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Abstract

Stochastic zeroth-order optimization algorithms have been predominantly analyzed under
the assumption that the objective function being optimized is time-invariant. Motivated by
dynamic matrix sensing and completion problems, and online reinforcement learning prob-
lems, in this work, we propose and analyze stochastic zeroth-order optimization algorithms
when the objective being optimized changes with time. Considering general nonconvex
functions, we propose nonstationary versions of regret measures based on first-order and
second-order optimal solutions, and provide the corresponding regret bounds. For the case
of first-order optimal solution based regret measures, we provide regret bounds in both the
low- and high-dimensional settings. For the case of second-order optimal solution based re-
gret, we propose zeroth-order versions of the stochastic cubic-regularized Newton’s method
based on estimating the Hessian matrices in the bandit setting via second-order Gaussian
Stein’s identity. Our nonstationary regret bounds in terms of second-order optimal solu-
tions have interesting consequences for avoiding saddle points in the nonstationary setting.

Keywords: nonstationary and nonconvex optimization, regret measures, stochastic
zeroth-order algorithms, online cubic-Newton method

1. Introduction

Consider the canonical optimization problem of minimizing a function f(x) = E¢[F(x,§)]
using an iterative algorithm. In the stochastic zeroth-order setup, for each iteration ¢, the
optimizer has a guess x; for the minimum value, based on which we obtain noisy function
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evaluations of the form F(x:, &) at the point z;. Based on this feedback received, the
point x; is updated so that it is closer to the minimum value of f(x), or the algorithm
is terminated if we are already sufficiently close to the minimizer. Such stochastic zeroth-
order optimization algorithms have been studied for several decades. We refer the interested
reader to Spall (2005); Conn et al. (2009); Brent (2013); Zabinsky (2013); Audet and Hare
(2017); Larson et al. (2019) for details regarding more recent progress, and applications
to statistical machine learning, simulation-based optimization and operations research. An
important aspect of the above stochastic zeroth-order optimization setup is the stationarity
aspect — the objective function being optimized stays fixed during the course of the iterative
optimization process.

A practical variant of the above setup is that of nonstationary stochastic zeroth-order
optimization, where we have a sequence of functions fi(z) = E¢[Fy(x,£)] to be optimized
with the corresponding minimizers defined as

Ty = armgelgin {fi(z) = Ee[Fi(x, )]} (1)

Here, f; : R — R and X € R? is convex and compact. In each iteration, the optimizer picks
a point xy and observes (several) noisy function evaluations Fy(z, &) at the picked point,
a posteriori. The goal of the optimizer is then to select points xz; eventually to minimize
the so-called regret, which compares the accumulated error over all T rounds, against the
error suffered by a certain oracle optimal rule that could be computed only knowing all the
functions, a priori. In the most well-studied setting of this sequential stochastic optimization
problem, the functions f; are assumed to be convex and the oracle decision rule compared
against, is chosen to be a fixed rule z* := argmin,y 23:1 fi(x). In this case, a natural
notion of regret is given by R = Zthl fr(xy) —Z?zl fi(Z*). Tt is easy to see that the regret of
any non-trivial decision rule should grow sub-linearly in 7" and several algorithms exists for
attaining such regret — we refer the reader to Flaxman et al. (2005); Cesa-Bianchi and Lugosi
(2006); Hazan et al. (2007); Agarwal et al. (2010, 2011); Saha and Tewari (2011); Bubeck
et al. (2012); Shamir (2013, 2017); Bubeck et al. (2017) for a non-exhaustive overview of
such algorithms and their optimality properties under different assumptions on f;. Another
natural way to measure the performance of sequential stochastic optimization algorithms
is to compare against the sequence of minimal vectors {z}}]_; directly. In this case, the
nonstationary regret is defined as R = Zthl fe(z) — Zthl fi(zf) (Bousquet and Warmuth,
2002; Hazan and Seshadhri, 2009; Besbes et al., 2014, 2015; Hall and Willett, 2015; Yang
et al., 2016). Indeed, to obtain sub-linear regret in this setting, typically the degree of
allowed nonstationarity in terms of either the functions or the minimal vectors needs to be
bounded; see, for example Besbes et al. (2015); Yang et al. (2016).

In this paper, we consider stochastic zeroth-order optimization under both nonstationary
and nonconvexity. Several issues arise when considering such problems. The fundamental
one is that of defining an appropriate notion of regret under both nonstationarity and non-
convexity. Note that when the objective functions are nonconvex, it is computationally hard
to obtain a globally optimal value; see for example Murty and Kabadi (1987). Furthermore,
even ignoring the computational hardships and allowing for unbounded computational re-
sources, in the stochastic zeroth-order setting, without further assumptions, the number
of function queries required to obtain a (approximate) global minimizer scales exponential
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in the dimensionality (Novak, 2006; Novak and Wozniakowski, 2008). Hence, the notion
of function value based regret discussed above for the case of convex functions is not so
meaningful from a computational and statistical point of view in this case. As a way for-
ward, it becomes important to define notions of regret that convey computationally and
statistically meaningful information by leveraging the structure available in the problem.
In this work, we propose local optimality based regret measures — specifically ones that are
based on approximate first- or second-order optimal solutions — considering general smooth
nonconvex function. Our proposal is motivated by the use of such measures in the stochastic
nonconvex optimization literature (Nesterov and Spokoiny, 2017; Ghadimi and Lan, 2013;
Balasubramanian and Ghadimi, 2021). In order to obtain meaningful bounds for such local
optimality based regret measures, it turns out that, similar to the convex case, controlling
the allowed degree of nonstationarity in a delicate manner becomes crucial. It is worth re-
marking here that Hazan et al. (2017) considered first and second-order optimization under
nonstationarity and nonconvezity, and showed that only trivial regret bounds are possible
without controlling the allowed degree of nonstationarity. For the above mentioned no-
tions of local convergence based nonstationary regret, in this work, we propose and analyze
stochastic zeroth-order algorithms and characterize the precise dependence of the regret
bounds of the algorithms on the allowed degree of nonstationarity. To our knowledge, our
work provides the first non-trivial regret bounds for stochastic zeroth-order optimization
under both nonstationarity and nonconvezity. We next provide some motivating examples
for our proposed regret measures.

Motivating Application I: Dynamic Matrix Completion. Low-rank matrix factoriza-
tion and completion arise in a variety of signal processing and machine learning applications.
In the simplest setting, the problem is to recover an unknown matrix X € R™*"2 which is
assumed to be of rank r < min(ni,ng), given m observations through a (linear) random
operator A : R"*"2 — R™_ If we let y € R™ to be the ouput of this linear operator A,
then the matrix X is recovered by minimizing ||y — .A(X)||3 over all rank-r matrices. Due
to the nonconvexity of the low-rank constraint, a popular approach is to re-parametrize
the problem as X = UV'T for U € R™*" and V €R™*". Then, several recent works have
shown that for the objective ||y — AUV T)||3, all local-minimzers are approximate global
minimizers under certain regularity conditions on the operator A. See Ge et al. (2016); Chi
et al. (2019); Zhu et al. (2021); Zhang (2021); Zhang et al. (2021) for details.

A main application of the above problem setup is recommendation systems. Here, ng
users give ratings to a random subset of ngy items, which are put together in the form an
incomplete matrix. Then using matrix completion techniques, new items are recommended
to the users. However, as noted in several works, user’s preference change over time (Xu
and Davenport, 2016; Gultekin and Paisley, 2018; Xu and Davenport, 2017; Lee et al., 2016;
Fattahi et al., 2020). A more practical variant of the above matrix completion problem,
which takes explicitly the variations into account, is applicable to recommendation prob-
lems arising in practice. In this setup, we are given a sequence of T" matrices Xi,... X7
which are observed through time-varying linear random operators Aj, ..., Ar. Denoting
the corresponding outputs as yi,...,yr, the nonconvex and nonstationary version of the
matrix completion problem is given an optimization problem where the objective function
fi = llye — A(U;V,")||2 changes over time. Indeed, it is natural to assume here that the
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objective functions f; do not change too abruptly as user’s preferences invariably change
smoothly over time. Hence, the problem discussed above fits the setup that we consider in
this paper thereby serving as motivating example. The results we provide in Section 3.2, in
combination with landscape results discussed above would lead to global sub-linear regret
bounds for the time-varying matrix completion problem. A detailed investigation of this is
left as future work.

Motivating Application II: Deep Markov Decision Process. Another motivating
application for the nonstationary nonconvex setting that we consider is the problem of
Markov Decision Process (MDP) that arise in reinforcement learning, a canonical sequential
decision making problem (Sutton and Barto, 2018). An MDP M is parametrized by the
tuple (S, A, P,c). Here, S C R® and A C RP denote the state and action space respectively,
P:SxAxS — [0,1] denotes be the transition probability kernel and ¢(s,a) : S x A — R
denotes the cost function. The goal of an agent working with the MDP M, at a given time
step t, is to choose an action a; based on data {s;, a;, c(s;, ai)}ﬁ;% and s;. The agent does
so by minimizing the cost (given by c¢) over time. Based on the actions chosen, the process
moves to state s;+1 with probability P(s¢41]at, s¢). To formulate the problem precisely, we
introduce the so-called policy function, my(a|s) = mg(a,s) : A x S — [0, 1], which denotes
the probability of taking action a in state s. Here, # € R? is a parameter vector of the
policy function. Then, the precise formulation of the problem describing the goal of the
agent is given by the following offline optimization problem.
w)J)

¢
E (Z (s, a;)

i=1
where a; ~ mp(-|s;) and s;y1 ~ P(-|si,ai), for all 1 < ¢ < ¢ and E; represents the (fixed)
initial distribution of the states. The quantity Vj(s) is called as the value function and it is
indexed by 6 to represent the fact that it depends the policy function my. Policy gradient
method (Williams, 1992; Sutton and Barto, 2018) is a popular algorithm for solving the
above problem. Recently, it has been realized that parametrizing my by a deep neural
network leads to better results empirically; see, for example Haarnoja et al. (2017); Li
(2017).

In the online nonstationary version of the MDP problem above, there are two significant
changes to the above setup (Neu et al., 2010; Arora et al., 2012; Guan et al., 2014; Dick et al.,
2014). First, the cost function ¢ is assumed to change with time and is hence indexed by ¢;.
Next, the interaction protocol of the agent is changed so that at time ¢, the agent receives
s; and selects action a; based on which it receives the cost ¢;(s¢, a;). The probability kernel
P is typically assumed to be known in Online MDP problems (Neu et al., 2010; Dick et al.,
2014). The goal in online nonstationary MDP is to come up with a sequence of policies mpx
to minimize an appropriately defined notion of static or dynamic (nonstationary) regret.
Clearly this falls under the category of sequential decision making problem described in
Equation 1. If the objective function is convex, then existing results on nonstationary
online convex optimization could be leveraged to provide regret bounds in this setting. But
if the optimization problem involved is nonconvex, there is a lack of a clear notion of regret
to work with, to the best of our knowledge. The results we provide in Sections 3.2, in

6% = min {J(ﬁ) = E; [Vy(s)] = Eq
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combination with landscape results about neural networks (for example, Kawaguchi et al.
(2019)) would lead to global sub-linear regret bounds for nonconvex online MDP problems
(which is the case when the policies 7y are parametrized by deep neural networks). A
detailed investigation of this is left as future work.

We end this section with the following remark. For both the motivating examples, it
might be possible to obtain refined bounds taking into account and leveraging the structure
specific to the respective problem. Our results in this paper are provided for any general
functions that satisfy mild smoothness assumptions. The provided results extend similar
general results in the stochastic zeroth-order optimization literature to the nonconvex and
nonstationary setting.

2. Assumptions and Contributions

We first outline the basic notations that we use in this paper. For a function f : R¢ — R,
we denote the sup-norm as || f||, := sup,cga|f(z)|. Furthermore, we denote the gradient
vector and the Hessian matrix at a point z € R? as Vf(z) € R? and V2 f(x) € R¥9. For
the stochastic function F'(x,&), we denote its partial gradient and Hessian with respect to
x by VF(z,€) and V2F(x,£), respectively. For a vector a € R?, we use ||a||, and ||a|. to
denote a norm and the corresponding dual norm on R%. For a matrix A € R¥?, we use
|Al|F and ||Al,p to denote the Frobenius norm and operator norm respectively. We also use
Amin(A) to denote the minimum eigenvalue of A. In the rest of this section, we first discuss
the assumptions we use in this work, after which we introduce the stochastic zeroth-order
gradient and Hessian estimators that we use in this work. Next, we introduce the notions
of regret that we propose in this work. We conclude the section by highlighting the main
contributions that we make in this work regarding the regret bounds.

2.1 Assumptions

We now state the assumption on the stochastic zeroth-order oracle we make in this work.

Assumption 2.1 (Zeroth-order oracle) For anyx € R?, the zeroth order oracle outputs
an estimator F (x,€) of f () such that

E[F(z,§)] = f(z), E[VF(2,8)]=Vf(z), E[V’F(z,8]=Vf(z),
E[|VF (2,6) = V[ (2)|]] <0 and E[|V?F (2,8 - V[ (2) ] <",

where all the expectations are w.r.t &.

Note that in the deterministic case, we have access to f (z),Vf (x), and V2f () instead of
their noisy approximations. Hence, in the deterministic case, 0 = 0, and » = 0. The choice
of the (Euclidean) norms will be fixed later in the individual sections. The above set of
assumptions are common in the literature of stochastic zeroth-order optimization (Nesterov
and Spokoiny, 2017; Ghadimi and Lan, 2013; Duchi et al., 2015; Balasubramanian and
Ghadimi, 2021).

We next require the following assumptions, characterizing smoothness properties of the
function being optimized, that are standard in the optimization literature Bubeck et al.
(2012); Nesterov (2018).
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Assumption 2.2 (Lipschitz Function) The functions Fy are L-Lipschitz, almost surely
forany &, i.e., |Fy (x,&) — Fy (y,&) | < L||lx —y||. We defer the specific choices of the norms
to the main results.

Assumption 2.3 (Lipschitz Gradient) The functions F; have Lipschitz continuous gra-
dient, almost surely for any &, i.e., ||[VF (x,§) — VE; (y,8)|| < Lal|lz — y||«. Note that this
also implies |Fy (y,&) — Fy (2,€) — (VF (2,€) ,y — x)| < LTGHZ/ —z||2. We defer the specific
choices of the norms to the main results.

Note that the above assumption also implies that the function f; has Lipschitz continuous
gradient with the same constant. We now state an analogous assumption for the Hessians
which is required for obtaining second-order optimal solution based regret guarantees.

Assumption 2.4 (Lipschitz Hessian) The functions f; have Lipschitz continuous Hes-
V2 fi(x) = V2 )], < Lu [l = ylly, -

op —

sian, i.e.,

The above assumptions lead to regret bounds that are polynomially dependent on the
dimensions. In order to obtain regret bounds that are only logarithmically dependent on
the dimension (thereby facilitating high-dimensional stochastic zeroth-order optimization
under nonstationarity), we also make the following structural sparsity assumption on the
functions.

Assumption 2.5 (Sparse Functions) The functions f;(x) are s-sparse. That is, they
depend only on s of the d co-ordinates, where s < d. As a consequence, we have the
gradients to be s-sparse as well, i.e., |V fy (z)||, < s, where ||y|lo denotes the number of
non-zero coordinates in y.

Functions that satisfy Assumption 2.5 are common in the fields of constructive approxi-
mation (DeVore et al., 2011; Han and Yuan, 2020; Wojtaszczyk, 2011) and non-parametric
statistics (Han and Yuan, 2020; Raskutti et al., 2012; Tyagi et al., 2018), as they extend
the idea of compressed sensing (Donoho, 2006) to the functional or non-parametric setting.
Furthermore, there are also several practical situations in which a function depending only
on a few of the coordinates needs to be optimized, for example, hyperparameter tuning
in deep learning (Snoek et al., 2012). We also remark that recently Wang et al. (2018)
and Balasubramanian and Ghadimi (2021) used similar assumptions in the context of sta-
tionary stochastic zeroth-order optimization. Furthermore, sparsity assumptions are also
explored in the context of contextual bandits Kim and Paik (2019); Bastani and Bayati
(2020); Wang et al. (2020) and reinforcement learning (Hao et al., 2021). Finally, it has
been observed in several practical machine learning problems that often times the gradient
are approximately sparse (Cai et al., 2020; Elibol et al., 2020). While in this work, we
assume exactly sparse functions and hence gradients, it is worth mentioning that the above
assumption is extendable to the approximately sparse case in a straightforward manner.

Next, we define the so-called uncertainty sets corresponding to the functions {f;}1_;
that capture the degree of nonstationarity allowed, following Besbes et al. (2015).
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Definition 1 (Besbes et al. (2015)) For a given Wp > 0, the uncertainty set Dr of
functions is defined as

T-1
Dy & {{ft}tT1 : Z 1fe = frrilloo < WT} : (2)

t=1

We emphasize here that, though the amount of nonstationarity is bounded by Wy, Wy is
allowed to increase with the horizon T'. This definition of nonstationarity can accommodate
different types of temporal pattern in the data, e.g., variable rates of change, constant
changes, periodic changes, and discrete shocks; see Besbes et al. (2015) for details.

2.2 The Zeroth-Order Methodology

We now briefly describe our stochastic zeroth-order gradient and Hessian estimation method-
ology, both of which are based on Gaussian Stein’s identity. Following Spall (1998); Nesterov
and Spokoiny (2017); Balasubramanian and Ghadimi (2021); Duchi et al. (2015), we define
the Gaussian Stein’s identity based gradient estimator of V f; (z;) as,

Fy (z¢ + vug, &) — Fy (24, ft)u
1%

th (l’t, U, gt) =

t (3)

where u; ~ N (0,1z). It is well-known (see e.g., Nesterov and Spokoiny (2017)) that
E [GY (z¢,ut,&)] = VY (z), where f! is a Gaussian approximation of f; defined as

2
llullg

f”(a:):ml)dp/f(x—i—yu) e 2 du=E[f(x+vu). (4)

The results below outline some properties of f“ and its gradient estimator, and provide
some preliminary results on the bias and variance that are used in the rest of the paper.

Lemma 2 (Nesterov and Spokoiny (2017)) Let f/ and GY be defined in (4) and (3),

respectively. If Assumption 2.2 holds with || - | = || - ||2 for fi (x), for any x € R?, we have
f{ (x) = fix)| <vLVd, and E [HG? (2, u, &)ll3| < L*(d+4)*. ()

Lemma 3 (Nesterov and Spokoiny (2017) ) Let the gradient estimator be defined as
(3) and let Assumption 2.8 hold with || - || = || - ||2 for fi (z). Then we have for any x € RY,
IB(GY (0,6~ Vfu (@)l < 2La(d+3)2, (6)

E (16} (0. 9)1] < 23 (d+ 6 +2(d+4) (IVf @) [+ 0%). ™)

The stochastic zeroth-order Hessian estimator is given by

Fi (20 + vue, &) + Fi (20 — vun, &) — 25 (21, &) (“tutT - Id) - ®

HY (z4,ut, &) = 9,2

where I; € R%*? is the identity matrix. The above estimator of the Hessian was proposed

recently by Balasubramanian and Ghadimi (2021), and is based on second-order Gaussian
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Stein’s identity. A theoretical analysis of the bias and variance of the Hessian estimator
was also provided in Balasubramanian and Ghadimi (2021) — we defer a discussion of such
results to the proofs later, as they are involved.

One-point versus Multi-point feedback: We emphasize that we consider the so-
called two- and three-point feedback settings for the zeroth-order gradient and Hessian
estimators, respectively in (3) and (8). That is, for a given random vector &, we assume
that the stochastic function F'(-,£) could be evaluated at any point z € X, and one or
two perturbed points, respectively, for estimating the gradient vector and the Hessian ma-
trix. Multi-point bandit feedback has been explored before extensively in the literature on
stochastic zeroth-order optimization and bandit optimization. For example, it is used in on-
line convex/strongly-convex optimization (Agarwal et al., 2010; Liu et al., 2017; Gorbunov
et al., 2018; Shames et al., 2019); zeroth-order convex and nonconvex optimization (Conn
et al., 2009; Larson et al., 2019; Audet and Hare, 2017; Duchi et al., 2015; Ghadimi and
Lan, 2013; Nesterov and Spokoiny, 2017; Balasubramanian and Ghadimi, 2021); online non-
stationary convex optimization (Chiang et al., 2013); online linear regression (Yuan et al.,
2019); supervised page-rank learning (Bogolubsky et al., 2016); reserve price optimization
in the context of auction (Feng et al., 2021); online boosting (Brukhim and Hazan, 2021).
This is primarily due to the sub-optimal oracle complexity of one-point feedback based
stochastic zeroth-order optimization methods in the stationary setting, either in terms of
the approximation accuracy or dimension dependency.

The use of one-point feedback for stochastic zeroth-order optimization could be traced
back to Nemirovsky and Yudin (1983). Motivated by this, there have been several works
in the machine learning community focusing on obtaining regret bounds for online convex
optimization. Specifically, considering the class of convex functions (without any further
smoothness assumptions) and adversarial noise (i.e., roughly speaking, with noise vectors
not necessarily assumed to be independent and identically distributed (i.i.d.)), Bubeck et al.
(2017) proposed a polynomial-time algorithm with a sample complexity of O(d?!/e?) which
was recently improved to O(d°/€?) in Lattimore (2020). For Lipschitz smooth convex func-
tions, Belloni et al. (2015) and Gasnikov et al. (2017), in the i.i.d noise case, obtained a
sample complexity of O(d°/e?) and O(d/e?), respectively. The best known lower bound
in this case is known to be O(d?/e?), which was established by Shamir (2013). Further
assuming (8 — 1) differentiable derivatives, for § > 2, Bach and Perchet (2016) obtained
sample complexities of O(d?/e2#/(F=1)) and O(d?/eP+D/(B=1) respectively for the convex
and strongly-convex setting, with i.i.d. noise case. See also Akhavan et al. (2020); Dani
et al. (2008); Hu et al. (2016); Saha and Tewari (2011) for other related works with in the
one-point feedback setting focusing on online convex optimization. In contrast to the above
discussion, with two-point feedback it is possible to obtain much improved oracle complex-
ities (i.e., linear in dimension and optimal in €) for stochastic zeroth-order optimization, as
illustrated in Agarwal et al. (2010); Duchi et al. (2015); Ghadimi and Lan (2013); Nesterov
and Spokoiny (2017). However, in some practical settings, it might be impossible to work
with multi-point feedbacks. Hence, in Section 3.3, we also provide results in the one-point
setting.
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2.3 Regret Measures

We are now ready to introduce the regret measures that we propose and analyze in this
work. Our first proposal is based on the notion of first-order optimal solutions or stationary
points, motivated by the use of similar performance measures in stationary nonconvex
optimization (Nesterov, 2018).

Definition 4 (Expected Gradient-size Regret) The expected gradient-size regret of a

randomized online algorithm is defined as (with || - ||, denoting the L, norm of a vector)
T
R (1) == > E[IVi @)l (9)
t=1

where the expectation is taken with respect to all the randomness in the algorithm.

The above notion of regret is to be considered under the assumption that the functions
{ ft}thl are general smooth nonconvex functions (that each satisfy Assumptions 2.2 and 2.3),
but satisfying the condition in Definition 1. It has been shown in stochastic first-order
setting by Hazan et al. (2017) that for general smooth nonconvex functions (that satisfy
Assumptions 2.2, and 2.3), under a further boundedness assumption, the order of the above
gradient-size based regret is Q2 (7'). This motivates us to consider the notion of regret in
Definition 4 under a controlled degree of nonstationarity as in Definition 1. It is also worth
emphasizing the connection between gradient-size based regret measure in Definition 4 and
the path-length of stochastic gradient descent algorithm for offline optimization. Specifi-
cally, for offline optimization, when the functions f; are the same, Oymak and Soltanolkotabi
(2018) show that gradient descent follows an almost direct trajectory to the nearest global
optima by showing that the path-length is bounded for offline optimization problems. Our
results bounds in Theorem 6 on the notion of regret in Definition 4, provides a natural
extension of the results of Oymak and Soltanolkotabi (2018) for the online setting, where
the functions do change over time. We next consider the following notion of regret, based
on second-order optimal solutions.

Definition 5 (Expected Second Order Regret) The expected second-order regret of a
randomized online algorithm is defined as

3
max (HVft(xt)Hg, <—L2H)\min (szt (xt))) )] )

(10)

T

T
Reve (T) = Elrye ()] =D E
t=1

t=1

where the expectation is taken with respect to all the randomness in the algorithm.

Similar to the case above, this notion of regret is also to be considered under the assump-
tion that the functions {f;}._; are general smooth nonconvex functions (that each satisfy
Assumptions 2.2 and 2.4), but satisfying the condition in Definition 1. The scaling 2/Ly is
used mainly for convenience of theoretical analysis and is also used in stationary nonconvex
optimization analysis (Nesterov, 2018). The above regret is motivated by the problem of
escaping saddle-points in nonconvex optimization. In other words, considering stationary
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stochastic nonconvex minimization, while the first-order optimal solutions might include
maxima, minima or saddle point, second-order optimal solutions are purely local minima
avoiding saddle points. Indeed the second term inside the max function in (10) measure the
curvature of the Hessian matrix at the solution thereby characterizing the local minimizers.
Such local minimizers turn out to be (near) global minimizers and have favorable statisti-
cal properties in a several practical machine learning problems (Haeffele and Vidal, 2015;
Kawaguchi, 2016; Jin et al., 2017; Nguyen and Hein, 2017; Roy et al., 2020). The above
definition, extends this idea of avoiding saddle points to the nonstationary setting that we
consider in this work.

A word is in order regarding our notations of regret above and function-value based
regret measures for general nonconvex function from the Multi-Armed Bandits (MAB) lit-
erature. As mentioned in the introduction without further assumptions on the function
being optimized, finding the global minimizer in the stochastic zeroth-order setting suffers
from curse of dimensionality even with unbounded computation (Novak, 2006; Novak and
Wozniakowski, 2008). Nevertheless, in the literature on continuum armed bandit problems,
function-value based regret bounds are studied in the stationary setting. For example,
Bubeck et al. (2011b) shows that when the function f is L-lipschitz continuous where L is

unknown, then the minimax optimal order for stationary regret, i.e., regret with respect to
_d_ d+l
the fixed best action, is O <Ld+2T d+2>. Kleinberg et al. (2008) shows that for Lipschitz

MAB on metric spaces, the expected stationary regret is upper bounded by O (T%J“C)
where d is the max-min-covering dimension, and ¢ > 0 is arbitrarily close to 0. MAB with
continuum of arms has also been studied in Kleinberg (2005); Auer et al. (2007); Bubeck
et al. (2011a). Tyagi and Gértner (2013) extends the work of Kleinberg et al. (2008) to the
high-deimnsional setting where the reward function is assumed to be ©¥-Holder continuous
and to depend on at most s < d coordinates. They show that the expected stationary

regret is O (TjTi(log T)%;sC(s,d)), where C(s,d) depends at most polynomially on s
and sub-logarithmically in d. Under same sparsity assumption, in Bayesian optimization
literature, Chen et al. (2012) establishes a high-probability bound of O (\/T(log T)%H) on

the expected stationary regret where the function is assumed to be bounded and sampled
from a zero-mean Gaussian Process with squared exponential kernel. When these meth-
ods are combined with algorithms designed for nonstationary MAB problems, e.g., Rexp3
(Besbes et al., 2019), Exp3.S (Auer et al., 2002), or other related methods (Besbes et al.,
2014; Allesiardo et al., 2017), one can hope to achieve function-value based regret bounds
under nonstationarity. Nevertheless, such regret bounds will still suffer from the curse of
dimensionality. In this context, our proposed regret measures are based on exploiting the
underlying structure of the problem, and are based on meaningful local optimal solutions
for which one can obtain improved and practical dependency on the dimensionality of the
problem.

2.4 Our Contributions

Our main contribution in this work is on obtaining upper bounds for the above introduced
notions of regret. Our regret bounds discussed below have an explicit characterization of

10



STOCHASTIC NONSTATIONARY NONCONVEX OPTIMIZATION

Algorithm Regret
(Reference) Structure Regret bound Notion
Asmp. 2.3 @) ((d + 02) VT WT)
GZGD L e )
(Theorem 6) G
Asmp. 2.2, 2.3 (@) (x/d T Wep (1 + 02))
Asmp. 2.3, 2.5 O (((slogd)® + o%) T W
| (o)) |
(Theorem 10) G
Asmp. 2.2, 2.3 2.5 O (slogd (1 +0%) VT Wr)
Algorithm 1 o . . . ) (2)
(Hazan ct al. (2017)) Bounded function, Asmp. 2.2, 2.3 O (T) (Deterministic 1st-Order) RG(T)
OCRN Asmp. 2.3, 2.4 o(73 W% 73 3 479 3,0 T
(Theorem 12) S 2.9, 2 L+ Wy ) + T+ (04 3) + T Wi s | |Rene (T)
ZCRN 2 i 3
T 3 i P ;
(Theorem 15) Asmp. 2.3 24 (@] (T (1 +Wp)|{l+o+0o Rene (T)
Algorithm 3 " ) 2 o IV N :
(Hazan et al. (2017)) Bounded function, Asmp. 2.2, 2.3, 2.4 O (T) (Deterministic 2nd-Order) Rye (1)
‘ 2 1
Asmp. 2.33.1 ol (1+ 0’2) dT3 VVY‘E
One-point GZGD (2)
(Theorem 18) o E)L‘(; (T)
w12 1
Asmp. 2.2, 2.3 3.1 o ((1 +0%) A2 T3 W'T3>
One-point ZCRN . 2 % 2 :
; .2 4, 3. .2 3 V- 9 ;
(Theorem 22) Asmp. 2.3, 24, 3.1, 3.2 o <T (1 +Wp | | L+ 0°(Wp/T)9 +0/o1 Repne (T)

Table 1: A list of regret bounds obtained in this work for nonstationary nonconvex optimiza-
tion. One-point GZGD and One-point ZCRN denote Algorithms GZGD (Algorithm 1) and
ZCRN (Algorithm 3) respectively with one-point gradient and hessian estimators instead
of two-point gradient and hessian estimators. The results from Hazan et al. (2017) are for
the 1st and 2nd order settings, without controlling the degree of nonstationarity. They are
provided in the table above just for the sake of comparison. Here o1 = max(c?,0’) where
E [|l¢]3] < o”.

the time horizon T, the degree of nonstationarity Wr and the dimensionality of the problem
d. The precise rates obtained are summarized in Table 1 for convenience.

e First-order regret: Considering nonconvex functions f; whose degree of nonstation-
arity is bounded in the sense of Definition 1, in Section 3.1, we first establish sub-linear

11
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regret bounds for first-order optimal solution based regret measures proposed in Defi-
nition 4. We quantify the dependence of this regret on the dimensionality d (which is
polynomial in d). This setting is referred to as the low-dimensional setting. Next, we
address the issue of dimensionality in this regret bound. Specifically, we consider the
case when the functions f; depend only on s of the d coordinates (see Assumption 2.5)
and provide regret bound that only depends poly-logarithmically on the dimension. We
refer to such a scenario as the high-dimensional setting.

e Second-order regret: Next, we consider the notion of second-order optimal solution
based regret in the sense of Definition 5, when the nonconvex functions f; are assumed to
be nonstationary in the sense of Definition 1. In Section 3.2, we then propose and analyze
online and bandit versions of cubic-regularized Newton method and establish sub-linear
bounds for the above mentioned regret measures. To the best of our knowledge, we pro-
vide the first analysis of cubic-regularized Newton method for stochastic zeroth-order
optimization under both nonconvexity and nonstationarity, and demonstrate sub-linear
regret bounds. The proposed stochastic zeroth-order cubic-Newton method is motivated
by the recently proposed zeroth-order Hessian estimator with three-point feedback mech-
anism from Balasubramanian and Ghadimi (2021) and is based on second-order Gaussian
Stein’s identity.

e One-point setting: While the above contributions are in the multi-point feedback
setting, in Section 3.3, we also provide the corresponding regret bounds in the one-point
setting and highlight the subtle differences that occur in this setting.

3. Main Results on Regret Bounds

In this section, we present out main results on the regret bounds. We first focus on the first-
order optimal solution based regret measure as in Definition 4 and provide regret bounds
in both the low and high-dimensional setting. We next focus on the second-order optimal
solution based regret measure as in Definition 5. For this case, we first provide a regret
bounds in the stochastic second order setting assuming access to both noisy gradients and
Hessians, after which we provide our regret bound in the stochastic zeroth-order setting.
These regret bounds are based on online versions of cubic-Newton method. We next focus
on a normalized version of regret to account for the multi-point feedback that we use in our
gradient and Hessian estimators, and show that the normalized version of regret is of the
same order as the one in Definitions 4 and 5. Finally, we focus on the one-point setting and
show how the bounds deteriorate gracefully in this setting.

3.1 Nonstationary First-order Regret Bounds

In order to establish the gradient size or first-order optimal solutions based regret bounds,
we consider a zeroth-order version of stochastic gradient descent algorithm adapted to
handle nonstationarity. The detailed method is given in Algorithm 1. In each iteration, the
gradient is computed based on the zeroth-order gradient estimator defined in Equation 3.
We remark Algorithm 1 or its variants is widely used in the literature on stochastic zeroth-
order optimization and bandit convex optimization.

12
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Algorithm 1 Gaussian Zeroth-order Gradient Descent (GZGD)

Input: Horizon T', n and v.

fort=1to T do

Sample standard Gaussian vector u; ~ N (0, I)

Query the function f; at points x; and x; + vu; and receive noisy evaluations Fj (zy,&;)
and Fy (x; 4+ vug, &)

Estimate the gradient as

Fi (2 +I/’LL7 — F T,
GY (x4, us, &) = ¢ (x4 tit) t(tgt)ub

Update
Tip1 = x¢ — NGy (xt, ut, ft) )

end for

3.1.1 LOW-DIMENSIONAL SETTING

We now provide the regret bounds achieved by Algorithm 1 in the low dimensional setting
in Theorem 6 below.

Theorem 6 Let {z;}]_, be generated by Algorithm 1, and Assumption 2.5 holds with ||| =
| - ll2 for any sequence of {f:}} € Dr.

(a) Choosing

vt = YT (11)
VTLa(d+6) 1 aLg(d+4) VT
we have
(2) 2
Re (1) <O ((d+0%)VTWr). (12)
In the deterministic case, as o = 0, choosing n = m, we get
R (T) < O (dWr). (13)
(b) Additionally, if Assumption 2.2 holds with || - || = | - ||l2, by choosing
. L 1 VW
v = min ) T (o n= , (14)
Lg(d+6) (TL3Gd5)Z L\/TLg (d+4)
we have
R (1) < 0 (x/dTWT (1+ 02)) . (15)

For the deterministic case o = 0.

13



RoY, BALASUBRAMANIAN, GHADIMI AND MOHAPATRA

Remark 7 Theorem 6, shows that as long as W < o(T) it is possible to achieve a sub-
linear regret for f)‘ig) (T'). In other words, one could obtain meaningful regret bounds even in
the nonstationary setting, as long as the degree of nonstationarity grows sub-linearly. It is
worth recalling that Hazan et al. (2017) showed that in the (deterministic) first-order setting
it is impossible to achieve sub-linear rate for ER(G?) (T'), when the degree of nonstationarity is

arbitrary.

We now present the high-level outline of the proof of Theorem 6 and defer the detailed
proof to Appendix A. First we show that at every time point ¢, if we ignore the bias and the
variance of the gradient estimator which was introduced in (3), the term 7 ||V fi (x) Hg /2 is
upper bounded by fi(x¢) — fi(x¢11) in expectation. Now we want to form a telescopic sum
to bound the sum of the gradient sizes. But due to nonstationarity, at every time step ¢,
an additional term appears of the form f;(z:) — fi—1(x¢). Observe that the sum of these
additional terms can be bounded by Wp. Hence, in the general case we use Lemma 2 to
bound the variance, and Lemma 3 to bound the bias of the gradient estimator. Finally, we
pick 1, and v suitably to establish the rates.

3.1.2 HIGH-DIMENSIONAL SETTING

We now bound the gradient size based regret for the high-dimensional case under the as-
sumption that the functions being optimized have s-sparse gradient. We need the following
two results similar to Lemma 3 to control the oo-norm of the bias and the second moment
of the gradient estimator.

Lemma 8 Let Assumption 2.2 be satisfied with || - || = || - |lco- Then for any x, and some
constant C > 0 we have,

(@)~ fulx)| < vLO+/2ogd, (16)
E (|G} (2,u,6)|%] < 4CL2(loga)?. (17)

Proof [Proof of Lemma 8| Using Assumption 2.2 with respect to co-norm, we have,

¢ () = fo(@)| SE[lfi(x +vu) — fi(@)]] <vLE[[ullo], (18)

IGY (2, u, €)|% = ‘ fila + m;) — 5@ |

< L2|lulls, (19)

HOO

which together with the fact that E [||ul|%] < C(2logd)*/? due to Balasubramanian and
Ghadimi (2021), imply the result. |

Lemma 9 (Balasubramanian and Ghadimi (2021)) Let Assumption 2.5 be satisfied

with || - || = || - |leo- Then for any x, and some constant C > 0 we have,
3
IE[GY (2,u,)] = Vi (2)]l o < CvLav2(logd)? (20)
E (|G} (z,u,)[% | < 4C(logd)® [v*LE logd + 4|V fi(x)|I5] (21)
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Now we present the main result on the gradient size regret bound in the high-dimensional
sparse setting.

Theorem 10 Let Assumption 2.3 be satisfied with || - || = || - || and Assumption 2.5 hold
for any sequence of {fi}} € Dr. Then for Algorithm 1,

(a) By choosing

v = LInin \/ 1 S\/Ologd = Wr (22)
Jor CLalogd”\V e [ "7 32CLgs(logd)> VT

we have

w (1)< 0 (((slog d)? + 02) TWT) . (23)
In the deterministic case, setting o =0, we get

® (1)< 0 ((slog d)? \/TWT> . (24)

(b) If, in addition, Assumption 2.2 holds with || - || = || - ||ec, by choosing
1
Y= L } ! v (25)
2T2CPLoL? (logd)') = 2JTCLgLlogd’
we obtain
NG (T) < O (slogd (1+0%) VTWr ). (26)

In the deterministic case, setting o =0, we get
® (1)< 0 (s log d\/TWT> . (27)

Remark 11 Compared to the regret bounds obtained in Theorem 6, the ones in Theorem 10
have only a poly-logarithmic dependency on the dimension d. The dependency on the sparsity
parameter s, is quadratic and linear without and with Assumption 2.2 respectively. We
believe this dependency could potentially be improved (to linear and square-root respectively),
howewver it seems to be outside the scope of our current proof technique, which is provided
Appendiz A.

3.2 Nonstationary Second-Order Regret Bounds

While gradient-size based regret (in Definition 4) controls first-order optimal solutions, it
does not allows us to avoid saddle-points that are prevalent in nonconvex optimization
problems arising in machine learning and game theory Dauphin et al. (2014); Hazan et al.
(2017). Hence, we now consider the notion of second-order optimal solution based regret
(Definition 5), and propose online and bandit versions of cubic regularized Newton method
to obtain the respective nonstationary regret bounds.

15



RoY, BALASUBRAMANIAN, GHADIMI AND MOHAPATRA

Algorithm 2 Online Cubic-Regularized Newton Algorithm (OCRN)
Input: Horizon T, M, my, b;

fort=1to T do

Set Gy = - 21 Y (w0,¢5))

me
Set f; = - 0t V2F, (w0, ¢1)
Update
Li+1 = argmin ft (xtvyv Gh Ht) M) ) (28)
Yy

where

- _ T 1 - M 3

ft (Ita Y, Gta Htv M) = Gt (y - CEt) + §<Ht (y - fL't) 5 (y - ‘Tt)> + F ”y - xt”Q . (29)
end for

3.2.1 ONLINE CUBIC-REGULARIZED NEWTON METHOD

The standard cubic-regularized Newton method Nesterov and Polyak (2006) has been
recently extended to the stochastic setting in Tripuraneni et al. (2018) and to the zeroth-
order setting in Balasubramanian and Ghadimi (2021). In Algorithm 2, we consider it in
the online setting. Note that Hazan et al. (2007) used online Newton method previously
in the context of online convex optimization to obtain logarithmic regret bounds under
certain assumptions and Hazan et al. (2017) used a modified online Newton method in the
context of online nonconvex optimization. The following theorem provides a regret bound
for Rpne (T') using the online cubic-regularized Newton method.

Theorem 12 Let us choose the parameters for Algorithm 2 as follows:

2 8 2
T \9 T \9 T \9
M="Ly(— = (= b=(—) . 30
H <WT> ) my <WT> ) t <WT> ( )
Moreover, suppose that Assumption 2.3 with || - || = || - |l2, and Assumption 2.4 hold for any

sequence of functions {f;}1 € Dr. Then, for all Wy < T, Algorithm 2 with the choice of
M > Ly produces updates such that

2 1 2 5 2
Rene (T) <O <T3 (1 - Wﬁ) +T3 (04 3%) + TOW, %2) : (31)

where the second-order regret Rpnc is defined in (10). As 0 = 3 = 0 in the deterministic
case, my = by = 1 is sufficient to get

Rene (1) <O <T§ <1 + Wé’)) : (32)

The proof outline is similar to that of the more general Theorem 15 which we discuss in
Section 3.2.2. The detailed proof of Theorem 12 is in Appendix B.
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Remark 13 The total number of function calls Zthl (my¢ + bt) over a horizon T is upper

11
bounded as O (T 9 +79 )

Remark 14 We now compare our second-order regret bound to that in Hazan et al. (2017),
which is given by

Rye (T ZTNC Zmax(HVft(xt)HQ, gég min(vzft(mt))3>§O(T)' (33)

This bound is obtained by assuming each loss function f; is bounded instead of assuming
their total gradual variation is bounded as we have in Definition 1. Noting that ryc (t) <

@) <\/72Nc (t) + *ne (t)), we can bound our regret by using the second-order method in
Hazan et al. (2017) such that

Rene (T) = Rye (T ZTNC <0 < THye (T) + Rye (T)> <o),

where the first equality and inequality follow under the deterministic setting and from
Holder’s inequality, respectively. We immediately see that an improved second-order regret
bound in achieved in (31), in comparison to Hazan et al. (2017).

3.2.2 ZEROTH-ORDER CUBIC-REGULARIZED NEWTON METHOD

We now extend the online cubic-regularized Newton method to the zeroth-order setting. In
order to do so, we leverage the three-point feedback based Hessian estimation technique,
proposed in Balasubramanian and Ghadimi (2021), which is based on Gaussian Stein’s
identity. The zeroth-order cubic-regularized Newton method is provided in Algorithm 3.
The following theorem states the bound for expected second order regret using zeroth-order
cubic regularized Newton method.

Theorem 15 Let us choose the parameters for Algorithm & as follows:

M =1Ly <WT

4

B T B . . T 9
my = (d +5) (maxu,WT)) . br=4(1+2log2d) (d + 16) <max(17WT)> . (37)

Moreover, let Assumption 2.2—2.3 with || - || = || - |2, and Assumption 2.4 hold. Then, for
all Wr < T, for any sequence of such functions {f;}1 € Dr, Algorithm & produces updates
for which Rpnc (T') is bounded by,

‘ﬁENc(T)§0<T§ <1+W1§> (1+a+a§’>>. (38)

In the deterministic case, setting o = 0, we obtain

Rinc (T) < O <T§ (1 I )) , (39)

elloe)
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Algorithm 3 Zeroth-order Cubic Regularized Newton Algorithm (BCRN)
Input: Horizon T', M ,my,b;
fort=1toT do

Generate utG(H) = [utG,fH),qu(H), e ,ufr(ni[()bt)] where ufl-(H) ~ N (0,1y)
Set
G G G
B T F; (l’t + yut’i,ftﬂ») — F; (xt,ftﬂ») G
Gt = Ht z; e ut,i (34)
Set
_ 1 F (90t + l/ugi,éﬁ) + B (Sﬂt - VU,%,fg) —2F (xt,ffi) HoomT
H, = b—t 2 21/12{ (“tz (um) Id)
(35)
Update
241 = argmin f (x4, y, Gy, Hy, M), (36)
Y

where ft (a;t, y, Gy, Hy, M) is defined in Equation 29.
end for

Here we present here the high-level outline of the proof of Theorem 15 while deferring the
detailed proof to Appendix A. First we show that at every time point ¢, if we ignore the

terms [V, — Gilla, V2 — Hill3,, and [V — il rve(t) = max (¥l 5 Ay ) i
upper bounded by the cube of the £5 norm of the difference of consecutive iterates xsy1 — x4,
|h¢]|® (Lemma 32). Then we show that M||h||?/36 is bounded by f;(z¢) — fi(2441) ignoring
the terms ||V, — Gt||§/2, and ||VZ — f{tng. Now we want to form a telescopic sum to bound

Rpnco(t) = Y1 rno(t) in expectation. But since this is a nonstationary environment,
similar to the proof of Theorem 6, at every time step ¢ an additional term appears of the
form fi(z¢) — fi—1(x¢). Note that the sum of these additional terms can be bounded by Wr.
Now observe that the terms we have been ignoring so far are different moments of gradient
and hessian estimation error. We use Lemma 30, and Lemma 31 to bound there moments.
Finally, one needs to choose M, v, m;, and b; suitably to establish the rates. The detailed
proof of Theorem 15 is in Appendix C.

Remark 16 Although, the bound obtained in Theorem 15 is independent of dimension, we
emphasize that we are sampling the function at multiple points during each time step. The
total number of function calls is hence, Zthl (my¢ + b) over a horizon T is upper bounded as

17 13
O (d(T/ max(1, Wr))9 + (logd) d*(T/ max(1, WT))9). Reducing dimension dependency

of this query-complexity is a challenging open-problem.
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Remark 17 Recall that our results are based on estimating gradients and Hessian matrix
based on Gaussian Stein’s identities. It is common in the literature to also consider gradient
estimators based on random wvectors in the unit sphere; see for example Nemirovsky and
Yudin (1983); Flazman et al. (2005). Hence, it is natural to ask if Hessian estimators
could be constructed based on random wvectors on the unit sphere. Here we provide an
approach for estimating Hessian matriz of a deterministic function; we leave the analysis
and algorithmic applications of such estimators as future work. Let S%=', and B denote
the unit d dimensional ball, and the unit d-sphere respectively. We will use S, and B instead
of S™1, and B? respectively where the dimension is understood clearly. Let ui, and us are
chosen randomly on S~ and vy, and vy are chosen randomly from B<.

E [f (x + vur + vug) ulu;] =C4 //f (x4 vuy + vug) urug duy dus
S

ZCQ//f(x+VuQ+z1)z1 dz1 ug dusy
S vS

203/V/f(33+ vug + v1) dvg u; dus.
S vB

The last equality follows from Stoke’s theorem. Now, let

V/f(x+l/u2+l/v1) dvy = [g1 (z + vug), g2 (@ 4+ vug) .-+, gq (x + vug)]’,
B

T . .
and x = [371, To, - ,xd] . Then, using Stoke’s theorem again, we have

/91 (z + vug) u;— dus :C'4V/gl (z + v9) dvgy
S vB
:C5VEU2 [91 (.TU + 1/1}2)}

0
=C4VE,, [8901
0

=C7V—E,, [Ey, [f (x + vv1 + vv9)]].
61’1

E,, [f (z+vv + va)]]

So we can write,
V2E [f (z +vv +vv)] =E |Crf (x 4+ vuy + vug) ulu;] ,

where C; for i =1,2,---,7 are constants. Hence, we have a bandit Hessian estimator, as
this relates the Hessian of the function to point queries of the function.

3.3 Regret bounds under One-Point Feedback

While estimating the gradient as in (3), we assume that the function can be evaluated at
both the points x; +vu; and x; with the same realization of the noise &;. But when the noise
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is additive, i.e., we have F(x,&) = f(x) + &, then the above assumption implies we have a
noise-free gradient estimator because then F(x; + vu,&) — F(x,&) = f(oe + vu) — f(xe).
A similar observation is also true for the Hessian estimator in (8). In this section we
consider the case where the noise for each function evaluation is different. Following Bach
and Perchet (2016), we refer to this setting as the one-point setting. As we demonstrate
next, the variance of the gradient and Hessian estimator in this one-point setting is higher
than the previous setting. To counteract this, in this one-point setting we use a mini-batch
gradient and hessian estimator:

~ 1 & Fy(x + Ve, &) — Fy (xtaf/t,i)

Gt = — um, (40)
my “ va
=1
_ 1 & B <$t + vHut,i,ﬁf,i) + F (93t - VHUt,i,é,;:;) —2F; (a:t,ﬁff{) -
Hy = b, 2 (Ut,z‘ (wei) — Id) ,
+ i1 2I/H

(41)

"

where & ;, ¢’ t7i,§;:i,§t,i,§;:;’ are independent. We also require the following additional as-
sumption to control the variance of the gradient estimator.

Assumption 3.1 (Lipschitz Function) The functions Fy(x,-) are L'-Lipschitz for any
xZ, i'e'7 ‘Ft (xaé-) - Ft (33,5/) | S L/ ||§ - 5,”2'

Using Lemma 4.1 of Roy et al. (2021) and young’s inequality, in this setting (7) changes to

_ 2 4d 2L/2
E |[|Gi3] < %LQG (d+6)>+2(d+4) VS (z) |2+ # (42)

Correspondingly, we have the following analogue to Theorem 6, the proof of which is in
Appendix D.

Theorem 18 Let {x;}] be generated by Algorithm 1 with one-point gradient estimator, and
Assumption 2.8 with ||| = ||+ |2, and Assumption 3.1 hold for any sequence of {fi}1 € Dr.

(a) Choosing

1 2
wE Wi

I/—l—T, n= L PR m:dv (43)

T6(d + 6)vLa ALc (d+4)T3

we have
2 2 3
R (1) <o <dT3W1§ (14 02)) . (44)
(b) Additionally, if Assumption 2.2 holdswith || - || = || - ||2, by choosing
1 2
L Wi w3 5
v = min a6 1 A T n= 5 A , m=d2 (45)
ald+6) 75 (13.45)1 LT3\/Lg (d+4)
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we have

’ﬂw\»—l

w2 (T) <0 <(1 +o?) 2TSW, ) . (46)

For the deterministic case o = 0.

Remark 19 In the one-point setting we cannot choose the v parameter to be as small as
the two-point setting in Theorem 6 since the wvariance of the gradient estimator is not
longer monotnically decreasing with v. Also note that in the one-point setting, we need a
mintbatch gradient estimator with mini-batch size m = d to average out the larger variance
of the gradient estimator whereas in the two-point setting, m = 1. Not that if one allows my
to depend on T, and W, it is possible to match the regret bounds obtained for the two-point
setting in Theorem 6 at the expense of larger oracle complexity.

Assumption 3.2 (Bounded fourth moment of the noise) The noise satisfied the fol-
lowing fourth moment condition: E [H{H‘ﬂ <o

In the one-point setting, we have the following two lemmas which establish bounds on the
moments of gradient and Hessian estimation errors in the one-point setting.

Lemma 20 Let Assumptions 2.2—2.5, and Assumption 3.1 be true. Then we have

4do? L' 8 (L +02) (d+5)

S wL)2] < 272 3 '
E [|G: — V4|3] < ? +3V°LE (d+3)° + - (47)

The proof of Lemma 20 is in Appendix D.
Lemma 21 For b, > 4(1 + 2log2d), under Assumption 2.5 with || - || = || - |2, Assumption

2.4, Assumption 3.1, and Assumption 3.2 we have

E[ﬁf— 22]<L2 1
|| t vt”op <6 H(d+ 6) 3b; btl/4

(48a)

N 160+/T + 2Tog 2d (d + 16)° L2,
3

- 15
E [||Ht - V§||§p] <443 (d+16)2 1°
b

(48D)

N[

Ky L'%0102(1 + 2log 2d)d?
+ b3l/12
t

where 01 = max(c*,0’).

We remark here that Lemma 20, and Lemma 21 are crucial to our proofs of the results in
the one-point setting. We present an overview of the proofs of these two Lemma here and
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defer the detailed proofs to Appendix D. The proof of Lemma 20 follows from the following
decomposition

2
_ 1 & By <$t + VGut,i7€£7i> — Fy (24, €,)
E[HGt_th%] < 2E EZ U Ut — Vi
t = G ,
/ 2
gl i Fy (x + vug, &) — Iy (xt + VUt,i,it,Z-)
+2 ) Ut g ’
mi v )

where the first term on the RHS is bounded using the two-point setting bounds and the
second term can be bounded using Lipschitz continuity of F; in the variable & ; (Assump-
tion 3.1), and the fact that u;; is a standard gaussian random vector.

To establish the bounds on the moments of hessian estimation error we first consider
the following decomposition:

bt

~ 1 F (x + l/ui,&‘ﬂ_) + F (l’ — Vui,f@_) —2F (1‘,&70) T _ _
H:bt; 5,2 (uzul —Id> =H+T,
where
Pz +vu, &) + F(r—vu, &) — F (x4 vug, &o) — F (2 — vug, §0) ( T >
T = uiu; —1Ig ),
202 !
and 7 = Z?tzl 7;/be. Then one can write
IH = V2|5, = [1H +7 = V|13, < 21 H - V2[5, + 2] 713, (49)
Note that 7; and 7; are independent for all i # j. Also,
E[r;| = E[E|[r|x,u;]] = 0. (50)
Use of Theorem 1 of Tropp (2016) followed by some simple calculation shows,
_ 32L"*02dC (d)
E [||7]5,] < R (51)

where C(d) = 4(1 + 2log2d). To upper bound the third moment we use the following
inequality,

1
E [[I7ll5) < EI7lepl7lIE] < (B I715,] B [I7l15]) 2 - (52)
Now we upper bound E [||7(|%] to get the final bound on E [||7[|2,]. Now combining the

above results gives the final bounds on E [Hf[t = V%ng}, and E [Hf[t — v§||§p}.

Lemma 20 and Lemma 21 show that in the one-point setting, the variance of the gradient
and hessian estimators does not decrease monotonically with v unlike the two-point setting.
In (47), (48a), and (48b), one needs to select the mini-batch size correctly to counter the
effect of v in the denominator. Since, the dependence of the variance of G; and H; on v
are different, and the minibatch size required depends on v, for the one-point setting, we
allow for different v parameters, vg and vy for Gy and H, respectively. We now present
the bound on the second-order non stationary regret in the one-point setting.
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Theorem 22 Let us choose the parameters for Algorithm 3 as follows:

2 1 1
T \9 w3 w2
M:LH (W) ) Vg = 4T37 vg = 1T57
T T9d2 T9d2
.l . 2
9 3
my = ———————d*, by = 1W> d™t (14 2log2d). (53)
max(1, Wr)3 max(1, Wr)
Moreover, let Assumption 2.3 with || - || = || - ||2, Assumption 2.4, Assumption 3.1, and

Assumption 3.2 hold. Then, for all Wy < T, for any sequence of such functions {f;}1 € Dr,
Algorithm 8 with one-point gradient and hessian estimators produces updates for which
Renve (T) is bounded by,

1
2 1 9
RENC (T) <O |T3 (1 —i—W]g’) 1 +U2 (W;T) + 0401 . (54)

In the deterministic case, setting o = 0, we obtain

Renve (T) <O <T§ <1 + Wﬁ >> . (55)

Given the variance bounds in Lemma, 21, proof of Theorem 22 is very similar to Theorem 15.

Remark 23 As pointed out earlier, in the one-point setting v cannot be made as small as
the two-point setting because the variance of the gradient estimator does not monotonically
decrease with v in the on-point setting unlike the two-point setting. Indeed in Theorem 15
for the two-point setting we choose vg = vy =v =1/ (T4/9d5/2) whereas in the one-point
setting we choose vg = W%/S/ (T4/9d3/2) ,VH = W%/g/ (T1/9d5/2). Moreover, to control the
larger variance the oracle-complexity also increases to

T
> (it b) =0 (d4(T25/9 Jmax(1, Wr)7/3) 4 (log d) d'}(T/ max(1, WT))5/3)
t=1

whereas in the two-point setting it was O (d(T/ max(1, Wr))17/0 + (log d) d*(T/ max (1, Wy))13/9).

3.4 A Note on Multi-point Feedbacks and Our Regret Measures

Note that our Algorithms 1 and 3 use multiple function evaluations in each iteration. In-
deed Algorithm 1 uses m noisy evaluations (m = 2 for Theorem 6, and Theorem 10) and
Algorithm 3.2.2 uses 2m; + 3b; noisy evaluations in each iteration. A potential source of
contention regarding the regret measure that we proposed in Definitions 4 and 5 could
be that they are not taking into account that our the algorithms are using multi-point
feedbacks. However, as we show below, a normalized version of the regret measure that
takes into account explictly the effect of multi-point feedback is of the same order as our
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original regret measure in Definitions 4 and 5. Specifically, our normalized regret measure,
following Agarwal et al. (2010) are as follows:

me

T

— (9 1 2

RE (1) =Y 5= > (E[IVF: @+ vu)l3] + E[IVF @0)l3)).
=1 <"t

Recall that for the zeroth-order cubic-regularized Newton method we call the zeroth-order

oracle 2m; times to evaluate Gy, and 3b; times to evaluate H;. Then, expected second-order

regret can also be defined as

T 3
Renc (T) —; 2mt1+35t <(mt + b)E | max (vat(xt)u% <_LQH)‘min (V2fi (xt))> )]
my+2bt 2 3
+ Z E |max (HVft(a;t + vy j)ll2, (—LH/\min (Vth (¢ + Vut,j))) )]
j=1

Proposition 24 Consider the setup, and choice of v of Theorem 6, and Theorem 18. In
both cases we have,

(2 2
R (1) = 0 (R (1)) .
Under the setup, and choice of v of Theorem 10, we have,
(1 1
R (1) = 0 (%G (D).
Under the setup, and choice of vg, and vi of Theorem 15, and Theorem 22, we have,
Rene (T) = O Renc (T)).

The proof of Proposition 24 is in Appendix E. From Proposition 24 one can see that when
the first-order and second-order regrets are adapted to the multi-point feedbacks, the same
regret bounds holds.

4. Experiments

In this section we illustrate our results on nonstationary nonconvex optimization through
simulation, and compare the performance of zeroth-order methods with their higher-order

counterparts. For ¢ = 1,2,3,---, consider the functions
(@) SIVT gin(wa) 2(i—1)Sr+1<t<(2—1)8;
€Tr) =
! —SWr Gin(wr) (20— 1)Sp 4+ 1<t < 2iS;

These functions belong to the uncertainty set Dr since,

T-1
ZS W T
Z Ife — feanllo = 22T x 5 =W
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Figure 1: Cumulative first-order regret ER(C?)(T) using Algorithm 1. Here, S; = 12, w =
22, xg = 0.078, and ¢ = 0.5. Here FO and ZO stand for First-Order and Zeroth-Order

respectively.

S

00 - -

N

00- - o

Cumulative Second-Order Regret
A
\
\
)
Cumulative Second-Order Regret
\
3

[ 250 500 750 1000 [ 250 500 750 1000
Time Time

Method « = HO == Theoretical 0 Method « = HO = Theoretical 0

(a) Two-point Setting (b) One-point Setting

Figure 2: Cumulative second-order regret Rpnc(T) using Algorithm 2 and Algorithm 3.
Here, St =12, w = 22, 9 = 0.078, and ¢ = 0.5. Here HO and ZO stand for Higher-Order
and Zeroth-Order respectively.

For the two-point setting, we assume that the multiplicative noise £ in the function eval-
uation is sampled from a uniform distribution U[1 — 0,1 + o]. It is easy to see that
Fy(x,&) = £fi(x) satisfies Assumptions 2.1-2.4 V¢ = 1,2,--- ,T. For the one-point set-
ting, we sample the additive noise & from N(0,02). Then Assumption 3.1, in addition
to Assumptions 2.1-2.4, holds true for Fi(x,&) = fi(z) + £ For this experiment we set
Sr =12, w =22, zog = 0.078, o = 0.5. Since in this paper we are interested in the expected
regret, Figure 1 and Figure 2 show curves averaged over 50 simulations. In Figure 1 we show
the evolution of 9‘{(02) (T) over a horizon of T = 2000 with Wz = /T using Algorithm 1.
Figure 1la and 1b present the results for the two-point and one-point settings respectively.
All the algorithm parameters are chosen as described in Theorem 6 and Theorem 18 in
the corresponding cases. In both cases the performance of Algorithm 1 is comparable to
the first-order variant, i.e., when the stochastic gradient is available. Theoretical rates ob-
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tained in Theorem 6 and Theorem 18 are also shown (red, dashed line) for comparison
purpose. In Figure 2 we show Reyc(T) over a horizon of T = 1000 with W = /T using
Algorithm 2 and 3. Figure 2a and 2b presents the result for the two-point and one-point
setting respectively. For the two-point setting, all the algorithm parameters are chosen as
described in Theorem 12 and Theorem 15 in the higher-order(HO) and zeroth-order(ZO)
cases respectively. For the one-point setting the algorithm parameters are chosen as stated
in Theorem 22. One can see that the performances of Algorithm 3 is comparable to Al-
gorithm 2 where the higher-order information is available. Theoretical rate for Rpnc(T)
obtained in Theorem 12, Theorem 15 and Theorem 22 is also shown (red, dashed line) for
comparison purpose.

5. Discussion

In this paper, we provide regret bounds for nonstationary nonconvex optimization prob-
lems in the stochastic zeroth-order setting. We make the following specific contributions:
(i) provide low and high-dimensional regret bounds in terms of gradient-size for general non-
convex function with bounded nonstationarity, (ii) provide, to the best of our knowledge,
the first analysis of cubic regularized Newton method for bounding second-order station-
ary solution based nonstationary regret in the zeroth-order and higher-order settings, and
(iii) explore the relationship between the multi-point and one-point feedbacks for the above
regret bounds.

There are several avenues for future work: (i) obtaining lower bounds for the regrets
considered is challenging, (ii) defining other notions of uncertainty set that capture more
general nonstationary environment is also interesting, (iii) obtaining parameter-free algo-
rithms, similar to the convex setting (see for example, Jadbabaie et al. (2015); Luo and
Schapire (2015); Cheung et al. (2018); Auer et al. (2019) ) is intriguing and (iv) establish-
ing connections between online nonparametric regression and nonstationary regret bounds
(see, for example, Baby and Wang (2019)) is interesting.

Appendix A. Proofs of Section 3.1

Proof [Proof of Theorem 6| First note that under Assumption 2.3 with || - || = || - |2 we
have
T L 2
fr (@ep1) <fi(xe) + Vi (@) (2441 — 20) + 5 |wi1 — 2|5
2
L
=fi (xt) —nVf (fL‘t)T th (fﬂt,ut,ﬁt) + 1 9 g Hth (:rt,ut,&)llg
y ’La
=fi(x) — ”Vft (th)Hg +nV fi (th)T (Vi (x¢) — GY (xt,utaft)) + 1 9 HGt (wt,m,ft)lli

Define F; to be the o-algebra generated by the randomness in the iterates till time-step t.
Taking conditional expectation on both sides of the above equation, we obtain

E [fi (@) |F) <fe () = 0 |V fo (@o)l3 + 0|V fo (@) 1201V fo (20) = BIGY (w0, ue, &) | Fi] |12

2
L
s AR HEAR
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Now, by invoking Young’s inequality we have

E[f; (we1) |7 <fe () = n |V fe (20) 5 + g IV £ (o) 5+ g IV fi () = E[GY (e, ur, &) | Fll3

n’Lg

+ E ||GY (ze,ur, &)I3 1 F2]| - (56)

Note that the third, and the fourth term of (56) are the bias and the second moment of the
gradient estimator. Re-arranging the terms and noting Lemma 3, we obtain

SV S @)l < Ji (@) = Bfi (o) 1F] + 3L (A +3)°

772LG <I/2

T\

L% (d+6)> +2(d+4) (||Vft (@)l + 02)> .

Summing from ¢t = 1 to T, and using Definition 1 we get

T
SSB[IVA @IE] < (i (@) = Blfr (ran)] + W) + 2L (d+ 3)°
t=1
2 T
+ 0T L (d+6)° + 20l (d+4) Y E[IVfi (@)l3 +0%] . (57)
t=1

Now we split the proof in two parts corresponding to the parts in Theorem 6.

(a) From (57) by rearranging terms we obtain

T
§ju—mwaw+4»EMVﬁmwﬁ}siqmm>—EmeTHn+W@y+fﬂLéw+3f
t=1

2
14
+ nT?L% (d+6)> + 29T L¢ (d + 4) 0>.

Now by choosing v and 7 according to (11), we get (12).

(b) It is possible to improve the dependence of the regret bound on the problem dimension
assuming that the loss functions are Lipschitz continuous. In this case, we have
|V ft (x¢) || < L which together with (57), imply that

T
SSE[IVA @] <= (i (@) = Blfr (rin)] + We) + 7218 @+ 3)°
t=1

+ 1T Lg <”22L%, (d+6)°+2(d+4) (L*+ 02)) . (58)

Now by choosing v and 7 according to (14), we obtain (15).
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Proof [Proof of Theorem 10| Under Assumption 2.3 w.r.t l-norm and similar to (56), we
get

s
E[f: (wer1) 1P i (@) =0 [V fi @) |3+ 5= [V Fi (@) |F 4+ 5 [V fi (00) = BIGY (w0, ue, &) 11
L
+ P2 [1GY (o0, e, €112 1]
Noting Lemma 9, the fact that |V fi(z¢)||1 < /s||V fi(z¢)]|2 under Assumption 2.5 and after

re-arranging the terms, we obtain

U
s

[1 = 16CnLgs(logd)?] |V fi (x|} <fi (xe) — E[fi (ve41) | F]
+ CnLg (logd)? [sv*CLglogd + 21 (V2L logd + 407)).

Summing up both sides of the above inequality, noting (22) and Definition 1 we get (23).
Noting Lemma 8 under Assumption 2.2, part (b) follows similarly. |

Appendix B. Proof of Section 3.2.1

In order to prove Theorem 12, we require the following result from Nesterov and Polyak
(2006).

Lemma 25 (Nesterov and Polyak (2006)) Let {x;} be generated by Algorithm 2 with
M > Lyg. Then, we have

- _ M

Gt"'cht‘}'? HhtHQ ht =0. (59&)
_ M

H; + 5 [[7t]lo I 2= ©. (59b)
Gl hs <0. (59¢)

The following two lemma bounds the variance of the gradient and the Hessian estimators.

Lemma 26 Under Assumption 2.2 with ||-|| = || - ||2, and Assumption 2.3 with ||-|| = | - ||
we have
E[|Gi—Vil3] < — (60)
my
Lemma 27 Under Assumption 2.3 with || - || = || - |2, and Assumption 2.4 we have
7 212 o
E [”Ht - vt Hop] < bi (613‘)
t
~ 263
E[|H: Vi3] < =5 (61b)

=
Frolewo
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Lemma 26 and 27 are essentially simplified versions of Lemma 2.1, and Lemma 4.4 from
Balasubramanian and Ghadimi (2021), and hence their proofs are omitted here.

In the rest of the proof we use V;, V2, hy, and At,min to denote V f; (x), V2 [, (x4),
(411 — x¢), and the minimum eigenvalue of V2f;(x;) respectively. First, in Lemma 28 we
show that M ||h||*/36 is bounded by fi(z;) — fi(x¢11) ignoring the terms ||V; — GtHg/z, and
V2 — Ht||§p. Then, in (66) we show that at every time point ¢, if we ignore the terms
||Vt - Gt||27 ||v2 Ht”opa
bounded by a cubic polynomial of the ¢5 norm of the difference of consecutive iterates
hy = x¢41 — x¢. Combining these two results we want to form a telescopic sum to bound
Renc(t) = Zthl ryc(t) in expectation. But since this is a nonstationary environment,
similar to the proof of Theorem 6, at every time step ¢ an additional term appears of the
form fi(xt) — fi—1(ze) (see (69), (70)). Note that the sum of these additional terms can be
bounded by Wpr. Now observe that the terms we have been ignoring so far are different
moments of gradient and hessian estimation error. We use Lemma 26, and Lemma 27 to
bound there moments. Finally, one needs to choose M, v, my, and b; as in (30) to establish
the rates.

and ||V? — Ht”op? ryc(t) = max (HthQ’_%)\imin) is upper

Lemma 28 Under Assumption 2.5 with || - || = || - |2, and Assumption 2.4, for M > Lp,
the points generated by Algorithm § satisfy the following
M hel < V-G ; V? — Hy|? 62
36 hellz < fe (ze) = fe (2e41) + F” t = Gilly + 5 IVE = Hillgp- (62)

Proof [Proof of Lemma 28| If M > Ly, using Assumption 2.4 we obtain
i @esn) <fo (o) + VT he+ 3 (Ve ha) + ||ht||§
o (20) + G+ (cht, he) + HVt Gill2llPella + 51VE = Hellopll ez + 5 lhellz-
Now by using (59a) we hence obtain
fe(@e1) < fi(2e) = 5 {Hehe, he) +[[Ve = Gellzlihellz + S1VE = Hellopllhellz = =~ [1hell -
(63)
Combining (59a), and (59¢) we get

1 M, . M.
_§<cht,ht> ey [Aelly < 1 el

which combined with (63) gives

_ 1 _ M
fe (i) < fe (@) + [IVe = Gillal[haell2 + §||V1t2 — Hylloplhall3 — B IR ]l3 -

Rearranging terms we then obtain

M _ 1 _
D) Ihelly < fi(2e) = fi (mes1) + Ve = Gella| a2 + g\IV? — Hillopl|tl[3-
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Now by using Young’s inequality, we have

M 4 s 24 _ M

D) hell3 < fi () = fi (me41) + f”vt - Gill5 + WHV? — H|l3, + EHhtH%

M 3 34

= 35 [helly < fi(z) = fo (1) + FHVt Gill3 + Wuvt H3,,
which completes the proof. |
Proof [Proof of Theorem 12| First note that using Assumption 2.3 with || - || = || - ||2, we
have
IVfe (@) 2 = IV fe (weg1) l2 S IV fe (meq1) = Vi () ll2 < Lal| el (64)

Using, Assumption 2.4, (59a), (64), and Young’s inequality, we also have

Ly
IV fi (me41) — Vi — Vihell2 < THhtH%»

= = Lg+ M
IV fi (2er1) |2 < Ve = Gell2 + IVF = Hellopllhell2 + 7||ht||27
. IV? — Hillop 2
\V4 < Lallh + ||V — G 4+ ———— 4+ (Lg + M) ||h¢]5.
194l < el + 9% = Gal+ D102 4 2y 00) el

Now, from (59b), we obtain

—2\tmin < M||hella + 2| V7 — Hllop
2 532 4M3
— () < Frl- VRl + Il (65)
Now by combining (64), and (65), we obtain

4M

L3 Hht”Q

V7 — Hell3,

2(Lg + M)
(66)

8 1
e () = i (19~ M ) <Ll + 5 (L + M) el +

32, - _
+ EHHt — Vi3, + Ve = Gill2 +

11 1 1
Now, let us consider two cases ||h¢[o < T 3W2, and |[hello > T 3W3.
1 1
1. When ||h¢l2s < T 3W.32, we have
IS | 2 2 4MB
TNC (t) <LgT 3Wj?3 + §(LH+M)T 3W7§ + LTT_ W

H
IV — Hi3 2 =
- [He = Vilop- (67)

_a Ve = Htllop | 94
IV =Gl + g+ 7|
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11
2. When |||l > T 3W;2, by using (63) we get

2 2 1 -3 am? 3 -

ro (t) < | LT3 Wy +2(LH+M)T3W + g ) hellz + Ve = Gell2
H
IVE — Hi5

n- v ~—tilop 7‘H_v23
(L +M) +L?_I|| t tHOp

Lg Ly L 144M2 2 4
36— 418 =—=+1 )T 3W,."Y T 3W v TBWy
4 _ 3
— fe(zi1) + ——==|Vi — G¢||3

2 7 |13 a
il i _
\/m + MQHVt t”op) + ||vt Gt”Q
|VZ — Hy||?

tHop [ 213
H —
2(Ly + M) Li}q” ¢ = Villop

Combining (67), and (

(68)
68), we then have

ERUE _2 2 AMP
TNC(t)S LT SWT —|—§(LH+M)T 3WT—|- L?I’{T W

7 - IV — Hi5
+EHHt_vg”gp+||vt_GtH2+ o

2(Ly + M)

La Ly 1 Loqqap? 2

= 418 —=+1|T3W3 + ——T" 3
+<36M+ 8<M+> W3+ 53 W

2

2 2 _ 3 _
T3, (o) = fi o) + V0= Gul + 192 - il ). (69

Summing both sides from ¢t = 1, to T', taking expectation on both sides and using Definition
5 we get

T

Reve (1) =) Elrve (1)]

t=1

2 1o 1 % 4M3 a 23
< (LeT3Wi + 5 (L + M)TSWE + +Z E[|H - Vi|3)]

t=1

_ E[|V? — Hy|?
+ E[[|[Ve — Gell2] + Vi dl p]>

La Ly _1 L4402 - -2
+ (36+18 (+1>T W + T W3 T3Wy? (fi (21)
M M L3,

— fr (@r1) + Wr
’ B
+ /i B [nvt - Gtug] + 3 B IIVE - Ht\op}> - (70)
Now choosing M, m;, and b; as in (30) and Lemma 26 and Lemma 27 we get
Rene (T) <O (T§ <1 + Wé‘) + T% (o + %3) + TSWE;?) , (71)
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which completes the proof. |

Appendix C. Proofs of Section 3.2.2

Before we prove Theorem 15, we state some preliminary results that are required for the
proof.

Lemma 29 Let x4y = argminy ft (xt,y, Gy, Hy, hy, M) and M > Ly. Then, we have

- _ M

Gt‘i‘cht—i-? HhtH2 ht = 0. (72&)
_ M

A+ - lelly Ta = 0. (72b)
Glh <o0. (72¢)

Lemma 29 is essentially the same as Lemma 25 but we restate it here to emphasize that
it holds for bandit cubic-regularized Newton method as well. The following two lemma
bounds the variance of the gradient and the Hessian estimators.

Lemma 30 (Balasubramanian and Ghadimi (2021)) Under Assumption 2.2 with || -
| =1 1l2, and Assumption 2.3 with || - || = || - |2 we have
32 4(L*+0%) (d+5)

E[|G: — Vi3] < S-LE (d+3)° + : (73)
2 my

Lemma 31 (Balasubramanian and Ghadimi (2021)) For b, > 4 (1 + 2log2d), under

Assumption 2.3 with || - || = || - |2, and Assumption 2.4 we have
_ 128 (1 + 2log 2d) (d + 16)* L2
B (|~ Vi3] <80 (d+ 1672 ¢ 2oL T 283D I0) 16 (742)
t
_ 15 160+/1 + 21og 2d (d + 16)° L?
E (|1 — V2|5, < 2113 (d+16)7 v + . G )
b

Before proceeding with the proof, we highlight the main steps. First we show that at every

time point ¢, if we ignore the terms ||V — Gy|l2, [|VF — Hy||2,, and [[V? — Hy[|3,, rye(t) =

max (HVtHQ, _%)‘imin) is upper bounded by the cube of the ¢3 norm of the difference of
consecutive iterates ;1 —xy, ||h¢]|® (Lemma 32). Then we show that M||hs||?/36 is bounded
by fi(z) — fi(xi41) ignoring the terms ||V, — C_v’tHg/Q, and ||V} — H||3,. Now we want to
form a telescopic sum to bound Rgnc(t) = ZtT:1 ryc(t) in expectation. But since this is
a nonstationary environment, similar to the proof of Theorem 6, at every time step t an
additional term appears of the form fi(x¢) — fi—1(x¢). Note that the sum of these additional
terms can be bounded by Wr. Now observe that the terms we have been ignoring so far
are different moments of gradient and hessian estimation error. We use Lemma 30, and
Lemma 31 to bound there moments. Finally, one needs to choose M, v, m;, and b; suitably
to establish the rates. The detailed proof of Theorem 15 is in Appendix C.
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Lemma 32 Under Assumption 2.2 with || - || = || - |2, Assumption 2.3 with || -] = - ||2,
and Assumption 2.4, the points generated by Algorithm 3 satisfy the following

8 4M3 32 -
e () = (90l = M ) <Lallala + 5 -+ 20) Wl + Sl + 21
Ly H
+||Vt_GtH2+M. (75)
2 (LH + M)
Proof Under Assumption 2.4, using (72a) and Young’s inequality, we have
IV fi (2141) = Vi = Vihel2 <L HhtHz
= = Ly+ M
= [[Vfi (me41) [|2 S”Vt — Gilla + IV = Hillop (w141 — 24) + 7||ht||2
- IV — Hi;
<Ve = Gillo + 2 + (L + M) || he]]3
<IVe = Gullo + gy + (o + 20 e
Under Assumption 2.3, we get
IVilla < Lallhllz + | Ve — Gill2 + Vi = Hilloy + (L + M) |73 (76)
- 2(LH —I-M)
From (72b) we get,
_2>\t,min S M”htHQ + 2Hv? - Et”op
2 32 4M3
= [~ Atmin ) <5 |H 2113 4+ —— || ][5 77
(~ihemsn) < = V2% + el ()

Combining (76), and (77), and choosing M = Ly we get

8 1 4M3 32, -
e () = e (19,7 Nin ) <Ll 5 (L + M) Wl + Sl + 21~
B H H
- IV7 — Hi3
+IVe = Gillg + =2
which completes the proof. |

Lemma 33 Under Assumption 2.3, and Assumption 2.4, for M > Ly, the points generated
by Algorithm 5 satisfy the following

M _ 3 _
36 hell3 < fi(20) — Ve — Gills + ;- Hi3, (78)

4
Je (Teg1) + \/ﬁ m”vt

Proof If M > Ly, using Assumption 2.4
fr (o) <fo () + Vb + = <vtht’ht> ||htH§
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_ 1, - - 1 _ M
<fi(@e) + G/ a5 (Hiha, he) + Ve = GallalBulla + S1IVE = Hilloplihall3 + (ke
Using (72a) we get

_ _ 1 _ M
(Hihi, he) + Ve = Gll2flhell2 + §IIV? = Hillopl|hel|3 — 3 1F]l3 -
(79)

i) < i) —

Combining (72a), and (72c¢) we get
1, - M, .5 _ M, .4
—g(Hehe, he) = = [lhelly < =75 el
which combined with (63) gives

_ 1 _ M
Je (@eq1) < fi () + [[Ve = Giell2||hel2 + §||Vt2 — HyllopllPell3 — (D) el

Rearranging terms we get

M

_ 1 _
(D Ihelly < fi (2e) = fi (mes1) + Ve = Gella||hell2 + §\|Vt2 — Hl|op||hell3-

Using Young’s inequality

M 4 - _ M
D helly < fo () — fo (es1) + ﬁllvt - Gy2 + WHV? — |3, + TSHhtH%
M, 4 s 24,
35 [helly < fe(2e) = fir (i) + ﬁ”vt — Gilly + WHV,: — Hill5,,
which completes the proof. |

1
Proof [Proof of Theorem 15| Let us consider two cases ||h|l2 < (Wr/T)3, and ||hill2 >
1
(Wr/T)3.

11
1. When ||h]ls < T 3W3, we have

IS | 2 2 4MB
rne (t) <LGT 3W,3 —|—§(LH+M)T 3W; + w51 Wr
H
- V7 — Hill3, = 32
-G St b ST H - VRS, 80
Ve = Gill2 + > (L + M) +L?{H t = Vil (80)
1 1
2. When |h¢|l2 > T~ 3W.2, using (79) we obtain,
2 2 1 1 Loogpns _
e (®) < (LT3 4 4 @+ I THWES 4 S0 ) Il + 19 - Gl
H
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IV? — Hy 2 a5
H — | H: — VI3,
2(Ly +M) ' L3
1 144M2 2
(36+18 (M+1> T 3W;Y + T 3W, 2y> T3IW2Y (f; (x2)
H
4 s 24, g _
— fr(ze41) + Wﬂvt = Gills + 3 lIVE = Hello ) + Ve = Gell2
IVZ — Hillo, 32 - 213
2Ly £ M) + E”Ht = Vil (81)
Now by combining (80), and (81), we have
11 2 2 3
rNc(t)§<LGT 3W1§+§(LH+M)T SW3E + T WT>
H
2 = - IV: — Hill2
2 NWH — V213 -G L — L
+ g 1= Vi + 9= Glla + 5
La Ly 1 Looqap? 2 2
+(36+18(+1>T 3WE + T 3W3
M M T L3, r

2

2 2 4 s 24 _
T3 WT 3 (ft (l't) — ft ($t+1) + WHW — GtH22 + W”V? — Htng) . (82)

Summing both sides from ¢t = 1, to T', taking expectation on both sides and using Definition

5 we get
T
Renve (1) = Z E[rnc (t)]
t=1
2 1o 2 4M3 d
< (LGTzwj? 5 (Ln anTaswg + 28 > +3 < (|17 = V7113,]
t=1
. E [V} — Hil; ]
E[|V:-G -
+E[IVe = Gill2] + 2Ly + M)

L L 1o Loqaapm? 2 2N\ 2 2
<36]\5+18<1\5+1>T 3W’1§+ I3 T 3WZI§>T3WT3(fl(xl)_fT<xT+1)+WT
H
1 31 2 &
+——> E||V:-G 2]+ E[|VZ-H|3]|. 83
%93 190 Gl s 2 B IVE Al )
Now choosing v, M, my, and b; as in (37) and Lemma 30 and Lemma 31 we get
2 1 3
Reve (T) <O <T3 <1+W§’3> (1+a+a2>), (84)

which completes the proof.
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Appendix D. Proofs of Section 3.3
Proof [Proof of Theorem 18| In this setting (57) changes to the following

(f (@) = Blfr (wra)] + Wr) + 2L (d 4 3)

I I

" [NAHE
t=1

) T 2
1% 3 3 2 9
+ 0T L (d+6)° +2nLg (d+4) Y E {vat (@)l + -

- (85)

The rest of the proof is similar to that of Theorem 6 and is hence omitted. |

Proof [Proof of Lemma 20| First note that we have

E [[|G: — Vi||3]
2
1 I Fy (a4 vugg, &) — Fy <13ta 5@)
uti — Vi

)

=E J—
my 1 14

= 2

9

1 Fy (xp +vug, &) — Fy (-Tt + Vg, 521)
Ut g

<2E | ||—
my izl v
- 2
2

1 I Fy (xt + I/Ut7i,§£7i> - F (xt7§£7i>
ut; — Vi

+2E | ||—
mg < v
=1 9

1 & Fy (o + vugg, §i) — Fy <:Et + v, 521) _ )
—9F |, uiil| |+ 28 ||Gi = Vi3]
mi v
2
4do®L"? 8(L2+0?) (d+5
mglV my
The last inequality follows from (73), thereby completing the proof. |

Proof [Proof of Lemma 21| First note that we have

bt

=~ 1~ F(o+vu, &)+ F(r—vu, &) —2F (2,&0) T
H —— ) ) ) i, — I

by 2_: 202 (u Ui d) (86)
bt bt
1 F(x+vui,&io) + F (x —vug, & o) — 2F (x,60) T 1
=% Z 52 (uZuZ - Id> + ™ Zn (87)

i=1
(88)
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where

T, —

202
and 7 = E?tzl 7;/be. Then one can write

12 = V2|5, = |1 H +7 = V|3, <
Note that 7; and 7; are independent for all ¢ # j. Also, we have

E [Tz] =E [E [Ti’l‘, uz]] = 0.

Hene, we obtain

E [|I7]5,]

2L/2 ZE [|fz+ Eiol> + 18— — &iol?

Vi

12_2
_8Lb2ff EE[uuz - 1l

32L’2o—2d0(d)
< - A7
- ti4

where C(d) = 4(1 4 2log 2d). Furthermore, we also have

B [[715,] < B (17l 73] < (B [171%,] B [I714])?

Now we upper bound E [||7]|%] as follows. First, we write 7; = a;(usu;

2|lH — V2|5, + 2117115,

Jwiu;

F (.T + l/ui,fi7+) + F (l‘ — I/ui,fi7_) - F (.73 + I/ui,fip) - F (x — Vui,gip) ( T

- Id”zp

— I;) where

P =

202

Observe that, a; are independent for i = 1,2,--- b, Ela;] = 0, E[a;|u;] = 0, and

21252 16140’
1 E [aﬂ < .

E[¢f] <

v V8

Hence, we have
by
1> Tillf‘v]
i=1
by
1~ ai(ui — [d)Hf‘v]
i=1

=E

37

F(x+vu, &)+ F(r—vu, &) — F (v +vu, &o) — F (2 —vug, & o)

_Id>7

(93)

(94)

(95)
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- 2
be by
=E YO aiag(win] — Ia)(uju) — 1)
i i=1 j=1
2
bt
=E (Za (uju; — Iy) > + tr ZZaiaj(uiuiT — Id)(ujujT — 1)
i i=1 j#i
> be 2
=B | | Y af((lulls = 2)lull3 + ) + > Y~ asay((uf ug)? = luill5 = ugll3 + d)
| \i=1 i=1 j#i
2
bt
<E |26 Y af(([luill3 = 2)l|uil3 + d)? Zzaz% uj ug)? = i3 — [yl + )
=1 i=1 j#i
L h I i
(96)
Now note that E [I1] is of the order byo’d?L'* /v®. Furthermore, we have
E 5]
- 2
t
=2F || D aiaj((uf wy)® — w3 — [|usl3 + d)
| \i=1 j#i
by
=2B | Y > aiai((u u)® — sl — l|ugl5 + d)?
i=1 j#i
L I3
by by
3D atgaman((wf w)? = |will3 — [lusll3 + d)((upun) = umllz = l[unll3 + d)
i=1 j#i m=1 m#n
(m,n)#(4,5)
Iy
(97)

Note that E [I3] is of the order L'*o*b,2d? /8. Now, we turn to I;. Note that in each term
of I, note that there is at least one index n for which a, is independent from the other

terms in the product. Conditioning on the other terms, and taking expectation, one can
see that all the terms in E [I4] is 0. Combining (96), and (97), we have

=1

38

by 2 12
Kibod
1l | - S

4
L/ 01

(98)
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where o1 = max(o?,0’) and K7 is a constant. From (94), (95), and (98), we have,

1
KoL'%0102(1 + 21og 2d)d3 \ 2
E[Hﬂ@]g( 2L7on0" (11 210g2d) > , (99)

bt31/12

where K5 is a constant, thereby completing the proof. |

Appendix E. Proof of Section 3.4

Proof [Proof of Proposition 24| First we show that E)_f{g) (T)=0 <£Rg) (T)) To do so,
note that we have

E [IV: (@ +vusy)I] < E 21V fi (@0)l13 + 2080 ue 3] < 2B [IV i (@)l3] + 21307
Then, for the choices of v of Theorem 10, and Theorem 18, we get

(2 2

R (1) = 0 (mgﬁ (T)) .
In case of Theorem 10, we get,

N 2 2 21 12 2 2 2

E ||V (@ + vuey) ] < B [21Vfi @0) I} + 20802 ey 1% < 2B [I94: (@)} +2L807 log d.
Here too, one can see that choosing v as in Theorem 10 gives,

(1 1

R (1) = 0 (RG (D).
Now we show that Reyc (T) = O (Rence (T)). To do so, note that we have

3
max <||Vft(1:t + vy j)ll2, (—L2H)\min (V2ft (w¢ + yut,j))> )]

<E [max ([[V fe(z:)ll2 + Lavlug,;l2,

3
(|— i (V21 ) = Vi) | = i (9 (:ct>)> )]

E

32 3
<E |max | |V fi(ze)l2 + Lavullz, 320% ug ;|5 — (Lg)\min (V2 £, (ﬂft))> )]
H

32 3
<E |max ( |V fi(2e)ll2 + Lavlugllz + 320%Jug 5|3, Lav|uell2 + 320° [ug ;|13 — <Amin (V21 (%s))) )]

L

3 2 + 3207 |uy 4113
H

32 ) ’
IV fe(z)ll2, — <L3)‘min (V21 (xt))>
H

3
+ LevVd + 3203(d + 3)2.

32 ) 3
<E |max | ||V fi(z¢)|2, — <>\min (V2 fi (%))) + Lav||u;
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The first and second inequality follows from Lipschitz continuity of gradient and hessian
(Assumption 2.3-2.4), and Hélder’s inequality. Then,

3
max (HVft(xt)Hg, _ (%Amin (21, (xt))> )

<Rpne (T) + vLeTVd + 320°T(d + 3)2.

3
2

T
Reve (T) <Y E +vLaTVd + 320°T(d + 3)
t=1

N

For Theorem 15, and Theorem 22, by choosing v, and vy as in (37), and (53) respectively,
we get in both cases,

Rene (T) = O (Renc (1)) -
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