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lizing attention mechanisms to distinguish node importance. However, such methods have limitations in capturing

complete topological information and node feature diversity. To address these issues, a heterogeneous graph neural

network algorithm based on topological information enhancement was proposed. Firstly, local topological information

was incorporated, aggregating from a local perspective. Then, context sampling was combined with structural atten-

tion mechanisms to dynamically identify and weight aggregate key higher-order topological information. Finally,

node heterogeneous information was preserved through feature space stacking technology and multi-head self-

attention mechanisms were employed to cross-type aggregate node attributes, achieving the capture of complex se-

mantics. Experimental results on multiple public datasets demonstrate that this method excels in capturing heteroge-

neous graph topological information and preserving node heterogeneous information. Compared to various baseline

methods, in node classification tasks, the Macro-F1 metric is improved by an average of 0.52%~2.15%. In clustering

tasks, the normalized mutual information (NMI) value is improved by an average of 1.26%~2.65%.

Key words: heterogeneous graph, graph neural network, graph embedding, attention mechanism
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(18) X ANFSEALAT s RHAE HEAT INBUER &
13BN AT AR IR by
(19) end for
REIHT SNER H=ho, by, h,_1;
(200 end
ML 2 Al sn, AR (20 ~ () 17Xt
W VI IR R AEREAT AR, B LR 25—
FRAEsal, AEWRAID T SRR B (5 ~ (8)
TR SRR TR G R 28, U
BRO\IILRMHAME L 5 (9 ~ (12) 1T
A R SCBERLR AR FR A R A 51, R4
& BRI HLH LI S R AME R R A
% (13 ~ (18) ATRIREFR AR KRBT 5N
FRAER ()2 IbLE], AR A5 AR BRE .

4 SIWESERSH

4.1 HIEE
AR 3A AR AT 520G, BuE4E
iR W 1,

* 1 BIEKEE

EEIE S AR LR HA R B
DBLP Author: 4057 239566  Author 4
Paper: 14 328
Term: 7723
Venue: 20
ACM Paper: 3 025
Author: 5959
Subject: 56
Term: 1902
IMDB Movie: 4932 86 642 Movie 5
Director: 2393
Actor: 6124
Keyword: 7971

547 872 Paper 3

(1) DBLP 2l HHF S H A H Wk, 5
MRy 4R, AR N6 M. TErRKEIRA
AR B SR bR 28, WRRHUE . iz

. NTRRERGEERR. Hb, IZ4ESNR
LW I AT BT, &S L 2= S AN
it 10%. Bt4h, 7€ DBLP A+, (L Author 2§
B A RHE R, R S N E e
R TR 84.48%. NIk, ANAETCEMET
AREI BT RFROR T S B

(2) ACM 2 5| ST 2 5 H P . 17 s 28 80K
4, RBP4 H AR A TR S
TRMRARAE, WG BdEE. TAEE MR
248 Horb, YIZREEATINALE 1 26 0 7 A B e 1)
flir, 20 (8] 1) ) 2 e AN 5%, HL
AR B, A, TEACM R,
Paper 2885 s I AR RFAELEE v 1 902, T HoRk
RPN TR R, T R 72.36%. ]
I, Paper 2K ALY fULE#M 4 T0 &8 PR AU R A AL
SR RIS BE

(3) IMDB & X T H 7R B . 15
BN AR, HSEAN 6 Fh. 55552 H bR oA T
MR AU RAREE, B ME. FRl. XK
JAIL EZAEAMEU . o, I ZREE AN AR ) 3 )
SRR, S B LA A T 15%~
25%, AARIFMESBESRERE. o, £
IMDB ¥4 #E 7, Movie 8845 i B £ & 1115
SFFAE, HATURRAAEAE L 3 489, 1 HA 49 AL
BIATE M s, T RS 76.98%. R,
Movie 1 fU7E 5 44 B v B B2 A8 SUERT, A
BT e @ P s kb 4
4.2 iR

A oy 2R 92 56 46 F Macro-F1 1 Micro-F1 1F
VRO ARRR, H T TR )4y KR . H AR
E Xt (24) FIsK (25 Fios:

TP, TP,

P-= TPZ+FPZ’RZ: TP.+FN.

1 &2xP, R,
Macro—F1 = fzm (24)
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2. TPtotal
2- TPtotal + 1:Ptotal + FNtotal

AT RIS, R AP fR bR E —
L H A% 2. (normalized mutual information, NMI)
5 #1454 (adjusted Rand index, ARD 3K
M R REE R EG R i — 8tk . H A
SE X (26) Fis:

Micro—-F1= (25

I(X.Y)

VHX)H(Y)

B p(x.y)
IX.7)= ;X;P(x’y) log L p()

RI- E[RI] _a+d
max(RD)- E[RI] N0- s (26)

Fo, XAY 53 BB R AE AR, I(X,Y)
RECT 2N EHRZREEE, ploy) X Y H
WRE MR AT, p() A p(y) 70 T2 XA Y (1932 Bk
I3 . HX)MHY) 7 ml 2 XM Y RS, arg24
TCE M IER KB A — A, diR2 ek
W IEH KRB RS E, nRFEAR LS.
4.3 XfELAERY

N T 4 if VE A4S TEHGNN [P fE, A ik #%
Z R EAREHEMEAN L, FRRILET S
KM ERBMELS PRI ITHE, DR
TEHGNN 7E fift Je I 8 F AR 44 o HLpA i A A 4%
wr.

(1) GATPY: —Fh 2 i [7] #y 15] fo 22 ) 2% 55
B, A RS B AR AR 5N R L
i, A SRR A AR RS B BE AR A AT 1)
TN E ., 550 e, g
TEHGNN 5 ¥ F1 75 5 53 46 PR vE & 0 B i A
Rk

(2) GONU — Pk A 1R 5N B 4 H %k
P[RR B R 22 I 28 B0, 3 B R e X A
AN R FLAT B SR AE AT B Y BN AL
RE, LHUFIEM S . 58RIz,
e TEHGNN 73 J2 #h#MME B R & 1A U &

NMI(X, Y)=

ARI=

TR RS B 2

(3) GTN (graph transformer network) |
— M B B A BT R A ) A B R 2 M 2 B, A
PG AR ARl 08 B P S5 A R oA, i 28] s
SOoUE B BRI SRR . SR EEXT L,
EW 5% tH TEHGNN 7 & B4 4 1 Sk it E A 2
BERAE e 57 4 3K i o 4 ME JE R DB

(4> HANU: —Fhini i T GAT BEAL (1 5
BIsh 2 W 28 505, TR T RURATE LA
JERGIER RS, TS SERE I TR
MR EAE R, B X BRI TR R RS
o HizSAMXTEsLK, fE AT TEHGNN
R IME SRR S 3N, RBIRHME B
MR S B

(5) MAGNN_AC (metapath aggregated graph

291,

neural network via attribute completion) :  —Fft £
TIEMHEAN R A B N HELE, K Tl 2 ik
MNERRIEIR AN, R E B I 4208 1
Mo MR R RRIME R . S E R
SIS, FEREZR HY TEHGNN il 3K = B 46 M5 B 1
WL

(6) Simple-HGN!: b 2 1 57 44 B o 22
W2, MR WL T B RN R N ) B
PR, N AR 22 B A OB N 2R 1) R, I ad i
BIIRAEARBOT R A RN o 52 R HE Sk
5, RO UIE AR S S B RRAE 2% (] 2 IO L] g o
T SRR 1) LR R

(7) NLA-GNN (non-local information aggre-
gated graph neural network) P%: —Fh &5 E R
5 S AR IR 28 v, R R AN AR R
EERATT SN o 1ZEEE e B AN
AR, HUGE R AL R 2 R
A, SN EERETERBERERE. &
ZEERO B R W, TEHGNN TER 3K = 46
IMERMEALBEN SBIMEE T IE R
B
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4.4 INEE
A% X fr ¢ TEHGNN [1) 32 47 i {1 35 5% 4 In-
tel(R) Xeon(R) Platinum 8474C CPU+RTX 4090D
(24 GB) GPU, W17 N80 GB, #1E&%i N Ubuntu
18.04. fEHMIF K THAHE: python3.8. pytorch
1.13.1+cull7. dgl 1.0.0+cull7 LA} cuda 11.7.
3P4 Bk TEHGNN 3 i 22 7k 92 96 1
LS4 %)% EN0.005, YIGERN
300, EFEFNO0.5, FAFM A N30, ZRHEE
HAIEI 8. BRgUZ e N4 R e B AR s 4
fi5€, IMDB 128, ACM f1DBLP A 64. *fEb
SIS N B S S AEF 4 R RS
45 TRHE
TR SR R VP AN Y AR N ORI Sk

/\7*&

B o A SCR F SRR ) B HLA RN S R 2R AT
Iy R E 20% 40%- 60%- 80% [ 2 L5l
I E S I 10 RIUIEAE & 45 R Wmaﬁ
A Macro-F1 1 Micro-F1, 7 554323 (F 45 5206 45
W2, K2 gL RN 7R ER, /Mic
S5 R LUR H AR

fHE# 2 A[ %1, TEHGNN 7£ 3 A [A) 58 45 -
FK U . /£ IMDB %5 %€ I, TEHGNN [
Macro-F1 Fll Micro-F1 R AH T L £ -1 42
T+ 0.52%~2.04%; {E ACM %445 b, & FHI%
40.26%~0.39%; £ DBLP ¥4 4 I, $T-ig
790.23%~0.35%. 1X 3] TEHGNN 7EA ] 544 &
Wb B B & BOR I St

S AE R, R B0 22 0 2% E AL 3 7 A

R2 TROLESZSIHER

g VPIERE O UIZRELLET GAT GCN GTN HAN  MAGNN AC Simple-HGN  NLA-GNN TEHGNN
IMDB  Macro-F1 20.0% 548%  50.0%  57.3%  57.5% 59.7% 62.2% 63.6% 63.8%
40.0% 55.1%  554%  57.9%  57.6% 60.2% 62.8% 64.0% 64.5%

60.0% 557%  56.9%  58.0%  57.8% 60.7% 63.6% 64.1% 64.6%

80.0% 554%  572%  58.8%  57.8% 60.8% 63.9% 64.2% 64.7%

Micro-F1 20.0% 55.0%  584%  57.1%  57.2% 59.8% 62.2% 63.4% 64.7%

40.0% 55.6%  589%  57.8%  57.6% 60.4% 62.5% 63.5% 65.0%

60.0% 55.9%  61.6%  57.9%  57.8% 60.8% 63.5% 63.9% 65.9%

80.0% 557%  557%  58.7%  58.0% 61.0% 63.9% 64.2% 66.1%

DBLP  Macro-F1 20.0% 66.9%  90.1%  91.7%  91.6% 93.9% 93.8% 94.3% 94.4%
40.0% 732%  90.3%  91.8%  91.6% 94.1% 93.8% 94.5% 94.8%

60.0% 772%  90.5%  92.0%  92.2% 94.0% 93.9% 94.6% 95.2%

80.0% 782%  90.8%  922%  92.3% 94.2% 94.3% 94.8% 95.4%

Micro-F1 20.0% 77.0%  90.5%  923%  92.3% 94.3% 94.2% 94.6% 95.2%

40.0% 79.6%  91.0%  92.5%  92.5% 94.5% 94.6% 94.7% 95.3%

60.0% 81.6%  91.1%  92.7%  92.7% 94.5% 94.6% 95.0% 95.6%

80.0% 82.2%  91.2%  92.8%  92.9% 94.6% 94.7% 95.6% 96.0%

ACM  Macro-F1 20.0% 89.6%  902%  90.9%  90.2% 91.5% 92.9% 93.0% 93.1%
40.0% 89.8%  90.8%  91.4%  902% 92.8% 93.0% 93.1% 93.2%

60.0% 89.7%  90.7%  91.7%  91.4% 93.3% 93.2% 93.4% 93.5%

80.0% 89.4%  914%  91.8%  91.6% 93.8% 93.5% 93.9% 94.8%

Micro-F1 20.0% 89.5%  903%  90.8%  89.9% 91.6% 92.7% 92.8% 92.9%

40.0% 89.7%  90.7%  912%  90.4% 92.9% 92.9% 93.0% 93.2%

60.0% 89.6%  91.3%  91.6%  91.4% 93.2% 93.5% 93.6% 94.2%

80.0% 89.3%  91.9%  91.8%  91.8% 93.5% 93.8% 93.9% 94.5%
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MBI A B 531X RN R B SRR X
SRR, SCRAR—MERE A, LA
IR A R AR . A R SR T R
EIEERERT i S ME R, E3 MRS
AW ERVEREIRT. BAT S, HANRHRUZE
BEANHRET RAEEE, AREET N AEE
FHIE, REEF T EEIRIME B . MAGNN_AC il
SURE= WAL 1K E N5 R e = W 1D B - L et
MG A B, $RTF TR BY T AU M 0l R e
77 Simple-HGN 5| A\ 31 4 i & 7L DA 2 A5
G e, HE OB BRI ON RO I R R P
NLA-GNN @& 7 /@3 MAE R M2 EXE LR, 6
S IR ST AT A ISR AT S BRI, IR TR K
Z W ORER ISR I — 7, RN T 3 2 )
(oG 5 HoAME o A SCHE HE ) TEHGNN JUJ A
WG R 5 RURHE AR Ok, BT
SHRLFE A B, EFRANERL T, TEHGNN
Wit T RS s hiME B R GBI, AMUAEE
W M EREAE X R, @S E N SCRAET
FGI NP BT A5 R, AT st =B 4R $h 5%
RIVEMRE S (ERFEEM T, TEHGNN 5] A
RRAE 25 18] & IHLARD B R L], oo SR
MEREE, REARWRER. Q&S ,
TEHGNN SEIL T 46 4025 14 5 J88 11 e AiE 1) F A i
G BRI T SRR HERAYE S RIA ).
46 TimEH

N T B0 AN RIS RY 4515 s N R B A
I, ASCEIMDB. ACM FIDBLP 3 M #E4E

BEAT BRSNS . SRR ] K-means 5%, T NMI
FTARI BT bR . FRAH LIS H 84T 100k, HUY
EENRAER, WREFMES LIRS,

M3 AL, TEHGNN 7ET i R BT 53R
B, 3 ANEE 4 I NMI AT AR $8 47 348 T
HoAhx H 7% . 1X 3 B TEHGNN A& J 11 715 05 ik
NAE AR ) 5] 15 286 53] X 43 77 T AT 5 5
HART S, HANFHXUZ R IR A S
fiE, ARG Z X0 @B 46 fME B A @R MAGNN_
AC I @ PEAN I 98 T 08 1 R R I R
B 0 $ME B R 3R B ;- Simple-HGN i
HING SN, /I 7B LS B3k R
77, ABfER RN BT A A 2 ;. NLA-GNN
A 7RSSR ZERER, BAELET
JE T R RE VBN AR . AHELZ T, TEHGNN
FERFAE S ¥ P AR B A A& SR I 4T
DRI AE SR RAT 55 TR A T B ) R
4.7 HRASLI

N TR IR SR A o, AR
ZANBRER, JEAEAR R SEIR I A S HO E T
BEATIHRSEES . S ARARRERL ) E LR .

(1) TEHGNN lIs: FoRAMEH i iME B
HE R

(2) TEHGNN hs: FRA 34T @B BEHLR
B, BRFEFIIKERERN L

(3) TEHGNN_s: RnRAEEGHIMEE, X
I BRI, AT 58 1 e SR RS
XAER.

®3 TREXEFSIRER

EAETE S PEA AR HAN MAGNN_AC Simple-HGN NLA-GNN TEHGNN
IMDB NMI 10.8% 13.7% 13.2% 15.6% 16.9%
ARI 11.1% 14.4% 14.9% 18.5% 19.4%
DBLP NMI 77.5% 79.6% 81.2% 81.6% 83.2%
ARI 78.0% 84.9% 85.0% 86.5% 87.4%
ACM NMI 77.5% 64.9% 65.3% 72.5% 74.6%
ARI 78.5% 68.5% 67.8% 74.5% 77.2%
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(4) TEHGNN_het: &7~ AT fURFE 25 H]
HEAT B INERAE

TEHGNN [ &N AR FIELE T U4y AR S5
(9 i S 6 8 SR 1 4 o o AR 45 SR AT LAAS
AR S,

97%

TEHGNN s
E= TEHGNN hs
EEEH TEHGNN  het
[T TEHGNN s
E=23 TEHGNN

96%

95%

Flfihi

94%

<[

93%

A

92%

Macro-F1
(a) DBLP

68%

TEHGNN s
E==] TEHGNN hs
EEFEH TEHGNN . het
[T TEHGNN s
66%f B3 TEHGNN

67%[

., 05%r

f

PR
:::::
R

F14k

64%-
63%|

62%}

61%

Macro-F1
(b) IMDB

4 RS

(1) TEHGNN s [P 5] 2 ik T TEHGNN,
R ER A6 HME B R AR IR A O R A
HEARIME R o T BT A, ISR
QABHE R IHUHRIAN 227 RURRAE,  i3E— 2D 1G5 R
FAME ST IRAE 77, ANTTTHG 5T SRR RIOR

(2) TEHGNN_hs [ 14 BE K T- TEHGNN,
BH =i B BE LR A S R A 2 40 s () s B 4T S
R, JHEE A REENEIINECER &,
SR AN S MR A IR BE T

(3) TEHGNN het 7E 3 M4 4 L PEREYY

BE TR, RUIRRIEZS 8 & ML B8O~ B A S
B I BRI T8 ORIV, T4 =y
SR &

(4) TEHGNN_s P Re N R N e #. 1
DBLP £ #5477, Macro-F1 #l Micro-F1 {8 %) 7l
92.9% F192.5%, % TEHGNN fZ7EW B %=, %
I AME BAET AR R F AT RAHERER L. 1%
FE A AE J PR AE R B () IMDB 045 45 b 3 i &2
BE— P IOE T PRANERITE L) 5o 1 A E
4.8 SHHEURMLE

N T MR B AE AN R S 5O BN 11 R AR
b, ASCAEDBLP #H4E FVit T 810N ZE R
SRR E S RIX 3N EE SR UM .
481 HALE

IRANYEE S HO BT an B S Fras o Bl 4 5 3
o, BALERE TG B . EARZERSOUR, ik
NYEFERE SRR B s (H 24 2t BT — € RME
G, TUREREMZ, 58I NE, M
BCMERE S FE . E DBLP #4lEdErh, HRN4EE N 64
INf 2 BB A, % WO R 8 4 7 B R T 22 ST R
73, AR FERE NS 20z AL RE T o

96.0

— = - Macro-F1
95.5}F —e— Micro-F1

92.0

16 32 128 256 512

64
RN HEED
B S BN B EHT

482 FIJH
2 O] SRR B A AL I Sk R B A B
Mo BRI 22 2] ] g S 50wt b, b
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SEOELAISR . BN S R B R R E 40
2, (HATRE S Bk g . RS in
K6 ffi~, fEDBLPHUREE b, 2 ] R E N
0.005 I, BEARUPEREIA B, HUIZRd RN
FasE o

96.0%

— ® - Macro-F1
95.5%} —e— Micro-F1

95.0%}
94.5%}

12 94.0%)
&

I 93.5%
93.0%}
92.5%}
92.0%}
1% 0.001 0.005 001 0.10

Rk
K6 =180
483 EFHE

TR E R A0 RE TR SRR
FEIZRd ey, CE AT R S EUR A IR 3
WG, MELARH TR mikim i &%
WA RE & 70t 2 A 2E 5, BREEIE % 5] 6
ERFEZHH KT R, 7 DBLP #HlE4E |,
MEFFRNOSK, HATERIERIRM, BRI
BRI PUL I G B TR R I IIZ A RCR

96.0%

— = - Macro-F1
95.5% —e— Micro-F1
95.0% [
94.5% [

& 94.0%

r

= 93.5%
93.0% |-

92.5% |-
92.0%

91.5%

02 04 0.6 08
ET =S
W7 ZHRRSHI

49 BHHRMSHR

N T IR S R AME B R A A A AN
SRAE P K FE X R VERE R 520, AR SCHE IMDB
B BT T ARREK R SER W E . K
KR HranE 8 o, W& RAECE M 5 3 2
50, Macro-F1 fllMicro-F1 g Fr#¥¢s: LTF, fEKSE
50 AR AR BB E S, PEREITR
TFE, JUHAERFEKE 9200 IR B A A
ZEHRY, RS R S A BHGR A A R
HINREEY, M ATRESI AR S E R, H
55 e ot AR FE T B AR SURE DTk, A, 1%
SIS [ I BIE 1 A T O S B SRR T A
H, it TG B R ) S

66%

Macro-F1
—e&—Micro-F1
64%[

62%

60%[

Fl4 s

58%[

56%[

o 1 I I I I I
4% s 10 20 50 100 200

P
B8 SRR

N T HCEL A B S B R R R AE T R
AN B, A SC/E DBLP s 45 E A T-
SNEP 5 9 368 45 5 #5 N HEAT B¢ 4 A0 T WAL AR R
RN TGS R W 9 frs . R
AKBEF AL BRWAEHARERX . 5k
3% Lk #¢ T MAGNN-AC. Simple-HGNN. NLA-
GNN 1 TEHGNN [ i #40 #x AN 285 F o AT 4L
ZEH KA, MAGNN-AC (1 N 53 A7 47176 B 2 1)
S S NI TR I SR . 1% 3K B FLAE AL B A
FRK RIS X 5 81855 Simple-HGNN [ 25
X 3 AH L MAGNN-AC 573 85, &K R %
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A ST d
20 d ™ Vg 20 ‘
B b A
0 ! 0 A0
20 5’,"‘" ‘t{.""'“ -0 f3F

-40 =20 0 20 40

(a) MAGNN-AC (b) Simple-HGNN

-40 =20 0 20 40 -40 =20 0 20

(¢) NLA-GNN (d) TEHGNN

9 WA AL ER

B AYR AR, HEAE 7 BREE . XEIIH
TE b 5 2R 4 s B R A HAE

FILLZ &, NLA-GNN F1 TEHGNN 7E 77 55 ik
N BRI PEETE AT I s S 30 i B )
AR, AFEZBIBI AT EIRAZ, TR
A G5 R BN EIE. Hd, TEHGNN
18] 28 AN E s X At /D, e — P IRIE 1 HAEST
MRRE )W % . TEHGNN [ 34 5 K F
BT RIE . R 4ME B s g b
[ AR R IME B, m R iME RR AL
i BENLIE AN A R R L IR s AME
T e S A SR S B e R 2 1) 3B A L £ BE
TARFZEBNT SIS, BEEGR 115 ORI
. 25 1, TEHGNN AMYAE i) #4656 o e 7
RUFIIZRIED AR, HONEERMTT R 5 RE
RS SR T SR FN I ERARIR -

5 HERE

TR S A A ME B A S RS
BEREG EMAR, A 7 — T HME
S Oy AN R EZ S 7 S 7 RF S bR ol
kRl A B R SCRENLRFE R R L
FVRRAE 25 18] B AL S 5 R, B 88 E T8
WRKHIMER, RN AEIMEE S BT
SR AR S, SEBL S E AE B A
2. RARIME, &5, TEHGNN A )& &6
P05 S B SR A PR SR AU R AR HME B
WRIG, FIH S ¥ IME B R S B i = B 4

JEFEH, TR HCZ B 4D A3 IME S e
i T R A 2 1) B AL AR SR R s B 0 4 S
RN RURFAE, JHEBNER IH I a5 8
HRTE ST RN o 7E 3 DA TTEUR 4R B s i
Z5 R W], TEHGNN fE T 70 RANT R R AE
S RILRLF, JUHAE AT E VN RO R 2
SRR IR FE NS, Wik 7 HAAEKRRR
2% W28 AT 55 H (R 8 7

AR SR RN BBEFE AT B BAR A7 1]
BEAT AL RISR I o (1) A S5 RORUARE S 44y 11 £ Ak
BT DLER R W 3 v RO R BUA ME B, X
BLHE BT I T A R0 2% (4719 s SR 55 A
SR BR AT, TS 1 3 N S s ) 45 37 5
(2) Ftxs 5 B s A 2 RE Ak, AT L
FEURAT A2 5 R RN RS AT RO AR BT R S A
FHER, XFREREAR T S AMIL LR H
MR AR, FFRTh @ T 5= 2% 2% ) S8 R U R 5
W, DL o AR AR A PSR o 1 1 R )
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