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Abstract

This paper proposes an All-in-One multi-class SVM (AIO-MSVM) based on
weighted multiple kernel learning (AIO-MSVM-WMK) for enhanced complex
data classification. It integrates adaptive weighted multiple kernel learning with
sample optimization in a unified framework, prioritizing representative samples
for efficiency. Experimental evaluations on benchmark datasets demonstrate that
AIO-MSVM-WMK outperforms existing multi-class algorithms, achieving higher
prediction accuracy and significantly reduced total computational time (encom-
passing both sampling and training phases) without additional preprocessing.
Results validate its effectiveness and scalability for data. By combining weighted
multiple kernel learning and sample optimization, this study advances multi-class
SVMs for high-dimensional classification tasks.

Keywords: multi-classification, multiple kernel learning, learning rate, All-in-one
support vector classification
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1 Introduction

Support Vector Machines (SVMs) are widely recognized for their robust generalization
and ability to handle nonlinear classification via kernel techniques [4]. Their extension
to multi-class scenarios has significantly enhanced applicability in image recognition,
bioinformatics, and text categorization [15]. Among prevalent strategies, the All-in-
One (AIO) approach offers a unified framework to jointly model all classes, avoiding
fragmented learning and potential biases inherent in One-vs-All (OVA) or One-vs-One
(OVO) methods, and has demonstrated sound theoretical properties and competitive
performance [6, 13].

However, a critical limitation persists. Traditional AIO-SVMs typically rely on
a single, pre-defined kernel function (e.g., Gaussian RBF or polynomial kernel),
which assumes homogeneous data representation. This assumption is often violated
in complex real-world datasets characterized by heterogeneous, multi-view, or high-
dimensional features [2]. The inflexibility of a single kernel severely constrains the
model’s capacity to capture diverse patterns, potentially hindering performance on
data with intricate structures.

Multiple Kernel Learning (MKL) emerged as a powerful paradigm to address this
expressivity limitation. By learning an optimal combination of multiple, potentially
heterogeneous base kernels, MKL can automatically adapt to complex data modali-
ties, often leading to superior performance [11, 17]. Seminal works have established
both theoretical foundations and practical algorithms for MKL, primarily in binary
classification and regression settings [23, 28].

Despite its success, the integration of MKL into the multi-class, especially the AIO-
SVM, framework remains under-explored and presents significant challenges. Many
existing multi-class MKL approaches either decompose the problem into a series of
binary sub-problems [19], inheriting the disadvantages of decomposition methods, or
employ a two-stage heuristic where kernel weights are learned separately from the
classifier, leading to suboptimal solutions [24]. More critically, a majority of MKL
and SVM literature focuses primarily on prediction accuracy, often at the expense of
computational efficiency. Training with all available samples, especially when coupled
with complex kernel combinations, can lead to prohibitive computational and memory
costs for large-scale datasets [14]. While core-set or subsampling methods for standard
SVMs exist [26], they are not readily applicable or optimized within a joint AIO-MK
learning objective. This creates a notable gap: the lack of a unified, efficient framework
that simultaneously achieves adaptive kernel fusion, holistic multi-class learning, and
computational tractability through intelligent data utilization.

To bridge these critical gaps, this paper proposes a novel All-in-One Multi-
class SVM with Multiple Kernel learning (AIO-MSVM-MK). Our primary
contribution is the design of a unified framework that synergistically integrates two
key advancements:

• Unified Adaptive Multiple Kernel Learning: We formulate a joint opti-
mization objective that seamlessly embeds weighted MKL into the AIO-SVM
structure. This enables end-to-end learning of both classifier parameters and kernel
combination coefficients, surpassing the suboptimality of decoupled approaches [5].
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• Integrated Sample Optimization Strategy: We incorporate a theoretically-
grounded sample prioritization mechanism directly into the optimization process.
This mechanism intelligently identifies and focuses computational resources on the
most representative and boundary-sensitive data points, drawing inspiration from
active learning and core vector machine concepts [25, 26], significantly improv-
ing training and inference efficiency without compromising, and often enhancing,
classification accuracy.

The synergy of these components within a single, coherent optimization framework
constitutes our core innovation. We perform comprehensive experimental evalua-
tions on multiple benchmark datasets. The results validate that AIO-MSVM-MK
consistently outperforms traditional multi-class SVMs and existing MKL methods.
Crucially, it achieves higher prediction accuracy while simultaneously reducing
total computational time (encompassing efficient sample selection and unified
model training), all without requiring additional data preprocessing. These find-
ings confirm the method’s effectiveness in handling complex data structures and its
practical scalability for real-world applications.

The remainder of this paper is organized as follows. Section 2 introduces the
formulation of the AIO-SVM with weighted multiple kernel learning. The proposed
AIO-MSVM-MK algorithm and its complexity analysis are detailed in Section 3.
Section 4 presents extensive numerical experiments and comparative analyses. Finally,
Section 5 concludes the paper and discusses potential future work.

2 AIO-MSVM-WMK learning machine

Suppose that (X , d) is a compact metric space. Let ρ be a probability measure defined
on Z = X × Y , Y = {1, ..., k}, where k ≥ 2 is the number of classes. Suppose that
z = {zt = (xt, yt)}

m
t=1 ∈ Zm is a set of training samples drawn from Z according to

the probability measure ρ. Let x ∈ X , and ρj(x) be the conditional probability, that
is, ρj(x) = ρ(Y = j|X = x), j ∈ Y. A classifier φ is a function φ : X → Y, which
matches an example x ∈ X to a class label y ∈ Y. Denote by Cjl the nonnegative cost
of misclassifying an example x from class j to class l, where j, l ∈ Y. Since the correct
classification should not be penalized, we assume Cjl > 0 for j 6= l, and Cjj = 0

for j ∈ Y. The loss function of classifier φ is defined as `(y, φ(x)) =
∑k

j=1 1(y =

j)(
∑k

l=1 Cjl1(φ(x) = l)) =
∑

l 6=y Cyl1(φ(x) = l), where 1(·) is the indicator function:
it equals 1 if its argument is true, and 0 otherwise. We set C = maxj 6=l Cjl for any
j, l ∈ Y . Obviously, C > 0. The misclassification error of the classifier φ is defined
by R(φ) =

∫
Z
`(y, φ(x))dρ, Thus, we have R(φ) =

∫
X

∑
y 6=φ(x) Cyφ(x)ρy(x)dρX . The

classifier that minimizes R(φ) is called the Bayes rule [18], which is given by φB(x) =

argmin1≤l≤k

∑k
y=1 Cylρy(x), x ∈ X .

The classifier of AIO-MSVM algorithm depends on a reproducing kernel Hilbert
space (RKHS) [1]. The RKHS HK is associated with the Mercer kernel K, which is
defined as the closure of the linear span for set of function {Kx := K(x, ·) : x ∈ X},
where the inner product 〈·, ·〉HK

= 〈·, ·〉K satisfies 〈Kxi
,Kxj

〉
K
= K(xi, xj) [1], that is,

〈
∑

i αiKxi
,
∑

j βjKxj
〉K =

∑
i,j αiβjK(xi, xj). The reproducing property takes form
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〈Kx, g〉K = g(x), ∀x ∈ X , ∀g ∈ HK [10]. Denote C(X ) as the space of continuous func-
tions on X with the norm ‖ · ‖C(X ). Then we have that ‖g‖C(X ) ≤ ‖g‖K

√
‖K‖∞, ∀g ∈

HK.
Suppose that HK consists of HK and R. That is, for f ∈ HK, we have f =

b + h, where b ∈ R, h ∈ HK. For any f(x) ∈ (HK)
k, each component f l(x) of f(x)

can be expressed as f l = bl + hl with bl ∈ R, hl(x) ∈ HK. Here (HK)
k can be

understood as HK × · · · × HK︸ ︷︷ ︸
k

. Let f(x) = b + h(x), where b = (b1, · · · , bk) and

h(x) = (h1(x), · · · , hk(x)) .
In practice, an ideal classifier is usually based on a combination of multiple kernels.

Thus we also present the AIO-MSVM-WMK algorithm based on multiple kernels
learning as follows. We assume that there are n positive definite kernels K1, . . . ,Kn,
each RKHS Hp is associated with a Mercer kernel Kp, 1 ≤ p ≤ n. We finally use the

multiple kernel space (̃HK)p = (HK1
)k × · · · × (HKn

)k. (̃HK)p is an RKHS with the

kernel K̃(·, x), which has following form:

K̃(·, x) =
n∑

p=1

dpKp(·, x),

where
∑n

p=1 dp = 1, dp ≥ 0. Therefore, any f ∈ (̃HK)p has the form f =∑n
p=1 dpfp, fp ∈ (HKp

)k.
Thus the AIO-MSVM-WMK equation can be stated as follows: let z = {zt}

m
t=1 be

a set of training samples, and fz(x) = (f1
z
(x), . . . , fk

z
(x)) ∈ (̃HK)p be a minimizer of

the following optimization problem:

fz = arg min
f∈(̃HK)p

λ

2

k∑

j=1

n∑

p=1

dp‖h
j
p‖

2
Kp

+
1

m

m∑

t=1

n∑

p=1

dp
(∑

l 6=yt

Cytl

(
f l
p(xt) +

1

k − 1

)
+

)

s.t.
k∑

j=1

f j(x) = 0, ∀x ∈ X ,

n∑

p=1

dp = 1, dp ≥ 0,

where (t)+ = max{t, 0} and λ is a regularization parameter, λ controls the complexity

of the function in the multiple kernel space. For any f(x) ∈ (̃HK)p, let W (y, f(x)) :=∑n
p=1 dp

(∑
l 6=yt

Cytl

(
f l
p(xt) +

1
k−1

)
+

)
. If we define the generalization error of f as

E(f) = E[W (y, f(x))] =
∫
Z
W (y, f(x))dρ, and the corresponding empirical error is

defined as Ez(f) = 1
m

∑m
i=1 W (yi, f(xi)). Then, the AIO-MSVM-WMK equation (1)
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can be rewritten as

fz = arg min
f∈(̃HK)p

Ez(f) +
λ

2

k∑

j=1

n∑

p=1

dp‖h
j
p‖

2
Kp

. (1)

The classifier φz of equation (1) is defined as φz(x) = argmax1≤j≤k f
j
z
(x). If

we denote fB(x) = (f1
B(x), f

2
B(x), ..., f

k
B(x)) to be the minimizer of E(f) among all

f(x) ∈ (̃HK)p satisfying
∑k

j=1 f
j(x) = 0, then the Bayes rule φB(x) can be defined as

[18] φB(x) = argmax1≤j≤k f
j
B(x), where f j

B(x) is defined as

f j
B(x) =

{
1, if j = argmin1≤j≤k

∑k
y=1 Cyjρy(x)

−1
k−1 , otherwise.

If the misclassification error of φz(x) converges to the misclassification error of φB(x)
in probability for small λ, that is, for any ε > 0, there exists a positive number λ0,
such that

lim
m→∞

P
{
R(φz(x))−R(φB(x)) ≤ ε

}
= 1, ∀λ ≤ λ0,

the AIO-MSVM-WMK algorithm is said to be consistent. Different from the previously
known works on the AIO-MSVM algorithm [3, 8, 18], in this paper we consider the
AIO-MSVM algorithm based on weighted multiple kernel learning. Different from the
previously known works on the MK-MSVCR algorithm [7, 9], in this paper we consider
the MK-MSVM algorithm based on AIO method.

3 Algorithm and Algorithmic complexity

In this section, we present the AIO-MSVM-WMK algorithm and then we analyze the
algorithmic complexity of the AIO-MSVM-WMK algorithm.

3.1 AIO-MSVM-WMK algorithm

Inspired by the works in [11, 21, 22, 29], We combine the AIO-MSVM algorithm that
the multiple kernel multi-class classification algorithm for processing more complex
data to improve the classification rate without reducing the classification accuracy.
Now the proposed AIO-MSVM-WMK algorithm can be stated as follows.

In the preprocessing step, all data are normalized to avoid the influence of numer-
ical range on characteristic attributes and make numerical calculation easier [16, 20].
We use a random process to divide each data sets into two different parts, where four
quarters is divided into the training set Dtrain, one quarter is divided into the test
set Dtest. Let k be the number of classes, m be the total number of training samples.
For AIO-MSVM-WMK algorithm based on randomly independent samples, we sam-
ple m training samples that are drawn randomly from the given training set Dtrain

and denote it as z. Training the sample set z by algorithm (1) and obtain a classifier
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Algorithm 1: AIO-MSVM-WMK

Input: Dtrain, m.
Output: φz(x).
kernels = {a linear kernel K(a, b) = a′b,
three polynomial kernels K(a, b) = (1 + a′b)d with d = {2, 3, 4},
four RBF kernels K(a, b) = exp(−‖a− b‖2/2σ) with σ = {0.001, 0.01, 1, 10}.};
n = 8;
(single kernel stage)
for i = 0 to n-1 do

generate randomly m
2 samples z0 := {zt}

N
t=1 from Dtrain;

get a model fz0 by algorithm (3) with z0(n = 1, dp = 1) and its
corresponding classifier φz0 ;
determine the optimal parameters for each kernel function;

end
(multiple kernels stage)
generate randomly m

2 samples z := {zt}
N
t=1 from Dtrain;

determine the dp value with
∑n

p=1 dp = 1 based on the classification accuracy of

each individual classifier (under the optimal parameters);
get a model fz by algorithm (3) with z(n = 8) and its corresponding classifier φz;
return φz;

φz. We test φz on the given testing set, and calculate the corresponding misclassifica-
tion rate. For AIO-MSVM-WMK algorithm, we state the algorithm as follows: (i) for
the single kernel stage, we sample randomly m

2 training samples that are drawn ran-
domly from the given training set Dtrain and denote it as z0. Training z0 by algorithm
(1) and obtain a classifier φz0 with single kernel. We test φz0 on the given testing set,
and calculate the corresponding accuracy rate. (ii) for the multiple kernels stage, We
determined the parameter dp based on the classification accuracy rates of 8 different
kernel function classifiers. The higher the classification accuracy rate, the larger the
value of dp, where

∑n
p=1 dp = 1, dp ≥ 0. We sample randomly m

2 training samples that
are drawn randomly from the given training set Dtrain and denote it as z. Training
the sample set z by algorithm (1) and obtain a classifier φz. (iii) We test φz on the
given testing set, and calculate the corresponding accuracy rate.

3.2 Explanations of algorithm

(i) Comparative Analysis of Algorithm 1 vs. Algorithms in [7, 8]: While Dong et
al. [7, 8] focus on extending i.i.d. sample cases to non-i.i.d. scenarios, exploring the-
ories and algorithms for non-i.i.d. multi-classification methods, the present study
aims to extend single kernel learning to weighted multiple kernel learning. This work
specifically delves into the theoretical and algorithmic development of i.i.d. multiple
kernel-based multi-class approaches. Notably, SVMs utilize kernel methods to tackle
nonlinear classification, yet selecting an optimal kernel and its parameters from can-
didate sets typically relies on human expertise based on prior data knowledge. In
contrast, contemporary big data often exhibits heterogeneity and complex features,
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necessitating classifiers that leverage combinations of multiple kernels. Therefore, this
research innovatively integrates multiple kernel learning (MKL) to enhance classifica-
tion efficiency without incurring additional time costs, addressing the limitations of
single-kernel SVMs in diverse data contexts.
(ii) Comparative Analysis of Algorithm 1 vs. Algorithms in [8, 9, 12]: Comparing
Algorithm 1 with those proposed in [9, 12] reveals distinct differences: Gong et al.
[12] targeted binary classification SVMs, extending single-core learning to multi-core
learning. Dong et al. [9] advanced multi-class classification by transitioning from sin-
gle to multiple kernel learning. However, this paper introduces a novel approach
under the AIO framework. Diverging from OVO, OVA, and SVCR methods, the AIO
approach holistically considers inter-class relationships, formulating the solution as a
unified quadratic program. Consequently, this study pioneers the AIO-MSVM-WMK
algorithm, which fills a critical gap in MKL integration for AIO methods. By syn-
ergizing adaptive kernel fusion and multi-class learning within a unified framework,
AIO-MSVM-WMK establishes a theoretical and algorithmic foundation for efficient
multi-classification using weighted MKL, addressing challenges in heterogeneous data
scenarios.

4 Numerical Studies

In this section, we present the numerical studies on the performance of the proposed
AIO-MSVM-WMK algorithm for 9 public datasets and compare Algorithm 1 with the
AIO multi-class support vector machine based on markovian resampling (AIO-Mar)
[8], the multi-class support vector classification and regression algorithm with multi-
ple kernel learning (MK-MSVCR) [9], the weighted multiple kernel SVM with OVO
method (WMKSVM-OVO), the weighted multiple kernel SVM with OVA method
(WMKSVM-OVA). MKSVM-OVO is a algorithm that the weighted multiple kernel
support vector machine is combined with one-versus-one strategy to handle multi-
class, and MKSVM-OVA is a algorithm that the weighted multiple kernel support
vector machine is combined with one-versus-rest strategy to handle multi-class.

4.1 Datasets and experimental setup

We use 9 public datasets from UCI1 datasets: Connect4, Postures, Covtype, Twitter,
Pavia, TV News, Mnist, Proyecto, Kegg. For each dataset, we first divide randomly
each data sets into the training set Dtrain and the test set Dtest. The information of
these datasets is summarized in Table 1. All experiments were run on Intel 2.80GHz
E5-1603 v4 CPU with Python3.5.

All the experimental results are based on 50 times repeated experiments and the
following 8 kernels: a linear kernel K(a, b) = a′b, three polynomial kernels K(a, b) =
(1+a′b)d with d = {2, 3, 4} and four RBF kernels K(a, b) = exp(−‖a−b‖2/2σ), where
σ is chosen from the set {0.001, 0.01, 1, 10}. The other parameters of algorithms are also
obtained through 10-fold cross-validation from [10−3, 10−2, . . . , 103]. For experimental
results of classical algorithm with single kernel, we choose the best results between
among 8 kernels.

1http://archive.ics.uci.edu/ml/datasets.html
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Table 1 9 Public Datasets

Dataset ]Dtrain ]Dtest ]Input Dimension ]Class

Connect4 50668 16889 126 3
Postures 58571 19524 36 5
Covtype 435759 145253 54 7
Twitter 169850 56616 77 9
Pavia 120000 28152 102 9
TV News 97263 32422 132 10
Mnist 45000 15000 780 10
Proyecto 47010 15670 7 21
Kegg 49152 16384 25 25

Now, we state our experimental process as follows: (i) Train z and obtain a classifier
φz by Algorithm 1. (ii) Test the classifier on the given testing set and calculate the
corresponding misclassification rates. (iii) Do process (i)-(ii) above under the same
samples z by the above 5 multi-class algorithms, respectively. (iv) Repeat process (ii)-
(iii) above for 50 times and calculate the average misclassification rates of 4 algorithms,
respectively. In this paper, we use “AIO-MSVM-WMK”, “AIO-Mar”, “MK-MSCVR”,
“WMKSVM-OVO” and “WMKSVM-OVA” to refer the experimental results of the
above 5 multi-class algorithms, respectively.

4.2 Comparison of misclassification rates

We show the average misclassification rates of 5 algorithms in Tables 2-3.

Table 2 Average misclassification rates (%) with m = 10000

Dataset AIO-MSVM-WMK AIO-Mar MK-MSVCR WMK-OVO WMK-OVA
Connect4 29.03±0.35 32.05±0.41 31.05±0.41 30.42±0.39 32.19±0.41
Postures 20.32±0.331 26.91±0.51 25.94±0.37 22.59±0.35 24.47±0.33
Covtype 31.78±0.33 33.66±0.69 35.18±0.43 35.89±0.41 34.05±0.43
Twitter 2.89±0.11 3.03±0.16 16.09±0.35 15.08±0.31 14.13±0.35
Pavia 18.06±0.68 19.78±0.99 23.38±1.41 24.45±0.78 24.07±1.03
TV News 30.19±0.28 33.91±0.38 34.16±0.36 31.05±0.30 31.17±0.29
Mnist 10.77±0.31 16.09±0.43 15.26±0.40 14.56±0.43 12.61±0.40
Proyecto 32.15±0.30 35.61±0.51 35.89±0.36 33.56±0.35 34.01±0.41
Kegg 32.56±0.30 37.11±0.49 36.16±0.31 34.71±0.47 35.51±0.42

By Tables 2-3, we can find that for m = 10000 (or m = 26000), the means of
misclassification rates of the proposed AIO-MSVM-WMK algorithm are less than
that of other multi-class algorithms, and the standard deviations of misclassification
rates for the proposed AIO-MSVM-WMK algorithm are also less than that of other
multi-class classification algorithms. In detail, according to the experimental results of
AIO-MSVM-WMK and AIO-MSVM algorithms with randomly independent samples,
we can find that the means of misclassification rates of the proposed AIO-MSVM-
WMK algorithm are less than that of AIO-MSVM algorithms, it is imply that for more
complex and larger multi-class data, multiple kernel learning can effectively improve
the classification accuracy.
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Table 3 Average misclassification rates (%) with m = 26000

Dataset AIO-MSVM-WMK AIO-Mar MK-MSVCR WMK-OVO WMK-OVA
Connect4 27.06±0.30 28.71±0.31 30.61±0.40 30.16±0.46 30.25±0.41
Postures 18.63±0.31 26.53±0.41 26.35±0.37 26.13±0.40 27.31±0.35
Covtype 26.15±0.54 29.41±0.69 28.72±0.71 28.82±0.87 29.01±0.73
Twitter 1.51±0.16 1.78±0.18 17.31±0.41 18.16±0.30 16.34±0.36
Pavia 15.36±0.86 16.58±1.01 27.18±1.51 30.47±0.97 31.17±1.01
TV News 28.13±0.30 31.73±0.37 33.54±0.37 30.05±0.36 31.25±0.31
Mnist 10.36±0.31 15.03±0.40 15.28±0.35 12.37±0.31 14.16±0.32
Proyecto 31.39±0.33 33.43±0.47 35.69±0.38 32.26±0.40 32.65±0.42
Kegg 30.87±0.31 35.47±0.43 34.64±0.36 32.37±0.41 33.01±0.39

Table 4 Wilcoxon tests of average misclassification rates for 5 algorithms

Comparison R+ R− Hypothesis(α = 0.05) Selected
AIO-MSVM-WMK vs. AIO-Mar 0 45 Rejected AIO-MSVM-WMK
AIO-MSVM-WMK vs. MK-MSCVR 0 45 Rejected AIO-MSVM-WMK
AIO-MSVM-WMK vs. WMK-OVO 0 45 Rejected AIO-MSVM-WMK
AIO-MSVM-WMK vs. WMK-OVA 0 45 Rejected AIO-MSVM-WMK

In Table 4, we apply the Wilcoxon signed-rank test (α = 0.05)[27] to verify whether
there exist statistical significance between the proposed AIO-MSVM-WMK algorithm
and other 4 algorithms by using the mean of misclassification rates presented in
Table 3. By Table 4, we can find that the proposed AIO-MSVM-WMK has better
performance compared to other 4 multi-class algorithms.

4.3 Comparison of total time

We show the sampling and training total time of 4 algorithms in Tables 5-6.

Table 5 Sampling and training total time (s) for m = 10000

Dataset AIO-MSVM-WMK MK-MSVCR WMK-OVO WMK-OVA
Connect4 5891.53 9145.27 8367.71 7261.31
Postures 13793.52 24316.13 16513.06 14167.14
Covtype 3536.79 4683.71 4381.41 4047.07
Twitter 4631.61 5247.35 6121.57 5891.35
Pavia 8574.36 9543.23 11713.32 10619.48
TV News 4879.18 5741.85 6391.46 5231.78
Mnist 5011.57 5851.33 5895.13 5076.72
Proyecto 7036.26 8238.65 8019.25 7918.84
Kegg 11375.46 17394.82 16425.32 15581.91
Sum of Time 64730 90162.34 83828.23 75796.6

By Tables 5-6, we can find that for m = 10000 (or m = 26000), the sampling and
training total time of the proposed AIO-MSVM-WMK is shorter than that of other 3
multi-class algorithms with multiple kernel learning. Combined with Tables 2-3, for the
experimental results of AIO-MSVM-WMK algorithms, we can find that the sampling
and training total time of the proposed AIO-MSVM-WMK algorithm is shorter than
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Table 6 Sampling and training total time (s) for m = 26000

Dataset AIO-MSVM-WMK MK-MSVCR WMK-OVO WMK-OVA
Connect4 9811.26 13623.17 15421.36 14371.28
Postures 24843.37 46123.53 32081.47 29618.41
Covtype 7162.45 9651.34 9178.38 9016.63
Twitter 11729.12 16513.83 17483.53 15586.17
Pavia 17308.81 23304.72 28917.16 24916.33
TV News 6493.63 7716.46 11886.27 10981.52
Mnist 7118.51 8859.78 10756.81 10218.36
Proyecto 11623.48 13485.19 15428.64 14902.87
Kegg 23581.33 31297.34 40109.35 38796.12
Sum of Time 119671.96 170575.36 181262.97 168407.69

other algorithms, it is imply that for more complex and larger multi-class data, our
algorithm has obvious advantages in terms of sampling and training total time while
ensuring certain classification accuracy.

In Table 7, we apply the Wilcoxon signed-rank test (α = 0.05)[27] to verify whether
there exist statistical significance between the proposed AIO-MSVM-WMK algorithm
and other 3 algorithms by using the sampling and training total time presented in
Table 6. By Table 7, we can find that the proposed AIO-MSVM-WMK has better
performance compared to other 3 multi-class algorithms.

Table 7 Wilcoxon tests of sampling and training total time for 4 algorithms

Comparison R+ R− Hypothesis(α = 0.05) Selected
AIO-MSVM-WMK vs. MK-MSCVR 0 45 Rejected AIO-MSVM-WMK
AIO-MSVM-WMK vs. WMK-OVO 0 45 Rejected AIO-MSVM-WMK
AIO-MSVM-WMK vs. WMK-OVA 0 45 Rejected AIO-MSVM-WMK

5 Conclusions

In this paper we firstly considered the generalization bounds of AIO algorithm with
weighted multiple kernels. We introduced a new algorithm, the AIO-MSVM-WMK,
and showed that the experimental results of the proposed algorithm for public datasets.
The experimental results shown that the means of misclassification rates of the AIO-
MSVM-WMK are smaller than the classical AIO-MSVM [3, 8], which implies that the
proposed weighted multiple kernel learning can obviously improve the learning perfor-
mance of the classical AIO-MSVM for large sample size. The experimental results also
shown that not only the means of misclassification rates of the AIO-MSVM-WMK
are smaller than other multi-class classification algorithms, but also the sampling and
training total time of the AIO-MSVM-WMK is less than that of other multi-class
classification algorithms, which implies that the proposed AIO-MSVM-WMK have
obvious competitive strength for learning performance. In other words, the weighted
multiple kernels learning from the given datasets is a new strategy of improving the
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learning performance of the classical AIO-MSVM algorithm. Moreover, the experi-
ments display that the proposed algorithm is valid and competitive compared to other
multiple kernels multi-class classification methods.

Based on the existing work, there are still several open issues worth further
research. For example, applying our method to deep neural networks, using the idea
of distributed or parallel to accelerate our method. These problems mentioned above
are under our current investigation.
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