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Multiple Kernel K-Means,SCHMKKM) , #Z k@B d HHmF ki H S REFE AKX HHEBEVZR AR EL EZHE L
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Hierarchical Multiple Kernel K-Means Algorithm Based on Sparse Connectivity

WANG Lei"*,DU Liang"? and ZHOU Peng®
1 College of Computer and Information Technology,Shanxi University, Taiyuan 030006 , China
2 Institute of Big Data Science and Industry,Shanxi University, Taiyuan 030006, China

3 College of Computer Science and Technology, Anhui University, Hefei 230601, China

Abstract Multiple kernel learning(MKL) aims to find an optimal consistent kernel function. In the hierarchical multiple kernel
clustering(HMKC) algorithm,the sample features are extracted layer by layer from high-dimensional space to maximize the re-
tention of effective information,but the information interaction between layers is ignored. In this model, only the corresponding
nodes in the adjacent layer will exchange information,but for other nodes,it is isolated,and if the full connection is adopted, the
diversity of the final consistence matrix will be reduced. Therefore, this paper proposes a hierarchical multiple kernel K-Means
(SCHMKKM) algorithm based on sparse connectivity,which controls the assignment matrix to achieve the effect of sparse con-
nections through the sparsity rate.thereby locally fusing the features obtained by the distillation of information between layers.
Finally, we perform cluster analysis on multiple data sets and compare it with the fully connected hierarchical multiple kernel K-
Means(FCHMKKM) algorithm in experiment. Finally, it is proved that more discriminative information fusion is beneficial to
learn a better consistent partition matrix,and the fusion strategy of sparse connection is better than the strategy of full connection.

Keywords Multiple kernel learning. Hierarchical multiple kernel clustering. Sparse connectivity. Fully connected, Information

distillation, Local fusion
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Fig. 1 Schematic diagram of four different late fusion multiple kernel clustering algorithms
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Algs\Ds D1 D2 D3 D5 D6 D7 D8 D9 Avg
MKKM-MR

2016) 56.9340.01  50.6340.00 42,15+0.30 72.0840.00 88.584+0.00 69.13+0.00 45.0640.02 83.224+0.10 26.06-+0.02 59,32

LKAMKC -

(2016) 64.71420.00  60.60+0.01  42,1040.00 72.9320.00 90.867-0.00 69.1370,00 45.74+0.00  35,9940.00  9.6970.00  54.64
ONKC(2017)  57.61+0.02 50.45+0.07 42.41+0.42 73.22+0.00 89.03+0.03 69.42+0.00 44,95+0.01 84.13+0.08 25.3440.02 59,62
LKGr(2018)  63.73+0.00 52.1940.03 10.7740.00 71.04+0.00 68.3740.00 59.7140.00 43.2140.01  9.84+0.00  7.200.00  42.90
JMKSC(2019)  60.4640.00 54.05+0,00 38.0540.10 65.3140.05 79.94+0.00 58.7040.00 41,4940.00 76.46+0.12  5.8340.00  53.37
MCGC(2019)  63.7340.00  42.3474-0.00 44.6240.00 65.5340.00 87.5240.00 68.99+0.00 25.89-40.00 72.1340.00 34.01£0.00 56,08

ON-ALK(2021) 74.024:0.00 50.457420.00 36.8220.16 74.3620.00 85.207-0.77 69.5740.00  46,1220.00 78.0340.20 22.25%0.02  59.65
PMKSC(2021)  64.7140.00 49.22-40.03  38.2640.27 70.37+0.00 91.9240.00 69.714+0.00 44.44+0.00 83.4240.09 26.40+0.02  59.83
HMKC(2021)  63.794-0.37  48.32740.08 46.56+0.23  71,7940.00 92.0940.00 67,3540.00 41.9240.03 84.72+0.09 29,3340.04  60.65
FCHMKKM  85.29+0.00 58.8340.00 42.854+0.04 87.460.00 90.514-0.00 68.41+0.00 45.5140.00 47.254+0.02 32.12-+0.01  62.03
SCHMKKM  86.18-+0.03 63.51+0.02 56.38+0.13 90.03+0.03 93.20+0.00 69.554+0.00 53.68+0.12 84.93+0.12 40.06+0.02 70.84
3 NMI LR L5 RN
Table 3 Comparison of NMI experimental results
A 20D

Algs\Ds D1 D2 D3 D4 D5 D6 D7 DS D9 Avg
MKKM-MR

(2016 1.3940.00  14.7140.01 42.2740.26 22.27+0.00 48.7040.00 10.2740.00 17.47+0.02 95.48+0.01 42.05+0.01 32,73

LKAMKC

2016 6.86+40.00 25.76+0.00 42.124+0.26 21.4440.00 54.2940.00 10.2940,00 19.3640.00 69,5840.00 14.7340.00  29.38
ONKC(2017)  1.7040.00  14.82+0.09 42.42+0.45 24.11+0.00 50.00+0.11 10.6140.00 18.94+0.02 95.93+0.01 41.464+0.01  33.33
LKGr(2018) 6.7340.00  19.104+0.05 8.25+0.00 11.59+0.00 11.37+0.00 2.2740.00 15.74+0.02 31.50+0.00 9.03+0.00  12.84
JMKSC(2019)  3.61£0.00  18.69+0.00 37.8340.12  6.9340.02  30.57+0.00 3.27+0.00  15.5840.00 91.77+0.01  6.3840.00  23.85
MCGC(2019)  6.47+0.00  2.2840.00 41.2740.00  9.3540.00 47.76+0.00  9.98+0.00  0.37+0.00  89.80+0.00 46.80+0.00 28, 23

ON-ALK(2021) 17.3540.01  14,4740.00 34.62+0.19 20.37+0.00 42.51402.75 10.7640.00 18,9140.00 92.13+0.03 35.36+0.03  31.83
PMKSC(2021)  6.60+0.00  10.5640.05 38.84+0.22 13.42+0.00 57.86+0.00 10.94+0.00 16.96+0.00 95.73+0.01 42.51+0.00  32.60
HMKC(2021)  6.75+0.24  13.2240.14 43.05+0.15  15,0840.00 58.48+0.00  9.1340.00 18.5240.05 96.137+0.01  45.60--0.01  34.00
FCHMKKM  40.06+0.00 15,9440.00 39.774+0.03 44.4340.00 56,4140.00 10.37+0.00 15.3240.00 76.17+0.01 44.10+0.00 38.06
SCHMKKM  43,26-+0.24 24.61+0.06 54,76+0.10 51.29+0.34 62.65+0.00 10.72-0.00 27.28+0.02 96.22+0.01 51.76+0.01 46.95

D https://gitee. com/wl575264909/schmkkm. git
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Table 4 Comparison of RI experimental results

(A %)
Algs\Ds D1 D2 D3 D4 D5 D6 D7 D8 D9 Avg
MKKM-MR
2016 50.4974-0.00  56.10220.00 85.6140.01 59.647-0.00 79.7374:0.00 57.2670.00 67.2470.02 99.5240.00 95.557-0.00  72.35
LKAMKC B o ae B
(2016) 53.8740.00 59.65+0.00  85.75+0.01 60.4140.00 83.3640.00 57.26-+0,00 67.66+0.00 97,824+0.00 94.7240.00  73.39
ONKC(2017)  50.7140.00 55.574:0.01  85.81740.01  60.67=0.00 80.4940.07 57.4840.00 67.1740.00 99.56=0.00 95.53%0.00 72,55
LKGr(2018)  53.314+0.00 52.69+0.02 21.00+0.00 58.7340.00 56.6740.00 51.82+0.00 64.64+0.03 97.1040.00 94.6540.00 61.18
JMKSC(2019)  51.7240.00 52.45%0.00 81.1740.07 55.05740.03 67.87-0.00 51.44%0.00 61.8540.00 99.1740.00 68.06=-0.00 65,42
MCGC(2019)  53.3140.00  48.7540.00  77.92740.00 54.6970.00 78.1240.00 57.1540.00 25.32740.00 98.47-0.00 95.12%0.00 65,43
ON-ALK(2021) 61.1640.00 56.1540.00 84.32+0.01 61.76+0.00 76.284+0.94 57.5940.00  66,76-0.00 99.29+0.00 95.34+0.00 73.18
PMKSC(2021)  53.874-0.00 54.7370.02 84.87+0.01 58.18%0.00 85.1140.00 57.710.00 67.3840.00 99.54740.00 95.5470.00  72.99
HMKC(2021)  54.1040.11  55.834-0.01 85.8740.01  59,38+40.00 85.41+0.00 55 964-0.00 66.4140.00 99.58-0.00 95.64+0.00 73, 13
FCHMKKM  74.6740.00  59,3240.00 85.74+0.00 78.01+0.00 82,794+0.00 56.7140.00 67.81+0.00 98.13+0.00 95.63+0.00 77.65
SCHMKKM  76.01+0.07 60.14+0.01 88.58+0.00 82.06+0.07 87.30+0.00 57.58+0.00 71.64+0.00 99.5740.00 95 78+0.00 79.85
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Table 5 Comparison of running times

LA . s)
Algs\Ds ARIOP PIE_POSE27 YALEB
MKKMMR 0. 04 33.02 139.42
LKAMKC 0.02 11.16 50. 69
ONKC 0.11 20.31 55.06
LKGr 0. 46 136.76 427.85
JMKSC 0.48 39.41 118.10
MCGC 0.90 31. 66 251.06
ONALK 0.51 39.47 149.33
PMKSC 8.15 341. 46 1512. 44
HMKC 11.02 73.44 138.81
FCHMKKM 17.10 268.98 465. 83
SCHMKKM 15. 36 262. 64 402. 33
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