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Network representation learning based on multi-granularity structure
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Science, Tongling University, Tongling 244061, China)

Abstract: The Graph Convolution Network (GCN) can adapt to graphs with different structures. However, most GCN-
based models have difficulty effectively capturing the high-order similarity of the network. Simply adding a convolu-
tion layer will cause the output features to be too smooth and difficult to distinguish. Moreover, the deep neural network
is more difficult to train. In this paper, multi-granularity structure and a GCN are combined to represent the node charac-
teristics of the learning network. A multi-granularity structure-based network representation learning method, Multi-GS,
is proposed. First, based on the idea of modularity clustering and granular computing, hierarchical multi-granularity
space was used to replace the original single-layer network topology space. The GCN model was then used to learn the
representation of granules in different coarse- and fine-granularity spaces. Finally, representations of the different grains
were combined into representations of nodes in the original space from coarse to fine. Experimental results showed that
multi-GS can capture a variety of structural information, including first-order and second-order similarity, intra-com-
munity similarity (high-order structure), and inter-community similarity (global structure). In most cases, using multi-
granularity structure can improve the classification performance of node classification tasks.

Keywords: network represent learning; network topology; modularity increment; network coarsening; multi-granularity

structure; Graph Convolution Network; node classification; link prediction
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15177 22 Je kA WF 98 R T0 1k B4 1 FH 21 30 52 1Y
2 R BE

¥ 4% 2 718 2 2 ' (network representation learn-
ing, NRL) J& fift e I A [n) B 9 4 507 s, BAEOR
ZERE B AT T, AL b B R S —
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Walklets' ) 3 o K 41 322 0 B 42 T 2] & UCRE R BT
S k B AR IYE . DNGR!M 3@ i B ML v R SR s 3K
WO S AR o Struc2Vece!™ 18 13 4 1 2 1k
PACEL, 1 F) FH 2 A& L Y Bl AL I S 25 5T
SR ZE AR . M-NME 5 3o fl 5 A e g 1)
(modularity) (¥3E £ 4 B 4 f## (nonnegative matrix
factor, NMF) J5 i, $41 H 25405 BN M 48 2R
23], GraphWave'"™ 18 11 1% &1 /N i 97 501 B
T B ORI . HARPY 38 3 Bl ML A& I
D) 2 o ORE & T A, 2 ARCHICKE I 25 KL AR Sl — FR B T
AR I 245, AR T 6 T 30 S T A 1 ) 5% a5 I e A
R ), DT AR 2 I 4% 1 4 R R AT o

B, B &R 4" (graph convolutional net-
works, GCN) HCR A7 2| i, B4 878 GCN X
W 4% o3 BT AT 55 PERE M B A E BE BYROR
GCN i 2o 5 FUZ B A 28 v R A1 i S4B T
WA HRAE, B RS A SR IR E T
FUBTIRRIE R R o 8 i B A2 BRI &, Y A
REME R 5 k &R JE 15 8, DT 2R IR i B /) 73 A
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TR AR R B A A R R

0 AR R BR i, 52 7 2 1] v g 4 2 sk i B
AR RE S, $2 T 22 R R 45 Y ) 4% 3R
/N2 2] J7 1k (network representation learning based
on multi-granularity structure, Multi-GS), Multi-
GS 1 e 3k T g 2 ok F 5 iy A8, A H
M 2% B3 B B2 R a5, Bt A 254, 38 T R
IR T 2 4 e 2k A AL B F S T 2% B Y
o 3 O 25 R R JBE 25 40 o M) EDREDAE JBE 19 46 4 A
BEOHLRLRE B854, [ B 2R, B Ak A5 0y 2 8 By
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EXRF . AR, Multi-GS fif J 7 I & 79 GON A8
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R, SRR 4Hokz BE rh (R ] OC 2R RE 18 3R /s AN [A] By
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GS B A [A] kL B2 25 8] v 27 2] B kL AR IE s 12 R
F HEL 21 20 09 0 6 A 78 2 A D42, i L S Ak
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Fig.1 An example of hierarchical view of network topology
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Fig. 2 Framework of Multi-GS approach

2.1 ETERREAMZRNL S E

AN A Multi-GS BPRAL T2 8 E . T
WEWADLE: ) BS54 Bahfa It
) TR IR T R A R B B LA R . 2) e
s 2B TR BE AR 225G o ARG WA 1,

BE1 WKL S E (Graphgranular)

WA MY G=VE), S IRALZE &

WL HBAEBEREARE Gr©,Gr", - GrY,

Dlevel = 0;

2)granuleGraph = copy Graph(G); /*52 ilill Kl 4%
g/

3)O,w=modularity(); /¥ = (1) T AL B EE*/

4)repeat

5)Gr) «— addgraph(granuleGraph);

6)C « {Ci|v; € granuleGraph};

T)repeat

8)Ocw= Onews

9)for each v, in granuleGraph do

10) K8z vi A BT TERYSE B TR

I1Dforv;inI'(v;) do

12) %X (2) AR v BAES C; J5 R R
JEHE T AQ;

13)end for

14) B8 v, I+ A max(AQ)>0 BRI 5 ;

15)end for

16)Q,..—=modularity();

17)untill (Qcur = Orew)
18)V* « {vileach C; in granuleGraph};
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19)E” <—{ejj|eij,vi€Ci,vjeCj and C,-;th};

200W* — {W;I > wy, if vieCrand v, € C s

21)granuleGraph < Graph (V*, E*, W*);

22)level =level +1;

23)untill (level> k)

24)return Gr',Gr?, .-+ Gr®
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Fig.3 The structure of GCN model

GCN #5 B 1) i A AN [6] 53 J2 v R G R JH
M A, A e RV ZRIR ] — 4 2 Hhokr [|] 1 3% #2 6 &
Hor, N SRR BB . 4 kL i MUK L,
Ajy=wi, wy RonkL @ FORL j R BEFEALE . B G,

A 3) THEA BN — L FE A e RV,
A=D:AD: 3)
Ho, A=A+ Te R ZHAERE, D R A

[ % 1 B, Dy = 3, Ayjo GON 5280 1 3 {4 45 g
FHE (4)~(7) Tk

u=r(Ar(AW) W) )
o= f(Af(AW)W.) 5)
Z ~ N (u,exp(0)) (6)
A’ = sigmoid(Z +Z") (7)

Horr, f(e) FrR e MEWE PREL, 2 — 2 1 RELU
PRI, 55 — 210 sigmoid PREL; u Al o 43 IR
] S 0 [ Z 1) 359 {1 1] o 6 o R oA 22 1) 2 4 B
WO WO WO WO T B I k5 A AR AT
TEXT il o AT RAEAR BRI AR 2, Z = p+exexp
(@),8 ~ N(OI) ; “*FF55 F7n AN ] & 1 I A

B TR o HE W S g, AR T Rk
H AR RN T

d
Liggent = — (%) -mean (Z (1 +2log (o) —p* — 0'2) ®)

i=1

figg bt A il FH 20 (7) A G R A, X T E
P, IR R A BRI, 0 INA 52 SR 45 R
PREL Loss A4 Fe 28 19 H AR R K, FAAR L anF

Loss = A -[~log (sigmoid (47)) « W] + o
(1-A)-[-log(1 - sigmoid(A*))]

W = (N-N—ﬁA,-)/iA,- (10)

W@):N.N/[NW—ZN:A,.] (11)

Liccons = Wmean (Loss (4,4, W) (12)
75420 (8) FI=L (12), GON 8 e 4 (1% B A b5
AR
L= Ligeni + Licconst (13)
23 EiEHR
AN A I T L2000 BE S5 H0 O R 2% R 24 )
J71 Multi-GS, FRE AL 3 558 Rl R SR
FEHE R AQ, FH 42 R i 22 R R Y ) 4% 43 J2
S5k (T FE 2.1 /N TR 49); i GON A8 (2
TE 2.2 /AN TEAIA 1) % 2 AN ARG J2 ok 9 RR 1R
FR 5 B AN TRV 2 (R k7 FRAIE 2 7 RO 3 40 b 1 7
B2 PHE, Fc LA B B A0k BE R 2 ok R R AE
71 5 A IS SR R G I 4 T R RR R RO
FHOCH T WA 2,
BiE2 HTZRELEWAMLERRES
(Multi-GS)
MIN WY G, RALZ Bk, T RN ) 4
¥ d, GCN 2% ©;
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Gr?,Gr, .- ,Gr® « Graphgranular(G);

2)form=0to kdo

3)Z™ «— GCN(Gr™.A,®);

4)end for

Sforn=+kto 1 do

6)Z™ « projection(Z™);

7)Z"Y « concatenate (Z™,Z"V);

8)end for

927"

10)return Z

55, Multi-GS 535 By 5 A B 45 3 ke M
2% G KiALJZ 8 k; GON BB 240 O, (45, 19
T YL d I GRRBOR 2> 5, B2 1
S VAT, AR 1R 2R B 1 0 2% ) S22 A
HEIRE R OM+N), Horb M 458 26 AL 9
Bk, NIRRTy e . B 2~ 4 17, R
UK A [R]RL 2 B R C R A A VR i A, AL H]
GCN #2822 > b i RFIE R R . GON AL 1) &2 2%
EEHMEMBMBERMERR, HEREN
O(mdh), Herp m JEHEF A HAEF LR BB, d 2
FEAEAEEL, h 2 B 0 B i AR AR R S B . 55 41,
T kb T A AR AR, PR AR A S B R
O(mdH+N"), Forft H 2[R )2 1 T A5 R5AE LS5 174
K, 2R 550 8 AT, B 2] B WP AR ) 8 b
BN AT PR . Ho, projection KU RLIL T
PRSI A . ZEGE RE v, B2 AR AR ]
B S 3] — > B 2 A B AR B RCREAE ) i, 45
SRR, PFEA [FDRL Y P A AN 8] B R REAE 0
TEIREE R, 15 3 B AR PF 25 1Y 4P IE KRR
HAE IR O(M)o 55 947, LAEEAKL I FRIE KR
VSR 49 AR AR R s AT i S

3 LR AN

AR 8 1 A 5 Ay S RBE 2 WUNAT 55, AE LS
BiRE 5 4 BA RN M KRR Ik
HEAT X LG, B0 UE Multi-GS B9 S0tk . 523 3R 8
b Windows10 #:/E & 5%, Intel 17-4790 3.6 GHz
CPU, 8 GB N %, i@ it Python i 5 Ml Tensor-
Flow SZFE Multi-GS.

3.1 EWiIETE

1) $dE4E

SEEAH T S A EL AR AR, ARG S 4 | AR
Yy W2 i) FL R R0 £ kRS2 4%, TEARE B L 1,
Cora™ JE 5| SCM &%, Hovr, 5 5 A0 K8 30, G
WICHANTE 85 7 28, SRR SR 5]
K FR . ZRALE 2 708 AT S A 5278 41,

Citeseer™ [RIBER G| LM 4% . %M 4545 6 25K
3312 Fp AR o S ARERAS IR HR R a) ) 5 G
Z, A 4660 53, PPI™Y RAEWI ML, % M4
£ 5 3 890 415 A AN 38 739 4k, Hir, A AR
FREE, BRI R B AR5 R 50 25, AR
FE AR A AR . WIKE®T 24 3 E R
P 2 vh Ry R 48 o S AL 4 777 A
K 92517 2530, DL 40 RO TR AT PEFR S o Blog-
Catalog™" &3k [ BlogCatalog [ 3l it ¥t 52 o 4%
SRR, IR RS %8RRI R 39
%, R EM M ATECR . ZMEEFE 10312
AT A5 A1 333 983 kil

2) Xf A .

S VERE 4 B BATFCIRME Y W 25 R 2
EAE BT A, 045 DeepWalk, Node2Vec,
GraRep, DNGR. & T iX #6772 [ R ZEH iR 0 T

DeepWalk'™: {ifi FH ifi L1 7E 2K BT 5% 51, 38
it SkipGram J5 5 2] 5 KRN

Node2Vec™: 25l T DeepWalk, 15 J2& i FH A
Iwi) 1) AL I 2 AR YT S5O 81 o

GraRepM: A kAR R R 2T
RN, REAE DR B 19 ) v B AR AL o

DNGR"": it i Fifi BIL v R 7 32 AR BT A5 A
B AL, R FHR B i 22 I 45 2 ) 19 R .

3) ZHAE

XF T Multi-GS J7 ik iy GCN #L8, fifi
Adam DAk a8 BT I 2R i 2488, 7 20 R
0.05. Xf-F DeepWalk F1 Node2Vec, 17 5 i KX
W10, # H K/NE K 10, BEHLIEE MK 3% R
80, Node2Vec [Z % p=0.25. g=4. X} T GraRep,
kyp=4o XTT DNGR HIBEAL MR 75 i, ARk
4, WA =098, A %A 02 EOE 2,
{8 F§ RMSProp 4L 2%, VLRI B R 400, 242 &
BH 0.002, NHEATAF-HEL, L5k 2T
SRR E YT 128,

x1 HFEEER

Table 1 Datasets information

PRk wA¥  mi X T
Cora 2708 5278 7 3.898
Citeseer 3312 4 660 6 2.814
PPI 3890 38 739 50 19.917
WiKi 4777 92 517 40 38.734
BlogCatalog 10312 333983 39 64.776

32 TESE
BT 555 2811 55 FL 8 Multi-GS FLx) A



- 1238 - O R

S 1 514 4%

PEREZE S . IR PRI 4 A [R] 40 ek Kk 4 4
f11,3% Citeseer, PPI, WiKi fl BlogCatalog, 1 /t4%
el I 28 v T A 5 20 T SRR R R, Xt
T Multi-GS, i Ho B [F] B8Rz Ak 2 00 J7 6 P RE
(RS2, BEREAS [ () B8 4R, 2 ) i 5 S5,
ERALE T, ¥R ALE RN 0 &H 4(kH
0~4). k=0 &7/~ Multi-GS ANl 240 B 25 4 #E 47
B2 2] R, AR B 46 P 283 5k GCN A2 A2
MR RIR o BEREY R 4328, ] Logistic 7]
P53 2 4w , BEHL AN [8) £ 4f 5 vh 20 0 1 9% {10%,
50%, 90%} 15 AUl Zh ok 2 A, 7R H AR A B PEAR
SRR TERE . A o R RE, SE 5 R T M-
cro-Flm] il Macro-Flm] YERTE FE bR . PR PR
B, SRR Ar . P A RS E R 10
W, s SR 3R 2~5 il JR /R FE Citeseer .
PPI. WiKi Fll BlogCatalog 5t #i& £ I i)y &5 4328
Micro-F, 1 Macro-F, [ ¥{E, Hp, Mk LR PERE
A5, T R 2 3R R LR M e R L 1
L
% 2 Citeseer £[#E £ 1y Micro-F, 1 Macro-F, &5 &

Table 2 Micro-F; and Macro-F, results on Citeseer dataset

o H B Micro-F) Macro-F),

10% 50% 90% 10% 50% 90%
DeepWalk 0.511 0.591 0.596 0.469 0.540 0.538
Node2Vec 0.531 0.594 0.612 0.480 0.542 0.561
GraRep 0.520 0.546 0.563 0.465 0.486 0.498
DNGR 0.454 0.535 0.545 0.418 0.490 0.492

Multi-GS(k=0)
Multi-GS(4=1)
Multi-GS(k=2)
Multi-GS(4=3)
Multi-GS(k=4)

0.380 0.452 0.489
0.465 0.536 0.573
0.528 0.618 0.658
0.541 0.634 0.666
0.542 0.659 0.699

0.338 0.408 0.433
0.422 0.495 0.534
0.487 0.581 0.627
0.499 0.599 0.632
0.501 0.626 0.661

* 3 PPIEUELE LAY Micro-F, #1 Macro-F, £ %
Table3 Micro-F; and Macro-F, results on PPI dataset

. Micro-F, Macro-F),
X E 10% 50% 90% 10% 50% 90%
DeepWalk 0.160 0.209 0.232 0.131 0.181 0.190
Node2Vec 0.155 0.204 0.228 0.125 0.177 0.189
GraRep 0.192 0.239 0.254 0.148 0.195 0.201
DNGR 0.145 0.188 0.223 0.126 0.164 0.186

Multi-GS(4=0)  0.173 0.197 0.209 0.128 0.153 0.159

Multi-GS(k=1)  0.181 0.218 0.232 0.135 0.169 0.173

Multi-GS(4=2)  0.188 0.231 0.258 0.143 0.190 0.189

Multi-GS(k=3)  0.194 0.241 0.266 0.157 0.199 0.201

Multi-GS(k=4) 0.177 0.215 0.219 0.139 0.176 0.174

%+ 4 WiKi ##E & L Micro-F, 71 Macro-F, &%
Table 4 Micro-F; and Macro-F; results on WiKi dataset

) Micro-F) Macro-F)
Xf HL L
10% 50% 90% 10% 50% 90%
DeepWalk 0.416 0.473 0.492 0.070 0.089 0.093
Node2Vec 0.422 0.486 0.509 0.078 0.099 0.106
GraRep 0.475 0.523 0.527 0.094 0.117 0.123
DNGR 0.341 0.420 0.434 0.066 0.083 0.083

Multi-GS(k=0)  0.472 0.474 0.472 0.078 0.073 0.070

Multi-GS(k=1)  0.469 0.502 0.513 0.071 0.078 0.084

Multi-GS(k=2) 0.476 0.504 0.522 0.081 0.087 0.101

Multi-GS(4=3)  0.483 0.524 0.589 0.098 0.118 0.123

Multi-GS(k=4) 0.416 0.473 0.492 0.070 0.089 0.093

% 5 BlogCatalog ##& % i MicroF; 1 Macro-F, £ %
Table 5 Micro-F, and Macro-F; results on BlogCatalog

dataset
Micro-F, Macro-F

Xf FLB:

10% 50% 90% 10% 50% 90%
DeepWalk 0.339 0.397 0.408 0.191 0.253 0.263
Node2Vec 0.341 0.399 0415 0.200 0.263 0.281
GraRep 0.367 0.400 0.405 0.198 0.235 0.235
DNGR 0.266 0.327 0.342 0.156 0.184 0.190

Multi-GS(k=0) 0.314 0.365 0.363 0.120 0.126 0.120

Multi-GS(k=1)  0.355 0.380 0.394 0.137 0.158 0.173

Multi-GS(k=2)  0.385 0.405 0.431 0.202 0.269 0.283

Multi-GS(k=3) 0.368 0.399 0.417 0.148 0.163 0.179

Multi-GS(k=4)  0.323 0.364 0.380 0.143 0.160 0.172
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Table 6 AUC score on all datasets

PONRA =R Citescer WiKi PPl  BlogCatalog
DeepWalk 0.6354 0.7577 0.724 4
Node2Vec 0.6121 0.7420 0.6001 0.712 6
GraRep 0.616 2
DNGR 0.6515 0.7564 0.5165 0.7177
Multi-GS(A=0) 0.9965 0.9257 0.872 4 0.903 6
Multi-GS(A=1) 0.9915 0.8775 0.8285 0.736 9
Multi-GS(A=2) 0.9736 0.8078 0.7477 0.664 1
Multi-GS(A=3) 0.9350 0.7841 0.607 6 0.649 8
Multi-GS(k=4) 09112 0.7801 0.602 6 0.627 2
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(a) DeepWalk (b) Node2Vec (c) GraRep
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Fig. 4 The visualization of Cora dataset
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Fig. 5 Parametric sensitivity analysis
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