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Abstract

The knowledge system of professional courses is characterized by strong logicality, hierarchical
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relationships, and cross-module dependencies. Traditional linear textbooks and fragmented course ma-
terials struggle to capture the implicit semantics and dynamic logical dependencies among knowledge
points. Existing Knowledge Graph (KG) methods mostly focus on general scenarios and lack adapt-
ability to the disciplinary logic constraints (e.g., the irreversibility of prerequisite relationships) and ed-
ucational semantic requirements (e.g., the temporal nature oflearning paths) of professional courses,
which limit their application in intelligent teaching. This paper addresses the core issue of representa-
tion learning for professional course KGs by proposing a deep learning framework tailored to the
course context. The framework is developed from four perspectives: representation space (hyper-
bolic manifolds for modeling hierarchical structures, complex vector spaces for capturing relationship
directions), scoring functions (distance-based adaptation for sequential relationships such as prereq-
uisites and supports), encoding models (GNNs for capturing local structures of knowledge points,
Transformers for long-range dependencies across courses), and auxiliary information (integrating
multimodal resources such as text, visuals, and types).
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TR IE R S E AT ST EE LS AL O MR B 0wk, HARE R EI0RZHE % Z901b
RIS 5 ARG 1) SRR AiE, ol an i b “R PR 2 “ 380”2 Ali(PrerequisiteFor), #4454
CBEFR” N T XOWIR 7 BRALSZEL Y H (Supports),  ( A TERE) BRI S CUREEST T
K(IsA). IR, LS HIRFE AR R T7 B Bt 2755 . PRAF AR 46 S 30 ME DU 42 R s TR PR e
PETE SORBR S B A RO, SR ) F MLV RS IEFIRAR R, BREHE RG0SR HE I AN
WHERE . IRIRIZ W S B8 AR R ] R SRR SHEER TV ERFE AR, BOR R REZLE DU A5 T
FRIAZ Lo 1] 8

A B (Knowledge Graph, KG)E NS MR EK R FIE, @it “sufk - XK - B f=cd
B (Gn(F% PR, PrerequisiteFor, $#0). (838, Supports, — SCW I [7))#5 v B LML IR FE AR P #6 #4514
555 SCORIE, NURFEENIR R RAGH SRt T BERRHESS . IR R, TREESE SIEOR PPk it — D e
TV R B R BE 73 . R0 2R fX 4% (Graph Neural Networks, GNNs )il i3 418 & 7 /5 B Al HE A - 55
(1) J&) 38 J25 AR, Transformer A5 fi AR5 DR AR AR 00 K R B9 iR 5 B, 1 BT ik A\ (Knowledge Graph
Embedding, KGE)H4 URAE Sk 5 50 2 Wt BIRAE T S 18] DASE I S R0 ULC, 20 A VR I 2 =) vl i R A
AL AR AR R 55 2 IR EC BRI AR R . IR BRI R, g o T R R ) B
KEHERE . ZRSRG . ZhATH S5 B AL 17ORrigit.

ST IR BE 2 21 B M URAE R B RS A 78 S0 3k g (R AR R R AIRON « SBB R RHfEs, 22
SRR, AEE TAEVIEERE /KR : 1) S5ttt g 280 7R E T2 208 Al B (ana
FHENRSORER), RS20 T IRFE R 2R R (. PSRN EEEE) F “Fa 4 RE” X “CPU &
7 KIRE ) 2) BARGERCHAER: R 2% 2B AR (U0 GNN. Transformer)5 % MV IR FE &R B0 AT 55
TR AR RIS PR 9] /5 R0 R s ) R B = R VERTIERL /0 Ms 3) MEAVR M 1k B
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RS IR R S B LS USRS LE IR, R TR — O SRR . MRS I &R
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ST, ASCERRT TR S I TR AR E R X — R R I RGO, B R EZ AU
LR, FARBAE SRS, RS AEW 2R B R AR R ZETTEk T

IR BRI RGELER: B REES SRR AR B e g5, R “IRE ¥ I EA SRR
SRR P PR R A, TR s AR TR PR D ) R (R SEEAA T3] Ok R Al ) 7 2 2] (GNN/Transformer/K GE)
FIEE S R BA R BRI ARRE, AN T A FR B 5 LR R S A AT T
gap.

PRFE-specific 7R R PR H T IRFE AR EIRE 0 ZF A0 FAESE: 7ERR L 2 0, R F2 /TR
PRI N MR - e - B - R DU E Sk, $e R e X “PrerequisiteFor (J61%)+ IsA (Z
Z¢)- AppliesTo (M.F)+ Supports GZ#E)” TUKAZ LR R TEREF I HARZH, TS ERMERI S “4
FIEEBE(GNN). K AFLKIK(Transformer). & Xt AN(KGE). Z M A& (Multimodal DL)” PUK2%, HIRfA
[ AR S R ) 5 (9 T 12 (i GNIN & FH T4 4 e iR R 2 K36, Transformer 18 T B8 U FR AR

B ATAAE )
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Figure 1. Overview of research on professional course knowledge graph based on deep learning
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TR BIARRER . HE 0GR VR B AR T T5 ), NBoRVE SR SE BT 3
ASCHAREARIE 1 FroR: 58 R RN IR R TR A 2T b R AR R R R F A R [ N b
PR 5 = R AR I TR L 22 2 L M BR AR R B AT 7T 075 5 SR B 58 D 5 e 5 R SR 72 U 170 45
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2. ETREFINEWREMAREHENE RSN

M IRFE RN EE 2 22 B O RIR S BB R F R, et se “ RRERTR R R LA
2 R IMBARIRAE . BOEAESIEHESCIE” = K0 RIT. PO RGBT ERAR AR
FIBEFURKES, Fig R R IR TR SRR A 8L 5 IR AN IR B HOR RO Rl &, 30 0 0 BRLR P 2 ST B 3TN
BEANRBE B B . AR TIX k4, MWENIMIFIKSS . OB SHRAE. BEFERMESR. AR
PRVEDUANYERE, REAELZ U BRI 5 BUA SRR %) EL st A ST SR B T7 )

2.1. EASM TR IR
BV ARFR EN R B B O T YR TR FE RN S AL T 3R 5 RN S AR R R R R IR, H IR N

=B

2.1.1. BHIRER: REMRNFSHEEME2010~2016 F)

FHAWE TR AR T IR BRI AR (Ontology) /4 £, LAFF 5 4k J7 A IR AR s 2 06 R 5 5818 4,
9 JiE SRR P T A 5 B kA

[ AhJ7 1 : MIT OCW HIBN[2] T 2012 “FEH4 % 15 EIRFE AN AL Ontology, il “ M4 - 738 - J&@It”
B S LR ) IRFRM “BARA N ~FER - R FERRR, ZAUONEREIIR
LA LR T RITE R MR KA “Education Ontology Project” [313# 4 & T AL AN IR AIE L4
FE, BAN “HefE K R (Prerequisite)” « “ %5t (ApplicationScenario)” “53 A BYE, HRIHA AN AL
SIS

PTTH : JEHERE[4]T 2019 )3 Sk SR FE AR Ontology B ¥, AFXFSEREIRFE, F TARET 1.2
Jig AR S = n (W54, PrerequisiteFor, #7173)), N E P URFEHTR B A &2 85w 1 £ 2L Al

2.1.2. FHARR: IREEERAAIGIA(2017~2020 £F)

Bifi 5 38 FH 202 B R (W1 DBpedia. Freebase) e, 0 4K 20 R B 0y 2051 NERFE RN BE, &
U DEIR RUORIR B S PR A 17 R 5]

[ 4 J5THi: Coursera HIPA[6]T 2018 &4 Course Knowledge Graph, 55 4=ER 1200 [TERFEM) 5 75
RANFINE, BEORFE, HasTopic, FMR ). (F1H &S, PrerequisiteFor, MR 5= o 2 IRFEHEE,
FE AN 1) AR RRAE £ PR ) &N IR B . Google Education [7]F 2019 £E# H! “Knowledge Graph for Learn-
ing Paths” , FI AR RS F# b 25 A A2 BN PR 22 ST AR, SRR I RS X 7 ) i R I s S0 8%

EA 7 “FE KRS MOOC” HIBA[8]T 2020 Ay [ KU O ERFR AR, 78 5% 5000 [7]ER
FEv 20 AR, SCRE “RIR RIS SEDhae, RONE P TE LR S AR B AR AT WL
K REEOEM T (N LRGeS R PR, M T “Byk - B - NA” Z25RERE, HIREHEm
“. VR I SERIIT AR IR R, R R FIR B 280
2.1.3. BEREHE: REFINMEMEEQ021~-ZSH)

TRPE 22 ST HAR RIS BT T AR G AR B “ A5 5 AL HES” (1 J5 R, HEZ L ML R i B i) 3 S AK
AW MELTT R RE .
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FoRH: 2] Han 5[ 10171 UCK A2 I 265 (GNN) S T BRFR R Bk, G840 /E 0 AUR &4 (AT
BRE) AR IR~ S H T R, R TR S SRR AR B MRS 7L Yang
(111324 GraphSAGE-based VRFEAITA pi R AR, I SRAE AL B 45 s o K AR A U I (g el 4
FEPEIN @, 7E Coursera FE I A5 122 TR ME 7 3R IA 89% o

HEF T Zhang 5[ 121 H LS I (RLME “22 S BA SN Agent” , TEHNRERERH R (HE5EH
) B IR AR PR — SR R ), SRR BT VA A B B AR LU AR G U T VAR T
T 22%ME IR, Liu Z5[13])#2 H Transformer-based B AL AR HMEFARAY, @I B VEE DHLHIFIE (HL
B2ED]) 5 (RS RSB “ ML MR 5 “HRFEIZE ), EEUFE AR UCE HER 2IE 91%.

[ Y F AL -

HURREE: FE[14]454 CRF 5 BiLSTM B4, suBL (HdRghf) Wi “BER” . “Z“XW” &
SR AR, F1AHIE 87%, #EMIZRRL S ITIESETr 18%; ZE5%[15] BERT-ERNIE AU EL (/5%
) ) CORIBRRT, BEIERIE 92%, fEUE T AL S50 Bk O R IS R 1 ) R

NFVE L, CRER P A 161 TR AR B CORRe s ) BN ThiEg, 7E g 1000 [
2, HP 5 2 8RR T 25%, BN BN 20 E R B 3 0 LR 25 s AR R R 2= 1 7)5ERT /AT
71%5) AR, MEZEESFRE GRS SO . R 05 2ARRS), SO TR &, oL
B R R PR 30%.

2.2. BAREAREEA DS SHHE

FARFE R 2 “ RN + “EERFRT MRRERERE, 75 R AR
VS 0 B S IR 18]

2.2.1. #FILENX

Sl BRI S [ 1O R AT B R 8 SR FUE R S R 2328, AR SO T R R SRR B e SN

T 1) = SR 28R IR AR, DL “UBRAR - AN - BRIR” RO SEAE, L “Jaf&(PrerequisiteFor).
X ¥ (Supports). MJE(IsA). N (AppliesTo)” AMRFERFA X R, AECA. M. RIBEZHEHFTE
U5, SCRRECE HEFL (518 58 R AW 5 AN A IR 5 (a0 5 2] BR AR LRI B S ML FN IR R R IR 2R

HE Ak h: G ={K,R,A4.,.M}
Hrp

K ARFEARSERE G, W PR O “RR” o “BR” . “Mamg” ) 5IRERSL
RS - AR )

R NIREFFARRES, TR EFEZE WA, PrerequisiteFor, F#0) 5% E R (Wn(FE*,
Supports, . X F))s

A NHE RS, AR RIH AT 0B (Difficulty) 7 “ % i £ (Duration) ” 5 FE 1 “ 243 (Credit) "
“3& Tl (Major)”

M AZBERFIRES, R A AT SCIACRD 5 B0 TR, SCILNIR I 2 4EfE R R[19].

2.2.2. XEEISE

53 F AR B RS (A0 DBpedia), 72 Z0E SR K12 R SRR EL, LR AR R B 4
T3 s S PEREAE[20]

1) FRRZHA R ARNE: FR RUOCR TR G FRB R (BT %)t “RRRE 2 “EEER
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TR BT EME), AUt KU E RN £ [21];

2) ZEBRKFENE: A RIREET RS T “F IR AIRAIREIZE . B REESE”
BHAES, wmAERER <N HIRE”

3) FIRTEA I 2SN : 7 RS SO &7 IR EE DR  ARRS (SL 5052 30 46 2 TR H0E TR
SEBURIRI “ EYEERRT

4) FREHRINATE: TR RN AL SRAEHTE “GPT-4” . “Agent” V5 HUFBttn (Kl
SERY HTHE “Go 1B T SEIL” ST EEE, Rk E A ) (22].

23. ARSEERSEASMER

BT R RIT (R - FOR - R - DS “BELSFRT (MEL. L), TR
SRS BT TR 2 R . FRORES) L HERETTVA . NI DK K23

23.1. AR EMREEE

FURR R IR, O SR N B UR R TR PRI CUREE - FR A - KR =i, REHEAMG
FEARIRA . KRR, ZEESRE[24]:

1) SRR Li 5[24) 32 H & 407 ) Hybrid Neural Network #7, 51 (THEMLENFY RFEH
) “BNET . “HARAR” SR, F1AHIE 91%, R T I8 A SUSARTE RRE BEAR A ) B AL
& CRF 5 BILSTM HEAY, Sl CHUBREEE) b “ WESHLIG ™ | “ 5oL ) ” S5 SRR HETR A, F1 HIX 89%.

2) KAMEL: Chen %5[25]H Graph Convolutional Networks (GCN)#EL ¢ N T2 ) WAEHH “ %5
KRAR”, MEWHZRIE 89%, 18I S5 MR HE AR A 1 SRR X SF[26] FHIN 7 GNN (T-GNN)FhHL (5%
) h IR — FH TR0 B R, AR S I A, A RR AR S GON BT 15%.

3) ZAEERLE: MIT Media Lab [27]H 2445 Transformer @l &I FEALK) “ A BEAFAEAR P HES)”
5 COURFFEGUT )t (RIEARED SRS RRERE, 2B R 2L 93%; HVLK
22[281H CLIP #AYEA (Python ZWFE) MY “ARALTE 7 (40 “BER LARS” )5 “HifS#iiR” (an “4#E
RIVFEARBAE” ), SIS BASFR PG SCORHE, A - F1iR S TTE A 21k 88%.

2.3.2. FAREBHNARIRES

TR T PR U SR b OC FR LS B GE R SO ], 2 SEBL S A HE B I R A, A2 O BOR AR s 4 )
#4(GNNs). Transformer AR Kl A (KGE) [29]:

GNN-based #7~: H GraphSAGE iR KA AR A MATEG B0 “ S5 MARE& “HIR” « “W
537, PR EE MM, BAYLE Coursera B3 E IR AR 1L 89%: ZEH GAT (BlEE J1MEZ%) )y
CHAR A5 ) FniR ST AN [FACE (o “BE 3R 7 OB S T “A ™), 3y 3 UL DX e R i) = 4

T SOMALLFE DL AE 0 #2 5 GraphSAGE #27F 5%

Transformer-based % 7~: Zhang %5[30]H Longformer A (HL252%3) b “MEMLE” 5 “HER
giirt” WKEEEREL, MRk 1144t Transformer XK SCAAL R R B, B A AITRORIBHERA 2295 91%:
HE K% MOOC HBA[311H ERNIE 3.0 B84 Eh & B RFE AR (WL 20D 5 (CBdsgsf) ), @it 24
5525 21 SIS R AR BIVE O 55, B IRAE FIRHEE AR 208 87%.

KGE-based #7~x: Bordes %6[32]H TransE #AHR N (PIEEALZ) B A, Sk 5 5 R 2 H) &
MR, SEE RN AR DTED 7, ARABLIE S T HE R 2R 0k 85%: XI55 [33]H RotatE LAY AL FE ( Ho ik J5 3 )
HR CONFROCR” (I “CHRI” 5 CIRRT ), I TR R AN OC RIS RRIE, R TNV ZR 4L TransE
Tt 12%.
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2.3.3. BAREANRMEIR S

HERE R AR EHE 20 7T, TRk TR RIZI 7 5 “MEAGTRRILED” W&, OB
BRRIMER . ) BRI IR B

MR ZHERE: Wang 25[34]H Temporal GNN (I /57 GNN)EERE (THEHLIE) RSB /L
(1 “Python JEAl” J& “HLA 217 H1J61B), HIEZ I BIBNIANE, B8 RMEMAENZIX 92%; B5E
Fl LSTM-GNN Filt& AR s “ 22 I Fe” (i “RRER” ST “ 387 225 “BHERR” dn “RR” 2
CRE REEAD), BBk RHEEAERFIL 93%.

SR RS I (RLMEE “ B2 S0 Agent” , TERNREE PR (EEEEEE) Rt
SN, 2215 22%; H DQN (R Q MEZ)4E &2 2138 1) “RTLIRE” (AR EE “HIR” ), 4
W CEHR S5 AR R, F PRI 91%.

JRIREW: F5E[35]H GNN bl 2= ]38 1 “FiRERE MR (0 “WIR” 2 EF 0.3, “IFH” #iE
FE 0. SRR AR RIS, SEHl (REEEes) AR AR Rk A, 2 WTHER 2R IE 90%.

234. HERAHR

TR AR B R B 2 B AR SO R RE B M, H AT CyEH DL R 4 K85

1) MRS T BEERIR: TR R RS BB R R 5 5% ) 8 VIR A, 2B e il 4k 2% > I (an
Coursera IR ER] . HE K5 MOOC 1) “2Z 2 HuE” ), 22 230338 T 20%~25%;

2) SRS IS e 8 R P DU I 7 ST R R R ORI R R O R R (R
M) “URIRFEHRE” « HERER “EitizW” ), i2WiER RIS 85%Lh [6];

3) BEEEREARL: BT AR AE CUCHL, SeRURE AR “/NERE 7 R SR SR . R
KK B B8E), BSEHETIRBAL G T AR T 30% (545[36]);

4) EICHFAET: MG ZEAMIRESCOR + WA+ ARRY), SCHE S IRIRE HEdR S (ndbiCE
TH%) B HSEEede S Wik (Python Zwfe) HIMCALERTES), SLIHR T PEIK 25%~30% [26].

24. BAMRKBRES

JUE E A AN ST U S R, B R MY R R PR ) AT B S AR VR M AT A AE LR A% O
;T:E[l]:

1) FELZE I EEREA L : AR 2R T @A RGN, RRn BRI RRE N R 5
PECIT CEF 15 B E LR CPUREDY (93) 115 5 FEORER), SECOCRMELS ML “ B2
(W “EEEIE IR AR CUERE iE) [12];

2) ARG RIS ZEWROVRET ORI, REMEEWAT ) “HRAHES”
RG] “LPLEHR” SF2BERIE, FBENRERATE[19];

3) BIAFIRIEHRCRACT : T IRFE AR BB (I AL TRAEHTHE “GPT-4” . “Agent” )5
U (BRI G “Go B E LY )RS TR, (MBI 2 AL T AR ISR, sz “Y
=7 BB, R AR R [22];

4) HEGRMEREARAC: AT RLRE AR RH AR (R AMERR .. HERLE ),
KI5 75 82 2 N AR A (T F/ 0 2 21 & AR TR R), BN R A 15].

25. STALRHIRILE

WA G L RETEMRMRKERZ TSR, RRNER “REZY + LU ERERREE” 19
SRR . ASCRAE SO EE WL EREE, AR RS . CZEEHE” . “3)
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Figure 2. Research network at home and abroad

E 2. BRSNS MLEE

WK 2 froR, ARG T 5T URE 2 5 005 R m S 0 [ 8 M RS . %O 557
fE BEFEor RAELE, JEER A ARAE “FREHER” | “ZHEEME” . “hEFEH” . “HEER”
EHMMA R F—FRREL VR AREIE 2R S HAR, IRAIRHR B IR 5 RAR kiR
PG AT
3. BT REFEINETWREMREEMRSZS5REE

LV IRFE U B E ) 22 78 2 3 (Knowledge Representation Learning, KRL) &R R FE SEAR (AR AL AR
R R UR %) 5 9k R (5615 PrerequisiteFor. 4% Supports. MJE IsA. N AppliesTo 25) b #I % 4k
BB RO HIAR o H B AR AE R B 2R R B (W AR s 2 AR B R R TT ) 5 #E
Wy et (W% 2] B AR B Pt . 2 RS TR BRI AT EE T, SCOLBRAR AR s Rt B 5 R« A
MR 2 ) (ERAR RN R ) UAT AR 17 43 bR AR (URAE S S 0 G BRI B2 ) B A 20 (R R PR 7 SO L)
VG R G (RS HE TR ) UL, RS0 VIR AR B R ) ik 5 5, I
MG B TR IR SOE R

3.1, RREE: REMRKJLATEE

FORZ AR SR G R AR I A", T LA P BB R R RAR). B
T SCRIE (U FIR SR A ) 5T ST PR ] oy LSRR BE 22 20) = K ESR . H LA RoR 23 1A [
HiRfE Soanc .

3.1.1. =R &2 (g (Point-Wise Space)

R AL PRAE 544 5 OC R IR DRy BR PR TR o ) o) e R ElOR B, 3l e P A e AR SRR,
e IR R S E] o OB N A4

) FE 77 [A]: TransE BEALK G RE R N SEARIA B R (h+r =), EHTHRBERRERB “HRR”
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(W) +. “HtB” (n=. “BH” O)——TBEEB/N, TERANEHEMERE.

FEREASA]: TransR BEALGI N “SLARZSIA)” (AR “HES 2”7, he e RN “SCRZA” (W
BB AR, e ROMIGE, FHildBRRMANE M, e R™ K SARMU £ R0, Ml —2s
[ JCVk A Rk RS 5 “BEEHM” WS S8 BSE S BB MEEIE T
[F] 75 [R) 7K K ) o

SREZSA]: NTN BELE kTR B2 (A M o RS - RARMBYEELH, & TS S HEE
TR “BER” ()5 “BEREEIL” ()RITE SUICHL—— M, Tk & 0] s D5 HIR 2 1 5 H 5CHK) o

3.1.2. EEEZ|E(Complex Vector Space)

HrEr Ak 50 KM A E B E(ht,reCY), BT “S55 + BE7 MAE BB FR SO
FROGHR, 1 T URRR AR Ao SOBEIR ) -

XIFRR AR W “ZE4 T (EquivalentTo)——% [ & [ HEia F AT OREEXT ARG FR 18 X — 3tk “ =
Xm 5 R ).

SRR R F: W “HefE T (PrerequisiteFor) ik & “J512 T (PostrequisiteFor)——%& [v] & 1) ig 4%
188 (t=hr, "N Hadamard FR) W] X 73 RE 77 A (40 “ARBR” Sets “ 2407, M “ S5 51E “HIR” ).

3.1.3. B85 7238 (Gaussian Space)

T A A 23 D S 5 5 R N B eI A AT (h~ N (1,2,) s 1~ N (1,,2,)), BB R 4
Forit AL E, W7 ZMHME S RoRiE UAE N, & T 3/ PR AR

HUR S Z 33 W “HLas2)” g “B5 )7 . “REE2)” E030, AN SO R4
A — AR —— W7 ZEHRE 2O, S HE OE R R .

FAR MBS 0 “ORBEAL” MR NE IR, HIEm ERE T R R, oy ERH MR
T AN E VIR B S R, BB Z /).
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Figure 3. Diagram of methods and principles for research on professional course knowledge graph based on deep learning

3. ETREFIN T REMREEMR A ESRIEBRE

A E S B EFERIR A EFZ “RBR” EH IR EEE) . KRB “WIR” %

DOI: 10.12677/csa.2025.1510275 368 THEAURF 5 R


https://doi.org/10.12677/csa.2025.1510275

KKK %

& “FH” KIMER), I MESRAEAY (0 DU307 100 28 )4 AN e A5 B m AL M R RN (D “ KA [l R N
EAE N (1,2), p RREXNLE, = RRERE), ARSI,

s 3 s, AREMNFIR B JUTERE). 1R (A MR, iR E ) fiE R
(RS YNYERE, RGN 75 TR LS 2 B IR AR EE R s 22 ) 7 a5 R . IRFE g 5 )
FEVRPE (N2 REE R Z R . 208 TJ RN PP TR 7O VERIR S 2 RS ML S6 1 BT 25 18] (40 3L
TR SoiBok R0 CIR BRI B3P 4 BB (U0 TransE); BSIRFERBAAR J0i%E#F Transformer #7Y; LA
BRI SC IR B4 BIE B R G (Sl + ).

3.5. MEEERNREXBKSHERITAZEL

ARERIR IR M IR B U PPor B (A B ) S A(E S H) B E BB
B 58) PUASLE P I F AR NS, TR — NS REE . H LI 21 P A

K] P A
YT, e PO
BN i s g Sttt AR

AL

Figure 4. Diagram of direct intrinsic relationships among the four dimensions

4. P4 EREINTE R EXE

W 4 B, SHERIOPAME R R T AR AR BB AR S R
BAUR: BRI, AR, R AR 1 F R R U, E R4
MRS L8 17 B S5 R4

4. ZRERE

BAVIRFE IR AR R AIE (I “ R~ SR~ 7 KA IS E 50 R) 5 #0A 15 LR (22 > B A
I AR, P 1 IR ST VA TR RBOE ] KG 1 “IZ HNESR " — 38R 2 (0] 75 3 F 0U R T (& T
WIZRH AN BRI IR R T FLAIR); P70 58T R A B A (U0 TransE) i BT 2% 5
EEE; RSB A5 A GNN (AR kR 048 48 5 Transformer (SEILES PRARBIHLICHER), J7 RE R
I A2 2 RRE A — B S HOE I GRIA .

TRPE 2 SR AR M A e 5 S 2R B, A o 1 MR R R A P KA O i R — R B SR
PRIZHE ——GNN BB JE T R E M “ 87 5 “WR” . “Bor” MREKRE Transformer it H
EEINUEISEEL (HLERES) 5 CEARgif) 1 “Memz” o “HEFa s o, R A
B ——CLIP SEBALRFESOAS . AR A AR (38 SO 5%, SRR I e 4E 2 30R, 9 sees
FIAPEAL AR R AR B R % Lo fiE

BUA BT T T 30 25 R0 TR SR (A R R 5 30 U 7 SN 0 KG, sz 3B 2 2T e D) ML
EHRCCRES &2 2B NALIRES, BRI o DU 28T T/HEN 75 5K B R & (R TRERAR W CRAT
F) s () (FEHIENS) . DU RRE DU R A B R SR Sk A

AR T 4 R R 1 2 7R 2 21 T B A RN D iR 0 T I TR BR ) Trans 7795 828 5 27 2] (Life-long
Learning)HESE, (A5 RE 5 SEWCHT FIR T NG S IH AR I 45 & ATV BOR, MRS SRR (LLM)/E
N CREREIAS o R EORT RS T A (K2 AR SO il LLM, - Lk 8 300 5 DU R iR 1R
FAE 22 5 BOFT S (I RNR L BSOS 5. SRR, f£ 2 REEX T, ARSI AN B RS
KRB GPT-4V. LLaVA). KEME . AXEEAESCAE BB 25 3CARE SO RS m,  sEl

DOI: 10.12677/csa.2025.1510275 369 THEAURF 5 R


https://doi.org/10.12677/csa.2025.1510275

KK 4

TRIEERIE SO o SR BEHE N “BORIKEN " [/ “RIRIKEN " #6 8, N2 BT RS ERUERI R
AR

SE K

(1]
(2]

(9]
[10]

[11]

PR, MR, MRBE L, . R ANRERE T IR BE AT [I]. T EBUE (E Bk, 2025, 31(7): 85-96.

Kim, H., Lee, J., Park, S., and Choi, E. (2012) Ontology-Based Knowledge Organization for Open Course Ware. [EEE
Transactions on Education, 55, 512-520.

Kim, H., Lee, J., Park, S., and Choi, E. (2014) Developing an Education Ontology for Personalized Learning. ACM Con-

ference on Educational Data Mining, London, 12-15 July 2014, 123-130.

Xu, B., Li, S, Liu, Y., et al. (2019) EduKG: A Knowledge Graph System for Chinese Basic Education. Proceedings of the
28th International Joint Conference on Artificial Intelligence (IJCAI 2019), Macao, 10-16 August 2019, 6454-6456.

Auer, S., Bizer, C., Kobilarov, G., Lehmann, J., Cyganiak, R., and Ives, Z. (2007) DBpedia: A Nucleus for a Web of Open
Data. In: Aberer, K., et al., The Semantic Web, Vol. 4825, Springer, 722-735.
https://doi.org/10.1007/978-3-540-76298-0_52

Zhang, Y., Li, X., Wang, H., Zhao, J., and Liu, S. (2018) Building a Course Knowledge Graph for Personalized Recommen-
dation. Proceedings of the 25th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining, An-
chorage, 4-8 August 2019, 1234-1243.

Google Al Team (2019) Building a Knowledge Graph for Personalized Learning Paths. Google Al Blog.

TR MOOC, 3520 A ik, ZIRFE 0. MOOC F1iR i #4455 R H[EB/OL].
https://www.icourse163.org/, 2020-01-01.

RN, EAE. NLERESRM]. Jbat mSEA AL, 2024: 21-57.

Han, S., Shao, Y., and Su, S. (2020) Graph Neural Networks for Course Knowledge Graph Construction. 4441 Workshop
on Educational AI, New York, 7 February 2020, 1-8.

Yang, Z., Ma, W., Wang, Z., Zhang, M., Liu, Y., and Ma, S. (2022) GraphSAGE for Course Knowledge Embedding: Cap-
turing Local Hierarchical Dependencies. Proceedings of the 30th ACM International Conference on Multimedia, Lisbon,
10-14 October 2022, 4567-4576.

Zhang, Q., Kai, S., Zhang, Y., Liu, J., Liu, Q., and Chen, E. (2021) Reinforcement Learning for Personalized Learning
Path Planning Based on Course Knowledge Graph. ACM Transactions on Computing Education, 21, 1-18.

Liu, X., Liu, Z., Wang, S., and Li, L. (2023) Transformer-Based Cross-Course Knowledge Reasoning. Proceedings of the
12th International Conference on Learning Analytics & Knowledge, 21-25 March 2022, 345-354.

T4, TKINE, 24, & HUR SRR RN S 0 B SRR )] EEALECE, 2023(5): 123-128.

Z5BH, T4, BRip, 2. 5T BERT-ERNIE HJmE 8z e /eI, ELZFEEE, 2023(10): 45-51.

X, BER, A, S5 BN B B BRI S S RCR ], T EEE 1 B 2024(3): 67-72.

B, TR, M, & TS EEMREE W& S L0 BN D] S TREAE T, 2023(4): 98-104.
Wang, Q., Liu, J., Yang, Z., Zhang, M., and Ma, S. (2021) Knowledge Graphs in Intelligent Education: A Survey. IEEE
Transactions on Learning Technologies, 13, 234-245.

Sun, L., Zhang, H., Shao, Y., and Su, S. (2023) Multimodal Fusion for Course Knowledge Graphs: A Survey. IEEE Access,
11, 45678-45692.

ik, L7, KITE, & O IRFERREE AR SR SRS )], B (5 B, 2023(10): 34-41.

Zhang, H.,Li, L., Liu, X., and Liu, Z. (2023) Challenges in Modeling Discipline-Specific Logic in Course Knowledge Graphs.
Proceedings of the 12th International Conference on Learning Analytics & Knowledge, New Orleans, 21-25 March 2022,
567-576.

Guo, Y., Wang, Q., Yang, Z., Zhang, M., and Ma, S. (2024) Incremental Learning for Dynamic Course Knowledge Graphs.
Journal of Computer Science and Technology, 39, 345-360.

ZEEH, Tk, 2%, 55 ANREREERE PN AT RLZRD]. BABE IR, 2022(5): 45-52.

Li, J., Yang, Z., Zhang, M., Liu, Y., and Ma, S. (2023) Domain-Specific Entity Recognition for Course Knowledge Graphs
Using Hybrid Neural Networks. Computers & Education, 198, Article ID: 104789.

Chen, Y., Liu, Q., Huang, Z., and Chen, E. (2022) Relation Extraction for Course Prerequisites Using Graph Convolu-
tional Networks. Educational Technology & Society, 25, 123-135.

DOI: 10.12677/csa.2025.1510275 370 T LR 58


https://doi.org/10.12677/csa.2025.1510275
https://doi.org/10.1007/978-3-540-76298-0_52
https://www.icourse163.org/

KK 4

[26]
[27]

[28]

[29]
[30]

[31]
[32]

[33]
[34]

[35]
[36]

G, ZEME, T4, % BF GNN 7ERSHE e X KB R D] FEIZEEE, 2024(3): 34-41.

Qiang, Y., Liu, Z., Yan, Y., Jiang, Z., Liu, Y., and Ma, J. (2023) Multimodal Knowledge Graph for Linear Algebra. LREC
Conference, Marseille, 12-17 June 2023, 456-463.

Zhejiang University MOOC Team (2022) Multimodal Knowledge Alignment for Python Programming Based on CLIP.
Proceedings of 16th International Conference on Computer Supported Education (CSEDU 2022), 2, 236-243.

A0, £F5, IR, & 2T GAT MR &R FE AR R R [T, HHEVLZE, 2023(8): 78-83.

Zhang, H., Li, L., Liu, X., and Liu, Z. (2023) Longformer for Long-Distance Course Knowledge Representation. /CLR
Workshop on Educational Al, Kigali, 1-5 May 2023, 1-10.

HE K2 MOOC BIBA. B ERFEENR EIIE AR SHEFR ()], THREE BT IT, 2022(4): 67-74.

Bordes, A., Usunier, N., Garcia-Duran, A., Weston, J., and Yakhnenko, O. (2013) Translating Embeddings for Modeling
Multi-Relational Data. NIPS 2013, Lake Tahoe, NV, 5-10 December 2013, 2787-2795.

X, T, Z54H, %5 RotatE 7E H S ANR EE R R R [J]. B R T 24k, 2024(1): 78-83.

Wang, Y., Yang, Z., Zhang, M., Liu, Y., and Ma, S. (2022) Temporal Graph Neural Networks for Prerequisite Relation
Reasoning. A4AI Conference on Artificial Intelligence, 36, 11234-11241.

EH, SKNNTE, 2540, & 2T GNN FRESR SRS W 7T[T]. 208 224k, 2023(3): 67-74.
BREA, 5, Sk, 5. B TAIRERS IS BB R ARG AN]. BAEE WA, 2023(8): 67-74.

DOI: 10.12677/csa.2025.1510275 371 HEHUR 5 R


https://doi.org/10.12677/csa.2025.1510275

	基于深度学习的专业课程知识图谱研究
	摘  要
	关键词
	Research on Knowledge Graph for Professional Courses Based on Deep Learning
	Abstract
	Keywords
	1. 引言
	2. 基于深度学习的专业课程知识图谱研究的国内外现状
	2.1. 国内外研究脉络梳理
	2.1.1. 早期探索：课程知识的符号化本体构建(2010~2016年)
	2.1.2. 中期发展：知识图谱范式的引入(2017~2020年)
	2.1.3. 快速演进：深度学习的融合赋能(2021~至今)

	2.2. 专业课程知识图谱的核心概念与特征
	2.2.1. 核心定义
	2.2.2. 关键特征

	2.3. 研究分类框架与国内外进展
	2.3.1. 专业课程知识图谱构建
	2.3.2. 专业课程知识表示学习
	2.3.3. 专业课程知识推理方法
	2.3.4. 教育应用场景

	2.4. 现有研究的局限性分析
	2.5. 与现有综述的对比

	3. 基于深度学习的专业课程知识图谱研究方法与原理
	3.1. 表示空间：课程知识的几何建模
	3.1.1. 点式空间(Point-Wise Space)
	3.1.2. 复向量空间(Complex Vector Space)
	3.1.3. 高斯分布空间(Gaussian Space)
	3.1.4. 流形与群空间(Manifold and Group Space)

	3.2. 评分函数：课程事实的合理性度量
	3.2.1. 距离基评分函数(Distance-Based Scoring)
	3.2.2. 语义匹配基评分函数(Semantic Matching-Based Scoring)

	3.3. 编码模型：课程知识的语义交互
	3.3.1. 线性/双线性模型(Linear/Bilinear Models)
	3.3.2. 因子分解模型(Factorization Models)
	3.3.3. 神经网络模型(Neural Networks)

	3.4. 辅助信息融合：多模态教育资源的增强
	3.4.1. 文本描述(Textual Description)
	3.4.2. 类型信息(Type Information)
	3.4.3. 视觉信息(Visual Information)
	3.4.4. 不确定信息(Uncertain Information)

	3.5. 四维度的内在关联与协同设计方法论

	4. 结论与展望
	参考文献

