Found Comput Math (2016) 16:369-394

DOI 10.1007/s10208-015-9248-x FOUNDATIONS orF
COMPUTATIONAL
MATHEMATICS o

Convex Optimization on Banach Spaces

R. A. DeVore - V. N. Temlyakov

Received: 10 January 2014 / Revised: 30 October 2014 / Accepted: 5 January 2015 /
Published online: 14 February 2015
© SFoCM 2015

Abstract Greedy algorithms which use only function evaluations are applied to
convex optimization in a general Banach space X. Along with algorithms that use
exact evaluations, algorithms with approximate evaluations are treated. A priori upper
bounds for the convergence rate of the proposed algorithms are given. These bounds
depend on the smoothness of the objective function and the sparsity or compressibility
(with respect to a given dictionary) of a point in X where the minimum is attained.
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1 Introduction

Convex optimization is an important and well-studied subject of numerical analysis.
The canonical setting for such problems is to find the minimum of a convex function
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E over a domain in RY. Various numerical algorithms have been developed for mini-
mization problems, and a priori bounds for their performance have been proven. We
refer the reader to [1,9—-11] for the core results in this area.

In this paper, we are concerned with the more general setting where E is defined
on a domain D in a general Banach space X withnorm || - || = || - || x. Thus, our main
interest is in approximating

E* := inf E(x). (1.1
xeD

Problems of this type occur in many important application domains, such as statistical
estimation and learning, optimal control, and shape optimization. Another important
motivation for studying such general problems, even for finite dimensional spaces X,
is that when the dimension d of X is large, we would like to obtain bounds on the
convergence rate of a proposed algorithm that are independent of this dimension.

Solving (1.1)is an example of a high-dimensional problem and is known to suffer the
curse of dimensionality without additional assumptions on E which serve to reduce its
dimensionality. These additional assumptions take the form of smoothness restrictions
on E and assumptions which imply that the minimum in (1.1) is attained on a subset
of D with additional structure. Typical assumptions for the latter involve notions of
sparsity or compressibility, which are by now heavily employed concepts for high-
dimensional problems. We will always assume that there is a point x* € D where the
minimum E* is attained, E(x*) = E*. We do not assume x™* is unique. Clearly, the
set D* = D*(E) C D of all points where the minima is attained is convex.

The algorithms studied in this paper utilize dictionaries D of X. A set of elements
D C X, whose closed linear span coincides with X is called a symmetric dictionary
if |lgll := ligllx = 1, for all g € D, and in addition g € D implies —g € D. The
simplest example of a dictionary is D = {4¢;} jer Where {¢;}er is a Schauder basis
for X. In particular for X = R?, one can take the canonical basis {e j }?zl.

Given, such a dictionary D, there are several types of domains D that are employed
in applications. Sometimes, these domains are the natural domain of the physical
problem. Other times these are constraints imposed on the minimization problem to
ameliorate high dimensionality. We mention the following three common settings.
Sparsity constraints The set X, (D) of functions

f=>ceg. #A)=n, ACD, (1.2)
geA

is called the set of sparse functions of order n with respect to the dictionary D. One
common assumption is to minimize E on the domain D = X,,(D), i.e., to look for an
n sparse minimizer of (1.1).

£ constraints A more general setting is to minimize E over the closure A1 (D) (in X)
of the convex hull of D. A slightly more general setting is to minimize E over one of
the sets

Ly:={geX: g/MecA D) (1.3)
FolCTM
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Sometimes M is allowed to vary as in model selection or regularization algorithms
from statistics. This is often referred to as £1 minimization.

Unconstrained optimization Imposed constraints, such as sparsity or assuming D =
A1(D), are sometimes artificial and may not reflect the original optimization problem.
We consider therefore the unconstrained minimization where D = X. We always make
the assumption that the minimum of E is actually assumed. Therefore, there is a point
x* € X where

E* = E(x%). (1.4)

We do not require that x* is unique. Notice that in this case the minimum E* is attained
on the set

Dy :={xeX: E(x) < E)]}. (1.5)

Inwhat follows, we refer to minimization over Dy to be the unconstrained minimization
problem.

A typical greedy optimization algorithm builds approximations to E* of the form
E(G,),m =1,2,...wherethe elements G, are built recursively using the dictionary
D and typically are in X, (D). We will always assume that the initial point G is chosen
as the 0 element. Given that G,,_1 has been defined, one first searches for a direction
¢m € D for which E(G,,—1 + ag;,;) decreases significantly as @ moves away from
zero. Once, ¢, is chosen, then one selects G, = G—1 + o @y, Or more generally
Gn = a,Gpu—1 + mem, using some recipe for choosing «,, or more generally
o, o, Algorithms of this type are referred to as greedy algorithms and will be the
object of study in this paper.

There are different strategies for choosing ¢, and o, o), (see, for instance, [2—
4,6,8,13,19,20] and [7]). One possibility to choose ¢, is to use the Fréchet derivative
E'(Gp—1) of E to choose a steepest descent direction. This approach has been amply
studied and various convergence results for steepest descent algorithms have been
proven, even for the general Banach space setting. We refer the reader to the papers [17,
18,20] which are representative of the convergence results known in this case. The
selection of a,,, o), is commonly referred to as relaxation and is well studied in
numerical analysis, although the Banach space setting needs additional attention.

Our interest in the present paper are greedy algorithms that do not utilize E’. They
are preferred since E’ is not given to us and therefore, in numerical implementations,
must typically be approximated at any given step of the algorithm. We will analyze
several different algorithms of this type which are distinguished from one another by
how G, is gotten from G, both in the selection of ¢,, and the parameters o, c,,,.
Our algorithms are built with ideas similar to the analogous, well-studied, greedy
algorithms for approximation of a given element f € X. We refer the reader to [16]
for a comprehensive description of greedy approximation algorithms.

In this introduction, we limit ourselves to two of the main algorithms studied in this
paper. The first of these, which we call the relaxed E-Greedy algorithm (REGA(co))
was introduced in [20] under the name sequential greedy approximation.
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Relaxed E-Greedy Algorithm (REGA(co)) We define G := 0. Form > 1, assum-
ing G,,—1 has already been defined, we take ¢, € D and 0 < A,,, < I such that

E((1 = 2m)Gm—1 + Anom) = o inf DE((l —MGpu-1+21g)

=Ai=l;ge

and define
G =0 =2n)Gpu-1 + Xn@m.

We assume that there exist such minimizing ¢, and X,,.

We note that the REGA(co) is a modification of the classical Frank—Wolfe algo-
rithm [5]. For convenience, we have assumed the existence of a minimizing ¢, and
Am. However, we also analyze algorithms with only approximate implementation
which avoids this assumption.

Observe that this algorithm is in a sense built for A{(D) because each G,, is
obviously in A{(D). The next algorithm, called the E-Greedy algorithm with free
relaxation (EGAFR(co)), makes some modifications in the relaxation step that will
allow it to be applied to the more general unconstrained minimization problem on Dy.

E-Greedy Algorithm with free relaxation (EGAFR(co)) We define G := 0. For
m > 1, assuming G,,_; has already been defined, we take ¢,, € D, oy, B € R
satisfying (assuming existence)

E(@mGm-1+ Buom) = inf DE(aGmfl + B9)

a,peR; ge

and define
G =Gt + Bnm.
It is easy to see that each of these algorithms has the following monotonicity
E(Go) > E(G1) 2 E(G2) = --- .

Our main goal in this paper is to understand what can be said a priori about the
convergence rate of a specific greedy optimization algorithm of the above form. Such
results are built on two assumptions: (i) the smoothness of E, (ii) assumptions that
the minimum is attained at a point x* satisfying a constraint such as the sparsity or £;
constraint. In what follows to measure the smoothness of E, we introduce the modulus
of smoothness

1
P(E,u):=p(E,S,u):= 5 sup [|E(x+uy)+ Ex—uy)—2E(x)] (1.6)
xes.llyl=1

of E on any given set S. We say that E is uniformly smoothon Sif p(E, S, u)/u — 0
asu — 0.

FolCT
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The following theorem for REGA(co) is a prototype of the results proved in this
paper.
Theorem 1.1 Let E* := inf E(x).
x€A1(D)

(1) If E is uniformly smooth on A1(D), then the REGA(co) converges:
lim E(G,) = E". 1.7
m—>00
(ii) Ifin addition, p(E, A1(D),u) < yul,1 < g <2, then
E(Gn) — E* < Cg, y)m' ™", (1.8)

with a positive constant C(q, y) which depends only on q and y.

The case ¢ = 2 of this theorem was proved in [20]. We prove this theorem in Sect. 2.

As we have already noted, the EGAFR(co) is designed to solve the unconstrained
minimization problem where the domain D = X. The performance of this algorithm
will depend not only on the smoothness of E but also on the compressibility of a point
x* € D* where E takes its minimum. To quantify this compressibility, we introduce

A(e) := A(E, €) := inf{M : 3y € Ly such that E(y) — E* < €}. (1.9
An equivalent way to quantify this compressibility is the error

e(E,M) := inf E(y)— E*. (1.10)
yely

Notice that the functions A and e are pseudo-inverses of one another.
The following theorem states the convergence properties of the EGAFR(co).

Theorem 1.2 Let E be uniformly smooth on X and let E* := inf E(x) = inf E(x).
xeX xeDy
(1) The EGAFR(co) converges:
lim E(G,,) = inf E(x) = inf E(x) = E*.
m— o0 xeX xeDy

(i) If the modulus of smoothness of E satisfies p(E,u) < yu?,1 < g <2, then, the
EGAFR(co) satisfies

E(Gp) — E* <C(E,q,¥)ém, (L.11)
where
€m = infle : A(€)Im'™9 < e}. (1.12)
FoCT
u o
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In particular, if for some r > 0, we have e(E, M) < yM™", for all M > 1, then

1

E(Gm) — E* <C(E,q,y.,7,rym™ar. (1.13)

We note that the EGAFR(co) is a modification of the weak greedy algorithm with
free relaxation (WGAFR(co)) studied in [17]. In the WGAFR(co), we first choose
the dictionary direction and then optimize over a two-dimensional subspace. In more
precise words, we perform the following two steps at the mth iteration.

(1) Choose ¢, € D as any element satisfying

<_E/(Gm71)’ Om) >ty Sup<_E/(Gm71)’ g)-
geD

(2) Find w,, and A,, such that
E((1 = wn)Gm—1 + AnPm) = iﬂi E((1—w)Gm-1+ 2em)
and define
Gpn =0 —-—wn)Gu-1+ rAnom.
Also note that if x* € £ then the estimate in Theorem 1.2 reads
E(Gy)— E* <C(E,q,y)MIm'™. (1.14)

We show in the following section how Theorems 1.1 and 1.2 are easily proven using
existing results for greedy algorithms. We also introduce and analyze another greedy
algorithm for convex minimization.

The most important results of the present paper are in Sect. 3 and are motivated
by numerical considerations. Very often, we cannot calculate the values of E exactly.
Even if we can evaluate E exactly, we may not be able to find the exact value of, say,
the quantity

inf  E((1 = MGy + 1g)
0<Ar<l;geD

in the REGA(co). This motivates us to study in Sect. 3 various modifications of the
above algorithms. For example, the following algorithm, which is an approximate
variant of the REGA(co), was introduced in [20].

Relaxed E-Greedy Algorithm with error § (REGA(S)) Let § € (0, 1]. We define
Go := 0. Then, for each m > 1 we have the following inductive definition: We take
any ¢, € Dand 0 < X, < 1 satisfying

E((1 =Am)Gm-1+Amem) < inf  E((1—=2)Gp_1+2g)+6
0<Ar<l;geD

FolCT
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and define
G = —=2)Gpu-1+ Xn@m.

In Sect. 3, we give modifications of this type to the above algorithms and then prove
convergence results for these modifications. For example, the following convergence
result is proven for the REGA(S).

Theorem 1.3 Let E be a uniformly smooth on A1 (D) convex function with modulus
of smoothness p(E,u) < yul,1 < q < 2. Then, for the REGA(8) we have

E(Gn)— E* <C(q,y, E,c)m'™4, m <5714,

where E* := inf E(x).
feA(D)
In the case ¢ = 2, Theorem 1.3 was proved in [20]. We note that our analysis is
different from that in [20].
In the REGA(co) and the REGA(§), we solve the univariate convex optimization
problem with respect to A

inf E((1 —A)Gp_1 + Ag), (1.15)
0<i<l

respectively, exactly and with an error §. It is well known (see [10]) that there are
fast algorithms to solve problem (1.15) approximately. We discuss some of them in
Sect. 4.

In the EGAFR(co) and the EGAFR(§) (see Sect. 3 for this algorithm), we solve the
convex optimization problem for a function on two variables

inf E((1—w)Gpot +48), (1.16)
W

respectively, exactly and with an error §. We describe in Sect. 5 how univariate opti-
mization algorithms can be used for approximate solution of (1.16).

2 Analysis of Greedy Algorithms

We begin this section by showing how to prove the results for REGA(co) and
EGAFR(co) stated in the introduction, namely Theorems 1.1 and 1.2. The proof of
convergence results for greedy algorithms typically is done by establishing a recursive
inequality for the error E(G,) — E*. To analyze the decay of this sequence of errors
will need the following lemma.

Lemma 2.1 Ifa sequence a,,, m > 0, of nonnegative numbers satisfies

am < ap—1(1 — Carl,;_l)’ m>1, 2.1

FoC'T
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withc > 0 and p > 0. Then
ap <Cn VP p>1, (2.2)

with the constant C depending only on p and c. In the case p > 1 we have C < ¢~ V/?.

Proof In the case p > 1 which is used in this paper this follows from Lemma 2.16
of [16]. In the case p > 1, Lemma 2.1 was often used in greedy approximation in
Banach spaces (see [16], Chapter 6). For the general case p > 0 see Lemma 4.2
of [12]). O

To establish a recursive inequality for the error in REGA(co), we will use the
following lemma about REGA(co).

Lemma 2.2 Let E be a uniformly smooth convex function with modulus of smoothness
p(E, u). Then, for any f € A1(D) and the iterations G, of the REGA(co), we have

E(Gnp) = E(Gm—1)+0i2f<l(—)»(E(Gm—1)—E(f))+2p(E,2?»)), m=12,....
2.3)

Proof A similar result was proved in Lemma 3.1 of [17] for a different greedy algo-
rithm denoted by WRGA(co) in [17]. In order to distinguish the two algorithms, we
denote by G, the output of WRGA(co). The relaxation step in WRGA(co) is exactly
the same as in our REGA(co). However, the choice of direction ¢, in WRGA(co) was
based on a maximal gradient descent. This means that at each step the G,,_1 is also
possibly different than our G,,,—1 of REGA(co). However, an examination of the proof
of Lemma 3.1 shows that it did not matter what G,,_ is as long as itis in X,,_{ (D).
So Lemma 3.1 holds for our G,,_; and if we let G,, denote the result of applying
WRGA(co) to our G,,_1, then we have

E(Gw) < E(Gp) < E(G) + Inf (=ME(Gu—1) = E(f)) + 20(E. 20).
2.4)
Here, the first inequality is because REGA(co) minimizes error over all choices of
directions ¢ from the dictionary and all choices of the relaxation parameter and thereby

is at least as good as the choice from WRGA(co). The last inequality is from Lemma
3.1 of [17]. Thus, we have proven the lemma. |

Proof of Theorem 1.1 The proof of this theorem is similar to the proof of Theorem
3.1 and Theorem 3.2 in [17]. We illustrate the proof of (1.8). If we denote by a,, :=
E(G,;)—E*, then subtracting E™* from both sides of (2.3) gives the recursive inequality

ap < ap—1 + inf {=Aa,_1 + 2y (21)7}. (2.5)
0<i<l

If we choose A to satisfy

ham—1 = 4y (20)1 (2.6)
Elol:;ﬂ
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provided it is not >1 and choose 1 otherwise and use this value in (2.5), we obtain in
case A <1

1
am = am—1 (1 - Ca,:ll__]1> s 2.7

with ¢ > 0 a constant depending only on y and ¢. This recursive inequality then gives
the decay announced in Theorem 1.1 because of Lemma 2.1. The case . = 1 can be
treated as in the proof of Theorem 3.2 from [17]. O

Proof of Theorem 1.2 This proof is derived from results in [17] in a similar way to
how we have proved Theorem 1.1 for REGA(co). An algorithm, called WGAFR(co),
was introduced in [17] which differs from EGAFR(co) only in how each ¢,, is chosen.
One then uses the analysis in WGAFR(co). Also, part (ii) of Theorem 1.2 follows
from Theorem 3.8 with § = 0.

The above-discussed algorithms REGA(co) and EGAFR(co) provide sparse
approximate solutions to the corresponding optimization problems. These approxi-
mate solutions are sparse with respect to the given dictionary D, but they are not
obtained as an expansion with respect to D. This means that at each iteration of these
algorithms we update all the coefficients of sparse approximants. Sometimes it is
important to build an approximant in the form of expansion with respect to D. The
reader can find a discussion of greedy expansions in [16, Section 6.7]. For comparison
with the algorithms, we have already introduced, we recall a greedy-type algorithm
for unconstrained optimization which uses only function values and builds sparse
approximants in the form of expansion that was introduced and analyzed in [18]. Let
C := {cm}5_ be a fixed sequence of positive numbers. O

E-Greedy Algorithm with coefficients C(EGA(C)) We define G := 0. Then, for
each m > 1 we have the following inductive definition:

(i) Let ¢, € D be such that (assuming existence)

E(Gu-1+ cmom) = inf E(Gp—1 +cmg).
geD

(ii) Then define
G =Gpn-1+ cnm-

In the above definition, we can restrict ourselves to positive numbers because of the
symmetry of the dictionary D.
For the analysis of this algorithm, we will assume that the sets

D¢ :={x:E(x) < E)+ C}

are bounded for all finite C. We recall two results for the EGA(C) that were proved
in [18].

EOE';W
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Theorem 2.3 Let n(u) = o(u) as u — 0 and let E be a uniformly smooth convex
function satisfying

E(x +uy) — E(x) —u(E'(x), y) < 2u(u), 2.8)

forx € Dy, |lyll =1, lu| < 1. Assume that the coefficients sequence C := {cj},cj €
[0, 1] satisfies the conditions

> o = oo, (2.9)
D mle) < 1. (2.10)

Then, for each dictionary D, the EGA(C) satisfies
lim E(Gp) = inf E(x) =: E*.
m—00 xeX

Theorem 2.4 Let E be a uniformly smooth convex function with modulus of smooth-
ness p(E,u) < yul,q € (1,2] on D;. We set s := % and Cy := {ck™*}72 | with
¢ chosen in such a way that yc? > 72 | k%9 < 1. Then, the EGA(Cs) converges with

the following rate: for anyr € (0,1 — )

E(Gp)— inf EX)<C(r,q,y)m™".
xeA (D)

Let us now turn to a brief comparison of the above algorithms and their known
convergence rates. The REGA(co) is designed for solving optimization problems on
domains D C A;(D) and requires that D* N A (D) # #. The EGAFR(co) is not
limited to the A (D) but applies for any optimization domain as long as E achieves
its minimum on a bounded domain. As we have noted earlier, if there is a point
D* N A1(D) # @, then EGAFR(co) provides the same convergence rate (0(m'~1y)
as REGA(co). Thus, EGAFR(co) is more robust and requires the solution of only a
slightly more involved minimization at each iteration.

The advantage of EGA(C) is that it solves a simpler minimization problem at
each iteration since the relaxation parameters are set in advance. However, it requires
knowledge of the smoothness order ¢ of E and also gives a poorer rate of convergence
than REGA(co) and the EGAFR(co).

To continue this discussion, let us consider the very special case where X = E‘Iﬁ and
the dictionary D is finite, say D = {g; };\;1 . In such a case, the existence of ¢, in all the
above algorithms is easily proven. The EGA(C) simply uses Nm function evaluations
to make m iterations. The REGA(co) solves a one-dimensional optimization problem
at each iteration for each dictionary element, thus N such problems. We discuss this
problem in Sect. 4 and show that each such problem can be solved with exponential
accuracy with respect to the number of evaluations needed from E.

Elol:;ﬂ
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3 Approximate Greedy Algorithms for Convex Optimization

We turn now to the main topic of this paper which is modifications of the above
greedy algorithms to allow imprecise calculations or less strenuous choices for descent
directions and relaxation parameters. We begin with a discussion of the weak relaxed
greedy algorithm WRGA(co) which was introduced and analyzed in [17] and which
we already referred to in Sect 2. The WRGA(co) uses the gradient to choose a steepest
descent direction at each iteration. The interesting aspect of WRGA(co), relative to
imprecise calculations, is that it uses a weakness parameter ,, < 1 to allow some
relative error in estimating sup,cp(—E "(Gm—-1), g — Gu—1). Here and below we use
a convenient bracket notation: for a functional F € X* and an element f € X we write
F(f) = (F, f). We concentrate on a modification of the second step of WRGA(co).
Very often, we cannot calculate values of E exactly. Even in case, we can evaluate E
exactly we may not be able to find the exact value of the info<)<1 E((1 — A)Gp—1 +
A@n). This motivates us to study the following modification of the WRGA(co). Let
T = {tk},‘:il, t € 10,11,k =1,2,..., be a weakness sequence.

Weak relaxed Greedy Algorithm with error §(WRGA(S)). Let § € (0, 1]. We
define G := 0. Then, for each m > 1, we have the following inductive definition.

) on = <pﬁf € D is taken any element satisfying

(_E/(Gm—l)a Om — Gm—1) = tny SUP(—E/(Gm—l), g—Gn-1).
geD

(2) Then 0 < A, < 1is chosen as any number such that

E((1 = 2n)Gm-1 + Anpn) < Oir){f;l E((1-=M)Gpu-1+rpy) + 6.

With these choices, we define
Gu = =2n)Gna + Am@m-

Thus, this algorithm differs from the REGA(8) given in the introduction, only in the
choice of the direction ¢, at each step. Both of these algorithms are directed at solving
the minimization of E over A1 (D). The following theorem analyzes the WRGA(9).

Theorem 3.1 Let E be uniformly smooth on A1(D) whose modulus of smoothness
p(E, u) satisfies

o(E,u) <yul, 1<gq=<2. 3.1
If the weakness sequence T = {tk},fil is such that ty = t,k = 1,2, ..., then the
WRGA(S) satisfies
E(Gy)—E*<C(q,y.t,E)ym'™4, m<s§1/4, (3.2)
where E* := inf E(x).
feA (D)
FoCT
u o
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We develop next some results which will be used to prove this theorem. Let us first
note that when E is Fréchet differentiable, the convexity of E implies that for any x, y

E(y) = E(x) + (E'(x),y — x) (3.3)
or, in other words,
E(x)— E(y) < (E'(x),x —y) = (—E'(x), y — x). 3.4

The following simple lemma holds.

Lemma 3.2 Let E be Fréchet differentiable convex function. Then the following
inequality holds for x € S

0< E(x+uy) — E(x) —u(E'(x), y) < 2p(E, ullylD. (3.5

We use these remarks to prove the following.

Lemma 3.3 Let E be uniformly smooth on Ai(D) with modulus of smoothness
p(E, u). Then, for any f € A1(D), we have that the WRGA(S) satisfies

E(G) = E(Gy) + inf (=t (E(Guo) = E(f))
+2p(E,20)+6, m=1,2,...

and therefore

E(Gnw) — E* < E(Gy—1) — E* +0irklf 1(—Mm(E(Gm—l) — E*) +2p(E,21))
<is
+45, m=12,... (3.6)

where E* :=inf fe 5, (p) E(X).
Proof We have

Gm =0 =2)Gm-1+ nom = Gu—1 + An(@m — Gu—1)
and from the definition of A,,,

E(Gp) = inf E(Gu—1+A(gn — Gm-1)) + 6.
0=<r<l1

By Lemma 3.2 we have for any A

E(Gpu-1+Mom —Gp-1)) < E(Gp—1) — )\(_E/(Gm—l)’ om — Gm-1)
+2p(E,2)) 3.7
FolCTM
BT
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and by step (1) in the definition of the WRGA (§) and Lemma 2.2 from [17] (see also
Lemma 6.10, p. 343 of [16]) we get

<_E/(Gmfl)» Om — Gm—1) =ty Sup<_E/(Gm7])» g—Gm-1)
geD
=1Im Sup (_E/(Gm—l)v ¢ —Gp-1)
peA (D)

v

tn(—E'(Gu-1), f = Ge1).
From (3.4), we obtain
(~E'Gn-1). f = Gn1) = EGp-t) = E(f).
Thus,
E(Gy) = inf E(Guot +@n = Guo) +8
< EGuo) + inf (=2t (E(Gu-1) = E(f) +20(E.20)) +3.
(3.8)

which proves the lemma. O

Finally, for the proof of Theorem 3.1, we will need the following result about
sequences.

Lemma 3.4 If a nonnegative sequence ay, ay, . .., ay satisfies

A < Ap—1 +Oir){f1(—kvam_1 +BX)Y+8, B>0, §€(0,1], 0<v<l,
<A<

3.9
form < N :=[8"Y4],q € (1,2], then
am < C(q,v, B,ag)m'™, m <N, (3.10)
with C(q, v, B, ap) < C'(q, B, ap)v™1.
Proof By taking A = 0, (3.9) implies that
am < am—1+38, m=N. (3.11
Therefore, for all m < N we have
am <ap+NS=<ap+1, 0<m=<N.
L
Now fix any value of m € [0, N] and define 1 := (Wz"g‘ ) a=1 5o that
Mvam—1 = 2B (3.12)
FolCTM
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If A1 < 1 then

inf (—Ava,—1 + BAY) < —Avam—1 + BA?
0<i<l

1 q
= —Eklvam_l =—-Ci(q, B)vpar’;_l, pi=—.

q—1

If A1 > 1 then for all 1 < A| we have Ava,,—; > 2BA\Y and specifying A = 1 we get

. 1
Og;f 1(_)‘vam—l + BAY) < _Evam—l

1 _
< —Evaf:l_l(ao + DI P =—q (q,ao)vafq_l.

Thus, in any case, setting C» := C2(q, v, B, ap) := min(C(gq, B)v?, C1(q, ag)v) we
obtain from (3.9)

am < am—1 — Cral_ +38, Cy> Cy(q, B, ap)v?, (3.13)

holds forall0 <m < N.
Now, to establish (3.10), we let n € [0, N] be the smallest integer such that

Cra?

n—1

< 26. (3.14)
If there is no such n, we set n = N. In view of (3.13), we have

am < am—1 — (C2/2)a’_;, 1<m <n. (3.15)

If we modify the sequence a,, by defining it to be zero if m > n, then this modified
sequence satisfies (3.15) for all m and Lemma 2.1 gives

am < Cym'™, 1<m<n, C3<Cjq, B, apv . (3.16)

If n = N, we have finished the proof. If n < N, then, by (3.11), we obtain for
m € [n, N]

28 1/p
am <ap_1+m—-—n+1)5<a,_ 1 +N§<a,_1 +NN7< [C_] + C4N'9,
2

where we have used the definition of N. Since §!/? < N—4/P = N—4t1 we have
am <CsN'"% <Csm'™9, n<m <N, Cs<Ch ',

where C depends only on g, B, ag. This completes the proof of the lemma. O
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Proof of Theorem 3.1 We take
a, == E(G,) — E*>0.
Then, taking into account that p(E, u) < yu9, we get from Lemma 3.3

am < am—1 + inf (=Atam—1 +2y21)7) +34. (3.17)
0=<r=<l1
Applying Lemma 3.4 with v = ¢, B = 2'*7y we complete the proof of Theorem 3.1.
O
We can establish a similar convergence result for the REGA(S).

Theorem 3.5 Let E be a uniformly smooth on A1(D) convex function with modulus
of smoothness p(E,u) < yu,1 < g < 2. Then, for the REGA(S) we have

E(Gy)—E*<C(q.y, E)Ym'™4, m<s14,

where E* := inf E(x).
feAi(D)

Proof From the definition of the REGA(S), we have

E(Gn) < inf  E((1 —=21)Gpu_1 + Ag) + 6.
0<Ar<l;geD

In the same way that we have proved (2.3), we obtain

E(Gm) = E(Gn-1) + inf (=A(E(Gm-1) — E®) +2p(E,2)) + 4. (3.18)

Inequality (3.18) is of the same form as inequality (3.6) from Lemma 3.3. Thus,
repeating the above proof of Theorem 3.1, we complete the proof of Theorem 3.5. O

We now introduce and analyze an approximate version of the WGAFR(co).

Weak Greedy algorithm with free relaxation and error § (WGAFR(§)). Let 7 :=
{tm}fnozl, tm € [0, 1], be a weakness sequence. We define G := 0. Then, for each
m > 1, we have the following inductive definition.

(1) ¢m € D is any element satisfying

(=E"(Gm-1), @m) = tm Sug(—E/(Gm—l), 8)- (3.19)
g€

(2) Find w,, and A, such that

E((1 —wmn)Gm—1 + AnPm) < }\nf E((1 =w)Gp—1 + Aopy) +6
RY

FoC'T
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and define
G = —=ww)Gu-1+ Xn@m.

Theorem 3.6 Let E be a uniformly smooth convex function on X with modulus of
smoothness p(E, D1,u) < yul,1 < g < 2 and let E* := inf E(x) = inf E(x).
xeX xeDy

Then, for the WGAFR(S), we have
E(Gw) — E* < C(E,q,y)ém, m=<38'1 (3.20)
where
em = infle : A(e)Im' ™7 < €} (3.21)

and A(e) is defined by (1.9).
Proof We begin with a lemma. O
Lemma 3.7 Let E be a uniformly smooth convex function with modulus of smoothness

p(E,u) on D C Dy. Take a number ¢ > 0 and an element [ from D such that

E(f%) < ingE(x) +e, f°/Be Ai(D),
xXe

with some number B > 1. Suppose that G,,—1 € D C D1 and ¢, € D is any element
satisfying

(_E/(Gm—l)a Om) =t SUP(—E/(Gm—l)a g)-
geD

Then, we have

Ai%f E(Gpu-1 —wGp—1 + Apm) — E(f*) < E(Gn-1) — E(f°)

+ ir;%(—/\th_l(E(Gm—l) — E(f%)) +2p(E, Cor)), (3.22)

form=1,2,...
Proof We use Lemma 3.2

E(Gm-1 +rpm — wGp-1) < E(Gn—1) = M~E (Gm-1), ¥m)
—wW(E(Gpu-1), Gm—1) +2p(E, |Apm — wGp—1]) (3.23)

and estimate

(_E/(Gmfl)a Om) =t SHP<—E/(Gm—1), g)
geD

=ty sup (—E'(Gm-1),9) = tw B —E'(Gu_1), f*).
peA (D)
Elol:;ﬂ
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We set w* := At,, B~! and obtain

E(Gmfl - w*Gmfl + )\(ﬂm)
< E(Gp—1) — My B " H—E'(Gn-1), f£ — Gp1). (3.24)

By (3.4), we obtain
(=E'"(Gm-1). [* = Gpu-1) =2 E(Gn_1) — E(f*).
Thus,

inf E(Gp-1—wGp-1+ APm) < E(Gp-1) + inf(_)hth_l(E(Gm—l)
A>0,w A>0

—E(f*) +2p(E, [2¢m — w* Gp-1)). (3.25)
We now estimate

lw* G-t — Agm|l < W [Gpu-1ll + A.

Next, G,—1 € D C Dj. Our assumption on boundedness of Dj implies that
IGm—1ll < Cy :=diam(Dy). Thus, under assumption B > 1, we get

WG|l < CiAty, < CiA.

Finally,
lw*Gm—1 — Agmll < CoA.
This completes the proof of Lemma 3.7. O
By the definition of G,

E(Gp) < inf E(Guot —wGpi +hgm) + 5.
A>0,w

In the case of exact evaluations in the WGAFR(co), we had the monotonicity property
E(Go) = E(G1) = --- which implied that G, € Dy for all n. In the case of the
WGAFR(8) Lemma 3.7 with D = D,—1)s, m < 8~ '/4 implies
E(Gp) < E(Gp-1)+4. (3.26)
Therefore, G,;, € Dyys and forallm < N := [§~1/4]
E(Gp) <E0) +1,
which implies G, € D; foralln < N.

FoC'T
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Denote
ap == E(G,) — E(fg)

The number B in Lemma 3.7 can be taken arbitrarily close to A(¢). Therefore, inequal-
ity (3.22) implies

an < ap—1 + inf (“A(e) " an—1 + 2y (CoM)?) + 5.
>

It is similar to (3.17) with the only point that we now cannot guarantee that a,,—1 > 0.
However, if n is the smallest number from [1, N] such thata, < Othenform € [n, N]
(3.26) implies easily a,, < C m1~49. Thus, it is sufficient to assume that a,, > 0. We
apply Lemma 3.4 with v = rA(e)~!, B =2y Cg and complete the proof.

We have discussed above two algorithms the WRGA (§) and the REGA(S). Results
for the REGA(§) (see Theorem 3.5) were derived from the proof of the corresponding
results for the WRGA (§) (see Theorem 3.1). We now discuss a companion algorithm
for the WGAFR(§) that uses only function evaluations.

E-Greedy algorithm with free relaxation and error §(EGAFR(5)). We define
Go := 0. Form > 1, assuming G, has already been defined, we take ¢,, € D and
Um, Bm € R satisfying

E(0Gr—1 + Bnom) < inf DE(aGmfl +Bg) +46

o,BeR; ge

and define

G = 0nGu_1+ Bnm-

In the same way as Theorem 3.5 was derived from the proof of Theorem 3.1, one
can derive the following theorem from the proof of Theorem 3.6.

Theorem 3.8 Let E be a uniformly smooth convex function on X with modulus of
smoothness p(E, D1,u) < yul,1 < q < 2 and let E* := inf E(x) = inf E(x).
xeX xeDy

Then, for the EGAFR(5), we have
E(Gpn) —E*<C(E,q,y)ém, m <814 (3.27)
where
€m = infle : A(e)Im' ™9 < €} (3.28)

and A(e) is defined by (1.9).

Theorem 2.4 provides the rate of convergence of the EGA(C) where we assume that
function evaluations are exact and we can find inf,cp exactly. However, in practice,
we very often cannot evaluate functions exactly and (or) cannot find the exact value of

Elo [y
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the inf,cp. In order to address this issue, we modify the EGA(C) into the following
algorithm EGA(C, §).

E-Greedy algorithm with coefficients C and error § (EGA(C, §)). Let § € (0, 1].
We define G := 0. Then, for each m > 1, we have the following inductive definition.

@)) (,031 € D is such that

E(Gm_1 +cnpd) < inlf)E(Gm,l +cmg) + 6.
F4S]

(2) Let
Gn:=Gp1+ Cm‘/)fn-

We prove an analog of Theorem 2.4 for the EGA(C, §).

Theorem 3.9 Let E be a uniformly smooth convex function with modulus of smooth-
ness p(E,u) < yu?, g € (1,2] on D3. We set s := ﬁ and Cy = {ck™*}72 | with
¢ < 1 chosen in such a way that y ¢4y 22, k=59 < 1. Then, the EGA(Cy, §) provides
the following rate: for any r € (0,1 — s)

E(Gn)—E*<C(r.q.y)m™, m<§ T,

where E* := inf E(x).
x€A (D)

We first accumulate some results that we will use in the proof of this theorem. Let

N = [8711?], where [a] is the integer part of a and let G,,, m > 0 be the sequence
generated by the EGA(Cy, 9).

Claim1 G,, € Ds,ie., E(Gy) < E(0)+3,forall0 <m < N.
To see this, let 7 € (0, 1) and ¢,, be such that

(=E"(Gm-1), ¢m) Z tED(Gn-1), Ep(G):= Su%(—E/(G),g% (3.29)
ge

Then

inf E(Gp—1+cng) < E(Gpu-1+ cnom).
geD

Thus, it is sufficient to estimate E(G,—1 + ¢ @m) With ¢, satisfying (3.29). By (3.5)
under assumption that G,,,—; € D3, we get with u(u) := yuf

E(Gpu—1 + Cm(pm) <E(Gp-1)+ cm<E/(Gm71): (pm) + 2u(cm).
Using the definition of ¢,,, we obtain

E(Gu-1+cmom) < E(Gpu—1) — cmt Ep(Gp—1) + 2u(cm). (3.30)
EOE';W
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We now prove by induction that G, € D3 for all m < N. Indeed, clearly Gog € Ds.
Suppose that Gy € D3,k =0,1,...,m — 1, then (3.30) holds forallk = 1,...,m
instead of m and, therefore,

E(Gn) < E0) 42D u(cx) +ms < E©0) +3,
k=1

proving the claim.
We also need the following lemma from [18].
Lemma 3.10 If f € Lg, then for

k
G :=Zc]~(pj, p;jeD, j=1,...k,
j=1

we have

k
Ep(Gp) = (E(Gy) — E()/(A+ Ap. A= [ejl.
j=1

Proof of Theorem 3.9 E attains E* at a point x* € A (D). If we start with (3.30) and
then use the above lemma with f = x*, fact that we obtain

tem(E(Gp—1) — E*
E(Gn) <= E(Gp-1) — m 1(+”; 1)] )+2yc?,, +34. (3.31)
m—

The left-hand side of (3.31) does not depend on 7, therefore the inequality holds with
t=1:

cn(E(Gpu-1) — E¥)

(Gm) = E(Gn-1) At (3.32)
We have
m—1 m
Ap1=c Zk_s <c (1 +/ x—de) =c(l+(1 - s)—l(ml—s — 1))
1
k=1
and

14+ A <1+c(l—s5)"'m!'s.
Therefore, for m > Cy, we have withv := (r + 1 —5)/2

Cm >v+1—s
1'*‘Am—l - 2(m_1)

(3.33)
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To conclude the proof, we need the following technical lemma. This lemma is a more
general version of Lemma 2.1 from [14] (see also Remark 5.1 in [15] and Lemma 2.37
on p. 106 of [16]). O

Lemma 3.11 Let four positive numbers « < B < 1, A, U € N be given and let a

sequence {a,},° | have the following properties: ay < A and we have for alln > 2

ap < ap—1 + A —1)7% (3.34)
if for some v > U we have
a, > Av™%
then
a1 < ap(l = B/v). (3.35)

Then, there exists a constant C = C(«, B, A, U) such that for alln = 1,2, ... we
have

a, < Cn™“.
We apply this lemma with a, := E(G,) — E*,n < N,a, == 0,n > N,«a =
r,B:=v:=(r+1-s)/2,U = C; and A specified later. Let us check the conditions

(3.34) and (3.35) of Lemma 3.11. It is sufficient to check these conditions form < N.
By the inequality

E(Gp) < E(Gu—1) +2p(E, cp) +8 < E(Gp—1) +2ycim™1 +§
the condition (3.34) holds for A > 2yc¢? + 1. Using sq > 1 + r we get
cd =cim™1 < cIm=17, s<m ", (3.36)
Assume that a,, > Am™". Setting A to be big enough to satisfy

Al —-s—-p)

q
8+ 2ycy < e

we obtain from (3.32), (3.33), and (3.36)

amy1 < a1 — B/m)

provided a,, > Am~". Thus, (3.35) holds. Applying Lemma 3.11, we get

am S C(ra Q5 V)m_r'
This completes the proof of Theorem 3.9.
EOE';W
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4 Univariate Convex Optimization

The relaxation step in each of the above algorithms involves either a univariate or
bivariate optimization of a convex function. The univariate optimization problem
called line search is well studied in optimization theory (see [10]). The purpose of
the remaining two sections of this paper is to show that such problems can be solved
efficiently. Results of these two sections are known. We present them here for com-
pleteness.

In this section, we consider the class F' of convex on [0, 1] functions which belong
to Lip 1 class with constant 1. We are interested in how many function evaluations are
needed in order to find for a given € > 0 and a given f € F a point x¢ € [0, 1] such
that

VACRS) ng%(iﬁ]f(x) +€?

We begin with a known upper bound.

Proposition 4.1 [fthe algorithm, described below in the proof of Proposition 4.2, with
6 = 0isappliedto any f € F and m € N, then after 3 + 2m function evaluations, it
produces a point x,, € [0, 1] such that

S om) < xg}(i)l’lu fo)+27" (4.1)

We next analyze what happens if we do not receive the exact values of f when we
query in the above algorithm. We assume that when we query f ata point x, we receive
the corrupted value y(x) where | f(x) — y(x)| < § for each x € [0, 1]. We assume
that we know 4.

Proposition 4.2 Suppose we make function evaluations with an error §. The algorithm
described below applied to f € F and m € N takes 3 + 2m function evaluations and
produces a point x,,, € [0, 1] such that

fom) < n%nu F)+27" 4+ (4m + 1)8. (4.2)

Proof Inthe argument that follows, we use the following property of convex functions.
Forany 0 <a <b <c¢ <d <1 wehave

f®) = fl@) _ f(d)— f(e)
b—a — d—c

4.3)

Proof of Proposition 4.2 goes by cases. At the firstiteration, we evaluate our function
at 0, 1/2, 1. Without loss of generality, we assume that y(0) < y(1).

A. Suppose y(0) < y(1/2). Then f(0) < f(1/2) + 26 and by (4.3) with a =
0,b=1/2,c=1/2,d =x,x € (1/2, 1] we obtain

f&x) = f(1/2) =25, x€[1/2,1].
FolCT
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Therefore, restricting our search for a minimum to [0, 1/2], we make an error of at
most 2§.

B. Suppose y(1/2) < y(0). In this case, we make an additional evaluation of the
function at 1/4.

Ba. Suppose y(1/4) < y(1/2) —25. Then f(1/4) < f(1/2) and by (4.3), we
obtain that

min Xx) > min x).
xe[1/2,1]f( )_xe[O,l/Z]f( )

Therefore, we can again restrict our search to the interval [0, 1/2].

Bb. Suppose y(1/4) > y(1/2) —24. In this case, we make an additional evaluation
of the function at 3/4. If y(3/4) < y(1/2) — 2§ then as in Ba we can restrict our
search to the interval [1/2, 1]. If y(3/4) > y(1/2) — 2§ we argue as in the case A and
obtain

i > mi — 48, i > mi — 45.
o SOz min @ oo SOz min SO

Therefore, we restrict our search to the interval [1/4, 3/4] with an error at most 44.
At each iteration, we add two evaluations and then find that we can restrict our

search to an interval of half the size of the original while incurring an additional error

at most 44. Finally, the evaluation of y gives us an error at most § with that of f. O

We note that convexity of functions from F plays a dominating role in obtaining
exponential decay of error in Proposition 4.1. For instance, the following simple known
statement holds for the Lip; 1 class.

Proposition 4.3 Let A(m) denote the class of algorithms (adaptive) which use at
most m function evaluations and provide an approximate for the minimum value of a
function. Then,

1
inf su min x)— A = —.
N s | min £ = A= 2o

Proof The upper bound follows from evaluating f at the midpoints x; of the intervals
[(j—1/m, j/m], j =1,..., mand giving the approximate value min; f(x;) — ﬁ.
The lower bound follows from the following observation. For any m points 0 < &) <
& < --- < &, =< 1 there are two functions fi, f> € Lip;1 such that fi(§;) =
f2(&;) = 0forall j and min, f;(x) — miny fo(x) > 5. O

5 Multivariate Convex Optimization

In this section, we discuss an analog of Proposition 4.1 for d-variate convex functions

on [0, 1]¢. The d-variate algorithm is a coordinate wise application of the algorithm
from Proposition 4.1 with an appropriate §. We begin with a simple lemma.

EOE';W
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Lemma 5.1 Let f(x),x = (x1,...,xq) € [0, 11 be a convex on [0, 114 function.
Define x4 .= (x1,...,xq-1) € [0, l]d_1 and

Ffax?) = mxinf(x).

Then fy; (xd ) is a convex function on [0, l]d_l.
Proof Letu, v € [0, l]d’l. Then, there are two points w, z € [0, l]d such that

Jaw) = fw),  fa@) = f(2)

d

and u = w?, v = z¢. From the convexity of f(x), we have

fw+ A —-0)z) <tf(w) + A —0)f@) =1tfa(w)+ A —1)fa(), t€][0,1]

.1

Clearly,
falw + (A =02 < ftw+ (1 —0z), €0, 1]. (5.2)
Inequalities (5.1) and (5.2) imply that £, (u) is convex. O

Proposition 5.1 The d-variate minimization algorithm given below takes as input
any f € F and m € N and produces after (3 4+ 2m)? function evaluations a point
Xm € [0, 114 such that

f(xm) < min f(x) 427" (4m + 2)¢. (5.3)
xel0,1]

Proof We construct the algorithm by induction. In the case d = 1, we use the univariate
algorithm from Proposition 4.2. Suppose, we have given the algorithm such that the
proposition holds for d — 1. Then, we write

min f(x) = minm}in f(x)
x Xd x

and observe that by Lemma 5.1 the function g (x4) := min .« f(x) isaconvex function.
Next, we apply the algorithm from Proposition 4.2 with § = 27" (4m + 2)?~! to the
function g. By our induction assumption, we evaluate g with an error at most §. Thus,
by Proposition 4.2, we get an error at most

27" 4 (dm + 1)§ <27 (4m + 2)¢.

The total number of evaluations is (3 + 2m)?. This completes the proof. O
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6 Conclusion

We continue a study, which was initiated by Zhang [20]. The biggest contribution of this
paper is that it gives a dimension independent analysis of unconstrained convex opti-
mization. For that purpose we use algorithms with free relaxation—the WGAFR($)
and the EGAFR(6). An important difference between these algorithms and the one
introduced and studied in [20]—REGA (§)—is that the REGA (§) is limited to convex
combinations (1 — A;;,)Gn—1 + Am@m and, therefore, it is only applicable for mini-
mization over A1 (D). Also, we point out that our analysis is different from that in [20].
In both approaches, the reduction E(G,,—1) — E(G,,) at one iteration is analyzed. We
analyze it using ¢,, satisfying the greedy condition:

(_E/(Gm—l)a Om) = I Sup(_E/(Gm—l)7 g)-
geD

In [20] the averaging technique is used. Our technique works for the WRGA, REGA,
WGAFR, and EGAFR.

One more important feature of this paper is that we use function evaluations and do
not utilize the gradient E’. Clearly, in the setting on an infinite dimensional Banach
space, the proposed algorithms are not algorithms in a strict sense. However, when X
is finite dimensional and D is finite, they are algorithms in a strict sense. In such a
situation we can compare complexities of, say, the WGAFR(8), which utilizes E’, and
the EGAFR(5), which does not. At the greedy step (1) of the WGAFR($), generally
speaking, we need to evaluate all (—E'(G,,—1), g), g € D, in order to choose ¢y,.
At the greedy step of the EGAFR(4), we need to solve N := |D| two-dimensional
convex optimization problems. Proposition 5.1 shows that this extra work of opti-
mization requires about (log 1/8)? function evaluations per dictionary element. There-
fore, roughly, for the WGAFR(§), we need to evaluate N inner products, and for the
EGAFR($), we need to make N (log 1 /8)? function evaluations. This comparison is
under assumption that in the case of the WGAFR (§) the gradient E'(G,,_1) is known.

The most important results of the paper are in Sect. 3, where we allow approximate
evaluations. Theorems 3.1, 3.5, 3.6, and 3.8, proved in that section, demonstrate that
for the number of iterations m < 8~1/4 the error § in approximate evaluations does
not effect the upper bound of the error of the optimization algorithm. We do not know
if the restriction m < 81/ is the best possible in these theorems. It is known and
easy to check on examples from approximation (see, for instance, [16, p. 346]) that
the error rate m!=4 for optimization over A1(D) is the best possible.
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