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An Incremental Deep Convolutional
Computation Model for Feature Learning on
Industrial Big Data
Peng Li, Zhikui Chen , Laurence Tianruo Yang , Jing Gao, Qingchen Zhang, and M. Jamal Deen

Abstract—The deep convolutional computation model
(DCCM) enabled remarkable progress in feature learning
of industrial big data in Internet of Things. However, as a
typical static deep learning model, it is difficult to learn features for incremental industrial big data. To solve this problem, we propose an incremental DCCM by developing two
incremental algorithms, i.e., parameter-incremental algorithm and structure-incremental algorithm. The parameterincremental algorithm aims to incrementally train the fully
connected layers together with fine tuning for incorporating the new knowledge into the prior one. Then, the
structure-incremental algorithm is used to transfer the previous knowledge by introducing an updating rule of the tensor convolutional, pooling, and fully connected layers. Furthermore, the dropout strategy is extended into the tensor
fully connected layer to improve the robustness of the proposed model. Finally, extensive experiments are carried out
on the representative datasets including CIFRA and CUAVE
to justify the proposed model in terms of adaption, preservation, and convergence efficiency.
Index Terms—Deep convolutional computation model
(DCCM), incremental learning, industrial big data, tensor
computation.

I. INTRODUCTION

R

ECENTLY, many deep learning computational, predictive, and management architectures were proposed for
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industrial big data of Internet of Things [1]–[4]. These architectures can be classified into two schemes. One scheme uses
tendency used advanced computational techniques to construct
sophisticated models [5]. The other scheme extracts important
information from big data to train robust models [6]. This second scheme has resulted in a more robust model with the same
accuracy as the first scheme, but with a lower training cost. Also,
for heterogeneous data feature learning, a robust and fast deep
convolutional computation model (DCCM) was obtained by extending the traditional convolutional neural network (CNN) into
the tensor space [7]. This CNN model achieved a higher classification accuracy than other deep learning models, such as deep
computation model [8] and multimodal deep learning models
[9] for heterogeneous data. However, because the DCCM is
a static deep learning model, it is difficult for it to learn the
features for industrial big data.
The velocity at which industrial big data is now generated is
high and is steadily increasing [10]–[13]. This rapidly increasing
volume of big data must be collected and processed in real time.
However, the distribution of industrial big data is often very
diverse, and so, it cannot be handled by static learning models.
For example, if a deep model is trained for dataset X, then when
Z is collected, the well-trained static model may not produce
desired results for Z if Z has different distribution characteristics
from X. To tackle this challenge, we can train a completely new
architecture for X and Z in the batch method [14]. However,
this way is time consuming and can even be impossible, with
the result that it cannot satisfy the requirement of real-time
processing. An effective solution to address this problem is to
use incremental learning [15] that is well suited for learning the
features of industrial big data.
The incremental learning method aims to accommodate new
patterns without compromising the loss of historical knowledge
[16], [17]. Furthermore, it is very efficient because it does not
need to train the model on the entire historical data. Many incremental algorithms were proposed, and among them, two representative kinds of the incremental learning are the parameterincremental algorithm and the structure incremental algorithm.
For example, the incremental backpropagation [18] and online
learning [19] are the typical parameter-incremental algorithms.
These methods adapt the new input by designing some new
constraint rules to modify the weights and biases of the trained
model. Also, the new input is fed into the model in a sequential fashion. In addition, because it is not necessary to keep
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Tensor computation of the deep convolutional computation model. (a) Tensor convolution. (b) Tensor pooling. (c) Fully connected.

the whole dataset in memory, these algorithms work well for
real-time massive data applications.
A popular structure-incremental algorithm is the Learn++
[20]. In this algorithm, a new multilayer perceptron that captures
the features of the new input is added to the ensemble of pretrained classifiers in updating the network structure. This kind
algorithm is especially suitable for feature learning in dynamic
applications. However, these incremental algorithms used traditional classification methods and are not suitable for the DCCM.
Therefore, in this paper, we focus on improving the DCCM for
diverse industrial big data.
Our incremental DCCM is designed to capture the heterogeneous features of the industrial big data over the tensor space,
and it can incorporate the new features without forgetting the historical knowledge. It is developed by the parameter-incremental
learning algorithm (PIL) and structure-incremental learning algorithm (SIL). In PIL, to speed up the incremental learning,
the initial increments are computed by a novel loss function
that considers the performance of adaptation and preservation.
Simultaneously, a novel dropout strategy is designed to further
guarantee the performance of adaptation and preservation. In
this novel dropout strategy, each neuron of the tensor fullyconnected layers is grouped into three subsets and each kind of
neuron is allocated with a different switch probability to make
full use of the idle neurons learning the new patterns. Finally, a
fine-tuning training is adapted to merge the historical knowledge
and current knowledge.
In SIL, the updating rules of tensor convolutional, pooling,
and fully connected layers are designed to transfer the historical
knowledge. Furthermore, the virtual neurons with weights that
are always assigned to be zero are used in the updating process
to ensure the computing of the tensor multidot product, convolution, and pooling. Simultaneously, the dropout strategy is
extended into the tensor space, which further improves the robustness of the structure-incremental DCCM. Finally, massive
experiments are conducted on the typical datasets: CUAVE and
CIFAR to evaluate the performance of the incremental DCCM.
The results demonstrate the efficiency of our proposed model
in adaptation of new knowledge and preservation of historical
knowledge.
The three major contributions of this paper can be summarized as follows.
1) To effectively capture hidden incremental features of
big data, an incremental DCCM is proposed, in which

the parameter-incremental algorithm and the structureincremental algorithm are designed (Section III). Extensive experiments are conducted to evaluate the performance of the proposed model (Section IV).
2) To learn features of the new input with the similar distribution, a parameter-incremental DCCM is designed
without losing the historical knowledge (Section III-A).
In the model, a novel loss function speeds up the learning process, an improved dropout scheme is designed to
reinforce the training of idle subarchitectures of tensor
fully connected layers, and a fine-tuning training is used
to incorporate the historical knowledge.
3) To learn features of the new input from the dynamic
environment, a structure-incremental DCCM is designed
(Section III-B), which transfers the historical knowledge
of the historical data by devising the updating rule of
tensor convolutional, pooling, and fully connected layers
without retraining from the whole data. Moreover, the
dropout strategy is also extended into tensor space to
further improve the performance of the DCCM.
II. PRELIMINARIES
A. Deep Convolutional Computation Model
Based on the tensor data representation model, a DCCM is
devised to learn features for the heterogeneous data [21], [22]. In
DCCM, the tensor representation is used to model each heterogeneous object, capturing the complexly nonlinear relationship.
Based on this tensor structure, the tensor convolution is defined,
achieving a property of the parameter sharing. Then, a highorder backpropagation algorithm (HBP) is proposed to train
parameters of DCCM. And the three components of DCCM are
demonstrated in Fig. 1.
In Fig. 1(a), the N -order input tensor I is mapped by the
N -order kernel tensor K in the following form:
F T = f (I ∗ K + b)

(1)

where ∗ represents the tensor convolution, f denotes the nonlinear function, and b is a bias tensor.
As shown in Fig. 2(b), the N -order input tensor T of the
tensor pooling layer is mapped to a lower dimension space as
follows:
F T = f (β · pool (T ) + b)
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the backpropagation, the loss only passes through the selected
architecture. Finally, the whole architecture without dropout
computes the prediction value with the parameter scaled by a
factor. And the dropout is adopted to reuse the idle subnetworks
to capture the new knowledge in this paper.
III. INCREMENTAL DCCM
Fig. 2. Incremental DCCM. (a) Parameter computation method.
(b) Basic constrained network.

Algorithm 1: High-order Back-Propagation Algorithm.
Input: Tensor example {(X (i) , Y (i) )}, stepmax , Learning
rate η, threshold
Output: Updated parameters θ = W, b, K, β
Forward Pass:
Extract features
Tensor convolution M apc = f (X ∗ K + b);
Tensor pooling M aps = f (β · pool (M apc ) + b);
Map features and compute outputs
H = f (W  M aps + b);
Backprogation Process:
Differentiate loss Δδθ with respect to θ = W, b, K, β;
Update tensor fully connected layer
Wf = Wf − η∇δθ W f ;
Update tensor pooling layer Ws = Ws − η∇δθ W s ;
Update tensor pooling layer Wc = Wc − η∇δθ W c ;

A. PIL Algorithm

where pool (T ) produces a compact tensor, and f and b denote
the nonlinear function and the bias tensor, respectively.
Fig. 1(c) shows the tensor fullyconnected layer as follows:
H = f (W  I + b)

(3)

where  represents the multidot product and N + 1-order tensor
W = Rβ ×i 1 ×i 2 ···i N denotes the weight tensor with the β = j1 ×
j2 · · · jN .
Finally, the brief of the high-order learning algorithm is in
Algorithm 1.
B. Dropout: A Regularization Strategy
The dropout is an effective method preventing the supervised
neural network from overfitting [23], [24]. In dropout, each
neuron is dropped randomly, sampling an ensemble of thinned
deep architectures. For a dropout network, z (h) , W (h) , W (h) ,
and b(h) are the input, output, weight, and bias of the hidden
layer h, respectively. The feedforward is described as follows:
(h)
si

(l+1)

aj

=



(l+1)

= f zi



j −1
N 


Ik

(5)

j =2 k =1

(l) = s(h) ∗ a(l)
a
(l+1) (l)

wj
a

The parameter-incremental algorithm includes two stages:
the initial increment computation and the incremental training.
In the initial increment computation, the parameter increment
is computed to speed up the incremental training based on a
new loss function that adopts new examples without losing the
historical knowledge in the tensor space. In the incremental
training, the idle nodes of tensor fully connected layers are
trained to capture the new knowledge based on the are trained
to capture the new knowledge. Then, a fine-tuning training is
incorporated to merge the new knowledge with the historical
knowledge.
Increment Computation: In Fig. 2(a), θ =
 1)l Initial
knowledge,
W , bl |l = 1, 2, . . . , L denotes the historical

l
l
whereas Δθ = ΔW , Δb |l = 1, 2, . . . , L is the initial parameter increment computed from the new data. To improve
the efficiency, the θ + Δθ should be close to the final value,
reducing the steps in the incremental training. Since the final
θ considers the performance of adaption and preservation, Δθ
cannot learn the new data, but preserve the knowledge from the
historical data.
To compute the parameter increment Δθ, we adopt the similar
strategy of the computation of the parameter increment [25].
Differently, a simplified loss function is used, because the goal
of the computation of the parameter increment is only to speed
up the training process. In details, the weight and bias tensors are
first unfolded into the vector form effectively by the following
formula:
xl = Xi 1 i 2 ···i N , l = i1 +

∼ Bernoulli (p)

(l+1)
zj

The DCCM can effectively extract heterogeneous features
from the static big data by designing an elaborate architecture.
However, it is still a challenge for DCCM trained by the HBP
to capture the dynamic features of the fast-growing big data. To
solve this challenge, two incremental algorithms, i.e., PIL and
SIL are proposed. Especially, PIL learns the features of the new
data of the similar distribution by updating parameters of the
fully connected layer, whereas SIL updates the architecture of
model to capture features of new data collected from dynamic
environment.

+

where xl and Xi 1 i 2 ...i N represent the element of the vector x and
the tensor X, respectively. And the novel loss function JIncrement
is adopted to data vectors unfolded from the tensor, as follows:

(l+1)
bj

(4)

where s(h) is the mask vector with each element subjected to
(l) is the masked output vector. In
the Bernoulli distribution. a

JIncrement = JAdaption + JPreservation

(6)

where JAdaption and JPreservation are the postprediction loss and the
deformation loss, respectively. Specifically, given a new pair of
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data sample (x, y), JAdaption is the metric of the loss between the
target label y and the output of the network with the updated
parameter θ + Δθ. It is defined as form:
JAdaption

1
= Δy T ΘΔy, Δy = Hθ +Δ θ (x) − y
2

(7)

where Hθ +Δ θ (x) denotes the reconstructured output and the


T ∂ H −1
. SimultaΘ is the weight matrix, Θ = I − u ∂∂Hθ
∂θ
neously, to evaluate the performance of preservation, the deformation caused by the parameter adaption to the new data is
measured by the L2 -norm between the updated output and the
primitive output of the computation model. The deformation
loss JPreservation is expressed as
JPreservation =

1
Hθ +Δ θ (x) − Hθ (x)22 .
2

(8)

Thus, the JIncrement is expressed in the following form:
JIncrement =

1 T
1
Δy ΘΔy + Hθ +Δ θ (x) − Hθ (x)22 . (9)
2
2

The increment computation problem is stated as: for a new
data pair (x, y), compute the parameter increment Δθ modifying
the weight and bias vector θ to minimize the JIncrement , as follows:
∂J
∂
=
∂Δθ ∂Δθ

1 T
1
Δy ΘΔy + Hθ +Δ θ (x)−Hθ (x)22 = 0.
2
2
(10)
Since the nonlinear function is used to capture the hidden correlations over the heterogeneous high-order space, it is difficult
to compute an analytical Δθ by directly solving the Formula
(10). Thus, Taylor’s Formula and the deformation of the parameter from the global level to the neuron level are used to
find a suboptimal solution to the parameter increment. And the
suboptimal solution Δθ is expressed as
Δθ= −μ

∂Hθ (x)
Δy.
∂θ

(11)

Once the parameter increment is obtained, (5) is used to form
the tensor parameter increment.
2) Incremental Training: To make DCCM capture the intrinsic features of the whole data, an incremental training algorithm
is designed, composed of the dropout training and the final finetuning training.
In the dropout training, to discover the free subarchitecture
in the tensor fully connected layers, we first explore the weight
space and classify the neurons of tensor fully connected layers
into three subsets by two surfaces of the ball with radii R1
and R2 (R1 ≤ 0.4 and R2 ≤ 3, when N = 3). Each neuron of
each subset is assigned with a probability pi {i = 1, 2, 3}. pi is
subjected to the Bernoulli(pi ) distribution, indicating that this
unit is dropped out with the probability of pi in the training
process. The idle neurons are assigned with a large probability,
whereas the weights preserving the historical knowledge are
assigned with a small probability. Thus, the idle neurons have a
large chance to be trained and capture the features of incremental
data in the dropout training phase. At the same time, the weights
that preserve the historical knowledge have small chances to be
updated.

In detail, the norm of the (N − 1)-order weight tensor of each
neuron is computed as follows:
w = w ⊗ w =

I1

i 1 =1



I N −1

···

wi21 i 2 ...i N −1 .

(12)

i n −1

Then, the double surfaces of two concentric balls segment the
weight space into three subspaces in the following form:
WA : 0 < w < R1
WB : r1 ≤ w < R2
WC : w ≥ R2 .

(13)

The neurons of each subspace play a different role in the learning features. Specifically, the neuron of the subspace WA has
little effect on the feature learning, which can be ignored [26].
The neuron of the subspace WB preserves most of the knowledge. And the neuron of subspace WC processes the information
on special examples, which often causes overfitting [23], [24].
Thus, the knowledge of the historical data is mainly stored in
the neurons of the subspace WB . In other words, the network
ability to learn new data depends on the weight of subspace
WA . To adapt the new data and preserve much the historical
knowledge as much, three types of neurons should be trained in
a concerted way: the neurons of WA should be trained by the
new data with a higher probability, the neurons of the subspace
WB should have a low chance to be updated, and the weight of
subspace WC be mapped to the subspace WB by the max-norm.
To achieve this concerted method, a dropout training scheme
is designed as follows.
Step 1: A probability pi {i = 1, 2, 3} (p1 > p3 > p2 ≥ 0) is
assigned to each neuron of the tensor fully connected layer. The
neuron of the subspace WA , WB , and WC is given probabilities
p1 , p2 , and p3 , respectively. And a mask tensor M full of 1’s
and 0’s is produced.
Step 2: The parameter is updated by the initial parameter
increment in the following form:
Wpost = W + ΔW ∗ M.

(14)

The initial weight increment ΔW is used one time in the whole
training process.
Step 3: The output of the tensor fully connected layer is
expressed as follows:
O = f (Wpost  X ⊗ M + b) .

(15)

The backpropagation of the incremental training is computed
as the following three steps.
Step 1: For each neuron of the output layer l, compute the
Δδ l in the following form:
2
∂JDCCM
∂ 1  (l)
(l)
a
Δδ (l) =
=
−
y
∂z (l)
∂z (l) 2


 
= a(l) − y (l) ⊗ f z (l)
(16)
where ⊗ is the elementwise product.
Step 2: For the neuron of other tensor fully connected layers,
compute the Δδ l as follows:
 
T
(17)
Δδ l = W l  δ l+1 ⊗ f ‘ z (l) ⊗ M.
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Step 3: Compute the ΔW and Δb of each tensor fully connected layer as follows:
(l+1)

ΔW l = M l ⊗ A  δE

, Δbl = δ (l+1)

(18)

(l+1)
δE

where
is the extension of the δ (l+1) with each element
extended into a tensor that has the same order and dimension
with the activation tensor A.
In the fine tuning, DCCM without the dropout is retrained
on the randomly sampled data from the whole data using
Algorithm 1. The complexity of DCCM is O hN + sN + J N ,
whereas that of PIL is O J N , since PIL only trains the tensor
fully connected layer [7].
B. SIL Algorithm
The SIL algorithm is devised to incrementally learn features
from the dynamic big data. In SIL, the rules for the model topology increment, i.e., the fully connected network and the constrained network are designed to transfer the historical knowledge from the previous model. Furthermore, the dropout is extended into the tensor fully connected to improve the robustness
of the incremental model.
Algorithm 2: Parameter-Incremental Learning Algorithm.
Input: Tensor example {(X (i) , Y (i) )}, stepmax , Learning
rate η, threshold
Output: Updated parameters θ = W, b
for step = 1, 2 · · · stepm ax do
Produce the mask tensor M ∼ Bernoulli (p);
Extract features and compute activations:
Tensor convolution M apc = f (X ∗ K + b);
Tensor pooling M aps = f (β · pool (M apc ) + b);
Map features and compute outputs
H = f (W  M aps + b);
Initialize the parameter increment:
Compute the errors of outputs ΔY = Hθ (X) − Y ;
Compute differentiate loss Δδθ with respect to
θ = Wf , bf ;
Compute parameter increment Δθ = −μ ∂ H∂θθ(x) Δy;
Incremental training:
Update the parameter θ = θ + Δθ ⊗ M
Map features and compute outputs with dropout
H = f (W  (M aps ⊗ M ) + b);
Backprogation Process:
Differentiate loss Δδθ with respect to θ = W, b;
Update tensor fully connected layer
Wf = Wf − η∇δθ W f ;
bf = bf − η∇δθ b f ;
end for
Fine-tuning training:
Sample a subset S from the all data;
Use S to re-train the model without dropout on
Algorithm 1;
1) Increment of the Fully Connected Network: As shown in
Fig. 1(c), a tensor fully connected tensor network is stacked by
several tensor fully connected layers. Due to the definition of
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the multidot product, the structure of the tensor fully connected
network limits the number of neural nodes added into layers
at a time. To keep the structure integrality of the tensor fully
connected network, the virtual nodes are introduced by setting
the weight of virtual nodes to zeros, making virtual nodes absent
from the computation processes.
Taking a two-layer tensor fully connected network for example, it is the simplest form which only includes the input and
output layers. Specifically, the N -order tensor X ∈ RI 1 ×I 2 ···I N
represents the input feature, the N -order tensor H ∈ RJ 1 ×J 2 ···J N
denotes the output feature, and the parameters (w, b) are expressed in the following form:
w ∈ Rα ×I 1 ×I 2 ···I N , (α = J1 × J2 · · · JN )
b ∈ RJ 1 ×J 2 ···J N .

(19)

When M new neural nodes are to be added in the input layer
of this network at a time, N virtual nodes are incorporated into
the input feature layer, simultaneously, to keep the structure of
the network. And N is computed by the following form:
N = L × I2 × I3 · · · IN − M
L = M ÷ (I2 × I3 · · · IN )

(20)

where denotes the top integral function. Thus, the parameters
of the current network are modified as
w ∈ Rα ×(I 1 +L )×I 2 ···I N , (α = J1 × J2 · · · JN )
b ∈ RJ 1 ×J 2 ···J N .

(21)

Similarly, M nodes join into the output layer, thus the parameters are updated as follows:
w ∈ Rα ×I 1 ×I 2 ···I N , (α = (J1 + L) × J2 · · · JN )
b ∈ R(J 1 +L )×J 2 ···J N .

(22)

More generally, M1 nodes and M2 nodes are added the input
and output layer at a time, respectively. The parameters of the
updated network are expressed in the following form:
w ∈ Rα ×(I 1 +L 1 )×I 2 ···I N , (α = (J1 + L2 ) × J2 · · · JN )
b ∈ R(J 1 +L 2 )×J 2 ···J N .

(23)

After the topology increment, each element of the prior
weight tensor is copied to the new one with the same indexes,
the weights of virtual nodes are always set to zeros, and the
weights of remaining nodes are randomly initialized by the normal distribution, which are close to the zero.
2) Increment of the Constrained Network: The incremental topology of the constrained network is mainly expressed
by the increment of the tensor convolutional and pooling kernels, since the existing kernel cannot capture the unknown features contained in the new data by the enlarging the kernel
dimension without losing obtained knowledge. For example,
a basic constrained network is shown in Fig. 2(b), in which
X ∈ RH 1 ×H 2 ···H N represents the input feature, kci ∈ RI 1 ×I 2 ···I N
(i = 1, 2, . . . , s) denotes the ith tensor convolutional subkernel,
and kpi ∈ RJ 1 ×J 2 ···J N is the ith tensor pooling subkernel. The
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parameters of the current topology are expressed as:

Algorithm 3: Structure-Incremental Learning Algorithm.

Kc ∈ Rs×I 1 ×I 2 ···I N
Kp ∈ Rs×J 1 ×J 2 ···J N
Oc ∈ Rs×(H 1 −I 1 +1)×(H 1 −I 1 +1)···(H N −I N +1)
Op ∈ R

s×

H
−I + 1
H 1 −I 1 + 1
H −I + 1
× 2 J 2 ··· N J N
J1
2
N

(24)

where the N + 1-order tensor Kc is the total convolutional kernel, and Kp is the N + 1-order tensor pooling kernel.
Keeping the input feature layer of the constrained network
unchanged, a new N -order tensor kci is incorporated into the
tensor convolutional layer as a subkernel, which results in a
new output feature map with an element added in the bias.
Simultaneously, a new tensor pooling kernel is added to map
the new output feature map to the output of the tensor pooling
layer. And the parameters of the current topology are in the
following form:
Kc ∈ R(s+1)×I 1 ×I 2 ···I N
Kp ∈ R(s+1)×J 1 ×J 2 ···J N
Oc ∈ R(s+1)×(H 1 −I 1 +1)×(H 1 −I 1 +1)···(H N −I N +1)
Op ∈ R

(s+1)×

H
−I + 1
H 1 −I 1 + 1
H −I + 1
× 2 J 2 ··· N J N
J1
2
N

.

(25)

More generally, M new tensor convolutional subkernels join
into the convolutional layer with M elements added in the bias.
The parameters of the constrained network have to be modified
as follow:

Input: Tensor example {(X (i) , Y (i) )}, stepmax , Learning
rate η, threshold
Output: Updated parameters θ = W, b, K, β
Update the topology of parameter:
Kc ∈ R(s+M )×I 1 ×I 2 ···I N
Kp ∈ R(s+M )×J 1 ×J 2 ···J N
;
Oc ∈ R(s+M )×(H 1 −I 1 +1)×(H 2 −I 2 +1)··· (H 2 −I 2 +1)
JN
J1
J2
Op ∈ R(s+M )× n × n ··· n
w ∈ Rα ×(I 1 +L 1 )×I 2 ···I N
;
b ∈ R(J 1 +L 2 )×J 2 ···J N
Produce the mask tensor Ms ∼ Bernoulli (p);
for step = 1, 2 · · · stepm ax do
Extract features and compute activations:
Tensor convolution M apc = f (X ∗ K + b);
Tensor pooling M aps = f (β · pool (M apc ) + b);
Map features and compute outputs
H = f (W  (M aps ⊗ Ms ) + b);
Backprogation Process:
Differentiate loss Δδθ with respect to θ = W, b, K, β;
Update tensor fully connected layer
Wf = Wf − η∇δθ W f ;
Update tensor pooling layer Ws = Ws − η∇δθ W s ;
Update tensor pooling layer Wc = Wc − η∇δθ W c ;
end for
Fine-tuning training:
Sample a subset S from the all data;
Use S to re-train the model without updating structure;

Kc ∈ R(s+M )×I 1 ×I 2 ···I N
Kp ∈ R(s+M )×J 1 ×J 2 ···J N
Oc ∈ R

(s+M )×(H 1 −I 1 +1)×(H 1 −I 1 +1)···(H N −I N +1)

Op ∈ R

(s+M )×

H
−I + 1
H 1 −I 1 + 1
H −I + 1
× 2 J 2 ··· N J N
J1
2
N

.

(26)

After the increment of the topology, the new tensor convolutional and pooling kernels are initialized randomly as the small
numbers that are also subjected to the normal distribution and
close to zero.
Finally, the dropout HBP is designed to efficiently train the
structure-incremental DCCM, which can further improve the
robustness of the model. The details are outlined in Algorithm 3.
The total complexity of SIL is O hN + sN + J N with the
constant N ≤ 4, since it trains the whole parameters of the
model in the same way with Algorithm 1 [5].
IV. EXPERIMENTS
In this section, extensive experiments are conducted on two
typical datasets: CIFAR [27] and CUAVE [7] to verify the performance of the incremental DCCM by comparing with the
parameter-incremental computation algorithm (PIC) [25] and
the HBP [7] in classification accuracy and the training time.
In the experiment, PIC is adopted in the fully connected layers
of DCCM to construct the compared incremental models for
assessing the effectiveness of the parameter-incremental deep
convolutional computation model (PIDCCM). HBP is proposed

to train DCCM to capture the heterogeneous data, to validate the
effectiveness of the structure-incremental deep convolutional
model (SIDCCM). All the experiments are carried out on the
server with 10-core, 20-thread, 1.9-GHz Intel Xeon E7-4800
CPU, 64-GB memory, and 1-TB driver. To fully evaluate the
performance of the proposed incremental algorithms, the test
dataset is equally divided into five subsets, labeled by the experiment number. Each model is conducted on five subset test
datasets ten times. The average results with the corresponding
experiment number are demonstrated in figures.
A. Experiments on CIFAR Dataset
We first verify the performance of PIDCCM on the CIFAR
that is a representative image dataset used to evaluate the algorithms of the image recognition and deep learning. CIFAR
contains 60 000 images fallen into 100 classes equally. Furthermore, the 100 classes can be grouped into 20 super classes. In
our experiments, each image is denoted by a three-order tensor
R32×32×3 . The first two orders represent the height and weight,
whereas the third order stores the color channels. Since the efficiency of PIDCCM is verified in terms of adaption, preservation,
and convergence speed, CIFAR is divided into four subsets as
follows.
1) Subset-1 is the training dataset including four subclasses
of each superclass.
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Fig. 3. Results of the parameter-incremental deep convolutional computation model on the CIFAR dataset. (a) Adaption results. (b) Preservation
results. (c) Training time.
TABLE I
SHORT NAME OF THE MODELS USED IN CIFAR DATASET

2) Subset-2 is the incremental training dataset including the
remaining subclass of each superclass.
3) Subset-3 is the preservation test dataset including the
same subclasses with subset-1.
4) Subset-4 is the adaption test dataset including the same
subclass with subset-2.
To evaluate the performance of PIDCCM, DCCM with five
constrained layers and three fully connected layers is trained
for the above-mentioned datasets. Four parameter sets can be
obtained, which are listed in Table I.
To evaluate the adaption of PIDCCM, the trained models are
carried out the subset-4. And the results are demonstrated in
Fig. 3(a).
In Fig. 3(a), the results produced by DCCM is significantly
lower than those of other models, because this model is only
trained on the subset-1 and it does not well learn the new patterns
in the subset-2, meaning that the traditional static model with the
history knowledge cannot distinguish the new input. Different
from the traditional static model, the incremental models update its parameters in an incremental way on the subset-2. Thus,
the incremental models achieve the high classification accuracy
on the subset-4, indicating that PIL and PIC methods perform
effectively in terms of adaption. Furthermore, the results produced by the PIL model is higher than those produced by the PIC
model, since the approximation of the loss function between the
neuron-level and global-level preservation with the Taylor approximation produces some deviations to the real features of the
new input. Moreover, the improved dropout of PIL can make the
free subarchitecture of the model capture the new knowledge. In
addition, DCCM-PIL-2 produces similar results with the results
of DCCM-3 that is trained on the whole dataset by HBP. Such
observations demonstrate that our PIL method can perform well
for the incremental learning in terms of the adaption.
Fig. 3(b) shows the preservation results produced by those
four models on subset-3. There are three observations. First,
DCCM-3 yields the slightly higher accuracy than DCCM, since
the parameters of DCCM-3 are more robust than those of

DCCM. In detail, DCCM-3 is trained on the whole dataset,
whereas DCCM is trained only on subset-1, resulting that the
parameters of DCCM-3 are generalized better than those of
DCCM. Second, the results produced by DCCM-PIL-2 are
higher than those of DCCM-PIC-2, because the PIL method
can protect the weights contained the historical knowledge by
a low updating probability. And the fine-tuning training merges
the new and historical knowledge effectively by using a small
number of samples. Moreover, the results of DCCM-PIL-2 are
slightly lower than DCCM-3, which demonstrates the effectiveness of DCCM-PIL-2 in terms of preservation.
Finally, the convergence time of those models are shown in
Fig. 3(c). DCCM represents the average training time of DCCM
on subset-1. DCCM-PIC-2 and DCCM-PIL-2 are the average
incremental training time, whereas DCCM-3 is the average
training time on the whole dataset. From the results, two observations are obtained. First, DCCM-PIC-2 and DCCM-PIL-2
spend less time than DCCM-3 indicating that the incremental methods are more efficient than the completely retrained
method on the whole dataset in terms of convergence, because
DCCM-3 requires the old data and the new data to train the
model. Those incremental methods can preserve the historical
knowledge without retraining on the whole data. Second, the
PIL method spends a bit more time than the PIC method, since
PIL uses the fine-turning training to merge the new and historical
knowledge, which needs more training time.
Overall, PIDCCM yields the best performance in terms of
adaption and preservation, although it takes a bit more time
than other incremental model. Specifically, it cannot achieve
the similar adaption classification accuracy with DCCM-3 on
the subset-4, but the similar preservation classification accuracy
with DCCM on the subset-3, indicating the effectiveness of
PIDCCM.
B. Experiments on the CUAVE Dataset
To verify the performance of SIDCCM, we carry out some
experiments on the CUAVE dataset that is composed of the digits from 0 to 9 and the frontal face recorded from 36 speakers. In
our experiment, the data objects produced by the odd-numbered
speakers are used as the training dataset, and the rest of CUAVE
are used to evaluate the models. Each audio-visual object is represented as a tensor R128×128×128 . The first two orders contain
the information of the lip shape, whereas the audio spectrogram
with temporal derivatives comprises the third order. A total of
10% of the initial total number of each hidden layer are added
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Fig. 4. Results of the structure-incremental deep convolutional computation model on the CUAVE dataset. (a) Adaption results. (b) Preservation
results. (c) Training time.
TABLE II
SHORT NAME OF THE MODELS USED IN CUAVE DATASET

into the corresponding layer at one time. The classification accuracy is the index adopted to measure the models. Since we also
evaluate SIDCCM in terms of adaption, preservation, and convergence time, the CUAVE dataset is divided into four subsets
as follows.
1) Subset-1 is the initial training dataset including objects
labeled with the digit from 0 to 7.
2) Subset-2 is the incremental dataset including the remaining objects.
3) Subset-3 is the preservation test dataset including objects
of the same label subset-1.
4) Subset-4 is the adaption test dataset including objects of
the same label subset-2.
To assess the performance of SIDCCM, DCCM with the architecture of seven constrained layers and three fully connected
layers is trained, which was validated in [7]. Thus, three parameter sets can be obtained, which are listed in Table II.
The results of SIDCCM are demonstrated in Fig. 4(a), which
shows the adaption results. The results of DCCM-SIL are greatly
higher than those of DCCM-1, because DCCM-SIL trained by
SIL on the incremental training dataset can capture the new
features of the new inputs, whereas DCCM-1 cannot deal with
features of unseen samples effectively. In addition, DCCM-SIL
can produce the similar results with DCCM-2. Those observations indicate the effectiveness of SIDCCM in terms of adaption.
Fig. 4(b) illustrates the preservation results of those models.
These three models produce the similar results that are very
effective in terms of classification accuracy. And the results of
DCCM-3 and DCCM-SIL are slightly higher than DCCM-1
in most cases, since DCCM-3 and DCCM-SIL are trained on
the whole dataset, which contributes to a good parameter generalization of the model. Moreover, the DCCM-SIL produces
the best classification result at the fourth experiment, since
the dropout strategy extended into the tensor space can further
generalize the model parameters. Those observations prove the
effectiveness of the SIDCCM model in terms of preservation.

Finally, SIDCCM is evaluated in terms of convergence time.
And the results are in Fig. 4(c). The training time of DCCMSIL is greatly less than that of DCCM-2, although both models
are trained on the whole data. The DCCM-SIL model can incorporate the historical knowledge by using the sophisticated
structure updating rules. In DCCM-SIL, the historical data are
used to merge the new and historical knowledge, whereas the
whole data are used to train a new ensemble of new parameters
in DCCM-2, which costs more time.
The results show that SIDCCM achieves the best performance
in terms of adaption, preservation, and convergence time.
V. CONCLUSION
In this paper, an incremental DCCM is designed to learn
features of the industrial big data over the tensor space. An important advantage of the proposed model is to implement the
incremental learning effectively and efficiently for big data by
presenting two algorithms—PIL algorithm and SIL algorithm.
The PIL is used to update the parameters for accommodating
new arriving objects with the similar distribution. The SIL algorithm transfers the historical knowledge to the new architecture.
The dropout technique is adopted to make full use of the idle architectures of the current network in PIL and improve the robustness of the model in SIL. The experimental results demonstrate
that the proposed model performs better than the DCCM and
the parameter computation models in terms of the adaptation,
preservation, and convergence time, proving its potential for the
feature learning of the incremental big data. Although the incremental learning method can learn features on big data of high
velocity in an incremental fashion, it is still not efficient enough
for big data real-time processing due to the large number of parameters needed. To improve the efficiency of the incremental
DCCM, the tensor network and decomposition techniques will
be adopted to condense the proposed model in our future work.
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