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Abstract

The Gaussian homotopy (GH) method is a popular approach to finding better
stationary points for non-convex optimization problems by gradually reducing a
parameter value ¢, which changes the problem to be solved from an almost convex
one to the original target one. Existing GH-based methods repeatedly call an
iterative optimization solver to find a stationary point every time ¢ is updated,
which incurs high computational costs. We propose a novel single loop framework
for GH methods (SLGH) that updates the parameter ¢ and the optimization decision
variables at the same. Computational complexity analysis is performed on the
SLGH algorithm under various situations: either a gradient or gradient-free oracle
of a GH function can be obtained for both deterministic and stochastic settings. The
convergence rate of SLGH with a tuned hyperparameter becomes consistent with
the convergence rate of gradient descent, even though the problem to be solved is
gradually changed due to ¢. In numerical experiments, our SLGH algorithms show
faster convergence than an existing double loop GH method while outperforming
gradient descent-based methods in terms of finding a better solution.

1 Introduction

Let us consider the following non-convex optimization problem:

L |
minimize f(z), ¢))

where f : R? — R is a non-convex function. Let us also consider the following stochastic setting:

f(@) = Eelf(2:6)], 2

where ¢ is the random variable following a probability distribution P from which i.i.d. samples can
be generated. Such optimization problems attract significant attention in machine learning, and at
the same time, the need for optimization algorithms that can find a stationary point with smaller
objective value is growing. For example, though it is often said that simple gradient methods can find
global minimizers for deep learning (parameter configurations with zero or near-zero training loss),
such beneficial behavior is not universal, as noted in [19]; the trainability of neural nets is highly
dependent on network architecture design choices, variable initialization, etc. There are also various
other highly non-convex optimization problems in machine learning (see e.g., [16]).
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Table 1: Each theorem shows the iteration complexity of SLGH with respect to € and the dimension
of input space d to reach an e-stationary point in the corresponding problem setting. “const. "’ shows
the complexity when we treat the decreasing parameter y as a constant. “tuned v shows the lowest
complexity of SLGH attained by updating ¢ appropriately, which matches the complexity of the
standard first- or zeroth-order methods (see e.g., Theorem 3.4). We also consider two cases of a
zeroth-order setting: “exact f”, in which we can query the exact or stochastic function value, and
“err. f”, in which we can only access the function value with bounded error.

1) first-order zeroth-order

2) exact f 3err. f

a) deterministic Thm. 3.4 Thm. 4.1 Thm. C.1
const. 7y (0] d:f) 0] (‘f—;) 0] (‘j—j)
tuned y O () O (%) O (%)

b) stochastic Thm. 3. Thm. 4.2 Thm. C.2

i |0(32) 0(2) of4+2)

tuned y 0 () O (%) O (%)

The Gaussian homotopy (GH) method is designed to avoid poor stationary points by building a
sequence of successively smoother approximations of the original objective function f, and it is
expected to find a good stationary point with a small objective value for a non-convex problem. More
precisely, using the GH function F'(z, t) with a parameter ¢ > 0 that satisfies F'(x,0) = f(x), the
method starts from solving an almost convex smoothed function F'(z,¢;) with some sufficiently
large ¢; > 0 and gradually changes the optimization problem F'(z, ) to the original one f(z) while
decreasing the parameter ¢t. The homotopy method developed so far, then, consists of a double loop
structure; the outer loop reduces ¢, and the inner loop solves min, F'(x,t) for the fixed ¢.

Related research on the GH method The GH method is popular owing to its ease of implementa-
tion and the quality of its obtained stationary points, i.e., their function values. The nature of this
method was first proposed in [3], and it was then successfully applied in various fields, including
computer vision [29, 4, 5], physical sciences [15] and computation chemistry [35]. [14] introduces
machine learning applications for the GH method, and an application to tuning hyperparameters of
kernel ridge regression [30] has recently been introduced. Although there have been recent studies on
the GH function F'(z,t) [23, 24, 14], all existing GH methods use the double loop approach noted
above. Moreover, to the best of our knowledge, there are no existing works that give theoretical
guarantee for the convergence rate except for [14]. It characterizes a family of non-convex functions
for which a GH algorithm converges to a global optimum and derives the convergence rate to an
e-optimal solution. However, the family covers only a small part of non-convex functions, and it is
difficult to check whether the required conditions are satisfied for each function. See Appendix A for
more discussion on related work.

Motivation for this work This paper proposes novel deterministic and stochastic GH methods
employing a single loop structure in which the decision variables x and the smoothing parameter ¢
are updated at the same time using individual gradient/derivative information. Using a well-known
fact in statistical physics on the relationship between the heat equation and Gaussian convolution of
f, together with the maximum principle (e.g., [12]) for the heat equation, we can see that a solution
(z*,t*) minimizing the GH function F'(x, t) satisfies ¢* = 0; thus, 2* is also a solution for (1). This
observation leads us to a single loop GH method (SLGH, in short), which updates the current point
(xk, ty) simultaneously for min, cga ;> F'(x,t). The resulting SLGH method can be regarded as an
application of the steepest descent method to the optimization problem, with (x, t) as a variable. We
are then able to investigate the convergence rate of our SLGH method so as to achieve an e-stationary
point of (1) and (2) by following existing theoretical complexity analyses.

We propose two variants of the SLGH method: SLGHy and SLGH,, which have different update rules
for t. SLGHy4 updates ¢ using the derivative of F'(z,t) in terms of ¢, based on the idea of viewing
F(z,t) as the objective function with respect to the variable (x, t). Though this approach is effective
in finding good solutions (as demonstrated in Appendix D.4), it requires additional computational
cost due to the calculation of %—f. To avoid this additional computational cost, we also consider



SLGH, that uses fixed-rate update rule for £. We also show that both SLGH4 and SLGH; have the
same theoretical guarantee.

Table 1 summarizes the convergence rate of our SLGH method to reach an e-stationary point under a
number of problem settings. Since the convergence rate depends on the decreasing speed of ¢, we list
two kinds of complexity in the table; details are described in the caption.

We consider the three settings in which available oracles differ. In Case 1), the full (or stochastic)
gradient of F'(x,t) in terms of x is available for the deterministic problem (1) (or stochastic problem
(2), respectively). However, in this setting, we have to calculate Gaussian convolution for deriving
GH functions and their gradient vectors, which becomes expensive, especially for high-dimensional
applications, unless closed-form expression of Gaussian convolution is possible. While [22] provides
closed-form expression for some specific functions f, such as polynomials, Gaussian RBFs, and
trigonometric functions, such problem examples are limited. As Case 2), we extend our deterministic
and stochastic GH methods to the zeroth-order setting, for which the convolution computation is
approximated using only the function values. Another zeroth-order setting, Case 3), is also considered
in this paper: the inexact function values (more precisely, the function value with bounded error) can
be queried similarly as in the setting in [17]. See Appendix C for more details.

Although no existing studies have analyzed the complexity of a double loop GH method to find an e-
stationary point, we can see that its inner loop requires the same complexity as GD (gradient descent)
method up to constants. Furthermore, as noted above, the complexity of the SLGH method with a
tuned hyperparameter matches that of GD method. Thus, the SLGH method becomes faster than a
double loop GH method by around the number of outer loops. The SLGH method is also superior to
double loop GH methods from practical perspective, because in order to ensure convergence of their
inner loops, we have to set the stepsize conservatively, and furthermore a sufficiently tuned terminate
condition must be required.

Contributions We can summarize our contribution as follows:

(1) We propose novel deterministic and stochastic single loop GH (SLGH) algorithms and analyze
their convergence rates to an e-stationary point. As far as we know, this is the first analysis of
convergence rates of GH methods for general non-convex problems (1) and (2). For non-convex
optimization, the convergence rate of SLGH with a tuned hyperparameter becomes consistent with
the convergence rate of gradient descent, even though the problem to be solved is gradually changed
due to t. At this time, the SLGH algorithms become faster than a double loop one by around its
number of outer loops.

(2) We propose zeroth-order SLGH (ZOSLGH) algorithms based on zeroth-order estimators of
gradient and Hessian values, which are useful when Gaussian smoothing convolution is difficult. We
also consider the possibly non-smooth case in which the accessible function contains error, and we
derive the upper bound of the error level for convergence guarantee.

(3) We empirically compare our proposed algorithm and other algorithms in experiments, including
artificial highly non-convex examples and black-box adversarial attacks. Results show that the
proposed algorithm converges much faster than an existing double loop GH method, while it is yet
able to find better solutions than are GD-based methods.

2 Standard Gaussian homotopy methods

Notation: For an integer N, let [N] := {1,..., N }. We express x[n] := {X1,- -, X~} for aset of
some vectors. We also express the range of the smoothing parameter ¢ as 7 := [0, ¢1], where ¢; is an
initial value of the smoothing parameter. Let || - || denote the Euclidean norm and A (0, 1) denote
the d-dimensional standard normal distribution.

Let us first define Gaussian smoothed function.

Definition 2.1. Gaussian smoothed function F'(x,t) of f(z) is defined as follows:
F(a,t) = Byono) [f (z + tu)] = /f(x + ty)k(y)dy, 3)

where k(y) = (211) =42 exp (—|y||?/2) is referred to as the Gaussian kernel.



The idea of Gaussian smoothing is to take an expectation over the function value with a Gaussian
distributed random vector u. For any ¢ > 0, the smoothed function F'(z,t) is a C* function, and ¢
plays the role of a smoothing parameter that controls the level of smoothing.

Here, let us show the link between Gaussian smoothing and the heat equation [34]. The Gaussian
smoothing convolution is basically the solution of the heat equation [34].

0 . A
au = Arua u(70) = f()a 4)
where A, denotes the Laplacian.  The solution of the heat equation is (x,t) =

oey2
(4%”)% [ fy)e” b dy. This can be made the same as the Gaussian smoothing function F'(x, t)

by scaling its coefficient, which only changes the speed of progression.

Corollary 9 in [25] shows a sufficient condition for ensuring that f has the asymptotic strict convexity
in which the smoothed function F'(x,t) becomes convex if a sufficiently large smoothing parameter
t is chosen. On this basis, the standard GH method, Algorithm 1, starts with a (almost) convex
optimization problem F'(x,t) with large parameter value ¢ € R and gradually changes the problem
toward the target non-convex f(-) = F(+,0) by decreasing ¢ gradually. [14] reduces ¢ by multiplying
by a factor of 1/2 for each iteration k. [24] focuses more on theoretical work w.r.t. the general setting
and do not discuss the update rule for ¢.

Algorithm 1 Standard GH method ([24, 14])

Require: Objective function f, iteration number T', sequence {t1, ..., tr} satisfying t1 > -+ > tr.
Find a solution x; for minimizing F'(z,t1).
for k =1to T do
Find a stationary point 2511 of F(x,t;1) with the initial solution x.
end for
return xr

3 Single loop Gaussian homotopy algorithm

A function h(z) is Lo-Lipschitz with a constant Ly if for any z,y € R%, |h(z) —h(y)| < Lo|lz—yl|
holds. In addition, h(z) is Li-smooth with a constant L if for any x,y € R?, |[Vh(z) — VA(y)| <
L1|jz — y|| holds. Let us here list assumptions for developing algorithms with convergence guarantee.
Assumption Al.

(i) Objective function f satisfies sup,cpa Ey[| (2 + tu)]] < oo (In the stochastic setting, f
satisfies sup,cpa ¢ Eu[|f (2 + tu; €)|] < 00).

(i1) The optimization problem (1) has an optimal value f*.

(iii) Objective function f(x) is Lo-Lipschitz and L;-smooth on R? (In the stochastic setting,
f(z;€)is Lo-Lipschitz and Li-smooth on R in terms of x for any €).

Assumption (i) for making F'(z, t) well-defined and enabling to exchange the order of differentiation
and integration, as well as Assumption (ii), is mandatory for theoretical analysis with the GH method.
Assumption (iii) is often imposed for gradient-based methods. This is a regular boundedness and
smoothness assumption in recent non-convex optimization analyses (see e.g., [2, 21, 10]).

In the remainder of this section, we consider the nature of the GH method and propose a more
efficient algorithm, a SLGH algorithm. We then provide theoretical analyses for our proposed SLGH
algorithm.

3.1 Motivation

The standard GH algorithm needs to solve an optimization problem for a given smoothing factor ¢ in
each iteration and manually reduce ¢, e.g., by multiplying some decreasing factor. To simplify this
process, we consider an alternative problem as follows:

minimize F(z,t), (%)
z€ERI teT



where F'(z,t) is the Gaussian smoothed function of f(z). This single loop structure can reduce the
number of iterations by optimizing = and ¢ at the same time.

The following theorem is a (almost) special case of Theorem 6 in [12],> which is studied in statistical
physics but may not be well-known in machine learning and optimization communities. This theorem
shows that the optimal solution of (5) (z*,t*) satisfies t* = 0, and thus x* is also a solution for (1).
Therefore, we can regard F'(z,t) as an objective function in the SLGH method.

Theorem 3.1. Suppose that Assumptions Al (i) and (ii) are satisfied. Unless f is constant a.e., the
minimum of the GH function F(z,t) will be always found at t = 0, and the corresponding x will be
an optimal solution for (1).

We present a proof of this theorem in Appendix B.1. The proof becomes much easier than that in
[12] due to its considering a specific case.

Let us next introduce an update rule for ¢ utilizing the derivative information. When we solve the

problem (5) using a gradient descent method, the update rule for £ becomes t511 = £ — n%—f, where
OF

7 is a step size. The formula (4) in the heat equation implies that the derivative % is equal to
the Laplacian A, F, i.e., %—f = tr(Hp(x)), where Hp () is the Hessian of F in terms of z. Since

tr(Hp(z)) represents the sharpness of minima [11], this update rule can sometimes decrease ¢ quickly
around a minimum and find a better solution. See Appendix D.4 for an example of such a problem.

3.2 SLGH algorithm

Let us next introduce our proposed SLGH algorithm, which has two variants with different update
rules for t: SLGH with a fixed-ratio update rule (SLGH,) and SLGH with a derivative update rule
(SLGHq). SLGH; updates ¢ by multiplying a decreasing factor v (e.g., 0.999) at each iteration.
In contrast to this, SLGHy updates ¢ while using derivative information. Details are described in
Algorithm 2. Algorithm 2 transforms a double loop Algorithm 1 into a single loop algorithm. This
single loop structure can significantly reduce the number of iterations while ensuring the advantages
of the GH method.

Algorithm 2 Deterministic/Stochastic Single Loop GH algorithm (SLGH)

Require: Iteration number 7', initial solution z1, initial smoothing parameter ¢1, step size /3 for x,
step size 7 for ¢, decreasing factor v € (0, 1), sufficient small positive value e
fork=1toT do ( ' ( )
_ 5 A _ ) ViF(zp,ty) (determ.
Tk+1 = Tk — BGza G = { VTF(ZEk,tk,fk), gk ~ P (StOC.)
P vte (SLGHy) G M (determ.)
R max{min{t, — nGy, vti}, €} (SLGHy) * ' W7 & ~ P (stoc.)

end for

In the stochastic setting of (2), the gradient of F(z,t) in terms of x is approximated by V, F(z, ;)
with randomly chosen &, where F'(z, t; £) is the GH function of f(x;&). Likewise, the derivative of

F(z,t) in terms of ¢ is approximated by %. The stochastic algorithm in Algorithm 2 uses one
sample &;. We can extend the stochastic approach to a minibatch one by approximating V, F'(z, t)
by & oM V. F(x,t;&) with samples {¢1,..., €} of some batch size M, but for the sake of
simplicity, we here assume one sample in each iteration. In this setting, the gradient complexity
matches the iteration complexity; thus, we also use the term “iteration complexity” in the stochastic
setting. Other methods, such as momentum-accelerated method [33] and Adam [18] can also be
applied here. According to Theorem 3.1, the final smoothing parameter needs to be zero. Thus, we

2 Although the assumptions in Theorem 3.1 are stronger than those in the theorem proved by Evans, the
statement of ours is also stronger than that of his theorem, in a sense that our theorem guarantees that all optimal
solutions satisfy ¢ = 0.



multiply v by ¢ even in SLGH4 when the decrease of ¢ is insufficient. We also assure that ¢ is larger
than a sufficiently small positive value ¢’ > 0 during an update to prevent ¢ from becoming negative.

3.3 Convergence analysis for SLGH

Let us next analyze the worst-case iteration complexity for both deterministic and stochastic SLGHs,
but, before that, let us first show some properties for Gaussian smoothed function F'(x,t) under
Assumption A1 for the original function f(x). In the complexity analyses in this paper, we always
assume that 7y is bounded from above by a universal constant ¥ < 1, which implies 1/(1—+) = O(1).
Lemma 3.2. Let f(x) be a Lo-Lipschitz function. Then, for any t > 0, its Gaussian smoothed
function F(x,t) will then also be Lo-Lipschitz in terms of x. Let f(x) be a Li-smooth function.
Then, for any t > 0, F(x,t) will also be Ly-smooth in terms of .

Lemma 3.2 indicates that Assumption Al given to the function f(z) also guarantees the same
properties for F'(x,t). Below, we give some bounds between the smoothed function F'(z,t) and the
original function f(x).

Lemma 3.3. Let f be a Ly-Lipschitz function. Then, for any x € RY, F(x,t) is also Lo\/d-
Lipschitz in terms of t, i.e., for any x, smoothing parameter values t1,ts > 0, we have |F(x,t1) —

F(x,t)| < LoVd|t: — to).

On the basis of Lemmas 3.2 and 3.3, the convergence results of our deterministic and stochastic
SLGH algorithms can be given as in Theorems 3.4 and 3.5, respectively. Proofs of the following
theorems are given in Appendix B.2. Let us first deal with the deterministic setting.

Theorem 3.4 (Convergence of SLGH, Deterministic setting). Suppose Assumption Al holds , and
let & := xy, k' = argmingc(p) ||V f(2k)||. Set the stepsize for x as 8 = 1/Ly. Then, for any setting
of the parameter -, & satisfies |V f(Z)| < e with the iteration complexity of T = O (d3/2/62).
Further, if we choose v < d=(), the iteration complexity can be bounded as T = O(1/€%).

This theorem indicates that if we choose 7y close to 1, then the iteration complexity can be O (d3/ 2/ 62),

which is O(d®/?) times larger than the O(1/¢?)-iteration complexity by the standard gradient descent
methods [27]. However, we can remove this dependency on d to obtain an iteration complexity

matching that of the standard gradient descent, by choosing v < d‘Q(EQ), as shown in Theorem 3.4.
Empirically, settings of v close to 1, e.g., v = 0.999, seem to work well enough, as demonstrated in
Section 5.

An inner loop of the double loop GH method using the standard GD requires the same complexity as
the standard GD method up to constants since the objective smoothed function of inner optimization
problem is L -smooth function. By considering the above results, we can see that the SLGH algorithm
becomes faster than the double loop one by around the number of outer loops.

To provide theoretical analyses in the stochastic setting, we need additional standard assumptions.

Assumption A2.

(i) The stochastic function f(z;€) becomes an unbiased estimator of f(x). That is, for any
z € RY, f(z) = E¢[f(2;€)] holds.

(ii) For any # € R? the variance of the stochastic gradient oracle is bounded as
Ee[||Vaf(z;€) — Vf(2)||?] < 0. Here, the expectation is taken w.r.t. random vectors

&k}

The following theorem shows the convergence rate in the stochastic setting.

Theorem 3.5 (Convergence of SLGH, Stochastic setting). Suppose Assumptions Al and A2 hold.
Take ky := ©(1/€*) and ko := O (logAY min{d‘l/Q, d_3/2€_2}) and define ko = min{ky, ka}. Let
& = xp, where k' is chosen from a uniform distribution over {ko + 1,ko + 2,...,T}. Set the
stepsize for x as § = min {1/L17 1/V/T — ko } Then, for any setting of the parameter v, T satisfies
E[||Vf(2)||] < € with the iteration complexity of T = O (d/e* + d*/? /€?) where the expectation
is taken w.r.t. random vectors {&;}. Further, if we choose v < (max{d"/2,d®/2e2})=") the
iteration complexity can be bounded as T = O(1/€*).



We note that the iteration complexity of 7' = O(1/¢*) for sufficiently small v matches that for the
standard stochastic gradient descent (SGD) shown, e.g., by [13].

4 Zeroth-order single loop Gaussian homotopy algorithm

In this section, we introduce a zeroth-order version of the SLGH algorithms. This ZOSLGH algorithm
is proposed for those optimization problems in which Gaussian smoothing convolution is difficult to
compute, or in which only function values can be queried.

4.1 ZOSLGH algorithm

For cases in which only function values are accessible, approximations for the gradient in terms of x
and derivative in terms of ¢ are needed. [28] has shown that the gradient of the smoothed function
F(z,t) can be represented as

1
VaF (2, 1) = TEu([f (@ + tu) — f(2)]u), u ~ N(0,La). (6)
Thus, the gradient V, F'(x, t) can be approximated by an unbiased estimator g, (x,¢;u) as
_ 1
Ju(z, 5 u) := ;(f(x+tu)ff(x))u, u~ N(0,1). 7
The derivative %—f is equal to the trace of the Hessian of F'(z,t) because the Gaussian smoothed
function is the solution of the heat equation %—f = tr(Hp(x)). We can estimate tr(Hg(2)) on the
basis of the second order Stein’s identity [32] as follows:
vo! =1,
i)~ P (e ) (@), v~ N0, L). ®

Thus, the estimator for derivative can be written as:

Ty — rz+tv) — f(x
(v d)(f(t;t) 1@ o M0, 1). ©)

As for the stochastic setting, f(z) in (7) and (9) is replaced by the stochastic function f(z;¢) with
some randomly chosen sample £. The gradient V. F'(z, t;£) of its GH function F'(z, ¢; ) can then

be approximated by G, (x,t; &, u) = wu, and the derivative % can be approximated

by Gy(z,t;€,0) == (vvad)(f(z;tv;g)7f(m;£)) (see Algorithm 3 for more details).

gi(z, t;v) :=

Algorithm 3 Deterministic/Stochastic Zeroth-Order Single Loop GH algorithm (ZOSLGH)

Require: Iteration number 7', initial solution z1, initial smoothing parameter ¢1, step size /3 for x,
step size n for ¢, decreasing factor v € (0, 1), sufficient small positive value €
fork=1toT do
Sample uy, from N (0, I4)

Tk+1 = Tk — 5(;1’,7“ G:v,u = {
Sample vy, from N(0, 1)

" _ Yk (SLGHT) B a, = f]j(l‘k, T ’Uk) (determ.)
k+1 max{min{ty, — nGy.,vtx},€} (SLGHy) > ~4 Gi(xg, tr; €k, V), Ex ~ P (stoc.)

o (T, tr; ur) (determ.)
G (g, ths §ky uk), & ~ P (stoc.)

end for

4.2 Convergence analysis for ZOSLGH

We can analyze the convergence results using concepts similar to those used with the first-order SLGH
algorithm. Below are the convergence results for ZOSLGH in both the deterministic and stochastic



settings. Proofs of the following theorems are given in Appendix B.3, and the definitions of & are
provided in the proofs. We start from the deterministic setting, which is aimed at the deterministic
problem (1).

Theorem 4.1 (Convergence of ZOSLGH, Deterministic setting). Suppose Assumption Al holds.
Take ky := ©(d/e?) and ky := O (log, d=1/2), and define kg = min{ky, ko}. Let & := xs, where
k' is chosen from a uniform distribution over {ko + 1,ko + 2,...,T}. Set the stepsize for x as
B8 =1/(2(d + 4)L1). Then, for any setting of the parameter vy, & satisfies E[||V f(£)||]] < € with
the iteration complexity of T = O(d?/¢*), where the expectation is taken w.r.t. random vectors

{ur} and {vy}. Further, if we choose vy < d=*/D, the iteration complexity can be bounded as

= 0(d/ée?).

This complexity of O(d/€?) for v < d=<*/4) matches that of zeroth-order GD (ZOGD) [28].

Let us next introduce the convergence result for the stochastic setting. As shown in [13], if we take
the expectation for our stochastic zeroth-order gradient oracle with respect to both ¢ and u, under
Assumption A2 (i), we will have

Eg,u[éw(m,t;f,u)] = Eu[Eg[éx(a:,tgﬁ,uﬂuﬂ = V.F(x,t).

Therefore, (, := (&, ux) behaves similarly to uy, in the deterministic setting.

Theorem 4.2 (Convergence of ZOSLGH, Stochastic setting). Suppose Assumptions Al and A2
hold. Take ki := ©(d/e*) and ky := O (log, d=1/2), and define ko = min{ky, k2}. Let & 1= zy,
where k' is chosen from a uniform distribution over {ko + 1,ko + 2,...,T}. Set the stepsize for

xas B = min{2 d+4 v kl — Y. Then, for any setting of the parameter vy, I satisfies

E[|Vf(2)|]] < € with the iteration complexity of T = O(d?/€*), where the expectation is taken
Q(et/d)

w.r.t. random vectors {uy}, {vy}, and {§k} Further, if we choose v < d~ , the iteration

complexity can be bounded as T = O(d/e*

This complexity of O(d/e*) for v < d~?(<"/4) also matches that of ZOSGD [13].

S Experiments

In this section, we present our experimental results. We conducted two experiments. The first was
to compare the performance of several algorithms including the proposed ones, using test functions
for optimization. We were able to confirm the effectiveness and versatility of our SLGH methods
for highly non-convex functions We also created a toy problem in which ZOSLGHj,, which utilizes
the derivative information 2 S I for the update of ¢, can decrease ¢ quickly around a minimum and
find a better solution than that with ZOSLGH;. The second experiment was to generate examples
for a black-box adversarial attack with different zeroth-order algorithms. The target models were
well-trained DNNS for CIFAR-10 and MNIST, respectively. All experiments were conducted using
Python and Tensorflow on Intel Xeon CPU and NVIDIA Tesla P100 GPU. We show the results of
only the adversarial attacks due to the space limitations; other results are given in Appendix D.

Generation of per-image black-box adversarial attack example. Let us consider the unconstrained
black-box attack optimization problem in [9], which is given by

mlnliglze f(z) :=\(0.5tanh(tanh " (2a) + x)) + [|0.5tanh(tanh ' (2a) + z) — al|?,
Te

where ) is a regularization parameter, a is the input image data, and tanh is the element-wise operator
which helps eliminate the constraint representing the range of adversarial examples. The first term
£(+) of f(x) is the loss function for the untargeted attack in [6], and the second term Lo distortion is
the adversarial perturbation (the lower the better). The goal of this problem is to find the perturbation
that makes the loss £(-) reach its minimum while keeping L distortion as small as possible. The
initial adversarial perturbation xy was set to 0. We say a successful attack example has been generated
when the loss ¢(+) is lower than the attack confidence (e.g., 1le — 10).

Let us here compare our algorithms, ZOSLGH; and ZOSLGHy, to three zeroth-order algorithms:
ZOSGD [13], ZOAdaMM [9], and ZOGradOpt [14]. ZOGradOpt is a homotopy method with a



double loop structure. In contrast to this, ZOSGD and ZOAdaMM are SGD-based zeroth-order
methods and thus do not change the smoothing parameter during iterations.

Table 2 and Figure 1 show results for our experiment. We can see that SGD-based algorithms are able
to succeed in the first attack with far fewer iterations than our GH algorithms (e.g., Figure 1(a), Figure
1(d)). Accordingly, the value of Lo distortion decreases slightly more than GH methods. However,
SGD-based algorithms have lower success rates than do our SLGH algorithms. This is because
SGD-based algorithms remain around a local minimum x = 0 when it is difficult to attack, while
GH methods can escape the local minima due to sufficient smoothing (e.g., Figure 1(b), Figure 1(e)).
Thus, the SLGH algorithms are, on average, able to decrease total loss over that with SGD-based
algorithms. In a comparison within GH methods, ZOGradOpt requires more than 6500 iterations to
succeed in the first attack due to its double loop structure (e.g., Figure 1(c), Figure 1(f)). In contrast
to this, our SLGH algorithms achieve a high success rate with far fewer iterations. Please note that
SLGHy takes approximately twice the computational time per iteration than the other algorithms
because it needs additional queries for the computation of the derivative in terms of ¢. See Appendix
E for a more detailed presentation of the experimental setup and results.

Table 2: Performance of a per-image attack over 100 images of CIFAR-10 under 7" = 10000 iterations.
“Succ. rate” indicates the ratio of success attack, “Avg. iters to 1st succ.” is the average number of
iterations to reach the first successful attack , “Avg. Lo (succ.)” is the average of Lo distortion taken
among successful attacks, and “Avg. total loss” is the average of total loss f(z) over 100 samples.
Please note that the standard deviations are large since the attack difficulty varies considerably from
sample to sample.

Methods Succ. rate Avg. iters Avg. Ly Avg. total loss

to 1st succ. (succ.)
SGD algo. Z0OSGD 88% 835+ 1238 | 0.076 £0.085 27.70 £74.80
ZOAdaMM 85% 3335 £ 2634 | 0.050 £+ 0.055 20.24 £ 62.48
GH algo. Z0OGradOpt 65% 6789 4+ 1901 | 0.249 £ 0.159 41.45 +76.04
ZOSLGH; (v = 0.999) 93% 4979 £756 | 0.246 £0.178 14.26 £+ 54.61
ZOSLGHy (v = 0.999) 92% 4436 £805 | 0.150 £ 0.084 16.49 + 58.69

= 205GD
Z0Gradopt:

— Z05LGH-(y=0.999)

— Z0SLGH, [y =0999)

—~ ZOAdaMM

Total loss

o 2000 4000 6000 8000
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Total loss for generating per-image black-box adversarial examples for different images
of CIFAR-10 and MNIST (log scale).



6 Summary and future work

We have presented here the deterministic/stochastic SLGH and ZOSLGH algorithms as well as their
convergence results. They have been designed for the purpose of finding better solutions with fewer
iterations by simplifying the homotopy process into a single loop. We consider this work to be a first
attempt to improve the standard GH method.

Although this study has considered the case in which the accessible function contains some error and
is possibly non-smooth, we assume the underlying objective function to be smooth. Further work
should be carried out to investigate the case in which the objective function itself is non-smooth.

Acknowledgements This work was supported by JSPS KAKENHI Grant Number 19H04069, JST
ACT-I Grant Number JPMJPR18US5, and JST ERATO Grant Number JPMJER1903.
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A Related work

Iteration complexity analysis for GH methods To the best of our knowledge, there are no existing
works that give theoretical guarantee for the convergence rate except for [14].3 It characterized a
parameterized family of non-convex functions referred to as “o-nice”, for which a GH algorithm
converges to a global optimum. Moreover, it derived the convergence rate to an e-optimal solution for
the o-nice function. The framework of o-nice imposes the two conditions: (i) the solution obtained
in each inner loop is located sufficiently close to an optimal solution of the optimization problem
in the next inner loop; (ii) the optimization problem in each inner loop is strongly convex around
its optimal solutions. Unfortunately, it is not obvious whether we can efficiently judge a function
is “o-nice”, and we cannot apply the analysis results to general non-convex functions. On the other
hand, this work tackles a problem of different nature from [14] since it analyzes the convergence rate
to an e-stationary point for general non-convex functions.

Guarantee for the value of the objective function [24] provided an upper bound on the objective
value attained by a homotopy method. The bound was characterized by a quantity that they referred
to as “optimization complexity”, which can be analytically computed when the objective function is
expressed in some suitable basis functions such as Gaussian RBFs.

Other smoothing methods Smoothing methods other than Gaussian smoothing include [7, 8]. The
smoothing kernel in those works is simpler but restricted to specific problem settings. For example,
[8] constructs smoothing approximations for optimization problems that can be reformulated by using
the plus function (¢)4 := max{0, t}.

Zeroth-order techniques In problem settings in which the explicit gradient of the objective function
cannot be calculated but the exact function values can be queried, zeroth-order optimization has
become increasingly popular due to its potential for wide application. Such a class of applications
appears in black-box adversarial attacks on deep neural networks [9], structured prediction [31], and
reinforcement learning [36]. Various zeroth-order methods (ZOSGD [13], ZOAdaMM [9], ZOSVRG
[20]) have been proposed for such black-box situations. All of them have been developed from
ZOGD in [28], which introduces random gradient-free oracles based on Gaussian smoothing with
fixed ¢. This trend also applies to research on the GH method. [14] developed a GH method in
the zeroth-order setting for which the objective is only accessible through a noisy value oracle.
[30] proposed a GH method for hyperparameter tuning based on [14] using two-point zeroth-order
estimators [28].

B Proofs for theorems and lemmas in Sections 3 and 4

Notation: We sometimes denote the expectation with respect to random variables
XS+1,---,xr (S, T € N,T > S) as E, [] for the sake of simplicity.

B.1 Theorem 3.1

Proof for Theorem 3.1: Since the optimization problem (1) has an optimal value f* by Assumption
Al (ii), for any ¢ € T and for any = € R?, we have

F(z,t) = f* =Eu[f(z+tu) — f] > 0.

Together with the relationship F(x,0) = f(x), for any z € R?, for any ¢ € T and for any optimal
solution z* € R? of the optimization problem (1), we have F(z,t) — F(z*,0) > 0. Furthermore, if
we exclude cases where f() is constant (a.e.), for any (z,t) € RY x T\ {(z,0) | f(z) = f(z*)},
we obtain

F(z,t) — f* =E,[f(z+tu) — f*] > 0.

3Their method is not exactly a GH method because it smooths the objective function using random variables
sampled from the unit ball (or the unit sphere in a zeroth-order setting) rather than Gaussian random variables.
However, for the sake of simplicity, we treat it as a GH method in this paper.
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Therefore, a minimum of the optimization problem of the GH function m1n1m1z7§ F(z,t) holds only
zeRL te

at t = 0 and the corresponding = becomes an optimal solution of the original optimization problem
minimize f(x). O
TERC

B.2 First-order SLGH algorithm

At the beginning of the subsection, we introduce a lemma that gives upper bounds for moments of
Gaussian random variables, and then prove the two lemmas which appeared in the main paper.

Lemma B.1 (Lemma 1 in [28]). Let u € R? be a standard normal random variable. For p € [0, 2],
we have By [||ul|?] < dP/2. If p > 2, By [||ul|P] < (d + p)P/? holds.

Proof for Lemma 3.2: According to the definition of Gaussian smoothing in the main paper, we have
Plot) = Pl = | [ o+ 0h0:) = £y + t2)k(:N)a:
< [ 15+ t2) = flu+ )| ke
< [ Lolle ~ yli(2)a:

< Loz —yl-
The proof of L,-smooth is similar to that of Ly-Lipschitz:

VaPlayt) = VP )] < [ V(o4 82) = V(o + t2)h(:)ds

< / Lullz — yllk(z)dz
< Liljz —yl|.
O

The lemma has proved that the Lipschitz constants of F'(x,t) and V, F'(x,t) in terms of x are smaller
than those of f(z) and V f(x), respectively. Therefore we can use the Lipschitz constants Ly and Lq
of f(z) and V f(z) for F'(z,t) and V,F'(z,1).

Proof for Lemma 3.3:
[F(x,t1) = F(z,t2)] = [Bu[f (x + tiu) — f(z + tau)]]
S Eu[lf (2 +tiw) — fz + tau)]
< Eu[Lolt1 — tal|[ull]
< Lolt; — t2|Vd,
where the last inequality holds due to Lemma B.1. ]

Before going to the convergence theorems, we introduce an additional useful lemma to estimate the
gap between the gradient of the smoothed function and the true gradient.

Lemma B.2. Let f be a Ly-smooth function.
(i) (Lemma 4 in [28]) For any x € R% and t > 0, we have

t2
IVF@I? <20V F (@ )l + 5 Li(d + 6)*,

(ii) Further, if f is Lo-Lipschitz, for any x € R% and t > 0, we have
IV (@)1? < IVoF (2, )| + tLoLa(d + 3)*/2.
Proof for (ii): We have
IVf@)]? = IVaF (2, t)]1* = (IVF (@) + [V F (2 )NV (@) = Vo F (2, 1))

< 2Lo([IVf ()]l - HV Fa, )l
< 2Lo[|VeF(z,t) = V()|
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The term ||V, F'(z,t) — V f(z)|| can be upper bounded as follows:

E, Kf(vartU) —fl=) <Vf(x)7u>> u]

IVaF (e t) — V()] < j t

|
Jul|

<. ||7 (7ot ) = Jo) = 9 1))

tL
<E [ 2]

where the last second inequality follows from a property of L1-smooth function (Vx,y € R?, | f(y) —

f(z) - .<Vf(cc), y— )| < &L|jy — 2||?), and the last inequality holds due to Lemma B.1. Therefore,
we obtain

IVF(@)I* < IV F (e, ) +tLoLa(d + 3)*2.

Now, we are ready to prove Theorem 3.4.

Proof for Theorem 3.4: We follow the convergence analysis of gradient descent. According to
Assumption Al and Lemma 3.2, F'(z,t) is Lo-Lipschitz and Li-smooth in terms of x. Therefore,
we have

L
F(appn,tr) < Fap, ) + (VoF (0 te), (2hen = 20)) + 5 2an — 2

— Flont) - (8- 58 ) IVaF o)l

where the last equation holds due to the updating rule of the gradient descent: zjy1 — z =
—BV . F(xk,t;). Then, we can get the upper bound for |V, F(x, )|

(/B - LQIBQ) Vo F (k. te)||> < Fap, tr) — F(@ps1,tr)

= F(zg,ty) — F(xry1, ter1) + F(2rg1, 1) — F(@rg, te)
< F(xp,ty) — F(Thyr, thr) + Loltesr — ti]Vd,

where the last inequality follows from Lemma 3.3.
Now, sum up the above inequality for all iterations kg + 1 < k < T (T > ko € N), and denote the
minimum of f as f*, then we have

T T
L
(B — 2152) > Ve F(@n t)lI” < Flkgr1,thor1) — Fl@ria,tren) + LoVd D> [tk — bl
k=ko+1 k=ko+1

T
< F(@hot1sthorr) = £+ LoV D terr — tl
k=ko+1

T
< flakes1) — f*+ LoVd (tko+1 + Z [thy1 — tk|> ,

k=ko+1
(10)
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where the last inequality holds due to Lemma 3.3. Then, we can get the upper bound for ||V f(2)||?

as

VA = min |V ()]

< _min [V ()]

k=kot1,....,T
1 T
< 2
<z 2 Vi@l
k=ko+1
1 T T
< Vo F (g, te)]|? LoLy(d+ 3)%/? t
ST Z Vo (2k, te)|| +T—k0 oL1(d+3) Z k
k=ko+1 k=ko+1
2 (f($ko+1) — [+ LoVd (tko+1 + Y hkgst [t — tk|>) 1 L
< + LoLi(d+3)°2 > t,

= (T — ko) (28 — L18?) T ko k=ko+1

where the third inequality holds due to Lemma B.2 (ii) and the last inequality follows from (10).

If we choose the step size 3 as L%, we have

IV f(@)]?
2L, (f($k0+1) — "+ LoVd (tko+1 + Zf—koﬂ [tet1 — tk|)) T
< — LoLy(d+3)%? t
< T ko +T_k001(+) >t
k=ko+1
1 T
—O( <1+d3/2 > tk>> (11)
T a ko k=ko+1
where the last equality holds since ZZ:kO-H [tk+1 — t] = O (ZZ:ko-&-l tk> is satisfied.

T _
Zk:ko+1 max{twk 116/} <

sufficiently close to 0, together

If we update t; as in Algorithm 2, we have Zzzko L1tk
ko

ZkT-=k0+1 (Pt +¢) < % + € (T — ko). By taking e

with the assumption of 1/(1 — ) = O(1), we have Zg:ko-u tr, = O(v*). This implies that

IVF@)]2 < O(22). Hence, we can obtain |V f(#)[| < ein T = ko + O (M)

iterations.

SN

Now, set ko as kg = O (%), then, the iteration complexity can be bounded as T = O (d:f).

Furthermore, when ~y is chosen as v < d’362/2, we can obtain 'yko =0 (d*3/2) for some ko =
0] (E%) This yields the iteration complexity of 7" = O (eiz)
O

Before going to the proof of Theorem 3.5 in the stochastic setting, we prove that the gradient of the
smoothed stochastic function V F(z, ¢;£) is unbiased, and it has a finite variance.

Lemma B.3. Suppose that | satisfies Assumption Al (i) and Assumption A2.

(i) The stochastic gradient of the smoothed function N , F' (z,t; £) becomes an unbiased estimator of
V. F(z,t). Thatis, forany x € R and t > 0, E¢[V, F(x,t;€)] = V. F(z,t) holds.

(ii) For any x € R% and t > 0, the variance of V. F(x,t; &) is bounded as E¢[||V F(z,t;€) —
V. F(z,t)?%] < o2
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Proof for (i): From Assumption Al (i), we can exchange the order of integration in terms of & and u,
which yields that

BelV. Flo. )] = e £, | L EE =ImE),
o e [+ tus ) — fa;€)
[ fesegtna, |
_ 'f(:v+tU)—f(x)u]
“ t
= V,F(x,t).
Proof for (ii): We have
E¢[|VoF(x,t;€) = Vo F (2, 0)[1°] = Be[| VoEu[f(x + tu; )] — Vo Eu[f (2 + tw)]|?]
= B¢ [||Bu[Vaf(z + tu; €) — V(2 + tw)]||?]
Ee[Eu[|| Vo f(x + tu; £) — V f (@ + tu)||*]]
Eu[Ee[|| Vo f(x + tu; £) — V f (@ + tu)||*]]
<o®

)

where the second and third equalities hold due to Assumption A1l (i), and the last inequality follows
from Assumption A2 (ii).

Proof for Theorem 3.5: Denote &, := V. F(zy, ty; &) — Vo F (21, t1,). We follow the convergence
analysis of stochastic gradient descent. According to Lemma 3.2, since f(x) is Lo-Lipschitz and
Ly-smooth, F(x,t) is also Lo-Lipschitz and Ly-smooth in terms of . Thus, we have
Ly 9
F(pe, ty) < Flaw, i) + (VaF (@ t)s (@1 = 2n)) + - lone — 2]
_ 7 . Lo AN
= F(xg, te) — B(VaF (xr,tr), Vo F (x, tr; &)) + 75 IV F' (r, th; &)
L L
= Flont) — (5= 50°) IVaFan, )P = (8 = 115 (VaFan ). i) + 5 6710,
(12)

where the first equation holds due to the updating rule x5, 1 — ¥, = —B8V . F(xy, ty; &), and the
last equation holds due to the definition of d;. Denote

—(B = L1B?) (Vo F (wr, ti), ) + B2H5 I

||? as follows:

for simplicity. From (12), we obtain the upper bound for ||V, F(z, t)

L
(6 - 2152> IV F (g, )| < Fag, te) = Faoppr, te) + Ag

= F(zg, tg) — F(Tr1, terr) + F(@rs1, terr) — F(@rg1, te) + Ak
< Fxp, ty) — F(Thy1, thrr) + Loltes1 — ti|Vd + Ay,
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where the last inequality follows from Lemma 3.3.
Now, sum up the above inequality for all iterations kg + 1 < k < T (ko < T'). Then we have

T

(5-55) 3 IV.Fawl?

k=ko+1

T T
< F(2hot1sthos1) — F(ryn, tre) + LoVd Z [tht1 — tw] + Z A
k=ko+1 k=ko+1

T T
< F(Thos1,thot1) — f*+ LoVd Z [thr1 —te| + Z A

k=ko+1 k=ko+1
T T
< f(@rgr1) — f* + LoVd <tk0+1 + > kg — tk|> + > Ak
k=ko+1 k=ko+1
Take the expectation with respect to the random vectors {{x,+1, - - - , {7}, then we have
T
Ly o 2
B-=5 > EelIVaF (ay, b))
k=ko+1
T T
< f(whos1) — f*+ LoVd (t,wl + ) Eellth —tk|]> + ) EeA]. (13)
k=ko+1 k=ko+1
The expectation of Ay, is evaluated as
T T T o1
— 2 192 2
ST Bl == D (B Lif)Be[(VaF (i, t), 06)] + Y - B Eelllo]"]
k=ko+1 k=ko+1 k=ko+1
L
< (T — ko) 5 5707, (14)

where the last equality holds due to Lemma B.3 (ii) (E¢[||6%||?] < o) and the fact that each point @y,
is a function of the history [ _j in the random process, thus E¢, (V. F(zx, tx), 0r) | {r—1)] = 0.

Then, we can estimate the upper bound for E¢ &/ [||V f(2)]|?] as

T
R 1
Eew[|IV ()] = T % > ElIV()l]
k=ko+1
1 a 1 a
2 3/2
STk > EellIVaF(wn tn)|”] + T ko LoLi(d+3)*% )" Eelts]
k=ko+1 k=ko+1

B 2 (f(l’koH) — "+ LoVd (tko+1 + Y hkos1 Belltnsr — tkl]))
B (T — ko)(28 — L1?)

T

L,B%5?
Lol 3/2 E _HR e

+ 7 Lold+3) k=;+1 eltr) + 357

where the first inequality holds due to Lemma B.2 (ii) and the last inequality follows from (13) and
(14).

If the step size (3 is chosen as 3 = min {L%, ﬁ}, then we have

1 1
5 < =
28— L11p% ~ B
1 o
BSL]"‘ T_ko
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Hence, we can obtain

2 (fl@rgs1) = I + LoV (tysr + i1 Belltasn — tl]))

(T — ko)(28 — L15?)
T

+ LoLy(d + 3)3/? E: E[t]—i—ﬂ
T—ky " ST s — 1,2
k=ko+1
o 1+ \/&Eg [Zfsz_H |tk+1 — tk|:| d3/2 . T
= t
VT — ko T kg € e b
=ko+1

If ¢; is updated as in Algorithm 2, we have Zg:koﬂ [tet1 — te]l < tive, = O(~*) and

ZZ:]COH tr < LA, - O(y*0) in the same argument that showed Theorem 3.4. Com-

= 1—y
bining the above inequalities, we obtain
T
1 1+ \/a,yko d3/2,.yk0
Eew [|IVF(2)]?] = Ee[|V =0 + .35
rlIVI@N = 7= 3 EAIV/GI] (m ) 0

€2

Here, we have kg = O (Z;) by the definition of ko. Thus, by setting T' = ko + O (6% + d3/2) =

o(gﬁ djf), we can obtain Ee . [|Vf(2)|2] < €2 This implies E¢p[|V£()]]

€ as Ee p[|[VF(@)]]? < Eewl[|VF(2)]?] follows from Jensen’s inequality. ~Furthermore,
when ~ is chosen as v < (max{d'/2,d®/2e2})~<" , we have log, min{d~1/2,d=3/2¢72} =
O (). which implies ko = Q(log, min{d~1/2,d=3/2¢=2}). Therefore, we can obtain " =
O (min{d~1/2,d=3/2¢~2})) , which yields the iteration complexity of 7' = O (% ).

IN

O

B.3 Zeroth-order SLGH algorithm

In the zeroth-order setting, we can evaluate the gap between the zeroth-order gradient estimator and
the true gradient using the following lemma.

Lemma B.4 (Theorem 4 in [28]). Let f be a L1-smooth function, then for any x € R? and for any
t > 0, we have

E, t%(f(x+tu)—f(x))2||u|\2 < SI3A+6)° +2d + )|V ()

Proof for Theorem 4.1: Let wy := (ug,vr), k € [T], and denote Oy := G.(Tk,tr;ur) —

Vi F (K, tr), where . (xk, tr;uy) is the zeroth-order estimator of gradient defined in the main
paper. Utilize the updating rule of x and L;-smoothness of F'(x,t) in terms of x. Then we have

L
F(wpp,tr) < Fwg, ty) + (Ve B (wr, tr), (Th41 — 21)) + 71||$k+1 — z?
_ L _
= F(xp, tr) — BV F(2k, tr), Go(Tr, tr; ur)) + ?152”93:(961@7151«; ug)|?

L
= F(xk, tr) — BIVaF (zk, tr)|* — B(VF (xh, tr), 6) + 71»32”%(%7% ur))||?,
(16)

where the first equation holds due to the updating rule zy11 — 2 = —Bgx (T, tr; Uk ).
Denote

L -
By, == = (Vo F(xp, tr), o) + 7152”99@(%,7?1@;“1@)“2
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for simplicity. From Lemma 3.3 and (16), we get the upper bound for ||V, F(z, )||? as
BIVeF (zk, tr)|I> < F(ag, tr) — F(ars1,te) + Bi
= F(xg, ty) — F(@rs1, tepr) + F(@rpr, tepr) — F(@ryr, te) + Bi
< F(xk,tk) — F($k+1,tk+1) + L0|tk+1 — tk‘\/;i-i- By.
Now, sum up the above inequality for all iterations ko + 1 < k < T (ko < T). Then we have

T T T
> BIVeF(ak, ti)|* < Flakgi1,teor1) — Ferin,tria) + Lo Y [thpr —telVd+ > By
k=ko+1 k=ko+1 k=ko+1

T T
< F(whor1sthor) = f*+LovVd D e —tel + > Br

k=ko+1 k=ko+1
T T
< f(@re1) = f* + LoVd (tko-H + D Itk - tk|> + > B
k=ko+1 k=ko+1
Next, take the expectations with respect to random vectors {wg,+1, - - ., wr} on both sides. Then we

can get

T T
> BEL[IVeF(@r, th)l1P] < flargrr) = f* + LoVd (tkoJrl + Y Bulfth — tk”)

k=ko+1 k=ko+1

T
+ > Eu[Bil. (17)

k=ko+1
Observe by the definition of g, (zx,tx;ux) in the main paper that E, [§. (vk, tr; ur) | up—1)] =
Vo F(wg, ty), thus By, (Vo F(2k, tx), 0r) | wik—1)] = 0 holds. Then we have

L -
Euwy [Br | wig—1)] = =BEw, (Vo F (g, k), 0k) | wip—1)] + 7152151%[”93:(331@7%;Uk)||2 | wi—11]
L Euw, [t2 | wip_1)] f
< G (B L 6 4 2d 4 DB IS @I ]
Ew [t2 ‘ Wik — ]
= e IR (A + 6)° 4 Lo (d o+ DB, [IV (@) ey,
(18)
where the inequality holds due to Lemma B.4.
Lemma B.2 (ii) together with the above inequalities yields that
T
> BRIV (@)
k=ko+1
T T
< 3 BEIVoF(ent)lP + > BLoLi(d+3)*Ey 1]
k=ko+1 k=ko+1
T T
< f@rg1) = f* + LoVd (tkoJrl + D Eyfltke - tkH) + > Eu[Bi
k=ko+1 k=ko+1
T
+ > BLoLy(d+ 3)* By [ti]
k=ko+1
T T g (2]
< f(@hor1) = "+ LoVd (tko+1 + > Eulltesr — tkH) + Y wTkL?52(d+ 6)°
k=ko+1 k=ko+1
T T
+ Y LA+ DEIVI@)PI+ Y BLoLi(d +3)**Eu[til, (19)
k=ko+1 k=ko+1
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where the second inequality holds due to (17), and the last inequality follows from (18). Rearrange
the terms in the above inequality. Then we can get

T
(B—(d+4)L157) Z EulVF(@i)?] < f(@re+1) — f*+ LoVd (tko+1+ D —tkH>
k=ko+1 k=ko+1
+L%%d+®3

T T
1 > Eulf] + LoLiBd+3)"2 > Eufte).
k=ko+1 k=ko+1

(20)

Divide both sides of the above inequality by (T — ko)(3 — (d + 4)L13%) and set the step size 3 as
W. Since WM‘ < 4(d + 4) L, holds, we can obtain

T
d+4)L §
Z Eu[|[V f(2x)]?] < (T_k)1<f($ko+1)—f +LoVd (tko+1+ > EwHthrl—tk])
0 k—kot1 0 k=ko+1
Li(d+6) <« b Lod+3)%? &
o Y Bl o Y, Eult]
16(d+4)2 4= 2d+4) 4,
d T T
— 2
_O<T_%<Lﬂmw > ti| + VdE, §2t4>>
k=ko+1 k=ko+1
_ d 2ko ko
—0<T_%(l+wy +Vdy ), 1)

where the last equality follows from the update rule of ¢;, as shown in the proof of Theorem 3.4 as
well.

Here, we have kg = O (%) by the definition of ko. Thus, by setting T = ko + O (f—j) =

0 (). we can obtain By [V f(2)%] = 7t Sy, 1 EBull VA ()] < €. This implies

Ew i [IVF(@)]] < €as Ewr[|IVF(@)]? < EwrllVf(£)]?] follows from Jensen’s inequality.
Furthermore, when ~ is chosen as v < d=</2¢ | we have log, d~'/2 = O (4), which implies
ko = Q (log,y d-1/ 2). Therefore, we can obtain fy’“’ = O(dil/ 2), which yields the iteration
complexity of 7' = O (E%)
O
Proof for Theorem 4.2: Let (j := (£, ug,vx), k € [T] and denote 0y, := C:‘x(xk.,tk;{k,uk) —
Ve F (2, t). As discussed in the main paper, we have
EE,u[éfb(x’ t; 'f, u)] =E, [Ef [éfb(x’ t; 57 u)|uH = VzF(xa t)' (22)

From the update rule for x, we can obtain
L
F(mlﬂ-latk) < F(xk7t’€) + <V$F(xkatk)a (mk-‘rl - J)k)) + 71||$k+1 - .TkHQ
- L N
= F(zg,tx) — B <VmF(wk,tk), G, ti; &k Uk)> + ?162|‘G1(xkvtk;§kauk)”2

= F(zp,th) = BIIVaF (wr, ti)|* = B(VaF (. tr), 64) + *32||G (s tis Ens )12
Now, denote
Dy i= =6 (VaF i ), 60) + 67 G st G, )
for simplicity. Then, we can get the upper bound for ||V, F(z,t)|? with Dy:
BIVaF (zp, ti)I? < F(xg, th) — F(xpp1,tr) + Dp
= F(zg,tg) — F(@rs1, thr1) + F(@prt, thr1) — F(@per, te) + Dy
< F(xp, tr) — F(zri1, tes1) + Loltes1 — te|Vd + Dy.
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Sum up the above inequality for all iterations ko + 1 < k < T (T > ko). Then we have

T

S BlIVaF (1)

k=ko+1

T T
< (@t tror1) = Flarpastoin) + Lovd Y i —tl+ Y Dy

k=ko+1 k=ko+1
T T
< F(Tpot1, tigs1) — f*+ LoVd Z [tkr1 — t| + Z Dy,
k=ko+1 k=ko+1
T T
< f(@ro1) — f*+ LoVd (%H + >tk - tk|> + > Dy, (23)
k=ko+1 k=ko+1

where the last inequality follows from Lemma 3.3. Observe from (22) that

ECk[<vIF(xkatk);5k> | g[k_l]] =0.

Thus, we have

I _
E¢, [Dr | Co—1]] = —BE¢ (Ve F(Tr, k), 0r) | Cr—17] + 715215@[||Gz(33k,tk;fk,Uk)||2 | Co—11]

L 5
= ?152]}3(1@(”Gac(zkvthgkvukﬂp | Cle—11)

E¢, [t? _ _
< D (et o a6+ 20+ ) (B IV (00360 | Guy )

2
< 22 (Bt Lt a0+ 20+ (B IV 0) | G +0%))

(24)

where the fist inequality follows from Lemma B.4 and the last inequality holds due to Assump-
tion A2 (ii).

Take the expectation for (23) with respect to (x,+1,- . - , (7. Together with Lemma B.2 (ii), we have

T
Y BEIVS ()]

k=ko+1
T T
< D BEIVoF (e th)lIP1+ Y BEc[tlLoLa(d+3)*
k=ko+1 k=ko+1

T T
< f(@ror1) — f* + LoVd <tko+1 + Y Eellter - tkl]) + ) E¢[Dy]
k=ko+1 k=ko+1
T

+ ) EeltrlLoL1B(d + 3)%/?
k=ko+1

T T
< f(@ner) — £+ LoVd <tk0+1 + Y Eellter — tk”) + Y EeltrlLoLiB(d + 3)%?

k=ko+1 k=ko+1
~ E[t}) d
+ Y R0+ Y LA+ DR[|V (@) |P) + LS (d + )0 (T — ko),
k=ko+1 k=ko+1

22



where the last inequality holds due to (24). Rearrange the terms in the above inequality. Then we can
get

T T
B=(d+4L15%) Y EIVI@i)lIP] < f@rerr) = f*+ LoVd (tko+1 + > Ellten - tk|]>

k=ko+1 k=ko+1

332 3 T
Lip*(d +6)° > Eclti] + LB (d+ 4)0* (T — ko)

4
k=ko+1
T
+ Y EeltilLoLiB(d + 3)%/2, (25)
k=ko+1

If the step size S is chosen as min { 50 +14) o 7T kl e, }, then we have
— RO

m < % % <2(d+4)Ly + /(T — ko)(d + 4).

Hence, by dividing both sides of (25) by (T — ko)(8 — 2(d + 4) L1 3?), we can obtain
1 Z

Lt 2

T ho kEZI]Ec[IIVf(fEk)H ]

g f(@ro41) = f*+ LoVd (tko-i-l + 3 pm ko1 Eellters — tk\]) + LoL1(d+3)%283 "y o1 Ec[ti]
- (T —ko)(B — (d+4)L,15?)

3 2 3
BB S Bt3] + Ly B2(d + 4)0°T

i (T~ ho)(B— (d + DL 5?)
T
< T _2 o (f($ko+1) — f* 4+ LoVd (tk0+1 + Z E¢[lths1 — tk]>> (2(d+ ALy + /(T — ko)(d+4)>
k=ko-+1
2 d L3B(d+6)3
T LoL(d+ 3)%? k_; Eclte] + S(”BT(_J;O)) _Z Ec[ty] +2L18(d + 4)0?
=ko+1 k=ko+1
(VA1 VAS L Bellten — ) d (dB [Tl ] + VA [T 0t +1)
T h " T~k

Vd (1 + \/37'“0) d <d72k° + Vo + 1)

- JT ke T — ko

where the last equality follows from the update rule of ¢;, as shown in the proof of Theorem 3.4 as
well.

Here, we have kg = O (%) by the definition of ko. Thus, by setting T = ko + O (‘:—i) =

O (), we can obtain E¢ [V £(2)]2) = 75 Sy, 1 EelIVF(2)l|?] < €. This implies
Ecw[[IVF(@)] < €as Ecp [|VF(@)]? < Eew[[[VF(2)]?] follows from Jensen’s inequality.

Furthermore, when + is chosen as v < d—<'/2d , we have log, d=? =0 (6%) which implies
that kg = Q (log,y d-1/ 2). Therefore, we can obtain 7’“0 = O(dil/ 2), which yields the iteration
complexity of 7' = O (6%)

O
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C ZOSLGH algorithm with error tolerance

In Sections 3 and 4, we assumed that we had access to the exact function value or a gradient oracle
whose variance was finite. However, in some practical cases, we will have access only to the
function values containing error, and it would be impossible to obtain accurate gradient oracles of
an underlying objective function. Figure 2 illustrates such a case; although the objective function f
(Figure 2(a)) is smooth, the accessible function f’ (Figure 2(b)) contains some error, and thus many
local minima arise. In this section, we consider optimizing a smooth objective function f using only
the information of f’. We assume that the following condition holds between f and f’.

Assumption A3. The supremum norm of the difference between f and f’ is uniformly bounded:
sup |f(z) — f'(z)] < v.
z€eR4

In the stochastic setting, we assume sup,, cga | f(2;€) — f/(2;€)| < v for any &,

L) A

Ry

—— /777

S
(a) Smooth objective function (b) Accessible function with error

Figure 2: Illustration of a smooth objective function and the accessible function that contains error.

Please note that we do not impose any other assumptions on the accessible function f’. Thus, f’ can
be non-Lipschitz or even discontinuous. Even in such cases, we can develop an algorithm with a
convergence guarantee because its smoothed function F’(x,t) is smooth as far as ¢ is sufficiently
large. In the following, we denote the Lipschitz and gradient Lipschitz constant of F(-,t) as Lg(t)
and L4 (t), respectively.

The ZOSLGH algorithm in this setting is almost the same as Algorithm 3. The only difference is /v
rather than e in the update rule of 5 ;. See the Algorithm 4 for a more detailed description. Please
note that F, g, é;u, Gy é;u are defined in the same way as the no-error setting using f’.

Algorithm 4 Deterministic/Stochastic Zeroth-Order Single Loop GH algorithm (ZOSLGH) with
error tolerance
Require: Iteration number 7', initial solution 1, initial smoothing parameter ¢, sequence of step
sizes {0} for z, step size n for ¢, decreasing factor v € (0, 1), error tolerance v
for k =1to T do
Sample uy, from N (0,14)
Update z, by

Tpgr = T — PGl
., o
~ _ ) G (Tr, trs ug) (deterministic)
where G, , = { G (@, tr; €k ur), & ~ P (stochastic)

Sample vy, from N(0,1;)
Update t; by

P max{yty,/v} (SLGH;,)
MU max{min{ty, — G}, vk}, Vv (SLGHg)

- L
~ ) G (r, tr; vg) (deterministic)
where Gy = { Gi(xr, tr; Eks k), e ~ P (stochastic)

end for
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We provide the convergence analyses in the following theorems. The definitions of 2 in the determin-
istic and stochastic settings are given in Appendix C.2 and C.3, respectively.

Theorem C.1 (Convergence of ZOSLGH with error tolerance, Deterministic setting). Suppose
Assumptions Al and A3 hold.

Take ky := ©(d/e?) and kg := O (logﬁf l/d) and define ko = min{ky, ko }. Let & := x4/, where k'
is chosen from a uniform distribution over {ko+1,ko+2,...,T}. Set the stepsize for x at iteration k

as By = m ,k € [T). Then, for any setting of the parameter +y, if the error level v satisfies

v = 0(e?/d?), 2 satisfies E[||V f(2)||]] < e with the iteration complexity of T = O(d®/€?), where

. . . 2
the expectation is taken w.r.t. random vectors {uy,} and {vy}. Further, if we choose v < d=%(<"/4),

the iteration complexity can be bounded as T = O(d/€?).

Theorem C.2 (Convergence of ZOSLGH with error tolerance, Stochastic setting). Suppose
Assumptions Al, A2 and A3 hold. Take ky := ©(d/e*) and ky := O (log, 1/d) and define

ko = min{ky, ko}. Let & := xy, where k' is chosen from a uniform distribution over {ko +
; . . . 1 1
1,ko+2,...,T}. Set the stepsize for x at iteration k as B, = min { T DL (e (07D |

Then, for any setting of the parameter v, if the error level v satisfies v = O(€%/d®), & satisfies
E[||[V£(2)||] < € with the iteration complexity of T = O(d?/e* + d3 /%), where the expectation is

Q(e

taken w.r.t. random vectors {uy,}, {vy} and {&}. Further, if we choose v < d=("/4)  the iteration

complexity can be bounded as T = O(d/e*).

C.1 Proofs for technical lemmas

We introduce several lemmas before going to the convergence analysis. All of them describe properties
of the function with error f” and its Gaussian smoothing F’. Throughout this subsection, we assume
that f is Lo-Lipschitz and L;-smooth function. We also suppose that the function pair (f, f’) satisfies
sup [f(z) — f'(z)| < v.

rcR4

Lemma C.3. Forany x € R and t > 0, we have

1/2
B |57/ t0) = @RIl | < 4+ DIV + 2L+ 6 + 8%

B | (7 0) = P IP| = B | 570+ 00 = 50) 4 (7= D+ t0) = (7 = )Pl

< 28, [ 5 (a4 t0) — Sl + 222 [ 07 ul?

2
14
<A4(d+4)||Vf(@)|? +t2L3(d+6)3 + 8=,

where the last inequality holds due to Lemma B.1 and Lemma B .4.

Lemma C.4. Forany x € R? andt > 0, we have

2
EC t%(f’($+tu,£) —f/(x;f))QH'u”? < 4(d+4)(||v.f(.’t)”2—|—o'2) +t2L%(d+6)3+8d%.
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Proof:

B | (P o+ tus€) = Flase) Ll
— B [B [ 50+ 069~ Fwi€) + (7= Do+ 1058 (7 = D))l
< 98¢ [B. [ (e + 0 €) — F P ul?] | + SEelBal20)?ul?]
<28 [L L+ + 2<d+4>Vf<m;£>||2] +5d%
Ad+4)(IVf(@)|* +0?) + °LI(d+6)° + 8dlt'—§,
where the second inequality follows from Lemma B.1 and Lemma B.4, and the last inequality holds

due to Assumption A2 (ii).

Lemma C.5. Forany x € R and for any t,,t, € T, we have

|F'(x,t1) — F'(,t2)| < Lolt1 — ta|Vd + 2u.

Proof:

|F'(2,t1) — F'(,t2)| = |F(2,t1) — F(x,t2) + (F' = F)(x,t1) — (F' — F)(z,t2)]
<|F(xz,t1) — F(z,t2)| + [Eu[(f" = f)(z + t1u)]] + [Eu[(f" = f)(z + t2u)]]
<|F(z,t1) — F(z,t2)| + Eu[|(f" = /)@ + tou)|] + Eu[|(f = f)(z + tau)]]
< |F(1‘,t1) (.’L‘ t2)|+21/

IN

Loty — to|Vd + 2v,

where the last inequality holds due to Lemma 3.3.

Lemma C.6 (Lemma 30 in [17]). For any x € R4 and for any t1,ts € T, we have

2v
- F < .
I9.(F" = F)(z, )] \ﬂt
Lemma C.7.

(i) F'(z,t)is Ly + \/jf-LlpSC/’lll‘Z in terms of x.
(ii) (Lemma 20 in [17]) F'(x,t) is Ly + —-smooth in terms of .

Proof for (i):

IVeF' (2, 0)]| < [VaF (z, )| + Vo (F' = F)(x, t)]]

2
<Lo+\[y,
Tt

where the last inequality holds due to Lemma 3.2 and Lemma C.6.

Lemma C.8. Forany x € R? and t > 0, we have

8 1?2

t2
IVI@)IR < 49, @0l + 13+ 07+ 22
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Proof: We have

V5@ = [Eul(VF(e), uyal|
H Fot tu) — Fla) — [fla+ tu) — F(@) — 10V F(z),u)])ul

2

2

< [Varten) - RS+ ) - 1(0) - 95 @)

< 2||VoF (x,t)|* + t% IEL[(f (@ + tu) = f(z) = H{V f(x),u) )u] |

< 2|V F(z, t)]* + zEu[lf(I +tu) = f(@) =tV f(2), w)]*[[ul’]

2 t2
< 2|V F(x,t)])” + Eo[[lu]]
t2L2
<2V F(x,t)|? + —1(d +6)°
1212
2(2|| Vo (F — F’)(:v,t)ll2 + 2|V F' (2, 1)) + Tl(d +6)°
1212 8 12

< A||\V F' (z, 1) + Tl(d+ 6)% + — 5

where the third last inequality holds due to Lemma B.1, and the last inequality holds due to Lemma
c.6.

C.2 Proof for the deterministic setting

Proof for Theorem C.1: Let wy := (ux,vy) and denote 0 := g, (g, tg; ux) — Vo F' (xg, ).
Utilize the updating rule for z and L (¢)-smoothness of F’(-,t). Then we have

Lq(t
%Hml )

( k) g2

F'(hqr,tr) < F(xp, te) + (Vo F' (wg, ), (Th1 — o8)) +

= F'(zp, tk) — Bi (Vo F' (@r, th), 9o (@h, try ur)) + BT (@, trs wg) ||

Ll(tk)

= F'(zp,tr) — Brl| Ve (zr, tr) | — B <VIF/(xk7tk)76 )+ 2.

Bl G (@, trs uk))
(26)

Denote

( k) 5o

Ey = =B (Vo F' (zp, tr), 0) + I*

= Bl G (st k)

for simplicity. From Lemma C.5 and (26), we get the upper bound for ||V, F’(z,t)||? as

Bill VaF' (zg, t6)||? < F'(2k, tr) — F'(wg41, tx) + B
= F'(zp, tk) — F'(pg1, ths1) + F' (Tps1, thg1) — F (@1, te) + Ex

< F/(.Z'k,tk) — F/(xk+17tk+1> + L0|tk+1 - tk|\/g+ 2v + E.
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Now, sum up the above inequality for all iterations kg + 1 < k < T (T > kg). Then we have

T
> Bl Ve (i, ta) |12

k=ko+1
T
< F/($k0+17tk0+1) — F/(xT+1,tT+1) + Lg Z ‘tk+1 - tk|f+ 21/ T — kjo Z Ey
k=ko+1 k=ko+1

SF/(xk0+17tk~o+1) v+ L d Z [tke1 — t| + 20(T — ko) + Z Ey.

k=ko+1 k=ko+1
T
< ' (@ho1) — f* + 30+ LoVd (tko+1 + Z [thy1 — tk|> +2v(T — ko) + Z Ey
k=ko+1 k=ko+1
T
< f(Thoyr) — f* 4 4v + LoVd (tkoﬂ + > bk — tk|> +20(T — ko) + Z B,
k=ko+1 k=ko+1

27)

where the third inequality holds due to Lemma C.5. We can bound the conditional expectation of E},
as

B, [Er | wi—11]

Ey, [L1(t .
_ _BkEwk[<vxF/(mkatk)a5k> |w[k—1]] + k[ 1( k) | Wk 1]}

5 BBy [1195 (s tres un) | | wip—1]
Ew.[Ll(tk) |wk— ] ~
< B (19 (st ) I wpe—]
By [L1(tk) | wip—1)] :
< —E B (A DB [V @) | wpy] + LY (A 4 6)° B 17 | iy
+8dE,, [I/z/ti | w[k_l]]) ,
where the first inequality holds since we have E, [0x | wpr—1]] = Ey, [0r | up—1] = 0, and

the last inequality holds due to Lemma C.3. Take the expectations of (27) w.r.t. random vectors
{Wky+15 ---» wr }. Then we can get

T
S GBIV F 1) ]

k=ko+1
< f(@hor1) = f*+4v + LoVd (tko+1+ > E tk-i—l—tk]) +2v(T — ko)
k=ko+1
( (d+4) Z ,@ Eow L1 ()| Vf (z)l ]+L2 d+6 Z Bk [Ly (tx tk]
k=ko+1 k=ko+1
L2
+8d Z B2E., {Ll (tr) = D (28)
k=ko+1 k
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Lemma C.8 together with (28) yields

T
Y GBIV (@)ll]

k=ko+1
T 2
Z wl |V F' (2, ) ||?] Z BLE,[t2)L3(d + 6)° +f Z BrE, [ ]
2.2 ko+1 T kot
l‘k0+1 f +4v + Lof <t;€0+1 + Z ‘tk—&-l — tk]> + ZV(T — ]fo))
k=ko+1

( (d+4) Z BREw L1 (tr) IV f (2x)[*] + LT(d + 6)° Z BeEuw[L1 (tk)17]

k=ko+1 k=ko+1

+8d Z B2E., [Ll tk);D

k=ko+1

+% Z BrEw[t7]L3(d + 6)° Z BrE., { ]

k=ko+1 k ko+1

By rearranging the terms, we obtain
T

Y (BEIVF(@o)lP] = 8(d + ) BREW[Ly (k) IV f () |*])

k=ko+1

<4 (f(ka) — [+ A+ LyVd <tk0+1 + Z wlltes: — tkH) + 2(T — k0)>

k= k‘0+1

<L2d+6

2
Z BRE,[Ly (ty) 3] + 8d Z BIE, [Ll(tk)tQD

k=ko+1 k=ko+1

Z BrEL[t3] L3 (d + 6)° Z BrEw [ } (29)

k=ko+1 k ko+1

1

If we update ¢;, (k € [T) as in Algorithm 4, we have v = O(t2), which yields L; (¢;) = O(1) from

Lemma C.7. Hence, by setting the step size [, as m (k € [T]), we can obtain

Tflk > Ew[llvf<$k)2]:O<Tdko <1+\/3 > Eollterr —tell +d* > Ew[’ﬁ]))

k=ko+1 k=ko+1 k=ko+1
in the same way as before. We can also get Zf:koﬂ [tk — t| = Z£:k0+1(tk — thy1) =
thot1 — try1 = tuye1 = O(y*0). Further, we have
T T 3 T ) 22K
Z ti, < Z max{t?y2k~D 1} < Z (t%wz(k D —|—1/) < 11_7 + v(T — ko)
k=ko+1 k=ko+1 k=ko+1

= O(v* + (T — ko)),
where the first inequality follows from the update rule of ¢; in Algorithm 4. Hence, we obtain
T

e X Bl = 0 (5 (14 Va4 0™ T - k) )

k=ko+1
_ d(1 + d*»*™) 3\ _ d(1 + d*~*™) 2
_O(T_ko +dV —O 4T—k0 +e€ )

29



where the last equality follows from the assumption of v = O(e?/d?).
Here, we have kg = O (%) by the definition of ky. Thus, by setting T = kg + O (f—j) =

O (). we can obtain By [[[Vf(#)|%] = 7255 SH_y, 1 Bull VA (@x)[2] < € This implies
Euw i [IVF(@)]] < €as Ewr[|[VF(@)]? < Ewr[|Vf(£)]?] follows from Jensen’s inequality.
Furthermore, when ~ is chosen as v < d~</¢ , we have log, d~! = O (%), which implies
ko = € (log,, d~"'). Therefore, we can obtain y* = O(d™'), which yields the iteration complexity
of T =0 (%).

O

C.3 Proof for the stochastic setting

Proof for Theorem C.2:

]_:e'[ Cp = ({k,uk,vk), k € [T} and denote §, := é;c(xk,tk;fk,uk) — VxF’(xk,tk). Since
G/, (x,t; &, u) is an unbiased estimator of V, F”(x,t), we have

L (ty)
2

= F'(zg, tx) — B <VmF'(fEk,tk),é;(iﬂk,tk;ﬁk,uk)> +

[ErN

Ll(tk)

F'(@ps1,ty) < F'(zg,te) + (Vo F' (2g, tr), (Tpe1 — xx)) +

5 BRIGE (2, b €y un) |2

= F'(on, ) — Bl VaF o, ) ° — B (Vo 1), 6+ T

Now, denote

BEIGL (g, ths &, un) ||

Ix = =B (Vo F' (zh, t), 0k) + BRlIG (ks s iy un) ||
for simplicity. Then, we can get the upper bound for ||V, F(x,t)||* with Ix:
Bell Vo F' (z, te) || < F'(wh, tr) — F'(2rg1, tr) + I
= F'(zp, tr) = F'(@py1, tegr) + F'(@pg1, terr) — F'(@pg1,te) + I
< F'(wp,tk) — F'(@gs1s ter) + Loltesr — te|Vd + 20 + I,

where the last inequality follows from Lemma C.5. Sum up the above inequality for all iterations
ko +1 <k <T. Then we have

Ly (ty)
2

T
D Bl VaF (g te)]?

k=ko+1
T
< F(Thot1 tho1) — F/ (@141, tr1) + LoVd Z [t — ti| +2v(T — ko) + Z Iy
k=ko+1 k=ko+1
T
Sf(xk0+1)_f*+4y—|—L0\/;i (tk0+1+ Z |tk+1—tk> +2v(T — ko) + Z 1.
k=ko+1 k=ko+1

(30)

‘We can also obtain
E¢, [k | Cr—1y]

= —BrEe, (Vo F' (x, t), 0k) | Cr—ng] +

2
E¢, [L1(t) | G g
= Za b el o (1 et w2 | o)

< Ec, [Ll(tk; | Ce—1)]s

B lln() [ Sl oy 1162 (s 1 0 ) 12 | Gy

B (4(d + 4 Ee IV F @) I1? | Gr-1y] +0°) +Eg [t | Cre—n]Li(d +6)°
+8dE¢, [V /1 | Ge-11]) »
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where the last inequality holds due to Lemma C.4.

Take the expectation of (30) with respect to (j,+1,

.., (. Then we have
T

Y BEIVF (@r t)]1%]
k=ko+1
T T
< f@ror1) — f*+4v + LoVd (%H + Y Eellte — tk]) +2(T —ko)+ > B[l
k=ko+1 k=ko+1
T
< f($k0+1) - f* +4v + Lo\/g (tk0+1 + Z ECHthrl — tk]> + 2I/(T — k0)+
k=ko+1
1
+5 ( (d+4) Z BREe[La(tw) [V f () P) + 0%) + Li(d + 6)° Z BREC[La (t)47]
k=ko+1 k=ko+1
+8d Z BrE¢ |:L1(tk)t]2€:|>7
k=ko+1
From Lemma C.8 (ii), we have
> BEIVf(@)]]
k=ko+1
o d+ 6)3
<4 S BENIVLF (o t)l2) + S aEE+E Y A [ ]
k=ko+1 k=ko+1 k: ko+1
T
<4 <f(:rk0+1) — f* +4v + Lo\/g (tk0+1 + Z ]E<[|tk+1 - tkH) + 21/(T — ko))
k=ko+1
T
2 (4(d+ 4) Y (BRE[L (te) IV £ ()| + o)) + Li(d + 6)° Z E¢ B3 [La (th)17]
k=ko+1 k=ko+1
2
+8d Z BrE¢ [Ll(m 2D
k=ko+1 [
s d+ 6)°
> BEc[t] + Z BrE¢ [tQ} : (31)
k=ko+1 k ko+1
By rearranging the terms, we obtain
T
> BRIV S () P] = 8(d + 4) BEE[La (8) |V f ()]%])
k=ko+1
T
<4 (f(xkoﬂ) — [+ 4v+ LoVd (tkoﬂ + > Eelfthar — tkH) +20(T — k0)>
k=ko+1
T T 2
4(d+4)o Z BrEc[Ly(th)] + L3 (d+6)° > BE[Li(te)ti] +8d Y B¢ [Ll(tk)QD
k=ko+1 k=ko+1 k=ko+1 b
L%d+6
1 . Z BrEc[t3] + Z BrE¢ LZ} : (32)
k=ko+1 k‘ ko+1

If we update t5, (k € [T1]) as in Algorithm 4, we have v = O(2), which yields L1 (tx) = O(1) from

Lemma C.7. Furthermore, if we set the step size §; as min 16(d+41)L1(tk)7 NG kl — (k €
— RO
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[T]), then we have

1 2
BB+ DL = B

= < 16(d +4) L1 (tx) + /(T — ko) (d + 4).

1
B

for all k& € [T]. Using the above inequalities, we can obtain

LS s —o [ Y YAZ i Bl —nl) a1+ 0 Eel)
Tk sz, VT—F T
c=ko+1

-0 Vd+dyko d+ d32ko iy
VT — ko T — ke
d—+ dvko  d+ d3~2ko

—0 Vd -+ dy Lakd |
VT — ko T — ko

where the second and last equality can be shown via a similar way as in the proof of Theorem C.1.
Here, we have kg = O (%) by the definition of ko. Thus, by setting 7' = O (f—z + f—i) =

0 (d— + d—) we can obtain E¢ [V £(2)1%] = 75 Sh_p,+1 EclIVf(22) %] < €. This im-
plies E¢ p [V (2)]]] < easE¢ p [[|VF(@)]? < Ec [V f(2)]]?] follows from Jensen’s inequality.
Furthermore, when 7 is chosen as v < d—¢/? , we have log,d™* =0 (%), which implies that
ko = Q (log., d~"'). Therefore, we can obtain y* = O(d~"), which yields the iteration complexity
of =0 (%).

O

D Optimization of test functions

In the first three subsections, let us compare the performance of our SLGH algorithms with GD-based
algorithms and double loop GH algorithms using highly-non-convex test functions for optimization:
the Ackley function [26], Rosenbrock function, and Himmelblau function [1]. We implemented the
following five types of algorithms: (ZOS)GD, (ZO)GradOpt, in which the factor for decreasing the
smoothing parameter was 0.5 or 0.8, (ZO)SLGH, with v = 0.995 or v = 0.999.

D.1 Ackley Function

The Ackley function is defined as
f(z,y) = —20exp [—0.2 0.5 (22 + y2)] — exp|0.5(cos 2wz 4 cos 27y)] + e + 20,

whose global optimum is f(0,0) = 0. As shown in Figure 3(a), it has numerous small local minima
due to cosine functions which are included in the second term. We ran the aforementioned five types
of zeroth-order algorithms with the stepsize § = 0.1 for 7" = 1000 iterations. The initial smoothing
parameter for the GH algorithms (ZOGradOpt and ZOSLGH;) was set to t; = 1, where local minima
of the smoothed function almost disappeared (Figure 3(b)). The smoothing parameter for ZOSGD
was chosen as ¢ = 0.005. We set the initial point for the optimization as (z,y) = (5, 5).
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(a) Ackley function (b) Gaussian smoothed function with parameter ¢ =
1

Figure 3: Visualization of the Ackley function and its Gaussian smoothed function.

We illustrate the optimization results in Table 3 and Figure 4. The GH methods successfully reach
near the optimal solution (0, 0) when the decreasing speed of ¢ is not so fast, while ZOSGD is stuck
in a local minimum in the immediate vicinity of the initial point (5,5). Please note that GradOpt
succeeds in optimization without decreasing the smoothing parameter since the optimal solution of
the smoothed function with £ = 1 almost matches that of the original target function.

Table 3: Optimization results of the Ackley function. The global optimum is f(0,0) = 0.

Methods (2,9) f(z,y)
SGD algo. ZOSGD (4.99,4.99) 12.63
GH algo.  ZOGradOpt (y = 0.5) (42x1073,1.9x1073) [ 14x10°?
ZOGradOpt (y =0.8) | (—2.2x1073,6.7x 1073) | 8.1 x 1072
ZOSLGH; (7y = 0.995) (1.97,1.97) 6.56
ZOSLGH; (7 =0.999) | (=3.6 x 1073, —4.6 x 107%) | 1.7 x 102

10

0.8

— Z0SGD
0.6 Z0GradOpt (y=0.5)
<==+ ZOGradOpt (y=0.8)

04l — ZOSLGH; (y=0.995) T~ i}
ZOSLGH;: (y=0.999) -

—— ZO0SGD .
Z0GradOpt (y=0.5) & \ ™

-+ ZOGradOpt (y=0.8)
—— ZOSLGH; (y=0.995)

Function value f(x,y)
Smoothing parameter t

0.2

0 ZOSLGH; (y=0.999) 00
0 200 400 600 800 1000 0 200 400 600 800 1000
lterations Iterations
(a) Function value f(z,y) versus iterations. (b) Smoothing parameter ¢ versus iterations.

Figure 4: Plots of the function value and the smoothing parameter during optimization of the Ackley
function.
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D.2 Rosenbrock Function

Let us define the Rosenbrock function in 2D as

Flw,y) =100 (y — 2%)* + (1 — ),

whose global optimum is f(1,1) = 0. This function is difficult to optimize because the global
optimum lies inside a flat parabolic shaped valley with low function value (Figure 5(a)). Since this
function is polynomial, we can calculate the GH smoothed function analytically (see [25]):

F(x,y,t) == Eu, u, [f (@ 4 tug, y + tuy)],  (ue,uy ~N(0,1))
= 100z* + (—=200y + 600t + 1)z — 2z + 100y> — 200>y + (300t* + 1012 + 1).

Thus, we applied first-order methods to this function. The stepsize and iteration number were
setto 3 =1 x 10~* and T = 20000, respectively. The initial smoothing parameter for the GH
algorithms (GradOpt and SLGH;) was set to t; = 1.5, where the smoothed function became almost
convex around the optimal solution (Figure 5(b)). We set the initial point for the optimization as

(z,y) = (=3,2).

(a) Rosenbrock function (b) Smoothed function with parameter t = 1.5

Figure 5: Visualization of the Rosenbrock function and its Gaussian smoothed function.

We illustrate the optimization results in Table 4, Figure 6 and Figure 7. The GH methods can decrease
the function value much faster than GD. This is because the smoothed function is much easier to
optimize than the original function while its optimal solution is close to that of the original one. In
the early stage of optimization, the GH methods reach near a point (0, 2), which is a good initial
point for optimization, while GD falls into a point in the flat valley, which is far from the optimal
solution. (Figure 7).

Table 4: Optimization results of the Rosenbrock function. The global optimum is f(1,1) = 0.

Methods (z,y) f(z,y)
GD algo. GD (0.468, 0.216) 0.284
GHalgo. GradOpt (y = 0.5) | (0.817,0.667) | 3.36 x 102
GradOpt (v = 0.8) | (0.808,0.652) | 3.70 x 102
( )
( )

SLGH, (y = 0.995) | (0.819,0.670) | 3.27 x 102
SLGH; (y = 0.999) | (0.795,0.631) | 4.19 x 102
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Figure 6: Plots of the function value and the smoothing parameter during optimization of the
Rosenbrock function.
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Figure 7: of the Rosenbrock function.

D.3 Himmelblau Function

The Himmelblau function is defined as
flay) =@ +y—11)P2+ (z+y* - 7)%

It has four minimum  points in  the  vicinity of = (z,y) =
(3.000, 2.000), (—2.805, 3.131), (—3.779, —3.283), (3.584,—1.848) and one maximum point
in the vicinity of (z,y) = (—0.271, —0.923). It takes the optimal value O at the four points. Since
this function is also polynomial, we can calculate the GH smoothed function analytically:

F(m7y7t) = Euz’uy [f(:r + tug, y + tuy)]v (Uzvuy ~ J\/(O, 1))

=a" + 2y + 6t2 — 21)2® + (2y° + 2t* — 1d)z + y* + (6t — 13)y” + (2t* — 22)y + (6t* — 34¢> + 170).
Thus, we applied first-order methods to this function. The stepsize and iteration number were set

to 8 =1 x 10~* and T = 2000, respectively. The initial smoothing parameter for GH algorithms

was set to t; = 2, where the smoothed function became almost convex around the optimal solution
(Figure 8(b)). We set the initial point for the optimization as (x,y) = (5, 5).
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(a) Himmelblau function (b) Gaussian smoothed function with parameter ¢ =
2

Figure 8: Visualization of the Himmelblau function and its Gaussian smoothed function.

Table 5, Figure 9, and Figure 10 show the optimization results. GD and our SLGH algorithms
successfully reach near the global optimum, while GradOpt fails to decrease the function value. This
is because the optimal solution of the smoothed function when ¢ = 2 lies near the maximum point
of the original Himmelblau function (—0.271, —0.923). Figure 10 describes detailed optimization
process. Our SLGH algorithm succeeds in returning to the optimal solution once it has passed by
reducing ¢. In contrast, GradOpt reaches the vicinity of a minimum of the smoothed function without
knowing the detailed shape of the original function; as a result, it is stuck around a local maximum of
the original function.

Table 5: Results of optimization of the Himmelblau function. It has a global optimum f(3,2) = 0.

Methods (z,9) fz.y)
GD algo. GD (2.998,2.003) | 1.6 x 10~
GHalgo. GradOpt (y = 0.5) | (2.575, 1.437) 1414
GradOpt (y = 0.8) | (1.573,0.868) 80.51
( )
( )

SLGH; (v = 0.995) | (2.999,2.002) | 6.9 x 10>
SLGH; (v = 0.999) | (2.983,1.897 0.21
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"""""" 175
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= o
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5 —— SLGH, (y=0.995) g —— SLGH, (y=0.995)
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5 Q
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. 0.00
o _
0 250 500 750 1000 1250 1500 1750 2000 0 250 500 750 1000 1250 1500 1750 2000
lterations Iterations
(a) Function value f(z,y) versus iterations. (b) Smoothing parameter ¢ versus iterations.

Figure 9: Plots of the function value and the smoothing parameter during optimization of the
Himmelblau function.
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Figure 10: Comparison of output sequences of GradOpt, in which the factor for decreasing the
smoothing parameter is 0.8, and SLGH, (v = 0.999) with contours of the smoothed Himmelblau
function. The blue and orange lines represent output sequences of GradOpt when ¢t = 2.0 and ¢ = 1.6,
respectively.

D.4 Additional Toy Example

At the end of this section, let us present a toy example problem in which SLGHy, which utilizes

the derivative %—f for the update of ¢, outperforms SLGHy. Let us consider the following artificial
non-convex function:

22 — 150 x 1.1~ (@=10)*+y?) >0

j— ( -
f(x,y) = { x2/50 — 150 x 1.1-((==10)*+¢?) (x<0

= =

The second term creates a hole around (z,y) = (10, 0) (see Figure12(a)), and this function has an
optimum in the vicinity of f(9.319,0) ~ —56.670. This function is difficult to optimize for GH
methods since the hole around the optimum disappears when the smoothing parameter ¢ is large
(Figure12(b)).

We ran SLGH; (v = 0.995 or 0.999) and SLGHyq (y = 0.999) with the stepsize (for ) § = 0.01 for
T = 1000 iterations. The initial point and initial smoothing parameter were set to (z,y) = (15,0)
and t; = 5, respectively. We set the stepsize for ¢ as 0.01.

Table 6 and Figure 11 show the optimization results. We can see that only SLGHy can decrease ¢
around the hole adaptively, and thus successfully can find the optimal solution.

Table 6: Optimization results of the artificial non-convex function. It has a global optimum in the
vicinity of £(9.319,0) ~ —56.670.

Methods \ (z,y) \ f(z,y)
GHalgo. SLGH, (7 = 0.095) | (—0.248,2.38 x 10-7) | —5.52 x 10-7
SLGH, (7 = 0.999) | (—2.959, —2.18 x 10~3) 0.175
SLGHg (v = 0.999) |  (9.319,8.33 x 10~2) ~56.670
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Figure 11: Plots of the function value and the smoothing parameter during optimization

of the artificial non-convex function.
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Figure 12: Visualization of the artificial non-convex function and its Gaussian smoothed function.
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E Black-box adversarial attack

E.1 Experimental Setup

We used well-trained DNNs* for CIFAR10 and MNIST classification tasks as target models, re-
spectively. We adopt the implementation® in [9] for ZOSGD and ZOAdaMM. GradOpt [14] in our
implementation adopts the same random gradient-free oracles [28] as with our ZOSLGH methods,
rather than their smoothed gradient oracle, where random variables are sampled from the unit sphere.
Moreover, we set the stepsize in its inner loop as a constant instead of ©(1/k), where k denotes
an iteration number in the inner loop, due to less efficiency of the original setting. Therefore, the
essential difference between GradOpt and ZOSLGH; is whether or not the structure of algorithms is
single loop.

As recommended in their work, we set the parameter for ZOAdaMM as vy = 1072, 81 = 0.9,
and B2 = 0.3. The factor for decreasing the smoothing parameter in ZOGradOpt was set to 0.5.
For all algorithms, we chose the regularization parameter A as A = 10 and set attack confidence
K = le — 10. We chose minibatch size as M = 10 to stabilize estimation of values and gradients
of the smoothed function. The initial adversarial perturbation was chosen as zy = 0, and the initial
smoothing parameter ¢y was 10 for GH methods and 0.005 for the others. The decreasing factor
for ¢ in the ZOSLGH algorithm was set to v = 0.999 for both of ZOSLGH; and ZOSLGHy, unless
otherwise noted. Other parameter settings are described in Table 7. We used different step sizes for
Z0OAdaMM because it adaptively penalizes the step size using the information of past gradients [9].

Table 7: Parameter settings in the adversarial attack problems. 7" represents the iteration number.
[ is the step size for x, and 7 is the step size for t. Ny and ¢( are used to determine termination
condition of the inner loop in ZOGradOpt: we stop the inner loop and decrease ¢ if the condition
|37 Zﬁl f(@rg1 +tw) — 55 Zf\il fxr + tul)] < e is satisfied Ny times, where u; and u} (i =
1,..., M) are sampled from A (0,1;). Each of “3072” and “784” is the dimension of images in
CIFAR-10 and MNIST.

B 8
T (other than n (No, €0)
ZOAdaMM) (for ZOAdaMM)
CIFAR-10 | 10000 | 0.01/3072 0.5/3072 1= 10-%/3072 | (100,5 x 10-9)
MNIST | 20000 1/784 100,784 0.1/784 (100,1 x 1073)

E.2 CIFAR-10

Additional plots Figures 13 and 14 show additional plots for total loss and Ly distortion, respec-
tively. We can see that our ZOSLGH algorithms successfully decrease the total loss value except in
cases where images are so difficult to attack that no algorithms succeed in attacking (Figure 13(i),
13(3)). Plots in Figure 14 imply that the algorithms are stuck around a local minimum z = 0 when
they are failed to decrease the loss value.

*https://github.com/carlini/nn_robust_attacks
>https://github.com/KaidiXu/ZO-AdaMM
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Figure 13: Additional plots of total loss versus iterations on CIFAR-10 (log scale). (a)-(c) All
algorithms can successfully decrease the loss value when images are easy to attack. In particular,
in plot (c), SGD-based algorithms can find better solutions than GH-based algorithms. (d)-(f) Only
GradOpt fails to attack due to its slow convergence. (g) Only ZOSGD is stuck around a local
minimum x = 0. (h) Only our ZOSLGH; algorithm succeeds in escaping the local minimum, and
thus it can decrease the loss value more than 200 than other algorithms. (i), (j): These images are so
difficult to attack that no algorithms can succeed in attacking.
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Figure 14: Plots of Lo distortion versus iterations for images that are difficult to attack on CIFAR-10.
Each plot of (a)-(d) corresponds to Figure 13(g)-Figure 13(j).
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Effect of choice of the parameter v in the ZOSLGH algorithm We also investigated the effect of
choice of the decreasing parameter «y in the ZOSLGH algorithm. We compared ZOSGD, ZOSLGH;
with v = 0.995, and ZOSLGH, with v = 0.999. All other parameters were set to the same values
as before. Figure 15 implies that the decreasing speed of ¢ is associated with a trade-off: a rapid
decrease of ¢ yields fast convergence, but reduces the possibility to find better solutions.
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Figure 15: Comparison of total loss transition of ZOSGD, ZOSLGH; with v = 0.995, and ZOSLGH;
with v = 0.999 (log scale).
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Generated adversarial examples Table 8 shows adversarial images generated by different algo-
rithms and their original images.

Table 8: Comparison of adversarial images for CIFAR-10 with different algorithms.

Image ID 39 79 89 115

Original

Classified as
Lo distortion:

Z0SGD

]

o

=~ -
“ogq

mo

o .

3
3 ' = -
— S 2.

o

5 o

¢

Classified as
L distortion:

truck (fail.) horse
0.154 5.6 x107° 4.5 x 1073

ZOAdaMM Y :
Classified as eiirplane truck (fail.) horse

L, distortion: 0.145 0.131 1.6 x 1073
20GradOpt v E :
Classified as airplane (fail.) horse

Lo, distortion: 0.254 1.1 x 10730 0.192

Classified as cat airplane  automobile horse
Lo distortion: 0.540 0.212 0.282 0.076
Classified as cat éirplane automobile horse
Ly, distortion: 0.359 0.174 0.241 0.075

E.3 MNIST

Finally, let us show the experimental results on the MNIST dataset. Our ZOSLGH algorithms attain
higher success rates than other algorithms on this dataset as well as CIFAR-10 (Table 9). Moreover,
the average number of iterations to achieve the first successful attack becomes comparable to ZOSGD.
The main difference from the results on CIFAR-10 is that the average of L distortion at successful
time becomes far larger, from 0.050 ~ 0.250 to 4.25 ~ 5.20. This implies that attacks on MNIST
are more difficult than those on CIFAR-10. See Figure 16 and Figure 17 for additional plots for total
loss and Lo distortion. Figure 10 shows adversarial images generated by different algorithms and
their original images.
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Table 9: Performance of a per-image attack over 100 images of MNIST under 7" = 20000 iterations.
“Succ. rate” indicates the ratio of success attack, “Avg. iters to 1st succ.” is the average number of
iterations to reach the first successful attack, “Avg. Ly (succ.)” is the average of Lo distortion taken
among successful attacks, and “Avg. total loss” is the average of total loss f(z) over 100 samples.
Please note that the standard deviations are large since the attack difficulty varies considerably from

sample to sample.

Methods Succ. rate Avg. iters Avg. Ly Avg. total loss

to 1st succ. (succ.)
SGD algo. Z0SGD 67% 1171 +£1954 | 4.83 +£4.13 | 73.60 £102.70
ZOAdaMM 1% 261 +£1068 | 4.254+3.36 | 67.49 £ 100.25
Z0GradOpt 84% 6166 £ 4354 | 5.16 £ 2.28 28.25 £+ 65.35
GH algo. ZOSLGH,; (v = 0.999) 96 % 1537 £277 | 4321244 11.83 + 37.88
ZOSLGHy (v = 0.999) 96 % 1342 £ 242 | 4.37 + 2.58 12.09 + 38.56
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Figure 16: Additional plots of total loss versus iterations on MNIST (log scale). (a)-(b) All algorithms
can successfully decrease the loss value when images are easy to attack. (c)-(d) Only GradOpt fails
to attack due to its slow convergence. (¢) ZOSGD and ZOAdaMM are stuck around a local minimum
x = 0. (f) Only our ZOSLGH algorithms succeed in escaping the local minimum, and thus they can
decrease the loss value more than 200 than other algorithms. (g), (h): These images are so difficult to
attack that no algorithms can succeed in attacking.
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Figure 17: Plots of Lo distortion versus iterations for images that are difficult to attack on MNIST.
Each plot of (a)-(d) corresponds to Figure 16(e)-Figure 16(h).
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Table 10: Comparison of the adversarial images for MNIST with different algorithms.

Image ID 10 21 48 83
Classified as

Lo distortion:

mmﬂnn

Classified as 0 (fail.) 7 (fail.)
Lo distortion: 4.1 x 10~7 1. 194 1. 183 1.8 x 1074

Classified as 0 (fail.) 7 (fail.)
L, distortion: 4.9 x 10~ 1.334 1.1()0 4.0 x 10714

Classified as 2 5 9 9
Lo distortion: 3.898 1.378 1.903 6.379
Classified as 2 5 9 9
L distortion: 3.867 1.261 1.106 6.075
Classified as 2 5 9 9
Lo distortion: 4.048 1.222 1.059 5.722
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