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Abstract

In this paper, we propose an inertial double proximal forward-backward method (IDFB) for convex minimization
problem in real Hilbert spaces. We suggest a new linesearch that does not require the condition of Lipschitz con-
stant and improve conditions of inertial term to speed up performance of convergence. Moreover, we prove the
weak convergence of the proposed method under some suitable conditions. The numerical implementations in data
classification from cervical cancer behaviour risk data set are reported to show its efficiency.
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1. Introduction

Convex minimization theory is critical in the fields of pure and applied mathematics as well as in many other
branches of science; see [[14} 15} 20, 27]]. The convex minimization problem is formulated as follows:

min(p(a) + q(a)), (1.1)

where H is a real Hilbert space, g : H — (—o0, +00] is proper, lower semicontinuous and convex and p : H — Ris
convex and differentiable with the Lipschitz continuous gradient. If a* is a minimizer of (1.1), then it is the solution

of (L), i.e.,
0 € (Vp +dg)(a"),
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where Vp is the gradient of p and dq is the subdifferential of g. It is well-known that the minimization problem is
related to image processing [1, 16, [7], signal processing [11} 121} 28], machine learning and others, see [8, |9, 29, [30]].

Nowadays, methods have been proposed for solving convex minimization problem, see [4 [12} [17) 22} 25]]. The
method classically used in the field for solving this problem is the forward-backward method (FB) which is defined
by:

an = prox/lnq(an - /lvp(an))a nz 1’

where the stepsize 4 € (0,2/.£), L is the Lipschitz constant of Vp and prox,, is the proximal operator of g. Sub-
sequently, the forward-backward method (FB) was modified as well as improved the stepsize to avoid the Lipschitz
constant such as linesearch rules and self-adaptive techniques [[10} (13} [16, 21} 28 [29|[30]. In addition, the acceleration
of FB was studied by adding inertial terms which have the convergence speed at order of time complexity O(1/n?)
with respect to the size of the input as follows:

Method 1.1. A fast iterative shrinkage-thresholding algorithm (FISTA)
Let so = 1 and ag = a1 € H. Compute

cn = ap+(an —au-1)

1
ap+1 PTOX%q(Cn - va(cn)), nx1,

A / 2
where 6, = S"*y—ln_l Sp+l = % and L is the Lipschitz constant of Vp. This method was proposed by Beck
and Teboulle [3]]. In 2016, Cruz and Nghia [4]] proposed the method that does not require the condition of Lipschitz
constant as follows:

Method 1.2. A fast multistep forward-backward method with linesearch (FMFB)
Letag, a1 € H,so=1,y>0,£€(0,1), 6 € (0, %) and define

cp = ap+ en(an - an—l)
aps1 = Proxy  (cp — ,Vp(cn)), n> 1,
_ 1+ A/1+452 . ..
where 6,, = S"’; 1, Spel = TS’” and A,, = yl™ is the smallest nonnegative integer such that

/ln”Vp(prox/lnq(cn = 2,Vp(cn))) = Vp(en)ll < 5||p1‘0X/1nq(Cn = Aup(cn)) — call.

Many effective methods have been proposed to solve the minimization problem. For instance, Kankam et al. [[19]
proposed two proximal gradient method using linesearch and proved that a convergence rate better than the others.
Motivated by this idea, we propose a new forward-backward method with a new linesearch for solving the convex
minimization problem. Moreover, we introduce weak convergence theorem under some mild assumptions. Finally,
we apply our methods to data classification problem from cervical cancer behaviour risk data set [23]].

2. Preliminaries

Let g : H — (—o0,+00] be a proper, lower semicontinuous and convex function. We denote the domain of g by
domg = {a € H|q(a) < +oo}. For any a € domg, the subdifferential of g at a is defined by

0g(a) = {v € HKv,c —a) < g(c) — g(a), c € H}.
e The proximal operator prox,, : dom(g) — H is defined by prox (a) = (/ + dq)~'(b), b e H.
e The proximal operator is single-valued and we have
b — prox ﬂq(b)
A
¢ A differentiable function p is convex if and only if there holds the inequality

€ dq(prox,,(b))  forallb € H, 1> 0. 2.1)

p(d) = p(a) +(Vp(a),d —a), Vd € H. (2.2)
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Definition 2.1. Let Q be a nonempty subset of H. A sequence {a,} in H is said to be quasi-Fejér convergent to Q if

oo

and only if for all a € Q there exists a positive sequence {a} such that Z @y < +00 and ||aps1 — all? < lla, — all* + ay,
n=0
for all n > 1. When {«,} is a null sequence, we say that {a,} is Fejér convergent to Q2.

Lemma 2.1. [5] The graph of dq, Graph(dq) = {(a,v) € H X H : v € 0q(a)} is demiclosed, i.e., if the se-
quence {(ay, vy)} C Graph(dq) satisfies that {a,} converges weakly to a and {v,} converges strongly to v, then (a,v) €
Graph(dg).

Lemma 2.2. [24] Let {a,}, {c,} and {d,} be real positive sequences such that
apr1 < (1 +dya, +c,, n> 1.

IfE” dy < +00and 7 ¢y < +00, then lim ay exists.

n—+oo

Lemma 2.3. [16] Let {a,} and {6,} be real positive sequences such that
ap1 £ (1 +6y)a, + 0a,-1, n > 1.
Then, apy1 < K - [Ti2,(1 + 26;) where K = max{ay, az}. Moreover, if 3, | 6, < +0o, then {a,} is bounded.

Lemma 2.4. [2| [I8] If {a,} is quasi-Fejér convergent to Q, then we have:
(i) {a,} is bounded.

(ii) If all weak accumulation points of {a,} is in S, then {a,} weakly converges to a point in Q.

3. Main results

3.1. Aninertial double proximal forward-backward method (IDFB)

In this section, we introduce an inertial double forward-backward method for solving (I.I)) with new stepsize as
follows:

Method 3.1. An inertial double proximal forward-backward method (IDFB)
Initialization: Letay =a; € H,0, >0,y >0,£€(0,1)and0 < pu < 1.
Iterative step: For n > 1, calculate a, | as follows:

Step 1. Compute the inertial step:

bn = an + Op(an — an-1). 3.1
Step 2. Compute the forward-backward step:
Cn = proxa,q(bn — A,V p(by)).
Step 3. Compute the a, | step:
an+1 = proxy,q(cn — 4,Vp(cn))
where the linesearch A, = y{™ is the smallest nonegative integer such that
A ((Vp(an+1) = Vp(cn), ans1 — cn) + (Vp(cn) = Vp(by), cn — by))

2
+1
< £ ; ||an+1—cn||2+#’j1||cn—bn||2. (32)

We instance n = n + 1 and go to Step 1.
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3.2. Convergence theorems

From Method 3.1} we assume that the following conditions are satisfied for our convergence analysis:
(A1) Define Q = argmin(p + g) # 0 is the solution set @)

(A2) p,q : H — (—c0, +o0] are convex functions, two proper and lower semicontinuous.

(A3) The gradient Vp is uniformly continuous on bounded subset of H.

Lemma3.1. Letac H,y>0,£{€(0,1)and0 <u< 1. Fori=1,2,3,.., set

Ula,i) = prox,u,(a—yl'Vp(a))
W(a,i) = prox ., (Ula,i) - yt'Vp(W(a,i))).

If
YE(Vp(W(a,) = Vp(U(a, ), W(a, i) = Ula, i) + (Vp(Ula, ) = Vp(a), Ula, ) - a))
2
L H : 1||W(a, i) — Ula,D|* + ’uﬁ (. - alf,
then A = yl'.

Else i = i + 1. The linesearch (3.2) stops after finitely many steps.

Proof. Ifa e Q, thena = proxyq(a —¥Vp(a)) = U(a,0). It follows that U(a, 0) = a and the linesearch stops with zero
step, hence A = v.

If a ¢ Q, then
YOV p(W(a, i) — Vp(Ua, 1), Wia, i) — Ula, 1) + (Y p(U(a, i) = Vpla), Ula, i) — a)
2
> 2 W - UG P + Lo -,

it follows that
yC'(IVp(W(a, 1)) = Vp(U(a, )W (a, i) - Ula, i)l
+IVp(U(a,i)) = Vp(allllU(a, i) — all)
2
uo+ 1 N 112 M
) W(a,i) — Ula, DII” + it
So we have as i — oo, ||W(a,i) — U(a,i)|| — 0 and ||U(a,i) — al| = 0. Since Vp is uniformly continuous, we get
IVp(W(a,i)) — Vp(U(a,i)ll = 0 and [[Vp(U(a,i)) — Vp(a)ll = 0 as i — co. By equation (3.3)), we have
lU(a, i) —dll
vt
We see that
a—yl'Vp(a) - Ul(a, i)
¥t

> 1U(a, i) - all*. (3.3)

—0asi— oo.

€ dq(U(a,i)).

Hence,
a—U(a,i)
vt
By Lemma@ we have 0 € dq(a) + Vp(a). Therefore, a € Q which is a contradiction. O

€ dq(U(a,i)) + Vp(a).

Next, we have the following theorem.

Theorem 3.1. Let {a,} be generated by Method If 3021 6 < 00 and A, > A for some A > 0, then {a,} weakly
converges to point in L.
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Proof. By equation (2.1]), we obtain
b, —c by — proxa,g(by, — 4,V p(by))
—— = Vplb) = = =N — Vp(by) € dg(cy).
n n
By equation (2.2)), we get
b,—c
g(a) — g(cn) > (= = Vp(bn).a — cu), Ya € H. (3.4
n
Also, we have
— ¢y — prox, .(c, — A4,Vp(c
Bl Yp(en) = F ”‘""(A" P Y pica) € datanen)
n n
from equation (2.2)) again, we obtain
Cy, —a
4(@) = lans1) 2 (F—=" = Vpley).a = ana), Ya € H. (3.5)
n
For any a € H, we have
p(a) — p(by) 2V p(bn),a — by) 3.6)
and
pa) — p(cn) = (Vp(cn),a — cp). (3.7)
Using equation (2.2)) and equation (3.2)) and combining equations (3-4), (3-3), (3.6) and (3.7), we obtain
q(a) — qan+1) + g(a) — q(cn) + p(a) — p(by) + p(a) — p(cy)
- b —
> (D Yp(en)a = anar) + (22—~ Vp(by).a - cn)
An A
+<Vp(bn)a a— bn> + <VP(Cn), a— Cn>
1 1
= /l_<Cn = Qpy1,a = Apy1) +(Vp(Cn), anr1 — a) + /l_<bn = Cpo@ — ) +(Vp(by), cp — a)
n n
+HVp(by),a —b,) +(Vp(cy),a - cy)
1 1
= A—ﬂ(cn — Qpy1,@ = Apy1) + /l_n<bn — Cp, @ — Cp)
+<VP(Cn) - Vp(an+1) + Vp(an+l), ap+l — Cn) + <Vp(bn) - VP(Cn) + VP(Cn), Cp — bn>
1
= /T[(Cn — Ap+1,a — Aps1) + by — cp,a — cy)]
n
_[<Vp(an+1) - VP(Cn), Qn+l — Cp) + (VP(Cn) - Vp(bn), cn — by)l
+<Vp(an+l)’ Ap+1 — Cp) + <VP(Cn), cn—by)
1 2
> /l—n[<cn — Ans1,@ = Apr1) + by — Cnya— )] = [ vy llans1 = call?
+mucn — ballP1+ plansr) = plcn) + plea) — p(by).
Hence, we obtain
2cn = Any1, A1 — a) + 2by — CpyCp — @)
> 2Aalq(ans1) — q(a) + q(cn) — g(a) — pa) + p(cy) — p(a) + p(an+1)]
241
20w = el + = llen = bl
= 24[(p + @)an+1) = (p+ @)(@) + (p + g)(cn) — (p + ¢@)(a)]
241 2
e = el + e, - Bl (3.8)

2 u+1
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‘We have

2en = anets anet — ay = llen — all* = licw = anatIF = llansr — all’ (3.9)
and

2by = ey cn — ay = by — all* = by = cull® = llew — all*. (3.10)

By equations (3.8)-(3.10), we have

2 2 2 2
—licn = ans1ll” = llans1 — all” + |lbn = all” = 116y — call

> 2,[(p + @)an+1) — (P + @)(a) + (p + @)(cy) — (p + g)(a)]

2
+1 2
£ Tl —cn||2+#fl||cn—bn||2].

It follows that

16, = all* = llcw = ans1ll® = 16y — call?
=20,[(p + g)(an+1) — (p + @)(a) + (p + q)(cn) — (p + g)(a)]

IA

2
lan1 — all

2
+1 2
+“T||an+1 — eall? + ey — Bl
u+1
2
+1 2
= by -aP-1-E T llen = el = (1 - by = call®
u+1

=2.[(p + @)(an+1) — (p + @)(a) + (p + @)(cyn) — (p + @)(a)].

Setting a = a* € Q and using 0 < u < 1, we derive

2
lapss —a'IPF = by —a’lP—(1 =& 2”)||cn — apl? = (1 - l%)ﬂian —call?
=22,[(p + @)ans1) — (p + @)(@’) + (p + @)cp) — (p + g)(a)] (3.11)
< by — a*|.
So,

lansr —a*ll < by —a’ll

= llay + Ou(an — ap-1) — a’l|

< Nlay = a’ll + 6ullla, — a*ll + llan-1 — a*l), (3.12)

which gives [la,+1 — a*ll < (1 + Oy)lla, — a*|| + 6,lla,—1 — a*|l. By Lemma[2.3] we obtain

n
lawer —a’ll < K - [ 1+ 260,
i=1

where K = max({lla; — a*|, llaz — a*||}. By Lemma[2.3]and 3, 6, < +co, we obtain {a,} is bounded. So
Onllan — an-1ll < +oco. (3.13)
n=1
From Lemma 2.2 and equation (3.12)), we obtain lim, . lla, — a*|| exists.

Consider,
2 2
b, — a”|l llan + 6n(an — ap-1) — a’l|

*112 2 2
llan — a”|I” + 26,lla, — a*llllay, — an-1ll + 6;llan, — an-1ll". (3.14)

IA
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From equation (3.11) and equation (3.14), we get

lans1 — @I < llan — a*|* + 204llan — a’llllan — an-1ll + 6llay, — ap-1ll*
2
+1 2
~(1 = llen = @il = (1 - ﬂT"pubn — el
22,[(p + Q)(an1) — (p + @)(@*) + (p + g)(cn) — (p + @)(a")]
< Nlay — a*|I* + 26,llay — a*llllan — an-1ll + Ollan — an-1|*
2
+1 2
~(1 = Elen = P = (1= =ZlIby = (3.15)
u+1
From equation (3.13) and lim,—, |la, — a*|| exists, from equation (3.15)), we have
1im flc, = @yl = 0 (3.16)
and
lim ||b, — call = 0. (3.17)
n—oo

From equation (3.1)), we have
lim |la, — b,|| = 0. (3.18)
n—oo
From equation (3.17) and equation (3.18)), we consider
lim |la, —c,ll < lim |la, — byl + lim [|b, — |
- 0 (3.19)
From equation (3.16) and equation (3.19), we get
lim (laps1 —anll < lim flape = cpll + lim [lc, — ay|
n—00 n—o0 n—o0
= 0.

Since {a,} is bounded, then there exists a subsequence {a,,} of {a,} such that a,, — @ € H. Moreover, we obtain
an+1 — a. Since {ap, } is bounded, limy_, ||@n+1 — ¢4, |l = 0 and Vp is uniformly continuous, we have

kll_{go IV p(an+1) = Vplen)Il = 0. (3.20)
From
n+1 = P’”OX/lnkq(an - /lnkVP(an)),

it follows that
an - Al’lkvp(cl’lk) - ank+1

€ BQ(ankH)-

A
Hence,
an - ank+l
— +Vplans) = Vplen) € Vp(ant) + 0q(an1)- (3.:21)
Tk
Using equation (3.20), letting k — oo in equation (3.21)) and applying Lemma [2.1] we get
0 € (Vp + 9g)(@). (3.22)

Hence a € Q. From equation (3.15) and Definition 2.1} we have {a,} is a quasi- Fejér sequence. Hence, the sequence
{a,} weakly converges to a point in Q by Lemma[2.4] o
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4. Application to Data Classification

In this section, we discuss data classification problems based on a learning technique called extreme learning
machine (ELM). Let {(an, ¢n) : an € RV, ¢, e RM n =1,2,3,..,K} be a training set of K distinct samples, a, is an
input training data and ¢, is a training target. For the output of ELM with single hidden layer at the i-th hidden node
is

ni(a) = p(u;, v;, a),

where p is an activation function, u; is the weight at the i-th hidden node and v; is the bias at the i-th hidden node. The
output function with L hidden nodes is the single-hidden layer feed forward neural networks (SLFNs)

L
Oy = ) Bmi(an),
i=1

where £; is the optimal output weight at the i-th hidden node. The hidden layer output matrix H is defined by

plur,vi,ay) -+ plug,vp,ar)
H = : :

plui,vi,ag) -+ p(up,ve,ag)

The principal objective of ELM is to calculate an optimal weight 8 = [B1, ...,8.]7 such that HB = B, where B =
[t1,...,tx]" is the training target data. We find the solution 8 via convex minimization problem. Next, we introduce the
least absolute shrinkage and selection operator (LASSO) [26] to find the parameter 8. It can be modeled as follows:

min{||HB - B3 + 7811}, 4.1
BERL

where 7 is a regularization parameter. We see that if p(8) = ||HS — B||§ and g(B) = 7/|B||1, then the problem 18
reduced to the problem (I.1.

In experiments, we use a cervical cancer behaviour risk data set from UCI Machine Learning Repository [23]] for
training processing. This data set contains 72 samples which has 19 attributes. We classify two classes of data. We
use the sigmoid as the activation function and the hidden nodes L = 300. For efficiency of algorithms, we measure by
the accuracy of the output data as follows:

tl dicted dat
accuracy = correc };ﬁrga:: ed data x 100.

For the loss of an example, it is computed by the binary cross entropy loss function:

1 output size

Loss = ————— bilogb; + (1 — b)) log(1 — by),
o% output size ; ilogh; +( i) log( i)

where b; is the i-th scalar value in the model output, b; is the corresponding target value, and output size is the number
of scalar values in the model output. In Table[T]} we fix parameters for each methods as follows:

Table 1: Chosen control parameters of each methods

Methods y ¢ o J7i

FISTA L = 1/||A]|
FMFB 2 05 0.1 -
IDFB 2 05 - 08
A / 2
In our method (IDFB), we set sg = 1, 5, = % and

o {sn_l ~1  ifn <1000,

0 otherwise.
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Table 2: The result of each methods with the stopping criteria

Methods Iter Training time Acc(%)

FISTA 49  0.0491 90.91
FMFB 32 09747 90.91
IDFB 25 0.8014 90.91

The regularization parameter is 7 = 107>, The stopping criteria is the binary cross entropy (Loss=0.119). We report
measured quantities in Table 2]
Next, we show graphs of the accuracy and loss of training data and testing data for overfitting of IDFB.

100 T T T T T T T T T T T T

95— -1

90—
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@

&
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Figure 1: Plot accuracy of IDFB
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1 1 1 1
20 40 60 80 100 120 140 160 180 200
Number of iterations

Figure 2: Plot loss of IDFB
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5. Discussion

We see that in Table 2] IDFB has the number of iterations less than FISTA and FMFB at the testing accuracy
90.91. It shows that IDFB has a better efficiency than other methods. In Figure [T} we see that training accuracy and
validation accuracy have a high gap. It shows that a few training data set are not good enough to train model. Also,
Figure [2| has a gap between training loss and testing loss. However, graphs of accuracy and loss values tends in the
same way which show that our method (IDFB) can still classify data set even if there are a few data set.

6. Conclusions

In this work, we have proposed an inertial double proximal gradient method with a new linesearch for solving
convex minimization problem. We provided weak convergence theorem under some suitable conditions. It was shown
that our method has a better performance than FISTA and FMFB in data classification problem. In future work, we
study double proximal gradient method with a new linesearch in Banach spaces.
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