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Studying convergence of gradient algorithms
via optimal experimental design theory

R. Haycroft, L. Pronzato, H.P. Wynn, and A. Zhigljavsky

Summary. We study the family of gradient algorithms for solving quadratic op-
timization problems, where the step-length 4 is chosen according to a particular
procedure. In order to carry out the study, we re-write the algorithms in a normal-
ized form and make a connection with the theory of optimum experimental design.
We provide the results of a numerical study which shows that some of the proposed
algorithms are extremely efficient.

2.1 Introduction

In a series of papers (Pronzato et al., 2001, 2002, 2006) and the monograph
(Pronzato et al., 2000) certain types of steepest-descent algorithms in R?
and Hilbert space have been shown to be equivalent to special algorithms for
updating measures on the real line. The connection, in outline, is that when
steepest-descent algorithms are applied to the minimization of the quadratic
function

f(@) = 5(Av.2) = (@0) (2.1)

where (z,y) is the inner product, they can be translated to the updating of
measures in [m, M| where

m= | irulfl(Azzc,:zc)7 M = sup (Az,z)
zl|= lzl|=1

with 0 < m < M < oo; m and M are the smallest and largest eigenvalues
of A, respectively.

The research has developed from the well known result, due to Akaike
(1959) and revisited in (Pronzato et al., 2000; Forsythe, 1968; Nocedal et al.,
2002), that for standard steepest descent the renormalized iterates xy/+/||z ||
converge to the two-dimensional space spanned by the eigenvectors corre-
sponding to the eigenvalues m and M. Chap. 3 in this volume covers the
generalisation to the s-gradient algorithm and draws note on both the au-
thor’s own work and the important paper of Forsythe (1968).

The use of normalisation is crucial and, in fact, it will turn out that the
normalized gradient, rather than the normalized x; will play the central role.
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Thus, let g(z) = Ax — y be the gradient of the objective function (2.1). The
steepest-descent algorithm is

o (9 9x)
R (Agk, gr)

Using the notation v = (gk, gx)/(Agk, gr) , we write the algorithm as

Th+1 = Tk — VEGk -

This can be rewritten in terms of the gradients as

k1 = gk — VRAGK - (2.2)

This is the point at which the algorithms are generalised: we now allow a
varied choice of 44 in (2.2), not necessarily that for steepest descent.

Thus, the main objective of the paper is studying the family of algorithms
(2.2) where the step-length 7y is chosen in a general way described below. To
make this study we first rewrite the algorithm (2.2) in a different (normalized)
form and then make a connection with the theory of optimum experimental
design.

2.2 Renormalized version of gradient algorithms
Let us convert (2.2) to a “renormalized” version. First note that

(Gr+15 9r41) = (98, 9%) — 27k (Agr, 9x) + Vi (A%, 1) - (2.3)
Letting vy, = (gk+1, 9r+1)/ (9, gx) and dividing (2.3) through by (g, gr) gives

(Agr, 9x) 5 (A?gk, gr)
Tk :
(9K, gr) (9K, gr)

The value of vy can be considered as a rate of convergence of algo-
rithm (2.2) at iteration k. Other rates which are asymptotically equivalent
to vy, can be considered as well, see Pronzato et al. (2000) for a discussion and
Theorem 5 in Chap. 3 of this volume. The asymptotic rate of convergence of
the gradient algorithm (2.2) can be defined as

Vg = 1-— 2’Yk (24)

1/k

k
R= khjgo (Zl:[l vi> . (2.5)

Of course, this rate may depend on the initial point xg or, equivalently, on gg.

To simplify the notation, we need to convert to moments and measures.
Since we assume that A is a positive definite d-dimensional square matrix,
we can assume, without loss of generality, that A is a diagonal matrix A =
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diag(A1,...,Aq); the elements A,...,\q are the eigenvalues of the original
matrix such that 0 < A\; <--- < Ag. Then for any vector g = (g(1), . .- ,g(d))T
we can define

_ (Aag7g) _ (Aag:g) _ Zzg(Qz))‘?
pl) = (9,9) (9.9 2.9

This can be seen as the a-th moment of a distribution with mass p; =
g(Qi /ZJ g(Qj) at A\;, ¢ = 1,...,d . This remark is clearly generalisable to the
Hifbert space case.

Using the notation u&k) = pa(gr), where gj are the iterates in (2.2), we
can rewrite (2.4) as

k k
v = 1= 298" + 92 (2.6)

For the steepest-descent algorithm ~; minimizes f(xr — ygx) over v and we

have -
1
Ve = —F~ and v = K2 5
(k)
231

Write 2z = gx/+/(9k, gx) for the normalized gradient and recall that p; =
g(zi) /> ; g(Zj) is the i-th probability corresponding to a vector g. The corre-
sponding probabilities for the vectors g; and gr4+; are

2
(ki) __(9e+1))
! (gk+179k+1)

2
w _ g

for i=1,...,d.
’ (9k> 9x)

Now we are able to write down the re-normalized version of (2.2), which is
the updating formula for p; (1 =1,...,d) :

kD = (L= mhi)? (k)
’ (95> ) — 27k (Agis 9) + 72 (A2gk, g1)
(1 —i)? (k)
(k) ® P (2.7)

L= 2yepy + Y20y

When two eigenvalues of A are equal, say A\; = Ajy1, the updating rules

;k) and pglj_)l are identical so that the analysis of the behaviour of the
algorithm remains the same when p§k) and pglj_)l are confounded. We may

thus assume that all eigenvalues of A are distinct.

for p

2.3 A multiplicative algorithm for optimal design

Optimization in measure spaces covers a variety of areas and optimal experi-
mental design theory is one of them. These areas often introduce algorithms
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which typically have two features: the measures are re-weighted in some way
and the moments play an important role. Both features arise, as we have seen,
in the above algorithms.

In classical optimal design theory for polynomial regression (see, e.g., Fe-
dorov (1972)) one is interested in functionals of the moment (information)
matrix M (&) of a design measure &:

M(&) = {mi; : mij = piy;;0 < i, j < K — 1},

where p1o = pa(€) = [x*d¢(z) are the a-th moments of the measure ¢ and
K is an integer. For example, when K = 2, the case of most interest here, we

have
M(€) = (Z? Z;) : (2.8)

where pg = 1.
Of importance in the theory is the directional (Fréchet) derivative ‘to-
wards’ a discrete measure &, of mass 1 at a point . This is

%@ (M[(1 =) +at])

= @©ME) -u( 2©ME©), @9

where .
® (&) = DM :
M=M(¢)
Here @ is a functional on the space of K x K matrices usually considered as
an optimality criterion to be maximized with respect to £. The first term on

the right hand side of (2.9) is

(@, 6) = fT(2) ®(€)f(x) (2.10)

where f(x) = (1,x,...,25-H7T .

A class of optimal design algorithms is based on the multiplicative up-
dating of the weights of the current design measure () with some function
of p(x,£), see Chap. 1 in this volume. We show below how algorithms in
this class are related to the gradient algorithms (2.2) in their re-normalized
form (2.7).

Assume that our measure is discrete and concentrated on [m, M]. Assume
also that O®(M)/Ouakx—_2 > 0; that is, the (K, K)-element of the matrix
OP(M)/OM is positive. Then ¢(x,&) has a well-defined minimum

c(§) = min (z,§) > —oco.

Let £(x) be the mass at a point « and define the re-weighting at x by

p(x,§) — c(§)

&(x), (2.11)
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where b(§) is a normalising constant

M

b(e) = / (p(z,€) — e(€))€(dz) = / o, ©)E(da) — ()

m m

=t [M(6) $(6)] - (€) -

We see that the first term on the left hand side is (except for the sign) the

second term in the directional derivative (2.9). We can also observe that the

algorithm (2.11), considered as an algorithm for constructing ®-optimal de-

signs, belongs to the family of algorithms considered in Chap. 1 of this volume.
We now specialise to the case where K = 2. In this case,

1 R ¢ 1 9d
fa= (1) b= (f’;s% ; )
H1 H2

and the function ¢(z, &) is quadratic in z:

0% 109
¢<x7s>—<17x>< o 2551) (1)—8‘I’+x8‘1’+ 2 9% o 19)

Op1  Ope x

N|—

Then 5
c(§) = E B(¢),

o= (2 (22).

and the numerator on the right-hand side of (2.11) is

0P 10® /09?2 o0 /o \?
e(z,§)—c(§) = 8;@(“28;“ am> :B(§)<1+23M2/3u1 x) (2.13)

where

Let us define v = v(§) = y(u1, pi2) as

od , 09
= =9 /. 2.14
7= =25/ 5 (2.14)

We can then write (2.13) as

p(x,6) = c(§) = B() (1 —~(§)x)* . (2.15)

Normalization is needed to ensure that the measure £ is a probability distri-
bution. We obtain that the re-weighting formula (2.11) can be equivalently
written as

: (1 —yz)?

§(@)=g— "5~ TR (2.16)
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The main, and we consider surprising, connection that we are seeking to
make is that this is exactly the same as the general gradient algorithm in its
renormalized form (2.7). To see that, we simply write the updating formula
(2.16) iteratively

1 — ypx)?
€ (@) = — LI cewy), (217)
1 =2y py” + Vi o

2.4 Constructing optimality criteria which correspond to
a given gradient algorithm

Consider now the reverse construction: given some v = y(u1, t2), construct a
criterion ® = ®(M(€)), where M (&) is as in (2.8), which will give this v in
the algorithm (2.17). In general, this is a difficult question.
The dependence on pg is not important here and we can assume that the
criterion ® is a function of the first two moments only: ®(M(£)) = P(p1, u2)-
The relationship between v and ® is given by (2.14) and can be written
in the form of the following first-order linear partial differential equation:

(1, p2)

D (111, o
QM +y(p1,s pi2) 3
H1

=0. 2.18
it (2.18)

This equation does not necessarily have a solution for an arbitrary v =
(1, p2) but does for many particular forms of . For example, if y(u1, u2) =
g(p1)h(pe) for some functions g and h, then a general solution to the equation
(2.18) can be written as

D(p1, pi2) = F (—/g(m)dul +2/h(;2)du2) :

where F' is an arbitrary continuously differentiable function such that
0P (1, p12)/0p2 > 0 for all eligible values of (1, p2).

Another particular case is y(j1, po) = g(p1)pra+h(je1 ) for some functions
g and h and a constant 0. Then a general solution to the equation (2.18) is

o6—1
Q(pr, p2) = F (Mé_é A+ —— /h (Ml)Aldm)

with Ay = exp{3(6 — 1) [g(u1)dp1}, where F is as above (a C'-function
such that 0®(u1, p2)/Ope > 0).

2.5 Optimum design gives the worst rate of convergence

Let @ = ®(M(£)) be an optimality criterion, where M () is as in (2.8). As-
sociate with it a gradient algorithm with step-length ~y(u1,u2) as given by
(2.14).
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Let &* be the optimum design for ® on [m, M]; that is,

P(M(£7)) = max R(M(S))

where the maximum is taken over all probability measures supported on
[m, M]. Note that &* is invariant for one iteration of the algorithm (2.16);
that is, if £ = £* in (2.16) then &'(z) = {(x) for all z € supp(§).

In accordance with (2.6), the rate associated with the design measure & is
defined by ©
2 b(€

v(§) =1 =2y + 7" pe B (2.19)

Assume that the optimality criterion @ is such that the optimum design

&* is non-degenerate (that is, £* is not just supported at a single point). Note

that if ®(M) = —oo for any singular matrix M, then this condition is satisfied.

Since the design £* is optimum, all directional derivatives are non-positive:

<0

a=0+ ’

% ® {M((l — )¢+ aﬁ(x))}

for all z € [m, M]. Using (2.9), this implies

Lmax (e €) <t =t [M(E) & (€1)] |

Since ¢(x,&*) is a quadratic convex function of x, this is equivalent to
p(m,&*) <t* and p(M,E*) < t*. As

/ (. €€ (dx) = 1,

m

this implies that £* is supported at m and M. Since £* is non-degenerate, &*
has positive masses at both points m and M and

o(m, &) = (M, £") =t .

As ¢(x,&*) is quadratic in z with its minimum at 1/, see (2.15), it implies

that
2

Y=y (), 12(87)) = m+M’

The rate v(£*) is therefore

CME) ) e
SBE) - BE) )= A= e

v(€)

where

(M —m)?

o = g

(2.20)
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Assume now that the optimum design £* is degenerate and is supported
at a single point z*. Note that since p(z,£*) is both quadratic and convex,
x* is either m or M. Since the optimum design is invariant in one iteration of
the algorithm (2.16), v* is constant and

mgaxv(f) = max [(1 — mv*)%, (1 — M~¥*)?] > Riax

with the inequality replaced by an equality if and only if v* = 2/(M +m).

2.6 Some special cases

In Table 2.1 we provide a few examples of gradient algorithms (2.2) and in-
dicate the corresponding functions of the probability measures £. We only re-
strict ourselves to the optimality criteria ®(&) that have the form ®(&)=®(M(£)),
where M () is the moment matrix (2.8). Neither other moments of £ nor in-
formation about the support of & are used for constructing the algorithms
below.

For a number of algorithms (most of them have not previously been con-
sidered in literature), the table provides the following functions.

The optimality criterion ®(¢).
The step-length 7% in the algorithm (2.2); here ~; is expressed in the form
of v(§) as defined in (2.14).
e The rate function v(€) as defined in (2.19); this is equivalent to the rate
Vg = (gk+1, 9r+1)/ (g, gr) at iteration k for the original algorithm (2.2).
e The p-function ¢(z,£) as defined in (2.10), see also (2.12).

e The expression for tr[M(€) o (€)]; this is the quantity that often appears
in the right-hand side in the conditions for the optimality of designs.
e The minimum of the p-function: ¢(§) = min, ¢(z, ).

The steepest-descent algorithm corresponds to the case when ®(&) is the
D-optimality criterion. Two forms of this criterion are given in the table; of
course, they correspond to the same optimization algorithm. It is well-known
that the asymptotic rate of the steepest-descent algorithm is always close to
the value Rmax defined in (2.20). The asymptotic behaviour of the steepest-
descent algorithm has already been extensively studied, see, e.g., Pronzato
et al. (2000); Akaike (1959); Nocedal et al. (2002).

The gradient algorithm with constant step-length v = ~ is well-known in
literature. It converges slowly; its rate of convergence can easily be analysed
without using the technique of the present paper. We do not study this algo-
rithm and provide its characteristics in the table below only for the sake of
completeness.

The steepest-descent algorithm with relaxation is also well-known in lit-
erature on optimization. It is known that for suitable values of the relaxation
parameter € this algorithm has a faster convergence rate than the ordinary



Table 2.1. Examples of gradient algorithms

° °
Algorithm Q(M(E) () v(§) p(@,6) = [T(@) 2 (€)f(x) t[M(E) @ (€)] c(€) = min p(w,£)
Steepest Descent log (e —u?) ‘%‘ % -1 % 2 1
P 1 1 5
(D-optimality) po — 3 p2 — 2z + 22 20(¢) D(8)
constant v, =7 ype =21 7 L= 2y + 72 pe Yp2 — 2 + ya® 2(yp — 1) Th2 = %
Steepest Descent  epa — p? = 1—2 4243 o — 2z + ex? pa(14e) =243 (&) /e
with relaxation
2
Square-root VH2 — ﬁ 2(1 — ",}2) @(1 — ) P(&) 0
. a—1 2a—1 a—1 20—1_ da—2
a-root ug — pie # (‘;—%) — Z(ﬁ—%) +1 a(us — 23t 4 ps T 2?)  2a®(€) a2 M;,fll
a 20 uy™ of w2 s\t 2 o 20-1 a-1,_2 e2udepfo?
Q-root ens — pi € deT € (7%) 725(2) +1 a(e”us —2p7 xtepsz7)  20P(§) e e
41 2
with relaxation
42 2 (zpy —pn)?
Minimum residues 1 — 21 £ -2 SR (&) 0
H2 H2 n2 n3
(c-optimality)
A-optimalit 1/trD(€) (1+p3) (+2p3 +pdpo) (p2—p?) (z—p1) %+ (zp1—p2)? B(¢) (p2—p3)?
P y ) i) W3 (1 a)? (r2+1)2 (71 (212
_ pe—p
- 1+uzl

SWHLI0S[R JUSIPRI3 JO 90USI0AU0D SUIAPNIS g

1C
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steepest-descent algorithm. However, the reasons why this occurs were not
known. In Sect. 2.7, we try to explain this phenomenon. In addition, we prove
that if the relaxation parameter is either too small (¢ < 2m/(m + M)) or too
large (¢ > 2M/(m+ M)) then the rate of the steepest descent with relaxation
becomes worse than Ry,,x, the worst-case rate of the standard steepest-descent
algorithm.

The square-root algorithm can be considered as a modification of the
steepest-descent algorithm. The asymptotic behaviour of this algorithm is
now well understood, see Theorem 2 below.

The a-root algorithm is a natural extension of the steepest-descent and
the square-root algorithms. The optimality criterion used to construct the a-
root algorithm can be considered as the D-optimality criterion applied to the
matrix which is obtained from the moment matrix (2.8) by the transformation

e = tn) o= (e hd) . (2.21)

M1 p2 BT g

(Of course, other optimality criteria can be applied to the matrix M(®)(¢), not
only the D-criterion.) The asymptotic rate of the a-root algorithm is studied
numerically, see Fig. 2.7, Fig. 2.8 and Fig. 2.9. The conclusion is that this
algorithm has an extremely fast rate when « is slightly larger than 1.

The a-root algorithm with relaxation (this class of algorithms includes
the steepest-descent and square-root algorithms with relaxation) is an obvi-
ous generalisation of the algorithm of steepest descent with relaxation. Its
asymptotic behaviour is also similar: for a fixed «, for very small and very
large values of the relaxation parameter ¢ the algorithm either diverges or
converges with the rate > Rp.x. Unless « itself is either too small or too
large, there is always a range of values of the relaxation parameter e for which
the rates are much better than R, and where the algorithm behaves chaot-
ically. The algorithm corresponds to the D-optimality criterion applied to
the matrix which is obtained from the original moment matrix (2.8) by the

transformation
«@
()~ ().
H1 p2 )

Of course, this transformation generalizes (2.21).

One can use many different optimality criteria ® for constructing new gra-
dient algorithms. In Table 2.1 we provide the characteristics of the algorithms
associated with two other criteria, both celebrated in the theory of optimal de-
sign, namely, c-optimality and A-optimality. The algorithm corresponding to
c-optimality, with ®.(M(€)) = (1, u1)M~1(&)(1, u1)T, is the so-called mini-
mum residues optimization algorithm, see Kozjakin and Krasnosel’skii (1982).
As shown in (Pronzato et al., 2006), its asymptotic behaviour is equivalent
to that of the steepest-descent algorithm (and it is therefore not considered
below).

The A-optimality criterion gives rise to a new optimization algorithm for
which the expression for the step-length would otherwise have been difficult
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to develop. This algorithm is very easy to implement and its asymptotic rate
is reasonably fast, see Fig. 2.10.

Many other optimality criteria (and their mixtures) generate gradient al-
gorithms with fast asymptotic rates. This is true, in particular, for the ®,-
criteria

1
Op(M(€)) = (trM77(8))"
for some values of p. For example, a very fast asymptotic rate (see Fig. 2.10)
is obtained in the case p = 2, where we have

(M (©)) = 1/t M2(e) = P21 (2.22)
L+ pio? 42412
1+ 2p1% 4 12 pio
7€) = ST
por (L4412 +p122)

oz, &) —c(§) = 2(pz — p?) (@ — puy — pua pro — po? py + 2200 2+ p1 2 o — 11 %) 2
’ (12p2 + 2012 + 1) (22 + 2p12 + 1)2

)

and

(2 — pa®) (1 p2® + 200 po® + Bpapn® + 2pn g + 4 + 14 3i1*)

/l} =
© w12 (pe + a2 + 14 pg?)?

2.7 The steepest-descent algorithm with relaxation

Steepest descent with relaxation is defined as the algorithm (2.2) with

€

— 2.23

"= (2.23)

where ¢ is some fixed positive number. The main updating formula (2.7) has
the form C

(eany _ G0N

(kt1) _ 2 m 7 2.24
i [y pi (2.24)
1

This can also be represented in the form (2.11) for the design optimality
criterion

D(M(€)) = epa(§) — 13 (€) .- (2.25)
The rate v(§) associated with a design £ was defined in (2.19) and is simplified
to
v(€) =1—2e+ /i -
The following lemma reveals properties of the optimum designs for the
optimality criteria (2.25).

Lemma 1. Let 0 < m < M, € > 0 and let £ be the optimum design corre-
sponding to the optimality criterion (2.25). Then £* is supported at two points
m and M with the weight £*(m) as in Table 2.2 and £*(M) =1 — £*(m).



24 R. Haycroft, L. Pronzato, H.P. Wynn, and A. Zhigljavsky

Table 2.2. Values of £*(m), ®(M(£*)) and v(£*)

2m 2m 2M 2M
0<e< 7 manr S€S mimr €2 maat
N 2M —e(M+m)
£ (m) 1 Sar-m 0

O(M(ET) mi(e—1) i2(m+M)*—emM M?(e—1)

v(&") (1—¢)? Rumax (e —1)?

The proof is straightforward.

In addition to the values of the weights £*(m), Table 2.2 contains the
values of the optimality criterion ®(M (§)) and the rate function v(§) for the
optimum design & = £*.

Theorem 1 below shows that if the relaxation coefficient € is either small
(e < 4Mm/(M + m)?) or large (¢ > 1), then for almost all starting points
the algorithm asymptotically behaves as if it has started at the worst possible
initial point. However, for some values of ¢ the rate does not attract to a
constant value and often exhibits chaotic behaviour. Typical behaviour of the
asymptotic rate (2.5) is shown in Fig. 2.1 where we display the asymptotic
rates in the case M/m = 10.

In this figure and all other figures in this chapter we assume that d = 100
and all the eigenvalues are equally spaced. We have established numerically
that the dependence on the dimension d is insignificant as long as d > 10.
In particular, we found that there is virtually no difference in the values of
the asymptotic rates corresponding to the cases d = 100 and d = 106, for
all the algorithms studied. In addition, choosing equally spaced eigenvalues is
effectively the same as choosing eigenvalues uniformly distributed on [m, M]
and taking expected values of the asymptotic rates.

Theorem 1. Assume that ¢ is such that either 0 < ¢ < 4Mm/(m + M)?
or e > 1. Let & be any non-degenerate probability measure with support
{A1,..., \q} and let the sequence of probability measures {£F)} be defined
via the updating formula (2.24) where pgk) are the masses €F)(\;). Then the
following statements hold:

e for any starting point xo, the sequence ®), = ®(M(£F))) monotonously
increases (Po< Py <+ <Py <--+) and converges to a limit limy_, o Py.
e For almost all starting points xo (with respect to the uniform distribution

of go//|lgol| on the unit sphere in R?),
— the limit limy_, o P does not depend on the initial measure 5(0) and is
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\ /
\
anx = % :,"

0 2m dmM 1 2M 2
m+ M (m+ M)? m+ M

Fig. 2.1. Asymptotic rate of convergence as a function of € for the steepest-descent
algorithm with relaxation €

equal to (M (£¥)) as defined in Table 2.2;
— the sequence of probability measures {€)} converges (as k — 00) to the
optimum. design £* defined in Lemma 1, and

— the asymptotic rate R of the steepest-descent algorithm with relaxation,
as defined in (2.2) and (2.23), is equal to v(£*) defined in Table 2.2.

Proof. Note that ®;, < 0 for all £*) if

2 AM
0 < e < min 18 _ m

€ 2©) " (my a2

If € > 1 then ®; > 0 for any £*) in view of the Cauchy-Schwarz inequality.
Additionally, |®| < (14 )M? for all ) so that {®}} is always a bounded
sequence.

The updating formulae for the moments are

’

pr = (3 = 2epapig + ) /W and  py = (pipo — 2epps + €2 pua) /W

where W = &2y + p2(1 — 2¢) and

fra = pa(E®), g, = pa(E*D), Va, k=0,1,... (2.26)

The sequence Py, is non-decreasing if @1 — ®r > 0 holds for any prob-
ability measure & = £ If for some k the measure £*) is degenerate (that
is, has mass 1 at one point) then £+ = ¢(k) and the first statement of the
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theorem holds. Let us suppose that & = £%) is non-degenerate for all k. In
particular, this implies j5 > pu? and

W =&z + i (1 - 2¢) = pi(1 —€)* +€*(u2 — i) > 0.
We have:
Pry1 =P 20 = (5#/2 - (“11)2> - (Sﬂz - ﬂ%) >0. (2.27)
We can represent the left-hand side of the second inequality in (2.27) as

(6//2 - (//1)2) - (€M2 - /ﬁ) = 6% :

where

U =W(uips — 2epaps + € pa — Wps)
+ (W + 4 = 2epapig + €2 s ) (epapia — eps — 2 p° + 2 ppia) -

As W? will always remain strictly positive, the problem is reduced to deter-
mining whether or not U > 0. To establish the inequality U > 0, we show
that U = V(a, b) for some a and b, where

V(ia,b) = var(aX +bX?) = a®uy + 2abuz+b* s — (apy +bpuz)* > 0 (2.28)

and X is the random variable with distribution &.

Consider U —V (a,b) = 0 as an equation with respect to a and b and prove
that there is a solution to this equation. First, choose b to eliminate the py
term: b = by = ev/W . The value of b is correctly defined as W > 0.

The next step is to prove that there is a solution to the equation U —
V(a,bg) = 0 with respect to a. Note that U — V(a, bg) is a quadratic function
in a. Let D be the discriminant of this quadratic function; it can be simplified
to

D =(e—1) (ep2 — m1”) (nae +2m° — epapn — 2#2#1)2 .

This is clearly non-negative for ¢ >1 and 0<e <4Mm/(m + M)?. Therefore,
there exist some a and b such that U = V(a,b). This implies @11 — Py, > 0
and therefore {®}} is a monotonously increasing bounded sequence converging
to some limit @, = limy_ oo Py.

Consider now the second part of the theorem. Assume that the initial
measure & is such that {y(m) > 0 and £ (M) > 0.

From the sequence of measures {f(k)} choose a subsequence weakly con-
verging to some measure &, (we can always find such a sequence as all the
measures are supported on an interval). Let X = X, be the random variable
defined by the probability measure &, . For this measure, the value of V defined
in (2.28) is zero as ®(M(£F+D)) = (M (®)) if ¢*) = ¢, Therefore, the
random variable a X, +bX?2 is degenerated (here a and b are some coefficients)
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and therefore X, is concentrated at either a single point or at two distinct
points.

Assume that € < 1 and therefore 0 < & < 4Mm/(m + M)? (similar
arguments work in the case € > 1). Then, similar to the proof for the steepest-
descent algorithm (see (Pronzato et al., 2000, p. 175)) one can see that the
masses £*)(m) are bounded away from 0; that is, £()(m) > ¢ for some ¢ > 0
and all k, as long as {y(m) > 0. Therefore, the point m always belongs to the
support of the measure &,. If 0 < & < 2m/(m + M) then one can easily check
that £, must be concentrated at a single point (otherwise U = U(&,) # 0);
this point is necessarily m and therefore the limiting design £, coincides with
the optimal design &*. If 2m/(m + M) < ¢ < 4Mm/(m + M)?, then using
similar arguments one can find that the second support point of &, is M for
almost all starting points.! As long as the support of &, is established, one can
easily see that the only two-point design that has U(&,) = 0 is the optimal
design &£* with respect to the criterion (2.25). |

One of the implications of the theorem is that if the relaxation parameter
is either too small (¢ < 2m/(m + M)) or too large (¢ > 2M/(m + M))
then the rate of the steepest-descent algorithm with relaxation becomes worse
than Rp,.x, the worst-case rate of the standard steepest-descent algorithm.
As a consequence, we also obtain a well-known result that if the value of the
relaxation coefficient is either € < 0 or £ > 2, then the steepest descent with
relaxation diverges. When 4Mm/(m + M)? < ¢ < 1 the relaxed steepest-
descent algorithm does not necessarily converge to the optimum design. It
is within this range of ¢ that improved asymptotic rates of convergence are
demonstrated, see Fig. 2.1.

The convergence rate of all gradient-type algorithms depends on, amongst
other things, the condition number ¢ = M/m. As one would expect, an in-
crease in g gives rise to a worsened rate of convergence. The improvement
yielded by the addition of a suitable relaxation coefficient to the steepest-
descent algorithm however, produces significantly better asymptotic rates of
convergence than standard steepest descent. Fig. 2.2 shows the effect of in-
creasing the value of p on the rates of convergence for the steepest-descent al-
gorithm with relaxation coefficients e = 0.97 and € = 0.99 (see also Fig. 2.10).
For large d and p, we expect that the asymptotic convergence rates for this
family of algorithms will be bounded above by R,.x and below by R, where

o \/M_\/a 27 \/5_1 2.
len_(\/ﬂﬁ-\/ﬁ) _(\/§+1) ) (229)

! The only possibility for M to vanish from the support of the limiting design &.
is to obtain 1 (™) /e = M at some iteration k, but this obviously almost never
(with respect to the distribution of go/+/||go||) happens. Note that in this case M
will be replaced with Ag—; for some i > 1 which can only improve the asymptotic
rate of convergence of the optimization algorithm.
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the rate Ry, is exactly the same as the rate N7 defined in (3.22), Chap. 3.
The relaxation coefficient ¢ = 0.99 produces asymptotic rates approaching
Runin, see also Fig. 2.10).

0.5 1

0 T T T 1
0 25 50 75 100

Rmin —--—-- -097 — —0.99]

|~ - - - Rmax

Fig. 2.2. Asymptotic rate of convergence as a function of g for steepest descent
with relaxation coefficients € = 0.97 and € = 0.99

In Fig. 2.3 we display 250 rates v(&), 750 < k < 1000 which the steepest-
descent algorithms with relaxation coefficients ¢ € [0.4,1] attained starting
at the random initial designs &y. In this figure, we observe bifurcations and
transitions to chaotic regimes occurring for certain values of ¢.

Fig. 2.4 shows the same results but in the form of the log-rates, — log(v(&x)).
Using the log-rates rather than the original rates helps to see the variety of
small values of the rates, which is very important as small rates v(§) force
the final asymptotic rate to be small.

Fig. 2.5 shows the log-rates, — log(v(&x)), occurring for £ € [0.99,1.0]. This
figure illustrates the effect of bifurcation to chaos when we decrease the values
of e starting at 1.

2.8 Square-root algorithm

For the square-root algorithm, we have:

= - v=1v(§) = -y
(M(E)) = V2 — (© =20 \/172)

In the present case, the optimum design £* is concentrated at the points
m and M with weights
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0.4 0.5 0.6 0.7 0.8 0.9 1

Fig. 2.3. Rates v(&) (750 < k < 1000) for steepest descent with relaxation; varying
g, 0=10

Fig. 2.4. Log-rates —log(v(&x)) (750 < k < 1000) for steepest descent with relax-
ation; varying €, o = 10

3m+ M m + 3M

imiany © M= (230)

& = T Am+ M)

For the optimum design, we have
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Fig. 2.5. Log-rates —log(v(&x)) (750 < k < 1000) for steepest descent with relax-
ation; o = 10, € € [0.99, 1.0]

_E(Mfm)2

O(M(E")) = 1mE M and  v(£*) = Rimax -

The main updating formula (2.7) has the form

(k+1) ( _\/%)‘i)Q (%)
A = Sl (2.31)

iz

Theorem 2. Let & be any non-degenerate probability measure with support
{A,..., \q} and let the sequence of probability measures {£F)} be defined

via the updating formula (2.31) where pgk) are the masses €F)(\;). Then the
following statements hold:

for any starting point xo, the sequence @ = ®(M(£*))) monotonously
increases (Po< Py <+ <Py <--+) and converges to a limit limy_, o Py.
If the starting point xo of the optimization algorithm is such that €@ (\;) >
0 and £0(\g) > 0, then

— the limit limy_, o, P does not depend on the initial measure 5(0) and is
equal to ®(M(€")) = (M —m)?/[4(m + M)];

~ the sequence of probability measures {€*)} converges (as k — 00) to the
optimum design £* defined in (2.30), and

— the asymptotic rate R of the square-root optimization algorithm is equal
to Rmax-

Proof. The proof is similar to (and simpler than) the proof of Theorem 1.

For the square-root algorithm, we have
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’ u3 ’ M4
= -2 + — v, = -2 —+ v,
M (Hl V2 N2) / Ha <N2 ﬁz M2> /

where we use the notation for the moments introduced in (2.26).
Furthermore,

@k+1—‘1)k=\/ﬂlz—ﬂl1—\/!72+ﬂlv

/ 4 M3 — 12
Qi1 2 Pp =\ g = py + /12 — 1 = — 1.
: 2/m2 (Viz — 1)

The inequality

po > (1 + iz — )’ (2.32)

would therefore imply ®;41 > ®;, for any design & = ().
Let X be a random variable with probability distribution & = &. Then we
can see that the difference p, — (17 + /12 — p11)? can be represented as

1

B ) X X 20

— (y + V2 — )? =

where 5
K+ _
oo PRI [T i s
V2 VH2 M2 — [y
This implies (2.32) and therefore the monotonic convergence of the sequence
{®r}.

As a consequence, any limiting design for the sequence {{} is concentrated
at two points. If £(0(\;) > 0 and £()(\;) > 0, then there is a constant cg
such that £*) (A1) > ¢ and £ ()\y) > ¢o for all k implying that the limiting
design is concentrated at m and M. The only design with support {m, M}
that leaves the value of ®(M(£)) unchanged is the optimal design £* with
weights (2.30). The rate v(£*) for this algorithm is Ryax- |

2.9 A-optimality

Consider the behaviour of the gradient algorithm generated by the A-optimality
criterion in the two-dimensional case; that is, when d = 2, \; = m and
Ay = M. Assume that the initial point zg is such that 0 < £()(m) < 1 (oth-
erwise the initial design £(©) is degenerated and so are all other designs £,
k>1).

Denote pp = &) (m) for k = 0,1,.... As d = 2, all the designs ¢*) are
fully described by the corresponding values of py. In the case of A-optimality,
the updating formula for the pi’s is pp+1 = f(pr) where
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f(p) = (1 (1+m?) m>2 p® (L+ p)”
(

- p,
pa (1 + p2) L+ 212 + pap2) (2 — pa?)

1 = pm + (1 — p)M and ps = pm? + (1 — p)M?. The fixed point of the
transformation pgy1 = f(px) is

M2 +1— /(M2 +1)(m?+1)
- M2 — m?2

*

For this point we have p, = f(p.«) and the design with the mass p. at m and
mass 1 — p, at M is the A-optimum design for the linear regression model
y; = 0o+ 612, +¢; on the interval [m, M] (and any subset of this interval that
incluldes m and M). This fixed point p, is unstable for the mapping p — f(p)
as |f ()] > 1.

For the transformation f2(-) = f(f(-)), see Fig. 2.6 for an illustration of
this map, there are two stable fixed points which are 0 and 1. The fact that
the points 0 and 1 are stable for the mapping p — f2(p) follows from

' A e (Mmy1)t
(f(f(p))) p=07(f(f(p))) p=17f (O)f (1)* (m2—|—1)2 (M2—|—1)2’

the right-hand side of this formula is always positive and less than 1. There
is a third fixed point for the mapping p — f2(p); this is of course p, which is
clearly unstable.

Fig. 2.6. Graph depicting the transformation f2(-) form =1, M =4
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Fig. 2.7. Asymptotic rates for the a-root gradient algorithm; left: o = 50, right:
o =100

This implies that in the two-dimensional case the sequence of measures
¢() attracts (as k — 00) to a cycle of oscillations between two degenerate
measures, one is concentrated at m and the other one is concentrated at M.
The superlinear convergence of the corresponding gradient algorithm follows
from the fact that the rates v(§) at these two degenerate measures are 0
(implying vr, — 0 as k — oo for the sequence of rates vy).

To summarize the result, we formulate it as a theorem.

Theorem 3. For almost all starting points xq, the gradient algorithm corre-
sponding to the A-optimality criterion for d = 2 has a superlinear convergence
in the sense that the sequence of rates vy tends to 0 as k — oc.

If the dimension d is larger than 2, then the convergence of the optimiza-
tion algorithm generated by the A-criterion is no longer superlinear. In fact,
the algorithm tries to attract to the two-dimensional plane with the basis
e1,eq by reducing the weights of the designs £*) at the other eigenvalues.
However, when it gets close to the plane, its convergence rate accelerates
and the updating rule quickly recovers the weights of the other components.
Then the process restarts basically at random, which creates chaos. (This phe-
nomenon is observed in many other gradient algorithms with fast asymptotic
convergence rate.)

The asymptotic rate (in the form of efficiency with respect to Rmin) of the
gradient algorithm generated by the A-criterion, is shown in Fig. 2.10.

2.10 a-root algorithm and comparisons

In Fig. 2.7 we display the numerically computed asymptotic rates for the a-
root gradient algorithm with a € [0.75,2], o = 50 and ¢ = 100. This figure
illustrates that for a < 1 the asymptotic rate of the algorithm is Ry,.x. The
asymptotic rate becomes much better for values of « slightly larger than 1.
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Numerical simulations show that the optimal value of @ depends on ¢ and on
the intermediate eigenvalues. For ¢ < 85 the optimal value of « tends to be
around 1.015; for o = 90 + 5 the optimal value of o switches to a value of
around 1.05, where it stays for larger values of o.

In Fig. 2.8 we display 250 log-rates, —log(v(&x)), 750 < k < 1000, which
the a-root gradient algorithm attained starting at the random initial design
&o, for different «. This figure is similar to Fig. 2.4 for the steepest-descent
algorithm with relaxation.

Fig. 2.9 is similar to Fig. 2.5 and shows the log-rates, —log(v(&x)), for the
a-root gradient algorithm occurring for a € [1.0,1.01].

Fig. 2.8. Log-rates — log(v(&)) (750 < k < 1000) for the a-root gradient algorithm;
varying a, o = 10

In Fig. 2.10 we compare the asymptotic rates of the following gradient
algorithms: (a) a-root algorithm with a = 1.05; (b) the algorithm based on
the ®9-optimality criterion, see (2.22); (c) steepest descent with relaxation
e = 0.99, see Sect. 2.7, and (d) the algorithm based on A-optimality criterion,
see Sect. 2.9. The asymptotic rates are displayed in the form of efficiencies
with respect to Rymin as defined in (2.29); that is, as the ratios Rumin/R, where
R is the asymptotic rate of the respective algorithm.

In Fig. 2.11 we compare the asymptotic rates (in the form of efficiencies
with respect to Ruyin) of the following gradient algorithms: (a) a-root algo-
rithm with optimal value of «; (b) steepest descent with optimal value of the
relaxation coefficient ¢; (¢) Cauchy—Barzilai-Borwein method (CBB) as de-
fined in (Raydan and Svaiter, 2002); (d) Barzilai-Borwein method (BB) as
defined in (Barzilai and Borwein, 1988).
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Fig. 2.9. Log-rates —log(v(&x)) (750 < k < 1000) the a-root gradient algorithm;
0=10, a € [1.0,1.01]
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Fig. 2.10. Efficiency relative to Rmin for various algorithms, varying o
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