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Stochastic gradient descent (SGD) is a powerful optimization technique that is particularly useful in online
learning scenarios. Its convergence analysis is relatively well understood under the assumption that the data
samples are independent and identically distributed (iid). However, applying SGD to policy optimization
problems in operations research involves a distinct challenge: the policy changes the environment and thereby
affects the data used to update the policy. The adaptively generated data stream involves samples that are
non-stationary, no longer independent from each other, and affected by previous decisions. The influence of
previous decisions on the data generated introduces bias in the gradient estimate, which presents a potential
source of instability for online learning not present in the iid case. In this paper, we introduce simple criteria
for the adaptively generated data stream to guarantee the convergence of SGD. We show that the convergence
speed of SGD with adaptive data is largely similar to the classical iid setting, as long as the mixing time of
the policy-induced dynamics is factored in. Our Lyapunov-function analysis allows one to translate existing
stability analysis of stochastic systems studied in operations research into convergence rates for SGD, and
we demonstrate this for queueing and inventory management problems. We also showcase how our result

can be applied to study the sample complexity of an actor-critic policy gradient algorithm.
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1. Introduction

We consider the following stochastic optimization problem

min ((0) =E,, [£(6, 2)]. (1)

0€©

In , 0 is an m-dimensional policy parameter that parametrizes a Markov chain with transition
kernel P,. The probability measure pg is the unique invariant distribution of Py, and z ~ uy is a
random outcome. Here, the set © could either be a convex constraint set or R™ in the unconstrained
setting.

For example, when designing service systems, we are interested in finding the optimal pricing
and/or capacity sizing policies to strike a balance between revenue and service quality (Kim and
Randhawa|2018|, |(Chen et al.|2023a). Here, the policy parameter § may consist of the price, which
affects the demand, and the capacity, which affects the service speed. Jointly, they control a Markov

chain P, that describes the queueing dynamics, and the service quality is often measured by the



steady-state average waiting time. Similarly, in inventory management, we are interested in finding
the optimal inventory ordering policy (e.g., base-stock level) to minimize the long-run average
holding and backlog costs (Huh et al.| 2009, |Zhang et al.2020a). Here, the replenishment policy,
indexed by 6, controls the dynamics of the inventory level, whose stationary distribution in turn
determines the long-run average costs. The stochastic optimization problem also arises in
machine-learning applications, such as policy gradient-based reinforcement learning (Sutton and
Barto [2018], |Agarwal et al.2021)), strategic classification with adaptive best response (Mendler-
Dunner et al.|2020, |Li and Wai|2022), and adaptive experimental design with temporal carryovers
(Glynn et al.|[2020, [Hu and Wager|[2022).

In many problems of practical interest, direct access to the distribution g may not be available.
Instead, at each time point £, we can apply a new candidate policy 6; on the concurrent system

state z;_; and obtain a new data point following

ze~ P, (+|21-1).- (2)

We will refer to this as the adaptive data setting. Instead of minimizing using the true gradient
V{(0), which relies on the unknown distribution g, one only has access to a gradient estimator

9(0;,2;) based on the adaptive data stream, which satisfies
Eniio9(0,2)] = VE(O). (3)

This resembles the problem setup for reinforcement learning (RL) (Sutton and Barto 2018), and
includes policy-gradient algorithms as a special case. However, the RL literature generally focuses
on a specific class of gradient estimators derived from the REINFORCE estimator (Williams|/1992)
or the @Q-function. In contrast, the adaptive data setting we consider is applicable for any gradient
estimator satisfying and thereby covers a much larger range of gradient estimation strate-
gies (Mohamed et al.[2020)), including infinitesimal perturbation analysis (IPA) (Heidelberger et al.
1988, |Glasserman||1992)) and general likelihood-ratio gradient estimation (Glynn/|1990). These gra-
dient estimation strategies are outside the scope of the existing RL convergence analysis, but are
of particular relevance to operations research applications, such as queueing and inventory man-
agement (see, e.g., Chen et al.,| (2023al), Huh et al.| (2009)).

The core challenge of applying stochastic gradient descent (SGD) to the adaptive data setting is
that z; is not only determined by the current action 8, but also depends on previous actions through
zi_1. As a result, using z; to form a stochastic gradient estimator g(6;, z;) leads to biased estimation
of the true gradient V£(0;), as E[g(0;, z;)|z:—1] # V() in general. If the effects of previous actions

persist in the system for a long time, the bias can be significant. SGD with biased gradients may



not be able to converge to the desired minimum (or even a small enough neighborhood of the
minimum).

Consider, for example, the optimal pricing problem in a GI/GI/1 queue, where the arrival rate is
determined by the price charged according to a demand function A(p). Let T}, denote the baseline
interarrival time between the t-th and (¢4 1)-th arrivals, S; denote the service time, and W, denote
the waiting time of customer t, i.e., the ¢t-th arrival. For a fixed price p, by Lindley’s recursion,

{W,:t>0} is a Markov chain satisfying

T\
o= (W5 555)

Our goal is to choose the optimal price to maximize the revenue minus the long-run average cost
of waiting, or equivalently,

min £(p) = — (pA(p) — hA(p)Er, [W]) ,

p

where 7, denotes the steady-state distribution of the Markov chain {W;:¢> 0} with arrival rate
A(p), and h denotes the holding/waiting cost per unit time per customer. If we are to update the
price after each arrival and let p; denote the price charged for the t-th arrival, then the waiting

times satisfy

T T Tt 1 *
Wi = (W, +8, — —= ) ,
t+1 < t t A(pt_’_l)

which is a non-stationary Markov process due to varying p;’s.

Note that the waiting time W, is not only affected by p;, but also by the previous prices charged,
i.e., p, for s < t, as they affect the current congestion level in the queue. As a result, E[W,] # Er,, [Wi]
due to transient behavior of the Markov chain. In this case, using the current waiting time to
estimate the steady-state waiting time leads to a biased estimation of V/(p;), which may derail
the convergence of the standard SGD updates to the optimal p*. For example, if one sets very
low prices p, < p; for s <t, the waiting time W, could be much larger than E., [W;] due to the
congestion induced by high demands in previous periods (as result of the low prices p,’s). Since
W, will be an overestimate of the stationary waiting time E.,, [W;], using this estimate to update
the price could cause the new price p;11 to be too high. The oscillations due to delayed feedback
can lead to instability, which is a well-known issue in control theory.

Optimization algorithms that use data streams to sequentially update the solution are often
referred to as online algorithms. The convergence behavior of online algorithms using independent
and identically distributed (iid) data stream has been well studied in the literature (Robbins and
Monro|[1951}, |Shapiro et al. 2021, Moulines and Bach|2011)). More recent results have shown that
the iid requirement can be relaxed. |Duchi et al.| (2012]), Agarwal and Duchi (2012), |Sun et al.| (2018])



study the performance of online learning algorithms on a dependent data stream. In particular,
they assume z;’s are generated from a fixed suitably ergodic Markov chain. But these results cannot
be applied to our problem directly, since they would require that the invariant distribution does
not depend on the policy 6. In contrast, in the service system design example discussed above, the
price changes the transition dynamics of the queue, which changes the steady-state waiting time
distribution.

One indirect way to apply the existing results with iid data to the adaptive data setting is to
only update € periodically, where the period (or batch size) B € N* is set to be long enough such
that the data distribution is close to stationarity towards the end of the period. In other words,
for all t € {0,...,B — 1} we would maintain the same policy 6y = ... =0p_; in order for zp_; to
resemble a draw from the stationary distribution p,. This would allow for a good estimate of
VoE,,, [L(6o,2)], which would then be used to update the policy at time B. One may even specify a
schedule of batch sizes By, to reliably control the non-stationarity induced by the actions (see, e.g.,
Chen et al. (2023al), [Huh et al.| (2009), Hu and Wager| (2022)). However, reducing the frequency at
which the policy is updated curtails the adaptivity of the algorithm, exposing a potential trade-off
between adaptivity and bias from non-stationarity. Balancing this tradeoff would require carefully
choosing the batch size B. This may require detailed knowledge about the ergodicity property,
e.g., the exact rate of convergence of the underlying Markov chain, which is unavailable or hard to
obtain in many applications. Overall, it is a priori unclear how the length of the period/batch size
affects the performance of the learning algorithm in the adaptive setting.

The papers Mendler-Diinner et al.| (2020)) and |Drusvyatskiy and Xiao| (2023)) study stochastic
optimization when one can draw independent samples from the updated data distribution pg. This
is similar to the periodic updating design discussed above, because, in most practical settings, one
can only generate independent samples from pg by applying the same policy for a long enough
time, i.e., running the Markov chain under P, until it reaches stationarity.

In this paper, we study the convergence of SGD where only one sample or a minibatch of samples,
i.e., By’s being a fixed O(1) constant, is used at each iteration. Under certain ergodicity and
continuity conditions on the Markov transition kernels, we show that SGD with adaptive data can
achieve O((logT)?/v/T) convergence to a stationary point in the nonconvex case. In the convex
case, for projected SGD where the projection set is convex (can be R? which corresponds to the
case without projection), we show that it can achieve O((logT)*/v/'T) convergence to the optimal
when £ is convex, and O((log T')?/T') convergence when / is strongly convex. These rates are similar
to the iid case (Shapiro et al.|[2021). We also show how the mixing time of the underlying Markov
chains is incorporated into the convergence rate analysis. It is important to note that knowledge

of the mixing time is not necessary for the implementation of the SGD algorithm. Overall, our



results show that under the conditions we specify, non-stationarity induced by the policy updates
does not impose fundamental limitations on adaptivity.

Our finite-time convergence analysis for SGD with adaptive data can be applied to study a wide
range of problems of practical relevance. In particular, we demonstrate how the analysis can be
applied to study online learning algorithms for service and inventory systems. As mentioned before,
our setting also covers policy-gradient approaches in RL, and we show how our analysis applies
to an actor-critic policy gradient algorithm. These examples demonstrate that the assumptions we
impose are easy to verify and widely applicable.

When applying SGD with adaptive data to service and inventory management problems, we
demonstrate how to construct gradient estimators using the sample path derivative, which can
be updated recursively. In particular, we augment the Markov chain to include both the original
Markov chain and a derivative process. This sample-path derivative construction utilizes devel-
opments in the simulation literature on infinitesimal perturbation analysis (IPA) (Heidelberger
et al.|1988| |Glasserman|[1992)). However, in our applications of IPA, we need to establish stronger
ergodicity results than the standard convergence results in the literature.

The rest of the paper is organized as follows. We conclude this section with a review of the
literature to highlight our contribution. In Section [2| we present our main results — the finite-
time performance bounds for SGD with adaptive data in various settings, i.e., nonconvex, convex
with/without projection, and strongly convex with/without projection. In Sectionsf, we demon-
strate how to apply the main results to study various online learning problems. We also discuss
how to apply the sample path derivative to construct gradient estimators in Sections [3| and
Lastly, we conduct numerical experiments to demonstrate the performance of the SGD algorithm
with adaptive data in various applications in Section [f] and conclude in Section [7} All the proofs

are provided in the appendices.

Literature Review

In this paper, we study the convergence rate of the SGD updates with adaptive data:

011 =0y —19(01, 21)

where 2z, ~ Py, (-|2-1), 9(0;, ) is a gradient estimator, and we assume VI(§) =E, [g(6, 2)]. As dis-
cussed above, motivated by different applications, most previous literature on SGD either assumes
iid data or dependent but non-adaptive data (see, e.g., (Moulines and Bach| 2011} |Ghadimi and
Lan! 2013, |Agarwal and Duchi 2012, (Chen et al.|2023b))). Extending stochastic gradient/ stochastic
approximation algorithms to adaptive data is an active area of research (Benveniste et al. 2012]).

When the data is drawn adaptively from a policy-dependent Markov chain, some simple gradient



estimators can suffer from estimation biases even when evaluated according to the corresponding
stationary distribution. Doucet and Tadic (2017)) studies the asymptotic behavior of SGD with
a biased gradient estimator. Karimi et al| (2019), Li and Wai (2022), Roy et al.| (2022) further
establishes non-asymptotic convergence results of SGD with adaptive data. They demonstrate how
to apply the results to analyze the regularized online expectation maximization algorithm, policy
gradient method, and strategic classification. [Huh and Rusmevichientong (2014) study stochastic
online optimization with biased gradients under dependent data. They introduce the notion of
sequential convexity and propose an adaptive algorithm with regret guarantees, demonstrating its
effectiveness in applications such as inventory control, capacity allocation, and lifetime buy prob-
lems with censored demand. Recently, |Li et al.| (2025) demonstrate how to apply the framework in
(Benveniste et al.| 2012, Karimi et al.[[2019)) to optimize the design of GI/GI/1 queues and base-
stock inventory replenishment. Similar to (Karimi et al.|2019} Li and Wai 2022, Roy et al.[2022]),
our work also establishes non-asymptotic performance bounds. However, we require a different set
of assumptions that are easier to verify and can be applied to many online learning problems in
operations research. We next discuss some key differences.

First, most of the previous works require the stochastic gradient estimator, g(0, z), to be Lipschitz
continuous in 6 (see, e.g., Assumptions 1 and 2 in [Li and Wai (2022) and Assumption 2.4 in |[Roy
et al.| (2022)). However, this assumption does not hold in many applications, e.g., when g(, z)
involves indicators. To handle this challenge, our results only require the population gradient VI(9)
to be Lipschitz. This is a much weaker assumption since V1 is the weighted average of ¢(0, z)’s, and
its smoothness is in general satisfied (see, e.g., Proposition 2.1 of Roy et al.| (2022)). Moreover, our
analysis leverages the recent developments in the perturbation theory for Markov chains (Rudolf
and Schweizer||2018) to explain why VI is Lipschitz in general.

Second, many existing works impose assumptions that require verifying certain continuity prop-
erties of the solution to a Poisson equation associated with P, and ¢(,-) (see, e.g., assumptions
A5 and A6 in (Karimi et al.2019)). While these assumptions require only that a solution with
the desired properties exists, rather than explicitly solving the Poisson equation, verifying such
properties often demands substantial additional analytical effort (see, e.g., Appendix D in (Karimi
et al.[2019) and the development in (Li et al.|2025)). In contrast, our results provide a set of
assumptions that are more directly verifiable. In particular, the assumptions we impose are rather
standard Markov chain mixing properties, which are fairly well known for many operations research
applications.

Third, our work also provides a more complete picture of the convergence of SGD with adaptive
data (nonconvex, convex with/without projection, and strongly convex with/without projection),

while previous literature often analyzes convergence under only one or two settings. In addition,



with non-convex loss, the estimate (Corollary 1) in Li and Wai (2022) has a nonvanishing bias,
while Roy et al.| (2022) gives only O(T~2/%) convergence rate, which is slower than the standard
O(T~'/2) rate. Our analysis combines Markov chain perturbation theory with IPA to achieve a
faster rate of convergence.

From the application perspective, our work is related to the online learning literature in oper-
ations research, especially in queueing and inventory systems. This has been an active area of
research. For example, |Chen et al. (2023a) study learning pricing and capacity sizing in single
server queues, |[Krishnasamy et al.| (2021), |Zhong et al.| (2022) study learning the scheduling policy
in multiclass queues. See Walton and Xu (2021)) for a review of recent developments in learning
in stochastic networks. Huh et al.| (2009), Zhang et al.| (2020a) study learning the replenishment
policy in lost sales inventory systems. [Tang et al.| (2023) study learning dual-index policies in dual
sourcing systems. Cheung et al.| (2022)) study learning how to allocate limited resources to het-
erogeneous customers. Our work complements these works by taking a closer look at how many
samples need to be collected before a policy update, i.e., how often the policy can be updated.
We provide easy-to-verify conditions under which updating the policy after each new sample or a
constant batch of samples leads to a near-optimal rate of convergence.

Our work is also related to the literature on policy gradient in reinforcement learning, especially
recent developments on sample complexity analysis of policy gradient algorithms (Wang et al.
2019, Zhang et al.2020b, Xiong et al. [2021, |[Yuan et al.|[2022 Xu et al.|[2020). The convergence
of policy gradient with exact gradient information —thus eliminating approximation errors — has
been studied in several different settings (Mei et al.|2020, |Agarwal et al.|[2021} |Xiao0/|2022, |Bhandari
and Russo|2024). However, when implementing policy gradient methods, a key challenge is how to
estimate the gradient in a sample-efficient manner. For example, if we are to estimate the gradient
by sampling the trajectories of the MDP under the current policy 7%, what would be the horizon
for the trajectory (i.e., where to truncate since we cannot sample an infinite-horizon trajectory)
and how many trajectories do we need to sample? Note that in addition to the standard stochastic
noise, we also need to handle the bias due to truncation (i.e., the underlying Markov chain has not
reached stationarity yet). In this paper, we demonstrate how our finite-time convergence analysis
for SGD with adaptive data can be applied to study an actor-critic policy gradient algorithm,
where we use temporal difference learning (TD) to estimate the state-action value function/Q-
function under policy 7?. Our algorithm only requires one TD update in each iteration, which is
substantially less than what is required in Wang et al.| (2019), Yuan et al. (2022), | Xiong et al.
(2021), Xu et al.| (2020)). To achieve this, we study the Markov chain (s;,a;,@;) induced by the
TD sampler with a constant learning rate, where s; and a; are the state and action visited and @

is the state-action value function (Q-function) at time ¢. We show that even though @Q; does not



converge to the desired Q-function, i.e., the Q-function under policy 7%, @Q, evaluated under the
corresponding stationary measure is equal to the desired Q-function.

The SGD-based methods/analyses have also been applied to conduct finite-time analysis of TD
algorithms (Bhandari et al.|[2018] Dalal et al.[2018, Srikant and Ying 2019, Qu and Wierman|2020).
There, because the policy is fixed, i.e., the Markov chain dynamics is fixed, the data is Markovian
but not adaptive, which is similar to the setting studied (Duchi et al.|[2012} /Agarwal and Duchi
2012} Sun et al.[2018]).

Notations

Let (Q,d) denote a metric space for the data stream z. We denote | - || as the L? norm. For a
transition kernel P, we write Pf(z) = [ P(x,dxz’) f(z'), and we write the distribution of the Markov
chain starting from z after n steps of transition as J,P". For a nonnegative sequence {a, :t > 0}
and a nonnegative function f(t), we say a; = O(f(t)) if there is a constant C such that a, < C f(t)
for any ¢ > 0. We also use the notation a, = O(f(t)) when we ignore the logrighmic factors, e.g.,
when a; = O(f(t)(log f(t))*), we can write a, = O(f(t)). We say a, = Q(f(t)) if there is a constant
C such that a, > Cf(t) for any t > 0. Let p and v be two probability measures defined on a
common measurable space €2, and d: Q x Q — [0,00) be a measurable cost function. We define the

Wasserstein distance W, as

Wap,v) = »yeirr(lﬁ " Bz~ ld(z,y)],

where I'(u, ) denotes the set of all couplings of p and v.

2. Main Results

To solve the stochastic optimization problem , we consider the SGD update:

9t+1 =0,— 77tgt<9ta Zt)- (4)

We assume the data sequence comes from a Markov chain controlled by ;. In particular, we assume

there is a transition kernel Py, on €2 such that
Zy N~ Pgt('|2t,1).

For each given 0, P, generates an ergodic Markov chain with invariant measure py. In addition, we

assume there is a stochastic gradient estimator g(0, z;) satisfying

VUO) =E,,[9(0,2)].



We will discuss how to find such a gradient estimator using the sample path derivative in Sec-
tions |3| and 4] for some examples. Note that ¢(6,z;) is unbiased only under the corresponding
invariant measure. Due to the transience and non-stationarity of the underlying Markov chain,
E[g(0y,2:)|0s, 2¢-1] # VE(0;) in general. Meanwhile, to accommodate more general settings, we
assume §;(0, z;) in is only an approximation of g(0, z;) with diminishing errors.

We make the following assumptions.

ASSUMPTION 1. Py’s have a common Lyapunov function V >1 where
PV (z)<pV(z)+ K,

for some p€ (0,1) and K € (1,00). In addition, Py’s are Wasserstein contractive with respect to

the metric d on §2, i.e., for any x,y € 2,

Wa(0.Fy',0,P') < Kp"d(x,y).
ASSUMPTION 2. There exists L >0 such that

IVEO) = Ve < Ljjo -6,

l9(0,2) = g(6, )| < Ld(z,2"),

and

Wa(0. P, 0, Py) < L||0 — 0|V ().
ASSUMPTION 3. There exists M € (0,00), such that
9(0,2)[| < MV (2),[13:(0, 2)|| < MV (2), and |[VI(0)]| < M.
ASSUMPTION 4. There exits C >0, such that for any t >0,
PV (2) <C(V(2)'+1).

Note that a sufficient condition for Assumption [ is that V(2)* is also a Lyapunov function.

ASSUMPTION 5. There exists a stochastic sequence e, with E[e?] < oo, such that

l9(0,2¢) — 9:(0, 2,) || < e

Assumption [I] requires that the underlying Markov chains are suitably ergodic. This assumption
ensures that the stationary distribution pe is well defined and the Markov chain converges to
stationarity sufficiently fast. In particular, the existence of the Lyapunov function implies that the

dynamics return to the “center” of the state space regularly and the length of the excursions from
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the center can be properly controlled. Note that by Harris’ ergodic theorem, the existence of the
Lyapunov function together with a uniform “minorization” condition localized to the interior of a
level set implies geometric ergodicity and thus Wasserstein contraction under an appropriate metric
(Roberts and Rosenthal/|1997). This Markov chain convergence framework has been well-studied
in the literature (Meyn and Tweedie 2012). For many existing models, e.g., queueing models,
inventory models, etc, Assumption [I| has already been verified.

The first condition in Assumption [2] requires V£ to be Lipschitz continuous, which is satisfied in
many applications. This condition is weaker and more broadly applicable than requiring g(#, z) to
be Lipschitz continuous in #, a common assumption in the literature (see e.g., Proposition 2.1 of Roy
et al.| (2022)) and Assumption A13 of Karimi et al.| (2019))). For example, g(f, z) = 1{z < 6} is not
Lipschitz in . We also require g(#,z) to be Lipschitz continuous in z, but have some flexibility in
choosing the metric d. In particular, by choosing an appropriate d, this condition is easily satisfied
in many applications. For example, if we consider the total variation distance, d(z,z') =2-1{z # 2'},
then this condition will be a consequence of Assumption [3] More generally, we allow considerable
flexibility in the choice of the metric d, and hence the corresponding Wasserstein distance W, rather
than working exclusively with total variation distance. This flexibility proves useful in applications,
as we demonstrate in Sections [3| — [5, where we apply problem-specific metric d. Additionally, we
require P to be Lipschitz continuous in 8. Note that this condition is for the one-step transition
kernel, which is easy to verify in practice. By Markov chain perturbation theory, the Lipschitz
continuity of the one-step transition kernel together with the ergodicity condition, i.e, Assumption
implies the Lipschitz continuity of the corresponding stationary measure (Rudolf and Schweizer
2018]).

Assumption [3] imposes some boundedness conditions, which are weaker than those commonly
adopted in the literature on gradient-based algorithms with Markovian or adaptive data streams.
In particular, we allow the magnitude of g(f,z) to grow with a measurable function V(z) and
require only that |g(0,z)| < MV (z) for some constant M > 0, rather than imposing a uniform
bound independent of z (see, e.g., Assumption A6 in Karimi et al. (2019) and Assumption 5 in
(Sun et al.|2018)).

For the ease of exposition, we also introduce the concept of mixing time.

DEFINITION 1. The Markov chain P has a mixing time 7 < oo if for any z € €,

V(z).

1
Wd((szpernue(')) < Z

Note that we incorporate the Lyapunov function V in the definition of the mixing time. This for-

mulation reflects the fact that we are dealing with Markov chains on general (possibly unbounded)
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state spaces. In such settings, uniform convergence rates are often unattainable. The Lyapunov
function V serves as a tool to capture the “size” of the initial state z, enabling us to express con-
vergence rates that adapt to the location of the initial condition. Under Assumption [I] and with
a suitably chosen Lyapunov function, for example, one satisfying d(z,y) < V(z)+ V(y), we have
7=0(1/]logp|) (Cui et al. 2025).

Nonconvex case: We have the following convergence result for a general loss function (.

THEOREM 1. Suppose Assumptions[1] —[3 hold and Py has a mizing time 7. The iterates according

to satisfy

. T_1 1 T-1 T-1
min E||V(0)?=0 | ——— | TlogT +7logT » n’+—= ne+ ) nelEe )
0<t<T K thzl . ; ' ﬁ; t ; o

0

where O hides a polynomial of M and L. If we fiz n, = not~*/? for some 1y > 0, and assume
Ee, = O(1/y/t), we can further simplify the bound to

Jmin E|[VAB)|* =0 (r(log T /VT) .

Theorem [1| implies that the SGD updates can achieve an O(7(logT)?/V/T) convergence to a
stationary point, which is similar to the O(log(T)/v/T) convergence in Theorem 2 of (Karimi et al.
2019)), for which they also establish a matching lower bound. Here, we explicitly characterize how
the mixing time affects the convergence rate. The convergence results in (Karimi et al.|2019) have
an extra asymptotic bias term, which does not arise in our setting since our result works under a

different set of assumptions and a more refined gradient estimator.

REMARK 1. Assumption [5, along with the requirement that E[e,] = O(1/+/), is introduced to han-
dle scenarios where it is not possible to construct a gradient estimator g(6,z) satisfying V¢(0) =
E,.,[9(0,2)], and one must instead rely on an “approximate” estimator g,. In the examples pre-
sented in Sections |3| and |4} we are able to construct an exact estimator ¢(f, z) using the sample
path derivative. In general, designing effective gradient estimators is a nontrivial task. The sample
path derivative approach, which is also known as the IPA method in the simulation literature
(Heidelberger et al. 1988, |Glasserman| 1992), is a versatile and analytically grounded approach
that facilitates the construction of gradient estimators in many operations research applications.
However, when such estimators are not available, one must resort to approximate methods that
introduce additional estimation error. To ensure convergence in these settings, it is necessary to
improve the estimator’s accuracy over time. For example, when using finite-difference approxima-

tions, the perturbation size must be carefully reduced as a function of ¢ to control the bias.
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Convex case: For general (constrained) convex optimization, we consider a projected SGD
update:
01 = P@(et - ntét(Gt, Zt))a (5)

where © is a properly defined convex set, and Pg is the associated projection. The set © can be the
constrained set for constrained optimization, or R™ in the unconstrained setting. The projection
allows us to relax Assumptions [1| - |5| such that they only need to hold for 6 € ©.

Let 6* denote a minimizer of £(6). Define the weighted average of the iterates as

B 1 T-1
Op = e Z 70y .

t=0 "t 1=0
THEOREM 2. Suppose Assumptions [1] —[3 hold and Py has a mizing time T under the restriction
that 6 € ©.
1. If ¢ is convex and Ele,] = O(1/+/1), by setting the step size as n, =1,/\/'t, the weighted average
of iterates according to satisfy

El(fr) — £(07) = O <7'2(log ) /ﬁ) ,

where O hides a polynomial of M and L.
2. If £ is strongly convex with a converity constant ¢ and E[e?] = O(1/t), by setting the step size
as n, =2no/(ct) for t > 1 with ny > 2, the iterates according to satisfy

E||0r — 0% =0 (T(logT)2/T) ,

where O hides a polynomial of M and L.

Theorem indicates that when ¢ is strongly convex, we achieve O(7(logT)?/T') convergence rate,
which is similar to the O(1/T) convergence rate established in Theorem 1 of (Li and Wai|[2022]).
In Appendix [A] we provide a lower bound on the convergence rate of the SGD update when /¢
is strongly convex, showing that E[||07 — 6*|*] = Q(7/T).

In the convex (but not strongly convex) case, the dependence on 7 is likely suboptimal and
primarily reflects limitations in our proof techniques. In particular, since we allow the parameter
space © to be unbounded, we have to develop some bounds for E[||f;, — 6*||], which depends on
7(logT)? (see Lemma [10] in Appendix [B)). If © is bounded, we would directly have ||, — *[| < C
for some constant C' < oo, which would yield an improved convergence rate of O (T(log T)%/ \/T)

In what follows, we will demonstrate how to apply Theorems [I] and |2 to various applications. In
particular, we will show that the assumptions required in the theorems are satisfied and easy to
verify in many online learning problems in operations research. We will also discuss an extension

to an actor-critic policy gradient algorithm.
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3. Inventory Control with Stock-Out Damping

We consider the problem of selecting a base-stock level in a single-product multi-period inventory
system with endogenous demand. Motivated by recent empirical findings, demand is temporarily
reduced whenever a stock-out occurs (Anderson et al. 2006). We model demand as a Markovian

autoregressive process subject to a dampening effect when demand exceeds the base-stock level:

Dt+1 = (amin{Dt—l—qu,@}—F (1 —Oé)m+€t+1)+, (6)

where ¢; % N(0,02), u; “° N(0,02), u, is independent of ¢, and (-)* = max{-,0}. The goal is to

select the base-stock level 6 € © := [0, ], for any finite upper bound @ > 0, to minimize the underage

and overage costs under the stationary distribution induced by 6:

min((0) :=E,, [h(0 — D;)* +b(D; —0)*]. (7)

L)

Note that the base-stock level endogenously affects the demand dynamics, and we write D,(0)
to mark the dependence explicitly when necessary. To obtain an appropriate gradient estimator,
we consider taking a pathwise derivative of D,(0):

dD, (6 0 ) dD,(6
Lt+1(9) = t;r@l( ) :aDt (O[ mln{Dt(Q) +Ut+1,9} + (]. - a)m+ 6t+1)+dt€()

0
+ %(a min{D;(0) + u;11,0} + (1 —a)m+e.41)7"

=al{Dys1(0) > 0Y1{D,(0) + wy < O}L,(0)
+al{Ds;1(0) > 0Y1{0 < Dy(6) + ues ).

This gives us a recursive way to update L, i.e.,
Lt+1(9) = 1{Dt+1(0) > 0}@ (1{Dt(9) + Uty > 9} + 1{Dt(9) + Uty § H}Lt(e)) .

Consider the augmented Markov chain Z,(0) = (D,(6), L;(#)). Our next result shows that Z,(0)

is well defined with a proper stationary distribution.

LEMMA 1. For any 0 € ©, the pathwise derivative L,(0) exists and the Markov chain Z,(0) =
(D4(0),Li(0)) converges in distribution to Z(0) = (Dw(0), Lo (6)) as t — oo with

Ve(O0) =E[(h1{D.(0) <0} —b1{D.(0) >0}) (1 — L.(0))].
Based on Lemma [1} we have the following gradient estimator:
9(0,2;) = (h1{D; <0} —b1{D, >0}) (1 —L,). (8)
The SGD update using the gradient estimator defined in with step-size 7, then takes the form

011 ="Po (0 —1:9(0:, Z4)) -
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THEOREM 3. Suppose the objective function is convex and let 0% be a minimizer. Then, using
the gradient estimator g(0,Z;) defined in with step-size n, = not~'/2, the average SGD iterate
Or satisfies

E[((fr) — 6(67)] = O (Tz(mg T)4/ﬁ) ,

where T is an upper bound of the mixing time of the augmented Markov chain Z,(0) for 6 € ©.
Moreover, if the objective function is strongly conver with a convexity constant c, by setting the

step size as n, = 2n/(ct) for t >1 with ny > 2, we have
E[|0r — 0[] = O (r(log T)*/T).

Note that the existing approaches, i.e., those in (Li and Wai| 2022, |Roy et al. 2022), require
Lipschitzness of the gradient estimator g in both 6 and z under the Euclidean distance, which
does not hold in this example. In contrast, our framework only requires Lipschitzness of V() in
f. While the gradient estimator is highly non-smooth, the averaged gradient is Lipschitz. In fact,
the Lipschitzness of V/(0) is a direct consequence of the Lipschitzness of the transition kernel Py,
as we show in the proof of Theorem [3] At a high level, our framework reveals that randomness
in the transition dynamics implicitly smooths the gradient estimator, enabling a greater range of

gradient estimators while maintaining convergence guarantees.

4. Pricing and Capacity Sizing in Single-Server Queue

We consider the problem of pricing and capacity sizing in a single-server queue, as studied in |Chen
et al. (2023a). Consider a GI/GI/1 queue, i.e., a single-server queue with generally distributed
interarrival times and service times. The interarrival times and service times are scaled by the
arrival rate and service rate, respectively. The arrival rate is determined by the price charged
according to a known demand function A(p) for feasible prices p € [p, p]. The service provider also
selects the service rate p € [p, i}, which incurs a service cost ¢(u) per unit of time. Let T;,; denote

the baseline interarrival time between the ¢-th and (¢ + 1)-th arrivals, S; denote the baseline service

time, and W, denote the waiting time of customer t. For given p and p, the system dynamics follow

_ S Tim )"
W“l‘(Wt*u A<p>> ' @

Let © = [, 1] x [p,p] denote the feasible set of service rates and prices. The goal of the service
provider is to select (u,p) € O, i.e., a fixed service rate p and price p, to maximize expected net
profit, which is the long-run average revenue minus the service cost and holding cost:

max V(u,p) :==pA(p) — c(p) — hoE[Qoo (1, p)], (10)

(1,p)€EO
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where Q. (u,p) is the stationary queue length (number of people waiting in the system) under
(1, p), and hg is the per-unit-time per-customer holding cost (cost of waiting). By Little’s law, the
maximization problem in is equivalent to the following minimization problem involving the
stationary waiting time W, (¢, p) under (u,p):

ﬁ}g@ﬁ(u,p) = hoA(p) <E [Weo (ks p)] + ;) +c(p) — pA(p). (11)

To obtain an appropriate gradient estimator, we consider taking a pathwise derivative of W;(u, p).

Define

oWy (1, oW, (u, S
Ly (psp) == tglfu p) = ( t&)(//j P) - M;> H Wiy (s p) >0},
oW, , oW, (p, N
Lp7t+1(/i,p) = tJralp(/"’ p) - < ta(g p) + )\(pt)zA (p)> 1{Wt+1(/$7p) > 0}

For the augmented Markov chain (W;, L, +, L, ), by verifying the conditions in Glasserman| (1992),
we can show that L,; and L,, are well-defined, the Markov chain (W, L, +, L, ;) converges to a

unique stationary distribution, and

OE[W (1, p)]
o ’

OE[W (11, p)]

E[Ly, 00 (1, p)] = op

E[Lyp oo (pt,p)] =

Indeed, this has been studied in |Chen et al.| (2023al). For the single-server queue, we can achieve
further simplification of the derivative processes by considering a simpler augmented Markov chain
Zy = (Wi, X,), where X; denotes the server’s busy time seen by the ¢-th arrival. In particular, the

dynamics of Z; are as follows:

S, T \"
Wi =W, +——
t+1 <t+lu A(p))
T,

X1 = (Xt + A(p)) 1{W,4, > 0}.

Lemma 5 in (Chen et al.| (2023a) shows that

1) = ~N) — PN () + hoN () (E[me,pn FEXo ()] + 1)

o b01:0) =) ~ o) (B ()] + B ]+, )
Based on , we define
9(1,p, Ze) = (95 (1 01 Z1), 9, (11, 0, Z4)),
where
9p(1, 0, Zi) = = A(p) — pX'(p) + hoN'(p) <Wt + X+ 1) :
g (13)

1.2 = (1) — 1oL

1
(W x4 ).
I
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Then, the SGD update for 6, = (u, p;) with the gradient estimator and step-size 7, takes the

form
01 ="Pe (0, —m9(0:, Z,)) -

To prove the convergence of the SGD update, we impose some regularity conditions on the

functions A and ¢ and the distributions of the baseline interarrival time and service time, T and S.

ASSUMPTION 6. For the demand and cost functions we have:
(i) The constraint set © = [p,p] X [u,fi] is such that A\(p) < p.
(i) A(p) € C* on [p,p] and non-increasing in p.

(ii) c(p) € C? on [p,f1] and non-decreasing in .

ASSUMPTION 7. The baseline service time S and inter-arrival time T are iid respectively and
(i) There exists o >0 such that E[e* 5] < 0o and E[e** 7] < oo.

(ii) There exist 0 < az < ay <min{a*/p, o* /A(p)} such that
E [e“‘“ﬂ E [e“(“”‘”*fm} <1.

(i1i) The density functions of T and S, which are denoted as fr and fs respectively, are contin-
uwously differentiable. In addition, there exist ¢, D1, Dy >0 and k € N such that for all x > m,

| L1og fr(z)| < Dy + Daolal* and | log fs(x)| < Dy + Dalal*. Lastly, fs(ux) < C(fs(px) + fs(ix))
for e i) and fr(x) < C(fr(Ae) + fr(Aa) for A (3,3

Assumption [7] requires S and T to be sufficiently light-tailed and their density functions to be
smooth enough, which enables us to verify that the transition kernel is Lipschitz continuous in
the arrival and service rates. Commonly used service and interarrival time distributions, such
as exponential, Erlang, Weibull(\, k) with k > 1, etc., satisfy Assumption For example, the
Weibull(1, k), k > 1, satisfies that for « > 1:

ilog f(z)= 4 [klogz — a*] <k + k|z|"".

dx dx
In addition, for p € [u, ],

fluz) < (Z) () + £ ().

Under Assumptions |§| and |7} we can verify the conditions of Theorem [2| (Assumptions |1| —
restricted to 6 € ©), which leads to the following theorem.

THEOREM 4. Suppose Assumptions |6 and @ hold. Suppose the objective is convex and let
(1*,p*) be a minimizer. Then, using the gradient estimator g(u,p,z;) defined in with step-size
ne =not =2, the average SGD iterate Oy = (fip, pr) satisfies

E[t(jir,pr)] — {(p",p") = O (72(log T)* VT ) ,
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where T is an upper bound of the mixing time of the augmented Markov chain Z,(0) for 6 € ©.
Moreover, if the objective function is strongly conver with a convexity constant c, by setting the

step size as n, = 2no/(ct) for t > 1 with ny > 2, we have
E||6r —0*||> = O (r(log T)*/T) .

The online learning algorithm proposed by |Chen et al.| (2023a)) achieves a regret that is loga-
rithmic in the number of customers assuming ¢ is strongly convex, and Theorem [4] yields a similar
regret. However, their algorithm requires calibrating the number of customers seen before making
a gradient update. The algorithm we consider does not require such calibration, i.e., we can update
the parameter after each arrival. For this specific example, our convergence result is similar to the
one developed in (Li et al.|2025). However, the development in (Li et al.|2025) requires verifying

the Lipschitz continuity of the corresponding Poisson equation solution, which is more involved.

5. Application to policy gradient in reinforcement learning

We consider the classic Markov decision process (MDP) with a finite state space S, a finite action
space A, a collection of transition probabilities { P(-|s,a)}(se)esx.4, and an initial distribution p(-).
The policy is parameterized by 6, where 7%(als) denotes the probability of taking action a when
in state s. We focus on the infinite-horizon discounted cost formulation with the discount factor
v€(0,1):

m@in 0(0) :=FE°

P

Zrytc(stvat)] ) (14)

t=0

where ¢(s,a) is the expected instantaneous cost incurred by taking action a at state s.
When applying policy gradient to solve , the gradient can be expressed as (Sutton and Barto
2018)

VUO) =D 1 (5,0)Q"(s,a)Vylogn’(als), (15)

s,a

where QY is the state-action value function under policy 77,
1 o0
V0 (s,a) = i EEg['ytl{st =s,a; =a}]
t=0

is the state-action occupancy measure, which can also be viewed as the stationary distribution of

the Markov chain with transition kernel
P((s,a),(s',a")) == (1= y)p(s) 7’ (d's") + v P(s'|s,a)n’ (a'|s").

In general, £(0) is a non-convex function of §. Recent works have shown that under certain regularity

conditions _any stationary point of the nolicy _gradient. loss fiunction_is globally_optimal (Agﬂrwa]
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et al.[2021, Bhandari and Russo |2024, [Wang et al./[2019)). For instance, for finite state and action
MDPs with natural parameterization, Bhandari and Russo| (2024) show that ¢(#) has no suboptimal
stationary point. In addition, (Agarwal et al.2020) show that V£(#) is Lipschitz continuous.
From the gradient formula (15), we can take Q°(s,a)Vylogn’(als) as a gradient estimator.
However, if (s,a)’s are not sampled from v(s,a), the gradient estimator is biased. In addition,
Q’(s,a) also needs to be estimated. One way to overcome the challenge is to simulate the Markov
chain under policy 7 for a long enough time so that we get an accurate enough estimate Q°
and the distribution of (s;,a;) is close enough to v?(s,a). This idea has been employed in the
literature (see, e.g., \Wang et al. (2019), Xu et al.| (2020), Xiong et al.| (2021))). In this section,
we are interested in understanding how adaptive the policy gradient algorithm can be while still
achieving fast convergence to a stationary point.
We consider an actor-critic scheme where we update the state-action value function using the
following temporal-difference (TD) update:
Qir1(86, 1) = Q1 (81, ar) + afc(se, 1) — Q51 ar) + ’YQt(SQHa a2+1)],
Qiy1(8,a) = Qq(s,a) for (s,a) # (s¢,a4),

where @, is sampled uniformly at random from A, and (s},,,a;,,) is a random state generated

(16)

from P%((s;,a,),), independent of (s;;1,a,41), which is generated from P%((s;,a;), ). Denote
Zy = (Sm Qt, Qt)

We first establish the ergodicity property of the Markov chain Z; = (s, a;, Q) under a fixed policy
7%, In particular, given Z;, Z,,, is generated as follows: Sample a, uniformly at random from A.
Sample (s;41,a:41) from P%((s;,a;),-), and independently, sample (s,,,a} ;) from P%((s;,az),).
Update Q41 according to (16)).

For a Markov chain s, with a finite state space & and a unique stationary distribution v. Let

ks =Inf{t > 0: s, = s}. We define the hitting time (Levin and Peres [2017)) as
thie = max Eg[ky].
s,8'€S
In addition, recall that under the total variation distance || - || v, the mixing time of s;, .., satisfies

, 1
max | Py — vy < 7

PROPOSITION 1. For a fived value of 6 (i.e., under a fived policy w°), suppose s, is a finite-state
Markov chain with a mizing time t,.;, under the total variation distance and a finite hitting time
thit. In addition, suppose Q.(s,a) < M for some M < oo. Then, the triad Z; = (s, a4, Q;) induced

by the TD sampler is a Markov chain with an e-mixing time, 7., satisfying

 Jlog(e/(8M +4))]
TS og(ja) e

[log(e/ (40))
*ma{u%u—a+aw|

|S[|Al-1
1

,12|log(e/(8M + 4))|} (1+tn) Al Y %
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under the metric
d(z,2)=1{s#35,a#a}+]Q— Q-

ProproOSITION 2. Under the assumptions of Proposition |1}, for o in the TD sampler takes value

outside a finite set of values, the invariant distribution of the triad Z, = (s, as, Q:), 1°, satisfies
Eo[1{s;=s,a;, = a}] = V0 (s,a), E,0[Q:(5,a:)|s: = 5,0, = a] = Q%(a,s).

We note from Propostion [2] that Q,,; does not converge to Q’ even if (s;,a;)’s are generated

under 7. Instead, (s;,a;,Q;) will be a Markov chain with the stationary measure p’ satisfying
E;ﬁ [Q:(st,a¢)|s = s,a, =a] = Qg(sa a).

REMARK 2. In the TD update , we require sampling two independent samples, (s;41,a:11) and
(8)41, a4, q), drawn from P%((s;,a.),) and P%((s;, a),), respectively. It is important to note that
without this double sampling, the standard constant step-size TD update will lead to a bias of
order av (Huo et al.[2023), i.e., E 0 [Q:(s¢, ar)|s: = 5,0, = a] = Q%(s,a) + Ca+O(a?). In addition, the
update in requires sampling a; uniformly at random from A rather than following the current
policy 7%. This is to ensure that all state-action pairs, (s,a)’s, are visited sufficiently often during
the @-value updates. By doing so, we avoid imposing some strong sufficient exploration condition

on 7.

Based on Propositions|1|and [2, Z; generated under a fixed policy 7% is a properly defined ergodic
Markov chain with stationary distribution u?, where u? satisfies
E,0[Qi(si,a0)Vologn’ (ai]si)] = Y v'(s,0)Q’(s,a)Vylogn’(als).
s€S,acA
This indicates that we only need “one transition” for each policy update. Algorithm [l summarizes
our actor-critic scheme.

We next establish the convergence of Algorithm [I} We first introduce some assumptions about

the MDP.

ASSUMPTION 8. The instantaneous costs are bounded, i.e., |c(s,a)| < M, almost surely. Qq is ini-
tialized such that ||Qo|oe < M /(1 —7).

ASSUMPTION 9. The initial distribution p(s) >0 for all s€ S.

ASSUMPTION 10. For all 0 € © and all a € A and s € S, Vylogn®(als) is bounded and Lipschitz
continuous in 0, i.e. there exists R, L € (0,00) such that for any 6,0" € ©,

[Vologn’(als)|[ < R, [|Vologn’(als) = Vi logn” (als)|| < L||8 —6'||
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Algorithm 1: Actor-critic based policy gradient

1 Initialize sg,aq, Qo,0y. Set t =0. ;
2 Sample @, uniformly at random from A. Sample (5441, a.41) and (s}, ,a;,,) as two
independent samples from P%((s;,a;),-) and P%((s;,a),-) respectively. Set
Quy1(56,a0) = Qi(51,a0) + lc(s,ar) — Q815 ar) +7Q1(Sp415A141)]
Qt—i—l(S)a) = Qt(37a) for (S,Q) 7& (St7dt)7

and 0,11 =0, — 0 Qr1(Se41,ar1) Vo log T (a1 ]si41) ;

3 Set t =t+1. If t <T, go back to Step 2; otherwise, output 6.

Assumption [8]is a mild assumption since the state and action spaces are finite, and this assump-
tion is standard in the literature (see, e.g., Assumption 1 in|[Mei et al.|(2020)). Assumption [J]ensures
sufficient exploration of the state space and is also a standard assumption for the convergence
analysis of vanilla policy gradient (see, e.g., Assumption 2 in |Mei et al. (2020)). Assumption
is a regularity condition on the score function that prevents the policy gradient estimator from
having an infinite variance and is a standard assumption in the analysis of policy gradient under
estimated gradients (see, e.g., Assumption 3.1 in Zhang et al.| (2020b))). This is naturally satisfied

under the softmax parameterization 7(a|s) oc exp(f,,,) with © being a bounded subset of RIS/,

THEOREM 5. Suppose Assumptions hold. Consider step size 1, =ny/+/t and let 0, denote the
policy parameters under Algorithm[1. Then

min E||V£(6,)]* =0 (T(logT)2/ﬁ> :

0<t<T
where T is the mixzing time of Zy = (sy, a4, Q).

Theorem [f indicates that Algorithm [1]is able to attain an e-stationary point with O(e~2log(1/e))
samples. For a similar O(1/v/T) convergence, Wang et al.| (2019) requires running O(T®) steps in
the TD update to estimate the Q-function in each iteration and the ability to sample from (s,a)

from v%(s,a) directly. In particular, for a policy 7%, they approximate the gradient using
1 E
Ag . o
E Z Q (Ska ak)?
k=1

where QY is estimated by running TD under ¥ for O(T®) steps and (8y,ax), k=1,...,B are
B iid samples drawn from v’. When using the REINFORCE gradient estimator, the method in
Yuan et al.| (2022) requires running the Markov chain under policy 7? for O(log(1/T)) steps in

each iteration, and the overall sample complexity is 0(6_4). Meanwhile, we would also like to
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acknowledge that [Wang et al. (2019)), Yuan et al.| (2022)) study more complicated settings than the
tabular setting we study here. For example, Wang et al.| (2019)) considers using neural networks to
approximate the policies and the state-action value functions. |[Yuan et al. (2022)) considers different
and more general regularity conditions than what we assume in this section. Our sample complexity
results are comparable to some of the best-known sample complexity results for policy gradient
algorithms. In particular, Xiong et al.| (2021) establishes an O(e~2) complexity for an Adam-type
policy gradient algorithm, which requires sampling a long enough trajectory under a policy 7 to
estimate the corresponding Q-function. Xu et al.| (2020) establishes an 0(6*2) complexity for a
mini-batch actor-critic policy gradient algorithm. Unlike these works, we do not assume that the
Markov chain on the states induced by the policy is uniformly ergodic across policies, which is
a strong assumption that is difficult to verify. Rather, we use the regenerations induced by the
discount factor v to control the mixing rate, which allows our analysis to be applied to a wider
range of problems.

The bound in Thereom 5| also depends polynomially on (1 —~)~!. Although it is not the focus

of this work, we make explicit the dependence on the discount factor in the following corollary.

COROLLARY 1. Suppose Assumptions hold. Consider step size n, = (1 —)°/\/t and let 6,
denote the policy parameters under Algorithm[1. Then,

min E[[VE(8,)]2 =0 ((1-7)""1ogT)*/VT).

As discussed above, our work differentiates itself from many existing results (e.g., Xiong et al.
(2021), Xu et al. (2020)) by not requiring the Markov chain s; to be uniformly ergodic across
policies. Our assumptions align with those in Zhang et al. (2020b), which establishes a convergence
rate of O ((1 ) 7/NT ) for a policy gradient algorithm. However, the algorithm in Zhang et al.
(2020b)) requires sampling a path of length O((1 —~)~!) at each iteration to obtain an unbiased
Q-function estimate under the current policy. Although our bound exhibits a worse dependence on
(1 —~)7%, our method uses only O(1) samples per iteration while still achieving a convergence rate
of O(l / VT ), even with biased @-function estimates. Moreover, our work aims to provide a unified
framework for SGD with adaptive data. To streamline the analysis, we treat most constants in
assumptions as O(1). This simplification enhances conciseness, but may make the resulting bounds

less sharp for specific problems where these constants are not O(1).

6. Numerical Experiments

Motivated by our theoretical results, we proceed to empirically study the performance of the

SGD algorithm with adaptive data. Specifically, for the policy optimization examples considered
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in Sections |3|- [5, we examine how the adaptivity of the algorithm affects performance by varying
the batch size: the number of data points collected before updating the policy parameters.

We observe broadly that even in the fully adaptive setting where policy parameters are updated
after every data point, i.e., the batch size is 1, SGD can achieve an equivalent rate of convergence
to larger-batch variants, which is consistent with our theoretical results. This holds even for highly
non-stationary environments where the policy parameters change the environment quite a bit and
convergence to stationarity is slow. Nevertheless, a carefully chosen larger batch size can provide
small improvements in convergence speed in some cases (likely by improving the constant term),
especially if the step sizes are tuned appropriately. Above all, our results show that under the
ergodicity and smoothness conditions characterized in our theoretical analysis, in non-stationary,
adaptive environments, SGD is robust to the level of adaptivity and the convergence speed is
largely similar to the iid setting.

For the following numerical results, we compare the performance of batch sizes B € {1,10,100}.
We index the number of data points by t € N, . For each example, we test out a step-size schedule

~1/2 with iterate averaging , and average the performance across 100 independent runs of the

ne o<t
algorithm. For the queuing and inventory examples, we also look at the loss of ; under the step-size
schedule 7, o< t~1. We plot the performance as a function of the number of data samples rather than
SGD iterations. In this setting, running the algorithm with a larger batch size will have identical
0, across multiple data points until an update of the policy is made. To facilitate comparison,
in the figures below, we also plot dashed lines corresponding to the theoretical convergence rates

Ct~! or Ct~/2, where C is a constant selected to match the empirical trends observed in the SGD

algorithms.

6.1. Inventory Control with Stock-Out Damping

We empirically test the performance of the adaptive SGD algorithm for the inventory control
problem discussed in Section [3| Recall that in this problem, demand is endogenously affected by
the base-stock level §. We consider a setting where the newsvendor loss is parameterized by an
overage cost of h =1, an underage cost of b =10, and the demand process has a demand drift
term m =5 and a noise level o =1.0. We consider two values of the AR(1) parameter, o = 0.8 and
a=0.9, to compare performance across relatively low and high levels of non-stationarity /mixing
rate. Note that « also calibrates the degree to which 8 affects the dynamics, with a =0 involving
zero damping of the demand from stockouts.

We compare the SGD algorithm with step sizes scaled by the batch size B across different batch
sizes for the two settings of « in Figure [I] We compare two versions of the SGD algorithm, one

1/2

with step-size schedule 7, oc t=1/2 and with iterate averaging; the other with 7, oc t=! and without
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iterate averaging. We find that for both @ = 0.8 and a = 0.9, the fully adaptive SGD algorithm
(B =1) achieves an equivalent rate of convergence as larger batch variants, with the large batch
sizes performing better (as the step sizes are scaled with the batch size). Interestingly, both the
t=1/2 and t~! step-sizes empirically achieve a convergence rate of 1/t (indicated by the dashed line).
In addition, while we observe that convergence of SGD is slower for the larger value of o = 0.9,
because the underlying Markov chain mixes more slowly in this case and the base-stock policy has
a greater impact on the dynamics, the overall rate of convergence resembles the rate observed for
a=0.8. This provides numerical evidence that when the conditions of Theorem [1] are satisfied, the

performance of SGD in the adaptive environment resembles that in the iid setting.

Newsvendor: a = 0.8, n: = 2B/t Newsvendor: a =0.8, n: = 2BVt

o = Batch size = 1
104 10°4 == Batch size = 10
=== Batch size = 100
D 10714 == Batch size = 1 D 10-14
T === Batch size = 10 T
T === Batch size = 100 )
-2
10 10-24
10734, . . ;
103 104 103 104
Number of Demand Periods Number of Demand Periods
Newsvendor: a = 0.9, n: = 2B/t Newsvendor: a = 0.9, ;= 2B/t
10—1.
10714
D D
= =
I |
2 102 &
= Batch size = 1 10721 —— Batch size = 1
=== Batch size = 10 === Batch size = 10
=== Batch size = 100 === Batch size = 100
10734 . . .
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Number of Demand Periods Number of Demand Periods
Figure 1  Inventory control with stock-out damping (overage cost b = 10, underage cost h = 1, and noise level

o = 1.0). The dashed line indicates the reference ™' convergence rate in all plots. (Top) Newsvendor
loss gap for the SGD iterates with AR(1) parameter o = 0.8. (Top Left) Step-size schedule 1, = 2Bt ™!
across batch sizes B € {1,10,100}. (Top Right) Step size schedule n; = 2Bt~ /2 with iterate averaging.
(Bottom) Newsvendor loss gap for the SGD iterates with AR(1) parameter o = 0.9. (Bottom Left)
Step-size schedule n; = 2Bt~ ". (Bottom Right) Step-size schedule n; = 2Bt~1/? with iterate averaging.
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6.2. Pricing and Capacity Sizing in Single-Server Queue

We consider the pricing and capacity sizing problem studied in Section [4 Following the numerical

example described in |Chen et al. (2023a)), we consider an M/M/1 queue where arrivals to the

queue follow a Poisson process with rate A\(p) =nAo(p) with n >0 and

exp(a —p)
A =
") = T} expla—p)
for some a > 0. The service time is exponentially distributed and the service rate p entails a
quadratic cost ¢(u) = cou? with ¢y > 0. There is a holding cost hy > 0. In this simple example, the
pricing and capacity sizing problem can be written in closed form as

max {npAo(p) —copt” — ho%} : (17)

We set n =10, a =4.1, ¢ =0.1, hy =1, and the step-size parameter ng = 1.

The joint pricing and capacity sizing problem is known to be strongly convex. As in the
inventory example, we evaluate two versions of the SGD algorithm, one with step-size schedule
n, o< t~1/2 and with iterate averaging; the other with step-size schedule 1, oc t~! and without iterate
averaging. Figure [2] displays the performance for both versions of the algorithm. As predicted by
our theoretical results, across all batch sizes, step-size schedule 7, = 1/+/t with iterate averaging
achieves an O(t~1/2) convergence. Whereas step-size schedule 7, = 1/t without iterate averaging

achieves an O(¢!) convergence.

M/M/1 queue: No lterate Averaging, Projection (n: = 1/t) M/M/1 queue: Iterate Averaging, Projection (1= 1/Vt)
== Batch size = 1
= Batch size = 10 1
1014 —— Batch size = 100 10+
o 2
* * " 0
Q 0 o 10%4
= 10 =
| I
El El
21014 S10°1
= =
= Batch size = 1
5 == Batch size = 10
10744 10724 == Batch size = 100
10! 102 103 104 10° 10! 102 103 104 10°
Number of Customers Number of Customers

Figure 2  Pricing and capacity sizing in the single server queue. (Left) Last iterate loss gap for the SGD iterates
with 7, = 1/t across batch sizes B € {1,10,100}. The dashed line indicates the reference t~* convergence
rate. (Right) Loss gap for the average iterate with 1, = 1/v/t. The dashed line indicates the reference

t—1/2 convergence rate.
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We also see in our experiments that instabilities can appear under adaptive feedback if the
assumptions for Theorem [2| are not satisfied. For example, Figure [3| compares the empirical con-
vergence of SGD with step-size schedule 1, = 1/v/t, without versus with averaging, and without
projection. Note that the two scenarios are outside the scope of our theoretical results because we
do not project the parameters to the set in which the queue will be uniformly stable. We observe
in the left panel of Figure [3] that without projection and iterate averaging, the adaptive algorithm
can be highly unstable. For example, when B = 1, the cost/loss oscillates between 10 and 10*. In
the right panel, with iterate averaging, the algorithm converges at rate ¢t~*/2. The instabilities in
the left panel are a result of the bias incurred by the adaptive feedback. Intuitively, instabilities
emerge because the algorithm lowers the service capacity without fully anticipating the increase
in congestion that this will incur, since it takes time for customers to arrive. Waiting for more
customers to arrive before updating parameters allows the algorithm to gauge better congestion,
which leads to better performance for larger batch variants. Averaging or smaller step sizes, i.e.,
t~!, can help smooth things in this case and lead to more stable learning. Overall, this demon-
strates that features of the algorithm, such as projection, iterate averaging, and small and properly
decreasing step sizes, which are usually benign for the empirical performance of SGD with iid data,

can be crucial for stable convergence in the adaptive setting.

M/M/1 queue: No Iterate Averaging, No Projection (n: = 1Vt) M/M/1 queue: Iterate Averaging, No Projection (n:= 1Vt)

101 4

10%4

== Batch size = 1
|| = Batch size = 10
=== Batch size = 100

101:’_ﬂn_‘_l

10—1.

Lp, ) —L4(p*, 1)

=== Batch size = 1

1072 o e oo
101 102 103 104 105 101 102 103 104 105
Number of Customers Number of Customers

Figure 3  Pricing and capacity sizing in the single server queue. (Left) Loss gap for the SGD iterates without
projection and without iterate averaging with 7, = 1/\/f across batch sizes B € {1,10,100}. (Right) Loss
gap for the SGD iterates without projection but with iterate averaging and 7, = 1/v/t. The dashed line

indicates the reference t~'/2 convergence rate.
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6.3. Policy Gradient in Reinforcement Learning

We evaluate the performance of the actor-critic algorithm (Algorithm [1)) in simple tabular RL
examples. We consider a direct softmax parameterization of the policy over all states and actions,

ie. e RISIXIAl and
exp(fs.q)
ZaeA eXp(gs,a).

Since the loss function £(6) =0 [>°° ~v'c(s¢,a,)] is not strongly convex in 6, we consider step size

7% (als) =

/2 and iterate averaging. We set the discount factor v = 0.8, the TD update

schedule with 7, o<t~
parameter o = 0.5, and the step-size schedule 7, = 2B/t~'/2, which scales linearly with the batch
size. We consider randomly generated MDPs with |S| =5 states and |A| =5 actions, and larger
instances with |S| = 10 states and |.A| = 10 actions. For each instance type, we average performance
across 100 randomly generated MDPs by rescaling the cost in each MDP as
(8~ (0°) as)
£(6%)
Figure [4] displays the averaged scaled optimality gap for different batch sizes as a function
of the total number of samples drawn from the MDP. Note that because each TD update uses 2
samples from the MDP, we effectively use 2B samples per iteration, which is reflected in the z-axis.
We observe that the fully adaptive actor-critic algorithm, which updates the policy after only a
single TD update to the Q-function, is able to achieve an almost identical convergence rate with
variants that perform multiple TD updates before updating the policy. This convergence rate is
O(t='/?) as indicated by the dashed line.

We also compare the performance of our online actor-critic algorithm (Algorithm (1) with the
random-horizon policy gradient method proposed in (Zhang et al.|2020b|, Algorithm 3). This com-
parison evaluates whether it is more effective to update the policy frequently using biased gra-
dients (our approach) or to accumulate enough samples to compute an unbiased policy gradient,
as in [Zhang et al. (2020b)). For the method of [Zhang et al.| (2020b)), each iteration k& begins by
sampling a trajectory under the current policy 7% with a random horizon T} ~Geometric(1 — 7).
Let (sq,ar,) denote the state-action pair at the end of this trajectory. An unbiased estimate of

the Q-function at (sr, ,ar, ) is then computed via another trajectory, starting from (sr, ,arz, ), with

a random horizon T}, ~Geometric(1 —~'/2), using the discounted sum
1
Qr(st,,am,) = m Z,Yl/%(sl, ap).
1=0

The policy is then updated using this estimated @-function:

Orr1 =10y — nka(STk ,ar, )V, log ok (ar,|sT,)-
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Policy Gradient: |S| =5, |A| = 5 Policy Gradient: |S| = 10, |A] = 10
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Figure 4  Policy gradient for tabular MDPs. The dashed line indicates the reference ¢t~/ convergence rate. (Left)
Scaled loss gap of the averaged SGD iterates for batch sizes B € 1,10,100 and the random-horizon policy
gradient algorithm from|Zhang et al.| (2020b) (unbiased PG) across 100 randomly generated MDPs with
|S| = |.A| = 5. The step-size schedule for batched SGD is 7; = 2B/+/t. For the unbiased PG, we report
the best performance using the step-size schedule n; = 10/v/t with 1o € 0.1,1,10,100. (Right) Scaled
loss gap for the averaged SGD iterates with batch sizes B € {1,10,100} and the unbiased PG for 100
randomly generated MDPs with |S| = |.A| = 10.

Note that our algorithm differs in three key ways: First, we update the policy using gradients
from all visited state-action pairs, rather than only the final pair of a random-horizon trajectory.
Second, we use a biased, online TD estimate of the @Q-function instead of an unbiased Monte Carlo

estimate. Finally, our method uses only O(1) samples per gradient step, since each TD update

draws two samples from the transition kernel, while the method in |Zhang et al| (2020b) requires

an expected O((1 —+)~') samples per update to maintain unbiasedness.

Figure[d]also shows the performance of the random-horizon policy gradient algorithm from
, labeled as “Unbiased PG,” plotted as a function of the total number of samples
drawn from the MDP. Note that the total sample count varies across iterations because the gra-
dient estimator in this algorithm uses trajectories of random lengths. Similar to our work,
establish a convergence rate of O(1/v/T) under a step-size schedule of the form
ne = O(1/+/t). Accordingly, we implement their algorithm using 7, = 1/+/f and report the best per-
formance across 1y € 0.1,1,10,100. We observe that while the unbiased gradient estimator achieves
faster initial progress, the performance improvement slows down after approximately 10% or 10*
samples and is then outperformed by our actor-critic algorithm, even with batch size B = 1. This
highlights that unbiased gradient estimates are not strictly necessary for convergence, and that

frequent updates with biased estimates can be more effective than less frequent, unbiased updates.
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7. Conclusion

In this work, we study SGD with adaptive data, which arises in many online learning problems
in operations research. We provide easy-to-verify conditions under which the fully adaptive SGD
update achieves a similar convergence speed as the classical stationary setting. Our results provide
guidance and assurance as to how to choose the appropriate batch size in online learning problems
where stationary (long-run average) performance is involved. For example, we demonstrate how to
apply the results to study online learning algorithms for some service and inventory management
problems.

When applying stochastic gradient descent to optimize policy design in practice, two key con-
siderations arise. First, how to parameterize the policy. In Sections [3] and [, we focus on relatively
restrictive classes of stationary policies, e.g., a base-stock policy in Section [3 and static service
rate and price in Section {4} Richer classes of stationary policies can be considered, e.g., 7°(als)
where 6 parameterizes a neural network. This added flexibility may come at the cost of more com-
plex, nonconvex optimization challenges in practice. Second, we must consider how to construct
a gradient estimator. In this work, we advocate the use of pathwise gradient estimators. Similar
techniques have recently gained traction in large-scale reinforcement learning problems arising in
operations research (Alvo et al.|2023) |Che et al.|2024)). Developing more efficient and accurate
gradient estimators remains an important direction for future research.

We conclude the paper with some remarks about the limitations of this work that suggest promis-
ing directions for future research. First, the conditions we required in Theorems [1| and [2| are only
sufficient conditions. It would be an interesting future research direction to see both theoretically
and empirically whether similar convergence speeds hold under more general conditions. In partic-
ular, while we think the ergodicity and smoothness conditions are important for the convergence
of the algorithm, it would be interesting to see if these conditions only need to hold locally, i.e.,
around the optimal solution. Second, the upper bounds we established in Theorems [I| and [2| are
unlikely to be tight, especially regarding the logarithmic terms. We leave it as a future research
direction to establish tight bounds. Lastly, from our numerical experiments, even though the batch
size does not affect the convergence rate of the algorithm, it can improve the convergence speed
through the constant term. It would be valuable to develop theoretical results that can guide the

choice of the optimal batch size.
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A. Lower bound on the Convergence Rate of SGD

In this section, we construct an example with a strongly convex loss function ¢ and show that
the convergence rate of the SGD update is Q(7/T) under the assumption that the step size 7, is

non-increasing in t for ¢ large enough.

LEMMA 2. Suppose £(0) = (y —0x)* where y = 0*x. Assume x is uniform on {—1,1}. Consider the
SGD update 0,1 =0, —n,(VL(0,) + €,). We further assume that {€},>0 follows a Markov chain
with transition probability

P,=1- %7Pi,j :% fori,je{-1,1} andi#j.
Suppose n; is non-increasing in t for t large enough. Then for any T, there exists N, < 0o, such

that for any T > N,
-

B(0r —07)") 2 5.

Proof. Plug in the specific form of ¢(0) and let A, =6, — 0*, we have

At+l = (1 — 27775)At — 77t6t'

This further implies that

t t
A=A [J(1—2n,) anek I @-2n),

s=1 s=k+1

where we define [._ 11 (1=2n,) = 1. Let wy.(t) = .- jpr (1= 215). Since Er[e,] = 0 and Er[e;¢;] =
(1—2/7)li=3l

j—i
f+1 AH1—2775 +Zwk +2 Z w; (t)w;(t <1—72_>

1<i<j<t
t—1/4 T/4

ZAQH 1—2n,) —I—Zwk 242 ) ) wi(t)wisalt (19)

i=1 d=1
because (1 —2/7)F >1—2k/7 >1/2 for k < 7/4. We next look at the three terms in one by
one.

For the first term, to have convergence to 0, we need 22:1 Ns — 00 as t — 00.

For the second term, since w;(t) =1, to have convergence to 0, we need 7, — 0 as t — co. In

addition, note that
t t

2wy =[] (1—2n.)—JJ(1 —2n.).

s=k+1 s=k
By Cauchy—Schwarz inequality, we have
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Since [[%_,(1—2n,) — 0 as t — oo, we have there exists 1y > 0, such that for t > ng, [\, (1—2n,) <
1/2. Then for t > nq,

Zw‘“ —2t

For the third term, since 7, — 0 as t — oo, we have for a fixed 7, there exists n/ < oo, such that for
any t >n/ and d <71/4, HT‘:H( —2n5) > 1/2. Then, for t >n,

t

Wi (t)wita(t) = NiMita H (1—2n,) H (1—2n,)

s=i+1 s=itd+1
i+d t 1
> ( 11 (1—2ns)> nea [T =200 2 Swia(t)”
s=i+1 s=i+d+1
This further implies that there exists IV, < oo such that for all t > N,
t—1/4 T/4 t—7/4 T/4
DI) SIUTWUES o) et
i=1 d=1 i=n! d=1
t—7/4
-
Z7 > w(t)
j=nl+7/4
2
9 t—71/4
277 Z w; (1)
j=nl+1/4
2
- t t
:% H (1_2773)_ H (1_2773)
s=t—7/4+1 s=n!+7/4
2 2
- t t—7/4
:272,: H (1_2775) 1- H (1_2775)
s=t—7/4+1 s=nl+7/4

0

B. Proofs of Theorems [1] and
Define 7410 = Zi?il sy Mitgn = Ziﬂ: 1775; (Vtrn = Zigil Vi(zns, (V)i =
SV (2?02 and Py, = Py, Py, ... Ps,_,. We also define the e-mixing time 7, as a time for
which under Assumption [I]
Wi(pe,0.P;¢) <eV(z). (20)
We first prove some auxiliary lemmas. These lemmas hold for both the unprojected and projected

updates, i.e., and respectively. For concision, we only list the assumptions for the unprojected

case. For the projected case, these assumptions are only required to hold for 6 € ©.
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LEmMMA 3. If Py has a mizing time T, then for 7. = [|loge|/|log(1/4)|]T, we have
Wd(52P5—67/1'9(‘>) < GV(Z),

1.e., T 1S an e-mizing time.

Proof. For any function f with |f(2)] < V(z) for all z, we define fo(2) := f(2) — [, po(d2") f(2).
Note that [ fo(2)pe(dz) =0. We also define fi(z) :=E. fo(2,). Note that
[ rGhntan = [wo(a) [ 8Pp@ ) = [ pald) o) =0,

and

1/1(2)| =

/ T / / 1
[ 56620 = )| < Vo)
We can repeat the above procedure and define a sequence of fi’s. For fi.(2) :=E,[fo(zx,)] for k> 2,
suppose |fi—1(2)| < 7=V (2). Then, we have

[ = [tz [ 6.0 = [ )i =0

z z

and

1
(3) =

Let n=[|loge|/|log(1/4)|]. Then,

1

A s () 6Py () ()

z

fa(2) =Euf(zn) - / ) () and [F(2)] < 3V () < eV(z),

z

Since f is any function with |f(z)| <V(z), we have Wy(6, P, u(+)) <eV(z). O

LEMMA 4. Under Assumptions[3, the iterates satisfy
100 — Oc]| < M (VD) tit4n-

Proof.  We first note that for the unprojected cases, |01 —6:|| = ||7:9:(0;, z;)||. For the projected

case, since C is convex, ||60;11 — 04| < ||7:9:(0:, 2¢)||. Thus,
[0e1 = Ocll < 1192 (02, 20) || < MV (z¢) e

Then,
t+n—1

160 = 0l < D 110k1 = Okl < MV on-

k=t



36

Before proceeding, we refine Assumption [2] slightly by specifying that
Wd((SZP.g, 6zP9/) S Ld||9 - 0/||V(LL‘),
instead of the original bound Wy(8,Ps,d,Ps) < L||0 — ¢'||V (z). We introduce this adjustment
because, in the reinforcement learning example, the constant L, is significantly smaller than L.

LEMMA 5. Under Assumptions[1] and[3, the following holds almost surely,

L K2MV (z)
(1—p)?

Proof. First, let v* denote the optimal coupling between p and v under d. Then,

Wd((;xPQ()maéng;) S (Vn)On

W(uPl vPL) < / d(5,PL 6, P\ (dz, dy)
I7y
<Kt [ o)y (dn,dy) =K Wal)
x,y
Next,
Wa(puPy, pPy) < / Wy(62Py, 0, Py )pu(dx) < Lg||0 —0'|| /V(x),u(dx).
We also note that
/ V()5 Py (da') < pPyy. V() + K
<p"V(z)+p" 'K+ 4+ pK+ K

- KV(I)
=T,
Lastly,
Wa(0. Py, 0. P5) < Z W80 Pag, P, 8, Pay,,, P40
m=2
S Z Kpn_de((;wPOO:mflpemfl ’ 51P00:m71P00)
m=2
<> KO Lalbs = 6ul [ V@), ()
m=2 z’
& _ KV(x)  LyK*MV(z)
< Kp" "™L,M m— i
< ”; P LaM (Vi)osm—1—— ) ST o2 (Vn)on
O

Similar to Lemma [5], we also have

LEMMA 6. Under Assumptions[1] and[3,

_ LaK*MV ()

Wd(éwpe():n’éxpgjm) — (1 _ p)Q

(Vn)own-
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Proof. Define Py, =1 and P) =1.

Wa(6:Poy,, 00 P5) <> Wal(8,Pay,,, Py, 00 Py, Py ™)

m=1

S Z Kpnide(dw‘PeO:'m—l P9

m=1

6-’” PQO:m— 1 Pgn )

m—17

<KLl 0] [ Vs, ()
m=1 =’

KV(x) _ LJK*MV (x)

< mz_lendeM(Vn)m—lzn T, <y (Vi)om-
O
LEMMA 7. Under Assumptions[1] and[3, we have
LL,K?M

[VE(0:) —Eig(0r, 2o )| < LeV (20-1) + Wnt:mﬁ(‘/(%fl) +K)%

Proof. Note that
|VE0:) —Eig(0r, ze1x,) |

[ 90612) (ua(d2) 5., P 02) H i ‘

:
LLdKzMV(Zt_l)

E; /g(et’ Z) (6Zt71P9t:t+7—5 (dz) - 6%71]397: (dz)) H

<LeV(z1)+ E (V) itqr]

(1—p)?
LL,K*MV (2z_
<LeV(z—1) + d (1—P)§ - 1)(V(Zt—1)+K)77t:t+rE>

by Lemma [5| Kantorovich-Rubenstein duality, and the fact that V is a Lyapunov function. [

LEMMA 8. Under Assumptions[1] and[3, we have

LL,K*M
[E[VE(Orrr) = 9(Orsre, zesr )| < LeV (20-1) + (1(1_7@277&#& (V(2e-1) + K)*.

Proof. Note that
[E[VE(Orsr.) = 9(Orsres zeir)]|
Jo00sei) (s, )~ P, ()|

z

<

_l’_

Et /g(0t+7'e7z) <(52t—1p‘9t:t+-r6 (dz) - 5Zt—1P9‘I;€_‘_T€ (dz)> H

LLK2MV (%)

<LeV(z_y) + E(Vn) s

(1—-p)?
LL,K?>MV (z_
SLEV () 4 IV () 4 B

by Lemma [6] Kantorovich-Rubenstein duality, and the fact that V' is a Lyapunov function. O
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LEMMA 9. Under Assumptions[q and[3, the iterates satisfy the following
LL,K?M

1Ee[g(0r, ze47) — 9(Orires 2err )]l < <2L6 + 2<1_7p)277t:t+'re + MLUt:tJm) (V(2e-1) + K)*.
Proof. Note that
1Ee[g(0r, ze47.) — 9(Ortres Zerr )]l

<IEeg (0, 2erre) = VIO 4 Ee[g(Orsres 2err) = VIO )]l + ([ VI(Orsr, ) — VIO

LL,K*M
Wnnwre

by Lemmas [4 [7] and O

We are now ready to prove the main theorems.

Proof of Theorem [l Since 0,1 = 6; —1:G:(0:,2;) and V{(0) is L-smooth,

SQLfV(Zt_l) + 2 (V(Zt—l) + K)2 + ML(V(Zt_l) + K)T’t:t—‘rTe

. L ,. .
£(0111) <L(0) — e (VL(0:),9:(0r,20)) + §nt2||gt(0t7zt)||2‘

Since ||g:(0:, 2¢)|| < MV (z:), the above inequality can be rearranged as
L .
m(VL(0:), VL(0:)) <L(0;) = £(Br41) + 577;:2M2V(Zt)2 +0e(VU(0:) = §e(0r, 2¢), VE(6y)).

Taking the sum over ¢, we have

T-1 T-1
1 .

Dl VEON < 000) + SLM*(Vi)gr+ Y 1e(VEO:) = §1(60s, 20), VL(O:))-

t=0 t=0

We next establish an appropriate bound for (V£(0,) — §:(0, 2), V£(6;)). Consider the decompo-

sition
(VE(O:) = 3:(0r,20), V(D))
=(9(0:,2¢) = 9:(0r, 1), VL(0:)) + (9 (Or1r s 2017 ) — 9(O, 20), VL(O))

(@) ®)
+ (901, 247.) — 9(Orires Zegr ) VE(O)) + (VU(O,) — g(0r, 211 ), VE(G,)),

(c) (d)

where 24, ~ Poyyr. -

For (a), we have
|Et<g(9tazt) _gt(atyzt)avg(et»’ < IIVE(Ht)IIEtllg(9t7zt) _gt(etazt)H < ME,e;.

For (c), by Lemma [9] we have
IEi(9(0r; 2t47) — G(Orires 2e1r), V()]

<||Ei[g(0:, 2e4re) = 9(Orires 2ear ) VLG ||

LL,K*M

(1d_7p)277t:t-s-r6 + MLnt:t—&-TE)
LL,K*M
(ld_ip)znm + MLTJYt) (V(ze1) + K)*.

<M <2L6+2 (V(ze-1) + K)?

<M <2L€ +2
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For (d), following Lemma 7, we have
[ [(VE(O:) — 901, Ze4r ), VE(GL))]|
<IEVEO:) = 9(0r, 204V

LL,K’M
<M <L€ + d2ntlt+7'e> (V(20-1) + K)?
(1-p)
LL,K*M
SM <L6+ d 3 7'57715) (V(Zt 1) +K)
(1—-p)
Lastly, for (b), taking the sum over ¢, we have
T-1
EZ%(QWHW%M) _g(gtvzt)’vg(et»‘
=0

EZ (01, 2),i—r. V(O 1) — 0, VE(0,)) | +

t=T¢
T+71e—1

E <g(6t7zt)7nt—Tevg(et_T€)>

t=T

E Z (90, 20), 1V L(6:))

t=0

Te—1 ‘

+

EZ (01, 2¢), 0 VE(Or—r.) — eV L(0:))

t="Te¢

t="Te
T+‘r€—1

Z <g<0t’ zt)7 Nt—re ve(et—n )>

t=T

Te—1

EZ Qt,zt ntVE(Qt»

T—1
SMQLE Z ntv(zt)(vn)t—Te:t + MZ(V(ZO) + K)UO:TE
t="Te
+ MPE(Vn)o.r, + M*(V(20) + K)np—reor
T—1
<SMPL7. Y E(V(2) + K)’n} +3M°7.(V(20) + K).

t=0

Putting the bounds for (a) — (d) together, we have

T-1
EZMW(@D — 0:(01, 21), Vf(et»‘
t=0
T-1 T—1
<M nEe, +3M°7.(V(20) + K) +3MLe Y nE(V(2) + K)
t=0 t=0
M?LL,K? —
+ <3d T, +2M2LTE> > RV (2) + K)2.
(1—p) p
Thus,
T-1 T-1
> I VE)|” <£(6) + LMQ(Vn Yo+ > nE(VE(6:) = §u(0:, 20), VE(B,))
t=0 t=0

T-1 T-1

<U(6o) +3M*7.(V(20) + K) + MY _nEe, +3MLe > nE(V

t=0 t=0

EZ (06, 26) (Me—re = 1) VE(O:—7,))

(z) + K)?
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<3M2LLdK2
(1-p)?
For e =1/V/T, .= O(tlogT). Let 7, = 1 /1o.7. Then, we have

T-1

_ 1 1 —
Z"?tEHVE(Qt)W =0 (W <TIOgT+TIOngg:T+ ﬁnw +Z"7tE€t>> .

t=0 t=0

7‘€+2M2L7‘6> anE(V(zt) + K)% (21)

This implies that

T-—1
1 1
. 5 ,
021<nTEHV€(9t)H =0 (ﬁo:T (T log T+ log Ty +- ﬁTUO:T + ;ntEet)> .

O
Before we prove Case 1 of Theorem [2] we provide a bound for E||6; — 6*||* first. Note that when
© is bounded, [|6; — 6*||? is bounded. We will show in Lemma[L0|that even when © is not bounded,

we can still establish appropriate bounds for E||6; — 6*||?.

LEMMA 10. Assume ¢ is convex and Be, = O(1/+/t). Let n, =no/\/'t. There exists a constant C €
(0,00), such that for any fixzed T >0, we have

E||07 — 07> < C? (||60 — 07| + T(log T)? + (V(20) + K)?)°,
fort<T.
Proof. Let e=1/v/T. Then 7. = O(7logT).
By the convexity of © and the fact that * € ©, we have
10e 1 — 07 < |0 — 0" — 0,6 (0, 20) |1

<10y = 0% + 200(9e (0, 1), 0% — 0p) + ] MPV (2,)°
=10, — 0"]1> + 20 (VL(0,), 0" — O00) + 17 M>V (20) + 20, (Gu (04, 2) — VL(,), 0" — 0,)
<\ — 0% ||> + 7 MPV (20)* + 20,(Ge (61, 20) — VL(6,),0% — 6,),

since £ is convex. By induction, we have

t—1
16, 0%17 < 180 — 0° I + M2V, +23 " 1, (4.0, 2,) — VE(0.),6" ~6,).

s=0

Next, note that

<v£(99) _gs(esazs)ves _0*>
= <g(98a ZS) - QS(Hsv ZS),HS - 0*> + <g(98+rgazs+n) - 9(05725)7 98 - 9*>

(@) ®
+ <g(057zs+7'e) - g<93+757zs+7'6)795 - 9*> + <V€(95) - g(@s, Zs+Te)795 - 9*> .
(¢) (d)
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We shall bound each of the terms in the decomposition. For (a), we have
Ns|Es (905, 25) — G5 (05, 25), 05 — 07)] <nsl|Es[g(0s, 2:) — G5 (05, 251105 — 07
<n.Eoe,ll0, — 6.
For (c), by Lemma 9] we have
1s[EBs(9(0s, 2stre) = 9(Osire, Zogre), 05 — 07)
s Balg(Os, 2s17e) = 9(Ostres 2a4r )10 = 67

LL,K*M
<775 <2L€ + 2(1(17p)2773 S+Te + MLT/S S+T€> (V(zsfl) + K)Q”‘gs - O*H

For (d), by Lemma 7| we have
s ’Es<v£(95) - 9(987 Zs—l—‘re)a 93 - 9*>‘
LL,K*M
<o (Lot B ) (Vo) 4 K~ 7]

Lastly, for (b), taking the sum over s, we have

Ezns S+TE7 s+75)_g(057zs)795_0*>

EZ (055 25), 75 (Os—r, —

S=Te

+|E Z 055 Zs 773—7—5 - ns)(esf‘re - 9*)>

S=Te

t+7e—1

HE D o020~ 0)

Te—1

EZm (0s,2), 05— 07)

t— Te—l

<EZM2 (VD) acra+ ME D 03710, — 07|V (2047,
S=T¢ s=0
Te—1 t—1
+MEZ775V(ZS)HOS_9*H+ME Z 773V(ZS+TE)||98—(9*||.
s=0 s=t—Te

Putting the bounds for (a) to (d) together, we have

E Y 0u(VE0.) ~ u(0.,22).00— 0°))

t—1 t—1
<> n.Ee B0, — 07| + M. Y n?B(V(z,) + K)?
s=0 S§=Te
t—1 Te—1
+ M. anE(V<ZS) +K)2”93 - G*H +M Z USEV(ZS)HQS - Q*H
s=1 s=0
t—1
+M Z 7 Zs +K)||9 *0*||+3LEZ778 ZS)+K)2H05*9*H
S=t—Te s=0
LL,K*M —
<3<1d_p)276 + ML7'€> > n2E(V(z) + K)2(|0, — 07]].

s=0
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Next, we prove the result by induction. Suppose for s <t,

E||0, — 07| < C? (|6 — 0°|| + 7 log t + /5 + (V(20) + K)?)” .

Then, since E[(V (zs_1) + K)2[|0s_1 — 67|[] < VE(V (2) + K)i/E[0; — O,
Ei A(TE6,) — §2(01, 7). 0, — %)

-1
Z e, O(||00 — 0% + 7 logt + ev/s + (V(20) + K)?) +M276277 K)?
5=0

S=Te

Mr, an\/]E(V(zs) + K)AC(||0 — 0% || + T logt + ev/s + (V(20) + K)?)

Te—1

+M Z NV EV (25)2C(||00 — 07| + T logt + ev/s + (V(20) + K)?)
s=0

+M Z_: NsVE(V (z5) + K)2C(||60 — 07| + e logt + ev/s + (V(20) + K)?)

stn

+3LEZ773\/ o)+ K)AC(|00 — 0% + T logt + ey/s + (V(20) + K)?)

L2K2M *
+ 3(1 p)? T+ ML, Zns\/ﬁc (1160 = 07| + relog t +ev/s + (V (20) + K)?)

SC/(HHO—H*H—i—TElogt—i-(V(zo)—i—K) YC(tlogt 4+ eVt + (V(z) + K)?),

where C’ is a constant that does not depend on C.

Thus,

E||6, — 6*[|* < ||6p — 0*||* + M?log t(V (z) + K)?
+C'C(|00 — 07| + 7 logt + (V(20) + K)*) (7 logt + eVt + (V(20) + K)?)
< CQ(HHO — 0|+ 1. logt + eVt+ (V(20) +K)2)2.

O
Proof of Case 1 of Theorem[3. By the convexity of © and the fact that 0* € ©, we have

H9t+1 - Q*HQ < ||9t -0 — ntgt(etazt)HQ
=10, — 0%||* 4+ 21, (9: (01, 2¢), 0" — 01) + 12 1| 9: (01, 1) ||?
< |0 — 0% |1 4+ 204(G¢ (0, 20), 0% — ) 4+ 17 MPV (2,)°.
Therefore,

. 1 . . 1
<gt(9t,zt) 0" —9t> T(H‘gtﬂ—g ”2—”9 0 "2)—577:&M2V(Zt)2'



Next, by the convexity of ¢,
007)—0(0,) > (Veb,), 0 —0,)

= (9:(01,2¢),0" — 01) + (VL(0:) — G: (01, 21),0" — 6;)
1

> _n*||2 _ _

S )

This leads to

1 1., (V)i
— (0:) <—||6p— 0*|)* + = M2 oT
Nor zm t) ) 2770:T|| 0 I 5 o
T-1
+ ’)’]sznt Vﬁ et) gt(et,zt),gt —9*>
From the proof of Lemma for e =1/V/T, 7.=O(rlogT), we have
-1
EZMW(@t) - gt(eta Zt)vet - 9*>
t=0

<C'(||6o — 0*|| + T log T + (V(20) + K)*)C (1 log T + VT + (V(z0) + K)?).
Then,

nTTZm (6:) —£(07))

160 — 07|27 M2 =
< +
To:T 2n0.1 —
C/C * 2 2
+ (60 — O*|| + T log T + (V (20) + K) )(TelOgT—FE\/T—I—(V(ZO)-FK) )
T
0 < 1 logT N (logT)2 N 7'2(logT)4> .
For éT = %

o ZtT;Ol n:0;, by the convexity of £, we have

HEEV(Z:&)Q

BH(Fr) — £0°) < - 5" n(£(0) ~ 60°)) =0 (108 T)* V).
[l

We next present an auxiliary result about our choice of step size in the strongly convex case

LEMMA 11. If n,=2n0/(ct) and ny > 2, we have exp(—%anl:T)nt is increasing in t

Proof. Through induction, we only need to show that exp (—%cntﬂ) 1 < Mya1, which is equiva-
lent to showing

(_*1 +1) < o
exp cn

2 Y =
which is true with 7,1 > (t - g

1 . «
6*”2) — intV(Zt)2M2 + <V€(0t) — gt(et, Zt)79 — 9t>

43
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Proof of Case 2 in Theorem|[d. First, note that
1001 — 071" = 1100 — 1m:9(6s, ) — 0|
<16 = 07[* — 2(0: — 07, §(0r, z4) ) + M0V (24)*.
Consider the following decomposition of §(6;, 2 ):
9(0s,2¢) = [§(0r, 20) — (01, 20)] + [9(0r, 2¢) = 9(Orre, 2 )]+ [9(Orire 20ir) — 9(0r, 2047, )]

(a) (b) ()

+ [g(0t7zt+7'5) - VE(Ht)] +V€(9t) .
(d) (e)

We next bound the inner product of each part in with 6* — 6,, except for part (b). Part (b)

will be treated separately later.

For (e), since ¢ is c-strongly convex,
—(VL(6,),0; — 6°) < —cl|6; — 67|

For (a), under Assumption
A~ * ~ 1 *
—(9(0:,20) = 9(0r,24), 0, — 07) < = [19(0r, 2¢) — g(0s, 2.)|1* + ZCH@ — 0"

<

==

1
e; + ZcHHt —0%|)°.
For (c), following Lemma [9] we have
—Ei(9(Orire: 2err) = 9(0r; 24r, ), 00 — 07)

1 1 .
S NBalg(Orires 2er) = 9 (00, zen )] + JellOn — 077

1 LL,K*M 2 1
SE <2Le+ 2(1d_7p)2nt:t+7'e + MLnt:t-'rTe) (V(ze-1) + K)4 + ZCHQt - Q*HQ-

For (d), following Lemma |7, we have
—Ei(g(0r, 24-.) — VE(O:),0, — 07)
1 1
<901 20r,) = VO + el 6= 0|

1 LL,K*M 2 1 .
<z (L +(1d_p)zm:t+n> (V(z0) + K)* + Jelle— 67|

2 2 L2 L2K*M? 1
SEL2€2(V(275—1)+K)4+E(ld_ip);;Tgn?(V(zt—l)+K)4+ZCH9t_H*HQ'

Putting together the bounds for parts (a), (c), (d), and (e), we have

1 2
Ballies =01 < (1 Gom ) 160072+ 202V )+ 2

2 ) L2 KA M?
+ - (18L26277t +2L*M?72n} + 18(1d_p)47}2773> (V(z)+ K)*

—2n,E, (g(9t, Zt) - 9(9t+re72t+r€), 0, — 9*>-
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Define 1.7 = 0. Then,
T-1

1
By~ 07 <exp (gema ) o0+ S exp (o ) MRV ()
t=0

1
2

T-1
2 1
+ P €xp (—2077(t+1):T> (18L*E*n,E(V (2,) + K)* + m,Eey)
t—0

T—1
2 1 L?PI2KAM?
+=> exp | —senusnr ) | 2L M2l + 18— ———72n] | E(V(z) + K)*
¢ = 2 (1-p)
T-1
—2 €xp <—077(t+1):T> UtE<g(9t7 Zt) - g(0t+7-evzt+-r€)) 0, — 9*> .
t=0

()

Lastly, we develop a proper bound for (f). We first rearrange the summation as

T-1
1 1
—2 Z <exp (—2077(t+1):T> nt(et - ‘9*) — €exp <_2C77(t+176):T> Nt—7e (thre - ‘9*)a9(9t, Zt)>

t="Te
()

Te—1 1
—2 -5 - 0, 2:),0, — 0"

;exp( 2077(t+1)‘T> (9 (0:, 2¢), 0 )

(f2)
T-1 1
2 Y : 9 Te) T 70 *9* .
+ t_;T eXp< 2077(t+1).T> Th<g( 7oy B4 6) ; >
(f3)

For (f1), we have
1 1
‘— <9XP <—2C7](t+1);T> 77t(‘9t - 9*) — exp <_2677(t+17'e):T> ntf're(etf‘rg - 9*)79(9“ Zt)>‘

<

1
exp <—2077(t+1):T> 77t<0t - Ht—757g(9t7 Zf)>

1 1
+ ‘<<e><p <_2677(t+1):T) ¢ — exp <_2677(t+1—7—6):T> m_u> (Or—r. —67),9(0:, Zt)>‘

1
<M? exp (-2077(t+1):T> 0V (2) (V)i —reat

1 1
+ (exp <—2077(t+1):T> M — exp <—2077(t+1—n):T> 77t—‘re> ||9t—u - H*HMV(Zt)-

Since,
771:7'5

Te

nt—Te:t S Mt S Te log Tets

then,

1
M? exp <—2C77(t+1):T> EmV(Zt)(Vn)t—n:t

1
<M?exp (2077(t+1);T> C(V(20)* + K)7log 7em; .
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Next, note that

T-1
1 1
> <eXp <_2C77(t+1):T> 7 — exp <_2C77(t+1—7—€):T> nt_T€> Ef0, 7 —0"[|MV (2,)

t=T¢

1 1
<MZ (eXP <—2077(t+1) T) Ty — €Xp <—2077(t+1 7e) ) - re) \/EHHt e — 077 \/EV (2¢)?

t="Te

T—7e—1
= 1
<SMC(V(2)* +1) { Z <\/E||9t—u —0+)2 - VE[|6, - H*HQ> exp <—2C77(t+1):T> Uz

t=Te

Te—1 T—1
< 1 1

=S exp (s enur Ef6 -0+ - o ) 1 VE0, — 67
2 eXP< 2077(t+1).T> U 10; 1%+ eXP( 2077(t+1).T> s [ | }

t=T—T¢
T—1e—1 Te—1 1
<SMC(V(2)* + { ; nrVE|0: - — 02 — Z exp <—2C"7(t+1) T) neVE|(0; — 0|
-1
+ Z eV E|(0,—r — 9*H2} since exp (—3enr.r) me < nr
t=T—7e
T—71e—1 Te—1 1
<MC(V(20) {UT tZ VEM(Vn),_r Z exp (—2cn<t+1> T> E[|6, — 6|
T—1
+nr Z E[6;—-. — 9*H2}
t=T—T7¢
Te—1 1
=MC(V(2)*+1) {MCTJ?TUO:Tm (V(20)* +1)"2 — Z exp <—2C77(t+1):T> eV E[|6; — 6|
t=1

T—1
+nr Y VEO ., — 9*\\2} .

t=T—7¢

For (f2), we have

1
- Z exp <—2C77(t+1):T> mE(g(Gn 2),0, —0)
t=0

‘ Te—1

Te—1

1
<M 3 exp (= genesnr ) nEV Gl — 0|
t=0

Te—1

1
<M Y exp (= goncna ) u BV VE -0

t=0

Te—1

c 1
<MCO(V(2)*+1) E exp <2C77(t+1):T> neV/ E|6; — 6+
t=1

Similarly, for (f3), we have

T-1

1
Z exp <_2077(t+1):T> ntE<g(0t+7—evzt+7—€)70t - 9*>

t=T—Te

T-1
<MC(V(20)*+ L)z Y VEI0 — 6072

t=T—7¢



Putting the bounds of (f1) — (f3) together, we have

E|6r — 6%
1
<exp (—QCTZO:T> 1600 — 6*|?

T-1

1
+3 exp (—2cmtw) (MPPEV ()2 + M2C(V () + K)7. log 7Y

t=0

1
+ - ZGXP (—2077 t+1): ) (I8L*E(V (2) + K)* +mEe})
+=0

P,

1 L?’L2K*M?
+ - A eXp <—2C77(t+1):T> <2L2M2T n+ 18(1(1[))47}277?) E(V(2) + K)*

T-1
+2M2C*(V(20)” + 1)°Tenrior—ar, + 2Mnr Y V/E[6, — 6%,

t=T—271¢
Since n; = 219/ (ct) for some 1y > 0, exp (—%cn(tﬂ)q) < (%)2
have
* (12 1 * (]2
E|0r — 6| Sﬁ’wo—@ |
— t2 4 5 2 2 2
+Zﬁ272 (M?EV (2)* + M*C(V ()" + K)7. log .

t2 27]0
+= ZTZ L USLPEE(V () + K)* + Eej)

28 LPL3K*M?
ZT2 ?Zg <2L2M273+18(1d_p)4 73> E(V(z)+ K)*

T-1
+8M2C?(V (20)? + 1)1, 20 logT+2Mnr > \/E[[0, — 07|
t=T—27¢

logT' 9 logT

_T2”90—9*H2—|—C1 € T —I—CQE —1—6'37‘€ +C'4 Z EHgt |2 (22>

t T—271¢
where C;,Cy,Cs,Cy are some suitably defined constants that do not depend on T'

Next, we prove by induction. Suppose for t < T,

logt
Euet—e*rﬁsc( lost | )
Then, by , we have

log T
|6y — 6*|> < C (n O:i +62> .

ﬁ. Then, 7. = O(7logT) and

2
E||6r — 0"]2 =0 <T (o 7) > .

Lastly, set e=

T

47

. In addition, since Ee? = O(1/t), we
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C. Proofs of the results in Section 3
C.1. Proof of Lemma (1l

Our proof is based on the development in |Glasserman (1992)), who establish sufficient conditions
for the derivative process to be well-defined, converge to a unique stationary distribution, and be
an unbiased estimator of LE[D. ()] at stationarity.
Let
A(Dyyusyr,€4150) = (@min{D; + vy 1,0} + (1 —a)m+e4q) 7.

Then, Dy 1 = ¢(Dy,ur1,€41;0), where u,’s and €,’s are iid respectively, and
Lt+1 = 1{Dt+1 > 0}0& (1{9 < Dt + ut+1} + 1{Dt + Ut < G}Lt) .

Let G4 CR* be defined as the set where ¢ is continuously differentiable. It follows that G, is the
complement R*\C\, where Cj is

Cy={a,b,c,0:amin{a+b,0} + (1 —a)m+c=0}U{a,b,c,0 :a+b=0}.

Note that for any 6 and t, P((Dy, us11,€141,0) € Gy) =1 since w41 and €41 have densities on R.
By Lemma 2.1 of |Glasserman (1992)), it follows that D;(#) is differentiable with probability 1 for
any 6 € © and t > 0, and so the derivative process L, exists.

Moreover, note that ¢ is Lipschitz in a, b, ¢, with Lipschitz constant 1 and for all ¢,

E[D;]=E [(Oémin{th1 + U, 0+ (1 —a)m+ €t+1)+}

<E[(af+(1—a)m+e1)T] <oo.

By Lemma 2.3 of Glasserman| (1992)), we have that E[D,(0)] is differentiable in @ for all ¢ and
LE[D,(0)] = E[5D,(0)) := E[L,(0)].

Finally, it remains to show that £E[D..(6)] = E[Ls(#)]. We first verify the conditions in Theorem
4.1 of|Glasserman (1992), which guarantees that L, has a stationary distribution. First, we have that
(e1,m:) is a stationary sequence as they are iid. Second, for any 6 € O, the stationary distribution
of D;(0) exists (see the proof of Theorem and we can consider a stationary process D, where D,
is drawn from the stationary distribution of D,(6). Note that using the same sequence of (e, u;)’s,
the processes D; and lN?t will couple whenever both are equal to zero, which will happen almost
surely, since at every ¢, the probability of hitting zero is at least ® (é / a), where 0 = af + (1—a)m
and ®(z) is the tail cumulative distribution function of the standard Normal distribution. Finally,

we have that for all 0 € ©

o ~
P <6d¢(D0,U1,61;9) :0> > O,
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This is because the derivative %qﬁ(ﬁo,ul,el;e) will be zero whenever amin{Dy + uy,0} + (1 —
a)m + €; =0, which happens with probability at least ® (é/ 0). By Theorem 4.1 of |Glasserman
(1992), for any 6 € ©, (D,(0), L;(0)) converges in distribution to (D (), Lo (#)). Since L (0) is
bounded, it follows that E[L,(0)] — E[L(0)] as t — oc.

Next, note that ¢ is Lipschitz in a, b, ¢, 0 with Lipschitz constant 1. E[D,(6)] < co and E[L;(0)] <
oo for any ¢. Moreover, L;(6) := % S L.(f) <1 almost surely, which implies that for ¢ > 1

Slip/O |Li(0)|1{L(0) > c}df = 0.

Then, by Theorem 5.1 of |Glasserman| (1992), we have

BlLac(0)] = EID(0)].

O

C.2. Proof of Theorem [3

We prove Theorem [3] by verifying that the conditions in Thereom [2/hold for the augmented Markov
chain Z;, = (D, L;). We use the following for the choice of the Lyapunov function and the metric
over z=(d,l) €

V(d,l)=14+1{d>0o0r[>0};
d(z,2')=2-1{z#72"}.

Since under d(z,z’) =2 - 1{z # 2’}, induces the total variation distance, we write ||u — v||Tv
instead of W,(u,v) in this section to make the metric explicit. We first show that V' and V* are
both valid Lyapunov functions, and Z; satisfies Wasserstein contraction with respect to the metric
d(z,2"). In particular, we shall verify Assumptions (1| and 4| holds for Z,.

Lyapunov function. The key observation is that for any 0 € ©, C'={d =0,l =0} is a recurrent

aperiodic atom of the Markov chain. This is because it is possible to reach zero demand with

probability at least ® (é / 0). Then,

E[V(Dy, L] — V(do,lo)
—E[1+1{D; >0 or L; >0}] — (1+1{dy > 0 or [y > 0})
<E[1+1-1{Dy=0}] - (1+1{dy >0 or ly > 0})
g—@(éh) +1—1{dy >0 or I, > 0})

IN

—@(é/a) (1+1{dy>00rly>0})+1
By (é/a) V(do, 1) + 1.
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Thus, V(d,1) is a Lyapunov function.

Since V(d,z)*=1+15-1{d > 0,z < 1}, V(d,z)* is also a Lyapunov function. We have thus
verified Assumption [4]

Wasserstein ergodicity. Let v(-) = ® <é/a) (0,0)(+) where (¢ 0) is the delta measure on (0,0). By

construction, v(0,0) > 0. In addition, we have for any z € Q,
P,(D,=0,L, =0) > & (é/a) .

Thus, Z; satisfies the Doeblin’s condition. By Theorem 16.2.4 of Meyn and Tweedie| (2012)), we

have
21618 6Py — 78|y < (1 ) <é/a))n

We next verify Assumption [2] i.e., the Lipschitz continuity properties.
Lipschitzness of the transition kernel. We would like to show that P, is Lipschitz in 8 with respect
to the total variation distance. To simplify the notation, we write Z, = Z,(0) and Z; = Z,(¢’). Since

D, = (amin{dy+u;,0} +(1—a)m+e)*,
D} = (amin{dy+u1,0'} + (1 —a)m+¢)™,
and
Ly =1{D; > 0}a (1{dy +uy >0} + 1{dy +us <6},),
Ly =1{D} > 0}a (1{do+uy >0} + 1{do+us <O'}l).

we have

sup [E[f(D1,L1) — f(D3,LY)]|

IfI<1
(a) = sup |[Eh(e; + ab,u; —0) —Eh(e; + b’ ju; — ")

Ihl<1

:dTV ((61 + a@,ul — 6), (61 + a@',ul — 6,))

(b) <drv (€14 ab, €1 +ab") + dpy (uy — 6, — 0")
2|60 — 0|
< .
() <2

For (a), we use the fact that any bounded function f of the update can be rewritten as a bounded
function h of €; + af and 1, — 6. For (b), we use the independence of u; and €;. The inequality
in (c) follows from a standard upper bound on the total variation distance between two normal
distributions.

The above bound implies

2
sup ||52P3 — 5ZP9/HTV S *’0 — 0I|
z€Q o
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Lipschitzness of the gradient. We can show that V/¢(0) is Lipschitz in 6 as a consequence of
Theorem 3.1 of Rudolf and Schweizer| (2018), which shows that Lipschitzness of the transition
kernel, which we have established above, implies Lipschitzness of the stationary distribution under

the total variation distance:

alo ,
o — ol < —L7 16—,
¢ (0/0)
Since V(§) =E,,,[(b1{D, >0} — h1{D, < 60}) (1+ L,)], VL(0) is Lipschitz.
In addition, we note that since |g(0, z)| < 2max{h,b},

19(6,2) — 9(6, 2")|| < 4max{h, b}1{z # 2}.

Lastly, we verify Assumption

Bounded objective and gradients For the objective function, we have
£(0) <0 +m+5o.
For the gradients, we have
V(0) < 2max{h,b}

and

19(0, 2)| < 2max{h, b}

forany 0 ©. O

D. Proof of Theorem (4]
We prove Theorem [d] by verifying that the conditions in Theorem [2/hold for the augmented Markov
chain Zt = (WtuXt)'

We first verify Assumptions [1] and [4] which requires establishing the Lyapunov drift conditions

and Wasserstein contraction of Py for 8 € ©. Let
V(’LU,.T) — 6a1w+o¢2x

for 0 < ay < ay <min{a*/p,a*/A(p)}, where a*, a1, o, are defined in Assumption

LEMMA 12 (Lyapunov drift condition). There exists p € (0,1) such that
sup Py V (wq, o) < pV (wo,xg) + 1
90

and

sup PyV (wp, 10)* < pV(w0,$O)4 +1.
9co
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Proof. Let W,y and X, be the current waiting time and server’s busy time respectively, and

Y =5/pu—T/\(p) be the increment brought by the next customer.

E[e"‘lwﬁo@xl] _E eal(WO+Y)++a2 (X0+>@)1{(WO+Y)+>O}:|

<E e(al(W0+Y)+a2(X0+>\£,>))1{(W+Y)+>0}] + E[l{(W + Y)+ — 0}]

<E -eal(Wo+Y)+a2(Xo+%)} +1

— ea1W0+a2X0E |:ea1%+(042*041)%:| +1.
By Assumption [7], there exists 0 < as < a; < a* to be small enough so that
E |:64oqﬁi| E |:e4(oc1oc2)>\{):| <1,

which is possible because A(p) < pi. By the convexity of h(z) =z and Jensen’s inequality, we have:

S

4 4
E [€a1%:| E |:€(0‘1042)A{p):| S E |:€4a1£] E |:€4(0‘10¢2)m:| <1.

Let p= E[eal%]E[e_(al_%)M)]. This condition implies that
PV (wo, o) < pV (wy,x0) + 1.
Similarly (by repeating the same arguments), we can show that
PV (wo, w0)* < pV (wo, 20)* + 1.

O
The above Lyapunov drift condition (Lemma implies for = (1 — p) and a set

C={zeR*:V(2)<1/8},
we have, by Lemma 15.2.8 of Meyn and Tweedie, (2012),
PV(2) V() < —AV(2) + 1o(2). (23)

Consider the metric
du(2,2) = (V(2) + V()= £ 2}, (24)
In what follows, we write || — v||y instead of Wy(u,v) to make the metric explicit.

LEMMA 13 (Wasserstein contraction). There exists K € (0,00) and p € (0,1) such that for all
teN,
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Pt . _Pt /o,
cup sup NPEC) = Pl

< Kp'
0€O 2,2 dV(Z7Z,)

Proof. Let 0:=(0,0), which is a recurrent atom for the Markov chain Z;, = (W;, X;). Let 7,
denote the first return time to 0, i.e.,

To=1inf{t >1: 7, =0},

and 7% denote the probability of 0 under the stationary measure of Z,. We first note the fol-
lowing bound on the generating function of the distance to the stationary distribution, which was

developed in Proposition 4.2 of (Baxendale |2005), for any r > 1,

> il il E.[ro] - 1
rt|6, Pt — <E, V(Z)r'| +E V(Z)rt| =———
; 10-P5 — pollv < ; (Z:) 0 ; (Z:) r—1

o0

> V(Z)rt || (P(0,0) — 7%0)r
Eo 22120 VI(Z)r'] +rEo 3212, V(Z0)]
r—1

+E.[r°]Eq

+

Since V(z) > 1, we have E,[r™0] <E, [}"[°, V(Z;)r']. Theorem 15.2.5 of Meyn and Tweedie| (2012)
shows that the geometric drift condition implies a bound on the generating function of V' (Z;).
In particular, for any r € (1,(1 —8)7'), let e=r~' — (1 — ) > 0. Then,

70

70
E. |> V(Z)r'| <(re)'V(2)+e'E. | Y 1c(Z)r!
t=0 t=0
—1 Tg—l T
<(re)”'V(z)+ supE, [r™].
r—1zec

In what follows, we first develop a bound for supy.q sup, . E, [r7]. We write 7(6) and Y () =
S/u—T/X(p) to mark dependence of the distribution of 7, and Y () on 6 explicitly. Conditional on
that Z, € C, the maximum workload is W, = a% log % Meanwhile, by coupling, for any fixed starting
workload wqy and (u,p), To(p, p) <st To(pt, ). Above all, we can bound 7,(6) by the first return time
to zero of a random walk starting from a% log% and with increments distributed as Y (u, p). For this
random walk, let 7 denote its first return time to 0. Then, there exists x > 1 such that E, [™] < 0o

for all z € C. Let 7 =min{x, (1 — 8)~! — ¢} for any fixed ¢ > 0. Let K :Eilogé [Fowp)] . Then,
ag

> vz

t=0

supsupE, [r™] < K and supsupE. <KV(z2). (25)

0€O zeC 0cO zeC

We next bound |Y°°  (P;(0,0) — 7%°)r"| following the construction in Theorem 3.2 of Baxen-

dale| (2005). The sequence P;'(0,0) can be seen as a renewal process with increment distribution
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b, := Po(70 = n). The key conditions required for bounding > |FP;’(0,0) — x%°|r" uniformly

across # € © are some bounds for b,,. First, note that
o0
D b =E[F] < K.
n=0

In addition,

S T S T
by =Py(ro=1)=P (2 - <0)|>P(2 - > <0) =5
1=Folro=1) <u Ap) > (M Ap) )
By Theorem 3.2 of Baxendale, (2005), the radius of convergence of >_,° |PH(0) — 7%°|r! is at least

Ry >1, where

r—1 e’
Ry:=qre(l,r): =— .
1 {T ( 7“) T(lOgF/T)Q 8K_1}
Then, for any r < R;, there exists K; that only depends on r, 3,7, K such that

(o]

sup |P(0,0) — n%0rf| < K. (26)
1

0co

t—
Putting the two bounds and together, taking any 7 < R, there exists Ky depending
only on &, 8, K, K,,, € such that

[4S

su@pi-tnazP; — pgllv < K,V (2).
This implies that there exists p < % <1 and a constant K such that
sup [[0. P — pollv < Kp'V (2),

9€O

which further implies that
165 — pollv
supsup ————————
veoeh  V(2)

By Lemma 3.2 of Rudolf and Schweizer (2018), we have

< Kp'.

0, Py — 6, P}
wup sup 19FE 8Py
0€® 2,2/ dV(Z7Z )

O
We next verify Assumption [2] i.e., the Lipschitz continuity of the one-step transition kernel and

the gradients.

LEMMA 14 (Lipschitz continuity of the one-step transition kernel). There ezists a con-

stant T € (0,00) such that for all z € R

d(0. Py, 0,Py) <T|6—6¢|V(z).
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Proof. Let C be a generic constant whose value may change from line to line. By Assumption 7]
S and T have C* densities. The density of S/ is ufs(pz) and the density of T/A(p) is A(p) fr(A(p)z).
A key property we require is that these densities are sufficiently smooth in p and A(p) respectively,
i.e., Assumption [7] (iii).

Consider a fixed starting state zo = (wp, o). Let ¢ be the joint probability density function of

(wo + % - ﬁ, To + ﬁ) for 6 = (p,p). By the law of the unconscious statistician, we have

Es., r[f (W1, X,)] = /R /R [ (w,2)1{w > 0} + £(0,0)1{w < 0}] o (w, 2)dwda.

Then, for any measurable f with |f| <V, we have
[Es.opy [f (W1, X1)] = B py, [f (W1, X1)]|

/R i fw, z)1{w > 0} (w, z)dwdx — /R/Rf(w7x)1{w > 0}y (w, 2)dwda

| [ [ 2001w = 03s(waduds — [ [ 10.0)1{w < 0} (w,0)duda
< [ [Vewa)iontw.) - v (w.)lduda (27)
o3ty (o)

We first bound . Note that
//V(w,x)]qﬁg(w,x) — oo (w, z)|dwdx
RJR
://e“lw“‘?x\d)g(w,x)—d)g/(w,a:)|dwdx
RJR
:6a1wo+a2ro / / €a1w+a2m‘¢9(’w,$) o ¢9/(w,$)|dwdas,
RJR

where for the last equation, we take a change of variables, and )y is the joint density of (% —

T T s
W, W), l1.e.,

Vo(w,x) = pfs(p(w+z)) - Mp) fr(A(p)z)
by independence of fg and fr. To be more concise, in what follows we denote A = A(p) and X =
A(p')-
Next,

/Oo/ealw*a”]wg(w,x)—wgr(w,x)|dwdx
o Jr
/ e rere®y fo(u(w + 2)) A fr(Az) — i fs (i (w + )N fr(N'z)|dwdz

= /OO" / ) ey fs(p(w + ) — p' fs (' (w + 2))| - Afr (z)dwdz (29)
+

[ e ng ) = N a ()| oo -+ ), (30)
0 —x
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Since fs and fr are C!, by the mean-value theorem applied pointwise, we have

i fs(pw) — ' fs(p'z)| < Ls ()| — p'|
Afr(Az) = N fr(N'z)| < Lp(x)]A = XN,

where
Ls(x)= swp | Luf ww)‘
s(x)= ——ujs
HE [, dp
d
Lr(z)=  sup JAJCT()\%’) :
XE[A(D), A (p)]
Note that

Ls(z)= sup |fs(px)+ pxfs(p)l

HE[p,a]

<K{0<z<ch+ sup [(Hx - tog fs(yua) >fs(ux)1{wzc}}
HEp, il

<SK{0<z<c}+ sup [(14 Di(ux)+ Dy(px)™") fs(pa)]

He[ﬁvﬂ]

< K1{0 <z < ¢} + (14 Dy (fax) + Do(ax)*) sup fs(pz).

HE[p,A]

In the first inequality, we use the Weierstrass theorem to obtain an upper bound for fs and f§
over [0, fic] with the assumption that fs € C'. For the second inequality, we use Assumption (7] (iii)
to bound the log-derivative. Then, for , we have

/0°° /_j emrtent |y fo(p(w + ) — ' fs (1 (w+ )| - Afr(Az)dwdz
- /om / Tttty () — g fs ()| M () dud
<CAp—ul- /0 ) /O T et Lo )\ fp () duds
<CA|lp— 1| '/OO /OO e Ls(w)A fr(A\z)dwdz.

o Jo

since oy < oy For the above integral to be finite, it is sufficient to show that L(w) is exponentially

integrable:

/ e Lg(w)dw
0

< / e K1{0 <w < ¢} 4 e (1+ Dy (fw) + Dy (aw)**') sup fs(pw)dw
0

HE[p, ]

SKce‘“c+/ e (14 Dy (fiw) + Do (fiw)*™) sup fs(pw)dw < oo.
0

HE[p,R]
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Thus, there exists C” € (0,00), such that
[ e utatuto +0) - s w4 )] AfrOa)dods < Cla— |
Following similar arguments, we can bound as
[ e ) < ¥ () e+ )
<CA=X| / N / N ecrwtlee—anzp (). ! fs(p'w)dwda
0 0
<OP=N| [ e st gstptn) [ Lrteydodo
0 0
<cn -1 ([ ettt )
0

Kc—i—/oo(l+D1(5\w)+D2(5\x)k+1) sup fT()\w)d:r]

AE[NA]

<C'IA—N|,

where C” € (0,00) since Afr(Az) and p' fs(p/w) have finite moment-generating functions.

We next bound . Let hg denote the density of % — % he is Lipschitz since it is a convolution

of Lipschitz densities:
o) = [ ufsule+ )M Fr O
0

Then,

/0 " sl ) Mfr(M)dt / T s ) X fr (V)| da

3/_:0 /Oooﬂfs(ﬂ($+t))H/fs(,u’(x+t))|)\fT()\t)dtdx
+/OOO/O |frON8) = frNO) |1 fs (i (x + 1)) dtd
SIu—m/_ 0/0 Ls(z + DA fr(\t)dtdz

- [ / " Lo fs (@ + ) dtda

<C(lp—p'|+[X=X]).

using the previous bounds for Lg(z) and Lp(t). O
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LEMMA 15 (Smoothness of the gradients). There exists a constant L € (0,00) such that

Ve, p) = Ve, )| S L (| —p/ [ +[p—1']),

Hg(u7p7z) _g(ll’L7p7zl)H S Ldv(Z,Z/).

Proof. Recall the characterization of VI and g in and . For the first bound, we first note
that under Assumption [6] ¢ and \” are uniformly bounded. Second, the Lipschitz continuity of
E[W. (i, p)] has been established in Lemma 4 of |Chen et al. (2023a)). We next establish the Lipschitz
continuity of E[X . (1, p)]. For this, we leverage the result from |Rudolf and Schweizer (2018), which
shows that the Lipschitzness of the one-step transition kernel and Wasserstein ergodicity imply the
Lipschitzness of the stationary distribution. In particular, by Theorem 3.1 of Rudolf and Schweizer
(2018),

A Zo(0). Zu(0) < 0= 0]
where I' is the Lipschitz constant for the one-step transition kernel:
I' = supsup dv(9:F, 0Py ) )
= o0 V(2)[|6 -0
which was established in Lemma [I4] p is the Lyapunov drift in Lemma [12] and the Wasserstein

contraction rate in Lemma and K is the constant term in the Wasserstein contraction in Lemma

Since X < AetW+e2X for some constant A € (0,00) large enough, we have

[E[Xoo(0) — Xoo (09)]] < Adv (Zo0(0), 2o ()

KT
<A———|6-0.
(1-p)

For the second bound, since g is linear in z and there exists L large enough so that
Iz = 2lls < (Jw|+ || + |w'[ + |2")1{z # 2’}

< <ea1|WI+0¢2|CE| n eaﬂw’\wz\w") 1{z+#2'},

we have |lg(1,p, 2) — g(u,p, /)| < Ld(z,2'). O
We next verify Assumption [3] i.e., bounds of the gradients.

LEMMA 16 (Bounds of the gradients). There exists M € (0,00), such that |g(p,p,z2)| <
MV (z) and |[Ve(p,p)|| < M.

Proof. Since e” <1+ x, under Assumption [6] there exists M > 0, such that

9p(1,p,2) = —A(p) — pA'(P) + ho N (p) <w +z+ i)

< M exp(ayw + asx),
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and

9u(1, 0 Z0) = ¢ (1) — ho X/(Lp) (Wt X+ ;1)
< M exp(ayw + ay).
Next, since E[W.(u,p)] < oo and E[Xu(p,p)] < oo, under Assumption [f] there exists M > 0,
such that

aapf(u,p) =—A(p) —pN(p) +hoX(p) <E[Woo(u’p)] +E[X (1, p)] + ;) <M,

and

iew,p) = () — by M D)

(E[me,p)] FEXo(1p)] + ;) <
]

Lastly, since we can sample directly from g, no further approximation, g, is needed, i.e., Assump-

tion [5 holds trivially. This concludes the proof of Theorem

E. Proofs of the results in Section
E.1. Proofs of Propositions [I] and [2]

We first present and prove some auxiliary lemmas.
Let 7., be the first time at which s, has visited all the states. Then, we define the cover time
(Levin and Peres|2017)) as

toon = MaX E. [Teov)-

Note that from Theorem 11.2 in (Levin and Peres2017))

[S]—1

1
tcm) S thit Z %
k=1

Similarly, we define tni and t.,, as the hitting time and cover time of the finite-state Markov chain

(s¢,a4), respectively.

LEMMA 17. Suppose the Markov chain s; has a finite hitting time ty;,. Then, the cover time of the

Markov chain (s;,a;) satisfies
|S]I-A] -1
eow < (L that) [A| Y
k=1
Proof. Define is 4, =min{t >0:s, =s,a, = a}. Consider two arbitrary states (s,a) and (s',a’)

1
:

and we are interested in bounding E; ;[~ a/]. Let {, =0, and (i, k > 1 be the sequence of stopping
time defined as ¢, = inf{t > (41 : s, = s'}. We also write A(, = (1 — (& Since a; are sampled

uniformly at random from A, independent of s;, we have

N

~ d

Rgal = E AC]C?
k=1
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where N is a Geometric random variable with probability of success 1/|.A| and is independent of

A(. In addition, note that E Al <ty and Ey[A] <14ty for k> 2. Then,
Esalfs o] SE[N](1 4 thie) = (14 hpit) A

Thus, £ < (14 tnit)|A|. Then, the bound for the cover time follows from Theorem 11.2 in (Levin
and Peres/2017). O

LEMMA 18. For a sequence of stopping times {7y }r>0 with N(t) = sup,{m <t}, if there exists
to >0, such that P,(N(t+1to) > N(t)) < 5, then

P, (Tx — 7o > 12Kty) < exp(—K).

Proof. Without loss of generality, we assume 75 = 0. Let A,, = 1{N(mto) > N((m — 1)ty)}.
Then,
En-1y10 An = Pty (N (mto) > N((m = 1)) > 1/2.

Next note that N(12Kty) > Z:jfl A, and |A,, —E@n-1)4,Am| < 1. Then,

PTO (TK —To > 12Kt0) :]P)(N(lthQ) < K)

12K
<P (Z A, < K)

m=1

12K 1
<P (Z(Am —Em-1yi,Am) < K — 12K2>

m=1

(—5K)? . .

< —_ ’

<exp ( 5% 12 by Azuma’s inequality
<exp(-K).

O

LEMMA 19. Given two matrices A and B, if det(A+ aB) =0 for all o, then there exist nonzero
Wy and W, such that that AWy =0 and AW, + BW,=0.

Proof. Let A=UAVT denote the singular value decomposition of A. Suppose the first 7 entries
of A are zero. Let C =UTBV. We write
{00 _|C Gy
=i e-leel

1

where A, is invertible. Then, there exists «g such that for all a < ag, [A4 +aCy] ™! exists and its

L, norm is smaller than a constant. Moreover,

0=det(A+aB) =det(A+ aC) =det(A, + aCy)det(aC) — a*Cy[Ay + aCy) ' Cs).
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This implies that
det(01 — OéCg [A4 + aC4]7lc3) = 07

which further implies det(C}) =0. Let wy be a nonzero r-dimensional vector such that Cywg = 0.
Next let w; = —Azlc’gwo which is a n —r dimensional vector. Next, extend wg, w; to an n-dimension

vector wy = [wd,0,...,0]",w; =[0,...,0,w]]". Let W; =Vw;,i=0 and 1, then
AWO = UAVTV’U_)O = O, AWl = UAVTVU_}1 = U[O, (A4’LU1)T]T,

BW, =UCV"Vw, = U0, (Cswo)"]”,

which leads to our conclusion. [J
Proof of Proposition[l. Consider running two coupled Z; and Z, under 7, where Zy ~ i, and

the transition is coupled so that

~ / / X~ ~ ~/ ~/
(at, Qty St415S¢41, at+1) = (ata Qty St415 441, at+1)
if s, = ;. First, there exists a stopping time 7 := min{t > 0: s, = 5, }, since s, is ergodic under 7*.

Note that under the coupling, (s, a;,a;) = (S, c:zt,ét) for ¢t > 7y. In addition,

|log(e/(8M +4))| €
v < = Jloa(1/4) ’”) S1eM 1)

Let A, :=Q, — Qt. Then, for t > 7y,

App1(8e,a0) = (1 — ) Ay (g, a4) + 'YQAt(5;+1a a7/:+1)-

Consider a sequence of covering times, {7 }x>1, where 7, is the time it takes (s;,a;) to visit all the

state-action pairs at least k times:
T =min{t > 7,_; s.t. for any (s,a) € S x A there is a u € (1,_1,t] s.t. s, =S$,a, =a}.
We next use induction to show that
1A < (1= (A=) [ Aglloo, V7 <t < T

The claim holds trivially when k = 0. Suppose it is true for 7, then for 7, <t < 7,41, we first note

that if (s,a) # (s¢,a¢), Ary1(s,a) =Ay(s,a). If (s,a) = (s, a4),
Apyi(s,a) < (1—a+ay)[[A -
This indicates that [|Asi1]leo < ||A¢]|e- Thus,

Apa(s,a) <(1-atay)[Alle <(1-atar)[Ag |
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This further indicates that when all state-action pairs are visited at least once after 7., We have
HATICH Hoo < (1 —a+ a7)"A7k ”oo

Next, let N(t) = sup, {7, <t}. Recall that f., is the cover time of the Markov chain (s,,da;).

Since ]Et [TN(t)+1 - t] S tAcova
gcov > Z th (TN(t)+1 —l= k) > 2£C0”Pt(TN(t)+l —t> 2£COU)7
k7>2£co'u

which implies that

N 1 .
]P)t(TN(t)+1 — t > 2tcov) S 5 and ]P)t(N(t + 2tcov) > N(t)) Z

N =

Then, by Lemma P((1x — 7o) > 12Kt 0,) < e K. Since d(Z, Z) <142M and ||A,, || <2M, for

any

oo LSLEMLO, (o4

T2 = oa (/D) OB 1of10g(e/ (8 + ) i,

we have

U2 23 <2 + 1) (> LECLEEE DN, )

+(2M + 1)P(x — 10 > 12| log(e/(8M + 4)) [Ee00)

|log(e/(4M))|

—|—2M(1— (1—7)(1)m
€

€
_ oM <e.
4(2M +1) + =€

€
<(2M +1 —
s@M+1) A42M +1) ' 4M

+(2M +1)

Lastly, by Lemma [17} £, < (14t | Al ZE:'I{M*I 1/k. O
Proof of Proposition[d. The first claim is due to the fact that x; = (s;,a;) is a Markov chain
with invariant measure /?.

For the second claim, to simplify the notation, we denote z,y as two state-action pairs. Let
1
Wiy2)= 505 > 1 (2,Q)Q(y), (31)
Q

which can be seen as an |S||.A|-dimensional vector.
For fixed = and y, we consider a test function G(Q, s,a) = Q(y)1{(s,a) =x}. Under the invariant

measure, we should have
Ezwu@ [G(Qt+1a St+1, at+1)] = Eth;ﬁ [G(Qt7 Stvat)]

=31 (@, Q)Q(y) = ()W (y, ). (32)
Q
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For clarity with notation, let y = (s,,a,) and let Z = (§,a). Let @ denote the random action sampled
for the TD learning step (sampled uniformly at random from 4. We can expand the one-step

expectation as
Ethp,e [G(Qtﬂ, St+1, at+1)]
=D 12 =2Q=Q)|(1{s#s,} +1{5=5,}P(a #a,))P’(Z,2)Q(y)
z,Q

+ 1{5 = 5,}P(a = a,)P"(4,2)(1 = )Q(y) + ar(y) + aVE[Q(s; 1, 01,.)) |
:ZMG(:E,Q)PO(SM)Q@)

‘A| > xQP"x:L‘)[Q ZP"y, )}

T:5=sy Q
:Zy"(:ﬁ)W(y,w)Pe(fﬂU)
_O‘@ Z VA (F)P(#, ) {W(y, 72739 Y, )}

Putting and together, we have

V(@)W (y, )

—am Z V(@) P (3, 2) | W (y, ) 727’9 (y,x )]

By enumerating all possible z,y combinations, we have a system of |S x A|* linear equations.
Then, it suffices to show this linear equation system has a unique solution W and verify that
W (y,z)=Q%y) is a solution.

To show the solution is unique, we note that the system of linear equations can be written as
AW —aBW = ab,

where A, B are |S x A|? x |S x A|* matrices, and b is an |S x A|?>-dimensional vector. For such a
system to have multiple solutions, f(«):=det(A — aB) has to be zero. Note that since A —aB
is linear in «, f(«) is a polynomial function of a. This implies that f(«) either has finitely many
roots or f(a)=0. If f(a) =0, then there exist nonzero Wy and W; such that AW, =0 and
AW, + BWy =0 (see Lemma . AW,y =0 implies that for all x,y,

WO Y,z ZV WO Y,z Pe(x .CU) 07
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which indicates that Wy (y,x) = Wy(y,Z) for all . We write Wy(y) := Wy(y,x). We plug this into
the second equation AW, + BW, =0, and obtain for all z,y

7)Wily, @ Zv YWy, &P (&, )
+‘i‘z V(2)P(,x) {Wo(y)—’YZPQ(y,:r’)WO(;p’)] —0.

For each fixed y, we sum the equations above for all x and obtain

@yg@y)[wo(y) —7 > Py, 2 Wo(a')] =0,

This gives
=Y Py, 2\ Wy(z').

Let y = argmax, Wy(z), then we have Wy(y) =0, which is a contradiction.
We next verify that W (y,x) = Q%(y) is a solution. Since

Zl/ YPY(Z,z) and Q°(y +WZP9 Y, T (z'),

we have

(35)
—ar 2 V@PER[QW) ) -y P 2@ )

Lastly, note that
E,0[Q(st,at)Vor®(as]s;)] ZV (s,a)E,0[Q(st,a0) |5 = s,a, = a]Von’ (als)
:Zy 5,a)Q%(s,a)Ver’(als).
O

E.2. Proof of Theorem
We proceed to verify that the assumptions required in Theorem [I| hold for the actor-critic update
in Algorithm [I]

First, it is worth noting that under Assumption if Qy is initialized to be ||Qo]|c0 < 11\_2

Qo < % almost surely for all ¢, under any policy 7?.
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Lyapunov Function. For the Markov chain Z; = (s, a;, Q). we denote Py as its transition kernal.

Since there are finitely many states and actions and ||Q;||e < % almost surely, we can construct

a Lyapunov function for which the drift inequality holds trivially:
V(2) =1+(Ql|s-

The corresponding drift inequality is

~ M
<l4+-——
PGV(Z)_ +1—’y7

where p=0 and K =1+ % We have thus verified the first part of Assumption Similarly,
Assumption [ also holds trivially.

Wasserstein Ergodicity. For z = (s,a,Q), we consider the metric
d(z2)=1H(s,a) # (3,0)} + | Q = Ql - (36)
We next show that for any # € © and any z and z,
W;(8.P%,6:P) < (8M +4)r

where

r=ex —< L +< 1
~ P Nlog(1/7) ™ \log(1/(T—a t ay

(1 —~)min, p(s)+1 !
1) S POy ogsiial) )
1)

which verifies the second part of Assumption [I| Note that implies that

=0 ()

We first bound the mixing time and hitting time of s;, which we denote as ¢, and ty;;. Recall

that s; is a finite-state Markov chain with the transition kernel

Po(sesalst) =7 Y Plsesalse, a)w’ (ailst) + (1=7)p(se11)-

at€A

Note that s; satisfies a strong version of Doeblin’s condition: for any states sg,s € S,

Po(s]s0) > (1 —7)p(s).

Let 75 denote the stationary distribution of s;. Since 1 — (1 —7v)>  p(s)=1—(1—~) =7, by
Theorem 16.2.4 in Meyn and Tweedie| (2012]), we have

10:P5 = ol v <"
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which is uniform across all policy parameters 6. As a result, the mixing time t,;, of s; satifies

tmix < log(1/4)/log(1/7).

For the hitting time, we have for any s¢,s € S,

Thus, tp; < 1/((1 —~)ming p(s)).
Given the bounds for t,,;, and ty,;;, by Proposition[I} we have that the e-mixing time of Z, satisfies

~_|log(e/(8M +4))| log(1/4) +max{ |log(e/(4M))|

1= g (/)] log(1/7) [log(1—a+av)]
|SIIAl— 1

X<1+(1—7)mmp )’A‘ Z k

[log(e/(8M +4))| [log(e/(4M))|

=T log(/y)] ¢ {ugu—aﬂw)\
(L) min, p(s) +

(1 =) min, p(s)

1
< (log - + log(8M+4)>

,12|log(e/(8M~|—4))]}

,12\log(e/(8M—i—4))\}

| AJ(1+ log(ISA])

X L 1 (1—7) min, p(s) +1 )
(log(l/fy) + (log(l/(l—a—i—a'y)) +12> (1 —~) min, p(s) |A[(1+1 g(’SH.AD))

- <log1 +log(8M+4)> log(ll/v").

Thus, given ¢, we can achieve W;(Z;, Z;) < €d(z, %), where €, = (8M + 4)r*, since 7., < t.
Lipschitz Gradients and Transition Kernel. To verify Assumption [2| we first show that the
transition kernel is Lipschitz according to the metric :

Wi(8.P9,6.P5) < (1+[1Qlloc) RIAI[I6 0.

This implies that L; < (1+ [|@Q||o) R|A|, where the bound is independent of ~. Under Assump-
tion [0} the action probabilities are Lipschitz:

|7T€(at+1\3t+1) - 7Te(awrl\st+1)|

< (sup Hvewekatmstﬂm) 104l
0'coO

< (s 12" Genslscsn)Vologn” aunlsenn] ) 10-0)

0'ce

<R|6 -]
Next, note that

WJ((;zﬁO;&z’ﬁe) :H(SZPG - 52’7)0HTV +EH|Q1 - Ql”oo]a



67

where Q; and Q; are properly coupled. We can bound the total variation term using the Lipschitz-
ness of the policy, i.e.,

Z | P (5150, ao)m’ (as]s1) — P(s1s0, ao)m’ (as]s1)|
(s1,a1)ESXA

1 ~
<5 MAIRIO 0.

N | —

6-Po — 6.Pjllrv =

Next, we bound the difference for the Q-function. Note that starting from the same Q-function @y,
af,, which is sampled uniformly at random from A, can be coupled and are thus identical under 7%

and 7. In addition, sy which is sampled according to P(-|sq,ay) can also be coupled and are thus

0 0

identical under 7¥ and 7?. Then, the only thing that differs between 7° and 77 is the next action

a) in the Q-update, i.e., a| ~ w%(:|s}) versus @, ~ 7’(:|s}). Under the coupling described above, we

have

E[J|Q1 — Qi ]leo] =0 E[|Qo (57, ay) — Qo(s}, )]
1 _
<[ Qolloo 5 |Al- B — O]l

since Qo is bounded function of (s,a).
Finally, we show that V/(6) is also Lipschitz. Recall that ¢ denotes the stationary distribution
of Z, under 7°. By Assumption |1, which we have already verified, and the Lipschitzness of 5.DP,
verified above, we can apply Theorem 3.1 of Rudolf and Schweizer| (2018]), which gives us
R|A|(8M +4)
(1=r)(1=7)

where r is the geometric rate of Wasserstein ergodicity in . Since Q;(s;,a;)Vglogm?(as|s,) is

Wap', 1) < 1o 41,

Lipschitz with respect to the metric d(z, %), the above bound for W;(u?, 1) implies that V£(6) is
Lipschitz with Lipschitz constant
I— R|A|(8M +4) _0 (1) ‘
(1=r)(1=7) (1—=7)?
Note that this matches the dependence on v for the Lipschitz constant of V/(#) in Zhang et al.
(2020).
Bounded Gradients. For g(0,2) = Q(s:,a;)Vglogn®(as|s;), we have

19(6, 2)[| < R(1 + [|Ql]sc)-

In addition, ~
M

00) < ——.

Vo) < T

We have thus verified Assumption O
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E.3. Proof of Corollary [I]

To characterize the dependence on the discount factor -, we revisit the constant term in bound
characterize in Theorem , with 7, = not~'/2. In particular, from the proof of Theorem , ie.,
the bound in , for e =1/+/T, we have

C T—
min E||VE(0,)|? <—= {nglé(eo)—l—nglMQTe(V(zo) +K Z V(z)+ K)?

0<t<T VT — 7

M2LL,K? , —1 ,
+<(1_)TE+M LT€> Zz:g V(ze) +K)° ¢,

where C' < oo is a constant that does not depend on (1 —~+)~'. Note that in bound above, M
is the bound of the gradient norm in Assumption [3] L is the bound of the Lipschitz constant in
Assumption [2] K and p are the ergodicity constants in Assumption [l and 7. is the € mixing time.

From the analysis in Appendix we have L;=0(1),

M= o<1i> K—O<1i> (V(z)+K)—O<1_17>,
=0(i05) S0 (amw) ooy

(logT')*
VT

Thus,

0<t<T (770_1(1_7)_5‘"(1—7)_6+770(1—’Y)_15)>.

min E||V(0,)]> = O (

Next, setting 79 = (1 —~)®, we have

i, BV =0 (WEZE .
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