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Clustering Algorithm Based on Variational Autoencoder and Manifold Features

CHEN Junfen, HAN Jinchi, XIE Bojun’, XIE Zhenghao
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Hebei University, Baoding 071002, China)

Abstract: Deep neural network has become a promising clustering method due to its excellent nonlinear mapping ability and flexibil-
ity in different scenarios. In order to map the original high-dimensional data to a feature space in where the clustering is easy to be
done, feature extraction or feature transformationare are done by many deep clustering methods, and then the extracted features are
grouped into different clusters in the lower-dimensional space, which still are assumed in Euclidean space. In order to explore the im-
pact of feature extraction and manifold space on clustering performance, in this paper, we propose a clustering algorithm based on
variational autoencoder and manifold learning—MFVC (Clustering Algorithm Based on Variational Autoencoder and Manifold Fea-
tures). In this method, the B-VAE (Learning Basic Visual Concepts with a Constrained Variational Framework) with residual connec-
tion layer is used as a feature extractor to extract image features, and the non-parameter attention mechanism SimAM (A Simple, Pa-
rameter-Free Attention Module for Convolutional Neural Networks) is added to improve the expressive ability of the convolutional
network. For more favorable features, the Manifold UMAP (Uniform Manifold Approximation and Projection for Dimension Reduc-

tion) method is used to improve the separability of the features, and then the K-Means method is used for clustering learning. Experi-
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mental results on six benchmark datasets show that this method can provide better performance. MFVC achieves with accuracy of
0.981 on the MNIST (Mixed Nationallnstitute of Standards and Technology database) dataset, and 0.681 on the Fashion-MNIST da-

taset.
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Fig. 5 Visualization of the MFVC clustering results on the
MNIST dataset
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Fig. 6 Several examples from the MNIST dataset
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Table 2 The performances of our method on the six datasets
MNIST-Full MNIST—test Fashion-MNIST USPS Emnist—digits Emnist—balanced
Apce 0.98140.000 1 0.969+0.002 0.68140.01 0.961+0.002 0.87340.02 0.71340.001
Nawin 0.951+0.002 0.926+0.003 0.655+0.002 0.903+0.001 0.90740.001 0.793+0.002
P 0.981+0.001 0.963+0.002 0.68140.01 0.951+0.002 0.87540.02 0.71840.001
R3 BAVF HEOAHIEE Laghak
Table 3 Comparison of our method and other methods in A,¢c and Ny, performance of each dataset
MNIST Fashion-MNIST USPS
Reference

A/\(‘(‘ “‘\/.\IMI A;\(‘(‘ jVN.V[I A[\(‘(‘ i\]NMI
GMMP Gaussian Mixture Models 2009 0.389 0.333 0.463 0.514 0.562 0.540
DEC PMLR2016 0.863 0.834 0.518 0.546 0.762 0.767
IDEC IJCAI2017 0.881 0.867 0.529 0.546 0.761 0.785
VaDE® IJCAI2017 0.945 0.876 0.578 0.630 0.566 0.512
UMAP+GMM! ICISP2020 0.916 0.866 0.589 0.651 0.811 0.900

ClusterGANF AAAT-19 0.890 0.900 0.500 0.640
psci IEEE/CVF 2019 0.978 0.941 0.662 0.645 0.869 0.857
DeepDPM IEEE/CVF 2022 0.980 0.940 0.620 0.680 0.890 0.880
DC-VAE® Knowledge-Based Systems 2020 0.973 0.941 0.597 0.633 0.778 0.697
N2DP ICPR 2020 0.979 0.942 0.672 0.684 0.958 0.901
MFVC 0.981 0.951 0.681 0.655 0.961 0.903
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Fig. 7 MNIST data feature map after UMAP processing
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Table 4 Ablation experiment results of MFVC method on 3 datasets

0.782 040.001 0 0.719 040.001 0
0.869 040.002 0 0.850 04-0.001 0

B-VAE+K-Means
UMAP-+K-Means

MFVC(without Res lock) ~ 0.882 0+0.0030 0.878 0+0.003 0
MFVC(with CBAM) 0.977 0£0.000 2 0.941 0=£0.000 1
MFVC 0.981 040.0001 0.951 0=£0.002 0

MNIST Fashion-MNIST USPS
Ance Ny Ance Ny Ance Nywi
K-Means 0.532 04-0.000 0 0.500 04-0.000 0 0.474 0£0.000 0 0.512 0=0.0000 0.668 0-£0.000 0 0.626 0-£0.000 O
MFVC(Isomap) 0.121 040.002 0 0.009 040.003 0 0.100 0£0.001 0 0.001 0££0.001 0 0.171 0=£0.001 0 0.104 0£0.001 O
MFVC(DBSCAN) 0.881040.001 0 0.909 040.001 0 0.644 0£0.001 0 0.683 0£0.001 0 0.863 0-£0.0100 0.833 0£0.002 O
MFVC(without SimAM)  0.857 0+0.010 0 0.831 0£0.0050 0.584 0£0.002 0 0.607 040.030 0 0.536 0+0.0200 0.668 0+0.010 0

0.491040.0020 0.524 040.0100 0.683 0£0.001 0 0.601 0=0.002 0
0.410040.003 0 0.590 040.001 0 0.517 0£0.002 0 0.619 0=£0.004 0
0.604 04-0.000 1 0.673 040.0002 0.468 0£0.0400 0.657 0£0.001 0
0.662 04-0.001 0 0.657 04-0.003 0 0.953 0£0.000 2 0.889 0+0.000 4
0.681040.0100 0.655040.002 0 0.961 0£0.002 0 0.903 0=£0.001 0
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(a) Effect of parameter n_neighbors on accuracy; (b) Effect of parameter min_dist on accuracy
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