FasE 1
2026 4F 3 H

SEZER AR (A SRR AR

Journal of Yan’an University(Natural Science Edition)

Vol. 45 No. 1
Mar. 2026

SR T, FRNE, B3R TR E A B 22 R 25 B e R G () ). B2 A w4 (A AR B L, 2026,45(1)
119-126. [DING C F, LEI P, HAN X Q. Knowledge Graph and Graph Neural Network-based movie recommendation system [J].
Journal of Yan’an University(Natural Science Edition),2026,45(1):119-126.] DOI : 10.13876/].cnki.ydnse.250083

ETHIREEFEME MK B HERF RS

TEIE, &

(REZ 2 BF ST AR 2B, BEVE 442 716000)

i E.ZBERAYATRGREEK AP BEEEEIREEEFNERE, EARE R 4R KR
W A BB TR EEFR M, EAHEEFRER, REminBiES BWENEHIEE
ZAMAARAET #2842 A2 AR AR AEBEHER T BRXFRNRIE T OB EERL, L
Bz EAEANEMBERG ZABSILHSN, AR, AIHMET BREA P BHRAFEEZ LD
Fe iR B3, 5 £ 3 AR B HLEL 6 MovieLens 235 4 L, 3t B A AW & GraphSAGE . B 2 & ) M & &
F+# B A 2 W % (Heterogeneous Graph Neural Network , HGNN) #t47%¢ bk, 523025 R & 9 ,HGNN £
TN 5 Top-KEHAE S T H RN B RAMRE, L AEmI-10 m$IBE Loyt £ 5 Rt
E £ HIKZE0.861 35 0.719 7, Fl B Precision@5 5 NDCG@5 4 %] 4 0.335 15 0.429 5, #FRLER
JES T HONN 2 F M5 L £ 2 Lo R B, Aot BiEg Rt 5 AR R AR T X460

SFAEARYE

KB oA B AV 2 M 2 wRIEH R - B Z M %

HESHES:TP391.1 SCERAREAG: A

I A ELIBR 19X 5 AR ) PR 3 i T RS TN 2 ) 4
FEAXIGH, M2 7 ok 1 I AR A A9BSR [ I
1L T EE B EI G, M PR B HIE
BRI R o ARG HETE FR G2 A0 b [R) o s Ak
T NABHERE J7 1 TRV A 3% 5 F T I 3% Bk
f AT ARR, R EE (Knowledge Graph, KG)Fl
Pl 22 ) 4% (Graph Neural Network , GNN) f Ui &
J ik — e A TR LB KG ¥ e
T Z VR G AT A RN A B T 22 i
¥ Jia 2l 1] R B T4 2 00 T i M) GNIN U g
P25 9 T B 45 R R A =X, P Al 2R 52 4 5 R R X
5ROy R R

BABIFERM B KG 5 GNN ARG , BERS %
RIHERE RGN, BT LRI 25 GNN 44,
I E & FLM 2% (Graph Convolutional Network , GCN)' |

75 H #3: 2025-08-04

X EHRHE :1004-602X(2026)01-0119-08

GraphSAGE (Graph Sample and Aggregate)'” | {1 &
J1 ™ 4% (Graph Attention Network , GAT)®I DL M 744
[ it 2 ) 2% (Heterogeneous Graph Neural Network,
HGNN)"'48 , JFA4 H R HT T KG 3 5 Y44 55
GNN AMUAEATR SR AT RIS 6, 182 B H]
TORFAMI TS T AR R B AT 550,
X SEAIF ST R N LSRR RGP I KG A iR A
%) SRR AL T IR SR B S 5 07
PGS BN, QIR R T R T 2RI
PR Y P ol 22 ) 248 i Bk, e o PR T T L
LT I 10 i P A AR, TR RO B T
BERT.

RECHEZRE LR EE 0 g
Tt PRI 28 10 2 AR ) i 5 P B 49 LA R TR 5 3 )
AL S5 7 T BT ST E A A2, JE B Z XA [

EE&UB : FHRK ARSI H (62262067) ; Bt K2# A QU DL I 2Rt 5 H (5202410719171)
EERA: THIE(1978—) , B 2% WL, ZENFZJZE 22N ME LM I . E-mail :def@yau.edu.cn



120 HE 2R AR (A IRBEA AR

545 3%

] oft 22 X 4% A5 T o SR L ] i 44 5 TR L S 4 4 7 o
ARG . T, ARSI HERRT 55 A F
TG MHERE P B R AR S 2SS
BRI e 3 A E I MovieLens 2 FF
BARAE b, % GCN . GraphSAGE . GAT & HGNN 4 ff
LAY () A 22 I R AR E AT R GE L. SRR 4
U] HGNN SR AL B 548 5 R IR FE AT 55
R IR LR A e SRR . ARSI R B
TURAE TR T Al A Z IR M B AR E 3, A
P ol 2 ) 4% 3 v T R g A, T TR — HE R R X
4 Fl 3 BRI AT R GOk PEAL 8 78 45 A R AE AR TR
BRI AP RE 25 5, AR A RE BRI T SR
S

1 fHxIE

PR3 5 (R0 28 0 25 8 fift DR A7 R G TP Y
B Agi e A 55 s Rl RS At T R O T T
(iR TR S T oy i P u DR E S PAN St
PR 22 2%, o3 S 2 000 H 22 18] F) v SCOGHR K
I H Z B2 A8 B R E TR T2
TP RS LIS S HE A RCR

TEHE T AR K AR R G o oh, A P!
S T RS SR R 3 ) i A R HE A AR 3 o
T H AR 1 5 P - 000 E 22 B RS Ok S
FUREF . XIDEARM Bt T B & R R E S R 4%
1 1o AR BB AR BRI AR B 3 52 2% B, 5 | ATE
FITHLHI A FHEF ER B . L4, MISHRA 45
$it R DN 1] H i i SR IR LS 145 G GNN
PEATIR A T W W e R S8 . RIS, NGUYEN
ZEN T 1 i HybridGCN (Hybrid Graph Convolutional
Network ) HE 22 W45 450 daf 45 i R0 PR &35 5 22 L 18] 45
B AE R B FRIL R T R

TE I 22 W 8 MBI T v, SR MR SR T
HET PRI 22 P 45 55 008 Loy ) B 2 TR HERE AR R, 3 5
Ay A Jm ¥ 2 4T VT R T ) AL DR G 5 2 1 R
U 0 e ) P R 2 I s AL B TR 5 I
2% 5 IR 2 4 TE AR HERE AT 55 AR T A
R A S O R R . A, NESMAOUT 26
BE T A 20 PR A AR 4 o A P R - O R R
A RFOR I T AR . LISEER T
— ik G 5k 2 9 2% 5 T R ML B0 R0 AR R 3 1 o
T ZR G0, M B IR 03 B 7 YR DAl B AR T SR, 2
FRTT THEERCR

Bifi 5 1P 28 D) 24 0 O 22 A b Ay e oy 1oz Y, A
FENVIF IR — IR R L S5 MR B 456 19 ).
XRS5 g BT b 22 I 2 R HEFE R
DR P PR AR R S5, A RS T
TR A TE LR . SUNSE2 R T —Fh 24
AR S B s AR 38 o A I 25 0 v G
RIMG SRS Z IR ST HRAE TR RGN E
NAES SR . BACHIRIZE 2 T —Fp
Z AR RAFE 2 > S PRI A 28 I 28 B A | o S 4 (51 45
RS SRS RHIE 5 06 R 15 S, SEHL T R R
5 RI 28 I 28 T R BE il B, F 22 SR AT 55 TR R
197 BRI

2 tEEEEIH

B RGUEARHESL R A 0 PR 1 4
A3 VRN UL T B 1Ak #3  AR EE A 25 A A A7
fith o A 5 76 8] bl 28 I 46 RS A, HARA 40 T 45 W)
KA BB LS T R B R AR Y T A
i AT A HZ AT B AL S HLH] L5, LA CRAR 7Y
REA A3 B AT OGRS Z5 A R-E s TEHE A
RGBS , 48 T VA TR Top—K HEAA R SERE T 125
2.1 FREEHE

R AR e 22 it R Ao 22 0 44 A5 7R 31| st T 12
15930 5 i 095 AW 5 T B 2 R R, R
5 b, 56 BB AL B S RRAE TR . RSB R
W PE S SO R AR ERUR P ID HL R 1D 43 3 0%
OB, B P - A T B E TR
B A PO A 5 H 2 - 9P 4, AR BLS Y E
e B8 < 2 1y LU A5 0) o3 G B A 3

B, TERRAE TR 43, % B 2 2 AR RRAE R
Z IR IS B AR AT BUE A 4, ERR R AR BT
R0 22 25 T A Ja e 5 TR B 358 P g s PE 4 4K
i A AL IV 4r  PE s o 25 AT R 31
A B2 0 FH P R 1) a4 T 201 P PR AT R R
(SRR i B [T el d IO N S D U S X (i s
PREA AL B, A AT S AR IE A 73 A

FLVR, B b BT (%) RS RO R P AR AR DL 254
i 7 A AR RS S v A9 E T8
PRI 47 User .Movie  Tag 3 Ff 15 fi 25 H . User
WEFRRHPNER,2S P ID CEEES S
B sk B R ALSE  Movie 19 RN LR
B A D AR A 5 (E B Tag 17
SRIR PO B PR AR R B B A A il %



o551

T SF BT IR R P 2 0 4 ) L SRR R G 121

AL P ID R ID BRAE N AR SE SO T T X R
SR EVOATIANE ik . KRR AP 5/
R KRR, R P X, L SR

BRETRR, FRBREIARE T AR, LR
M S5h % B OC &, Fos P 6 T ad B A
25, BRI ) 48R i 4

AR ENER £ 5147 & 12 o 24 A 5911 2 A I
g FEIERAS)Z 4T AT 55 Top-KHfEA#1T55
[ Users ] [ Movies ] — User ] Movie ]
Encoder Encoder
) AW 5 8
[ Ratings ] [ Tags ] l el [ wh m]
I v
‘ [ 22 24 2% S E WA
RS
GCN/GraphSAGE/GAT/HGNN| T v
T
T e AMHEPP A T
J&F AR
il L] || mies i B
FAFHmA HLRZ R A
Tag hu h_m v
A AR RS 2

Bl REEEIERE

IAEARGE [ AEIEEE P R ERAE [ ARBRRUERRE [ AT [

B e AR R

SNy

Flj

B
WP (| sgne | | 200 | 20| [LER | | e | | s
i | | 2 [ lng| |wiee| | 0 . || A2 || pyorh
W4
2 HiEAEREE
e B A PRGBS S R R EE A A N A AT .
B 2548, Tl — A& &R U B S E B M b = MLP,,(x,), (1)
2%, hy L 2 TN 24 3L o o o A A B T i R R = MLP,,. (x,), (2)

RUHEA TR 1) AR A 25
22 EMZMKERIZEH

PR B G R L R R b AR AT 4 —
AR S (5 AL B AP435 A — 1 1) Pl b 22
R 2% AL TR LA

FEASE ) U A0 B B, #4300 T8 R AF 2 5 1)
2 3 W 2 4 1 B2 (1 Re LU 343 ) 3 31l b 38
FH PR B2 ARAE o FLARTT T, FH P RRAE A0 L S R AE
A RIS B RIS, 2l R )R
AR EAR T, A U P AR A, X —

Horr,x, A, 43 500 J5 26 TP R H SRR AE 1) 25, A
FI R SRy X 07 (AR I 1 A 3B P S 1R R AiE B
A RCH A A R = e s TR P ) R

FEI BAG 25 A B B2 M2 ML, SEBT S
] 48315 B i sh &R A o FIH GCN . GraphSAGE
GAT K HGNN X B8 J5 1) L 52 ik A 3R 47 i3 — 20 Ak
B 5, ] AR 0 im Y S 2 R R A HOE R,
It B E g it 5 F RR i R A 2 B AR SR,
MIGTRAAE Y FRIRRE T . BRI ARSI

1) BA R 4 - GON X 4B Mgt 47 X AR IH —



122 HE 2R AR (A IRBEA AR

545 3%

FRAL B, (45 AE A5 4 I PR R BB R e M e i
A 2 3 B R R X T e RRAE A TR MR AR 4, TR
FT 4B INALR FERAE , B A 4B R AT AL AR S
HZE L7 X~ X (3) s .

HO = o 2 ADTHOWY), (3)

Hr A= A+ 1IN RAERE AR [ 3% 14830
Ve, D& A 2R , HO 98 55 — )2 0 i A RRAE X,
H D kg AR, WO M ABCERERE , o (+) M AR

VR, D AD 3R M A MR AL T
2) GraphSAGE : GraphSAGE M 45> 55 1 45 45§
B AL RAE: [P S B0 (R 40 R i, AR S (SR A0k
W XoF 400 9 SRR AE 2R AT Y A A B A B R R 4R
B E RN , RA G MR EE o AR A B BT
TH S F AR A TS A A
hy. = MEAN {h,,u e N(v)}, (4)

R+ = U(W-CONCAT(hg,”, h%)), (5)

Hor by T AR TR R RS R, A (0) T R0 1Y
BN A WO ST A A RO i
AR R AR B AR L AR 4 BT AURHE

3)EERE S ML GAT 5 A A ERE SIHLH, A
VI RS (8 48 J 43 B AS [R] B AR A6 SRS 240 4
FHPE By R gy R 22 . Hrh R R AL
THEAT

e; = LeakyReLU(aT[Whi" Whj]), (6)

exp(e,-,-) (7)

S exples)’

Horp a T2 2] By ), b, AR 43500 2T A5 AT
A BRRIE ) i, B T A R R R AE OGP . A
SR 4 IEAT BT ) 3k DUAR U 2 2] i B Ol
A E 4510 .

4) A6 P b 22 R 2% 3l 2o e AR SR SRR
PR A DGR AW LT 3 55 A% otk As :
F=VE5r -2 HR K B 3EAC B s -8 T —#r
2, KA AR i i SOGHK s F P —f FH—hR s, kA
B P DL b R A o X T ARG 4E , HONN
o R 2 S 1 PR T T D 8% A T AR L 2 2T 4R
R, AR 35— AT 22 2] i R &, A
T H AL G AN R TCRAR T I s R T R 2
AT, DT SEORS M 1 A B2 v 1 52 40 UM L

a; = softmaxj(el-j-) =

JIT A AR A S5 3 B W 2 RS ARZ | U2 4 i 42
—WE R 64, Ll MIZEERG, 7T LS B R AW
PR R T A RY o e 1 E A 2
— N ZZANHL 8 T Sigmoid BRI FCEE i b g
N[0, 1D E P, F20 0 4R P 40 TS 20 2F 20 T 45
T, TE LN AR 1 I i J 0000 245 S % iy 28] i 1 V1|
it
23 EEFER

HeAF TR AN 3 i , BAR S R LA P43 o

P P 3 s W
'
LRI
CRMF 1)
'
P 4} 514
'
S 7 7 o
by HE PRSP

| v

i FHIGNNEDH Bl Top- KAEis

v
\—l TELEED
Chatil. 2e)

TEAE D RITTA v
NARE =P

3 EFEREE

1)%FF3E2 B, 28 0 B A I 2R O A 1
XoF 28 R A4 P — BB X A T 0

2) &R} Top-K 47, RGE M UL 1 s
AR BRI , X LR 4 5 P ARG i 52
Lk S 2 1 o) , REE i P E &0
B RLE  BEMTAT B — A RGO A 1 B e 477
IR R TREAMEERE , R GH A B2 &
22 O RS AT P TN , 2 R 5 5 5 R
B3 A 2 IR AR R I P LR AR A AR S
TR HAZ A2 R > L P RIS O TR RRAE , A
AR B8 FH 7 B0 % R i 4 o AEASE B A LY B, O 1 4R
THRCER, R GEAE ARG BETHIR R B g ri 32 B 73
NP W £ FH-4% [y HE T , e B BT Top—K /1>
Iy LA AR A R




o551

T SF BT IR R P 2 0 4 ) L SRR R G 123

3 KWHERENN

3.1 HiEK

SRR SR H A 1 P 28 P 2R AGE Y R 28R, R
Al 5% 396 5 2 FF 1) MovieLens H, 52 VF 43 5 35 42 >k 58
B B TR R G AT B
PR T R RV B0 o 7RI B0 S 6 25 2R
AT EEME  BE 88 3SR BT MovieLens £8H54E %
PATEES , Bl ml-latest—small .m1-100 k & ml-10 m, X
3G AR iR s AN [ P 5 B R B L BT o4
i, 2 B A S R B R E B AR R 1R .

F1 BIEEER

LGRS FH PR CiN 21 WAL
ml-latest—small 610 9742 100 836
ml-100 k 943 1682 100 000
ml-10 m 71 000 10 681 10 000 000

I A B AR 2 A 2.1 795 ik ) i R AT kb
AP - HILSR N A RE 5 8 210
A SR 57 .

32 EWIRE

A SE G 7E PyTorch HESE T SEH, BT A7 1578 R
FHIFI BN LR . YNZRFE A LR R 500 %6, FLA5=.C
HIA 155 AR 1R 05 AL 3R/ INgE— Sy 256,
BBl S AR RIFEHLF S 2817, S
i I S 00 S - RO 2 4 BE AE 132, 64, 128} ik
PR 64, 1 R 4E B 7e /N AR b o i A KB R
JEECR N 22 3 BRI I 25 2 T B0 i R A 22 )
F7£{0.01,0.001,0.000 5} #1345 0.001, HGNN H 2
B, R FHE /MY 0.000 5 427 3 R PAFIEDI 25
Fard . MEFEIPALh, IEAEA R A 3.5, % (K
5 MovieLens £ 454 ¥ 404 S w WA SR B0E , B
PEITAMIET 3.5 (2 B SR FH P IS E ) ) it o
3.3 EMMERR

SRy 4 T VPAG 55 78 1 8, A S 9 DA 43 F3 000
Top—K HEXE P4k BE AT 1TAL
1) o

PE T B 2R FH 42 75 1% 22 (Mean Squared Error,
MSE) F1°F ¥4 4 %} 15% 22 (Mean Absolute Error, MAE)
YERVEMFER . TR AT .

5MSE:%2(%_5’:')2» (8)

i=1

13 2
Owap = ;z‘% —Yi

i=1

, (9)

Horp,y 25 i DR R ELSHE, KRR P LY
SEBRVEST 7, X L A TR, 2 7 B AY S i) FH P
XFHLEZ VT, n e FEAS KR, 8,y F1 8y X PN FE AR
(BN BRIV RE LT
2) Top—K«’}ﬁf’?

Top—K 77 246 Mg i (Il 52 v,y JH P 47
I5e ] RE BN BT KR 52, Horh K 3Rs — M IE R AL
(ANK=5,10,15%) . 140, Top-5 447 : P 472
% AT REBE WA HT ST HL Y o Top—K HEFFATE 55 Rk
FE B Precision@K FlIH—fb 34 Rt 25 NDCC@K
(Normalized Discounted Cumulative Gain at K) /&
PR R

Precision@K = 2 F K R /R FE 1T K M HEA7 45
b, 50 b P A I A2 LA LR i Y A
HEALT

TP@K
eisin @K = g FP@K (10)

Horp, TP@K 7R H BUAE FH P I 22 Bl s i
SRR, FP@K Fom A H BLTE FH P D 4R 58 Bl
SR R ER . IR AR PR B RO AT
NDCG@K J&— 25575 B 7 24 B AT HE & Nor
B RS , Ha AR
8 @K
S @K’

HH,8,..@K(Discounted Cumulative Gain at K) FH %
Mr ST KAL) i, HE 4 R T 1 P %
T, X453 1) DTk K 58,0 @K (1deal DCG at K) J&
IS b BEIS BN 5K 8,00 @K fHL, U8 T4 I P 5K
TSR I [ e HES A BRAR B 3 o [RIAE X HE A (B
K, BN LA R T o
3.4 ERS5H5H
34.1 R TRMAES

W 2 JIT 78 oAy 4 Fofr ] 4o 425 ) 24 A5 AR 1) T 01
(AR MR T (e A D 3 [ B 3= 1) i AN
TR FE T, BT A AR B A B8 i f K A ml-10 m
B L n R R M fd, Hitp  HGNN [ MSE
0.861 3 . MAE 4 0.719 7 F B 4f , 1M 7F ml-100 k %¢
g R P , A BRI MSE 2078 1.071 6~1.072 1
Z ] 3 — SR BT B AL 1 i A OC B Y
M), BRI M A R, B R ek P A R A 4 92 4
R T S5, T A B R A R

MRGEME , A B RAE ml-10 m b bR ifE 22 i
/N, HGNN ) MSE #5 #f£ 22 {4 0.001 2, HGNN 7£ {&

Snnec @K = (11)



124

HE 2R AR (A IRBEA AR

i 45 4%

FRR AR IR 2 1Y [R] B o 25t dse /) , D B S A PRI 25 4y
AART DAHR 5 vERf 1 , 268 0T A5 2 2 1, m1-100 k

AR RE 22 S /0N , Tl B RRA MUASEAS 2 I A Y
PEFERE A R

F2 S TRIEEER
o ml-latest—small ml-100 k ml-10 m
Sysi Syiak Oyisk Syar Sysi Oyak
GCN 0.932 8+£0.009 8  0.732 0+0.006 5  1.072 1+0.004 5  0.826 7+0.0032  0.868 9+0.001 8  0.724 9+0.001 2
GraphSAGE ~ 0.927 8+0.006 7  0.731 7+0.0050 1.071 8+0.004 0 0.826 5+0.0028  0.868 9+0.001 6  0.725 3+0.001 1
GAT 0.933 2+0.004 8  0.7304+0.003 1  1.071 7+0.003 6  0.826 4+0.0025 0.8652+0.001 4  0.723 1+0.000 9
HGNN 0.923 0£0.0038 0.729 8+0.0029 1.071 6+0.0032 0.8262+0.0022 0.861 3+0.0012 0.719 7+0.000 8

R AR AR R AR IR
342 fHAES

F3JRIRT AFP I 28 B A HE AT 55
f) Precision@5 MINDCGC@5 {H . 7] LA 2], Hd A
5 A2 M R 2R, BT A B R AE B KA ml-10 m 3K
P AE LS T % fE Y Precision@5 F1 NDCG@5, LA
HGNN ] 0.335 1 F10.429 5 M HcAf , 7658/ )

ml-100 k Z¥a 4 R M2 . ml-latest—small Z(H5
P4 B0 mi-100 kA , {H HAE 72 M A 20 5
e, X — IR R FEHEFEAT 55 vh B i s o )
F 55 8 R 22 e (D P B50RN HR 52 280 % T AR B 2
I AR B P %R AR o T, s )
REI 7Aoo R

R3 EENRITMGIER

- ml-latest—small ml-100 k ml-10 m
B
SI,MA,-AM@S Onpec @S Bl»rtt(:ision O @S Sl)mt'ision@s Onpec @S
GCN 0.312 6+£0.001 5 0.401 2+0.0020 0.2854+0.000 8  0.372 8+0.001 0  0.334 5+0.000 2  0.428 9+0.000 3
GraphSAGE ~ 0.3158+0.001 4  0.405 7+0.001 8 0.286 1+0.001 1 ~ 0.373 5+0.001 5 0.334 2+0.0003  0.428 3+0.000 4
GAT 0.3172+0.001 1 0.407 5+£0.001 5 0.2859+0.0009 0.373 1+0.0009  0.333 8+0.0004  0.427 6+0.000 5
HGNN 0.319 2+0.0009  0.409 6+0.001 2 0.287 3+0.0007 0.375 0+0.000 8 0.335 1£0.000 1  0.429 5+0.000 2

SRR RE R R A AT

AR P BE () 5 1) X LR B, HONN 78 3 M8
P AL B T A FE bR L IR RRS S, U R AE ml-latest—
small 3038 4E |, H Precision@5 7 0.319 2, NDCG@5
40409 6, T H AR AY | 33015 B 544 1 Ao 4 o 2%
LA 22T RS OC R RRUE IR b
P2 P 48R, DT A2 BT e 0T i () HEAE 51 3R, T
GAT 7F ml-latest—small _EFEI XA, FRIEW T 1E

T IIHUIAE AU 4B B B 07 T A R

& 4 F1IE 550 B E/R T Precision@5 FINDCG@5
XTI, HGNN 78 i A7 i E B R A AL, GAT 7E
ml-latest—small | XA, [BLE ml-10 m FFEA T
R A I 0 T D ML T I 2 P00 S5 T 5 B i Pk
il . 28 LTk, HGNN (1) 5544 56 Z B 7E A Rl
52K Z5H4E B 7 B A P

== ml-latest-small
== ml-100 k
== ml-10 m

03345

03342

GraphSAGE
Model

03338

4 Precision@5 Xt EE

0.3351




LERR

T A FET R A b 22 I 25 1) HL AR R S8 125

045 == ml-latest-small
== ml-100 k

o == ml-10 m

048 0.428 9 0.4283 04276 04295

GCN GraphSAGE
Model

GAT HGNN

B 5 NDCG@53ttkE

3.4.3 HGNN L% HUH 247

HGNN 7E&- 55 rh ¥ S I L 2 5, ixX E A5
te T H A E#BHLE] . GCN . GraphSAGE Fil GAT
TE AL NP T B R BT A 5T s R A [ A 4544
L X AR R X225 1 HGNN i
i HeteroConv A P —HLEZ HLRZ—FRs  FH P —hr %
3 i 2 AL 43 50 15 gk ST B4 T B A% i pR R, (AR AR
RIS A X AR R IR E MR G E, LS,
HGNN RE[R] A 7 5 B2 19 B3 AE L AR 4
FH PR 281 U e B SCBR AR, AT AR T = e i
PRI S o AW IR B A & 3 Ry A
PR3P R AT X P A ZE A IE A R T
HGNN fy AL 3, 11 [F] # GNIN 52 50 7 b 3 B 2593
KR EEAIE B X R T HGNN 7E 525 v R L o
P A

4 BRERE

AR R T RS MR (5 B B R A
W, £ 2> MovieLens 245 X} GCN,GraphSAGE,
GAT S HGNN ZEAT X} FESE 5, 45 R R W HGNN 7E 1
53 T 5 Top—K AT 55 h 453G R E A, L HZ
TE R ABECHE A b T 5 2 TEAIG MG B S
LB ARG T R AT, XU TE 1 S [RTA 28 1
28 AE R B T 1 AR AT 55 TP B A R, R i S
BRI B SE S

AR FEAIIE T B P2 TR R G Y
P, o M HE T IR 55 S i T AT R AR i e
28R AL ok AL 254 2 ST BILD  OF Rl
FHIE , 288500 % s AR UE Bok#— 2T R
8 1 3 PO AT A R

SE Lk

(115 AR, TR K, 45 . HEFE R GEV2 )3 ol 1) R i ke O
B RR [T ]. LR ST, 2024, 18(5) : 1197-
1210.

(2 X0t , 2 T, X0 T3, 45 L T Al 2 > i R R 3
HERRBF ST LR IR )], THAMLIL FIWFST , 2024,41(9) : 2561
2572.

[3]WANG Z, WANG Z L, LI X, et al. Exploring multi—
dimension User—item interactions with attentional knowledge
graph neural networks for recommendation [J]. IEEE
Transactions on Big Data, 2022 ,9(1):212-226.

[4]BHATTI U A, TANG H, WU G, et al. Deep learning with
Graph Convolutional Networks: An overview and latest ap-
plications in computational intelligence [J]. International
Journal of Intelligent Systems,2023,2023:8342104.

(5 fomiheas . 5L T IR 22 RO 2% B AR R GE B0 T S SE B D .
2N PHAL R R A%, 2022.

[6]KIPF T N, WELLING M. Semi-Supervised classification
with graph convolutional networks [ C]//Proceedings of the
International Conference on Learning Representations (ICLR).
Toulon:ICLR,2017:1-9.

[7JHAMILTON W L, YING R, LESKOVEC J. Inductive
representation learning on large graphs [ C]//Proceedings of
the 31st International Conference on Neural Information
Processing Systems (NIPS 2017). Long Beach: Curran As-
sociates Incorporated ,2017:1025-1035.

[8]VELICKOVIC P, CUCURULL G, CASANOVA A, et al.
Graph attention networks [R]. Tthaca: Cornell University
Library,2017.

[9]ZHANG J,SHI X, XIE J, et al. Heterogeneous graph neural
network [C]//Proceedings of the 25th ACM SIGKDD
International Conference on Knowledge Discovery & Data
Mining. Anchorage: ACM,2019:793-803.

[10]BASTOS A,NADGERI A, SINGH K, et al. RECON: Rela-



126 SEZ AR (A SRR E R 545 %

tion extraction using knowledge graph context in a graph
neural network [C}//Proceedings of the Web Conference.
Ljubljana: ACM,2021:1673-1685.

[11]YE R, LI X, FANG Y, et al. A vectorized relational graph
convolutional network for multi-relational network align-
ment [ C]//2019 IEEE International Conference on Data
Mining (ICDM). Beijing: IEEE,2019:4135-4141.

120 . LT R PR 1 55 1 T 22 I 45 9 ST R 48
Bt S EIID ). AR H R K, 2025.

(1314 WP . i TR I 1 1 A M Ak H B2 R G AIE S
HSEIID]. A7 T A1 TR, 2023.

(14 XA . TR G B9 B SRR RGEWTSE[D ). KA
WIPHR#,2023.

[15]MISHRA R,SHRIDEVI S. Knowledge graph driven medicine
recommendation system using graph neural networks on
longitudinal medical records[J]. Scientific Reports, 2024,
14(1):25449.

[16]NGUYEN D A,KHA S,LE T V. HybridGCN: An integra-
tive model for scalable recommender systems with knowledge
graph and graph neural networks[J]. International Journal
of Advanced Computer Science and Applications, 2024,
15(5):1327-1337.

HRHE A 5 K R ,2025,35(8) :128-135.

(I8 EH . JE T 1 1 22 0 4 4 23 T B AE R G 7 I F 9T 5
LD ] LR - P FH Tl K%, 2024,

[19INESMAOUI R, LOUHICHI M, LAZAAR M. A collabora-
tive filtering movies recommendation system based on graph
neural network [ ] ]. Procedia Computer Science, 2023,220:
456-461.

[20]L.1 W,ZHONG H,ZHOU J, et al. An attention mechanism
and residual network based knowledge graph—enhanced
recommender system [Jl. Knowledge—Based Systems , 2024,
299:112042.

(20 a0 . 3T 5 o Il Ao 2 P 25 1) L s HE AR R GET 38 (D .
HPKFERIRHL R %, 2022.

[22]SUN R, ZHANG W, MA Y, et al. MKGAT: Multi-modal
knowledge graph attention network for recommendation
[ Cl//Proceedings of the 29th ACM International Confer-
ence on Information and Knowledge Management (CIKM
2020). New York: ACM,2020: 1483-1492.

[23 ]BACHIRI K, AL SAREM M, ALJOHANI N R. MM-HGNN :
Multimodal representation learning heterogeneous graph
neural network [J]. Cognitive Computation, 2025, 17 (2) :
1-15.

(17 ] SR 600G . BT AR RIS ey ) i) il R . [REHRE £ F]

Knowledge Graph and Graph Neural Network—based movie
recommendation system

DING Cangfeng, LEI Ping, HAN Xueqin

(College of Mathematics and Computer Science, Yan’an University, Yan an 716000, China)
Abstract: The explosive growth of Internet film and television resources has caused users to fall into information
overload and selection dilemma. However, the traditional recommendation system is difficult to meet the actual
needs due to data sparsity, cold start and insufficient interpretability. Although knowledge graph and graph neural
network technology provide a new path for recommendation system optimization, the existing research still has
deficiencies in the quality of graph construction, model selection and coordination mechanism, especially the lack
of systematic comparative analysis of mainstream graph neural network models. To this end, this paper constructs a
knowledge graph that integrates user, movie and type information, and compares graph convolutional network,
GraphSAGE, graph attention network and Heterogeneous Graph Neural Network (HGNN) on three Movielens
datasets of different sizes. The experimental results show that HGNN exhibits optimal performance in both rating
prediction and Top—K recommendation tasks. Its mean square error and mean absolute error on the ml-10 m dataset
are as low as 0.861 3 and 0.719 7, respectively. Precision@5 and NDCG@5 are 0.335 1 and 0.429 5, respectively.
The research results confirm the advantages of HGNN in modeling heterogeneous semantic relations, and provide a
key empirical basis for the model selection of knowledge graph enhancement recommendation system.

Key words: Knowledge Graph; Graph Neural Network; movie recommendation system; Heterogeneous Graph
Neural Network



