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1 Introduction
In this paper we seek to approximately solve the problem
min {f(x) : x € D}, (D

where f : R" — R is a locally Lipschitz function and D ¢ R”" is a convex compact set.

The information at disposal is provided by an inexact procedure that, given a point x/,
returns some estimations for the function value at x' and for one subgradient at x’. Accord-
ingly, the available information is f’ ~ f(x') and g’ ~ g(x') € df(x’). Working with inexact
information presents a natural challenge in a number of modern applications. In this paper,
we shall assume that the inexact information is provided in a manner such that the errors
in the function and subgradient values are bounded by universal constants (see Section 2.1
for mathematical details). While the algorithm and analysis do not require these constants
to be known, they do require them to exist across the entire (compact) constraint set. This
assumption is not restrictive; it encompasses several useful situations. Clearly, if the infor-
mation is exact, then the assumption holds trivially (with all errors bounded by 0). Three,
more interesting, examples include derivative-free optimization, Large-scale Lagrangian or
Semidefinite relaxations, and stochastic simulations. We discuss these next.

Example 1 (Derivative-Free Optimization) Suppose f € C2, and a procedure is provided
that returns exact function values, but does not return any gradient information. This is the
framework for the large research area of derivative-free optimization (DFO) [CSV(09]. One
common technique in DFO is to approximate the gradients using finite differences, linear
interpolation, or some other approximation technique. Numerical analysis and DFO con-
tain a ripe literature on how to approximate gradients, and more importantly error bounds
for various approximation techniques (see [CSV09, §2-5] for a few examples). Similar er-
ror bounds exist for a variety of (sub-)gradient approximation techniques [Gup77,BKS08,
CSV09,Kiw10,HM12,HN13]. In general, error bounds are based on the Lipschitz constant
of the true gradient, the geometry of the sample set (the set of points used to create the ap-
proximation), and the diameter of the sample set. As the sample set is created by the user,
its geometry and diameter are assumed to be controlled. The compactness of D can be used
to assume a universal bound on the Lipschitz constant, and thereby create a universal error
bound for the approximated gradients. In this case the exact value of the universal constant
would be unknown, as it would depend on the bound for the Lipschitz constant of the true
gradient, but the bounding constant itself is known to exist.

Example 2 (Large-scale Lagrangian or Semidefinite relaxations) Another example arises
when solving large-scale or difficult problems by Lagrangian or Semidefinite relaxations,
which amount to minimizing a function of the form f(x) := sup {F,(x) : z € Z} for functions
F,(-) that are usually smooth but sometimes may be nonconvex, [Lem01,LS05,PT06]. In
some applications it may be impossible to evaluate f precisely but controllable accuracy is
easily obtained; in particular when the set Z is bounded, such is the case in [ES10,Sag12].
A similar situation arises in Hy-control, as presented in [ANO09,Nol13]. In [ANOO09] it is
argued that certain nonconvex functions can be locally approximated by use of the support
function of a compact set. A detailed explanation of this approximation technique is given
in [Nol13, §1.9]. An error bound of the form required in this paper is provided in [ANOQ9,
Lem 2.1] and proof that the function is lower-C? (and therefore locally Lipschitz) is given
in [Nol13, Lem 9].
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Another example where errors arise in function and gradient evaluation is when the
objective function is provided through a stochastic simulation.

Example 3 (Stochastic simulations) If the objective function is provided through a stochas-
tic simulation, then the errors in the function and subgradient values are understood through
probability distribution functions. (This would encompass, for example, the situation where
the objective function is provided by an expected value estimated via Monte-Carlo simula-
tion [RC04].) Errors can be controlled and reduced by running the simulation multiple times
and applying the central limit theorem. However, it should be noted that, an error bound of
the form used in this paper is not truly accessible in this situation, as there will always be
some nonzero probability of the error being surprisingly large.

The minimization of nonsmooth convex functions that are given by exact information
has been successfully approached in several manners. Amongst the most popular are the
bundle and proximal-bundle methods [HUL93, Ch. XV]. Indeed, such methods are currently
considered among the most efficient optimization methods for nonsmooth problems; see,
e.g., [Lem01,SS05,Sag12] for more detailed comments.

From the “primal” point of view, bundle methods can be thought of as replacing the true
objective function by a model, constructed through a bundle of information gathering past
evaluation points and their respective f, g-values. In particular, proximal-bundle methods,
[HUL93, Ch. XV], compute the proximal point of the model function to obtain new bundle
elements and generate better minimizer estimates. This work is in the direction of adapting
one such method to handle both nonconvex objective functions and inexact information.

Not long after works on bundle methods for the convex case were first developed, the
problem of (locally) minimizing a nonsmooth nonconvex function using exact information
was considered in [Mif82b,Kiw85a] and more recently in [MN92,Kiw96,LV98, ANOQO9,
HS10]. Many of these bundle methods were developed from a “dual” point of view. That
is, they focus on driving certain convex combinations of subgradients towards satisfaction
of first order optimality conditions [Lem75,Mif77,Lem78,LSB81,Mif82a, Mif§2b]. Except
for [HS10], all of these methods handle nonconvexity by downshitfing the so-called lin-
earization errors if they are negative. The method of [HS10] tilts the slopes in addition to
downshifting. Our algorithm here is along the lines of [HS10].

Inexact evaluations in subgradient methods had been studied in the nonconvex setting
in [SZ98], and in the convex case, for a variety of algorithms, in [Kiw04,dAF09,NB10].
Contrary to earlier work on inexact subgradient methods, both [SZ98] and [NB10] allow
nonvanishing noise, i.e., evaluations of subgradients need not be asymptotically tightened.
Inexact evaluations of function and subgradient values in convex bundle methods date back
to [Kiw95]. However, the noise in [Kiw95] is asymptotically vanishing. The first work where
nonvanishing perturbations in bundle methods had been considered appears to be [Hin01];
but only subgradient values could be computed approximately, while function evaluations
had to be exact. Non-vanishing inexactness (still in the convex case) in both functions and
subgradient values was introduced in [Sol03], and thoroughly studied in [Kiw06]. For the
latest unified theory of convex inexact bundle methods, see [dOSL14]. In this work, we
consider behavior of the redistributed bundle method of [HS10] for nonconvex functions
that are given by inexact information. To the best of our knowledge, the only other work
dealing with inexact information in bundle methods for nonconvex functions is [Nol13]. The
method of [Noll13] employs the “downshift” mechanism that modifies linearization errors
if they are negative. In addition to downshifting the cutting-planes, our method also tilts its
slopes (and of course, there are also some other differences in the algorithms). In [Nol13],
the cases where the objective function is either e-convex ([Nol13, eq. (1.14)]) or lower-C!
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([RW98, Def. 10.29]) are examined. Unlike our work, which assumes a bounded constraint
set, the work of [Nol13] assumes bounded lower level sets. Overall, our convergence results
are quite similar to [Nol13] (see Subsection 5.2 for a thorough description of some details
of this comparison). The algorithms themselves are quite different, however.

The remainder of this paper is organized as follows. This section continues with outlin-
ing some general terminology and notation for our nonconvex setting. Section 2 summarizes
the notation used in our algorithm. In Sections 3 and 4 we formally state our Inexact Proxi-
mal Bundle Method and analyze its convergence. Section 6 presents numerical results.

1.1 General notation and assumptions

Throughout this work we assume that, in problem (1), the objective function f is proper
[RWIS, p. 5], regular [RW98, Def 7.25], and locally Lipschitz with full domain. Note that, in
the supremum function example in the introduction, that is when f(x) := sup {F,(x) : z € Z}
and Z is a compact convex infinite set, if F, is well-behaved in Z, then the function is a
“lower-C?” function, so proper, regular, and locally Lipschitz [RW98, Def 10.29 & Thm
10.31]. Also note that the assumption that f is proper with full domain means that f is
finite-valued for all x € R".

In general we shall work with the definitions and notation laid out in [RW98]. The closed
ball in R” with the center in x € IR” and radius p > 0 is denoted by B,(x). We shall use
0f(X) to denote the subdifferential of f at the point x. Note that regularity implies that the
subdifferential mapping is well-defined and is given by

Af(x) = {g eR" : liminf L0 =/ =& X7 0 o}. )

XX XEX [x — X

Alternative equivalent definitions of the subdifferential mapping for regular functions can
be found in [RW98, Chap. §8].

The family of lower-C ! functions, defined below, was introduced by [SP81]. It consti-
tutes a broad class of locally Lipschitz functions that contains lower-C? functions as a sub-
family. Given an open set £ containing D, combining [DG04, Thm.2, Cor.3] with [SP81,
Prop.2.4], the following statements are equivalent:

(i) fislower-C' on Q

YieQ,Ye>03p>0: Sfx+u) > f(x)+ (g, u) — &lul
Vx € B,(%) and g € df(x) whenever |u| < p and x + u € B,(%)

VieQ,YVe>03p>0: (1_2 1_2>>_|l_2|
¥yl )P € By and g' € 9f (), g e afp) [\ T8 T/ =AY

(iv) f is semismooth ([Mif77]) and regular on Q.

(i)

(iii)

3

2 Notation for bundle method ingredients

Due to the technical nature of some of the developments in bundle methods, t is useful to
provide a summary of notation upfront.
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2.1 Available information

Defining the concept of inexact information for function values is straigthforward. Given
a point x and some error tolerance o= > 0, the statement “¢ € R approximates the value
f(x) within 0, means that |¢ — f(x)| < o. By contrast, for subgradient values, the notion of
inexact information allows more interpretations. We shall consider the following estimates,
which make good sense especially in the nonconvex case. At a point x, an element g € R"
approximates within tolerance 6 > 0 some subgradient of f at x if g € df(x) + By(0).

The algorithm herein will hinge around previously generated information. Basic ele-
ments include

k an iteration counter,
J* an index set for the information used in iteration k,
{x/} jest a set of points indexed by J*,
#* the algorithmic center at iteration k.

The algorithmic center will be one of the bundle points: £ € {x/} jest- The algorithmic center
is essentially the “best” known point up to the k-th iteration.

The algorithm works with inexact information. So we have inexact function and subgra-
dient values as follows:

f/ = f(x) — o/ where ¢/ is an unknown error,
f* = f(&) — 6* where 6* is an unknown error. “
g/ € 0f(x/) + Byi(0) where 6/ is an unknown error.

Note that the sign of errors o/ is not specified, so that the true function value can be either
overestimated or underestimated. Both error terms o/ and 6’ are assumed bounded:

o/l <& and 0<6& <@forall j. 5)

But the error terms themselves, and their bounds &, 6, are generally unknown.

2.2 Model functions and some basic relations

As usual in bundle methods, we use the available information to define a piecewise-linear
model of f. If the function f were convex and the data exact, then given a point x/, any
subgradient g/ € df(x/) would generate a linear lower bound for the function: f(x/) +
< gly—x/ > < f(y) for all y. This knowledge gives the classical cutting-plane model for f:

J J v — v\ = ok _ ok J oy _ sk
Ijg'c}g({f(xﬂ(g =) = f& )+rjrggc{ ¢+ (gl y - )
for some index set JX C {1,...,k} referring to some previous iterates, where

¢f = (&) = flal) = (¢/. 5 = )

are the linearization errors (nonnegative in the convex case).

In our setting, we are working with inexact information. Furthermore, we have to deal
with possible nonconvexity of f. Following the redistributed proximal approach of [HS10],
we generate a convex piecewise-linear model defined by

MFGEF +d) = ff+ rjrla}zi{—c'j‘. + <s’;,d>} . (6)



6 Hare, Sagastizabal, and Solodov

In each affine piece, both the intercept and the slope correspond, respectively, to the lin-
earization error and subgradient of the “locally convexified” function f(-) + %kl - =K,
for certain convexification parameter 7 adjusted dynamically, along iterations. Similarly
to [HS10], such parameter is taken sufficiently large to make the intercept c’]‘. nonnegative
(in the nonconvex case, the linearization errors may be negative even if the exact data is
used.)

Accordingly, each affine piece has a shifted nonnegative intercept

o=l =gl = ¥y,

k

e. .=
k. k k J
0< ;= ej+bj, for b e 77_k|xj_5€k|2; (7)
J 2
and a modified slope,
sii=gl+ () = 39, ®)

which results from tilting the given approximate subgradient g/ at x/ by means of 7*.
Any choice for the convexification parameter that keeps c’; in (7) nonnegative is accept-
able. In our proximal redistributed method we take

F> max{ max i 0+ )
= jedk xixsk |xl — K27 &
for a (small) positive parameter y, whose role is explained in Remark 1 below.

The term bundle information will be used to denote all the data needed to define the
model M* in (6); the relevant objects will be indexed by the set J*. Recall that # = x/ for
some j € J¥, so the algorithmic center is always included in the bundle (this is not strictly
necessary, but simplifies some issues; and keeping the last best iterate in the bundle makes
some general sense anyway).

Notice that taking in (7) the index j € J* for which £ = x/ gives b} = 0 and ¢} =
fk - f1=0,s0 cf = 0 and, hence,

M) = fC+ max{~cj} = i (10)
JE

Each new iterate in the algorithm is given by solving the proximal point subproblem for
the model M*. Specifically,
X = gy gk,

for the (uniquely defined) direction

d = arg min {Mk(fck v+ %W} (1

+deD

1
. k( ak .ok 2
= argmin{ M*(X" +d) + ip(X" +d) + —|d|" ¢,
gdew{ (& +d) + ip( +d) + 5l }
where £ > 0 is an inverse proximal-parameter, and the notation ip stands for the indicator
function of the set D:
0,ifye D,
+00, otherwise .

ip(y) = {

As a practical matter, D must be simple enough, for example, defined by box or linear con-
straints, so that the resulting bundle method subproblems are quadratic programs. That said,
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modern computational tools also allow to solve efficiently somewhat more complex sub-
problems, such as consisting in minimizing quadratic functions subject to convex quadratic
constraints, e.g., [AFGG11]. So, in practice, D could be defined by convex quadratics too.
As a matter of the theory presented in the sequel, D can be any convex compact set (subject
to the comments in Remark 2 below).

From the optimality conditions of the subproblem above (which is linearly constrained
if D is polyhedral; or assuming a constraint qualification [Sol10] if D is more general),

1
0 € M (XY + 9ip(Xh + t—kd".

Since the model (6) is piecewise-linear, this means that there exists a simplicial multiplier

v 4]
o eR", okz0, Y ak=1
j=1
such that
d' = MG+, where G'i= Y aksh, Feaip(hth). (12)
JjeJk

Once the new iterate is known, we define the aggregate linearization
ARG + d) = MFOKYY + (GF d - dFy. (13)
Thus we have,
ARy = ME(RYY ) GF e OMF(XY), and GF = VA¥(3F + d) foralld e R".  (14)
By the subgradient inequality, it holds that
AR +dy < M*(®* +d) foralld e R". (15)
The aggregate error is defined by
EF = M*(R - MFGMYY +(GR dFy > 0, (16)

where the inequality follows from G* € M*(x**') and d* = x**! — %% Using that f* =
MF*(%%) (see (10)) and the optimal multipliers from (12), gives the following alternative ag-

gregate error expressions:
Ef = Za’;c’;, (17)
jeJgk

and
Ek — fk _Ak(karl) + (Gk,dk>.

Similarly, for the aggregate linearization it holds that
k(s P k(_ k k
AN@E v d) = 4 Y dh(—ch + (sh,d))
jeJk
= f*-E*+(G"dy, deR", (18)

where we have used (12).
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3 Algorithm Statement

After the new iterate is computed, we first check whether it provides sufficient decrease
of the objective function as compared to the previous stability center (naturally, both are
inexact values in our setting). Specifically, the quality of decrease is measured as a fraction
of the quantity

o = (ff = MME) + EF + 4G + VP = EN + 1IGH + VP, (19)

where E* is defined in (17) and G* and v* are given by (12); the right-most equality is by
(10). Note that since EX > 0 by (16), it follows from (19) that

sk > 0.

(Here, we note that our definition of the predicted decrease ¢* differs from [HS10].) If the
descent is sufficient, then the corresponding point is declared the new stability center (a
so-called serious iteration). Otherwise, the stability center £ remains unchanged, and the
model M* is refined (a so-called null step).

Our assumptions on defining the next model M**! are standard:

MEYEE 4 d) > flot = kel (el gy, 20)
M+ d) > ARGEE + d).

The conditions in (20) are required to hold on consecutive null steps only; they need not be
required after a serious step is performed. The first relation in (20) just means that the newly
computed information always enters the bundle. The second condition holds automatically if
no information is removed (due to (15)), or if only inactive pieces (corresponding to a/J‘. =0)
are removed.

We next describe the different steps of the proposed algorithm.

Algorithm 4 (Nonconvex Proximal Bundle Method with Inexact Information) An pro-
cedure is given, providing for each x a value f approximating f(x) and a vector g approxi-
mating some element in 0 f(x), as in (4), (5).
Step 0 (initialization).
Select parameters m € (0, 1) and y > 0 and a stopping tolerance tol > 0.
Choose a starting point x' € R”, compute f! and g', and set the initial index set J' :=
{1}. Initialize the iteration counter to k = 1. Select an initial inverse prox-parameter ¢! > 0.
Set f! = f! and the initial prox-center ' := x'.
Step 1 (trial point finding and stopping test).
Given the model M* defined by (6), compute the direction d* by solving the subproblem
(11). Define the associated G and v* by (12), E* by (17), and & by (19).
Set x**1 = 2% + g* If 6* < tol, stop.
Step 2 (descent test).
Compute (f**!, g**1), the information at x**!. If

fk+] > fk _mdk, (21)

then declare the iteration a null-step and go to Step 3.
Otherwise, declare the iteration a serious-step and set £+ := x¥*1, f&+l .= &1 gelect
#**1 > 0, and go to Step 4.
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Step 3 (null-step).
Set 1 .= g%, A1 .= fk: choose 0 < #A*! < ¢k,
Step 4 (bundle update and loop).
Select the new bundle index set J**!, keeping the active elements. Select 77* as in (9)
and update the model M**! as needed. Increase k by 1 and go to Step 1. |

The use of 6* as a stationarity measure to stop the algorithm will be clarified by the
relations in Lemma 5; see also Theorems 6 and 7.

As mentioned, Algorithm 4 follows the framework and ideas laid out in [HS10]. How-
ever, in order to ensure convergence of the algorithm in the presence of inexact information,
some adaptations are made. To begin with, the algorithm now assumes a convex compact
constraint set D. As a result, the normal (to the set D) elements v* are introduced and car-
ried throughout. Next, the computation for the predicted decrease looks somewhat different.
However, applying in (19) the relations (12) and (16), we see that

o = (ff — M*3) + E* + 4|GF + VP
= fl— MEGRY) + (GE, db) + HGE + 4P
= fo = (MEGF + db) + (0K d).

Then the predicted decrease from [HS10] is recovered if there is no constraint set D (or if
%+ d* € iny(D), so that v* = 0).
Another change from [HS10] is in the computation of 7, explained below.

Remark 1 (The choice of the convexificaton parameter 1*) As explained in Section 2.2, the
term
—2@’]‘.
max ————
jesk, xizzk |xJ — XK|?
represents the minimal value of 7 to imply that for all j € J* the linearization errors of the
“locally convexified” function remain nonnegative:

&+ I - > 0.
Taking the maximum of this term with 0 yields nonnegativity of 7, and adding the “safe-
guarding” small positive parameter y makes 7* strictly larger that the minimal value. This
differs from the update in [HS10] where instead the minimal term was multiplied by a con-
stant I' > 1. As illustrated by Figure 1 in our numerical experiments, the update (9) works
somewhat better than the original version of [HS10]. The reason appears to be that it deals
better with situations where the minimal term in question is null or too small. |

Finally, it is worth remarking that, contrary to many nonconvex bundle methods en-
dowed with a linesearch, e.g., [Mif77,Kiw85b, MN92,Kiw96,LV01], our method does not
employ a linesearch sub-routine. In Section 5 we give some indications as to why a line-
search is not required in our approach.

Remark 2 (Uniformly bounded number of active indices in subproblems) In our analysis
below, we shall make the following assumption: “The number of active indices, i.e., of
j € J¥ such that a’j‘. > 0, is uniformly bounded in k”. As a practical matter, this can be
readily achieved if D is polyhedral (the typical case). This is because most (if not all) active-
set QP solvers choose linearly independent bases, i.e., work with “minimal” representations.
In the expression of G* in (12), this means that QP solver gives a solution with no more than
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n + 1 positive simplicial multipliers (such a solution always exists by the Carathéodory
Theorem). A similar assumption/property for a QP solver had been used for a different QP-
based method in [FLRS06, Sec. 5], and specifically for a bundle procedure in [DSS09].
That said, it is should be noted that if a non-active-set method (for example, an interior
point method) is used, then this assumption need not hold. |

We also use below the assumption that {nk } is bounded. Boundedness of {nk } has been es-
tablished in [HS10] for the lower-C? case when the function information is exact. However,
in our setting it is theoretically possible that inexactness results in an unbounded 7*, even
if the objective function is convex. The experiments in Section 6 show, however, that be-
havior of the sequence {7} is adequate under various kinds of perturbations, and the overall
performance of the inexact algorithm is satisfactory indeed.

4 Convergence properties

We proceed with the convergence analysis of Algorithm 4, considering two cases: either
there is an infinite sequence of serious/descent iterations, or from some index on the stability
center £ remains fixed and all the subsequent iterations are of the null type.

4.1 General asymptotic relations

‘We start with some relations that are relevant for all the cases.

Lemma 5 Suppose the cardinality of the set {j € J* | a/’j‘. > 0} is uniformly bounded in k
(recall Remark 2).
IfEk — 0as k - o, then

(i) Xjen a/’j‘.lxj —# - 0ask - co.
If, in addition, for some subset K C {1,2,...},
#F5x G > G asK >k — oo, with{n* | k € K} bounded,
then we also have
(ii) G € 8f (%) + B(0).
If. in addition, G* + v — 0 as K 3 k — oo, then

(iii) X satisfies the following approximate stationarity condition:

0 € (af(®) + dip(®) + By(0). (22)

Finally, if in addition, f is lower-C', then

(iv) for each € > 0 there exists p > 0 such that

fO = f(X)—@+e)ly—-xl-2a, forallye DN By(%). (23)
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Proof Recall that the first term in the right-hand side of (9) is the minimal value of > 0 to
imply that
e]]‘- + glxj -#2>0

for all i € J*. It is then easily seen that, for such 7 and for 77 > 5 + v, we have that

Y

k k |x_/ _ )?k|2 > z|.x_/ _ )fek|2.

Cj = 67- + ?
Taking into account that @/; and ¢, are nonnegative, if EX — 0 then it follows from (17) that
a/’;c’]‘. — Oforall je J*. Hence,
alel = (@heh = L - #17 - 0.

Thus, a’}flxj — %X — 0 for all j € J*. As, by the assumption, the sum in the item (i) is over a
finite set of indices and each element in the sum tends to zero, the assertion (i) follows.

For each j, let p/ be the orthogonal projection of g/ onto the (convex, closed) set 0f(x/).
It holds that g/ — p/| < 6/ < 6. By (12) and (8), we have that

Gk = Za’}gj +1 Zaﬁ(xj -

jedk jeJk
= D I+ Y ol - p) Y b - 8. @4
jeJk JjeJk jelt

As the number of active indices is uniformly bounded in k, by re-numbering the indices and
filling unused indices with a/’;, = 0, we can consider that J* is some fixed index set (say,
{1,...,N}). Let J be the set of all j J¥ such that lim inf a/’j‘. > 0. Then item (i) imples that
|x/ — %] = 0. Thus, [x/ — %] < |x/ — ¥ +|%F = % = 0. As p/ € 9f(x/) and x/ — % for j € J,
and {a";} — 0 for j ¢ J, passing onto a further subsequence in the set K, if necessary, outer
semicontinuity of the Clarke subdifferential [RW98, Thm 6.6] implies that

lim Z akpl € OfF().
JjeJk
As the second term in (24) is clearly in Bg(0), while the last term tends to zero by item (i),
this shows the assertion (ii).

Item (iii) follows from noting that (G* +vK) — 0 as K 3 k — co implies that {*} — —-G.
As vF € 9ip(2F) for each k, we conclude that -G € dip(¥) (by [RW9S, Thm 6.6]). Adding
the latter inclusion and result (ii) gives (22).

We finally consider item (iv). Fix any € > 0. Let p > 0 be such that (3.ii) holds for x.
Lety € D N B,(X) be arbitrary but fixed. Again, we can consider that J* is a fixed index set.
Let J be the set of j € J* for which |x/ — £| — 0. In particular, it then holds that x/ € B,(X).
By item (i), we have that {0/;} — Oforjé¢J.

Using (3) together with (4), for j € J we obtain that

fO) 2 (g y—w)+ ol + (-l y - ) —ely - ]
> fl+ (gl y—x)+ a7 =@ + o)y - 2.
By (7) and the linearization error definition,

f+ <gj, —xj> = fk - <gj,)2k> +b’; - c';..
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As a result, it holds that
fo) = f* —c’; +b]; + <gj,y—fck>+0'j — (& + &)y - x].
Since b4 > 0 and g/ = 5% — 7" (x/ — ), we obtain that

f(y)2f(fck)—c];+(s’;,y—)?k>—r]k<xj—fck,y x>+a'f K@ + o)y - x|

Taking the convex combination in the latter relation using the simplicial multipliers in (12),
and using (17), gives

f(y)Za Z f(xk)—c +< S5y = x <Za(xj r)’y_)?k>

jeJ jeJ jeJ
+ Y Aol + ) =@ +2) ) akly - ¥
jeJ jeJ
> f(fck)ZO/; —Ek+<Gk,y—£k>— Zalj<s§,y—ﬁk>

jeJ jeJ

- <Z o = &,y - fck>
jeJ

26— (B+8) ) oy - &+ - ). (25)

jel

Passing onto the limit in (25) as K 3 k — oo, using item (i) and also that {az’;} — 0 for
J & J (so that, in particular, }; ;c; 0/; — 1), we obtain that

)2 f®+(Gy-%)-26-@+e)ly- . (26)

As already seen, (G +v*) — 0 implies that —G € 8ip(¥), so that (-G, y — x) < 0 for all
y € D. Adding this inequality to (26) gives the assertion (23). |

If f is convex and D = R", then condition (23) can be seen to be equivalent to 0 €
025 f(X) + B5(0), where 0, f (%) denotes the usual 2o-subdifferential of f at x. This supports
that an approximate optimality condition of this order (“linear” in the errors levels) is what
is reasonable to strive to achieve in the setting of perturbed data. That said, we note that
for the convex case (and for so-called “lower models” [dOSL14]), our result is weaker than
what can be obtained by other means (basically, in the convex case a G-approximate solution
can be achieved). This is quite natural, however, as the convex case analysis takes advantage
of the corresponding tools (like the subgradient inequality), which are not available in our
more general setting.

4.2 Null and Serious Steps

Dependent on the assumptions about #;, we shall prove that the approximate optimality
condition holds for: some accumulation point % of {%*}; all accumulation points of {%}; or
for the last serious iterate & = %.

Consider first the case of the infinite number of serious steps.
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Theorem 6 (Infinitely many serious iterates) Let the algorithm generate an infinite num-
ber of serious steps. Then & — 0 as k — oo.
Let the sequence {if*} be bounded.

(i) If Yo te = +00, then as k — oo we have E* - 0, and there exist K c {1,2,...} and &,
G such that 3 - %,G* - G,and G¥ + vV > 0as K 3 k — .
In particular, if the cardinality of the set {j € J* | 0/; > 0} is uniformly bounded in k
(recall Remark 2), then the conclusions of Lemma 5 hold.

(ii) Ifliminf_e t* > 0, then these assertions hold for all accumulation points % of ().

Proof At each serious step k, the opposite of (21) holds. Thus, we have that
fk+1 < fk _ mé‘k , (27)

where 6 > 0. It follows that the sequence { fk} is nonincreasing.

Since the sequence {#*} c D is bounded, by our assumptions on f and o the sequence
{f(&%) — 6} is bounded below, i.e., { fk} is bounded below. Since { f"} is also nonincreasing,
we conclude that it converges.

Using (27), we obtain that

! -1
0<my o< (-7,
k=1 k=1
so that, letting [ — oo,
0< mZ(Sk < fl — lim fk.

= k—o0

As a result,
Z & = Z(Ek + 1]GF + VP < +oo. (28)

k=1 k=1

Hence, 6 — 0 as k — 0. As all the quantities above are nonnegative, it also holds that
Ef—0 and #lG*+V >0 as k- . (29)

If Y02, & = +oo, but |G* + Vk| > B for some > 0 and all k, then (28) results in a
contradiction. The fact that no such S exists, means precisely that there exists an index set
K c{1,2,...} such that

G+v/ 50, Ksk— . 30)

Passing onto a further subsequence, if necessary, we can assume that {x*} — X and
G' = G as K 3 k — 0. Item (i) is now proven.

If liminfy_,e #x > O, then the second relation in (29) readily implies (30) for K =
{1,2,...}, and thus the same assertions can be seen to hold for all accumulation points of

1.

(& ]

In the remaining case, a finite number of serious steps occurs. That is, after a finite
number of iterations the algorithmic center is no more changed: from some k on, the center
is 2 = % for all k > k, and only null steps follow. The proof makes use of a simple, yet
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crucial, relation that we show next. Specifically, by the intercept and slope definitions in (7)
and (8), we see that

k+1 k+1  _k+1 o k+1 k+ k+1 k+1 k+l +1 _ Ak
“Crer <sk+l’x _Xk> et — b +< +1n -9, >
1
2k k+1 K+l ok K+l '7 Kk 2
—(ff = (g R ) - T - 7
+<gk+l k+1 _ )21(> + T]k+l|xk+1 _ )fek|2

_ okl ! WL gkp2
= P T - R

As a result, whenever x**! is declared a null step, (21) implies that
—cfit+ (s A = ) > ot G1)

We also note that this crucial relation eliminates the need of performing linesearch at null
steps; see Section 5.1 below.

Theorem 7 (Finite serious steps followed by infinitely many null steps)
Let a finite number of serious iterates be followed by infinite null steps. Let the sequence
("} be bounded and lim infy_,., t* > 0.

Then {x*} — % 6 — 0, EX - 0, G* +v* — 0, and there exist K c {1,2,...} and G such
that G - G as K 3 k — co.

In particular, if the cardinality of the set {j € J* | 0/; > 0} is uniformly bounded in k
(recall Remark 2), the conclusions of Lemma 5 hold for X = X.

Proof Let k be large enough, so that k > k and ¥ = %, f" = f are fixed.
Define the optimal value of the subproblem (11) by

1
k. agko ket k2
zp‘—M(x+)+ﬁ|d|. (32)
We first show that the sequence {i*} is bounded above. Recall that, by (13),
AFR) = MFGFY = (G, dF).
We then obtain that
U+ ol = AR + (G + I
21 ’ t*
= AK(®) - (4, dY)
< AK®)
< MA(®)
=1,
where the second equality follows from G* + v* = —d*/¢*, the first inequality is by v* €

Aip(x**1) and d* = x**! — %, the second inequality is by (15), and the last is by (10). In
particular, y* < £, so the sequence {¢/*} is bounded above.
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We next show that {i/*} is increasing. To that end, we obtain that

¢k+| Mk+1 xk+2) +— |dk+1|2

2k+1
>A/< xk+2)+ |dk+1|

— Mk(xk+l) + <Gk,)d(+2 k+l> + 5 kldk+l|2

— wk |dk <Vk xk+2 xk+1> _ t_k<dkydk+1 dk> + |dk+1|
> w + |dk+1 dk|2,

where the first inequality is by the second assumption in (20) and the fact that #*! < #,
the second equality is by (13), the third equality is by (12) and (32), and the last is by
Ve gip(Hh.

As the sequence {/*} is bounded above and increasing, it converges. Consequently, tak-
ing also into account that 1/#5 > 1/, it follows that

ld*! —d" | > 0, k> co. (33)
Next, by the definition (19) of 6 and the characterization (16) of EX, we have that
f =6+ M%) - EX - M1GF + VP
= 6" + MF(M — (G, dYy - MGE + VT
= 6"+ M (& + d) + (F,d%)
> ¢+ M (3 + db),
where the inequality is by v* € 9ip(x**!). Therefore,
S < f o MF(R 1 dF . (34)
By the first inequality in the assumption (20) on the model, written for d = d**!,
_ +CI]:% (S @y > S ME (R 4 dFY.
As f*! = £, adding condition (31) to the inequality above, we obtain that
ms* + <Sﬁﬂ,dk dk+l> > - MG+ a5,
Combining this relation with (34) yields

06! <mo* + (skil.d - ) . (35)

Since m € (0,1) and (skt],d* — d**') — 0 as k — oo (recall that {d* — d**!} — 0 by (33)
and {7} is bounded), using [Pol87, Lemma 3, p. 45] it follows from (35) that

lim 6* = 0.

k—o0
Since 6* = EX+1|G* +v*[?, and lim infy o0 £ > 0, we have limy,e E* = 0 and limjo0 |G +
VK| = 0. Also limy_e d* = 0, so that lim;_,., x* = %. Passing onto a subsequence if necessary,
we may also conclude that G¥ converges to some G. Finally, as £ = % for all k, we clearly
have all of the requirements in Lemma 5 fulfilled. The conclusions follow. |
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5 Putting the algorithm in perspective

We next comment on how our approach relates to other methods in the nonsmooth noncon-
vex literature. As linesearch is commom in methods that tackle nonconvex problems, we
first explain why our method does not need such a procedure. After that, we describe some
differences with the nonconvex bundle method of [Noll3], which also deals with inexact
information on both the function and subgradient values.

5.1 Lack of linesearch

In nonsmooth nonconvex optimization methods, linesearch is a subalgorithm that usually
uses three parameters m, mg,my € (0, 1), and is invoked at each iteration k. Let its inner
iterations be labeled by € = 1,2,.. ..

By using a linesearch, instead of just taking ¥ + d* as the iterate for which the f, g
information is computed, a trial stepsize 7, > 0 is chosen, to define the trial point y :=
#* + 1,d*, for which the values Sy » gy are computed.

Analogously to our algorithm, the inner linesearch iterations define trial intercepts and
slopes

k
cl{i = fk - fy = (gyz,fck —yf) + %Iy[ - Xklz, slg =gy + nk(y[ - )21‘).

Then, before incorporating the corresponding affine piece in the next model function, the
trial point is classified as follows:

- y' is declared a serious iterate and the linesearch ends when the opposite of (21) holds
(written with the function estimate fc instead of £, and if the step is “not too short”.
The latter, in view of (7), means that

either 7,>1 or c][‘ > mg . (36)
The alternative above (i.e., the first condition in (36)) was introduced in [Kiw85b] to
prevent insignificant descent.
- y! is declared a null iterate and the linesearch ends when there is no sufficient decrease
((21) holds for fi¢) and

—clg + <s’2,y€ - )?k> > —mydF 37

holds. The latter condition can be interpreted as a nonsmooth extension of the Wolfe
condition, see also [Mif82b].

- If y¢ could not be declared serious or null, the inner iteration continues: the counter £ is
increased by 1, a new stepsize 7°*! is chosen, and the process is repeated.

For the inner loop with the linesearch to be well-defined, it must (of course) have finite ter-
mination. When the information is exact, this can be shown taking 0 < m +mg < my < 1
when f is upper semidifferentiable [Bih85], a weaker property than semismoothness. With
inexact information, as in (4), it is not clear that linesearch terminates finitely (unless, per-
haps, the information becomes asymptotically exact).

In our proximal redistributed method, there is no need for linesearch, because one of the
two situations above (i.e., satisfaction of either (36) or (37)) always holds for 7, = 1 and
¢ = 1. To see this, take my = m and mg arbitrary and recall the descent test in Step 2 of the
algorithm. If a serious step is declared, i.e., the opposite of (21) holds, then (36) is obviously
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automatic, as the method always employs 7; = 1. If, instead, a null step is declared, (21)
holds and, again, no linesearch is necessary, because (31) is just (37), written with my = m,

1 _ ¢k k _ k+1 ok _ k+] k _ k+l
y =x+d = xk , €1 =cprp»and sy = 5.7

5.2 Relation with Noll’s proximity control algorithm

The proximity control algorithm of [Noll3] uses certain second-order model, denoted by
&y, which adds to the cutting-plane model M* a quadratic term of the form %{d, 0(Fd) for
a matrix varying with 2. Here, without impairing convergence properties of [Nol13], we
take the zero matrix, so that

@ (8 + d, £) in [Nol13] corresponds to M*(d) in (6),

and, in the parlance of [Nol13], the first and second order models coincide. We emphasize
the approach in [Nol13] is more general, as the matrices Q(:) can be indefinite, as long as
QR + %Id remains positive definite. We mention in passing that the proximity control
parameter 7 in [Nol13] corresponds to 1/# in our method.

The considered problem is unconstrained, but in Section 1.5 of the work all null iterates
are assumed to remain in some compact set (this is the ball B(0, M) in (1.13) in [Nol13]).

The cutting-plane model in the proximity control method ensures positivity of the inter-
cept c]j‘. in (6) by downshifting only, without tilting of the gradients:

ck = eF + max{—e*, 0} + y|x/ — 2K?
In [Nol13], the model (6) takes { Si o gﬁ. J
j

Downshifting preserves all the important properties in Lemma 5 (which depend on hav-
ing c’}ﬁ > y|x/ — £4%). But without tilting the slopes, the relation (31) is no longer valid at null
steps. To address this issue, the proximity control method distinguishes two cases to update
the parameter #, when (27) does not hold. Instead of introducing a linesearch, as in most of
nonconvex bundle algorithms, changing # results in a curve search.

More precisely, in [Nol13], an iterate is declared a null step and #.,; = t; when, for
parameters O < m < i < 1,

fk+1 > fk _ mék and fk+1 + <gk+1!5€k _ Xk+1> < fk _ I’hdk,

or in other words, (21) and e',z a2 mé* hold. Otherwise, the stepsize is deemed “too bad”
and it is updated by #;,; = #/2. Combining both conditions above for null steps gives the
inequality

<gk+l’£k _ xk+l> < fk _ fk+l _ ﬁ16]‘ < (m _ﬁz)é‘k < 0’

because m < 7. Since in addition the downshifting procedure ensures that ci a2 ei “
always, at null steps the inequality in (31) is satisfied with m replaced by 7:

k k k1 s k k k
—Cit1 +<sk+|,x —ﬂ{> < —Cpyy < =€y < —MO" .

Since the parameter #; remains fixed for the subsequence of infinite null steps, the proxim-
ity control update of this parameter satisfies the conditions in Theorem 7: ;) > # with
liminf # > 0. In this sense, Lemma 7 in [Nol13] corresponds to our Theorem 7 and reaches
the same conclusion on approximate stationarity (22), involving only the gradient errors 8.
The case of an infinite tail of “too bad” steps (which cannot happen in our approach), drives
tr — 0 and is much more involved:
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(i) When & = 0 (no error in the function evaluation), [Nol13, Lemma 3] shows that for
lower-C' functions, whenever (21) holds with # — 0, the last center is approximately
stationary. Specifically, changing the ball Bz(0) in (22) to the larger ball

+ &

Bo(0) where © =0 +

=

—m

and ¢ is given in (3).
(i) When there is noise in the function too, [Nol13, Lemma 6] gives a similar result for
lower-C' functions, under the following additional assumption on the evaluation errors:

[Nol13, axiom (1.42)]: J&” > 0 and 4 — 0* such that 6 < o' +(” +4,)|1F = x|

This condition imposes some kind of “upper-semicontinuity of the noise” at the centers.
Under this assumption, when there are infinitely many “too bad” steps, the last center is
approximately stationary in the ball B (0), where @’ = § + &&&”

m—m

The agressive management of #;, halving the parameter when steps are “too bad”, has
also an impact on the convergence analysis for the serious step sequence. When #, remains
bounded away from zero, part ii in [Nol13, Theorems 1 and 2] corresponds to our result in
Theorem 6(ii), proving stationarity on a ball depending only on the gradient error bound, 6.

As before, the analysis becomes more involved when # — 0 (parts (iii) to (ix) in the
theorems). Once again, but now for the accumulation points of the serious step sequence,
axiom (1.42) yields stationarity on the ball above. This result is not in contradiction with our
statement in Theorem 6(i), as halving the parameter #; results in a (convergent) geometric
series with ratio 1/2, which does not satisfy our divergence assumption.

To finish this discussion, we mention the following useful feature of [Noll3]. Sec-
tion 1.9 therein describes an H,, control problem for which the axiom (1.42) on “upper-
semicontinuity of the noise” can be effectively ensured in practice.

6 Numerical illustration

In this section we first check the behaviour of Algorithm 4 when the information is exact,
by comparing it with the exact nonconvex bundle method of [HS10]. We also numerically
test Algorithm 4 for various kinds of inexactness. While there is no intention to make strong
general claims, at least on the given test examples, the approach appears to be satisfactory.
Finally, we explore how the convexification parameter behaves in the computational tests.
Indeed, Theorems 6 and 7 assume that the parameter nk remains bounded. In the case of
exact information (i.e., & = 6 = 0), under reasonable conditions, [HS10, Lem. 3] shows
boundedness of the convexification parameter sequence. However, for inexact information
showing a similar result would be difficult (if not impossible) without imposing additional
assumptions on the behavior of the errors (perhaps of the nature of axiom (1.42) in [Nol13]).
This difficulty is illustrated by the following simple example. Consider a constant function
f(x) = 0 and 3 arbitrarily close points: x°, # = x!, and x2. Suppose that the function error at
x% and x? both shift function values down slightly, but the function error at x! is zero. As the
linearization errors indicate that f is an arbitrarily concave quadratic function, the update
(9) would force 5* to co. Nevertheless, our numerical experience in Subsection 6.4 indicates
that one might expect not to encounter such pathological/artificial situations in computation.
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6.1 Test Functions and Types of Inexactness

Algorithm 4 was implemented in MATLAB, version 8.1.0.604 (R2013a). Default values for
the parameters were set as follows: m = 0.05, y = 2, and t' = 0.1. To select 5* (in step 5)
we use (9) with equality, i.e.,

k —2e’/‘.
7' =maxq max ———= 0p+7y.
jeak, xizzk |x] — X¥|

k
(We also considered n* = max {max jedk, xingk le—;{lz,o, r]k’l} + v, but the formula above
provided slightly better results.) No parameter tuning was performed for any of these values
here. Although the values for m and ¢! correspond to the parameters tuned in [HS10], they
are not necessarily optimal in an inexact setting.

In Step 4 of Algorithm 4 the bundle of information keeps only active elements in J**1.
In addition to the stopping test in Step 1, there are two emergency exits: when the iteration
count passes max(300,250n), and when the QP solver computing the direction @ in (11)
fails.

Like [HS10], we use the Ferrier polynomials as a collection of nonconvex test problems
(see [Fer97], [Fer00]). The Ferrier polynomials are constructed as follows. For each i =
1,2,...,n, we define

h,‘ ‘R' > ]R,
x - (ix? = 2x) + 2oy X)

Using the functions h;, we define

n

A = Z IR ().

A = Zn;(hi(x))z,

Sx) = max A ()],
fi) = Zmi(xn + it

f5(0) o= Z] I + 31

These functions have 0 as a global minimizer, are known to be nonconvex, nonsmooth (ex-
cept for f>), lower-C?, and generally challenging to minimize [HS10]. As our closed com-
pact feasible set, we use D = Bj(0). We consider 75 test problems

. kef{l,2,3,4,5}
min fi(0 - for o34 16).
We set x! = [1,1/4,1/9,...,1/n?] for each test problem.

To introduce errors in the available information, at each evaluation we add a randomly
generated element to the exact values f(x**!) and g(x**!), with norm less or equal to o* and
6* respectively.

We test 5 different forms of noise:
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—No: No noise, & = o* = 0 and 6* = 0 for all &,
— N/*%: Constant noise, & = o* = 0.01 and ¢ = 0.01 for all k,
— N/ Vanishing noise, @ = 0.01, o* = min{0.01,x*|/100}, 6 = min{0.01, |x*[2/100} for
all &,

— N¢: Constant Gradient noise, & = o* = 0 and & = 0.01 for all k, and
— N¢: Vanishing Gradient noise, & = o = 0 and 6 = min{0.01, |x*|/100} for all k.
The first noise form, Ny, is used as a benchmark for comparison. Noise form ch;, is repre-
sentative of a noisy function where the noise is outside of the optimizer’s control. The third,
N{’g , 1s representative of a noisy simulation where the optimization can use some technique
to reduce noise. The technique is assumed to be expensive, so the optimizer only applies
the technique as a solution is approached. The fourth and fifth, N¥ and N, represent exact
functions where subgradient information is approximated numerically. Like N/¢, in N¢ as a
solution is approached, we decrease the amount of noise.

To address the random nature of the problem, for noise forms N[’g , N*Vf’g , N, and N¢, we
repeat each test 10 times. (Noise form Ny is deterministic, so no repeating is required.)

As for all the functions the global minimum is zero, we use the formula

Accuracy = |log,,(f “)

to check the performance of the different methods. In all the figures that follow we plot
the resulting average achieved accuracy, when running the corresponding algorithms until
satisfaction of its stopping test, taking tol = 1073 and tol = 107 (left and right graphs,
respectively).

6.2 Comparison with RedistProx Algorithm in the Exact Case
We start by benchmarking Algorithm 4 with the exact variant Ny and the (exact) RedistProx

Algorithm from [HS10]. Both methods use the relative stopping criterion 6% < tol(l +| f"l).

tol = 1073 tol = 107

0 +N t + N
N [HS10] [HS10]

0 IS LI ST SN
n=2 n=3 n=4 n=5 n=6 n=7 n=8 n=9 n=10n=11n=12 n=1:

Fig. 1 Accuracy at termination for Algorithms 4 and [HS10].

Examining Figure 1, we see that Algorithm 4 exhibits a performance comparable to the
exact RedisProx method of [HS10]. We also notice that the relative stopping criterion is
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fairly successful in reaching the desired accuracy (of 3 or 6 digits). When the tolerance is
1075, Algorithm 4 seems to behave somewhat better than RedistProx, possibly because the
version of the nf-update employed in [HS10] is more likely to cause QP instabilities (recall
Remark 1).

6.3 Impact of Noise on Solution Accuracy

Next, we explore convergence over the variety of error forms N8 N8 NS NS, taking as rela-
tive stopping criterion &% < max(tol, a")(l +| f kl). (It is clearly unreasonable/not-meaningful
to aim for accuracy higher than the error bound.)

In Figures 2 and 3, we present the algorithm’s average performance when noise is
present (the results are averaged across all 10 runs of the algorithm). To ease the inter-
pretation of the graphs, we replot the results with no noise (Algorithm 4 with Ny).

Figure 2 reports the result for constant noise (variants N{’g and N%).

tol = 1073 tol = 1070

Accuracy

Fig. 2 Accuracy at termination for noise forms No, N{’g ,and N&.

Examining Figure 2, we see that errors in the evaluations results in poorer final accuracy,
as expected. When the function values and gradients have constant noise, we achieve an
accuracy roughly equal to the magnitude of that error. When function values are exact, but
gradients contain constant error, the results are better, but still notably worse than when
exact calculations are available. Nevertheless, we notice a general increase in accuracy as
tol is decreased.

Figure 3 reports the results for vanishing noise (variants N/ and N%). In this case, when
tol = 1073, both noise forms N{’g and N¢ have an accuracy similar to the exact variant Ny.
For tol = 1075, the noisy variants achieve reduced accuracy, but generally better than in
the constant noise case.
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tol = 1073 tol = 1076

&

.

Accuracy
¥

Accuracy
-

©

N=2 =3 n=4 n=5 n=6 n=7 n=8 n=9 n=10n=11n=12 n=13 n=14 n=15 n=16 n=2 n=3 n=4 n=5 n=6 n=7 n=8 n=9 n=10n=11n=12 =13 n=14 n=15 n-16

Fig. 3 Accuracy at termination for noise forms No, N{’g ,and N§.

6.4 Impact of Noise on the convexification parameter 7

We are interested in exploring the assumption that the parameter 7* remains bounded. To
discuss this, define

ok
2ej

i = =

In [HS10, Rem. 2], it is shown that if 7 > 2n, then the convexified Ferrier polynomial
fi+n/2|- |? is convex (i € {1,2,3,4,5}). Thus, if there is no noise present, then we would
have nnin < 2n at each iteration, and consequently (if there is no noise) nk < Nmin+7y < 2n+2
at each iteration (as y = 2). Of course, in the presence of noise, we cannot expect 77 < 2n+2
at all iterations. However, we would hope that 7 does not grow greatly out of proportion to
this value.

In this set of tests, we set tol = 0 and allow the algorithm to run until 25n func-
tion/subgradient evaluations are used (effectively forcing a limiting state to the algorithm).
In Table 1, we report the number of times 7 is below 2n + 2, between 2n + 2 and 25n, or
exceeds 257 by the termination of the algorithm.

Table 1 Termination value of n~.

Noise Problems with

Form || *<2n+2 | 2n+2<nf <250 | 25n< gk
No 73 1 1
N/ 582 94 74
N/ 703 21 26
NS 729 13 8
NS 731 10 9

Examining Table 1, we see that the only situation where 77* seems somewhat uncon-
trolled is the noise form N{’g . Recalling that in that case the noise is constant on both f and
g values, this is clearly the hardest noise form to deal with. Overall, the experiments support
that the assumption of 7% remaining bounded is quite reasonable in general, particularly if
noise asymptotically vanishes or if the f values are exact. It is interesting to note that, for
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all noise forms (including “no-noise”) and on all tests, Ferrier polynomial f; in dimension
14 results in 7* > 25n.
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