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Abstract. We study a d-dimensional random walk with exponentially distributed increments con-
ditioned so that the components stay ordered (in the sense of Doob). We find explicitly a positive
harmonic function h for the killed process and then construct an ordered process using Doob’s
h-transform. Since these random walks are not nearest-neighbour, the harmonic function is not
the Vandermonde determinant. The ordered process is related to the departure process of M/M/1
queues in tandem. We find asymptotics for the tail probabilities of the time until the components
in exponential random walks become disordered and a local limit theorem. We find the distribution
of the processes of smallest and largest particles as Fredholm determinants.

1. Introduction

Random walks in Weyl chambers have many connections. In random matrix theory, the eigen-
values of a Brownian motion on the space of complex Hermitian matrices evolve as a non-colliding
system of Brownian motions called Dyson Brownian motion, while certain non-colliding random
walks are related to orthogonal polynomial ensembles, Konig (2005). The analysis of many inter-
acting particle systems in the Kardar-Parisi-Zhang (KPZ) universality class involves the construction
of processes on Gelfand-Tsetlin patterns where the bottom layer is a process in a Weyl chamber,
eg. Borodin et al. (2007); Johansson (2000); Warren (2007). Furthermore there are connections to
tandem queueing networks Glynn and Whitt (1991); O’Connell and Yor (2002) which we discuss in
Appendix B.2. A variety of physical phenomena are modelled by ordered random walks in Fisher
(1984).

Nearest-neighbour d-dimensional random walks with zero mean which are conditioned so that
the components stay ordered for all time (in the sense of Doob) are well understood. The Karlin-
McGregor formula gives the transition density in the form of a determinant and the Vandermonde
determinant is a harmonic function for the random walk killed when the components become disor-
dered. There has been recent progress when the jumps are no longer nearest-neighbour based around
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using Brownian approximations, for example Denisov and Wachtel (2010); Eichelsbacher and Konig
(2008). This has led to generalisations to different Weyl chambers, random walks in cones Denisov
and Wachtel (2015) and integrated random walks. In general, the harmonic functions are more
complicated and explicit calculations are not possible.

In the analysis of last passage percolation an important role is played by an h-transform of a
d-dimensional random walk with exponential increments killed when it fails to interlace with its
position at the previous time step. This is the output process of applying the Robinson-Schensted-
Knuth (RSK) correspondence to last passage percolation with exponential data. The largest particle
in the h-transformed process satisfies a number of process-level identities with sequences of last
passage percolation times Johansson (2000), the sequence of departure times from the last queue
in a tandem queueing network (see Appendix B.2) and the largest eigenvalues of a sequence of
minors of the Laguerre Unitary Ensemble Borodin and Péché (2008); Dieker and Warren (2009).
This process is a random walk conditioned to satisfy an interlacing rather than ordering condition.
When started from zero there is an exact coupling that relates the two types of conditioning (see
O’'Connell (2003) or Section 2.3 and Appendix B.1). For general starting positions the relationship
is more complicated.

In this paper, we analyse certain stopping times and h-transforms of d-dimensional random walks
with exponential increments. This connects the example above, arising in the study of last passage
percolation, with the general theory of ordered random walks. Moreover, this provides an example
of an ordered random walk where the increment distribution is not nearest-neighbour but where
explicit calculations are still possible.

Let (Xij)i>1,1<j<a be independent exponential random variables with rates A; > 0. Let wd =
{(z1,...,2q) € RY: 21 < 29 < ... < 24} denote the Weyl chamber. We define a d-dimensional
random walk (S(n))n>0 = (S1(n), ..., S4(n))n>o started from S(0) = 20 = (29,...,29) € W by
Sj(n) = x?—i—Z?:l X;jforn>1landj=1,...,d. Vectorsa = (ay,...,aq) and b= (by,...,bg) € W4
interlace written as a < bif a1 < by < ... <ag < by. We can define two stopping times:

p:=inf{n >1:S5n—-1) £ Sn)}

7 :=1inf{n >1:S5(n) ¢ W
In the case A\; > ... > Ay, it is easy to construct (S(n)),>0 conditioned on {p = 0o} or {7 = oo} as
these events have non-zero probability of occurring. For equal rates A\ = ... = Ay = 1, a natural

approach is to construct Doob h-transforms which requires finding strictly positive functions h on

int(W?) and h on W9 such that

Eo[H(S())1gps1y) = blx), @ € int(WY)
Ew[h<s(1))1{7>l}] =h(z), =€ we.

The reason that we define h and h on int(W%) and W9 respectively is due to their interpretation

as Doob h-transforms, see Appendix A. A solution is given for distinct rates by h(z1,...,zq) =
eXiaa ’\izidet(e_’\”f)gjzl which is strictly positive on int(W?) if Ay > ... > Az and for equal rates

by bh(z) = A(x) where

1<i<j<d

denotes the Vandermonde determinant throughout the paper. This corresponds to the fact that the
output process of the RSK correspondence applied to exponential data is an honest Markov chain,
for example see O’Connell (2003). Our first result is that a harmonic function for (S(n)),>o killed
when 7 occurs can be given as follows.
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In the case A\ = ... = A\g = A > 0, let 91 := 0 and for j = 2,...,d let n; be a sequence of
independent Gamma(j — 1, A) random variables. We define

h(zi,...,zq) = E[A(x1 +m,...,2q+n4)], x=(z1,...,2q) € we.

For distinct A, ..., \q and z = (x1,...,24) € W%, we define
d i—i o

hxy, ... xq) = e>i=t AiTidet (N} ]e_Almﬂ)gjzl.

We will only specify the dependency on the rates as h(A--Ad)

in the exponential random variables.

Theorem 1.1. In the case A\1 = ... = g =X > 0 and A\y > ... > A\g then h defined above is a
solution to Bx[h(S(1))1;>1y) = h(x) satisfying h(z) > 0 for all z € W*.

In the case of equal drifts, this can be compared to the less explicit but more general formula for
such a harmonic function from Denisov and Wachtel (2010); Eichelsbacher and Konig (2008),

h(z) = A(z) — E-(A(S(7)))-

The disadvantage of this formula is that E;(A(S(7))) is unknown. In Denisov and Wachtel (2010);
Eichelsbacher and Konig (2008) it was shown from such a formula that h(z) ~ A(z) as z;41—x; — 00
for each ¢ = 1,...,d — 1 and this is sufficient to prove weak convergence of ordered random walks
to Dyson Brownian motion with d fixed. Nevertheless there are interesting questions about ordered
random walks which require a more detailed understanding of h. One example is where d is allowed
to grow with n, a problem of significant interest in understanding universality within the KPZ class.
The new formula in Theorem 1.1 is helpful in such questions, for example it leads to a Fredholm
determinant formula in Theorem 1.4 that could be used to understand process-level asymptotic
behaviour in various regimes.

The tail asymptotics of P(7 > n) and P(p > n) are given in terms of these harmonic functions as
follows. For sequences (ap)n>1 and (by)p>1 we write a(n) ~ b(n) if a(n)/b(n) — 1 as n — co. We
define

when they differ from the rates used

~

h(z1,...,xq) = h(—xq,...,—21), T€ we.
Theorem 1.2.
(i) If \y > ... > A\ then

P,(7 = o0) = h(z), =€ W<

(i) If \y = ... = X\g = X\ > 0 then uniformly for x € W% and x € int(W?) respectively with
xq —x1 = o(y/n),

P, (7 > n) ~ XA D 2p(g)p=dd=D/1 -y 5 o
Po(p > n) ~ XAUED2ZA(g)p=dd=0/4 0y 5 oo
with
I rG/?)
w2 1921 51
(ii3) Suppose A\ < ... < Ag and let X = Z?:l Aj/d and X* = (]_[f:1 )Y Uniformly for x € W@
and z € in(W?) respectively with x4 — 1 = o(y/n)
Py(7 > n) ~ Kkn_ae_mezgﬁ(Ai_j‘)"”ih(j‘"“’j‘) (), n— o
P.(p >n) ~ C')\n*ae*mezgzl(/\F;‘)xiA(m), n — oo

where v = dlog(A/A*) > 0 and a = % and the constant factors Ky and C) are defined
in Equations (4.13) and (4.14).
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With equal drifts, tail asymptotics have been considered in Denisov and Wachtel (2010); Eichels-
bacher and Konig (2008) and in works which require some smoothness on the cone Denisov and
Wachtel (2021). The theorem above extends existing results in various ways: considering different
drifts, p along with 7 and uniformity in the starting positions. We also prove local limit theorems
in Section 4 and believe that our arguments could be extended to give some information about
next order terms in the asymptotic expansion. For completeness, it is known O’Connell (2003) that
P.(p = o0) = h(z) for € int(W4).

A step in the proof of its own interest is that we find an explicit transition density for the random
walk killed at 7 in the form of a determinant. This is not a consequence of the Karlin-McGregor
formula since the jumps are not nearest-neighbour and the functions appearing in the matrix have
a dependency on the rows and columns in the matrix.

Proposition 1.3. For z,z € W¢,

d
P,(S(n) € dz,7 > n) = H e Egzl)‘j(zj_xj)det(qn+i_j(Zj - mi))gjzldz
j=1

where qp(x) = ﬁm”fll{gbo} forn>1 and g, =0 forn <O0.

In the proof of Theorem 1.2, case (i) can be analysed directly. For case (ii) we use a formula-
tion for the exit probability as a Pfaffian. The use of Pfaffians in this context is related to their
appearance in plane partitions Stembridge (1990), exit times from finite reflection groups Doumerc
and O’Connell (2005) and coalescing and annihilating particle systems FitzGerald et al. (2022);
Tribe and Zaboronski (2011). For case (iii) we first prove a local limit theorem in the case of equal
rates in Theorem 4.4 and then apply a change of measure. We believe that it is possible to obtain
tail asymptotics for all cases (Aq,...,Aq) € R? by combining the methods used here with those in
Puchata and Rolski (2008). This would require introducing the notion of a stable partition and we
do not pursue this here.

In the case Ay > ... > Agand \; = ... = Ay = X\ we define an ordered exponential random walk
(Z(n))n>0 = (Z1(n), ..., Zg(n))n>0 as a Doob h-transform of (S(n)),>o killed when 7 occurs using
the harmonic function from Theorem 1.1. We give a description of this construction in Appendix A.

When an ordered exponential random walk is started from zero then the largest particle satisfies
several process level identities. We summarise some identities and their proofs in Appendix B. One
example involves last passage percolation times. Let (e;)i>1,1<j<q be an independent collection of
exponential random variables with rates A; > 0. We define last passage percolation times for n > 1

and 1 <k <d by L(0,k) =0 and
L(n,k) = max Z eij

well(n,k)

(i,4)em
where II(n, k) is the collection of up-right paths from the point (1,1) to the point (n, k). Then
d
(Za(n))n=0 = (L(n,d))n>o0- (1.1)

The proofs of various identities of a similar form to (1.1) often involve the construction of a process
on a Gelfand-Tsetlin pattern where the bottom layer is a process satisfying an interlacing condition.
In Appendix B we show that there are also natural processes on Gelfand-Tsetlin patterns where the
bottom layer satisfies an ordering condition.

When (Z(n))n>0 is not started from zero the identity (1.1) no longer holds. Our next result
shows that for general initial conditions the distribution of the processes of the largest and smallest
particles can be described by a Fredholm determinant. Let f, be the probability density function
of a Gamma(n, 1) random variable.
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Theorem 1.4. Let Z1(0) = z1,...,2Z4(0) = xq and \y = ... = A\g = 1. Let A be an invertible
matriz with entries given for k,l=1,...,d by

A = / Foain(z = wi)2 7 dz = B((2g + noarr) )
Tk

where n; ~ Gamma(j — 1,1). If ny > d — 1, the largest particle satisfies
Px(Zd(nl) <&y, Zd(nm) < fm) = det(I - XﬁKxﬁ)lz({nh-..nk}xN

where Xe(nj,y) = lyyse¢,;y and the extended kernel K is given by
K(’Tli, Y; nj? Z) = _fnj—ni (Z - y)1{1<]}

d o0
+ > / Frm—ni(w = y)u* " du(A™ g fr; —ari(z — @1).

kl=1"Y

Let B be an invertible matrix with entries given for k,l=1,...,d by
[e.e]
By = / fo1sw(z — ap) 2 7z = E((wk + ne140)' ).
Tk,

If nyy — N1 > d — 1 then the smallest particle satisfies

P$(Zl(n1) > €17 ceey Zl(nm) > §m) = det(I - XﬁKX§)l2({n1,...nk}><N

where X¢(nj,y) = lyy<e,y and the extended kernel K is given by
K<ni7 Y1y, Z) - _fnj—ni<z - y)l{i<j}

d 0o
+ > / Frm—ni(w =) du(B™ g fr;—111(2 — ).

kil=1"Y

The distribution of the conditioned process can be expressed in terms of the harmonic function
in Theorem 1.1 and the transition density in Proposition 1.3. However, the usual route to obtain a
Fredholm determinant by the Eynard-Mehta theorem does not apply since neither are in the right
form as determinants. The main idea to circumvent this difficulty is that the harmonic function in
Theorem 1.1 and transition density in Proposition 1.3 both have expressions as determinants where
the functions appearing in the matrix satisfy derivative and integral relations. This is more remi-
niscent of the study of interacting particle systems with local interactions in the KPZ universality
class, eg. Borodin and Ferrari (2014); Schiitz (1997); Warren (2007) and it is surprising to see this
idea appear in ordered random walks.

The rest of the paper is structured as follows. In Section 2 we prove Theorem 1.1 along with
further properties of the harmonic function. In Section 3 we give an expression for the transition
density of exponential random walks killed when 7 occurs and prove uniform bounds. In Section 4
we prove Theorem 1.2 along with local limit theorems. In Section 5 we prove Theorem 1.4. In
Appendix A we give a brief recap on Doob h-transforms. In Appendix B we consider the connections
between ordered exponential random walks, last passage percolation, tandem queueing networks and
push-block dynamics.
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2. Harmonic functions

2.1. Proof of Theorem 1.1. Suppose that h solves E;[h(S(1))1{7>1}] = h(x). The defining equation
for h can be written as

d 00 Tqg—Tq—1+aq r2—x1+a2
)= [N / dad/ dad_l.../ day
=1 0 0 0

y <e— T Nh (2 + an,. g+ ad)> '

After a substitution by = 1 + a1, ...,bq = x4 + a4 then h solves
d ) ba b d
hiz) = [N / dbd/ dbg_1 -- / dbyei=1 M@= p(py L by).
j=1 Zq Td—1 x1
Letting g(x1,...,x4) := €~ i NiTih(zy, ..., 24) we can rewrite this as
d 0o ba b2
g@) = [T / dbd/ dbg_1 - - / dbig(by, ... ba). (2.1)
j=1 g Tq—1 z1
Differentiating with respect to x1,xo,...,xq we obtain that g satisfies the differential equation

d
Goragy = (—1)d<H)\j>g(x1,...,xd) (2.2)

along with the boundary conditions

, Td = Tq—1 (2.3)

guy () =0, x9=x.

We can also formulate the above as the following equation for h:

<)\1[ - 8‘;) o <)\dl - ;{M) h(z) = ( f[ Aj> h(z) (2.4)

with boundary conditions
)\dh({B)
/\d, 1 h({B)

= hg (), xq=T4-1 (2.5)
- ha?d_l(x)u xd*l - xd*?
Aoh(x) = hyy(x), 2 = 27.

Direct substitution shows that if g or h satisfies the partial differential equations and boundary
condition above then they solve (2.1).

Proof of Theorem 1.1: Let Ay > ... > Agq. By differentiating the Leibniz formula for the determi-
nant, g(z) = det(\; Je=%i)¢._ solves

7 1,7=1
d
9zizo..xqy = (_1)d ( H Aj) g.
j=1
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To show the boundary condition (2.3) note that for j > 2 the j-th and (j — 1)-th columns of gz, are
equal up to a sign on {z; = xj_1}. This proves Theorem 1.1 for distinct rates apart from the strict
positivity which we defer to Lemma 2.3. This expresses h as an expectation over a strictly positive
random variable.

Consider now the case of equal rates A1 = ... = Ay = A > 0. We set A = 1 and can recover the
general case by scaling. Our plan is to verify (2.4) and boundary conditions (2.3).

To verify (2.4) let L = <I — 8) e (I — 8) and apply I — % to the corresponding row to

or1 0xy

obtain that
1 oo —1 - 2972 (d—-2)293 291 —(d—1)2¢?
LA(z) =1 ¢ . : :
1 xg—1 --- x§72 —(d— 2)x373 xzfl —(d— 1)30372
After applying column operations the right hand side equals A(x). Hence,
Lhy(xz) = LE[A(z1 +m,...,xqg +na)] = E[LA(x1 + 11, ..., 24 + 14)]
= E[A(:Ul +nM1,...,24 + nd)] = hl(x)

This part of the argument works for any choice of n; and we choose independent random variables
n; ~ Gamma(j — 1,1) to satisfy the boundary conditions.

We show the formulation in (2.3). It is convenient to rewrite the expectations over Gamma
random variables as integrals. For j > 2

i— 1 > i— =2  —u+tx;
Bllay + ) = gy [ 0 ey e
— (1) e gl (). (2.6)
Therefore
g1, wg) = det((—1)7 1ol (@))d (2.7)

where the exchange of the determinant and expectation uses the independence of the n;. For j > 2
9z; (%) =0, xj=1xj

since two columns in the matrix are equal and hence the determinant is zero. Therefore (2.3) holds.
Again we defer the positivity of h to Lemma 2.3. O

2.2. Alternative representations for the harmonic function. With equal rates A\1 = ... = A\g = 1
we have three different representations for a strictly positive harmonic function on W satisfying
h(z) = E;[h(S(n));T > n]. Fori > 1let ¢;(x) = 2°"Le % and for j > 1 let gbg]) be the j-th derivative

of ¢; and qﬁg_j)(x) = (-1 [~ (“(;f)f)'_lqﬁl(u)du Here, note that this notation is consistent, that is

%‘bz('_j)(ff) = Cf’l(l_j)(fﬂ). For x € Wd,

hi(z) = Ex[A(x1 + 01,5, @a + 0a)

ha(a) = eX5=1 Pidet(—1)* {7 () 1oy

hs(x) = A(x) — E;[A(S(1))] = li_}rn E.[A(S(n)); T > n].
The two expressions for h3 are equal, see Denisov and Wachtel (2010).

Lemma 2.1. hi(z) = hao(x) for all z € W9,
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Proof: From (2.6) we have
h(w) = eXi= P det((—1) 1ol (@)L, @ e W
Reformulating Lh = h as ¢z 2.0, = (—1)dg($1, ...,xq) we obtain that

gxfflnglmwg—l = g(ml, ce ,$d).

Recall the expression for g in (2.7) and bring the derivatives in z; into the j-th column of the matrix
(as well as redistributing negative signs) to obtain

X5t det(—1) I )iy = et (<170 (@)
Therefore h1 = ho. ]

It can be shown that h; = hs. This relates our work to the general work on ordered random
walks in Denisov and Wachtel (2010); Eichelsbacher and Konig (2008) and cones in Denisov and
Wachtel (2015). We omit a direct proof since it is not needed in our arguments and there are some
tedious details in the proof. Instead the fact that hy = h3 can be observed once Theorem 1.2 is
established by comparing with Theorem 1 in Denisov and Wachtel (2010).

We briefly remark that much of the above also holds for ordered random walks with geometric
increments. For j =1,...,d, let X; ~ Geom(1 — g;) with the convention P(X; = k) = (1 — qj)q;-g
for k € Ny. In this case, the corresponding harmonic function in Theorem 1.1 is given for distinct

rates by
d N d
| | q: “det ai ¢’
el 1 —qi L
J=1

3,j=1

2.3. Coupling between ordered and interlaced random walks. Let (6; 1 < i< j <d) bean
independent collection of exponential random variables such that e} has rate A\; > 0 for all 1 <14 <
j <d. Let (VJZ : 0 < i < j < d) be defined inductively by Vj0 := 0 and V]Z = Vj"*1 + eé.. Let A
denote the event that x; + Vji <wjp1+ Vji+1 forall 1 <i<j<d Let ¥ =(0,V},..., Vdd_l).

We now define two different random walks from the same independent family of exponen-
tial random variables (X;j)i>1,1<j<q With rates A\; > 0. Define a random walk (S(n)),>0 =
(S1(n),...,84(n))n>0 starting from the random initial condition S(0) = =+ ¥ for 1 < j < d
and k > 1 by

S;j(k) = Sj(k — 1) + Xy,

Secondly define a random walk (S(n))n>0 = (S1(n),...,S4(n))n>0 by Sj(0) = x; for j =1,...,d,

Sj(i)=z;+V/for1<i<j<d

Sj(k) =8j(k—1)+ Xj_j41, for 1 <j<d,k>j.
These random walks are related by

Sj(k) = Sj(k 4+ —1).
For any 1 < j < d — 1 the condition that
Sij(k) < Sj1(k—1)
is equivalent to the condition that
Sik+j—1)<Sja(k+j—1).

Therefore the event that (S(n)),>0 started from z; < ... < x4 is ordered for all time is equivalent
to the event that A holds and (S(n)),>o started from the random initial condition = + ¥ interlaces
for all time. Recall that A is an ordering condition associated to the definition of W. It is possible to
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S1(4) < Sa(3) < S3(2)
S1(3) < Sa(2) < S3(1)
S1(2) < Sa(1) < @3+ Vi

Si(1) < e+ Vg < a4+ VE

FIGURE 2.1. An ordered random walk represented as an interlaced random walk
with a random initial condition. The columns correspond to particles in both pro-
cesses. A fixed row gives the fixed time positions of the ordered random walk and
time increases upwards.

define other variants of these couplings which become particularly simple in the case when z; = 0
for all j =1,...,d, see Appendix B.

We now apply this idea to the representation of P(7 > n) and P(S(n) € dy, T > n) which will be
used in Section 4. ‘

Let ('y; :1+7 < d) be an independent collection of exponential random variables such that 7; has
rate A; > 0. Let (UJ’ :1+j < d) be defined inductively by UJQ := 0 and U; = Uj_1+7§-. Let B denote
the event that z; — U; < Zjy1 — U}H forall i +j < d Let & = (Uld_l, . Ué_l,O). If we reverse
signs then the series of inequalities become —z;41+U ; 1 <—z+U ; These inequalities correspond
t.o tlie evelzit A with the choices that x; = —z441_; along with le = U§+17j and V; = &4, ¢_; for
j=1,....d.

Lemma 2.2.
(i) Forn >d,

P,(S(n) € dz,7 >n) =Ey[Ppyu(S(n—d+ 1)+ P €dz,p>n—d+1); A, B
(ii) Forn >d,
Ez[Porw(p > n); Al < Pr(r>n) <Eg[Peruw(p >n—d+1); A

Proof: Part (i) follows directly from the coupling described in this Section. V¥ is a random initial
condition associated with the ordering condition A. We then run an exponential random walk for
time n — d — 1 where the ordering condition has been shifted into an interlacing condition. At the
end we need to add on a random variable ® in order to recover the particle positions at a fixed time
in the original random walk. The event B is an ordering condition associated to ®.

Part (ii) is similar. Instead of adding on ®, we impose the interlacing condition for either n or
n —d + 1 steps to give lower and upper bounds. ]

2.4. Relations between harmonic functions. To use the coupling in Section 2.3 we need the following
relationships between harmonic functions.

Lemma 2.3.

(i) If \y = ... = Mg =1 then E[A(z + U); A] = h(z) for x € W1,
(11) If M1, ..., A\q are distinct then

E[ezgzl)\j(mj+\llj)det(6—>\i(fﬂj+‘1’j));f;jzl;A] — h(>\17-~7>\d)($)’ e W,
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(iit) For simplz’city set \=1. Then for x € W¢,

H AR e DAV (g 4 W); A] = Xtz Qi (),

Proof: We start by proving (i). We can remove the indicator functions appearing in the expectation
on the left hand side of (i) using the following argument based on row operations in the determinant.
Define a sequence of sets (Jk)d(d n/2 by Jo = {(i,7) : 1 < i < j < d} and inductively defining
Jr = Jrg—1\{(r, s)} where (r, s) is the maximal element in J; under an ordering in which (4, j) > (k,)
if either i > k or if i = k and j > I. Thus Jyg_1y/2 = 0. Let D(¥) = det((z; + ;)" )¢._,. Then

E[D(T) H 1{90J+V <IJ+1+V+1}] E[D(T) H 1{xj+‘/ji§xj+1+v;'i+1}j|
(i,j)EJk 1 (i,j)EJk

J=

— E[D( )1{$s+vr>xs+1+v +1} H 1{3; +V’L<x7+1+v +1}] (28)

(Z7J)EJIC
By construction, there is no indicator function in the product over Ji involving any of the random
variables V7, ..., VS VI, ..., V. On the event, x5+ VI > zs11 + V[, using lack of memory

2+ U, L Tor1 + Vi + Cs(i)r where Cs(i)r ~ Gamma(s — r,1). By deﬁnition, Tsy1 + Ygyg 4

Zor1 + Vi + ¢ where ¢!%. ~ Gamma(s — r,1). Both ¢{" and ¢ are independent of all
other random variables and after taking expectations the s-th and (s + 1)-th rows agree and the
final term in (2.8) vanishes. This means we can successively remove all of the indicator functions
from E[A(z + ¥); A]. Once the indicator functions have been removed ¥; ~ Gamma(j — 1,1) are
independent random variables so that
E[A(z + V); A] = E[A(z 4+ ¥)] = h(x).

For part (ii) we can remove the indicator function on A by a similar argument. Equation (2.8)
holds with D(¥) = eXin ’\i(xi+‘1’i)det(6_)‘i(xj+‘1’j))g{jzl. By a similar argument, on the event {zs +
Vi >aem+Vinh

d
Ts+ Vg = Ts+1 + VZJrl + C(l)

d
st + Vo1 = agpr + VI + (P

where (V) ~ Gamma(s — 7, \,) and ¢ ~ Gamma(s —r, A\s;1) are independent of all other random
variables. Therefore the (i, s) and (i, s + 1) entries in the matrix defining the determinant

E[D( )1{:DS+VT>$S+1+V+1} H 1{m] VZ<.1’J+1+ +1}:| (29)
(’L?] e‘]k
are given by
e(/\s_Ai)(xS+1+VsT+1+C(l))7

Qs 1=2) @s 414V (D).

The random variables ¢() and ¢(? are independent of the remaining random variables and we can
find the expectations
E(eX ) = A37rar

E(eMt1 Ay = yomar—s,

We now take the factors /\zf”e/\s(xﬂﬁvsrﬂ) and )\zﬁe/\s“(xs“ﬂgﬂ) which only depend on the index
of the column outside of the determinant as prefactors. After doing this the s-th and (s + 1)-th
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column both have (i, s) and (i, s + 1) entry given by )\;’_Se*’\i(m”ﬁ‘/\gcrl). Therefore (2.9) vanishes.

This means the indicator function on A can be removed after which we can compute
d
E [ezizl Ai(IiJr‘I/i)det(e*)\i(ijr‘I’j))C,l,jzl]

ZeZ?ZMiﬂ”det( Ax]E (A=) T )d .
5,j=

)

d
_ 62221 it Jot (e_)‘””] ()‘J> >
by .
2,7=1

= h(z).

Part (iii) follows from the fact that H;lzl Ajl.fj eXiei D% can be viewed as a change of measure
after which the V]Z all have rates A = 1. Therefore the proof follows as in part (i). O

2.5. Further properties of h.
Lemma 2.4. For all x € W¢

(A1yeAq)
lim () _ _hlx) (2.10)

Mewda=1 AQda; - A1) [ !

Proof: We have

d
B A1) (z) = ( H )\z—d> eZ?=1 )‘ixidet((—l)dfj (%)d_Je*/\ﬂj)?’jzl'

i=1

We fix & and view h(*1-Ad)(z) as a function in the );. A standard fact is that for functions

©1,-..,pq which are differentiable d — 1 times at —\ we have
1
Aot det(e? VN 211)
Ay da=A A(Agy oo, A1) H;l Ll

Commuting the derivatives in z; and A; in the determinant gives

h(>\17-~7>\d)(x) 62?:1 zj de
l = det((—1)?7 {7 O
)\1,...1,r)i11—>1 A()\d, ... ,)\1) H;l;i j' ¢ (( ) ¢ ( >) L=l

Lemma 2.4 is useful for proving convergence of h-transformed processes. It is not clear how it
could be used in Theorem 1.2, for example to deduce part (ii) from part (i), since this would require
commuting limits.

3. Transition densities and uniform bounds

Although the Karlin-McGregor formula does not apply in this setting, the condition z < z and
hence the transition density of S(n) killed at p can be expressed in terms of a determinant. Let
1

an(z) = mxn_ll{xw} forn > 1 and ¢, =0 for n <0.
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Then for z, z € int(W?),

d
= ( X;) e Xi-1 A (Zj_zj)det(qn(zj - xi))gjzldz. (3.1)
Jj=1
Let f, denote the probability density function of a Gamma(n,1) random variable for n > 0 and
fn =0 for n < 0. In the case where Ay = ... = Ay = 1 an alternative expression for the transition
density is
én(ac, z) = det(fn(zj — xi))gjzl. (3.2)

Equation (3.1) is closely related to some of the arguments used in Borodin et al. (2007). It can be
proven by starting with the case n = 1 and then applying the Andréief (or Cauchy-Binet) identity:
for a Borel measure v and functions f;,g; € L*(R,v) for 1 <i < d,

d

d
et et entate )t [Tt = der( [ siwaiemtan)

ij=1

Proposition 1.3 states that the transition density can also be written as a determinant when p is
replaced by 7. For all n > 1 define

Gn(x,2)dz :==P,(S(n) € dz,7 >n), xz,2€ W

We may specify the dependency on the rates using G2 and G We observe the following

integral and derivative relations which will be useful in proving Theorem 1.4: for all k,n > 1

dk
(@) = qui(@), @ >0, (3:3)
L k—1
/0 ((k_)l);qn(u)du = ntk(2), > 0. (3.4)

Define independent random variables x4 = 0 and x; ~ Gamma(d — j,1) for j =1,...,d — 1 and
m =0 and n; ~ Gamma(j — 1,1) for j = 2,...,d. An alternative form for the transition density in
Proposition 1.3 with n > d and =,z € W is

d
Gn(x,2) = [ [ Nje™ Zj:l(/\jfl)(zjij)E[det(fn—dﬂ(zj —XG — i = 1i))¢ =]
=1

To prove the alternative form will follow from Proposition 1.3 note first that

Efn(t —1m) = /0 dz fm-1(2)fn(t = 2) = frtm-1(2). (3:5)

We can rewrite first
d
Gn(r,2) = [[Aje Eim Q0G0 det (f i (27 — 1))
j=1

Then, using (3.5) two times one can see that

frgioj(zj —23) = Efpp1—i(zj — s —mi) = Efp_ar1(25 — x5 — 2 — mi)-
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Therefore,

d
Gu(z,2) =[] \re™ E5arQd DG 29 et (B f_ 41 (25 — x5 — @1 — )5 o

_yd ) (2i—s
= [[Xje 2= VS DR det(fa-aia (5 — X5 — 20 = m))ijm)

j=1
When A\ = ... = Agy = 1 we obtain the following connection between G and G
Gn(xa Z) = E[det(fn—d-‘rl(zj —Xj — & — ni))gjzl]

=E[Gp_gr1(x+ (M, y0a), 2 — (X1 -+ Xd)], (3.6)

where we have also made use of (3.2).
To prove Proposition 1.3 we need the following Lemma.

Lemma 3.1. For any x,z € W¢ and any n,m > 1,
/Wd det(gnri—j(yj — 20))f jo1det(gmyi—j (2 — vi))¢ jmadyn - dya

= det(Qn—i-m—‘ri—j(Zj - mi))gjzl'

Proof: The g, satisfy derivative and integral relations (3.3) and (3.4). Therefore this is Lemma 5
(ii) of FitzGerald and Warren (2020). 0

Proof of Proposition 1.3: The one-step transition density for ordered exponential random walks is
given for z,y € W% by

d
S5 (s
Gi(z,y) = H)\ie L=t W) det (g1 (y; — xi))gjzl
i=1

since the matrix is lower triangular. This is simply rewriting the transition density of independent
random walks with the ordering condition then imposed by constraining that y € W¢. The advan-
tage of this rewriting is that we can apply Lemma 3.1 to conveniently integrate over y € W¢ and
find the two-step transition density

d
S5y
Ga(z, 2) = /Wd (Hﬁ)e 2=t MET) det (g1 (yy — 1)) o
=1
~det(qirimj (25 — ¥i)) o dyr - - - dyg
d
) (H Af) e~ TG et (ga 41 (25 — 7))y
=1

The statement can then be proved inductively by using Lemma 3.1. ([l

Alternative proof of Proposition 1.3: We now give an alternative proof for n > d. This argument is
inspired by the proof of the LGV lemma, see e.g. Theorem 1 in Gessel and Viennot (1989). We

will give this proof for A\ = --- = Ay = 1. The general case can be treated by using the change of
measure. In this case one can rewrite the proposed transition density as
det( fryi—j(z; — xi))gjzl, z, 2 € We. (3.7)

We will now construct an auxillary model. Here we have d random walks gl(n) starting at x; at
time d — i and arriving at z; at time n + d — 4, which correspond to (S;(k))}_, starting at x; and
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Y ZTI'(i)

Oe—o

,CL'Z-/ o— |

r; e—

F1GUrE 3.2. Construction of one-to-one correspondence in the alternative proof of
Proposition 1.3.

arriving at z;. We let §Z(k) = 0 for some fictitious state 0 when k < d—iork >n+d—i We
denote the corresponding probability measure with P,.

More generally for a permutation 7w € S; we consider a random walk §1(n) that starts at x; at
time d — 7 and arrives at z,(;) at time n +d — (i), which has n +i — 7 (i) steps and has the same
distribution as (Si(k))Ziéfﬂ(l) starting at x; and arriving at z;(;).

Let 7 be the following stopping time

7= min{k > 1: S;(k) > Sj11(k—1) for some i = 1,...,d — 1},

where as usual 7 = oo if the minimum is taken over the empty set. Then

~

P,(S(n) € dz,7 >n) =Py(Si(n+d—1i) €dz;,i=1,...,d,7T = 00)

= Z sgn(m)Py(Si(n 4 d — (i) € dzz),i=1,...,d,T = 0).
TeSy

The second equality holds since z € W9 and hence all probabilities are equal to zero unless 7 is the
identity permutation. Note also that by the construction of S(n)

Gn(x,z)dz = Z sgn(m)P4(Si(n + d — 7(i)) € dzq(y,i=1,...,d).

TESy

Hence, we are left to prove that

Z sgn(m)Py(Si(n + d — 7(i)) € dzz),i=1,...,d,7 < o00) = 0. (3.8)
TESy

~

On the event T < oo we have two cases: one case when the edges of (S(n)) have non-empty
intersections, see Figure 3.2, and the second case when the last value of a path exceeds the last
value of another path.

We will consider the first case carefully; the second case can be considered similarly. On the event

{Si(n+d — (i) € dzgy i =1,...,d,7 < oo}

~

let i be the smallest integer for which (S;) has a non-empty intersection with another path. Let A
be the first vertex, where this intersection happens and i’ > i be the smallest number corresponding

to the path (S;), which intersected (.S;). Denote as O the second vertex corresponding to the path
7 and as B the second vertex corresponding to the path 7, see Figure 3.2.
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Then |AB] is an overshoot of random walk, which has exponential distribution in view of the
memoryless property of the exponential distribution and is independent of anything else. |OA| also
has an exponential distribution independent of anything else. Hence we can swap the trajectories
of the paths i and ¢ after point A without affecting the distribution. This gives a one-to-one

correspondence between 7 and 7" with ¢ and ¢’ permuted. As sgn(mw) = —sgn(n’) this implies (3.8).
O

Proposition 3.2. Let \y =--- =Xy =1. Let x = (x1,...,24) € we.

(i) There exists a constant Cq such that for n > 2d,

h(z)
A(x)

(ii) In addition, let z = (21, ...,2q) € W2 There exists a constant Cq that does not depend on x
and z such that for n > 2d,

Grial(z,2) < Wh(:c)ﬁ(z), (3.11)
Gn(z,2) < %A(@A(—z). (3.12)

We prove this by a sequence of Lemmas and start with part (ii). In view of (3.6) to estimate
Gn(z, z) it is sufficient to estimate G, (z, z). Let

A
P0)=3"%

be the characteristic function of I'(1,\) distribution. We have the following representation for

Lemma 3.3. Let \{ =--- = Ay = ). For any z,y € W¢,

~ 1 d ] d ' d d
Gn(z,y) = () / det <e’9jy’“> det <e’9j‘”’“> H(@(%))"d@k.
2m wd jk=1 Jk=1j—1

Proof: Using the inversion formula for characteristic functions we obtain

d
Gn(x,y) = (2171_) /]Rd det( —i0, (yp— ocg) - H nd@

Using the standard properties of the determinant we can write

d d d
Gn(z,y) = (;ﬁ) /Rd det <e—i9ﬂk> ¢ X0t [ o (6x))"dby.
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Next we split the d-dimensional cube to obtain that én(x, y) equals

1\? o) 00 T
<2> Z/ det <e‘19jyk> i1 5% [T o (6x))dby
™ = 90(1)<---<00(d) 3,k=1

’ k=1

1\¢ . , o
= (5) S acilemomyt o T 00
2w )~ Jo<. <0, k=

k=1
1

d d d
_ <27T> Z(_l)o/e ) det <€—i6‘jyk> eiZ?:l O5(i)%; H(@(ek))ndak
1<...<04 j

pn 7,k=1 k=1
1 d . d . d d

~(5) Lo aa(n), () Tistooran .
27 01<...<0y j.k=1 Jik=1 =1

Lemma 3.4. For any real x1,...,xq and 61 < ... < 04 we have

‘ d
det (e‘wﬂ'zk>
Jk=1

Proof: The proof follows by observing that combination of formulae (3.2) and (3.4) in Shatashvili
(1993) gives a representation as a product of Vandermonde determinant A(if) and an integral
over the Gelfand-Tsetlin polytope. Then noting that the integrand is bounded we arrive at the

< CaA(0)A(z).

conclusion. ]
Lemma 3.5. Let A\ = --- = A g = 1. There exists a constant Cy such that

~ A(z)A

Gn(x, )<C%/2(y), z,ye W n>2d.

Proof: Combining Lemma 3.3 and Lemma 3.4 we obtain that

Gule.s) < Cade)Aw) [ 2H|so )" a
A(z)A "
~ep [ soTLe(%)[

A(z)A(y) / e d
= Cy——2 =% —d9
d ’I’ld2/2 01<---<0d H 1 + 02/71)”/2

Here and in the rest of the proof Cy denotes constants which mlght change from line to line. Analysis
of the integral shows that it is uniformly bounded. Indeed, first note that

d d—1
20 < o [[max(ol 1)
j=1
Then, the integral is bounded by

d
max(|0;],1)?
5 df; < C, d9»
/91<...<9d H 02/71 nj2 = d/H 1+92/n njz Wi

J=1
00 maX(‘9’71)2d—2 )d p /oo §2d—2 )d
=C ———df|] <2%Cyl1 ———df
([ wrmme) <2+ [
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Next we make use of the inequality In(1 +t) >t — ¢2,¢ > —% to obtain

\/n/2 2d—2 Vn/2 2
/ 0d0</ 92d_2exp<gln <1+9>>d9
n

1 (1+62/n)/27" = )i

/n/2 2 4 00 2
< / 6292 exp ( — 9— + 0>d9 < / 6292 exp ( — H)dﬁ
1 2 2n 1 4

Next, we estimate the remaining part of the integral
o) 02d—2 d-1/2
———df0=n
\/n/2 (1 + 92/n)n/2
We can further estimate

do1/2 9] §2d—2 nd—1/2 ) §2d—2
n / vz 40 < n/2—d+1/4 / ova—172%
Vi (1+62) (3/2) Vi (1+6%)

92d—2

——df.
/«/1/2 (1+62)n/2

- nd—1/2 00 do
= (3/2)n/2—d+1/4/?/293/2’
which is uniformly (in n) bounded. O

Proof of Proposition 3.2 (ii): The required uniform bound for Gn (z,y) is contained in Lemma 3.5.
Then using (3.6) we obtain

C
Gn+d_1($,2) é nTjﬂEA(xl + m,...,&d + 'f}d)]EA(Zl —X1y:--yRd — Xd)

This proves (3.11) by using that

E[A(Zl —X1y---52d — Xd)] = E[A(_Zd + Xdy-++y 21 + Xl)]
= h(—z4,...,—21) = h(z). O
Lemma 3.6. Let \{ =--- = X\g = 1.

(i) Then, for z,y € W% and n > 2d,

_ IS @i —dn] A () A
Gn(z,y) < Cge v W

|2y (i =) —dn] h
B )iy
/2
(ii) If, in addition, max;(y; —yj—1) < n'/? and max;(r; — xj_1) < n'/? then

~ lyp —z3 —n|
Gn(z,y) < C’aze*dyl?’1 A@)Ay)

Gr(z,y) < Cye

nd?/2
_d\yl_xl—"| h € B Yy
Calary) < g™ HOH)

Proof: Fix A > 0. We will start with the change of measure. Let fT(L)‘) be the density of the I'(n, A)
distribution and let GV (xz,y) = det(fr(ﬁ)(yj — xi))?,j:y We have, for A > —1,

G(a,y) = det (i) (y; — w))f ;s
_ det(ek(yj—xi)(l + )\)_”f,(LH)‘)(yj o l‘z))d

ij=1
AT () G g ).
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Now make use of the inequality In(1 4+ X\) > XA — A2 X > —% to obtain

2 |20 (yi—i) —dn|
A X1 (yi—wi)—dnln(1+A) < oA 2 (i) —Adnt+nd - < Che o

after we put A = —% when Zf_l(yi — ;) >dn and A = % when Zle(yi —z;) < dn.

G (g

Using this bound and the uniform bound for G y) from Lemma 3.5 we arrive at the

conclusion. The same argument holds for G,,.
To check the second statement it is sufficient to note that

d d
S lyi—wi—nl <dlyr— a1 —nl+ Y|y — 1) — (2 — 21)|
=1 =2

d

<dlyr — a1 —nl+ Y (lyi — | + |z — 1))
i—2

d
<dlyy — a1 —n+2v/n (i—1)
=2
=d|y; — x1 —n|+d(d —1)y/n.

The rest of the proof can be done in exactly the same way. O

Proof of Proposition 3.2 (i): We will proceed by induction. For d = 2 we can argue similarly
to Lemma 25 in Denisov et al. (2018) or use directly the exact formula for P,(p > n) given in
Lemma 4.1.

Assume now that the statement (3.10) holds for values of j < d and prove it for d + 1. We first
consider the case max;(z; — xj—1) < n'/2. By the total probability formula

Polp>n) = [ Palp> [n/2). Sy € d)Py(p > = /2]

</ Pa(p > [0/2], Sjuja) € dy)B,(p > n — [n/2))
Win{max; (y;—y;—1)<v/n}

" Z/ Wian{(y;—y;—1)>vn} Py(p > [1/2); Snygy € dy)Py(p > n — [n/2])

= P + ZPJ-.
§=2

We will split the first probability in 2 parts, Py < Pj; + Pj2, where
P | Pu(p > [0/2], Sjusz) € dy)P,(p > n — [n/2))
Win{max; (y;—y;—1)<v/n,|y1 —w1—n|</n}

P | Pa(p > [1/2), Siujey € dy)Py(p > 1 — [n/2)
Win{max; (y;—yj—1)<v/n,ly1 —x1—n|>/n}
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For the first probability it follows from the definition (3.1) of G, (z, z) and the uniform bound in
Lemma 3.5,

Py < / dyGip (2, )
Wen{max; (y;—y;—1)<v/m,|y1 —z1—n|</n}

< CA(x)
= T8R
CA(x)

nd?/2

dyA(y)

dy [ (@-&n'?

1<k<i<d

/de{man (Yi—yi—1)<vnly1—z1—n|<y/n}

/Wdﬁ{maxg'(yj—yj1)<x/ﬁ,|y1—x1—n|<\/ﬁ}

CA(x) d(d—1)

2CA(x)

= d(d—1)

/Wdﬂ{maxj(yjyj1)<\/ﬁ}:y1x1ﬂ<x/ﬁ} n- 4

since

J "
Win{max; (y;—y;j—1)<v/n}|ly1—z1—n|<yV/n

T1tntvn py1+vn Yi-1+Vn
S/ / / dyd...dygdy1§2nd/2.
z1+n—v/n Jyi Yd—1

To analyse Pjs we apply Lemma 3.6 to obtain

_glyi—z1—n|

Py < dye vin2 - A(y)

CA(x) /
n; WA {mas; (4 —yj—1) <o/ g1 — 1 —n[> 7T}
A( )

3

since

d\yl z1—n|
/ e VIn/2] dy
Wdn{max; (y;—yj—1)<v/n}y1—z1—n>y/n

00 y1+vn Yd—1+v/n dlyl z]—n|
§/ / / e VI dyg...dysdy;
z1+n+/n Yd—1

00 d¥1= T]—n _ Y1
< pla-1y2 / e VA dy =nldD/2 / TV dyy <
T1+n+/n

and, symmetrically,

ly1—z1—n|
/ e VIV gy < nd/?.
Win{max; (y;—y;—1)<vn}y1—z1—n<—y/n

To show the bound for other terms we analyse more carefully Py, as it is notationally easier.
Denote yj; ;1 = (Yi,---,y;) and py, the stopping time p corresponding to the Weyl Chamber Wk, We
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have, using induction and the Chebyshev inequality,

Pz(p > [n/2]7 S[n/Q] € dy)IP d—1] (Pa—1>n — [n/2])

.....

A(y[l,...,d—l])

(d—1)(d—2)
4

Py < /
WaN{(ya—ya—1)>v/n}

<C Py(p > [n/2], Sjnyo) € dy)
WeN{(ya—ya—1)>v/n} n

Ayp,..a-y) TT5=1 (va — )
<C Pz(p > [n/2], Siny/2) € dy) (d[ 1)([172)} ]nl(d,l)/g :

Wien{(ya—ya—1)>vn} n
Ay Ex[A(Spy2); 0 > [n/2]]
< C/ =(p > [n/2], Spnyo) € dy) dé_z) =C [ /dgd )
n

1 n- 4

:C

d(d 1)7
n- 4

where we used the harmonicity of A at the last step. Other terms P; are analysed similarly using
the bound

Py(pa—1>n—[n/2]) <Py, . )(pj-1 >n—[n/2)Pqy,  (pa—jsr1 >n—[n/2).

.....

We are left to consider the case max;(xz; — xj—1) > n'/2. Here, we can proceed similarly to the
above. Suppose that (x4 — x4—1) > v/n. Then, by the induction assumption,
Az, a-1)) A(zx)
(d—1)(d—2) <C d 0
no 4 n

]P)x(pd > n) < ]P)wu ..... ](pd—l > n) <C

The other cases can be considered similarly. The proof of the uniform bound for 7 can be done in
a similar way or proved using the coupling between interlaced and ordered random walks discussed
in subsection 2.3. g

4. Tail asymptotics

4.1. Proof of Theorem 1.2 for Ay > ... > Aq. By integrating the formula from Proposition 1.3,
P, (7’ > n / (H >\n> ? 1 )\j(yjixj)det(anrifj(yj — ."L‘i))gjzldyl R dyd.

Change variables \jy; = n + /nz; for each j = 1,...,d and apply Stirling’s formula to obtain the
large n asymptotics,

P, (7 > n)
~ (277)_d/2/ det()\J ' _‘fzf(1+z]/\f zi\j /)" j)”_lezgzl MNTida .. dzg
R4
~ (2m)” /2 Zz 1>‘m1det()\3 le_‘r’AJ)d’jzl/de_zj 1 ]/2d21 .dzg
R
- eEi:I /\ixidet()\g_ie—xi)‘j)gj:l
= h(z).
4.2. Tail asymptotics for equal rates. We set \y = ... = Ag = 1 and the general case can be

recovered by scaling. We first consider the case d = 2. For x = (z1,79) € W2 and n > 1 let

k/2 — 1> (xg — xl)k.

o0

Porea () = (—1)" <—1>k+l(

k=1

" X (4.1)
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We extend the definition to all of R? by antisymmetry pg, z,(n) = —Day 2, (n).
Lemma 4.1. For x = (v1,22) € W2 and n > 1,

Po(p > n+1) = pa; z, (n). (4.2)
Moreover, for any fited N > 1 and C > 0, uniformly in x € W? with x5 — 21 < C+/n, the following

asymptotic expansion is valid,
N—
<c (x2 _ $1)2N+1
=0 nN+1/2

1
_ 1/2 x1>2k+1
Py(p>nt1)— (~1)" ( )
|
2 2k + 1)!

for some Cy < 0.

Proof: For s : 0 < s < 1 consider the following sequence (s"e™V 1_5(52(71_1)_51(”)))7121, which forms
a martingale with respect to the filtration F,, = o(S52(0),...,S2(n —1),51(1),...,S1(n)). In this
case

p=inf{n >1: Si(n) > Sa(n — 1)}
and p is a stopping time with respect to F,,. An application of the optional stopping theorem gives

E,[s”e™ 1—8(52(9—1)—51@)] = sEg eV 1—s(z2—51 (1))] .

To justify the use of the optional stopping theorem note that Sa(n — 1) — S1(n) > 0 for n < p and
S1(p) — S2(p — 1) has an exponential distribution with parameter 1 by the memoryless property of
the exponential distribution. Hence, for s : 0 < s < 1,

0 < P\ne=VIi=s(S2(pAn—1)=S51(pAn)) < e*v1*5(52(11*1)*51(,0))7

which is an integrable random variable.
Using again the lack of memory of the exponential distribution we note that the overshoot Sy (p)—
Sa(p — 1) has exponential distribution with parameter 1 and is independent of p. Therefore

E,[s"] = se™V 1=s(z2—21)

Then

o0 o
1—E,s1 (w9 — x1)"
n _ x _ e+l k2112 1
Eos P.(p>n+1)= . —kgl( D1 —s) i .
n= =

Applying the binomial theorem,

) o0 e — L
anpx(p >n4 1) — ;(_1)k+1 Z <k/2n 1) (_1)nsn(2k!1)

n=0 1 n=0
00 ) k
_ ( 1)nsn ( 1)k+1 k/2 -1 (.%'2 - xl)
e (B

Equating powers of s gives (4.2).
To obtain the asymptotic expansion note first the representation

s (= 1/2\ (g — )T n o (=1 (w2 — )%
S M R A I W

Using the Stirling approximation we can estimate the second series and obtain the required bound.

O
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The first step in the analysis for general d is an expression for P(p > n) as a Pfaffian. Let
A= (aij)%nzl be a 2m x 2m antisymmetric matrix. Let ITg,, be the set of partitions of {1,...,2m}
with the property that o(2i — 1) < 0(2i) foreachi=1,...,mand o(1) <o(3) < ... <o(2m—1).
Define the Pfaffian of A to be

pf(A) = Z Sgn(U)H%@Fl),a(zi)-
i=1

UEHQm

Lemma 4.2. For allz € W¢ and n,d > 1

pf(poy e (n —1))4 .4 if d is even,
Po(p>n) = v "7 i
{Zz (= )Hlpf(pxi,xj (n—=1)ijefa—1\yy  if d is odd.

Proof: We first suppose that d is even. The transition density in (3.1) can be integrated to give

Polp>m) = | det(fuys = )smadn -y

This can be expressed as a Pfaffian by using de Bruijn’s integral formula de Bruijn (1955). The
(4,7) entry in the Pfaffian is given for i < j and x; > x; by

/R2 sen(yj — vi) fu(yi — ) fuly; — 25)dyidy; = 2Pq, 2,1 (S2(n) > Si(n)) — 1.
We have for x; < z;,

Plasz) (0 S 1) =Py, 2)(S2(n) < S1(n),p < n) + Py, 2,)(S2(n) > Si(n),p < n)
= P(y;,2,)(52(n) < S1(n)) + P(g; 2,)(S2(n) > S1(n),p < n). (4.3)

On the event {p < n} the paths of S; and Sy can be interchanged after the first time they intersect.
For 0 <k <n,

S1(k) = S1(k) k<, + Sa(k) x>,
So(k) = Sa(k)1x<p + S1(k) 1>,

Then (81, S5) has the same distribution as (S, S2) using the definition of p and lack of memory of
exponentials. Moreover {S2(n) > Si(n)} is equivalent to {S2(n) < S1(n)} on {p < n}. Using this
in the second term of (4.3) gives

This allows the entries in the Pfaffian to be rewritten in the stated form. For odd d, a version
of the de Bruijn integration formula still holds de Bruijn (1955) and gives the stated formula.
Alternatively, we can add in an extra component to our random walk with starting position z441,
apply a Laplace expansion and let x441 — 00. [l
k:)>

Lemma 4.3. For any k > 0 and any N > 1 there are coefficients (a;’);j>0 such that

(
J
N-1

(=" < _1/2) Za (n+1) k—1/2—j+o(<n+1)—N—l/2).

Furthermore for any k > 0,

o — (=) T (k + 1/2)

™
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Proof: This is a consequence of an asymptotic expansion of a ratio of Gamma functions in Tricomi
and Erdeélyi (1951). The last paragraph in Tricomi and Erdélyi (1951) gives the statement with the

coefficient aé = 1/T'(—k 4 1/2). This is equivalent to the expression for aék) in the statement of
the Lemma after using Euler’s reflection formula

D(—k +1/2)0(k +1/2) = (=1)*x. O

Combining Lemma 4.1 with Lemma 4.3 gives that for any IV there exist coefficients ( (k) , C k=
0,...,N) such that as n — oo,

1+ (xz — I 2N+1
P(ml,m)(p >n) = Az, (n) + O( nN+1/2) (4.4)
where for any (y, z) € R?
N-1N-1
Gua(n) = (=1)" a* ), —k—1/2—j (2 =y
Y,z —
o =0 (2k+1)!

Proof of Theorem 1.2 part (i1): We first suppose that d is even and let | = d/2. Let [N] =
{0,...,N}. We use (4.4), Lemma 4.2, antisymmetry of g, , and the fact that ¢, ,(n) is bounded
for |y — x| < y/n to obtain that

Py(p >n) = pf(‘]zi,mj (n))g,jzl + O((l + (Ta — x1)2N+1)n_N_1/2)' (4.5)

For all z € R? let
d
F(z) = pf(qxi@j(n)>i,j=1‘
This definition requires that ¢, , = —¢qy .. We first show F' is an antisymmetric polynomial in
(z1,...,2q). For each 1 < k <1 < d let Dy denote the permutation matrix corresponding to the
transposition of z; and z;. Let Qu = (qu; ., (n))ﬁl,j:1 and z* be given by the vector x with the k-th

and [-th co-ordinates transposed. We use a conjugation formula for Pfaffians: for d x d matrices A
and B such that A is antisymmetric then pf(BABT) = pf(A)det(B). Then

F(x) = pf(Qx)
= pf (D Qx Dyy)det(D) ™!
= (=D)pf(Qpnt)
= (=1)F(z").
Arguments of this form can be extended to general reflection groups, see Lemma 7.5 of Doumerc
and O’Connell (2005). Therefore the Vandermonde determinant divides the first term on the right

hand side of (4.5). Without loss of generality set ; := 0. As we have assumed z4 — 21 = o(n!/?)
we can now assume g, ...,Tq = o(nl/ 2). The relationship between the z; and n means that for

T2, a = o(n!/?),
Po(p > n) = (X +o(1))A(z)n~H=D/4 " n & .
At this stage X in unknown and we will determine its value later.

In the case when d is odd,

]P)(x17 T p > n l+1]P) xlv"wxlflvxlﬁ»lv"':xd) (p > n)' (4.6>

“M:‘

We focus on showing this is an antlsymmetrlc polynomial in x1,...,2411. The rest of the argument
is same as the case when d is even. Let z, denote z with the r-th co-ordinate deleted and z*
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denote x with the k-th and [-th co-ordinates transposed before then deleting the r-th co-ordinate.
For 2 € R? let

d
F(z) = Z(—l)rﬂpf(%i,xj (7)) jeld)\{r}-
r=1
Then
d
F(z) =) (-1)""'pf(Qs,)

r=1

=) (—1)" ' pf(DriQu, Dit)det(D) ™' + (=1)F ' pf(Qu, ) + (—1) ' pf(Qu,)
r#k,l

= > (~1PE(Qup) + (=1)*E(Qupr) + (=1)'PE(Q 1)
r#k,l

= (1) F(z").

The equality between lines 2 and 3 uses the conjugation formula to re-order the rows and column
in the Pfaffian.

We now consider the tail asymptotics for the ordering condition. We use part (ii) of Lemma 2.2,
the above asymptotics for p then part (i) of Lemma 2.3 to obtain that as n — oo, uniformly for
r € W with x4 — 21 = o(v/n),

P»"U(T > n) ~ Ex[]P)x-i-‘ll(p > n); A] ~ %Ex[A({L' + \I/); A]nfd(d*l)/"L
= Xh(z)n =D/,

The constant X does not depend on the increment distribution Denisov and Wachtel (2010) and
therefore agrees with the constant computed in the case of nearest-neighbour random walks, in
particular (1.2) and (1.3) of Puchala and Rolski (2005). The constant X could also be found
directly by analysing particular coefficients. ]
4.3. Proof of Theorem 1.2 for A < ... < Aq. Let v = dlog(\/\*) where \* = (]_[;.i:1 M)/, By
Proposition 1.3,

P.(t>n) = / GO (1 2)dz.
wd

We first change variables z; — n/ A+ zj and then apply a change of measure

P.(t>n) = GOAd) (2 /X + 2)dz
Wd
d A\ - - -
_ / 11 (3) e~ SN/ GO (1 /4 2)dz
wd - A " ’
7j=1
= e"’n/ e~ Zg:l()‘if;\)(zfxi)G,(E"""/_\) (z,n/X\+ 2)dz. (4.7)
wd

We first consider the pointwise limit of the transition density.
Theorem 4.4. Let \y = ... = \g = 1. For all z,z € int(W?) and z, 2z € W? respectively, uniformly
inxq—x1=0(y/n), v1 =0(v/n), 24 — 21 = o(y/n) and z1 = O(\/n),
Gulz,n+2) ~ XA(:lU)A(z)n_fﬁ/Qe*ﬁZ;l=1 5 n— oo,

Gn(z,n+2) ~ Xh(x)ﬁ(z)n7d2/2e_% ?:1272', n — oo

where x = (ZW)_d/Q(H;l;%j!)_l.
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Proof of Theorem /./: The transition density can be expressed for z, z € W% and n+z; > z1,...,n+
24 > T1 as

. An—1\d
én(x n+z)=e Z?:l(”ﬂj—xj)det (n+ i ;)
’ (n—1)! -

nd ,—nd —x d
_ M6—251<Zj—ccj>det< (n—1) log(1+ 1))

(nh)?

Let Ly = — ij‘il(—l)ja:j/j. We truncate the Taylor series of the logarithm to obtain that for any
a > 0 we can choose M large enough such that

ij=1

. nde—nd

Gn(z,n+2) = e

The terms which only depend on the index of either the row or the column can be brought outside
of the determinant as prefactors. Therefore since z1,...,24 = O(n1/2) and x1,...,xq = o(n1/2)

det(e(nfl)LM(Zj/nfzi/n) (zj— xl))) d._ 1+O( 705)

~ nd ,—nd iz - d
Gn(:(},n + z) = %efﬁ Jd 1Z]+o( )det (6 1 (140(n 1/2))> n O(n_o‘)_
: i

1,j=

It is known that for z1,...,2g = O(n'/?) and z1, ..., x4 = o(n'/?)
;245 d
det ( zf<1+0<n-“2>>> ~ e M A@AR), n oo
d—1 ’ :
ig=1 ;= !

For example, this follows from Equation 3.4 in Shatashvili (1993) and noting that the integral in
that equation converges to 1. Therefore
~ d
Gn(z,n+2) ~ XA(a;)A(z)n*dQ/Qe*% =% n— o0 (4.8)
We can then extend to the ordered case using the coupling from Section 2.3. Lemma 2.2 part (i)
states that

Gplx,n+2) =E[Gn_g1(z+ ¥, n+2z—®); A, B]
where U, &, A, B are all defined in Section 2.3. Therefore from (4.8) and interchanging the limit
and expectations using Lemma 3.6

Golz,n+ 2) ~ xn~ e 2 S FE[A(z + U)A(z — ®); A, B]. (4.9)
As remarked in (and using notation from) Section 2.3 the definition of ® and event B correspond
to the definition of ¥ and event A with the choices that x; = —z441_; along with VjZ = Ué+1_j and
V; =®4,q1_j for j=1,...,d. Therefore Lemma 2.3 shows that

E[A(21 — By, 24 — @g); B] = E[A < 2t By 2+ By A]

= h(=24,...,—21)
= h(z 24)- (4.10)
Lemma 2.3 can also be applied to simplify E[A(z \Il); A] = h(x). Therefore (4.9) simplifies to
Gn(z,n+z) ~ xn AT Ei:lzfgh(x)iz(z), n — 0o. O
Proof of Theorem 1.2 part (iii): Recall (1.7),

P.(t>n) = 6_7”/ e ZElzl()‘i_’7\)(%_””i)(}'g"“";\)(gr:, n/\+ z)dz. (4.11)
wd
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We change variables 71 = 29 — z1,...,74_1 = 24 — 24—1 and 0 = ﬁ Z?:l zj. Use that
i 1
> - p PRCEENCYEPY
i=1 1<i<j<d
1
— g Z (Ti+ri+1+---+rj—1)(Ai_Aj)- (412)
1<i<j<d

Let r = (r1,...,74—1) and define
H(r) = E( H (ri+ ... 7m0+ Nd—iv1 — T]dj+1)>-

In a similar way to (4.10),
h(z1,.. ., 2a) = E] H (25 = Nd—j41 — 2i + Na—it1)]
1<i<j<d

=E[ [ (itrica+.. 71+ ma—ie1 — naj1)l-
1<i<j<d

We use Lemma 3.6 to justify interchanging limits in (4.11) after the change of variables above. First
note that (4.12) gives exponential decay in r1,...,74—1 for r1 > 0,...,74_1 > 0 and dominates the
polynomial factors in Lemma 3.6. Then note that the second statement in part (i) of Lemma 3.6
gives the required decay in 0. After interchanging limits we then use the asymptotics in Theorem 4.4.

Note that L Z] 1 z] = d#? + o(1). Therefore

7_ > ’I’L) xn d2/2+1/2 —yn Z;-i:l()\i—j\)xih(x)
/ d9/ déy .. / déd_lei21§i<j§d(”+”+1+"'+’"j*1)()‘i_kj)H(r)e_dGQ/Q.

After performing the integral in  we have the stated asymptotics for 7 with

cq = (27T)7d/2+1/2 (Cﬁj!>_1dl/2

J=1

and
o0 o 1
K)\ _ Cd/ d?“l o / d?”d,1€3 21§i<j§d(7’i+'ri+1+~u+rj—1)()‘1'_)‘]')H(/r)_ (4_13)
0 0

Let
Hry= J] (it...+7j1)

1<i<j<d

The same argument also gives the stated tail asymptotics for p with constant factor

Cy :cd/ drl.../ drd,le%21§i<jﬁd(”+”+1+"'+Tj‘1)(k"_’\f)ﬁ(r). (4.14)
0 0
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5. The smallest and largest particles

In this section our aim is to find the distribution of the smallest and largest particles when
(Z(n))n>0 has general starting positions. Suppose that \y = ... = Ay =1 and let x = (z1,...,2q)
and z = (21,...,24). Then applying the h-transform from Theorem 1.1 to Proposition 1.3 gives

P.(Z(n) €edz) =e" Z?:l(zj—$j)det(qn+i_j(2j ))dd 122 ;dz x,z € W
Proof of Theorem 1./: For any a € Rlet I* = {x; <...<zg<a}and [, ={a <z < ... < x4}
We will use the representation ho for the harmonic function from Section 2. All of the matrices
defined in the determinants in this proof are indexed by 4,7 = 1,...,d and we omit this from the
notation.
Proposition 1.3 and Theorem 1.1 give that

P (Zd(nl) <&, Zd(nm) < 5m>

62 i a: ) L
= / / det(qn, +i— ](:U —Z; ))det(qm —n1+i— j( - ;)
Ié1 Iém

m d
_ i (d—j
0t rig (@ — ) det((~ D) I @) [T ] def
k=1j=1
where ¥ := z. The main problem which prevents us immediately applying the Eynard-Mehta theo-

rem is the dependence on 4 and j in the functions such as ¢, —n,+i—; appearing in the determinants.
We use the integral and derivative relations (3.3) and (3.4) to remove this dependency on ¢ and j.

We start with smooth approximations qlsf) of the functions appearing above before passing to a
limit. We integrate by parts for k = 1,...,m in the order x%, x5, ... ,a:lfl_l then 2}, ... ,x’j_z and
so on until finally :U’f . This ensures that there are no boundary conditions due to the determinants
having equal rows or columns at each boundary as in Lemma 2 of FitzGerald and Warren (2020).
The limit as € — 0 can then be taken in a similar way to Lemma 5 from FitzGerald and Warren
(2020). We give more details in Section 5.1. The condition n; > d — 1 is needed to justify taking
this limit. Therefore

]P) (Zd(nl) < 51, o Zd(nm) < gm)

Z )\x ) )
= / / det Qn1+z ($ - ))det(an n1($] - ))
Ié1 Iém
m d

o det(gny - (@ — 2 1)) det (i) T T dat-

k=1j=1
Rewriting in terms of f,, we have

P, (Zd(nl < 51, ey Zd(nm) < fm)

xO /161 /I&m det fm d+1( ))det(fm - ({Lg _ l‘l))

d
o det(fam—nm o (27 — 2" A™) H [ ] dzf.

k=1j=1

From the Eynard-Mehta theorem the right hand side is given by a Fredholm determinant with the
stated extended kernel eg. Johansson (2006); Tracy and Widom (2007). The fact that A is an
invertible matrix can be seen as follows. For each j =1,...,d define independent random variables
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éﬁd ~ Gamma(n — d,1). Then
det(A) = E[det((zx, + n—arr) )i 1=1]
=EWEOA(my +m + &y wa+na+E2,).
The Vandermonde determinant is harmonic for an increment with distribution (fgj g ,fnci 2) by

Corollary 2.2 of Konig et al. (2002). Therefore det(A) = h(z) > 0
For the distribution of the smallest particle the same argument shows that

Py (Zl(nl) > 51"' '7Zl(nm) > fm)

eZ Ai 1 0 2 1
- /I / At (g 41 (2} — 29))det(gny 11 (2% — 1))
&1

m m— d
ety n i (@ — 2 ))det((—1) ¢l (a Hdev

k=1j=1
Again we start with a smooth approximation, apply an integration by parts and then take a
limit. This time we need to integrate by parts for £k = 1,...,m in the order xlg,xs_l, . ,:c’f,
xs,...,xlg, . ,azs which ensures there are no boundary conditions. This requires the condition

Ny — Nm—1 > d — 1, see Section 5.1. Therefore

]P) (Zl(nl >§17"'7Z1(nm) Z{m)

_ eZ dia ‘ 1_ .0 2 1
I det(gn, +i—1(z; — 27))det(gny—n, (75 — 7))
€1

- det(gny, -, (27 — 2 ) det(el Y (@7) T [T dot-

We use the reduction that det(qS(.d*l)(zj)) = e T A(z). Therefore
P (Zl<n1 >§1,...,Z1( )>§m>

det(fn, - 1+Z($ ?))det(fnzfm (%2 - fUzl))

Ie, Ie,,

m d
o det(frp—nps (@ — 2 ) AE™) TT T de?-
k=1j=1

The stated formula now follows from the Eynard-Mehta theorem. The argument used for A also
shows that B is invertible. O

5.1. Integration by parts. Let qgf) be the smooth approximations defined in the proof of Theorem 1.4.

As discussed in the proof of Theorem 1.4 we can establish for this smooth approximation that

/I . det(q(),;_ (Y — xz))det(qi)fnmfj(zg' —¥i))dy1 - - - dya

_ /Iél det(q,; oy — 2))det(@ Lo (5 — y))dys ... dya. (5.1)

We now take a limit in € of both sides of the equation. This follows as in Lemma 5 of FitzGerald
and Warren (2020) except with the following additional complication when taking the limit of the
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right hand side. A term in the Laplace expansion of the right hand side of (5.1) corresponding to
permutations ¢ and p is

(e)
/1'5 H qnl—i—U(z xg(i))qnz—n1+i—p(i)(zp(i) B yl)dyl <+ dya.

If o is the identity then Hi:l qnel)ﬂ,d(yi — x;) is bounded uniformly in € for 0 < x; < y; if and only

if ng > d—1. This is the reason for the condition n1 > d —1. Once this is imposed the limit in € can
be taken as in Lemma 5 of FitzGerald and Warren (2020). By the same method, we can establish
that

/]5 det(QnQ—nH—d—j (yj - xi))det(qnsfnfri*j (Zj - yl))dyl o dyq
2

= /15 det(QnQ—nl (yj - xi))det(%@g—ng—i—d—j(zj - yz))dyl v dyd'
2

In this case there is no need for a constraint on ns — ni. Finally we pass to the limit in

€ 2™ m— d—j m m m
/I5 det(q o (@ — 2 L) det(@ ) (@) dal . do]

_ /Ig det(q _, (2™ — & 1))det(¢i(z™))dal" ... da'}

which is straightforward since every function is smooth. The justification for the smallest particles
is similar except we start with the x] and end with the x . The condition ny > d — 1 is replaced
by the condition n,, —npy—1 >d — 1.
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Appendix A. Doob h-transforms for ordering and interlacing

The harmonic function in Theorem 1.1 and tail asymptotics in Theorem 1.2 give two ways of defin-
ing an exponential random walk conditioned to stay ordered. Suppose first either that Ay > ... > Ay
or that all rates are equal. Recall the function h from Theorem 1.1 satisfies E;(h(S(1))1;51) = h(z)
and h(z) > 0 for all z € W9 We can define (Z(n))n>0 = (Z1(n),..., Z4(n))n>0 as a change of
measure of (S(n)),>0 using the harmonic function h. For bounded measurable f,

h(S
B (2000 < b <n)] = B | M0 rig01) 0 < b < m)1pay)]
h(z)
This defines a transformed process which is a Markov chain on W% with transition densities
h(z)

P, (Z(n) € dz) = P.(S(n) € dz,7 > n), x,2¢c W%

h(z)
We refer to (Z(n))n>0 as a (Doob) h-transform.

In the case A\; < ... < Ag we still have E.[h(S(1))1,;>1] = h(z) but now h(z) < 0 on W9. Hence
we can use (—h) to define a Doob h-transform. The transition densities of the h-transformed process
are given by using the definition of A, Proposition 1.3 and cancelling the terms in \; which can be
brought outside of the determinant as prefactors. This gives

4 det(\; TeNim)d

b,j=1 d
| | det(gnti—j(zj — 2i))i=1-
J — J 1) )i,5=1
i1 det(A; Te=Aiiyd .
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This is invariant under permutations of the A;. Thus the h-transformed process in the case A\ <
. < Aq agrees with the case A\; > ... > A4
Alternatively we can define (Z(n))n>0 = (Z1(n), ..., Z4(n))n>0 by conditioning on {7 > m} and
then taking the limit m — oco. For bounded measurable f,

PS(n) (7’ >m — n)

B (208 k <)) = lim Be| F(S(0) k<m0
Theorem 1.2 gives the asymptotics of the ratio on the right hand side. In the case when either
A1 > ... > Ag or all rates are equal, then this definition of (Z(n)),>o coincides with the definition
of (Z(n))n>0 as an h-transform.

If A1 <...< Ag then using part (iii) of Theorem 1.2,
d .7_ . by
I[Dz('r >m — n) N evn ez;'zl()‘z f‘)zzh(i‘) (Z) 7 M —s o

Pm(T > m) izt (Ai=A)zi p(A) (q;)

Therefore (Z(n),>o has transition densities

622 1(A )‘ Zlh Z

yn n 1 )\j(ija:j) o o d '
¢ eZz 1(A )‘ xzh ;\ :L; H )\ ] det(an’»’L*] (Z] xl))l,]:l

>

(5\)( ) d_—S94_ Nzj—z;)
= — Ne™ 24j=1 A% %) det(
This agrees with a Doob h-transform of an exponential random walk with equal rates all given by A
and using hY) as the harmonic function. Thus the definitions of (Z(n))n>0 and (Z(n))n>o do not
coincide in the case A1 < ... < Ag. This has been observed for one-dimensional random walks, see
Bertoin and Doney (1994).

All of the above has an analogue where ordering is replaced by interlacing. The only difference
comes from the fact that h has been defined on all of W< while h has been defined only on int(1W9).
Suppose either that Ay > ... > \; or that all rates are equal. We define an interlaced exponential
random walk as an h-transform (Y (n))p>0 = (Y1(n), ..., Y4(n))n>o satisfying for z € int(W?) and
bounded measurable f that

d
An+i— j( :ni))i,j:l-

E,[f(Y(k):0<k<n) =E, F(S(k) 10 <k <n)lgpom |-

This defines a Markov chain on int(WW?). The reason that h has been defined on int(W?) is that if
the starting points coincide then almost surely the interlacing condition will not be satisfied even
after a single step. This corresponds to the fact that h(xz) — 0 as x — W It is therefore not
immediately obvious how to start (Y (n)),>o from the boundary of W¢9. We will focus on the case
where Y (0) = 0.
For x € int(W?) the transition densities of Y are given by
d

bE;; [T Ape 2= M2 det (gu (25 — 2))i - d=
j=1
(

e—AiZJ )d

bi= 1H)\"det (an(zj — )%, dz.
4,j=1 j=1

P.(Y(n) € dz) =

b
det
 det(eNirs )4
For n > d take a limit as © — 0 using (2.11) to find
H] 1)\?1_[] 1 ;L dA( )det( )\Z]);l] 1dZ
[T (0 = ')

lim P,(Y(n) € dz) =
z—0
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S1(4) = S1(2)

<
51(3) = S1(1) S3(3) = 5(2)

< <

S1(2) =0 S2(2) = S»(1) S5(2) = S5(2)
< <

Si(1) =0 Sy(1) =0 Ss(1) = S5(1)
< <

0 0 0

F1GUrE B.3. The coupling between ordered and interlaced processes used in Section B.1.

The condition that n > d ensures differentiability of the functions inside the matrix in order to
apply (2.11). This defines an entrance law for the interlaced random walk (Y (n)),>q started from
Zero.

Appendix B. Connections to other models

Ordered exponential random walks can be connected to a variety of other models. All of these
connections rely on the initial condition being zero.

B.1. Last passage percolation. In Section 2.3 we defined a coupling that represents an ordered ran-
dom walk as an interlaced random walk started from a random initial condition. There is a variant
of this coupling that we only use in this subsection where we instead represent an interlaced random
walk as an ordered random walk started from a random initial condition. We consider this only
started from zero.

From the same independent collection of exponential random variables (X;;)i>1,1<j<a With rates
Aj > 0 we define

5;(0) =0, 1<j<d,
Sj(k) = Sj(k = 1) + X;, k>1,1<j<d,
and
S;j(k) =0, 0<k<d—j1<j<d,
Sj(k) = Sj(k = 1) + Xk—d+j k>d—j+1,1<j<d

We have, see Figure B.3 for an illustration,
Si(k) =Sk +d—j), 1<j<dk>0.

In the case where the rates are ordered as A\; > ... > Ag then the event of positive probability that
Nis1 ﬂ?ZQ{Sj_l(i) < §;(@)} occurs if and only if the event ()5, {S(i—1) < §(i)} occurs. Therefore

the conditional laws also agree. This means that for all d,n > 1, if ¥1(0) = ... = ¥4(0) = 0 and
Z1(0) =...=Z4(0) = 0 we have
d
(Zl(n), Zg(n), ey Zd(n))nzd = (Yi (n +d— 1), Yg(n +d— 2), R ,Yd(n))nzd. (Bl)

This has been observed in O’Connell (2003) and is related to a bijection between Young tableaux
and reverse plane partitions. The restriction n > d could be removed by modifying the definition
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of the entrance law for Y in Appendix A. In the case of equal rates we use that,
RO () h(x) . hMAa) (@) p(x)

li = = .
s e A(N) H?;j!’ Mg A(N) H?;iﬂ

For h this is Lemma 2.4. It can be proven in a similar way for h using (2.11). This can be used
to prove weak convergence of the Doob h-transforms as Aj,..., Ay — 1. Therefore (B.1) also holds
with Ay =...=X\g=1.

Equation (B.1) connects ordered exponential random walks to last passage percolation. It was
shown in Johansson (2000) for equal rates that the output process of applying the Robinson-
Schensted-Knuth (RSK) correspondence to last passage percolation is given by the process (Y (n)),>o0.
In particular,

d
(Ya(n))nza = (L(1, d))n>a- (B.2)
For general rates, see for example Dicker and Warren (2009). This can be combined with (B.1) to
give
d
(Za(m)nza = (L(n, d))n>a-

The restriction n > d is unnecessary and is removed in the next subsection.

B.2. Queueing theory. Suppose that Ay > ... > \g > 0and let (Ny(¢),..., Ng(t))s>0 be independent
Poisson point processes where N; has rate Ag—j41 for j = 1,...,d. Let (My(t),..., My(t))i>0 denote
(N1(t), ..., Na(t))s>0 conditoned on the event that Ny(t) < ... < Ny(t) for all £ > 0.

O’Connell and Yor (2002) proved a representation for (M (t));>0 in terms of a queueing network.
Consider a series of (d — 1) tandem queues. Customers arrive at rate A\; at the first queue which
has exponentially distributed services with rate A\j_1. After departing from the first queue they
immediately join the second queue which has service rate A\y_s. This continues until the customer
departs from the (d — 1)-th queue and exits the system. It was shown in O'Connell and Yor (2002)
that M (t) counts the number of customers who have departed from the (d —1)-th queue by time ¢.

By reversing the role of space and time, it is possible to give queueing interpretations to ordered

exponential random walks. For j =1,...,d define

Sj(n) =inf{t > 0: Ng_j41(t) > n}, n>0.
Then Sy, ...,S5, are independent random walks with exponential increments with rates Ai,..., g
started from S1(0) = ... = 54(0) = 0. Moreover, the event {Ni(t) < ... < Ng(t) for all t > 0} is the
same as the event that {S1(n) < ... < Sy(n) for all n > 0}. Let Z;(n) =inf{t > 0: Mg_;1:1(t) >
n}. Then (Z1(n),. .., Zi(n))n>o started from Z;(0) = ... = Z4(0) = 0 is equal in distribution to the

times at which jumps occur in Poisson point processes conditioned not to collide. In particular, the
queueing interpretation of (Mj(t))i>0 gives a queueing interpretation of (Z;(n))n>0 as the process
in n of the departure times of the n-th customer from the (d — 1)-th queue in the series of tandem
queues defined above.

This queueing interpretation of (Zg(n)),>o can then be further connected with last passage
percolation and Equation (1.1). It is known that departure times from tandem queueing networks
satisfy the same recursion equation as last passage percolation. For k > 0 let D(k, 1) denote the
k-th arrival time at the first queue and D(k,j 4+ 1) denote the k-th departure from the j-th queue
for j =1,...,d — 1. The structure of the queueing network means that

D(k,j) = max(D(k,j —1),D(k—1,7)) +ex;, k>0,j=1,...,d

Note that last passage percolation times satisfy the same equation.
Therefore we can observe that

(Za(n))nz0 < (D(n,d))nz0

in two different ways:
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(i) Apply the result of O’Connell and Yor (2002) and reverse the role of space and time as described
in this subsection.

(ii) Apply the connection between interlaced and exponential random walks in Equation (B.1), the
result of Johansson (2000) stated in (1.2) and then the above connection between last passage
percolation and departure times in queues. This argument adds in an extra constraint n > d
but more careful arguments of this type could remove this.

The case of equal rates can then be established by taking limits as in Section B.1.

B.3. Push-block dynamics. Processes on Gelfand-Tsetlin patterns where particles attempt to make
independent geometrically distributed jumps while experiencing pushing and blocking interactions
have been constructed in Borodin and Ferrari (2014) and Section 2.2 of Warren and Windridge
(2009). Both involve particles being blocked by the positions of other particles at the previous time
step. The bottom layer evolves as an interlaced exponential random walk. The example below does
not immediately appear to fit into the general framework in Borodin and Ferrari (2014).

Suppose that A\; > ... > Ay > 0. We will consider processes on Gelfand-Tsetlin patterns taking
values in the state space

Kg={z§ €eR:1<j<k<dwithaf"} <af <2}
with the conventions that xlg = —o0 and Q:QH = 00.

We start by defining a process considered in Section 2.1 of Warren and Windridge (2009) taking
values in K; and denoted by (M]k(t) :1<j<k<dt>0) started from MJ’“(O) = 0. Each particle
M Jk attempts a nearest-neighbour jump to the right at rate Aj_x41 that may be subject to two
possible interactions. Suppose the particle with position M jk (t_) before the possible jump attempts
to jump at time ¢.

e Blocking. If M]]-"’(t,) = Mfﬁl(t,) then any rightward jump is suppressed so that M]k(t) =
MJ(to).

e Pushing. If Mf(t_) = Mjkjll (t—) and M]k(t) = Mj’-“(t_) + 1 then this pushes the particle in
level k& + 1 so that M f—:_ll (t) = ijll (t—) + 1. This jump may then cause further jumps in
levels k + 2, ..., d.

An argument involving intertwinings shows, for example in Theorem 2.1 of Warren and Windridge
(2009), that (M{(t),..., M3(t))+>o is a collection of Poisson point process with rates Ay < ... < A\
conditioned to satisfy M{(t) < ... < M4(¢) for all t > 0 using the harmonic function b.

We now construct a second process on K, with push-block interactions by reversing the role of
space and time. For 1 < j <k <d let

ij(n) =inf{t>0: M,f_j_H(t) >n}, n>0. (B.3)

This defines a discrete-time process on Ky denoted by (Z jk(n) :1<j<k<d,neNy) and started
from ZJ’?(O) = 0. We first describe the dynamics on this array before then justifying that this
dynamics arises from (B.3).

At time n we update each layer starting with le, then Z12, Z22, and so on until Zii, cen Zfll. Let
(ef(n) :1<j<k<d,n>0) be independent exponential random variables with rate \;. Suppose
we have updated the positions of le,Zf,ZQQ, .. .,Zf_l, .. .,Z,’j:ll. Then for j = 1,...,k each Z]’?
attempts an independent jump according to an exponential random variable with rate A\, subject
to two types of interaction:

o Pushing. If Z;:—_ll (n) > ij(n — 1) then Zf is pushed to position Z]]?__ll (n) before performing
its exponential jump.
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e Blocking. The proposed exponential jump from this pushed position takes value given by
maX(Z]k__ll (n), ij'(n -1))+ eé‘?(n). If this exceeds Z]’-“_l(n) then the overshoot is blocked and

we set Z]k(n) = fol(n).
Therefore the combination of pushing and blocking interactions involves setting
ij(n) = min(fol(n), maX(ijll(n), Zf(n -1))+ e?(n)) (B.4)

We now explain how these interactions are a consequence of the push-block interactions in the
definition of the M Jk and the definition of the Z ]k in terms of M ]k given in (B.3).

Suppose first that inf{t > 0 : MF_ j+1(t) = n} is attained without occurring due to a push by

M ,f:jl. This jump in the particle labelled M ,ff j+1 tosite n becomes possible after both M ,f; has

1
reached site n — 1 and M ,f__jl 1 has reached site n (so that the jump is not blocked). Thus the jump
becomes possible at the time given by the maximum of Z]’? (n—1)=inf{t > 0: M,f_j+1(t) >n—1}
and Zf:ll (n) =inf{t > 0: M]f:jlﬂ(t) > n}. The jump then occurs after a waiting time given by an
exponential random variable denoted e;?(n) that is independent of all other random variables. The
other option is that le__jl jumps to site n and pushes M,’:_jﬂ. This occurs at time Z]'?_l(n). The

minimum over these two possibilities gives the first time that M ,f_ jumps to site n. Therefore

Jj+1

ij(n) = min(fol(n), maX(Zkall(n), Zf(n 1)+ e?(n))

This agrees with (B3.4).

Suppose that Ay > ... > A;. As the (M{(t),..., M4(t))i>0 are Poisson point process with
rates \; < ... < Aq conditioned on the event that {M{(t) < ... < MZ(t) for all ¢t > 0} then
(Z{(n),...,Z%n))n>0 are exponential random walks with rates Ay > ... > A\; conditioned on the
event that {Z¢(n) < ...Z%(n) for all n > 0}. The two interpretations of (Z%(n)),>o as either the
top particle in an ordered exponential random walk or as the top particle in a system with pushing
interactions give another proof of Equation (1.1). The case of equal rates can be established by
taking limits as in Section B.1. The point of this Section is that the underlying dynamics on
the Gelfand Tsetlin pattern involves a bottom layer evolving as an ordered rather than interlaced
exponential random walk.
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