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Abstract

In this paper, LCP is converted to an equivalent nonsmooth nonlinear equation system
H(z,y) = 0 by using the famous NCP function-Fischer-Burmeister function. Note that
some equations in H(x,y) = 0 are nonsmooth and nonlinear hence difficult to solve while
the others are linear hence easy to solve. Then we further convert the nonlinear equation
system H(z,y) = 0 to an optimization problem with linear equality constraints. After that
we study the conditions under which the K—T points of the optimization problem are the
solutions of the original LCP and propose a method to solve the optimization problem.
In this algorithm, the search direction is obtained by solving a strict convex programming
at each iterative point. However, our algorithm is essentially different from traditional
SQP method. The global convergence of the method is proved under mild conditions. In
addition, we can prove that the algorithm is convergent superlinearly under the conditions:
M is Py matrix and the limit point is a strict complementarity solution of LCP. Preliminary
numerical experiments are reported with this method.

Mathematics subject classification: 90C30, 65K05.
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1. Introduction

Consider the following linear complementarity problem (LCP)

y=Mz+q, (1)
z>0,y>0, z7y=0,

where M € R™ ", z,y € R™ and x > 0 (y > 0) means that z; > 0 (y; > 0). In this paper,
we assume that the solution set of (1) is nonempty. Let X denote the solution set of (1). For
convenience, we sometimes use w = (x,y) for (x7,y7)7.

LCP has many applications in economic and engineering, see [11, 16, 23] for survey. A lot of
experts studied the problem. At present, numerous algorithms were proposed for the problem,
for example, interior method (see [33] and references therein), nonsmooth Newton method (see
[13, 15, 19, 21, 27]) and smoothing method (see [3, 4, 6, 28] and [8] for survey).

Since the work by Mangasarian [25] it has been well known that by means of a suitable
function ¢ : R? — R, the system

a>0,b>0,ab=0 (2)
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can be transformed into an equivalent nonlinear equation

¢(a,b) = 0. (3)

In this case, function ¢ is named as NCP-function. Then (1) can be reformulated as the
following equivalent nonlinear equation system

¢(z1, (Ma))
O(r) = : , (4)
¢(@n, (Mz)n)

or

o(z1,91)

H(z,y) = ny) . (5)
y=Mz—q

Many methods have been proposed to solve (4) or (5) or to minimize their natural residual

Wi (a) = S| 8@ or Wala,y) = 5 IH .y,

see [13, 18, 17, 20, 15, 14]. In this paper, we are concerned about formulation (5). Generally
speaking, (5) is nonsmooth and nonlinear, hence it is not easy to solve. However, in (5),
the first n components are nonsmooth and nonlinear and difficult to solve while the last n
components are linear and easy to handle. Therefore, it is reasonable to handle the first part
which consists of the n nonsmooth components and the second part which consists of the n
linear equations separately. Based on this idea, we transform further (5) into the following
equivalent minimization problem

min(m,y)eR% V(w) = ( Y) = 2 E?:1 b(zi, yi)Q (6)
s.t. y— Mz —q=0.

Then we propose an SQP(Sequential Quadratic Programming) type method to solve (6). How-
ever, the method is different from the traditional SQP methods. The search direction is obtained
by solving the following convex programming at each iterative point

mindweRz" g(dw) = %Hde + d)(x,y)”% + %MHde%v (7)
s.t. (=M, I,))dw = —y + Mz + g,

where dw = (dz,dy) and VT € d¢(x,y), which is a generalized Jacobian of ¢(w) = ¢(x,y) =
P(z1,y1)
: at w and p = ||H(w)||° (6 = (0,2]) and I,, € R™*™ is the identical matrix. The
(T, Yn)
motivation of using (7) to generate search direction is from the recent results in [12, 30]. Note
that (7) is a strict convex quadratical programming, it has the unique solution. Throughout
the paper, we shall only use the famous Fischer-Burmeister function defined by

¢(a,b) = Va?+b?—a—>b, (a,b € R). (8)

It has many promised properties and attracted the attention of many researchers [17, 13, 15, 2],
see [18] for a survey of its applications.
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The paper is organized as follows. In Section 2, we state the algorithm model and its global
convergence. in Section 3 we analyze the local convergence properties of the algorithm. In
Section 4, Numerical results on some problems are reported. In Section 5, some discussions and

conclusions are given.

2. Algorithm Model and Global Convergence

As mentioned in Section 1, we exploit the famous Fischer-Burmeister function defined as

¢(a,b) = Vaz+b2 —a—b.
Then (1) can be converted to the following equivalent nonlinear equation system
¢(z1,91)
H(w) = H(z,y) = qb(xn, o) =0.
y—Mz—q
For ¢(a,b) and H(w), we have the following lemmas.
Lemma 2.1 1819 Function ¢ has the following properties:

(1) ¢(a,b) =0 <= a >0, b>0, ab=0;

(9)

(10)

(2) ¢ is Lipschitz continuous with modulus L = 1+ /2, i.e., |p(w) — ¢(w')| < L|lw — | for

allw, W' € R?;
(3) & is directionally differentiable;
(4) ¢ is strongly semismooth on R?;
(5) ¢ is continuously differentiable on R?\(0,0);
(6) The generalized gradient O¢(a,b) of ¢ at (a,b) € R? equals to

d¢(a,b) = { {(a/va? +b%>—1,b/Va?+b%>—-1)} if (a,b)
7 {(¢-1¢-1} if (a,b)

where (&,C) is any vector satisfying /€% + (2 < 1.

Lemma 2.2. H(w) has the following properties:
(1) H(z*,y*) =0 < (a*,y*) solves (1),
(2) H(w) is Lipschitz continuous on R®", i.e., there exists Ly > 0 such that
|H(w) — H(w")| < Li||w — w'||, Yw,w" € R*™;
(3) H(w) is strongly semismooth on R*";
(4) If X # 0, then there exists ¢y > 0 such that
dist(w, X) < ¢1||H(w)||, Yw € B(X, 1),

where dist(w, X) = min{|lw — w'|,w’ € X}, and B(X,1) = {w|dist(w, X) < 1}.
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Proof. (1)—-(3) follow from Lemma 2.1 and (4) follows from Theorem 2.4 in [18].
If we defined ¢ : R?> — R and ¥(z,y) : R*® — R as follows

Y(a,8) = 360,02 ab € R

1o .
\I/(xay)zaz¢(xz7yz)25 .ﬁ,yER )
=1

then we have the following lemma

Lemma 2.3 [19, 20/Functions vy and ¥ are continuously differentiable on R?, R?*" respectively.
Moreover, the following properties are valid for all a,b € R :

(i) Viy(a,b) = Va(a,b) = 0 <= 1(a,b) = 0;

(i) Vi(a,b) = Vatp(a,b) =0 <= V19¢(a,b)Vat)(a,b) = 0;

(i11) V1(a,b)Vaip(a,b) > 0.

As pointed out in Section 1, we are interested in solving problem

min(x,y)eRzn \I/(:C,y) (11)
s.t. y—Mzx—q=0.

Obviously (z*,y*) solves (1) if and only if (z*,y*) solves (11). However, the algorithm we
proposed in this paper converges to a K-T point of (11). The first question needed to be
answered is what conditions guarantee that a K-T point of (11) is a global solution of (11).
First, we have the following lemma.

Lemma 2.419, Let M be Py matrixz. Furthermore, let vectors v, u € R™ such that u;v; > 0
foralli=1,...,n and u;v; =0 implies u; =v; =0 for alli=1,...,n. Then

u~+ Mv =0 if and only if u=v = 0.

Lemma 2.5. If M is Py matriz, then
w* = (x*,y") solves (1) <= w* is a K-T point of (11).
Proof. If w* is a solution of (1), then w* is a global minimal of (11). Hence w* is a K-T

point of (11).
Conversely, if w* = (z*,y*) is a K-T point of (11), then there exists A € R™ such that

AT
VU (z*,y") + ( j.\/[ ) A=0, (12)
y* — Mz* —q=0, (13)

here VU (z,y) denotes the gradient of ¥ at (z,y).

Note that
v1¢(x1fa y{)

= | Vo) | vivey)
veetan = | S | = (9 )

VQ(ZS(QJ;, y:z)
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therefore (12) implies that
A==V U(z* y"). (14)

It follows from (12) and (14) that
Vi (z*, y*) + MTVo0 (2%, y*) = 0.
By Lemma 2.3 (ii)(iii) and Lemma 2.4, we have
ViU (z*,y*) = VU (z*,y*) = 0. (15)

Then follows from Lemma 2.3 (i), (15) and the structure of V1¥(x,y) and Vo¥(z,y) that
U(z*,y*) =0. By (13) and Lemma 2.1 (i), we know that (z*,y*) solves (1).

Now we propose an SQP(Sequential Quadratic Programming) method to solve (11). Note
that the constraints in this problem are linear and it is easy to obtain a feasible solution. Hence
the initial point is a feasible point. Moreover, each iterative point w* = (z*, y*) is kept feasible.
In addition, the search direction at iterative point w* is obtained by solving that following
convex quadratic programming:

mindwERz" ek(dw) = %”dew + ¢($k7yk)”2 + %Mk”dWHQ (16)
s.t. dy — Mdx =0,
P(x1, 1)
where dw = (dz,dy), ¢p(w) = ¢(z,y) = , v e 0¢(z*,y*) is a generalized
(b(xnayn)

Jacobian of ¢(w) at w* = (2%,y*) and px = |Hw")||® = [|¢(w*)||? (6 € (0,2]). Clearly,
problem (16) is a strict convex quadratic programming. Therefore, it has the unique solution.
Furthermore, dw* = (dz*, dy*) is the solution of (16) if and only if there exists Ay € R™ such
that

—-MT

(VI VE 4 g Ton ) du® + ( !

) Ao = —VF p(wh) = —VT(wh), (17)
dy* — Mdz" =0, (18)

where I, € R?"*?" [, € R™™ are identical matrices.

Now we state our algorithm formally.
Algorithm 2.1.

step 0. Choose parameters v € (0,1), a € (0,1), 8 € (0,1), § € (0,2] and initial point
(29, 9°) satisfying y° = M2 + q. Set o = ||H(2°,4°)||° and k:=0;

step 1. Solve (16) to obtain dw* = (dz*,dy*). If dw® = 0, stop;

step 2. If

[p(w” + dw®)|| < Al d(w®)]| (19)

holds, then w**! = wk + dw”, go to step 4. Otherwise, go to step 3;
step 3. Let my be the smallest nonnegative integer satisfying the following formula

T(wh + pmrdwt) — U (wh) < af™ VU (w*)T dw”.

Set whtl = wh + gmrdw”;

step 4. Set ux = ||[H(w*)||°, k := k + 1, go to step 1.
Remark. (i) It follows from the definition of the algorithm that y* = Ma* + ¢ for all k =
1,2,....
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(ii) If Algorithm 2.1 stops at iterative point w®, then w* is a K-T point of (11) by (17) and
Remark (i). Hence w® = (z¥,4*) is a solution of (1) if M is Py matrix.
(iii) Since

T T
V\I/(wk)wak = - <(VkTVk +,LLkIQn)dwk + < é\f ) )\k) dw®
n
= —dw* (VFTVF 4 pyIan)dwk
< —pgl|dw®]? <0,

Algorithm 2.1 is well defined in step 3.

(iv) By [18], the sequence w* = (x* y*) generated by Algorithm 2.1 is bounded if X # ()
and M € Ry.

In the remainder of this section, we prove that the algorithm is convergent globally. To this
end, we assume that the sequence {w*} generated by Algorithm 2.1 is infinite and bounded.

Theorem 2.1. Suppose that the sequence {w"} is generated by Algorithm 2.1, then any cluster
point of {w*} is a K-T point of (11).

Proof. By Remark (iii) and step 2, step 3, we know that {¥(w*)} is a monotonically
decreasing sequence. Note that p, = ||[H (2%, y%)||® = |lo(z*, y®)||° = (¥(z*,y*))%, then {ux}
is monotonically decreasing and bounded from below. Hence it is convergent. If py — 0, then
H(w*) — 0. Therefore any limit point w* of {w"*} is a solution of (1). So it is a K-T point of
(11). If limg— oo px = @ > 0, then we have

T T
V\I/(wk)wak = - <(VkTVk +,LLkIQn)dwk + < ?4 ) )\k) dw®

—dwkT((VkTVk + i Ian)dwk
—plldw*|* < 0.

IN

It is similar to the standard arguments that we can prove that dw® — 0. So let w* be a cluster
point of {w*} and {w*}rex converge to w*. It follows from Lemma 2.1 (6) that {VF*}rex is
bounded. Without loss of generality, let limy_.o0 keic V* = V*. The problem

minguepee  O(dw) = 3|V dw + ¢a®,y) |2 + Lalldw]?
s.t. dy — Mdx = 0,

has the unique solution dw* = 0. Hence there exists A* € R™ such that

( _%T ) A+ VT g(w) = 0. (20)

From [10], we know that V** € d¢(w*). So
VI (w*) = VI (w). (21)
It follows from y* — Ma* — ¢ = 0, Vk that
y*—Mz* —q=0. (22)
(20)-(22) imply that w* = (*,y*) is a K-T point of problem (11).
3. Local Convergence

In order to analyze the local convergence properties, we need the following assumption:
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Assumption 3.1. {wk} — w*, where w* is a solution of (1) and satisfies strict complement
condition, i.e., zf +y7 >0, foralli=1,...,n.
By Assumption 3.1, we know that there exists positive integer Ky > such that

o4 yF >0, Vi=1,...,n,

and
(z*,y") € B(X,1)

for all £ > Kj. Hence follows from Lemma 2.1 (5), Lemma 2.2 (4), Assumption 3.1 and the
definition of ¢(z,y) that we have for all k > Ky

Op(a",y*) = {Vo(a*,y")}, (23)
and
dist(w", X) < er|[ H(w*)|| = e[ p(w®)]- (24)
Therefore
VI = Vo(ak, yb). (25)

In what follows, we assume that k > K.
Let wF denote a vector such that

|wk — @*|| = dist(w®, X), @* € X. (26)

Note that such @w* always exists even though the set X is nonconvex. It follows from Lemma
2.1 (4) and the structure of ¢(w) that ¢(w) is strongly semismooth, i.e., there exists Ly > 0
such that

lp(w") = ¢(w) = V(w' —w)|| < Laflw’ —wl?, VT € dp(w). (27)

First we give several lemmas.

Lemma 3.1. Suppose that Assumption 3.1 holds and {w*} is generated by Algorithm 2.1. If
wk € N (w*, 1) = {wl||w — w*|| < 1}, then

| dw®|| < cadist(w®, X),
IVEdw® + p(wh)|| < esl(dist(w®, X))*3
where cg = \/SLE+1, and c3 = /LS + L2,
Proof. Note that w* — w* is a feasible solution of (11), then
Or (dw®) < Op (@™ — w*). (28)
Since w” € N(w*, 1), then
[0* —w*]| < fJo* — wh]| + [lw* —w*|| < 2fjw* —w*| < 1. (29)

So w* € B(X,1). By Lemma 2.2 (2) (4) and (26), we know
1.
e = |[H(w")[|° > ot =", (30)

1
e = [H@®)[* = | H(w") = H@")|* < LY |w* — @], (31)
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From the definition of ; and (27), (28)—(31), we have

[l dw|*
< %Hk(dwk)
< %Hk(ﬂ)k—wk)
= LOr@k — o)+ ¢wh)]? + pella* - wb]2)
= L(jlp(h) - VEh —o*) — (") |2 + plla — w]|?)
< L(L3a* - wb|* + it — w]|?)
< (AL} + 1)k - k|

Let co = \/cd L2 + 1, then the first equation is obtained.
Now we prove the second equation. It is similar to the first equation we can prove that

[VEdw" + ¢w)]* O (dw")
ek(’lfjk — wk)
L3 |0 — wh[* + | 0" — w2

(L3 + L) a* — wh |+

VARVANI VAN VAN

Let c3 = /L3 + L%, we obtain the second equation.

Lemma 3.2. Suppose that Assumption 3.1 holds. Ifw*, wk+dw* € N(w*,1) = {w||w—w*|| <
1}, then

dist((w" + dw®), X) < ca(dist(w®, X)) 5.

Especially, there exists a constant bs > 0 such that
1
dist(w®, X) < bg = dist((w* + dw®), X) < §dist(wk,X).

Proof. Since ¢(w) is twice continuously differentiable at w* for k > K by Assumption 3.1
and Lemma 2.1, there exist K1 > Ky and L3 > 0 such that

lp(w* + dw®) = p(w*) — Vo(w") T dw"|| < Ls[ldw®|*, Vk > K. (32)
From Lemma 3.1 and (25), we know that for all &k > K,
|[dw”|| < cadist(w®, X), (33)
lo(w®) + Vo(w®)Tdw|| = [VFdu® + g(w*)| < eadist(w®, X)'*3. (34)
Then by Lemma 2.2 (4), (32)—(34), we have

Ldist((w* + dwt), X) || H (wk + duw®)|

[¢(w* + dw®)|
lp(w*) + V(w*)dw|| + Ls]|dw"||?

s
cdist(wh, X)18 4 L3C;+ 2 dist(wk, X)1+3
)
(c3 + Lg,c;r2 Ydist(w®, X)H'%.

IANIANCIA I IA

s
Let ¢4 = c1(e3 + L36;+2 ), we know that the conclusion holds.

Lemma 3.3. Suppose that Assumption 3.1 holds. Then there exists a positive integer K > K
such that (19) holds for all k > K, i.e., the iteration formula is as follows

Wt = wF + dw”.
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Proof. Let r = min{m, ﬁ} Since w* satisfies ¢p(w*) = 0 and ¢(w) is continuous,

there exists a positive integer K > K by Assumption 3.1 such that

- ~y
lop(w™)||z < — (35)
C4L1(31 2
and )
||wK —w*|| < (36)

Now we prove that the following statements hold for all & > K:

() (19) holds;
(ii) wk, w* + dw* € N(w*,1);
(iii) wht! = wk + dwk.

We prove these conclusions by induction.

When k = K, since

|w* + dw* — w*||

(ii) holds.
Let @F € X such that

[[w* —w*|| + || dw"||
7+ cadist(wk, X)
7+ caof|wF — w||
(1+co)r

0.5,

VAVANLVANIVARRVAN

(W + dw®) — @*|| = dist(w® + dw”, X).

It is similar to (29) that we can prove that w* € N(w*,1). Then by Lemma 3.2, Lemma 2.2

and (35), we have

lp(w* + dw®)|

IAN AN IA I

IN I

[ H (w* + dw")|
|H (w* + dw*) — H (@)
Lydist(w® + dw*, X)
Llc4dist(wk,X)1+%

1+3 ky|| 1+
Lieac} ™| H ()]
Licse, 2 |[g(w") ] 1+

Yb(w)].

So (i) holds. Therefore (iii) holds by the definition of the algorithm.
Now we assume that (i) (ii) (iii) hold for k = K, K + 1, ...,l. We need prove that (i) (ii)

(iil) hold for k =1+ 1.
Obviously, w**! € N(w*, 1), Yk

3.2, we know that for all k = K, K +1, ...

K, K+1, ...,l. From assumption, (ii) (iii) and Lemma
1 l

S\k—K _ _ _ =
dist(w", X) < cadist(wh=1, X)He < .. < ciHQ) 1||wK — K|+
e T [ A S

Hence, by Lemma 3.1, we have that for all k = K, K +1, ...,l

[ dw”| < codist(w®,

0 erir
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Then we have

% 141
[w! + dw'™t — w| Jw" —w*|| + Zszgéﬂfwsﬂ
Pt eor Yo (L)
T+ cor 21211(%)(1+%)k4(_1
(14 co)r
1
5.

INIAININIA

Then (ii) holds.
Since {||¢(w*)||} is monotonically decreasing,

g i
lo ] < ... < o) < —L—.
C4L161 2

It is similar to (37) that we can prove that
l¢(w™! + dw™ || < yllp(w .

Hence (i) holds. So (iii) holds by the definition of the algorithm.
Combining Lemma 3.2 and Lemma 3.3, we have the following theorem.

Theorem 3.1. Suppose that Assumption 3.1 holds and {w*} is generated by Algorithm 2.1.
Then {dist(w*, X)} converges to 0 superlinearly. If 6 = 2, then {dist(w*, X)} converges to 0
quadratically.

Proof. By Lemma 3.3, for all k > K, iteration formula is as follows
wht = w4 dw”,

and
wh, w4 dw® € N(w*,1).

The conclusion follows from Lemma 3.2.

4. Implementation and Numerical Experiments

In this section, we test our algorithm’s efficiency on some typical test problems. The program
was written in MATLAB and runs in MATLAB 6.0 environment. However, we do not solve
directly problem (16) to obtain the search direction. We consider the following equivalent
unconstrained convex optimization

. T I, I,
d;rggnOﬁde ((In,M)(Vk VE 4+ play) ( M )) dz + ¢p(zF)V* ( M ) dx. (38)
Note that (38) equals to the following equation
I,
((In, MYV VE 4 g Io,) ( Y, )) dz + (I, M)V*¢(z*) = 0, (39)

we solve equation (39) to obtain dz, then let dy = Mdz. In this way, we obtain the search
direction. At each iterative point, we obtain the search direction by solving a system of linear
equations. Since the system of linear equations is symmetric positive definite, the computation
is less. The parameters are chosen as follows v = 0.9, a = 0.1, 8 = 0.5, § = 1. The stop
criterion is ||dw| < 1071°. The numerical results are summarized in Table 1 and the test
problems are introduced as follows.
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LCP1: M = ( 1 1 >, q = (—1,—1). This problem is given in Cottle et [11], the initial
point is (0,---,0).
0o -1 2
LCP2: M = 2 0 -2 |,q=(-3,6,—1). This problem is given in Cottle et [11],
-1 1 0
the initial point is (0, ---,0).
0 0 10 20
0 0 30 15 . . .
LCP3: M = 0 2 o0 o |27 (—=1,-1,—1,—1).This problem is given in Cottle
30 15 0 O
et [11], the initial point is (0,---,0).
1 2 2 2
0 1 2 2
LCP4: M= | 0 0 1 2 , ¢ = —e, n = 16.This linear complementarity problem
000 -+ 1

is one for which Murty has shown that Lemke’s complementary pivot algorithm is known to
run in a number of pivots exponential in the number of variables in the problem (see [26]). The

initial point is (0,---,0).
122 ... 2 2
01 2 -~ 2 2
00 1 -- 2 2
LCP5: M = R . . |,¢=-(1,---,1,0). This problem is given in Chen
oo0oo0 --- 1 2
o0 0 --- 00
and Ye [7], the initial point is (0, ---,0).
4 -1 0
LCP6: M=| -1 4 -1 |,q=(1,0,—1). This problem is from Yamashita, Dan and
0 -1 4
Fukushima [31]. The initial point is (0, ---,0).
0 O 0
LCPT: M= 0 4 -1 ],q=(0,—1,0). This problem is from Yamashita, Dan and
0 -1 4
Fukushima [31]. The initial point is (0, ---,0).
4 2 2 1
2 4 0 1 . . .
LCP8: M = 5 o0 9 9 |47 (—8,—6,—4,3). This problem is from Yamashita
-1 -1 -2 0

and Fukushima [32]. The initial point is (0, ---,0).
4 -1 0 0
-1 4 -1 0
o -1 4 -1
0 0 -1 4
Fukushima [32]. The initial point is (1,---,1).

LCP9: M = , ¢ = (0,0,0,0).This problem is from Yamashita and

0 1 0
LCP10: M= 0 0 1 |,q=(0,0,1). This problem is from Chen and Ye [7]. The
0 -1 1

initial point is (1,---,1).
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Table 1: Dim. is the dimension n of the problem, No. of the iter. is the number of the iterations and
Residual is ||¢(z, ).

Problem | Dim. | No. of Iter. | Residual
LCP1 2 8 1.2e-13
LCP2 3 7 5.8e-15
LCP3 4 9 7.9e-15
LCP4 16 35 1.1e-12
LCP5 100 26 2.7e-13
LCP5 | 300 42 1.3¢-14
LCP6 3 8 1.6e-14
LCP7 3 8 2.7e-19
LCP8 4 20 1.3¢-14
LCP9 4 30 5.2¢-12
LCP10 3 10 4.0e-12
LCP11 3 10 4.3e-17
LCP12 | 300 19 3.8¢-13
LCP12 | 500 22 1.1e-11
LCP13 | 300 21 2.1e-17
LCP13 | 500 24 1.3e-11
01 0
LCPIl: M=1| 0 0 —2 |, q=(0,0,1). This problem is from Zhao and Li [34]. The
0 2 1
initial point is (1,---,1).
4 -2 0 0 O
1 4 =2 0 0
0 1 4 .- 0 0
LCP12: M = . . . . . , ¢ = —e. This problem is from Ahn [1]. The
0 O 0 4 -2
0 O 0 1 4
initial point is (0,---,0).
4 -1 0 0 0
-1 4 -1 0 0
o -1 4 -~ 0 0
LCP13: M = . . . ) . . , ¢ = —e. This problem is from Geiger
0 0 o --- 4 -1
0 0 o --- -1 4

and Kanzow [20]. The initial point is (0, ---,0).

From Table 1, we note that the algorithm can solve these problems. For some problems,
for example LCP 5, LCP 12 and LCP 13, the method solves them fast. However, for some
problems, the algorithm is worse. For example, for LCP 4, the method in [22] is very efficient
while our method solves the problem with the number of the iterations as twice as the dimension.
During the experiment, we observe that the algorithm converges fast even though the solution
is degenerate. However, there is no common knowledge on the choice for §. For some problems,
the lager ¢ is, the better the algorithm performs, whereas for other problems, the smaller § is ,
the better the algorithm performs.
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5. Conclusion

In this paper, we propose a new method for LCP. The conditions guaranteeing the global
convergence of the algorithm are mild. Furthermore, we prove that the algorithm is superlin-
early convergent under the condition that M is Py and one of the cluster points of sequence
generated by the algorithm is strict complementarity. We know that Yamashita and Fukushima
in [29] obtained the same results. Our algorithm is different from the algorithm in [29]. Here we
use Fischer—Burmeister function, which performs efficiently in practice. The essential difference
between our algorithm and algorithm in [29] is that they applied LMM to (4) directly while we
convert (5) into equivalent constrained optimization (11). Furthermore, we report numerical
results. Numerical experiments show that the performance of the algorithm is notable.
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