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Abstract: Objective Deep neural network-based clustering models, capable of learning effective features from raw data,
have received widespread attention in various unsupervised applications. Existing autoencoder-based clustering models
lack generative ability and generally use Gaussian distribution as a prior, limiting the expression of multimodal features.
This paper proposes a deeply embedded clustering model—DVADEC (Deep Embedded Clustering based on Dirichlet
Variational Autoencoder), which integrates the representation learning capability of Dirichlet variational autoencoder and
the clustering capability of embedded clustering into a unified model. Methods Firstly, during the pre-training phase, the
multimodal nature of Dirichlet distribution is utilized as a prior distribution to guide the learning process of latent
variables. Then, the trained weights are loaded into the clustering model, and class assignments are performed by

embedding clustering layers in the latent space. Finally, the network is fine-tuned through alternating optimization of the
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objective function to enhance clustering results. Results Experimental results demonstrate that the DVADEC model
exhibits good clustering performance on four benchmark datasets, achieving an accuracy of 97. 13% on the MNIST image
dataset and an accuracy of 80. 1% on the REUTER-10k text dataset. Furthermore, visualization results demonstrate clear
separability of latent features, and samples generated based on features exhibit distinct, smooth, and diverse contours.
Conclusion The DVADEC model integrates generative capability and the ability to express multimodal features,

significantly enhancing feature extraction and clustering performance. It provides new perspectives and technical means for

the fields of data mining and pattern recognition.

Keywords: deep clustering; unsupervised learning; neural networks; Dirichlet distribution; variational autoencoder
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HRAEE 2 H /R SE I 5 AT IAFH DU R 4538 .58
— M FAEGRIE T L (K-means, GMM 55) | FE TR
FE L2 TR, SR 5 PR R SE M 7 T AE ke LA
W E AT 55—, DVADEC ARI7E GRS 5 I
(R SRS B A o T HA P R A SRR BL . Eik,
£ MNIST #1 F —MNIST 48 48 b 098G B 43 ik 3 1
97" %1 70" % ,FHF T IDEC 595 RS EHE S T 10" %, i
AT UL, DirVAE I8 TERAIE B BURAE B AR

R2 FRARKFAZEARHFEE EMREBEXLL

Table 2 Comparison of clustering accuracy of different clustering methods on different datasets

MNIST—full MNIST—test F-MNIST USPS REUTERS-10K
Method

[,V M [,-\K A c [N M [AH A c II\ M IAR A c IN M IAH A c [,V M [,-\K
K-means 0.532 0.500 0.372 0.533 0.499 0.387 0.474 0.512 0.370 0.657 0.620 0.533 0.515 0.309 0.299
GMM 0.540 0.509 0.386 0.537 0.501 0.390 0.523 0.409 0.353 — — — 0.535 0.337 0.308
DEC 0.863 0.834 0.751 0.840 0.830 0.753 0.595 0.510 0.403 0.758 0.769 0.688 0.756 0.481 0.480

IDEC 0.874 0.859 0.773 0.881 0.867 0.773 0.609 0.513 0.410 0.759 0.777 0.695 0.530 0.209 —
DVADEC 0.971 0.926 0.938 0.973 0.931 0.940 0.702 0.683 0.578 0.862 0.854 0.834 0.801 0.537 0.625
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Fig.4 Accuracy and loss during training on MNIST dataset
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