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Abstract. We present in this paper some results for solving the Quadratic
Eigenvalue Complementarity Problem (QEiCP) by using DC(Difference
of Convex functions) programming approaches. Two equivalent Noncon-
vex Polynomial Programming (NLP) formulations of QEiCP are intro-
duced. We focus on the construction of the DC programming formu-
lations of the QEiCP from these NLPs. The corresponding numerical
solution algorithms based on the classical DC Algorithm (DCA) are also
discussed.
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1 Introduction

Given three matrices A, B,C € R™ " the Quadratic Figenvalue Complemen-
tarity Problem (QEiCP) consists of finding a A € R and an associated nonzero
vector x € R™ such that

w=AAx + \Bz + Cz
2Tw=0 (1)
z>0,w>0

This problem and some applications have been firstly introduced in [19] and is
usually denoted by QEICP(A, B, (). In any solution (A, z) of QEiCP(A, B, C),
the A\-component is called a quadratic complementary eigenvalue, and the vector
x-component is a quadratic complementary eigenvector associated to .

QEiCP is an extension of the well-known Eigenvalue Complementarity Prob-
lem (EiCP) [18], which consists of finding a complementary eigenvalue A € R
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and an associated complementary eigenvector x € R™ \ {0} such that

w = ABr — Cx
rTw=0 (2)
z>0,w>0

where B,C € R™"*™ are two given matrices.

Clearly, EiCP is a special case of QEiCP where the matrix A is null. During
the past several years, many applications of EiCP have been discussed and a
number of algorithms have been proposed for the solution of this problem and
some extensions [1-3,6-11, 15, 16].

EiCP has at least one solution if the matrix B of the leading A-term is positive
definite (PD) [9, 18]. Contrary to the EiCP, the QEiCP may have no solution
even when the matrix A of leading A-term is PD. For instance, if B = 0, A,C
are PD matrices, there is no solution for QEiCP since 27w = \22T Az +2TCx >
0,YA e R,z € R™\ {0}.

The existence of a solution to QEiCP depends on the given (A, B,C). If
the matrix A is PD, QEiCP has at least a solution if one of the two following
conditions holds:

(i) C ¢ Sy [4], where Sy is the class of matrices defined by
CeSye dr>0,2#0,Cz>0.
(ii) co-hyperbolicity[19] : (2T Bz)? > 4(2™ Ax)(27 Cx) for all z > 0,z # 0.

In practice, investigating whether C' € Sy reduces to solving a special lin-
ear program [4]. On the other hand, it is relatively hard to prove that co-
hyperbolicity holds. However, there are some sufficient conditions which imply
the co-hyperbolicity. For instance, this occurs if A and —C' are both PD matrices.

A number of algorithms have been proposed for the solution of QEiCP when
A €PD and one of the conditions C' ¢ Sy or co-hyperbolicity holds [1,4-6,19]. As
discussed in [4-6], some of these methods are based on nonlinear programming
(NLP) formulations of QEiCP such that (A, z) is a solution of QEIiCP if and
only if (A, z) is a global minimum of NLP with an optimal value equal to zero.
In this paper, we introduce two nonlinear programming formulations and their
corresponding DC programming formulations when co-hyperbolicity holds, and
we briefly discuss the DC Algorithm for the solution of these DC programs.

The paper is organized as follows. Section 2 contains the nonlinear program-
ming formulations of QEiCP, and the corresponding dc formulations mentioned
before. A new result on lower and upper bounds estimation of the quadratic
complementary eigenvalue is given in section 3. The numerical solution algo-
rithms for solving these DC programming formulations are discussed in section
4. Some conclusions are presented in the last section.

2 DC Programming Formulations for QEiCP

In this section, we introduce two DC programming formulations of QEiCP when
A €PD and the co-hyperbolic property holds. These DC programs are based
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on two NLP formulations of QEiCP. The construction of the DC programming
problem requires lower and upper bounds on the A-variable which can be com-
puted by the procedures discussed in [6]. We will also present a new procedure
for such a goal in the section 3.

2.1 Nonlinear Programming Formulations

As discussed in [6], QEICP is equivalent to the following NLP:

(P) 0=min f(z,y,z,w,\) = [ly — Az|* + ||z — Ay|]* + 27w
st.w=Az+ By+ Cx
eTe =1 (3)
eTy=\
z>0,w>0,2>0.

As (z,y,z,w,\) is an optimal solution of the problem (P) if and only if (), x)
is a solution of QEiCP. In fact, for any solution of QEiCP (A, z) that does not
satisfy eZx = 1, we can always construct a solution (X, —1-) of QEiCP satisfying
such a constraint.

The problem (P) is a polynomial programming problem where a nonconvex
polynomial function f(z,y,z,w,\) is minimized subject to linear constraints.
Due to the fact that any polynomial function is a dc function, we can reformulate
the problem (P) as a dc program.

On the other hand, observing that the complementarity constraint w?z =
0,z > 0,w > 0 holds if and only if w”z = >""" | min(z;,w;) = 0, we have the
following equivalent nonlinear programming formulation of (P):

(P') 0 =min f'(z,y,2w,A) = [ly = Azl]2 + ||z — Mgl + S0, min(s, w;)
stw=Az+ By+ Cz
efe=1
ey =\
z>0,w>0,22>0.

The problems (P) and (P’) have the same set of linear constraints. The difficulty
for solving (P) and (P’) relies on the non-convexity on their objective functions.

2.2 DC programming formulations

The polynomial function f in (P) can be decomposed into four parts:

fl@,y, 2,0, 0) = yll? + 1217 = 209" (2 + 2) + X ([|l2[* + [ly]]?) + 27w
= fO(y,z) + fl(l'vyaz7>‘) + f2(x3y7>‘) + f3(1'7’(1))

with ) )
foly,2) = llyl* + =]
fl(%%za)\ = _2)\yT(x + Z)
falz,y, ) = N2([|=]1> + [lylI*)
f3(z,w) = 27w
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The function fj is convex quadratic function, while fi, fo, f3 are nonconvex
polynomial functions. Similarly, the objective function f’ in (P’) is also decom-
posed into the following four terms as:

f/(xvywszv)‘) = fO(yvz) + fl(xayvzv)‘) + fg(x,%)\) + fB(wi)

where fg(x, w) defined by "7 | min(z;,w;) is a polyhedral concave function.
Both the bilinear function f3 and the polyhedral concave function f3 are
classical dc functions whose dc decompositions are as follows:

1. DC decomposition of bilinear function fs:

2 o2
ey = I 0l L=l "

2 2 . .
in which Hz+4w“ and 1z 47”"” are both convex quadratic functions.

2. DC decomposition of polyhedral function fg:

fa(,w) =Y min(z;,w;) = (0) — (= > _ min(z;,w;)) (5)
i=1 =1

where — Y7 | min(z;, w;) is a convex polyhedral function.

To obtain a dc decompositions of the nonconvex polynomial functions f; and
f2, we first obtain the expressions of their gradients and hessians:

1. Gradient and Hessian of fi:

_vﬂffl(xaywzﬂ)‘) _2Ay
A Vyfilz,y, 2, N) | | —2A(z+2)
vjll(x?g%z,A) N vzfl(xayvza )‘) B _2)‘y
_vx\fl(‘r>y727/\) —2yT(:17—|—Z)
0 2\ 0 -2
—2AI 0 —2M —2(x + 2
V2fl(x,y,z,)\) = 0 —o\] 0 (_2y )
| —2y" —2(x + 2)T —297 0

2. Gradient and Hessian of fs:

Vi fa(z,y,\) 2)\2z
Vfg(l',y,)\): Vny('ra?ﬁA) = 2A2y
Viafa(@,y,A) 2A(lz)1* + ly11*)
2X21 0 4 x
V2 fy(z,y,2,A) = | 0 2X\T 4y

Axa® g™ 2(]|= ] + [lyl?)
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The spectral radius of the hessian matrices V2f; and V2f, (denoted by
p(V2f1) and p(V2f3)) can be bounded above by the induced 1-norm as follows:

p(V2f1) < IV2 fillh = 2max{|\| + |yil, |zi + 2| + 2|/\|7Z(2\yi| + @i + 2i]) }

p(V2f2) < IV2 fall = 2max{A*+2|A i, A>+2( [yl 12+ 1yl*+21A1 Y (il + Jyal)}

Thus p(V2f1) and p(V2f3)) are bounded when the variables (z,y, z, w, \) of
(P) and (P’) are bounded.

The next proposition shows that if the quadratic complementary eigenvalue
A of QEiCP is bounded, then the variables x, vy, z, w are bounded with respect
to the bounds of .

Proposition 1. If the quadratic complementary eigenvalue A of QEiCP is bounded
in an interval [l,u], then any optimal solution of (P) and (P’) satisfies:

x € [0,1]";y € [min{0, 1}, max{0,u}]"; z € [0, max{u?,1*}]™;

max{u?, 12} 37 |Avy] + max{|l], lul} 3 [By;| + 32, |Cj
0<w<
max{u?, 1} 37, [Anj| + max{|l], [ul} 32; [Bnj| + 32 |Cnj

Proof. Suppose that we could determine some values [ and w such that A-
component of QEiCP is located in the interval [I,u].

1. efz = 1,2 > 0 implies x € [0, 1]™.

2. y=Az,x €[0,1)" and A € [l,u] imply y € [min{0, !}, max{0,u}]™.

3.2 = Ay,y = A = z = Mz, with 2 € [0,1]",)\ € [l,u], leads to z €
[0, max{u?, I2}]".

4. Since w > 0, the upper bound of w is obtained from the definition of w as
Az+By+Cz. Asz € [0,1]",y € [min{0,}, max{0,u}]", 2z € [0, max{u?, [*}]",
then w is also bounded:

max{u?, 12} 37 | Ay |+ max{|l], [ul} 32; [Bij| + 325 [Chj
|w] < 3
max{u?, 12} 37 | Anj| + max{[l], [ul} 3; [Bnj| + 32; |Cn;]

Let us define the convex polyhedral set:

C:={(z,y,2z,w,\):w= Az + By + Cx,e’z =1,eTy = \,z € [0,1]",
y € [min{0, 1}, max{0,u}]", z € [0, max{u?, I*}]",w > 0,1 <\ < u}.

The problems (P) and (P’) defined on C have the same set of optimal solutions,
and p(V2f;) and p(V?f,) are bounded. In fact, the following proposition holds:
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Proposition 2. For (z,y,z,w,\) €C,
p(V2f1) < 2+ 2n(p? + 2p) = py
p(V2fa) <2(3np® +2p+1) = pa
where p = max{|l|, |u|}.

Proof. Since XA € [l,u], then |A| < max{|l|, |u|} = p. Hence,

p(V2f1) < 2max{| A + [yal, |zi + 2| + 2| D (2Ll + i + z])}-
i
But,

>yl <.
i
Z|$z+zz| < Z|$z| JrZ|Zz| <1+ np”.

Hence,
p(V2f1) < 2max{2p, 1 + p* 4+ 2p,1 + n(p? + 2p)} = 2+ 2n(p* + 2p) = ;

Similarly,

(V2 f2) < 2max{A? + 2|\ lJaral, A2+ 20yl [l2l® + llyl® + 201 D (il + |}

< 2max{p? + 2p,3p?, 3np* + 2p + 1} = 2(3np*> + 2p + 1) = py.

Thus, we get a dc decomposition for f; and fy as follows:

fl(x7y72'7 A) = %H(xayaza)‘)HQ - (%||($7yasz)H2 - fl(x7yvza)‘))

folwy, 0) = 2@y VIP = (Bl g, VI = fale,y, 0)

where & ||(z,y,2,A)||* and 22[/(z,y,\)||* are quadratic convex functions. While
2| (e, y,z M? = filz,y, 2, )\ and 22(/(z,y,\)||*> — f2(x,y, A) are locally convex
rebtrlcted on C.

Using the dc decompositions of fi,f2,f3 and f3 derived in this section, we
get the following dc decomposition for the objective functions f and f’.

1. A dc decomposition for f is given by:
f(z7yvzaw7>\) = g(xvyasza)‘) - h(l‘,y,z,w,)\)
where

|z + wl? +Pl + p2 p1+p2

4
h(l’,y,Z,U),)\) :g(x,y,z,w,)\) - f(x7yvz7w7>\)'

(Pl +/)2
2

)\2

9(x,y, z,w, A) = ]|+ +)lylP+(2 +1)H IP+=5—
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2. A dc decomposition for f’ is given by:
f/(mv Y, z,w, )‘) = g/(l', Y, z,w, )‘) - h/(.’L', Y, z,w, )\)

where

pL+p2 +P2 p1+p2 P1 +P2
]+ (=== + Dllyll* + ( + 122+ =A%

g (x,y,2,\) = 5

h/(x7y7 Z,w7 )\) = gl(:r’ y’ Z? >\) - f/(‘T?y? Z’w7 )\)'

The functions g and ¢’ are both convex quadratic functions, while h and A’
are locally convex functions restricted on the convex polyhedral set C.
Finally, we get the following equivalent DC programs of (P) and (P’) as
below:
(Ppc) 0 = min g(z,y, z,w, \) — h(z,y, z, w, \) (6)
s.t. (z,y,z,w,\) € C.
(Ppe) 0 =min ¢'(z,y,2,\) — k' (x,y,z,w, \)
s.t. (z,y,z,w,\) € C.

(7)
3 Lower and upper bounds for the quadratic
complementary eigenvalue A

Since the bounds of the variables z, vy, z, w in C, as well as the dc decompositions
given in the previous section depend on the bounds of A, we need to estimate
its upper and lower bounds. The following theorem gives these values.

Proposition 3. If A € PD and the co-hyperbolic condition holds, the A-component
of any solution of QEiCP satisfies

I=f-Vasi<ytva=u
with s = min{zT Az : eTx = 1,2 > 0}, a = max{+2, 8%} + M’
min BZ i
B = s if min{-By;} > 0;
M, if min{—B;} < 0.

max{ B} if max{—B;;} <0.

{maX{B”} if max{—B;;} > 0;
N =
2max{A;;}’

Proof. Since A €PD and the co-hyperbolic condition holds, the A-component of
any solution of QEiCP satisfies

—2TBx £ /(2T Bz)? — 4(2T Ax) (2T Cx)

A f—
22T Ax
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Let U = {eTz = 1,2 > 0}. For a given matrix M € R"*" and for any x € U,
we next prove that:

min M;; < 27 Mz < max M,;,Vx € U. (8)
i 0

If fact, let (M), denote the i-th element of the vector Mz. Then
n
aT Mz = Z%(Mﬂi)z
i=1
But, (Mx); is bounded by
mln{z Mij:cj T e U} S (MZL’)1 S max{z Mijx]’ S U},VZ’ eU.
j=1 j=1

Since the linear programs min{}>7_, Myjz; : © € U} and max{} 7, Mj;x; :
x € U} have optimal solutions on vertices, the optimal values of the above
linear programs are exactly min;{M,;} and max;{M;;}. Hence, we can compute
bounds for 7 Mz on U as follows:

in{M;; } = mi smin{M;;} :x € U} < smin{M;;} < i(Mx);
min{M;;} mm{zi:x min{M;} : v € U} Zm min{ M;;} Zl:m( )

=2TMzx < Zml max{M,;;} < max{z x;max{M,;}: 2z € U} = max{M; ;}.
; J - J i

Hence, (8) is true.
Using the bounds (8) for the matrices B and C, we have:

min{-Bj;} < —2” B < max{-Bj;},
2,3 2,3

min{—Cj;} < —a" Cx < max{~Cj;}
1,] 2]
Since A €PD, we have

0 < s=min{z" Az : 2 € U} < 2”7 Az < max{A4;;},Vz € U.
/L’J

—z7 Bz
22T Ax

Accordingly, is bounded by:

2s
20T Ax — 22TAx — 22T Ax max{— By} g max{—B;;} <O0.

min{-B;;} _ —a2TBx < max{—B;;} <o { max{ By} i max{—B;;} > 0;
2max{A;;}’

and (B}
min{—By;} _ 5o Smasay if min{=By;} > 0;
20T Az mind =Bl it min{— By} < 0.
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Then
—2"Bx , —aTCz
(5752)" +—7F
2¢T Ax 2T Ax

Finally, we can compute bounds for \ as follows:

< max{y?, g2 + DGyl _
S

—zT Bz \/ —2T Bx, —2TCx
_ < _ 2
f-vas< 2¢T Ax ( 22T Ax ) T Az
—2T Bz \/ —2T Bz —zTCx
A< 2 .
— 22T Ax 22T Ax ) 2T Az — v+ Ve

O

In practice, it is interesting to compare in the future the bound proposed here
with the one given in [6]. The bounds given in this paper have been designed
such that they can be computed in a small amount of effort, even for large-scale
problems.

4 DC Algorithms for solving Ppc and Py,

In this section, we investigate how to solve the DC programming formulations
(Ppc) and (Ppe).
Given a general DC program:

min{g(z) — h(x) : x € C},

where C is a non-empty convex set, the general DC algorithm (DCA) consists
of constructing two sequences {*} and {y*} via the following scheme[12-14]:

2% — yk € Oh(2*)
Ve
zF € 9g*(yF) = argmin{g(z) — (z,y*) : z € C}.

The symbol 0h stands for the sub-differential of the convex function h, and g* is
the conjugate function of g. These definitions are fundamental and can be found
in any textbook of the convex analysis (see for example [17]).

The sequence {z*} and {y*} are respectively candidates for optimal solutions
of the primal and dual DC programs.

In DCA, two major computations should be considered:

1. Computing Oh(z*) to get y*.
2. Solving the convex program argmin{g(z) — (x,y*) : # € C} to obtain z**!.

Now, we investigate the use of DCA to solve the DC programs (Pp¢) and (Pp).
Concerning to (Ppc¢), since the function h is differentiable, Oh(z,y, z,w, A) is
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reduced to a singleton {Vh(z,y, z,w, A)}, where

Vh(%,’%zaw»)\) = v9($»y727w7>\) - vf(xvwaawv)\)
L 4 (p1 + p2)r + 20y — 2V°x —w
(p1+p2 =20y + 2\ (z + 2) )
= P17z + 2 y .

X

2
(p1 + p2 = 2(l|2]1” + yl*)A + 257 (z + 2)

For (P},.), since the function A’ is non-differentiable, we compute the convex
set O/ (z,y,z,w, A) as follows:

(P14 p2)z + 20y — 2\°z —u
(p1+ p2 — 222)y + 2\ (z + 2)
ah’(z,y,z,w,)\) = p1Z+2)\y (10)
—U
(p1+ p2 = 2(I=l* + ylIP)A + 24" (z + =)

where
17 T; < Wi
w=(W)i=1,.n, % = § {0,1}, z; = wy;
0, T; > w;.
0, T; < Wi
v = (Ui)i:1,..4,n7vi = {07 1}7 Ty = Wy
1, XTi; > W;.

Finally, DCA applied to (Pp¢) and (P}) requires solving respectively one
convex quadratic program over a polyhedral convex set in each iteration.
The following two fixed-point schemes describe our dc algorithms:

($k+17yk+17 ZkJrlvwarl» )‘kJrl) = argmin{g(m7y, vav )‘) (11)
7<(x7 y’ Z7w’ A)7vh(xk’yk7zk7wk’)\k)> : (x’y7 Z’ w, )\) G C}
2
with g(z,y, z,w, A) = 1l 4 eufee )2 4 (2422 4 1)y )2 + (8 + 1)]2]2 +
p1+pz>\2
5 .

—((z,y, z,w,\), Y*) i (2,y,2,w,\) € C}
with Y* € oW/ (a*,y*, 2%, wh \F) and ¢'(z,y,2,\) = 2822|224 (222 4
Dll? + (5 + Dlll + 252

These convex quadratic programs can be efficiently solved via a quadratic
programming solver such as CPLEX, Gurobi, XPress, etc.

DCA should terminate if one of the following stopping criteria is satisfied for
given tolerances €1, €2 and es.
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(1) The sequence {(z*,y*, 2% w* \F)} converges, i.e.,

||(xk+1,yk+1,zk+1,wk+1,)\k+1) _ (xk,yk,zk,wk, )\k)H < e

(2) Thesequence {f(x*,y*, 2% wh A¥)} (vesp. {f'(z*, 9", 2%, w¥, A\F)}) converges,
ie.,

(resp. Hf/(l‘k+1,yk+1,2k+1,wk+1,)\k+l) _ f/(xk,yk’zk’wk7)\k)|| < 62).
(3) The sufficient global e-optimality condition holds, i.e.,
The following theorem indicates the convergence of DCA:

Theorem 1 (Convergence theorem of DCA). DCA applied to QEiCP gen-
erates convergence sequences {(x*, y¥, 2% wk M)} and {f (2%, 4", 2%, w \F)} (resp.
{f/(zF, 9% 2% wF AF)}) such that:

— The sequence { f(x*, y*, 2% wk N)} (resp. {f'(z*, y*, 2%, wk, \¥)} ) is decreas-
ing and bounded below.

— The sequence {(x*,y*, 2% w* \*)} converges either to a solution of QEiCP
when the third stopping condition is satisfied or to a general KKT point of

(Ppc) (resp. (Ppe))-

Proof. The proof of the theorem is an obvious consequence of the general con-
vergence theorem of DCA [12-14]. The sufficient global optimality condition is
due to the fact that the optimal value of the dc program is equal to zero. a

5 Conclusions

In this paper, we have presented two DC programming formulations of the
Quadratic Eigenvalue Complementarity Problem. The corresponding numerical
solution algorithms based on the classical DCA for solving these dc programs
were briefly discussed.

The numerical results and the analysis of the performance of DCA for solv-
ing QEiCP will be given in a future paper. We will discuss a new local dc de-
composition algorithm that is designed to speed up the convergence of DCA.
Furthermore, that paper will also be devoted to the solution of QEiCP when the
condition A €PD and C ¢ Sy holds. A new DC formulation of QEiCP based
on the reformulation of an equivalent extended EiCP will be introduced to deal
with this case and the corresponding DC Algorithm will be discussed.



12 YS Niu et al.
Acknowledgements

The research of Yi-Shuai Niu in this project is partially supported and fi-
nanced by the Innovative Research Fund of Shanghai Jiao Tong University 985
Program. Joaquim Judice was partially supported in the scope of R&D Unit
UID/EEA /5008/2013, financed by the applicable financial framework (FCT/MEC
through national funds and the applicable co-funded by FEDER-PT2002 part-
nership agreement).

References

1. Adly, S., Seeger, A. A non-smooth algorithm for cone constrained eigenvalue prob-
lems. Computational Optimization and Applications. Vol. 49, 299-318 (2011).

2. Adly, S., Rammal, H. A new method for solving second-order cone eigenvalue com-
plementarity problem. Journal of Optimization Theory and Applications. (2014),
doi:10.1007/s10957-014-0645-0.

3. Bras, C, Fukushima, M.. Judice, J., Rosa, S. Variational inequality formulation for
the asymmetric eigenvalue complementarity problem and its solution by means of
a gap function. Pacific Journal of Optimization. Vol. 8, 197-215 (2012).

4. Bras, C, Iusem, A.N.. Judice, J. On the quadratic eigenvalue complementarity prob-
lem. To appear in Journal of Global Optimization.

5. Fernandes, L. M., Judice, J., Fukushima, M., Iusem, A. On the symmetric quadratic
eigenvalue complementarity problem. Optimization Methods and Software, Vol. 29,
751-770 (2014).

6. Fernandes, L.M., Judice, J., Sherali, H.D., Forjaz M.A., On an enumerative algo-
rithm for solving eigenvalue complementarity problems. Computational Optimiza-
tion and Applications. Vol. 59, 113-134 (2014).

7. Judice, J, Sherali, H. D., Ribeiro, I. The eigenvalue complementarity problem. Com-
putational Optimization and Applications. Vol. 37, 139-156 (2007).

8. Judice, J., Raydan, M., Rosa, S., Santos, S. On the solution of the symmetric com-
plementarity problem by the spectral projected gradient method. Numerical Algo-
rithms. Vol. 44, 391-407 (2008).

9. Judice, J., Sherali, H. D., Ribeiro, I., Rosa, S. On the asymmetric eigenvalue comple-
mentarity problem. Optimization Methods and Software. Vol. 24, 549-586 (2009).

10. Le Thi, H.A., Moeini, M., Pham, D.T., Judice, J. A DC programming approach
for solving the symmetric Eigenvalue Complementarity Problem, Computational
Optimization and Applications, Vol. 51, 1097-1117 (2012).

11. Niu, Y.S., Le Thi, H.A., Pham, D.T., Jddice, J., Efficient dc programming ap-
proaches for the asymmetric eigenvalue complementarity problem. Optimization
Methods and Software. Vol. 28, 812-829 (2013).

12. Pham Dinh, T. , Le Thi, H.A.: DC optimization algorithms for solving the trust
region subproblem, STAM Journal of Optimization, Vol. 8, 476-507 (1998).

13. Pham Dinh, T. | Le Thi, H.A.: DC Programming. Theory, Algorithms, Applica-
tions: The State of the Art. First International Whorkshop on Global Constrained
Optimization and Constraint Satisfaction, Nice, October 2—4 (2002).

14. Pham Dinh, T. , Le Thi, H.A.: The DC programming and DCA Revisited with
DC Models of Real World Nonconvex Optimization Problems. Annals of Operations
Research, Vol. 133, 23-46 (2005).



DCA for QEiCP 13

15. Pinto da Costa, A., Seeger, A. Cone constrained eigenvalue problems, theory and
algorithms. Computational Optimization and Applications. Vol. 45, 25-57 (2010).

16. Queiroz, M.. Judice, J.. Humes, C. The symmetric eigenvalue complementarity
problem. Mathematics of Computation. Vol. 73, 1849-1863 (2003).

17. Rockafellar, R. Tyrell. Convex Analysis. Princeton: Princeton University Press
(1970).

18. Seeger, A. Eigenvalue analysis of equilibrium processes defined by linear comple-
mentaritv conditions. Linear Algebra and Its Applications. Vol. 294, 1-14 (1999).

19. Seeger, A. Quadratic eigenvalue problems under conic constraints. STAM Journal
on Matrix Analysis and Applications. Vol. 32, 700-721 (2011).



