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Graph disentanglement representation learning based on
propagation in multiple hyperbolic spaces

ZHENG Shuai'?, PENG Zouzhang'?, ZHU Zhenfeng'?, ZHAO Yao'?
(1. School of Computer Science and Technology, Beijing Jiaotong University, Beijing 100044, China; 2. Beijing Key Laboratory of
Advanced Information Science and Network Technology, Beijing 100044, China)

Abstract: There are two salient issues of existing graph representation learning methods. First, there is a dearth of fine-
grained neighborhood modeling, which neglects the multifaceted semantic entanglements in the neighborhood struc-
tures. Second, the spatial metric employed in graph representation learning presents a significant challenge, since Euc-
lidean space may not constitute the optimal framework for quantifying node representations. To solve these challenges,
this study proposes a novel representation propagation and prediction mechanism within multiple hyperbolic spaces,
thereby achieving disentangled graph representation learning under multifaceted hyperbolic spatial metrics. Within the
proposed framework, the original topological structure is iteratively refined through node representations, yielding
propagation matrices embedded in a hyperbolic space. Furthermore, based on a mixture-of-experts design, hyperbolic la-
bel propagation networks at different resolutions are treated as expert networks, enabling the discovery of node connec-
tion patterns induced by different latent factors. Experimental results on multiple real-world datasets show that the pro-
posed method achieves classification accuracies of 32.3% and 59.5% on the Squirrel and Crocodile datasets, respect-
ively. Additionally, visualization experiments further demonstrate the effectiveness of the proposed approach.
Keywords: graph representation learning; graph disentanglement; hyperbolic space; graph neural networks; label
propagation; mixture of experts; topology refinement; multiresolution
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kA S R S K. B, 4 MHPP
Ht MoE 1 K% ZBLH l K A~ MLP #40%, 21
L9 M 48 A B — SR S T 3R 10 1 il 3R % ] A% 0
G5 25 — MLP (25), IR — TR 28 H 722
SRR M IRABUE, DA R 55 525 [
Z B N FE DGR SR B o ELARHE, AR A I T RR G S
() B RRAE R 45 SR BT R R T R RGN AUA

pi = o(Why)

s o ()2 BE RE W e RO 2B T W 4% 1)
SR, A A [ ST AR T A T A

ik —2 Hh, £t %) 45> 25 (8], MPHH i H] Soft-
max PRECHE 1] 0 28 4t B AR UH — Ak R Xt 12 1Y) 43
BCMEAS p,, BIVAH I 52 0 25 118 3 BC A 2

__exp(p)

! K
Z exp(p;)
j=1

B, AR LT 1] 0 2545 31 1 & K W 2% 43 i
0] 5 p, = [propar- . px) € ROFX T R AE 45D
A2 (8] P A9 ST W bR 2 EA T IR &, 19 21075 45
) e e 4 S 25

K
E _ . E_ E,
2 =pzi=) pz
i=1

2.5 REMRK
TE LS R 265 H, [ 69 R AR 254 IR 25 [] Y
H R A S B U, H R AR AR
1D BB [N 2 5, 3R IO 45 K08 B PN TR
Mo SIATIIES ), AEAE I i A (E B & 1L
I B WX — R, S BRSO
Beo DI, O 1 O [ S s AR [l 4 PR 22 ]
Mle] o7 3 3T — B, I HL S 25 8] Wi W A s i 4 2
R, ARG AT R 2 AR 5 1 4% 5 AR 1T 19 2%
FUH -
Ly = (C —rank(P))’ ()
A CR&REBBE, PeR™ ZIA T MK
T8 AR AR R o 33X T 20 SRS AL R #1534 iR A5 AL X

FEP T AR L P BR BE T, 18 RE AR f AR Y G v
FLOFEE R 25 0], W TURAE BT, A
T 44 e R AE 1) S i) P A AR 3z Ak ) ol X
FRALH], F5 75 G 6% T v A b sz e 390 SIZ 1Y) 28 v 4 ek
HHFZ B0 E AR FRuilHh, i TR
HORAE N HOR TRy, PR, Ae BAR S i
K IR E| Pl A AR rank(P) o
WAk, FE1S 30 SR A RIEFE R 2R )5, Al L
I8 3F MLP 4 B Y 4328 4 58 B0 19 a0 3R AR 31 749 65
PRAS B LS, I 3 38 SO 6 A 3 3 e R L
Y = MLP(ZF)
L« = CrossEntropy(Y,Y")
P Y e RCIZ T H AR, Y BB Y $5
G50 . L THNVS A B B AR SR O XEAS H AR A Y
SR
L =Ly +BLn
A B F T4 Bk % SR B i S48

3 L RERDM

AR EE G SR S0 I P BN 4R LA S S it 4 T ik
48, YO oA 3007 5 3R 1Y HoA 18 3R 7
2 7, B AR SO U ) 25 5 G R 2 4K
HEAT SR 3T
3.1 KRWE
3.1.1 #%#EH

AT T 10 D ESCEURE AR, Bds 4 0N
R W2, H, 3405 SCEIEHRESE (Cora, Cite-
Seer., PubMed) A9 &5 Al 43 5 26 /s SCFE A5 |
KFRo WA, B3I A TILNEHERBCE, A 45 Texas,

Wisconsin, Actor, Squirrel, Chameleon, Cornell #/1

Crocodile,
F2 HIEEHARE
Table 2 Dataset overview
BAREAIR R8O RO O RELEE R
Cora 2708 5278 7 1433 0.81
CiteSeer 3327 4552 6 3703 0.74
PubMed 19717 44324 3 500 0.80
Texas 183 295 5 1703 0.11
Wisconsin 251 466 5 1703 0.21
Actor 7600 26752 5 932 0.22
Squirrel 5201 198493 5 128 0.22
Chameleon 2277 31421 5 128 0.23
Cornell 183 280 5 1703 0.30
Crocodile 11631 360040 5 128 0.24
3.1.2 sk

T VA MHPP BYPERE, A SCHEHE T 2 F0J7
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KR, 25 22 Uit = [ 15 13 [ ff A AR s 2~ 55 5 3]

TEHEATA 1) 8 207 ¥ MLP; 2) 22L& 3%
INEF S BT, AL GNP GraphSAGEM!
GATR SGCY!, VQGraph!*? Fll GraphACL(asym-
metric contrastive learning for graphs)*¥l; 3) 3& 4§
T 5 4 — 1% 32 figp F 2R A0 181 Ko 27 ) 7 v, A
APPNPE% PTAP7 F1 GPR-GNN(generalized pager-
ank graph nerual network)“*; 4) XU K 32 7R 2% > J5
7%, HyLa!*!| HGCN(hyperbolic graph neural net-
work)[31; 5) 5 i K £k 77 7%, H,GCNI*! | Jac-
obiConv*7,
313 FomMP 5 ABKE

FESL g0 v, B A B A 0 R 3 [R) B50i p
€M 6., HyperOpt(hyperparameter optimization) 15
Pepl R SRk A X B S 8k T, B
TR S EOBUEE R WL 3% 3. LAh, XA S
B 25 A BUBE AR PR 1T 300 YR AR5 11 25, >R
Adam 1E R AL, T PEFEAE SR 5 b0 S i 45
ST I R SR T IR SR 5

®3 BSYIRE
Table 3 Hyperparameter setting

FxR 4
DRI Y S Cora CiteSeer PubMed
SGCY! 74.1 74.6 74.9
PTAPY 83.1 76.8 84.7
GPR-GNNM™! 84.4 72.2 86.4
HyLa™! 823 68.5 81.1
HGCN!MI 78.6 62.8 79.2
JacobiConv!*”! 85.0 74.1 86.7
H,GCNE! 79.2 65.8 86.7
VQGraph*? 82.4 76.3 73.5
GraphACL™! 82.9 73.4 82.8
MHPP 83.7 76.5 86.9

FE IR CEAS RS R, FRILAEAS IR R .
x5 FRAEEFEETRSXESEREILL

Table S Performance comparison of semi-supervised node
classification accuracy on non-homophily data-

SRR HUE
R o A\ Yk g {24,32,40,48,56,64,72,80}
Dropout [0,1]
Bk {0.001,0.0025,0.005,0.01,0.025,0.05}
BENEa [0,1]
B LT [5,15]
RIPRIE N [e,1]

sets %
I Squirrel Chameleon Crocodile
MLP 24.2 39.8 54.7
GCNP! 26.9 47.4 57.0
APPNP2" 27.2 40.9 55.1
SGCH! 26.0 40.6 51.5
PTAB 26.5 40.3 55.6
JacobiConv*” 25.4 52.2 —
H,GCNL! 27.8 45.0 -
MHPP 323 47.8 59.5

32 tHBINH
32,1 B4 EBORM K

R AT W B Y A A S S DA IR U ek
fig, AR AE 6 B E A T U245 | Bk
LTI AE K 1:1:8 IIBENLRI A3 7. R
o FH Az 4y 7 S R Ty vk, BT T ROE AT E I
Yo XTHEE RN 4~5 Fin . BN, BT HER A
AN RTE = E I 2 PR RE, X 4 AN EiE 4R
M T Geom-GCNU! Kl 4377 =0, SR 25 5 n] WL
%6,

R4 FERELEETEASRESEBE L

Table4 Performance comparison of semi-supervised node
classification accuracy on homophily datasets %

TE AR ASNRALER, T RIZACGEARTIRALLR, «—
FOREERR o

®o6 FRGEE GLOINEGES) FEET RS LESER
E3T Lk
Table 6 Performance comparison of semi-supervised node
classification accuracy on non-homophily datasets

TTIEAR Cora CiteSeer PubMed
MLP 72.4 65.9 82.3
GCNB! 81.5 74.6 82.8
APPNP2" 76.7 76.0 82.8

(high proportion training sets) %

JERAR Texas  Wisconsin  Actor  Cornell
GCNPI 59.4 59.8 30.2 57.0
GATH! 58.3 55.2 26.2 58.9
GraphSAGE™ 82.4 81.1 34.2 75.9
H,GCNII 84.8 86.6 35.8 82.1
DSSLE 62.1 62.2 28.1 53.1
GraphACL™! 71.0 69.2 30.0 59.3
MHPP 85.0 81.2 359 78.1

T MOHACERASN AL LR, T RILACERATIR AL R

T 4B T 3 A LB BOE A oy 2 g
Jeo AT LUK B, MHPP £ R#AK T Y2545 Lo 491 /4 []
BCIE |, AT WA [R5 J7 v (B APPNP il PTA),
FIE B1% 75 1 ol () T 2R X 1o P19 100 I A B 4 g
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i, HANTERIAC AR H 0.81 A4 Cora $0#E4E |-, MHPP
43y Bl APPNP 5 PTA 7, 0.6 (143 . IHe4h, %t
At % 3, MHPP R T —E M3E 41 .

5 25 T HE 3 AR W B 250Hi 4 o 28
2505, MHPP T HA T A, A8 4 31 7]
B Lk A A 2= B 45, TR A W) 28 75 72 APPNP
I PTA 8 PEfe . (H1F —$EH &, MHPP
£ Squirrel ZUHE4E RIS T % T4 2 5 5t &
)77 ¥ JacobiConv Fl H,GCN.,

61, 78 3 A/ EE [ C B B s £ (Texas,
Wisconsin F1 Cornell) 1] LLAE H, 2491 2k 4 K4
it Z i, MHPP 3 8 22 my 1k i {H 2 78 K& s
£ Actor |-, MPHH 48 i A S 4P A H,GCN
0.1 B4 8. HULAT LLHIW, Y BB/, R85
A ZaSHo My aGERZ, IFHKRDM
A2 358 U BSORR RE 56 BT sURRAE 1Y 42 Ry i A% 3, X AT
e T BURAE P (R MR S I 52 8 N, 3 T 55 D) 4952 780 2
) R RN BT RE
322 P EERERMK

AHIEGE A 1 05 R 2T 55 o it — 25 PRk AL 7
M RoR 2% 2T RE 1. BARRUL, i ] K-Means J5 %
REBR BN A RN, K75 T ES
¥ ACC(accuracy), NMI(normalized mutual informa-
tion) 1 ARI(adjusted rand index) T 1977 15 R A
REXT L .

RT TREETH
Table 7 Results of node clustering %
N Cora CiteSeer
itk
ACC NMI ARI ACC NMI ARI
GCNE! 639 498 429 524  38.7 313
HGCN'™ 538 406 31.5 - - -
APPNP 727 597 519 61.7 451 415
MHPP 83.6 674 683 62.7 47.1 44.0

T ISR ATNR LSS, TR R FEARTIRASS T, «—
FORBAR R

ABFFE R T 2 iy GCON 1R 23 6] F #
HGCN, UL Ko %38 73 2 ) APPNP 5 MHPP 7E 3
25 (6] o AL 38 B 45 SR AEA T X He o AR A B A e
A3 FER IR G — A B2 10 719 R AE, Horp, Ul
235 (6] T B e AE B 4% 5 8] K IR A ) iR AT R R
ST

7 Rl LU MR TR 5 B R T
) 1 2 BRI 245, A3 4 5 6] ) 8% 2 >0 B 1
FORPERBAEAL T INOL TS o 250K, 7E Cora £l
£ I, APPNP REME/EFE AR ACC T 2L GCN
8.8 H AT AL, 7E NMIF545 LR FHIE 9.9 HAr M. 2R

1M, MHPP 7£ it 11 2 808 4 H AR — 20 i
T APPNP Wy PERE, H, 78 Cora #di4E 1Y
ACC f8brfe 4315 5] 9.9 B 43 A M UL &1, MHPP
2 B RY Y SRR R 0] 3 2 RE ) R UE I R 1R
T, AR, BRI T 25808, AR B TR
iR Iz A PERE . SEUR g R — 2P U, M T
BRI A ) B, A 25 (8] i Ol S i iR B A
JZ U R B LT R PR 19 454 AL B s, A5 58 F
XU E 8 4 A% 2o T W T L A A A AR B A 50 4
BAEE
3.2.3 R HN T AL EOR R K

AW FEAE ] Cora Fi s 421 Jy 7w i, BR G235 (1]
2R 2 ) 7 T LR A 3 U4 43 BT (princip-
al component analysis, PCA) 4, XU 25 [8] o ) 36
TN 2] 7 38 Ak W IR K I A ) S R AT 32
Bris e nT Ak . A58 wT AL T 28 8 i R PG 25 (1]
I 2% GCN ., X 3 [] [#] () 2% HGCN, LA J2 MHPP
BT AR AR, a5 RANE 2 s, aTRUE H, AL
i1 2 ) T Pl A 28 P 2% 2% ) 381 () 7 55 3R A8 A A EL RK
[ 25 [8) 5 I BA D31, 3 4R B 1 0Lt 23 ()
THATE R R E T L 3, ATLUE
AHIF 5 T 4k RS AL AR U 2 1] T 45 2 A9 A A 2
e, T HGON & 2675 AU S i 2, Rk A
FIORMY I 2ZE /N, BLH O B E AN E I
HEBR A AR T/ K 3R, BEAE T 4 Mok R 257 5 5 7
KR ARRITE . XA T MHPP 58
KT s AR R 2 He 77, T B[RRI A 20 4k
RARARIRFE 2R .

(a) GCN X AR (b) HGCN #x AFE7R

BT 2

(d) MHPP {ix AR

(c) MHPP ir AF&7R
(R AT B ) OWLHH A5 338 % )
B2 ETPCAMEENT SHNTHRL

Fig. 2 Visualization of node embedding based on PCA
3.2.4 AR B AT
N T X MHPP B fig fl L BEHEAT PRAL, AR /N AY
XoF 4% [R5~ 245 0] 18 B 2R b AH 56 2 sk A7 ] Bl Ak, Of:
ST RN AR OGN 28 AL T LAk, DA B A%
A B A s TR A AR BLEE , S SR L 3, HAAROR T,
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KR, 25 - Z2 XU 2 (1] 44 3ok ] gt Rl e 7 2

53

SO I Tl ¢ s Ry |51 R R NG i R ab < b 1
1t (average pooling) i J7 = 3R 15 454> A+ 25 (8]
FRAE, AR AT R 255 (8] 22 [R] ) J2 R b AH oG 3R
BOTHE . F4bh, He BT SO0 BT T BUE 1) F
Bru A, 3 F AT T T AUE T A

0 0.22
1 0.20
2 0.18
=
3
o -0.16
4
-0.14
5
6 -0.12
0 1 2 3 4 5

R
(a) LR B T2 18] 1] M 28 AU AT A4k

0 0.79 0.76 073 072 072 g 1.00
1 0.79 082 080 078 078 W%
0.90
0.76 0.82 RN 0.83 0.82 081
iﬁ 0.85
=3 073 080 0.83 0.83
- 0.80
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Fig. 3 Visualization of factor space disentanglement

2 (2) AR AT 1 S AR SE I 1 i 42
AR BT A A, 45519 5 A iR 32, 1 3(b)
A AT RAEZE SRAE ] T R Rk o O PR SRR
23 (A B E 1 i Pl EE PR s () ) 3 A 5
Vet R A /N i A AR A S e A ) R,
I LR L D€ D =S (i R o 181 3 s A
A T AH SIS e, 2t B 2 () AH SC PR BRI, S
RIEE — B, xR B 21 1 O il =3 8] B -8 HT 2 4%
22 19 WU 2 18] s, A5 2 BE i A PR AE [N 1, 2
T ARE B e R R SR A5 R R,
L HTE T 6 AP 7235 8] © A A S 3 2 A B I 7
A
33 HAtSBSHXLE
33.1 HEREik

N T B USRS R A RO, AN Y
TP BT ST, 75 3 DB S B BT T I
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Table 8 Ablation analysis and performance gain

WHIAE IR AT Cora/ M2/ CiteSeer/ 15/ PubMed/ Mt/

WHMERRE % ASE % ASE %  HOAM
—  — 767 — 760 — 88 —
— 795 +28 761 +0.1 852 424

\/
— N 814 +47 759 0.1 846 +1.8
v v 837 +7.0 765 +0.5 869 +4.1

AT LLE Y, B R D i 8 1 4 I 46 Ry Lk
e J IR, & A B AR R PR RE M 15, N7
PubMed $0#4E 1M\ 82.8% R THEN T 85.2%. X fiE
f5UERA MHPP RS 7E — e FE B ik TIES %k
PR A% 38 R P R 1 SRy BB e TG i o L AR, FEBRRIG 2
[i) 1717 S WU 23 [R] 2 2T 4% 3 55 B 1 Ll b, VSR
G R R B A, [AFE (15158 5B 15 31 48 T,
W7E Cora Fida4E L HERIRIT 47 A . X—
B AT — A2 GCN Y5 BB, 15 B AR AR
HIBR A B R H 22 N 728 [ AT dE i~ , A
HamE SR8 A5 B oAb, RIS IS X e A~
gt — PR AR B M RE, X R T AR P ES
TN ) 5CR

Ak, 75 B R A J2, 7E CiteSeer I T i il &k
B RCR AN FRAR . R AR SCRE Y T TR 2R
Ay LR B, X J& N CiteSeer 04 5 W A7 7 IR ST
R o XA A, HOMELL AR 2
i T AR rhlc B ok A AL S E R, Wi, &7
—EFEE L i A, AR
A RFE 22 2T
332 BREAKFER

AN 38 1 Cora BUE 5 b iy 2 W E W Aoy
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Fig. 4 Influence of hyper-parameters on ACC
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M () 7, o O, SBBE BN, 1A 4(2)
AR, Hadh 1 (5 T 008 i 450 JE 561
Frfk sz 2] ) BB PR RERR 22, UEWH T 11 45 A0 78 1K 3%
fibs ) B G 4(b) ATLAE ), AR
A JH 2R A XU 2 1)1 A A f 2 ~J I RE A 2%
figp o UL TR, DRSS R A A df YRR A 2 fk A R 4
REZ WSO AR & o N IR SEs n] LIA
MHPP H 8 2 B0 f 0f T 455 1 BE 2 W) 45 A Tl
/N, BB TR A AR E T

SHER R DT

R 8 IE S BAk A% 8 B 0 A Sk, AR 5T
TE 35 5] SO i & B XF SGC. APPNP,
GPR-GNN D J PTA B JE 47 T 1% 3 40 [ 8 e
TH, BRI 9. W UL S, SR LG R PR fil
FHA — AR MR AT AR 3 o T T e vk 8y
e KK EG 25 ) v ik A7 B e R 2% >, IR I B 4 i
TR ZS [0 F A3 25 i A S 5 S50 1% 3 06
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R9 SHEBEMEEST

Table 9 Parametric transfer performance analysis

Cora CiteSeer PubMed
*ﬁi@. B 24 pey >4 Bt 24
SN G ;;?; BTN BRI é‘;jﬁ; S G ;’;jf;
SGC 72.6 74.1 +1.5 74.6 75.1 +0.5 76.2 76.4 +02
APPNP 85.1 85.6 +0.5 75.8 76.3 +0.5 77.9 773 -0.6
GPRGNN 80.0 79.8 02 67.0 67.0 0 84.2 84.9 +0.7
PTA 85.7 86.3 +0.6 75.7 76.0 +0.3 75.8 75.6 02
M9 T LLFE ), 4538 T s AN 6] 07 325 1) 5% 0.8
25 5% o MNZRHA £ BE 0 AT . SGC ot ik Jo A ik 5% O IR 0.08 0.19 0.7
P, BE E AL & R a5 B, R RK AL 34 4H 0.6
W Ry HLHR It 2 PR AL A2 5 P BE — 2 T+ . APPNP = om 0.88 0.08 05
5 PTA 2 H MR (SIS AE FE I 2 T A 3 ), A1 * 04
Ak PR T AN TR, DR 7 S 56 v v e Al fa F 2k 03
1., GPR-GNN 3t F APPNP {53 hin 7 Af 2% 3] = 2 008 0.07 0.85 02
B, BmigE TR E R AR S, (HB T RE 0.1
Fud LG, s R MA —2 ., KRG FME % 0 %lﬁu 2
Btk A BR B A% 356 50 [ i, K 2 BB RIPE B BB A A (a) 7 bR A
A 2 $5 T, U B X A% 3 6 P 4 fk BE e R 4 45
SR, /D BUIE O T AR RE & R %, X EL MR 3 0.280
ZH BLAE PubMed P 4E I o 0975
BT IHWRAGITREA, AR CHH T PubMed 1
PEAETERR G S M AR G fhas M 22 5, 1A T 0.270
s pras . B E S AT, BRCEG S [a] H 45201 X6
Z (8] B R ABLRE JL-F- A ), 22 S 4 /0N 5 1 78 SR G 40 [ 0.260
Phas[a] v, 280 e S T B, 28 TR) SR A AR AR . . 0.255

X A5 1 25 57 W« R AR 2 T AR 28 1 1 R ASER
JEL bR ¥ b 2 ] 2] BRI i . R B AE PubMed
Bl e b, IR 0 — AL A IR B © A HOCR & ]
FA RUE B, MRRE X5 AN R 5 FORRAIE 25 (6] 375
S 1A 3 B AR TC 1k R HE T B, B = A f T
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Fig. 5 Property matrix visualization of the PubMed dataset
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Table 10 Effectiveness analysis of the proposed loss %

PR A E B Cora CiteSeer PubMed
0 81.1 72.7 84.8
0.01 82.4 74.5 84.1
0.1 83.7 74.3 83.2
1 78.3 76.5 86.9
10 65.6 59.1 80.8

WESE R B, 45 T Bk 29 RGE 2 AU I, AL A
3B SR L PR REX A 1R TE, UEWE £ 5 AR
AR B TR Az AL RE o SR, A S
R, 3 Bdn i vERE R IR T R, xR W
T JEE 1Rk 2 SROBE AT RHR v R AE AN ) e 4 Y
T, H R AR 2 S B BRI

4 #HRKiE

AWFFEAR ) MHPP #5517 0 8 367 27 > o
(L fh AL - 2 DA 2R L 5 5 O 2 A AL RS Ak
2] L 2R =S (B S AR A R R T TR
KARG, J DGR B AL 13 A 725 8] 2k
Ao LI IE W AT R, (H 22 73 3 3 XU 25 ]
R T BCE RS TIZALRE ST . RARDIEIRR
FI gl 285 S 7 3%, ol iR BE BT s 1k

%}jo
S k-

(1] &%, NEW, T, 5. BWamEr i), o5
LB, 2024, 51(6): 282-298.
HOU Lei, LIU Jinhuan, YU Xu, et al. Review of graph
neural networks[J]. Computer science, 2024, 51(6):
282-298.

(2] AT FET R M T [D]. K 17
K2, 2023: 1-46.
BAI Xue. Research on recommendation method based on
graph neural network[D]. Taiyuan: Shanxi University,
2023: 1-46.

(3] SkETek. BT RIFIRE T b BEAN i I A 5E[D].
AT LRSS R, 2023: 1-64.
ZHANG Shuhan. Study on TCM prescription recom-
mendation method based on graph representation learn-
ing[D]. Beijing: Beijing Jiaotong University, 2023: 1-64.

(4] skt T A5 H 27 T 1Y 110 28 I 2% 1) 25 ) S B T3
ML D], BB Aol R, 2023: 1-58.

(5]

(6]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

ZHANG lJiawei. Application of graph neural network
based on graph structure learning to drug target predic-
tion[D]. Wuhan: Huazhong Agricultural University, 2023:
1-58.

TRTEF. T MR R 7 ) Y 25— ORI OC
A BIBFFE[D]. KA RIS, 2023 1-51.
ZHANG Yuxuan. Drug-target interaction prediction via
heterogeneous graph representation learning[D]. Chang-
chun: Northeast Normal University, 2023: 1-51.

ARIR, Mg, 2B, A5, IR A LR T]. JE Rt R
2FEE (B ARERERR), 2023, 59(5): 716-724.

ZOU Ran, LIU Yang, LI Cong, et al. Graph representa-
tion learning: a review[J]. Journal of Beijing Normal Uni-
versity (natural science), 2023, 59(5): 716—724.

GILMER J, SCHOENHOLZ S S, RILEY P F, et al. Neur-
al message passing for quantum chemistry[EB/OL].
(2017-06—12)[2024—09—-26]. https://arxiv.org/abs/1704.
01212v2.

LIN Guangfeng, KANG Xiaobing, LIAO Kaiyang, et al.
Deep graph learning for semi-supervised classification[J].
Pattern recognition, 2021, 118: 108039.

WU F, SOUZA A, ZHANG Tianyi, et al. Simplifying
graph convolutional networks[C]//International Confer-
ence on Machine Learning. Los Angeles: PMLR, 2019:
6861-6871.

MA Jianxin, CUI Peng, KUANG Kun, et al. Disen-
tangled graph convolutional networks[C]//International
Conference on Machine Learning. Los Angeles: PMLR,
2019: 4212-4221.

YANG Yiding, FENG Zunlei, SONG Mingli, et al. Fac-
torizable graph convolutional networks[J]. Advances in
neural information processing systems, 2020, 33: 20286—
20296.

CHAMI I, YING R, RE C, et al. Hyperbolic graph convo-
lutional neural networks[J]. Advances in neural informa-
tion processing systems, 2019, 32: 4869—4880.

LIU Qi, NICKEL M, KIELA D. Hyperbolic graph neural
networks[J]. Advances in neural information processing
systems, 2019, 32: 8230—8241.

ZHANG Yiding, WANG Xiao, SHI Chuan, et al. Hyper-
bolic graph attention network[J]. IEEE transactions on big
data, 2022, 8(6): 1690—-1701.

XA, Rt s [ v i 28 D 4% ] 7R 2 2] [D]. Hadk:
JPEITRE R, 2019: 1-46.

LIU Xiaomei. Graph representation learning with neural
network in hyperbolic space[D]. Guilin: Guangxi Normal
University, 2019: 1-46.

JEER. BT A i & 50U LT 1 1 25 %% 2] D).
A1 R TR 7, 2023: 1-53.


https://arxiv.org/abs/1704.01212v2
https://arxiv.org/abs/1704.01212v2
https://doi.org/10.1016/j.patcog.2021.108039

5520 % B OB A

4t

I <1254 «

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

[28]

ZHOU Zhixia. Network representation learning based on
auto-encoder and hyperbolic geometry[D]. Shijiazhuang:
Hebei Normal University, 2023: 1-53.

XU Keyulu, HU Weihua, LESKOVEC J, et al. How
powerful are graph neural networks?[C]//International
Conference on Learning Representations. New Orleans:
OpenReview.net, 2019: 1-17.

PAGE L, BRIN S, MOTWANI R, et al. The pagerank
citation ranking: bring order to the web [C]//International
Conference on World Wide Web. Brisbane: Elsevier,
1998: 1-17.

SPINELLI I, SCARDAPANE S, UNCINI A. Adaptive
propagation graph convolutional network[J]. IEEE trans-
actions on neural networks and learning systems, 2020,
32(10): 4755-4760.

GASTEIGER J, BOJCHEVSKI A, GUNNEMANN 8.
Predict then propagate: graph neural networks meet per-
sonalized pagerank[C]//International Conference on
Learning Representations. New Orleans: OpenReview.
net, 2019: 1-15.

KIPF T, WELLING M. Semi-supervised classification
with graph convolutional networks[EB/OL]. (2017—
02—22)[2024—-05—09]. https://arxiv.org/abs/1609.02907.
LI Guohao, MULLER M, GHANEM B, et al. Training
graph neural networks with 1000 layers[C]//International
Conference on Machine Learning. [S. 1. ]: PMLR, 2021:
6437-6449.

SARA S, NICHOLAS F, GEOFFREY H. Dynamic rout-
ing between capsules[J]. Advances in neural information
processing systems, 2017, 30: 3859-3869.

ZHAO Tianxiang, ZHANG Xiang, WANG Suhang. Ex-
ploring edge disentanglement for node classification[C]//
Proceedings of the ACM Web Conference 2022. Lyon:
ACM, 2022: 1028-1036.

LIU Yanbei, WANG Xiao, WU Shu, et al. Independence
promoted graph disentangled networks[C]//Proceedings
of the AAAI Conference on Artificial Intelligence. New
York: AAAI 2020: 4916—4923.

ZHENG Shuai, ZHU Zhenfeng, LIU Zhizhe, et al. Ad-
versarial graph disentanglement with component-specific
aggregation[J]. IEEE transactions on artificial intelli-
gence, 2024, 5(5): 2204-2216.

WANG Yifan, TANG Suyao, LEI Yuntong, et al. Disen-
HAN: disentangled heterogeneous graph attention net-
work for recommendation[C]//Proceedings of the 29th
ACM International Conference on Information & Know-
ledge Management. [S. L. ]: ACM, 2020: 1605—-1614.
XIAO Teng, CHEN Zhengyu, GUO Zhimeng, et al. De-

coupled self-supervised learning for graphs[J]. Advances

[29]

(30]

(31]

[32]

(33]

[34]

[35]

[36]

[37]

[38]

[39]

in neural information processing systems, 2022, 35:
620—-634.

VELICKOVIC P, CUCURULL G, CASANOVA A, et al.
Graph attention networks[EB/OL]. (2018—02—-04) [2024—
05—09]. https://arxiv.org/abs/1710.10903.

SUN Jianing, CHENG Zhaoyue, ZUBERI S, et al.
HGCEF: hyperbolic graph convolution networks for col-
laborative filtering[C]//Proceedings of the Web Confer-
ence 2021. Ljubljana: ACM, 2021: 593-601.

SRART . BT AU 23 8] ) P e on 4 ) B F5E [D]. b
AU AURUHRHL R, 2022: 1-98.

ZHANG Yiding. Research on hyperbolic graph represent-
ation learning algorithm graph representation learning al-
gorithm based on hyperbolic space[D]. Beijing: Beijing
University of Posts and Telecommunications, 2022: 1-98.
GREGOR B, GARY B, OCTAVIAN G. Constant
curvature graph convolutional networks[C]//International
Conference on Machine Learning. [S. 1. ]: PMLR, 2020:
486—496.

ZHU Shichao, PAN Shirui, ZHOU Chuan, et al. Graph
geometry interaction learning[J]. Advances in neural in-
formation processing systems, 2020, 33: 7548—7558.
ZHOU Zhiheng, WANG Tao, HOU Linfang, et al. De-
coupled hyperbolic graph attention network for modeling
substitutable and complementary item relationships[C]//
Proceedings of the 31st ACM International Conference on
Information & Knowledge Management. Atlanta: ACM,
2022:2763-2772.

LIU Meng, GAO Hongyang, JI Shuiwang. Towards deep-
er graph neural networks[C]//Proceedings of the 26th
ACM SIGKDD International Conference on Knowledge
Discovery & Data Mining. [S. 1. ]: ACM, 2020: 338—348.
QIAN Huang, HORACE H, ABHAY 8§, et al. Combining
label propagation and simple models out-performs graph
neural networks[C]//International Conference on Learn-
ing Representations. [S. 1. ]: OpenReview.net, 2021:
1-21.

DONG Hande, CHEN Jiawei, FENG Fuli, et al. On the
equivalence of decoupled graph convolution network and
label propagation[C]//Proceedings of the Web Confer-
ence 2021. Ljubljana: ACM, 2021: 3651-3662.

DING Kaize, WANG Jianling, CAVERLEE J, et al. Meta
propagation networks for graph few-shot semi-super-
vised learning[C]//AAAI Conference on Artificial Intelli-
gence, 2022 , 36(6): 6524—6531.

FHR . TR T 1 A 1 P 2R AT s 2R Y
N FARFFE[D]. b5t btk ToR24, 2023: 9-41.

WANG Zhensheng. Research on the application of graph

neural networks with feature smoothing in node classific-


https://arxiv.org/abs/1609.02907
https://doi.org/10.1109/TAI.2023.3316202
https://doi.org/10.1109/TAI.2023.3316202
https://doi.org/10.1109/TAI.2023.3316202
https://arxiv.org/abs/1710.10903

° 1255 -

KR, 25 - Z2 XU 2 (1] 44 3ok ] gt Rl e 7 2

% 53]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

ation[D]. Beijing: Beijing University of Chemical Tech-
nology, 2023: 9—41.

SHEN Qinghua, REN Weijieying, QIN Wei. Graph rela-
tion aware continual learning [EB/OL]. (2023-08—-16)
[2024—-05-09]. https://arxiv.org/abs/2308.08259.
HAMILTON W L, YING R, LESKOVEC J. Inductive
representation learning on large graphs[J]. Advances in
neural information processing systems, 2017, 30: 1-11.
YANG Ling, TIAN Ye, XU Minkai, et al. VQGraph: re-
thinking graph representation space for bridging GNNs
and MLPs[C]/International Conference on Learning Rep-
resentations. Vienna: OpenReview.net, 2024: 1-20.
XIAO Teng, ZHU Huaisheng, CHEN Zhengyu, et al.
Simple and asymmetric graph contrastive learning
without augmentations[J]. Advances in neural informa-
tion processing systems, 2024, 36: 1-24.

CHIEN E, PENG Jianhao, LI Pan, et al. Adaptive univer-
sal generalized PageRank graph neural network[C]//Inter-
national Conference on Learning Representations. [S. 1. ]:
OpenReview.net, 2021: 1-24.

YU Tao, DE SA C. Random Laplacian features for learn-
ing with hyperbolic space[C]//International Conference
on Learning Representations. Kigali: OpenReview.net,
2023: 1-23.

ZHU Jiong, YAN Yujun, ZHAO Lingxiao, et al. Beyond
homophily in graph neural networks: current limitations
and effective designs[J]. Advances in neural information
processing systems, 2020, 33: 7793—7804.

WANG Xiyuan, ZHANG Muhan. How powerful are

[48]

spectral graph neural networks[C]//International Confer-
ence on Machine Learning. Baltimore: PMLR, 2022:
23341-23362.

PEI Hongbin, WEI Bingzhen, CHANG K, et al. Geom-
GCN: geometric graph convolutional networks [C]//Inter-
national Conference on Learning Representations. [S. 1. ]:
OpenReview.net, 2020: 1-12.

EEE AN

KU, v MR Az, i, R
FEJ7 ] A I FRR 5 2 | 2 1 2% il
ZRERRE . RRFARIBL
20 4%%% o E-mail: shuaizheng@bijtu.
edu.cn,

PR, Wi, FEBEE T R A
M SRR R 4%>] . E-mail: peng
zouzhang@bjtu.edu.cn,

KRV, Hbz, AR, £
WF5E 7 ] A AL g 2= 20 AL 58 Fn
AR, ERR A
2030— B — AN T RE"E RIH |
ERARBFREASWE et B
B AT H S, BT =R R R
N TR BER = HARB L  — 5%
(HE4%F 1), E-mail: zhfzhu@bjtu.edu.cn,


https://arxiv.org/abs/2308.08259
mailto:shuaizheng@bjtu.edu.cn
mailto:shuaizheng@bjtu.edu.cn
mailto:pengzouzhang@bjtu.edu.cn
mailto:pengzouzhang@bjtu.edu.cn
mailto:zhfzhu@bjtu.edu.cn

