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A Semi-supervised Two-view Multiple-Instance Clustering Model

Cai Hao, Liu Bo
(School of Automation, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: A novel semi-supervised two-view multi-instance clustering model is proposed, which bands text-view
with image-view and solves the multi-instance image clustering problem with a small amount of label. Firstly, the
proposed model embeds Concept Factorization and multi-instance kernel into a joint framework, which learns the
association matrix of each view and the cluster indicator matrix shared by both views. Then, a /, ;-norm is applied to
learn the optimal association matrix and cluster indicator matrix. Furthermore, to enhance the discriminability
between bags, the proposed model enforces the similarity of the cluster indicators for the bag with the same label to
approximate 1 and the similarity with different labels to 0. Finally, an iterative updating algorithm is derived to
solve the proposed model. The experimental results show that the proposed model is superior to other multi-
instance clustering models.
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Table 1 The clustering accuracy comparisons of models on NUS-WIDEI1 dataset

%

Class BAMIC1 BAMIC2 BAMIC3 unKerl unKer2 Kerl Ker2

c=2 57.40 60.26 59.86 65.93 59.07 73.69 61.00

=3 40.37 47.21 46.42 49.15 42.57 52.17 46.35

c=4 31.88 34.93 34.57 35.20 32.10 39.15 36.36

K-meansSeg

=5 26.44 28.01 29.15 2831 28.84 3233 31.62

=6 22.61 25.26 25.15 24.07 2237 26.17 28.93

Avg 35.74 39.13 39.03 40.53 36.99 44.70 40.85

c=2 62.80 76.92 73.48 71.52 77.36 75.14 81.27

c=3 50.85 45.83 57.73 52.79 56.78 56.22 67.18

c=4 34.75 38.22 42.41 44.57 49.60 50.54 55.34

LB =5 29.65 34.23 37.24 38.96 40.36 43.68 45.66
=6 22.88 28.89 29.60 33.74 3341 38.56 37.62

Avg 40.19 44.82 48.09 48.32 51.50 52.83 57.41

c=2 59.17 56.90 54.67 63.15 61.93 69.15 64.81

=3 4433 47.15 40.99 50.90 45.25 55.64 50.49

c= 32.80 33.22 32.93 34.85 35.83 38.94 41.46

SIFT =5 27.81 27.70 29.54 30.89 31.99 33.75 35.53
=6 23.36 24.25 25.72 24.16 25.53 26.84 28.59

Avg 37.49 37.84 36.77 40.79 40.11 44.86 44.18

#2 7ENUS-WIDE2HUHEEF B R B R IHE R 2Tt
Table2 The clustering accuracy comparisons of models on NUS-WIDE2 dataset %

Class BAMIC1 BAMIC2 BAMIC3 unKer1 unKer2 Kerl Ker2

=2 51.33 52.13 51.67 54.39 50.46 57.19 54.17

c=3 35.23 36.45 36.16 36.34 35.70 39.36 37.83

=4 28.46 29.21 30.19 32.12 29.74 34.85 31.29

K-meansSeg

c=5 23.53 24.14 26.49 26.27 24.41 29.95 26.59

c=6 20.48 21.47 22.24 23.42 21.13 26.87 23.63

Avg 31.81 32.68 33.35 34.51 32.29 37.64 34.70

=2 53.25 58.64 56.55 57.96 61.88 62.66 66.32

c=3 35.46 43.20 43.40 41.37 44.81 43.45 49.23

=4 27.34 33.39 33.71 33.10 35.41 37.54 39.54

LB c=5 23.51 29.57 30.31 28.61 29.26 31.10 33.42
c=6 19.83 24.77 25.66 24.68 24.59 27.32 29.30

Avg 31.88 37.91 37.93 37.14 39.19 40.14 43.56

=2 56.21 54.33 57.67 53.25 5291 62.48 56.91

c=3 36.72 36.78 39.29 38.98 38.13 43.15 39.78

=4 29.22 27.35 31.00 29.97 28.61 32.36 33.21

SIET c=5 25.01 24.53 26.28 25.77 24.72 28.16 26.55
c=6 20.81 21.01 22.80 21.71 20.08 23.87 23.17

Avg 33.59 32.80 3541 33.94 32.89 38.00 35.92
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