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Abstract
Two problems dealing with the random skewed splitting of some population into J different types are considered.

In a first discrete setup, the sizes of the sub-populations come from independent shifted-geometric with unequal charac-
teristics. Various J — oo asymptotics of the induced occupancies are investigated: the total population size, the number of
unfilled types, the index of consecutive filled types, the maximum number of individuals in some state and the index of the
type(s) achieving this maximum. Equivalently, this problem is amenable to the classical one of assigning indistinguishable
particles (Bosons) at J sites, in some random allocation problem.

In a second parallel setup in the continuum, we consider a large population of say J ‘stars’, the intensities of which have
independent exponential distributions with unequal inverse temperatures. Stars are being observed only if their intensities
exceed some threshold value. Depending on the choice of the inverse temperatures, we investigate the energy partitioning
among stars, the total energy emitted by the observed stars, the number of the observable stars and the energy and index
of the star emitting the most.

Keywords: sum and maximum, independent shifted-geometric/exponential distributions, discrete/continuous partition-
ing, combinatorial probability

1. Introduction

Consider the partitioning of some population the individuals of which can be of J different types or states. We assume
that the sizes of the type-j sub-populations (j = 1, ..., J) have independent shifted-geometric distributions with unequal
success probabilities. Depending on these probabilities, we envisage various asymptotics for the occupancy distributions,
including total population size and the number of unfilled states. Other statistical quantities of interest such as: the index
of the consecutive filled states, the maximum number of particles in some state and the index of the site(s) achieving this
maximum are also investigated. One of the asymptotics we chiefly focus on is J — oo.

A toy variant of the latter model is also investigated in the continuum which is shown to be amenable to a quite similar
treatment; it deals with a population of say J ‘stars’ the intensities of which have independent exponential distributions
with unequal inverse temperatures that can be observed or not depending on whether the intensities exceed or not some
threshold value. Of parallel interest then is the energy partitioning among stars, the total energy emitted by the observed
stars, the number of the observable stars, the energy and index of the star emitting the most. And the way all these
quantities depend on the choice of the inverse temperatures. Some examples are detailed and the limit J/ — oo is also
investigated in this context. This second aspect of the partitioning problem in the continuum seems to be new.

Let us summarize our results and sketch the organization of the manuscript: motivated by examples from physics, we have
studied specific partitioning problems, thereby contributing to general probability theory and discrete mathematics. Con-
sidering a population with J different sub-populations (or states) whose sizes G; are independent (shifted-)geometrically
distributed, in general with different parameters, we have studied various distributions of interest under several asymptotic
regimes. First, in Section 2.1, the distribution of total population size X; = Zle G, and the joint distributions of relative
population sizes G;/E (X;) were investigated, also asymptotically, the latter e.g. for J fixed and large population size.
A condensation phenomenon was highlighted. Section 2.2 considers the number of non-empty states and constrained
occupancies problems. In Section 2.3 asymptotics where J — oo are discussed, with a {0 — 1}-law distinguishing if the
series of parameters converges or not. Further, the first non-empty state and site indices till consecutive records (Section
2.4) and the size and index of the most filled state (Sections 2.5 and 2.6) have been addressed. Section 2.7 gives some
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concrete examples of parameter sequences. Section 3 transfers the theory to the continuous analog with independent
(shifted-)exponential distributions with an illustrative (non-exhaustive) physical image from astronomy.

2. The Discrete Model: A Skewed Bose Occupancy Problem

Let J be some integer denoting the number of species (or types) of some population. It can also be the number of sites at
which indistinguishable particles (Bosons) will be assigned to, in some random allocation problem, (Kolchin, 1986). Let
aj€(0,1)and@; = 1-aj, j=1,..,J. Consider independent geometric random variables (rv’s) G;.’ each with success
parameter a; and let G; = G¥ — 1. We will rather deal with this shifted geometric rv G;, standing for the number of
particles assigned to site j (the number of individuals of type j, possibly 0) in some grand-canonical allocation problem.
Thus G}“ =1+ Gj, which is also G; | G; > 1, will stand for the number of particles assigned to site j given this site is

occupied. In such an occupancy model, the total number of particles in the system, namely X, = Z]JE] G/, is random.
And the model allows for unoccupied states. A related partitioning model with this opportunity was recently developed
in (Huillet, 2018). The unskewed case where «; = @, j = 1, ..., J, with the G;’s independent and identically distributed
(iid) is a simpler issue that will also be briefly dealt with in passing. The simpler sum 21:1 G}r was considered in (Sen &
Balakrishnan, 1999) in a reliability problem.

2.1 Skewed Occupancy Distributions

For any power series ¢ (z) = 3,51 ¢:z, we shall denote [zi] ¢ (2) = ¢;, the z'—coefficient of ¢ (2).
The joint probability generating function (pgf) of the G;’s is:

{ﬂ ] li=es ,z,e[Ol]

j=1

so that for any non-negative integers iy, ..., i;, the species occupancy distribution reads

PG =i,...Gy =1y =

oL )= T (- o) T 0 2

¢ A special asymptotic regime:
Letg;:=E (Gj) =aj/ (1 - ozj) (:= means equals by definition) and x; := E (X;) = 211:1 gj» the mean number of particles
in the system. Suppose a; = 6;/ (a + 6j) for some sequence ¢; > 0 and & > 0 small, in such a way thata; —» 1" ase — 0

forall j=1,...,J. Then both g; = s‘léj and x; = &7 Zle 0j = o0 ase — 0 while g;/x; =6/ ZJJ.:I 0; is well-defined
and independent of &. For this particular choice of a;, when & approaches 0 (x; — o), for all fixed J, we have

4 Jx) 4 1 -a; l-a;
(1) = M1t )t

j=1 1—ajzj a,—rlogzj

J
j=

ﬁ (1 - —jlogz/)l l_[ (1 + —logz,)

j=1 1

J
e(g,-/x,)logz,v — ]_[Zéfj/)w.

J

—-

I
—_

J J=1

In the above, ~ means that the ratio of the quantities appearing to the left and right of this symbol tends to 1 as x; — oo,
to the dominant order.

proposition 1. Under the above conditions on the g;’s,

_ P
x;' (Gy,....,Gy) = (81/X7, . 811X )
The pgf of X itself is
J
1-
¢, :=E 1:1[1 aj,ZG[O 1.
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As such, the rv X; also interprets as the number of successes before the J—th failure in an inhomogeneous Bernoulli
process, with probabilities 1 — a; of successes on each trial (as an extended version of the negative binomial pgf).

When dealing with the joint distribution of (XJ, Giij=1,.., J), we have
J o .
E Xy Aj — J
[z HZ] ] l_l—l_ajZZj
Jj=1
. G
E[nzj’ | X; =i

J=1

1 i ! _aj
P(X; = 0) 7] ];[ 1—azz;
[z’] I (1 —a/jZZj)_l

T (1 - a2)

As a result, for any non-negative integers iy, ..., i;, summing to i, with

J 1 J
‘ - .
Zi=[|[ (1 =a) = 3 []el.
j=1 B i=i =1
ij20, j= 1]

an ordinary Bell polynomial (Comtet, 1970),
112y (3)

also gives the canonical occupancy distribution given the total number of particles is i. Note that defining s; := «;/ ijl aj,
j=1,..,J, summing to 1, with
J

Zyi=2Z/ (Z @j]

J=1

J
PG =i,..Gr=iy| X, =0 =] |s]/Z
j=1

interpreting as a i—Bose sampling procedure of the unit interval [0, 1] split into J parts of unequal sizes s;.
¢ A condensation phenomenon:

Suppose @; > a3 > ... > ;. Let us show that, when the number of types J is held fixed, the particles tend to concentrate
on the ground state (which is the unique type with largest «;, here chosen without loss of generality (w.l.0.g) as @), when

the number of particles i increases. We denote (G, ...,Gy | X; = i) =: (Gj @; j=1,.., J)

proposition 2. With J kept fixed, as the number of particles i grows, we have the convergence in distribution
. N 4
(G2, Gy (D) > (G2 G) 4)

where the G ;s are independent rv’s which are geometrically distributed with success parameters 1 — a;/ay, j = 2,...,J.
Consequently,

G /i,.... Gy (D) D) iT—d:o (1,0,...,0). 5)

Proof: Let [J] := {1, ..., J}. Developing the product partition function Z;; into a sum of J rational fractions, extracting its
coefficient of 7', we easily get (after obvious identification of the coefficients)

J -1
Zy = Z W;a/; where W; := 1_[ (1 - %) ,
=1

kelI\j) @j
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Isolate the ground state term and factorize a;. Then

J
ZJ’,' = ail [Wl + Z Wjaj]
=2

where a; ;= aj/a; < 1, j=2,...,J. With i} +... +i; = i, we want to estimate the joint law of the occupancies G (i) which
is L
U — e s _ ij
P(G](l) =i; j= 1,...,J) = Zn Ha/j.

Since i} = i — (i + ... + i;), using the expression of Z;;, for all i;, j = 2,...,J, obeying Zfzz ij < 1, the joint occupancy
distribution of all states but the ground state reads

HJ ai.’
P(Gi()=if j=2ud)= =2
( + Z/ 2 W )
M., d’ (1-a; J 4
= M , while using W; = 1—[ (1 - a_,-) .
1+ Z/ 5 W: g k=2
The term ", i 3,/ a goes to 0 exponentially fast with i getting large and, since a; < ... < a3 < ay < 1, it has the dominant

term & (i) := a2W2 / Wi < 0. Asi — oo, we therefore expect

P(G;()=ij j=2 ~<1—e(z))]_[ (1-a)) ©)

When i gets large therefore, a good approximation of the joint occupancies of all ordered states but the ground state is
the one of geometrically distributed finite random variables with normalized success probabilities 1 — a;. In other words,
the probabilities of G; (i) /i; j = 2,...,J all concentrate to 0 and therefore all the probability mass goes to the ground
state (j = 1). This is the content of the statement displayed in Eq. (5). This fact is reminiscent of the Bose-Einstein
condensation. O

Coming back to X;, whenever the as are all distinct, the decomposition of ¢, (z) into simple fractions also gives it as a
weighted sum of the elementary geometrics with negative or positive weights w; summing to 1:

J — —
a; e
j J
¢y (2) = § WiT e i T | | p——
=1 j kel 7 Ok
not a probability mixture. If the s are sorted in descending order, the w; alternate in sign starting with wy > 0.

While expanding directly the product giving ¢, (z), we get the odd explicit expression

J
P =0 =[d]¢s@ =2 [ [(1-a)).

J=1

The process (X;;J > 0), with Xy = 0, has the structure of a process with independent and non-stationary increments so
that

PX, =)= ) P = PG =i= ).
j=0

Hopefully however, by recurrence it holds:

proposition 3. The probability mass function (pmf) P (X; = i) can be obtained by the recurrence
P(Xj = l) = aJP(Xj =i- 1)+(1 —a/J)P(XJ_l = l), l,] > 1 (7)

with boundary conditions: P(X; = 0) = ;:1 (1 - ozj)for allJ > 1and P (Xg=1i) =0foralli> 1.
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This can be useful to recursively generate such probabilities on a lap-top because to produce P (X; = ) only P (X; =i - 1)

and P (X,_; = i) are needed from previous computations and not the whole sequence P (X;_; = j), j =0, ..., i.

Let [J]; := T(J +i)/T'(J) and []] := Bt := SH8 1 @ = o for all j (the iid case), P(X; = i) = (1 —a)’ &[] (the
negative binomial probability mass functlon) obeys the recurrence P(X; =) =P (X; =i- 1)+ (1 —-a)P (X, =), as
a result of[!] = [i_Jl] + [J;'].

Note that, as a result of P(X; = i) = Z;, - ]_[j,l (1 - aj), Zj;itself obeys the recurrence Z;; = a;Z;;-1 + Zj—14, i, J = 1,
with boundary conditions Z;, = 1 forall / > 1 and Zy; = O forall i > 1.

2.2 Number of Filled States and Constrained Occupancies

LetB; =1 (G_,« > O) indicate whether site j is filled or free of particles (species j has or not at least one representative in the

population). Itis a Bernoulli(a j)rv, so with P (B = 1) = «;.The total number of filled sites in the system is P; = ZJJ.: 1 Bj
with pgf

J
¢r @) =E(z") = [ [(1- ;0 -20)).
j=1

With g; = E (G.,-) =a;/ (1 - a‘,-) > 0, forall p € {0, ..., J}, we have the odd Fermi-Dirac like expressions

J )
PP,=p) = [Zg]¢1(20)=n(1—%’)' Z l—lgjq
j=1 1<ji<..<jp<d g=1
J J
= [[(-a) 0 le
= Sii=p =]
ij€l0,1), j=1,00d

proposition 4. The probabilities P (P; = p), p =0, ..., J, can be generated by using the recurrence
PP,=p)=aPPjmy=p-D+U0-a)PP)y=p),J2p=1, (®)
with boundary conditions: P(P; =0) = ]_[;=I (1 - a/j)for all J > 1 and P(Py = p) = 6,0, p 2 0.

This translates the fact that (P;;J > 0), with Py 4 0o, has the structure of a time-inhomogeneous Markov chain with
one-step transition matrix from step j — 1to j, j > 1, say P, ; = [Pj_l,j (p, q)], p,q > 0, given by:

Pi,jp.p)=1-a;,Pii(p,p+1)=ajand Pj_ (p,q) =0if g # {p,p + 1}.
Note that if @; = « for all j (the iid case), P(P; = p) = (;)af’ (1 — @)’~” (the binomial distribution), known to satisfy

the recurrence P (P; = p) = aP(Pj.i=p—-1)+ (1 —a)P(P,_; = p) as a result of (1])) = (;Zi) + (1;1), (Pascal’s triangle
identity for binomial coefficients).

We note that

J
E(P)) = Zaj and o (P) = > a;(1-a;) =E(P)) - Za
j=1 j=1
while
J J a; J a;
EX)=) 8=, ro ado? (X)= ) —— —E(XJ>+Zg3.
j=1 j=1 J =1 (1 -« j=1

We also have
1-a,;
E(z 178G ) =1-q; +a'jZOE(ZG;) =1 —aj+ajzozl( _(:/Zj)
J

so that

J J 1-a;
E[Zg’ l_[ foGf] l;l[ —aj+ QJZOZJI(_ ajj;)]
J J Z;
U 1 -a; 1_[(1+ajzol—a- )

J=1 J=1 i
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Plugging z; =z, j =1, ..., J, observing X; = Zle B;G;, we get

proposition 5.

J z(l—a') J I _qa(] -
Py X\ _ J)| ]Z( ZO)
E(ZOJZ J)_l_[(l—a’j+a’j2()1_—ajz = , (l_aj)l_[l——ajz ©))
J=1 J=1 j=1
gives the joint pgf of (P, X;).
For all fixed sequence 1 < ji < ... < j, < J of sites and all effective occupancies iy, ...,i,, > 1 of these sites,
P(Gj] = i],...,Gjp = i,,;P] = p) =
T G : P
[ T 1B ) =10 e Toi
g=1 j=1 g=1
Remark: Considering the joint probability
PX,=0P,=p) = [Zgzi]E(Zg’ZX’),
we get the conditional probabilities
pi Py X
) 752 | Elzy'z"
PX;=i|lP;=p) = —[ J ( b )
|| E (=)
P i Py X
[ZOZ]E(ZO Z ’)
PPyj=plX;=i —_—"
Py=plX;=1) TR )

2.3 Letting the Number of Types J — oo

We now run into the infinitely many species (types, sites) problem: J — oo.

proposition 6. As J — oo, consider X := Z}“;l G ;. The rv X is either co with probability 1 or it is < co with probability 1.

Proof: (Hewitt-Savage {0, 1} —law) Indeed, suppose X = oo (X < o0) with probability 1 — p (p). Then the same holds true
with X0 = 2;‘;0 sz+1 and XFver = Zjil sz. But then

p=P(X < 00) =P (X% < 00) P(X5"" < o0) = p?
which is only possible if p € {0, 1}. O

We now have

P(X:O):l_[(l—ozj)

j=1
which is > 0, together with P (X = i) for all i > 1, if and only if (iff): ijl a; < oo, because then
) -1
PX=i)=PX=0[|][[(1-a2) >0
21

proposition 7. Iff 3’ ;5| @; < oo, X < oo with probability 1, otherwise X = oo with probability 1.

As J — oo, consider now P = 3777, Bj. This rv is either co with probability 1 or it is < co with probability 1. We have
P(P=0)=[](1-a)
j21

which is > 0, together with P (P = p) forall p > 1, iff } ;5 @; < oo, because then

P(P:p):P(PzO)[z(p)”_[(1+l

=1

aj
zo| > 0.
s

Thus,
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proposition 8. Concomitantly with X, iff ¥’ j») a; < oo, P < oo with probability 1, otherwise P = oo with probability 1.

Two cases arise:
e The case } ;.| a; < oo, where both X, P < co with probability 1.
This occurs when @; — 0 faster than j~' with the sequence of partial sums Z]JE] «; being bounded.

What can be said about the shape of the distribution of P and X?

- Concerning the rv P:

¢(20) =E(zf) = l_[(l —a; (1 - 20))

21

whose convergence radius sup (zo > 0 : ¢ (z9) < ®) = +00 (¢ (z0) is an entire function). The rv P has all its moments
finite. The mean and variance are already known. For instance, the third central moment is

2
E[(P—EP)3] = Zaj(l —a/j) —Za?(l —aj) < 00.
21 S
Having only real zeros located at 1 — 1/a; < 0, ¢ (zo) is not the pgf of an infinitely divisible rv P (cf. Proposition /.2.8 of
(Steutel & van Harn, 2004)). The coefficients P (X = i) form an infinite Polya sequence, (Pitman, 1997).

- Concerning the rv X: its pgf

6 =E(X) =[] 11__5; ze(0,1].
J

izl
has convergence radius z. = min;s; (1 Ja j) > 1, showing that z’gP (X = k) —»Constant as k — oo.

proposition 9. If X < oo, the rv X is self-decomposable, in particular infinitely divisible (compound Poisson).

Proof: Indeed,

R =logd @) = ) —= (Za"”]
k>0

j=1 j=1

with canonical sequence

=[#|R@ =) " >0

=1
obeying ry — r-; = — (1 - a/j) 2zl a/’jf <0, k > 1. We conclude (see Theorem V.4.13 of (Steutel & van Harn, 2004))
(z)

]h()d

r !
R(@)=ro and ¢ (z) ="
where h(z) = ry 1 Dksl 2 (rey — ) is an absolutely monotone pgf obeying 4 (0) = 0. O

Remark: If @; — 0, there exists jo such that r; < 1/2 (else 1/ (1 — aj) < 2) for all j > jy. Therefore, for any &,
Jo

Za/]<ooﬁz Z +2k2a,<oo

j>1 j=1 1—(1’]) Jj=1 (l—a] J>Jo

showing that if X < co then X has all its moments finite. And similarly for P.

Examples: This includes the case a; = e, @, 8 > 0 with @; decreasing to 0 faster than j~'. The nature of ¥, ;5 1= is
- J

the one of I = [~ < 2 dx with (£ (07) = Yoy k)

I<((A/a) T +1/a) 1V <oifa < 1.
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The case a; = al, a € (0, 1) and also aj=j° log_ﬁ (G+1),a>1,eRora=1,8>1 are also included.

e The case } ;.| a; = oo, where both X, P = oo with probability 1.

The question here is: is there a way to scale (P, X;) so as to obtain proper weak limits as / — oo? In such a situation,
E(P;) > 0 as J — oo.

- Concerning the rv P: If both E (P,) and o2 (Py) tend to oo as J — oo, then o (Py) /E (P;) < 1/o (P;) = 0 and
PJ -E (P]) d
— 5 N(0,1) as J — oo.
o (Py)
Examples:

This occurs if @; — 0 slower than j~!, for example a; ~ j (@ € (0,1)) or @; ~ j~' log™ j (8 < 1). Butalso if a; = &
(the iid case) with E (Py) = aJ and o (P)) = Ja (1 — a).

The condition o (P;) /E (P;) — Ois also met if &; — 1.

For example, if @; = 1 — o/ (@ € (0, 1)), E(P;) — o0 as J — oo while 0 (P)) = Zle aj(l - a/j) - af (1 - ozz) . In this
case also, o (P;) /E(P;) > 0. If a; ~ 1 = 1j~', E(P;) - co as ] — oo while 0% (P)) > A% j5; j~ (1= 4j7") = oo with
o(Py)/E(Py) — 0.

Choosing aj ~ 1 —4j* witha > 1, E(P;) — oo while o (P)) » A1 JV (=2 < oo, still with o (Py) /E (Py) —
0.

- Concerning the rv X: Under the condition }, j21@j = oo, both E (X,) and o2 (X;) tend to oo as J — co.

If u; > 0 with 211:1 1 = 1, by Jensen inequality, for all x; > 0

J L
{Zﬂjgj] < Zﬂjxi-
j=1 j=1

Choosing u; = a;/E(Py) and x; = 1/ (1 - aj) yields o (X;) /E (X;) > 1/E (PJ)1/2 with E (P;) — co. On the other hand,
from the relation between /, and /; norms

Pxy=y =y Y (1 T )< E (X)) (1 +E (X)),
= (1 —aj) =1 1-a; 1-a;
showing that o (X;) /E (X;) < (1 + 1/E (X,;))"/? with E (X;) — oo.
If o (X;)/E(X;) — 0and

=1,...,

then Lindeberg criterion is fulfilled, (Billingsley, 2012), and one expects

XJ—E(XJ) d
—o-(XJ) - N(,1) as J — oo. (10)

Both the B;’s and the G,’s are independent in L,. By Kolmogorov strong law:

If 351 /202 (B)) = o1 2 (1 - ) < oo, then

1
Jlim 7 (P; — E(Py)) = 0 almost surely.

If X1 j720'2 (Gj) =2l jiza/j(l - a'j)_z < oo, then

1
Jlim 7 (X; — E(X))) = 0 almost surely.

38



http://ijsp.ccsenet.org International Journal of Statistics and Probability Vol. 8, No. 6; 2019

2.4 Firstly Occupied Site Index and Site Indices Till Consecutive Records

Let 9, = inf ( JjeW]:B;= l) be the index of the first filled site when the number of sites is J, finite. With the empty
product being 1, we have

J
P, >p=]]0-0a0,j=0,..0-1,P(;>])=0

k=1

with P(J; = J) = [TjZ} (I — a). Letting / — oo and J = inf (j > 1 : B; = 1), it holds
J
P(j>j):l—[(1—ak):P(PJ-:O),jZO. (11)
k=1

I Y sk <00 P(J =00) =[]is1 (1 —ag) > 0. There is a positive probability that J = co.
-If Y41 @x = o0, then J < oo with probability 1.

proposition 10. More generally, with p > 1, define % = inf (j >1:P;= Zi:l By = p) > p be the first index when P;
equals p. Note TV = . Then,

P/':Zl(j(p) S])

p=1

and
P(g? > j)=P(P;<p-1).

proposition 11. This probability can be generated by using the recurrence on P (P; = p), leading to

P(TP > j)=aP(T0V > j- 1)+ (1-a))P(T? > j-1), (12)
with boundary conditions: P(j(') > j) = H,{zl (I —ap)forall j=0 andP(j(o) > j) =0,/20.

Note that 7@ — 7= (7O = () is the number of sites between consecutive filled states, with

P(j(p) —gwh = J) — Z P(j(ﬁfl) — I)P(j(p) —l=]] gD = l)
I>p-1

and

P(j(p)—l>j|j(p_l) :l)= ﬁ(l — Q1) -
k=1

2.5 Number of Particles in the Most Filled Site

The number of particles in the most filled site is X = maxf= , G; with probability distribution function (pdf)

J
P(X;Si):]_[(l—a;“),izo. (13)

J=1

As J — oo, consider X* = max ;| G;, so with

P <i=]](1-") iz0.

j=1

-If Yoy @j < oo, then 3 15 a;.“ < oo for all i > 0 showing that P (X* < i) > O for all i > 0 : thus X* < co with probability
1, with support {0, ..., co}. Note in particular

P =0)=]](1-ej)>0

=1
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corresponding to the event X = 0. This occurs for example when a; = e PP where B(j) = j*log? (j+ 1), @ >0,8€Ror
B(j)=a 7, a € (0,1). Inall such cases, ; — 0 as j — oo.

-1If 3 js1 @ = oo, then P (X* = 0) = 0. Let then

i* = sup [i >0: Z ot = oo] €{0,...,00}. (14)
jz1

Two cases arise:

1/i* < ocothen P(X* <i) =0foralli <i* and P(X* <i) > 0 forall i > i*: we conclude that X* < oo with probability 1,
with support {i* + 1, ..., 00} . In such a situation, necessarily, @; — 0 as j — oo. This occurs for example when «; = e PV
where 8 (j) = Blog j, B € (0,1], (ijl a;=ocowithi* = [1/8-1)).

2/ i = oo: then X* = oo with probability 1. This occurs in the trivial iid case a; = « for all j > 1 but also for all
sequences a; — 1 as j — oo. There are examples with @; — 0 as j — oo and i* = oo; think of @; = e#") where
B(j) =ploglog(j+1) — oo.

proposition 12. The rv X* is also either < oo or it is oo with probability 1. It is finite iff 3’ >y a; < o0 or 3, ;51 a; = 0 and
i" < oo.

- In cases 3 ;51 @; < oo (formally with i* = —1) or ;51 @; = oo and i* < o0, X* < oo with probability 1.

What can be said about the shape of the distribution of X* which is:

P(X*sl')zr[(l—agfl),iziul.

Jz1

Using 1 — [—[f:1 (1 - 0/.“) < 21:1 0/].“, by letting J — oo

E[X'] = Z[l -[ 10 -e)

i>0 =1

si*+1+z /< oo
1—a/j

The mean but also the positive integral moments of X* are finite.

- The case ;> @j = oo and i* = oo where X* = oo with probability 1. The question here is: is there a way to scale X7 so
as to obtain a proper weak limit as J — oo?

There is a partial answer to this question in (Doumas & Papanicolaou 2014) where some use was made of an analogy with
a previous work on the coupon collector problem, (Doumas & Papanicolaou 2012).

proposition 13. (Doumas & Papanicolaou 2014). If a; = e VD ywhere A(j) is such that the function (x > 1) = A(x) > 0
is in class S of increasing functions, then, with p (x) = —log (2’ (x) /A(x)) >0

X; = A (p() ~logp () a
A(J)

GasJ — oo, (15)

where G is a Gumbel rv obeying P(G < x) = e, x € R.

The class S of functions consists of positive and strictly increasing ones in C? (1, c0) which grow at infinity slower
than exponentials but faster than positive powers of logarithms (see (Doumas & Papanicolaou 2014)). In such cases,
A (x)/A(x) > 0as x — oo (p (x) > o0) and with

EX;) =2 (p(J))—logp () and o (X}) = 2(J),

o-(Xj) /E (Xj) — 0 as J — oo. For such a class, @; — 1 as J — oo and the order of magnitude of Xj 18 E(Xj) with

fluctuations of order o (Xj) . The functions A (x) = x* logﬁ x,a>0,8eRand e, a € (0, 1) are in class S. For instance,
taking 4 (x) = x*, a@ > 0,
E (X}) ~ J¥log J while o (X}) ~ J¢
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while taking A (x) = ¢, a € (0, 1),

E(X)) ~ (1 -a) e’ logJ and o (X;) ~ ¢’

There are cases left behind with A not in class S: ())Whenever a; = « € (0,1) for all j > 1 (the G,’s are iid), there is no
way to scale X7 so as to obtain a proper weak limit as J — oo. All that can be said is that X7/ log J converges in L; and
in probability to —1/loga as J — oo. See (Eisenberg, 2008) and (Wilf & Ewens 2010) for refinements. (ii)Whenever
aj = e ae(0,1)

Xj d

pory — XasJ — o0
with P(X <1) = ] (1 — e“’j'), t > 0, (see (Doumas & Papanicolaou 2014)). The rv X grows logarithmically (expo-
nentially) with J in case (i) (respectively (ii)).

Remark: the authors of (Wilf & Ewens 2010) and (Doumas & Papanicolaou 2014) were motivated by the time to
genomic evolution dealing with X; = max’_, G instead of X = max/_, G;. On eachsite j of a gene with J sites, a clock
is launched whose duration is G;F (the time till a favorable allele shows up there) and their X represents the time till all
sites have switched favorable, ending up evolution.

2.6 The Index of the Site Achieving the Maximum Number of Particles

Let J; be any of the indices of the sites achieving G = maxﬁ1 G,. Then
+ =

P =)) = Y P(G= PGy <)
120 kelJI\{j}

= (1=ap) 20 [] (1-ai?)
20 ke[JI\{Jj}

Il
—_
p—
|
R
~.
~
—
|
Q |~
-
¥
=
-
—~
o
|
QN
~F
=
N—

Summing the latter expression over j = 1,...,J gives 1 in principle, leading to a combinatorial identity. If ¢ is a strictly
decreasing sequence, one can check that P(j J=J+ 1) < P(j 7= j).

For this index to be uniquely determined, the corresponding occupancy should contain at least one particle. This index is

thus unique and it is j with probability
PI;=) = Y P(G=1I) [] PG=i-D
=1 ke[J\{j}

(1 —aj)Zalj 1—[ (1 —ai)
>1 kelJI\J}

(Il J

(=) 3 [T

1 - T =

~ o~

Summing the latter expression over j = 1,...,J gives the probability that the maximum is achieved at a single site. We
also have

i

Yp(Gi=0) [] P@Ge=d

P(J;=4X;<i)

=0 kel[JI\{j}
= (l—a/j) l a§ 1_[ (l—ai”).
=0 kelJI\j}

Summing also the latter expression over j = 1,..., J gives an alternative expression of P (Xj < i) = ﬂle (1 - a;.”) .
Clearly,

proposition 14. (j 7 Xj) are not independent.
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2.7 Special Examples
We give here some details for specific ‘critical’ sequences «;.

e Special cases witha; — 1 :

a; 1-a/j,0<a<1

GG+, a>0.

a;
For both sequences, to the dominant order in J:

E(P;) ~ J-alogJando (Py)~ alogJ

1 1
EX, ~ ZJZ ando-(Xj)~\/_—3J3/2
a

For both sequences, a; ~ e~®J for large j, with A(j) = a~'j in class S. To the dominant order, E(X;) ~a 'JlogJ

while o (Xj) ~ a~'J. On average, there are E (X;) /E (P,) ~ ﬁJ particles per filled site while there are order o' J log J
particles in the most filled state. And most states are filled.

e Special cases with a; — 0:

alj, 0<a<1
1=-G/G+1D)*, a>0.

a;

a;
For both sequences, to the dominant order in J:

E(P;) ~ alogJando (Py) ~ yalogJ

E(X;) ~ a'logJando (X))~ JallogJ

For both sequences, a; ~ «/j for large j with i* = 0. Then X; — X" < oo almost surely as J — oo. We have
P (X* = 0) = 0. And filled states are rare with O (1) particles per state on average.

3. A Variant of the Model in the Continuum

Let ¢ > 0 stand for some cutoff value to be interpreted as a minimum detection limit of some sensor. Let E;, j = 1,...,J
be independent exponentially distributed random variables, each with rate parameter 5; > 0 (the reciprocal of the scale

parameter A; := ﬁj‘.l). Let also Ej+ =Ej+c 4 E;|E;>c, j=1,..,J, s0 each with densities
fj+ (e) = ﬁje_ﬁf(e_c), €>c.

Let B; = 1 (E > c), so that B; = 1 with probability e/, = 0 with complementary probability. These rv’s indicate
whether item j has or not ‘energy’ E; exceeding c.
In the spirit of the previous discrete random allocation study, we wish to consider the rv’s X; = 21:1 BE;and P; =
;:1 Bj, together with the joint distribution of (B £ j=1,.,J;P J), taking into account only those E; exceeding the
cutoff in a random allocation of energy process.
Note that (unless ¢ = 0), X; < Z]J~=1 E;= ijl (1 - Bj) E;+ ijl B E; because whenever B; = 0, the associated energy
E;is < c, but not zero. We have E (Zf;l Ej) = 21:1,3;1 and o ( ;:1 Ej) = Z;Zlﬁjfz showing that (see (Anderson, 1991)
p. 18-19)
Z E; < oo with probability 1, iff Z,B]‘.' < co. (16)
=1 j=1
Suppose for instance that J stars emit light the intensity of which are the E;’s. In this context, the 8;’s may be related
to the inverse temperatures of the stars '. Suppose that due to lack of perfect resolution, only those stars whose intensity
exceed the cutoff c are being detected. The rv X is the camulated energy detected, while P; < J is the number of detected
stars. The rv’s

J
X;/ Y Ejand Py/J

J=1

1Other physical images are of course at stake.
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are the fraction of the total intensity emitted which is being detected and the proportion of the detected stars.
We have
E (zije""BfEf) = 1-ePi®yePichE (e_“’Ef)
) ﬂje—c(w+ﬁj)
= l-ePrfygyt—
w + ,3 j

so that with w; > 0
J J —e(wB;
CWBE s, Bjecwrth)
E z(ﬁ’-’ e “’JB"E’) = (1 —e Pt zg —n .
1)1l o
The joint pgf and Laplace-Stieltjes transform of (P, X;) is (plugging w; = w)

I J e=<(@+B))
. e ’
wX/ | |E (uBE | |[1_e_ﬁjL+Z()ﬂjw+ﬁ_ ]
J

J=1 J=1
As a consequence,

J i ;
E®) = Z e and o (Py) = Z e P (1-eP)=E(P) - Z o 2Bic
=1

J=1 Jj=

while , ,
EX)) = Z cﬁ, and a2 (X)) = Z 7[;6 (1 + (CB_,- + 1)2(1 _ e’ﬁjc)).
]

j=1 J Jj=1

_ ﬂ/

In view of e (cﬁj + 1) < 1, we have as expected E (X;) < E( ;:1 Ej) = 25:1,8;1.

Note o (X;) < 27, B;* (2cosh (cB)) - 1) and o (Z1_, E;) = 21, ;2.
3.1 Therv P
As J — oo, consider now P = Z‘;‘; | Bj. This rv is either co with probability 1 or it is < co with probability 1. We have

J
()D(ZO) = E(Zg) = 1_[ (l _ e—ﬁjc + Z()e_ﬂjc) ’
j=1

with
P@:@:FHL%%W

j=>1

Two cases can arise:

e The case >, e Pi¢ < oo, where P (P = 0) > 0, together with P (P = p) for all p > 1. If so, P < co with probability 1.

This occurs when ¢ > €* where

e*=sup[620:Zeﬁf€=00]€[0,00], a7

21
and this requires €* < oo, itself requiring §; — co.
If € = 0, the condition ¢ > €* = 0 is always fulfilled. This occurs when 8; — oo like 8; = Bj, 8 > 0 or faster.
A case with 0 < €" < oo occurs typically when §; — oo like §; = Blog j, 8 > 0, with € = 1/4.

Under the condition P < oo, what can be said about the shape of the distribution of P? The pgf ¢ (z) has convergence
radius sup (zo > 0 : ¢ (z9) < 00) = +0o (¢ (z0) is an entire function). The rv P has all its moments finite. The mean and
variance are E(P) = ;1 e and 0% (P) = ) j; e P (1 - e‘ﬂfc), both finite. The third central moment is

E[(P-EP}|= Y B (1-eB) = 3 ¥ (1 - ) < oo,

=1 =1
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Having only real zeros located at z; = 1 — €/ < 0, ¢ (z9) is not the pgf of an infinitely divisible rv P.

e Incase } 5 e Pi¢ = o0, then P = oo with probability 1. This will happen either because €* < o and ¢ < €* or because
€" = co. An estimate of the way P; — oo as J — oo can be obtained from a large J estimate of E (P,) and o (P)).

To summarize, we observe that a sharp transition phenomenon is possible:

proposition 15. For those sequences j such that 0 < € < oo, depending on the threshold ¢ > €" or ¢ < €" the number P
of detected stars can switch from finite to infinite with probability 1.

3.2Therv X
As J — oo, consider now X = ¥ 2, BjE; < Y32 E;, with
c(w+ﬁj
E(e_“’x) = l_[ 1—ePc+ B—J .
il w+B;
Clearly if P < oo with probability 1, so is X. Can X be finite if P = co? We have
proposition 16. X < oo with probability 1iff P < co. Otherwise, X = co with probability 1.
Proof: Suppose P = oo with probability 1, equivalently }’ ;- ePi® = E(P) = co. Then X = 221 BjE;, with (BjEj; Jj= 1)
a sequence of independent rv’s each with mean E (B E j) = % (cﬂ i+ 1) > ce™i°. So X has at least infinite mean.

If P(X = o0) > 0, then E (X) = co. Suppose P = oo and consider now

E(e™)=]] (1 - e‘ﬁfc(l - f’+—e_ﬂj))

j=1

We have X = oo with probability 1 iff E (e‘X) =0.

This occurs iff 3’ 5, e (1 - 1+/; 1 ﬁ ~,wehave ) e‘ﬂfc( [f]:/;,) >(l-e )Y ePr =
o0. So iff P = co with probability 1, does concomltantly X = oo with probability 1. O

We obtained a sharp transition phenomenon for X as well:

proposition 17. For those sequences 3 such that 0 < €* < oo, depending on the threshold ¢ > €* or ¢ < €*, the energy X
of the detected stars can be either finite or infinite with probability 1.

3.3 The rv X*
The energy of the star emitting the most is X} = max | E; with pdf

— o)

:|\

P(X;<e)
:1

1+ ; (—1) Z e (ELii)e ¢ 50,

1<) <. <ju<]

It is detectable with probability P (Xj > c) =1- le (1 - e‘ﬁf”). The g—moments of X} are given by

E(X)) =gq fmeq l[ ﬁ 1 —ePi€ ]de,q>0.

J=1

As J — oo, consider X* = max > E;, so with
JZ J

PX"<e) = 1_[(1 —e‘ﬁf‘),e>0.

j=1

As before, consider €* as from (17). Two cases arise:
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1/0< € <oo:thenP(X*" <€) =0forall e < € and P(X* <€) > 0 for all € > €": we conclude that X* < oo with
probability 1, with support (€*, 00) . A case with 0 < €* < oo occurs when 8; = Blog j, 8 > 0, (with € = 1/B). A case with
€" = 0 occurs when 8; = Bj, 8 > 0.

2/ €" = oo: then X* = oo with probability 1. This occurs in the trivial iid case 8; = § for all j > 1 but also for all sequences

B tending to 0 as j — oo.

proposition 18. The rv X* is also either < oo or it is oo with probability 1. It is < co with support (€*,0) iff 0 < € < co.

Whenever X* < oo,
P(X"<e) = l_[(l —e‘ﬁ/‘), €e> €

21

and X* has all its moments finite. Whenever X* = co and §; = 1/4; where A; = A(j) and A(x) is in class S, X} can be
scaled as in the discrete setup, with a Gumbel weak limit.

3.4 The Joint Distribution of (j}“, X})

With 77 be the unique index j achieving max;:1 E;, it holds

PIi-ixi<o = [ p(Eea) [] pE<e)

kelJI\J}

= ﬂjﬁede’e_ﬁff' 1_[ (l—e‘ﬁ“/)

ke[JI\{j}

J-1
DRI =
=1 1<ji<<jesd Bj+ 2= Bi

JIEN\Y

B; (1 — e—(ﬁﬁﬂ‘:lﬁn)f)

k)

resultingin (j=1,...,J)

PI ;=) = ,Bj](;wde’e‘ﬁff' 1—[ (1 _e—ﬁke’)

kelJI\{j}

J-1
e
=1 1< eti<s Bi+ 2= Bii
el

Unless g; =g forall j=1,..,J,therv’s (J*,Xj) are not independent. If 8; = Bforall j =1, ..., J, P(J}‘ = j) =1/J and

‘ ’ —B€ _ ,Be J-1
ﬁfo deé'e (1 e )
1

S(1-e) =P = HP(X; < ).

P(J;=jX;<¢€

In contrast, it can be easily be checked, proceeding similarly, that the unique index achieving min;:1 E; has probability
mass at site j : 3;/ Z,{zl B and it is independent of the latter rv, which is exponentially distributed with rate Z,{zl Bk
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