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Deep clustering algorithm with fusion selective clustering ensemble

OIAN Yue, YAO Shixin*, WU Tianjun, FANG Xueyin, ZENG Lingbin
(Center for Teaching and Research Support, National University of Defense Technology, Changsha 410073, China)

Abstract: To achieve better robustness of the deep clustering algorithm when facing complex data of different types, this
paper combines a selective ensemble strategy with the deep clustering algorithm, proposing a deep clustering algorithm with fusion
selective clustering ensemble. This approach effectively enhances the robustness and clustering performance of the deep clustering
algorithm. The algorithm utilizes an autoencoder-based deep clustering algorithm with different initialization parameters to
generate multiple diverse base clustering results. It constructs measures for ensemble similarity and diversity of base clusterings.
A certain number of base clusterings with higher similarity and richer diversity were selected as candidates for clustering ensemble.
The clustering ensemble strategy considers the reliability of clusters to construct a weighted graph consensus function.
Experimental results demonstrate that the deep clustering algorithm with fusion selective clustering ensemble shows improved
robustness and achieves better clustering results on various types of data compared to many existing clustering ensemble
algorithms.
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Fig.1 Autoencoder Network Architecture
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Fig.2 Structure of deep base clustering generative model
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Alg.1 Deep base clustering generation
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Alg.2 Selective clustering ensemble
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EAC/TEY N FEARHR  RRE4ERE 2BAI%
Cars 392 8 3
Iris 150 4 3
MNIST 70000 784 10
Mnist5 3495 784 10
Strain 9401 200 20
Species 37585 232 101
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Tab.3 Average NMI results of DCFSCE and compared



method on Cars, Iris, and MNIST dataset

Bk Cars Iris MNIST
PTAAL _ 0.139(0.055) 0.547(0216) 0497(0.013)
PTACL  0.142(0.055)  0.554(0.207) 0.491(0.016)
PTASL  0.133(0.061) 0.498(0.213) 0.038(0.034)

PTGP 0.167(0.026)  0.741(0.016)  0.494(0.017)
WSCE  0246(0.001)  0.758(0.001)  timcout
SECWK 0.104(0.070)  0.572(0.223)  0.470(0.026)
LWEA 0.207(0.003)  0.748(0.008)  0.506(0.007)
LWGP  0206(0.004) 0.747(0.008)  0.498(0.004)
LRTA 0.005(0.003)  0.015(0.012) timeout
ECCMS  0206(0.003) 0.747(0.008)  timeout
SPACE  0.2940.016) 0.497(0.039) timeout
DCFSCESF  0.259(0.002)  0.764(0.012)  0.787(0.001)
DCFSCEDF ~ 0.232(0.008)  0.755(0.005)  0.758(0.002)
DCFSCEBF  0.259(0.002) 0.774(0.008) 0.789(0.001)

LWGP  0.495(0.005) 0.947(0.008) 0.986(0.003)
LRTA 0.528(0.007)  0.950(0.007) timeout
ECCMS  0.345(0.114)  0.946(0.006) timeout
SPACE  0.444(0.006) 0.861(0.011) timeout
DCFSCESF  0.652(0.006)  0.959(0.002)  0.993(0.002)
DCFSCEDF  0.652(0.007)  0.959(0.001)  0.993(0.003)
DCFSCEBF  0.668(0.002)  0.958(0.001)  0.993(0.001)
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S ERF ARIER

Tab.4 Average ARI results of DCFSCE and compared
method on Cars, Iris, and MNIST dataset

Hik Cars Iris MNIST
PTAAL _ -0.018(0.115) 0.409(0.198)  0.382(0.024)
PTACL  -0.019(0.115)  0.427(0.190)  0.372(0.022)
PTASL -0.015(0.114)  0.363(0.187)  0.003(0.004)

PTGP  -0.026(0.107)  0.6820.071)  0.377(0.032)
WSCE  0.053(0.001)  0.7250.001) timeout
SECWK -0.034(0.046)  0.467(0.220)  0.346(0.036)
LWEA  0.07200.003)  0.722(0.007)  0.397(0.014)
LWGP  0.073(0.003)  0.721(0.007)  0.384(0.008)
LRTA  -0.001(0.004) 0.003(0.014) timeout
ECCMS  0.074(0.003)  0.721(0.007) timeout
SPACE  0.059(0.045) 0388(0.128) timeout
DCFSCESF  0.058(0.002)  0.732(0.012)  0.801(0.002)
DCFSCEDF 0.146(0.015) 0.725(0.007)  0.742(0.002)
DCFSCEBF 0.058(0.002) 0.740(0.009) 0.801(0.001)
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Tab.6 Average ARI results of DCFSCE and compared

method on Mnist5, Strain and Species dataset

Bk Mnist5 Strain Species

PTAAL  0.372(0.020) 0.567(0.142)  0.463(0.037)
PTACL  0.380(0.019) 0.578(0.126)  0.449(0.046)
PTASL  0.174(0.084) 0.476(0.137)  0.582(0.068)

PTGP 0.382(0.018)  0.673(0.106)  0.353(0.067)
WSCE  0.377(0.016) 0.906(0.001)  timeout
SECWK  0.317(0.048) 0.410(0.138)  0.175(0.034)
LWEA  0.393(0.009) 0.932(0.024)  0.846(0.021)
LWGP  0.370(0.006) 0.934(0.024)  0.869(0.018)
LRTA 0.404(0.013)  0.932(0.024) timeout
ECCMS  0.170(0.073)  0.894(0.036)  timeout
SPACE  0.319(0.003) 0.724(0.037) timeout

DCFSCESF  0.575(0.005)  0.946(0.002)  0.972(0.004)

DCFSCEDF  0.575(0.013)  0.946(0.003)  0.971(0.003)

DCFSCEBF  0.589(0.003)  0.945(0.001)  0.972(0.004)
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Tab.5 Average NMI results of DCFSCE and compared

method on Mnist5, Strain and Species dataset

RS Mnist5 Strain Species
PTAAL _ 0.495(0.012) 0.815(0.045) 0.899(0.007)
PTACL  0.501(0.011) 0.813(0.040) 0.894(0.008)
PTASL  0.354(0.080) 0.788(0.050) 0.914(0.011)

PTGP  0.5000.011) 0.833(0.038) 0.860(0.019)

WSCE 0.543(0.008)  0.936(0.001) timeout
SECWK  0.470(0.028) 0.762(0.056) 0.836(0.016)

LWEA  0.513(0.006) 0.945(0.007) 0.981(0.005)
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Tab.7 Average NMI results of ablation experiment on Cars,

Iris, and MNIST dataset

noSCE
DCFSCESF
DCFSCEDF
DCFSCEBF

0.232(0.025)
0.259(0.002)
0.232(0.008)
0.259(0.002)

0.754(0.009)
0.764(0.012)
0.755(0.005)
0.774(0.008)

0.758(0.012)
0.787(0.001)
0.758(0.002)
0.789(0.001)

#* 8 HBASCIQTE Cars. Iris #1 MNIST #iE&E FAIFY
ARI 5%
Tab.8 Average ARI results of ablation experiment on Cars,

Iris, and MNIST dataset

RS Cars Iris MNIST
Single  0.085(0.072) 0.719(0.091) 0.739(0.047)
noSCE 0.056(0.012)  0.721(0.009)  0.745(0.013)

DCFSCESF  0.058(0.002)  0.732(0.012) 0.801(0.002)
DCFSCEDF ~ 0.146(0.015) 0.725(0.007)  0.742(0.002)
DCFSCEBE  0.058(0.002) 0.740(0.009) 0.801(0.001)
3R 9 HRSCIGTE MnistS. Strain 1 Species RS LHY
SEH NMI 45 R

Tab.9 Average NMI results of ablation experiment on

Mnist5, Strain and Species dataset

o Mnist5 Strain Species
Single 0.620(0.029)  0.943(0.007)  0.989(0.003)
noSCE 0.643(0.021)  0.955(0.005)  0.991(0.003)

DCFSCESF  0.652(0.006) 0.959(0.002) 0.993(0.002)

DCFSCEDF  0.652(0.007)  0.959(0.001) 0.993(0.003)

DCFSCEBF  0.668(0.002) 0.958(0.001) 0.993(0.001)

= 10 HBRSCISZE Mnist5. Strain F0 Species #iE&E £
HISF1 ARI 455

Tab.10  Average ARI results of ablation experiment on

Mnist5, Strain and Species dataset

AT Mnist5 Strain Species
Single  0.515(0.049) 0.928(0.030) 0.948(0.034)
noSCE  0.550(0.040) 0.938(0.010) 0.961(0.021)

DCFSCESF ~ 0.575(0.005)  0.946(0.002) 0.972(0.004)
DCFSCEDF ~ 0.575(0.013) 0.946(0.003)  0.971(0.003)
DCFSCEBF  0.589(0.003) 0.945(0.001) 0.972(0.004)

Bk Cars Iris MNIST

Single 0.224(0.036)  0.732(0.070)  0.750(0.025)
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