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Abstract

We consider an individual-based model where agents interact over a random network via first-
order dynamics that involve both attraction and repulsion. In the case of all-to-all coupling of
agents in RY this system has a lowest energy state in which an equal number of agents occupy the
vertices of the d-dimensional simplex. The purpose of this paper is to study the behavior of this
model when the interaction between the N agents occurs according to an Erdés-Rényi random
graph G(N,p) instead of all-to-all coupling. In particular, we study the effect of randomness
on the stability of these simplicial solutions, and provide rigorous results to demonstrate that
stability of these solutions persists for probabilities greater than Np = O(log N). In other words,
only a relatively small number of interactions are required to maintain stability of the state. The
results rely on basic probability arguments together with spectral properties of random graphs.

1 Introduction

Individual-based models (IBM) have proven exceedingly useful for reproducing a wide variety of collective
behaviors. Each individual in an IBM defines a “particle” that typically interacts with all other particles
according to a specified potential function. The potential V(s) and the interaction kernel g(s) := —V'(s)
encode the precise dependence of the interaction on inter-particle distance, or the distance between individu-
als, and therefore widely vary between applications and across disciplines. The mathematics of such particle
systems pervades many disciplines: it appears in models that range from physics, chemistry and biology to
control theory and engineering. Classical examples from physics and chemistry include the distribution of
electrons in the Thomson problem [44, 34, 2, 50, 8, 9, 25] and VSEPR theory. More modern applications in
these areas include protein folding [33, 42], colloid stability [46, 47, 22] and the self-assembly of nanoparticles
into supramolecular structures [17, 20, 16, 53]. In biology, similar mathematical models help explain the
complex phenomena observed in flocking [29, 10, 48], viral capsids [18, 52], locust swarms [12, 5] and colonies
of bacteria [45, 11] or ants [4]. In engineering, non-local particle models have been successfully used in many
areas of cooperative control [51, 23], including applications to robotic swarming [7, 51, 15, 14].

In each of these disciplines, the most pervasive component of such models consists of the total contri-
bution from all pairwise isotropic interactions between individuals in the particle group. A special case of
such models consists of IV interacting individuals obeying first-order dynamics under a repulsive-attractive
interaction. By repulsive-attractive, we mean that the interaction kernel g(s) has a single root g(R) = 0
and that g(s) is positive for s < R and negative otherwise. Under these choices the system of N ordinary

differential equations
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governs the evolution of the particles in time.
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This model assumes an all-to-all interaction structure between individuals. In other words, each indi-
vidual interacts with every other individual in the particle group. This assumption can prove unrealistic in
engineered systems with a large number of particles. In robotics, for instance, all-to-all communication can
prove prohibitively expensive for a large number of robots, and the all-to-all structure may break due to
random communication failures between individuals as well. We therefore aim to understand how the col-
lective behavior of the particle system (1) is affected by the presence of a random network structure between
individuals. For simplicity we represent the random network as an Erdés-Rényi random graph that remains
fixed throughout time. Thus given a number N of individuals let E = {e;; }f\fj:l denote the adjacency matrix
of an undirected random graph drawn from G(N,p): for j > i the e;; ~ B(1, p) denote independent Bernoulli
random variables and e;; = e;; otherwise on the lower triangle. The basic particle model then becomes

N
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in order to incorporate the random communication network between individuals.

The purely linear case g(s) = 1 of the system (2) appears in studies of consensus and synchroniza-
tion algorithms on a random graph [24, 36, 19, 37]. Related models also frequently demand a theoretical
understanding how a (possibly dynamic) random network interaction structure affects well-understood, de-
terministic behaviors such as phase transitions [1], consensus and synchronization [35, 43], and the emergence
of collective behavior in locust swarms [21]. In matrix form the linear version of system (2) reads

dx

— =—-[L®Id 3

— = —[Lol, 3)
where X = (x1,...,Xx) is the vector of all individuals x; € R?, L is the graph-Laplacian matrix and ®

denotes the Kronecker product. By definition, consensus for this system occurs if ||x;(t) — x;(t)|| — 0
as t — oo, and since the graph is undirected consensus will occur if and only if the graph is connected
[41, 38, 40, 31, 30, 27, 28, 6, 39]. Note that the matrix L ® Id necessarily has a d-dimensional nullspace Ny
spanned by “constant” vectors of the form X = (v,...,v) € RN where v € R is fixed. The emergence of
consensus therefore occurs if and only if the stability condition

max —(v,[L®Id]v) <0 4
P oo (v, [ Iv) (4)

holds. In this way spectral properties of systems of the form L ® Id determines the long time behavior of
differential equations. Our analysis of the nonlinear variant (2) proceeds similarly. We shall analyze the
spectral properties of matrices of the form Lz ® M, where G denotes a sub-graph of the interaction structure
and M € Mgy 4 denotes a symmetric, deterministic and positive semi-definite matrix. A stability condition
similar to (4) will then determine long term behavior of the random system (2).

Our motivation for studying random linear systems of this form has its origins in elementary dynamical
systems theory. Specifically, we may analyze the stability of an equilibrium solution to a system of ran-
dom, non-linear ordinary differential equations by linearizing the ODE system about the equilibrium. This
linearization process allows us to apply well-developed techniques from random matrix theory to study prop-
erties of random differential equations. A linear stability analysis of the equilibria of (2) requires performing
two tasks. The first task entails finding those configurations of individuals that lie in equilibrium, i.e.

N

1
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The second task couples a linearization of (2) around the equilibrium together with an analysis of the
eigenvalues of the resulting matrix. Even in the deterministic case with all-to-all coupling, that is when
p=1and e;; =1 for all (4, j), describing the equilibria of (2) can prove quite challenging. The introduction
of randomness into the underlying interaction structure only adds further complications. While the symmetry
of the interaction structure in the all-to-all case permits the description of equilibria by means of analytical
formulae in some cases, the presence of any randomness whatsoever immediately breaks this symmetry. An



analytical description of equilibria proves nearly impossible as a result. In other words, as soon as the edge
probability p < 1 the equilibria of the fully coupled system can destabilize immediately. This leads to the
formation of some other complicated, random equilibrium configuration (see figure 1, top row). As a result,
we cannot reduce the study of stability to a pure random matrix problem since we do not have an adequate
description of the equilibrium itself.
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Figure 1: Top row: A set of particles equally distributed along a ring defines an equilibrium under all-to-
all coupling. If p < 1 the ring no longer defines an equilibrium and, as p decreases, settle into a random
equilibrium instead (final state shown). Bottom row: A simplex defines an equilibrium under all choices
of graphs and also remains stable for relatively small edge probabilities p. Small initial perturbations (not
shown) of the simplex decay and particles reoccupy the original simplex as t — oo (final state shown).

To avoid this difficulty, i.e. the random, non-linear problem of finding equilibria of (2), we focus our
efforts on a special class of equilibria to (2) that satisfy (5) under all possible realizations of the random
graph. We must therefore allow each e;; to be zero or one arbitrarily. If we allow each e;; to take on the
value zero or one arbitrarily, in order to not affect (5) then we must have

1
g (2|Xi _Xj|2) (xi —x;) =0

for any possible choice of distinct particle indices. As a consequence, for all (i, j) either x; = x; or |x; —x;| =
V2R where R denotes the root of the interaction kernel. Each of the particles therefore lie at the vertices of
a regular simplex in R? whose edge length is determined by R. This restriction, i.e. that the particles lie in
equilibrium regardless of their interaction structure, necessarily reduces our study to the class of so-called
simplex configurations. These simplex configurations generalize the one-dimensional simplex equilibrium
or “compromise solution” studied in [49], so named due to its similarity with the classical consensus-type
algorithms in control theory. This is the particular choice of equilibrium where equal numbers n = N/2
of particles occupy both vertices of the one dimensional simplex, so that x; = --- = x, = 0 and x,,41 =

- = xy = V2R up to a reordering of the particle indices. Unlike the equilibria of (2) that require the
symmetry of all-to-all coupling, these simplex equilibria do not immediately destabilize with the introduction
of randomness. Instead, they can remain stable even for relatively small values of p (see figure 1, bottom
row). Moreover, the stability analysis of these equilibria reduces to a study of the eigenvalues of the matrix
that results by linearizing (2) around the simplex configuration. In this manner, the stability analysis reduces
to a pure random matrix problem.



We refer to the one-dimensional system as a compromise model because the individuals in the each group
(the two vertices of the 1d simplex) prefer to remain at a fixed distance away from all other individuals;
however, their attraction to the other group forces them to coexist at the same location with half of the total
number of individuals in the group. The equilibrium therefore represents a compromise between these two
competing effects. The associated linear system

HLl - L2. (6)

also contrasts with the classical consensus case (3); the matrices L; and Ls equal the graph Laplacians
formed from two subgraphs of the full interaction structure. The first subgraph contains only those edges
that do not connect the two groups and the second subgraph contains only those edges that do connect the
two groups. We can therefore interpret the linear system as a competition between positive semi-definite
Laplacian matrices. Our interest lies in determining when the stability condition (4) holds for the more
general linear system (6). Our main result is a proof of the following theorem given in section 3, which
settles a conjecture originally posed in [49]. We then demonstrate in section 4 how to extend the analysis in
order to prove similar results for higher dimensional simplex configurations.

Main Result 1.1. Let 0 < xk < 1 and let e;; denote the N x N adjacency matriz of an Erdds-Rényi random
graph G(N,p). There exists a constant po. (independent of N ) with the following property. If
log N

N

P > (poc +¢€)

for some € > 0 then the stability condition (4) holds for the system (6) asymptotically almost surely. If

log N
N

P < (poc —€)

the stability condition (4) fails for the system (6) asymptotically almost surely. Moreover, po. depends on k

through the relation
2
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2 Preliminary Material

We first pause to fix our notation, terminology and to collect a few preliminary lemmas before we pro-
ceed with our main results. Capital roman letters such as A, B, C will always refer to matrices, while the
corresponding lower-case letters aj, b;j, ¢;; will denote the corresponding entries. We reserve Id for the iden-
tity matrix, 0 = (0,...,0)* for the zero vector and 1 = (1,...,1)" for the constant vector. We shall use
e; = (1,0,1,0,...,1,0) to denote the vector in R?” with n copies of (1,0)! and use e, denote the analogous
vector with (0, 1) repeated n times. The size of each of the preceeding is elucidated by the context in which
it appears. For an n x n symmertic matrix A, we let \;(A) denote its i*" eigenvalue sorted in decreasing
order. In other words, we have

A(A) 2 Xo(A) -+ = A (4), (8)

where each eigenvalue appears according to its algebraic multiplicity.
Given a sequence of measurable events { W), }52 ,, each of which lies in some (possibly different) probability
space, we say that the sequence of events {W,,},,>1 holds asymptotically almost surely (a.a.s.) if

P(W,) —1 as n— oo.

Here and in what follows, IP always denotes the measure on the probability space in which the relevant event
lies. We denote by B(1,p) a Bernoulli random variable with parameter p and B(n,p) the corresponding
Binomial distribution. We use E(X) to denote the mean or expectation of the random variable X while
the notation X ~ Y signifies that the random variables X and Y have the same distribution. We reserve
E = {e;;} for the random matrix that corresponds to the adjacency matrix of Erdds-Rényi random graph.
Given such a random graph on n vertices with adjacency matrix E and a symmetric, deterministic matrix



M € Mgxq(R) we form the generalized adjacency matric A(M) € M, gxna(R) generated by M according to
the formula
AM):=E® M, (9)

where A ® B denotes the Kronecker product of two matrices. These matrices naturally appear in the
linearization of (2) around the family of simplex equlibria.

Our arguments rely on two types of probabilistic estimates that apply either to a sum of random variables
or to a random matrix when a “mean-zero” hypothesis applies. Roughly speaking, these estimates allow us to
reduce our analysis to the “mean” of these components. This “mean” is then usually much easier to analyze
than the full component itself. Lemma 2.1 below, which states a variant of the well-known Chernoff bound
(c.f. [26]), provides the first result of this type. It furnishes tail estimates on a sum of random variables X;
that satisfy the bona-fide mean zero hypothesis E(X;) =0 —

Lemma 2.1. (Chernoff Bound) Let X1, ...,X,, denote discrete, independent random variables satisfying
E(X;) =0 and |X;| < 1. IfE(X?) = 0? and 0® > 02, then for any 0 < X\ < 20

P <| > Xl > )\a> < 2eN/4, (10)

i=1

When dealing with generalized adjacency matrices of the form (31), it proves natural to decompose a
given a vector x € R™ as x = (x1,...,%,)!, where each x; € R?. The “mean-zero” hypothesis in this
context enforces orthogonality of x € R with respect to the “constant vectors” v, = (w,...,w)’ € R
or in other words it holds that .

Y xi=0. (11)
i=1

If we denote the corresponding subset of the unit ball S”¢ C R as

Sy = {xr > x; =0, Z||Xi||§§1}7 (12)

then we may state the second type of probabilistic estimate as follows —

Theorem 2.2. Let a and ¢y denote arbitrary positive constants. Let E denote the adjacency matriz of a ran-
dom graph from G(n,p), M € Myxq(R) denote an arbitrary symmetric matriz and A(M) = E® M the corre-
sponding generalized adjacency matriz. If np > cglogn then there exists a constant ¢ = ¢(«, co, d, || M|]2) > 0
so that the estimate

max |(x, Ay)| < cy/ip (13)

(x,y)ESyixSnd

holds with probability at least 1 —n~<.
This theorem represents a generalization (and slight improvement when d = 1) of a theorem from [13], and
its proof follows that of [13] closely. We include it for completeness in the appendix.

The reductions that these estimates permit allow us to focus our efforts on the “mean” of the random
matrix under consideration. This “mean” essentially consists of weighted differences between independent
binomial distributions. Our method of estimating these weighted differences requires a few standard facts
regarding special functions, namely the gamma function I'(z) and the digamma function ¥°(z) defined by

TO0(z) = % logT'(2).

For the gamma function, we shall use Stirling’s formula both in terms of upper and lower bounds

I'z+1) < _©

LS amae)r = Var
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for ze N (14)



and in terms of the asymptotic relation for z € R*
1
logT'(z+1) = (z+2> logz—2+0(1) as z— oo. (15)

For the digamma function W°(z) we shall use the properties (c.f. [3], [32])

¥0(z) is increasing for z >0 (16)
1
\Ilo(z+1)logz+0<> as z — 00 (17)
z
logz < ¥z +1) < log(z +1). (18)

With these preliminaries in place, we may now proceed to formalize and prove our main results. The
next section formalizes the linear stability problem for one-dimensional simplex equilibria and also proves a
sharp threshold for when stability of these solutions holds asymptotically almost surely. That is, it resolves
conjecture 1.1. Section 4 extends this formalization and analysis to the higher dimensional case.

3 Problem Statement in One Dimension

In this section we shall first describe in greater detail the random stability matrix that results from linearizing
(2) around the one-dimensional simplex equilibrium, or the “compromise” solution. We then proceed with a
few preliminary reductions that allow us to determine stability or instability of this solution by analyzing a
random, diagonal matrix instead of the full stability matrix. We then fully characterize the threshold...etc.
To begin, recall that we obtain the one-dimensional simplex equilibrium by subdividing a group of N = 2n
scalar particles x; € R into two equal-sized groups of n individuals then placing them a distance R apart:

X =""=X,=0 and Xnpt1 =+ =%xy = R.

As always let F € My yn(R) denote the adjacency matrix of the G(NV, p) random graph that determines the
interaction structure. We partition the adjacency matrix as
A B
E= (Bt C) , A=A" C=C" A B,C€ M,x,(R)
where A and C correspond to intra-group edges (interactions within the same group) and B corresponds

to inter-group edges (interactions across groups). The resulting stability matrix L for the compromise
equilibrium reads

Di-A 0 Dy -B
L =nrly = Lo, L1:<Ao Dc—C)’ LQ:(—gt DBt>-

For each M € {A, B, Bt,C} the diagonal matrix D, has non-zero elements corresponding to row sums of M,
so that L, and Lo correspond to positive semi-definite graph Laplacian matrices. Here 0 < k < 1 is a system
parameter fully determined by g(s), its first derivative and the distance R between the two compromised
groups.

The characterization of stability or instability relies on determining when the eigenvalues of L have the
appropriate sign. As 1 always defines an eigenvector with eigenvalue zero, our interest lies in placing proba-
bilistic bounds on when A; (L) = 0 and the second-largest eigenvalue A (L) of L is non-positive asymptotically
almost surely. This is a necessary condition for stability of the compromise model. We therefore aim to
establish conditions on p for when the stability condition

max v,Lv) <0 19
{velL:HVII:l}< ) 19)

holds asymptotically almost surely. The following subsections rigorously establish a critical threshold p = p,
for this stability condition to hold.



3.1 Reduction to the Diagonal Component

Clearly, if L has a positive diagonal entry then A;(L) > 0 and Ay(L) > 0, so we may reduce to the case when
the diagonal component D of the stability matrix L

L I{DA—DB 0
D (PP b ) (20

has non-positive entries. The following lemma asserts that having A1 (D)
totically almost surely suffices to guarantee that A;(L) = 0 and Ao(L) <
well.

< —c¢1 Np for some ¢; > 0 asymp-
0 asymptotically almost surely as

Lemma 3.1. Assume that p = o(1), there exists a cg > 0 so that Np > colog N and a ¢; > 0 so that
the diagonal component (20) of L satisfies \1(D) < —c1 Np asymptotically almost surely. Then Ao(L) < 0
asymptotically almost surely.

Proof. Let V denote the subspace of RY that consists of mean-zero vectors, i.e. V := {v € RV : > vi =0},
and define 1o € V as

for 1 € R™, and note that ||1o]|]2 = 1. Let v € V satisfy ||v||2 = 1, and note that v decomposes as
n N
v=alg+ py for yEVOL::{VERN:Zvi:Zvizo}
i=1 i=n—+1

where ||y|l2 = 1 and o? + 3% = 1. The definition of L; implies L11o = 0, so that a direct computation of
(v, Lv) shows that

<V7 LV> = 62<ya Ly> - Oé2<]-0; L210> - 20&ﬁ<10, L2y>

= B <YaLy I Z sz 20‘6 Y7L210>
1,7=1
Define the random variables X := " j=1bij and Y := (y, Lo1o). As E(b;;) = p and the b;; are independent,

it follows that E(X) = n?p and Var(X) = n?p(1 — p). The Chernoff bound (c.f. lemma 2.1) then implies

that
P (X — E(X)| 2 ny/np(1 - p)) < 2¢7/

for all n sufficiently large, so in particular it holds that X/N = np/2+ O(y/Np) asymptotically almost surely.
To estimate Y, write y € V5t as y = (y1,y2)! for y; € R", then recall that the definition of Ly = L}
implies

1
Y = (Lay, 19) = ﬁ(<17D3y1> — (1, By2) — (1, Dpiy2) + (1, B'y1))
It follows by definition that Dgl1 = B1 and Dg:1 = B'1, which then implies
2 2
Y = ﬁ(ﬂﬂt}’ﬁ — (1, By2)) = 2(1¢, Ey) — ﬁ(ﬂw‘b’ﬁ —(1,Cy2)).

Applying theorem 2.2 with d = 1 shows that (1o, Fy) = O(y/Np) asymptotically almost surely. Define
¥1 := (y1,0)! and 1 := (1,0)!, so that the equality (1, Ay;) = (1, F1) holds. As (§1,0)! € S and
E ~ G(N,p), a direct application of theorem 2.2 with d = 1 suffices to yield [(1, Ay1)| = /nO(,/np)
asymptotically almost surely. A similar argument demonstrates |(1,Cy2)| = /nO(y/np) asymptotically
almost surely as well. Thus |Y| = O(y/np) asymptotically almost surely. That 2a8 < a® 4+ 32 = 1 then
implies

2
(v.Lv) < Bly, Ly) — "o X ~208Y < ~a>Np + #(y. Ly) + O(,/Np)



asymptotically almost surely.
It remains to estimate (y,Ly). Again write y € V5" as 'y = (y1,y2)! for y; € R", and recall that
llyill2 < 1and 1-y; =0 by definition. Thus

B*(y, Ly) = B*(y, Dy) — B*(1 + x)({y1, Ay1) + (y2, By2)) + 8°(y, Ey).

As each of y1,y2 and y have zero mean and ||y||2 = 1, it follows from theorem 2.2 that

52(y, Ly) = B*(y, Dy) + O(y/Np) < M(D)|ly|[38% + O(/Np) < —e1Npp® + O(\/Np).
As a consequence, that a? + 2 = 1 then implies

vn|1|a)|<| (v,Lv) < —min{l,¢;}Np+ O(y/Np) <0

veV:||v|lz2=1

asymptotically almost surely. Noting that 1 always defines an eigenvector of L then yields the desired
result. O

3.2 Estimating the Diagonal

With this reduction in hand, we may now proceed with the task of establishing the hypothesis A\ (D) <
—c1Np in the preceeding lemma. FEach non-zero entry D;; of D has exactly the same distribution, i.e.
a difference of two independent binomial distributions (although dependencies exist between the diagonal
entires themselves due to the undirected graph). Specifically, we have

diiNIiX—Y

for X, Y ~ B(n,p) with X and Y independent. We therefore wish to estimate when P(d;; > —¢i Np) holds
with probability sufficiently small to apply the union bound over all diagonal entries. In crude terms, for
Np = 0O(logn) and N = 2n we have that

P(dyy > —c1Np) & ca(n)e” @)™ ci(i e) = ¢o(k,0) +o(1)  (as ¢g — 0)

for some function cy(k, 1) that depends on x and ¢; and some function ca(n) that grows (or decays) more
slowly in n than any power. A threshold therefore occurs when cq(k,0)np = logn, or in other words when

]P(dll Z 0) =~ CQ(TL)@ <3L) .
Indeed, if co(k, 0)np > (14 ¢€)logn then P(di; > —c1Np) ~ n~1+9) and we may apply the union bound over
all 2n diagonal entries. On the other hand, if co(k,0)np < (1 — €)logn then P(dy; > ¢;Np) ~n~ (179 and
the union bound fails. In this case, we expect L to have positive diagonal entries and therefore instability
to occur.
To realize this program, we must have a method for calculating cg(k, ¢1) itself. Given X ~ B(n,p) and
Y ~ B(n,p), let Z=krX —Y then define

tponser) =22 2 e = 3 ()1 - 5 ()ra-nr. 1)

i=0 §=0

As the following lemmas demonstrate, we can estimate f,,(p, &, ¢1) to the precision needed by considering only
the largest term in the sum. Finding and estimating this term only involves calculus and a few properties
of special functions.
Lemma 3.2. Suppose that there exists € > 0 so that

logn 1

(1 _e)lo;gln <p<(1—eé)co(r) — co(k) == At

(22)

If0<c < KT 4s sufficiently small, depending only on (e, k), then there exists a universal constant ¢’ > 0
so that
fn(pa K, Cl) Z C/n71+6/2~ (23)



Proof. For a fixed n > 0, define

io = [k~ Trnp]| = d(n)np, o0(n) =k T (1 4+ €), e =0 (logn) ,
1
Jo:=1(1—- cmflﬁ)moj = v(n)np, y(n)=(1- cmfﬁ)m%ﬂ(l + €2), e =0 <logn> .
Write
N n—i _ ®(i) N . . . p
prl=p)" Tt =e O (1) :=logn! flogz!flog(nfz)!+zlog1 +nlog(l—p),
? -p

and note that f,,(p, s, 1) > e®(0)e®Uo) since the pair (ig, jo) contributes a singleton term in the sum. Indeed,
as .
(1 —c1k™ T )kig < Kig — c1np

it follows that jo = [(1 — cmfl%n)m'oj < |kip — c1np]. Stirling’s formula (15) for the factorial and the fact
that log(1 — p) = —p + O(p?) together imply that

) n . () 1 n . p
® —nl —iglog —— 4+ Zlog ———— 1 log(1 — o1
(7o) nogn_i0 ZOOgn—i0+2Ogio(n—io)+loog1—p+nog( p)+0(1)
1
=19 — iglog — — —lognp + iplog P —np+ O(1),
n—1i 2 1—»p
. ) . ] 1 .
B(jo) = jo — jolog —2— — = lognp + jo log —np+O(1).
n—jo 2 1-p

The definitions of iy and jy combine with these estimates to yield

D(ig) + P(jo) = [(1 + H)H_ﬁ —(2+ cl)] np — log np + ig log m + jo log m +0(1),
= [(1+ &)™ ™% — (2+¢1)] np — lognp + np {5(n) log ﬁ +7(n) log 7(171)] + O(np?) + O(1).

From the definitions of §(n),y(n), the fact ¢; = O(log™" n) and the fact log(1 + ¢;) = O(log™ " n) it follows
that

1 1 1 L - 1
5(n) log 5 +7v(n) logm =cilog(kT= —¢1) — kT log(1 — 1™ %) + O <logn> )

np [6(n)log ﬁ + v(n) log 'y(ln)} =np {cl log(liﬁ —)— KTHe log(1 — cm*l%ﬁ)] +0(1).
As a consequence,
D(ig) + ®(jo) = [(1 + k)k™ ™% — 2] np + h(c1)np — lognp + O(1),
h(cy) := [cl 10g(/€1%~ —) — KTHR log(1 — cmflﬁ) — cl} .
By (22), this implies
D(i0) + P(jo) > (e — 1) logn + h(c1)np — lognp + O(1) > (e — 1 — |h(c1)|co(k)) logn — lognp + O(1).

As h(c1) — 0 as ¢; — 0, it follows that that f,,(p, s, c1) > exp(®(ig) + ®(jo)) > n/?~! for all n sufficiently
large if ¢; is sufficiently small, depending only on € and «, as claimed. O

For ¢y > 0, define

fn(p Ky c1) =P(Z 2 —cinp) = g (?)pi(l -p)" LNiian <7;)pi(1 —p)" . (24)



Lemma 3.3. Suppose that there exist c,e > 0 so that

1
np > (1+€e)cg(k)logn, co(k) = —, np < clogn. 25
P2 (14 eolm)logn,  cols) = g e, mp S clog (25)

If 0 < ¢1 < 1—k is sufficiently small, depending only on (k, €, c), then there exists a universal constant ¢’ > 0
so that
fu(p, k1) <m0 (26)

Proof. For x > —1 let H(x) denote the function H(z) := z — (1 + x)log(l + ), and note that H(x) is
increasing for < 0 and is decreasing otherwise. Let 0 < €g(co) < 1,0 < €1(cp) denote the unique positive

solutions to ) 5
H(—ey) = ——, H(ep) =——.

Co Co
Let ig := [(1 — €o)np] and i1 := | (1 + €1)np], and consider first those terms in the sum (24) that satisfy
either i < ig or 7 > 7. The fact that (?) < n'/i! and Stirling’s formula (14) yield

(?)pi(l —p)" " <exp (@(1 +lognp) + (n —1i)log(l —p) —log vV2m — (i + 1/2)log z) :
That 0 < p < 1 implies log(1 — p) < —p, which in turn implies
(7,1>pi(1 —p)" 7" < exp (®(i)), ®(i) :=i(1 + p + lognp) — np — log V2 — ilogi.
i

Elementary calculus demonstrates that ® () increases provided i < np. As 0 < (1 —¢g) < 1 it follows that
ip < np, which together with the fact that (1 — eo)np? < log /27 for n sufficiently large implies

(?)piu )" < exp (@ (1= eo)np)) < exp (npH(—co))

for all 1 <i < iy — 1 and all n sufficiently large. The definition of €y and the assumption (25) then combine
to imply

io—1 n . aniJrclan n 4 ' ig—1 [Kitcinp] n ] ]
> (Mpta-pr S (M) s a0 Y (M) < 0
=0

i=0 =0 J=0

Next consider a term in the sum (24) that satisfies ¢ > 4;. As before, the facts that ®(i) decreases for i > iy
and (1 + €1)np? < log+/2m if n is sufficiently large imply

(7)1 = < exp (0(0) < exp (B((1-+ 1)) < exp ()

for all ¢ > i1 + 1 and n sufficiently large. The definition of €; and the assumption (25) then combine to imply

n n |ki+cinp] n n |ki+cinp] n
Z ( ,)pz(l —p)n Z ( >p](1 —p)" I < Z n—20+e) Z ( .>p,7(1 —p)" I < n—(1+2¢)
i=i1+1 v 7=0 J i=11+1 7=0 J

As ig = O(logn), it follows as a consequence of these estimates that

iv  |mitcinp]
fapkc) =Y > (?)pi(l —p)" ' (?)pj(l -p)" I+ 0 C;)in) .
§=0

i=1g

Now let G(i,j) denote the function,

;g n % n—i T j n—ij NG o4
G(i,j) = (Z.)p (1-p) (j)p’(l — )" = ePo(DPod)
p

P (i) :=logI'(n+1) +ilog -

+nlog(l —p) — (logT'(i + 1) +1logl(n —i + 1))
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and let S denote the constraint set
S = {(i,j) ERi (l—e)np<i<(l4e)np, 0<j< m’—|—clnp}.
For all indices 4, j such that (¢,7) € S it trivially holds that

G(i,7) < Gy := max G(i,7).
(i,5)€S

As np = 0O(logn),ip = O(logn) and i1 = O(logn) it follows that

i1 Lki+cinp]

> ;0 <?)pi<1 -p)" (?)pﬂ'(l —p)"7 < O(log” n)G...

1=10

Suppose that the maximum G, occurs on the boundary 05 of the constraint set. This leaves four cases to
consider. In the first two cases, if i = (1 — ¢g)np or i = (1 + €;)np the preceeding arguments imply that

G((1 = eo)np, j) < exp {®(npH(—e))} <n~ 9,
G((1+ e1)np, j) < exp {®(npH(e1))} < n~ 20T,
In the third case, i.e. j =0 and (1 —e)np < i < (1 + €1)np, the maximum satisfies
G(i,0) < (1 —p)* = elog(1-p)n <e <L n7(1+5)co(n),

which decays faster than n~(17€) due to the fact that co(x) > 1 for 0 < & < 1 by definition.
The final case proves the most difficult. In this remaining case it holds that j = ki + cynp and that

G(i, ki + cinp) = 1), @4 (i) :=2logT'(n+ 1) + [i(1 + k) + c1np|log +

p
L=p
2nlog(l —p) — [logT(i+ 1) +logT(ki+cinp+1) +logT(n — i+ 1) + logT'(n — ki — cynp + 1)].

If a maximum of ®4 (i) occurs between iy and i; then the maximum must occur when

(1+ k) log =034+ 1)+ k¥ (ki +cinp+1) — k0%(n — ki —cinp +1) — ¥O(n — i + 1) := x(4). (27)

1-p

Indeed, as ¥%(z) > 0 increases for z > 0, if a solution i < i, < 41 to (27) exists then it is unique
and is a maximum of ®q(i). Let §(k,c1) denote the unique, positive solution to 6(dk + ¢1)* = 1 and set
iy = 20(K, c1)np. From the digamma estimate (18) it follows that

i (Kiy + cinp)”
(n— ki, —cinp+ 1) (n — i, + 1)

= log (P(lm 20(k, 1) (k20(k, 1) + 1)
(1 —K2§(k,c1)p—c1p+ %)”(1 —20(k, c1)p + %)

X (in) > log (

p

) > (14 k)log -

for all n sufficiently large. The last inequality follows due to the fact that 26(k,c1)(k26(k,c1) +¢1)® > 1 is
constant in n, so when p = o(1) the coefficient of p*** on the left hand side (which asymptotically equals
26(k, c1)(k28(k, c1) + c1)") always exceeds the coefficient of p!** (which equals one) on the right hand side.
As the right hand side, i.e. x(i), of (27) is increasing, it follows that i, < 4, for all n sufficiently large.
Defining i; := §(k, c1)np/2, it follows in a similar fashion that i; < i, for all n sufficiently large as well. In
particular, i, = ©(np). Write i, = §(n)np, and note that the critical point equation (27) and the digamma
estimate (18) also imply

log ( (ix + 1) (Kis + c1np + 1)"

14 (Kis + c1np)”
(n — Kix — cynp)f(n —iy) '

>(1 1 >1
) z (1++x) Ogl—p - Og((n—m'*—c1np+l)“(n—i*+1)
These inequalities imply that

(8(n) + 75)(K6(n) + c1 + )" L 5(n)(kd(n) + c1)*
(I =rd(n)p —c1p)*(1 —d(n)p) — (1 —=p)*t1 = (1 = kd(n)p —c1p + 2)(1 = d(n)p + L)’
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From the fact that p = o(1), the fact that np — oo and the fact that d(n) is a bounded sequence, by passing
to the limit in the previous expression it follows that any limit point o of the sequence §(n) must satisfy

oo (Koo +¢1)" > 1> 600 (Koo +¢1)" .

In particular, d is the unique solution to §(kd + ¢1)* = 1. As any convergent subsequence of §(n) must
converge to d(k, 1), i.e. the unique solution to 0(kd + ¢1)* = 1, it follows that in fact §(n) = d(k, c1) + o(1).

Write the value at such a maximum as e®1(+) with ®1 (i) defined above. Using Stirling’s approximation
(15) it follows that ®(i.) =

n? Tx
1 1+ K)is 1 2nlog(1 —p) — iy 1 :
n 0g<(n—i*)(n—m*—clnp)> + [(1 + K)ix + cinp] ogl_er nlog(l —p) —i 0g< _Z*)
1 n2 Kisx + c1np
=1 — (K« 1 _— O(1).
2 8 (z*(m* +enp)(n — i) (n — Kiy — clnp)> (ki + crnp) log (n — Kiy —C1np +00)
Now recall that i, = é(n)np for §(n) = d(k,c1) + o(1), so that

1 n?

=1 =—1 o1

9 8 (i*(m'*—l—clnp)(n—z'*)(n—m'* —clnp)> ognp +O(1)

n2

1
it ((n — i) (n — ki, — c1np)

That log(1 — p) = —p + O(p?) and np = O(logn) imply 2nlog(1 — p) = —2np + o(1), which yields ®;(i,) =
O(1) —lognp +

) = = Gox(1 — 8+ 1og(1  k3(np — crp)

Kisx + C1mp
N — Kiy — CIIP

[0(n)(1+ &)+ c1 — 2lnp + [(1 + K)ix + c1np]log 1’%}) — i, log (n T@ ) — (ki + c1np) log (

Appealing to the asymptotic formula (17) for the digamma function then shows

log (i) —log(n —i.) = ¥O(ix +1) =¥ (n — i, +1) + O <1> O ( : )

Ty n — iy
iv {log(ix) —log(n — i)} = i, {U°%i, +1) = ¥ (n—i, + 1)} + O (1)
Kiy {log(ki. + cinp) — log(n — ki, — cinp)} = ix {KU°(kiy + cinp + 1) — k¥ (n — ki, —einp+ 1)} + O (1).

As a consequence, the critical point equation (27) implies

i*log( b )—i—m*log(W):i*(l—i—n)log P +0(1),
n n

" — Kiyx — C1P 1—p

@1 (ix) = [(1 + K)d(n) + c1 — 2|np — lognp + cinplog <(11 :;)iggg;flfl)) +O(1).

That f(8) := 6(kd 4 ¢1)" increases with § and f(k =) > 1 implies 6(k,c1) < &~ T+=. The fact that
d(n) = 6(k,c1) + o(1) and the hypothesis (25) then combine to demonstrate

106 £ (= ea(1 — (bl c1) +.e)) + (1)) mp < —(1+ 2¢/3) g

1
co(r)
provided ¢; is sufficiently small (depending on (e, k,c¢)). Thus, if a maximum i, occurs between iy and iy
then it must satisfy

G (i, Kix + c1np) < c/n~(te/2)

As a consequence, in all four cases there exists a ¢ > 0 so that the maximum G, satisfies G* < ¢/n~(1+2¢/3),
In summary, provided

G, := max G(i,j) = max G(i,j 28
e (i,5) (A (i, ) (28)

12



the estimate

i1 |witcinp)
n 7 n—i n i n—j logn
fu(p, k1) Z Z (i)p(l—p) <j>17j(1—17) J+O<n1+e>

Z’LO

logn

< O(log?n)G, + O < ) < O(log? n)n~(1+2¢/3)

holds for all n sufficiently large. It therefore suffices to establish (28), i.e. that the maximum of G(3, j) occurs
along the boundary 05 of the constraint set S := {(4,7) : (1 —eg)np <i < (1 +€1)np,0 < j < ki +cynp}. If
the maximum G, were attained in the interior of the at some point (i.,j.) then both ®((i.) = ®((j.) =0
would simultaneously hold. Differentiating ®y shows that this would imply

p
log ——
08

=000, +1) = ¥n—i. +1), logs P

As UO(i+1) — WO(n — i+ 1) is strictly increasing, this would imply i, = j. as a consequence. Moreover, the
digamma estimate (18) implies np — 1 < iy = j. < p(n + 1), which since k + ¢; < 1 yields in turn

Kix +emp < k(n+Lp+eanp=(k+ci)np+p<np—1<j,

for all n sufficiently large. In other words, (i, 7.) ¢ S and the maximum must occur on 95S. O

3.3 Proof of the Main Result

We now have all the ingredients necessary to establish the threshold for stability of the compromise equi-
librium. If np > (1 4 €)co(k) logn then lemma 3.3 suffices to guarantee that each diagonal entry d;; of the
diagonal component (20) satisfies

dii < —c1Np

with probability at least 1 —¢'n~=(11¢/2) As a consequence, the union bound implies that there exists ¢; > 0
so that
A1(D) < —c1Np

asymptotically almost surely. The reduction furnished by lemma 3.1 then implies stability asymptotically
almost surely.

The converse direction proves slightly more difficult due to the fact that the diagonal entries d;; exhibit
a mild dependence. This dependence results from the undirected graph. Nevertheless, a standard technique
easily adapts to the present situation and allows us to handle this lack of independence. If np < (1 —¢€)logn
then a previous result [49] already implies instability asymptotically almost surely. We therefore may as
well assume that (1 —€)logn < np < ¢p(k)(1 — €) logn, so that lemma 3.2 applies and there exists a ¢; > 0
sufficiently small so that

di; > cinp

with probability at least ¢'n~'7¢/2 for any given diagonal entry. Let X; := 1(4,,>c,npy denote the indicator
of such an event and define N
No = Z Xi
i=1

as the total number of such events that occur over the first n diagonal entries. Let po := E(No) = nfn(p, k,c1)
denote the expected number of such entries. Chebyshev’s inequality then implies that (writing f, as short-
hand for f,,(p, s, c1)) for any v > 0 the inequality

Var (N,
P(INo — po| > nfn) < %

. (29)

holds. The variance satisfies

Var(Ny) = ZVar +2ZZCOVXZ,X =nfn(l—fn) +2ZZCOVX“X

=1 j>1 =1 j>1

13



whereas the covariance satisfies
Cov(Xi, X;) =P(X; =1NX; =1) - f2.
Recalling the definition of D in (20) shows that we may decompose

n n n n
dis = Kk E ik — E bik dj; =k E ajx — E bjk,
=1 k=1 k=1 =1

which obviates the fact that the only dependence between d;; and d;; occurs via the entry a;;; indeed, the
entries {aik}7.;, {ajk iz and {b;;}};_; are independent. With this in mind, define

zz:—ﬁg azk:_§ bk—dn_ﬁazj

k#j

and define Jjj similarly. Conditioning on the possible values of a;; € {0,1} shows
P(X; =1NX; =1) =P(di; > cxnp — k)P(dj; > cxnp — k)p + P(dis > exnp)P(dj; > cinp)(1 — p).
Note that we may write
n Lxizeinp] n—1 n . o .
P(ds; > cinp — k) = ; 2 (Z B 1) (j.)p”(l —p)" A —p)" .

As in the proof of lemma 3.3, there exists an i; = O(np) sufficiently large so that
n |wi—cinp] n—1\ (n\ ,_, . - i1 |ri—cinp)] 1
Yox (1)) 3 o)
fn= 21: Winpi (n) (n)pi(l —p)"(1-p)"7+ O <1> :
i=1 ;=0 Y "

For ¢ = O(np) it holds that

(32 ) a-mr = om(D)ra-p,
which implies
P(dis > eynp — 1) < O(1) f + O (i) .
The fact that {ds; > cinp} C {X; = 1} implies
P(di; > c1np) < fn,

which yields as a consequence the estimate
(X, = 10X, =1) < f2+ 0 f2p+0 (L) = 2+ 0(0)f2p

The last line follows as a consequence of lemma 3.2. Substituting this estimate into the covariance, we
conclude that
Var(Np) < nf, +O(1)n?f2p.
This estimate combines with (29), the fact that np = O(logn) and the fact that f, > ¢/n~'"¢/2 to show
that for any fixed v > 0 the inequality
1+0(1)logn < logn
fYann ~ ne/2

P(|No — pol > ynfn) < (30)

holds. In particular, if v = 1/2 this yields Ny > nf,/2 asymptotically almost surely. Thus the stability ma-

trix has at least O(n/?) positive diagonal entries, and so the compromise solution is unstable asymptotically
almost surely.
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4 Problem Statement in Higher Dimensions

We begin this section by describing the stability matrix and the associated linear stability condition, i.e the
analogue of (19), that arises by linearizing (2) around the two-dimensional simplex. We may then state the
general d-dimensional problem as a straightforward generalization of the two-dimensional case.

The two-dimensional version of the compromise model consists of three equal-sized groups of individ-
uals that occupy the vertices of a regular, two-dimensional simplex. Specifically, let p; = (1,0)!,pas =
(=1/2,4/3/2)t and ps = (—1/2,—/3/2)! denote the vertices of an equilateral triangle. Let n denotes the
number of individuals in each group and let v; € R? denote the position of the i*" individual. Without loss
of generality, we may order the individuals in such a fashion so that

vVi=:=V, =Pp1, Vpg4l =+ = V2, = P2, Vo4l = =VN = D3 N = 3n.
Let Gy ={1,...,n}, Ge ={n+1,...,2n} and G3 = {2n+ 1,..., N} denote the corresponding partition of
the vertices into the three groups. Finally, let
x = (p2 — p1)/|pP2 — P1l; y = (p3 — p1)/Ips — p1l, z = (p2 — P3)/|P2 — P3l-

From an undirected Erdés-Rényi random graph G(N,p) with edges {e;;} and adjacency matrix E, we
first form four 2N x 2N generalized adjacency matrices A(1d), A(xx?), A(yy') and A(zz!) in such a way so
that

AxxY = FEexx! Alyy')=Eoyy' Azz')=E®zz' A(ld)=FE®Id (31)

where A® B denotes the Kronecker product of two matrices. In more explicit terms, given a 2 x 2 symmetric
matrix M, we partition A(M) into 2 x 2 blocks A;;(M):

An(M) Alg(M) AlN(M)
Ay (M) Agp(M) - Axn(M)

AM) = . . N : (32)
Ant(M)  Ans(M) -+ Ann(M)

For j > i we set Ajj(M) = M if e;; = 1 and A;; = 0 otherwise. For j < i we set A;;(M) = A%, (M), or
in other words we define the lower triangle via symmetry. The matrices A(Id), A(xx!), A(yy') and A(zz')
constructed in this manner agree with the generalized adjacency matrices (31) defined via the sub-blocks
Id, xx!, yy! and zz!, respectively.

Next, we decompose each generalized adjacency matrix A(M) into 2n x 2n blocks A*! (M) that correspond
to the interactions between group Gy and group Gj:

All(M) A12(M) A13(M)
AM) = | AZ(M) A2(M) AB(M) | . (33)
A31 (M) A32 (M) A33 (M)

Note that A* (M) = (A% (M))* due symmetry. While only a portion of each generalized adjacency matrix
appears in the linear stability matrix, referencing the full generalized adjacency matrices will prove useful in
deriving estimates. We therefore denote the relevant portions of each matrix as follows —

Al(1d) 0 0 0 Al2(xxt) 0
Bud) = o = 42ad) o Bxx') = | A%(xxt) 0 0
0 0 A33(1d) 0 0 0
0 0 AB(yy!) 0 0 0
B(yy') = 0 0 0 B(zz') = |0 0 A% (zz') | . (34)
A (yy') 0 0 0 A32(zz!) 0

Lastly, using each B(M) we define corresponding generalized Laplacian matrices in the straightforward
way, i.e. by using block-diagonal row sums. In other words, we may define these matrices by noting that,
analogously to A(M), each B(M) decomposes into a 2 x 2 block-matrix structure according to (32). We can
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therefore define a corresponding block-diagonal matrix D(M) with 2 X 2 blocks along the diagonal by using
row sums of the 2 x 2 blocks in B(M),

Dii(M) =Y " Bij(M)  Dy(M) =0 if i#j.

We then define the Laplacian matrix L(M) = D(M)— B(M) for each M € {Id,xx!,yy’,zz'}, and for k > 0
consider the random stability matrix

L :=xL(d) — (L(xx") + L(yy") + L(zz")). (35)

Linearizing (2) around the two-dimensional simplex equilibrium produces a random matrix of precisely this
form.

Like the one-dimensional case, this stability matrix necessarily has a non-trivial nullspace due to the
underlying translation and rotation invariances inherent in the ODE system. Analogously to (19), we must
therefore account for these zero eigenvalues when definining our notion of stability. For any w € R? put
ve = (w,w,...,w)! € R?V ie. a “constant vector.” A straightforward computation reveals that Lv. = 0.
Additionally, set

V’I" = (pf".._7pi‘7pé‘7"'7p§‘7p§‘7...7p§‘)t €R2N
where each p; appears exactly n times, and for a given w = (wy,wz)! € R? we define wl = (—wg, w;)’.
Using the antisymmetry (pi, p;) = —<pj‘7 pi) and the definitions of x,y,z then shows Lv, = 0 as well. If
V' denotes the subspace spanned by v, and v,., we therefore wish to know when the stability condition

JLv) <0 36
veVrPfﬁ}\(/H=1<v v) (36)

holds asymptotically almost surely.

Remark 4.1. The construction of the stability matrix for the d-dimensional simplex solutions follows anal-
ogously. We let p1,...,par1 € R? denote the vertices of a regular simplex and form kq = d(d + 1)/2
vectors Xg, k = 1---kgq from all possible differences between unique pairs of vertices. We then form the
corresponding nd x nd generalized adjacency matrices E @ Id and E ® xxx}, and construct the Laplacian
matrices L(Id) and L(xxx}) in a similar fashion to the two dimensional case. The relevant random matriz
L =kL(Id) — 2‘;1 L(xyx%) necessarily has a kq dimensional nullspace. The first d result from the constant
vectors v, = (w,w,...,w)" € RNUHD and the remaining d(d — 1)/2 vectors v, result from the total possi-
ble independent rotations of the simplex. The stability analysis then proceeds by estimating the equivalent of
(36).

4.1 Reduction to the Diagonal Component

We now turn to the task of establishing the existence of a critical scaling Np = O(log N) for stability in the
two-dimensional compromise model. As in the one-dimensional case, we first reduce the task to understanding
the (block) diagonal of the corresponding stability matrix. Corresponding to the block decomposition (34),
we may decompose each of the diagonal matrices D(Id), D(xx"'), D(yy') and D(zz') as

D(1d) 0 0 D2 (xx?t) 0 0
D(Id) = 0 D?2(1d) 0 D(xx') = 0 D (xx*) 0
0 0 D33(1d) 0 0 0
D¥(yy') 0 0 0 0 0
D(yy") = 0 0 0 D(zz') = |0 D?3(zz!) 0
0 0 D3 (yy)) 0 0 D32(zz!)

Recall that we use e; := (1,0,1,0,...,1,0)* € R?" and e; = (0,1,0,1,...,0,1)! € R?" to denote the
vectors comprised of n copies of the vectors (1,0)* or (0,1)%, respectively. Note that by the construction the
generalized adjacency matrices and block diagonal matrices satisfy

D7 (M)ey = A7 (M)e, VM € {Id,xx",yy',zz'} Vk € {1,2}. (37)
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Note also that an arbitrary unit vector v.€ R?¥ that is orthogonal to all vectors of the form v, := (w, ..., w)?,

where w € R? is arbitrary, decomposes as

2 0 2 0
€1 b1 2 B2 Wi

« o
Vzil —eq +72 e —ey | + — e | +vy|wa]), (38)

+
Vén —e, Von —e, Vv o6n —ey V2n —ey w3
where o? + a3 + 82 + 2 ++% =1 and each 2 sati
1 2 1 5 +v° =1 and each w;, € R*" satisfies

(W, e1) = (wi,e2) = 0.

The eigenvector v, of L with eigenvalue zero that arises due to rotation invariance satisfies

() (0
vie=5 | - — |-e |
2 2 2 !

—€3 €1

so that enforcing (v,v,) = 0 for any v of the form (38) imposes the additional relation 51 = s on the

coefficients. Thus we can write an arbitrary v € V+ with ||v|| =1 as
2 0 2 0
v=-2 21 + A e | +- 21 22 42 e | +7 zvﬁ (39)
= —eq 1 —e 2 2
Vv on —e, V2n —ey Vv o6n —ey V2n —ey W3
V= a1Vy + f1ve + Bovs + vy, ozf + 2,6’% + Bg +92 =1 (40)

We therefore wish to characterize when (v, Lv) < 0 for any vector v satisfying (39), i.e. those vectors in the
subspace V+ = span(v,, v,.)* with norm one.

We may now follow the proof of lemma 3.1 to extract the dominant components of (v,Lv). Write
L = rkL(Id) — L for

L = L(xx") + L(yy") + L(zz"),

and note that (37) implies
L(Id)v = L(Id)v,.

After some simplification, this yields as a consequence that
(v,Lv) = v*(v4, Lvy) — (01v1 + B1va + Bavs, L(oavi + B1va + B2vs)) — 2v(a1vi + Biva + Bavs, Lva).
Due to (37), a simple computation demonstrates that
VBn(vi, Lva) = 3((A2(xx!) + A% (yy"))er, wi) — 3(A (xx)er, wa) — 3(A% (xx")er, w).
Now realize that if w = (wy,0,0)% and €; = (0,e;,0)" then asymptotically almost surely it holds that
(wi, AP (xx')e;) = (W, A(xx")é;) = VNO(\/Np) (41)

uniformly for v € V1. The last statement follows as w € S§?, so theorem 2.2 applies. In a similar fashion
we have that asymptotically almost surely

<A13(yyt)91,W1> = \/NO(\/]TP)» <A21(th)91,W2> = \/NO(\/]\TP) <A31(yyt)elvw3> = WO(M)

uniformly for v € V=, so that <V1,EV4> = O(v/Np) asymptotically almost surely as well. Applying this
argument twice more, with vy and vs in place of vy, suffices to demonstrate that

(va, Lvy) = O(/Np), (vs, Lv4) = O(y/Np), max  (v,Lv) =

vevL:lv]|=1

( max Y2 (vy, Lva) — (a1vi + B1va + Bavs, L(aivy + Biva + 52V3)>> + O(+/Np),

vevVL:|v]|=1
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asymptotically almost surely, where the last line follows due to the fact that max{|aa|, |51l |58zl |7} <
from the normalization requirement o + 23? + 83 + 2 = 1.

We now turn to the second term. To write this quantity in a more tractible fashion, we first appeal to
the following set of identities that follow by direct computation from the definitions of x,y,z, the relation
(37) and the construction of the generalized adjacency matrices—

V3ARZ (xx ey + AP (xx)e; =0, V3AR(yytles — AB(yylle; =0, A?(zz!)e; =0,
V3AH (xxt)ey + A% (xx)e; = 0, V3A3(yy'les — A3 (yyl)e; =0, A3%(zz')e; = 0.
These identities then allow us to simplify the action of L on each of V1, Vo, Vs, in that we have
VonLv, = 3(A%(xx')e; + AP (yy)er, —A% (xxt)e;, — A% (yyt)e; )
Vitkvs = V3(AY (yyt)er — A2(xx!)er, A% (xx')er, — A (yy'Je )"
V2nlvy = (A% (yyt)es — A2 (xxt)eq, A% (xx')ey + 2473 (22" )eq, — A% (yy')es — 24%2 (22 )e,)".
These formulae, when combined with the previous identities, allow us to compute each possible combination

of (v, f/vj> solely in terms of easily estimated, element-wise sums of the adjacency matrix E of the underlying
random graph. Specifically, we have that

2n
3

%<V17ZV2> = \/§”<V37EV2> = <91,A13(yyt)el> - <elaA12(XXt)e1>

on(vs, Lvs) = 4(eq, A% (zz!)ey) + (e, A2 (xx!)es) + (€2, AP (yy!)es). (42)

~ n ~ ~
—(vi,Lvy) = 5 —(va, Lvy) = 2n(vy, Lvs) = (e1, A% (xx")e1) + (e, A (yy')er)

Note that the construction of the generalized adjacency matrices A(xx!), A(yy!) and A(zz!) implies that

(el,A12 Z Z €ij Xe1 <e2,Al2 Z Z €ij xeg (43)

i=1 j=n+1 i=1 j=n+1
n n

<917A13 yy el Z Z €ij y el <e27A13 yy e2 Z Z €ij y e2 (44)
i=1 j=2n+1 i=1 j=2n+1

(€9, A?3(zz")ey) = Z Z ei; | (z'es)?, (45)

i=n+1j=2n+1

where e;; denote the edges of the underlying random graph. Following lemma 3.1, if np = ©(logn) then
standard concentration of measure arguments (i.e. the Chernoff bound) imply that

> Y ey =n(np+O(/Np))
i=1 j=nt1

with probability at least 1 — 2e~"/%. Analogous results hold for the remaining edge sums in (43). We

now substitute this fact, along with the facts that (x’e;)? = (y'e;1)? = 3/4, (x'e;)? = (y'e1)? = 1/4 and
(z'ez)? = 1, into (42) to conclude that

(arvr + Brva + ava, Llanvs + rva + fava)) = = |3l + 258 + 8) + e + 52| -+ 0L/ ).

This estimate holds with probability at least 1 — ce="/* uniformly for v € V1, so that the subsequent
estimate

max (v, Lva) — (@1vi + Biva + Bava, L(aivi + Biva + Bavs)) =
veVL:|v]|=1

(Lopma P vaDve) = |3t 26+ )+ (o + 52| o ) + O(/F),

vevVL:|v]|=1
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also holds with at least this probability.
It remains to estimate (v4, Lvy4), which we decompose as

(va, Lva) = (va,Drva) — (Va, Brva).

Here Dy, := kD(Id) — (D(xx!) + D(yy') + D(zz!)) denotes the block-diagonal component of I and By, :=
—xB(Id) + B(xx!) + B(yy') + B(zz!) denotes the off-diagonal component. As in the one dimensional case,
we may reduce our analysis of the stability of the two-dimensional compromise solution to a study of when
the largest eigenvalue A;(Dy) of Dy, is sufficiently negative. Specifically, suppose there exists a ¢; > 0 so
that A1 (Dr) < —cy Np asymptotically almost surely. Then as ||v4|| = 1 it follows that

(vg, Lvy) < —c1Np — (vy, Bpvy).

In much the same manner as we arrived at (41), it follows from theorem 2.2 that

(va, Bpva) = O(y/Np)

uniformly for v € V+. Combining this with the previous reductions, if Np = ©(log N) and A\; (D) < —¢; Np
asymptotically almost surely then

(v,Lv) < —min{cl,;}Np—&-O(\/Np) <0

max
veVL:|v]|=1

asymptotically almost surely as well. In other words, the two-dimensional simplex configuration is stable.

4.2 Estimating the Diagonal

With these reductions in place, the procedure for determining the threshold follows the program outlined in
the one dimensional case. Given any of the 2 x 2 blocks D;; that constitute the diagonal component D of
the stability matrix, define

fn(p, K, Cl> = P()\l (D“) Z clnp).

We may determine the critical probability p. from the relation

ol 0) = ca(e (£

n

where c2(n) denotes a function of n that grows (or decays) more slowly than any power. This again amounts
to a computation involving independent binomial distributions. If p = (1 + €)p. then there exists a ¢; < 0
so that

folp,k,c1) =0 (n*176/2> ,

and this implies stability asymptotically almost surely by the previous reductions and the union bound.
Conversely, when p = (1 — €)p. then

K. C >C/n—l+e/2
n\DyK,C1) =2

for some ¢; > 0, and this implies instability asymptotically almost surely.
The principle that underlies the calculation of p, is straightforward. Nevertheless, this computation can
prove quite technical as the one dimensional case shows. For the sake of brevity, we shall content ourselves

with an easily established upper bound on p. for now and leave a full calculation of the threshold for future
work. For 1 <7 < n note that

n 2n 3n
Dii = K <Z eij> Id — ( Z 8@‘) XXt — < Z 61']') yyt,
=1

i=n+1 i=2n-+1
E(D;;) = np(kld — xx' — yy*). (46)
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The definitions of x and y show that (x —y) yields the eigenvector of E(D;;) with largest eigenvalue along
with its value

1
When np > (1 + €)logn for some € > 0, the Chernoff bound yields

n

Zeij —np

=1

< 2+/(1+ e)nplogn

with probability at least 1—2n~(11€). As a consequence, the union bound and the triangle inequality combine
to show that with probability at least 1 — O(n~(17) the estimate

1
A(Dyi) < mp <"i ~ 3 +64/logn(1+ 5)/”20)

holds. For 0 < x < 1/2 fixed and
36(1 +€)logn
(k= 1/2)?

it follows that there exists ¢; > 0 so that A;(D;;) < —cinp with probability at least 1 — O(n_(He)). Of
course, the same estimate holds for A1 (D;;) when n+1 < i < N as well. The union bound then demonstrates
that

A(D) < —cinp

with probability at least 1 — O(n~¢), which suffices to yield stability asymptotically almost surely by the
previous reductions. We may summarize the preceeding in the following theorem:

Theorem 4.2. Fiz 0 < k < 1/2 and € > 0. If np(k — 1/2)? > 36(1 + €)logn then the two dimensional
compromise solution, with n = N/3 individuals in each group, is stable asymptotically almost surely. That
is, (36) holds with probability approaching one as n — oo.

This theorem implies that np = O(logn) suffices to guarantee stability of the two-dimensional simplex
asymptotically almost surely. Using a connectivity-based argument similar to that used in [49], we may
conclude that stability asymptotically almost surely necessitates np > clogn for some constant ¢ > 0 as
well. In other words, the stability threshold for the two-dimensional simplex configuration exhibits the same
critical scaling np o< logn as the one-dimensional case.

5 Conclusion

This paper analyzes the behavior of a large system of interacting particles whose interaction structure is
dictated by an Erdés-Rényi random graph. Specifically, we proved theorems that yield stability or instability
for two types of simplex equilibria as the number of particles becomes infinite. For the one-dimensional
simplex equilibria we rigorously established a conjecture first formulated in [49], i.e. an explicit formula
for the critical probability above which stability holds asymptotically almost surely. We also established
that the threshold for two-dimensional simplex equilibria exhibits the same critical scaling, with respect to
the number of particles, as the one-dimensional case. Moreover, these same arguments reduce complicated
stability estimates to a more straightforward estimation of weighted differences of binomial distributions.
This reduction should allow for the calculation of an explicit threshold in the two dimensional in a manner
analogous to the one-dimensional setting. We leave an investigation of this threshold for future work,
however. We also leave a study of arbitrary d-dimensional simplex equilibria for future work, although in
principle our two-dimensional arguments generalize in a straightforward way to handle simplices in arbitrary
dimensions. Our present work does not, however, shed light on the more complicated, random structures
that do not lie in equilibrium under all choices of random graphs. Studying these structures also presents
an interesting open problem, but its resolution likely requires different techniques than we employ here.
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A Estimates for Generalized Adjacency Matrices

Given a random graph drawn from G(n,p), let A € M,axnd(R) denote an nd x nd generalized adjacency
matrix using any symmetric matrix M € Mgy 4(R) as a sub-block. In other words, if E denotes the adjacency
matrix of the graph then we have

A=E®M

for ® denoting the Kronecker product. Let M;, = My;, 1 < j <n, j <k < n denote the i.i.d. matrix-
valued random variables corresponding to the edges in the graph, so that E(M;;) = pM. For a given a

vector x € R™ consider the partition x = (x1,...,x%,)! for x; € R%, and recall the “mean-zero” hypothesis
n

S =0, (47)
i=1

If we denote the corresponding subset of the unit ball S*® c R"¢ as

Spd = {x: > oxi=0, Y |Ixil3 < 1},

our aim lies in proving the following generalization of the theorem due to [13]:

Theorem A.1. Let o and ¢y denote arbitrary positive constants. If np > cologn then there exists a constant
¢ =c(a,co,d,||Ml|]2) > 0 so that the estimate

max |(x, Ay)| < c\/7ip (48)

(x,y) €SP x Snd

e

holds with probability at least 1 — n~<.

Note carefully that we only require one of x or y to satisfy the mean zero property (47). The proof of the
theorem essentially reproduces the arguments of [13] by changing a few scalars to vectors and multiplications
to inner products. The first ingredient is the following lemmas:

Lemma A.2. Fiz (x,y) € S8 x 8" and let A = {(j, k) : |(xx, My;)| < /p/n}. Then

E| > (xe Miy;) || < |IM[[5vmp. (49)
(4:k)eA

Proof. As x € S§¢ it follows that

0=pY (xi,My;)) =E | > (xx, Mijy;) | +p Y, (xx My;).
3.k (4,k)eA (4,k)eAe

By definition, whenever (j, k) € A€ it follows that |(xj, My;)| > \/p/n. Thus p|(xx, My;)| < /np|(xk, My;)|* <
/1ol | M ||3|1xx|13]ly;]]3 for any such (j, k), where the last inequality follows from Cauchy-Schwarz. Combining
these facts yields

E| D (xeMyys) |[=p] Y e Myy)| < IMIEVAD Y lIxil3lly;113 = [1M]13v/apl x5y |13

(4,k)eA (4, k)eAe gk

as desired. O
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For a fixed (x,y) € 8% x 8™ let S(x,y), L(x,y),U(x,y) denote the random variables defined as

S,y) = Y (X Mpy) = > (x5, Miryr) + > (x5, Mjryx) = U(x,y) + L(x,y).

(4:k)EA (4.k)EA (4.k)EA
i<k i>k

Although dependencies exist between L and U due to the undirected graph, when considered in isolation
each random variable is simply a sum of independent indicator random variables. Indeed, fix any ordering of
the indices AN{j < k} and write U(x,y) = >, u;, where the sum ranges from one to the (deterministic) size
of AN {j <k}, and note that each w; is either zero or (x;, My}) with probability (1 — p) or p, respectively.
Obviously for L(x,y) an analogous statement holds.

Note that |u;| < y/p/n by definition of A, and that

> Var(u) =p(l—p) Y |5, Myg)]* < pllMI3Ix[13]ly]3 < pl|M]5.
i AN{<k}

By applying the Chernoff bound 2.1 to the random variables (u; — E(u;))/2+/p/n with the choices 02 =
nK||M||3/4 and A\? = nK||M]||3 these facts imply that for any K > 1 the estimate

P(|U(x,y) — E(U(x,y))| > K/np||M||3) < 2 KnlIMIl2/4

holds. A similar argument shows that the same inequality holds for L(x,y) as well. As S = L + U, the
triangle inequality and the union bound yield the estimate

P (|S(x,y) = E(S(x.y))| = 2K /np||M|[3) < 4~ KM/, (50)

Next, given 0 < § < 1 define the finite grid

T = {x€ <\jﬁz>nd Hx[l2 < 1}

nd
TS::{XE(\}%Z) D % =0 ||x|2§1}.

The following lemma allows us to control the norm of A on S§? by controlling (x, Ay) for pairs of vectors in
the finite grid instead:

and its mean-zero variant

Lemma A.3. If |(x, Ay)| < ¢ for all (x,y) € T§ x T? then |(x, Ay)| < ﬁ for all (x,y) € S§¢ x ™.

Proof. Let z = (1 — §)x,u = (1 — )y and note that

S m=0 (51)

i

Decompose z as z = z, + - - - + 24 where the non-zero components of z; correspond to the k" equation in
(51); that is, z; contains the k™ (d + k)", (2d + k)™, etc. components of z and has zeros elsewhere. As

l2ll5 = [lza|* + - - + ||zal | < (1= 6)?,

the vector in R™ comprised of the non-zero locations of zy has norm less than (1 — J) and entries that sum
to zero. By lemma 2.3 of [13], each z,, is therefore a convex combination of points of T¢,

Jk -]k
— k. k k k _
ze = O0vE oh>0, Y =1
Jj=1 Jj=1
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Summing the z; then shows that there existsan N =J; + -+ J; €N, 0, >0 and v, € T(‘f so that

N N
z:Zlel, Z&l:d.
=1 =1

Lemma 2.3 of [13] also implies that u is a convex combination of points in T, so that there exist M € N,
n; > 0and w; € T? so that

M M
u=>y nw;, Y n=1
j=1 j=1

As a consequence,

N M N M
(1= 0)°|(x, Ay)| = [(z, Au)| = >0, ) nj{vi, Aw;)| <> 0> nj = cd.
=1 j=1 =1 j=1

O

An estimate of the total number of points |T°|, |T¢| in the §-nets follows from a direct appeal to claim 2.9
of [13]. As T¢ C T? and |T°| < e“("¥) for some constant ¢ that depends on &, which follows from claim 2.9 of
[13], it follows that |T§ x T°| < e2¢("® as well. Applying the union bound over 7§ x T9, we may therefore
summarize the preceeding in the following lemma:

Lemma A.4. Given any ¢ > 0 there exists ¢ > 0 so that with probability at least 1 — e~ " the estimate

S(x,y)| < 52
(x’yggng(sI (x,y)] < ¢/np (52)

holds.

It remains to estimate, for (x,y) € 7§ x T°, the remaining contribution

H(Xay) = <X7 AY> - S(X,y) = Z <X17M]kyk>
(4,k)eAe

where we recall A°:= {(j,k) : [(x;, Myx)| > +/p/n}. From Cauchy-Schwarz it follows that

(Hey) < 1IMls Y Ikl [yill2Lgen=1)- (53)
(k,l)eAc

Here and in what follows, for an index subset W the notation 1y denotes the indicator function. If we
define the sets

7

o 5 .

and fix an edge (k,[) corresponding to a non-zero term in the sum (53), then k£ € X; and | € Y; for some
(i,7) and an edge (k,1) exists between these two vertex sets. Moreover, as (k,1) € A it follows that

Vp/n < |(x, My)| < 8%||M|227 /o = 220 > \/pn

provided we take ]| M||o < 1. As a consequence,

5 5
X; = {k‘ e{l...n}: EQZ_l < ||xkll2 < nT}

2097
Hx )| <Ml D7 edge(Xi ¥;) =, (54)
zi2jl7>j\/ﬂ
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where edge(X;,Y;) denotes the number of edges between the sets.
To bound (54), we let ¢; denote an as-yet-undetermined constant and put

W= {(i,j) : 2'27 > /np, max{|X,[,|Y;|} > (n/e)},
then decompose the sum further as

i

2197

2127 2127
Z edge(Xi,Yj)T = Zedge(XiJ/j) - —I—Zedge(Xi,Yj) - (55)
A w we
2%27 > /np

Assuming that each vertex has degree bounded by c¢inp (c.f. lemma A.5) then edge(X;,Y;) < cinpmin{|X;|, |Y;|}.
Thus the first term is bounded by

2127 , 2127 ; , 7
Zedge(Xi,Yj)T < crep Y min{| X,],|Y;]} max{|X;], Vi< creymp Y 2% X,|2% Y, |n 2.
w w ,J
Noting that ' _
|Xri|222 —2 2 |Yj|22j —2 2
HHE <y il <6 56
2; LS [I[| 2; = Iyl (56)

then shows that the first term is O(,/np) provided the bounded degree property holds. Fortunately, if
np > cologn for any ¢y > 0, this property holds with probability at least 1 —n~® for any « > 0 provided ¢;
is sufficiently large:

Lemma A.5. (Bounded Degree) Let p > cologn/n for any cg > 0 and degy,...,deg, denote the vertex
degrees of an Erdds-Rényi random graph G(n,p). For any o > 0 there exists a ¢y = ¢1(co, ) > 2 so that

P (max deg, > clnp) <2n7°. (57)
7

Proof. Write deg; = }_; e;; where e;; denote the edges of the graph. As E(deg;) = np and Var(deg;) =
np(l —p) < (¢; — 1)np it follows from the Chernoff bound and the union bound that

P (|degi —np| > A/ (c1 — 1)np) <24 o P (max |deg; — np| > A/ (c1 — 1)np> < 9N /4tlogn,
The choice A = \/(¢1 — 1)np yields

P (max |degz _ np| > (Cl _ 1)np> < 2€7np(c171)/4+10gn < 2elogn(1fcg(clfl)/4).
i

Taking ¢, sufficiently large gives the desired result. O

Therefore with probability at least 1 —n~%, the first term in (55) is O(,/np) uniformly for (x,y) € T§ x T?
as long as the bounded degree property holds. It remains to handle the second term. From the definition of
We, if V= {1,...,n} and 2/VI its power set we need only consider those sets X € 2IV| with |X| < (n/e),

Ve = {(X,Y) € 2Vl x 2V max{|X|,|Y|} < n/e}.

Before proceeding, we first need to establish an estimate on the random variable edge(X,Y") when (X,Y) €
Vs:

Lemma A.6. For (X,Y) € V; let edge(X,Y) denote the random variable corresponding to the number of
edges from an Erdds-Rényi random graph G(n,p) between X and Y. Let u(X,Y) = E(edge(X,Y)) and
M(X,Y) :=max{| X[, |Y|}. Given any o> 0 let ko(X,Y) denote the unique solution to

kolog(ko/e) = QTHM log nﬂe. (58)
Then
P (mvax (edge(X,Y) — ko(X, Y)u(X,Y)) > 0) <n~ % (59)
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Proof. From the union bound, it follows (through slight abuse of notation) that

P (mvz:x (edge(X,Y) — ko(X,Y)u(X,Y)) > O> <

n

n/e n/e (%) (v1)

>N ZZPedgeXY > ko(X,YV)u(X,Y))

IX|=1]Y|=1 X
Using a one-sided concentration inequality (c.f. [26]) for sums of indicator variables,
P(edge(X,Y) > ku(X,Y)) < e~ kloalk/e)u(XY)
which is valid for any k > 1, shows that
P(edge(X,Y) > ko(X,Y)u(X,Y)) < ¢~ (aFHMlog(ne/M)

since kg > 1. It therefore follows that

n/e nfe IX\) (IY\ n/e njfe
DI Z P (edge(X,Y) > ko(X, Y)u 23 ( >(|Y|) (ot ) M log(ne/ M)

IX|=1|Y|=1 X |X|=1|Y|=1

n/e mnjfe

Z Z exp {|X|log(ne/|X|) + |Y]|log(ne/|Y|) — (o + 4) M log(ne/ M)} .
|X|=1|Y|=1

The fact that f(x) := xlog(ne/z) is increasing for 1 < z < n then implies
X Tog(ne/|X|) + [V log(ne/[Y]) < 2Mlog(ne/M),  Mlog(ne/M) > 1+logn.

Combining this with the previous estimate yields

njfe nje
P X,Y) — ko(X, V)u(X,Y)) “led < e
<mvashx<edge< V) — ko(X, Y )l ) leH;ln n

as desired. O

The definition of ky(X,Y) and the fact u(X,Y) < p|X||Y| then combine to yield the following corollary,
which provides the basic estimate for the remaining contribution of W€ to the sum.

Corollary A.7. With probability at least 1 — n~%, the estimate

edge(X,Y) ne

edge(X,Y)log oI XV S(a+4)M(X,Y)logm

holds for all X,Y € V5.

Estimating the second term in (55)
2127
Z edge(Xia }G)
we "

now proceeds by decomposing into the following cases:

L= W° N {edge(X:, Y;) < e/p/n|X,|[Y;[227)

A=Wen{28 > /np 2} Mg :=W°en{2 > /np2'}
I := We\ (IUTI, Ullg).
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On I we have that 4 .
> <etvap Yy 2Xi[2¥ Y n~? = O(yp)
I ]
due to (56) as before. On II5 and IIg the bounded degree property implies that edge(X;,Y;) < cinp|X;|
and edge(X;,Y;) < c1np|Yj|, respectively. Therefore

Xi 22i 2j‘/np Xl 22i 2j,/np L.
E < c14/np E | ’/|l T:cl,/np E | A E o7 111, (4,7).
i J

IIa IIa

For fixed ¢ let jmax(?) denote the largest j so that (¢,j) € IIx. Then

Vi Jmax (1) /22 ,
2 ) Y 22 5 Y soym S B owm o

j =0 [T
due to (56) once again. By reversing the roles of ¢ and j, a similar argument shows

> =0(Vp)

IIg

as well. For the remaining set ITI, let ITT = ITI*”7 UTII’>" where the notation signifies |Y;| > |X;| on IIT7~*
and vice-versa. We treat the first set and leave the second as an exercise since it follows analogously. Using
the probabilistic estimate (60) as a guide, we decompose further into

edge(X;, Yj) Ogne}
ep| XillY;] (Y]

i~ o dge(X;,Y;) ne ne ;
;" =11~ n {4loge“] <log—pN3{— <2¥
P ep| XY e Y51

" = 1P~ 0 {4log

edge(X;,Y;)

iy Ly

I8 = 117> N {4log < logne} N {ne > 24]}
© ep| X;||Yj] Y] Y]

For the first set the estimate (60) implies

\Y|2 J 2t N
2 <4(a+4) Z Z 5 np1111£>i(7/,]) = O(y/np)
> i v

due to the fact that 27,/np > 2¢, the geometric series argument from (61) and the estimate (56). For the
second set note that if (¢, j) € III then (4, ) ¢ I, so that the inequality

edge(X;, Y)) > e®/p/n|Xi||Y;[22

holds on IIT by definition. This combines with the definition of HI{;i to imply that

2197 S edge(X“ij) S 2]7
/P ep|Xz||YJ|

and that 2¢ < \/np as well. The estimate (60) therefore implies

e<e

edge(X;,Y;)

which shows that 1 < log eI X3 [1Y;]

RS CETDY w Ao +4) Z‘Yu 2%111@(@,]')_0(\/@)

~. ~.
> >’

due to the fact that 2¢ > ,/np, the geometric series argument (61) and the estimate (56), exactly as before.
On the final set the facts that

2
X, Y;
ne << 7162.) 7 4§410gedge( i Y5)
Y51 \[Y[2% ep| Xi|[Yj]

ne ne
< 21 - < 4log ————
I 7P VAP,

26



imply that edge(X;,Y;) < e?np|X;|27%, whence

X;[2%
Z<e\/*z| | Z2Z2J IHJ>zZJ)

iBivka

Arguing as before, the fact that 227 > ,/np gives that each sum over j is bounded by two, so that applying
(56) one final time demonstrates that the sum is O(,/np).
The following lemma summarizes the preceeding arguments:

Lemma A.8. Let np > cgologn for any ¢y > 0 and o denote an arbitrary positive constant. Then there
exists a ¢ > 0 independent of n so that with probability at least 1 —n~* the estimate

[H(x,y)| < cy/np (62)
holds for all (x,y) € T§ x T°.

Combining this with the estimate for S(x,y) and the reduction to the discrete set Tg x T? yields the
theorem.
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