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1. Introduction

Data classification is an important data mining technique with a wide variety of applications to
classify the different kinds of data that exist practically in all aspects of our life. It has been recognized
as a critical topic in machine learning and data mining.

We begin by reviewing the history of various mathematical models and related techniques used for
this purpose. Convex bilevel optimization problem plays an important role in real-world applications.
It can be applied to data classification, see for example [1-4]. The convex bilevel optimization problem
consists of the constrained minimization problem known as the outer level,

min ¢(u0), (1.1)
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where H is a real Hilbert space, ¢ : HH — R is a strongly convex differentiable function, and A is a
nonempty set of minimizers of the inner level given by
arg Illr%nin{cp(u) + ()}, (1.2)
ueR™
where ¢ : R” — R is convex differentiable function such that Vo is L,-Lipschitzian and ¢ € I'o(H),
the set of proper lower semicontinuous convex functions from # to R. Problems (1.1) and (1.2) are

labeled as a bilevel optimization problem.
Furthermore, the solution of (1.2) can be restated as the problem of finding & € A such that

0 € Vo(ir) + oy(ir). (1.3)

Parikh and Boyd [5] introduced the proximal gradient technique for solving (1.3), that is, & is a
solution of (1.3) if and only if &t € F(T) where T is the prox-grad mapping defined by

T := prox,,(I — tVy),

for t > 0, and §(7) is the set of fixed points of 7. It is well-known that if ¢+ € (0, 2), then T is

nonexpansive and F(7) = arg min{e(u) + Y(u)}. We also note that the set of all common fixed points
ueR™
of T, = prox, (I — sVy) is the set of minimizers of the inner level problem (1.2).

Furthermore, u € (7)) is a solution for problem (1.1) if u satisfies the condition
(Vo(u),v—u) >0, Yv e FT).

Hereafter, we would like to give some background on iteration methods for finding a fixed point of
the nonexpansive mapping 7', that is, finding a point #* € C such that Tu* = u*.

Let H be a real Hilbert space with norm || - || and inner product (:,-), and C be a nonempty
closed convex subset of H. One of the most popular iterative methods for finding a fixed point of a
nonexpansive mapping is the Mann iteration, which was first introduced by Mann [6]. Later, Reich [7]
modified it to the general version

Upp1 = Ay, + (1 — A,)Tu,, Yn>1, (1.4)

where u; € H and {A,} is a real sequence in [0, 1]. He proved the weak convergence of (1.4) under the
condition }”, 4,(1 — 4,) = co.

Later, Halpern [8] introduced an iterative method known as the Halpern iteration for finding a fixed
point of nonexpansive mappings in real Hilbert spaces. His algorithm was given in the following form:

Upey = Ay + (1 = A,)Tu,, Yn>1, (1.5)

where uy, u; € C and {4,} C [0, 1]. Under some condition on {A4,}, he established a strong convergence
theorem of (1.5) when u, = 0. Later, Reich [9] extended the Halpern iteration (1.5) to uniformly
smooth Banach spaces.

In 1974, by modifying the Mann iteration, Ishikawa [10] introduced the Ishikawa iteration process
as follows:

{ Vn = (1 - /ln)vn + /LITV”’ (16)

Upy1 = (1 - 5n)un +0,Tv,, Yn > 1,
where u; € H and {4,},{56,} C [0, 1].
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Moudafi [11] demonstrated a viscosity approximation method for a nonexpansive mapping in 2000,
which was defined as
Upyl = /lnf(un) + = A4)Tu,, Yn 2> 1, (17)

where u; € H,{A,} [0, 1], and f is a contraction mapping. He proved that, under certain conditions,
{u,} generated by (1.7) converges strongly to x € §(T).

By modification of the Ishikawa iteration, Agarwal et al. [12] presented the S-iteration process as
follows:

{ v = (1= A)u, + ,Tu,, (18)

Ups1 =1 =06)Tuy, +6,Tvy, Yn 21,

where {4,},{6,} < [0,1] and x; is arbitrarily chosen. Furthemore, they demonstrated that the
convergence behavior of the S-iteration is better than the iterations of Mann and Ishikawa.

Now, we would like to give some background on iteration methods to find a common fixed point of
a countable family of a nonexpansive mapping {7,,}.

Aoyama et al. [13] demonstrated a Halpern type iteration

Upp1 = Au+ (1 =A4,)Tu,, Yn>1, (1.9)

where {4,} C [0,1] and u; and u € C are arbitrarily chosen. Further, they showed that, under some
condition on {4,},x, — x € [ &(T,).
=1

Thereafter, Takahashi [14]_ demonstrated the iteration process
Upy1 = Aof(uy) + (1 = ,)T,u,, Vn > 1, (1.10)

where {1,} C [0, 1], and established a strong convergence theorem of (1.10) under some constraint
on {4,}.
In 2010, Klin-eam and Suantai [15] introduced the following algorithm:

(1.11)

Vo = /lnf(un) + (1 - 5n)Tnun,
Upv1 = (1 - 5n)vn + 5nTnvn’ Vn > 17

where {4,} € [0,1] and u; € C, and showed that, under certain conditions, {u«,} generated by (1.11)
converges strongly to a common fixed point of 7.

Polyak [16] developed an inertial methodology for improving the convergence behavior of the
method. From that time on, the inertial methodology was frequently employed to accelerate the
convergence behavior of methods, such as the fast iterative shrinkage-thresholding algorithm (FISTA)
defined as follows:

v, =Tu,,
; 1+ 1442
n+l - B s (112)
9 — th—1
n th+1 ’
Upe1 =V +0,(vy —vp1),Vn 2 1,

where u; = vy € R",#; = 1, and T = prox Ag(l — AVf) for A > 0. FISTA was introduced by Beck and
Teboulle [17], and they applied it to solve some image restoration problems where it was shown that
the performance of FISTA was better than the existing methods in the literature.
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A new accelerated viscosity algorithm (NAVA) was proposed by Puangpee and Suantai [18] for
finding a common fixed point of {7,}. It was defined as follows:

Vp =Uy+ gn(un - un—l)’
w, =0 -0o)v,+0,T,v,, (1.13)
Un+1 = /lnf(un) + 6nTnVn + ynTan, Vn > 1,

where uy, u; € H, and {0}, {1,},{9,,}, and {y,} C (0, 1). Moreover, they obtained a strong convergence
theorem of (1.13) under certain control conditions.

Polyak [19] also highlighted how multi-step inertial methods can accelerate optimization
approaches, despite the fact that neither the convergence nor the rate outcome of such multi-step inertial
methods are proven in [19].

After that, Q. L. Dong et al. [20] presented the general inertial Mann algorithm as follows:

Vp =Uy+ Hn(un - un—l)a
Wy =Uy+ é(n(un - Mn—l)’ (114)
Un+1 = (1 - yn)vn + ynT(Wn)

for each n > 1, where {6,} C [0,6],{,} C [0,{] with 6, =, =0,and 6, € [0, 1).

From here on, we would like to give a some direct methods to solve problem (1.1), namely,
the Bilevel Gradient Sequential Averaging Method (BiG-SAM) and the inertial Bilevel Gradient
Sequential Averaging Method (iBiG-SAM).

In 2017, Sabach and Shtern [21] presented the BiG-SAM process (Algorithm 1) as follows:

Algorithm 1 BiG-SAM

Input: u;, € R, 1, € (0,1),. € (0,--) and s € (0, Ljro).
Forn>1:
Compute:

Vo = Prox,(u, — tVLy(un)),
Upy1 = /ln(un—l - SV¢(un)) + (1 - /1,1)\/”.

They showed that u,, — u where u is a solution of (1.1) and (1.2).
Later, Shehu et al. [22] introduced iBiG-SAM (Algorithm 2) by utilizing an inertial technique with
BiG-SAM as follows:
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Algorithm 2 iBiG-SAM

Input: ug, uy € R, @ > 3,2, € (0, 1),0 € 0, £), s € (0, 2] such that {4,} and {e,} satisfying the
Assumption 1.1.

Forn>1:

Choose: 6, € [0, 6,] with §, defined by

: n—1 € 1
g = M2 ) AL U # e

n=l otherwise.

n+a—1

Compute:

Vi = U, + Gn(un - un—l)a

tn = prOXu/,(Vn - LV()D(Vn))’

Wy =V, = sVe(v,),

Uper = Awy, + (1 = A1,

They proved a strong convergence theorem of Algorithm 2 under Assumption 1.1 as follows:

Assumption 1.1. Suppose {4,},° | C (0, 1) and {€,},; | are positive sequences that satisfy the following
conditions:

(1) lim, e A, =0and Y, | A, = .
(2) € =0(4,), i.e., lim,_.(g,/1,) = 0.

Motivated by ongoing research in this area, we are interested in introducing a new accelerated
algorithm for solving convex bilevel optimization problems and applying it to solve data
classification problems.

The following describes the way this paper is organized: Section 2 contains some fundamental
definitions and helpful lemmas. The main results of this work are presented in Section 3. In this part,
we provide a new accelerated algorithm for solving convex bilevel optimization problems and prove
its strong convergence theorem. In Section 4, we also use our main finding to solve data classification
problems. Finally, Section 5 contains a conclusion of our work.

2. Materials and methods

Throughout this paper, let C be a nonempty closed convex subset of real Hilbert space H, and let
T : C — C be a mapping. Let the strong and weak convergence of {u,} to u € H be denoted by u, — u
and u, — u, respectively. A point u € C is said to be a fixed point of T if Tu = u, and the set of all
fixed points of T is denoted by F(7).

A set C is said to be convex if au + (1 —a)v € C forall u,v € C and a € [0, 1].

Definition 2.1. Let f : H — R. Then, the function f is convex on C if

FQu+ (1= W) < Af@) + (1 — (), Yu,v € C and A € (0, 1).
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Definition 2.2. A function f : H — R is strongly convex with constant o > 0 if for any u,v € H and
A€0,1],

fAu+ A =Dv) < Af(w) + (1 - D fv) = A1 = Dllu - v|[%.

Definition 2.3. For a scalar-valued function f : R” — R, the derivative of f at u is denoted by
Vf(u) € R™ and is defined as

L L@+ = f@) = V@, hy

0.
[I2ll—0 ||A|

A function f is differentiable if it is differentiable at every u € R™.

Definition 2.4. Let f : R" — R be convex differentiable. The gradient of f at u denoted by V f(u), is

defined by
ofw
“our
Vi) = :

af(u)
ouy,

Hereafter, we will recall some important definitions, lemmas, and propositions that will be used to
prove our main results.

Definition 2.5. If there exists T > O such that
|[Tu—Tv|| < 1llu—vl|, Yu,v € C,

T : C — C is said to be Lipschitzian.

In the above inequality, if 0 < 7 < 1, T is called a contraction, and if T = 1, T is called
nonexpansive. It is known that §(7T') is closed and convex if 7 is nonexpansive.

Definition 2.6. Let u € H. An element u* € C is said to be a metric projection of u on C if
" = ull <llv—ull, VveC,

and u” is denoted by Pcu.

The function Pc is called the metric projection of H onto C and it is well-known that Pc is
nonexpansive. Moreover,
{(u—Pcu,v— Pcuy <0, 2.1

holds for all u € H and v € C. More information and properties of P can be found in [23].

For finding a common fixed point of a family of nonexpansive {7T,}, we need some important
conditions, one of which is the NST- condition introduced by Nakajo et al. [24].

Let {T,} and T be two families of nonexpansive mappings of H into itself with @ # F(I) C
Mowy &(T,) where §(T) is the set of all common fixed points of each 7 € T. We say that {7} satisfies
NST- condition (I) with T if for each bounded sequence {u,,}

lim |[u, — Tyl = 0 = lim ||u, — Tu,|| = 0, VT € T.

In particular, if T = {T'}, then {7} is said to satisfy NST- condition (I) with 7.
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Definition 2.7. Let ¢ € T'o(H) and ¢ > O . The proximitor of ty at v € H, denoted by prox,,(v), is
defined as

prox,,(v) = arg min S ¥(u) + e — vIF .
v ueH 2t

The forward-backward operator T' of ¢ and  with respect to 7 is denoted by T := prox,, (I — V).
Futhermore, if t € (0,2/L,), where L, is the Lipschitz gradient of ¢, it is generally known that T is
nonexpansive.

The following lemma is required to prove our main results.

Lemma 2.8. [25,27] The following holds with u,w € H and any arbitrary real number A € [0, 1] :
(1) 1A+ (1 = Dwl? = Al + (1 = Dlwl* = A0 = Dlle — wil;
(2) llu £ wlP* = llull® £ 2u, w) + [Iwll*;
(3) llu+wi> < |lull® + 2{w, u + w).

The following equality holds for all u, v, w € H by utilizing Lemma 2.8 (1):
llau + By + ywl* = allull® + BIVIF + ylIwll* = aBllu — vIIF = Bylly = wil* — ayllu —wl,  (2.2)

where @, 8,y € [0, 1] witha +8+7y = 1.

Lemma 2.9. [26] Let y € T'y(H), and ¢ : ‘H — R be convex differentiable such that Vo is L,-
Lipschitzian with L, > 0. Let {c,} C (0,2/L,) and ¢ € (0,2/L,) such that ¢, — c¢. Define T, =
prox,,, (I = ¢,V), then {T,} satisfies NST-condition (I) with T, where T := prox (I — Vo).

Lemma 2.10. [18] Let T be a nonexpansive mapping, and {T,} be a family of nonexpansive mappings
such that @ #+ §(T) c (., §(T,). For any subsequences {k} of {n}, if {T,} satisfies NST-condition (I)
with T, then {T} also satisfies NST-condition (I) with T.

Proposition 2.11. [2]1] Let ¢ be a strongly convex differentiable function from R™ into R with
parameter o > 0 such that V¢ is Ls-Lipschitzian. Define Ty = I — sV$, where I is the identity
mapping. Then, T is a contraction for all s < Ld)%, that is

2s0Ly
llu = sVh(u) = (v = sVpW))Il < 4[1 = lle = vIl, Yu,v e R™.
o+ L¢

Lemma 2.12. [28] Let T : H — H be a nonexpansive mapping with F(T) # @. Then, I — T is
demiclosed at zero, that is

ety — Tuy|l = 0 = u € F(T),
for any sequences {u,} € H such that u, — u € H.

Lemma 2.13. [29, 30] Let {p,},{{.} be sequences of nonnegative real numbers, {a,} a sequence
in [0, 1], and {q,} a sequence of real numbers such that

Pn+1 < (1 - an)pn + @pgy + 1y,

for all n € N. If the following conditions hold,
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(1) 2ply @ = 00;

(2) Xpy Tn < 095

(3) limsup,_,., g, <0;
then lim,_,, p, = 0.

Lemma 2.14. [31] Let {9,} be a real sequence of numbers that does not decrease at infinity in such
a way that there is a subsequence {9,,} such that ¥, < U, for all k € N. Define the sequence
{m(n)}nzny Dy

m(n) :=max{j < n:¥; <P},

where ny € N such that {j < ng : 9; < 9.1} # @. Then, the following hold:
(1) n(ng) <m(ng+ 1) <... and n(n) - oo;

(2) 1971(,1) < ﬂ,r(n)ﬂ and ﬁn < ﬂ,r(n)ﬂfor all n > nyp.
3. Results

In this part, we propose a new accelerated algorithm for finding a common fixed point of a
family of nonexpansive mappings in H by using the two-step inertial methodology with the viscosity
approximation method. Second, we establish a strong convergence theorem under relevant conditions.

To do this, we start by introducing a new two-step inertial algorithm for estimating a solution for a
common fixed point problem (Algorithm 3).

Throughout this section, let {7} be a family of nonexpansive mappings on H into itself. Let f be a
T-contraction mapping on H with 7 € (0, 1), {n,} € (0, o), and {4,,}, {5,.}, {t.} C (O, 1).

Algorithm 3 Two-step Inertial and Viscosity Algorithm
Initialize : Take u;, up, u_, € H. Let {u,} C (0, ) and {p,} C (—o0,0).

Forn>1:
Set
1 n/ln 1 .
0 _ mln{,um ||u,,n—un,1||} if Uy # Up-1;
n - .
Un otherwise.
— 71/1)1 1 .
( _ maX{Pn, m} if Up #F Up-1;
n .
N otherwise.
Compute

Vp =Uy + en(un - un—l) + {n(un—l - un—Z)»
W, = Lnf(vn) + (l - Ln)TnVn,
Uppr =10 -4, -6 ) v, + A, T,w, +06,T,v,.

Next, we prove a strong convergence theorem of Algorithm 3.
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Theorem 3.1. Let T : H — H be a nonexpansive mapping with F(T) # @. Assume that @ #
S(T) c ey &(T,) such that {T,} satisfies NST-condition (I) with T. Let {u,} be a sequence generated
by Algorithm 3 such that the following additional conditions hold:

(1) limy e 1, = 0,
(2) lim,et, =0and 3,7 t, = o,
(3) 0 <a< A, for some a € R,
(4) 0<b<d,<A,+6,<c<1forsomeb,ceR,
then the sequence {u,} — u € §(T) such that u = Pxr f(u).

Proof. Let u € §(T) such that u = Pgq)f(u). First, we show that {u,} is bounded. According to the
definitions of v,, and w,, we obtain

e —ull = My + 0,(uty — 1) + &a(utyy — up—2) — ulf 3.1)
<y = ull + Oplluy, — i ll + 15 Ntn-1 — w2l '
and
”Wn - u” = ”Lnf(vn) + (1 - Ln)TnVn - Lt”

< wllfn) = F@I + aall f (@) — ull + (1 = e )IT v, — ull
< Tlve = ull + Gl f @) = ull + (1 = g)llv, — ull (3.2)
= (I =0 =)l — ull + el f () — ull
< e = ull + Gl f (@) — ull.

We also know from (3.1) and (3.2) that

lper —ull = A Tawy + 6,Tyvn + (1 = Ay = 6,)vy — ull
< /ln”Tan - I/l” + 5n||Tnvn - I/l” + (1 - /ln - 5n)||vn - I/t”
< /lnllwn - Lt” + 5n||vn - Lt” + (1 - /ln - 5n)||vn - I/t”
= Aallwn —ull + (1 = )V, — ull
< A=A =De)llve — ull + 6l f () = ull)
+(1 - /ln)”vn - Mll
= (I = =) Au)l[ve = ull + Antallf () — ul| (3.3)
< (I = =D Au)lluy — ull

+(1 = (1= D)) Onllity = sy 1 lI+1] ity =t oll]
+utall £ (1) =

(1= (1 = D) Ayt — ul

+(1 = D) Aty =0 ety — 1|

-0 Auta) _ 1 I/ )=l
+(1 =) At [ =0 g,y =0, o+ 2]

In accordance with Assumption (1) and the definition of 8, and ¢,, we have

Ot = sy 11l — 0 and
2, 2

Then, positive constants M, M, exist such that

lttp—1 — p—2|| = 0 as n — oo.

0, |2l
— |y, — up—1ll < My and =—|lu,—1 — u,—|| < M,.
A, Ay
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From (3.3), we have

IA

I-a- T)/lntn)llun — ull
+(1 _T)/l Lnﬁ L ”un Up— 1”
+(1 = D) A, [

”un+l - Lt”

lllun 1~ Up-2 ||+||f(u) ull]

1-7 /1
< (1= =Dty = ull + (1 = DAy, [W]
< max{||u, — ul), LAy
< max{||u; — ul|, MG -uly

1-7

where & = sup
bounded.
Using Lemma 2.8 (2), we also have

{—1_(177)’1”‘" }. As aresult, {u,} is bounded. Moreover, {v,}, , {f(u,)}, and {T,v,} are all

e —ull? = Ny + 0,y — thyey) + &ty — tn—2) — ull®
< ”un_u”2+29n<un_u’ un_un—l>+2§n<un_u» Up—1 _un—2>
HO (U — 1) + &1 — thy—2) — ull?
<ty —ulP 426, (=t =ty Y+ 285ty — Ut Uy —U—)
+95”un - un—l”2 + 29n§n<un — Up—1,Up-1 — un—2> (34)
+ |ty — ol
< Nl — ull® + 26, llu, — ull-lluy — il

+2 |§n|”un - u”'”un—l - un—2” + 9%”% - un—lllz
+29n|§n|”un - un—l”'”un—l - un—2”+§y%||un—l - un—lez-

Using Lemma 2.8 (3) and (3.4), we have

”/lnTan + 5nTnvn + (1 - /ln - 6n)vn - I/t||2

/ln”Tan - u”2+5n”Tnvn - u||2+(1_/ln_5n)|lvn - I/l||2
/1n||Wn - I/t||2 + 5n||Vn - Lt||2 + (1 - /ln - 6n)||vn - u”2
Aallwy, — ul? + (1 = A)llv, — ull?

/lnlltnf(vn) + (1 - Ln)Tnvn - u”Z + (1 - ﬂn)llvn - u”Z
llea(f W) = f@) + (1 = 6Ty, — w1
2,0, f () — 1, Wy, — iy + (1 = )V, — ul?

el fn) = QI + (1 = e)IT,v, — ull*]
+22ut,( f ) = 1, Wy — 1) + (1= A)Iv,, — ull? (3-3)
At TV — ull® + 2,(1 = 0y, — ul?

+ 2,0, f () — 1, Wy, — iy + (1 = )|V, — ul?

= (1= =DAut)llvy — ull® + 22,6, f () — u, wy, — u)
= (I-(- T)/lntn)[llun — ullP+26,llu, — ull-lluy — |
+21 8l ety — wall- ety = thall + O2llety, — 14,11
26001 it =t -ty =21+t =021
+2 4,0, f () — u, w, — u).

441 — ull?

I VAN VAN |

IA IA I

IA

Since
9n
enllun_un—lll = Ay ||un un—l” > 0
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and

Zallletny = tnall = Ay Bflty g = 1ty o]l > 0

as n — oo, there exist positive constants M3, M, such that

Gn”un — Up—1 ”

<
|{n|'|lun—l - un—2|| <

M,.

It follows from (3.5) that

g1 —ull> < (1= (1 =) Aty — ull?

+(1 - (1 - T)/lntn)en”un - un—l”
X2ty — ull + Oplltty — w1l + 18l N1ty — 011
+(1 - (1 - T)/lntn) |{n|'”un—1 - Ltn_2||
X2y — ull +18| - Nttg-1 — tn-sll)
+2 4,0, f () — u, w, — u)

< (1= (1 =D A)lltty — ul? (3:6)
+(1= (1= k) At | SM 5O llty = 1 [1+3Ms |-l = 0o
+2,0,{f (1) — u,w, — u)

< (1= =)l — ull?

5Msé 6, M f
(1 =) At B 2 oty = 10,1+ 22 g,y — 1,

1-7 /l_n -t A,

+li_T<f(u) - U, W, — u}],

where Ms = max{sup ||, — ul|, M3, M,}. From (3.6), we set

n

Pn = ”Mn - u”Z, a, = (1 - T)/lntn

and
. S5M. 3M.
Gn = 2220,y — sy ||+ 22 |L oty — ol + (W) — w, Wy, — 1),
Hence, we obtain
DPn+1 < (1 - an)pn + anqy. (37)

After that, we examine the following two cases:
Case 1. Assume there is an ny € N such that the sequence {||u, — ull},>,, is nonincreasing. As a result,
{llu, — ull} converges since it has boundaries from below by 0. We infer that }, 7, @, = oo, by using
Assumptions (2) and (3). Then, using Lemma 2.13, we assert that

lim sup{f(u) — u,w, —u) <0.

n—oo

Indeed, by (3.2), we have

(ve = ull + el f @) = ul)* = v, — ull?
20,lv, = ull- |l f () — ull + 211 () = ull*.

W, — ull® = v, — ull?

IIA

(3.8)
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By Lemma 2.8 (1), (3.4), and (3.8), we have

This implies that

||un+1 - M”2

IA I

IA

IA

IA

”/lnTan + 6nTnvn + (1 - /ln - 6n)vn - ullz

/ln”Tan - u”2+6n||TnVn - u”2+(1_/1n_5n)”vn - u”Z
_6n(1_/111_5n)”vn - TnVnH2

ﬂnllwn - u||2 + 5nllvn - I/l||2 + (1 - /ln - 5n)||vn - u”Z
_5n(1 - /ln - 5,,)”\/'" - TnVn”2

/lnllwn - u“Z + (1 - /ln)llvn - u”Z

_6n(1 - /ln - 6n)||vn - Tnvn||2

Aalllwn =l = lv, = ull?]

Hlety — ull® + 26, |y, — ull-lluty — 14,1 (3.9)
+2 Ll ety = wll- ety — ol + 3|1ty — 11|
+20n|{n|'”un_un—ln'”un—l_un—2||+é/3”un—l_un—2”2
_6n(1 - /ln - 6,,)”\/',, - Tnvn”2

21V = wll-11f ) = ull + At |1 f () = ull?

Hllity = ull* + 26, llu, — wll-llety, = s |

+2151 oty = wll- ety = ttoall + Ol = |
+29n|§n|'”un_un—l”'“un—l_un—2”+§5”un—l_un—2”2
_6;1(1 - /ln - 6n)||vn - TnVn”z-

5n(1 - /ln - 5n)||vn - Tnvnll2 < 2/lnLn||vn - ullllf(u) - I/l” + /lnlyzz“f(u) - u”2

Hllety = ull® = lletysr — ull?

+0n||un - un—l” (310)
Xy — ull + Oplluy, — wnrll + 21800 llty-1 — un-ll)

+ 18l Netn-1 = w2l — uall + 18] - Nety-1 = wn-2lD).

Assumptions (2) and (4), as well as the convergence of the sequences {||u, — u||} and the fact that
Onllty, — 1|l = 0 and |Z,|-||up-1 — up—2l| — 0, imply that

vy = Tv,ll = 0asn — oo. 3.11)

Since {T,} satisfies NST-condition (I) with 7', we obtain

[lv, = Tv,|| > 0asn — oo. (3.12)

As a result of the definition of v, and w,,, we have

”Vn - Wn”

We can conclude from (3.11) and Assumption (2) that

AIMS Mathematics

= ”Vn - Lnf(vn) - (1 - Ln)TnVn”
3.13
< LllF0) = vall + (1= L)ITv, = vall G.13)
[V, = w,|]| > 0asn — oo, (3.14)
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By definition of u,,, we have

||un+1 - Vn” < ”un+1 - Tnvn” + ”Tnvn - Vn”
= ”/lnTan + 5nTnvn + (1 - /ln - 5n)vn - Tnvn”
+||Tnvn - Vn”
1
< ATwn = Tovall+ (1= Ay = 8,)ITwv, = vl G-15)
+||Tnvn - Vn”
< Anllwn - vn” + (2 - /ln - 6n)||Tnvn - Vn”,
which implies
l|tte1 — Vull @ 0 as n — oo. (3.16)
We can also conclude the following fact from the definition of v,,:
”Vn - un” = Qn”un - un—l” + |5n|'”un—l - un—Z” — 0asn — oo. (317)
Hence,
letne1 — tnll < Mttpsr = vall + [V — uall- (3.18)
Set
V = limsup{f(u) — u,w, — u). (3.19)
So, there is a subsequence {w,, } of {w,} such that
V= /}im(f(u) — U, Wy, — U). (3.20)

Because {w,,} is bounded, there must be a subsequence {Wni} of {w,,} that satisfies Wn — W € H.
We can assume w,, — w and (3.20) hold without losing generality.

We may conclude from (3.14) that v,, — w, and we obtain that w € ¥(7) by using that fact and
Lemma 2.12. Furthermore, we obtain the following fact by using u = Py, f(u) and (2.1):

(V:/}im(f(u)—u,wnk —uy=(f(u)—u,w—uy <O0. (3.21)
Hence,
V = limsup{f(u) — u,w, —uy <0, (3.22)
which implies lim sup g, <0 by using 6,||u,, — u,,—1|| = 0 and |{,|-||tt—1 — u,—2|| = 0.

n—oo

Using Lemma 2.13, we can conclude that u,, — u.
Case 2. Assume that for any ny, the sequence {||u,, — ull},,, 1S not monotonically nonincreasing. We
define
O = lu, — ull*.

So, there is a subsequence {#,,} of {},} such that ¢, < 9, forallk € N. We definer : {n :n >
I’lo} - N, by
m(n) :=max{j eN:j<nd; <P}

For any n > ng, we have ¥,(,) < ¥y+1 by Lemma 2.14, that is

Nttriy = vl < Nlttrguyer = ull- (3.23)
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As in Case 1, by applying (3.23) we obtain
67r(n)(1 - /ln(n) - 67r(n))||v7r(n) - Tir(n)vﬁ(n)”2

< 2/17r(n)L7r(n)||v7r(n) - I/t””f(l/t) - bt” + /ln(n)L,zr(n)”f(u) - I/t||2

ety — ull* — letr(nye1 — ull*

FO0r )| Ur(ny — Un(my-1ll

X2ty = utll+ Oy () = ruy-1 11 +2 |{n(n)"||un(n)—1 —Un(n)-2l)

[ | ttrimy-1 = ey lltty = ull+ | Zxy | Nebm-1 = 211 (3.24)
2 A trny 1V = wll-1f ) = wall + Ayt |1 (1) = ul?

F0rw|thr(ny — Ur(ny-1l

X (2lttny = 1+ Oty =ty -1 1+2 | Zn

IA

'||M7r(n)—1 —Mn(n)—2||)

+|§n(n) '||Mn(n)—1—Mn(n)—2||(2||un(n)—u||+|§n(n) '||Mn(n)—1 - Mn(n)—2||),
which implies
||V7r(n) - Tn(n)vn(n)” — 0asn — oo. (325)
Similar to the proof in Case 1, we get
”Vﬂ(n) - Wﬂ(n)” - O, (326)
|ttr(my+1 = Vall = O, (3.27)
and
”vﬂ(n) - uﬂ(n)” - 09 (328)
as n — oo, and so
ttr(ny+1 — Unmyll = O as n — oo, (3.29)

As in Case 1, we then demonstrate that lim sup{f(u) — u, Wy — u) < 0. Set

n—oo

V = limsup{f(u) — u, Waeyy — u). (3.30)

n—oo

There exists a subsequence {wy )} of {wy,)} such that wy;) — w € H and
V= tlim(f(u) — Uy W) — U). (3.31)

By Lemma 2.10, {T,} satisfies NST-condition (I) with 7. Due to inequality (3.24), [|[Vz¢) —
Trsvrwll — 0, and we obtain
Vrey = Tvall = 0 as t — oo. (3.32)

As in Case 1, we can conclude from (3.25) that v, — w, and w € &(T). Using u = Pgr)f(u)
and (2.1), we obtain

V= tlim(f(u) — Uy Wy — u) = {f(u) —u,w—uy <0. (3.33)
Then,
V = lim sup{f(u) — uy Wa(ny — ) < 0. (3.34)

Since V() < Frny+1, and from (3.6) along with (1 — 7)Azg)trm > 0, we obtain
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2 5M. 97r n
ity — wl? < 3= _””(1")) ttany = U1
3Msé .{n(n)l ||M7r(n)_1 _ uﬂ'(n)—Z” (335)

1-7 Az
2
+7 W) = tt, Wiy — u).

|.(rr(n) |
’ ﬂn(n)

From

lt(n)-1 = Ury—2ll — 0O, and (3.34), we obtain

O
ﬂ;r(:)”lln(n) = Un(y-1ll = 0

lim sup ”un(n) - u”2 <0,

n—oo

and so ||uzy — ull = 0 asn — oo.
This implies by (3.29) that ||uz(,)+1 — ull = 0 as n — oo. From Lemma 2.14 (2), we get ¥, < Grg1+1,
that is,
et — ull < ||ty — ull > 0 as n — oo.

Therefore, u,, — u. m]
For solving the problem (1.1), we assume the following assumptions:
Assumption 3.2. Let ® be the set of all solutions of problem (1.1) where
(1) ¢ : R™ — R is strongly convex with parameter oy > 0,
(2) ¢ is a continuously differentiable function such that V¢ is Lipschitz continuous with constant L.
For solving the problem (1.2), we assume:
Assumption 3.3. Let A be a nonempty set of minimizer of problem (1.2).

(1) ¢ : R" — R is convex and continuously differentiable, and V¢ is Lipschitz continuous with
constant Ly,

(2) Y € TH(R™).
Next, we will present an algorithm (Algorithm 4) for solving problem (1.1).

Algorithm 4 Two-step Inertial Forward-Backward Algorithm

Input : ¢, € (0, %), s € (0, L(,,% .

Initialize : Take u;, up, u_; € R™. Let {u,} C (0, 0) and {p,} C (=0, 0).

Forn>1:
Set
1 T]n/ln 1 .
9 _ mln{/ln’ ||un—Lln—1||} if Uy F Uy-1;
n - .
n otherwise.
_nn/ln 1 .
L = max{py, =it i # -
n - .
. otherwise.
Compute

Vp = Uy + Qn(un - Mn—l) + Z;n(un—l - un—Z)’
w, =4 - SV¢)(yn) + (1 =) Proxcnw(l - chQD)Vna
U1 = (1 =2, = 6,)vy + A, prox, , (I — . Vo)w, + 6, prox, ,(I — & Vo)v,.
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Theorem 3.4. Let ¢ be a function satisfying Assumption 3.2, and ¢ and W be functions satisfying
Assumption 3.3. Let {c,} C (0, L%) and ¢ € (0, Ll) such that ¢, — casn — oo. Let {u,} be a sequence
generated by Algorithm 4 with the same conditions as in Theorem 3.1. Then, u, — u € ©.

Proof. Set T, = prox, ,(I — ¢,V), T = prox (I — cVy) and f = I — sV¢. In addition, we know that T,
and T are nonexpansive mappings. We also know from Lemma 2.9 that 7, satisfie NST-condition (I)

250 Ly 2
0'+L¢ and S S L¢+O'.

Theorem 3.1 clearly demonstrates that u, — u € §(T'), where u = Pg7)f(u). We next claim that u € ®.
By using (2.1), we have for any v € &(T')

with 7. According to Proposition 2.11, f is contraction with constants 7 = /1 —

(fw)—u,v—uy < 0,
({—=sVo)u) —u,v—uy = 0,
(=sVo(u),v—uy = 0, (3.36)
(Vé(u),v —uy > 0.
Therefore, u is a solution of problem (1.1). O

4. Application in data classifications

In this section, we utilize our algorithm as a machine learning algorithm for data classification of
Parkinson’s disease and diabetes, and compare its effectiveness with BiG-SAM and iBiG-SAM.

Let {(xt, %) € R" X R™ : k = 1,2,...,s} be a training set with s samples, with x; representing
an input and #, representing a target. The mathematical model of single-layer feedforward neuron
networks (SLFNs) is given by

h
op = Zajg(<wj,xk) +bj), k=1,2,...,s5,

J=1

where oy, is an output of ELM for SLFENS, 4 is the number of hidden nodes, g is an activation function,
b is the bias, and «; and w; are the weight vectors connecting the j-th hidden node with the output and
input node, respectively.

The hidden-layer output matrix denoted by H, is given by

glwi, x1) +by) -+ glwp, x1) + by)
H = : :
g(<0)1, xs) + bl) e g((wh, xs> + bh)

sxh

N
The target of standard SLFNs is to approximate these s sample with zero means, thatis, )’ |ox—#| =
k=1
0. Then, there exists @}, w;, and b; such that

h
t = Zajg((wj,xk) +bj), k=1,2,...,s.
=1

We could derive the following simple equation from the s equations above:

Hu=T, 4.1
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where u = [af, -+ ,a] 1", T=[t],--- el ]".

For solving ELM, it is necessary to calculate only the u that satisfies (4.1) with random w; and b;.
If there is a pseudo-inverse H" of H, u = H'T is the solution of (4.1). If H* does not exists, we can
obtain a solution in terms of the least squares problem, that is,

min |[Hu — T2. (4.2)

In machine learning, model fitness plays an essential role for training set accuracy. We cannot
employ an overfitting model to predict unknown data; instead, we utilize the most common technique
known as the least absolute shrinkage and selection operator (LASSO). It is formulated as

min |[Hu — TII3 + Allull;, (4.3)

where || - ||; is the /;-norm defined by ||(xq, ..., x)| = Zn] |x;|, and A > 0O is a regularization parameter.
i=1

We may simplify problem (4.3) to problem (1.2) by setting ¢(u) := ||[Hu — T||3 and ¢(u) := Allul|;. For
problem (1.1), we set ¢ := %llull% with Ly = 1 and oy = 1.

In this experiment, we aim to classify the datasets of the Parkinson’s disease and diabetes from UCI
and Kaggle, respectively.
Parkinson’s disease dataset. [33] There are 195 examples in this dataset, all of which have 22 features.
We classified two types of data in this dataset.
Diabetes dataset. [34] There are 768 examples in this set, all of which have 8 features. We classified
two types of data in this dataset.

In this experiment, we establish the default settings by selecting the most advantageous choice for
any parameter of each algorithm in order to reach the best level of performance, as follows:

(1) For inner level: Vo(u) = 2H” (Hu — T) and L, = Amax(H'H), the maximum eigenvalue of H"'H.
(2) For Algorithm 1 (BiG-SAM) and Algorithm 2 (iBiG-SAM):

1 1
t=—andA4, = —.
L, n

(3) For Algorithm 4 (our algorithm):

_ 1 _ _ 1
/ln—05+Fnz; 0,=09-4,, ¢, = 3>
My = %, Un = nf;il, p, = —0.0001.

_ 1
cn_z’

(4) For all algorithms:
e Regularization parameter: A = 107,
e Hidden nodes: i = 30.
e n =500, =3, and s = 0.01.

e 10-fold cross-validation.

AIMS Mathematics Volume 9, Issue 4, 8476-8496.



8493

The following experiment uses the Parkinson’s disease and diabetes disease datasets. We compare
the effectiveness of Algorithms 1, 2, and 4 at the 500th iteration, as shown in Tables 1 and 2.

Table 1. The efficacy of each algorithm at the 500th iteration with 10-fold CV on the
Parkinson’s disease dataset.

Algorithm 4 BiG-SAM iBiG-SAM
acc. train  acc.test acc. train acc.test acc. train acc.test
Fold 1 86.93 94.74 85.80 94.74 85.80 94.74
Fold 2 86.29 75.00 86.29 75.00 86.29 75.00
Fold 3 86.86 85.00 86.86 85.00 86.86 85.00
Fold 4 88.57 85.00 87.43 85.00 87.43 85.00
Fold 5 84.57 95.00 84.00 95.00 84.00 95.00
Fold 6 86.86 85.00 86.86 85.00 86.86 85.00
Fold 7 88.07 78.95 87.50 78.95 87.50 78.95
Fold 8 85.23 89.47 84.66 89.47 84.66 89.47
Fold 9 87.50 84.21 85.80 84.21 85.80 84.21
Fold 10 84.66 89.47 84.66 84.21 84.66 84.21

Average acc. 86.55 86.18 85.98 85.66 85.98 85.66

Table 2. The efficacy of each algorithm at the 500th iteration with 10-fold CV on the diabetes

dataset.
Algorithm 4 BiG-SAM iBiG-SAM
acc. train acc.test acc. train acc.test acc. train acc.test
Fold 1 77.46 67.11 77.02 67.11 77.02 67.11
Fold 2 76.12 71.43 75.40 71.43 75.40 71.43
Fold 3 78.15 74.03 77.13 74.03 77.28 74.03
Fold 4 75.69 68.83 74.24 67.53 74.24 67.53
Fold 5 74.38 77.92 73.23 77.92 73.23 77.92
Fold 6 74.53 84.42 73.81 83.12 73.81 83.12
Fold 7 76.56 76.62 76.12 74.03 76.12 74.03
Fold 8 75.83 79.22 75.54 79.22 75.83 79.22
Fold 9 75.11 79.22 75.11 76.62 75.11 76.62
Fold 10 75.58 75.00 73.70 68.42 73.70 68.42

Average acc. 75.94 75.38 75.13 73.94 75.17 73.94

The results of Tables 1 and 2 reveal that Algorithm 4 provides a better accuracy for data
classification than the others.

5. Conclusions

We provide a new two-step inertial accelerated algorithm in this paper. First, we analyze the
convergence behavior of this algorithm and establish the strong convergence theorem under relevant
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conditions. Next, we utilize our algorithm as a machine learning algorithm to solve data classification
problems of some noncommunicable diseases and compare its efficacy with BiG-SAM and iBiG-SAM.
We find that our algorithm outperforms BiG-SAM and iBig-SAM in terms of accuracy. In our future
work, we would like to employ our proposed algorithm as a machine learning algorithm for prediction
and classification of some noncommunicable diseases collected from the Sriphat Medical Center,
Faculty of Medicine, Chiang Mai University, Chiang Mai, Thailand, and we also aim to build new
innovations in the form of web applications/mobile applications/computer systems for data prediction
and classification of noncommunicable diseases. These applications will have benefits for hospitals,
communities, and citizens in terms of screening and preventing noncommunicable diseases.
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