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1 Introduction

In the recent years, first order methods for convex optimization have become prominent again
as they are able to solve large-scale problems in millions of variables (often arising from
applications to image processing, compressed sensing, or machine learning), where matrix-
based interior point methods cannot even perform a single iteration. (However, a matrix-free
interior point method by FOUNTOULAKIS et al. [12] works well in some large compressed
sensing problems.)

In 1983, NEMIROVSKY & YUDIN [20] proved lower bounds on the complexity of first order
methods (measured in the number of subgradient calls needed to achieve a given accuracy)
for convex optimization under various regularity assumptions for the objective functions.
(See NESTEROV [22, Sections 2.1.2 and 3.2.1] for a simplified account.) They constructed
convex, piecewise linear functions in dimensions n > k, where no first order method can
have function values more accurate than O(k~'/?) after k subgradient evaluations. This
implies the need for at least O(¢7?) subgradient evaluations in the worst case if f is a
nondifferentiable but Lipschitz continuous convex function. They also constructed convex
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quadratic functions in dimensions n > 2k where no first order method can have function
values more accurate than O(k™2) after k gradient evaluations. This implies the need for at

least O(s7/?) gradient evaluations in the worst case if f is an arbitrarily often differentiable
convex function. However in case of strongly convex functions with Lipschitz continuous
gradients, the known lower bounds on the complexity allow a dimension-independent linear
rate of convergence O(g*) with 0 < ¢ < 1.

Algorithms by NESTEROV [22, 23, 26] (dating back in the unconstrained, not strongly convex
case to 1983 [21]), achieve the optimal complexity order in all three cases. These algorithms
need as input the knowledge of global parameters — a global Lipschitz constant for the ob-
jective functions in the nonsmooth case, a global Lipschitz constant for the gradient in the
smooth case, and an explicit constant of strong convexity in the strongly convex case. Later
many variants were described (see, e.g., AUSLENDER & TEBOULLE [5], LAN et al. [18]),
some of which are adaptive in the sense that they estimate all required constants during the
execution of the algorithm. BECK & TEBOULLE [8] developed an adaptive proximal point
algorithm called FISTA, popular in image restauration applications. Like all proximal point
based methods, the algorithm needs more information about the objective function than just
subgradients, but delivers in return a higher speed of convergence. TSENG [28] gives a com-
mon uniform derivation of several variants of fast first order algorithms based on proximal
points. BECKER et al. [9] (among other thinds) add adaptive features to Tseng’s class of
algorithms, making them virtually independent of global (and hence often pessimistic) Lip-
schitz information. Other such adaptive algorithms include GONZAGA et al. [13, 14] and
MENG & CHEN [19]. DEVOLDER et al. [11] show that both the nonsmooth case and the
smooth case can be understood in a common way in terms of inexact gradient methods.

If the Lipschitz constant is very large, the methods with optimal complexity for the smooth
case are initially much slower than the methods that have an optimal complexity for the
nonsmooth case. This counterintuitive situation was remedied by LAN [17], who provides
an algorithm that needs (expensive auxiliary computations but) no knowledge about the
function except convexity and has the optimal complexity, both in the nonsmooth case and
in the smooth case, without having to know whether or not the function is smooth. However,
its worst case behavior on strongly convex problem is unknown. Similarly, if the constant of
strong convexity is very tiny, the methods with optimal complexity for the strongly convex
case are initially much slower than the methods that do not rely on strong convexity. Prior
to the present work, no algorithm was known with optimal complexity both for the general
nonsmooth case and for the strongly convex case.

Content. In this paper, we derive an algorithm for approximating a solution ¥ € C' of the
convex optimization problem

~

f(@) = f :=min f(z) (1)

zeC

using first order information (function values f and subgradients g) only. Here f: C' — R is
a convex function defined on a nonempty, convex subset C' of a vector space V with bilinear
pairing (h, z) defined for z € V and h in the dual space V*. The minimum in (1) exists if
there is a point 2° € C such that the level set {z € C' | f(z) < f(z)} is bounded.

Our method is based on monotonically reducing bounds on the error f(z}) — J?of the function
value of the currently best point x;. These bounds are derived from suitable linear relaxations



and inequalities obtained with the help of a prox function. The solvability of an auxiliary
optimization subproblem involving the prox function is assumed. In many cases, this auxiliary
subproblem has a cheap, closed form solution; this is shown here for the unconstrained case
with a quadratic prox function, and in AHOOKHOSH & NEUMAIER [3, 4] for more general
cases involving simple, practically important convex sets C.

The OSGA algorithm presented here provides a fully adaptive alternative to current optimal
first order methods. If no strong convexity is assumed, it shares the uniformity, the freeness
of global parameters, and the optimal complexity properties of Lan’s method, but has a
far simpler structure and derivation. Beyond that, it also gives the optimal complexity in
the strongly convex case, though it needs in this case — like all other known methods with
provable optimal linear convergence rate — the knowledge of an explicit constant of strong
convexity. Furthermore — like Nesterov’s O(k™2) algorithm from [23] for the smooth case,
but unlike his linearly convergent algorithm for the strongly convex case, scheme (2.2.19) in
NESTEROV [22], the algorithm derived here does not evaluate f and g outside their domain.
The method for analyzing the complexity of OSGA is also new; neither Tseng’s complexity
analysis nor Nesterov’s estimating sequences are applicable to OSGA.

The OSGA algorithm can be used in place of Nesterov’s optimal algorithms for smooth
convex optimization and its variants whenever the latter are traditionally employed. Thus it
may be used as the smooth solver with methods for solving nonsmooth convex problems via
smoothing (NESTEROV [23]), and for solving very large linear programs (see, e.g., AYBAT &
IYENGAR [7], CHEN & BURER [10], BU et al. [15], NESTEROV [24, 25], RICHTARIK [27])

Numerical results are reported in AHOOKHOSH [1]; see also AHOOKHOSH & NEUMAIER [2].

Acknowledgment. I'd like to thank Masoud Ahookhosh for numerous useful remarks on
an earlier version of the manuscript.

2 The OSGA algorithm

In this section we motivate and formulate the new algorithm.

In the following, V' denotes a Banach space with norm || - ||, and V* is the dual Banach
space with the dual norm || - ||*. C is a closed, conves subset of V. The objective function

f: C — R is assumed to be convex, and g(x) denotes a particular computable subgradient
of fatx € C.

The basic idea. The method is based on monotonically reducing bounds on the error

f(xp) — fof the function value of the currently best point x;. These bounds are derived from
suitable linear relaxations
f(z)>~v+(h,z) forallzeC (2)
(where v € R and h € V*) with the help of a continuously differentiable prox function
Q@ : C — R satisfying
Qo := inf Q(z) > 0, (3)

zeC
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Q(z) > Q) + (9o(x), z — x) + %Hz —z|* forallz,ze€C, (4)

where gg(x) denotes the gradient of @ at © € C. (Thus @ is strongly convex with strong
convexity parameter 0 = 1. Choosing ¢ = 1 simplified the formulas, and is no restriction of

generality, as we may always rescale a prox function to enforce ¢ = 1.) We require that, for
each vy € Rand h € V*,

o7t (h,2)
_ipf LA R

L NTE) (5)
is attained at some z = U(y,h) € C. This requirement implies that, for arbitrary 7, € R
and h € V*,

E(v,h) =

Y+ (h,z) > —E(y,h)Q(z) forall z € C.
From (2) for z = Z and (3), we find that

w=7—f(®), Emh)<n = 0<f(n)-f<nQ@). (6)

Typically,

U= U(’yb’ h)a = E(’yba h) (7)
are computed together; clearly one may update a given n by 7, thus improving the bound.
Note that the form of the auxiliary optimization problem (5) is forced by this argument.
Although this is a nonconvex optimization problem, it is shown in AHOOKHOSH & NEUMAIER
[3, 4] that there are many important cases where E(v, h) and U(v, h) are cheap to compute.

In particular, we shall show in Section 5 that this is the case when C' = V' and the prox
function is quadratic.

If an upper bound for Q(Z) is known or assumed, the bound (6) translates into a computable
error estimate for the minimal function value. But even in the absence of such an upper
bound, we can solve the optimization problem (1) to a target accuracy

0 < fzp) — f < Q@) (8)

if we manage to decrease the error factor 7 from its initial value until n < € for some target
tolerance £ > 0. This will be achieved by Algorithm 2.4 defined below. We shall prove for
this algorithm complexity bounds on the number of iterations that are independent of the
dimension of V' (which may be infinite), and — apart from a constant factor — best possible
under a variety of assumptions on the objective function.

Constructing linear relaxations. The convexity of f implies for x, z € C' the bound

f(z) = f(z) + {g(x), 2 — x), (9)
where g(z) denotes a subgradient of f at x € C. Therefore (2) always holds with

v = f(xs) — (g(zp), 20), h = g(m).

We can find more general relaxations of the form (2) by accumulating past information.
Indeed, if (2) holds, « € [0, 1], and = € C then (2) remains valid when we substitute

7=+ ol f(z) ~ (glx). 2) — ).
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in place of 7, h, as by (9),

f(z) = Q=a)f(2) +af(?)
> (I=a)(y+(h,2) +a(f(z)+(9(x), 2 —x))
= (1-a)y+a(f(z) = {9(z),z) + (1 — a)h + ag(z), 2)
= 7+ (h,2).

For appropriate choices of  and «, this may give much improved error bounds. We discuss
suitable choices for z later.

Step size selection. The step size parameter o controls the fraction of the new infor-
mation (9) incorporated into the new relaxation. It is chosen with the hope for a reduction
factor of approximately 1 — a in the current error factor 7, and must therefore be adapted
to the actual progress made.

First we note that in practice, Q(7) is unknown; hence the numerical value of 7 is meaningless
in itself. However, quotients of n at different iterations have a meaning, quantifying the
amount of progress made.

In the following, we use bars to denote quantities tentatively modified in the current iteration,
but they replace the current values of these quantities only if an acceptance criterion is met
that we now motivate. We measure progress in terms of the quantity

n—=n
::— 1
i Aan’ (10)

where A € ]0,1[ is a fixed number. A value R > 1 indicates that we made sufficient progress
in that
7= (1—ARa)y (11)

was reduced at least by a fraction A of the designed improvement of 1 by an; thus the step
size is acceptable or may even be increased if R > 1. On the other hand, if R < 1, the
step size must be reduced significantly to improve the chance of reaching the design goal.
Introducing a maximal step size amayx € ]0, 1] and two parameters with 0 < ' < k to control
the amount of increase or decrease in «, we update the step size according to

5= oe " it R <1, (12)
min(ae” D o) if R> 1.

Since updating the linear relaxation and v makes sense only when 1 was improved, we obtain

the following update scheme.



2.1 Algorithm. (Update scheme)

global tuning parameters: A € ]0,e7"];  amax € 10,1} 0 < K < k;
input: a,n,ﬁ, &, 1, U;

output: a, h,y,n, u;

R=(n—-mn)/(Aan);
ifR<1, a=ae™

else a = min(ae® B ana);
end;
a = q;
it <mn,

h=h;v=7% n=Tu=71
end;

If aupin denotes the smallest actually occurring step size (which is not known in advance),
we have global linear convergence with a convergence factor of 1 — e "ay,;,. However, apin
and hence this global rate of convergence may depend on the target tolerance e; thus the
convergence speed in the limit € — 0 may be linear or sublinear depending on the properties
of the specific function minimized.

Strongly convex relaxations. If f is strongly convex, we may know a number p > 0 such
that f — p@ is still convex. In this case, we have in place of (9) the stronger inequality

f(2) =pQ(2) = f(x) — pQ(x) + (9(x) — pgo(x),z —x) forz,z € C. (13)

In the following, we only assume that p > 0, thus covering the case of linear relaxations, too.

(13) allows us to construct strongly convex relaxations of the form
f(z) 27+ (h,2) + nQ(z) forall z € C. (14)
For example, (14) always holds with
h=g(x) — pgo(e), 7= f(xy) — pQ(xs) — (h, ).

Again more general relaxations of the form (14) are found by accumulating past information.
2.2 Proposition. Suppose that x € C, o € [0, 1], and let
h=h+alg=h), 7=7+a(f@)-uQ) - (g.2) =),

where
9 = 9(x) — ngo(x)-
If (14) holds and f — puQ is convex then (14) also holds with 7 and h in place of v and h.

Proof. By (13) and the assumptions,

1) = 1Q(E) = (1-a)(f(2) = #Q(:)) + alf(2) — nQ(=))
> (1= )y + (h,2))
+a(f(@) = nQ(@) + (g(x), = = ) = plgg(a). = — 2))
= 7+ (h,2).



The relaxations (14) lead to the following error bound.

2.3 Proposition. Let
Yo =7 — fla), n:=E(wh)—p
Then (14) implies
0< fm) — F <nQ(@). (15)

Proof. By definition of E(7y,,h) =1+ p and (14), we have

—(+w)Q(2) <+ (h,z) =7 = f(e) + (b, 2) < f(2) = f(2p) — pQ(2).

for all z € C'. Substituting z = ¥ gives (15). O

Note that for ;= 0, we simply recover the previous results for general convex functions.

An optimal subgradient algorithm. For a nonsmooth convex function, the subgradient
at a point does not always determine a direction of descent. However, we may hope to find
better points by moving from the best point x;, into the direction of the point (7) used to
determine our error bound. We formulate on this basis the following algorithm, for which
optimal complexity bounds will be proved in Section 4.



2.4 Algorithm. (Optimal subgradient algorithm, OSGA)
global tuning parameters: A, apax € 10,1[; 0 < &' < k;
input parameters: 1 > 0; € > 0; fiarget;
output: xp;
assumptions: f — u() is convex;
begin
choose xp; stop if f(z) < fiarget;
h = g(xzs) — ngq(zs); v = flxs) — pQ(xs) — (hyap);
Yo =7 — fl@); u="Ulw, h);n=E(nh) —
@ = Qmax;
while 1,
v =z, +a(u—m); g = g(x) — pg(@);
h=h+alg—h);7=7+a(f(z) - pQ(z) — (g,2) —7);
x) = argmin f(2);

ze{zp,z}
V=7 fzy); v = U(%,h% =z + a(u — xp);
/

u’
choose T, with f(7Zp) < min(f(z}), f(2'));
Yo =7~ f(@); u=U,h); 7=E@,h) —p;
Tp = Tp,
stop if some user-defined test is passed;
update «a, h, v, n, u by Algorithm 2.1;
end;
end;

Note that the strong convexity parameter i needs to be specified to use the algorithm. If
is unknown, one may always put p = 0 (ignoring possible strong convexity), at the cost of
possibly slower worst case asymptotic convergence. (Techniques like those used in JUDITSKY
& NESTEROV [16] or GONZAGA & KARAS [13] for choosing 1 adaptively can probably be
applied to the above algorithm to remove the dependence on having to know p. However,
[16] requires an explicit knowledge of a Lipschitz constant for the gradient, while [13] proves
only sublinear convergence. It is not yet clear how to avoid both problems.)

The analysis of the algorithm will be independent of the choice of T}, allowed in Algorithm

2.4. The simplest choice is T, = argmin f(z). If the best function value f(z}) is stored and
z€{zy,x'}

updated, each iteration then requires the computation of two function values f(x) and f(z’)

and one subgradient g(z).

However, the algorithm allows the incorporation of heuristics to look for improved function
values before deciding on the choice of Z,. This may involve additional function evaluations
at points selected by a line search procedure (see, e.g., BECK & TEBOULLE [8]), a bundle
optimization (see, e.g., LAN [17]), or a local quadratic approximation (see, e.g., YU et al.
[29]).

Numerical results are reported in AHOOKHOSH [1]; see also AHOOKHOSH & NEUMAIER [2].



3 Inequalities for the error factor

The possibility to get worst case complexity bounds rests on the establishment of a strong
upper bound on the error factor n. This bound depends on global information about the
function f; while not necessary for executing the algorithm itself, it is needed for the analy-
sis. Depending on the properties of f, global information of different strength can be used,
resulting in inequalities of corresponding strength. The key steps in the analysis rely on the
following lower bound for the term ~ + (h, z).

3.1 Proposition. Let v = U(y,h). Then
7+ (hv) = —E(y, h)Q(v). (16)
Moreover, if E(y,h) > 0 then for all z € C,
1 2
7+ (h2) 2 B ) (52 = ol - Q). (17)
E(y,h)(Q(2) — Q(v)) + (h,z —v) > 0. (18)
Proof. By definition of E(v, h), the function ¢ : C' — R defined by

¢(2) =7+ (h,2) + E(7, h)Q(2)

is nonnegative and vanishes for z = v := U(y, h). This implies (16). Writing g,(z) for the
gradient of ¢ at z € C, strong convexity (4) of @) implies

lz = vl

8(2) = 6(0) — {gulw), = — ) = B3, 1) Q) — Q) ~ {ae), = — o)) = PN

But
(gs(v), 7 — v) — 2?8 (v + afz ;v)) — ¢(v) >0

since ¢(v) = 0. This proves (17). If we eliminate 7 using (16) and delete the norm term, we
obtain (18). 0
3.2 Theorem. In Algorithm 2.4, the error factors are related by

o?||g(2)]?
L—a)(n+ Qo

n—1—an< 1
where || - ||« denotes the norm dual to || - ||.

Proof. We first establish some inequalities needed for the later estimation. By convexity of
() and the definition of h,

an(Q(@) = Q) + (go(@),x)) > anfgale).w) = (h—h+



By definition of x, we have
(1—-a)(xy —x) = —a(u—x).
Hence (13) (with p = 0) implies
(1 =a)(f(z) = f(2)) = (1 = a){g(z), 2o — z) = —alg(z),u — z).
By definition of 7, we conclude from these two inequalities that
T f@)+ apQ@) = (1-a)(y— (&) — alg(@), 2) + ap(QE) — Q) + (gg(w), 2))

(1= o) (7= f(2) + (h@) +alg(e).a - 2) — (h,7)
(1= a)(y = fao) + (b)) +algla), T~ u) = (B, ).

ALY,

Using this, (16) (with %, = 7 — f(}) in place of v and h in place of h), and E(%,,h) =7+ p
now gives

7+ 1= Q@ = f@) =7~ (h7) - apQ@)
< f(@) = f@) = alg(e) T —u) = (1= a) (v = fla) + (h).
(20)
Using (17) (with v, = v — f(x) in place of v) and n + u = E(y, h), we find
1+ Q) > flmn) =7 — (hw) + L — wl?. 21)
Now (20) and (21) imply
(- (1= an)Q@ = (+np-apQ@ - (1— o)+ nQ@)
< f@) - f@) = (1= ) (v = flw) + (b))
~alg(x), 7~ u) .
~(1 = a)(F(a) =7 = (@) + L 7 = al?)
= f(@)— fla)+S
where
S = —alg(e),i—u) — L2 “)2(77 ) g )
< allg(a) 7 — ) — LRI gy (22)
_ lg@)I = (allg@ll. + (1= )+ wlE—ul)® _ _ o?g(a)|?
2(1 —a)(n+p) T 2(1-a)in+p)
If 7 < (1 — «a)n then (19) holds trivially. Thus we assume that 77 > (1 — a)n. Then
(71— (1= a)n)Qo < (71— (1 = a)n)Q(@) < f(@) ~ f(x) + 3. (23)
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Since f(7Ty) < f(x), we conclude again that (19) holds. Thus (19) holds generally. O
Note that the arguments used in this proof did not make use of 2’; thus (19) even holds when
one sets ' = x in the algorithm, saving some work.

3.3 Theorem. If f has Lipschitz continuous gradients with Lipschitz constant L then, in
Algorithm 2.4,
n>(1-a)y = (1-a)n+p) <a’L. (24)

Proof. The proof follows the general line of the preceding proof, but now we must consider
the information provided by z’.

Since E is monotone decreasing in its first argument and f(z}) > f(7p), the hypothesis of
(24) implies that

0 =EXx—f(a}),h) —pn>EF—f@),h) —p=1>(1—a)m.

By convexity of @ and the definition of h,

an(Q() = Q) + (ga(@). 7)) > anlggle),u) = (h—To+algle) — ), w)

By definition of x, we have
(1—a)(z, — ) = —a(u—z).
Hence (13) (with 4 = 0) implies
(1 —a)(f(a) = f(2)) = (1 — a){g(z), 2 — 7) = —a(g(x),u — @).

By definition of 7, we conclude from the last two inequalities that

T 1)+ Q) = (1 )y~ £(x) - alg(x).z) + a(QW) ~ Q) + (aox).2))
(1—a)(y— f(z)+ (h, u’>> +alg(z),u' — x) — (h,u')

7= f(
(1= a) (7= flw) + (b)) +afglw), ' — u) = ().

v

v

Using this, (16) (with 4 = 7 — f(z}) in place of v and & in place of h), and E(v;, h) =0’ +p
now gives

0w aQ) = gtat) =7~ () - auQ()
f(&5) = f(x) = alg(@), o’ — u) (25)
—(1—a)(y = flah) + (hu)).

Using (17) (with 4, = v — f(x3) in place of ) and n + u = E(y, h), we find

(0+ QW) > () =7 — () + L — u. (26)

11



Now (25) and (26) imply

(n' = (1 —=a)n)Qu)

(' +p—ap)Q(u) = (1 —a)(n+ p)Qu)
F(ah) = f2) = (1= a)(5 = fl@) + (b))
—a{g(a), v’ — ) X

/ n I / 2
(1= a) (fla) =7 = () + L E  — )

= flap) = fle)+ 5,

IA

where
S = —alg(x),u —u) — (1= a)2(n il o’ — ulf?,

giving

(' =1 —=a)n)Qo < flz) — f(x) + 5",
Now I

flxy) < J@') < f@) + (9(@), " = 2) + F 2" = x|®
o?L (27)
= f(@) +alg(@) v —u) + —=[lu' ~ ull?,

so that under the hypothesis of (24)

o’L — (1—a)(n+p)
2

[’ =l .

0<(n —(1—a)nQo <

Thus oL — (1 — a)(n+ i) > 0, and the conclusion of (24) holds. 0

4 Bounds for the number of iterations

We now use the inequalities from Theorem 3.2 and Theorem 3.3 to derive bounds for the
number of iterations. The weakest global assumption, mere convexity, leads to the weakest
bounds and guarantees sublinear convergence only, while the strongest global assumption,
strong convexity and Lipschitz continuous gradients, leads to the strongest bounds guarantee-
ing R-linear convergence. Our main result shows that, asymptotically as € — 0, the number
of iterations needed by the OSGA algorithm matches the lower bounds on the complexity
derived by NEMIROVSKI & YUDIN [20], apart from constant factors:

4.1 Theorem. Suppose that f — u(Q) is convex. Then:

(i) (Nonsmooth complexity bound)

If the points generated by Algorithm 2.4 stay in a bounded region of the interior of C', or if
f is Lipschitz continuous in C, the total number of iterations needed to reach a point with
f(z) < f(T) + ¢ is at most O((e? + pe)™'). Thus the asymptotic worst case complexity is
O(e7?) when p =0 and O(e™') when p > 0.

12



(ii) (Smooth complexity bound)
If f has Lipschitz continuous gradients with Lipschitz constant L, the total number of itera-
tions needed by Algorithm 2.4 to reach a point with f(x) < f(Z) + ¢ is at most O(e~/2) if

p =0, and at most O(|loge|\/L/u) if > 0.

In particular, if f is strongly convex and differentiable with Lipschitz continuous gradients,
i > 0 holds with arbitrary quadratic prox functions, and we get a complexity bound similar
to that achieved by the preconditioned conjugate gradient method for linear systems; cf.
AXELSSON & LINDSKOG [6].

Note that (24) generalizes to other situations by replacing (27) with a weaker smoothness
property of the form

f(z) < f(@) + (9(x), 2 — ) + o(||z — =]) (28)
with ¢ convex and monotone increasing. For example, this holds with ¢(t) = Lyt if f has
subgradients with bounded variation, and with ¢(t) = L,*t' if f has Holder continuous
gradients with exponent s € ]0,1[, and with linear combinations thereof in the composite
case considered by LAN [17]. Imitating the analysis below of the two cases stated in the
theorem then gives corresponding complexity bounds matching those obtained by Lan.

Theorem 4.1 follows from the two propositions below covering the different cases, giving
in each case explicit upper bounds on the number K,(a,n) of further iterations needed to
complete the algorithm form a point where the values of a and 7 given as arguments of K,
were achieved. We write ag and 7 for the initial values of o and 7. Only the dependence on
i, o, and 7 is made explicit.

4.2 Proposition. Suppose that the dual norm of the subgradients g(x) encountered during
the iteration remains bounded by the constant cq. Let ¢; > 0, and define

orim S0 i max a o 10 g, = 2
P2y 1—e )1 —amm) o /7 72X
(i) In each iteration,
n(n+p) < ac. (29)
(ii) The algorithm stops after at most
Ku(a,g)=1+nrtlog—20 42 9 (30)

ele+p) ele+p) nn+p
further iterations.

In particular, (i) and (ii) hold when the iterates stay in a bounded region of the interior of
C, or when f is Lipschitz continuous in C'.

Note that any convex function is Lipschitz continuous in any closed and bounded domain
inside its support. Hence if the iterates stay in a bounded region R of the interior of C, ||g||
is bounded by the Lipschitz constant of f in the closure of the region R.
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Proof. (i) Condition (29) holds initially, and is preserved in each update unless « is reduced.
But then R < 1, hence 77 > (1 — Aav)n. Thus Theorem 3.2 implies

a201

(1 —a)(n+mp)

(I=Nan<n—(1-a)y<

This implies
(L= =a)n(n+p) < ae,
and since A < e ™" < 1,

1—)\)(11—@)

ﬁ(ﬁ+u)§n(n+u)§( < acy.

Thus (29) holds again after the reduction, and hence always.

(ii) As the algorithm stops once 1 < e, (29) implies that in each iteration coax > (e + p).
As « is reduced only when R < 1, and then by a fixed factor e™*, this cannot happen more

Cox
ele+p)
have another step with R > 1. By (11), this gives a reduction of n by a factor of at least
1 — Aa. But this implies that the stopping criterion n < ¢ is eventually reached. Therefore

than £~ ! log times in turn. Thus after some number of a-reductions we must always

the algorithm stops eventually. Since R > 0, (12) implies @ < a1, Therefore

log(a/@) > k(1 — R). (31)
Now (31), (11), and (29) imply
B =7 = log(a/@) Cs B 3
Bulon) = K@) ko amt ) i+ )
SR T R Ry
— 1-R4+ C3 _ C3

(1 = ARa)n((1 = ARa)n+p)  n(n+ )
(n+p) — (1 = ARa)((1 — ARa)n + )
(1= ARa)n(n + p)((1 = ARa)n + p)

ARa((2 = ARa)n + )

Z 1—R+03

= 1-R+c
*(1 = ARa)n(n + p)((1 — ARa)n + 1)
> 1—R+Cgﬂ:1—R+203)\Rzl.
n(n+ 1) Ca

This implies the complexity bound by reverse induction, since immediately before the last
iteration, cocv > e(e + p) and 1 > ¢, hence K, (a,n) > 1. 0

4.3 Proposition. Suppose that f has Lipschitz continuous gradients with Lipschitz constant
L, and put

Mo + K 62’{[/ - 404 - Cy4 G
P) )a C5_Fa Cg = R C7_X-

¢4 = max ( ,
lo% 1 — apax

14



(i) In each iteration
n + 2 < OZ2C4, (32)

(ii) The algorithm stops after at most K, (c,n) further iterations. Here

Ko(a,n) =1+ k' log (a\/§> + \/%75 - \/%75 (33)

log(cgav)

K,(o,n) =1+ +cr logﬂ for p > 0. (34)
€

Proof. (i) (32) holds initially, and is preserved in each update unless « is reduced. But then
R < 1, hence by Theorem 3.3, (1 — a)(n + ) = oL before the reduction. Therefore

o’L a@?L 0 o )
ﬁ+u§n—|—u§1_a§1_a < a‘e ey < a@‘ey.

Thus (32) holds again after the reduction, and hence always. As in the previous proof, we
find that the algorithm stops eventually, and (31) holds.

(ii) If 4 = 0 then (11), (31), and (32) imply

> 1_R+(1_m) 05

(1 —ARa)n
> 1opa 2B fi o g ARG
2 n 2 Ve

This implies the complexity bound by reverse induction, since immediately before the last
iteration, a > \/e/cy, hence Ko(a,n) > 1.

(iii) If o > 0 then (32) shows that always cga > 1, hence 7 = (1 — ARa)n < (1 — R/c7)n.
Therefore

Ku(aan) _Ku(a>ﬁ) > 1a

_ log(a/@) 1
K 1—R/c; —

+c7log2 >1— R+ crlog
n

and the result follows as before. O

Proof of Theorem 4.1.

(i) We apply Proposition 4.2(ii) to the first iteration, and note that Ky(a,n) = O(e™2) and
K,(a,n)=0(e™ ) if > 0.

(i) We apply Proposition 4.3(ii) to the first iteration, and note that Ky(a,n) = O(e~'/?) and
K,(a,n) =O(loge™1) if u > 0.
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5 Quadratic prox functions for unconstrained problems

To use the algorithm in practice, we need prox functions for which E(v, h) and U(vy, h) can
be evaluated easily. We first derive the optimality conditions for the asssociated auxiliary
optimization problem (5).

5.1 Proposition. If the function E,j : C — R defined by

E,n(z) = ~ L EEZ; &
attains its supremum F(n,h) at z = u, the point u = U(~, h) satisfies
B h)Q(w) =~ — {h,w), 3
(E(v,h)go(u) +h,z—u) >0 forall zeC. (36)

Proof. (35) holds since E(v,h) = E, ,(u). To get (36), we differentiate the identity

B, 1(2)Q() =~ — {h2)
and obtain .
B2 ) 4 Bynl2)aalz) =

Now (36) follows from @(z) > 0 and the first order optimality condition

< —0E, 1 (u)

,z—u>20 forall z € C
0z

for a minimum of —E, ;(2) at z = w. O

Simple domains C' and prox functions for which the conditions (35) and (36) can be solved
easily are discussed in AHOOKHOSH & NEUMAIER |3, 4].

In the remainder, we only discuss the simplest case, where the original optimization problem
is unconstrained (so that C'= V') and the norm on V is Euclidean,

12l == V(B2 2),

where the preconditioner B is a symmetric and positive definite linear mapping B : V' —
V*. The associated dual norm on V* is then given by

hlls := |B~"hl| = v/ {h, B~1h).

Given the preconditioner, it is natural to consider the quadratic prox function

Q=) = Qo+ 5lle = =l 37)
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where (g is a positive number and 2z, € V. The assumption of Proposition 5.1 is satisfied
since as the quotient of a linear and a positive quadratic function, E. ,(z) takes positive and
negative values and is arbitrarily small outside a ball of sufficiently large radius. Therefore
the level sets for nonzero function values are compact, and the supremum of a continuous
function on a compact set is attained. Similarly, the infimum is attained.

Since C' =V and gg(z) = B(z — 2), we conclude from the proposition that E(vy,h)B(u —
20) + h = 0, where u = U(, h), so that

U(v,h) = 2 — E(y,h) "' B~ h. (38)

Inserting this into (35) and writing e = E(v, h), we find

1
e(Qut 5l = BTRIP) = eQ(u) = —y  (hoz0 — e B7R),

which simplifies to the quadratic equation

1
Qoe” + Be — §Hh’|i =0, B=v+(h, 2).

The two solutions are the only stationary points, hence the solution with positive (negative)
function value must be the unique maximizer (resp. minimizer). One easily checks that the
maximizer is given by

 pe JETIOE Ik
By, h) = 200 = 55 Qe (&)

(The first form is numerically stable when 5 < 0, the second when 8 > 0.)

A reasonable choice is to take the starting point of the iteration for zy, and Qo ~ L[| — z||?,
an order of magnitude guess.
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