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In this work we study the parallel coordinate descent method (PCDM) proposed by Richtéarik and Takac
[Parallel coordinate descent methods for big data optimization, Math. Program. Ser. A (2015), pp. 1-52]
for minimizing a regularized convex function. We adopt elements from the work of Lu and Xiao [On the
complexity analysis of randomized block-coordinate descent methods, Math. Program. Ser. A 152(1-2)
(2015), pp. 615-642], and combine them with several new insights, to obtain sharper iteration complexity
results for PCDM than those presented in [Richtarik and Takac, Parallel coordinate descent methods
for big data optimization, Math. Program. Ser. A (2015), pp. 1-52]. Moreover, we show that PCDM is
monotonic in expectation, which was not confirmed in [Richtérik and Takac, Parallel coordinate descent
methods for big data optimization, Math. Program. Ser. A (2015), pp. 1-52], and we also derive the first
high probability iteration complexity result where the initial levelset is unbounded.

Keywords: block coordinate descent; parallelization; iteration complexity; composite minimization;
convex optimization; rate of convergence; unbounded levelset; monotonic algorithm

Mathematics Subject Classification: 65K05; 90C05; 90C06; 90C25

1. Introduction

Block coordinate descent methods are being thrust into the optimization spotlight because of a
dramatic increase in the size of real world problems, and because of the ‘Big data” phenomenon.
It is little wonder, when these seemingly simple methods, with low iteration costs and low mem-
ory requirements, can solve problems where the dimension is more than one billion, in a matter
of hours [24].

There is an abundance of coordinate descent variants arising in the literature including:
[2,6,9,11,12,15,16,22,26-28,31-38]. The main differences between these methods is the way in
which the block of coordinates to update is chosen, and also how the subproblem to determine the
update to apply a block of variables is to be solved. One of the current, state-of-the-art block coor-
dinate descent method is the Parallel (block) Coordinate Descent Method (PCDM) of Richtarik
and Takac [24]. This method selects the coordinates to update randomly and the update is deter-
mined by minimizing an overapproximation of the objective function at the current point (see
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Section 3 for a detailed description). PCDM can be applied to a problem with a general convex
composite objective, it is supported by iteration complexity results to guarantee the method’s
convergence, and it has been tested numerically on a wide range of problems to demonstrate its
practical capabilities.

In this work we are interested in the following convex composite/regularized optimization
problem

mFng FX) =fX) + ¥ (X), Q)

where we assume that f (x) is a continuously differentiable convex function, and W (x) is assumed
to be a (possibly non-smooth) block separable convex regularizer.

The Expected Separable Overapproximation (ESO) assumption introduced in [24] enabled the
development of a unified theoretical framework that guarantees convergence of a serial [23], par-
allel [24] and even distributed [4,14,25] version of PCDM. To benefit from the ESO abstraction,
we derive all the results in this paper based on the assumption that f admits an ESO with respect
to a uniform block sampling S. This concept will be precisely defined in Section 3.2. For now it
is enough to say that updating a random set of ¢ coordinates (selected uniformly at random) is
one particular uniform sampling and the ESO enables us to overapproximate the expected value
of the function at the next iteration by a separable function, which is easy to minimize in parallel.

1.1 Brief literaturereview

Nesterov [17] provided some of the earliest iteration complexity results for a serial Randomized
Coordinate Descent Method (RCDM) for problems of the form (1), where W = 0, or is the indi-
cator function for simple bound constraints. Later, Richtérik and Taka¢ generalized this work to
optimization problems with a composite objective of the form (1), where the function W is any
(possibly non-smooth) convex block separable function [23]; their algorithm is called the Uni-
form Coordinate Descent for Composite functions (UCDC) algorithm. Xiao and Lu [39] have
combined and extended some of the ideas from [17] and [23] to tighten the complexity results
for UCDC. In particular, they adopted the idea of a gradient mapping (developed in Nesterov
[17]) and married this with the technical analysis in [23] resulting in an improved constant in the
iteration complexity result for UCDC.

One of the main advantages of randomized coordinate descent methods is that each iteration is
extremely cheap, and can require as little as a few multiplications in some cases [22]. However,
a large number of iterations may be required to obtain a sufficiently accurate solution, and for
this reason, parallelization of coordinate descent methods is essential.

The SHOTGUN algorithm presented in [1] represents a naive way of parallelizing RCDM,
applied to functions of the form (1) where W = || - ||;. They also present theoretical results to
show that parallelization can lead to algorithm speedup. Unfortunately, their results show that
only a small number of coordinates should be updated in parallel at each iteration, otherwise
there is no guarantee of algorithm speedup.

The first true complexity analysis of Parallel RCDM (PCDM) was provided in [24] after the
authors developed the concept of an ESO assumption, which was central to their convergence
analysis. The ESO gives an upper bound on the expected value of the objective function after a
parallel update of PCDM has been performed, and depends on both the objective function, and
the particular ‘sampling’ (way that the coordinates are chosen) that was used. Moreover, several
distributed PCDMs were considered in [4,14,25] and their convergence was proved simply by
deriving the ESO parameters for particular distributed samplings.

In [3,10] the accelerated PCDM was presented and its efficient distributed implementation was
considered in [4]. Recently, there has also been a focus on PCDMs that use an arbitrary sampling
of coordinates [19-21,26].
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One of the goals of this work is to incorporate some of the ideas from [17,39] and extend
them from a serial, to a parallel setting. We will provide improved iteration complexity results
for PCDM [24], through the development of a smaller constant in the complexity bound, which
reinforces the strength of PCDM.

1.2 Summary of contributions

In this section we summarize the main contributions of this paper (not in order of significance).

(1) No need to enforce ‘ monotonicity’. PCDM in [24] was analysed (for a general convex com-
posite function of the form (1)) under a monotonicity assumption; if, at any iteration of
PCDM, an update was computed that would lead to a higher objective value than the objec-
tive value at the current point, then that update is rejected. Hence, PCDM presented in [24]
included a step to force monotonicity of the function values at each iteration. In this paper we
confirm that the monotonicity test is redundant, and can be removed from the algorithm. This
is crucial because computing function values can be prohibitively expensive in a large-scale
context, and our new monotonicity result means that no function values need be computed in
PCDM. Clearly, while this monotonicity result is interesting from a theoretical perspective,
it also leads to this significant practical implication as well.

(2) First high-probability results for PCDM without levelset information. Currently, the high
probability iteration complexity results for coordinate descent type methods require the lev-
elset to be bounded. In this paper we derive the first high-probability result which does not
rely on the size of the levelset.! In particular, the analysis of PCDM in [24] assumes that the
levelset {x € RN : F(x) < F(xo)} is bounded for the initial point Xo, and under this assump-
tion, convergence is guaranteed. However, in this paper we show that PCDM will converge
in expectation to the optimal solution even if the levelset is unbounded (see Section 5).

(3) Sharper iteration complexity results. In this work we obtain sharper iteration complexity
results for PCDM than those presented in [24], and Table 1 summarizes our findings. A thor-
ough discussion of the results can be found in Section 6.2. We briefly describe the variables
used in the table (all will be properly defined in later sections.) Variable c is a constant, k
is the iteration counter, « € [0, 1] is the expected proportion of coordinates updated at each
iteration, & = F(xp) — F,, and v is a (vector) parameter of the method. Also, u and g are
the (strong) convexity constants of f and W respectively (both with respect to || - ||, for some
V) and € and p are the desired accuracy and confidence level respectively. (C = Convex, SC
= Strongly Convex.)

(4) Improved convergence rates for PCDM. In this work we show that PCDM converges at a
faster rate than that given in [24] in both the convex and strongly convex cases. Table 2
provides a summary of our results and a thorough discussion can be found in Section 6.1.

1.3 Paper outline

The remainder of this paper is structured as follows. In Section 2 we introduce the notation and
assumptions that will be used throughout the paper. Section 3 describes PCDM of Richtarik and
Takac [24] in detail. We also present a new convergence rate result for PCDM, which is sharper
than that presented in [24]. The proof of the result is given in Section 4 along with several
necessary technical lemmas.

In Section 5 we present several iteration complexity results, which show that PCDM will
converge to an e-optimal solution with high probability. In Section 5.1 we provide the first iter-
ation complexity result for PCDM that does not require the assumption of a bounded levelset.
The results shows that PCDM requires O(1/p) iterations, so we have devised a ‘multiple run
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Table 1. Comparison of the iteration complexity results for PCDM obtained in [24] and in this paper.

F Richtérik and Takac [24] This paper Theorem
2c 1 2c 2c 1% —x*[3+£0 1 .
c E(1+Iog(;))+27% = (2+10g (2P0 ) ) 42— 2 13(i)
1 1 2 Ly |2
sc + py log (%> + uf + 2y log < . ||x2ﬂx nv+so> 13
o(ut + pw) 200(pf + pw)

Note: The analysis used in this paper provides a sharper iteration complexity result in both the convex and strongly convex cases when e
and/or p are small.

Table 2. Comparison of the convergence rates for PCDM obtained in [24] and in this paper. (C = Convex, SC =
Strongly Convex).

F Richtarik and Takac [24] This paper Theorem
2c&o 1 1 2 .
C 20 1 akéo 17 ok <2on X[y + &o 3(i)
k k
i 4 pw 2a(paf + ) ) (1+qu w2 ) "
SC l—a——— 1-— — X6 + 3(ii
< a1+/w> % ( 1+ ps + 20y 2 I v+ %o ()

Note: The analysis used in this paper provides a better rate of convergence in both the convex and strongly convex cases when e and/or p
are small.

strategy’ that achieves the classical O(log(1/p)) result. Moreover, in Section 5.1 we present a
high probability iteration complexity result for PCDM, that assumes boundedness of the levelset,
which is sharper than the result given in [24].

In Section 6 we give a comparison of the results derived in this work, with the results given
in [24]. Then we present several numerical experiments in Section 7 to highlight the practical
capabilities of PCDM under different ESO assumptions. The ESO assumptions are given in the
appendix, where we also provide a new ESO for doubly uniform samplings (see Theorem A7).

2. Notation and assumptions

In this section we introduce block structure and associated objects such as norms and projections.
The parallel (block) coordinate descent method will operate on blocks instead of coordinates.

2.1 Block structure

The problem under consideration is assumed to have block structure and this is modelled by
decomposing the space RN into n subspaces as follows. Let U € RN*N be a column permutation
of the N x N identity matrix and further let U = [Uy,U,,..., U] be a decomposition of U
into n submatrices, where Uj is N x N; and "I ; Ni = N. Note that U"U; = Iy, when i =] and
UTU; = 0 (where 0 is the N x N; matrix of all zeros) when i # j. Subsequently, any vector
x € RN can be written uniquely as

x=Y Ux?, (2)
i—1

where x = UTx € RN, For simplicity we will write x = (X, x@, ... x™M)T,
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In what follows let (-, -) denote the standard Euclidean inner product. Then we have

n n n n n
mw=@]MQZNMv=X2]WUWdMEXkQW% ®)
i=1 j=1 i=1 j=1 i=1
Norms. Further we equip RN with a pair of conjugate Euclidean norms:

Ihllg == (Bih, Y2, [lhilE) = (B th, Y%, heRY, @)

where B; ¢ RN*N s a positive definite matrix. For fixed positive scalars vi, Vs, ..., Vy, let v=
(V1,...,Vn)T and define a pair of conjugate norms in RN by

n

n
2. () 112 *N\2 . 2 () * 2
Iy == E vilIXPlIGy,  (IYID® = ||qﬂ?§1<y' X)* = E —Vi(llyI IG)" ®)

i=1 i=1
Projection onto a set of blocks Let@ # SC {1,2,...,n}. Then for x e RN we write

X = Z UiX(i) (6)
ieS
and we define x5 = 0. That is, given x € RN, xg) is the vector in RN whose blocks i € Sare
identical to those of x, but whose other blocks are zeroed out.

2.2 Assumptions and strong convexity

Throughout this paper we make the following assumption regarding the block separability of the
function .

AssumptioN 1 (Block separability) The non-smooth function W :RN — RU {+oc0} is
assumed to be block separable, that is, it can be decomposed as.
n
oo =Y W), ()
i=1

where the functions &; : RN — R U {400} are proper, closed and convex.

In some of the results presented in this work F is assumed to be strongly convex and we use
ue > 0to denote the (strong) convexity parameter of F, with respect to the norm || - ||, for some
veR?,. A function ¢ : RN — R U {+o0} is strongly convex with respect to the norm | - ||y
with convexity parameter p, > 0 if for all X,y € dom ¢,

G =)+ (@' (X, y —Xx) + %Ily—xui, (8)

where ¢’ is any subgradient of ¢ at x. The case with 14 = 0 reduces to convexity.
Strong convexity of F may come from f or W or both and we will write ¢ (resp. wy) for the
strong convexity parameter of f (resp. ¥). Following from (8)

KE > Ut + [y )

From the first order optimality conditions for (1) we obtain (F’(x,), X — X.) > 0 forall x e dom F.
Combining this with (8) used with y = x and x = Xx,, yields the standard inequality

FOO—F. = Zhlx—xI3, xe domF, (10)



Downloaded by [The University of Edinburgh] at 05:47 15 November 2017

6 R. Tappenden et al.
3. Parallel coordinate descent method

In this section we describe the PCDM (Algorithm 1) of Richtarik and Takac [24]. We now present
the algorithm, and a detailed discussion will follow.

Algorithm 1 PCDM: Parallel Coordinate Descent Method [24]
1: choose initial point x; € RN
2: fork=0,1,2,...do
3: randomly choose set of blocks S C {1,...,n}
4 for i € & (in parallel) do
5 compute h(x)® = arg min,_gy {((Vf ®0)P, 1) + Lt + Wi + t)}
6: end for
7
8

apply the update: X1 < X + Y Uih(x)®
. end for

The algorithm can be described as follows. At iteration k of Algorithm 1, a set of blocks
S is chosen, corresponding to the (blocks of) coordinates that are to be updated. The set of
blocks is selected via a sampling, which is described in detail in Section 3.1. Then, in Steps
4-6, the updates h(x)®, for all i € S, are computed in parallel, via a small/low dimensional
minimization subproblem. (In Section 3.2, we describe the origin of this subproblem via an
ESO.) Finally, in Step 7, the updates h(x,)® are applied to the current point X, to give the new
point X, 1. Notice that Algorithm 1 does not require knowledge of objective function values.

We now describe the key steps of Algorithm 1 (Steps 3 and 4-6) in more detail.

3.1 Sep3: Sampling

At the kth iteration of Algorithm 1, a set of indices S C {1, ..., n} (corresponding to the blocks
of X« to be updated) is selected. Here we briefly explain several schemes for choosing the set
of indices &; a thorough description can be found in [24]. Formally, S is a realization of a

term sampling in reference to S.

In what follows, we will assume that all samplings are proper. That is, we assume that p; > 0
for all blocks i, where pj is the probability that the ith block of x is updated.

We state several sampling schemes now.

(1) Uniform: A sampling Sis uniform if all blocks have the same probability of being updated.

(2) Doubly uniform: A doubly uniform sampling is one that generates all sets of equal cardinality
with equal probability. That is P(S) = P(S”) whenever |S| = |S'|.

(3) Non-overlapping uniform: A non-overlapping uniform sampling is one that is uniform and
assigns positive probabilities only to sets forming a partition of {1,...,n}.

In fact, doubly uniform and non-overlapping uniform samplings are special cases of uni-
form samplings, so in this work all results are proved for uniform samplings. Other samplings,
which are also special cases of uniform samplings, are presented in [24], but we omit details
of all, except a t-nice sampling, for brevity. We say that a sampling S is z-nice, if for any
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SC{1,2,...,n} we have

0, if S| # 7,

PS=9 =1 rin-q)! _ (11)
— otherwise.

3.2 Sep 3: Computing the step-length

The block update h(x)® is chosen in such a way that an upper bound on the expected function
value at the next iterate is minimized, with respect to the particular sampling S that is used.
The construction of the expected upper bound should be (block) separable to ensure efficient
parallelizability. Before focusing on how to construct the expected upper-bound on F we will
state a definition of an ESO.

DEeFINITION 2 (ESO; Definition 5 in [24]) Letve R7, and Shea proper uniform sampling.

Wesay that f : RN — R admits an ESO with respect to the sampling S with parameter v, if, for
all x,h € RN the following inequality holds:

E[f (x+ hg)] < T (0 + M < (VE(), h) + %nhlli) : (12)

We say that the ESO is monotonic if VS € Ssuch that P(S= S) > 0 the following holds:
f(x+hg) <fX.

In the appendix, a review of different smoothness assumptions on f and corresponding ESO
parameters v for a doubly uniform sampling, is given. In all that follows, we assume that f admits
an ESO with ESO parameter v, and Sis a proper uniform sampling. Then

E[F(x+ h[S])] E[f (x+ hg)] + E[W (X + hg)]
L (%) 4 EL8) ((Vf 0.h) + %nhni) + (1 - @) W(x)

['ns']w( X+, 13)

where we have used that fact that W is block separable and that Sisa proper uniform sampling
(see [24, Theorem 4]).

Now, it is easy to see that minimizing the right-hand side of (13) in his the same as minimizing
the function H, in h, where H, is defined to be

Hy(x, ) =00 + (VE), h) + 3 [1h)12 + W (x+ h). (14)
In view of (2), (5), and (7), we can write
Hx ) = £ 00+ 37 [(VF )0, h0) + 2RO YE + wix? + 00 |
i=1
Further, we define
h(x) := arg r|]”nFierJ Hy(X, h), (15)

which is the update used in Algorithm 1. Notice that the algorithm never evaluates function
values.
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3.3 Complexity of PCDM

We are now ready to present one of our main results, which is an improved iteration complexity
result for PCDM. Our result holds in the parallel case, so it is a generalization of Theorem 1 in
[39], which only applies in the serial case. The result shows that PCDM converges in expecta-
tion and provides a sharper convergence rate than that given in [24]. The proof is provided in
Section 4. Let us mention that a similar result was given independently? in [15], but that result
only holds for the particular ESO described in Theorem A.9. However, even for that ESO, our
result (Theorem 3) is still much better because it depends on ||Xo — X, |y and not on the size of
the initial levelset (see (34) and (40)), which could even be unbounded. We state our result now.

THEOREM 3 Let F* be the optimal value of problem (1), and let {X}«=0 be the sequence of
iterates generated by PCDM using a uniform sampling S. Let « = E[|S]]/n and suppose that f
admits an ESO with respect to the sampling S with parameter v. Then for any k > 0,

(i) theiterate x¢ satisfies

E[F(Xk) - F*] =

1 2
=TTk <§||XO — X ly + F(x0) — F*>, (16)

(i) if us + pwy > 0, then the iterate x, satisfies

200 (s + ) )k (1 +

— — — 2 —
E[F %0 F*]5<1 el 2 1y — xR+ Fi%) F*). (17)

Remark 4 Notice that Theorem 3 is a general result, in the sense that any ESO can be used for
PCDM and the result holds.

4. Proof of the main result

In this section we provide a proof of our main convergence rate result, Theorem 3. However, first
we will present several preliminary results, including the idea of a composite gradient mapping,
and other technical lemmas.

4.1 Block composite gradient mapping

We now define the concept of a block composite gradient mapping [18,39]. By the first-order
optimality conditions for problem (15), there exists a subgradient sV e aW;(x" 4 (h(x))™)
(where 9W;(-) denotes the subdifferential of W;(-)) such that
(VF00)® +viBi (h00)® +s =0, (18)
We define the block composite gradient mapping as
@x)® = —viBi(hxN®, i=1,...,n (19)
From (18) and (19) we obtain

— (VI + (@) € awi(xV + (ho) ™), i=1,...,n. (20)
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If we let g(x) := > ', Ui(g(x)? (compare (2) and (19)), then since W is separable, (20) can be
written as

— Vi) + g € 9V (X+ h(x)). (21)
Moreover

n _ n 1 _
Iheols 2 Y willhon ™1, = - ZIBTH@on VIE, Y= gl (22)
i=1

i=1

and
(909, h0) “E2 — o2 € — (g1 (23)
Finally, note that using (4), (5), (19) and (22), we get
X+ hx) — yYIIZ = X —YlIZ 4+ 2((0, Yy — X) + (19 113)%. (24)

4.2 Main technical lemmas

The following result concerns the expected value of a block-separable function when a random
subset of coordinates is updated.

LemMma 5 (Theorem 4 in [24]) Suppose that W(x) = 31, W;(x"). For any x,h € RN, if we
choose a uniform sampling S, then letting o = E[|S|]/n, we have

E[V(X+ (h(X)g)] = ¥ (x+h(X) + (1 — o) ¥ (%). (25)

The following technical lemma plays a central role in our analysis. The result can be viewed
as a generalization of Lemma 3 in [39], which considers the serial case (¢ = 1), to the parallel
setting.

LEmMMA 6 Letx € dom F and x;. = X+ (h(X))g, where Sis any uniform sampling. Then for
anyy e domF,

my +1
2

E[F (x:) + 255 ix, — yI2] < F(O + Ix—yliZ

- (F(X) —Fy+ X j;'w [X— YII5> : (26)

Moreover,
(i)
E[F(x)] < F(x) — %(m + DIhX 12 = F(x) — %‘(m + DM (@27)
(i)
E[F(¢) + 31X — VIl < FO + 31X = yI2 — a(F(x) — F(y)). (28)
Proof We first note that
E[IX; — YIZ] = allx+ hx) — yI2 + 1 — a)|Ix — y|I2. (29)

This is a special case of the identity E[v (u + h[é])] =ay U+ h)+ 1 —a)y(u) (see Lemma5,
which holds for block separable functions yr), with v (u) = [|u||2, u=x—yand h = h(x).
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Further, for any h for which x+ h € dom W, we have

EIF ¢+ hg)] 2 (1 — 0)F (0 + aHy(x, h). (30)

This was established in [24, Section 5]. The claim now follows by combining (30), used with
h = h(x), and the following estimate of H,(x, h(x)):

1
Hy6h(9) 2 £ 00 + (VE (), h(x) + zllh(X)llé + WX+ h(x)

(8)+(21) 1
)+ (V0. x—y) — %ny— X1+ (Y 09,h00) + S INGO I

+W(Y) + (—VF(X) + 900, X+ h) —y) — “7‘“||x+ h(x) — yI2
= F(y) + (900, X— y) + (g(x), h(x)) — %ny— X|I2
_ By gzt 2
> IX+hx) -yl + 2IIh(X)IIV

1
D Ey) + (g, x—y) — %uy— x|12 — "2—‘“||x+ h) — Y1 = 5 (19 15)?

24) 1- nw +1

= Fy) + >

1— s
2

By —x12 — X+ h(x) — y2

+1
‘“’Za ELIX; — Y121 — (A — ) Ix—ylI2).

EFy) + ly — xI12 —

Part (i) follows by letting x=y and using (29) and (23). Part (ii) follows as a special case by
choosing ut = gy = 0. [ |

Property (i) means that function values F(xc) of PCDM are monotonically decreasing in
expectation when conditioned on the previous iteration.

4.3 Proof of Theorem 3

Proof Let x, be an arbitrary optimal solution of (1). Let rZ = [|X — X.[12, Gk = 9(%), hx =
h(xx) and Fx = F (). Notice that X1 = X« + (h)[sg- By subtracting F,. from both sides of (28),
we get

E[3re,; + Fiet — Folxd < Gri+ Fo—Fo) —a(Fe — Fo),
and taking expectations with respect to the whole history of realizations of §,1 < k gives us

E[3rf.1 + Firr — Fu] < E[3rf + Fx — F.] — «E[Fc — F..

Applying this inequality recursively and using the fact that E[F;] is monotonically decreasing for
j=0,1,...,k+ 1(27), we obtain

k
1 1
E[Fk,1 —F.] <E [§r§+l + Fiy1 — F*] < Erg +Fo—F.—a ) (E[F]—F,)
j=0

=

I'g +Fo—F.—ak+ l)(E[Fk-H] —F,

N -
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which leads to (16).
We now prove (17) under the strong convexity assumption u; + 1y > 0. From (26) we get

1+ 1+ +
E[ ““’rk+1+|=k+1—|=|xk] < 2“‘”2+Fk F)—a<f—““’2+|=k F)

2 2
(31)

Notice that for any 0 < y < 1 we have

+ + +
%Z_H:k F, y<%2+pk *)_,_(1_),)(%24_5( F)

(9)+(10) e+ 1
>y (T‘” re + Fx— ) + (L= ) Gu + po)rg.
Choosing
2
e 2+ pw) €[0,1] (32)
1+ ps +2uw
we obtain

(32) 1
WTWZ-FFk—F > y*( +2’“’ 2

Combining the inequality above with (31) gives

+ Fy — F)

1+ +
E|: Zwrk+1+Fk+l—F|in|<(1—V )( W2+Fk F)- (33)
It now only remains to take expectation in xi on both sides of (33), and (17) follows. |

5. High probability convergence result

Theorem 3 showed that Algorithm 1 converges to the optimal solution of (1) in expectation. In
this section we derive iteration complexity bounds for PCDM for obtaining an e-optimal solution
with high probability. Let us mentioned that all existing [17,23,24,39] high-probability results for
serial or parallel CD require a bounded levelset, that is, they assume that

LX) = {xe RV : F(x) < F(x)} (34)

is bounded. In Section 5.1 we present the first high probability result in the case when the
levelset can be unbounded (Corollaries 9 and 11). Then in Section 5.2 we derive a sharper
high-probability result for PCDM [24] if a bounded levelset is assumed (i.e. £(Xo) is bounded).

5.1 Case 1: Possibly unbounded level set

We begin by presenting Lemma 7, which will allow us to state the first high-probability result
(Corollary 9) for a PCDM applied to a convex function that does not require the assumption of a
bounded levelset.

LEMMA 7 Let X be fixed and {xc}>,, be a sequence of random vectors in RN such that the
conditional distribution of x,1 0n X, isthe same as conditional distribution of i1 on the whole
history {x}72, (hence we have Markov sequence). Define ry = ¢ (X)) and & = ¢ (%) where
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ér, ¢ : RN — R are non-negative functions. Further, assume that the following two inequalities
hold for any k

E[5r1 + &k %] < 3hc+ (L — O, (35)
E[&ks1] < & (36)
with some known ¢ € (0,1). For stopping tolerance ¢ > 0 and confidence level p € (0,1), if
1
KZE 2I’o—|—§'o_1 ’ (37)
¢ PE

then
Pék <e)>1-p

Proof Using (35) we have

1
El&] <E I:Erk + Sk} S0+ — Z E[EJ < —fo + &0 — KCE[&d].

Hence
1
370+ &0
E[&] < 2——. 38
6 = g (38)
Now, from the Markov inequality we have
E 38) 1 ir (37
P > o) < K] @1zt @
€ € 1+K¢
|

Naturally, the result O(1/¢p) is very pessimistic and hence one may be concerned about
tightness of the lemma. The following example shows that Lemma 7 is, indeed, tight, that
is, the bound on K cannot be improved much. (We construct an example that, under the
assumptions (35) and (36) (i.e. using the analysis of [39]), requires O(1/¢p) iterations.)

Example 8 (Tightness of Lemma 7) Let ¢ € (0,1) and € > 0. Fix some small value of p €
(0,1) and assume that (ry, &) have following distribution:

(0,0, with probability 1 — p
(r, &) = .
(219,¢€), otherwise,

where ¢ is chosen in such a way that (35) is satisfied. Then, we can chose it as follows

1
= 1_
P o= tord-on = 9= tOT0R

Define, fork =1,2,3,...

(rk — 2¢€,¢€), ifre>2ce

Mkits = i
(et k1) {(070), otherwise.
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K__FJ_E o+ (-0
Coleel ¢ pe ’

CoroLLARY 9 (High probability result without bounded levelset) Using Lemma 7 with %rk =
¢r (X)) = %||xk — %12, & = s (%) = F(%) —F,and¢ =a = E|§|/nthen we obtain that if

then P(¢ék > €) < p.

n <%||xO—x*||5+F(xO>—F* _1> (39)

" EIS pe
thenP(F(xx) — F. <€) > 1 — p.

The negative aspect of Corollary 9 is the fact that one needs O(1/p) iterations whereas
classical results under the bounded levelset assumption require only O(log(1/p)) iterations.

Multiple run strategy Now we present a restarting strategy (which uses some of the ideas in
[23]) that will give us a high probability result O(log(1/p)).

LeEmMA 10 Let {X}p2o, {rdieo and {&lpe, bethe same asin Lemma 7, with ¢ € (0,1), € > 0
and p € (0,1). Assume that we observer = [log(1/p)] different random and independent real-

izations of this sequence always starting fromxo, that i, for any k we have observed xi, X2, . . ., X .
Then if each realization continues for

K>1 ro+& 1
¢\ €l/®

. I _
P (le{Tzl,P.,r}gK = €> z1-»

Proof Because the realization are independent then for any | € {1,2,...,r} we have from
Lemma 7 that P(£} > €) < 1/e. Hence

iterations, then

P(le{min }€|'<Ze>:P@&Ze,&%Ze,...,g&ze): l‘[ }P(E;'(Ze)§<%> -

1,2,
lef1,2,...r

CoroLLARY 11 Ifwerun PCDM r = [log(1/p)] many timesfor K > (n/E[|§|])((%||xo — %12
+ F(X) — Fy)/(e(1/e) — 1)) each, then the best solution we get, indexed | € {1,2,...,r},
satisfies P(F(x) — F, <€) > 1 — p. Hence, in total we need [(n/E[Iél])((%IIXo — X |12 +
F(x) — F.)/(e(1/e) — ) 1Tlog(1/p)] ~ Oog(1l/p)) iterations of PCDM.

Remark 12 In Lemma 10 and Corollary 11, each run in the multiple restart strategy must begin
from the same initial point Xo; this allows us to establish the O(log(1/p)) complexity rate for
PCDM without a bounded levelset assumption. A natural question that arises is: ‘Can we remove
the assumption that all runs begin from the same initial point X,?* It may be possible for one
to establish such a result, but this is an open problem. One of the issues with removing the
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assumption that all runs begin at X, is that the function values in PCDM reduce in expectation.
Thus, it is possible that a run could end at a point with a higher function value than F(Xp), and if
a new run were to begin at this resulting point, the complication of beginning from a point with
a higher function value would need to be overcome.

5.2 Case 2: Bounded levelset

The next result, Theorem 13, obtains the rate O(log(1/p)), under the assumption that the levelset
is bounded. However, some results will hold only for a modified version of Algorithm 1. In
particular, we now present Algorithm 2.

Algorithm 2 PCDM-M: Parallel Coordinate Descent Method [24]
1: choose initial point x, € RN
2: fork=0,1,2,...do
3: randomly choose set of blocks S C {1,...,n}
4: for i e & (in parallel) do
5 compute h(x)® = arg min,_gn, {((Vf )V, 1) + Lt12) + Wik + t)}
6: end for
7
8
9

if F (% + Yieg, Ui ) < F(xo) then _
apply the update: X1 < X + Y. Uih(a)®

: else
10: Set Xxr1 < Xk
11: end if
12: end for

Notice that the first 6 steps of Algorithm 2 are exactly the same as those of Algorithm 1.
However, Algorithm 2 forces the iterates to stay in £(Xo) (steps 7-11).

Distance to the optimal solution set. In order to obtain some of the results in this Section we
need the distance to the optimal solution set, inside the levelset, to be finite, that is,

Ryo '= max {max [|X— X|lyf < oo. (40)
XeL(Xg) | XeX*

Note that for any x, € X* (where X* is a set of optimal solutions) it trivially holds that ||xo —
X«[lv < Ryo. Moreover, for some problems the levelset can be unbounded, in which case R is
infinite, whereas if X* £ @ then ||xg — X, || is always finite.

THEOREM 13  Let {x}k=0 be a sequence of iterates generated by

e PCDM (Algorithm 1) if F is strongly convex with s (W) + g (W) > 0 or F is convex and a
monotonic ESO is used,
o PCDM-M (Algorithm 2) if F is convex and a non-monotonic ESO is used.

Let0 <€ < F(Xg) — F, and p € (0,1) be chosen arbitrarily. Definea = E[|§|]/n, and let
C := max{R5y, F(x0) — F.}. (41)

Then
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(i) if F isconvex and we choose

Lixo — X 12 + F(xo) — F.
Kzﬁ(lJrlog<2”X0 Xelly + F(0) ))+2—£, (42)

o€ 2cp o

(ii) or if F isstrongly convex with us + @y > 0 and we choose

1 2 w10 — %, |2 + F (%) — F.
. + e + 20 log [ —2 1% lly (X0) (43)
200(faf + pw) €p
then
P(F(x<) —F« <€) > 1—p. (44)
Proof The proof is similar to that of [23, Theorem 1], so is omitted for brevity. |

In this section we have presented three new convergence results for PCDM. The first result
shows that, combining the analysis techniques in [17,24,39], PCDM obtains a O(1/p) rate when
the levelset is unbounded for a single run strategy. The second result shows that PCDM obtains
a O(log(1/p)) rate for a restarting strategy.

On the other hand, if the levelset is bounded, we have shown that PCDM achieves a rate
of O(log(1/p)). It is still an open problem to determine whether PCDM can achieve a rate of
O(log(1/p)) for a single run strategy when the levelset is unbounded. Note that Example 8
shows that we cannot achieve a rate of O(log(1/p)) using the approach in Lemma 7, but it is not
a general counterexample. Thus, it may be possible to prove a O(log(1/p)) rate for PCDM with
an unbounded levelset using different arguments from that made in Lemma 7, but currently we
are unsure how to show this.

6. Discussion

6.1 Comparison of the convergence rate results

We have the following remarks on comparing the results in Theorem 3 with those in [24].

6.1.1 Comparison in the convex case.

For problem (1), an expected-value type of convergence rate is not presented explicitly in [23],
although it can be derived from the following relation (that is stated in [24] and proved in [23,
Theorem 1]):

(F(x) — F*)?

2c ’
where c is defined in (41). Taking expectation on both sides of (45) and using a similar argument
as that in [17], gives

E[F (X%1) —F* %] < (FO%) —F") —« vk > 0, (45)

X 2¢(F (%) — F*)
Frided = 5o oo —Fy K20 (46)

Let a and b denote the right-hand side of (16) and (46) respectively. By the definition of ¢ and
the relation || Xo — X.|lv < Ry, We see that when k is sufficiently large,

4c - 4
1% = %13 + 2(F (x0) — F*) = 3°

E[F (%) —

b
P 47
a (47)
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6.1.2 Comparison in the strongly convex case.

For the special case of (1) where at least one of f and W is strongly convex (i.e. us + wy > 0),
the authors of [24] showed that for all k > 0,

e + g

E[F (%) — F* [ X_1] < <l—a .

) (FOo) — F). (48)

It is not hard to show that
2(ps + pw) _ + uy
T4+ +2ne  1+pe

Recall that y is defined in (32). Then it follows that for sufficiently large k one has

(49)

1
(1 —ap) (”%Rs +F () — F*) 21— ap) (M) (Foxo) — F).
me +

6.2 Comparison of theiteration complexity results

Here we compare the results in Theorem 13 with those in [24].

Comparison in the convex case For any 0 <e <F(x) —F, and p € (0,1), Richtarik and
Takac [24] showed that (44) holds for all k > K where

_ 2c 1 2C
Ki=—(1+1 — 2 — ——. 50
ae < * Og(p>> T aFoo — ) (50)

Using the definition of ¢ and the fact that |[Xo — X.|lv < Ry, We observe that

o o= xlif + 2%

3
Z 51
ic <3 (51)

By the definitions of K and K we have that for sufficiently small € > 0,

2clogt - 2clog(4/3)

ae oe

K—-—K=~

(52)

In addition, [[Xo — X, ||y can be much smaller than Ry elnd thus t can be very small. It follows
from the above that K can be significantly smaller than K.

Comparisoninthestrongly convex case In the strongly convex case (i.e. s (W) + gy (W) > 0),
[24] showed that (44) holds for all k > K where

g1 1+tmew (F(XO)—F*>
T (W) + g (W) €p '

We can see that for p or e sufficiently small we have

g - 1+ s (W) + g (W) -1 (53)
K 21+ pw(w))

because us < 1, which demonstrates that K is smaller than K.



Downloaded by [The University of Edinburgh] at 05:47 15 November 2017

Optimization Methods & Software 17

Table 3. Approaches used in the numerical experiments.

Name Y Note

BKBG Vekeg = L This is naive approach, which was proposed in [1] and [22].
Note that this is not ESO.

-z -1
RT-P VRT—P = <1 + %) L Theorem A6, originally derived in [24].

-z -1
RT-D VrT-p = [ 1+ =be=-1 Derived in [25] as a special case for C=1.

max{1,n— 1}
FR Ver =L Theorem A8, proposed in [3] and generalized in this paper
~ (Theorem A.7).

NC VNG = Theorem A9, proposed in [15].

7. Numerical experiments

In this Section we present preliminary computational results. The purpose of these experiments
is to provide a numerical comparison of the performance of PCDM, under the different ESOs
summarized in Appendix A.2.

Least squares. Consider the following convex optimization problem
min < |AX — bl|3 (54)
xeRN 2 2

where A € R&10°x210° Each row has between 1 and w = 20 non-zero elements (uniformly at
random). For simplicity, we normalize (in £, norm) all the columns of A. The value of o =
Amax(ATA) = 10.48. We have compared five different approaches which are given in Table 3.
Parameter t = 512 and hence 1 + (w — 1)(z — 1)/max{1,n — 1} = 5.856 for RT-P (Richtarik-
Takac-Parallel [24]) and 1 + (o — 1)(z — 1)/max{1,n — 1} = 3.424 for RT-D (Richtarik-Takac-
Distributed [25]) approach. The distribution of vectors v can be found in Figure 1 (right). Figure 1
shows the evolution of F(xx) — F* for all five methods. Note that the BKBG [1,22] did not
converge. The speed of RT-P, RT-D and FR [3] is quite similar and NC [15] is approximately 3
times worse because Vnc ~ 3.22Ver.

SVM dual. In this experiment we compare 4 methods from Table 3 (we have excluded the naive
approach because it usually diverges for large ) on a real-world data set astro-ph, which consists
of data from papers in physics [30]. This data set has 29,882 training samples and a total of 99,757
features. This data set is very sparse. Indeed, each sample uses on average only 77.317 features
and each sample belongs to one of two classes. Hence, one might be interested in finding a
hyperplane that separates the samples into their corresponding classes. The optimization problem
can be formulated as follows:

N
. A 1 )
min P(w) := E||w||§ + §' 1: max{0, 1 — y"af wj, (55)
I=

where y e {—1,1} is the label of the class to which sample a € R™belongs.
While problem formulation (55) does not fit our framework (the non-smooth part is non-
separable) the dual formulation (see [5,29,31]) does:

x"Qx, (56)

1
max D(X) := —1"x —
xe[0,1]N ® N 2).N2
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where Q € RNN, Q; = yPyD(ay), a;)). In particular, problem formulation (56) is the sum of a
smooth term, and the restriction x € [0, 1]N can be formulated as a (block separable) indicator
function. In this data set, each sample is normalized, hence L = (1,...,1)T.

For any dual feasible point x we can obtain a primal feasible point w(x) =
(1/2m) Y, xPDyDa;). Moreover, from strong duality we know that if x* is an optimal solu-
tion of (56), then w* = w(x*) is optimal for problem (55). Therefore, we can associate a gap
G(x) = P(w(x)) — D(x) to each feasible point x, which measures the distance of the objective
value from optimality. Clearly G(x*) = 0.

Figure 2 (left) shows the evolution of G(xc) as the iterates progress, and the distribu-
tion of an ESO parameter v for different choice of r € {32,256}. Naturally, as 7 increases,
the distribution of v, ¥ shifts to the right, whereas the distribution of ¥ is not influenced
by changing z. The value of important parameters for other methods are o = 287.273
and w =29881. For t =32 we have 1+ (w—1)(r —1)/max{l,n— 1} = 31.998 for RT-
Pand 1+ (0 — 1)(r —1)/max{l,n— 1} = 1.296 for RT-D, and for t = 256 we have 1+
(w —1)(r — 1)/max{l,n— 1} = 255,991 for RT-P and 1+ (¢ — 1)(r —1)/max{l,n— 1} =
3.443 for RT-D. Again the best performance is given by RT-D which requires knowledge of
o. If we do not want to estimate the parameter o then we should use FR. If was shown in [3] that
for a quadratic objective function FR is always better than RT-P.

Underdetermined Least Squares. Here we perform a numerical experiment on an underde-
termined least squares problem; such problems have the property that the initial levelset is
unbounded. The work in Section 5.1 establishes iteration complexity results for PCDM applied
to problems with an unbounded levelset, which motivates us to investigate them here. In partic-
ular, we consider a problem of the form (54), where the sparse matrix A has m = 22 rows and
n = 213 columns, (so m< n), and there are approximately 20 non-zeros in each column. We also
suppose that we are in possession of a vector x; that is a solution of problem (54). That is, we
form a vector x; € R" and compute a (noiseless) data vector b = Ax, € R™. This ensures that the
system of equations is consistent, so that F* = 0 here, and we note that there are infinitely many
solutions to this (convex) problem.

We investigate PCDM with a t-nice sampling, so that the norm weighting vector v is as
described in Row 2 of Table 3 (see also Theorem A6) with L = (Jlay|l3, ..., |anll3)T, where
a,...,ay are the columns of A. We simulated a parallel set-up where we vary the number of

10 15 20
uw 10 15 20
3 .
IC R i ‘
O 10 15 20
-2| «RT-P W\ Y J i :
10 R1-D % 5 10 15 20
FR \ 200 ‘ ‘ ‘
— \
\ © 100 ]
=z
—NC | N, .
10° 10 102 0 5 10 15 20

Iteration k

Figure 1. Evolution of F(xx) — F* for 5 different methods (left) and distribution of v (right).



Downloaded by [The University of Edinburgh] at 05:47 15 November 2017

19

Figure 2. Comparison of evolution of G(xk) for various methods and the distribution of v.
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processors available from T = 512 to t = 1. For a fixed number of ¢ processors, we form 100
problem instances (i.e. we form 100 matrices A and data vectors b) and we report the average
results in Table 4. In each case we use a randomly generated starting point Xo.

The columns of Table 4 are as follows. In the first column we state the number of processors,
and in the second column we report the average degree of separability w over the 100 runs (see
Definition A.1). In columns 3 and 4 we report the average values of F(Xg) (recall that F* = 0, so

Table 4. Average results for the experiment investigating problems where the initial levelset is unbounded.

T Average o Average Fo Average ||Xo — x*ll?, Average k Theoretical K
512 38.12 4.84 x 102 1.60 x 10° 1.66 x 108 3.34 x 108
256 37.84 4.97 x 10? 1.06 x 103 2.23 x 103 4.99 x 108
128 38.09 4.87 x 10? 7.65 x 102 3.34 x 103 8.02 x 108
64 38.07 5.09 x 102 6.51 x 102 5.87 x 10° 1.48 x 10°
32 37.75 5.02 x 102 5.72 x 102 9.83 x 108 2.75 x 10°
16 38.13 4.94 x 10? 5.28 x 102 1.94 x 104 5.24 x 10°
8 37.97 4.96 x 10? 5.10 x 102 3.73 x 104 1.03 x 1010
4 38.09 5.03 x 102 5.09 x 102 7.10 x 10* 2.01 x 10%0
2 37.89 4.98 x 102 4.99 x 102 1.44 x 10° 4.09 x 1010
1 37.96 5.01 x 102 5.02 x 102 4.85 x 10° 8.22 x 1010
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& = F(X) — F* = F(x0)), and [|Ixo — x*|2, respectively. Column 5 gives the average number of
iterations k (over 100 runs) required by PCDM to converge to an € = 10~* accuracy solution. In
the final column we give the number of iterations K predicted by the theoretical bound (39). In
each run, a theoretical bound was computed using the values Fo and ||y — x*||2 and the average
theoretical bound over all 100 runs is reported. For simplicity we computed the bound using
p=1

Table 4 shows that, while we now have a theoretical bound for the number of iterations needed
by PCDM to obtain an e-optimal solution (with probability exceeding 1 — p), for this problem
set-up, the bound was pessimistic, and the actual number of iterations required was much smaller
than predicted.
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A. Appendix. Expected separable overapproximation

A.1 Smoothness assumptions

In this work we assume that the function f is partially separable and smooth, and the purpose of this section is to define
these two concepts. We begin with the definition of partial separability for a smooth convex function, introduced by
Richtarik and Takac [24].

DErFINITION A.1 (Partial separability [24]) A smooth convex function f : RN — R is partially separable of degree o if
there exists a collection 7 of subsets of {1, 2, ..., n} such that

f(x)zjgfj(x) and rJnEa}(|J|§w, (A1)

where for each J, f; is a smooth convex function that depends on x® for i € J only.

Now we introduce different types of smoothness assumptions for the function f. Each smoothness type gives rise to a
different ESO. Note that all of the following smoothness assumptions are equivalent. That is, if a given function satisfies
one of the assumptions, then there exist constants such that the other assumptions also hold.

The first type of assumption is a classical assumption in the literature [22-24].

AssumpTION A.2 ((Block) Coordinate-wise Lipschitz continuous gradient) The gradient of f is block Lipschitz,
uniformly in x, with positive constants Ly, . .., L. Thatis, for all xe RN, i = 1,...,nand h € RN we have

I(VE x4+ Uihn) @ — (v ) P11 < Lillhllg). (A2)
where VT (x) denotes the gradient of f and
(Vi) = UV e RV, (A3)

The second type of assumption we make is that each function in the sum (A1) has a Lipschitz continuous gradient.
Such an assumption is made, for example, in [7,8,13,15]. Moreover, we allow each function to have Lipschitz continuous
gradient with a different constant (which was also assumed in [15]).

AssumpTIoN A.3 (Lipschitz continuous gradient of sub-functions) Thegradient of f;, J € 7 hasa Lipschitz continuous
gradient, uniformly in x, with positive constant L; with respect to some Euclidean norm || - ll5)- Thatis, for all x € RN,
J e Jandh e RN we have y
IV () = Vi I, < Lallhl - (A%)
Note that this smoothness assumption is more general than that made in [15] because of the possibility of choosing
general norms of the form || - ll3)- Further, Assumption A.3 generalizes the smoothness assumptions imposed in [1,25].
The third type of assumption we make is that each function in the sum (A1) has coordinate-wise Lipschitz continuous
gradient.

AssuMPTION A.4 ((Block) Coordinate-wise Lipschitz continuous gradient of sub-functions) Thegradient of f;, J € J
isblock Lipschitz, uniformly in x, with non-negative constants IA_M, ey I:J'n. Thatis, forallxe RN,i=1,...,nJ e J
and h e RN we have ) )

(Ve x4+ Ui @ — (Ve ) P11 < Loilihlly- (A5)

One can think of Assumptions A.2 and A.3 as being ‘opposite’ to each other in the following sense. If we associate
the block coordinates with the columns, and the functions with the rows, we see that Assumption A.2 captures the
dependence columns-wise, while Assumption A.3 captures the dependence row-wise. Hence, Assumption A.4 can be
thought of as an element-wise smoothness assumption.

To make this more concrete, we present an example that demonstrates how to compute the Lipschitz constants for a
quadratic function, under each of the three smoothness assumptions stated above.

Example A5  Let the function f (x) = 3|Ax—bj3 = } Zj”;l(b“) — >0 aix™)2, where A € R™" and g, is (j, i)th
element of the matrix A. Let us fix all the norms || - I3 from Assumption A.3 to be standard Euclidean norms. Then one
can easily verify that Equations (A2), (A4) and (A5) are satisfied with the following choice of constants

L= & L=)a Li=a)
i=1 iz1

In words, L; is equal to square of the ¢, norm of i th column, |:j is equal to the square of the ¢, norm of the j th row and
|:j'i is simply the square of the (j, i) th element of the matrix A.
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One could be misled into believing that Assumption A.4 is the best because it is the most restrictive. However, while
this is true for the quadratic objective shown in Example A.5, for a general convex function, Assumption A.4 can give
Lipschitz constants that lead to worse ESO bounds (see Example A.10 for further details).

A.2 Expected separable overapproximation

Now, it is clear that the update h in Algorithm 1 depends on the ESO parameter v. This shows that the ESO is not just
a technical tool; the parameters are actually used in Algorithm 1. Therefore we must be able to obtain/compute these
parameters easily. We now present the following three theorems, namely Theorems A6, A8 and A9, that explain how to
obtain the v parameter for a r-nice sampling, under different smoothness assumptions.

THEOREM A.6 (ESO for a t-nice sampling, Theorem 14 in [24]) Let Assumption A.2 hold with constants Ly, ..., L
andlet Shea r-nice sampling. Then f : RN — R admits an ESO with respect to the sampling Swith parameter

Y ARCEL TSN

max{l,n—1}

whereL = (Lq,...,Ly)".

The obvious disadvantage of Theorem A.6 is the fact that v in the ESO, depends on w. (When w is large, so too is v.)
One can imagine a situation in which w is much larger than the average cardinality of J € 7, resulting in a large v. For
example, if |J| for J € 7 is small for all but one function.

With this in mind, we introduce a new theorem that shows how the ESO in Theorem A.6 can be modified if we know
that Assumption A.4 holds. In this case, the role of w is slightly suppressed.

THEOREM A.7 (ESO for a doubly uniform sampling) Let Assumption A.4 hold with constants L, Je 7, i€
{1,....n}and let She a doubly uniform sampling. Then f : RN — R admits an ESO with respect to the sampling S

with parameter
(28 - 1) 31— 1)
g E[IS] i (. N\T
= .. L . A
V=Y |1+ maxin 1] Ly Lon) (A6)

JeJ

Proof From Theorem 15 in [24] we know that for each function f;,J € 7 we have
EISEL 1) (9) -1
( ED3] (I =1)

1,9 ~ESO | 1
.9 + max{1,n— 1}

N(RER RIS

Now, using Theorem 10 in [24], which deals with conic combinations of functions, we have

E 13- 1)

& ENIS] ( N
(ZfJ,S)NESO 1,2 1+W (LJ,ly---iLJ,n)

JeJ JeTJ

The following Theorem is a special case of Theorem A.7 for a T-nice sampling.

THEOREM A.8 (ESO for a t-nice sampling, Theorem 1 in [3]) Let Assumption A.4 hold with constants L, J € 7, i €
{1,...,n}andlet Sbea r-nicesampling. Thenf : RN — R admitsan ESO with respect to the sampling Swith parameter

- C=DEI=DY e
V_§7<l+ max{1,n — 1} >(LJ’1'-~~'-J,n)- (A7)

Proof Notice that, if S is z-nice sampling, then E[|S]] = ¢ and E[|S/?] = t and the result follows from Theorem
AT

The following theorem explains how to compute an ESO if Assumption A.3 holds. This ESO was proposed and
proved in [15].
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TrEOREM A.9 (ESO for z-nice sampling, Lemma 1 in [15]) Let Assumption A.3 hold with constants Ly, J € 7 and let
Sbea r-nice sampling. Thenf : RN — R admits an ESO with respect to the sampling Swith parameter

V= Z Loepy

JeTJ

wheree = (1,...,1)T € R". Moreover, this ESO is monotonic.

As it is shown in Theorem 3 the speed of the algorithm (number of iterations needed to solve the problem) depends on
ESO parameter v via the term ||xo — X*H\Z,. Moreover, for a given objective function and sampling S, there may be more
than one ESO that could be chosen. Suppose that we have two ESOs to choose from, characterized by two parameters
Va and vy respectively, and let va < vp. In this case, the ESO characterized by vy will give us (theoretically) faster
convergence, and so it is obvious that this ESO should be used. Furthermore, v; is used as a parameter in Algorithm 1,
and so, intuitively, this faster theoretical convergence, is expected to lead to fast practical performance.

In Section 6.1 in [3] it was shown that for a quadratic objective, the ESO in Theorem A.6 is always worse than the
ESO from Theorem A.8. However, for a general objective the opposite can be true. The following simple example shows
that the ESO from Theorems A.8 and A.9 can be mtimes worse than the ESO from Theorem A.6.

Example A.10  Consider the function

m
f) = log(l+e ),
H—
fix)
where ¢ is large. It is clear that Lj is
X+ 1

Lj= m)f(ix(f,- x)" = max CETy =7

Therefore, from Theorem A.9, we obtain v = L = m/4.
On the other hand, Theorem A.6 produces an ESO with

w1
v =max(f (x))” ~ -,
X 4
provided that ¢ is large, for example, ¢ = 100. Hence, in this case, the ESO from Theorem A.6 will lead to an algorithm
that is approximately mtimes faster than if the ESOs from Theorems A8 or A9 were used.

Remark A thorough discussion of the ESO is presented in [24, Section 4]. Moreover, [24, Section 5.5] presents a list of
parameters v associated with a particular f and sampling scheme S that give rise to an ESO. Indeed, each of samplings
described in Section 3.1 in this work gives rise to a v for which an ESO exists.
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