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A multi-view and multi-granularity graph representation learning
framework based on partial order relations

XIAO Tianlong'?, XU Ji', WANG Guoyin®

(1. State Key Laboratory of Public Big Data, Guizhou University, Guiyang 550025, China; 2. College of Computer Science and Tech-
nology, Guizhou University, Guiyang 550025, China; 3. Chongqing Key Laboratory of Computational Intelligence, Chongqing Uni-
versity of Posts and Telecommunications, Chongging 400065, China)

Abstract: Graph pooling, as a crucial component of graph neural networks (GNN5), plays a vital role in capturing multi-
granularity information of graphs. However, current graph pooling operations typically treat data points equally, often
neglecting the partial order relationships among data within neighborhoods, which leads to the disruption of graph struc-
tural information. To address this issue, we propose a novel framework for multi-view and multi-granularity graph rep-
resentation learning based on partial order relationships, named MVMGr-PO. This framework comprehensively scores
nodes from the perspectives of node feature view, graph structure view, and global view, and then performs down-
sampling operations based on the partial order relationships among nodes. Compared with other graph representation
learning methods, MVMGr-PO effectively extracts multi-granularity graph structural information, thus providing a more
comprehensive representation of the intrinsic structure and attributes of the graph. Additionally, MVMGr-PO can integ-
rate various graph neural network (GNN) architectures, including graph convolutional network (GCN), graph attention
network (GAT), and graph sample and aggregate (GraphSAGE). Experimental evaluations on six datasets demonstrate
that compared with existing baseline models, MVMGr-PO significantly improves classification accuracy.

Keywords: graph neural networks; graph pooling; multi-granularity; partial order relationships; node classification task;

graph representation learning; semi-supervised learning; graph embedding
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K P e € RS2 AR Bk A R o X T
R DR Ule, = X, mEMALZE. BT EE

W KR BE T 05 AR i A B 52 B AR T 0 1, B
PR &) e R kAR E R BOGE A o il 43
BCHE B S K A8 R R, 02T R AR S
P R 15 A 2R B A DR 5 DR B 1 A A DGR
PER—EE

TP RESRET, F£E5 M 8y, 4R
JiB EB W v, JIT AR 2% DA T A2 i — S AR BE T A5, S R
i B AR B 0 T BT A5, AT JE Y S S S A TR )
Ao BEAN, 78 B SO BB, — AR RE Y 1T
RE 44T T ) 2 A MR i, X SR A
HLRE T SRR AT B 3R A A R — A 2R B 9 A5
e, DT B R BE T A R A R R i, KR
T b B B X AN R, T AR R 2 e
SIABI G BIL X5 05 0 i A AT $2 2 A Ak
TEIX B, AR SCOR 58 25 3% 82 970 GNNs X ) @ Z,
AT AL, ELAAOR UL

& =GNNs(A,,£®Z)) (12)

K. g e RN OB FE 2 10 fe K i A FoR,
Z, e R RAE SRR i RoR, @R
BICEMI
25 RBIEZE

T RN A 2] H b A AR B — A e eR 2k
f: Ve RY BB A 8 A5 s v B — > a4
S f (), Hd <n, o By g g, 15
RIS AT 55 AR 1 A A 3R ) 1 R ARG Y
SISy, TR E A BIrir MR Y € R,
Ho e KR B8, #& S8 T2 My, =1
BN Y, =0, MVMGr-PO #E47 15 i FR 2% >
tE 8%

Bk1 MVMGr-PO i

BN WAKG=(VAF), 85FE%h, FX

MW Wik AR R e € R

IIH KR B

1)Fork=0,1,2,-,m—1do:

2) ﬁﬁ%iﬁﬁtﬂﬂéﬂ? Zk = GNN(XkaAk);

3) T s, 5, LA Ssges 115K (2)(3)(4)

4) {3 R IHLEITT BT 55505 g 115K (5)(6)

5) RAFHLRLEE BT SR Vi = MUN; /X (1)(8)

6) A8 1 43 B B S 5

7) BRAF R A B4R A5 /3K (9)

8) FRAF ML B 149 SRR IE 22K X 5 /38 (10)

9) End For

10) A5 MR E B IR A Fr e, = X5

I/ LSRR B

11) For k = m—1, m=2, =+, 0 do:
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12) 3B F i A &5 /20 (11)

13) R 2E1E R (1 H GNNs AR ALBEZ A ; 158 (12)

14) End For;

15) Return g,

MVMGr-PO #EAT 1 5K R 7 A WL 1 B
o ST, K U R S AR N Y R S
A GNNs iR AR, PLAR IR A5 919 i 3R
AN HEROR, X RHEAT R ORAE (M AL ) R4, K
PELECHIE: DA A0 L B8 38 20 e 48 S REDRE 2, 3 3 18 J2=
i ] GNNs #4722 2] DUS BOCH 3 )2 IR R AE o 7

(————) (———— () (— ) (—)
;; GNNs g TR GNNs ES
A0 (= erX:zn [ A0 [= erX:zn A1 (= anz, P AI (= Rn xny A2 (= Ruzxnz
|| | |
[ | | |
XO (= Rmm{ Z0 (= R rrrrr d )(1 (= anl Zl (= anl X2 (= erd
GNNs
) ) ) ) )
/ @ @ \ @ @
£ ER E gE Rmw<d g € Rm<d $ g€ Rm<d € R
-
o L%# o J:;éﬁé
AOER zzzz AOER zzzz A1 Eanz, AI Eann AzeRnang

Zad— FR B GNNs FI R REEFRAR IS, 2045 et
KLRE AR AR o B, AT (11) 5 28 4%
NS BV AR 8] o[RS, 7R B0 A 2 200k
TR L A A b, R Bk 25 0 Rk T R AR o
ISR A2 A R ZOn BB A &) B o XA
B 22 % F A L ol AL R BE A O PR B 22 B A0 T AR
B I Hom s A R SOl e o i — 20 H, i o
U GNNs X &) @ Z, b AT 1k . XA AR EE AT
PEAT, BB e 245 B R B A e i A SRR o 1Y
AR HERR N 2 Fros o

2 TRRTEINERRE

Fig. 2 Illustration of the node representation learning framework
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3 SCEREp

A5, B MVMGr-PO 5 55 26 ik i1 5 202
AU HEAT L3 o 2 T k¥ A A E 4 L &y
TN g = RO NG e s T LA B
3.1 HELE

A2 2R T2 W B Y 5 4 20 4% 2 (transduct-
ive ), 5T R AZ U ] BT A7 15 o5 19 8 15 U8 DA Bt
ANEEER . T AT AR Sy S R e
PR RE, A SCIRICT 6 ST R (0 B s 45 A
SRR o o SR AR AL EE 3 5] SC sk AR
( Citeseer, Pubmed Fll Cora), X L& 48 5 A A5 15,
FL 4 50 27 AN [] 32 A IS8 SCRTE AT Z A1 1Y
FIHKFR; 2 6 L R BHE4E (CS il Physics ),
T 3% SR A v T RARERAE R, S FOREH Z 1]
L EVE D6 2, B4 & 3R Ta] & 26 19— Fef s

Z s Ve 35 DA 1A Hy b i b S 3 ) 2 £ 80 4
Photo, A5 SRR i, R RAER —2 5
WA I P9 T it o

ok 2 B 22 2], #E Cora, Citeseer DA &
Pubmed H4 5 v, Xf TR BE AL £E 20 4
T AR IZREE, 500 4> s B EgE L K 1000
AT EAE LA . XTTF CS. Physics Fil Photo %X
P, A S0 6 RS2 0 B AL B 20 15 stk AT
Yk, 30 A0 AR A IR, HAR 1 5 1R il ik
o Kt 8k 1 s,

x1 HESSITHE

Table 1 Information statistic of datasets

Bl 9 8H BE FRAELERE SR ekl
Cora 2708 10556 1433 7 140/500/1 000
Citeseer 3327 9104 3703 6 120/500/1 000
Pubmed 19717 88648 500 3 60/500/1 000
CS 18333 163788 6805 15 300/450/17583
Physics 34493 495924 8415 5 100/150/34243
Photo 7650 238162 745 8 160/240/7250
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AR SLBNG T A AL T R By 4 Tl

D ARGy SRR E ik, fEX—Frh, A
SLIGBEHL MLP ., DeepWalk? DL & Node2vec {E
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Feon )i, YR H T 50285 . DeepWalk ¥
BEBILIE AL 7= A2 B 9 S SR B AR TS 5 AL B R Y
), FLR AT AR E T S AR R
BT R T Word2Vee BRI ER SCHE H A A
. I XAl T s, DeepWalk B Ih UK 7] 1k A
AN TS, ST SR AR A . Node2-
vec J& DeepWalk (4 i€, ‘& il i:f 14 5% Bl HL I & o8
W, 7E R 2R [ 45 44 B e 8 1 A A4 R A
24T T SR AR BT

2) T EI P ML 5 s A i XKy
IR G 0 B 2 N4, R0 s SR T = sk
fifp e Jr 56 . GONPY i £ 22 P 45 BUR & AR Js £
B ERCE &2 HAE B A . GAT (graph atten-
tion network)™Y 5| A & I HLH, AL RIGENS H b
Jof b 2 2 AN R 4B J8 1 a5 0 A, PR AT
BERE.

) ET ARG 7 ERFRBAL, XK
A R A AR E AR B, TR A R )2
UAL IR, DT 47l B2 1L 5040 1 1A 7 65 4 FRVARRAIE o
AdamGNNU ST [ 3t A6 A0 Sk [ 1) 28 3 4 0] @, 3
IR B 2% 1 2 Ok e B OGBS T i
b, AR B R o s i SR e OC &R i 4 L AR
P, DNTTRE 5 s 7 3R G LATR OB B 19

4) FT WA R IR 3 R KRR AL, X
RLE R E A R, BRI & S E TR AT S
MK B )2 AL 78 . Graph U-Nets! AR 45 7
MAETT UG i b b i BOP (E e — 2Ly
LIRS SORLRE FE P . MV Pool™ 3 i 25 4 AN W] 4
IR A5 8ok Az AR g %) 710 i HE 44, P38 0 48 2 i
R S b AL
33 LWiRE

ARSI K A PyTorch Geometricls 52 # MVM-
Gr-PO, HARMUHGEL £ % github (https://github.com/

codefly-xtl/MVMGr-PO), FEAL ALY 25 # v, 2R
FH Adam® LAk &5 #EAT N 2R o 7 kAT 48 Ui 2k
BF, R UELE b HEAT B E, IF R A7 AE ik 4 b o
R A e WS L B, (0 PR A A5 AU 7 3
R BT — R XA ZRii B A P T B AT
SR gE b 3 B B A I R B rp B i 7 RO
YT A A ST I A B SR T IR, AT LAY
A Bz A e 7 FRAE R DL Aot i B s 1 iy PERE .
WAL, A S WAL HEAT 10 WPEAL, IR T 5F 3
HERA LA bR 22, DABA DR P4k 45 SR A0 Fe e 1k A
ATEEVE . XD 2 PEA 07 A B T T4
s B B S B ) A % 22 T B R ) PE AR
I 22

TE 1 RLAr RAT 55 v, A S0 6 AN (] A 40 4
AR RS HE, RIRN S sk 2 i
IRo AR, T IELARY GCN 1 GAT, T 3C#ik [35]
AR S 95 A 4 A (] 1 5000 40 23 BRI, A S 3 4
5| F PyTorch Geometric ) benchmark®*! #1 f9 14: g
ZER . % F AdamGNN, Graph U-Nets LA &2 MVPool
B, A S 06 A J5 8 S 1Y S S 80 B AT
XFHE S

®2 BESY
Table 2 Model parameters

3 %‘*i 3 Kk e fb
T L ETTRUES R

B=3/ LTV JRE B B

Cora  0.01 0.01 256 0.8 2 2 20
Citeseer 0.001 0.1 256 0.7 1 2 50
Pubmed 0.01 0.001 256 0.8 1 1 50
CS 0.01  0.01 256 0.7 2 1 50

Physics  0.01  0.01 256 0.8 1 1 20
Photo  0.05 0.001 256 0.5 3 1 100

34 RWHER

J T B E MVMGr-PO 3 A PEBE, A 5256
MVMGr-PO 53R AIHEAT T X L. 3R 3 4
THEAANTEEAGSE oy 2 i i, ook
Fon B L R EERE, MtEREHEA S 2 1Y
b &L I R ES i B T

R3 EEITRFHEE LN LERE

Table 3 Classification accuracy on each public dataset %
A Cora Citeseer Pubmed CS Physics Photo
MLP 53.4+5.0 56.24+2.9 68.2+4.6 86.4+1.3 88.0+1.4 78.7£1.0
DeepWalk 67.2+0.8 41.242.0 64.1£2.3 78.2+1.5 76.6£1.6 73.1+1.8
Node2Vec 67.0£1.5 43.0£2.0 63.7+£2.9 77.9£1.3 75.7£1.7 72.542.1
GCN 79.4+1.9 68.1+1.7 77.4+2.4 88.0+1.2 91.5+£2.6 87.2+0.1
GAT 81.0+1.4 69.2+1.9 78.34£2.3 90.3+0.7 91.6+1.0 87.3+0.1
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BaR3
e Cora Citeseer Pubmed CS Physics Photo
GraphSAGE 78.9£1.7 66.6+2.3 75.0£2.9 90.5+0.5 90.0+1.4 91.340.1
AdamGNN 83.1+0.9 72.840.5 80.6+0.6 91.5+0.1 93.7+0.2 90.2+0.2
MVPool 83.6+1.2 72.6£1.1 80.0+1.8 92.0£0.5 94.0+0.6 88.8+0.4
Graph U-Nets 83.9+0.4 72.2+0.3 80.6+0.7 92.240.1 94.240.1 88.9+0.5
MVMGr-PO 85.1+0.2 75.2+0.3 83.8+0.2 92.5+0.1 94.7+0.1 92.2+0.1
HAXS TS 1.4 3.2 3.9 0.3 0.5 0.9
Deepwalk fll Node2vec J5 ¥k BRI LA 7 MVMGH-PO (A 2CHE, A3 4 T 76 8 %52 )
5 BRI s A, (B2 T 9 SRR B B Ry SRR P O R B

() TE ZEE . GNN's 3 33K 19 A R iF A P 254 15 L
i R B — A G5 — 9 e a5 [R] vp, SR B 3 Ak e
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A E AL G2 1) MLP F13E T B ALUEAE i A AR
Jritt 2, AEAT R 3843 3 A R IR i 2000 B A
B #—21, 4 AdamGNN, MVPool fl Graph
U-Nets SRR H T 208 (5 B YA, (H7ESLPR
Nop AR R — 2 s BRI, AdamGNN
KT R A Ak AR X R AR, B R
LT Y B R W T T AT, ] e TR A R
FAR B B e HARRPE M AL, T MVPool #1
Graph U-Nets R H 17 s 2 58 1 AL SR %, 38 3 e
AL SRR AT AL, T AS 38 1) 3th AL F AT RE T8
ANEE DT SRR, B Y e R
3, o1 LR IS 7Y A5 DA T A R T 1 45 4 5
M, MVMGr-PO 3l 13 #4) EE A [7] 19 190 & ok 2E A
BEANTT SR M, FERH AT SRR A LA T S
TE) P18 P> S 2 2R R0 R A B8 S SRS A AT S B A
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MaE, SRS ZEERRFEIVLE G GON H L,

MVMGr-PO 76 & A5 2 LAY T 7.1%.

10.4%. 8.2%. 5.1%. 3.4% VA K 5.7%, X UL T £
LT R FR S B R T4 B 4
P REHES 56 2 YRR, MVMGr-PO 7E 451
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AT5 ik

WEERL
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3.5 RBISGMH
3.5.1 T RAFRRG T AL HT

FEA/NAT, 38 3 Af AL R L MVMGr-PO
J7 SRS 0 5 E SR AL RN Y SR A A Ty vk
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— A/ FLEL, ZE AL E 1000 AT 05, AT AR
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%, IR E EEMER N 03, N TR ENIEZRR
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Fig. 3 Visualization of different pooling methods
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Fig. 4 Impact of different node scoring evaluation strategies on performance
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