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Purpose

= Work on multiple views
= Reduce a significant time loss
= Update weights of different views

Multi-view clustering

Clustering - Data analysis technique that groups similar objects together to
uncover patterns and gain insights from complex datasets. e.g. KMeans

Figure 1. Example of Clustering

Multi-view data/clustering - Looking at an object or dataset from multiple per-
spectives. By integrating information from different views, multi-view cluster-
Ing improves the accuracy and robustness of clustering algorithms, enabling a
more complete understanding of the data.
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Figure 2. Example of Multi-view data/clustering

RMKMC - Robust Multi-View K-means Clustering [1]

The RMKMC model aims to minimize the weighted distance between each
point and its cluster centers across all views, resulting in a global communal
cluster indicator matrix G. The weights of the views can be automatically up-
dated using a single parameter to control the weight distribution.
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BC representation

A recent research [2] proposed that a set of fixed support points are chosen
among the objects of the dataset and be used as a basis for the definition of
a representation space, in order to find barycentric coordinates (BC) of data
points in that space, then apply prototype-based clustering on them.

lllustration:
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where (A, ..., \,) is called barycentric coordinate representation with respect
to the support points (S, ..., SP).
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Figure 3. Define barycentric coordinate from triangle to p-vertices

Normalized barycentric coordinates:

1, 1 p p | p
X:)\l*S ey, FAp £ S :ZﬁiSZWith Z@z’zl
At A i—1 i1
Finding 5:
(d(sl, s —d(s?, st) ... d(s,sP) —d(s% SP)\ (d(x", st) — d(z", 52)\
A= d(st, sb) :d(sP, st) d(st, st) :d(sP, sPY | M = d(z", s) :d(x”, s

\ ] 1 ) \ 1 )

A*Bn:Mn:>ﬁn:A_1*Mn

Distance d° between X and a cluster center u:
1
B, i) = —5(8" = B Dy x (8" = BY),

where D, is the dissimilarity matrix between the support points.
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Optimization:
* Updating (6")): (81" =32 (8" (Z,- GEG,) ™!
= Updating GG :

|V
P = argmin{—§ Z(a(”))V\Ingg”)\Ifk}
v=1
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Alternative version:

BCmvlearn++ improves initialization by avoiding poor center placement.

Experiment Results
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The experimental results on different evaluation metrics show that the pro-
posed approach is competitive with other state-of-the-art multi-view algo-
rithms in terms of quality and time complexity. And also could handle different
distance metrics for application to multimodal clustering.
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