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Interpretable Clustering with Multi-View Generative Model
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Abstract Clustering has two problems: multi-view and interpretation. In this paper, we propose an
interpretable clustering with multi-view generative model (ICMG). ICMG can get multiple clustering
based multi-view meanwhile qualitatively and quantitatively interpret clustering results by using
semantic information in views. Firstly, we construct a multi-view generative model (MGM). It
generates multiple views by using Bayesian program learning (BPL) and multi-view Bayesian case
model (MBCM). Then we get multiple clustering by clustering based on views’ matching degree.
Finally, ICMG qualitatively and quantitatively interprets clustering results by using semantic
information in views’ prototypes and important features. Experimental results show ICMG can get
multiple interpretable clustering and the performance of ICMG is superior to traditional multi-view

clustering.

Key words Bayesian program learning (BPL); Bayesian case model (BCM); interpretable; multi-

view; clustering
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Fig. 1 Bayesian case model
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Fig. 2 Multi-view bayesian case model
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Fig. 7 Clustering based on view 1 for Ayahoo_test
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Table S Clustering Results
xS BEEME %

Algorithms Apascal_train Ayahoo_test
CTSC 52.22 53.16
CRSC 52.23 52.52
View 2:80. 62, . .
. B View 1:71.67,View 2:69.67.
ICMG View 3:58. 56, . .
. View 3:63.12,View 5:84. 23
View 4.77.67
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Table 6 Algorithmic Interpretation
x6 HEMTHEREM

Interpret Clustering

. Clustering is Generate o
Algorithms . Results Qualitatively
Back Box  Decision Rules L
and Quantitatively
CRSC Yes No No
CTSC Yes No No
ICMG No Yes Yes

Back Box
Output
CRSC or
CTSC ———> A Cluster

Fig. 11 Clustering in back box
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Fig. 12 Clustering based on decision rules
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