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ANALYSIS OF RELAXED INERTIAL METHOD FOR NON-CONVEX MIXED VARIATIONAL
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ABSTRACT. This paper extends inertial forward-backward-forward splitting method already studied by
several authors for solving convex variational inequalities to solving non-convex mixed variational in-
equalities and obtain appropriate convergence results under some conditions. Next, we propose another
inertial forward-backward-forward splitting method for which the inertial factor § is chosen in [0, 1] with
0 = 1 possible. As far as we know, the choice § = 1 has not been considered before in the literature for in-
ertial forward-backward-forward splitting method for solving non-convex mixed variational inequalities.
Numerical illustrations are given to confirm the theoretical analysis.
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1. INTRODUCTION

Suppose C is a non-empty subset of R", F : R” — R", a given operator and h : C — R a real-valued
function. A mixed varitional inequality problem or variational inequality of the second kind (MVI, for
short) is defined by

findz e C: (F(z),y—z)+h(y) —h(z) >0, Yy eC. (1.1)

Let us denote the set of solutions of MVI (1.1) by (2. Problems arising from continuous optimization and
variational analysis like minimization problems, linear complementary problems, vector optimization
problems or variational inequalities which are applied in economics, engineering, physics, mechanics
and electronics (see [7, 8, 9, 10, 19, 27, 28, 29, 31] among others) are special cases of MVI (1.1). Further-
more, MVI (1.1) can be seen as a reformulation of a Walrasian equilibrium model or of an oligopolistic
equilibrium model (see, for example, [19, Section 2]), where F in MVI (1.1) stands for the demand and
h stands for supply (see also [26]). Furthermore, in [9, 10], MVI (1.1) is applied to electrical circuits.
Also, in [31] a dual variational formulation for strain of an elastoplasticity model with hardening is
reformulated as MVI (1.1) and in [23] the frictional contact of an elastic cylinder with a rigid obstacle
in the antiplane framework is recast as MVI (1.1).

We observe that if h = 0 in MVI (1.1), then MVI (1.1) becomes the variational inequality problem (see
[7, 8, 18]). Also, if 7 = 0 in MVI (1.1), then MVI (1.1) reduces to the constrained optimization problem
of minimizing h over C. Note that MVI (1.1) is a convex mixed variational inequality problem when
h is convex, for which one can find various (proximal point type) algorithms in the literature to solve
it, see, for instance, [4, 21, 32, 34, 37, 38, 39]. However, when h in MVI (1.1) is non-convex, MVI (1.1)
becomes a non-convex mixed variational inequality problem and it is harder to solve. This is because
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the solution set may be empty even when K is a compact and convex set (see [25, Example 3.1], [16,
page 127] and [12] for more details).

Recently, existence results for MVI (1.1) involving quasi-convex functions are obtained in [15, 16] and
this raises the quest for numerical iterative methods to solve non-convex MVI (1.1). Iterative methods
for solving convex MVI (1.1) have been obtained and studied in [27, 28, 29], where the involved A is
continuous and the methods proposed are either implicit methods or only conceptual methods with
no numerical implementations. The proposed methods in [27, 28, 29] also involve inner loops or two
forward steps per iteration. Our approach in this paper is to propose and study a numerical method
to solve non-convex MVI (1.1) for which A is a non-continuous non-convex function which further
extends the results on minimization of quasi-convex functions obtained in [20, 30].

Quite recently, Grad and Lara [12] applied the Malitsky’s Golden Ratio Algorithm to solve non-
convex MVI (1.1). They proposed the following method:

Algorithm 1.1. Golden Ratio Algorithm (GRA)

(1) Choose u®,u' € C such that u® # u', let ¢ = HQ‘/‘F’, 20 =ul and k = 0.
(2) Ifu"tt = u" = 2", then STOP: u™ € ). Otherwise, go to Step 3.

(3) Taken =n+ 1, and

1 1
2= (1—=)u" + Z
( ¢ ¢
1
u" = Proxp,. (u” - afu”), (1.2)

and go to Step 2.

Grad and Lara [12] proved that the sequences {u"} and {2"} generated by Algorithm 1.1 converge
to a solution of non-convex MVI (1.1). As far as we know, the Algorithm 1.1 proposed in [12] is the first
iterative method in the literature to solve non-convex MVI (1.1).

In 2022, Shehu et al. [17] studied the follwing forward-reflected-backward iterative method to solve
the non-convex MVI (1.1).

Algorithm 1.2. Forward-Reflected-Backward Method
(1) Choose u®,u' € R" and setn = 1.

(2) Givenu"~! and u", compute u™*! as follows:

1
"t = Proxp4., (u” - = (2.7:u” — }"unfl)) (1.3)
a

Ifu™tt = u™ = u"" !, then STOP: u™ € Q.
(3) Setn <— n + 1, and go to Step 2.

Convergence results and numerical experiments are given for this proposed method under some
appropriate conditions.

In this paper, we apply the forward-backward-forward splitting method with inertial extrapolation
step to solve non-convex mixed variational inequalities. Our results extend the usage of forward-
backward-forward splitting method from convex variational inequality problem already studied in
[3, 35, 36] to non-convex MVI (1.1)

2. PRELIMINARIES

The indicator function ¢¢ of a nonempty set C C R" is defined by

(@) = 0 ifzeC
71 400 otherwise.
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Given any z,y, z € R™ and o, 5 € R, we have

1 1 1
(x—zy—2) = gllz=yl* = e —2I* = S lly —all”. (2.)
oz + BylI> = ala+B)|=*+ Bla+ B)|lyl* — abllz — y|? (2.2)
and
1Bz + (1= B)yl|* = Bllz|> + (1 — B)|lylI* = B — B)[|lx — y|I*. (2.3)

Given any function h : R — R := R U {£0c0}, the effective domain of  is defined by domh := {z €

R™ : h(z) < 4o00}. It is said that h is a proper function if h(z) > —oo for every € R™ and dom h is

nonempty (clearly, h(x) = +o0o for every x ¢ domh). By arg min i we mean the set of all minimizers
R”

of h in this paper.

A function h with a convex domain is said to be

(a) convex if, given any z,y € domh, then
Az + (1 — N)y) < Ar(z) + (1= Nh(y) YA e[0,1]; (2.4)
(b) quasi-convex if, given any x,y € domh, then
h(Az + (1 — N)y) < max{h(z),h(y)} VA€ [0,1]. (2.5)

Clearly, every convex function is quasi-convex. However, the converse fails. Take, for example, h :
R — R with h(z) = 23, is quasi-convex but not convex. Also, we have

h is convex <= epihis aconvex set;
h is quasi-convex <= S)(h)is a convex set, for all A € R,
where epi h := {(z,t) € R” x R: h(z) <t} is the epigraph of h and S)(h) := {z € R" : h(x) < A}
its sublevel set at the height A € R.

The proximity operator Prox,;, : R" = R" of a function i : R" — R at z € R™ with parameter
~ > 0 is defined by

1
Prox,,(z) := arg ynelﬁ%r}l {h(y) + %Hy - a:HQ} . (2.6)

Suppose C is a closed and convex subset of R™ with h : C — R with C N domh # () a proper function,
and f : C x C — R be a real-valued bifunction. We say that f is

(a) monotone on C, if for every z,y € C

fl@.y) + fly,z) <0; (2.7)
(b) h-pseudomonotone on C, if for every x,y € C
f(@,y) +h(y) — h(z) > 0= f(y,z) + h(z) — h(y) < 0. (2.8)

From the above definitions, we see that every monotone bifunction is h-pseudomonotone, but the con-
verse statement is not true in general. Also, if h = 0, then h-pseudomonotonicity becomes pseu-
domonotonicity [13].

In [11], a new class of generalized convex functions (which includes quasiconvex functions and
weakly convex functions) was introduced.
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Definition 2.1. Let C be a closed set in R and h : R" — R be a proper function such that CNdomh #
(). We say that h is prox-convex on C (with prox-convex value «) if there exists « > 0 such that for
every z € C, Proxp,.(2) # 0, and

z € Proxp,.(2) = W(Z) — h(z) < (T — 2,2 — T), Vx € C. (2.9)

The article [11] gave some properties of prox-convex functions. We list some of them here for the
sake of completeness.

Lemma 2.2. [22] Let {¢©™}, {0"} and {0™} be sequence in [0, 4+00) such that

oo
P <@ 0" — ") 407, Yn =1, ) 6T < oo

n=1
and there exists a real number 0 with 0 < 6" < 0 < 1 for alln € N. Then the following hold:

@) >0 [ — " 11 < oo where [t]+ := max{t,0};
(b) there exists * € [0, 4+00) such that lim,,_, ¢ = p*.

3. PROPOSED METHOD
We give the following assumptions in order to obtain our convergence analysis.

Assumption 3.1.  (Al) F isan L-Lipschitz-continuous operator onC, where L > 0; that is, there exists
L > 0 such that | Fx — Fy|| < L|jz — y|| forallz,y € C;
(A2) h is a lower semicontinuous prox-convex function on C with prox-convex value o > 0;
(A3) F and h satisfy the following generalized monotonicity condition on C (cf. [12, 21, 33])

(F(y),y =)+ h(y) —h(z) >0, Vye K, VI € (3.1)
(A4) Q +# 0;
(A5) o > L.

Algorithm 3.2. Inertial Non-convex Modified Forward-Backward-Forward Method

(1) Choose 6 € [0,1) and0 < p < 1+%/a' Letu®, u' € R™ be a given starting point. Set n := 1.

n+1

(2) Givenu™! and u™, compute u™*! as follows:
2" =" + 0(u” —u"h)
y" = Proxpyi, (2" — L F(2")), (3.2)
W = (1= )+ ply” + HFG) - F(5)

(3) Setn <— n+ 1 and go to Step 2.

Lemma 3.3. Suppose the Assumptions 3.1 (A1)-(A5) are satisfied and let T € Q. Suppose {u"} is generated
by Algorithm 3.2. Then the following holds:

2
Ju"tt —Z|* < |]2" — 2| - <(1+L) - 1) Ju™ =272,
P @

Proof. From
y" = Proxp1;, (2" — —F(2"))
«
we obtain using (2.9) that Vy € C

A"~ hly) < aly” — 2"+ S F(E"),y - ") 63)
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Thus,
1
0<afy® —2"+ ~F(2"),y —y") + hiy) = h(y") Yy € C.
Replacing y = T € (2, we have from the last inequality
1
0<a<y"—2"+ af(z”), z—y") + h(z) — h(y"). (3.4)
Since F satisfied Assumption 3.1 (A3), we obtain
(F(y),y =)+ h(y) —h(x) 20, Vy €C.
In particular
(F(y"),y — ) + h(y) — h(z) > 0. (35)
Combining (3.4) and (3.5), we get
—(F"),z —y") + h(y) — h(@) + aly” — 2"+ JF ("), & —y") + h(z) — h(ys) = 0.
That is
1
aly” = 2"+ —F(") = F(y"), 2 —y") 2 0. (3.6)

Letting
We have from (3.6) that

This further implies that
<Un - yn’ V" — Zn>
= o = 2"+ (2 -yt - )

n n n n ,mn 1 n n n
= " =2 =yt () - F) - 27

(V" =z, = 2")

L G R EAR T Es é(zn -y FE") - F).  6)
Also, we obtain from (2.1) that
200" — Z, 0" — 2" = |[v" — Z||2 — ||2" — Z|* + ||v" - 2" (3.8)
If we combine (3.7) and (3.8), we get
0" —z* <l = 2Pl = 2P - 2] -y
P2~y F(E) - F). (9)
Using the fact that F is L-Lipschitz continuous, we get

n n n 1 n n n
o™ =22 ="+ — (FE") = F™) - "))

n n 2 n n n n 1 n
= Ny =2 " =2 FET = F) + S 1P G - FIP

IN

2 L?
ly™ = 27117+ =~ (" = 2" F ") = F) + 512" = "% (3.10)
We obtain from (3.9) and (3.10) that

_ _ L?
Hw—xﬂsuw—mW—(r—)mn—ww. (3.11)
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Consequently,
[ = 2| = e — )+ (1= p)(" —3)|
= plv" =zl + Q= p)llz" = Z|* = p(1 = p)ll" — 2" (3.12)
Using (3.11) and (3.12) we have

_ _ L? _
ot el <plln =212 = p (1= 25 ) " = 717 = (1= gl = alP = o1 = )" = 27

_ L? _
" el = p (1= 55 ) " = 272 = (1= p)ll" =P = 1= p)le” - "

(3.13)
From the definition of {u" '}, we obtain
1
lo" = 2" = EHU"H - 2" (3.14)
Putting (3.14) in (3.13) gives
2
ot ol < " el = p (1= 5 ) " = 7P = e )
a p
By Algorithm (3.2) and using the fact that F is Lipschitz continuous, we obtain
1
“fu =2 = ot =2 < " =yt Y - 2
1 n n n n
= IFEY) = Fhlly" - ="
L
< Sy =2l =2
L
= (1+2) -
Therefore
—lly™ = 2"* < = ———— [l =2 (3.16)
P (1+%)
Substituting (3.16) into (3.14), we get
o-5) s
=3P < -l - | | e =2
P (1+3) P
— - - <2L - 1) Jut - 22, (317)
p(1+3)
This completes the proof. g

Lemma 3.4. Suppose Assumption 3.1 is fulfilled. Then {u"} generated by Algorithm 3.2 above is bounded.
Proof. Let x € €2, By (2.2) and Algorithm 3.2, we get
Je =l =+ 0 — ) — 22
= A +0)(u" —2) - 0" — )|
= (1+0)|u" —Z|* —0|u" "t —Z|> + 001+ 0)|u™ — u" 1> (3.18)
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Observe that

||un+1 o ZnHQ — H(un+1 o un) o a(un o un71)||2
— HunJrl _ unHQ + 92||un _ uanHZ _ 20<un+1 _ un’ u® — un71>
> (1—=0)|u™ —u™|? + (6% — 0)|Ju" — u" 2. (3.19)

Using (3.18) and (3.19) in (3.17), we get
[ —z|? < (1 +)u” =2 - 0"t =2+ (1 + 0)[[u” — "7

00 [ gz Y -

2 2 n n—12
—(0* —0) [M—l] ™ — w12, (3.20)

Rearranging gives us

2
) o 1:| Hun o uanHZ

n+l _ =112 _ n_ =2 1 _ -1
o+t = ol = o — ol + 61040~ (0~ )] |- 2

2
< n_ =12 _ n—1 __ =2 . o o n+l _  nj2
< =l = o~ P 0146 - (0 - 1] |5 2 1 -
2
_ 1 _ -1 ——— n+1 . n 2
1L+ (0 1] |2 = 1] st -
. o # o n+l _  nj2
(1-6) [p(l—l—L/oz) 1} [ w2 (3.21)
Define
o n_ =2 _ n—1 __ =2 o o 2 . n__ ,n—1)2
Y, = |Ju"—2z|*—0|u z[|[*+0[1+6—(0—-1)] [p(l—l—L/Oz) 1 Ju™ —u™
and
(1-0) [2 1] O[1+0—(0—1) [2 1]
o = — —1f - — (0 — — 1.
p(1+L/a) p(1+L/a)
From (3.21), we obtain
Toi1 — Thp < —ofju™ — w2 (3.22)

By the condition # € [0,1) « > Land 0 < p < ﬁ, we get that 0 > 0. Therefore {Y,,} is
non-increasing. Similarly,
2
T, = |[[u" =z —0u"t —Z|P+0[1+6—- (-1 [—1] u — w2
n | [l 1= +0] (0 —1)] S+ Lja) | I
> o =z = ol - 2% (3.23)

Fromn(3.23), we have
Olu"" —z|*+ T,
9||u”_1 — :f||2 + 7Ty

lu" — 2|2

IN A

O"|lu” = 2|7+ (L4 -+ 0" )T
T
1-6

IN

(3.24)

IN

0"|u® — z||* +
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Now that
2

T — n+l _ =112 _ n_ =2 1 _ 1 e
st = =P o Pl o - 0 - 1) |- 2

> |l —z?

and this means from (3.24) that

~Tor1 < 0" —z|?
0T
< 0n+1 0 _ =112 .
< o - g+
By (3.22) and (3.25), we get
u T
ntl 2 ooy < OF 11,0 — 7112 1‘
anglllu u'|? < Y= Thg < lu” =2l + 1
This implies
o0
T
>t - P €~ < o,
— o(l1-10)
Therefore
lim [[u"™ —u"|| =0
—00
and

lim || Fu™' — Fu"™|| = 0 (by the fact that F is Lipschtz continuous).

n—o0

From Algorithm 3.2, we get
2" —u™|| = f|lu™ — u" | = 0, n— .
Also
lu*t = 2" < 2" = ")+ [l = =0, n = o0

and

1
|o™ = 2" = f||un'~'1 —2"| =0, n— .

From (3.20), we get

[ =z < A+ 0)[u” — 2| - oflu" — 2|

) [1 +O—(0-1) <p(1+2L/a) - 1)] la® — 2.

Using Lemma 2.2 in (3.30) (noting (3.26)), we get

lim ||u" —Z|| = ¢ < 4o0.
n—oo

) . 1:| HunJrl o unH2

(3.25)

(3.26)

(3.27)

(3.28)

(3.29)

(3.30)

Hence {||u" — Z||} is bounded. Therefore {u"} is bounded. It is clear to see that the boundedness of

{u™} implies that {v"}, {z"} and {y"} are bounded.

Our global convergence result for Algorithm 3.2 is given next.

g

Theorem 3.5. Suppose that Assumption 3.1 are satisfied, then {u"} generated by Algorithm 3.2 converges

to a solution of MVI (1.1).
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Proof. By Lemma 3.4, we have that {1} is bounded. Let v* be an accumulating point of {u"}. By (3.3),
we have Vy € C

n n n 1 n n
h(y") = hy) < aly” = 2" + —F ("), y = y"). (331)
From (3.11)
L2 n n n = n =
(1= %)== < =l - o - al?

= (" 7~ o = # D" 7l + o~ )

< MU~ ]~ " )

< Ml =),

where M := sup,,> (||z" —Z[|+[[v" —Z|) < oo.Since both {v"} and {2" } are bounded By Assumption
3.1 (A5) and (3.29), one derives that

lim ||y —2"|| =0 (3.32)
n—oo
This implies that
|u™ — || < [Jy" = 2" + T = 2" =0, n— occ. (3.33)

Because v* is an accumulating point of {u"}, by (3.28) and (3.32), it is also accumulating point of {y"}
and of {2"}. Also h is lower semicontinuous and F is L-Lipschitz continuous. By taking the limit in
(3.31) (passing to subsequence if neccessary), we have noting (3.32),(3.33) and (3.27) that

h(v") = h(y) < (F(v"),y —v*) Vy eC.

Thus, v* € (). Hence every cluster point (accumulation point) of {u"} is a solution to MVL g

4. SECOND PROPOSED METHOD

Our aim in this section is to modify Algorithm 3.2 such that the upper condition " < § < 1, Vn > 1
in (3.2) can be extended to 0 < " < 1, Vn > 1. We obtain the global convergence result of our
proposed algorithm under standard assumptions. The proposed iterative method is given below:

Algorithm 4.1. (1) Choose 6 € [0,1] and0 < p < % Letu®,u' € R™ be a given starting point. Set
n:= 1.
(2) Givenu™" ! and u™, compute u™*! as follows:
2=y 4 g(un _ un—l)
y" = Proxpyi, (2" — é]:(z")), (4.1)
W= (1= g+ ply" + L — F)
(3) Setn <— n+ 1 and go to Step 2.

Remark 4.2. Suppose § = 1 and p = 0 in Algorithm 3.2. Then 2" = 2u" — u™ ! is the reflected step.
Therefore, our Algorithm (3.2) covers the reflected version Algorithm 1.2 studied by Shehu et al. in [17]
for solving Non-convex MVI (1.1).

Using Algorithm 4.1, we obtain the following results.

Lemma 4.3. Suppose Assumption 3.1 is fulfilled. Then {u"} generated by Algorithm 4.1 above is bounded.
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Proof. Let

From (3.11), we get

[0"
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vt =y + a(}'(z”) —F(y")), ¥n # 1.

2 2 L2 2
—al < el - (1= 5 ) -

S P

Let 7 € Q. Using Algorithm 4.1, we get

||un+1 o i’”2

which by (4.2) implies that
[

Note that

and this implies

Using (4.4) and (4.5), we get

= (1= p) (" —2) + p(v" — z)|?
= A=plu" =z +afv" = z* = p(1 - p)Ju" — "7,

< (L=p)llu" =2+ pllz" = 27 = p(1 = p)Ju” — "
un—i—l — (1 _ p)un + p’l}n

1
" —u" = = (u"T — ™), Vn.
p

1_
J ! — 2|2 < (1= )l — 22 + pll" — 7 — L2 Juntt — 2

Also, by (3.18) and (4.6), we get

Hun-i—l _i,HQ <

Define
T, = |u" —
Then we have by (4.7) that
Yot — Ty

(L= pllu" = 2| + p(1 + ) [[u" — 2> — pflu"~" — z||?
1
+p0(1 + 0) " — w2 — ==Lt —
p

(Lt Bl — 2 — pBlfu"" = 7 + p0(1+ 0) " — w2

1_7p||un+1 _unH2'

p

2P — pllut — 22 + pB(1L + O)||u” — w2 > 1.

= furt = 2] = (14 p0) " — z|? + pbl|u "t — z||?
+p0(1 + ) [[u™ ! — u||2 = pB(1 + ) u" — u" |2
]__
< =Pt 2 4 pf(1+ 0) [t — w2
P

1_
= (o) e e
p

By the condition that p € (0, %) and 6 € [0, 1], we obtain

By (3.21), we have

- <1;” 001 +0)) >0,

Yot — Tn < —offu™ —u™|?

(4.2)

(4.3)

(4.4)

(4.5)

(4.6)

(4.7)

(4.8)

(4.9)

(4.10)
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Therefore, {1, } is non-increasing. Similarly,
T = |lu"—z|* = pfllu" ™" = 2|* + pf(1 + ) Ju" — u"H?

> " —z|® = pfllu" — 2.

Define € := pf < 1. From (4.11), we have
Jur =2l < pBllut — &+ T
< eumt = Z)P 4Ty

< Ml —zP+ 1+ €T
< |l - z|* + 1’1;1 :
Note that
Topr = [u"™ =) = pbllu” — 2|* + pf(1 + ) " — u|* = —pfju” — 2

and this means from (4.13) that
Yoy < pfllu” — |

= ellu" — 2z

6T1
1—¢

IN

En—HHuO _ j,HQ +

By (4.10) and (4.13), we get

k
T
O,Z Hun+1 _ unHZ < Ty — TkJrl < 6k+1Hu0 _ ‘%HQ + 1%
n=1
This implies
oo
T
Sl - P < < oo
o(l—e)
n=1
Therefore
lim [l — ™| = 0.
n—oo
From Algorithm 4.1, we get
12" — u™| = 0||u™ — ™Y = 0, n — +oo.
Also
lu™ =2 <l =+ " =] =0, n— 00
and

n

1
|o™ = 2" = f||u"'H —2"| =0, n— .
p

From (3.20), we get
[t = 2> < (1+ p0)||u" — Z||* = plu" "t = Z||* + 2f|u" — w1,
Using Lemma 3.4 in (4.18) (noting (4.14)), we get

lim [Ju" —Z||* = ¢ < 0.
n—oo

11

(4.11)

(4.12)

(4.13)

(4.14)

(4.15)

(4.16)

(4.17)

(4.18)
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Hence, {||u™ — Z||} is bounded. Therefore {u"} is bounded. O

Theorem 4.4. The sequence {u"} generated by Algorithm 4.1 converges globaly to a point in Q0 when
Assumption 3.1 is satisfied.

Proof. Following same line of arguments as in Theorem 3.5, we obtain the desired conclusion. g

5. NUMERICAL EXPERIMENTS

In this section, we provide computational experiments by comparing our proposed Algorithm 3.2 with
the existing state-of-the-art Algorithm 1.1 (proposed in [12]) and Algorithm 1.2 proposed in [17] using
test examples below. Numerical experiments were carried out on MATLAB R2015a version. All pro-
grams were run on a 64-bit OS PC with Intel(R) Core(TM) i7-3540M CPU @ 1.00GHz 1.19 GHz and 3GB
RAM. All figures were plotted using the log log plot command.

5.1. Application in Oligopolistic Equilibrium. The Nash-Cournot oligopolistic market equilibrium
assumes that there are n companies producing a common homogeneous commodity (see, for example,
[19, 26]). For i € {1,...,n}, company i has strategy set D; C R, a cost function ¢ defined on
the strategy set D = II | D; of the model and a profit function f; that is usually defined as price
times production minus costs (of producing the considered production). Each company is interested in
maximizing its profit by choosing the corresponding production level under knowledge on demand of
the market and of production of the competition (seen as input parameters). A commonly used solution
notion in this model is the celebrated Nash equilibrium. A point (strategy) = (Z1,...,Z,)7 € D
is said to be a Nash equilibrium point of this Nash-Cournot oligopolistic market model if f;(z) >
fi(z]z;]) Yx; € D;, i =1,...,n, where the vector Z[x;] is obtained from Z by replacing z; with ;.
Using similar ideas in [12, 19, 26], the problem of determining a Nash equilibrium of a Nash-Cournot
oligopolistic market situation can be recast into a mixed variational inequality of type (1.1), where the
involved operator captures various parameters and additional information and the function % is the
sum of the cost function of the considered companies, each of them depending on a different variable
that represents the corresponding production.

Following the oligopolistic equilibrium model in [26], let us we consider a mixed variational inequal-
ity corresponding to Nash-Cournot oligopolistic market equilibrium model with 5 companies, whose
cost functions are defined as

©01:[0,2] = R, 1
@Z:R_)Ra Y2
@3 :[1,2] = R, p3(x

2 . (5.1)
@4R4)R pa(z) = 2 if |$|§1,
’ z| — %, otherwise,
2

@5 :0,2] > R, ¢s5(z) =8 -1

As explained in [12], the cost functions 1, @3 and @5 are prox-convex while w9 and ¢4 are convex.
Functions ¢ and @3 were employed in the similar application considered in [26] (following the more
applied paper [2]) as (DC) cost functions for oligopolistic equilibrium problems, while ¢4 is the Hu-
ber loss function (cf. [14]) that is used in various contexts in economics and machine learning for
quantifying costs. The model also includes functions with negative values such as ¢ that quantify
the possibility of having negative costs, for instance in case of a surplus of energy on the market (as
discussed in the recent works [1, 6]). As done in [12], we consider the involved convex cost functions
defined over the whole space.

In our numerical experiments for solving MVI (1.1) (which we denote as (OM P) in this case as called
in [12]), F(z) = Az, z € R® with A € R>*5 a real symmetric positive semidefinite matrix of norm
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1 (for simplicity) and h(z1, ...,25) = 3 o_; i(2;). In each experiment, the matrix A is randomly gen-
erated and scaled in order to have L = 1. The proximity operator of (the separable function) h has as
components the ones of the involved functions, which are known (cf. [5, 12, 24]). Also, we consider the
following two cases of initial points:

Case A: u¥ = (1,23,1.4,39, 1), u! = (0,32,1.8,22,0).

Case B: u® = (0.1,2,2,2,0.1)", u! = (0,0,1.9,0,0)7.

TaBLE 1. Computational Results

No. of Iterations Parameters |Xnt1 — xnll2 Time(secs)
50 a=2;0=0.05p=1.3 7.91e — 08 1.5858
a=4;0 =0.05;p=1.3 1.08¢ — 08 1.3530
100 a=2;0=0.05p=1.3 6.55e — 09 2.9380
a=4;0 =0.05;p=1.3 6.18e — 09 2.8734

Convergence in R’ Convergence in R’
T T

— % — Algorithm 3.2
—+ — Algorithm 1.1
Algorithm 1.2

— % — Algorithm 3.2
—+ — Algorithm 1.1 3
Algorithm 1.2 100

Huuﬂ —u"

H“" S u|
=
IS

10710 . . 10710 .
100 10! 102 100 10’ 102

Number of iterations (n)

FIGURE 1. o« = 2, 8 = 0.005 and
p=13

Number of iterations (n)

FIGURE 2. o« = 4, 8 = 0.005 and
p=13

6. FINAL REMARK

In this paper we showed that forward-backward-forward splitting method with inertial extrapolation
can be adapted to solve non-convex mixed variational inequalities. Global convergence results of the
sequence of iterates generated by the proposed method is given and some numerical illustrations are
also given. It can be easily seen from the graphs that Algorithm (3.1) performs better in the long run
with a better choice of alpha. It can also be observed that appropiate choice of alpha speeds up the
convergence. Finally, One of our proposed methods contains the possibility of § = 1 which is not
covered before in the literature.
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Convergence in R’ Convergence in R’
102 T T 102 T T
— % — Algorithm 3.2 — % — Algorithm 3.2
F = —k —+ - Algorithm 1.1 = K —+ — Algorithm 1.1
100 Ng Algorithm 1.2 100 T Ny Algorithm 1.2
1021 1 10 1
104 1 T‘ 104t |
100 1 108 1
108} 1 108} 1
10710 . L 10710 . .
10° 10’ 102 100 10° 102
Number of iterations (n) Number of iterations (n)
FIGURE 3. a = 2, § = 0.005 and FIGURE 4. a = 4, § = 0.005 and
p=13 p=13
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