Math. Program., Ser. A (2013) 142:539-577
DOI 10.1007/s10107-012-0591-2

FULL LENGTH PAPER

Nonlinear robust optimization via sequential convex
bilevel programming

Boris Houska - Moritz Diehl

Received: 23 July 2010 / Accepted: 10 August 2012 / Published online: 15 September 2012
© Springer and Mathematical Optimization Society 2012

Abstract In this paper, we present a novel sequential convex bilevel programming
algorithm for the numerical solution of structured nonlinear min—max problems which
arise in the context of semi-infinite programming. Here, our main motivation are non-
linear inequality constrained robust optimization problems. In the first part of the
paper, we propose a conservative approximation strategy for such nonlinear and non-
convex robust optimization problems: under the assumption that an upper bound for
the curvature of the inequality constraints with respect to the uncertainty is given, we
show how to formulate a lower-level concave min—max problem which approximates
the robust counterpart in a conservative way. This approximation turns out to be exact
in some relevant special cases and can be proven to be less conservative than existing
approximation techniques that are based on linearization with respect to the uncertain-
ties. In the second part of the paper, we review existing theory on optimality conditions
for nonlinear lower-level concave min—max problems which arise in the context of
semi-infinite programming. Regarding the optimality conditions for the concave lower
level maximization problems as a constraint of the upper level minimization problem,
we end up with a structured mathematical program with complementarity constraints
(MPCC). The special hierarchical structure of this MPCC can be exploited in a novel
sequential convex bilevel programming algorithm. We discuss the surprisingly strong
global and locally quadratic convergence properties of this method, which can in this
form neither be obtained with existing SQP methods nor with interior point relax-
ation techniques for general MPCCs. Finally, we discuss the application fields and
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implementation details of the new method and demonstrate the performance with a
numerical example.

Keywords Robust optimization - Mathematical programming with complementarity
constraints - Bilevel optimization - Semi-infinite optimization - Sequential convex
programming
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1 Introduction
In this paper, we consider inequality constrained optimization problems of the form

min Fy(x, w)
xeRnx

subjectto F;(x,w) <0 forall i e{l,...,n} (D

with an uncertainty w € R"» entering both the continuous objective function Fy as well
as the continuous constraint functions F1,..., F;,. The robust counterpart methodology,
developed by Ben-Tal and Nemirovski [5-7] and El-Ghaoui et al. [17], assumes that
we have additional knowledge about the uncertainty w, namely that it lies in a given
compact uncertainty set W(x) C R™». We are interested in the following worst-case
formulation which incorporates our knowledge about the uncertainty:

min  max Fp(x, w)
xeRmx  weW(x)

subjectto max F;j(x,w) <0 forall i e{l,...,n}
weW (x)

In general it is hard to solve such min—max problems. Most existing algorithms address
special cases in the context of convex optimization: in [6], Ben-Tal and Nemirovski
observe that an important point in the formulation of robust counterpart problems
is their computational tractability. Under the assumption that the uncertainty set is
ellipsoidal they were able to show that the robust counterpart of a linear program-
ming problem (LP) with uncertain data can be formulated as a second order code
programming problem (SOCP). Similarly, the robustification of quadratic- or second
order cone programs (QPs or SOCPs) leads to semi-definite programming problems
(SDP). The robust counterpart of an SDP is NP-hard to solve. These achievements
show that, even if we are able to reformulate the robust counterpart problem, the robus-
tification increases the difficulty of the problem in the sense that SDPs are harder to
solve than SOCPs which are in turn more difficult to treat than LPs. Note that the
field of research addressing robust convex optimization problems has expanded fast
during the last years [4,8]. Although these developments tend more and more towards
approximation techniques, where the robust counterpart problem is replaced by more
tractable formulations, they also cover an increasing amount of applications.

For the non-convex case exist approaches in literature [15,27,29,35] which suggest
approximation techniques based on the assumption that w lies in a “small” set W (x) or
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equivalently that the curvatures of the objective function Fy as well as the constraint
functions Fi, ..., F, are bounded by given constants such that the dependence of
Fy, F1, ..., F, can be described by a Taylor expansion where the second order term
is over-estimated such that a conservative approximation is obtained. This lineariza-
tion allows in some cases to compute the maxima in an explicit way. As in the convex
case, these approaches usually assume that the uncertainty sets are ellipsoidal (while
the ellipsoids might however be nonlinearly parameterized in x) such that the sub
maximization problems can easily be eliminated while the conservatively robustified
minimization problem is solved with existing NLP algorithms. Note that in [35,36]
this approach has also been considered for more general polynomial chaos expan-
sions, i.e., higher order Taylor expansions with respect to the unknowns are regarded.
However, in practice it is often already quite expensive to compute linearizations of
the functions Fy, F1, ..., F, with respect to the uncertainty—especially if we think of
optimal control problems where such an evaluation requires to solve possibly nonlin-
ear differential along with their associated variational differential equations. This cost
might increase dramatically, if higher order expansions have to be computed while
the polynomial sub-maximization problems can itself only approximately be solved
which requires again a level of conservatism.

For the case that polynomial approximations of the problem functions with respect
to the uncertainties are not acceptable, the completely nonlinear robust optimization
problem must be regarded. This completely nonlinear case has been studied in the
context of semi-infinite programming [25]. Here, the term semi-infinite arises from
the observation that the constraints of an uncertainty have to be satisfied for all possible
realizations of the variables w in the given uncertainty set W (x), i.e., an infinite number
of constraints must be regarded. Here, the problems in which the set W may depend
on x are usually called generalized semi-infinite programming (GSIP) problems while
the name semi-infinite programming (SIP) is reserved for the case that the uncertainty
set W is constant. The growing interest of semi-infinite optimization problems over
the last decades has resulted in various contributions about the feasible set of these
problems [30,49,54]. Moreover, first and second order optimality conditions for SIP
and GSIP problems have been studied intensively [26,30,61]. However, when it comes
to numerical algorithms semi-infinite optimization problems turn out to be in their
general form rather expensive to solve. Some authors have discussed discretization
strategies for the uncertainty set in order to replace the infinite number of constraints
by a finite approximation [25,58,59]. Although this approach works acceptably for
very small dimensions n,,, the curse of dimensionality hurts for n,, > 1 such that
discretization strategies are in this case rather conceptual. Note that the situation is very
different if additional concavity assumptions are available. Indeed, as semi-infinite
optimization problems can under mild assumptions [55] be regarded as a Stackelberg
game [53], the lower level maximization problems can—in the case of concavity—
equivalently be replaced by their first order optimality conditions, which leads to an
mathematical program with complementarity constraints (MPCC). In this context,
we also note that semi-infinite optimization problems can be regarded as a special
bilevel optimization problem [3]. However, as we shall argue in this paper, semi-
infinite programming problems should not be treated as if they were a general bilevel
optimization problem as important structure is lost otherwise.

@ Springer



542 B. Houska, M. Diehl

Being at this point, semi-infinite optimization problems give rise to convexifica-
tion methods with the aim to equivalently replace or to conservatively approximate
the lower level maximization problems with a concave optimization problem. As dis-
cussed above, one way to obtain a convexification is linearization. However, in the
field of global optimization more general Lagrangian underestimation (or, for max-
imization problems, overestimation) techniques are well-known tools [51,52,60] for
convexification which are often used as a starting point for the development of branch-
and-bound algorithms. In the context of generalized semi-infinite programming such a
concave overestimation technique has been suggested in [22] to deal with the problem
of finding the global solution of the lower level maximization problems discussing
the case where the uncertainty is assumed to be in a given one-dimensional interval.
The corresponding technique is called «-relaxation and works in principle also for
uncertainties with dimension n,, > 1 which are bounded by a box. For n,, > 1 the
a-relaxation can be used as a conservative approximation while the authors in [22]
suggest for the case of small n,, to combine this a-overestimation with a branch-and-
bound technique («¢-BB method) which converges to the exact solution.

Concerning algorithms for nonlinear min—max optimization problems there exist
some approaches which use recursive quadratic programming [34,43]. Most of these
approaches concentrate either on the case of one-dimensional uncertainty intervals or
finite approximations of the semi-infinite constraint. In this context, we also highlight
the superlinearly convergent min—max algorithms [40,42] as well as the first order
min-max algorithms which have been proposed in [41]. Note that these algorithmic
developments work with finite but adaptive discretizations of semi-infinite optimiza-
tion problems.

In this paper, we employ convexification methods for the semi-infinite or robust
optimization problems of our interest, which will be discussed within Sect. 2. In
contrast to the considerations in [22], we directly concentrate on the case n,, > 1,1.e.,
on the case that the dimension of the uncertainty is much larger than one. This means in
particular that branch-and-bound methods are out of scope and we are rather interested
in conservative approximations. The contribution of Sect. 2.2 is that we show for the
case of ellipsoidal uncertainty sets that Lagrangian based overestimation techniques
are always less conservative than linear approximations. Moreover, we discuss some
non-concave cases for which a particular Lagrangian based concave overestimation
is exact. In Sect. 3 we review the existing achievements for generalized semi-infinite
programming in terms of first and second order optimality conditions.

The main contribution of this paper is presented in Sect. 4, where a new method
for structured mathematical programming problems with complementarity constraints
(MPCCs) is developed. Here, the particular structure of the MPCCs arises from the
nature of semi-infinite programming problems. As the presented method solves in
each step a convex bilevel optimization problem, we suggest the name sequential
convex bilevel programming which can be interpreted as a generalization of sequential
quadratic programming (SQP) methods [39]. Here, we discuss the local and global
convergence properties of the presented method which can—as far as the authors are
aware—in this form not easily be obtained with any existing method for MPCCs.

In Sect. 5, we discuss application fields and implementation details of the pre-
sented sequential convex bilevel programming method. Moreover, we demonstrate
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the applicability of the method by testing it with a numerical example which arises
from the field of robust optimal control. Finally, we conclude the paper in Sect. 6.

2 Nonlinear robust counterpart problems

In this section we introduce the standard notation for nonlinear min—max optimiza-
tion problems that arise in the context of robust optimization problems. We regard
problem (1) with twice continuously differentiable functions

Fo,Fi,...,F, R xR™ - R

depending on an optimization variable x € R™ and on an uncertain parameter w,
which is known to be in a compact and non-empty set

we W(kx) € R™

which additionally satisfies 0 € W(x). We assume that whatever x the optimizer
chooses, the adverse player “nature” chooses the worst possible value V;(x) defined
by

Vi(x) := max Fj(x,w). 2)

weW (x)

Our aim is now to solve the associated worst-case minimization or robust counterpart
problem

min  Vy(x)
xeRnx

subjectto Vi(x) <0 forall i e{l,...,n}. 3)

Following the naming conventions for semi-infinite programming problems, we sug-
gest to call the above problem (3) a generalized robust counterpart problem in the
case that W depends on x, while we speak of a standard robust counterpart problem
otherwise. Note that the above “min—max” optimization problem (3) requires in each
evaluation of the functions Vj, ..., V, the solution of the associated sub maximiza-
tion problem of the form (2). Thus, if the functions Fy, F1, ..., F;, are non-convex
there is in general no numerically efficient algorithm possible: every time we need to
evaluate the functions Vy, ..., V,, we have to apply expensive global search routines
(e.g., branch-and-bound) for solving the maximization problems (2)—even if we are
only interested in conservative approximations. As this will be limited to small n,, we
introduce the following assumption:

Assumption 1 Let us assume that we have for each i € {0, ..., n} a twice contin-
uously differentiable and non-negative function A; : R”* — RT which satisfies the
inequality

2

Yw e W(x): Amax (8—2Fi(x, w)) < 2% (x), 4)
Jw
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i.e., the maximum eigenvahle of the Hessian of F; withrespectto wis forallw € W(x)
bounded by the function 2 A;.

Note that there exist numerical techniques from the field of global optimization [10,
21,38] which are able to provide interval bounds on the eigenvalues of the Hessian
matrix of a given function as required in the above assumption. Nevertheless, the
above assumption is still questionable, as it is in practice often not clear how we can
obtain such functions 2; if the suggested global numerical interval methods are too
expensive to be applied. However, once we accept this assumption, we are able to
develop efficient, derivative based algorithms for approximate robust optimization in
the case n,, > 1. This is the aim of the present paper.

2.1 Approximate robust counterpart formulations based on linearization

Note that the Assumption 1 enables us to construct a conservative approximation for
the maximization problems (2) based on linearization: by Taylor expansion we find

Vilx) = max Fi(x,w)

weW (x)
dF;(x,0 1 2
< max Fi(x,0)+£w+—wT —Fi(x,v) ) w
v,weW(x) Jw 2 8w2
0F;(x,0 —
< max IFi(x,O)+Lw+)Li(x)wTw] )
weW (x) w

Note that the uncertainty set can in practice often be modeled as an ellipsoidal set B.
In order to briefly discuss this case, we assume here for simplicity that B is a unit ball:

weB::{veR""’lvrvfl}.

In this case, we can explicitly solve the concave problem (5) finding the overestimate:

dFi(x,0) =
Vi(x) < Fi(x,0) + | ———| +Ai(x). (6)
Bw 2
Here and in the following || - || : R"™ — R denotes the Euclidean norm. Note

that this linear overestimate has in the context of robust optimization been introduced
in [15,35].

Definition 1 We define the best conservative first order approximation A; : R™ — R
associated with the ith maximization problem of the form (2) by

dF;i(x,0)

Vx e R™: A;(x):= F;(x,0) + H
Jw

+ A (x). (N
2

The above definition is motivated by the observation that once we linearize the
function F; at w = 0 allowing neither to compute the gradient of F; at any other point
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nor to compute any second order term, A; is the smallest conservative approximation
that we can obtain by using Assumption 1 only without having any further information
on the function F;.

Note that, e.g., in [15,27,29,35] it was suggested to solve the approximate robust
counterpart problem

min  Ag(x)
xeRx

subjectto A;(x) <0 forall i e{l,...,n}. ®)

instead of the original problem (3). In this paper we are interested in the question
whether we can find an alternative to the linear approximation approach which leads
to a less conservative approximation of the worst case.

2.2 A worst case approximation based on the dual Lagrange function

In this section, we pick any i € {0, ..., n} and ask once more the question how we can
compute an upper bound on the function V; (x) which is needed in robust counterpart
formulations. As in the previous consideration, we assume that W (x) = B is the unit
ball. Recall that our only information about the function F; is that Assumption 1 holds.

Let us consider the Lagrange dual functiond; : R"* x Rt — R, which is associated
with the maximization problem (2):

di(x, A;) == max G;(x, i, w;) with
wj

Gi(x, hi,wi) = F;(x, w;) — Aw] wi + 4. ©)
Note that d; is an upper bound on V;(x), i.e., we have

Vx e R™ : Vi(x) <min di(x, %) (10)
)\[20

For the case that the above inequality holds with equality we say that the strong duality
condition is satisfied. This is for example the case if F; is strictly concave in w.

So far, we have not solved the problem: we still need to solve the optimization
problem (9) globally. However, an interesting observation is that we have

Vx € R™ : M;(x) := mjn di(x,X;) > min d;(x, A;), (11
iz (x) 420

since we assume that ; is a non-negative function. Note thatd; (x, A;) isfor A; > i (x)
easier to evaluate in the sense that the function G; (x, A;, -) is concave, i.e., every local
maximum of the function G;(x, A;, -) is also a global maximum if A; > X;(x) is
satisfied.

Lemma 1 The function M; is an upper bound on V; which can never be more con-
servative than the best linear approximation A;, i.e., we have
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Vx e R™ 1 Vi(x) < Mi(x) < Ai(x). (12)

Proof Note that by using the Taylor expansion of the function G; with respect to w;
there exists a v € R"» such that

d 1 (9
Gi(x, A, wj)=Fi(x, 0)"‘%};}‘(% Owi+zw; | —

) 8w2Fi(x,U)—2)\.i1) w;+A;.

13)

For the case A; > A(x) the right-hand side expression of the above equation is for any
fixed v concave and we can maximize over w; finding

max {Fi(x,0) + 2 Fir, 0wy + ] (2 Frx, v) = 201) wy + 4, |

dw?

- 2 =1 .. T
= Fix,0) + §2000 (231 - PAG0) T IAEOT 4y,

ow w

In the next step, we maximize over all v by using Assumption 1 in order to obtain for
all x € R™ and all A; > A(x) the estimate

di(x, A;) = max G;(x, A;, w;)
w;

< 041! HaF"("’O) " (14)
i (X, - = i
- 40 —r0) | aw [,
Now, it follows that
M;(x) = inf d;i(x,A;)
Ai>hi (x)
as 1 1 dF;(x,0) >
<" inf Fi(x,0) + - — + A
Ai>hi(x) 4 ()\'l - )\.(X)) dw 2
0F;(x,0) -
= Fi(x, 0+ ||————| +Ark)
aw 2
= A;(x). (15)

As the above consideration holds for all x € R" it follows with (11) that we have
Vx e R™ : Vi(x) < M;(x) < A;(x), (16)

which is the statement of the Lemma. O

Note that for the case that F; is already concave, we have M; = V; , i.e, there is no
conservatism introduced. However, we might even in the non-concave case encounter
the situation that the conservative approximation function M; is exact. This happens for
example in the non-concave quadratic case. As every function F; is locally quadratic,
this is an important observation:
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Lemma 2 Let the function F; be a quadratic form in w such that
Fi(x,w) = %wTQ(x)w+q(x)Tw+r(x), (17)
where Q(x) is a symmetric matrix. If we use the eigenvalue bound
2i(x) == max {0, Amax(Q(x))},
then the approximation function M; is exact, i.e., we have
Vx e R™ : Vi(x) = M;(x). (18)

Proof We start with an analysis of the following quadratically constrained quadratic
program (QCQP):

mue)lx i%wTQ(x)w +q(x)Tw + r(x) I st wlw < 1. 19)

If (w*, A*) is a primal dual solution of the above maximization problem then (v*, A*)
is a primal dual solution of the problem

max {%vTD(x)v + ) v+ r(x) ] st. vl <1, 20)

where p(x) := T(x)g(x) and v* := T (x)w™*. Here, T (x) denotes an orthonormal
matrix and

D(x) == T(x)" Q)T (x)

is a diagonal matrix which consists of the eigenvalues of Q(x). Assume that the mth
component of v* satisfies the inequality p,,(x) v, < 0. Then we can modify the
vector v* by exchanging the component v}, with —v", obtaining a contradiction to the
assumption that v* is a maximum of the problem (20). Thus, we have p,,(x) v}, > 0
for all components m € {1, ..., ny,} and consequently

(D (x) = 2¥) 03y = —pimn(x) = (D (x) — 2¥) (v]3)* < 0. (1)

Here, it should be noted that the LICQ condition for the problem (20) is always satisfied
such that the above first order necessary conditions may indeed be applied. Now, the
inequality (21) shows already that we have either D, (x) < A* or v = 0.Letus
assume that we have a component m for which v}, = Oand Dy, (x) > 1™ holds. As,
the LICQ condition implies not only the first order but also the second order necessary
condition

Vyelz|zZlvr=0: ' (Dx)=A"1)y <0 (22)
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this case can directly be excluded. Thus, we have D,,,,(x) < 1* for all
m € {1_, ..., Ny}, 1.e., the considered quadratic form is either concave or we have
A* > X;(x) which implies the statement of the Lemma. O

Remark 1 The above Lemma is in a different version known in the context of trust
region methods for exact Hessian SQP methods [14] as well as in the field of robust
control [63].

Corollary 1 Let Q(x), g(x) and r(x) be given such that the associated QCQP (19)
has a primal dual solution (w*, \*). We assume that for all x either Q(x) is negative
definite or A* satisfies the regularity condition

¥ > max {0, Amax(Q(x))}.

Moreover, let g : R"™ x R™ — R be a twice continuously differentiable function. If
the function F; can be written as

Fi(x,w) = %wTQ(x)w+q(x)Tw+r(x)+eg(x,w) (23)

with A;(x) := max {O, max|y| <1 kmax(%Fi(x, v))} and € > 0 sufficiently small,
then the approximation function M; is still exact.

Proof The statement of the corollary follows immediately from Lemma 2 combined
with the regularity of the solution under small data perturbations. However, in this
argumentation we use the assumption that € is sufficiently small. O

Summarizing our results so far, the functions M; can be expected to yield a better
conservative approximation than the linear approximations A;. In particular, if F; is
quadratic in w or almost quadratic in the sense of Corollary 1, then the approximation
function M; is even exact. Thus, we are interested in solving an approximate robust
counterpart problem of the form

min Mo(x)
xeRmx
subjectto  M;(x) <0 forall ie{l,...,n}. (24)

However, solving the above problem with a standard NLP solver can not be recom-
mended as each evaluation of the functions M; is expensive and requires to solve
a min—max problem. Moreover, the functions M; are in general not differentiable.
Rather, we plan to develop an algorithm to solve the problem (24) by taking the min—
max structure explicitly into account. For this aim, we write the functions M; for all
i €{0,...,n}in the form

M;(x) = max H;(x,w;) st [lwi]3<1, 25)
w;

where the functions H; : R"™ x R are defined as

H; (x, w) == Gi(x, % (x), wp). (26)
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Note that Eq. (25) is equivalent to the definition (11) of M;. In order to prove this, we
recall that the function H; is concave in w; such that we have

M;(x) = min max H;(x, w;) — /ciwiTwi + K«
ki=0 w;

= mi% max F;(x, w;) — Xi(x)wiTwi +2i(x) — KiwiTw,- + K
Ki = wi

= min max F;(x,w;) — AiwiTwi + A;

Aizhi(x) Wi
= min d;(x, A;).
A=A (x)

Here, we denote with k; > 0 the multiplier of problem (25). This multiplier satisfies
the equation A; (x) + k; = A;.

The above consideration works with a quite natural set-up as uncertainty sets are
often ellipsoidal [7] and can thus be rescaled as a unit ball. As we have discussed
in this section, the associated Lagrangian overestimate functions M; are for this case
sometimes even exact. Another practically relevant case is when the uncertainty set
is a box. As this case has been discussed in the literature within the context of the
«-BB method we refer to [22], where concave overestimates for box constrained
uncertainties are discussed. Note that in [22] the convexification method is combined
with a branch-and-bound strategy and applied in the context of generalized semi-
infinite programming for the case n,, = 1, i.e., for the case that the box is a one
dimensional interval.

3 Optimality conditions for generalized robust counterpart problems

In this section we are interested in both necessary and sufficient optimality conditions
for local minimizers of min—max optimization problems of the form

min  max Hy(x, wp)
xeRx woeB(x)

subjectto max Hi(x,w;) <0 forall i e{l,...,n}. 27
w; €B(x)

This problem has the same form as the generalized robust counterpart problem (3),
but we have switched notation to make entirely clear that we will from now on work
with the following assumptions:

Assumption 2 We assume that the functions Hy, ..., H, are not only twice contin-
uously differentiable but also (for all x € R"*) concave in w.

Assumption 3 Similarly, we assume from now on that the set B(x) is not only (for
all x € R") compact but also convex. Moreover, we assume that we can write the set
B(x) in the form

Bx) = {w e R"™ | B(x,w) < 0},
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where the function B : R™ x R"™ — R"8 is twice continuously differentiable and
(for all x € R") component-wise convex in w.

Recall from the last section that such a convex set 3(x) might in a conservative
approximation setting be obtained by taking the convex hull of W (x) while the func-
tions Hy, ..., H, are concave over-estimators of the original functions Fy, ..., Fj,.
However, note that Lemma 2 does only apply to the case of special nonconvex min—
max problems with ball constraints on the uncertainty. The above assumptions are
on the one hand more restrictive as convexity is required but on the other hand less
restrictive as they include a more general class of uncertainty sets. Nevertheless, our
main motivation are the examples

Ban (v, w) = Jwl} —1 and Bbox(x,w)=(}”(x‘)ﬁ(’$) (28)

from the previous section. Here, [, u : R"™* — R"» denote twice continously differen-
tiable functions representing the upper and lower bounds of a parametric uncertainty
box.

Definition 2 A point (x*, w*) is said to be a local min—max point if the components
of the variable w* := (wE’)‘, e, w;f) are global maximizers of the functions

HO(-X*v ')a ey Hl’l(X*ﬂ ')

while x* is a local minimizer of the problem (27).

Assuming that the lower level maximizers in (27) are KKT-points the Assump-
tions 2 and 3 enable us to equivalently replace the condition “w € B(x*) maximizes
H(x*, w)*“ (with x* being a local minimizer of (27)) by the first order KKT conditions
of the form

0= Vy,L;x", w;f, )Lj)
0> B(x*, w;‘f) (29)
*
0< Aj
ng
0= D M Bi(x*, wj)
k=0

for all j € {0, ..., n}. Here, we have used the notation
Lj(x,w,A) == H;(x,w) — AT B(x, w)

to denote the Lagrangian L; : R"* x R x R"? — R which is associated with the
jth lower level concave maximization problem.

We make the assumption that at least the Mangasarian-Fromovitz constraint qualifi-
cation (MFCQ) for the lower level maximization problems holds such that the existence
of the multipliers )»j can be guaranteed. In this case the KKT conditions (29) are both
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necessary and sufficient to guarantee that w* denotes the maximizers of the concave
lower level problems. Under the stronger linear independence constraint qualification
(LICQ) A* is also unique. Following the classical framework [56,57], we introduce
two other assumptions on the maximizers w* of the lower level problems: first we
assume that the strict complementarity condition (SCC) is satisfied, i.e., we assume
@ief{0,...,n})

BGH, wh) — A < 0 (30)

at the local min—max point (x*, w*) of our interest. And second, we assume that the
second order sufficient condition (SOSC)

82
Vpi € T\{0}: p] (WH" (¥, w*) — 2A;") pi <0 31)

1

is satisfied, where the set 7; is defined as
n 0 i,act *
T = peRw|a—B’ ", wp=0¢, (32)
w

where B2t denotes the constraint components of the function B which are active for
the ith lower level maximization problem.
Now, we use the language from the semi-infinite programming literature:

Definition 3 A point w* is nondegenerate if it satisfies the LICQ, SCC, and SOSC
condition for all lower level maximization problems in (27).

The corresponding assumption that a point w™* is nondegenerate is in the context of
generalized semi-infinite programming (GSIP) also known under the name reduction
ansatz [57,24]. It can be used to guarantee that the primal and dual solution W;(x)
and A j(x) of the jth parameterized lower level problems of the form

in H;i(x,w; 33
wjrg;gr}x) i (x, wj) (33)

can be regarded as differentiable functions in x. In fact, if w;f =W j(x*) is a non-

degenerate maximizer, the functions w; and 3 j exist in an open neighborhood
D, C R"~ of x* and are differentiable in this neighborhood D,—this is a well-known
result [47,48] which follows immediately from the implicit function theorem.

Definition 4 We say that a point (x, w, A) satisfies the extended Mangasarian Fro-
movitz constraint qualification (EMFCQ) if there exists a vector £ € R"x with

;Li(x, w,M)E <0 VieA (34)
X
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Here, A :={k | H(x, w) = 0} denotes the active set of the higher level minimiza-
tion problem. Moreover, we say that (x, w, 1) satisfies the extended linear indepen-
dence constraint qualification (ELICQ) if the vectors

0 .
—Li(x,w,A) VieA (35)
0x

are linearly independent.

The result of the following theorem has in a more general form (without even using
any reduction ansatz) for the first time been proven in [30], where first order optimality
conditions for generalized semi-infinite programming problems are discussed. In this
paper, we summarize this result being on the one hand less general, as we require the
reduction ansatz, but on the other hand we can give a shorter proof:

Theorem 1 Let (x*, w*, A*) be a local min—max solution of the problem (27) with w*
being a nondegenerate maximizer of the lower level concave maximization problems
at x* and A* the associated dual solution. Now, the following statements hold.:

1. If (x*, w*, A*) satisfies the EMFCQ condition, then there exists a multiplier x* €
R" such that the KKT-type conditions

0= LK% " w* 2% 0= L% wh A%

0> Li(x*, wf, A7) 0> B*, w?)
0= 0<x; (36)
n n
0="> xiLex* wi.2p) 0=> a"Bx* wp)
k=1 k=0
are satisfied foralli € {1, ... ,n}andall j € {0, ..., n}. Here, we use the notation
n
K (x, x. w* A%) := LoGx, wi, A8) — D xxLi(x, wi. A7). (37)
k=1

2. If (x*, w*, ™) satisfies also the ELICQ condition, then the multiplier x in the
necessary conditions (36) is unique.

Proof Due to the complementarity relation for the lower level maximization problems
we have

Vx e Dy: Hj(x,w;(x) = Lj(x,wjx),x;(x)),

where w; and A ;j denote the parameterized primal-dual solution of the lower level
maximization problems as a function of x € D, as introduced above. Thus, the min—
max problem (27) is locally equivalent to the following auxiliary problem

mgl Lo(x, Wo(x), Ao(x)) s.t. Li(x, W;(x), A (x)) <0 forall iefl,..., n).

X€E

(38)
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Using the optimality and feasibility condition for the lower level maximizer w;(x*)
we find

d R A d
ij(x*, W ()C*), )tj (X*)) = —Lj(x*, UJ_?, )»*;)

dx 0x
0 ok gk auA}/(x*) jact, ok % 3):/'()6*)
IR L i R
d
= aLj(x*, w’;,kj-). (39)

for all j € {0, ..., n}. Thus, the EMFCQ (or ELICQ) condition from Definition 4
boils down to the MFCQ (or LICQ) condition for the auxiliary problem (38). The
statements of the Theorem are now equivalent to the standard KKT theorem for the
problem (38) under the MFCQ and LICQ condition respectively. O

Remark 2 The proof for the above theorem can be modified in the sense that the
optimization problem (38) can also be considered without any constraint qualification.
In this case, we can only consider Fritz John optimality conditions for the auxiliary
problem (38), as discussed in [57].

Remark 3 The above proof can be generalized for the case that the lower level prob-
lems comprise not only convex inequalities but also linear equalities. Furthermore, we
could consider the case that the problem (27) has additional equality and/or inequality
constraints which only depend on x etc.. Please note that such generalizations are
straightforward and omitted here for the ease of notation.

In order to complete our review of optimality conditions for min—max problems, we
note thatitis also possible to write the KKT conditions for the lower level maximization
problems into the constraints of the higher-level problem, considering a mathematical
program with complementarity constraints (MPCC) of the form

minimize Hy(x, wg)
X, W,A

subjectto 0 > H;(x, w;)
0=VyLj(x,wj,Aj)
0> B(x, w)) (40)
0<2a;

n
0= > 2] Be(x, wy)
k=0

foralli € {I,...,n}and all j € {0, ..., n}. Note that this MPCC formulation is
known and discussed in the literature [57].

Unfortunately, it is without further precaution not trivial to discuss KKT points of an
MPCC. In order to understand the problem, we note that the Mangasarian Fromovitz
constraint qualification (MFCQ) for the minimization problem (40) is violated at all
feasible points of an MPCC. This can directly be seen by looking at the complementar-
ity conditions but we also refer to [50] for a discussion of the details of this statement.
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As the LICQ condition implies the MFCQ condition, both constraint qualifications
are rendered useless for mathematical programs with complementarity constraints.

The degeneracy of the MPCC (40) seems to be the main motivation for the devel-
opment of smoothing techniques for numerical approaches. In [57] and also in [18]
such smoothing techniques for MPCCs have been discussed. In this paper, we will
discuss a very different and new approach to numerically deal with min—max prob-
lems. While in [57] the MPCC (40) was the starting point for the development of
numerical algorithms that find Fritz John points based on smoothing techniques, we
are in the following section interested in numerical algorithms which use the necessary
KKT-type conditions (36) directly as a starting point.

4 Sequential convex bilevel programming

The aim of this section is to develop an algorithm which globally converges to local
minimizers of the problem (27). The question of how such an algorithm should be
designed depends heavily on the functions H; and B. For example the dimensions of
these functions, the costs for an evaluation as well as the cost of computing derivatives
will mainly influence our choice of numerical techniques. If the function evaluation
is cheap while the difficulty is in determining the active sets, an application of interior
point techniques might come to our mind. However, in this paper, we are interested
in the opposite situation, i.e., in the case that the evaluation of the functions and their
derivatives is the most expensive part. Recall that for standard nonlinear programs
SQP methods have turned out to perform very well in such situations.

In the following, we will constrain ourself to the semi-infinite case, i.e., we assume
that the function B is independent of x. The aim of the algorithm is to find a point
75 = (x*, x*, w*, A*) which satisfies the necessary KKT-type conditions (36) with
x* being a minimizer of the problem (27). In order to apply the idea of SQP methods
to our situation, we assume that we have an initial guess z° for the point z* and plan
to perform iterates of the form

T =z4+aAz = x4+ alAx, x +adAyx,w+aoaAw, r+ o AX)

with a € (0, 1] being a damping parameter while the steps Ax, Ay, and Aw and AA
are assumed to be the primal dual local min—max point of the following convex bilevel
quadratic program (min—max QCQP):

AwTLO A TK A
min max H0+L2Ax+ M+AxTng+Hg Aw0+w
Ax AonBg" 2 2

iy i Aw/ Ly, Tri i
s.t. maél_ H' + L, Ax + T—}—Ax L., +H, JAw;; <0 4])
Aw;eB"

withi € {1,...,n} and
B = {Aw; | BlAw + B <0} 42)
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forall j € {0, ..., n}. Here, it should be explained that we use the notation A); :=
A; — X j to denote the steps to be taken in the multipliers of the lower level maximization

problems, while Ay := x' — x depends on the dual solution x " which is associated
with the inequality constraints in the minimization problem (41). Moreover, we use
the following short hands:

. 0 . ) . . N\T
L = Fo Ly wj ), Ly = gz LyCeowg i), Ly = (L)
L@ = %Lj(x,wj,)\j), L“{f.:z %Lj(x,wj,)»j), LJ'ZZ Lj(x,wj,kj),
HL'{} = %Hj(x,wj), H,{ = %Hj(x,wj), Hj = Hj(x,wj),
B} = %B(x, wj), B/ := B(x, w)).

At this point we have to remark that the iteration index is suppressed for ease of
notation, i.e., once a step has been performed we set the variable z to z* in order to
continue with the next step. In particular, the symmetric and positive definite matrix

K, € R
may change from iteration to iteration although this is in our notation not indicated
by an iteration index. Possible choices of this matrix K,, will be discussed later, but

we mention already at this point that K, should be a suitable approximation of the
Hessian matrix

n
0 k
Ly, — Z XLy
k=1

where we use the short hand L){x = %Lj(x, wj, Aj).
Note that the sub-maximization problems within the min—-max problem (41) can
be regarded as concave quadratic programs (QPs) of the form

Vi(Ax) = max [EAw,.TL;WAw,» + (AxTL;w + H;U) Aw,-]
s.t. Bl Aw; + B <0, (43)

as L' is assumed to be negative semi-definite (cf. Assumption 2 and 3). Moreover,
the upper level minimization problem takes the form

1
min [HO + LY Ax + Vo(Ax) + EAxTKMAx]

st. H 4+ LE Ax + Vi(Ax) <0, (44)
which is a strictly convex optimization problem if K, is positive definite. Here, we

have used the fact that the functions V; are convex in Ax as the maximum over linear
functions is convex. As for SQP methods, the existence of Az is not guaranteed as
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the sub-problems might be infeasible. However, assuming that the sub-problems are
feasible and that the concave quadratic programs (43) have unique solutions, we have a
guarantee that the step Az is unique. Moreover, the convexity has the practical advan-
tage that the sub-problem can efficiently be solved with existing convex optimization
tools.

In the case that L’ is strictly negative definite, we can analyze the dual mini-
mization problem which is associated with the concave maximization problem (43).
Provided that the QPs (43) admit strictly feasible points (Slater’s condition) the prob-
lem (44) is equivalent to a convex QCQP of the form

. —1
min {H0+L2Ax —Lgo(Ax, 2%y (LY,) " go(Ax, 41T —ngT+%AxTKxxAx}
X,

. . . —1 -
st H' + LiAx — Lgi(Ax, A7) (Li,,)" gi(Ax,AH)T — BI'AT < 0.
where we have used the short hand
Ty . 1 TrJ T T J J
gi(Ax, 1) =5 (4T Ldy - (/\j) Bi +HJ).

Note that this problem can solved with any suitable convex QCQP solver.
Definition 5 We define for each j € {0, ..., n} the lower level working set A j(ﬂ)
by

A0 = {k c{0,....n} | (Aj)k > o}. (45)

Moreover, we denote the number of elements in A %) by m; := |A j ()LJ’)| .

We use the above notation to introduce the lower level KKT matrices

. . T
L (BE)

Qj = J.act
By 0

: (40)

where B,{;aCt € R™i*™ is a matrix which consists of the rows of Bj,, whose index is
in the working set A; (Ah.

Assumption 4 We assume that the matrix §2; is invertible for all j € {0, ..., n}.

Note that the above assumption seems reasonable in our context as we are inter-
ested in the case that the lower level optimization problems are convex while a non-
degeneracy assumption (or reduction ansatz) holds in the optimal solution. In this
sense, the above assumption is not excessively restrictive requiring a kind of regular-
ity condition to be satisfied during the iterations.

Proposition 1 [f the Assumption 4 holds, the bilevel optimization problem (41) can
equivalently be regarded as an MPCC, i.e., the condition that the pairs (Aw, Aj.) are
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primal-dual maximizers can for all j € {0, ..., n} equivalently be replaced by the
corresponding KKT conditions

0=Ax"Li, + Awl L], — AMTB) + L], (47)
0> B Aw; + B/ (48)
T
0<hj+Ax =2 (49)
T
‘ NT s
0= (B,{)ij n Bf) 1 (50)

using the notation L}, = H;, — )»/TB,{).

Proof The above Proposition should be self-explaining: the conditions (47)—(50) are
simply the necessary KKT optimality conditions for the lower-level QPs (43). Here,
Assumption 4 guarantees that the linear independence constraint qualification is sat-
isfied justifying an application of the KKT theorem. O

Remark 4 The above Proposition shows that the bilevel optimization problem (41)
can be regarded as a mathematical program with linear complementarity constraints
(MPLCC), which are in their general form rather expensive and difficult to solve [12,
31]. Note that the special structure arising from the semi-infinite programming context
as well as the convexity of the bilevel problem (41) are the foundation of the presented
sequential convex bilevel programming method, which make it efficient. This aspect
is also the main difference of the presented method in comparison to techniques like
piecewise sequential quadratic programming methods for general MPCCs [32,46,64],
where a quadratic program with linear complementarity constraints (QPLCC) must
be solved in each step of the sequential method.

In the next step we work out the optimality conditions for the bilevel QP (41).
For this aim, we introduce the matrices R; € Ruxx(wtmi) a5 well as the vectors
sj € R™w+™;j (with j € {0, ..., n}) which are defined as

. NT
J J

Rj = (L“”X) and s; := ((Hw) ), (51)
0 B],act

respectively. Here, the matrix B/ consists of all components of B/, whose index is
in the working set A; (7). Moreover, we use the notation T; := RjT .Qj_lR e

Definition 6 Requiring that Assumption 4 is satisfied, we say that the QP (43) is
nondegenerate for a given Ax if the strict complementarity condition (SCC)

BjAw; + B/ — xj < 0. (52)

holds at the primal dual solution (Aw;, )»j.) of the QP (43).

Assumption 5 We assume that all lower level QPs of the form (43) are non-degenerate
at the solution (Ax, Aw, A7) of the problem (41), i.e., the strict inequality (52) is for
all indices j € {0, ..., n} satisfied at this point.
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Note that the non-degeneracy of the jth lower level QP at a given Ax implies that
the variables Aw; and )L; can in a neighborhood of Ax be regarded as a locally linear
function. This is due to the fact that Assumption 4 is equivalent to the LICQ and SOSC
condition for the lower level QPs while the SCC condition is required by the above
definition.

Definition 7 Let the point (Ax, Aw, A") be a feasible point of the bilevel prob-
lem (41). Providing that Assumption 4 is satisfied, we say that the extended LICQ
condition is satisfied at (Ax, Aw, )»T) if the vectors

LA =5l "R+ axTTT Ykew (53)
are linearly independent. Here,

wi= k| (LhAx+ Li,aw; - AT B+ 17) =0}
k

denotes the active set which is associated with the upper level constraints.

Lemma 3 Let the Assumptions 4 and 5 be satisfied. Furthermore, let (Ax, Aw, A7)
be a minimizer of problem (41) for which the extended LICQ-condition holds. Now,
we have necessarily

n
- T
0= (Kxx —To+ > x Tk) Ax + (L2 - sOT.QO—‘RO)

k=1
n T
=D (-T2 k) (54)
k=1
. . 1
0> H + L Ax — 5(R,-Ax+s,-)T 27N (RiAx + 1) (55)
0>x+Ax = XT (56)

(57)

1

. . 1
0= (H‘ + Ly Ax — 5 (RiAx +s0)7 271 (R Ax —i—s,')) X!

foralli € {1,...,n}. Here, the multiplier )(T is unique.

Proof Dueto the non-degeneracy Assumption 5 for the lower level QPs (43) the bilevel
problem (41) is locally equivalent to an auxiliary quadratically constrained quadratic
program of the form

min {%AxTKXXAx +L9Ax — L (RyAx +50)T 25" (RoAx + so)}
X .

. . (58)
st H + LiAx — 5 (RiAx +sp)T 27 (RiAx +5) <0

This follows immediately from a local elimination of the variable Aw on dependence
on Ax, i.e., we know that the active set of the lower level QPs remains locally constant
in Ax such that we can exploit the relation

@ Springer



Nonlinear robust optimization 559

Aw,-
RjAx + £2; _j +s5; =0, (59
J

which summarizes the parameterized stationarity as well as the primal feasibility
condition of the active constraints associated with the jth sub-QP (43). In this notation,
272§ the vector which consists of the non-zero components of A; . Now, the extended
LICQ condition for the bilevel problem (41) reduces to a standard LICQ condition for
the auxiliary problem (58). Consequently, an application of the KKT theorem yields

the statement of the Lemma. |

4.1 Global convergence analysis

A crucial point in the discussion of global convergence of any SQP type method
is the availability of a merit function which measures the progress of the iterations
7zt = z + aAz towards a local minimum. This can for example be achieved via
line search techniques [39] adjusting the damping parameter « if necessary but also
trust region methods [14] make use of merit functions. In standard SQP methods with
suitable regularity assumptions Han’s exact /;-penalty function [23] is a traditional
choice but there are also other choices [39].

Note that for general MPCC:s it is not straightforward to apply the idea of penalty
functions as most of the techniques, as, e.g., discussed in [39], are based on the assump-
tion that a suitable constraint qualification holds. As MPCCs do often not satisfy these
constraint qualifications, standard proof techniques typically fail. Global convergence
of SQP methods for general MPCC:s is an active field of research and we refer to [1,9]
for further reading on global convergence of methods and a discussion of penalty
functions for general MPCCs.

Fortunately, as the MPCC (40) arises from the context of semi-infinite programming
it has a special structure which is exploited in the method presented in this paper and
which helps us also to construct a suitable merit function for our needs. Let us start
by defining an upper level merit function @y : R™ x RO*+Dmw » RO+Drs o R
planning to measure the progress in terms of upper level feasibility and optimality in
the form

n
Dy (x, w, 1) = Lo(x, wo, o) + D fk 7k (Li(x, wi, 1), (60)
k=1

where ¥ € R'[, is a constant vector. Here, it should be explained that the positive

projection 7 : RY — Ri is defined for arbitrary dimensions d while the components
of 7 satisfy

Vs e RE, Vk e (1,...,d}: m(s) ;= max {0, s }.

Similarly, |-| : RY — Rf{_ is also defined for arbitrary d where |s| denotes the
component-wise absolute value of a vector s € RY.
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Besides the upper-level feasibility, we also need to measure the violation of the
stationarity and primal feasibility condition for the lower level optimization problems.
In this context, we observe that the dual feasibility condition AT > 0 is automatically
satisfied for the iterates, since A™ satisfies by construction the optimality conditions
of the lower level maximization problems in problem (41). Thus, a violation of dual
feasibility in the lower level problems does not need to be detected motivating the
introduction of primal lower level merit functions of the form @ I{ :R™ xR xR"8 —
R which are defined as

aLj(x, wj,kj)

™ pj+ A w(B(x, w)))

@i(x, Wi, Aj) = ‘

forall j € {0,...,n}. Here, p; € RY", and A j € RU5 are positive constants. The
final step is to compose a merit function @ : R x R"+Dmw y Rt+Dns _ R a5

n
D (x, w, 1) 1= Py (x, w, 1)+ P (x, wo, ko) + D A PL(x, wp, ). (61)
k=1

In the following, we prepare the proof of Theorem 2 where a condition for a descent
direction of the merit function @ will be discussed. In this context we make use of the
following assumption:

Assumption 6 The matrix L, is negative definite.
Let us introduce the short-hand “9,” to denote one sided directional derivatives in
the step direction, i.e., we define for example

. Lo(x+aAx, wo+aAwg, Ag+aArg)— Lo(x, wo, Ag)
0y Lo(x, wg, Ag) := lim .

a—0F o

(62)

This abstract notation for one sided derivatives can analogously be transferred for the
other terms in the merit function. Let us summarize the following technical result:

Proposition 2 Transferring the notation (62) to denote one-sided directional deriva-
tives, the following expressions exist (i.e., the corresponding limits for « — 07 exist)
and satisfy

o Lo(x, wo, 10) = L2 Ax + L% Awg — Ar] B? (63)

. 1 . N
ot (Li e, wi, 1)) < —m(L) = 5L, (L) L, (64)
dm(B(x,w))) < —m(B7) (65)

9 .
O | 5= Ly, wy ) =—‘L{U’ (66)

foralli € {l,...,n}yand all j € {0,...,n}. Here, the formula (64) requires the
Assumption 6 to be satisfied.
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Proof The first formula (63) follows immediately from the definition (62). In order
to derive the remaining formulas, we first recall that we have for any differentiable
function ¢ : R” — R with derivative function ¢’ := 9 ¢ the following rules

' E)AE  if 9) >0
do lp(E +aA8)| = 1 |¢ (E)AE| if ¢) =0 (67)
—¢'(6)AE if (&) <0
¢'(§)AE if p(&)>0
and 3,7 (p(& +aA§)) = { 7w (¢/(§)AE) if &) =0 (68)
0 if &) <0

forall £ € R", as long as ¢’ (§) A& # 0 whenever ¢(£) = 0. Moreover, the conditions
from the lower level QP optimality
Bl Aw; < —B/, (69)

and Ax"L, + Awl LY, — AATB) = L], (70)

can be combined with Egs. (67) and (68) to estimate the directional derivatives (65)
and (66) respectively. It remains to verify the estimate (64). For this aim, we first
compute for all i € {1, ..., n} the term

doLi = L' Ax + L Aw; — AL B

—H' — (EAwlTLiﬂw + AxTLicw + H:u) Aw; + LL)AU),' - A)LlTBt

‘ 1 . . : ; T pi
—Li — (zAwf Liyy + AxT L, + Hiu) Awi + L, Awi = (A3)" B’
@i (lAwTLi +AxTLE, + HY — (AA)T B] ) Aw; + L, Aw
- 2 i Fww xw w i w ! w !

. 1 . .
D iy S Aw] Ly, Awi + Li, Aw;

gl (L" Aw; + (L )T)T (L" )71 (L" Aw; + (L )T)
2 ww i w ww ww ! w

| N
—>Lu (L) L,

A RN [
L — L (L;M) L’ (71)

2w w

IA

In the last step, we have used that quw is negative definite. Estimate (64) is now a

direct consequence, as we can use the above estimate in combination with Eq. (68).
]

Definition 8 Provided Assumption 6 is satisfied, we introduce the notation

Pj = (Lljuw)

LT
L},
forall j € {0,...,n}.
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Assumption 7 We assume that the matrix K, is symmetric and positive definite.

In the following Theorem we discuss that the presented sequential convex bilevel
programming method generates descent directions of the function @:

Theorem 2 Let us assume that 7 is a given iterate of the above sequential bilinear
programming method for which the bilevel quadratic optimization problem (41) admits
a feasible solution Az while the Assumptions 4, 5, 6 and 7 are satisfied. Furthermore,
we assume that the weights in the merit function ® are sufficiently large such that we
have

. . 3 .
Vjel0,...,n}: X>‘XT‘7Pk>§|pk|aAj>0. (72)

Then, we have either

Ax =0, n(B)) =0, n(L") =0, LL}( =0,
pj =0, Aw; =0, and 2] B/ =0 (73)
foralli € {1,...,n}andall j € {0, ...,n}or Az is a descent direction of the merit

function @, i.e., we have

. D(x+alAx, w+aAw, A+aoAr) — P(x, w, A)
0@ := lim <

a— 0t o

0.

(74)

Proof 1In the first step of this proof, we use the formula (63) in combination with the
linearized stationarity conditions (54) to compute

du Lo(x, wo, 20) = LYAx + L% Awg — AL B?
34

—AxTKp Ax+AxT ToAx+58 25 RoAx+ LY Awg— ArL B
n
Sy (—LﬁAx T AT T Ax + skT.Qk_leAx) (75)
k=1

By collecting terms, the above equation can also be summarized in the form

n n
duLo(x, w0, o) = —Ax" Koy Ax + Xo — D x{ Xe = D x[L*. (76

k=1 k=1
where we use the short hands
Xo = AxTToAxT + 58 25 RoAx + LS Awg — 221 B (77)
and
Xy = —Li — LK Ax + Ax" T AxT + 57 27 ' R Ax. (78)
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fork € {1, ..., n}. Now, the basic strategy is to use the necessary optimality conditions
to transform the expressions for X and X and completing squares in such a way that
we can find suitable estimates for them. We start with the term for X:

Xo = AxT ToAx + 5§ 245 RoAx + LY Awg — Ax] BC
=—AxTLY, Awg + L Awg — Ar] BC. (79)

The latter equality can be verified by multiplying Eq. (59) with AxTROT 24 ! from
the left. In the next step we use the stationarity condition for the lower QP to further
transform to

Xo = AwgL%, Awg + 2L% Aw, — AL B Aw — ArT B
-1
= (L9 Awo+L3) (£9,) (Lo, Awo +LY)
—1 T
—L, (L9,) 15" + 2 (BY Awo + BY). (80)
The first term in the right side of the above transformation is negative as L9 is negative

definite. Similarly, we have A (B Aw + BY) < 0as o > 0and B) Aw + BY <0.
Thus, we find

-1
0 (70 oT
Xo < —L° (wa) o 81)

In order to obtain a similar estimate for X; with k € {1, ..., n} we use the comple-
mentarity relation (57) to find

Xi = —Li— LXAx + AxT T AxT + 57 27 R Ax
1 T+
XD —5 Aw{ L, Awg + Aw{ B0+ By — AxT Ly Aw
1 «T
= EAwkTL’l‘UwAwk + LX Awy — AngBE Awy + 07 BE Awy + 2T By

1 —1
=5 (Lhaw+Lh) (h,)  (Lh,awc+ L)

1 =1
5L (Lh,)  Lh" 42l (B Aw + BY) (82)

Thus, we have
Loe (pe Y7V kT
X = —5L}, (wa) L&' (83)

In the next step, we are interested in computing the directional derivative of the upper-
level merit function @y . For this aim, we use Eq. (76) to find
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n

n
0uPy < —AxT Ko Ax +Xo = D xi X — D (x + X,j') (L5
k=1 k=1
=>ank (Lh,) Lk
k=1
n n 1 r
< Xo— X X = D gl (24,) L4, (84)
k=1 k=1

where the last inequality holds strictly if Ax # 0 as K, is assumed to be positive
definite and 0 < |x¥| < %. Similarly, we compute the directional derivative of the
lower level merit functions using the formulas from Proposition 2 to find

Xo+ 0,99 81) = = |15, (0 = lpol) = o (B) <0 (85)
as well as

1, (1. 1 .
Xi+50,0F 83 = = |Lh] (30— 51l ) = shm B9 <0 (86)

as we assume Py > % | ok |. Both estimates together yield

n
2 ks s s
LD (—§Xk 24| e+ R |4, |pk|) <o, (37
k=1

where we use again the assumption gy > % | px | For the case that we have 9,® = 0
all the above inequalities must be tight. Collecting the corresponding conditions, we
find that this can only be the case if we have

Ax =0, 7(B) =0, m(L)=0, |L}|=0 (88)

Awj =0, AjB/ =0, and p; = 0. (89)

foralli € {1,...,n}andall j € {0, ..., n}. Thus, we conclude the statement of the
Theorem. O

Note that the above Theorem shows that we get either a descent direction of the
merit function @ or A7 B 7 = 01is implied. This is surprising in the sense that we did
not penalize the complementarity condition in the function @. Indeed, this observation
leads to the following corollary:

Corollary 2 Let us assume that the penalty weights in the merit function ® are suffi-
ciently large. Then every local solution of the unconstrained optimization problem

min @ (x, w, ) 90)

xX,w,A
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at which the regularity Assumptions 4, 5, and 6 are satisfied, is either an infeasible
stationary point or a KKT-point of the MPCC (40). Moreover, if there exists a solu-
tion (X, W, )A\) of the unconstrained optimization problem (90) at which the regularity
Assumptions 4, 5, and 6 hold, then every solution of the MPCC (40) is also a solution
of the unconstrained optimization problem (90), i.e., the merit function @ is an exact
penalty function.

Proof Letus assume that we have a solution (x*, w*, 1*) of the unconstrained penalty
problem (90) which is not a KKT point of the MPCC (40). Provided that (x*, w*, 1*)
not an infeasible point, an application of the above sequential convex bilevel pro-
gramming method is well defined in the sense that a feasible step Az must exist—
independent on how we choose the positive definite matrix K. As (x*, w*, A*) is
assumed to be not a KKT point it can easily be seen that we can not possibly satisfy
all the conditions (73), i.e., we get a descent direction of @, which is obviously a con-
tradiction to our assumption that (x*, w*, 1*) is a local solution of the unconstrained
penalty problem (90). Thus, every local solution of the unconstrained optimization
problem (90) must either be an infeasible stationary point or a KKT point of the
MPCC (40).

The other way round, let us assume that (x*, w*, A*) is a solution of the MPCC (40)
achieving the minimum objective value Ho(x*, w). If this point is not a solution of
the unconstrained optimization problem (90) and not an infeasible stationary point,
then the solution (£, ), &) of (90) satisfies Ho(%, o) < Ho(x*, wg), i.e., we can
use the above argumentation to show that (X, w, %) is a feasible KKT point of the
MPCC (40) with a lower objective value than the assumed solution (x*, w*, A*). This
is a contradiction to the assumption that (x*, w*, A*) is a solution of the MPCC (40).
Consequently, @ is an exact penalty function. O

Note that the Theorem 2 and the corresponding Corollary 2 enable us to transfer
the traditional argumentation for the globalization of SQP methods [23,39], i.e., we
can require an Armijo-Goldstein condition of the form

() < D)+ eadpg®@0) with ®(@) = O(x +aldx, w+ aAw, A +aAX)
91)

to be satisfied with some € > 0, adjusting « via a line search such that a descent of
the iterations is guaranteed. Under some additional assumptions, i.e., feasibility of the
sub-problems, uniform boundedness of the multipliers y, p, and X, and the uniform
boundedness of K., and K x}l , the traditional global convergence statements from the

SQP theory transfer [23].

4.2 Local convergence analysis

The local convergence properties of the presented sequential convex bilevel program-
ming method are much easier to discuss than the global convergence. Basically, we
can transfer the classical concepts for the local analysis of standard SQP theory. Thus,
we will in this section present the local convergence theory on an adequate advanced
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level aiming at remarks on the details which are specific for sequential convex bilevel
programming methods.

Let us directly constrain ourselves to the assumption that the active set during the
local phase of the algorithm is already correctly detected and stable. Here, the stability
of the active set can in our context be guaranteed as follows:

Assumption 8 We assume that at the local MPCC minimizer (x*, w*, A*) of our
interest the following strong regularity conditions are satisfied:

1. The solution w* of the lower level maximization problems is nondegenerate.

2. The ELICQ (or equivalently the MPCC-LICQ) condition is satisfied at
(x*, w*, A%).

The second order sufficient condition for the auxiliary problem (38) is satisfied.
4. The upper level strict complementarity condition

hed

Li(x*, wi,Af) —x* <0 (92)

holds foralli € {1, ..., n}.

Lemma 4 Let (x*, w*, A*) be a local minimizer of the MPCC (40) at which the
regularity Assumption 8 is satisfied. Then there exists a neighborhood of (x*, w*, A™)
in which the bilevel optimization admits a feasible solution Az which has the same
active set as the local minimizer (x*, w*, A%), i.e., we have A; ah = A;‘. for all
je{0,....n}aswellas A(x") = {k | xx > 0} = A* for all iterates in this
neighborhood.

Proof The feasibility as well as the stability of the active set for the lower level
QPs follows immediately from Robinson’s theorem [47,48]. Similarly, we can also
apply Robinson’s theorem to the upper level auxiliary problem (38), i.e., we obtain
the feasibility and active set stability of the local QP-type necessary conditions from
Lemma 3. Here, we use that the ELICQ condition boils down to an LICQ condition
for the problem (38). As the fourth requirement of Assumption 8 guarantees the SCC
condition for the problem (38), we have all the necessary regularity conditions for the
problem (38) such that an application of Robinson’s theorem is justified. Thus, we
conclude the statement of the theorem. O

A question which we have not discussed so far is how we should choose the matrix
K. In the previous section we have assumed that K, is positive definite as this
was needed to guarantee a descent in the merit function during the global phase.
This assumption is in principle not necessary for the discussion of local convergence
properties, although it is still desirable in the sense that it guarantees the convexity
of the sub-problems. However, in the context of local convergence, we are rather
interested in a Dennis-Moré condition of the form

< cm | AX™|

92 02
(K;'; — 5 LoGet, wg, Ag) + Zx:mLk(x*, wi, A5 ) Ax™
k=1
(93)
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where (¢;,;)meN 18 @ non-negative real valued sequence. Note that—with quite some
abuse of notation—the iteration index m has been recovered in this formulation recall-

ing that the Hessian approximation K, = K" may change from iteration to iteration.

Theorem 3 Let the Assumption (8) be satisfied while the Hessian approximation
sequence K" satisfies the Dennis-Moré estimate (93) for a sequence () peN. More-
over, we assume that the sequential convex bilevel programming method takes—at least
close to the solution—always full-steps while the functions H; and B have Lipschitz
continuous Hessians. Now, the following statements hold:

— Ifthe sequence (cy) meN Satisfies limy,—, o ¢y = 0, then the local convergence of
the sequential convex bilevel programming method is r-superlinear.

— If the sequence (cp)meN Satisfies cm+1 < Kk ¢y for some k < 1, then the local
convergence of the sequential convex bilevel programming method is r-quadratic.

Proof Using the Lemma 4 our aim is to show that the sequential convex bilevel pro-
gramming method is locally equivalent to a Newton type method applied to the neces-
sary conditions (36) from Theorem 1 under the assumption that the active set is fixed.
As the Proposition 1 show already that the sequential convex bilevel programming
method linearizes the primal feasibility condition of the lower level problem in every
step exactly, we discuss directly the linearization of the active upper level constraint:

Li + a%Li Az =L+ L. Ax + L) Aw — AL] B;
=H + L. Ax + (%Aw}Lﬁm +AxTLL + H{;J) Aw;
—i—%AwiLfﬂwAwi + L Aw;
=H + L. Ax + (%AwiTLwa +axTLE + H;;)) Aw;
—%Aw,-LﬁuwAw,- — AxLl, Aw; + AA] Bl Aw, (94)
which leads to

0
HL,- + 5 ki Az = o(llAzl*) (95)

for all i in the active set, i.e., for all i with
i i 1 Tri Tqi i
H + LXAX + EAw,- wa + Ax wa =+ Hw Aw; = 0.

It remains to discuss the Newton step with regard to the stationarity equation

9 . 9 - 9
0= ——K(x,w, ) = ——Lo(x, wo, ko) - ];Xkallk()ﬁ wi, M) (96)
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A linearization of the above expression for %I& leads to

0, [0 . . . .
P P A PR (LxxAx—i—waAwo—}—Lx)

n n
> u (L];xAx + Lk, Awg + Lﬁ) > ALk
k=1 k=1
o7
Note that we may assume AA Mt = 0 during the local phase as we consider the

case that the correct active set has already settled. Combining this knowledge with the
relation

A w;
RjAx + 82\ _yrac ) +5,=0
J
we can further transform to

d , A8 4 - -
a +& [aKiI AZZ(LEX—ZXkLix)AX—TOAX"'ZXkaAX
k=1 k=1
n n
—ROTQ(;ISO + ZX/(ROTQ(;ISO + Lg — ngLi.
k=1 k=1
93)

Using the result of Lemma 3 in combination with the Lipschitz continuity of the
Hessians terms as well as the Dennis-Moré estimate (93) we obtain

a1€+8 al% A
ax oz |ox ‘

< (em + Olz = z*D) I Ax||

+ | — Z Axp T Ax — z Akak.Qk_lsk
k k
99)
Now, we use that
|Re27 s = 1-Teax = Loy awll < 0(14z)) (100)
to finally conclude
0 0 5 * 2
—K+ — | —K | Az|| < (cm + Oz — 2" D) 1 Ax]l + O (| Az||).
ox dz | ox
(101)
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Note that this last estimate (101) together with the estimate (95) boil down to a standard
Dennis-Moré convergence criterion for the Newton method applied to the optimality
conditions with respect to the fixed active set. Both statements of the Theorem are a
direct consequence. O

Remark 5 If we use, e.g., a line-search globalization routine based on the proposed
exact non-smooth penalty, the Maratos effect [33,45] might prevent the method from
taking full-steps. Note that there exists mature literature on how to avoid the Maratos
effect in standard SQP algorithms [11,13,19,34]. These techniques can also be used
for modifying the proposed sequential convex bilevel programming algorithm.

Remark 6 Note that the above Theorem covers the case that K" is generated by BFGS
updates, for which superlinear convergence is obtained. In the case of exact Hessian
approximations we have even quadratic convergence. This is in analogy to standard

SQP methods.

Remark 7 Note that for a direct application of a general purpose SQP method to the
MPCC (40) local convergence is much more difficult to analyze [20], as the KKT
points of the MPCC (40) do not satisfy the MFCQ condition. Moreover, globalization
results for general purpose SQP methods applied to MPCCs are—due to the unbounded
multiplier solution set of an MPCC—difficult to obtain [20], but they are subject of
current research [2,62]. From this perspective, the presented sequential convex bilevel
programming method is a mathematically sound alternative to standard SQP methods
for structured MPCCs.

Remark 8 Note that the above local convergence result could be generalized to the
case that the second order matrices Ly, Ly, and Ly, do not exactly coincide with
their associated second order terms as long as they are suitable approximations. How-
ever, for such an “inexact* sequential convex bilevel programming method, the global
convergence argumentation from the previous section would fail, as an approximation
of these second order terms would amount to an inexact linearization of the lower level
stationarity conditions, which are in the MPCC (40) formulated as equality constraints.

4.2.1 A stopping criterion

Note that within an implementation of the proposed method, we need a stopping
criterion to decide numerically when convergence is achieved. For this aim, we define
the KKT-tolerance € of the sequential convex bilevel programming method analogous
to SQP methods as

~

OLi(x,wi,Aj) ~
— L R b+ A m(Bx. w))),

ow

6 = q>ﬁ(x,wj,/\,-)=’

n
ey = |0y Lo(x, wo, Ao)| + Z)?k e (L (x, wi, Ak)),
k=1

n
and € := 6U+EE+Z§(k ef. (102)
k=1
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We can stop the method if € < TOL is satisfied for a user-specified tolerance TOL,
as the above definition of the KKT tolerance ¢ measures the violation of the KKT
conditions for optimality.

4.2.2 The possible loss of superlinear convergence for non-convex problems
and positive definite Hessian approximation

Being at this point, we have discussed the local and global convergence of the method
rather independently obtaining consistent results. However, the question which we
have not addressed so far is whether we can always satisfy the Dennis-Mor¢é condition
for superlinear or quadratic convergence which is needed in the above Theorem 3. This
is certainly possible if we work with exact Hessians. For the case that the upper level
problems are convex these exact Hessian matrices will be positive semi-definite and we
cannot encounter problems with convexity of the sub-problems. The question is now
whether we can work with bounded and positive semi-definite Hessian approximations
K. even if the exact Hessian

2 n 2

a a
iy *wE AR + x* 9
0x2 0L, wg. A9) ; Xk 952

L (x*, wy, k;) (103)
is indefinite or negative definite still obtaining superlinear convergence. Although this
is for standard SQP methods the case [44], this will in general not be possible for our
sequential convex bilevel programming method. The corresponding effect has been
worked out for sequential linear conic programming methods [16]. It was shown that
sequential linear conic programming methods with bounded positive definite Hessian
may not converge superlinearly for some non-convex problems.

In the following we will show that there exists an example for which the proposed
sequential convex bilevel programming method suffers from the so-called Diehl-Jarre-
Vogelbusch effect. For this aim we consider the problem

min  {—x7 — (x — D?}
veR? (104)
s.t. max {ZxTw —-1- wTw} <0
weR?

Applying the presented sequential convex bilevel programming strategy with the exact
Hessian K,y = —21>4», the method converges independent of the starting point in
one step to the unique solution x* = w* = (0, —1)7.

The closest positive semi-definite approximation of the exact Hessian —2/54>
would be given by Ky, = 0. If we use this approximation the method converges
linearly with convergence rate % Note that this example is completely analogous to
the one proposed in [16] and thus the corresponding argumentation transfers.

The Diehl-Jarre-Vogelbusch effect can never cause a problem if the original opti-
mization problem is convex as the exact Hessian is positive semi-definite in this case.
However, for general non-convex optimization problems we should be aware of the
fact that there exist non-convex cases in which the superlinear convergence is lost if
we want to work with positive semi-definite Hessian approximations.
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5 Applications, implementation details, and numerical examples

Looking for applications of the presented sequential convex bilevel programming
method in the context of robust optimization problems we should be aware of the
fact that it is hard to find nonlinear min—max optimization problems in practice which
are—at least without further transformation—concave with respect to their lower level
maximization problems. There is one important exception: the problems for which the
functions H; are affine in w. As mentioned in the introduction, the case that H; is affine
in w has been discussed by many authors [5,6,15,17,29,35] using the assumption that
the uncertainty sets are ellipsoidal or intersections of ellipsoids. In this case the lower-
level maximization problems can explicitly be eliminated which leads typically to
a (possibly nonlinear) second order cone program (SOCP) on the upper level. As
this explicit elimination might make the problem also more nonlinear, the presented
sequential convex bilevel programming method could be an alternative, although we do
not expect major improvements when applying it to this well-elaborated problem class.

Looking for the case that the functions H; are not convex in w, we have to accept that
we need an estimate for the second order terms to achieve conservative reformulations,
which are however still less conservative than linear approximation approaches as we
have extensively discussed within Sect. 2. The corresponding nonlinear robust or
semi-infinite optimization problems are the main application of the presented method.
Here, the efficiency of the sequential convex bilevel programming method is mainly
influenced by two factors:

First, the functions H; and B as well as their first and some of their second order
derivatives need to be evaluated. In most practical situations the evaluation of the
function B will be cheap. Recall that we have the cases that B describes a simple box
or ball in mind. Thus, the aim is to reduce the cost of the evaluation of sensitivities of
the functions H;. Note that the presented method needs even in exact Hessian mode
only second order derivatives. This is in contrast to linear adjoint based approxima-
tion techniques [15] which would need third order derivatives to achieve quadratic
convergence. Thus, the proposed sequential convex bilevel programming method can
outperform the adjoint based linearization technique with respect to both: the function
and sensitivity evaluation cost per iteration of a method as well as the conservatism
of the robust counterpart approximation.

Second, the cost of the sequential convex bilevel programming method is influenced
by the cost of solving the sub-problems, which are itself structured min—-max QCQPs.
The tractability of these bilevel sub-problems is on the one hand due to their convexity
and on the other hand implied by the structure which comes from the fact that for any
given Ax the lower level QPs are decoupled. For practical purposes, the min—max
QCQPs can for example be transformed into equivalent convex QCQPs which can be
solved with existing algorithms.

5.1 A numerical test example

In this section, we demonstrate the applicability of the proposed method with a numer-
ical example. For this aim, we consider a control task for an elastic rope which is
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modeled by 11 mass points and 10 connecting springs. The states of the system are
the position coordinates zg, z1,...,210 € R? as well as the associated velocities
vo, - .., v1p. Consequently, we have 44 states in total which satisfy the following
model equations

Yief{0,...,10}: () = vi(t) (105)
Bo(t) = (u(t),0)" (106)
. . D llzi —zi—1ll —a
Vie{l,...,9: 0t =0, —g) + ;m (zie1 — 2i)
1 11—
n i+1 l|zi Zl+1|| a (sl — 2) (107)
m llzi — zit1ll
. Dig llz10 — 29l —a
O10(1) = (0, —g)T + %h (z9 — 210) -
(108)

Note that the mass point with index 0 is assumed to be directly controllable in horizontal
direction, which is indicated by the control input u. Furthermore, g = 9.81 denotes the
gravitational constant. The above dynamic system is nonlinear if the length a of the
spring is not equal to 0. We use @ = 1 in our example. Moreover, the spring constants
are assumed to be unknown but given in the form

D; = D + w;, (109)

where w := (wy, ..., wio) is only known to satisfy |w|» < 1 while D = 10is given.
In order to discretize the control input we replace the function u by a piecewise
constant approximation

N—-1

~u(t) = Z Xi i 1,11(0),

i=0

where I, )(¢) is equal to 1 if ¢ € [a, b] and equal to 0 otherwise and x; € R? are the
new control parameters. The time sequence 0 =) <] <--- <ty =T = 10isin
our example assumed to be equidistant with N = 10. In the following, we summarize
all decision variables in the vector

T
X = (X0, ..., XN—1)" .

If we start the above system at the equilibrium position for zg = 0 and w = 0 and
simulate from #9 = 0 to 7 = 10, the position and the velocity of the mass point with
index 10 can be regarded as a function of x and w which we denote by z10(T, x, w)
and v1o(7, x, w) such that we can define the functions Fi, F> : RY x RO 5 R as

Fi(x,w) == —(1,0)" z1o(T, x, w) +5
and Fr(x, w) := (1,007 v1o(T, x, w) — 1
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Our objective is now to minimize the control input Fp(x) := ZlN: 61 xl.2 while satis-

fying constraints on Fj and F; in a robust way. The corresponding robust optimization
problem can be written as

min Fo(x)
X
st. max Fi(x,w)<0 ief{l,2}

lwl2=1

(110)

Note that each evaluation of the function F or F» requires a simulation of the
nonlinear dynamic system with its 44 states which is rather expensive. In the imple-
mentation which we use for this paper the ACADO BDF integrator [28] is used as
this integrator provides internal automatic differentiation for first and second order
adjoint derivatives of the adaptively discretized differential equation. Running the
integrator with the default tolerance of 10~°, one evaluation of F; and F, as well
as all required first and second order sensitivities takes all together approximately
0.5 seconds. Compared to this time, the computational cost for evaluating the function
B(x,w) = ||w||§ — 1 as well as the the objective Fy is negligible.

Now, we have a problem: evaluating the matrices % for some randomly
chosen points (x, w) and i € {1, 2} returns some indefinite matrices. The only thing
we know from this test is that there exist points x for which the functions F; and F>
are both definitely not convex in w. If we state now that A := 0.05 is an upper bound
on the eigenvalues of the Hessian matrices of F and F, with respect to w, this is an
empirical statement, which was only validated by computing these Hessians at ran-
domly chosen points (x, w). This is the aspect which we have to accept here recalling
that we would have the same problem if we would work with linear approximation
strategies. Assuming that this value for A is valid we reformulate the above problem
into a conservative lower level concave min—max problem following the techniques
from Sect. 2.2 obtaining the functions H; (x, w) := F;(x, w) + A — Aw’ w.

Being at this point, it remains to choose a suitable initial guess for x9, w?, and wg
in order to finally start our sequential convex bilevel programming algorithm. In order
to obtain such a guess it is advisable to solve the nominal optimization problem first,
i.e., we use a standard optimal control tool to determine x° as the optimal solution for
the above optimization problem in its non-robustified version, i.e., with w; = wy = 0.
Having this point we compute the vectors r; := %Hi (x0, 0) which help us to use

the heuristic w? = ”r;_’T” as an initialization which is possible as the vectors r; (with
i € {1,2}) are in our example not equal to zero—otherwise we suggest to start with
w? =0.

In order to analyze the iterations we list the KKT tolerance of the sequential convex
bilevel programming method, as defined in Eq. (102), against the iteration number:

k1 2 3 4 5
e 15x100 14x100 31x107! 12x1073 6.1x10°10

From the above table, we can observe the quadratic convergence behavior of the
method as full steps were taken. Solving the convex bilevel sub-problem took in our
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example &~ 6 ms. Compared to the 0.5 s which are needed for the evaluation of the
functions H; and their sensitivities, the time for solving the min—max QCQP sub-
problems is negligibly small.

In the optimal solution, we found that ||w} ||% = 1and ||w§‘||% = 1 is satisfied, i.e.,
we have F;(x*, w]) = H;(x*, wY). This shows a posteriori that our reformulation
based on the estimate A cannot have possibly introduced any conservatism. Thus, we
know a posteriori that we have found a stationary point of the original non-convex
problem with w} and w} being local maximizers of the original non-concave functions
F) and F, respectively. If we would have a guarantee that our estimate for A is not
only empirically but also verifiably an upper bound on the Hessian matrices of the
functions Fy and F> with respect to w, we could even guarantee that w} and wj are
global maximizers of the functions F| and F at the optimal solution x*. However, as
we have in this paper not provided a proof that A is such an upper bound, the global
optimality of w} and w3 remains in our example a conjecture.

6 Conclusions

In this paper, we have presented a sequential convex bilevel programming algorithm
for solving semi-infinite optimization problems arising in the context of robust opti-
mization. We have started with a discussion on how to approximate nonlinear and non-
convex robust counterpart problems with lower level concave min—max optimization
problems. Here, we have shown that the proposed approximation strategies are always
less conservative than existing linear approximation techniques. Moreover, we have
concentrated on optimality conditions for min—max problems working out relations
between the theory for semi-infinite optimization and the theory for mathematical
programs with complementarity constraints.

The main contribution of this paper is the introduction of the sequential convex
bilevel programming method. The main advantage of this method is that it exploits
the specific structure of the lower-level concave min—-max problems. This is in con-
trast to existing methods for mathematical programs with complementarity constraints
which are more general but also more difficult to use and analyze as they suffer from
the degeneracy of MPCCs. This problem is avoided by the sequential convex bilevel
technique leading to strong local and global convergence results. Furthermore, we have
discussed the implementation details for the presented method including the transfor-
mation of the min—max QCQP in an equivalent standard QCQP. The applicability
of the method has successfully been tested with a numerical example observing that
the convex bilevel sub-problems can efficiently and reliably be solved such that the
proposed method converges—at least in the discussed example—without numerical
problems towards the optimal solution. Note that a comparison of different algorithms
for semi-infinite optimization problems is beyond the scope of this paper, but might
be an interesting direction for future research.
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