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Abstract. In this paper we consider a class of stochastic linear complementarity problems
(SLCPs) with finitely many realizations. We present a feasible semismooth Newton method
for this class of SLCPs by reformulating it as a constrained system of semismooth equations.
This method only solves one linear system of equations at each iteration and has nice global
and local convergence properties. Preliminary numerical results show that this method may

yield a solution with high safety for SLCPs.
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1 Introduction

Let (2, F,P) be a probability space with 2 C R"™. We suppose that the probability distribution
P is known. The stochastic linear complementarity problem (SLCP) [2, 3, 10, 6, 7] is to find an
x € 1™ such that

>0, F(z,w) := Mw)z + qw) >0, 2T F(z,w) =0, (1.1)

where M(w) € R"*™ and ¢(w) € R" for w € Q, are random matrices and vectors.
If © only contains a single realization, then (1.1) reduces to the following standard linear

complementarity problem (LCP): Find a vector z € R" such that

>0, Mz +q>0, 27 (Mz+q) =0, (1.2)
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where M € R"*" and ¢ € R™. We denote this problem as LCP(M, q). Over the last few decades,
there have been numerous publications on LCP(M, q). An excellent survey of the research in
this area prior to 1990 can be found in [5]. More recent work can be found in the recent book
[9] by Facchinei and Pang.

Problem (1.1) has been studied in [2, 3, 8, 10, 6, 7]. In particular, Chen and Fukushima [2]
have recently proposed an expected residual minimization (ERM) formulation which is to find

a vector x € N} that minimizes an expected residual function:

min E {||®(z,w)|*}, (1.3)

zERY

where F stands for the expectation and the function @ is defined as follows:

¢(P%(x7“07xn)
Here, ¢ : ®2 — R is an NCP function which has the property
¢(a,b) =0<=a>0,b>0,ab=0.

Lin and Fukushima [6] formulated (1.1) as a stochastic MPEC with recourse.
In this paper we consider the following class of stochastic linear complementarity problems

in which € only has finitely many elements. Let Q = {w1, w2, ...,wn }. Find an « € ™ such that
x>0, F(z,w) == M(w)z + qlw;) >0, 2T F(z,w) =0, i=1,2,....,m, m> 1. (1.5)
In this paper we suppose
pi=Plw,€Q}>0,i=1,2,...,m.
Let F(z) be the expectation function of the random function F(z,w). Then,
F(z) = E[F(z,w)] = Mz + q,

where

M = sz-M(wi) and ¢ = Zp,;q(w,;).
i=1 i=1

We call (1.5) a monotone SLCP if M is a positive semidefinite matrix. Clearly, the problem
(1.5) is equivalent to (1.6) and (1.7).

>0, Me+3>0, 27 (Mz+q) =0. (1.6)

M(w))x+q(w;) >0, i=1,2,....;m. (1.7)



(1.6) is a standard linear complementarity problem (LCP) and we denote it as LCP(M, q).

In this paper we present a feasible semismooth Newton method for (1.5). This method
may be viewed as the feasible semismooth asymptotically Newton method [19] applied to a
reformulation of (1.5) as a constrained system of semismooth equations. This reformulation is
introduced in Section 2, where we also state some preliminary and mostly known results about
this reformulation. The algorithm is stated in detail in Section 3, whereas numerical results are
given in Section 4. We then conclude this paper with some final remarks in Section 5.

Some words about our notation. Throughout this paper, || - | denotes the Euclidean norm.
For a continuously differentiable function @ : " — R", we denote the Jacobian of ® at z € R
by ®'(z). Let F : R — R™ be a locally Lipschitzian vector function. By Rademacher’s theorem,
F is differentiable almost everywhere. Let D denote the set of points where F' is differentiable.
Then the B-subdifferential of F' at z € R" is defined to be

OpF(z) = { lim VF(x)T}, (1.8)

zh—x

zkEDF

while Clarke’s generalized Jacobian [4] of F' at x is defined to be
OF (z) = convOp F(x). (1.9)
Qi [16] and Sun and Han [18] introduced a generalized Jacobian 0¢, defined by
OcF(x) = OF1(x) X - -+ X OF,(x). (1.10)
By (1.8) - (1.10), for any =,
OpF(x) COF(x) C OcF(x). (1.11)

F is called semismooth at z if F' is directionally differentiable at x and for all V' € 9F(x + d)
and d — 0,
F'(wsd) = Vd + of|d]); (1.12)

F is called strongly semismooth at x if F' is semismooth at x and for all V' € 0F(z + d) and
d— 0,
F'(z;d) = Vd+ O(||d|*); (1.13)

F is called a (strongly) semismooth function if it is (strongly) semismooth everywhere. Here,
o(||d]]) stands a vector function of d, satisfying

. o(lld]l)
lim
d—0 ||d||

=0,



while O(||d||?) stands a vector function of d, satisfying
o) < elld|?

for all d satisfying ||d|| < 0, and some ¢ > 0 and § > 0.

2 A Constrained Semismooth Equation (CSE) Reformulation

In this section, we reformulate the problem (1.5) as a constrained system of semismooth equa-
tions and give some properties for this system of semismoth equations.

(1.6) is a standard linear complementarity problem (LCP) and it can be reformulated as
a system of semismooth equations by an NCP function. Over the last decade, various NCP
functions have been studied for solving complementarity problems [9, 17]. Two frequently used

NCP functions are the “min” function
$min(a,b) = min(a, b)
and the Fischer-Burmeister (FB) function [12]
érp(a,b) = a+b— a2+ b2

Let
bala,b) =a+b—+a?>+ b+ aarby,a >0, (2.14)

where for any scalar ¢, ¢y = max{0, c}. Obviously,
¢0(a7 b) = ¢FB(a7 b)

For o > 0, this function is an equivalent form of the penalized Fischer-Burmeister function [1].

It has been showed in [1] that this function has a strong result about the level set.
Proposition 2.1 [1, 17] ¢a(a,b) has the following properties:

1. ¢u(a,b) is an NCP function.

2. ¢ala,b) is strongly semismooth on NZ.

3. ¢ala,b)? is continuously differentiable on R2.



4. The generalized gradient 0o (a,b) of ¢o at a point (a,b) € R? is equal to the set of all
(vq,vp) Such that

B (1 - e 1 - \/a2b+b2) + a(byday,ai0by) if (a,b) # (0,0),
(vg,vp) = (2.15)
(1_571_77) if (a,b):(0,0),
where (&,m) is any vector satisfying /&2 +n* <1 and
1 if ¢> 0,
dcy =< [0,1] if =0,
0 if ¢ <0.
Let )
ba((M2x + §)1,21)
o((Mz +q , L
by = | O MEFD2m) (2.16)

d)a((Mw + @)n» Tn)
Then z is a solution of (1.6) if and only if ®,(x) = 0. Define

Wa(e) = 5 l12()]

Then solving (1.6) is equivalent to finding a global solution of the following minimization prob-

lem:

min U, (x). (2.17)
reR™
Proposition 2.2 [1, 17] The function ¥, has the following properties:

1. U, (x) is continuously differentiable on R™.

2. If LCP(M,q) has a strictly feasible solution, then, for all ¢ > 0, the level sets
Lo(c)={x e R": V() <c}
are bounded.

By introducing a slack variable y = [yT,yd,...,yL]T € R™", where y; € R",i = 1,2,...,m,
(1.6) and (1.7) can be written as the following system of nonsmooth equations with nonnegative
constraints:

H(z,y) =0, y >0, (2.18)



where

O, ()
M(w)z + q(w1) —y1

H(z,y) = [ M(w2)z + q(w2) — v2

M (wm)z + q(wm) — Ym
The system H(z,y) = 0 has (m + 1)n equations with (m + 1)n unknowns. Problem (1.5) may

have no solution. If (1.5) has a solution, then solving (1.5) is equivalent to solving (2.18).
Proposition 2.3 The function H is strongly semismooth.

Proof. By Theorem 19 [13] and Proposition 2.1, the function H is strongly semismooth. ]
Suppose that * is a solution of LCP(M, ). Define

T = {i:zf>0,(Mz*+q); =0},
= {i:zf=0,(Mz*+q); = 0},
K = {i:2zf=0,(Mx*+q); > 0}.
LCP(M, q) is said to be R-regular at z* if Mz7 is nonsingular and its Schur complement M7 7 —

M7z Mz} Mz is a P-matrix [9].

Proposition 2.4 [1] Suppose that LCP(M,q) is R-reqular at a solution x*. Then all Vg €

OcPo(2*) = 0Pq,1(2") X 0P 2(x*) X ... X ODq p(x*) are nonsingular.

For any (z,y) € RU"*D" we have that

;

Va 0 0 - 0
M(w) —I 0 - 0

OcH(x,y) = M(w:) 0 —I -+ 0 Vo € 0cPu(2) o,
Mwn) 0 0 - —I

where [ is the nxn identity matrix. Hence, by Proposition 2.4, we have the following proposition.

Proposition 2.5 Suppose (z*,y*) is a solution of (2.18) and LCP(M,q) is R-regular at x*.
Then all Vi € OcH (z*,y*) are nonsingular.

For any x € R", an element of the C-subdifferential do®,(x) can be calculated as follows [1].



Algorithm 2.1 (Procedure to calculate an element Vo € 0c®q(x))

(S.0) Let x € R™ be given, and let Vg ; denote the ith row of a matrix Vg € R"*™.
(S.1) Set S; = {i:2; = (Mz+q); =0} and Sy = {i : x; > 0,(Mz + q); > 0}.
(S.2) Set ¢ € R™ such that ¢; =0 for i ¢ S} and ¢; =1 for i € 5.

(S.3) For i€ Sy, set

C; ]\_[c _
Vo, = <1 — Z—) eZT + <1 — l) M;,
[ (ci, Mic)| | (i, Mic)]|

where M; is the ith row of the matrix M.

(S.4) For i€ Sy, set

I (ci, (Mz +q),)|| + a$z> M;.

Ci

”“:<1‘mqux+®M|

+a(Mx +q)i> el + <1 —
(S.5) For i & S; U Ss, set
Vo= (1- G ) T <1— (Mz + g) >M
® ( o Mz +aol) % T\ e Tz + 00l

3 A Feasible Semismooth Newton Algorithm

Let z = (z,y) € RV and define a merit function of (2.18) by
1 2
0(z) = SIH ()"

If (1.5) has a solution, then solving (2.18) is equivalent to finding a global solution of the following

minimization problem:

min 6(z)

st. z>0. (3.19)
z is a stationary point of (3.19) if it satisfies
Iz[z —Vl(2)] —z =0, (3.20)

where II4(-) is an orthogonal projection operator onto Z = {z € R+ . 2 > 0}, Clearly,

(3.20) is equivalent to the following complementarity system:

2IV0(2) = 0,V0(z) >0,z > 0. (3.21)



Proposition 3.1 The merit function 6 has the following properties:
1. 0(z) is continuously differentiable on RV with VO(z) = VL H(2) for any Vg € dcH(2).
2. If LCP(M,q) has a strictly feasible solution, then for all ¢ > 0, the level sets
Llc)={ze R 9(z) < ¢}
are bounded.

Proof. By using Proposition 2.2, this proposition holds. ]
For some monotone SLCPs, a stationary point of (3.19) may not be a solution. See the
following example.
Example 3.1. Letn =1 m =2, Q = {w,ws} ={0,1}, M(w1) = M(w2) = 1, g(w1) = 1,
g(w2) = —1, and p; = P{w; € 2} = 0.5, i = 1,2.
Clearly, Example 3.1 is a monotone SLCP and all points x > 1 are feasible, but this example

has no solution. By simple computation, we have
27 +V2|z| + a(r4)?
H(I7y17y2): Jf—l-l—yl
r—1—1

and (0, 1,0) is a stationary point of the following constrained programming problem:

.1
min §||H($ayl,y2)||2
s.t. 37207 91207 Z/QZO
However, x = 0 is not a solution of Example 3.1.

In the following proposition, we give some conditions under which a stationary point of (3.19)

is a solution of (1.5).

Proposition 3.2 For monotone problem (1.5), let z* = (z*,y*) be a stationary point of (3.19).
If M(wj)z* + q(w;) —y; =0, i =1,2,...,m, then z* is a solution.

Proof. Suppose that z* = (2%, y*) be a stationary point of (3.19). If M(w;)z* + q(w;) — y/ =
0, i =1,2,...,m, then, by (3.21), we have z* is the stationary point of the following problem:

min{¥,(x) : x > 0}.

Similar to the proof of Theorem 3 [11], we have z* is a solution of ¥,(x) = 0. Thus z* is a
solution of (1.5). "

Now we state a feasible semismooth Newton algorithm for solving (3.19).



Algorithm 3.1

Step 0. Choose constants 1, p,o € (0,1), p1 > 0 and ps > 2. Let 2% € Z and set k := 0.

Step 1. Choose VE € 9o H (2*) and compute VO(2*) = (VE)T H(2*). If 2* is a stationary point,
stop. Otherwise let
dé; = = VO(2"),
where

= min 7779(Zk)
= {17 |rve<zk>||2}

and go to Step 2.
Step 2. Compute d’fv by solving the following linear system:
H(Z) +VEd=o. (3.22)

If (3.22) has no solution or

VO T < py Hd’f\, "

then let d’fv = d]é.
Step 3. Let m; be the smallest nonnegative integer m satisfying
0(z" + d*(p™)) < 6(=") + o Vo) dg (™), (3.23)
where for any A € (0, 1],
d*(N) = 7 (N dE(N) 4+ [1 = 7 (V)] dE (V). (3.24)

Here

dE(N) =T (2F + Adb) — 28, d& (N = T4 (2F + Adky) — 2F, (3.25)

7*()) is a solution of the following minimization problem:

.1
min —

min S H(E) + Vi) + (1= n)dy ).

Let A\, = p™ and 2FT1 = 2F + d¥(\p).

Step 4. Set k:=k + 1 and go to Step 1.



Remark 1. (a) For a constrained system of semismooth equations, some methods have been
proposed in [11, 14, 19]. Algorithm 3.1 was proposed in [19] to solve constrained system of

semismooth equations. From [19], we have
7(A) = max{0, min{1, 7(\)}}, (3.26)
where 7(\) is defined as

0, if df(\) — d%(\) = 0,
TN =9 [Hw*) + VEd WD)TVEE (L) — dk (V)]

— = 2 , otherwise.
IVE[dE () — di (]2

(b) For Algorithm 3.1, the main computation work is in Step 2. The linear system in Step

2 can be solved as follows. Firstly, we solve the following linear system to get df%:
VEdE + @, (zF) = 0. (3.27)

Let df = M(wi)d’% + M (w;)x* + q(w;) — yf,i =1,2,...,m. Then, dlfv = [(dg)T, (€7 KA €7 L
Note that (3.27) is an n x n linear system. If n is not large, then the linear system in Step
2 of Algorithm 3.1 can be solved easily.

The convergence properties of this method are summarized in the following theorem.
Theorem 3.1 The following results holds for Algorithm 3.1.

1. The algorithm is well defined for a monotone SLCP (1.5). If the algorithm does not stop

at a stationary point in finite steps, an infinite sequence {z*} is generated with {z*} C Z.

2. Any accumulation point of the sequence {z*} is a stationary point of (8.19). In particular,

if LOP(M,q) has a strictly feasible solution, such an accumulation point erists.

3. Let z* = (z*,y*) be any accumulation point. If M (w;)z* + q(w;) —yF =0, i =1,2,...,m,
then x* is a solution of (1.5).

4. If, in addition, x* is an R-reqular solution of LCP(M,q), then the whole sequence generated

by Algorithm 3.1 converges to z* and the rate of convergence is Q-quadratic.

Proof. These results can be proved by following from Propositions 2.5, 3.1 and 3.2 and the same
arguments used for Theorems 4.1 and 4.2 of [19]. Instead of using Qi’s [15] theory on the B-
subdifferential, however, we have to apply the local convergence results for the C-subdifferential,

also due to Qi [16]. N

10



Remark 2. Algorithm 3.1 can produce a stationary point z* of (3.19). If 2* is a global solution
of (3.19), then z* can be considered as a solution of (1.5) with the measure of (z) defined in
(3.19). If z* is not a global solution of (3.19), we do not know what the stationary point z* of

(3.19) means in SLCP. We leave it as our future research topic.

4 Numerical Results

In this section we report numerical results for the algorithm proposed in Section 3. We imple-
mented the algorithm in MATLAB and tested it on some random generated examples. Now we
give a procedure to generate a test problem of monotone SLCP (1.5). This procedure is from
[3]. We suppose that p/ = P{w; € Q} =1/m, j=1,2,...,m.

Procedure 1.

1. Randomly generate a vector & € R" that has n,(< n) elements are in (0,¢1), ¢; > 0, and

other elements are 0. Let J = {i: &; > 0}.

2. Generate a diagonal matrix D whose elements are determined as

p i=1
Djj=1< pd i=23,..n—1
poooi=mn,

where 1 > 0 and \;,i = 2,3,...,n — 1 are uniform variate in the interval (—1,1).

3. Generate a random orthogonal matrix U € R™*™ by using the singular value decomposition

of a random matrix, and let M = UDUT.

4. Generate m random matrices BY € R"*",j = 1,2, ..., m whose elements are in the interval
(0,1). Set
MI = M(wj) =M +co(B) — B™ 1) j =1,2,...,m,

where ¢y > 0.

5.  For each j = 1,2,...,m, let n; be the number of elements in the index set Z; = {i :
; = 0,[M(wj)& + q(wj)l; > 0} and ng be the number of elements in the index set
ICJ' = {Z 12 =0, [M(wj):i‘ + q(w]-)]i = 0}. Set

(—MIz); i€K;
qg = [q(wj)]i = (—Mji + Cg’Uj)Z' 1eJ
(—Mj@+C4Uj)Z' 1 € 1,

11



where ¢3,¢4 > 0 and v/ € R” is a random vector whose elements are in the interval (0,1).

Obviously, for the above random generated test problem, if ¢c3 = 0 then Z is a solution. If ¢ > 0
then the test problem may have no solution.

Throughout our computational experiments, the parameters used in Algorithm 3.1 are as
follows:

a=10,7=0.9,p=05,0=10"%p; =107 and py =2.1.

We terminated the iteration if
0(zF) <1072 or ||[V(F)) <107 or kpae = 100.

We first tested Algorithm 3.1 on some random generated problems with ¢s = 0 by Procedure 1
with different parameters (n,m, u, c1, o, c4) and starting points z¥ = le, where I = 1,10, 20, 30,
40,50 and e is the n-dimensional vector of ones. These random generated problems can be
reformulated as an ERM problem (1.3) in which the expected residual function is defined by
the penalized Fischer-Burmeister function defined in (2.14). The ERM problem is a constrained
optimization problem, so it can be solved by using fmincon in the Matlab (version 7) tool box
for constrained optimization. We also tested fmincon on these random generated problems.
Since ¢35 = 0, these random generated problems have a solution. We have observed that for
each starting point Algorithm 3.1 can compute a solution in less than 20 iterations. However,
fmincon only can find a local minimizer of the ERM problem (1.3).

Next, for each fixed (n,ng, ca,c3) with c¢3 > 0, we used Procedure 1 to generate some test

problems with the following parameters:
c1 =20,pu=10,¢c4 = 15,m = 100.

Since c¢3 > 0, these test problem may have no solutions. For these test problems, a measure of
optimality and feasibility can be defined as in [3] as follows:

D(z) = Y[l min(0, M (wi)a +q(wi)|| + 2" (M(wi)z +g(wi)4], = € R (4.28)
=1

Clearly, if z* is a solution of the problem (1.5), then I'(z*) = 0. Let

m

Op(z) =Y a" (M(w)z + q(wi))y, © € RT (4.29)
i=1
and .
Fe(z) =Y _ || min(0, M(w;)z + q(wy))|, = € R} (4.30)
=1

12



Here, the function Op(z) is a measure of optimality and the function Fe(x) is a measure of
feasibility. For these random generated test problems, we use fmincon to get solutions of their
ERM formulations. Their CSE reformulations are solved by using Algorithm 3.1. The test
results are summarized in Table 1. In Table 1, the random generated test problems are denoted
as (n, ng, ¢, cs,le), where le means that the starting point is le for Algorithm 3.1 and fmincon.
x! and 2?2 are the computed solutions by fmincon and Algorithm 3.1, respectively.

The results reported in Table 1 show that as to the measure of optimality and feasibility

I'(-), 22 dominates x! in most cases. As to the measure of optimality Op(-), ! dominates x2

1'in most cases as to the measure of feasibility Fe(-).

in most cases, whereas z2 dominates x
From these results, we may conclude that the CSE formulation can yield a solution with a nice
property in regard to the measure of feasibility, compared with the ERM formulation.

In many engineering and economic applications of SLCP, the inequality F(z,w) = M (w)x +
q(w) > 0 describes the safety of the system, and the guarantee of safety is critically important.
For these kinds of problems, the CSE formulation may yield a solution with high safety.

The numerical tests reported in the paper are very preliminary. Further experience with

testing and with actual applications will be necessary and we leave it as our future research

topic.
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Problem fmincon Algorithm 3.1
(n,ng, c2, c3,le) Fe(z') | Op(z') | T(2!) || Fe(z?) | Op(2?) | T'(2?)
(30, 10, 20, 10, e) 6.17e4 | 4.87e2 | 6.22e4 || 3.09el | 2.75e4 | 2.75e4d
(30, 10, 20, 10, 10e) || 5.67e4 | 3.78e4 | 9.44e4 || 9.33¢2 | 3.62e4 | 3.71led
(30, 10, 20, 10, 20e) || 6.17e4 | 6.28¢2 | 6.23e4 || 3.09el | 2.75e4 | 2.75e4
(30, 10, 20, 10, 30e) || 6.17e4 | 6.85e2 | 6.24e4 || 3.37e2 | 2.86e4 | 2.89e4
(30, 10, 20, 10, 40e) || 6.17e4 | 6.85¢2 | 6.24e4 || 6.06e2 | 3.07e4 | 3.13e4
(30, 10, 20, 10, 50e) || 6.17e4 | 6.06e2 | 6.23e4 || 3.09el | 2.75ed | 2.75ed
(30, 10, 10, 10, e) 2.73e4 | 3.95e2 | 2.77ed || 4.97el | 2.25ed | 2.26e4
(30, 10, 10, 10, 10e) || 1.62e4 | 4.44e4 | 6.06e4 || 4.97el | 2.25ed | 2.26ed
(30, 10, 10, 10, 20¢) || 2.74e4 | 3.27¢2 | 2.77¢4 || 4.97e1 | 2.25¢4 | 2.26¢4
(30, 10, 10, 10, 30¢) || 2.74ed | 2.31e2 | 2.76e4 || 4.97el | 2.25e4 | 2.26e4
(30, 10, 10, 10, 40e) || 2.74e4 | 3.27e2 | 2.77e4 || 4.97el | 2.25e4 | 2.26e4
(30, 10, 10, 10, 50e) || 2.74e4 | 1.77e2 | 2.76e4 || 2.53e2 | 2.24ed | 2.27ed
(30, 10, 10, 5, e) 3.13e4 | 3.82e2 | 3.17ed || 2.77el | 1.41ed | 1.41e4d
(30, 10, 10, 5, 10e) 2.32e4 | 8.04e4 | 1.04e5 || 6.10e2 | 1.93e4 | 1.99e4
(30, 10, 10, 5, 20¢) || 3.13¢4 | 3.82¢2 | 3.17¢4 || 2.69¢2 | 1.53¢4 | 1.55¢4
(30, 10, 10, 5, 30¢) || 3.13e4 | 3.82¢2 | 3.17ed | 6.42¢2 | 2.12e4 | 2.18e4
(30, 10, 10, 5, 40e) 3.13e4 | 1.88e2 | 3.15e4 || 2.77el | 1.41ed | 1.41e4
(30, 10, 10, 5, 50e) 3.13e4 | 3.82e2 | 3.17ed || 2.77el | 1.41ed | 1.41e4
(30, 10, 0, 5, €) 3.52e2 | 4.32e0 | 3.57e2 || 4.04el | 5.46e3 | 5.50e3
(30, 10, 0, 5, 10e) 3.52e2 | 4.32e0 | 3.57e2 || 3.92el | 5.77e3 | 5.80e3
(30, 10, 0, 5, 20e) 3.52e2 | 4.32e0 | 3.57e2 || 4.04el | 5.46e3 | 5.50e3
(30, 10, 0, 5, 30e) 3.502e2 | 4.32e0 | 3.57e2 || 4.04el | 5.46e3 | 5.50e3
(30, 10, 0, 5, 40e) 1.88e3 | 1.13e5 | 1.15e5 || 4.26el | 5.77e3 | 5.82e3
(30, 10, 0, 5, 50e) 1.44e3 | 2.03e5 | 2.04eb || 4.04el | 5.46e3 | 5.50e3

Table 1: Test results for Algorithm 3.1 and fmincon
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Problem fmincon Algorithm 3.1
(n,ng, c2, c3,le) Fe(z') | Op(z') | T(2!) || Fe(z?) | Op(2?) | T'(2?)
(60, 20, 20, 10, e) 1.44e5 | 1.98e3 | 1.46e5 || 4.25e3 | 1.35ed | 1.40e5
(60, 20, 20, 10, 10e) || 1.19e¢5 | 4.86e5 | 6.05e5 || 3.15e3 | 1.17e5 | 1.20eb
(60, 20, 20, 10, 20e) || 1.44e5 | 4.41e2 | 1.44e5 || 3.79e3 | 1.20e5 | 1.24e5
(60, 20, 20, 10, 30e) || 1.44e5 | 2.08¢2 | 1.44e5 || 6.07e3 | 1.75e5 | 1.82eb
(60, 20, 20, 10, 40e) || 1.44e5 | 1.28¢2 | 1.44e5 || 2.10e3 | 9.59e4 | 9.80e4
(60, 20, 20, 10, 50e) || 1.44e5 | 9.15e2 | 1.45e5 || 9.15e3 | 2.48e5 | 2.57eb
(60, 20, 10, 10, e) 5.64e4 | 8.21e2 | 5.72e4 || 1.59e3 | 7.12e4 | 7.28e4
(60, 20, 10, 10, 10e) || 7.04e4 | 3.29¢6 | 3.36e6 || 9.31e2 | 5.58e4 | 5.67ed
(60, 20, 10, 10, 20e) || 5.64e4 | 7.50e2 | 5.71led || 2.21e3 | 7.82e4 | 8.04ed
(60, 20, 10, 10, 30e) || 5.63e4 | 8.76e2 | 5.72e4 || 2.50e3 | 8.30e4 | 8.55e4
(60, 20, 10, 10, 40e) || 5.64e4 | 4.09¢2 | 5.68¢e4 || 7.60e2 | 5.64ed | 5.72e4
(60, 20, 10, 10, 50e) || 5.64e4 | 7.92el | 5.65e4 || 8.60e2 | 5.68e4 | 5.77ed
(60, 20, 10, 5, e) 6.11e4 | 1.09e3 | 6.22e4 || 5.75e2 | 3.34ed | 3.40e4
(60, 20, 10, 5, 10e) 7.52e2 | 3.38e4 | 3.46e4 || 1.39e3 | 4.73e4 | 4.87e4
(60, 20, 10, 5, 20e) 6.11e4 | 8.04e2 | 6.19e4 || 6.80el | 2.75ed | 2.75e4
(60, 20, 10, 5, 30e) 6.12e4 | 6.56e2 | 6.18e4 || 7.64e2 | 3.73e4 | 3.80e4d
(60, 20, 10, 5, 40e) 6.12e4 | 5.85e2 | 6.17ed || 7.67e2 | 3.82e4 | 3.90ed
(60, 20, 10, 5, 50e) 6.12e4 | 2.68e2 | 6.14e4 || 1.03e3 | 4.31ed | 4.42¢e4
(60, 20, 0, 5, €) 5.93e2 | 7.27e2 | 1.32e3 || 6.27el | 1.14e4 | 1.15e4
(60, 20, 0, 5, 10e) 5.44e2 | 2.12el | 5.65e2 || 6.60el | 1.91e4 | 1.91e4d
(60, 20, 0, 5, 20e) 8.64e2 | 4.05e2 | 1.27e3 || 6.27el | 1.14e4 | 1.15e4
(60, 20, 0, 5, 30e) 5.60e2 | 2.97el | 5.90e2 || 6.27el | 1.14e4 | 1.15e4
(60, 20, 0, 5, 40¢) 7.46e2 | 1.45e5 | 1.45e5 || 6.31el | 1.17e4 | 1.17e4
(60, 20, 0, 5, 50e) 6.11e2 | 5.34el | 6.65e2 || 6.27el | 1.14e4 | 1.15e4

Table 1 (continued): Test results for Algorithm 3.1 and fmincon

5 Conclusions
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In this paper we have presented a feasible semismooth Newton method for a class of stochastic
linear complementarity problems (SLCPs) with finitely many realizations by reformulating it
as a constrained system of semismooth equations (CSE). Under some standard assumptions,

this method has nice global and local superlinear convergence properties. Compared with the




method given by Chen and Fukushima [2], our proposed method can produce solutions with
high safety for SLCPs.
For (1.1) with © having infinitely many elements, a possible way to find an approximate

solution of (1.1) is to solve the following deterministic problem: Find an x € R" such that
x>0, F(z,w;) = M(w)z + qlw;) >0, 2T F(z,w;) =0, i € Qy, (5.31)

where Qn = {w1, w2, ...,wn } is a large sample of Q. Clearly, (5.31) can be solved by the proposed
method in this paper when n is not too large. An immediate concern is how to choose the sample
Qn such that the solution of (5.31) approaches that of (1.1). We leave it as our future research
topic.
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