

VRV, S R 5 =07 A R R XS HL AR ASE &

SR S PR LR 5 25 R 5 A, e
R L 1T DI B 5
23 FABENME L

531 HEAT 2 VI BN T I KB 12 51
2, A B SEE  ST R R, A R — A W % 5 B
o, WL ST H R R R ST H AR,

FRLAR 2 2 SUBRAR, 2 5T — R e L
2 SRR RRR, A0SR 2 2 I A R R A % )3
P b B T B . AL, 78RR R B I, 54
S 31 0 A AL 1 5 165 2 PR B
e E L P S L S i
9% 515 5 F AR LI 2 51 B A, AR 0% ) 3 2 A
R0 513 5 T ML T B4, Zhu 5 AP S8k

T TR T R R 0 2 20 A ST IR HE R B,

SEIR T AR S S BT 0 5 > AR AN [7]
f i) L, #i@ﬁéﬁéﬂ#ﬁ%&ﬁﬁﬁ@%ﬁ%%? H A
U ) B A SHERE B AR AT R B, 9010 T VAR 2%
Y. 2 g ORI T T R PR SRR B A 2 BT 5
KIRHTRE N, (BB FE T 4 P A 1) 2 ST 85, TS
P SRR AR I 52 2 T 2

Shi 45 NP BT - 22 4 8 i U P R AE B (1) 2
SIBRAR R R SRR T — A 2 4R R R R R
HEZR, R 22 210 Ry B E 2 A28 2R A, LB
R B i 22 SRR Z TR R R K20 8 6 Rl SCR &, 2
T ORI R BT (57 2] B ARIE BT 150 DA
SEON RN AR o 2] BR AR, B Jm il X L SR BR IR IE 15
VA U AB S, AR 0 0 R P £ AR AR 5

52 Hif4Eik Special Issue

Fa A B R A O, 4 A IR RS B B 3 Rt T
I S R R IR

T B TSR & b T R 2
SR BRI T I, R S R4 SRR A AL B
B A MR R TR A (2 ST B R R, R BN T
RippleNet 53, B4 F P 10 73 4 200 A1 4 e
R T, 35 AT PR o S I ) s AR, DA
SR L P TS D 9 M ot TR P 11 B £
HK, {1 S0 2R 0 A R S 2 21 R
B 225 A 50 S 2 R SV TR T 2 A T, T
T RO & 50 Ak s TR 2, I LS bR P
1o i T SR BEAIE 2R e 2. 1% F SUR) PR 4L T UK
R IRET & 347 5206, 1P BRI R 2 ST &
(1 50 PR S MR R A R, 0k 4503
R K
24 EEEE

MSTREFIE 2 . SR E K, Bl U,
SRl T A, wintt X B g

9T AL S 5] A AR A AT R 2
YRR AR, PMAIEC Fa e T T A R i 1
SERL S R YL, T LR ST 51 O A 5
ek, R P IR R 2 ) AR, DA T I
SO P2 V6 1 5 R, TR B .
FRHEAMHE R LK A T R 26 1T P P 71,
H P2 5 2 S R AR (PR X BT T IR T 4%
v — R R R 1, 3 18— A S AN
BN B — B A S L. AR
SIS ST, LM T R R 2 5 5 A S R
b, WA LA B R b B

RS EAC2) 42 T A 4 50 3 £ 7 % AR 4
i, S BT I A L A i £ B 5 b
o B TR AR R TR T R R 9 4 0
Ripple mlp. 7E Ripple mlp &yl 5] N FLBL STk
%% Co-net, 36 WAL F P 1 S0k LU AT, DUE T3
UF M2 3 2 31 5 D4 PR FIH AUC 5 ACC 1ER
VP HE b AT e S RS 7 0 L 1 3 S i
IR, I L 22 91 43 A B A TR A0 R 5 e 9 4
AT Rk (ELZE ST 4% 30 4, FOR L T 5 i PR
{E ST AT ) 0 25 77 425, 52 S S 0 9 246 o f
T4 R T 0 PR e S, 3R 45 38 A S 1
SR 15 FAUE RSB IRT

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20224F #5314 53

http://www.c-s-a.org.cn

i H AR SN A

2.5 BESILHA

FEANPEACECE b, R T 2 ST 3 24 R0 0 R0 iR K
5T IS W R R .

B 6 SR DA R SR 96 R, b 2 iR
W, IF LU B BRBORAE 5 o) 4R AR SRR T
VA 7925, 5 ) 3 R AR AT R A TR [ R
SRR pe B FC T IR R R AE G o L AR O AE Td i
5 2138 5 IR AU O ) R M R i A B SR B A P4
HOFRI Z ARSI R LR, ARERE
FAESETRbRIGTE RGP Re 5 B A R0, %3 B8
(R BRI R0 R PR (R ) R AT T VRS IR, (R TR
(1) P R R e 2, L B BR, L e s Wi 4y
HARAR TR FH A B R, i ml E— Dt A

2% AU 3 i A s R A R i U i, I

S BRI I SCR R, Bk T BT iR
VLR B AR AL bl N A
FI A P G £ 5 R I A A R, et
T TR R A A ST R R . MK
R 3BT 53 IR 43 M0 506 LA AR 2 21 2 i
R A AR R U, I 0 Pl o AL 6
B3 R 5 KR L EAT 445 BE DTS 7, A 2 3L
FIIZACT: 3 LA RS o 1080 . 3 P8 £ 5 1 A
TEF R A A0 2 0K R 5 0I5 MU P 5,
TR AR IS W G T AT 1 S8, (I R0 R
HE R 8 )
2.6 13T

S 2 1 RAHEAT 4 A T, 96 4R R e

FERIRIRAE B, 4 5 M E A2 i A B B

foFe S L. |

MRt \C Hits T — A R R iR
VL, 43 50 P T B0 I 2 S T o AL R
TR ST (5 VT SRR 7 R T KDL, A R
T2 160 S AL B ) 45 10 PR O HE 242 [ i
Fh, R T Bl LR A L 1 T B R
DL RMSE 5 MAE faArEAT 1 525063 b4 #r, B0k 1
S S TR S S R B e RS AR IO TR,
AT bR VA B 1 L A R GRS, BRI T
I T PRI 22 R 2 1 M) BN BV, IR0t L T 2 R R
FLE AR A3 5 F 8, (B LR IR /N, Mg g
TR PRI F A B A TRT B, T e S B 45 R LA —
5 [ PR

27 BB SHRITRE

AN R B R A AR 1R B 5 e, 4
S 2 1 22 G 047 R 4 A T L 5] S JEL A O
LI T b B 1R, BRI B

8 N7 P 0 R e AR R P 2
HEAT AL GURI TG, 40t 7 AR 2R e i L
O U, R R T 6 R I
PSSR, FEHE T LA 39 % oL B B R B
B I TR 12 25 10 77 SIS P i P 9 i
ESCBMOR, AR 8 R AR Bt 324 7 — A
T T S .

DD (B AL R ST R R T —Fh R
STV, AR 2 WL S P 7 ML, 46 2
S0 3 NI, B N BR AR RERT OE EE, HR T
ST 2 A RV L 1 ) A SR T ) 52 7 0
ST B P B, VA 1 B T R, P
T PR 5 0 2 440 15 B 1 20 B, 91 1 e
S SR T R TR S T VA %9 75 4
T L £ N S L £ B £ A %
AT, FIAL T MR, S T A MR (e 5
5 41 R R A AR 7 T RSN, T 25
S T P T R

3 GRS L\

ST 1 PR 0 I PR T S B AL
F 6 W g, W SRR 0 . 251 % 5T
RN £, O3S0 (V8 S0 B S SRR T, A1
TR R . AIHEES . BRI, WIS, B
LW, 84 B ANRAR B 5 M R VA S5 R
FH R B

DA R A AR BEME . MR, R
P46 45 5 R AL S TR T 2 R s e 7 2%,
AT A HEAT T 84T R . 1L ply T 00 PR e 7
BRI 20 e R L AR B e 25 )
B, S S T BRI 7 A e A4 2 AR I8 A7 7
R 22 1 B, 4510, T R 43 S B A A 2
HIR BTS2 e X B SRS 5 # R 2
Ak KB d B b B R e 5 U M By HE AT
Wk, RIS MR BT HME, AE%E, F
f. MAE. RMSE {64 #5k54h, 27 T LA E L HE 4
SE R L R 5 P R R

Special Issue E g4k 53

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

E N R S MNA http://www.c-s-a.org.cn 20224F #5313 #34)

AR AR B DL BIRAAEBRST - TR 55
i i A A7 5 WU AT T BT IS RCR, e N T
FNR T 5 RN EACBOE SR 6L 1 RS 5 R
LA R BERRN AR T A R S R R R A I T
SRERCRARTT Tl 2 3t B B ok 5, T LA Ak
MHH S AR AT T 1 2D, AR R SR A B
A WA R B 24 JE I TR — S BT ).

S 30k
BHAICOR, XINETE, Al Tik¥dr 4.0 B 5 N EEEH
K )=, EHAEE, 2019, (3): 1-8.
Az, MEACEE 5 A A R R A . o s e,
2011, (10): 5-8.
Wu TX, Qi GL, Li C, et al. A survey of techniques for
constructing  Chinese knowledge graphs " and their
applications. Sustainability, 2018, 10(9): 3245. [doi:
10.3390/su10093245] 2 .
4 Goyal P, Ferrara IE. Graph embedding techniques,

—_

N

w

applications, and performance: A survey. Knowledge-Based
Systems, 2018, 151: 78-94.

Bordes A, Usunier N, Garcia-Duran A, et al. Translating

W

embeddings for modeling multi-relational data. Proceedings
of the Advances in Neural Information Processing Systems.
Lake Tahoe: Curran Associates Inc., 2013. 2787-2795.

6 Nickel M, Tresp V, Kriegel HP. A three-way model for
collective learning on multi-relational data. Proceedings of
the 28th International Conference on Machine Learning.
Bellevue: Omnipress, 2011. 809-816.

7 Bordes A, Glorot X, Weston J, et al. A semantic matching

energy function for learning with multi-relational data.

Machine Learning, 2014, 94(2): 233-259.
Wang Z, Zhang JW, Feng JL, et al. Knowledge graph

o]

embedding by translating on hyperplanes.kProceedings of the
28th AAAI Conference on "Art‘iﬁcial Intelligence. Quebec,
2014. 1112-1119. ©

9 Yang BS, Yih WT, He XD, et al. Embedding entities and
relations for learning and inference in knowledge bases.
Proceedings of the 3rd International Conference on Learning
Representations. San Diego, 2015. 7-9.

10 Socher R, Chen DQ, Manning CD, et al. Reasoning with
neural tensor networks for knowledge base completion.
Proceedings of the 26th International Conference on Neural
Information Processing Systems. Lake Tahoe: Curran
Associates Inc., 2013. 926-934.

11 Lin YK, Liu ZY, Sun MS, et al. Learning entity and relation

54 Hif45ik Special Issue

13

16

18

19

20

embeddings for knowledge graph completion. Proceedings of
the 29th AAAI Conference on Artificial Intelligence. Austin:
AAATI Press, 2015.2181-2187.

Nickel M, Rosasco L, Poggio T. Holographic embeddings of
knowledge graphs. Proceedings of the 30th AAAI
Conference on Artificial Intelligence. Phoenix: AAAI Press,
2016. 1955-1961.

Dong X, Gabrilovich E, Heitz G, et al. Knowledge vault: A
web-scale approach to probabilistic knowledge fusion.
Proceedings of the 20th ACM §IGKDD International
Conference on Knowledge Discovery ‘and‘Data Mining. New
York: ACM, 2014. 601-610..

Ji GL, He SZ; Xu LH et al. Knowledge graph embedding via
dynamic fnapping matrix. Proceedings of the 53rd Annual
Mééting of the Association for Computational Linguistics
and the 7th International Joint Conference on Natural
Language  Processing. Beijing: Association  for
Computational Linguistics, 2015. 687-696.

Kazemi SM, Poole D. Simple embedding for link prediction
in knowledge graphs. Proceedings of the Advances in Neural
Information Processing Systems 31 (NeurIPS 2018). Montreal,
2018. 4289—4300.

Nguyen DQ, Nguyen TD, Nguyen DQ, et al. A novel
embedding model for knowledge base completion based on
convolutional neural network. Proceedings of the 2018
Conference of the North American Chapter of the
Association for Computational Lingufstiéé: Human Language
Technologies. New Orleans: Association for Computational
Linguistics, 2018, 327-333.

Jia YT, Wang YZ, Lin' HL, et al. Locally adaptive translation
for'knowledge graph embedding. Proceedings of the 30th
AAALI Conference on Artificial Intelligence. Phoenix: AAAI
Press, 2016. 992-998.

Sun ZQ, Deng ZH, Nie JY, et al. RotatE: Knowledge graph
embedding by relational rotation in complex space.
Proceedings of the 7th International Conference on Learning
Representations. New Orleans, 2019. 6-9.

Cai LW, Wang WY. KBGAN: Adversarial learning for
knowledge graph embeddings. Proceedings of the 2018
Conference of the North American Chapter of the
Association for Computational Linguistics: Human Language
Technologies. New Orleans: Association for Computational
Linguistics, 2018. 1470-1480.

Mikolov T, Sutskever I, Chen K, er al. Distributed
representations of words and phrases and their

compositionality. Proceedings of the 26th International

© EREERREST  hup/iwww.c-s-a.org.en


http://dx.doi.org/10.3390/su10093245
http://dx.doi.org/10.3390/su10093245
http://www.c-s-a.org.cn

20224F #5314 3

http://www.c-s-a.org.cn

i H AR SN A

21

22

23

24

25

26

27

Conference on Neural Information Processing Systems. Lake
Tahoe: Curran Associates Inc., 2013. 3111-3119.

Plate TA. Holographic
Transactions on Neural Networks, 1995, 6(3): 623—-641.

Xie RB, Liu ZY, Sun MS. Representation learning of

reduced representations. IEEE

knowledge graphs with hierarchical types. Proceedings of the
25th International Joint Conference on Artificial Intelligence.
New York: AAAI Press, 2016. 2965-2971.

Lin YK, Liu ZY, Luan HB, et al. Modeling relation paths for
representation learning of knowledge bases. Proceedings of
the 2015 Conference on Empirical Methods in Natural
Language Processing. Lisbon: Association for Computational
Linguistics, 2015. 705-714.

G H. WAL SRR TR P B R S T AL A ) R S
(R SEI [ R 2018 S ). g I K2, 2020,

Sun K, Liu YH, Guo ZC, et al. EduVis: Visualization for
education knowledge graph based on Web data. Proceedings
of the 9th International Symposium on Visual Information
Communication * and Interacti!on. Dallas: ACM, 2016.
138-139. '

RYET, P, MbedR, S5, FE T AR B B AR 07 R AT
WHE BT RSN A, HHE TS R 2, 2018, 40(S1):
56-62.

AR, BT AR U 0RO R 2 R ST S N
A [ L2603 ] KB B, 2019.

28

29

30

31

32

33

34

35

36

37

Zhu HP, Tian F, Wu K, et al. A multi-constraint learning
path recommendation algorithm based on knowledge map.
Knowledge-Based Systems, 2018, 143: 102-114.

Shi DQ, Wang T, Xing H, ef al. A learning path
recommendation model based on a multidimensional
knowledge graph framework for e-learning. Knowledge-
Based Systems, 2020, 195: 105618. [doi: 10.1016/j.knosys.
2020.105618]

TR, FERF & BT AR B 5 ST AR AR [ A
SEROE I ). b RIITEA ¥, 2020,

FNLLAE. T L PR 13 22 R 0 55 S
[ k24 3 ], B Rl 1L AR sk 27, 2020,

ER3H. Jnif Qijﬁ‘%i%ﬁﬂ@ﬁ%i%ﬁ?ﬁﬁﬁiﬂﬂﬁ RSN A
WS 1. BB HEIHTE R, 2020.

BAME. T AR B AR ) BHER I 90 [ 2 hnie
3C 1. e PR, 2019,

YR, FET RN EER) (BRAH) ME ST HER: &
SR 5T 5 SE I [0k A0 S0 1. AR T WY R
2020.

F&FH, RAE. FET R IRBRE A 2 S e Rk
A, FEZEE E B, 2019, (17): 81-86.

WRig, )7, skb e, &, Bla R R B A R R i 2 2R
BRERTIN T5 k. THEHLN L, 2020, 40(2): 595-601.

T, ZRF, Rt . FETRERT & 5 50R B 5
BRERFE W T KA. BRI, 2019, 6(79): 195-201.

Special Issue Eig+4ik 55

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.1016/j.knosys.2020.105618
http://dx.doi.org/10.1016/j.knosys.2020.105618
http://dx.doi.org/10.1016/j.knosys.2020.105618
http://dx.doi.org/10.1016/j.knosys.2020.105618
http://dx.doi.org/10.1016/j.knosys.2020.105618
http://dx.doi.org/10.1016/j.knosys.2020.105618
http://www.c-s-a.org.cn

	1 知识图谱与图嵌入模型
	1.1 知识图谱与图嵌入基本概念
	1.2 基于三元组的表征学习模型
	1.2.1 向量平移模型
	1.2.2 基于张量因式分解的模型
	1.2.3 基于神经网络的模型

	1.3 其他表征学习模型

	2 在个性化教育中的应用研究
	2.1 知识检索
	2.2 知识问答
	2.3 学习路径分析
	2.4 资源推荐
	2.5 能力诊断
	2.6 得分预测
	2.7 课程设计与教案评估

	3 结论与展望

