2016 IEEE 16th International Conference on Data Mining

Regularizing Deep Convolutional Neural Networks with a Structured Decorrelation
Constraint
Wei Xiong∗ , Bo Du∗ , Lefei Zhang† , Ruimin Hu‡ , and Dacheng Tao§
School of Wuhan University, National Engineering Research Center for Multimedia Software, Wuhan, China
and Collaborative Innovation Center of Geospatial Technology, China
Corresponding author: Bo Du, remoteking@whu.edu.cn
Email: wxiong@whu.edu.cn, remoteking@whu.edu.cn
† Department of Computing, The Hong Kong Polytechnic University, Hong Kong, China
Email: cslfzhang@comp.polyu.edu.hk
‡ National Engineering Research Center for Multimedia Software, Computer School of Wuhan University, China
and Collaborative Innovation Center of Geospatial Technology, China
Email: hrm1964@163.com
‡ Centre for Quantum Computation & Intelligent Systems
University of Technology, Sydney, NSW 2007, Australia
Email: dacheng.tao@uts.edu.au

∗ Computer

etc. However, efﬁciently training deep networks remains
a big challenge. Deep networks are usually composed of
multiple layers containing a tremendous amount of trainable
parameters, leading to some serious problems like vanishing gradient in back propagation [9], diminishing feature
reuse in forward propagation [10] and overﬁtting [11, 12].
Among these problems, overﬁtting makes the model hard to
fully use the trainable parameters, greatly limiting the ﬁnal
performance of the networks.
To reduce overﬁtting, several regularizers, optimization
methods and network structures have been proposed, including Early Stopping [13], Weight Decay [14], Model Ensemble [15–17], Data Augmentation [18], Dropout [19, 20],
DropConnect [21], Maxout [22], Batch Normalization [23],
Residual Networks [10], etc. These methods enhance the
network’s generalization capacity in different ways. Data
augmentation deals with the input data; Batch Normalization
and Residual Networks are novel network structures or
normalization of the medium layers; Early Stopping focuses
on the way the parameters are updated; Model Ensemble
copes with averaging the results of multiple models. These
methods are reported to have an effect of improving the
generalization of the network, but all in an implicit way.
Besides these methods, some methods aim directly to reduce
the networks’ overﬁtting, including Weight Decay, Dropout,
DropConnect, etc.
Hinton et al. [19] took a further investigation into the
essence of neural networks’ overﬁtting. They observed that
overﬁtting can be relieved by reducing the co-adaption
between neurons [19]. The neurons’ co-adaption means one
neuron may activate depending on the state of the other
neurons in the same layer. It makes the feature representation

Abstract—Deep convolutional networks have achieved successful performance in data mining ﬁeld. However, training
large networks still remains a challenge, as the training data
may be insufﬁcient and the model can easily get overﬁtted. Hence the training process is usually combined with a
model regularization. Typical regularizers include weight decay, Dropout, etc. In this paper, we propose a novel regularizer,
named Structured Decorrelation Constraint (SDC), which is
applied to the activations of the hidden layers to prevent
overﬁtting and achieve better generalization. SDC impels the
network to learn structured representations by grouping the
hidden units and encouraging the units within the same group
to have strong connections during the training procedure.
Meanwhile, it forces the units in different groups to learn nonredundant representations by minimizing the cross-covariance
between them. Compared with Dropout, SDC reduces the
co-adaptions between the hidden units in an explicit way.
Besides, we propose a novel approach called Reg-Conv that
can help SDC to regularize the complex convolutional layers.
Experiments on extensive datasets show that SDC signiﬁcantly
reduces overﬁtting and yields very meaningful improvements
on classiﬁcation performance (on CIFAR-10 6.22% accuracy
promotion and on CIFAR-100 9.63% promotion).
Keywords-Convolutional Networks, Overﬁtting, Decorrelation.

I. I NTRODUCTION
Deep networks provide a fresh eye to mine large
scale datasets, especially the convolutional neural networks
(CNNs) [1, 2]. With elaborately designed networks, representative features, which contain the inherent structures of
the input data, can be efﬁciently mined out from the complicated raw data for various data mining tasks such as multimedia retrieval [3], feature engineering [4], recommendation
system [5, 6], classiﬁcation [7], information estimation [8],
2374-8486/16 $31.00 © 2016 IEEE
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To guarantee this, we ﬁrst divide the units into groups,
then maximize the correlations of units within each group
and minimize the correlations of those in different groups
simultaneously by optimizing a uniﬁed objective function. In
this way, we enforce the hidden neurons to behave obeying
the group structure. The network can take advantages of
the correlations between the neurons while reducing the coadaptions of a portion of the neurons, making the hidden
layer of the network to learn structured and decorrelated
representations that are beneﬁcial for the network’s performance.
The proposed regularizer can be easily performed on the
fully connected layers of the convolutional neural networks.
However, besides the fully connected layers, there is also
a considerable amount of trainable parameters in the convolutional layers, which can also lead to overﬁtting. If we
regard each feature in the feature map of a convolutional
layer as a unique neuron, minimizing the co-adaptions of all
the neurons will cost a very large amount of computation
resource. In addition, features within the same convolutional
feature map may have the inherent correlation, due to the
unique properties of the convolution and pooling structures.
We then propose a novel approach called Reg-Conv to help
the explicit regularizers to regularize the convolutional and
pooling layers much more efﬁciently and effectively. The
main idea of this approach is to degrade the convolutional
layer to a fully connected layer, then we regularize the
resulting fully connected layer, in reverse the convolutional
layer is regularized by propagating backwards the gradients
of the fully connected layer.
The main contributions of our paper are as follows. 1) We
propose a novel regularizer called Structured Decorrelation
Constraint, which can reduce the co-adaptions of the hidden
units in an explicit way. SDC divides the units in the hidden
layer into groups, and minimizes the correlations of units
in different groups so as to avoid co-adaptations between
them, while preserving the correlation between hidden units
within the same group to encourage them to have a grouped
structure. 2) We propose a Reg-Conv method that can
efﬁciently apply explicit regularizers to the convolutional
layers during the learning process, so that the feature maps
in the convolutional layers can also learn the structured
and decorrelated features from complicated data, which is
beneﬁcial for boosting the performance of the network.
The remainder of this paper is organized as follows.
Related works are introduced in Section II and details of the
proposed method are provided in Section III. Experimental
results and analysis are presented in Section IV, followed by
our main conclusions in Section V.

learned by these neurons redundant and inefﬁcient. They
proposed Dropout to reduce co-adaption. Dropout works
on the neural units of the hidden layer. It reduces the coadaption of neurons by randomly omitting a part of the
activations during each training iteration. Though Dropout
can effectively avoid the co-adaption of neurons, it works in
an implicit way.
Can we reduce the co-adaptions between the neurons in
an explicit way? In this paper, we take a further step on to
reduce overﬁtting. We propose a novel regularizer, named
Structured Decorrelation Constraint, imposed on the hidden
layers of deep networks to improve their generalization. SDC
depicts the co-adaptions of neurons within the same layer
by an explicit formula, i.e., using the covariance/correlation
of two units’s responses to describe the units’ co-adaption,
hence the objective function of minimizing co-adaptions
can be directly added to the cross-entropy loss of the
network’s classiﬁcation layer. Though Dropout can prevent
the neurons from getting co-adapted, it works in an implicit
way by training a random portion of neurons each time. Its
capability of reducing co-adaption cannot be well evaluated.
However, by explicitly express the co-adaption, we can
reduce overﬁtting more straight forwardly and can obtain
more optimal solution for the parameters. As a type of
loss function, our method can be easily implemented under
the framework of mini-batch gradient descent [24–26]. By
imposing SDC on the hidden layers, the regularized network
is able to learn decorrelated representations, which contains
much less redundancy compared with the network without
our regularizer.
Another major challenge to reduce the co-adaptions exists
when we re-consider the relationship between the hidden
units within the same layer. For a certain layer, is the coadaption between arbitrary hidden units in this layer harmful
to the generalization of the network? Is it the optimal choice
to decorrelate all the neurons within a layer for boosting
the performance of the network? In some cases, neurons
may still need to be correlated with each other to jointly
perform a certain functionality. This insight is motivated by
the performance of Dropout [19]. In Dropout, when dropping
some hidden units during an iteration, other neurons may
still have the chance to be co-adapted. The typical drop
rate is 0.5. When the dropping rate increases, however, the
performance of the network isn’t continuously getting better.
This phenomenon motivates us to think that the correlations
between some of the neurons may help to construct a more
promising regularizer.
To address these concerns, the proposed regularizer should
not only express the co-adaptions explicitly, but also encourage the hidden units to learn a prior structure. Speciﬁcally,
hidden units in the regularized layer are enforced to activate
in groups, and neurons within the group are forced to have
relatively high correlations and similarities, while neurons
in different groups are quite decorrelated and dissimilar.

II. R ELATED W ORK
Typical Regularizers. The generalization of the network
can be improved from various aspects, including augmenting
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method, there are other methods that are tightly related with
correlations. Deep Canonical Correlation Analysis (Deep
CCA) [28] learns ﬂexible non-linear representations with
deep networks by maximizing the correlations between the
variables. Correlational Neural Networks (CorrNets) [29]
apply a similar loss in addition to their original objective
functions. It learns correlated features by maximizing the
correlation of features from multiple views. CorrNet and
CCA are methods that maximize the correlation between the
neurons or the latent variables, while our method minimizes
the covariance between the units within a hidden layer to
learn decorrelated representations.
Bergstra et al. introduces a novel activation function in
[30], aiming at learning decorrelated representation for pretraining complex cell-like networks. It’s pretraining method
provide a good initialization for the hidden units with a
decorrelation criterion. In this work, decorrelation is used
for initialization, while our method uses decorrelation for
reducing overﬁtting of the network. Another correlation
based method similar to ours is the cross-covariance penalty
(XCov) proposed by Cheung et al. [31]. The XCov disentangle the class-relevant variables and the latent variables
(such as form or style) in deep auto-encoder by minimizing
the correlations between the hidden neurons and the neurons
in the classiﬁcation layer. Different from XCov, our method
minimizes the covariance between the hidden neurons to
better regularize the network.
Structures in CNNs. There are various types of structures
in convolutional networks. Except convolution, pooling and
fully connected layers, recently, there are other types of
structures that can compose powerful networks. Szegedy et
al. proposed the GoogLeNet [32], which is composed of
multiple Inception blocks. The Inception block has ﬁlters of
multiple size, hence it can learn multiple level features. He
et al. [10] proposed a novel network called residual network,
which is composed of layers of residual blocks. Each block
is a combination of multiple convolutional layers, along with
batch normalization and activation function. Though these
structures are powerful, they are predeﬁned. Our method is
based on the simple convolutional and fully connected layers. We don’t predeﬁne the structure, we merely encourage
the network to learn a prior structure. In addition, they are
designed for training very deep networks, while our goal is
to reduce overﬁtting.
Besides designing network structures, there are approaches that can learn structures automatically. Feng et
al. [33] proposed a novel method for automatically learning
aspects of the structure of a deep model in order to improve
its performance, especially when labeled training data are
scarce. It’s similar to our method in that we both learn
structures guided by a known prior. However, there method
is used to design the network, while our method is used to
regularize the hidden layers to reduce overﬁtting, and we
obey different priors. Schulz et al. [34] proposed to adapt

the training data, averaging the models, using more complicated layers, using more efﬁcient training strategy, etc.
In this part we overview some of the related regularizers
used in the deep networks. Weight decay [14] is a way to
constrain the weights of the net in a limited parameter space
so as to decrease the model’s complexity. It’s widely adopted
now. Dropout [19] is a very powerful regularizer imposed on
the hidden units’ responses. During each training iteration,
it randomly omits part of the neurons, so that the hidden
neurons won’t activate based on the others’ states. In this
way, Dropout prevents the neurons from getting adapted
and reduces overﬁtting. Similar to Dropout, DropConnect
[21] omits part of the connections between neurons in
adjacent layers during each training iteration, to prevent
the co-adaptions between the weights and also achieve an
effect of model averaging. DropConnect also regularizes the
network in an implicit way, while our method works in an
explicit way. DropConnect deals with the weights between
the adjacent layers, which differs greatly from our method,
which is imposed on the activations of certain hidden layers.
Recently, another regularizer that is quite related to our
method has been proposed. Aiming to reduce overﬁtting,
Cogswell et al. [27] proposed an interesting method called
DeCov, which reduced the correlations between the neurons
by minimizing the their cross-covariance over a batch of
samples. DeCov and our method both work on the hidden
layers of a deep network. However, our method differs a
lot from DeCov in several vital aspects. DeCov constrains
the cross-covariance of all the hidden units to be small
in order to reduce the co-adaptions within a layer, while
we argue that not all the correlations between the units
have negative inﬂuence on the performance of the network.
DeCov achieves a good performance in reducing overﬁtting,
but may not be optimal for improving the performance of
the network, as it may destroy some inherent connections
between the units. On the contrary, Our method merely
encourages a portion of the units to be decorrelated, while
preserving the correlations between the other units. The
remaining correlations may have positive effect on improving the network’s performance. Another difference is
that DeCov can’t learn structured representation, while our
method is capable of learning both decorrelated and structured representations, which are beneﬁcial for boosting the
performance of the network. DeCov simply reduces the coadaptions between the hidden units, our method maintains
a prior group structure in the regularized layer, making
the network to learn better structures. The third difference
between DeCov and our method lies in that DeCov can only
be imposed on the fully connected layers, while in this paper
we propose an approach that can extend both our regularizer
and DeCov to regularizing the convolutional layers. In this
way, all types of layers in any convolutional layers can be
regularized for better performance.
Correlation Related Methods. Except DeCov and our
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the responses of two different neurons, not to constrain
the variance of each neuron. For notation convenience, we
let Covii = 0, i = 1, 2, ..., D. Then we express the full2
covariance-loss as: JC = 12 CovF . By minimizing JC ,
neurons in the hidden layer are forced to be uncorrelated,
thus the network is less likely to get overﬁtted.
To constrain the covariance of all pairs of hidden units
to be small, we will have J = JY + γ · JC , where γ is
utilized to balance the cross-entropy loss and the covariance
loss. However, this objective function ignores the problem
that correlations between some neurons may have positive
effects on the network. Our method takes advantages of
correlations between the hidden units. To realize this, we
partition the neurons into groups, our goal is that the neurons
in the same group are encouraged to activate simultaneously
in correlated manners, and the neurons in different groups
are encouraged to behave in very uncorrelated ways.
Suppose we partition the neurons of the FC layer into
K groups in order and each group has m (m = D/K)
neurons. The k-th group is represented as H k ∈ RN ×m ,
which contains the responses of the (m × (k − 1) + 1)th to the (m × k)-th neurons. To achieve our goal, we
constrain the covariance of neurons in different groups to
be small, while relaxing the constraint upon the covariance
of neurons in the same group. We use Cov uv to represent the cross-covariance matrix between group H u and
H v , where u, v ∈ {1, . . . , K}. The relationship between
the matrix Cov uv and the full-covariance-matrix Cov can
uv
be formulated as: Covij
= Cov(m×(u−1)+i)(m×(v−1)+j) ,
uv
where Covij is the covariance between the i-th neuron in
group u and the j-th neuron in group v. We minimize each
element in the cross-covariance between group H u and H v
by minimizing the Frobenius norm of the matrix, denoted as
2
JCuv = 12 Cov uv F . Hence the penalty for regularizing the
covariance between all the pairs of groups can be formulated
as:

a structured loss function for neural network training which
directly maximizes overlap of the prediction with ground
truth bounding boxes for object detection. Our method is
more general, we aim to reduce overﬁtting of the networks,
which can be used in many tasks.
III. S TRUCTURED D ECORRELATION C ONSTRAINT
In this section, we ﬁrst use the SDC method to regularize
the fully connected layers of a typical convolutional network,
then we extend our method to the convolutional and pooling
layers.
A. Regularize Fully Connected Layers
Model Deﬁnition. We ﬁrst introduce the total-loss of the
whole network J. We consider a certain training iteration
under the minibatch gradient descent [24] scheme. The
network’s input is a batch with N samples. Without any
regularizers imposed on the network, the network’s totalloss J will be equal to the cross-entropy-loss between the
network’s
output and the groundtruth, which is denoted as
T
JY = N1
(ŷ n ) · log(y n ), where ŷ n and y n are the onen

hot vector-form groundtruth and the network’s output for the
n-th sample, respectively.
Our method aims to reduce the co-adaption of neurons in
the fully connected layer (FC layer). To this end, we use
the covariance to represent the co-adaption, as the lower
covariance of two variables tends to mean a less linear
correlation between them. When it comes to the neurons’s
responses, neurons with higher covariance are likely to be
highly correlated. So the covariance matrix of the hidden
layer’s output on a batch of data is calculated. Our goal is
to maintain a lower covariance between each pair of hidden
units during each iteration. Suppose the output of the fully
connected layer is H ∈ RN ×D , where N is the size of mini
batch; D is the number of neurons in the FC layer. We use
Covij to denote the covariance between the i-th and the j-th
neuron, then we have:
Covij =

1  t
(hi − h̄i )(htj − h̄j )
N t

Jbetween =

(1)


u=v

where hti denotes the t-th sample of the the i-th neuron’s
response, h̄i denotes the mean of 
the i-th neuron’s response
over the N samples, h̄i = N1
hti . The covariance is

JCuv =

1
2
Cov uv F .
2

(3)

u=v

Some prior studies demonstrated that without the constraint on the FC layers, the covariance between each two
neurons still increases as the network updates using SGD
[27]. This phenomenon indicates that neurons in the hidden
layers are easily getting co-adapted, which has been empirically veriﬁed by Hinton etc. [19]. Hence even if we don’t
impose any constraint on the neurons inside the group, the
neurons belonging to the same group may still have a high
covariance. Using JC to constrain the FC layer leads to very
small correlations between neurons inside each group, as the
covariance losses between the groups and inside the groups
have the same weight (1:1). To preserve the correlations
of neurons inside the same group, we introduce a balance
factor to reach a trade off. We penalize the correlation of

t

constrained to be small by minimizing its Frobenius norm.
For the notation convenience, we call the covariance matrix
over all the neurons in the hidden layer the full-covariancematrix, denoted as Cov, and call the Frobenius norm of
Cov as the full-covariance-loss, denoted as JC , which can
be formulated as:
1
2
2
(2)
(CovF − diag(Cov)2 ).
2
We subtract the diagonal elements of the covariance
matrix as the goal is to constrain the covariance between
JC =
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Cov G = M ◦ Cov, M ∈ RD×D , and “◦” denotes the
element-wise product. Then we have:

neurons inside group Hu by minimizing its Frobenius norm,
2
denoted as JCu = 12 Cov uu F . We sum this penalty over
each group, and call the sum the inside-covariance-loss,
denoted as Jinside :
Jinside =



JCu =



u

2

Cov uu F .

⎧ √
⎨ λ, if (k − 1) × m + 1 ≤ i, j ≤ k × m,
Mij =
k = 1, 2, ..., K
⎩
1, otherwise

(4)

u

(6)
where m is the number of neurons in each group, K
is the number of groups. This transformation makes the
grouped-covariance-loss much more efﬁcient to implement,
as element-wise product consumes much less time to implement than calculating the cross-covariance between each
group one by one.

The total penalty that SDC imposed on the FC layer
is a weighted sum of the penalties inside each group and
between each group. We call the loss of SDC the groupedcovariance-loss, which can be formulated as:
JG = λ · Jinside + Jbetween

(5)

B. Reg-Conv: Regularize Convolutional Layers

where 0 ≤ λ ≤ 1. When λ = 0, we don’t impose any
constraint on the covariance of the neurons inside each
group; when λ = 1, we have JG = JC . Then the total-loss
of the network regularized with SDC can be formulated as
J = JY + γ · JG . Fig. 1 illustrates the grouped structure of
the FC layer.

Hu

J Cu

J

Hv
)&

uv
C

J Cv

O
1



It should be noted that the related method DeCov can
also regularize the fully connected layers with a deﬁnite
objective function. However, one drawback of DeCov is
that it can only regularize the fully connected layers of the
convolutional networks. DeCov can’t be applied to the convolutional layers directly, as there are too many features in
the convolutional layer. Calculating the grouped-covarianceloss JG or the full-covariance-loss JC on the convolutional
feature maps directly will lead to a very large covariance
matrix if we take each feature as an individual variable.
Another reason that we shouldn’t impose the constraint on
the convolutional features directly is that it may break the
inner structure of the convolutional layers, as features within
a feature map are supposed to be correlated. The same
problem goes with SDC.
In this section, we propose a novel approach named
Reg-Conv to effectively apply DeCov and SDC to the
features in the convolutional layers, without breaking the
inherent correlations between the features in the meanwhile.
Considering a speciﬁc convolutional layer S ∈ RN ×c×a×b
to be regularized, where a, b, c, N are the height, width,
number of channels of the feature maps, and N denotes to
the size of the mini batch. We ﬁrst reduce the number of
features in this layer by pooling the layer with global average
pooling (GAP) [35], the resulting features are P ∈ RN ×c .
We regard P as N observations of a vector composed of c
possibly correlated variables. Then similar to the approach
in the FC layer, we impose the proposed SDC on P. The
whole process is illustrated in Fig. 2.
Reg-Conv approach can not only be applied to the convolutional layers, but all the layers that is in the form of
convolutional feature maps, including the pooling layer, the
activation layer, etc. Note that the way we use the global
average pooling is quite different from the previous methods.
In the literature, the GAP is usually used as one of the layers
embedded into the network connecting the previous and next
layers. However, we use the GAP layer just to condense the
convolutional layers and common pooling layers, not to use
it to connect the networks. To the best of our knowledge, it

JG

O

*URXS)&

Figure 1. Illustration of the grouped structure in the fully connected layer.
The FC layer is ﬁrstly divided into groups, then the covariance loss inside
the groups and between the groups are calculated then summed.

Instead of just dividing the neurons in the FC layer
into groups, we can relax this setting by switching nonoverlapping grouping to overlapping grouping, i.e., each two
adjacent groups may include the same neurons. We can
realize this structure by simply changing the group mask M.
Suppose each group contains m neurons, and the adjacent
D−s
groups shares s neurons ( s < m), we will have K = m−s
groups. By overlapping the groups, the adjacent groups are
allowed to be correlated to some degree.
Efﬁcient Implementation. Our structured loss JG looks
to be time-consuming, as we have to ﬁrst divide the neurons,
then calculate the covariance between each pair of groups.
In this section, we provide an efﬁcient way to implement
our method.
In fact, the grouped-covariance-loss JG can be interpreted as the Frobenius norm of a grouped-covariancematrix Cov G , which can be generated by element-wisely
producting a mask matrix M to the full-covariance-matrix

2
Cov. It can be formulated as JG = 12 Cov G F , where
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to reduce the co-adaption between the hidden neurons and
force the network to learn non-redundant representations.
In the following parts, we ﬁrst introduce the datasets
and implementation details, then evaluate the regularizers’
inﬂuence on the fully connected layers of the CNN. After
that we evaluate the regularizers by comparing the classiﬁcation performance of the network directly, then compare
the performance of regularizing the convolutional layers.

JY


A. Datasets

Figure 2. The structure of constraining the convolutional layer. During
training, the convolutional layer (Conv) is mapped to a average pooling
layer (GAP), then we decorrelate the GAP layer, which in turn has an effect
of decorrelation on the Conv layer. JG denotes the group-covariance-loss
of the GAP layer, JY is the cross-entropy loss of the classiﬁcation layer.

CIFAR datasets. The CIFAR-10 dataset consists of
60000 natural scene images in 10 classes with 6000 images
per class. It has been split to 50000 training images and
10000 test images. Each image is an RGB image with a
size of 32 × 32. The CIFAR-100 dataset is just like the
CIFAR-10 dataset, except that it has 100 classes containing
600 images each. There are 500 training images and 100
testing images per class.
SVHN datasets. The SVHN dataset is a much larger
dataset. It contains 73257 training samples, 26032 testing
samples, and 531131 extra training samples. We preprocess
the data as in the previous methods [38], i.e., selecting 400
samples per category from the training set as well as 200
samples per category from the extra set, using these 6000
images for validation, and the remaining 598388 images as
training samples.

is the ﬁrst attempt to use the global average pooling method
to regularize the convolutional layer of large networks.
Interpretation. The convolutional feature maps S can be
decorrelated by imposing the decorrelation constraint on the
features of the GAP layer P. It’s effective because if two
feature maps in the convolutional layer are highly correlated,
the corresponding neurons in the GAP layer should also be
correlated. We further study this conclusion by calculating
the derivation of features in the convolutional layer. First,
we consider the derivation of the GAP layer. We consider
the derivative Δpni on the i-th neuron’s response for the n-th
sample pni in the pooling layer:
Δpni =

 n
∂JG
2 
G
pj − p̄j .
=
Covij
n
∂pi
N j

B. Implementation Details
(7)

Then the derivative is propagated back to the convolutional layer through an upsampling [36] operation. The
derivative of feature in the i-th channel for the n-th sample
is calculated as:

 n
2
1 ∂JG
G
pj − p̄j .
=
Covij
n
a × b ∂pi
N ×a×b j
(8)
By decorrelating the pooling layer, we can propagate the
relevant gradient back to the convolutional layer, which has
the same form compared with the derivative of features in the
pooling layer (the only difference is the scale). The gradients
are supposed to have some positive effects on decorrelating
the convolutional layer, since gradients with the same form
can decorrelate the pooling layer effectively.

Δpni (y, z) =

IV. E XPERIMENTS
In this section, we conduct a series of experiments with a
convolutional neural network on several datasets: CIFAR10, CIFAR-100 [37] and SVHN [38]. We evaluate the
performance of the proposed regularizer by imposing it
on the convolutional layers and fully connected layers. We
compare our methods with the most related regularization
methods: Dropout and DeCov, as both methods aim directly

For CIFAR-10 and SVHN datasets, we use Caffe’s quick
CIFAR-10 architecture, i.e., 3 convolutional layers, each
convolutional layer is followed with a pooling layer, 1 hidden fully connected layer (FC layer) which has 64 neurons
and a softmax layer. The activation function of the FC layer
is linear. The only difference of the network on CIFAR-100
is that it uses 100 nodes in the softmax layer instead of 10.
We don’t use a very large network since we are evaluating
the performance of the regularizers, not aiming to achieve
the state of the art performance. We use mini-batch gradient
descent with momentum to train the network. The initial
learning rate is 0.01 for CIFAR-10 and CIFAR-100, and
0.001 for SVHN. The momentum is set as 0.9. We use a
mini batch size of 64 for all the experiments. For all the
datasets, we use only global contrast normalization as the
preprocessing. For the CIFAR datasets, 5% of the training
samples are used as the validation set for model selection.
The experiments are implemented with Theano [39] and
Lasagne.
C. Regularize FC layer
First, we evaluate the regularizers’ effects on reducing
the co-adaption in the fully connected layers on CIFAR-10
dataset. We divide the 64 hidden neurons in the FC layer
into 8 equal groups without overlapping. After each training
epoch, we calculate the average full-covariance-loss JC , the
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(a) full-cov-loss
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(d) train cross-entropy
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(e) validation cross-entropy

Figure 3. Network’s losses with different regularizers. Top three ﬁgures demonstrate the covariance losses, bottom two ﬁgures demonstrate the network’s
cross-entropy loss.

inside-covariance-loss Jinside and the between-covarianceloss Jbetween of the FC layer on the validation set. The
results are demonstrated in Fig. 3(a), 3(b) and 3(c). In
this ﬁgure, we compare the losses with no regularizers(only
weight decay is used), only Dropout, only DeCov and only
SDC imposed on the FC layer. The Dropout rate is set to 0.5.
The weight of the covariance loss is set to 1. In our method,
the additional hyper-parameter λ is set to 0. Weight decay is
used for all the parameters in the network and the coefﬁcient
of this term is kept the same for all methods. Except weight
decay and the three regularizers, no more regularizers are
added to the network.
Fig. 3(a) shows that the covariance loss of the hidden
units increases rapidly as the model iterates, indicating
that neurons can easily become co-adapted during training.
The three regularization methods signiﬁcantly reduce the
covariance of the hidden neurons, while DeCov and our
SDC perform much better than Dropout as they work in
an explicit way.
We focus on the performance of our SDC method.
The full-covariance-loss achieved by the SDC is larger
than DeCov, but lower than Dropout. This is because we
have relaxed the covariance constraint inside each neuron group. From Fig. 3(b), the SDC achieves the largest
inside-covariance-loss, which is even larger than the loss
without any regularizer. On the contrary, it achieves the
smallest between-covariance-loss, as shown in Fig. 3(c).
These results indicate that: 1). the proposed SDC has the
best performance for reducing the cross-correlation between

the neurons in different groups among all the compared
methods; 2). SDC effectively keeps the correlation between
neurons inside each group.
We further evaluate the regularizers’ inﬂuence on the
cross-entropy loss of the network. After each training epoch,
we calculate the average cross-entropy loss of the network
on the train and validation samples, which are correspondingly demonstrated in Fig. 3(d) and Fig. 3(e). The network
without any regularizers on the FC layer overﬁts easily,
as it has the smallest cross-entropy loss on the training
data, while the cross-entropy loss on the validation set is
very large. The SDC method has both smaller train crossentropy loss and validation cross-entropy loss compared to
DeCov. The reason may be that the group structure behind
the network has been effectively learned with the help of our
SDC method. The neurons in the same group are forced to be
correlated and activate in similar ways, and they can learn
structured and decorrelated features. Note that the DeCov
and Dropout methods decrease the validation cross-entropy
loss by a large margin compared to the results with no
regularizers. Their performances on reducing overﬁtting is
impressive. However, our method takes a step on to dig the
inner structures in the hidden neurons, continuing decreasing
the validation loss by a considerable margin.
D. Classiﬁcation Performance
Though we have proved that the proposed SDC method
has a good capacity on reducing the validation cross-entropy
loss, its inﬂuence on classiﬁcation tasks haven’t been directly
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which is a 1.81% absolute margin. The train-test gap is
also largely improved. The network with no regularizers
obtains a gap of 4.40%, while our SDC method reduces this
gap to 1.65%. All these results indicate that the proposed
regularizer has a consistent superiority over the conventional
methods.
Results on Small Dataset. To evaluate the performance
of the regularizers more efﬁciently, we reduce the number
of training samples, as the large network is more likely to
get over-ﬁtted when there is a lack of labeled training data.
On CIFAR-10 and CIFAR-100, we randomly select {2000,
4000, 6000, 8000, 10000} images from the 50000 train data
to train the same CNN used in the previous sections and test
it on the standard test set. The number of samples in each
class are kept equal. Fig. 4 shows the classiﬁcation results
on data of different sizes. The SDC presents an obvious
superiority over the other methods especially DeCov on
smaller datasets of almost all sizes, owing to the structures
learned in the neurons — the neurons inside the same group
are correlated and similar while different groups of neurons
act uncorrelated to avoid co-adaption.

evaluated. We utilize a CNN with different regularizers
to classify the image datasets CIFAR-10, CIFAR-100 and
SVHN. Besides imposing the single regularizer on the FC
layer, we simultaneously apply Dropout along with SDC
or DeCov to evaluate the combined performance of these
regularizers. To evaluate the effect of overlapping grouping,
we also show the results with overlapped SDC. On all
datasets, each pair of adjacent groups overlap two hidden
units. This hyper-parameter is chosen by many trials on the
validation set.
Results on CIFAR Datasets. Table I demonstrates the
classiﬁcation results of the CNN on CIFAR-10 and CIFAR100. On both datasets, we show the classiﬁcation accuracy
on the training data and the standard test data. We also
show the gap between train and test accuracy to compare
the performance of reducing overﬁtting. We run 5 times for
each method and average the results. Note that for CIFAR100 dataset, we don’t show the standard deviation, as we
adopt the results reported in [27] directly for None regularizers (denoted as “NONE” in the table), only Dropout,
only DeCov and DeCov+Dropout. [27] didn’t provide the
standard deviation on CIFAR-100 dataset.
On CIFAR-10 dataset, our method promotes the test classiﬁcation accuracy by 6.22% compared to the performance
without any regularizers. On the much more challenging
CIFAR-100 dataset, there is even a 9.63% promotion in
accuracy. These results demonstrate the effectiveness of
our method on reducing overﬁtting of the network. DeCov
and Dropout also achieve very impressive performance on
decreasing the training accuracy and promoting the test accuracy. DeCov method achieves the best train-test accuracy
gap on CIFAR-100 dataset, larger than that of our method.
This may be because the goal of DeCov is to decorrelate the
hidden neurons, while our method sacriﬁce some decorrelation ability to enforce the structures among the neurons. On
both CIFAR-10 and CIFAR-100 datasets, the test accuracies
of our method are better than that of DeCov. Compared
with DeCov, our method has a 1.7% and 3% promotion
in test accuracy on CIFAR-10 and CIFAR-100 datasets
respectively, the results further prove the superiority of the
proposed method. Note that combined with Dropout, both
DeCov and our method achieve a slightly better performance
(in most cases) in promoting the test accuracy, indicating the
ﬂexibility of our regularizer. The overlapping of groups also
boosts the performance of SDC on CIFAR-10 and CIFAR100, but not by a large margin.
Results on SVHN. We then conduct the same experiments
on the much larger SVHN dataset, and the results are shown
in Table II. Classifying SVHN is a more challenging task
since it contains more than 500000 training samples. On
this dataset, our regularizer achieves both the highest test
accuracy and the largest train-test gap. Though the CNN has
achieved a very high accuracy on the test dataset without any
regularizers, i.e., 95.50%, we can still improve it to 97.31%,

E. Regularize Convolutional Layers
We further evaluate the performance of the proposed RegConv method that can efﬁciently apply SDC and DeCov to
the convolutional layers. We train the Caffe’s quick CIFAR10 model on the full training samples of CIFAR-10 dataset
and test the model on the test set. We impose a single
regularizer on the second (denoted as pool 2 layer) and the
third pooling layer (denoted as pool 3 layer). Speciﬁcally,
we ﬁrst pool the 3-Dimension feature maps of the pooling
layer into a vector (in fact the size of each feature map is
1 × 1) using the Global Average Pooling. Then we impose
the regularizer on the pooled vector. The FC layer is not
imposed on any regularizer. Since the weight decay term
has an impact on the training and testing accuracy, we ﬁx
the coefﬁcient of this term to 0.001 for all methods. The
other hyper-parameters such as γ, λ, number of groups and
number of neurons overlapped between groups are carefully
chosen for each method based on the val set.
Table III shows the classiﬁcation results. Imposing the
regularizers on the global average pooling layer of pool 2
layer or pool 3 layer successfully boosts the classiﬁcation
performance on the test data and decreases the training
accuracy. The results indicate that both DeCov and SDC
can be imposed on the convolutional layers using our
approach. Though the global average pooling layer is not
followed by any layers nor connected to the ﬁnal output
of the network, by regularizing the global average pooling
layer, the parameters in the convolutional and pooling layers
related to the GAP layer are still successfully regularized.
Compared to the results without regularizer, imposing the
SDC constraint on the GAP layers following pool 2 layer and
the pool 3 layer boosts the test performance by 5.50% and
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Table I
T HE CLASSIFICATION RESULTS ON CIFAR-10

AND

CIFAR-100 DATASETS .

train

CIFAR-10
test

train-test

train

CIFAR-100
test

train-test

NONE [27]

100.0 ± 0.00

75.24 ± 0.27

24.77 ± 0.27

99.77

38.52

61.25

Dropout [27]

99.10 ± 0.17

77.45 ± 0.21

21.65 ± 0.22

87.35

43.55

43.80

DeCov [27]

88.78 ± 0.23

79.72 ± 0.14

9.06 ± 0.22

77.92

40.34

37.58

DeCov+Dropout [27]

87.78 ± 0.08

79.75 ± 0.17

8.04 ± 0.16

72.53

45.10

27.43

SDC

91.21 ± 0.40

80.80 ± 0.33

10.41 ± 0.35

82.11

47.60

34.51

SDC+Dropout

89.81 ± 0.30

81.32 ± 0.20

8.48 ± 0.22

78.74

47.93

30.81

Overlapped SDC

90.90 ± 0.27

81.07 ± 0.23

9.83 ± 0.25

81.42

47.86

33.56

Overlapped SDC+Dropout

89.11 ± 0.45

81.46 ± 0.31

7.64 ± 0.38

77.39

48.15

39.24
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(a) CIFAR-10

test
95.50 ±
95.71 ±
96.20 ±
96.25 ±
96.97 ±
97.20 ±
97.13 ±
97.31 ±






The classiﬁcation results on data of different sizes.

Table III
C LASSIFICATION RESULTS BY REGULARIZING THE POOLING LAYERS .

Table II
T HE CLASSIFICATION RESULTS ON SVHN.
train
99.90 ± 0.02
99.64 ± 0.08
98.91 ± 0.05
98.78 ± 0.06
99.03 ± 0.10
98.85 ± 0.07
99.15 ± 0.11
98.99 ± 0.05



(b) CIFAR-100

Figure 4.

Method
NONE
Dropout
DeCov
DeCov+Dropout
SDC
SDC+Dropout
Overlapped SDC
Overlapped SDC+Dropout
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0.13
0.11
0.09
0.07
0.08
0.07
0.10
0.07

train-test
4.40 ± 0.06
3.93 ± 0.09
2.71 ± 0.07
2.53 ± 0.06
2.06 ± 0.09
1.65 ± 0.07
2.02 ± 0.10
1.68 ± 0.06

Method
NONE [27]

train
test
train-test
100.0 ± 0.00 75.24 ± 0.27 24.76 ± 0.27

Dropout on pool 2 87.16 ± 0.15 78.80 ± 0.22 8.36 ± 0.18
DeCov on pool 2 89.85 ± 0.32 78.76 ± 0.20 11.09 ± 0.25
SDC on pool 2
91.08 ± 0.22 80.74 ± 0.19 10.34 ± 0.20
Dropout on pool 3 86.29 ± 0.17 78.62 ± 0.14 7.67 ± 0.15
DeCov on pool 3 90.66 ± 0.54 78.45 ± 0.26 12.21 ± 0.33
SDC on pool 3
91.17 ± 0.16 80.03 ± 0.12 11.14 ± 0.14

the correlations between neurons within the same layer can
improve the network’s performance; 2) SDC can encourage
the neurons to form the grouped structures to learn structured
and decorrelated representations; 3) the proposed Reg-Conv
approach that enables the DeCov and SDC to regularize the
convolutional layers is effective and efﬁcient.

4.79%, which are signiﬁcant promotions for classiﬁcation
tasks. The proposed SDC beats DeCov by approximately 2%
in accuracy, indicating that the enforced structures between
the neurons are beneﬁcial for regularizing the convolutional
layers of the network.
V. C ONCLUSION
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