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Abstract. Multi-modal deep learning has achieved great success in
many applications. Previous works are mostly based on auto-encoder net-
works or paired networks, however, these methods generally consider the
consensus principle on the output layers and always need deep structures.
In this paper, we propose a novel Cascade Deep Multi-Modal network
structure (CDMM), which generates deep multi-modal networks with a
cascade structure by maximizing the correlations between each hidden
homogeneous layers. In CDMM, we simultaneously train two nonlinear
mappings layer by layer, and the consistency between different modal
output features is considered in each homogeneous layer, besides, the
representation learning ability can be forward enhanced by considering
the raw feature representation simultaneously for each layer. Finally,
experiments on 5 real-world datasets validate the effectiveness of our
method.
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1 Introduction

In most real-world data analysis problems as image processing, medical detec-
tion and social computing, complicated objects can always be described from
diverse domains and are naturally with multi-modal feature presentations. How-
ever, the representations of various modalities are quite different from each other
and it is a challenge to fuse the multiple modalities directly with large discrep-
ancy. Recently, substantial efforts have been dedicated to consider the modal
consensus problem, which generally maximizes the correlation between different
modalities in the projected subspace. Modern multi-modal subspace learning
methods mainly derived from the CCA method [7]. However, these methods are
most linear ones, though they can be extended to non-linear models with kernel
tricks as KCCA [1], it is difficult to design a suitable kernel and also inefficient
to deal with the large datasets.
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Recently, multi-modal methods based on deep networks have attracted more
attention, which more easily to process large amounts of data [9,12]. Different
from KCCA, these methods generally maximize the correlation between the out-
put features of multiple distinct modal networks for learning more discriminative
feature representations. Though deep networks are powerful, it is notable that
the structures of deep CCA are very complicated and always require deeper
structure for better representation learning, while leaving the consensus princi-
ple of the homogeneous hidden layers among different modal networks without
considering during the training phase. Thus, in recent, [19] proposed the gcFor-
est, which generates a deep forest ensemble method with a cascade structure, it
is notable that the number of cascade levels can be adaptively determined such
that the model complexity can be automatically set.

Inspired by this fact, we therefore propose the CDMM (Cascade Deep Multi-
Modal networks) approach to learn multiple maximal correlated deep networks
simultaneously, which trains the multiple deep networks with a cascade structure
by maximizing the correlation between each homogeneous layers of different
modal networks. Specifically, we train multiple deep nonlinear networks layer by
layer, and consider the consistency between each homogeneous layer of different
modal networks carefully, and then output the processing result to the next
level without retraining anymore. As a consequence, the number of layers can
be adaptively determined. On the other hand, we forward enhance the network
representational learning ability by concatenating the raw input with the output
of each hidden layer.

2 Related Work

The exploitation of multiple modal subspace learning has attracted many atten-
tions recently. Most proposed methods are mainly derived from the CCA meth-
ods, which are devoted to fully utilize the relationships between multiple modal-
ities, and leveraging the consistency among different modalities is one of the
significant principles. CCA style subspace learning approaches have been well
developed in decades [3,14,15]. However, these methods are most linear ones.
Thus, Kernel canonical correlation analysis (KCCA) [1] extended the CCA to
nonlinear projections. Nevertheless, these methods are limited by the fixed kernel
and are difficult to handle a large amount of data.

Therefore, considering deep networks can learn nonlinear feature representa-
tions without suffering from the drawbacks of nonparametric models, and have
achieved great success in many scenarios [10,16,20]. Recently [2] used the DCCA
to learn complex nonlinear transformation for two modalities; [17] proposed
the DCCAE, which combined the DCCA and deep auto-encoder in one uni-
fied framework for more discriminative feature representation. All these meth-
ods employ the deep neural network to maximize the correlation on the output
feature representation of multiple distinct modalities. Nevertheless, they only
expect the output feature representations of different distinct modal networks
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to be maximally correlated, which need deeper networks for learning better dis-
criminative features, while ignoring the correlations among the homogeneous
hidden layers.

To the best of our knowledge, previous linear or kernelized multi-modal meth-
ods, which improved the performance by considering the consistency among dif-
ferent modalities on the projected subspace, are difficult to handle a large amount
of data and are restricted to the reproducing kernel Hilbert space. Though deep
CCA based methods solved these problem, yet they only consider the consen-
sus principle of the output feature representation. In this paper, we propose the
CDMM (Cascade Deep Multi-Modal networks), which trains multiple separate
deep network with the cascade structure by considering the consistency between
homogeneous hidden layers of different modalities layer by layer, moreover, the
representation learning ability can be forward enhanced gradually by consid-
ering the raw input for each layer. Consequently, we can obtain a competitive
performance with a controlled number of hidden layers.

3 Proposed Method

Suppose we have N instances, denoted by D = {x1,x2, · · · ,xi, · · · ,xN}, where
each instance xi = [xi1 , xi2 , · · · , xid ] ∈ Rd. Meanwhile, in multi-modal learning,
instance space can be denoted as M parts without overlap, v = {v1, v2, · · · , vM},
where xvi ∈ R

di is raw features from the i-th modality, d = d1 + d2 +
· · · + dM . Without any loss of generalities, each instance xi can be denoted
as (xv1

i ,xv2
i , · · · ,xvM

i ).

3.1 Deep Canonical Correlation Analysis (DCCA)

Recently, several works are proposed to combine the deep neural network and
CCA for better feature representation learning, [2] proposed the deep canonical
correlation analysis (DCCA) approach. In DCCA, two deep neural networks fv1

and fv2 are used to extract nonlinear features for different modalities, and then
maximize the canonical correlation between the extracted features fv1(X

v1) and
fv2(X

v2), which can be represented as:

max
θv1 ,θv2 ,U,V

1

N
tr(U�fv1(X

v1)fv2(X
v2)�V )

s.t. U�(
1

N
fv1(X

v1)fv1(X
v1)� + rv1I)U = I,

V �(
1

N
fv2(X

v2)fv2(X
v2)� + rv2I)V = I,

(1)

where θv1 and θv2 are the weight parameters of networks fv1 and fv2 , U and V
are the CCA directions which project the output features to the same subspace.
(rv1 , rv2) > 0 are regularization parameters for same covariance estimation [4],
the U�fv1(X

v1) and fv2(X
v2)�V are the final projection mapping for testing.

Nevertheless, DCCA method and the extensions most concentrate on the corre-
lation between the output feature representation, while ignoring the correlation
between homogeneous hidden layers.
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3.2 Cascade Deep Multi-Modal Networks (CDMM)

In this section, we mainly introduce the concrete steps on learning the discrimi-
native deep multi-modal feature representations with a novel cascade structure,
which takes the consensus principle into consideration for each homogeneous
hidden layer. We simultaneous train paired deep networks layer by layer, and
maximize the consistency between the homogeneous output feature representa-
tion of the hidden layers, consequently, we can learn more discriminative feature
representations for different modalities, meanwhile, the layers of different modal
networks can be adaptively induced by the performance measure, rather than
designed in advance manually. On the other hand, the estimated output of hid-
den layer forms a feature representation vector, which is then concatenated with
the raw feature vector to be the input of the next cascade layer for more robust
feature representation.
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Fig. 1. The overall flowchart. CDMM consists two
homogeneous deep networks, which trains with cas-
cade structure different from previous DNN-based
method. During the training phase, CDMM max-
imally correlates each homogeneous hidden layer,
besides, the raw features are concatenated with each
hidden layer output as next input for more robust
representations.

Representation learning
in deep neural networks
mostly relies on the layer
by layer processing of the
raw features. Inspired by
this recognition, [19] pro-
posed the gcForest, which
employs a cascade structure,
where each layer of the cas-
cade structure receives fea-
ture information processed
by its preceding level, and
output its processing result
to the next level. Thus,
we propose a novel deep
multi-modal networks with
the cascade structure as
shown in Fig. 1. Specifically,
CDMM can be with different
deep structure, and for sim-
plicity, we use fully connec-

tion matrix for each layer as the DNN-based multi-modal representation learn-
ing models as [2], which can be further implemented to convolution structure as
CNN-based model. Then, in order to maximize the correlation of each homoge-
neous layer of different modalities, we consider the hidden layer output (shown
in yellow shadows) of each modal networks as the fv1(X

v1) and fv2(X
v2) in

Eq. 1, and optimize the parameters of current hidden layers as the DCCA.
It is notable that the objective couples all training samples through the

whitening constraints, so stochastic gradient descent (SGD) cannot be applied
in a standard way, yet it has been observed by [2] that DCCA can still be opti-
mized efficiently as long as the gradient is estimated using a sufficiently large
minibatch. Intuitively, this approach works due to a large minibatch contains
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enough information for estimating the covariances. Then, the outputs of the
estimated hidden layers form a feature representation, considering the repre-
sentations of the shallow layers of the deep network structure are usually weak
features, the hidden layer output is then concatenated with the raw feature vec-
tor to be input to the next level of cascade as shown in Fig. 1, i.e., the dimension
of the hidden layer output is 1024, and the raw feature is 798 dimensionality,
thus, the next level of cascade will receive 1822 (= 1024 + 798) augmented fea-
tures. It is notable that the transformed feature vectors, augmented with the
raw feature representations, will then be used to train the next grade of cascade
multi-modal networks respectively, and the parameters of preceding hidden lay-
ers remain unchanged.

4 Experiments

4.1 Datasets and Configurations

CDMM can learn more discriminative multi-modal feature representation with
self-adaption networks. In this section, we will provide the empirical investiga-
tions and performance comparison of CDMM. In particular, we demonstrate
these phenomenon on 5 real datasets, i.e., MNIST generates two modal data
using the original MNIST dataset [11]. As in [17], we randomly rotate the images
and the resulting images are used as modal v1 inputs. For each v1, we randomly
select an image of the same identity from the original dataset, add independent
random noise to obtain the corresponding modal v2 sample; AVLETTER con-
tains 10 speakers speaking the letters A to Z at 3 times for each one. This dataset
provides pre-extracted lip regions of 60 × 80 pixels as modal v1 and audio features
(raw audio is not provided) Mel-Frequency Cepstrum Coefficient (MFCC) as
modal v2; XRBM follows the setup of [17]. Inputs to multi-modal feature learn-
ing are acoustic features as modal v1, and articulatory features concatenated
over a 7-frame window around each frame as modal v2; WIKI [13] is a rich-text
web document dataset with images, which has 2,866 documents extracted from
Wikipedia as modal v1. Each document is accompanied by an image as modal v2.
Text is represented by TF-IDF feature with 7343-dimensional; FLICKR8K [6]
consists of 8,000 images that are each paired with five different captions, simi-
larly, we denote the image as model v1 and text information as modal v2.

For WIKI and FLICKR8K datasets, 70% instances are chosen as training
set, 20% are chosen as validation set and the remains are test set as [18]. In
other three datasets, training and test splits are provided by [2,8]. For DNN-
based models, feature mappings (fv1 , fv2) are implemented by networks of 2
or 3 hidden layers, each of 1,024 sigmoid units, and a linear output layer of L
units, we refer to a DNN-based model with an output size of o and d layers
(including the output) as *-o-d, i.e., CDMM-o-d, DCCA-o-d, DCCAE-o-d. The
two networks (fv1 , fv2) are pre-trained in a layerwise manner using restricted
Boltzmann machines [5], and SGD is used for optimization with minibatch size
as 800, learning rate and momentum tuned on the tuning set, a small weight
decay parameter of 10−4 is used for all layers.
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4.2 Comparing with CCA-Based Multi-modal Methods

CDMM is firstly compared to linear and kernerlized multi-modal CCA-based
methods. Since there are deep networks in CDMM, DNN-based multi-modal
methods are also compared in the experiments. In detail, the compared methods
are listed as: Linear CCA (CCA), Kernel CCA, DCCA, DCCAE.

Table 1 compares the total correlation on the test sets obtained for the 10
most correlated dimensions with compared methods. It clearly reveals that on
all datasets, with the same number of layers, the CDMM total correlation is the
highest. Besides, note that CDMM also has exceeded other compared methods
only with 2 layers on most datasets except XRBM. Thus, CDMM can acquire
more discriminative feature representation with shallow deep network structures.

Table 1. The correlation of CDMM with compared methods. The significant best
classification performance on each dataset is bolded.

MNIST AVLETTER XRBM WIKI FLICKR8K

CCA 3.59 6.55 15.97 5.23 4.87

KCCA 1.29 2.37 35.51 7.25 6.80

DCCA-10-2 7.49 7.21 42.14 10.21 7.04

DCCA-10-3 7.84 7.24 43.00 10.86 7.17

DCCAE-10-2 7.81 7.37 42.23 10.09 7.08

DCCAE-10-3 7.94 7.41 42.50 10.80 7.24

CDMM-10-2 8.03 14.11 42.14 11.18 8.04

CDMM-10-3 8.07 14.21 43.20 11.40 8.06

4.3 Investigation on Embedding of Different Layers

In order to explore the influence of the cascade structure, more experiments are
conducted. We qualitatively investigate the features by embedding the projected
features in 2D using t-SNE of each pair homogeneous hidden layers, the resulting
visualizations are given in Fig. 2. Each sample is denoted by a marker located at
its coordinates of embedding and color coded by its label. Due to the page limits,
we only list the noisy MNIST digits dataset for verification. From the Fig. 2, we
can find that CDMM gives more accurate embedding with the cascade structure
from the initial layers, i.e., CDMM pushed different digits far apart from the
initial layers.

4.4 Empirical Investigation on Convergence

To investigate the convergence of CDMM iterations empirically. The objective
function value, i.e., the value of Eq. 1 of CDMM in each iteration of each homo-
geneous layers are recorded. Due to the page limits, only results on noisy MNIST
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(b) t-SNE embedding of the third hidden layers of CDMM

Fig. 2. t-SNE embedding of the projected MNIST and noisy MNIST digits. Left rep-
resents the projected original MNIST modality, and right denotes the noisy MNIST
modality. Each sample is denoted by a maker located at its coordinates of embedding
and color coded by its label. (Color figure online)
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Fig. 3. The correlation of different layers in training phase of Noisy MNIST digit
dataset.

digits dataset are plotted in Fig. 3. It clearly reveals that the correlation value
between different modalities increases as the iterations increase, and the per-
formance is stable after several layers in Fig. 3, i.e., the variations between the
correlation values of second hidden layers and third hidden layers less than the
predefined threshold, which can be used to control the layers self-adaptively.

5 Conclusion

Previous DNN-based multi-modal networks have been used for learning more dis-
criminative feature representations. However, these methods only consider the
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consensus principle on output layers and always need predefined the network
structures, i.e., number of layers, which lead complex deep network structures
and high computation expense, while neglect considering the correlation between
the homogeneous hidden layers of different deep modal structures. In this paper,
we propose a novel Cascade Deep Multi-Modal networks (CDMM). This method
generates a deep multi-modal networks with a cascade structure which fully max-
imizes the correlations between homogeneous hidden layers of different modal
networks, and can acquire representative networks with shallow layers. Besides,
the representational learning ability can be further enhanced by concatenating
the raw features with each hidden layer output. And empirical studies show that
we can learn more discriminative features with shallow layers. How to extend
the scalability with improved performance is an interesting future work.
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