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Abstract

We consider a general asynchronous Stochastic Approximation (SA) scheme featuring a weighted
infinity-norm contractive operator, and prove a bound on its finite-time convergence rate on a single
trajectory. Additionally, we specialize the result to asynchronous -learning. The resulting bound
matches the sharpest available bound for synchronous -learning, and improves over previous
known bounds for asynchronous -learning.
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1. Introduction

Reinforcement learning (RL) has received renewed interest recently due to its remarkable successes
in diverse areas. Many RL algorithms can be viewed through the lens of Stochastic Approximation
(SA) (Robbins and Monro, 1951). SA algorithms are widely used beyond RL in areas such as
machine learning, stochastic control, signal processing, and communications and, as a result, there
is a broad and deep literature focused on the analysis and applications of SA that has developed a
rich class of ODE-based tools for proving convergence of SA schemes, e.g., see the books Borkar
(2009); Benveniste et al. (2012). In the context of RL, it has been shown that linear SA captures
TD-learning and that the ODE-based SA framework can be used to prove the convergence of TD-
learning (Tsitsiklis and Van Roy, 1997). A similar connection can be found in the case of actor-critic
methods (Konda and Tsitsiklis, 2000, 2003).

Most of the classical analysis in SA is asymptotic in nature; however this has changed recently.
Driven by the interest in finite-time convergence of RL methods, the focus has shifted to non-
asymptotic analysis of SA schemes. For example, in just the past year, a finite-time bound for linear
SA is given in Srikant and Ying (2019), which leads to finite time error bounds for TD-learning,
and a finite-time bound for a linear two time scale SA model is given in Gupta et al. (2019); Doan
(2019); Xu et al. (2019), which leads to finite-time error bounds for the gradient TD method. These
results can be viewed as extensions of the classical ODE-based SA framework, which requires the
SA algorithm to admit a “limiting” ODE associated with a Lyapunov function that certifies stability.

While ODE-based approaches are powerful, there are popular classes of nonlinear SA schemes
featuring a nonlinear operator with infinity-norm contraction that cannot be directly analyzed from
the ODE-based SA framework (Tsitsiklis, 1994; Bertsekas and Tsitsiklis, 1996). This class of SA
methods captures a particularly important class of RL methods, the Watkin’s ()-learning method
(Watkins and Dayan, 1992), and so understanding the behavior of this class of SA schemes is impor-
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tant for understanding the finite-time behavior of (Q-learning. Over the past year, progress has been
made toward the finite-time analysis of these nonlinear SA schemes. In particular, Shah and Xie
(2018) provides a finite-time convergence result for SA with an infinity-norm contractive operator,
and Wainwright (2019a) provides sharp convergence rates for SA with a cone-contractive operator.
However, both of these works consider the synchronous case, i.e., at each time all entries of the
iterate are updated. This is a significant limitation since, in many applications, e.g., (Q-learning on a
single trajectory, the update is asynchronous, i.e., only one of the entries is updated at a time. This
leads to the following question, which is the focus of this paper:

What is the finite-time convergence rate for asynchronous SA/Q-learning on a single trajectory?

Contribution. In this paper, we provide a finite-time analysis of asynchronous nonlinear SA
schemes featuring a weighted infinity norm contraction. We prove an O (W %) convergence

rate in weighted infinity-norm for the SA scheme, where ~y is the contraction coefficient (Theo-
rem 4). Notably, our results are sharper than the result in the synchronous case in Shah and Xie
(2018, Thm. 5).!

As a direct consequence, our result shows a O B 52 convergence time to reach an &-
accurate (measured in infinity-norm) estimate of the Cb function for the asynchronous )-learning
method on a single trajectory in the infinite horizon y-discounted MDP setting (Theorem 7). This
result matches the sharpest known bound for synchronous -learning (Wainwright, 2019a), and
to the best of our knowledge, improves over the best known finite-time bounds on asynchronous
Q-learning (Even-Dar and Mansour, 2003) on a single trajectory in terms of its dependence on %,
ﬁ and the state-action space size. Further, our results clarify a blow-up phenomenon in the asyn-
chronous (Q-learning literature where the error can blow up exponentially in 1 = - . We show such a
blow-up can be avoided by using a rescaled linear step size. This is consistent with related findings
in other settings (Jin et al., 2018; Wainwright, 2019a).

Our proof technique is different from those in the literature, e.g., Even-Dar and Mansour (2003);
Shah and Xie (2018); Wainwright (2019a). Specifically, we do not use an epoch-based analysis, as
in Even-Dar and Mansour (2003); Shah and Xie (2018), where the error is controlled epoch-by-
epoch. Instead, we decompose the error in a recursive manner, and this decomposition provides a
more transparent approach for analyzing how the stochastic noise impacts the approximation error.
This ultimately leads to a sharper bound. Further, our approach for handling asynchronicity is very
different from Even-Dar and Mansour (2003) and is partially inspired by the “drift” analysis in the
ODE-based SA literature Srikant and Ying (2019).

Related Work. Our results provide new insights about (-learning and more generally, SA
with an infinity-norm contractive operator. ()-learning was first proposed in Watkins and Dayan
(1992). Its asymptotic convergence has been proven in Tsitsiklis (1994); Jaakkola et al. (1994),
where its connection to SA with infinity-norm contractive operator was established. The first work
on non-asymptotic analysis of ()-learning is Szepesvari (1998), which focused on an i.i.d. setting.
A generalization beyond the i.i.d. setting was provided by Even-Dar and Mansour (2003), which
proves finite-time bounds for synchronous and asynchronous ()-learning with polynomial and lin-
ear step sizes. Both Szepesvari (1998) and Even-Dar and Mansour (2003) discover that, when us-

ing a linear step size, there is an exponential blow-up in ﬁ, where v is the discounting factor;

1. As another related work Wainwright (2019a) does not provide an explicit bound for the synchronous SA scheme, we
can only compare with Wainwright (2019a) in the context of Q-learning.
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further, in the asynchronous setting, there is at least cubic dependence on the state-action space
size (Even-Dar and Mansour, 2003, Thm. 4). Subsequently, Azar et al. (2011) proposes speedy Q-
learning, a variant of synchronous ()-learning, by adding a momentum term, and shows it avoids the
exponential blow-up with a finite time bound that scales in ﬁ)%? More recently, Shah and Xie
(2018); Wainwright (2019a) provide finite time bounds for general synchronous SA, which indi-
cates that even in the classical (Q-learning setup, the exponential blow-up can be avoided by using
a rescaled linear step size. Specifically, Wainwright (2019a) shows a finite time bound for syn-
chronous (Q-learning that scales in W To the best of our knowledge, this is the sharpest
known bound for synchronous ()-learning. Compared with the above papers, our result bridges the
gap between the understanding of synchronous SA/Q-learning and asynchronous SA/Q-learning.

Our finite time bounds for asynchronous Q-learning match the sharpest known scaling in —— and

(1-7)
% in synchronous ()-learning. Further, compared with the best known bounds for asynchronous -
learning (Even-Dar and Mansour, 2003), our result improves the dependence on state-action space
size from (at least) cubic to square. Additionally, our work presents a new analytic approach.

Other related work on SA and ()-learning include Lee and He (2019), which combines the ODE-
based SA framework with the switch system theory to show the asymptotic convergence of asyn-
chronous (Q-learning in an i.i.d. setting; Beck and Srikant (2012), which studies the finite time error
bound of constant step size (J-learning; and Melo et al. (2008); Chen et al. (2019), which analyze
Q-learning with linear function approximation.

We also mention that there are other lines of work on Q)-learning focusing on different models
and performance measures. One line of work seeks to propose variants of ()-learning, e.g. recent
work Wainwright (2019b) that achieves a minimax optimal rate. Earlier examples include Hasselt
(2010); Azar et al. (2013); Sidford et al. (2018a,b); Devraj and Meyn (2017); Kearns and Singh (1999).
Compared to these papers, our work focuses on general asynchronous SA and seeks to understand
the convergence of the classical form of asynchronous SA/Q-learning. Another related line of
work on ()-learning focuses on proving bounds on regret, e.g. Strehl et al. (2006); Jin et al. (2018);
Dong et al. (2019); Wei et al. (2019). Regret is a fundamentally different goal than providing finite-
time convergence bounds, and the results and techniques across the two communities are quite
different. The reason is that regret bound results need to address the problem of exploration, and the
performance metric focuses on the transient performance, without the need to approximate every en-
try of Q-function to the same accuracy. In contrast, infinity-norm finite-time error bound results typ-
ically assume a form of sufficient exploration (e.g. the i.i.d. assumption used in Szepesvdri (1998);
Lee and He (2019) and the covering time assumption used in Even-Dar and Mansour (2003)) and
require every entry of the ()-function to be accurately estimated.

2. Finite-Time Analysis of Stochastic Approximation

In this section, we present our results on the finite-time analysis of asynchronous SA with a (weighted)
infinity-norm contractive operator. We apply the results in this section to ()-learning in Section 3.

To begin, we formally define the problem setting. Let N = {1,...,n}, z € RV, and F :
RN — RV is an operator. We use F; to denote the 7’th entry of '. We consider the following
stochastic approximation scheme that keeps updating x(t) € RV starting from z(0) being the all
Zero vector,

xi(t+ 1) = zi(t) + o (Fi(z(t)) — xi(t) + w(t)) for i = iy, (1)
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xi(t+1) = z(t) for i # iy, 2

where i; € N is a stochastic process adapted to a filtration F, and w(t) is some noise that we
will discuss later. As we show in Section 3, this stochastic approximation scheme captures the
asynchronous ()-learning algorithm.

Given the setting described above, the following assumptions underlie our main result. Similar
to Tsitsiklis (1994), the first assumption is concerned with the contraction of F' in a weighted infinity
norm, which we define in Definition 1. The reason that we consider the weighted infinity norm
instead of the standard infinity norm is that its generality will capture not just the discounted case
Q-learning, but also the undiscounted case, as shown by Tsitsiklis (1994, Sec. 7).

Definition 1 (Weighted Infinity Norm) Given a positive vector v = [v1,...,v,]" € RV, the
|24
(7% .

weighted infinity norm || - ||, is given by ||z||, = sup;cpr

Throughout the rest of the section, we fix a positive vector v € R™ and all the norms in the section
are in || - ||,. We also denote v = inf;cpr v;, the smallest entry of v. We comment that when v is a
all one vector, || - ||, becomes the standard infinity norm. We use the following result frequently on
the induced matrix norm of || - ||,,, the proof of which can be found in Appendix A.1.

Proposition 2 The induced matrix norm of || - ||, for a matrix A = [a;;); jen is given by || A|l, =
SUPGeN D jen z—z la;j|. When A is a diagonal matrix, || Al|, = sup;en |ais-

With these preparations, we are now ready to state Assumption 1 on the contraction property of
F'. This assumption is standard in the literature, e.g., (Tsitsiklis, 1994; Wainwright, 2019a),? and is
satisfied by the ()-learning algorithm as will be shown in Section 3. Note that, as a consequence of
Assumption 1, F" has a unique fixed point x*. We also note that we do not require the monotonicity
assumption needed in Wainwright (2019a).

Assumption 1 (Contraction) (a) Operator F' is 7y contraction in || - ||, i.e. for any x,y € RV,
|F(x) — F()lle < Yllx — yllo. (b) There exists some constant C' > 0 s.t. |F(x)|, < 7|z, +
C,Vz € RV,

Assumption 1(a) directly implies Assumption 1(b) with C' = (1 + )||z*||,.> We write Assump-
tion 1(b) as a separate assumption since, in some applications (e.g. -learning), the constant C'
can be better than (1 + 7)||z*||,. Our next assumption concerns the noise sequence w(t). It is also
standard (Shah and Xie, 2018) and is satisfied by )-learning.

Assumption 2 (Martingale Difference Sequence) w(t) is F;1measurable and satisfies Bw(t)|F; =
0. Further, |w(t)| < w almost surely for some constant 1.

Lastly, we make an assumption regarding the stochastic process ;.

Assumption 3 (Sufficient Exploration) There exists a o € (0,1) and positive integer, T, such
that, for any i € N and t > 1, P(iy = i|Fr—;) > 0.

2. Wainwright (2019a) considers contraction in a gauge norm associated with a cone, which is more general than the
weighted infinity norm.
3. To see this, note || F'(z)lo < [[F(z) = F(z")l[o + [[F(z7)[lo < yllz —2"[lo + [l2"[lo <vllzllo + (1 + )l
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Assumption 3 means that, given the history up to ¢t — 7, the distribution of 7; must have positive
probability for every . Its purpose is to ensure every ¢ is visited by ¢; sufficiently often. We note that
Assumption 3 is more general than many typical ergodicity assumptions used in the SA literature,
e.g., Srikant and Ying (2019). For example, the following proposition shows that if ¢; is an ergodic
Markov chain on state space N\, then Assumption 3 is automatically true with o and 7 depending on
the stationary distribution and the mixing time of the Markov chain, where the mixing time refers to
the minimum time it takes to reach within 1/4 total variation distance of the stationary distribution
regardless of the initial state (Levin and Peres, 2017, Sec. 4.5). The proof of Proposition 3 can be
found in Appendix A.2.

Proposition 3 If i; is a ergodic Markov chain on state space N with stationary distribution [
and mixing time tyyx, then Assumption 3 holds with o = % Umin, Where iy = mingen g, and

2
T= ﬂogz(um—inﬂtMIX-
With these assumptions, we are ready to state our main result,

Theorem 4 Suppose Assumptions 1, 2 and 3 hold. Further, assume there exists constant T > ||x*||,

s.t. Yt ||z(t)|l, < T almost surely. Let the step size be oy = % with tg > max(4h,T), and
2

h > e Then, with probability at least 1 — 6,

2
126 [(r+1)h [logBTR) g 16ehT __ 1
T)—x"|, < ,2 t0)) ——,
l2(T) =27 T 1—x o T+t +1_7max( o #r+ 0))T—|—t0

where € = 2z + C + ¥.

v

The assumption in Theorem 4 that ||2z(¢)||, < Z is not necessary. In particular, it can be shown (see
Proposition 5 below) that under Assumption 1 and Assumption 2, ||z(t)||, can be bounded by some
constant almost surely. The proof of Proposition 5 can be found in Appendix A.3. We treat the
upper bound on ||z(t)||, as a separate assumption because in the ()-learning case, the constant can
be better than what is implied in Proposition 5.

Proposition 5 Suppose Assumptions 1 and 2 hold. Then for all t,

g z(®)lo < 5 (A1)l +
L) almost surely.

Theorem 4 shows that, when setting h = @(ﬁ) and t9 = O(max(h, 7)), [|[z(T) — z*|, <
O(% %) + O(ﬁ %) This means that, to get an approximation error of €, the number

of time steps required is 7" 2 ﬁe% Compared to Shah and Xie (2018, Thm. 5), our result

improves the dependence on % Note that Wainwright (2019a) does not provide an explicit approxi-
mation bound for the SA scheme, but state the bounds in the context of -learning instead. For this
reason, we compare to Wainwright (2019a) in the context of ()-learning in Section 3.

h

We also comment that in the step size o in Theorem 4, it is important for the h constant to

scale with @(%w) to avoid an exponential blow-up in ﬁ This fact is not apparent in the some
of the earlier work like Even-Dar and Mansour (2003), but has been pointed out recently (Jin et al.,
2018; Wainwright, 2019a). Specifically, Wainwright (2019a) shows that h needs to grow with ﬁ
in the synchronous SA setting. Our result is consistent with Wainwright (2019a) and further shows
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that in the asynchronous setting, h also needs to scale with % If we interpret o as the fraction of

times that each state is visited, then such scaling in % will result in step size of @(%), which is

similar in spirit to a common practice in asynchronous (J-learning, where the step size is coordinate
1

dependent, vy = O( 55 ) instead of @(%) where th means the number of times %; has been visited
it

up to time ¢.

3. Application to ()-learning

We now apply the results for SA to the important special case of ()-learning. The setting we study
is defined as follows. We consider a y-discounted infinite horizon Markov Decision Process (MDP)
with finite state space S and finite action space .A. Our SA result applies to both the discounted
(v < 1) and undiscounted (v = 1) case. For the connection between the undiscounted case Q-
learning and the SA scheme with the weighted infinity norm, see e.g. Tsitsiklis (1994). For ease of
presentation, we focus on the discounted case (7 < 1), where we can let the norm be the standard
infinity norm || - ||, i.e., v is the all-one vector.

Let the transition probability of the MDP be given by P(s;11 = §'|s; = s,a; = a) = P(s|s, a).
At time ¢, conditioned on the current state s; and action a;, the stage reward is a random variable r;
independently drawn from some fixed distribution depending on (s;, a;), with its expectation given
by 7s,.a,» where 7 € RS> is a deterministic vector. A policy 7 : S — A(A), s + 7(-|s) maps the
state space to the probability simplex on the action space A(.A), and under the policy, a; is drawn
from 7(-|s;). Given a policy =, the @ table Q™ : RS> under this policy is,

7sr,a = EW[Z’YtTt’(Soﬂao) = (Saa)]a
t=0

where E; means the expectation is taken with a; drawn from 7(+|s;). The MDP problem seeks to
find an optimal policy 7* such that Q7 (s, a) is maximized simultaneously for all (s, a). Classical
MDP theory (Bertsekas and Tsitsiklis, 1996) guarantees that such a 7* must exist and, further, the
resulting Q-function, which we denote as Q*, is the unique fixed point of the Bellman Operator
F : RS*A 5 RS*4 given by,

FS,U/(Q) = TS,CL + ’)/ES,NP("S7CL) max QS/,G/' (3)
a’'cA

Once Q* is known, an optimal policy can be easily determined (Bertsekas and Tsitsiklis, 1996).

When the transition probabilities and the rewards are unknown, we cannot directly use (3) to
calculate *. The ()-learning algorithm is an off-policy learning algorithm that approximates (™.
In the asynchronous version of @Q-learning, we sample a trajectory {(s¢, at,7:)}72, by taking a
behavioral policy 7. In this process, we maintain a () table Q(t), which is initialized with @Q(0)
being the all-zero table, and is updated upon observing every new state action pair (s;yi,a¢+1)
using the following update rule,

Qsi.a0 t+1)=(1- at)QSt,at (t) + culre + '7%165% QStJrl,a(t)]? “4)
Qsa(t+1) = Qsa(t) for (s,a) # (s, at). 5)
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Our results make the following standard assumptions regarding the MDP. Assumption 4(a) is
an upper bound on the reward, and Assumption 4(b) is to ensure the sufficient exploration condi-
tion in Assumption 3 holds (cf. Proposition 3).* In the asynchronous Q-learning literature, it is
common to require some type of sufficient exploration assumption. Assumption 4(b) is more gen-
eral than the i.i.d. assumption in Szepesvéari (1998); Lee and He (2019), and is similar in spirit to
the covering time assumption in Even-Dar and Mansour (2003) and another related assumption in
Beck and Srikant (2012).

Assumption 4 The following conditions hold.

(a) For all t, the stage reward r is upper bounded, |ri| < ¥ almost surely.

(b) Under the behavioral policy 7, the induced Markov chain with state (sy, ay) is ergodic, has a
stationary distribution |, and mixing time t\nx. Further, define piyin = infy 4 5.4 > 0.

We now show that under this assumption, the ()-learning updates (4) and (5) can be written in the
form of (1) and (2) and meet Assumptions 1, 2, 3. We first identify N = S x N, iy = (s¢,a¢), and
Q(t) with x(t). We let F; be the o-algebra generated by (So, ag,70, .-, St—1,At—1,Tt—1, St, At )
Then, clearly (s, a;) is F; measurable. We also define

w(t) := r + 7y max Q8t+1,a(t) - Fst,at(Q(t))
acA

=Tt — Tst,at + Y %16221( QsHl,a(t) — ’VES’N]P’(-\st,at) %16221( Qs/g(t).
Then, (4) can be written as,

Qspar(t +1) = Qs a,(1) + t[Fs;0,(Q1F)) + w(t) — Qs 0, ()],

which shows the ()-learning algorithm (4) and (5) can be written in the form of (1) and (2). We
then check Assumptions 1, 2, 3. For Assumption 1, it is known that the Bellman Operator F' is a
~y-contraction in infinity norm (Tsitsiklis, 1994); further, it easy to check || F/(Q)||co < 7+ V|| Q]| 00>
and hence Assumption 1 is met with C' = 7. For Assumption 2, clearly w(t) is F;11-measurable,
and satisfies Ew(t)|F; = 0. For the boundedness of w(t), we have the following proposition,
which completes the verification of Assumption 2. The proof of Proposition 6 can be found in
Appendix A.4.

Proposition 6 Under Assumption 4, the QQ-learning update satisfies the following. (a) For all t,

Q)]0 < T := 11{ almost surely; also, ||Q*||lso < Z. (b) For all t, lw(t)| < w = = almost
surely.

-

Finally, using Assumption 4(b) and Proposition 3, we have that Assumption 3 holds with o = % Ihmin
and 7 = [log, /@%“MIX'

Combining the three assumptions together with the upper bound on ||Q(¢) || in Proposition 6(a),
we can directly apply Theorem 4 and obtain the following finite-time error bounds for ()-learning.

4. Assumption 4(b) is a simple sufficient condition that leads to Assumption 3, but it is not necessary. For example,
Assumption 3 does not even require the exploratory policy to be stationary.
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Theorem 7 Suppose Assumption 4 holds and the step size is taken to be oy = ﬁ with tg >
max(4h, [log, ]tMIX) and h > m Then, with probability at least 1 — 6,
o —2_ MIX 2 A
o) Ol < . 2([log, 2 ]tmx )k 1Og(Q(rl 22 “minhé +1)T2(8]| \)
- (1 _7)2 Hmin T+t0
4r 160Ah[log, %-HMIX 2 1
—_— e 2(1 — 1 t .
- (1 - )2 max( Mmin ’ (|— 082 ,U/min‘| wx 7+ 0)) T+ to

From the above theorem, if we take h = @(m), to = O (max(
f\/m 1 4 Timix

(1_7)5/2/mein VT (1- 7)3:“12“11,
1

norm, it takes 7" 2> ﬂg— = iterations. This bound matches the best known dependence on —

and = in synchronous (Q-learning (Wamwrlght 2019a). The extra factor 32 is a result of the asyn-

mll’l

1
m, tMIX))a the conver-

gence rate becomes O( ) Therefore, to reach a € accuracy in infinity

chronous updates. If we interpret u—' to scale with |S| x |A] (the state-action space size), the extra

factor becomes tyx(|S| x |.A|)2. We believe the scaling in ¢y;x is inevitable. When compared with
the results on asynchronous (Q-learning, to the best of our knowledge, the best finite-time bound is

that of Even-Dar and Mansour (2003, Thm. 4), where the scaling is % when w = 4/5 (op-

timizing dependence on 11 ), or é'ﬂ')iﬁ}'gm when w = 0.77 (optimizing dependence on |S||.A]).

Here w is a step s1ze pararneter in Even-Dar and Mansour (2003). While our result improves the
dependence on i, > (|S]|A]) over that of Even-Dar and Mansour (2003), we believe our square
dependence on the state-action space size is not optimal. We leave it as future work to investigate

whether this is an intrinsic property of the algorithm or it is an artifact of the proof.

4. Convergence Proof

In this section, we prove our main result, Theorem 4. The proof is divided into three steps. In the
first step, we manipulate the update equation ((1) and (2)) and decompose the error in a recursive
form, which provides a transparent view of how the stochastic noise affects the error. In the second
step, we bound the contribution of the noise sequence to the error decomposition. In the third step,
we use the error decomposition and the noise sequence bounds to prove the result.

Step 1: Decomposition of Error. Let e; to be the unit vector (the i’th entry is 1 and others
are zero). We let D; = Ee,-te;]]-}_T. Then, it is clear Dy is a F;_,-measurable n-by-n diagonal
random matrix, with its i’th entry being d; ; = P(i; = i|F;_,). By Assumption 3, we have

d;; > o almost surely. (6)

With these definitions, we can rewrite the update equation (1) and (2) as follows,

a(t +1) = a(t) + aufe;, F(z(t) — ej,z(t) + w(t)]e,
= a(t) + arfes, e, (F(x(t) — a(t) + w(t)es,]
= (1) + e De(F(2(1)) — 2(1)) + ael(es e, — Do)(F(x(t)) — 2(t)) + w(t)es,]
= x(t) + ar[D F(2(t)) — Dy (t)]

5. Notably, Even-Dar and Mansour (2003) uses a different assumption on sufficient exploration.
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+ oy [(eitel —Dy)(F(z(t—7)) —a(t—71)) + w(t)eit]
1=e(t)
+ay (e, — Dy)[F(x(t)) — F(x(t — 7)) = (a(t) — z(t — 7))]
=¢(t)
= (I — OétDt)(E(t) + OétDtF(.I'(t)) + at(e(t) + (b(t)) (7)

Clearly, z(t) is F; measurable and €(t) is F;+; measurable (as €(t) depends on w(t), which is Fy41
measurable). Further,

Be(t)|Fy-r = Bl(es,e, — Do)l Fi[F(a(t — 7)) = a(t — 7)) + EE[w(®)| Flei | Fr ] = 0. (®)

In other words, €(t) is like a “shifted” martingale difference sequence, where here “shifted” means
the conditioning in (8) is with respect to J;_, instead of F; as would be the case in a standard
martingale difference sequence. Property (8) will be useful later in the proof. For now, we focus on
(7) and expand it recursively, getting,

t t t
2(t+1) = [[ (T — exDi)z(7) + Z ar Dy [[ (I - aD)F )+ Z ar [ (I —aeDo)(e(k) + (k)
k=Tt = k+1 =T {=k+1
= Br_142(7) + Z Byt F(z(k)) + Z g By (e(k) + ¢(k)), ©

where we have defined, By, ; = a3 Dy, HZ o1 — auDy), Bkt = HZ 1L — ¢ Dy). Clearly,
Bk +and Bk .+ are n-by-n dlagonal random matrices, with the 7’th diagonal entry given by by, ; ; and
by +t,i» Where by, ¢ ; = agdy, ; HZ pa1 (1 — udy ;) and b, L Hz g1 (1 — agdy ;). So, for any i,

t
br_1,t,i + Z bi,ti = 1. (10)

Also, by (6), we have for any 7, almost surely

t

t
biti < Bt = ag H (1 —=oyo), brgi<Pri= H (1 —ayo). (1)

With these preparations, we are ready to state the following Lemma, which decomposes the error
||x(t) — x*||, in a recursive form. The proof of Lemma 8 can be found in Appendix B.1.

Lemma 8 Let a; = ||z(t) — *||,, we have almost surely,
) t t ) t )
ar+1 < Bro1par + 7@/82 bk, t,iak + H > OékBk,tE(k)Hv + H > OékBk,tQS(k)Hv-
VN =7 k=1 k=1

From Lemma 8, it is clear that to control the error a;, we need to bound || S, apBy te(k)||, and
| S5 _ axBy.s6(k)||», which will be the focus of the next step.

Step 2: Bounding || Y} __ By e(k)||, and || S5 oy By 6(k)|,. We start with a bound
on each individual €(k) and ¢(k) in the following lemma, proven in Appendix B.2.
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Lemma9 The following bounds hold almost surely. (a) ||e(t)], < € := 2Tz + C + % (b)
qu(t)Hv < Zzzt—r—i-l 2E0ék_1.

To bound || 34 _ o By se(k)||, and || 3"k _, ar By 1¢(k)||» We also need to understand the behav-
ior of oy, and Bk,t. Recall that, by (11), each entry of By, ; and Bk,t are upper bounded by 3, ; and
ﬁ}mt respectively. We now provide the following results on the sequence [y ¢, ﬁ}mt which we will
frequently use later to control akék,t. The proof of Lemma 10 is provided in Appendix B.3.

Lemma 10 Ifo; = %, where h > % and ty > max(4h, T), then Py 4, Bk,t satisfies the following.

h oh
_h (k1460 \7" 7 k414t
(a) Bry < F+to (t+1+to) s Brt < (t+1+to> :
t 2 2n 1
(b) > k=1 5k,t = o (t+1+to)

t k 8hr 1
(c) Zk:T 5k,t ZZ:k—T—i-l ap-1 < o t+1+to°

We are now ready to bound || Sh—. By se(k)|l, and || 3h_ arBg¢(k)|l,. Our bound on
I ZZ:T o By 1¢(k)||, is an immediate consequence of Lemma 9 (b) and Lemma 10 (c).

Lemma 11 The following inequality holds almost surely,

t _
. 16ehT 1 1
Braoth)] < O
H;O"“ k7t¢()v_ o t+1+to C¢t+1+t0

Proof We have || 324, 0. Bisd(k)llo < 3j—y anl| Brallo| (k) llo < 3hy B 6y ryr 260001 <

16eh s » _ 7 3
m. Here we have used by Proposition 2, || By, ¢ ||, = sup; |bk.+,i| < Bkt [ |

Lemma 12 For each t, with probability at least 1 — 9, we have,

Hiz%émd@m§6iﬂéT+Uh bg%TEUm)
k=T

t+1+to)

We now focus on proving Lemma 12. Recall €(t) is F;+1 measurable is a “shifted” martingale
difference sequence in the sense that Ee(¢)|F;—, = 0 (cf. (8)). We will use a variant of the Azuma-
Hoeffding bound in Lemma 13 that handles our “shifted” Martingale difference sequence. The
proof of Lemma 13 is postponed to Appendix B.4.

Lemma 13 Let X; be a Fy-adapted stochastic process, satisfying EX|Fi—r = 0. Further, | X;| <
Sho Xel < /27 iy X7 log(%).

X, almost surely. Then with probability 1 — &, we have,

To prove Lemma 12, recall that ZZ:T akBMe(k‘) is a random vector in R, with its i’th entry

t
> arei(k) [ (1— ardps), (12)
k=1
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with dy; > o almost surely, cf. (6). Fixing ¢, as have been shown in (8), €;(k) is a Fy4q
adapted stochastic process satisfying Ee;(k)|Fx—, = 0. However, szkﬂ(l —aydy ;) is not Fj_ -
measurable, and as such we cannot directly apply the Azuma-Hoeffding bound in Lemma 13 to
(12). To proceed, we need to get rid of the randomness of szk Jrl(1 — aydy;) in the summation
(12).This is done in Lemma 14 which shows that the absolute value of quantity (12) can be upper
bounded by the sup of another quantity where the randomness caused by szk (I = oudyy) is
removed through the use of dy; > o, and to this new quantity we can directly apply Lemma 13.
The proof of Lemma 14 is postponed to Appendix B.5.

Lemma 14 For each i, we have almost surely,

t

’Zakﬁi(k) H (1= apde;)| < sup (‘ Z
k=t

t=kt1 T<ko<t \ . pii1

k)Br,t| + 2€viﬂko,t>-

With the help of Lemma 14, we use the Azuma-Hoeffding bound to prove Lemma 12.

Proof of Lemma 12. Fix ¢ and 7 < k3 < t. As have been shown in (8), viiei(k‘)ﬁm is a Fga1
adapted stochastic process satisfying E%ei(/ﬁ)ﬁm\fk_T = 0. Also by Ul i(k)Bri| <
€0k, almost surely. As a result, we can use the Azuma-Hoeffding bound in Lemma 13 to get with
probability 1 — 4,

| Z éei(k)ﬁk,t‘§€$2(7-+1) Z ﬁ%)tlog(z(T;U).

k=ko+1 k=ko+1

By a union bound on 7 < kg < t, we get with probability 1 — 6,

Vi
i T<ko<t —ko+ k=741

t
L Z B,M]ge\l (r+1) Z 82, r+1) AT+ 1)ty

Then, by Lemma 14, we have with probability 1 — 9,

sup (—‘ Z ei(k)ﬁk,t’+266ko,t>

T<k0<t (% k—Fko+1

1

l

1)t
e\l (14+1) Z Bi. log( 2r ;— ))—i— sup  2€Bk, .t

k—=r+1 T<ko<t

1h 2 1)t h ko +1+tp\oh
§2€\/ (r+1) log( (r+ ))—l- sup 2¢ (0+ + 0)

o(t+1+to) 0 r<ko<t ko+to\t+14ty
_ [ (t+1)h 2(t + 1)t _h
<9 1 2
= 6\/(;(Hljuto) o8(——5—) T2
Dh 2(r + 1)t
< 6e (T +1) log( T+ )),
o(t+1+to) 5

where in the third inequality, we have used the bounds on 3}, ; in Lemma 10. Finally, applying the
union bound over i € N will lead to the desired result. |

11
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Step 3: Bounding the error sequence. We are now ready to use the error decomposition in
Lemma 8 and the bound on || St __a By ¢e(k)|ly and || 324 _ oy By 1¢p(k)|» in Lemma 12 and
Lemma 11 to bound a; = ||z(t) — *||,,. Recall, we want to show that, with probability 1 — 6,

< G - Co (13)
=T+t T+t
where C, = 1% \/(TH T+1)T2 ), Ch = — 4 max(Cy, 2%(7 + tg)). To prove (13), we

start by applylng Lemma 12 to t < T with & replaced by ¢ /T. Then, using a union bound, we
get with probability 1 — 4, for any ¢t < T, || Y% __ axBye(k)|s < Ce m, where C, =
66\/(7+1)h 10g(2(7+1)T2n

5 ). Combine the above with Lemma 8 and use Lemma 11, we get with
probability 1 — 4, forall 7 < ¢ < T,

t
at41 < /BT 1,07 + Y Suj\gz bk t,iQk + H Z akBk tE )”v + || Z akBk,t(b(k)”v
S

k=71 k=1 k=71
¢
C. Cy
< Br_1,ar +ysU b iag + + . 14
Pros Vzeﬁ;’” M i it t+ 1+t (14

We now condition on (14) and use induction to show (13). Eq. (13) is true for ¢ = 7, as i/t
%:L’ > a,, where we have used a, = ||z(7) — z*||, < ||2(7)||v + ||z*|ls < 2% by the definition of

il
Z. Then, assuming (13) is true for up to £ < ¢, we have by (14),

t

<B +7s b Ca + Ca |+ C ! +C !
a — ar u z €
141 L 7@35: Ml e kb Vit i+t Cttl+t
t 1 t 1 1 1
< Br_qar +~vCysu E biti—— +yC! su biet.i +C. +C )
Brriar +7 en = R ieﬁkz:; MRSt ViR 1tk T+ 1+t

We use the following auxﬂlary Lemma, whose proof is provided in Appendix B.6.

Lemma 15 Recall o), = # and by = ogdy; szkﬂ(l — oydy;), here di; > o. If
oh(l — \/7) > 1, tg > 1, and o < %, then, for any i € N, and any 0 < w < 1, we have

Zt b . 1 < 1
k=r "kt R+0)” = A1)

With Lemma 15, and using the bound on Br—l,t in Lemma 10 (a), we have

L +7C, ! +C = +C !
ittt Vit VT It | Ctt1+t

1 1 1 Tty \oh
< J7C, C. c—— __1C ( ) )
SV NESES T \/t+1+t0+ﬁ “Gritt  Ctritte  \ixiti

=F =F/

at41 < Br—l,ta/r + ﬁca

To finish the induction, it suffices to show F; < — % and F/ <

Ca
Vit1+tto R EE
VIFT1+1 C. t+1+t C t to)oh 1
++o:ﬁ+_’ F{++o_\/_+_¢+ a-(T+1ty) (74+to) _
Cq Cq Cl C! Cl (t+1+t)oh T

To see this,

F

It suffices to show that, f <1-— C‘f’ < 1_2‘ﬁ, and “T(Erto) < 1_2‘ﬁ. Using a, < 27, one can
check that C;, and C, satlsfy the above three inequalities, which concludes the proof. |

12
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Appendix A. Proofs of Auxiliary Propositions in Section 2 and Section 3

A.1. Proof of Proposition 2
Let z € R be any vector s.t. ||z||, = 1. Then,

Z CLUQZ']‘ < SUI) Z |azy |’U— p Z |aZ]|

J ]6./\/'

Azl = sup =

< SUPjen D jen |a;j|32. On the other hand, let * = arg max;c D jeN |ag;| 2
(ties broken arbitrarily). And we set z = [z1,...,7,]" with z; = v;sign(a;;), where sign(z) = 1
when z > 0, and —1 otherwise. Then, clearly ||z||, = 1, and

|Az]l, > — Z A= ij‘ = _‘ Zaz «jsign(a;» v]‘ = Z |a~ ]’ = SUPZ ’aw‘
i JEN JEN Y yEN Yi
This shows || Ally > sup;epr D jen |a2]| and finishes the proof. [

A.2. Proof of Proposition 3
Let d be the distribution of ; conditioned on F;_. Then, by Levin and Peres (2017, eq. (4.33)),

TV(d,u) < 2_“0g2(“m1n )] < ,Ur;nn

where TV means the total-variation distance. As a result, for each i € N, d; > p; — | — di| >
tmin — TV (d, 1) > %Nmin- This shows that for any i, P(i; = i|Fp—r) > %Mmin which verifies
Assumption 3. |

A.3. Proof of Proposition 5

Note that by Assumption 1(a), we have,

[E @)l < 1F(2) = F2)[l + 1 F @)l < Alle =270 + 2"l <llzllo + T+ )]z

15
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In other words, Assumption 1(b) holds with C' = (1 + v)||z*||,,. Let T = ﬁ((l + Mz ly + 2).

We prove ||z(t)||, < Z by induction. The statement is obviously true for ¢ = 0 as z(0) is initialized

to be the all-zero vector. Suppose it is true for ¢, then
1
lz(t + Do < max(—|as, (¢ + 1], [lz(®)]l.)
it

1
< max(vf\xit(t +1)], ).

Tt
Then, notice that,

i (¢4 )] < (1= ) o3, (8] + (B (w(2)] + - fu(e))

1t it 1t

gu—%mamn+wwmamm+iw

IA

u—%mmmn+%wmwM+c+§m

IN

(1 - )%+ (7T + C + w)

,

where in the second inequality, we have used |w(t)| < w almost surely (cf. Assumption 2), and in
the last equality, we have used that vz + C + % = Z. This finishes the induction. |

A.4. Proof of Proposition 6

We prove [|Q(t)]|co < % by induction. Firstly, the statement is true for ¢ = 0 as )(0) is initialized
to be the all zero table. Then, assume the statement is true for ¢. For ¢ + 1, clearly ||Q(t + 1)||o0 <

max(||Q(t)|oc, |@ss,a: (t + 1)|). Further, notice,

|@sa, (E+ D] < (1= @) @sy0, ()] + r([re] + 7| max Qs a(t)])

< (1= a) Q) e+l +71Q(1) )
< (L) el )
-

This finishes the induction, and hence [|Q(t)]|c0 < 1fy almost surely for all ¢ > 0. As Q* is the

Q-function under an optimal policy 7*, we get for any s € S,a € A,

T
’

L—n

‘Q:,a’ = Eﬂ*[Z’ytTt‘(So,ao) = (37a)] < Z’th =
t=0 t=0

which concludes the proof of part (a). For part (b), notice,

lw®)| < |ref + 7 max Qsiyr,a®)] + | Fs, 0, (Q1))]
<THYQM) oo + [F(Q()) oo

16
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2(r + 1Rl )
Fo2F
1 —7) 11—

which finishes the proof of part (b). |

<27+

Appendix B. Proofs of Auxiliary Lemmas in Section 4

B.1. Proof of Lemma 8 (Error Decomposition)

By (9), we have,

[t +1) — 2"l
1 Lo
< sup — 0 br_1 tz$z + Z bktz - x;k k)”v + H ZakBk,t¢(k)||v
v v k=T k=T
(15)
Notice that by (10), for each 1, ZNJT_MJ + ZZ:T bi,t; = 1. Then, for each ¢, we have
1 * T *
v 7' 1,t,zwz +Zbktz ) — T SbT—l,tz ’1’2 _wz’—i_zbktl ] i ))_wz‘
K] ’l
SBT 1t2H$ _5E HU—I_ZkatZHF _:L'*‘|v

< Brorilla(m) — 2%l + ’YZ beillw(k) — 2,
k=1

where in the last inequality, we have used that F' is y-contraction in | - ||, with fixed point z*.
Combining the above with (15), we have,

arpr = [|z(t+1) - w*Hv

t
< Br-10r ’Ysupzbkmak -+ Z%Bkte B, + | Z%Bk,@(/ﬁ)uv-
1EN

k=T k=1

B.2. Proof of Lemma 9 (Bounds on ||¢(¢)||, and ||¢(%)||,)

For part (a), we have,

le()llo = lI(eiej, Zt — Do)[F(x(t — 7)) — 2t — 7)] + w(t)eq o
< lleses, = DellollF(2(t — 7)) = 2(t = 7)o + [w(®)l]le, llo

<P Gt =)+ ot =)+ =

<2z+4+C+

I@|€\
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where we have used by Proposition 2, [le;,e;, — Dy||, = sup; [1(i; = i) — dy;| < 1 (here 1 is the
indicator function); and ||F'(z(t — 7))|lo < yllz(t — )|, + C <z + C.
For part (b), we have,

lo() 1o = ll(ei e, — De)(F(x(t)) = F(a(t — 1)) — (eie;, — De)((t) —a(t — 1)
< () = Fat =)l + [l2@) — 2 = 1)l
< 2[2(t) — x(t = 7).

Notice that ||z(t) —z(t—1)[ls < cu—1(||F(z(t—1))lo+|z(t—1D)||v+i0) < oy (22+C+1w) =
a;_1€. Summing up, we get - N

6Ol < S 2o

k=t—71+1

B.3. Proof of Lemma 10 (Step Sizes)

For part (a), notice that log(1 — ) < —x for all z < 1. Then,

log(l _oh_ ) oh

(1—0ow)=c¢€ T+ < e o,

Therefore,

t

H (1 —0oap) < g - ‘3+to
l=k+1

_ rt+1 _oh
< e YR+l y+itg

B t+1+tg
— Uhlog(kJrlHO)

k‘—l—l—l—to)ah
t4+141ty/

which leads to the bound on 3} ; and Bk,t'
For part (b),

h? (k+1+¢@%h< 2h?
(t+1+tg)2r  (k+1t9)?2 — (t+1+4t)%h

By < (k + t0)**"~2,

where we have used (k + 1 + t0)27" < 2(k + t)?°", which is true when ¢y > 4h. Then,

2h’2 20h 2 2h2 b 20h—2
Z’Bkt—(t+1+t02ahzk+t (t—|—1+t0)2‘7h (y+t0) dy
2h2 1 2h 1
< t+14t)2 e X —
(t+1+t0)20h20h—1( +1tt) ct+1+t

where in the last inequality we have used 20h — 1 > oh.
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2h

For part (c), notice that for k — 7 < ¢ < k — 1 where k > 7, we have oy < —"- T+t0 < o

(using tg > 7). Then,

t k-1 t t
2ht h k+4+1+tg\oh 2hT
< <
kZ_TB’” > ae—kz_f’“’tkﬂo—kZ_Tk+to<t+1+to> k+to

l=k—T1

Ah%T
<Y (k)2
—;(t+1+t0)0h( 0)

- 4h?T  (t+1+1t)h !
~ (t+1+t)h oh—1
8ht 1
< T 71 1
o t+1++4

where we have used (k + 1+ to)"" < 2(k +t9)°", and oh — 1 > 1oh. |

B.4. Proof of Lemma 13 (Azuma Hoeffding)

Let £ be an integer bet\jveen 0 and 7—1. For each ~£ , define process Yt = Xrte, scalar Y,f =X k05
and define Filtration ]-",g = Frire- Then, Y,f is F ,f-adapted, and satisfies

EY | P = EXprye Frrso—r = 0.
Therefore, applying Azuma-Hoeftfding bound on Y,f , we have

t2

Y. Yilzt)<2exp(- 3)

k:kT+0<t Zk k‘r-i—é<t(}7 )

i.e. with probability at least 1 — g,

> Xiwd=l Y Vi< o Y X2 j0e().

k:kT4+0<t k:kT+0<t k:kT4+0<t

Using the union bound for £ = 0,...,7 — 1, we get that with probability at least 1 — &,

t
|ZXt|<Z| Z XkT+g|<Z Z XkTMlog 5) QTZX]%IOg(%TT)v

=0 k:kT4+L<t £=0 k:kT+0<t k=0

where the last inequality is due to Cauchy-Schwarz. |

B.S. Proof of Lemma 14
Let p;, be a scalar sequence defined as follows. Set p, = 0, and
pr = (1 — ap_1dp—1,i)pr—1 + ap_1€i(k — 1).

Then pyy1 = ZZ:T akei(k) szkﬂ(l — aydy;), and to prove Lemma 14 we need to bound |p;1|.
Let

ko =sup{k <t: (1 — oxdy;)|pr| < agle(k)|}
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We must have ko > 7 since |p,| = 0. With k( defined, we now define another scalar sequence p s.t.
ﬁk0+1 = Pko+1 and

pr=(1—ar10)pp_1 + ap_1€;(k — 1).
We claim that for all & > ko + 1, p and py, have the same sign, and |py| < |pg|. This is obviously
true for k = ko + 1. Suppose it is true for for £ — 1. Without loss of generality, suppose both pg_1
and py_1 are non-negative. Since k — 1 > kg and by the definition of kg, we must have

(1 — ap—1dp—1,)Pr—1 > |og—1€6(k — 1)|.

Therefore, p;, > 0. Further, since d_1; > o, we also have

(1= ap—10)pr—1 > (1 — ap—1dp_1,3)pr—1 > |ag—1€;(k — 1)|.

These imply py > pir > 0. The case where both p;,_1 and P are negative is similar. This finishes
the induction, and as a result, |p;+1| < |py+1]. Notice,

t t t t
Prin= Y axei(k) [ Q=) +hrosr [[ Q=)= Y €(k)Brs+Prot1Bron-
k=ko+1 (=k+1 (=ko+1 k=ko+1

By the definition of kg, we have

Pro+1l = |Prot1] < (1 = ahodio.i) [P | + kol (Ko)| < 20k |ei(ko)| < 20, €vi,
where in the last step, we have used the upper bound on ||e(kg)||, in Lemma 9 (a). As a result,

t
pes1] < |Prsa| < | Z €i(k)Br.t| + | Bro+1Bro .t
k=ko+1
t ~
<| D €ilk)Bry| + [20m,E0iBros]
k=ko+1
t
= ‘ Z Gi(k)ﬁk,t| + 2€0; By t-

k=ko+1

B.6. Proof of Lemma 15

Throughout the proof, we fix i and will frequently use the property dj ; > o which holds almost
surely. Define the sequence

t
1
R D T —
€t I;- k‘,t, (k+t0)w

We use induction to show that ¢; < m
_ 1 1 1 1 1w
er = brr; (T+t0)* T+t0)” =< VAT 1+t0)® (the last step needs o < 5, (1 + to) <

implied by tg > 1, w < 1). Let the statement be true for ¢ — 1. Then, notice that,

The statement is clearly true for ¢ = 7, as

— , 2
= a.rdm ( Nok

t—1 1 1
=N b by
“t g_: s R A
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where the inequality is based on induction assumption. Then, plug in oy =

we have,

ASYNCHRONOUS STOCHASTIC APPROXIMATION AND (Q-LEARNING

t—1

1 1
= (1 — audy E bet—1i7—— di————
= (1 — aydy;)es— dyj———
( Qg Jer—1 + oy t,  + o)~
< (1= ardy))——— + oy ———
= PO At to)” T (4 o)
1
= 1 - odri(1 - )| ———s,
apdri(1 = /7) VA (t+to)

t+to

r oh 1 1
< |1- 1-— _—
€t = i t—l—to( ﬁ)_ ﬁ(t‘i't(])w
r ch 1/t+ 14+ 1tg\w 1
=|1-— 1-—
L t—i—to( ﬁ)-< t+to ) V(41 +t0)”
r oh T 1 \w 1
=1|1-— 1-— 1 .
L t+t0( ﬁ)_< +t—|—t0) V(41 +t0)”

Now using the inequality that for any x > —1, (1 + z) < e*, we have,

1—

t 4+ to

-y (14

oh
T+

w —
) <e
t+1p -

and use d;; > o,

(1—ﬁ)+wﬁ <1

where in the last inequality, we have used w < 1 and the condition on h s.t. oh(1 — /) > 1. This

shows e¢; <

m and finishes the induction.
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