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‘We consider the load balancing system under Poisson arrivals, exponential services, and homogeneous servers.
Upon arrival, a job is to be routed to one of the servers, where it is queued until service. We consider the
Power-of-d choices routing algorithm, which chooses the queue with minimum length among d randomly
sampled queues. We study this system in the many-server heavy-traffic regime where the number of servers
goes to infinity simultaneously when the load approaches the capacity. In particular, we consider a sequence
of systems with n servers, where the arrival rate of the n'™® system is A =n—n'~" for some v € (0,0.5), known
as the sub-Halfin-Whitt regime. It was shown by [Liu Ying (2020)] that under Power-of-d choices routing
with d >n” logn, the queue length behaves similarly to that of JSQ and that there are asymptotically zero
queueing delays.

The focus of this paper is to characterize the behavior when d is below this threshold. We obtain high
probability bounds on the queue lengths for various values of d and large enough n. In particular, we show
that when d grows polynomially in n but slower than in [Liu Ying (2020)], i.e., if d is © ((n” log n)l/m)) for
some integer m > 1, then the asymptotic queue length is m with high probability. This finite queue length
behavior is similar to JSQ in the so-called nondegenerate slowdown regime (where v = 1). Moreover, if d
grows polylog in n, i.e., slower than any polynomial, but is at least Q(log(n)?), the queue length blows up to
infinity asymptotically. Such behavior is similar to that under JSQ in the so-called super slowdown regime
(y>1). We obtain these results by using an iterative state space collapse approach. We first establish a weak
state-space collapse (SSC) on the queue lengths. Then, we bootstrap on weak SSC to iteratively narrow
down the region of the collapse. After enough steps, this inductive refinement provides the bounds we seek.
We establish these sequences of collapse using Lyapunov drift arguments.
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1. Introduction

We study a load-balancing queuing system in which a single stream of jobs arrives governed by a
Poisson process and is routed to one of the n homogeneous servers, operating with a service rate
equal to one. Each server is endowed with a queue of maximum buffer size b.

The job dispatcher uses a load balancing or routing algorithm to route arriving jobs to the
queues. The literature considers many possible routing algorithms ranging from random routing to
Joining the Shortest Queue (JSQ). In random routing, a new job joins a queue selected uniformly at
random. On the other hand, a new job joins the shortest queue under JSQ. While random routing
has no informational requirements—the dispatcher does not need to know any information about
the system primitives and state—it does not provide optimal delay performance. In contrast, JSQ
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has more informational requirements—the dispatcher needs to know the system state to determine
the shortest queue—but it has a proven near-optimal delay performance, e.g., see [13]. In this
paper, we consider an in-between policy known as Power-of-d choices, in which once a job arrives,
d queues are sampled uniformly at random from the n queues. Then, the job joins the shortest
among the d sampled ones. Note that d =1 is the same as random routing, and d =n is the same
as JSQ.

For a tractable analysis of the performance of the routing algorithm, the literature considers
different asymptotic regimes, where the number of servers goes to infinity, the load on the system
approaches its capacity, or both happen simultaneously. As we explain below in Section 1.1, the
performance of JSQ has been studied extensively under these regimes and combinations thereof.
On the other hand, the performance analysis of Power-of-d choices is comparatively limited. We
contribute towards this deficiency by analyzing Power-of-d under the sub-Halfin-Whitt asymptotic
regime (see Section 1.1). In this regime, the arrival rate of jobs increases with the number of servers
at arate of A\ =n—n'"7 with v € (0,0.5). Under this scaling, our goal is to characterize the system’s
asymptotic delay and steady-state behavior for growing choices, i.e. d = co as n — oo.

It is known by [22] that if d is sufficiently large (d > n"logn), Power-of-d behaves like JSQ,
and the jobs experience zero asymptotic delays in steady-state. In particular, [22] shows that the
asymptotic queue lengths at each server are either zero or one. However, for smaller values of d,
one expects the delay to be higher. In particular, we will later show that the queue lengths can be
finite but greater than one or even asymptotically infinite depending on how d scales with n. Thus
the asymptotic queue lengths are qualitatively different from JSQ, i.e., they are not just zero-one
but exhibit a rich steady-state distribution. Characterizing such behavior under all the scenarios
warrants a new approach. In this paper, we aim to provide a unified framework for almost all
scalings of d. Before presenting our main contributions, we briefly outline prior work on various
asymptotic regimes

1.1. Many-Server-Heavy-Traffic Regimes

In general, it is challenging to determine the exact delay under a routing policy. So, it has been
studied in various asymptotic regimes to gain insights into the optimality of routing policies. We
now provide a comprehensive overview of these asymptotic regimes and the insights obtained in the
literature for different routing policies. In turn, we explain how our results fit into the literature.

Mean field. In this regime, the number of servers increases to infinity while maintaining a
constant load on each server. It has been shown in the literature [26, 25, 28, 30] that under the
Power-of-d choices algorithm, even for d = 2, the steady-state queue lengths exhibits a double
exponential tail as opposed to an exponential tail for random routing. On the other hand, under
JSQ, it was shown [27] that almost all the queues have length zero or one. Thus, all the jobs
experience asymptotically zero delay. In addition, it was shown that the same behavior holds true
for Power-of-d with growing choices, i.e. d — 0o, as n — co.

Classical heavy-traffic . Another popular regime considered in the literature is the classical
heavy-traffic regime. In this regime, the load converges to the capacity while the number of servers is
constant. In particular, let e 212 /m be such that 1 — e quantifies the load on the system. Then, € |
0 is the heavy-traffic regime. This regime allows one to analyze the bottlenecks in the system. Under
any routing algorithm, the queue lengths in this regime increase to infinity asymptotically. Under
JSQ [13, 10, 18], an appropriately scaled queue length converges to an exponential distribution with
a mean depending on the variance of the arrivals and services. In addition, the limiting behavior
of Power-of-d for all d > 2 is identical to that of JSQ [24], while that of random routing is worse
by a factor of n.

Many-server-heavy-traffic. One can also consider a hybrid of the mean field and the classical
heavy-traffic regime, i.e., many-server-heavy-traffic regime, wherein the load increases to capacity
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simultaneously while the number of servers increases to infinity. Depending on the relative rate at
which the load and the number of servers converge to their asymptotes, one can obtain different
viewpoints on the performance of the routing algorithms. In particular, the mean-field and clas-
sical heavy traflic are two extreme ways to scale the system and provide different perspectives.
For instance, there is a distinction between the performance of JSQ and Power-of-d for small d in
the mean-field as opposed to an identical limiting behavior in classical heavy traffic. Considering
many-server-heavy-traffic regimes provides us with a more comprehensive understanding of the
performance of various load balancing algorithms, allows us to differentiate between their perfor-
mance, and enables us to pick the right d in Power-of-d type algorithms. Studying such regimes
was first initiated by Halfin-Whitt [15] in an M/M/n queue.

More precisely, the parameterization of the arrival rate as A =mn — fn'~" for some ~ € (0,00) is
defined as the many-server-heavy-traffic regimes. The parameter v determines the relative rate at
which A and n converge to their asymptotes. As v increases from 0 to oo, the load on each server is
more prominent, resulting in higher delays. Note that the mean-field regime is a special case with
~v=0 and B <1, and the classical heavy traffic is interpreted as v — co.

Now, we discuss the performance of JSQ for v € (0,00) as summarized in Fig. 1. For the sub-
Halfin-Whitt regime, i.e., v € (0,0.5), similar to the mean-field regime, the delay experienced by
the jobs is asymptotically zero. A phase transition occurs in the Halfin-Whitt regime, i.e., v =0.5.
In this regime [12, 6, 1, 2|, a vanishing fraction of jobs experiences a constant delay bounded
away from zero. Similar results were proved by [23, 31] for the super-Halfin-Whitt regime, i.e.,
v € (0.5,1). Another phase transition occurs at the nondegenerate slowdown (NDS) regime, i.e.,
«=1. In this case [14], incoming jobs experience a non-zero, finite delay. When + increases beyond
one, it is called the super slowdown regime, and the limiting queue length at each server increases
to infinity. The authors of [18] analyze the limiting stationary distribution of appropriately scaled
queue lengths for v > 2 and show that its behavior is similar to the classical heavy-traffic regime.
The case v € (1,2) is still an open problem. Figure 1 (left) summarizes this discussion by illustrating
the delay performance of the JSQ policy under different asymptotic regimes.

As the load in the system increases, one expects the delay under any routing algorithm to be
higher. Consistent with the intuition, increasing delay with ~ is observed under JSQ, as previously
discussed. On the other hand, one can fix a v and consider the delay performance as d is varied in
the Power-of-d choices routing. Similar to how JSQ exhibits higher delay for more loaded regimes,
one would expect the delay to increase as d reduces. In this paper, we quantify such behavior
exhibited by Power-of-d for all v € (0,0.5). We now present our main contributions.

1.2. Main Contributions

Our focus is on understanding the performance of the Power-of-d for different choices of d. Note
that Figure 1 (left) provides the performance of JSQ, and augmenting it with Power-of-d would
correspond to adding a third dimension for d as a function of n. The special case of JSQ as depicted
in Figure 1 (left) corresponds to one slice of the three dimensional figure with d =n.

In this paper, we restrict ourselves to the sub-Halfin-Whitt regime, i.e. v € (0,0.5), and consider
a broad range of values of d. It was shown in [22] that Power-of-d with d > n"logn has an identical
limiting behavior as JSQ. We go beyond this range and provide a quantitative distinction between
JSQ and Power-of-d by characterizing the performance of the Power-of-d for d <n”. A summary
of the results in this paper is given in Figure 1 (right).

Finite Delay: First, we consider the case when d = (n”logn) for some positive integer m.
We show that the queue lengths exhibits the following behavior with high probability: most of
the queues are of length m and a vanishing fraction are either longer or shorter. In particular, we
show that the fraction of queues with length less than i is equal to n=7d"~'(1+0(1)) for i <m and
the fraction of queues with length more than m is at most o(n~7d™*) which is o(1). It is worth

1/m



Figure 1  Performance of JSQ (d =n) under many-server-heavy-traffic regimes (v € [0,0]), where ¢ =n~" (left)
and performance of Power-of-d for different choices of d under the sub-Halfin-Whitt regime, i.e. v €
(0,0.5) (right).
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noting that these results are applicable for the pre-limit system as well, i.e. for all finite, large
enough n (and we provide explicit expressions for all the o(+) terms). These results imply that when
m > 2, the queue lengths are non-zero but finite, behaving qualitatively similar to that of JSQ in
NDS regime. However, a fundamental difference in behavior is that while our results show that the
queue lengths are essentially concentrated around m for Power-of-d in sub-Halfin-Whitt regime,
the limiting queue lengths of JSQ in NDS are spread over multiple values and the distribution
has a nontrivial support. Also note that, when we pick m = 1, our result implies that the jobs
experience zero asymptotic delay and the queue lengths are either zero or one. The result in this
special case was first established in [22].

Infinite Asymptotic Delay: Now, we consider the case when d is Poly-Log(n) but is at
least Q (log(n)?). Note that, Poly-Log(n) is smaller than d = (n”logn)*™ for any m € Z,. We
show that all the queue lengths are ©(logn/logd) with high probability. This implies that the
asymptotic queue lengths are infinite. Similar to the finite delay case, we characterize the fraction
of queue lengths smaller or larger than m for the pre-limit system. Note that, such a behavior
is qualitatively similar to that of JSQ in the super slowdown regime. However, there is again
a fundamental difference in behavior because while we show that the queue lengths concentrate
around O(logn/logd) for Power-of-d, JSQ in the super slowdown regime has a large support.
Extending the result to the case when d <log(n)® is an open future research direction.

Methodological Contribution: In contrast to the prior work on load balancing that is based
on fluid and diffusion limits (e.g. see: [12, 1]), Stein’s method (e.g. see: [22, 30]), transform method
(e.g. see: [18]), and a combination of iterative SSC and Stein’s method [21, 20], our approach
uses iterative SSC alone without the use of Stein’s method. We first obtain a crude bound on the
possible values of the queue lengths, i.e., a weak state space collapse. We then iteratively bootstrap
from this weak SSC to obtain more and more refined SSC. This iterative refinement is inductively
repeated (m times) until a tight characterization of the steady-state queue lengths as described
above is obtained. Lyapunov drift-based arguments achieve each step of the refinement.
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Table1  Power-of-d choices for v € (0,0.5)
Value of d Regime Queue Length References
d>n"logn Zero-Delay ~1 This paper and [22]

Polynomial (d= (n"logn)"/™) | Finite-Delay |~m =0 (log n)

g This paper and [7]

Poly-log and d > log(n)? Infinite-Delay (€] izi’; This paper
d <log(n)? Infinite-Delay (€] izi’; Open

Iterative SSC was used as an intermediate step in characterizing the limiting distribution of
queue lengths in [21, 20] to study the case of m =1 with Coxian service times. Using their SSC
methodology directly in our setting does not suffice as it results in only a crude bound (see Section
5.1 for detailed discussion), so further refinement is required to obtain tight queue length bounds.
The novelty of our approach lies in independently constructing a sequence of Lyapunov functions
which allows us to obtain tight queue length bounds simply by applying iterative SSC enough
times. The main takeaway of our methodology is that iterative SSC is a powerful tool to analyze
queueing systems in mean field types of regimes, i.e., the queueing system concentrates around the
fixed point of the corresponding deterministic, dynamical system.

1.3. Related Work

The prior work that is closest to ours are [4, 22, 7]. In [4], the analysis for Power-of-d was carried
out for the ‘finite delay’ regime, i.e. d = (n"logn)'/™ for m € Z,, and a process level law of large
numbers is established to show convergence of the queue length process to its mean. By observing
the mean, it was noted that most of the queue lengths are m in the limit. However, the lower order
terms, i.e. the fraction of queues with length larger or smaller than m is not characterized in this
result. Although [4] also provides a diffusion process that characterizes further fluctuations around
the mean, the steady-state distribution of the diffusion process is not characterized. In addition,
to conclude that these results holds for the steady-state of the pre-limit process, interchange of
limits is required which is not established. If these two steps were completed, then the approach
in [4] would obtain the lower order terms. In contrast, by directly working with the steady-state
quantities (as opposed to process level convergence), we characterize the dominant lower order term
and show that it is exactly n=7d*~! thereby obtaining a sharper characterization of the steady-
state queue lengths distribution. Moreover, we also obtain bounds on the fluctuations around these
lower-order terms.

In addition, [22] is also closely related to our result which shows that the asymptotic delay
experienced by the jobs is zero under Power-of-d for d > n7logn. A key difference is that [22]
characterizes all the moments of the total number of jobs in the system, whereas we present high
probability tail bounds on the queue length distribution. Another difference is in the methodology.
The proof technique used in [22] is SSC combined with Stein’s method, whereas we use iterative
SSC without the use of Stein’s method. In particular, we carefully construct a sequence of Lyapunov
functions that results in tight queue length bounds as opposed to obtaining crude bounds as an
intermediary step in [22].

The main result of [7] and its previous (arXiv) version [8] are closely related to our result. In
addition to a few technical differences, the papers differ on the proof methodology. In particular,
[7] considers the case of m ¢ Z,, whereas we consider m € Z, along with a logarithmic function
for our choice of d. Also, while [7] considers a broader range of values of v, we consider a broader
range of values of d, that is, we allow for d to be smaller than any polynomial (poly-log). Note
that [8] considers the same range of v and d as ours but their result requires n > 10'°; so it is
essentially an asymptotic characterization. On the other hand, our result provides tight bounds on
the queue lengths that are applicable in the pre-limit as well. We also verify that our suggested



bounds are tight by conducting simulations on the pre-limit system. Lastly, our proof methodology
is more simplified and can be thought of as a steady-state version of [7]. In particular, [7] analyzes
the drift of a sequence of Lyapunov functions in a finite time. As the analysis is carried out in
finite time, [7] have to ensure that the Lyapunov function stays small while the other Lyapunov
functions in the sequence decrease. Such a complication is circumvented in our methodology as
we take a steady-state approach. Also, our sequence of Lyapunov functions is completely different
from that of [7] providing an alternative proof and revealing geometric insights. In particular, while
[7] provides an elegant algebraic construction of the sequence of Lyapunov functions, our sequence
is based on geometric intuition via the trajectory of the ODE approximation.

Now, we present a non-exhaustive overview of the literature on load balancing under the sub-
Halfin-Whitt regime. JSQ and Power-of-d for d > n”logn was analyzed in [22]. This result was
extended for more general settings in the literature: coxian-2 service distribution in [21], coxian-k
service distribution in [20], and parallel jobs arriving in the system in [29]. In addition, Power-of-d
choices has been analyzed in [30, 11] for d =2, and [4] provides a transient analysis for growing
sequences of d. The reader can refer to the survey paper [9] for a holistic review of the literature.

Lastly, we would like to point out that our results have a similar qualitative flavor as in [19].
In particular, for a given m € Z,, [19] characterizes the critical load below which the blocking
probability is very small for a load balancing system with finite buffer equal to m; under a state-
dependent random routing policy.

1.4. Notation
The set of all positive integers (excluding zero) is denoted by Z, . For some k € Z, the set of num-
bers {1,2,...,k} is denoted by [k]. We use the shorthand w.h.p. to denote “with high probability”.

2. Model

Consider a load balancing system with n homogeneous servers. A single stream of jobs arrive,
governed by a Poisson process with rate A <n. Upon arrival, the job is routed to one of the servers,
where it waits in a queue before getting served. Each queue has a maximum buffer size b € Z,.
Preemption is not allowed and the job cannot move within queues. The service times for all servers
are i.i.d. exponential random variables with rate u = 1. An illustration of the model is given in
Fig. 2. A natural state descriptor for the system is the number of jobs in each queue. However, it

Figure 2 A homogeneous load balancing model with n-servers.
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is mathematically more convenient to consider s € (Z, U{0})® as the state descriptor. Here, s; is
the number of queues with length at least i, and b is the maximum buffer size. The state space is
given by

S::{SG(Z+U{O})b:Si1§Si2§n V’LlZ’LQE[b]}
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In addition, we also denote the number of queues with at least 0 jobs by so =n. Once a job arrives, d
queues are sampled uniformly at random, with replacement from n queues. Then, the job is routed
to the smallest among the d sampled queues. This algorithm is known as Power-of-d choices in the
literature. Under this routing scheme, the process {s(t):t >0} is a finite state-space, irreducible,
continuous time Markov chain. Thus, the CTMC {s(t) : ¢t > 0} is positive recurrent and exhibits a
unique stationary distribution. Denote by § a random variable with the same distribution as the
stationary distribution of the CTMC.

As the exact analysis is challenging, we consider a many-server-heavy-traffic asymptotic regime,
wherein the number of servers are scaled to infinity (n — oo) and the arrival rate increases to the
capacity (A/n — 1). In particular, consider a sequence of load balancing systems parameterized by
n. The arrival rate for the n'* system is given by A =n —n'=". In this paper, we are interested in
the case of v € (0,0.5), known as the sub-Halfin-Whitt regime. In addition, our focus is on growing
choices in Power-of-d, i.e. d — 0o as n — oo. The goal is to characterize the limiting steady-state
distribution §™ as n — oco. In the rest of the paper, we suppress the dependence of § on n for
notational convenience.

3. Results and Insights

In this section, we develop intuition by considering an ODE approximation of the load-balancing
system. This will guide the limiting behavior of the stochastic model. In particular, we expect the
limiting stationary distribution of the stochastic model to concentrate around the fixed point of
the ODE approximation. Note that, we do not directly work with the ODE to prove the result for
the stochastic model. We only leverage intuition from the ODE approximation. To prove such a
result, we find the region where the steady-state stochastic system resides with high-probability
by iteratively narrowing down the possible regions of the state-space [21, 20].

3.1. Intuition: ODE approximation

To simplify the arguments in this section, consider b = oo, i.e., the queues have infinite buffer
capacity. Now, the evolution of n*" system can be approximated by abstracting out the stochasticity
to obtain the following ODE:

= () =G e ez N

The rate of change of s; is the difference of the rate at which it increases and decreases. The first
term on the RHS is the product of arrival rate of the customers (\) and the probability that the
incoming customer will join a queue with length equal to ¢ — 1. This is equal to the rate at which
s; is increasing. The rest of the terms is the product of the service rate (u=1) and the number of
queues (s; — s;11) with queue length equal to i. This is equal to the rate at which s; is decreasing.

To obtain the fixed point of the dynamical system, substitute ds;/dt =0 for all i € Z, resulting
in a set of non-linear equations. After solving these equations, one obtains the following solution:

7

- <3> T viez,. (2)

n

The above suggests a candidate stationary distribution of the stochastic system. In [26, 28], this
intuition is made formal in the mean field regime, i.e., for A= (1 — 8)n with g€ (0,1), and d = 2.
Now, we consider the regime where A =n —n'~7 for v € (0,0.5) and the routing is governed by
Power-of-d with d — oo as n — co. Then, (2) can be approximated as follows:

s;i=n(l-n"")TT =n (3)

41 () (1- n,w)dm ) Jn—ntd"t Wieb]:n'Td T =o(n)
o(n) otherwise.



where (a) follows by approximating d* — 1~ d" and d — 1~ d as d scales to infinity. Next, (b) follows
by Taylor’s series expansion up to the first order term. Now, define m € Z, to be the smallest
integer such that the number of queues with length at least m + 1 is o(n), i.e. s,,41 = o(n) and
S = O(n). Then, we must have n'~7d™ ~n implying that d ~n?/™. More precisely, our choice of
d is such that it satisfies d = (2mn?)*/™log(d)*/™ which is approximately equivalent to d ~ n?/™
when the lower order terms are ignored. For this value of d, from (3), we get

2mnlogd .
.~ {n — Tmeer Vie [m]
s

(4)

o(n) otherwise.

Fig. 3 illustrates the fixed point in terms of queue occupancy. We expect the stationary distribution
of the stochastic model to concentrate around the above fixed point. The main contribution of our
paper is to prove that the heuristic argument is indeed correct. We state the formal result in the
next sub-section.

Figure 3 lllustration of the fixed point of the ODE approximation in terms of queue occupancy.
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3.2. Main Result
Now, we present the main results of the paper below.

THEOREM 1. Let {m, €Z,:n€Z,} be a sequence such that either m, =m € Z, or m,, —
oo. Consider a load balancing model operating under Power-of-d routing algorithm with d =
(2mnn721/m" log(d)Y/™n . If further d=Q(log(n)?®) and b= 0O(log(n)?), then with probability at least

1- (%) o logn)/g’ for large enough n, we have

n— IR +o () Vi€ m)
gi: O(n) fOTl:mn+1

o(1) otherwise.

The result in Theorem 1 is obtained by proving a high probability lower bound and a high proba-
bility upper bound separately on s in Theorem 2 and Theorem 3, respectively. These are presented
at the end of this section, wherein, we also explicitly characterize the o(-) terms.

Note that the above theorem considers d as a solution of an implicit equation. However, one can
obtain upper and lower bounds on d, matching up to a logarithmic term. In particular, we have
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(2mn7)Y/™ < d < (2mn?)Y™log(n)'/™. Also note that, since d is the number of sampled queues,
it should be an integer. However, we ignore this issue and in our results and proofs we do not
explicitly impose the constraint that d should be an integer. This can be easily fixed by introducing
floors and ceilings at appropriate places, which we do not do for ease of exposition. Moreover, as
d — 00 as n — 00, the integrality approximation error will be negligible for large n.

The above result shows that the stationary distribution of the stochastic model concentrates
around the fixed point of the ODE approximation given by (4). To further understand the result,
consider the limit as n — co to get

lim — = :
n—oco M 0 otherwise.

Thus, most of the queues have lengths equal to m which implies that an incoming customer joins
a queue with length m — 1 with high probability. In particular, we have

logn  log(2mlogd) logn

m:fylogd—i_ logd :fylogd(l—i_o(l))' (5)

So, if d is a polynomial in n, then m is finite. On the other hand, if d is smaller than any polynomial,
then m will increase to infinity as n — oo. We discuss such a phase transition in the queue length
behavior below.

3.2.1. Phase Transitions The limiting steady-state performance in this regime exhibits
phase transitions as the values of different parameters like v and d are varied. We outline two such
phase transitions below.

Phase Transition as d varies: It was shown in [22] that if d > n” logn, the delay experienced by
the customers is asymptotically zero. This is consistent with our result as d =n" logn corresponds
to the case of m = 1 implying asymptotically zero-delay. Now, if the value of d decreases beyond n?,
one would expect the steady-state queue length distribution to be higher. According to Theorem
1, if d is of the form d =n?/™ for some m > 2, the steady-state queue lengths are equal to m.
In particular, if d is a polynomial less than n?”, then the waiting times are non-zero but finite.
As discussed before, such a qualitative behavior is similar to that of JSQ in the NDS regime.
Now, consider the case when d is smaller than any polynomial, for instance, Poly-Log(n). This
corresponds to d ~n?/™ with m ~ ylogn/logd which increases to infinity as n — oo. In this case,
the queue lengths are asymptotically infinite, which corresponds to infinite delay. As discussed
before, such behavior is qualitatively similar to that of JSQ in the super slowdown regime.

To summarize, we characterize the limiting steady-state behavior of the stochastic model in
Theorem 1. Based on this, we show that different orders of delays can emerge depending on the
choice of d. In particular, zero-delay for d > n”logn, finite-delay for polynomial d(n), and infinite
delay for poly-log d(n). Such a phase transition is reminiscent of the phase transition of JSQ as
the load increases from the mean field to the classical heavy traffic regime. To summarize, we
characterize the limiting steady-state behavior of the stochastic model in Theorem 1. Based on
this, we show that different orders of delays can emerge depending on the choice of d. In particular,
zero-delay for d > n”logn, finite-delay for polynomial d(n), and infinite delay for poly-log d(n).
Such a phase transition is reminiscent of the phase transition of JSQ as the load increases from
the mean field to the classical heavy traffic regime.

Phase Transition as v varies: It is well known [28, 26] that the queue length under the power
of d choices for d > 2 is approximately ©(loglogn/logd) for the mean field regime, i.e. v =0. On
the other hand, we show that the queue lengths are m = O(ylogn/logd) when v > 0. In particular,
we observe a phase transition in the queue length behavior as the value of v moves from 0 to > 0.
In other words, as the value of « increases, the arrival rate increases resulting in a higher load on
the system, which results in larger queue lengths.
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3.2.2. Matching Upper and Lower Bounds We present two theorems characterizing
matching high probability lower and upper bounds on s. Taken together, these two theorems give
us Theorem 1.

THEOREM 2. Consider the same setup as Theorem 1. Then, there exists nyg € Z, such that for
all n > npp, we have

nlogd
dm

s;>n—2m

1 d 9 1 (mlogn)/5
- —4md'~'v/mnlogn — 3% w.p. at least 1 — <ﬁ> Vi € [m].

THEOREM 3. Consider the same setup as Theorem 1. Then, there exists nyp € Z,, such that
for all mn>nyp, we have

nlogd
dm=

nlog(d)? n'~7 ,
¥ dm_EJrg +dm_i]l{m> 1} Vie [m)]

5, <n—2m +19md1 Ly/mnlogn + 39m

log(d
Sma1 < 18mdm*1\/mn logn + 36m3n()d# +n' 771 {m > 1}
b
Z 5<1.
l=m+2
(m logn)/g
each one with probability at least ( )

We prove Theorem 2 in Section 4.2 and Theorem 3 in Section 5.2. Our result only holds true for b <
log(n)? for technical reasons discussed in Section 5.2. However, note that, since the queue lengths
are of size m w.h.p. which is o(logn), the finite buffer requirement b <log(n)? is inconsequential.
So, we expect that the result holds true for all b € Z, . In particular, by (5), we have

logn
m=0 <10gd> =o(logn),

where the last equality follows as d = (log n) )
The terms 4md'~'\/mnlogn, 16m3=celd) n 1 {m>1} in Theorem 2 and similar terms

dm—i+2 dam—1
in Theorem 3 are lower order terms compared to the leading term 2m d’,’,}f?fl. We verify it by

considering their ratio as follows:

dmd—t/mnlogn + 16m?> Z,lffgi)g + = 71 {m>1} ~ 2y/md™logn N 8m?logd dn~"{m>1}

2m d’,ﬁllf%fl -~ /nlogd d 2mlogd
(a) 2
2 4105 1og(n)* + w + (2mlogd)/m1n=70=1/m) £ 5 1y W, (6)

where (a) follows as d™ = 2mn”logd and m = o(logn). Next, (b) follows by substituting d =
Q(log(n)?) and noting that v < 0.5. This shows that the rate of increase of d should be large enough
to assure that the bound obtained in Theorem 2 concentrates around the fixed point (4). One can
observe that even d ~log(n)? suffices to ensure (b) holds. However, we require a slightly stronger
condition due to certain intermediate bounds in the proof. To extend the result to d < log(n)?, one
needs to improve the lower order terms obtained in Theorem 2. We leave this as a possible future
work.
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3.3. Iterative State Space Collapse

The central idea to prove Theorem 1 is the iterative state space collapse framework based on drift
analysis which was first developed in [21, 20]. As the stochastic system is expected to concentrate
around the fixed ‘point’ of the ODE approximation, we keep slicing off the state space until the
stationary distribution is implied to live in a ball around the fixed point. In particular, the station-
ary distribution is iteratively shown to collapse to smaller regions of the state space. Each step of
the iteration is achieved by analyzing drift of a carefully engineered Lyapunov function. We present
an intuitive overview of the framework and defer the details to Appendix B.2

Weak SSC: We start by proving a weak SSC. Let V;(-) be a Lyapunov functions with AV;(s) <
—~ for s € S such that Vi(s) > B for some 7,B € R,. Then, by standard drift arguments [3,
Theorem 1], we obtain that P (V;(8) > B+ j) is very small for a large enough j. This implies that
S collapses to the set & ={Vi(s) < B+j} CS.

Refining the SSC: Now, consider the subset of the state space & C S where § resides with
high probability as shown in the previous step. We analyze the drift of another Lyapunov function
V5 (+) restricted to the set s € £; such that V5(s) > B. As £ C S, one would obtain a stronger upper
bound on the drift of V,(+) as opposed to the bound over all whole state-space. Iterative SSC [21,
Lemma 10] framework says that, as long as P (s ¢ &) ~ 0, negative drift of V5(-) over & implies a
high probability bound on the steady-state distribution. This implies that § now collapses to the
set & =& N{Va(s) < B+j}. A key takeaway is that, the SSC framework poses a trade-off between
relaxing the negative drift condition to s € £, and the steady-state probability P (s ¢ &;). One can
carefully negotiate this trade-off to obtain meaningful results.

Further Refinements: The refinement can be repeated multiple times. Consider a family of
Lyapunov functions {V,(s): k € Z, } and define

gk == gk,1 N {Vk(S) S B —|—]}

Now, we inductively analyze the drift of V., (s) for s € &, such that V., (s) > B. By iterative SSC
framework, negative drift of Vj.;1(s) implies the high probability bound P (Vj41(s) < B+j) ~ 1.
Thus, after k+ 1 iterations, the region of SSC shrinks to .41 =& N{Vii1(s) < B+j}. In further
sections, we use this inductive framework to prove Theorem 2 and Theorem 3.

Lemma 14 in Appendix B.2 formalizes the above intuition and is the workhorse of our proof, used
to show each step of the SSC refinement. Our proof is tailored to analyze a queueing system in the
steady state allowing us to greatly simplify the methodology compared to [7]. In particular, each
step of our refinement directly implies high probability bounds on the steady-state distribution
of the queue length (s) process. On the other hand, [7] (see Lemma 3 in their paper) essentially
works with a transient version of Lemma 14, so they need to worry about any given Lyapunov
function to stay small while the other Lyapunov functions decrease, further complicating the proof.
Another difference is that our sequence of Lyapunov functions is completely different from that of
[7] providing an alternative proof and revealing geometric insights. In particular, while [7] provides
an elegant algebraic construction of the sequence of Lyapunov functions, our sequence is based on
geometric intuition via the trajectory of the ODE approximation.

4. Lower Bound

In this section, we prove Theorem 2, by iteratively showing high probability lower bounds on
{8:}iepm) based on iterative SSC described in the previous section. At a high level, starting with an
empty system, we prove a high probability lower bound on s; as most of the incoming jobs would
join an empty queue. Further, using the lower bound on s;, we obtain a lower bound on s,. This
procedure is continued for {s;};c,). As most of the proof is algebraic, we first focus on the special
case of m =2 to provide intuition behind the methodology.
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4.1. Special case (m =2)

4.1.1. Approximate ODE Trajectory We start by analyzing the trajectory of the ODE
approximation for m = 2. The main idea is that the stochastic model would follow a noisy sample
path around the ODE trajectory. We present a cartoon of the approximate ODE trajectory based
on the differential equations given by (1) in Fig. 4. The model is initialized by an all-empty system.

Trajectory (o) — (a): Each incoming job joins an empty queue until s; =n —n/d, as there is
a surplus of empty queues. In particular, if s; <n —nlogd/d, then the probability of sampling at
least one empty queue (1 — (s;/n)?) is almost one. On the other hand, if s; >n —n/(dlogd), then
the probability is almost zero. Mathematically, we have

logd“ 1
1—(1-— ~l-2 1
( d> i

1 \" 1
1—({1-— ~ .
< dlogd) logd "

Consistent with the intuition, one can confirm that ds;/dt >0 when s; <n —nlogd/d. We have

dsy s1\¢ logd ¢ nlogd
e i — e —_ > j— — —
I )\<1 (n)> 81+52_>\<1 <1 y ) n+ )
1 nlogd n(logd—1)
=~ 1—— —_ = .
n< d) n—+ p d >0

Note that, one can show that s, increases as well but at a smaller rate compared to s; by observing
that 0 < dsy/dt < ds;/dt. We omit the details here for brevity. We approximately represent the
trajectory as horizontal from (o) to (a) in Fig. 4.

Trajectory (a) — (b): Once s; &®n —n/d, most of the incoming jobs start joining a queue with
length one, as the probability of sampling an empty queue is asymptotically zero. Mathematically,
for s; >n—n/(dlogd) and s, = o(n), we have

e () (2)) sz (<1_@)d—0<w) o) 1= o) >0

Thus, s, increases until s, = O(n). Similar to (0) — (a), s; increases as well but at a smaller rate
compared to s, as ds; /dt < ds,/dt. We approximately represent the trajectory as vertical from (a)
to (b) in Fig. 4.

Trajectory (b)— (c): As s, increases, ds;/dt increases and ds,/dt decreases. After a critical
point, ds; /dt and dsy/dt are comparable resulting in both s; and s, increasing at a similar rate.
This is approximately represented as a tilted trajectory from (b) to (c). Once s; = A~n—n/d?, the
arrival rate is equal to the effective service rate (number of busy servers), and the ODE trajectory
converges to that point. One can verify that (¢) is indeed the fixed point (ignoring the logarithmic
terms) of the ODE approximation.

Note that Fig. 4 is the transient behavior of the ODE approximation starting from an all-empty
system. On the other hand, our goal is to characterize the steady-state behavior of the stochastic
system. Steady-state corresponds to a fixed distribution invariant with time and it doesn’t follow
a transient trajectory as shown in Fig. 4. However, the sequence of SSC we establish in the next
sub-section is inspired by the transience of the ODE approximation. Such an interpretation of the
ODE approximation is also consistent with the fundamentals of the Lyapunov drift arguments. In
particular, drift of a Lyapunov function is a transient quantity as it depends on the state of the
system. In turn, it implies a high probability bound on the steady-state distribution. Lastly, note
that we do not have a cartoon for the ODE approximation for the general case as it would be
m dimensional. However, we carry forward the algebraic intuitions developed using m = 2 for the
general case.
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Figure 4 Approximate ODE trajectory with the initial condition equal to s; =0.
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(¢)|si=n—n/d*|sy,=n—n/d
\ S1
(0) : (@ n 7

4.1.2. Stochastic Analysis The form of iterative SSC is inspired by the ODE trajectory
depicted in Fig. 5. In particular, there is a drift that pulls the system closer to the ODE trajectory.
We use this idea to show that the states that are far from the trajectory are experienced with low
steady-state probability. Now, we elucidate the steps to prove the theorem that are outlined in Fig.

Figure 5 Graphical representation of iterative SSC for lower bound for m = 2: The red hatched region is shown
to have low steady-state probability leading to the collapse into the solid blue region. In addition, the
arrows represent the drift - (ds1/dt,ds2/dt).

5V
Large s; Small s X Large s;
. s

A . A

IE

7\1\-/&,'\

: Large S2p

(a) s1 1 in thered region (b) s1 | & s 1T inthered (c) s; + s2 1 in the red (d) s; increases in the
until it enters the blue region until it enters the region until it enters the red region until it enters

region. blue region. blue region. the blue region.

\

e Step 1: We first show that 5, >n—2mnlogd/d w.h.p. corresponding to trajectory (o) — (a) in
the ODE approximation. Intuitively, all incoming jobs join empty queues due to their availability
in surplus.

e Step 2a: Given the lower bound on 35;, we obtain 5, >n — 6m?nlogd/d w.h.p. corresponding
to trajectory (a) — (b) in the ODE approximation. This is carried out in two-steps as depicted
in Fig. bb and 5c.

e Step 2b: We improve the lower bound on 5; using the lower bound on 5, to get 51 > n —
9m?nlogd/d?* that loosely corresponds to trajectory (b) — (c) in the ODE approximation. This
step is illustrated in Fig. 5d.

e Step 2c: This step improves the lower bound on §, previously obtained in Step 2a. In particular,
we leverage the newly obtained lower bound on §; and repeat the same steps as in Step 2a, to
obtain a better lower bound on §,. We call this a bootstrapping step as a weaker lower bound
on S, results in a stronger lower bound on itself.
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e Step 2d: Similar to the previous step, we improve the lower bound on §; previously obtained
in Step 2b. In particular, using a better lower bound on 5, obtained in Step 2¢, we obtain a
better lower bound on §; by following the outline of Step 2b.

Why Iterative SSC?: Ideally, we would like to construct a single Lyapunov function whose drift
analysis would reveal that the stochastic system concentrates around the fixed point of the ODE.
However, it is not clear if such a Lyapunov function exists, or at least, we were not successful
in constructing such a function. In our approach, we construct a sequence of Lyapunov functions
that mimics the trajectory of the ODE. The ODE trajectory in Fig. 4 reveals that the drift of s;
and s, are of different orders in different parts of the state space. For example, the upward drift
of s; is very large compared the drift of s, when the system is close to an empty system. Such a
behavior is reminiscent of the state space collapse result in classical heavy-traffic regime [10] and
two timescale algorithms in reinforcement learning (e.g. see [5, Chapter 6] and [16]). Such a two
timescale behavior warrants the need of constructing multiple Lyapunov functions to analyze the
collapse of s; and s,.

In the next sub-section, we build upon the intuition to extend the proof to the general case as
shown in Fig. 6. We do not separately present the proof for m =2 as it is subsumed in the general
case.

Figure 6 Proof Outline: High Probability Lower Bounds.

Base Case

Step 1: 5, >n — 2224 (1 4 o(1)) (Fig. 5a)

First iteration of Bootstrapping

Step 2a: 5, >n— (W) (Fig. 5b & 5¢)

Step 2: 5, > n — 220284 (] 4 o(1))
and §, > n — 2B (1 4 (1))

d2

Step 2b: 5 >n — (M) (Fig. 5d)

Second iteration of Bootstrapping

Step I8 gi 2 n — Step 2c¢: 5, >n — 2mnlogd 1
p 2c: 5, >n— === (1+o(1
2mnlod (1 4 o(1)) for all i € [k] 2 7 (L+o(l)

Step 2d: 5, >n — 22284 (1 4 o(1))

Step m: s; > n —
2mnlogd (1 _|_0(]_)) for alli e [m]

dm7i+l

4.2. General Case

The proof is mainly divided in five steps and we present five lemmas corresponding to these steps.

The proof outline is presented in Fig. 6 and we naturally prove it using induction. In step k,

we provide a high probability lower bound on 5, and improve the previous bounds obtained for

{5:}ick—1). The proof of all the lemmas mentioned in this section is deferred to Appendix C.
Base Case: We start by obtaining a high probability lower bound on 5; (Step 1) in the following

lemma.
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LEMMA 1 (Base Case). Consider the same setup as Theorem 1. Then, there exists ng € Z,
such that for all n > ny,

9 1 o1 1 mlogn/4
P <§1 <n-— mndogd - nd(zgd - 2\/mn10gn> < <—> .
n

The proof of the lemma follows by showing that the drift of the Lyapunov function,

_ 2mnlogd _ 2nlogd _
d d?

Vi(s)=n vmnlogn — sy,
is negative when V;(s) > 0. Thus, s, increases w.h.p. when s; < n — 222°24(1 4 o(1)), implying
that 5, >n — 2m"%dlogd(l +o0(1)) w.h.p. This completes the base case.

Induction Step: For some k € {2,...,m}, we define our induction hypothesis as follows. There
exists nry € Z,, independent of k such that for all n > n;y, we have

logd , log(d)? 1 9B _4(k—1)m
]P’<§i§n—2mnd::_gi —4mdl_1\/mnlogn—16m3%> < <E> Vie [k —1].
(TH)

Note that, (IH) is equivalent to Step k£ — 1 as in the proof outline given by Fig. 6. After completing
the induction step, we improve the bound on (n —§;) by a factor of d for all i € [k — 1] and moreover,
we introduce a lower bound on §;, of the order n —2nmlogd/d. Similar to the way Step 2 is proved
in four parts as in Fig. 6, we present four lemmas that together completes the induction step.
The first of the four lemmas corresponds to part a of the induction step (Steps 2 to m in Fig. 6),
wherein we obtain a lower bound on 3.

LEMMA 2 (Induction Part a). Consider the same setup as Theorem 1. Also, assume that (IH)
holds for some k <m. Then, there exists ny € Z, such that for all n >ny, we have

mlogn74(k7§)m
4 1
]P’<§,C Sn—Gank;gd> < <l> .

n

Note that, the above lower bound is weak, as the term accompanying nlogn/d is 6m? which is
larger than the required 2m in the induction step. We improve this bound in part ¢ (Lemma 4).
Now, we present the proof sketch.

Proof Sketch of Lemma 2 The proof of this lemma is induction based. To state the induction
hypothesis, consider a Lyapunov function of the following form (the exact expression is presented
in the proof):

. 2nlogd , 2nlogd) < ,
Lik(s):mm{si—n%—@<%>,(k—z+l)n—@<%>_Zsl} Vie [k —1].

I=i+1

Now, for some i € [k — 1], the induction hypothesis is given as follows, which runs backwards on the
index i: L (8) = O(y/mnlogn). To prove the induction step, we show that the drift of the Lyapunov
function L; ; x(s) is negative for all states such that L, (s) = O(y/mnlogn) and L; ;1 x(s) > 0.
Thus, by applying the iterative SSC framework with V = L;;, and, € = {L; 1 x(s) = O(y/mnlogn)},
we conclude that L; 1 ;(8) = O(y/mnlogn) w.h.p. Thus, the induction implies that L(8) =
O(y/mnlogn) w.h.p. Note that L; ; x(s) is small implies that either s; ; is small or Zf:i s; is large.
This form of state space collapse is reminiscent of the first sub-task of Step 2a as depicted in Fig.
5b in which we showed that either §; is small or Z?:Q s; is large.
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To complete the proof, we further consider the following Lyapunov function:

Lox(s) = kn—© (m ”logd> Zsl

Using the fact that L4 (8) = O(y/mnlogn) w.h.p., we show that Lo (8) = O(y/mnlogn) w.h.p. In
particular, we show that the drift of Lo, (s) is negative for all states such that L (s) = O(y/mnlogn)
and Lok (s) > 0. Thus, by Lemma 14 with V = Lg, € = {L1;, = O(y/mnlogn)}, B=0, and j =
vmnlogn, we conclude that ZL 5> kn — 0O (m?nlogd/d) w.h.p. Observing that 5, <n w.p. 1,
we get 5, >n— 0O (m*nlogd/d) w.h.p. This completes the proof. Note that, analyzing the drift of
Loy (s) is equivalent to the second sub-task of Step 2a as depicted in Fig. 5c. O

In the next lemma, we prove weak lower bounds on 3; for all ¢ € [k — 1] completing part b of steps
2 —m, analogous to Step 2b as outlined in Fig. 6.

LEMMA 3 (Induction Part b). Consider the same setup as Theorem 1. Also, assume that m >
2 and (IH) holds for some k <m. Then, there exists no € Z, such that for all n > n,y, we have

mlogn74(k71)m
—a 2
P <§i gn—9m2"10_gd> < <1> Vi € [k].

dkferl n

Note that, the bound obtained in the above lemma is weaker compared to the required bound for
the induction step as 9m? > 2m. We improve on this bound in part d to obtain the induction step.
We now present the sketch of the proof.

Proof Sketch of Lemma 3 We again use induction on i to prove bounds on §; for all i € [k] by
going backwards over the index i. The base case (i = k) is already proved in Lemma 2. To prove
the induction step, we analyze the drift of the following Lyapunov function:

m?nlogd

We consider the induction hypothesis W, (S) = O(y/mnlogn) w.h.p. which is equivalent to a high
probability lower bound on 5;,;. We show that the drift of W;(s) is negative when W;,(s) =
O(y/mnlogn) and W;(s) > 0. Thus, by Lemma 14, we conclude that W;(8) = O(y/mnlogn) w.h.p.
This provides a lower bound on §; which completes the proof. Note that, the bound on W, (s) is
crucial in obtaining the negative drift for W;(s). Thus, the iterative version of SSC is an integral
part of the proof. O

Now, we prove the required lower bound on S, completing part ¢ of steps 2 — m, analogous to
Step 2c as in Fig. 6.

LEMMA 4 (Induction Part c). Consider the same setup as Theorem 1. Also, assume that m >
2 and (IH) holds for some k <m. Then, there exists ny € Z, such that for all n > ns, we have

logn

1 1 1\ 4(k—F )m
P <§k <n-— om’ (Zlgd —3md"'y/mnlogn — 12m2" C(;di> < <ﬁ>

Note that the above lemmas replaces the coefficient of nlogd/d from 6m? in Lemma 2 with the
required 2m for the induction step. The proof of the above lemma follows similarly to the proof of
Lemma 2 but leverages the lower bound on 5,,_; proved in Lemma 3. As the lower bound provided
by Lemma 3 is sharper than the induction hypothesis (IH), we obtain a better lower bound on §j.
Turns out, applying this bootstrapping step once suffices to prove the induction step for s;. Now,
using this bound, we obtain the required lower bound on §; for all ¢ € [k — 1] which completes the
part d of steps 2 —m, analogous to Step 2d as outlined in Fig. 6.
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LEMMA 5 (Induction Part d). Consider the same setup as Theorem 1. Also, assume that m >
2 and (IH) holds for some k <m. Then, there exists ny, € Z, such that for all n >n,, we have

mlog _4km
_ nlogd . nlog(d)? 1 ,
P(sign—Z P —4md'/mnlogn — 3W < - Vielk]. (7)

Note that the above lemma proves the coefficient of nlogd/d*~"! from 9m? in Lemma 3 to the
required 2m for the induction step. The proof follows similarly to the proof of Lemma 3 but
leverages a sharper lower bounds on §; for all i € [k — 1] proved in Lemma 3. Note that the above
lemma essentially completes the induction because (7) is same as (IH) with k& — 1 replaced by k.
Now, we use the above lemmas below to prove Theorem 2.

Proof of Theorem 2 Consider the induction hypothesis as defined in (IH). The base case follows
by Lemma 1 for n;y > maxcq{n}, and the induction step follows by Lemma 5. Thus, for all
n>nrg, we have

logd log(d)* 1
P (520 2m G5 dmaimtogn — tomt ) < (1)

dm n
mlogn

< <%>ﬁ_ Vi € [m],

where the last inequality follows for all n > njs for some ns € Z, by noting that m = o(logn). Now,

mlogn 2
7 —4m

by defining n; g 4 max{ns,nry}, the proof is complete. O

5. Upper Bound

Similar to the previous section, the analysis for the upper bound follows the iterative SSC frame-
work. We first prove high probability upper bounds on 5,,,; and Z? , 5 and then inductively
prove high probability upper bounds on {5; };c,). We start by focusing on the special case of m =1
to provide intuition behind the methodology.

5.1. Special Case (m=1)

The geometric intuition for the steps to prove the special case is given in Fig. 7. In particular, Fig.
7a corresponds to Theorem 2 (lower bound on s;) for the special case of m = 1. The other two
sub-figures correspond to proving matching upper bounds. Now, we elucidate the steps to obtain
the upper bound for m =1, as outlined in Fig. 8.

e Step la: We first show that ZLQ 5 = O (by/nlogn) w.h.p. Noting that s; > 0 for all i €
{3,...,b}, we get 5o = O (by/nlogn) =o(n) w.h.p. This is a weaker bound than what is required
for Theorem 3. We improve it further in Step 1c by first proving a high probability upper bound
on Z?:mﬂ 5, in the next step.

e Step 1b: The probability of an incoming job joining a queue with length at least two is equal
to the probability of sampling d queues with length at least two. This is equal to (%)d =o0(1)¢
w.h.p. which converges to zero very fast. Consistent with the intuition, we show that Z?:g 5 =
o(1) w.h.p.

e Steps 1c and 1d: Using the upper bound proved in Step 1b, we show that 5, = O (y/nlogn)
and 5 <A+ O(y/nlogn) w.h.p. This is obtained by first showing (8a) holds, which allows us
to prove (8b) as shown below.

min {Zsl O(y/nlogn), )\+O(\/_logn)—81} <0 w.h.p. (8a)

ZEZ <X+O(y/nlogn) w.h.p. (8b)
=1
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Figure 7 Graphical representation of iterative SSC for lower and upper bound for m = 1: The red hatched region
is shown to have low steady-state probability leading to the collapse into the solid blue region. In
addition, the arrows represents the drift - (ds1/dt,ds2/dt).

1Large s 1Large s
A~ :—> PN — PN
1 ! a,\\ \
1 : %(“/\, S v
: S /“
el
bV Y l
M \
VoW
> aam e [ fxx
\\; mall SQ»J/ K
A ’ A ’ A ’
(a) s; T in the red region until (b) s; 1 & s» | in the red region (c) s; + s | in the red region
it enters the blue region until it enters the blue region until it enters the blue region

Eq. (8b) immediately implies that 5, < A4+ O(y/nlogn) as Z?:z 5; > 0. In addition, by using the
lower bound on §; given by Theorem 2 in (8b), we obtain that Z?:z 5 < O(y/nlogn) completing
Step 1lc and 1d. The SSC corresponding to (8a) is depicted in Fig. 7b which shows that either
sp is large or s, is small. In particular, if s; is small and sy is large, then most of incoming
jobs will join an empty queue resulting in s; increasing and s, decreasing. Further, the SSC
corresponding to (8b) is depicted in Fig. 7c which upper bounds ZLI 5, w.h.p.
Tight characterization of § for the special case of m =1 was first obtained in [22]. The authors
used Stein’s method in conjunction with SSC to prove the result. In particular, the SSC proved
in [22] is equivalent to (8a) as depicted in Fig. 7b. This alone is not sufficient to characterize
the complete stationary distribution. So, Stein’s method was used along with (8a) to obtain the
stationary distribution. On the other hand, we circumvent the use of Stein’s method by using the
iterative SSC framework, to further improve the SSC and obtain tight bounds on the stationary
distribution. A takeaway from our paper is that one can simply use the iterative SSC approach to
obtain tight bounds on the queue lengths if the stochastic system lives close to the fixed point of
the corresponding dynamical system given by a set of ODEs.

5.2. General Case
To present the required intermediate results in a concise manner, define the following:

nlog(d)? n'~7
(> 1), )
d d

B; =18md"'v/mnlogn + 36m

Note that, B; consists of lower order terms. In particular, B; = o (fo,l‘ﬁ‘f) by (6). Now, correspond-

ing to Step la, we provide a high probability upper bound on §,,,; in the following lemma.

LEMMA 6 (Step 1a). There exists ny € Z, such that for all n > ny, we have
1 (mlogn)/6
n

Proof Sketch of Lemma 6 To prove the lemma, we first consider a family of functions defined as
follows:

’ 2mnlogd 2mnlogd
Ui(s) —min{ Z si—(m—in—o <7b> ;= W(l—o(l)) —si} Vi e [m—1].

; d
l=i+1
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The proof is induction based. The induction hypothesis assumes that U;,(8) = O(y/mnlogn)
w.h.p. and the induction runs backward in the index i. To prove the induction step, we show that
the drift of U;(s) is negative for s € {U;;1(s) = O(y/mnlogn)} and U;(s) > 0. By the iterative SSC
framework, we get U;(S) = O(y/mnlogn) w.h.p. This completes the induction step which shows that
Uy (8) = O(y/mnlogn) w.h.p. Note that, U;(s) is small implies that either s; is large or Z?:iﬂ s is
small. Such a form of SSC is a generalization of the special case of m =1 as depicted in Fig. 7b,
where we show that either s, is large or Z?:z s; is small as in (8a).
To complete the proof, we further consider the following Lyapunov function:

’ 2mnlogd
Up(s) = Zsl —mn—o <Tgb> .
=1

Now, using the fact that U, (s) = O(y/mnlogn) w.h.p., by the iterative SSC framework, we show
that Uy(S) = O(y/mnlogn) w.h.p. Lastly, by lower bounding {5; : i € [m]} using Theorem 2, we
obtain

b B <2mnlogd>
Z S5=o0 Tb .

l=m+1

This completes the proof of the lemma. O

Note that, the bound in Lemma 6 only makes sense if bB,, = o(n). One can verify that bB,, = o(n)
by substituting b <log(n)? and d >log(n)3. This implies that an appropriate upper bound on b is
essential for the proof to work. It turns out that b <log(n)?® works for all d > log(n)?. The result
can be easily extended for b < min{n®°~7, d}. Relaxing the requirements on b and d are part of
future work.

Now, the next lemma corresponds to Step 1b in Fig. 8 and proves an o(1) high probability upper
bound on Z?:m o5 by using the high probability upper bound 5,11 = o(n) that was proved in
Lemma 6.

LEMMA 7 (Step 1b). There exists ny € Z such that for all n > gy, we have

b 1 (mlogn)/7
B 521 §<—> .
n

l=m+2

As 5,41 =o(n) w.h.p., we have §,, .1 <n/2 w.h.p. for large enough n. Thus, the probability that an
incoming customer will be matched with a queue with at least m+1 customers is 0.5¢ < (1/ n)log(")2
w.h.p. as d > Q(log(n)?). We analyze the drift of Z?:mw 5, to obtain a high probability upper
bound on itself.

Next, we employ this bound to improve the upper bound on §,,,1, corresponding to Step 1c in
the following lemma:

LEMMA 8 (Step 1c). There exists s € Z, such that for all n > ng, we have

1 (mlogn)/8
n

The proof of the lemma is a more fine tuned version of the proof of Lemma 6. In particular, the
proof of Lemma 6 uses the coarse bound Z?:m 4151 S bSyy1. Lemma 7 improves this bound by
showing Z?:mﬂ 5;=o0(1) w.h.p., which implies Z?:mﬂ 81 < Syt +o(1). With this refinement, we
repeat the steps of the proof of Lemma 6, to get Lemma 8.
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The rest of the proof of Theorem 3 is based on induction. In particular, we inductively prove
upper bounds on {8; :i € [m]}, where the induction on i runs backward. The induction hypothesis
is given as follows: There exists n;y € Z, such that for all n > n;y, we have

(IH2)

(mlogn)/8—(m—1)
logd 1
+Bi+2(m—i)mn °8 —i-\/mnlogn) < <—>
dm—z+2 n

The base case is to prove an upper bound on §,, that corresponds to Step 1d in Fig. 8. This is
done in the lemma below.
LEMMA 9 (Step 1d). There exists iy € Z such that for all n > ny, we have

(mlogn)/8
1 1
P<§m2n—2mn Ogd+Bm>§<—> .
d n

Further, we prove the induction step, corresponding to Steps 2 to m in Fig. 8.

LEMMA 10 (Steps 2 to m). Assume that (IH2) holds true for i+ 1. Then, (IH2) holds true for

Proof Sketch of Lemma 10 Consider the following family of functions:

Wi(s)=si—n+ dm—it1 dm—it1

2mnlogd . <2mn10gd> vi e [m].
We consider the induction hypothesis Wi, (8) = O(y/mnlogn) w.h.p. and show that the drift of
W.(s) is negative when W, ,(s) = O(y/mnlogn), s;_; >n— O(2mnlogd/d™ "+?), and W;(s) > 0.
Now, by applying Lemma 14 with V = W,,; and €& = {Wi;1(s) = O(y/mnlogn)} N {s;-1 >n —
©(2mnlogd/d™~?)} and noting that P(s€ &)~ 1 by the induction hypothesis and Theorem 2,
we obtain that W;(8) = O(y/mnlogn) w.h.p. This provides the required bound on §;. O
We conclude this section by presenting the proof of Theorem 3 using the results outlined above.
Proof of Theorem 3 Consider the induction hypothesis defined in (IH2). By setting ni;g > 7y,
the base case is complete by Lemma 9. In addition, the induction step is complete by Lemma 10.
Thus, for all n > n;y and i € [m],

logd , log(d)? 1=
P <.§i >n— ngm(zil +19md'~'v/mnlogn + 39m? ndzg(Hz + Zm*i 1{m> 1}>

nlogd . nlogd
g + B;+2(m — Z)mdm—i-l—Z + anlogn)

<1>(mlogn)/8(mi) <1>(mlogn)/9
- S - ’
n n

where the last inequality follows for all n > ng for some ng € Z, as m =o(logn). Thus, by setting
nyp = ma.Xk;e{273)6}{ﬁk7ﬁ]H}, and using Lemma 7 and 8, completes the proof of Theorem 3. ]

<P(5>n—2m

IN

6. Simulations
In this section, we simulate the load balancing model for various values of n and d. To avoid
confusion, all the simulated variables are denoted with a dagger in the super-script.
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Figure 8 Outline of the proof to establish high probability upper bounds, where B,, is defined in (9)

Step 1a: 5,,,, < bB,, M Step 2: 5, 1 <n-— 2””;#(1 —o(1))
Step 1b: Z?:mﬁ 5 =o(1) *
Step k: 5, <n — 2220(1 — o(1))
Step 1c: 5,11 < B, o
Step 1d: 5,, < n — Step m: 5, <n-— 2"’3%(1 —o(1))

Zmulend (1 — (1))

6.1. Setup
Load balancing under power-of-d choices routing algorithm is governed by a continuous time
Markov chain (CTMC) with transition rates g 2 given by

d 1 d
)\<<%) _<SlT+1) > for s*=s'4+e; Vie[b—1]
gs1 s2 = sl — gt fO?" s2 =gl — e; Vi e [b]

0 otherwise.

We fix the initial state s(0) = 0, buffer size b= 10, arrival rate A =n — n® and carry out the
simulation for various values of n and d. For each tuple, (n,d), the CTMC is simulated until it
approximately reaches the steady state. This is verified by plotting the evolution of s'(t) as a
function of time, as in Fig. 9. The mean estimate, i.e. E[8'] is calculated by considering only the
last 40% of the data to ensure that a steady state has already been reached. In addition, to ensure
repeatability of results, this procedure is repeated 5 times for each (n,d) tuple, and the mean of
the 5 estimates is reported in Table 2.

The goal of this section is to compare the theoretical bounds with the simulated steady state
expectations (E[s;]). We massage the bounds given by Theorem 2 and Theorem 3 to hypothesize
the following expression for §; for a finite n: define m* = max{i:n —n'~7d"~* > 0} and consider

Si ) (2) T Lo vi<mt w.h.p. (10)
n 0 Vi >m* + 2.

The advantage of (10) is that it is defined for all d € Z, as opposed to the result in Theorem 1 that
requires d ~n?/™ for m € Z, . Note that, m* can be viewed as a generalization of m as m* =m for
d~n"/™ and m* is defined for all d € Z, . Equation 10 is inspired from Theorem 2 and 3 and it is
consistent with it except for i =m* 4 1, in which case the upper bound in Theorem 3 turns out to
be loose for the simulated pre-limit system. Thus, we omit it from (10) and focus on ¢ # m* + 1.
For the case of i > m* 4+ 2, by Theorem 3, we have §; <1 w.h.p. Thus, 5;/n 20 w.h.p. For the case
of ¢ <m*, consider the bounds given by Theorem 2 and Theorem 3. By dropping the constants
and logarithmic terms in the bounds, we get

5 ) 2mlogd 1 n di—1
n _ gmti-i dm+2—i T
~—— \\/;

di—1 Dropped in (10)  preserved in (10)
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By Taylor’s series expansion, observe that the sum of the first two terms in the above equation is
approximately equal to the ODE fixed point as in (3), i.e. 1 —(2mlogd)/d™ =%~ (\/n)(@~D/(d=1),
Next, we believe that the lower order term % is an artefact of our proof but it can be improved
by further bootstrapping the result of Theorem 2, so we drop it in (10). As it is already o ( df,f’f{ii ),
we do not attempt to improve it in the theoretical analysis. Lastly, the lower order term d'~'//n is
also an artefact of our proof but cannot be improved using our proof technique, and so, we keep it
in (10). Note that d*~!/y/n has a non-negligible contribution in (10) for large 7. For example, when

i=m and 7= 0.4, we have d™~'/\/n >0.05 for all n <20 as d™'/\/n~n 0-5t7=7/mx p=01,

_ a1

Observe that the error from the fixed point, i.e., > — (%) =1 s a different order of n for different
indices ¢ € [m*] in (10). We observe such a qualitative behavior in the simulations as well and
outline the results in Appendix A.

6.2. Results
We simulate the system for n = (102,10%,10%,10%) and set d to be the greatest integer such that
d < (2mn”logd)*™ for m = (1,2,3,4,5). We summarize the results in Table 2. In particular, we

Table 2 Simulated mean, error from (10), and max{i : max;ez, si(t) > 0} for different values
of n and m. Errors greater than 0.05 are boldfaced and highlighted in orange. Cell
corresponding to sj such that maxez, sT(t) =0 are highlighted in blue.

%

Simulated mean: E [Eﬂ /n Error from (10): E |5] — 521 /n
m| n | d [li=1]i=2]i=3[i=4[i=5][i=1]i=2]i=3]i=4]i=5]i:s5=0
1 [10*] 49 ]]0.92 [ 0.10 [0.00 | 0.00 [ 0.00 [[-0.02] — [ 0.00 [ 0.00 | 0.00 3
2 [10°] 7 ][0.92]0.52]0.02][0.00]000][-002] — ] 0.02[0.00]0.00 4
3]10°] 3 ][ 091]0.70 | 0.32[0.04 | 0.00 [[-0.03]-0.10 | — [ 0.04 | 0.00 6
4110°] 2 J[0.92]0.76 | 0.54 [ 0.26 | 0.07 [[-0.03] -0.03 [-0.16 | — ]0.07 8
1 [10° ] 161 ]| 0.97 [ 0.04 [ 0.00 [ 0.00 [ 0.00 || 0.00 [ — [ 0.00 [ 0.00 | 0.00 3
2 [10°] 12 ][ 0.97 [ 0.66 | 0.01 [0.00 | 0.00 [ 0.00 [-0.15] — [ 0.00 | 0.00 4
3]10°] 5 ][ 0.97]0.83]0.38]0.01 | 0.00[[-0.01]-0.02] — [0.01]0.00 5
4110°] 3 J[0.97]0.88]0.66 [0.28]0.02[0.00] 0.02 [-005] — [0.02 7
5]10°] 2 J[097]0.91]0.79[0.61]0.36[0.00] 0.03]0.03]002] — 9
1 [10%] 493 ] 0.99 [ 0.01 [0.00 [ 0.00 ] 0.00 || 0.00 [ — [ 0.00 [ 0.00 | 0.00 3
2 [107] 22 ][ 0.99 [0.75 ] 0.00 [ 0.00 | 0.00 [[ 0.00 | -0.03 | — [0.00 | 0.00 4
31107 7 ]]0.9910.90 | 0.48 ] 0.01 [0.00 [[ 0.00 | 0.02 [ — ]0.01[0.00 5
41107 4 J[0.99]0.94]0.77[0.35]0.02[000]0.02]0.02] — [0.02 6
510" 3 ][0.99]0.95]0.84[0.59]021[000]0.02]0.04 [-0.04] — 8
1 [10° ] 1456 ]| 1.00 | 0.00 [ 0.00 | 0.00 [ 0.00 || 0.00 [ — [ 0.00 [ 0.00 | 0.00 3
2 [10°] 38 ][ 1.00 [ 0.82 | 0.00 [ 0.00 [ 0.00 [ 0.00 | 0.03 | — [ 0.00 | 0.00 4
3]10°] 11 ][ 0.99 ] 0.94 ] 0.51 ] 0.00 [ 0.00 [[ 0.00 | 0.02 [ — ]0.00 [ 0.00 5
4110°] 6 [ 1.00]0.97 | 0.81 [0.28]0.00[[0.00 | 0.01 | 0.04 | — ]0.00 6
5[10°] 4 ][0.99]0.98]0.90]0.65] 0.18 [[ 0.00 | 0.01 | 0.04 | 0.03 | — 7

document the simulated mean {E [51] /n}:_,, the error from (10), i.e. {E [EI —5;] /n}i_,, and the
maximum queue lengths that were observed in the simulation, i.e. min{i : s!(t) =0 V¢t € Z}.
Furthermore, to understand the transient behavior, we plot the evolution of sf(¢) with time for
n=10° and m = (2,4,5) in Fig. 9 and 10. We now summarize the takeaways from Table 2, Fig. 9,
and Fig. 10.
e Equation (10) closely approximates the stationary distribution even for n as small as 10%.
Thus, one can directly employ (10) in practice to obtain close approximations of the stationary
distribution for n > 10* and any d € Z, .
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Figure 9  Evolution of the load balancing CTMC with n=10° and d =4.
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Figure 10  Load balancing CTMC with n = 10° and d = 38 (left) and d =6 (right).
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e No incoming customers are rejected due to a finite waiting space for b > 8. This suggests that
the assumption b = O(log(n)?) is not fundamental to the model. It is merely an artefact of the
proof.

e Under steady state, s(¢) stays close to § given by (10) for all ¢t € R,. In particular, sf(t) ~§
w.h.p.

7. Conclusion and Future Work

In this paper, we characterized the performance of Power-of-d choices routing algorithm for the
sub-Halfin-Whitt regime in the load balancing model. We showed that if d grows polynomially
with n, then the jobs experience a finite delay. On the other hand, if d grows only as Poly-Log(n),
then the jobs experience infinite asymptotic delay. In particular, we characterized the delay for
Power-of-d with d € [Q(log(n)?),n] and v € (0,0.5). Future work is to similarly understand the
performance of Power-of-d choices for other many-server-heavy-traffic regimes.
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Appendix A: Error from the Fixed Point

In Theorem 1, we show that the stochastic system concentrates around the fixed point of the corresponding
dynamical system for large values of n. In this section, we want to understand how the error of the pre-limit
system from this fixed point scales with n. We proceed as follows: fix a value of m € {3,4,5} and set d to
be the smallest integer such that n —n'=7d™~! <0, motivated by our intuition for the choice of d given by
(3). We then simulate this system for n € {104, 5-10%, 105, 5-10%, 10°%, 5-10°} and report the results in
Fig. 11.

Figure 11  Log-log plot of the error of the simulated mean E [§I] from the fixed point (s}) of the ODE (2) for
m =3 (top left), m =4 (top right), and m =5 (bottom left).
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Observe that the reported values of the slope in Fig. 11 is an increasing function of ¢, and so, the error
(s; — s) scales differently as a function of n for i € [m]. Such a qualitative behavior is consistent with our
prescription for the pre-limit s; in (10). In particular, the error from the fixed point in (10) is d*~'/\/n ~
n~0-5+0=1v/m which is qualitatively consistent with the simulations as the exponent is an increasing func-
tion of i. However, the numerical values of the slope reported in Fig. 11 does not closely match with the
prescription —0.5+ (i — 1)y/m as in (10). Nonetheless, the error of s; compared to the fixed points is non-
negligible (Fig. 11) for large values of ¢ and reduces significantly (Table 2) by adding the correction term
d*='/y/n in (10) inspired by our theoretical results.

Note that, [4] shows that the scaling of the error is o(1/y/n) for all ¢ € [m — 1], which appears to be
inconsistent with our simulation results. While we considered a realistic and feasible range of the values of
n, the error might eventually scale as o(1/y/n) as the value of n increases further. We considered the range
of values of n such that the run time of the simulation is at most one day.
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Appendix B: Preliminary Lemmas
B.1. Taylor Series Based Inequalities

In this section, we present a few inequalities based on Taylor’s series expansion which will be useful later to
bound some of the terms.

LEMMA 11. Let f(d) be such that df (d) — 0 as d — co. Then, there exists dy such that for all d > dy, we
have

logd ¢
<1—r 4 +f(d)> §d—.

2
LEMMA 12. Let f(d) be such that df(d) — 0 as d — oo and f(d) >0 for d>dy for some d; € Ry. Then,
there exists da € Ry such that for all d > dy, we have

1
1L—df(d) < (1= f(d))" < 1—df(d) + 5d* f(d)*.
LEMMA 13. There exists n, € Zy such that for all n >n,, we have

n vmn(logn)/2 1
—_ D —
(n—f—\/mnlogn) — p(mlogn)/4

For the rest of the appendix, we consider n to be large enough such that all the results in this section holds
true.

B.2. Iterative State Space Collapse
We start by formally defining the drift of a Lyapunov function. Let ¢s o be the rate at which the CTMC
transitions from s to s’.

DEFINITION 1. Consider a Lyapunov function V' : S — R and define the drift of V' at state s as

AVE) = Y g (V(S) - V(9)).
s'€S,s'#s

State Space Collapse: If the drift of V(-) is such that AV (s) < —y when V(s) > B for some v, B € R,
then, one can obtain high probability tail bounds on V(§) [3] that depends on B,~ and the properties of
the CTMC. Intuitively, every time the CTMC jumps to a state s such that V(s) > B, due to a strong drift
(AV(s) < —v), the CTMC will quickly jump back to a state such that V(s) < B. Loosely speaking, the
stationary probability P (V' (8) > B + j) decreases exponentially in terms of j. This implies that the underlying
CTMC {s(t): t > 0} “collapses” to a subset of the state space {s € S:V(s) < B+ j} for a large enough
jeER,.

Iterative State Space Collapse: The main challenge in obtaining SSC is to show that the Lyapunov
function V'(-) exhibits negative drift when V(s) > B. The authors in [21] ingeniously showed that if £€C S
such that P(§¢ &) ~ 0, then, it suffices to show negative drift for s € £: V(s) > B. Thus, by exploiting the
properties of the stationary distribution of {s(t): ¢ > 0}, one needs to show negative drift for only a subset
of the state space. We state this as a lemma below.

LEMMA 14. Consider a Lyapunov function V : S — R such that V(s) > D for all s €S for some D € R.
Consider

Vmax = max |V (s') = V(s)| < oo,

S,S/GS,qs’s/ >0

and define
Gmax = r?ésx Z qs,s’ .
s'€S:V(s)<V(s)

Assume that there exists a set € with B> 0, v>0, § >0 such that the following conditions are satisfied.
o AV (s) < —~ when V(s) > B and s €€,

e AV(s)<d when V(s)>B ands¢€.
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Then,
P(V(S) > B+ 2Umaxj) < +BP(5¢E) Vj€EZy, (11)
with

a= _ GmaxVmax and f[= é + 1.
qmaxymax + FY FY
The above lemma is obtained by directly using [21, Lemma 10] with V' =V — D as [21, Lemma 10] requires
the Lyapunov function to be non-negative. It’ll be helpful to note that proof of almost all the following
lemmas follows a four-part template.
1.Define a Lyapunov function V'(s) depending on what is required to be proved.

2.Show that AV (s) < —y/mnlogn for all s € £ such that V(s) > 0, where P(§€ &) ~ 1. Lemma 11 and
Lemma 12 will be useful in completing this step.

3.Apply Lemma 14 to obtain a high probability bound on V(8). In all the instances of application of
Lemma 14, we use B =0, j = v/mn(logn)/2, Vmax = 1, gmax = 6 =n, and 7 = y/mnlogn. This also implies
that 8 < +/n for large enough n. Also note that, Lemma 13 will be useful in simplifying the expression
obtained. In particular, we have

n vmn(logn)/2
P (V(s) > vVmnlogn) < (m) +/nP(5¢E)
1 (mlogn)/4g
g(ﬁ) VPS¢ E).

4. Translate the high probability bound on V(8) to the required bound by employing basic results in
probability like union bound, law of total probability, etc.

Appendix C: Proof of Lemmas for Lower Bound
Proof of Lemma 1 (Base Case) To prove the lemma, we consider the following Lyapunov function:

2mnlogd 2nlogd
d d?

Now, we analyze the drift of Vi(s) when Vi(s) > 0. Thus, we have s; <n — 2"#;0“ - % — v/mnlogn.
Now, the drift is given as follows:

d
Avl(S)—Sl—SQ—A<1—(%) >
2mnlogd 2nlogd o2mlogd\®
n— Mmnosd  “nog vmnlogn — A 1—(1— m2og ))

Vi(s)=n vmnlogn — s;.

< —
- d d?

d
(@) 2mnlogd 2nlogd 2
<n-— pi -z —\/mnlogn—/\(l—dQ—m>
2mnlogd 2nlogd 2
< _Lmniogd ndzg —v/mnlogn + —d;’L" +nt

(v)
< —yv/mnlogn,

where (a) follows for all n > ng for some ng € Z, by Lemma 11. Next, (b) follows by the following observations:
27””;0“ > 27”;;"“ =n'"7, and d%—’}n < 3—3}. Thus, we have Vi (s) < —y/mnlogn for all n > ng. By Lemma 14,
we get

) Vmm(logn)/2 1

P (Vi(s) > v/mnlogn) < ( < pmlogn)/4

n
n—++/mnlogn

where the last inequality follows by Lemma 13. This completes the proof. O
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Proof of Lemma 2 Define a family of functions {V;(s) : i € [k]} for k> 2 as follows:

. nlogd .
mk(s):si—n+3szil Vie[k—1]
logd
Vir(8) —n—3km 28

— Sg-

Now, using the above family of functions, we define the Lyapunov functions {L;, : I € [k — 1]} as follows:

k—1
L =Vie— Y Vi, L =Vi Vielk-1]
=141

Lux = min {Lf,?, L§,§>} vie k-1
To prove the lemma, we make use of the following claim:

CLAIM 1. There exists n. € Z4 such that for all n > n.1, we have

1 (mlogn)/4—4(k—1)m—(k—1)
P (le(§) > \/mnlogn) < (—) .

We defer the proof of the claim to Appendix E and continue with the proof of Lemma 2. We analyze the drift
of Lg?(s) resulting in a high probability upper bound on L(()?(s) which will 1mp1y a high probability lower
bound on §;,. We start by analyzing the drift of L{}) (s) when L{})(s) >0 and s € C ﬂk 'DY where

Cl(jc) ={Ly <vmnlogn} Vi€ [k—1] (12a)
5mnlogd

First, by using that s € C1 +,» we get a useful upper bound on s; as follows:

L(()}c)()>oz>‘/kk Z‘/jk ) > Vik(s)

= Vii(s )<\/ nlogn as SECS,z

logd logd
=51 §n—3mn Og +\/mnlogn§n—5mn Og , (13)
d* 2d*
where the last inequality holds because m"logd > m”;"gd =n'=7/4> \/mnlogn for all n > ngl) for some

(1) € Z, independent of k. Next, we get a useful upper bound on s; as follows:

k-1
LG () > 0= Vig(s) = > Viu(s) > 0
j=1
lood =1
= s <n—3km ”Og 3 Viuls)
j=1
nlogd Uty M
=5, <n—3km ] +2.5mn10gdzw as seerl(1>
=1 1=1

logd
= Sk Sn—3mn o8 ,
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where the last assertion follows by using the bound 1/d' <1/d for l € {1,2,...,k—1}. Now, the drift is given
as follows:

S d
AL&? (S) =81 — Sk+1 — A (1 — (—k) >

n
(a) nlogd logd\*
< _ _ _ o7
<n-—5bm 5k /\<1 (1 3md)
(b) nlogd 2
< m—_ _ _ =
<n-—5m 5k A (1 d3m>

nlogd = 2n
< _ Z
< —-5m Sk + e +n

(2 nlogd 2n

> -m 24k d3m

(i) nlogd < nlogd
-m -m

- ) 4dk( )_ 4dm

< - gnl’"’ < —yv/mnlogn,

where (a) follows by lower bounding s,1; by zero and using the upper bounds on s; and s, given by (13) and
(14) respectively. Next, (b) follows by Lemma 11. Further, (¢) follows as 2m"1°gd >2m ”logd =n'"7. Now,
(d) follows as m™%8¢ > mo8d Thys, there exists n( ) € Z independent of k such that for all n > n(Q)
we have m”i‘;gd 2 2n/ d® as d increases with n. Lastly, (¢) follows as there exists n{® € Z_ such that for
all n.>n'¥, we have n!=7/8 > \/_10gn. Thus, for all n > maxke[g]{n§k>}, we have ALSY (s) < —y/mnlogn
when Lgk)( )>0and s€ C(l) ﬂ Dl(l). Now, by using Lemma 14, we get a high probability upper bound
on L{Y(8) as follows:

P (L§)(5) > vimnlogn)

n (vVmnlogn)/2 (1) )
—_ Pls¢Ci N[ |D
(n—i—\/mnlogn) VP (s¢ ﬂ

()" (e Eroe)

(mlogn)/4

—
INE

—~
<
~

1 1 (mlogn)/4— 4(k l)m (k—1) 1 (mlogn)/4—4(k—1)m
<(3) v (1) +vith-1) (1)

n n n
(c) ( 1 ) (mlogn)/4—4(k—1)m—k < 1 ) (mlogn)/4—4(k—1)m—m
S - S - )

n n

where (a) follows by Lemma 13. Next, (b) follows by bounding P (S ¢ C§1,2 using Claim 1 and P (s ¢ Dl(l)

bounded by using (IH) and noting that the lower order terms in (IH) are upper bounded by mnlogd/(2d*™).
In particular, by (6) there exists n ) e Z. independent of k such that for all n > n§4), we have

nlogd nlog(d)? _
m dk 7 _16 3w+4mdl 1vmn10gn Vle[k—l] (15)

Lastly, (¢) holds for all n > n ) e Z, for some n > n ) e Zy . Now, we use the above probability bound to
obtain the required result for the lemma as follows.

nlogd = k
{ (1)()>,/ 1ogn}: kn — 3km dg —3mnlogdzm—2512\/mnlogn
=1 =1

logd
D) skgn—?)kmn o8

k—1
l
— 3mnlogdz P \/mnlogn}
=1

logd
skgn—6m2n Zg },

U
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(6)

where the last assertion follows as there exists n ) e Z. independent of k such that for all n > n;”’, we have

k—1

l 2
3mn10gdz p T ++vmnlogn < 3mnlogd (d2 pE ) ++vmnlogn

(®)
2 6m? n log d

+vm 10gn<3 in(c)lgd

where (a) follows by using the bounds £ <m and 1/d' < 1/d3 for all € {3,...,k—1}. Next, (b) follows as
m?/d® <m/d? for large enough n. Lastly, (c) follows as /mnlogn <n'~7 =2mnlogd/d™ < 2mnlogd/d <
2m?nlogd/d and 6/d*> < 1/d for large enough n. Thus, by defining n, £ maXye|g] {ngk), } the proof is
complete. O

Proof of Lemma 3 We will prove this using induction. For some j € {1,...,k—1}, the induction hypothesis
is given as follows. There exists nél) € Z such that for all n > ngl), we have

mlogn 4( ) —(k—j)
P(sj<n 32m+k—j)m "logd —Jm 10gn>_(l> . (IH2)
n

Note that, the above expression would directly imply the required result as shown later in (16). The base
case (j = k) is satisfied for all n > n; by Lemma 2. Now, we show the induction step for j. Define the family
of Lyapunov functions {W;(s):1 € [k — 1]} for k> 2 as follows:

nlogd

Wl(s):n—3(2m+k—l)mw

— 5.

We analyze the drift of W;(s) when W;(s) >0 and s € Cj(?l ﬂ’D( )1 where

c? = {Wi(s) < Vmnlogn} Vie[k—1]

P~ —%,flgd viek—1].
The drift is given as follows:
AW;(s)
() (2))
(§)3(2m+k—j—1) nlogd +v/mnlogn

5mlogd ) logd ¢

b) logd
§3(2m+k—j—1)mnd§i +v/mnlogn
5mlogd . logd 2 o log(d)?
- - g +3(2m+k—j)mdk _—9(2m+k—j) Uy
nlogd ni=7logd 2 onlog(d)?
g—de — +/mnlogn+32m+k—j)m W+9(2m+k—j) M

(c) n log d (d)

< - Uy —vmnlogn.

where (a) follows by bounding s;_1,s; and s,4; using s € C( ) ﬂD(Q)l and W;(s) > 0. Next, (b) follows by
Lemma 12.
Further, (c) follows as there exists n$® € Z, | independent of j and k such that for all n>nS?, we have

nlogd (e1) nlogd 1 (cz)

> > — \/ nl
121dké (—) 1%dmd— 21" " nosn Cnd
nlogd (cs n og _ . n- Tlog
Magrs = Mggeg <108 < S@mtk—j)m—g=

nlogd (c>s) nlogd  486m3logd (06)

o nlog(d)?
e o vy

2d2k—2j ’
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where (c1) follows as k — j <k <m, and (c2) follows as v < 0.5. Next, (c3) follows as v >0 and m <
logn, and (c4) follows as 3(2m+k—j) < 9m. Lastly, by (5), (cs) follows as m3logd/d < v*log(n)?(1 +
o(1))/(dlog(d)?) — 0 as n — oo, and (062 follows as 3(2m+k—j) <9m.

Further, (d) follows as there exists n$” € Z, 1ndependent of j and k such that for all n > n$® we have
mnlogd/4d™ > \/mnlogn. Thus, for all n > max{n$®,n$"}, we have AW,(s) < —y/mnlogn when W;(s) >0
and s € C(Q)1 N D(Q) Now, by using Lemma 14, we get a high probability upper bound on 5, as follows:

B 5 nlogd

<P (Wj (s) > \/ﬁlogn)

O n (vmnlogn)/2 : @) @)

 (irgmen) Ve (sEeinD)

© /1 (mlogn)/4 . @ @

< (5 +vi(P(s¢c)+P(s¢D))

() 1 (mlogn)/4 1 (mlogn)/4—4(k—1)m—m—(k—j) 1 (mlogn)/4—4(k—1)m
< <E> +vn +vn (ﬁ)

n
() 1 (mlogn)/4—4(k—1)m—m—(k—j+1)
= (3)

n

)

where (a) follows for all n > ng ) for some n ) eZ, as

1 d
-32m+k—j5)m o og —+v/mnlogn
5 nlogd nlogd
>n—9m dkfﬁé —|—3mdk1 Hdl —vmnlogn -
nlog n og nlog
Zn—9m2dk7j+l +3m —+v/mnlogn >n—9m 2dk—j+l' (16)

Next, (b) follows by Lemma 14 and (¢) follows by Lemma 13. Now, (d) follows by upper bounding P (§ ¢ CJ(._Q,_)l)

using (TH2). In addition, P (§ ¢ Dﬁ)l) is upper bounded by using (IH) and noting that the lower order terms

in (IH) are upper bounded by mnlogd/(2d*~9*1) using (15) for all n>nS for some n ) € Z,. Lastly, (e)

(6) (1

follows for all n > ng ) for some ny € Z4. Now, by considering n, = nQ ) > maxke[ﬁ]{nz ,n1}, the induction

step is complete. Thus, we have

(mlogn)/4—4(k—1)m—m—(k—1+1) (mlogn)/4—4(k—0.5)m
logd 1 1
P(slgn—sznOg )g(-) <<_> Vi€ [k].

dkfl-l—l n - n

This completes the proof of the lemma. O
Proof of Lemma 4 Define the family of functions {W;,(s) : i € [k]} as follows:

nlogd

nlogd
JE—it2

Wi(s) =8, —n+ 2mdk7iJrl +(2i+1)d"vmnlogn+3(i+1)m
logd logd
n (c)lg —dek’lx/mnlogn—lomzn;g — Sk

Now, we use the above family of functions to define the Lyapunov functions {Z;, : i € [k]} as follows:

Vie{l,... k—1}
Wik(s)=n—2m

k—1
1=i+1
Zi), = min {Z},}’, Z;f)} Vie k- 1].

To prove the lemma, we make use of the following claim:

CLAIM 2. There exists neg € Zy such that for all n > n.o, we have

1 (mlogn)/4—4(k—0.5)m—(k—1)
]P’(Zlk(§)2\/mnlogn) < <—> .
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We defer the proof of claim to Appendix E and continue with the proof of Lemma 4. We analyze the drift
of Zéi)(s) when Zéi) (s)>0and se C(S) ﬂk 1D(3) where

Cl(“z) ={Zi1(s) <v/mnlogn} Vie| ] (17a)
9m3nlogd

We first obtain a useful upper bound on s; as follows.

Z§5)(5) > 0= Wi (s ZWM ) > Wi(s)

= Wik(s )gx/ nlogn as S€C§3,2

logd logd
nog —2y/mnlogn — 6m =8 (18)

=5 <n—2m 7 T

Next, we will get a useful upper bound on s, as follows:

1 d 1 d k-1
Z§(8) 2 0= 5 <n—2m"—5C —2kd"! /mn logn — 10m? 2 ZWM
S <n—2mn10gd 2kd*~'\/mnlogn — 10m nlog d+9m nlogdz
o d d? s dl
o am (19)

where (%) follows as s € ()~ 1’D(3) and (xx) follows as there exists n ) e Z, such that for all n > n( ) we
have

s,nlogd
az

Im nlogdZ— < 9m?2nlogd <d2 d3> <10m

where the last inequality follows by noting that m/d — 0 as n — oco. Now, the drift of Zé,?(s) is given as
follows:

d
AZO(}C)(S) =81 — Sk+1 — A <1 — (S—k) )

n
(a) nlogd nlogd logd ¢
<n-2m 7 —2y/mnlogn — 6m——— P A<1—<1—2 0
®) nlogd nlogd 2
<n-2m 7 —2y/mnlogn — 6m——— Jiri _)\<1_d2—m)
nlogd nlogd 1 2n
< —2m = —2y/mnlogn — 6m= T T ”’—i—dQ—m

(c)
< —2v/mnlogn < —y/mnlogn.

where (a) follows as sg+1 >0, s1 is upper bounded as in (18), and s, is upper bounded as in (19). Next, by
Lemma 11, there exists néQ) € Z.. independent of k such that for all n>nl>, (b) follows. Lastly, (c) follows
by noting that

nlogd S 2mnlogd o

2m -

dk - m
nlogd> nflogd>6 nlogd 2n
dk+1 Zom dm+1 ZOm—s - d?m — d?m

where the last set of inequalities follows as m > 2 and there exists n ) e Z, such that for all n > ng >, we
have logd > 1. Thus, for all n > maxe(s {né >}, we have AZ{V(s) < —/mnlogn when Z{})(s) > 0 and
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s € C§3) ﬂ (3) . Now, by using Lemma 14, we obtain a high probability upper bound on Zéi) (8) as
follows:

(Zox(8) = v/mnlogn)

(vmmnlogn)/2 k—1
) +vaP |s¢cn ﬂD§3>

=1

(mlogn)/4—4(k—1)m

P
g

© (%)<mlogn>/4+\/ﬁ<]?( C§§))+ZP( D(iﬂ))
(

1 (mlogn)/4 1 (mlogn)/4— 4(k O 5)m—(k—1) 1
—) +\/ﬁ<—) +vn(k—1) <—>
n n n

( 1 ) (mlogn)/4—4(k—0.5)m—k 1 (mlogn)/4—4(k—0.5)m—m
<(3)

’
n

where (a) follows by Lemma 13. Next, (b) follows by upper bounding P (§ ¢ C(s)) by Claim 2, and upper

bounding P (5¢ D{¥) for all n > n, by Lemma 3. Lastly, (c) follows for all n > n{" for some n$" € Z_
independent of k. Now, to complete the proof, note that

{Zon(s) > \/_logn}

k k
_ nlogd (14+1)
{kn 2mnlogd E —+vmnlogn E (20 +1)d"™ —10m? 2 —3mnlogd E dk T E
1=1 — =
Zx/mnlogn}
logd logd
D) {Ek §n—2mn Zg —3mdk1\/mnlogn—12m2%},

where the last assertion follows as there exists n ) e Z4 independent of k such that for all n > n(5), we have

(14+1) snlogd onlogd
3mn10gdzdk 2 <3m pE <m 2

k
1 1 m 3mnlogd ® _ ,nlogd
2mnlogd ZE mnlogd(dQ—i—ﬁ) ST < 3m 52

k
\/mnlognZ(% +1)d"~ " +v/mnlogn < (2m+1) (d" ' +md"?+1) Vmnlogn
1=1
<3md*~'v/mnlogn,

where we used the fact that k¥ <m and m?/d — 0 as n — oco. Note that, (x) follows as m > 2. Now, by defining

A (k) .
N3 = maxye(s]{n3 ,N2,Ne2}, the proof is complete. O

Proof of Lemma 5 We will prove this using induction. For some j € [k], the induction hypothesis is given
as follows: there exists nfll) € Z4 such that for all n > nil), we have

_ nlogd e . nlog
P sj§n—2mm—(4m—j)dJ Ymnlogn —16(k—j+1)m ZTJ(_FQ vm logn)
1 (mlogn)/4—4(k—0.25)m—(k—j)
(1) | -~

The base case (j = k) is satisfied for all n > ng by Lemma 4 as

1 logd
(4m — k)d*~'\/mnlogn + 16m2w ++/mnlogn > 3md*~'v/mnlogn + 12m Qn;g .
Now, we show the induction step corresponding to j € [k]. Consider the Lyapunov function
~ nlogd N . nlog(d)?
W;(s)=n— 2mdkﬂ_+l — (4m — §)d’~*/mnlogn — 16(k — j + 1)m2w — 5.
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We analyze the drift of W, (s) when W;(s) >0 and s € Cj(i)l ﬂ’DJ( Y, where

¢ ={w, < \/mnlogn} Vi € [k]

nlogd
DY = slzn—ngdle} vl € [K].

Now, the drift is given as follows:

ATV (5)

)

2”10g( )?
<2m T + (4m —j—1)d’/mnlogn + 16(k — j)m pr +vmnlogn

logd lo d logn . log(d)?\ *
—A(1—9m2dkj+2) +/\<1—2 sy — (4m — j)vmd ! NG 16(k—j+1)m? Tt
(b) logd 1
< 2mnd0g +(4m —j—1)d’/mnlogn + 16(k — j) 2 log(d)” i ++vmnlogn

dk Jj+1
logd logd ,log(d)?
2
Y (_9m Jk—it1 +2mdk ~+ (4m—j)v d] (k=j+1)m Jk—it1
1 d)? at I d)*
E <4m2 o8 4 (am — 2man 2 +256(k:—j+1) m ﬂ)

J2k—2i+2
. log(d nlog(d)? , log(d)*
< —d’/mnlogn—Tm 21 log(d)” > +v/mnlogn + 6m? L(? +24m>d* log(n)? + 384m6m

) dk—i+1 L d2k7212 d?k—25+2
“logd 7log(d

n_Josd pr (jg +4vmmd’n® 5" logn + 16m3 84 og(d)

,nlog(d)®

drk—3+1
< —d’/mnlogn —m p +v/mnlogn + 24m3d* log(n)* + 384m
nt- ‘*logd snt "7 log(d)?
dk— dk—i+1
(d)

1 .
< - §d]\/mnlogn+\/mnlogn § —vmnlogn,

+

+2m
snlog(d)*
J2h—2j+2

+om” +4v/mmd’n®5 7 logn + 16m

where (a) follows by the lower bound on s;_1, ;41 and upper bound on s;. In particular, as s € DJ 1, we get
a lower bound on s;_;, as W (s) >0, we get an upper bound on s;, and as s € CJ(+>1, we get a lower bound
on s;41. Next, (b) follows by Lemma 12 and using the identity (a—l—b—l— c)? <3(a?+b%+c?). Now, (c) follows

as k — j > 1 which implies that k — j 4+ 1 < 2(k — j). Lastly, (d) follows as there exists n\>) € Z_. such that for
all n > nf), we have

1 ,nlog(d)? (401 ,nlog(d)?  768m*log(d)? snlog(d)*

§m dk7j+12 z §m 1dk—j+1 dk;j—&-l = 384m d2k 2742 ) ,
1 ,nlog(d)® (4201 n'~7logd () n'~7Tlogd (d4) =71logd 3n' 77 log(d)
§m dk—it+1 Z Zmdkfj—&-l—m = 3m dk—i z 2m dk—i 16m dk—i+1

. (dS) . (d)) .
—d’\/mnlogn > 24m>d’ log(n)?(2mn”logd) ZF 24m>d* log(n)?
. (d7) .
~d’/mnlogn > 4v/mmd’n® 5" logn,
where (d; ) follows as m*log(d)? /d*=9t1 <m*log(d)?/d* <log(n)*/(dlogd)? — 0 as n — co. Next, (ds) follows
as 2n"mlogd > d™, (d3) follows as m > 2, and (d4) follows as m?logd/d <log(n)?/(dlogd) — 0. Now, (ds)

follows as v < 0.5 and m <logn, and (dg) follows as d? <d™ > 2mn”logd. Lastly, (d;) follows as v >0 and
m <logn. Further, () follows as there exists n{®) € Z, such that for all n >n{", we have

, 1
—d’y/mnlogn > gd\/mnlogn > 2v/mnlogn.
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Thus, for all n > max nim,nf) , we have AW, (s) < —y/mnlogn when W;(s) >0 and s € C(+1 ﬂ’DJ(-f)l. Now,
by using Lemma 14, we obtain a high probability upper bound on 5; as follows:

d* dk—i+2
=P (VVJ (8) > \/mnlogn)
(a) ( n )(\/Wlogn)/Q

n+/mnlogn

logd 1
P(Ejgn—2mnog — (4m — j)d’~v/mnlogn — 16(k — j+ 1)m 2 log(d)? —vm logn>

A

+ /P (5 ¢cn Dﬁ’l)

() 1 (mlogn)/4 @ @
2 ()" (e rectt) ve o)
(<) ( 1 (mlogn)/4 1 (mlogn)/4—4(k—0.25)m—(k—j) ( 1 ) (mlogn)/4—4(k—1)m
<|= +Vvn +vn|-—
n n
(d) 1 (mlogn)/4—4(k—0.25)m—(k—j+1)
S (_) )
n

where (a) follows by Lemma 14 and (b) follows by Lemma 13. Next, (¢) follows by upper bounding
P (§ ¢ Cj(fl) using induction hypothesis (IH3) and upper bounding P (_ ¢ D§4>1) for all n > ny using Lemma

3. Lastly, (d) follows for all n.>n{" for some n(? € Z, . By considering n, = n( ) > mMaXye(4) {nff), na, n3},
the induction step is complete. To complete the proof, note that

2
]P’(sj Sn—2mglo—gd—4 d'~ty/mnlogn — 3%
@]P’ . 5 nlogd i1 ,nlog(d)?
<Pl&sn—2ma—m - (4m — j)d’~'v/mnlogn — 16(k— j + 1)m e vmnlogn
1 (mlogn)/4—4(k—0.25)m—(k—j+1) 1 (mlogn)/4—4km
< (—> < <—) vj €[k,
n n
where (x) follows as j > 1 and k <m. This completes the proof of the lemma. ]

Appendix D: Proof for the Upper Bound
D.1. Proof of Lemmas for Upper Bound
We start by re-stating the expression of B; below that was defined in (9) for convenience.

log(d)® | n'™
3% C—1{m>1} Vie[m)

Now, we start by stating and proving a ‘master’ lemma that will help us in proving Lemma 6, Lemma 8,
and Lemma 9.

B; =18md'~'v/mnlogn + 36m

LEMMA 15. Let B,,12 <nb and x € Ry and n n ) e Z4 be such that for all n > n( ), we have

m logn

1P>< zb: 5 2Bm+2> < <%>— (20)

I=m+2
Define
B, =1+ (b—-1)1{B,,+2>2}) (17mdm1mlogn + 36m3nl%2(d)2 +n' 1 {m > 1}) :
Then, there exists n ) e Zy such that for all n > n( ), we have
a5y ~m—2
P (5,011 > Bl +v/mnlogn) < <%> i (21)
mlogn

lood 1\ max{=,5} m—2
]P)<§m2n—2mn (c)ig +B;n+\/mnlogn> < <—> : (22)
n
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Proof of Lemma 15 Consider the following functions:

b

Lpti(s)= Y 51— (14 (b—1)1{B12>2}) x

l=m+1
log(d)?
8md™*/mnlogn + 18m3nod# +n 1 {m > 1}>
nlogd nlogd
Ll(s):n—2md i_l +31d"'/m logn—i—lmd lg+2 -5 Vle[m].

Now, we define the Lyapunov function U;(s) in terms of {L;(s) : ] € [m + 1]} as follows:

U (8) = Lonsa(s) = Y Lils

U =L
U, (s) = min {Uj(l) (s), Uj(2> (s)} .

We use induction on j € {1,...,m} to show the following claim:

CrLaIM 3. There exists fi. > ﬁél) such that for all n > n., we have

mlogn

max{z,5] "
P(U1(§)2\/mnlogn) < <l> .
n

We use the high probability upper bound Z;’:m 4281 < Btz to prove the above claim. We defer the details

of the proof to Appendix F and continue with the proof of Lemma 15. Now, we analyze the drift of Uél)(s)
when UM (s) >0 and s € C{" where C{" = {U,(s) < y/mnlogn}. First, we obtain a useful lower bound on
s1 as follows:

UM (s)>0= Lyga (s ZL
(:*>)L1( ) <v/m logn

nlogd
dm

nlogd

=S5 >n—2m +2v/m logn—l—mdm_H,

where (x) follows as s € ¢!V, Now, the drift is given as follows:

AU (8) = —s1 + A <1 - (%)d)

(a) n logd

nlogd
< —n+2m o8

1—
_2\1/ dlogn md T +n—n""
(b) nlog
——2\/mnlogn—mdm+l

—vmnlogn.

where (a) follows by using the trivial bound s, > 0 and lower bounding s; using (23). Next, (b) follows as

m is assumed to be integer. In particular, we have n!=7 = 2m";‘f§d Thus, we have AUél)(s) < —y/mnlogn

when Uél)(s) >0andse (ff”. Now, using Lemma 14, we have

)(Wlogn)/Q

P (US"(5) 2 vimnlogn) < (W + VP (s¢cl)
@ )’“g"/ +\/_P( ¢é£1>)

(1 (mlogn)/4 1 %7M
&) ()

1

¢

—~
INS

mlogn

max{t 5} —m~—1
) , (24)

—~
o

)

IN
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where (a) follows by Lemma 13 and (b) follows by Claim 3 for all n > fi.. Lastly, (c) follows for all n > i\’

for some ﬁ((f) € Z4. Now, we will translate the above probability bound to the one required for the lemma.
Define Dl(l) as follows:

nlogd nlog(d)?
D = {s >n—2m dilg_kl—élmdll\/mnlogn—mm:sdmgis_kz} vl € [m].

We first prove the high probability upper bound on 5,,; below.

P(Spn41>B,,) = @p <§€ {8m+1 > B, }N ﬂﬁl(l)> +P (56 {8m+1 > B, 1N U ﬁz““)
=1

=1
(b)

<P se{sm+1>B’}mﬂﬁf” +Z]P’(§¢ﬁf”)
=1

© . /1 (mlogn)/5-1
<P se{sm+1>B’}mﬂDf) +<E>
=1

( ) 1)(mlogn)/51

Zp (U8 () > Vmlogn) + (ﬁ

(e) /1 W*mfl 1 (mlogn)/5-1
n n
<1>%m2
S ;
n

where (a) follows by the law of total probability, and (b) follows by the union bound. Next, (¢) follows by
Theorem 2. Now, (d) follows by noting the following;:

= . () log(d)2 = N
{8ms+1 =B/ }N ﬂ {s = ’Dl(l)} C {Lm+1(s) >9md™ tv/mnlogn + 18m3n()d#} N ﬂ {s € ’Dl(l)}
1=1 =1
(%)
C {Uél)(s) > \/mnlogn} . (25)

where g ) follows as 1{m > 1}n*=" >0 and (+*) holds for all n > 5" for some 7\* € Z, . In particular, note
that US" (s) = Lyi1(s) — >t Li(s) and we can upper bound " | L;(s) as follows:

5 m m 1
s€ ﬂ DM = Z L,(s) < Tm+y/mnlogn Z d'' +17m3nlog(d)? Z g
1=1 =1 =1 =1
o nlog(d)?
ER
Lastly, (e) follows by (24). This completes the proof of (21). Now, we will prove (22). Similar to the upper
bound on 5,41, we get

logd
P(s7n2n—2mn Zg —i—B,’n>

logd m—1 _ 1 (mlogn)/5—1
§]P’<§€{5m2n—2mn 08 —i—B;n}ﬂﬂ {se’Dl(l)}>+(—>
d n

=1

() 1 (mlogn)/5—1
§]P’(U(1)()>w logn) ( )

g

1 #:ﬁ} m—1 1 (mlogn)/5—1
< (= +(=~
n n
mlogn
1 maxtesy M2
< |- .
n

where (%) follows by noting that Uél)(s) = Ly4i(s) — >0, Li(s) and bounding the terms
{Li(s):1 € [m+1]\{m}}. In particular, note that

Li1(8)>—(1+(0—-1)1{B,.+2>2}) <8md7”1\/mnlogn +18m

< 8md™ *v/mnlogn + 18m

3n10g(d)2

2 +n' 71 {m > 1}>
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Also, as s€ ("' D there exists 2> € Z, such that for all n > 7", we have

m—1 m—1 m—1

Z Li(s) < Tmy/mnlogn Z d'"~' 4+ 17m’nlog(d) Z dm h2
=1

1=1
log(d
< 8md™%\/mn logn + 18m3%

3nlog(d)?
a2
Where the last inequality follows for d > 18/17. Combining the bounds, we have

<md™ *vmn logn +1Tm

log(d)?
> — (14 (b— 1)1 {Buye > 2}) ( 9md™ /mnlogn + 35m3”°d# +nl 1 {m > 1}> — L(s)
log(d)?
> (14 (b= 1)1 {Bysr > 2}) (12mam=1 Vi logn + 36m3 2D 41— gy~ 1}> +B,

42
> v/mnlogn,

where the second last inequality follows by using the lower bound s,, > n — 2mnlogd/d + B! . Thus, by
defining n( ) = MaXye(3,4,5} {no , M}, the proof is complete. O

Proof of Lemma 6 By applying Lemma 15 with B,,42 = nb, =1, nél) =1 and noting that B] +
vmnlogn <bB,,, for all n > n(Q) we have

1 (mlogn)/5—m—2 1 (mlogn)/6
P (841 >0B,) < <—> < (—) ,

n n

where the last inequality follows for all n > nll) for some n(l) € Zy and B,, is defined in (9). Thus, by

defining 71, £ max{ngf), 11)}, the proof is complete. O

Proof of Lemma 7 Consider the Lyapunov function:

7n+2 E Si-

l=m—+2

=E[AUn+2(8)] = —E[8p42] + E [)\ <(§mT+1)d - (%)dﬂ .

In steady-state, we have

Thus, we have
E[Smi2] o
-sf({y- @)

(%) nlk (§m+1 )d}

n
= d
® nlk (—Sm—H )
n

© (bB,\*
S n ( ) +’I’L]P) (gm-i-l 2 me)
n

(d) bB d 1 (mlogn)/6—1
<n <—’”> +

3 d
Smt1 > me} P (5,41 > bB,,) + nE {(M)
n

5111-‘,—1 S me:| P (gm-l—l S me)

n

n
(e) 1 log(n)? 1 (mlogn)/6—1 " /1 (mlogn)/T7
GG =0
n n n

where (a) follows as A <n and s, > 0. Next, (b) follows by the law of total expectation. Further, (c) follows
as P (5,41 >bB,,) <1 and s,,41 <n. Now, (d) follows for all n >n; by Lemma 6. Lastly, (e) follows for all
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n > for some 7y € Z, as bB,, = o(n) and d > Q(log(n)?) and (f) follows for all n > @y for some 75>
as m = o(logn). Now, by Markov’s mequality, we have

1 (mlogn)/T

IED (§m+2 2 1) S ]E [§m+2] S (_> .

n

Lastly, note that as sy, > sy, for all k; <k», we have
b
{Sm+221}:{ Z 8121}
l=m+2

Thus, by defining 715 2 max {ﬁl,ng ), néz)}, the proof is complete. O

Proof of Lemma 8 and Lemma 9 By using Lemma 7, for all n > n,, we have

b 1 (mlogn)/7
P 5, > — .
> sx1)<(3)
l=m—+2

Now, by using Lemma 15 with B,,,45 =1, z =7, 2{") = fiy and noting that B/, +/mnlogn < B, as B,,4s =1,
for all n > ﬁéz), we have
(mlogn)/T—m—2 ™ /1 (mlogn)/8

]P) (gm-i-l 2 Bm) S - < -

n n

logd 1 (mlogn)/7T—m—2 ) /1 (mlogn)/8
et () ()
d n n

where (%) follows for all n > @§" for some 7" € Z,. Thus, by defining 5 = max{ 2, (1)} the proof is
complete. O

Proof of Lemma 10 Define the Lyapunov function:
nlogd
dm—i+1

where B; = o(mnlogd/d™ 1) as defined in (9). We analyze the drift of W;(s) when W;(s) >0 and s € Cj(i)l
where

nlogd

W](S) n+2 m,

—B;—2(m—j)m

C = {W,11(s) < Vimmlogn }

Thus, we have

s;>n—2m (;LIOgd +B;+2(m—j)m ;joidz (26a)
Sit1<n— 2m7zl gd +Bj1+2m—j5—1)m ;:?i_dl +v/mnlogn. (26Db)
Now, the drift is given as follows:
~ S 1\d .\ d
AW (5) = sy + s+ ((25) - (2))
(%) 2m% —B;—2(m —]')777,;7}(37?_512
_QmZIOgd—i—Bﬁl—i—Q(m j—1)m ;mloidl ++v/mnlogn

logd B,  logd \*
+n(1—(1—2 T +——|—2(m j)ym dmﬂ'+2>>

(®) nlogd . nlogd
< Qmm —B;—2(m _j)mdmfj+2
nlogd nlogd
—2m

- Tt B +2(m—j—1)m i1 T vmnlogn
logd B-+1 . logd
<+vmnlogn — Bj
<+v/mnlogn — 18md’~*v/mnlogn
< —+v/mnlogn,
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where (a) follows as s; 1 <n, and s, and s; is bounded as in (26) and (b) follows by Lemma 12 and noting
that dB; = B;;1. Thus, we have AW, (s) < —y/mmnlogn when W;(s) >0 and s € ce +1 Thus, by Lemma 14,

we have

(vmnlogn)/2 52)
]P( i(8) 2 logn S (n+\/_logn> +\/ﬁP(s¢Cj+l)
(mlogn)/4 o
+ VP (s¢ )
(mlogn)/4 1 (mlogn)/8—(m—j—1)
+vn >

)

) (mlogn)/8—(m—j)

where (a) follows by Lemma 13 and (b) follows by the induction hypothesis (IH2). Lastly, (¢) follows for all
n > ng for some ns € Z. Now, by setting 1y > 75, the induction step is complete. This completes the proof
of the lemma. 0

Appendix E: Proof of Claims for Lower Bound
Proof of Claim 1 Forle€{1,...,k— 1}, we consider the following induction hypothesis: There exists n.; €
Z such that for all n > n.;, we have

1 (mlogn)/4—4(k—1)m—(k—1)
P (Lix(8) > v/mnlogn) < (—) . (27)
Base Case: We analyze the drift of Ly_; x(s) when Ly_1 x(s) > 0. Thus, we have
logd
sh1>n—3(k—1)m o8 (28a)
3kmnlogd
S <n-— 777172 8 . (28b)

First, consider the case when Ll(clf)lyk(s) > L,@Lk(s). The drift is given as follows:

ALkl,k(S)S)\<(San Sk 1 >_Sk 1+ Sk
(a) logd nlogd 3kmnlogd
< _ _ _ _ _
<A1 (1 3(k—1)m 2 ) ) +3(k—1)m pE 7
(®) logd logd 3kmnlogd
gA(?,(k—l)m o8 +3(/c—1)m"§f’ - mz o8
3mnlogd nlogd
<———+3(k—-1)m e
(e 2 logd (d)
< %Og _Jmnlogn,

where (a) follows as s,_2 <n, and we use the bounds on s,_; and s, given by (28). Next, (b) follows by

Lemma 12. Now, (c) follows as there exists ng) such that for all n > nii), we have

nlogd
ER

(c1)
mnlogd g 3m2n1((l)2gd

d > >3k—1)m

where (c1) follows as m/d — 0 as d — oo. Lastly, (d) follows as
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where the last inequality follows as «y € (0,0.5). Now, consider the case when Ll(clf)lyk(s) < L](i)lyk(s). The drift
is given as follows:

Sp_ d S d
ALp_15(8) <85 — Spqp1 — A (( knl) — (%) )
(a) 3kmnlogd logd 3kmlogd d
< g 2 iogd e e
<n y A (1 3k~ m- > (1 :

®) 3kmnlogd logd 2

3mnlogd 2n

1—
= d (J3km +n
(c) logd 2n (d)
< _mnog noZ —+v/mnlogn,

= 4 (J3km
where ( ) follows as sk 2 <n, and we use the bounds on s;,_; and s; given by (28). Next, (b) follows for all
n>n'? for some n'? € Z, by Lemma 12 and Lemma 11. Now, (c) follows by (29a). Lastly, (d) follows as
there exists nil) such that for all n > nil) we have

mnlogd 2n 2n
A a_ o jkm
mn log mn og 1 1
> v/mnl
24~ a2an 1" st

where the last inequality follows as v < 0.5. By combining the two cases, we get AL, _1,(s) < —y/mnlogn
when Ljy_1 x(s) > 0. Thus, by Lemma 14, we have

n (vmmlogn)/2 1) mlogn/4 1 mlogn/4—4(k—1)m—1
P (Ly_1..(8) > vmnl S\ T <\% =\
( k-14(8) = vmn ogn) - <n+\/mnlogn) N (n) B (n) ,

where the last inequality follows by Lemma 13. By considering n.; > max¢[s {nglf)}, the base case is
complete.

Induction Step: We analyze the drift of L; 1 (s) when L; ;,(s) >0 and s € C(l) NN, l(l) defined
as in (12). Similar to the proof of Lemma 2 (Eq. (13) and (14)), there exists n? € Z., such that for all

n> n( ) , we have

3imnlogd
8 <n— e z+1g ++vmnlogn (29a)

nlogd
7
We proceed by analyzing the drift for the case when Lﬁ)lyk(s) > Lg)lyk(s).

AL; 1 x(s) <A ((SinQ)d — (&Tl)d> —Si—1+8;

) logd ¢ ) nlogd  3imnlogd
<A|l- 1—3(1—1)mm +3(z—1)mdk7i+2 o +vmnlogn

sp<n—3m (29Db)

(b) ) logd nlogd  3imnlogd
S)\<3(z—1) = >+3( m Jiirz T g ++vmnlogn

1 d
n og > +vmnlogn

1
< —3m- 228 4 3(i— 1)m "Og

(c) 1 d (C)

< —mZ ) < —v/m logn
where (a) follows by lower bounding s; 1 using L; 1 (s) > 0, upper bounding s; using (29), and trivially
upper bounding s;_» by n. Next, (b) follows by Lemma 12. Lastly, (c) follows as there exists n'? € Z, such

that for all n > ng’), we have

nlogd
dk— Tk—it2

—nt > vmnlogn,

nlogd (e1) 2nlogd )
dk Jh—it1 =z dk—i+2 23(2_1)
nlogd S nlogd 1

mdka—l Zm dm - 2




44

where (¢;) follows as m/d <logn/d — 0 as n — oo and (c2) follows as v < 0.5. Now, consider the case when
Lﬁ)lyk(s) < Lg)lyk(s). The drift is given as follows:

(a) Si_ d S\ d

stcaeE = ()"~ (2))
@) 3imnlogd _ logd \* logd*
Sn— gy Tvmnlogn—A <1—3(Z—1)mw> —(1=3m—

3imn logd logd 2 )

nlog 2n
—3 dk “r\/ 1Ogn+d3——|—n
(e) 1 d
< — Z o8 T +vm 1ogn—|— 2n —+vmnlogn,

where (a) follows by lower bounding s;_; using Li,l,k(s) >0, upper bounding s; and s, using (29), and
trivially lower bounding sj41 by 0. Next, (b) follows for all n > n'$ for some n'$ € Z, by Lemma 11 and

Lemma 12. Further, (¢) follows as

nlogd > 9m nlogd
dk—i+1 = dm

=nl.

2m

Lastly, (d) follows as there exists ng) such that for all n > ng?, we have
nlogd S nlogd S 2n

m
2dk i+1 — dm - dSm
nlogd n210

Mg = g =
By combining the two cases, we get AL; ;1 ,(s) < —y/mnlogn when L; ; ,(s) >0 and s € C(l) N ﬂk ! D(l)
Thus, by Lemma 14, we have

P (L;-1.1(8) = v/mnlogn)

n (vmnlogn)/2 - k—1 -
—_— P{se¢C./ N D
(n—l-\/ﬁlogn) VP | 5EC0 D !

(%) <%>(mlogn)/4+\/ﬁ<}?( 62(116))_'_2?( Df”))

(%) 1 (mlogn)/4 1 (mlogn)/4— 4(k 1)m (k—1) 1 (mlogn)/4—4(k—1)m
< <E +vn < ) +v/nm <—)

(e) 1 m(logn)/4—4(k—1)m—(k—i+1)

= (5) ’

where (a) follows by Lemma 13. Next, (b) follows by upper bounding P (_¢C.(l)) using the induction
hypothesis (27). Also, similar to (15), ]P’( §é’D( )) is upper bounded for all n >n% for some ny € Z,

by Theorem 2. Lastly, (c) follows for all n > n'? for some n') € Z, By fixing n., > maXye (9] { (k } the
induction step is complete. This completes the proof of the cla1rn. O

Proof of Claim 2 For some [ € [k — 1], we consider the following induction hypothesis: There exists n. €
Z, such that for all n > n.o, we have

1\ mogn)/4=4(k=0.5)m~(k~1)
P (2(5) > immlogn) < (3 ) . (30)
Base Case: We analyze the drift of Z,_; x(s) when Z,_1 x(s) > 0. Thus, we have
Sp_1>n— 2mnlogd (2k — 1)d*2y/mnlogn — 3kmn10gd (31a)
sp <n—2m’ (;gd—de’“*l\/ﬁlogn—lomQ%. (31b)
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First, consider the case when Zlglf)lyk(s) > Z,EQ,)M(S). The drift is given as follows:
AZkfl,k(S)
d d
S/\<(Sk2) _(Skfl) >_5k1+3k
n n

(@) logd 1 logd logd
_/\<1—<1—2m (;gQ B VAL L >>+2m" o8

\/ﬁ a3 d2
logd logd logd
+(2k—1)dk*2\/mnlogn+3km";§ _om™ Zg _opgh-l fmmogn_lomz%

® logd Jml logd
<A 2m% +(2k - 1)d’“*1$ + 3km—2 ) +(2k — 1)d*2/mnlogn
n

nlogd nlogd nlogd
+ 3k dag —2m dg —2kd"~'/mnlogn — 8m? ng
(e
< —dF'mnlogn + (2k — 1)d**/mnlogn

(@ 1 (e)
< - Edk’ls/mnlogn < —vmnlogn,

where (a) follows by upper bounding s;_» by n and using the bounds on s,_; and s, given by (31). Next,
(b) follows by Lemma 12. Now, (c¢) follows as

nlogd ,nlogd ,nlogd snlogd snlogd
2 m B = m 2 3m ¥E <6m 2 <8m 2

3km

Lastly, (d) follows as there exists ng) such that for all n > ni?, we have
1
§dk’1\/mn logn > 2md*~2y/mnlogn > (2k — 1)d*2y/mnlogn,

where the first inequality follows as m/d <logn/d — 0 as n — cc. Lastly, (e) follows for all n >n() for some
ng) €7Z, as k> 2. Note that k=1 corresponds to the base case of (IH) which is proved in Lemma 1. Now,
consider the case when Zlglf)lyk(s) < Z]g%)lyk(s). The drift is given as follows:

AZy-1,5(8) < 8 = Sk41 = A ((821)(1 - (%)d>
2nlogd

(a) logd
%—ﬂcdk’l\/mnlogn— 10m 5

<n-2m
logd 1 logd\* logd\*
) (1—2m0g (ki 1)ge2 Yo g Toe ) —(1—2m°g ))

a2 Jn RE d

(%) logd logd
< n—2mn (c)lg —2kd*'\/mnlogn — 107”/12”;2g
logd _1v/mlogn logd 2
—/\<1—2m —(2k —1)d** —3km 2
. logd logd 2
< —dk’lx/mnlogn—loan;)Qg +3kmnc(l)2g —i—dQ—?n—i—nl’"’

(¢)
< —d"'v/mnlogn < —v/mnlogn.

where (a) follows by noting that s,; > 0 and using the bounds on s,_; and s; given by (31). Next, (b)

follows for all n > nﬁ? for some ng) €Z, by Lemma 11 and Lemma 12. Lastly, (¢) follows as
ynlogd +2mnlogd < 1Oanlo;gd

1—
s dr d

1—
2 +dQ—m+n T<5m

where the last inequality follows as m > 2. Thus, by the above two cases, we have AZ,_1 ,(s) < —y/mnlogn
when Z_1 x(s) > 0. Thus, by Lemma 14, we have

3km

)

nlogd = 2n snlogd
a2

n (vmnlogn)/2 1 (mlogn)/4
P(Z,_14(8) >+ 1 </ < (=
(Zi-1,4(8) = Vmnlogn) < (n—l—\/ﬁlogn) - <n> ’
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where the last inequality follows by Lemma 13. Thus, by considering n., > maxc[g {ng)}, the base case is
complete.

Induction Step: We analyze the drift of Z;_; (s) when Z;_; x(s) >0 and s € C(s) N ﬂk ! D(3) where C(3)
and D¥ are defined in (17). Similar to the proof of Lemma 4 (Eq. (18) and (1 )), we can get the follovvlng
bounds on s; and sy:

logd | 1
sign—2m2k?il (204 Dd i logn — 30+ 1)m” og Ly yrmlogn, (32)
logd
Sk Sn—2mn o8c. (33)

Now, we analyze the drift for the case when Zﬁ)lk(s) > Zf)lk(s)
AZZ 1,k S)

(32 (32)) e

(a) logd . 1 logd \¢ logd
<A <1 - (1 o d98d (g qy g2y mlosn —3im&> ) tom %Y

Jk—it2 Jn Jr—i+3 Jr—it2
. nlogd nlogd
+(2t—1)d 21/ 1ogn+3zmd — 2mdk—i+l —(2i+1)d"*/mnlogn
0
-3(+1)m Zk gd > +vmnlogn
®) logd 1 v/mlogn . logd nlogd o
<A 2md 7 +(2i—1)d Tn —|—3zmdk7i+2 +2md +(2i — 1)d'*v/mnlogn
- nlogd nlogd ) i ) nl
+3zmdk7§_3 _2mdk il —(2i+1)d ! /mnlogn—?)(z—i—l) g 5 +Vmnlogn

nlogd
< —2d""'/mnlogn — M—irs g+2 +(2i — 1)d"*vm logn—i—?nm +3 —I—\/ nlogn

(c)
“Ly/mnlogn < —y/mnlogn,

where (a) follows by noting that s;_» <n, using the bound on s; given by (32), and bounding s;_; by using
the fact that Z;_1 (s) > 0. Next, (b) follows by Lemma 12. Lastly, (c) follows as there exists n's) € Z, such
that for all n > nﬁ‘;), we have

nlogd (¢ = ,nlogd . nlogd
Mmoot =3 Jk—i+3 23lmdk7i+3

(c2) ) )
d~*v/mnlogn 22 2md'~2\/mnlogn > 2id'~%\/mnlogn
> (2 — 1)d'?y/mnlogn +/mnlogn Vi<m,

where (¢1) and (¢2) follows as m/d <logn/d — 0 as n — co. Now, consider the case when Zﬁ)lk (s) < Zf)lk (s).
The drift is given as follows:

87suts) <5 ((252)" (2))

(a) logd .
<n- m%—(2i—|—1)d“1\/mnlogn—3(i+1) 5 +vmnlogn

d
_/\ <<1—2m log d —(2i—1)di’2\/ﬁlogn—3im logd ) - (1—2mlogd> )

Vi<m

nlog

dk—i+2 \/ﬁ dkF—i+3 d

(®) n 1og d n 1og

Sn—2md - — (20 +1)d"” LYmnlogn —3(i+1)m ++vmnlogn
logd i1v/mlogn . logd 2
— A <1 —2m dkfz (2 - 1)d \/ﬁ 3zmdk7i+2 — d2—m
nlogd 2n

2d' "' y/mnlogn — 3mdk P d2m n'~7+v/mnlogn
< —2d"'/mnlogn 4+ v/mnlogn < —y/mnlogn,
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where (a) follows by using the bound on s; and s;, given by (32) and (33), and bounding s; 1 by using the
fact that Z;, 1 x(s) > 0. Next, (b) follows for all n > n'5) for some n'3) € Z, by Lemma 11 and Lemma 12.
Lastly, (c¢) follows as there exists niﬁ’ such that for all n > nﬁ‘?, we have

nlogd (¢1) . nlogd _ 2n nlogd _ 2n 1

dk—i+2 Z m dm Z dzm m am Z dazm +n 'Y’

where (c¢;) follows as ¢ > 2 and k < m. By the above two cases, we get AZ; 1 ,(s) < —y/mnlogn when
Zi_1x(s)>0and se CZ(?;) el D(s) Thus, by Lemma 14, we have

P (Z;_1,1(8) > v/mnlogn)
n (mlogn)/2 @) k-1 @
< | —— Pls¢C,, N[ 1D
- (n—i-\/ﬁlogn) VP (S EC ﬂ !

1=

3m

(a) /1) (mlogn)/4 - -
< (= P(sgct))+Y P(s¢Df”)
=< <n> +vn ik ) T Z )
() 1 (mlogn)/4 1 (mlogn)/4— 4(k 0 5)m—(k—1) 1 (mlogn)/4—4(k—1)m
< <—> +\/EQ—> +v/nm <—)
n n n
(e) ( 1 ) (mlogn)/4—4(k—0.5)m—(k—i+1)
S - ’
n

where (a) follows by Lemma 13. Next, (b) follows by upper bounding P (§¢Ci(i)) using the inducting
hypothesis given by (30). Also, P (_ ¢ D(3)) is upper bounded for all n > ny by Lemma 3. Lastly, (¢) follows
foralln>n 2) for some n ) e Zy. By fixing n.o > maxe7 { ig), ng}, the induction step is complete. [

Appendix F: Proof of Claims for Theorem 3

Proof of Claim 3 The proof is induction based. The induction hypothesis is as follows. There exists n. € Z 4
such that for all n > n., we have

mlogn 7( 7-_"_1)
1\ max{z5y "7
P (U;(8) > v/mnlogn) < (—) . (34)
n
Base Case (j =m): We analyze the drift of U,,(s) when U,,(s) >0 and s € D, 1 ﬂ’ﬁm+2 where
~ logd log(d)?
D, 4= {sl >n— (2m” ;g + dmd™ 2 /mnlogn + 16m 3"%)) 1{m> 1}}. (35)
b
Dy = { Z 51 < Bm+2}
l=m-+2
As U,,(s) >0, we get the following bounds on s,, and s,,+1:
log(d)?
Smt1 > 8md™'y/mnlogn + 18m3nOdL2() +n' 1 {m>1} -2 (36a)
logd logd
smgn—Zmn o8 +3mdm71\/mnlogn+m2n 8 (36h)

a2’
where (36a) follows by considering two cases. If B,,12 > 2, then we use the bound ELWH 81 < bSma1 tO

obtain (36a). Else if B,, 42 <2, then we use the bound Z?:m-}—l $1 < Sm41+ Btz < Spmp1 + 2 to obtain (36a).
First, consider the case when U} (s) < U(?(s). In this case, the drift is as follows:

AU, (s) d
<o () (2))

(@) log(d)> lo 1 logd
< —8mdmlx/mnlogn—18m3nOdL2()+2+n(1—2 5 + 3mymd™ ! (i/gr_?_ka%)
®) nlog(d)? 2n

< —8md™'y/mnlogn —18m 3%4—2 W —\/ nlogn,
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where (a) follows as s, > 0, and s,, and s,,41 are bounded as in (36). Next, (b) follows by Lemma 11.
Lastly, (c) follows as 18m3"1°dﬁ > 2 and 8md™ty/mnlogn > y/mnlogn. Now, consider the case when

= d2m
UM (s) > U?)(s). In this case, the drift is as follows:
AU, (s)
Sm—1 d Sm d
=S Sm+1 < " "
@ 1 d 1 d 1 d 2
< n—2m 8% 4 3mdm- 'Wmmnlogn +m? ;g —8md™ '/mnlogn — 18 m™ 052( )

d
W1 fm > 142 (1— (2mi%8% 4 gmmgm-2 Y181 6 al08 @ oy
d? vn d3

logd Jml logd\?
—I—)\(1—2m£—i—3md’"1 mogn+m2 o8 >
)

d NG P2
log(d)?
—5md™ 'y/mnlogn — 17m3% —n' 1 {m>1}+2

2
- (1 —2m =21 {m > 1} B A LT L\ _>

\/ﬁ d2 d?m
(c) log(d)? 2
™V mlogn — md 0B 20y
(d)

d2 d?m
< —+vmnlogn,

where (a) follows by substituting bounds on s,, 1, $,,, and s,,+1 given by (35) and (36). Next, (b) f012lows by
Lemma 12 and Lemma 11. Now, (c) follows as 2mnlogd/d > n'~7. Lastly, (d) follows as m3"1°d# >3
and md™~'y/mnlogn > /mnlogn. Thus, by the above two cases, we have AU,,(s) < —/mnlogn when

Un(s) >0 and s€D,, 1 ND,,+2. Combining the two cases and using Lemma 14, we get

(®)
S 2mnlogd

P (U (8) = vmnlogn) <

n (vVmnlogn)/2 ~ .
—_— ]P’(‘ D1 ND,, )

(n—i—\/mnlogn) S¢ ! 2

@ /1 (mlogn)/4 B B

< <_) + V/nP (ggwm,l) + V/nP (§¢Dm+2)

n
® /1 (mlogn)/4 1 (mlogn)/5—-0.5 B
<(3) +(3) VP (3¢ D, )

© /1 (mlogn)/4 1 (mlogn)/5—-0.5 1 (mlogn)/xz—0.5
< (- +(= +(=
n n n
m 1
<

where (a) follows by Lemma 13. Next, if m =1, then (b) follows trivially as P (§ ¢ ﬁm,l) =0. Else if, m > 1,
then (b) follows for all n > n;z by Theorem 2. Now, (¢) follows by the high probability upper bound on
ZLMH 5, assumed in the statement of the lemma. Lastly, (d) follows for all n > A for some (Y € Z, . By
considering 7. > 7Y, the base case is complete.

Induction Step: We will analyze the drift of U,_;(s) when U;_1(s) >0 and s € CN’J(l) ﬂ’ﬁ;i)z where

(1) {U <\/mn10gn}

nlogd . nlog(d)?
Dj(i)Q = {SjQ Z n— 2mm — 4mdj 3\/ mnlogn — 16m3W§+l . (37)

Now, we obtain a useful lower bound on s; as follows:

U;—1(s) > 0= Ly, 41 (s Z Li(s
1=j+1
)Lj(s) <+vmnlogn
logd 1 nlogd
ésjzn—2md -+ 3jd " /m 10gn+dem —3 — Vmnlogn, (38)
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where (x) follows as s € CNJO). Next, we obtain a useful upper bound on s;_; as follows:
nlogd s ) nlogd
Uj_1(s) >0=5;_1 §n—2mdm 5 +3( - D&’ \/mnlogn—l—(]—l)mm. (39)
First, consider the case when Uj(l)(s) < UJ-(Q)(S). The drift is given as follows:
s\ /sp\d
st e (52 (3
(a) nl d
< —n+2m I og —3jd’~*v/mnlogn — jm —I—\/ nlogn
1 gd . .72\/_logn . logd \*
(1_2 dm—i+2 +3(-]_1)dj T—i_( _1) W
() nlogd L nlogd
< —n+2mdmij+l —3jd’~'/mnlogn — ]mdm 13 +vmnlogn
logd ) - v/mlogn logd
+n (1 —2mdm7j+1 +3(] — 1)d7 174-(] — 1)mm
i1 nlogd
< =3d"v/mnlogn — me ++vmnlogn
< —+vmnlogn,

where (a) follows as s, >0, A <n, and s;_; and s; are bounded as in (39) and (38) respectively. Next, (b)

follows by Lemma 12. Now, consider the case When U (1)( ) > U]»(Q)(s). The drift is given as follows:

AU;-1(s)
S g\ d si1\¢
o) ()
(a) nlogd . P2 . nlogd
< —2mw+3(]—1)d’ \/mnlogn+(j—1) U
+2m;mi)g —35d’~ t/m nlogn — jm +v nlogn
1 d ml log(d)?\*
e e 37\/—Ogn—16m og(d)”
dm=i Vn dm—it4
lo gd ) _oy/mlogn . logd \*
) (1 —2m dm—i+2 +3('] B 1>d] T + (j B 1)mdm7j+3
() nlogd . o ) nlogd
< = 2mors 30 = DA Vmnlogn + (- m——

nlogd 1 nlogd
+2mm—3]df vmnlogn — ]md” J+2+\/mnlogn

logd »Vmlogn 5 log(d)?
—A(l—den  —dmd’~ S 1ot

djfl\/ﬁlogn
vn

logd ) . logd
+)\(1—2mdmj+1+3(3—1) +(J—1)mm

2 2 2
i 3_/\ <4m2 log(d? +9m(j — 1)2d2j72 log(n) +(j— 1)2m2 log(d) )
n

2 d2m72]+2 d2m72j+4
i1 nlogd 2
< —3d~'/mnlogn — me—s + (@m+3(j — 1)) & */mnlogn+m (16m*+ j — 1)
nlog(d) 2Tm 3. nlog(d)?
—+ 4/ mnlogn+6m2m B) ( ) dQJ 210g( ) + 5(] — 1)2m2m

(0)
< —3d'y/mnlogn+ (4m+3(j — 1)) & */mnlogn + /mnlogn

( )
“Ly/mnlogn < —v/mnlogn,

nlog(d)?
dmfj-‘r.?)

where (a) follows by using the bounds on s;_3, s;_1 and s; given by (37), (39) and (38) respectively. Next, (b)
follows by Lemma 12. Now, (c) follows as there exists 7{?) € Z, independent of j such that for all n > #(?,
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we have

nlog(d)?

m Jj+3

m nlogd (C>1)1 m3nlog(d)

3 gtz 2 >m (16m + (- ))

m nlogd (2 _ nlog(d)2 (3)  ,mnlog(d)? 3 5 o nlog(d)?

3 gm—i+2 > Tm d2m—2j+2 > 6m d2m—2j+2 5( -1) d2m 2j+4

m nlogd (cq) 1 a1 9y () 1 2ii9 1-92 6) 2Tm 2o

- “ m > d% Y d¥-21

3 dn—i+2 _ 12mlogd " S mlogd” T " — U= og(n)”,

where (c;) follows as m?logd/d < log(n)?/(dlogd) — 0 as n — oco. Next, (c2) follows as m—j+2 < 2m—2j+2
as j <m — 1. Further, (c3) follows as (j —1)?/d? <m?/d?> — 0 as n — oo. Lastly, (c4) follows by noting that
2mnlogd/d™ =n'"" as m is assumed to be an integer, (c5) follows as m > j, and (cg) follows as 1 — 2y > 0.
Next, (d) follows as there exists 71{*) € Z, independent of j such that for all n > 73 we have

d’~'v/mnlogn > v/mnlogn
(*) . .
d~'v/mnlogn > Tmd’~*\/mnlogn > (4m +3(j — 1)) &®~2/mnlogn,

where (x) follows as m/d — 0 as n — co. By combining the above two cases, we get AU,;_1(s) < —y/mnlogn
when U;_1(s) >0 and s € Cj(l) ﬁD](»l,)Q. Now, for all n > max{n(?,7#()}, using Lemma 14, we get

]P’(Jl()>\/_10gn

) (vVmnlogn)/2

g(n1+ (\7{;}%” +\/ﬁP(§¢c~§j>m§§”2)
(3) Vi (P(s207) 4P (s2D%))
(T e

1 (mlogn)/4 max{m 5} —(m+1-3)-0.5 1 (mlogn)/5—-0.5
Do G ()
n n

@) /1) maxtasy —(m+2-9)
S (_) )
n

where (a) follows by Lemma 13, (b) follows by the induction hypothesis (34), and (¢) follows by Theorem 2.
Lastly, (d) follows for all n > 72 for some 7{* € Z, . By considering fi. > maxye (23,43 {7{"}, the induction
step is complete. O

Appendix G: Proof of Preliminary Lemmas
Proof of Lemma 11 Let dy be such that (rlogd —df(d))/d > —1 as df (d) — 0. Now, we have

log (d" (1—r10gd f(d )) ) =dlog (1—Tlogd+f( )) +rlogd
<df(d)—0 as d — oo, (40)

where the last inequality follows as log(l + z) < z for x > —1. Lastly, note that (40) implies that
limsup,_, . d" (1 —ried 4 f(d))d <1 which completes the proof. O

Proof of Lemma 12 Note that 1 — zd < (1 — z)? holds for all z <1 by the Bernoulli’s inequality. This
completes the first part of the lemma. Now to prove the second part of the lemma, by Binomial series
expansion, we have

0= sy =3 () sy

— L dp(@) + (= D@7~ gata- -2+ 3 () (s

k=4

)+ ()~ Sdld =)A= 2 (@) + g~ 1)(d—2) () S ()
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— 1= df(@)+ 3@ - gata - (-2 (1- 1)
U df(d) + 3 Fd)? — sd(d = 1)(d—2) 1 (d)

1 dpla) 4 @),

where (a) follows as f(d) >0 for all d > d;, and we have ({) < (d(d — 1)(d — 2)d"/6) for all k > 4. Next,

(b) follows for all d > dy for some dy > d; as df (d) — 0. Lastly, (c¢) follows for all d >d; as f(d) > 0. This
completes the proof.

O
Proof of Lemma 13 We have
(vmnlogn)/2 —(vmnlogn)/2 o o [ log (14 /T log n / /i
o (14 Ymlosn _ o mios(m?/2((RElEs )
n++/mnlogn n
1 (mlogn)/4
< efmlog(n)2/4 _ (=
— n )

where the inequality holds due to the following. As +/mlogn/y/n — 0, we have log(l +
vmlogn/\/n)/(y/mlogn/y/n) — 1. Thus, there exists n, € Z, such that for all n > n,, we have log(1 +
vmlogn/\/n)/(y/mlogn/y/n) > 0.5. This completes the proof. O
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