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Abstract. In this paper, an interior-point algorithm for P, (x)-Linear Com-
plementarity Problem (LCP) based on a new parametric trigonometric ker-
nel function is proposed. By applying strictly feasible starting point con-
dition and using some simple analysis tools, we prove that our algorithm
has O((1 + 2k)y/nlognlog %) iteration bound for large-update methods,
which coincides with the best known complexity bound. Moreover, numer-
ical results confirm that our new proposed kernel function is doing well in
practice in comparison with some existing kernel functions in the literature.
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1 Introduction

Polynomial time Interior Point Method (IPM) idea was first investigated by
Karmarkar in [16] for solving Linear Optimization (LO) problems. Later,
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Kojima et al. [22] and Megiddo [27] developed this idea to primal-dual
IPMs for LO problems. Kojima et al. in [21] first proposed the existence
and uniqueness of the central path for any P, (x)-Linear Complementarity
Problem (LCP). Nesterov and Nemirovski in [28] extended this algorithm
to general convex optimization problems such as Convex Quadratic (CQ)
problems, Second Order Cone Optimization (SOCO) problems, Semidefi-
nite Optimization (SDO) problems and nonlinear complementarity prob-
lems.

The goal of this paper is to focus on the linear complementarity problem
formulated in the standard from as:

{ s=Mzx +q, (z,s) >0, (1)

xs =0,

where, M is real n X n matrix, ¢ € R" and xs in the second equation
denotes a coordinate-wise (Hadamard) product of vectors = and s. Note
that problem (1) is named Py (k)-LCP if M is a Py (k)-matrix.

Definition 1. Suppose that £ > 0. A matrix M € R"*" is called a P.(k)-
matrix if, for any real vector x € R", the following inequality holds:

(1+48) > w(Mz)i+ Y z(Mz); >0,
i€y (z) icJ_(z)
where
Ji(x)={ie J:z;(Mz); >0}, J_(x)={ieJ:x;(Mz); <0},
and
J={1,2,...,n}.
Corollary 1. Every P.(0)-matriz is positive semidefinite.

Definition 2. A matrix M € R™ "™ is called P, matrix if it is a Py(k)
matrix for some x > 0, that is:

P, = Pu(r).

k>0

Lemma 1 (Lemma 4.1 in [21]). Suppose that M € R™*" is a P.(k) matriz,
thus the matriz M’ is a nonsingular matriz for any positive diagonal matriz

X, S8 € R™™ where
,( -M I
w73 x)

X = diag(z) and S = diag(s).
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As a consequence of Lemma 1, one has the following result.

Corollary 2. Suppose that M € R™*" is a P.(k) matriz, and two vectors
x,s € R™. Thus for any vector a € R", the system

—MAz+ As =0,
SAx + XAs = a,

has a unique solution as (Ax,As), where X = diag(x) and S = diag(s).

According to records, there are several optimization problems that can
be formulated as a Py (x)-LCP, for example the Karush-Kuhn-Tucker (KKT)
optimality conditions for linear optimization and convex quadratic opti-
mization problems, the optimal invariant capital stock problem, the market
equilibrium problem and the optimal stopping problem [38]. For more data
on the LCP and its applications, we refer to [%, 15].

A close look at the IPM literatures tells us that by using kernel func-
tions we can get the best known complexity bound. Important work in
this direction was done by Peng et al. in [29]. Subsequently, they con-
structed a new variant of the feasible interior-point algorithm for LO prob-
lem based on Self-Regular (SR) barrier (proximity) function and showed
that their algorithm in the large neighborhood of the central path has
O(y/nlognlog Z) as the worst case iteration bound. Then, they developed
their algorithm to general convex optimization problems such as Comple-
mentarity Problem (CP), SOCO, and SDO problems. Primal-dual IPMs
for LO problems based on the so-called eligible kernel functions, which are
not necessarily SR-barrier function, were first studied by Bai et al. in [1].
Based on this class of kernel functions, they showed that their algorithm
enjoys O(y/nlognlog ™) as the worst case iteration bound for large-update
methods. In recent papers, several interior point algorithms have been con-
structed. A comparative study on the kernel functions for LCP is provided
in [5-7,23,24].

The primal-dual IPMs based on trigonometric kernel functions received
much more attention in recent works. This kind of barrier functions was
first proposed by El Ghami et al. [9]. They derived the worst case itera-
tion complexity as O(n% log %) for large-update methods. Later, Kherifam
in [17] suggested an interior point algorithm for solving SDO problems
based on a new trigonometric kernel function and derived the same com-
plexity as in [9]. Later on, El Ghami [10] investigated an IPM for solving
P, (k)-LCP based on the trigonometric kernel function which was previ-
ously introduced for LO in [9]. He derived the worst case iteration bound

as O ((1 + 2/{)71% log %) for large-update methods.



174 S. Fathi-Hafshejani, H. Mansouri and M. Reza Peyghami

To improve iteration bound of primal-dual IPMs based on the trigono-
metric kernel function in a large neighborhood of the central path, Peyghami
et al. in [32] introduced another new trigonometric kernel function and

showed that their algorithm enjoys O (n% log %) iteration complexity bound

which improved the obtained results by El Ghami et al. [9, 10] and Khier-
fam [17], but it is not the best known iteration complexity bound. Then
Peyghami and Fathi in [31] proposed another trigonometric kernel function.
They derived the worst case iteration complexity bound as O(y/n(logn)?log %)
for large-update methods. Recently, an interior point algorithm for solving
Py (k)-linear complementarity problem based on the trigonometric kernel
function was introduced by Fathi et al. [11]. They obtained the best known
complexity bound for large-update methods, that is, O((14-2x)/nlognlog ).
In recent years, several interior point algorithms based on the trigonometric
kernel functions have been proposed [3,4, 11,13, 14, 18-20,25,26,31,32, 34].
Based on the some of them, the best known iteration complexity bound for
large update methods is derived [3, 11,13, 14,20, 34].

In this paper, we introduce a large-update primal-dual interior-point
algorithm for Py (x)-LCP based on a new family of kernel functions with
trigonometric barrier term. Using an elegant analysis, we show that our
algorithm enjoys O((1 + 2x)y/nlognlog %) as the worst case complexity,
which coincides with the best known iteration complexity bound. Finally,
we gives some numerical results.

The paper is organized as follows: In Section 2, we recall some basic
concepts of interior-point methods and the central path for LCP. In Section
3, we first introduce a new kernel function, then we survey some properties
of this kernel function. In Section 4, we obtain the step size during an
inner iteration. The worst case iteration bound for the primal-dual IPMs
based on the new kernel function is presented in Section 5. We illustrate
the practical performance of the new proposed kernel function in Section
6. Some numerical results are presented in Section 7. Finally, we end the
paper by some concluding remarks in Section 8.

Some of the notations used throughout the paper are as follows: The
set of real vectors with length n, the set of nonnegative vectors and the
set of positive vectors are showed as R", R’} and R} ,, respectively. For a
given vector € R™ diagonal matrix of x is defined by X = diag(z). The
index set is denoted as J = {1,2,...,n}. Also || - || denotes the 2-norm of a
vector. For two given vectors z and s, the vectors xs and 7 show that the
coordinate-wise operations on the vectors, i.e., whose components are x;s;
and i—:, respectively. Furthermore, vy, is minimum components of the real
vector v. We say that f(t) = © (g(t)), if there exist positive constants w;
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and wo so that wig(t) < f(t) < wag(t) satisfies for all t € Ry ;. We also say
f(t) = O (g(t)), if there exists a positive constant w so that f(t) < wg(t),
for all t € Ry.

2 Central path and P,(k)-matrices

In this section, we focus on the central path for Py (x)-LCP and some prop-
erties of primal-dual IPMs and present a generic interior point algorithm
for LCP. Throughout this paper, without lose of generality, we assume that
the system (1) satisfies the Interior Point Condition (IPC), that is, there
exists a point (27, s%) > 0, such that

Mxo—i—q:so,

which means that the interior of the feasible region is not empty.

The key idea of path following IPMs for LCP is to replace the last equa-
tion in (1), the so called complementarity condition with the parameterized
equation xs = pe, where u is a real positive parameter and e denotes
the all-one vector of length n. Therefore, this replacement leads us to the
following system:

s=Mx+q,
zs = e, (2)
(x,s) > 0.

Since IPC holds and M is a Py (k) matrix, the parameterized system (2) has
a unique solution for any real positive parameter p [29]. Let us, represent
the solution of system (2) by (x(u),s(u)). The set of all u-centers, with
>0, ie., {(z(n),s(n)): n> 0} gives the homotopy path and it is called
the central path of the LCP [30]. It is shown that, if the parameter u goes to
zero, the limit of the central path exists and satisfies the complementarity
condition and belong to the solution set of (1).

In what follows, we discuss how the algorithm computes the step length
in Newton method. Therefore, the system (2) can be converted to the
following system:

—MAx + As =0, 3)
SAx + XAx = pe — xs.

The second equation in (3) is so-called the centering equation. By using
Corollary 2, the system (3) has a unique solution for any two positive
vectors x and s. System (3) can be easily rewritten as below:

Md, +ds =0,
{ dy +dg =v~ 1 — v, (4)
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where
T Ts
d:=]— = )
\/;7 v /,L’ ( )

dy = , ds : , (6)

and M = DM D, with D = diag(d).

One can easily see that the right hand-side of the last equation in (4), which
so-called the scaled centering equation is equal to negative gradient of the
following scaled barrier function:

Ve(v) = iznjlwc(m = Z (”? > o 1ogvl-> :

=1

where, v; denotes the i-th component of the variance positive vector v.
The scaled barrier function W.(v) has the following properties:

(i) W.(v) is strictly convex for v € R} .
(ii) U.(v) attains its minimal value at v = e, i.e., U.(e) = 0.

We call 9).(t) a kernel function of the classical logarithmic barrier func-
tion. In the next proposition, some properties of the kernel function are
characterized.

Proposition 1. A function 1. : Ry — Ry is called a kernel function if
. satisfies the following conditions [1]:

(i) Ye(1) = ¢i(1) =0
(it) limy o+ the(t) = limy—o0 the(t) = 400,
(ii) 1c(t) is a strictly convex function for all t > 0.
From the above discussion, one may easily write:
VU (v)=0=v=ecz=u(u), s=s(u).

Recently, Peng et al. in [29] used a new proximity function ¥(v), such that
U(v) =" ¥(v;) with (1) = ¢'(1) = 0 and the function ¢ (t) is a strictly
convex function for all ¢ > 0. Therefore, the scaled centering equation in
(4) can be rewritten as below:

dy +dy = —VU (). (7)
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Now, using equation (7), the system (4) may be rewritten as follows:

—MAx + As =0, (8)
SAz + XAs = —poV¥(v).

From Corollary 2, the system (8) has a unique solution (Ax,As) for any
two vectors (x,s) > 0. Moreover, one has:

Ar =0, As=0&v=ce.

For the moment, we describe one step of the Algorithm 1. We start the
algorithm by proximity parameter 7, barrier parameter update 6, for any
6 € [0,1], and a strictly feasible point (2%, s%). Note that, at the begining
of the algorithm, the point (z°,s%) is in a 7 neighborhood of the given
u-center. The algorithm consists of the inner while loop and outer while
loop, which are called inner and outer iterations, respectively. Note that,
any outer iteration consists of update barrier parameter p by (1 —6)u, that
is, the parameter u decreasing to (1 —6)u for some 6 € [0, 1] and a sequence
of one or more inner iterations. Then, we solve the Newton system to derive
the unique search direction. The generic algorithm is as follows [29].

The choice of the barrier update parameter 6 plays an important role
in the theory and practice of IPMs. For a constant 6, let 6 = %, the
algorithm is called the large-update methods, while for the case when the
is depended on n, # = ﬁ, the algorithm is called the small-update methods.
Note that, iteration complexity bound of the algorithm for small-update
methods has the best known complexity, that is O(y/nlog?) in theory,
while the large update methods are practically more efficient [35].

3 The new kernel function

In this section, first a new class of kernel functions with trigonometric
barrier term is defined; then some properties of these function are studied.
The new kernel function is given by:

w<t>=t2‘1—<f3—1>p/1t( do p>2, ()

2 tan(h(z)) — 1)P’
where
1+
h(z) = . 1
(0) = o (10)
Note that when ¢ — 07, the function h(t) converges to 7. It follows that

lim;_, ,+ ©¥(t) = +00. Moreover, we can easily see that lim;_,~ 1(t) = 4o0.
These imply that the function ¢ (t) given by (9) is a kernel function [1].
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Algorithm 1. Generic Primal-dual IPMs for LCP

Input

a proximity function ¥(v)

a threshold parameter 7 > 0

an accuracy parameter € > 0

a barrier update parameter 6, 0 < 6 < 1
begin

ri=e;s:=e€;u:=1;v:= e

while nu > € do

begin
pi=(1-0)u
while ¥(v) > 7 do
begin
T =1+ alx
s:= s+ als
vi= %
end
end
end

To analyze Algorithm 1, we need the first three derivatives of the func-
tion (9), as:

/ _ (\/g_l)p
VO = @) - 1 1

2(V3 — 1)PrpM (1)

= T an (i) - DT (12)
" 4(\/3 - 1)p7TpM(t)
VIO = T Gan(hi) — et - (13)
where:
M(t) = 1+ tan®(h(t))
2
K(t) = —2tan(h(t)) — 1)+ ;5 tan(h() (san(h(t)) — 1)
(p+ 1)7TM(t). (14)
1+ 2t

One can easily see that ¢(1) = ¢//(1) = 0. Therefore, we can denote the
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function 1 (t) given by (9) as below:
t g
= "(¢)d¢dE. 15
vy = [ [ uoacas (15)

We define a norm-based proximity measure d(v) as:

n

Y W)?  veRL,. (16)

=1

5(0) = 3 IVe()]| = 5

Note that the function v (t) defined by (9), is a decreasing function in (0, 1],
and an increasing function in the interval [1,400). In the next lemma, we
derive some important properties of the new kernel function.
Lemma 2. For the function h(t), defined by (10), let t > 0. Then, we
have:
t+2
tan(h(t)) > —.
an(h(t)) >

Proof. First, we define a function g(t) as:

t+2
t) =t h(t)) — —.
(1) = tan(h(t) ~
Therefore, one has:
27 1
"ty = —————(1+¢ 2 h(t - —
2 1 1 27 1

T (4t 26)2cos2(h(t))  2n  cost(h(t)) (At 202 2n cos”(A(t) |-

For all z € [0, 7], we have:

sin(g—x) = cos(x),

sin(z) < =,

it follows that
o 1 2w I o7
J(t) = (D)) [(4 T %sm2(§ - h(t))}
S 1 21 21 —0
~ cos?(h(t)) [(4+2t)2 - (4+2t)2] T

The lemma follows from the fact that g(0) > 0. O
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Note that for all ¢ > 0, tan(h(t)) > 1. Next lemma shows some proper-
ties of the new kernel function.

Lemma 3. For the function ¢ (t), defined by (9), we have:
i) ¢"(t) > 1, Vit>0,

i) " (t) —¢'(t) > 0, Vit>1,

iii) " (t) +¢'(t) > 0, VOo<t<l,

iv) ¢¥"(t) <0, Vt>0.

Proof. The first item easily follows from,

e 2(\/§ - 1)p7rpM(t)
V) = e (an () — 11

Since,

1" I (\/g - 1)p QWPtM(t)
() — 9 = (tan(h(t)) — 1)p+1 [ (44 2t)?

+ tan(h(t)) — 1] > 0,

the second item is concluded. To prove the third item, we have

w(0) + /() = — Y31 [%ptM(t)

(tan(h(t)) — )P+ | (4 + 2t)2 _ta“(h(t))“]'

We consider the expression in the bracket as function k(¢) such that:

k() = 27”“)2 (14 tan?(h(8))) — tan(h(t)) + 1.

(2t + 4

The first derivative of k(t) is as follows

K(t) = M(t)(4i7;t)3 p(2t + 4) — 4pt + 44?9; tan(h(t)) — (2t + 4)
> M(t)ﬁ [—pt + 4p — 2t — 4]
2
> M) gy B =2 =420,

where, the first inequality is due to Lemma 2 and the last inequality follows
from the fact that p > 2 and ¢ € (0,1]. This implies that k() is an



An interior-point algorithm for Py (k)-linear complementarity. . . 181

increasing function for all ¢ € (0,1]. From k(0) = 0, we conclude that for
all t € (0,1],

" (t) + 4/ (t) > 0.

Using the fact that for all t > 0, M (¢t) > tan(h(t))(tan(h(t))—1) and p > 2,
we conclude that K (t) < 0 for all t > 0. Therefore, one has ¢"(t) < 0 for
all t > 0. It completes the proof. ]

In what follows, we construct the exponential convexity (e-convexity)
property of the new kernel function. This property plays an important role
in the analysis of the primal-dual algorithm.

Lemma 4. (Lemma 2.1.2 in [29]) Suppose that function ¥(t) is a twice
differentiable function, for allt > 0. Therefore, the following properties are
equivalent:

) Y(vhah) < 3(0(h) +¥t), YV t,ta>0.
i) /'(t) + ty"(t) > 0, vV o t>0.
iii) 1 (ef) is a convex function.

As a consequence of Lemmas 3, and 4, the kernel function (¢) defined
by (9) has the e-convexity property.

Lemma 5. For the new kernel function 1(t) defined by (9), one has:
i) 2(t—1)2 <o(t) < 3¢/ (t)?%, for all t > 0.

ii) ¥(v) < 26(v)2.

i) [[ol] < v+ /20 (0) < v+ 20(v).

Proof. The proof is a straightforward result of (15), Lemma 3 and Lemma

3.4 in [30). O

As a consequence of the second part of Lemma 5, one has the following
corollary.

Corollary 3. Suppose that ¥(v) > 1, then one has

d(v) >

Sl
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For the moment, we focus on the growth behavior of the proximity
function ¥(v) during an iteration of Algorithm 1. Suppose that at the
start of each outer iteration, just before the py-update we have ¥(v) < 7.
Due to the update of u, the vector v is divided by the factor /1 — 8, with
0 < 6 < 1, which in general leads to an increase in the value of ¥(v).
Then, during the subsequent inner iteration, ¥(v) decreases until it passes
the threshold 7 again. In what follows, we present two lemmas, which are
important in deriving the iteration complexity bound.

Lemma 6. Suppose that ¥ (t) is given by (9) and 8 > 1. One has

B -1,
]

Y(Bt) < v(t) +

Proof. Let
2

v(t) = — + p(t),

where the function p(t) is defined as follows

» t dx
i) = ~V3 -1 |

Then, we have

B*—1,
b(Bt) = ¥(t) = —5—1t" + p(Bt) = p(?).

Since 8 > 1, to complete the proof, it suffices to show that the function
p(t) is a decreasing function. It immediately follows from,

/ _ (\/§ - 1)p
P =~ Ganta@) =1 <

This completes the proof. O O

Lemma 7. Suppose that 0 < 8 <1 and vy = \/%Te' One has

U(vy) < WU(v) + 2(1010)(2\11(1)) + 2¢/2n%(v) + n).
Proof. Using Lemma 6 with g = \/11?, we have
LN a2 2 — Oll®
V(Bv) < V() + 5 > (82— 1) = T(v) + 200
i=1

Now, from the third item of Lemma 5, the statement of the lemma follows.
O
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4 An estimation for the step size

In this section, we compute the largest possible value for the step size = «
during an inner iteration. After a damped step we have:

ry =2+ alAzx, sy =5+ als.
Using (6), we obtain:
x s
l‘Jr:E('U‘{‘Oédm), S+:;(U+Oéds).

This implies that,

Ty S4

vl = = (v+ ady)(v + ads).

From the fact that M is the Pi(x) matrix and (8), i.e. for Az € R",
MAx = As, one has:

(1+4r) > (Az)Asi+ > AziAs; >0,
i€ (x) ieJ_(x)

where, Ji(z) ={i € J: Az;As; > 0} and J_(z) = J — J4(x). Since

2
d.d. — v AzxAs _ AwAs’
s 1

and p > 0, we have

(1+4K) Y (do)i(ds)i+ D (da)i(ds)i > 0. (17)

1€ (x) ieJ_(z)

For notational convenience, we define the following notations:

§:=0(v), opi= Y (da)ilde)i, o i=— > (da)i(ds)i.

i€y (x) eJ_(x)

Therefore, the equation (17) can be rewritten as below:

(L+48) > (de)i(de)i+ Y (du)i(ds)i = (1 +4r)oy —0_ > 0. (18)

i€y (x) ieJ_(x)

To estimate the bound for ||d,|| and ||ds||, we need the following technical
lemma.

Lemma 8. One has oy < 6% and o_ < (1+ 4r)62.
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Proof. From definition of o4,0_ and J, one has
1 1
op =Y (de)ilds)s < 1 D ((da)i + (ds)i)? < 1 > ((da)i + (ds)i)* = 6°.

i€y ieJy ieJ

From the fact that M is the P.(x) matrix and using (18), one can easily
see that

o_ < (144r)oy < (1+4r)5°.
This completes the proof. ]

Upper bounds for ||d|| and ||ds|| are proved in the following lemma.

Lemma 9. The inequalities ||d|| < 2v/1+2k6 and ||ds|]] < 2v/1 4+ 2k6
hold.

Proof. The proof is similar to the Lemma 4.4 in [30]. We just restate it
here. From the fact that ), ;(d.)i(ds); = 04 — o and definition ¢, one
has

n n

26 = ||dy + ds|l = || D _((da)i + (ds)i)? = | D ((de)} + (ds)}) + 20 — o).

i=1 i=1

Due to (17), one has

25 > i((dx)?ﬂds)?)”( ; U‘)

Hence, we have

46 +

From Lemma 8, we obtain

4(1 + 2k)6% > 462
(1+26)0% > 407+ -0
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This implies that
|ds|| < Z ) < 2V1 + 2k6.

Similarly, we can prove that ||ds|| < 2v/1+ 2kd. This completes the proof
of the lemma. ]

Now, using the e-convexity property of the function W(v), one has

w(wy) =¥ (Vo + ad)(v +ady)) < % [U(v + ady) + U(v + ady)].
Let

fla) = V(vy) —Y(v),
fila) = %[\If(v—kadx)—k\ll(v—i—ads)]—\Il(v). (19)

In what follows, we derive an upper bound on the value of f(a) during an
inner iteration. To this end, note that fi(«) is an upper bound of f(«),
that is f(a) < fi(a), and £(0) = f1(0) =0
Using the definition of fi(«), we have
1 n
f{(a) = 5 Z (W(Ui + adxb)dxz + 1/”(%’ + adSi)dsi) .

i=1

—~

Using (16) and the second equation in (8), we may write:

f1(0) = %V\P(U)T(dx +ds) = —=VU(0)TV¥(v) = —26(v)%

N =

Furthermore, we have

1 n
S (W (vi + ad,)d2, + @ (03 + ady,)d?,) |
i=1

\V)

Lemma 10. (Lemma 5.5 in [2]) The following inequality holds:
(@) < 2(1 + 26)6%Y" (Vin — 201 + 2K0).

Lemma 11. Suppose that p : [0,00) — (0,1] is the inverse of the func-
tion —34/(t) in the interval (0,1]. Thus, the largest possible value for o
satisfying f'(a) <0 is given by

3= 5 (PO 06 ). (20)
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Proof. From e-convexity property of function ¢ (v), P.(x) property of M,
Lemma 8, Lemma 9 and Lemma 5.6 in [29], the proof is completed. O

Lemma 12. (Lemma 5.8 in [2]) Suppose that & is given by (20). One has

a> P (21)
(L+ 20007 (p(0 + 20))

In what follows, we use the notation

G— R (22)
(1+2r)9"(p(0 + 4555))

and we will use & as the default step size. Lemma 12 implies that @ < @

Lemma 13. (Lemma 3.7 in [32]) Suppose that & is given by (21). Then,
for a satisfying a < &, we have:

fa) < —ad®.

In the next lemma, we compute the amount of decrease in the proximity
function during an inner iteration.

Lemma 14. Suppose that ¥(v) > 1 and p : [0,00) — (0,1] is the inverse

of the function —31'(t) in the interval (0,1], and & is defined as in (22).
Then, one has

ﬂ®§—6<1+% ) (23)
<a

Proof. From Lemma 13 and the fact that a we have f(a) < —ad?.
Now, we compute the inverse function —z1/(t), for all t € (0,1]. By solving
the equation —3¢/(t) = s for ¢, we conclude that:

Va—-1 \"
- [t_ tan(h(t))—l) ] =28

This implies that
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where, the last inequality is obtained from the fact that ¢ < 1. Now, putting
t = p(20), we get 40 = —)’(t). Thus, we have

V-1 1\’
(tan(h(t))—l) sdo+1.

We note that for all 0 < ¢ < 1, tan(h(t)) € (1,v/3]. Therefore, tan‘(/hgﬁ >
1. This implies that

tanzgi;bl—-l < (40+1)7. (24)

It follows that
1 _ (45 +1)7
tan(h(t)) —1 — /3-1

S =

<2046 +1)7. (25)

Thus, we have

™ an2 — P
) = 14 2P (1 tan?(A(2) ( V3-1 >

(4 + 2t)2(tan(h(t)) — 1) \ tan(h(t)) — 1

4d7tp pt1

<1+ (1 + tan?(h(t)))(46 +1) » .

- (4+2t)?
Since (4+2t)2 > 16 for all 0 < t < 1 and 1+tan?(h(t)) < 4, it follows that:
1
W) <1+ pr(46 + 1)
Using (26), we obtain a lower bound for &, with ¢ € (0, 1]
1 1

>
(A+2009"() ™ (14 20) (14 pr(as + 1))

1
(14+2k)pd »

which implies that

(26)

a =

52 55
3) < <_of-2" ).
1 < =@ = O\ arzop
This proves the lemma. O

A direct consequence of applying the second part of Lemma 5 to (23)
is as follows

. 5 '
fl@) < -6 (U—i—%)p) <-0 ((1—}-2/{)})) . (27)
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5 Iteration complexity

In this section, we proceed by computing the worst case total iteration
complexity bound for Algorithm 1, based on the new measure function
W induced from kernel function consisting of trigonometric function in its
barrier term as defined in (9) for large-update methods. To this end, using
Lemma 7 and just after reducing u to (1 — @) with 8 € (0,1), one may
write

0

U(vy) < ¥(v) + 21-0)

(2¥(v) + 24/2n¥(v) 4+ n). (28)
From the structure of Algorithm 1, and at the begining of an outer iteration
and just before updating the parameter p, we have W(v) < 7. Therefore,
from (28) it is easy to see that the proximity function ¥(v) exceeds the
threshold 7 after the p-update. Therefore, we need to compute the num-
ber of inner iterations that are required to return the iterates back to the
situation where measure function ¥(v) < 7 after the py-update. In what
follows, we represent the value of proximity function ¥(v) after updating
p by ¥o, and the subsequent values by ¥;, for all j = 1,...,L — 1, where
L is the total number of inner iterations performed in an outer iteration.

From (28) and the fact that proximity function W(v) < 7, it implies that

T, §7‘+2(1019)(2T+2\/%+n). (29)

Due to (27), the decreasing of ¥ in any inner iteration is denoted by
\I/jJrlS\I’j*gA\I’j, j:O,l,...,Lfl, (30)
where ¢ is some positive constant and AV, is denoted by
p—1
\ T

AV, = —
T (14 2w)p

(31)

In the sequel, we recall the following technical lemma which helps us to state
the inner iteration complexity result in an outer iteration. Furthermore,
one can find its proof in [29].

Lemma 15. Given a € [0,1] and t > —1, one has
(1+t)* <1+ at.

The worst case upper bound for the total number of inner iteration in
an outer iteration is given by the following theorem.
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Theorem 1. Suppose that 7 = O(n) > 1. If L represent the total number
of inner iterations in an outer iteration of the Algorithm 1, one has

5 gt
P
Ly W2,
(p—1)s

Proof. From definition of L, i.e., ¥, > 7 and ¥, < 7, and (30), for any
j=0,1,...,L —1, we have

(32)

202(1 + 2k) i 2p2(1+2k)

pil \I'% % 1 \If_% %1
0 < ¥ < |0 —¢—— =07 [1—¢——
= J+1—<J <p<1+2m>> J ( §p<1+2n>>
—1
pt1 N ptl 1
< v ( s+ ):W S(p+1) 33)

where the last inequality is obtained from Lemma 15. Using (33) subse-
quently, we obtain

gt Bl i(p+1)s
v < - JPE e
jHt =70 2p%(1 + 2k)

For j = L — 1, we have

ptl ptl —
0 < up <y LD
2p%(1 + 2k)

which implies that

This completes the proof. ]
Remark 1. For the large-update method, we have T = O(n) and © = O(1).

As a consequence of Remark 1 and (29), we conclude that ¥y = O(n).
Therefore, Theorem 1 implies the following upper bound for the total num-
ber of inner iterations for an outer iteration as

p+1

L< [@ <1 +p(1+ 26) T ﬂ =0 [p(1+ 2n)n%l] . (34)
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Theorem 2. Suppose that P.(k)-LCP defined by (1). Then for large-
update methods the total number of iterations to get an e-solution, i.e.,
a solution that satisfies x7s = np < €, is bounded by

(0] ((1 + ZK)pinJ;l log %) )
Proof. Lemma 1.36 in [35] implies that the total number of outer iterations
for getting nu < e are bounded above by O (% log %) Moreover, the total
number of iterations for Algorithm 1 is obtained from multiplying the total
number of inner and outer iterations. Hence, we may derive the following
total number of iterations to get an e-solution, i.e., a solution that satisfies

zTs = nu < ¢, as follows:

+1
0 ((1 + 2/{)pnp27 log E) .
€
This follows the result. O

So far, this bound significantly improves the iteration bound of large
update primal-dual interior point methods based on the trigonometric ker-
nel functions obtained in [9]. The iteration complexity for the small-update
methods is straightforward and we left it for the interested readers.

6 Numerical results

Although our main focus in this paper is finding the worst case complexity
of Algorithm 1 based on the new considered kernel function with trigono-
metric barrier term for linear complementary problems, here we present
some numerical results of performing Algorithm 1 with the following eight
kernel functions introduced in the literature and new proposed kernel func-
tion with p = {2,5,10}. The numerical results are obtained using MAT-
LAB 7.6.0 (R2008a) on a PC with CPU 2.0 GHz and 2 G RAM memory.
Without loss of generality, we take the accuracy parameter e = 1078, the
threshold parameter 7 = 3, the parameter y = 1 and p = {2,5,10} in all
experiments. In Table 1, we present eight kernel functions presented in the
literature. We consider the following problems:

Problem 1. (Lee’s example in [23]) For this test problem, we have:

v=(Bo) o= (5)
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Table 1: Eight kernel functions.

Kernel function ;(t) Ref

Yi(t) =5 411 [24]

¢2()=t’1+6tan(z+zfﬂ) [10]

Ys(t) = 571 — log(t) + § tan®(3hm) | [32]

Ya(t ) o 71 + 7C0t(1+t) [ ]

1
¢5()=t*1+(1—1)6t6 [24]
do(t) = St — [l ™ FE e | [31]
(3D
¢7(t) 21 < 4 ! [ ]
2 —1

¢8(t)_t21+ e [ ]

Table 2: Number of iterations for Problem 1.
O | V1 | Y2 | W3 | s | U5 | Y | Y7 | s | Yy | Yio | Y11
0.1 127 |25|22]126 |18 |22 | 18|20 |20 | 19 | 17
0227|2421 ] 99 |18 |21 |18 |18 |19 | 19 | 17
03262321 | 99 [18 20| 17| 18|19 | 18 | 17
0426 |22|21| 75 |17 20|17 |19 | 18 | 18 | 16
05|25 |21 (20| 77 (17 |19 | 17 | 18 | 18 | 17 | 16
0624|2020 | 58 [ 18 |19 | 16 | 17 | 17| 16 | 16
0712319 (19| 58 |17 (18 | 16 | 18 | 17| 15 | 15

Algorithm 1 starts with initial point (2%;s%) = (0.4 0.45 2.45 2.2). An

optimal solution of Problem 1 is given by:
(z*;s") =

Numerical results of applying Algorithm 1 based on the kernel functions
given in Table 1 and new proposed kernel function with different values of 6
for test Problem 1 are given in Table 2. In Tables 2-5, the functions g, 119
and 111 are new proposed kernel function with p = {2,5,10}, respectively.
Moreover, in Tables 2-5, for moment we present kernel function v;(t) for
ie{1,2---,11} as 9.

(0 0 2.0500 3.1000).

Problem 2. Consider a randomly generated P, (0)-LCP test problem. We
select matrix M as M = AAT, where A = rand(n,n) and use the barrier
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Table 3: Number of iterations for Problem 2.

no| Y1 | Y | Y3 | Yy | U5 | Ve | Y7 | Ys | Yo | Y10 | Y11
2 9 9 9 11 12 9 | 10 8 9 8 8

5 |17 22|17 | 30 | 20 | 24|19 | 14 |16 | 13 | 13
10 | 20 |40 | 18 | 72 | 24 | 30 | 22| 16 |19 | 17 | 15
20 | 3825|120 89 | 49 |37 | 29| 32 | 35| 32 | 27
50 | 42 | 59 | 26 | 175 | 59 | 45 | 38 | 90 | 42 | 41 | 39
100 | 47 | 69 | 40 | 425 | 138 | 48 | 46 | 181 | 46 | 44 | 41
200 | 56 | 84 | 53 | 568 | 355 | B7 | 75 | 235 | 63 | 58 | 51

Table 4: Number of iterations for Problem 3.

n | i1 (0 3 vy | s | e | Y7 | s | e | Y10 | Y11

[\

30 31 38 38 | 132 | 35 | 32 32 34 | 32 | 29

5 | 219 | 206 | 211 | 286 | 375 | 555 | 245 | 610 | 231 | 211 | 191

10 | 1436 | 1494 | 1041 | 1865 | 831 | 705 | 749 | 1651 | 737 | 715 | 701

parameter § = 0.5. In this case, the starting point is selected as 2° = s" = e

and ¢ = s — Mzx.

Problem 3. (Murty’s example in [10]) In this case, the parameter 6 and
starting point are chosen as 6 = 0.5 and 2" = s = e. Also,
1 2 2 2 -1
0 1 2 2 -1
M= 0 01 2 |, g=| -1
000 --- 1 -1

Problem 4. (Fathi’s example in [12]) In this problem, the algorithm starts

with initial point as 2° = s° = e and

12 2
M=(25%6], qg=|-1
2 6 9
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Table 5: Number of iterations for Problem 4.

O | Y1 | Y2 | W3 | Ya | U5 | Y| Y7 | Y | Yo | Y10 | Y11
01| 8 [ 35148 | 92 |35 |47 | 75 | 35| 38 | 36 34

02199 | 35|41 | 95 | 43|50 | 107 |36 |40 | 38 | 35
0.3 1100 | 34 |42 | 136 |43 |66 | 59 |44 | 37| 33 | 31
04116 | 33 | 36 | 88 |34 |49 | 33 |34 |34 | 33 | 31
05| 47 | 35|37 | 62 |48 |49 | 44 | 35| 37| 35 | 33
06| 63 | 29|33 | 74 |68 |35] 28 |29 ]33 | 31 | 28
07163 | 39|35 | 57 |61 |47 | 75 | 39 |38 | 35 | 34

Remark 2. For all test problems, the step size is computed as:

1
a = . 35
T+ 2007 (p(29)) (%)
Based on the obtained results in this section, we conclude that Algo-
rithm 1 with the new proposed kernel function has better results than the
others kernel functions.

7 Concluding remarks

In this paper, we proposed a primal-dual interior point algorithm for Py (k)-
LCP based on a new family of kernel functions consisting of a trigono-
metric function in its barrier term in large neighborhood of the central
path. Using the feasibility condition to initial point, by a simple analy-
sis we proved that our algorithm has the worst case iteration complexity
bound for large-update method as O ((1 + 2n)pn% log %) for p > 2. Fi-

nally, with p = O(logn) we obtain complexity bound of the algorithm as
O ((1+2k)y/nlognlog2).

References

[1] Y.Q. Bai, M. El Ghami and C. Roos, A comparative study of kernel
functions for primal-dual interior-point algorithms in linear optimiza-
tion, SIAM J. Optim. 15 (2004) 101-128.

[2] Y.Q. Bai, G. Lesaja and C. Roos, A new class of polynomial interior-
point algorithms for Py(k)-linear complementary problems, Pac. J. Op-
tim. 4 (2008) 19-41.



194

3]

S. Fathi-Hafshejani, H. Mansouri and M. Reza Peyghami

M. Bouafia, D. Benterki and A. Yassine, An efficient primal-dual in-
terior point method for linear programming problems based on a new
kernel function with a trigonometric barrier term, J. Optim. Theory
Appl. 170 (2016) 528-545.

X.Z. Cai, G.Q. Wang, M. El Ghami and Y.J. Yue, Complexity analysis
of primal-dual interior-point methods for linear optimization based on

a new parametric kernel function with a trigonometric barrier term,
Abstr. Appl. Anal. 2014 (2014) 1-11.

G.M. Cho, A new large-update interior-point algorithm for Pi(k)-
linear complementarity problems, Comput. Appli. Math. 216 (2008)
265-278.

G.M. Cho and M.K. Kim, A new large-update interior-point algorithm
for Pi(k)-LCPs based on kernel functions, Appli. Math. Comput. 182
(2006) 1169-1183.

G.M. Cho, M.K. Kim and Y.H. Lee, Complexity of large-update
interior-point algorithm for P.(k)-linear complementarity problems,
Comput. Math. Appli. 53 (2007) 948-960.

R.W. Cottle, J.S. Pang and R.E. Stone, The Linear Complementarity
Problem, Academic Press Inc., San Diego, 1992.

M. El Ghami, Z.A. Guennoun, S. Boula and T. Steihaug, Interior-
point methods for linear optimization based on a kernel function with

a trigonometric barrier term, J. Comput. Appl. Math. 236 (2012)
3613-3623.

M. El Ghami, Primal-dual interior-point methods for Pi(k)-linear
complementarity problem based on a kernel function with a trigono-
metric barrier term, Optim. Theory Decis. Mak. Oper. Res. Appl. 31
(2013) 331-349.

S. Fathi-Hafshejani, M. Fatemi and M.R. Peyghami, An interior-point
method for Pi(k)-linear complementarity problem based on a trigono-
metric kernel function, J. Appl. Math. Comput. 48 (2015) 111-128.

Y. Fathi, Computational complexity of LCPs associated with positive
definite symmetric matrices, Math. Prog. 17 (1971) 335-344.



An interior-point algorithm for Py (k)-linear complementarity. . . 195

[13]

[14]

[21]

[22]

S. Fathi-Hafshejani, H. Mansouri and M.R. Peyghami, A large-update
primal dual interior-point algorithm for second-order cone optimiza-
tion based on a new prozimity function, Optimization 65 (2016) 1477
1496.

S. Fathi-Hafshejani, A. Fakharzadeh and M.R. Peyghami, A wuni-
fied complexity analysis of interior point methods for semidefinite

problems based on trigonometric kernel functions, Optimizatio, DOI:
10.1080,/02331934.2017.1387258 (2017).

M.C. Ferris and J.S. Pang, Complementarity and variational problems
state of the art, In: Proceedings of the International Conference on
Complementarity Problems. SIAM, Philadelphia, 1997)

N.K. Karmarkar, A new polynomial-time algorithm for linear program-
ming, In: Proceedings of the 16th Annual ACM Symposium on Theory
of Computing (1984) 302-311.

B. Kheirfam, Primal-dual interior-point algorithm for semidefinite op-
timization based on a new kernel function with trigonometric barrier
term, Numer. Algorithms 61 (2012) 659-680.

B. Kheirfam,A generic interior-point algorithm for monotone symmet-
ric cone linear complementarity problems based on a new kernel func-
tion, J. Math. Model. Algorithms Oper. Res. 13 (2014) 471-491.

B. Kheirfam and M. Moslemi, A polynomial-time algorithm for linear
optimization based on a new kernel function with trigonometric barrier
term, Yugosl. J. Oper. Res. 25 (2015) 233-250.

B. Kheirfam, A primal-dual interior-point algorithm for symmetric op-
timization based on a new kernel function with trigonometric barrier
term yielding the best known iteration bounds, Afri. Math. 28 (2017)
389-406.

M. Kojima, N. Megiddo, T. Noma and A. Yoshise, A unified approach
to interior-point algorithms for linear complementarity problems, In
Lecture Notes in Computer Science. Volume 538, Springer, Berlin,
1991.

M. Kojima, S. Mizuno and A. Yoshise, A primal-dual interior-point
algorithm for linear programming, In: Megiddo, N. (ed.) Progress
in Mathematical Programming: Interior Point and Related Methods,
Springer, New York, 1989.



196

[23]

[24]

[25]

S. Fathi-Hafshejani, H. Mansouri and M. Reza Peyghami

Y.H. Lee, Y.Y. Cho and G.M. Cho, Interior-point algorithms for
P.(k)-LCP based on a new class of kernel functions, J. Glob. Optim.
58 (2014) 137-149.

G. Lesaja and C. Roos, Unified analysis of kernel-based interior-point
methods for Py(k)-linear complementarity problems, SIAM J. Optim.
20 (2010) 3014-3039.

X. Li, M. Zhang and Y. Chen, An interior-point algorithm for Py(k)-
LCP based on a new trigonometric kernel function with a double bar-
rier term, J. Appl. Math. Comput. 53 (2017) 487-506.

X. Li and M. Zhang, Interior-point algorithm for linear optimization
based on a mew trigonometric kernel function, Oper. Res. Lett. 43
(2015) 471-475.

N. Megiddo, Pathways to the optimal set in linear programming, In:
Megiddo, N. (ed.) Progress in Mathematical Programming: Interior
Point and Related Methods, pp. 131-158. Springer, New York, 1989

Y.E. Nesterov and A.S. Nemirovskii, Interior point polynomial algo-
rithms in convex programming, STAM Studies in Applied Mathematics.
Volume 13, STAM, Philadelphia, 1994.

J. Peng, C. Roos and T. Terlaky, Self-Regularity A New Paradigm for
Primal-Dual Interior-Point Algorithms, Princeton University Press,
Princeton, 2002.

M.R. Peyghami and K. Amini, A kernel function based interior-point
methods for solving Py(k)-linear complementarity problem, Acta Math.
Sin. 26 (2010) 1761-1778.

M.R. Peyghami and S. Fathi-Hafshejani, Complexity analysis of
an interior-point algorithm for linear optimization based on a new
porizimity function, Numer. Algorithms 67 (2014) 33-48.

M.R. Peyghami, S. Fathi-Hafshejani and L. Shirvani, Complezity of
interior-point methods for linear optimization based on a new trigono-
metric kernel function, J. Comput. Appl. Math. 255 (2014) 74-85.

M.R. Peyghami and S. Fathi-Hafshejani, An interior point algorithm
for solving convex quadratic semidefinite optimization problems using a
new kernel function, Iranian J. Math. Sci. Inform. 12 (2017) 131-152.



An interior-point algorithm for Py (k)-linear complementarity. . . 197

[34]

[35]

[36]

[39]

[40]

M.R. Peyghami, S. Fathi-Hafshejani and S. Chen, A primal dual
interior-point method for semidefinite optimization based on a class of
trigonometric barrier functions, Oper. Res. Lett. 44 (2016) 319-323.

C. Roos, T. Terlaky and J.-P Vial, Theory and Algorithms for Linear
Optimization: An Interior Point Approach, Springer, New York, 2005.

G. Sonnevend, An analytic center for polyhedrons and new classes
of global algorithms for linear (smooth, convex) programming, in: A.
Prakopa, J. Szelezsan and B. Strazicky (Eds.). Lecture Notes in Con-
trol and Information Sciences 84 (1986) 866-876.

H. Viliaho, Py-matrices are just sufficient, Linear Algebra Appl. 239
(1999) 103-108.

Y. Ye, Interior-Point Algorithms: Theory and Analysis, Wiley-
Interscience Series in Discrete Mathe-matics and Optimization. Wiley,
Chichester, 1997.

Y. Fathi, Computational complexity of LCPs associated with positive
definite matrices, Math. Program. 17 (1979) 335-344.

K.G. Murty, Linear Complementarity, Linear and Nonlinear Program-
ming. Helderman-Verlag, Berlin, 1988.



	1 Introduction
	2 Central path and P*()-matrices
	3 The new kernel function
	4 An estimation for the step size
	5 Iteration complexity
	6 Numerical results
	7 Concluding remarks

