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Abstract. Aiming at accelerating the test time of deep convolutional
neural networks (CNNs), we propose a model compression method that
contains a novel dominant kernel (DK) and a new training method called
knowledge pre-regression (KP). In the combined model DK2PNet, DK is
presented to significantly accomplish a low-rank decomposition of con-
volutional kernels, while KP is employed to transfer knowledge of inter-
mediate hidden layers from a larger teacher network to its compressed
student network on the basis of a cross entropy loss function instead of
previous Euclidean distance. Compared to the latest results, the experi-
mental results achieved on CIFAR-10, CIFAR-100, MNIST, and SVHN
benchmarks show that our DK2PNet method has the best performance
in the light of being close to the state of the art accuracy and requiring
dramatically fewer number of model parameters.

Keywords: Dominant convolutional kernel ·Knowledge pre-regression ·
Model compression · Knowledge distilling

1 Introduction

In recent years, deep convolutional neural network (CNN) has made impressive
success in several computer vision tasks such as image classification [1], object
detection and localization [2,3]. On many benchmark challenges [1,4–6], records
have been being consecutively broken with CNNs since 2012 [1] on. Surprising
performance, however, usually comes with a heavy computational burden due to
the use of deeper and/or wider architectures. Complicated models with numerous
parameters may lead to an unacceptable test or inference time consuming for
a variety of real applications. To resolve such challenging problem, there was
an early interest in hardware-specific optimization [1,7–10]. But it is very likely
to be unable to meet increasingly demands for model acceleration in an era of
mobile Internet. The reason is that huge amounts of portable devices such as
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smart phones and tablets are often equipped with low-end CPUs and GPUs as
well as limited memory.

To speed up cumbersome CNNs, one is to directly compress existing large
models or ensembles into small and fast-to-execute models [11–15]. Another is to
employ deep and wide top-performing teacher networks to train shallow and/or
thin student networks [16–19]. Based on low rank expansions, convolutional oper-
ator is decomposed into two procedures: feature extraction and feature combi-
nation (Sect. 3.1). Initially inspired from low rank approximation of responses
proposed by Zhang et al. [15], this paper proposes a novel dominant convolu-
tional kernel (DK) for greatly compressing filter banks. To deal with performance
degradation problems caused by model compression, we present a new knowledge
pre-regression (KP) training method for compressed CNN architectures, which
expands the FitNet training method [19] to make it much easier to converge and
implement. Such KP-based training method fills the intermediate representation
gap between original teacher network and compressed student.

In this paper, our CNN models with DK, together with KP-based training
method, are referred to as DK2PNet. It can be viewed as combination of two
model acceleration methods mentioned above. For compact DK2PNet, we con-
duct extensive experiments on different benchmark datasets, including CIFAR-
10 [4], CIFAR-100 [4], MNIST [5], and SVHN [6]. When compared to several
recently published CNN models, our experimental results show that the pro-
posed DK2PNet method has the best performance that is close to state of the
art test errors, while using remarkable less number of parameters.

2 Related Work

In general, there are three types of model acceleration methods for CNN archi-
tecture, i.e. model compression approach, knowledge distillation based training
method, and hardware-specific acceleration.

Model compression approaches are exploited to directly compress parame-
ters of large CNN models layer by layer. They generally include two compo-
nents: decomposition that are adopted to reduce computational cost, and opti-
mization for such decomposition. Among optimization schemes, the most widely
used method includes filter reconstruction, which rebuilds the filter weights,
and data reconstruction , through which each layer’s responses are remodeled
[15]. Actually, decomposition method attracts more attention, among which low
rank decomposition methods become increasingly hotspot of research. LeCun
et al. [20] use optimal brain damage interactively to reduce the number of para-
meters in neural network by a factor of four. Denil et al. [11] demonstrate that
there are usually heavy over-parameterization problems for deep networks. Thus
a small subset of parameters should be employed to accurately predict remain-
ing ones. Jaderberg et al. [12] further adopt low rank decomposition to speed up
processing of convolutional layers. They present two rank-1 filter decomposition
schemes to attain approximations for scene text character recognition. Similar
work is concurrently investigated by Denton et al. [13], who extend low rank
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tensor approximation methods to a remarkable larger model. But they only
illustrate effectiveness of their methods on the first two convolutional layers.
Lebedev et al. [14] decompose low rank convolutional product of 4D convolu-
tional kernel tensor into a sum of four small number of rank-1 tensors. Instead
of approximating linear filters or linear responses, Zhang et al. [15] minimize the
reconstruction error of nonlinear responses and exploit channel level decomposi-
tion to reduce complexity. Chen et al. [21] further propose HashedNets to exploit
inherent redundancy in neural networks.

The second approaches for accelerating test time computation are knowledge
distilling based training methods, which aim to teach small student network with
large teacher network. Knowledge distilling is proposed by Hinton et al. [16] so
as to speed up inference time. They are viewed as a different kind of train-
ing method, where knowledge is compressed and transferred from cumbersome
model into compact one. In fact, similar ideas could date back to [17], where
large complex ensembles are compressed into single fast model without any sig-
nificant loss of accuracy. Similar to knowledge distillation, a learning method
with teacher-student architecture is presented by Ba and Caruana [18], which
demonstrates that shallow network can also learn complicated nonlinear map-
pings from deep network and then achieve accuracy similar to deep network.
Following such work, a deep and thin network FitNet [19] is trained . In addi-
tion, knowledge is transferred from intermediate hidden layers of teacher network
(hint) to that of student network (guided) in hint/guided-based training.

In addition to the above-mentioned two methods, hardware-specific optimiza-
tion can also reduce test time complexity. Vanhoucke et al. [7] make efforts to
lower computational cost on x86 CPUs, where data layout, computation batch-
ing, and fixed-point SIMD operations can be utilized to effectively optimize large
matrix computations. Farabet et al. [8] design a large scale FPGA-based archi-
tecture for convolutional networks. A new way to parallelize training of CNNs
across multiple GPUs is presented in [9]. As major open source frameworks,
both cuda-convnet [1] and caffe [10] provide effective GPU acceleration for CNN
computation. Besides that, based on FFT, Mathieu et al. [22] transform con-
volutional operation to the Fourier domain, where feedforward convolutional
operation with speed-up of approximately 2 times is done.

3 Method

3.1 CNN Architecture with Dominant Convolutional Kernels

Convolutional layer, which has a set of learnable parameters, plays a critical
role in CNNs. In fact, most of parameters and computational burden lie in
such convolutional layers. To compress regular CNN architecture, convolutional
layer is the most profitable target. In this paper, we propose a new dominant
convolutional kernel method to accomplish compression of convolutional layers.

Suppose that ci and co indicate the number of input and output channels,
respectively, and kh and kw the height and width of convolutional kernel, respec-
tively. For regular convolution (Fig. 1(a)), we have convolutional kernels of ci × co
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Fig. 1. Dominant Convolutional Kernel (DK). (a) Regular convolutional kernel;
(b) DK of 1× 1; (c) DK of 1× 2; (d) DK of 1×n.

in total. In fact, convolutional operations on input feature maps are regarded as
feature extraction, while the summation of corresponding temporarily convolved
feature maps could be considered as feature combination.

As for our dominant convolutional kernels shown in Figs. 1(b) and 3(d), fea-
ture is extracted only for single incoming feature map, while feature combination
is done across temporarily convolved maps through 1× 1 weights. Specifically,
instead of convolving input feature maps with ci × co convolutional kernels in
regular convolutional layer, we merely employ ci convolutional kernels, called
dominant kernel (DK) in this paper. Apparently, there is 1-to-1 correspondence
between inputs and temporarily convolved feature maps. This can be extended to
the 1-to-n case, where 1 ≤ n≤ kh × kw as shown in Fig. 1(c) and (d). As a result,
we have a total of parameters of n× ci × kh × kw in such feature extraction phase.
During feature combination, each output channel is a weighted sum of all the
temporarily convolved maps. Note that weight vectors of n× ci are exploited for
combination of different maps. Thus there are totally n× ci × co parameters in
such combination procedure. As n reaches up to the maximum of kh × kw, our
dominant convolutional layer may have capabilities of approximation similar as
regular convolutional layer. It is because linear independence vectors of kh × kw

determine a set of basis vectors for kh × kw-dimensional feature spaces.
Our dominant convolutional layer uses parameters of n× ci × kh × kw +

n× ci × co in total, which is only as many as n/co +n/(kh × kw) times of regular
convolutional layer. For example, let us consider a commonly used convolutional
configuration with a receptive field of 3× 3 and 96× 96 convolutional kernels. In
this case, a dominant convolutional layer merely contains 12 % (1-to-1) and 24 %
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Fig. 2. Knowledge Pre-regression training method.

(1-to-2) of the parameters. Owing to the fact that computational compl exity is
proportional to the number of parameters in a convolutional layer, time consum-
ing is dramatically reduced. Moreover, the hyper-parameter n can be exploited
to balance approximation capability and computational cost of a dominant con-
volutional layer.

3.2 Knowledge Pre-regression Training Method

Knowledge distillation lately proposed by Hinton et al. [16] aims to transfer
knowledge from teacher network to student network. Knowledge of teacher net-
work is usually stored in a form of parameters. Convolutional kernel parameters
seem like too abstract, which makes it even hard to carry out knowledge transfer.
In general, knowledge is defined as nonlinear mappings that map an input image
to a target probability distribution (i.e. the output of softmax layer). Further-
more, such probability distribution of teacher network is transferred to student
network. Romero et al. [19] extend such idea to transfer knowledge of interme-
diate hidden layers of teacher network to student network. Following this, we
propose a knowledge pre-regression (KP) method to perform such knowledge
transfer between teacher and student networks. In addition, we take advantage
of the cross entropy loss function as our objective function, rather than Euclid-
ean distance utilized in [19]. Actually, it is demonstrated to be more stable and
robust.

Second, we choose the hint and guided layer pairs [19] for teacher network
and student network, respectively. Considering that student network is often
much simpler than its teacher network, a layer-by-layer pre-regression may lower
recognition capabilities of student network. Based on our empirical data, the
selection of pooling layers as hint/guided layers, which are further employed for
performing knowledge pre-regression, is verified to be effective enough.

The hint/guided layer pairs, however, usually have different dimensions.
Romero et al. [19] deal with this problem by introducing a convolutional regres-
sor to match their dimensions, where Euclidean loss is utilized to optimize them.
Although this method is simple, it is hard to converge. In this paper, we propose
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a KP-based training method to tackle such problem, as shown in Fig. 2. An aux-
iliary regressor with a fully-connected layer Rt and the ground truth label l is
introduced to the hint layer to generate a target probability distribution bt. The
probability distribution is then transferred to the guided layer. Meanwhile, we
add another auxiliary regressor with a fully-connected layer Rs for the guided
layer of student network. Furthermore, we adopt the cross entropy loss function
to connect the hint and the guided layers. The loss function in our KP-based
training method can be written as Eqs. (1), (2), and (3),

LKB(Ws, Rt, Rs) = λH(bτ
t , bτ

s ) + S(l, bt) (1)

bτ
t = softmax

(
h(x;Wt, Rt)

τ

)
(2)

bτ
s = softmax

(
g(x;Ws, Rs)

τ

)
(3)

where S and H represent the loss function of softmax and cross entropy, respec-
tively, h and g are two functions that map an input image x to the hint and the
guided layers, respectively, Wt and Ws stand for parameters in teacher network
and student network, respectively, a temperature parameter τ [16] is utilized to
soften the probability distribution over classes, and λ is a hyper-parameter used
to balance these two loss functions.

We train our student network by minimizing the loss function below,

L(Ws) = λH(pτ
t , pτ

s ) + S(l, ps) +
∑

i=1···l
λiH(bτ(i)

t , bτ(i)

s ) + S(l, b(i)t ) (4)

where pt and ps are the output probability of the teacher and student networks,
respectively, and l indicates the hint/guided layers that we select. In our exper-
iments, only the first two pooling layers are chosen as our hint/guided layers,
which are further used for knowledge pre-regression.

3.3 Discussion

As described above, we present a model compression method using dominant
convolutional layers, which can greatly decrease the number of parameters and
computational burden as well. Although our method is also based on a low rank
decomposition method, it is different from Jaderberg et al.’s [12] and Zhang et
al.’s[15] methods, as shown in Fig. 3. Jaderberg et al. (Fig. 3(b)) approximate
regular convolution as a composition of two linear mappings with intermediate
maps. Each of two mappings convolves its input with a receptive field of 1× d or
d × 1. Zhang et al. (Fig. 3(c)) also adopt a two-step decomposition with interme-
diate maps. The decomposition is only conducted on the channel. Our dominant
convolutional kernel (Fig. 3(d)) seems very similar to Zhang et al.’s method.



Accelerating Convolutional Neural Networks 539

Fig. 3. Comparison to existing model compression methods. (a) Regular convolution
operation; (b) Jaderberg et al.’s [12]; (c) Zhang et al.’s [15]; (d) The proposed DK
decomposition.

But the difference is on the first decomposition step, instead of using a reg-
ular convolution, we use single or multiple dominant convolutional kernels to
separately convolve each incoming feature map in order to further reduce com-
putational complexity.

In order to improve performance of compressed model, we introduce a KP-
based training method. We follow the work of Hinton et al. [16] and Romero
et al. [19] and extend such work to intermediate layers and make it easy to
converge through reconstructing objective function. As shown in Fig. 2, this
architecture looks like two DSN models [23], although they have different mean-
ings. DSN pays attention to improving classification performance of single model
by introducing so-called companion objective to individual hidden layers, while
our KP-based method focuses on knowledge transfer. Knowledge pre-regression
enables our student model to have possibility of retaining a good balance between
recognition and generalization capabilities.

4 Experimental Results

4.1 Overall Settings

We conduct our experiments based on the framework of caffe [10], running on two
GPUs with data parallelism. We test the DK2PNet models on several different
benchmark datasets, including CIFAR-10 [4], CIFAR-100 [4], MNIST [5], and
SVHN [6]. As an exceptional case, we complete more experiments on CIFAR-
10 so as to specifically demonstrate effectiveness and efficiency of the proposed
method.
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For comparison, our DK2PNet models are trained only by replacing KP-
based training method with stochastic gradient descent (SGD) algorithm, which
is denoted as DK2PNet (SGD). In all the experiments, we set a mini-batch of
96. The learning rate is initially assigned to 0.01. As the loss begins to reach an
apparent plateau, we drop this learning rate by a constant factor of 10 through-
out training, repeatedly decreasing it three times until it arrives to 1e−5. In
regular convolutional layers and dominant convolutional layers, the learning rate
for bias is selected to twice as big as for weights. A momentum of 0.9 is adopted
in the entire training process to make SGD stable and fast. We also exploit both
weight decay and dropout for preventing over-fitting. All the learnable parame-
ters make use of the same weight decay of 0.004. Dropout with a small ratio
of 0.1 is introduced after each convolutional layer. Hyper-parameters such as
weight factors of λ, λ1 and λ2 are carefully adjusted so as to yield better per-
formance. In our experiment, we make fine-tuning of λ, λ1, and λ2 in interval of
[0.0001, 1], where λ ≥λ1 ≥ λ2. In fact, λ = 0.1 for the softmax layer, λ1 = 0.01
for the second pooling layer, and λ2 = 0.001 for the first pooling layer are a set
of workable parameters. For all the datasets, image samples are preprocessed
with removing the pre-pixel mean over their entire training dataset.

4.2 Setup of DK2PNet Architecture

We design a couple of DK2PNets with similar architecture but different parame-
ters. Assume that there are K incoming feature maps for all the convolutional
layers, whatever they are either regular or dominant. We adopt the same nota-
tion as [24] for convenience, i.e. DK2PNet-K or CNN-K, which stands for the
teacher network in our experiments, means that there are K feature maps in
each layer.

The CNN-K is composed of 11 layers, including ten convolutional layers and
one fully-connected layer. Three pooling layers succeed the 2nd, the 6th, and
the 10th convolutional layers, respectively. Finally, a softmax layer is utilized to
produce the final classification.

As the student network, DK2PNet-K is structurally similar as its teacher
network CNN-K. By substituting the second convolutional layer to the last one
of CNN-K with dominant convolutional layers, it gives rise to our DK2PNet-K.
Note that the first convolutional layer in DK2PNet-K is just a regular convolu-
tional layer as warm-up.

In all regular and dominant convolutional layers, a reception field of 3 × 3
with stride and padding of 1 is employed for preserving spatial resolution. For
the first two average pooling layers, we use a pooling area of 2 × 2 with stride
of 2. A global average pooling is exploited as the last pooling layer. Additionally,
all convolutional layers are combined with regularization of batch normalization
[25], ReLU non-linearity, and dropout with a small drop ratio of 0.1. As a result,
the DK2PNet-K (1-to-1) has a total of (9K2 +108K) parameters, while regular
teacher CNN-K has (81K2 + 27K) parameters.
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4.3 CIFAR-10

CIFAR-10 [4] is a labeled subset of 80 million tiny image dataset. It contains
60,000 color images with size of 32 × 32. These images are categorized into 10
classes with 6,000 images per class. Such dataset is divided into five training
batches and one test batch. Consequently, there are 50,000 training image sam-
ples and 10,000 test ones.

Table 1. Approximation capabilities of dominant convolutional kernel.

Model CNN-96 DK2PNet-96

1-to-1 1-to-2 1-to-3 1-to-4 1-to-5 1-to-6 1-to-7 1-to-8 1-to-9

#param 0.75M 0.09M 0.18M 0.28M 0.37M 0.46M 0.55M 0.64M 0.73M 0.82M

Error (%) 7.82 9.59 8.98 8.55 8.26 7.98 8.25 8.56 8.21 8.03

To gain insight into approximation capabilities of DK2PNet, nine DK2PNet-
96 models with different compression ratio are trained for comparison. As shown
in Table 1, the teacher network CNN-96 is the base line model, while the student
network DK2PNet-96 is the compressed model produced by replacing the second
to the last convolutional layers with the dominant convolutional layers. All these
10 models are embedded with BN and Dropout, and trained with SGD algorithm
for the sake of comparison. The experimental results obtained are rather encour-
aging, the DK2PNet-96 (1-to-1) with 0. 09 million parameters can achieve a test
error of 9.59 %. Although it is not the best model on CIFAR-10, it is most
likely to be the smallest model with test error of less than 10 %. By decreas-
ing the compression ratio, we are able to improve performance of DK2PNet-96,
and the best compression performance is achieved by the DK2PNet-96 (1-to-5).
Unexpectedly, the DK2PNet-96 (1-to-9), which has a slightly larger number of
parameters compared to its teacher, cannot perform as good as its teacher. Such
performance degradation is probably attributed to the training difficulty caused
by the increase in depths and free parameters.

Furthermore, we complete comparative study to verify effectiveness of our
knowledge pre-regression (KP) training method given in Sect. 3.2. From Table 2,
the four DK2PNets are trained with KP-based method and SGD algorithm,
respectively. For the KP-based training method, we choose two teacher networks
with different recognition performance to teach our DK2PNet. Compared to
SGD algorithm, KP-based training method is able to improve performance of
all the four models. There is only a slight improvement for DK2PNet-96 (1-
to-1). The reason is that it seems like too small to optimize. Using KP-based
training method, performance of DK2PNet-128 (1-to-2) with more parameters is
made better from a test error rate of 8.31 % to that of 7. 90 %. Even given that
a teacher network achieves relatively poor performance, the use of it to train
student networks also helps improve accuracy. By contrast, a good teacher could
be more valuable.
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Table 2. Comparison of our KP training method with SGD algorithm.

Model #parameter Test error (%)

SGD training

DK2PNet-96 (1-to-1, BN) 0.09 M 9.59

DK2PNet-96 (1-to-2, BN) 0.18 M 8.98

DK2PNet-128 (1-to-2, BN) 0.32 M 8.31

DK2PNet-160 (1-to-2, BN) 0.49 M 7.91

KB-based training

Good teacher 0.75 M 7.82

DK2PNet-96 (1-to-1, BN) 0.09 M 9.52

DK2PNet-96 (1-to-2, BN) 0.18 M 8.73

DK2PNet-128 (1-to-2, BN) 0.32 M 7.90

DK2PNet-160 (1-to-2, BN) 0.49 M 7.60

Poor teacher 0.75 M 12.18

DK2PNet-96 (1-to-1, BN) 0.09 M 9.57

DK2PNet-96 (1-to-2, BN) 0.18 M 8.78

DK2PNet-128 (1-to-2, BN) 0.32 M 7.96

DK2PNet-160 (1-to-2, BN) 0.49 M 7.70

Table 3. Comparison between different normalizations on CIFAR-10.

Model #parameter Test error (%)

CNN-96 (LRN) 0.75 M 12.18

DK2PNet-96 (1-to-1, LRN) 0.09 M 26.88

DK2PNet-96 (1-to-2, LRN) 0.18 M 26.52

DK2PNet-128 (1-to-2, LRN) 0.32 M 25.01

CNN-96 (BN) 0.75 M 7.82

DK2PNet-96 (1-to-1, BN) 0.09 M 9.59

DK2PNet-96 (1-to-2, BN) 0.18 M 8.98

DK2PNet-128 (1-to-2, BN) 0.32 M 8.31

Excellent performance of DK2PNet should be partially attributed to regu-
larization of batch normalization (BN) [25]. Comparative study of this issue is
conducted on regular CNN and DK2PNet. We train the following two sets of
models: one is included with BN layers and another with LRN layers, instead
of. The experimental results obtained are provided in Table 3. Apparently, the
networks with LRN layers have very poor performance. This illustrates that nor-
malization is able to significantly enhance approximation capabilities of CNN
models, which gives us more confidence to take advantage of our KP-based
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training method presented in Sect. 3.2. In fact, the KP-based training method
can also be seen as a kind of regularization.

Finally, we compare our methods with the state of the art models without
any data augmentation. First, the teacher network CNN-96 with 0.75 million
parameters is trained as our base line model. Second, we compress CNN-96 to
give rise to the small model of DK2PNet-96 (1-to-2) with 0.18 million parameters
and then achieve a test error of 8.73 %. We expand this model with more hidden
units. The generated DK2PNet-160 (1-to-2) with 0.49 million parameters has
a test error of 7.60 % and outperforms its teacher network, which becomes the
best record on such dataset if any data augmentation is not adopted (Table 4).

To keep consistent with previous work, we also test our models with data
augmentation of translation and horizontal flipping on CIFAR-10. We randomly
crop a portion of 24 × 24 pixels from original images and flip them horizon-
tal randomly. In the test phase, five 24 × 24 crops from four corners and one
center with their horizontal flipping crops are employed for testing. The final
test results are found by an average of all the outputs of ten crops. With SGD
training, the DK2PNet-96 (1-to-1, SGD) with 0.09 million parameters yields a
test error of 8.78 %, while a test error of 6.44 % of the DK2PNet-256 (1-to-1,
SGD) almost approaches the state of the art result of 6. 05 % provided in [29].
But our DK2PNet-256 (1-to-1) model merely exploits 34 % of the parameters in
comparison with [29].

4.4 CIFAR-100

Like CIFAR-10, CIFAR-100 [4] has the same training and test sizes but con-
tains 100 classes. Using the same procedure as CIFAR-10, we train a couple of
DK2PNet models on such dataset and compare them with the state of the art
models (as listed in Table 5). It is easy to see that the DK2PNet-160 (1-to-2)
achieves a test error of 31.39 % without any data augmentation. Note that it
contains only 0.49 million parameters, which is less than its teacher network
CNN-96, and reaches roughly 26 % of the state of the art lightweight model [24].

4.5 MNIST

MNIST [5] is a handwritten digits dataset with digits from 0 to 9. Each image
sample in MNIST has been centered and size-normalized to 28× 28 grayscale
image. It contains 60,000 training images and 10,000 test images. We exploit
the small DK2PNet-96 (1-to-2) model with 0.18 million parameters for such
relatively simple benchmark problem. It is readily observed from Table 6 that
we achieve a test error rate of 0.31 % that is very close to [29], while requiring the
least number of parameters, which is reduced by 0.15 million w.r.t. its teacher
network CNN-64 and by 1.67 million compared to Tree+Max+Avg [29].

4.6 SVHN

SVHN [6] is a real image dataset, which is collected from house numbers in
Google street view images. It includes 73,257 training images, 26,032 test images,
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Table 4. Comparison with existing models on CIFAR-10.

Model #parameter Test error (%)

Without data augmentation

Maxout [26] >5 M 11.68

NIN [27] 0.97 M 10.41

DSN [23] 0.97 M 9.69

RCNN [24] 1.86 M 8.69

ALL-CNN [28] 1.4 M 9.08

Tree+Max-Avg [29] 1.85M 7.62

Teacher (CNN-96) 0.75 M 7.82

DK2PNet-96 (1-to-2) 0.18 M 8.73

DK2PNet-128 (1-to-2) 0.32 M 7.90

DK2PNet-160 (1-to-2) 0.49 M 7.60

With data augmentation

Maxout [26] >5 M 9.38

DropConnect [30] - 9.32

NIN [27] 0.97 M 8.81

DSN [23] 0.97 M 8.22

RCNN [24] 1.86 M 7.09

Highway Network [31] 2.3 M 7.54 (7.72± 0.16)

ALL-CNN [28] 1.4 M 7.25

ResNet [32] 1.7M 6.43 (6.61± 0.16)

Fitnet4-LSUV [33] 2.5M 6.06

Tree+Max-Avg [29] 1.85M 6.05

Tuned CNN [34] 1.29M 6.37

DK2PNet-96 (1-to-1, SGD) 0.09 M 8.78

DK2PNet-96 (1-to-2, SGD) 0.18 M 7.68

DK2PNet-128 (1-to-2, SGD) 0.32 M 7.06

DK2PNet-160 (1-to-2, SGD) 0.49 M 7.06

DK2PNet-256 (1-to-1, SGD) 0.62 M 6.44

and an extra 531,131 additional samples of less difficulty for training. Among
two formats for such dataset, we adopt the second format. When multiple digits
simultaneously appear in single image, we only need to recognize the centering
one. The experimental results show that our DK2PNet-160 (1-to-2) with 0.49
million parameters yields a test error of 1.83 %, as listed in Table 7. Note that
the number of parameters of DK2PNet-160 (1-to-2) is significantly decreased
compared to RCNN [24] and Tree+Max+Avg [29].
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Table 5. Comparison with existing models on CIFAR-100.

Model #parameter Test error (%)

Without data augmentation

Maxout [26] >5 M 38.57

Tree based priors [35] - 36.85

NIN [27] 0.98 M 35.68

DSN [23] 0.98 M 34.57

RCNN [24] 1.86 M 31.75

ALL-CNN [28] 1.3 M 33.71

Highway Network [31] 2.3 M 32.24

Tree+Max-Avg [29] 1.76 M 32.37

ELU-Network [36] 39.32 M 24.28

Teacher (CNN-96) 0.75 M 33.63

DK2PNet-96 (1-to-2) 0.18 M 35.24

DK2PNet-128 (1-to-2) 0.32 M 34.48

DK2PNet-160 (1-to-2) 0.49 M 31.39

With data augmentation

Fitnet4-LSUV [33] 2.5 M 27.66

Tuned CNN [34] 1.29 M 27.40

Table 6. Comparison with existing models on MNIST.

Model #parameter Test error (%)

Without data augmentation

Maxout [26] 0.42 M 0.45

NIN [27] 0.35 M 0.47

DSN [23] 0.35 M 0.39

RCNN [24] 0.67 M 0.31

Tree+Max-Avg [29] 1.85 M 0.31

FitNet-LSUV-SVM [33] 0.03 M 0.38

Tree+Max+Avg [29] 1.85 M 0.29

Teacher (CNN-64) 0.33 M 0.33

DK2PNet-64 (1-to-2) 0.09 M 0.38

DK2PNet-96 (1-to-1) 0.09 M 0.36

DK2PNet-96 (1-to-2) 0.18 M 0.31

With data augmentation

Dropconnect [30] - 0.21

MCDNN[37] - 0.23
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Table 7. Comparison with existing models on SVHN.

Model #parameter Test error (%)

The state of the art models

Maxout [26] >5 M 2.47

NIN [27] 1.98 M 2.35

DSN [23] 1.98 M 1.92

RCNN [24] 2.67 M 1.77

Tree+Max+Avg [29] 4.00M 1.69

Teacher (CNN-96) 0.75 M 1.82

DK2PNet-96 (1-to-2) 0.18 M 2.04

DK2PNet-128 (1-to-2) 0.32 M 1.95

DK2PNet-160 (1-to-2) 0.49 M 1.83

5 Conclusion

In this paper, we propose a model acceleration method using dominant convo-
lutional kernel and knowledge pre-regression. First, by replacing regular con-
volutional layers with dominant convolutional layers, CNN architecture can be
simplified significantly, resulting in efficient model acceleration. To tackle per-
formance degradation problems caused by compression, a new knowledge pre-
regression training method is further presented to transfer knowledge of inter-
mediate hidden layers from original teacher network to its compressed student
network. It makes student network quickly learn and generalize well. Finally, our
experimental results show that the proposed DK2PNet provides near state of the
art test errors, while requiring notably fewer parameters than regular CNN mod-
els. For example, without any data augmentation, the DK2PNet-160 yields the
best performance of 7.60 % on CIFAR-10 using almost 3.8 times less parameters,
when compared to existing state of the art results of 7.62 % [29]. On CIFAR-
100, while the DK2PNet-160 achieves better performance with a test error of
31.39 % that is close to [36], it only requires roughly 80.2 times fewer parame-
ters. On MNIST without any data augmentation, the DK2PNet-96 with 0.18
million parameters, which is the least number of parameters adopted, obtains a
test error of 0.31 %. Our DK2PNet-160 receives near state of the art result of
1.83 % on SVHN benchmark with roughly 12 % of the parameters in comparison
with [29], dramatically reducing the number of parameters by a factor of 8.
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