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1. Introduction. In this paper, we consider the convergence properties of gen-
erating set search methods for linearly constrained optimization:

minimize  f(x)

1.1
(11) subject to Ax < b.

Here A is an m x n matrix, and Q denotes the feasible set: Q ={z | Az <b}.

In this paper, we restrict attention to feasible iterates approaches. Thus, we
require the initial iterate zy to be feasible and arrange for all subsequent iterates
xp, to satisfy xj € . Derivative-free algorithms of the class we term generating set
search (GSS) [5] were introduced for bound constraints in [6, 9] and for general linear
constraints in [7, 10] ([10] also allows for nonlinear constraints whose derivatives are
known). It was shown that under appropriate hypotheses, the limit points of the
sequence of iterates produced by these algorithms are Karush-Kuhn-Tucker (KKT)
points of (1.1).

In this paper, we give a different approach to the convergence analysis of GSS
methods for linearly constrained optimization. The approach is based on new sta-
tionarity results for these algorithms. Specifically, we show that at an identifiable
subsequence of iterations, there is a linear relationship between a particular measure
of stationarity and a parameter Ay that controls the length of the step admissible at
iteration k of a GSS algorithm. This relationship is useful since Ay is known to the
user, while any direct measure of stationarity would involve V f(x), which is presumed
to be unavailable or unreliable in the derivative-free context. Such a relationship ex-
ists for the unconstrained case [3] and the bound constrained case [6, 8]; however, the
relationship for the linearly constrained case in [7], using a measure of stationarity
different from the one used here, is less satisfying. The results presented here rectify
this shortcoming.

Our results also help both unify the convergence analysis of several classes of direct
search algorithms and clarify the fundamental geometrical ideas that underlie them.
In addition, they validate a practical stopping criterion for GSS algorithms. Finally,
these stationarity results are needed to extend GSS methods [4] to the augmented
Lagrangian approach of Conn, Gould, Sartenaer, and Toint [1].

In §2 we introduce some notation and terminology. We outline the class of algo-
rithms under consideration in §3. The stationarity results and their significance are
discussed in §4; preliminary statements of these results appeared in [5]. The geomet-
rical facts that underlie the stationarity results follow in Appendix A. Variations of
the stationarity results in §4 are developed in Appendix B.

2. Notation and geometrical quantities of interest. For GSS methods,
the set of search directions Dy, for linearly constrained optimization must reflect the
geometry of the boundary of the feasible region near z;. This requires that we be
able to identify the active, or nearly active, constraints so that we can specify an
appropriate set of generators to serve as search directions.

Let al be the ith row of the constraint matrix A in (1.1). Let

Ci={y|aly=b}
denote the set where the ith constraint is binding. Given x € ) and ¢ > 0, define the
index set I(x,¢€) to be the indices ¢ of those constraints for which z is within distance
€ of Cz
(2.1) i € I(x,¢e) if and only if dist(z,C;) <e.
5



1

F1G. 2.1. The outward-pointing normals a; for the index set I(xz1,e) = {1,2} and a; for the
index set I(x2,e) = {2,3}. Since the distance from x3 to OQ is greater than e, I(z3,e) = 0.

F1G. 2.2. The cones N(z,€) and T (z,¢) for the values 1, €2, and e3. Note that for this ezample,
as € varies from €1 to 0, there are only the three distinct pairs of cones illustrated (N(x,e3) = {0}).

The vectors a; for ¢ € I(x,€) are the outward-pointing normals to the faces of the
boundary of Q within distance ¢ of x. Examples are shown in Figure 2.1 for three
choices of = € Q.

Given z € Q, we denote by N(x,¢) the cone generated by {0} and the vectors a;
for ¢ € I(x,¢e). Its polar cone is denoted by T'(z,¢):

T(z,e)={v | w'v <0 foralwe N(z,e) }.

If N(z,e) = {0}, which is the case when I(z,e) = (), then T(xz,e) = R™ (in other
words, if the boundary is more than distance ¢ away, and one looks only within dis-
tance ¢ of z, then the problem looks unconstrained). Several examples are illustrated
in Figure 2.2. Observe that N(z,0) is the tangent cone of Q at x, while T'(z,0) is the
tangent cone of 2 at x,

The significance of N(x,¢) is that for suitable choices of ¢, its polar T'(z,¢) ap-
proximates the polyhedron € near x, where “near” is in terms of €. (More precisely,
x + T'(z,e) approximates the feasible region near x.) The polar cone T'(z,¢) is im-
portant because if T'(z,e) # {0}, then one can proceed from z along all directions
in T(x,¢) for a distance of at least e, and still remain inside the feasible region (see
Proposition A.6). Again, Figure 2.2 illustrates this point. The same is not true for
directions in the tangent cone, since the tangent cone does not reflect the proximity
of the boundary for points close to, but not on, the boundary.

Finally, given a vector v, let vy () and vp(, ) denote the projections (in the
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Fic. 2.3. How the w in (2.2) varies with —V f(x) when z — Vf(z) € Q .

Euclidean norm) of v onto N(x,¢) and its polar T'(z,¢), respectively. We frequently
abbreviate this notation as vy and vr. The polar decomposition [12, 13, 14] says that
any vector v can be written as the sum of its projection onto a cone and its polar
and the projections are orthogonal. We make use of the fact that v = vy 4+ vy, where
v]:f,vT =0.

We use the following quantity to measure progress toward a KKT point of (1.1).
For z € Q, let
(2.2) x(z) = max —Vf(zx)Tw.

z+weQ

The function y has the following properties [2]:

1. x(z) is continuous.

2. x(z) > 0.

3. x(z) = 0 if and only if = is a KKT point for (1.1).
Showing that x(xx) — 0 as k — oo then constitutes a global first-order stationarity
result. The w’s that define x(«) in (2.2) are illustrated in Figure 2.3 for three choices
of =V f(z).

3. GSS algorithms for linearly constrained problems. The general form
of the algorithm for linearly-constrained generating set search is given in Figure 3.1.
There are four places where the description in Figure 3.1 is intentionally vague; all
are flagged by the word “admissible.” In the subsections that follow, we make clear
what is meant by “admissible.” We begin with some terminology.

At iteration k, xy, is always the best feasible point discovered thus far; i.e., f(zy) <
f(zg) for all £ < k. The scalar Ay denotes the step-length control parameter; i.e., it
controls the maximum length of the admissible step along any search direction d € Dy,.
The scalar function p(-) is called the forcing function. The requirements on p(-) are
given in §3.2.

An iteration is called successful if the decrease condition in Step 2 is satisfied;
i.e., there exists dj, € Dy and an admissible Ay, € [0, Ag] such that

(3.1) fan + Agdy) < flzr) — p(Ag).

The set of indices of all successful iterations is denoted by S: k& € S if and only if
iteration k is successful. Note that di, Ay, and ¢y, are defined only if k € S.

If the iteration is not successful, then we deem it unsuccessful. It must be the
case then that for each d € Gy, either x; + Axd € 2 or

[ + Ard) > f(xg) — p(Ar).
7



ALGORITHM 3.1 (Linearly constrained generating set search)
INITIALIZATION.

Let zp € Q be the initial guess.

Let At > 0 be the tolerance used to test for convergence.

Let Ag > Ayg) be the initial value of the step-length control parameter.
Let 4, > 0 be the maximum distance used to identify nearby constraints.
ALGORITHM. For each iteration £ =0,1,2,...

STEP 1. Choose an admissible set of search directions Dy, = Gy U Hy.

STEP 2. I~f there exists dy € Dy, and ayorresponding admissible
Ay € [0, Ag] such that x + Apdy € Q and

flae+ Ardy) < fzr) — p(Ar),

then:
— Set T4l = Tk + Akdk
— Set Ayt = @Ay for an admissible choice of ¢y, > 1.

STEP 3. Otherwise, for every d € G, either xp + Ard & € or
f(@r + Ad) = f(zr) — p(Ak).

In this case:

— Set xg+1 = x (no change).

— Set Agt1 = 0r Ay for an admissible choice of 6 € (0,1).
If Agt1 < Agol, then terminate.

Fic. 3.1. Linearly constrained GSS

The set of indices of all unsuccessful iterations is denoted by U: k € U if and only if
iteration k is unsuccessful. Note that SNU = (). Also, 0} is defined only if k € U.

The scalar constant A, denotes the convergence tolerance on the step-length
control parameter. Once Agi1 < Agg], the algorithm terminates. However, Ay
is only reduced for k € U, so the algorithm can only terminate at the end of an
unsuccessful iteration. The stationarity results in §4 make clear that this stopping
criterion is appropriate.

3.1. Choosing an admissible set of search directions. The set of search
directions at iteration k is Dy = Gr U Hi. For now, we assume the following two
conditions are satisfied by the Gy used at each iteration of the algorithm in Figure 3.1.
Conditions on Hj are discussed in §3.2. A variant of Condition 1 is discussed in
Appendix B.



CONDITION 1. There exists a constant ¢y, > 0, independent of k, such
that for all k the following holds. For every ¢ € [0, e,], there exists G C Gy,
such that G generates T'(xg, ¢) and, furthermore, c4.1(G) > ¢min, Where
ca.1(+) is the quantity from Proposition A.1.

Condition 1 says that to be admissible, G must contain generators for all T'(xy, €)
as ¢ varies from 0 to €. Observe, however, that as € varies from 0 to e, there is only
a finite number of distinct cones N(z,e) (and correspondingly T'(xy,¢€)) since there
is only a finite number of faces of ). For instance, in Figure 2.2, if ¢, = €1, then for
0 < e < g, there are only three distinct cones N(zy,e) since there are only two faces
of Q within distance e, of xj. The notion of requiring some of the search directions
to generate T'(zy,e) for every e € [0,e,] originally appeared in a slightly restricted
form in [11], and later in [7, 10].

Condition 1 also imposes a uniformity condition which ensures that if —V f(x)
is not normal to  at z, then at least one search direction in Gj lies safely within
90° of —V f(x). To understand the necessity of this condition, suppose the problem
were unconstrained. Then T'(zy,c) = R™ for all e. If we apply Proposition A.1 with
K =R" and v = —V f(xy), then vg = —V f(x)) and (A.1) reduces to

can(9) V@) [ 1] < -V f(2)"d.

This we recognize as a condition which says that the angle made by at least one of
the search directions in G, with the direction of steepest descent remains bounded
away from 90°. This is a familiar condition in line search methods. See Section 3.4.1
of [5] for a further discussion of this point.

Condition 2 imposes bounds on the norm of all the search directions in Gj.

CONDITION 2. There exist Bunin > 0 and Bunax > 0, independent of &, such
that for all £ the following holds.

ﬂmin S ||d|| S ﬂmax for all d € gk.

Since the lengths of the steps that can be taken depend both on Ay (the step-length
control parameter) and on || d||, for all d € G, we require bounds on the lengths of the
search directions in Gy, so that the length of steps of the form Agd, for A; € [0, Ag]
and d € Gy, can be monitored using Ay.

3.2. Globalization strategies. In Steps 2-3 of the linearly constrained GSS
algorithm given in Figure 3.1, the choice of an admissible step, as well as admissible
parameters ¢ and 6, depends on the type of globalization strategy that is in effect.

The globalization of GSS is discussed in depth in [5]. The basic idea is to enforce
conditions which ensure that at least

likm inf A = 0.

We consider two possibilities here. We first specify the requirements on the forcing
function p(-).



CoNDITION 3. (Requirements on the forcing function)
1. The function p(-) is a nonnegative continuous function on [0, +00).
2. The function p(-) is o(t) as t | 0; i.e., 1tilr61 p(t)/t=0.

3. The function p(-) is nondecreasing; i.e., p(t1) < p(ta) if t; < to.

Note that p(A) = 0 satisfies these requirements, as does p(A) = aAP where « is some
positive scalar and p > 1.

3.2.1. Globalization via a sufficient decrease condition. One possibility is
to use a sufficient decrease condition to ensure global convergence. This globalization
strategy requires the following of the forcing function p(-) and the choice of .

CONDITION 4. (Sufficient decrease)

1. Condition 3 is satisfied.

2. The forcing function p(-) is such that p(¢) > 0 for ¢t > 0.
3. A constant 0, < 1 exists such that 0, < 0.« for all k.

Full details are discussed in Section 3.7.1 of [5]. The requirements of Condition 4 are
easily satisfied by choosing, say, p(A) = 1072A? and 6, = % Note that this condition
does not make any assumptions about the generating sets. The only other assumption
necessary to yield a globalization result is that f be bounded below, as follows.

THEOREM 3.1 (Theorem 3.4 of [5]). Assume that the linearly constrained GSS
method in Figure 3.1 satisfies Condition 4. Furthermore, assume the function f is
bounded below. Then liminfy_, . Ar = 0.

3.2.2. Globalization via a rational lattice. Another possibility requires all
iterates to lie on a rational lattice. In this case, restrictions are required both on the
types of steps and on the types of search directions that are allowed.

CoNDITION 5. (Rational lattice)

1. Condition 3 is satisfied.

2. The set G = {dV), ..., dP)} is a finite set of search directions, and every
vector d € G is of the form d = Be where B € R™*" is a nonsingular matrix
and c € Q".

3. All generators are chosen from G; i.e., G C G for all k.

4. All extra directions are integer combinations of the elements of G;. i.e.,
Hy C {30, €Wdl | €D € {0,1,2,...}}.

5. The scalar A is a fixed positive integer.

6. For all k € S, ¢y, is of the form ¢ = A where £;, € {0,1,2...}.

7. For all k € U, 0y, is of the form 0, = A™* where my € {-1,-2,...}.

8. All steps Ay € [0, Aj] satisfy either Ap=0o0r Ay = AmA, > Ayol, where
meZ, m<0.

While the list of requirements in Condition 5 looks onerous, in fact most can be satis-
fied in a straightforward fashion. A full discussion of the reasons for these requirements
can be found in Section 3.7.2 of [5]; here we limit ourselves to a few observations.

First, the choice p(A) = 0 is standard for the rational lattice globalization strategy
and means that Condition 3 is satisfied automatically.
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Note also that the set G is a conceptual construct that describes the set of all
possible search directions, rather than necessarily being a set of directions that are ac-
tually formed and used in the search. For instance, G may be viewed as containing all
the generators for all possible cones T'(z,¢), for all z € Q and ¢ € [0,&,]. Furthermore,
since the number of faces in the polyhedron (2 is finite, the set G may be chosen to be
finite. In this way the third requirement in Condition 5, necessary for globalization,
is satisfied. In fact, it is not necessary to construct the set G of all potential search
directions. At any iteration, a smaller set of search directions particular to xy is all
that is needed.

A standard assumption [7] is that the linear constraints are rational, i.e., A €
Q™*™. Then, if the generators are constructed with care (see Section 8 in [7]), every
generator will be rational. Choosing B to be a diagonal matrix with nonzero entries
along the diagonal then ensures that the vectors d in G are of the form d = Bc¢ where
B € R™ ™ is nonsingular and ¢ € Q", while remaining generators for all possible cones
T(z,¢e). Note that Condition 2 is satisfied automatically because G is finite.

Finally, consider the requirements on the scaling of the step. The usual choice of
A is 2. In the unconstrained case, ¢y typically is chosen from the set {1,2} so that
¢, € {0,1} for all k while 6 usually is chosen to be % so that m, = —1 for all k. In
the case of linear constraints, it is convenient to make use of the added flexibility in
choosing my, so that it is possible to take feasible steps that move the iterate close to
or onto a face of 2, as we discuss next. That is the import of the final requirement in
Condition 5.

As before, note that Condition 5 does not make any assumption about the gener-
ating sets. The only other assumption necessary to yield a globalization result is that
the set F = QN Lf(xo) is bounded, where Lf(xzg) = {z | f(z) < f(zo) } denotes
the level set of f at xg, as follows.

THEOREM 3.2 (Theorem 3.8 of [5]). Assume that the linearly constrained GSS
method in Figure 8.1 satisfies Condition 5, and also that the set F = QN Ly(zo) is
bounded. Then liminf,_ ., Ay = 0.

3.2.3. Choosing an admissible step. In this section, it is helpful to enumerate
the search directions in Dy. At iteration k, suppose

D= {a.d?,....a}.

In the unconstrained case, the trial points at iteration k are specified by
{.Z‘k-‘rAkd](;) | iZl,...,pk }

In the linearly constrained case, however, we may choose to take shorter steps, de-
pending on whether or not the full step (Ag) yields a feasible trial point.
Since we are restricting our attention to feasible iterates methods for solving (1.1),

we need to choose a scaling factor, which we denote Ag), to handle those situations

where xj + Akd](j) ¢ . Thus, the set of trial points in the constrained case is defined
by

{karAfj)d,(:) | z':l,...,pk}.

The choice of Afj) must be done in a way that ensures feasible iterates and yet ensures
global convergence. If the ith trial point yields success, we use the notation Ay = AS)
and dj = dg); i.e., we drop the superscript.

11



To ensure convergence to KKT points, we want to take a full step if it yields a
feasible trial point. This leads to the following condition.

CONDITION 6. If 2, + Apd” € Q, then A = A,

On the other hand, if z; + Akd,(f) ¢ €2, then there are at least two ways to choose
A,(;) in Step 2. The first approach is straightforward. For a given d,(;) € Dy,

(3.2)

AO _ [ A if o+ Ad? €
k 0 otherwise.

This corresponds to exact penalization (see the discussion in Section 8.1 of [5]) since
the effect of (3.2) is to reject any step Akd,(f) (by setting A,(:) = 0) that would take
the search outside the feasible region 2.

The second possibility is to take the longest possible step along d,(f) that keeps the
trial point feasible while satisfying the requirements of a given globalization strategy.
If a sufficient decrease condition is being employed (Condition 4), then an admissible
choice of A,(:) is the solution to

maximize A
(3.3) subject to 0 < A < Ay,
zp+AdY €.

If the rational lattice strategy is being used (Condition 5), then an admissible choice
of A,(;) is the solution to

maximize A
subject to A =0or A =A"Ag, with Ay < A™Ag, me {—1,-2,...},
T + Ad,(;) e Q.

In other words, the goal is to take the longest possible step that keeps the trial
point feasible while remaining on the rational lattice that underlies the search. The
condition Ay, < A™Ag, m € {—1,-2,...}, serves to ensure that m is bounded below,
independent of k.

4. Stationarity results. At unsuccessful iterations of the GSS method outlined
in Figure 3.1, we can bound the measure of stationarity x(zx) in terms of Ag. To do
so, we make the following assumption. Let F ={z € Q | f(z) < f(xo) }.

ASSUMPTION 4.1. The set F is bounded.

ASSUMPTION 4.2. The gradient of f is Lipschitz continuous with constant
M on F.

If both Assumption 4.1 and Assumption 4.2 hold, then there exists v > 0 such that
for all x € F,

(4.1) I = V@) <~
12



The Lipschitz assumption is purely for convenience; a version of our results can
be proved assuming only continuity of Vf(z). We then have the following results
regarding GSS methods for linearly constrained problems.

THEOREM 4.3. Assume that the linearly constrained GSS method in Figure 3.1
satisfies Conditions 1, 2, and 6. Lete, > 0 be given. Suppose also that Assumption 4.2
holds. If k is an unsuccessful iteration and Ak Bmax < €4, then

p(Ak) >

(4.2) I=VI@)lr@.e |l < Ak Bmin

<MAkﬂmax +

Cmin

for any e satisfying AgfPmax < € < &x.

Proof. Consider any ¢ for which AgfBp.x < € < e,. Clearly, we need only consider
the case when [=V f(2x)]7(z,,e) 7 0.

Condition 1 guarantees a set G C Gy, that generates T'(z, ). Then we can apply
Proposition A.1 with K = T(xg,e) and v = —V f(x) to conclude that there exists
some d € G such that

(4.3) ca1(9) 1=V @) r@ee | 1 d] < =V f(z)"d.
Condition 6 and the fact that iteration k is unsuccessful tell us that
fzp + Ard) > f(xr) — p(Ag) for all d € Gy for which x + Apd € Q.

Condition 2 ensures that for all d € G, || Ard| < AgBmax and, by assumption,
Ak Bmax < €, so we have || Agd || < € for all d € G. Proposition A.6 assures us that

xp + Ard € Q for all d € G. Thus,
(44) f(l‘k + Akd) — f(xk) + p(Ak) >0 forallded.

Meanwhile, since the gradient of f is assumed to be continuous (Assumption 4.2),
we can apply the mean value theorem to obtain, for some «y, € (0, 1),

flxi + Apd) — f(a) = AV f(zr + arArd)Td  for all d € G.
Putting this together with (4.4), we obtain
0 < ApVf(zg + arApd)Td + p(Ay) foralld e g.
Dividing through by A and subtracting V f(x)?d from both sides yields
—Vf(zr)Td < (Vf(xg + axApd) = V(x)" d+p(Ar)/A,  foralldeg.
Since V f(x) is Lipschitz continuous (Assumption 4.2) and 0 < ay < 1, we obtain
(4.5) ~Vf(z)Td < MAL|| d||? + p(Ar) /A for all d € G.

Since (4.5) holds for all d € G, (4.3) tells us that for some d € G

A p(A
ca1(6) | =5 F@) o | < MA 4 + 22
A || d]|
Using the bounds on || d || in Condition 2,
1 p(Ak) >
—Vf(x T1..€ < —F MA max T .
=T F o | £ s (M + S8

13



The theorem then follows from the fact that ¢4.1(G) > cmin (Condition 1). O

Theorem 4.3 makes it possible to use linearly constrained GSS methods in con-
nection with the augmented Lagrangian framework presented in [1]. The approach in
[1] proceeds by successive approximate minimization of the augmented Lagrangian.
The stopping criterion in the subproblems involves the norm of the projection onto
T(xzk,wk) of the negative gradient of the augmented Lagrangian, for a parameter
wg | 0. In the derivative-free setting the gradient is unavailable; however, Theorem 4.3
enables us to use Ay as an alternative measure of stationarity in the subproblems.
Details will appear in [4].

THEOREM 4.4. Assume that the linearly constrained GSS method in Figure 3.1
satisfies Conditions 1, 2, and 6. Let e, > 0 be given. Suppose also that Assump-
tions 4.1-4.2 hold. Then there exists cq.4 > 0, independent of k, but depending on
A, Cmin, the v from (4.1), and M, such that if k is an unsuccessful iteration and
Akﬁmax < Exs then

x(zk) < caa (M Ay B+ PLBH) ) _

Akﬂmin

Proof. Clearly, we need only consider the case when x(zx) # 0.
Case I. First, suppose

Akﬁmax S TA.4(’Y» A) X(mk)a

where 74 4(y, A) is from Proposition A.4 and Byax is the upper bound from Condi-
tion 2 on the norms of the search directions. Let

e =min{ra4(v, A)x(zk), €x}-

Then AgfBmax < € < €4, so we can apply Theorem 4.3 to obtain

A
I [=V (@) rgee.o || < 1, (MAWH‘&XJFA[),Eﬁ:ﬂ)n)'

min
Moreover, &€ < r4.4(7, A)x(zk), so we can apply Proposition A.4 with v = =V f(zy)
to obtain

|-V F @R | > 3.

The two preceding relations yield

(4.6) x(zk) < m

Cmin

(MAk B + 212 ) .

Case Il. The second case to consider is

Akﬁmax > TA.4(77 A) X(xk)

This can be rewritten as

(4.7) x(x) < ———

TA.4 ('77 A) M
From (4.6) and (4.7), choosing

M Ak ﬂmax-

. 2 1
ca4 =1 { Cmin ’ TA.4(7; A) M }
14



yields the desired result. O

Theorem 4.4 suggests that at unsuccessful iterations, the continuous measure of
stationarity x(-) tends to decrease as Ay is decreased. Since Ay is reduced only at
unsuccessful iterations, where the result of Theorem 4.4 holds, it is reasonable to
terminate the algorithm when Ay is reduced to below some tolerance.

As an immediate corollary of Theorem 4.4, we obtain a first-order convergence
result for the GSS algorithm in Figure 3.1.

THEOREM 4.5. Assume that the linearly constrained GSS method in Figure 3.1
satisfies Conditions 1, 2, 6, and either Condition 4 or 5. Let €, > 0 be given. Suppose
also that Assumptions 4.1-4.2 hold. Then

hin_}(r)lf x(zg) = 0.

In Appendix B we prove results similar to Theorems 4.3-4.4 when the set of search
directions at iteration k is allowed to be smaller than that considered here.

5. Conclusions. In [7], stationarity was measured using the quantity

q(x) = Po(z = Vf(z)),

where Pq is the projection onto €. In this case, ¢(z) is continuous and || ¢(z) | = 0 if
and only if z is a KKT point of (1.1). In [7], the authors showed that the bound

la@) =0 (a})

held at unsuccessful iterations. They conjectured that this could be sharpened to
O(Ay), but encountered obstacles to proving such a result.

On the other hand, Theorem 4.4 shows that at unsuccessful iterations, x(z) is
O(Ag). The results we have proved have at least two benefits. The first is that
Theorem 4.4 provides a justification for the stopping criterion prescribed for linearly
constrained GSS in Figure 3.1. The situation is much the same as that discussed
for unconstrained and bound constrained problems in [3, 8]. The step-length control
parameter Ay, which appears in the definition of GSS methods, provides a reliable
asymptotic measure of first-order stationarity. A second consequence, which results
from Theorem 4.3, is that it now will be possible to extend the results in [1] to direct
search methods [4]. The situation is much the same as that discussed in [8]. The
stopping criterion proposed by Conn, Gould, Sartenaer, and Toint for the solution
of the subproblem requires explicit knowledge of derivatives. Such information is
presumed absent in direct search methods, but we can replace this with a stopping
criterion based on the size of Ay in a way that preserves the convergence properties
of the algorithm in [1].

Theorem 4.3 and Theorem 4.4 also bring out some of the elements common to the
approaches described in [6, 7] and [9, 10]. In particular, we see how the convergence
analysis may be viewed as comprising two parts: showing that at least a subsequence
of {A} converges to 0 and showing that a stationarity bound like that in Theorem 4.4
holds at the unsuccessful iterations. For the first part, the algorithms in [6, 7] rely
on simple decrease in the objective and the fact that the iterates lie on a successively
refined lattice, while in [9, 10] the derivative-free sufficient decrease condition is used.
On the other hand, for both classes of algorithms the situation at unsuccessful it-
erations is the same, as described in Theorem 4.3 and Theorem 4.4. These bounds
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are consequences of the choice of search directions. The stationarity results in §4 do
not hold for all the algorithmic possibilities discussed in [10], so in Appendix B we
investigate what can be said using a variant of Condition 1 that allows G to contain
generators for a single cone T'(zy, € ), where g is updated at each iteration.

Since the choice of search directions for a linearly constrained GSS method de-
pends on §2, we have attempted to clarify some of the fundamental geometrical ideas,
pertaining to the fact that €2 is a polyhedron, that are necessary for the stationarity
results in §4 and Appendix B to hold. These geometrical results, which do not depend
on any assumptions regarding f and its derivatives, are developed in the appendix
that follows.

Appendix A. Geometric results on cones and polyhedra. Here we present
geometrical results having to do with our use of x(-) as a measure of stationarity. Since
these are largely technical in nature, we have relegated them to an appendix.

The first result says that if a vector v is not in the polar K° of a finitely generated
cone K and vg # 0, then v must be within 90° of at least one of the generators of
K. The proof follows that of Corollary 10.4 in [7].

ProroSITION A.1. Let K be a convex cone in R™ generated by the finite set G.
Then there exists c41(G) > 0, depending only on G, for which the following holds.
For any v for which vk # 0,

vTd

X —— > ca1(9) || vk ||

Al
(A1) T

The next proposition says that if one can move from x to x+v and remain feasible,
then v cannot be too outward-pointing with respect to the constraints near x.

PROPOSITION A.2. There exists ca2(A) > 0, depending only on A, for which the
following holds. If x € Q and x +v € Q, then for any € > 0, | n(,e) || < ca2(A) €.

Proof. Let N = N(z,¢). The result is immediate if vy = 0, so we need
only consider the case when vy # 0. Recall that N is generated by the outward-
pointing normals to the binding constraints within distance € of z; thus, the set
G =1{a; | i €I(x,e)} generates N. A simple calculation shows that the distance
from z to {y | al'y=10; } is (b; —alx)/||a; ||, so it follows that

b~ ol
i <e foralliel(x,e).

Meanwhile, since « + v € 2, we have
alz 4 aTv <b; for alli.
The preceding two relations then lead to
(A.2) alv<b;—alz<ela;| foralicI(ze).

Since N is generated by G = {a; | i € I(z,¢) }, and vy # 0, we may apply
Proposition A.1 and (A.2) to obtain

vTa; ellai]

can(9) fon |l <

max —— < =
i€l(x,e) || a; H i€l(x,e) H a; ||
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Any G used here consists of combinations of columns of A, and the number of such
combinations is finite. Thus there is a lower bound ¢, > 0 for c4.1(G) that depends
only on A. The result follows with c4 2(A) = 1/¢,. O

For z € Q and v € R", define
(A.3) xX(z;v) = max, wlv.

llwll<1

Note from (2.2) that x(z) = x(z; =V f(x)). We use v in (A.3) to emphasize that the
following results are purely geometric facts about cones and polyhedra.

The following proposition relates x(x;v) to the cones T(z,¢) and N(x,¢).

PROPOSITION A.3. There exists ca3(A) > 0, depending only on A, such that if
x €, then for alle > 0,

X(@;0) <[ vree) |+ cas(A) [[vn@e |l e

Proof. Let N = N(z,¢) and T = T'(z,¢). Writing v in terms of its polar decom-
position, v = vy + vp, we obtain

Yz;v) = max wlv < max wlvr + max wloy.
c+weN r4+wEN Tz+weEN
i< lw i< lw i<

For the first term on the right-hand side we have

max wl vy < ||vr].
zHweN
Twil<1

Meanwhile, for any w we have
T T T
w vy = (wr + wy) vy < wyUN
since w%vN < 0. Thus,

max wl vy < max [[wy || || o]
z+weN z+weN
Twi<1 lwi<1

However, since z + w € Q, Proposition A.2 tells us that
Jwn || < caz(A)e.
Therefore,
X(z;0) < [lor ||+ caz(A) [[on ] e

Setting c4.3(A) = ca.2(A) completes the proof. O

The following corollary says that if x(x;v) # 0 and ¢ is sufficiently small (relative
to X(z;v)), then x(x;v) cannot be very large unless vp(, c), the tangential part of v,
is also at least of the same order of magnitude.

PROPOSITION A.4. Let vy > 0 be given, and let v € R™ satisfy ||v] <. Suppose
x € Q is such that x(xz;v) > 0. Then there exists r4.4(v,A) > 0, depending only on ~y
and A, such that if € <ra4(y, A)x(x;v), then

(A4) lvr@.e [l =
17

x(z;v).
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N(x,£,) N(x.,)

-0 f(x)

Fic. A.1. The cones N(z,e) and T'(z,¢) for the values €1, €2, and €3, and three examples (from
Figure 2.8) showing the projection of the negative gradient onto a generator of each of the cones
T(z,e1), T(z,e2), and T(x,e3).

Proof. Let N = N(x,¢) and T = T'(z, ). By Proposition A.3, for any ¢ > 0,
X(@;0) <|lor ||+ cas(A) [[on || e.
Since ||vy || < ||v ]| (because the projection onto convex sets is contractive), we have
X(#;v) < |[lor ||+ cas(A)ye.

Set
1

TA.4(’)’, A) = m§

then, if € <r4.4(y, A)X(x;v), we have

1
5 %(@iv) < Jlor ],

0

The following proposition ensures that at least one of the directions in Dy, a
valid set of directions for linearly constrained GSS methods (see Figure 3.1), is a
descent direction. Illustrations can be seen in Figure A.1 for the three examples from
Figure 2.3 as ¢ is reduced to satisfy Condition 1.

PROPOSITION A.5. Let vy > 0 be given, and let v € R™ satisfy || v | < . Suppose
x € Q is such that X(z;v) > 0. Givene >0, let G generate T(x,e). Then there exists
ca.5(G) > 0, depending only on G, such that if e < ra4(7v, A) x(x;v), then there exists
d € G such that

(A.5) cas(G) X(z;v) || <o

Proof. Let € < r4.4(7y,A) x(z;v). Proposition A.4 tells us that

1
” U (z,e) || > X({E;U).
2

Since, by hypothesis, x(z;v) > 0, it follows that vy, .y # 0. Proposition A.1 then
says that there exists d € G such that

v'd > ca1(G) [|vr@e || 1]
18



Combining the two previous inequalities yields
T 1 .
vd> 3 ca1(9) x(z;v) [ d].

Let ca5(G) = % ca1(G). O
Another point needed for the stationarity analysis is that it is possible to take
a suitably long step along the descent direction in G promised by Proposition A.5.
The following result ensures that it is possible to take steps of at least length ¢ along
directions in T'(z,¢) and remain feasible, as in the examples in Figure A.1.
PROPOSITION A.6. Ifx € Q, and v € T(x,¢) satisfies |v]| < e, then x4+ v € Q.
Proof. Suppose not; i.e., v € T(x,¢) and |v|| < &, but 2 + v € Q. Then there
exists 7 such that a (z +v) > b;. Using the fact that z € 2, so al'z < b;, we have

(A.6) alv>b; —alz >0.
Define
. b; —alz
alv
Note that t < 1 by (A.6). Let y = x + tv. Then aly =b; and ||z —y| = || tv]| < e.

Thus, ¢ € I(z,¢) and a; € N(z,¢). Since, by hypothesis, v € T(z,¢), we must have
alv < 0. However, this contradicts (A.6). O

Appendix B. Results for a more limited set of search directions. Results
similar to Theorems 4.3—4.4 can be proved when, rather than requiring Gy, to contain
generators for T'(zy,e) for all € € [0,&,] as in Condition 1, G, need only contain
generators for a single cone T'(xy, £ ), where ¢}, is updated at each iteration. Algorithm
1 in [10] is based on such a set of search directions. This leads to the following
relaxation of Condition 1.

CONDITION 7. There exists a constant ¢y, > 0, independent of k, such
that for all £ the following holds. There exists G C G such that G generates
T(x,er) and, furthermore, c4.1(G) > ¢min, where c4.1(+) is the quantity
from Proposition A.1.

Note, however, that the uniformity condition is unchanged.

To ensure global convergence, at each iteration the parameter £, must be updated
in such a way that limgey e, = 0 (or at least liminfyey e, = 0). In Algorithm 1 in
[10], this is done by setting exy1 = & for k € S and 41 = ney, for k € U where 7 is
some fixed constant with n € (0,1). Unlike in [10], we require the following relation
between ¢ and Ay which restricts €; from becoming too small relative to Ag.

CONDITION 8. There exists a constant ¢, > 0, independent of k, such that
c: A < g, for all k.

This condition can be ensured if ¢ is reduced by the same factor 6 as Ay at unsuc-
cessful iterations; i.e., ex11 = Oey for all k € U.

The resulting algorithm is similar to Algorithm 1 in [10], though our approach
differs in several ways. The most material difference is that we impose a more stringent
step acceptance criterion, requiring the improvement in f to be p(Ag), rather than
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p(Ar). Another difference, as noted previously, is that we require a relationship
between 5 and Ag. We then have the following analog of Theorem 4.3.

THEOREM B.1. Assume that the linearly constrained GSS method in Figure 3.1
satisfies Conditions 2, 6, 7, and 8 and that Ag) is chosen according to (5.3). Suppose
also that Assumption 4.2 holds. If k is an unsuccessful iteration, then

p(A) >
MAk:ﬁmin ’
where p > 0 is independent of k and depends only on c. and Bmax-

Proof. The proof closely resembles that of Theorem 4.3. By Condition 7, there is a
subset G C G, that generates T'(x, k). Applying Proposition A.1 with K = T'(zg, k)

min

B Tl | S o (M A+

and v = —V f(z), we are assured that there exists some d,(j) € G for which
(B.2) ca1(9) | =9 S @)lrn e L1 7 1 < =V F )Ty

Now, the algorithm always tries a step A,(f)dg) along each generator d,(:). Since
A,(f) is chosen as the solution to (3.3), either A,(;) = Ay or A,(;) is as long as possible
while still having = + A,(f)d,(:) € Q. In the latter case, Proposition A.6 says we can
move a distance of at least ej along the generators of T'(z,er) and remain feasible.

Therefore, if AS) < Ay, we still have at least Al(;)H d,(f) || > k. From Condition 8 it
then follows that

AW > Sk Bk
1d9 ||~ Bmax
Thus, in either case we have
(B.3) A > min (1, ﬂCE ) Ay.

Let

p=min (1, .
ﬁmax

If iteration k is unsuccessful, then
(B.4) flzg + A,(:) dg)) — f(zk) + p(Ag) >0 for all d,(f) € Gy.

Then, as in the proof of Theorem 4.3, using the mean-value theorem and the Lipschitz
continuity of V f(x), we find that

—V fan)Tdy) < MAY [[d) |2 + p(Ak) /AL for all d) € Gy.
From (B.3) we then have
(B5)  —Vf(zp)Td? < MAL ||1dV |12 + p(Ar)/(nAy)  for all diY € Gy

Since (B.5) holds for all d;ci) € Gk, (B.2) tells us that

5(i p(A
ca1(9) | VS @0)lr(an.en | < MAL Y + —25E_
WA
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Because Condition 2 is satisfied, and

1 p(A)
[ =V f(@)lr@ e | < ) (MA’“ﬁma" + ,L’Ak/())mm>

Appealing to Condition 7 and choosing c¢4.3 = 1/c¢pmin yields the result. O

Note that this theorem differs from Theorem 4.3 because it has the factor p in
the denominator of the second term of the right hand side. Since p < 1, this means
that the bound in (B.1) may not be as tight as the bound (4.2) obtained when Gy,
contains generators for multiple cones (as in Condition 1).

We also have the following analog of Theorem 4.4.

THEOREM B.2. Assume that the linearly constrained GSS method in Figure 3.1
satisfies Conditions 2, 6, 7, and 8 and that Ag) is chosen according to (3.3). Suppose
also that Assumptions 4.1—4.2 hold. If k is an unsuccessful iteration, then

p(Ax)
/’LAkﬁmin

where v is from (4.1) and u is as in Theorem B.1.
Proof. From Proposition A.3 we have

1
X(xk) < — (M Ak ﬂmax +

Cmin

> +cas(A)veg,

x(@) <N =V @)lr@e) | +cas(A) | [=VH @) n.en | e

The fact that || [~V f(2r)|N(z,e,) | < v and the bound on || [~V f(zk)|7(z,c,) || from
Theorem B.1 then yield the theorem. O
Finally, we have a first-order convergence result analogous to Theorem 4.5.
THEOREM B.3. Assume that the linearly constrained GSS method in Figure 3.1
satisfies Conditions 2, 6, 7, and 8. In addition, assume that either Condition 4 or &
holds. Further, assume liminfycy e = 0. If Assumptions 4.1-4.2 also hold, then

hin_}(r)lf x(zg) = 0.

REFERENCES

[1] A. R. ConN, N. GOUuLD, A. SARTENAER, AND P. L. ToINT, Convergence properties of an
augmented Lagrangian algorithm for optimization with a combination of general equality
and linear constraints, STAM Journal on Optimization, 6 (1996), pp. 674-703.

[2] A. R. Conn, N. I. M. GouLD, AND P. L. TOINT, Trust-Region Methods, vol. 1 of MPS/SIAM
Series on Optimization, STAM, Philadelphia, 2000.

[3] E.D. DoraN, R. M. LEw1s, AND V. J. TORCZON, On the local convergence properties of pattern
search, SIAM Journal on Optimization, (to appear).

[4] T. G. KoLpa, R. M. LEwis, AND V. TORCZON, Convergence properties of an augmented La-
grangian direct search algorithm for optimization with a combination of general equality
and linear constraints. in preparation, 2003.

, Optimization by direct search: New perspectives on some classical and modern methods,
SIAM Review, 45 (2003), pp. 385—482.

[6] R. M. LEwis AND V. TORCZON, Pattern search algorithms for bound constrained minimization,
SIAM Journal on Optimization, 9 (1999), pp. 1082-1099.

, Pattern search methods for linearly constrained minimization, SIAM Journal on Opti-
mization, 10 (2000), pp. 917-941.

[8] ———, A globally convergent augmented Lagrangian pattern search algorithm for optimization
with general constraints and simple bounds, SIAM Journal on Optimization, 12 (2002),
pp- 1075-1089.

21



S. Lucipl AND M. SCIANDRONE, On the global convergence of derivative-free methods for un-
constrained optimization, STAM Journal on Optimization, 13 (2002), pp. 97-116.

S. Lucipl, M. SCIANDRONE, AND P. TSENG, Objective-derivative-free methods for constrained
optimization, Mathematical Programming, 92 (2002), pp. 37-59.

J. H. MAY, Linearly Constrained Nonlinear Programming: A Solution Method That Does
Not Require Analytic Derivatives, PhD thesis, Yale University, New Haven, Connecticut,
December 1974.

J. J. MOREAU, Décomposition orthgonale d’un espace hilbertien selon deux cones mutuellement
polaires, Comptes Rendus de 1’Académie des Sciences de Paris, 255 (1962), pp. 238-240.

R. T. ROCKAFELLAR, Convex Analysis, Princeton University Press, Princeton, NJ, 1970.

E. H. ZARANTONELLO, Projections on convex sets in Hilbert space and spectral theory, in Contri-
butions to Nonlinear Functional Analysis, E. H. Zarantonello, ed., Academic Press, London
and New York, 1971, pp. 237-424.

22





