IEEE TRANSACTIONS ON SERVICES COMPUTING,

VOL. 9, NO. 1,

JANUARY/FEBRUARY 2016

161

Deep Computation Model for Unsupervised
Feature Learning on Big Data
Qingchen Zhang, Laurence T. Yang, and Zhikui Chen
Abstract—Deep learning has been successfully applied to feature learning in speech recognition, image classification and language
processing. However, current deep learning models work in the vector space, resulting in the failure to learn features for big data since
a vector cannot model the highly non-linear distribution of big data, especially heterogeneous data. This paper proposes a deep
computation model for feature learning on big data, which uses a tensor to model the complex correlations of heterogeneous data.
To fully learn the underlying data distribution, the proposed model uses the tensor distance as the average sum-of-squares error
term of the reconstruction error in the output layer. To train the parameters of the proposed model, the paper designs a high-order
back-propagation algorithm (HBP) by extending the conventional back-propagation algorithm from the vector space to the high-order
tensor space. To evaluate the performance of the proposed model, we carried out the experiments on four representative datasets by
comparison with stacking auto-encoders and multimodal deep learning models. Experimental results clearly demonstrate that the
proposed model is efficient to perform feature learning when evaluated using the STL-10, CUAVE, SANE and INEX datasets.
Index Terms—Big data, deep learning model, tensor auto-encoder, back-propagation algorithm, feature learning
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data consists of high volume, high variety and high
veracity data sets with high velocity processing
requirement. High volume implies the increase of the data
size at an astonishing growing rate. For example, Flickr, a
public picture sharing site, receives 1.8 million photos
every day, leading to requiring 3.6 TB storage [1]. The total
amount of data in the world will reach 35 ZB by 2020 [2].
High variety refers to the different types of representations
of big data such as image, text, numeric, audio and video
[3]. These data are highly heterogeneous in terms of structure form, e.g., structured data, semi-structured data and
unstructured data, with complex correlations. High veracity denotes the existence of a large number of inaccurate,
incorrect, incomplete, redundant and obsolete data in big
data [4].
Big data offers the great opportunities and transformative potential for various areas such as e-commerce,
healthcare industry manufacturing, social network and educational services [5]. Therefore, deep computation, a novel
area, has attracted great interests of researchers in recent
years. It refers to a systematical model for big data representation, storage, analytic and mining based on tensor theory.
In this paper, we focus on the feature learning on big data.
The characteristics of big data make the feature learning
such an extremely challenging task that conventional data
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mining methods are almost impossible to address. On one
hand, the unprecedented data volumes require the scalability of feature learning algorithms for big data. On the other
hand, the high variety demands the feature learning algorithms which can learn the complex correlations among heterogeneous data to form an effective representation of big
data. Therefore, it needs urgently new innovative theories
and advanced technologies for feature learning on big data.
Today, deep learning, together with advances in high performance computing, provides a new innovative solution
for this problem [6].
Deep learning refers to a set of machine learning models
that perform supervised/unsupervised feature learning to
automatically form hierarchical representations in deep
architectures [7]. The most typical deep learning model is
the stacked auto-encoder (SAE) that is established by stacking auto-encoders such as Restricted Boltzmann Machines
[8], sparse auto-encoders [9], denoising auto-encoders [10]
and predictive sparse coding [11]. SAE uses a large number
of unlabeled data to learn the latent features in each hidden
layer by a greedy and efficient layer-wise pre-training and a
small amount of labeled data for fine-tuning. Many theoretical arguments and empirical evidence have shown that SAE
can perform better than their shallow counterparts both in
terms of feature learning for classification tasks and for multiple levels of higher-quality representation [12], [13], [14].
However, SAE is hard to perform effectively feature learning on big data containing a large number of heterogeneous
data, with different distributions and complex correlations
since SAE uses vectors to represent the input data and
learned features of every hidden layer. A vector cannot
model the highly non-linear distribution of the input data,
making it hard for SAE to learn these correlations and form
an effective representation of big data.
To address this problem, multimodal deep learning
models have been proposed [15], [16]. They perform
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Fig. 1. An example of XML documents.

feature learning from each modality using conventional
deep learning models, and then integrate the learned features at different levels as shared representations of multimodal data. Multimodal deep learning models are
effective in capturing the high-order correlations across
multiple modalities to form the hierarchical representations of multimodal data. However, they cannot model
the non-linear distribution of the input heterogeneous
data since they learn features from different modal data
independently, leading to the failure in learning useful
features on big data.
In this paper, we propose a tensor deep learning model
that is a kind of deep computation models for performing
feature learning and forming multiple levels of representations of big data based on tensor. First, we use a tensorbased data representation model to connect and represent
various heterogeneous data in a unified way. Such a tensorbased representation method can model the high-order correlations of big data [17]. Based on such a tensor-based
representation model, we propose a tensor auto-encoder
(TAE) as a basic module of the tensor deep learning model.
TAE adopts a tensor distance rather than Euclidean distance
and cross-entropy as the average sum-of-squares error term
in the reconstruction error to encourage the intermediate
representation to capture as much as possible the unknown
high dimensional distribution of big data. Moreover, a
high-order back-propagation algorithm (HBP) as an extension of the conventional back-propagation algorithm [18] in
the high-order tensor space is designed for training the
parameters in TAE. Finally, we establish a tensor deep
learning model by stacking the tensor auto-encoders for
learning multiple levels of features on big data. Experiments
are carried out on four representative classification datasets
to evaluate the performance of the proposed deep computation model. The results show that the proposed model can
effectively perform feature learning on big data and learn
multiple levels of big data. The contributions of this paper
can be summarized as the following three aspects:


Current deep learning models are not effective in
performing feature learning on big data consisting of
large amounts of heterogeneous data [2]. To address
this problem, a tensor auto-encoder is proposed to
support the features learning for various heterogeneous data by using tensor-based big data representation method to model the non-linear correlations
of the input data. By stacking such tensor autoencoders, we build a tensor deep learning model
that is a kind of deep computation models as a general version of deep learning models to learn multiple levels of useful representations of big data.

To learn a set of useful features from a large number
of high dimensional heterogeneous data, we use the
tensor distance as the average sum-of-squares error
term in the reconstruction error of the tensor autoencoder, encouraging the intermediate representation to capture as much as possible the unknown
high order distribution of big data.
 To train the parameters in the tensor auto-encoder,
we propose a high-order back-propagation algorithm by extending the conventional back-propagation algorithm from the vector space to the highorder tensor space.
The rest of the paper is organized as follows: Section 2
presents the preliminaries on tensor-based data representation methods and Section 3 provides the details of the tensor
deep learning model. Section 4 gives the performance evaluation and analysis and Section 5 overviews the related work
on the two well-established deep learning models, e.g.,
stacked auto-encoders and multimodal deep learning models. The whole paper is concluded in Section 6.

2

PRELIMINARIES

2.1 Tensor-Based Representation Methods
for Big Data
Tensors, which are multi-dimensional generalizations of
matrices, can provide a unified representation of big data
in various forms of large-scale, sparse tabular, graphs or
networks with multiple aspects and high dimensionality.
As the preliminaries of this paper, we briefly describe
the tensor-based model for big data representation in this
section. The details can be referred in our previous
work [19].
We define X 2 RI1 I2 IN as an N-order tensor with the
size I1  I2      IN . A tensor represent various types of
big data including unstructured data such as video data
and image data, semi-structured data typically composed of
XML documents, and structured data that denotes often
numbers and character strings stored in the relational database. In this section, we take image data, video clips and
XML documents as examples to describe the unified tensorbased representation model.
For an image with 768  576 resolutions and RGB color
space, a 3-order tensor RIw Ih Ic is adopted with Iw ; Ih ; Ic
indicating width, height and color space. Specifically, such
image is represented by a tensor R7685763 . In some applications, RGB color is usually transformed to gray level using
equation Gray ¼ 0:299R þ 0:587G þ 0:114B, and the representation is replaced by a 2-order tensor R768576 . Also, we
can use a 4-order tensor to represent a video clip of MPEG-4
format with 30 seconds, 25 frames per second each of which
is the same as the above image. Thus, such a four-order tensor has the specific form R7685763750 , where 750 indicates
the number of frames. More generally, a video clip with the
audio information can be represented by a 4-order tensor
RIw Ih Ic Ia with Ia indicating the audio dimensionalities.
The most representative semi-structured data is extensible markup language (XML) which consists of tags and contents, with an example shown in Fig. 1a.
Generally, an XML document can be represented by a
tree. Specially, the XML document in Fig. 1a can be parsed
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TABLE 1
Variables List
Variable

represent the input data and the representations in all
layers. The tensor deep learning model is established by
stacking tensor auto-encoders that are a new type of the
auto-encoders proposed in this paper. In this section, the
tensor auto-encoder is described first, followed by the tensor deep learning model.
The variables used in the proposed model are listed in
the Table 1.

Meaning
input value of each layer
bias tensor
mapping function
number of training samples
dimension of tensor
order of tensor
metric coefficient
weight tensor
tensor representation of sample
number of sub-tensor

a
b
f
m
I; J
N
G; g
W
X; Y; H
a; b

to a tree in Fig. 1b. Typically, an XML document can be represented by a 3-order tensor RIer Iec Ien where Ier and Iec
denote the row order and the column order, respectively, of
the markup matrix and Ien indicates the content vector
order. For example, the XML in Fig. 1a can be represented
by R121228 , where 28 is the length of element Focus.

2.2 Tensor Distance
The tensor distance is used to measure the distance
between two tensors in the high-order tensor space, which
can reveal the real difference between two data objects for
high-order, complex data by modeling the correlation
among different coordinates of data with arbitrary number
of orders [20].
Given an N-order tensor X 2 RI1 I2 IN , x is denoted
as the vector form representation of X, and the element
Xi1 i2 iN ð1ij Ij ;1jNÞ in X is corresponding to xl , i.e.,
P Qj1
the lth element in x, where l ¼ i1 þ N
t¼1 It . Then,
j¼2
the tensor distance between two N-order tensors is
defined as:
rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
XI1 I2 IN
glm ðxl  yl Þðxm  ym Þ
dTD ¼
l;m¼1
(1)
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
¼

ðx  yÞT Gðx  yÞ;

where glm is the metric coefficient and G is the metric
matrix used to reflect the intrinsic relationships between
different coordinates for high-order data, which is typically defined as:
glm



1
jjpl  pm jj22
¼
exp 
;
2d2
2pd2

(2)

where, jjpl  pm jj2 is the location distance between Xi1 i2 iN
(corresponding to xl ) and Xi0 i0 i0 (corresponding to xm ),
1 2

N

defined as:
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
jjpl  pm jj2 ¼ ði1  i01 Þ2 þ    þ ðiN  i0N Þ2 :
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3.1 Tensor Auto-Encoder Model (TAE)
Similar to a basic auto-encoder, the tensor auto-encoder
consists of an input layer, a hidden layer and an output
layer. Different from a basic auto-encoder, each layer of
TAE is denoted by a tensor. According to the basic principle
of the neural network, the output of each hidden and output
unit is determined by forming a weighted sum of the unit
values in the preceding layer and then passing this result
through a sigmoid function.
Before giving the formal description of the tensor autoencoder, we define an operation of tensors, which can help
describe the tensor auto-encoder more clearly.
Definition 1. Multi-dot Product (). Given two high-order tensors: W and A, suppose W 2 RaI1 I2 IN is an
ðN þ 1Þ-order tensor with a sub-tensors, each of which is
denoted by W 2 RI1 I2 IN , and A 2 RI1 I2 IN is an
N-order tensor, the multi-dot Product of these two tensors will
produce another N-order tensors, H 2 RJ1 J2 JN
ðJ1  J2      JN ¼ aÞ.
H is defined as:
H ¼ W  A; 8hj1 j2 jn 2 H; hj1 j2 jn ¼ Wb  A


N
1
N
X
Y
b ¼ jn þ
ðji  1Þ
Jt :
i¼1

t¼iþ1

Now we give the formal description of the tensor autoencoder model. Use two N-order tensors X 2 RI1 I2 
IN ; H 2 RJ1 J2 JN as the input layer, the hidden layer,
respectively. The input layer is mapped to the hidden layer
by an encoder function
H ¼ fu ðW ð1Þ  X þ bð1Þ Þ;

TENSOR DEEP LEARNING MODEL

The tensor deep learning model is a kind of deep computation models for big data feature learning based on tensor. It
extends the conventional deep learning model from the vector space to the high-order tensor space by using tensors to

(5)

where u ¼ ðW ð1Þ ; bð1Þ Þ is the encoders parameter set,
W ð1Þ 2 RaI1 I2 IN is an ðN þ 1Þ-order tensor with a subtensors ða ¼ J1  J2      JN Þ, each of which is denoted
ð1Þ

by Wg 2 RI1 I2 IN , bð1Þ 2 RJ1 J2 JN is an N-order tensor, and f is a sigmoid function.
The decoder function g maps hidden representation H
back to a reconstruction Y :
Y ¼ hW;b ðXÞ ¼ fu ðW ð2Þ  H þ bð2Þ Þ;

(3)

(4)

(6)

where u ¼ ðW ð2Þ ; bð2Þ Þ is the decoder parameter set,
W ð2Þ 2 RbJ1 J2 JN is an ðN þ 1Þ-order tensor with b subtensors ðb ¼ I1  I2      IN Þ, each of which is denoted
ð1Þ

by Wg 2 RJ1 J2 JN , bð1Þ 2 RI1 I2 IN is an N-order tensor, and f is also a sigmoid function.
ð2Þ
Given the input tensor X, let zj1 j2 jn ð1  ji  Ji ; 1  i 
ð3Þ

nÞ; zi1 i2 in ð1  ij  Ij ; 1  j  nÞ represent the input value
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of the hidden layer and the output layer respectively,
ð2Þ
aj1 j2 jn ð1

ð3Þ
nÞ; ai1 i2 in ð1

 ji  Ji ; 1  i 
 ij  Ij ; 1  j  nÞ
represent the activation of the hidden layer and the output
layer respectively. We can obtain the following sequence of
operations illustrated by the tensor auto-encoder model:
ð2Þ

ð1Þ

zj1 j2 jn ¼ Wað1Þ  X þ bj1 j2 jn


N
1
N
X
Y
a ¼ jn þ
ðji  1Þ
Jt
i¼1

ð2Þ

ð2Þ

(7)

ð2Þ

j¼1

ð2Þ

(9)

t¼jþ1

ð3Þ

ð3Þ

hði1 i2 in ÞW;b ðXÞ ¼ ai1 i2 in ¼ fðzi1 i2 in Þ:

(10)

3.2 Reconstruction Error
To encourage the representation fðxÞ obtained from a training input x to capture as much as possible of the unknown
distribution from complex data, we propose to use a tensor
distance as the average sum-of-squares error term in the
reconstruction error. In our model, we focus on achieving a
basic feature representation of the input. Suppose we have a
fixed training set fðXð1Þ ; Y ð1Þ Þ; . . . ; ðX ðmÞ ; Y ðmÞ g of m training
examples. First, we transform every example ðXðiÞ ; Y ðiÞ Þ
from the tensor form to the vector form ðxðiÞ ; yðiÞ Þ according
to the tensor distance.
For a single training example ðx; yÞ in the training set, we
define a cost function based on tensor distance with respect
to that single example to be:
JTAE ðu; x; yÞ ¼ 12 ðhW;b ðxÞ  yÞT GðhW;b ðxÞ  yÞ:

(11)

The tensor auto-encoder is obtained with the average
sum-of-squares error term of the tensor distance yielding
reconstruction error:



m
1X
1
T
ð ðhW;b ðxÞ  yÞ GðhW;b ðxÞ  yÞÞ
JTAE ðuÞ ¼
m i¼1 2
 J J I1
IN
X
2
 1X NX
ð1Þ

ðWpi1 in Þ
þ
2
p¼1
i1 ¼1
iN ¼1

I1 I
J
J
1
N
XNX
X
2
ð2Þ
þ

ðWqj1 jn Þ :
q¼1

ðlÞ

ðlÞ

Wji1 in ¼ Wji1 in  a

j1 ¼1

ðlÞ
bi1 in

(8)

zi1 i2 in ¼ Wb  að2Þ þ bi1 i2 in


N
1
N
X
Y
b ¼ in þ
ðij  1Þ
It
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3.3 High-Order Back-Propagation Algorithm
Our goal is to minimize the reconstruction error JTAE ðuÞ as a
function of W and b. To achieve this, we will initialize each
ðlÞ
ðlÞ
parameter Wji1 in ðl ¼ 1; 2Þ and bi1 in ðl ¼ 1; 2Þ to a small
random value near zero, and then apply an optimization
algorithm, i.e., batch gradient descent to update the parameters as follows:
@JTAE ðuÞ
ðlÞ

@Wji1 in

t¼iþ1

aj1 j2 jn ¼ fðzj1 j2 jn Þ
ð3Þ

VOL. 9, NO. 1,

¼

ðlÞ
Wi1 in

a

@JTAE ðuÞ
ðlÞ

@bi1 in

(13)

;

where a is the learning rate. The key step is to compute the
above partial derivatives. We will now extend the backpropagation (BP) algorithm, which gives an efficient way to
compute these partial derivatives, to the high dimensional
space (HBP) for computing the partial derivatives.
We will first describe how use HBP to compute
@JTAE ðu;x;yÞ
and @JTAEðlÞðu;x;yÞ, the partial derivatives of the cost
ðlÞ
@Wji i
1 n

@bi i
1 n

function JTAE ðu; x; yÞ defined with respect to a single
example ðx; yÞ. Once we can compute these partial derivatives, we can obtain the partial derivatives of the reconstruction error JTAE ðuÞ as follows:
@JTAE ðuÞ
ðlÞ

@Wji1 in


m
1X
@JTAE ðu; xðiÞ ; yðiÞ Þ
ðlÞ
þ Wji1 in
¼
ðlÞ
m i¼1
@W


ji1 in

@JTAE ðuÞ
ðlÞ

@bi1 in

m
1X
@JTAE ðu; xðiÞ ; yðiÞ Þ
¼
:
ðlÞ
m i¼1
@b

(14)

i1 in

Similar to the back-propagation algorithm, HBP computes the partial derivatives through two key steps: forward-pass and back-propagation. For details, the steps are
outlined as follows:
Step 1. Perform a forward-pass, compute the values of
zð2Þ , zð3Þ , að2Þ and að3Þ .
Step 2. For each unit i of the output layer, compute its
ð3Þ

error term di as the following computation process:
ð3Þ

di ¼
þ

1
2

@JTAE ðuÞ

ð3Þ
@zi
I1 I
XN

¼

@
ð3Þ
@zi

1
ð3Þ
ð gii ðfðzi Þ  yi Þ2
2

ð3Þ

ð3Þ

gij ðfðzi Þ  yi Þðfðzj Þ  yj ÞÞ

j¼1;j6¼i
ð3Þ

ð3Þ

ð3Þ

ð3Þ

¼ gii ðfðzi Þ  yi Þ  f 0 ðzi Þ
(12)

þ

gij ðfðzj Þ  yj Þ  f 0 ðzi Þ

(15)

j¼1;j6¼i
ð3Þ

¼ f 0 ðzi Þ 

jN ¼1

In this reconstruction error, the first term is an average sum-of-squares error term and the second term is a
regularization term, called a weight decay term, for
decreasing the magnitude of the weights that helps prevent over-fitting.

I1 IX
2 IN

I1 IX
2 IN

ð3Þ

gij ðfðzj Þ  yj Þ

j¼1
ð3Þ

ð3Þ

¼ ðai  ð1  ai ÞÞ 

I1 IX
2 IN

ð3Þ

gij ðai  yj Þ:

j¼1

Step 3. For each unit of the hidden layer, compute its
ð2Þ
error term dj1 j2 jN as the following computation process:
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same order as bðlÞ .The high-order back-propagation algorithm is outlined as Algorithm 1.

Algorithm 1. High-Order Back-propagation Algorithm
Input: fðX ðiÞ ; Y ðiÞ Þg, iteratermax , h, threshold
Output: u ¼ W ð1Þ ; bð1Þ ; W ð2Þ ; bð2Þ
1 for iteration ¼ 1; 2; . . . ; iteratermax do
2
for example ¼ 1; 2; . . . ; N do
3
for j1 ¼ 1; 2; . . . ; J1 do
4
  ;
5
for jn ¼ 1; 2; . . . ; JN do
ð2Þ
ð1Þ
6
zj1 j2 jn ¼ Wað1Þ  X þ bj1 j2 jn ;
7

Fig. 2. Stacking tensor auto-encoders for pre-training.

ð2Þ

s j1 j2 jn ¼

8
9
10
11

@Jðu; x; yÞ
ð2Þ

@zj1 j2 jn

ð3Þ
In
X
@Jðu; x; yÞ @zi1 i2 in

ð3Þ
ð2Þ
@zj1 j2 jn
in @zi1 i2 in
i1 ¼1 i2

X
I1 X
I2
In
X
ð2Þ
ð3Þ
ð2Þ
¼

wj1 j2 jn  s i1 i2 in f 0 ðzj1 j2 jn Þ

¼

I1 X
I2
X

i1 ¼1 i2

ð ¼ in þ

12



N
1
X

(16)

15
16
17
18
19

in

ðij  1Þ

j¼1

N
Y

It Þ:

t¼jþ1

Step 4. For each unit of the hidden layer and the output
lþ1Þ
ðl ¼ 1; 2Þ as the following
layer, compute its error term @z
@W ðlÞ
computation process:
ð3Þ

@zi1 i2 iN
ð2Þ

N
1
X

N
Y

@Wj1 j2 jN
ð ¼ in þ

ð2Þ

¼ aj1 j2 jN

ðij  1Þ

j¼1

ðm ¼ jn þ

N1
X

(17)
It Þ

t¼jþ1

ð2Þ
@zj1 j2 jN
ð1Þ
@Wmi1 i2 iN

ð1Þ

¼ ami1 i2 iN

ðji  1Þ

i¼1

N
Y

(18)
It Þ:

t¼iþ1

Step 5. For l ¼ 1; 2, compute the desired partial derivatives as follows:
@JTAE ðu; x; yÞ
ðlÞ

@Wht1 t2 tN

¼

ðlþ1Þ
@JTAE ðu; x; yÞ @@zs1 s2 sN

ðlþ1Þ
ðlÞ
@zs1 s2 sN
@Wht1 t2 tN
ðlÞ

¼ at1 t2 tN  dðlþ1Þ
s1 s2 sN
ðh ¼ sn þ

N
1
X

ðsj  1Þ

j¼1
@JTAE ðu;x;yÞ
ðlÞ

@bs1 s2 sN

¼ dðlþ1Þ
s1 s2 sN :

(19)
N
Y

13
14

St Þ

t¼jþ1

(20)

Finally, we are ready to describe the whole updating process of the parameters. In the pseudo-code below, DW ðlÞ is a
tensor of the same dimension and the same order as W ðlÞ ,
and DbðlÞ is also a tensor of the same dimension and the

20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35

ð2Þ

ð2Þ

aj1 j2 jn ¼ fðzj1 j2 jn Þ;

for i1 ¼ 1; 2; . . . ; I1 do
  ;
for in ¼ 1; 2; . . . ; IN do
ð3Þ
ð2Þ
ð2Þ
zi1 i2 in ¼ Wb  að2Þ þ bi1 i2 in ;
ð3Þ

ð3Þ

hði1 i2 in ÞW;b ðXÞ ¼ ai1 i2 in ¼ fðzi1 i2 in Þ;

if JTAE ðuÞ > threshold then
for in ¼ 1; 2; . . . ; I1  I2      IN do
PI1 I2 IN
ð3Þ
ð3Þ
ð3Þ
ð3Þ
s i ¼ ðai  ð1  ai ÞÞ  j¼1
gij ðaj  yj Þ;
for j1 ¼ 1; 2; . . . ; J1 do
  ;
for jn ¼ 1; 2; . . . ; JN do
PI
P
ð2Þ
ð2Þ
ð3Þ
ð2Þ
s j1 j2 jn ¼ ð i11¼1    Iinn wj1 j2 jn  s i1 i2 in Þf 0 ðzj1 j2 jn Þ;
for i1 ¼ 1; 2; . . . ; I1 do
  ;
for in ¼ 1; 2; . . . ; IN do
ð2Þ

ð2Þ

ð3Þ

Dbi1 i2 in ¼ Dbi1 i2 in þ s i1 i2 in ;
for j1 ¼ 1; 2; . . . ; J1 do
  ;
for jn ¼ 1; 2; . . . ; JN do
ð2Þ

ð2Þ

ð2Þ

ð3Þ

Dwi1 i2 ...in j1 j2 jn ¼ Dwi1 i2 ...in j1 j2 jn þ aj1 j2 jn  s i1 i2 ...in ;

for j1 ¼ 1; 2; . . . ; J1 do
  ;
for jn ¼ 1; 2; . . . ; JN do
ð1Þ

ð1Þ

ð2Þ

bj1 j2 jn ¼ Dbj1 j2 jn þ s j1 j2 jn ;
for i1 ¼ 1; 2; . . . ; I1 do
  ;
for in ¼ 1; 2; . . . ; IN do
ð1Þ

ð1Þ

ð2Þ

Dwj1 j2 jn i1 i2 ...in ¼ Dwj1 j2 jn i1 i2 ...in þ xi1 i2 ...in  s j1 j2 jn ;

36

W ¼ W  h  ðN1 DwÞ;

37

b ¼ b  h  ðN1 DbÞ;

3.4 Tensor Deep Learning Model
Tensor auto-encoders can be stacked to form a tensor deep
learning model for feature learning on big data. Stacking
tensor auto-encoders initializes a tensor deep learning
model in the same way as stacking basic auto-encoders in
stacked auto-encoders. Specifically, the learned representations of k-th layer is used as the input of the ðk þ 1Þth layer
and the ðk þ 1Þth layer are trained only after the previous k
layers have been trained. The complete procedure for stacking several layers of tensor auto-encoders for pre-training is
shown in Fig. 2.
After pre-training by stacking tensor auto-encoders, its
highest level output representation can be used as the input
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Fig. 3. Stacking tensor auto-encoders for fine-tuning.

Fig. 4. The classification accuracy with different number of hidden layers
on STL-10.

to a supervised learning algorithm, for example a logistic
regression. The final parameters are obtained by fine tuning
though given supervised examples as illustrated in Fig. 3.
The deep learning model uses vectors to represent the
input data and the learned representations in all layers. A
vector can be viewed as a one-order tensor. Therefore, the
deep learning model can be viewed as an instance of the proposed tensor deep learning model. The deep learning model
paradigm uses unlabeled data to learn multiple levels of representations for single type of data such as image and audio,
while our model can perform feature learning for big data
consisting of single modal data and heterogeneous data.

unlabeled set; (2) perform supervised training on the
labeled data from the training set; (3) report the average
accuracy on the full test set. While the stacked auto-encoder
model learns a vector with 1,200 features for the representation in every hidden layer, our model learns a three tensor
R20203 as the features learned of each image. Another difference from the stacked auto-encoder model using a crossentropy as the average sum-of-squares error term in the
reconstruction error, our model adopts the tensor distance.
We present the effect of the number of the hidden layers
for classification accuracy. Each model was trained for 5
times. The results are shown in the Fig. 4.
Fig. 4 clearly shows when there are two hidden layers in
the deep networks; both the two models achieve the highest
average accuracy on the STL-10 set. That demonstrates that
two levels of representations are enough for classification
on the STL-10 dataset. When the number of hidden layers is
more than 2, the model happens to be overfitted, leading to
the decrease of the classification accuracy. Futhermore, our
model performs better than the SAE in most cases. The classification accuracy of the two models with two hidden
layers is shown in Table 2.
Table 2 shows that we achieve the best classification
accuracy of 90 percent, better than SAE with the best classification accuracy of 86 percent. Even in the worst case,
the result obtained by the tensor auto-encoder with a classification accuracy of 85 percent is better than the result of
SAE, which demonstrates the effectiveness of the tensor
deep learning model.

4

EXPERIMENTS

To evaluate the performance of the proposed model, we carried out the experiments using Matlab on the Server with
six-core, 12-thread, 2 GH Intel Xeon E5-2620 CPU, 20 GB
memory and 1 TB driver. Four representative classification
datasets, namely STL-10, CUAVE, SNAE2 and INEX 2007
are used in the experiments. The performance of the proposed tensor deep learning model (TDL) is compared with
the stacking auto-encoder (SAE) and the multimodal deep
learning model (MDL) in terms of classification accuracy
and training time.

4.1 Experiments on the STL-10 Dataset
First, we evaluate the performance of our model on the STL10 dataset that is a professional image recognition dataset for
developing the feature learning, deep learning algorithms. It
is composed of 500 training images, 800 testing images that
are grouped 10 classes and an extra set. The extra set consists
of 100,000 unlabeled images that are extracted from a similar
but broader distribution of images for unsupervised learning
[21]. Each image is an RGB image of size 96  96 with three
channels. In this experiment, such an image in the STL-10
dataset is represented by a three-order tensor R96963 .
We comply with the same training and testing protocol
as SAE to train our model. That process can be divided into
three phases: (1) perform unsupervised training on the

4.2 Experiments on the CUAVE Dataset
We evaluate our model on the CUAVE dataset. This experiment is carried out to demonstrate that our model can
TABLE 2
Classification Accuracy on STL-10
Model

Test accuracy

Stacked auto-encoder
Tensor deep learning

82%86%
85%90%
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Fig. 5. The classification accuracy with different number of hidden layers
on CUAVE.

Fig. 6. The classification accuracy with different number of hidden layers
on SNAE2.

perform feature learning for heterogeneous data such as a
video dataset which contains audio information and visual
information. The way to evaluate the features learned by
our model is to use them for speech classification. Specifically, we use the features to classify the speech in the
CUAVE dataset which is composed of 36 individuals saying
the digits 0 to 9 [22]. To compare with multimodal deep
learning model, we also use the normal portion of the dataset where each speaker was frontal facing and spoke each
digit five times. We perform unsupervised feature learning
on an unlabeled dataset, e.g., the Stanford dataset which
consists of 23 volunteers speaking the digits 0 to 9, letters A
to Z and selected sentences from the TIMIT dataset [23].
After data preprocessing in the same way as multimodal
deep learning model, each example in such datasets is represented by a 3-order tensor R6080100 where 60  80 pixels
is the size of every extracted lip region in the video and 100
is the number of dimensions of the audio signal using its
spectrogram with temporal derivatives. We train various
models with different number of hidden layers for learning
features of the CUAVE dataset. The classification result is
shown in Fig. 5.
Since SAE is suitable to learn features for single modal
data, we use it to learn the audio-only features and the
visual-only features for the speech classification. The results
shown in Fig. 5 demonstrate that both multimodal deep
learning model and tensor deep learning model achieve
higher classification accuracy than SAE because these
two models fuse audio and visual information in unsupervised feature learning. Moreover, multimodal deep learning

model and tensor deep learning model achieve highest classification accuracy when the hidden layers are set 3, whose
average classification accuracy is shown in Table 3.
From Table 3, our model obtains the best result with a
classification accuracy of 91:6 percent, slightly better than
multimodal deep learning model in speech classification,
since the deep computation model uses tensors to represent
the data representations in all the layers which can capture
the complex correlations of the input data and the learned
features in different layers.

TABLE 3
Average Classification Accuracy on CUAVR
Model
Stacked auto-encoder with audio-only
Stacked auto-encoder with visual-only
Multimodal deep learning
Tensor deep learning

4.3 Experiments on the SNAE2 Dataset
The SNAE2 dataset, collected from Youtube, consists of
1,800 video clips grouped into four categories: sport, new,
advertisement, and entertainment [24]. Each sample consisting of 100 frames is represented by a 4-order tensor
R1921443100 . To evaluate the performance of the proposed
model, we selected 1,500 samples as the training set and the
rest as the testing set and compared our model to the multimodal deep learning model.
We train the proposed model and the multimodal deep
learning model with different number of hidden layers for
classifying the dataset. Each model is performed for five
times and the classification results are shown in Fig. 6.
From Fig. 6, these two models produce the best classification results for the SNAE2 dataset when there are three
hidden layers. That demonstrates that three levels of representations are enough for classification on the SNAE2 dataset. Furthermore, our model performs better than SAE in
most cases, proving the effectiveness of the proposed
model. The classification accuracy of two models with three
hidden layers is shown in Table 4.
TABLE 4
Classification Accuracy on SNAE2

Test accuracy
88:9%
67:7%
89:1%
91:6%

Model

Best accuracy

Worst accuracy

Average accuracy

MDL
TDL

85:8%
87:8%

78:1%
82:1%

81:4%
85:7%
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TABLE 5
Classification Accuracy on INEX 2007
Model
SAE
TDL

Best accuracy

Worst accuracy

Average accuracy

84:9%
87:9%

76%
81%

80:2%
85:1%

while SAE produces the best classification accuracy of
84:9 percent. Moreover, the average classification accuracy
obtained by the proposed model is almost equal to the best
classification accuracy obtained by SAE, which demonstrate
that our proposed model can learn features and representations for semi structured data effectively.

Fig. 7. The classification accuracy with different number of hidden layers
on INEX 2007.

Table 4 shows that our model produces the average classification result with accuracy 85:7 percent on the SNEA2
while SAE produces the average classification accuracy of
81:4 percent. Furthermore, even in the worst case, the result
obtained by the tensor auto-encoder with a classification
accuracy of 82:1 percent is better than the average result of
SAE, which demonstrates the effectiveness of the tensor
deep learning model.

4.4 Experiments on the INEX 2007 Dataset
Finally, we evaluate the performance of the proposed
model in learning features of semi structured data by
comparison with the stacked auto-encoder model on the
INEX 2007 dataset containing 56,000 Chinese XML documents [25]. We randomly collected 20,000 XML documents, where 15,000 XML documents are used as the
training set and the others are used as the testing set,
grouped by 10 categories from the INEX dataset. Each
sample in the dataset is represented by a 3-order tensor
R121228 where represents the scale of the markup matrix
and 40 denotes the number of the dimension of the content vector in the experiments.
We train the proposed model and the multimodal deep
learning model with different number of hidden layers for
classifying the dataset. Each model is performed for five
times and the classification results are shown in Fig. 7.
From Fig. 7, these two models with three hidden layers
produce the accurate classification results on the INEX 2007
dataset, which demonstrates three levels of representations
are enough for classification on the INEX 2007 dataset. In
addition, the classification accuracy produced by the models with four hidden layers is lower than that produced by
models with three hidden layers since such models suffer
overfitting with more hidden layers. Furthermore, our
model performs better than SAE in most cases, proving the
effectiveness of the proposed model. The classification accuracy of two models with three hidden layers is shown in
Table 5.
Table 5 shows that our model produces the best classification result with accuracy 87:9 percent on the INEX 2007

4.5 Training Time
Finally, we evaluate the performance of the proposed model
in terms of training time. Fig. 8 shows the training time of
various models on different datasets.
From Fig. 8, our proposed model takes almost the same
time for training the single modal dataset, namely STL-10,
as the stacked auto-encoder shown in Fig. 8a. However, for
heterogeneous data, our model takes more times than that
of the stacked auto-encoder and the multimodal deep learning model to train the parameters. This is because our
model has more weights than SAE in the high-order tensor
space. Furthermore, our model requires more iterations to
train the parameters.

5

RELATED WORK

In this section, we briefly review two well-established deep
learning models, e.g., stacked auto-encoders and multimodal deep learning models, related to the deep computation model.

5.1 Stacked Auto-Encoders (SAE)
A typical SAE architecture is established by stacking basic
auto-encoders and one additional layer for discrimination
tasks. SAE can explore complex data structure and

Fig. 8. Training time of various models on different datasets.
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distribution by performing unsupervised feature learning in
unlabeled data sets. The task for training a SAE is to learn
the weights and biases between layers by the following two
steps: layer-wise pre-training and fine-tuning. In the layerwise pre-training of SAE, the weights and biases of each
auto-encoder are trained typically by the back-propagation
algorithm. The output of the kth layer auto-encoder is fed as
the input to the ðk þ 1Þ-th layer auto-encoder and the process repeats until all the auto-encoders are pre-trained. The
layer-wise unsupervised pre-training is critical for SAE as it
can help avoid local optima and alleviate the over-fitting
problem. Though layer-wise pre-training, multiple levels of
unsupervised features are obtained. Features at different
layers capture different structure and distribution information with higher-level features constructed from lower-level
features.
For a basic auto-encoder as a typical module of SAE,
it reconstructs the input through two stages, an encoder
and a decoder [26]. The encoder is a function f that
maps an input x to hidden representation h by the following form:
h ¼ fðxÞ ¼ sf ðWx þ bÞ;

(21)

where sf is a nonlinear activation function, typically a logistic sigmoid function sf ðxÞ ¼ 1=ð1 þ ex Þ. The encoder is
parameterized by a weight matrix W and a bias vector b.
The decoder function g maps hidden representation h back
to a reconstruction y:
y ¼ gðhÞ ¼ sg ðW 0 h þ b0 Þ;

(22)

where sg is the decoder activation function, typically either
the identity function or a sigmoid function. The decoder
parameters are a bias vector b0 and a weighted matrix W 0 .
An auto-encoder trains parameters u ¼ fW; b; W 0 ; b0 g by
minimizing the following objective function:
X
JAE ðuÞ ¼
Lðx; gðfðxÞÞÞ;
(23)
x2D

where L is the reconstruction error, typically a squared
error or a cross-entropy.
To decrease the magnitude of the weights and prevent
over-fitting, a regularization term called weight-decay is
added into the reconstruction error:
JAEþwd ðuÞ ¼

X
x2D


X
Lðx; gðfðxÞÞÞ þ 
Wij2 ;

(24)

ij

where the  hyper-parameter controls the strength of the
regularization.
After pre-training, the SAE adds a final layer representing the desired outputs and the final parameters are
obtained by fine tuning using these given supervised examples. There are several variants of the auto-encoder for pretraining, which focus on what characteristics the hidden
unit activations should have. Typically, a sparse autoencoder achieves a sparse representation of the input by
imposing a sparsity constriction the hidden units to penalize the output of the hidden unit activations [27], [28].
Another successful alternative form of regularization is the
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denoising auto-encoders (DAE) which is aiming at learning
robust representations from the noisy input [29], [30], [31].
DAE simply corrupts input x before sending it through the
auto-encoder, and then reconstructs the clean version. This
yields the following objective function:
P
xÞÞÞ ;
JDAE ðuÞ ¼ x2D Ex~qð~xjxÞ ½Lðx; gðfð~
(25)
where the expectation is over corrupted versions x~ of examples x obtained from a corruption process qð~
xjxÞ. Similar to
the motivation of DAE, to learn robust representations, a
contractive auto-encoder (CAE) is proposed by adding an
analytic contractive penalty to the objective function: the
Frobenius norm of the encoders Jacobian [32], [33]. The
contractive penalty can result in penalizing the sensitivity
of learned features to infinitesimal input variations. This
sensitivity penalization term is the sum of squares of all partial derivatives of the extracted features with respect to
input dimensions:
jjJf ðxÞjj2 ¼

P

@hj ðxÞ
ij ð @xi Þ:

(26)

The CAEs training objective is:
JCAE ðuÞ ¼

X


Lðx; gðfðxÞÞÞ þ jjJf ðxÞjj2 :

(27)

x2D

These variants of auto-encoders have been successfully
applied to pre-training for SAE and stacked to form a deep
learning model. In summary, SAE trains the latent weights
and biases by pre-training and fine-tuning for learning multiple hierarchical features. Many theoretical arguments and
much empirical evidence have proven that SAE can perform better than their shallow counterparts for feature
learning for single modal data.

5.2 Multimodal Deep Learning Models
To learn features over multiple modal data, two multimodal
deep learning models have been proposed. They learn data
features from each single modality using conventional deep
learning models and then integrate the learned features at
different levels for data shared representations.
Specifically, multimodal deep learning model proposed
by Ngiam learns representations by integrating audio and
video data [15]. The multimodal deep learning model is
generally effective in (1) learning single modality representations through multiple modalities with unlabeled data
and (2) learning shared representations capable of capturing
correlations across multiple modalities. The other model is
the multimodal Deep Boltzmann Machine (DBM) developed by Salakhutdinov that fuses real-value dense image
data and text data with sparse word frequencies to learn an
effective representation of multimodal data [16]. DBM constructs a stacked-RBM for each modal data and then adds a
layer of binary hidden units on top of these two RBMs for
joint representation.
Multimodal deep learning models learn features from
each single modality separately before fusing the features
for the shared representation. They will ignore the non-linear correlations of heterogeneous data in the input space.
Different from the multimodal deep learning models,
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the proposed model adopts tensors to represent the heterogeneous data objects for capturing the the high-order correlations across multiple modalities and then learn features to
form the hierarchical representations of heterogeneous data.

6

CONCLUSION

In this paper, we proposed a tensor auto-encoder by
extending the basic auto-encoder from the vector space to
the high-order tensor space. Furthermore, a tensor deep
learning model was built by stacking the tensor autoencoders as a kind of deep computation models for learning multiple levels of representation of big data based on
tensor. The tensor auto-encoder uses tensors to fuse the
learned features of various heterogeneous data in the hidden layer, encouraging tensor deep learning model to
capture the complex correlations of the input data. A tensor distance was used as the average sum-of-squares
error term in the reconstruction error to encourage the
intermediate representation to capture as much as possible the unknown high dimensional distribution of big
data. To train the tensor auto-encoder model, we
designed a high-order back-propagation algorithm. The
tensor deep learning model can be viewed as the extension of current deep learning model in high-order tensor
space. Several experiments demonstrate that tensor deep
learning model is successful to perform feature learning
for heterogeneous data due to its capability of learning
abstract representations of multiple modal data. However, the tensor deep learning model takes more times to
train the parameters than that of the stacked auto-encoder
and the multimodal deep learning model, especially for
feature learning on heterogeneous data. Therefore, the
future work will investigate how to improve the efficiency of deep computation model to perform feature
learning on big data.
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