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Abstract

Motivated by the increasing of practical applications in fractional calculus, we study the classical gradient
method under the perspective of the v-Hilfer derivative. This allows us to cover in our study several definitions
of fractional derivatives that are found in the literature. The convergence of the 1-Hilfer continuous fractional
gradient method is studied both for strongly and non-strongly convex cases. Using a series representation of the
target function, we develop an algorithm for the i-Hilfer fractional order gradient method. The numerical method
obtained by truncating higher-order terms was tested and analyzed using benchmark functions. Considering
variable order differentiation and optimizing the step size, the i-Hilfer fractional gradient method shows better
results in terms of speed and accuracy. Our results generalize previous works in the literature.
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1 Introduction

The gradient descent method is a classical convex optimization method. It is widely used in many areas of computer
science, for example in image processing |11}[12], machine learning [4}[10,/24], and control systems [15]. Its use on a
large scale is essentially due to its intuitive structure, ease of implementation, and accuracy. In recent years, there has
been an increase in interest in the application of fractional calculus techniques to develop and implement fractional
gradient methods (FGM). We can find the first works dealing with such methods in [12}20] to address problems in
the fields of signal processing and adaptive learning. The design of fractional least mean squares algorithms is another
example of the application of FGM [3,[14}/17]. Recently, some applications of FGM focused on artificial intelligence
subjects such as machine learning, deep learning, and neural networks (see [18,21}22] and references therein).

Replacing the first-order integer derivative with a fractional derivative in the gradient can improve the convergence,
because long-term information can be included. However, there are some convergence issues in the numerical
implementation of the FGM because the real extreme value of the target function is not always the same as the
fractional extreme value. In [2] the authors proposed a new FGM to overcome this problem, considering an iterative
update of the lower limit of integration in the fractional derivative to shorten the memory characteristic presented in the
fractional derivative, and truncating the higher order terms of the series expansion associated with the target function.
Afterwards, Wei et al. [23] designed another method involving variable fractional order to solve the convergence
problem.
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In the field of fractional calculation, several definitions of fractional and derivative integrals varying in their kernel
can be found, resulting in a wide range of definitions. This diversity allows certain problems to be tackled with specific
fractional operators. To establish a general operator, a -fractional integral operator with respect to a function v
was proposed in [8,/16], where the kernel depends on the function v with specific properties. To incorporate as many
fractional derivative definitions as possible into a single formulation, the concept of a fractional derivative of a function
with respect to a function ¢ was introduced. In 2017, Almeida |1] proposed the -Caputo fractional derivative and
studied its main properties. The same idea can be extended to define the 1-Riemann-Liouville fractional derivative.
In 2018, Sousa and Oliveira [19] unified both definitions using Hilfer's concept and introduced the v-Hilfer fractional
derivative. This approach offers the flexibility of choosing the differentiation type since Hilfer's definition interpolates
smoothly between fractional derivatives of Caputo and Riemann-Liouville types. Additionally, by choosing the function
1) we obtain well-known fractional derivatives, such as Caputo, Riemann-Liouville, Hadamard, Katugampola, Chen,
Jumarie, Prabhakar, Erdélyi-Kober, Weyl, among others (see |19} Sec. 5]).

The aim of this work is to propose a FGM where the fractional derivative is in the i-Hilfer sense. Using this
type of general derivatives allows us to deal with several fractional derivatives in the literature at the same time.
It also allows us to study some cases where the target function is a composition of functions. In the first part, we
prove some auxiliary results concerning the chain rule and solutions of some fractional partial differential equations
to study the convergence of the continuous v-fractional gradient method for strongly and non-strongly convex target
functions. In the second part, we introduce and implement numerical algorithms for the i-Hilfer FGM in the one
and two-dimensional cases, generalizing the ideas presented in [2,[23]. The proposed algorithms were tested using
benchmark functions. The numerical results show better performance when compared to the classical gradient in
terms of accuracy and number of iterations.

In summary, the paper is organized as follows: in Section [2]we recall some basic concepts about v-Hilfer derivative
and the two-parameter Mittag-Leffler function. We prove some auxiliary results in Section [3] which are then used
to analyze the continuous gradient method for strongly and non-strongly convex target functions in Section In
the last section of the paper, we design and implement numerical algorithms for the v-Hilfer FGM by replacing the
lower limit of the fractional integral with the last iterate, and also by using variable order of differentiation together
with the optimization of the step size in each iteration. The convergence, accuracy, and speed of the algorithms are
analyzed through different examples.

2 General fractional derivatives and special functions

In this section, we recall some concepts related to fractional integrals and derivatives of a function with respect to
another function ¢ (for more details see [1,/16,/19]).

Definition 2.1 (cf. [19, Def. 4]) Let [a, b] be a finite or infinite interval on the real line R and oo > 0. Also, let 1) be
an increasing and positive monotone function on (a,b). The left Riemann-Liouville fractional integral of a function
f with respect to another function v on [a,b] is defined by

(1290) 0 = i [ /) @0 v @) f @) w5 &)

Now, we introduce the definition of the so-called i-Hilfer fractional derivative of a function f with respect to another
function.

Definition 2.2 (cf. [19, Def. 7]) Let o > 0, m = |a| + 1, I = [a,b] be a finite or infinite interval on the real line
and f,¢ € C™ [a,b] two functions such that ¢ is a positive monotone increasing function and ' (t) # 0, for all
t € I. The +-Hilfer left fractional derivative HD?’;‘;w of order o and type p € [0, 1] is defined by
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We observe that when p = 0 we recover the left fractional derivative 1)-Riemann-Liouville (see |19} Def. 5]) and when

1 =1 we get the left ¢ -Caputo fractional derivative (see [19, Def. 6]). The following list shows some fractional
derivatives that are encompassed in Definition [2.2] for specific choices of the function ) and the parameter y :

» Riemann-Liouville: v (t) =t, I =R*, and u=0;



» Caputo: Y (t) =1, [ =RT, and p =1,

» Katugampola: 1) (t) = t°, with p € RT, I = R™, and p = 0;

» Caputo-Katugampola: 1 (t) = t?, with p € RY, I = RT, and p = 1;
» Hadamard: ) (t) =1n (¢t), I =]1,+o0[, and u = 0;

» Caputo-Hadamard: 1 (t) =1n (t), I =]1,4o00[, and p = 1;

For a more complete list, we refer the interested reader to |19, Sec. 5]). By considering partial fractional integrals and
derivatives, the previous definitions can be defined for higher dimensions. (see [16, Ch. 5]). Furthermore, the ¢-Hilfer
fractional derivative of an n-dimensional vector function f (t) = (f1 (t),..., fn (n)) is defined componentwise as

I f (8 = (DL (1) DS (1) (3)
Next, we present some technical results related to the previously introduced operators.

Theorem 2.3 (cf. [19, Thm. 5]) If f € C™ [a,b], @« > 0, m = |a] + 1, and p € [0, 1], then

sy Hpya, it _ (@ () = (@) k] (1) (e
Ia+ Da+# f(t)*f(t)ié F(’Y—]{?—Fl) f Ia ‘ f()’ (4)

where v = a+ p (k — ) andf[m]f() (w(t) d)mf(t).

Lemma 2.4 (cf. [19, Lem. 5]) Given § € R, consider the function f (t) = (1 (t) — 1 (a))’ ", where § > m. Then,
form = |a] 4+ 1 and p € [0, 1] we have

I'(9)

DI @) = 5w

(W (t) = (a)’ . (5)

Some results of the paper are given in terms of the two-parameter Mittag-Leffler function, which is defined by the
following power series (see [5])
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z
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For z = —z, with z € RT, 0 < 81 < 2, and 35 € C, the two-parameter Mittag-Leffler function has the following

asymptotic expansion (see [5, Eqn. (4.7.3)]):
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3 Auxiliary results

In this section, we present some auxiliary results needed for our work. These extend some results presented in [6] to
the v-Hilfer derivative of arbitrary type p € [0, 1].

We start presenting a representation formula for the solution of a Cauchy problem involving the 1-Hilfer derivative.
Let us consider h: Ry x R" — R" and f : R — R™. We have the following result.

Proposition 3.1 Let « €]0,1] and p € [0,1]. A continuous function f is a solution of the problem

TDEHF () = h(t,f (1), t>a,

LR f (0 = Y
if and only if f is given by
P = s )~ () WO =)™ () b, () ds, 12 a.
Tatud—a) a1 ). ’ e
(®)



Proof: Applying Isiw to both sides of the fractional differential equation in , and taking with m = 1, we
have

LD 0 = £ 0 - 5 ;{(1 — @O — )

which is equivalent to

fa
= e ui—a)

From and we obtain the result.

(0 (1) = (@) VTR I EDR f (1),

Now, we present some results concerning the fractional derivative of a composite function. Let us consider g : R” —
R, f : R — R™, V the classical gradient operator, and the i-Hilfer fractional derivative of an n-dimensional vector
function given by .

Theorem 3.2 Let « €]0,1], € [0,1], a > 0, and the function 1) in the conditions of Definition . Fort > a, let
us define the function (; by setting

G(s)=9g(f(s) —g(f @) ={(Va) (f (), f(s) = [ (1), (9)

where

The following identity holds
r (1= a) ("D [g (f ()] = ((V9) (F (1), D3 £ (1))

=) =¥ @] " g (f (1) = (Vo) (f (1), fF ()] = a/ (W (1) = ()™ 4 () Gi (5) ds. (10)

Proof: By the Newton-Leibniz formula, one has for each component of the function f

fit) = /f ds—fz()—i—l (i/)(t) i=1,...,n.

From we have, fori=1,...,n

Hijf;wfi (1) = HngrM;w [f; ()] (t) + Hnger o Ii;ﬁ’ (le,> (t)
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Taking into account (), we have for the first term in
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For the second term in (|11)), taking into account and the Leibniz rule for differentiation under the integral sign,

we get
o [ 1 dT] i ]
IN(l a)y el I(l w)(A—a)+19 [ J4 t
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From and (13), expression simplifies to

D10 = ey 5@ 00 - v @) [ @O ) " R0 ] =1

and, therefore,

DS 0 =y [ @ WO v @) [ w0 -v e 70 . (14)

Hence, we can write

P (1= a) (D3 [g (£ ()] = (Vo) (F (1), "D £ (1))

which implies, by integrating by parts, that
F(1—a) ("D g (f ()] = (Vo) (F (1), D32 £ (1))
=) =¥ (@] " [g(f(a) = (V) (f (), f ()] + lim [3 () — 2 ()] G (s) = [ (1) — 2 (a)] " Gi (a)

s—t

o / (W (1) — (@)™ & (5) G, (s) ds. (16)

Since « €]0, 1], we have by L'Hopital’s rule that

. — ()] % ¢ (s) = lim e (s) =
llig [V (t) =¥ (s)] " ¢ (s) £—>t [W(t)—(s)* st —a1) (s)

Finally, by and (9) we get from
r (1= a) ("D g (£ )] = (Vo) (F (1), "D 1 (1))

t

= (1) =¥ (@) " [ (a) =g (f (1) = (Vo) (f (1), f (1)) = G (a)] — a/ (W (1) = ()™ ¢ () G (s) ds

a

which gives the desired result.



Corollary 3.3 Let « €]0,1], u € [0,1], a > 0, and the function v in the conditions of Definition . Ifg:R*" - R
is of class C' and convex, i.e.,

g(x)>g) +(Vg(z),x—vy), forallz,yecR", (18)
then
"D (7 ) < (V) (£ (0), D21 0) + =50 w0 - v @) (19)

Proof: From it follows that for z =0

g(f ) =((Va) (f (1), f(#)) <g(0)=((Vg) (f(?)),0) =g(0).

On the other hand, by Theorem [3.2) we have for x = 0

g (f () = (Vo) (F (1), F (1) =T (1= ) [w () = ¥ (@] ("D [g (F )] = ((V9) (f (1)), "D (1))
Combining the two previous expressions we obtain our result.
]

If we consider i = 0, which corresponds to the i-Riemann-Liouville case, the previous results reduce to Proposition
3.3 and Corollary 3.4 in [6], respectively. Moreover, the correspondent results for the 1-Caputo case (. = 1) are
presented in Proposition 3.1 of [6].

Now, we present an auxiliary result involving the two-parameter Mittag-Leffler function.

Proposition 3.4 Let a €]0,1], u € [0,1], and a > 0. Moreover, let 1) be in the conditions of Definition such
that sup {¢ (t) : t > a} = +o0. Then the following limit holds

t

lim [ (1)~ (@) ¥ (5) Baai—a) (~A (0 (s) — 4 (@)) ds = 0.

t—+oo a

Proof: Taking into account Theorem 5.1 in [9] for the case of the homogeneous equation, we have that the solution
of the initial value problem

HDS;“;wu(t) =-Au(t); NeR', a€)0,1], pn€[0,1], t>a

Il—a—ﬂ(l—a)%wu(a)

a+t = Uq

is given by
w(t) = @) =¥ (@) " By arp—a) (AW () = ¥ (a)) .

Hence, by Proposition [3.1] we have

Ea,au(l—oz) (_)\ (¢ (t) - (a))a) — T (a " ’Z(Zl - a)) ("Z) (t) — (a))(x-‘ru(l—a)—l
A ! a—1 / o
T / W () =¥ () V' (8) Eaatni—a) (A (¥ (s) = ¥ (a))®) ds.

Taking the limit when ¢ — 400 on both sides and considering the asymptotic expansion @ we conclude that the
left-hand side tends to zero and the first term of the right-hand side also tends to zero. Hence, we get

A

0=0- T() /a (W (1) = ()" ' (s) Eootni—a) (A (W (s) =¥ (a))®) ds

which leads to our result.

The case when 1 =1, i.e. the ¢-Caputo case, was already study in [6] and corresponds to Lemma 3.7.



4 Continuous gradient method via the -Hilfer derivative

Assume that we aim to determine the minimum of a function f : R™ — R. To achieve this, the gradient descent
method is used, starting with an initial prediction xg of the local minimum and producing a sequence xg, x1, x2, ...
based on the following recurrence relation:

Tpr1 =2k — OV (2k), (20)

where the step size 6 > 0 is either constant or varying at each iteration k. The sequence {xk}z;x(’) generated by the
gradient descent method is monotonic, i.e., f(xo) > f(z1) > f(x2) > ..., and is expected to converge to a local
minimum of f. Typically, the stopping criterion is in the form ||V f (z)|| < ¢, where € > 0. By expressing as

TREL TR — T f (an), (21)
O

we can interpret (21)) as the discretization of the initial value problem

y' () =—(VHW®), y(0)=y €R”, (22)

using the explicit Euler scheme with step size 6;. The system is known as the continuous gradient method
(see [6]). Assuming that f is both strongly convex and smooth, the solutions of and converge to the
unique stationary point at an exponential rate. In general, if a convergence result is proved for a continuous method,
then we can construct various finite difference schemes for the solution of the Cauchy problem associated. Let us
now consider the following 1-fractional version of

DIV (t) =0 (V) (2 (), t>a (23)

such that z: R - R", f: R™ - R, a €]0,1], € [0, 1], and Iij”‘”/’z (a™) = 2, € R", where the last expression is
evaluated at the limit t — a™. For y* € S(f) = {z € R™: Vf(z) = 0}, let us define the following sum of squares
error function:

, t=a. (24)

4.1 The convex case
Here we investigate (23] under the assumption of non-strongly convexity of f.

Theorem 4.1 Let a €]0,1] and u € [0, 1[. Suppose that the function f : R™ — R is of class C' and convex, i.e. f
satisfies (L8)). For the v-fractional differential equation (23)), with step size 6 constant, the solution z (-) converges
to y* with the upper bound

l=() =y I < C o (&) = (@7, forallt>a. (25)
Proof: By Corollary applied to and the fact that f is of class C'' and convex, we have
DR (t) < =0(2(t) —y" (V) (2(1) <OLf (" (1) = f(=(8)] <0, forallt>a.
By the properties of ¢ (see Definition , the previous expression is equivalent to
I DX (1) < 019 [f (y* (1) — f (2 ()] 0.
Using the composition rule with m = 1 we have that

(1/} (t) w(a))—#(l—a) I(l—u)(l—a);d;(p ((IJF) <0.

. _
AR T
From and considering C' = m I((Ii_“)(l_am)(p (a™), we obtain our result.

If we consider p = 0 in the previous result we recover Theorem 4.2 in [6].



4.2 The strongly convex case

Here, we show that under the assumption of strong convexity of the function f, the solution of (23)) admits a
Mittag-Leffler convergence, which is a general type of exponential convergence, to the stationary point. We recall
the definition of a strongly convex function.

Definition 4.2 (cf. [6]) A function f € C is strongly convex with parameter my > 0 if
mpg 2 n
where V stands for the gradient operator.

Theorem 4.3 Let o €]0,1] and p € [0, 1[. Suppose that f is of class C? and it is strongly convex. Considering the
w-fractional differential equation , where the step size 0 is a constant, then the solution z (-) converges to y*,
with the upper bound

Iz = I < a0 () = ¥ (@) Byaipaa) (<0my (0 () =¥ ())%), t2 4,
where pq = J11\ 70TV 2 () - 7 ().

Proof: In Definition if we consider y = z (t) and « = y*, we have for ¢ > a and my > 0 that

* * my * 2

F) 2 f@)=(VHEG)y —20)+ 5y - 2@

which is equivalent to

* * my * 2 mpyg * 2

(VD) =2 @) 2 FE@) ~Fo)+ Sy =0 = Sy =07, (29)
where the last inequality holds since y* € arg (mingeg- f (x)). From , Corollary and , we have
DXV (1) < (= (1) — ", D2 (1))

=—0(z(t)—y", (V) (1))

_me
- 2

= (8) = I (27)

Setting

Om . "
h(t) = =5z (0) =y |I* = D5 Ve (1), (28)

we have from that h (t) > 0 for all ¢ > a, and moreover, from and recalling (24), the previous expression
is equivalent to

"DEvp (t) = —0my e (1) — h(t) . (29)
By Theorem 5.1 in [9] we have that the solution of is

() = pa [ (1) — 0 (@]HO=DT g (g (6 () — v (a)%)
- / (W (1) = 6 (@) ' () Baa (—0my (6 (8) —  (a))%) b (w) duw (30)

< @a [¢ (t) - ¢ (a)]a-l-,u(l—a)—l Ea7a+u(17a) (_0 mfg (w (t) - (a))a) ) (31)

where the last inequality holds since the integrand function in (30)) is positive and 0 < a < ¢.



4.3 Convergence at an exponential rate

Theorem establishes the Mittag-Leffler convergence rate for the solution of to a stationary point. Specifically,
when o = 1, the exponential rate O (efa,qup(t)) of the continuous gradient method is recovered for any
w € [0,1].

Theorem 4.4 Let o €]0,1[, p € [0, 1], and ¢ satisfy the conditions of Definition[2.3 with sup {t (t) : t > a} = +o0.
Let also f : R™ — R a function that is C', convex and Lipschitz smooth with constant Ly, that is,

IVf(@)=VfWll <Lgllz—yll, forallz,yeR"™ (32)
If the solution z (-) of converges to y* at the exponential rate O (e=“¥(®)), then y* = 0.

Proof: Let z(-) be a solution of converging to the stationary point y* at the rate O (e""w(t)). Then, there
exists a t1 greater or equal to a such that

2 (t) —y*|| < e O forall t > t;. (33)
By contradiction, let us assume that y* # 0. We can then set
0
k=——"m+1 34
IH 4
From Formula (4.11.4b) in [5]
Euop(2) =2Es5(2*) = Eap(—2), Re(a)>0, B€C (35)
we can find ¢ > t; with the property that
Eop(—Li (@) =4 (a)®) > ke YO forall t > to. (36)
By Proposition z (+) is of the following form
t
. Za atp(l—a)—1 0 / a—1
t) = t) — — t) — d
z (1) F(aJru(l_a))(w() ¥ (a)) () aw() P (s)" P (s) (V) (2(s)) ds

which is equivalent to

Za (U (8) =0 (@) =D at p(l—a) 2 (1)

6T (at+pn(1-a) f* a1y
I'(a) /a (W)= ()™ ¥ (s) (Vf)(2(s)) ds.  (37)

Putting
u(t) = 2o (¢ (1) = ¢ (@) —D(a+ p(1-a))y*
then by we get

lu @) = {20 (@ (£) = % (@) —T(a+ p(1 - a)y*

I(a+p(l-a)

<Tla+u-a)llzt) -yl +° T ()

[ @ = v v 6 1T E )] ds
By the assumption ([32)) we obtain

OL;T(a+p(1—a))
I'(a)

OLsT (a+p(1—a))
I'(«)

lu @ <T (a4 p(l—a))|2() -yl +

[ @@ -v)™ v @) 120 -y ds

=T (a+p(l—a)lzt) -y +

[ w@=ve) ™ @) 120 -y ds

OL;T(a+u(l—a) [* et
I'(a) /tZW’(t) P ()" P (s) 2 (8) —y7|| ds. (38)



Now, denoting @ = sup {||z (-) — y*|| : ¢ € [a,t2]} and using (36]), we get

OLQT (a+p(l—a
I' ()

lu O < T (a4 (1 —a)) 12 (5) — °] + ) [ w@-een v as

% « -« ¢ a—1 ,; a
LT ( F"(‘aﬁg(l ) /t2 (W (t) — 3 (s)) V' (3) Eaatp(i—a) (=L (¥ (s) — ¥ (a))®) ds

OLQT (4 p (1 — )
al (o)

=T(a+p-a)lz@) -yl + (¢ (1) =¥ ()" = (¥ (1) = ¥ (2))°]

OL:T (a — t a—1 / ¢
' (JO’S“ ’ / (@ (1) =% ()™ ¥ (5) Baarni—a (=L (& (5) = ())*) ds.

By the mean value theorem (applied to the function (¢ (t) — 1 (-))®), there exists § €]a, o[ such that
(W () =¥ ()" = (¥ (1) =¥ (t2))" = —a (W () =¥ (6)" " ¥’ (9)

which implies, as a €]0, 1] and sup {¢ (¢) : t > a} = 400, that

lim [(4(t) — ¥ (a)" = (¥ (1) — ¥ (1)) = —a Tim_[@(6) = ()" ¥/ ()]

t—+o0 t—4o00
Y’ (9)

= —a lim — =0. (39)
e (¥ (8) — 4 (9))
Hence, taking the limit of ||u (¢)|| when ¢ — +o0, we get
Jim () =0 & T(a+ (1 —a) ] =0,
This implies that ||y*|| = 0 which is a contradiction.
]

5 1 -Hilfer fractional gradient method

The aim of this section is to construct and implement a numerical method for the -Hilfer FGM in the one and two
dimensional cases. For both cases we perform numerical simulations using benchmark functions.

5.1 The one dimensional case
5.1.1 Design of the numerical method

The gradient descent method typically takes steps proportional to the negative gradient (or approximate gradient)
of a function at the current iteration, that is, x4 is updated by the following law

xk‘—‘,—l:xk_ef/(xk); k:O7172a"'7 (40)

where 6 > 0 is the step size or learning rate, and f’(zy) is the first derivative of f evaluated at = x;. We assume
that f : R — R admits a local minimum at the point z* in D, (z*) = {x € R: |z — z*| < p}, for some p > 0, and
f admits a Taylor series expansion centered at g = a

20 () (g
fay =S LD gy (41)
=0 ¥

with domain of convergence D C R such that X* € D. Since we want to consider the fractional gradient in the
y-Hilfer sense, our first (and natural attempt) is to consider the iterative method

Tri1 =z — 0 DOV (¢ (21)), k=0,1,2,... (42)
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where HDZ“;“W is the 1-Hilfer derivative of order « €]0, 1] and type p € [0, 1] given by , and the function ) is in
the conditions of Definition However, a simple example shows that is not the correct approach. In fact, let
us consider the quadratic function f (x) = (z — h)? with minimum at 2* = h. For this function we have that

2
9@ .
PO =Y g )

where pg = 0 if 4 € [0,1[ and po = 1 if u = 1. Since HD:;“;wf(h) # 0 then the iterative method does
not converge to the real minimum point. This example shows that the -Hilfer FGM with a fixed lower limit of
integration does not converge to the minimum point. This is due to the influence of long-time memory terms, which
is an intrinsic feature of fractional derivatives. In order to address this problem and inspired by the ideas presented

in [2[23], we replace the starting point a in the fractional derivative by the term z;_; of the previous iteration, that
is

Trpr =k — 0 DUV (0 (21)), k=1,2,... (44)

Tp—1

where « €]0,1], u € [0,1], and 8 > 0. This eliminates the long time memory effect during the iteration procedure.
In this sense, and taking into account the series representation and the differentiation rule , we get

) l"kl)

(p
Hpyo, f
D

f Z p+1—a)

k-

(¥ (z) = ¥ (z5—1))"™", (45)
where pg = 0 if € [0,1[ or pg = 1 if u = 1. Thus, the representation formula depends only on pt =1 or p1 # 1.
With this modification in the i-Hilfer FGM we obtain the following convergence result.

Theorem 5.1 If the algorithm is convergent, with the fractional gradient given by ([45]), then it converges to
the minimum point of f (¢ (+)).

Proof: Let x* be the minimum point of f (¢ (-)). We prove that the sequence (). converges to x* by
contradiction. Assume that xj converges to a different « # =* and f’(¢ (z)) # 0. Since the algorithm is convergent,

we have that limy_, 4 ||z — || = 0. Moreover, for any small positive € there exists a sufficiently large number
N € N such that

[V (2h—1) — ¥ ()] < e <[P (@) =2 (2)] (46)
for any £ > N. Thus,
6= inf |f0) (4 (21-1))] > 0

must hold. From we have

| ki1 — k]

=0\"Df (v (xk»‘

+oo
_ FrHr) () (wy-1)) - Cpo—o
= T+ 1oy V) Yl
7 (5-1) vo-a| o™ ST (24-1)) prro-a
>0 m(¢($k)_¢(l’k—l)) —0 p:1r(p+p0+1_a) (¢($k)—1/)(mk_l)) .
Considering

C = sup [f* (W ()]
p>N [(po+1-—a)

11



we have, from the previous expression, that

FP W (21-1))

I'(po+1—a) (Y (x1) — o (zp_q))P°

|Zp1 — 2k] > 9'

+oo
—0C Y0 (k) — ¢ (wpa) [P
p=1

The geometric series in the previous expression is convergent for k sufficiently large. Hence, we get

RRICICTY) po ) — @)

Tl +1—a) (@)~ (@)™ T 19 (@0) = & (@)

|Tpp1 — zi] > 9‘

which is equivalent to

FP (¢ (25-1)) ’ _C [V (k) — ¥ (z—1)]

|Tpt1 — x| >0 H

] 1 () — 4 ()P

['(po+1-a) L= (zk) — ¢ (xp-1)]
> d [ (vx) — P (2p-1) [, (48)
where
1) 2Ce
d:d(e)ze{r(poﬂa)—le}. (49)

One can always find € sufficiently small such that

0 _2C’e 2% N ) >E 2Ce
Fpo+l-—a) 1-¢" 0 Fpo+l-—a) 6 1-—c

(50)

because the function
2% 2Ce
o 1—c¢

is positive increasing for « €0, 1], 6 €]0,1[, and € €]0, 1[. Hence, from and taking into account ((50]), we obtain

%, ifu=1
|Thr1 — a1 > 26 = ‘ : ~ (51)
2, ifuelol]

On the other hand, from the assumption ([46]) we have

[zk+1 — k| <Y (@pt1) — ¥ ()] <[ (@p1) = (@) + [¢ (@) — ¢ (2%)] = 2¢
which contradicts (51)). This completes the proof.
|

Sometimes, the function f is not smooth enough in order to admit a series representation in the form and,
therefore, the implementation of using the series is not possible. For implementation in practice, we need
to truncate the series. In a first approach we consider only the term of the series containing f'(¢ (zx)) as it is the
most relevant for the gradient method. Thus, the v-Hilfer FGM simplifies to

9 (W (zr-1))

T(2—a) (¢ (wx) _w(l‘k_l))l_a. (52)

LTk4+1 = Tk —

Furthermore, in order to avoid the appearance of complex numbers, we introduce modulus in the expression (52)),
that is,

f'(W (xr-1))

TRoa) 100 ¥ Gl (53)

Th+1 = Tk —0

As is independent of the ;o parameter, from now on we call the method just -FGM. Following the same
arguments as in the proof of Theorem we have the following result.

Theorem 5.2 If the algorithm is convergent, with the fractional gradient given by , then it converges to
the minimum point of f (¢ (+)).

12



In the following pseudocode, we describe the implementation of the algorithm ([53)).

Inputs:
Functions: ¢ (z), f'(¢ (2))
Fixed parameters: o, a,0,¢
Initial guess: zg

Output: k-iteration: zy

Initialization

k=2 x1=a

while |f/(¢ (z1))] > € do

f/(w (xk72))

Tk = Tt — 0 T(2—a)

¥ (wr—1) — ¥ (wr—2)|" "

E=k+1

end

Algorithm 1: ¢)-FGM with higher order truncation

As we have seen, it is possible to construct a ¥-FGM that converges to the minimum point of a function. To
improve the convergence of the proposed method we can consider variable order differentiation a(z) in each iteration.
Some examples of «(x) are given by (see [23]):

1
1 o(x)=1—tanh (8 (z)), (58)
o(r) = —— (54) = e G @) 0
1+ 8J(x)’
2 (z) a(x)zl—%arctan(ﬁj(x))7
o) = 2. (55) (57)

where 3 > 0 and we consider the loss function J (z) = (f’ (¢ (z)))® to be minimized in each iteration. The
consideration of the square in the loss function guarantees its non-negativity. All examples given satisfy

lim a(z) =1= lim a(z), (59)

B—0 T—T*

where the second limit results from the fact that J (z) — 0 as @ — x*. Variable order differentiation turns the
1-FGM into a learning method, since as x gradually approaches z* then « () ~ 1. The ¢-FGM with variable order
is given by

f' (W (k1))
['(2 = o (ar))
Theorem remains valid for this variation of Algorithm

W () — b (p_q) ')

Th4+1 = Tk -0

5.1.2 Numerical simulations

Now, we provide some examples that show the validity of the previous algorithms applied to the quadratic function
fz)=(x— 1)2, which is one of the simplest benchmark functions. This function is a convex function with a unique
global minimum at 2* = 1. For the v-derivative, we consider the following cases:

= Caputo and Riemann-Liouville fractional derivatives: ¢ () =z, I = [0, +o0], and a = 0;
= Hadamard fractional derivative: ¢ (z) =1In (z), I = [1,+o0[, and a = 1;
» Katugampola fractional derivative: i3 (x) = 208, T = [0,4+00[, and a = 0.5. In this case, a cannot coincide

with the lower limit of the interval I because v’ is not defined at z = 0.

13



The Figures and |3| show the numerical results of Algorithm |1| applied to the composite functions f (¢ (+)),
f (W2 (+)), and f (¢35 (:)), choosing different parameters. In Figure |1, we consider § = 0.1, zo = 2, € = e-09, and
different orders of differentiation o = 0.4,0.6,0.8, 1.0.

2.5- R
—Minimum
N
PN —a=1.0
NN =08
v T =06 |
K5 N e T —a=04
1
0.5
5 10 15 20 25 30

Figure 1: Algorithm [I] for different orders of differentiation «.

Analyzing the plots in Figure [I} we see that the convergence of the 1-FGM in the non-integer case is slower, in
general, than in the integer case (o = 1.0). In Figure [2] we consider 2o = 2, o = 0.75, € = e-09, and different step
sizes § = 0.05,0.1,0.2,0.3.

3
—Minimum 3 28
—6=0.05 28
2 ~0=0.10 2
o —6=0.20 2.6
% 0=030_| x* »41.5
24"
1 3
220 1‘
0 . 2 05 ) . . . . .
i 5 10 15 20 25 30 [} 10 20 30 0 50 60

k

Figure 2: Algorithm 1] for different step sizes 6.

The plots in Figure [2] show that the increment of the step size makes convergence faster. The optimization of
the step size in each iteration would lead to the optimal convergence of the method in a few iterations. In Figure
|§|We consider different initial approximations zg, and the values a = 0.75, 8 = 0.1, and € = e-09. As expected,
convergence becomes faster as xy approaches the minimum point.

—Minimum 5/

4‘ —X,=05 37
3 . | l
<
= .
2 | 7
1 | |

Figure 3: Algorithm [I] for different initial approximations z.

Now, we show the numerical simulations of Algorithm [If with variable order of differentiation « (z). In Figure
we consider § = 0.1, 3 = 0.1, 29 = 2, € = e-09, and the variable order functions (54)-(58). In Figure [5] we exhibit
the behaviour of the algorithm for a(z) given by and different values of 5.

—Minimum| 3 2
—a=1
,(x) 2.5 —— 1.5
_—) . I —— .
P % IS
- aaal— L.
3 2 1
a,(x)
A
0 1.5 0.5
0 5 10 15 0 5 10 15 20 25 30 35 40 5 10 15 20 25 30
k k k

Figure 4: Algorithm [1| for different variable orders of differentiation.
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—a=1.00
B=0.01
5 =0.05
—p=0.10
=020 =
---5=0.30
05 15 05
0 5 10 15 0 10 20 30 40 50 0 5 10 15 20 25 30
Kk Kk 3

Figure 5: Algorithm [I] with a(z) = 1 — tanh(8.J(z)) and different values of §3.

From these plots we conclude that in the one-dimensional case, the consideration of variable order differentiation
can speed the convergence, but it is in general slower than the classical gradient descent method with integer
derivative. A further improvement of the algorithm could be to consider a variable step size optimized in each
iteration. This idea is implemented in the next section, where we consider optimization problems in R2.

5.2 The two dimensional case
5.2.1 Untrained approach

Motivated by the ideas presented in [2,[23], we extend the results presented in Subsection to the two-dimensional
case. We consider a function v in the conditions of Definition and the vector-valued function ¥ : R? — R2 given
by U(X) = (¢ (x),¢(y )) with X = (z,y). Moreover, let f : R> — R be a function that admits a local minimum
at the point X* in D, (X*) = {X € R?: | X — X*|| < p}, for some p > 0. We want to find a local minimum point
of the function f (¥ ( )) = f(¢(x),¥ (y)) with X = (x,y), through the iterative method

X =X =0 (VRS ) (0 (00). 0> 0. (60)

k—1

We assume that f admits a Taylor series centered at the point (a1, az) € D, (X*) given by

X Ex pta f
=22 (?91’34) (a1, a2) ﬁ(m—al)p (y —a2)? (61)

p=0¢=0

with domain of convergence D C R? such that X* € D. Then the 1-Hilfer fractional gradient in is given by
BRI _ H qo,u; H aa,pu;
(o) o = (. e o G () (v (). (62)

where <z+H 82‘7*“”’]‘) (¥ (X)) and (y+H 82‘7“?%“) (¥ (X)) denote the partial 1-Hilfer derivatives of f, with respect
k—1 k—1

to x and y, of order a €]0, 1], type p € [0,1], and with the lower limit of integration replaced by zx—1 and y_1,

respectively. Taking into account (61)) and we have the following expressions for the components of ([62))

+oo +o0 D+q _ q x _ T pP—
( g u,wf) Z Z()(%pa;f) ¥ (X)) (¥ (yr) q?!ﬂ(yk_l)) (¥ ( ;)(pjfikal))) . (63)
Foo £ p+aq 2) — ¥ (xp—1))’ _ )N
() ) = 5 3 (28 g0y (0= o) (i)~ b)) g
where
o — a0 {0, if e o] (65)
1, fu=1

The iterative method proposed in takes into account the short memory characteristic of the fractional derivatives
and, as in the one-dimensional case, we can see from — that the method does not depend on the type of
derivative . Furthermore, due to the freedom of choice of the y parameter (=1 or u € [0, 1]) and the % function,
we can deal with several fractional derivatives (see Section 5 in [19]). We have the following convergence result.

Theorem 5.3 If the algorithm is convergent, where the fractional gradient is given by —, then it
converges to the minimum point of f (U (+)).
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Proof: Let X* be the minimum point of f (¥ (-)). We prove that the sequence (X),y converges to X* by
contradiction. Assume that X} converges to a different X # X* and f, (¥ (X)) # 0 # f, (¥ (X)). Since the
algorithm is convergent, we have that limy_, . || Xx — X|| = 0. Moreover, for any small positive € there exists a
sufficiently large number N € N such that

2 €2

(@) v @) <5 <@E)-6@) and @Eo)-ve) <5 <@E) V) (66)

for any £ > N. Thus,

oro f on f

=y e (U (Xe))| > 0 and 02 = B 1 (V (X)) > 0 (67)
must hold. From (62))-(64) we have
[ Xks1 — Xi|)?

2

IO (¥ (X))

400 +00 p+po+q _ q ) — Th_1 p+po—a 2
(ZZ(8+ f) @ (X L)~ @) @ () — v ) )

S \ ooy q! P(p+po+1-—a)
+6° ff(aﬁﬁqo ) (U (X5_1)) (W (z1) — ¥ (p-1))" (b (y) — ¥ (yp_1))T 0" 2
e \OR oy = p! Tg+qg+1—a)

pPo—« 2
> 62 (8 f(\I/ (Xk-1)) W (xlli)(pozﬁ_(lzk__;))) >

400 +00 ap+po+qf (1/} (yk) — ) (ykq))q (¢ (xk) — (mkil))pﬂ;o,a 2
_ ( > 1( oy )@ (Xi_1) : PR
p=1qg=
2
orf (¢ (yx) =¥ (yr—2)) ™"
+ 62 (E)yqo (T (Xk-1)) T+ 1—a) )
NSRS (rtataf (6 (@0) = ¥ @ee1))” (@ () =¥ o)™\
02(—1 _1< % o] >(‘I’(Xk1)) P T(g+qo+1—a) '
p=1q=
Considering
o LW (X)) Do oL (% (X))
1_,,Squ>pNF(po+1—oz)q' an z—psger(q0_~_1_a)p,

we have, from the previous expression, that

HXk-H — Xk||2
oy (W (zx) _1/J($k,1))p0*0‘ 2
=7 (313170 (¥ (Xk-1)) I'(po+1—a) )
400 +00 )
— 0202 <ZZ Y (yk—1))? (¥ (xx) — ($k—1))p+p°_"‘>
p=1gqg=1
o f (Y (yr) — 2 (ykil))qo—a 2
+92 <8yqo (\IJ (Xk—l)) F(q0+1_a> )
400 00 )
— 6°C2 <ZZ (wx-1))" (¥ (yr) — ¢ (ykl))4+q0_a> .
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The double series that appear in the previous expression are of geometric type with positive radius less than 1. Hence,
by the sum of a geometric series we have that

| Xns1 — X
N (@ (k) — ¥ @)\
=0 (axpo(\ll(Xkl>) T(po+1-a) )

e (V@) ) V(@) =6 @)
0>C; (1—(¢(yk)—¢(yk—1))) ( 1= (¢ (z) — ¥ (xh_1)) )

o f (4 (k) = (1))
+‘92(avq“(qj(x’“‘l)) T (q+1-a) )

Cpee (P @)—v@e) V(W) - v )
e <1—(¢($k)—¢($k1))) ( 1= (¢ (y) = ¥ (yx-1)) )

which is equivalent to

| Xh41 — Xi|)?

PL (X)) Gl =¥ @) P Y v\
2 ox _ 2
=0 (( r<po+1—a>> (o) (e som)

2

% (0 (@) = (@)™ )

OOL (W (Xp1) W) = @eo)) \2[ v -9 ) )
2 oy 2 k k—1 Yk Yk—1
0 (( F(Qo+1—a)> “ (1—(¢(13k)—¢(96k—1))) (1—(1/)(yk)—¢(yk—1))>

< (0 () — & )™ )’

> dy (0 o)~ () ™") (0 () — 0 ) (68)

where

and

=a10=0((rreimm) () )

One can always find € sufficiently small such that

5 2 L € \' e 5 2 g of €\
(F(p0+la)) _Cl(le) e (F(po+1a)> >02+Cl(le) (69)
and
0o 2 9 € 1 2a 02 2 a 9 € 4
2 ) A S b 7
(rwrra) 4G5) > 7 @ (fara) "7 dls) . ®

because the functions

e204

4 4
€ € €
91(6)—32”12(1_6) and 92“)—92*05(1_6)
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are positive increasing for a €]0, 1], 6 €]0, 1], and € €]0, 1[. Hence, from and taking into account and ([70)),
we obtain

| Xkr1 — Xk||2 > 2a¢?ro—2a 4 (2ac2qo—2a {3762’ :: Z : ;)7 i . (71)
On the other hand, from the assumption we have
IXps1 = Xell* < 0 (Xpir) = @ (Xp)?
< (¥ (@r41) = ¢ (@) + (@ (yrr1) — ¢ (r))”

< (W (@re1) — ¥ (@) + W (@) — ¥ (@0)" + @ (1) — ¥ @) (W () — ¥ (i)”

62 62 62 62 2
i J— _— — = 2
< 5 + 5 + 5 + 3 €
which contradicts . This completes the proof.
|

Despite the convergence of ([60), it is important to point out that sometimes the function f (¥ (-)) is not smooth
enough sufficiently smooth and hence the algorithm involving the double series and cannot be implemented.
Moreover, in the same way as was done for the one-dimensional case, and assuming that f is at least of the class
C*, we only consider the following terms of and

Lol X)) (4 ) 5 (1)) (term p =1 and g = 0 in @3)).

r2—a)
W (& () = ¥ (yr-1)" ", (term p = 0 and ¢ = 1 in (64)) .

Thus, the higher order terms are eliminated and therefore we have the following update of :

(Hv;;’g”ff) (¥ (Xp)) = (W (W () — ¥ (z2-1))' 7, M (¥ () = (y“»”) .

To avoid the appearance of complex numbers, we also consider

i (W (X))

("wsesr) won = (FRG g v ) — ol BT

r2-a) % (k) —w(ykl)ﬂ‘*).

(72)
In a similar way as it was done in Theorem we can state the following result.

Theorem 5.4 [f the algorithm is convergent, where the fractional gradient is given by , then it converges
to the minimum point of f (¥ (-)).
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The following pseudocode describes the implementation of the previous algorithm.

Inputs:
Functions: ¢ (), (¥ (X)), f, (¥ (X))

Fixed parameters: o, a,0,¢
Initial guess: X, = [z, yo]

Output: k-iteration: X = [z, yi]
Initialization

k=2, X1 =1la,d

while HHV?(’SWJC(‘IJ (Xk+1))H > e do

T = Tp—1 — 0 W ¥ (Th-1) — ¥ (p—2)| 7"
(U (X_a o
Yo = Yk—1— 0 w |9 (yr—1) — ¥ (yk—2)|
Xk = [k, Yk
k=k+1
end

Algorithm 2: 2D ¢-FGM with higher order truncation

5.2.2 The trained approach

In this section, we refine Algorithm [2|in two ways that train our algorithm in each iteration to find the most accurate
Xj.. First we consider a variable step size 8, > 0 that is updated in each iteration by minimizing the following
function

o0 =1 (w0 - o (TR (0 06 )
In the second refinement, we adjust the order of integration o with X,. More precisely, if f is a non-negative function
with a unique minimum point X*, we can consider any of the functions (54)-(58). In our approach, we only consider

the following variable fractional order
2
a(X)=1— —arctan (8 J (X)), (73)
i

where the loss function is J (X) = ||V f(¥ (X))]|. From (73) we infer that when J (X) ~ 0 one has o (X) ~ 1, and
when J (X) > 0 one has a (X) ~ 0. As a consequence of the previous refinements we have the following iterative
method:
X1 = Xp — O (HV;(;R)’“WJC) (¥ (X)), (74)
1

where the fractional gradient is given by

(Hvi(fj)’wf) (¥ (X))
fy (U (Xg-1))

C(BE) s J(E (X))
( a1 = (i) OO0

F@—a(X) 1 () — 9 (yk_1)|1“<xk>) @)

Likewise, with a variable fractional order o (X), the following theorem follows.

Theorem 5.5 If the algorithm is convergent, where the fractional gradient is given by , then it converges
to the minimum point of f (W (-)).
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The proof of this result follows the same reasoning of the proof of Theorem and therefore it is omitted. The
following pseudocode describes the implementation of the trained algorithm .

Inputs:
Functions: ¢ (), f, (¥ (X)), f, (¥ (X))

Fixed parameters: «(X),a,¢,
Initial guess: X, = [z, yo]

Output: k-iteration: Xj = [z, yi]

Initialization

k=2, X;=]la,aq]

while HHVEY((;X’“)’“WJ‘ (v (Xk.+1))H > ¢ do
k

J (Xg—2) = [IVF (¥ (Xp-2))ll
a(Xp—2) = subs(a(X), J(X), J (Xi—2))

05, = Solve [Diff {f (\1: (Xi) — 0 (Hv;(gk)f“;wf) (T (X,f))ﬂ =0, 9}

T = Tp_1 — Qk M W} (zk’—l) _ ,(/) (mk_2)|1—04(Xk,2)

r2-a)
(U (X
Yk = Yr—1 — Ok W [ (yr—1) — (yk_Q)‘l—a(kaz)
Xk = [k, Yk
k=k+1
end

Algorithm 3: 2D -FGM with variable fractional order and optimized step size

5.2.3 Numerical simulations

In this section, we implement Algorithms [2| and [3| for finding the local minimum point of the function f (¥ (-)) for
particular choices of f and 1. For the function f we consider the following cases:

v fi(z,y) = 422 — 4xy + 2y* with minimum point at (0,0),
= Matyas function: fs (z,y) = 0.26 (x2 + y2) — 0.48zy with minimum point at (0, 0),
= Wayburn and Seader No.1 function: f3 (z,y) = (2% +y* — 17)2—1—(235 + y — 4)* with minimum point at (1,2).

The function f; is a classic convex quadratic function in R? and can be considered an academic example for
implementing our algorithms. The choice of functions fy and f3 is due to the fact that they are benchmark functions
used to test and evaluate several characteristics of optimization algorithms, such as convergence rate, precision,
robustness and general performance. More precisely, the Matyas function has a plate shape and the Wayburn and
Seader No.1 function has a valley shape, which implies slow convergence to the minimum point of the corresponding
function. For the functions v in the vector function ¥, we consider the choices

» Yy (x) =z, with z € I =[0,+00],
» ho(x) =22, with z € I = [0, +00],
» Y3(x) =Inzx, with z € T = [1, 400
For the numerical simulations we consider some combinations of the functions f;, ¢ = 1,2, and v, j = 1,2,3 and

compare the results in the following scenarios:
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= Algorithm [B|with o (X)) = 1, that corresponds to the classical 2D gradient descent method,
= Algorithm [ with o (X) = 0.8 and step size § = 0.1,

2
= Algorithm with a(X)=1- - arctan(f J(X)), with 8 = 0.1.

Figure[6] shows the target functions f; (¥ (X)) = 42 —4zy+2y? and f; (V2 (X)) = 42* — 4x%y? +2y*, both with
a local minimum point at X* = (0,0). Figures and [8| show the X, iterates in the corresponding contour plots of
the functions. The plots on the right show the amplification close to the minimum point. The results of numerical
simulations are summarized in Table[I] The stopping criterion used was € = e-09.

250 2500
300 . 200 3000 2000
2000
150 1500
1000
100 1000
0.l
5
50 N 500
0 o '_/_/&' ’
0
0 e 0
y S 5 X y 4 &3 X

Figure 6: Graphical representations of f1 (¥; (X)) and f1 (3 (X))

@ Level curves

X X %107

Figure 7: lterates for f1 (1 (X)).

2500 0.02
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1500 > O
1000 -0.01
500 -0.02
0 0.005 0.01 0.015 0.02
X X

Figure 8: lterates for f1 (U2 (X)).
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fi1 (¥4 (X))
1.0 optimized 49 [1.50, 2.50] [7.8188e-11,1.3031e-10] 1.5197e-10
0.8 0.1 2480 [0.75,1.25] [3.3860e-08, 5.3902e-08] 6.3655e-10
variable | optimized 50 [1.50, 2.50] [9.3483e-11,1.4213e-10] 1.7012e-10
fi (P2 (X))
1.0 | optimized 77 [1.50,2.50] | [3.3370e-04,5.5617e-04] | 6.4860e-04
0.8 0.1 divergence | [0.75,1.25] — —
variable | optimized 73 [1.50,2.50] | [3.9399e-04, —5.4845¢-04] | 6.7530e-04

Table 1: Information about the k-iteration associated to Figures[7] and

In Table [I] we present the information concerning the X, iterates of the implemented algorithms. When we
consider W1, we achieve the global minimum point in the three cases, however, it is clear that Algorithm |Z| leads to
worst results in terms of speediness, while the Classical Case and Algorithm [3] have similar results. If we consider
Uy, and we restrict our analysis to the two fastest algorithms, we conclude that in this case, Algorithm [3] provides a
more accurate approximation in fewer iterations. We point out that the objective function f; (U5 (-)) is a function
with less convexity near the minimum point when compared with the objective function f; (¥ (+)), which leads to
an optimization problem that is more challenging under the numerical point of view.

In the next set of figures and tables, we consider the Matyas function to test our algorithms. More precisely, we
consider the functions f2 (U1 (X)) = 0.26 (2% 4+ y*) — 0.48zy with local minimum at the point X* = (0,0), and
f2 (V5 (X)) = 0.26 (In* () + In® (y)) — 0.481In (z) In (y) with local minimum at the point X* = (1,1).
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Figure 9: Graphical representations of f (¥ (X)) and f3 (V3 (X))

Figure [9] shows booth functions f2 (¥1 (-)) and f2 (¥3(:)) with a plate-shape. Considering the same stopping
criteria, we have the following results.
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Figure 11: Iterates for fo (U5 (X)).

1.0

optimized

[1.50, 2.50]

[8.9458e-09, 8.8320e-09]

1.2571e-08

0.8

1.0

94777

[0.75,1.25]

[1.7395e-06, 1.7395e-06]

2.4600e-06

variable

optimized

27

[1.50, 2.50]

[1.4056e-08, 1.3811e-08]

1.9727e-08

1.0
0.8
variable

51
divergence
29

[1.50, 2.50]
[0.75,1.25]
[1.50, 2.50]

optimized
0.1
optimized

0.5e-16

(1,1]

Table 2: Information about the k-iteration associated to Figures [10] and [11]

From the analysis of Tablewe see that the three methods converge in the case of fo(¥1), but the Algorithm
is the worst in terms of iterations. The Classic Case and the Algorithm [3] have similar results in terms of precision,
however, the Algorithm [3| presents a better performance in terms of number of iterations. In the case of fo(U3)
the Algorithm [2] diverges and the other two are convergent. The Algorithm [3] required half of the iterations when
compared with the Classical Gradient Method.

In the final set of figures and tables, the function f3 is composed with ¥; and Ws.
results obtained previously for the Matyas function, where it is clear that Algorithm [2] leads to worst results in terms
of rapidness and accuracy, we only implement the Classical Gradient Method and Algorithm [3] The following figure
shows the graphical representation of f3 (¥ (X)) = (2% 4 y* — 17)2 + (22 +y — 4) with local minimum at the
point X* = (1,2) and f3 (V5 (X)) = (22 +y% — 17)2 + (222 + 92 — 4)2 with local maximum at X* = (0,0) (or
a local minimum of the function —f5 (U3 (X))).

Taking into account the
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Figure 12: Graphical representations of f5 (¥ (X)) and —f3 (¥ (X))

The plots in Figure [I2] show that both functions are valley-shape. Figures [I3] and [I4] and Table [3] show the
numerical results obtained.

@ Level curves

0.
0.8 1 1.2 1.4 1.6 0.99 0.995 1 1.005 1.01 1.015

0.05

>-0.05

@ Level curves

-0.05 0 0.05 0.1 0.15

1.0
variable

[1.50, 2.50]
[1.50, 2.50]

0.5e-16
1.378364e-10

optimized

optimized

1.0 optimized [0.50,0.25] | [1.6446e-12, —1.3283e-11] 1.3385e-11
variable | optimized 39 [0.50,0.25] | [—1.0755e-12,2.1842¢-11] 2.1868e-11

Table 3: Information about the k-iteration associated to Figures[I3]and
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In this last case, we see that the Classic Gradient Method and the Algorithm [3| provide very good approximations.
The Algorithm [3| performs better in terms of number of iterations. For instance, in the case of f3(¥;) the number
of iterations decreased around 97 % in comparison with the Classical Gradient Method.

6 Conclusions

In this work, we study the classical gradient method from the perspective of the t)-Hilfer fractional derivative. In the
first part of the article, we consider the continuous gradient method and perform the convergence analysis for strongly
and non-strongly convex cases. The identification of functions of the Lyapunov type together with the auxiliary results
demonstrated, allowed establishing the convergence of the generating trajectories in the case of i-Hilfer.

In the second part of the paper, we first conclude that the 1-Hilfer FGM with the 1-Hilfer gradient given as
a power series can converge to a point different from the extreme point. To work out this problem, we propose
an algorithm with a variable lower bound of integration, reducing the influence of long-time memory terms. By
truncating the higher order terms, we obtain the ¥-FGM that allows easy implementation in practice. Furthermore,
to increase the precision and speed of the method, we optimized the step size in each iteration and considered a
variable order of differentiation. These two tunable parameters improve the performance of the method in terms of
speed of convergence.

Our numerical simulations show that the proposed FGM achieves the approximation with the same or better
precision, but in much less iterations when compared to the classical gradient method with optimized step size. We
emphasize that in our 2D numerical simulations, the Matyas function and the Wayburn and Seader N1’ functions
are well-known benchmark functions used to test optimization methods. These functions have the shapes of plates
and valleys, respectively, representing an extra challenge in numerical simulations.

As a future work, it is interesting to further develop this theory and to see its application in the field of convolutional
neural networks.
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