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Abstract
The theory of constrained best approximation in Hilbert spaces
has been systematically developed well over a decade and effec-
tive characterizations of best approximations have been known
under some qualifications on the constraints. Yet, the existing
theory does not explain how to characterize a best approxima-
tion in the face of data uncertainty in the constraints, despite the
reality that the data of the constraints are often uncertain (that
is, they are not known exactly) due to estimation errors, predic-
tion errors or lack of information. This paper explains when the
best approximation over uncertain linear constraints in a real
Hilbert space is immunized against bounded data uncertainty.
This study is done by characterizing the best approximation of
the robust counterpart of the uncertain constrained best approx-
imation problem where the constraints are enforced for all pos-
sible uncertainties within the prescribed uncertainty sets. We
show that under a new robust strong conical hull intersection
property (robust strong CHIP) the same kind of effective charac-
terizations of constrained best approximation hold for the robust
best approximation that is immunized against bounded data un-
certainty. We also establish a strong duality theorem for the ro-
bust constrained best approximation problem and its associated
dual problem under the robust strong CHIP. Some examples are
given to illustrate the obtained results.
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1. Introduction

Solutions to constrained best approximation problems [8, 9, 10, 11, 12, 13, 15] are typically
characterized in terms of qualifications on the constraints. Traditional constrained best approxi-
mation studies assume perfect information (that is, accurate values for the input quantities, data
or parameters), despite the reality that such precise knowledge is rarely available for practical
problems. The data of practical problems are often uncertain (that is, they are not known exactly)
because of estimation or prediction errors, or lack of information.

Recently, robust optimization approach has been successfully used to find solutions to finite-
dimensional constrained optimization problems under uncertainty [3, 4, 5, 6, 14]. In this approach,
a robust solution that is immunized against data uncertainty is found by choosing a solution to its
robust counterpart, where the constraints are enforced for all possible uncertainties within the pre-
scribed bounded uncertainty sets. It has now emerged as a computationally attractive approach for
dealing with optimization problems that are affected by data uncertainty.

The apparent success of this robust optimization approach presents a challenge to the field of con-
strained best approximation [7, 15] where the optimization takes place over infinite dimensional
spaces. The challenge, for instance, in constrained best approximation, is to explain how to char-
acterize and find uncertainty immunized best approximations in the face of data uncertainty in the
constraints. This problem provides the stimulus for the present study.

In this paper, we explain when a best approximation over uncertain linear constraints in a real
Hilbert space is robust in the sense that it is immunized against bounded data uncertainty. We pro-
vide explanations by characterizing a best approximation of the robust counterpart of an uncertain
constrained best approximation model problem within the framework of robust optimization and,
in some cases, by finding it in terms of the solution of an associated dual problem.

Our problem in the present work is to characterize the robust best approximation of a point x ∈ X
from the intersection of a closed convex subset C of a real Hilbert space X and the set of uncertain
linear constraints:

D(A,b) := {z ∈ X : Az ≤ b},

where the data (A, b) are uncertain and they belong to the closed and convex uncertainty setU of
L(X,Y) × Y , where L(X,Y) is the space of all continuous linear mappings from X to Y, Y is a real
Hilbert space and Y is equipped with a nonempty closed convex pointed cone S . The robust best
approximation x0 of the point x from the set that is immunized against the data uncertainty is the
solution to the robust counterpart of the uncertain best approximation problem, called the robust
best approximation problem:

min
z∈X
{‖x − z‖ : z ∈ C ∩ DU}, (1.1)
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where the set

DU := {z ∈ X : Az ≤ b, ∀ (A, b) ∈ U}

ensures that the linear inequality constraint is realized for all possible uncertainties in the pre-
scribed uncertainty setU.
The strong CHIP [7, 8] is the key property that characterizes the constrained best approximation
in the absence of data uncertainty in the constraints. We show that under a new robust strong con-
ical hull intersection property (robust strong CHIP) the same kind of effective characterizations of
constrained best approximation hold for the robust best approximation under bounded data uncer-
tainty. We further establish a strong duality theorem for the robust constrained best approximation
problem and its associated dual problem under the robust strong CHIP. Consequently, in the case
of the ellipsoidal uncertainty set, we show how a robust best approximation can easily be obtained
from the solution of a simple finite-dimensional dual problem.

The outline of the paper is as follows. Section 2 provides preliminary results on convex analysis
that will be used later in the paper. Section 3 presents characterizations of the robust best approxi-
mation in terms of a robust strong CHIP. In Section 4, we give duality results for robust constrained
best approximation problems. By given examples we illustrate our results.

2. Preliminaries

We begin this section by fixing the notations and definitions that will be used later. Throughout
the paper, let X and Y be real Hilbert spaces. Assume that Y is equipped with a nonempty closed
convex pointed cone S (the latter means that S ∩ (−S ) = {0}).We say that

x ≤ y or y ≥ x if and only if y − x ∈ S .

One can easily check that “ ≤ “ is a partial order on Y generated by S , and (Y,≤) is an ordered
Hilbert space. We denote by 〈., .〉 the inner product of X or Y, and the induced norm is denoted by
‖ · ‖ and is defined by ‖x‖ :=

√
〈x, x〉 for each x ∈ X (or for each x ∈ Y). Put

S + := {λ ∈ Y : 〈y, λ〉 ≥ 0, ∀ y ∈ S },

where S + ⊆ Y is called the positive dual cone (positive polar cone) of S .

We use L(X,Y) := {A : X −→ Y : A is a continuous linear mapping} to denote the space of
all continuous linear mappings from X to Y. Let U be a closed and convex uncertainty set of
L(X,Y) × Y, and

DU := {z ∈ X : Az ≤ b, ∀ (A, b) ∈ U}.

It is clear that DU is a closed and convex set in X. For a linear mapping A ∈ L(X,Y), we define the
adjoint of A by:

A∗ : Y −→ X, 〈A∗y, x〉 := 〈y, Ax〉, ∀ x ∈ X, ∀ y ∈ Y. (2.2)
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For a subset W of X, the weak closure (resp., closure) of W will be denoted by w-cl W (resp., cl W).
We denote by int A the interior of A, where A is a subset of X. For a nonempty subset D of X, the
indicator function δD : X −→ [0,+∞] is defined by:

δD(x) :=

0, if x ∈ D,
+∞, otherwise.

The support function of D, σD : X −→ (−∞,+∞] is defined by:

σD(u) := sup
x∈D
〈x, u〉, (u ∈ X).

Let f : X −→ R ∪ {+∞} be a proper lower semicontinuous convex function. The epigraph of f ,
epi f , is defined by:

epi f := {(x, r) ∈ X × R : x ∈ dom f , f (x) ≤ r},
where the effective domain of f , dom f , is defined by:

dom f := {x ∈ X : f (x) < +∞}.

The conjugate function of f is defined by f ∗ : X −→ R ∪ {+∞}:

f ∗(u) := sup
x∈dom f

{〈x, u〉 − f (x)}, (u ∈ X).

Clearly, f ∗ is a proper lower semicontinuous convex function and α epi f ∗ = epi(α f )∗ for any
α > 0, where α f is defined by (α f )(x) := α f (x) for each x ∈ X. If f1, f2 : X −→ (−∞,+∞] are two
proper lower semicontinuous convex functions, then we have

epi( f1 + f2)∗ = w-cl(epi f ∗1 + epi f ∗2 ). (2.3)

Furthermore, the closure is superfluous if (intdom f1) ∩ dom f2 , ∅. For more details see [16].

For a nonempty subset W of X, we define the negative dual cone (negative polar cone) of W by:

W◦ := {u ∈ X : 〈w, u〉 ≤ 0, ∀ w ∈ W},

and the convex hull (resp., conical hull) of W denoted by coW (resp., coneW) which is the inter-
section of all convex sets (resp., convex cones) containing W, and they are defined by:

coW :=
{ m∑

i=1

λiwi : wi ∈ W, λi ≥ 0, i = 1, 2, . . . ,m,
m∑

i=1

λi = 1, m ∈ N
}
,

coneW :=
{ m∑

i=1

λiwi : wi ∈ W, λi ≥ 0, i = 1, 2, . . . ,m, m ∈ N
}
.
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Lemma 2.1. (c f . [16]) Let I be an arbitrary index set and let fi : X −→ (−∞,+∞], i ∈ I,
be a proper lower semicontinuous convex function. Suppose that there exists x0 ∈ X such that
supi∈I fi(x0) < +∞. Then

epi(sup
i∈I

fi)∗ = w-cl(co
⋃
i∈I

epi f ∗i ),

where sup
i∈I

fi : X −→ R ∪ {+∞} is defined by (sup
i∈I

fi)(x) = sup
i∈I

fi(x) for each x ∈ X.

The nonnegative orthant of Rn is denoted by Rn
+ and is defined by:

Rn
+ := {(x1, x2, . . . , xn) ∈ Rn : xi ≥ 0, i = 1, 2, . . . , n}.

For a proper convex function f : X −→ (−∞,+∞], the subdifferential of f at a point x ∈ dom( f ),
denoted by, ∂ f (x), and is defined by:

∂ f (x) := {u ∈ X : f (y) ≥ f (x) + 〈y − x, u〉, ∀ y ∈ X},

and if x < dom( f ), we define ∂ f (x) := ∅. It is well known that ∂ f (x) , ∅ for all x ∈ X if
f is a continuous convex function on X. For a nonempty subset W of X and x ∈ X, we define
d(x,W) := infw∈W ‖x − w‖. A point w0 ∈ W is called a best approximation for a point x ∈ X (i.e.,
w0 ∈ PW(x)) (see [15]), if

d(x,W) = ‖x − w0‖,
where PW(x) is defined by:

PW(x) := {w ∈ W : ‖x − w‖ = d(x,W)}.

3. Robust Best Approximations: Characterizations

In this section, let X and Y be real Hilbert spaces. We introduce a robust version of the normal
cone intersection formula, called robust conical hull intersection property (robust strong CHIP, in
short). This property is used to provide characterizations for the robust best approximations. Let
C be a nonempty closed convex subset of the real Hilbert space X, and

DU := {x ∈ X : Ax ≤ b, ∀ (A, b) ∈ U}, (3.4)

which is also a closed convex set in X, where U ⊂ L(X,Y) × Y.

Now, let
F (x) := {((A, b), λ) ∈ U × S + : 〈Ax − b, λ〉 = 0}, (x ∈ X). (3.5)

Definition 3.1. The pair {C,DU} is said to have the robust strong conical hull intersection property
(robust strong CHIP, in short) at a point x0 ∈ KU := C ∩ DU , ∅, if

(KU − x0)◦ = (C − x0)◦ +
⋃

((A,b),λ)∈F (x0)

{A∗(λ)}. (3.6)
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Lemma 3.1. If the pair {C,DU} has the robust strong CHIP at a point x0 ∈ KU, then, the pair
{C,DU} has the strong conical hull intersection property (strong CHIP, in short) at the point x0,
i.e.,

(KU − x0)◦ = (C − x0)◦ + (DU − x0)◦.

Proof. Let

x∗ ∈
⋃

((A,b),λ)∈F (x0)

{A∗(λ)}

be arbitrary. Thus, there exists ((Ā, b̄), λ̄) ∈ F (x0) such that x∗ = (Ā)∗(λ̄). Now, let x ∈ DU be
arbitrary. Therefore, in view of (3.4), Ax ≤ b for all (A, b) ∈ U, and so, in particular, Āx ≤ b̄.
Hence, since λ̄ ∈ S +, it follows that

〈Āx − b̄, λ̄〉 ≤ 0, ∀ x ∈ DU. (3.7)

Since ((Ā, b̄), λ̄) ∈ F (x0), we conclude from (3.5) that 〈Āx0 − b̄, λ̄〉 = 0. This together with (3.7)
and the fact that x∗ = (Ā)∗(λ̄) implies that

〈x − x0, x∗〉 = 〈Āx − Āx0, λ̄〉
= 〈Āx − b̄, λ̄〉 − 〈Āx0 − b̄, λ̄〉
≤ 0, ∀ x ∈ DU.

Hence, x∗ ∈ (DU − x0)◦. Thus, one has⋃
((A,b),λ)∈F (x0)

{A∗(λ)} ⊆ (DU − x0)◦. (3.8)

Since we always have

(C − x0)◦ + (DU − x0)◦ ⊆ (KU − x0)◦,

the result follows from Definition 3.1.

It is worth nothing that the converse statement to Lemma 3.1 is not true. See the following exam-
ple.

Example 3.1. Let X := R2, Y := R2, S := R2
+, C := R2 andU := V ×W, where

V :=
{
A ∈ R2×2 : A :=

(
a 0
0 a

)
, a ∈ [−1, 1]

}
andW := {(0, 0)}.

Let x0 = (0, 0). Then, (C − x0)◦ = {(0, 0)} and

C ∩ DU = R2 ∩ {x ∈ X : Ax ≤ b, ∀ (A, b) ∈ U} = {(0, 0)},
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and so, (C ∩ DU − x0)◦ = R2. Note that one has S + = R2
+, and

{A∗(λ) : (A, b) ∈ U, λ ∈ S + and 〈Ax0 − b, λ〉 = 0}

=

{ (
a 0
0 a

) (
λ1

λ2

)
: a ∈ [−1, 1], λ := (λ1, λ2) ∈ S +

}
= R2

+ ∪ (−R2
+).

Therefore, since (DU − x0)◦ is closed and convex, by an argument similar to the proof of (3.8), it
follows that

(C ∩ DU − x0)◦ = R2 = {(0, 0)} + cl co
(
R2
+ ∪ (−R2

+)
)

= (C − x0)◦ + cl co{A∗(λ) : (A, b) ∈ U, λ ∈ S + and
〈Ax0 − b, λ〉 = 0} (3.9)

⊆ (C − x0)◦ + (DU − x0)◦

⊆ (C ∩ DU − x0)◦.

Hence,

(C ∩ DU − x0)◦ = (C − x0)◦ + (DU − x0)◦.

That is, the pair {C,DU} has the strong CHIP at x0. But, the robust strong CHIP fails at the point
x0, because in view of (3.9), one has

(C − x0)◦ + {A∗(λ) : (A, b) ∈ U, λ ∈ S + and 〈Ax0 − b, λ〉 = 0} = R2
+ ∪ (−R2

+)
, R2

= (C ∩ DU − x0)◦.

However, in the case of uncertainty-free data, whereU = {(Ā, b̄)}, the robust strong CHIP reduces
to the strong CHIP. To see this, note that

{A∗(λ) : (A, b) ∈ U, λ ∈ S + and 〈Ax0 − b, λ〉 = 0}
= {(Ā)∗(λ) : λ ∈ S + and 〈Āx0 − b̄, λ〉 = 0}
= (DU − x0)◦,

where DU = {x ∈ X : Āx ≤ b̄}. So, in view of Definition 3.1,

(C ∩ DU − x0)◦ = (C − x0)◦ + (DU − x0)◦.

We now define the “characteristic cone M“ by:

M := epiδ∗C +
⋃

(A,b)∈U, λ∈S +
(A∗(λ), 〈b, λ〉). (3.10)
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Remark 3.1. It should be noted that δ∗C is the conjugate function of the indicator function δC, and
we have δ∗C = σC, where σC is called the support function of C and is defined by:

σC : X −→ (−∞,+∞], σC(u) := sup
y∈C
〈u, y〉, (u ∈ X).

As we establish below, we show that the pair {C,DU} has the robust strong CHIP at a point x ∈ X,
whenever the characteristic cone M is weakly closed and convex in X × R.

Remark 3.2. If A and B are two sets in a real vector space Z such that A is convex, then,

A + co(B) = co(A + B).

Theorem 3.1. Suppose that the characteristic cone M defined by (3.10) is weakly closed and
convex. Then, for each x ∈ C ∩ DU, the pair {C,DU} has the robust strong CHIP at the point x.

Proof. Let KU = C ∩ DU. Since δKU = δC + δDU and epiδ∗C is a convex set, by using Lemma 2.1
and Remark 3.1, we observe that

epiδ∗KU = w-cl
(
epiδ∗C + epiδ∗DU

)
= w-cl

(
epiδ∗C + w-cl co

( ⋃
(A,b)∈U, λ∈S +

(A∗(λ), 〈b, λ〉) + {0} × R+
))

= w-cl
(
epiδ∗C + co

( ⋃
(A,b)∈U, λ∈S +

(A∗(λ), 〈b, λ〉) + {0} × R+
))

= w-cl co
(
epiδ∗C +

⋃
(A,b)∈U, λ∈S +

(A∗(λ), 〈b, λ〉) + {0} × R+
)

= w-cl co
(
epiδ∗C +

⋃
(A,b)∈U, λ∈S +

(A∗(λ), 〈b, λ〉)).
Hence, since M is weakly closed and convex, one has

M = w-cl coM
= w-cl co

(
epiδ∗C +

⋃
(A,b)∈U, λ∈S +

(A∗(λ), 〈b, λ〉))
= epiδ∗KU .

Now, let x ∈ KU be arbitrary. Then, for each a ∈ (KU − x)◦, we have

〈a, k − x〉 ≤ 0, ∀ k ∈ KU.

This implies that (a, 〈a, x〉) ∈ epiδ∗KU = M. Hence, it follows that

(a, 〈a, x〉) ∈ epiδ∗C +
⋃

(A,b)∈U, λ∈S +
(A∗(λ), 〈b, λ〉).
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So, there exist (b, β) ∈ epiδ∗C, (A, b′) ∈ U and λ ∈ S + such that

(a, 〈a, x〉) = (b, β) + (A∗(λ), 〈b′, λ〉).

This gives us that, for all z ∈ C:

〈b, z〉 ≤ β = 〈a, x〉 − 〈b′, λ〉
= 〈b + A∗(λ), x〉 − 〈b′, λ〉
= 〈b, x〉 + 〈λ, Ax − b′〉 ≤ 〈b, x〉. (3.11)

(It should be noted that for satisfying the last inequality in (3.11) one has: since x ∈ KU =
C ∩ DU ⊆ DU and (A, b′) ∈ U, it follows from (3.4) that Ax ≤ b′. Now, since λ ∈ S +, it follows
that 〈λ, Ax−b′〉 ≤ 0.) Thus, we get from (3.11) that b ∈ (C− x)◦.Moreover, letting z := x in (3.11),
we conclude that 〈λ, Ax − b′〉 = 0. Then, we see that

a = b + A∗(λ) ∈ (C − x)◦ + {A∗(λ) : (A, b′) ∈ U, λ ∈ S + and 〈λ, Ax − b′〉 = 0}.

Therefore,

(KU − x)◦ ⊆ (C − x)◦ + {A∗(λ) : (A, b′) ∈ U, λ ∈ S + and 〈λ, Ax − b′〉 = 0}.

Note that the reverse inclusion always holds, because in view of (3.8), we have

(C − x)◦ + {A∗(λ) : (A, b′) ∈ U, λ ∈ S + and 〈λ, Ax − b′〉 = 0}
⊆ (C − x)◦ + (DU − x)◦

⊆ (KU − x)◦. (3.12)

So, the conclusion follows.

In the sequel, we show that the robust strong CHIP is a necessary and sufficient condition for
characterizing the robust best approximation in terms of the so-called perturbation property.

Recall first that the basic characterization property of the best approximation of a point x ∈ X from
a closed convex set W in the Hilbert space X is that

w0 = PW(x) if and only if x − w0 ∈ (W − w0)◦, (3.13)

where w0 ∈ W (for more details, see [8, Theorem 4.1]). Recall also that for closed and convex sets
C and D with x ∈ C ∩ D , ∅, we always have

(C − x)◦ + (D − x)◦ ⊆ (C ∩ D − x)◦. (3.14)

Theorem 3.2. Let x0 ∈ KU = C ∩ DU be given. Then, the following assertions are equivalent:

(i) The pair {C,DU} has the robust strong CHIP at the point x0.
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(ii) For any x ∈ X,

x0 = PKU (x) ⇐⇒ x0 = PC(x − A∗(λ)) for some (A, b) ∈ U
and some λ ∈ S + with 〈λ, Ax0 − b〉 = 0.

Proof. [(i) =⇒ (ii)]. Suppose that the robust strong CHIP property holds at x0. For any x ∈ X and
x0 = PKU (x), by the basic characterization property the equation (3.13) and robust strong CHIP,
we have

x − x0 ∈ (KU − x0)◦ = (C − x0)◦ + {A∗(λ) : (A, b) ∈ U, λ ∈ S +, 〈λ, Ax0 − b〉 = 0}.

Thus, there exist (A, b) ∈ U, λ ∈ S + with 〈λ, Ax0 − b〉 = 0 such that x − A∗(λ) − x0 ∈ (C − x0)◦.
Applying the basic characterization property the equation (3.13), again, we see that x0 = PC(x −
A∗(λ)). Therefore, the following implication holds.

x0 = PKU (x) =⇒ x0 = PC(x − A∗(λ)) for some (A, b) ∈ U
and some λ ∈ S + with 〈λ, Ax0 − b〉 = 0.

To see the reverse implication, let

M(x0) := {A∗(λ) : (A, b) ∈ U, λ ∈ S +, 〈λ, Ax0 − b〉 = 0}.

Assume that x0 = PC(x − l) for some l ∈ M(x0). Then, by the basic characterization property
(3.13), x − l − x0 ∈ (C − x0)◦.We now show that

M(x0) ⊆ (DU − x0)◦. (3.15)

To verify this, let a ∈ M(x0). Then, there exist (Ā, b̄) ∈ U, λ ∈ S + with〈λ, Āx0 − b̄〉 = 0 such that
a = (Ā)∗(λ). So, for each x ∈ DU, we have

〈a, x − x0〉 = 〈(Ā)∗(λ), x − x0〉 = 〈λ, Āx − Āx0〉 = 〈λ, Āx − b̄〉 ≤ 0.

Thus, (3.15) holds. Therefore, it follows that

x − x0 ∈ (C − x0)◦ + l ⊆ (C − x0)◦ + M(x0)
⊆ (C − x0)◦ + (DU − x0)◦

⊆ (KU − x0)◦.

Hence, x − x0 ∈ (KU − x0)◦. Again, by the basic characterization property (3.13), we get that
x0 = PKU (x). So, (ii) follows.

[(ii) =⇒ (i)]. In view of (3.12), we first observe that

(C − x0)◦ + {A∗(λ) : (A, b) ∈ U, λ ∈ S + and 〈λ, Ax0 − b〉 = 0} ⊆ (KU − x0)◦.
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Now, to see the reverse inclusion, let a ∈ (KU − x0)◦. Then, PKU (x) = x0, where x := x0 + a. Thus
(ii) gives us that

x0 = PC(x − A∗(λ)),

for some (A, b) ∈ U and some λ ∈ S + with 〈λ, Ax0 − b〉 = 0. Then, the basic characterization
property (3.13) implies that

a − A∗(λ) = x − A∗(λ) − x0 ∈ (C − x0)◦.

Thus,

a = (a − A∗(λ)) + A∗(λ) ∈ (C − x0)◦ + {A∗(λ) : (A, b) ∈ U, λ ∈ S +,
〈λ, Ax0 − b〉 = 0}.

Therefore, the conclusion follows.

In the uncertainty-free case whereU is a singleton {(Ā, b̄)}, Theorem 3.2 reduces to the following
characterization of the strong CHIP.

Corollary 3.1. Let x0 ∈ K := C ∩ D, where D := {x ∈ X : Āx ≤ b̄}. Then, the following assertions
are equivalent:

(i) The pair {C,D} has the strong CHIP at the point x0.

(ii) For any x ∈ X,

x0 = PK(x) ⇐⇒ x0 = PC(x − (Ā)∗(λ)) for some λ ∈ S + with 〈λ, Āx0 − b̄〉 = 0.

Proof. LetU := {(Ā, b̄)} in Theorem 3.2. Then, the conclusion follows from Theorem 3.2.

We illustrate that the characterizations of the robust best approximations hold under a concave-like
condition whenever the characteristic cone M which defined by (3.10) is weakly closed.

Theorem 3.3. Let x0 ∈ KU = C∩DU be arbitrary. Assume that the characteristic cone M defined
by (3.10) is weakly closed and the concave-like condition:

(∀ ((A1, b1), λ1), ((A2, b2), λ2) ∈ U × S +, µ ∈ [0, 1])(∃ ((A3, b3), λ3) ∈ U × S +)
such that 〈A3x − b3, λ3〉 ≥ µ〈A1x − b1, λ1〉 + (1 − µ)〈A2x − b2, λ2〉,

∀ x ∈ X, (3.16)

holds. Then, for any x ∈ X,

x0 = PKU (x) ⇐⇒ x0 = PC(x − A∗(λ)) for some (A, b) ∈ U
and some λ ∈ S + with 〈λ, Ax0 − b〉 = 0.
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Proof. The conclusion will follow from Theorem 3.1 and Theorem 3.2 if we show that the char-
acteristic cone M is convex. In fact, we show that the hypothesis: ((A, b), λ) 7→ 〈Ax − b, λ〉 is
concave-like onU × S + for each x ∈ X, ensures that M is convex. To this end, note that one has

M = epiδ∗C +
⋃

(A,b)∈U, λ∈S +
(A∗(λ), 〈b, λ〉)

= epiδ∗C +
⋃

(A,b)∈U, λ∈S +
(A∗(λ), 〈b, λ〉) + ({0} × R+).

Since epiδ∗C is convex, it is enough to show that the set⋃
(A,b)∈U, λ∈S +

(A∗(λ), 〈b, λ〉) + ({0} × R+)

is convex. Now, let

(a1, α1), (a2, α2) ∈
⋃

(A,b)∈U, λ∈S +
(A∗(λ), 〈b, λ〉) + ({0} × R+)

and µ ∈ [0, 1] be arbitrary. Then, there exist ((A1, b1), λ1) ∈ U × S + and ((A2, b2), λ2) ∈ U × S +

such that

ai = A∗i (λi) and αi ≥ 〈bi, λi〉, i = 1, 2. (3.17)

So, for this µ ∈ [0, 1], in view of the hypothesis, we can find ((A3, b3), λ3) ∈ U × S + such that

µ(〈a1, x〉 − 〈b1, λ1〉) + (1 − µ)(〈a2, x〉 − 〈b2, λ2〉)
= µ(〈λ1, A1x − b1〉) + (1 − µ)(〈λ2, A2x − b2〉)
≤ 〈A3x − b3, λ3〉
= 〈A∗3(λ3), x〉 − 〈b3, λ3〉, ∀ x ∈ X.

This gives us that

〈µa1 + (1 − µ)a2 − A∗3(λ3), x〉 ≤ µ〈b1, λ1〉 + (1 − µ)〈b2, λ2〉 − 〈b3, λ3〉, (3.18)

for all x ∈ X.

Put x = 0 in (3.18), then,

µ〈b1, λ1〉 + (1 − µ)〈b2, λ2〉 ≥ 〈b3, λ3〉. (3.19)

This together with the fact that αi ≥ 〈bi, λi〉 (i = 1, 2) implies that

µα1 + (1 − µ)α2 ≥ 〈b3, λ3〉. (3.20)

Let γ > 0 be an arbitrary positive real number. By putting x := γ[µa1 + (1 − µ)a2 − A∗3(λ3)] in
(3.18), and letting γ −→ +∞, we conclude that

µa1 + (1 − µ)a2 = A∗3(λ3). (3.21)
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Therefore, (3.20) and (3.21) implies that

µ(a1, α1) + (1 − µ)(a2, α2) ∈
⋃

(A,b)∈U, λ∈S +
(A∗(λ), 〈b, λ〉) + ({0} × R+).

Thus, M is convex.

Remark 3.3. It is worth noting that if int (S ) , ∅, s ∈ int (S ) and λ ∈ S + \ {0}, then, 〈λ, s〉 > 0.

In the following, we show that if Y := Rn, then the characterizations of the robust best approxima-
tions hold under a strict feasibility-type condition and a concave-like condition.

Theorem 3.4. Suppose that Y = Rn andU is closed, bounded and convex. Let x0 ∈ KU = C∩DU
be given and let, for some x̄ ∈ C, b − Ax̄ ∈ int (S ) for each (A, b) ∈ U, where S := Rn

+. Assume
that the concave-like condition which defined by (3.16), holds. Then, for any x ∈ X,

x0 = PKU (x) ⇐⇒ x0 = PC(x − A∗(λ)) for some (A, b) ∈ U
and some λ ∈ S + with 〈λ, Ax0 − b〉 = 0.

Note that, in the case that Y = Rn, we have S + = Rn
+.

Proof. The conclusion will follow from Theorem 3.3 if we show that the characteristic cone M
is closed. Indeed, we show that the existence of x̄ ∈ C with b − Ax̄ ∈ int(S) for all (A, b) ∈ U,
guarantees that the characteristic cone M is closed (in view of Theorem 3.3, one has M is convex,
then, M is weakly closed if and only if it is norm closed). To see this, let (x∗k, rk) ∈ M with
‖(x∗k, rk) − (x∗, r)‖ −→ 0 for some (x∗, r) ∈ X × R (note that by the definition of the product norm,
one has ‖x∗k − x∗‖ −→ 0 and |rk − r| −→ 0). Then, there exist (y∗k, αk) ∈ epiδ∗C, (Ak, bk) ∈ U and
λk ∈ S + such that

(x∗k, rk) = (y∗k, αk) + (A∗k(λk), 〈bk, λk〉), ∀ k = 1, 2, · · · . (3.22)

Since, in view of the hypothesis, U is bounded, so the sequences {Ak}k≥1 and {bk}k≥1 are also
bounded, and hence, the sequence {A∗k}k≥1 is bounded. Therefore, by using [1, Lemma 2.37] and
(3.22), by passing subsequences, we may assume that there exist A ∈ L(X,Rn) and b ∈ Rn such
that Ak ⇀ A and bk ⇀ b (we use the notation⇀ for weak convergence, for more details, see [1,
pages 33-37]). Thus, (Ak, bk) ⇀ (A, b), and so, since by the hypothesis U is weakly closed (note
that U is convex), we have (A, b) ∈ U. On the other hand, we have Ak ⇀ A, i.e., Akx ⇀ Ax (if
and only if ‖Akx − Ax‖ −→ 0) in Rn for each x ∈ X. This implies that A∗k(y)⇀ A∗(y) in X for each
y ∈ Rn. Now, since for each y ∈ Rn the sequences {A∗k(y)}k≥1 and {bk}k≥1 are bounded and converge
weakly, it follows that

‖A∗k(y) − A∗(y)‖ −→ 0 for each y ∈ Rn, and ‖bk − b‖ −→ 0. (3.23)

We claim that the sequence {λk}k≥1 ⊂ S + is bounded. Otherwise, we have ‖λk‖ −→ +∞. Put γk :=
λk
‖λk‖ (k = 1, 2, · · · ). Since {γk}k≥1 ⊂ S + is a bounded sequence, then, by passing a subsequence,
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there exists λ ∈ S + \ {0} such that ‖γk −λ‖ −→ 0. Since ‖x∗k‖ −→ ‖x∗‖, |rk| −→ |r| and ‖λk‖ −→ +∞,
it is easy to see that

‖x∗k‖
‖λk‖

−→ 0 and
rk

‖λk‖
−→ 0. (3.24)

Since (y∗k, αk) ∈ epiδ∗C for all k ≥ 1, and epiδ∗C is a cone, one has( y∗k
‖λk‖
,
αk

‖λk‖

)
∈ epiδ∗C, ∀ k ≥ 1. (3.25)

Also, we have A∗ is linear and continuous, it follows from ‖γk−λ‖ −→ 0 that ‖A∗(γk)−A∗(λ)‖ −→ 0.
This together with (3.23) implies that

‖A∗k(γk) − A∗(λ)‖ −→ 0. (3.26)

Moreover, since ‖bk − b‖ −→ 0 and ‖γk − λ‖ −→ 0, in view of [1, Lemma 2.41(iii)], we conclude
that

|〈bk, γk〉 − 〈b, λ〉| −→ 0. (3.27)

Now, by using (3.22), (3.24), (3.26) and (3.27) it is not difficult to show that∥∥∥∥∥( y∗k
‖λk‖
,
αk

‖λk‖

)
− [−(A∗(λ), 〈b, λ〉)]

∥∥∥∥∥ −→ 0. (3.28)

Since epiδ∗C is norm closed, it follows from (3.25) and (3.28) that

−(A∗(λ), 〈b, λ〉) ∈ epiδ∗C. (3.29)

So,

〈λ,−Ax̄〉 = 〈−A∗(λ), x̄〉 ≤ −〈b, λ〉. (3.30)

Hence, we see that 〈λ, b − Ax̄〉 ≤ 0. This contradicts Remark 3.3, because λ ∈ S + \ {0} and
b − Ax̄ ∈ int(S). Therefore, {λk}k≥1 ⊂ S + is bounded. So, by passing a subsequence, there exists
λ ∈ S + such that ‖λk −λ‖ −→ 0. By an argument similar to the above (the assertions (3.23)-(3.28))
and using (3.22), one has

‖(y∗k, αk) − [(x∗, r) − (A∗(λ), 〈b, λ〉)]‖ = ‖[(x∗k, rk) − (A∗k(λk), 〈bk, λk〉)] −
[(x∗, r) − (A∗(λ), 〈b, λ〉)]‖ −→ 0.

Since epiδ∗C is norm closed, in view of (3.25)), we have

(x∗, r) − (A∗(λ), 〈b, λ〉) ∈ epiδ∗C,

and hence,

(x∗, r) ∈ epiδ∗C + (A∗(λ), 〈b, λ〉) ⊆ M.

Thus, M is closed, which completes the proof.

Remark 3.4. The proof of Theorem 3.4 shows that the robust Slater condition that there exists
x̄ ∈ C with b − Ax̄ ∈ int(S) for each (A, b) ∈ U, guarantees that the characteristic cone M is
closed. Moreover, the concave-like condition (3.16), ensures that the characteristic cone M is a
convex set.
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4. Robust Min-Max Duality

In this section, X and Y are real Hilbert spaces. We establish a strong duality theorem between
the robust constrained best approximation Problem (1.1) and its associated dual problem. Conse-
quently, in the case of ellipsoidal uncertainty, we show how the robust best approximation can be
found in terms of the solution of a simple dual second order cone programming problem.

Recall that x0 ∈ C ∩ DU is a robust best approximation for the point x ∈ X from the set C ∩ DU
whenever x0 solves the robust best approximation problem:

min
z∈X
{‖x − z‖ : z ∈ C ∩ DU},

where the set DU is defined by:

DU := {z ∈ X : Az ≤ b, ∀ (A, b) ∈ U}.

Equivalently, x0 is a solution of the following problem:

(P) min
z∈X
{1
2
‖x − z‖2 : z ∈ C ∩ DU} =

min
z∈X
{1
2
‖x − z‖2 : z ∈ C, Az ≤ b, ∀ (A, b) ∈ U}.

The dual problem for the Problem (P) is given by:

(D) max
(A,b)∈U, λ∈S +

min
z∈C
{1
2
‖x − z‖2 + 〈λ, Az − b〉}.

The related dualities for finite dimensional convex optimization problems and their inf-max duality
results can be found in [2]. It is worth noting that in the Problem (D), the function 1

2‖x − z‖2 +
〈λ, Az − b〉 (z ∈ X, λ ∈ Y) is the Lagrange function L corresponding to the Problem (P), i.e.

L(z, λ) :=
1
2
‖x − z‖2 + 〈λ, Az − b〉, z ∈ X, λ ∈ Y.

We show that the robust strong CHIP characterizes strong duality between Problem (P) and Prob-
lem (D).

Theorem 4.1. For the Problem (P), we assume that KU = C ∩DU. Then, the following assertions
are equivalent:

(i) The pair {C,DU} has the robust strong CHIP at each point z ∈ KU.

(ii) For any x ∈ X, min(P) = max(D), i.e.,

min
z∈X
{1
2
‖x − z‖2 : z ∈ C ∩ DU} = max

(A,b)∈U, λ∈S +
min
z∈C
{1
2
‖x − z‖2 + 〈λ, Az − b〉}.
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Proof. [(i) =⇒ (ii)]. Suppose that the pair {C,DU} has the robust strong CHIP at each point
z ∈ KU. Note that the weak duality:

min
z∈X
{1
2
‖x − z‖2 : z ∈ C ∩ DU} ≥ max

(A,b)∈U, λ∈S +
min
z∈C
{1
2
‖x − z‖2 + 〈λ, Az − b〉}.

always holds. We only need to verify the reverse inequality:

min
z∈X
{1
2
‖x − z‖2 : z ∈ C ∩ DU} ≤ max

(A,b)∈U, λ∈S +
min
z∈C
{1
2
‖x − z‖2 + 〈λ, Az − b〉}.

To this end, let x0 be a solution of the Problem (P). Then, clearly x0 is a robust best approximation
of x, and so, by Theorem 3.2, one has

x0 = PC(x − A∗(λ)) for some (A, b) ∈ U and some λ ∈ S +

with 〈λ, Ax0 − b〉 = 0. (4.31)

This, after some simplifications implies that for each z ∈ C,

1
2
‖x − z‖2 + 〈λ, Az − b〉 ≥ 1

2
‖x − x0‖2 + 〈λ, Ax0 − b〉 = 1

2
‖x − x0‖2. (4.32)

Indeed, for proving (4.32), first note that in view of (4.31), we have x0 = PC(x− A∗(λ)), and so, by
using (3.13), one has x − A∗(λ) − x0 ∈ (C − x0)◦. This implies that

〈x − A∗(λ) − x0, z − x0〉 ≤ 0, ∀ z ∈ C. (4.33)

By a simple calculation, it follows from (4.33) that

〈x − x0, z − x0〉 + 〈λ, Ax0 − b〉 ≤ 〈λ, Az − b〉, ∀ z ∈ C. (4.34)

Note that since x0 ∈ KU(⊆ C) is a robust best approximation of x, thus by (3.13), we conclude that

〈x − x0, z − x0〉 ≤ 0, ∀ z ∈ C. (4.35)

On the other hand, we have

1
2
‖x − z‖2 = 1

2
‖x − x0‖2 +

1
2
‖x0 − z‖2 + 〈x − x0, x0 − z〉.

Therefore, this together with (4.34) and (4.35) and the fact that 〈λ, Ax0−b〉 = 0 (see (4.31)) implies
that

1
2
‖x − z‖2 + 〈λ, Az − b〉 =

1
2
‖x − x0‖2 +

1
2
‖x0 − z‖2 + 〈x − x0, x0 − z〉

+〈λ, Az − b〉

≥ 1
2
‖x − x0‖2 +

1
2
‖x0 − z‖2 + 〈x − x0, x0 − z〉

+〈x − x0, z − x0〉 + 〈λ, Ax0 − b〉

≥ 1
2
‖x − x0‖2 + 〈λ, Ax0 − b〉

=
1
2
‖x − x0‖2. (4.36)
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Then, (4.32) holds.

Since by the hypothesis, x0 is an optimal solution of the Problem (P), thus we get from (4.36) that

min
z∈X
{1
2
‖x − z‖2 : z ∈ C ∩ DU} =

1
2
‖x − x0‖2 ≤ max

(A,b)∈U, λ∈S +
min
z∈C
{1
2
‖x − z‖2

+〈λ, Az − b〉}.

[(ii) =⇒ (i)]. Fix an arbitrary x0 ∈ KU. Let a ∈ (KU − x0)◦ be arbitrary. Then, PKU (x) = x0, where
x := a + x0. Then, (ii) gives us that there exist (A, b) ∈ U and λ ∈ S + such that

1
2
‖a‖2 = min

z∈C
{1
2
‖a + x0 − z‖2 + 〈λ, Az − b〉}.

This implies that 〈λ, Ax0 − b〉 ≥ 0, and so, 〈λ, Ax0 − b〉 = 0 because x0 ∈ KU. This shows that for
each z ∈ C,

1
2
‖a + x0 − z‖2 + 〈λ, Az − b〉 ≥ 1

2
‖a‖2 + 〈λ, Ax0 − b〉.

Therefore, the convex function f (z) := 1
2‖a+x0−z‖2+〈λ, Az−b〉+δC(z) attains its global minimum

at x0. So,
0 ∈ ∂ f (x0) = −a + A∗(λ) + (C − x0)◦.

Thus, a ∈ (C − x0)◦ + A∗(λ) for some (A, b) ∈ U and some λ ∈ S + with 〈λ, Ax0 − b〉 = 0. Hence,

(KU − x0)◦ ⊆ (C − x0)◦ + {A∗(λ) : (A, b) ∈ U, λ ∈ S + and 〈λ, Ax0 − b〉 = 0}.

Note that the reverse inclusion always holds (see (3.12)). So, the robust strong CHIP holds at each
point z ∈ KU.

Ellipsoidal Uncertainty
Consider now the special case of the Problem (P) :

min
z∈X
{1
2
‖x − z‖2 : z ∈ C, Az ≤ b, ∀ (A, b) ∈ U},

whereU = Ue is the ellipsoidal uncertainty [3] defined by:

Ue :=
{
(A, b) ∈ L(X,Rn) × Rn : Ax := (〈a1, x〉, . . . , 〈an, x〉), ∀ x ∈ X,

b := (β1, . . . , βn), (ai, βi) = (a(0)
i , β

(0)
i ) +

q∑
l=1

vl
i(a

(l)
i , β

(l)
i ),

‖(v1
i , . . . , v

q
i )‖Rq ≤ 1, i = 1, . . . , n

}
, (4.37)

where (a(l)
i , β

(l)
i ) ∈ L(X,R)×R = X∗ ×R = X ×R (note that since X is a Hilbert space, so X∗ = X),

i = 1, . . . , n, l = 0, . . . , q and q ∈ N. It should be noted that the continuous linear mapping
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A : X −→ Rn is naturally defined by (4.37) because Ax ∈ Rn for each x ∈ X. In this case, the dual
Problem (D) can be expressed as a second order cone programming problem which can easily be
solved.

To see this, define the convex function f : X −→ [0,+∞] by:

f (y) =
1
2
‖x − y‖2 + δC(y), y ∈ X,

where δC is the indicator function of the closed convex set C. We observe that

max
(A,b)∈Ue, λi≥0

min
z∈C

{1
2
‖x − z‖2 + 〈λ, Az − b〉

}
= max

(ai,βi)∈Ui,
λi≥0

inf
z∈X

{
f (z) +

n∑
i=1

λi(〈ai, z〉 − βi)
}

= max
(ai,βi)∈Ui,
λi≥0

{
− f ∗

( − n∑
i=1

λiai
) − n∑

i=1

λiβi

}

= max
‖(v1

i ,...,v
q
i )‖≤1,

λi≥0

{
− f ∗

( − n∑
i=1

λi(a
(0)
i +

q∑
l=1

vl
i a(l)

i )
) − n∑

i=1

λi(β
(0)
i +

q∑
l=1

vl
i β

(l)
i )

}
,

where f ∗ denotes the conjugate function of f . Letting zi := (z(1)
i , . . . , z

(q)
i ), z(l)

i := λivl
i, l = 1, . . . , q

and z(0)
i := λi ≥ 0, i = 1, . . . , n, we see that

‖(v1
i , . . . , v

q
i )‖Rq ≤ 1, λi ≥ 0 ⇐⇒ ‖(z(1)

i , . . . , z
(q)
i )‖Rq ≤ z(0)

i .

So, the dual problem can be expressed as the following second order cone problem in the finite
dimensional space Rn(q+1):

max
(z(0)

i ,...,z
(q)
i )∈Rq+1

{
− f ∗

( − n∑
i=1

q∑
l=0

z(l)
i a(l)

i
) − n∑

i=1

q∑
l=0

z(l)
i β

(l)
i

: ‖(z(1)
i , . . . , z

(q)
i )‖Rq ≤ z(0)

i , i = 1, . . . , n
}
.

(4.38)

It is worth noting that when C = X or C = L2
+[0, 1] = {x(t) ∈ L2[0, 1] : x(t) ≥ 0, a.e.}, the

conjugate function f ∗ can be computed explicitly [8], and so the dual problem can be efficiently
solved. For example, when C = X and f ∗(y) = 1

2‖y‖2 + 〈y, x〉, y ∈ X. So, in this case, the dual
problem can be explicitly written as the following concave quadratic maximization problem with
second order cone constraints:

max
(z(0)

i ,...,z
(q)
i )∈Rq+1

{
−
∥∥∥∥∥ n∑

i=1

q∑
l=0

z(l)
i a(l)

i

∥∥∥∥∥2

−
n∑

i=1

q∑
l=0

z(l)
i 〈a

(l)
i , x〉 −

n∑
i=1

q∑
l=0

z(l)
i β

(l)
i

: ‖(z(1)
i , . . . , z

(q)
i )‖Rq ≤ z(0)

i , i = 1, . . . , n
}
.

The following corollary illustrates how we can obtain the robust best approximation in terms of a
solution of the dual Problem (D) in the case of ellipsoidal uncertainty.
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Corollary 4.1. Let U := Ue. Suppose that the pair {C,DU} has the robust strong CHIP at each
point z ∈ KU = C ∩ DU. Then, the robust best approximation x∗ ∈ KU of x ∈ X is given by:

x∗ = PC
(
x −

n∑
i=1

q∑
l=0

z(l)
i a(l)

i
)
,

where z := (z(0)
1 , · · · , z

(q)
1 , . . . , z

(0)
n , . . . , z

(q)
n ) is a solution of the optimistic dual problem

max
(z(0)

i ,...,z
(q)
i )∈Rq+1

{
− f ∗

( − n∑
i=1

q∑
l=0

z(l)
i a(l)

i
) − n∑

i=1

q∑
l=0

z(l)
i β

(l)
i

: ‖(z(1)
i , . . . , z

(q)
i )‖Rq ≤ z(0)

i , i = 1, . . . , n
}
,

(4.39)

where f (y) := 1
2‖x − y‖2 + δC(y), (y ∈ X).

Proof. First of all, Theorem 4.1 ensures that the strong duality holds (i.e., p∗ = q∗, where p∗ is the
optimal value of the primal Problem (P) and q∗ is the optimal value of the dual Problem (D)), and
so, we have:

p∗ = min
z∈X
{1
2
‖x − z‖2 : z ∈ C ∩ DU}

= max
(A,b)∈U, λ∈S +

min
z∈C
{1
2
‖x − z‖2 + 〈λ, Az − b〉}

= max
(z(0)

i ,...,z
(q)
i )∈Rq+1

{
− f ∗

( − n∑
i=1

q∑
l=0

z(l)
i a(l)

i
) − n∑

i=1

q∑
l=0

z(l)
i β

(l)
i

: ‖(z(1)
i , . . . , z

(q)
i )‖Rq ≤ z(0)

i , i = 1, . . . , n
}
= q∗.

The conclusion will follow if we show that x∗ = PC
(
x−∑n

i=1
∑q

l=0 z(l)
i a(l)

i
)

is feasible for the Problem
(P) and 1

2‖x − x∗‖2 = max(D).

To verify feasibility, we first observe that x∗ ∈ KU (and so, x∗ ∈ C). Now, for each

z := (z(0)
1 , . . . , z

(q)
1 , . . . , z

(0)
m , . . . , z

(q)
m ),

we define

h(z) := f ∗
( − n∑

i=1

q∑
l=0

z(l)
i a(l)

i
)
+

n∑
i=1

q∑
l=0

z(l)
i β

(l)
i .

Since z is a solution of the optimistic dual problem, thus, z is a global minimizer of the function h
over

∏n
i=1 SOCq, where SOCq is the second order cone in Rq, i.e.,

SOCq :=
{
(x0, x1, . . . , xq) ∈ Rq+1 : x0 ≥ ‖(x1, . . . , xq)‖Rq

}
.

So, we have

∇h(z) ∈ −
n∏

i=1

SOCq and zT∇h(z) = 0.



Mohebi/Mohebi/Wavelets and Linear Algebra 12(2) (2025) 24-47 43

Note that (see [16]) f ∗ is differentiable and ∂ f ∗(y) = ∇ f ∗(y) = PC(y + x). So, for each i = 1, . . . , n,

−(〈a(0)
i , x

∗〉 − β(0)
i

) ≥ ‖ − (〈a(1)
i , x

∗〉 − β(1)
i , . . . , 〈a

(q)
i , x

∗〉 − β(q)
i

)‖Rq .

But, for each (ai, βi) ∈ Ue (see the definition of Ue), there exists (w(1)
i , . . . ,w

(q)
i ) ∈ Rq with

‖(w(1)
i , . . . ,w

(q)
i )‖Rq ≤ 1 such that (ai, βi) = (a(0)

i , β
(0)
i ) +

∑q
l=1 w(l)

i (a(l)
i , β

(l)
i ). Therefore, for each i =

1, . . . , n,

〈ai, x∗〉 − βi =
(〈a(0)

i , x
∗〉 − β(0)

i
)
+

q∑
l=1

w(l)
i
(〈a(l)

i , x
∗〉 − β(l)

i
)

≤ (〈a(0)
i , x

∗〉 − β(0)
i

)
+ ‖(〈a(1)

i , x
∗〉 − β(1)

i , . . . , 〈a
(q)
i , x

∗〉 − β(q)
i

)‖Rq

≤ 0.

Thus, x∗ is feasible for the Problem (P).

Now, we verify 1
2‖x − x∗‖2 = max(D). The complementarity condition: zT∇h(z) = 0, gives us that∑n

i=1
∑q

l=0 zl
i (〈a(l)

i , x
∗〉 − β(l)

i ) = 0. Hence,

max(D) = − f ∗
( − n∑

i=1

q∑
l=0

z(l)
i a(l)

i
) − n∑

i=1

q∑
l=0

z(l)
i β

(l)
i

= − f ∗
( − n∑

i=1

q∑
l=0

z(l)
i a(l)

i
)
+ 〈−

n∑
i=1

q∑
l=0

z(l)
i a(l)

i , x
∗〉

= f (x∗)

=
1
2
‖x − x∗‖2,

where the second equality follows by the fact that x∗ ∈ ∂ f ∗(−∑n
i=1

∑q
l=0 z(l)

i a(l)
i ) and the Fenchel’s

equality f ∗(v) + f (x) = 〈v, x〉 ⇐⇒ x ∈ ∂ f ∗(v).

Now, by the following example, we illustrate the results obtained in Section 3 and Section 4.

Example 4.1. Let X := l2 and Y := l2, where

l2 = l2(N) :=
{
x := (x1, x2, . . .) : xi ∈ R,

∞∑
i=1

|xi|2 < ∞
}
,

endowed with the l2 inner product 〈x, y〉 :=
∑∞

i=1 xiyi for each x, y ∈ l2.Moreover, the induced norm
is defined by:

‖x‖ :=
( ∞∑

i=1

|xi|2
) 1

2

, ∀ x := (x1, x2, . . .) ∈ l2.
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Let

S := {λ := (λ1, λ2, . . .) ∈ Y : λi ≥ 0, ∀ i ≥ 1}.

Note that in this case, one has S + = S . Now, for each v ∈ (0, 1], define the function Av : X −→ Y
by Avx := (vx1, vx2, . . .) = vx for all x := (x1, x2, . . .) ∈ X. It is clear that Av is a well-defined
continuous linear mapping in L(X,Y) for each v ∈ (0, 1]. Let bv := (v, 1

2v, 1
3v, . . .) for each v ∈

(0, 1]. Clearly, bv ∈ Y for each v ∈ (0, 1]. Let U :=
{
(Av, bv) : v ∈ (0, 1]

}
. Therefore, U ⊂

L(X,Y) × Y.

Thus, one has

DU =
{
z := (z1, z2, . . .) ∈ X : Avz ≤ bv, ∀ v ∈ (0, 1]

}
=

{
z ∈ X : vzi ≤

1
i
v, ∀ i = 1, 2, . . . , ∀ v ∈ (0, 1]

}
=

{
z ∈ X : zi ≤

1
i
, ∀ i = 1, 2, . . .

}
. (4.40)

Now, let v ∈ (0, 1] be arbitrary. Define A∗v : Y −→ X by 〈A∗v(λ), z〉 := 〈λ, Avz〉 for all λ ∈ Y and all
z ∈ X. Then, we have

〈A∗v(λ), z〉 := 〈λ, Avz〉 = 〈λ, vz〉 = 〈vλ, z〉, ∀ z ∈ X.

This implies that A∗v(λ) = vλ = (vλ1, vλ2, . . .) for all λ := (λ1, λ2, . . .) ∈ Y and all v ∈ (0, 1].

In the sequel, put x0 := (1, 1
2 ,

1
3 , . . .) ∈ X. It is not difficult to check that F (x0) = U×S +. Therefore,⋃

((Av,bv),λ)∈F (x0),v∈(0,1]

{A∗v(λ)} =
⋃

((Av,bv),λ)∈U×S +,v∈(0,1]

{A∗v(λ)}

=
⋃

λ∈S +, v∈(0,1]

{vλ}

= S +. (4.41)

Let C := l2. Then,
(C − x0)◦ = C◦ = {0}. (4.42)

Also, in view of (4.40), we have

(C ∩ DU − x0)◦ = (DU − x0)◦

=

(
{z − x0 : z ∈ DU}

)◦
=

(
{z − x0 : z ≤ x0}

)◦
=

(
{z − x0 : z − x0 ≤ 0}

)◦
= S +.
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So, it follows that

(KU − x0)◦ = (C ∩ DU − x0)◦ = S +. (4.43)

(Note that since x0 ∈ DU and x0 ∈ X = l2 = C, we conclude that x0 ∈ KU.) Therefore, (4.43)
together with (4.41) and (4.42) implies that

(KU − x0)◦ = (C − x0)◦ +
⋃

((Av,bv),λ)∈F (x0),v∈(0,1]

{A∗v(λ)}.

Thus, in view of Definition 3.1, “the robust strong conical hull intersection property“ holds at the
point x0. Consequently, by using Theorem 3.2

(
the implication [(i) =⇒ (ii)]

)
, for any x ∈ X, we

have:

x0 = PKU (x) ⇐⇒ x0 = PC(x − A∗v(λ)) for some v ∈ (0, 1] with (Av, bv) ∈ U
and some λ ∈ S + such that 〈λ, Avx0 − bv〉 = 0.

Indeed, we have 〈λ, Avx0 − bv〉 = 0 for all λ ∈ S + and all v ∈ (0, 1]. Also, if

xv := (1 + vλ1,
1
2
+ vλ2,

1
3
+ vλ3, . . .) ∈ X with λ = (λ1, λ2, . . .) ∈ S + and v ∈ (0, 1],

then, x0 = PC(xv − A∗v(λ)) holds for all λ ∈ S + and all v ∈ (0, 1], and that x0 = PKU (xv) for each
v ∈ (0, 1].

In the following, we show that the “characteristic cone M“ which defined by (3.10):

M = epiδ∗C +
⋃

(A,b)∈U, λ∈S +
(A∗(λ), 〈b, λ〉)

is closed (weakly closed) and convex. First, note that since C = l2, one can easily see that

δ∗C(u) :=

0, if u = 0,
+∞, otherwise,

for all u ∈ l2. So, epiδ∗C = {0}. Therefore,

M = epiδ∗C +
⋃

(Av,bv)∈U, λ∈S +, v∈(0,1]

(A∗v(λ), 〈bv, λ〉)

= {0} +
⋃

λ=(λ1,λ2,...)∈S +, v∈(0,1]

(vλ, vλ1 +
1
2

vλ2 + . . .)

= {0} + (
S + × [0,+∞)

)
= S + × [0,+∞).

Thus, it is clear that M is closed and convex. Then, in view of Theorem 3.1, one has “the robust
strong conical hull intersection property“ holds at the point x0, which (in the above) was directly
shown that it holds by using Definition 3.1. Consequently, since M is closed and convex, so the
results obtained in Section 3 and Section 4 hold and illustrated by this example.
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Remark 4.1. It is worth nothing that if we assume that

U := {(a, b)} ⊂ L(X,R) × R = X∗ × R = X × R,

and so, DU := {z ∈ X : 〈a, z〉 ≤ b} (call, the singleton case), then, all proofs of the results under
consideration hold for the Problem (1.1) (given in page 3) with the constraint set DU without
any change. Now, if Y is an infinite dimensional separable Hilbert space, then, by [1, Theorem
4.19(2)], there exists ai ∈ L(X,R)(= X∗ = X), i = 1, 2, . . . , such that

Ax = (〈a1, x〉, 〈a2, x〉, . . .) for each x ∈ X. (4.44)

Let b := (b1, b2, . . .) ∈ Y. Therefore, (A, b) ∈ L(X,Y) × Y. Let

U := {(A, b) ∈ L(X,Y) × Y : A is defined by (4.44), b ∈ Y},

and

DU = {z ∈ X : Az ≤ b, ∀ (A, b) ∈ U}.

Thus, the Problem (1.1) :

min
z∈X
{‖x − z‖ : z ∈ C, Az ≤ b, ∀ (A, b) ∈ U}, (x ∈ C ∩ DU)

is equivalent to the following Problem:

min
z∈X
{‖x − z‖ : z ∈ C, 〈ai, z〉 ≤ bi, for all ai, bi for which (A, b) ∈ U, i = 1, 2, . . .},

which is a “semi-infinite programming“. Indeed, in the particular case, the Problem (1.1) can be
inverted to a “robust semi-infinite programming“.
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