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Abstract: A self-supervised graph embedding approach based on hierarchical projection network called MeghenNet( multi-view heterogeneous

graph projection network ) was introduced to learn low-dimensional representations from multiple views. The concept of multiple-view heterogeneous

graphs was defined to explicitly allow the model to simultaneously collect information from multiple data sources for modeling heterogeneous graphs.

A hierarchical attention projection that involves a cross-relation projection to extract semantics information within each view was employed, followed

by a cross-view projection to aggregate contextual information from other views. The mutual information loss function between each view embedding

and the global embedding was computed to ensure the information consistency across views. Experimental results on several real-world datasets

demonstrate that the proposed method outperforms state-of-the-art approaches when handling multi-view heterogeneous graphs.
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graph neural network with attribute enhancement and
structure-aware attention, H-AESA)
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Fig.1 An example of multi-view heterogeneous graph
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Fig.2 MeghenNet framework
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Tab.1 Statistics of experimental datasets

W V-V, VOROE VRO R
M-U 3228 2103 148 502 3
IMDB M-A 3228 42553 68 281 1

M-D 3228 2 016 3214 1

B-U 2 614 1 286 30 838 3
B-S 2 614 2 2 614 1
Yelp
B-L 2 614 9 2614 1
B-R 2 614 2 2614 1
I-U 164 472 127 623 355072 4
Alibaba
1-C 127 623 101 127 623 1
I-U 2753 6 170 195791 5

Amazon 1I-v 2753 3 857 5 694 1
1-B 2753 334 2 753 1

IMDB : iZ 3 4% 4£ 1 MovieLens A1 IMDb X 3%
PRt AR (M) E 5 (A) P (U) FF4
(D) PURNT g 28R, Ho 4 2 A L —— 1
WAL E M-U Z[R ) =28 6 KRR, A5 5.

MEEZ 5 KFR M-A A M-D, L5 (M) 7] 4y
RER R RS R R U

Yelp: Zidls a2 & A7 (U) k55 (B) (BT
(R) k55 (S) AR (L) TAZEBIR 19 5. L5
g E R R 2 ) 22 A0 L e ) [ —— T
PRAEE S B-U 1) =Fh AR 5515 B
Kty & k& B-S B-L #l B-R, l55(B) & =14
oo

Alibaba : SL55 R F i BT L 0 X B8 B 5 45 °F- &
FLSCHIP — AT o 80 32 ) 2 R8s 4,
PR LIGE RS SR 451 B TR S A dnlEl 1
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o PSR SCRUARTE P AT LR 8
ST | ORI ) 4 I SK L 5 T
sire s JEL AL T B T N2 1) 2 ) ) A8 O R 2
FHP(U) ATREIE 948 A2 50

Amazon: V. B b B0 4 W] T B e B0 AF:
55 B A RIP (U) (R s (1) AL (V) F
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FHFA A0 PR R A R A 2R Y 22 A TR S
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3.1.2 AR AA
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UIVIU, UIBIU o XJF 500 & J7 32, 52 55 4 A [
83 s M R S A S IB T DR DA B A 4
Jry AR PR o R T B BT S A IR, S S AN [
126 RV E AN [A] 19 FLEE . IMDB Hp i M-U F1 Yelp
Wiy B-U Z A CHRAE Sy £1,2,3 5 Amazon H ]
FFsr R 1,2,3,4,51 5 Alibaba HH I 5T Z
(A EE TR B O i s 1 ACHRG: 2 IS I I ) 4.3
WG3K 241 o X TR AY MeghenNet, 5256 2R F 541
P i AP B S 32 ek 8, S i) o it
— RNV R BT (w08, = o (u, Ws,)
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Pt b 80% M ISR B AN 2R AE , Hoax ik
8 RS AL 5 10% Bl LR AR (1 1E 3 5 A2k
KA P BEHLRFER BAH R ECR A 0 . R RLE
A VNGRERIEAT N, A2 AR b 41 B 2 T
{14519 AUC F1 F1 435k,

PRt ERSRER g R IR 2. i X b
SR ZE R AT LIS Y, B4 /9 MeghenNet 7% H.
AT T A R, 5 B (I A B AR A
Ft, MeghenNet 1t 4% #2 7 I 4T 55 h 19 AUC 1
IMDB ., Yelp ., Alibaba I Amazon F /4y #4295 T
0.026 3.0.046 4.0.027 0 1 0.038 9, {HEF =
B2, [E] 44 & J7 2 Node2Vec Fll GraphSAGE 45 i
23t MEGNN 45 5345 J7 25 4R 15 5 5 1 AUC Al F1
38, IX WA HE I SO 58 B 1 JC AR T RE R 3L
HEERERIERE . o T 2L A 1 B 2 iR
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Tab.2 Performance evaluation of link prediction

HARHE  J5%F  Node2Vec GraphSAGE MEGNN  GIN  H-AESA  MNE ~ GATNE MHGCN  MeghenNet
AUC  0.7467  0.7843  0.8063 0.7442 0.8074 0.6506 0.7632 0.8162  0.8425
HHbo FI  0.6096  0.6899 0.6794 0.6103 0.6958 0.4859 0.6231 0.7031  0.746 2
AUC  0.8125  0.8438 0.7801 0.7963 0.8012 0.7530 0.8056 0.8269  0.8902
vl FI  0.6166  0.6741 0.6074 0.6241 0.6294 0.5794 0.6338 0.6791  0.803 7
_ AUC  0.7677  0.7913  0.7933 0.8142 0.7901 0.7766 0.8050 0.8359  0.8629
Alibaba FI  0.6862  0.7237 0.7059 0.7294 0.6967 0.6987 0.7251 0.7392  0.817 4
AUC  0.7553  0.8283  0.8045 0.8315 0.7985 0.7494 0.8467 0.8365  0.8856
Amazon FI  0.6492  0.7697 0.7664 0.7902 0.7323 0.6559 0.8025 0.7979  0.859 1

3.3 TEAE

R RAT S5 B e s R A ) B 15 R R
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PRI, I IR R 0935 Rt AT I, 40284 T 55
K IMDB H i B 52719 5 (M) Yelp Hridll 5515
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P 7 %, 3X S H AR Y v S ) 3 SO B R 3 2
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F1 1 Macro-F1 FSZEL T 25 0.05 (32 FF, @
b 5 5 T T AR Y S A ALY Y X L, BB 98 B0 UE
Z Z 0 B AOLH B A k. i Ah, 5 MNE A
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Tab.3 Performance evaluation of node classification

WIRSE  J5FF  Node2Vec GraphSAGE MEGNN H-AESA MNE  GATNE MHGCN MeghenNet
Micro-F1  0.5493  0.5747 0.5396 0.5865 0.6023 0.5253 0.5806 0.5913 0.6365
tMbe Macro-F1  0.4132  0.4071  0.3825 0.4976 0.4979 0.3511 0.4217 0.5023 0.5117
Micro-F1  0.7243  0.7437 0.7498 0.7235 0.7766 0.7067 0.7489 0.7601 0.8212
Yl Macro-F1  0.6612  0.6753  0.6720 0.6394 0.6998 0.6194 0.6651 0.6849 0.7869
. Micro-F1  0.3478  0.3845 0.4714 0.4573 0.4762 0.4298 0.3859 0.4856 0.5235
Alibaba Macro-F1  0.3105  0.3433  0.3925 0.3692 0.4015 0.3435 0.3496 0.3987 0.4523
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Tab.4  Ablation study

et f8hr MN,, MNg,. MN,.. MeghenNet
AUC 0.8735 0.8621 0.8867 0.8902
Yelp
F1  0.7902 0.7733 0.7883 0.803 7
AUC 0.8428 0.8233 0.8491 0.8629
Alibaba
F1 0.8024 0.7691 0.7897 0.8174
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Tab.5 Attention coefficients analysis of link prediction
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