This article was downloaded by: [216.73.217.103] On: 14 July 2026, At: 05:48
Publisher: Institute for Operations Research and the Management Sciences (INFORMS)
INFORMS is located in Maryland, USA

- Stochastic Systems
A=

Publication details, including instructions for authors and subscription information:
http://pubsonline.informs.org

W
g 1:5 Wi A Concentration Bound for Stochastic

Approximation via Alekseev’s Formula

Gugan Thoppe, Vivek Borkar

To cite this article:
Gugan Thoppe, Vivek Borkar (2019) A Concentration Bound for Stochastic Approximation via Alekseev’s Formula.
Stochastic Systems 9(1):1-26. https://doi.org/10.1287/stsy.2018.0019

This work is licensed under a Creative Commons Attribution 4.0 International License. You are free to copy,
distribute, transmit and adapt this work, but you must attribute this work as “Sochastic Systems. Copyright ©
2019 The Author(s). https://doi.org/10.1287/stsy.2018.0019, used under a Creative Commons Attribution License:
https://creativecommons.org/licenses/by/4.0/.”

Copyright © 2019, The Author(s)

Please scroll down for article—it is on subsequent pages

informs.

With 12,500 members from nearly 90 countries, INFORMS is the largest international association of operations
research (O.R.) and analytics professionals and students. INFORMS provides unique networking and learning
opportunities for individual professionals, and organizations of all types and sizes, to better understand and use
O.R. and analytics tools and methods to transform strategic visions and achieve better outcomes.

For more information on INFORMS, its publications, membership, or meetings visit http://www.informs.org



http://pubsonline.informs.org
https://doi.org/10.1287/stsy.2018.0019
https://doi.org/10.1287/stsy.2018.0019
https://creativecommons.org/licenses/by/4.0/
http://www.informs.org

Downloaded from informs.org by [216.73.217.103] on 14 July 2026, at 05:48 . For personal use only, al rights reserved.

CORRECTED VERSION OF RECORD; SEE LAST PAGE OF ARTICLE

e STOCHASTIC SYSTEMS
s@ Vol. 9, No. 1, March 2019, pp. 1-26
http://pubsonline.informs.org/journal/stsy/ ISSN 1946-5238 (online)

A Concentration Bound for Stochastic Approximation via
Alekseev’s Formula

Gugan Thoppe,? Vivek Borkar®

2School of Technology and Computer Science, Tata Institute of Fundamental Research, Mumbai 400 005, India; b Department of Electrical
Engineering, Indian Institute of Technology, Mumbai 400 076, India

Contact: gugan.thoppe@gmail.com, (2 https://orcid.org/0000-0001-5066-6589 (GT); borkar.vs@gmail.com (VB)

Received: June 26, 2015 Abstract. Given an ordinary differential equation (ODE) and its perturbation, the Alekseev
Revised: September 9, 2015; May 15, 2017; formula expresses the solutions of the latter in terms related to the former. By exploiting this
August 20, 2018; August 26, 2018 formula and a new concentration inequality for martingale-differences, we develop a novel

Accepted: July 27, 2018

Published Online in Articles in Advance:
February 27, 2019

approach for analyzing nonlinear stochastic approximation (SA). This approach is useful for
studying a SA’s behavior close to a locally asymptotically stable equilibrium (LASE) of its
limiting ODE; this LASE need not be the limiting ODE’s only attractor. As an application, we
MSC 2010 Classification: Primary: 62L20; obtain a new concentration bound for nonlinear SA. That is, given € > 0 and that the current
secondary: 93E25, 60G42, 34D10 iterate is in a neighborhood of a LASE, we provide an estimate for (i) the time required to

hit the e-ball of this LASE, and (ii) the probability that after this time the iterates are indeed
https:/idol.org/10.1287/stsy.2018.0019 within this e-ball and stay there thereafter. The latter estimate can also be viewed as the
Copyright: © 2019 The Author(s) “lock-in” probability. Compared with related results, our concentration bound is tighter
and holds under significantly weaker assumptions. In particular, our bound applies even
when the stepsizes are not square-summable. Despite the weaker hypothesis, we show that
the celebrated Kushner-Clark lemma continues to hold.

Open Access Statement: This work is licensed under a Creative Commons Attribution 4.0 International
License. You are free to copy, distribute, transmit and adapt this work, but you must attribute this work
as “Stochastic Systems. Copyright © 2019 The Author(s). https: // doi.org/10.1287 /stsy.2018.0019, used
under a Creative Commons Attribution License: https://creativecommons.org/licenses/by/4.0/.”

Funding: G. Thoppe was partially supported by an IBM PhD fellowship. V. Borkar was supported in
partby aJ. C. Bose Fellowship and a grant, “Approximation of High Dimensional Optimization and
Control Problems,” from the Department of Science and Technology, Government of India.

Keywords: stochastic approximation « concentration bound * Alekseev’s formula * perturbed ODE « sum of martingale-differences *
concentration inequality

1. Introduction
Stochastic approximation (SA), first introduced by Robbins and Monro (1951), refers to recursive methods that can
be used to find optimal points or zeros of a function given only its noisy estimates. It is extremely popular in
application areas such as adaptive signal processing, adaptive resource allocation, and artificial intelligence. Because
of the stochastic nature of these methods, analysis of their convergence and convergence rates is challenging. For
generic noise settings, the most powerful analysis tool has been the ordinary differential equation (ODE) approach. Its
idea is to show that the )noise effects average out so that the asymptotic behavior of an SA method is determined by
that of a suitable deterministic ODE, often referred to as the limiting ODE. For more details on the above, see
Benveniste et al (1990), Duflo (1997), Benaim (1999), Chen (2002), Kushner and Yin (2003), and Borkar (2008).

Here we analyze the behavior of a nonlinear SA method close to a locally asymptotically stable equilibrium
(LASE) of its limiting ODE." In particular, we obtain a novel concentration bound for nonlinear SA methods. That is,
given € >0 and that the current iterate is in a neighborhood within the domain of attraction of a LASE, we provide
estimates on (i) the time required to hit the e-ball of this LASE, and (ii) the probability that after this time the iterates
are indeed within this e-ball and remain there thereafter. Because staying within the e-ball of a LASE from some
time on implies that the iterates will eventually converge to this equilibrium, the above probability estimate can also
be viewed as an estimate on the so-called “lock-in” probability (Arthur 1994; Borkar 2008, chapter 4). Similar
concentration bounds are already available in literature (Borkar 2008, Kamal 2010) in the context of generic attractors.
Compared with these, our bound is stronger, albeit restricted to the important special case of a LASE. We achieve the
tighter bound by using a finer analysis, which strongly exploits the behavior of ODE solutions near a LASE.

In case of multiple stable attractors, SA methods have a positive probability of convergence to any of them
(Arthur et al. 1983; Arthur 1994, chapter 3; Benaim 1999, proposition 7.5). Thus one cannot expect willful con-
vergence to a specific equilibrium except in some special cases (e.g., stochastic gradient schemes controlled by
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addition of slowly decreasing noise; Geland and Mitter 1991). Hence an important first step is to estimate the
probability of convergence to an attractor given that the iterate is currently in its domain of attraction. The idea is
that in such a situation the SA method will converge to the said attractor with high probability because the mean
dynamics, as captured by the limiting ODE, favor it. This in fact is the basis for Arthur’s models of increasing
returns in economics (Arthur 1994). To make the above qualitative (or descriptive) observation useful (or pre-
scriptive) by giving it some predictive power, it is essential that those probabilities, the so-called trapping or lock-in
probabilities (Arthur 1994), be estimated. This is what this work, and also Borkar (2008) and Kamal (2010), attempt
to do. This is also related in spirit to the extensively studied phenomenon of metastability in statistical physics
wherein a statistical mechanical system spends a long time near a stable minimum of its governing energy function
other than its global minimum or ground state (Bovier and den Hollander 2016); this would be the case, for
example, if we worked with constant stepsize SA methods instead of decreasing stepsizes.

In addition to our concentration bound, and more importantly, we provide here a novel approach for analysis of
nonlinear SA. The main ingredient of our approach is Alekseev’s formula (Alekseev 1961); an English account can be
found in (Brauer 1966). This formula extends the variation of constants formula (Lakshmikantham and Deo 1998) to
nonlinear settings. That is, given two nonlinear ODEs whereby one can be treated as a perturbation of the other,
Alekseev’s formula gives an explicit expression for the difference between the solutions of these two ODEs. The other
ingredient of our approach is a novel concentration inequality for a sum of martingale-differences that we prove
separately; see Theorem A.2 in Appendix A. This result generalizes the one obtained by Liu and Watbled (2009,
theorem 1.1).

As remarked above, concentration bounds in Borkar (2008, chapter 4, corollary 14) and Kamal (2010, theorem 12)
are for generic attractors. However, by taking the generic attractor to be a LASE, these results can be put in a form
comparable to our result. It can be then seen that our bound is tighter and holds under significantly weaker
assumptions on the stepsize and the noise sequence, but under a stronger regularity requirement (twice continuous
differentiability) on the drift; see Section 2. In particular, our bound holds for a larger choice of stepsizes, e.g.,
1/(n+1)*, u € (0,1], whereas the previous ones only apply for stepsizes that are square-summable. Despite the
weaker hypothesis, we show that the celebrated Kushner-Clark (1978) lemma continues to hold. All these happen
mainly because the earlier two works use the weaker Gronwall inequality (Bainovand Simeonov 1992, corollary 1.1),
whereas here we use the tighter Alekseev’s formula to compare the SA trajectory with a suitable solution of its
limiting ODE. In particular, Alekseev’s formula allows us to better compare the two in the neighborhood of a LASE
on an infinite time interval.

Concentration bounds of similar flavor to our work have also been obtained recently in Frikha and Menozzi
(2012, theorem 2.2) and Fathi and Frikha (2013, corollary 2.9). However, as shown in Section 2, compared with our
work and also with Borkar (2008) and Kamal (2010), these recent results apply only to a restrictive class of SA
methods and hold only under strong assumptions. In particular, results from Frikha and Menozzi (2012) and Fathi
and Frikha (2013) only apply to SA methods (i) whose form are special cases of the generic model that we handle;
(ii) whose limiting ODE has a unique, globally asymptotically stable equilibrium; and (iii) that satisfy respectively
the assumption labeled HL (Frikha and Menozzi 2012) and HLS,, (Faith and Frikha 2013), among others. Both HL
and its weaker variant HLS, are strong assumptions; for example, they do not hold for the simple yet popular TD(0)
method with linear function approximation from reinforcement learning (Dalal et al. 2018a). Under these settings,
their results give unconditional convergence rates. This is possible because of the unique equilibrium hypothesis;
we shall discuss this issue further in Section 7.

We now formally describe our setup and our key result in this paper. We consider the d-dimensional SA method

Xpi1 = X +ap[h(x,) + Myya], 120, 1)

where {a,} denotes a real valued stepsize sequence, h : R? — RY denotes a deterministic map, and {M,} denotes
some d-dimensional noise sequence. The terms inside the square bracket represent the noisy measurement; that is,
one can only access the sum but not the individual terms separately.

Treating (1) as a noisy Euler scheme, the limiting ODE that this algorithm might be expected to track is

xX(t) = h(x(t)). @)
Let x* be a LASE of (2) such that Dh(x*) is Hurwitz and let B be a bounded set containing x* and contained in the
domain of attraction of x*. Let || - || denote the usual Euclidean norm for vectors and matrices. Let X(f) denote the

continuous time version of (1) obtained via linear interpolation. Thatis, let ty = 0 and, for eachn > 0, set t,4,1 = t, + a,
and X(t,) = x,,. For t € (t,,t,41), let
(t - tn)

n

X(t) = x(tn) + [X(tne1) — X(ta)]. 3)
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Let ng > 0. Then given € >0 and that the event {X(t,,) € B} holds, our aim here is to obtain:
1. an estimate on the time T, starting from t,,, that the SA method in (1) will take to hit the e-ball around x*; and
2. alower bound on the probability that the SA method at time t,, + T + 1 is indeed inside the e-ball around x*
and remains there thereafter; that is,

Pr{||x(t) — x*

<eVt=ty + T+ 1x(t,,) € B}. 4)
We assume the following throughout this paper.
Assumption 1 (Ay). The map h: R? —R? is €2 (twice continuously differentiable).

Assumption 2 (Ay). Stepsizes {a,} are strictly positive real numbers satisfying

Dy =00, )
n
lim a, =0,
n—oo
and
supa, < 1. (6)
n

Assumption 3 (As). The noise sequence {M,} is a RY valued martingale-difference sequence with respect to the increasing
family of o—fields %, :=0(xo, My, ..., M,),n = 0. That is,

E[M;+11%,] = 0 almost surely (a.s.),n > 0. (7)
Furthermore, there exist continuous functions cy,c : R? > R, (strictly positive) such that
Pr{||Msa [l > %} < e1(xa)e ", n >0, ®)
for all u > ug, where uy, is some sufficiently large but fixed number.
Assumption 4 (A4). There exist r,1y,€9 >0 so that r>ry and, for 0 <e < €,
(xeR:|lx—x|| <€} SBC V" CN,(VP®)C V' cdom(V),
where V is some Liapunov function® defined near x*, dom(V') is the domain of the function V,
V={x e dom(V): V(x) < ro},
V" is defined similarly to V' with r replacing ro, and N, (V') :={x € R? : Ty € V' so that ||x — || < eo}.

Remark 1. Unlike most existing SA works (Borkar 2008, Kamal 2010, Frikha and Menozzi 2012, Fathi and Frikha 2013,
etc.), we do not require that the stepsize sequence {a,} satisfy the square summability condition; that is, 3, 42 < co.
Therefore, compared with these works, our analysis holds for larger choices of stepsizes; for example, a, = 1/(n + 1),
with p € (0,1/2]. As pointed out to us by an anonymous referee, similar slowly decaying stepsize sequences have
appeared in Polyak and Juditsky (1992); but there they appear only as part of the analysis for linear SA methods.

Remark 2. We emphasize that the assumption / is twice continuously differentiable globally is only for pedagogical
convenience. Our results go through even if 1 is twice continuously differentiable in some local neighborhood of x*.
Assumption (6) is again for ease of notation. Our results with minor modifications can be obtained even without it.

Let Dh(x*) be the Jacobian matrix of /i at x* and let A1(x*),..., A4(x*) denote its d eigenvalues. Since Dh(x") is
Hurwitz,

Amin (") := min{—real(A;(x"))} ©)

is a strictly positive number. Fix A" such that 0 < A" < Amin(x*) and « such that 0 < x < 1. From Teschl (2012, corollary 3.6,
p. 71), there exists K> 0 such that’

[|lePHCH| < Re™, ¢t > 0. (10)
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Without loss of generality, we will assume that K > 1. Let

1-x),,
/\:(K2 )A. (11)

Clearly A <A’. The main result of this paper is the following.

Theorem 1. Suppose A,,...,A4 hold. For each n, let B, := max,,<k<n-1 [e*AZ?’?le “’]ak.

Let € € (0, €], where € is as in Ay. Then there exist constants Cy, Co > 0 and functions g1(€) = O(log [L]) and g2(e) = O(2)
so that whenever T > g1(€) and ng > N, where N is such that 1/a, > g2(€) Vn > N, the SA iterates of (1) satisfy:

Pr{l|x(t) - x*|| < e Vt > t,,, + T + 1|x(t,,) € B} >

e exp(—cj/f) e exp(_M).

n=ngp an n=ng ﬁ n

Here the constants Cy,Cy as also the hidden constants in g1,8, depend only on A,d,r, and uy.

The next result obtains order estimates for our concentration bound, for the common stepsize family
a, =1/(n+1)*, u e (0,1].

Theorem 2. Leta, =1/(n+1)*, u € (0,1]. With notations as in Theorem 1, keeping everything else fixed and treating only
no as a variable,

Pr{||E(t) - x'|| < € Vt > b, + T + 1%(t,,) € By = 1 — O(n #/%e=Cn")
for some constant C > 0. Here O denotes the standard Big O order notation.

Proof. See Appendix B. O

Some notable aspects of Theorem 1 are as follows.

e Itis alocal result; that is, it gives a bound on the probability of convergence to a LASE if the iterates land up in
its domain of attraction eventually. This is the so-called lock-in probability (Arthur 1994). In particular, {x'} need
not be the only attractor of (2).

o Letting s4(n) denote complement of the event whose conditional probability appears in the statement, we have
a bound of the form Pr{sd(ng)lx,, € B} < c(ny) for a suitably defined c(ny) satisfying >, c(n) <co. Therefore,
> Pr{s(n)|x, € B}I{x, € B} <co a.s., where I denotes the indicator function. Consequently, using a result by
Breiman (1992, corollary 5.29, p. 96), we have 3, I{sd(n), x, € B} <o a.s.

In particular, this implies that x, — x* a.s. on the set {x, € B i.0.}. Thus we recover the celebrated Kushner-Clark (1978)
lemma under the weaker hypothesis 4, — 0 replacing the usual condition ¥, a2 < co.

There is also one key limitation to this result. The concentration bound is conditional on the event {x(t,,) € B}.
Thus, to drive the iterates to a prescribed equilibrium, one will need to separately ensure that the ngth iterate is
indeed within the set B. A related issue is to estimate the unconditional probability of convergence to a prescribed
equilibrium. This requires an estimate of the probability of reaching the domain of attraction of the prescribed
equilibrium from a given starting point. We discuss this in Section 7. Three artificial ways to fix this are as follows. First,
forcefully project the SA method back onto the set B whenever the method leaves it; see Dalal et al. (2018b) for
recent advances in this direction. Second, pick an initial point within B and scale down the entire stepsize
sequence so that N given in Theorem 1 equals 0. Third, use additional additive, extraneous noise to “explore”
the space, along with an oracle that tells you when you are in B. All these fixes are nontrivial because these
require explicit a priori knowledge of the desired equilibrium (e.g., a global minimum of some function) because
often (e.g., in engineering applications) that is precisely what the algorithm is expected to discover. Addi-
tionally, the set B is often unavailable or hard to estimate well even when the desired equilibrium is known.
Separately, the second fix needs bounds on g»(€), which, as we shall see, depends on a priori unknown pa-
rameters, such as the smallest eigenvalue of Dh(x*), among others. However, whenever such estimates can be
obtained, the following restatement of Theorem 1 may be useful.
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Corollary 1. Suppose A, ..., Aq hold. Let € € (0,€9]. Let Bu, T, and g»(€) be as in Theorem 1. Suppose that 1/a, >
Q2(€) Vn = 0 and that %(0) = x lies in B. Then the following relation holds:

Pr{||x(t) — x| <eVt=2T+1} >1- Z Crexp (—
n=0

Here Cy,Cy >0 are constants as in Theorem 1.

The rest of the paper is organized as follows. In the next section, we give a comparison of our main result with
existing works. This section may be skipped at the first reading. In the following section, we do some preliminary
computations and get an intermediate lower bound on (4), which will be easier to work with. We also give an
overview of our proof technique for Theorem 1. In Section 4, we first give Alekseev’s formula. Using this, we then
derive an alternative but equivalent expression for ¥(t) and, in particular, for x(t,). In Section 5, we use this al-
ternative expression to obtain a bound on ||¥(#,+1) — x*|| in terms of the noise sequence {M,,}. In Section 6, we finally
prove our main result (i.e., Theorem 1), via a series of lemmas. This section needs a generalization of a concentration
result from Liu and Watbled (2009), which we prove separately as Theorem A.2 in Appendix A. We conclude with a
brief discussion in Section 7.

2. Comparison with Existing Results

We first compare our key result (Theorem 1) with Borkar (2008, chapter 4, corollary 14) and Kamal (2010, theorem 12).
Those results give concentration bounds for nonlinear SA methods with respect to generic attractors. Replacing the
generic attractor with a LASE, the results there are in a form directly comparable to our result. Let B and x* be as in
Theorem 1. Those works first give an estimate on the additional time T” required to hit a suitably defined
e-neighborhood of x* starting from B. This estimate is the same in both those works. Then, an estimate is provided of
the probability that after a passage of time T’ the iterates are within the aforementioned e-neighborhood and remain
there thereafter, conditional on {x,, € B}. The estimate on T” is very loose; unlike our bound, it does not exploit the
exponentially fast convergence rate of an ODE solution near a LASE. We compare their concentration bounds
separately below.

There are two parts in the result by Borkar (2008, chapter 4, corollary 14). The first part assumes

h is globally Lipschitz continuous, (12)
the stepsize sequence {a,} satisfies
>lay =o0and > a’ <oo, (13)
n=0 n=0

and the martingale-difference noise sequence {M,,} satisfies

M1 l1?
1+ [Jxall?

%n] <G

for some constant C; > 0. Under these assumptions, as 1p — oo with everything else fixed, it is shown that the
concentration bound, is 1 — O(by,/6%). Here by, := Y54, 42 and § is some constant depending on €. For a, =
1/(n+1)*, ue(1/2,1], it can be easily seen that the above concentration bound is 1 - O(l/n(z)”_l).

In the second part of Borkar (2008, chapter 4, corollary 14), the assumptions on / and {a, } are same as above. The

difference is in the assumption on {M,}. It is assumed that {M,} is a martingale-difference sequence such that

“MnH”
<Ci, n=0, as. 14
Tt ool = © (14)

for some constant C; > 0. Under these assumptions, a concentration bound of 1 — O(exp[—Czé2 / bno]) is obtained.
Here C; > 0 is another constant, and 6, by, are as above. Fora, = 1/(n + 1)#, u € (1/2,1], this concentration bound is
1- O(e‘cwgw) for some constant C3 > 0. Clearly the concentration bound in the second part is tighter; but the
bounded noise assumption of (14) is restrictive and does not hold true in general (this setting is, however, very
useful for many reinforcement learning problems).
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The result of Kamal (2010, theorem 12) significantly improves on this. In addition to (12) and (13), it is only
assumed there that {M,} is a martingale-difference sequence and that, for some constants Cy, C, >0,

pof W

Fput < - , n>0,
1+ [ u } Crexp(—=Cau), n>0

for all sufficiently large u. Under these assumptions, it is shown there that (4), with T replaced by T’, i
1- O(exp[ C362/3/\4/b,,0]) for some constant C3 >0 and 6, by, as above. Fora, =1/(n + 1)*, u € (1/2,1], it is easy

to see that this bound translates to 1 — O(e™ Cany™” 1/4) for some constant C4 > 0. Compared with the second part of
the result by Borkar (2008, chapter 4, corollary 14), this bound is weaker, but it also has a similar exponential
behavior in .

Our result (i.e., Theorem 1) of this paper, significantly improves upon the above two results. First, we do not need
that the stepsize sequence satisfy the square summability condition 3,42 < oo; instead, we only require that
a, — 0 (in addition to X}, a, = o). Thus, our result holds even for stepsizes such as a, = 1/(n + 1), with u €
(0,1/2], whereas the previous two do not. Second, we only require that the noise sequence {M,} satisfy A;. This
is weaker than the assumption on {M,} made by Kamal (2010, theorem 12) (and hence in the second part of
Borkar 2008, chapter 4, corollary 14). Third, despite the weaker assumptions, a direct comparison of our
concentration bound for a, = 1/(n + 1)#, p € (1/2,1] (see Theorem 2) shows that our bound betters that by Kamal
(2010, theorem 12) for all u € (1/2,1] and the one in the second part of Borkar (2008, chapter 4, corollary 14) for
p € (1/2,2/3). Last, by exploiting the exponential convergence of an ODE solution near its attractor, we obtain
tighter estimates for the time T required to hit the e-ball around x* starting from the neighborhood B. We do,
however, require a stronger regularity of the function /, viz., twice continuous differentiability, at least locally
near the equilibrium. A brief summary of the above comparison is given in Table 1.

The main reason why we obtain a tighter concentration bound in comparison to Borkar (2008, chapter 4, corollary 14)
and Kamal (2010, theorem 12) is the following. In those two papers, the analysis boils down to showing > Z:n[ M1
is small in magnitude with high probability for all appropriately large n; and 7. In contrast, in the proof of our result,
we only need to show that a term similar to >}_ " e M2y My, 1, where A is as in (11), is small for all large n with
high probability. This happens mainly owing to the use of Alekseev’s formula (Alekseev 1961), which allows us to
exploit the local stability of the ODE near an attractor. Further, to show that the term similar to 3.} [ M2l My
is small, we make use of the concentration inequality given in Theorem A.2 in place of the Azuma-Hoeffding inequality
used by Borkar (2008, chapter 4, corollary 14) and Kamal (2010, theorem 12).

Concentration bounds related to our work are also given in Frikha and Menozzi (2012, theorem 2.2) and Fathi
and Frikha (2013, corollary 2.9). However, we discuss these separately because, as mentioned before, these results
only apply to a restrictive class of SA methods and hold only under strong assumptions. Specifically, the SA
algorithms considered by them are of the form

Xp+l = Xy + anH(xn/ Yn+1)/ (15)

where (i) H : R? x R? — R? is a deterministic map either satisfying satisfying the assumption labeled HL in Frikha
and Menozzi (2012) and HLS,, in Fathi and Frikha (2013), among others; (ii) {4, } is a real valued step size sequence
satisfying (13); and (iii) {Y,,} is a R? valued sequence of Independent and Identically Distributed (IID) random

Table 1. Comparison of Theorem 1 with Relevant Results from the Literature

Id Assumption on h: Assumption on {M,} : (7) and Concentration bound:
Bi Lipschitz continuous E[%"’;‘Hi 93,1] <C 1- O(ng}ﬁ)

B, Lipschitz continuous ”Afu;lll‘l <C 1- O(e‘c»*”ﬁw)

K Lipschitz continuous Pr{‘l‘[‘fH ’” >u Jw,} < Cie~" Vu sufficiently large 1- O(e‘C”‘f)z”_M)

* G Pr{||Mys1|| > u|F, } < c1(x,)e 20 Vi sufficiently large 1- C)(e‘c"g/z)

Notes. B and By, respectively, refer to the first and second parts of the result by Borkar (2008, chapter 4, corollary 14), K refers to the result by Kamal
(2010, theorem 12), and * is Theorem 1 from this paper. Each C;, C denotes a positive constant, O is the Big O notation, whereas Oisthe Big O notation
with polynomial terms hidden. The concentration bounds are obtained assuming a,, = 1/(n + 1)* with u € (1/2, 1] for the first three bounds, whereas
€ (0,1] for the last one.
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variables satisfying the Gaussian concentration property; that is, there exist some « > 0 so that for every 1-Lipschitz
function f : RY — R,

12
E[exp(Af(Y1))] < exp ()_\]E[f(Yl)] + %), A>0.

By adding and subtracting E[H(x,, Y,,+1)|%,], where &, is the o—field o(xo, Y1, ..., Y}), it is easy to see that (15) can
be rewritten as in (1), thereby showing that the above SA model is a special case of our SA model. Further, they
assume that the limiting ODE has only one unique solution x*—again a substantial simplification of the setup we
consider. Both HL and HLS, relating to the growth of H with respect to the second parameter are strong assumptions,
in that they do not hold for the simple yet popular TD(0) method with linear function approximation (Dalal et al.
2018a). As already discussed before, the square summability assumption on the stepsize is again stronger than ours.
Last, because the Gaussian concentration property for {Y,,} needs to hold true for every 1-Lipshitz function f, this
requirement is also restrictive when compared with (8). Under the restrictive settings and assumptions mentioned
above, Frikha and Menozzi (2012) and Fathi and Frikha (2013) obtain an upper bound on

Pr{|jx, — x'[|> €+ 6,}, n >0, (16)

where 0, :=E[|| x, — x*||]. There is a separate bound on 0, that must be combined with the above to get the overall
error bound. Note that (16) is unconditional, which is possible because of the strong assumptions and because there
is a unique globally asymptotically stable equilibrium. Overall, our concentration bound is of a similar flavor to the
ones obtained by Frikha and Menozzi (2012) and Fathi and Frikha (2013).

3. Preliminary Computations
Henceforth, for 11y € R? and s > 0, we shall use x(¢, s, ), t > s, to denote the solution of (2) satisfying x(s, s, 119) = uo.
Suppose for the time being that x(t,,) € B. Because from A;, BC V" and V is a Liapunov function, we have
x(t, tyy, X(ty,)) € V™ for all t > t,,. Further, if we wait long enough, then x(t, t,,,, X(t,,)) will reach a sufficiently close
enough neighborhood of x* and remain in it thereafter. Our idea to prove Theorem 1 is to show that with very high
probability, conditional on {x(t,,) € B}, ||X(t) — x(t, tn,, X(t,))|| is small for all t > £,,. Note that X(t) and x(t, t,,,, X(ty,))
start from the same point ¥(t,,) at time t = t,,,. We elaborate more on our idea at the end of this section; but we first
introduce some notations and come up with an intermediate lower bound on (4), which will be much easier to
work with.

Fix some sufficiently large ng, T. We shall elaborate later on how large they ought to be. Pick 1 = 15 (np) such that

ny
T<tysr =ty =D 0, <T+1 (17)

n=np

This can be done because (5) and (6) hold. Let

pua= sup [I5() = x(t by, Tt )], (18)
tE[tmthl]
Prr= sup |50~ x| 1
te[tmtn-%-lj
and
Gy = {(1) € V7 VE € [t 1]} 0

Note that G, is an event and G, ={x(t,,) € V'}.
The desired intermediate lower bound on (4) is given below.

Lemma 1. For ng,ny and T that satisfy (17),
Pr{||x(t) = x*|| < e Vt > t,,, + T + 1|x(t,,) € B} > (21)

1- Pr{ U {Gn, pns1>€} U G {Gy, pjq > €} (tn,) € B}.

n=ng n=ni;+1
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Proof. Using (17), it follows that (4) satisfies the following relation.

Pr{|[E(t) — || < € Vt > t,, + T + 1[%(t,,) € B}
> Pr{||x(t) — x7|| < € ¥t > ty,41[X(ty,) € B}

- Pr{ N (=)

n=ni+

X(ty,) € B}

= 1—Pr{ U {1 >e)

n=n;+1

X(ty,) € B}

n=ni+1

=1- Pr{fc(tno) €B, G {pr > e}x(ty,) € B}-

(22)

In the remaining part of this proof, we obtain a superset of the event in the second term in (22). This will help us

prove the desired result.

For any event E, let E° denote its complement. Then between any two events E; and E, the following relation is

Ei =(ExNE)U(ESNEq) € E> U(ESNEq). Using this, it follows that

Cj {p;‘1+1>e}g{ >€0}U{

SUp  Puil SUp  Pns1
n=ni+1 no<n<ng np<n<ng
and hence
(o)
{x(tno) €B, U {p2+1>€}} c {x(tno) €B,| sup pu
n=ni;+1 np<n<m

SUp Pt
no<n<m;

U{X(tno) €B,

n=n;+1

< €o, U {P:,+1>€}

< €o, U {P;+1>€}

Recall that, on the event {¥(t,,) € B}, x(t, t,,, X(t,,)) € V' forall t > t,,. Combining this with the assumption from A,

that N, (V') € V', we get

> 60}

{J_C(tno) € B,[ SUp  Pu+1

no<n<ny

= {X(ty,) € B, pny+1> €0}

ni
U U {X(ts,) €B,| sup prs1| < €0, pus1>€o
n=np+1 no<k<n

n
€ U A{Gu, pus1>e€0}

n=ng

g U {Gnl Pn+1 > E}/

n=nop

where the last relation follows because €y > € (see A4). Arguing similarly and using the assumption from A, that

{xeR:|x —x*|| <€} C V", we get

{X(tno) €B,| sup pus1|<en, U {p.1>¢€}
np<n<mg n=n1+1

< {Gn1+1/ U {0 >€}}
n=n;+1

c U {Gunp,>e}

n=n;+1
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Putting the above discussions together, we have

{f(tno) €B, U {ohu >€}} c U{Gupin>etU U {Gu prir>el,

n=n;+1 n=ngp n=ny+1

which in combination with (22), gives the desired result. O

We now elaborate on our technique to prove Theorem 1 and the usefulness of (21) for the same. First note that to obtain
alower bound on (4), it suffices to obtain an upper bound on the second term on the right-hand side (RHS) of (21). Indeed,
this is what we do. This is also easier because we now only need to obtain bounds on p,.+1 and p;,,; on the event G,.. This
has been done in Lemmas 11 and 12 in Section 5, where S,, is an appropriate sum of martingale-differences. To show that
the terms on the RHS there are small, we use the concentration inequality in Theorem A.2 and the assumption in (8). In the
next section, we describe Alekseev’s formula and use it to give an alternative expression for x(t,). This will be very useful
for proving Lemmas 11 and 12.

4. Alekseev’s Formula and an Alternative Expression for x(t,)
Alekseev’s formula given below provides a recipe to compare two nonlinear systems of differential equations. This
is a generalization of variation of constants formula.

Theorem 3. (Alekseev’'s Formula; Alekseev 1961). Consider a differential equation
u(t) = f(t,u(t), t >0,
and its perturbation
p(t) = f(t,p(1)) +8(t, p(t)), £ 20,

where f,g: RXRY — R4, f is continuously differentiable everywhere, and g is continuous everywhere. Let u(t, ty, po) and
p(t, to, po) denote, respectively, the solutions to the above nonlinear systems for t > to satisfyying u(to, to, po) = p(to, to, po) = po. Then,

¢
p(t, to, po) = ult, to, po) +/ D(t,s,p(s, to, po)) (s, p(s, to, po))ds, t > ty,

to

where ©(t,s, up), for ug € R, is the fundamental matrix of the linear system
. of
o(t) = ﬂ(t’ u(t,s,ug)) v(t), t =s, (23)

with O(s,s, ug) = 1, the d—dimensional identity matrix.

See Brauer (1966, lemma 3) for an English version of the original proof for the above result. We now use this result
to compare x(t) with x(t, t,,, ¥(t,,)). Using (1) and because fi41 — tx = ar, k >0, we have, for any n > ny,

Tltw) = t) + ) (@) + > @My

k=ng k=ng

n trst n b+
= X(ty,) + Z h(x(t))ds + Z Mji1ds.
k=ng ¢ k=no ¢ t
For k > ng and s € [k, fr,1], define
Ci(s) = h(x(tr)) — h(x(s)) (24)
and
Ca(8) = Mys1- (25)

Then it is easy to see that for n > ng

sl el el
X(tur1) = X(ty,) + h(x(s))ds + Ci(s)ds + Ca(s)ds

tno tno tno
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and in fact for ¢ > f,,

H(E) = E(ty) + / () + / Lo+ [ os)ds. (26)

tno

Think of (2) as the unperturbed ODE and (26) as its perturbation. The perturbation term at time f is of course
Gi(t) + Co(t), which is piecewise continuous in t. The same proof that was used to prove Theorem 3 also holds in this
context. Hence, using Alekseev’s formula, we get

t ¢
X(t) = x(t, tny, X(tn,)) +/ D(t,s,x(s))C1(s)ds + / D(t,s,x(s))Ca(s)ds, (27)

tnU tnU

where ®(t, s, up), for any ug € R?, is the fundamental matrix of the nonautonomous linearized system
y(t) = Dh(x(t,s,u0)) y (t), t =5, (28)

with ®(s, s, up) = I;. Here Dh(x(t,s, 119)) is the Jacobian matrix of /i along the solution trajectory x(f,s, up).
Using (24), (25), and (27), the following result is now immediate. This gives the desired alternative expression
for x(ty).

Theorem 4. Let X(t) be as in (3). Then

X(ty) = X(ty, ty, (k) + Wy + Sy + (S, = Sn), (29)
where
n-1 b1
W= D] t O(t,, s, X(s))[(x(tr)) — h(x(s))]ds, (30)
k=ngy ¢ Lk
n—1 L]
Sui= D) [ / D(t,, s, az(s))ds]MM, (31)
k=ny LY
and

/ - (D(tn,s,fc(tk))dS]MkH, (32)

bk

Sn:=§[

k:l’l()
with O(t,,, s, X(s)) being the fundamental matrix of (28) with uy = x(s).

Remark 3. Note that {S,} is a sum of martingale-differences with respect to {%,}, whereas S,, is not. We shall exploit
this later while proving Theorem 1.

5. Bound on p;.+,p;,.1 on G,
Our aim here is to obtain a bound on p,,11, p;,,; on the event G,. This is given in Lemmas 11 and 12. We shall use
this in Section 6 to obtain a bound on the second term on the RHS of (21) and hence on (4). The proof of the
above-mentioned results require some supplementary lemmas, which we prove first. Across these lemmas, we
shall repeatedly use the linear ODE

z(t) = Dh(x")z(t). (33)
This is the linearization of (2) near x*. We shall also use r as in A4 and
R:= sup|jx — x7. (34)
xeVr

Separately, from A;, recall that /1 € %2. Hence it follows that i and Dh are Lipschitz continuous over the compact

set V'. Let L, and Lp, respectively, denote the associated Lipschitz constants.

Lemma2. Let A be as in (11). Let ug, uy be arbitrary points in V" and s be an arbitrary positive real number. Then for t > s,
||x(tr S, MO) - x(tl S, ul)” < K1||M0 - u1||e_A(t_S)l

where Ky > 0 is some constant.
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Proof. We first prove the following claim.

Claim 1. There exists 1’ satisfying 0 <v’ <r with the following property. For any arbitrary uo,u; € V" and any s > 0,
Ilx(t, s, 10) — x(t, 5, 11)|| < K|t — s [Je™=),

where Kj > 0 is some constant.
Let

P:= / D) gD g (35)
0

where T denotes transpose. Because Dh(x*) is Hurwitz, P is well defined. It is also easy to check that P is symmetric
and positive definite. Then Khalil (2001, theorem 4.6, p. 136), states that P is the unique positive definite and
symmetric matrix satisfying the Liapunov equation

Dh(x*) " P + PDh(x") = -1, (36)
where, as mentioned before, I; is the d—dimensional identity matrix. Let
Z(x) = Dh(x) " P + PDh(x). (37)
From (36), Z(x*) = —1;. Let N(x*) be a convex neighborhood of x* such that
1Z(x) = Z(| = [12(x) + Lall < % Vx € N(x"),

where « is as defined below (9). The existence of N(x*) is guaranteed because Z is continuous. The latter follows
because of A;, which ensures that Dl is continuous.

Fix 7" such that 0 <7 <rand V" C N(x*). Fix s, ug, and u; as prescribed in Claim 1 with ” as defined above. For
notational convenience, let xo(t) = x(t, s, 119) and x1(t) = x(t, s, u1). Also let

V(t) = [xo(t) — x1(8)] T Plxo(t) — x1 ()], £ >s. (38)

Observe that because P is positive definite, V(t) > 0 for all ¢ > s. Differentiating with respect to t and using the fact
that x;(f) = h(x;(t)), it is easy to see that

V(t) = [(xo(£)) = h(x1 ()] T PLxo() = x1(B)] + [xo(t) — x1()] T PA(xo(8)) = h(x1()]-

By the mean value theorem,

hxol6) — h(x (1) = [ / D (®) + elxo(t) - xl(tde] [xo(H) - x1(H)]

Hence

1
V(t) = [xolt) -1 (] [ [ 2t + <l - aq(t)])df] [xo(H) - x1(8)],

where Z is as in (37).
Because V is a Liapunov function and u; € V"', x,(t) € V"' C N(x*) for all t > s. Further because N(x*) is convex,
x1(t) + t[xo(t) — x1(t)] € N(x*) for all t > s and 7 € [0, 1]. By definition of N(x*), for all ¢ > s and 7 € [0, 1],

1Z(x1(8) + t[x0(£) = x1(B)]) + Lol < .
Hence by adding and subtracting I; to the integrand in the relation concerning ¥ (t) above, it follows that

V(1) < =(1 = ©)llxo(t) = xa (DI
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By definition of ¥'(t) in (38), also note that V'(t) < ||P|| |lxo(t) — x1(#)|[>. Combining the above two relations, we get

. 1-x
V() < ———==V(¥).
(t) T (®)
However, using (35) and (10), note that
KZ
< .
[IP|| < T (39)
Hence using (11), we have
. 1-x\,
V(t) < —2( @ )A V() = =2AV(¢)

and consequently, by integrating from s to ¢, V'(t) < V(s)e 2*=%). Because from (38), V(t) > Amin(P)|lx0(t) — x1(£)|7,
and V(s) < |IPIl [|xo(s) = x1(5)II* = [IPI] lluo — m1|P?, it follows that

< Kflluo — ug[le™¢=,

T \/V(s)e—“(f‘s)

e, 10) = x5, 1)l = lxo(®) = 310 < \/ 5\ D

where K := /\rﬂi l(lp)' This proves Claim 1, as desired.

We now proceed to prove the actual lemma. Pick arbitrary uo,u; € V" and s > 0. Observe that

t
x(t,s,u;) = u; + / h(x(t,s,u;)) dt.

Hence we have

t
llx(t, s, 10) — x(t, 5, )| < lluo — ual| + / [h(x(t,s, uo)) — h(x(t,s, u1))l dr.

Because u; € V" and V is a Liapunov function, x(¢,s,1;) € V" for each t > s. Hence, invoking the Lipschitz continuity
of h over V', it follows that

t
et ,10) = (85,10 < o =l + Ly [z, 0) = (2,5, )] .
Bl
Using Gronwall inequality (Bainov and Simeonov 1992, corollary 1.1) on this, we get

llx(t, 5, 10) — x(t, 5, u)|| < ||t — 14y [Jelr =) (40)

for any t > s.
Let ' be as in Claim 1 and let

r—r
T = - .
infyeynyr [VV(x) - h(x)|

Because V is a Liapunov function, inf,cynyr [VV(x) - h(x)|>0. Because V(x(t)) = VV(x(t)) - h(x(t)), T is an
upper bound on the time taken for a solution of (2) starting from any point in V" to reach V". That is,
x(s + 7,s,u;) € V" whatever be the values of s > 0and u; € V". Combining this with Claim 1 above, it follows
that for all t >s+ .7,

llx(t, 5, 10) = x(t, 5, u1)|| < Killx(s + 7, 5,u0) = x(s + 7, 5,uq)|| e =57,
From (40), ||x(s + 7,8, up) — x(s + 7,5, u1)|| < |l — u1|je"*” . Combining the above two, it follows that for t > s + .7,

[lx(t, 8, u0) — x(t,5,u1)|| < Kiet"7 |jug — uy|le~*=*=7). Hence for suitable K; >0, we have ||x(t,s,uo) — x(t,s, u1)|| <
Ki|luo — ua]le™*¢=) for all t > s. This proves the desired result. O
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Lemma 3. Let ug € V" and s > 0 be arbitrary. Then for any t > s,
t
[ Iohsc5,10) = Db ) de < Ko
S

where Ky, > 0 is some constant.

Proof. Recall that DFh is Lipschitz continuous over the compact set V" with Lipschitz constant Lp. Separately,
because V is a Liapunov function and uy € V", we have x(t,s, 1) € V" for all © > s. Hence it follows that

t t t t
/ IDh(x(t, s, ug) — Dh(x")|| < LD/ |lx(T,s, up) — x*||dt < LDK1/ o — x*||le™ " dr < LDKlR/ e M=9g
S S S S

where the second relation follows from Lemma 2 on substituting u; = x*, whereas the truth of the last one can be

seen using (34). Because
/t e M9 < /oo e M=) dr = 1,
S S /\

the desired result is now easy to see. O

Lemma 4. Let uy € V" and s > 0 be arbitrary. Let O(t, s, up), t > s, be as defined above (28). Then for t > s,
(¢, 5, uo)|| < Kze ¢,

where K3 > 0 is some constant.

Proof. Observe that (28) can be written as
y(t) = Dh(x")y(t) + [Dh(x(t, s, 1u0)) — Dh(x")]y(t),

which can be thought of as a perturbation of (33). Hence, using the variation of constants formula or equivalently
the Alekseev formula (column by column), we get

¢
D(t,s, 1) = PHNE=) 4 / PN Dh(x(t, 5, u9)) — Dh(x*)]D(t, 5, 100 )dT. (41)
S

By (10), [|eP" )= < Ke™V' (=7 < Ke=*=7), s < 7 < t, where A is as in (11). Hence by taking spectral norm on both
sides of (41), we have

_ B t
Dt 5, 1) | < Re =9 + K / ¢ I|Dh(x(t, s, o)) — Dh(x")|| |0(T, 5, 1)l

S

Using Gronwall inequality (Bainov and Simeonov 1992, corollary 1.1) on this, we get

”(D(t s UO)H <Iz(e—A(t—s)HZJ:HDh(x(T,s,uo))—Dh(x*)||dT)

By Lemma 3, the desired result follows. O
Lemma 5. Let up,uy; € V" and s > 0 be arbitrary. Then for t > s,
1Dt 5, 10) — D(t, 5, )| < Kae™ I |ug — 10a]],
where D(t,s,uy) and O(t,s,uy) are as defined above (28) and Ky > 0 is some constant.
Proof. Recall from (28) that ®(t,s, 1) is the fundamental matrix of the ODE
Yo(t) = Dh(x(t,s, uo))yo(t), t >s, 42)
whereas ®(t, s, 11) is the fundamental matrix of the ODE

Y, (t) = Dh(x(t,s, u1))y1(t), t > s. (43)
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Fort > s’ >s,let Wy(t,s’) denote the fundamental matrix of (42) satisfying Wo(s’,s”) = I;. Similarly, define W, (¢,s’)
with respect to (43). Treating (43) as a perturbation of (42), it follows by using variation of constants formula or
equivalently Alekseev’s formula (column by column) that

D(t,s,u1) — D(t, s, up) = Wi(t,s) — Wo(t,s)

= /t Wo(t, T)[Dh(x(t,s, u1)) — Dh(x(z, s, ug))|W1(t,s)dt.

Because ug, u; € V', it follows by arguing as in Lemma 4 that | Wo(t, 7)|| < Kze ™= and ||W;(t, s)|| < Kze ).
Also recall that Dh is Lipschitz continuous on V" with Lipschitz constant Lp. Hence we have

IDh(x(t, s, u1)) = Dh(x(t, s, uo))ll < Lpllx(t, s, 11) = x(1, s, uo)||-

Putting all the above relations together, it follows that there exists some constant K} > 0 such that
t
(2,5, 11) = (5, up)l| < K™~ / ez, 5, 1) = x(t,5, 1)l
S

Using Lemma 2, the desired result is now easy to see. O

Lemma 6. Let k,n with ng < k<k+1 <n be arbitrary. Then there exists a constant Ks > 0 such that, on the event G,,

ter1
/ e M 5(s) — Z(t)llds < Ks[1+ Mg [l e ag.

b
Proof. From (3), note that

(s —t)
3

llx(s) — x(t)ll =

17(tisr) = X(I < (s = BLlIREED + [Miaalll,

where the last inequality is due to (1). On G, and because 1y < k < n — 1, note that ¥(#) € V". Combining this with
the fact that h(x*) = 0 and  is Lipschitz over V7, it follows that, on G,,, |[h(x(t))|| = |[n(x(t)) — h(x*)|| < LyR. Also note

bev
that L: '(s — t)e Mi9)ds < ¢~ Min—in)g2. Combining the above relations, the desired result is easy to see. O
In the next two results, we respectively obtain bounds on W, and S, —S,, where W, S, and S,, are as in (30), (31),
and (32).

Lemma 7. Let n > ng be arbitrary. Then on G,

IWull < Ke | sup ar+ sup al[Miull|,

no<k<n-1 ny<k<n-1

where K¢ > 0 is some constant.

Proof. Recall that & is Lipschitz over V" with Lipschitz constant L. Additionally, observe that

n-1 trr1
Wall < > IO(t, s, X(S))II [1h(X(t)) — h(x(s))llds.

k=ngy < t
Therefore, the following relations hold on the event G,. First, ¥(s) € V" for each s € [t,,, t,]. Hence,

n-1 trs1
IWall < Ly 3 D(E, s, XD [1%(E) = x(s)llds.
k=ng ¢ t
Using Lemma 4, it now follows that

n-1 tret
Wl < LiKs > e M) |x(t) — X(s)|ds.

k=ng ¥t
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Applying Lemma 6 to this gives

n-1
W,ll < LiKsKs S [1 + [|Mi[[le G2,

k=1’l0

From this, it follows that there exists some constant K > 0 so that

n-1
sup ap+ sup  agl|Mi| Ze"‘(t"_t’”l)ak.

no<k<n-1 no<k<n-1 k=ng

[[Wall < K

However, observe that

n—1 tn 1 e)\
> e Mg < |sup e / e MS)ds < |sup e | < —,
k=ng k>0 tno k>0 A /\
where the last inequality is due to (6). The desired result now follows. O
Lemma 8. Let n > ng be arbitrary. Then on G,
”Sn =Sl £ Ky sup agl|Mj || + sup ak”MkHHer
no<k<n-1 no<k<n-1
where K7 > 0 is some constant.
Proof. Observe that
B n-1 tret
18, =51 35| [ 19005, 5(6) = @t 70 | Ml
k=ng k

Hence, the following statements hold on the event G,,. Clearly, X(s) € V" for each s € [t,,, t,]. Consequently, using
Lemma 5, it follows that

n—1
15 — Sull < Ky 2[

k:n()

trr1
[ - f(tk)ne-wﬂ-s)ds}||Mk+1||.

fe

Applying Lemma 6 to this shows that

n-1
“Sn - Sn” < K4K5 Z[l + ”Mk+1||] ”Mk+1” e_/‘(t"_tkﬂ)a%-

k:}’lo

Arguing now as in Lemma 7, the desired result is easy to see. O

Assuming the event G, occurs, we now obtain upper bounds on ||¥(t,) — x(ty, tu,, X(tn,))l| and [|x(t,41) — x(tn41,
tng, X(tny))|l and use this to obtain bounds on p,41 and p;,;.

Lemma 9. Let n > ny be arbitrary. Then on G,,

[1%(tn) = 2(tu, by, ¥t < Ks|[ISull + sup ae+ sup  apl|MealP|,

no<k<n-1 no<k<n-1
where Kg > 0 is some constant.

Proof. From Theorem 4, we have
12(tn) = X(tn, g, Tt M| < IWall + 11Sull + 1154 = Sall-

Using Lemmas 7 and 8 and the fact that ||x|| < 1 +||x]|?, the desired result is easy to see. O
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Lemma 10. Let n > ng be arbitrary. Then on Gy,

||9_C(tn+1) - x(tn+1/ tn()/ f(tl’lo))” S K9

ISall + sup ax + sup ak||Mk+l||zl,

no<k<n no<k<n
where Ky > 0 is some constant.
Proof. Using (1) and
s
bt b)) = 3 o 00 ) + [ GG, o 500,

it follows from the triangle inequality that

”-i'(tn+1) - x(tn+1/ tno/ j(tno))” < H)_C(tn) - x(tn/ tl’lo/ X(tno))”

Ens1
+an||Mn+1||+[ A (x(tn)) = h(x(s, tny, X(t,)))llds.

However, h is Lipschitz over V" with Lipschitz constant L. Additionally, on G,, ¥(t,) and x(s, t,, X(tx,)), 5 > tp,, lie
in V'. Hence it follows using (34) that

/WWMWDJM@%meMBSMM%
ty

Substituting this in the above relation and using Lemma 9, the desired result is easy to see. O

Lemma 11. Let n > ng be arbitrary. Then on Gy,

Pn+1 < Kio
no<k<n no<k<n

ISall + sup ax + sup ak”MkH”zl/

where Ko > 0 is some constant.
Proof. Fix t € [t, ty+1]- Then there exists some 7t € [0,1] such that x(t) = (1 — 7)x(t,) + 7tX(t,+1). Hence

1%(8) = x (£, by, X(tag I < (1 = TON(E0) = (2, by, E(En)M + 7l X(Er1) = X(E, by XEag )

Because
b 0) = 3 b 50+ [ B8 b 500
and
ﬂ%%%me=X@%ﬁwm+tmew%JmmM&
we have

||3E(t) - x(t/ tnorj_c(tno))” < (1 - R)HJ_C(tn) - x(tn/ tnolx(tno))” (44)

trz+1
+nwwﬂwmwﬂmwﬂ%w+/’umawwﬂ%mW&
tn

However, h(x*) = 0 ensures

Ens1 tni1
[ WWMWWMW%=[ (S, g, E(bay) — B,
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Hence, arguing as in the proof of Lemma 10, it follows that on G,

tn+1
/ I (x(s, by, %t )))llds < LRy
ty

Substituting this in (44) and making use of Lemmas 9 and 10, the desired result is easy to see. O

Lemma 12. Let n > ng be arbitrary. Then on Gy,

ISull + sup ax+ sup al|Mp| + e )],

no<k<n no<k<n

Prr1 < Kn

where Ky1 > 0 is some constant.

Proof. For t € [t,, ti1],
() = 211 < %) = x(t, by, Zla DI+ I, by, 5(,)) = X
From Lemma 2, it follow that, on G,,,
[t by E(tny)) = X7 < Kol %(s) = x7[Jle™ 7)< KqRe™ 700,
Hence

Ppi1 < Pns1 + KiR sup o Mi=tng)

te[tnrtml]
Using Lemma 11, the desired result is easy to see. O

Let K := max{Kjo, K11}. The following result is then straightforward.

Theorem 5. Let n > ng be arbitrary. Then on Gy,

Prn+1 <K

IS4l + sup ax + sup akIIMmIIZl,

no<k<n no<k<n

and

Pns1 < K

ISull + sup ax + sup ag|Mia | +€‘A“"‘*”0)l,

no<k<n no<k<n

where K > 0 is some constant.

6. Proof of Theorem 1
Our first result here gives an upper bound for the probability expression on the RHS of (21) in terms of {||S,|[}
and {{1”||Mn+1||2}.

Theorem 6. Let X(t) be as in (3), K be as defined in Theorem 5, ny be as in (17), and € be as in Theorem 1. Let N be such that
a, < €/(4K) for all n > N, and T be such that e < €/(4K). Then for any ng > N,

ny o)
Pr { U {Gn/ Pn+1 > 6} U U {Gnr p;+1 > 6}

n=ny n=ny+1

X(ty,) € B} <
(45)

- = €
O o

n=np

- € _
35 v (Gl () < B).

n=ng
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Proof. From (17), it follows that t, > t,, + T for each n > n; + 1. Because ¢™T < €/(4K), it follows that for each
n>m+1, e M) < e/(4K). Combining this with the fact that ny > N, it follows from Theorem 5 that, for
ng <n<ny,

€
{Gu, pns1>€} C {Gn/“sn”> R} v {Gn/ sup agl|M|* > 4K}

no<k<n

and, for n > ny + 1,

. € €
(G Psr > €} € {GulISull> 1} U {Gn, sup aif|Mya P> 41<}

np<k<n

For ny < k < n, note that G,, C Gy and hence

{Gu Ml > o} € {GradiMilP> ).

Thus for n > ny,

no<k<n k=ng

€ n €
{Gn/ sup agl|[Mg|* > 4K} c Uy {Gk,ﬂk||]\/fk+1||2 > R}
Putting the above relations together, we have

UGuprn>etU U (Gupia>er € U Gulisil> 12U U {GradMual?> ).
n=ng n=rm+1 n=r n=rg
The desired result is now easy to see. O
We now sequentially derive bounds for the two expressions on the RHS of (45). Let Ki, := sup, . c1(x) and
Kis:= infyeyr ca(x)/ (2\/?). Because V" is a compact set, it follows that Kip, Ki3 € (0, 00).
Theorem 7. Let x(t) be as in (3), K be as in Theorem 5, € be as in Theorem 1, and N be as in Theorem 6. Then for ng > N,
x(tno) IS B} < Ki» i exp( Kjﬂ%{g)

n=np

ST P {Gn,anuanz

n=np

Proof. Observe that

{Gn/ an“MnJrl”Z

s [F0) €B] < Pr{nialP> G0, < 5]

Ve K13\/E)
2VK+a, Van )’

where the last inequality follows owing to (8) and the fact that x(f,) € V" on the event G,,. This proves the desired
result. O

Theorem 8. Let X(t) be as in (3), K be as in Theorem 5, € and f,, be as in Theorem 1, N be as in Theorem 6, and S,, be as in (32).
Then for some constants Ki4 > 0 and Kis >0, the following relation holds:

= Pr {||Mn+1” >

Gy, X(ty,) € B} < Kpexp (—

x(t”f’) € B} <K i exp(— I(w%n{e,ez})

n=np

3 prfGu s>

n=np

Proof. Let
tir1
Crsn = / (L, 5, 7(t))ds. (46)

t
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Then S, = Zﬂ;&o Qg41,7My41. Because Gy, 2 -+ 2 G,-1 2 Gy, we have

A

€
Pe{Gu Sl 1

_ €
F(tw) € B < Pr{Guon I1> 1

X(ty,) € B}

€
pe{lsil> o
Pr{
Pr{

The last but one equality follows because 1g, =---=1¢,, = 1 on G,-1. To prove the desired result, it thus suffices
to show that there exist constants Ki4 > 0 and Kj5 >0 so that the following relation holds:

Gp-1,X(ty,) € B} Pr{G,-1|x(t,,) € B}

n—1

> a1 uMin 1,

k:‘rlo

> i Gt %) € B} X Pr{Gy1|¥(t,,) € B}
n-1

> A aMinle,

k:‘rlo

€ |_
> R .X(tno) S B}

S €| K15 min{e, €2
Pr 2 ; ak+1,an+1lck > — X(fno) €B}; <Ky exp —15—{} )
k=ny 4K Bn

Because E[ak+1,an+11Gk 9?,(] =0, k > ng, where %; is as in As, it follows that Z,’(’;}m Ar1,nMi11lc, is a sum of

martingale-differences. Hence the above two relations follow directly from a conditional variant of Theorem A.2
and the discussion in Remark A.1, provided there exist constants 0, C,y1,y2 >0 so that

E eéllelcmll gk—l <Cas., k> no +1, (47)
n-1
D ke, < 1, us)
k:VlO
and
< .
2 Il <2 -

In the remainder of this proof, we establish (47), (48), and (49). Pick arbitrary Fy_; € %_1. Then observe that

EfeMidc i, |= B [eélel

Fk—lck—l] Pr{F;_1Gy-1} + Pr{Fr1G;_q}

[ / © Pr{eénmkn o
0

00
e + Pr {2IMil > 3
oL

= 1
e“’“L+/ Pr{||Mk||> 81
BO”L 6

(50)

IA

Pr{F_1} + Pr{Fx_1}.

Gk—le—l }dlx[

However,

00
/ Pr {eélM"l >u
0

IA

Gk—lPk—l }du

Gk—le—l }du

Gk—le—l}du/

where 1 is as in As.
Also note that when u > ¢%, we have logu/6 > ur. Therefore,

E [1{IMill> 25 1Gi-1 Fea]|
Pr{Gy_1Fr-1}
E [Pr {IIMell > "% %1 H1Gir P
Pr{Gi-1Fi-1}

log u
Pe I 5

leFkl}

< K12€_Kl3 log u/él

where the last inequality follows from As and the fact that x;_; € V" on the event G_;.
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If we pick 0 = Kj3/2, it follows from the above two inequalities that

00
/ Pr {ekal >u
0

Substituting this in (50), it follows that for

Ko
exp[Kizur /2]

Gk—ll:k—l}du < EXp[K13uL/2] +

Ko
exp[Kizur/2]
E[e®Mdeallly | ] < CPr{F1}.

C= exp[K13uL/2] + +landd = K13/2,

Because Fy_; € %, was arbitrary, we have E[e?Mi161 1%, _;] < C a.s. This establishes (47).
Next note from Lemma 4 that, on Gy, [|®(t,, s, #(tx))|| < Kse~**~). Hence from (46), as in the proof of Lemma 7, it
follows that

n-1 n-1 At K3€/\
> llesiallle, < Ks > e Mtalg, < T

k=n() k=1’l()
and maxy, <k<n-1 [|k+1,0l11c, < KsBy, as desired in (48) and (49). This completes the proof. O

Proof of Theorem 1. Let gi(€) = log[4K/e]/A and g»(e) = 4K/e. Then the desired result follows from (21) and
Theorems 6, 7, and 8. O

We end this section with a brief comment on how one may estimate the constant Ki defined in the proof of
Lemma 2. This is a key constant because all other constants defined throughout Sections 5 and 6 essentially depend
on it. First, K and A’ defined in (10) do depend on the prior knowledge of x* which is usually unavailable. One can,
though, use a loose estimate based on the knowledge of Dk in a neighborhood of x*, if available. Having chosen K
and A/, an estimate of ||P|| can then be easily found via (39). When the matrix Dh(x") is symmetric, one can be a bit
more explicit. In that case, P = —[Dh(x*)]"'/2 and K and A’ can be chosen as in endnote 3; consequently, K} is
precisely the square root of the condition number of Dh(x*). It may be noted that even in absence of explicit
constants, our concentration bound does provide useful information as “order” estimates in the spirit of sample
complexity in machine learning (Vapnik 2013).

7. Discussion

Here we first look at the issue of obtaining unconditional convergence rates/concentration bounds, as opposed to
ours, which is conditioned on the iterate being in the domain of attraction of a given equilibrium. An un-
conditional estimate will be a product of our estimate times the probability that the conditioning event occurs; that is,
the domain of attraction is indeed reached (one might add a qualifier “after a specified time”); for example, see
proposition 7.5 of Benaim (1999). As already noted, the latter is strictly positive for any stable equilibrium under
reasonable hypotheses; hence, the primary task is to find a good estimate thereof.

The simplest case is when the limiting ODE has a single globally asymptotically stable equilibrium. In a recent
work (Dalal et al. 2018a), we obtained unconditional convergence rates for the special case of TD(0) with linear
function approximation; this is a popular algorithm in reinforcement learning. There the limiting ODE is linear and
consequently has only one unique equilibrium. The key idea there is to first obtain a high probability bound on how
far the TD(0) iterates can go when the stepsizes are initially large. Once the stepsizes become sufficiently small,
analysis of the present work is invoked to show that the TD(0) iterates closely follow an appropriate solution of the
ODE with high probability. Hence, combining ideas by Dalal et al. (2018a) and this work, we believe that it may be
possible to obtain unconditional convergence rates for nonlinear SA methods whose limiting ODE has a unique,
global, asymptotically stable equilibrium, as those handled by Frikha and Menozzi (2012) and Fathi and Frikha
(2013), but without having to resort to the strong HL or HLS, type assumptions.

For the case of multiple equilibria/attractors, one has to distinguish between two scenarios. First is the case when
the equilibria are unknown, and although one of them may be the most desirable, the a priori description of it does
not allow us to say anything about its location. This is commonplace in engineering applications, a prime example
being the stochastic gradient scheme for minimization which guarantees convergence only to a local minimum,
whereas the desired goal is the global minimum. One way to ensure the latter is to add extraneous slowly decreasing
noise, which leads to the simulated annealing algorithm (Gelfano and Mitter 1991). For a nongradient scheme a
similar ploy may be expected to lead to the minimum of the so-called Freidlin-Wentzell (2014) potential; to our



Downloaded from informs.org by [216.73.217.103] on 14 July 2026, at 05:48 . For personal use only, al rights reserved.

Thoppe and Borkar: A Concentration Bound for Stochastic Approximation
Stochastic Systems, 2019, vol. 9, no. 1, pp. 1-26, © 2019 The Author(s) 21

knowledge this has been worked out so far only in discrete state space (Miclo 1992a) and compact Riemannian
manifolds (Miclo 1992b).

The other possible scenario is where there may be some prior information about possible equilibria/attractors
and we wish to reach a most preferred one. This may be the case, for example, in models arising in economics; in
fact, this was the original motivation for Arthur to look at lock-in probability. Then the issue is what aspect of the
dynamics, given that it is a socioeconomic process and not an algorithm, is in our control. In other words, can we
affect the probability to reach the domain of attraction of the desired equilibrium from the given starting point.
A natural and commonplace situation is when the initial point is in the domain of attraction of an undesired
equilibrium. Then the complement to our probability estimate (i.e., 1— the estimate) is an upper bound on the
probability of escape from it. The paths from the initial point to the desired set may traverse several such domains of
attraction, and the upper bound will then involve all such estimates, for all possible traversal sequences. This is an
interesting direction to pursue in future. A second issue then is to improve this probability if we have any control
over the dynamics, including the possibility of adding noise as described above. This is a more interesting class of
problems with overtones of “stochastic resonance” (Herrmann et al. 2013).

Other interesting directions to pursue are extensions to distributed asynchronous algorithms and more general
noise models, such as Markov noise.

We end by pointing at some recent papers that build on the ideas discussed here, thereby illustrating the
usefulness of this work. In Dalal et al. (2018b) and Borkar and Pattathil (2018), concentration bounds have been
obtained for two-timescale SA; the first one deals with the linear case, whereas the second handles the generic
nonlinear setup. Separately, Kumar et al. (2018) study constant stepsize SA used to track a slowly moving target
and provides bounds on the tracking error.
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Appendix A. Concentration Inequality for a Sum of Martingale-Differences
Extending Liu and Watbled (2009, theorem 1.1) and building on its proof technique, we obtain here a novel concentration result
for a sum of martingale-differences, first for the univariate case (Theorem A.1) and then for the multivariate case (Theorem A.2).

Theorem A.1. Let {X} be a real valued {F}—adapted martingale-difference sequence. Assume that there exist 6,C >0 such that
E[e®™|F_1] < C as.

forallk > 1.Let S, = S} ayn Xx, where {ay . } are a.s. bounded previsible real valued random variables. That is, oy, € Fy_1, and there is a
finite positive deterministic number, say Ay, such that |y ,| < Ay, a.s. Suppose Y} Ay < v1 and maxi<iey Agn < V2Pn, where {B,} is
some positive sequence and y1, Y, > 0 are constants that are independent of n. Then there exists some constant ¢ > 0 depending on 6,C, y1, 72
such that, for £>0,

ZeXp(_ Cg;nz)/ #56(0, C};l]’
Pr{(S,| > £} < (
2 exp(— E—*), otherwise.

We divide the proof into a series of lemmas.

Lemma A.1. Let oy, Sy, 0, Xi, Fr-1 be as in Theorem A.1. Suppose there exist functions {€ : Ry — R}, such that for v >0

Elexp (@ ay,, 6Xx)|Fr-1] < @) g g,
Then E[e¥%] < o2y (@)

Proof. This follows from iterated conditioning. O

Lemma A.2. Let a be some bounded real valued random variable with |a| < A a.s. Let X be another real valued random variable with
E[aX] = 0 and E[e’XI] < C for some 6,C>0. Then for all 0<w < 1/A,
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Proof. Fix arbitrary w such that 0 <@ <1/A. Because E[aX] =0,

(6aX)

(uaéX ] Z ( )k

Z( J'E

A’w? CA%w?
<
—Aw =P [1 - Aa)]

(6aX) ]

<1+ Z(wA)"]E[e“X'] <1+Cy

as desired. O

Proof of Theorem A.1. Because ay, is previsible, note that E[ay , Xi|%F_1] = 0
Let 0 <w <1/(y2Bx). Then from a conditional variant of Lemma A.2, it follows that

2
< ex [CVZﬁnAk,nw ]
1- ‘)/zﬁnw

CA? o

E[exp (wai 06Xx) | Fr-1] < exp m
1

a.s.

Hence, by Lemma A.1, we obtain

2 n
E[e<u65,,] < exp [CVZ(U ﬁn Zk:l Ak,n].

1 - y2B@
However, 3, Arn < 1. Hence

C @’B
E[¢05:] < [L]
[e”>"] < exp 1= o

From this, it follows that

S & Cylyzwzﬁn
Pr{S, > &} < Pr{e”’S > %) < H o - S1172n) |
(8> £} < Pr{ } < exp| -[woe - IR

Because this holds true for each 0 <w <1/(y2f,), we have

Cylyzwzﬁn)
Pr{S,>&} <exp|— su o0& — ————||.
{ E} p P )(CL) E 1- ]/2,3710)

we(0,

7 Z.Bn

Now using a result by Liu and Watbled (2009, lemma 2.7), we get

5, (V“Cgl‘ﬁ)z

From the proof of equation (2.4) in the work by Liu and Watbled (2009), it eventually follows that

N i S i n
Xp( CVI}'ZISn(El-F‘/E)Z)/ it £e0,57)

Pr{S, > &} <exp|-

Pr{S,>¢&} <

_ o :
exp( NGRS o ﬁ)z), otherwise.

Similarly, one can show that
exp(-o 0 ), ifee, G,

Pr{S, < =&} = Pr{-S5,>&} < Cy172Bu(1+V2)

— o0& :
exp( WO ﬁ)z)' otherwise.
The desired result follows. O

The next result is a multivariate version of Theorem A.1.

Theorem A.2. Let S, = 3}, agn Xi, where {X;} isa R? valued {Fy}—adapted martingale-difference sequence and {ay,,} is a sequence of
a.s. bounded previsible real valued d X d random matrices. That is, oy, € Fy_1 and there exists a finite number, say Ay,, such that
llovkull < Ak a.s. Suppose that for some 6, C >0, we have E[eXX|F,_,] < C a.s. for each k > 1. Further assume that 3.}_; Ak, < y1 and
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max <<y Ak < YoPn, where {B,} is some positive sequence and y1,y, > 0 are constants that are independent of n. Then there exists some
constant ¢ >0 depending on 6, C, y1,y» such that, for £>0,

posl ). #ee 08

Pr{||S,|> &} <
24% exp (— #jﬂ”) ,  otherwise.

(A1)

Proof. Let aZ , denote the (i, j)th entry of the matrix ay ,. Similarly, let Xf( denote the jth entry of the vector Xj. Then, it is easy to
see that the ith entry of the vector S, satisfies

d n P i
=220 a X (A2)
=1 | k=1
Hence it follows that
Pr{[IS.ll > &}
d i<
< Pri{|St|> —}
Z {| o «/E (A.3)

M T
tg&

Observe that, almost surely,
E[e"X|F 1] < B[M)F ] < C

and

n
Z |0t;(/ | < Z ”ak,n” < ZAk,n <71
=1 k=1

Also, maxj<r<y |af{’jn| < max<ken ||k |l £ Maxi<pen Ay < V2fy a.s. Hence, from Theorem A.1, it follows that there exists some
¢>0 depending on C, 5,1, 7> such that

5}< 2exp( ), ichE(O,C’WTM],
2exp(

) otherwise.
Using this in (A.3), the desired result is easy to see. O

Remark A.1. To aid in the comparison with related literature in Section 3, we have highlighted in (A.1) the dependence on d.
However, d is often a constant (as is assumed in this paper). In this situation, one can rephrase (A.1) as

c1 exp( —é), if £€(0,C'],
Pr{||Sull > &} < (A.4)

1l exp( 52‘5) otherwise

for some suitably chosen constants ¢, ¢, C’ > 0 depending on 6, C, y1, > and d. In fact, by choosing ¢y, c; appropriately, the above
inequality can be rewritten as

€1 exp( 62'5) if& € (0,1]

Pr{[ISall> &} < (A5)

ol exp( 62'5) otherwise

Appendix B. Order Estimates for Concentration Bound
Treating 1y as the only variable, we first obtain here order estimates for the concentration bound given in Theorem 1 for the
family of stepsizes a, = 1/(n +1)*, u € (0,1].

Lemma B.1. Let C>0 be an arbitrary constant and let a, = 1/(n+1)*, p € (0,1]. Then, as ng — oo,

S —C/a, 1-p/2 —cnt'?
De ":O(no e 0).

n=ny
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Proof. Observe that

ifc/V"_"s/m

n=ng np—1

00
_ /2 _(Cal/2
e s+ ds:/ e ds.
no

Using 1'Hoépital’s rule,

00 _(gh/2 d | [~ —CsH/2
o faeeds g [y ds /
lim o e = lim R T =C,
ny—e0 4 H 67010 ny—oo g n H e’C”o
0 dng [*°0

where C’ > 0 is some constant. The desired result is now easy to see. O

Lemma B.2. Let C>0 be an arbitrary constant, a, = 1/(n+ 1), and p,, be as in Theorem 1. Then, as nyg — oo,

i Clbn — O(e=Cm) ifA>1,
n=ngy O(e—(C/Z)ng) lf/\ < 1/

where A is as defined in (11).

Remark B.1. In Lemma B.2, for the case A < 1, the below proof can be modified suitably to improve the estimate to O(e=") for
any C' <C.

Proof of Lemma B.2. First, consider the case A>1. We claim here that, for all sufficiently large rny, and k,n such that
ng<k<n-2,

[E’A Z::lirl ”I]ak < [E*A Z::llrz ”’]ukﬂ .
To prove this, it suffices to show that, for all sufficiently large 1, and k > ny,

Mg < . (B.1)
However, observe that
A k42 e
a1 k+1

Additionally, because A > 1, for all sufficiently large 1y and k > 1y, we have el/(k+1) < e /(k+2) Hence (B.1) holds, and our claim
follows. From this, for all sufficiently large 1o and n > no, B, = a,-1 = 1/n. Hence, for all sufficiently large no, %2, e b <
S, € = O(e"™), where the latter follows by treating the sum as a geometric series. The desired result now follows.

Next, consider the case A < 1. Clearly,

G _k+1 o 1/k+2)

= < < M
Ay k+2

n-1 n-1
Hence, by arguing as above, it is easy to see that [e’A it "’]ak > [e”‘ ik “’]akﬂ, for all ng, and k, n such thatny < k < n — 2. Fixng
n-1
and n > np + 1. Then, because of the previous relation, 8, = [ef/\ I "’]ano. However,

nl noq n+1
Zaiz ——ds =log|——|.
Pt m+1 8 +1 no+2
Using this, for sufficiently large 1y, we have
(I’lo + Z)A 1 2

<
Pu < (m+1* ng+17 (n+ rnj’

where the latter follows because 2! < 2. Hence, it follows that

[oe] [oe] 00
S el < S e ! / o (Cm g
no

n=ng n=ng
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Separately, observe that under the transformation sn

(01—/\)//\ s

st 1 D 1o _ A =(CI2m0
/n e 0 S ds = = /m e ds = 0O(e ),
0 0 ny

where the latter follows from 1’'Hoépital’s rule. Substituting this in the previous relation gives the desired result. O

Lemma B.3. Let C>0 be an arbitrary constant, a, = 1/(n + 1)* with u € (0,1), and B, be as in Theorem 1. Then, as ny — oo,

i exp (— ,3%) = O(né_“e"c(””"l)”).

n=ng

Proof. As in the proof of the previous lemma, we first show that, for sufficiently large 1y, and all k > ny,

a
Sk < M, (B.2)
A1

Observe that

a (k+2)“< ot/ k1)

le+1_ k+1

Because i <1, we have p/(k+1) < A/(k +2)! = Aag, for sufficiently large 9, and all k > ny. Hence (B.2) holds, and therefore

Bn = ay—1 = L. Using this and 1'Hopital’s rule,

D e~ Clbn = D e < O(n(l)’“e‘d”o‘l)“)_

n=ng n=ng

This proves the desired result. O

Proof of Theorem 2. Observe that the bound in Lemma B.1 dominates that in Lemmas B.2 and B.3, respectively, for the cases
p=1and p €(0,1). The desired result is now easy to see. O

Endnotes

! A LASE is an equilibrium that is Liapunov stable in the following sense: given an 1> 0, there exists a § > 0 such that any trajectory of the ODE
initiated within ¢ distance from this equilibrium remains within 1 distance thereof; furthermore, there is an open neighborhood such that any
trajectory initiated therein converges to this equilibrium. This neighborhood is called the domain of attraction.

2Recall thata continuously differentiable function V : dom(V) € R? — R is said to be a Liapunov function with respect to x* if V(x*) = 0 and, for
all x #x°, V(x)>0 and VV(x) - h(x) <0. The existence of a Liapunov function near x* is guaranteed owing to its asymptotic stability by the
converse Liapunov theorem (Krasovskii 1963). We may in fact choose V so that V(x) — co as x — the boundary of dom(V) (ibid).

3In the special case that Dh(x") is symmetric and hence diagonalizable, K and A’ can be chosen to be 1 and Amin(x*), respectively.
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CORRECTION

In this article, “A Concentration Bound for Stochastic Approximation via Alekseev’s Formula” by Gugan
Thoppe and Vivek Borkar (first published online in Articles in Advance, February 27, 2019, Stochastic Systems,
DOI:10.1287/stsy.2018.0019), the positivity of Amin(x*) defined in (9) in this article has been deduced from
Hurwitz property of Dh(x*). The latter requires an additional assumption that (x*) be hyperbolic, which was left
out by mistake.
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