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Abstract

Stochastic encounter-mating (SEM) models describe monogamous permanent pair
formation in finite zoological populations of multitype females and males. In this paper
we study SEM models with Poisson firing times. First, we prove that the model enjoys
a fluid limit as the population size diverges, that is, the stochastic dynamics converges
to a deterministic system governed by coupled ordinary differential equations (ODEs).
Then we convert these ODEs to the well-known Lotka—Volterra and replicator equations
from population dynamics. Next, under the so-called fine balance condition which
characterizes panmixia, we solve the corresponding replicator equations and give an exact
expression for the fluid limit. Finally, we consider the case with two types of female and
male. Without the fine balance assumption, but under certain symmetry conditions, we
give an explicit formula for the limiting mating pattern, and then use it to characterize
assortative mating.
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1. Introduction

1.1. The model

Consider a zoological population consisting of n females and » males, divided into k types
which are labeled 1,...,k. We denote by xl.(”) > 0 the number of type-i females and by
yj.") > (0 the number of type-j males for i, j € [k] := {1,...,k}. To each type-i female
(respectively, type-j male) a Poisson process with rate «; (respectively, ;) is attached. These
Poisson processes are mutually independent and they give the so-called firing times of the
animals. The mating preferences of the animals depend on their types, and form a k x k matrix
P = (pij)i,jek) with 0 < p;; < 1. Under these assumptions, the dynamics of the population
is as follows. Initially all individuals are single. At any time, when the Poisson clock of one
of the single individuals rings (by the Poisson assumption no two individuals’ clocks ring at
the same time), it chooses a single individual from the opposite sex, uniformly at random, to
form a temporary pair. Next, if this temporary pair is comprised of a type-i female and a type- j
male, it becomes a permanent pair with probability p;; and the individuals in that pair leave the
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singles pool; otherwise the temporary pair is broken and the individuals go back to the singles
pool. We refer to this two-stage permanent pair formation model as Poisson encounter mating
(Poisson EM). Observe that the number of types present in the female and male populations
need not be the same. Indeed, setting, for example, x; " = 0 would take type-i females out of
the pool.

We designate by Q(”)(t) t > 0, the number of (permanent) type-ij pairs at time ¢. Here,
the first index always refers to the type of the female and the second to the type of the male. We
call the k x k matrix-valued process Q(”)(t) (Ql j (t)), jelk) the pair-type process. Since the
Poisson processes are memoryless, Q" is a pure jump continuous-time Markov process. In
order to formally define 0™ we briefly introduce some notation. Let MA¥K(A) denote the set
of k x k matrices whose entries are in A € R. For M = (M;;); jek) € ME¥K(A), we define
the ith row sum, the jth column sum, and the grand total of M, respectively, as

k k k
M. =Y M. M.j=> My Moo= Myj.
j=1

i'=1 i'=1j'=1

We denote by I/ the k x k matrix whose entries are zero except the ijth entry, which is 1.
Throughout this paper we use the max norm on Mka(A) given by |M| = max; je |M;jl.
Since all matrix norms are equivalent, our results are valid for any choice of norm.

The pair-type process Q™ is a continuous-time Markov process taking values in M***(NU
{0}) that has jumps of size 1, more precisely, the transitions are from M to M +I'/ fori, j € [k].
The transition rates are given by

(n) (n)
o omi(x = M )y — M)
WM, M+ 1) = d J 1.1
p (M, M+ 1Y) Mo , (1.1)

where
I = ()i, jelk) 7wij = pij(a; + Bj)
with the convention that p™ (M, -) = 0 for M with My, = n.

Let us explain (1.1). When the pair-type formation at a time is M, the number of type-i
females (respectively, type- j males) in the singles poolrsx( — M; . (respectively, y: m _ M. ;).
Also, by the description of the model, the total number of single females is always equal to that
of single males and given by n — Mo;. A new type-ij pair is formed in two ways: either the clock
of a type-i single female rings, this female encounters a type-j single male to form a temporary
pair, and finally, this pair becomes permanent; or similar has to happen with a type-j single
male’s clock rlnglng In the first scenario, the total rate with which the clock of a type-i single
female rrngs is o (x " _ M, i), the probability that it samples a type-j male from single males
is (y(") M. j)/(n — M), the probability that the temporary pair formed becomes permanent
is sz, and the product of these terms yields the rate of this event. The corresponding terms in
the second scenario are f3; o™ i M. j), (x; ™ _ i.)/(n — M), and p;;. Finally, the sum
of the rates of these two events y1e1ds (1.1).

Since Q™ is a pure jump Markov process for every n, it is possible to define the whole
family {Q": n € N} via a collection of independent standard Poisson processes whose joint
distribution we denote by P (see Section 2.1). We are interested in the infinite population

asymptotics of the model, therefore we assume that there are nonnegative numbers xi, . .., Xk
and yip, ..., Yt such that, for all i, j € [k], asn — o0,
nilxl.(") — X, n lyE") — ;. (1.2)
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Note that x; + -+ 4+ xx = y1 + -+ + yx = 1. We refer to such a collection of numbers
X1, .-.s Xk, Y1, - - -, Yk as an infinite population from the species.
The pair-type process Q) naturally stops at

T, :=inf{r > 0: Q) (1) = n},

that is, when the singles pool is depleted and every individual is in a permanent pair. We call
Q" (T,) the mating pattern of the population and it is of central importance in this paper. Note
that QU (T},) is a random k x k matrix (or contingency table) whose ith row sum is x(i) and
Jjth column sum is y] ) for all i i, j € [k]. We always assume that p;; > 0 and o; + 8; > O for
alli, j € [k]. Hence, almost surely 7, < oo.

1.2. Panmixia, homogamy, and heterogamy

One fundamental question about the mating pattern is whether correlations exist between
female and male types. Zero correlations correspond to the case where the relative frequency
of type-ij pairs is given by the product of the relative frequencies of type-i females and type-j
males, which has been called ‘panmixia’ in the literature. Since we investigate Poisson EM
as the population size diverges and establish a strong limit theorem for the mating pattern
QU (T;,), we naturally use the following definition of panmixia.

Definition 1.1. Aninfinite population x1, ..., X, ¥1, . . ., Yk is said to be panmictic if P-almost
surely (P-a.s.)

lim n~'Q"\(T,) = x;y; foralli, j € [k].
n—00 J
The species is said to be panmictic if every infinite population from the species is panmictic.

Complementing the concept of panmixia is assortative mating. Homogamy (respectively,
heterogamy) describes the situations where there are positive (respectively, negative) correla-
tions in the mating pattern between females and males with similar types. In order to make the
definition of assortative mating precise, one needs a (genotypical or phenotypical) distance on
the set of types. Such a structure for types must be reflected on preferences and this requires
a more complex model. However, when k = 2, we can conveniently define assortative mating
since there is a unique metric on {1, 2}. Moreover, in this case, there is homogamy (respectively,
heterogamy) for type-1 if and only if there is homogamy (respectively, heterogamy) for type-2.
These observations lead to the following definition.

Definition 1.2. For k = 2, an infinite population xy, x2, y1, y2 with x{x2y1y» 7 0 is said to be
homogamous if P-a.s.

Tim ™' Q5 (T) < x1ya,

and heterogamous if P-a.s.
lim n_lQYQ(T,,) > X1y2.

n—o00

The species is said to be homogamous (respectively, heterogamous) if every such infinite
population from the species is homogamous (respectively, heterogamous).

Note that definitions of both panmixia and homogamy/heterogamy assume the existence of
the infinite population limit of the normalized mating pattern and that this limit is the same
for all sequences of finite populations satisfying (1.2), which are shown in Section 2. For
the corresponding definitions in the context of finite populations, one has to replace limits with
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expectations (see (1.4) fork = 2). Also, observe that in the definition of homogamy/heterogamy
we exclude the cases where one type is absent, since otherwise the system is trivial and there
is panmixia for all choices of parameters.

1.3. Previous results

In [9], Gimelfarb introduced two discrete-time models for permanent monogamous pair
formation: individual and mass encounter mating. In the first model, at each time step, one
single female and one single male are selected, both uniformly at random, to form a temporary
pair and this pair becomes permanent exactly as in the Poisson EM model with probability p;;.
Observe that if we set, say, «; = O and 8; = 1 for all i, j € [k], then the dynamics of
Gimelfarb’s individual encounter-mating model is the same as the embedded discrete-time
chain of the pair-type process Q" of Poisson EM, and, in particular, the mating patterns of
the two models coincide. The mass encounter-mating model has a very different encounter
mechanism where, at each time step, all the single females and males form temporary pairs
according to a permutation chosen uniformly at random, while the mechanism of permanent pair
formation from temporary pairs is as before. The main conceptual conclusion of Gimelfarb
was that the mating pattern depends not only on the preferences, but also on the encounter
mechanism. Moreover, given the encounter mechanism, different mating preferences can lead
to the same mating pattern. He then stated conditions on the parameters of the models that
he conjectured to be sufficient for panmixia, supported the one for mass encounter with a
nonrigorous argument, and provided numerical evidence only in the individual encounter case.

In [10], we introduced the stochastic encounter-mating (SEM) model to unify and generalize
Gimelfarb’s models. The key feature of this generalization is the introduction of firing times
which allows one to define a wide range of models and take advantage of their invariance under
certain changes of parameters. We investigated in detail the special case where p;; = 1 for all
i, j € [k], that is, definite mating upon encounter, and proved among other things that there
is panmixia for all firing time distributions and that the firing times and the mating pattern are
independent. As we have already seen, the pair-type process of Poisson EM is a continuous-time
Markov process whose rates depend on the parameters of the model through 77;; = p;;(a; +8;).
Hence, one can play with the parameters without changing the model as long as the 7;; stay
the same. Using this and our analysis of the case with definite mating upon encounter, we
concluded that the model exhibits panmixia if there are nonnegative numbers ¢; and Bj such
that m;; = p;j(e; + B;) = 1(o; + B ;) for every i, j € [k]. We record this condition for future
reference.

Definition 1.3. We say that Poisson EM satisfies the fine balance condition if there exist
nonnegative numbers afp, ..., @ and By, .. ., B such that

Tij =@ —|—,3j foralli, j € [k]. (1.3)

Equivalently,
wij + i =g+ foralli,i’, j, j' e [k].

The fine balance condition is precisely what Gimelfarb had conjectured in [9] to be sufficient
for panmixia in the context of individual encounter mating. In [10], we not only settled
this conjecture, but also used a recursive argument to prove that the fine balance condition
is necessary for the species to be panmictic. Moreover, under the fine balance condition we
stated the distributions of the pair-type process Q" (1) and the mating pattern Q) (T},). Finally,
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we answered the assortative mating question when k = 2: for any x(")xén) y{") ) 20,

(homogamy for fin. pop.) IE[Q(")(Tn)] <nlx (n) (n) ify) + 7 > w2 + 721,
(panmixia for fin. pop.) IE[Q(")(T VN=n"lx (n) (n) ifm + 7m0 =m2+m, (1.4)
(heterogamy for fin. pop.) IE[Q(")(T,,)] > n_lxl( ) (n) if my + w0 < o + M1,

where we use the abbreviation ‘fin. pop.’ to mean finite population. Here, IE denotes expectation
with respect to PP.

1.4. Overview of results

In this paper we analyze the dynamics of the Poisson EM model as the population size n
diverges. In Section 2 we start our investigation by observing that the pair-type process Q™ is
approximately a density-dependent population process. Then we show that Q" rescaled by n
converges P-a.s. in the sup norm up to any finite time, where the limiting (deterministic) process
Q(t) solves a system of coupled ordinary differential equations (ODEs). More precisely, in
Theorem 2.1 we prove that, P-a.s.

lim sup [n='Q™W () — Q)| =0 forevery T € [0, 00),

n—oo 0<t<T
where Q(1) = (Q;;j(1))i, jex) satisfies

wij (i — Qi) (yj — Q.,j (1)
1 — Qtot(?)

with Q;;(0) = 0. This type of generalization of the law of large numbers (LLN), regarding the
convergence of the rescaled paths of a pure jump Markov process to a solution of a system of
ODE:s, is known as the fluid limit and is due to [13]. Here, Q represents the infinite population
pair-type process and we use the terms pairs, singles, and so on for Q as well. As a consequence
of the fluid limit, we prove in Theorem 2.2 that [P-a.s. the mating pattern of the infinite population
satisfies

aQij(t) = , (1.5)

Jim n~1QN(T,) = Q(00) = lim Q).

After establishing these limit theorems, we focus on the evolution of Q. In Section 3 we
relate the system of ODEs that describe Q to the well-known Lotka—Volterra and replicator
equations from population dynamics. Let X;(¢), Y;(¢), and Z(¢) denote the density of type-i
single females, type-j single males, and all single females (or males):

Xi(t) =xi — 0;.(), Yi(t) ==y — Q.;@), Z(t) :=1— Qo (1). (1.6)
Then, for all i, j € [k],

()——ﬁ Y () im):—
dr Xi Z() 15 dr

i Xi (1), (L.7)
i=1

with X;(0) = x; and Y;(0) = y;. Hence, up to a time change due to the Z(¢) term, this is a
system of 2k Lotka—Volterra equations where the intrinsic growth (or decay) rate is 0 for all types
and sexes. See Theorem 3.1 for the precise statement. Another important equation in population
dynamics is the replicator equation, first introduced in [18]. Replicator equations describe the
evolution of different types in a population under density-dependent fitness functions and are
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often used in the context of evolutionary game theory. In general, a Lotka—Volterra equation
with [ variables is equivalent to a replicator equation with / + 1 variables; see [11, Theorem
7.5.1]. However, when intrinsic growth rates are constant, one does not need to increase the
dimension to obtain a replicator equation. Indeed, the relative frequencies of types in the Lotka—
Volterra system, up to a time change, solve the replicator equation with the same interactions.
In particular, setting A; (¢) := X;(t)/Z(t) and B;(t) := Y;(t)/Z(¢) for all i, j € [k], we also
prove in Theorem 3.1 that

d k
—Ai(t) = —Ai(t)[

P mijBj(t) — C(r)],
1

/ (1.8)
d _
EBj(t)z_Bj(t)[ ﬂiin(t)—C(l)],

M~

1

I
_

where
kK k

C@t) = Z Zniin(t)Bj(t)'

i=1 j=1
We use (1.6)—(1.8) to deduce that
k Kk

d
320 = —Z(I)ZZA,-(Z)BJ(I). (1.9)

i=1 j=1

By (1.5), we observe that

d
EQij(t) =m;; Z()Ai (1) Bj (1), (1.10)
and, thus, find a three-step procedure for obtaining a formula for Q(¢):
e solve the replicator equations (1.8) for the A; and Bj;

e solve (1.9) to find the total mass Z (¢) of the corresponding (time-changed) Lotka—Volterra
equations;

e solve (1.10).
In Section 3.2 we focus on the fine balance case. We carry out the three-step procedure and

obtain a formula for Q(¢) for all r € [0, oc], and, in particular, for the mating pattern Q(00).
Namely, in Theorem 3.2 we show that

A xje %! Bi(1) yePil
i) =s—— i ==
Zi/ x;jre ot Zj’ yje Byt
Qij(1) = xjy;j(1 —e ™", Q;j(00) = x;yj.

Here, recall that @; and ; are from the fine balance condition given in Definition 1.3. These
formulae are fully consistent with those obtained in [10, Theorem 3.6] for the expectations of
the pair-type process and the mating pattern in the finite population setting, but here we employ
a totally different approach via the replicator equations.

Finally, in Section 4 we study the k = 2 case with 75 = w1 and x; = y;. Due to these
symmetries, the evolution of the system can be reduced to that of only, say, females. As a result,
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the corresponding replicator dynamics is one-dimensional. More precisely, A; () = B;(t) for
all > 0andi = 1, 2, and setting A>(t) = 1 — A1 (¢), we obtain

d
A1 =—(mn 472 = 2m) A1 = A1) (A1) — ), (1.11)

where

T2 — T2

y = (1.12)

T+ e — 2712
Note that in Section 3.2 we explicitly solve the fine balance case which corresponds to 711 +
1oy — 212 = 0, so we can exclude it, and (1.12) is then well defined. We derive a formula for
Q12(¢) in terms of A1 (¢) which depends on the value of y:

o fory =1,
01 A /e \OT O] 1 1
O12(7) = 1 — expy —61 - dx;
— X1 Jy 1—x X1 1—x 1 —x;
e fory =0,

) 1-A1(2) 1— 6r—1 —6,—1 1 1
oco=3f () () el ) )es
x1 J1—x, X1 1—x 1—x x

e fory ¢ {0, 1},

_ —61—1 —6—1 01462
m(x —y)7! A0 x : l—x x—y
Onp@) =- — dx.
T + w2 — 2mp Jy X1 I —x X1—vy

Here, 01 = m12/(m22 — m12) and 6, = m12/(w11 — m12). The stability analysis of Aj is then
carried out simply using (1.11), and we obtain an explicit formula for the mating pattern. As an
application of this formula, we show in Theorem 4.1 that an infinite population x1, x2, y1, ¥2
with x; = y; € (0, 1) is homogamous (respectively, heterogamous) if w1| + w22 > 272
(respectively, w11 + w22 < 2m2), which is consistent with (1.4), but this time in the infinite
population setting and under the symmetry conditions.

1.5. Some remarks and open problems

Several authors have previously studied mating models that are similar to the ones in [9].
See [10] for general references regarding pair formation models. One work of particular interest
is [17], where the ODE describing Q(¢) was given for two types and studied numerically.

Panmixia is an important concept in population genetics. Itis one of the main assumptions of
the Hardy—Weinberg law which states that genotype frequencies remain constant in a population
on which no evolutionary force acts; see, for example, [6, Chapter 1]. In the literature, panmixia
is also referred to as ‘random mating’. However, this term is obviously misleading since
mating can be random yet assortative. Moreover, this confusion is even greater for a bottom-
up approach such as in SEM, where ‘random mating’ suggests that there are no preferences.
Indeed, we show in Theorem 3.2 that there are instances where the mating pattern exhibits zero
correlations between female and male types, even though there are nontrivial preferences.

In the case of assortative mating, the genotype frequencies might differ greatly from the ones
predicted by the Hardy—Weinberg law; see [7, Chapter 4] and the references therein. Moreover,
assortative mating is one of the key concepts of sexual selection, that is, the evolutionary force
driven by mating. In the literature on sexual selection, most models of pair formation assume
that females unilaterally accept or reject males. Various consequences of female choice have
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been studied in, for example, [12] and [15]. Observe that in the SEM model there is no
specification of which sex makes the choice. Actually, this is an advantage of the model:
unilateral decisions and choosiness can be incorporated into SEM by appropriately tuning the
parameters, while retaining certain degrees of freedom that can be exploited for the purpose of
finding exact formulae. However, to enable a self-contained study of sexual selection through
SEM we need to extend the model in various directions which we discuss next.

SEM is about permanent pair formation and can be seen as a model of monogamous mating
of animals in one mating season. Then, one natural direction in which to extend this model is to
change the permanent pair structure. A simple way to do this would be to let the pairs separate
with a certain rate and send the individuals that form it back to the singles pool. The lifetime
of a pair corresponds to ‘latency’ in the biological context. These kinds of model are important
in the study of the evolution of female choice and the mutual evolution of female and male
choices (via certain payoff functions for staying together depending on types; see [5] and [2],
respectively) and also suitable for studying sexually transmitted diseases; see [3]. SEM can be
generalized also by introducing polygamy, with each male having a limited number of mates
(see [16] for such a model in a simpler setting). Finally, adding offspring production might
lead to more general Lotka—Volterra systems.

The pair-type process of the Poisson EM model is density dependent, albeit approximately.
Fluid and diffusion limits were first established for such processes by Kurtz [13], [14]. However,
to the best of the authors’ knowledge, none of the general results in the literature directly cover
our model (see Remark 2.1 for details). It is for this reason that we provide a self-contained
proof of the fluid limit (Theorem 2.1). One can similarly try to establish a functional central
limit theorem (CLT) for the pair-type process and then a CLT for the mating pattern which
would complement the LLN (Theorem 2.2). This is one of our ongoing projects.

In Section 4 we follow the three-step procedure outlined in (1.8)—(1.10) and obtain a formula
for Q(¢) in the symmetric 2 x 2 case where the replicator equation constituting the first step
is one-dimensional. One can attempt to follow the same procedure in, first, the general 2 x 2
case and, secondly, the symmetric 3 x 3 case. Phase portraits of all Lotka—Volterra equations
on the plane, hence of all two-dimensional replicator equations with constant intrinsic growth
rates, were given in [1], which suggests that it might be possible to obtain an exact formula for
the mating pattern in these two cases, too. However, much less is known about Lotka—Volterra
equations in higher dimensions. In particular, numerical simulations show that the behavior in
higher dimensions is chaotic and the type of chaos they exhibit is not understood at all. See [8]
for an example of chaos in three dimensions.

2. Fluid limit and LLN

2.1. Fluid limit of the pair-type process
The state space of the rescaled pair-type process n~' Q" () is

& = {M € M* T 'NUOY: M;. <n~'x M. ; <n”'y{" foralli, j e [K]}.
Define F™ = (Fi(j")),, jetk: & — MPK([0, 00)) by
i x™ — Mi,.)(n—ly;") — M)

(n) —
Fij (M) = 1 — Mot
O lf M[O[ = 1

if Mtot < 1,
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We can rewrite the transition rates of Q(”), given in (1.1), as
n) ijy _ (n), —1
P (M, M+ 1 )_nFij (n'M).

Consequently, we have the following representation (see [4, Section 6.4]):
() o)
Q' (1) = Jij (n fo Fj (n‘lQ(’”(s))ds)-

Here, {J;j: i, j € [k]} is a collection of independent standard Poisson processes defined on a
common probability space (2, ¥, P). Therefore, n! Q(”) is defined for all » € N on the same
probability space, too.

In the following theorem we establish the fluid limit of the pair-type process, where the
limiting (deterministic) process takes values in

& := (M e M"*([0,00)): M;. < x;, M.; <y foralli, j € [k]}
and satisfies a system of ODEs involving
F = (Fij)i je: M0, 00)) — M4([0, 00)),
which is defined by
wij (6 — M; ) (y; — M. ;) i Moy £ 1,

Fij(M) = 1 — Mot 2.1)
O lf th == 1

Theorem 2.1. There exists a function Q = (Q;})i, jefx]: [0, 00) — & satisfying

'
o) = /0 F(Q(s))ds, (2.2)
and, for any T € [0, 00), P-a.s.

lim sup |n~'Q™ @) — Q@) =0.

n—>000;<T

Since F™ and F are close (in an appropriate sense which is made precise below) when n
is large, Q" is approximately a density-dependent population process (see [4, Chapter 11]).
Fluid limits were first obtained for such processes by Kurtz [13] (showing convergence in
probability) and then [14] (showing almost sure convergence). The proof of Theorem 2.1 is
adapted from the latter work, but it involves some modifications (see Remark 2.1). Before
presenting the proof, we give two lemmas.

Lemma 2.1. Letn € Nand i, j,i’, j € [k].
(i) Forevery M € &, and M’ € &,

( ) —1 ( ) ( )
0= F" (M) =n”mij(x" Ayi") < mij, 23)
0 < Fij(M') = mij(xi A yj) < mij.
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(i) For every M € M*K([0, 00)) with My < 1,

oF;;j(M) xi — M;,. yi—M ; xi —M;,. yi—M ;
v = T - Sip =\ T )% |-
8Mi’j’ 11— MtOt 1- MtOt 1- MtOt 1- MtOt

where 8;; denotes the Kronecker delta function. In particular,

i if Miot < 1land M € &,
AF;; (M) 1 Siir +8;
’ 8leJ4i’j’ = T[ij((l — Miot)? = Mo 24
3 ..
L — if Mot < 1and M ¢ €.
(1 — M)

(iii) For every M € &, with My < 1,

F (M) — Fij(M)
TTij

= — 'y W —x) Ty = M)+ T =y = M),
tot

In particular,
F (M) — Fi,-<M>|

i (™ = x|+ I~y = ;10 ifMe&nNE,

<

(2.5)

7Tij|:|”]xi(n)_xi|+—1 i
— Htot

n=ty{” yjl] ifMeé€\6.

Proof. Verification of the equalities in parts (ii) and (iii) is left to the reader. For every
i, j € [k],if M € & then

0§xi —Mi’A < 1 _Mtot and Ofy] —M’j < 1 _Mtot. (26)

Slmﬂarly, if M € &, then (2.6) holds with x; (respectively, y;) replacedbyn™ x(”) (respectively,
n=1y¢ yj ) On the other hand, if Mot < 1 and M ¢ & then (2.6) does not necessarﬂy hold.
Instead,

|lxi = M;.| <x;VM;.<1 and |yj —M.’j| <y \/M.,j <1.

Using these bounds, the inequalities in (2.3)—(2.5) are easily deduced. O

Lemma 2.2. Forevery T € [0, 00) and ¢ > T := max; je[x] Tij,

P11 —n~"! t(ont)(T) > eI for sufficiently large n) = 1.
Proof. Assume without loss of generality that p;; = m;;/7n, @; = 0, and B; = 7.
In particular, only the clocks of males ring. Fix T € [0, oo) and let R (T') be the number of
males whose clock has not rung by time 7'. Since n — Qtot (T) is the number of males who are
single by time T,

n—Q@(I) = R™(T). Q.7
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Enumerate the males and let

1 if the mth male’s clock has not rung by time T,
Em(T) =

0 otherwise.

Then, (§,,(T))me[n) are independent Bernoulli trials with P(§,,(T) = 1) = e "7 Fixc¢ > 7.
Since R™(T) = > 1 &m(T), astandard application of the exponential Chebyshev inequality
shows that P(n~!R"W(T) < e=<T) - 0 exponentially as n — oo. By the Borel-Cantelli
lemma,

P(n~'R™(T) = e~T for sufficiently large n) = 1.

In combination with (2.7), this implies the desired result. O

Proof of Theorem 2.1. Since F is bounded and Lipschitz continuous on & by Lemma 2.1(i)
and 2.1(ii), the system of ODE:s in (2.2) has a unique solution Q. Let us show that this solution
exists for all times. By our assumptions in the introduction, 7;; = p;;(e; + 8;) > 0 for all
i, j € [k]. Thus, 7 := min; jer)mij > 0. Recalling that 7 := max; e 7i; and (2.1), we
obtain

d
(1l — Qi) < 5Qt0t(t) <71 — Qwi ().
Since Qot(0) = 0, this implies
l—e™ < Quu(t) <1 —e ™™, (2.8)

Thus, Qi (t) < 1 for any ¢ € [0, 00), and, in particular, Q exists for all times.
The difference between the rescaled pair-type process and its prospective limit Q can be
controlled as follows. For every i, j € [k] and ¢ € [0, T,

n= O (1) — Qi (1)
t t

nIJ,-j(n / F,.(;”(wQ(”)(s))ds)— / Fij(Q(s)) ds
0 0

t t
< n‘fi,-(n / E(,-")(n‘Q(”)(s))dS>— f FPa QM s)ds|  (29)
0 0
t t
+U ﬂ(;’)(n*‘Qm)(s))ds—/ Fij(n"' Q™ (s)) ds (2.10)
0 0
t t
+‘f Ry @60 ds - [ Fy0was) @.11)
0 0

It follows from Lemma 2.1(i) that the term in (2.9) is bounded from above by

al(0):= sup |7 () —u| < a?(T).
Ofufnijt

Fix ¢ > m. Lemma 2.1(iii) and Lemma 2.2 imply that, on some Q7 € F with P(Q27) = 1, the
term in (2.10) is bounded from above by

b (1) = myelin ™ k(= xil 4+ eTIn =y — ;11 < b (1)

i
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for sufficiently large n. Similarly, using Lemma 2.1(ii), Lemma 2.2, and (2.8) on the set Qr,
the term in (2.11) is bounded from above by

t
3k27TijCZCT/ |7’l_1Q(n)(S) - Q(S)|ds
0

for sufficiently large n. (Recall from the introduction that |M| = max; e |M;;|.) Therefore,
t
=10 @) = Q) = max (@ (T) + b} (1) + 37> / i1 Q™ (s) — Q(s)lds.
i,je 0

Since Q™ (0) = Q(0) = 0,

n'o™ @) — o) < ir?ea[);d(afj’-')(T) + (1)) exp(3kTreT)

on Qr by Gronwall’s inequality. For every i, j € [k], a standard application of Doob’s
martingale inequality (followed by the Borel-Cantelli lemma) yields

e )
P(nli)ngoaij (T) _0) =1

Since lim,,_, oo bl.(;’) (T) = 0 by our assumption in (1.2), the proof is complete. ([l

Remark 2.1. The existence of the fluid limit was stated and proved in [14, Theorem 2.2] for a
wide class of density-dependent population processes. In order for this class to contain Q)
two conditions would have to be satisfied:

(i) F is Lipschitz continuous on &, U &; and
(i) |F™ (M) — F(M)| = O(n™") uniformly for M € &,.

However, as we have seen in (2.4) and (2.5), these conditions fail to hold in general since &,
need not be a subset of &. In the proof of Theorem 2.1, we resolved these issues with the help
of Lemma 2.2 (which allowed us to restrict the analysis to the region where My is bounded
away from 1) and the observation that the error in the second condition can be relaxed to o(1).

2.2. LLN for the mating pattern

We first describe the state space of the rescaled mating pattern n =1 Q") (T;,) and its asymptotic
counterpart. Define

g ={Me M nTINU{O): M;. = n_lxi("), M. ;= n_ly](.") for all i, j € [k]},
€ = (M e MPHK([0,00)): M;. = x;, M.; = y; forall i, j € [k]}.

By definition, at time 7}, there are no singles left and, thus, n! Q(”)(Tn) € &) C &,. Alsonote
that, for M € &, F(M) = 0 if and only if M € &'. As a result, using (2.8), we can conclude
that lim,_, o, Q(#) =: Q(00) exists and Q(c0) € & C €.

The following result extends the fluid limit of the pair-type process (Theorem 2.1) to an LLN
for the mating pattern.

Theorem 2.2. We have P-a.s.

Jim 01 QU(T,) = Q(c0).
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Proof. We define
T% :=inf{t > 0: Qi) > 1 — 8}, §>0.
By (2.8), we have T3 < coand T® — oo as § — 0. Also, it is clear that
10(T%) = Q(00)| < 6.
Now we define the corresponding stopping time for the Markov process Q™ by
TP =inf{r >0:n' QW) >1-8}, 8>0.
Then, since obviously 7;, > T, ,f for any § > O and n > 1, we have
In=' QT —n”' QM) < 6.
The triangle inequality yields
In='Q"(T,) — Q(c0)]
< 7' QT = QTN+ InTT QT — QTP+ 1Q(T?) — 0(c0)]
<In~'Q"(T)) — Q(T*)] + 25
Therefore, the desired result will follow once we prove that P-a.s.
lim n7'QN(T)) = Q(1°). (2.12)

Fix 8§ > 0. For any ¢ < & we have again T°~¢ < oco. Thus, via Theorem 2.1, IP-a.s. for all
sufficiently large n,

_ _ _ & £
nT QT 2 QT ) — S =1—64 5 > 1.

Hence, P-a.s. lim sup,_, ., T < T°~¢. Now we use Theorem 2.1 on the time interval [0, T?].

Then, P-a.s. for all sufficiently large n and for ¢ < T? withn~! Qggt) (1) =1-4,

_ & £
Owor(t) > n 1Qf§t)(t)—§zl—8—z> 1—65—e.

Thus, t > T%%¢ for any such 7. Also, for any t > T?, since 7% > T%%¢ we have t > T%+¢,

Hence, P-a.s. for all sufficiently large n and 1 > O with n ™! ch',? () >1—8,wehaver > T0+e,

that is, liminf, oo T > T°*¢. Since Qi is continuous and increasing, as & — 0, both
T3+e — 7% and 7% — T9. Therefore, P-a.s.

lim T3 — T°,

n—oo

Hence, forany ¢’ > 0 given, P-a.s. for all sufficiently large n, we have T — ¢’ < T,;S <Td+¢.
Since Q};’) () is nondecreasing in ¢ for any i, j € [k],

n1QINTY = &'y — Qi (1) < n 7' QI (T — Qu(T?) < n ™ QI (TP + &) — Qi (T?).
Via the inequalities

IntQI(T° =) = Qi (T)| < In ™' QIP(T° =€) — Qi (T° =€) |+ Qi (T° — &)= Qi (T°)]
and

In QI (TP +e") = Qi (T%)] < I~ QI (TP +&) = Qi (TP +&") | +1Q:j (T + &) — Qi (T%)),

using once again Theorem 2.1 and the continuity of Q, we see that (2.12) follows and the proof
is complete. ]
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3. Analysis of the fluid limit

3.1. Lotka—Volterra and replicator equations
Recall from Section 1.4 that

Xi(1) =x;i — Q;.(0), Yi@)=y; — 0., Z(t) =1 — Q1)

denote the density of type-i single females, type-j single males, and all single females (or
males), respectively. We have also introduced

X; Y;
A,»(t):T(tt)) and Bj(t) = ZJ((;)).

In words, A; is the fraction of type-i females among all single females, and B; is the fraction
of type-j males among all single males. Then, for any ¢t > 0,

Ait)+ -+ A @) =B1(t)+---+ Bi(t) = 1.

To state our next result, we define a 2k x 2k matrix
A 0 TII
fi = (HT O)

U@) := (X1(t), ..., Xk (), Y1(2), ..., Yi(2)),
C(t) = %(Al(t), co Ar (1), B1(t), ..., Br(1)).

as well as vector-valued functions

Theorem 3.1. (i) It holds that U satisfies

d 1 A )
an(t) = —%Ui(t)(HU(t))i, i €[2k], t € (0, 00), 3.1

that is, up to a time change, U is the solution of a system of Lotka—Volterra equations.

(ii) It holds that C satisfies the following system of replicator equations:

;—tC,-(t) = 2C;(O[TIC@); — CTHOIIC®)], iel2k], te0,00). (32

Remark 3.1. When the matrix IT is symmetric, which means that its entries do not depend on
the sexes, but only on the types, and if x; = y; for all i € [k], it is clear that X;(¢) = Y;(¢)
and A; () = B;(¢) foralli € [k] and t > 0. Consequently, the 2k replicator equations in (3.2)
simplify to the following replicator system with k variables:

d
aAi(t) = —A;OITTA®)); — AT(HTTA®)], i €[k], 1 € (0, 00). (3.3)
We use this observation in Section 4 while studying the symmetric 2 x 2 case. A similar

simplification also applies to the Lotka—Volterra equations in (3.1).
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Proof of Theorem 3.1. Letus write X = (X1,...,Xy)and Y = (Y1, ...,

(2.2), and the definitions of X;, Y;, and Z, we obtain

nini(t)Yj(t)'

d
EQij(t) = 0

Thus, fori € [k],
d d
U (1) = X (1)

= —ZEQU-O)

1
=———X;(t) Z 7 Y (0)

S Z@)
1
= _mUz(t)(HY(I))z
Similarly, for j € [k],
dU~t—dY~t— 1U~t1'ITXt~
T k+/()—a j()—_% &+ () );-

1215

Yi). Using (2.1),

(34)

(3.5)

(3.6)

Hence, noting that (fTU); = (IY); and (ITU )4 = (IT" X); for i, j € [k] yields (3.1).
Summing (3.5) over i (or equivalently (3.6) over j) and using the definitions of A; and B,

we obtain
d T T T
aZ(I) =—Z@)(A ONB@)) = —-Z)(B (O A(2)). 3.7
As aresult, using (3.5), fori € [k],
2dC(t)_ dA(t)
_ gx.(,); _ X d,
Atz Z2() de
= —A;(O(TIB(1); — AT(OTIB(®)]. (3.8)
Similarly, using (3.6), for j € [k],
d T T T
2 Cryj(t) = B () =—B;O[IT" A@®); — B (H)IT A@®)]. (3.9)

dt
By the definition of H, we have

(I1C(1)); = $(MB@)i,  IICE)krj = sTTTA®D);,

and

i5 j € [k]5

CTHICE) = SATONB@) + 1BT(ONTA®M) = 1AT(ONB@) = IBTOTTA®).

Thus, using (3.8), fori € [k],

c 0 =+ L 4.0 = 22c,ITC@): - CTOACH,

2dt
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and, using (3.9), for j € [k],

d 1d N A
q; Gkt () = 5 Bj(t) = =2Cky jOLTTC ()t — cT(nnc)l.

This concludes the proof of (3.2). O

3.2. Exact solution under fine balance

As we have mentioned in Section 1.3, in [10] we proved that the fine balance condition (given
in Definition 1.3) characterizes panmixia for the species (in the context of finite populations).
In the next theorem we consider infinite populations and state explicit formulae for the solution
of the system of replicator equations and for the pair-type process under the fine balance
condition.

Theorem 3.2. Assume that the fine balance condition (1.3) is satisfied. Then
46*&,'[ 'e_ﬁjt
Xi B] (l) — yj

Ai(f) = —"— s
1 Zl’/ .xl"e_ai/t Z ., yj/e—ﬂj/t
J

Qij(t) = _xly](l — eimjt).
In particular, Q;;(00) = x;yj.

Remark 3.2. The formulae in Theorem 3.2 can also be obtained from [10, Theorem 3.6] via
the fluid limit (Theorem 2.1) and the dominated convergence theorem. However, our method
here is completely different and self-contained.

Proof of Theorem 3.2. Using (3.8), fori € [k], we obtain

d log<Ai(t)) = i1og A1) — :—tlog AL()

dr A1) dt
= —[(TIB(1)); — AT(OTB@)] + [(TIB(1)); — AT (1)TIB(1)]
= —[(TIB(®)); — (ITB(H)1]. (3.10)

Similarly, by (3.9), for j € [k], we have

d Bj(l‘) _ T o T
alog<B](l‘)> = —[(IT" A(r)); — (IT" A@¥))1]. 3.11)

Using (1.3), for i € [k], we obtain

k k k
(MB(); = Y _mjBj(t) = Y (@ + Bj)B;(t) =& + Y _ BjB;(1).

j=1 j=1 j=1
Then (3.10) yields
d A;i (1) _ _
—1 — ) = —(@; —ay).
dr Og(A](f)) (a; — o)

Hence, .
A0 _ AO) e _ Xie
Aty A1 0) xje~at’
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Finally, since A1(¢) + --- + Ax(t) = 1, we have

Ay = 5
1 - A([) k]
where A(r) = Z i1—1 x,/e_“i” is the normalization term. Similarly, using (1.3) and (3.11), we
obtain )
a—Bjt
yje
Bj(t) = “——,
B(t)

where B(t) = Zl}zl yj/e_Bj/t'
Next, we compute Z(¢). Note that we can use (3.7) to write

%log Z(t) = —AT (OTIB(t)

kk
== D @ +BNAMNB;()

i=1 j=1
kK k k k ~
==Y > @GAmB;®~ > > BiAin)B;®)
i=1 j=1 =1 j=1
k
=Y @A) - Zﬂ,B (t)
i=1 j=1
_ i xjaje %! B Xk: yj,éjeﬂé’t
— A o BO
LN VALY T
A dr B(z) dt

d - d =

= alogA(t) + glogB(t)
d _ _

= Elog[A(t)B(t)l

Since A(0) = B(0) = Z(0) = 1, we deduce that

k k k k
Z(t) = A()B(t) = Zx,-e_&"t Zyje_gft = Zinyje_”ift.

i=1 j=l1 i=1 j=I

Finally, we compute Q;;(¢). We can use (3.4) to write

—Bjt
Ty.e P i
Ql, (1) = mi; Z() A (1) B; (1) = m;; A() B(1) "o A(t) /BT) = mijx;yje i,
Since Q;;(0) = 0, we conclude that
Qij(t) = x;y;j(1 —e™™i"). O
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4. The symmetric 2 x 2 case

In this section we use the shorthand notation f to denote the time derivative d f (¢)/dt of
any function f. We assume that k = 2, w13 = w1, and x| = y;. Setting Ap = 1 — Ay, the
replicator equation in (3.3) becomes a one-dimensional ODE given by

Al =—-A1(1 = AD[Gr11 + 22 — 2m12) Ay — (22 — 712)] 4.1

with A1(0) = x1, and (3.7) is equivalent to
z >
z= — (1 + o — 2m12) AT + 2(mm2 — m2) AL — 722 4.2)

with Z(0) = 1. We already solved for Q in the previous section under the fine balance condition,
so we exclude that case here, that is, we assume that 1] 4 722 # 2m12. Hence, setting

0 — 12
T + 7 — 272

(4.1) becomes )
Ay = —(my1 + 1o — 2m2)Ar(1 — A (A — ). 4.3)

Recall that our goal is to find a formula for the mating pattern. Since k = 2, it suffices to find
a formula for Q2 (c0) because

Q11(00) = x1 — Q12(00), 021(00) = y1 — Q11(00), 022(00) = x2 — 021(00).
For this we use (3.4), which can be written in the form
Q12 =mnZA (1 — Ay).

We first study the y € {0, 1} case, that is, w11 = w12 or T = 712

4.1. The y € {0, 1} case

We first investigate the y = 1 case, that is, w11 = m12.
Note that (4.3) and (4.2) become, respectively,

Al = (m2 — m12)A1(1 — Ap)? 4.4)

and

z >
Zz= —(mn —m2)(1 — Ap)® —mp2. 4.5)

We can use partial fractions to write (4.4) as

1 1 1 .
- Al = —T12.
(A1+1—A1+(1—A1)2> 1 =722 12
Integrating both sides and using the initial condition A1(0) = x, we obtain

a—mmmnﬁ{ I I }ZJmHM{ (4.6)

xi(1— A (1) 1—Ai(1) 1—x

This is an implicit formula for Ay (¢).
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Next, we find a formula for Z(#). We know from (4.4) that
2 _ Al
(2 —m2)(1 — A" = —.
Ay
Substituting this into (4.5), we see that
V4 A
- =—— —7.
7 A 12
Integrating both sides and using the initial condition Z(0) = 1, we obtain
X1 _
Z(t) = (—)e T2t .7
A1)

We can express Z(t) in terms of A1 (¢) only (that is, without any explicit ¢ dependence). Indeed,
raising both sides of (4.6) to the power —0;, where

712
0= —
T2 — 012

((1—x1)A1<r)>‘9‘eX _9( L1 )_e_nm
x1(1— A1) 7"\ =a0  1-x/)]°°

Substituting this into the right-hand side of (4.7), we have

(1= AON\" (AT 1 1
Z(t)_< - ) ( . > exp{—@l(l_A](t)—l_xl>}. (4.8)

Finally, we express Q12 (¢) in terms of A1 (¢). We write (4.4) in the form

yields

A

Ai(1—A)) = .
1 ) (o2 — mi2)(1 — Ay)

We can use this and (4.8) to write

Q12 =m1nZAI(1 — Ay)
91214.1
1-— A

0, (1—A N\ A\ 0! o 1 1 i
= — X — — .
l—x1 l—x1 X1 P ! 1—A1 1—x1 !

Integrating both sides, using the initial conditions A1(0) = x; and Q12(0) = 0, and making a
change of variables, we obtain

0 AL e O T 1 1
O12(t) 1 / — expy —0 - dx
— X1 Jx, 1—x; X1 1—x 1—x;
¢(@)
x191f x—O+D exp{—(x—l>01(x - 1)}dx,
1 I —x
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where
(L= xDA(0)

0= 0= a0)

If 11 = m12 < 7y then it is easy to see from the stability analysis of (4.4) that
lim Aj(r) =1
11— 00

and, hence, lim,_, o, £ (#) = co. Therefore, the mating pattern has the following formula:

o0
Q12(00) = x16, / x~@+D eXp{—<1L>91 (x — l)} dx
1 — X1

00 —01—1
:/ —— expl ——2—ldy. (4.9)
0 X101 1 —x

Here, observe that ; > 0. Similarly, if 711 = w12 > 727 then

lim A;(t) =0
11—

and, hence, lim,_, o ¢£(¢#) = 0. Therefore, the mating pattern has the following formula:

1
Q12(00) = —X191/ x~@+D exp{—(x—l>91 (x — 1)} dx
0 I —x

—x161 —01—1
=/ —— expl ——2— Ldy. (4.10)
0 x161 1 —x;

Here, observe that 61 < 0.

For y = 0, that is, mp» = 12, we relabel type-1 individuals as type-2 and type-2 individuals
as type-1 (for each sex). Hence, we have once again the situation where y = 1. Also, observe
that Q12(t) = Q»1(¢) since X;(¢t) = Y;(¢) for all t > 0. Hence, we have formulae for Q;(00)
analogous to the ones in (4.9) and (4.10) by simply swapping 7r1; with 2, and x; with 1 — x;
(recall that x; = 1 — x1). More precisely, setting

12
O i = ——,
T — 12

we have

0 (TP xR 1 1
x1 Ji—x X1 1—x; 1—x x

As before, by the stability analysis of A;(¢), we have the following formulae for the mating
pattern. If oy = w12 < 11 then

Q12(00) = (1 — x1)92/wx—wﬁ“exp{—(%)ez(x - 1)} dx
1

1

00 —60—1
y y
= l+—) ex {——}dy,
/0 < (1 —x1)62 P X
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where 6, > 0. If my» = 12 > 711 then

1 1 —
Q12(00) = —(1 —xl)ez/ x<92+‘>exp{—( xl)@z(x - 1>}dx
0 X1
—(1—x1)6> —60—1
y y
= 1+ —— expy —— t dy,
/o ( (1—X1)92> p{ X1} Y
where 6, < 0.

4.2. The y € {0, 1} case
When x; = y this constitutes a special case and we study it first.

4.2.1. The x1 =y € (0, 1) case. By (4.3) we have A] = 0 and, therefore, A;(t) = x.
Substituting this into (4.2) yields

NI N-

= —mipx1 — (1 —x1).
Using the initial condition Z(0) = 1, we have
Z(t) = exp{—(ri2x1 + w22 (1 — x1))t}.
Finally,
Q1 =mZA1(1 — Ay) = mipxi (1 — x1) exp{—(miax1 + m22(1 — x1))1}
is easily solved with initial condition Q7(0) = O to yield

1_
0 = —Z200 22D o e 4 (T — ).
m12x1 + moa(l — x1)

In particular, the mating pattern is given by

1_
Q12(0) = ol = x) =x1(1 —X1)|:

mox1 + moo(l — x1)

T2(m1 + w2 — 2712) :|
m12(mp — w2) + moa(mw — m2)

Note that, by the definitions of 67 and 6,, we have

14 1 _ m12(w22 — w12) + (7w — 712)
01+ 6> m2(m + w22 — 27m12)
Hence, we can write
On(oo) = — ) (.11
1+ (1/(61 + 62))

4.2.2. The x1 # y case. Using partial fractions, (4.3) can be written as

(— L ! 4 : >A1 = —(mi1 7 — 2m). (412)
yAr  y(d—=y)A1—y) A-y)A-A)D

It is clear from (4.3) that A;(¢) never crosses y. Integrating both sides of (4.12) and using the
initial condition A (0) = x{, we obtain

<x1<A1(r) - y))”y<<1 —x1)(A1(1) — y)
(x1 —y)A1(?) (x1 =) —Aq(r))

1I/(1=y)
> = exp{—(m11 + 7w — 2m2)t}.
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Raising both sides to the power w12 /(711 + 720 — 2712) yields

<x1<A1(z> ~ y))f’l ((1 — x1)(A1(1) — y))92 _ “13)
(x1 —y)AL1() (x1 =) — A1)
This is an implicit formula for Aq(¢).
Next, we find a formula for Z(t). We can rewrite (4.2) as
Z
z= — (1 + 2 — 2m12) A1 (A1 — y) — m2ArL — (1l — Ay). (4.14)
Note that (4.3) yields )
Aj
—(m1 + 72 —2712)A1(A —y) = ,
1— A
A
_Al = )
(11 + 72 — 2m12) (A1 — y)(1 — Ay)
Ay
—(1-A) =

(11 + 70 = 2m12) AL (AL — )
Substituting these into the right-hand side of (4.14) and using partial fractions, we obtain

A _< 1 + T2
zZ 1—Ay (i +m2—2712)(A1 —y)(1 = Ay

b15)) .
+ >A1
(w11 + 2 — 2m12)A1(A1 — )
7] 1 (%) 1 (7] [7) 1\ .
_( it n b+ 1+ 6+ A,
Al 1—A; Al —vy

We integrate both sides, use the initial conditions A1(0) = x; and Z(0) = 1, and (4.13) to
deduce that

—61—1 _ —6r—1 _ 01+62+1
Z(t):<A1(t)> (ﬂ) ’ <A1(”—”> ’ (4.15)

X1 1 —x X1 =y

3 ( x1(1 = xD(A1(1) — y) )(xmAl(r) - y))91 ((1 — xD)(A1(1) — y))"z
S\ = AOUA = A®)) )\ (x1 — ) A1) (x1 —y)(1 — A1)
_ ( x1(1=x)(A1(H) —y) )em,
(x1 =)A= A1(2))
Here, the right-hand side of (4.15) is in terms of A;(¢) only. On the other hand, (4.16) is

somewhat simpler.
Finally, we provide a formula for the limiting pair-type process. Note that (4.3) yields

(4.16)

Aj

A1 —A)) =— .
i v (w11 + w2 — 2m12) (A1 — )

Using this and (4.15), we have
On =mZAI(l - A)

ma(x) —y) 7! (Al >_91_1<1 — A )_92_1(A1 - V>01+02 :
= — — Aj.
w1+ 2 — 22 \ X 1—x X1—vy
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Integrating both sides, using the initial conditions A1(0) = x1 and Q12(0) = 0, and making a
change of variables, we obtain

_ —0,— 61 0146,
it —y)~h A0 NI e TR e\
O12(f) = — — dx
T+ 72 — 2712 Jy X 1 —x X1 —y

£() - 1 —or—1

T

_ 12 / (1 4 yy) (1 +( )/)y) dy.
w1 + 72 — 2112 Jo X1 I —x

xp — A(t)
Aty —y

where

£(n) =

In particular, the mating pattern is given by
Qua(o0) = ——2 /m)(l " y—y)_gl_l (1 n M)_grl dy. @17)
i+ w2 — 2112 Jo X1 1 —x
The value of & (c0) can be deduced from (4.3) using stability analysis:
(1) If w11 > mp and mop > myp,then 0 < y < 1, Aj(00) = y, and £(00) = oo.
(1) If 71 < w2 and w2 < w2, then 0 < ¥y < 1 and there are two subcases.
e If x; < y then Aj(0c0) =0 and &(c0) = —x1/y.
e If x; > y then Aj(00) =1 and £(o0) = —(1 —x1)/(1 — y).
(iii) If 711 > w12 and mpy < 713, then there are two subcases.
e Ifmyy +mpp <2mptheny > 1, Aj(00) =0, and £(c0) = —x1/y.
o Ifmyy + 1 > 2mptheny <0, Aj(00) =0, and £(c0) = —x1/y.
(iv) If w11 < 712 and mp > 713, then there are two subcases.
o If ) + 1 < 2mptheny <0, Aj(00) = 1, and §(c0) = —(1 — x1) /(1 — ).
e If g +mpp > 2mptheny > 1, Aj(00) = 1, and §(c0) = —(1 — x1)/(1 — ).
Hence, we have an explicit formula for the mating pattern in each case.See Figure 1.

4.3. Characterization of homogamy/panmixia/heterogamy

Having derived an explicit formula for the mating pattern in the symmetric 2 x 2 case, we
use this formula to provide a trichotomy regarding the mating preferences versus the mating
pattern.

Theorem 4.1. Assume that k = 2, w1y = w21, and x1 = y1 € (0, 1). Then, the following
hold:

(1) (homogamy for symmetric population) Q12(00) < x1(1 — x1) if w11 + w0 > 2my2;
(i1) (panmixia for symmetric population) Q2(c0) = x1(1 — x1) if w11 + w22 = 272,

(iii) (heterogamy for symmetric population) Q12(00) > x1(1 — x1) if w11 + w22 < 2m12.
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0.3
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0.(1) -§

0 01 02 03 04 05 06 07 08 09 1.0

FIGURE 1: Level curves of Q12(00) as a function of 711 (x-axis) and s (y-axis) for fixed w12 = w21 = %
andx; =xp =y =y = % The value of Q12(c0) on each level curve is separated by é. The diagonal
line 7711 + 722 = 1 corresponds to panmixia on which Q2(0c0) = x1y2 = %.

Remark 4.1. The analog of the trichotomy in Theorem 4.1 for finite populations (without
imposing any symmetry conditions) was established in [10, Theorem 3.9] and recorded in
(1.4). In fact, Theorem 4.1 can be almost obtained from (1.4) by applying Theorem 2.2 and
the dominated convergence theorem, except that the strict inequalities would not necessarily
be preserved. Our main motivation for including Theorem 4.1 here is to provide an application
of our formula for the mating pattern.

Proof of Theorem 4.1. (i) We analyze the formula we derived for Q1,(co0) which depends
ony.

The y € {0, 1} case. Consider the y = 1 case, thatis, 711 = m2. Since we assume that
11 + mn > 2w, we have 1] = w1y < 2. Then (4.9) holds for the mating pattern:

o y \ ! y
Q12(00)=/ 1+2 ) expl- dy,
0 X191 1—x1

with 8; > 0. Note that, since ¥ > (1 + y/c)¢ > 0 for every y > 0 and ¢ > 0, we have
—(x1/(1=x1))01
y y
expy — 1+ — .
XP{ l—x1}<< +x191)

>—91—1—(X1/(1—X1))91

Therefore,

le<oo)<f (Hi
0 X101

The proof for y = 0, that is, mpy = 12, is exactly the same.
The y ¢ {0, 1} case. In the case where x; = y € (0, 1), recall from (4.11) that

dy = x1(1 — x1).

x1(1 —x1)

Q12(00) = 7@ 16
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Sincey € (0, 1) and 71|+ > 272, wehave | > mjp and mop > m2. Hence, 61 4+6, > 0,
which implies that Q12(c0) < x1(1 — x1).

Now assume that x; # y. We consider first the case w11 > w2 and w22 > m12. Then,
y €(0,1), Aj(oc0) = y, &(0c0) = o0, and 61, 6> > 0. By (4.17), we have

00 —(O1+1) 1 -1y) —(62+1)
Q12(00) = ely/ (1 + Q) (1 + A) dy.
0

1—x1

If x; > y then
1—)61 X1
O<— <1< —.
-y 14

Thus, since (1 + y/c1)' < (1 4+ y/cp)? forevery y > 0and 0 < ¢| < ¢, we obtain

1— (I=x1)/(1=y) x1/y
O<(1+M> <<1+Q> .

The above inequality yields
—(O1+D 1— —O1+D(y (I—x)/(1=y)x1)
(1—}-2) < (l +—( V)y) .
X1 1 —x;

Therefore,

o0 1_
012(c0) <91y/0 (Hﬂ dy

—@1+D)(y A—x)/(A=y)x1)—(B2+1)
1 —x )

o xa(d—xp)
1+ —x1)/6
< x1(1 —xl).

Similarly, if x; < y then we have

0n(o0) < LX) 1,
14+ x1/62
Next, consider the w117 > w2 > mp case. Then y < 0, A1(c0) = 0, £E(c0) = —x1/y,

01 < —1,6, > 0,and 61 + 6> < 0. By (4.17), we have

—x1/y —(01+1) 1-1y) —(62+1)
012(00) = 913//0 (1 + Q) (1 + #> dy.

X1 I —x
Since y < 0,
1—
x] O _]’
-y 14

which implies that

x1/y 1— (I=x1)/(A=y)
(1 i Q) - (1 + (l—y)y) >0 foreveryy € (0, —x1/y).
—x
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Note that (1 — y)6> = y6;. Hence, raising both sides of the above inequality to the power
—yo01/(y —x1) = —(1 —y)0/(y — x1) > 0, we obtain

—x101/(y—x1) 1— —(1=x1)02/(y —x1)
(1 + Q) > <1 + —( y)y) .

X1 1 —x;
Therefore,
—x1/y vy —(O1+1)—x161/(y —x1)
012(0) <91yf (1+—)
0 X]
1— —(O2+D)+(1=x1)02/(y —x1)
X (1 + M) dy
1 — X1

-9 /‘x1/y< IL+yy/xi >9|y/(yx|)1 (1 L= V)Y>2d
Yl T+ —y)y/(d—x1) 1= Y

0 1
=x1(1 _x1)<_1)/ )/ urv/@=r=lq,
X1 —V 0

=x1(1 —xp).

Finally, the 2, > w12 > 71 case is reduced to the previous case simply by switching the
roles of 711 and 72, (and of x; and 1 — xy).

(ii) If w11 4 w22 = 27> then the fine balance condition is satisfied, and Q12(c0) = x1y2 =
x1(1 — x1) by Theorem 3.2 and the assumption that x; = y;.

(ii1) We proceed exactly as in the proof of Theorem 4.1(i).

The y € {0, 1} case. Consider the y = 1 case, that is, 71 = m12. Since we assume that
Ty + mn < 2w, we have 1] = w2 > mp2. Then (4.10) holds for the mating pattern:

—x161 y —61—1 y
Q12(00) = / 14+ — expy — dy
0 x1601 1 —x

with 81 < 0. Note that, since e” < (1 4+ y/c)¢ forevery y € (0, —c) and ¢ < 0, we have

y y (x1/(1=x1))61
expy — > 14+ — >0 foreveryy e (0, —x161).
1—x X161

Therefore,
—x10 y =01 —1—(x1/(1=x1))61
012(00) > / (1+—) dy = x1(1 — xyp).
0 x101

The proof for y = 0, that is, mpy = w12, is exactly the same.
The y ¢ {0, 1} case. In the case where x; = y € (0, 1), recall from (4.11) that

x1(1 —xp)
1+ 1/(61+62)°

Since y € (0,1) and 71 + w2 < 2mp, we have w11 < myp and w2 < mp2. Hence,
01 + 62 < —2, which implies that Q12(c0) > x1(1 — x1).

Q12(00) =
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Now assume that x; # y. We consider first the w11 < w12 and w2y < mip case. Then,
y € (0,1) and 61,6, < —1. By (4.17), we have

&(00) —(61+1) (] _ ) —(62+1)
012(c0) =91y/ (1+Q> <1+¢) dy.
0 1 —x;
If x; > y then Aj(00) =1, £(00) = —(1 — x1)/(1 — ), and
1—
0 < a <1< x—l
-y Y
Thus, since (1 + y/c1)' < (1 4+ y/cp)? forevery y € (—c1,0) and 0 < ¢; < ¢2, we obtain

L — oy A=2D/(1=7) a/y
0< (l—l—(l—y)})) < <1+Q> forevery y € (—(1 — x1)/(1 — y), 0).
— X1 X1

The above inequality yields

—(O1+1) 1 — —O1+D)(yA—x1)/(A=y)x1)
(1022) " (1 G |

X1 1—x
Therefore,
0 (1—y)y —O1+D)(y(A—x1)/(A=y)x1)—(02+1)
Q12(c0) > —91)// (1 + 1—) dy
—(I=x1)/(1=y) — X1
_ox(l=xp)
1+ —x1)/6,
> X1(1 — xl).
Similarly, if x; < y then we have
x1 (1 —xp)
o0) > ——— > x1(1 —xp).
Q12(0c0) T+ x1/6, 1( 1)
Next, consider the w11 > w2 > mp case. Then y > 1, A1(o0) = 0, £(c0) = —x1/y,

01 < —1,6, > 0,and 61 + 6, > 0. By (4.17), we have

0 —(61+1) 1 —y) —(62+1)
012(c0) = —ely/ (1 + Q) (1 + J) dy.

—x1/y X1 1—X1
Since y > 1,
1—x1 X1
<0< —,
l—y Y

which implies that
x1/y 1— (I=x1)/(1=y)
0< (1 + y_y) < (1 + (1—)/)y> forevery y € (—x1/y, 0).
X1 — X1

Note that (1 — y)6> = y6;. Hence, raising both sides of the above inequality to the power
—y01/(y —x1) = —(1 = y)02)/(y — x1) > 0, we obtain

—x101/(y—x1) 1— —(1=x1)02/(y —x1)
(1+Q> < <1+—( y)y) .
1 —x;
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Therefore,

0
012(c0) > —91)// (1 +

—O1+1)—x161/(y—x1)
2)

1— —O2+1D)+(1—x1)62/(y —x1)
5 (1 N ( J/)y>
1 —x;

_ —91)//0 ( L+ yy/xi )‘9”/(“)‘”‘10 L= V)y)_zdy
iy N+ A =y)y/(1 —x1) 1 —x

0 1
— _xl)<1_?’)/ LAy IC—n=1 gy,
xi—v)Jo

=x1(1 —x1).

—x1/y

dy

Finally, the 72, > w12 > 1] case is reduced to the previous case simply by switching the
roles of 711 and 2, (and of x; and 1 — xy). O
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