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ABSTRACT. In this paper we propose new primal-dual interior point algorithms for P (k)
linear complementarity problems based on a new class of kernel functions which contains
the kernel function in [8] as a special case. We show that the iteration bounds are O((1 +
2&)71% log ”T“O) for large-update and O((1 + 2k)/n log "T“O) for small-update methods,
respectively. This iteration complexity for large-update methods improves the iteration com-
plexity with a factor ni1 when compared with the method based on the classical logarithmic
kernel function. For small-update, the iteration complexity is the best known bound for such
methods.

1. INTRODUCTION
In this paper, we consider the linear complementarity problem(LCP) as follows:

s=Mzx+q,
xs =0, (L.1)
z>0,s>0,

where z,s,q € R" and M € R"*" is a P,(k) matrix.

Primal-dual interior point method(IPM) is one of the most efficient numerical methods for
various optimization problems.([14]) Even though significant research has been devoted to this
topic, the influence on nonlinear programming theory and practice has to be studied. Linear
complementarity problems(LCPs) are one of the fundamental problems in mathematical pro-
gramming and have many applications in science, economics, and engineering.([7])
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Most of polynomial-time interior point algorithms are based on the logarithmic kernel func-
tion. Peng et al.([10] - [12]) proposed a new variant of IPMs based on self-regular kernel func-
tions for linear optimization(LO) problems and extended to semidefinite optimization prob-
lems and second order cone optimization problems. They improved the complexity result for
large-update methods up to O(+/n lognlog ) based on a specific self-regular kernel function.
This is the best complexity result for such methods. Bai et al.([3], [4]) proposed new primal-
dual interior point methods(IPMs) for LO problems based on eligible kernel functions and the
scheme for analyzing the algorithm based on four conditions on the kernel function.([4]) They
simplified the analysis and obtained the best known complexity result for a specific eligible ker-
nel function.([4]) Cho([5]) and Cho et al.([6]) extended these algorithms to P,(x) LCPs and
obtained the similar complexity results. Recently, Amini et al.([2]) introduced a generalized
version of the kernel function in [4] and extended the algorithm in [4] to P.(x) LCPs based
on this kernel function. They obtained O ((1 + 2k)y/nlog nlog(logn) log %) for large-update
methods.

Motivated by their works, we propose new primal-dual IPMs for P,(x) LCPs based on
a new class of kernel functions which contains the kernel function in [8] as a special case.

42

We obtained O ((1+ 2/{)n2&+1> log ”T“O) and O((1+42k)+/n log "7“0) iteration complexity for
large-update and small-update IPMs, respectively. Taking p = %, 7=0(n),and§ = O(1), we
get the O ((1 + 2/<c)n% log @) iteration complexity for large-update method which improves

the iteration complexity with a factor ni1 when compared with the method based the classical
logarithmic kernel function. For small-update methods this is the best known complexity result
so far.

The paper is organized as follows. In Section 2 we give a generic IPM and recall some basic
concepts for LCP. In Section 3 we propose a new interior point algorithm based a new class
of kernel functions and show its properties which are essential to the complexity analysis. In
Section 4 we compute the iteration bound for the algorithm based on kernel function.

We use the following notations throughout the paper. Rl and R’ | denote the set of n-
dimensional nonnegative vectors and positive vectors, respectively. For z,s € R", x,,;,, and
xs denote the smallest component of the vector x and the componentwise product of the vec-
tors z and s, respectively. e denotes the n-dimensional vector of ones. For any ;1 > 0, we
define v := \/xs/p, v=! := \/pe/(xs) whose i-th components are \/x;s;/p and \/ 1/ (x;s;),
respectively. We denote X the diagonal matrix from a vector z, i.e., X = diag(x). I denotes
the index set, e.g. I = {1,2,---,n}. For f(x), g(z) : R+ — Ri, f(z) = O(g(x)) if
f(x) < c1g(x) for some positive constant ¢1 and f(z) = O(g(x)) if cog(x) < f(x) < es3g(x)
for some positive constants ¢y and c3.

2. PRELIMINARIES

In this section we introduce some basic concepts and a generic primal-dual interior point
algorithm.
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Definition 2.1. ([9]) Let k > 0. P.(k) is the class of matrices M satisfying
(L+4r) Y &M&i+ > &ME; >0, £ R,

i€l (£) iel_(€)
where [ME]; denotes the i-th component of the vector M & and
L@ ={iel : &IMEi =20}, 1-(§) ={iel : &M <0}
Lemma 2.2. ([9]) Let M € R"*" be a P,(x) matrix and x,s € R} ,. Then for all c € R"
the system
—MAx + As =0,
{SA:I: + XAs=c

has a unique solution (Ax, As).

The basic idea of primal-dual IPMs is to replace the second equation in (1.1) by the param-
eterized equation xs = pe with 1 > 0 as follows:

s=Mzx+ q,
s = ue, (2.1)
z>0,5>0.

Without loss of generality, we assume that (1.1) is strictly feasible, i.e., there exists a (2°, s%)
such that s° = Ma® + ¢, 2° > 0, s° > 0. For this, the reader refer to [9]. Since M is a P, (k)
matrix and (1.1) is strictly feasible, the system (2.1) has a unique solution for each x> 0.([9])
We denote the solution (z(u), s(u)), > 0, which is called the p-center. The set of p-centers
(i > 0) is the central path of (1.1). IPMs follow the central path approximately and approach
the solution of (1.1) as u goes to zero.

For given (z,s) := (zY,s”) by applying Newton method to the system (2.1) we have the
following Newton system:
{—MAJH—AS—O, 2.2)
SAz + XAs = pe — xs.
By Lemma 2.2, the system (2.2) has a unique search direction (Az, As). By taking a step
along the search direction (Ax, As), one constructs a new iterate (z, s+ ), where

Ty =2+ alx, s = s+ als,

for some o« > 0. For the motivation of the new algorithm we define the scaled vectors:

V= ﬁ, d:= \/E, dy = &, de 1= £AS (2.3)
\V u S x S

Using (2.3), we can rewrite the system (2.2) as follows:

{—de +ds =0,

2.4
dy +dg =v~ 1 — v, @4
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where M := DM D and D := diag(d). Note that the right side of the second equation in (2.4)
equals the negative gradient of the logarithmic barrier function ¥;(v), i.e., dy+ds = —V¥,(v),

2 -1

n
Uy(v) = > hi(vi), di(t) = —log t, t>0. (2.5)
i=1
We call ¢; the classical logarithmic kernel function of W;(v).

The generic interior point algorithm works as follows. Assume that we are given a strictly
feasible point (x, s) which is in a 7-neighborhood of the given p-center. Then we decrease
pto py = (1 — @)pu, for some fixed 6 € (0, 1) and solve the Newton system (2.2) to obtain
the unique search direction. The positivity condition of a new iterate is ensured with the right
choice of the step size a which is defined by some line search rule. This procedure is repeated
until we find a new iterate (z, sy ) that is in a 7-neighborhood of the 1 -center and then we
let p := py and (z, s) := (x4, s+ ). Then p is again reduced by the factor 1 — # and we solve
the Newton system targeting at the new . -center, and so on. This process is repeated until
is small enough, say until nu < €.

Generic Primal-Dual Algorithm

Input:

A threshold parameter 7 > 1;

an accuracy parameter € > 0;

a fixed barrier update parameter 6, 0 < 0 < 1;

(20, 5%) and pu® > 0 such that ¥; (20, s, 4u0) < 7.
begin

r:=2%s:= 5% p:= pu

while ny > e do

begin
pi=(1—0)u;
while ¥;(v) > 7 do
begin

Solve the system (2.2) for Az and As;
Determine a step size «;

T =1z + alAx;
s := s+ als;
v = %;
end
end
end

When 7 = O(n) a
7=0(1)and § = O(

=

d # = ©(1), we call the algorithm a large-update method. Taking
), we call the algorithm a small-update method.

4

n
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3. THE KERNEL FUNCTION

In this section we define a new class of kernel functions and give its properties which are
essential to our analysis. We call ¢ : R+ — R a kernel function if ¢ is twice differentiable
and satisfies the following conditions:

(1) =¢(1) =0,
P'(t) >0, t >0, 3.1)
lim (1) = lim (1) = .

Now we consider a new class of kernel function v(¢) as follows:

7 5
—<p< I t>0. 3.2
5 SP<g > (3.2)

W(t) =8> — 11t + 1+ tzp — (5—2p) log t,
For v (t) we have the first three derivatives as follows:
Y(t) = 16t — 11 — 2pt P~ — (5 — 2p)t ™1,
P"(t) =16+ 2p(p+ 1)t P72 + (5 — 2p)t 2, (3.3)
V() = =2p(p+ 1)(p+2)t7F7° — 2(5 - 2p)t—°.

From (3.1) and (3.3), ¢ (¢) is clearly a kernel function and

7 5
"(t) > 16, — <p< -, t>0. 4
YHt) > 16, p<p=<,t>0 (3.4)
In this paper, we replace the function ¥;(v) in (2.5) with the function ¥(v) as follows:
dy +ds = —-VU(v), (3.5)

where W(v) = > 7" | ¥(v;), ¥(t) is defined in (3.2) and assume that 7 > 1. Hence the new
search direction (Ax, As) is obtained by solving the following modified Newton-system:

—MAz+ As =0,
(3.6)
SAz + XAs = —puvVU(v).

Since —pw V¥ (v) = —pw (16v — 11 — 2pv~?~1 — (5 — 2p)v~!), the second equation in (3.6)
can be written as
SAz + XAs = —16xs + 11\/pxs + 2p/ p?>P(zs) =P + (5 — 2p)p.
Since ¥(v) is strictly convex and minimal at v = e, we have
U(w)=0 < v=ecx=21x(u), s=s(u).

We use W(v) as the proximity function. Also, we define norm-based proximity measure (v)
as follows:

1 1
0(v) = SlIVE)I| = Slldz + ds|l. 3.7)

In the following we give technical properties of (¢) which are essential to our analysis.
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Lemma 3.1. Let ¢)(t) be as defined in (3.2). Then we have the following properties:
() ¢(t) is exponentially convex, for all t > 0,
(i7) " (t) is monotonically decreasing, for all t > 0,
(i) t" (t) — ' (t) > 0, forall t > 0,
(i) ¥ () (Bt) — B ()" (Bt) > 0, forall t > 1 and > 1.
Proof: For (7): By Lemma 2.1.2 in [12], 1t suffices to show that v (¢) satisfies t¢)” (¢) + ' (¢) >
0 for all ¢t > 0. Using (3.3), we have for = - <p< 5
t" (t) + /(¢ ) =32t — 11 +2p*t P71,
Let g(p,t) = 32t — 11 + 2p*t~P~1. Then g:(p,t) = 32 — 2p*(p + 1)t_1”_2 and gtt(p, t) =
2p%(p+ 1)(p + 2)t P73 > 0, ¢ > 0. Letting g:(p,t) = 0, we have t = (Z (‘Dg'l))P+2 Since
2
g(p, t) is strictly convex in t, g(p, t) has a global minimum at t* = (25— 1) ) P2 2 e, g(p,t*) <
9(p, )f0r175<p<23ndt>0 For <p<2andt_t* wehave

gp(p, t*) = 2p(t*) P~ 1(2—plog7f)

e O e e .

since log(p2(p+1)) <lforfz<p<3 This implies thatg(175,t*) < g(p,t*),for = <p <3
Hence g(175,t*) is the smallest value for = <p<5Sandt>0.Since g(1%,t*) > 0.0111, we

have the result.
For (47): From (3.3), it is clear.
For (iii): Using (3.3), we have

)" (t) — ' (t) = 11+ 2p(p+ 2)t P71 +2(5 — 2p)t+ > 0.

For (iv): By Lemma 2.4 in [4], it suffices to show that v)(¢) satisfies Lemma 3.1 (iz) and (i73).
This completes the proof. o

Lemma 3.2. For 1 (t) we have
() 8(t—1)2 < 1) < B )t >0,
(i) (1) < 2R 1% > 1.

Proof: For (7): Using the first condition of (3.1) and (3.4), we have

- /lt /f Q) dcde > 16/1t /f aCde = 8t — 1)2,

which proves the first inequality. The second inequality is obtained as follows:

:/t/gw"( dgdggm//w” "(Q)d¢de

= 5 [ e = [ oo = 5o
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For (ii): Using Taylor’s theorem, ¥(1) = ¥'(1) = 0, ¥" < 0, and " (1) = 21 + 2p?, we
have

9(0) = 9(1) + 9 (= 1) + 50" ()~ 172+ 3" (@) ~ 1P
= 2= 17+ g O~ 1)

21 + 2p?
L (t - 1)27
2
for some &, 1 < & < t. This completes the proof. O

Remark 3.3. Define ¥(t) = —11t + 9+ 2 — (5 — 2p) logt. Then 1(t) := 8> — 8 + ().
Yy(t) = —11 — tffl — 2222 and )l (t) = Qﬁ%” + 5;221” > 0. Hence, ' (t) is monotonically
increasing with respect to t.

Lemma 3.4. Let ¢ : [0,00) — [1,00) be the inverse function of (t), for t > 1, p and
p 1 [0,00) — (0, 1], the inverse functions of —%'(t) and —y' (t), for 0 < t < 1, respectively.
Then we have

(i) Vg t1<o(r)<1+./g, r=0,

(i) p(z) = p(16 +22), z > 0,

1
(#77) p(u) = (#&%)p“, u > 16.

Proof: For (i): Letting » = (t) for t > 1, we have o(r) = t. By the definition of ) (t),
r=82—11t+1+4 2 — (5 — 2p) log t. This implies

2 _ 1245
8t°=r+11t -1 tp+(5 2p) log t > r +8.

Hence we have

~
I
=
2
v
| 3
+
=

Using Lemma 3.2 (i), we have r = t(t) > 8(t — 1)2. Then we have

t:g(r)§1+\/§

For (id): Let z = —3¢/(t), for 0 < ¢ < 1. By Remark 3.3, we have
—2z =/ (t) = 16t + ¢y (¢).

~—

This implies that
—y' (t) = 16t + 22 < 16 + 22.
Using Remark 3.3 and ¢t = p(z), we have

t=p(z) > p(16 + 2z).
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For (ii1): Letting u = —/(t), for 0 < ¢ < 1, we have p(u) = t. By the definition of —3(t),
we have u = 11 + tp+1 + = 2p > 16, 0 < t < 1. This implies

2 52
tp%:u—ll— P

<u—16+ 2p.

Hence we have
1

2 p+1
t=p(u) > <p>p , u > 16.

u— 16+ 2p
O
Corollary 3.5. Let p be as defined in Lemma 3.4. Then we have
1
P 1
z) > , 2> 0.
CHE T
Proof: Using Lemma 3.3 (4¢) and (iii), we have
P o\
2) 2 p(16+22) = ()"
p(z) = p( A G
This completes the proof. u

Lemma 3.6. (Theorem 3.2 in [3]) Let o0 be as defined in Lemma 3.4. Then we have

¥(Bv) < nyp (ﬁ@ (quﬂf))) ,vERT,, B>1.

In the following we obtain an estimate for the effect of a y-update on the value of ¥ (v).

Theorem 3.7. Let0 < 0 < land vy = ﬁ If ¥(v) < T, then we have

o= 2% (e )

W (v)
Proof: Since \/1170 > 1 and Q( (”)> > 1, we have QE/JLTQ > 1. Using Lemma 3.6 with

8= \/%, Lemma 3.2 (i7), Lemma 3.4 (i), and U (v) < 7, we have

1 U (v) (21 + 2p%)n Q(Wﬁv))_ 2
o < (o (20 22 ()
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(21 + 2p?)n <1+\/87 )2

2 N
@21+ 2p%)n [0+ /& 21 + 2p 2
S (ﬁ_w 216 ><\m+\/;> |

where the last inequality holds from 1 — /1 — 6 = H"ﬁ < 6,0 < 0 < 1. This completes
the proof. O

By = 21+_2p) (f@ \f>2 (3.8)

Then ¥ is an upper bound for ¥ (v) during the process of the algorithm.

Remark 3.8. For large-update method with T = O(n) and 6 = ©(1), ¥g = O(n) and for

small-update method with T = O(1) and 0 = @(ﬁ), Ty = O(1).

4. COMPLEXITY RESULT

Denote

In this section we compute a feasible step size and the decrease of the proximity function
during an inner iteration and give the complexity results of the algorithm. For fixed p if we
take a step size «, then we have new iterates vy = = + aAx, sy = s+ aAs. Using (2.3), we

have
Ax dy T
zy=z(leta—|=zlet+a— ) =—(v+ads)
x v v

As ds S
sy=sleta— | =sleta— | =—(v+ady).
s v v

vy = x+:+ = V(v + ady) (v + ady).

and

Thus we have

Define for o > 0,

fla) = ¥(vy) = ¥(v).
Then f(«) is the difference of proximities between a new iterate and a current iterate for fixed
. Using Lemma 3.1 (7), we have

(¥(v+ ady) + ¥ (v + ads)).

N | —

(vy) =U(y/(v+ad)(v+ads)) <
Hence we have f(a) < fi(a), where
Fila) = %(\Il(v Fady) + U(v+ ady)) — (o).

Obviously, we have

f(0)=11(0)=0
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By taking the derivative of f;(«) with respect to «, we have

n

fila) = % D@ (i + alde]i)[dai + ¢ (vi + aldy]i)[ds]a),

i=1
where [d,]; and [ds]; denote the i-th components of the vectors d,, and d, respectively. Using
(3.5) and (3.7), we have
1 1
f1(0) = iv\P(U)T(dz +dy) = —§V\II(U)TV\II(U) = —26(v)%.
Differentiating f;(«) with respect to a, we have

n
1" 1

(@) =5 Z(W(w +alde]i)da]f + ¢ (vi + alds]i)[ds]7).

Since f7(a) > 0, fi(«) is strictly convex in v unless d,, = ds = 0. Since M is a P, (k) matrix
and M Ax = As from (3.6), for Az € R",

(1+4k) > [Ax]i[As) + Y [Azli[As]; >0

el el
where Iy = {i € I : [Az];[As]; > 0}, I =T — I,. Since dyd, = ©A283 = ALAs ypg
@ > 0, we have

(1+4r) Y [dolildsli + D [delilds)i >
iely iel_
Lemma 4.1. Let 6(v) be as defined in (3.7). Then we have
d(v) > 24/2V(v).

Proof: Using (3.7) and Lemma 3.2 (i), we have

Z 320 (v;) = 8¥(v).

»JMH

1 n
2
5 = VRO = 1 S0
Hence we have 6(v) > 2,/2VU(v). O

Remark 4.2. Using Lemma 4.1 and the assumption V(v) > 7 > 1, we have

v) > 2¢/20(v) > 2V/2. (4.1)

For notational convenience we denote § := d(v) and ¥ := ¥ (v).

Lemma 4.3. (Modification of lemma 4.4 in [6]) f{ (o) <0 if «v is satisfying
26

i’(lj (Umin — 2&5\/ 1 + 2/@) + d) (Umln) S \/ﬁ

(4.2)
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Lemma 4.4. (Modification of lemma 4.5 in [6]) Let p be as defined in Lemma 3.4. Then the
largest step size o satisfying (4.2) is given by

. 1 1
Q= m(p(é) —p((1+ NiEwT )6))
Lemma 4.5. (Modification of lemma 4.6 in [6]) Let p and & be as defined in Lemma 4.4. Then
& > 1

(1 + 2K)y" (p( 1+ )5)) '

Define
1
Q= . 4.3)

(1 + 2k)3" (p( (14 i )5))

Then we have a < a&.

Lemma 4.6. (Lemma 1.3.3 in [12]) Suppose that h(t) is twice differentiable convex function
with

h(0) = 0, h'(0) < 0,
h(t) attains its (global) minimum at t* > 0, and h' (t) is increasing with respect to t. Then for
any t € [0,t*],

th/
nit) < 14O
2
Lemma 4.7. (Modification of lemma 4.8 in [6]) If the step size « is such that o < &, then
f(a) < —ad?.
Theorem 4.8. Let & be as defined in (4.3). Then fora =1+ \/ﬁ and k > 0, we have
2704
2(p+1) »
a) < —— Y2,
@) < (14 2k)L(p,a)
pt+2 2
+1 +1
where L(p, a) := 4v/2 + 2p(p + 1)(2%/i + %)p + (5 — 2p) (ﬁ + %) .
Proof: Using Corollary 3.5, we have
5> (-2 = 4.4
plad) = | = ’ : (4.4)
Using Lemma 4.7, (4.3), (4.4), and Lemma 3.1 (i7), we obtain
52 52
fl@) < —ad* = — < - - (4.5)

ad+p

(1+ 2r)Y" (p(ad)) (1—1—2/-;)@[1”(( P )m)
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Using (3.3) and (4.1), we have
" p 1
v ((ad —i—p)pH)

= 16+2p(p+1><1_~_é;6>p+1+(5_2p)<1+a(5>

< 4v25 + 2p( +1)< i +a5)§ﬁ+(5 2 )( i +a5>
S p\p 2\/5 P 2\@ D
2
G 1 2
= 4V20+2 +1< )p+15p+1+ 5-2 ( )” o
p(p+1) ol (5—2p) ol
p+2
< L(p,a)ért, (4.6)
where
Lp.) = 434 2p(p+ D) (2 +4) P 4 (5 2p) (1 4+ 2)7
o 22 2V2  p
Using (4.5), (4.6), and Lemma 4.1, we have
1 P 1 p
a) < ———— T < ————————— (2 2W)pf1
o) < ~iamipa’ = Gromntma Y2
27Ty o
= _—\:[12;34»2'
(1+2K)L(p,a)
This completes the proof. O
Lemma 4.9. (Lemma 1.3.2 in [12]) Let tg, t1, - - -, tx be a sequence of positive numbers such

that
thor <tp—tp N k=0,1,-- K —1,

tA
wherey > 0and 0 < A < 1.Then K < LTOAJ

We define the value of W (v) after the u-update as ¥ and the subsequent values in the same
outer iteration are denoted as Wy, k = 1,2, - . Then we have

Ty < Wy, 4.7)

where U is defined in (3.8). Let K denote the total number of inner iterations per outer
iteration. Then we have

U 1>7, 0< U <T.

Lemma 4.10. Let \Tlo be as deﬁned in (3. 8) and K the total number of inner iterations in the
1
outer iteration. Then we havefor <p<3 sanda =1+ NiESTS

p+2

K < (1425)L(p,a)¥""",
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2—p
2(p+1)
(p+1)2 L

where L(p,a) := L, a).
3p
Proof: Using Theorem 4.8, Lemma 4.9 with v := % and \ := 2(’;;21), and (4.7), we
have
1+ 2k)L 2 1) _p+2 ~ B
K < 0% ’"”gp (pa) 2p+1)g #5 (1+2K)L(p, a) 3",
22041 p+2
where
(p + 1226+
7 p
L(p,a) == pTL(pv a). (4.8)
This completes the proof. O

Theorem 4.11. Let a P.(k) LCP be given. If T > 1, the total number of iterations to have an
approximate solution with nu < € is bounded by

1+ 2k)L B 0

where U as defined in (3.8), E(p, a) in (4.8), 1—75 <p<3 and0<6<1.

Proof: If the central path parameter 1 has the initial value ;° > 0 and is updated by multiplying
1 — 60 with 0 < 6 < 1, then after at most

1 n,uo
Zlog 2
v |

iterations we have nu < €.([13]) For the total number of iterations, we multiply the number of
inner iterations by that of outer iterations. Hence the total number of iterations is bounded by

1+2r)L e 0

This completes the proof. O

Remark 4.12. By Remark 3.8, for large-update methods by taking T = O(n), 0 = O(1), and
p = %, the algorithm has O((1 + 2,‘{)711% log @) iteration complexity which improves the
iteration complexity with a factor nti when compared with the method based on the classical
logarithmic kernel function. For small-update methods by taking 7 = O(1) and 0 = @(ﬁ)
we have O((1+2k)+/n log %) iteration complexity which is the best known complexity result
for such methods.
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