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Abstract— Over the past few years, multimodal data analysis
has emerged as an inevitable method for identifying sample
categories. In the multi-view data classification problem, it is
expected that the joint representation should include the super-
vised information of sample categories so that the similarity
in the latent space implies the similarity in the corresponding
concepts. Since each view has different statistical properties, the
joint representation should be able to encapsulate the underlying
nonlinear data distribution of the given observations. Another
important aspect is the coherent knowledge of the multiple views.
It is required that the learning objective of the multi-view model
efficiently captures the nonlinear correlated structures across
different modalities. In this context, this article introduces a novel
architecture, termed discriminative deep canonical correlation
analysis (D2CCA), for classifying given observations into multiple
categories. The learning objective of the proposed architecture
includes the merits of generative models to identify the underlying
probability distribution of the given observations. In order to
improve the discriminative ability of the proposed architecture,
the supervised information is incorporated into the learning
objective of the proposed model. It also enables the architecture
to serve as both a feature extractor as well as a classifier.
The theory of CCA is integrated with the objective function
so that the joint representation of the multi-view data is learned
from maximally correlated subspaces. The proposed framework
is consolidated with corresponding convergence analysis. The
efficacy of the proposed architecture is studied on different
domains of applications, namely, object recognition, document
classification, multilingual categorization, face recognition, and
cancer subtype identification with reference to several state-of-
the-art methods.

Index Terms— Boltzmann machine, canonical correlation anal-
ysis (CCA), deep learning, multimodal data.

I. INTRODUCTION

ADVANCEMENT in information acquisition processes
has entailed the development of predictive models for

multimodal data analysis. The classification based on multi-
view data has been exercised in numerous domains of appli-
cations, for example, object detection [1], tumor analysis [2],
face recognition [3], 3-D saliency detection [4], and so on.
Since each view has a fundamentally distinct representation of
the underlying data distribution, it is primarily considered that
information from different sources encompasses complemen-
tary as well as coherent knowledge, corresponding to the given
observations. Thus, judicious integration of information from
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multiple views can potentially provide a more comprehensive
and discriminative representation of the data, as compared to
each of the unimodal representations.

A naive solution concatenates all the views to obtain a single
data matrix which can then be applied to single view learning
algorithms. However, the direct integration approaches suffer
from the overfitting problem, which is predominant in the case
of small training data sets. Also, it becomes difficult to reflect
the individual statistical properties of each of the modalities in
the unified representation for heterogeneous databases. In this
regard, several approaches have been adopted in the existing
literature to learn the joint representation of the data from
the given multiple modalities. Various multi-view learning
algorithms, based on correlation analysis [5], [6], [7], [8],
discriminant analysis [9], [10], [11], and deep learning [12],
[13], [14], [15], [16], [17], [18], [19], [20], [21], have been
developed that learn the necessary functions to model each of
the views and then jointly optimize all the functions to enhance
the generalization ability of the corresponding approaches.

A. Related Work

Considering the baseline framework of canonical correlation
analysis (CCA) [22], several attempts have been made to
characterize the inherent correlation across multiple views.
While multiset CCA (MCCA) [6] is an extension of the
classical two-set theory of CCA to several sets, regularized
generalized CCA (RGCCA) [5] is a generalization of the regu-
larized CCA that uses ridge regression optimization to prevent
the problem of over-fitting. Chen et al. [7] have proposed
graph-regularized MCCA (GMCCA) and graph-regularized
kernel MCCA (GMKCCA) approaches that minimize the
distance between the canonical variables and the common
low-dimensional representation, based on the graph-induced
knowledge of the common sources. Multi-view uncorrelated
locality preserving projection (MULPP) [23] considers pair-
wise correlation and distance between the input views to obtain
a low-dimensional projection of the given data. In [8], large-
scale generalized CCA (LasCCA) has been proposed to handle
large sparse views. A distributed algorithm for generalized
CCA (DisCCA) has also been developed in [8] to reduce the
run time of the algorithm. Since the CCA-based methods are,
in general, unsupervised in nature, the projected subspaces
lack discriminative information.

Typical discriminant analysis-based methods include multi-
view discriminant analysis (MvDA) [9], which seeks a
discriminant common space by jointly learning multiple
view-specific linear transforms. Multi-view discriminant anal-
ysis with view-consistency (MvDA-VC) [11] maximizes
the between-class variations and minimizes the within-class
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variations by enforcing the view-consistency constraint.
You et al. [10] have proposed multi-view common compo-
nent discriminant analysis (MvCCDA) to learn a discriminant
common subspace by incorporating supervised information
and local geometric information into the common component
extraction process. Although the methods have the benefits of
view discrepancy and discriminability, the common subspace
is learned using linear transformations in most of the cases.

In recent years, there has been a surging interest in combin-
ing information from multiple modalities using deep learning
based models. In deep multiset CCA (dMCCA) [12], feed-
forward networks have been used to map the given input
modalities to a shared subspace. Couture et al. [13] have
developed task optimal CCA (TOCCA) that focuses on both
CCA and task-driven objectives using a deep architecture,
whereas Srivastava et al. [14] have proposed a multimodal
deep Boltzmann machine (MDBM) to learn a joint density
model over the space of multimodal inputs. Fan et al. [15] have
proposed a deep adversarial CCA (DACCA) model, which
integrates adversarial learning techniques with the concept of
CCA. The deep CCA with view generation (DCCA-VG) [16]
focuses on learning multi-view representation for hyperspec-
tral image classification by fusing spatial and spectral informa-
tion. Dorfer and Widmer [17] have proposed deep and discrim-
inative CCA (TDDCCA) that incorporates a discriminative
regularizer into the objective of existing deep CCA to jointly
avail the advantages of correlation and discriminability. Tensor
CCA (TCCA) [18] discovers the higher order correlation by
maximizing canonical correlation among all the views and
seeks the optimal filter banks by analyzing a covariance tensor.
Rastegar et al. [19] have proposed a multimodal deep learning
framework, termed MDL-CW, which learns the cross-weights
between representations of different modalities through a deep
network. In multimodal graph neural network (MMGNN) [20],
an image is represented as a graph, and then three aggregators
are introduced to refine the nodes of the network. In [21],
multi-view generative adversarial network (MVGAN) have
been developed to automatically expand the labeled multi-view
samples, and the expanded dataset is then used to train the
multistream convolutional neural network.

Both TOCCA [13] and MDBM [14] approaches serve as
feature extractors and need to employ an additional classifier
for classification purposes. Though dMCCA [12], TOCCA,
and TDDCCA [17] concentrate on learning the correlated sub-
space from the input multi-view data, they eventually disregard
the underlying data distribution. Since the DACCA [15] model
is susceptible to slight variation in the input characteristics,
the performance of the model is highly dependent on the input
signal-to-noise ratio. Moreover, MDBM [14], DCCA-VG [16],
TCCA [18], and MDL-CW [19] models are unsupervised in
nature, and hence, the corresponding joint representations fail
to capture the discriminative information of the given obser-
vations. While MMGNN [20] and MVGAN [21] frameworks
concentrate on view-specific information, they do not take into
consideration the shared knowledge of different views.

B. Motivation

In the existing literature, several deep models have been
considered to learn the joint representation of the given

data from the input modalities. The dMCCA model [12] is
developed based on the framework of a feedforward net-
work, whereas stacked autoencoder has been considered for
MDL-CW [19]. While graph neural network is used for
the development of MMGNN [20], the generative adversar-
ial network has been considered for the implementation of
MVGAN [21]. However, the backpropagation learning algo-
rithm of feed-forward networks considers only the training
classification error to iteratively adjust the parameters of the
model. Hence, the performance of the network largely depends
on the training set of the given data. One of the difficulties of
stacked autoencoders lies in the fact that if an error is present
in the first layer of the network, it propagates through the final
layer and causes the network to reconstruct the average of the
training data. Since the majority of graph-based deep networks
assume homogeneous graphs, it is difficult to directly apply the
corresponding algorithm to heterogeneous graphs that contain
different forms of node and edge inputs. The effectiveness
of adversarial learning has a strong correlation with the
distance between a test point and the manifold of training data
embedded in the network. Consequently, adversarial networks
are more likely to be vulnerable to blind-spot attacks.

On the other hand, DBM [24] is an effective paradigm
of undirected generative models that efficiently captures the
nonlinear dependencies between observed and latent variables
by analyzing the energy landscape of the given observations.
Unlike the feedforward counterparts, the learning objective
of DBMs is to adjust the weights of the network such that
the probability of observing the training data is maximized.
One of the advantages of DBMs is the stochastic approx-
imation procedure, which, apart from the usual bottom-up
passes, includes top-down feedback to incorporate uncertainty
associated with the given input data. Also, the problem of slow
and intractable learning of contrastive divergence is alleviated
by considering the variational learning approach, proposed by
Salakhutdinov and Hinton [24]. Hence, the joint representation
in the DBM based multi-view model is expected to encapsu-
late the underlying nonlinear data distribution of the given
observations. However, the architecture of DBM is essentially
unsupervised in nature. In multimodal learning, the joint
representation should contain the discriminative information
so that the similarity in the latent space implies the similarity
in the corresponding concepts. It is also required that the
learning objective of the multi-view model efficiently captures
the correlated structures across different modalities.

C. Contribution of Current Study

In this regard, a novel architecture, termed as discriminative
deep CCA (D2CCA), is proposed. In order to incorporate the
cross-modal information, the theory of CCA is introduced to
the learning objective of the proposed framework. The weights
of the network are updated such that the individual latent
spaces are transformed into maximally correlated subspaces.
Hence, the joint representation, learned from the obtained
subspaces, can efficiently capture the nonlinear correlated
structures across different modalities. The class nodes are
incorporated into the proposed deep architecture to include
the supervised information at each layer of the network. Proper
learning of the weights associated with the class nodes ensures

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

Authorized licensed use limited to: Indian Statistical Institute  Kolkata. Downloaded on June 03,2023 at 07:37:36 UTC from IEEE Xplore.  Restrictions apply. 



KUMAR AND MAJI: DISCRIMINATIVE DEEP CANONICAL CORRELATION ANALYSIS FOR MULTI-VIEW DATA 3

that the obtained representations will have better discriminative
abilities as compared to the unsupervised counterparts. Also,
considering the class nodes in the architecture allows the pro-
posed model to predict the class labels of given observations
without employing any additional classifier for classification
purpose. Furthermore, the proposed framework is consolidated
with corresponding convergence analysis. The proficiency of
the D2CCA architecture is extensively studied and compared
with several state-of-the-art methods on seven benchmark and
five real-life cancer datasets considering both training–testing
and tenfold cross-validation (CV).

II. DISCRIMINATIVE DEEP CCA

In this section, a novel architecture, termed as D2CCA,
is presented for multi-view data analysis. It judiciously inte-
grates the theory of CCA and the merits of a new model,
called multimodal discriminative DBM (MDDBM), to classify
the given observations into different sample categories. Prior to
explaining the proposed D2CCA model, the learning objective
of DBM and the new architecture of MDDBM are described
next.

A. Learning Objective of Deep Boltzmann Machine

Given the input view v and the class labels y, learning of
the DBM [24] corresponds to identifying the model param-
eter set θ that maximizes the probability of observing the
given observations. So, the objective function is given by the
log-likelihood function as follows:

ln L(θ |v, y) = ln P(v, y|θ)

= ln
∑

h

e−E(v,h,y)
− ln

∑
v,h,y

e−E(v,h,y) (1)

where h denotes the stack of hidden layers, P(v, y|θ) repre-
sents the probability assigned to the observation (v, y) by the
model parameter set θ , and E(v, h, y) signifies the energy of
the joint configuration {v, h, y}.

Since the parameter space of the model is quite large,
obtaining the parameters that maximize (1) is computationally
very intensive. The gradient ascent on the log-likelihood is
most commonly used to determine the optimal parameters,
which iteratively updates the parameters by an amount 1θ t

based on the gradient of the log-likelihood. So, the update
rule for the parameters is given by

∂ ln L(θ |v, y)

∂θ
= −

∑
h

P(h|v, y)
∂ E(v, h, y)

∂θ

+

∑
v,h,y

P(v, h, y)
∂ E(v, h, y)

∂θ
. (2)

So, the gradient of the log-likelihood function reduces to the
difference between the expectation of the gradient of energy
function under model distribution, which is termed data-
independent expectation, and under the conditional distribution
of hidden representation given the input views and class label
information, referred to as data-dependent expectation. Since
exact maximum likelihood learning is intractable, variational
learning is employed to estimate the data-dependent expec-
tation, whereas data-independent expectation is approximated
by the stochastic approximation procedure.

In variational inference [25], the posterior distribution
P(h|v, y) is approximated with a tractable mean field distri-
bution Q(h|v, y) ≈ P(h|v, y). Now

ln P(v, y) = ln
∑

h

P(v, h, y) = ln
∑

h

Q(h|v, y)
P(v, h, y)

Q(h|v, y)
.

Since logarithmic is a concave function, applying Jensen’s
inequality [26], we get

ln P(v, y) ≥

∑
h

Q(h|v, y) ln
P(v, h, y)

Q(h|v, y)
= Lv. (3)

Thus, the mean field approximation provides a lower bound
Lv on the log-likelihood function. The difference between the
true posterior and the variational lower bound, obtained using
mean field theory, is given by

ln P(v, y) −

∑
h

Q(h|v, y)

{
ln P(v, y) + ln

P(h|v, y)

Q(h|v, y)

}
= KL(Q(h|v, y)||P(h|v, y)) (4)

where KL(Q(h|v, y)||P(h|v, y)) is the Kullback–Leibler
divergence between the two distributions P and Q. So,
better approximation of P(h|v, y) implies tighter bound on
ln P(v, y).

B. Multimodal Discriminative Deep Boltzmann Machine

This section introduces a new architecture, termed as
MDDBM, for multimodal data classification. It incorporates
the supervised information of class labels or sample cate-
gories into the architecture of DBMs to improve the dis-
criminative ability of the architecture. In [14], the multimodal
DBM (MDBM) is reported, which is an unsupervised model
employed for feature extraction. So, the extracted features
do not contain any class label information. However, it is
expected that if the hidden layers of a network are guided by
the supervised information of class labels, the obtained joint
representation will have better discriminative ability. Also,
incorporating class nodes in the architecture enables the model
to predict the class label of given samples, without employing
any additional classifier for classification.

Let us assume that the proposed model has M input views
or modalities, where vm

= {vm
1 , . . . , vm

i , . . .} represents the
input view corresponding to the mth modality and y =

{y1, . . . , yp, . . .} provides the class label information. Let us
also assume that the model contains L > 1 hidden layers,
out of which L0 > 0 layers are modality-specific, while
the rest of the (L − L0) layers are joint. The l-th layer
of the m-th modality-specific hidden layer is represented by
hlm

= {hlm
1 , . . . , hlm

j , . . .}, whereas the joint hidden repre-
sentation, corresponding to the l-th layer, is referred to as
hl

= {hl
1, . . . , hl

j , . . .}. Here, the number of nodes in a
representation is expressed by the corresponding capital letter.
For example, the number of nodes in vm is denoted by V m .
The energy Es of the proposed model is defined in (5), while
the corresponding architecture is depicted in Fig. 1.

Here, the bidirectional weight parameters w1m
i j , w

(l+1)m
jk ,

w
(L0+1)m
jk , and w

(l+1)
jk connect the i-th visible node of the m-th

modality to the j-th hidden node of first modality-specific
hidden layer from the m-th modality, j-th hidden node of
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l-th modality-specific hidden layer to k-th hidden node of
(l + 1)-th modality-specific hidden layer from m-th modality,
j-th hidden node of modality-specific hidden layer L0 from
modality m to k-th hidden node of first joint hidden layer,
and j-th hidden node of l-th joint hidden layer to k-th hidden
node of (l + 1)-th joint hidden layer, respectively. Similarly,
the parameters ulm

pj and ul
pj connect p-th class node to j-th

hidden node of l-th modality-specific hidden layer from m-th
modality, and p-th class node to j-th hidden node of l-th joint
hidden layer, respectively. The bias parameters am

i , blm
j , bl

j ,
and dp are associated with i-th visible node of m-th modality,
j-th hidden node of l-th modality-specific hidden layer from
m-th modality, j-th hidden node of l-th joint hidden layer, and
p-th class node, respectively.

Considering the energy function Es of (5), the parameter
space of the model is defined by

θ s =
{
w1m, . . . , w(L0+1)m, w(L0+2), . . . , wL , u1m, . . .

uL0m, u(L0+1), . . . , uL , am, b1m, . . . , bL0m, b(L0+1)

. . . , bL , d
}

∀m ∈ {1, 2, . . . , M}.

Thus, through proper learning of the set of parame-
ters {u1m, . . . , uL0m, u(L0+1), . . . , uL , d}∀m, the discriminatory
information can be efficiently incorporated in the hidden
representations of the model at each layer, which in turn,
improves the proficiency of the model as feature extractor and
allows the model to serve as classifier as well.

C. Integration of Multimodal Discriminative DBM and CCA

In MDDBM, the joint representation (say h3) is learned
from the individual modality-specific representations (say h21

and h22) and class label information (y). However, it may
so happen that the individual views correspond to two very
different sources. For example, one view may correspond to an
image, whereas the other view refers to text modality. In such
a scenario, the individual hidden representations correspond to
completely different spaces. So, learning the joint representa-
tion from the two spaces may not be able to capture the cross-
modal information. However, if the model is learned in such
a way that h21 and h22 are highly correlated, then the inherent
characteristics of the views can be efficiently modeled by the
joint representation. So, given the input views, the objective
of the proposed framework is to update the parameters of the
model in such a way that the joint representation is learned
from maximally correlated subspaces.

The CCA [22] is an effective statistical method for inte-
grating information acquired from different views. It measures

Fig. 1. Illustration of proposed multimodal discriminative deep framework.

the linear relationship between two multidimensional variables
and finds the best linear transformation to achieve the maxi-
mum correlation between them. The objective of CCA is to
extract latent features from two data sets X1 ∈ ℜ

p×n and
X2 ∈ ℜ

q×n , which are highly correlated. Each column of
X1 and X2 corresponds to one of the n samples, and each
row represents one variable. The CCA obtains two directional
weight vectors, also termed as basis vectors, ω1 ∈ ℜ

p and
ω2 ∈ ℜ

q , corresponding to two mean-centered data matrices
X1 and X2, respectively, such that the correlation between
the respective projections onto these weight vectors, that is,
between X1

T ω1 and X2
T ω2 is maximum. So,

(ω1, ω2) = arg max
∥X1

T ω1∥2=∥X2
T ω2∥2=1

{(
X1

T ω1
)T (

X2
T ω2

)}
. (6)

The objective of CCA is incorporated into the energy
function Es of the proposed MDDBM model, which
turns out to be

E(v, h, y) = Es(v, h, y) + Ec(h); (7)

where Ec(h) = −

M−1∑
m=1

M∑
r=(m+1)

H L0m∑
j=1

hL0m
j hL0r

j

−

M∑
m=1

λm

1 −

H L0m∑
j=1

(
hL0m

j

)2

. (8)

Here, λm is the Lagrange multiplier. It is assumed that H L0m is
same for all m ∈ {1, 2, . . . , M}. The criterion presented in (8)
is termed the sum of correlations, which is used to integrate
more than two sets of multidimensional variables.

The proposed multimodal discriminative deep model is
illustrated in Fig. 1. The MDDBM architecture, described in

Es(v, h, y) = −

M∑
m=1

V m∑
i=1

H 1m∑
j=1

vm
i w1m

i j h1m
j −

L0∑
l=1

M∑
m=1

Y∑
p=1

H lm∑
j=1

ypulm
pj h

lm
j −

L0−1∑
l=1

M∑
m=1

H lm∑
j=1

H (l+1)m∑
k=1

hlm
j w

(l+1)m
jk h(l+1)m

k

−

M∑
m=1

H L0m∑
j=1

H(L0+1)∑
k=1

hL0m
j w

(L0+1)m
jk h(L0+1)

k −

L∑
l=(L0+1)

Y∑
p=1

H l∑
j=1

ypul
pj h

l
j −

L−1∑
l=(L0+1)

H l∑
j=1

H (l+1)∑
k=1

hl
jw

(l+1)
jk h(l+1)

k

−

M∑
m=1

V m∑
i=1

am
i vm

i −

L0∑
l=1

M∑
m=1

H lm∑
j=1

blm
j hlm

j −

L∑
l=(L0+1)

H l∑
j=1

bl
j h

l
j −

Y∑
p=1

dp yp. (5)
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Section II-B, resembles Fig. 1 except for the correlation con-
sidered between different pairs of modalities. The parameter
space of the model is defined by

θ = θ s ∪ θ c; where θ c = {λm} ∀m ∈ {1, 2, . . . , M}. (9)

Thus, the concept of CCA is incorporated into the learning
objective of the proposed D2CCA architecture by including
only M number of λm parameters in the parameter space of
the model. The energy function of the model decreases with
the increase in the correlation among different views as the
joint representation of the model is learned from maximally
correlated subspaces. Now, from (2), it can be observed that
in order to learn the parameters of the D2CCA model, the cor-
responding data-dependent and data-independent expectations
are required to be estimated, which are described subsequently.

1) Estimation of Data-Dependent Expectations: Let us con-
sider the following factorized distribution as the approximate
posterior distribution of (3):

Q(h|v, y) =

L0∏
l=1

M∏
m=1

H lm∏
j=1

q
(
hlm

j |v, y
) L∏

l=(L0+1)

H l∏
j=1

q
(
hl

j |v, y
)
;

(10)

where the hidden units {h j } are considered to be Bernoulli
variables with q(h j |v, y) = µ

{h j =1}

j (1 − µ j )
{h j =0} and µ j

denotes the probability of being the state of h j as 1. Thus,
using mean field approximation, the stochastic binary values
are replaced with real-valued probabilities.

The variational lower bound Lv on the log-likelihood func-
tion ln P(v, h, y) can be obtained by substituting (10) into
right-hand side of (3), which is as follows:

Lv =

∑
h

Q(h|v, y){ln P(v, h, y) − ln Q(h|v, y)}. (11)

Considering the energy function (7) of the D2CCA model,
the first term of the lower bound can be expressed as (12),
while the second term can be expressed as (13). Detailed
derivations of (12) and (13) are presented in Sections S1.1 and

S1.2 of the supplementary material, respectively. Assembling
(12) and (13), the variational bound Lv can be obtained
using (11).

Based on the variational lower bound, the mean-field param-
eters of the proposed model can be computed for each hidden
layer of the architecture. In order to obtain the mean field
parameters (µ) for a particular layer, the variational bound,
presented in (11), is maximized with respect to µ for a fixed
parameter set θ . Let us assume H 0m

= V m , µ0m
= vm ,

H 0
= H L0m , µ0

kw
1
k j =

M∑
m=1

µ
L0m
k w

(L0+1)m
kj , and µl

= 0, ∀l > L .

So,
∂Lv

∂µlm
j

= 0 leads to

µlm
j = σ

H (l−1)m∑
k=1

µ
(l−1)m
k wlm

k j +

H (l+1)m∑
k=1

w
(l+1)m
jk µ

(l+1)m
k

+

Y∑
p=1

ypulm
pj + blm

j

, for 1 ≤ l < L0 and ∀m

(14)
where σ(x) = 1/1+e−x is the sigmoid function. Similarly;

µ
L0m
j = σ

H(L0−1)m∑
k=1

µ
(L0−1)m
k w

L0m
kj +

Y∑
p=1

ypuL0m
pj + bL0m

j

+

H(L0+1)∑
k=1

w
(L0+1)m
jk µ

(L0+1)
k +

M∑
r ̸=m=1

µ
L0r
j −λm

, ∀m. (15)

The detailed derivations of (14) and (15) are presented in
Section S1.3 of the supplementary material. Following similar
steps, the update rule for L0 < l ≤ L can be obtained

µl
j =σ

H (l−1)∑
k=1

µ
(l−1)
k wl

k j +

H (l+1)∑
k=1

w
(l+1)
jk µ

(l+1)
k +

Y∑
p=1

ypul
pj + bl

j

.

(16)

Thus, given training data along with the corresponding
class label {vm, y}, the equilibrium state of the model is

∑
h

Q(h|v, y) ln P(v, h, y)

=

M∑
m=1

V m∑
i=1

H 1m∑
j=1

vm
i w1m

i j µ1m
j +

L0∑
l=1

M∑
m=1

Y∑
p=1

H lm∑
j=1

ypulm
pj µ

lm
j +

L0−1∑
l=1

M∑
m=1

H lm∑
j=1

H (l+1)m∑
k=1

µlm
j w

(l+1)m
jk µ

(l+1)m
k

+

M∑
m=1

H L0m∑
j=1

H(L0+1)∑
k=1

µ
L0m
j w

(L0+1)m
jk µ

(L0+1)
k +

L∑
l=(L0+1)

Y∑
p=1

H l∑
j=1

ypul
pjµ

l
j +

L−1∑
l=(L0+1)

H l∑
j=1

H (l+1)∑
k=1

µl
jw

(l+1)
jk µ

(l+1)
k +

M∑
m=1

V m∑
i=1

am
i vm

i

+

L0∑
l=1

M∑
m=1

H lm∑
j=1

blm
j µlm

j +

L∑
l=(L0+1)

H l∑
j=1

bl
jµ

l
j +

Y∑
p=1

dp yp +

M−1∑
m=1

M∑
r=(m+1)

H L0m∑
j=1

µ
L0m
j µ

L0r
j +

M∑
m=1

λm

1 −

H L0m∑
j=1

µ
L0m
j

 − ln Z

(12)∑
h

Q(h|v, y) ln Q(h|v, y)

=

L0∑
l=1

M∑
m=1

H lm∑
j=1

{
µlm

j ln µlm
j +

(
1 − µlm

j

)
ln

(
1 − µlm

j

)}
+

L∑
l=(L0+1)

H l∑
j=1

{
µl

j ln µl
j +

(
1 − µl

j

)
ln

(
1 − µl

j

)}
(13)
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estimated using the concept of mean field theory. Now, based
on the mean field parameters, obtained using (14)–(16), the
parameter set θ of the proposed architecture can be learned
by maximizing the variational bound, which is given by

∂Lv

∂w1m
i j

= vm
i µ1m

j ;
∂Lv

∂wlm
jk

= µ
(l−1)m
j µlm

k , for 1 < l ≤ L0;

∂Lv

∂w
(L0+1)m
jk

= µ
L0m
j µ

(L0+1)
k ;

∂Lv

∂ulm
pj

= ypµ
lm
j , for 1 ≤ l ≤ L0;

∂Lv

∂wl
jk

= µ
(l−1)
j µl

k, for (L0 + 1) < l ≤ L;
∂Lv

∂am
i

= vm
i ;

∂Lv

∂ul
pj

=ypµ
l
j , for L0 < l ≤ L;

∂Lv

∂blm
j

=µlm
j , for 1≤ l ≤ L0;

∂Lv

∂bl
j

= µl
j , for L0 < l ≤ L;

∂Lv

∂dp
= yp; and

∂Lv

∂λm
=

(
1 −

H L0m∑
j=1

µ
L0m
j

)
, ∀m ∈ {1, 2, . . . , M}. (17)

So, the data-dependent expectations are estimated by the gra-
dient ascent on the lower bound of the proposed architecture.

2) Estimation of Data-Independent Expectations: Now, the
second term of the log-likelihood function of (2), that is,
energy gradient with respect to the model distribution, is esti-
mated using the Markov Chain Monte Carlo-based stochastic
approximation procedure [27]. The idea behind this approach
is to sample a new state of the model from the current state
based on the conditional distributions over visible and hidden
nodes for a fixed parameter set θ . Considering hl

= 0, ∀l > L ,

h0
kw

1
k j =

M∑
m=1

hL0m
k w

(L0+1)m
kj , and H 0

= H L0m , the conditional

distributions for the D2CCA model ∀m, is given by

P
(
h1m

|vm, y, h2m)
=

P
(
h1m, vm, y, h2m)∑

h1m

P
(
h1m, vm, y, h2m)

=

H 1m∏
j=1

e
h1m

j

(
V m∑
i=1

vm
i w1m

i j +

Y∑
p=1

ypu1m
pj +

H2m∑
k=1

w2m
jk h2m

k +b1m
j

)

H 1m∏
j=1

∑
h1m

e
h1m

j

(
V m∑
i=1

vm
i w1m

i j +

Y∑
p=1

ypu1m
pj +

H2m∑
k=1

w2m
jk h2m

k +b1m
j

) .

(18)

The detailed derivation of (18) is presented in Section S1.4 of
the supplementary material. So, for m ∈ {1, 2, . . . , M}

P
(
h1m

j |vm, y, h2m)
= σ

 V m∑
i=1

vm
i w1m

i j +

Y∑
p=1

ypu1m
pj +

H 2m∑
k=1

w2m
jk h2m

k + b1m
j

. (19)

P
(
hlm

j |h(l−1)m, h(l+1)m, y
)

= σ

( H (l−1)m∑
k=1

h(l−1)m
k wlm

k j + blm
j

+

Y∑
p=1

ypulm
pj +

H (l+1)m∑
k=1

w
(l+1)m
jk h(l+1)m

k

)
, for 1< l < L0 ∀m (20)

P
(

hL0m
j |h(L0−1)m, h(L0+1), hL0r , y

)
= σ

( H(L0−1)m∑
k=1

h(L0−1)m
k w

L0m
kj +

Y∑
p=1

ypuL0m
pj + bL0m

j

+

H(L0+1)∑
k=1

w
(L0+1)m
jk h(L0+1)

k +

M∑
r ̸=m=1

hL0r
j − λm

)
, ∀m.

(21)

The detailed derivations of (19)–(21) are presented in Sections
S1.5–S1.7 of the supplementary material. Following similar
steps, the subsequent conditional distributions can be obtained:

P
(
hl

j |h
(l−1), h(l+1), y

)
= σ

(H (l−1)∑
k=1

h(l−1)
k wl

k j +

Y∑
p=1

ypul
pj

+

H (l+1)∑
k=1

w
(l+1)
jk h(l+1)

k +bl
j

)
for L0 < l ≤ L; (22)

P
(
vm

i |h1m)
= σ

H 1m∑
j=1

w1m
i j h1m

j + am
i

, ∀m; (23)

P
(
yp|h11, . . . , hL0 M , hL0+1, . . . , hL)

=
eX p∑Y

p̄=1 eX p̄
; (24)

X p =

L0∑
l=1

M∑
m=1

H lm∑
j=1

ulm
pj h

lm
j +

L∑
l=(L0+1)

H l∑
j=1

ul
pj h

l
j + dp. (25)

Given that the convergence criteria are satisfied, which are
to be discussed in Section III-A, if a Markov chain is run for
a sufficient number of steps, then it can be ensured that the
chain will converge to a unique stationary distribution such
that the subsequent states of the chain will be accordingly
distributed. The gradient of the energy function under model
distribution is estimated by drawing samples from the obtained
stationary distribution. So, many persistent chains are run
in parallel, and states of the chains are sampled based on
the conditional distributions, described in (19)–(24). Thus,
the data-independent expectations with respect to the model
parameters are approximated as follows, where the state vari-
ables, sampled from the model distribution, are denoted with
a superscript tilde (e.g., ṽ);

∂ E
∂w1m

i j

= ṽm
i h̃1m

j ;
∂ E

∂wlm
jk

= h̃(l−1)m
j h̃lm

k , for 1 < l ≤ L0;

∂ E

∂w
(L0+1)m
jk

= h̃L0m
j h̃(L0+1)

k ;
∂ E
∂ulm

pj
= ỹ p h̃lm

j , for 1 ≤ l ≤ L0;

∂ E
∂wl

jk
= h̃(l−1)

j h̃l
k, for (L0 + 1) < l ≤ L;

∂ E
∂am

i
= ṽm

i ;

∂ E
∂ul

pj
= ỹ p h̃l

j , for L0 < l ≤ L;
∂ E
∂blm

j
= h̃lm

j , for 1≤ l ≤ L0;

∂ E
∂bl

j
= h̃l

j , for L0 < l ≤ L;
∂ E
∂dp

= ỹ p; and

∂ E
∂λm

=

(
1 −

H L0m∑
j=1

(
h̃L0m

j

)2
)

, ∀m ∈ {1, 2, . . . , M}.

(26)
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Hence, the proposed model can be efficiently learned from
data-dependent and data-independent estimates, obtained in
(17) and (26), respectively.

Let N , S, t , and η be the number of training samples, num-
ber of persistent Markov chains, current epoch, and learning
rate, respectively. Thus, the update rule for different parame-
ters of the proposed D2CCA architecture, required to perform
gradient ascent on the log-likelihood function corresponding
to the energy function of (7), is as follows:

θ (t+1)
= θ t

+ 1θ t
; (27)

where 1θ t
= η

{
1
N

N∑
n=1

(
∂Lv

∂θ

)
n
−

1
S

S∑
s=1

(
∂ E
∂θ

)
s

}
− ρθ t

+ ζ1θ (t−1). (28)

So, from (27) and (28), it can be observed that the update
rules of the proposed D2CCA model follow the Hebbian
rule, which is originally employed for the learning of the
standard Boltzmann machine [28]. The energy function of the
model is defined in such a way that it not only considers
relation within a particular modality but also across different
modalities. So, if a state of the model is stuck in a local
minima of energy landscape, the learning will help the state
to raise the energy of the state, so that the model can come
out of the local minima [29]. The learning algorithm of the
proposed D2CCA model is illustrated in Section S2 of the
supplementary material.

III. VARIOUS ASPECTS OF PROPOSED D2CCA MODEL

In this section, various aspects of the proposed framework
are analyzed, which include convergence analysis and class
evolution of the D2CCA model for dynamic streaming data.

A. Convergence Analysis
In the proposed model, variational learning is employed to

estimate the data-dependent expectations, which provides a
lower bound Lv : ℜ

|θ |
7→ ℜ on the log-likelihood function (3)

of the model. Given a particular state, the parameter set θ of
the model is updated by applying gradient ascent on Lv . In this
section, the convergence of the gradient ascent algorithm on
Lv is discussed.

The gradient function of Lv , corresponding to the energy
function of (7), is given by

∇Lv(θ) =

[
∂Lv(θ)

∂w1m
i j

· · ·
∂Lv(θ)

∂w
(L0+1)m
jk

∂Lv(θ)

∂w
L0+2
jk

· · ·
∂Lv(θ)

∂wL
jk

∂Lv(θ)

∂u1m
pj

· · ·
∂Lv(θ)

∂uL0m
pj

∂Lv(θ)

∂uL0+1
pj

· · ·
∂Lv(θ)

∂uL
pj

∂Lv(θ)

∂am
i

∂Lv(θ)

∂b1m
j

· · ·
∂Lv(θ)

∂bL0m
j

∂Lv(θ)

∂bL0+1
j

· · ·

∂Lv(θ)

∂bL
j

∂Lv(θ)

∂dp

∂Lv(θ)

∂λm

]T

, ∀i, j, k, p, m. (29)

The gradient of Lv(θ) with respect to each of the parame-
ters can be obtained from (17), which makes it clear that
the gradient function ∇Lv(θ) is independent of θ , that is,
∇Lv(θ1) = ∇Lv(θ2), ∀θ1, θ2 ∈ θ . So, it can be said that Lv is
a differential function having β-Lipschitz continuous gradient

for some β ≥ 0, that is, ∥∇Lv(θ1)−∇Lv(θ2)∥2 ≤ β∥θ1−θ2∥2.
For a function having β-Lipschitz gradient, it is known that
∀θ1, θ2 ∈ θ ,

Lv(θ1)≤Lv(θ2) + ∇Lv(θ2)
T (θ1 − θ2) +

1
2
β∥θ1 − θ2∥

2
2. (30)

Let, θ1 = θ t and θ2 = θ t+1, where t denotes the epoch or
iteration number. Now, rearranging the terms in (30), we get

Lv

(
θ t+1)

≥Lv

(
θ t)

+∇Lv

(
θ t+1)T (

θ t+1
−θ t)

−
1
2
β∥θ t+1

−θ t
∥

2
2.

Now, using the fact that for the gradient ascent algorithm
θ t+1

= θ t
+ η∇Lv(θ

t ), where η denotes the learning rate,
and ∇Lv(θ

t+1) = ∇Lv(θ
t ), we have

Lv

(
θ t+1)

≥ Lv

(
θ t)

+ η

(
1 −

1
2
βη

)
∥∇Lv

(
θ t)

∥
2
2.

Assuming η to be small enough such that η ≤ 1/β, we get

(1 − 1/2βη) ≥
1
2

. Thus, we have

Lv

(
θ t+1)

≥ Lv

(
θ t)

+
1
2
η∥∇Lv

(
θ t)

∥
2
2. (31)

Let θ∗ be the optimal parameter set such that Lv(θ
∗) ≥

Lv(θ), ∀θ ∈ θ . Since Lv(θ) is a linear function of θ , we have

Lv

(
θ t)

= Lv

(
θ∗

)
+ ∇Lv

(
θ t)T (

θ t
− θ∗

)
. (32)

Using (32) in (31), we get

Lv

(
θ∗

)
−Lv

(
θ t+1)

≤ −∇Lv

(
θ t)T (

θ t
− θ∗

)
−

1
2
η∥∇Lv

(
θ t)

∥
2
2

⇒ Lv

(
θ∗

)
− Lv

(
θ t+1)

≤
1

2η

{
∥θ t

− θ∗
∥

2
2 − ∥θ t+1

− θ∗
∥

2
2

}
.

Taking summation over iteration till t = τ , we get

τLv

(
θ∗

)
−

τ−1∑
t=0

Lv

(
θ t+1)

≤
1

2η

{
∥θ0

− θ∗
∥

2
2−∥θ τ

− θ∗
∥

2
2

}
.

Since Lv(θ) is an increasing function of θ , we can replace∑τ−1
t=0 Lv(θ

t+1) with τLv(θ
τ ) and the inequality will still hold.

Thus,

Lv

(
θ∗

)
− Lv(θ

τ ) ≤
1

2ητ

{
∥θ0

− θ∗
∥

2
2 − ∥θ τ

− θ∗
∥

2
2

}
≤

1
2ητ

∥θ0
− θ∗

∥
2
2. (33)

From (33), it can be concluded that the algorithm converges
with a rate O((1/τ)) after τ iterations if the learning rate is
considered to be small enough, that is, η ≤ 1/β.

Now, the stochastic approximation procedure is considered
in the proposed model to approximate data-independent expec-
tations. Convergence of the procedure to an asymptotically
stable point is already established in [30]. One necessary
condition requires the learning rate (η) to decrease with
iteration t so that the algorithm eventually settles down to
a fixed state. So, it is required that

∑
∞

t=0 ηt = ∞ and∑
∞

t=0 η2
t < ∞. This condition can be trivially satisfied by

setting ηt = a/(b + t), for constants a > 0 and b > 0.
Also, in practice, the sequence |θ t

| is bounded and the Markov
chain is ergodic which, along with the condition on learning
rate, establishes the convergence of the stochastic approxi-
mation procedure. Together with the condition on the varia-
tional learning (33), this ensures convergence of the proposed
algorithm.
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B. D2CCA for Class Evolution of Dynamic Streaming Data

The proposed deep architecture can deal with the problem
of supervised learning, where the class labels of the given
samples as well as the total number of classes are known
a priori. However, there might be cases where the number of
classes is not known beforehand, although the input samples
are provided with the corresponding class labels. In dynamic
data streams, the ‘class evolution’occurs when a sample with a
new class label comes into the data stream. In such a scenario,
the modifications of the proposed D2CCA model that are
needed to be adopted for accurate prediction of the class labels
of the given samples are discussed next.

In D2CCA architecture, the number of class nodes is consid-
ered to be equal to the number of distinct class labels. Since the
number of class labels is not known beforehand, let us assume
a maximum possible class node, which is denoted by Y in the
proposed D2CCA model. Now, out of the Y nodes, only one
node will be activated for a particular input sample. Let, Y0 be
the total number of input classes. Then, it is evident from the
learning of the proposed model that during the estimation of
data-dependent expectations, described in Section II-C1, only
Y0 nodes will be activated, while the rest of the (Y − Y0)

nodes will always remain at zero. Hence, the terms related to
class nodes will contribute to the computation of variational
lower bound in (11), mean field equations from (14) to (16),
and gradient of lower bound in (17) only for p ∈ {1, . . . , Y0}

and will have a zero value for p ∈ {Y0 + 1, . . . , Y }. So, the
terms related to class nodes contribute to the estimation of
data-dependent expectations only for valid class nodes, while
they remain quiescent for the rest of the nodes.

However, this is not the case for the estimation of
data-independent expectations, presented in Section II-
C2. For the computation of conditional distribution
P(yp|h11, . . . , hL0 M , hL0+1, . . . , hL) in (24), the value
of X p depends on the weights and biases associated with
the node yp, which may result into a prediction of class
labels corresponding to the invalid class nodes. In order to
overcome such a situation, the update rule for the weight
and bias parameters related to the class nodes, that is, ulm

pj ,
ul

pj , and dp, which is earlier demonstrated in (28), can be
modified as follows:

1ulmt

pj =



−ulmt

pj , if
N∑

n=1

ypµ
lm
j = 0;

η

{
1
N

N∑
n=1

(
ypµ

lm
j

)
−

1
S

S∑
s=1

(
ỹ p h̃

lm
j

)}
− ρulmt

pj

+ζ1ulm(t−1)

pj , otherwise;
for 1 ≤ l ≤ L0. (34)

1ulmt

pj =



−ul t

pj , if
N∑

n=1

ypµ
l
j = 0;

η

{
1
N

N∑
n=1

(
ypµ

l
j

)
−

1
S

S∑
s=1

(
ỹ p h̃

l
j

)}
− ρul t

pj

+ζ1ul(t−1)

pj , otherwise;
for L0 < l ≤ L . (35)

1d t
p =



−d t
p, if

N∑
n=1

yp = 0;

η

{
1
N

N∑
n=1

yp −
1
S

S∑
s=1

ỹ p

}
− ρd t

p + ζ1d(t−1)
p

otherwise.
(36)

Thus, the update rules (34)–(36), considered with (27), ensure
that weight and bias parameters associated with the class
nodes, which remain quiescent during data-dependent esti-
mation, remain at zero value throughout the learning of the
D2CCA model. Hence, during the prediction of the class labels
of given test samples, it can be ensured that only the valid class
nodes will be activated.

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS

In this section, the classification performance of the pro-
posed architecture is studied extensively and the corresponding
results are reported. In order to demonstrate the efficacy of
the proposed model, several existing algorithms are consid-
ered, which include RGCCA [5], MCCA [6], GMCCA [7],
GMKCCA [7], LasCCA [8], DisCCA [8], MvDA [9],
MvDA-VC [11], MDBM [14], dMCCA [12], TOCCA [13],
DACCA [15], DCCA-VG [16], TDDCCA [17], TCCA [18],
MDL-CW [19], MMGNN [20], and MVGAN [21]. Both
training–testing and tenfold CV are performed to evaluate the
performance of the proposed model as well as existing algo-
rithms. In the case of training–testing, overall classification
accuracy is considered, while for tenfold CV, mean, median,
standard deviation, and p-values computed using paired-t
(one-tailed) and Wilcoxon signed-rank (one-tailed) tests, with
95% confidence level, are employed. The source code of the
proposed algorithm, written in C language, is available at
www.isical.ac.in/∼bibl/results/d2cca/d2cca.html.

A. Description of Data Sets

In this study, seven benchmark databases, namely, Dig-
its [31], Caltech [1], CiteSeer [32], Cora [32], NUS-WIDE-
OBJECT (NW-OBJECT) [33], Reuters [34], and ORL [35],
and five cancer datasets are considered to evaluate the perfor-
mance of different algorithms. Digits, Caltech, NW-OBJECT,
and ORL are image-based databases, CiteSeer and Cora con-
sist of scientific publications with annotated labels, whereas
Reuters is a multilingual categorization dataset.

Different subtypes are identified for five real-life cancer
datasets, which include cervical carcinoma (CESC), colorectal
carcinoma (CRC), kidney carcinoma (KIDNEY), lower grade
glioma (LGG), and lung carcinoma (LUNG). These datasets
are obtained from The Cancer Genome Atlas (TCGA) [36].
A brief description of the datasets, which includes the number
of samples, number of classes, number of views, and number
of features in each view, is presented in Table I. Each data
set is randomly partitioned into two sets for training–testing
and ten separate folds for tenfold CV. In both cases, the
samples are equally distributed with respect to different
classes. A detailed description of these databases is given at
www.isical.ac.in/∼bibl/results/d2cca/d2cca.html.
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TABLE I
DESCRIPTION OF DATASETS

Fig. 2. Variation of classification accuracy with respect to number of features
in final layer for omics datasets. (a) Training–testing. (b) Tenfold CV.

B. Model Architecture and Implementation Details

In case of the proposed D2CCA architecture, two
modality-specific hidden layers and one joint hidden layer
are considered for all the experiments. Each of the
modality-specific hidden layers consists of 50 hidden nodes,
whereas for the joint representation, an extensive experiment
is carried out on five cancer data sets. The number of nodes
or features at the final layer is varied from 5 to 500, and
the variation of classification accuracy is studied for both
training–testing and tenfold CV. The corresponding results are
reported in Fig. 2. From the obtained results, it can be observed
that the performance of the proposed model increases when the
number of features in the final layer is increased from 5 to 10.
If the number of features is further increased from 10, the
performance of the model remains almost constant or even
decreases in some cases. However, if the number of nodes
in the joint layer is fixed at 10, considerable classification
accuracy can be achieved irrespective of the experimental
setup and data sets considered. Thus, the number of nodes
in joint representation is considered to be 10 for the rest of
the study.

The greedy layerwise pretraining [37] is performed to
initialize the parameters of the architecture. The hidden nodes
of the model are represented by the probability values and the
parameters are updated based on the mini-batches of training
samples. The number of epochs, the values of momentum,
and weight decay are considered to be 100, 0.5, and 0.0005,
respectively. The value of the learning rate is initialized at
0.01 and then gradually decreased with an increase in a
number of epochs. For the estimation of data-independent
expectations, 100 Gibbs steps and 20 separate Markov chains
are considered.

C. Choice of Deep Model

In the existing literature, several deep models have been
considered to learn the joint representation of the data
from the given multiple modalities. The dMCCA model is

TABLE II
EFFECTIVENESS OF PROPOSED ARCHITECTURE OVER SEVERAL DEEP

MODELS ON BENCHMARK DATA

TABLE III
EFFECTIVENESS OF PROPOSED FRAMEWORK OVER DIFFERENT DEEP

MODELS ON OMICS DATASETS

developed based on the feed-forward network and stacked
autoencoder has been considered for MDL-CW, while graph
neural network is used for the development of MMGNN and
the generative adversarial network has been considered for the
implementation of MVGAN. However, the proposed D2CCA
architecture has been developed based on the framework of
the Boltzmann machine. In this section, the performance of
the proposed architecture is compared with that of different
existing deep frameworks, and the corresponding results
are reported in Tables II and III for benchmark and omics
databases, respectively.

From the results presented in Table II, it can be observed
that dMCCA and MDL-CW fail to categorize the given
observations from the benchmark databases correctly, but both
MMGNN and MVGAN have achieved satisfactory results on
the datasets. However, the highest classification accuracy is
attained by the proposed model on all seven databases. In the
case of omics data sets, corresponding to the results reported in
Table III, significant improvement in performance can be noted
for the proposed D2CCA model as compared with different
deep architectures for both training–testing and tenfold CV.
Statistical significance analysis demonstrates that the proposed
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TABLE IV
EFFECTIVENESS OF PROPOSED ARCHITECTURE ON BENCHMARK DATA

model achieves significantly better p-values for 34 cases and
better but not significant p-values for the rest of the six cases.

D. Effectiveness of Proposed D2CCA Architecture

In this section, the effectiveness of different aspects of the
proposed D2CCA architecture is demonstrated, which includes
the importance of incorporating discriminative information, the
significance of integrating CCA, and the effectiveness of the
proposed method as a feature extractor. The corresponding
results are reported in Fig. 3 and Tables IV and V. The
scatter plots of Fig. 3 are depicted by considering the most
relevant feature at the x-axis and the corresponding most
significant feature at the y-axis, obtained using the concept
of rough hypercuboid approach [38]. While the top row of
Fig. 3 corresponds to the MDBM model, the plots of the
middle and last rows are obtained from MDDBM and D2CCA
architectures, respectively.

1) Importance of Incorporating Discriminative Information:
The proposed MDDBM architecture is developed by inte-
grating the merits of DBM and the supervised information
of sample categories. While MDBM [39] is an unsupervised
model, the proposed MDDBM approach incorporates class
nodes into the architecture to improve the discriminative
ability of the model. In this section, the importance of incorpo-
rating supervised information into the MDDBM architecture is
established. The scatter plots of Fig. 3, obtained on benchmark
databases, reveal that the samples from different classes over-
lap for MDBM, while the separation between the samples of
various categories has improved in case of MDDBM. Similar
results can be observed in Table IV, where MDDBM performs
significantly better than MDBM for training–testing on all
the benchmark databases. Considering the graphs of Fig. 3,
corresponding to the omics datasets, it can be noticed that
the samples from different cancer subtypes are better discrim-
inated in the case of MDDBM as compared with MDBM.
Results reported in Table V also confirm that MDDBM out-
performs MDBM, irrespective of the experimental set-up and
cancer datasets considered. The corresponding statistical sig-
nificance tests are reported in Section S4 of the supplementary
material, which establishes the importance of MDDBM over
MDBM.

2) Significance of Integrating CCA: In the current study,
two new architectures are proposed, namely, D2CCA and
MDDBM, for multimodal data classification. The D2CCA
architecture is developed by integrating the theory of CCA
with MDDBM architecture so that the joint representation at
the final layer is learned from the corresponding maximally
correlated subspaces. In order to study the significance of
incorporating CCA into the MDDBM architecture, the per-
formance of D2CCA is compared with that of MDDBM on

TABLE V
EFFECTIVENESS OF PROPOSED ARCHITECTURE ON OMICS DATASETS

both benchmark and omics datasets. Considering the scatter
plots of Fig. 3, corresponding to the benchmark databases,
it can be observed that the separation between the samples
of different classes is improved in the case of D2CCA as
compared with MDDBM. This result is also reflected in
Table IV, where the classification accuracy has improved for
D2CCA in comparison with MDDBM on the benchmark data
for training–testing.

The scatter plots of Fig. 3, corresponding to each of the
omics datasets, reveal that all the given classes are well
separated for D2CCA. In the case of MDDBM, although the
samples from different classes can be distinguished for KID-
NEY and LUNG data, they tend to overlap for CESC, CRC,
and LGG datasets. This observation can also be validated from
the results reported in Table V, where it can be observed
that MDDBM performs better on KIDNEY and LUNG data,
in comparison with rest of the omics datasets. However,
the highest classification accuracy is achieved by D2CCA
architecture on all the datasets, for both training–testing and
tenfold CV. Statistical significance analysis demonstrates that
the D2CCA model attains significantly better p-values for all
the cases.

3) Effectiveness of D2CCA as Feature Extractor: Apart
from multimodal data classification, the proposed D2CCA
architecture can be considered as a feature extractor as well.
In order to establish the discriminative ability of the features,
extracted by the D2CCA architecture, the joint representa-
tion of the multi-view data is provided as input to various
classifiers, namely, support vector machine (SVM) and Bayes
classifier. From the results reported in Table IV, it can be

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

Authorized licensed use limited to: Indian Statistical Institute  Kolkata. Downloaded on June 03,2023 at 07:37:36 UTC from IEEE Xplore.  Restrictions apply. 



KUMAR AND MAJI: DISCRIMINATIVE DEEP CANONICAL CORRELATION ANALYSIS FOR MULTI-VIEW DATA 11

Fig. 3. Scatter plots of MDBM (top row), MDDBM (middle row), and D2CCA (bottom row) for benchmark and omics datasets.

TABLE VI
COMPARATIVE PERFORMANCE ANALYSIS OF EXISTING APPROACHES ON BENCHMARK DATASETS

TABLE VII
COMPARATIVE PERFORMANCE ANALYSIS OF EXISTING APPROACHES ON OMICS DATASETS

observed that given the features extracted by the proposed
architecture, reasonable accuracy is achieved using both SVM
and Bayes classifier. In fact, significantly better performance
can be noted from the Bayes classifier as compared with
the D2CCA architecture for the CiteSeer dataset. A similar
observation is noticed for the SVM on the ORL database. The
results presented in Table V state that the samples from the
CRC dataset can be efficiently recognized by the SVM, while
the Bayes classifier can suitably identify different subtypes of
LGG data for training–testing and CESC data for tenfold CV.
However, considerable classification accuracy is achieved on
all the omics datasets for both training–testing and tenfold CV
using the proposed architecture itself. Statistical significance
analysis reveals that out of a total of 20 cases, the proposed
D2CCA framework attains significantly better p-values in
16 cases.

E. Comparative Performance Analysis
Finally, the classification performance of the proposed

D2CCA architecture is compared with that of several existing
methods on the benchmark as well as omics datasets, and
the corresponding results are reported in Tables VI and VII.
It is to be noted here that the proposed method predicts the
class labels from the architecture itself based on the maximum
class probability. Hence, no additional classifier is required in
the proposed method. The existing algorithms include multiset
CCA-based methods, multi-view discriminative analysis-based
methods, and multi-view deep learning-based methods.

1) Performance of Multiset CCA Based Methods: In this
section, the performance of the proposed method is ana-
lyzed with reference to several multiset CCA-based methods,
namely, RGCCA [5], MCCA [6], GMCCA [7], GMKCCA [7],
LasCCA [8], and DisCCA [8]. All the existing algorithms
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extract 25 features from the given input views to represent the
joint subspace, which are then applied to the input of SVM for
classification purposes. From the results reported in Table VI,
it can be observed that although RGCCA and MCCA achieve
satisfactory results for the Digits dataset, and they have failed
to obtain similar results for other benchmark databases. How-
ever, the proposed method attains the highest classification
accuracy with respect to the existing CCA-based methods on
all seven benchmark databases. In the case of omics datasets,
represented in Table VII, the proposed method outperforms all
the six multiset CCA-based methods on five cancer datasets
for both training–testing and tenfold CV, except on the CRC
dataset for training–testing, where RGCCA and GMCCA
achieve highest classification accuracy. Statistical significance
tests reveal that out of a total of 60 cases, the proposed archi-
tecture achieves significantly better p-values for 57 cases and
better but not significant p-values in the remaining three cases.

2) Performance of Discriminative Analysis Based Methods:
Various state-of-the-art multi-view discriminative analysis-
based methods, namely, MvDA [9] and MvDA-VC [11],
are considered for performance evaluation. For each of the
methods, 25 features are extracted, and then given as input
to the SVM for classification purpose. From the results
reported in Table VI, it can be observed that both MvDA and
MvDA-VC achieve considerable accuracy on all the bench-
mark databases. However, the highest classification accuracy
is attained by the proposed method in all the cases, except for
the Digits database. For omics datasets, corresponding results
are reported in Table VII, which demonstrate that although
MvDA-VC performs better than the proposed method on
CRC dataset, the proposed architecture outperforms both the
methods for rest of the cases. Statistical significance analysis
demonstrates that out of a total of 20 cases, the proposed
model attains significantly better p-values for 11 cases and
better but not significant p-values for seven cases.

3) Performance of Deep Learning Based Methods: Finally,
the performance of the proposed architecture is compared with
that of several state-of-the-art multi-view deep learning based
methods, namely, dMCCA [12], TOCCA [13], DACCA [15],
DCCA-VG [16], TDDCCA [17], TCCA [18], MDL-CW [19],
MMGNN [20], and MVGAN [21], and the corresponding
results are reported in Tables VI and VII. For TOCCA,
DACCA, DCCA-VG, TDDCCA, TCCA, and MDL-CW, 50,
80, 20, 50, 64|V |B, and 600 features are extracted, respec-
tively, from the given views, which are then applied to the
input of the SVM for classification. Here, |V | and B denote the
number of input views and total number of batches, considered
for a particular dataset. In the case of dMCCA, MMGNN, and
MVGAN, 50 features are extracted at the final layer for each
of the approaches. Since these methods are essentially feed-
forward networks, they do not require any additional classifiers
for class label prediction. The architecture for each of the
models follows the same as suggested in the corresponding
papers. From the results reported in Table VI, it can be noticed
that except for the TCCA method on the Digits and Caltech
databases, the proposed method performs considerably better
than the existing multi-view deep learning based methods
on the benchmark databases. For the omics datasets, results

are presented in Table VII, which describes that the TCCA
and TDDCCA approaches perform better than the proposed
model on CRC data for training–testing and CESC data for
tenfold CV, respectively. However, significant improvement
in performance can be noted in the case of the D2CCA
architecture as compared with the existing deep models, irre-
spective of the experimental setup and data sets considered.
Statistical significance tests demonstrate that out of a total of
90 cases, the proposed model achieves significantly better p-
values for 72 cases, and better but not significant p-values for
16 cases.

V. CONCLUSION

The major contribution of this article is fivefold, namely:
1) developing the MDDBM framework by incorporating
supervised information into MDBM; 2) introducing D2CCA
architecture based on the theory of CCA and MDDBM; 3)
consolidating the theory of the proposed framework with
convergence analysis; 4) demonstrating the effectiveness of the
proposed architecture as feature extractor as well as classifier;
and 5) illustrating the proficiency of the proposed method
on different domains of applications, namely, object recogni-
tion, document classification, multilingual categorization, face
recognition, and cancer subtype identification.

The learning objective of the proposed architecture includes
the merits of deep Boltzmann machines. Incorporating super-
vised information into the objective function enhances the
discriminative ability of the joint representation of the model,
which in turn, entitles the architecture to serve as the fea-
ture extractor as well as the classifier. In order to capture
the nonlinear correlated structures across multiple modalities,
the theory of CCA is introduced to the learning objective
of the proposed method. Theoretical analysis ensures the
convergence of the proposed method to an asymptotically
stable point, provided given sufficient conditions are met. The
efficacy of the proposed architecture is established on several
multi-view datasets. Significant improvement in performance
is noticed in the case of the proposed model as compared
with the existing approaches for both training–testing and
tenfold CV.

The proposed framework is developed primarily based on
the consensus principle. However, it has been shown in [23],
that the complementary knowledge among different modalities
may also contain useful information, which may essentially
facilitate accurate classification of given observations into dif-
ferent categories. Hence, view discrepancy can be an important
aspect that needs to be taken into consideration to develop a
deep framework for multi-view data analysis. Another future
direction can possibly be the estimation of the data-specific
architecture of the proposed model instead of considering a
uniform architecture for all the given databases. Although
extensive experimentation is carried out on the datasets in
order to obtain the uniform architecture of the D2CCA frame-
work, a tradeoff has been made between the classification
accuracy achieved on different databases. So, it is necessary
to determine the optimal number of layers and the number of
hidden nodes at a particular layer for each dataset in such a
way that the challenges offered by different databases can be
efficiently characterized.
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