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Abstract: Deep neural network is widely used in clustering because of its powerful nonlinear mapping and
feature extraction ability. However, most of the existing deep clustering networks only take the character-

istic information of samples into account, and do not take full advantages of the spatial location distribu-
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tions of samples and the correlation information between samples. This paper combines the characteristic
information of samples, the spatial location information and correlation relationships between samples,
and proposes an depth clustering algorithm, Auto-CB for adaptive edge sample recognition. While using
the self-encoder to learn the feature representation of samples, the structural information between samples
is learned through graph neural network. Then, the self-attention is used to adaptively divide the samples
into cluster center samples and edge samples, K-means and majority voting mechanism are used to cluster
them, respectively. This paper compares the performance of five data sets with seven deep clustering and
clustering algorithms based on graph neural network. The results show that using the potential correlation
between cluster center samples and edge samples can promote the feature representation of samples and a-
chieve better results in clustering tasks.

Key words: clustering; graph neural network; association relationship; edge samples; structure character-

istics
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Dataset Metric K-means AE DEC IDEC GAE VGAE SDCN Auto-CB
USPS ACC 66. 82 71.04 73.31 76.22 63.10 56. 19 78.08 78.99
NMI 62.63 67.53 70.58 75.56 60. 69 51.08 79.51 77.97
ARI 54.55 58. 83 63.70 67. 86 50. 30 40. 96 71. 84 71.10
F1 64.78 69. 74 71. 82 74.63 61. 84 53.63 76. 98 76. 40
HHAR ACC 59. 98 68. 69 69. 39 71.05 62. 33 71. 30 84. 26 86. 36
NMI 58. 86 71.42 72.91 74.19 55.06 62.95 79. 90 80. 25
ARI 46. 09 60. 36 61.25 62. 83 42.63 51. 47 72. 84 73. 11
F1 58. 33 66. 36 67.29 68.63 62. 64 71.55 82.58 83. 32
Reuters ACC 54. 04 74.90 73.58 75.43 54. 40 60. 85 77.15 81. 03
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ARI 27.95 49.55 48. 44 51. 26 19.61 26.18 55. 36 62.59
F1 41. 28 60. 96 64. 25 63.21 43.53 57. 14 65. 48 67.96
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NMI 48. 21 55.79 49.19 62.06 14.61 15. 04 82. 44 83. 66
ARI 36. 397 43.63 36. 42 50. 38 37.27 33.58 75.92 76. 86
F1 52.50 60. 25 55. 44 59.91 15. 92 14. 86 79.49 80.23
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