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Abstract

Multi-view learning (MVL) has attracted increasing attention and achieved great practical success by exploiting com-
plementary information of multiple features or modalities. Recently, due to the remarkable performance of deep
models, deep MVL has been adopted in many domains, such as machine learning, artificial intelligence and com-
puter vision. This paper presents a comprehensive review on deep MVL from the following two perspectives: MVL
methods in deep learning scope and deep MVL extensions of traditional methods. Specifically, we first review the
representative MVL methods in the scope of deep learning, such as multi-view auto-encoder, conventional neural
networks and deep brief networks. Then, we investigate the advancements of the MVL mechanism when traditional
learning methods meet deep learning models, such as deep multi-view canonical correlation analysis, matrix factor-
ization and information bottleneck. Moreover, we also summarize the main applications, widely-used datasets and
performance comparison in the domain of deep MVL. Finally, we attempt to identify some open challenges to inform
future research directions.

Keywords: Deep multi-view learning, deep neural networks, representation learning, statistical learning survey

1. Introduction

In recent decades, multi-view data has become one of the main data types on the Internet as its volume increases
explosively in the domain of video surveillance [1, 2, 3], entertainment media [4, 5, 6], social network [7] and medical
detection [8, 9], etc. Basically, multi-view data refer to the data captured from different modalities, sources, spaces
and other forms, but with similar high-level semantics. As shown in Figure 1, an object can be described in forms5

of text, video, audio; An event is usually reported in different languages; A product can be represented by multiple
graphs; A realistic image can be described by different visual features; A social image contains visual information
and user tags; A specific human action can be captured by different cameras from various viewpoints. Although these
views often represent diverse and complementary information of the same data, directly integrating them together
does not obtain consistently satisfactory performance due to the biases between multiple views. Therefore, how to10

integrate multiple views properly is a central problem, which is also the objective of multi-view learning.
Multi-view learning (MVL) aims to learn the common feature spaces or shared patterns by combining multiple

distinct features or data sources [10]. In the last decades, MVL has gained significant momentum in machine learning
and computer vision communities [11, 12, 13, 14, 15] and inspired many promising algorithms, such as co-training
mechanism [16], subspace learning methods [17] and multiple kernel learning (MKL) [18]. One of the most prevalent15

MVL approaches is to map multi-view data into a common feature space maximizing the mutual agreement of multiple
views [19, 20, 21, 22, 7]. In this research direction, the early and representative one is canonical correlation analysis
(CCA) [11], which is a statistical method that searches the linear mappings of two feature vectors. After that, a variety
of extensions of CCA have been devoted to learning a shared low-dimensional feature space of multiple modalities or
views, such as kernel CCA [23, 24], shared kernel information embedding [18, 25]. In addition to CCA, the idea of20
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Figure 1: Examples of multi-view data

MVL has penetrated a variety of learning methods [10, 26, 27, 28], such as dimensionality reduction [13], clustering
analysis [29] and ensemble learning [30]. Although these aforementioned methods have achieved promising results,
they use hand-crafted features and linear embedding functions, which are not able to capture the nonlinear nature of
complex multi-view data. Nonlinearity is a mathematical term describing a situation where there is not a straight-line
or direct relationship between an independent variable and a dependent variable. In a nonlinear relationship, changes25

in the output do not change in direct proportion to changes in any of the inputs. Nonlinearity is a common issue when
examining the relationships between the input and output of a learning model. In the domain of machine learning
and computer vision, there are various types of nonlinear data, such as text, image, video and audio. With the rapid
development of information technology, massive amounts of mult-view data with nonlinear property are generated in
real-world applications every day as shown in Figure 1. This linear nature of multi-view data make the learning task30

on multi-view data remain still challenging.
Recently, due to the powerful feature abstraction ability, deep learning methods [31] have vast inroads into many

applications with outstanding performance, such as computer vision [20, 32, 33, 34] and artificial intelligence [19,
35, 36, 22]. Deep learning methods can learn effectively complex, subtle, non-linear and abstract representations of
the target data by allowing multiple hierarchical layers. Along with the success of deep learning in many application35

domains, deep MVL methods also have been increasingly exploited with promising results [35, 19, 32, 36, 33, 34, 20,
22].

In view of the large body of deep learning based methods for MVL proposed in recent years, we attempt to
provide a comprehensive review of these works and present our analysis. As shown in Figure 2, we first review
the representative MVL methods in the scope of deep learning in this paper, such as multi-view auto-encoder (AE),40

conventional neural networks (CNN) and deep brief networks (DBN). Then, we investigate the advancements of
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Figure 2: The taxonomy of deep multi-view learning methods.

MVL mechanism when traditional learning methods meet deep learning models, such as deep multi-view canonical
correlation analysis (CCA), matrix factorization (MF) and information bottleneck (IB). Finally, we review several
important applications, widely-used datasets and open problems of deep MVL methods for further investigation and
exploration.45

1.1. Comparison with Previous Reviews
Recently, several important related surveys about MVL have been published to summarize the theories, method-

ologies, taxonomies and applications of the existing MVL approaches [10, 26, 27, 28, 37, 38, 39, 40]. These surveys
focus on the problems of specific MVL methods, such as multi-view fusion [10, 27, 28], multi-modal learning [37, 38],
multi-view clustering [26] and multi-view representation learning [39, 40].50

Compared with previous surveys, this paper focuses on reviewing the literature from a cross-perspective of deep
learning and MVL, since there are few surveys directly summarizing the deep MVL approaches. In particular, the
surveys in [10, 26, 27, 28] focus on MVL approaches in the domain of traditional learning methods. For instance,
Baltrusaitis et al [38] and Li et al [39] summarize the representative shallow learning model for multi-view feature
learning approaches, in which the deep learning based MVL methods are ignored or just summarized a small part55

in their investigations. In contrast, we highlight the deep MVL methods which have gained more attention in recent
years. From the viewpoint of deep models, the most related efforts to this paper are [37] and [40]. However, both of
them concentrate on the models and applications of multi-modal representation fusion. The main differences between
our review and the two aforementioned reviews are summarized as the following two aspects. Firstly, this review
concerns more aspects of MVL, while the other two reviews focus on the multi-view feature learning. Secondly,60

we also review the deep multi-view extension of traditional methods, such as deep multi-view MF, deep multi-view
spectral learning and deep multi-view IB, which have never been surveyed.

This paper is organized as follows. In Section 2, the MVL methods in deep learning scope are presented, such as
multi-view auto-encoder, auto-encoder and conventional neural networks. In Section 3, the advancements of MVL
mechanism are introduced when traditional learning methods meet deep learning models, such as deep multi-view65

matrix factorization and deep multi-view information bottleneck. In Section 4, we presents several interesting applica-
tions of MVL in different domains. In Section 5, several widely-used datasets in the domain of MVL are summarized.
In Section 6, the performances of representative deep MVL methods are compared. Finally, several open problems in
deep MVL research are provided in Section 6, which we aim to help advance the development of deep MVL.

2. Multi-view Learning Methods in The Deep Learning Scope70

2.1. Multi-view Convolutional Neural Network
As a typical deep learning algorithm, convolutional neural network (CNN) [31] aims to learn a high-level feature

representation with various parameter optimization [41, 42, 43] and has demonstrated superior performance [44, 45]
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Figure 3: The two fusion types of multi-view CNNs.

Table 1: The different types of fusion strategy in multi-view CNNs. ∗ means convolution operation while ⊗ means matrix accumulation
Fusion types Mathematical expression Dimension

Sum ysum = xa
t + xb

t ysum ∈ RH×W×D

Max ymax = max(xa
t , x

b
t ) ymax ∈ RH×W×D

Concatenation ycat = cat(3, xa
t , x

b
t ) ycat ∈ RH×W×2D

Convolutional yconv = ycat ∗ f + b yconv ∈ RH×W×2D

Biliner ybil =
∑H

j=1
∑W

i=1 xa
i, j ⊗ xb

i, j ybil ∈ RD×D

in various domains. Compared with single-view CNN architectures, the multi-view CNN is defined as modelling from
multiple feature sets with access to multi-view information of the target data, such as 3D shape recognition [46], mul-75

tivariate electroencephalography (EEG) [47], multi-feature aggregation [48]. The multi-view CNN architecture aims
to integrate multi-view information from different views so as to obtain more discriminative common representations.
The existing multi-view CNN architectures are usually partitioned into the following two types: one-view-one-net
mechanism and multi-view-one-net mechanism as shown in Figure 3.

The multi-view CNN based on one-view-one-net mechanism adopts one convolutional neural network for each80

view and extracts feature representation of each view separately, then multiple representations are fused through
subsequent part of the network [49, 50, 51, 52, 2, 53, 46, 47, 48]. Taking 3D shape recognition as an example, Yang
et al. [46] present a multi-view CNN method for comprehensive feature extraction and aggregation of 3-Dimensional
(3D) model. As we can see from Figure 4, given a 3D model, it is firstly transformed into N views which generates
N images. Then, these images are thrown into N CNN architectures to obtain the feature representations of each85

view. These view-specific features are integrated and passed into the following feature aggregation model to get a
compact, discriminative shape feature. For the one-view-one-network strategy, there are also many other efforts to
design multi-view CNN architectures and explore their applications. For instance, Feichtenhofer et al. [2] explore
several mechanisms of combining CNN features to comprehensively extract the spatio-temporal features of human
activities.90

Multi-view-one-net mechanism feeds multi-view data into the same network to get the final representation. For
example, Dou et al. [54] propose a contextual 3D CNNs by combing multi-level information for pulmonary nodule
detection. The network includes 3D convolutional layer, 3D max-pooling layer and fully-connected layer to extract
the final feature representation hierarchically.

In essence, the difference between one-view-one-net mechanism and multi-view-one-net mechanism lies in the95

fusion methods of different views. Also taking 3D shape recognition as an example, let xa
t ∈ RH×W×D and xb

t ∈

RH×W×D denote two input data of the fusion layer, while y indicates the output results of the fusion layer, where H,
W, D are the dimension of current layer. The two different fusion types can be summarized as in Table 1.
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Figure 4: One example of multi-view CNN based on one-view-one-network strategy (adapted from [46]).
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Figure 5: The framework of bimodal auto-encoder (BAE) (adapted from [57]).

2.2. Multi-view Auto-encoder

Auto-encoder (AE) is a variation of neural network and has obtained promising results in virous applications,100

such as data retrieval [35], human pose recovery [55] and disease analysis [56]. AEs are unsupervised feature learning
method in the deep learning literature that consist of two objective functions: encoding function f (·) and decoding
function g(·). Specifically, the encoding function aims to map an input data X ∈ RD1 to a compressed hidden represen-
tation V ∈ RD2 , V ≈ f (X), where D1 and D2 are the dimension of original data and its compressed representation. The
decoding function g(·) aims to reconstruct the data X from its compressed hidden representation such that g(V) ≈ X.105

The hyper-parameters of AE architecture are obtained by minimizing the errorL(X, g(V)) of the reconstruction, which
can be measured by some losses, like square loss. For example, the cost function of AE is formulated with the square
loss as the reconstruction error as follows

n∑
i=1

||xi − g(vi)||2F +

n∑
i=1

||vi − f (xi)||2F (1)

where n is the volume of data instances, xi ∈ X and vi ∈ V are the input data instances and its optimal representations.
Some recent works are proposed to learn the common representation of multi-view data by using AEs. For110

example, Ngiam et al. [57] devise a novel bimodal auto-encoders (BAE) as shown in Figure 5. The BAE aims to find
a reconstruction of both audio and video views by minimizing the reconstruction error of the two input views and
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Figure 6: The framework of correspondence auto-encoder (Corr-AE) and its full-modal version (adapted from [35] ).

reconstructed representation. Let (X1, X2) be the source data including two views, where X1 = {x1
i }

n
i=1 ∈ Rd1×n and

X2 = {x2
i }

n
i=1 ∈ R

d2×n. The objective function of BAE can be formulated as follows

min
θ

1
n

n∑
i=1

||x1
i − f (h(x1

i , x
2
i ; Wh); W f )||2F + ||x2

i − g(h(x1
i , x

2
i ; Wh); Wg)||2F (2)

where the variables θ = {W f ,Wg,Wh} are the hyper-parameters, in which W f and Wg denote the weight parameters115

learning from the encoding function f (·) and denoting function g(·), Wh controls the mapping from the two views into
a shared feature space. The BAE is trained in a denoising fashion [58] by utilizing a noisy source data that contains a
single view. To allow any combination of modalities to be present or absent at test time, the BAE also needs to train
an exponential number of models.

Inspired by BAE, Feng et al. [35] present a correspondence auto-encoder (Corr-AE) to conduct cross-modal120

retrieval, which simultaneously learns the shared information of multiple modalities and the specific information in
each individual modalities. The main idea of the Corr-AE is to minimize the correlation learning error between
multiple modalities and the feature learning errors of each modality. As shown in Figure 6, the proposed Corr-AE
model is composed of the following two subnetworks, each of them is a basic auto-encoder. The two subnetworks
are combined by designing a code layer with a predefined similarity measurement. Feng et al. [35] also propose a125

full-modal version of Corr-AE, which can be regarded as an integration of standard auto-encoder and Corr-AE as
shown in Figure 6.(b).

Consequently, Zhang et al. [59] propose an auto-encoder in auto-encoder network (AE2-Nets), which focuses
on the task of unsupervised representation learning. AE2-Nets aims to automatically map heterogeneous views into
a common representation while adaptively balancing the consistence and complementarity among multiple views.130

AE2-Nets adopts inner auto-encoder networks to extract information from each single view, and employs an outer
auto-encoder networks to encoder the multi-view information.

Recently, multi-view extensions of AE architectures have been proposed for various tasks, such as 3D recon-
struction [60, 19], anomaly detection [3, 61], medical data analysis [56, 32], annotation [62, 63] and human pose
recovery [55]. Yang et al [60] propose a multi-view 3D reconstruction method with an attentional aggregation model,135

which fuses multiple deep features encoded from a collection of images recorded by different viewpoints. Bhatt et
al. [19] propose a set-based deep cross-modal auto-encoders (CMAE), which reconstructs one view of the data under
the condition of obtaining the other view, while the interaction between the representations at every intermediate step
or each hidden layer is increased. Deepak et al. [3] propose to learn deep features for multi-view video anomaly de-
tection by spatiotemporal auto-encoders, which combines handcrafted features and deep features from spatiotemporal140

auto-encoders with raw input videos. Zhang et al. [56] propose a margin-sensitive auto-encoder (MSAE) approach
to recognize protein fold and Alzheimer’s disease. In MASE, an encoder is utilized to map multi-view physiological
signals into a common shared subspace, while a decoder architecture is employed as a restriction of the reconstruc-
tion. Besides, MASE uses a self-adjusting scheme to adaptively weight the importance of different views. Wei et
al. [32] present a multi-view deep neural network (DNN) for magnetic resonance (MR) image segmentation, which145

uses a convolutional auto-encoder to restore MR slices. Hong et al [55] propose a deep auto-encoder architecture for
multi-modal human pose recovery, which includes 2D and 3D feature learning parts.
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Figure 7: The framework of (a) BiGAN, (b) DR-GAN, (c) TP-GAN and (d) CR-GAN. (Adapted from [67])

2.3. Multi-view Generative Adversarial Networks

As an unsupervised deep learning model, generative adversarial networks (GAN) [64] has been successfully ap-
plied into many domains and obtained promising results, such as image-to-image translation [65] and image in-150

painting [66]. Typically, the basic GAN includes a generative model G and a discriminative model D, thus, it has
the most prominent character of adversarial training. The generative model G characterizes the distribution of source
data, while the discriminative model D is designed to estimate the probability distribution from the training data.

In this section, we use variable x to indicate the training images and use variable z to refer to a prior noise. In the
setting of GAN, we treat the prior noise z as the input of G, while treating the fake image G(z) as the output of G. The155

process of the generator can be formulated as a function G(z; θg), where θg is the parameter of G. Similarly, the input
and output of D are x and single scalar D(x; θd), respectively, in which D(x; θd) is the probability that x belongs to the
training data. The ultimate goal of GAN is get the following parameter

θ∗g = arg min
θg

max
θg

v(θg, θd) (3)

where v(θg, θd) is the loss function as follows

v(θg, θd) = Ex∼p(x)[log D(x)] + Ez∼p(z) log(1 − D(G(z)))] (4)

where p(z) and p(x) are the distribution of the given prior noise z and the training data x, respectively.160

Generating images with multiple views from a single-view input is a fundamental research topic for broad appli-
cations in computer vision, robotics and graphics. And the widely-used GAN has shown impressive results due to
its characteristic of of adversarial training [36, 33, 68, 67]. The GAN-based multi-view generation methods first use
encoder E to map input images into latent space Z, then decoder G is adopted to generate novel views. However,
the single-pathway GAN may learn incomplete representation. To generate complete representation for multi-view165

generation, great effort has been devoted. Donahue et al. [36] propose bidirectional GAN (BiGAN) to learn an infer-
ence network E and generator G jointly. In other words, BiGAN provides a means of learning a inverse mapping that
projects data back into the latent space. Tran et al. [33] propose a DR-GAN method, which also aims to synthesize
multi-view images by learning an identity preserved representation. In DR-GAN, the output of its encoder also acts
as the input of the decoder, so it cannot deal with new data. After that, Huang et al. [68] propose to use two pathway170

GANs for front view synthesis, in which it the two pathway adopts two distinct encoder-decoder networks, and these
two pathways capture global features and local details. Tian et al. [67] propose a two-pathway GAN to maintain the
completeness of the learned embedding space. The two learning pathways collaborate and compete in a parameter-
sharing manner, yielding considerably improved generalization ability to unseen dataset. The differences among these
GAN-based multi-view generation are shown in Figure 7.175

7



MLPMLPGNNGNN

MLPMLPGNNGNN

S
h
ar

ed

C
o
n
tr

as
t

PoolPoolMLPMLP

PoolPoolMLPMLP

S
h
ar

ed

S
h
ar

ed

 

Figure 8: The framework of contrastive multi-view representation learning on graphs

Apart from multi-view generation, GAN also has been applied to many other multi-view applications. For ex-
ample, Wang et al. [69] propose an adversarial correlated auto-encoder (ACAE) to obtain a share feature space for
multi-view data, which is applied to cross-view retrieval and classification. Xuan et al. [70] focus on multi-view pearl
classification, thus propose a multi-view GAN to expand labeled pearl images, which is utilized to train a multistream
CNN. Sun et al. [71] propose a multi-view embedding network based on GAN, which simultaneously preserves the180

information from individual network view and accounts for connectivity across different views. Chen et al. [72]
propose a multi-view extension of BiGAN to conduct density estimation of multi-view source data.

2.4. Multi-view Graph Neural Networks
Graph neural networks (GNN) [73] reconciles the expressive power of graphs in modeling interactions with deep

models in terms of learning representation and has gained increasing attention due to its capability of modeling185

graph structured data. They process variable-size permutation-invariant graphs and learn low-dimensional represen-
tations through an iterative process of transferring, transforming and aggregating the representations from topological
neighbors. Recently, GNN has achieved outstanding performance in graph-structured data analysis, such as social
network [74] and knowledge graphs [75]. First, we briefly review the basic background knowledge of GNN. Let
G = {V, E} indicate a graph, which is the input data of GNN, the variables V = {vi} and E = {ei j} indicate the collec-190

tion of nodes and edges. Each edge ei j = (vi, v j) connects vi and v j and each node vi contains a feature xi denoting its
attribute. The aggregation procedure of GNN can be formulated as follows

h(0) = X

h(l+1)[i] = σ(
∑
j∈Ni

αi j · h(l)[i]W(l)) (5)

where the variable X indicates the input features of all nodes in graph G, σ is the non-linear function like Relu, h(l)[i]
indicates the hidden feature of node i in the l-th layer, α is a variant of adjacency matrix, W(l) is the learnable linear
transfer matrix.195

Recently, GNN also has achieved promising performance in the scenario of MVL, such as multi-graph clustering
and multi-view graph conventional networks. We take multi-view representation learning on graphs as an example.
Hassani et al. [76] present a contrastive multi-view feature learning method on graphs, which indicates that increasing
the number of views to more than two cannot improve performance. As shown in Figure 8, the proposed model is
performed on both node and graph levels. Firstly, a graph diffusion is adopted to create an additional graph view200

of the target view, which is fed into two GNNs followed by a shared multi-layer perceptron (MLP) to learn a node
representation. Then, the learned feature representations are fed into a graph pooling followed by a shared MLP to
learn graph representations.
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Figure 9: The framework of one2multi graph auto-encoder (adapted from [77]).

Multi-graph clustering based on GNN is an active research direction and has achieved considerable attention
recently. For example, Fan et al. [77] design a one2multi graph auto-encoder, which is capable of learning node205

embeddings by using content information to reconstruct the graph structure from multiple views. The proposed model
consists of two main parts: a multiple graph auto-encoder and a self-supervised clustering mechanism on the graphs.
As shown in Figure 9, one2multi is composed of one graph-based encoder architecture and a multi-view graph-base
decoder architecture, in which the most informative view is selected by a heuristic metric modularity.

We take the global poverty analysis, molecular property prediction, multi-view camera re-localization and com-210

pression artifacts reduction as the examples to review the applications of multi-view GNN. Specifically, Khan et
al. [78] propose a convolutional network based on graph structure to analyze global poverty. This approach is applied
into three tasks: (1) predicting the adoption of financial inclusion; (2) predicting whether an person is living below the
poverty line; (3) predicting the gender of mobile phone subscribers. For molecular property prediction, Ma et al. [79]
present a multi-view graph neural network from the following observation: both atoms and bonds significantly affect215

the chemical properties of a molecule, thus it is wise to exploit both node (atom) and edge (bond) information simul-
taneously to build an expressive model. Xue et al. [80] re-design GNN collaborated with CNN in guiding the process
of feature extraction and information propagation to obtain the feature representation of multi-view images.

2.5. Multi-view Deep Belief Net

The deep belief net (DBN) is proposed by Geoffrey Hinton et al [81], which adopts the restricted Boltzmann220

machine (RBM) as its fundamental component. RBM is a simple deep model, which just contains a two layer neural
network (a hidden layer and a visible layer). These two layers are combined by the units of the aforementioned hidden
and visible layer. In the framework of RBM, the distribution of the two layers is computed by the following energy
function

E(x, h) = −
∑

j

c jx j −
∑

i

bihi −
∑

j

∑
i

hiwix j (6)

where the variable x indicates the visible unit, the variable h indicates the hidden unit, wi j denotes the weight, the225

variables c j and bi are biases in the RBM architecture.
Usually, the DBN architecture is composed of several RBMs by stacking them together as in Figure 10. DBN is a

type of generative model, which aims to capture the distribution between the visible objects and their corresponding
labels. A DBN architecture with one hidden layers can be formulated as follows

P(x, h1, h2, · · · , hl) = P(x|h1)P(h1|h2) · · · P(hl−2|hl−1)P(hl−1, hl) (7)

where x denotes the input data, P(hl−1|hl) indicates the conditional probability distribution of the l-th RBM. P(hl−1, hl)230

indicates the joint distribution of the RBM in the top layer of DBN.
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Figure 10: The framework of multi-modal deep brief net (DBN) (adapted from [4]).

To learn the multi-view representations, Srivastava et al. [4] present a multi-view DBM based on generative
model, which can fit the joint distributions of various data sources, such as audio, image and text. Taking the image
and text modality as an example, Srivastava et al. [4] first design different DBN models to extract the high-abstract
representations of different modalities. Then, a top RBM with one-layer neural network is adopted to characterize the235

joint representation of multi-view data by passing the combined features of each individual modality.
Recently, some feature learning methods based on multi-view DBN also have been devised. For instance, Amer

et al. [82] present a hybrid model for detecting the sequential event, in which the inter-modality and cross-modality
features are extracted by a conditional RBM with discrimination label information. Waisy et al. [83] present a multi-
modal fact recognition method, in which a DBN-based model is utilized to capture the complementary effect of local240

and deep feature representations. Syafiandini et al. [84] propose a multi-modal deep Boltzmann machine (DBM)
to recognize the importance of different genes, in which the gene expression data and several patient phenotypes are
processed simultaneously. Zhang et al. [85] propose a multi-modal correlation DBN, which uses a RBM to model a
separate view.

2.6. Multi-view Recurrent Neural Network245

For dealing with time series data, Sutskever et al propose a recurrent neural network (RNN) [86], which has been
successfully applied into various analysis tasks on time series data. The RNN model consists of three kinds of layers
in different time frames, which are the input word layer w, the recurrent layer r and the output layer y. We use w(t),
r(t) and y(t), respectively to indicate the activation of these types of layers at time t. w(t) denotes the current word
vector, which is a one-hot representation and can be coded in a simple 1-of-N representation. As in [86], y(t) can be250

formulated as follows
x(t) = [w(t), r(t − 1)]; r(t) = f1(U · x(t); y(t) = g1(V · r(t); (8)

where the variables U and V indicate the weights that will be learned by the RNN architecture, the variable x(t)
denotes a vector that integrates r(t − 1) and w(t), while the functions f1(·) and f2(·) indicate the sigmoid and softmax
function.

Mao et al. [5] propose a multi-view RNN architecture, which aims to generate captions for visual images. As255

shown in Figure 11, this multi-view RNN includes the following three subnetworks: a vision network, a language
network and a multi-view network. Specifically, the vision network usually adopts a deep CNN, such as Resnet,
Alexnet and Inception, which aims to map the visual information of an image into its deep feature representation.
The language network is to capture the task-specific representation and the temporal dependency. In the multi-view
network, a hidden network is always adopted to find the relationship between the vision representation and the learned260

language. Following [5], Karpathy et al. [6] present a multi-view alignment model based on RNN to bridge the inter-
view relationship between visual and textual data.
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Figure 11: The framework of multi-view recurrent neural network (RNN) (adapted from [5]).

Recently, several RNN-based deep MVL methods are proposed. For instance, Abdulnabi et al. [87] design a multi-
view RNN to recognize the categories in the indoor scenes, where the standard RNN architecture is utilized to extract
the cross-view and intra-view feature. Sano et al. [88] propose a multi-view long short-term memory named BiLSTM265

to detect ambulatory sleep, where the proposed BiLSTM is adopted to characterize the data captured by wearable
devices. Narayanan et al. [89] propose a gate RNN framework to recognize the driver behaviors by analyzing the
multi-view sensor data.

Actually, there are many problems that make MVL challenging, such as incomplete views, low-quality input
data and the presence of view disagreement. Thanks to the strong ability of data abstraction, the deep learning based270

MVL methods have obtained promising performance in various tasks. However, apart the issues that all the multi-view
learning methods have to tackle with, there are also several limitations of the deep learning based MVL. First, the deep
MVL methods need much more training data [90]. Obviously, the volume of the current multi-view training datasets
is limited because of the high cost and labor-consuming of manual labeling. Second, although existing deep MVL
models have shown superior advantages in various applications, they fail to provide an explanation for the decision275

of different models. Thus, the deep models without explanation are not easily applied to critical domains, such as
military system or medical treatment [8]. Finally, despite their great success, there is still no comprehensive theoretical
understanding of the learning mechanism with deep neural networks (DNNs) or their inner organization [91].

3. Deep Multi-view Extensions of Traditional Learning Methods

Although the MVL in view of deep learning technique has obtained promising performance in various domain,280

they fail to provide a explainable mechanism in the learning process, which results in the sensitivity to critical do-
mains. In this section, we review the multi-view extension works of conventional learning methods. In general, the
conventional learning methods usually have complete theoretical foundation, such as canonical correlation analysis,
spectral clustering and information bottleneck. The conventional learning methods can obtain significant performance
improvement by incorporating the strong ability of data abstraction, which also attracts lots of attention in the domain285

of machine learning and computer vision.

3.1. Deep Multi-view Canonical Correlation Analysis

In this part, the typical canonical correlation analysis (CCA) [11] method is firstly presented and then several
representative deep multi-view extensions of CCA are reviewed.

3.1.1. Canonical Correlation Analysis290

CCA is a well-known and widely used approach to capture the correlations between two given variables by map-
ping them into a common subspace. Given two variables, CCA intends to discover the linear mapping between them
to a common space in which their correlation are maximally preserved. It is precisely because of this characteristic of
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Figure 12: The framework of deep canonical correlation analysis (DCCA)

CCA that it usually is utilized to conduct the task of MVL and has obtained promising performance in various tasks
including dimension reduction [12, 13, 14], classification [92, 93] and clustering [94, 95], when multiple views are295

available.
Let X1 ∈ Rd1×n and X2 ∈ Rd2×n indicate two random variables with n samples, d1 and d2 are the dimension of X1

and X2, respectively. The objective of CCA is to discover the linear mappings of the two different views that maximize
their relatedness. The objective of CCA can be written as follows

(w∗1,w
∗
2) = arg max

w1,w2
corr(wT

1 X1,wT
2 X2)

= arg max
w1,w2

wT
1 C12w2

√
(w1C11w1)(w2C22w2)

(9)

where C11 and C22 are covariances of each view X1 and X2, respectively. C12 is the cross-covariance between X1 and300

X2.
The traditional CCA can only discover the linear relationship with two variables, thus it is just able to discover

the linear correlation of the two views of multi-view data. To tackle this problem, some nonlinear extensions of CCA
are proposed, such as Kernel CCA [23, 24, 18, 25], locality preserving CCA [96, 97] and deep CCA [20]. Next, we
review several representative deep CCA and deep multi-view extensions of CCA.305

3.1.2. Deep Canonical Correlation Analysis
To discover the high-level relevances among different samples recorded or represented from multiple viewpoints,

several attempts have been devoted for decades. Becker and Hinton et al. [98] propose a multi-layer extension of
CCA by maximizing the canonical correlation between two neural networks. Becker et al. [99] also investigate to
extract high order features from multiple views by maximally preserving the mutual information between multiple310

neural networks. Hsieh et al [100] use three feedforward networks to formulate a nonlinear CCA. Although several
neural networks based on CCA have been investigated before, the deep learning version of traditional CCA, named
deep CCA, is developed by Andrew et al [20]. Specifically, the deep CCA tries to capture non-linear correlations
between different views by combining DNNs and CCA.

Let f and g represent two independent neural networks, deep CCA aims to optimize parameters θ f and θg of315

networks f and g so as to maximally preserve the canonical correlation between the output of f and g, as shown
in Figure 12. The weights, θ f and θg, of these two networks are trained via a standard back-propagation method to
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Figure 13: The framework of deep canonical correlated auto-encoders (DCCAE) (adapted from [22]).

maximize the following objective function

(θ∗f , θ
∗
g) = arg max

θ f ,θg
corr( f (X1; θ f ), g(X2; θg)) (10)

Recently, the performance of deep CCA based approaches have been verified in various feature learning appli-
cations, such as image and text matching [101, 102], multiple language embedding [103] and cross-modal subspace320

clustering [104, 105].

3.1.3. Deep Canonical Correlated Auto-encoders
On the basis of the framework of the deep CCA and reconstruction-based approaches, Wang et al. [22] propose

a deep canonical correlated auto-encoders (DCCAE), which is an extension of deep CCA. Specifically, the proposed
DCCAE is composed of two auto-encoders (as shown in Figure 11), in which the canonical relationship of the com-325

pressed features and reconstruction errors of the auto-encoders are optimized simultaneously. The objective function
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Figure 14: The framework of deep adversarial canonical correlation analysis (DACCA) (adapted from [7]).

of DCCAE is formulated as follows

LDCCAE = max
θ f ,θg,θp,θq,U,V

−
1
n

tr(UT f (X1)g(X2)T V)

+
λ

n

n∑
i=1

(||xi
1 − p( f (xi

1))||2 + ||xi
2 − p( f (xi

2))||2)

s.t.,UT (
1
n

f (X1) f (X1)T + rX1 I) = I

VT (
1
n

f (X2) f (X2)T + rX2 I) = I

uT
i f (X1)g(X2)T v j = 0,∀i j

(11)

where the variable I denotes the identity matrix, U = {u1, u2, · · · , uL} and V = {v1, v2, · · · , vL} are the CCA directions
that map the features of auto-encoders to a compressed space with L units, (rX1 , rX2 ) are the regularization terms.

The DCCAE objective provides a balance between the information hidden in each individual view and the correla-330

tions across multiple views. From this viewpoint, the idea of the DCCAE is in line with the theory of the well-known
information bottleneck (IB) approach [106]. And indeed, the IB approach also aims to extract a subspaces as CCA in
the case of Gaussian variables [107].

3.1.4. Deep Adversarial Canonical Correlation Analysis
Due to the promising performance of adversarial learning mechanism, Fan et al. [7] present a deep adversarial335

extension of the traditional CCA, named DACCA. The DACCA can simultaneously synthesize multi-view data in-
stances and capture the discriminative feature of the multi-view data. In the non-linear mappings of feature learning,
the objective of DACCA is similar with DCCAE as in Equation 11. We briefly present the generator model and
discriminator model in the following.

Generator model. In the part of generator model, it aims to synthesize paired data instances as realistic as340

possible. In the scenario of CCA, there are two generator models for these two views X1 and X2. Let Gx1 (Z) and
Gx2 (Z) denote the generators to get fake sample X′1 and X′2, respectively, where Z is latent vector Z ∈ R. Both of the
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Figure 15: The framework of deep generalized canonical correlation analysis (DGCCA) (adapted from [108]).

generators can be formulated as follows

X′1 = Gx1 (Z) = gp
θx1

(gp−1
θx1

(· · · g2
θx1

(g1
θx1

(Z))))

X′2 = Gx2 (Z) = gp
θx2

(gq−1
θx2

(· · · g2
θx2

(g1
θx2

(Z))))
(12)

where the variables p and q denote the layer number in Gx1 (Z) and Gx2 (Z). gi
θx1

and gi
θx2

are the i-th layers of Gx1 (Z)
and Gx2 (Z).345

Discriminative model. Different from the original GAN, Fan et al. [7] introduce a disciminator Dx to distin-
guish joint pairs (X1,Z′x1

) and (X′1,Z), where Z′x1
is the output of the non-linear projection component. Then, the

discriminative value on variable X1 is given as in [7]

min
Gx1 ,Ex1 ,U

max
Dx

LAdvX

Ex1∼P(x1),hx1∼PEx1
(hx1 |x1)[log Dx(X1,UT hx1 )]

EZ∼P(Z),x′1∼PGx1
(x′1 |Z)[1 − log Dx(X′1,Z)]

(13)

where hx1 = Ex1 (x1) and hx2 = Ex2 (x2) are the encoders for views X1 and X2. Likewise, the discriminative value on
variable X2 can be obtained. The overall architecture of DACCA is presented in Figure 14.350

3.1.5. Deep Generalized Canonical Correlation Analysis
In the aforementioned deep multi-view CCA method, they can just deal with two views of the multi-view data.

Actually, MVL approaches should be able to model nonlinear relationships between more views than two. Aiming
at this issue, Adrian et al. [108] present a deep generalized CCA (DGCCA) method, which is able to discover the
nonlinear transformations of multiple data views.355

DGCCA is an extension of generalized CCA (GCCA), which is a shallow model that addresses the limitation on
the number of views. GCCA aims to find a share representation Z of V different views. Let variable n denote the
volume of data samples, di indicate the dimension of the i-th view, while the variable r denote the dimension of Z.
Thus, the objective function of GCCA is formulated as

LGCCA = min
Ui∈Rdi×r ,Z∈Rr×n

(V)∑
i=1

||Z − UT
i Xi||

2
F , sub ject to ZZT = I (14)

360
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Similar with GCCA, Adrian et al. [108] formulate DGCCA as follows

LDGCCA = min
Ui∈Rdi×r ,Z∈Rr×n

(V)∑
i=1

||Z − UT
i f (Xi)||2F , sub ject to ZZT = I (15)

As shown in Figure 15, the objective of the proposed DGCCA can be formulated as: finding weight matrices
defining functions fi, and linear transformations Ui, which is the output of the i-th network.

3.2. Deep Multi-view Matrix Factorization365

In this part, the traditional single-view, multi-view MF and multi-layer MF are firstly presented. Then several
representative deep multi-view extensions of MF are reviewed.

3.2.1. Matrix Factorization
Matrix factorization (MF) [109] methods have been extensively applied to pattern recognition, computer vision,

data mining and machine learning, which is also called matrix decomposition. In the various variants of MF, nonneg-370

ative matrix factorization (NMF) [110], a specific form of matrix factorization, has received significant attention in
various domains [111, 112, 113]. For clarity, we first briefly present some preliminaries about NMF. Suppose there
is a matrix X = {x1, x2, · · · , xn} ∈ Rd×n denoting source data, where n indicates the volume of data instances and d
denotes the size of feature dimension, the objective of NMF is to find two matrices Z = Rd×k and H = Rk×n with
nonnegative value such that X ≈ ZH. To this end, the objective function of traditional NMF can be formulated as375

follows

LNMF =

n∑
i=1

m∑
j=1

[Xi j − (ZHT )i j] = ||X − ZHT ||2F s.t.Z ≥ 0,H ≥ 0 (16)

where the variable Xi j denotes the data sample (i, j)-th in X and || · ||2F is the Frobenius norm.
Due to its intuitive parts-based interpretation, NMF has drawn significant attention in the scenario of MVL. The

traditional MF-based MVL approaches can be partitioned into two types: multiple kernel/graph [114, 115, 116, 117]
and subspace learning methods [118, 119]. Multiple kernel/graph learning based approaches aim to integrate different380

kernels/graphs into a unified one. For example, Cai et al. [114] learn a shared graph Laplacian matrix, in which a
nonnegative constraint is imposed. Huang et al. [115] and Nie et al. [116, 117] assign weights for the given views, in
which unreliable views are allocated lower weight while reliable ones are assigned higher weights. Subspace learning
based approaches [118, 119] intend to map multi-view data into a common subspace. For instance, Gao et al. [118]
present a joint NMF (JNMF) method to encourage unsupervised learning of each view towards a consensus. How-385

ever, the aforementioned NMF based multi-view learning methods use hand-crafted features and linear embedding
functions, which are not able to analyze datasets with complex data distributions, such as appearance, shape and color
factors in image object detection. Aiming at this problem, Trigeorgiset al. [120] propose a deep semi-NMF to capture
the deep features by decomposing the source data X into m layers. The deep layer matrix decomposition can be
formulated as390

X ≈ Z1HT
1

X ≈ Z1Z2HT
2

...

X ≈ Z1Z2 · · ·ZrHT
r

(17)

where Zi and Hi are the i-th layer in the basis matrix and representation matrix, respectively. However, the deep
semi-NMF method is a single-view deep extension of NMF. Next, we review several representative deep multi-view
extension of NMF based on the deep semi-NMF method.
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Figure 16: The framework of deep multi-view concept learning method (DMCL) (adapted from [122]).

3.2.2. Multi-view Clustering via Deep Matrix Factorization
Inspired by the work in [120], Zhao et al. [121] extend the deep matrix factorization technique to a multi-view395

clustering (MVC) method. In that study, the semi-NMF is employed to discover the deep features of the source
multi-view data.

Suppose there is a source data X = {X(1), X(2), · · · , X(V)} with multiple views, where V denotes the amount of
views. For each individual view, we assume X(i) ∈ Rdi×n, where n denotes the volume of data samples, di denotes the
dimension of feature representation of the i-th view. Then, the objective of MVC via deep MF can be formulated as400

LMVC−DNMF = min
Z(v)

i ,Vm

V∑
(v=1)

(α(v))(||X(v) − Z(v)
1 Z(v)

2 · · · Z
(v)
m H(v)

m ||
2
F)

+ βtr(HmL(v)HT
m), s.t.H(v)

i ≥ 0,Hm ≥ 0,
V∑

v=1

α(v) = 1

(18)

where the variable Z(v)
i , i = {1, 2, · · · ,m} indicates the i-th layer of the v-th view, Hm denotes the combination latent

representation for all views and α(v) controls the weights of different views. Although it is a deep multi-view fac-
torization approach, it neither considers ground-truth information of data nor does it explicitly model consistent and
complementary information.

3.2.3. Deep Multi-view Concept Learning Method405

To explicitly deal with the problem of discern of complementary relationship hidden in source multi-view data,
Xu et al. [122] introduce the thought of concept learning into the multi-view learning based on deep MF and propose
a deep multi-view concept learning (DMCL) method as in Figure 16. Specifically, DMCL factorizes the source multi-
view data iteratively to extract the high-level feature, in which partial label information is utilized to learn semantic
structures and structured sparseness constraint. Actually, DMCL model is an extension of traditional multi-view410

concept learning (MCL) [123], which explicitly discerns consistent and complementary information in multi-view
data to generate conceptual representations. In MCL, the data matrix of each view is separated into two parts: labeled
and unlabeled ones, i.e., X(v) = [X(v),lX(v),u]. Correspondingly, the encoding matrix can be expressed as H = [HlHu].
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Figure 17: The framework of deep Low-Rank Subspace Ensemble (DLRSE) method for multi-view clustering (adapted from [17]).

As in [123], the objective function of MCL is formulated as

LMCL = min
Z(v)

i ,H

1
2

V∑
(v=1)

||X(v) − Z(v)H(v)||2F) + α

V∑
i=1

||Z(v)||1,∞

+
β

2
{tr(HlL(a)(Hl)T ) − {tr(HlL(p)(Hl)T )} + γ||H||1,1, s.t.U(v)

ik ≥ 0, 1 ≥ Zk j ≥ 0,∀i, j, k, v.

(19)

Based on the formulation 19 of MCL, deep multi-view concept learning (DMCL) decomposes each of data matri-415

ces iteratively to obtain the deep representation according to X(v) ≈ Z(v)
1 Z(v)

2 · · ·Z
(v)
m Hm, where Z(v)

1 ,Z(v)
2 , · · · ,Zr denote

basis matrices and Hr indicates the final representation. Thus, the optimization of DMCL can be formulated as

LDMCL = min
Z(v)

i ,H

1
2

V∑
(v=1)

||X(v) − Z(v)
1 Z(v)

2 · · ·Z
(v)
m H(v)

m ||
2
F)+

β

2
{tr(Hl

mL(a)(Hl
m)T ) − {tr(Hl

mL(p)(Hl
m)T )}+

α

V∑
i=1

||Z(v)
m ||1,∞ + γ||Hm||1,1, s.t.(U(v)

m )ik ≥ 0, 1 ≥ (Hm)k j ≥ 0,∀i, j, k, v.

(20)

where m denotes the number of layers. Compared with the MVC via deep MF in [121], DMCL incorporates the partial
label information learn semantic structures and structured sparseness constraint, which can explore the complementary
and consistent information at the higher level in the setting of MVL.420
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3.2.4. Deep Low-rank Subspace Ensemble
The existing deep multi-view MF models mainly utilize the representation of the final layer and overlook the latent

correlation in the middle layers of the network, which is always valuable for the learning accuracy. Aiming at this
issue in the deep multi-view MF, Xue et al. [17] extend the deep multi-view MF to a deep low-rank subspace ensemble
(DLRSE) approach as in Figure 17. First, for the data in each view, the deep semi-NMF approach is performed to425

obtain the multi-layer representations of each view as

Lsemi−NMF(Z(v)
i ,H(v)

i ) =

V∑
(v=1)

||X(v) − Z(v)
1 Z(v)

2 · · · Z
(v)
m H(v)

m ||
2
F

s.t.H(v)
i ≥ 0,Hm ≥ 0, i ∈ {1, 2, · · · ,m}, v ∈ {1, 2, · · · ,V},

(21)

By performing the deep semi-NMF on each individual view, the latent information in each individual view can be
captured in the coefficient matrices {H(m)

i }
m
i=1 of each layer. To learn the correlation information of the data instances

from multiple views, DLRSE adopts low-rank representation (LRR) method [124] to enhance the pattern structures
by learning low-rank subspace of different views. Then, the objective of DLRSE can be formulated as430

LDLRS E(F, S (v)
i , α) =

V∑
v=1

m∑
i=1)

α(v)
i ||F − FS (v)

i ||
2
F + λ||α||G

s.t.α ≥ 0, 1Tα = 1, FFT = I,

(22)

where α ∈ RmV×1 is the coefficient vector, the variable S (v)
i ∈ R

n×n indicates the subspace in the i-th layer of the v-th
view. F is the low-dimensional subspace of the source multi-view data. The optimization details is detailed in [17].

Apart from the aforementioned models, there are also several deep multi-view matrix factorization methods, such
as deep collective matrix factorization [125], auto-weighted deep multi-view matrix factorization [126], multi-view
multiple clusterings via deep matrix factorization [127]. These methods explore the effectiveness of different mecha-435

nisms for the deep multi-view matrix factorization and obtain promising results in virous domains.

3.3. Deep Multi-view Spectral Learning Network
In this part, the traditional single-view and multi-view spectral clustering (SC) are first presented briefly. Then

several representative deep multi-view extensions of spectral clustering are reviewed.

3.3.1. Spectral Learning440

In the domain of unsupervised clustering, spectral clustering (SC) [128] has obtained promising performance on
arbitrary shaped clusters. Given a dataset X = {x1, x2, · · · , xn} ∈ Rd×n, the objective of SC is to partition all instances
into c categories. Specifically, SC first generates an affinity matrix or graph W for all data instances as follows

Wi j =

 exp−
||xi − x j||

2
2

2σ2 , xi, x j are connected.

0, otherwise.
(23)

where the variable Wi j ∈W denotes the connection weight of the i-th and j-th data point. Once obtaining W, the SC
can be formulated as445

LS C = arg min
Z

Tr(ZT LZ), s.t.,ZT Z = I (24)

where Z is the feature representation of source data. The clustering assignment can be obtained by conducting k-means
on it. D is a diagonal matrix Dii =

∑
j Wi j, L = D −W is Laplacian matrix.

Recently, lots of traditional multi-view spectral clustering approaches also have been applied into many practical
fields, such as co-regularized SC (CRSC) [129], co-training SC (CTSC) [16], convex sparse SC [130], multi-view SC
co-clustering [131] and [132]. Li et al. [133] extend it to multi-view scenario as follows450

LMVS C = arg min
Z,α(v)

V∑
v=1

(α(v))rTr(ZT L(v)Z), s.t.,ZT Z = I,
V∑

v=1

α(v) = 1, α(v) > 0 (25)
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Figure 18: The framework of multi-view clustering model based on spectral embedding fusion (MVSEF) (adapted from [141])

where the variable α(v) denotes the nonnegative normalized parameter for controlling the importance of the v-th view.
Although SC is powerful and widely used, researchers attempt to extend it to the deep neural network framework

in recent several years [134, 135, 136, 137, 138, 139, 140]. For example, Law et al. [134] propose a deep super-
vised spectral clustering method, in which a metric learning framework is optimized so as to obtain more reasonable
clusters. Yang et al. [136] propose a joint framework for discriminative embedding and spectral clustering in a dual455

auto-encoder network. Affeldt et al. [138] propose a model which combines spectral clustering and deep auto-encoder
(SC-EDAE) strengths in an ensemble framework. Recently, there are also several attempts to explore the effectiveness
of spectral clustering on deep multi-view settings, such as spectral embedding fusion [141], multi-view spectral net-
work [142] and multi-view spectral clustering network [143]. Next, we review several representative deep multi-view
extensions of spectral clustering method.460

3.3.2. Spectral Embedding Fusion
To simultaneously incorporate the local and global structures of multiple views, Yin et al. [141] present a MVC

model based on spectral embedding fusion, named MVSEF, as in Figure 18. To discover the final fusional embedding,
the proposed MVSEF builds an objective function, which is solved by an iteration method via L2,1 norm.

Suppose that there are two views Z(v) and Z(u), which indicate their global spectral embedding. Kumar et al. [129]465

formulate the disagreement between the two views as follows

Dis(Z(v),Z(u)) = ||
KZ(v)

||KZ(v) ||2F

−
KZ(u)

||KZ(u) ||2F

||2F (26)

where KZ(v) denotes a kernel function for Z(v). The objective function of the MVC model based on spectral embedding
fusion (MVSEF) can be formulated as follows

LMVS EF = min
Z(v),Z(u)

Tr(Z(v)T L(v)Z(v)) + Tr(Z(u)T L(u)Z(u)) + λDis(Z(v),Z(u)),

s.t.,Z(v)T Z(v) = I,Z(u)T Z(u) = I
(27)

where the variable L(v) indicates the Laplacian matrix of the v-th view. In spectral clustering, global spectral em-
bedding (GSE) can be characterized by the spectral embedding Z. The basic process of MVSEF can be found in470

Figure 18.

3.3.3. Multi-view Spectral Network
To deeply cluster multi-view data, Huang et al. [142] propose multi-view SC network (MvSCN), which can

incorporate the consistency across views and the invariance in single view into a joint objective function. Specifically,
MvSCN implements deep neural network as fθ : Rd → Rc, where the variable c indicates the cluster number and475

the d denotes the dimension of the feature representation. Once obtaining the trained parameters θ, k-means can be
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Figure 19: The architecture of the multi-view spectral clustering network (MvSCN) (adapted from [142])

applied to get the cluster assignment. As in [142], the objective function of MvSCN are formulated in two-fold setting
as follows

LMvS CN = (1 − λ)
V∑

v=1

L
(v)
1 + λL(v)

2 (28)

where λ ∈ [0, 1] denotes a balance parameter to control the trade-off between L(v)
1 and L(v)

2 . L(v)
1 is the within-

view similarity which enforces the similar points more closer to each other in single view. L(v)
2 is the between-view480

consistency which minimizes the view discrepancy. The two parts L(v)
1 and L(v)

2 can be formulated as
L

(v)
1 =

1
n2

n∑
i, j

W (v)
i j ||y

(v)
i − y(v)

j ||
2
2

L
(v)
2 =

1
nm2

m∑
v,p

n∑
i

||y(v)
i − y(p)

i ||
2
2

(29)

where W is the affinity matrix or graph. y(v)
i is the output of a neural network of input data x(v)

i . The MvSCN model
is trained in a coordinate descent fashion which alternates between the orthogonalization and the gradient steps as
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shown in Figure 19. MvSCN model contains the following stages: affinity learning by SiameseNet [144], embedding
networks for each view, QR decomposition by orthogonal layer and common space learning by fusion layer.485

3.4. Deep Multi-view Information Bottleneck

In this part, the information bottleneck (IB) [106] theory and its multi-view extensions are firstly presented. Then,
two typical deep multi-view IB based methods are reviewed.

3.4.1. Information Bottleneck
Given a source variable X and its relevant variable Y , IB method aims to map the source data X into its compressed490

one T , which is formulated by the mutual information between them, i.e., I(X; T ). At the same time, the preserving
the relevant information about variable Y maximally is formulated by I(Y; T ). Thus, the objective function of IB
theory is given as follows

Lmax = I(Y; T ) − β−1I(X; T ), (30)

where β balances the data compression and related information preservation.
In the past decades, lots of multi-view extensions of the traditional IB approaches have been applied into many495

practical fields. For instance, Gao et al. [145] design a multi-view IB approach through adopting a compatible
constraint on different views to attain an consistent clustering result. Yan et al. present multi-feature IB [29, 146],
multi-task IB [29, 147, 148], heterogeneous IB [149, 150] for unsupervised categorization, cross-modal clustering,
respectively. Yan et al. [30, 151] jointly address the ensemble and multi-view clustering problem by presenting a
synergetic IB method. Hu et al. [152, 153] propose a joint view-specific and view-shared information utilization500

based IB method for human action clustering. However, all the above methods are based on traditional machine
learning models, which cannot fully capture the comprehensive feature representations of different views. Therefore,
incorporating deep neural networks into the IB principle based multi-view learning framework is still a difficult issue.

In the last several years, the deep models based IB methods [154, 155, 156] are devised and successfully tackle
the above challenges. In the followings, we list some typical deep multi-view IB based methods in detail.505

3.4.2. Deep Multi-view Variational Information Bottleneck
To remove the noisy and irrelevant information in different views, a deep IB based multi-view learning framework

(DMVIB) [157] is propose to learn an accurate shared representation across views. DMVIB aims to maximally
preserve the mutual information between the learned shared representation and data labels while compressing the
original representation into shared representation as much as possible. Specifically, DMVIB mainly has two parts,510

(1) learning a hidden representation for each view; (2) combining these hidden representations to learn a shared one
across views.

Given m views {Xi}
m
i=1 and their corresponding labels Y , DMVIB aims to discover a shared feature space Z among

views. First, to remove the noisy and irrelevant information in individual views, a hidden representation Hi is learned
for the i-th view. Then, a neural work is adopted to fuse these hidden representations as follows515

Z = fθ(H1,H2, . . . ,Hm), (31)

where f indicates the neural network and θ is the parameters.
Thus, the above two parts are formulated as

max
Z,H1,H2,...Hm

I(Y,Z) −
m∑
i

αiI (Xi,Hi) , (32)

where αi denotes the regularization parameter trading off the two parts.
The two terms balance the model accuracy and complexity and make it a more generalizable model. To optimize

the above objective function, variational inference approach can be adopted and more details are seen in the work520

[157].
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Figure 20: Unsupervised deep multi-view information bottleneck (MIB) method.

3.4.3. Robust Representation Learning via Multi-View Information bottleneck
Different from the above supervised deep multi-view IB method [157], Federici et al. propose an unsupervised

deep multi-view IB method (MIB) [158] for learning robust representations among views by discovering the super-
fluous information which is not shared by different views. This work is based on a basic assumption in multi-view525

community– each view has the same task-relevant information. Thus, an improved robust and generalized represen-
tation can be learned by abandoning the information not shared by views, i.e., removing the view-specific nuisances.
This can be realized by designing a multi-view InfoMax objective to maximizing the mutual information among
views.

Given v1 and v2 denoting two images of one specific object from two views. Let z1 and z2 denote the representa-530

tions of v1 and v2 respectively. Let z denote the latent representation that only contain the necessary information for
predicting data labels. To realize sufficiency for predicting the data label, the representation z1 of v1 should be ensured
to be sufficient for v2. In the meanwhile, decreasing the I(z1; v1|v2) is also needed to ensure robustness of the learned
representations. Thus, the objective function of MIB can be written as follows

LMIB(θ, ψ; β) = −Iθψ (z1; z2) + βDS KL

(
pθ (z1 | v1) ‖pψ (z2 | v2)

)
, (33)

where θ indicates the parameters of encoder pθ(z1|v1), ψ indicates the parameters of encoder pψ(z2|v2), β is the trade-off535

parameter balancing between sufficiency and robustness of the learned representation, DS KL indicates the symmetric
KL divergence by imposing average on the values of DKL

(
pθ (z1 | v1) ‖pψ (z2 | v2)

)
and DKL

(
pψ (z2 | v2) ‖pθ (z1 | v1)

)
.

For better understanding, the MIB method is further illustrated in Figure 20.
The proposed MIB method can well address some practical applications with pairwise observations available or

synthetic, such as image retrieval. However, MIB can only deal with two-view representation learning problems, and540

an extended version is imperative for application into more complicated scenarios. In big data era, there emerges
large amounts of data from various fields every day. Almost all of them are unlabelled and it is impractical to label
them for training of supervised models. Although the above MIB method has shown its effectiveness in unsupervised
learning, it still has many limitations and many possible future interests can be touched. Therefore, more unsupervised
deep multi-view IB methods are worth exploring in the future. Additionally, recent deep multi-view IB methods only545

utilize mutual information to measure the relationships among views, and the correlated information may be not
well propagated across views, which may degrade the final classification performance. Hence, more effective and
efficient deep IB-based propagating strategies require to be designed in the future. Finally, lots of challenges faced
by many complex practical applications, such as deep multi-view action recognition and image classification, are still
unresolved, where deep multi-view IB method may probably provide a possible solution.550

4. Applications

In the past decades, deep MVL methods have obtained promising results in computer vision and pattern recogni-
tion communities due to their remarkable abilities in feature representations, such as object retrieval, social video/image
analysis, bioinformatics and health informatics, natural language processing, and recommendation systems. Among
those, the former three fields are quite prosperous in the very recent years and thus we conduct a detailed survey on555

them in the following.
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4.1. Cross-modal Retrieval

Cross-modal retrieval (CMR) is a fundamental research topic which intends to search the data instances from other
modalities with similar semantic, such as using a text to retrieve the related images [90]. Recently, the cross-modal
retrieval based deep learning mode has achieved great progress. The existing deep cross-modal retrieval methods can560

be usually classified into two types: Hashing and subspace methods.
The hashing based deep CMR methods aim to find a hash function enabling transformation between different

modalities. Deep cross-modal hashing approaches involve two settings: unsupervised and supervised approaches.
Specifically, the unsupervised ones aim to learn hashing functions by exploring the modality information of the
unlabeled source data, such as deep joint-semantics reconstructing hashing (DJSRH) [90], unsupervised deep cross-565

modal hashing (UDCMH) [159], self-supervised adversarial hashing (SSAH) [160] and unsupervised coupled hashing
(UCH) [161]. The supervised ones aim to exploit available supervised information (like labels) to improve retrieval
performance, such as graph convolutional hashing (GCH) [162], triplet based deep hashing (TDH) [163], cycle-
consistent deep generative hashing (CYC-DGH) [164] and equally-guided discriminative hashing (EGDH) [165].

The common subspace based CMR methods try to discover a common feature space, where the distance be-570

tween different modalities can be directly computed. For example, Zhen et al. [166] propose a deep supervised CMR
(DSCMR) method, which minimally preserves the discrimination loss in both the subspace and the label space to
supervise the common feature learning of multiple modalities. Huang et al. [167] propose a framework leverag-
ing multi-modal neural machine translation (MMT) by performing forward and backward translations of multiple
languages.575

4.2. Cross-modal Video/Image Analysis

Deep MVL methods have been successfully applied to the analysis of cross-modal images or videos. Next, we
will demonstrate some representative ones.

4.2.1. 3D Reconstruction
Due to the promising performance and widely application of DNNs, 3D reconstruction approaches based learning580

algorithm have achieved popularity [168, 169, 60]. Dou et al. [168] present a deep RNN model for multi-view 3D
face reconstruction to overcome the main issue of huge variations in facial images. Instead of using RNN model,
Yang et al. [60] design a new feed-forward neural network and a dedicated training method to gather deep features
for the 3D object reconstruction from multiple views, so that the issue of inconsistent estimation of 2D shapes under
permutations of input images can be avoided.585

4.2.2. Facial Detection and Recognition
Facial detection from multi-view source data is a valuable research topic and challenging task since the there exists

large viewpoint changes in poses and illumination [170, 171, 173, 174, 176, 177]. To deal with the problem of face
detection in MVL scenario, Farfade et al. [170] propose a deep CNN based dense face detector without requiring
annotation of facial landmarks and training multiple models for capturing faces in different orientations. Bai et al.590

[171] formulate the 3D face detection problem from the point of non-rigid multi-view stereo, and thus presented to
optimize the 3D face shape by keeping the multi-view appearances consistent. Li et al. [172] aim to solve the large-
scale face recognition problem by proposing a robust two-stage method containing data cleaning and multi-view deep
representation learning. Xia et al. [175] intend to estimate the eye center using a CNN network. Zhao et al. [176]
formulate a novel DNN architecture to improve the performance of multi-view face recognition by first encoding595

the face regions, compressing the high-dimensional learned features and designing a joint Bayesian framework for
classification.

4.2.3. Human Action Recognition
Human actions in videos or images usually consist of highly articulated motions, human-object interactions and

complicated temporal structures [178, 179, 180, 181, 182]. Song et al. [178] present a new action recognition frame-600

work under multi-modal scenarios based on deep CNN and RNN architectures and can better learn effective feature
representations for action classification. Classifying imbalanced multi-modal sensor data in the environment of smart
home for activity recognition is quite challenging. To this end, Alani et al. [179] first examine the effectiveness of
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using multi-modal data and then compare deep learning methods with other methods in addressing the imbalanced
multi-modal data. Trumble et al. [180] propose a deep CNN based human performance capture system for the605

challenging marker-less pose estimation from multi-view videos. Huang et al. [181] present a two-stage 3D neu-
ral network for estimating 3D human pose by combining both body-worn inertial measurement unit (IMU) data and
cross-view images, where the first stage is used for vision estimation and the second stage for fusing the early IMU
data and vision data without the need of a skeleton model.

4.2.4. Person Re-identification610

Object or person re-identification has received lots of attention in the image processing community, and we here
show two typical works for each of them [183, 184, 185]. For instance, Zhou et al. [184] propose to integrating CNN
and RNN architecture for the re-identification of vehicle in arbitrary view point, so that the transformations among
vehicles across different views are well learned for improving performance. Instead of using semi-supervised learning
for person re-identification, Xin et al. [185] focus on incorporating self-spaced learning into a multi-view clustering615

paradigm, where the reliable data points are used for fine-tuning the CNN model by introducing a novel regularizer
for minimizing both the identification loss and ranking loss.

4.3. Bioinformatics and Health Informatics

Due to the success of deep models in the task of feature representation, lots of popular DNN based networks
(e.g., CNN) have been applied to the challenging but beneficial medical analysis [186, 187, 188, 189, 190], such as620

bioinformatics and health informatics. More specifically, it has been widely used in the three typical areas including
brain issues [8, 9], breast diagnosis [191, 192, 193] and seizure recognition [194, 195]. For instance, Wei et al. [8]
propose a deep neural network architecture for brain image segmentation in the multi-modal/size/view scenarios,
such that the coronal or sagittal MR slices can be clearly segmented. For magnification invariant diagnosis in breast
cancer, Jonnalagedda et al. [192] propose a multi-view path DNN and a data augmentation method to deal with625

the challenging issues of diversity and small size of datasets and it further integrates local and global features for
more effective diagnosis. By combining two popular models of DNN and SVM, Gong et al. [193] present a multi-
view DNN architecture based SVM classification method for breast cancer diagnosis under the modality of B-mode
ultrasound and ultrasound electrography. Yuan et al. [194] try to detect epileptic seizure by using multi-channel scalp
electroencephalogram signals with a multi-view deep channel-aware attention network. To improve the model, Yuan630

et al. [195] further design a enhanced end-to-end model for joint unsupervised electroencephalogram reconstruction
and supervised seizure detection.

There are also some other emerging medical applications of deep multi-view learning methods, such as cardiac
magnetic resonance detection [196], microscopic neuroblastoma pathology image diagnosis [197], and automated
diagnosis of bone metastasis [198].635

5. Datasets

In the following, we list some popular multi-view text, image and video datasets and show the details in Table
2. Note that, for image datasets, each kind of feature, such as shape, texture or color, is always treated as one view,
so we do not show them in the table. Here are some popular image datasets used for evaluating multi-view learning
methods: Caltech 101/256 [199], NUS-WIDE [200], COIL20/100 1, 17flowers [201], Soccer 2, Scene-15 [202], and640

ORL 3datasets.

Table 2: Details about the representative multi-view datasets.

1https://www.cs.columbia.edu/CAVE/software/softlib/coil-20.php
2http://lear.inrialpes.fr/people/vandeweijer/data
3http://www.cl.cam.ac.uk/research/dtg/attarchive/facedatabase.html
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Dataset Type Views Categories Size Year Highlights
20NGs 4 Text 3 5 500 - Selected from the popular 20Newsgroups

dataset; Documents are randomly divided into
3 sections with the same number of documents,
where each part is regarded as one view.

continued on next page
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continued from previous page
Dataset Type Views Categories Size Year Highlights

Reuters [203] Text 5 6 1,200 2009 Typical multi-language text dataset; Docu-
ments written in five types of languages (Ger-
man, English, French, Italian and Spanish),
where each language is treated as one view.

BBC 5 Text 4 5 2,225 2006 Popular multi-view text dataset; Story docu-
ments of five topical fields from BBC website
in 2004-2005.

BBC Sport 6 Text 2 5 737 2006 It is a typical multi-view text dataset, in which
the text documents are recorded from the BBC
news website happened in 2004-2005.

3Sources 7 Text 3 6 169 2009 Representative multi-view text dataset; News
articles concerning stories from different areas
from the BBC Reuters and Guardian website.

Cora 8 Text 2 7 2,708 - Typical multi-view publication text dataset;
Scientific publications described in “Content”
and “Citation” view.

WVU [204] Video 4 10 650 2011 Ten kinds of human actions captured by 8 em-
bedded camera networks; Complete overlap-
ping coverage is provided for 8 different per-
spectives/views;

IXMAS[205] Video 5 10 1,320 2007 It is a video dataset containing 11 human ac-
tions, the actions of each category is conducted
3 times by 10 actors. In the recording pro-
cedure, all actions are recorded by 5 cameras
from different viewpoints, which consists of 4
side-viewing and 1 top-viewing camera.

M2I[206] Video 2 22 1,760 2017 Typical challenging multi-view action dataset;
Multi-modal and multi-view interactive hu-
man actions collected in dark, bright, and
cluttered environments; Modalities, including
RGB, depth, and skeleton, are simultaneously
captured from front and side views by two
static Kinect depth sensors;

MV-10K[207] Video 2 10 10,000 2018 It is a popular audio-visual dataset, in which
the lasting time of each video varies from 213
to 219 seconds.

VEGAS [208] Video 2 10 28,103 2018 Selected from Google Audioset, containing hu-
man or animal sounds. Each video ranges from
2 to 10 seconds.

MSR 3D[209] Video 2 16 320 2012 Popular multi-modal dataset (RGB, depth, and
skeleton); Each action is performed in two dif-
ferent poses, most of which involve human-
object interaction.

continued on next page
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continued from previous page
Dataset Type Views Categories Size Year Highlights

N-UCLA[210] Video 3 10 385 2014 Captured simultaneously from different views
by three Kinect cameras; Each action sample
contains RGBD and human skeleton data exe-
cuted by 10 different subjects.

MVTJU[211] Video 2 22 3,520 2015 Each action was performed 4 times by 20 sub-
jects under two lighting conditions (i.e., light
and dark); Each action was recorded simultane-
ously using two Kinect depth sensors (frontal
and lateral views), including RGB, depth, and
skeletal data.

Middlebury 9 3D 3 5 100 2011 This dataset provides multiple datasets captur-
ing objects from various points.

ModelNet40 10 3D 12 40 12,311 2015 It is a dataset containing different 3D models,
in which each 3D model can be partitioned into
a 30×30×30 shape.

KITTI 11 3D 4 389 14,999 2012 This dataset contains the object detection part
published for autonomous driving. It contains
a set of images with their bounding box labels.

NUS-WIDE 12 Cross-modal 2 81 270,000 2009 It is a cross-model dataset containing visual im-
ages and its tags from 81 categories.

BDGP 13 Cross-modal 2 5 2,500 2012 It is a cross-modal dataset consisting of two
different modalities, i.e., visual image and tex-
tual semantic data.

COCO 14 Cross-modal 2 80 123,287 2014 It is a dataset constructed for segmentation, ob-
ject detection and captioning dataset, which in-
cludes two different views, i.e., visual object
and its context.

FLICKR 15 Cross-modal 2 25,000 2008 It is a collection for the MIR community com-
prising 25000 images from the Flickr website,
which contains both image content and image
tags.

6. Performance Comparisons645

In the last several years, a large variety of deep multi-view learning approaches has appeared and the collections of
standard benchmarks such as Reuters, MNIST and NUS-Wide have made it easier to compare these deep multi-view

4http://lig-membres.imag.fr/grimal/data.html
5http://mlg.ucd.ie/datasets/bbc.html
6http://mlg.ucd.ie/datasets/
7http://mlg.ucd.ie/datasets/3sources.html
8https://relational.fit.cvut.cz/dataset/CORA
9https://vision.in.tum.de/data/datasets/3dreconstruction

10https://shapenet.cs.stanford.edu/media/modelnet40_normal_resampled.zip
11www.cvlibs.net/datasets/kitti
12http://lms.comp.nus.edu.sg/research/NUS-WIDE.htm
13http://ranger.uta.edu/%7ehent/Drosophila/
14http://mscoco.org/
15http://press.liacs.nl/mirflickr/mirdownload.html
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learning approaches in terms of accuracy. Although it may be impractical to conduct comparison on all proposed
approaches, it is necessary to compare typical deep MVL approaches in a unified manner.

In this part, we compare the performance of deep MVL approaches on three common tasks: cross-modal retrieval,650

multi-view 3D object recognition and multi-view clustering (MVC). The MVL is concerned with the problem of
machine learning from data represented by multiple distinct features or data sources, which is a learning method in
essence. Thus, the common performance indicators in the domain of machine learning can be utilized to evaluate the
performance of MVL methods. For the deep cross-modal retrieval methods, we compare the mean average precision
(mAP) [162] of the following approaches: deep joint-semantics reconstructing hashing (DJSRH) [90], self-supervised655

adversarial hashing (SSAH) [160], unsupervised deep cross-modal hashing (UDCMH) [159], unsupervised coupled
hashing (UCH) [161], graph convolutional hashing (GCH) [162], triplet based deep hashing (TDH) [163], cycle-
consistent deep generative hashing (CYC-DGH) [164], equally-guided discriminative hashing (EGDH) [165], deep
supervised cross-modal retrieval (DSCMR) [166] and multi-modal neural machine translation (MMT) [167]. For the
deep multi-view object recognition methods, we compare the classification accuracy (Accuracy) [49] of the following660

approaches: multi-view CNN (MVCNN) [49], Kd-tree based network (KD-Net) [51], multi-view harmonized bilinear
network (MHBN) [52], group-view CNN (GVCNN) [50] and dynamic routing CNN (DRCNN) [53] For deep MVC
methods, we compare the clustering accuracy (ACC) and normalized mutual information (NMI) [142] of the follow
representative approaches: multi-view spectral clustering network (MvSCN) [142], auto-encoder in auto-encoder
network (AE2-Nets) [59], spectral clustering and deep auto-encoder (SC-EDAE) [138], auto-weighted multi-view665

learning (AWMVL) [116], cross-modal auto-encoders (CMAE) [19], joint NMF (JNMF) [118], bidirectional GAN
(BiGAN) [36], MultiSpectralNet (MSN) [143], adversarial correlated auto-encoder (ACAE) [69], deep multi-view
concept learning (DMCL) [122], deep CCA auto-encoder (DCCAE) [22] and deep multi-view IB (MIB) [158].

Table 3: The performance comparison of representative deep cross-modal retrieval methods
NUS-WIDE COCO Flickr

Methods Map score Methods Map score Methods Map score
DSCMR [166] 0.615 UCH [161] 0.547 UCH [161] 0.697

TDH [163] 0.676 SSAH [160] 0.578 UDCMH [159] 0.733
SSAH [160] 0.683 EGDH [165] 0.813 TDH [163] 0.755

UDCMH [159] 0.761 GCH [162] 0.830 CYC-DGH [164] 0.799
GCH [162] 0.766 – – MMT [167] 0.801

DJSRH [90] 0.817 – DJSRH [90] 0.876
– – CYC-DGH [164] 0.895 GCH [162] 0.907

Table 4: The performance comparison of representative deep multi-view object recognition methods
ModelNet40 ModelNet10

Methods Accuracy Methods Accuracy
MVCNN [49] 0.899 MVCNN [49] 0.927

KD-Net [51] 0.907 KD-Net [51] 0.940
MHBN [52] 0.934 MHBN [52] 0.950

GVCNN [50] 0.926 – –
DRCNN [53] 0.945 DRCNN [53] 0.960

7. Open Problems

7.1. Explainable Deep Multi-view Model670

Explainable artificial intelligence has become a newly-emerging area in recent years and has achieved lots of
attention in the field of deep MVL. Although existing deep MVL models have shown superior advantages in various
applications, they fail to provide an explanation for the decision of different models. Thus, the deep models without
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Table 5: The performance comparison of representative deep multi-view clustering methods
MNIST Reuters Handwritten

Methods ACC NMI Methods ACC NMI Methods NMI ACC
MvSCN [142] 0.991 0.977 CRSC [129] – 0.361 AE2-Nets [59] 0.815 0.713

SC-EDAE [138] 0.915 – MvSCN [142] 0.488 0.267 AWMVL [116] 0.973 0.939
CMAE [19] 0.911 – JNMF [118] 0.535 0.409 CRSC [129] – 0.768
BiGAN [36] 0.973 – MSN [143] 0.631 0.598 JNMF [118] 0.881 0.804
ACAE [69] 0.927 – DCML [122] 0.732 – – – –

DCCAE [22] 0.975 0.934 MCL [123] 0.761 – – – –
MIB[158] 0.978 – – – – – – –

explanation are not easily applied to critical domains, such as military system or medical treatment. In the future, we
believe that explainable deep models will become a hot topic and will be extended into more areas. Recent years, many675

researches attempt to open the black box of deep neural networks and propose a various of theories to understand it.
Among them, information bottleneck (IB) theory claims that there are two distinct phases consisting of fitting phase
and compression phase in the course of training [91]. This statement attracts many attentions since its success in
explaining the inner behavior of feedforward neural networks.

7.2. Incomplete Views680

With the development of information technology, there always emerges data from different views or modalities.
However, it happens often that there is usually data missing in many practical applications. For example, in medi-
cal imaging analysis, the medical records of patients, e.g., computed tomography or magnetic resonance images, are
not always complete and can not fully reflect the conditions of patients, which may further influence the quality of
healthcare. Therefore, the completeness of such views and the applications in some specific downstream tasks, e.g.,685

multi-view feature learning, clustering or classification, is significant and it is worth exploring this issue in future.
Recently, multi-view transformation with generative adversarial network (GAN) [64] has obtained considerable at-
tention, which is associated with transforming available source views of a given object into unknown or incomplete
target views. We think it is interesting topic in the task of view completion.

7.3. Heterogeneous Gap of Different Views690

Data points captured from multiple views always hold heterogeneous features but meanwhile illustrating complex
view relationships. Thus, it is quite challenging to explore the shared information among different views and the view-
specific information simultaneously. Existing methods usually solve this problem in a traditional manner by using
k-means or spectral based multi-view learning methods, while few of them touch the deep learning models. There-
fore, designing a reasonable deep model by jointly breaking the heterogeneous gap across views and exploring the695

relationships will be a promising research interest. Actually, there are several practical strategies from heterogeneous
data, such as transfer learning and knowledge graph based representation learning. Specifically, transfer learning aims
to share information from the source domain to the target domain, where both domains hold heterogeneous feature
spaces, such as the case of cross-media intelligence [35]. Thus, when reconstructing feature representation from het-
erogeneous data, transfer learning helps to bridge the gaps of data distribution, feature space etc., so that strong and700

robust feature vectors can be well constructed.

7.4. View Relation Exploration
In multi-view clustering, since the same data samples are described by multiple views from different perspectives,

different views must be closely related. However, the relationships among views are quite complex and hard to be
explored. Most existing deep multi-view learning methods usually learn the shared embedding features to discover the705

view relations by simple concatenation or fusion, and then apply cross-entropy loss function or traditional machine
learning methods for supervised or unsupervised learning. These methods, however, still fail to fully explore the
view relations. Hence, designing an effective view relation exploration strategy for deep multi-view learning will
be quite significant yet challenging in the future. We argue that the information propagation mechanism may be
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borrowed to propagate useful relations among views for relation exploration, such as affinity propagation and label710

propagation [80].

7.5. Representation Learning on Multi-view Graph Data

Recently, more and more multi-view data exhibit complex graph structures, where one of the most important
problems to be handled is the graph feature representation. A good feature representation of the multi-view graph
data is important for lots of downstream applications, such as classification/clustering, object segmentation, object715

detection, or 3D reconstruction. However, only a few works are designed to capture the graph features of multi-
view source data from various practical fields, such as social network or medical diagnosis data. In the next few
years, the multi-view graph representation will be a hot topic and shows its advantages in different application areas.
Recently, Graph neural networks (GNN) [73] reconciles the expressive power of graphs in modeling interactions with
deep models in terms of learning representation and has gained increasing attention due to its capability of modeling720

graph structured data. Using GNN to model the complex multi-view graph data is interesting topic that worth of
investigating.

8. Conclusions

This paper presents a comprehensive review on deep MVL from the following two aspects: MVL approaches in
deep learning scope and deep multi-view extensions of traditional learning methods. Specifically, we first review the725

representative MVL methods in the scope of deep learning, such as multi-view auto-encoder, conventional neural net-
works and deep brief networks. Then, we explore the advancements of the MVL mechanism when traditional learning
methods meet deep learning models, such as deep multi-view canonical correlation analysis, matrix factorization and
information bottleneck. Moreover, we also summarize the main applications and widely-used datasets in the domain
of deep MVL. Finally, to promote the research of deep MVL, we present several open challenges that are worth further730

investigation in future.
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[158] M. Federici, A. Dutta, P. Forré, N. Kushman, Z. Akata, Learning robust representations via multi-view information bottleneck, in: Proceed-
ings of the International Conference on Learning Representations (ICLR), 2020.

[159] G. Wu, Z. Lin, J. Han, L. Liu, G. Ding, B. Zhang, J. Shen, Unsupervised deep hashing via binary latent factor models for large-scale1035

cross-modal retrieval, in: Proceedings of the International Joint Conference on Artificial Intelligence (IJCAI), 2018, pp. 2854–2860.
[160] C. Li, C. Deng, N. Li, W. Liu, X. Gao, D. Tao, Self-supervised adversarial hashing networks for cross-modal retrieval, in: Proceedings of

the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2018, pp. 4242–4251.
[161] C. Li, C. Deng, L. Wang, D. Xie, X. Liu, Coupled cyclegan: Unsupervised hashing network for cross-modal retrieval, in: Proceedings of

the AAAI Conference on Artificial Intelligence (AAAI), 2019, pp. 176–183.1040

[162] R. Xu, C. Li, J. Yan, C. Deng, X. Liu, Graph convolutional network hashing for cross-modal retrieval, in: Proceedings of the International
Joint Conference on Artificial Intelligence (IJCAI), 2019, pp. 982–988.

[163] C. Deng, Z. Chen, X. Liu, X. Gao, D. Tao, Triplet-based deep hashing network for cross-modal retrieval, IEEE Transactions on Image
Processing (TIP) 27 (8) (2018) 3893–3903.

[164] L. Wu, Y. Wang, L. Shao, Cycle-consistent deep generative hashing for cross-modal retrieval, IEEE Transactions on Image Processing (TIP)1045

28 (4) (2019) 1602–1612.
[165] Y. Shi, X. You, F. Zheng, S. Wang, Q. Peng, Equally-guided discriminative hashing for cross-modal retrieval, in: Proceedings of the

International Joint Conference on Artificial Intelligence (IJCAI), 2019, pp. 4767–4773.
[166] L. Zhen, P. Hu, X. Wang, D. Peng, Deep supervised cross-modal retrieval, in: Proceedings of the IEEE Conference on Computer Vision and

Pattern Recognition (CVPR), 2019, pp. 10394–10403.1050

[167] P. Huang, X. Chang, A. G. Hauptmann, E. H. Hovy, Forward and backward multimodal NMT for improved monolingual and multilingual
cross-modal retrieval, in: Proceedings of the International Conference on Multimedia Retrieval (ICMR), 2020, pp. 53–62.

[168] P. Dou, I. A. Kakadiaris, Multi-view 3d face reconstruction with deep recurrent neural networks, Image Vision and Computation (IVC) 80
(2018) 80–91.

[169] S. Bi, Z. Xu, K. Sunkavalli, D. J. Kriegman, R. Ramamoorthi, Deep 3d capture: Geometry and reflectance from sparse multi-view images,1055

in: Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2020, pp. 5959–5968.
[170] S. S. Farfade, M. J. Saberian, L. Li, Multi-view face detection using deep convolutional neural networks, in: Proceedings of the ACM on

International Conference on Multimedia Retrieval (ICMR), 2015, pp. 643–650.
[171] Z. Bai, Z. Cui, J. A. Rahim, X. Liu, P. Tan, Deep facial non-rigid multi-view stereo, in: Proceedings of the IEEE Conference on Computer

Vision and Pattern Recognition (CVPR), 2020, pp. 5849–5859.1060

[172] J. Li, J. Zhao, F. Zhao, H. Liu, J. Li, S. Shen, J. Feng, T. Sim, Robust face recognition with deep multi-view representation learning, in:
Proceedings of the ACM Conference on Multimedia Conference (ACM’MM), 2016, pp. 1068–1072.

[173] Y. Guo, Y. Xia, J. Wang, H. Yu, R. Chen, Real-Time Facial Affective Computing on Mobile Devices. Sensors (Basel, Switzerland) vol.
20,3 870. 6 Feb. 2020,

[174] T. Zhang, W. Zheng, Z. Cui, Y. Zong, J. Yan, K. Yan, A deep neural network-driven feature learning method for multi-view facial expression1065

recognition, IEEE Transactions on Multimedia (TMM) 18 (12) (2016) 2528–2536.
[175] Y. Xia, H. Yu, F. Wang, Accurate and robust eye center localization via fully convolutional networks, IEEE/CAA Journal of Automatica

Sinica 6 (5) (2019) 1127–1138.
[176] F. Zhao, J. Li, L. Zhang, Z. Li, S. Na, Multi-view face recognition using deep neural networks, Future Generation Computer Systems 111

(2020) 375–380.1070

[177] Y. Wang, X. Dong, G. Li, J. Dong, H. Yu, Cascade regression-based face frontalization for dynamic facial expression analysis, Cognitive
Computation, 2021.

[178] S. Song, C. Lan, J. Xing, W. Zeng, J. Liu, Skeleton-indexed deep multi-modal feature learning for high performance human action recogni-
tion, in: Proceedings of the IEEE International Conference on Multimedia and Expo (ICME), 2018, pp. 1–6.

[179] A. A. Alani, G. Cosma, A. Taherkhani, Classifying imbalanced multi-modal sensor data for human activity recognition in a smart home1075

using deep learning, in: Proceedings of the International Joint Conference on Neural Networks (IJCNN), 2020, pp. 1–8.
[180] M. Trumble, A. Gilbert, A. Hilton, J. P. Collomosse, Deep convolutional networks for marker-less human pose estimation from multiple

views, in: Proceedings of the European Conference on Visual Media Production (CVMP), 2016, pp. 6:1–6:9.
[181] F. Huang, A. Zeng, M. Liu, Q. Lai, Q. Xu, Deepfuse: An imu-aware network for real-time 3d human pose estimation from multi-view

image, in: Proceedings of the IEEE Winter Conference on Applications of Computer Vision (WACV), 2020, pp. 418–427.1080

[182] X. Zhang, D. Ma, H. Yu, Y. Huang, P. Howell, B. Stevens, Scene perception guided crowd anomaly detection, Neurocomputing 414 (2020)
291–302.

[183] D. Tao, Y. Guo, B. Yu, J. Pang, Z. Yu, Deep multi-view feature learning for person re-identification, IEEE Transactions on Circuits and
Systems for Video Technology (ITCSVT) 28 (10) (2018) 2657–2666.

[184] Y. Zhou, L. Liu, L. Shao, Vehicle re-identification by deep hidden multi-view inference, IEEE Transactions on Image Processing (TIP)1085

36



27 (7) (2018) 3275–3287.
[185] X. Xin, X. Wu, Y. Wang, J. Wang, Deep self-paced learning for semi-supervised person re-identification using multi-view self-paced

clustering, in: Proceedings of the IEEE International Conference on Image Processing (ICIP), 2019, pp. 2631–2635.
[186] W. Liu, Z. Wang, X. Liu, N. Zeng, D. Bell, A novel particle swarm optimization approach for patient clustering from emergency departments,

IEEE Transactions on Evolutionary Computation (TEC) 23 (4) (2019) 632–644.1090

[187] N. Zeng, H. Li, Z. Wang, W. Liu, X. Liu, Deep-reinforcement-learning-based images segmentation for quantitative analysis of gold im-
munochromatographic strip, Neurocomputing (2020) 1–8.

[188] W. Yue, Z. Wang, W. Liu, B. Tian, S. Lauria, X. Liu, An optimally weighted user- and item-based collaborative filtering approach to
predicting baseline data for friedreich’s ataxia patients, Neurocomputing 419 (2021) 287–294.

[189] N. Zeng, Z. Wang, H. Zhang, K. Kim, Y. Li, X. Liu, An improved particle filter with a novel hybrid proposal distribution for quantitative1095

analysis of gold immunochromatographic strips, IEEE Transactions on Nanotechnology (TN) 18 (1) (2019) 819–829.
[190] X. Fei, L. Shen, S. Ying, Y. Cai, Q. Zhang, W. Kong, W. Zhou, J. Shi, Parameter transfer deep neural network for single-modal b-mode

ultrasound-based computer-aided diagnosis, Cognitive Computation 12 (6) (2020) 1252–1264.
[191] D. H. Kim, S. Kim, Y. M. Ro, Latent feature representation with 3-d multi-view deep convolutional neural network for bilateral analysis in

digital breast tomosynthesis, in: Proceedings of the IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP),1100

2016, pp. 927–931.
[192] P. Jonnalagedda, D. Schmolze, B. Bhanu, Mvpnets: Multi-viewing path deep learning neural networks for magnification invariant diagnosis

in breast cancer, in: Proceedings of the IEEE International Conference on Bioinformatics and Bioengineering (BIBE), 2018, pp. 189–194.
[193] B. Gong, L. Shen, C. Chang, S. Zhou, W. Zhou, S. Li, J. Shi, Bi-modal ultrasound breast cancer diagnosis via multi-view deep neural

network SVM, in: Proceedings of the IEEE International Symposium on Biomedical Imaging (ISBI), 2020, pp. 1106–1110.1105

[194] Y. Yuan, G. Xun, F. Ma, Q. Suo, H. Xue, K. Jia, A. Zhang, A novel channel-aware attention framework for multi-channel EEG seizure
detection via multi-view deep learning, in: Proceedings of the IEEE EMBS International Conference on Biomedical and Health Informatics
(BHI), 2018, pp. 206–209.

[195] Y. Yuan, G. Xun, K. Jia, A. Zhang, A multi-view deep learning framework for EEG seizure detection, IEEE Journal of Biomedical and
Health Informatics 23 (1) (2019) 83–94.1110

[196] D. M. Vigneault, W. Xie, C. Y. Ho, D. A. Bluemke, J. A. Noble, Ω-net (omega-net): Fully automatic, multi-view cardiac MR detection,
orientation, and segmentation with deep neural networks, Medical Image Analysis (MIA) 48 (2018) 95–106.

[197] Y. Liu, M. Yin, S. Sun, Multi-view learning and deep learning for microscopic neuroblastoma pathology image diagnosis, in: Proceedings
of the Pacific Rim International Conference on Artificial Intelligence (PRICAI), 2018, pp. 545–558.

[198] Y. Pi, Z. Zhao, Y. Xiang, Y. Li, H. Cai, Z. Yi, Automated diagnosis of bone metastasis based on multi-view bone scans using attention-1115

augmented deep neural networks, Medical Image Analysis (MIA) 65 (2020) 101784.
[199] F. Li, R. Fergus, P. Perona, Learning generative visual models from few training examples: An incremental bayesian approach tested on 101

object categories, Computer Vision and Image Understanding (CVIU) 106 (1) (2007) 59–70.
[200] T.-S. Chua, J. Tang, R. Hong, H. Li, Z. Luo, Y.-T. Zheng, Nus-wide: A real-world web image database from national university of singapore,

in: Proceedings of the ACM Conference on Image and Video Retrieval (CIVR’09), 2009.1120

[201] M. Nilsback, A. Zisserman, A visual vocabulary for flower classification, in: Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), 2006, pp. 1447–1454.

[202] F. Li, P. Perona, A bayesian hierarchical model for learning natural scene categories, in: Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), 2005, pp. 524–531.

[203] M. Amini, N. Usunier, C. Goutte, Learning from multiple partially observed views - an application to multilingual text categorization, in:1125

Proceedings of the Annual Conference on Neural Information Processing Systems (NeurIPS), 2009, pp. 28–36.
[204] S. Ramagiri, R. Kavi, V. Kulathumani, Real-time multi-view human action recognition using a wireless camera network, in: R. P. Kleihorst,

A. Prati, S. Velipasalar (Eds.), Proceedings of the ACM/IEEE International Conference on Distributed Smart Cameras, 2011, pp. 1–6.
[205] D. Weinland, E. Boyer, R. Ronfard, Action recognition from arbitrary views using 3d exemplars, in: Proceedings of the IEEE International

Conference on Computer Vision (CVPR), 2007, pp. 1–7.1130

[206] A. Liu, N. Xu, W. Nie, Y. Su, Y. Wong, M. Kankanhalli, Benchmarking a multimodal and multiview and interactive dataset for human action
recognition, IEEE Transactions on Cybernetics (TCYB) 47 (7) (2017) 1781–1794.

[207] D. Zeng, Y. Yu, K. Oyama, Audio-visual embedding for cross-modal music video retrieval through supervised deep CCA, in: Proceedings
of the IEEE International Symposium on Multimedia (ISM), 2018, pp. 143–150.

[208] Y. Zhou, Z. Wang, C. Fang, T. Bui, T. L. Berg, Visual to sound: Generating natural sound for videos in the wild, in: Proceedings of the IEEE1135

Conference on Computer Vision and Pattern Recognition (CVPR), 2018, pp. 3550–3558.
[209] J. Wang, Z. Liu, Y. Wu, J. Yuan, Mining actionlet ensemble for action recognition with depth cameras, in: Proceedings of the IEEE

Conference on Computer Vision and Pattern Recognition (CVPR), 2012, pp. 1290–1297.
[210] J. Wang, X. Nie, Y. Xia, Y. Wu, S. Zhu, Cross-view action modeling, learning, and recognition, in: Proceedings of the IEEE Conference on

Computer Vision and Pattern Recognition (CVPR), 2014, pp. 2649–2656.1140

[211] A. Liu, Y. Su, P. Jia, Z. Gao, T. Hao, Z. Yang, Multipe/single-view human action recognition via part-induced multitask structural learning,
IEEE Transactions on Cybernetics (TCYB) 45 (6) (2015) 1194–1208.

37


	Introduction
	Comparison with Previous Reviews

	Multi-view Learning Methods in The Deep Learning Scope
	Multi-view Convolutional Neural Network
	Multi-view Auto-encoder
	Multi-view Generative Adversarial Networks
	Multi-view Graph Neural Networks
	Multi-view Deep Belief Net
	Multi-view Recurrent Neural Network

	Deep Multi-view Extensions of Traditional Learning Methods
	Deep Multi-view Canonical Correlation Analysis
	Canonical Correlation Analysis
	Deep Canonical Correlation Analysis
	Deep Canonical Correlated Auto-encoders
	Deep Adversarial Canonical Correlation Analysis
	Deep Generalized Canonical Correlation Analysis

	Deep Multi-view Matrix Factorization
	Matrix Factorization
	Multi-view Clustering via Deep Matrix Factorization
	Deep Multi-view Concept Learning Method
	Deep Low-rank Subspace Ensemble

	Deep Multi-view Spectral Learning Network
	Spectral Learning
	Spectral Embedding Fusion
	Multi-view Spectral Network

	Deep Multi-view Information Bottleneck
	Information Bottleneck
	Deep Multi-view Variational Information Bottleneck
	Robust Representation Learning via Multi-View Information bottleneck


	Applications
	Cross-modal Retrieval
	Cross-modal Video/Image Analysis
	3D Reconstruction
	Facial Detection and Recognition
	Human Action Recognition
	Person Re-identification

	Bioinformatics and Health Informatics

	Datasets
	Performance Comparisons
	Open Problems
	Explainable Deep Multi-view Model
	Incomplete Views
	Heterogeneous Gap of Different Views
	View Relation Exploration
	Representation Learning on Multi-view Graph Data

	Conclusions

