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Fast Correntropy-Based Clustering Algorithm
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(National Engineering Laboratory for Visual Information Processing and Applications,

Xi’an Jiaotong University, Xi’an 710049, China)

Abstract: Aiming at the issue of low efficiency and poor robustness in large-scale real-world data
clustering, a fast correntropy-based clustering algorithm (FCC) is proposed. FCC is mainly
divided into the following two steps: 1) Performing k-means on the original data to obtain rough
labels to serve as the label matrix of the second step; 2) Adopting the original data and those
anchors to construct the anchor graph and taking Laplacian matrix of the anchor graph as a graph
constraint to explore the internal structure of original data so as to obtain the final categories of
these samples. Meanwhile, the whole clustering process is carried out under the correntropy
instead of the traditional Euclidean distance framework, which can effectively suppress the
influence of the large amount of non-linear and non-Gaussian noise in the real-world data on the
clustering robustness. To verify the performance of FCC, five state-of-the-art algorithms are
developed as baselines to run with FCC on four large-scale real-world data sets. The results show

that FCC can improve the clustering accuracy in most cases (by 8.58%, 6.86% and 1.86%
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respectively on WebKB, TDT2 and Cora) while greatly improving the clustering efficiency (by

several or even dozens of times). Furthermore, to verify the robustness of FCC, varying degrees

of random noise and Poisson noise are added to WebKB and Cora to obtain 8 noisy data sets, and

all algorithms are run on these noisy data sets under the same conditions. Compared with the

other baseline algorithms, FCC can maintain the optimal clustering robustness.

Keywords: fast clustering; correntropy; anchor graph
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Table 1 Description of all datasets

pAE/E S B3I} FEARKL  RRAEZERE N4
WebKB Text 827 14134 7
TDT2 Text 9 394 36 771 30
Mnist Image 6 996 784 10
Cora Text 751 6 234 10
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Table 2 Clustering results comparison of all methods on different datasets

: L At £ 2 ToL:

ik WebKB TDT2  Mnist Cora WebKB TDT2  Mnist Cora WebKB TDT2  Mnist Cora
FNMTF 0.3180 0.1737 0.3036 0.1838 0.046 7 0.2351 0.1924 0.0420 0.7025 0.3296 0.3193 0.2730
BKM 0.3519 0.3756 0.1344 0.2397 0.0333 0.3025 0.0302 0.0250 0.7025 0.4301 0.1381 0.258 3
LPFNMTF 0.180 2 0.0516 0.1204 0.1704 0.0110 0.0149 0.0026 0.0259 0.7025 0.2103 0.123 1 0.2557
LSSC 0.6796 0.453 4 0.3278 0.2410 0.007 3 0.2793 0.1723 0.0049 0.7025 0.504 7 0.3305 0.2410
KMM 0.695 3 — 0.5332 0.2437 0.0026 — 0.524 4 0.0126 0.7025 — 0.542 8 0.247 7
A 0.7811 0.5220 0.3621 0.2623 0.1742 0.3099 0.2565 0.0560 0.7811 0.5290 0.377 1 0.2836
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Table 3 Computational time comparison of all methods on different datasets

HAEmI[E] /s

B 4
FNMTF BKM LPFNMTF LSSC KMM FCC
WebKB 3.461 1 8.211 2 4.608 3 0.317 8 12.530 7 0.315 0
TDT?2 1 629.486 3 2 656.953 1 1814.701 7 76.487 7 — 62.035 7
Mnist 12.432 1 7.956 1 25.179 1 6.514 0 41.044 5 6.117 6
Cora 5.360 0 10.076 0 7.134 2 0.302 0 14.036 8 0.2119
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