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Information Processing of Ministry of Education, Shanxi University, Taiyuan 030006, Shanxi, China)

Abstract . In response to the issues where existing network embedding methods neglected higher-order structures, and the embedding
process was conducted independently of the community detection task, which affected the quality of community detection, a
community detection algorithm based on dual-view network embedded clustering integration ( DNECI) was proposed. The algorithm
consisted of two parts: dual-view network embedding and clustering integration. The dual-view network embedding module
adaptively fused network attribute information with topological information, preserving the higher-order structures of both. The
clustering integration module included two components; modularity optimization and clustering optimization. The modularity
optimization component used higher-order topological structures to achieve community results with optimal modularity, while the
clustering optimization component obtained clustering results in the embedding space through a self-supervised clustering method. A
mutual supervision mechanism was introduced to ensure consistency between the community detection results from both perspectives.
Comparative experiments on 4 real datasets and 15 algorithms showed that DNECI improved accuracy and normalized mutual
information by at least 2.5% and 1.4% on average compared to state-of-the-art benchmark algorithms, and improved the adjusted
Rand index and F1 score by at least 3.7% and 1.7% on average, demonstrating better community detection performance.
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Community detection algorithm based on dual-view network embedded clustering integration
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M-NMF 0.423 0.256 0.161 0.320 0.704 0.362 0.344 0.687 0.336 0.099 0.070 0.255 0.496 0.233 0.210 0.514
DNGR 0.419 0.318 0.142 0.356 0.718 0.384 0.326 0.695 0.326 0.180 0.043 0.286 0.534 0.265 0.256 0.558
GAE 0.627 0.496 0.418 0.611 0.863 0.592 0.641 0.864 0.581 0.327 0.308 0.575 0.623 0.325 0.238 0.631
VGAE 0.614 0.434 0.372 0.591 0.868 0.576 0.638 0.867 0.608 0.322 0.326 0.585 0.605 0.229 0.234 0.602
ARGE 0.640 0.449 0.352 0.587 0.852 0.589 0.654 0.871 0.610 0.351 0.350 0.584 0.618 0.262 0.218 0.620
ARVGE 0.638 0.450 0.374 0.377 0.846 0.590 0.647 0.858 0.615 0.347 0.353 0.575 0.620 0.257 0.231 0.632
DEC 0.565 0.376 0.327 0.583 0.827 0.507 0.551 0.829 0.563 0.282 0.277 0.535 0.573 0.285 0.213 0.586
GATE 0.664 0.462 0.425 0.640 0.871 0.596 0.658 0.868 0.634 0.362 0.370 0.594 0.638 0.268 0.284 0.629
DAEGC 0.699 0.517 0.492 0.672 0.877 0.619 0.672 0.877 0.647 0.381 0.384¢ 0.603 0.653 0.273 0.302 0.645
SDCN 0.668 0.511 0.447 0.624 0.891 0.654 0.742 0.882 0.656 0.381 0.379 0.577 0.676 0.381 0.413 0.620
DNECI 0.716 0.534 0.514 0.672 0.913 0.645 0.768 0.892 0.668 0.378 0.393 0.621 0.699 0399 0431 0.663
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Fig.2 Visualization of cross-correlation on the ACM dataset
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Fig.3 Visualization of the different perspective embedding on the Citeseer dataset
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Fig.4 Visualization of community discovery results ofdifferent clustering methods on the Cora dataset
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Table 4 Ablation study module settings

PPMI bR e Rk

L T A Y R
DNECI_N_P vV vV vV
DNECI_N_Clu VvV VvV
DNECI_N_Mod VvV vV
DNECI_Mod Vv Y vV vV
DNECI V vV vV vV
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K25 R DNECI LA A 15 21 il 4 (X 45 SR AR S e & 13
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Table 5 Ablation study results of A on different datasets

TS A 2t
Cora ACM Citeseer DBLP
DNECI_N_P 0.669 0.834 0.615 0.638

DNECI_N_Clu 0.643 0.877 0.634 0.653
DNECI_N_Mod  0.663 0.853 0.646 0.676
DNECI_Mod 0.702 0.902 0.659 0.687
DNECI 0.716 0.913 0.668 0.699
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