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Introduction

Consider the nonlinear programming problem
minimize
f (x)
subject to x ∈ Ω,

(1)

where Ω ⊂ IRn is a nonempty closed convex set and f : IRn → IR is a differentiable function.
Conejo et al. in [1] propose a globally convergent trust region algorithm to solve the problem (1).
The algorithm allows great freedom in the construction of sub-problems and resolutions, and the case
of interest is when the derivatives of the objective function are not available even though it is supposed
to exist. Problems of this type are known as optimization problems without derivatives, that can arise
when we want to optimize a function that come from a simulation, for example.
A trust-region algorithm define in each iteration a objective function model and a region where the
model well approximates the function. If an adequate model of the objective function is found within the
trust region then the model minimizer is the new iterate and the region can be expanded. Conversely, if
the approximation is poor then the iterate is rejected and the region can be contracted to found a new
minimizer.
In the algorithm propose in [1] any method can be used to build the model provided that is a good
objective function approximation. Our goal is show that models built by support vector regression can
be used and preserve the global convergence.

2

Support vector machines regression

Support vector machines (SVM) are a class of algorithms for Machine Learning motivated by results
of Statistical Learning Theory. At the beginning, were used for pattern classification and subsequently
extended to regression functions. In a sense it is a generalization of the usual regression techniques. Our
goal is to use them to approximate functions which we have limited knowledge.

Suppose that we have the set X = {x1 , x2 , . . . , xm } and we know the function in these points, an
allowed error ε a constant C. To find a linear model m(x) = w> x + b with support vector machines
regression (SVMR) we need to solve the convex quadratic problem
m

1
1 X
min kwk + C
max{0, |f (xi ) − w> xi − b − ε|},
2
m i=1
which is equivalent to solving the problem
m

min
s.t.

1 X
1
kwk2 + C
(ξi + ξi0 )
2
m i=0
w> xi + b − f (xi ) ≤ ε + ξi .
f (xi ) − w>xi + b ≤ ε + ξi0
ξi , ξi0 ≥ 0,

Usually we solve de dual problem since is a simpler one. Consider
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A = [−e> , e> ],

the dual problem is
min z > Qz + v > z
s.t. Az = 0
.
0 ≤ z ≤ C.
By the dual solution, we write w = P > (α − γ) and the linear model is m(x) = w> x + b, where b is
computed by the KKT conditions as b = f (xi ) − w> xi − ε for any i with 0 < αi < C.
To build a quadratic model we use a map ϕ : IRn → IRq to change to a higher dimensional space
where the model is q(x) = w> ϕ(x) + b, it means that again we need to solve a convex quadratic problem.
With the solution of the convex quadratic problem we build the model and use it in the trust-region
method propose in [1]. Under certain conditions we want to guarantee that the method still globally
convergent when we use the support vector machines regression to build the model.
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