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Abstract In this paper, a wide-neighborhood predictor-corrector feasible interior-
point algorithm for linear complementarity problems is proposed. The algorithm is
based on using the classical affine scaling direction as a part in a corrector step, not in
a predictor step. The convergence analysis of the algorithm is shown, and it is proved
that the algorithm has the polynomial complexity O (ﬁ log 8_1) which coincides
with the best known iteration bound for this class of mathematical problems. The
numerical results indicate the efficiency of the algorithm.
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1 Introduction
Linear complementarity problem (LCP) consists of finding a vector in a finite-

dimensional real space that satisfies a certain system of inequalities. LCP is a
fundamental problem in mathematical programming which includes some well-known
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and well-studied mathematical programming problems such as linear optimization
(LO) problems and convex quadratic optimization (CQO) problems. Due to wide appli-
cations of LCPs in engineering, economics, management science, bimatrix games and
other fields, LCPs have received lots of attention in recent years.

There are many approaches for solving LCPs. The book by Cottle etal. [1] is a good
reference for pivoting methods to solve LCPs. Interior-point methods (IPMs) are the
most efficient and powerful numerical algorithms for solving the LCPs. They have been
well known as the most effective methods for solving wide classes of mathematical
problems due to both theoretical and practical aspects.

After the seminal work of Karmarkar [2], IPMs for LCPs have been studied exten-
sively. Many strong results in [IPMs are obtained by using the prima-dual IPMs that
are reliable both in theory and in practice. Kojima et al. [3] proposed a polynomial
time algorithm for LCPs. The existence and uniqueness of the central path for LCPs
were first proved by Kojima et al. [4]. Peng et al. [5] introduced a class of primal-dual
IPMs based on so-called self-regular functions for LCPs.

Based on anew class of search directions, Achache [6] proposed a short-step primal-
dual interior-point algorithm for monotone LCPs. Mansouri et al. [7] presented the
first full-Newton step infeasible IPM for LCPs. Wang et al. [8] proposed a new full-
Newton step feasible interior-point algorithm for P, (x)-LCPs and derived the currently
best known iteration bound for this class of mathematical problems. Zangiabadi and
Mansouri [9] improved the proposed algorithm in [7] and suggested a modified interior-
point algorithm for LCPs. Mansouri and Pirhaji [10], based on a new technique for
finding the search direction and the strategy of the central path, suggested a full-Newton
feasible IPM for monotone LCPs.

The theoretical study of complexity is one of the key points in IPMs. The search
for variant of interior-point algorithms with better complexity results led to a power-
ful class of IPMs. Predictor-corrector interior-point algorithms are a special class of
iterative algorithms that play a key role in IPMs since they are the most efficient and
applicable iterative approach among primal-dual IPMs.

The first algorithm that has divided the Newton’s directions into the affine and
centering search directions is due to Mehrotra [11]. Mizuno et al. [12] presented a
predictor-corrector interior-point algorithm for LO problems such that the complexity
bound of their algorithm coincides with the best known one in the literature. This
algorithm was first extended to P, («)-LCPs by Miao [13]. Gurtunaetal. [ 14] presented
a corrector-predictor interior-point algorithm for sufficient LCPs. Their algorithm is
quadratically convergent, and it has the same computational complexity as Miao’s
algorithm for Py (x)-LCPs.

The most of above predictor-corrector interior-point algorithms keep the iterates in
the small neighborhoods of the central path. Although the use of small neighborhoods
of the central path leads to the efficient theoretical algorithms, it affects actually their
implementation on real problems and concludes the poor numerical results. On the
other hand, it is well known that the algorithms with large neighborhoods of the central
path have better performance in practice, but more poor polynomial complexity in
theory.

Potra [15], using a wide neighborhood of the central path, presented two corrector-
predictor interior-point algorithms for LCPs. Introducing a new wide neighborhood
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of the central path, Ai and Zhang [16] proposed a primal-dual path-following interior-
point algorithm with O (ﬁ L) complexity for LCPs. This algorithm is the first
wide-neighborhood algorithm that gains the same theoretical complexity as the small
neighborhood algorithms for LCPs. A modified version of Ai—Zhang’s path-following
algorithm [16] has been proposed by Liu et al. [17] to gain a class of Mehrotra-type
predictor-corrector algorithm for LCPs. Their algorithm is based on computing a
corrector direction in addition to Ai—Zhang’s direction in an attempt to improve per-
formance.

In this paper, motivated by [18] and using the Ai—Zhang’s wide neighborhood, we
propose a wide-neighborhood predictor-corrector interior-point algorithm for LCPs.
In order to improve optimality, the algorithm first takes a predictor step by using
the predictor search directions and moves to a larger neighborhood of the central
path. Then, using the corrector directions, in an attempt for more improvement in
the centrality and the optimality, the algorithm brings the iterate toward the central
path, back to the smaller neighborhood of the central path from the predictor point.
Different from other algorithms in the same wide neighborhood and similar to [18], we
use the classical affine scaling direction as a part in a corrector step, not in a predictor
step. This simplifies our analysis, contributes the complexity result and concludes the
complexity O (ﬁL) for the algorithm.

The reminder of the paper is organized as follows. In Sect. 2, after introducing
the LCPs, we recall the Ai—Zhang’s wide neighborhood which is required in our
algorithm. In Sect. 3, we describe how the predictor-corrector algorithm works in the
wide neighborhood of central path. Section 4 devotes to prove the convergence analysis
and polynomial complexity of the algorithm. The computational performance of the
algorithm is tested in Sect. 5. Finally, the paper ends with some concluding remarks
in Sect. 6.

The notations used throughout the paper are rather standard. Capital letters denote
matrices, lower case letters denote vectors, script capital letters denote sets, and Greek
letters denote scalars. All vectors are considered to be column vectors. The components
of a vector u € R” are denoted by u;, i = 1, - - -, n. The relation u > 0 is equivalent
tou; >0,fori =1, ---, n, whileu > Omeansu; >0, fori =1, ---, n.

For u € R", we use the notation min(z) = min; u;. If u € R”", the notation
U := diag (1) denotes the diagonal matrix having the components of u as diagonal
entries. If u, v € R", then uv denotes the componentwise (Hadamard) product of the
vectors u# and v. Furthermore, e denotes the all-one vector of length . The positive and
negative parts of a vectoru € R" are denoted by u™ := max{u, 0} andu~ := min{u, 0}
such that u = u™ + u~. Finally, the 2-norm for vectors are denoted by ||-||.

2 The Preliminary

The monotone LCP requires to find a pair of nonnegative vectors (x, s) € Ri” such
that

s=Mx+gq, xs=0, 2.1

@ Springer



532 M. Pirhaji et al.

where g € R" and M is a positive semidefinite matrix, that is, u™Mu > 0, foru € R",
Denoting the feasible set of problem 2.1 by

]—'::{(x,s)eRifl: s:Mx—}-q},
we assume that the interior feasible set
fojz{(x,S)ERiil_i_: s=Mx+c1}

is nonempty, that is, problem 2.1 satisfies the interior-point condition (IPC).

The basic idea of feasible IPMs is based on replacing the complementarity condition
xs = 01in 2.1 by the perturbed equation xs = ue, to get the following parameterized
system

Mx —s+qg=0, xs=upue, x,5s=0, 2.2)

where 1 > 0. Kojima et al. [4] established that under IPC, system 2.2 has a unique
solution for each ;v > 0. The set of all such solutions constructs a homotopy path
which is called the central path of the LCP and it is used as a guideline to the solution
of LCP. Therefore, the central path of LCP is defined as

H = { (x,8) € FOu xs = ue}. 2.3)

Interior-point algorithms generate a sequence of iterates in some neighborhoods of
the central path. Short-step interior-point algorithms use a small neighborhood of the
central path while large-step ones work in the negative infinity neighborhood of the
central path, defined by

N1 —y) = {(x,s) e FOuxisi > yu}, 2.4)

where y € (0, 1]. The short-step methods have the best theoretical complexity in
comparison with the large-step methods. The large-step methods, unlike their poor
theoretical complexity, lead to the efficient algorithms in practice.

In 2005, Ai and Zhang [16] introduced a new wide neighborhood of the central
path for LCPs and proved that the new wide neighborhood is larger than the neighbor-
hood N’ (1 — y) (see [16]). Motivated by Ai and Zhang [16], we use the following
neighborhood of the central path:

N, B) = |(x, )€ FO: |(tpe — x5yt < ﬁm], 2.5)

where = ’% and B, t € [0, 1].

@ Springer



A Wide-Neighborhood Predictor-Corrector... 533

3 The Wide-Neighborhood Predictor-Corrector Algorithm

In this section, we present a predictor-corrector algorithm for LCPs. Since the
algorithm is feasible, it needs an initial feasible point (x9, 59 € N(z, B). Tt is well
known we can obtain such a starting point by using the homogeneous embedding
method for monotone LCP [19].

Let (x, s) € N(z, B) be the current iterate of the algorithm. Furthermore, suppose
that (tpe — xs)™ and (T e — xs)~ denote the positive and negative parts of the vector
Te — xs, respectively. In order to improve optimality, the algorithm first moves to the
larger neighborhood N (z, 28) from (x, s) € N'(t, B). To this end, it takes a predictor
step using the following search direction system:

M —I|| Ax~ 0
[S X][As‘}_[(tue—xs)_]' G.D
Computing the predictor search directions Ax~ and As™ by (3.1), we obtain the
predictor iterate (x (o), s(«q)) as follows:

(x(ay), s(ay)) == (x,8) + o (Ax—, As™), 3.2)

where o1 > 0 is the step size taken along the predictor directions. The best value for
the step size 1 can be obtained by solving the following optimization problem:

min x(al)Ts(al)
s.t. (x(ap), s(ay)) € N(1,28), 3.3)
0<a; <1

After the predictor step, assuming ¢&; as the optimal solution of problem 3.3 and
. o a O .
X=x(@@), §=s(@), i:==— and (£ 5)eN(z,28),
n

the algorithm moves back toward the slightly smaller neighborhood of the central path
from the predictor point ()?, §) to improve the centrality and the optimality. To this
end, the algorithm takes a corrector step using the search direction systems

M —1 Axt 0
K xHAF[(u—)] GH

M —I Ax? 0
[S X][As“}:[—ﬁ] 3-5)

Clearly, the above two systems have the same coefficient matrix and in spite of the fact
that two linear systems have to be solved, the additional cost is very marginal. More-
over, different from other predictor-corrector algorithms, the classical affine search

and
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direction (Ax“, As%) has been considered as a part of the corrector step not in the pre-
dictor step. This makes the reduction in duality gap even in corrector steps. However,
considering o > 0 as the step size taken along the direction (Ax“, As“), we define

(R(2), §(@2)) = (£, 5) + (AxT, AsT) + ap(Ax?, AsY), (3.6)

A TA
as the corrector point with fi(ap) := w Similar to the predictor step, the best
value for the step size p can be obtained by the following optimization problem:

min  %(e2) 5 (o)
s.t. (£(e2), $(a2)) € N(z, B), (3.7)

0<ar < 1.
Let oy be the optimal solution of the above optimization problem. Thus,

(%, 5) = (§(@), §@) = (£,9) + (AxT, AsT) + @ (Ax?, AsY),  (3.8)

and 1 = % The algorithm uses the new iterate (¥, §) € N (z, B) as a starting point
in the next iteration and repeats the above procedure until an e-approximate solution
of the problem 2.1 is found.

Due to the monotonicity, the objective functions x (o YIs(ar) and 2 (a2)T5(a2) of
the optimization problems 3.3 and 3.7 are convex and monotonically decreasing in o
and o (see [16]). Moreover, solving these optimization problems may be expensive
from the computational point of view. Therefore, a sufficient reduction in duality gap
can be considered against the maximal one. However, without loss of polynomial
complexity, the plane search procedures 3.3 and 3.7 can be replaced by some line
search procedures, such as the bisection method (see [17]).

Below, the generic form of the predictor-corrector interior-point algorithm is
described.

Algorithm 1 Predictor-corrector algorithm for LCPs

Step 0 (Initialize): A required precision € >0, 8 < %, < % and the initial feasible
solution (x%, s%) € N'(r, B). Setk = 0.

Step 1 (Test convergence): Set (x, s) = (xk, sk). If xTs < ¢, declare convergence and
stop. Otherwise, proceed to the next step.

Step 2 (Predictor step): Compute the search direction (Ax~, As™) by system (3.1)
and find the best value of the step size o] by solving (3.3) such that the predictor-
point (£, §) € N(z, 2B).
(Corrector step): Compute the search directions (Ax™+, As™) and (Ax¢, As%)
by systems (3.4) and (3.5) and find the best value of the step size o by (3.7)
such that the corrector-point (x, §) € N(z, B).

Step 3 (Update iterate): Set (x**1, s*1) = (%, §), k := k + 1 and go to step 1.
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4 Convergence Analysis

In this section, we prove the proposed Algorithm 1 and obtain an e-approximate
solution of the LCP in polynomial time complexity. To this end, we first recall some
lemmas in [16] which are necessary in our analysis.

Lemma 4.1 (Proposition 3.1 in [16]) For any u,v € R" and p > 1, we have

J@+0r],
J@+o7],

< e, + 11,
< e, + 127,

Lemma 4.2 (Proposition 3.2 in [16]) Suppose that (x,s) € F° and z + xs > 0. Let
(Ax, As) be the solution of

M —1I || Ax 0

EEdlSIEN @
If (x +1t9Ax) (s +1t9As) > O forsome0 < tg < 1, thenx +tAx > Q0ands+tAs > 0
forall 0 <t < 1.

Lemma 4.3 (Proposition 3.5in [16]) Let u, v € R" such that uTv > 0, and moreover,
assume that u + v = r. Then, we have

o), < ], < 7112
By some simple calculations, we can easily obtain the following useful relationship:
|| (tpe — xs)~ “1 =(1- r)sz + eT(rue —xs)t. “4.2)
Moreover, using the second equation of system (3.1), we easily derive

(tue —xs)” +xs = (tpue —xs)” — (tue — xs) + Tie
= tue — (tpe —xs)t > 0. 4.3)

Using (3.2), the fact el (Ax‘As‘) > 0 and (4.3), we have for o1 € (0, 1]

x(anTs(@y) €T (xs+ai(xAs™ +5Ax7) + afAx"AsT)
plar) = ” =

n

e’ (xs +oi(tpue —xs)” + a%Ax’As’)
n

xTs 4+ aleT(rue —Xxs)”

> 0.

WV

n
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Lemma 4.4 Let (Ax_, As_) be the solution of system (3.1). Then,

[(ax=as7)7| < ‘—llnu. (4.4)

1
Proof Using the facte™ (Ax‘ As‘) > Oand Lemma4.3 and defining D := (X S_l) 2,
we derive

o 3] <o a7, < o s
< H((D_le_> (DAs_))+'

=gl sa s xar) = glocs e o[

1

Ly 2
<7 HD— Ax~ + DAS_H

1

= i H(XS)_% (xs — rue)+H2

1 r 1
_Zx s = -npu.

oo = o=

The proof is completed.

The following lemma presents some upper and lower bounds for the parameter
u(aq) in the predictor step.

Lemma 4.5 Let u(oy) := w and t < % Then,

5
(I—app < plog) < <1 - §011> K.

Proof Using (3.2), the second equation of (3.1), (4.2), the facta™b < | (ab)* |, for
any a, b € R" and Lemma 4.4, we have

T 1
ulay) = M = — (sz + aleT(tue —xs) + a%eT(Afos7)>
n n

a7 O‘% T
=u+—e (tpne—xs)” + —e (Ax As™)
n n
2
o o
<p———oxTs+ =L |(ax-asHt|,
n n

1
<u—a1(1—r)u+zaf/x

1 5
=1-[1-7- Zou]on)u < (1 - goq) M,

where the last inequality is due to assumption T < % On the other hand, due to the
fact eT(Ax’As’) > 0, we consequently derive

1
ulop) = - (sz +arel(tpe — xs)” + ozfeT(Ax*As*))
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1 1
> — (sz +aleT(ry,e — xs)_> > - (sz +a1eT(—xs)) =1 —-oap)u.
n

S

This completes the proof.
The following lemma gives a lower bound for the step size oy satisfying (3.3).

Lemma 4.6 Let (x,s) € N(t,B) and B < % Ifa = ’g—;, then after a predictor step
(x(er1), s(a1)) € N(z,2B).

Proof To prove the result, using the definition of wide neighborhood N (z, B), we
should demonstrate || (tp(ar)e — x(al)s(otl))+|| < 2Btu(ay) and (x(op), s(ay)) €
FO. To this end, using (3.2), we obtain

Tu(ap)e — x(oy)s(oy) = tu(op)e —xs — o (tpue —xs)~ — alex_As_.
Therefore, by Lemma 4.1, we conclude
|tit@ne — xt@)s@)*| < e —xs)*| +a [(zpe —xs)7 |
+ o2 H(Ax—As—)*H . (4.5)

Using the assumption (x, s) € AV (z, B) and the fact u(a;) < 1, we easily obtain an
upper bound for the term || (tp(ar)e — xs)t || as follows:

wlor)

l(@r(@ne —x)*| < H — (e = xs) | < Bru(a). (4.6)

On the other hand, using (4.2), the fact () > % for B < % and o] = %, one has

uw
o H (tpe — xs)~ || < H (tne — xs)_”1 =« [(1 —T)xls + eT(rue - xs)+]
< ai[(1 = Dnp + V/npru] < 2einp

1
< 2a1n2uloy)) < 5,37:11«(051)’ 4.7

where the last inequality is due to o) = %. Finally, using Lemma 4.4, we obtain

1 1 2 1
o |(ax~as7)7| < qodnn < 5 <’§—;) nQu) < SBrat). @43)

Substituting (4.6), (4.7) and (4.8) into (4.5), we consequently derive
|(r(@ne —x)*| < 2BTp(en). “.9)
To complete the proof, we need to prove (x(op), s(x1)) € FO. The feasibility of

(x(a1), s(ap)) is clearly concluded by system (3.1). On the other hand, due to inequal-
ity (4.9), we have x(a1)s(x1) > (1 — 28)Tu(ay), which means x(«1)s () > O for
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B < % Therefore, due to Lemma 4.2, it can be obtained that x (1) > Oand s(ep) > 0.
This concludes the result and ends the proof.

In following, we proceed to prove some fundamental results in corrector step and
find a lower bound for the step size « satisfying 3.7. Consider the predictor point
(%,5), and define

Ax = AxT + o Ax? and As:= AsT 4+ ap As?. (4.10)
Then,

AxTAs >0 and £As+§Ax = (r;le — £§)+ — wpXS. 4.11)

Lemma 4.7 Let (Ax, As) be defined as (4.10). Then, for B < %

|
lcaxas)~| < Zﬁru4—zna§u. (4.12)

1

Proof Defining D := ()A(S‘*l)Z and using (4.11) and Lemma 4.3, we have

[@axas™| < faxan™], < [@xas®],

<J((50) (55)

Lyja_y A 2
gZHD Ax+DAw
1

N

VAN
| —
/e
3]
=
&
=
e
=
+
()N
-~

_ ~ E 2 A

= —(1 —2,3)’3t'u+ 4012n,u
1. 1 5,

= LB+ gnadii,

where the last inequality is due to assumption (%, §) € AN (z, 2B) and last equality
follows from 8 < %. The result is derived.
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Lemma 4.8 Let fi(ap) := w and B < é. Ifar = 3%, then

(1 — )it < fi(e) < (1 - 4’%) .

Proof Using (3.6), (4.10), (4.11) and Lemma 4.7, we have

) .o 1 T
Alo) = —5(@)"8(@2) = — (G + A0)TE + As)
1
= — (75 + @TAs + 5T Ax) + AxT As)
n
1
= (375 + €T [(rite = £5) " — cas] + AxTAs)
n
1
< (§T5 4 Vi | (e = 89) 1| - 28T + | (axan’*] )
n
1 . .1 . | T
< (A —anit +2VnBT+ L Brit+ pnazit
(= @it + —=prii + —fris + i
= — —pPT —pT 4
2)[L Jn I n M 4 M
<-Lp+ Lpep+ ——pe
<(1-— — Bt — Bt
ST 4 PR g, PR
<i-— pop<a-LT);
X = T AN R — E)
cayut M an"

3t

where the third inequality is due to oy = N On the other hand, using the nonnega-

T
n
tivity of the terms e (r e — )?§)+ and AxT As, we easily derive 1 (an) > (1 — ).
This concludes the result and ends the proof.

Lemma 4.9 Ler (x(a), S(ap)) be the generated corrector point by the algorithm. If
B < é and o = 3%, then after a corrector step (X(a3), §(a2)) € N'(z, B).

Proof Using the definition of the wide neighborhood N (z, B), in the same way
as Lemma 4.6, we need to prove H (t(an)e —)?(ozz)§(a2))+|| < Bri(az) and
(X(2), §(2)) € FO. By (3.6), (4.10), (4.11) and the fact /i(as) < f1, we conse-
quently derive

Tii(en)e — X (a2)§ () = tii(az)e — (X + Ax)(S + As)
= 1l(ar)e — X5 — (XAs + SAx) — AxAs
=ti(ar)e — (1 —ap)xs — (I[Le — )?E)Jr — AxAs
= (I — ap)(rii(ar)e — X5) + azrji(an)e
— (‘E[Le - )?§)+ — AxAs
o)
L

< (I =) (tite — X8) + ot fi(az)e

@ Springer
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(o)

~

(r;le — )?§)+ — AxAs
< aptfi(ap)e — AxAs.

Thus, using Lemma 4.7, we have

| (zitere = #@sen) | < Vaertite) + [(axasT|

R .1 R
< Vneotiue) + 2 pri+ ZW%“
1 3 . n
< <3T + 5 + 3—2> Brir(on) < Briu(ar), (4.13)

where the third inequality is due to assumptions 8 < %, T < %, oy = 3% and the fact

that f(a2) > S0

Furthermore, we need to prove (£ (a2), §(a2)) € FO. The feasibility of (£ (ar2), §(c2))
is clearly concluded by systems (3.4) and (3.5). Due to inequality (4.13), we have
X(ap)$(a2) > (1 — B)tja(ap) which means X (an)s(an) > 0 for B < é. Therefore,

due to Lemma 4.2, we get x(a2) > 0 and §(ap) > 0. The result is derived.

4.1 Complexity Analysis

We are ready to state the main result of the paper. We prove the proposed Algorithm 1
has good global convergence and it will be terminated in at most O (ﬁL) iterations.

Lemma 4.10 Let 8 < % and T < %. The predictor-corrector Algorithm 1 has
O (y/nL) complexity.

Proof By Lemmas 4.6 and 4.9, in each iteration, we have (X, §) € N (z,2B) after a
predictor step and (x, 5) € NV (t, B) after a corrector step. Moreover,

m < fi(an) < (1—ﬂ—r)ﬂ§ <1—ﬁ—r),u(ot1)< <1—'B—t>u.
4/n 4y/n 4/n

k
This implies that after k iterations the relations ji* < eu® hold if (1 — ﬁ%) < e.

4/n
Bt

1

Taking logarithms and using —log(1 —¢) > ¢ fort € (0, 1), we getk > loge™".

This implies that after at most O (ﬁ log 8_1) iterations, we have % < eu®. We
finish the proof.

5 Simulation Experiments

In this section, we test the presented Algorithm 1 by some numerical examples
of monotone LCPs [20,21]. Numerical results were obtained by using MATLAB
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R2007a (Version: 7.4.0.287) on Windows XP Enterprise 32-bit operating system.
The algorithm starts with the initial starting points x? = 5% = e. Also, considering
g =e — Meand ¢ = 107 as the accuracy parameter, the algorithm terminates after

. . Ty .
the relative duality gap —=>— is less than ¢.
1+x0750

Example 5.1 Consider the monotone LCPs with the positive semidefinite matrices M
and M, as follows:

122...2 122 2
012---2 256 - 6

My= 0012 4 12609 10
000---1 2610---4(n—1)+1

Example 5.2 We shall test the algorithm on some randomly generated instances.
The numerical results related to these examples are summarized in Tables 1 and
2, where “Iter.” denotes the required iteration numbers, “R.D.G” denotes the value of
relative duality gap as the stopping criteria and “CPU(s)” denotes the CPU time (in
seconds) required to obtain an e-approximate solution of the underlying problem.

The obtained numerical results show that the algorithm practically is simple and
efficient.

Table 1 Numerical results for Example 5.1

The LCP with the matrix M The LCP with the matrix M

n R.D.G CPU/s Iter. n R.D.G CPU/s Iter.
5 8.62 x 107° 0.125 19 5 8.14 x 1070 0.156 13
10 5.78 x 107© 0.281 20 10 6.86 x 107° 0.281 14
15 6.27 x 107 0.562 19 15 9.89 x 107° 0.468 14
20 8.86 x 107° 1.015 20 20 9.89 x 107° 0.937 18
25 6.32 x 107 2.062 21 25 9.97 x 107° 1.843 18
30 6.60 x 107° 3.156 22 30 9.86 x 107° 3.218 19
35 6.68 x 107 5.828 22 35 8.52 x 1070 4.562 20
40 6.71 x 107 7.031 21 40 8.54 x 1070 6.984 20
45 9.86 x 107° 8.500 22 45 9.20 x 107° 8.484 21
50 6.78 x 1070 12.421 23 50 6.16 x 107° 11.187 22
60 6.74 x 107 18.218 23 60 930 x 107 19.718 22
70 7.12 x 107 26.187 24 70 8.46 x 1070 26.562 24
80 6.47 x 107 38.625 26 80 8.07 x 1070 40.203 26
90 9.93 x 107° 53.937 26 90 8.24 x 1070 56.062 27
100 6.96 x 107 76.359 29 100 8.67 x 1070 76.640 28
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Table 2 Numerical results for

Example 5.2 R.D.G CPU/s Iter.
20 4.17 x 1070 0.765 14
40 5.92 x 107 6.937 19
60 7.10 x 107 14.859 22
80 8.46 x 107° 34.015 23
100 7.27 x 1076 65.593 24
120 8.39 x 1070 112.312 26
140 6.43 x 107 185.890 27
160 8.74 x 107° 287.828 29
180 7.35 x 107 426.562 31
200 8.11 x 107 644.906 35

6 Concluding Remarks

Among various classes of primal-dual IPMs, predictor-corrector interior-point algo-
rithms are the most efficient and applicable iterative approaches. They divide the
Newton directions into the affine and centering search directions. In this paper, we
proposed a predictor-corrector interior-point algorithm for LCPs which usees the clas-
sical affine scaling direction as a part in a corrector step, not in a predictor step. This
led to the reduction in duality gap in both predictor and corrector steps and moreover
concluded the complexity O (ﬁ log 8’1) for the algorithm. The numerical results
showed the efficiency of the proposed algorithm.
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