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Research article
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Abstract: This work considers stochastic optimization problems in which the objective function
values can only be computed by a blackbox corrupted by some random noise following an unknown
distribution. The proposed method is based on sequential stochastic optimization (SSO), i.e., the
original problem is decomposed into a sequence of subproblems. Each subproblem is solved by
using a zeroth-order version of a sign stochastic gradient descent with momentum algorithm (i.e.,
Z0-signum) and with increasingly fine precision. This decomposition allows a good exploration of
the space while maintaining the efficiency of the algorithm once it gets close to the solution. Under
the Lipschitz continuity assumption on the blackbox, a convergence rate in mean is derived for the
Z0-signum algorithm. Moreover, if the blackbox is smooth and convex or locally convex around its
minima, the rate of convergence to an e-optimal point of the problem may be obtained for the SSO
algorithm. Numerical experiments are conducted to compare the SSO algorithm with other state-of-
the-art algorithms and to demonstrate its competitiveness.

Keywords: stochastic blackbox optimization; gradient approximation; sequential optimization;
momentum-based method; convergence rate analysis
Mathematics Subject Classification: 65K05, 90C15, 90C30, 90C56, 90C90

1. Introduction

The present work targets stochastic blackbox optimization problems of the form

rrel]iRg f(x) where f(x) =B [F(x,6)], (1.1)
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and F : R" X R" — R is a blackbox [3] that takes two inputs: a vector of design variables x € R" and
a vector & € R™ that represents uncertainties with unknown distributions. The function F is called a
stochastic zeroth-order oracle [20]. The objective function f is obtained by taking the expectation of F
over all possible values of the uncertainties €. This optimization problem can be found in two different
fields. The first is in a machine learning framework wherein the loss function’s gradient is unavailable
or difficult to compute, such as in the optimization of neural network architecture [36], design of
adversarial attacks [15] or game content generation [44]. The second field is when the function F is
evaluated by means of a computational procedure [27]. In many cases, it depends on an uncertainty
vector & due to environmental conditions, costs or effects of repair actions that are unknown [38].
Another source of uncertainty appears when the optimization is conducted at the early stages of the
design process, where knowledge, information and data are very limited.

1.1. Related work

Stochastic derivative-free optimization has been the subject of research for many years. Traditional
derivative-free methods may be divided into two categories [16]: direct search and model-based
methods. Algorithms corresponding to both methods have been adapted to a stochastic ZO oracle.
Examples include the stochastic Nelder-Mead algorithm [13] and the stochastic versions of the mesh
adaptive direct search algorithm [2, 4] for the direct search methods. For model-based methods, most
studies consider extensions of the trust region method [14, 17,33]. A major shortcoming of these
methods is their difficulty to scale to large problems.

Recently, another class of methods, named ZO methods, has been attracting increasing amounts
of attention. These methods use stochastic gradient estimators, which are based on the seminal work
in [24,37], and they have been extended in [20,34,39,41]. These estimators have the appealing property
of being able to estimate the gradient with only one or two function evaluations, regardless of the
problem size. ZO methods take advantage of this property to extend first-order methods. For instance,
the well known first-order methods conditional gradient, sign stochastic gradient descent (signSGD) [6]
and adaptive momentum (ADAM) [26] have been extended to ZSCG [5], ZO-signSGD [30] and ZO-
adaMM [15], respectively. More methods, not only based on first-order algorithms, have also emerged
to solve regularized optimization problems [11], for very high dimensional blackbox optimization
problems [9] and stochastic composition optimization problems [21]. Methods using second-order
information based limited function queries have been developed [25]. Some methods handle situations
in which the optimizer has only access to a comparison oracle that indicates which of two points has
the highest value [10]. For an overview on ZO methods, readers may consult [31].

1.2. Motivation

Formally, stochastic gradient estimators involve a smooth approximation f# (see Chapter 7.6
in [39]) which is a convolution product between f and a kernel ##(u)

FP(x) = f ) W) f(x —u)du = f ) W (x —u) f(u)du. (1.2)

The kernel must fulfill a set of conditions [39, pp. 263]:

(1) () = %h(%) is a piecewise differentiable function;
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25924

(2) limg_,o h#(u) = 6(u), where 6(v) is Dirac’s delta function;
(3) limg_, fA(x) = f(x) if x is a point of continuity of f;

(4) The kernel #°(u) is a probability density function, that is f#(x) = Ey-su[f(X=U)] = Eyonw[f(x—
BU)I.

Frequently used kernels include the Gaussian distribution and the uniform distribution on a unit ball.
Three properties of the smooth approximation are worth noting. First, the smooth approximation
may be interpreted as a local weighted average of the function values in the neighborhood of x.
Condition 1.2 implies that it is possible to obtain a solution that is arbitrarily close to a local minimum
f*. Second, the smooth approximation is infinitely differentiable as a consequence of the convolution
product, regardless of the degree of smoothness of f. Moreover, according to the chosen kernel,
stochastic gradient estimators may be calculated. These estimators are unbiased estimators of V f# and
may be constructed on the basis of observations of F(x, €) alone. Finally, the smooth approximation
allows convexification of the original function f. Previous studies [39,42] show that greater values
of B result in better convexification, as illustrated in Figure 1. Additionally, a larger 8 leads to greater
exploration of the space during the calculation of the gradient estimator. It has also been demonstrated
in [32] that if the smoothing parameter is too small, the difference in function values cannot be used to
accurately represent the function differential, particularly when the noise level is significant.

10.00 - (x+PBul)lforp=2
(x + Bu)lforp=1
(x + Bu)lforf =05
{

X+ pu)]forp=0.1
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Figure 1. Curves of f? for u ~ N(0, 1) and different values of S.

Although the two first properties of the smooth approximation are exploited by ZO methods, the
last property has not been utilized since the work in [42]. This may be because the convexification
phenomenon becomes insignificant when dealing with high-dimensional problems *. However, for
problems of relatively small size (n =~ 10), this property can be useful. The authors of [42] use an
iterative algorithm to minimize the sequence of subproblems

min f*(x), (1.3)

xeR”

“Note that a blackbox optimization problem with dimensions ranging from 100 to 1000 may be considered large, while problems
with n > 10000 may be considered very large.
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where S belongs to a finite prescaled sequence of scalars. This approach is limited because the
sequence B’ does not necessarily converge to 0 and the number of iterations to go from subproblem
i to i + 1 is arbitrarily fixed a priori. Furthermore, neither a convergence proof nor a convergence rate
are provided for the algorithm. Finally, although promising, numerical results are only presented for
analytical test problems. These shortcomings motivate the research presented here.

1.3. Contributions

The main contributions of this paper can be summarized as follows:

e A sequential stochastic optimization (SSO) algorithm is developed to solve the sequence of
subproblems in Eq (1.3). In the inner loop, a subproblem is solved according to the ZO version of
the signum algorithm [6]. The stopping criterion is based on the norm of the momentum, which
must be below a certain threshold. In the outer loop, the sequence of ' is proportional to the
threshold needed to consider a subproblem solved, and it is driven to 0. Therefore, the smaller the
value of 8 (and thus better the approximation given by fﬁi), the larger the computational budget
allotted for the resolution of the subproblem.

e A theoretical analysis of this algorithm is conducted. First, the expectation of the norm of the
momentum is proved to converge to 0, with a convergence rate that depends on the step sizes.
Then, the convergence rate in mean of the ZO-signum algorithm toward a stationary point of f*
is derived under Lipschitz continuity of the function F. Finally, if the function F is smooth and
f# is convex or becomes convex around its local minima, the rate of convergence to an e-optimal
point is derived for the SSO algorithm.

e Numerical experiments were conducted to evaluate the performance of the proposed algorithm
for two applications. First, a comparison is made with traditional derivative-free algorithms in
terms of the optimization of the storage cost of a solar thermal power plant model, which is a
low-dimensional problem. Second, a comparison is made with other ZO algorithms in order to
generate blackbox adversarial attacks, which are large-sized problems.

The remainder of this paper is organized as follows. In Section 2, the main assumptions and
the Gaussian gradient estimator are described. In Section 3, the sequential optimization algorithm
is presented, and its convergence properties are studied in Section 4. Section 5 presents numerical
results, and Section 6 draws conclusions and discusses future work.

2. Gaussian gradient estimator

The assumptions concerning the stochastic blackbox function F are as follows:
Assumption 1. Let (Q, 7, P) be a probability space.
(a) The function satisfies F(-, &) € L'(Q, F,P) and f(x) := Ee[F(x,8)] for all x € R".

(b) F(-,&) is Lipschitz-continuous for any fixed value of & = (€', &), with the constant Ly(F) > 0,
that is

IF(x,£") = F(y,€)| < Lo(F)llx — yll.

AIMS Mathematics Volume 8, Issue 11, 25922-25956.
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Assumption 1(a) implies that the expectation of F(x,&) with respect to & is well defined on R”
and that the estimator F(x, ) is unbiased. Assumption 1(b) is commonly used to ensure convergence
and bound the variance of the stochastic ZO oracle. It is worth noticing that no assumption is made
regarding the differentiability of the objective function f or of its estimate F with respect to X, contrary
to most work on ZO methods.

Under Assumption 1, a smooth approximation of the function f may be constructed via its
convolution with a Gaussian random vector. Let u be an n-dimensional standard Gaussian random
vector and S > 0 be the smoothing parameter. Then, a smooth approximation of f is defined as

1
(2m)3

lle?

ff(x +Lu)e” 2 du = Ey[f(x + Su)]. 2.1)

f(x) =

This estimator has been studied in the literature (especially in [34]); it has the benefits of several
appealing properties. The properties used in this work are summarized in the following lemma:

Lemma 2.1. Under Assumption 1, the following statements hold for any integrable function f : R" —
R and its approximation f* parameterized by 5 > 0.

(1) f% is infinitely differentiable: f* € C*.
(2) A one-sided unbiased estimator of V f* is

u(/(x +puw) - /()

VAx) = 5

(2.2)

(3) Let B> > B! > 0; then, Vx € R"
IV /2 (x) - VA& < Li(ff B - B)(n +3)3.

Moreover, for B > 0, fP is L(f*)-smooth, i.e., f* € C'* with L(f*) = 2;/';LO(F).

(4) If f is convex, then f* is also convex.

Proof. (1) It is a consequence of the convolution product between an integrable function and an
infinitely differentiable kernel.

(2) See [34, Eq (22)].

(3) If u ~ N(0,1), define the following for all x € R”

gX) = f (%) = By[f(x + B'w)].
Let u = 8> — B! > 0; it follows that for all x € R”
g(X) = By[g(x + pw)] = By[/# (x + p)] = By[f(x + pu + B'w)] = By[f(x + fow)] = /7 (x).

Then, since by [34, Lemma 2] under Assumption 1, f"‘"1 is Lipschitz continuously differentiable, [34,
Lemma 3] may be applied to the function g and it follows that

IV 2 (x) = V2 )l = [Vg(x) — V&Il < Ly (fF u(n + 3)F = Li(f* (B> - BH)(n + 3)3.

(4) See [34, pp. 5] O

AIMS Mathematics Volume 8, Issue 11, 25922-25956.
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The estimator obtained in Eq (2.2) may be adapted to the stochastic ZO oracle F'. For instance, a
one-sided (mini-batch) estimator of the noised function F is

Zq: W(F(x +pu/, &) - F(x,£))

- 1
VA€ =~ 2.3)
q 4= B
where {u/ }?:1 and {&/ }720 are g Gaussian random directional vectors and their associated g estimate
values of the function F, respectively. This is still an unbiased estimator of V f# because

EuelVA(x,6)] = BulEeVA(x, E)lu]] = VFA(x). (2.4)

The result of Lemma 2.1(3) is essential to understand why solving a sequence of optimization
problems defined by Eq (1.3) may be efficient, although it might seem counterproductive at first sight.
Below are examples of the advantages of treating the problem with sequential smoothed function
optimization.

e The subproblems are approximations of the original problem and it is not necessary to solve
them exactly. Thus, an appropriate procedure for solving these problems with increasingly fine
precision can be used. Moreover, as seen in Lemma 2.1(3), the norm of the gradient obtained in
a subproblem is close to the one of the following subproblem. The computational effort to find a
solution to the second subproblem from the solution of the first should therefore not be important.

e The information collected during the optimization process for a subproblem may be reused in the
subsequent subproblems since they are similar.

e A specific interest in the case of smooth approximation is the ability of using a larger value of 8
to solve the first subproblems. It allows for a better exploration of the space and convexification
phenomenon of the function (see Figure 1). Moreover, the new step size may be used for each
subproblem; it allows for an increase in the step size momentarily, in the hope of having a greater
chance of escaping a local minimum.

3. SSO algorithm

Section 3.1 presents a ZO version of the signum algorithm [6] to solve Subproblem (1.3) for a given
B and Section 3.2 presents the complete algorithm used to solve the sequential optimization problem.

3.1. The ZO signum algorithm

A Z0 version of the signum algorithm (Algorithm 2 of [6]) is used to solve the subproblems. The
signum algorithm is a momentum version of the sign-SGD algorithm. In [30], the authors extended
the original sign-SGD algorithm to a ZO version of this algorithm. However, a ZO version of signum
is not studied in the work of [30]. As the signum algorithm has been shown to be competitive with the
ADAM algorithm [6], a ZO version of this algorithm seems interesting to consider. For completeness,
the versions of the sign-SGD and the signum algorithms as they originally appeared in [6] are given
in Appendix 6. There is an important difference between the original signum algorithm and its ZO
version presented in Algorithm 1. Indeed, while the step size of the momentum 1 — s, is kept constant
in the work of [6], it is driven to O in our work.

AIMS Mathematics Volume 8, Issue 11, 25922-25956.
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Algorithm 1 ZO-signum algorithm to solve subproblem i € N.

. Input: x*°, m*°, g, s’fo, sgo, L g M
: Setk=0

o —

. {0 . 0
3. Define step-size sequences s’l’k = e and s’z’k = s
4 while [lm™|| > & ork < M do
5: Draw g samples u’ from the Gaussian distribution N (0, D
6: Calculate the average of the ¢ Gaussian estimate V % (x*%, &) from Eq (2.3)
7: Update:
mi,k+l — s;kﬁfﬁi(xi,k’fk) + (1 _ sgk)mi,k (31)
X = = sign(m ) Ve [1,n] (3.2)
8: k—k+1

9: end while
10: Return m** and x*

This leads to two consequences. First, the variance is reduced since the gradient is averaged on
a longer time horizon, without using mini-batch sampling. Second, as it has been demonstrated in
other stochastic approximation works ( [7, Section 3.3] and [40]), with carefully chosen step sizes the
norm of the momentum goes to 0 with probability one. In the ZO-signum algorithm, the norm of the
momentum is thus used as a stopping criterion.

3.2. The SSO algorithm

The optimization of the subproblem sequence described in Eq (1.3) is driven by the SSO algorithm
presented in Algorithm 2. The value of S plays a critical role, as it serves as both the smoothing
parameter and the stopping criterion for Algorithms 1 and 2. Algorithm 2 is inspired by the MADS
algorithm [1] as it is based on two steps: a search step and a local step. The search step is optional, may
use any heuristics and is required only for problems with relatively small dimensions. In Algorithm 2,
an example of a search is given; it consists of updating x after M iterations of the ZO-signum algorithm
with the best known x found so far. The local step is then used: Algorithm 1 is launched for each
subproblem i with specific values of 8’ and step-size sequences. Once Algorithm 1 meets the stopping
criterion (which depends on the value of %), the value of 5 and the initial step-sizes s’i’o and sgo are
reduced, and the algorithm proceeds to the next subproblem. The convergence is guaranteed by the
local step, since the search step is run only a finite number of times.

It is worth noting that the decreasing rate of B’ is chosen so that the difference between subproblems i
and i+1 is not significant. Therefore, the information collected in subproblem i, through the momentum
vector m, can be used in subproblem i + 1. Furthermore, the initial step sizes si’o and sgo decrease with
each iteration, allowing us to focus our efforts quickly toward a local optimum when s(l)’O and B° are

chosen to be relatively large.

AIMS Mathematics Volume 8, Issue 11, 25922-25956.
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Algorithm 2 SSO algorithm.

—_ =
—_— O

A N T

Initialization:
Set x** € R*, 8% > 0 and N as the maximum number of function calls for the search step
Set g as the number of gradient estimates at each iteration of ZO-signum (ZOS) algorithm
Set M the minimum number of iterations made by the ZOS algorithm on a subproblem
C is the cache containing all of the evaluated points
Setm® = V2 (x*0, &% and L = +o0
Set s(l)’o > (0 and Sg,o >0
Seti=0
Search step (optional):
while M(i + 1)g < N: do
Solve subproblem i with Algorithm 1:

i+1,0 _ 0 00 pi B0 0
m =Z0S(x",m"", B, 57", 55, L,q, M)

x*10 ¢ argmin F(x, £)
xeC
12: Update 3, s’fo and S;o as in Step 18
13: end while
14: L = |m®?|
15: Local step:
16: while B’ > € do
17: Solve subproblem i with Algorithm 1:
mi+1,0’ Xi+l,0 — ZOS (Xi,O’mi,O’ﬁi’ sil,O, SZO, L, q M)
18: Update:
i B i0 S?O 0 S(z)o
= , K- , S = -

P=rnr® G+ F i+l

i—i+1
19: end while
20: Return X’
4. Convergence analysis

The convergence analysis is conducted in two steps: first the convergence rate in mean is derived

for Algorithm 1 and then the rate of convergence to an e-optimal point is derived for Algorithm 2.

4.1. Convergence rate of the ZO-signum algorithm

The analysis of Algorithm 1 follows the general methodology given in [6, Appendix E]. In the

following subsection, the main result in [6] is recalled for completeness. The next subsections are

AIMS Mathematics Volume 8, Issue 11, 25922-25956.
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devoted to bound the variance and bias terms when lim;_, o sék = 0 . Finally, these results are used
to obtain the convergence rate in mean of Algorithm 1 in the non-convex and convex case. The
last subsection is devoted to a theoretical comparison with other ZO methods of the literature. The
subproblem index i is kept constant throughout this section. In order to better convey the convergence
analysis of the ZO-signum algorithm, a hierarchical workflow of the different theoretical results is
presented in Table 1. The main results are presented in Theorem 4.1 and its corollary for the non-
convex case, and Theorem 4.2 for the convex case.

Table 1. Workflow of lemmas/propositions/theorems for the ZO-signum convergence
analysis.

Assumptions on F Preliminary results Intermediate results Main results ~ When f* is convex
Proposition 4.1

Assumption 1 Lemma 4.1
which implies that ]I:ZEEZ jg Proposition 4.2 Theorem 4.1  Theorem 4.2
By _ 2VnLo(F) :
Li(f*) Vi Lemma 4.4 e Corollary 4.1
Lemma 4.5 P '

4.1.1. Preliminary result [6]

The following proposition uses the Lipschitz continuity of the function f# (proved in Lemma 2.1)
to bound the gradient at the kth iteration.

Proposition 4.1. [6] For the subproblem i € N, under Assumption 1 and in the setting of Algorithm 1,

we have
SUUBIIY ) < BLP ) - 7 ko) + ) e
" 2Si1,k B[ — Vfﬁ"(xi,k)lll] +2si1,k Vi [E[jmi*! - mi,k+1”§]’ 4.1
bias variance
where mi:"” is defined recursively as m;kﬂ = s;’kV fﬂi(Xi’k) +(1 - sgk)m;’".
Proof. See Appendix B. O

Now, it remains to bound the three terms on the right side of Inequality (4.1).

4.1.2. Bound on the variance term

The three following lemmas are consecrated to bound the variance term. Unlike the work reported
in [6], the variance reduction is conducted by driving the step size of the momentum to 0. It avoids
the need to sample an increasing number of stochastic gradients at each iteration, which may be
problematic, as noted in [30]. To achieve this, the variance term is first decomposed in terms of
expectation of the squared norm of the stochastic gradient estimators g.

AIMS Mathematics Volume 8, Issue 11, 25922-25956.
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Lemma 4.1. For the subproblemi € N, let k € N and j € [1, n]; we have
k-1
Eflm**! — @ P < (5 ELIHIPT+ ) (55 ]_[(1 5" PELIEIPT + ]—[a SYEIIE IR,
r=0

where gj:’ = ?fﬁi(x"”, &N, Vr € [0,k] is defined in Eq (2.3) and the norm is || - ||,.
Proof. Let k € N; by definition of m** and m**, it follows that
I — @R = (g - VP I+ (1 - 55 2m - P
+ 255 (1 = sy @™ - V7 ()T (m* — m'),
The expectation of this expression is
Eflm™ ! — @] = (5)°ELIE™ - V7 HIP] + (1 = s5)°Ellim*™ — @)
+ 25551 = S{OBIE™ - V7 () (' —m)]. 4.2)

Now, introducing the associated sigma field of the process F* = o(x*,m*, m’*"; j < i,t < k) by the
law of total expectation, it follows that

~lk Vfﬁ (xl k)) (m i i’k)] = E[E[(g”k _ Vf,Bi(Xi,k))T(mi,k _ ﬁli’k)|(f7~i’k]]
= BIE[ZH7] - V7 (1) m™* - m)]
-0,
where the second equality holds because m**, m"* and V% (x'*) are fixed conditioned on F* and

because E[g*|x**] = Vf#(x*) where " is an unbiased estimator of the gradient by Eq (2.4). By
substituting this result in (4.2), it follows that

E[lm™ — m** 2] = (s5YE[Ig™ - VA xIP] + (1 - s592E[|Im™ — @],
By repeating this process iteratively, we obtain

E[”mi,k+l _ l'i‘li’k+1 ”2 — (Si,k)ZE[”gi,k _ Vfﬁi(xi,k)”Z]

+Z(s y? ﬂ(l S5 PELIET - V7 )] ws

+ ﬂ(l — SEYE[IEY - V7 O
=0

Finally, by observing that Vr € [0, k], E[g"|x""] = Vf#'(x*") and by the law of total expectation, we
obtain

E[llg" — B[g"x""]|1*]
= E[lIg" "1 - B[V (*)IP)
E[I1g""|I].

Introducing this inequality to Eq (4.3) completes the proof. O

E[lIg" — V& (x)IP]

IA
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Second, the expectation of the squared norm of the stochastic gradient estimators are bounded by a
constant depending quadratically on the dimension.

Lemma4.2. Leti € N, r € [0,k] and j € [1,n]; then under Assumption 1, we have
E[lI§"1] < Lo(F)*(n + 4,

where Ly(F) is the Lipschitz constant of F.

Proof. By Eq (2.3) with g = 1, it follows that

2
B[g ) = ['('3'; (FOe + fu.g') - F(X"”,fo))z]
< Lo(FVE[ulf
< Ly(F)*(n +4)

where the first inequality follows from Assumption 1(b) and the second by [34, Lemma 1]. O

Finally, a technical lemma bounds the second term of the decomposition of Lemma 4.1 by a
decreasing sequence. It achieves the same rate of convergence as in [6] without sampling any stochastic
gradient.

10

Lemma 4.3. For the subproblem i € N, let sgk be defined such that si = (k+1)"2 with a, € (0,1) and
sgo € (0, 1), then, for k such that

ko In(s5") + (1 + @) In(k)
(k+ 1) = 50 ’

4.4)

the following inequality holds
i,0

Z(s 'y H(l Y g 4.5)

Proof. Let k € N; as in [6], the strategy consists of breaking up the sum in order to bound both terms
separately.

Lk/2]-1
Z ) H(l lt+1 Z ) l—[(l lI+1 Z ) H(l lt+1
r=|k/2]
Lk/2]-1 - _
<(- szk 20k/2] Z (Slr) +( iLk/2]- 1) Z (1- S;k 2(k—r—-1)
r=|k/2]
i, )2 Lk/2]
<(s )Lk/ZJ(l tk 2Lk/2J+ 2 (1 - tk 2r
kZClz —
i,0
8(s, )?

i,0 ikn\2|k
< (550)k(1 — s5HH2 4 i (=
2
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. ) 850
< (S50)2h(1 — sty P 2 5
(0% — 5 ’

2

Now, we are looking for k such that

k(l tk 2Ak/2) o L 1 o k21055 - _
= k> (Slo)kl"'az

As, In(1 — x) < —x, it is sufficient to find k such that

§0__k 1
e 52 )@ < -
(s'o)k“"z
k In(s5%) + (1 + ) In(k)
< >
k+ Do 50

Taking such a k allows us to complete the proof. O

Combining the three previous lemmas allows the bounding of the variance term in Proposition 4.1.

Proposition 4.2. In the setting of Lemmas 4.2 and 4.3 and under Assumption 1(b), the variance term
of Proposition 4.1 is bounded by

9550 Lo(F)*(n + 4)? N ( 1 )

Lk+1 = ik+1)2
E[flm**" —m*!|3] < T ol

Proof. By Lemmas 4.1 and 4.2, it follows that

E[lm"*! —m“* 2] < (53 ElIg™P] +Z<s 0k ﬂ(l 53 )’EL ||g”||]+]—[<1 SV ENIE™ I

( o% +Z<s )? ]—[u 52 +ﬂ(1 2| Lo(F)2(n + 4)°.

Now as (s5)? = o( ) and [T_o(1 — s5)? = 0( ) the result follows from Lemma 4.3. o

k2
4.1.3. Bound on the bias term
First, the bias term is bounded by a sum depending on s* and s%.

Lemma 4.4. For the subproblem i € N and at iteration k € N of the Algorithm 1, we have

k—

1
E[||m ik+1 fﬁ’(xi,k)lll] < 2nLl(f,8’)(Z 1—[(1 _ S121+1 )

=0
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Proof. Foremost, observe that the quantity

‘ 1, ifk=0
ik ._ )
ST = { R TR ST A = s + TTe(1 = 551, otherwise, (4.6)

may be written recursively as

g _ [ L if k=0,
B s;k +(1- s;k Sik=1"" otherwise.

Note that in its second expression S = 1 for all k. Therefore, by definition of rh’}k and the previous
result on S, it follows that

”—JWWWHzllmll“wﬂwmﬂ]pgwﬁ@%

Vf’*(x”‘)—(s Z ﬂ(l ”“>+ﬂ<1 NV .

Thus

k—1 k—1
B - AT < Y s [ = s BN ) - T I
=0 t=r

" 4.7)
k . i . i .
+ 1—[(1 — SSHE[IV (x0) = V£ x|
1=0
By the smoothness of the function fﬁi, Lemma F(3) of [6] ensures that Vr € [0,k — 1]
V7 () = VDl < DIV = VDI < 2nLi(f7) ) st
l=r I=r
Substituting this inequality into Eq (4.7) gives
E[llm"™* = V7 (x™)|I1] < 2nLi (f*)S (4.8)
where
k-1 k-1 ' k-1 k=1 k
si= sy S Ja=sh+ s Ja -
r=0 I=r t=r =0 =0

§ik = S st [le 55" ﬁ(l — st + n(l — s ]

1=0 r=0  t=r
k—1 k—1 k
_ il il it+1 ir it+1 it
= qFQ a—%)+ZkZHa—%)+rM—%J
=0 =l r=0 t=r =0
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T
L
=
L

_ Sl (l_szt+1 ( lzl H(l_slt+l)+r|(1_slt

Sid=1

which completes the proof.

Second, the sum may be bounded by a term decreasing with k.

Lemma 4.5. For the subproblem i € N, let s =T +'1(;n2 and s (kjll(;,l with s’i’o € (0, 1), sgo
and 0 < a, < ay < 1; then, for k such that
ko 2(In(s5%) + (1 + @1 = @2) In(k))
(k+ 1) — 55! ’
the following inequality holds
k=1 kel _ 540
i o=t s i

Proof. The proof follows the proof of Lemma 4.3. The sum is partitioned as follows:
k-1 lk/2]-1 k—

Sflosm="S e fu-wne 55 wffo-e
1=0 =(k/2)-1 =l
Lk/2)-1 k-1
N7 k/21-1 jek—r—1
S(l—slzL/JZ:s+s’lL/J Z(l—s’z)’
1=0 I=[k/2)-1
. . 4s"’0
< sP0k(1 = sEOH 4
k(1 —(1 - s )
i0 k 0
~ 05 0k(1 — s/ 4s"
- i,0 + i,0 :
55 sy ke

Now, as in Lemma 4.3 taking k such that

k 2(In(s5%) + (1 + a1 = @2) In(k))
>
(k + 1)“2 - S;O

ensures that sgok(l st k)“‘/ 2 < k(,l_@ ,

which completes the proof.

Finally, using the two previous lemmas allows for bounding of the bias term.

Proposition 4.3. In the setting of Lemma 4.5, the bias term of Proposition 4.1 is bounded by
i 0

B[+ — V£ (x)|,] < 10nL, () ———
i Oka,1 tlz

Proof. The proof is a straightforward consequence of Lemmas 4.4 and 4.5.

€ (0,1)

4.9)

(4.10)

O
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4.1.4. Convergence rate in mean of the ZO-signum algorithm

As the different terms in the inequality of Proposition 4.1 have been bounded, the main result of this
section may be derived as in the following theorem.

Theorem 4.1. For a subproblem i € N and under Assumption 1, let a; € (0, 1), a; € (0,a;), 0 < Sil’o,
s;o < l and K > C where C € N satisfies Eqs (4.4) and (4.9); we have

i 1 (D) n«fLo(F>s'° C
BV () SW(F+ km L 65 Lo(F) Vi (n+4>2

Ko\ B kn+F
40Lo(F)s;’n+n ZKl 1 )
+
1,0 i 2a1-as |
s; B e
(4.11)

where 7 (x"C) — miny f#(x) < D', Lo(F) is the Lipschitz constant of F and R is randomly picked from
a uniform distribution in [C, K].

Proof. Let C € N satisfy Eqs (4.4) and (4.9) and, summing over the inequality in Proposition 4.1, it
follows that

K o o . Lo K
Z Slka[”Vfﬂ L] < BLF () — A K] + %f) Z(szl,k 2
i=C Zi

K
2 ) s Bl = it +2Z sy Bl =V 7 (¢
k=C

By substituting the results of Propositions 4.2 and 4.3 in the previous inequality, we obtain

K

S SHEIIT e < B ) - ey« )Z< iy

k=C
i0 i i,0
s” 20L1(fﬁ)s’ n Sy
+6+/55 Lo(F)(n+4)\/_Z = 70 : Z kza: a’

Sy k=C

Dividing both sides by si’OK ~¥(K-C), picking R randomly uniformly in [C, K] and using the definition
of D’ given that miny f (X) < f(x) for all x, we get

E[IIV.F ()] = i EIIVA ()] < < i KBV o0l
k=C
L ! (g nL1<fﬁ>s;° i S
Kl-o1 — % szlo k2o 2
Recalling that L ( fﬁi) = % (see [34, Lemma 2]) completes the proof. O
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This theorem allows one to prove the convergence rate in mean of the norm of the gradient when
a; and @, are chosen adequately. In particular, the following corollary provides the convergence rate

when @) = 2 and @, = 3.

Corollary 4.1. Under the same setting of Theorem 4.1 with ' =~ 1 a; = %, a, = % si’o = L and
n4
sgo ~ 1, we have
3
i . ni
[V (") = O(W ln(K)]. (4.12)

Proof. The result is a direct consequence of Theorem 4.1 with the specified constant, and it can be
obtained by noting that || - ||, < || - ||; in R". O

In [15,20,30], the function F is assumed to be smooth with a Lipschitz continuous gradient. In the
present work, F is only assumed to be Lipschitz continuous. This has two main consequences on the
result of convergence: the dependence of the dimension on the convergence rate is larger. Furthermore,
while 8 must be chosen relatively small in the smooth case, it is interesting to note that it does not have
to be this way in the nonsmooth case.

4.1.5. The convex case

The convergence rate results for the ZO-signum algorithm has been derived in the non-convex case.
In the next theorem, they are derived for the case when the function f# is convex.

Theorem 4.2. Under Assumption 1, suppose moreover that fﬁi is convex and there exists p such that
0 = maxgey X — x**||; then, by setting

i,k i,k k . 1
ko k= anart = ][1- = T = 1, 413
TG T e 1;[( k+1) kk+1) (13)
it follows that
. ,- 4020 nLy(F
B () — f x)) < VL) (4.14)
K
and \/_
P 2L0(F 4onnLy(F
B[V £ Ry < 22D | don NnLo(F) @.15)

K? B K3
where R is a random variable in [0, K — 1] whose the probability distribution is given by
Sil,k /Fk+1

K-1 _ik ;7k+1”
k=0 S7 /T

P(R = k) =

Proof. Under the assumptions in the statement of Theorem 4.2, it follows by Proposition 4.1 that

i i i i . P L B .
BLA (¢4 — 7 ()] < BLAY (x5) — f2 ()] = sPBIIV A () + 222 1Y )(s’f" 2

+ 257 B = V] + 257 Vo VELIM T - @] (4.16)

4p°n \InLy(F)
Bilk + 1)3

< B[P (x*) = P (x)] = SSEIIV 2 (x)1] +
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) = ZL"(;,) Vi and the
values of si’k and sgk. Now, by convexity assumption of f#" and the bound p, the following holds

where the last inequality follows thanks to Propositions 4.2 and 4.3 with L( fﬁi

fﬁi (Xi,k) _ f,Bi (Xi,*) <V f,Bi (Xi,k)T(Xi,k _ X,’,*)
< IV )| 1xH = x|
< pllV &I

Thus, by substituting this result into Eq (4.16), it follows that

LA n\/_Lo(F).

Bl (xk1y — #8 (xi* _(l—
[F7 () = 7 ()] < F0r 1)}

B ik g i,*
(k+1))E[f (x") = f7(x")

Now by dividing both sides of the equation by I'**! and summing up the inequalities, it follows that

B[P (x*K) — 5 (x)] @mVlwa 1
I iz Pk (k + 1)3

¢ dp"nNnLo(F) n\/_Lo(F) Z(k

Thus
P ; 4p*n RLy(F) . " , 4 Lo(F
E[fﬁ (XL,K) _f,B (Xz*)] < p n\/ﬁ 0( )FK Z(k+ 1)§ ,D n\/_ 0( )
B k=0 BKS
Now, the second part of the proof may be demonstrated. By Eq (4.16), it also follows that

40°n \nLo(F)

PRIV (™1 < L (™) — 7 ()] - B[P (x4 - £ (x)] + —— :
Bilk + 1)3

_Asin the previous part, by dividing both sides by I**! summing up the inequalities and noting that
& =E[f# (x*) — fF(x*)], we obtain

E[|IVf# (x"* -
%anf i < ; wamnz

S"k

Then, again by dividing both sides by Y& F,:‘H it follows that

Sk L
e s BV (x)I]

E[|IVf* x"®)|] =

25&%%
1 ZEW ﬁﬂ+®nfmmzz 1
Z/{( O1 rsklﬂ — Tkl B I“k+l(k + 1)
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where R is a random variable whose distribution is given in the statement of the theorem. Now, as in
Eq (2.21) of [5], the following inequalities hold

,_.

k+1 K- zk

K- Kl ) .
Z Sfo+Zrk+1(k+ 1)fk and I“k+1 = K'
=1

k=0 k=0

Thus, by substituting these in the inequality involving the expectation, we obtain

4p n\/_LQ(F)Z 1

ik X . K-1 ) _
i, - 0 - k
BV O < — (E[f]+ §_‘rk+1(k+1 B+ 4 T4 1)

K
S% (E[ oy Bon v LO(F)Z

< L) | Bpn VnLo(F)
= 1(2 /3iﬁf%

F"+1(k+ 1)3

b

where the second inequality follows from Eq (4.14). O

4.1.6. Summary of convergence rates and complexity guarantees

The result obtained in Eq (4.12) is consistent with the convergence results of other ZO methods.
To gain a better understanding of its performance, this result is compared with those of four other
algorithms from different perspectives: the assumptions, the measure used, the convergence rate and
the function query complexity. All methods seek a solution to a stochastic optimization problem; the
comparison is presented in Table 2. Since the convergence rates of the ZO-signum and ZO-signSGD
algorithms are measured by using ||V £(x)||, although ||V f(x)|* is used for ZO-adaMM and ZO-SGD,
Jensen’s inequality is used to rewrite the convergence rates in terms of the gradient norm.

e for ZO-SGD [20]

ElIV/®II < VENIV/X®IP] <

i)
K% VK
e for ZO-adaMM [15]
2
E[IV/®Ill < VEIIV/®IR] < \/0 ((% + %) VIn(K) + 1n<n>)

< 0(([(—‘/? + %)(ln([() + ln(n))‘]‘),

where the third inequalities are due to Va? + b*> < a + b, for a,b > 0. For ZO-signSGD, unless the
value of b depends on K, the algorithm’s convergence is only guaranteed within some ball around the
solution, making it difficult to compare with other methods. Thus, in the non-convex case, after this

transformation, it becomes apparent that ZO-signum has a convergence rate that is 0( ) and O(+/n)
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worse than those of ZO-SGD and ZO-adaMM, respectively. This may be attributed to the milder
assumption made on the function F in the present work, which also explains why the convergence is

relative to f. In the convex case, ZO-signum has a convergence rate that is O (%) worse that of
ZSCG and O ( VnK %) worse that of ZO-SGD. This may be explained by the sign(-) operator loosing
the magnitude information of the gradient when it is applied. This problem may be fixed as in [23]
but it outside the scope of this work. Finally, all methods except ZO-signSGD are momentum-based
versions of the original ZO-SGD method. Although the momentum-based versions are mostly used
In practice, it is interesting to notice that none of these methods possess a better convergence rate
than the original ZO-SGD method. The next section provides some clues about the interests of the
momentum-based method.

Table 2. Summary of convergence rates and query complexity for various ZO algorithms
given K iterations.

Method Assumptions Measure Convergence rate Queries
F(.é§)eC™ VEni i
Z0-SGD [20] BIITF ) - V] < BV )] O(KT + 3 0(K)
. F(-, &) eC™
R S P B[V O(i;; +t \/h—) Obak)
IVFx, &)l <7 !
_ F(-, &) eC™ 1
Z0adaMMIBT g e o1 B[V f(x®)l] 0((~% + %) ancx) + mept) - 0
IVF(x, &)l <7 K
Z0-Signum F.8€c™ BV A x)]L] o(“F k) O(K)
K%
Z0-Signum F(-.&) € C™, f convex E[fF x5) - fF(xi*)] O (‘( ) 0(K)
K3
ZO-SGD [34] F(-,£) € C*, f convex E[f(x"K) — f(x+)] 0] (7?) O(K)
. F(-,&) € C'*, F convex : i Vi
Modified ZSCG IS o " " G rop < o2 BV Ky _ f(x)] 0(%£) O(K)

4.2. Convergence rate of the SSO algorithm

The convergence analysis from the previous subsection is in mean, i.e., it establishes the expected
convergence performance over many executions of the ZO-signum algorithm. As in [20], we now
focus on the performance of a single run. A second hierarchical workflow of the different theoretical
results is presented in Table 3.

Table 3. Workflow of Lemmas/Propositions/Theorems for the SSO convergence analysis.

Assumptions on F' Preliminary results Intermediate results ~ Main result When f# is convex

Assumptions Lemmz.l 4'6

1.2 and 3 Proposition 4.3 Lemma4.7 Lemma4.8 Lemma 4.9 . B

w’hich imply Lemma 2.1(3) Theorem 4.3 (i) Theorem 4.3 (ii)
Theorem 4.1

ﬁi
Li(f") < Li(f) Proposition 4.2

Proposition 4.3 Lemma 4.10

Unlike [20], our analysis is based on a sequential optimization framework rather than a post-
optimization process. Our SSO algorithm uses the norm of the momentum as an indicator of the
quality of the current solution. In order to analyze the rate of convergence of this algorithm, the
following additional assumptions are made regarding the function F. The first assumption concerns
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the smoothness of the function F'. The assumption of smoothness is used only to guarantee that L ( fﬁi)
is a constant with respect to 8', contrary to the non-smooth case (see [34, Eq (12)]).

Assumption 2. The function F(-,&) has a L(F)-Lipschitz continuous gradient.
The second assumption concerns the local convexity of the function f%.

Assumption 3. Let (x"%) be a sequence of points produced by Algorithm 2 and X* a sequence of local
minima of f#. We assume that there exists a threshold I € N and a radius p > 0 such that ¥i > I:

(1) f* is convex on the ball B,(x"*) = {x e R" : [lx — x*|| < p};
(2) x*0 € B,(x").
Under these assumptions, we will prove that if the norm of the momentum vector m is below some
threshold, then this threshold can be used to bound the norm of the gradient. Second, an estimate for

the number of iterations required to reduce the norm of m below the threshold is provided. The next
lemma is simply technical and demonstrates the link between m and m.

Lemma 4.6. For any subproblem i € N and iteration k > 1, the following equality holds
E[m**x*1] = B[t x],
where m'* is defined recursively in Proposition 4.1.
Proof. The proof is conducted by induction on k. For k = 1, setting m*® = V f#'(x*°, £%) implies that
m-! = 8306 fﬁf (Xi,O, fo) +(1 - S;o)mi,o — @ fﬁ" (Xi,O’ fo)_
In the same way, "' = V f# (x*%). Therefore, we have
Efm"'x"’] = E[V /" (x"*, £)x""] = V/* (x) = E[V/* (x“)[x""] = E[m"'[x""].
Now, suppose that the induction assumption is true for a given k € N; then,
E[mi,k+llxi,k] — sng fﬁi (Xi,k) +(1 - S;,k)E[mi,klxi,k]'
Now, by the law of total expectation
E[m**x*] = B[E[m**x™, x*~1]jx*]
= B[E[m**[x*]x*]
= E[E[m*x**1]|x*] (by the induction assumption)
= E[m™[x*].
Thus as E[V /% (x*)|x**] = V f# (x*), it follows that
E[mi,k+llxi,k] — s;’kV fﬂ" (Xi,k) +(1 - s;k)E[mi,klxi,k]
= SYBIV A (X)X + (1 - s5Em*x]
= B[m"*+ x4,

which completes the proof. O
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The following lemma shows that if ||ml|| is below a certain threshold, then this threshold can be used
to bound the norm of the gradient.
Lemma 4.7. For a subproblem i € N, let K; € N denote the first iteration in Algorithm 1 for which
Im*Xi|| < %; then, under Assumption 3 the norm of the gradient of the function f* at x** may be
bounded as follows
Lﬂ i,0

B LK
1977 (500 < 55 +10nL1<F)—LoKa. —

Moreover, if the problem i + 1 is considered, the gradient of the function fﬁi+l may be bounded at the
point x"Ki = xI*10 g5 follows:
VA7 O < IV 2 (D) + La(F )+ 3)2 (8 = B,

Proof. Let K; be taken as in the statement of the lemma. The norm of the gradient may be bounded as
follows:

IV A2 (50| < IBIm K xPK|| + |V 72 (xK) — Bm?Ki|x"Ki])|
< B[Iim"K| x5 + ||V £ (xPK1) — BpmP K x|,

where the second inequality follows from Jensen’s inequality and Lemma 4.6. Now, using |m"&|| < <7 ,30 ,

E[V /7 (xX)|x-K1] = V (x5, Li(f#) < Li(F) and the result of Proposition 4.3 completes the first
part of the proof

L i i P K. — i K; i.K:
IV f2 (x| < go + B[V (") — m"M|| [x"5]
; i0
< 4£0 + IOnLl(F)m
ﬂ 2 Kl

The second part of the proof follows directly by applying the triangular inequality and the result in
Lemma 2.1(3) because x%i = x™*1.0, o

Under Assumption 2, the expected difference between the values of fﬁi at x* and its optimal value
is bounded in the next lemma.

Lemma 4.8. Let I be the threshold from Assumption 2. If i > I, then

i i,0

B[ (x40 - 7 l+l*)]<p(%+10nL1(F) ; —+ LA+ 32 -BH|. @17

2 i

Proof. Convexity of the function f* on the ball B,(x"*) implies that

E[fﬁi+l(xi+l,0) _ fBi+1(Xi+l,*)] < E[(VfBHI(XHLO), Xi+l,0 _ Xi+l,*>]

i+1

< E[”Vf t+l,0)|| ||Xi+1,0 _ Xi+l’*||],

The result follows by using Lemma 4.7 and because x**!? belongs to the ball 8¢(x"*). O
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Moreover, an estimate of the number of iterations required to reduce the norm of the gradient below
some threshold may be given.

Lemma 4.9. Under Assumptions 1-3, for a subproblem i > I and in the setting of Algorithm 2, let

S;o € R* be such that k = 1 in Egs (4.4) and (4.9); assume that L = max(Ly(F), L,(F)), a; = % and
a, = % Then, for a uniformly randomly chosen R € [0, K], it follows that

. i ]

P(nwﬂ )] > ﬁ) ¥

ﬁ B1K4

(A" + B,

where A' and B' are defined in Eq (4.18).
Proof. Markov’s inequality implies that

i "\ _ 4B°E[lIV ﬁl(X’R)II]
p(Iv 7 oty = ) < SEEIVS
43 Lp
Now, given the result of Theorem 4.1 with the specified values of @; and @, and the fact that
Li(f%) < Ly(F) together with Lemma 4.8, it follows that

4B E[IVf# (x" o _ 48

(Al + B,
Lﬁl ﬁlK4
where
i—1 i—l,O
Ai:% ﬁ—0+10n +(m+3)B -],
sh 4 10 K4
2 -l (4.18)
i0
PR L R 20ns
B'= —-H* +In(K))|6 $5%n + 4) Vn + :
2
3
K; is the iteration number for subproblem i and H,E 2 is the generalized harmonic number. O

The following lemma provides an estimate of the number of iterations required to bound the norm
of the difference between m and the gradient below a certain threshold.

Lemma 4.10. For a subproblem i € N and in the setting ofAlgorlthm 2, let s’ o e R* be such thatk = 1
in Egs (4.4) and (4.9); assume that L = max(Lo(F), L{(F)), a; = 3 and @y = 5. Then, for a uniformly
randomly chosen R € [0, K;], it follows that

. : Ve 4 10ns
P(llm’ Vfﬁ x| > ) 501 [ s2 (n+4)\/_+ )
W) gk sy’
Proof. By Markov’s inequality, it follows that
ﬁf) 4B°E[Im"* — v f# (x"F)]

P (Ilmi’R - V) >

= 4 Lp
a0 & . o 45° 10ns’0
> Bl - i < 2 ( 00+ 4) Vi + J
ﬂ i k=0 ﬁ’K4 2
where the last inequality holds by Propositions 4.2 and 4.3 with @; = 3 and @, = 3. O
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Finally, the main theorem of this section may be stated.

Theorem 4.3. Let Assumptions 1-3 hold and let I be the threshold from Assumption 3.
(i) Fori € N, set
. 1 i0 1 i0 52
1) — , L, — d 1, —
F= v ™ “enie 0 MR e
with s so that Eqs (4.4) and (4.9) are satisfied for k = 1. Moreover, let us denote K; as the first iteration

for which ||[m"Xi|| < %; and that without loss of generality L = max(Lo(F), Li(F)). Let € > 0 be the

desired accuracy and let i* > \/g > I. If forany i > I, K; > (i + 1)°; then after at most

6L7/2
(%)
U

Jfunction evaluations, the following inequality holds

VA () < e. (4.19)

(ii) Furthermore, when for every i € N, fﬁi is convex; then, under the same setting as Theorem 4.2
given in Eq (4.13), it follows that after at most

9
—L7/2
€2

function evaluations, the inequality given by Eq (4.19) holds.

Proof. For a subproblem i € N, a probabilistic upper bound on the iteration K; € N such that |jm"X: i<
may be provided. We have

4;30

|[m" || = k%ig_] Im™ | < lm"F)| < [Im® = V2 )|+ (V7 B), (4.20)
where R ~ U[0, K;]. Now, probabilistic upper bounds on the number K; are required to obtain that
both terms on the right-hand side of the previous 1nequa11ty are below 450 For the first term of the
right-hand side in Eq (4.20), using the specified values of s1 , 2 % and B, Lemma 4.10 ensures that

i 0 i,0 . %
P(nm'*R—Vfﬁ ) 2 Lgo) <A (3 o4y v+ 2 ]g o[—”“/ﬁ(’,+ D ]
2

ﬁl Kl4 K.4

1

The second term of the right-hand side in Eq (4.20) depends on the value of /. For subproblems i < 1,
it follows by Markov’s inequality and Theorem 4.1 that

B (iR B ﬂo B (iR
P(IIVf (x' )||24ﬁ0) LI )

0 10
S%[ylo nzl H, 2)+ln(K)[ s2<n+4>xf+40“‘2 D

AIMS Mathematics Volume 8, Issue 11, 25922-25956.



25945

max(”(’+1)2 n VA In(K) G + 1)} )

K

1

<0

For subproblems i > I, Lemma 4.9 ensures that

X i 0
P(anﬁ’( iwy) > P ) b LA+ B),

Z 10

where A’ and B’ are given by Eq (4.18). Now, given the condition on K, it follows that

110 2(m+3)
3/2 10
=pn(i+ 1) (z PRI 1))

and
-3
. 6nvn+3 12
B‘:"‘—m+ln(K,-)( nvnt 3y, J
2+ 1) Vi + 1 s Vi+1

Thus, we obtain

(4.21)

ENE

4B K

1

p(nwﬁ’( O B) o[”‘r(” D In(K) |

Therefore, to obtain that |[m*%i|| < 4[),0 , 1t takes at most the following number of iterations:

K - O(max (n“(i + 1), 0 + 1)6)), ifi < 1,.
0] ((n(’(i + 1)6)) , otherwise.

Thus, by taking i* > \/g , it follows that the number of iterations needed to reach the subproblem i* is

6717/2
ZK ZK+ZK O (max (n*(I + 1), 7% + 1)")) + 0(°(*)') = O (”67—/2) (4.22)

i=1+1

where [ is a constant with respect to €. Once this number of iterations is reached, it follows that

Im"™°|| < = < e and by Lemma 4.7

L L
IV 2 (x" K )| < < 2e.

RRGER BRIt

For the second part of the proof, the bounds on Eq (4.20) do not depend on the value of I since fﬁi is
assumed convex for every i € N. With the setting in Eq (4.13), it follows that

LB’ ,30 i pn\/ﬁ(i+1)2
— B[V (" —
1) = ,8’ (VA x"OII < p

1

PV (x| = ==

W=
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and
. ZK -1 2
i i, Lp 44 k=0 rk+1(k 1)% n\/_(l + 1)2
P(Ilm’R—Vfﬁ x| = == 1) < L—B,n«fL T %
k=0 rk+1(k+1) K;

1

where the first inequality follows by Theorem 4.2 and the second one by the definition of the probability
density of R together with Propositions 4.2 and 4.3. Therefore, it takes at most K; = O(n%(i + 1%

iterations to obtain [jm"i|| < ,'fo Thus, by taking i* \/%, it follows that the number of iterations

needed to reach the subproblem i* is

> K= 00}y = 0(”2“].
i=1

It remains to apply Lemma 4.7 as previously done to complete the proof. O

We would like to make a few remarks about this theorem. First, one approach to satisfy the condition
K; > (i + 1)° for any i € N is to incorporate it into the stopping criterion of Algorithm 1. However,
due to the limited number of iterations in practice, this condition is typically replaced by a weaker
one, K; > M, where M > 0 is a constant. Second, the main result of Theorem 4.7 establishes the
rate of convergence to an e-optimal point for a single run of the SSO algorithm, which is the first of
its kind to the best of our knowledge. This was made possible by decomposing the problem given in
Eq (1.1) into a sequence of subproblems, each of which is solved by using carefully chosen stopping
criteria and step sizes. It is worth noting that, in [20], the (€, A)-solution of the norm of the gradient
is obtained after at most O ("L;‘Tz) function evaluations. Although this bound has a weaker dependence
on n and L, it is worse in terms of €. Third, the first term in Eq (4.22) may be significant even if it is
fixed, particularly if the region where the function is convex is difficult to reach; indeed, this constant
disappears when f*' is convex for every index i. Nevertheless, the bounds given represent the worst set
and may be considerably smaller in practice. A way to decrease this term is to decrease the power on
i in the denominator of 3, si’o and S;o but this would also decrease the asymptotic rate of convergence.
Finally, the process used in the SSO algorithm may be extended to other momentum-based methods
and give an appealing property for these methods compared to the classical SGD.

5. Numerical experiments

The numerical experiments are conducted for two bounded constrained blackbox optimization
problems. In order to handle the bound constraints x € [£,u] C R”, the update given by Eq (3.2)
is simply projected such that x « max (£, min(x, u)).

5.1. Application to a solar thermal power plant

The first stochastic test problem is SOLAR [19], which simulates a thermal solar power plant and
contains several instances allowing for selection of the number of variables, the types of constraints
and the objective function to optimize. All of the instances of SOLAR are stochastic and have non-
convex constraints and integer variables. In this work, the algorithms developed do not deal with
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integer variables. Therefore, the problem is altered: all integer variables are fixed to their initial values
and the problem is to obtain a feasible solution by optimizing the expectation of constraint violations
over the remaining variables. Numerical experiments were conducted for the second instance of the
SOLAR framework, which considers 12 variables (2 integers) and 12 constraints

min E
xe[0,1]12

> max(0, ¢j(x, g))z} :
J=1

where c; denotes the original stochastic constraints and the bound constraints have been normalized.
The second instance of SOLAR is computationally expensive; a run may take between several seconds
and several minutes. Therefore, the maximum number of function evaluations was set to 1000. Four
algorithms were used

e SSO, whose hyperparameters values are given in Table 4. The search step given in Algorithm 2
was used for this experiment. A truncated version of the Gaussian gradient based estimate was
used for this experiment.

Table 4. List of hyperparameters for the SSO algorithm.

i 1,k 1,k
Problem S’ s 85 M ¢
Cifarl0 35— —2— 60 10
(+1)2 VkHT D) (k+ DA
ImageNet 8;??)12 —0.903 —27 100 10
(i+1)2 Vk+1 (i+1)(k+1)4
Solar 9.3 ol 95 5 10

(D )3 VERT (eDkeD)E

e Z0-adaMM [15] which is a ZO version of the original Adam algorithm. This algorithm appears
as one of the most effective according to [15,31] in terms of distortion value, number of function
evaluations and success rate. The default parameters defined experimentally in [15] were used
for this problem, except that 8 = 0.05 and the learning rate was equal to 0.3. Moreover, the same
gradient estimator as that for ZO-signum was used to eliminate its impact on the performance.

e CMA-ES [22] an algorithm based on biologically inspired operators. Its name comes from
the adaptation of the covariance matrix of the multivariate normal distribution used during the
mutation. The version of CMA-ES used was the one of the pymoo [8] library with the default
setting.

e The NOMAD 3.9.1 software [29], based on the MADS [1] algorithm, a popular blackbox
optimization solver.

The results are presented in Figure 2, which plots the average best result obtained by each algorithm
with five different seeds. In this experiment, SSO achieved similar performance to NOMAD and CMA-
ES which are state-of-the-art algorithms for this type of problem. ZO-adaMM had difficulty converging
even though it is a ZO algorithm.
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Convergence plot
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Figure 2. Average of five different seed runs for the NOMAD, CMAES, SSO and ZO-
adaMM algorithms.

5.2. Application to blackbox adversarial attack

This section demonstrates the competitiveness of the SSO algorithm through experiments involving
the generation of blackbox adversarial examples for deep neural networks (DNNs) [45]. Generating
an adversarial example for a DNN involves adding a well-designed perturbation to the original legal
input to cause the DNN to misclassify it. In this work, the attacker considers the DNN model to
be unknown, hence the term blackbox. Adversarial attacks against DNNs are not just theoretical,
they pose a real safety issue [35]. Having an algorithm that generates effective adversarial examples
enables modification of DNN architecture to enhance its robustness against such attacks. An ideal
adversarial example is one that can mislead a DNN to recognize it as any target image label, while
appearing visually similar to the original input, making the perturbations indiscernible to human eyes.
The similarity between the two inputs is typically measured by an £, norm. Mathematically, a blackbox
adversarial attack can be formalized as follows. Let (y, ) denote a legitimate image y with the true label
¢ € [1, M], where M is the total number of image classes. Let x denote the adversarial perturbation;
the adversarial example is then given by y’ = y + X, and the goal is to solve the problem [15]

rnxin/lf(y +X) + [IX]|2,
subject to (y + x) € [-0.5,0.5]",

where 4 > 0 is a regularization parameter and f is the blackbox attack loss function. In our
experiments, 4 = 10 and the loss function is defined for an untargeted attack [12], i.e.,

F@y) = max{Z(y'), - max Z(y);, 0},

where Z(y’), denotes the prediction score for class k given the input y’. Thus, the minimum value of 0
is reached as the perturbation succeeds to fool the neural network.

The experiments of generating blackbox adversarial examples were first performed by using an
adapted AlexNet [28] on the dataset Cifarl0 and then by using InceptionV3 [43] on the dataset
ImageNet [18]. Since the NOMAD algorithm is not recommended for large problems, three
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algorithms are compared: SSO (without search), ZO-adaMM and CMA-ES. In the experiments, the
hyperparameters of the ZO-adaMM algorithm were taken as in [15], and those of SSO are given
in Table 4; the uniform gradient based estimate is used for both algorithms. Moreover, for the
Cifarl0 dataset, different initial learning rates for ZO-adaMM were used to observe its influence on
the success rate. Experiments were conducted for 100 randomly selected images with a starting point
corresponding to a null distortion; the maximum number of function queries was set to 5000. Thus, as
the iteration increases, the attack loss decreases until it converges to O (indicating a successful attack)
while the norm of the distortion could increase.

The best attack performance involves a trade-off between a fast convergence to a 0 attack loss in
terms of function evaluations, a high rate of success, and a low distortion (evaluated by the {,-norm).
The results for the Cifar10 dataset are given in Table 5.

Table 5. Results of blackbox adversarial attack for the Cifar10 dataset (n = 3 X 32 x 32).

Method Attack success rate  ||6;|| first success  Average # of function evaluations
Z0O-adaMM Ir = 0.01 79 % 0.14 582
Z0O-adaMM Ir = 0.03 96% 0.97 310
Z0-adaMM [r = 0.05 98% 2.10 215
CMAES o = 0.005 99% 0.33 862
SSO 100% 0.55 442

Except for ZO-adaMM with an initial learning rate equal to 0.01, all algorithms achieved a success
rate above 95%. Among these algorithms, ZO-adaMM with a learning rate equal to 0.05, had the
best convergence rate in terms of function evaluations but it had the worst value of distortion. On the
contrary, CMA-ES obtained the best value of distortion but had the worst convergence rate. The SSO
algorithm achieved balanced results, and it was the only one to reach full success rate.

Table 6 displays the results for the ImageNet dataset. Only two algorithms are compared since
dimensions were too large to invert the covariance matrix in CMA-ES. For this dataset, ZO-adaMM
and SSO had the same convergence rate. However, SSO outperformed ZO-adaMM in terms of success
rate while having a slightly higher level of distortion.

Table 6. Results of blackbox adversarial attack for the ImageNet dataset (n = 3 X299 x299).

Method Attack success rate  ||£,| first success Average # of function evaluations
Z0-adaMM [r = 0.01 59 % 19 1339
SSO 73 % 33 1335

6. Concluding remarks

This paper presents a method for computationally expensive stochastic blackbox optimization. The
approach uses ZO gradient estimates, which provides three advantages. First, they require few function
evaluations to estimate the gradient, regardless of the problem’s dimensions. Second, under mild
conditions on the noised objective function, the problem is formulated as optimization of a smooth
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approximation. Third, the smooth approximation may appear to be locally convexified near a local
minima.

Based on these three features, the SSO algorithm was proposed. This algorithm is a sequential
one and comprises two steps. The first is an optional search step that improves the exploration of the
decision variable space and the algorithm’s efficiency. The second is a local search, which ensures the
convergence of the algorithm. In this step, the original problem is decomposed into subproblems solved
by a ZO-version of a sign stochastic descent with momentum algorithm. More specifically, when the
momentum’s norm falls below a specified threshold that depends on the smoothing parameter, the
subproblem is considered solved. The smoothing parameter’s value is then decreased, and the SSO
algorithm moves on to the next subproblem.

A theoretical analysis of the algorithm has been conducted. Under Lipschitz continuity of the
stochastic ZO oracle, a convergence rate in mean of the ZO-signum algorithm is derived. Under
additional assumptions of smoothness and convexity or local convexity of the objective function near
its minima, the rate of convergence of the SSO algorithm to an e-optimal point of the problem has been
derived, which is, to the best of our knowledge, the first of its kind.

Finally, numerical experiments were conducted based on a solar power plant simulation and
adversarial blackbox attacks. Both examples were computationally expensive, the former was a small-
sized problem (n ~ 10) and the latter was a large-sized problem (up to n ~ 10°). The results
demonstrate the SSO algorithm’s competitiveness in terms of both performance and convergence
rate compared to state-of-the-art algorithms. Further work will extend this approach to constrained
stochastic optimization.
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Appendix

Appendix A. Notations

The following list describes symbols used within the body of the document. Throughout the paper,

when a symbol is shown in bold then it is a vector; otherwise, it is a scalar.

AIMS Mathematics Volume 8, Issue 11, 25922-25956.


http://dx.doi.org/http://dx.doi.org/10.1007/s10208-015-9296-2
http://dx.doi.org/http://dx.doi.org/10.1145/3052973.3053009
http://dx.doi.org/http://dx.doi.org/10.1214/aoms/1177729586
http://dx.doi.org/http://dx.doi.org/10.14288/1.0076159
http://dx.doi.org/http://dx.doi.org/10.1002/9780470316511
http://dx.doi.org/http://dx.doi.org/10.1109/TAC.1983.1103184
http://dx.doi.org/http://dx.doi.org/10.1109/9.119632
http://dx.doi.org/http://dx.doi.org/10.1109/CVPR.2016.308
http://dx.doi.org/http://dx.doi.org/10.1145/3205455.3205517

25954

n The dimension of the space of the design variables

Q The sample space of &, i.e., the set of all possible outcomes of €
E: Q>R The vector of uncertainties

Ee[-] The expectation with respect to the random vector &

F:R'XR" >R

The stochastic zeroth-order oracle that takes into account the uncertainty &

f:R"> R The expectation of F with respect to &
B R A strictly positive scalar for use as a smoothing parameter
ucR’ A Gaussian random vector

fP =Elf(x +pu)]

A smooth approximation of a function f

Lo(f) The Lipschitz constant associated with a function f

Li(f) The Lipschitz constant associated with the gradient of a function f
Vf The gradient of a function f

Vf An estimator of the gradient of a function f

- An estimator of the gradient of a function f based on outputs of the stochastic
g zeroth-order oracle F(x, &)

jell,n] The counter associated with the dimension

ieN The outer iteration counter associated with a subproblem

keN The inner iteration counter

m € R" The momentum vector

sgk € (0,1) The step size associated with the momentum

s’l’k € (0,1) The step size associated with x

LeR™ An approximation of the Lispchitz constant

qgeN The size of the mini batch used to estimate V

MeN The minimum number of iterations used in the ZO-signum algorithm
H), (@) The generalized harmonic number of order a

COJr Class of Lipschitz continuous functions

c Class of differentiable functions whose gradient is Lipschitz

c> Class of infinitely differentiable functions

Appendix B. Proof of Proposition 4.1

Proposition B.1. [6] For the subproblem i € N, under Assumption 1 and in the setting of Algorithm 1,

we have

. o o . B
SABIIV ¥ (¢l < B (%) - 2 ety + P ity

+ 2S1k E[” — ik+1 Vfﬂi(xi,k)ll +2S1k \/_ E[”mz e+l = zk+1||2]

bias variance

where m‘ *+1 s defined recursively as m‘ = gy P (x*y + (1 — s;k)ﬁl’]?k.

Proof. By Ly( fﬁ')-Lipschitz smoothness of fﬁi (see Lemma 2.1(3)), it follows that

B ikt B ik v Bk bkt ik Ll(fﬁl) ik+1 _ iky2
SPEET) < D) + (VAT x X7+ ——lx X"l
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) ) BN kN2
= P (x™) — sV P (x), sign(m™T) + LG 2)(31 )

- st + T ey

. Lk+1N112
[Isign(m"“*)||5

+25t Y |ij’*"<x"’k>|1{sign(mjf’<“) # sign(V, 7 (x")),

=

where 1{-} is the indicator function. Now, as in [6,30], the expected improvement conditioned on x**
is given by

E[fﬁi(xi,k+l) _ fﬁf(xi,k)|xi,k] < _sil,kllvfﬁf(xi,k)l 1(f )( zlk)
+ 257 VP (B[ sign(m*!) # sign(V 7 (x)))Ix™]. (B.2)

J=1

ik+1

Again, as in [6,30], the expectation that the sign of m""" is different from the sign of V; 1P (x%) is

relaxed by considering that the set

{ 1k+l 31gn(m’ k+1) + 51gn(VJfﬂ (Xl k) { 1/k+l . m;,k+l _ ijﬁi(xi,k)l > lvjflgi(xi,k)l}'

Therefore, it follows that

E[1{sign(m’**") # sign(V,/# (x*)IX] < E[Lm " = V07 (3] 2 17,7 ()} |x]
nm‘k“ VP x] x]

— , B.3
VP (xH0)] (B

where the second inequality comes from the conditional Markov’s inequality. Substituting Eq (B.3)
into Eq (B.2) and taking the expectation over all of the randomness we obtain

ELA (1) - 7 (x4)] < - SEEIIV A (¢l ]+ 5 <s1> + 25 Y Blm ! - V7. (B4
j=1

ik+1

Moreover, by adding and subtracting m"**" in terms of the sum of Eq (B.4), one gets

ZE[lm?kH _ ijﬁf(xi,k)u — E[”mi,k+1 — k! 4 ikt Vfﬁ’(xzk)lll

< VRE[Im“! — @] + E[Im - v F )]
< Vi \Elllmitst — i 2]+ Bl - VS ),

where the first inequality comes from || - ||; < +/nl| - ||, and the second one from Jensen’s inequality.
Finally, incorporating the last inequality in Eq (B.4) completes the proof. O
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Appendix C. Original signSGD and signum algorithms

Below are the original versions of the signSGD and signum algorithms.

Algorithm 3 signSGD algorithm.

1: Input: x°, 5, € (0,1)
2. for k=0,1,... do
3: Calculate an estimate of the stochastic gradient V f(x*) and update:

X1 = xk — g;sign(V £(x5))

4. end for

5. Return x*

Algorithm 4 Signum algorithm.

1: Input: x°,m°, s, € (0,1),s, € (0,1)
2: for k=0,1,... do
3: Calculate an estimate of the stochastic gradient V f(x*) and update:

m! = m* + (1 - 5,)V (x5

x1 = xk — 5;sign(m

k+l)
4. end for

5. Return x*
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