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Abstract

The supermarket model with memory consists of n single-server, infinite-capacity, first-
in-first-out queues with service rate 1. The service times are independent. At all times,
exactly one queue is distinguished as the memory queue. Customer arrivals form a Poisson
process of rate An, where 0 < A < 1. Upon arrival, each customer chooses an ordered list of
d queues uniformly at random with replacement, adds the memory queue to the end of the
list, and then joins the first shortest queue in the list. With the updated queue lengths,
the first shortest queue in the list is then saved as the new memory queue. Our main
contributions are to show that the system is rapidly mixing, and that with probability
tending to 1 as n — oo, the maximum queue length in equilibrium is concentrated on two

consecutive values which are 2% 4 O (1), where a :=d + & + y/d? + 1.
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Chapter 1

Introduction

1.1 The model

Throughout this thesis, let d > 1 be a fixed integer and let 0 < A < 1 be a fixed constant.

The standard supermarket model consists of n single-server, infinite-capacity, first-in-
first-out queues with service rate 1. The service times are independent. Customer arrivals
form a Poisson process of rate An. Upon arrival, each customer chooses an ordered list of
d queues uniformly at random with replacement, and then joins the first shortest queue in
the list.

The supermarket model with memory distinguishes, at all times, exactly one queue as
the memory queue. Upon arrival, each customer chooses an ordered list of d queues as
above, then adds the memory queue to the end of the list, before joining the first shortest
queue in the list. With the updated queue lengths, the first shortest queue in the list is
then saved into memory. This model has been studied before in 21, 25, 13].

1.2 Statement of results

In this thesis, we have two main results, both of which are analogues of results proved by
Luczak and McDiarmid [10] for the standard supermarket model. Let us introduce some
notation so we may state these results.

Let Q, :=Z% x {1,...,n}, where Z := {0,1,2,...}. We will call the elements of Q,,
lengths vectors. Although lengths vectors depend on n, we will only stress this dependence

by adding a superscript n when we need to. For a lengths vector x € Q,,, we will write

and take z (i) to be the length of queue i in z, and £ to be the index of the memory
queue in z. It follows that ||z||; := > 1" ; z (¢) is the number of customers in x, and that
||| :=max (z(1),...,2(n)) is the maximum queue length in x.

The supermarket model with memory will be described by a continuous-time Markov

jump process X = (X;),~, with state space Q, as follows. For ¢t > 0, we will write

Xt:((Xt(l),...,Xt(n)),Et),



take X (7) to be the length of queue i at time ¢, and take Z; to be the index of the memory
queue at time t. We will call X a lengths process, and take it to be right-continuous.

The total variation distance between distributions p and v on a common measurable
space (X, G) is

vy (1) 2= sup [ (4) = v (4)].

For a random variable W, let £ (W) denote the law of W. For ¢t > 0 and = € Q,, let
L, (X¢) denote the law of X; conditional on Xy = x. In Section 2.2, we will show that X

is ergodic, and thus has a unique stationary distribution II on Q,,, and that
lim dTV (ﬁz (Xt) ,H) =0
t—o0
for all z € Q,. Our first main result is that, under reasonable initial conditions, the

convergence to equilibrium is very fast.

Theorem 1.1. Let ¢ > 25. Then there exists n =1 (c) > 0 such that the following holds.
Let n > 1, and let X" have any initial distribution. Then

dry (£ (X7),IT") < ne™ +2e7V0 P (| Xg |y > en) + P (| X | > nt)

for all t > 0.

This result is directly analogous to Theorem 1.1 in [10] by Luczak and McDiarmid.

Now define sequences (a;);°, and (b;);2 by setting ag = by = 1 and

d
agb; 1

B 1-— d(ai_l — ai) af

g = )\af_lbi_l, bi : 1 (1.1)

forall i > 1. For n > 1, let

1 2
iy = min{iZl:aiSI\l/ﬁn}. (1.2)
We will show that Il
iy = nnn—i—O(l), as n — oo,
Ina

where

ai=d+ 5+ \/d®+ 1. (1.3)

Note that 2d < a < 2d 4+ 1. Our second main result is that with probability tending to 1
as n — 00, the equilibrium maximum queue length is concentrated on the two consecutive

values 4y, — 1 and 4. Note that

min (3d,1) + §d — 1 =min (d — 1, 4d) >0 (1.4)

for all d > 1.
Theorem 1.2. There exists ¢ > 0 such that the following holds. Let n > 1, and let X"

have the equilibrium distribution for the lengths process. Then

4d+4 n

. N cln
P (| X" # in —1 oriz) < pmin(d/2,1)+d/2—1+d/(2a) "
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This result is analogous to the first part of Theorem 1.3 in [10] by Luczak and McDi-

armid; the analogue to the other part is our Theorem 7.6.

1.3 Literature review

In this section, we will give a brief review of the existing literature concerning the standard
supermarket model and the supermarket model with memory.

First note that the standard supermarket model with d = 1 is equivalent to a system
of n independent M /M /1 queues with arrival rate A and service rate 1, and this is a well-
understood system. Of relevance to us is Theorem 1.2 in [10] by Luczak and McDiarmid,

which says that the equilibrium maximum queue length is about

Inn

m, (1.5)

and is not concentrated on a bounded range of values. More precisely, if m = m (n), then
with probability tending to 1 as n — oo, the equilibrium maximum queue length is at least
(resp., at most) m (n) if and only if m (n) — h’ll(li% tends to —oo (resp., +00) as n — oo.
The earliest work we know of on the standard supermarket model with d > 2 is by
Mitzenmacher |23, 17] and Vvedenskaya, Dobrushin and Karpelevich 27|, independently.
Fori>1and ¢ > 0, let u; (t) denote the proportion of queues of length at least i at time t.
Mitzenmacher heuristically argues that the u; (¢) evolve in an almost deterministic fashion,

and that in the limiting system as n — oo, they should satisfy the differential equations

dui (t)
dt

= M1 () = s (8] = ui () = wig ()], (1.6)
for all ¢ > 1. We explain his reasoning below. Mitzenmacher does show that

p= (), = AP (1.7)
is a unique, attracting fixed point for (1.6). Mitzenmacher then heuristically argues that
the p; should also be the expected proportion of queues of length at least ¢ for the finite
system (i.e., the standard supermarket model). This is based on the principle that the
u; (t) in the limiting and in the finite systems have similar transition rates if they are near
each other. Thus, if the two systems have the same initial state, then the trajectories of
the w; (t) should not diverge by much over a short period of time, whence their difference
over any period of time can be bounded by induction. Mitzenmacher then heuristically

argues that the equilibrium queuing time of a customer is at most
e .
Z)\1+d+---+dl—1 +o(1)
i=1

and that the equilibrium maximum queue length is

Inlnn
Ind

+0(1), (1.8)

with high probability. This technique of analysing a system through an idealised system



defined by differential equations is commonly known as the technique of fluid limits. The
heuristic result (1.8) is later proved by Luczak and McDiarmid [10]. Hence, in conjunction
with (1.5), one sees that taking d = 2 instead of d = 1 yields an exponential improvement
in the maximum queue length, whilst taking larger values of d > 2 only yields constant
factor improvements in the maximum queue length. This phenomenon is commonly known
as the power of two choices.

Mitzenmacher’s reasoning behind (1.6) is as follows. In the finite system, the expected
change in u; (t) over a period of length At should be

Au; (t) = L At fuimy () —w ()] = LA [u; (8) — wipr ()]
This is because there is an arrival with probability AnAt, and this customer joins a queue
of length i with probability wu;i_1 (£)* — u; ()%, since he/she must select only queues of
length at least i — 1 but not only queues of length at least ¢; such an arrival increases u; (t)
by % On the other hand, there is a departure with probability nAt, and this comes from
a queue of length ¢ with probability u; (¢) — w41 (t); such a departure decreases u; (t) by
1. Dividing by At and letting At — 0 then yields (1.6).

In [27], Vvedenskaya, Dobrushin and Karpelevich also arrive at the differential equa-
tions (1.6). Let Z = (Z;),~, be a lengths process (as appropriately defined for the standard
supermarket model) and let w (0) = (w; (0));2; be a sequence such that u; (Zy) — w; (0)
in probability as n — oo, for all i > 1. Let w (t) = (w; (t));, denote the unique solution
to (1.6) with initial state w (0). Vvedenskaya et al. then show that

Ui (Zt) — W; (t)

in probability as n — oo uniformly on bounded time intervals. They also show that pu is a
unique, attracting fixed point for (1.6).

In [7], Graham shows that the standard supermarket model is chaotic if it starts close
to a suitable deterministic state, or is in equilibrium. That is, the queues in any finite
subset of queues are asymptotically independent of each other, uniformly on bounded time
intervals.

In [12], Luczak and Norris show three approximation theorems for the standard super-
market model: a law of large numbers, a jump process approximation, and a central limit
theorem.

In [10], Luczak and McDiarmid show that the standard supermarket model is rapidly
mixing, and that with probability tending to 1 as n — o0, the equilibrium maximum queue

length is concentrated on two consecutive values which are

Inlnn
Ind

+0(1).

Thus, unlike the case d = 1, there is concentration on a bounded range of values. More

precisely, let

s . i— lnzn
iy, := min {z >1: A\ Fddtd ' < } .

T on

Then the maximum queue length is concentrated on {%n, in + 1} if d =2, and {%n -1, in}



if d > 3. Since 4, = lrhllnd” + O (1), this yields a rigorous proof of (1.8). We remark that
these results, and the arguments used (which we will outline below), are similar to ours
because we have based our work on [10].

To show rapid mixing of the lengths process, Luczak and McDiarmid show that two
lengths processes with certain pairs of initial states can be coupled to coalesce rapidly. By
using path coupling arguments (e.g., see [2]), a coupling only needs to be constructed for
pairs of initial states which constitute the edge set of a certain graph structure on the state
space. This is a considerably easier task than having to consider all possible pairs of initial
states. The aforementioned coalescence is shown to occur rapidly by analysing a suitable
random walk.

To show the result on the maximum queue length, Luczak and McDiarmid first es-
tablish some concentration of measure results for lengths processes. That is, if Z has the
equilibrium distribution for the lengths process, then Lipschitz functions of Z are tightly
concentrated around their means. This is done by using the bounded differences approach
on two lengths processes: one initially empty and the other in equilibrium. Luczak and
McDiarmid then apply these results to the functions which give the number of queues of
length at least ¢, for all ¢ > 1, which are Lipschitz.

Next, Luczak and McDiarmid derive (1.6). Using this and the concentration of meas-
ure results, they deduce that the equilibrium means E [u; (Z)] closely follow a family of

recurrence relations, in that there exists a constant ¢; > 0 such that

2
s [ 1 (2)) = XE fu-1 (2))] < j“ﬁ”

This suggests that E [u; (Z)] should be close to fi;, where the sequence (fi;);-, satisfies
fii = Mif ;=0

for all ¢ > 1. This is easily solved to give ; = AT+ o E [u; (Z)] should be close
to ATdt+d'"" Tndeed, it is shown that there exists a constant ¢z > 0 such that

‘ 2
sup |E [us (2)] — AL+ di ! < coln“n

i>1 Vn

Using this and the concentration of measure results, it follows that w;(-) is close to
AlFdt+d""1 ©ore precisely, it is shown that if Z = (Zt)>( is in equilibrium and z,7 > 0,

then

P (sup
i>1

Here, we say that f(n) = e~29(") if there exists a positive constant 7 > 0 such that
f(n) < e ™™ for all sufficiently large n.

Finally, Luczak and McDiarmid show two-point concentration of the equilibrium max-

i In’
wi (Z;) — A\Hdt+d 1> z\nﬁn for some 0 <t < nr) = ¢~ (n*n), (1.9)
n

imum queue length as follows. From (1.9) it easily follows that P (||Z o <'in — 2) =

e~ In*n), By analysing an equilibrium lengths process and using (1.9) to control the



proportion of very long queues, Luczak and McDiarmid then show that

. 1n2d+2 5, #
IP’(HZHOOZMJFZ):O((W )

for all z > 1. Hence, for d > 3, we have P (HZHOO > iy + 1) — 0 as n — o0, and the proof
for this case is complete. More complex arguments are needed for the case d = 2.

In [11], Luczak and McDiarmid quantify the rate of convergence of the equilibrium
distribution of a typical queue length to its limiting distribution as n — oco. They also
quantify the result that the standard supermarket model is chaotic by showing that the
total variation distance between the joint law of a fixed set of queue lengths and the
corresponding product law is essentially of order at most %

There is much literature on variations of the standard supermarket model. In the survey
[22], Mitzenmacher, Richa and Sitaraman reference the following variations: one where
there are also low-priority arrivals which only join uniformly random queues, one where the
queues have non-exponential service times (e.g., see [18, 28|), one where there are thresholds
so that arriving customers who select a queue longer than the threshold will reselect (e.g.,
see [18, 28]), one where there is load-stealing so that any empty queue will find a non-empty
queue to steal a customer from (e.g., see [23]), one where serviced customers recirculate
into the system (e.g., see [4, 19]), and one where arriving customers join queues based on
stale queue length information which is only updated periodically (e.g., see [3, 16, 20]).
Mitzenmacher et al. also reference Jackson networks (e.g., see [14, 26]), where there are
m nodes of n queues each, and arriving customers select a uniformly random node and
then a shortest queue from within. In [1], Brightwell and Luczak study a variation where
d=d(n) — oo and A = X (n) T 1 are no longer fixed. Brightwell and Luczak identify, for
suitable triples (n,d, \), a subset A of the state space where the process remains for a long
time in equilibrium, and show that the process is rapidly mixing when started from N.

The supermarket model with memory is defined in [25] by Prabhakar and Shah, and
in [21] by Mitzenmacher, Prabhakar and Shah. For ¢ > 1 and ¢t > 0, let p; (¢) denote
the probability that the memory queue has length at least ¢ at time ¢. Mitzenmacher et
al. heuristically argue that the length of the memory queue evolves so much faster than

the w; (t) do, that the p; (-) almost appear to be in equilibrium, and thus should satisfy

ducilt(t) = [uH ()" pie1 () — wi ()" ps (t)] — [u; () — wig1 (1)), (1.10)
pi (1) = wi ()" pica (8) + d (i (8) — i () ws (O i (1), (1.11)

for all ¢ > 1. Mitzenmacher et al. do show that if u = (u;);2, is a fixed point for (1.10),
then there exists 0 < ¢ < 1 such that

u; ~ ¢,
where « is as defined in (1.3).
In [13], Luczak and Norris show how to approximate certain Markov chains with a fast,
rapidly oscillating component alongside a slower, essentially deterministic component, by

the solutions of differential equations. This includes the supermarket model with memory,



and the application of their method yields a rigorous derivation of (1.10) and (1.11). They
also prove a natural monotonicity property of the supermarket model with memory.

As mentioned, our main contributions (and arguments) are analogous to those of [10]:
we show that the supermarket model with memory is rapidly mixing, and that with prob-
ability tending to 1 as n — oo, the equilibrium maximum queue length is concentrated on

two consecutive values which are

Inlnn

0(1).

In o

1.4 Basic notation and results

In this section, we will outline the basic notation and results which we will assume the
reader is familiar with. This material is adapted from [9, 24].

First we will discuss discrete-time Markov chains. Let ¥ denote a countable set. A
discrete-time stochastic process with state space ¥ is a sequence of random variables W =
(Wi):2, all defined on a common probability space (€2, F,PP) and taking values in X.

A stochastic matriz on X is a real matrix P = (pvw)u,wez such that
1. pyw > 0 for all v,w € X, and

2. Y pen Pow = 1forallv e X.

If
P (Wiy1 = wip1 | Wo = wo, ..., Wi = w;) = Puwsw, 4

for all ¢« > 0 and wy, ..., w;+1 € X, then W is a discrete-time Markov chain with transition
matriz P. Thus, if W is at a state v € X, then it goes to the state w € ¥ with probability
Pow, regardless of its history. A stationary distribution for W is a distribution IT = (7),cx
on ¥ such that IT = ITP, that is, such that m, = ) s TPy for all w € X.

Let W be a discrete-time Markov chain with state space ¥. For w € ¥, let P, () and
E, [-] denote the probability and expectation conditional on Wy = w, respectively. If, for
all v,w € ¥, there exists i = i (v, w) > 1 such that P, (W; = w) > 0, then W is irreducible.
If ged{i >1:P, (W; =w) >0} =1 for all w € ¥, then W is aperiodic. For A C ¥, the
hitting time of A is

Hpy:=min{i >1:W,; € A}.

For w € %, we will write H,, instead of Hy,). If E, [H,] < oo for all w € 3, then W is
positive recurrent. If W is irreducible, aperiodic and positive recurrent, then it is ergodic.

It is well-known (e.g., see |9], Proposition 21.11) that if W is irreducible, then it is positive
recurrent if and only if E,, [Hy] < oo for some w € 3. Moreover (e.g., see [9], Theorem
21.14), if W is ergodic, then there exists a unique stationary distribution Ily on X, and

zlggo drv (£ (Wi, w), ) =0
for all w € 3; here £ (W;, w) is the law of W; conditional on Wy = w.
Next we will discuss continuous-time Markov jump processes. A continuous-time stochastic

process with state space ¥ is a family of random variables W = (W}),~, all defined on a

common probability space (2, F,P) and taking values in ¥. The processes we will study

9



are right-continuous jump processes, that is, processes such that for all w € € and t > 0,
there exists € = € (w,t) > 0 such that

for all t < u < t+e. It is well-known (e.g., see [24], Section 6.6) that the probabilities
concerning a right-continuous jump process may be determined from its finite-dimensional

distributions, that is, the probabilities

P (h {Wtk = wk}) )
k=0

where 1 > 0, 0 <ty < --- < t; and wg,...,w; € 3. The jump times of W are the times
Jo: =0 and
J; := inf {t > Ji1: Ws 75 WJFI} s

for all 7 > 1, where inf ) = oo, and the holding times of W are the durations

D, - Ji — Ji1, it Jiog < oo,
o0, if Ji,1 = 00,

for all 4 > 1. Furthermore, the jump processes we will study are non-explosive, that is,

P (Sup Ji = oo) =1
>0

The jump process of W is the discrete-time stochastic process Wy = (Wy,);2,.

processes such that

A @-matriz on X is a real matrix Q = (quw), ,ex Such that
1. —00 < quy <0 forallv e,
2. Quw > 0 for all distinct v, w € X, and
3. D wes Qow = 0 for all v € X.
For v € ¥, let g, := —quy, and suppose that

1. whenever W is at a state v € X such that ¢, > 0, it waits for an exponential time of

rate ¢, > 0 and then goes to the state w € ¥ with probability 0 < (ZJTM <1, and
2. if W is at a state v € X such that g, = 0, then it stays there forever.

Then W is a continuous-time Markov jump process with generator matriz Q. It follows
that the jump process Wy of W is a discrete-time Markov chain with transition matrix

P = (pvw)y yes» Where for distinct v, w € X,

few - if g, >0, 0, if g, >0,

Pow = Poy =
0, ifg, =0, 1, ifgy=0.

(It is straightforward to check that P is indeed a transition matrix.) In this case, we will

call Wy the jump chain of W. Moreover, it follows that for all i > 1 and wy, ..., w;—1 € X,

10



conditional on Wy, = wo,..., W, , = w;_1, the holding times Dy, ..., D; are independent
exponential random variables with rates gy, .. ., qw,_,, respectively.
Let W be a continuous-time Markov jump process with state space ¥. For w €
Y, let Py, (-) and E,, [-] denote the probability and expectation conditional on Wy = w,
respectively. If the jump chain Wy is irreducible, then W is irreducible. For A C X, the
hitting time of A is
Hp:=min{t > J, : W, € A}.

For w € ¥, we will write H,, instead of Hy,). If By [Hy] < oo for all w € X, then W
is positive recurrent. If W is irreducible and positive recurrent, then it is ergodic. It is
well-known (e.g., see [9], Proposition 21.11) that if W is irreducible, then it is positive
recurrent if and only if E,, [H,] < oo for some w € ¥. Moreover (e.g., see [24], Theorem

3.8.1), if W is ergodic, then there exists a unique stationary distribution ITy on X, and
lim drv (£ (Wi, w), Iy ) =0
t—o0

for all w € 3; here £ (W;, w) is the law of W} conditional on Wy = w.

Next we will discuss couplings. A coupling of distributions p and v on a common
measurable space (X, G) is a pair of random variables (V, W), both defined on a common
probability space (€2, F,P), both taking values in ¥, and such that £ (V') = pand £ (W) =
v. It is well-known (e.g., see [9], Proposition 4.7) that

dry (p,v) =inf {P(V # W) : (V,W) is a coupling of p and v} . (1.12)

Now let P and P’ be transition matrices on X and X', respectively. A coupling of
discrete-time Markov chains with initial state (v, w) € ¥ x ¥’ and transition matrices P
and P’ is a discrete-time stochastic process (V, W) = ((V;, W;)):2, with state space ¥ x X’
such that V = (V});2, is a discrete-time Markov chain with initial state v and transition
matrix P, and W = (W;):2, is a discrete-time Markov chain with initial state w and
transition matrix P’. The couplings we will use are Markovian couplings, that is, couplings
which are themselves Markov chains. We will also need to couple Markov chains where the
initial states are random: in this case, we first sample the initial states of the chains, and
then proceed as above. Furthermore, the couplings we will use, when coupling two copies
of the same Markov chain, will keep the two processes together once they meet. That is,
if (V, W) satisfies Vj, = Wy, for some k > 0, then V; = W; for all i > k. In this case, we
will say that V and W have coalesced.

Analogous definitions are to be made with ‘discrete-time Markov chain’ replaced by
‘continuous-time Markov jump process’, and ‘transition matrix’ replaced by ‘generator
matrix’.

Finally, we will state three elementary results which we will be using several times in

this thesis. The first concerns concentration of measure for sums of i.i.d. random variables.

Lemma 1.3 ([8], Theorem 5.11). Let W be an R-valued random variable such that E [W] <
0o and E [e™] < oo in some neighbourhood around t =0, and let ¢ > E [W]. Then there
exists 1 > 0 such that the following holds. Let n > 1, and let W1, ..., W, be i.i.d. random

11



variables each distributed like W. Then
P (Z W; > cn> <e ™,
=1

The second concerns concentration of measure for Poisson random variables. For p > 0,

let Po (u) denote the Poisson distribution with mean p.

Lemma 1.4 ([15|, Theorem 2.3). Let W ~ Po(u). Then
P (W — p| > ep) < 2¢7550

forall 0 <e <1, and
P(W>w) <27

for all w > 2ep.
The third is an easy algebraic result.

Lemma 1.5. Let 0 < x <y.

d

1. Ifd>2, then d(y — xz) 2% 1 < Ly,

D=

2. We have d (y — z) 241 < y? — 29, with strict inequality if 0 < x <y and d > 2.

1.5 Outline of thesis

The rest of this thesis is organised as follows. In Chapter 2, we will show that lengths
processes are ergodic, and then establish some results about the equilibrium distribution
for the lengths process. We will also prove an important random walk lemma which will be
used to show rapid mixing of the lengths process. In Chapter 3, we will begin our proof of
rapid mixing of the lengths process. We stop in Chapter 4 to establish some concentration
of measure results, and then in Chapter 5 to analyse the equilibrium proportion of queues
of length at least i, for all ¢ > 1, and the equilibrium memory queue length. We will then
complete the proof of rapid mixing of the lengths process in Chapter 6. In Chapter 7,
we will analyse the equilibrium maximum queue length. In Chapter 8, we end with some

concluding remarks and further ideas.
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Chapter 2

Preliminary results

2.1 Notation for lengths processes

In this section, we will introduce some additional notation for lengths processes. In this
thesis, at any time we will be referring to at most two lengths processes in detail. We have

already introduced the notation
X = (Xt)zo, Xe=((Xe(1),.... X (n)),Er),
to denote a lengths process. A second lengths process, when we need it, will be denoted
Y = (Yt)tzm Vi=(Y:(1),...,Y:(n),6y).

Similarly, we have already specified z = ((z (1),...,2z (n)),&) to denote a lengths vector.
A second lengths vector, when we need it, will be denoted y = ((y (1),...,y(n)),8).

We will use the following construction of a lengths process. Let a Poisson process
T? = (T?):2, of rate An give the arrival times, and let C* = (C?):2; be a corresponding
sequence of ordered lists of d queues chosen uniformly at random with replacement, which
we will call choices. For each arrival time T}, we will take C* = (C*(1),...,C?*(d)) as
the ordered list of d queues chosen by the arriving customer. The candidates list is the

ordered list
(C’La (1) P 70? (d) 7ET;“7) y

where Zpa_ is the memory queue immediately before T7*. We then add a customer to the
first shortest queue in the candidates list, and with the updated queue lengths, save the first
shortest queue in the candidates list into memory. Let a Poisson process T9 = (Tfl)ji1 of
rate n give the potential departure times, and let S4 = (Szd)j; be a corresponding sequence
of queues selected uniformly at random, which we will call selections. For each potential
departure time Tid, we will take Szd as the queue completing its service of any current
customer. Thus, we remove a customer from Szd if it is currently non-empty. It follows
that a potential departure time is not necessarily a jump time, since nothing happens if
the selection is already empty.

The four processes T?, C? T9 and S are defined on a common probability space
(Q, F,P) and are independent. Since the selections for each potential departure time are

uniformly random, T9 splits into n Poisson processes of rate 1, and the n queues have
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independent exponential service times with rate 1. Thus, this construction of a lengths
process is equivalent to that given in Section 1.1.

Let Ty := 0, then enumerate all the arrival and potential departure times as 71,75, .. ..
We will call T = (T;);2, the event times. Let (F;),~, denote the natural filtration of F
with respect to X, and for a stopping time 17" > 0, le‘;

Fr— =c{{AN{t<T}:t>0,Aec R} UFo}

denote the o-field generated by all events before T'. By definition, we have Fy_ = Fy.
Suppose we have a procedure that, when given two lengths vectors, returns a pairing
of the n queues in one lengths vector to the n queues in the other. Then we may construct
a coupling of two lengths processes, X and Y, using only this pairing procedure as follows.
Let X and Y share the same arrival and potential departure times. For an event time T,

pair the queues in Xp_ and Y7_ using the given pairing procedure.

1. If T is an arrival time, let C = (C(1),...,C(d)) be an ordered list of d queues
chosen uniformly at random with replacement, then define C’ = (C'(1),...,C" (d))
by setting C” (i) to be the queue paired with C' (i), for all 1 <7 < d. We will take C'

and C as the choices for the arriving customer in X and in Y, respectively.

2. If T is a potential departure time, let S be a queue in Xp_ selected uniformly at
random, then set S’ to be the queue in Y_ paired with S. We will take S and S’ as

the selections in X and in Y, respectively.

It is easy to see that for an arrival time, C’ is an ordered list of d queues chosen uniformly
at random with replacement, and that for a potential departure time, S’ is a queue in Y7 _
selected uniformly at random. Thus, Y does have the distribution of a lengths process.

Note that X and Y necessarily jump together at each arrival time, but not necessarily
together at each potential departure time, since a potential departure time is not necessarily
a jump time.

For an arrival time, we will refer to the arriving customer in X as the X-customer,
his/her choices as the X-choices, and the candidates list in X as the X-candidates list. For
a potential departure time, we will refer to the selection in X as the X-selection. Analogous

definitions are to be made for Y.

2.2 FErgodicity and results about the equilibrium distribution

In this section, we will couple the supermarket model with memory with the standard
supermarket model to show a certain stochastic domination result. We will then use
this to establish that the former model is ergodic, and then extend some results about the
equilibrium distribution for the standard supermarket model to the equilibrium distribution
for the supermarket model with memory.

Let us introduce some additional notation for the standard supermarket model first.

We will also call elements of Z'} lengths vectors. For a lengths vector z € Z'} , we will write



and take z (i) to be the length of queue 7 in z. It follows that ||z, := > z(4) is the
number of customers in z, and that ||z||, :=max (2 (1),...,2(n)) is the maximum queue
length in z.

The standard supermarket model will be described by a continuous-time Markov jump

process Z = (Z;),~, with state space Z'} as follows. For t > 0, we will write

Zt:(Zt(l)r"’Zt(n))v

and take Z; (i) to be the length of queue i at time t. We will call Z a standard lengths
process, and take it to be right-continuous. It is well-known (e.g., see [6], Lemma 2.4) that
Z is ergodic.

We may think of the memory queue as offering each arriving customer an additional
opportunity to join a shorter queue, relative to the standard supermarket model. This
implies that we should expect the former model to have more balanced queues, and thus
shorter queues. In particular, we should also expect it to have fewer customers and a
shorter maximum queue length. The same conclusions should also hold if each arriving
customer in the standard supermarket model only makes d’ choices, where 1 < d' < d is a
fixed constant. All in all, we are looking to show that ||.X;||; and || X¢||,, are stochastically
dominated by || Z||; and || Z;||,, respectively. This would allow us to extend the following
results about the equilibrium distribution for the standard supermarket model, by Luczak
and McDiarmid [10].

Lemma 2.1 ([10], Lemmas 2.42.6). Let ¢ > 2. Then there exist 1 = 1y (¢) > 0 and
12 > 0 such that the following holds. Let n > 1.

1. Let Z have the equilibrium distribution for the standard lengths process. Then

n
1=

Efl[Z]l,] < P(lZ]l, > en) <em™™,

and
P([|Z]| > 1) < me™™"

for allr > 0.

2. Let Z have initial state z € 77, where ||z||; < cn. Then

P (|| Z¢|l; > 2¢n for some 0 <t < e™™) < 2e7M",

We will be coupling the supermarket model with memory with d choices and the stand-
ard supermarket model with d’ choices, where 1 < d’ < d is a fixed constant. However, we
will only make use of the case where d’ = d.

Let us rank the elements in a set of queues by length (in ascending order), and then if
necessary, by queue index (also in ascending order). That is, given a set of k queues, we
let the shortest queue with the least index have rank 1, and then repeat this for the ranks

2,....k

Definition 2.2. The rank coupling is the following coupling of a lengths process X and a

standard lengths process Z. Let X and Z share the same arrival and potential departure
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times. For an event time 7', pair the queues in Xp_ and Zp_ by rank (from 1 to n).

1. If T is an arrival time, let the X-choices C' = (C'(1),...,C (d)) be an ordered list
of d queues chosen uniformly at random with replacement, then define the Z-choices
C'=(C"(1),...,C"(d)) by setting C’ (i) to be the queue paired with C (7), for all
1<i<d.

2. If T is a potential departure time, let the X-selection be a queue in Xp_ selected
uniformly at random, then set the Z-selection to be the queue in Zp_ paired with
the X-selection.

Remark. Tt is easy to see that for an arrival time, the Z-choices is an ordered list of d’
queues chosen uniformly at random with replacement, and that for a potential departure
time, the Z-selection is a queue in Zp_ selected uniformly at random. Thus, Z does have
the distribution of a standard lengths process. This coupling was introduced by Graham

in [7] to couple two standard lengths processes together.

Observe that, for a state w of either process (that is, for w € Q, UZ") and i > 0,
n (o]
l; (w) = Z 1w(k)2i> i (w) = Z U (w) ) (21)
k=1 k=i+1

are the number of queues in w of length at least ¢, and the number of customers in w with

at least ¢ customers in front, respectively.

Lemma 2.3. Let X and Z have initial states x € Qy, 2z € Z}, respectively, where f; (x) <
fi(2) for alli >0, and let X and Z be coupled by the rank coupling. Then

fi(Xy) < fi (Zy)

for allt >0 and i > 0. We have || X¢||; < || Z¢|; and | Xyl < || Z¢| o for all t > 0.

Remark. This proof is essentially the same as the proof of Theorem 4.1 in [7]. The only

difference is that here, we also have a memory queue to deal with at each arrival time.

Proof. Clearly it suffices to show that f; (X7) < f; (Zr) for the first event time 7' > 0 and
all 4 > 0, so assume that
fi (Xr) > f; (Z7) (2.2)

for some j > 0. For a state w of either process and 1 < i < n, let r; (w) denote the rank

(from 1 to n) of queue ¢ in w. There are now two cases to consider.
Case 1 T is an arrival time.

Let K and K’ denote the length of the queue joined by the X- and Z-customer, respectively.
Then (2.2) gives

fi (@) + k5 = f; (Xr) > [ (Zr) = fj (2) + 1>
The hypothesis f; () < fj (2) gives

file)=1f;(2), K <j<K.
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These results, and the hypothesis f;_1 (z) < fj—1 (2) (noting that j > 0), give

Ik () <lj(x) = fi—1(z) = fj (@) < fim1(2) = fi (2) =15 (2) <lgrq1 (2). (2.3)

Now let H denote the highest ranked queue in the X-candidates list C' = (C' (1) ,...,C (d + 1)),
and let H' denote the highest ranked queue in the Z-choices C' = (C" (1),...,C"(d')). Re-

calling that the first d’ coordinates of C' and C’ have the same rank, we have

ra (z) = 1;22(?“ re@) (2) < 1%21, rery (2) =1 (2).

As highest ranked queues, H and H' are necessarily shortest queues in C' and C’| respect-
ively, and thus have lengths K and K’, respectively. The queues in z of length at least K
have the ranks n+1—Ig (z),...,n—1,n, so rg (z) must be one of these integers. Similarly,
the the queues in z of length at least K’ 4 1 have the ranks n+1—Ilgry1 (2),...,n—1,n,

so rg (z) must be strictly less than all these integers. Hence
lK/+1 (Z) <n+1-—rg (Z) §n+1—TH(33) SlK(az)
This contradicts (2.3).

Case 2 T is a potential departure time.

Let K and K’ denote the length of the X- and Z-selections, respectively. Then (2.2) gives
fi @) = 1ksj = f; (Xr) > [ (Zr) = f; (2) — 1kr>;-
The hypothesis f; () < f;j (z) gives
fit@)=fi(z), K<j<K.
These results, and the hypothesis fj11 (z) < fjr1 (2), give
Ik (2) <lja (2) = £i (2) = fi1 (2) < fi (2) = i (0) =l (@) S lgepa (). (24)

Now let S and S’ denote the X- and Z-selections, respectively. Recall that S and S’
have lengths K and K’, respectively. The queues in x of length at least K + 1 have the
ranks n+ 1 — g1 (2),...,n—1,n, so rg () must be strictly less than all these integers.
Similarly, the queues in z of length at least K’ have the ranks n+1—1lg/ (2),...,n—1,n,

so rg (z) must be one of these integers. Hence
Ikri(z)<n+l—rg(x)=n+1-—rg(z) <lg (2).

This contradicts (2.4).

The last two inequalities in the statement of the lemma follow from the fact that

lwlly = fo(w),  [[wll =min{i>0: f; (w) = 0},

for all states w of either process. O
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Lemma 2.3 implies that || X¢||; and || X;||,, are stochastically dominated by ||Z;||; and

| Zt]| o » respectively, as claimed. Now we will show that lengths processes are ergodic.
Lemma 2.4. X is ergodic.

Proof. Let J = (J;);2, denote the jump times of X, and for 1 < i < n, let 0; :=
((0,...,0),4) denote the empty state with memory queue i. We must show that X is

irreducible and positive recurrent.
Part 1 Irreducibility.

Recall that X is irreducible if and only if its jump chain Xy = (X ,)2, is. Instead of the
jump chain, we will first consider Xp = (X7,);2,, the lengths process at the event times
T = (13);2,

For 1 < j < n, we will say that an event time is a j-arrival if it is an arrival time with
choices (j,...,7), and a j-departure if it is a potential departure time with selection j. For
1 < j,k <n, we will also say that four consecutive event times are a (j, k)-switcher if they
consist of a j-arrival, a k-arrival, a j-departure, and then a k-departure.

A (4, k)-switcher is a sequence of event times which, if x (j) > x (k), will change the
memory queue from j to k without changing the queue lengths. Thus, we are claiming
that if

XTi:((x(l)v"'7$(n))7j)a x(j)Zx(k),

and if the event times Tjy1,...,Tj14 form a (j, k)-switcher, then X7, , will have memory
queue k£ and the exact same queue lengths. To see this claim, note that a j-arrival gives
the candidates list as (j,...7, ), and thus queue j receives the customer and remains the
memory queue. In particular, it is now strictly longer than queue k. A k-arrival then gives
the candidates list as (k, ..., k, j), and thus queue k receives the customer and becomes the
memory queue. Finally, a j- and k-departure will undo the changes in the queue lengths.
This proves the claim.

Now let z,y € Q,. We will construct a sequence of event times which will take X from
x to y. We begin by taking X down to the empty state with memory queue £. Thus, if we

have z (j) j-departures, for j = 1,...n in order, then

XTz(l) = ((071"(2) y ’x(n)) 75))

XTu :((0,...,0),5):057

where u = ||z||;. Next, we will take X to the empty state with memory queue 6. Thus, if

we next have a (£, #)-switcher, then
X7,.. = ((0,...,0),0) = 0.

Finally, we will restore the queue lengths one queue at a time. We will first build up queue
0 4 1, then queue 6 + 2, repeating this until we finish with queue 6. This will ensure that
the switchers never go to a strictly longer queue. Thus, if we next have a (j, j + 1)-switcher

and then (j + 1)-arrivals, exactly y (j + 1) of them, for j =60,...,n,1...,0 — 1 in order,
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then

Xr, =((0,...,0,y(60+1),0,...,0),0+1),

+8+y(6+1)
X, 0,...,0,y(0+1),y(0+2),0,...,0),0+2),

F124y(0+1)+y(6+2) ((

where m = ||lzfl; +[lyll, +4(n +1).
Since each event time described here is a jump time, we have T; = J; for all 1 < ¢ < m,
and thus

N\ Iwh2eE o el 2
) (5313) >0

P.(X; =y)>P,( Xy =vy)> | —— i

This shows that the jump chain Xj is irreducible, and thus X is irreducible.

Part 2 Positive recurrence.

Let A :={0q,...,0,} denote the empty states in Q,,, and let 0 := (0,...,0) denote the
empty state in Z'. Let X have an initial state in A, and let Z be a standard lengths
process with initial state 0. Let X and Z be coupled by the rank coupling. Recall that
J = (Ji)i2, denotes the jump times of X; let J' = (J/);2, denote the jump times of Z.
Then

Hy:=inf{t>J;: X; € A}, Ho:=inf{t>J :Z, =0},

are the hitting time of A by X, and the hitting time of 0 by Z, respectively. Since the
initial states satisfy f; () =0 = f; (2) for all i > 0, Lemma 2.3 implies that

1 Xelly < 11Zelly

for all ¢ > 0. But J; = Jj, since X and Z are both initially at empty states and thus make

their first jump at a common arrival time. It follows that
H, < H.
Using the well-known fact (e.g., see [6], Lemma 2.4) that Z is ergodic, we have

max E,, [H4] < Eg [Ho] < o0. (2.5)
weA

For the rest of this proof, we will be looking at the times when X lies in A. Enumerate
{Ji:i>0and X, € A} into a sequence (U;);2,. Now fix a € A, then let

Ng:=inf{i >1: Xy, =a}.

Then N, is equal to the hitting time of a by the irreducible discrete-time Markov chain
Xu = (Xv,);=9, which has the finite state space A. It is well-known (e.g., see [9], Section

1.7) that an irreducible discrete-time Markov chain with a finite state space is positive
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recurrent, so
E, [Ng] < oc. (2.6)

Moreover, the random variables H,, N, and U; are all defined on the same probability

space, and satisfy

Ng fe’e)
Ha:UNa:Z(Ui_Uil ZU Ui—1) 1N, >i-
i=1 i=1

For ¢ > 1, let G; denote the o-field generated by all events in [0, U;]. By the Tower Rule,

we have
= Eo[(Ui = Uis1) 1y, = ZE (Ui = Uis1) 1n,i | Gical]-

But 1x,>; is G;—1-measurable, since N, > i if and only if Xy;,,..., Xy, , # a. Hence, by
(2.5) and (2.6), we have

ZE Ui = Uit | Gica] 1n, i)

oo
Z 1Na2i]
i=1

= max E,, [H4]| E, [V,] < 0.
weA

< max E.,
weA

Thus, X is positive recurrent. O

Having established that lengths processes are ergodic, we may now extend the afore-
mentioned results for the equilibrium distribution for the standard supermarket model to

the equilibrium distribution for the supermarket model with memory.
Lemma 2.5. Let ¢ > % Then there exist n1 = 11 (¢) > 0 and n2 > 0 such that the

following holds. Let n > 1.

1. Let X have the equilibrium distribution for the lengths process. Then

n
1=

E[[|X];] < P (|| X]|; > cn) <e ™M,

and
P (X > 1) <me™™"

for allr > 0.

2. Let X have initial state x € Q,, where |z||; < cn. Then

P (|| X¢]|; > 2¢en for some 0 <t < ™) < 27",

Proof. This follows from Lemma 2.1 and Lemma 2.3. O
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2.3 A random walk lemma

In this section, we will prove an important random walk lemma which we will use to show
rapid mixing of the lengths process. First we will need the following result by McDiarmid

[15] which concerns the concentration of sums of independent, bounded random variables.

Theorem 2.6 ([15], Theorem 2.5). Let W1, ..., W, be independent random variables where
Wi is [bi, ¢;]-valued for some b; < ¢;, for all 1 <i <mn. Then

- 2w?
P E Will>w] <2exp| ———mm—
< ] - ><2 p( zz;mci—bi)?)

We will now prove a generalisation of Lemma 2.2 in [10]| by Luczak and McDiarmid.

n

ZWZ-—E

i=1

for all w > 0.

This concerns a discrete-time random walk R = (R;);2, on R, with bounded increments,

as follows. Let a < b, and suppose that:
1. R has negative drift with magnitude bounded away from 0, when it is above b, and

2. R will reach a (or a point below it) within a small number of steps with probability

bounded away from 0, when it is at most b.

Then R should soon decrease to a, by the following reasoning. If R is above b, then it
will first drift down towards b, by the first condition. At this point, R may make a finite
sequence of steps and reach a. Since such a sequence occurs with probability bounded away
from 0, after sufficiently many attempts, R will succeed at least once with high probability.

The events A; in the lemma will be called the background events. Their relevance will

be apparent when we apply the lemma to show rapid mixing of the lengths process.

Lemma 2.7. Let (G;);2, be a filtration, and let (A;);2, be a sequence of events such that
A; € G; for alli > 0. Let R = (R;);2, be a random walk on R such that Y; :== R; — Ry
is Gi-measurable and [—y,y|-valued, for some y > 0 and all i > 1. Moreover, let a < b,
0<p<1andq>1 be constants, and suppose that

E [Y;'+1 | gl] < —p, on A,L N {RZ > b}, (27)

P (U {Risr < a} | gi> >p,  onA;N{R; <b}, (2.8)

k=0

for alli > 0. Then there ezxists n = n(a,b,p,q,y) > 0 such that

P (ﬁ (4N {Ri > a}>> < 2e7 1P (Ry > )
=1

for all m > 1.

Remark. This proof is based on the proof of Lemma 2.2 in [10], the result we are general-
ising. The main difference is that here we need a stronger result, namely Theorem 2.6, to
show that the durations between the hitting times are not too long. For the original lemma,

Luczak and McDiarmid use concentration of measure for binomial random variables.
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Proof. Since the left-hand side is bounded by 1 and 7 > 0 may be arbitrarily small, it
suffices to show the result for all sufficiently large m.

Let us ignore the background events A; in the meantime; we shall see later that it is
easy to incorporate them into the argument.

First define hitting times
Ip:=1):=inf{i >0: R; <b},

and
Ii=inf{i>1I; 1 : Ry <b}, I:=inf{i>I; j+q:R <b},

for all 7 > 1. That is, let I; be the first time after I;_; when R is at most b, and let Ij’~ be

the first time more than ¢ time steps after I ]/»_1 when R is at most b. Note that
1< Iy, (2.9)

for all u > 1.
Now (2.8) and (2.9) give

P(ﬁ{Ri>a}> <]P><ﬁ{Ri>a}m{I;<m}>+P(I;>m)

=1
<(1=p)"+P g >m), (2.10)

for all w > 1. To see the first term in (2.10), note that if Ry,..., Ry, > a and if I], < m,
then
a < R[J/ <b, RIJ"-HC > a,

forall 0 < j <wand 1 <k <gq. That is, R fails to reach a within ¢ steps from when it is
at most b, at least u times. The probability of each of failure is bounded using (2.8).

Next we will show that the durations I;11 — I; are not too long so that the term
P (14, > m) is small. To do this, let j > 0 and h > 2, and suppose that {I;;1 — I; > h}
holds. Now

h
{Ijs1 = 1; > h} = [ {Ri;4x > b},
k=1
and the idea is that on the latter event, the increments Yy, yo,..., Y1 1p (and Yi,+ht1,

though we will not need it) will each have negative expectation, by (2.7). Hence, for
sufficiently large h, the (j 4+ 1)*" hitting time I;4+1 will occur within h time steps of the j*8
hitting time I; with high probability. Now for the details. If Ry 4+1,..., Rr+n > b, then
since Ry; < b and since each increment is at most y, we have
h
ZY,M =Rp4n— Ry, = Y11 >b—b—y=—-y>—3ph-1), (2.11)

k=2

if h is sufficiently large. Next we will relate this sum to a sum of independent random
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variables with a straightforward conditional expectation on Gy;. For j > 0 and k > 2, let

7o ij+k7 if RIj+17‘°'7RI]‘+k > bu
gk =

—p, otherwise.

Then the Tower Rule gives
E(Zjx|6G1,] =E[E[Zjk | G1,4k-1] | G1,] < —p,

for all j > 0 and k& > 2. Hence, for all h > 2, ZZZQ Zj is stochastically domin-
ated by ZZ:2 Wk, a sum of independent [—y,y|-valued random variables where each
E [Wj,k ] QIJ.] < —p. Note that the W, need not be identically distributed. Let n; =

2
m (p,y) = % <§> , then Theorem 2.6 (with b; = —y, ¢; =y and w = p (h — 1)) gives

L (h o (2GR =1)°
tarh 1),%)32 p( 2222<y+y>2>

= 2¢~m(h=1) (2.12)

h
> Wikl 6,
k=2

h
P (Z Wx>E
k=2

for all h > 2. Returning to the event ﬂzzl {R]j+k > b}, on which we have Z;o =
Y]j+2, ceey Zj,h = Y]jJrh, we see that (211) giVGS

h h

ZZj,k = ZYIjJrk > —3p(h—1)>E
k=2 k=2

h
Z Wik | G,

k=2

+%p(h_1)7

if h is sufficiently large. As ZZ:Q Zj . is stochastically dominated by ZZ:Q Wik, (2.12)

gives

h
P (Ijt1—1I;>nh|Gr) <P <ﬂ {Bp4n > b} | gIJ’)

k=1

h h
§P<ij,k2E ZWj,k’ng +%p(h_1)|g1j>
k=2 k=2
< 26*771(}1*1),

if h is sufficiently large. Since the left-hand side is bounded by 1, for sufficiently small
n2 =2 (b, p,y) > 0, we have

P (Ij-i-l - Ij > h | g[].) < 2¢ M2k

for all h > 0. Hence the durations I;41 — I; are stochastically dominated by i.i.d. random
variables H; each distributed like an N-valued random variable H such that P (H > h) =

2¢~ b for all h > 0. Let
o 3 e m
R —— "4y |
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then we have

qu qu
P(Igu—To>~yqu) =P | > (I = Ij-1) >vqu | <P [ Y Hj>qu
j=1 J=1

Now H, the common distribution of the Hj, satisfies

o o 2
_ _ _ —n2h __
—E:hIP’(H_h)_E:% e e ]
h=1

o0 0
E [6%7721‘1} _ Z€2n2hP H=h) Z bmh ge—m(h=1) o o
h=1 h=1

so Lemma 1.3 (with ¢ = ) implies that there exists n3 = 13 (b, p, ¢, y) > 0 such that
P (Iqu — Lo > yqu) < e B (2.13)

for all m > 1.

Next we will show that I is also not too long. The argument is similar to that used
for the durations I 11 — I}, so we will be a little briefer here. Let v := HmL and suppose
that {Ip > v} N {Ro < %pm} holds. Now if Ry < %Gpm and Ry,..., R, > b, then we have

v
ZYk:Rv—Ro—Yl>b—1—16pm—y2—%p(v—1), (2.14)
k=2

if m is sufficiently large. For k > 2, let

Yi, if Ry,...,Ri > b,
2y =
—p, otherwise.

Then the Tower Rule gives E [Z;] < —p for all k > 2. Hence, Y .,_, Z, is stochastically

dominated by ZZ:Q Wi, a sum of independent [—y, y|-valued random variables where each

E [Wi] < —p. Then Theorem 2.6 gives
2 (lp (v— 1))2
Clp—1)) < 2exp (—22P D)
2 k=2 (Y +Y)

<Z W, > E Z Wi
= 2¢~m=D), (2.15)

Returning to the event {Ip > v} N {RO < %pm}, on which we have Zo =Y5,...,Z, =Y,
we see that (2.14) gives

ZZk—ZYk>—§p (v—1) >E[2Wk

2p (v—1),
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if m is sufficiently large. As >, _, Zj is stochastically dominated by >, _o Wy, (2.15) gives

P({Io >v}N{Ry < kpm}) <P ({RO < fpm}n ﬁ {Ry, > b}>

k=1
<P (ZWk >E [ZWk +3p(v— 1))
k=2 k=2
< 26—771(”—1)7

if m is sufficiently large. Since the left-hand side is bounded by 1, for sufficiently small
N4 =14 (b, p,y) > 0, we have

P ({Io > v} N {Ro < sepm}) < 2e~M™ (2.16)

for all m > 0.
Now if I, > m, then

m
(Igu — Io) + Lo = Iy > m > g LWJ + [im] = vqu + v,

if m is sufficiently large. Hence, by (2.10), we have
P (ﬂ {RZ > CL}) < (1 —p)u +P(Iqu — Iy > vqu)
i=1
+P ({Io > v} N {Ro < &£pm}) + P (Ro > tpm),

if m is sufficiently large. By (2.13) and (2.16), there exists 5 = 75 (a,b,p,q,y) > 0 such
that

P (ﬂ {R; > a}> <(1—-p)"+e P+ 27" + P (Ry > pm)

i=1
< 4e”P" P (R > nsm)
< e~ 3m +P (Rg > %775771) , (2.17)

if m is sufficiently large. Hence the result follows if n < %775.
Now let us bring in the events A;. For i > 1, let

i
Y/ :=Yila, , —max(b—a,p,y) 17—, R;:=Ro+ ZYJ
j=1

Then
E [le/-f—l ‘ gl] < —p, oOn {RZ > b}7

q
P(U {R;+k§a}|gi> >p, on {R; <b},
k=0

for all i > 0. These are obvious if A; holds, and easily follow from (2.7) and (2.8) if A;
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holds. Hence, (2.17) applies to (R}):2,, giving

P <ﬂ (Aici N{R; > a})) <P (ﬂ {R; > a}) < e 3™ 4P (Ry > Lnsm)
i=1 1=1

if m is sufficiently large. To see the first inequality, note that if Ag,..., A,,—1 all hold,
then we have Y/ =Y for all 1 <i < m. It follows that R, = R; for all 1 <i <m. O

The following lemma is the main result of this section. It is an application of Lemma
2.7 and concerns a discrete-time random walk S = (5;);2, on Z4, with increments in
{—1,0,1}, as follows. At all times, S is to be described as either being good or bad; let the
event B; denote the event that S is good at time i. Let k > 1, and suppose that:

1. S will either become good or increase, with probability bounded away from 0, when
it is bad,

2. S will remain good and decrease, with probability bounded away from 0, when it is

good,

3. S is more likely to remain good and decrease than to increase, when it is good and

above k, and

4. S will become good without changing value, with probability close to 1, when it is

bad and above k.

Then there should be the rapid occurrence of a time when S is simultaneously good and
takes the value 0, by the following reasoning. Let R be the random walk equal to S if S
is good, and S plus a penalty 0 < 8 < 1 if S is bad. That is, let

R; =5 + flg;,

for ¢ > 0. Thus, R is 0 if and only if S is good and takes the value 0, and in particular, R

should soon decrease to 0 by Lemma 2.7 and the following reasoning.

1. Condition (2.7) requires that R has negative drift with magnitude bounded away
from 0, when it is above b := x + 5. Now if R is above k 4+ 3, then S is above k.

There are now two cases to consider.

(a) If S is good, then the third condition implies that S will have negative drift,

whence R will also have negative drift.

(b) If S is bad, then the fourth condition implies that S will become good without
changing value, with probability close to 1. This will represent a decrease in R,
as the penalty will no longer apply. Moreover, the aforementioned probability

will be so close to 1 that this will represent a negative drift in R.

2. Condition (2.8) requires that R will reach a := 0 within a small number of steps with
probability bounded away from 0, when it is at most x + 5. Now if R is at most

k -+ 3, then S is at most x. There are two parts to the argument here.
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(a)

If S is good and at most x + 1, then the second condition implies that S will
remain good and decrease to 0 within at most x + 1 steps, with probability
bounded away from 0. That is, R will decrease to 0 within at most x + 1 steps,

with probability bounded away from 0.
If S is bad and at most &, then the first condition implies that S will either have

become good or have remained bad and increased to x4+ 1 within at most x4+ 1
steps, with probability bounded away from 0. If we are in the latter case, then
using the fourth condition, we see that S will be good and at most x + 1 within
at most k + 2 steps, with probability bounded away from 0. At this point, the
first part of the argument applies.

The two parts together imply that R will decrease to 0 within at most ¢ := 2k + 3

steps, with probability bounded away from O.

The events A; in the lemma will also be called the background events. Again, their relevance

will be apparent when we apply the lemma to show rapid mixing of the lengths process.

Lemma 2.8. Let (G;);2, be a filtration, and let (A;);2, and (B;);2, be sequences of events
such that A;,B; € G; for all i > 0. Let S = (S;);2, be a random walk on Zj such
that Z; == S; — S;—1 is G;-measurable and {—1,0,1}-valued, for all i > 1. Moreover, let

0<d<3

and K > 1 be constants, and suppose that
P (BiJrl U {ZiJrl = 1} | gz) d, on A;N E, (218)
P (Bi+l N {Zi—i-l = —1} | gz) >4, on A; N B; N {SZ > 0}, (2.19)
P(Bit1 N{Zit1 = -1} | Gi) > P( i1 =1|G)+9d, onANB;N{S; >k}, (2.20)
P (Bi+1 N {Zi-i—l = 0} | QZ) 1-— on A; ﬂEﬂ {SZ > H} , (2.21)

for alli > 0. Then there exists n =1 (0, k) > 0 such that

P (ﬁ (Az;l N (EU {Sz > 0}))) <27 4 P (So > nm)

for all m > 1.

Proof. Since the left-hand side is bounded by 1 and 7 > 0 may be arbitrarily small, it

suffices to show the result for all sufficiently large m.
We have already outlined the idea behind this proof. We will take the penalty 3 to be
%5 . We will show that the hypotheses of Lemma 2.7 hold with the same filtration (G;);~,,

the same sequence of events (A4;);2, the constants

a=0, b=k+8, p=0"" ¢=2k+3, y=1+8,

and the random walk R = (R;);2, where

R = 5; + Bl
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It is easy to see that p < %6. As required by Lemma 2.7,
Y= R~ Rioy = Zi+ 8 (15— 15

is G;-measurable and [—y, y]-valued, for all i > 1. There are now two conditions to verify:
(2.7) and (2.8).

1. For condition (2.7), suppose that A;N{R; > b} holds, so that S; > k. There are now

two cases to consider. If B; holds, then the next increment in R is

Y;'Jrl - Z@'+1 +B]-T+1 € {_17_1 +670>67171 +6}7
whence we may write

EYiq | G] <—

P(Yiy1=—1[G)+BP(Yis1=81G)+(1+B)P (Vi1 > 1] G)
—P

(Yig1=-1|G)+B+P(Yiz1 >21|Gi), on A;NB;N{R; > b}.

IN

By (2.20), we have

]E[H-1|gz]§ —P(Bix1iN{Zip1=-1} | G) + +P (Zis1=11|G)
—0 + 35§—p, on A;NB;N{R; > b}.

On the other hand, if B; holds, then the next increment in R is
Y;ﬂ+1 z+1 /31B1+1€{ 1_57 570>1_/311}7

whence we may write

E[Yit1 [G] < =BP (Yiq1n =—81G) + P (Yis1 # -8 [ Gi)
=1-(1+B)P(Yipn=-B1G:), onANBiN{R;>b}.
By (2.21) and the fact that § < 3, we have
[z+1‘gz]<1_(1+/8)]?( z-l—lm{ZH-l_O}’gl)
<1-—(1+436)(1-30)
:—(l—75)5§ 1(5<—p, on A; N B; N{R; >b}.
Thus (2.7) holds.

2. For condition (2.8), suppose that A; N {R; < b} holds, so that S; < x + . Since S
only takes values in Z., it follows that S; < k. As mentioned when we outlined the
idea behind the proof, the first part of the argument deals with the case where S is
good and at most k + 1. For s > 0, let

B = B; N {Sz = S}
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denote the event that S is good and takes the value at time ¢. By (2.19), we have
§<E[1p,1z.,——1 |G| <E[lg.,., |G|, onAnNEg, (2.22)

for all i > 0 and s > 1. Multiplying through by 0, bounding ¢ using (2.22) with ¢
replaced by ¢ + 1 and s replaced by s — 1, and then using the Tower Rule, we have

S
IN

E |:1Ei+1,3716 | gl]
E [1E¢+1,571E |:1Ei+2,572 | gi-i-l] | gl]
E [1E¢+1,5711E¢+2,572 | gl] , on A;N Ei,s‘

IN

Similarly, by (2.22) and induction, it is straightforward to see that
O <E[lp,,, ., 1., ]G] <E[1r . —0|G], onANE,
for all s > 1. In particular, we have
S E (g =0 | G) SE |1y p o 1G], on Ain By, (2.23)

forall0 <s<k+1.

The second part of the argument deals with the case where S is bad and at most k.
For s > 0, let
E,s = Em {Sz = 3}

denote the event that S is bad and takes the value s at time i. By (2.18), we have

0 = E |:1Bi+1U{Z7;+1:1} | gz]
= ]E |:]-Bi+1 + 1ﬂlzi+1:1 | g1i|
S ]E |:1Bi+1 + 1F i+1,5+1 | gl] 9 on A’L m Fi,57 (224)

for all i,s > 0, and by (2.21), we have
0<1— %(5 <E [1Bi+11Zi+1:0 | gz] <E [1Ei+1,s ‘ Q,] , on A;N Fi,s; (2.25)

for all i > 0 and s > k. Multiplying (2.24) through by d, bounding ¢ using (2.24)
with ¢ replaced by ¢ + 1 and s replaced by s + 1, and then using the Tower Rule, we

have

| /\

E (150 | Gi] +E [1r1,00 | G-
E 150 | Gi] + B [1ry10iB (181 + 1Ras0 | Gin] | Gi]
E 150 | Gi] + B [1r1018: | G

+E [lp+1 w1 1Fi oo | gl] , on A;NF,.

IN

IA

Similarly, by (2.24) and induction, it is straightforward to see that if r = r(s) :=
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k—+1—s, then

IS
§" < ZE |:1Fi+l,s+1 cee 1Fi+j71,s+j—1]‘Bi+j | gl]
j=1

+E [1F¢+1,s+1 "']'Fi+r,ﬂ+1 ‘ gl] , on AimFi,s,

for all 0 < s < k. Multiplying through by ¢, bounding ¢ using (2.25) with 4 replaced
by i 4+ r and s replaced by x + 1, and then using the Tower Rule, we have

R ZE [1Bi+j | gi] +E |:1Fi+r,n+l(5 | gi]
j=1

T
< ZE []'BH—j | gi] +E [1Fi+r,n+lE |:1Ei+r+1,n+1 | giJrr] ‘ gi]
7j=1

r
= ZE [1Si+j§S+TlBi+j | gl] +E |:1Fi+'r,n+1 1E’L+7‘+1,ﬁ+1 | gl]
j=1
r+1 k+1

S ZZ]E [1Ei+j,l | gl] ) on A’L N E,Sa

j=11=0

for all 0 < s < k. Multiplying through by 6**!, bounding §**! using (2.23) with 4
replaced by ¢ + 7 and s replaced by [, and then using the Tower Rule, we have

r+1 k+1

6T+H+2 S Z ZE |:1Ei+j,l51'€+1 ‘ gz] .
7j=11=0
r+1 xk+1

< Z ZE [1Ei+]’,zE [1Ri+j+l:0 ’ gi+j] | gi]
j=1 1=0
r+1 k+1

< Z ZE [1R¢+j+l:0 | gl] ,oon A N E,

7=11=0

forall 0 < s<k. Since j <r4+1<k+2and0<1I]<k+1, we have
§2rt3 <E [1Uii+13 Ryy =0 | gl] , on A;NFy,, (2.26)
for all 0 < s < k. By (2.23) and (2.26), we have

, : +1 2k+43
E 1Ri§b1UiiJ63R k=0 ’ QZ} Z min ((5ﬁ ,5 ® )

i

=D

K K
U E’L’,s U U E,s

s=0 s=0

on A;N{R; <b}=A;N

Thus (2.8) holds.
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By Lemma 2.7, there exists 1 = 71 (4, k) > 0 such that

‘(

IDE

(Ai—l N (EU {Sz > 0}))) <P (ﬁ (Ai—l N {RZ > 0}))

1 =1

<2e MM 4P (Ry > mm)

< 2e~3mm +P (So > %mm) ,

if m is sufficiently large. Hence the result follows by taking n = n (d, k) := %771~
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Chapter 3
Rapid mixing — part one

In this chapter, we will begin our proof of rapid mixing of the lengths process. This will
require defining profile-adjacency for a pair of lengths vectors, and then the profile coupling
of two lengths processes with profile-adjacent initial states. We will close this chapter with
an intermediate result which will be used in the proof of rapid mixing of the lengths process.
This chapter is based on Chapter 2 of [10] by Luczak and McDiarmid.

3.1 Profile-adjacency and distance

In this section, we will define profile-adjacency and then the profile-distance between a pair

of lengths vectors. We begin with the concept of profile-equivalence.

Definition 3.1. We will say that x,y € O, are profile-equivalent, and write x = y, if x

and y have
1. the same number of queues of length ¢, for all ¢ > 0, and
2. memory queues of the same length.

Informally, we will say that two lengths vectors are profile-adjacent if we take a pair of
profile-equivalent lengths vectors, and then either add/remove a single customer to/from

one of them.

Definition 3.2. We will say that x,y € Q,, are profile-adjacent, and write x ~ y, if there
exists [ > 0, called the level, such that

1. x and y have the same number of queues of length ¢ for all 4 # [, 1+ 1, and one lengths
vector (the lower lengths vector) has one more queue of length [ and one fewer queue
of length [ + 1 than the other (the higher lengths vector), and

2. either z and y have memory queues of the same length, or the lower (resp., higher)

lengths vector has memory queue of length [ (resp., [ + 1).

If z is the lower lengths vector, so that y is the upper lengths vector, then we will write

T <y

Remark. As mentioned in Section 1.3, to show rapid mixing of the standard lengths process,

Luczak and McDiarmid [10] show that two standard lengths processes with certain pairs of
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initial states can be coupled to coalesce rapidly. A coupling only needs to be constructed
for pairs of initial states which constitute the edge set of a certain graph structure on the
state space Z.. The graph structure used is the following natural one: say z,z’ € Z7 are
adjacent if they differ in exactly one queue by one customer.

A natural way to adapt the notion of adjacency between z,z’ € Z7 to a notion of
adjacency between x,y € Q,, is to also require that the memory queues in z and in y
coincide. Using this graph structure, and then following the arguments in [10], we are able
to show that two lengths processes can be coupled to rapidly have the same number of
queues of each length and to have memory queues of the same length, that is, to rapidly
become profile-equivalent. Although this does not show that the two lengths processes
coalesce rapidly, it does however allow us to prove several results about the equilibrium
number of queues of length i, for all ¢ > 0, and the equilibrium memory queue length (in
Chapter 4 and Chapter 5). These results will play a role in our proof of rapid mixing of
the lengths process.

Hence, it suffices for our notion of adjacency to only concern queue lengths. That is,
the first condition does not require that the differing customer to come from the same
queue, and the second condition does not require that the memory queues coincide.

A final remark is that it is possible to carry out similar analysis using an abstract
process which only contains queue length information: the lengths of the n queues and the

length of the memory queue. This approach was taken by Luczak and Norris in [13].

For z,y € Q,, define a profile-path of length m between x and y to be a sequence
=20~ R]~...~Y2Zm =Y.

The following lemma says that profile-adjacency induces a connected structure on the state

space Q.

Lemma 3.3. Let x,y € Q,,. Then there exists a profile-path x = zg ~ 21 ~ ...~ 2y =Y
of length at most |||, + ||y|l, such that

zilly <max((lz]ly, lyll) s zille < max (2l s 1Y)

for all0 <i<m.

Proof. For 1 <i <n,let 0; := ((0,...,0),4) denote the empty state with memory queue

1. By successively removing customers from x, we obtain a profile-path
r=zg~zr~ ..o~z =0¢

of length k := ||z||; from x to O¢. The required inequalities clearly hold for all 0 <i < k.
Similarly, we obtain a path of length ||y||; from y to 0p. Now note that the empty states

are all profile-equivalent. O

For z,y € Q,, let the profile-distance d, (z,y) denote the length of the shortest profile-

path between z and y. Then Lemma 3.3 gives

dp (,y) < |lzll, + [lylly (3.1)
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for all z,y € Q,. Note that d, (z,y) = 0 if and only if z = y, and that d, (z,y) =1 if and

only x ~ y.

3.2 The profile coupling

In this section, we will define the profile coupling of two lengths processes with profile-
adjacent initial states. We will then show that under this coupling, at each event time, the
two processes either remain profile-adjacent or become profile-equivalent. We will only be
concerned with the processes until they become profile-equivalent.

Recall that we rank the queues in a set of queues by length (in ascending order), and

then if necessary, by queue index (also in ascending order).

Definition 3.4. The profile coupling is the following coupling of lengths processes X and
Y with profile-adjacent initial states. Let X and Y share the same arrival and potential
departure times. For an event time 7', pair the queues in Xp_ and Yp_ as follows: pair
the memory queues together, rank the remaining queues (from 1 to n — 1) and then pair

these queues by rank.

1. If T'is an arrival time, let the X-choices C = (C'(1),...,C (d)) be an ordered list of
d queues chosen uniformly at random with replacement, then define the Y-choices
C'=(C"(1),...,C"(d)) by setting C’ (i) to be the queue paired with C (i), for all
1<i<d.

2. If T is a potential departure time, let the X-selection be a queue in Xp_ selected
uniformly at random, then set the Y-selection to be the queue in Yp_ paired with
the X-selection.

Remark. Tt is easy to see that for an arrival time, the Y-choices is an ordered list of d
queues chosen uniformly at random with replacement, and that for a potential departure
time, the Y-selection is a queue in Yp_ selected uniformly at random. Thus, Y does have
the distribution of a lengths process. This coupling is based on the coupling introduced by

Luczak and McDiarmid [10] used to couple two standard lengths processes together.

Let us look at the first event time 7' > 0 and the initial states of X and Y in more
detail. Suppose that X7 =z <y = Y7_ at level [. We claim that the pairing procedure
described in Definition 3.4 will pair queues of equal length together, with the exception of
one pair consisting of a queue of length [ in « and a queue of length [ + 1 in y; we will
call these the z- and y-imbalances, respectively. To see the claim, there are two cases to

consider.

1. If x and y have memory queues of the same length, then pairing the memory queues
leaves x and y with the same number of queues of length i for all i £ [,] + 1, and x
with one more queue of length [ and one fewer queue of length [ + 1 than y. These
queues are to be ranked from 1 to n — 1, and as we pair the queues of rank 1,2,...
together, we will be pairing queues of equal length 0,1,...,] — 1 together, if there
are any. Eventually, the x- and y-imbalances are created and the remaining pairs are

queues of equal length.
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2. If x and y have memory queues of length [ and [ + 1, respectively, then pairing the
memory queues immediately creates the pair of imbalances. Clearly, the remaining

n — 1 pairs are queues of equal length.

Now we will show that under this coupling, at each event time, the two processes either
remain profile-adjacent or become profile-equivalent. Moreover, we will determine the

precise conditions for each outcome, and give these conditions in terms of one process only.

Lemma 3.5. Let X and Y have initial states x,y € Q,, respectively, where x <y at level
[, and let X and Y be coupled by the profile coupling. Let T > 0 denote the first event

time, and let u denote the x-imbalance.

1. If T is an arrival time, let A denote the event that the X-candidates list contains
a unique shortest queue and let J denote the index of the queue joined by the X-
customer. Then X7 < Yp at level L := 1+ 141 j—,.

2. If T is a potential departure time, let S denote the X-selection. If S =u and [ =0,
then X7 = Yp. Otherwise, we have Xp < Yp at level L :=1— 1g—,,.

Proof. Throughout this proof, recall that the z-imbalance is paired with the y-imbalance,
which has one more customer, and that every other queue in x is paired to a queue in y of

equal length. There are now two cases to consider.
Case 1 T is an arrival time.

Let K and K + A denote the lengths of the two shortest queues in the X-candidates list,
respectively, where K, A > 0; the argument is trivial if the X-candidates lists only consists

of one unique queue. There are now three cases to consider.

1. If A holds, then A > 1. It follows that the X-customer joins a queue of length K,
and that the memory queue in X7 has length K + 1.

(a) If J = u, then the Y-candidates list contains queues of length K + 1 and
K+ A > K+ 1. It follows that the Y-customer joins a queue of length K + 1,
and that the memory queue in Y7 has length K + 1 or K + 2.

(b) If J # u, then the Y-candidates list contains a queue of length K and a queue
of length at least K + A > K 4 1. It follows that the Y-customer joins a queue
of length K, and that the memory queue in Y7 has length K + 1.

2. If A holds, then A = 0. It follows that the X-customer joins a queue of length K,
and that the memory queue in X7 has length K. At least one of these two shortest
queues in the X-candidates list is not the z-imbalance u, so the Y-candidates list
contains a queue of length K and a queue of length at least K. It follows that the
Y -customer joins a queue of length K, and that the memory queue in Y has length
Kor K+1.

In all cases, we have X1 < Yp. Moreover, the level increases in the first case, and stays

constant in the other two cases.

Case 2 T is a potential departure time.
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Recall that the X-selection is the x-imbalance if and only if the Y-selection is the y-
imbalance. Thus, X7 < Y7 with the level decreasing if and only if this occurs. The only

exception is if [ = 0, in which case X and Y become profile-equivalent. O

We now extend the profile coupling of lengths processes with profile-adjacent initial

states to lengths processes with arbitrary initial states.

Definition 3.6. Let X and Y have arbitrary initial states x,y € Q,,, respectively. Let
T =zg~ 21~ ...~ zZy =Yy be a shortest profile-path of length m = d,, (x,y) between x
and y. For all 0 < i < m, let Z be a lengths process with initial state z;, and let Z'~! and
Z’ be coupled by the profile coupling, for all 1 < j < m. This determines a coupling of X

and Y, which we will also call a profile coupling.
We then have the following result.

Lemma 3.7. Let X and Y have arbitrary initial states and be coupled by a profile coupling.

Then dy (X, Y:) is non-increasing over time.

Proof. Let m and the Z! be as in Definition 3.6. Then
m
p (Xt 1) < Z (Z 4. 7)).

Each summand takes the value 1 before the first event time, and by Lemma 3.5, a value
in {0,1} at the first event time. Hence d, (X¢,Y}) is non-increasing across the first event

time, and by induction, is non-increasing over all time. O

3.3 Rapid profile-equivalence

In this section, we will show that in a profile coupling, under reasonable initial conditions,
the two lengths processes in fact rapidly become profile-equivalent.

We will begin by outlining our strategy for this section. Our strategy is to examine
the level between the two lengths processes in a profile coupling, so we make the following

definition.

Definition 3.8. Let X and Y have initial states z,y € 9, respectively, where x < y, and
let X and Y be coupled by the profile coupling. Let

Teo :=inf{t >0: X; =Y;}.

For 0 <t < Teo, say X; < Y; at level L;. The level walk is the random walk W = (T/Vlt)t20
on Zy defined by setting

Li+1, if0<t< T,
0, if £ > Tho.

We will show that T¢, is small by showing that with high probability W soon decreases
to 0. To do this, we will analyse W at some times (J;);-, to be defined later (these are
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not the jump times as defined in Section 1.4), that is, we will analyse the random walk
Wy = (WJz);.io

We will apply Lemma 2.8 to S = Wy as follows. The background events A; will denote
the event that X does not have too many customers for long periods of time; these events
will hold with high probability by Lemma 2.5 (2). It follows that any long queue should be
very unlikely to receive additional customers, and thus, its length should drift downwards
towards b. At that point, we can wait for a sequence of b consecutive departures from the
X-imbalance (whose index may change after each departure) so that S decreases to 0.

However, whenever a queue is saved as the memory queue, it experiences an upward
pressure on its length, since the next arriving customer will consider joining it. Thus, if the
X-imbalance is the memory queue, then W may not even drift downwards. Thus we will
keep track of when the X-imbalance is the memory queue: we will say that S is good at
step 4 if the X-imbalance at time J; is not the memory queue, and that S is bad otherwise.

Now let us say a little about Lemma 2.8. For the first condition, (2.18), we must show
that S will either become good or increase, with probability bounded away from 0, when

it is bad. This requirement leads us to the following definition.

Definition 3.9. Let X and Y have profile-adjacent initial states and be coupled by the
profile coupling. Let T' > 0 be an arrival time where X7 < Yp_ at level [. We will say
that a queue is taboo if it is a queue of length [, but is not the X7_-imbalance. We will say
that a queue is non-taboo if it is not taboo. We will say that T is helpful if the X-customer

selects exactly zero or at least two taboo queues, and unhelpful otherwise.

Now we will show that if S is bad, then given a helpful arrival time, it will either

become good or increase.

Lemma 3.10. Let X and Y have profile-adjacent initial states and be coupled by the
profile coupling. Let T > 0 be an arrival time where Xp— < Yp_ at level I and where the

Xp_-imbalance is the memory queue. Then
{T is helpful} C {Xp-imbalance is not the memory queue} U{ Xy < Y at level [ + 1} .

Moreover, we have equality if d = 1.

Proof. First note that since 7" is an arrival time, we do indeed have X1 < Y7, by Lemma
3.5 (1). Let K denote the length of the queue joined by the X-customer. Since the memory
queue is the X7_-imbalance, and its length is the level I, we have K <. There are three

cases to consider.

1. K <[ —1. In this case, no queue of length K is the Xp_-imbalance, so the X- and
Y -candidates lists both contain an equal number of shortest queues. It follows that
the memory queues in Xp and Yp have the same length, and thus are not the Xp-

and Yp-imbalances, respectively.

2. K =1 with the X-customer selecting at least two taboo queues. In this case, the X-
and Y-candidates lists both contain at least two shortest queues. Again, it follows
that the memory queues in X7 and Yp have the same length, and thus are not the

X7- and Yp-imbalances, respectively.
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3. K =l with the X-customer selecting no taboo queues. In this case, the X-candidates
list contains a unique shortest queue. By Lemma 3.5 (1), we have X7 < Y at level
[+ 1.

It remains to show that if d = 1, then we have equality. Thus, we suppose that T is
unhelpful, so that the X-customer selects a taboo queue. In this case, the X-candidates
list contains two queues of length [, whilst the Y-candidates list contains queues of length
l and [+ 1. It follows that the memory queues in X7 and Y have different lengths (I and
[+ 1, respectively), and thus are the Xp- and Yp-imbalances, respectively. By Lemma 3.5
(1), we also have X7 < Y7 at level [. O

The following lemma says that if d > 2, n is sufficiently large and S is bad, then the

next event time has probability bounded away from 0 of being a helpful arrival.

Lemma 3.11. Let d > 2. Then there exists n* > 1 such that the following holds. Let
n > n*, let X and Y have profile-adjacent initial states, and let X and Y be coupled
by the profile coupling. Let T > 0 be an event time where X7_ < Yp_ and where the
Xr_-imbalance is the memory queue. Then

P (T is a helpful wal | Fr—) > Al

s a helpful arriva _ —_—.

P = =3¥11
Proof. If T is an unhelpful arrival, then the X-customer selects exactly one taboo queue.
Hence there exists a choice 1 < R < d such that choice R is a taboo queue, choices
1,..., R — 1 are non-taboo queues, and choices R + 1,...,d are either non-taboo queues

or the same as choice R. Let M > 1 denote the number of non-taboo queues, then

d r—1 d—r
M -M(M+1
P (T is an unhelpful arrival | Fp_) = A () n ( + )
n n n

ST e 5.V S N Y } ,
yprs il (LURRY
since Zle " hydr = % for all distinct x,y € R. Expanding the binomial term and

using Lemma 1.5 (1) (with x = M and y = n) gives

A - M
P (T is an unhelpful arrival | Fr_) < mn 3 (de_l + Zde_Q)
A [d(n—M)ymi-t 24
< + =
A+ nd n
Aof1o2d A3
| < ==
TA+1(2 n]| T A+14
if n* is sufficiently large. Hence the result follows. O

Now we will show that in a profile coupling, under reasonable initial conditions, the

two lengths processes rapidly become profile-equivalent.

Lemma 3.12. Let ¢ > ﬁ Then there exists 0 < B = B (c) < 1 such that the following

holds. Let n > 1, let X and Y have initial states x,y € Q,,, respectively, where x <y and
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llz]|; < cn, and let X and Y be coupled by the profile coupling. Then
E [dp (Xt7 }ft)] =E [1Xt?_éyt] < e Pt + 2¢~ 0"

for allt > % |zl o -

Proof. Since the left-hand side is bounded by 1 and § > 0 may be arbitrarily small, it
suffices to show the result for all sufficiently large n.
Let W = (W}),5( denote the level walk, and note that

Teo =inf{t >0: W, =0}.

For 0 <t < T¢o, say X is good at time t if the X;-imbalance is not the memory queue, and
bad otherwise. If U; denotes the X;-imbalance, then let

Uy £ 5}, if0<t< T,
Dy = {0 # =2 = ° (3.2)
Q, if £ > The.

Thus, for 0 <t < T, Dy denotes the event that X is good at time ¢. Define the change

times Jy := 0 and
J; = inf {t > Jiq: 1Dt 7& 1Dt7 or W, 7é Wt_},

for all ¢ > 1. That is, let J; be the first time after J;_1 when either X starts/stops being
good or when W changes value. The filtration (G;);2, we will be using for Lemma 2.8 will
be based on these change times: for i > 0, set G; := F,,, — to be the o-field generated by
all events before J; 1.

Now, for ¢t > 0, let

Cp:={||Xr|l; <2cnforall 0 <r<t}, m:=[1t].
Then

P(X:ZY) SPHXy ZYipN{Jm <t}NCy)
FP(X £ YN (T > 1) +P (), (3.3)

for all ¢ > 0. The first term will be where we apply Lemma 2.8, but let us bound the last
two terms first.

We claim that on {X; # Y;}, change times occur at rate at least 1 over [0,¢]. To see
this claim, consider a time 0 < r < t. As we have not yet become profile-equivalent, W is
non-zero, and a sufficient condition for W to decrease is if we have a potential departure
where the X-selection is the X-imbalance. Such events occur at rate n - % = 1. Hence
the number of change times N; := max{i > 0: J; <t} in [0,¢] stochastically dominates a
Po (t) random variable on the event {X; # Y;}. By Lemma 1.4 (with ¢ = 1), we have

P ({X; # Yi} N {Jm > t}) <P (N; <m) <P (Po(t) < 3t) < 2772, (3.4)
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for all t > 2. To see the second inequality, note that m = Eﬂ < %t.
By Lemma 2.5, there exists 7y = n; (¢) > 0 such that
P (Cy) < 2e7™™, (3.5)
for all 0 <t <em™,
Hence, by (3.3)-(3.5), we have
P(X; 2Y) <PEX, 2 YN {Jm <t} NCh) + 212 + 267", (3.6)

for all 2 <t < e™™. Having bounded the last two terms in (3.3) to obtain (3.6), we now
turn our attention to the first term, which is where we will apply Lemma 2.8. We have
already defined the filtration (G;);—, for this lemma by setting each G; := Fj,,,—. The
background events are

Ai = CJZ.

+17

for ¢ > 0. For ¢ > 0, let
Bi:={1p, =1forall J; <r < Ji11}

denote the event that X is good at all times J; < r < J;41. Note that A; and B; are both
G;-measurable, since they depend only on the history of the process until but excluding
Jix1. The random walk is S = Wy, that is,

S = WJN

where ¢ > 0. Note that each increment Z; := S; — S;—1 = W, — W, | is G;-measurable
and {—1,0,1}-valued. Let the initial value be Sy = s > 1. We will say that S = Wy is
good at step 1 if X is good at time J;, and that S is bad otherwise. Thus, S is good at ¢ if
and only if D, holds, and because 1p is constant between change times, it follows that S
is good at step ¢ if and only if B; holds.

Having defined the sequences of events and the random walk, we may now write (3.6)

as

P(X; 2Y;) <P X Z Y} N {Jpn <t} NCY) + 26128 4 2em"

<P (ﬂ (A1 N {S; > 0})> +2e7 T2t 4 2e7M
i=1

<P ( (Aicin (BiU{S; > 0}))) + 2713t 4 267", (3.7)
i=1

for all 2 <t <em™,

Next we define some constants. Let

- AL 1o
S WL LS VN R Wl

Define 0 < e,w < 1 as follows. If d = 1, then let € := 1, else let € be sufficiently small so
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that

1
de®! :
SN+l
Let w be sufficiently small so that
1—w?
>1-— 1o
l+wd =" 2

Finally, let

K=k (c) = [mmtw)l +1.

Now we will show that the hypotheses of Lemma 2.8 hold with the filtration (G;);=,, the
sequences of events (A4;);°, and (B;);2,, the random walk S = (S;);2, and the constants

0 and k, all as defined above. There are now four conditions to verify: (2.18)-(2.21).

1. For condition (2.18), we are looking at
P (BiJr]_ U {Zi+l = 1} | gl) , on A; OE.

Now
AZQEQ Fi,l = {UJH-I— == i+1—} - {WJi-H— > O},

where the last inclusion holds by the definition in (3.2). We will work on the event
F; 1, which says that immediately before J;i1, the level walk is non-zero and the
X-imbalance is the memory queue. Since B;y1 U {Z;11 = 1} denotes the event that

the (i + 1)St change time is one where S becomes good or increases, we may write
p1 -
P(Biy1U{Ziy1 =1} Gi) > o A; N By, (3-8)

where p; is a lower bound on the rate of events where X becomes good or W increases,
and ¢; is an upper bound on the rate of events where X becomes good or W changes

value (i.e., change times). There are now two cases to consider.

(a) Case 1: d > 2. We may take the lower bound p; := i)\n, if n is sufficiently
large. To see this, note that a sufficient condition for X to become good or for
W to increase is if we have a helpful arrival, by Lemma 3.10. Since d > 2,
helpful arrivals occur at rate at least (A + 1) e i)\n, if n is sufficiently

LD S
large; this holds by Lemma 3.11.
We may take the upper bound ¢; = (A 4 1) n, the rate of all events.
Then (3.8) gives

1n —
P (B; Ziv1=1 i >47>(57 A; N B;,
(Biv1 U{Zis1 }|g)_()\+1)n_ on A; N
and (2.18) holds, if n is sufficiently large.

(b) Case 2: d = 1. Recall that, in this case, an arrival is helpful if and only if
the X-customer selects a non-taboo queue; let M; > 1 denote the number of

non-taboo queues immediately before J; 1.
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We may take the lower bound p; := AM;. To see this, note that a sufficient
condition for X to become good is if we have a helpful arrival, by Lemma 3.10.

Such events occur at rate An - Aﬁ’ = \M,;.

We may take the upper bound ¢; := AM; + 1. To see this, note that a necessary
for X to become good or for W to increase is if we have a helpful arrival, by
the equality in Lemma 3.10. Such events occur at rate An - % = \M;. A
necessary condition for W to decrease is if we have a potential departure where
the X-selection is the X-imbalance. Such events occur at rate n - % =1
Then (3.8) gives

AM; Al

P (B; Ziv1 =1 ) > > > A;NB;
(H-IU{ +1 }’gZ)_)\MZ+1_)\1+1_67 on zm (2]

and (2.18) holds.

2. For condition (2.19), we are looking at
P(Bi+1ﬁ{zi+1 = —1} | gz), on AlﬁBlﬂ{Sz > O}

Now
AiﬁBiﬂ{Si > 0} C Fip:= {WJZ.H_ > 0} N {Uji+1_ #*= i+1—}‘

We will work on the event Fjo, which says that immediately before J;11, the level
walk is non-zero and the X-imbalance is not the memory queue. Since B;11 N
{Z;11 = —1} denotes the event that the (i +1)* change time is one where S re-

mains good and decreases, we may write
P (BiJrl N {Zz’+1 = —1} ‘ gz) > %, on A;NB; N {SZ > O}, (39)

where po is a lower bound on the rate of events where X remains good and W
decreases, and ¢o is an upper bound on the rate of events where X becomes bad or

W changes value (i.e., change times).

We may take the lower bound ps := 1. To see this, note that a sufficient condition for
X to remain good and for W to decrease is if we have a potential departure where

the X-selection is the X-imbalance. Such events occur at rate n - % =1.

We may take the upper bound g2 := Ad + 1. To see this, note that a necessary
condition for X to become bad or for W to increase is if we have an arrival where
the X-customer selects the X-imbalance at least once (since it is not the memory
queue). Such events occur at rate at most An - % = Ad. A necessary condition
for W to decrease is if we have a potential departure where the X-selection is the

X-imbalance. Such events occur at rate n - % =1.

Then (3.9) gives

P(Biy1 N {Ziy1 =1} 1Gi) >

g0 mANBiN{S>0}, (310

and (2.19) holds.
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3. For condition (2.20), we are looking at
P(Zit1=1]|G;), onA,NB;N{S;>«k}.
Now
AinNBN{S; >k} CFg:={Wy,,- >} {Us, - #Zs,,,-} NCyy,,.

We will work on the event Fj3, which says that immediately before J;11, the level
walk is greater than k, the X-imbalance is not the memory queue, and the number
of customers is at most 2cn. Hence the X-imbalance has length at least x (see
Definition 3.8), whence the proportion of queues at least as long as the X-imbalance

is at most
HXJHPHI < 2c

< min (e,w) < €.
nK K

Ui (X i) <

Since {Z;y1 = 1} denotes the event that the (i + 1)* change time is one where S

increases, we may write

P(Ziy1=1|G) < ?, on A; N B; N {S; > &}, (3.11)
3

where ps3 is an upper bound on the rate of events where W increases, and g3 is a
lower bound on the rate of events where X becomes bad or W changes value (i.e.,
change times). Note that if W increases at J;11, then immediately before J;;1, the

X-imbalance cannot be longer than the memory queue. That is, we have
XJipa— (UJz‘+1—) < XJi- (Eli+1—) : (3.12)
There are now two cases to consider.

(a) Case 1: d > 2. We may take the upper bound p3 := Ade?1. To see this, note
that a necessary condition for W to increase is if we have an arrival where the
X-customer selects only queues as long as the X-imbalance, and he/she selects
the X-imbalance at least once (since the X-imbalance is not the memory queue).
Such events occur at rate at most An - %adfl = \de? L.

We may take the lower bound g3 := 1. To see this, note that a sufficient
condition for W to decrease is if we have a potential departure where the X-

selection is the X-imbalance. Such events occur at rate n - % =1.

Then (3.11) gives

Ade?—1
< )
1 “AMd+1

P(Zi+1:1’gi)§ OnAiﬂBiﬂ{Si>/£}.
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The last inequality holds since d > 2. By (3.10), we have

1
P (B; Ziy1=—-1}|G;) >
(Bior M {Zi1 =1} 160 2 17
A 1—A
= +
M+1 Md+1

ZP(Zi+1:1|]'—i)+57 OnAiﬂBiﬂ{Si>K},

and (2.20) holds.

(b) Case 2: d = 1. We may take the upper bound ps := Ad. To see this, note that
a necessary condition for W to increase is if we have an arrival time where the
X-customer selects the X-imbalance (since the X-imbalance is not the memory
queue). Such events occurs at rate An - % =\

We may take the lower bound g3 := Ad + 1. To see this, note that a sufficient
condition for W to increase is if we have an arrival where the X-customer selects
the X-imbalance (since the X-imbalance is neither the memory queue nor longer
than it, by (3.12)). Such events occur at rate An-+ = Ad. A sufficient condition
for W to decrease is if we have a potential departure where the X-selection is
the X-imbalance. Such events occur at rate n - % =1.

Then (3.11) gives

IP’(ZZH:HQZ) onAiﬁBiﬂ{Si>m},

A
< N 10
T Ad+1
and (2.20) holds by the same calculation as in case 1.

4. For condition (2.21), we are looking at
P(Bi+1ﬂ{Zi+1:0} ’gz), on AiﬁEﬁ{Si>ﬁl}.
Now

AiﬂEﬂ{Si > H,} gFiA = {WJH_l_ > Ii}ﬂ{UJiH_ ==y

i+17

} nC Jig1-
We will work on the event Fj4, which says that immediately before J;11, the level
walk is greater than k, the X-imbalance is the memory queue, and the number
of customers is at most 2cn. Hence the X-imbalance has length at least x (see

Definition 3.8), and the proportion of queues of length at least x — 1 is at most

HXJ¢+1*H1 2c
nk—1) ~— k-1

U1 (Xg,,-) < < min (e,w) < w.

Since Biy1N{Zi;1 = 0} denotes the event that the (i + 1) change time is one where

S becomes good and does not change value, we may write
P (BiJrl N {Zi+1 = 0} | QZ) > %, on A; ﬂEﬂ {SZ > H}, (313)
4

where p4 is a lower bound on the rate of events where X becomes good and W does

not change value, and ¢4 is an upper bound on the rate of events where X becomes
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good or W changes value (i.e., change times).

We may take the lower bound py := An (1 — wd). To see this, note that a sufficient
condition for X to become good and for W to not change value is if we have an arrival
where the X-customer selects a queue shorter than k£ — 1 (since the X-imbalance has
length at least k, the X- and Y-candidates lists will both contain an equal number
of shortest queues, and these are shorter than x — 1). Such events occur at rate at
least An (1 — wd).

We may take the upper bound ¢4 := An + 1. To see this, note that a necessary
condition for X to become good or for W to increase is if we have an arrival. Arrivals
occur at rate An. A necessary condition for W to decrease is if we have a potential
departure where the X-selection is the X-imbalance. Such events occur at rate

n- % =1.

Then (3.13) gives

An (1 — wd)
an+1

1—w? —
21+wd21—%(5, OnAiﬂBiﬂ{Si>/€},

P (Bit1N{Zis1 =0} | F) =

if n is sufficiently large, and (2.21) holds.

Since we have shown that the hypotheses of Lemma 2.8 hold if n is sufficiently large, there
exists a constant 72 = 12 (¢) > 0 such that (3.7) becomes

m

P(X;ZY;) <P (ﬂ (Aica N (B U{S; > 0}))> 4 2¢7 13t 4 27 mn

=1
1
< 2e7P" 4 Lgspom +2€7 120 4 27N

for all 2 <t < e™M™ and if n is sufficiently large. We will also assume, without loss of
generality, that 0 < m2 < 1.
Let n3 =n3 (c) := %min (771,7)2, %), then

P(X; #2Y;) < de 2Bt 4 2720 < 73t | o731

for all %s <t < e™M" and if n is sufficiently large. To see the first inequality, note that
t > %s > 2 (since s > 1) and that nem > ngi > s. To see the second inequality, note
that 4 < et (since t > %s > 12—34) We can remove the upper bound on ¢ as follows. If
t > e™"™ then

P(X; 2 Yi) <P (X, #Y,) < 27,

if n is sufficiently large so that €™ > n. Let 8 = 3 (c) := %7’]3, then
P(X;#Y;) <e Pl 4270

for all t > % |lz]| ., and if n is sufficiently large. To see this, note that % |zl > %s. O

We then have the following result.
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Lemma 3.13. Let ¢ > ﬁ, then let 0 < f = [(c) < 1 denote the constant given by
Lemma 3.12. Let n > 1, let X and Y have initial states x,y € Q,, respectively, where
max (||z]/{,|lyll;) < en and max (||z] o, ||yll) < Bt, and let X and Y be coupled by a
profile coupling. Then

E [dp (Xt,Y:)] < 2en (ffﬁ’t + 2675")
for allt > 0.
Proof. Let m and Z° be as in Definition 3.6. By Lemma 3.3, we have

m=dp (z,y) < |zl + [yl < 2en,

and

zilly < max ([lz]ly, lylly) < en, zill o < max (2]l [¥llo) < B,

for all 0 <7 < m. Hence

E[dy (X0, Y))] < ) B [dy (27, Z})]

s

ﬁ
Il
—

<e*ﬁt + 2675") < 2¢n <e*ﬁt + 2675") ,

s

.
I
—

and we are done. O

The following is the main result of this section.

Theorem 3.14. Let ¢ > ﬁ Then there exists 1 = n(c) > 0 such that the following
holds. Let n > 1, let X have an arbitrary initial distribution, let Y be in equilibrium, and

let X and Y be coupled by a profile coupling. Then
P(X: £ Y;) <ne ™ +2e7™ + P (|| Xoll; > en) +P (| Xollo, > nt)

for allt > 0.

Remark. This proof is essentially the same as the proof of Theorem 1.1 in [10], the analogous

result for the standard supermarket model.

Proof. First we will define some constants. Let 0 < 8 = 8 (¢) < 1 denote the constant
given by Lemma 3.13 (with the same ¢). Let n; = 11 (¢) > 0 and 72 > 0 denote the

constants given by Lemma 2.5 (with the same c). Let

ns = n3 (c) := 5 min (91,728, 8) ,

In(2¢+1
= 1" (c) == M
3
Let n* > 1 be sufficiently large so that
den + 1 < 2™ (3.14)

for all n > n*. Finally, let

. In2
n =mn(c) := min ( 3, —
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so that ™" < 2.

Note that if ¢ < t* and n > n*, then ne ™ > ne ™t > pe=™Y" > 1. Similarly, if
n < n*, then 2¢7" > e~ > 1, Hence, we will assume that ¢ > t* and n > n*, since
there is nothing to prove otherwise.

Let A, By, C and D, denote the events that || Xo||; < cn, || Xoll < B¢, [|Yoll; < en and
1Yol o, < Bt, respectively. Then

P (X; #Y}) [1x,#v;1alp,1clp,] + P (AUB,UC U Dy)

<E
< Eldy (X1,Y:)1a1p,1c1p,] + P (A) + P (B) + P (C) + P (Dy) . (3.15)
The constant 0 < 8 = B (c) < 1 given by Lemma 3.13 satisfies
E[d, (X;,Y:) 141p,1c1p,] < 2en (efﬁt + 26*/3") , (3.16)
and the constants 7, =11 (¢) > 0 and 72 > 0 given by Lemma 2.5 satisfy
P (6) <e mn P (E) < ne mAt, (3.17)

Hence, by (3.15)-(3.17), we have

P(X; #Y;) < 2cn (e—ﬁt + 2e—ﬁ") +P (A) + P (|| Xoll, > Bt) +e ™" 4 ne 2P

< (2c+ 1) ne Bt 4 (den + 1) e 2" + P (|| Xo||, > cn) + P (|| Xoll, > 2n3t).
Now 2¢ + 1 < et (since t > t*) and 4en + 1 < 2e™™ (by (3.14)), so
P (X; #Yi) < ne” ™' +2e7" + P (|| Xoll; > en) +P (|| Xoll > nst).

Hence the result follows if n < ns. O

Before we close this chapter, we present a related result concerning the expected profile-

distance.

Lemma 3.15. Let ¢ > 2. Then there exists 1 =1 (c) > 0 such that the following holds.
Letn > 1, let X have any initial distribution where E [|| Xo||,] < oo, let Y be in equilibrium,
let Xo and Yy be independent, and let X and Y be coupled by a profile coupling. Then

E[dy (X, Yy)] < 2cne™ + 6ene™ "

+ 2B [ Xolly 1jxy), >en] + 26nP (max (| Kol » [¥olloc) > 1)

for all t > 0.

Proof. Let 0 < 8= 3 (c) < 1 denote the constant given by Lemma 3.13 (with the same c).
Let A, By, C and D; denote the events that || Xo||; < en, || Xoll,, < Bt ||[Yoll; < en and
1Yol o < Bt, respectively. Then

E[d, (X;,Y:) 141p,1c1p,] < 2en (e_ﬁt + 26—5") . (3.18)
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By Lemma 3.7 and (3.1), we have

E [dy (X1, Y2) 13 5 5e00;) [dp (X0, Y0) 1a,5,00uD:)

<E
<E [([IXolly + IYolly) (1z + 1alg + 1alelg, p,)] -
By Lemma 2.5 (1), we have E [||Yp]|,] < 2% < en, so

E [dp (X, Y7) 1ZUEU6UE:| <E [”X0||1 1Z] +E [HY()Hl 12]
+ 2enP (C) + 2enlP (B; U Dy) . (3.19)

Let m1 = m (c¢) > 0 denote the constant given by Lemma 2.5 (with the same ¢). Then
Lemma 2.5 (1) and the independence of X and Yp give the inequalities

P(C) <, B[Vl 1x) <o (4) <E[IXol,1g).  (:20)
By (3.18)-(3.20), we have

E [dp (Xtv Y;f)] <E [dp (Xtv }/t) lAlBtlcht] +E [dp (Xta }/t) IZLjﬁtuﬁuﬁt]
< 2cn (eiﬁt + 2675”) + 2E [|| Xoll; 1] 4 2cne™™" + 2cnP (B; U Dy) ,

and the result follows if 7 := min (3, n1). O
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Chapter 4
Concentration of measure

In this chapter, we will show some concentration of measure results for lengths processes.
This chapter is based on Chapter 4 of [10] by Luczak and McDiarmid.

4.1 General concentration results

We will say that f: O, — R is Lipschitz if

[f () = F ()| < dp (2,y) (4.1)

for all z,y € Q,,. Note that it suffices to check that (4.1) holds for all profile-equivalent
and profile-adjacent pairs. To see this, suppose we are given x,y € Q,,. Let x = 29 ~ 21 ~
. ~ zm = y be a shortest profile-path between x and y. If m = 0, so that x and y are

profile-equivalent, then (4.1) is already assumed to hold. Else if m > 1, then
m m
If (@)= F @I <D IF (zim) = F ) <D dp(2im1,2) =m = dy (2,y) .
i=1 i=1
First we will need the following result by McDiarmid [15] which concerns the concen-

tration of functions of random variables which satisfy the bounded differences inequality.

Theorem 4.1 ([15], Theorem 3.1). Let W = (W1,...,W,) be a vector of independent
random variables where W : Q; — R for all1 <i <n. Let f: [[;_,; Q% — R, and suppose
that for all 1 < i < mn, there exists ¢; > 0 such that

f(w)—f (W) <a

for all w,w' € T[]\, Q differing only in the i’ coordinate. Then

'LU2
P1F (W) = E L (W) > ) < 20w (o

for all w > 0.

Now we will show a general concentration of measure result for Lipschitz functions of

lengths processes.
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Lemma 4.2. There exists n > 0 such that the following holds. Let n > 1, let X have any
initial distribution, and let f: Q, — R be Lipschitz. Then

2
P (If (X)) —E[f (X)) > y) < ntexp (‘n?i y)

for allt,y > 0.

Remark. This proof is essentially the same as the proof of Lemma 4.3 in [10], the analogous
result for the standard supermarket model. The main difference is that here we deal with
arrival and potential departure times together as event times, instead of dealing with them

separately.

Proof. Since we may consider the translation f(X) — f(Xo) instead of f(Xy), we will
assume that f(Xo) = 0. For t > 0, let Ny := max{i > 0:7; <t} denote the number of

event times in [0, ¢]. Then
|f (X)) = |f (X¢) = 0] < dp (X¢, Xo) < Ny (42)
Now we will define some constants. Let
Ni=X+1, B:=d4de),

then let

) 1 1 In2
p 1= max (\/9662)\’, \ﬁﬁ) ;M i=min <p2’ 182\’ 2> .

Note that if y < pv/ntlnnt, then ntexp (—Jt—?ﬁ/) > ntexp (—pg—fn) > 1. Hence, we

will assume that y > pvntlnnt, since there is nothing to prove otherwise. There are now

two cases to consider.

Case 1 pvntlnnt <y < fnt.

First note that the bounds on y and the fact that p > /73 imply that

vntlnnt
nt > % > VntInnt,

from which we deduce that nt > 21. For such values of nt, we have

deN'nt 1 2 L
9|2eN'nt| — %’ — = 4 ntlnnt < 1Y (43)

3
~+

In the latter inequality, we have used the fact that p > 1.
Let T = Z(n,t,y) denote the set of integers k such that |k — X'nt| < £ = z5\'nt.
Since Ny ~ Po(A'nt), Lemma 1.4 (with e = g7 < 1) gives

2
P(N, ¢T) =P (|N, — Nnt| > L Nnt ) < 2e- 3530t — 9 Y ). 44
(N ¢ 7) (‘t n‘>ﬂnt ">—63 AP TUge2 nt (44)
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Applying the lower bound on y and the fact that p > V96e2N gives

2
p” lnnt 2
P(Ny ¢ Z) <2exp (— 18c2V ) < ) (4.5)

Now, for any Z,-valued random variable W and any real k > 1, we have

E Wiy SE[Wlypon] = > P (W =1i) <2k Z (W > i)
i=|k]+1 =|k]+1
Applying this inequality with W := Ny ~ Po (\'nt) and k := 2eX'nt, along with Lemma
1.4 (noting that ¢ > [k] + 1 > 2eN'nt) and (4.3), we have

1
E [Ni1n,>2exnt) < 2k Z 9 2k - k] <
i=[k]+1

Hence, (4.2) and (4.5) give

E[[f (Xt) In,¢zl] < E[Niln,¢z]

=E [Nt (th<)\/nt—% + 1A/nt+ﬁ<Nt§26xm)} + E [Ni1n,>2enni]

1
< 2eXNntP (N; ¢ ) + -
n

+ 1 1 25
nt_ nt

< 2eNnt (4.6)

2
(nt)?
For t > 0 and k > 0, let

pek =B [f (Xe) | Ne = K],

so that (4.2) gives

Igu%utk < mlnE [N: | Nt = k] = minZ < Mnt. (4.7)
€

Now write

pe=Ef (X)) = pesP (N =k) + E [f (X)) 1y,¢z]
keZ

We may bound pu; above using (4.6), so that
pe < max e kP (N € I) + B [|f (Xe)| L 1]

25
< — 4.8
< heppert 48)
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and below using (4.5)-(4.7), so that

pe 2 min pe kP (Ne € Z) = E[|f (Xe)| 1, 7]

2 D fry fp — D iy P (Nt ¢ ) = E[|f (X¢)| 1, ¢7]

kel
25 29
> mi - Nnt —— >mi - —. 4.9
2R ek T NN g 2 e )

We will also require the following result, which holds by Lemma 3.7: for all £ > 0, we have

e — pe 1| < 1.
Then since Z is an interval of length at most £ < 1y, the bounds (4.8) and (4.9), along
with (4.3), give
29
e — g < 2y + — < v, (4.10)

forall k € 1.
For ¢ > 0 and k > 0, let P, denote the probability conditional on N; = k. Then (4.10)
and (4.4) give

P(1f(Xe) = el = 9) <D Po (IF (Xe) = el > 9) P (Ny = k) + P (N; ¢ T)

keT
< ZPt,k (If (Xe) = el > 5y) P(Ny = k)
kel
2
2 —_—— . 4.11
+aexp ( 4862)\’nt> (411)

Thus it remains to show that Py (|f (X¢) — pes| > 2y) is small, for k € Z.

We will use Theorem 4.1 to do this. Recall the definition of C* = (C?);2; and
Sd = (Szd)j; in Section 2.1. Conditional on Ny = k, X; depends only on the random
variables C%, ... ,C,j,S{l, .. .,S,‘j, and none others (in fact, only on exactly k of the ran-
dom variables, since there are only k event times). Hence, f(X}) also only depends on
ct,...,Cp, S{l, cey S,‘j. As required by Theorem 4.1, these 2k random variables are inde-
pendent of each other. Next we must verify the bounded differences inequality. Let x and
y be realisations of lengths processes, with the same initial state and differing only in their
choices at one arrival time ¢;. Then they are identical until time ¢;, which is when the x-
and y-customers join possibly different queues. By Lemma 3.7 (and by taking a profile

coupling), we have

|f () — f (W)l < dp (w4, 9¢) < dp (w4, 91,) < 2.

We may argue similarly if x and y differ only in their selection at one potential departure

time. Hence, by Theorem 4.1 (with each ¢; = 2), we have

1 2 (%y)z y?
Py i (‘f (Xt) — pe] > QZ/) < 2exp —m = 2exp <_16k:)
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for all £ > 0. Substituting this into (4.11) then gives
v’ Y’
P X)) — >y) <2 —— | P (N, = 2 —_—
(If (Xe) — | > y) < gezexp ( 16k> (Nt = k) + 2exp ( 4862Xm>

y2

2

Yy
<2exp|-—r?  Vi2exp(-t
= eXp( 16(/\’nt+4ye)>+ exp< 4862)\’(nt+y)>

o2
<nt —_—— | .
= nhexp ( 48e2 N (nt + y))

. \ Qi 1
The result follows since n < =57

Case 2 y > (Ont.

First note that
|f(Xe) — ] S| (X)| + i) S N+ E [Ny = Ny + Nt < Ny + 3y

Let 71 := 2 In2. Since 3y > 2eN'nt, Lemma 1.4 gives

2
P (X0 el 2 9) S P (N2 ) S22 = Soxp (- )
n-y

The result follows since n < 7. O

We will now show concentration of measure for Lipschitz functions of lengths process

in equilibrium.

Lemma 4.3. There exists n > 0 such that the following holds. Let n > 1, let X have the
equilibrium distribution for the lengths process, and let f : @, — R be Lipschitz. Then

P(If (X) = E[f (X)) > ) < n?exp (_3@%)

for ally > 0.

Remark. This proof is essentially the same as the proof of Lemma 4.1 in [10], the analogous

result for the standard supermarket model.

Proof. Let X be in equilibrium, and let 07 := ((0,...,0),1) denote the empty state with
memory queue 1. Since we may consider the translation f (X;) — f(01) instead of f (Xy),
we will assume that f(0;) = 0.

Now we will define some constants. Let 71 = 71 (¢) > 0 and 72 > 0 denote the

constants given by Lemma 2.5 with ¢ := . Let n3 = n3(c) > 0 and n4 = n4(c) > 0

1
denote the constants given by Theorem 3.14 and Lemma 3.15 with ¢ := %, respectively.

Let n5 = 15 (¢) := min (12, 12m4) > 0. Let g > 0 denote the constant given by Lemma 4.2.

Let ax 1
oo (25:5) = @) = foin (B . ).
Let n* > 1 be sufficiently large so that if n > 1 satisfies - > n*, then
1
10¢ < iﬁlnn, B+3<nd (4.12)
no 27
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Let 5 )
p = p(c) = max <16n*> , n=mn(c):=min <77717777> .
n P

pvn

assume that y > py/nlnn, since there is nothing to prove otherwise. There are now two

Note that if y < py/nlnn, then n?exp (—%) > nexp (—L> > 1. Hence, we will

cases to consider.
Case 1 py/nlnn <y < fn3/2.

Let t := % Then the bounds on y imply that

3 Y
max | —,8n" |Inn=plnn <t=-—"= < fn. 4.13
(2.0 )1un = <o (113)
This implies that - > n*, whence (4.12) holds, and that
nd < et (4.14)

Let Y be started from 01, and let X and Y be coupled by a profile coupling. First
note that

|f (X)) = f (V)| < dp (X, Y2) s

whence the constant 74 > 0 (given by Lemma 3.15) satisfies

E[f (Xe) = f (V) S E[dp (X, ¥7)] < 2en (7™ + 3e™™" + P (|| Xoll o > mat)) -
Hence, the constant 72 > 0 (given by Lemma 2.5) satisfies

IE[f (Xe) — f (YD) < 2en (e‘"“t + 37" 4 neT M) < 2cn? (26_"5t + 37"
Then, by (4.13), (4.14) and then (4.12), we have

E[f (X:) = f (YD)]| < 2en” (26777516 + 367”5”5)
< 10cn?e
10c¢ 3

< —< —y/nhn< %p\/ﬁlnn < %y
n 2777

By the triangle inequality, we have

If (Xe) —E[f (X)) < 1f (X)) = fF YD)+ f (V) —E[f (Yl + [E[f (V)] — E[f (Xy)]]
<dp (Xe, Yy) + | f (Vo) —E[f (V)] + 1y

It follows that the constants n3,n¢ > 0 (given by Theorem 3.14 and Lemma 4.2, respect-
ively) satisfy

P(If (X)) —E[f (X)]] > y) <P (dp (Xe,Yy) > 0) + P (If (V) = E[f ()]l = 59)

1 2
< ne ! £ 2e7B" L ntexp —M .
nt + §y
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By (4.13) and the fact that y = t\/n, we have

- > < —n3t *WSt//B 2 _L’nt
1S (X = BIF (X0 2 9) < ne 26707 4 exp =5 2
< n2 (efnst 4 26*7131‘//5 4 Be*é%t)

< (B + 3)n%e 2t < peME,
The last inequality holds by (4.12) and (4.14). The result follows since 1 < 7.
Case 2 y > (n®/2.

First note that, by Lemma 3.3, we have
1f Ol =1f(X) = 0] <dp(X,01) < [|X]]y,

whence Lemma 2.5 gives

n 4 \n

EIf () <E[IX]] < -2 < 2%

< %6713/2 < iy, (4.15)

and thus
If (X)) =E[f (X)) < [IX]; + 59-

Since y > fn3/? > %, we have y > % [y], and thus

P(f(X)=E[f (XN =y) <P (X, >35y) <P (X, > 5 [v])-

Using (4.15), we see that % [y] > 22 so the constant 71 = 11 (c) > 0 (given by Lemma

1-X
2.5) satisfies

P(f(X)—E[f (X)) >y) <e ™V <n?exp (_?;g) '

The result follows since n < 7. O

4.2 Concentration of the tail functions

In this section, we will apply our concentration of measure results to the functions I; (-),
which give the number of queues of length at least i; these were defined in (2.1). However,

we will express our results in terms of the tail functions

which give the proportion of queues in x € Q,, of length at least i > 1.
Note that the [; (-) are Lipschitz, for all ¢ > 1, since (4.1) holds for all 2/,y € Q,
such that 2’ =4 or 2’ ~ ¢/. The first lemma bounds the equilibrium deviation of the tail

functions from their means, over long periods of time.

Lemma 4.4. Let z > 0. Then there exists n = n(z) > 0 such that the following holds. Let
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n > 1, and let X have the equilibrium distribution for the lengths process. Then
P (|u, (X) —E[u; (X)]| > z for some 0 <t < e”\/ﬁ> < 2e7VR

for alli>1.

Proof. Since the left-hand side is bounded by 1 and 7 > 0 may be arbitrarily small, it
suffices to show the result for all sufficiently large n.
Let X be in equilibrium. For ¢ > 1, ¢ > 0 and h > 0, let

Eipn = {lui (X¢) = E [ui (Xo)]| = hi.

Then Ej; ./ holds with high probability at each individual time, since Lemma 4.3 (with
l; (-) and y := 32n) gives ;; > 0 such that

P (Eiy./2) =P (|l (X3) — E[l; (X4)]| > §2n)
< nzefémz\/ﬁ < efimz\/ﬁ7 (416)

forallt > 1,¢ >0 and z > 0, if n is sufficiently large.
Now we will extend this to the interval [0, e”‘/ﬂ, where
n=n(z) = dmin (dns, ) =

Consider covering this with sub-intervals of length § = 0 (2) := 09Ty Clearly m = m () :=

F"&ﬁw such sub-intervals will cover [(), e’“/ﬁ]. For k > 0, let t; := kJ, then

P U Eii.| < ZIP’ (Ei,tk,z/Z) + mP (Po (izn) > %zn) .
0<t<envn k=0

To see the last term in this inequality, suppose that m holds for all end-points t.
Then there exists a sub-interval Z; := (;_1,%;) containing ¢. Since m and Ej¢ .
hold, we deduce that over Z; the proportion of queues of length at least 7 changes by at
least %z, and thus over 7;, we have at least %zn events. However, the number of events
over I, an interval of length §, is Poisson with mean (A +1)dn = zn. By (4.16) and
Lemma 1.4 (with e = 1), we have

P U Eit. | <(m+1) e~ imAV +m (26—ﬁ2n> '
OStSenﬁ

Straightforward manipulation gives

nvn . 3emVn

Pl U B <25 42)evic 23T —snvi < gV,
” ) min (J, 1)

0<t<envn

if n is sufficiently large. O

The second lemma uniformly bounds the deviation of the equilibrium tail functions
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from their means.

Lemma 4.5. Let z > 0. Then there exists n =1 (z) > 0 such that the following holds. Let
n > 1, and let X have the equilibrium distribution for the lengths process. Then

zIn%n 2
P sup|u; (X) —E [u; (X)]| > < 27Nt
(s s () — E s (0] 2 227 <
Proof. Since the left-hand side is bounded by 1 and 7 > 0 may be arbitrarily small, it
suffices to show the result for all sufficiently large n.

Let ¢ := % First consider the case where the supremum of |u; (X) — ;| is attained

at some ¢ > cn. By Lemma 2.5, there exists 1 = 71 (¢) > 0 such that

P ( sup |u; (X) — E[u; (X)) = e (Ifeny (X) 2 1) <P (| X[y > en) = ™™
i>cn \/ﬁ

Next consider the case where the supremum is attained at some i < ¢n. By Lemma 4.3
(with ; () and y := zy/n1n?n), there exists 7o > 0 such that

2
P (sup |’LLZ (X) _E [uz (X)” > zIn n) < n2e—z7}2 In%n < e_%nzzhﬁ n’
<cn n

if n is sufficiently large. Hence the result follows by taking n = 7 (2) := min (771, %7]22:). O

The third lemma uniformly bounds the deviation of powers of the equilibrium tail

functions from the same powers of their means.

Lemma 4.6. Let r > 2 be an integer. Then there exists ¢ = c(r) > 0 such that the
following holds. Let n > 1, and let X have the equilibrium distribution for the lengths

process. Then

C n2n
sup [E [u; (X)'] — E [u; (X)]] < 21

i>1 n

Proof. Since the left-hand side is bounded by 1 and ¢ > 0 may be arbitrarily large, it
suffices to show the result for all sufficiently large n.
For brevity, let U; := u; (X) and p; := E [U;]. Let n > 0 denote the constant given by
r+2 cilnn
n

. By Lemma 4.3 with y := <= we have

Lemma 4.3, then let ¢; = ¢; (r) := R

P(|U; — il > y) =P (|l: (X) —=E[l; (X)]| > e1v/nlnn)

< n2e—ncl Inn _ n—r,

and thus

E[lUi —wl’ ] <E UUZ — pal® 1\Uﬁm|§y] +E [|UZ = pil” 1|Ui*uz‘|2y]
<y +P(U — il 2 y)

< c1lnn S—I— 1 < o9 Inn\?®
—o<oen [ =2
- \/ﬁ n" - 1 \/ﬁ ’
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for all 1 < s <7, if n is sufficiently large. This gives

> (1w ﬂﬂsﬂf‘sl s

s=0

- Z ()@ - w1

<2 S E(U; - il

s=2

0<E[U]]—p <E

" /Inn\°? In?n
< 2rtiel <> < (r—1)2" e ——.
s=2 \/ﬁ

The result follows by taking ¢ = ¢ (r) := (r — 1) 2"+ 1¢].
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Chapter 5

Tail functions and memory queue

length

In this chapter, we will analyse the equilibrium behaviour of the tail functions wu; (-) and

the indicators 1,)>;, where
v(z) =z (&)

is the length of the memory queue in z. This chapter is based on Chapter 5 of [10] by
Luczak and McDiarmid.

5.1 Balance equations

In this section, we will determine the balance equations for the tail functions and the

indicators 1,(.)>;.

Lemma 5.1. Let n > 1, let X be in equilibrium, and let G denote the generator operator
of X. Fort>0 andi >0, let

d
s— d—s
Ut,i = U (Xt) 5 ‘/;5 = (Xt) 5 Pt,i = Z Ut,z' 1 (Ut,i—l - Ut,i) (Ut,i + %) .
s=1
Then
GUri = A (Ufi_llvtzi—1 - Ugilvzzi) — (Ui = Uit), (5.1)

Gly;>i = An {(Utvi + 1) 1y - <1 + (Ui + 1) - U - Ptﬂ') 1%2@‘]

n n

— vz = Lyizita] (5.2)

forallt>0 andi>1.

Proof. To show (5.1), we will show that
GUs = xn [ (Ui = U) v+ 308 v | 0 [-3 (Ui = U] . (5.3)

Here, the terms in the two square brackets in (5.3) correspond to changes in Uy ; at arrival
and potential departure times, respectively. The factors An and n correspond to the fact

that arrivals and potential departures occur at rate An and n, respectively.
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At an arrival time, U;; can only change by +%. This occurs if and only if the customer
joins a queue of length ¢ — 1, which is if and only if the shortest queue in the candidates
list has length ¢ — 1. If V; > ¢ — 1 immediately before the arrival, then U;; changes by
—i—% if and only if the customer selects a shortest queue of length ¢ — 1; this gives the term
% (Ugi_1 — Ut‘fi) 1y,>;. Else if V; =i — 1 immediately before the arrival, then U;; changes
by —i—% if and only if the customer selects only queues of length at least ¢ — 1; this gives the
term %Utcfi—llvt:i—l'

At a potential departure time, U;; can only change by —%. This occurs if and only if
the selection has length ¢; this gives the term —% (Ui — Ut iv1). Thus, (5.3) holds.

Now we point out that the term

d
P = Z Ut (U1 — Ura) (Ui + %)d_s
s=1
corresponds to the probability of an arriving customer selecting a unique shortest queue
of length ¢ — 1. For if such a queue exists, then there exists 1 < s < d such that choice s
is a queue of length 7 — 1, choices 1,...,s — 1 are queues of length at least ¢, and choices
s+1,...,d are queues of length at least ¢ or the same as choice s.
To show (5.2), we will show that

glthi = \n [(Utfi + %)d ly,—i1 — <1 — Utc,li — Pt,i) 1%21} +n [_%1%:1'] . (5.4)

Again, the terms in the two square brackets in (5.4) correspond to changes in 1y,>; at
arrival and potential departure times, respectively, and the factors An and n correspond
to the fact that arrivals and potential departures occur at rate An and n, respectively.

At an arrival time, 1y,>; can change by +1 or —1. Now 1y;>; changes by +1 if and
only if V; = ¢ — 1 immediately before the arrival, and if the customer selects only queues
of length at least ¢ or the memory queue; this gives the term (Ut,i + %)d 1ly;—i—1. On the
other hand, 1y,>; changes by —1 if and only if V; > ¢ immediately before the arrival, and
if the customer selects some queue shorter than 4, but he/she does not end up selecting a
unique shortest queue of length 7 — 1 (for the memory queue would then have length i at
time t); this gives the term — (1 — Ut‘fi — P“) ly,>;.

At a potential departure time, 1y;>; can only change by —1. This occurs if and only
if V; = ¢ immediately before the potential departure, and if the selection is the memory
queue; this gives the term _%th:z’- Thus, (5.4) holds. O

5.2 Approximate recurrence relations

In this section, we will show that the equilibrium means of the tail and indicator functions
closely follow two families of recurrence relations. As mentioned in Section 1.3, these
relations also appear in 21, 13].

For the rest of this chapter, we will let X have the equilibrium distribution for the

lengths process, for some n > 1. In this case, for i > 0, let
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and
i = E [Uz] 5 v = E [1\/21} .

Thus the p; and v; all depend on n.

We begin our analysis by taking expectations of the balance equations.

Lemma 5.2. There exists ¢ > 0 such that the following holds. Let n > 1, and let X have

the equilibrium distribution for the lengths process. Then
Wi = A\E |:Uid_11v2i_1:| S )\Z (5.5)
for alli>1, and

sup [Uﬁ1v2i,1} —E [(1 AUy - U;) U;H) 1@]

C1
< —. 5.6
<4 (56)
Proof. Let X be in equilibrium, then let G denote the generator operator of X. It is known
(e.g., see [5], Chapters 1 and 4) that if f: Q,, — R is bounded, then

B [f (X))

ElGf (X)) = =L

This is 0 since X is in equilibrium. We will apply this to the bounded functions U; and
1y>;. Thus, taking expectations in (5.1) and (5.2), and then rearranging, gives

i = Hig1 = A <E [Uid—llVZifl} —E [Uidlvzz'D : (5.7)
L= vian) = AE (Ui + 2) Tz | = A (14 U+ 1) = Uf = P) Lozi| - (5:9)
for all ¢ > 1, where

d
Po= YU (Ui = Uy) (Ui + 2)7°
s=1

Now we will show (5.5). By Lemma 2.5, we have 77, yu, = 2E [| X||;] < oo, and thus

limg_, 00 i = 0. Hence, for each ¢ > 1, we may sum (5.7) over {i,7+ 1,...} to obtain
1 = AE [Uillvzi,l} < NE [Ui1] = Mtio1.

The inequality in (5.5) easily follows by induction.
Next we will show (5.6). First let

J L (d\ ULt
0= w2 -0 =3 (S - m -,
k=1

so we may decompose the terms in (5.6) as follows:

Ullysi1 = (Ui + %)d ly>io1 — Qilv>i-1,
(1 — d(Ui_l — Uz) Uld_1> Ly>; = (1 +Q; — R) 1ysi — Rilys;.

Taking a difference of these two decompositions, and then using (5.8) and the fact that
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d
Qi < £, we have

‘]E [U;ﬁ@-,l} ) [(1 —d Uiy - U;) U;H) 1@]
<E H (Ui + %)d Ty>ic1 — Qilvzicr — (1+ Qi — P) 1y + Rily; }

<E H (Ui + 5 1vmi1 = (1+ Qs — P) Ly } +E[|Rilysi — Qilysi1]

vi — Vi1 | 2°
— 4+ — 4+ E|R;].
ottt [Ri]

IA

Thus it suffices to show that R; is also of order O (%) Let us write
Pi=nUi-1 - U;) Q,
since Zgzl 5 lyd—s = y;:iid for all distinct =,y € R. Then
Ri=Qi—[n(Ui1—U) Qi) +d(Ui_y —U) U!
=Qi — (Ui1 = Uy) [nQi - dUid*l}

d d—k d
d\ U; 2
=Qi— (Ui-1 - Uy) Z (k> n;_l < —

k=2

Hence the result follows by taking c¢; := % + 24+, O

Equations (5.5) and (5.6) contain terms of the form E [Ui Ud_llvzj] Such terms

12
should be strongly concentrated around

d— d— d—
E [t Lyg | = gl B [Lvzg) = pia il v,
since the U; are strongly concentrated around their means p;. This is expressed in the
following lemma.

Lemma 5.3. There exists co > 0 such that the following holds. Let n > 1, and let X have
the equilibrium distribution for the lengths process. Then
coln®n

sup  |E Ui, ... U, Ly>i] — gy - g, v < .
il,...,id,j20| Ui, iaLvajl = iy - pigvjl NG

Proof. Since the left-hand side is bounded by 1 and ¢2 > 0 may be arbitrarily large, it

suffices to show the result for all sufficiently large n.

Let )
In“n

A= <sup|U; — pi| < —».

{i;" pil ﬁ}

By Lemma 4.5 with z = 1, there exists 7 > 0 such that

2
B [15] =P (A) <277 < T

if n is sufficiently large.
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Noting that the p;, <1 and v; <1, we have the easy upper bound

< d\ In®n d\ In*n In2?p
< Hiy - Higlj + 1 W‘i‘ 9 T—F"‘—’_W ,

However, the sum of the terms in the square brackets is O (11\1/25”), SO

(d+1)In%*n
ﬁ )

E[Uzl -HUid]-VZj]-A] < Wiq - MgVt

if n is sufficiently large.

For a lower bound, we will make use of the inequalities

In’n
Vn

Thus, by the same reasoning above,

U; > max <m— ,0) >0, lysla=1ys;(1—15) > 1y — 14

d 2
In“n
E Ui ... U, ly>;14) > E [l | max <,uz-k — \/ﬁ’0> (1‘/2]- — 1A)]
k=1

k=1
>Hma Inn 0)v P(A)
X T = ;T
d 2 2
In“n In“n
> i —min<7ui>)u—
kHl( ’ Vo))
(d+2)In*n
Zuil"'uidyj_T7

if n is sufficiently large.

Combining our upper and lower bounds gives

‘E [Uil...Uidlvzj]—,U,Z‘l...,u,ide| < UE [Uh‘--Uid]-sz]_E[Uh‘--Uid]-sz]-A”
+’E [Uil...Uidlvzj].A]—,u,il...,u,ide‘
(d+2)In*n < (d+3)In*n
Vn - N

if n is sufficiently large. The result follows by taking cs := d + 3. O

<E[1z] +

Lemma 5.2 and the concentration of measure results of Lemma 5.3 then imply the

following uniform bounds.
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Lemma 5.4. There exists c3 > 0 such that the following holds. Let n > 1, and let X have

the equilibrium distribution for the lengths process. Then

2
c3ln“n
ol v ) < 7
3112111) 125 i —1Vi—1] = \/ﬁ
and
d a1 c3In”n
SUD | Viz1 = (1 — d (pi—1 — i) p; ) vi| < NG

Proof. Let c1,co > 0 denote the constants given by Lemma 5.2 and Lemma 5.3, respect-

ively. Then

coln’n

N

i — /\Mil%‘—l‘ =A ’E |:Uid711V2i—1} - defl’/i—ll <A

and

pivioy — (1 —d (pi—1 — 1) u?_l) Vi
plvi g —E [Uzdlvzifl} ‘
E [Uﬁ@_l} ~E [(1 —d Uiy — U;) U;H) 1@}

+ ‘E |:<1 - d(Ui_l - Ul) Uid_1> 1{/21} — (1 - d(Mi—l - /J,i)ug_1> V;
coln’n
Vn
caln’n LGy 2¢oInn < (c1 4+ c2(2d+ 1))ln2n‘

Hence the result follows by taking c3 := ¢; + ¢ (2d 4 1). O

IN

_l’_

C —_ —
+ El +d (‘E [Ui_lUid 11V2i:| — ,u,-_luf 1Vz'

+ ‘E [Uidlvzi] — pivi

)

These uniform bounds suggest that the u; and v; satisfy

pi = My, (5.9)

plvioy ~ (1 —d (pi-1 — 1) M§H> Vi, (5.10)

for all i > 1. We will analyse the two families of recurrence relations suggested by (5.9)

and (5.10) in the next section.

5.3 Solutions to the recurrence relations

In this section, we will analyse the two families of recurrence relations suggested in the
previous section. The calculations are in-depth for the sake of completeness, but are routine
and easy.

Equations (5.9) and (5.10) suggest that the means p; and v; should be close to a; and
b;, as defined in (1.1). We remind the reader that ap = by = 1, and that

_ adb;_
1—-d (ai,l — ai) af‘l

— Vg9 .
g = )\ai_lbi,l, bl .

)
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for all ¢ > 1. For brevity, we will let

pi = d (ai_l — ai) ag_l.

It is clear that (u;);—, and (v4);2, are decreasing sequences in (0,1]. This suggests that
(a;);2, and (b;);2, should also be decreasing sequences in (0, 1]. However, since by = by =1

if d =1, the claim for the latter sequence should only be for the indices i > 1.

Lemma 5.5. We have
a1 <a; <1, bijo <big <1,

for alli > 0.
Proof. First we claim that if 0 < a; < 1, then

d+1b
bir1 = AR < b; 5.11
+1 1 — Pis1 >~ Ug, ( )

with strict inequality if 0 < a; < 1. To see this inequality, use Lemma 1.5 (2) (with
xr = aj+1 and y = a;) to obtain p; 11 < a — a2+1 1-— alH, with the last inequality being
strict if 0 < a; < 1. Also note that if b; < 1, then

i1 = )\asz < a;. (512)

Now let us use induction to show that the result holds. For the base step of i = 0, the
first inequality easily holds since ag = 1 and a1 = A. For the second inequality, there are

two cases to consider. If d = 1, then we simply calculate that

)\2

by =1 =\ byp=—
1 ) y 02 - (A= A2

Else if d > 2, then (5.11) (with ¢ = 0) first gives by < by = 1. Then, by (5.12) (with i = 1),
we have ag < a;. Finally, by (5.11) again (with ¢ = 1), we have by < b;.
For the inductive step, suppose that

a; <a;i—1 <1, bip1 <b <1,

for some ¢ > 1. By (5.12) and the hypotheses a;,b; < 1, we have a;41 < a; < 1. Then, by
(5.12) and the hypothesis b;11 < 1, we have b;yo < bj+1 < 1. O

In particular, (a;);°, is a decreasing sequence in (0, 1] with a; < 1.

Lemma 5.6. Let (r;);°, be a decreasing sequence in (0,1] with ri < 1. Then there exists

k > 1 such that
o0
[15-

=1

<
d—1 —
d(ri— 1—1"1)7“Z

Proof. By Lemma 1.5 (2), we have

d d d e

T ré¢ <1 7 ifie=1
. d—1 d d 0 1 = 1> )
qi.——d(ri_l—m)ri <Ti 1— 7

rd | <rd if 1 > 2.



Let p := max (r‘f, 1 —r%), and note that 0 < p < 1. Then

ﬁl_‘h ﬁ<1 1—q><H<

1=1 1=1 i=1

><oo,

with the infinite product converging since 7%, ¢; < 300, (rd | —rd) =rf < oo O

Now we will show that the a; and b; are asymptotically doubly exponential. We begin

with some heuristic calculations: we have

i—1 ad i—1

d | | J ~ d | | d

a; = )\ai_l 1- 0. ~ )\ai_l (Zj,
j=1 Dj j=

for all large ¢, since p; ~ 0 for large j. If we suppose that a; ~ wf for some 0 < w < 1,
then

1—1 i—1
Wi e -t def] — M Inw dfi def]
Jj=1 Jj=1

Treating this as an equality, we have

i—2

In A
fi= ot 22+ 2fi ],

j=1
which satisfies the recurrence relation

ln)\ L

fivr = Qd+1) fipy +dfi = =+ d | D fi+ fi+2fin | = 2d+1) fiya + dfs
7=1
In A\ U
= d +2f; | — fie1 =0.
=+ ;fy +2fi | = fin

This has solutions

fi=caa' + «ad’,

where ¢1,co > 0, where « is as defined in (1.3) and @ := d + % —y/d? + %. Since a > @,
this suggests that the asymptotic behaviour of the solution is f; ~ ciat, as i — oo. We
will need the following result by Luczak and Norris [13].

Lemma 5.7 ([13|, Proposition 2.5). There exists ¢ > 1 such that

a®
— < ajy < caj

C

for alli > 0.
Now we will show that (a;);-, and (b;);°, are asymptotically doubly exponential.

Lemma 5.8. There exists 0 < o < 7 < 1 such that

o <a; < (5.13)
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for alli>1, and
gda ™/ (a=1) < b; < rdat™l/(a=1) (5.14)

for alli > 2.

Proof. Let ¢ > 1 denote the constant given by Lemma 5.7. Then, by induction, we have

al
i—j < g. < Jltotatotal =l ol
cltata?+tai—l = @i = C Gi—j

a

for all i > 1 and 0 < j <. Since o > 2d > 2, we have

l+a+a?+- +ad =

for all § > 1, and thus

L J .
(“4)" < ai < (cary)” (5.15)
C

foralli>1and 1 <j <i.
By Lemma 5.5, we have 0 < a;,b; < 1 for all ¢ > 1 and j > 2. Hence, there exist
0 < pi, B; < 1 such that

i dod+1 —1
pza = aiv ﬁja /(04 ) = bj7

for all # > 1 and 7 > 2. The same lemma also implies that there exists m > 1 such that

N[ —

Wi=Cm < 5, Pm <
Let

o :=min (%7p17p27' : '7pm7627"' 75771) )
T = 1max ((2w)1/am y P15, P25 - - - 7Pm7/827 . aBm) .

Note that 0 < o0 < 7 < 1, where we have used the fact that 2w < 1. Also note that

i— i—m i

W < 2w) T < (5.16)

We will directly show that (5.13) holds for all ¢ > 1. For the lower bound, use (5.15)
(with j =i > 1) and the fact that o < 1 to obtain

a; > (1) >0

For the upper bound, if 1 < i < m, then we simply have a; = pf‘i < 7% Else if i > m,
then use (5.15) (with j =4 —m > 1) and (5.16) to obtain

i—m i —
a i—m

a; < (cam) =w <T

(5.17)

Thus (5.13) holds for all ¢ > 1.
Now let us use induction to show that (5.14) holds for all ¢ > 2. For the base steps of
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2 <i<m, we have ¢ < §; < 7 and thus

ot /(a—1) < by = Bidaul/(a—l) < ~doit1/(a—1)

For the inductive step, suppose that

Udai/(a—l) <b 1< 7_do/”'/(a—l)

for some 7 > m. Then

adb;_y < adb;_4

d
Gibimt =0 1 Di -1 Pm+1

S 2&?[)1'_1 .

Using the lower bound, (5.13) and the inductive hypothesis, we have

bi > O.daio_dai/(a_l) _ O_dai+1/(a_1)'

Using the upper bound, (5.16), (5.17) and the inductive hypothesis, we have

b; < 2wdai’m7_do¢i/(oz71) < (2w)daifm 7_da"‘/(ozfl) < Tdadeai/(afl) — 7_do/“rl/(ozfl).

This completes the inductive step. O

5.4 Long-term behaviour

In this section, we will show that the p; and v; are uniformly close to a; and b;, respectively,

for long periods of time.

Lemma 5.9. There exists ¢ > 0 such that the following holds. Let n > 1, and let X have
the equilibrium distribution for the lengths process. Then
cln’n | b‘<cln2n
i —a)| < ——, suply; — b < ——.
i>1 T Vn SR vn
Remark. This proof closely follows the argument in Chapter 5 of [10], where the analogous
result for the standard supermarket model is to be found. The main difference is that here
we are seeking a pair of bounds instead of just one, so each part of the original argument

is adapted into a pair of arguments here.

Proof. In this proof, we will do two pairs of inductions to bound |u; — a;| and |v; — b;|. The
first will establish bounds which depend on ¢, and then the second will establish bounds
which are independent of 4.

Let 0 < 7 < 1 denote the constant given by Lemma 5.8, then let w := max (\, 7). By

Lemma 5.2 and Lemma 5.8, we have
pi <N <wh by < ple e < i (5.18)

foralli>1and j > 2.
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Recall that for i > 1, we defined p; := d (a;—1 — a;) af_l; also let q; := d (pi—1 — ;) u‘;_l.

By Lemma 5.2 and Lemma 5.5, (11;);~, and (a;);-, are both decreasing sequences in (0, 1],

with g1 = a1 < 1. Hence, by Lemma 5.6, there exists £ > 1 such that

1 1
<K

< <K
I —p;

1—q —

) 9

for all 4 > 1. Let ¢35 > 0 denote the constant given by Lemma 5.4, then let h := c3x and
2 712
m = k°d*.

We will also need the inequalities

pf = af| < dp;— ai, (5.19)
|rs —tu| < s|r—t|+t|s—ul, (5.20)

forall1<k<d,i>1andr,s,t,u € R with s,¢ > 0.
Before we set up the induction, we will need two preliminary results. Our first prelim-

inary result is quick to derive. For ¢ > 1, we may write

d d d
i — ail = |p; — Mi_1bi71‘ < Hi—1Vi-1 — @i_1bi—1].

i — Aﬂg—lyifl‘ + A
Using Lemma 5.4 and (5.20) (with r = a? |, s =b;_1, t = pu | and u = v;_1), we have

c3 In%n

|,Uz'_ai| < 7

Using (5.19) on the second term and the fact that p;—1 <1, we have

+ b1

d d d
Hi—1 — ai—l‘ +pgq [Vier — bica].

hin%n
lpi —a;| < N +dbi—1 i1 — ai—1| 4+ pio1 Vi1 — bi—1|
hiln?n
< NG +m (bi—1 i1 — ai—1] + pi—1 [Vier — bi—a]), (5.21)

for all 7 > 1.

Our second preliminary result takes longer to derive. For ¢ > 1, we may write

dyp,.
‘l/l*bi|— Vi*(il Ul
—Di
< ‘ (1—q)vi — pdviy n ‘,u%ivi—l —alb;_y adb;_4 B adbi_1
B L —qi I —q I—q¢ 1—p;
<K ,uglui,l —(1=q)v|+k uzdl/iq - a?bz;l’ + /‘ﬂzaf-lbifl lgi — pil -

Let us bound the first term using Lemma 5.4, and note that

d—1
%

).

lgi — pil =d ‘(Mi—l — i) pd=t —(aim1 —a)) a

d

§d< Mg_ai

d—1 d—1
[ 7 e X ai—l’ +
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Hence

1 2
|l/l'—bi|§K,C3n + K Vi—1 —
NG g
+ Ii2da§ibi,1 < ,uz 1 — a;i laz;l‘ + ,u;i — af ) .
d

Using (5.20) on the second term (with r = a¢, s = b;_1, t = u¢ and u = v;_;) and on the

d—1

first term in the brackets (with r = uf s=pi—1,t=a;  and u = a;—1), we have

hin?n

v — bi| < + K (bi—l pf — iy — bi—1|)
+ ﬁ2da§ibi71 (,ui—l u;H — agfl‘ +a —af ) .

7

Using (5.19) on the three terms of the form ‘,uf — a7,

h1n2
lvi —bi| < =
f
+ K2dadb;_4 (dui—l i — ai] +af ™t pim1 — ai—q| +d i — ai!) .

+r (dbz Ll — ag| + pd i — bz‘—l\)

Finally, we use the fact that p; < p;—1 <1 and that a; <1, so

hin®n
Vn

lvi — bi| < +m (b1 i1 — ai1| + pio1 [vic1 — bica| + 3bi—1 [ — ail),  (5.22)

for all ¢ > 1.
The first pair of inductions will show that

2i—3
—ai| <h Z (5m)" (5.23)
. In%n
lvi — bi| <h Z (5m) N (5.24)

for all ¢ > 1.
The base steps will be 1 <4 < 2. First, Lemma 5.2 gives 11 = A, and thus |p; — a1] = 0.
By (5.22) (with i = 1), we have

hin?n hin?n

’V1—61‘< +m(‘,u,()—ao‘+’Vo—bo‘+3’/L1—alf) \/ﬁ .

By (5.21) (with ¢ = 2), we have

hin?n In“n
lp2 — as] < Tn +m (g —ar| + 1 =b1]) <h (1 +m) —

Finally, by (5.22) (with i = 2), we have

In’n

T

hin?n
‘\/7

Thus, (5.23) and (5.24) hold for 1 <14 < 2.

|vg — bo| < +m(\ﬂl—a1\+lv1—b1\+3lu2—a2!)<h(1+4m—|—3m)
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For the inductive step, suppose that

Inn
n

2i—5
i1 —ai—1| < h ) _(5m)"
2

In?n
n )

2i—4
;o vicr = b <h )Y (5m)"
2

for some 7 > 3. Since i — 1 > 2, we may use (5.18) to bound p;—1 < wland b;_; < w' L.

Hence, the preliminary results (5.21) and (5.22) give

hin’n o
i —ai| < NG +mw ™ (|pim1 — a1 | + vie1 — bi_1l), (5.25)
hin?n .
lvi —by| < NG + mw' ™ (|pie1 — ai1| + |vie1 — bica| + 3 | — ag]) (5.26)
for all 7 > 3.

Substituting the inductive hypotheses into (5.25) gives

| |<hln2n+ hmi)@ )rln2n+h%§_:4(5 )Tlnzn
Mi — Q| > m m m) ———
\/ﬁ r=0 \/ﬁ r=0 \/ﬁ

2i—5 s nZn
=h <1+2m2 (5m)" +m (5m) ) 7

r=0

2i—5 2 2i—3 2

. In“n In“n
<h|l4+5m 5m)" + 5m (5m)* | — =i 5m)" )
( > (5m)’ + 5m (5m) >ﬁ > Gy

r=0

Substituting the inductive hypotheses and this result into (5.26) then gives

hin%n 275 In?n 2l In’n 273 In?n
v — bl 37+m hy (5m) NG +h> (5m) NG +3h§;<5m) N

r=0 r=0

2i—5 2
. 4 1
h (1 +5m Y (5m) + 4m (5m)* " + 3m (5m)223> nn

r=0

2i—5
| N\ 1 |
<h (1 +5m Y (5m)" + 5m (5m)% " + 5m (5m)21_3> 2Ry (5m) I\l/f‘
r=0 =

Thus, (5.23) and (5.24) hold for all 4 > 1.
Now let j > 1 be sufficiently large so that 5mw/=! < %, then let

2j—2
c:=h Z (5m)" .
r=0
The second pair of inductions will show that
(5.27)

i — ail , [vi — bl < —=

for all 7 > 1.
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The base steps will be 0 < ¢ < j, and these trivially hold, since (5.23) and (5.24) give

2i—3

. In?
i — ai] <h Y (5m)
r=0

nn

\/ﬁ )

In®n cln®n In?n
Vn

NZD

Cc

2i—2
i = bil <h > (5m)" <
r=0

for all ¢ < j.
For the inductive step, suppose that

|pim1 — ai—1|, |Vie1 — bi—1| £ ——,
Vn
for some ¢ > j. Then
h+ 5emw'™t < %c +5emw’ Tt < %c + %c =,

since ¢ > b5h.

Substituting the inductive hypotheses into (5.25) gives

| ‘—a-]<hln2n—|—mwi71 cln2n+cln2n
Hi i _7\/5 Jn NG

2 2
_ (h+20mwi_1) In“n < cln“n

vno T/

Substituting the inductive hypotheses and this result into (5.26) then gives

]V-—b~|<m Witl Cln2n+61n2n+3cln2n
VA Jn o n Jn
- In?n _ cln?n
= (h i—1) - ' < '
(h + 5emw'™1) N
Thus, (5.27) holds for all 7 > 1. -

Finally, we will uniformly bound the equilibrium deviation of the tail functions from

the a;, over long periods of time.

Lemma 5.10. Let ¢ > 0 denote the constant given by Lemma 5.9. For all z > ¢ and
r > 0, there exists n = n(z,r) > 0 such that the following holds. Let n > 1, and let X be

n equilibrium. Then

zIn?n . o InZn
P ( sup |u; (X¢) — ai] > ——= for some 0 <t <n' | <2e 7"
i>1 vn
Proof. Since the left-hand side is bounded by 1 and 7 > 0 may be arbitrarily small, it
suffices to show the result for all sufficiently large n.
Fort > 0 and h > 0, let

hann}
E;p = <sup |u; (X)) — wi| > .
= {sup s () — o] =

Let y = y(z) := 2 —c > 0. Then E;, /5 holds with high probability at each individual
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time, since Lemma 4.5 (with 2 := 1y) gives 71 = ;1 (2) > 0 such that
P (Eyyp) <2e7m°7 (5.28)

for all t > 0.
Now we will extend this to the interval [0, n"]. Consider covering this with sub-intervals

of length
yln®n

4A+1) Vi
Clearly m = m (z,r) := [%T] such sub-intervals will cover [0,n"]. For k > 0, let ¢} := k¢,
then

§=10(z):=

P U Ety Z (Eyyy/2) +mP (Po (jyv/nn®n) > Syv/nin®n).
k=0

0<t<n"

To see the last term in this inequality, suppose that Ej, /5 holds for all end-points ¢. Then

there exists a sub-interval Z; := (#;_1,t;) containing ¢. Since Ej, /o and E, hold, we
2
deduce that over Z; the proportion of queues of length at least ¢ changes by at least 921?/5",

for some 7 > 1, and thus over Z;, we have at least %y\/ﬁ In% n events. However, the number
of events over 7;, an interval of length §, is Poisson with mean (A +1)n = y\/nln’n.
By (5.28) and Lemma 1.4 (with ¢ = 1), we have

P U Eiy | <(m+1) (26_”1 In® ”) +m <2€—$y\/ﬁln2 n) '

0<t<n"

Let n =n(z) := %min (771, 1—12y), then straightforward manipulation gives

3-3n" 2 2
P E <3 2 —2nln?n < —2nln“n <9 —nln“n
BV <5+> Swm(nt T

if n is sufficiently large. Note that how large n must be for the last inequality to hold will

also depend on r. O
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Chapter 6
Rapid mixing — part two

In this chapter, we will complete our proof of rapid mixing of the lengths process. This
will require defining swap-adjacency for a pair of profile-equivalent lengths vectors, and
then the swap coupling of two lengths processes with swap-adjacent initial states. Like
Chapter 3, this chapter is based on Chapter 2 of [10] by Luczak and McDiarmid.

6.1 Swap-adjacency and distance

In this section, we will define swap-adjacency and then the swap-distance between a pair
of profile-equivalent lengths vectors. We begin with the concepts of being lengths-swapped

and memory-aligned.

Definition 6.1. We will say that profile-equivalent x,y € Q,, are lengths-swapped at k
and [ (the swapped queues), where k # [, if

1. queue i in z and queue ¢ in y have the same length for all i # k, 1, and
2. queue k (resp., [) in x and queue [ (resp., k) in y have the same length.

If x and y are lengths-swapped at k and [, then we will say they are memory-aligned if the

memory queues in x and in y are
1. the same non-swapped queue (that is, queue ¢ # k, [ in both lengths vectors), or

2. different swapped queues (that is, queue k in one lengths vector and queue [ in the
other).

We will say that a pair of queues are indistinguishable if the two queues have the same
length and neither is the memory queue, and distinguishable otherwise. Informally, we
will say that two lengths vectors are swap-adjacent if we take a pair of identical lengths

vectors, and then swap a pair of distinguishable queues.

Definition 6.2. We will say that profile-equivalent =,y € Q,, are swap-adjacent at k and

[, and write x ~ y, if
1. z and y are lengths-swapped at k and [,

2. x and y are memory-aligned, and
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3. k and [ are distinguishable.

For z,y € 9, such that x = y, define a swap-path of length m between x and y to be
a sequence

=20k D ... 2m =Y.

Note that, in any such path, we have z; = x = y for all 0 < i < m. The following lemma
says that swap-adjacency induces a connected structure on each class of profile-equivalent

states, that is, each equivalence class in the quotient space Q, /=

Lemma 6.3. Let x,y € Q, satisfy x = y. Then there exists a swap-path x = zg ~ z1 ~

.~ zm =y of length at most min (2 ||z|; + 1,n — 1).

Proof. Since x and y each have at most ||z||;+1 = ||y||; +1 non-empty, non-memory queues,
they differ by a permutation on at most min (2 (||z||; + 1), n) indices. Since any permuta-
tion on k indices is a product of at most k — 1 transpositions, by successively transposing
pairs of queues in x, we obtain a swap-path of length at most min (2 (||z[|; +1),n) — 1

from z to y. O

For z,y € Q,, such that z = y, let the swap-distance ds (x,y) denote the length of the

shortest swap-path between = and y. Else, set ds (z,y) = co. Then Lemma 6.3 gives
ds (z,y) <min (2|jz||; + 1,n —1) (6.1)

for all z,y € Q, such that x = y. Note that ds (x,y) = 0 if and only if z = y, and that
ds (z,y) =1 if and only if x ~ y.

6.2 The swap coupling

In this section, we will define the swap coupling of two lengths processes with swap-adjacent
initial states. We will then show that under this coupling, at each event time, the two

processes either remain swap-adjacent or coalesce.

Definition 6.4. The swap coupling is the following coupling of lengths processes X and
Y with swap-adjacent initial states. Let X and Y share the same arrival and potential
departure times. For an event time 71" such that Xp_ ~ Yp_ at k£ and [, pair the queues in
X7_ and Yp_ as follows: pair the opposite swapped queues together (that is, pair queue
k in X7p_ to queue [ in Y7_, and vice versa), and then pair the remaining non-swapped

queues by index.

1. If T'is an arrival time, let the X-choices C' = (C'(1),...,C (d)) be an ordered list of
d queues chosen uniformly at random with replacement, then define the Y-choices
C'=(C"(1),...,C"(d)) by setting C’ (i) to be the queue paired with C (i), for all
1< <d.

2. If T is a potential departure time, let the X-selection be a queue in Xp_ selected
uniformly at random, then set the Y-selection to be the queue in Yp_ paired with
the X-selection.
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Remark. Tt is easy to see that for an arrival time, the Y-choices is an ordered list of d
queues chosen uniformly at random with replacement, and that for a potential departure
time, the Y-selection is a queue in Y7 _ selected uniformly at random. Thus, Y does have

the distribution of a lengths process.

Now we will show that under this coupling, at each event time, the two processes either

remain swap-adjacent or coalesce.

Lemma 6.5. Let X and Y have initial states x,y € Q,, respectively, where x ~ y at k
and l, and let X and Y be coupled by the swap coupling. Let T > 0 denote the first event
time. Then either Xp ~ Y at k and l, or X7 = Yp.

Proof. First note that it suffices to show that Xp and Yr are lengths-swapped at k and [
and are memory-aligned. To see this, note that in this case, it follows that Xp ~ Y7 (resp.,
Xr = Yr) if and only if k and [ are distinguishable (resp., indistinguishable). There are

now two cases to consider.
Case 1 T is an arrival time.

Since & ~ y, for all 1 < i < d+1, the i*" queues in the X- and in the Y-candidates lists are
either the same non-swapped queue or different swapped queues. Thus, the first shortest
queues in the X- and Y-candidates lists (i.e., the X- and Y-choices with the corresponding
memory queues appended) occur in the same position. This implies that the X- and Y-
customers either join the same non-swapped queue or different swapped queues. In either
case, X7 and Y7 are lengths swapped at k and (.

With the queue lengths updated, the first shortest queues in the X- and Y-candidates
lists still occurs in the same position. This implies that the memory queues in X7 and in
Y are either the same non-swapped queue or different swapped queues. In either case,

X7 are Yp are memory-aligned.
Case 2 T is a potential departure time.

Note that the X- and Y-selections are either the same non-swapped queue or different

swapped queues. O

We remark that coalescence can occur in many different ways. For example, if the
swapped queues have the same length m; and one is the memory queue, then an arrival
where the customer joins a non-swapped queue and a non-swapped queue becomes the
memory queue will give coalescence. Alternatively, if the swapped queues have lengths
mg and meo + 1, respectively, and neither is the memory queue, then a departure from the
longer swapped queue will also give coalescence. As we shall see in the next section, we
will only be interested in the special cases where m; = 0 and mo = 0. That is, we will
only be interested in the case when both swapped queues are empty and neither swapped
queue is the memory queue.

We now extend the swap coupling of lengths processes with swap-adjacent initial states

to lengths processes with arbitrary profile-equivalent initial states.

Definition 6.6. Let X and Y have initial states x,y € Q,, respectively, where x = y.

Let z = 29 ~ 21 ~ ... ~ zy, = y be a shortest swap-path of length m = ds (z,y) between
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x and y. For all 0 < i < m, let Z’ be a lengths process with initial state z;, and let Z/~!
and Z’ be coupled by the swap coupling, for all 1 < j < m (using the fact that z; =z =y
for all 0 < i < m). This determines a coupling of X and Y, which we will also call a swap

coupling.
We then have the following result.

Lemma 6.7. Let X and Y have initial states x,y € Q,,, respectively, where x =y, and

let X and Y be coupled by a swap coupling. Then ds (X, Y:) is non-increasing over time.

Proof. Let m and the Z? be as in Definition 6.6. Then
m
s (X, V) < Z (zi.2})

Each summand takes the value 1 before the first event time, and by Lemma 6.5, a value
in {0,1} at the first event time. Hence ds (X¢,Y:) is non-increasing across the first event,

and by induction, is non-increasing over all time. O

6.3 Rapid coalescence

In this section, we will show that in a swap coupling, under reasonable initial conditions,
the two lengths processes in fact rapidly coalesce.

As in Section 3.3, we will begin by outlining our strategy for this section. Our strategy
is to examine the maximum length of a swapped queue in the two lengths processes in a

swap coupling, so we make the following definition.

Definition 6.8. Let X and Y have initial states x,y € Q,, respectively, where x ~ y at
k and . The swap walk is the random walk W = (Wt)tZO on Zy defined by setting

Wt = max (Xt (kﬁ) ,Xt (l)) .
The coalescence time is
Teo :=inf{t >0: Xy =Y},

and let
T :=inf{t >0: Xy (k) =X:(I) =0 and E; # k,}.

Since X and Y have coalesced by time ¢ if X; (k) = X; (I) = 0 and Z; # k, [, we have
Teo <T".

We will show that T, is small by showing that T™ is small, and to do this, we will show
that with high probability there is soon a time when W is 0 and when neither swapped
queue in X is the memory queue. We will analyse W at some times (J;);°, to be defined
later (again, these are not the jump times as defined in Section 1.4), that is, we will analyse
the random walk Wy = (W,);2,.
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We will apply Lemma 2.8 to S = W3 roughly the same way we applied it to the level
walk in Section 3.3, but with two main differences. The first difference is that here we will
keep track of when either swapped queue is the memory queue: we will say that S is good
at step 7 if neither swapped queue in X is the memory queue at time J;, and that S is bad
otherwise. The other difference concerns the background events A;, but we will discuss
this later.

Now let us say a little about Lemma 2.8. For the first condition, (2.18), we must show
that S will either become good or increase, with probability bounded away from 0, when
it is bad. For the fourth condition, (2.21), we must show that S will become good without
changing value, with probability close to 1, when it is bad and above k. These requirements

lead us to the following definition.

Definition 6.9. Let X and Y have swap-adjacent initial states and be coupled by the
swap coupling. Let 7" > 0 be an arrival time where Xy ~ Yp_. If v(X7_) > 1, then
we will say that T is aligning if the X-customer selects only non-swapped empty queues.
Else if v (X7—-) = 0, then we will say that T is aligning if the X-customer selects only

non-swapped queues of length 1.

Now we will show that if S is good or bad, then given an aligning arrival time, it will
stay /become good. Moreover, it will not change value if it was non-zero immediately before

the aligning arrival.

Lemma 6.10. Let X and Y have swap-adjacent initial states and be coupled by the swap
coupling. Let T > 0 be an aligning arrival time where Xp— ~ Yp_ at k and [. Then
21 # k,l. Moreover, the mazimum length of a swapped queue Wy does not increase at time
T, if Wp_ > 1.

Proof. There are two cases to consider.

1. v(X7p—) > 1. In this case, the X-candidates list contains d non-swapped, empty
queues and the memory queue. If d = 1, then the first queue in the X-candidates
list receives the customer and is saved as the memory queue. Else if d > 2, then the
first queue in the X-candidates list receives the customer, and the second is saved as

the memory.

2. v(Xp—) = 0. In this case, the X-candidates list contains d non-swapped queues of
length 1 and the empty memory queue. Thus, the empty memory queue receives the
customer, and then the first queue in the X-candidates list is saved as the memory

queue.

In both cases, one of the d selections becomes the memory queue in X7. Since each
selection is a non-swapped queue, it follows that Zp # k,[. Moreover, since each selection
has length at most 1 at time T, it follows that the maximum length of a swapped queue

Wy cannot increase at time 7T, if Wp_ > 1. O

Now we come to the second main difference: here, the background events A; will include

the event that the proportion of queues in X of length at least k is close to

pr = B [ug, (X)]
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for long periods of time, where X has the equilibrium distribution for the lengths process;
these events will hold with high probability by the concentration of measure results in
Section 4.2. We will only need this concentration for k£ = 1,2 and for sufficiently large n,
so on the background events, the proportion of empty queues and queues of length 1 in X
will be bounded away from 0 for long periods of time.

Recall that the u are close to the ai (by Lemma 5.9), and that the a satisfy 0 < as <
a; <1 (by Lemma 5.5).

Definition 6.11. For t > 0, let
2
B = ﬂ {]ul (Xu) — il < %min(l —aj,a1 —ag) forall0 <u< t}.
i=1

If E; holds, then we will say X has concentrated proportions over [0,t).

The following lemma says that if T' > 0 is an event time, Fr holds and n is sufficiently

large, then T" has probability bounded away from 0 of being an aligning arrival.

Lemma 6.12. There exists n* > 1 such that the following holds. Let n > n*, let X have

an arbitrary initial distribution, and let T > 0 be an event time. Then

A
P (T is an aligning arrival | Fp—) > il [% min (1 —ay, a1 — ag)]d on Er.

Proof. Let ) := %min (1 —aq,a1 — ag), and let ¢ > 0 denote the constant given by Lemma

5.9. Then on the event Er, we have

cln’n

vn

fori = 1,2 and all 0 < t < T, and if n* is sufficiently large. Hence the proportion of

Jui (Xt) — @il < fui (Xe) = pal + |pi — @il <9+

<2y,

non-swapped empty queues immediately before T' is at least

l—uy (Xp-)—22>21—(m+2¢9)—2>3(1—a)) -2 >3 (1—a1),
and the proportion of non-swapped queues of length 1 immediately before T is at least
ur (Xr—) —ug (Xr—) — 2> (a1 —2¢) — (a2 +2¢) — 2 > 3 (a1 —az) — 2 > & (a1 — a2),

if n* is sufficiently large. The result follows, for if v (Xp_) > 1, then T is aligning if the
customer selects only non-swapped empty queues, and if v (Xp_) = 0, then T is aligning

if the customer selects only non-swapped queues of length 1. O

Now we will show that in a swap coupling, under reasonable initial conditions, the two

lengths processes rapidly coalesce.

Lemma 6.13. Let ¢ > % Then there exists 0 < B = [ (c) < 1 such that the following
holds. Let n > 1, let X and Y have initial states x,y € Q,, where x ~y and ||z|; < cn,
and let X and Y be coupled by the swap coupling. Then

E[ds (X1, Y:)] = E [1x,2v,] < e P 4+ 277" + P (E)
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for all t > % (lz]| o + 1).

Proof. Since the left-hand side is bounded by 1 and § > 0 may be arbitrarily small, it
suffices to show the result for all sufficiently large n.
Let W = (W}),~( denote the swap walk. Thus, if k& and I denote the swapped queues,
then -
Wi = max (X (k) , X; (1)),

For t > 0, say X is good at time t if neither swapped queue in X; is the memory queue,
and bad otherwise. For ¢ > 0, let

Dt = {Et 7& k’,l}
denote the event that X is good at time t. Define the change times Jo := 0 and
Ji=inf {t > Ji_1 : 1p, # 1p,_ or Wy # W;_},

for all « > 1. That is, let J; be the first time after J;_; when either X starts/stops being
good or when W changes values. The filtration (G;);, we will be using for Lemma 2.8
will be based on these change times: for ¢ > 0, set G; := F,,, to be the o-field generated
by all events before J;1.

Now, for t > 0, let

Cpi={||X, ], <2enforall 0<r <t}, m:=[Lt].
Then

P(X; #Y) <PUX: Y} {J <t} NCyNEy)
+P({X: Y} N {Jm >t} NE) +P (Cy) +P (Ey), (6.2)

for all ¢ > 0. The first term will be where we apply Lemma 2.8, but let us bound the two
middle terms first.

We claim that on {X; # Y:} N E}, change times occur at rate at least 1 over [0,¢], if n
is sufficiently large. To see this claim, consider a time 0 < r < t. There are now two cases

to consider.

1. If D, holds, then neither swapped queue is the memory (that is, =, # k,l). As
we have not yet coalesced, there is a unique longer swapped queue, and a sufficient
condition for W to decrease is if we have a potential departure where the X-selection

is the unique longer swapped queue. Such events occur at rate n - % =1.

2. If D, holds (so X is bad immediately before r), then some swapped queue is the
memory (that is, Z, = k or ). A sufficient condition for X to become good is if we
have an aligning arrival, by Lemma 6.10. On E}, aligning arrivals occur at rate at
least (A +1)n- )\)‘—11 > 1 over [0, ¢], if n is sufficiently large; this holds by Lemma 6.12.

Hence the number of change times Ny := max {i > 0: J; <t} in [0,¢] stochastically dom-
inates a Po (¢) random variable on the event {X; # Y;} N E}, if n is sufficiently large. By
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Lemma 1.4 (with € = ), we have
P({X; £ Y} N {Jm >t} N E) <P (N, <m) <P (Po(t) < 1t) <213, (6.3)
for all ¢ > 2, and if n is sufficiently large. To see the second inequality, note that m =

[3t] < 3t.
By Lemma 2.5, there exists 71 = n; (¢) > 0 such that

P (Cy) < 2e7™M™, (6.4)

for all 0 <t < emm,
Hence, by (6.2)-(6.4), we have

P (X, # V) <P({X; £V} N {Jm <E}NCNE) +2e 12 42" + P (E,), (6.5)

for all 2 < t < ™™ if n is sufficiently large. Having bounded the two middle terms in
(6.2) to obtain (6.5), we now turn our attention to the first term, which is where we will
apply Lemma 2.8. We already defined the filtration (G;);-, for this lemma by setting each
G; to be Fy,,—. The background events are

A; = {Xr 75 Y, forall J; <r< Ji+1}ﬂCJi+1 ﬂE]i

+19

for ¢ > 0. For ¢ > 0, let
B; .= {1D'r =1forall J;<r< Ji+1}

denote the event that X is good at all times J; < r < J;+1. Note that A; and B; are both
G;-measurable, since they depend only on the history of the process until but excluding
Ji+1. The random walk is S = Wy, that is,

S; = WJN

where ¢ > 0. Note that each increment Z; := S; — S;—1 = W, — W,_, is G;-measurable
and {—1,0,1}-valued. Let the initial value be Sy = s > 0. We will say that S = Wy is
good at step 1 if X is good at time J;, and that S is bad otherwise. Thus, S is good at ¢ if
and only if D, holds, and because 1p is constant between change times, it follows that S
is good at step ¢ if and only if B; holds.

Having defined sequences of events and the random walk, we may now write (6.5) as
P (X, #Y) <P({X, # YN {Jn S} NC N Ey) + 27720 4 271" 1 P (Ey)

<P (ﬁ (Aim1 N (B UA{S; > 0}))) 212 42 4P (E),  (6.6)
i=1

for all 2 <t < e™™, and if n is sufficiently large.

Next we define some constants. Let

5::min<)\7 L=A >,

A+1"22d+1
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where v is as defined above. Define 0 < €,w < 1 as follows. If d = 1, then let £ := 1,

let € be sufficiently small so that

1
d d—1
© S d+1
Let w be sufficiently small so that
d
i 30.
~

Finally, let

k= ()= [mniwﬂ

else

Now we will show that the hypotheses of Lemma 2.8 hold with the filtration (G;);=,, the

sequences of events (A4;);°, and (B;);2,, the random walk S = (S;);2, and the constants

0 and k, all as defined above. There are now four conditions to verify: (2.18)-(2.21).

1. For condition (2.18), we are looking at
P (BiJrl U {Zi+1 = 1} | gl) , on A; OE.

Now
AiNB; CU;y :={E,

41

=korl}NEy,,.

We will work on the event U, which says that immediately before J;;1, some
swapped queue is the memory queue, and X has concentrated proportions over
[0, Ji41). Since Biy1 U {Ziy1 = 1} denotes the event that the (i + 1) change time

is one where S becomes good or increases, we may write

n -5

P (Bi-‘,-l U {Zi—i-l = 1} | gl) > qT, on A; N B;, (67)

where p; is a lower bound on the rate of events where X becomes good or W increases,
and ¢ is an upper bound on the rate of events where X becomes good or W changes

value (i.e., change times).

We may take the lower bound p; := Ayn, if n is sufficiently large. To see this, note

that a sufficient condition for X to become good is if we have an aligning arrival, by
Lemma 6.10. On U, 1, aligning arrivals occur at rate at least (A +1)n - /\A—J:l = \yn

over [0, Jit1], if n is sufficiently large; this holds by Lemma 6.12.
We may take the upper bound ¢ = (A 4 1) n, the rate of all events.
Then (6.7) gives

)\’)/TL >4, on A;N E,

P (Bit1 U{Zit1 =1} [ Gi) 2 A+1D)n ="

and (2.18) holds, if n is sufficiently large.

2. For condition (2.19), we are looking at

P (Bi—H N {Zi+1 = —1} ’ QZ), A;NB;N {SZ > 0}.
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Now
A;NB;N {SZ > 0} CUp:= {XJZ,H_ =+ YJZ.H_} N {EJi+1_ #* k,l}.

We will work on the event U; 2, which says that immediately before J; 1, X and Y
are not coalesced and neither swapped queue is the memory queue. Hence there is
a unique longer swapped queue which we will assume, without loss of generality, is
queue k. Since Biy1 N{Z; 1 = —1} denotes the event that the (i 4+ 1)* change time

is one where S remains good and decreases, we may write
P (Bz'—l—l N {Zz'+1 = —1} ‘ (]Z) > %, on A;NB; N {Sz > O} , (68)

where po is a lower bound on the rate of events where X remains good and W
decreases, and ¢y is an upper bound on the rate of events where X becomes bad or

W changes value (i.e., change times).

We may take the lower bound py := 1. To see this, note that a sufficient condition for
X to remain good and for W to decrease is if we have a potential departure where

the X-selection is queue k. Such events occur at rate n - % =1.

We may take the upper bound ¢2 := 2Ad + 1. To see this, note that a necessary
condition for X to become bad or for W to increase is if we have an arrival where the
X-customer selects some swapped queue at least once (since neither is the memory
queue). Such events occur at rate at most An - % = 2Xd. A necessary condition for
W to decrease is if we have a potential departure where the X-selection is queue k.

Such events occur at rate n - % =1.

Then (6.8) gives

1
>4, on A;NB;N{S; >0}, (6.9)

P (B; Zit1 = —1 i) 2 5 =
(Biv1 N{Zis1 }IFi) 1

and (2.19) holds.
. For condition (2.20), we are looking at

P(Zit1=1]Gi), onA,NB,N{S;>~k}.
Now

A;NB;N {SZ > K} - Ui73 = {XJHI, 75 YJi+1,}
n {EJiJrl* # k’l} N {WJ¢+1* > ”} N CJ1'+1'

We will work on the event U; 3, which says that immediately before J; 1, X and Y
are not coalesced, neither swapped queue is the memory queue, the maximum length
of a swapped queue is greater than x, and the number of customers is at most 2cn.
Hence there is a unique longer swapped queue which we will assume, without loss of

generality, is queue k (so X, ,_ (k) > x), whence the proportion of queues at least

83



as long as queue k is less than

HXJz' 1*H 2c :
Uk (XJL.+1_) < # < - < min (g,w) < e.
Since {Z;y1 = 1} denotes the event that the (i 4 1)* change time is one where S

increases, we may write
P (Zi+1 =1 | gl) < ZE, on A;NB; N {Sl > K}, (610)
B

where p3 is an upper bound on the rate of events where W increases, and g3 is a lower
bound on the rate of events where X becomes bad or W changes value (i.e., change
times). Note that if W increases at J;11, then immediately before Jiy1, queue k

cannot be longer than the memory queue. That is, we have
X - (k) < XJir— (E z‘+1*) =v (XJ¢+1*) . (6.11)
There are now two cases to consider.

(a) Case 1: d > 2. We may take the upper bound p3 := Ade?!. To see this, note
that a necessary condition for W to increase is if we have an arrival where the
X-customer selects only queues as long as queue k, and he/she selects queue k
at least once (since queue k is not the memory queue). Such events occur at
rate at most An - %ed_l = e 1,

We may take the lower bound ¢3 := 1. To see this, note that a sufficient
condition for W to decrease is if we have a potential departure where the X-

selection is queue k. Such events occur at rate n - % =1

Then (6.10) gives

Aded—1

1= ) < <
P(Zin=1]6) < 1 —2xd+1’

onAiﬁBiﬁ{Si>m}.

The last inequality holds since d > 2. By (6.9), we have

1
20d +1
A 1—A
2/\d+1+2)\d+1
ZP(Zi+1:1|]:i)+57 OnAiﬂBiﬂ{Si>/€},

P (Bip1N{Ziy1 = -1} | Gi) >

and (2.20) holds.
(b) Case 2: d = 1. We may take the upper bound ps := A. To see this, note that

a necessary condition for W to increase is if we have an arrival time where the
X-customer selects queue k (since queue k is not the memory queue). Such
events occurs at rate An - % =\

We may take the lower bound ¢35 := 2Ad + 1. To see this, note that a sufficient
condition for W to increase is if we have an arrival where the X-customer

selects queue k (since queue k is neither the memory queue nor longer than it,
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by (6.11)). Such events occur at rate An- = = Ad. A sufficient condition for X to
become bad is if we have an arrival where the X-customer selects queue [ (since
queue [ is shorter than queue k, and queue k is not longer that the memory
queue, by (6.11)). Such events occur at rate An- L = Ad. A sufficient condition
for W to decrease is if we have a potential departure where the X-selection is

queue k. Such events occur at rate n - % =1.

Then (6.10) gives

P(Zi+1:1|gi) OnAiﬂBiﬂ{SZ’>/€},

A
< )
T 2Md+1

and (2.20) holds by the same calculation as in case 1.

4. For condition (2.21), we will first look at
P(Ziy1#0]|G;), on A;NB;N{S;>rk}.
Now
A;NBiN{S; >k} CUjs:={Ej,,,-=kor I} n{W,,,,- >k}NnCy,, NEy,,.

We will work on the event U; 4, which says that immediately before J;i1, some
swapped queue is the memory queue, the maximum length of a swapped queue is
greater than k, the number of customers is at most 2cn, and X has concentrated
proportions over [0, J;+1). We will assume, without loss of generality, that queue k
is not shorter than queue I (so Xy, ,— (k) > ), whence the proportion of queues at
least as long as queue k is less than

) < HXJZ'H*Hl < 2c

u (X — < min(g,w) <w
nkK K

i+17
Since {Z;i11 # 0} denotes the event that the (i 4+ 1)* change time is one where S

changes value, we may write
IP’(ZZ-+1;£O|Q¢)§%, on A4;NB; N {S; > K}, (6.12)
4

where py4 is an upper bound on the rate of events where W change values, and ¢4
is a lower bound on the rate of events where X becomes good or W changes value

(i.e., change times).

We may take the upper bound py := Anw? + 2. To see this, note that a necessary
condition for W to increase is if we have an arrival time where the X-customer selects
only queues as long as queue k. Such events occur at rate at most Anw?. A necessary
condition for W to decrease is if we have a potential departure where the X-selection

is one of the two swapped queues. Such events occur at rate n - % =2

We may take the lower bound g4 := Avyn, if n is sufficiently large. To see this, note
that a sufficient condition for X to become good is if we have an aligning arrival time,

by Lemma 6.10. On U; 4, aligning arrivals occur at rate at least (A + 1) n- ;‘—_:1 = \yn
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over [0, Jit+1], if n is sufficiently large; this holds by Lemma 6.12.
Then (6.12) gives

P(ZZ+1#O|QZ)§7§7S%5, OHAZ'QEH{SZ'>K,},

if n is sufficiently large.

At a change time, S must either become good and/or change value, so

P (Biv1 N{Zi+1 =0} [ Gi) =P (Ziz1 =0 G))
21—%5, on A;NB;N{S; > K},

if n is sufficiently large, and (2.21) holds.

Since we have shown that the hypotheses of Lemma 2.8 hold if n is sufficiently large, there
exists a constant 12 = 12 (¢) > 0 such that (6.6) becomes

m

P(X;#Y) <P (ﬂ (Aiin (BiU{S; > 0}))) +2e7 1t 427" L P ()
1=1

< 27 4 L ys g + 267130 4 26717 1 P (E) |

for all 2 <t < e™™, and if n is sufficiently large. We will also assume, without loss of

generality, that 0 < ny < 1.
Let n3 =n3 (c) := %min (771,172, 1—12), then

P (X, #Y;) <de 2B 42727 + P (E) <e ™' +e ™"+ P (E,),

for all % max (s,1) <t < ™" and if n is sufficiently large. To see the first inequality,
note that t > %max (s,1) > 2 and that nom > 773% > max (s,1) > s. To see the second

inequality, note that 4 < ¢! (since t > 4 > Ind)

7 2 s ) We can remove the upper bound on ¢

as follows. If ¢t > €™™ then
P(X, # Vi) <P (Xy £ Ya) + P (B)) < 2" + P (B)
if n is sufficiently large so that €™" > n. Let 8 = f(c) := ing, then
P(X;#Y,) <e P +2e7" + P (E)

for all t > % (lz|l + 1), and if n is sufficiently large. To see this, note that % (lzl| o + 1) >
7%max (s,1). O

We then have the following result.

Lemma 6.14. Let ¢ > ﬁ, then let 0 < f = [(c) < 1 denote the constant given by
Lemma 6.13. Let n > 1, let X and Y have initial states x,y € Q,, respectively, where
z=vy, ||zl < cen and ||z]|; < Bt —1, and let X and Y be coupled by a swap coupling.
Then

E [ds (Xe, V)] < n (e_Bt +2e P 4P (E))
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for allt > 0.

Proof. Let m and Z7 be as in Definition 6.6. By Lemma 6.3, we have
m=ds(z,y) < n.

We also have

zilly = llzlly <en, lzille = llzllo < B8 —1,

for all 0 <7 < m. Hence

I

s
Il
—

E[ds (X0, V)] <3 E [ds (2171, Z))]

NE

(e_ﬁt + 2P 4P (E))

~.
Il

N =

<n(e P42 4P (E)) :

and we are done. O

The following is the main result of this section, and will subsequently give Theorem
1.1.

Theorem 6.15. Let ¢ > ﬁ Then there exists n = n(c) > 0 such that the following
holds. Let n > 1, let X have an arbitrary initial distribution, and let Y be in equilibrium.

Then there exists a coupling of X and Y such that
B(X; # Yi) < ne " +2e7 4B (| X0, > en) +P (| Xoll > nt)

for allt > 0.

Proof. First we will define some constants. Let 0 < 5 = (c¢) < 1 denote the constant
given by Lemma 6.14 (with the same ¢). Let

0= %min(l —aj,a; —ag) > 0.
Let 11 > 0 denote the constant given by Lemma 4.4 with z = §, so that
P (]u, (Y;) —E [u; (Y;)]| = 0 for some 0 < r < em‘/ﬁ> < 2e7mVR (6.13)

for all i > 1. Let 72 = 12 (¢) > 0 and n3 > 0 denote the constants given by Lemma 2.5
(with the same c), and let n4 = n4(c) > 0 denote the constant given by Theorem 3.14
(with the same c¢). Let

5 =15 (C) = %mln (%Bv”lﬂﬂhv n2, %77357 %774) )

t* =t*(¢) := ma (5 ln3>
= =max | =, — | .

B ns
Let n* > 1 be sufficiently large so that

1
3 < MV T 43 < 2eV (6.14)
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for all n > n*. Finally, let

n=mn(c) :=min (775, %) :

so that enV* < 2.

Note that if ¢ < t* and n > n*, then ne™ > ne™ ! > ne Mt > 1. Similarly, if
n < n*, then 2e~ VN > 2e—MVn* > 1. Hence, we will assume that t > t* and n > n*, since
there is nothing to prove otherwise.

The coupling (X,Y) will be defined as follows: run a profile coupling until the pro-
cesses are profile-equivalent, and then run a swap coupling until the processes coalesce. In
particular, we will be checking for profile-equivalence at time %t. If we have this, then we

will check for coalescence at time
St+h(t,n) <t,

where h (t,n) := min (%t, emvny,
Let F; and G; denote the events that HXt/2H1 < ¢n and ”Xt/QHOO < Bh(t,n) — 1,
respectively. Note that Sh (t,n) —1 > 0 by (6.14) and the fact that ¢t > t* > % Then, by

Lemma 6.7, we have

P(X:#Y;) <E [1Xt¢yt 1Xt/rYt/21Ft1Gt] +P ({Xy2 #Yip} URLUGY)
<E [d (X, Ys) 1Xt/2_yt/21ptlgt} +P ({Xyp 2 Vi) URUG)

< E |ds (Xij21h(t,n): Yes2rh(en) 1xt/2zn/21Ft16t}
+P({ X2 =Yipo} N (FrUGH)) +P(Xyy2 # Yipo) - (6.15)
On the event that X/, = Y;/9, we have X, =Y, for all r» > %t, so ds (X1, Y;) < o0

Moreover, by time %t, we are running a swap coupling of the lengths processes Z = (ZT)T20
and W = (W;.),~ defined by Z, := X, /54, and W, := Y} 5., whose initial states satisfy

Zy = Wo, HZOHI < cn, HZOHoo S/Bh(tvn) -1, on {Xt/Q EY;S/Q}mthGt
Hence, Lemma 6.14 implies that
E [ds (Xt/2+h(t,n)> Y;f/2+h(t,n)) 1Xt/25Yt/21Ft1Gt:|

<E |:ds (Znit.n) Whitm)) 1zozwo1HZOHlgcnluzouoogﬁh(t,n)q}
< (e 4 2e=n 4 P (B, ), (6.16)

where

2
By = [Vl (Zr) = pil <6 for all 0 < r < h(t,n)}

is an analogue of the event Ej, as defined in Definition 6.11. Note that Z and W are
profile-equivalent for all time, so that w; (Z,) = w; (W) for all r > 0 and ¢ > 1. Also note
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that W is in equilibrium. Hence, (6.13) gives

2
PO%MQSP<g{wamwwa>MMwWNSr<ww@>g%wwﬁ<an>

Regardless of whether %t or eV i smaller, we have
e~ Bh(t:n) < 6_%& + e*eXP(m\/ﬁ) < e 2mst 4 6—2775\/5’

whence (6.16) and (6.17) give

E |:d8 (Xt/2+h(t,n)7 Y;S/Q—&-h(t,n)) ]-Xt/QEYt/Q]-Ft 1g,
<n (e*ﬁh(t’”) +2e P 4 467771\/ﬁ>

< ne 25t 4 Tpe= 2V, (6.18)

Note that t > t* > %, so the constants 7o = 12 (¢) > 0 and 73 > 0 given by Lemma 2.5
satisfy

P ({Xi2 = Y2} N (FUG)) <P ({ Xy = Yiga} 0 {[|Xppal|, > en})
+P ({Xy2 = Yip} 0 {||Xipll, > 386 -1})
<P ([[Yipall, > en) + P (%ol > $6¢)

<e P4 ne_%mﬁt, (6.19)
and the constant 174 = 14 (¢) > 0 given by Theorem 3.14 satisfies
P (Xyp # Yij) < me 3™ 4270 4P (| Xo|l, > en) + P (|| Xoll, > smat) . (6.20)
Hence, by (6.15) and (6.18)-(6.20), we have

P (X; # Y:) < ne 2t 4 Tpe 2BV 4 g7mn ne~ a7t
+ ne~ 374t +2e M+ P (|| Xo|l; > cn) + P (”X0||oo > %77415)
< 3ne” 2t 4 (Tn+3) e 2PV L P (|| Xo|l; > en) + P (|| Xollo, > 2nst) -

Now 3 < e (since t > t*) and 7n + 3 < 2eV" (by (6.14)), so
P (X¢ #Y) <ne ™ +2e7V 4 P (|| Xoll; > en) + P (|| Xol|o > n5t) -

Hence the result follows if n < ns. O

Theorem 1.1 then follows from (1.12) and Theorem 6.15.
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Chapter 7
Maximum queue length

In this chapter, we will analyse the equilibrium behaviour of the maximum queue length
function |[-|| ., and then prove Theorem 1.2. This chapter is based on Chapter 7 of [10] by
Luczak and McDiarmid.

Recall that in Section 1.2, we defined sequences (a;);-, and (b;);=, by setting ag =

b() =1 and
adbi_

B 1—-d (ai,l — ai) af_l

— )9 .
g = )\ai_lbi,l, bl .

9

for all ¢ > 1. We also let

Sk : ; . ln2n . 1 2 1
tpi=minqi>1:q; < Nk a:=d+5+/d*+ 7.

Also recall that wu; (z) gives the proportion of queues in = € Q,, of length at least i > 0,

and that v (x) gives the length of the memory queue in x.

7.1 Equilibrium behaviour

In this section, we will prove Theorem 1.2. This result is analogous to Theorem 1.3 in
[10] by Luczak and McDiarmid, which showed two-point concentration of the equilibrium
maximum queue length. Here, we will show this by observing that in equilibrium, it is
both unlikely for any single queue to be very long, and unlikely for the memory queue to

be very long.

Lemma 7.1. There exists c; > 0 such that the following holds. Let n > 1, and let X have
the equilibrium distribution for the lengths process. Fori > 1, let v; :=E [L;(X)zi]- Then

z
< c1 In%n In’n
Viitz=1 = | [min(d/2,1) | pd/(2a)’

for all z > 1.

Proof. Since the left-hand side is bounded by 1 and ¢; > 0 may be arbitrarily large, it

suffices to show the result for all sufficiently large n.
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Let X be in equilibrium, and let k1 denote the constant given by Lemma 5.10. Let

2k In%n
E = i (Xy) —ai| < ———
{SEII)‘UZ( )~ adl Vn

so that Lemma 5.10 (with z = 2k; and r = 1) gives 7 > 0 such that

forallogtgn},

P (E) < 2e7M ", (7.1)

Now let us consider X at the first event time T" > 0. For i > 1, let A; denote the event
that T is an arrival where the customer selects only queues of length at least i. Let M
denote the event that T is an arrival where the customer selects the memory queue, and

let D denote the event that T is a potential departure. Then

{v(X7) > i} € {v(Xp-) >0} N A;]
Ul (Xr ) =i—1}0 (A UM)Ul{o (Xr ) > Y0 D). (7.2)

To see the first two terms in (7.2), note that if 7" is an arrival, then a necessary condition
for v (X7) > i is that v (X7_) > i—1. In particular, if v (X7_) > 4, then as the candidates
list necessarily contains only queues of length at least i—1, we deduce that A;_1 occurs. On
the other hand, if v (X7_) =i — 1, then as the candidates list necessarily has the memory
queue as its unique shortest queue, we deduce that A; U M occurs. To see the third term,
note that if 7" is a potential departure, then a necessary condition for v (X7) > i is that
v (X7—) > 4. Thus (7.2) holds.

Let C' denote the event that T is an arrival where the customer selects only queues

from the longest 21% of the queues. Then
A gNEN{T <n}CC (7.3)

for all ¢ > 4y, if n is sufficiently large. To see this inequality, note that the proportion of

queues of length at least ¢ — 1 immediately before T satisfies

2ki In%n 1
\/ﬁ — 9l/d’

for all ¢ > 4%, if n is sufficiently large (using the fact that (a;);°, is decreasing, by Lemma

wi—1 (X7—) < w1 (X7-) < a1 +

on EN{T <n},

5.5). Similarly, let C” denote the event that 7" is an arrival where the customer selects from
only the longest % of the queues, where ko := 2k + 1. Then

ANEN{T <n}C(C, (7.4)

for all ¢ > ¢}, since

2k1In’n  keln’n

VIV

Now let us apply the inequalities (7.1)-(7.4). Taking probabilities in (7.2), and noting

Uj; (XT_) < U (XT_) < Qx + on KN {T < ’I’L}
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that T is the first event time, we have

v; =P (v (Xrp) >1)

<P{{v(Xro) > i} NnAiiNEN{T <n})
+P{v(Xpo)=i—1}NnANEN{T <n})
+P{v(Xr_)=i—-1}NM)+P({v(Xp-) >i}ND)+P(E)+P (T >n).
By (7.1), (7.3), (7.4) and the fact that T is an exponential random variable with rate
(A+1)n, we have

v <P({v(Xr-) >i}NC)+P ({v(Xpo) >i—1}NnC")
+P({v(Xr_)>i—1}NM)+P({v(Xr-) >i}ND)+ 9e~nn?n | o= n?

for all ¢ > ¢¥, if n is sufficiently large. The events C', C', M and D are all independent

ns

from events of the form {v (X7_) > k}, where k > 0. To see this inequality, for C say, we

may use the Tower Rule to argue that

P({v(Xr-) 2k} NC) =E [E [Lyxp )>rlc | Fr-]]
=E [L,x, y>4E [1c | Fr-]] = wP (C).

Let k3 := 2 (k§ 4+ d) and 8 := min (g, A + 1), then

A 1 d+ ko In% d+ dl, 1 1N e,
Vi Vi Vi Vi—1— — Vit -o——e
P |\ o I\ i Tl T A1 T 20+
A1 ks In??n 1 D NP
< ) 4 4 Bln"n
ST |20 g pmm@zn Y T a1 T e 1© ’

for all ¢+ > ¢}, if n is sufficiently large. Hence

2d
k?) ].n n _6 1112 n
?

Vi > pmin(d/2,1) Vi-ite

for all ¢+ > ¢}, if n is sufficiently large. By induction, we have
kig ln2d n —BIn2
Vis4z-1 < <nm1n(d/2,1) Vix_1 + ze Bln”n (7.5)

for all z > 1, if n is sufficiently large.
Now let us bound v;x 1. Let k4 > 1 denote the constant given by Lemma 5.7, so that
aif | < kaa; for all ¢ > 1. Then
QkZ/a In2%/ p,
nd/(2a) ’

d ,
age _1biz—2

IN

b’i;‘l—l = < 2@?;71 < 2 (k4ai;)d/a

1—d(ai—2 —ag—1) af )

if n is sufficiently large. Let ks > 0 denote the constant given by Lemma 5.9, then let
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ke := Qkff/a + k5. This gives

ksIn?n _ k¢ln’n

Vig 1 < bpx 1+ NIRRTk (7.6)
if n is sufficiently large.
Hence, by (7.5) and (7.6), we have
k31n?ln : ke In? n —BIn%n
Vig+2-1 < (nmin(d/2,1)> 4]y T A€ g
if n is sufficiently large. The lemma easily follows. O

We will say that a customer is new if he/she arrived after time 0, and nitial otherwise.
The following lemma says that, with high probability, every customer in the system after

a long period of time is new.

Lemma 7.2. There exists n > 0 such that the following holds. Let n > 1, and let X be in

equilibrium. Fort > 0, let Ny denote the event that every customer at time t is new. Then
P (ﬁt) < 3ne ™

for allt > 0.

Remark. This proof is essentially the same as the proof of Lemma 7.2 in [10], the analogous
result for the standard supermarket model. The only difference is that here we use the
results for the equilibrium distribution for the supermarket model with memory instead of

Markov’s inequality.

Proof. Since the left-hand side is bounded by 1 and 1 > 0 may be arbitrarily small, it
suffices to show the result for all sufficiently large ¢.
Let t > 2, so that k := L%tJ > it. By Lemma 2.5, there exists 11 > 0 such that

P (N) <P (N0 {| Xollo < k3) + P ([ Xollo > k)
<nP (Po(t) < 3t) +ne Mk,

To see this inequality, note that if some queue still has an initial customer at time ¢, then
this queue has at most k departures over [0,¢]. There are n choices of such a queue, and
the number of potential departures from any given queue in an interval of length ¢ is Po (¢).

Let  := min (1—12, %171), then Lemma 1.4 gives
P (ﬁt) < Ine~ st + ne~amt < 3ne M.

O

Now we will bound the probability that the equilibrium maximum queue length is at
most iy, — 2, and at least i + z for all z > 1. This will immediately imply two-point

concentration on the values 4;, — 1 and i,.
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Lemma 7.3. There exist n > 0 and ca > 0 such that the following holds. Let n > 1, and
let X have the equilibrium distribution for the lengths process. Then

P(|IX ], <ip—2) < 2e7700,

z
» caIn®n In**1p
P(|X]lo 2 n +2) < <nmin(d/2,l)> nd/2+d/(2a)—1’

for all z> 1.

Proof. Let X be in equilibrium, and let k; denote the constant given by Lemma 5.10. Let

2k1 In?
E = {sup lui (X3) — ai] < ST for all 0 <t< n2} ,
i>1 NG

so that Lemma 5.10 (with z = 2k; and r = 2) gives 7 > 0 such that
P (E) < 2e7 ", (7.7)
For the first inequality, let us consider X at any time 0 < t < n?. Then

P (| Xtlloo <~ 2) < P (w1 (Xe) = 0)

In%n
P <‘uzn1 (Xi) — ag—1| > T >

IN

IN

P (E) < 2¢77°7,

For the second inequality, let us consider X at time In?n. First note that since the
left-hand side is bounded by 1 and ¢y > 0 may be arbitrarily large, it suffices to show the
result for all sufficiently large n.

Let N denote the event that every customer at time In? n is new. By Lemma 7.2, there
exists v > 0 such that

P (N) < 3ne ™", (7.8)

Let m := [2 A+1) nIn? n] For i,z > 1, let A; . denote the event that T; is an arrival
where the customer joins a queue of length % + z — 1 (hence making it a queue of length
ir. + z). Then

1 X120l =ik + 23 AN { Ty > 10?0} C| | AL (7.9)
In“nlloco )
=1

To see this inequality, note that if at time Inn, there is a queue of length at least i+ z
consisting entirely of new customers, and if there have been at most m events by time
In%n, then at least one of Ti,..., Ty, is an arrival where the customer joins a queue of
length 47 + z. Thus (7.9) holds.

For ¢ > 1, let B; denote the event that T; is an arrival where the customer selects only

queues of length at least iy. Then

Ai,z - {1) (XTi_) > Z;kl + 2z — 1} N B;, (7.10)
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for all 4,z > 1. To see this inequality, note that a necessary condition for A; . is that the
candidates list only contains queues of length at least i) + 2z — 1.
For ¢ > 1, let C; denote the event that T; is an arrival where the customer selects only

queues from the longest % of the queues, where ks := 2k; + 1. Then
BNEN{T, <n’} CC, (7.11)

for all # > 1. To see this inequality, note that the proportion of queues of length at least

iy immediately before T; satisfies

2kiIn’n  koln’n

NN

Now let us apply the inequalities (7.7)-(7.11). Taking probabilities in (7.9), we have

uiy (X1,—) < agg, + ., on EN{T; <n?}.

P (| X2l =in+2) SP({I X2l =i+ 2} NENNN{In*n < Thyy <n})
+P(E)+P (N)+P (T <In*n) + P (Thny1 >n?),

for all z > 1. By (7.7)-(7.9) and the fact that the number of events in [0, t] is Po (A + 1) nt),

we have

m

P (HXln2n||oo Z Z;':L +Z) S ]P) (U (AZ',Z ﬁEﬂ {j—‘l S n2})> + 26_771n2n +3n6—’yln2n
=1

+P (Po((A+1)nln®n) >m) +P (Po((A+1)n®) <m),
for all > 1. By (7.10) and Lemma 1.4 (once with (e, u) = (1,(A+1)nln®n) and once
with (e, 1) = (3, (A + 1)n?)), we have

m
P (| Xp2nlle > in+2) <D P ({v(Xp-) 2 i+ 2 - 1}NBNEN{T; <n’})
=1
+2€—nln2n+3ne—'yln2n+26—%(A+1)nln2n+26—ﬁ(>\+1)n3’

for all z > 1, if n is sufficiently large. Let 3 := min (77,7, % A+ 1)), then (7.11) gives

m
P (HXln2n||oo > Z:;, + Z) < ZP ({’U (XTZ'—) > 7,:; + 2z — 1} N Cz) + 9n8_61n2n,

=1

for all z > 1, if n is sufficiently large. The event Cj; is independent from {v (X7,_) > ¢} + z — 1},

since we may use the Tower Rule to argue that

P({v(Xr,-) 2 i+ 2= 1}NC) =E [E [1,x, y5i0poales | Fric]]

= [%(XT,)zz‘mz_lE [1c | FTi*]:| = Vig+21P (G) .-
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By Lemma 7.1, there exists ¢; > 0 such that

d
. k:glnzn _31n2
P ([ X2 plloe > 5 + 2) < Mg 42 ( 7 ) + 9ne A

z
< 8nln’n ( c11n??n ) In?n ] ko In%dn +9ne_ﬁln2”,

nmin(d/2,1) nd/(2a) nd/2

for all z > 1, if n is sufficiently large. The second inequality in the statement of the lemma

easily follows. O
Theorem 1.2 then follows from Lemma 7.3.

Proof of Theorem 1.2. Since the left-hand side is bounded by 1 and ¢ > 0 may be arbit-
rarily large, it suffices to show the result for all sufficiently large n.

Let n > 0 and ¢z > 0 denote the constants given by Lemma 7.3. Taking z = 1 gives

P ([ Xl # in =1 orin) <P (Xl <ip = 2) + P ([ X > in +1)

Co In%¢n ) In2d+4

—nin?n
< 2 + (nmin(d/Q,l) nd/2+d](2a)—1"

if n is sufficiently large. The theorem easily follows. O

7.2 Long-term behaviour

In this section, we will show that the equilibrium maximum queue length is concentrated

around hféil;” for long periods of time. We will show that ¢ = hl‘é‘;” + O (1), as claimed

in Section 1.2. The calculation is given in full detail for the sake of completeness, but is

routine and easy.

Lemma 7.4. There exist cs > 0 and n* > 1 such that the following holds. Let n > n*,

then
. Inlnn
iy —

S C3.

In o

Proof. Throughout this proof, we will write ¢ = ¢}, for brevity. By Lemma 5.8, there exist
0 <o <7 < 1 such that

In’n
vn

We will assume, without loss of generality, that 0 < ¢ < 1 is sufficiently small so that
Inlno=* > 0, and that 0 < 7 < 1 is sufficiently large so that Inln7-2/® < 0. Thus

i—1

Uai <a; < <ai_1<T1¢ (7.12)

max (ln Inc™4, —Inln T’Q/O‘)
c3 = no > 0.

Now, taking logarithms in (7.12) gives

a'lno < 2Inlnn — %lnn <o tnr,
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and thus

a'lno < —%lnn, o tinr > —%lnn,

if n* is sufficiently large. Rearranging gives

|
Inr—2/e < 21 o Ino 4,
al
and thus
—c3lna < Inln7 %% <Inlnn—ilna < lnlno* < czlna,
if n* is sufficiently large. The result follows. O

Now we will need the following result which extends bounds on the maximum queue

length from instants to polynomial periods of time.

Lemma 7.5. Let n > 1, and let X be in equilibrium. Then

1
Pl U (1%l <h ssn’”“(ﬂwuxuoosw>+l), (7.13)
0<t<n” n
1
P U 0% k0| <302 (POXI 2 0+ o ). (7.14)
0<t<nm

for allk,1 >0 and r > 0.

Remark. This proof is similar to the proof of Lemma 7.1 in [10], the analogous result for the
standard supermarket model. The only difference is that here we use potential departures

instead of arrivals.

Proof. For t,h > 0, let
Mt,h = {HXtHoo < h}7 Lt,h = {HXtHoo 2 h} :

Consider covering the interval [0, n"] with sub-intervals of length § = %; clearly m :=

[n”“_‘ such sub-intervals will cover [0,n"]. For ¢ > 0, let ¢; := id, then

Pl | M| <D P (M) +mnP (Po(6) >1).

0<t<n" =0

To see the last term in this inequality, suppose that My, x4; holds for all end-points t;.
Then there exists a sub-interval Z, := [t,_1,t,) containing ¢. Since m and M,y
hold, we deduce that over Z, the maximum queue length decreases by more than [, and
thus over Z,, we have more than [ potential departures from a specified queue (with n
choices for such a queue). However, the number of potential departures from a specified

queue over Z,., an interval of length ¢, is Poisson with mean n - % -0 =46. Now

P (Po (s N e 676(52' _ o 61_ 5l+1 B 1 _ 1
ENUINID SESLED P R Y
1=[+1 1=l+1 n
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SO

1
Pl | My gn(m+1)<IP’(HX]OO§k:+l)+nl>

0<t<n"

1
< 3p"t? (IP’ (I X <k+1)+ nl> .

Similarly, we may write
m
P U Liju | < ZP (L, k) + mnP (Po (6) > 1).
0<t<n" i=0
By arguing as above, the result follows. O

Now we will show that the maximum queue length is concentrated around hﬁ% for

long periods of time.

Theorem 7.6. Let r > 0. Then there exists ¢ = c(r) > 0 such that the following holds.
Let n > 1, and let X be in equilibrium. Then

Inlnn

P ([l -

n"’

c
>cf0rsom60§t§n’")§

Proof. Since the left-hand side is bounded by 1 and ¢ > 0 may be arbitrarily large, it
suffices to show the result for all sufficiently large n.

Let c3 > 0 denote the constant given by Lemma 7.4, so that

Inlnn

*
2% < cs,

Ina
if n is sufficiently large. Let § := %min (%d, 1), then let

z=2z(r):= [27“;_3-‘ +1, c=c(r):=c3+2z+2.

For brevity, let

Inlnn

E, = {’HXt\oo T o

>cf0rsomeO<t<nr}.

If E, holds, then there exists 0 < ¢ < n" such that

Inlnn Inlnn .
| X¢lloo < o —c= o —c3—22—-2<i;, —z—2,
o Inl Inl
nlnn nlnn
X = 22 42> if 4+ 2z2.
H tHOO> ha +c ho +ce3+22+2 >0, +22

Hence, by (7.13) (with k =4} — 2z —2 and [ = 2) and (7.14) (with k =i} + z and | = 2),

*
n
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we have

P(E)<P| |J {IXllo<in—2-20 ) +P| |J {IXello =45 +22}

0<t<n" 0<t<n"

. 1 . 1
<304 (PN < -2+ o ) #3072 (PO 2 it 4 2) + )

Let n > 0 and ¢o > 0 denote the constants given by Lemma 7.3. Since z > 2, we may use
(1.4) to write

2d, \ * 1 Ad+4 a1 4d+4
. co In““n coIn n 1 coIn n 1
P ([ X[l = in +2) < ( oY ) 20+ d/24d](2a)—1 (nzs —dj@a) = D)

if n is sufficiently large. Hence

1 1 1
P(E,) < 3n" 2 <2e”1“2" - Z) + 3n" 12 < - ) .
n

nd(z—1) n?
4 12n7+2
r+2
< 3n <n5(zl)> < n2r+3

IN

1
n’

if n is sufficiently large. O
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Chapter 8
Further i1deas

We have investigated the supermarket model with memory. We have shown that the
system is rapidly mixing. That is, with reasonable initial conditions, the convergence to
equilibrium is very fast. We have also shown that with probability tending to 1 as n — oo,
the maximum queue length in equilibrium is concentrated on two consecutive values which
are B2 4 O (1), where o :=d + 3 + /d? + 1.

A desired result, which has an analogue for the standard supermarket model in [10] by
Luczak and McDiarmid, is that the upper bounds on the mixing times in Theorem 1.1 are
of the right order. That is, we wish to show that there exists ¢ > 0 such that if ¢ < clnn,
then

dry (£ (X;),I0) = 1 — ¢~ 2(n*n),

The analogous result is shown by using the fact that the proportion of non-empty queues
in a system is close to its mean. For a standard lengths process in equilibrium, this mean
is A, whilst for a standard lengths process started from the empty state 0 € Z’}, this mean
is at most A — ¢ at a time ¢ < clnn. Hence, the two distributions are far apart at such
a time. Our analysis would take us through (5.7) and (5.8), but we have been unable to
complete this.

A further line of investigation could be the generalised supermarket model with memory
where the memory saves a set of m > 1 queues, rather than just m = 1. It is unclear which
parts of our arguments will easily extend to such a model, though we suspect that the

random walk lemmas of Section 2.3 will need generalising.
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