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Abstract
We propose models describing the collective dynamics of two opposing groups of individ-
uals with stochastic communication. Individuals from the same group are assumed to align
in a stochastic manner, while individuals from different groups are assumed to anti-align.
Under reasonable assumptions, we prove the large time behavior of separation, in the sense
that the variation inside a group is much less than the distance between the two groups.

The separation phenomena are verified by numerical simulations.

1 Introduction

Collective dynamics [2, 3, 4, 5, 6, 7, 8, 10, 11, 12, 16, 17] is an important phenomenon in social
and biological sciences. It describes the dynamics of a large group of agents resulted from their
communications or interactions. For example, in opinion dynamics, for a group of N people,
the opinion of the i-th person at time ¢ is modeled by a vector z;(t) € R%, whose time evolution
follows the first order dynamics

1
ZZ' = Nzwi’i/(zi,zi/)(zi/ —Zi), Z:L,N (].].)
)
Here ;i (2, zi) is the interaction kernel for a pair of individuals ¢ and 4, describing how their

communication affects their opinions. One usually assumes
Viir(zi,2i0) = Y(|zi — zir|) > 0. (1.2)

This means (1) people in the group are indistinguishable, i.e., the interaction law does not depend
on their indices but their distances; (2) people tend to align their opinions with each other via
communication. Under the assumption (1.2), Motsch and Tadmor [16] proved consensus of
opinions lim;_, ., max; ;+ |z; — z;| = 0 for lower bounded interaction kernel, and formation of
clusters for compactly supported interaction kernel under certain assumptions on initial data.

However, there are realistic situations where the assumption (1.2) may not be true:
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e The communication of different pairs of people may be drastically different. For example,
people with similar backgrounds or within the same community are more likely to align
their opinions, while people from opposing groups may tend to anti-align their opinions,

i.e., make one’s opinion farther from the others’.

e Not every pair of people are necessarily communicating with each other all the time, and
their chance of communication may be time dependent. In fact, the communication among
people has intrinsic feature of stochasticity: the best one cay say is that a pair of people

communicate with certain probability.

In this work, we propose an opinion dynamics model in the framework of (1.1) to capture both
issues mentioned above. To model the anti-alignment between opposing groups, we consider two

groups of people, with opinions {Xi(t)}évzll and {y;(t ) 21, satisfying the first order model

sz i Xz’ _Xz Zlﬂ i.d z)a
1’;62

721#]7] i~ Yi) ngz Yi)-

2 i

(1.3)

Here 1/)1 o 1/’:71 > 0 and w;fj, = zbjf’ ;=20 describe the alignment of opinions between people
in the same group, and v; ; = 1, ; > 0 describes the anti-alignment between people in opposing
groups.

We propose two scenarios to describe the stochasticity of communication. In the first scenario,
we assume that whether a pair of people are communicating is random but do not change with
time. To be precise, we assume @Z)l »» and 1/) j/ are constants, given randomly by the Bernoulli
distribution

YvF., ~ B(p), (1.4a)
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1, with probability p
0, with probability 1 —p

for some fixed 0 < p < 1, representing the rate of communication between people in the same

group. We assume similarly for 1; T

¥; ; ~ Bla), (1.4b)

for some fixed 0 < ¢ < 1, representing the rate of communication between people in opposing
groups. The random variables @/J;rw w;fj, and ¢, ; are assumed to be mutually independent for
different indices 1, j, 7', 5'.

In the second scenario, we assume that whether a pair of people are communicating is random,
and change at time k7, k € Z, where 7 > 0 is a fixed time step. To be precise we assume z/JZ i

and zb:j, are functions of time, being constant on each interval [k, (k+1)7), k =0,1,..., given

randomly by

i ter (k41)r) = Ut~ B(p), VT i er (h41)r) = %Jr]k ~ B(p), (1.5a)

and similarly for t; ;:
Vi jlter hryn) = ¥75" ~ Blg). (1.5b)

1From now on, summations in ¢, always run from 1 to N1, and j,j’ from 1 to Na. zi/ﬂ means summation

over the index i’ which is not equal to 1.



In this model, after time 7, the communication functions will be resampled, though by the same
distribution.

Due to the alignment effect within a group and anti-alignment effect between different groups,
it is natural to expect that the opinions of different groups will reach separation, i.e., the dis-
agreement of opinions between any two people from different groups is much larger than that
inside the same group. In our main results (Theorems 2.2 and 2.3) we prove exactly such large
time behavior of (1.3) with large probability for both scenarios, under reasonable assumptions on
parameters and initial data. This forms sharp contrast with the large time behavior of consensus
proved in [16] for global alignment interactions.

In this paper we assume that ’(/Jj’i,, ¢;ij and ¢; ; are independent of x; and y;. This suits
more the era of modern social media by which people can communicate easily regardless of the

spatial distance between them. Although this assumption may seem restrictive, we believe that
+

our main result, which is based on energy estimates, can be generalized to some cases with ¢/,
w;fj, and 1; ; depending on x; and y;. This is left as future work.

We remark that our model (1.3) is closely related to the stochastic block model (SBM) [13].
We refer to [1] and references therein for a thorough review of SBM, and some numerical ex-
periments of a model we study in [14]. In its simplest version, SBM is a random graph, whose
vertices are two groups with sizes N1 and Ny respectively, and the probability of the appearance
of an edge depends on whether the two vertices are in the same group. Therefore the time
evolution problem of its adjacency matrix is similar to (1.3) with (1.4), but instead of having
anti-alignment, here the interaction between different groups is still alignment, but with a com-
munication rate smaller than that within the same group. In fact, as mentioned in [1], this
evolution problem from SBM may not have a large time behavior of separation (i.e., the sign of
components of the dominating eigenvector may not distinguish the two groups), and the main
goal of studying the stochastic block model is to recognize the two groups (usually called cluster-
ing) using other methods. Although our model (1.3) does not serve as a method for clustering,
its large time behavior is interesting for its own sake, from the perspective of opinion and other
collective dynamics.

Our model (1.3) with (1.5) can be viewed as a randomized version of a deterministic model,
with coefficients 1/)2}, = w;:j, =D, 1/){7]. = ¢, in the same spirit as the deterministic bi-flocking
model in [9] and its applications to the data clustering problem [14]. Since it is straightforward to
see the separation for this deterministic model, our separation result for (1.5) provides evidence
that randomizing an interacting particle system may preserve its large time behavior with large
probability, and therefore suggests that RBM could be effective to capture certain large time
behavior of interacting particle systems.

This paper is organized as follows: in Section 2 we introduce some basic notations and state
our main results. In Section 3 we give some probabilistic descriptions of the coefficient matrices
given by (1.4) and (1.5), which are essential to the proof of the main results. In Section 4 we
prove our main results. In Section 5 we give some numerical results verifying our main results.

The paper is concluded in Section 6.



2 Notations and main results

We first give a precise description of the separation of locations (i.e., opinions of people) of

two groups. Define the mean locations

1 1
X=— Xy, Y=-— Yi, 2.1
and the deviation of locations
Xi=%X;—X, Yj=Yy;—Y (2.2)

Define the variance of locations within each group:

var(x) = Ni S il var(y) = Niz POIIR (2.3)

1
%

Then the relative size between | — ¥|? and var(x) + var(y) is an indicator of group separation
in the sense of L?: if |[x — y|? is much larger than var(x) + var(y), then the two groups are
well-separated in an average sense.

We also concern with the separation in the L°° sense, meaning that the two groups are
completely separated by some hyperplane. If each |%;| and |y;| is much smaller than |x —y|, then
the two group are completely separated by the perpendicular bisector of the segment connecting
X and y.

Definition 2.1. We say an event Ay depending a large parameter N happens with large prob-
ability if
lim P(Ay)=1. (2.4)

N—oc0

We first state our separation result for the first scenario, i.e., (1.3) with (1.4).

Theorem 2.2. Consider (1.3) with parameters given by (1.4). Assume Ny and Ny are compa-

rable, in the sense that there exists constant k > 0 such that
1
7N1 S NQ S K)Nl. (25)
K
Then for sufficiently large N = min{Ny, No} (in terms of p, ¢ and k), there exist constants
A—(N), AL (N), with

C(p,q, )
Nl—a ’

such that, with large probability, if the initial data of (1.3) satisfies
_ var(x(0)) + var(y(0))

A_(N) < AL (N) > ce(p,q,a)N'™, for any 0 < a < 1, (2.6)

A(0) := — — <A, 2.7
D= Tk o =M 27
then there holds the L? separation
var(x(t)) + var(y(t)) it
At) = — — <A+ (A0) = A)e M =p/2, 2.8
(= S (NO) = A )™, p=p/ (23)
and L™ separation
- e 2 v 2 -
)\(t) — max; |Xz(t)| + max; |YJ (t)l < C(p,q,ﬁ,a)(/\, + )\(O)e_ﬂt). (2'9)

x(t) —y(t)]



The meaning of this theorem is as follows: for large N, with large probability, if initially the
means of the two groups are not too close (compared to their variances), then for large time the
two groups separate at exponential rate, in both L? and L> sense.

The proof of this theorem is based on L? estimates on |X —¥|? and var(x) + var(y), using cer-
tain good properties of the coefficient matrices which hold with large probability (see Section 3).
Then the L? separation is proved by an ODE stability argument (see Lemma 4.1). Using the L?
result, we analyze the evolution of a single X; and obtain the L separation.

Next we state our separation result for the second scenario, i.e., (1.3) with (1.5).

Theorem 2.3. Consider (1.3) with parameters given by (1.5), and assume (2.5). Then for any
fized A > 0, if N = min{N1, Nao} is sufficiently large (in terms of A, T, p, q and k), then with
large probability, if the initial data of (1.3) satisfies

max; |%X;(0)|? + max; |y;(0)|? <A
%(0) —y(0)[? o

then there holds the L™ separation at some large time T = T(A, 7, p, q, k), in the sense that there

A0) == (2.10)

exists a constant unit vector v such that
max (xi(t) . v) < min (yj(t) . v)7 (2.11)
i J
forallt >T.

This theorem gives the L> separation under slightly stronger assumption (2.10) on the initial
data, compared to (2.7). To prove this theorem, we basically apply Theorem 2.2 to (1.3) with
(1.5) on the time interval [0, K'7] for some fixed large K (the legitimacy of this application will
be justified in the proof). Then the L> separation result (2.9) will imply (2.11) at time T = K.
Then a simple geometric argument shows that (2.11) will hold for all ¢ > T once it holds for
t="T.

With the parameters given by (1.5), we do not expect quantitative separation results like
(2.8) or (2.9) to hold for all large time. In fact, there is always a positive probability such that
the ‘good properties’ of coefficient matrices do not hold on a long time interval [K;7, Ko7], with
(K2 — K;) being arbitrarily large. Quantitative estimates like (2.8) or (2.9) may break down on
such time intervals since they originate from a bi-stable ODE argument (see Lemma 4.1).

3 Probabilistic descriptions of coefficient matrices

Before proceeding to the proof, we first need some good properties of typical coefficient
matrices given randomly by Bernoulli distributions. For simplicity of notation, we will consider
the case of (1.4), and clearly the same results apply to the case of (1.5) for each fixed k.

3.1 Description of {¢;,} and {¢]}

For the alignment coeflicient matrices {¢,+ .} and {w;j,}, we need to control the L? contrac-
tion rate of the attraction part. We define the Fiedler number F1 (") of {¢;r .+ as the second



smallest eigenvalue of the matrix A = (a; ;) given as?

1

— Ve 1#
Qi 40 = 1 ) ) (31)
Ny Z 1/’z'+,z'”’ i=1i,
i g

and similarly define Fo(1™) for {¢;jf}~
The following lemma of Juhasz [15] says that the Fiedler numbers of {;,} and {1/);(]»,} are
close to p with large probability, for large N.

Lemma 3.1 (Theorem 2 of [15]). Let {4} and {¢],,} be given randomly by (1.4a). For any
d >0 and € > 0, there exists Ng = No(p,d,€), such that for any N = min{Ny, No} > Ny,

P(IEi(W+) —pl > 6 or [B(¥F) —pl > 6) < e (3.2)

3.2 Description of {¢;}

For the anti-alignment coefficient matrix {1/11_ j}, we first introduce the following notations:
Define the row (column) mean’ of {¢;}

_ 1 _ _ 1 _
U= Ezj:%,j, U= EE% (3.3)
and the overall mean

Ve m m LY g LY (3.4

.7N1N2ij i,j*Nli i*NQj - .

Define the 'maximal row (column) deviation’
U, =V, -9, U7 =V, —¥, D(V")=max{max|¥; |, max|¥; |}. (3.5)
i J

Then we have the following lemma, which says that the row (column) mean is almost constant
with large probability, for large N.

Lemma 3.2. Assume (2.5) is satisfied for some x > 0. Let {;;} be given randomly by
(1.4b). For any 0 < a < 1 and € > 0, there exists Ng = No(q, k,«,¢€), such that for any
N = min{Nl,Ng} > NQ,

_ 1 .
P (|\I!Z —q| > Na—a2 for some z) <e. (3.6)

This estimate is expected in view of the central limit theorem, since W, as an average of
{w; J ;VZQl, approximately behaves like a normal distribution with mean ¢ and variance O(1/Ns),
and thus a deviation larger than O(1/y/N2) should have small probability.

2Notice that 0 is the smallest eigenvalue of A with eigenvector (1,...,1)T.



Proof of Lemma 8.2. For a fixed 1, {1/);’]- }j-\bl are a set of N i.i.d. random variables with Bernoulli

distribution B(q). Therefore for any z > 0 with 2N5 being an integer,

N2
N.
P(¥; >2) < Z ap, Q= <n2)q”(1 —q)Nm, (3.7
n=zNs
Notice that
it (No—mla s (3.8)

an (n+1)(1-q)
therefore for z > ¢, using the estimate n"e "1 < n! < (n+1)"*tle ™,
Ny - Ny
N1 = 2) Vo)1
< N2 . (N2 + 1)N2+1€7N2 q
= (2Ny)*Nze—=NaF1 . (1 — 2)Ng)(1-)Neg—(1-2)Na+1

:NQ(J\Z +1) [ ((sz ;;)qy((zv?ltl)z(;v g q))l—z] e (3.9)

Nl [(ay7 (L)
:w exp | Nz (2(1og g — log 2) + (1 — 2)(log(1 — ) — log(1 — 2))) ]

P(\IJ; 2 Z) SNQGZNZ = ZNz(l _ q)(l—z)N2

ZN2(1 _ (lfz)NQ

q)

Notice that by writing z = ¢ + § and using Taylor expansion for small 9,

z(logg —logz) + (1 — z)(log(1 — q) — log(1 — 2))

-5 & ] 52 52

= —+ — 1—q—96 3= - 3.
0 +8)(~ +5) + (=0 = (7, + 5= gp) T 00 = 57— + 0ul)
(3.10)
For 0 < a < 1 and N large, we can take
1 1
51:W, 5:51*E{QI+51)NQ}§51, (3.11)

where {-} means taking the decimal part, and guarantee that zN is an integer, and 6 > %61

for large No. Then we conclude

. 1 ) No(Ns + 1) Ng
PlU > ——— | <P (¥, > ) < ——~ - A2
( 3 q+N2(1a)/2> ( 1 —q—'_ )7 e eXp( 4q(1_q))7 (3 )
for large N. By similar argument for the event ¥;” > q — W, we finally obtain
2
1 N§
P(|¥] —¢| > —F——5 | < N2 (—72> 3.13
<| [ Q‘ = N2(1_0,)/2> > [Ng €xp 4(](1 _ q) ’ ( )

for large Ns.



Since ¥, are independent for different ¢, we have

- 1 .
P<\Il7l 7q| Z m for SOme'LG{l,...,Nl})

Nl B 1
=1 - H P |\II7, - q| < W
i=1

(3.14)
N M
<i- (1= Mo (- 22
< ? 49(1—q)
§N1N2exp ( — 72) < nNgexp ( — 72>7
2 4g(1—q) 2 4g(1 - q)
and the conclusion follows since the last quantity converges to 0 as N = min{Ny, Na} — oo.
O
Remark 3.3. We can define similar notations for z/JZri, :
R SE I A o (3.15)
i N, = 4,470 N, - i
and
Uf =0 —0F, D) = max | ¥}, (3.16)
K3
and then the application of Lemma 3.2 to {w,j:i,} with (1.5) gives
P |\Ilf~'fp|>;forsomei <e (3.17)
2 NA—-a)/2 ’ !

for N > No(p, a,¢€).

4 Proof of Theorems 2.2 and 2.3

In this section we prove Theorems 2.2 and 2.3. We first prove a lemma which will be used in
the proof of Theorem 2.2.

Lemma 4.1. Let f(t),g(t) be positive functions satisfying the inequalities

f > Ay f — Anag,

(4.1)
g < Ao f — Anag,
with Aia, Aoy > 0. If the coefficients satisfy
A= (All + A22)2 —4A51A19 > 0, (42)
and initially
9(0) (A1 + Ag2) + VA
L <Ay, A= , 4.3
f(0) * * 2412 (4.3)
then
g9(t) 9(0) _. 242 9(0)
T S R WIS = , =AML — =) 4.4
70 7(0) (A + A) - VA e e



Proof. Let A(t) = g(t)/f(t), and it satisfies

: 1

A= fg — f2f < A12>\ — (A11 + Agg))\ + Ao = Alg()\ A )()\ — )\+> (45)
If A(0) < A, as assumed, then A < 0 as long as A_ < A(t) < Ay, and thus A(t) cannot go
above A(0). Therefore the conclusion follows from a comparison with the linear ODE A\ =

—u(A—A_). [

Proof of Theorem 2.2. Fix a > 0 small. Lemmas 3.1 and 3.2 imply that, if N is large, then with
large probability, there holds

F(v*) i= min{Fy ("), Fa(w )} 2 p = 2,

7 p - : 1 P

U™ —¢q| < mln{24 24}7 D(¥ )<mln{N(1a)/2724}7 (4.6)
O+ _ ra + : 1 pa

W —rls oy DUV )Smm{Nua)/rm}'

Therefore it suffices to prove the large time behavior (2.8) and (2.9) for coefficient matrices
satisfying (4.6).
STEP 1: L? estimate for |x — y|°.

The time evolution of X is given by

1 B ) i . )
N1 N, Z - wi:j(yj 7Xi) = 7N2 Ej \Ijj yj+ﬁ1 EZ \I/i X;
1 o
=rE-9)+ Z‘I“ EZj vy,

%=

(4.7)

where the symmetry of 1/}2}, is used in the first equality. Therefore by subtracting its counterpart

for y and conducting energy estimate,

1d _ e 1 N | L
ST —yPP =20 x -yl +2(x—-y)- Ezi:‘l’i’qugqjjy
2
— 1 N
>0 —a)x—y2— — Uk —— S Uy
=l R le szj: Y (4.8)
_ 2D(U
- = |2 2 2
>V —c)lx—y|° — T le|xz\ +fZ|yJ|

—|2 _ 2D(\I/_)

- (var(a0) + var(y).

where we used Cauchy-Schwarz in the first inequality, with ¢; > 0 to be chosen. This gives an
exponential growth estimate for |x — ¥|?, up to an error term of (var(x) + var(y)) with small
coeflicient.

STEP 2: L? estimate for (var(x) + var(y)).



Subtracting (4.7) from the first equation of (1.3) gives

Zdjll X/ X **Ziﬁ,] 1 i

z’;éz

(4.9)
72%1 z’)—Eziﬂgj(f’j—ii)—‘l’;(f’—i)—i-
1’751 J
Then
d LZ‘)H? Z O, (R — %) - X 1 Zq/)i(y._g(.).g(.
t 2N1 i ' N2zz £ S o N1N2 %) e Z l
- iz&—(* — %)% — (U (y — %) + %) LSy
N, i ¥ i y N, i
1 . . 1 — SN (4.10)
— + L% ]? = ) X
= m . Z 4wm‘/‘xz’ Xl N, N, Zwi,j(}ﬁ Xi) X
1,874 #1 1,9
o, 1 P
—(y—x) —IZ\IQ X;
=—1+I1+11I,
where we used ), %; = 0.
Notice that I can be written as
d
(K
2N2 > uhike—xP o 2 | S (T )ar - 3wl
PR 1 k=1 i ) 1,471 #1 (411)
Az\"®),
-
where &%) = (a%gk) xg\l,c)) with x () denotlng the k-th component of %X;, and A is as given in
(3.1). Thus I is bounded below by
2N2 Z wzz |Xl’ - XZ‘Q > Fl ¢+ Z ‘X’L|2 (412)
1,34 #1
since the vector #(*) is orthogonal to the eigenvector (1,...,1)T of the symmetric matrix A with
the smallest eigenvalue 0.
11 is controlled by
- X iy =0 &
NN, 2- 1,5 \Y 7 i i
= X i kg YU
N1N2 V3TN 2T
1
< (=192 + 2 %2 U~ + D(V |2
—NlNQ;%%'y” + 5 %il%) + (7 + le\ (4.13)

1 1 1 1 - 1
=— ) Uy P+ ) U+ (T + D) — > %[

~(¥ +D(v) |55 Lk Z|2+7—2| s

i

10



1117 is controlled by

o 1 A o 11 Ao o D(P)? 1 R
-(y-x%)- N ZZ:‘IQ x; <c[x —y[* + Zﬁ |‘I’i Pxif® <cx -y + (T)E Zl: %%,
(4.14)
where ¢ > 0 is a constant to be chosen.
Using (4.11), (4.13) and (4.14) in (4.10), we obtain
d 1 . 12
4 ()
_ _ 31
<-F1(ph)— Z|Xz|2 (¥~ +D(¥7)) §EZ z|2+**2|}’g‘2
D)2 1
_ —12 s 12
+clx —y| +74c E;bcz\ (4.15)

31 .
<-Fi(y) ZIXzIQ (0 + 2 +D(‘I’ ) §EZIXJ2+**Z| yil*

DU
( ) |x—y|2
p

)

by choose ¢ = D(¥~)2/p. Similarly,
d 1 L
dt m ; b’]l

< —Fo(9t)— Zlygl2 (U~ + = +D(\If ) %N%Df%l”*fZl 9,2 (4.16)

Summing them together, we obtain

%% (var(x) + var(y)) < — (F@*) = 2087 + £ + D(¥7) ) (var(x) + var(y)) +

This gives an exponential decay estimate for (var(x) + var(y)), up to an error term of |x — y|?
with small coefficient.

STEP 3: ODE stability analysis to get L? separation.

Now we claim that (4.8) and (4.17), with (4.6), imply the L? separation result (2.8). In fact,
we apply Lemma 4.1 with

f=x=3y’ g=var(x)+var(y), (4.18)
and
2 —\2
A =2(20—¢y), Aip = %, Ay = AD(v , Aogg =2 (F(1/1+) —2(0 + g + D(\I/*))) }

11



Using (4.6), one checks that with the choice ¢; = p/24,

A1 N2 16D(¥T7)3

2 S (Ap 4 A)? — Ap A = <F(1/1+) e -2 _op@w )) _ 16D(¥7)°

i 3 pa (4.20)
- p p p  p\2 1000 p? 1000 '
= (p 24 24 3 12) T pIN3(-e)2 Ty paNB(i-a)/2

which is clearly positive if N is large enough. Therefore Lemma 4.1 applies, and gives the large
time behavior (2.8) under the initial assumption (2.7), with Ay and p given as in the lemma.

Then we estimate the asymptotic behavior of AL and p for large N. In fact,

(A11 + Ag) + VA > Ay + Agy > p, (4.21)
1
Ar2, A1 =0 Nie | (4.22)

for large N. This gives the L? asymptotic behavior (2.6). The fact that the decay rate u =
Aa(Ay — %) is independent of N follows by further requiring ?‘203 < Ay/2 (with A} as given
by Lemma 4.1) and then

1= A /2= ((An + Az) +VA) /2 > p/2. (4.23)

STEP 4: L°° separation.
Finally we prove the L> separation (2.9). We rewrite (4.9) as

N v = k) = e S0, - k) - ¥ (5 %)
z;ﬁz J
Z Uy %y + — Z by, (424)
F

=—(VF —U)% + S,

K3
where the source term
_ 1 PN 1 PN
S = N ng Xy — — Zw”yj V- (y —x) — N Z\Px + % ij\pj yj,  (4.25)
can be estimated by
2 2 9

1 _ . s
ISP <5 | |5 Svtse| + | v +]E6-%)
z’;éz J

<5(var(x) + var(y) + D(¥7)?|x — y|? + var(x) + var(y))
<10 (var(x) + var(y) + D(¥7)%|x — y|*),
(4.26)

by using the fact that 1/1 ; and ¢;; are at most 1. The smallness of |S|? (compared with |x —¥|?,

in view of the L? estlmates (2.8)) enables us to estimate the decay of |%;|2. In fact, multiplying

12



(4.24) by %; and using U7 — U, > U+ — ¥~ — D(UF) — D(V~) gives

SR <~ (BB D) — D))+ |5 %
<=L - Lo B Bp s+ B
<- Bl + 2 (var() +varly) + DO Ix-5P) (420
<= B0l + 2O+ M0+ )lx -5
<= (G =%l + OO + )k -

by using (4.6) and (2.8), and C' denotes a constant® independent of N. By taking i as the index
with maximal |%;|? and conducting similar estimate for |y;|?, we obtain

1d

. . P 5 . - 1
ia(m?x |>q|2 + mjax |yj\2) <—-(z - q)(mzax \xi|2 + mjax |yj\2) + O(M(0)e M +

k- 3P
(4.28)

2

Integrating in time gives

max [%;(t)|* + max[§;(£)]* <e”® 79" (max|%;(0)|* + max [3;(0)[*)
7 J 1 J

t 1 (4.29)
+C /0 eT TR (N0)e ™ + ) [%(s) — ¥(s)[* ds.

Next we notice that using (2.8) in (4.8) (with a different choice ¢; = ¢/24) gives an exponential
growth estimate

d - 96D (V)2
g2 @i — Lyx—yP - PP () 4 var(y)
dt 12
q q 96D(¥)2 ) e g2 (4.30)
S{g4o_4_ 4 _ i Sl p _
> (1= 2= £ - BP0 a0 ) 1x- 5]
22q|i_y‘2a

if t > t1, with ¢; being independent of N (which follows from D(¥~)? < 1/N1=® and A\(0) <
Ay = O(N'=?)). Therefore

%(t) — y(t))? > 219 |%(s) — y(s)2, Vt>s>t). (4.31)
Using this in (4.29), we obtain
max [%;(t)[* + max [y, (¢)[*
i J

t 1
SCle_(p_QQ)t +C e—(l)—2q)(t—s)(>\(0)e—us + lea)l)_C(S) . }—,(S)‘Z ds
t1

¢ 1 (4.32)
<Cpe~(P20)t | O/t e~ (P20(=9) (X(0)e ™ + Nlia)(;?fﬂtﬂ) ds - [x(t) — y(t)|?
1

1
<Cre g (MO i ) () - (O

3In the rest of this proof, different C' may denote different constants which are all independent of N.
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with

t1
Cy = max |%;(0)|* + max |y;(0)]* + C / e(P=20)s (g=hs 4 %(s) — y(s)[*ds.  (4.33)
() J 0

Nl—a
Therefore
max; |)A{l(t)‘2 + Inan |yJ (t) 2 01
[%(t) = y(t)[? |%(t) — ¥ (t)[?

Finally we notice that the second inequality in (4.30) implies that

IN

e~ (P20t 4 O (/\(O)e“t 4 > L (4.34)

d
—|x—y|* > ~Colx — 3/, (4.35)
dt
for 0 <t < ty, with C5 independent of N. Therefore, for 0 < s < ¢4,
%(t1) = y(t1)]” > e |x(s) — y(s)|%, (4.36)
which implies
[%(s) = §(s)* < @1 x(t1) — §(t1)]* < P2 |x(1) — 3 (1)), (4.37)

where we used (4.31) in the last inequality. It follows that

Cy 24t _max; [%i(0)[* + max; |§’j(0)|2 ) x(0) -y 0)|262qt
x(t) —y () %(0) — y(0)[? x(t) —y(t)
" 1L [x(s) = y(s) (4.38)
+ C/ e(P*QQ)S e HS 4 — ~ ds - qut .
o T = R v 0P
< CQtlJrthl)\( )+ CeC2tit2atitrt < C(1+ 5\(0))

Therefore the first term on RHS of (4.34) behaves like C'(1+ A(0))e ?* which decays faster than
e~#t. Therefore (4.34) gives the L™ separation (2.9) since A(0) < A(0).
O

Remark 4.2. In fact, (4.6) are the only conditions on the coefficient matrices used in this
proof. Therefore, the proof applies to (1.3) (not necessarily with (1.4)) on [0,T], as long as the
coefficient matrices satisfies (4.6) for any t € [0,T]. This will be the starting point of the proof
of Theorem 2.3 given below.

Proof of Theorem 2.3. Recall that Theorem 2.3 assumes the coefficient matrices are given by the
random piecewise constants (1.5). We will fix the choice of o € (0,1). Fix K > 0 to be chosen,
it is clear that with large probability, (4.6) holds for [0,T], T = K. In fact, for any € > 0, for
any fixed k, if N > Ny(e,p, q), then (by Lemmas 3.1 and 3.2) with probability 1 — ¢, (4.6) holds
for [kT, (k + 1)7]. By the independence of the coefficient matrices for different k,

P((4.6) holds for [0, KT]) >(1-ef 51, ase—0, (4.39)

which gives (4.6) for ¢ € [0, 7] with large probability.

The assumption (2.7) on the initial data also holds for large N, since A(0) < A(0) < A <
A4 (N). Therefore, by Remark 4.2, the estimate (2.9) holds for (1.3) with (1.5) with large
probability, on the fixed time interval [0,7]. Since A_ ~ 1/N'=® and A(0) < A, by taking
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N and K large enough (in terms of (A,7,p,q, k), with K being independent of N), one can
guarantee that the RHS of (2.9) at time T' = K7 is no more than 1/16. Therefore, with large
probability, if N is sufficiently large, then

MNT) < %7 T=Kr, K=K(MTpqr). (4.40)

Notice that
% - (5 — %) < %] |y — %] < VAly — %%, (4.41)

and similar for y. Thus by (4.40), for any ¢ and 7,

T x yI) -%(T) oy YO =%(T) o ¥(T)—%(T)
i =) gy —xmp 1 ) —=mp 5 o) —xop
21 ggmg >0
(4.42)
Therefore (2.11) holds at time T, with the vector* v = %

Finally we show that (2.11) at time T implies (2.11) for all time ¢ > T. In fact, (2.11) at

time T implies the existence of a constant ¢ such that
x(T)-v<e, yi(T)-v>e Vi j. (4.43)

Taking dot product of (1.3) with v gives

.1 + BN - o+
T = M;wi,i/ () (@i — ) + Ny ;1#”@)(3/3 + i),

1 ) (4.44)
U= 5 22 Ul O —ui) + 5 Do Ui+ ),

where x; := —(x;-v—c¢), yj :=y; - v —csatisfy z;(T) > 0, y;(T) > 0. This ODE system clearly
+

propagates the positiveness of {x;} and {y;} if all the coefficients ;" , ¥, ;, zbjj, are nonnegative.
Therefore

x(t)-v<e, yilt)-v>c, Vi g, (4.45)

for all t > T, and (2.11) follows.
O

5 Numerical results

In this section we provide a few numerical results verifying Theorems 2.2 and 2.3.
For both models ((1.3) with (1.4) and (1.3) with (1.5)), we take the spatial dimension to be
one, Ny = Ny =: N, and
p=20.3, ¢=0.2 (5.1)

while for (1.3) with (1.5), we take the time step 7 = 1 for changing communication matrix. We
take the initial data {z;(0)} and {y;(0)} to be i.i.d. uniformly distributed random variables in

4This means that at time T the two groups are separated by the perpendicular bisector of the segment
connecting X(7T") and y (7).
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1

X\ Yoo normalized
X yJ. normalized

Figure 1: Simulation for (1.3), with Ny = Np = 40. Left: with (1.4); right: with (1.5). The
horizontal axis is time, and the vertical axis is ;(t) and v;(t), normalized. Red and blue curves

represent the individuals in the first and second groups, respectively.

[0, 1], and compute the solution at T' = 20 to (1.3) exactly by using matrix exponentials. Figure 1
shows one simulation for each model with N = 40. For the sake of demonstration®, at each t we
normalize the vector (z1(t),...,zn(t),y1(t),...,yn(t)) to have £2 norm equal to v/2N, and this
does not change the dynamics since (1.3) is linear.

One can see that for both models, the two groups completely separate from each other. Also,
after getting to a certain extent of separation, var(xz) and var(y) no longer shrink, compared to
|z — y|?. This is exactly as predicted by Theorem 2.2: the separation indicator A(t), as defined
in (2.8), decays to some positive constant A_ but does not necessarily converge to zero.

To further investigate the limiting behavior of A(t) as ¢ getting large for (1.3) with (1.4),
we compute this model with randomly sampled initial data and coefficient matrices for nsest =
10000 times, for various values of N. The sample average of A(T') is computed by discarding
Ngiscard = 100 samples with largest A(7") which may contain the cases with small probability
for which the separation claimed in Theorem 2.2 may fail. The relation of N and the sample
average of \(T) is plotted in Figure 2. It is clear that the latter behaves like O(1/N) for large
N, which means that the estimate A\_ < C/N'~% V0 < a < 1, given in (2.6), is optimal.

6 Conclusion

In this paper we propose collective dynamical models describing the interaction of two oppos-
ing groups with stochastic communication, where inter-group and intra-group communication
functions have opposite signs. Under reasonable assumptions we prove the separation of opinions

of the two groups. Compared with existing results for collective dynamics, our results suggest:

e Anti-alignment between opposing groups and alignment within the same group may lead

to separation of two clusters, instead of consensus. This may happen even if the initial

5Without this normalization, ;(¢) and 14 (t) may exhibit exponential growth in time, which makes it hard to
demonstrate the extent of separation.
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Figure 2: Sample average of A(T), T" = 20, for (1.3) with (1.4), for various N. ngs = 10000
samples are taken, while ng;scarq = 100 samples with largest A(T') are discarded. The horizontal

axis is N, the circles are sample averages of A\(T'), and the straight line is slope -1.

data is well-mized.

e With stochastic communication, the expected large time behavior may still be observed
with large probability.

There are a few future topics to study:
o Generalizing our results to cases where the coeflicients depend on the locations x; and y;.

e Generalizing our results to models with more than two groups. Numerical examples in [14]

have shown the separation for three groups.

e Second-order Cucker-Smale models [5, 6, 11] with anti-alignment and possibly stochas-
tic communication. Some partial results in this direction are already obtained by [9] in
deterministic setting.
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