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Abstract: Multi-view learning attempts to generate a model with a better performance by exploiting the consensus

and/or complementarity among multi-view data. However, in terms of complementarity, most existing approaches only

can find representations with single complementarity rather than complementary information with diversity. In this paper,

to utilize both complementarity and consistency simultaneously, give free rein to the potential of deep learning in grasping

diversity-promoting complementarity for multi-view representation learning, we propose a novel supervised multi-view

representation learning algorithm, called Self-Attention Multi-View network with Diversity-Promoting Complementar-

ity (SAMVDPC), which exploits the consistency by a group of encoders, uses self-attention to find complementary

information entailing diversity. Extensive experiments conducted on eight real-world datasets have demonstrated the

effectiveness of our proposed method, and show its superiority over several baseline methods, which only consider single

complementary information.
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1 INTRODUCTION

Aiming to make good use of the information from multi-
view data and improve the generalization performance,
multi-view learning algorithms have made great progress in
different tasks, such as classification, regression, and clus-
tering, by utilizing conventional machine learning or deep
learning to fully considering the relationships among mul-
tiple views [1, 2, 3, 4]. And recently, [5] analyzes these
various algorithms, comes to the conclusion that there are
two fundamental assumptions ensuring their success: con-
sistency and complementarity principles. The consistency
assumption suggests there is consistent information shared
by all views, while the complementarity assumption states
each view of multi-data may contain some knowledge that
other views do not have. Based on these two assumptions,
we review the literature of multi-view learning in recent
years, and observe that there are still two drawbacks in
many state-of-the-art multi-view learning algorithms.

First, at present, multi-view algorithms can be generally
categorized into two types: the first category aims to ex-
ploit the consistency, the second one aims to leverage the
complementarity among multiple views, and each category
only focuses on consensus or complementarity. In detail,
the first category usually tries to extract the common la-
tent representation on which all views have minimum dis-
agreement, such as canonical correlation analysis (CCA)
class algorithms [6, 7, 8, 9, 10], which project two or more
views into latent subspaces by maximizing the correlations
among projected views, matrix factorization based meth-
ods [11, 12, 13], which jointly factorize multi-view data
into one common centroid representation by minimizing
the overall reconstruction loss of different views. And the

second category is to explicitly preserve complementary in-
formation of different views, such as co-training style algo-
rithms [14, 15, 16, 17], which iteratively train two classi-
fiers on two different views, and each classifier generates
its complementary information to help the other classifier
to train in the next iteration.

However, both consistency and complementarity of multi-
views data are meaningful, the neglect of each aspect will
result in the loss of valuable information. In order to ad-
dress this drawback, multi-view algorithms recently began
to develop the third category algorithm, which exploits the
consistency and complementarity, simultaneously, such as
matrix factorization based methods [18, 19], which find
latent representations composed of common latent factors
shared by multiple views and the specific latent factor of
each view. But [18, 19] also inherit the shortcomings of
matrix factorization, such as they only learn a linear map
relationships, can’t reflect the non-linear relationship in the
multi-view dataset, and require feed all data in one time,
lack the ability of dealing with large scale data.

Second, in terms of complementarity, most of existing
multi-view learning algorithms only can find representa-
tions with single complementarity rather than complemen-
tary information with diversity. Srivastava and Salakhut-
dinov [20] propose a deep multi-modal RBM to capture
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Figure 1: MVCapsNet Architecture. Fig. 1: (a) is the architecture of SAMVDPC. (b) is concrete self-attention mapping
implementation processes.

Table 2: Hyperparameters on each data set

Data Set
Units number

of each encoder layer
Diversity of

complementarity Size of
mini-batch

l1 l2 l3 d c

Leaves 64 32 16 3 4

Reuters 2048 1024 512 2 16

YaleFace 1024 512 512 2 32

BBC 1024 512 512 4 32

Cornell 1024 512 128 2 16

Texas 1024 512 128 2 16

Washington 1024 512 128 2 16

Wisconsin 1024 512 128 2 16

Table 3: Accuracy of different methods

Method ACC(%)
Leaves YaleFace Reuters BBC Cornell Texas Washington Wisconsin

GNMF 95.0±0 50.0±2.5 40.8±1.2 38.0±1.5 41.0±1.8 57.9±1.8 69.6±2.2 52.8±1.4

MultiNMF 95.0±0 64.2±4.2 52.7±0.2 73.1±0.2 49.7±7.7 68.7±3.4 59.3±2.6 50.3±3.5

MVCC 100± 33.3±6.9 54.4±1.9 95.8±2.6 60.8±5.0 64.7±5.5 62.8±3.8 64.3±2.7

DICS 97.9±2.5 89.1±3.2 70.3±4.0 90.2±2.4 72.8±6.1 81.6±4.0 77.4±6.0 85.1±4.5

MAX-Pooling 100±0 90.0±4.6 71.2±3.4 80.5±7.6 71.3±8.7 74.7±5.2 67.5±8.2 86.2±7.7

MEAN-Pooling 100±0 90.6±5.3 71.2±4.3 83.3±6.7 70.9±5.5 76.6±4.0 70.0±4.9 84.8±5.2

Weighted Sum 100±0 92.9±4.8 72.8±4.7 87.2±4.5 72.5±13 76.3±4.9 66.9±7.8 86.3±4.3
AMVDPC 100±0 94.0±2.2 70.0±5.2 93.5±2.4 72.2±4.9 85.3±4.0 75.0±6.1 84.0±5.2
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(a1) leaves-max-pooling (b1) BBC-max-pooling (c1) Texas-max-pooling

(a2) leaves-mean-pooling (b2) BBC-mean-pooling (c2) Texas-mean-pooling

(a3) leaves-weighted-sum (b3) BBC-weighted-pooling (c3) Texas-weighted-pooling

(a4) leaves-self-attention (b4) BBC-self-attention (c4) Texas-self-attention

Figure 2: The convergence property of SAMVDP

5 Conclusion and Future Work

In this paper, we propose a novel multi-view network,
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