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Abstract. We establish the polynomiality of primal-dual interior-point algorithms for
SDP based on the direction of the M-Z family of search directions. We show that
the polynomial iteration-complexity bounds of the well known algorithms for linear
programming, namely, the predictor-corrector algorithm, carry over to the context of

SDP.

Keywords: interior-point algorithm; polynomial complexity; path-following methods;
semidefinite programming problems.

1. Introduction

Several authors have discussed generalizations of interior-point algorithms for li-
near programming (LP) to the context of semidefinite programming (SDP). The
landmark work in this direction is due to Nesterov and Nemirovskii [1], where a
general approach for using interior-point algorithms for solving convex programs
is proposed, based on the notion of self-concordant functions. They show that
the problem of minimizing a linear function over a convex set can be solved in
‘polynomial time’ as long as a self-concordant barrier function for the convex
set is known. On the other hand, Alizadeh [2] extends Ye’s projective potential
reduction algorithm for LP to SDP and argues that many known interior point
algorithms for LP can also be transformed into algorithms for SDP in a mechanical
way. Since then many authors have proposed interior-point algorithms for solving
the SDP, including Alizadeh, Haeberly and Overton [3], Kojima, Shida [4]and
Shindoh, Kojima, and Hara [5], Monteiro [6], [7], Monteiro and Zhang [8], [9],
and Zhang [10]. Most of these more recent works are concentrated on primal-dual
algorithms.

'Research is supported by Natural Science Foundation of Chongging Municipal Education
Commission (No.KJ091104).
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Notation and terminology

The set of all symmetric n x n matrices is denoted by S™. For Q) € S™, Q = 0
means () is positive semidefinite and ) > 0 means () is positive definite, respec-

tively. The trace of a matrix ) € R"*" is denoted by Tr ) = Z Qii- The inner

product between P and @) in R™*" is defined as P e () = Tr PTQ The Eu-
clidean norm and its associated operator norm are both denoted by || o ||; hence,
Q| = maxjy=1 ||Qu| for any @ € R™*". The Frobenius norm of Q) € R™*" is
1Q]lF = (Q e Q)'2. We frequently use the inequalities S% and S%, denote the set
of all matrices in S™ which are positive semidefinite and positive definite, respec-
tively. It is known that for each V' € S, there exists a unique U € S, such that
U? = V. The matrix U is called the square root of V and is denoted by V1/2.

2. The SDP problem and preliminary discussion

In this section, we describe the SDP in symmetric matrices considered in this
paper, state our assumptions, and derive the Newton direction for the central
path equation. We also give some existence results for this Newton direction and
state a generic path-following algorithm based on it.

Given C € S™ and (A;,b;) € S™ x R for i = 1,...,m, a primal-dual pair of
SDP problems is defined as

(2.1) (P) min{CeX:A,eX=0,i=1,...m X =0},

(2.2) (D)  max {bTy : ZyiAi +5=C,8* O} ,

i=1

where b = (by, ..., b)) 7.

The set of interior feasible solutions of (1) and (2) are

FOP)={XeS:X:AeX=b,i=1,.,m X0}
FOD)={(S,y) € Sx R™: " i Ai+ S =C, S = 0}

respectively. Throughout this paper, we assume that FO(P) x F°(D) # ¢ and
that the matrices A;,7 = 1,...,m, are linearly independent. Under the first
assumption, it is well known that both (1) and (2) have optimal solutions X* and
(S*,y*) such that C'e X* = bTy*, i.e., the optimal values of (1) and (2) coincide.
The last condition, called the strong duality, can be alternatively expressed as
X*e5* =0 or X*S* = 0. Hence, the set of primal and dual optimal solutions
consists of all the solutions (X, S,y) € ST x ST x R™ to the following optimality

system:

(2.3) XS =0,
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m

(24) > yAi+S=C,
=1

(2.5) Ao X =b,i=1,....,m.

It is known that for every p > 0, the perturbed system

(2.6) XS =ul,
(2.7) > yidi+S=C,
=1
(28) AlOX:bl,z:l,,m

has a unique solution, denoted by (X,,, S,,), for every p > 0, and that the limit lir%
n—

exists and is a solution of (1). The set {(X,,S,) : u > 0} is called the central path
associated with (1) and plays a fundamental role in the development of interior
point algorithms for solving SDP. Using the square root X'/2, (6) can also be
alternatively expressed in the following symmetric form:

XYV28 X2 =l

Path following algorithms for solving (1) are based on the idea of approximately
tracing the central path. Application of Newton method for computing the so-
lution of (2) with p = f leads to the Newton search direction (AX,AS) which
solves the linear system

(2.9) XAS+AXS =4I — XS, (X+AX,S+AS)es” xS,

This system does not always have a solution. To overcome this bottleneck, if we
adapt the M-Z search directions to the monotone SDP, we can describe it as a
solution of the system of equations:

XV2(XAS +AXS)XY?2 + XV2(ASX + SAX)X~1/2

2.10

(2:10) =2(pl — X128 X1/,
(2.11) Ao AX =0,i=1,...,m.
(2.12) D AyiAi+AS =0,

=1

It was shown in [11] that system (10), (11), (12) has a unique solution. The
symmetric component (AX, AS) of this solution is then used as a search direction
to generate the next point.
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Theorem 2.1 System (10), (11), (12) has a unique solution.

Lemma 2.1 Let X € F°(P) and (S,y) € F°(D) be given and suppose that
(AX,AS) is a solution of system (10), (11), (12) with 1 = o, then the following
statements holds:

(1) ASe AX =0,
(2) (X +aAX)e(S+aAS)=(1—a+oca)(XeS), VaeR.
Proof. Using (11) and (12), we obtain

ASeAX = — (Z AyiAZ) o AX =) Ay(A4AX) =0.
=1 =1

and hence (1) follows. In view of (10) , we have

2Tr(opl — XS) = TriXAS+AXS|+Tr[ASX + SAX]
= Tr[XAS+AXS+ ASX + SAX]
= 2Tr[XAS + SAX]
= 2[X e AS+ SeAX]

Using the fact that Tr(XS) = X .S = nu, we obtain

(X +aAX)e(S+aAS) = XeS+a(XeAS+SeAX)+a’ASeAX
= XeS+aolr(opl —XS)
= XeS+alonu—Xe)S)
= (I1—a+o0a)(XeS)

for every a € R. Hence, (2) holds. .

Lemma 2.2 For all Q € R™™, the following relations hold:
D NP < AN = 1A%
i=1

Lemma 2.3 Suppose that W € R™™™ is a nonsingular matriz, then for any E €
S™, the following relations hold:

1
(213) |Ellr < SIWEW= 4+ (W EW )|

Lemma 2.4 Suppose that Ay, Ay € R"™ ", then the following relations hold:
[A1Az|[p < [[A1][A2] F.

For a nonsingular matrix P € R™*", consider the following operator Hp : R™*"™" — S"

defined as |
Hp(M) = 5[PMP—1 +(PMPYHY', VM € R™™.

The operator Hp has been used by Zhang [10] to characterize the central path of
SDP problems.
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Lemma 2.5 Let (X,S) € S, be such that || XY2SXY? — uI|| < py for some
v €10,1) and p > 0. Suppose that (AX,AS) € S™*™ x S™*" is a solution of (4)
for W € R™", where W = oul — X'2SXV2. Let §, = u|| X YV2AXXV2|p and
5o = || XV2ASXY2||p. Then,

5.0, < (824 97) < 2(”%”%)2

Proof. We let W = Hy 12[XAS + AXS]. Using (4) and simple algebraic

manipulation, we can obtain

W = XYEASX'V2 4 X VAAXXTHE 4 %XWAXXVQ(XWSXW )
+%(X1/QSX1/2 — pl)XTVPAX X2,

from which it follows that

Wie > [XV2ASX2 4 uX-V2AX X2,

XX — XXX

(IXPASXY2|[F + 2| XTPAXXV2F)Y2 — quds /1
02+ 62 — 70,

where the second inequality follows from the assumption that || X/2SXY/2— ]| <

py and the fact that (X 1/2AXX~1/2) e (XY/2ASXY?2) = AX ¢ AS > 0, due to
the monotonicity of F. The result now follows trivially from the last inequality. =

(AVAR ARV,

Lemma 2.6 With the notations above, we have

nK?pu
—1/2 < . <a-
-2 [AXAS]| < gt

where K = mazx[| —y+o+ 1], |y +o0—1]] <2.

Proof. Follows immediately the assumption that (X,S) € N(u,v) and Lemma
2.3, we can obtain

|Hy-12[AXAS]| < | XTV2PAXASX V2| < | XTV2PAXASX V2| -
< [ XTVPAXX TR XVPASX YA g
o lopr - X125 X122, _ nllopl — X125 X122
- 2(1 —y)u - 2(1 —y)%u
< nK?2u
T o2(1—9)*

Hence, the relation holds. n
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3. The predictor-corrector algorithm

In this section, we give the polynomial convergence analysis of a predictor-corrector
algorithm for SDP which is a director extension of the LP predictor-corrector al-
gorithm studied by Mizuno, Todd and Ye.

The algorithm considered in this subsection is as follows.

Algorithm-I

Choose constants 0 < 7 < 1/2 satisfying the conditions of Theorem 3.1 below.
let € € (0,1) and (X°, 5% € FO(P) x F°(D) and pug = X" @ S%/n be such that
(X°, 8% € Np(up,7) and set k = 0.

Repeat until p; < epg, do

(1) Compute the solution (AXE, AS%) of system (10), (11), (12)
with (X, S) = (X% S*) and fi = 0;

(2) Let o, = mazx{a €[0,1] : (X*(), S*(a)) € Np((1 — o), 27),
Va' € [0,a]}, where X*(a) = X* + aAXE, S*(a) = S* 4+ aASE;

(3) Let (X*,5%) = (X*, S%) + ap(AXE, ASE) and pyrq = (1 — o) i
(4) Compute the solution (AXE, ASE) of system (10), (11), (12)
with (X, 9) = (X*,5%) and fi = pg1;
(5) Set (X*+1, §k+1) = (X* §F) 4 (AXE, ASE):
(6) Increment k by 1.
End

The proof of the next lemma is straightforward and, therefore, we omit the
details.

Lemma 3.7 With the notations above, the following relations hold:
(1) Hy-12(X(a)Z(a)) = (1 — a)Hyx-12(XZ) + aypul + &*Hy12(AXAZ);
(2) pla) = (1 —a)pu+you

(3) Hx-12(X()Z(a)) — pla)] = (1 = @)[Hx-1/2(X Z) — pl] + arypul
+ 062HX—1/2(AXAZ>.

By Lemma 3.1, we can obtain that the improvement of the objective value depends
on the size of «, so we wish to bound « from below.

Theorem 3.1 With the notations above, we let
& = max{a € (0, 1], (X(a), Z(a)) € N(2n)},

then
2

> .

[oN




A NEW PREDICTOR-CORRECTOR ALGORITHM FOR SDP ... 13

Proof. Using Lemma 2.4, we have the following inequality:

[1H x=172(X (@) Z(@)) = () || 7

= (1= a)(Hx-12(XZ) = pI) + a® Hy-12(AXAZ) ||

SN = a)Hy-12(XZ = pl)|[p + 0| Hx-12(AXAZ)||p
< (L= a)np+ o[ Hx-12(AXAZ)| p.

We see that for

2

0<a< ;
14+ /14 16[Hy 1 :AXAZ ][

L — )+ 2| Hy-12 (AXAZ) |

[ Hx-12(X (@) Z(@)) = ple)][p < (
< 2n(1 — «).

This because the quadratic term in 6:
| Hx-12(AXAZ)/pl| p® +na =10 < 0

for o between zero and the root

2
1+ /1 4+ 16[[Hy-12(AXAZ)/p|[

Thus, ||Hy-1/2(X(0)Z(0)) — u(a)I]|r < 2n(1 — a)pu = 2nu(a), then we complete
the proof. -

Theorem 3.2 Algorithm-I terminates in at most O(y/nloge™") iterations.

Proof. The proof follows immediately from Theorem 3.2 and Lemma 2.7 and a
simple induction argument. .
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