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Path-masked Autoencoder Guiding Unsupervised Attribute Graph Node Clustering

DING Xinyu' ,KONG Bing' ,CHEN Hongmei' ,BAO Chongming® and ZHOU Lihua'
1 School of Information Science and Engineering, Yunnan University, Kunming 650504, China

2 School of Software, Yunnan University, Kunming 650504 , China

Abstract The purpose of graph clustering is to discover the community structure of the network. Aiming at the problem that the
current clustering methods can not well obtain the deep potential community information of the network,and can not make sui-
table information integration of the features, resulting in unclear semantics of the node community,a path-masked autoencoder
guiding unsupervised attribute graph node clustering(PAUGC) model is proposed. This model utilizes an autoencoder to deeply
dig the network topology structure by randomly masking network paths, thereby obtaining excellent global structural semantic in-
formation. Utilizing a normative method for information integration of the features,so that the node features are able to better
characterize the class information of the features. In addition, the model combines modularity maximization to capture the under-
lying community clusters information in the whole graph,aiming to more reasonably fuse it into the low-dimensional node fea-
tures. Finally.the model iteratively optimizes and updates the clustering representation through self-training clustering to obtain
the final node features. By conducting extensive experiments and comparisons with 11 classical methods on 8 benchmark datasets,
PAUGC has been proven to be effective compared to current mainstream methods.

Keywords Deep graph clustering, Unsupervised learning, Feature integration, Module maximization, Self-training for clustering
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Eat™™, Uat™™, Amap"™ , #IREGIE R ME 1 T,

1 BRESIMEE

Table 1 Datasets statistics

HAEE WEHE HHE A 4 %
Cora 2708 10556 1433 7
Citeseer 3327 9104 3703 6
Pubmed 19717 88648 500 3
Photo 7650 238162 745 8
Acm 3025 29281 1870 3
Eat 399 5994 203 4
Uat 1190 13599 239 4
Amap 7650 119081 745 8

4.2 LIS

SCE S AN T - CPU 24 Intel 19 11900k, GPU 2y NVIDIA
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) MVGRL™ 2 J7 ¥ 1 56 % 45 44 10 (&1 3k 17 48 5 4k 34, Jf:
P A0 R 1 05 R R 5 55— AW B R AT L DA S I
TRALTT SRR .

9) AGC-DRRY* . #4) 5 T 45 #4) 3 58 T 9 45 A IR 2K 7 W 45,
V5 TE1 10 465 1 388 it R AR A SR 2 8 — O — B4R, DT A 2008 2>
FRAE 23 [ T (A5 BI04

10) AFGRLYY AR T — Fp S 75 22 450408 38 58 A 67 R FE 19
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Fiy o 38— AL Y T A R AR T 5 — A A
R ZRAE (5 AR A o 0 R AE S A B0 DA T AS 7 12 5 458 7Y

11 GDCL™ T — A~ B i % b 2% 3 7 i AE 4R, H
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4.4 EWHEE

H T LS X b 2 ST I B AE IR L A xS G
BRSO R IR C E . 4T PAUGC, 55 — B BE i1 45
A VB IR BEE S 100~800, 55 — B B i Y11 45 3% AR W B 58
— B E S 500, HIARLAY G A RS tH P2 GON 4B, 19 2 I 4% 4
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B 1,0.01,0. 01, 38 28 9 18 2% 3 A5 07 ) 5 388 2 5009 A LA
RIBIE A HE AR 45 R . S — W Be iy 2 3 R 8 R 0. 01,58
T B S AR S 0. 01, il R4 ML R R A 2k 3 R B
KB R 50,
4.5 ZWIEH

S6 R A TR 284 AR R HER S ACC AR ik BLfF B NMI
FIVH B 2= 18 R4 AR

ACC 7R IE 8 Bl AR A B0 S5 AR FEAR B2 1, HoOH e )
= (15) s

N
20Cr; ymap(s;))

ACC(r,s)="" (15)

n

Hor R MREAR I B RAR L s FOoR BRI B
ANFEA Y TR0 2 BN BR 2 5 map O BREE— A W5 o6 300, 1 T B
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AR R o=y W HAE Y 1. GBS 0. %46 45 H
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DPAUGC #E T H A SR AE 3 M E4r DRI TR K
FIE# . 16 Cora HUHRAE I, 48 SCT7 12 LU A8 4 9 7 I 7E 46 A
ACC FR® T 5.53% .76 NMI 42 T 3.61%,7E ARI |
P25 T 9.43% 76 Amap FUHRAE I, AR T8 4 5 vk,
ACCHETF+ T 4. 25%, NMI #£ F+ T 8. 02%, ARl #£ 7+ T
7.49%,

2) Lk Cora ¥4 4E 9 # . PAUGC £ ACC $5 5 L2 %1l 1t
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A BIIG A RFAE AR LA 38 K A9 4k X 454 15 8, i $2 7
W R AR,
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Table 2 Performance comparison of multiple algorithms on datasets like Cora

%

Methods Cora Citeseer Pubmed Photo
ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI
K-means 44,28 27.36 16.12 55.82 29.42 26.72 59.53 31. 34 28.19 29.19 16. 88 6.69
MGAE 43.38 28.78 16.43 61.35 34.63 33.55 59. 30 28. 20 24. 80 43. 88 8.16 41.98
DAEGC 70.43 52.89 49.63 64.54 36.41 37.78 67.10 26. 60 27. 80 76.00 65.30 58.10
ARGA 71.04 51.06 47.71 61.07 34.40 34.32 68.10 27.60 29.10 69. 30 58.40 44. 20
SDCN 35. 60 14,28 7.78 65.96 38.71 40.17 64. 20 22.87 22.30 53.40 44.90 31.20
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Methods Cora Citeseer Pubmed Photo
ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI
AGE 73.50 57.58 50.10 69.73 44,93 45. 31 71.10 31. 60 33.40 75.90 65.40 55.90
MVGRL 70.47 55.57 48.70 62.83 40. 69 34.18 67.01 31.59 29.42 50.40 43.31 23.79
AGC-DRR 68.61 51.05 48. 00 68. 32 43.28 45. 34 59.96 16. 14 16. 46 76.80 66.50 60. 10
AFGRL 26. 25 12. 36 14.32 31.45 15.17 14,32 65.16 31.27 28.26 76.77 65.71 57.34
GDCL 70.83 56. 30 48.05 66. 39 39.52 41.07 70.19 34.48 33.07 43. 80 37.30 21. 60
PAUGC 79.03 61.19 59.53 71.00 45.57 46. 60 73.11 38.49 37.48 79.24 73.06 62.16

# 3 FSBEILTE Acm SRS LAY FR X H
Table 3 Performance comparison of multiple algorithms on datasets like Acm

%)

Methods Acm Eat Uat Amap
ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI
K-MEANS 69.19 33.97 32.77 39. 85 18.92 10.53 43.03 22.61 15.96 29.61 17.06 6.78
MGAE 88.10 62.10 68.70 44.61 15. 60 13.40 48.97 20. 69 18. 33 71.57 62.13 48. 82
DAEGC 86. 94 56.18 59.35 36. 89 5.57 5.03 52.29 21.33 20.50 75.96 65.25 58.12
ARGA 62.90 28.34 29.42 52.13 22.48 17.29 49.31 25. 44 16.57 69. 28 58. 36 44.18
SDCN 90. 45 68. 31 73.91 39.07 8.83 6.31 52.25 21.61 21.63 53.44 44. 85 31.21
DFCN 90. 90 69. 40 74.90 49, 37 32.90 23.25 33.61 26.49 11.87 76.82 66. 23 58.28
AGE 90.91 69.42 74.96 47. 26 23.74 16.57 52.37 23.64 20. 39 75.98 65.38 55.89
MVGRL 86.73 60. 87 70.10 32.88 11.72 4.68 44.16 21.53 17.12 41.07 30. 28 18.77
AGC-DRR 89. 30 65. 30 71.00 37.37 7.00 4.88 42.64 11.15 9.50 76.81 66. 54 60.15
AFGRL 89.98 67.94 72.87 37.42 11.44 6.57 41.50 17.33 13.62 75.51 64.05 54.45
GDCL 67.60 29.08 27.52 33.46 13.22 4.31 48.70 25.10 21.76 43.75 37.32 21.57
PAUGC 91.50 70.57 76.51 56.89 29.18 26.8 55.46 25.32 20.02 81.07 74.25 65.77

4.7 HEAXIE 13 N HRF LA IO T R8O AR AR A TR BRI
AT 38 A T Rl SR 4 UE SR SRR e A A S B R K Ak ERRAE L, REMEREIF AL B H .

AR, 4585501 THBSCK MR, HH B RA
b 18 E 3 g i &8 1 GAE 5 28 Jy =4 B i BE Al HE Ze A AL, B-
CSD,B-MM FI B-CSD-MM 43 JIACF I 1 5 20 7 M 4 A
P AL KA H A T AR A T 0 O vk . 2R R SR
TR IS5 R AT TR T LA DT 458

DAL B &l i RALBL P i 31 2 J5 78 K30 4 i 1 #8
AT R R P S X R ) R AEE B AR AR
R2AHL XTI AL TR KW &,

D TESLLR B Y ILal I 0 FH R AR M AT HLE . AR

DGR LA B, CSD Fl MM = 2 [a] i i B 2R 2%
PERE A LF. L CORA 1 AMAP %3 4 0 49, 7 CORA %¥5
£ | ffi f§ B, CSD 1 MM 1y ACC, NMI, ARI 4 % # it B
5.8%,3.39%.5. 73% . 1E AMAP ¥ #E 4 F{di ] B,CSD #I
MM f#§ ACC, NMI, ARI 4 %l # i B 11. 82%, 5. 53%,
12.81% . XZB HILLLER T CSD Al MM Z 5 BE9S R 4 b
BB 45 1 F P B AN XA S, 1 — 25 0k 2 7 SRR AE o
S5 R R [ B R A% 4R e R AL 9 SR A DX B IR ), AT
F  HE A AT 55 I IR 4 AR TE i A .

4 AE Cora T Hdn 5 L EAT I i 5L 380

Table 4 Ablation experiments on datasets like Cora

%
Cora Citeseer Pubmed Photo
Methods
ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI
B 73.23 57.80 53. 80 66.01 41.00 40. 54 68.13 27.97 28.78 60. 82 58.47 34. 30
B-CSD 74.37 58.48 51.95 68.53 43.32 43.56 65.67 25. 14 24.63 77.53 69.30 60.17
B-MM 73.01 57.19 49.63 68. 65 43.38 44. 25 72.59 37.55 36.33 68. 80 67.35 51.80
B-CSD-MM 79.03 61.19 59.53 71.00 45.57 46. 60 73.11 38.49 37.48 79.24 73.06 62.16
#5 A Acm FFEUIE A 1 BEIT N RS0
Table 5 Ablation experiments on datasets like Acm
%)
Acm Eat Uat Amap
Methods
ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI
B 68.00 50. 37 45.99 55. 89 28.47 24.79 54.45 24.41 17.02 69. 25 68.72 52.96
B-CSD 91. 44 70.29 76.33 55.14 27.69 23.80 50. 50 21.79 12.78 79. 46 73.31 62.63
B-MM 67.97 49.11 44.65 56. 64 29.11 25.28 48.74 23.47 15.22 79.12 73.23 62.08
B-CSD-MM 91.50 70.57 76.51 56.89 29.18 26.80 55.46 25.32 20.02 81.07 74.25 65.77

4.8 SHEHBRESNT
AT BE5E 2 B S RSO B R, 2 AT PR 4
D SRR BT . LA Aem SR SE N SC B AR, B T

B R N R AR A X v AR A R R ) B R A i
HCAth 15 B SR L K G B 2 A R AT R A B R 8,
16,32, 64,128, LAk XF 45 b 19 5% i, HAR 25 W E 2 (a)

I
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Fig. 2 Influence of hyperparameters on model
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