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INTRODUCTION

Evolutionary algorithms (EA) (Rechenberg, 1965) be-
long to a family of stochastic search algorithms inspired 
by natural evolution. In the last years, EA were used 
successfully to produce efficient solutions for a great 
number of hard optimization problems (Beasley, 1997). 
These algorithms operate on a population of potential 
solutions and apply a survival principle according to a 
fitness measure associated to each solution to produce 
better approximations of the optimal solution. At each 
iteration, a new set of solutions is created by selecting 
individuals according to their level of fitness and by 
applying to them several operators. These operators 
model natural processes, such as selection, recombina-
tion, mutation, migration, locality and neighborhood. 
Although the basic idea of EA is straightforward, 
solutions coding, size of population, fitness function 
and operators must be defined in compliance with the 
kind of problem to optimize.  

Multi-class problems with binary SVM (Support 
Vector Machine) classifiers are commonly treated as a 
decomposition in several binary sub-problems. An open 
question is how to properly choose all models for these 
sub-problems in order to have the lowest error rate for 
a specific SVM multi-class scheme. In this paper, we 
propose a new approach to optimize the generaliza-
tion capacity of such SVM multi-class schemes. This 
approach consists in a global selection of models for 
sub-problems altogether and is denoted as multi-model 
selection. A multi-model selection can outperform the 
classical individual model selection used until now in 
the literature, but this type of selection defines a hard 
optimisation problem, because it corresponds to a search 

a efficient solution into a huge space. Therefore, we 
propose an adapted EA to achieve that multi-model 
selection by defining specific fitness function and 
recombination operator.

BACKGROUND

The multi-class classification problem refers to as-
signing a class to a feature vector in a set of possible 
ones. Among all the possible inducers, Support Vector 
Machine (SVM) have particular high generalization 
abilities (Vapnik, 1998) and have become very popu-
lar in the last few years. However, SVM are binary 
classifiers and several combination schemes were 
developed to extend SVM for problems with more 
two classes (Rifkin & Klautau, 2005). These schemes 
are based on different principles: probabilities (Price, 
Knerr, Personnaz & Dreyfus, 1994), error correcting 
codes (Dietterich, & Bakiri, 1995), correcting clas-
sifiers (Moreira, & Mayoraz, 1998) and evidence 
theory (Quost, Denoeux & Masson, 2006). All these 
combination schemes involve the following three 
steps: 1) decomposition of a multi-class problem into 
several binary sub-problems, 2) SVM training on all 
sub-problems to produce the corresponding binary 
decision functions and 3) decoding strategy to take 
a final decision from all binary decisions. Difficulties 
rely on the choice of the combination scheme (Duan 
& Keerthi, 2005) and how to optimize it (Lebrun, 
Charrier, Lezoray & Cardot, 2005). 

In this paper, we focus on step 2) when steps 1) and 
3) are fixed. For that step, each binary problem needs 
to properly tune the SVM hyper-parameters (model) in 
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order to have a global low multi-class error rate with the 
combination of all binary decision functions involved 
in. The search for efficient values of hyper-parameters 
is commonly designed by the term of model selection. 
The classical way to achieve optimization of multi-class 
schemes is an individual model selection for each re-
lated binary sub-problem. This methodology overtones 
that a multi-class scheme based on SVM combination 
is optimal when each binary classifier involved in 
that combination scheme is optimal on the dedicated 
binary problem. But, if it is supposed that a decoding 
strategy can more or less easily correct binary classi-
fiers errors, then individual binary model selection on 
each binary sub-problem cannot take into account error 
correcting possibilities. For this main reason, we are 
thinking that another way to achieve optimization of 
multi-class schemes is a global multi-model selection 
for binary problems altogether. In fact, the goal is to 
have a minimum of errors on a muti-class problem. 
The selection of all sub-problem models (multi-model 
selection) has to be globally performed to achieve that 
goal, even if that means that error rates are not optimal 
on all binary sub-problems when they are observed 
individually. EA is an efficient meta-heuristic approach 
to realize that multi-model selection.

EA MULTI-MODEL SELECTION

This section is decomposed in 3 subsections. In the first 
section, the multi-model optimization problem for muti-
class combination schemes is exposed. More details 
than in previous section and useful notations for next 
subsections are introduced. In the second section, our 
EA multi-model selection is exposed. Details on fitness 
estimation of multi-model and crossover operator over 
them are described. In the third section, experimental 
protocol and  results with our EA multi-model selec-
tion are provided.  

Multi-Model Optimization Problem

A multi-class combination scheme induces several 
binary sub-problems. The number k and the nature 
of binary sub-problems depend on the decomposition 
involved in the combination scheme. For each binary 
sub-problem, a SVM must be trained to produce an 
appropriate binary decision function hi (1 < i < k). The 
quality of hi is greatly dependent on the selected model 

θi and is characterized by the expected error rate ei for  
new datasets with the same binary decomposition. 
Each model θi contains all hyper-parameters values 
for training a SVM on dedicated binary sub-problem.  
Expected error rate ei associated to a model θi is com-
monly determined by cross-validation techniques.  All 
the θi models constitute the multi-model θ = (θ1,..., θk). 
The expected error rate e of a SVM multi-class com-
bination scheme is directly dependent on the selected 
multi-model θ. Let Θ denote the multi-model space 
for a multi-class problem (i.e. ∀θ :θ ∈ Θ) and Θi the 
model space for the ith binary sub-problem. The best 
θ* multi-model is the one for which expected error e is 
minimum and corresponds to the following optimiza-
tion problem:

arg min ( )e∗

∈
=     (1)

where e(θ) denotes the expected error e of a multi-class 
combination scheme with the multi-model θ. The huge 
size of the multi-model space (Θ = ×i∈[1,k] Θi) makes 
the optimization problem (0.1) very hard. To reduce 
the optimization problem complexity, it is classic to 
use the following approximation:

[ ]{arg min ( ) | 1, }ie i k
∈

= ∈    (2)

Hypothesis is made that

( ) ( )e e ∗≈ . 

This hypothesis also supposes that 

( ) ( )i ie e ∗≈ . 

If it is evident that each individual model θi in the best 
multi-model θ* must correspond to efficient SVM (i.e. 
low value of ei) on the corresponding ith binary sub-
problem, all best individual models (θ1

*,…,θk
*) do not 

necessarily define the best multi-model θ*. The first 
reason is that all error rates ei are estimated with some 
tolerance and combination of all these deviations can 
have a great impact on the final multi-class error rate 
e. The second reason is that even if all the binary clas-
sifiers of a combination scheme have identical ei error 
rates for different multi-models, these binary classifiers 
can have different binary class predictions for a same 
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example according to the used multi-model. Indeed 
multi-class predictions by combining these binary 
classifiers could be different for a same feature vector 
example since the correction involved in a given de-
coding strategy depends on the nature of the internal 
errors of the binary classifiers (mainly, the number of 
errors). Then, multi-class classification schemes with 
the same internal-errors ei, but different multi-models 
θ, can have different capacities of generalization. For 
all these reasons, we claim that multi-model optimiza-
tion problem (0.1) can outperform individual model 
optimization (0.2).

Evolutionary Optimization Method

Within our AE multi-model selection method, a fitness 
measure f is associated to a multi-model θ which is all 
the more large as the error e associated to θ is small; this 
enables to solve (0.1) optimization problem. Fitness 
value is normalized in order to have f=1 when error e 
is zero and f=0 when error e corresponds to a random 
draw. Moreover, the number of examples in each class 
are not always well balanced for many multi-class 
datasets; to overcome this, the error e corresponds to a 
Balanced Error Rate (BER). As regards these two key 
points, the proposed fitness formulation is:

1 1111 c

c

f e
n

n

 
= − − 

 −
    (3)

with nc denoting the number of classes in a multi-class 
problem. In the same way, the internal-fitness fi is 
defined as fi = 1 – 2ei for the ith binary classifier with 
corresponding BER ei.

The EA crossover operator for the combination of 
two multi-models θ1 and θ2 must favor the selection 
of most efficient models in these two multi-models. 
It is worth noting that one should not systematically 
select all the best models to produce an efficiency child 
multi-model θ as explained in previous sub-section. For 
each sub-problem, internal-fitness fi

1 and fi
2 are used to 

determine the probability

( )
( ) ( )

21

2 21 2

i
i

i i

f
p

f f
=

+
    (4)

to select the ith model in θ1 as the ith model in the 
child multi-model θ. fi

j denotes the internal fitness 
of the ith binary classifier with the multi-model 
θj. For the child multi-models generated by the 
crossover operator, an important advantage is 
that no new SVM training is necessary if all the 
related binary classifiers were already trained. 
In contrast, only the BER error rates of all child 
multi-models have to be evaluated. SVM Training 
is only necessary for the first step of the EA and 
when models go through a mutation operator.   

The rest of our EA for multi-model selection is 
similar to other EA approaches. First, at initialization 
step, a population of λ multi-models is generated at 
random. Each model θi

j (1 ≤ i ≤ λ, 1 ≤ j ≤ k) corresponds 
to an uniform random within all possible values of SVM 
hyper-parameters.  New multi-models are produced 
by combination of multi-models couples selected by a 
Stochastic Universal Sampling (SUS) strategy. A fixed 
selective pressure ps is used for the SUS selection. Each 
model θi

j has a probability of pm/k to mutate (uniform 
random as for the initialization step of EA).  Fitness f 
of all child multi-models are then evaluated. A second 
selection step is used to define the population of the 
next iteration of our EA. λ individuals are selected by 
a SUS strategy (same selective pressure ps is used) 
from both the λ parents and the λ children. Its become 
the multi-models population in the next iteration. The 
number of iterations of EA is fixed to nmax. At the end 
of the EA, the multi-model with the best fitness f from 
all these iterations is selected as θ*.

Experimental Results

In this section, three well known multi-class datasets 
are used: Satimage (nc = 6), Letter (nc = 26) from the 
Statlog collection (Blacke & Merz, 1998), and USPS 
(nc = 10) dataset (Vapnik, 1998). In (Wu, Lin & Weng, 
2004), two sampling sizes of 300/500 and 800/1000 
are used to constitute training/testing datasets. For 
each sampling sizes, 20 random splits are generated. 
We have used the same sampling sizes and the same 
split for the 3 datasets: Satimage, Letter and USPS. 
Two optimization methods are used for the selection 
of the best multi-model θ* for each training datasets. 
The first one is the classical individual model selection 
and the second one is our EA multi-model selection. 
For both methods, two combination schemes are used: 
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one-versus-one and one-versus-all (Rifkin & Klautau, 
2004)1. For each binary problem, a SVM with Gauss-
ian kernel K(u,v) = exp(–γ||u – v||2) is trained (Vapnik, 
1998). Possible values of SVM hyper-parameters for 
a model are C trade-off SVM constant (Vapnik, 1998) 
and widthband g of gaussian kernel function (θi ≡ (Ci, 
gi)). For all binary problems: θi ∈ Θi = [2–5, 2–3,...,215] 
× [2–5, 2–3,...,215]. Individual space model Θi is based 
on grid search techniques (Chang & Lin, 2001). BER 
e on a multi-class problem and BER ei on binary sub-
problems are estimated by five-fold cross-validation 
(CV). These BER values are used by our EA for the 
multi-model selection. Final BER e of a selected 
multi-model by our EA is estimated on a test datasets 
not used during the multi-model selection process. 
Our EA has several constants that must be fixed and 
we have made the following choices: ps = 2, λ =50, 
nmax = 100, pm = 0.01.

Table 1 gives average BER under all 20 split sets of 
previously mentioned datasets for each training set size 
(row size of table 1). This is done for the two combination 
schemes (one-versus-one and one-versus-all), and for 
the two above mentioned selection methods (columns 
ēclassic and ēEA). Column Δē provides the average varia-
tion of BER between our multi-model selection and 
classical one. Results of that column are particularly 
important. For two datasets (USPS and Letter) our 

optimization method produces SVM combination 
schemes with best generalization capacities than the 
classical one. That effect appears to be more marked 
when number of classes in the multi-class problem 
increases. A reason is that the multi-model space search 
size exponentially increases with the number k of binary 
problems involved in a combination scheme (121k for 
those experiments). This effect is directly linked to the 
number of classes nc and could explain why improve-
ments are not measurable with Satimage dataset. In 
some way, a classical optimization method explores the 
multi-model space Θ in blink mode, because cumulate 
effect of the combination of k SVM decision functions 
could not be determined without estimation of e. That 
effect is emphasized when estimated BER ei are poor 
(i.e. training and testing data size are low). Comparison 
of Δē values when training/testing dataset size change 
in table 1 illustrates this one.

FUTURE TRENDS

The proposed EA multi-model selection method has 
to be tested with other combination schemes (Rifkin 
& Klautau, 2004), like error-correcting output codes 
in order to measure their influence. Effect with others 
datasets, which have a great range in number of classes, 

Size 500 1000
ēclassic ēEA Δē ēclassic ēEA Δē

one-versus-one
Satimage 14.7 ± 1.8 % 14.5 ± 2.1 % -0.2 % 11.8 ± 0.9 % 11.8 ± 1.0 % -0.0 %

USPS 12.8 ± 1.2 % 11.0 ± 1.8 % -1.8 % 8.9 ± 0.9 % 8.4 ± 1.6 % -0.5 %
Letter 40.5 ± 3.0 % 35.9 ± 2.9 % -4.6 % 21.4 ± 1.7 % 18.6 ± 2.1 % - 2.8 %

one-versus-all
Satimage 14.6 ± 1.7 % 14.5 ± 2.0 % -0.1 % 11.5 ± 0.8 % 11.6 ± 1.0 % +0.1 %

USPS 11.9 ± 1.3 % 11.2 ± 1.5 % -0.7 % 8.8 ± 1.3 % 8.5 ± 1.6 % -0.3 %
Letter 41.9 ± 3.3 % 36.3 ± 3.3 % -5.6 % 22.1 ± 1.3 % 19.7 ± 1.8  % -2.4 %

Table 1. Average BER with individual model selection (column ēclassic) and our EA multi-model selection (column 
ēEA). Negative values in column Δē(Δē = ēEA – ēclassic) correspond to an improvement of the performance of a multi-
class combination scheme when our EA multi-model selection method is used.
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must also be tested. Adding feature selection (Fröhlich, 
Chapelle & Schölkopf, 2004) abilities to our AE muti-
model selection is also of importance. 

Another key point to take into account is the reduc-
tion of the learning time of our EA method which is 
actually expensive. One way to explore this is to use 
fast CV error estimation technique (Lebrun, Charrier, 
Lezoray & Cardot, 2006) for the estimation of BER.    

CONClUSION
 
In this paper, a new EA multi-model selection method 
is proposed to optimize the generalization capacities 
of SVM combination schemes. The definition of a 
cross-over operator based on internal fitness of SVM 
on each binary problem is the core of our EA method. 
Experimental results show that our method increases 
the generalization capacities of one-versus-one and 
one-versus-all combination schemes when compared 
with individual model selection method.
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KEy TERMS

Cross-Validation: A method of estimating predic-
tive error of inducers. Cross-validation procedure splits 
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that dataset into k equal-sized pieces called folds. k 
predictive function are built, each tested on a distinct 
fold after being trained on the remaining folds.

Evolutionary Algorithm (EA): Meta-heuristic 
optimization approach inspired by natural evolution, 
which begins with potential solution models, then it-
eratively applies algorithms to find the fittest models 
from the set to serve as inputs to the next iteration, 
ultimately leading to a sub-optimal solution which is 
close to the optimal one.

Model Selection: Model Selection for Support 
Vector Machines concerns the tuning of SVM hyper-
parameters as C trade-off constant and the kernel 
parameters.

Multi-Class Combination Scheme: A combination 
of several binary classifiers to solve a given multiclas 
problem.

Search Space: Set of all possible situations of the 
problem that we want to solve could ever be in.

Support Vector Machine (SVM): SVM maps input 
data in a higher dimensional feature space by using a 
non linear function and finds in that feature space the 
optimal separating hyperplane maximizing the margin 
(that is the distance between the hyperplane and the 
closest points of the training set) and minimizing the 
number of misclassified patterns.

Trade-Off Constant of SVM: The trade-off con-
stant, noted C, permit to fix the importance to increase 
the margin for the selection of optimal hyper-plan 
in comparison with reducing predictive errors (i.e. 
examples which not respect margin distance from 
hyper-plan separator).

ENDNOTE

1 More details on used combinations schemes are 
given in (Lebrun, Lezoray, Charrier & Cardot, 
2007).




