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Abstract In this paper we propose primal-dual interior-point algorithms
for semidefinite optimization problems based on a new kernel function
with a trigonometric barrier term. We show that the iteration bounds are
O(J/n log(%)) for small-update methods and O(n% log(%)) for large-update,
respectively. The resulting bound is better than the classical kernel function.
For small-update, the iteration complexity is the best known bound for such
methods.
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1 Introduction

In this paper we deal with primal-dual interior-point methods (IPMs) for
solving standard semidefinite optimization (SDO) problems which are the
convex optimization problems over the intersection of an affine set with cone
of the positive semidefinite matrices, i.e.;

min Ce X
st. A;jeX=b; i=12....m (P)
X >0,
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where each A; € 8", b = (by,b,,...,b,)T € R” and C € §". Moreover, the
matrices A; are linearly independent. The dual problem of (P) is given by

max b7y

m
s.t. Z yiA,' +S= C, (D)
i=1
§>0,
with y € R” and S € §”. Here we use S” to denote the set of all symmetric
n x n matrices. The operator e denotes the standard inner product in S”, i.e.,
Ce X =Tr(CX)= Ziij,-in,-, and X > 0 (X =) means that X is symmetric
and positive semidfinite (symmetric and positive definite).

In 1984, Karmarkar [12] proposed a polynomial-time algorithm the so-called
IPMs for solving linear optimization (LO) problems. This method is extended
to SDO, which an important contribution in this field was made by Nesterov
and Todd [15, 22]. For a comprehensive study, the reader is referred to [7, 10,
17,25]. We assume that a strictly feasible pair (X° > 0, S° > 0) exists, i.e., there
exists (X?, y°, §9) such that

Ao X'=b; i=1,2....m, Y WA+S"=C X°>0, $>0.
i=1

This assumption is called the interior-point condition (IPC). The IPC ensures
the existence of an optimal primal-dual pair (X*, §*) with zero duality gap:

CeX*—bly = X*eS§ =0.
Here, y* is uniquely determined by S* due to the assumption that the matrices

A; are linearly independent. Thus, we can write the optimality conditions for
(P) and (D) as follows:

AiOX:bi, i:1,2,...,m
Y yiAi+S=C (1)
i=1
X§=0, X,§>0.

The basic idea of primal-dual IPMs is to replace the third equation in (1), the
so-called complementarity condition for (P) and (D), by the parameterized
equation XS = pE with > 0; where E denotes the n x n identity matrix.
Thus, one may consider

Al‘.X:bi, i:1,2,...,m
Y yiAi+S=C )
i=1

XS=pE, X,S>0.
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For each u > 0, the parameterized system (2) has a unique solution
(X (w), y(u), S(n)) (see [13, 16]), which is called a u-center of (P) and (D).
The set of p-centers is said to be the central path of (P) and (D). The central
path converges to the solution pair of (P) and (D) as u reduces to zero [16].

The natural way to define a search direction is to follow the Newton
approach and to linearize the third equation in (2) by replacing X, y and S
with X* = X+ AX,y" = y+ Ay and ST = S + AS respectively. This leads
to the following system:

Aie AX =0, i=1,2,...,m,

Y Ay Ai+AS=0, (3)

i=1
AXS+ XAS=uE - XS.
The system (3) can be rewritten as

AieAX =0, i=1,2,...,m,

ZAyiA,-+AS=O, (4)

i=1
AX 4+ XASS ' =puS ! - X.

It is clear that A S is symmetric due to the second equation in (4). However, a

crucial observation is that A X is not necessarily symmetric because XASS~!

may be not symmetric. Many researchers have proposed methods for sym-

metrizing the third equation in the Newton system (4) such that the resulting

new system has a unique symmetric solution. In this paper, we consider the
symmetrization scheme that yields NT-direction [22]. Let us define the matrix

Pi= XP(XISXH)T X} [: s%‘(S%XS%)%S%‘], (5)

and also define D = P2, where for any symmetric positive definite matrix G,
the exponent G: denotes its symmetric square root. The matrix D can be used
to scale X and S to the same matrix V defined by [18]
1 1 1 i
Vi=—D'XD'=—DSD=—(D'XSD):. (6)
Ji NG NG

Note that the matrices D and V are symmetric and positive definite. In the
NT-scheme, we can get

Ao AX =0, i=1,2,....m,

m

> Ay Ai+AS=0, (7)
i=1

AX + PASPT = puS7!' — X.
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Let us further define

1

A= ﬁDA,-D, i=1,2,...,m,
1

Dy :=—D'AXD™", (8)
N

1
Ds := — DASD,
NG

then the NT search directions can be written as the solution of the following
system:

ZAyiAi + Ds =0, )
Dy + Dg= V_l - V.

The solution of this system is unique, and we can get the original directions
via (8).

1.1 The matrix functions
Using the concept of a matrix function [11], the definition of kernel function

Y can be extended to any diagonalizable matrix with positive eigenvalues. In
particular, for a given eigen-decomposition

V = Q' diag M (V), ..., 2(V)Qy,

of V with a nonsingular matrix Qvy, the matrix function ¢ (V) is defined by

Y(V) = 0y diag (¥ (V). ... ¥ (1a(V)) Qv (10)
Then we can define a matrix barrier function ¥(V) : 8%, — R by
vV)=Try(V)) = Zlﬁ(ki(V)), (11)
i=1
where 8’ denotes the set of all symmetric positive definite n x n matrices.

As in the linear case, we can call ¥ () the kernel function for the matrix
function ¥ (V) and W (V). Since the derivatives ¥'(f) and ¥ (¢) are well defined,
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we can obtain the matrix functions ¥'(V) and " (V) if ¥ (1;(V)) in (10) is
replaced by ¥/ (1;(V)) and ¥”(1;(V)) for each i, respectively.

Definition 1 A matrix M(¢) is said to be a matrix of functions (or a matrix-
valued function) if each entry of M(¢) is a function of t, that is, M(t) = [M;;(1)].

The usual concepts of continuity, differentiability and integrability can
be naturally extended to matrix-valued functions, by interpreting them
component-wise. Let M(f) and N(f) be two matrices of functions. Then,
we have

d ,
MO =M@ (12)
%Tr(M(t)) = Tr(M/(t)) (13)
d
ETr(w(M(t))) = Tr(y(M' (1)) M' (1)) (14)
d
memszmNm+MmNm (15)

In fact, the right-hand side of the third equation in (9) is the negative gradient
of the matrix barrier function W.(V) with the classical kernel function v.(f) =

[2% — log(¢), while . (¢) satisfies

Y1) = ye(1) =0,
Y/(t) >0, t>0, (16)

tl_l)l’(% Ye(t) = tilgloo Ye(t) = +o0.

We replace the right-hand-side of the third equation in (9) by — VW (V), where
—VW (V) is the negative gradient of the matrix barrier function W (V) with the
kernel function (18). Thus this system can be rewritten as

AjeDy =0, i=1,2,....,m,
m —_
ZijAi+DSZOv (17)

i=1

Dx + Dg = —VW(V).
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The new search direction (D, Ay, Dg) is obtained by solving (17) so that
(AX, Ay, AS) is computed via (8).

Algorithm1l : Primal — Dual Algorithm for SDO
Input : Accuracy parameter € > 0;

barrier update parameter 6, 0 < 6 < 1;

threshold parameter 7 > 1;

X0 0,8% =0, and ° = 1 such that ¥(X° 8% u0) <7
begin :

X =X 8 := 8% ju = p
while ny > ¢ do

begin
@ — update :
= (1= 0)u;
while ¥(X,S,u) > 7 do
begin

Solve the system (17) and use (8) for AX, Ay, AS;
Determine a step size a;

X =X+ aAX;
Y=y + aly;
S =8+ aAS;
end
end
end

Now, we explain our algorithm for the primal-dual IPM for the SDO.
Assuming that a starting point in a certain neighborhood of the central path is
available, we can set out from this point. Then, we will go to the outer iteration.
If u satisfies n > €, then it is reduced by factor 1 — 8, where 6 € (0, 1). Then,
we make use of inner iteration, and we repeat the procedure until we find
iterates that are close to (X (u), y(r), S(n)), that is, the proximity W(V) < t.
Indeed, each outer iteration performs an update of the barrier parameter and
a sequence of inner iterations. It is agreed that the total number of inner
iterations required by algorithm is an appropriate measure for the efficiency
of the algorithm. This number is called as the iteration complexity of the
algorithm; it is usually described as a function of the dimension n of the
problem and the accuracy parameter €. The iteration complexity is bounded by
multiplying the number of inner iteration bound K by the number of barrier
parameter updates, which is bounded above by 0% log # (Lemma I1-17 in [21]).
A crucial question is that how to choose the parameters 7, 6 and the step size «,
that minimizes the iteration complexity of the algorithm. Figure 1 gives some
examples of the kernel functions that have been analyzed already as well as
the complexity results for the corresponding algorithms.

Kernel functions play an important role in the design and analysis of
interior-point algorithms. They are not only used for determining the search
directions but also for measuring the distance between the given iterate and
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) Kernel functions 1;(t) Large — update Small — update | Ref
1 21 gt O(nlog ) O(vnlog®) | [21]
2| -ty On? log 2) O(vrlog2) | 19
3 tzT_l + %7 qg>1 O(qn% log 2) O(q*y/nlog ) | [17]
4 #51 + f;(;q:l)l - L;l(t —1),¢>1 O(qn%1 log %) O(q*y/nlog2) | [17]
5 tQT*l + Lf O(v/nlog? nlog 2) O(y/nlog) 1]
6| S5 flef lde O(V/nlog® nlog ) O(vnlog?) | [1]
7 "2;1 — flt eq(%_ndg qg>1 O(qv/n(1+ élog n)?log 2) | O(qy/qnlogZ) 2]
8| B4l e O(n# log ™) O(valog2) | [3]
9| o+t pe(01],q>1 O(qnT5 log ) O(¢*v/nlog2) | [4]
10| £51 4100 —1),0>1 O(oy/nlog2) O(vrlog2) | [5]
11| S35 + S tan(h(t)), A(t) = Zorg O(nilog2) O(vrlog®) | [8]
12 t—1+ tlt:fl, qg>1 O(gnlogZ) O(q*\/nlog ) | [24]
13 (G Sl O(n? log ) — [20]

Fig. 1 Iteration bounds for large- and small-update methods

the corresponding p-center for the algorithms. Bai et al. [1] presented the
approach of using kernel function to determine the search directions and to
design primal-dual IPMs for solving LO problems. El Ghami et al. [6] extended
the approach presented in [1] for LO, which is based on so-called eligible
kernel functions, to SDO which yields a wide class of new methods for SDO.
Some kernel functions introduced in Fig. 1, so-called self-regular kernel func-
tions [17, 18] and some non-self-regular kernel functions [1, 3, 5, 24]. Recently,
El Ghami et al. [8] introduced a new kernel function with a trigonometric
barrier term, which is not logarithmic and not self-regular, and analyzed large-
and small-update methods of the primal-dual interior-point algorithm for LO.
Motivated by their work, in this paper we present a primal-dual interior-point
algorithm for SDO based on the kernel function:

2

4
+ Z cot(h(r)), where h(r) = lﬂ—t (>0, (18)
T

v = T

and derive the complexity analysis for algorithms with large- and small-update
methods.

The paper is organized as follows: In Section 2, we derive some properties of
¥ (t) and ¥ (V) based on the new kernel function (18). In Section 3, we propose
an expression for the decrease of the proximity during an inner iteration, and
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derive a default value for the step size. The analysis is completed in Section 4
by deriving the iteration complexity. Finally, in the last section we conclude
with some remarks.

2 Properties of the new proximity function

In this section, we study some properties of the kernel function (18). We start
with three technically lemmas.

2.1 Some technical results

For  we have the first three derivatives as follows:

V) =1t— ;h’(t) (1 + cot? (h(1))), (19)

V') =1-— ; (14 cot®(h(1))) (h"(t) — 21 (1)* cot(h(1))) , (20)
4

v =——(1+ cot® (h(1)) g(1), 1)

where

g(t) = —6h' (O (t) cot(h(1)) + h" () + 2K (t)* (1 + 3 cot’ (h(1))) .
Lemma 2 For the function ¥ (t) defined in (18), we have

Jim v = o0,

Proof Lett = )1_( Then,

2 —

lim () = lim (

t—+00 t——+o00

i 1 —x? N 4 . T
= lim —co
x—>+0 2x2 T 14+x

(1 — x%) sin (li—x) + 8x% cos (%)

i cot(h(t)))
T

— 1+4+x
x—>+0 27‘[)(2 sin (l-jfT—_x)
Since
. o T ) T
lim 7 (1 — x°)sin + 8x“ cos =0,
x—40 14+x 1+x
and

lim 27 sin( il ) —0,
x—>+0 1+x
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we can apply L’Hospital’s role:

im0
. —2nx s1n(1+x) _ ”(l(j_x;‘z) cos (1+x) + 16x cos (1+x) + (1+x)2 sm(Hx)
x>0 4 xsin () — (21’1;‘)2 cos ()
= +oo.

Lemma 3 For the function h(t) defined in (18), we have
1+ t+mcotth(t)) >0, t>1.

Proof Fort > 1,7 < h(t) < . Define f(t) := 1 + 1t + 7 cot(h(1)). Since S‘“Xﬁ >
[14], we have

. /
() =1=nh @) (1+cot(h(t)) = sin”(h(t)) — mh'(t)

sin” (h(1))
) (sinh@)\* (7 \?
(L4 0rsin’(h() — 7 1+ ( h(t) ) (h(z))
(A +0%sin’(h() , (sin(h()) )
a0 (557
(T=hON (7 (LY ﬂ)z
o ( 7o) ) (h(z)) AT ‘
- sin(h(1)\* - sin(h(1)\? =0
2 2
(o < 0 ) 4+ ( 0 )
Thus f(¢) is increasing for ¢ > 1, and hence f(¢) > f(1) =2 > 0. This implies
the lemma. O
Lemma 4 For the function h(t) defined in (18), one has
W' (t) — 21 (£)* cot(h(1)) <0, ¢ > O. (22)

Proof Since h(t) is increasing, we have 0 < h(f) < m, for t > 0. Now, we
consider two cases:

Case 1 Assume that 7 € (0, 1]. Then 0 < A(t) < 5 and so cot(h(t)) > 0. Since
) = (]+t’;3 < 0 for ¢t > 0, we obtain

1 (t) — 2H (1)* cot(h(t)) < 0,
which shows that (22) holds for all ¢ € (0, 1].
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Case 2 Assume that ¢ € (1, co). By Lemma 3, we have % > —cot(h(t)). Using
the first two derivatives A(¢) for all £ > 1, we get

1+t 2 211 +1)
A+ wd+0t

H'(1) — 2k (1) cot(h(1)) < h"(t) + 2h' (1)
This completes the proof. O

The next lemma shows that the new kernel function (18) is eligible.

Lemma 5 Let (t) be as defined in (18) and t > 0. Then

v > 1, (23)
" (6) +¥'(6) > 0, (24)
') —y'@® >0, (25)
¥ (1) < 0. (26)

Proof Clearly, Lemma 4 and the second derivative of v (¢) follow (23).
By using (19), (20) and #'(f) and A"(¢) the first two derivatives of A(?),
we have

" (6 + ¥ (@)
=2 — ; (14 cot®(h(1))) (th" (1) — 2t (1)* cot(h (1)) + I (1))

4 2t 2t
=2 E( + cot'(h(®) ((1 +03 1+ cotthie) + (141t )2>
2 :
=2+ <m> (% — 14 27t cot(h(r))) . 27)

Consider two cases:

Case 1 Assume that0 <t < 1.
Define

k(t) = > — 14 2wt cot(h(t)) = 2t (cot(h(t)) +— - L)
2 2wt

and

1

t
f() = cot(h(t)) + ool vt
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We have
/ .t 2 1 1
F@) ==K (1+cot (h)) + 7+ 5—

— I (t) 1 1
T sin?(h(t)) | 2w 2xP
- 1 1
= A1t 27 28
-7 1 1
- (1 +0)2h(1)? + + 22

—1 1 1 -1

a2 + 2 + wme T 2
This implies that f(¢) is strictly decreasing and hence f(¢) > f(1) = 0. Since
2nt > Oforeacht € (0, 1), we obtain k(f) > O for each ¢t € (0, 1). Thus the right-
hand-side of (27) is positive which proves (24), for all # € (0, 1).

Case 2 Assume thatt > 1.
Then /(1) = 0 and using (23), we see that /() is strictly increasing. Hence

WO+ O>1+¢'0>1+y'(1) =1

The two cases together prove (24).
To prove (25), considering the first two derivatives of v (¢) we have

4
WO -y =-—(1+ cot® (h(1))) (th" (1) — 2th' () cot(h(t)) — K (1))

= —; (14 cot?(h(®) (¢ (h"(t) — 2K () cot(h(1))) — W (1)) . (28)

From Lemma 4 and —//(1) = — 75 < 0, we have (R (t) — 21 (1)* cot(h (1)) —
I (f) < 0. Therefore, the right-hand-side of (28) is posmve which proves (25).

The third derivative of ¥ () is given in (21). Since —2 (1 + cot?(h(1))) < 0,
for all ¢ > 0, thus for prove (26) suffers that g(¢) > 0. By substitution of /'(¢)
and A" (¢) in g(¢), we obtain

=2
0 =5 (i) (e ) oo

67 b4 ’ )
+ W +2<(1 +t)2> (1 + 3cot*(h(1))

3

67
= T50° (t+ 14 27 cot(h())) + Txoe (14 3cot?(h(1)))
67 m?
(1 Y ( + ((t+ 1) + (r cot(h(2)))) > (29)
This completes the proof. O
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Lemma 2 shows that the new kernel function (18) satisfies
li = li = .
Ji $© = lim ¥ = +oo

Note that ¥/'(1) = ¥ (1) = 0. Then ¥ (¢) is determined by

t pé
v = /] f] V(@) de. (30)

The next lemma is very useful in the analysis of interior-point algorithms based
on the kernel functions (see for example [1, 17]).

Lemma 6 (Lemma 2.1.2 in [18]) Let ¥ (f) be a twice dif ferentiable function for
t > 0. Then the following three properties are equivalent:

(i) v(Whh) < 3 (1) + () fort, 1 > 0.
Gi) 'O+ 00 () =0, t> 0.
(iii) ¥ (e®) is convex.

Following [18], the property described in Lemma 6 is called exponential
convexity, or shortly e-convexity. Therefore, Lemma 6 and (24) show that the
our new kernel function (18) is e-convex for ¢t > 0.

Lemma 7 Ift > 1, then

V(1)

=D =yO - 2.

Proof If f(t) =2y(t) — (t — DY/ (), then f/(t) = ¥'(1) — (t — D" (), f'(t) =
—(t—=Dy” (@ and f(1) = f'(1) = 0. Since " (t) < 0, we deduce that (1) >0
which implies that f” is increasing. Thus f’(#) > 0 for ¢ > 1. Similarly, f(¢) >0
for t > 0. This proves left inequality.

To prove right inequality, by Taylor’s expansion and the fact ¥ (1) = ¥'(1) =
0, we obtain

1 1
Yy =y +y'(HE—1)+ Elﬁ”(l)(l -1+ 61//”(77)(1 -1,
= Ly -2+ Ly -1y
= 21ﬁ 61// n ;
where 1 < n < t. Since ¥"'(f) < 0 and ¥"(1) = 2, we have

V() < (t—1)%

This completes the proof. O

The proof of next lemma is essentially similar to the proof of Lemma 4.2
in [9].
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Lemma 8 Fort > 1, one has

V()

V() = e

Proof We define f(t) = ty'(t) — ¥ (¢). Itis clear f(1) =0and f'(t) =ty (¢) >
1 > 0. That is, f(f) is monotone increasing function, f(t) > f(1) = 0, and this
completes the proof. O
The proof of following lemma is identical to the proof of Lemma 2.1 in [5].
Lemma 9 For (1), as defined in (18), we have
Le— 172 <90 = 2y
2 - -2 ’

Proof Using ¥ (f) > 1 and (30), we have

Lok
Iﬁ(t)=/1/l v ()ds d&

z/lt/fd;ds

t 1
_ / €~ dg = 50~ 17,
1

this proves the first inequality. The second inequality is obtained as follows:
- ¢k
vo = [ [ vrodcde < [ [ vr©w@acas
1) 11

t t 1
= /1 VIEY (E)dE = /1 Y EAW ) =590
This complete the proof. ]

Lemma 10 Let o : [0, 00) — [1, 00) be the inverse function of y(t) for t > 1.
Then

(a) o(s) > ~/1+2s,
(b) o) <345, s> 1.

Proof The inverse function of v (¢) for t > 1 is obtained by solving ¢ from

(1) oY (it (> 1
= — CO o =3, = 1.
2 T 1+1¢

Defining w(r) = % cot ({5), one has

) 2
w(l):_(m> =
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Therefore, w(t) is decreasing for f > 1 and since w(1) = 0, we get

t2—1>
Sa
7 Z

this implies that t = o(s) > +/1 + 2s. This proves the first inequality. For the
proof of second inequality, by s > 1 and Lemma 9, we have

e R
whence
t=0(s) < 1++/2s,
and therefore, by s > 1, we get
t=0(s) < /s + 25 <35

This completes the proof. O

In the analysis of the algorithm, we also use the norm-based proximity
measure defined by

1 1
§:=8(V) = SIV¥ (W)l = SV Tr@/ (V)?), (31)
The next theorem gives a lower bound on the norm-based proximity measure

3(V), as defined by (31), in terms of W(V), which is an extension of Theorem
4.9 1n [1] to positive definite matrices.

Theorem 11 (Theorem 3.2 in [6]) Let ¢ be the inverse function of ¥ (t) for
t>1. Then

1
5(V) > EW (ec(¥(V))).
Lemma 12 IfV € 8" and ¥ (V) >t > 1, then

s(V) > é‘/ly(V).

Proof By using Theorem 11 and Lemma 8, we obtain

1y ™) _  ¥H)
2 o(W(V)) 20(¥(V))'

1 /
(V) = A4 (e(W (V) =
Now, by the second inequality of the Lemma 10, we have

o(W(V)) =3/ ¥ (V).
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Therefore,
(V) 1
sV /¥ (V).
W =smm =Y
This completes the proof of the lemma. O

At the start of each outer iteration, just before the update of u with the
factor 1 — 6, we have W (V) < 7. Due to the update of u the matrix V, defined
by (6), is divided by the factor +/1 — 6, with 0 < 6 < 1, which leads to an
increasing in the value of W(V). Then, during the inner iterations, W (V)
decreases until it passes the threshold t again. Hence, during the course of
the algorithm the largest values of W (V) occur just after the updates of u. In
the rest this section, we derive an estimate for the effect of a u-update on the
value of W (V).

The next theorem is an extension of Theorem 3.2 in [1] to positive definite
matrices.

Theorem 13 (Theorem 3.11in [6]) Let o be the inverse function of ¥ () fort > 1.
Then for any positive definite matrix V, and any g > 1,

\10%
‘I’(ﬂV)Smﬁ<ﬁQ< ( )>)

Corollary 14 Let0 <0 < land V4 = % If U (V) <, then

_ofe@ N\ (e Y
\D(V+)_n1//(ﬁ>_n(m—l> .

Proof Since Jff >1 and g (\l’(v)) > 1, we have ﬁg (\l’(v)) > 1. Using

Theorem 13 with g = ﬁ and the function o is monotonically increasing since
¥ (¢) for t > 1 is monotonically increasing because of its definition, we have

vz (e (%)) o (555)

This proves the first inequality. The second inequality follows from
Lemma 7. O

3 Analysis of the algorithm

In this section, we determine a default step size and obtain an upper bound to
the decrease of the barrier function W (V) during an inner iteration.
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3.1 Decrease the value of (V) and choose a default step size o
In each iteration the search directions A X, Ay and AS are obtained by solving
the system (17) and via (8). After a step with size «, the new iterate is given by
Xy =X+aAX, y, =y+aAy, S =S5S+aAS.
Due to (8), we may write
pXi=X+aAX=X+a/uDDxD = ./uD(V +aDx)D,
and
S; =S+ aAS=S+a/uD'DsD™' = /D' (V+aDs)D7".
According to (6), we have

1
V,=—[D'X,S.D
+ ﬂ[ ++]

=

1 1

Therefore, V7 is similar to the matrix ; X, S, = - X7 S, X} and thus to (V +

aDy) > V+aDg)(V+aD X)%. Consequently, the eigenvalues of the matrix
1

V, are the same as those of [(V + aDX)% (V+aDg)(V + aDX)%] *Since the
proximity after one step is defined by W (V,), it follows from (11) that

WV, =W ([(V +aDx):(V+aDs)(V + aDX)%T) .
Hence, by Lemma 5,

1
W(Ve) < 5 (W(V +aDy) + ¥(V +aDy)).

Let us denote the difference between the proximity before and after one step
by a function of the step size, that is,

fla) =W (Vo) — w(V).
Then f(a) < fi(x), where

file) == % (W(V +aDy)+W(V +aDs)) — W (V).

Obviously
f0) = £1(0) =0.
Taking the derivative with respect to «, by using (12)—(15), we obtain
fit@) = 3Tr ((V +aDx) Dy +¥'(V + @D Ds), (32)
and
() = %Tr (¥"(V+aDx) D% +v"(V +aDs)D3). (33)
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Hence, using (31) and the third equation of (17), we obtain
1
f0) = ET” (V' (V)Dx 4+ 4'(V) D)

1 I

= 5Tr (¥’ (V)(Dx + Dy))
1 ’ I

=5 Tr (¥’ M=y (V)
1

=5Tr (=v'(V)?)

= —28(V)2. (34)

In what follows, we use the short notation § := §(V') and state some impor-
tant results without proofs.

Lemma 15 (Lemma 4.2 in [23]) One has

(@) < 2829 (Anin(V) — 2a8) .

Lemma 16 (Lemma 4.2 in [1]) If the step size a satisfies
=¥ in(V) = 208) + ¢ Omin(V)) < 26, (35)
then f{(a) < 0.

Lemma 17 (Lemma 4.3 in [1]) Let p : [0, 00) — (0, 1] denote the inverse func-
tion of the restriction of —%I///(l‘) on the interval (0, 1], then the largest possible
value of the step size of a satisfying (35) is given by

5= L (p(8) —
& = 52(p(®) = p(29).

Lemma 18 (Lemma 4.4 in [1]) Let p and & be the same as defined in Lemma
17. Then

_ 1
o >

T Y (p(28))

For the purpose of finding an upper bound for f(«), we need a default step
size & that is the lower bound of the & and consists of §.

Lemma 19 Let p : [0, 00) — (0, 1] denote the inverse function of the restriction
of—%w’(t) on the interval (0, 11 and V(V) > t > 1. Then

1 1
> .
VPR (63 + 800 +v/6) ) 83
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Proof To obtain the inverse function ¢ = p(s) of —%W(z) fort € (0, 1], we need
to solve the equation

-yt =—t+ ;h/(t) (14 cot?(h(1))) = 2s.

But this is hard to solve, so we should derive a lower bound for p(s). To do
this, the above equation implies

(1+40)?

2 __ T _
L+ ol (h(0) = (s +10) =

2s+1) <2s+1. (36)

Letting —y/'(f) = 2s, we can say that t = p(s). By setting t = p(28), we have

—Y (1) = 46.
Hence,
cot(h(t)) < 24/3. (37)
Since /'(t) = 7 <7 and K'(1) = ﬁ > 27 for all 0 <t < 1, it follows
from (20) and (37) that
1 1
Vip@o) hd (1 + cot?(h(t))) (h"(1) — 21/ (1)? cot(h(1)))
T
1
=3
1 —Z@s+1 (h”(t) _ 4h’(t)2«/§>
T
1
>

1+ ;(45 + 1) (4728 4 27)
1
14848+ 1H2a/d+1)
By Lemma 12, we get
1 1 1

VO (6)} 1845 + 69) (2nv8+v65) (6% +80 (27 +6)) s

10

In the sequel, we use the notation

&= ! (38)

(6% + 80027 + JE)) 53

and we will use « as the default step size. By Lemma 18, & > &.
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Lemma 20 (Lemma 4.5 in [1]) If the step size a is such that a < &, then

fla) < —as’.

Theorem 21 If & is the default step size as given by (38), then

W(V)i
JE(6% +80 (271 + «/6))'

f@) < -

Proof Using Lemma 20 with « = & and (38), we have

82 81
f@ < —as® < - =- :

(6 +80 (22 +v6)) 5! 63 +80 (27 +v6)

Using Lemma 12, we obtain
U(V)t
V6 (63 +80 (27 + 6))

This proves the theorem. O

f@ <-—

4 Iteration bound

In this section, we derive the complexity bounds for large and small-update
methods.

4.1 Upper bound for the total number of inner iterations

By the assumption W (V) < 7, after the update of u to (1 — 0)u, by Corollary

14, we have
e (z)
=L L )

We need to count how many inner iterations are required to return to the
situation where W (V) < r after a pu-update. We denote the value of W (V)
after the p-update by W; the subsequent values in the same outer iteration
are denoted as Wy, k =1, 2, ..., K, where K denotes the total number of inner
iterations in the outer iteration.

According to decrease of f(a),fork=1,2,..., K — 1, we obtain

1

7 . (39)
V6 (6! +380 (27 +V6))

Wepr < Wi —
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Lemma 22 (Lemma 14 in [17]) Suppose to, t1, ..., ty be a sequence of positive
numbers such that

e <tp —pt, ', k=0,1,...,K—1,

where 8 > 0and 0 <y < 1. Then K < (%].

. 1 3 .
Letting t, = Wy, B = m and y = 7, we can get the following

theorem from Lemma 22.

Theorem 23 Let K be the total number of inner iterations in the outer iteration.
Then

4v6 (61 +80 (27 +V6)) .
3 Yo

where, V) is the value of W (V) after the u-update in outer iteration.

K <

4.2 Large-update methods

It is clear that ¢ () < % when t > 1. Applying Corollary 14 and Lemma 10, we
obtain

s [26) @
- JIi=e ]~ 200-0)

1
The number of outer iterations is bounded above by g log(%) (Lemma I1.17 in

[21]). By multiplying the number of outer iterations and the number of inner
iterations we get an upper bound for the total number of iterations, namely,

(D)= (})
_ 46 (6% +80 (2n +:/8)) 93 o (E) |
302(1 — 0)): e

Large-update methods use § = ®(1) and t = O(n). The iteration bound then

becomes
o i s(2)).

4/6(63 +80(27+/6)
(),

4.3 Small-update methods

It is not hard to show that if the aforementioned analysis were used for small-
update methods the iteration bound would not be as good as it can be for these
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types of methods. For small-update methods one has 8 = ® (\/%;) and t = O(1).
For get the improved iteration bound, we use Corollary 14 and obtain

w05n<5%—1> . (40)

For estimate this, we need an upper bound for the inverse function ¢ of v for
t > 1. Hence, from the proof Lemma 10 we have

t=o0(s) < 1++2s. (41)

Therefore, (40) and (41) follow that

2

1+,/=
Wy <n —ﬁ—l . (42)

Using | — /1 —60 = —%— < @, the above inequality can be simplified to

+/1-6 —
1 2
\I’Of—(@\/ﬁ—i-\/ZT) . (43)
1-6
Theorem 23 implies that the total number of iterations is bounded above by

K 46 (63 +80 (27 + /6 ;

— log (E) < ( ( 5 )) (9«/ﬁ+v2r) log (E>

0 € 30(1 —0)i €

Small-update methods use 6 = @(ﬁ) and T = O(1). Therefore, the iteration
bound becomes

o (v ()

5 Conclusion

In this paper we have analyzed large and small-update methods of primal-dual
interior-point algorithm based on a new kernel function with trigonometric
barrier term. We proved that the iteration bound of a large-update interior-
point method is O(n% log(%)), which improves the classical iteration complex-
ity with a factor ni. For small-update methods coincides to the best know
iteration bound.
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