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% Overview
*

Interior-point methods in mathematical programming have
been the largest and most dramatic area of research in
optfimization since the development of the simplex method. ..
Interior-point methods have permanently changed the
landscape of mathematical programming theory, practice and
computation. .. (Freund & Mizuno 1996).

Major impacts on
» The linear programming problem (LP)
» The quadratic programming problem (QP)
» The linear complementarity problem (LCP)
» The semi-definite programming problem (SDP)
» Some classes of convex programming problems

» Nonlinear Programming
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The linear programming problem

min ¢’ z s.t. Az =b, z > 0.

Dantzig (1947-1951): the simplex method

— good practical performance
— exponential worst case complexity  (Klee and Minty (1972))
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The linear programming problem

min ¢’ z s.t. Az =b, z > 0.

Dantzig (1947-1951): the simplex method
— good practical performance
— exponential worst case complexity  (Klee and Minty (1972))

Question: 1s (LP) solvable in polynomial fime?
(in ferms of: L = bitlength of data, and n = dim(x))
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The linear programming problem

min ¢’ z s.t. Az =b, z > 0.

Dantzig (1947-1951): the simplex method
— good practical performance
— exponential worst case complexity  (Klee and Minty (1972))

Question: 1s (LP) solvable in polynomial fime?
(in ferms of: L = bitlength of data, and n = dim(x))

Answer: YES! Khachyan 1979,
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The linear programming problem

min ¢’ z s.t. Az =b, z > 0.

Dantzig (1947-1951): the simplex method
— good practical performance
— exponential worst case complexity  (Klee and Minty (1972))

Question: 1s (LP) solvable in polynomial fime?
(in ferms of: L = bitlength of data, and n = dim(x))

Answer: YES! Khachyan 1979,

Proof: The ellipsoid method (an inferior point method)
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Complexity

umMBC ] O Intasior Point Methods in Large Neighborhoods of the Central Path: — p.4/3¢



Complexity

Khachyan (1979-1980): the ellipsoid method

— iteration complexity: O(n°L)

— computational complexity: O(n*L)

Note: Bad practical performance.

Observed complexity same as worst case complexity.
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Complexity

—_—

Khachyan (1979-1980): the ellipsoid method

— iteration complexity: O(n°L)

— computational complexity: O(n*L)

Note: Bad practical performance.

Observed complexity same as worst case complexity.

Karmarkar (1984): projective scaling

— iteration complexity: O(nL)

— computational complexity: O(n°°L)

Note: A variant of the algorithm implemented in KORBX (1989).
Practical performance better than theoretical complexity.
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Complexity

T —

Khachyan (1979-1980): the ellipsoid method

— iteration complexity: O(n°L)

— computational complexity: O(n*L)

Note: Bad practical performance.

Observed complexity same as worst case complexity.

Karmarkar (1984): projective scaling

— iteration complexity: O(nL)

— computational complexity: O(n°°L)

Note: A variant of the algorithm implemented in KORBX (1989).
Practical performance better than theoretical complexity.

State of the Art:

— iteration complexity: O(y/nL)

— computational complexity: O(n°L)
(Anstreicher (1999) O(-2- L))

logn

Note: Excellent software packages: CPLEX, LOQO, Mosek, OSL, PCx
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How is polynomiality proved?

Primal-dual algorithms:

Obtain a sequence of points with duality gap ux — 0.

Best complexity is obtained for path-following methods where (ux) is
Q-linearly convergent with Q-factor (1 — v/+/(n)):

/Lk+1§(1—V/\/ﬁ>/Lk, kZO,l,

or for potential reduction method where (uy) is R-linearly convergent
with R-factor (1 — ~v/y/n):

MRSX(l_V/\/ﬁ)ka kzovla

INn both cases we have
ue < € for k= 0(v/nlog("2))

If e < 272 then (2%, y", s*) can be rounded to an exact solution in O(n?)
arithmetic operations. Hence the O(y/nL)-iteration complexity.
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Superlinear convergence

Polynomidality is proved by showing that ux converges linearly. Efficient
algorithms have superlinear convergence:

,LLk;_|_1§Oék;,LLk;, k:(),l,..., Otk-—>0
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Superlinear convergence

Polynomidality is proved by showing that ux converges linearly. Efficient
algorithms have superlinear convergence:

,LLk;_|_1§Oék;,LLk;, kZO,l,..., Otk-—>0

Q-quadratic convergence: prr1 < o s
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Superlinear convergence

Polynomidality is proved by showing that ux converges linearly. Efficient
algorithms have superlinear convergence:

,LLk;_|_1§Oék;,LLk;, kIO,l,..., Otk-—>0

Q-quadratic convergence: prr1 < o s

superlinear convergence of Q-order w:  pg+1 < auy
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Superlinear convergence

Polynomidality is proved by showing that ux converges linearly. Efficient
algorithms have superlinear convergence:

P+l <o , K=0,1,..., ar — 0

Q-quadratic convergence: prs1 < o i
superlinear convergence of Q-order w:  pg+1 < auy

» Zhang, Tapia and Dennis (1992): sufficient conditions for superlinear
convergence for path-following methods for LP;

» Zhang, Tapia and P (1993): generalization for QP and LCP;

» Ye, Guler, Tapia and Zhang (1993): The Mizuno-Todd-Ye
predictor-corrector method has O(y/nL) complexity and
Q-quadratic convergence under general conditions;

» Ye and Anstreicher (1993): generalization for LCP under strict
complementarity.
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Benefits of superlinear convergence

» Convergence is faster than indicated by worst case complexity.

» The condition of the linear systems to be solved at each iteration
wOorsens as ux decreases. Superlinearly convergent algorithms need
only a couple of iterations with small pu.
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Benefits of superlinear convergence

» Convergence is faster than indicated by worst case complexity.

» The condition of the linear systems to be solved at each iteration
wOorsens as ux decreases. Superlinearly convergent algorithms need
only a couple of iterations with small pu.

Superlinear convergence vs. finite termination

Mehrotra and Ye (1993): if ux is small enough then a projection can be
used to find the exact solufion. Does superlinear convergence set in
(much) before such a projection works?
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Benefits of superlinear convergence

» Convergence is faster than indicated by worst case complexity.

» The condition of the linear systems to be solved at each iteration

wOorsens as ux decreases. Superlinearly convergent algorithms need
only a couple of iterations with small pu.

Superlinear convergence vs. finite termination

Mehrotra and Ye (1993): if ux is small enough then a projection can be
used to find the exact solufion. Does superlinear convergence set in
(much) before such a projection works?

Superlinear convergence is even more important for SDP since:
» Nno analogous of simplex
» interior point methods — the only efficient solvers
» no finife fermination schemes

» condition of linear systems is more crifical
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Convergence of the iterafes

i — 0. Is the sequence of iterates convergent?
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Convergence of the iterates

i — 0. Is the sequence of iterates convergent?

» Tapia, Zhang and Ye (1995): sufficient conditions for convergence of
iterates. Can they be satisfied with preservation of polynomial
complexity?

» Gonzaga and Tapia (1997): the iterates of MTY converge to the
analyfic center of the solution set.
MTY: 2 matrix factorizations + 2 backsolves, Q(ux) = 2.
simplified MTY: asymptotically one factorization + 2 backsolves,;
the iterates converge but not to the analyfic cenfter.

» Bonnans and Gonzaga (1996) Bonnans and P (1997): General
Convergence Theory

» P (2001): established superlinear convergence of the iterates for
several inferior point methods.
The simplified MTY is Q-quadratically convergent.
MTY appears not 1o be Q-superlinearly convergent.
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Worst case vs. probabilistic analysis

The simplex method has exponential worst case complexity but has
good practical performance. Why?
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Worst case vs. probabilistic analysis

The simplex method has exponential worst case complexity but has
good practical performance. Why?

The expected number of pivotsis O(n?) !

(Adler, Borgwardt, Megiddo, Shamir, Smale, Todd; See Shamir(1992))
This is a strongly polynomial probbabilistic complexity result
(no dependence on L).

Are there corresponding results for interior point methods?
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Worst case vs. probabilistic analysis

The simplex method has exponential worst case complexity but has
good practical performance. Why?
The expected number of pivotsis O(n?) !

(Adler, Borgwardt, Megiddo, Shamir, Smale, Todd; See Shamir(1992))
This is a strongly polynomial probbabilistic complexity result
(no dependence on L).

Are there corresponding results for interior point methods?

Anstreicher, Ji, P and Ye (1999): The expected value of the number of
iterations needed for an infeasible start interior point method of MTY
fype to find an exact solufion of the LP or o determine that the LP is

infeasible is at most O(y/nlnn) |
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Worst case vs. probabilistic analysis

The simplex method has exponential worst case complexity but has
good practical performance. Why?

The expected number of pivotsis O(n?) !

(Adler, Borgwardt, Megiddo, Shamir, Smale, Todd; See Shamir(1992))
This is a strongly polynomial probbabilistic complexity result
(no dependence on L).

Are there corresponding results for interior point methods?

Anstreicher, Ji, P and Ye (1999): The expected value of the number of
iterations needed for an infeasible start interior point method of MTY
fype to find an exact solufion of the LP or o determine that the LP is

infeasible is at most O(y/nlnn) |

Numerical experience with a very large number of problems show that
interior point methods need 30-50 iterations to convergence. Can the
above probabilistic results be improved?

Polylog probabilistic complexity?
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Wide neighborhoods of the central path

Primnal-dual path-following algorithms acting in wide neighbborhoods of
the central path are the most efficient inferior point methods.
Paradoxically the best complexity results were obtained for algorithms
acting in narrow neighlborhoods.

Recent work closes this gap (R, Math. Prog. 2003).
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Wide neighborhoods of the central path

Primnal-dual path-following algorithms acting in wide neighbborhoods of
the central path are the most efficient inferior point methods.
Paradoxically the best complexity results were obtained for algorithms
acting in narrow neighlborhoods.

Recent work closes this gap (R, Math. Prog. 2003).

The horizontal linear complementarity problem (HLCP)

rs = 0
Qr+Rs = b
x,s > 0.
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Wide neighborhoods of the central path

Primnal-dual path-following algorithms acting in wide neighbborhoods of
the central path are the most efficient inferior point methods.
Paradoxically the best complexity results were obtained for algorithms
acting in narrow neighlborhoods.

Recent work closes this gap (R, Math. Prog. 2003).

The horizontal linear complementarity problem (HLCP)

rs = 0
Qr+Rs = b
x,s > 0.

HLCP is monotone iff Qu + Rv = 0 = v’ v > 0,Vu,v € IR™.
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Wide neighborhoods of the central path

Primnal-dual path-following algorithms acting in wide neighbborhoods of
the central path are the most efficient inferior point methods.
Paradoxically the best complexity results were obtained for algorithms
acting in narrow neighlborhoods.

Recent work closes this gap (R, Math. Prog. 2003).

The horizontal linear complementarity problem (HLCP)

rs = 0
Qr+Rs = b
x,s > 0.

HLCP is monotone iff Qu + Rv = 0 = v’ v > 0,Vu,v € IR™.

HLCP is skew-symmetric iff Qu + Rv =0 = u' v = 0,Vu,v € R".
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Wide neighborhoods of the central path

Primnal-dual path-following algorithms acting in wide neighbborhoods of
the central path are the most efficient inferior point methods.
Paradoxically the best complexity results were obtained for algorithms
acting in narrow neighlborhoods.

Recent work closes this gap (R, Math. Prog. 2003).

The horizontal linear complementarity problem (HLCP)

rs = 0
Qr+Rs = b
x,s > 0.

HLCP is monotone iff Qu + Rv = 0 = v’ v > 0,Vu,v € IR™.
HLCP is skew-symmetric iff Qu + Rv =0 = u' v = 0,Vu,v € R".

QP reduces to a monotone HLPC. LP reduces to a skew-symmetric HLCR
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The Central Pafh

The set of all feasible points is denoted by
F={z=[x,s| € R : Qz+ Rs=b},
where [z, s | denotes the vector [z', s7]". If the relative interior of F,
F =7 () Ry

is not empty, then the nonlinear system,

_[ IS —TE -‘_
Frle) = | Qr+Rs—b | -0

has a unigue positive solution for any = > 0. The set of all such solufions
defines the central path C of the HLCR i.e.,

C={ze€ R : F(2)=0,7>0}.
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Cenftral Path Neighborhoods

Proximity measures:

2= | iy , =2 -5 n
sne) = | |22 ]Hw () = 2

Corresponding neighborhoods:
No(a) ={z€ F° : 82(2) < a},

Noo(a) ={z e F° : d0(z) < al,
./\/'O:)(oz)z{zefo D 0o (2) <}

Relation between neighborhoods:

Na(a) C Noo(@) C N(a), and lim N (a) = F.

all
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First order predictor

Input: z € D(B) ={z € F° : s> Bu(z)} = No(1 - 3).
2(0) =z + 6w,

where
w=[u,v]|=—Fz)""Fo(z)

is the Newton direction of Fy af z (the affine scaling direction), i.e.,

su—+xv = —x8
Qu+ Rv = 0.
2 (1-5)

T = At VAl —Bmt )+

6 =argmin{u(9) : z(6) e D(1 —~)B) } ,
Output: z = z(0) € D((1 —~)3) .
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First order corrector

Inout: z € D((1 —v)p).

where
w=[7,5]|=-F,%2) Fu.z2)),
.|.

is The centering direction e,
su+Tv = u(z)—7Ts
Qu+Rv = 0.

Output: z* =z(0+) € D(B).

First order predictor—corrector
Input: z € D(B), Output: z+ € D(

).
Iterative algorithm: Given 2° € D(p3).

Fork=0,1,...0 2« 2" 2P — 2t e — p(zh), k—Ek+1.

UMBC > ) Interier Point Methods in Large Neighborhoods of the Central Path: — p.14/3¢



% Convergence results
il

Theorem If HLCP is monotone then the algorithm is well defined and

Hin < (129”1@5)% k=0,1,...

16(n + 2)

Corollary O(nL)-iteration complexity.

Theorem If the HLCP has a strictly complementary solufion, then the
sequence {ux} generated by Algorithm 1 converges quadratically fo
zero in the sense that

prr1 = O(ui) -

Comments: Same complexity as Gonzaga (1999) plus quadratic con-
vergence. In Gonzaga’s algorithm a predictor is followed by an apriori
unknown number of correctors. The complexity result is proved by show-
ing that the tfotal number of correctors is at most O(nL). The structure
of Gonzaga'’s algorithm makes it very difficult o analyze the asymptotic
convergence properties of the duality gap. No superlinear convergence
results have been obtained so far for his method.
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A higher order predictor

Input: z € D(B).
2(0) = z + Zwiﬁi :
=1
where w' = [*, v" | are given by

sul -+ vl = —xs
Qu' + Rv' =0

(one factorization + m backsolves ,0(n?) + m O(n?) arith. operations)

6 = argmin {u(8) : =(8) € D((1 —7)B)} -

Output:z = 2(8) € D((1 —~)B).
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The higher order predictor corrector

Given z° € D(B).
Fork=0,1,...

z — 2"

Obtain z by the higher order predictor;
Obtain z* by the first order corrector;
2 Z+7 HE4+1 < ,LL(Z+), k—k+1

Theorem If HLCP is monotone then the algorithm is well defined and

1—.16\/33\’1_6)

Pl S \/ﬁm—k\l/m pre, k=0,1,...

Corollary O (nl/ 2+1/ (m“)L) -iteration complexity.

Corollary If m = O([(n + 2)* — 1]), then O (y/nL) -iteration complexity.

UMBC > ) Interier Point Methods in Large Neighborhoods of the Central Path: — p.17/3¢



The higher order predictor corrector

Given z° € D(B).
Fork=0,1,...

z — 2"

Obtain z by the higher order predictor;
Obtain z* by the first order corrector;
2 Z+7 HE4+1 < ,LL(Z+), k—k+1

Theorem If HLCP is monotone then the algorithm is well defined and

1—.16\/33\’1_6)

Pl S \/ﬁm—k\l/m pre, k=0,1,...

Corollary O (nl/ 2+1/ (m“)L) -iteration complexity.

Corollary If m = O([(n + 2)* — 1]), then O (y/nL) -iteration complexity.

limn(1/™") = 1, n(t/m) < el/(we) wn,
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The higher order predictor corrector — confinued

Theorem \We have

pryr = Ot , if HLCP is nondegenerate |

and

prrr = O(u{™ /%) it HLCP is degenerate .

Conclusion The first algorithm with O (y/nL) -iteration complexity and
superlinear convergence for degenerate LCP in the wide neighlbborhood
of the central path.

Remark If we take w = 0.1 then the values of m = [(n + 2)* — 1],
correspondington = 10°, n = 107, n = 10%, and n = 10° are 3, 5, 6, and 7
respectively. This corresponds with efficient practical implementation of
interior point methods where the same factorization is used from 3 to 7
fimes.
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The higher order predictor corrector — confinued

Theorem \We have

pryr = Ot , if HLCP is nondegenerate |

and

prrr = O(u{™ /%) it HLCP is degenerate .

Conclusion The first algorithm with O (y/nL) -iteration complexity and
superlinear convergence for degenerate LCP in the wide neighlbborhood
of the central path.

Remark If we take w = 0.1 then the values of m = [(n + 2)* — 1],
correspondington = 10°, n = 107, n = 10%, and n = 10° are 3, 5, 6, and 7
respectively. This corresponds with efficient practical implementation of
interior point methods where the same factorization is used from 3 to 7
fimes.
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Classical Predictor-Corrector Methods

X282

central path
predigtor

L Dea)

D)

X151

A classical predictor-corrector method operates in fwo neighlbborhoods
of the central path. At each iteration, a predictor step is used to de-
crease the duality gap while keeping the point inside the outer neighbor-
hood; a corrector step then follows to increase the cenftrality by bringing
the iterated point back into the inner neightbornood.
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4 Qur Corrector-Predictor Method
*

r £
X252/  corrector

\ central path

predictor

. Dwp)

X151

Our corrector-predictor method (P, 2004) operates in one wide
neighborhood D(3) of the central path. At each iteration, a corrector
step is used to increase the cenftrality and optimality simultaneously.
After the corrector step we obtain z € D(8.), where 5. > 3 varies from
iteration to iteration. A predictor step then follows o increase the
optimality while keeping the result point in D(3).

Since only one neighborhood is used we can extend to sufficient HLCP.
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P.(k) and P, HLCP

» P.(x) HLCP k > 0:

Qu+ Rv=0= (1+4k) U;v; + u;v; > 0, forany u,v € IR"”
i€Zt+ €T

where 7+ = {i : u;v; >0}, I~ = {i:uw; <0}, Vu,v e R™.
If the above conditfion is satisfied we say that (Q, R) is a P.(x) pair.

» Monotone HLCP is a special case of P, (k) HLCP with x = 0.
» P, HLCP:
P* — U,izop*(lﬁ)) ,

in which case (Q, R) is called a P. pair.
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Sufficient Maftrices and Sufficient LCP

» Amatrix M € R**" is called
» column sufficient, if z;(Mz); < 0forall i = z;(Mz);, = 0 for all ¢
» row sufficient, if its tfranspose is column sufficient;
» sufficient, if it is both column and row sufficient.

» Mis column sufficient iff for each ¢ € R™, the LCP(q, M) has a
(possibly empty) convex solution set.

» Mis row sufficient iff for each g € R", if (x,u) is a KKT pair of the
quadratic program

min, z'(Mzx + q)
st. Mzx+q>0
x>0,
then x solves LC'P(q, M).

» (Vdliaho, 1996) "P.—matrices are just sufficient”.
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Sufficient Pairs and Sufficient HLCP

» & = Null(|Q R)). The pair (Q, R) is called

» column sufficient, if V[ u, v | € &, uyv; <0 = uv; =0;
» row sufficient, if V[ u, v | € -, ujv; > 0 = uv; = 0;
» sufficient, if the pair is both column and row sufficient;

where [u, v | denotes the vector [u*, v!]?!.

» For an HLCR the following statements are equivalent:

» ITisa P, HLCP;
» Itis a sufficient HLCP;
» Its solution set is convex and every KKT point of

MiNg s z!'s
s.t. Qr+ Rs=1b
x,s >0

is a solution of the HLCP
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Interior Point Methods for P, (k) and sufficient LCP

» Methods Using Small Neighborhoods

» (Kojima et. al., 1991) Potential reduction algorithm for solving
sufficient LCP O((1 + k)+/nL) iteration complexity, no superlinear
convergence.,

» (Miao, 1995) Generalization of MTY 1o P.(k) LCE O((1 4+ k)v/nL)
iteration complexity and quadratic convergence (under the
non-degeneracy assumption). The algorithm depends on «.

» (R and Sheng, 1997) Generalization of MTY to sufficient LCP

O((1 + k)4/nL) iteration complexity and superlinear convergence
(even in degenerate case). The algorithm does not depend on k.
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Interior Point Methods for P, (k) and sufficient LCP

» Methods Using Wide Neighborhoods

» (Stoer, Wechs, Mizuno, 1998) High order methods for sufficient
HLCR Superlinear convergence even in the degenerate case.

» (Stoer, Wechs, 1998) O((1 + k)y/nL) iteration complexity in the
small neighborhood of the central path.

» (Stoer, 2001) Superlinear convergence in the large neighborhood
of the central path. No complexity.

» (Liu and P, 20085) A corrector-predictor method for sufficient HLCP

in a wide neighborhood D(3) of the central path.

» It has O((1 + k)/nL) iteration complexity;

» Itis superlinearly convergent (even in the degenerate case);

» It does not depend on k, so that it can be used for sufficient
HLCP

» The cost of implementing one iteration of our algorithm is O(n?)
arithmetic operations.
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4 Extensions
il

» Convex Programming (Nesterov and Nemirovskii)
» self concordant barrier
» universal barrier exists but Nno explicit expression

» LP and LCP over cones (Nesterov, Todd, ...)

» relation to Jordan algebras (Guler, Faybusovich)

» infinite dimensional problems (Faybusovich, Ulbrich, Heinkenschloss)
» “cone-free” (Nemirovskii and Tuncel)

» nonlinear programming (Nocedal, Vanderbei, Waechter IPOPT)
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Semidefinite programming (SDP)

(Primail)
mMinimize CeX
subject to A;e X =b;,i=1,...,m, X = 0.

(Dual)

maximize by

subject to : yAi + S =C, S > 0.

=1

data: C, A;, -n x n symmetric matrices; b = (b1,...,bm)" € R™.

primal variable: X, symmetric & p.s.d.
dual variables: y € R™, S, symmetric & p.s.d.
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SDP central path

The primal-dual SDP system:

AZ‘OXZbi, izl,...,m,
viAi + 5 =C,
1=1

XS=0, X>0, S>0.
The primal-dual SDP central path:

AZ‘OX:bZ‘, izl,...,m,
yiA, + 5 =C,
1=1

XS=ul, X=0, S=0.

Problem: On the cenfral path XS = SX, but this is not frue outside the
central path.
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Search directions

MZ search direction (AX, Ay, AS):

Hp(XAS+AXS)=oul — Hp(XS),
Az‘OAX:Tz', izl,...,m,

1=1
Symmetrization operator;
Hp(M)= (PMP ' +[PMP '")/2.

P=1: AHO
P = §'%: HKM (HRVW/KSH/M)
Psuch that PTP = X~ 1/2[x1/25x1/211/2 x=1/2 . NT

Twenty search directions are analyzed and tested by Todd (1999)
MTY with some directions has O(y/n In(eg/€) iteration complexity.
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Superlinear Convergence for SDP

Kojima, Shida and Shindoh (1998): MTY predictor-corrector with HKM
search direction has superlinear convergence if;

(A) SDP has a strictly complementary solution;
(B) SDP is nondegenerate (nonsingular Jacobian)

(C) the iterates converge tangentially to the central path in the sense
that the size of the neighbbornood containing the iterates must
approach zero, namely,

H(Xk)1/2skz(Xk)1/2 — (X" Sk/n)IHF

Xk o Sk 0

Assumption (B) and (C) not required for LP
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Superlinear Convergence for SDP — confinued

P and Sheng (1998): Superlinear convergence + polynomiality if

(A) SDP has a strictly complementary solution;

k ok
®) X557 o
vV Xk e Sk

» Note that (B) and (C) implies (D).

» Both (C) and (D) can be enforced by the algorithm; practical
efficiency of such an approach is questionable. |

» fseveral corrector steps are used the algorithm has polynomial
complexity and is superlinearly convergent under assumption (A)
only.

» MTY with KHM direction for predictor and AHO direction for
corrector, has polynomial complexity and superlinear convergence
of Q-order 1.5 under (A) and (B).

UuMBC > ) Interier Point Methods in Large Neighborhoods of the Central Path: — p.32/3¢



Superlinear Convergence for SDP — wanfed

Kojima, Shida and Shindoh (1998):

» example suggesting that interior point algorithms for SDP based on
the KHM are unlikely to be superlinearly convergent without(C).

» MTY with AHO is quadratically convergent under (A). Global
convergence, butf no polynomial complexity.

Ji, P and Sheng (1999): MTY using the MZ-family.
» polynomial complexity (Monteiro).
» (A) + (D)= superlinear convergence.

» (A) + (B) + scaling maftrices in the corrector step have bounded
condition number = Q-order 1.5 .

» (A) + (B) + scaling matrices in both predictor and corrector step
have bounded condition number = Q-quadratic convergence.
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Superlinear Convergence for SDP — wanfed

—_—

Kojima, Shida and Shindoh (1998):

» example suggesting that interior point algorithms for SDP based on
the KHM are unlikely to be superlinearly convergent without(C).

» MTY with AHO is quadratically convergent under (A). Global
convergence, butf no polynomial complexity.

Ji, P and Sheng (1999): MTY using the MZ-family.
» polynomial complexity (Monteiro).
» (A) + (D)= superlinear convergence.

» (A) + (B) + scaling maftrices in the corrector step have bounded
condition number = Q-order 1.5 .

» (A) + (B) + scaling matrices in both predictor and corrector step
have bounded condition number = Q-quadratic convergence.

WANTED: A superlinearly convergent algorithm with O(y/nIn(eo/€)) iter-

ation complexity in a wide neighborhood of the cenftral path.
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