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Abstract

We present a survey of nondifferentiable optimization problems and methods with
special focus on the analytic center cutting plane method. We propose a self-contained
convergence analysis, that uses the formalism of the theory of self-concordant functions,
but for the main results, we give direct proofs based on the properties of the logarithmic
function. We also provide an in depth analysis of two extensions that are very relevant
to practical problems: the case of multiple cuts and the case of deep cuts.

We further examine extensions to problems including feasible sets partially de-
scribed by an explicit barrier function, and to the case of nonlinear cuts. Finally, we
review several implementation issues and discuss some applications.

Keywords: Nondifferentiable optimization, Analytic center, Cutting Plane Methods.

Résumé

Nous présentons un survol de l'optimisation non différentiable et des méthodes
qui permettent de résoudre ces problemes, en nous concentrant sur la méthode des
plans coupants par centres analytiques. Nous décrivons une analyse de convergence
qui utilise la théorie de autoconcordance dans le cas simple de la fonction barriere
logarithmique. Les cas de coupes multiples et de coupes profondes sont discutés.

Nous étudions aussi les cas d’ensembles de solution définis par une fonction barriere,
et de coupes nonlinéaires. Nous passons en revue 'implantation et plusieurs applica-
tions de cette nouvelle méthode.
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1 Introduction

In a famous example, Wolfe [87] showed that standard optimization methods fail to solve
a simple convex nondifferentiable optimization problem. Since nondifferentiable problems
often arise as the result of some mathematical transformation —e.g., Lagrangian relaxation
or Benders decomposition— of an originally large, and perhaps intractable, problem, there
is a definite need for efficient methods. This inspired and gave rise to a significant and
sophisticated literature. Our goal is to review this field, with a special focus on a cutting
plane method based on the concept of analytical centers.

Convex nondifferentiable optimization can be characterized by the nature of the in-
formation, which can be collected and used in the design of algorithms. Essentially, one
has to replace differential by subdifferential calculus. At a test point, one can compute
subgradients of functions, i.e., supports to the epigraphs, and linear separators between
the point and the feasible set. One often calls oracle the mechanism that computes the
cutting planes. Given a sequence of trial points, the oracle produces cutting planes that
provide a polyhedral outer approximation of the problem. The main issue in the design of
algorithms is to make a clever use of this information to construct trial points.

Many methods exist. Some use part of the information (e.g., the most recently gen-
erated cutting planes), some use all of it. We shall provide a brief survey of the main
approaches. A linear approximation often turns out to be a very poor representation of
underlying nonlinearities. Cutting plane algorithms face the risk of choosing trial points,
which look attractive with respect to the polyhedral approximation, but turn out to be
almost irrelevant for the original problem. Therefore, most methods propose a regularizing
mechanism. Methods of centers exploit this idea: centers are less sensitive to the intro-
duction of cutting planes than are the extreme points of the polyhedral approximation.

Among many possible centers, the analytic center of a polytope has a number of ad-
vantages. The analytic center is an analytic function of the data describing the polytope,
and thus its sensitivity to changes in this data is highly predictable. Furthermore, interior
point methods offer highly efficient and robust methods to compute these centers. The an-
alytic center cutting plane method (ACCPM) has been built on that principle. The theory
underlying the method has been studied in depth by several authors, who provided com-
plexity estimates for the basic method and for several of its enhancements. The method
has been implemented; it has been also applied with success to a wide variety of problems.
Our intent here is to collect many results and put them in a unified format to give the
reader a general perspective on the theoretical and practical properties of the method.

The paper is organized as follows. In Section 2, we review the best-known sources
of nondifferentiable optimization problems. In Section 3, we present the most prominent
methods for solving them. In Section 4, we analyze the basic version of ACCPM, in the
context of a convex feasibility problem, endowed with an oracle producing one central cut
at a time. The analytic center is associated with the logarithmic barrier, and the analysis
relies very much on the properties of this function. The more general class of self-concordant
functions shares many properties of the logarithmic function: it can be used to define more
general analytic center cutting plane methods. Our presentation of the method does not
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apply this larger class. Although we focus on the logarithmic barrier, we used formulations
that can be extended to self-concordant functions, making it easy to establish links with
more recent developments. In Section 5, we review two extensions that are very relevant
in practice: the case of multiple cuts and deep cuts. We further examine extensions to
problems involving feasible sets partially described by an explicit barrier function, and to
the case of nonlinear cuts. Finally, in Section 6, we discuss implementation issues, and
briefly mention some applications.

Throughout the paper we use notation that is becoming more or less standard in the
field of interior point methods.

The vector of all ones is denoted e = (1,...1)T. To a given a vector x, we associate the
diagonal matrix X = diag(z). It is often necessary to take the component-wise product of
two vectors. This is the so-called Hadamard product, which we denote

s = St =5Xe = Xs = Tes.
The scalar product between vectors a and b is denoted (a,b). We may thus write
(a,b) = (asb, €).
Given a positive definite matrix H, we define the norm associated with it by
lall = (Ha,a).

If F: R" — R is a twice differentiable function, we denote its gradient as F’ and its
Hessian as F".

In presenting complexity estimates, we use the traditional notation O(.), “order of”.
In some results, the bound on the number of iterations is the solution of a complicated
equation, with no closed form solution. We use the notation O*(.) to denote the dependance
of the dominant terms in the solution.
2 Sources of nondifferentiable problems
2.1 Lagrangian relaxation
The problem under investigation is

min {f(z) | h(z) <0,z € X},

where f is convex and h is a vector-valued convex function, while the set X is arbitrary,
and may, for instance, include integrality restrictions.

The standard Lagrangian is
L(z,u) = f(z) + (u, h(z)),

where u is the vector of Lagrange multipliers or dual variables.
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The weak duality relationship

min max L(z,u) > maxmin L(z,u),
zeX u>0 u>0 zeX

holds under no assumptions (the convexity of f and g is not even necessary). The left-hand
side of the equation is the optimal value of the original problem, that is:

. o < .
grcrél)l(lrilga(L(x,u) min {f(z) | h(z) <0,z € X}

The dual function L(u) = mingex L(z,u) is a concave nondifferentiable function, taking
values in the extended reals. The dual problem max,>o L(u) always provides a lower bound
on the original problem. If X is convex and classical regularity conditions are satisfied, the
optimal value of the dual problem equals the optimal value of the original problem. If X
is finite then L(u) is a piecewise linear function, but the number of pieces is likely to be
exponential.

The key observation is that if # € X is such that L(u) = L(z,u), then L(u) satisfies
the subgradient inequality

L(u) < L(a) + (h(z),u — u), Yu > 0.

The Lagrangian relaxation is attractive if the problem mingc x L(z,u) is easy to solve
and u is of moderate size. A typical situation where this property holds is when X is a
Cartesian product and L(z,u) is separable on this product space. The case where X is
not convex, as, for instance, including integrality constraints, has led to a host of very
successful applications. See, for instance, Held and Karp [43, 44] in their solution to the
travelling salesman problem, Graves [42] in hierarchical planning, Geoffrion [29], Shapiro
[78] and Fisher [24].

2.2 Dantzig-Wolfe column generation

Let f(z) = (¢,z) and g(x) = Az — b, and assume that X = {z : Dz < d}. X can be
represented by the convex hull of its extreme points {z* : k € I} plus the conic hull of its
extreme rays {z* : k € J}.

This allows us to express the problem as the following program:

: k
min Z Ai(c, z")

keluJ
st Y MAs® <b,
kelug (2.1)
> oa=1,
kel

A >0 forall ke ITU J.
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The dual of (2.1) is:

x
|
>
~

IIZI?JIX u
s.t. z < (¢, %) + (u, Az*) for all k € I, (2.2)
0 < (¢, z%) + (u, Az*) for all k € J, (2.3)
u > 0.

The cardinality of I and J is likely to be exponential.

Dantzig-Wolfe decomposition [13, 14, 25] is directly related to Lagrangian relaxation.
Let L(u) be the dual function:

L(u) = II}Bin{(c,x) + (u, Az — b) | Dz < d},

where v > 0 is a vector of Lagrange multipliers. Clearly, the so-called optimality con-
straints (2.2) define a set of extreme supports for L(u). (Any support of L at u € dom L
is a convex combination of the extreme supports.) Similarly, the so-called feasibility con-
straints (2.3) define an envelope of dom L.

Dantzig—Wolfe decomposition is thus equivalent to Lagrangian relaxation. It can also
be extended to the case of X not convex, for instance by including integrality restrictions,
as in first outlined in Gilmore and Gomory [30, 31].

2.3 Benders decomposition
Benders decomposition [7] deals with the problem
min  f(z) + g(y)

h(z) + k(y)

<0,
€ X, y€ey,

where X C R" is an arbitrary set, Y C RP isconvex, f: X — Rand g : Y — R are convex,
h: R" — R™ is convex and k : Y — R™ is convex. Finally, for the sake of simplicity, we
assume that g, h and k are continuously differentiable. Let us introduce the function

Q(z) =min { g(y) | k(y) < —h(z), y€Y}. (2.4)

() may take infinite values, is convex and usually nondifferentiable.

If we assume that the problem defining ) has a finite optimum and satisfies the usual
regularity conditions, then, if @ is an optimal multiplier in the definition of @,

Q(z) > Q) + (Dh(z) 4,z — ), Yz € X,

where, Dh(Z) is the Jacobian of h at .

The equivalent nondifferentiable problem, under the assumption that @ is finite, is
mingex{f(z) + Q(z)}, where the value of @ and of one subgradient is computed by the
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solution of (2.4). Feasibility cuts are introduced to account for the x values for which the
Problem (2.4) is infeasible. A complete description is given in [85] in the case of stochastic
linear programming.

Benders decomposition can also be used in the case where X is not convex, in particular
the set of integers. But this does not fall within the context of this paper as the master
problem formulation is a nondifferentiable optimization problem with integer constraints.

2.4 L, optimization

The Ly-norm is defined as ||z, = (37, |z;|P)'/P, with 1 < p < co. The case p = oo is
defined by ||#||cc = maxj—i,.n |z;|. The case p = 2 corresponds to the standard Euclidean
norm.

The L, approximation problem is defined as

win f(z),

where

fla) =Y will Aix = bill,
=1

and the w;’s are positive weights.

A specific example would be the weighted single facility location problem, also known
as the Fermat—Weber problem [86], with

flz) =" willz = billy,
1=1

where x is the location of a new facility and b; represent the existing facilities.

Extensions to multiple facilities would be described as

f(z) = > wil|l2* — |, + > wiil|2* — B[],

k=1,...,q; I=1,...,q i=1,....,m; k=1...,q

where the n-dimensional vectors (a:k) k=1,...,q Tepresent the new facilities. Convex constraints
on the facility locations could be added.

In each of these cases the function f(z) is convex and nondifferentiable, and the com-
putation of f(z) and a subgradient g(z) is quite easy.

Some of the L, problems can be solved directly by interior point methods. It is shown
in [70] that there exist self-concordant barriers for inequalities of the type ¢; > |z;|P, with
p > 1. Whenever the formulation allows replacing the L, norm by their p-th power, the
problem can be solved by interior point methods. This remark does not apply to functions
that are convex combinations of L, norms, with an exception for the case p = 2. Then
the so—calleince—cream cone inequality ¢ > ||z|| is endowed with the self-concordant barrier
log(t* — [|=[|).
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2.5 Variational inequalities

Let H(z) be a multi-valued monotone operator defined on a compact convex set Q C R".
The strong formulation of the variational inequality problem is

find z* € Q and h, € H(z") : (hy,2* —2) <0, Vz € Q.

The strong formulation raises issues about existence of solutions and computational schemes.
For these reasons, one may prefer the weak formulation

find z* € Q : (hy, 2" —z) <0,Vz € Q, hy € H(x).

Since H is monotone, any strong solution is a weak solution. The converse is not true
in general. However, a sufficient condition for it is that H be either single-valued and
continuous, or multi-valued and maximal monotone [57, 70].

Let X, be the set of solutions for the weak formulation of the VI problem. This set
can be conveniently represented by means of the so-called “gap” function [4],

o(r) = m;}x{(hu,x —u) |u€Q, hy € H(u)}.

The gap function is convex and continuous, but nondifferentiable. Clearly, p(z) > 0, and
o(x) = 0 if and only if z € X . However, p(z) is defined as the optimal value of a
nonconvex problem: explicit values cannot be computed, and of course, no subgradient is
available. However, one can easily construct a separating plane in the horizontal space x.
Indeed, given x = T € Q and h; € H(Z), the cut

(hirax_*fz‘> Soa $EQ
defines a subset of () containing the solution set X .

2.6 Semi-infinite programming

Semi-infinite programs pertain to the class of problems
min { f(z) | g(z,1) 0, tET},

where f and g convex in z, and T is a set of infinite or exponential cardinality.

The oracle at the point Z finds a point ¢ € T such that g(Z,¢) > 0, and generates the
cut g(Z,t) + (¢, (z,t),z — ) < 0. The cut might be computed by solving max;cr ¢(Z, t).
This is often achieved by dynamic programming (for example in the cutting stock problem
[30, 31]), or by global optimization.

2.7 Linear matrix inequalities and eigenvalue optimization

The linear matrix inequality problem (LMI) [9, 10] attempts to find a solution to the
problem A(z) = Ao+, , z;A; = 0, where (4;)i=o,....n are symmetric K x K real matrices,
(wi)izlym,n are scalars and the symbol “>” represents an ordering on the cone of symmetric
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real matrices, i.e., A = B means that the symmetric matrix A — B is positive semi-definite.
The solution set S = {z | A(z) = 0} of our problem of interest can be stated differently as
S ={xz | (A(z)h,h) >0,V h € RK}.

The condition A(z) > 0 can conveniently be described by means of the eigenvalues.
Assume, for simplicity, that at a given x, an eigenvalue decomposition of A(z) has been
computed and let (A\;);=1,..x be the set of eigenvalues. The matrix A(z) can be written

Alz) = VAVT = Z)\kvkvk,

where A = Diag(Ag)r=1,.,k is the diagonal matrices of eigenvalues and (vy)p=1,.. K is a
set of unit orthogonal eigenvectors of A(x). It is well-known that A(z) > 0 if and only if
Amin = minj<g{A;} > 0. The constraint A(z) > 0 is equivalent to A\, (A(z)) > 0.

Given an arbitrary x, define the vector

K
B o [1 ifa<o,
o ; Okvk, with o = { 0 otherwise.

Clearly, h = 0 if x € S; else, (A(z)h(x),h(x)) < 0. If h # 0, we can construct the valid cut

(A(2)h(z), h(z)) = (Aoh(z ) + Zz, (Aih(z),h(z)) >0,V z € S.

Alternative methods using the interior point framework, and the theory of self-concordant
functions or barriers on the cone of positive semi—definite matrices, have been used with
significant success [10]. The comparative efficiency of the nondifferentiable optimization
schemes reviewed in this paper is still to be tested.

3 Review of existing methods

3.1 Canonical formulations

3.1.1 Optimization. The generic optimization problem amenable to a cutting plane
approach is given by:
min {f(z) |z € C},

where C' is a simple bounded set, such as a cube, or possibly a sphere. The case of a cube
would lead to the use of linear programming, while a sphere requires the use of quadratic
programming.

The convex function f is described by a supporting oracle, that is: for every z € C
a subroutine returns the value f(z) and an arbitrary element g(z) of the subdifferential
Of (z) of f at z.

The subgradient inequality implies by convexity that the set

{(z,2) | /(2) + {9(7),2 —7) < 2 < f(7)}
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contains the optimal set in the space of the epigraph, while the set

{z|(9(2),z —7) <0}
contains the optimal points in the horizontal space of the variable x.

3.1.2 Feasibility. The generic feasibility formulation attempts to compute a point in a
set S, where S is contained in a bounded set C, say a cube, and is assumed to contain an
interior. The set S is defined by a separation oracle which for every & € C returns either
a statement that z is feasible, or a vector ¢g(z) which separates the point z from the set .S,
ie.

S Ciz|(yg(z),z —z) <0}

We shall refer to this as a pure separation feasibility problem. To discuss complexity, we
will assume that a sphere of radius € is contained in S.

A strict separation occurs if there is a negative scalar v such that
S iz | (g9(z),z — ) <~}

In many practical cases the set S is defined by the functional constraint, S = {z |
h(z) < 0}, where h is a convex function. A separator at Z ¢ S, i.e., h(Z) > 0, obtains by
considering taking any element g(z) of the subdifferential Oh(z). The inequality

) < —h(T)},

provides a strict separation. Cuts such as these have been called deep cuts. The case of
multiple functional constraints h;(z) < 0, ¢ = 1,...m, can be transformed into the single
functional constraint h(z) < 0 with h(z) = min;<,, hi(x).

Kl

S x| (9(z),2 -

3.1.3 Optimization and feasibility. The generic optimization problem amenable to
a cutting plane approach is given by:

min {f(z) |z € S},

where S C C, and C is a simple bounded set, such as a cube. The convex function f is
described by a supporting oracle, as in section 3.1.1 that is: for every x € C a subroutine
returns the value f(z) and an arbitrary element g(z) of the subdifferential 0f(z) of f at z.

The set S could be described by either one of:
e a projection operator,

e a function h(x),
e a pure separation oracle.

We note that the classical description of Dantzig-Wolfe decomposition leads by duality
to a supporting cut for the objective and a separation for the feasibility set.
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3.2 Solution methods

The solution methods that use the cutting plane approach have been developed for different
versions of the oracles. We will try, where it makes sense, to describe them in the case of
the pure separation feasibility oracle.

An algorithm will use some or all of the information generated up to now to choose a
new point where to call the oracle.

3.2.1 Kelley-Cheney-Goldstein cutting plane [51, 12]. To deal with the pure fea-
sibility case, we define the (k + 1)-st iterate as a solution of the linear program,

min{z | z > (gi,x — z;),Vi < k ;z € C};

the oracle either answers that zx41 € 9, i.e., k41 solves the feasibility problem, or returns
grk+1 with the property that {z | (gk+1,% — Zx+1) < 0} contains the set S. In the latter
case the outer approximation to S is updated to

{|0>(gi,z—z;),Vi<k+1;zeC}.

This method may fail to converge in the case of a pure separation, if the ||g;||’s are
not bounded. To illustrate the point we consider the simple problem with S = {1/8} and
C =10,1]. The oracle returns at = # 1/8 the separating vector

i p<z<l
g(x) = 1 if L<a<

If the first cutting plane is generated at x = 0 and the second one at z, with 1/4 <z <1,
the algorithm will compute the next point as the minimizer of:

2z
i >_a > ) __7 EC;
min{z | z > xz_(j_1/4x z),x }
The minimizer of this is
_54—1/4
= T

showing that the sequence generated by the algorithm converges to z = 1/4.

For convergence to be guaranteed one must make the assumption that the feasible set is
described by a Lipschitzian convex constraint. Nevertheless, the complexity of this method
is very poor [67].

If the problem to be solved is that of optimization

min {f(z) |z € C},
then the next iterate xy; is defined as the solution of the LP:

min{z | z > f(x;) + (gi, 0 — x;),Vi < k ;2 € C}
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where g; € 9f(x;). The oracle will then answer: f(zx11) and gg11 € Of (xg+1), and this
new supporting plane will be added to the current approximation to f.

The piecewise linear function fi(z) = max;<y f(x;)+(gi, —=;) is a lower approximation
to f, and clearly fr < fr+1 < f. The method converges, but the estimate in O(1/€") is
very poor [9], and can be as bad as this [67].

3.2.2 Chebyshev centers or largest sphere. In the pure feasibility case, the next
point where the separation oracle is called, 1, solves the linear program

gi
lgill’

min{z | z > ( x — ), Vi < k}.

This is a linear program, and zj4; is the center of the largest sphere contained in:
{z |0 > (gi,z — z;),Vi < k}.

This simply amounts to a variant of Kelley’s cutting plane method, where the separators
gi’s have been scaled to have unit Euclidean norm. It has significantly better complexity
properties than Kelley’s method. In fact the example of the previous section will be solved
by this algorithm, indicating power of the idea of centering.

It has been described in the optimization case by Elzinga-Moore ([23]).

3.2.3 Subgradient optimization. This is usually described in the case of the uncon-
strained problem min f(z), and the iteration is given by:

. 1
min{(—gi, z — zx) + 3% |z — 2k |*}.
k

This leads to zx41 = T — tkgr = 1 — Ele t;g;- By recursive substitution, one gets an
equivalent formulation for the subgradient step

k
. 1
mln{z ti(—gi,z —x;) + 3 |z — z1]|*}.
1

Many proposals, both heuristic and theoretical, for the choice of stepsizes ¢, have been
made; see [80, 43, 75].

If the problem is constrained, i.e., min{f(z) | z € S}, where S C C, and if a projection
map Ilg is available, then the most used version of the subgradient algorithm is: xg11 =

s (z — trgr)- The convergence estimate is O(1/€?), for an optimal choice of the stepsize
[67].

3.2.4 Bundle methods and level set bundle methods. The usual problem solved

by bundle methods is: min{f(z) | z € C}.

After k iterations the piecewise linear function fi(z) = max;—y __x f(z;) + (g;, 2 — x;)
has been computed. If x;11 was selected to be the minimizer of fi over C, then this would
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be Kelley’s cutting plane method. The fundamental idea of bundle methods is to add a
quadratic regularization to f; and define the next point where to call the oracle z;4; as the
minimizer of fk(a:)—i—ﬁ ||z — ]|* over C. Inmost implementations of bundle methods, the
next iterate may not be moved to Zpy; from xj unless a descent of f is thus achieved; see
the works by Lemaréchal [58, 46] and Kiwiel [54]. A very nice feature of bundle methods
is their ability to limit the number of cutting planes involved in the definition of f.

Note that if only the last cutting plane is used in the definition of fy, i.e f(xg)+ (gx, z —
xr) then this reduces to subgradient optimization.

The specific rules for choosing t; are beyond the scope of these notes.

To describe the level bundle methods, for which a full complexity is available, one has
to define:

e the best recorded function value f; = min;< f(z;);

e the minimum value of fi(z) over C, denoted as f;;; note that this involves the com-

putation of the point used by Kelley’s method.

The optimal value of the original problem f* lies between f;, and f}.

The next point where to call the oracle, and next iterate x1, is defined by the solution
of the quadratic programming problem:

min{]|z — ol” | frle) < aff + (1= a)fi},

where 0 < « < 1. The next iterate is thus chosen as the projection of the current point
on a level set of the piecewise linear function fi(x) restricted to C; the level is chosen as a
combination between the best recorded function value and “Kelley’s value”. A complexity
analysis was given in [57] as O(1/€?).

If the functional fj is reduced to the last supporting plane f(zx) + (g, z — zk) then
this method is again a version of subgradient optimization, with x5, defined as:

zp41 = g (ﬂﬁk - g—kQ(f;ck —£)(1 - a)) :
gwll

3.2.5 The ellipsoid method [80, 67]. Here it is assumed that a sphere Ejy contains
the set S. At a current iteration k an ellipsoid Fj, with center z is available. The ellipsoid
Ej), contains the set S and is defined as Ej, = {z | (z — z)"H, *(z — 74) < 1}. The oracle
is called at zy, and if z; does not belong to S, the separator gy is returned.

The next iterate xy1 is the center of the ellipsoid Ey,1 which is the minimum volume
ellipsoid containing Ey N {x | (gx,z — =) < 0}. Clearly, by induction, Ex,q D S. The set
Ej.+1 is defined by 1 Hy. gy,

Tp+1 = Tk — )
ntl \/ 9 Higr

_ g, 2 Hygrg} Hy
=1\ n+ 1 T Hg, )
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where we let n to be the dimension of x.

It can be shown that the volume of Fy,, equals the volume of Ej, reduced by the factor
(1 —1/(n +1)?). This immediately leads, if we assume that S contains a sphere of radius
€ to a complexity of O(n?log(1/e)).

3.2.6 Centering methods. A variety of centering methods have been proposed such
as

1. the center of gravity method [59]
2. the center of the maximum volume ellipsoid [83, 52]
3. the volumetric center [84, 2].

These methods all have polynomial complexity O(nlog(1/¢)) as measured by the number of
calls to the separation oracle; but there is no evidence available today that they are effective
in practice, as the computation of a new center appears to be rather time consuming.

4 The analytic center cutting plane

From now on, the paper is devoted to an in-depth analysis of the analytic center cutting
plane method. The convergence of the method was first studied in [3]. The scheme involves
cut elimination and the proof is rather involved. However, the authors obtain a convergence
estimate in O(n(log1/€)?) calls to the oracle. In the same journal issue, the paper [68]
analyzes a version of the method with a proximal term for the minimization of a convex
function with uniformly bounded derivatives. The bound in the number of iterations is
then O(L%2R?/€?), where L is the Lipschitz constant and R the diameter of a ball containing
the optimal set. Finally, the method with linear cuts and box constraints, but no proximal
term, is studied in [34] in the framework of feasibility problems. The convergence estimate
is O*(n?/€?). Additional convergence results may be found in [1, 55]. We study here a
similar method; see [18] for a slightly different viewpoint.

The problem under study is
Find y € C N[0, 1]",
where C' is a closed convex set in R"™. The set C' is described by an oracle which returns
the cut (a,5 —y) > 0 at § € C. We assume throughout [|a| = 1.
As shown in Section 3, the cutting plane method calls the oracle at a point lying in a
polytope. This polytope varies as the iterations proceed. We shall use the general notation

Fp={y| ATy <c}

to represent the polytope. In this definition A is an n X m matrix, ¢ € R™ and the variable
y in which the minimization is done lies in R". We assume that A has full row rank and
that Fp is bounded and has a nonempty interior. We conveniently associate the vector of
slacks variables s = ¢ — ATy € R™ with y € Fp.

The analytic center of Fp is the unique solution of the minimization problem:

n
min{yp(s) = — Zlog si| ATy +s=rc5>0}. (4.1)
1=1
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Let us introduce the notation

F(y) = ¢p(c— ATy).

The function F' is the so-called logarithmic barrier function. It belongs to the class of
self-concordant logarithmically homogeneous barriers for the set Fp which are studied in
[70]. Clearly, dom F' = int Fp. The analytic center of Fp is the minimizer of F

y* = argmin F'(y).

The basic step of the analytic center cutting plane method with approximate centers!
is defined as follows:

Initialization
0 <n <1 is the centering parameter.
Fp={yl0<y<e}
Fi(y) = =322 log yi(l — vi).
Basic Step
Let y* be an approximate minimizer of Fj,
(For k =1, take y' = Le = argmin F(y).)

The oracle returns aF.

Update:  Fjtt =75 n{y | (a*,y — y*) <0}
Fip1(y) = Fi(y) —log(a¥, y* —y).

The method, and its convergence analysis, rely on the theory of interior point methods.
We need thus present some useful results from this theory.

4.1 Useful results from interior point methods

Analytic centers can been found via a damped Newton’s method. To this end, we recall
the derivatives of F’
F'(y) = As™! and F"(y) = AS~24T.

The Newton step with respect to F' is
p(y) = —[F"(y)] "' F'(y) = —(AS2A") " As™".

The analytic center is uniquely defined by the condition F'(y) = 0, i.e., As~! = 0.

The Hessian F”(y) and its inverse define norms that are extensively used to measure
proximity. For instance, given y and § € Fp, we introduce the notation

19 = ylly, =117 = yllpry) -

!The concept of approximate minimizer will be made precise in the next section.
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Note that .
(ASTZAT)(y —y),y — y)2,
SIAWy y), STTAT (5 —y))z,
S 1 S — S H

1y —yll,

lv\»—‘

=
=
|

The condition Hs (s —s H <1l(or|y—yl, <1)onalls=c— ATy, ¢ € Fp, defines
the so-called Dikin ellipsoid around s (or y). For this reason, we name ||y — y||, the Dikin
distance between y and y at y.

The following lemmas are due to Nesterov [69]. They hold for the more general case of
self-concordant functions [70]. Proofs are also given in [72].

Lemma 4.1 Lety, y € int Fp. Then

17 —wll,

———<lg—yl,;- (4.2)
L+|g—-yl, v

Moreover, if |y —yll, <1, then

_ g — vl
17— yll; !

<V (4.3)
Y7 1-ly—uyl,

Lemma 4.1 relates the two Dikin distances between y and ¢ taken at y and ¢ respectively.

Lemma 4.2 For any s, s € Fp and corresponding y and y, we have

o2
(F(@) — F' ()5~ ) > %
y
F(g) 2 F(y) + (F'(y),5 —y) + w17 —yll,), (4.5)
where w(t) =t — log(l +t).

Inequalities in the opposite direction also hold, under the provision that y belongs to
Dikin’s ellipsoid around y.

(4.4)

Lemma 4.3 For any y, § € Fp such that ||j —y||, <1 we have

— 2
17—yl
1—lg —yll,

F(g) < F(y) +(F'(y),5 —y) + w17 - yll,), (4.7)
where wy (t) = —t — log(1 — t).
Lemmas 4.1 to 4.3 can be proved directly without resorting to the theory of self-

concordant functions. For the sake of completeness we give in the Appendix a direct
proof of Lemma 4.1 and repeat the proofs of [69] for Lemmas 4.2 and 4.3.

(F'(g) — F'(y), 5 —y) < (4.6)
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A damped Newton method taken at y € intFp is defined by y* = y + ap(y), where
p(y) = —[F"(y)]"'F'(y) and o > 0 is the stepsize. In the convergence analysis of Newton’s
method, the norm

p() | prgyy = (F" ()] F (), F' ()2

plays a critical role. The following lemma, sometimes called potential reduction lemma, is
a direct consequence of Lemma 4.3.

Lemma 4.4 (Linear convergence) Assume y € int Fp and ||[p(y)|lpry = n > 0. Let
a = (1+lp(W)llpn,)) " and y* =y +ap(y). Then, y* € int Fp and

F(y%) < F(y) —n +log(1 +n).

Proof: Rewrite (4.7) using (F'(y),yT—y) = —a? ||p(y)]|?;u(y) and o = 1/(1+{|p(y) | ) -
n

Corollary 4.5 The number of damped Newton steps to reach a point y™ with ||p(y™) o ()
< n from a point y € intFp is bounded by

F(y) — F*
K= [ () w ’
1 —log(1 + 1)
where F* = min F(y).
The above convergence result can be complemented with a finer? local analysis.

Lemma 4.6 (Quadratic convergence) Assume Hp(y)HF,,(y) <n<1andletyt =y+
p(y). Then y* € intFp and

[p(y )]

Friyt) S ||P(y)||%~(y)-

Corollary 4.7 Assume ||p(y)||pn(,) <n <1. Let y* be the analytic center of Fp. Then,
Iy ol < %

Fy") < Fly) S F(y") + 15

2

3 .

The proofs of Lemma 4.6 and Corollary 4.7 can be found in [76] or [90].

4.2 Convergence of the cutting plane scheme

In the description of the analytic center cutting plane method, we used the statement: “y*

is an approximate minimizer of Fj,”. We need first to make this statement precise.
Let 0 < n < 1. An n-center of Fp, equivalently an n-minimizer of F, is any point
y € Fp such that |[p(y)| g,y < n-

2The results are slightly stronger in the case of the logarithmic barrier than for general self-concordant
functions.
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To prove convergence, we shall proceed with three steps. In a first step, we consider the
optimal value of F' on Fp and study how it varies when a new cut is added. In a second
step, we show that the cumulated variations of these optimal values yield to a bound on
the number of calls to the oracle. In the third step, we propose a damped Newton scheme
to compute a new approximate center after a cut has been added; we show that this last
operation can be done in a number of steps bounded above by an absolute constant.

4.2.1 Behavior of the barrier function. Let us introduce the two quantities

Ln+y/(1-n)2+4
2(1—n) )

—(14n)++/(1—-n)2+4
2(1—n) ’

o1 = and o9 =

One checks that oo and —oq are the two solutions of the quadratic equation
(1—n)t* =1 +n)t—1=0.

The functions oy and o) are respectively increasing and decreasing on 0 < n < 1. The
following bounds are easily computed

1 5—1 5+1
§<01§f2 <\f2+ <

ag9.

For = 0, one has oy = ‘/52"'1 and o] = @; while lim,,_,; 02 = 400 and lim,_,; 01 = %

In the sequel we shall denote F}’ the minimum value of Fj, on F ]’g.

Lemma 4.8 Assume y* is an n-center of .7-'11% and y*+1 the exact center of .7-'5“. Then

01§‘

yf+1 — ka A S g9,
Y
where [l —y¥l| o= [l = o* ]| g ey

Proof: The first optimality condition on Fy;(y) = Fi(y) — log(a®, y* —y) is

k
a
Fro (™) = B + g = 0.
(ak, gk — it

Multiplying by y* — y#T1, and adding (—F},(y*), y*** — y*) on both sides of the equation
yields

(FL) = Fe(y)uitt = o) = 1= (F(yF), i = o). (4.8)

Note that

FL(F), yE T — oy = (B ()] 2 FL (), [ (6] (g5 — o).

Since HFIQ(yk)H[F,g(yk]—l = Hp(yk)HF,g(yk) < 7, by Cauchy-Schwarz inequality:

P - y’“Hyk < (FL(®), it —yh) < Hyf“ —yF

yk
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Denote r = ||y — kayk By Lemma 4.2 and (4.9),
k-+1 k|2
[T [t
Lt 2 (B (e ™) = F(y®), ™ = of) 2 T—
1+ ‘ yr T —yk .
y
Thus (1 —n)r? — (1 +n)r — 1 <0, implying Hy*’f“'1 — kayk < o3.
Similarly, by Lemma 4.3 and (4.9),
k+1 _ . k||?
[(Zaat Tl |t
L—nr S {F(ye™h) = F(y®), it = oF) < - i
1 — +1 Kk
‘y* ) "

Thus (1 —n)r? + (1 +n)r —1 > 0, implying Hyf“ - kayk > o1. This concludes the proof
of the lemma. -

Lemma 4.9 Let y* be the n-center of ff) at which the oracle is called. Let y**' be the
exact center of .7-"]’3"'1. Then,

o> R -+0-og o

?

[Fy (y*)) =

with Fy = Fri1(yj,,) and 0 = (1 —n)og — log(1 + 02) — log 02.

Proof: Let us define r = Hy,”f+1 — kayk As shown in the proof of Lemma 4.8, the
following inequality holds

B k,f+1_k>_H kH Bl _ kH > _nr

(Fr.(y")y yo) 2 p(y)Fé,(yk,)y o

By Lemma 4.2 and the above inequality, we have

Fi(yit™) 2 Fi(y®) + (FL"), i = o) + w((lyst — o]0,
> Fr(y*) —nr +r —log(1 4+ 7).

On the other hand,

Fop1(yit) = Fp(yfth) — log(ak, y* — ¢+,
> Fi(yit!) —log [|a® || -1 = logr.

Thus,

Fi > Fk(yk) + (1 —n)r —log(l+r) —logr —log af

[F )=t
One easily checks that the function (1 —n)r —log(1+7) —log r achieves its minimum value
at s = 09. Hence, the result. |
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4.2.2 Bound on the calls to the oracle. Let us denote 7; = Ha H [FY (7)) and
0 = (1 —n)og —log(l + o2) — log oa.

Lemma 4.10 Assume C contains a ball of radius € > 0. If the algorithm has not stopped
at the k-th iteration, then

k
kO — ZlogT]+2nlog2 < Fp < —(2n+k)loge.
j=1
Proof: Since we assumed HakH = 1, the slack sg,1; = (a', 9’ —y), 1 < i < k, is just

the distance from y to the ¢-th cutting plane. Since the oracle returns a cutting plane
a the k-th iteration (and denies y* € FF), then .7-'5“ D C. Since C contains a ball of
radius €, then (s*)§n+i > ¢, i =1,...k where (s,)* are the slacks at the analytic center

yk. Moreover, since F}, D C, then € < 3, and

> log(1 = ();)(y); = 2nloge.

This proves the right-hand side inequality. The inequality on the left follows from Lemma
4.9 and Fi(e/2) = 2nlog2. [

We need to bound the sum of the logarithms of the 7’s from above. First we note that
the inequality between the geometric and the arithmetic means yields

k k
1
g log; —2nlog2 = 5( g log 72 — 2nlog4),
=1 =1
Ik, LK 2
< log 2 =t 4.10
= T2 % otk (4.10)

We shall now bound the right-hand side of (4.10).
Lemma 4.11 For all k, the following inequality holds:

78 <wi = (B 'a",d"),

with By, = 8 + 1 01 al( 0,
Proof:  Since 0 < y¥ < 1 for all k, then FJ(y*) = Y, ? + (I — Y;)™2 = 8I, and
3]2€n+i = (a'lvyl - yk> < HGZH Hyl - ka < \/7_1 Hence,

F!'(y*) = F'(y* +232n+z T 8T+ — Za
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From B, ' = [F}'(y*)]~!, we conclude

(m)® = ([F (")) 'a", a") < (B tab,d*) = .

Lemma 4.12
k k
Z 2n log <1 + 8—2>
Proof: Let @ = B, '/?a*. Then Byy, = B}/*(I + La*(@*)™)B,/* and

1
detBry1 = det(I + a F(@*)™) detBy,.

The eigenvalues of the matrix (I + 1a*(@")") are 1 with order (n—1) and (1+

(1 4+ 1w?) with order 1. Hence,

w?
log det B, 1 = 10g(1+ kY + log det By,.
n

Using By >~ 81, we have

w,%:(Bk_la )S

Since log(1 +u) > u/2 for 0 < u <1, one has log(1 + %’i) > ‘;—’i Therefore,

k w? k w2
log det By, > logdetB; + Z 2—] =nlog8 + Z 2—]

19

L(ahyat) =

In view of the inequality between the geometric and the arithmetic means and of the

relation tr(a’(a’)T) = HajH2 = 1, we may write

B
logdetBry1 < nlogtr( kH),
n

k . .
8 al(a?)* k
= nl tr—1 t =nl 8+ —|.
n log rn —i—jz:lr 2 nog( +n2>

Subtracting n log 8 on both sides, we get
k

k
§ : 2 2

=1
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Theorem 4.13 The algorithm stops with a solution as soon as k satisfies:

2 L1 9onloe(]l + £
6—22+ nlog +8”2)exp —20 i .
n 2n+ k 2n + k
Proof: The proof is a direct application of Lemmas 4.10, 4.11 and 4.12. ]

For any value of 8, positive or negative, the exponential term on the right-hand side
of the inequality tends to a constant as k increases. Neglecting lower order terms, we
conclude that, asymptotically, the complexity of the number of calls to the oracle is of the
same order as n2/e?, independent of 6. Following [34] we introduce the notation O*(n?/€?)
to describe this situation.

4.2.3 Complexity of the computation of the approximate centers. Our goal now
is to show that after adding a new cut, we can easily retrieve a point in the vicinity of the
analytic center of the updated set .7-'5"'1. To this end, we use a damped Newton process

starting at some interior point of .7-",’3“. To exhibit such a point, we define (similarly to
[65]) a search direction d by

[F5 (y*))

d=—
1o Wl gy -2

- argmin{<ak,5) | (F!'(y%)5,6) < 1}, (4.11)

and choose the re-entry point as y(a) = y* + ad, for some 0 < o < 1. The motivation
behind (4.11) is to balance the terms log(a®,y* — y) and Fj(y) in

Frr1(y) = Fily) — log(a”, y* —y).

Remembering that y* is nearly centered, we neglect the first order approximation of Fj,
and use the level set defined by its second-order approximation, that is the Dikin ellipsoid

{y | (F}/(y")(* —y), (y* —y)) < 1}. Note that

((J,k, _d> — = Tk, and HdHF,Q’(y") =1.

||
()

Theorem 4.14 For any k > 1, the number of damped Newton steps to gemerate a 7-
approximate analytic center is bounded by

[t |

g(n) = —(1 —=n)(o2 + o1) + log

with
(1 + 02)02

(1—01)oy
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Proof: Let us evaluate Fy,; at y = y* + ad, with a < 1, where d is defined by (4.11).
Using (a*, —d) = 71, we have

F(y* + ad) = Fi,(y* + ad) —log(a®, —ad) = —log o — log 7. (4.12)
By Lemma 4.3, we have
Fy(y* + ad) < Fy(y*) + (Fi(y"), ad) — a — log(1 — a). (4.13)
Since

(FL) o) < ol |FLGM | Wl < @lp) g < om,

[Fy (y
we conclude that
Fr(y* + ad) < Fi(y*) = (1 = n)a — log(1 — ). (4.14)

Putting (4.12) and (4.14) together, we obtain
F(y® + ad) < Fi(y%) — (1 — n)a — log(1 — ) — log o — log 7.

By differentiating the right-hand side with respect to «, we show that the right hand side
is minimized when o = o7;.

By Lemma 4.9,
Fipy > Fu(y®) + (1 = n)oz — log(1 + 02) — log oz — log 7.
Therefore,
Fi1 (y* + ad) — Fyy < g(n),
with

(1 + 0'2)02

g(n) = —(1 —=n)(o2 + o1) + log =001

The best value for the bound on the number of Newton steps is

For instance, one gets the integral bound 19 with n = .74.

The search direction does not take into account that Fj(y) # 0 at an approximate
center. Better results may be achieved in practice if one replaces the direction by

d = argmin { (a" + F{(4"),0) | (F{(4)6,0) <1}.
The explicit formula for this direction is
B e
188l ey
with
ik = a* + Fl(y").
This modification is likely to be beneficial in practice, though it does not lead to any
improvement in the complexity estimates.
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5 Extensions towards a practical implementation
5.1 Multiple cuts

In practice, some oracles generate multiple cuts. This is typical of decomposition ap-
proaches in which the subproblem breaks down into many independent ones. See [21]. The
problem has been dealt with by several authors [89, 37, 38]. Here we give a proof that is
adapted from [74].

We suppose that the oracle generates p central cuts at a time. At iteration k, the cuts
are denoted

—f = (", y—y*) <0, j=1,---p
Let us denote a®? = a(k=VP+J the j-th cut, j = 1,...,p, generated at the k-th call of the

oracle, and A* = (a*'...a*P) the matrix whose column vectors are associated with the
new cuts.

After adding the p cuts the potential function becomes
Fra ( Z log ’Y]

The function is not defined at y = y*. As in the case of a single cut, we must construct
a search direction d along which to look for a good starting point for the computation of
the next approximate analytic center y**1.

Since we assumed that the solution set has a nonempty interior, we can assert that
there exists a y such that v¥ > 0. However, this does not imply that finding such a y
has a closed form solution. Thus, we must propose a method for computing a suitable
restoration direction and discuss its complexity.

5.1.1 Optimal restoration direction. Using the same motivation as in the single cut
case, we define the restoration direction as the optimal solution to the problem:

p
min{—» " logf | 7+ (4%)"d =0, [ld]l ey < 1} (5.1)
j=1

We shall now show that the optimal solution of (5.1) can be computed via the simple
unconstrained optimization problem

’U

min{G(6) = =(3,V ) — Zlogﬁj (5.2)

\)

where

V= (A5 (F () "1 (A",
Note that (5.2) is a problem in RP.
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The norm of a*/ with respect to [F}/(y*)] 7! is
. _ . l
= (a, (B ) ab) .

We define the vector 7% = {T]k}

It can be shown [38] that the existence of an optimal solution to Problem 5.2 follows
from the initial assumption that there exists an interior solution to Problem 5.1.

For the sake of simpler notation we shall drop the index % in the next theorem.

Theorem 5.1 Let (d*,v*) and B* be the optimal solutions of (5.1) and (5.2) respectively.
Then

i) (B)7 =pVp*.
i) d* = —[F}'(y*)]7LAB* and v* = —ATd* = V 3*.
o, “d*“F,;’(y’“) = (B, V)2 =1,

P P
i) leogﬂ;-‘ + leogy;-‘ +plogp =0.
j= j=

The proof of the theorem is given in [38]: it is a straightforward application of the necessary
and sufficient first order optimality conditions. We leave it to the reader.

5.1.2 Computation of the restoration direction. The function G(f) is the loga-
rithmic barrier studied in the previous section plus a quadratic term. It can be shown
directly [38], or using the theory of self-concordant functions [70], that Lemmas 4.2, 4.3,
4.4 and® 4.6 hold. Starting from the point

7_71

0 _
pl = (r=L,Vr-1)1/2

we can apply a damped Newton scheme that reduces G by at least 6 — log(1 + ¢§), where
¢ is any number 0 < 0 < [|G'(B)|lgr(g)-1- Let us fix § < 1. We propose the following

computational scheme. Apply damped Newton steps as long as “G,(ﬁ)H[GH(ﬂ)]—l > /0.
Terminate with one additional pure Newton step. Let 31 be the point thus obtained.
Theorem 5.2 The point 31 satisfies
i) IpBTeV BT —el < 0.
i) Letting d¥ = —[F}'(y*)] 'ABT and v© = —A"BT = VB*, we have y© > 0 and
V1—6< ||d+||Fé'(yk) <V1+34.

To bound the number of necessary Newton steps to reach a near optimal direction cZ,

we just need to bound the difference G(3°) — G(5*). Using the expression of 3° one easily
verifies that

P
1
G(6°) < Zlogn + g +plogp Sp(§ + logp — 3log 2).

=1

3In the case of general self-concordant functions, a slightly weaker version of Lemma 4.6 holds. In the
case of Problem (5.2) the lemma holds exactly as stated in the previous section.
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thus 7; < 1/8||a’ H2 = 1/8. The following lower bound on G(/3*) is obtained [38] under the
assumption that the feasible set contains a ball of radius e:

1_
+plogp + plog ((e(—n)>

Go7) = m+ 1)1 +1)

[ RS

where m = 2n + kp is the total number of inequalities (cuts and the box sides) present in
the definition of F}.

After O(plogm/e) Newton steps, we obtain a point 87 that is near optimal. To con-
struct a feasible restoration direction we can take y* = V3T, but we must make sure that
vt > 0and y+d* € domFj. The first property follows from statement i) of Theorem 5.2.
To obtain a direction satisfying the second property we define

d=

1 1
4t and 4= *, 5.3
T ALY e (53)

By Theorem 5.2, y + d € domFy,

The next theorem relates the objective value of Problem (5.1) at 4 with the optimal
value.

Theorem 5.3 The approzimate solution 5 of Problem (5.1) satisfies

p p p \/m
—Zlogvj’-‘ < —Zlogﬁ’j < —Zlogq/}‘ + log T35
=1 j=1 j=1

Proof: The inequality on the left is trivial. From the definition of 7,
P P
Zlog'?j = Zlog’y]‘-" —plogv1+46.
Jj=1 j=1
From pBTeyt > (1 — 6)e (Theorem 5.2), and the optimality of 5*, and pS*«y* = e:

p p
Y logy > = logB —plogp+plog(l —d),

p
> = logB; —plogp+plog(l — ),
7j=1

p
= Zlogv}‘ + plog(1l — 9).
j=1

The inequality on the right follows immediately. |
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5.1.3 Computing the next analytic center. The next theorem extends the result
obtained in the single cut case. Define

p+d++/(p—9)2 +4

2(1 = 9)

—p+0)+/(p—0)?+4p
o1(p) = 2(1 — 9) )

and o9(p) =

Note that in the single cut case, we retrieve o1(1) = o1 and 03(1) = os.
Theorem 5.4 The following inequality holds

(p) < Hyf“ - y’“Hyk < 02(p).

To compute a new approximate analytic center 4**!, we use a damped Newton method
with the initial point .
yla) =y +ad®, 0<a<l,

where d* is computed as in (5.3).

Theorem 5.5 The computation of the analytic center is performed in O(plogp) damped
Newton iterations.

Proof: The bound on the number of iterations is proportional to the difference Fj 1 (y(«))
— F;,,. By convexity,

Fiyy yith Zlog (k7 yftt — kY,
p .
> Fuy®) + (FL"), o —oF) = > log(a, it — ).

Since ||yf+t — kHyk < o3(p), the direction d = 1( )(ny ¥) is feasible for Problem (5.1).
Thus,

p
plog oa(p Zlog R yEL— k) > = "oy,

where * is the optimal solution of Problem (5.1). Therefore,

Fi > Fr(y®) — noa(p Zlogvj plog oz (p). (5.4)
7=1

On the other hand, for @ < 1, by Lemma 4.3

Frey1(y(e) = Fi(y Zlog ki ad) Zlog a9;),
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p
Fio(y") +a(E (y"), d) —alld] gy —Log (L = @lld]| s (1)) —plog =y _ log 9,
J=1

IN

V149
1—46

P
< Fie(y*)+a(n—1)—plog a—log(l—a)z logv; +plog
=1

The last inequality follows from ||d|| Fr(ye) < 1 and from Theorem 5.3.

Frii(y(@)) = Fiyp < a(n—1) —ploga —log(l — o)+

5
+plog + noa(p) + plogoa(p).

1-9

Since o2 (p) is of order p, the result follows. [

5.1.4 Complexity of the multiple cut process. Let us revisit the basic convexity
inequality that gave rise to inequality (5.4). Using

<akj7yk+1 _ yk> < Haij

*

k+1 _  k
v

Y < T]]'CO-Q(p)J

[Fy (y*)] Fy (%)

we may write the alternative inequality
P
k+1 kj , k+1 k
Fiy = Fe@lth) = log(a¥ gt —yF),
j=1

p
> Fi(y*) —noa(p) = Y _log 7} — plogoa(p). (5.5)
j=1

We thus obtain the counterpart of Lemma 4.10

k p
(2n +kp)lne > Fy, | > 2nlog2—ZZIOng + k0,
i—1 j—1

with 6 = (no2(p) + plogoa(p)). The single cut analysis needs further adjustment. Rather
straightforwardly, inequality (4.10) becomes

k. p n k p 72
] 2 k = + S N
E E log 77 — 2nlog2 < ot log 2 =1 221 (7) . (5.6)
— 4 ! 2 2n+ kp
7j=11i=1
Modifying the definitions of By and wf into By = 81 + 1 Z;:ll P/ (a/)" and Wk =

(Bk_laki, akiﬁ, we state the modified Lemma 4.12
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Lemma 5.6
j k
S <min (112
—t £ 8n
J=Li=p
Proof: The proof is a slight modification of the proof of Lemma 4.12. Let ¥ = Bk_l/Zaki.

Then,
P

detByyy = det(T 4+ a"(a*")")det By.
i=1
Clearly, I + P a*(a*)* = I 4 a**(aF*)" for all i < k; moreover, the eigenvalues of the
matrix on the left-hand side are all larger or equal to 1. We conclude that

1 . .
log det By, > logdet(8I + —a**(a*)™) + logdetBy, Vi< p.
n
Summing those inequalities over 7 and using log(1 + (w ) /n) > (w ) /(2n) yields

(w])?
2n

k
plogdetByi1 > Z
j=11i=1

+ plogdetB;.

Finally, noting that

By = Sn+ - zzn W =t 2,

]lzl

and logdetB; = nlog8, we easily prove the result. |

We can now state the main convergence result for the multiple cut process.
Theorem 5.7 The algorithm stops with a solution as soon as k satisfies:

2 21}-2nplog(11|-8n2) ( L k )

€
— >
n 2n + kp 2n + kp

The above theorem reveals that the multiple cut process worsens the complexity esti-
mate by a factor proportional to p. This negative result is not all too surprising. Suppose
for instance that the oracle generates a single cut that is further replicated p times. The
impact on the geometry of the set of localization Fp is the same, whether the cut is re-
peated or not. On the other hand, repetition leads to an artificial shift of the analytic
center that may turns out to be detrimental to convergence.

However, a close look at the arguments used in the proofs suggests that the multiple cut
process is likely to enhance convergence in practice. Indeed, the inequality that bounds the

variation of F¥ could be much sharper if we used — Z§:1 logy; instead of — 5’:1 log T]k,
e., if we substituted (5.4) to (5.5). Clearly, if the p cuts span a very narrow cone, then
the term — Z?Zl log fy;f may be very large, while — ?:1 log Tf is almost as bad as if the

same cut was repeated p times.
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5.2 Deep cuts

So far we studied the case of an oracle returning “central cuts”, that is, cuts passing
through the query point. In practice, cuts are often deep, that is, they cut off the query
point. A deep cut generated at the approximate center § takes the form

m+1 -

<am+17y> S Cm+1 S (0, 7y>7

with strict inequality if the cut is deep. Here, m = 2n + k — 1 is the total number of
cuts, including the box sides, at the start of iteration k. Recall that under our general
assumptions ||y|| < /n since 0 < y < e and Ham“H = 1; hence ¢;41 < /n. We also find
it convenient to denote the depth of the cut by

a’m+1’

A1 = ( J) — emt1 2 0.

Convergence analysis breaks down in at least two places. First, a deep cut may push the

new analytic center far away: the bound Hy,”f+1 —yk Hyk < 09 does not necessarily hold. The

second difficulty is of the same nature: even though the set F E"’l has a nonempty interior,
one cannot directly find a point in this set. One needs to resort to special techniques
to compute the new analytic center. If the cut lies far away from the query point, the
computation will be all the more difficult. However, those negative arguments are balanced
by a positive one: the deeper the cut, the more the localization set .7-",’3“ shrinks, and the
faster the cutting plane scheme converges.

There are at least two ways of retrieving the new analytic center. The first one, consists
in artificially setting the new constraint at the analytic center, and then pushing the
constraint to its correct position using a path-following scheme. An alternative approach
consists of exploiting duality, as in [36].

5.2.1 Further results from interior point methodology. In the linear case, one
easily defines the dual of Problem (4.1), for instance using Wolfe’s duality, we introduce

min{pp(z) = (¢, z) — Zlnxi | Az =0,z > 0}. (5.7)
=1

We denote

Fp=A{x>0| Az =0}
the feasible set of (5.7). This set is reminiscent of Karmarkar’s canonical problem of linear
programming. For this reason we name it “primal”.

There is a simple duality relation between functions pp and ¢p: it follows from the
inequality logt < ¢ — 1 that holds for all ¢ > 1, with equality if and only if £ = 1. Let
s € intFp and = € intFp. Then, setting t; = x;s;, we get

m m
wp(x) +¢p(s) = (c,x) — Zlogwisi > (c,x) — insi +m =m,
i=1 1=1
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with equality if and only if z.s = e, that is, if and only if  and s are the analytic centers
of Fp and Fp, respectively.

The function ¢p(z) enjoys the same properties as the function ¢p(s). Namely, Lemmas
4.2 and 4.3 hold. This suggests that a damped Newton method is well fit to compute an
approximate center.

Taking the second order approximation of ¢p, one may write the projected Newton
direction as the solution of the problem

N _
min{ (X *p(x), p(x)) + (¢ =2 %, p(x)) | Ap(z) = 0}
The first order optimality conditions are

z lop(z) = XATy = e— zec,
AX (z7 ep(z)) = 0.

Thus z~ep(z) = Pax (e — cox), where Psx denotes the projection operator onto the null
space of AX. An alternative expression for p(z) is

p(x) = ze(e — sex), (5.8)
with
s(z) =c— A"y(z) and y(z) = (AX2A") TAX?c. (5.9)

One easily checks that the variable s which appears in the above equation can alternatively
be defined as
s(z) = argmin{|le — sex|| | s = c — A"y}.

The proximity measure takes the form

Ip(2)l sy ey = lle — sa)et] .

Thus
(¢ (), p()) = (zedp(x), 27" op(2)) = (coz — €, Pax (¢ — eoz)) = = [[p(2) 2 (2 -

Using the above expression, one easily shows that Lemma 4.4 holds; thus Corollary 4.5
holds. It gives a bound for the number of damped Newton steps to generate an 7n-center.
It can also be shown [76, 90] that the quadratic convergence Lemma 4.6 and Corollary 4.7
also hold.

5.2.2 Restoration step. To compute the new analytic center after introducing a deep
cut, we proceed with the primal problem. Let £ = (xf+1), c= (CWCH) and

m+1

¢p(T) = (¢, %) — Z logZ; = op(x) + cmy1Tmy1 — 10g Tyt
j=1
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To initiate a damped Newton process, one must define an initial feasible point in the z
variables. To this end, we consider the problem

max{z, 1 | AAz +a" e, =0, HXfleH <1}.

Its solution is |

Tm+1

Ax = —

)(214T(14)(214T)71am+17

with
7_31+1 — (a’m+1’ (AX2AT)71am+1>‘

Let Z(a) = (mzo/‘fx) By construction Z(a) € intFp for 0 < a < 1, where Fp is the obvious
extension of Fp to account for the new variable ;1.

Starting at z(a) a primal Newton method with damped steps eventually converges to
a point z satisfying ||e — s(z)ex| < 1, where s(z) = ¢ — ATy(x) is defined by (5.9). The
point y(z) which appears as a by-product of the computation of the Newton direction is
the query point g for the next call to the oracle.

5.2.3 Complexity analysis. Contrary to the central cut case, one cannot a priori
bound the number of damped Newton steps which are necessary to compute a new ap-
proximate analytic center after introducing a new cut. Let v be that number, when the
process is started at Z(«), for some 0 < « < 1. Each step decreases @p by at least
p =n —log(l +n). Thus,

¢p +vp < op(E(a)). (5.10)
To get an inequality on the opposite side, we proceed as follows. First, note that
~ o~ Cm+1
op(z(a)) = pp(z(a)) + « —log o + log 7.
Next, use Lemma 4.3 to write
ep(z(a)) < pp(@) + alpp(z), Ar) — a||Az||, —log(1 — a||Az],). (5.11)

Let us now gather the two terms

Cm 1 _ -1 _m m =
(lple), Aa) + L = 2 (e~ at - X2AT(AXPA") 0" ) 4 (@)~ da)

where y is the point at which the oracle has been called. Since the query point y is given
by (5.9), we have § = (AX2A") 1 AX?c. Replacing y by its value and using AX?%x ! =

Az = 0, we obtain

m dm
(ep(a), Ac) + L =~ <,

Since ||Az||, =1, we get

dm+1

op(z(a)) < pp(z) —a(l + ) —log(1 — ). (5.12)
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Finally, using ¢}, + ¢}, = m and ¢}, + ¢}, = m + 1, we get from (5.10), (5.11) and (5.12)

dm+1

op > ¢p+rvp+1—logr+a(l+ ) +loga(l — a). (5.13)

Inequality (5.13) shows that the deeper the cut, i.e., the larger d,, 1, then the bigger
is the increase of ¢p. Additionally, the larger the number of intermediary iterations to
retrieve the approximate analytic center, the larger again is the increase of pp. Those
larger gains on the potential are likely to reduce the number of calls to the oracle, as it will
be displayed in the next theorem. Unfortunately, this analysis cannot be used to reduce
the overall complexity.

Theorem 5.8 The algorithm stops with a solution as soon as k satisfies:

2 1 k+1 k )
=+ 2nlog(l + =5 _vit+ k
> 2 n log( ) exp<—2w> exp (_20

e k
n 2n +k 2n + k 2n+k)’

where p =n—1log(l1+n), 6 = a+loga(l —a) and a = @ Here, v; is the number of
Newton iterations to compute the analytic center after introducing the j-th cut.

Since the first exponential term is less than 1, we can assert that the number of calls to
the oracle is asymptotically of order O*(n?/e?). It follows that the total number of Newton

iterations Z?Zl v; is asymptotically bounded by an estimate of order O*(Z log ’E‘—j)

5.3 Nonlinear cutting plane schemes

The cutting plane scheme is based on the assumption that the only accessible information
about the optimization problem is given by linear cuts generated by the oracle. In many
instances, there may be additional sources of information such as functional constraints
given in explicit form, or a known expression for a nonlinear objective. Of course, this
explicit nonlinear information can be translated into linear approximations, i.e., cutting
planes, but sometimes with a considerable loss of information. This situation calls for an
enhancement of the basic cutting plane scheme.

In some other situations, the oracle may itself generate nonlinear cuts. For instance, the
underlying functions defining the feasible set may be strongly convex. Conceivably, the lin-
ear cuts may be strengthened with a quadratic term. We shall review these two extensions.
In both cases, the analysis must resort to the theory of self-concordant functions.

5.3.1 The homogeneous analytic center cutting plane method. The paper [72]
considers three convex problems. In each of them () is a closed bounded convex set in R™.

1. Feasibility Find y € Y* N @, where Y* is a closed convex set described by an oracle
and @ N'Y™* has a non-empty interior.

2. Variational inequality find y* € @ such that (a,y — y*) > 0, for all y € @ and
a € A(y), where A is a multivalued monotone mapping.

3. Constrained minimization min{f(y) | y € Q}, where f(y) is convex and subdiffer-
entiable on some open convex set containing Q.
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It is assumed that the set () is described by a v-normal self-concordant barrier. Let us
briefly recall that self-concordant functions extend the logarithmic function studied in the
previous section. Formally a function f is self-concordant if for all y € domf and u € R"

" () s w )l < My [l

where M is some positive constant. (For the definition and the properties of this class of
functions, see [70].)

In [72], the original problem is embedded into a homogeneous space. To describe the
embedding, we shall concentrate on the case of variational inequalities only. The other
cases receive a similar treatment. Let

Y*={y"€Q|(a,y—y") >0, forall y€Q,anda € A(y)}.

A point z in the embedding has the form (y, t), where ¢ > 0 is the scalar variable associated
with the extra dimension. The set () generates a cone K defined by

K=f{e=(@1) | t>0,2ecQh

Similarly, the solution set Y* generates a cone X*.

Let us now describe the oracle and barrier function in the embedding space. Assume
G(y) is a v-self-concordant barrier for (). G(y) can be transformed into a self-concordant
F(z) barrier for K (see [69])

F(z)=caH (%) — covnt,

where the ¢;’s are two absolute constants.

Note first that for any a € A(y), the inequality (a,y —y) > 0 holds for all y € Y*; it is
thus a separation oracle. Let z = (y,%) € int K and a € A(y). Define y(z) = y/t € Q and

9(z) A
g(x) = 7——=,  with g(z) = (a, —(a, y(2))).
19(2)]l
Clearly g defines a homogeneous separating hyperplane for X*.

The canonical problem takes the form
Findze KNX*, z#0.

The homogeneous cutting plane algorithm can be summarized by

Initialization
2
Fo(z) = 5 ||lz||* + F(z).

Basic Step
Let 2% = arg min F,(z).

The oracle returns aF.

Fii1(z) = Fy(w) — log(a*, 2" — z).

Note that the method involves the presence of a proximal term.
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The convergence analysis is more direct than in the standard case. It is based on the
study of the quantity

k—1
1
pi(z) = A ZAik<g($i)a$i — ),
i=0

where \jx = (g(z;),7; —x) ' >0, for 0 <i <k —1,and S}, = Zk_ol Aig- In [72] it is

1=

proved that py decreases as 1/ Vk. Finally, the method uses the candidate solution

=
Y = P Z;mky(xi)a
1=

where mip = A/ [|§(z;)|| and Py = S5 7.
Theorem 5.9 The prozimal analytic center cutting plane method yields an e-approximate
solution Y

P(7) = ?Eaéc{(a,y —u)| acA)} <e

after k iterations, with k satisfying
k < L(1+ ]%2)66,2\57
vVk+v 693

where R is the radius of a ball containing Q, L is a Lipschitz constant for A over Q, and
02 and 03 are absolute constants (independent of the problem,).

It must be pointed out that the last generated point y* may not converge towards the
solution set, as shown in a simple counter-example in [72].

For the minimization problem, a similar approach leads to a convergence theorem, but,
here, the last generated point is now the candidate point.

Theorem 5.10 For any k > 1 we have

L
. N
Ogrz%llgl—lf('%) fr< s

where L is a lipschitz constant for f and R the radius of a ball containing Q).

[ﬁ+ 9—63 (1+ %)] [+ R+,

It is shown in [72] that an appropriate scaling of the problem makes the complexity
estimate in the above theorem proportional to the scale radius and not to the square of R.

An implementable version of the homogeneous cutting plane algorithm involves the use
of approximate minimizers. The convergence analysis has been extended to this case by
Nesterov, Péton and Vial [T1].

5.3.2 Nonlinear cuts. One of the exciting properties of interior point methods is their
ability to deal with quadratic functions as easily as with linear functions. To a limited
extent, this statement extends to the case of self-concordant convex functions.

This has led to the development of extensions of ACCPM that use quadratic or non-
linear cuts. These extensions seem very promising in practice, but the theory still needs
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some improvements. In [61] and [62] it is shown how to introduce shallow quadratic and
nonlinear cuts; however the cuts are restricted to be generated from a finite family. The
paper [79] shows convergence and complexity in the case of linear cuts but with a sliding
nonlinear objective, which creates a shallow nonlinear cut. The paper [17] addresses the
issue of introducing a nonlinear Jacobian cut in the context of variational inequalities; the
experimental results are impressive, but no convergence analysis is given, as the algorithm
needs to drop cuts, which seems out of the range of currently available convergence proofs.
Finally, in the case of strongly monotone variational inequalities, [63] give a complexity
analysis.

6 Implementation and applications

6.1 Some implementation issues

The analytic center cutting plane method described in Section 4, and its extensions of
Section 5 to multiple cuts and to deep cuts, have been coded and made accessible to
researchers. It is available from Logilab for academic research* under the acronym AccPm
[39]. We discuss some of the implementation issues, with main reference to ACCPM code.

6.1.1 Underlying interior point method. AccpM is implemented in a purely linear
framework. Three main methods can be used to compute the analytic center: primal, dual
and primal-dual, with some necessary adaptation to handle infeasible starts. In Section 4,
the analysis relies on a dual method (free variables and inequality constraints). In Section
5, it is argued that a primal method has a clear advantage in recovering feasibility after
adding a deep cut. On the other hand, common wisdom in linear programming grants the
primal-dual method with superior efficiency, especially in the case of infeasible starts.

Computing analytic centers has received far less attention than solving linear program-
ming. The experience is thus too limited to credit one method of a superior advantage
over the others. ACCPM is based on the primal projective algorithm described in [15]. In
contrast, the papers [16, 66] report implementation with the primal-dual method. The
remarkable fact in all cases is that a “good” restoration direction allows very fast compu-
tation of a new analytic center after introduction of a new cut. Experience shows that one
or two Newton iterations suffice after introducing a single cut.

6.1.2 Linear algebra. Just as in plain interior point methods for linear programming,
the main issues are: the computation of the symmetric matrix AD?A™, where D is a
diagonal scaling matrix; and the computation of the Cholesky factors of AD?A™. The
general structure of Ais A = (G", E™)", where G is the matrix of subgradients generated by
the oracle and FE is a matrix with a structure of generalized upper bound GUB constraints.
The GUB structure appears when the oracle deals with an additive objective function and
returns separate subgradients, one for each piece of the additive function. The GUB matrix
may be absent, as in the case of pure feasibility problems, or partially present.

The matrix F introduces a sparsity structure that is easily exploitable. Indeed the
matrix AD? AT can be partitioned into four blocks: the lower diagonal one is the diagonal

“Web site http://ecolu-info.unige.ch/logilab
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matrix ED?E™. By block pivoting on this matrix [5], the factorization of AD?AT boils
down to the factorization of GD?*G™ + (GD*E™)(ED?E™)~Y(ED*G").

In many applications GD?G™ is dense, either because G itself is dense, or because the
rapidly increasing number of generated columns (in particular in the multiple cut case)
induces fill-in into the product matrix, even though G may remain sparse. However, it was
found necessary, for instance on multicommodity flow problems [32], to resort to sparse
linear algebra, at least for an efficient computation the matrix GD?G™. AccpMm also offers
an option for sparse Cholesky factorization, but the dynamically changing size of the matrix
G makes it necessary to perform a new symbolic factorization after each cut addition.

Finally, let us mention that AccpM is rather sensitive, at least on some very large
problems, to the accuracy in the computation of the Newton direction. Insufficient precision
may lead to a stall. The current implementation of ACCPM uses an iterative refinement
process that considerably improves performances.

6.1.3 Additive cuts. As pointed out in [48, 21], a proper formulation in a decompo-
sition approach may have a tremendous impact on the overall computational effort. In
particular, when the objective is additive and when the subgradients are computed for
each term of the sum, it is far better to keep the disaggregated information generated by
each individual term rather than aggregating it in a single subgradient (or cut). The latter
approach is usually known as a multiple cuts (or multiple columns) scheme, and is often a
must in practical implementations.

Multiple cuts pose a challenge when it comes to the point of computing the new analytic
center by the interior point method. For example, in instances of the nonlinear multicom-
modity flow problem with up to 10000 commodities and 2000 arcs that were successfully
handled by AccpM, the matrix G has 2000 rows (hence, A has 12000 rows,) and each
call to the oracle increases the number of columns by several thousands. The experience
shows that the primal projective algorithm faces this situation successfully: the number
of Newton iterations to compute a new analytic center is generally of the order 10 to 20;
rarely does it exceed these figures.

6.1.4 Initial box constraints. Theory and practice require that the iterates remain
within a box. Some sides of the box may be naturally specified by the oracle, e.g., nonneg-
ativity constraints y > 0. Most of the time, the sides are artificial bounds that should be
inactive at the optimum. ACCPM proposes default values. If the iterate gets “too” close to
a side, ACCPM automatically pushes this side of the box. This mechanism turns out to be
highly efficient in practice. (See e.g., [41].)

The user may also enter guess values for the box sides; good guesses may significantly
enhance performance.

6.1.5 Weights on some constraints and column deletion. In the context of opti-
mization problem, there is always a cut associated with the objective. When the oracle
provides a better bound (in the context of a minimization problem, an improved upper
bound,) at the query point, a new objective cut should be added. In practice, it is easier
to translate the objective cut. However, this clearly implies a loss of information. To
compensate for it, the objective cut is repeated a number of times. This strategy was
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found much more efficient [21]. The best repetition factor p seems to be the number of
generated columns. A p-times repetition of the constraint [35] is equivalent to a weight p
on the associated logarithmic barrier term.

In some examples, the rapidly increasing size of the matrix G becomes a real challenge
for the method. Clearly, some of the early generated columns become irrelevant and should
be discarded. Otherwise, the Newton iterations to compute analytic centers become more
and more costly as the number of generated columns increases. Though highly desirable,
column deletion is perilous. There is still a lack of theoretical study®, at least in the frame-
work described in this paper. Tests based on inscribed and enclosing ellipsoids have been
developed to decide on elimination [19]. Unfortunately, those tests are computationally
costly. Besides, updating the analytic center after a cut deletion seems to be much more
difficult than in the case of cut addition.

The best strategy in problems with large number of multiple cuts is to perform a drastic
deletion only once, say after one third of the estimated total number of iterations. See [19].

6.1.6 Constructing oracles. A cutting plane method can be viewed as a dialog be-
tween the main program, say ACCPM, and the oracle. The latter is problem dependent; it
is left to the responsibility of the user.

Recent development, tend to automatize this process in the case of large scale structured
problems, e.g., block angular structures. SET is the acronym of Structure Exploiting Tool
[26], a device that is appended to standard algebraic modeling languages and that allows
the user to pass the information relative to the structure. The use of a decomposition
scheme can be then fully automatized, leaving the user free to use either the standard
Kelley-Goldstein-Cheney-Dantzig- Wolfe-Benders scheme or ACCPM.

6.1.7 General assessment on ACCPM behavior. The general behavior of ACCPM can
be paraphrased in few sentences. The strong points of this algorithm are: robustness and
reliability (AccPM works with similar speed and predictability on very different problems),
simplicity (no tuning), stability (insensitive to degeneracy). The stability issue is very
important, in particular when the algorithm is used to solve repeatedly a subproblem
within a larger optimization problem, e.g., a Lagrangian relaxation within a branch and
bound approach. AccpPM shares with some other methods, but not all, the nice feature of
delivering dual variables.

On the negative side, two factors may severely reduce performance:

1. The Newton iterations are costly, especially if the cuts lie in a large
dimensional space.

2. The algorithm may be slow at identifying the optimum, even when
all necessary pieces of an original piecewise linear problem have been
generated.

SWith the exception of [3]; however, the method in this paper has not been implemented; it relies on
shallow cuts, a mechanism which could considerably slow down the method.
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The last item puts ACCPM in a weak position with respect to Kelley’s approach for
problems such as the linear multicommodity flow®, where the cuts necessary to describe
the optimum are few per commodity and quickly generated. Kelley’s strategy stops at
once when all necessary cuts are present’. In contrast, ACCPM keeps taking cautious steps
to guard against a possible bad behavior of the oracle.

6.2 Some applications

To conclude, we briefly review a few interesting applications. Nonlinear multicommodity
flow problems very naturally lend to a highly disaggregated formulation. Since the cuts
(columns) are made up of indicator vectors of paths on a network, the problem is sparse.
By exploiting sparsity, ACCPM could solve [32, 40] extremely large instances, with up to
5000 arcs and/or 10000 commodities. The survey paper [73] investigates several methods
such as the flow deviation [28], a primal-dual prozimal method [64] and the projection
method [8] on large nonlinear multicommodity flow problems. The most striking result is
that ACCPM is not always the fastest, but it is constantly “good” and is by far the most
stable one.

The capacity planning for survivable telecommunications networks is formulated in
[60, 77] as a very large structured LP that is solved by a two-level decomposition scheme.
Those papers provide instances of problems on which the optimal (Kelley’s) strategy fails.
Stochastic programming and multi-sectorial planning are traditional applications of a de-
composition approach. ACCPM is used in [5] and [6] to solve these problems. The paper
[27] considers a stochastic programming approach to portfolio management, with the aim
of handling a large number of scenarios. By distributing subproblems computations on a
system with 10 parallel PC’s, the analytic center method could solve a version with one
million scenarios.

Computation of economic equilibria is a very promising area of application for ACCPM.
A recent thesis [11] and the paper [16] give ample evidence of the solving-power of the
method on these reputedly difficult problems.

Finally, we would like to mention applications to integer programming. In the first ap-
plication [20], AcCPM is used to solve a Lagrangian relaxation of the capacitate multi-item
lot sizing problem with set-up times. A full integration of ACCPM in a column generation,
or Lagrangian relaxation, framework, for structured integer programming problems (clus-
tering, Weber problem with multiple sites [22]), shows that the reliability and robustness of
ACCPM in applications where a nondifferentiable problem must be solved repeatedly (i.e.,
at every node of the branch and bound tree) makes it a very powerful alternative to both
Kelley’s cutting plane method and to subgradient optimization.

At least on problems of medium to large size, but perhaps not on huge instances.
"Kelley’s algorithm, just like the simplex, has the finite termination criterion. However, just as the
simplex—and contrary to ACCPM and IPM’s, it may converge poorly on some problems.
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Appendix
Lemma 6.1 Let u € R"™ be a strictly positive vector. Then,
le — uf 1
——— <le—u . 6.1
ey 61)
Moreover, if |le — u|| < 1, then.
1 le — ull
e—u < — (6.2)
el = 7=

Proof: lemma trivially holds if u = e. Assume u # e. Since u > 0, we may write

te(u "t — e)H < max{u;} He - uflu .

le = ull = |
Since |le — u|| > max |u; — 1| > max{u;} — 1, one has

le — ull
le—ull +1 > max{u} > Lo
T le—u
This proves the fist part of the lemma.

To prove the second part of the lemma we substitute the vectors v and u~' for one
another in the above proof. Hence,

I Gt

€—U
T e—wry < e

also holds. Assuming |le — u|| < 1 and solving for He - u*IH, we get

H _ —1H le — ull
e—u < .
1—le —ul

Lemma 6.1 can be interpreted as follows. Let y, § € Fp and let s = ¢ — ATy and
5 =c— AT, Define u = s~ 13. Then

le —ull = [|s7"( = 5)|| = |57 A" @ = )| = 7 — vll, -

Thus, ||e — u| is just the distance from y to y in the Dikin metric at y. It appears that
Lemma 6.1 provides a new direct proof of Lemma 4.1.

Proof of Lemma 4.2. (This is essentially the proof in [69]. See also [72].)
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Denote y =y +7(y —y), 7 € [0,1], and r = ||y — y||y From the mean value theorem

(F'(§) = F'(y), 0 —y) =

L lly- — yll>_dr.
In view of (6.1),

| _ 2
[ 2= llyr =yl dr > 1=l g

1
0 0
[ 1% [t 2
r T _ _ r
= Of trr)? = Tof +07 = T+r

(F'(yr) — F'(y),9 — y)dr,

ﬁ.

1
f
01
= Of L(F'(y-) — F'(y), yr — y)dr,
1
f
0

r
2rdr [ tdt
Thrr = of 141 = w(r).

Proof of Lemma 4.3.
The proof is analogous to Lemma 4.2, but uses (6.2) of Lemma 4.1 instead of (6.1). =
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