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The efficiency of the implicit method proposed by He (1999) depends on the parameter § heavily;
while it varies for individual problem, that is, different problem has different “suitable” parameter,
which is difficult to find. In this paper, we present a modified implicit method, which adjusts the
parameter f# automatically per iteration, based on the message from former iterates. To improve
the performance of the algorithm, an inexact version is proposed, where the subproblem is
just solved approximately. Under mild conditions as those for variational inequalities, we prove
the global convergence of both exact and inexact versions of the new method. We also present
several preliminary numerical results, which demonstrate that the self-adaptive implicit method,
especially the inexact version, is efficient and robust.
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1. Introduction

Let Q be a closed convex subset of R" and let F be a mapping from R" into itself. The so-called
finite-dimensional variant variational inequalities, denoted by VVI(, F), is to find a vector
u € R", such that

FueQ, @w-Fu)u>0, YveQ, (1.1)

while a classical variational inequality problem, abbreviated by VI(Q, f), is to find a vector
x € Q, such that

(¥ -x) f(x) >0, VX' €Q, (1.2)

where f is a mapping from R” into itself.
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Both VVI(Q, F) and VI(, f) serve as very general mathematical models of numerous
applications arising in economics, engineering, transportation, and so forth. They include
some widely applicable problems as special cases, such as mathematical programming
problems, system of nonlinear equations, and nonlinear complementarity problems, and so
forth. Thus, they have been extensively investigated. We refer the readers to the excellent
monograph of Faccinei and Pang [1, 2] and the references therein for theoretical and
algorithmic developments on VI(Q, f), for example, [3-10], and [11-16] for VVI(, F).

It is observed that if F is invertible, then by setting f = F~!, the inverse mapping
of F, VVI(Q, F) can be reduced to VI(, f). Thus, theoretically, all numerical methods for
solving VI(Q, f) can be used to solve VVI(Q, F). However, in many practical applications,
the inverse mapping F~! may not exist. On the other hand, even if it exists, it is not easy to
find it. Thus, there is a need to develop numerical methods for VVI(£2, F) and recently, the
Goldstein’s type method was extended from solving VI(Q, f) to VVI(Q, F) [12, 17].

In [11], He proposed an implicit method for solving general variational inequality
problems. A general variational inequality problem is to find a vector u € R", such that

Fu)eQ, (w-Fu)' Gu)>0, YveQ. (1.3)

When G is the identity mapping, it reduces to VVI(Q, F) and if F is the identity mapping, it
reduces to VI(Q, G). He’s implicit method is as follows.

(S0) Given u’ € R, >0, y € (0,2), and a positive definite matrix M.
Y p
(S1) Find u**! via

O(u) =0, (1.4)

where

O () = F(u) + BG(u) - F(u¥) - BG(u*)

(1.5)
+yp(uk, M,ﬁ)M‘le<uk,ﬁ>,
_ leapl°
p(u, M, p) = o ) Me () (1.6)

e(u, p) := F(u) - Po[F(u) - fG(u)],

with Pg being the projection from R" onto Q, under the Euclidean norm.

He’s method is attractive since it solves the general variational inequality problem,
which is essentially equivalent to a system of nonsmooth equations

e(u,p) =0, (1.7)

via solving a series of smooth equations (1.4). The mapping in the subproblem is well
conditioned and many efficient numerical methods, such as Newton’s method, can be applied
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to solve it. Furthermore, to improve the efficiency of the algorithm, He [11] proposed to solve
the subproblem approximately. That is, at Step 1, instead of finding a zero of 8, it only needs
to find a vector u**! satisfying

o ()] < (e ). w9

where {7, } is a nonnegative sequence. He proved the global convergence of the algorithm
under the condition that the error tolerance sequence {7y} satisfies

DK% < +o0. (1.9)
k=0

In the above algorithm, there are two parameters 3 > 0 and y € (0,2), which affect the
efficiency of the algorithm. It was observed that nearly for all problems, y close to 2 is a better
choice than smaller y, while different problem has different optimalp. A suitable parameter f
is thus difficult to find for an individual problem. For solving variational inequality problems,
He et al. [18] proposed to choose a sequence of parameters {f }, instead of a fixed parameter
p, to improve the efficiency of the algorithm. Under the same conditions as those in [11],
they proved the global convergence of the algorithm. The numerical results reported there
indicated that for any given initial parameter f, the algorithm can find a suitable parameter
self-adaptively. This improves the efficiency of the algorithm greatly and makes the algorithm
easy and robust to implement in practice.

In this paper, in a similar theme as [18], we suggest a general rule for choosing suitable
parameter in the implicit method for solving VVI(L, F). By replacing the constant factor f
in (1.4) and (1.5) with a self-adaptive variable positive sequence {f}, the efficiency of the
algorithm can be improved greatly. Moreover, it is also robust to the initial choice of the
parameter ff. Thus, for any given problems, we can choose a parameter f arbitrarily, for
example, fo = 1 or fy = 0.1. The algorithm chooses a suitable parameter self-adaptively,
based on the information from the former iteration, which makes it able to add a little
additional computational cost against the original algorithm with fixed parameter f. To
further improve the efficiency of the algorithm, we also admit approximate computation in
solving the subproblem per iteration. That is, per iteration, we just need to find a vector u**!
that satisfies (1.8).

Throughout this paper, we make the following assumptions.

Assumption A. The solution set of VVI(Q, F), denoted by ¥, is nonempty.

Assumption B. The operator F is monotone, that is, for any u, v € R",
(u—-v) (F(u) - F(v)) > 0. (1.10)

The rest of this paper is organized as follows. In Section 2, we summarize some basic
properties which are useful in the convergence analysis of our method. In Sections 3 and
4, we describe the exact version and inexact version of the method and prove their global
convergence, respectively. We report our preliminary computational results in Section 5 and
give some final conclusions in the last section.
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2. Preliminaries

For a vector x € R" and a symmetric positive definite matrix M € R™", we denote

x|l = vVxTx as the Euclidean-norm and ||x||,; as the matrix-induced norm, that is, ||x||,; :=

(xTMx)l/z.

Let Q be a nonempty closed convex subset of R", and let Po(-) denote the projection
mapping from R" onto Q, under the matrix-induced norm. That is,

Pq(x) := argminf{ ||x - y||,,, v € Q}. (2.1)

It is known [12, 19] that the variant variational inequality problem (1.1) is equivalent to the
projection equation

F(u) = Po [F(u) - ﬂM‘lu], (2.2)

where f is an arbitrary positive constant. Then, we have the following lemma.

Lemma 2.1. u* is a solution of VVI(Q, F) if and only if e(u, p) = 0 for any fixed constant p > 0,
where

e(u,p) := F(u) - Po [F(u) - ﬂMilu] (2.3)

is the residual function of the projection equation (2.2).
Proof. See [11, Theorem 1]. O

The following lemma summarizes some basic properties of the projection operator,
which will be used in the subsequent analysis.

Lemma 2.2. Let Q be a closed convex set in R™ and let Pq denote the projection operator onto Q
under the matrix-induced norm, then one has

(w - Po(v)) ' M(v—-Po(v)) <0, YveR" YweQ, (2.4)

Pa(u) = Pa(@)lly < llu—-vlly,  Yu,0€R™ (2.5)

The following lemma plays an important role in convergence analysis of our
algorithm.

Lemma 2.3. For a given u € R", let ﬁ > B > 0. Then it holds that
||e(u,ﬁ) ||M > le(, B) || o (2.6)

Proof. See [20] for a simple proof. O
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Lemma 2.4. Let u* € QF, then for all u € R™ and p > 0, one has

([F(u) ~ F(u")] + M (u — u*)} Me(u, p) > |le(, )3

Proof. It follows from the definition of VVI(Q, F) (see (1.1)) that
(PalF(u) - pM™'u] - F(u")} pu* > 0.
By setting v := F(u) — M ~'u and w := F(u*) in (2.4), we obtain
(PalF(u) - pM'u] - F(u') ) M{e(u, p) - pMu} 20
Adding (2.8) and (2.9), and using the definition of e(, f) in (2.3), we get
(F(u) - F(u') - e(u, ) M{e(u, ) - pM " (u-1) } 2 0
that is,

(F(u) - F(u*) + pM ™ (u - u*)) Me(u, f)
> |l B) |13, + BCF(w) = F(u*))T (= ")
> [le(w, B3

2.7)

(2.8)

(2.9)

(2.10)

(2.11)

where the last inequality follows from the monotonicity of F (Assumption B). This completes

the proof.

3. Exact Implicit Method and Convergence Analysis

We are now in the position to describe our algorithm formally.

3.1. Self-Adaptive Exact Implicit Method

(S0) Given y € (0,2), fo >0, u® € R" and a positive definite matrix M.

(S1) Compute u**! such that

F<uk+1> +BMY k- F(uk> - BM Uk ¢ ye(uk,ﬁk> =

O

(3.1)
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(52) If the given stopping criterion is satisfied, then stop; otherwise choose a new
parameter Pr.1 € [1/(1 + 7k) i, (1 + 7) Prc], where 7y satisfies

DT <+oo, T 20. (3.2)
k=0

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

k+1

From (3.1), we know that u**" is the (exact) unique zero of

Ox(u) := F(u) + ﬁkM‘lu - F(uk> - ﬁkM‘luk + ye(uk,ﬂk>. (3.3)

We refer to the above method as the self-adaptive exact implicit method.

Remark 3.1. According to the assumption 7 > 0 and 3727k < +oo, we have J32,(1 + 7%) <
+00. Denote

0

Sro= ] +m). (3.4)

k=0

Hence, the sequence{fic} C [(1/S:)fo, SzPo] is bounded. Then, let inf{fi}72, := pr > 0 and
sup{Pr iy := Pu < +o0.

Now, we analyze the convergence of the algorithm, beginning with the following
lemma.

Lemma 3.2. Let {uX} be the sequence generated by the proposed self-adaptive exact implicit method.
Then for any u* € Q* and k > 0, one has

||(F(uk+1) _ F(u*)) +ﬂkM‘1(uk+1 _ u*) ij

3.5
< [P - @y + pm 6k )| - y@= )|t po, ()
Proof. Using (3.1), we get
(P = )y + v @t )|
= 1P ) - By + e k)] = yet, o) | e

< [ F@) - ey + ek —a)|[| -2y [le po[}, + 7|t o

= || F ) - ) + gk - ) o

1) po)

where the inequality follows from (2.7). This completes the proof. O
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Since 0 < fk+1 < (1 + 7) Pk and F is monotone, it follows that

[t~ By + o b )|

= [P ~ By + oM (5 — )+ (B — oM 0 -

= [P - F@)) + M @ - )|+ e - gk - B7)

+2(Brnt _ﬁk)(ukH _ u*)T[<F<uk+1> _ F(u*)> n ﬂkM_l (uk+1 _ u*)]

< (4702 (P = F)) + M b - )|

7

where the inequality follows from the monotonicity of the mapping F. Combining (3.5) and
(3.7), we have

||(F(uk+1) _ F(u*)) +ﬂk+1M_l(1/lk+1 _ u*) jVI

(3.8)

< Wrn [Py - Fay) o et - )| = y@ =) Jec g,

Now, we give the self-adaptive rule in choosing the parameter fx. For the sake of
balance, we hope that

||(1:(u’<+1) - F(uk))”M ~ ”ﬁkM’l(uk” e ||M (3.9)
That is, for given constant 7 > 0, if
k+1y _ k -1/ ,k+1 _ k
|(Far D —Fay|| > a+nfpem @t b (3.10)
we should increase i in the next iteration; on the other hand, we should decrease ffx when

||(F(uk+1) - F(uk))”M < (11—7_)”[5,(M’1(uk” - uk)“M. (3.11)

Let

_ I FaE) = Py
(|8 M ket =) ||,

wi (3.12)



8 Journal of Inequalities and Applications

Then we give

(1 +Tk)ﬂk, if Wy > (1 + T),

1 1
Prs1 = mﬂk’ if wy < m, (3.13)

Pr, otherwise.

Such a self-adaptive strategy was adopted in [18, 21-24] for solving variational inequality
problems, where the numerical results indicated its efficiency and robustness to the choice
of the initial parameter f;. Here we adopted it for solving variant variational inequality
problems.

We are now in the position to give the convergence result of the algorithm, the main
result of this section.

Theorem 3.3. The sequence {u*} generated by the proposed self-adaptive exact implicit method
converges to a solution of VVI(Q, F).

Proof. Let & := 27y + 7>. Then from the assumption that 3727k < +co, we have that 35 &k <
+oo, which means that [T;2,(1 + &) < +oo. Denote

[*e]

Co=Dd, GCu=]]a+&). (3.14)
i=0

i=0

From (3.8), for any u* € Q*, that is, an arbitrary solution of VVI(Q, F), we have

(@)~ By + pram -

< U+ 80| (F ) - Fauery) + e b — )|

M (3.15)
k
- @“ ’ ‘”) | ) - Py + o -0
. NTE
<GPty - P + oM ) (3.16)

< +00.

This, together with the monotonicity of the mapping F, means that the generated sequence
{1¥} is bounded.
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Also from (3.8), we have

r@-n)|eet,po, s 1+ m? | (F@d - Fary) + v - )|

|| B~ ) + peam @ )|

= | Pty = P + pom~ ik - ) (3.17)

2
M

|| E@E ~ By + pram wk )|

+ & () - Py + v b - )|

Adding both sides of the above inequality, we obtain

AN ok gl
y(2 Y),;h)”e(” B0,

< ||y - By + ot -

v S|Py - Py + e -
k=0

< || (F(®) - F(u*)) + poM " (u° — u*) jw (3.18)

2
M

+ <§]§k>cp||<F<u°> —F()) + oM™ (u” ")
k=0

= (1+ C.G) | F@®) - Far)) + oM™ — )|

< +oo,

where the second inequality follows from (3.15). Thus, we have
i o, =0 o1

which, from Lemma 2.3, means that

lim ”e(uk, ;3L)||M < lim “e(uk, pk)“M - 0. (3.20)

k— oo k— oo
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Since {u*} is bounded, it has at least one cluster point. Let % be a cluster point of {u*}
and let {u"} be the subsequence converging to u. Since e(u, 1) is continuous, taking limit in
(3.20) along the subsequence, we get

lleGe, Bl = jlirgiie(ukf,ﬁL)iiM =0. (3.21)

Thus, from Lemma 2.1, u is a solution of VVI(Q, F).

In the following we prove that the sequence {u*} has exactly one cluster point. Assume
that 7 is another cluster point of {#}, which is different from u. Because % is a cluster point
of the sequence {u¥} and F is monotone, there is a ko > 0 such that

||F(uk°) — F(@) + P, M (ub0 —ﬁ)”M < 2‘%, (3.22)
where
6= ||(F(a) ~ F@@)) +ﬁkOM‘1(ﬁ—ﬁ)”M. (3.23)

On the other hand, since u € Q" and u* is an arbitrary solution, by setting u* := u in (3.15),
we have for all k > ky,

|y - F@) + pnva -

<TT0+ )P - @y + vt~ | (3.24)

i=ko

< G| (Pt - F@) + po Mo - )|

that is,

(F(u) = F()) + peM ™" (u* ~ )
M

< [ ()~ F@) + oM o - (3.25)

5
= 1/2°
2C}
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Then,

|(Fa) - Fa@y) + pom= @ =)
> ||(F@) - F@) + M @-m)|

- | Faky - Fa@) + g ik - |
Using the monotonicity of F and the choosing rule of ffx, we have

|¢F@ - F@) + pom@-a)|

= [[F@ - F@) + per M G- ) + (P - poyM - )|

= | @ - F@) + pm@-a)||] + |- peom@-a)|,

+2(Bic = ) (- ) [(F@) ~ F@) + pea M7 (- )

1

2
> m”(F(ﬁ) - F(u)) + ﬁk—1M’1(ﬂ_ ﬁ)“M

1 _ _ IENTE:
> c_,,” (F() = F@) + oM™ @ =) .
Combing (3.25)-(3.27), we have that for any k > ko,

|(Fa) - F@y) + v - )|

6 6
= C,l/z B 2Crl)/z
6
=——>0
1/2 4
2C,

11

(3.26)

(3.27)

(3.28)

which means that #i cannot be a cluster point of {#¥}. Thus, {u*} has just one cluster point. [

4. Inexact Implicit Method and Convergence Analysis

The main task at each iteration of the implicit exact algorithm in the last section is to solve a
system of nonlinear equations. To solve it exactly per iteration is time consuming, and there
is little justification to solve it exactly, especially when the iterative point is far away from the
solution set. Thus, in this section, we propose to solve the subproblem approximately. That
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is, for a given u¥, instead of finding the exact solution of (3.1), we would accept u**! as the
new iterate if it satisfies
[P = Py + B 0 =) 4 ye @, po|| < mile@t po o @D

where {7x} is a nonnegative sequence with 352 7x* < +oo. If (3.1) is replaced by (4.1), the
modified method is called inexact implicit method.
We now analyze the convergence of the inexact implicit method.

Lemma 4.1. Let {u*} be the sequence generated by the inexact implicit method. Then there exists a
ko > 0 such that for any k > ko and u* € Q*,

||(P(uk+1) _ F(u*)) +ﬁkM‘1(uk+1 _u*) 2

™
< <1 . é”fzy) > | Pty - Py + pona - (42)
1@yt o,
Proof. Denote
O (1) := F(u) - F(uk) + pM! <u - uk> +ye (uk, ﬂk>. (4.3)
Then (4.1) can be rewritten as
locas D], < mef|e, po] - (4.4)
According to (4.3) and (2.7),
|Fa) - Py + gt - )|
= [[F )~ Fur)) + ™ i )] -~ [ye(u, i) — 8] |
< [Py - Py + g ot - )| -2y le po| (45)

+2{(FF) = F(u")) + M~ (uF - u*)} M6 (uk“)

+|re, pio - ek(uk“)”jw.
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Using Cauchy-Schwarz inequality and (4.4), we have
2((F(¥) - F(u)) + BeM™ (b = ')} MO (w1

< 411k

“y(@2-y)
(2 f Y) | (@) = FGy) + B - u) ||M i T_Y) .0 ”j”

|6y - By + et @ =)+ I>||9k(uk+l>;

(4.6)

e, ) - e[

= plle g, 2re (i b O (1) + ||ek<u’<+l> 2

< et bl + L2 et o[, +

N ||9k(uk+l) jw

||9k(uk+1

(2— Y)
<t ol = TET 2 et polf, + (10 G2 Ykl ol

(4.7)

Since Z,;";Oqi < +oo, there is a constant kg > 0, such that for all k > ko,

<1 <28Yy>>" <1, (&9

and (4.7) becomes that for all k > ko,

e, ) - 6|

r2-v)
4

< Pevt ol et ol a9

Substituting (4.6) and (4.9) into (4.5), we complete the proof. O

In a similar way to (3.7), by using the monotonicity and the assumption that 0 < f,; <
(1 + 7x) Pk and (4.2), we obtain that for all k > ko

2

| (P (1) = Fu)) + proama (=) [
s(1+Tk)z<1+Y(42’lfzy)>||< () - F@)) + pem (uk ‘”)“2M (4.10)

el sl

Now, we prove the convergence of the inexact implicit method.
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Theorem 4.2. The sequence {u*} generated by the proposed self-adaptive inexact implicit method
converges to a solution point of VVI(Q, F).

Proof. Let
G 2noa s Y(ﬁ(r) " Yé(;;k—ﬂ 3) " Y‘gi_n %) ' (10
Then, it follows from (4.10) that for all k > ko,
() - o) pana ()
< (1+&) || (F (uk> ~ F(u")) + M (uk - u*> |jw (4.12)
~rC-le( ),
From the assumptions that
i‘rk < 400, irsz < 400, (4.13)
k=0 k=0
it follows that
Cy = gé"’ C, = lli[(l +&), (4.14)

are finite. The rest of the proof is similar to that of Theorem 3.3 and is thus omitted here. [

5. Computational Results

In this section, we present some numerical results for the proposed self-adaptive implicit
methods. Our main interests are two folds: the first one is to compare the proposed method
with He’s method [11] in solving a simple nonlinear problem, showing the numerical
advantage; the second one is to indicate that the strategy is rather insensitive to the initial
point, the initial choice of the parameter, as well as the size of the problems. All codes were
written in Matlab and run on a AMD 3200+ personal computer. In the following tests, the
parameter f is changed when

I - P, @) - F@) L _

1
—-. 5.1
(B T =], [BM G )], 2 oD
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That is, we set 7 = 1 in (3.13). We set M = I, and the matrix-induced norm projection is just
the projection under Euclidean norm, which is very easy to implement when € has some
special structure. For example, when € is the nonnegative orthant,

{xeR"| x>0}, (5.2)
then

i, ify; >0,
(Palyl); = {y] n (5.3)

0, otherwise;

when Q is a box,

{xeR"|I<x<h}, (5.4)
then
uj, if Yij > uj,
(Palyl); = yj, ifuj2y; 21, (5.5)
l;, otherwise;
when Q is a ball,
{x eR"[[|x]| <1}, (5.6)
then

v, ifflyll<r

. _ 5.7
(Paly]) ﬁ, otherwise. o7
y

At each iteration, we use Newton’s method [25, 26] to solve the system of nonlinear
equations

(SNLE)  fM™'u+F(u) = fMuk + F<uk> ~ve <uk, pk) (5.8)
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approximately; that is, we stop the iteration of Newton’s method as soon as the current
iterative point satisfies (4.1), and adopt it as the next iterative point, where

0.3, if k < kmax,

Mk = 1 derwi (5.9)
k——kmaxl otherwise,

with kmax = 50.
In our first test problem , we take

F(u) = arctan (u) + AATu + Ac, (5.10)

where the matrix A is constructed by A := WXV. Here

T T
W=1,-2%% v-1,-2%% (5.11)
wTw vlv

are Householder matrices and X = diag(ci),i = 1,...n, is a diagonal matrix with o; =
cos(ior/n + 1). The vectors w, v, and ¢ contain pseudorandom numbers:

wy = 13846,  w; = (31416w;_; + 13846) mod 46261, i=2,...m,
v = 13846,  v; = (42108v;; + 13846) mod 46273, i=2,...n, (5.12)
c1 =13846, ¢ = (45278¢;i_; +13846) mod 46219, i=2,...n.

The closed convex set Q in this problem is defined as

Q:={zeR" |z| £ a} (5.13)

with different prescribed a. Note that in the case ||Ac|| > a, |larctan (u*) + AATu* + Ac|| = a
(otherwise u* = 0 is the trivial solution ). Therefore, we test the problem with a = || Ac|| and
x € (0,1). In the test we take y = 1.85, 7 = 0.85, u’ =0, and Po = 0.1. The stopping criterion is

k

The results in Table 1 show that fy = 0.1 is a “proper” parameter for the problem with
x = 0.05, while for the other two cases with larger x = 0.5 and with smaller « = 0.01, it is not.
For any of these three cases, the method with self-adaptive strategy rule is efficient.

The second example considered here is the variant mixed complementarity problem
for short VMCP, with Q = {u € R" | [; < u;(x) < h;,i = 1,...,n}, where [; € (5,10) and
h; € (1000,2000) are randomly generated parameters. The mapping F is taken as

F(u) =D(u) + Mu +gq, (5.15)
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Table 1: Comparison of the proposed method and He’s method [11].

m =100 n = 50 m =500 n = 300
Proposed method He’s method Proposed method He’s method
It. no. CPU It. no. CPU It. no. CPU It. no. CPU
0.5 Acl| 25 0.3910 100 1.0780 34 50.4850 — —
0.05]| Ac| 20 0.3120 37 0.4850 25 39.8440 17 25.0940
0.01]| Ac| 26 0.4060 350 5.8750 33 61.4070 — —

“—" means iteration numbers >200 and CPU >2000 (sec).

Table 2: Numerical results for VMCP with dimension n = 50.

i Proposed method He’s method

It. no. CPU It. no. CPU
10° 69 0.0780 — —
104 65 0.1250 7335 6.1250
103 61 0.0790 485 0.4530
102 59 0.0620 60 4.0780
10 60 0.0780 315 0.3280
1 66 0.0110 2672 2.500
107! 70 0.0940 22541 21.0320
107 73 0.0780 — —

“—" means iteration numbers >3000 and CPU >300 (sec).

where D(u) and Mu + g are the nonlinear part and the linear part of F(u), respectively. We
form the linear part Mu + g similarly as in [27]. The matrix M = ATA + B, where Aisannxn
matrix whose entries are randomly generated in the interval (-5,5), and a skew-symmetric
matrix B is generated in the same way. The vector g is generated from a uniform distribution
in the interval (-500,0). In D(u), the nonlinear part of F(u), the components are D;(u) =
a; * arctan(u;), and a; is a random variable in (0,1). The numerical results are summarized
in Tables 2-5, where the initial iterative point is u° = 0 in Tables 2 and 3 and u° is randomly
generated in (0, 1) in Tables 4 and 5, respectively. The other parameters are the same: y = 1.85
and 7 = 0.85 for k < 40 and 7, = 1/k otherwise. The stopping criterion is

“e(uk,ﬂk) ||Oo <1077 (5.16)

As the results in Table 1, the results in Tables 2 to 5 indicate that the number of
iterations and CPU time are rather insensitive to the initial parameter fy, while He’s method
is efficient for proper choice of f. The results also show that the proposed method, as well as
He’s method, is very stable and efficient to the choice of the initial point ud,

6. Conclusions

In this paper, we proposed a self-adaptive implicit method for solving monotone variant
variational inequalities. The proposed self-adaptive adjusting rule avoids the difficult task
of choosing a “suitable” parameter, which makes the method efficient for initial parameter.
Our self-adaptive rule adds only a tiny amount of computation than the method with fixed
parameter, while the efficiency is enhanced greatly. To make the method more efficient and
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Table 3: Numerical results for VMCP with dimension n = 200.

p Proposed method He’s method
It. no. CPU It. no. CPU

10° 82 1.6090 — —
104 74 1.4850 1434 28.3750
103 64 1.2660 199 3.8910
102 63 1.2500 174 3.4060
10 68 1.3500 1486 30.4840
1 75 1.4850 — —
107! 75 1.5000 — —
1072 86 1.7030 — —

“—" means iteration numbers >3000 and CPU >300 (sec).

Table 4: Numerical results for VMCP with dimension n = 50.

i Proposed method He’s method
It. no. CPU It. no. CPU

10° 61 0.0620 — —
10* 61 0.0940 3422 3.7190
10° 60 0.0790 684 0.6410
10? 67 0.0780 59 0.0620
10 65 0.0940 309 0.2970
1 69 0.0940 2637 2.3750
107! 72 0.0940 21949 18.9220
107 75 0.1250 — —

“—" means iteration numbers >3000 and CPU >300 (sec).

Table 5: Numerical results for VMCP with dimension n = 200.

i Proposed method He’s method
It. no. CPU It. no. CPU

10° 61 1.2500 — —
104 64 1.2810 1527 29.8750
10% 64 1.2660 150 2.9220
102 64 1.2810 222 4.3440
10 89 1.7920 1922 37.6250
1 70 1.3910 — —
107! 88 1.7340 - -
1072 84 1.6560 — —

“—" means iteration numbers >5000 and CPU >300 (sec).

practical, an approximate version of the algorithm was proposed. The global convergence
of both the exact version and the inexact version of the new algorithm was proved under
mild assumptions; that is, the underlying mapping of VVI(Q, F) is monotone and there is at
least one solution of the problem. The reported preliminary numerical results verified our
assertion.
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