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Heterogeneous network representation learning based on metapath
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Abstract ; Focusing on the research on representation learning of information networks, a metapath attribute fusion graph neural net-
work (MAFGNN) based on metapath information fusion is proposed, which is to integrate the neighbor information of the target
node, including the metapath information, into the node before introducing the metapath in the heterogeneous network to achieve the
fusion of target node and neighbor information. This method first converts the attribute features of different types of nodes into di-
mensions to facilitate subsequent fusion operations. The fusion operation of target node information is completed by calculating the
weight values of target nodes and neighbor nodes. Then target nodes are fused according to specific metapaths, and finally different
semantic information is fused between different metapaths. Experiments on multiple heterogeneous information datasets show that the
MAFGNN model has the best performance and more accurate prediction results than the most advanced benchmark experiments in
dealing with heterogeneous network node embedding.
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Table 2 MAFGNN algorithm process
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Table 3 Experimental dataset required
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A 5 257
A 5912
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AR o B R Y TR AR AR A A, e Jm R 3 ZEIC 4% | APA,APCPA ,APTPA | , FEALIEHL 2 000 ME# 5 14
YE RN ZRAE 500 A5 AR R IRUESE 500 AT S VE A I SRR TS0 5

IMDB {4 82—~ H K HU S B0 2, (0 & 6 THURZ T B3 i T B I R E R



5 3 1 TR, A5 R T ITERAR B LR B0 5 B R0 28 R 2 9

SEUG A AR ) IMDB i — 74 | il i AL B 2 S5 A5 240 5 4 278 L B (movie, M) 2 081 i i
(director, D) 15 257 {ui{# b1 (actor, A) . HAPEFEEIE R 3 KW S (SIER ERIF KA |, B2 EE
HARIASRAIE 2 A, 5 J5 S e IO 28 TC 648 | MAM ,MDM | FEFILIEI 2 000 25 HL 529 s AE Il 254, 500 4
W RAE R RAELR 500 N SRR R A TS

ACM BRI T AR SCHREHE 4R | A S0 0038 2ok B ML ACM B8 4 19— A~ 32 85l , 485 Tk
S E]— AN 5 912 fifE#E 3 025 R5iE3C .57 > (subject, S) ) ACM T4, Hpig SCEA 3 Fibrss.
B ToL S B, IR N | PAP, PSP|, MHBEHLIEEL 1 000 5518 SCHE M I 4E 500
RV SCVE MIAIESE |1 525 R SO/ il
42 EEILR

ARSCHEH Y MAFGNN #5878 5 3 55 — S AL 345 [7] i 90 28 A5 76 11 S5 ot ) 45 S 28 1) B ofe S EA T T X L
AL R (55 ) 0 465 ARSI (] ( S S5 ) P ol 28 D) 28 A5 R R B i MAFGNIN B AR . o T 95 1iE MAF-
GNN LAY ()G %M, Sl PR RLE X L
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BT TR FAEIR TG ST oo B AR 19 [R5 R T 4ok H o421 25

(5) HERec: — i 5 o7 o £ #4750 i b (oo i A2 00 O X2 2 [R] B2 RS s i 3R, 4R 5 i i il &
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KECEL epoch ZEL E A 250, 3 LA 100 /> patience 1E At OB R N Zh X T4 52 i [F] 5T (&1 1 28 R 2% | 22
A5 o X 2 v A [R) Y 99 J5 A T 5250, A6 FREAILYE AE 1Y) DeepWalk . metapath2vec & AY [ 35 8 7 11K
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SCHE £S5 M Legion Y7000 2020H ; 4k £%-CPU ; Inter ( R) Core (TM) i7-10750H CPU @ 2.60GHz; N 17 :
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Table 4 Node Classification Experiment Result

Dataset Metrics DeepWalk metapath2vec GCN GAT HERec HAN MAFGNN
DELP Macro-F1 84.81 91.89 92.38 91.73 92.34 93.80 95.81
Micro-F1 86.26 92.80 93.09 92.55 93.27 93.99 96.00
IMDB Macro-F1 50.35 45.15 51.81 52.99 47.64 55.54 56.76
Micro-F1 54.33 48.81 54.61 56.97 50.99 57.60 59.20
ACM Macro-F1 57.38 53.99 61.89 66.39 73.92 77.32 84.83
Micro-F1 57.57 54.31 61.51 71.57 73.84 78.23 85.77

FESR 4 IR G R rh BRI A A B AR L W B S5 R T TR R . WEE 3R 4 AT, 7E DBLP £
i I Z BRI KA IZ = 0 25 0 ST (R R, AR 9 N 25 Hp A A 7 Lo e o S 60 v 2 s P 10 T 2 A 7Y
AT LAAL FRA R 58 2R S B R 4% T %) IMDB 1 ACM 3% RE Y /N BIASE R | 308 A0 455 780 I S LA e o1 2
IR, 1 MAFGNN B AU7E X PGB 45 T U125 B HER SR AE 60 FREIE AN 80 BREIT , 5 3 i S 50 AH Lt 2 A e
UFPERE , U6 A RN X /NRABE A 5 015 B I 28 LA B i Mg . X3 4 v 3 ANBUHiR 4R, AU MAF-
GNN R BUER HAT AT () 3R, R M AE TR I To AR T % BAR T s Jm MRl G 0 7 vk 3 55 s B Ros
A E A PERE . MAFGNN 5 HAN X LU DK H AR 5540 845 B 9| AU ZRid F 22 b B e e i 72
AT S5 i ATE A 3, MAFGNN 5 HERec i3 B R F 4R 2 T 642 19 Oy SR AR 2 (A7 S o f
W2 Rl B bR T ASRIAR R TSR B A E N EZ/E ., MAFGNN 54455 (1) [R] 5 ] i 268 P 28 578 GCN
FI GAT AEERUAH EE 18 A 3 758 7 ML X6 32 T A [ i B A2 14 408 i R0 ASL B 2 >0 B T 5% A 48 S AL ERE 2 )
45 TREEXK

fii 1] Kmeans 574 7E DBLP \IMDB Fl ACM $0#li 48 kAT 190 sl RIEVEAG . 515 d AT 55 AR 455
AT S AR B AR5 S TS BIE R KMeans A% A B Kmeans BOFEREEL K 58 0 4, By A 5L
BRI BIECE , ARG TR AR A LA B (NMI) AN % 78 R %0 ( ARD) SR VPG 5 R R R S5 R i, Hip
NMI ZEH ARI REGRF R EHEET 1 W SR AR RE . N TIHBRIA AR A MR8 KMeans .0 1520
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Table 5 Node clustering experiment results

Dataset Metrics DeepWalk metapath2vec GCN GAT HERec HAN MAFGNN
DBLP NMI 76.53 74.30 75.01 71.50 76.73 81.98 88.21
ARI 81.35 78.50 80.49 77.26 80.98 87.37 92.41
IMDE NMI 1.45 1.20 5.45 8.45 5.45 20.94 25.78
ARI 2.14 1.70 4.40 7.46 4.40 23.70 29.52
ACM NMI 41.61 21.22 40.44 56.26 40.70 59.17 68.61
ARI 35.10 21.00 29.59 53.69 37.13 59.48 71.39
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Fig.5 Node embedding experiment results
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