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Abstract. This paper studies algorithms for equilibrium problems with equilibrium constraints
(EPECs). We present a generalization of Scholtes’s regularization scheme for MPECs and extend
his convergence results to this new relaxation method. We propose a sequential nonlinear comple-
mentarity (SNCP) algorithm to solve EPECs and establish the convergence of this algorithm. We
present numerical results comparing the SNCP algorithm and diagonalization (nonlinear Gauss-
Seidel and nonlinear Jacobi) methods on randomly generated EPEC test problems. The compu-
tational experience to date shows that both the SNCP algorithm and the nonlinear Gauss-Seidel
method outperform the nonlinear Jacobi method.

1 Introduction

An Equilibrium Problem with Equilibrium Constraints (EPEC) is a mathematical program
to find an equilibrium point that simultaneously solves several Mathematical Programs with
Equilibrium Constraints (MPECs), each of which is parameterized by decision variables of
other MPECs. The applications of EPECs often arise from noncooperative games, especially
multi-leader-follower games [20], where each leader is solving a Stackelberg game formulated
as an MPEC [14]. Several EPEC models have been developed to study the strategic behavior
of generating firms in deregulated electricity markets [3, 9, 17]. In a companion paper [24], we
investigate a spot-forward equilibrium model arising in the field of supply chain management
and compute a forward market equilibrium formulated as an EPEC.

This paper is organized as follows. In the next section, we review the recent theoretical
studies on MPECs. In Section 3, we propose a generalization of Scholtes’s regularization
scheme and show that the convergence theorems studied in [23] can be extended to our
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approach. Section 4 introduces EPECs and their definitions of stationary concepts. Diag-
onalization methods [2, 3, 9, 11, 17] have been widely used by researchers in engineering
fields to solve EPECs. We briefly discuss the convergence properties of the diagonalization
methods based on an equivalent NLP approach [6] to solve each MPEC subproblem. We
also propose a sequential nonlinear complementarity (SNCP) approach for solving EPECs
and establish the convergence of this algorithm. Section 5 presents numerical results com-
paring diagonalization methods and the SNCP algorithm on randomly generated EPEC test
problems.

A word about the notation: For u ∈ Rn and v ∈ Rm, (u, v) denotes the column vector
[uT, vT]T ∈ Rn+m. If u and v are two vectors in Rn, then u ◦ v denotes the Hadamard
product, i.e., u ◦ v = [u1v1, · · · , unvn]T ∈ Rn, and u ⊥ v indicates orthogonality of vectors
u and v. We let e denote the vector of all ones in the appropriate dimension. By ‖ · ‖, we
mean the Euclidean norm. If a function f : Rn → R is twice continuously differentiable,
then ∇f(x) ∈ Rn and ∇2f(x) ∈ Rn×n denote the gradient and the Hessian matrix of f at
x, respectively. If the mapping g is differentiable, then ∇g(x) ∈ Rm×n denotes the Jacobian
matrix, in which the i-th row is ∇gi(x)T. For a matrix A ∈ Rm×n with linearly independent
rows, a basis in A will consist of m linearly independent columns of A which together form
a m × m matrix A.β, where β is the set of indices of those m independent columns.

2 Preliminaries on MPECs

We consider an MPEC formulated as a nonlinear program with complementarity constraints:

minimize f(x)

subject to g(x) ≤ 0, h(x) = 0,

0 ≤ G(x) ⊥ H(x) ≥ 0,

(1)

where f : Rn → R, g : Rn → Rp, h : Rn → Rq, G : Rn → Rm, and H : Rn → Rm are twice
continuously differentiable functions. Given a feasible vector x̄ of the MPEC (1), we define
the following index sets of active and inactive constraints:

Ig(x̄) := {i | gi(x̄) = 0},
IG(x̄) := {i |Gi(x̄) = 0},
Ic

G(x̄) := {i |Gi(x̄) > 0},
IH(x̄) := {i |Hi(x̄) = 0},
Ic

H(x̄) := {i |Hi(x̄) > 0},
IGH(x̄) := {i |Gi(x̄) = Hi(x̄) = 0},

(2)
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where IGH(x̄) is known as the degenerate set. If IGH(x̄) = ∅, then the feasible vector x̄ is
said to fulfill the strict complementarity conditions.

Associated with any given feasible vector x̄ of MPEC (1), there is a nonlinear program,
called the tightened NLP (TNLP(x̄)) [19, 22]:

minimize f(x)

subject to g(x) ≤ 0, h(x) = 0,

Gi(x) = 0, i ∈ IG(x̄),

Gi(x) ≥ 0, i ∈ Ic
G(x̄),

Hi(x) = 0, i ∈ IH(x̄),

Hi(x) ≥ 0, i ∈ Ic
H(x̄).

(3)

Similarly, there is a relaxed NLP (RNLP(x̄)) [19, 22] defined as follows:

minimize f(x)

subject to g(x) ≤ 0, h(x) = 0,

Gi(x) = 0, i ∈ Ic
H(x̄),

Gi(x) ≥ 0, i ∈ IH(x̄),

Hi(x) = 0, i ∈ Ic
G(x̄),

Hi(x) ≥ 0, i ∈ IG(x̄).

(4)

It is well known that an MPEC cannot satisfy the standard constraint qualifications, such
as linear independence constraint qualification (LICQ) or Mangasarian-Fromovitz constraint
qualification (MFCQ), at any feasible point [4, 22]. This implies that the classical KKT
theorem on necessary optimality conditions (with the assumption that LICQ or MFCQ is
satisfied at local minimizers) are not appropriate in the context of MPECs. One then needs
to develop suitable variants of CQs and concepts of stationarity for MPECs. Specifically,
the MPEC-CQs are closely related to those of the RNLP (4).

Definition 2.1. The MPEC (1) is said to satisfy the MPEC-LICQ (MPEC-MFCQ) at a
feasible point x̄ if the corresponding RNLP(x̄) (4) satisfies the LICQ (MFCQ) at x̄.

In what follows, we define B(ouligand)-stationarity for MPECs. We also summarize
various stationarity concepts for MPECs introduced in Scheel and Scholtes [22].

Definition 2.2. Let x̄ be a feasible point for the MPEC (1). We say that x̄ is a Bouligand-
or B-stationary point if d = 0 solves the following linear program with equilibrium constraints
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(LPEC) with the vector d ∈ Rn being the decision variable:

minimize ∇f(x̄)Td

subject to g(x̄) + ∇g(x̄)Td ≤ 0, h(x̄) + ∇h(x̄)Td = 0,

0 ≤ G(x̄) + ∇G(x̄)Td ⊥ H(x̄) + ∇H(x̄)Td ≥ 0.

(5)

B-stationary points are good candidates for local minimizers of the MPEC (1). However,
checking B-stationarity is difficult because it may require checking the optimality of 2|IGH(x̄)|

linear programs [14, 22].

Definition 2.3. We define the MPEC Lagrangian with the vector of MPEC multipliers
λ = (λg, λh, λG, λH) as in Scholtes [23]:

L(x, λ) = f(x) + (λg)Tg(x) + (λh)Th(x) − (λG)TG(x) − (λH)TH(x). (6)

Notice that the complementarity constraint G(x)TH(x) = 0 does not appear in the MPEC
Lagrangian function. This special feature distinguishes MPECs from standard nonlinear
programming problems.

The following four concepts of MPEC stationarity, stated in increasing strength, are
introduced in Scheel and Scholtes [22].

Definition 2.4. A feasible point x̄ of the MPEC (1) is called weakly stationary if there exists
a vector of MPEC multipliers λ̄ = (λ̄g, λ̄h, λ̄G, λ̄H) such that (x̄, λ̄) is a KKT stationary point
of the TNLP (3), i.e., (x̄, λ̄) satisfies the following conditions:

∇xL(x̄, λ̄) = ∇f(x̄) + ∇g(x̄)Tλ̄g + ∇h(x̄)Tλ̄h −∇G(x̄)Tλ̄G −∇H(x̄)Tλ̄H = 0,

h(x̄) = 0; g(x̄) ≤ 0, λ̄g ≥ 0, (λ̄g)Tg(x̄) = 0,

i ∈ IG(x̄) : Gi(x̄) = 0,

i ∈ Ic
G(x̄) : Gi(x̄) ≥ 0, λ̄G

i ≥ 0, λ̄G
i Gi(x̄) = 0,

i ∈ IH(x̄) : Hi(x̄) = 0,

i ∈ Ic
H(x̄) : Hi(x̄) ≥ 0, λ̄H

i ≥ 0, λ̄H
i Hi(x̄) = 0.

(7)

In addition, the feasible vector x̄ is called

(a) a C(larke)-stationary point if λ̄G
i λ̄H

i ≥ 0 ∀ i ∈ IGH(x̄).

(b) a M(ouduckhovich)-stationary point if either (λ̄G
i > 0, λ̄H

i > 0) or (λ̄G
i λ̄H

i = 0)
∀ i ∈ IGH(x̄).

(c) a strongly stationary point if λ̄G
i ≥ 0, λ̄H

i ≥ 0 ∀ i ∈ IGH(x̄).
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Notice that by Definition 2.4, a point x̄ is a strongly stationary point of the MPEC (1) if
(x̄, λ̄) is a KKT pair of the RNLP (4).

Definition 2.5 Upper-level strict complementarity (ULSC). A weakly stationary
point x̄ is said to satisfy ULSC if there exist MPEC multipliers λ̄ = (λ̄g, λ̄h, λ̄G, λ̄H) satisfying
(7) with λ̄G

i λ̄H
i 6= 0 for all i ∈ IGH(x̄).

See [22] for a discussion of these various stationarity conditions and their relations to
others in the literature such as Clarke’s generalized stationarity.

The following two theorems relate the strongly stationary point to B-stationary point
and local minimizers of MPECs.

Theorem 2.6 ([22]). If a feasible point x̄ is a strong stationary point for the MPEC (1),
then it is a B-stationary point. Conversely, if x̄ is B-stationary of the MPEC (1), and if the
MPEC-LICQ holds at x̄, then it is a strongly stationary point.

Theorem 2.7 ([19, 22]). If the MPEC-LICQ holds at a local minimizer x̄ of the MPEC
(1), then x̄ is a strongly stationary point with a unique vector of MPEC multipliers λ̄ =
(λ̄g, λ̄h, λ̄G, λ̄H).

Fletcher and Leyffer [6] suggest reformulating the MPEC (1) as the following equivalent
nonlinear program:

minimize f(x)

subject to g(x) ≤ 0, h(x) = 0,

G(x) ≥ 0, H(x) ≥ 0,

G(x) ◦ H(x) ≤ 0.

(8)

An interesting observation by Anitescu [1] and Fletcher et al. [7] on the equivalent nonlinear
program (8) is stated in the following theorem.

Theorem 2.8 ([1, 7, 13]). A vector x̄ is a strongly stationary point of the MPEC (1) if and
only if it is a KKT point of nonlinear program (8), i.e., there exists a vector of Lagrangian
multipliers λ̂ = (λ̂g, λ̂h, λ̂G, λ̂H , λ̂GH), such that (x̄, λ̂) satisfies the following conditions:

∇f(x̄) + ∇g(x̄)Tλ̂g + ∇h(x̄)Tλ̂h

−∇G(x̄)T[λ̂G − H(x̄) ◦ λ̂GH ] −∇H(x̄)T[λ̂H − G(x̄) ◦ λ̂GH ] = 0,

h(x̄) = 0; g(x̄) ≤ 0, λ̂g ≥ 0, (λ̂g)Tg(x̄) = 0,

G(x̄) ≥ 0, λ̂G ≥ 0, (λ̂G)TG(x̄) = 0,

H(x̄) ≥ 0, λ̂H ≥ 0, (λ̂H)TG(x̄) = 0,

G(x̄) ◦ H(x̄) ≤ 0, λ̂GH ≥ 0, (λ̂GH)T[G(x̄) ◦ H(x̄)] = 0.

(9)
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3 A Generalization of Scholtes’s Regularization

In this section, we present a generalization of Scholtes’s regularization scheme [23]. Our
approach suggests relaxing the complementarity constraints and perturbing the coefficients
in the objective function and constraints simultaneously. Hence, Scholtes’s scheme is a special
case of our approach if the objective function and constraints are not perturbed. We show
that the convergence analysis studied in [23] can be extended to our method without any
difficulty. The convergence results of our method will be applied to establish the convergence
of the sequential nonlinear complementarity algorithm in the next section.

For any mapping F : Rn ×AF → Rm, where Rn is the space of variables and AF is the
space of (fixed) parameters, we denote the mapping as F (x; āF ) with x ∈ Rn and āF ∈ AF .
The order of elements in āF is mapping specific. For any positive sequence {t} tending to 0,
we perturb the parameters in F and denote the new parameter vector as aF

t with aF
t → āF

as t → 0, and aF
t = āF when t = 0. Note that the perturbation on āF does not require the

perturbed vector aF
t to be parameterized by t.

Let Ω := {f, g, h, G, H} be the collection of all the functions in the MPEC (1). With
the notation defined above, the MPEC (1) is presented as

minimize f(x; āf )

subject to g(x; āg) ≤ 0, h(x; āh) = 0,

0 ≤ G(x; āG) ⊥ H(x; āH) ≥ 0,

(10)

where āω ∈ Aω, for all ω ∈ Ω.

For any positive sequence {t} tending to 0, we perturb every parameter vector āω and
denote the perturbed parameter vector as aω

t for all ω ∈ Ω. The perturbed vector aω
t should

satisfy the following two conditions for all ω ∈ Ω:

aω
t → āω, as t → 0+. (11)

aω
t = āω, when t = 0. (12)

As {t} → 0+, we are solving a sequence of perturbed NLPs, denoted by Reg(t):

minimize f(x; af
t )

subject to g(x; ag
t ) ≤ 0, h(x; ah

t ) = 0,

G(x; aG
t ) ≥ 0, H(x; aH

t ) ≥ 0,

G(x; aG
t ) ◦ H(x; aH

t ) ≤ t e.

(13)

In what follows, we extend Theorem 3.1, Theorem 3.3, and Corollary 3.4 in [23] to
our relaxation method. The proof closely follows the one given by Scholtes in [23] and is

6



included here for the completeness. We first state two technical lemmas. Lemma 3.1 states
that the NLP-LICQ at a feasible point carries over to all feasible points in a sufficiently small
neighborhood. Lemma 3.2 extends similar results to MPECs.

Lemma 3.1. Consider the nonlinear program

minimize f(x)

subject to h(x) = 0,

g(x) ≤ 0,

(14)

where f : Rn → R1, h : Rn → Rl and g : Rn → Rm are twice continuously differen-
tiable functions. If the NLP-LICQ holds at a feasible point x̄ of (14), then there exists a
neighborhood N (x̄) such that the NLP-LICQ holds at every feasible point x ∈ N (x̄).

Proof. Let A(x̄) be the Jacobian matrix of active constraints at x̄ of (14). Since NLP-LICQ
holds at x̄, the rows of A(x̄) are linearly independent. Then, there exists a basis A.β(x̄) in
A(x̄) and the determinant of A.β(x̄), denoted as det(A.β(x̄)), is nonzero. Since det(A.β(x))
is a continuous function of x, it follows that there exists a neighborhood N (x̄) such that for
all feasible points x of (14) in N (x̄):

det(A.β(x)) 6= 0,

Ig(x) ⊆ Ig(x̄),

Ih(x) ⊆ Ih(x̄).

(15)

This further implies that for every such x the gradient vectors of the active constraints in
(14) are linearly independent. Hence, NLP-LICQ holds at every feasible point x ∈ N (x̄). 2

Given a feasible point x̄ of Reg(t) (13), we define the following index sets of active
constraints:

Ig(x̄, t) := {i | gi(x̄; ag
t ) = 0},

Ih(x̄, t) := {i |hi(x̄; ah
t ) = 0},

IG(x̄, t) := {i |Gi(x̄; aG
t ) = 0},

IH(x̄, t) := {i |Hi(x̄; aH
t ) = 0},

IGH(x̄, t) := {i |Gi(x̄; aH
t )Hi(x̄; aH

t ) = t}.

(16)

Lemma 3.2. If the MPEC-LICQ holds at the feasible point x̄ of the MPEC (10), then there
exists a neighborhood N (x̄) and a scalar t̄ > 0 such that for every t ∈ (0, t̄ ), the NLP-LICQ
holds at every feasible point x ∈ N (x̄) of Reg(t) (13).

Proof. This follows from lemma 3.1 and the following relations on the index sets of active
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constraints:
Ig(x, t) ⊆ Ig(x̄),

Ih(x, t) ⊆ Ih(x̄),

IG(x, t) ∪ IH(x, t) ∪ IGH(x, t) ⊆ IG(x̄) ∪ IH(x̄),

IG(x, t) ∩ IGH(x, t) = ∅,
IH(x, t) ∩ IGH(x, t) = ∅,

(17)

which hold for all x in a sufficiently small neighborhood N (x̄) and all t ∈ (0, t̄) for sufficiently
small t̄ > 0.

For every feasible x of (13) in N (x̄), by Lemma 3.1 and (17), the system

∑

i∈Ig(x,t)

λg
i∇gi(x) +

∑

i∈Ih(x,t)

λh
i ∇gi(x) +

∑

i∈IG(x,t)

λG
i ∇Gi(x) +

∑

i∈IH(x,t)

λH
i ∇Hi(x)

+
∑

i∈IGH (x,t)

[(λGH
i Hi(x; aH

t ))∇Gi(x) + (λGH
i Gi(x; aG

t ))∇Hi(x)] = 0
(18)

implies that λg
i = λh

i = λG
i = λH

i = λGH
i Gi(x; aG

t ) = λGH
i Hi(x; aH

t ) = 0. Since

Gi(x; aG
t )Hi(x; aH

t ) = t,

we have
Gi(x; aG

t ) > 0, Hi(x; aH
t ) > 0,

and thus, λGH
i = 0. This proves that the NLP-LICQ holds at x. 2

Theorem 3.3. Let {tν} be a sequence of positive scalars tending to zero as ν → ∞, and let
xν be a stationary point of Reg(tν) converging to x̄. Suppose the MPEC-LICQ holds at x̄.
Then

(i) The point x̄ is a C-stationary point of the MPEC (1).

(ii) If, for each ν, the point xν also satisfies second-order necessary optimality conditions
for Reg(tν), then x̄ is an M-stationary point of the MPEC (1).

(iii) Moreover, if the ULSC assumption holds at x̄, then x̄ is a B-stationary point of the
MPEC (1).

Proof. First, by (11) and (12), it is easy to see that x̄ is a feasible point of the MPEC (1).
Let λν = (λg

ν , λ
h
ν , λ

G
ν , λH

ν , λGH
ν ) be the vector of Lagrangian multipliers of Reg(tν) (13) at the

stationary point xν , and let

I0 = {i | i ∈ IGH(xν , tν) for infinitely many ν}.
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Since MPEC-LICQ holds at x̄, the multiplier vector λν is unique in the following KKT
system of Reg(tν) (13) for sufficiently small tν:

∇f(xν ; a
f
tν ) + ∇g(xν ; a

g
tν )

Tλg
ν + ∇h(xν ; a

h
tν )

Tλh
ν

−∇G(xν ; a
G
tν )

TλG
ν −∇H(xν ; a

H
tν )

TλH
ν

+∇G(xν ; a
G
tν )

T[H(xν ; a
H
tν ) ◦ λGH

ν ] + ∇H(xν ; a
H
tν )

T[G(xν ; a
G
tν ) ◦ λGH

ν ] = 0,

h(xν ; a
h
tν ) = 0,

g(xν ; a
g
tν ) ≤ 0, λg

ν ≥ 0, g(xν ; a
g
tν )

Tλg
ν = 0,

G(xν ; a
G
tν ) ≤ 0, λG

ν ≥ 0, G(xν ; a
G
tν )

TλG
ν = 0,

H(xν ; a
H
tν ) ≤ 0, λH

ν ≥ 0, H(xν ; a
H
tν )

TλH
ν = 0,

G(xν ; a
G
tν ) ◦ H(xν ; a

H
tν ) − tν e ≤ 0, λGH

ν ≥ 0,

[G(xν ; a
G
tν ) ◦ H(xν ; a

H
tν ) − tν e]TλGH

ν = 0.

(19)

(i) Define λ̃G
i,ν = −λGH

i,ν Hi(xν ; a
H
tν ), and λ̃H

i,ν = −λGH
i,ν Gi(xν ; a

G
tν ), for i ∈ IGH(xν , tν) and

rewrite the first equation in (19) as

−∇f(xν ; a
f
tν ) =

∑

i∈Ig(xν)

λg
i,ν∇gi(xν ; a

g
tν ) +

∑

i∈Ih(xν)

λh
i,ν∇hi(xν ; ah

tν )

−
∑

i∈IG(xν ,tν)

λG
i,ν∇Gi(xν ; aG

tν ) −
∑

i∈IH (xν ,tν)

λH
i,ν∇Hi(xν ; aH

tν )

−
∑

i∈IGH(xν ,tν)∩Ic
G(x̄)

λ̃H
i,ν

[
∇Hi(xν ; aH

tν ) +
Gi(xν ; aG

tν )
Hi(xν ; aH

tν )
∇Gi(xν ; aG

tν )

]

−
∑

i∈IGH(xν ,tν)∩Ic
H(x̄)

λ̃G
i,ν

[
∇Gi(xν ; aG

tν ) +
Hi(xν ; aH

tν )
Gi(xν ; aG

tν )
∇Hi(xν ; aH

tν )

]

−
∑

i∈IGH(xν ,tν)∩IG(x̄)∩IH(x̄)

[
λ̃G

i,ν∇Gi(xν ; aG
tν ) + λ̃H

i,ν∇Hi(xν ; aH
tν )

]
.

(20)

For every sufficient large ν, we construct a matrix A(xν) with rows being the transpose
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of the following vectors:

∇gi(xν ; a
g
tν ), i ∈ Ig(x̄),

∇hi(xν ; a
h
tν ), i ∈ Ih(x̄),

−∇Gi(xν ; a
G
tν ), i ∈ IG(x̄) \ (IGH(xν , tν) ∩ Ic

H(x̄)),

−∇Gi(xν ; a
G
tν

) −
Hi(xν ; a

H
tν )

Gi(xν ; aG
tν )

∇Hi(xν ; a
H
tν

), i ∈ IGH(xν , tν) ∩ Ic
H(x̄),

−∇Hi(xν ; a
H
tν

), i ∈ IH(x̄) \ (IGH(xν , tν) ∩ Ic
G(x̄)),

−∇Hi(xν ; a
H
tν ) −

Gi(xν ; a
G
tν )

Hi(xν ; aH
tν )

∇Gi(xν ; a
G
tν ), i ∈ IH(x̄) \ (IGH(xν , tν) ∩ Ic

G(x̄)).

Then (20) can be represented as an enlarged system of equations A(xν)
Tyν = −∇f(xν)

with some components in yν set to 0. The matrix A(xν) converges to the matrix A(x̄) with
linearly independent rows

∇gi(x̄; āg), i ∈ Ig(x̄),

∇hi(x̄; āh), i ∈ Ih(x̄),

∇Gi(x̄; āG), i ∈ IG(x̄),

∇Hi(x̄; āH), i ∈ IH(x̄).

It follows that yν converges to a unique vector, λ̄ = (λ̄g, λ̄h, λ̄G, λ̄H), with

lim
ν→∞

λg
i,ν = λ̄g

i ≥ 0, lim
ν→∞

λh
i,ν = λ̄h

i ,

i /∈ I0 : lim
ν→∞

λG
i,ν = λ̄G

i ≥ 0, lim
ν→∞

λH
i,ν = λ̄H

i ≥ 0,

i ∈ I0 : − lim
ν→∞

λGH
i,ν Hi(xν ; a

H
tν ) = λ̄G

i ≤ 0, − lim
ν→∞

λGH
i,ν Gi(xν ; a

G
tν ) = λ̄H

i ≤ 0.

(21)

This completes the proof of (i).

(ii) Suppose x̄ is not an M-stationary point of the MPEC (1). Then there exists an index
j ∈ IGH(x̄) such that

− lim
ν→∞

λGH
j,ν Hj(xν ; a

H
tν ) = λ̄G

j < 0, − lim
ν→∞

λGH
j,ν Gj(xν ; a

G
tν ) = λ̄H

j ≤ 0.

From (i), this further implies that j ∈ I0 and Gj(xν ; a
G
tν )Hj(xν ; a

H
tν ) = tν for every sufficiently

large ν.

For every ν, we construct a matrix B(xν) with rows being the transpose of the following
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vectors
∇gi(xν ; a

g
tν ), i ∈ Ig(x̄),

∇hi(xν ; a
h
tν ), i ∈ Ih(x̄),

∇Gi(xν ; a
G
tν ), i ∈ IG(x̄),

∇Hi(xν ; a
H
tν ), i ∈ IH(x̄).

The matrix B(xν) converges to the matrix B(x̄) with linearly independent rows

∇gi(x̄; āg), i ∈ Ig(x̄),

∇hi(x̄; āh), i ∈ Ih(x̄),

∇Gi(x̄; āG), i ∈ IG(x̄),

∇Hi(x̄; āH), i ∈ IH(x̄).

Since the MPEC-LICQ holds at x̄, it follows that the rows in the matrix B(xν) are lin-
early independent for every sufficiently large ν. Consequently, the following system has no
solutions for ν large enough:

B(xν)
Tzν = 0, zν 6= 0. (22)

By Gale’s theorem of alternatives (page 34 in [15]), the following system has a solution dν

for every sufficiently large ν:

∇gi(xν ; a
g
tν )

Tdν = 0, i ∈ Ig(x̄),

∇hi(xν ; a
h
tν )

Tdν = 0, i ∈ Ih(x̄),

∇Gi(xν ; a
G
tν )

Tdν = 0, i ∈ IG(x̄), i 6= j,

∇Hi(xν ; a
H
tν )

Tdν = 0, i ∈ IH(x̄), i 6= j,

∇Gj(xν ; a
G
tν )

Tdν = 1,

∇Hj(xν ; a
H
tν )

Tdν = −
Hj(xν ; a

H
tν )

Gj(xν ; aG
tν )

,

and we represent the system as
B(xν) dν = bν . (23)

Similarly, the following system has a solution d̄:

∇gi(x̄; āg)Td̄ = 0, i ∈ Ig(x̄),

∇hi(x̄; āh)Td̄ = 0, i ∈ Ih(x̄),

∇Gi(x̄; āG)Td̄ = 0, i ∈ IG(x̄), i 6= j,

∇Hi(x̄; āH)Td̄ = 0, i ∈ IH(x̄), i 6= j,

∇Gj(x̄; āG)Td̄ = 1,

∇Hj(x̄; āG)Td̄ = −λ̄G/λ̄H ,
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and we represent the system as
B(x̄) d̄ = b̄. (24)

Below, we construct a bounded sequence {dν} converging to d̄. Without loss of generality,
we can assume that there exists an index set β such that B.β(x̄) is a basis in B(x̄) and B.β(xν)
is a basis in B(xν) for every sufficient large ν. Furthermore, the vector d̄ is a basic solution
of (24) associated with the basis B.β(x̄) with d̄β satisfying

B.β(x̄)d̄β = b̄

and the rest of the components in d̄ being 0.

Similarly, for every sufficiently large ν, the vector dν is a basic solution of (23) associated
with the basis B.β(xν) with (dν)β satisfying

B.β(xν)(dν)β = bν

and the rest of the components in dν being 0.

From (21), it is clear that Hj(xν ; a
H
tν )/Gj(xν ; a

G
tν ) → λ̄G/λ̄H , and hence, bν → b̄ as

ν → ∞. With B(xν) converging to B(x̄), it follows that the sequence {dν} is bounded and
dν → d̄ as ν → ∞.

It is easy to see that dν is a critical direction of Reg(tν) (13) at xν for ν large enough.
If the constraint Gj(x; aG

tν )Hj(x; aH
tν ) ≤ tν is active at xν , we examine the term associated

with this constraint in the Lagrangian function of Reg(tν) for the second-order necessary
optimality conditions. In particular,

λGH
j,ν dT

ν ∇2
(
Gj(xν ; a

G
tν )Hj(xν ; a

H
tν ) − tν

)
dν

= λGH
j,ν Hj(xν ; a

H
tν ) dT

ν ∇2Gj(xν ; a
G
tν ) dν + λGH

j,ν Gj(xν ; a
G
tν ) dT

ν ∇2Hj(xν ; a
H
tν ) dν

− λGH
j,ν Hj(xν ; a

H
tν )

2

Gj(xν ; aG
tν )

.

While the first two terms in the above equation are bounded, the third term

−λGH
j,ν Hj(xν ; a

H
tν )

2

Gj(xν ; aG
tν )

→ −∞, as ν → ∞,

since λGH
j,ν Hj(xν ; a

H
tν ) → −λ̄j > 0 and Gj(xν ; a

G
tν ) → 0+. It is easy to check that all other

terms in dT
ν ∇2L(xν , λν)dν are bounded, and hence, the second-order necessary optimality

condition of Reg(tν) (13) fails at xν for sufficiently large ν.

(iii) Since, from (ii), x̄ is an M-stationary point and the ULSC holds at x̄, it follows that x̄
is a strongly stationary point, and hence, a B-stationary point. 2
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4 Equilibrium Problems with Equilibrium Constraints

4.1 Formulation and stationarity conditions

An EPEC is a problem of finding an equilibrium point that solves several MPECs simulta-
neously. Since practical applications of EPEC models often arise from multi-leader-follower
game settings, we consider the EPEC consisting of MPECs with shared decision variables and
shared equilibrium constraints. In particular, we assume the EPEC consists of K MPECs,
and for each k = 1, . . . , K, the k-th MPEC has the following form with independent decision
variables xk ∈ Rnk and shared decision variables y ∈ Rn0 :

minimize fk(xk, y; x̄−k)

subject to gk(xk, y; x̄−k) ≤ 0, hk(xk, y; x̄−k) = 0,

0 ≤ G(xk, y; x̄−k) ⊥ H(xk, y; x̄−k) ≥ 0,

(25)

where x−k = (xj)K
j=1 \ xk, and fk : Rn → R, gk : Rn → Rpk , hk : Rn → Rqk , G : Rn → Rm

and H : Rn → Rm are twice continuously differentiable functions in both x = (xk)K
k=1 and

y, with n =
∑K

k=0 nk. The notation x̄−k means that x−k ∈ Rn−nk−n0 is not a variable but a
fixed vector. This implies that we can view the above MPEC, denoted by MPEC(x̄−k), as
being parameterized by x̄−k. Given x̄−k, we assume the solution set of the k-th MPEC is
nonempty and denote it by SOL(MPEC(x̄−k)). Notice that in the above formulation, each
MPEC shares the same equilibrium constraints, represented by the complementarity system

0 ≤ G(x, y) ⊥ H(x, y) ≥ 0.

The EPEC, associated with K MPECs defined as above, is to find a Nash equilibrium
(x∗, y∗) ∈ Rn such that

(xk∗, y∗) ∈ SOL(MPEC(x−k∗)) ∀ k = 1, . . . , K. (26)

In a recent paper, Mordukhovich [16] studies the necessary optimality conditions of
EPECs via multiobjective optimization. Following Hu [11], we define stationary conditions
for EPECs by applying those for MPECs.

Definition 4.1. We call a vector (x∗, y∗) a B-stationary (strongly stationary, M-stationary,
C-stationary, weakly stationary) point of the EPEC (26) if for each k = 1, . . . , K, (xk∗, y∗)
is a B-stationary (strongly stationary, M-stationary, C-stationary, weakly stationary) point
for the MPEC(x−k∗).

Theorem 4.2. Let (x∗, y∗) be a (possibly local) equilibrium point of the EPEC (26). If for
each k = 1, . . . , K, the MPEC-LICQ holds at (xk∗, y∗) for MPEC(x−k∗) (25), then (x∗, y∗)
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is an EPEC strongly stationary point. In particular, there exist vectors λ∗ = (λ1∗, . . . , λK∗)
with λk∗ = (λg, k∗, λh, k∗, λG,k∗, λH, k∗, λGH,k∗) such that (x∗, y∗, λ∗) solves the system

∇xkfk(xk, y; x−k) + ∇xkgk(xk, y; x−k)Tλg, k + ∇xkhk(xk, y; x−k)Tλh, k

−∇xkG(xk, y; x−k)TλG, k −∇xkH(xk, y; x−k)TλH, k

+∇xkG(xk, y; x−k)T[H(xk, y; x−k) ◦ λGH,k]

+∇xkH(xk, y; x−k)T[G(xk, y; x−k) ◦ λGH,k] = 0

∇yf
k(xk, y; x−k) + ∇yg

k(xk, y; x−k)Tλg, k + ∇yh
k(xk, y; x−k)Tλh, k

−∇yG(xk, y; x−k)TλG,k −∇yH(xk, y; x−k)TλH, k

+∇yG(xk, y; x−k)T[H(xk, y; x−k) ◦ λGH,k]

+∇yH(xk, y; x−k)T[G(xk, y; x−k) ◦ λGH,k] = 0

hk(xk, y; x−k) = 0

0 ≥ gk(xk, y; x−k) ⊥ λg, k ≥ 0,

0 ≤ G(xk, y; x−k) ⊥ λG, k ≥ 0,

0 ≤ H(xk, y; x−k) ⊥ λH, k ≥ 0,

0 ≤ −G(xk, y; x−k) ◦ H(xk, y; x−k) ⊥ λGH,k ≥ 0,





k = 1, . . . , K.

(27)

Conversely, if (x∗, y∗, λ∗) is a solution of the above system (27), then (x∗, y∗) is a B-stationary
point of the EPEC(26).

Proof. Since (x∗, y∗) is a (possibly local) equilibrium point of the EPEC (26), it follows that
for each k = 1, . . . , K, the point (xk∗, y∗) is a (local) minimizer of the MPEC(x−k∗) (25). By
applying Theorem 2.7 and Theorem 2.8 to the MPEC(x−k∗) (25) for k = 1, . . . , K, we can
show that there exists a vector λk∗ = (λg, k∗, λh, k∗, λG, k∗, λH,k∗, λGH,k∗) such that (xk∗, y∗, λk∗)
satisfies the conditions in the system (27) for each k = 1, . . . , K. Let λ∗ = (λ1∗, . . . , λK∗).
Then, the vector (x∗, y∗, λ∗) is a solution of the system (27). Conversely, by Theorem 2.8, it
is easy to check that for each k = 1, . . . , K, the vector (xk∗, y∗) is a strongly stationary point,
and hence, B-stationary point (by Theorem 2.6) for the MPEC(x−k∗) (25). As a result, the
vector (x∗, y∗) is a B-stationary point of the EPEC (26). 2
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4.2 Algorithms for Solving EPECs

To date, algorithms specifically designed for solving EPECs have not been developed in the
literature. The approaches used by researchers in engineering fields to solve EPECs fall
into the category of Diagonalization methods [2, 3, 9, 11, 17], which mainly rely on NLP
solvers, or more appropriately, MPEC algorithms to solve one MPEC at a time and cyclicly
repeat the same procedure for every MPEC until an equilibrium point is found. In the re-
mainder of this section, we first describe two types of diagonalization methods: nonlinear
Jacobi and nonlinear Gauss-Seidel, and briefly discuss the convergence of the diagonaliza-
tion methods. We then present a new method called sequential nonlinear complementarity
(SNCP) algorithm for solving EPECs. This new method is based on simultaneously relaxing
the complementarity constraints in each MPEC, and solves EPECs by solving a sequence
of nonlinear complementarity problems. We also establish the convergence of the SNCP
algorithm.

Diagonalization methods

Diagonalization methods [5, 18] were originally proposed to solve variational inequality prob-
lems. In [8], Harker applied a diagonalization (or nonlinear Jacobi) algorithm, to find a solu-
tion to a variational inequality formulation of the Nash equilibrium problem in an oligopolistic
market.

Because of their conceptual simplicity and ease of implementation, diagonalization meth-
ods using NLP solvers have been natural choices for engineers and applied economists to solve
EPEC models [2, 3] arising in deregulated electricity markets. In [9] and [17], MPEC algo-
rithms (penalty interior point algorithm in the former reference and smoothing algorithm in
the latter) are used in diagonalization methods to solve EPEC models. Below, we describe
two diagonalization methods: nonlinear Jacobi and nonlinear Gauss-Seidel. The framework
of the diagonalization methods presented here follows the one given in Hu [11].

The nonlinear Jacobi method for the EPEC (26) is described as follows:

Step 0. Initialization. We are given a starting point (x(0), y(0)) = (x1, (0), . . . , xK, (0), y(0)),
the maximum number of outer iterations J , and an accuracy tolerance ε > 0.

Step 1. Loop over every MPEC. Suppose the current iteration point of (x, y) is (x( j), y( j)).
For each k = 1, . . . , K, the MPEC(x̄−k,(j)) is solved (using NLP solvers or MPEC
algorithms) while fixing x̄−k,(j) = (x1, ( j), . . . , xk−1, ( j), xk+1, ( j), . . . , xK, ( j)). Denote
x-part of the optimal solution of MPEC(x̄−k) by xk, ( j+1).

Step 2. Check convergence. Let (x( j+1)) = (x1, ( j+1), . . . , xK, ( j+1)). If j < J , then increase
j by one and repeat (Step 1.). Otherwise, stop and check the accuracy tolerance:
if ‖xk, ( j+1) − xk, ( j)‖ < ε for k = 1, . . . , K, then accept and report the solution
(xJ , yJ) ; otherwise, output “No equilibrium point found”.
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Note that the nonlinear Jacobi method does not use the most recently available informa-
tion when computing xk, ( j+1). For example, x1, ( j) is used in the calculation of x2, ( j+1), even
though the vector, x1, ( j+1) is known. If we revise the nonlinear Jacobi method so that we
always use the new information, then we have another diagonalization method, the Gauss–
Seidel method. Hence, the framework of the nonlinear Gauss–Seidel method for the EPEC
(26) is the same as nonlinear Jacobi, except that in Step 1., we have

x̄−k,(j) = (x1, ( j+1), . . . , xk−1, ( j+1), xk+1, ( j), . . . , xK, ( j)).

The multi-firm algorithm proposed in [9] belongs to this category.

To solve each MPEC in Step 1 of diagonalization methods, one can solve the equivalent
NLP (8) suggested by Fletcher and Leyffer [6] using off-the-shelf NLP solvers. For each
k = 1, . . . , K, the equivalent NLP formulation of MPEC(x̄−k,(j)) is

minimize fk(xk, y; x̄−k,(j))

subject to gk(xk, y; x̄−k,(j)) ≤ 0,

hk(xk, y; x̄−k,(j)) = 0,

G(xk, y; x̄−k,(j)) ≥ 0,

H(xk, y; x̄−k,(j)) ≥ 0,

G(xk, y; x̄−k,(j)) ◦ H(xk, y; x̄−k,(j)) ≤ 0.

(28)

We denote the above equivalent NLP of the k-th MPEC by NLPk(x̄−k,(j)).

The following theorem states the convergence of diagonalization methods based on solv-
ing equivalent NLPs.

Theorem 4.3. Let {(x(j), y(j))} be a sequence of solutions generated by a diagonalization
(nonlinear Jacobi or nonlinear Gauss-Seidel) method, in which each MPEC is reformulated
and solved as an equivalent NLP (28). Suppose the sequence {(x(j), y(j))} converges to
(x∗, y∗) as j → ∞. If, for each k = 1, . . . , K, the MPEC-LICQ holds at (xk∗, y∗) for
MPEC(x−k∗), then (x∗, y∗) is B-stationary for the EPEC (26).

Proof. From Theorem 2.6 applied to the MPEC(x−k∗) for each k = 1, . . . , K, the point
(xk∗, y∗) is a B-stationary point, and hence, the point (x∗, y∗) is a B-stationary point for the
EPEC (26). 2

Sequential NCP method

We propose a new method for solving EPECs. Instead of solving an EPEC by cyclicly using
an MPEC-based approach, our approach simultaneously relaxes the complementarity system
in each MPEC(x̄−k) to

G(xk, y; x̄−k) ≥ 0, H(xk, y; x̄−k) ≥ 0,

G(xk, y; x̄−k) ◦ H(xk, y; x̄−k) ≤ te,
(29)
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and finds an equilibrium solution (x∗(t), y∗(t)) = (x1∗(t), . . . , xK∗(t), y∗(t)) of the following
regularized NLPs, denoted as Regk(x̄−k; t) for t > 0:

minimize fk(xk, y; x̄−k)

subject to gk(xk, y; x̄−k) ≤ 0, (λg, k)

hk(xk, y; x̄−k) = 0, (λh, k)

G(xk, y; x̄−k) ≥ 0, (λG, k)

H(xk, y; x̄−k) ≥ 0, (λH, k)

G(xk, y; x̄−k) ◦ H(xk, y; x̄−k) ≤ te, (λGH,k)





k = 1, . . . , K, (30)

where, given x−k∗(t) as the input parameter, (xk∗(t), y∗(t)) is a stationary point of the k-th
regularized NLP, Regk(x−k∗(t); t).

Let Lk(xk, y, λk; t) denote the Lagrangian function for the Regk(x̄−k; t). If (x∗(t), y∗(t)) is
an equilibrium solution of (30) and LICQ holds at (x∗(t), y∗(t)) for each Regk(x−k∗(t); t), k =
1, . . . , K, then (x∗(t), y∗(t)) is a solution of the following mixed nonlinear complementarity
problem, obtained by combining the first-order KKT system of each Regk(x−k∗(t); t) in (30):

∇xkLk(xk, y, λk; t) = 0

∇yLk(xk, y, λk; t) = 0

hk(xk, y; x−k) = 0,

0 ≥ gk(xk, y; x−k) ⊥ λg, k ≥ 0,

0 ≤ G(xk, y; x−k) ⊥ λG, k ≥ 0,

0 ≤ H(xk, y; x−k) ⊥ λH, k ≥ 0,

0 ≤ te − G(xk, y; x−k) ◦ H(xk, y; x−k) ⊥ λGH, k ≥ 0,





k = 1, . . . , K. (31)

For convenience, we denote the above system by NCP(t).

While Scholtes’s regularized scheme for MPECs can be described as solving an MPEC
by solving a sequence of nonlinear programs (NLPs), our method is to solve an EPEC by
solving a sequence of nonlinear complementarity problems (NCPs).

The following theorem states the convergence of the sequential NCP algorithm.

Theorem 4.4. Let {tν} be a sequence of positive scalars tending to zero, and let (xν , yν)
be a sequence of solutions to NCP(tν) (31) converging to (x∗, y∗) as tν → 0. Furthermore,
for each k = 1, . . . , K and for every ν, the point (xk

ν , yν) satisfies the second-order optimality
conditions of Regk(x−k

ν ; tν). If, for each k = 1, . . . , K, the MPEC-LICQ and the ULSC hold
at (xk∗, y∗) for MPEC(x−k∗), then (x∗, y∗) is B-stationary for the EPEC (26).
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Proof. For each k = 1, . . . , K, the point (xk
ν , yν) satisfies the second-order optimality con-

dition of Regk(x−k
ν ; tν):

minimize fk(xk, y; x−k
ν )

subject to gk(xk, y; x−k
ν ) ≤ 0,

hk(xk, y; x−k
ν ) = 0,

G(xk, y; x−k
ν ) ≥ 0,

H(xk, y; x−k
ν ) ≥ 0,

G(xk, y; x−k
ν ) ◦ H(xk, y; x−k

ν ) ≤ tν e,

and as tν → 0+, we have x−k
ν → x−k∗, and (xk

ν , yν) → (xk∗, y∗). Since the MPEC-LICQ
and the ULSC hold at (xk∗, y∗) for MPEC(x̄−k), by Theorem 3.3, the point (xk∗, y∗) is B-
stationary for each k = 1, . . . , K. It follows that (x∗, y∗) is a B-stationary point for the
EPEC (26). 2

5 Implementation and Numerical Comparison

We have implemented the diagonalization methods and the sequential NCP algorithm on
randomly generated EPEC test problems with known solutions. In this set of test problems,
each EPEC consists of two MPECs in the following form:

minimize(xk,y)
1
2

[
xk

y

]T

P k

[
xk

y

]
+ (ck)Txk + (dk)Ty

subject to Gkxk + Hky + ak ≤ 0,

xk ≥ 0,

0 ≤ y ⊥ Nkxk +
K∑

i=1,i 6=k

N i x̄i + My + q ≥ 0.





k = 1, 2, (32)

where P k ∈ R (nk+m)×(nk+m), ck ∈ Rnk , dk ∈ Rm, Gk ∈ R lk×nk , Hk ∈ R lk×m, ak ∈ R lk , Nk ∈
Rm×nk , M ∈ Rm×m, and q ∈ Rm.

For diagonalization methods, each MPEC is reformulated as an equivalent nonlinear
program (8) and solved with TOMLAB–SNOPT [10]. For the SNCP method, one can solve
the complementarity system NCP(t) (31) as a set of constraints in an optimization problem
with a constant objective function such as 0. However, such a naive implementation will
result in numerical instabilities when t is small, because the set of the Lagrange multipliers is
unbounded for each MPEC. To stabilize the SNCP method, we minimize the sum of the com-
ponents in λGH and use TOMLAB-SNOPT to solve the sequence of optimization problems
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with t = 1, 10−1, . . . , 10−15:
minimize eTλGH

subject to NCP(t) (31).
(33)

Table 5.1 summarizes the parameters used to generate the EPEC test problems. For the
definition of these input parameters for each MPEC, see [12].

TABLE 5.1. Input parameters
(n1, n2) (8, 10) (first

¯
deg1, first

¯
deg2) (1, 1)

m 15 second
¯
deg 3

(l1, l2) (8, 8) (mix
¯
deg1, mix

¯
deg2) (1, 1)

Table 5.3 gives the random seeds used to generate each test problem and the objective
function values of MPECs at generated solutions for each test problem. Numerical results for
the methods SNCP, nonlinear Gauss-Seidel (with ε = 1.0e−6), and nonlinear Jacobi (with
ε = 1.0e−6) on generated test problems are shown in Tables 5.4 – 5.6. To investigate the
impact of the accuracy tolerance ε on the performance of diagonalization methods, we ran
the nonlinear Gauss-Seidel and nonlinear Jacobi methods on the same test problems with
lower tolerance ε = 1.0e−4, and give the numerical results in Table 5.7 – 5.8. The notation
used in these tables is explained in Table 5.2.

TABLE 5.2. Notation used for numerical results
Prob Problem number.
random

¯
seed The random seed used to generate each EPEC problem.

Time Total time (in seconds) needed by the termination of algorithms.
Out Iter # of outer iterations required by diagonalization methods.
Maj Iter # of major iterations.
f1∗ The objective function value of MPEC1 at the found solution (x1∗, y∗).
f2∗ The objective function value of MPEC2 at the found solution (x2∗, y∗).
f1gen The objective function value of MPEC1 at the generated solution (x1

gen, ygen).
f2gen The objective function value of MPEC2 at the generated solution (x2

gen, ygen).
Norm The 2-norm of the difference vector between the found solution (x1∗, x2∗, y∗)

and the generated solution (x1
gen, x2

gen, ygen).
flag1 flag1 = 0 if the algorithm finds an equilibrium point;

flag1 = 1 if the algorithm is terminated by reaching the iteration limit;
flag1 = 2 if the SNCP is terminated by the infeasibility message.

flag2 flag2 = 0 if cycling behavior is not observed for diagonalization methods;
flag2 = 1 if cycling behavior is observed for diagonalization methods.
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TABLE 5.3. Information on test problems
Prob random

¯
seed f1gen f2gen

1 2.0e+5 −23.4844 22.8737
2 3.0e+5 −9.7748 −10.7219
3 4.0e+5 −16.7669 −4.6330
4 5.0e+5 −9.6054 −0.8600
5 6.0e+5 −46.9213 −11.1220
6 7.0e+5 −1.8838 −6.1389
7 8.0e+5 −14.9793 −12.1478
8 9.0e+5 −5.7299 −19.3843
9 1.0e+6 7.0672 −19.1931

10 1.1e+6 −3.2355 −17.3311

TABLE 5.4. Numerical results for SNCP method (Major Iteration limit = 120)
Prob Maj Iter Time f1∗ f2∗ Norm flag1

1 120 127.9 −23.4844 22.8739 2.70e−4 1
2 75 69.0 −9.7749 −10.7219 7.06e−5 0
3 45 48.4 −16.7669 −4.6330 6.48e−5 0
4 68 73.1 −9.6052 −0.8600 1.57e−3 0
5 80 72.9 −46.9213 −11.1220 4.70e−13 0
6 120 83.9 −1.8839 −6.1393 1.15e−3 1
7 75 71.8 −14.9790 −12.1477 4.03e−4 0
8 120 126.7 −5.7300 −19.3844 1.08e−4 1
9 54 52.6 7.0672 −19.1930 1.68e−4 0

10 72 68.0 −3.2363 −17.3301 2.04e−3 0

TABLE 5.5. Numerical results for nonlinear Gauss-Seidel method (J = 30, ε = 1.0e−6)
Prob Out Iter Maj Iter Time f1∗ f2∗ Norm flag1 flag2

1 30 619 96.3 −23.4844 22.8737 1.23e−4 1 0
2 26 821 114.8 −9.7805 −10.7263 6.25e−3 0 0
3 30 903 133.7 −16.7672 −4.6327 6.06e−4 1 0
4 19 1340 232.3 −9.6044 −0.8601 4.67e−3 0 0
5 7 118 17.8 −46.9213 −11.1221 1.02e−4 0 0
6 30 508 73.8 −1.7661 −6.1783 1.18e−1 1 0
7 11 1076 191.0 −14.9807 −12.1489 1.80e−3 0 0
8 30 320 61.8 −5.7228 −19.3929 1.00e−2 1 0
9 9 189 29.4 7.0672 −19.1930 7.24e−5 0 0

10 15 170 30.6 −3.2265 −17.3179 1.50e−2 0 0

20



TABLE 5.6. Numerical results for nonlinear Jacobi method (J = 30, ε = 1.0e−6)
Prob Out Iter Maj Iter Time f1∗ f2∗ Norm flag1 flag2

1 30 695 104.8 −23.4844 22.8738 1.25e−4 1 0
2 30 1036 138.2 −9.7756 −10.7262 4.34e−3 1 1
3 30 807 104.6 −16.7668 −4.6327 4.24e−4 1 1
4 30 703 94.6 −9.6031 −0.8601 6.21e−3 1 1
5 30 375 69.2 −46.9213 −11.1221 6.06e−5 1 1
6 30 819 103.6 −1.8837 −6.1672 3.91e−2 1 1
7 30 667 94.0 −14.9790 −12.1494 2.30e−3 1 1
8 30 847 108.2 −5.7314 −19.3929 6.85e−3 1 1
9 30 624 97.6 7.0672 −19.1930 5.56e−5 1 1

10 30 766 98.7 −3.2819 −17.3179 4.76e−2 1 1

TABLE 5.7. Numerical results for nonlinear Gauss-Seidel method (J = 30, ε = 1.0e−4)
Prob Out Iter Maj Iter Time f1∗ f2∗ Norm flag1 flag2

1 5 134 17.9 −23.4844 22.8738 1.25e−4 0 0
2 4 152 24.5 −9.7805 −10.7263 6.24e−3 0 0
3 5 149 19.1 −16.7672 −4.6327 6.68e−4 0 0
4 6 149 20.2 −9.6044 −0.8601 4.71e−3 0 0
5 5 100 14.4 −46.9213 −11.1220 1.02e−4 0 0
6 30 508 73.8 −1.7661 −6.1783 1.15e−1 1 0
7 6 130 18.0 −14.9807 −12.1489 1.80e−3 0 0
8 17 299 47.0 −5.7228 −19.3929 1.00e−2 0 0
9 7 187 27.3 7.0672 −19.1930 7.42e−5 0 0

10 7 149 20.8 −3.2265 −17.3179 1.49e−2 0 0

TABLE 5.8. Numerical results for nonlinear Jacobi method (J = 30, ε = 1.0e−4)
Prob Out Iter Maj Iter Time f1∗ f2∗ Norm flag1 flag2

1 10 257 36.8 −23.4844 22.8738 1.26e−4 0 0
2 30 1036 138.2 −9.7756 −10.7262 4.34e−3 1 1
3 30 807 104.6 −16.7668 −4.6327 4.24e−4 1 1
4 30 703 94.6 −9.6054 −0.8600 6.21e−3 1 1
5 8 155 23.6 −46.9213 −11.1220 6.14e−5 0 0
6 30 819 103.6 −1.8837 −6.1672 3.91e−2 1 1
7 30 667 94.0 −14.9790 −12.1494 2.30e−3 1 1
8 30 847 108.2 −5.7314 −19.3929 6.85e−3 1 1
9 30 624 97.6 7.0672 −19.1930 5.56e−5 1 1

10 30 766 98.7 −3.2819 −17.3179 4.76e−2 1 1

From the numerical results, we have the following observations.

• The SNCP algorithm solves 7 test problems and is terminated for reaching the major
iteration limit for 3 test problems. However, the vectors returned by SNCP method
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for those three test problems are close to the generated solutions with “Norm” of order
1.0e−4. It takes around one second to perform one major iteration. The number of
major iterations for each of the 7 solved problem is consistently between 40 and 80.

• With ε = 1.0e−6, the nonlinear Gauss-Seidel method solves 7 test problems and is
terminated for reaching the outer iteration limit for 4 test problems. However, with
ε = 1.0e−4, the nonlinear Gauss-Seidel succeed in solving 9 test problems within at
most 7 outer iterations. In fact, we observe that the nonlinear Gauss-Seidel method
only needs a few (4 or 5) outer iterations to reach an accuracy of 1.0e−3 or 1.0e−4,
and then makes slow progress to achieve higher accuracy of 1.0e−5 or 1.0e−6. Note
that the cycling behavior is not observed for the nonlinear Gauss-Seidel method on
any test problem.

• The results in Table 5.6 show that for each test problem, the nonlinear Jacobi method is
terminated for reaching the outer iteration limit, although the solution vector returned
by nonlinear Jacobi method is close to the generated solution. Surprisingly, the cycling
behavior is observed for 9 out of the 10 problems. This confirms that when cycling
occurs, the diagonalization method would fail. Even with lower accuracy (ε = 1.0e−4),
nonlinear Jacobi method solves only two test problems. This observation suggests that
the nonlinear Jacobi method has difficulty achieving high accuracy and is less reliable.

• The comparison of “Norm” for the SNCP algorithm and the nonlinear Gauss-Seidel
method seems to suggest that the SNCP algorithm is able to reach the generated
solution (x1

gen, x2
gen, ygen) more accurately than the nonlinear Gauss-Seidel method.

The fact that all these methods return a solution close to the generated solution
(x1

gen, x2
gen, ygen) seems to indicate that the generated solution is isolated or locally

unique. Further investigation of the properties of the generated solutions is needed.

• With the accuracy tolerance ε = 1.0e−6, it is difficult to say which method, SNCP
or nonlinear Gauss-Seidel, is more efficient. However, it is clear that both methods
outperform the nonlinear Jacobi method. If a user is willing to accept lower accuracy,
e.g., ε = 1.0e−2 or ε = 1.0e−4, the nonlinear Gauss-Seidel method can be very efficient.

6 Conclusions

We have proposed a new relaxation method for MPECs, which can be considered a gen-
eralization of Scholtes’s regularization scheme. We have extended the convergence results
for Scholtes’s to our method. We also proposed a new sequential NCP approach for solving
EPECs and established the convergence of this method. We presented numerical results for
diagonalization methods and sequential nonlinear complementarity algorithms on randomly
generated EPEC test problems. The results suggested that the cycling behavior is observed
frequently for the nonlinear Jacobi method, which has the worst performance. The SNCP
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algorithm consistently performs well in reaching solutions accurately, whereas the nonlinear
Gauss-Seidel method can be very efficient if low accuracy is adequate.
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