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Abstract

In this paper we analyze several new methods for solving optimization problems with
the objective function formed as a sum of two convex terms: one is smooth and given
by a black-box oracle, and another is general but simple and its structure is known.
Despite to the bad properties of the sum, such problems, both in convex and
nonconvex cases, can be solved with efficiency typical for the good part of the
objective. For convex problems of the above structure, we consider primal and dual
variants of the gradient method (converge as O(1/k)), and an accelerated multistep
version with convergence rate O(I/kz), where k is the iteration counter. For all
methods, we suggest some efficient "line search" procedures and show that the
additional computational work necessary for estimating the unknown problem class
parameters can only multiply the complexity of each iteration by a small constant
factor. We present also the results of preliminary computational experiments, which
confirm the superiority of the accelerated scheme.
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1 Introduction

Motivation. In the last years, several advances in Convex Optimization were based on
development of different models for optimization problems. Starting from the theory of
self-concordant functions [12], it was becoming more and more clear that the proper use of
the problem’s structure can lead to very efficient optimization methods, which significantly
overpass the limitations of the black-box Complexity Theory (see Section 4.1 in [8] for
discussion). For the recent examples, we can mention the development of smoothing
technique [9], or the special methods for minimizing convex objective function up to certain
relative accuracy [10]. In both cases, the proposed optimization schemes strongly employ
the particular structure of corresponding optimization problem.

In this paper, we develop new optimization methods for approximating a global min-
imum of composite convex objective function ¢(z). Namely, we assume that

o(x) = flz)+¥(x), (1.1)

where f(x) is a differentiable convex function defined by a black-box oracle, and ¥(x) is
a general closed convex function. However, we assume that function ¥(x) is simple. This
means that we are able to find a closed-form solution for minimizing the sum of ¥ with
some simple auxiliary functions. Let us give several examples.

1. Constrained minimization. Let @) be a closed convex set. Define ¥ as an
indicator function of the set Q:

W) = { 0, ifzeqQ,

400, otherwise.

Then, the unconstrained minimization of composite function (1.1) is equivalent to mini-
mizing function f over the set (). We will see that our assumption on simplicity of function
¥ reduces to ability of finding in a closed form a Euclidean projection of arbitrary point
onto the set Q.

2. Barrier representation of feasible set. Assume that the objective function of
convex constrained minimization problem

find f* = mi
nd £ = win f(2)
is given by a black-box oracle, but the feasible set () is described by a v-self-concordant
barrier F'(z) [12]. Define ¥(z) = SF(x), ¢(x) = f(z) + ¥(z), and ¥ = argmig f(z).
re

Then, for arbitrary & € int (), by general properties of self-concordant barriers we get

f@) < f@)+({Vo(t), 2 —a™) + S(VF(D), 2" — &)

IN

[T IVe@@)|* -l — 2% +e.

Thus, a point z, with small norm of the gradient of function ¢, approximates well the
solution of the constrained minimization problem. Note that the objective function ¢ does
not belong to any standard class of convex problems formed by functions with bounded
derivatives of certain degree.



3. Sparse least squares. In many applications, it is necessary to minimize the
following objective:

o(@) = glAz b3+ el < f)+ ), (12)
where A is a matrix of corresponding dimension and || - || denotes the standard [z-norm.
The presence of additive [i-term very often increases the sparsity of the optimal solution
(see [1, 16]). This feature was observed a long time ago (see, for example, [2, 5, 14, 15]).
Recently, this technique became popular in signal processing and statistics [6, 17].1)

From the formal point of view, the objective ¢(z) in (1.2) is a nonsmooth convex func-
tion. Hence, the standard black-box gradient schemes need O(E%) iterations for generating
its e-solution. The structural methods based on the smoothing technique [9] need O(2)
iterations. However, we will see that the same problem can be solved in O(El%) iterations
of a special gradient-type scheme.

Contents. In Section 2 we introduce the composite gradient mapping. Its objective
function is formed as a sum of objective of the usual gradient mapping [7] and the general
nonsmooth convex term W. For the particular case (1.2), this construction was proposed
in [18]. In this section, we present different properties of this object, which are important
for complexity analysis of optimization methods. In Section 3 we study the behavior of
the simplest gradient scheme based on the composite gradient mapping. We prove that in
convex and nonconvex cases we have exactly the same complexity results as in the usual
smooth situation (¥ = 0). For example, in the case of convex f with Lipschitz continuous
gradient, the Gradient Method converges as O(%), where k is the iteration counter. It is
important that our version of the Gradient Method has an adjustable stepsize strategy,
which needs in average one additional computation of the function value per iteration.

In the next Section 4, we introduce a machinery of estimate sequences and apply it first
for justifying the rate of convergence of the dual variant of the gradient method. After, we
present an accelerated version, which converges as O(k%) As compared with the previous
variants of accelerated schemes (e.g. [8], [9]), our new scheme can efficiently adjust the
initial estimate of the unknown Lipschitz constant. In Section 5 we give examples of
applications of the accelerated scheme. We show how to minimize functions with known
strong convexity parameter (Section 5.1), how to find a point with a small residual in
the system of the first-order optimality conditions (Section 5.2), and how to approximate
unknown parameter of strong convexity (Section 5.3). In the last Section 6 we present
the results of preliminary testing of the proposed optimization methods.

Notation. In what follows F, denotes a finite-dimensional real vector space, and E* the
dual space, which is formed by all linear functions on E. The value of function s € E* at
x € F is denoted by (s, ). By fixing a positive definite self-adjoint operator B : E — E*,
we can define the following Euclidean norms:

|kl = (Bh,h)Y?  heE,
(1.3)
Isll« = (s,B~'s)1/? se E*

1 An interested reader can find a good survey of the literature, existing minimization technique, and new
methods in [3] and [4].



In particular case of coordinate vector space £ = R", we have ¥ = E*. Then, usually B
is taken as a unit matrix, and (s, x) denotes the standard coordinate-wise inner product.
Further, for function f(z), x € E, we denote by V f(x) its gradient at x:

fx+h) = flx) +{Vf(@),h) +ollnl), hekE.

Clearly V f(z) € E*. For convex function ¥ we denote by 0V (x) its subdifferential at x.
Finally, the directional derivative of function ¢ is defined in the usual way:

Do(y)lu] = lim Llo(y + au) — ¢(y)).

2 Composite gradient mapping

In this paper, we consider a problem of approximating a local minimum of function

o(z) L fla)+ V() (2.1)

over a convex set (), where function f is differentiable, and function W is closed and convex
on (). For characterizing a solution to our problem, define the cone of feasible directions
and the corresponding dual cone, which is called normal:

Fly) = {fu=7-(z~-y),z€Q, >0} CE,

Ny) = {s: (s,a—y)>0,2€Q} CE*, yeqQ.

Then, the first-order necessary optimality conditions at the point of local minimum z*
can be written as follows:

¢ L Vi) +e e N, (2.2)
where £* € 0¥ (x*). In other words,
(Plyuy > 0 Yue F(x"). (2.3)
Since V¥ is convex, the latter condition is equivalent to the following:
Do(z*)[u] > 0 Yue F(z*). (2.4)

Note that in the case of convex f, any of the conditions (2.2) - (2.4) is sufficient for point
z* to be a point of global minimum of function ¢ over Q.

The last variant of the first-order optimality conditions is convenient for defining an
approximate solution to our problem.

Definition 1 The point & € Q satisfies the first-order optimality conditions of local min-
imum of function ¢ over the set Q with accuracy € > 0 if

Do(z)[u] > —e Vue F(z), |lul| =1 (2.5)



Note that in the case F(z) = E with 0 ¢ V f(z) + 0¥(Z), this condition reduces to
the following inequality:

Do(z)[u] = x (Vf(Z) + & u)

—€ min ma
lull=1 £€0¥ ()

i
flul=1

= m'n ma v x + ,u = ma, Hlln v T + ’u
min max (V/(2)+6u) = max min (VS () + &)

= — min ||Vf(z .
éergg(lj)ll f@)+£|

For finding a point & satisfying condition (2.5), we are going to use the composite
gradient mapping. Namely, at any y € () define

mp(y;x) = f)+ (Vi) z—y)+ Slle—yl? + V()
(2.6)
Tr(y) = arg min mr(y; ),

where L is a positive constant.? Then, we can define a constrained analogue of the gradient
direction of smooth function, the vector

gr(y) = L-Bly—TL(y) € E". (2.7)

(In case of an ambiguity with objective function, we use notation gr(y)[¢].) It is easy
to see that for Q@ = F and ¥ = 0 we get gr.(y) = Vo(y) = Vf(x) for any L > 0. Our
assumption on simplicity of function ¥ means exactly the feasibility of operation (2.6).

Let us mention the main properties of the composite gradient mapping. Almost all of
them follow from the first-order optimality condition for problem (2.6):

(Vi) +LB(TL(y) —y) + &), o = Te(y)) = 0, Voeq, (2.8)
where £7,(y) € 0¥ (T1(y)). In what follows, we denote
¢(Tr(y) = VI(TL(y) +E&ly) € 06(TL(y)). (2.9)

We are going to show that the above subgradient inherits all important properties of the
gradient of smooth convex function.

From now on, we assume that the first part of the objective function (2.1) has Lipschitz-
continuous gradient:

Vi) = Vil < Lelle—yl, zyeq, (2.10)

From (2.10) and convexity of @, one can easily derive the following useful inequality (see,
for example, [13]):

f(x) = fy) — (V). z =y < Hlz—yl? zyeqQ (2.11)

First of all, let us estimate a local variation of function ¢. Denote

VAT @) -V W)
Srly) = EAOET < Ly.

2)Recall that in the usual gradient mapping [7] we have ¥(-) = 0. Our modification is inspired by [18].

4



Theorem 1 At anyy € Q,

o(y) — o(Tr(y) > ZE g (v)l2, (2.12)
(@ (To)y —Tily) > Z2lonw))> (2.13)

Moreover, for any x € @@, we have

((Te),z = To() > —(1+15:®) - lor @l - | To(y) 2|

(2.14)
> —(1+ ) lgr@l - ITe(y) - all.
Proof:
For the sake of notation, denote "= Ty (y) and £ = £.(y). Then
(2.10) L )
o(T) < f)+ VW, T—y + T —yl* +¥(T)
(2.8),z=y Ly 9
< fWHELBT-y)+&y—T)+ T —yll* +¥(T)
= W+ EFEIT - yP+ (D) + &y - T)
< ely) - T -yl
Taking into account the definition (2.7), we get (2.12). Further,
(VIT)+&y—T) = Vi) +&y—=T)—(Vf(T) -V [f(y), T -y

P LBy~ T)y —T) — (VI(T) — V(). T — )

(2.10

) (27) L-L
> (L-LpIT—yl* = ey

Thus, we get (2.13). Finally,

(VIT)+ 6T —a) % (VI(T)T )+ (Vi) + LBT —y),x —T)

= (VAT)=Viw),T—-=z) —{grly),x=T)

(2.7) )
< (1+385:@) - lgr@l - IT = =],

and (2.14) follows. O

Corollary 1 For any y € Q, and any u € F(TL(y)), ||ul]| =1, we have

DTNl > —(1+ %) - llgr (@)l (2.15)
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In this respect, it is interesting to investigate the dependence of ||gr(y)|« in L.

Lemma 1 The norm of the gradient direction ||gr(y)||« is increasing in L, and the norm
of the step || Tr(y) — y|| is decreasing in L.

Proof:

Indeed, consider the function

w(r) = min W)+ (VFy)x =) + e =yl + 9 ()]

The objective function of this minimization problem is jointly convex in x and 7. There-
fore, w(7) is convex in 7. Since the minimum of this problem is attained at a single point,
w(7) is differentiable and

W(1) = —3|ET- () —yllI? = —5llg-w)II2

Since w(-) is convex, w'(7) is an increasing function of 7. Hence, ||g;/-(y)l/« is a decreasing
function of 7.
For the second statement follows from concavity of function

S(L) = min | )+ (VF@)w =)+ Fle — >+ ()]

Now let us look at the output of the composite gradient mapping from a global per-
spective.

Theorem 2 For any y € Q we have

mp(y; Te(y) < oy) — ozllan @), (2.16)
mi(y:To(y) < min [6(@) + 25z —y]?] (2.17)

If function f is convez, then
mi(y:Tu@w) < min[ox) + Flle —y]?]. (2.18)

Proof:
Note that function my,(y; ) is strongly convex in x with convexity parameter L. Hence,

Sy) —mr(y; Te(y)) = mroly;y) —me(yTe@y) = Sly—TeWI* = grlor@).

Further, if f is convex, then

me(yTe(w) = min[f(w) +(VF)x—v)+ 5oyl + ()]

IN

min | f(x) + ¥(2) + 5o~ y|?]

= min [6(2) + 5z —y)?]
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For nonconvex f, we can plug into the same reasoning the following consequence of (2.11):

F) +(Vfy),z—y) < flx)+ Lz -yl

a
Remark 1 In view of (2.10), for L > Ly we have
o(TL(y)) < mro(y; Te(y))- (2.19)
Hence, in this case inequality (2.18) guarantees
O(Tr(y)) < min[o(x)+ §llz—y[?]. (2.20)

Finally, let us prove a useful inequality for strongly convex ¢.

Lemma 2 Let function ¢ be strongly convex with convexity parameter pis > 0. Then for
any y € Q we have

ITe) =2l < - (1+250@) @l < - (1+ %) - lor@l.  (2:21)

where x* is a unique minimum of ¢ on Q.

Proof:
Indeed, in view of inequality (2.14), we have:

(1+5) Mgl 1Tew) — 2 > (14 £S2®) - lor@l - 1Te(y) — 7]

> (¢ (Te(y)), Trly) — %) > pellTr(y) — ¥,

and (2.21) follows. O

Now we are ready to analyze different optimization schemes based on the composite
gradient mapping. In the next section, we describe the simplest one.



3 Gradient method

Define first the gradient iteration with the simplest backtracking strategy for the “line
search” parameter (we call its termination condition the full relazation).

Gradient Iteration G(z, M)

SET: L:=M.
REPEAT: T :=Tp(z),
if §(T') > mp(z;T) then L:=L - ~,, (3.1)

UNTIL: o(T) <mp(x;T).

Ouvrreutr: G(z,M).T =T, G(z,M).L = L,

G(x,M).S = Sp(z).

If there exists an ambiguity in the objective function, we use notation Gg(x, M).
For running the gradient scheme, we need to choose an initial optimistic estimate Lg
for the Lipschitz constant L:
0 < Ly < Ly, (3.2)

and two adjustment parameters v, > 1 and 74 > 1. Let yg € @ be our starting point. For
k > 0, consider the following iterative process.

Gradient Method G M (yo, Lo)

Yk+1 = g(yka Lk)T7 (33)

Lyyn = max{Lo, My/v4q}

Thus, yg+1 = T, (yx). Since function f satisfies inequality (2.11), in the loop (3.1),
the value L can keep increasing only if L < L;. Taking into account condition (3.2), we
obtain the following bounds:

Ly <Lp < My < vuLy. (3.4)



Moreover, if 4 > =, then
L, < Ly, k=>0. (3.5)

Note that in (3.1) there is no explicit bound on the number of repetition of the loop.
However, it is easy to see that the total amount of calls of oracle Ny after k iterations of
(3.3) cannot be too big.

Lemma 3 In the method (3.3), for any k > 0 we have

Ne < [L+ RS-kt + b (n2egf) (3.6)

Proof:
Denote by n; > 1 the number of calls of the oracle at iteration ¢ > 0. Then

1 _
Lyt > o Lyt

Thus,
< 1+ln’7d_|_ L ] Lit1
L In In n L;
Hence, we can estimate
Ne< Smo= [1402] (k4 1)4 Lol en
b= mm = e G+t
1=
. (3.4)
In remains to note that Ly 1 < max {Lo, %Lf}. O

A reasonable choice of the adjustment parameters is as follows:

(3:5)

Y Ny < 2+ 1) +log M, L, < Ly (3.7)

Yu = Yd = 2
Thus, the performance of the Gradient Method (3.3) is well described by the estimates for
the iteration counter, Therefore, in the rest part of this section we will focus on estimating

the rate of convergence of this method in different situations.
Let us start from the general nonconvex case. Denote

_ . 1 9
o = gnin szl ()12,
) = R N2
1 = 1+arg01£il£k2MiH9Mi(yz)H*.

Theorem 3 Let function ¢ be bounded below on () by some constant ¢.. Then

o, < Wt (3.8)

Moreover, for any u € F(y;,) with ||ul]| =1 we have

w)L — ¢
e (3.9)




Proof:
Indeed, in view of the termination criterion in (3.1), we have

(2.16)
S(yi) = o(yir1) = d(yi) —mar(yis Tr(w2)) 2 oo lgan (wa)lI3.

Summing up these inequalities for i = 0, ..., k, we obtain (3.8).
Denote ji =i, — 1. Since y;, = T, (y5,), for any u € F(y;,) with [[uf =1 we have

(2.15) N
Do(ys)lu] = —(1+ 5

) : ||gMjk (y]k)H* - - (1 + ]\Zf ) "V 2Mjk5k

RSO /e T 6Ty R SO N C R A T C (T
Z ik S S

Let us describe now the behavior of the Gradient Method (3.3) in convex case.

Theorem 4 Let function f be convex on Q. Assume that it attains a minimum on Q) at
point x* and that the level sets of ¢ are bounded:

ly—z*| < R VyeQ: ¢(y) < d(yo) (3.10)

If ¢(yo) — o(z*) > ’YuLfR27 then ¢(y1) — p(x*) < %. Otherwise, for any k > 0 we
have

Sly) — pa7) < Dl (3.11)

Moreover, for any u € F(y;,) with ||ul]| =1 we have
4(14v.)LsR [T
Do(yi)lu] >~k o (3.12)

Proof:
Since ¢(yr+1) < ¢(yx) for all & > 0, we have the bound ||yx — z*|| < R valid for all
generated points. Consider

yp(a) = ar"+(1—-a)yy € Q@ a€l0,1].
Then,
(218) M )
Slune) < man (s Do) < min 0(y) + 5y — el

(y=we(0) < min [plax® + (1 - a)yy) + 222 lye — 72

0<a<l1
C win o) — alolm) — o) + 2YE 7
< min [6(yk) — (e T L= a?|.
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If ¢(yo) — p(z*) > v, L fR2, then the optimal solution of the latter optimization problem
is a =1 and we get

'yuLfR2
o(y1) — o) < “H—.
Otherwise, the optimal solution is

d(yk)—o(x*) < d(yo)—d(z*) <1

@ = TLLRE S T RE S
and we obtain ,
Oyrrt) < o) — PG, (3.13)
From this inequality, denoting A = m, we get

Akg1 1
)\kJrl Z )\k + 2>\k’YuLfRQ Z )‘k + 2’YuLfR2'
Hence, for £ > 0 we have

>‘k + k k+2

2vu L R? > 2L RZ"

1
= (T )
Further, let us fix an integer m, 0 < m < k. Since
¢(yz) _(b(yi-f—l) > %]\42|’9Mz(yl)”zv i=0,...,k,

we have i
(k=m+18 < 3 miglon@)lZ < éym) — ¢yrs1)

T
< Oym) —d(z") < ’Ym.ﬂlg .
Denote ji = ix — 1. Then, for any v € F(y;, ) with [Ju| = 1, we have

(2.15)

Do)l = = (1 555) - loary, (i)l = = (1+ 575) - V250

(3;1) 2Mjk+Lf ‘ ’YuLfR2
= Ml (m+2)(k+1—m)

(34) Ly
> 2(1+y)LfR- \/Lo(m—i-2)(k+1—m)

2
Choosing m = [£], we get (m +2)(k+1—m) > (552’

Theorem 5 Let function ¢ be strongly conver on () with convexity parameter pg. If
Z—“; > 27y, then for any k > 0 we have

o) — 0@ < ()" (6(w0) — 8(1) < (B(w0) - (u"))- (3.14)

Otherwise,

o) — o) < (1- 24" (6(w0) - o(y")). (3.15)

11



Proof:
Since ¢ is strongly convex, for any & > 0 we have

o(yk) — o(z*) > 5 llye — ¥ (3.16)
Denote yi(a) = ax* + (1 — o)y € Q, a € [0,1]. Then,

(2.18)

. * _ Mya? 12
o) < min [o(ax” + (1 - a)ys) + M s — 27
i (o) - al@ly) — 6a") + L - oy - 2*|?]
> 0<a<1 k k P} k
(3.16)
' _ — o Yl _ bz
< Jmin [B(u) —a (- a2 ($u) — o) -
The minimum of the last expression is achieved for o* = min{l, 27’1 ¢Lf}' Hence, if
QWl:q}ff > 1, then o* =1 and we get

D) — o) < () - o(y") < S(oue) — 6(y"))-

If 24— <1, then a* = -

s
Tyuly 3.0y and

Oyer) = (a*) < (1— gy - (Slun) — $(y)).

Remark 2 1) In Theorem 5, the “condition number” % can be smaller than one.
2) For strongly convex ¢, the bounds on the directional derivatives can be obtained by

combining the inequalities (3.14), (3.15) with the estimate

(12:L=L; ,
d(yx) — o(z”) > 317 9L (we)lI3

and inequality (2.15). Thus, inequality (3.14) results in the bound

Do(yk1)lu] > —2(M)k/2-\/2Lf(¢(yo)_¢*), (3.17)

He

and inequality (3.15) leads to the bound

Do(yp+1)[u] = —2 (1 - Mﬁf)k/z : \/ZLf(gb(yO) — &), (3.18)

which are valid for all u € F(yg41) with ||ul| = 1.

12



4 Accelerated scheme

In the previous section, we have seen that, for convex f, the gradient method (3.3) con-
verges as O(%) However, it is well known that on the convex problems the usual gradient
scheme can be accelerated (e.g. Chapter 2 in [8]). Let us show that the same acceleration
can be achieved for composite objective function.

Consider the problem

min [ ¢(z) = f(z) +¥(z)], (4.1)

where function f is convex and satisfies (2.10), and function ¥ is closed and strongly
convex on F with convexity parameter pug > 0. We assume this parameter to be known.
The case pg = 0 corresponds to convex W. Denote by z* the optimal solution to (4.1).

In problem (4.1), we allow dom ¥ # E. Therefore, the formulation (4.1) covers also
the constrained problems instances. Note that for (4.1), the first-order optimality condi-
tions (2.8) defining the composite gradient mapping can be written in a simpler form:

Tr(y) € domV,
(4.2)
Vi) +&ly) = LB(y—Tc(y) = gr(y),

where £1,(y) € OV(TL(y))-

For justifying the rate of convergence of different schemes as applied to (4.1), we will
use the machinery of estimate functions in its newer variant [11]. Taking into account the
special form of the objective in (4.1), we update recursively the following sequences.

e A minimizing sequence {xj}32 .
e A sequence of increasing scaling coefficients { Ay} :

A=0, A ¥ A4 +ap, k>1

e Sequence of estimate functions
Ur(z) = l(2) + AP (2) + llz —zol* k>0, (4.3)

where xy € dom V¥ is our starting point, and [ (x) are linear functions in z € E.

However, as compared with [11], we will add a possibility to update the estimates for
Lipschitz constant Ly, using the initial guess L satisfying (3.2), and two adjustment
parameters v, > 1 and v4 > 1.

For the above objects, we maintain recursively the following relations:

Ri: Apd(ze) < of = min ¢ (),
, k>0 (4.4)
Ry:  ule) < Apo(x) + Lo — 2ol?, V2 € E.

These relations clearly justify the following rate of convergence of the minimizing sequence:

o) —p(a*) < Lpmlt g >, (4.5)

13



Denote v, = arg mig Yy (z). Since py, > 1, for any € E we have
BAS

Ry, Ri
Apd(z) +5llz —opl® < A+ glle =l < di(z) < Agd(@) + 5llz — o>
Hence, taking x = x*, we get two useful consequences of (4.4):
% — vl < flz* — o, ok = zol| < 2[]z" — zoll, k=1 (4.6)

Note that the relations (4.4) can be used for justifying the rate of convergence of a dual
variant of the gradient method (3.3). Indeed, for vy € dom ¥ define tg(z) = ||z — vo||?,
and choose L satisfying condition (3.2).

Dual Gradient Method DG(vy, Lg), k > 0.

yr = G(ow, L) T, My = G(ug, L)L, (4.7)

Ly, = maX{Lo,Mk/’Yd}, ap4+1 = M%g»

Urar(x) = (@) + g [F(on) + (Vf(vg), 2 — o) + ().

Since V¥ is simple, the points v are easily computable.
Note that the relations R(l) and R?, k > 0, are trivial. Relations R}C can be justified

by induction. Define xg = yo, ¢ = 0<m<i]£1 lqﬁ(yi), and xy : ¢(xg) = ¢ for k > 1. Then
_Z_ -

Vi = min{gp@) + - [Fn) + (VF(oe) @ — v) + B(@)] |

> Apdy+min {lle — o2+ F[f(08) + (Vo) = og) + V()] }

2.6
(:) Ardr + agr1mar, (Vg Yr)

(3.1)
> Apdp + apr10(yr) > Aps10k41-

Thus, relations R}, are valid for all k¥ > 0. Since the values M}, satisfy bounds (3.4), for
method (4.7) we obtain the following rate of convergence:

dlar) — da*) < BEL||z* — |2, k> 1. (4.8)

Note that the constant in the right-hand side of this inequality is four times smaller than
the constant in (3.11). However, each iteration in the dual method is two times more
expensive as compared to the primal version (3.3).

However, the method (4.7) does not implement the best way of using the machinery
of estimate functions. Let us look at the accelerated version of (4.7). As parameters, it
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has the starting point zg € dom V¥, the lower estimate Lg > 0 for the Lipschitz constant
Ly, and a lower estimate p € [0, py] for the convexity parameter of function W.

Accelerated method A(zg, Lo, 1)

Initial settings: (z) = 3|z — x|, 4o = 0.

SET:

REPEAT:

UNTIL:

DEFINE:

Iteration k> 0

L:= L.
Find a from quadratic equation AZia = 2%. (%)
Set y = AZeta% and compute T7(y)

Ata p L\Yy)-

if (¢'(T1(y)),y — Te(y)) < £l1¢'(Tr(y)13, then L:=L - v,.
(@(Te),y = Te() > 11 (Te())lI2 (%)
Yk =Yy, My =L, agq1 = a,

Lit1 := My/va, @rr = Tar (),

Vr1(2) = Yp(2) + ap1[f(@p11) + (VI (@kt1), @ — 2p41) + V()]

(4.9)

As compared with Gradient Iteration (3.1), we use a damped relazation condition (k)
as a stopping criterion of the internal cycle of (4.9).

Lemma 4 Condition (**) in (4.9) is satisfied for any L > Ly.

Proof:

Denote T' = T1,(y). Multiplying the representation

by vector y —

(42)

¢(T) = VT)+&ly)

T, we obtain

LB(y—T)+Vf(T)-Vf(y)

(@(T),y—T) = Llly=TIP—(Vf(y) = VF(T),y—T)

(4.10)

—~(Vf(y) = Vf(T),y—T)

(4.10)

=0 Ll (MIP +2L(Vf(y) = VAT),y = T) = [Vf(y) = VF(D)II]

= g DI+ (V) = VAD),y=T) = £IVF(y) = VDI
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Hence, for L > Ly condition (**) is satisfied. O

Thus, we can always guarantee

Ly < My < yLy. (4.11)

If 4 > 7, then the upper bound (3.5) remains valid.
Let us establish a relation between the total number of calls of oracle N after &
iterations, and the value of the iteration counter.

Lemma 5 In the method (4.9), for any k > 0 we have

n 2l (4.12)

Ne < 2 {1 + ln'm] k1) + 1n17u YaLlo

In vy,

Proof:
Denote by n; > 1 the number of calls of the oracle at iteration ¢ > 0. At each cycle of the
internal loop we call the oracle twice for computing V f(y) and V f(T1(y)). Therefore,

_ 1 0.5n,—1
Liyv = o - Li-n>™
Thus,
In 1 L;
no= 2l e

Hence, we can compute

k
Ny = mi = 2[14 22 - (k+1) + o - In gt
1=

(4.11)
In remains to note that Ly, < %Lf. O

Thus, each iteration of (4.9) needs approximately two times more calls of oracle than
one iteration of the Gradient Method:

Yo =74 =2 = Np < 4(k+1)+log, 72, Ly <Ly (4.13)

However, we will see that the rate of convergence of (4.9) is much higher.
Let us start from two auxiliary statements.

Lemma 6 Assume gy > p. Then the sequences {xy}, {Ax} and {¢}, generated by the
method A(xo, Lo, 1), satisfy relations (4.4) for all k >0, .

Proof:
Indeed, in view of initial settings of (4.9), Ag = 0 and v¢§ = 0. Hence, for & = 0, both
relations (4.4) are trivial.

Assume now that relations R, R are valid for some k > 0. In view of RZ, for any
x € E we have

Ve (z) < Apd(@) + 5l — 20]l? + arsr [f (@rr1) + (VF (@rg1), @ — Tpg1) + V()]
< (A + app1) (@) + 3]l — mol|%,
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and this is R% 41- Let us show that the relation R,1€ 41 1s also valid.
Indeed, in view of (4.3), function ¥y (z) is strongly convex with convexity parameter
1+ pAg. Hence, in view of R,lc, for any z € F, we have

Ur(z) > of+ A g — |2 > Apd(ak) + TRz — vy (4.14)
Therefore
Vg1 = ggg {r(2) + ap1[f(2rg1) + (Vf(@rg1), ¢ — 241) + V(2)]}
(414) " , /
> min {Ak¢(xk) + =5 |l — vl + aga[(@p41) + (@ (Tp41), 7 — $k+1>]}

> min {(Ag + ap1)O(pg1) + Ap(P (Ths1), Tk — Tht1)

F a1 (¢ (@h), @ — i) + FEE |z — o)

=’ min {Akt10(xk41) + (¢ (@ht1), Apr1Yk — apr10k — AkTrtr)

a1 (9 (1), @ — Tpp) + TEAR ||z — )2}

= gg]gl {Arr10(@ri1) + Aps1 (@ (Tht1)s Yk — Thg1)

a1 (¢ (Trp1), & — vp) + A ||z — v |12}

Thus, we have proved inequality

* a2
Vi1 = Apr1d(zrgr) + App1 (9 (Trg1), uk — Tr1) — WMHW(%H)HE-
On the other hand, by termination criterion in (4.9), we have
(¢ (@k1)s gk — 2i1) > 310 (a3

It remains to note that in (4.9) we choose aj,1 from the quadratic equation

_ Mkai+1
Apr1 = Aptagyr = PIE R

Thus, R}, is valid. O

Thus, in order to use inequality (4.5) for deriving the rate of convergence of method
A(zo, Lo, 1t), we need to estimate the rate of growth of the scaling coefficients {Ay}72,,.

Lemma 7 For any p > 0, the scaling coefficients grow as follows:

A > % k> 0. (4.15)

For u > 0, the rate of growth is linear:

kE>1. (4.16)

) -

] 2(k—-1)

1 i
Av 2 57 {1+\/2%L,-
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Proof:
Indeed, in view of equation (x) in (4.9), we have:

2
Apr1 < A (U4 pdy) = Me(Appq — Ap)? = 2 [Allcfl_Al/Q} {A}gfleA}f

2 (4.11)
< 2y [AYE - A TS 240y [A2 - AV
1/2 k

= /2wl

Thus, for any & > 0 we get A

If p > 0, then, by the same reasoning as

above, we obtain

pARAgr1 < Appi(1+ pAr) < 2417 Ly A;ﬁfl—Am]

(4.11)
1+ 1/27 2 ] Since A; = z\} > ﬁ, we come to (4.16). O

Hence, Akfl > A1/2

Now we can summarize all our observations.

Theorem 6 Let the gradient of function f be Lipschitz continuous with constant Ly. And
let the parameter Lo satisfy condition (3.2). Then the rate of convergence of the method
A(zo, Lo, 0) as applied to the problem (4.1) can be estimated as follows:

P(xr) — p(z*) < W“Lf”,ﬁi{mow k> 1. (4.17)

If in addition the function U is strongly convez, then the sequence {x}}3>, generated by
A(xo, Lo, pw) satisfies both (4.17) and the following inequality:

—2(k—1)

o) -9 <P -l L4 ) L bz (419)

In the next section we will show how to apply this result in order to achieve some
specific goals for different optimization problems.

5 Different minimization strategies

5.1 Strongly convex objective with known parameter

Consider the following convex constrained minimization problem:

min (@), (5.1)

where @) is a closed convex set, and f is a strongly convex function with Lipschitz con-
tinuous gradient. Assume the convexity parameter u j to be known. Denote by og(z) an
indicator function of set ):

- 0, €,
o) = {—l-oo, otherwise.
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We can solve the problem (5.1) by two different techniques.
1. Reallocating the prox-term in the objective. For u € (0, u f]’ define

fz) = fl@)=bllz =0l ¥(@) = oqlz) + bl — ol (5.2)

Note that function f in (5.2) is convex and its gradient is Lipschitz continuous with
Ly = L; — p. Moreover, the function W(x) is strongly convex with convexity parameter
. On the other hand,

N

¢(x) = [flo)+¥(z) = fz)+oq(x).

Thus, the corresponding unconstrained minimization problem (4.1) coincides with con-
strained problem (5.1). Since all conditions of Theorem 6 are satisfied, the method
A(zo, Lo, i) has the following performance guarantees:

; Yu(L p—p) |z ~ol|?

f(xk) - f(l‘*) < 2(k—1)
1+\/zw<ffm]

This means that an e-solution of problem (5.1) can be obtained by this technique in

0 <\/L,Tf In i) (5.4)

iterations. Note that the same problem can be solve also by the Gradient Method (3.3).
However, in accordance to (3.15), its performance guarantee is much worse; it needs

L
I 1
O (l‘ . ln 6)
iterations.

2. Restart. For problem (5.1), define the following components of composite objec-
tive function in (4.1):

k=1 (5.3)

2

f@) = fl@), V(=) = oga). (5.5)
Let us fix an upper bound N > 1 for the number of iterations in A. Consider the following

two-level process:

Choose ug € Q.
(5.6)
Compute ugy1 as a result of N iterations of A(uyg, Lo,0), k > 0.

In view of definition (5.5), we have

. . (A17) o Ll —ug |2 2y L : [f (ug)— f(z*
flupsr) — fla®) < 2 f”N2 al < f[us.’;\)[z @)

f
'u.L 3 .
Thus, taking N = 2,/ WNAf, we obtain
f

A~ ~

Flugsr) — F(=*) < Lf(upgr) — f(a¥)).

Hence, the performance guarantees of this technique are of the same order as (5.4).
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5.2 Approximating the first-order optimality conditions

In some applications, we are interested in finding a point with small residual of the system
of the first-order optimality conditions. Since

(2.15) (2.12) o
DoTy(aN] > —(1+5) @l > (L4 L)\ APt -

Vu € F(Tr(r)), [lull =1,

the upper bounds on this residual can be obtained from the estimates on the rate of
convergence of method (4.9) in the form (4.17) or (4.18). However, in this case, the first
inequality does not give a satisfactory result. Indeed, it can guarantee that the right-hand
side of inequality (5.7) vanishes as O(). This rate is typical for the Gradient Method
(see (3.12)), and from accelerated version (4.9) we can expect much more. Let us show
how we can achieve a better result.

Consider the following constrained optimization problem:

min f(z), (5.8)

where @) is a closed convex set, and f is a convex function with Lipschitz continuous
gradient. Let us fix a tolerance parameter § > 0 and a starting point g € (). Define

U(z) = oq(x)+ gllz — ol

Consider now the unconstrained minimization problem (4.1) with composite objective
function ¢(x) = f(x) + ¥(x). Note that function ¥ is strongly convex with parameter
wy = d. Hence, in view of Theorem 6, the method A(xg, Lo, d) converges as follows:

}72(1671)

o) — p(@*) < Ll -l [14 /52 (5.9)

— QPyuLf

For simplicity, we can choose 7, = <4 in order to have Ly < Ly for all k£ > 0.
Let us compute now Ty = G(xg, Lx). T and My = G(x, Li).L. Then

(2.16)
d(xr) — o(z*) > dlap) —o(Th) > gpllosn (@), Lo < My < wly,

and we obtain the following estimate:

(5.9) 1-k
lgar, (zp)ll« < %Lf||x*—xo||-[1+ ﬁ} , (5.10)

In our case, the first-order optimality conditions (4.2) for computing T, (z5) can be
written as follows:

Vf(xk) + 0BTk —x0) + & = gm(zk), (5.11)
where &, € dog(T};). Note that for any y € Q we have

0 = oqy) > 0q(Tk) + (kY —Tk) = (ks y — Tk)- (5.12)
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Hence, for any direction u € F(T}) with |Ju|| = 1 we obtain
(2.10) L
(Vi) w) = V() w) = 57 lgan (2x) ]+

5.11
C20 (gan (@) = 8B(T), — o) — &) — o llgan, (i)l

(5.12) L
=7 =0 1T — ol = (1+ 3£ ) - lgns (@) |-

Assume now that the size of the set () does not exceed R, and d = € - Ly. Let us choose
the number of iterations k from inequality

TR 7
Tl < e

Then the residual of the first-order optimality conditions satisfies the following inequality:
(VT u) > —e-R-|Lo+yls- (14 )|, weF(@), ull =1 (5.13)

For that, the required number of iterations k is at most of the order O (ﬁ In %)

5.3 Unknown parameter of strongly convex objective

In Section 5.1 we have discussed two efficient strategies for minimizing strongly convex
function with known estimate of convexity parameter p i However, usually this informa-
tion is not available. We can easily get only an upper estimate for this value, for example,
by inequality

pp < Sp(x) < Ly, z€Q.

Let us show that such a bound can be also used for designing an efficient optimization
strategy for strongly convex functions.
For problem (5.1), assume that we have some guess u for the parameter p 7 and a

~

starting point ug € Q. Denote ¢o(z) = f(x) + og(x). Let us choose
Trog — g¢0 (UO, Lo).T, MO = Q¢0 (Uo,Lo).L, S() = g¢0 (UO, Lo).S,

and minimize the composite objective (5.2) by method A(zg, Mo, 1), endowed by the
following stopping criterion:

COMPUTE: v = Goo (g, Li). T, My = Gy, (xg, Li). L.
Stop THE STAGE: if (A): || g, () (0] [+ < 31l gary (w0) (o] [l (5.14)

or (B): ]‘X—: (1 + A‘S;[—%) < 1p2

If the stage was terminated by Condition (A), then we call it successful. In this case, we
run the next stage, taking v, as a new starting point and keeping the estimate u of the
convexity parameter unchanged.
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Suppose that the stage was terminated by Condition (B) (that is an wunsuccessful
stage). If p would be a correct lower bound for the convexity parameter p P then

) , (216 O B o
oo (@Rl < flaw) = f27) < o5 llwo — 27|

(2.21)
< e (15 - low(wo)igolll.

Hence, in view of Condition (B), in this case the stage must be terminated by Condi-
tion (A). Since this did not happen, we conclude that p > pu e Therefore, we redefine

W= %u, and run again the stage keeping the old starting point xg.

We are not going to present all details of the complexity analysis of the above strategy.
It can be shown that, for generating an e-solution of problem (5.1) with strongly convex
objective, it needs

1/2 R 1/2 o BF def Ly

O(Hf lnlif> +O(/<cf ln/if In ), Kp= e
calls of oracle. The first term in this bound corresponds to the total amount of calls of
oracle at all unsuccessful stages. The factor m}/ Ink i represents an upper bound on the

length of any stage independently on the variant of its termination.

6 Computational experiments

We tested the above mentioned algorithms on a set of randomly generated Sparse Least
Squares problems of the form

. . . def 1 2
Find ¢* = min | ¢(z) < §l| Az — b3 + || | (6.1)
where A = (aq,...,ay) is an m xn dense matrix with m < n. All problems were generated

with known optimal solutions, which can be obtained from the dual representation of the
initial primal problem (6.1):

: 1 2 . B 1 2
min [ Ae b3 +llel | = min max [ (u,b— Az) - Jllul} + o] |

= max min [ (b,u) — Jlull} — (ATu,2)+ 2l | (6.2)

ueER™ xeR™
_ 1 2. T
= max | (bu) — glluld : [ATullo <1].

Thus, the problem dual to (6.1) consists in finding a Euclidean projection of the vector
b € R™ onto the dual polytop

D = {yeR™: [[ATy|s < 1}.

This interpretation explains the changing sparsity of the optimal solution z*(7) to the
following parametric version of problem (6.1):

. def
min [ o (x) < 4 Az - bl + 7lje]) | (6.3)
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Indeed, for 7 > 0, we have
or(@) = 72342 - L3 +(120].
b

Hence, in the dual problem, we project vector 2 onto the polytop D. The nonzero com-

ponents of x*(7) correspond to the active facets of D. Thus, for 7 big enough, we have

b ¢ intD, which means z*(r) = 0. When 7 decreases, we get z*() more and more

dense. Finally, if all facets of D are in general position, we get in 2*(7) exactly m nonzero
components as 7 — 0.

In our computational experiments, we compare three minimization methods. Two
of them maintain recursively relations (4.4). This feature allows to classify them as the
primal-dual methods. Indeed, denote

¢u(u) = gllul3— (bu).
As we have seen in (6.2),
O(x)+ ¢ds(u) > 0 VzeR" ueD. (6.4)

Moreover, the lower bound is achieved only at the optimal solutions of the primal and
dual problems. For some sequence {z;}32,, and a starting point zp € dom ¥, relations
(4.4) ensure

Apo(zy) < 51{161}%1% {ZZ: a;[f(z) +(Vf(zi),x — zi)] + Ap¥(x) + %Hx — ZQ”Q} . (6.5)

In our situation, f(z) = %||Az — b[|3, ¥(2) = ||z|/1, and we choose 29 = 0. Denote

u; = b — Az;. Then Vf(z;) = —ATu;, and therefore
fz) = (Vf(z),z) = glull® + (ATus, 1) = (b wi) — 5lluill3 = —u(ui).
Denoting
k
U = Aik ; a;u;, (6.6)

we obtain

Auld(an) + du(@)] < Am@w+iw@w>

T mER" |4

65 (& L) e
< min ¢ 3 ai(Vf(zi) 2) + Ap¥(z) + 5lz[*p < 0.

In view of (6.4), ux cannot be feasible:

Gu(tr) < —(xp) < —¢" = min Pu(u). (6.7)

ueD

Let us measure the level of infeasibility of these points. Note that the minimum of
optimization problem in (6.5) is achieved at & = v;. Hence, the corresponding first-order
optimality conditions ensure

k
H — Zl CLZ'ATUZ‘ + ka”oo < A
1=
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Therefore, |(a;, ur)| < 1+ A%](ka)(i)\, i =1,...,n. Assume that the matrix B in (1.3)

is diagonal:
(i) _ ) dis =7,
B { 0, otherwise.

Then, |{a;, @) —1 < % - |o}"], and

1/2 . @6) ,
< el < Zlla]), (6.8)

pla) 2| g - (s =17}

where (a)4+ = max{a,0}. Thus, we can use function p(-) as a dual infeasibility measure.
In view of (6.7), it is a reasonable stopping criterion for our primal-dual methods.
For generating the random test problems, we apply the following strategy.

e Choose m, < m, the number of nonzero components of the optimal solution z* of
problem (6.1), and parameter p > 0 responsible for the size of x*.

e Generate randomly a matrix B € R"™*" with elements uniformly distributed in the
interval [—1, 1].

e Generate randomly a vector v* € R™ with elements uniformly distributed in [0, 1].
Define y* = v*/||v*||2.

e Sort the entries of vector BT y* in the order of decrease of their absolute values. For
the sake of notation, assume that this is a natural ordering.

e Fori=1,...,n, define a; = a;b; with a; > 0 chosen in accordance to the following
rule: . '
W fOI"l/:l,...,m*,
o = 1, if [(b;,y*)| < 0.1 and 7 > my,
—Si__ otherwise
[{bi,y*)|? ’

where ; are uniformly distributed in [0, 1].
e Fori=1,...,n, generate the components of the primal solution:
§i ' Sign(<ai7y*>)7 for i < My,
") =
0, otherwise,

where &; are uniformly distributed in {0, \/ZTJ
e Define b = y* + Ax™.

Thus, the optimal value of the randomly generated problem (6.1) can be computed as
¢* = gllylE+ ¥

In the first series of tests, we use this value in the termination criterion.
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Let us look first at the results of minimization of two typical random problem instances.
The first problem is relatively easy.

Problem 1: n = 4000, m = 1000, m, = 100, p = 1.

PG DG AC

GAP K #AX SpeedUp K #AX SpeedUp K #AX SpeedUp

1 1 4 0.21% 1 4 0.85% 1 4 0.14%
21 3 8 0.20% 3 12 0.81% 4 28 1.24%
272 10 29 0.24% 8 38 0.89% 8 60 2.47%
23 28 83 0.32% 25 123 1.17% | 14 108 4.06%
274 | 159 476 0.88% || 156 777 3.45% || 40 316  17.50%
275 | 557 1670 1.53% || 565 2824 6.21% || 74 588  29.47%
276 | 954 2862 1.31% || 941 4702 517% | 98 780  25.79%
2-7 || 1255 3765 0.86% || 1257 6282 3.45% || 118 940  18.62%
2-8 | 1430 4291 0.49% || 1466 7328 2.01% || 138 1096  12.73%
279 || 1547 4641 0.26% || 1613 8080 2.13% || 156 1240 8.19%
2710 111640 4920 0.14% || 1743 8713 0.61% || 173 1380 4.97%
21 111722 5167 0.07% || 1849 9243 0.33% | 188 1500 3.01%

2-12 111788 5364 0.04% || 1935 9672 0.17% || 202 1608 1.67%
2-13 11 1847 5539 0.02% || 2003 10013 0.09% || 216 1720 0.96%
2-14 11898 5693 0.01% || 2061 10303 0.05% || 230 1836 0.55%
2715 111944 5831 0.01% || 2113 10563 0.05% | 248 1968 0.31%
2716 | 1987 5961 0.00% || 2164 10817 0.03% || 265 2112 0.19%
2-17 112029 6085 0.00% || 2217 11083 0.02% | 279 2224 0.10%
2-18 112072 6215 0.00% || 2272 11357 0.01% | 305 2432 0.06%
2-19 12120 6359 0.00% || 2331 11652 0.00% || 314 2504 0.03%
2720 11 2165 6495 0.00% || 2448 12238 0.00% | 319 2544 0.02%

In this table, the column shows the relative decrease of the initial residual. In
the rest part of the table, we can see the computational results of three methods:

e Primal gradient method (3.3) abbreviated as PG.
e Dual version of the gradient method (4.7) abbreviated as DG.
o Accelerated gradient method (4.9) abbreviated as AC.

In all methods, we use the following values of the parameters:

Yu=7=2 z0=0, Lo= max |ai® < Ly, p=0.
1<i<n

Let us explain the remaining columns of this table. For each method, the column
shows the number of iterations necessary for reaching the corresponding reduction
of the initial gap in the function value. Column shows the necessary number of
matrix-vector multiplications. Note that for computing the value f(z) we need one mul-
tiplication. If in addition, we need to compute the gradient, we need one more multiplica-
tion. For example, in accordance to the estimate (4.13), each iteration of (4.9) needs four
computations of the pair function/gradient. Hence, in this method we can expect eight
matrix-vector multiplications per iteration. For the Gradient Method (3.3), we need in
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average two calls of oracle. However, one of them is done in the “line-search” procedure
(3.1) and it requires only the function value. Hence, in this case we expect to have three
matrix-vector multiplications per iteration. In the above table, we can observe a remark-
able accuracy of our predictions. Finally, the column represents the absolute
accuracy of current approximate solution in percents to the worst-case estimate given by
the corresponding rate of convergence. Since the exact Ly is unknown, we use Lo instead.

We can see that all methods usually significantly outperform the theoretically predicted
rate of convergence. However, for all of them, there are some parts of trajectory where
the worst-case predictions are quite accurate. This is even more evident from our second
table, which corresponds to a more difficult problem instance.

Problem 2: n = 5000, m = 500, m, = 100, p = 1.

PG DG AC
Gapr K #AX SpeedUp K #AX SpeedUp K #AX SpeedUp
1 1 4 0.24% 1 4 0.96% 1 4 0.16%
21 2 6 0.20% 2 8 0.81% 3 24 0.92%
272 5 17 0.21% 5 24 0.81% 5 40 1.49%
273 11 33 0.19% 11 45 0.77% 8 64 1.83%
24 38 113 0.30% 38 190 1.21% || 19 148 5.45%
275 | 234 703 0.91% || 238 1189 3.69% || 52 416  20.67%
276 1027 3081 1.98% || 1026 5128 7.89% || 106 848  43.08%
277 | 2402 7206 2.31% || 2387 11933 9.17% || 160 1280  48.70%
278 | 3681 11043 1.77% || 3664 18318 7.05% || 204 1628  39.54%
279 | 4677 14030 1.12% || 4664 23318 4.49% | 245 1956  28.60%

|
—
S

5410 16230 0.65% | 5392 26958 2.61% | 288 2300  19.89%
—11 115938 17815 0.36% || 5879 29393 1.41% | 330 2636  13.06%
1216335 19006 0.19% | 6218 31088 0.77% || 370 2956 8.20%
—13 116637 19911 0.10% | 6471 32353 0.41% || 402 3212 4.77%
—1 11 6859 20577 0.05% || 6670 33348 0.21% || 429 3424 2.711%
7021 21062 0.03% | 6835 34173 0.13% || 453 3616 1.49%
7161 21483 0.01% | 6978 34888 0.05% | 471 3764 0.83%
1711 7281 21842 0.01% | 7108 35539 0.05% || 485 3872 0.42%
—18 117372 22115 0.00% || 7225 36123 0.03% || 509 4068 0.24%
—19 117438 22313 0.00% | 7335 36673 0.02% || 525 4192 0.12%
7492 22474 0.00% | 7433 37163 0.01% || 547 4372 0.07%
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In this table, we can see that the Primal Gradient Method still significantly outper-
forms the theoretical predictions. This is not too surprising since it can, for example,
automatically accelerate on strongly convex functions (see Theorem 5). All other meth-
ods require in this case some explicit changes in their schemes.

However, despite to all these discrepancies, the main conclusion of our theoretical
analysis seems to be confirmed: the accelerated scheme (4.9) significantly outperforms
the primal and dual variants of the Gradient Method.

In the second series of tests, we studied the abilities of the primal-dual schemes (4.7)
and (4.9) in decreasing the infeasibility measure p(-) (see (6.8)). This problem, at least for
the Dual Gradient Method (4.7), appears to be much harder than the primal minimization
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problem (6.1). Let us look at the following results.
Problem 3: n =500, m =50, m, =25, p=1.

DG AC
GAP K #AX A SpeedUp K #AX A SpeedUp
1 2 8 2.5-100 8.26% 2 16 3.6-10° 2.80%
2-1 5 25  1.4-10° 9.35% 7 56 8.8-10"!  15.55%
272 13 64 6.0-107! 13.17% || 11 88 5.3-107!  20.96%
23 26 130 3.9-107! 12.69% || 15 120 44-107'  19.59%
24 48 239 2.7-107! 12.32% || 21 164 3.1-107'  19.21%
27% |l 103 514 1.6-107! 13.28% || 35 276 1.8-107' 25.83%
276 || 243 1212 8.3-1072 15.64% || 54 432 1.0-107'  31.75%
277 || 804 4019 3.0-1072 25.93% || 86 688 4.6-1072  39.89%
28 111637 8183 6.3-1073 26.41% || 122 976 1.8-1072  40.22%
279 |1 3298 16488 4.6-1074 26.6% || 169 1348 5.3-107%  38.58%
2-10 11 4837 24176 1.8-107 19.33% || 224 1788 7.7-107*  34.28%
211 114942 24702 1.2-1074 9.97% || 301 2404 8.0-10"°  30.88%
2-12 |1 5149 25734 —1.3-10715 5.16% || 419 3352 2.7-107°  29.95%
213 |1 5790 28944 —1.3-1071° 2.92% || 584 4668 5.3-107%  29.11%
2~ 14 11 6474 32364 0.0 2.67% || 649 5188 4.1-1077  29.48%

In this table we can see the computational cost for decreasing the initial value of p in
2™ ~ 10* times. Note that both methods require more iterations than for Problem 1,
which was solved up to accuracy in the objective function of the order 2729 ~ 1076.
Moreover, for reaching the required level of p, method (4.7) has to decrease the residual
in the objective up to machine precision, and the norm of gradient mapping up to 1072,
The accelerated scheme is more balanced: the final residual in ¢ is of the order 1076, and
the norm of the gradient mapping was decreased only up to 1.3 - 1073,
Let us look at a bigger problem.

Problem 4: n = 1000, m = 100, m, =50, p = 1.

DG AC
GaP K #AX Ag SpeedUp K #AX A¢ SpeedUp
1 2 8 3.7-10° 6.41% 2 12 4.2-10° 1.99%
21 5 24  2.0-10° 7.75% 7 56 1.4-10° 11.71%
272 15 74 1.0-10° 11.56% | 12 96 8.7-10"'  15.49%
23 37 183 6.9-107! 14.73% || 17 132 6.8-107'  16.66%
24 83 414 45-1071! 16.49% || 26 208 4.7-107!'  20.43%
275 198 989 24-107! 19.79% | 42 336 2.5-107!  26.76%
26 445 2224 7.8-1072 22.28% || 65 520 1.0-10"'  32.41%
27 || 1328 6639 2.2-1072 33.25% || 91 724 3.6-1072  31.50%
28 | 2675 13373 4.1-1073 33.48% 125 996 1.1-1072  30.07%
279 | 4508 22535 5.6-107° 28.22% || 176 1404 2.6-107%  27.85%
2-10 11 4702 23503 2.7-10710 14.7% || 240 1916 4.4-107%*  26.08%
2111l 4869 24334 —2.2-10715 7.61% || 328 2620 7.7-107°  26.08%
2712 | 6236 31175 —2.2-10715 4.88% | 465 3716 6.5-107%  26.20%
2-13 11 12828 64136 —2.2-10715 5.02% || 638 5096 2.4-1076  24.62%
2714116354 81766 —4.4-10715 5.24% || 704 5628 7.8-1077  24.62%
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As compared with Problem 3, in Problem 4 the sizes are doubled. This makes almost
no difference for the accelerated scheme, but for the Dual Gradient Method, the compu-
tational expenses grow substantially. The further increase of dimension makes the latter
scheme impractical. Let us look how these methods work at Problem 1 with p(-) being a
termination criterion.

Problem la: n = 4000, m = 1000, m, = 100, p = 1.

DG AC
GAP K #AX A¢ SpeedUp K #AX Ag SpeedUp
1 2 8 2.3-10! 2.88% 2 12 24-10' 0.99%
21 5 24  1.2-10! 3.44% 8 60 8.1-10° 7.02%
272 17 83 5.8-10° 6.00% || 13 100 4.6-10° 10.12%
273 44 219  3.5-10° 767% | 20 160 3.5-10° 11.20%
2=4 1 100 497  2.7-10° 894% || 28 220 2.9-10° 12.10%
275 | 234 1168 1.9-10° 10.51% || 44 348 2.1-10° 14.79%
2-6 1 631 3153 1.0-10Y 14.18% || 78 620 1.0-10° 23.46%
277 111914 9568 1.0-102 21.50% || 117 932 2.9-107'  26.44%
278 |13704 18514 4.6-1077  20.77% || 157 1252 6.8-1072  23.88%
279 |13731 18678 1.4-107'*  15.77% || 212 1688 5.3-10%  21.63%
210 || Line search failure ... 287 2288 2.0-107*  19.87%
2—11 391 3120 2.5-107°  18.43%
212 522 4168 7.0-107%  16.48%
213 693 5536 4.5-1077  14.40%
214 745 5948 3.8-1077  13.76%

The reason of the failure of the Dual Gradient Method is quite interesting. In the
end, it generates the points with very small residual in the value of the objective function.
Therefore, the termination criterion in the gradient iteration (3.1) cannot work properly
due to the rounding errors. In the accelerated scheme (4.9), this does not happen since
the decrease of the objective function and the dual infeasibility measure is much more
balanced. In some sense, this situation is natural. We have seen that at the current
test problems all methods converge faster in the end. On the other hand, the rate of
convergence of the dual variables uy is limited by the rate of growth of coefficients a;
in the representation (6.6). For the Dual Gradient Method, these coefficients are almost
constant. For the accelerated scheme, they grow proportionally to the iteration counter.

We hope that the above numerical examples clearly demonstrate the advantages of the
accelerated gradient method (4.9) with the adjustable line search strategy. It is interesting
to check numerically how this method works in other situations. Of course, the first
candidates to try are different applications of the smoothing technique [9]. However, even
for the Sparse Least Squares problem (6.1) there are many potential improvements. Let
us discuss one of them.

Note that we treated the problem (6.1) by a quite general model (2.1) ignoring the
important fact that the function f is quadratic. The characteristic property of quadratic
functions is that they have a constant second derivative. Hence, it is natural to select the
operator B in metric (1.3) taking into account the structure of the Hessian of function f.

Let us define B = diag (AT A) = diag (V2f(z)). Then

leill* = (Beiei) = llailld = |[Aeill3 = (V2f(2)eises), i=1,....m,
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where ¢e; is a coordinate vector in R™. Therefore,

Lo def < Ly = ”rr1”ax1(V2f(m)u,u> < n.
ull=

Thus, in this metric, we have very good lower and upper bounds for the Lipschitz
constant Ly. Let us look at the corresponding computational results. We solve the
Problem 1 (with n = 4000, m = 1000, and p = 1) up to accuracy Gap = 220 for

different sizes my of the support of the optimal vector, which are gradually increased from

100 to 1000.
Problem 1b.

PG AC
My K F#AX K #AX
| 100] 42 127] 58 472

200 53 160 | 61 496
300 69 208 | 70 568
400 95 286 | 77 624
o500 || 132 397 | 84 680
600 | 214 642 | 108 872
700 || 330 993 || 139 1120
800 || 504 1513 | 158 1272
900 || 1149 3447 | 196 1576

1000 | 2876 8630 [| 283 2272

Recall that the first line of this table corresponds to the previously discussed version of
Problem 1. For the reader convenience, in the next table we repeat the final results on
the latter problem again, adding the computational results for m, = 1000, both with no
diagonal scaling.

PG AC
o K #AX K #AX
| 100 [ 2165 6495 [ 319 2544 |
[ 1000 [| 42509 127528 [ 879 7028 |

Thus, for m, = 100, the diagonal scaling makes Problem 1 very easy. For easy
problems, the simple and cheap methods have definite advantage with respect to more
complicated strategies. When m, increases, the scaled problems become more and more
difficult. Finally, we can see again the superiority of the accelerated scheme. Needless to
say that at this moment of time, we have no plausible explanation for this phenomena.

Our last computational results clearly show that an appropriate complexity analysis
of the Sparse Least Squares problem remains a challenging topic for the future research.
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