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a b s t r a c t 

Recently, Deep Learning (DL) method has received a significant breakthrough in the data representation, 

whose success mainly depends on its deep structure. In this paper, we focus on the DL research based 

on Support Vector Machine (SVM), and first present an Ex-Adaboost learning strategy, and then propose 

a new Deep Support Vector Machine (called DeepSVM). Unlike other DL algorithms based on SVM, in 

each layer, Ex-Adaboost is applied to not only select SVMs with the minimal error rate and the highest 

diversity, but also to produce the weight for each feature. In this way, new training data is obtained. By 

stacking these SVMs into multiple layers following the same way, we finally acquire a new set of deep 

features that can greatly boost the classification performance. In the end, the training data represented 

by these new features is regarded as the input for a standard SVM classifier. In the experimental part, 

we offer these answers to the following questions: 1) is the deep structure of DeepSVM really useful for 

classification problem? 2) Does Ex-Adaboost work, and is it helpful for further improving on DeepSVM’s 

performance with respect to the deep structure? 3) How much improvement in classification accuracy of 

DeepSVM, compared with other exist algorithms? 

© 2016 Elsevier B.V. All rights reserved. 
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1. Introduction 

For the classification problem, the performance of learning al-

gorithms extremely depends on the nature of data representation

[6] . In 2006, Geoff Hinton reported a significant breakthrough in

the feature extraction, and firstly proposed the concept of “Deep

Learning (DL)” [21,22] . After then, DL has generated considerable

recent research interest in various fields [5,12,18,35] . Essentially, as

a feature extracting method, DL attempts to obtain the high-level

feature abstractions by learning multiple feature architectures in

the training process. Each iteration of DL is an unsupervised fea-

ture learning process, and the combination of multiple layers can

produce a deep supervised predictor [6] . 

Deep Belief Networks (DBN) based on Restricted Boltzmann

Machines (RBMs) is a representative algorithm of DL [21] , which

is comprised of multiple layers of hidden units. There are con-

nections between the layers but none among units within each

layer [20] . First, DBN implements to train data in an unsupervised
∗ Corresponding author. Tel.: +86-10-82680997; fax: +86-10-82680997. 
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earning way. In this stage, DBN learns the common features of in-

uts as much as possible. Second, DBN can be further optimized

n a supervised way, and then constructs the corresponding model

or classification or other pattern recognition task. Convolutional

eural Networks (CNN) is another example of DL [17,25,28,29,34] ,

hich greatly successes in digit recognition field [25] . CNN is in-

pired by the visual system’s structure, and imitates the visual sys-

em to extract and recombine the orientations information. In ad-

ition, CNN is also a multiple layers neural networks, and each

ayer contains several two-dimensional planes that are composed

y many neurons. One principal advantage of CNN is that the

eight in each convolutional layers is shared. In other words, the

eurons in each two-dimensional plane uses the same filter, which

reatly reduces tunable parameters and the computation complex-

ty [2,4] . Auto Encoder (AE) is also stacked to train a deep archi-

ectures in a greedy layer-wise manner [2,7,19,23,24,32,33] . For a

eural Networks (NN) system, suppose that the output itself is the

nput data. By adjusting the weight of each layer, we will be able

o obtain the different data representations for the original data. In

ther words, AE is an NN of reconstructing the input data, which is

omposed of encoder and decoder. In addition, other DL methods

an be found in [2,8,27] . 

http://dx.doi.org/10.1016/j.knosys.2016.05.055
http://www.ScienceDirect.com
http://www.elsevier.com/locate/knosys
http://crossmark.crossref.org/dialog/?doi=10.1016/j.knosys.2016.05.055&domain=pdf
mailto:tyj@ucas.ac.cn
http://dx.doi.org/10.1016/j.knosys.2016.05.055
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. Related work and Motivation 

.1. Related work 

From the literatures above, we can tell that there are various

ethods to realize the deep architecture of DL. The motivation of

his paper focuses on the DL research based on Support Vector

achine (SVM) [3,13,15,31,39,40] . In the early 90s, Vapnik et al.

roposed the famous SVM method, which gradually became one

f the most popular machine learning methods in the past few

ecades. The remarkable success of SVMs due to three key ele-

ents: the principle of maximum margin, dual theory, and kernel

rick. The standard Support Vector Classification (SVC) maximizes

he margin based on structural risk minimization (SRM). Dual the-

ry makes the introduction of kernel function possible. Then, the

ernel trick is applied to adapt nonlinear cases [38] . 

How to apply the nature of SVM to further improve the perfor-

ance of DL is a very valuable research. Fortunately, huge progress

as been obtained in this direction nowadays. Sangwook Kim et al.

ntroduced a new family of positive-definite kernel functions to

imic the computation in large, multi-layer neural nets. These

ernel functions can be both used in shallow architectures and

alled Multi-layer Kernel Machines (MKMs) in deep architectures.

hey evaluated SVMs and MKMs in the experiments on multi-

lass classification, and showed the advantages of deep architec-

ures [10,11] . In addition, Yichuan Tang replaced the soft-max layer

f CNN with a linear SVM. The learning mechanism minimized

 margin-based loss instead of the cross-entropy loss of CNN.

ompared with other methods, the reported results demonstrated

hat their method could offered significant superiority on popu-

ar deep learning datasets, such as MNIST, CIFAR-10, and the ICML

013 Representation Learning Workshop’s face expression recogni-

ion challenge [37] . On the other hand, Azizi Abdullah et al. pro-

osed a new deep architecture called D-SVM. D-SVM was firstly

rained by the traditional way and then applied the kernel activa-

ions of support vectors as inputs for the next layer. Furthermore,

hey combined different descriptors in an ensemble of deep SVMs,

nd experimental results illustrated that D-SVM with the prod-

ct rule performed significantly better than a standard SVM [1] .

urthermore, Sangwook Kim et al. proposed a deep network with

VMs. By stacking SVMs, they extracted features with support vec-

ors which maximized the margin performance. Experimental re-

ults testing on Wisconsin Breast Cancer Database also verified its

erfect behaviour on every layer. Higher layer SVMs behaved bet-

er generalization performance [26] . M.A. Wiering et al. proposed

 deep SVM for regression problems (called MLSVM (Multi-Layer

upport Vector Machine)). The system was trained by a simple gra-

ient ascent learning rule on a min-max formulation of the opti-

ization problem. A two-layer DSVM was compared to the regular

VM on ten regression datasets and the results supported that the

SVM outperformed the SVM [42,43] . 

.2. Motivation and contribution 

It is true that the methods mentioned above have been suc-

essfully implemented DL structure based SVM, but there are still

any shortcomings and improvable issues. For example, MKMs

ses the arc-cosine kernel functions to realize the deep kernel-

ased architectures, but the kernel selection is still a challenging

roblem, which greatly affects the quality of data representation.

or D-SVM, how to deicide the parametric-type issues, such as

ernel functions, the number of SVMs, weights of features is still

nanswered and problematic. Furthermore, MLSVM is trained by

 simple gradient ascent learning rule on a min-max formulation

f the optimization problem, whose structure is similar to a neu-

al network, in other words, different with the deep structure. As
 result, when encountering many parameters of each layers, this

ethod is prone to fall into a local optimum. 

In this paper, inspired by the ensemble learning [16] , we pro-

osed a new Deep Support Vector Machine (called DeepSVM). For

ach layer, we firstly design an Ex-Adaboost learning strategy to

elect SVMs with the minimal error rate and the highest diver-

ity. Then, according to the classification performance, we deter-

ine each feature’s weight for the training data of the next layer.

s the number of layers increases, we can guarantee to obtain bet-

er data representation thanks to Ex-Adaboost and the deep struc-

ure. Finally, standard SVM is applied to train the deep structure

ransformed data sets to obtain the final classifier. 

DeepSVM has the following advantages: 1) different with the

raditional deep structure, each layer of DeepSVM is trained by su-

ervised learning. In other words, DeepSVM generates new train-

ng data in each layer under the supervision of labels, which facil-

tates the final classification. 2) Many parameters (such as kernel

unctions, the number of SVMs, weights of features) can be pre-

efined by Ex-Adaboost. All experiments report that this is a good

arameters learning strategy. 

In summary, our paper makes two main contributions. First, we

evelop a new Deep Support Vector Machine. Second, in the ex-

erimental part, we try to give answers to a series of problems

uch as how important of deep structure for SVMs, evaluating the

ffectiveness of Ex-Adaboost and the performance comparison of

eepSVM with other algorithms. 

The remaining content is organized as follows. In Section 3 , we

ethodically introduce our algorithm: DeepSVM. In Section 4 , we

erform experiments of DeepSVM on various data sets. We will

onclude our work and depict outlook in Section 5 . 

. DeepSVM 

In this section, we focus on the detailed description of the pro-

osed algorithm. Firstly, a classification problem with the training

ata can be expressed as follows: 

 = { (x 1 , y 1 ) , · · · , (x l , y l ) } ∈ (� 

N × Y) l , (1) 

here x i ∈ � 

N , y i ∈ Y = { 1 , −1 } , i = 1 , · · · , l. To meet our mecha-

ism, the architecture of DeepSVM is simply illustrated in Fig. 1 . 

From Fig. 1 , we can tell that the multi-layer architecture con-

ains an input layer of data, hidden layers and an output layer.

hen, in the k -th layers, there are n SVMs, which are functioned

he new features translation for the next layer. Here, how to mea-

ure the importance of each feature and how to select the optimal

lassifiers for the k -th layer are two key issues, which will directly

nfluence the performance of the model. As a main contribution

f this paper, we employ an ensemble method (Ex-Adaboost) to

upervise the adjustment of kernel parameters and weight coef-

cients for each layer. In detail, for each layer learning, both the

rror rate ε t and P-Value’s correlation are considered to tune each

eak classifier’s weight, which endows the new training data more

ifferent and representative features. With the increase of layers,

ccording to deep learning’ mechanism, we can obtain better data

xpression for final classification task, which is a principle differ-

nce compared to traditional shallow learning algorithms. 

Due to the output of each layer is treated as the new training

ata for next layer, the k -th layer training data can be expressed as

2) 

 

k = { ([ f k −1 
1 ( f k −2 

1 · · · f 1 1 )(x 1 ) , · · · , f k −1 
n ( f k −2 

n · · · f 1 n )(x 1 )] , y 1 ) , · · · , 

([ f k −1 
1 ( f k −2 

1 · · · f 1 1 )(x l ) , · · · , f k −1 
n ( f k −2 

n · · · f 1 n )(x l )] , y l ) } 
∈ (� 

n × Y) l (2)

Finally, SVM is applied to construct the decision function by

raining the extracted feature vector in hidden layers. In the
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Fig. 1. Description for DeepSVM. 
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Algorithm 2 DeepSVM 

Input: Training set { (x 1 , y 1 ) , · · · , (x l , y l ) } ∈ (� 

N × Y) l . 

Initialize: Set the range of C and σ of RBF kernel parameter 

in SVM, C = [2 −8 , · · · , 2 8 ] , σ = [2 −8 , · · · , 2 8 ] . 

Loop: For k = 1 , · · · , K : 

• Carry out Ex-Adaboost. 

• Construct new training data { (x k +1 
1 

, y 1 ) , · · · , 

(x k +1 
l 

, y l ) } ∈ (� 

n × Y) l . 

Output: Obtain the final classifier: 

f (x ) = sgn ( 
n ∑ 

i =1 

y i α
∗
i (x K+1 

i 
· x ) + b ∗) . 
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following part, we will describe how to use Ex-Adaboost method

to extract features which are obtained by hidden layers. 

3.1. Extract features via Adaboost (Ex-Adaboost) 

In this section, we will utilize Adaboost method to extract new

features and construct new training data for each layer. However,

standard Adaboost cannot be directly applied to feature extraction

of hidden layers. On the other hand, our aim is to find feature ex-

pressions as diverse as possible. Thus, the objective function of Ad-

aboost needs to maximize the irrelevance among various features.

Here we employ Pearon Value (P-Value) to compute the correlation

coefficient r [36] : 

r = R (X, Y ) = 

∑ 

(X − X̄ )(Y − Ȳ ) √ ∑ 

(X − X̄ ) 2 (Y − Ȳ ) 2 
, (3)

where X , Y represents two different random variable, and X̄ , Ȳ are

mean values of X and Y , respectively,. Finally, the new Adaboost

method (called Ex-Adaboost) can be expressed as Algorithm 1 . 

In detail, Adaboost employs several classifiers to enhance the

performance in classification. The mechanism in Algorithm 1 pre-

cisely follows which in original Adaboost. On one hand, Ex-

daboost algorithm inherits the deep structure with multi-layer.

On the other hand, in every individual layer, ensemble learning

mechanism is applied to boost the effectiveness of weak classifiers

as well as the diversity in multiple classifiers. 
Algorithm 1 Ex-Adaboost. 

Input: Training set in the k -th { (x k 
1 
, y 1 ) , · · ·, (x k 

l 
, y l ) } ∈ (� 

n × Y) l . 

Initialize: The weight of samples: w 

1 
i 

= 1 /l.i = 1 , · · · , l. 

Loop: For t = 1 , · · · , n : 

• By selecting kernel parameters, obtain the error 

measurement εt : εt = a ∗ 1 
r t 

+ (1 − a ) ∗ ε t , where r t 

can be written as: r t = min 

t 
′ =1 , 2 , ··· ,t−1 

R ( f 
t 
′ (x k ) , f t (x k )) , 

and ε t = 

∑ l 
i =1 w 

t 
i 
I[ y i � = h t (x i )] . 

• Set weight of SVM t h t : αt = 

1 
2 ln ( 1 −εt 

εt 
) . 

• Update training data weights: 

w 

t+1 
i 

= 

w 

t 
i 

exp (−αt y i h t (x i )) 

Z t 
, where Z t is a normalization 

constant, and 

∑ l 
i =1 w 

t+1 
i 

= 1 . 

Output: Obtain new training data: 

{ ([ α1 f 
k 
1 
(x k 

1 
) /M 1 , · · ·, αn f 

k 
n (x k 

1 
) /M n ] , y 1 ) , · · ·, ([ α1 f 

k 
1 
(x k 

1 
) /M 1 , 

· · ·, αn f 
k 
n (x k 

l 
) /M n ] , y l ) } , M t is the normalization constant 

of each feature. 
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For the weight calculation issue, considering the weight αt of

ertain classifier h t , the better the classifier performs, the larger

he weight is. Here, the essential difference is when measuring

he performance, we consider not only the classification error but

lso the diversity in multiple classifiers. Particularly, a constant a

s chosen to tradeoff the influence these two measurements. Also,

 

t+1 
i 

represents the data distribution update, which accounts for

he calculation for error rate in classification, i.e. ε t+1 . Further-

ore, we also present the following algorithm (DeepSVM) to con-

truct the final classifier based on the deep feature learned from

x-Adaboost. 

Due to the standard SVM can not set the different weight co-

fficient for each sample, we need to use a converted version of

tandard SVM for Algorithm 1 [14] : 

ax 
α

l ∑ 

j=1 

α j −
1 

2 

l ∑ 

i =1 

l ∑ 

j=1 

y i y j (x i · x j ) αi α j 

.t. 

l ∑ 

i =1 

y i αi = 0 , 0 ≤ αi ≤ C i , i = 1 , · · · , l, (4)

here C i can be set as the weight coefficient obtained by Ex-

daboost algorithm. 

.2. Discussion 

There are two remarkable characters of deep learning, i.e. pre-

raining and regularization. Our method focuses on the auto-

ncoder technique and tries to integrate ensemble learning into

his procedure, which can be viewed as pre-training in deep learn-

ng. Particularly, in standard deep learning setting, each layer can

e viewed as an specific abstract representation for original data.

owever, this representation needs to be adjusted in the following



Z. Qi et al. / Knowledge-Based Systems 107 (2016) 54–60 57 

−0.8
−0.6

−0.4
−0.2

0
0.2

0.4
0.6

−1

−0.5

0

0.5

1
−1

−0.5

0

0.5

1

1.5

−1 −0.5 0 0.5 1 1.5
−2

−1.5

−1

−0.5

0

0.5

1

1.5

2

2.5

−2 −1.5 −1 −0.5 0 0.5 1 1.5 2 2.5
0

100

200

300

400

500

600

700

800

(a) DeepSVM

−1

−0.5

0

0.5

1

−1

−0.5

0

0.5

1
−1

−0.5

0

0.5

1

−1 −0.8 −0.6 −0.4 −0.2 0 0.2 0.4 0.6 0.8 1
−1

−0.8

−0.6

−0.4

−0.2

0

0.2

0.4

0.6

0.8

1

−1 −0.8 −0.6 −0.4 −0.2 0 0.2 0.4 0.6 0.8 1
0

100

200

300

400

500

600

700

800

(b) stacked SVM

Fig. 2. DeepSVM and stacked SVM’s feature representations in different layers about the diabetes data set. The 1,2 3 column are the results in 1,2,3 layer. Different coordinates 

denote different features. 
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1 https://www.mathworks.com/matlabcentral/fileexchange/ 

42853- deep- neural- network. 
2 These data sets in LIBSVM format are available at http://www.csie.ntu.edu.tw/ 

∼cjlin/libsvm/index.html. 
wo steps, which means feed-forward and back-propagation. These

rocedures are time-consuming and with high computational com-

lexity. By contrast, our method focuses on the layers individu-

lly. Take advantage of ensemble learning, our method only deals

ith classifiers in the same layer in each iteration, and constructs

ew feature extraction for original data. Later, this new data set

s exploited as the input for the next layer. In this way, our pro-

edure only tunes the weights in the feed-forward step, and there

s no back-propagation in our algorithm. In a word, every layer is

ndependent. In every layer, Adaboost is employed to update the

eights of classifiers in the same layer with respect to the eval-

ation of errors in classification. Also, it updates the distribution

f training data according to these errors, which is a key principle

n ensemble learning, i.e. different classifiers in the same layer are

ased on different data distributions. 

Taking the outputs of SVMs in each layer as the sample in-

uts in new feature space is the crucial character of the proposed

ulti-layer learning algorithms. However, how to measure the im-

ortance of each feature and how to select the optimal classifiers

or each layer are two key problems, which have rarely been stud-

ed in former literatures. In this paper, we implement a simple

ut efficient Ex-Adaboost learning tactics to meet these two chal-

enges. For each layer learning, by means of changing each sam-

le’s weight and introducing the P-Value’s correlation analysis, Ex-

daboost can produce different weak classifiers, which harnesses

atisfactory features to comprise the new training data. In addition,

ith these more different and representative features, we realise

ffective data description. At the same time, according to the er-

or rate ε t for each weak classifier, we can obtain different weights

or each feature, which will be helpful for next layer’s feature ex-

ression. With the increase of layers, according to deep learning

echanism, we can obtain better data expression for classification,

hich is a main difference between the proposed algorithm and

raditional shallow learning algorithms. However, the absence of

trictly theoretical analysis for our Deep SVM should be noticed,

ompared to other deep learning algorithms. To address this issue,

n the next section, we will report abundant experimental results

o demonstrate the justifiability of our algorithm and evaluate its

erformance. 
. Experiments 

The experimental environment is: Intel Core i7-2600 CPU, 4

B memory. LIBSVM [9] is applied to solve the standard SVM. All

odes are executed in the Matlab 6.0. The methods selected to of-

er comparison results include: SVM [40] , DeepSVM, stacked SVM,

MSVM [42] , MKMS [10] and Deep Neural Netwak (DNN). 1 

.1. DeepSVM’s performance analysis 

In the first experiment, we will try to answer these follow-

ng questions: 1) is the deep structure of DeepSVM really use-

ul for classification problem? 2) Does Ex-Adaboost work, and is

t helpful for further improving on DeepSVM’s performance with

espect to the deep structure? To this end, we use 8 UCI data

ets in our experiment 2 : diabetes, ala, breast −cancer, australian,

erman _ numer, ionosphere, splice, w1a [30] . Here, since we don’t

eed to test DeepSVM’s absolute performance, only three layers

tructure is chosen to explain the methodology. In order to intu-

tively visualize our algorithms, we set n = 3 , 2 , 1 in the first, sec-

nd, third layer, respectively. In the meantime, we slightly revise

eepSVM by removing Ex-Adaboost tactics (called stacked SVM)

o further manifest the importance of ensemble process. Here,

he testing accuracies are computed with standard 10-fold cross

alidation. Besides, C and RBF kernel parameter are all chosen

rom the set { 2 i | i = −8 , · · · , 8 } with respect to 10-fold cross val-

dation results on the tuning set comprising of random selection

rom the training data with 10% proportion. Once all the param-

ters are fixed, the tuning set was returned to the training set

o build the final decision function. For stacked SVM, we select

hree most optimal sets of parameters to perform SVMs in each

ayer. 

We display Fig. 2 to demonstrate the diabetes’s result. For

ach row, we can intuitively tell that the training data can be

https://www.mathworks.com/matlabcentral/fileexchange/42853-deep-neural-network
http://www.csie.ntu.edu.tw/~cjlin/libsvm/index.html
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Table 1 

The final 10-fold cross validation’s testing accuracies in UCI data sets for the first 

experiment. 

datasets diabetes ala breast −cancer australian 

stacked SVM 78 .38 83 .54 98 .24 85 .46 

DeepSVM 79 .68 84 .66 98 .53 86 .15 

dataset german _ numer ionosphere splice w1a 

stacked SVM 71 .40 88 .56 85 .91 97 .09 

DeepSVM 71 .80 89 .84 86 .37 97 .25 
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(  
classified increasingly easily with the increase of layers. For

each column, we can also notice that the overlapping sam-

ples in DeepSVM are much less than that of stacked SVM.

In other words, the new training data generated by DeepSVM

is easier to be classified than that of stacked SVM. This con-

cludes that the deep structure is indeed helpful in improving

our algorithm’s performance. Finally, the accuracy of DeepSVM

is 79.68%, which is higher than stacked SVM’s 78.38%. Other

data sets’ results are listed in Table 1 . The average accu-

racy of DeepSVM in all datasets is at least 0.82 percent

higher than that of stacked SVM. This observation fully sup-

ports that Ex-Adaboost promotes the data representation ability of

DeepSVM. 

In the second experiment, we will try to answer these ques-

tions as follows: 1) what is the accuracies of DeepSVM with differ-

ent numbers of layers under the optimal parameters? 2) is the per-

formance of DeepSVM better than stacked SVM and standard SVM

under the optimal parameters? The selected UCI data sets and the

method of selecting parameters are both the same as the first ex-

periment. In detail, we perform 15 SVMs to construct a new train-

ing data in each layer. The number of the depth of deep structure

is set to 4. The final result can been found in Fig. 3 and Table 2 . 

From Fig. 3 and Table 2 , we can tell that the performance

of DeepSVM in the back layer is better than that of front layer

in most cases (Only in the case of the diabetes, the accuracy of

DeepSVM in the fourth layer is slightly lower than that in the third

layer.). This demonstrates the deep structure is somehow effective

in the case of optimal parameters. In addition, DeepSVM, stacked

SVM, MLSVM and DNN outperform SVM (SVM can be regarded as

one layer and one classifier constructed DeepSVM). From this point

of view, deep structure is a reasonable reformation for DeepSVM

and stacked SVM. Meanwhile, DeepSVM outperforms stacked SVM,

MLSVM and DNN in most of cases, which shows that Ex-Adaboost

(ensemble) is an important process for DeepSVM. 
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Fig. 3. The 10-fold cross validation’s testing accuracies in different layers of UCI d
.2. Horizontal Comparison 

In this subsection, we use image data sets to evaluate SVM,

eepSVM and other SVM algorithms with deep structure: MLSVM

nd MKMS [10,42] . Because we aim to compare the performance

etween DeepSVM and other algorithms, all experiments are car-

ied out on raw pixel features, in order to get rid of the influence

f data preprocess. 

1) ABCDETC dataset [41] : there are 78 classes in the data set,

ontaining 19,646 images. These categories are respectively listed

s follows: lowercase letters(‘a-z’ ), uppercase letters (‘A-Z’), digits

‘0- 9’) and other symbols (‘, . : ; ! ? + - = / $ % ( ) @ ” ’). Those

ymbols were finished in pen by 51 subjects, that wrote 5 versions

or each symbol on a single gridded sheet, and then saved as 100

100 binary images. To improve the computing speed, we shrunk

he original images into 30 × 30 pixels by the bilinear interpo-

ation method. The ‘,’ and ‘.’, ‘/’ and ‘)’, ‘!’ and ‘?’, ‘a’ and ‘@’ were

aken as the labeled data respectively. The size of training data was

40, and other 140 samples were left as testing data. Each experi-

ent was repeated 10 times. In the end, Fig. 4 displayed the aver-

ge results. 

In the experiment of ‘,’ and ‘.’ , we can realise that DeepSVM

utperforms than other three algorithms, and MKMS outperforms

LSVM and standard SVM. The result of ‘a’ and ‘@’ is similar with

hat of ‘,’ and ‘.’. The minor difference is that results of MKMS is

omewhat better than that of MLSVM. In the experiment of ‘/’ and

)’, DeepSVM successes in the highest accuracy, and MKMS’s perfor-

ance is superior to that of MLSVM and SVM. In the experiment

f ‘!’ and ‘?’, MKMS obtains the best performance among all algo-

ithms, and the accuracy rate of DeepSVM is higher than that of

KMS and SVM. 

Generally speaking, DeepSVM has boosted the accuracy rate

ith 1.3 percent, compared with that of MLSVM and MKMS, and

ith 2.8 percent compared to that of SVM. Meanwhile, MLSVM and

KMS’ performance are very similar and close to each other. By

he horizontal comparison, we can further confirm DeepSVM’s per-

ormance to guarantee the effectiveness of Ex-Adaboost and deep

tructure. 

. Conclusion 

In this paper, we first describe an Ex-Adaboost learning strat-

gy, and then propose a new Deep Support Vector Machine

called DeepSVM) based on the general boosting procedure. All
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Table 2 

The final 10-fold cross validations testing accuracies in UCI data sets for the second experiment. 

Datasets SVM stacked SVM MLSVM MKMS DNN DeepSVM 

Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy 

diabetes 81 .32 ± 1.22 85 .14 ± 2.13 86 .48 ± 1.24 86 .34 ± 3.28 86 .96 ± 1.78 87 .52 ± 2.30 

ala 87 .12 ± 0.89 88 .94 ± 2.38 87 .56 ± 3.90 86 .88 ± 2.45 88 .65 ± 3.08 89 .12 ± 1.97 

breast −cancer 97 .07 ± 1.08 98 .68 ± 1.34 98 .66 ± 2.12 97 .84 ± 2.08 99 .21 ± 1.07 99 .85 ± 3.11 

australian 86 .94 ± 1.56 88 .81 ± 2.11 87 .33 ± 3.11 87 .23 ± 1.80 87 .78 ± 1.75 88 .98 ± 2.09 

german _ numer 77 .60 ± 1.21 78 .30 ± 2.39 81 .12 ± 1.89 82 .98 ± 3.21 84 .12 ± 0.99 83 .70 ± 1.33 

ionosphere 87 .30 ± 1.24 89 .14 ± 1.26 88 .23 ± 3.24 88 .67 ± 3.45 87 .86 ± 2.87 90 .65 ± 1.44 

splice 83 .34 ± 0.76 85 .92 ± 1.26 89 .02 ± 2.21 92 .33 ± 1.56 92 .43 ± 1.92 93 .09 ± 2.33 

w1a 95 .78 ± 1.34 97 .34 ± 1.69 96 .78 ± 2.11 97 .34 ± 1.28 98 .18 ± 1.05 98 .12 ± 2.06 

Fig. 4. The results on ABCDETC dataset. 1: DeepSVM, 2: MLSVM, 3: MKMS, 4: SVM 
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xperiments demonstrated the robustness and effectiveness of the

roposed method. In the meantime, these work clearly manifested

hat the deep structure and Ex-Adaboost learning strategy indeed

ffered a significant improvement for DeepSVM. On the other

and, deep learning is a new branch of machine learning, which

as been proved to be a powerful tool of feature learning, and also

VM is regarded as one of the most powerful methods for classi-

cation and regression in machine learning community. Thus, how

o combine their advantages to construct stronger classifier is an

nteresting and essential research topic. Based on these considera-

ion, this paper carried out a simple of classification algorithm ex-

loiting the deep structure and large margin principle. Admittedly,

ur current work is only a beginning about this topic. In the future,

ther classifiers will be employed, for example logistic regression,

hich can yield continuous output. In addition, we will evaluate

ur method on larger data sets, especially some complex image

ata set, based on various features, for example SIFT. Furthermore,

e will prove the reasonable analysis in theoretical manner. Partic-

lar, how can we explain the boost effect of deep structure based

lassifier? 
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