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1. INTRODUCTION, MOTIVATIONS AND EXISTING MODELS.

In recent years the observation, the description and the modeling of collective motions de-
served a lot of attention and consequently produced a huge literature. These kinds of col-
lective behaviors have been observed for several types of populations: humans, fishes, birds,
insects, bacteria, macromolecules, cells ... We refer to the beautiful survey [VZ12] for a nice
description of various models introduced during the last fifteen years. Despite its fundamen-
tal importance, the validation of such models will be ignored in the present work, where we
will focus on mathematical properties. However we shall make some small comments on the
structure of the models under study throughout the whole paper, and summarize them (with
some additional comments) in the final section.

If we read a lot of interesting papers on the subject, it turns out that we do not always com-
pletely understand all the mathematical arguments contained in some of them, in particular
those dealing with stochastic models. That is why, instead of pointing out these misunder-
standings, we decided to make this paper self-contained, at least for the potential readers a
little bit familiar with stochastic calculus.

Finally we shall only look at stochastic models where the noise comes from some Brownian
motion (or some continuous Ito process). Of course one should also look at jump processes
(P.D.M.P. for instance) or fractional processes whose local behavior could introduce other
interesting properties.

Let us come to the subject of this work.

The so-called Cucker-Smale model introduced in [CS07a, CS07b] is a mean-field kinetic de-
terministic model that intends to describe self organization of individuals in a population.
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Originally it is written as

%xz@) = Uz‘(t)
Do) = =23 b (0lt) - 50 (L1)
dt " N = K ! J ) ’

Here the pair (x;(t),v;(t)) € RY ® R? denotes the pair position/velocity of the “particle”
i€ {l,..,N} at time ¢, A is some positive parameter and 1);;(.) is for all (4, j) a non-negative
function called the communication rate.

In the original model

. 1
i (t) = Y(|xi(t) — xj(t)|2) with  ¥(u) = m for r > 0. (1.2)
The goal was to propose a model for flocking. In the deterministic context, flocking means
the following. Introduce the center of mass of the system

| X | X
Bt) = D> wt) , o)== > v, (1.3)
N ¢4 N <
7=1 7j=1
the system (1.1) is said to flock if
for all 7, lim |v(¢t) —0(¢)] =0 and sup |z;(t) — Z(t)] < +o0. (1.4)
t—o0 t>0

It is known that in the situation of (1.2), flocking occurs for all initial conditions (uncondi-
tional flocking) provided r < %, and for some initial conditions otherwise (see [CS07a, CS07b,
HL09, HT08]). Of course this is nothing else than convergence to some “equilibrium”. Indeed
if all initial velocities are the same (hence all equals to ©), they do not evolve in time and
the motion of the positions block is simply a translation. This is some equilibrium for the
model and flocking is thus some kind of convergence to this equilibrium.

A lot of modified models have then been studied in the deterministic context, including delays,
no collisions and many other features. Some of them have introduced some randomness in
the model, in various ways. The goal of the present paper is to revisit, extend and study
these stochastic Cucker-Smale models.

The first question to ask is: where (and why) does randomness enter the game ?

The first idea is to consider that each individual has a degree of freedom (or craziness)
represented by some random noise independent of the behavior of all other individuals in the
population. This leads to the following system for the velocities

N
dvi(t) = = 2 3 i (0) (ui(t) — vy (1)t + 3(t) (1), (15)
j=1

where o; only depends on (z;,v;) and the w;’s are independent R% valued noises. This kind
of model has been studied in [CMO08] for “smooth” noises (actually smooth regularizations
of Brownian motions) and in [HLLO09] for independent d-dimensional standard Brownian
motions w; and a constant diffusion matrix o; (actually o; = /D Idy). The latter case has
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been revisited and completed by one of us in the recent [Péd16]. Here and in what follows
the meaning of dw is the Ito differential (we shall come back later to this).

The second idea is to consider that the dynamics of the velocities is perturbed by a noisy
environment. This yields the following model

dv;(t) = Z Vi (1) —j(t))dt + oi(t) dw(t), (1.6)

where this time the noise w is the same for all particles.

A very peculiar form of this model is studied in [AH10]. The authors consider therein a noise
w = (W, W,...,W) ie. the same Brownian motion in all the directions of R? and a diagonal
diffusion matrix o;(¢) whose diagonal entries are given by the vector o(v;(t)) where

o(v) = D(v — )

for some constant state v, telling us that the “noise intensity” depends (in a simple way) on
the localization of the velocity.

Another idea is to consider that the “infinitesimal” communication rate is perturbed by some
noise. This leads to the following model
P
dvi(t) = =+ ) (vilt) —v;(8)) (i) dt + 03(¢) dwi;(t)) (L.7)
j=1
where the w;; are again one dimensional noises.
This is done in [TLY14] with w; ; = w for all 4, j and with a constant o; ; = o, i.e. for some
new constant o,

dvi(t) = — = Z Vi (1) —vj(t))dt 4+ & (vi(t) — 6(t)) dw(t) . (1.8)

Actually the authors replaced the Ito differential by a Stratonovitch differential. This choice
is not really natural since it introduces some repulsive modification on the drift due to the
Ito-Stratonovitch correction.

In the recent [EHS15] the authors consider instead N independent one dimensional Brownian
noises w; and the following system

dv;(t) = Z Vi (1) —vj(t))dt + & Z i (1) — () dwi(t),  (1.9)

for constant o;. Actually these authors also introduce some delay in the coefficients. A
similar model to (1.9) is also discussed in [SL15].

One immediately sees an important difference in nature between all these models. In (1.8)

r (1.9), the dynamics v;(t) = v;(0) = ©(0) for all 7 is still a solution, hence as for the
deterministic system we have some “dynamical” equilibrium. Similarly, if we assume v;(0) =
ve for all i, v;(t) = v, furnishes again some dynamical equilibrium for (1.6). In the general
case of (1.5) such a trivial solution does no more exist. This shows that the asymptotic
behavior of these stochastic systems may be (and actually is) very different.
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The second point is to understand what kind of asymptotic flocking is expected. Indeed since
the solutions are random processes, one can look at various behaviors: almost sure behavior,
moments behavior, distribution behavior. We will thus introduce three different notions of
stochastic flocking

Definition 1.1. Let (z;(t),vi(t))i=1,..n be a R? @ R? walued stochastic process such that
dzi(t) = vi(t)dt for all i = 1,...,N. Denote by v and T the centers of masses defined in
(1.3). We shall say that:

1)  The system is almost surely flocking if (1.4) holds almost surely.
2)  The system is flocking in LP? (p,q > 1) if for all i,
E(Jvi(t) —v(t))P) - 0 as t - 400
and

igg E(|zi(t) — z(t)]7) < +00.

Actually we will only look at the cases (p,q) = (1,1),(2,1),(2,2). When ¢ = 1 we
simply write ILP flocking.
3)  The system is weakly flocking with rate e(R) if for all R > 0 and all i,

lirgiip P(lvi(t) —o(t)] > R) < e(R).

Remark 1.2. Of course quick enough convergence to 0 for the “centered” velocities is enough
to ensure boundedness for the “centered” positions.
For instance,

+oo
E(sup |z;(t) — 2(t)]) < E(|:(0) = z(0)]) + /O E(jvi(s) —v(s)[) ds < +o0.

>0

Similarly if for some function 7,

we have

E(sup |a;(t) — 2(1)[)
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so that if in addition f0+°° n~Y(s)ds < +oo0, E(sup;>q |zi(t) — z(t)|?) < +o0 too. O

Results in [AH10] concern almost sure flocking, results in [TLY14] concern L? flocking and
those in [Péd16] concern weak flocking.
Another very weak form of stochastic flocking is sometimes discussed: mean-flocking, i.e.

tl}gloo |E(vi(t) —9(t))] =0 and il;%) |E(z;(t) — z(t))] < o0 (1.10)

Actually it is this type of flocking which is studied in [HLL09, EHS15]. We confess that we
are not really convinced that this kind of property really describes some “collective” behavior,
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though (1.10) can be seen at a first glance as the immediate generalization of deterministic
flocking.

In all cases the same strategy of study is used: first look at the motion of the center of mass
o(t) (the macroscopic level), then look at the fluctuations 0;(t) = v;(t) —o(t) (the microscopic
level). As in all the previous works we shall assume in the whole paper that

for all ’L,j y ¢ij = wji . (111)
Under this assumption,
N N
DD w0 (wilt) = vs() =0
i=1 j=1

so that the motion of ©(t) is only driven by the noise.

In order to understand the difference in nature of all these models we shall first look at the
simplest case i.e. with a constant communication rate and a constant diffusion coefficient.
This is done in the next section 2. In the following section we introduce the notion of
swarming and look at its connection with flocking, as it is the case in the deterministic
situation. In the two following sections, we still look at constant communication rates but
with more general diffusion coefficients for (1.6) and (1.7). This will be the opportunity to
introduce the methods that will be mainly used in the general case. In addition, as we shall
see in section 6, many results for a non constant communication rate can be deduced from
the ones obtained in the constant case. Up to section 6 what is obtained is “unconditional”
flocking, that is, without restriction on the initial condition.

Section 6 studies the case of non constant communication rate for the latter two models (1.6)
and (1.7). Actually if the communication rate is bounded from below, one can reduce the
study to the one with constant communication rate. If it is not bounded from below, we prove
some “conditional” flocking results, that is we extend for the first time the corresponding
deterministic results to the stochastic situation. The final section deals with comments and
simulations.

In order to keep the paper into a reasonable size, we will not discuss here other models of
Cucker-Smale type, introducing a mean field term depending on the positions too, or a local
mean field dependence as in [MT11]. This will be the aim of future work(s). However, some
aspects are already contained in [Péd16] for the model (1.5).

For the sake of simplicity we will assume throughout the paper that the initial conditions
(v(0),z(0)) are deterministic. All the results can be extended to random initial conditions
such that v(0) — (0) and x(0) — z(0) are almost surely bounded. We shall also denote by |y|
the euclidean norm of a vector y € R” whatever m is.

2. CONSTANT COMMUNICATION RATE. A NEW VISIT OF THE EXISTING MODELS.

In this section we assume that, for all z,

Vi (t) = si(t) =9 > 0. (2.1)
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Notice that in this situation, under mild assumptions on the diffusion coefficients (ensuring
that the stochastic integral is a true martingale) the expectations (E(v;(t)), E(z;(t))) satisfy
(1.1) with a constant communication rate, so that one always has mean-flocking.

First we will revisit (and extend) the known results we recalled in the introduction, hence
we assume that

(H1) in (1.5) we consider o;(t) = v/D Idg,

(H2) in (1.6) as in [AH10] we consider o;(t) = D (v;(t) — ve), but here we assume that w
is a d-dimensional process w = (w',...,w?) such that each w* is a standard linear
Brownian motion (we do not make any assumption on the correlations),

(H3) in (1.8) the same assumption for w is made as in (H2),

(H4) in (1.9) the same assumption is made for each w; = (w}

independent) and in addition o; = o for all 1.

s wd) (the w;’s being

We will prove the following

Theorem 2.1. Consider the previous models assuming (2.1). Then,

(1) If (H1) is satisfied, the system (1.5) is weakly flocking with a rate e(R) given by some
Y2 tail.

(2) If (H2) is satisfied, the system (1.6) is always almost surely flocking and L' flocking,
but is L2 flocking if and only if 2\ > D? (or v;(0) = ©(0) for all i). In this case it
is also 1L?? flocking.

In addition v(t) goes almost surely to ve ast goes to infinity and T(t) — tve is almost
surely bounded.

(3) If (H3) is satisfied, the system (1.8) is always almost surely flocking and L' flocking,
but is L2 flocking if and only if 2\ > &2 (or v;(0) = ©(0) for all i). In this case it
is also 1.2 flocking.

In addition v is constant hence Z(t) is linear in t.

(4) Assume that the system (1.9) is not at equilibrium i.e. does not satisfy v;(0) = v(0)
for all i. If (H4) is satisfied for (1.9), we have the following situation: define

a=(1-1/N)(o9)* =2\,
then

(a) if a < 0 the system is almost surely and 1.2 flocking. In addition the center
of mass v(t) converges almost surely and in L' to some given random variable,
while Z(t) has some asymptotic linear behavior.

(b) If 0 < « the system is not L2 flocking, moreover when o > 0, the L2 norm of all
the v;(t) are going to infinity,

(c) if (1- %) (cv)? > 22 > (1— %(Jw)Q) the system is almost surely flocking
(but not IL2).

Remark 2.2. The previous Theorem clearly shows the importance of defining the type of
stochastic flocking one wants to get, since on the same elementary model one can have one
flocking property and not another one. It also seems that L.? flocking is more demanding. <
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Proof. In the first three cases one can find an explicit solution for the involved stochastic
differential equations using that
1 N
N Z(UZ‘*’U]') =v; — V.

Jj=1

Let start with (1.8) assuming (H3). It can be rewritten for alli =1,..., N and all k = 1, ...,d,

dvF(t) = = X (vF(t) — %)) dt + 7 (vF(t) — T (1)) dw"(t). (2.2)

In particular do*(t) = 0 so that v¥(t) = v¥(0) = v¥ and (2.2) becomes a particular case of
(1.6) with v = ©(0). This yields the following explicit solution

of (£) = 7(0) + (oF(0) — 0*(0)) 7 - BTV (2:3)

Since
k
wy
r — 0 almost surely as t — +o0,

there is almost sure convergence to the constant center of mass for the velocities. But if B,
is a linear standard Brownian motion,

+oo
/ e*Br=0 4t is almost surely bounded for any a € R and b > 0 (2.4)
0

since B/t goes almost surely to 0 when t goes to infinity . Thus we have shown almost sure
flocking for the model (2.2). Notice that the center of mass of the positions is here simply
given by z(t) = z(0) + tv(0).
In addition, on one hand
E(jof(t) — ok (@®)]) = |oF(0) — 0" (0)| B(e7 ™ ~ 377 ) e 20t
= [0f(0) = 5*(0)| e 2!

7

<

while
E((vf(t) = oF(1)?) = (vF(0) — 57(0)2 E(e27 ¥ ~ (4201
_ (’Ulk(O) _ T)k(O))Z e(—2>\1,/1+62)t E(e26wf — 252 t)
= (o (0) —TH(0))? M,
Hence if —2\1) 4+ &2 > 0 there is no L.? flocking. For the positions we may use the Remark
1.2 to get L' flocking. For L.?? flocking, assuming —2\ + &2 < 0, since
TE(0F1))?) -0 ast — +oo

for some 6 > 0, we also have,
“+o0o
/ MPE(|05 (1)) dt < +oo,
0
so that we are again in the situation of Remark 1.2.

Remark 2.3. This result differs from [TLY14] since almost sure flocking occurs in all cases
while small noise is required in [TLY14] (that actually does not really study almost sure
flocking). This is only due to the fact that, as we said before, the Ito-Stratonovitch correction
introduces some repulsive part in the drift in [TLY14]. &
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(1.6) assuming (H2) is thus a little bit more general if v(0) # v.. In this case

D2¢

(1) = of + (08(0) — ol P S (2.5)
converges almost surely to vf , and at the microscopic level @f(t) = vf (t) — ok (t) satisfies
doF(t) = — A oF(t) dt + D oF(t) dw®(t)

so that

o (1) = 8 (0) P DI
and we get almost sure flocking as before. This time the center of mass v(t) goes almost

surely to v, as t goes to infinity and Z(t) — t ve is almost surely bounded.

The key point here is that, summing up the equations over ¢, we obtain an autonomous
S.D.E. for the motion of .

Actually the same occurs under (H1) in (1.5). Thanks to the independence of the w;’s, v is
simply a Brownian motion with covariance matrix % Idy;. We can then get an explicit solution
for the motion of ¥ which becomes some degenerate dN-dimensional Ornstein-Uhlenbeck
process (see [Péd16] section 1),

do;(t) = =\o;(t) dt + VD (1 - ;I) dw;(t) — \f\? > dw;(t), (2.6)
i

degenerate means that since ), ¥; = 0 the process is an O-U process on this subspace. It
is then easy to show that ¢ is ergodic with a (degenerate but explicit) gaussian invariant
distribution so that it is weakly flocking with a rate e(R) corresponding to some x? tail.
However using a Central Limit Theorem one can see that #(t) behaves like v/t times a
gaussian vector (in distribution) so that the Probability for Z(¢) to belong to some bounded
set goes to 0 as t — +oo for all bounded sets, that is, weak flocking really only concerns the
velocities. We refer to [Péd16] for the details and the explicit computations.

Finally let us look at (1.9) assuming (H4). We first get

U¢ N N
do(t) = —- (Z vilt) dw;(t) — o(t) dwi(t)> (2.7)
i=1 :
and then

dof(t) = AP of(t)dt + o9 <1 - 1) oF (t) dwi(t) — — > 0 () dw;(t).  (28)
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Of course since the coefficients are globally Lipschitz, (2.8) admits a unique strong solution.
Thus using Ito’s formula we get,

H(s)ds + 200 i ([ @t dunts))
S (] t (0 85)(5) duy(5)) + (o) (1—]1V)2 [ as

o)? N t
+( ]\1,/’2) > /0 (0%)%(s) ds (2.9)

iAj=1
— R0) + <—2w + (o9)? <1 _ ;)) /0 " b (s) ds
200 i ( / hR0s) dw(s)) ,
since Y, #%(s) =
It follows
WF(E) = B(F() = o)+ (—zw + (0)? (1 - ;)) /Ot WF(s)ds.  (2.10)

A rigorous proof of (2.10) is straightforward: it is enough to stop the process at the exit time
of open balls of radius R (to be sure that the stochastic integrals are true martingales), to
take the expectation and then to use the monotone convergence theorem for letting R go to
infinity. (2.10) is exactly solved by

uF(t) =u*(0)e*  where a=(1-1/N)(oy))? —2X\ip. (2.11)

We thus have to distinguish three cases: when a > 0 u*(t) grows to infinity and there is no
L2 flocking, when a < 0 we may have L2 flocking, when o = 0 there is no L.? flocking.

We can be more precise. First we have (with an obvious new notation)

i) = uf<o>+<—zw+<aw>2 (1—;)2> [ ko 3
=

= uF0)+ (—2A¢+(a¢)2 (1—}3{)) /Ot M(s)ds + (j\‘f) /0 u(s) ds

o))? t o2 uF
= uf(O)%—(a—(;\/;))/o uf(s)d5+(qp0)é]\]2(())(eat_1)7

so that it is easily seen (by contradiction for instance) that when a > 0, uf(.) cannot be
bounded by some C e for 3 < a. Hence all the uf (t) are growing to infinity at an exponential
rate.

Of course for @ < 0, E((9F)2(s))) decays exponentially fast; hence we get L22 flocking as
before.
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Notice in this case that
- - w 2 t Q,Z) 2 .k 0 N
Bl (1) - 0)7) = G- [ keras = G P e

is bounded. According to (2.7), (v%(t) — ©%(0))¢>0 is thus a martingale which is bounded
in L2. According to Doob’s convergence of martingale theorem we know that there exists a
random variable a* such that

(oF(t) — 7*(0)) » a* as. as t— 4o0.

Since the convergence also holds in L' we get in addition that Z(¢) — #(0) — t(v(0) + a) is
bounded in L.

What can be said about the almost sure behavior ? Using Ito formula we get that for all
t < Tp, where Ty is the hitting time of 0 for 2*(.) (notice that for ¢ > Ty one has zf = 0
almost surely),

N t (ak\2 N t (~k\4
n(zf) = In(z* a o (0) (s) wi(s) — 2(o1)? (05)"(s) s
In(z;) = In(2%(0)) + ot + 2 wél/o p: dw;(s) —2(o ) ;:1/0 ()2 ds. (2.12)
Since Y, Bt < (3°, B?)?, the martingale term
N o rt (k)2
R NG KO
M"(t) = ;:1/0 : dw;(s)

whose bracket is given by

o L)
o0 = | o s P =

satisfies the two following properties

(1)  t='/2 MF is bounded in L2 for t € [1, +oc],
(2) t"'MF — 0 almost surely as t — +o0.

The second point is the standard law of large numbers for martingales.

Using in addition that Zi\il B>+ (sz\il 32)2, we immediately deduce that z¥(t) converges
2

almost surely to 0, hence that we have almost sure flocking, as soon as a < % and that

2*(t) goes to infinity (hence no almost sure flocking) if a > 2(o¢)2. But the latter cannot
occur due to the value of a. 0

3. SOME GENERAL PROPERTIES.

In this section we introduce some general properties (holding true for any of the model we
are considering) that we will use in the sequel.

We start with some simple algebraic remarks:

N N
Z ‘Ui—?}j|2 =2 Z (Ui,'l)i—'l)j> ZQNZ”UZ“Q—QNZ‘T}P = 2N Z‘Ui—'f)’Q, (3.1)

1<i,j<N 1<i,j<N i=1 i=1
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N
Z ‘Ui — Uj|2 = Z ”f)z - f)j|2 = QNZ |@i|2, (32)
i=1

1<ij<N 1<ij<N
and similarly, if ¥;; = 1j;,
1 2
Z Yij(vi, vi — vj) = 5 Z Yijlvi —v5]°, (3.3)
1<ij<N 1<ij<N
and more generally

1
> Wi (i v = v5) = 5 > il — g, v — v5). (3.4)

1<i,j<N 1<ij<N

The final (3.4) will allow us to control, in some cases, flocking by a weaker notion called
swarming we will define now.

Definition 3.1. Let (z;(t),vi(t))i=1,..n be a R? @ R? walued stochastic process such that
dz;(t) = vi(t)dt for all i = 1,....,N. Denote by v and T the centers of masses defined in
(1.3). We shall say that:

1)  The system is almost surely (resp. LP) weakly swarming if

for alli, sup |vi(t) —0(t)| < +00 almost surely (3.5)
£>0

respectively
for all i, sup E(Jv;(t) —9(t)P) < +00. (3.6)
>0

2)  The system is almost surely (resp. P, resp. 1LP4 ) strongly swarming if in addition,
for all i,

sup [;(t) — 2(t)] < +o0
t>0

almost surely, respectively

Sup E(|z(t) — 2(t)[) < 400,

respectively

igg E(|z;i(t) — z(t)|?) < 400.

When E(sup;>q |2i(t) —Z(t)|?) < 400 we shall say that the swarming property is uniform (in
time).

In some situations, proving swarming is enough to get flocking. Indeed, assume that
b
Vij(v, ) = (|z; — zj*) and define W(b) = / Y(a)da. (3.7)
0
We thus have

U(|ai(t) — 2(1)]*) — U(|2:(0) — 2;(0)*) = 2/0 Yij(s) (zi(s) — zj(s),vi(s) — v;(s)) ds .



12 P. CATTIAUX, F. DELEBECQUE, AND L. PEDECHES

Hence, denoting z;; = z; — x; and v;; = v; — vj;

t N
(wij(t), vi (1)) = (a:ij(O),vij(o»—% ; > duls) (@i (s), vals)) ds
=1

A
+ 5 / Z Yiu(s) (wij(s), vju(s)) ds + / [vi(s) — vj(s)[2ds + Mi;(t)
where M;;(.) is a local martmgale term. Let us sum up in 4, j. The following term appears

== Yalmi—zj 0 —v) + > bila — 5,0 —v).
1,5, .5,
Let us calculate A, first exchanging the role of ¢ and j in the second term,

A = =2 Z Vi (r; — xj,v; — vp)

1,5,

= —2N ) alwi,vi—v +22<9€],Z Vi (Vi — v >
il
= 2N ) alwivi—v) = =N > dulaw — 1,0 — v)
il il
thanks to (3.4) and since >, ; ¥i (v — v;) = 0.
As usual using some exhausting sequence of stopping times (if it exists) we may integrate
up to these random times, for which we get true martingales, take the expectation and then
pass to the limit. So we may assume that we have true martingales if we can check that the
brackets of the M;; have finite expectation. We shall come back to this point later.
Hence we sum up over all indices and take the expectation, in order to get
N N

3 E((ay(t),v5(0) = > E((245(0),045(0))) + /0 E(Y" oi(s) — vj(s)[?) ds
i,j=1 i,j=1 i,j=1
t N
I\ /0 Z: E(Wi;(s) (i(s) — 2;(s), vi(s) — v5(s))) ds
and ﬁnally
N
/ Zm P ds = S (E((wi(t), vi5(8) — (€15(0),v35(0)))) (3.8)
J=1 i,j=1
1,]= J )\ N
=5 0 E((ai(t) - 2;(0)P) - ¥ (|ai(0) - ;(0)]*)
i,j=1
< 2N? max (<sup E(|zi(s) — 2;(5)[%))? (sup E(|vi(s) — vj<s>|2>>%)
,J >0 5>0
N
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We shall thus use the following elementary Lemma

Lemma 3 2. Let h: R — R be a C! function with a bounded derivative.
Iff s)ds < +o0, then h(t) — 0 as t — +oo.

Combining the preceeding computations and Lemma 3.2, we can easily deduce that 12?2
swarming implies L.%? flocking, as soon as W is at most linear, in order to control the second
term in the previous sum. Let us state a more general result that will be completed in the
situations we are looking at later

Lemma 3.3. Consider any of our models. Assume that (3.7) is fulfilled for some bounded
function . Assume in addition that,

(1) @ unique solution (v(.),xz(.)) exists and is such that for all i,j, (vi(.) —v;(.), z;(.) —
z;(.)) is a L? semi martingale,

(2)  foralli,j, s — E(|vi(s) —vj(s)|?) is well defined and differentiable with a bounded
derivative,

(3)  the system is L>? strongly swarming.

Then the system is L.>? flocking.

We shall check the required assumptions for each model.

4. RELAXING (H2) IN (1.6) FOR CONSTANT COMMUNICATION RATES.

In this section we shall study the model (1.6), still assuming that (2.1) is satisfied, but
relaxing the assumption (H2). Namely we will consider the following general model

dv; Z (vi(t (1)) dt + o(vi(t), z;(t)) dw(t) (4.1)

where w is a d-dimensional Brownian motion (the same for all the particles). That is, we
consider that the dynamics of a particle is perturbed by a noisy environment depending on
the position and the velocity of this particle.

Once again the dynamics of the center of mass is given by a (at least local) martingale

N
di(t) = % (Z a(vi(t),:):i(t))> dw(t) == s(o(t),z(t)) dw(t). (4.2)

i=1
It follows
doF(t) = — A oF dt+20’” (1)) dw'(t)
where
N
Hkl(v z) = P (v, ;) — sFU( =~ Z Mg, ;) — oM (vj, x)) .

Of course we will assume enough regularity on o for (4.1) to admit a unique solution. Notice
that if

v;(0) =vg and z;(0) =z for all 4,



14 P. CATTIAUX, F. DELEBECQUE, AND L. PEDECHES

then the unique solution of (4.1) is given by a dynamic equilibrium v;(t) = v(t) and x;(t) =
Z(t) for all i, where (v, ) solves

do(t) = o(o(t), 3(t)) dw(t)
dz(t) = o(t)dt.

There is however a difference with the deterministic model (or the model assuming (H2)):
this time one has in general to fix the initial positions to get some equilibrium.

As we did in the first section we define

N t t
Ky =3 (@052 = F0) -2 [ Feyds +2) Y /0 8F(s) 0% (v(s), z(s)) dw'(s)

i=1 0 i=1 (=1
. /N d
+ / (Z Zw?lﬁ(v(s),x(s))) ds, (4.3)
0 \i=1 =1
so that
d N d . /d
2(t) = Z Ky = 2(0) — 2\ z(s)ds + 2 Z Z/ (Z o (s) gf’l(v(s),x(s))> dw'(s)
k=1 0 i=1 =1 0 \k=1
; /d N
+ / (Z > Z(ef’%?(v(s),w(s))) ds
0 \k=1 i=1 1=1
Hence
u(t) == E(z(t)) = u(0) — 2)\1/1/0 u(s)ds +/0 U(v(s),x(s))ds
where
d N d
U(s)o(s) = D >0 D E |01 (0(s), 2(s))] (4.5)
k=1 i=1 i=1

N4 ¢ d@ks Blu(s), z(s
an(t) _ an(O)—FQZZ/ Z z( )sz(sg )7 ())) dwl(s) _2)\1/”5
i=1 1=1 0 \k=1
t (& d Hk’lzvs,:):s
. / (ZZZ“ ><Z(<S)> <>>> s (4.6)
i=1 =1 k=1
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4.1. A first natural generalization of (H2).

Introduce the following assumption

(H2-1) o only depends on v and is Lipschitz continuous, i.e. there exists K such that for
all k,1, all (v,v') |

o (v) = (W) < K v =]

In this situation we have

67 (v, 0)] < N}jw“vz—a<>+a<> o (wy)]

JF#i
N -1
< T oM w) oM @) 4 1 3 loMH ) — M)
J#i
N
K N
< K|U¢|+N Z 0] .
j=1
Hence
N 3 N 2 N
Z 07 (v, 2)* < K* Z o+ < (D22 lsl ] | < 4K Y jal
i=1 i=1 j=1 i=1
and finally

d N d
ST (w(t),x(t) < 4d K2 2(t) . (4.7)

k=1 i=1 I=1
Of course if ¢ is diagonal, we may replace d? by d, and if in addition o**

v* we may replace d by 1 (as for (H2)).

only depends on

Similarly, using Cauchy-Schwarz inequality it is easily seen that

(X s ke
EOk

is uniformly bounded above.

We may thus use the same arguments as for the end of the previous proof of Theorem 2.1,
except that we do no more have any better lower bound for

[N, S st o)
)2

than 0. We have thus obtained

Theorem 4.1. Assume that (H2-1) is satisfied in (4.1). Then if 2\ > 4K?2d?, the system
(4.1) is almost surely and 1L.*>? flocking.

However, contrary to what happens when (H2) is satisfied, the center of mass v(t) does not
necessarily converge as t — +oo.



16 P. CATTIAUX, F. DELEBECQUE, AND L. PEDECHES

Let us look at a very particular case: the case when o is diagonal and o®F(v) = ok (v%).
We can thus rewrite (4.1)

1/) N
dvf(t) = WZ (1)) dt + oBF(F(t)) dw®(t), (4.8)

i.e. we can look at the system independently for each coordinate k, or if one prefers, reduce
the problem to the case of one dimensional particlesi.e. d = 1. In the sequel we thus suppress
the superscript k.

The first elementary remark is that, if v;(0) = v;(0) for some pair i # j, the uniqueness of
the solution shows that v;(t) = v;(¢) for all . Using the Markov property, the same holds for
t > T for any stopping time T such that v;(T") = v;(T"). Reordering the indices if necessary
we may assume that v1(0) < v2(0) < ... <wvyn(0) so that the dynamics preserves the order of
the velocities of the particles. The best quantity to look at is thus Din(t) = vn(t) — vi(t)
instead of z(t), since D1 > ©; for all i. The dynamics of D;y is given by

dD1n(t) = — M D1y (t) dt + (o(on (b)) — o(v1(t))) dw(t).

Since D1y is non negative we have

t O\UN(S)) — O(V1(S 2 t O(\UN(S)) — O(V1ls
In Dyn(t) :1nD1N(0)—Awt—/O Sl N(zng(i)l( )) ds+/0 (o N%)W(S)( 1) (s,

and

Diy(t) = D%N(O)_/O (2X) Din(s) — (o(vn(s)) = o(vi(s)))?) ds
+/ 2D1n(s) (a(vn(s)) — a(vi(s))) dw(s).
0

Using the same arguments as before we thus have

Theorem 4.2. Assume that (H2-1) is satisfied in (4.8). Then the system (4.8) is always
almost surely flocking. If in addition 2\ > K2, then it is also L>? flocking.

4.2. More general environments.

One may ask about the physical meaning of a random environment acting on the veloc-
ities only. It can be the case for some aerodynamical perturbations for instance. But of
course, it is more natural (or at least as natural) to add some random perturbation that de-
pends on the position (and possibly the velocity too) of each particle. We shall now discuss
briefly this situation.

Assume for instance that all %! are bounded, say by M. We thus have
E(z) := u(t) < u(0 —mz}/ s)ds + 4AM* N d*t, (4.9)

so that

lim sup u(t) < 2M*Nd”
1msup u _— .
t~>+oop h >\¢
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In particular u(.) is bounded on R*. Hence if all the o’s are bounded in (4.1), the system
is L2 weakly swarming, while in general it is hard to say anything about strong swarming.
Concerning this last point let us look at some particular case, namely

(H2-2) o(v,z) = o(x) is C! with partial derivatives bounded by K (but the ¢*! are not
necessarily bounded themselves).

As for (4.8) we may look at each coordinate k individually, i.e. consider a system of N
1-dimensional particles governed by

k M o k k G k1 !
dvj(t) = — 5 i) =) dt + ) o (wa(t)) dw'(t). (4.11)
j=1 =1

Contrary to the situation of Theorem 4.2, in general the order of the velocities Uf is not
preserved by the dynamics, and the only trivial equilibrium is given by v;(t) = v(0) and
z;(t) = z(0) + tv(0) for all ¢t.
We shall nevertheless look at
v (8) = of () =i (8)  and a(t) = @(t) — a(t)

which solves

d

k.l

dvfj(t) = =Mool (t) dt + > o (t) du}

I=1

i3

where af’jl(t) = oPl(zi(t)) — o™ (x;(t)). We already know that, if o is bounded, the system
is L? weakly swarming. Here we assume that
sup E(|z;(t) — z;(¢)]*) < sz < +o00. (4.12)
t>0

Of course when ¢ is bounded (4.12) implies that the system is L? strongly swarming. We
shall first show that it is still the case when (H2-2) is satisfied.

Let us make some computations: first if T denotes the first time |v; j|(.) exceeds R, we have

k2 _ kN2 IR e 4 k2
(2t ATR) = E((u},)(0)) WE( JACS <s>ds)+E< / NCH <s>ds>
< E((0f;)%(0)) + d K* M}t

k (1) — E\2(4)) i ~
so that u; ;(t) = E((v7;)*(?)) is well defined and satisfies
¢
E((0F,)2(t)) := uf;(t) < uf;(0) — 2)\ /0 ug i (s)ds+d K> M7t

and finally

lim sup uf () < % (4.13)
ttoo Y o 2\

It follows that

i;lg E((vf’j)Q(t)) < sz < +00.
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Using what precedes we also see that s — E((vﬁ j)Q(s)) is differentiable with

d
d ol \2
TE((h)2(9)) = — W E((0h)2()) + E(Y (05)%(9))
=1
which is bounded below by — 2\ ij and bounded above by dMZ-%jK 2. Hence we may use
Lemma 3.3 in order to get

Lemma 4.3. Consider the system (4.1) under the assumption (H2-2). If for all pair (i,j),

sup E(|ai(1) — a;(1)) < M < +o0
£>0

then the system (4.1) is L2 flocking.

But we can go further. Indeed, in the situation of the previous lemma, we first of all have

E((vf.)2(0)) + /+OO E(zd:( 1)2(s)) ds = 2x¢ /+Oo 2(s))ds < +o0.  (4.14)
1,7 0 *

=1

On one hand, using lemma 3.2 again (it is easily seen that the assumptions are satisfied) we
thus obtain

T kL (1)) — R (A))2) —
Jim E((052(0) = Jim_ E((0M (1) — oM a5 (1)%) = 0. (4.15)
On the other hand, as before the martingale m¥ () Zl 1 fo ; ] dw'(s) converges (as

t — 400) almost surely and in L? to a random varlable mh ; such that

E[m;|F*(t)] = m;(t)

17]
F*(.) being the filtration of the Brownian motion w(.). Notice that

mi;(t) = (A af; () + vf (1) — (Mp 2} ;(0) + vf;(0)). (4.16)
We deduce that z¥(t) — xf(t) converges in Probability as t — 400 to

Lok 4 (a(0) - 25(0)) + ;ﬁwf(m — o5(0))

A
(since v¥ ;(t) goes to 0 in L2 hence in Probability). In addition
1 1
= k. — ok (0))2
Jm E((wk;)0) = Bk (0) + 55 vk 00 +
It follows that the above convergence in Probability also holds in IL? for all p < 2.
Hence

E((m};)?). (4.17)

Proposition 4.4. Consider the system (4.1) under the assumption (H2-2). If for all pair
(ivj);
sup E(|zi(t) — z;(1)]*) < M < +o00
>0
then the system (4.1) satisfies the following
(1) it is L*? flocking,
(2)  there exists some random vector &(co) such that &(t) converges in LP (p < 2)
towards &(c0) as t — +o0.
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Remark 4.5. Notice that, according to (4.17), if lim E((z¥.)2(t)) = 0, then 0 =

t——+o0 bJ
k k ko
M i (0) + v ;(0) and mg; = 0.
If mf] =0, then m¥ (t) = 0 for all t > 0, so that

i,
vf;(0)
Uffj(t) = Uﬁj(O) e At :Efj(t) = J:f](O) + ;7 (1— e,
So
0= Xpai;(0)+ vf;(0) = Mpaf;(t) + vf;(t).
k

But, since m? .(t) = 0 for all ¢, we also have for all [,

1,
ol (xi(t) — ol (x;(t)) =0 forallt > 0.

In particular if 0% : R?  R? is one to one, we get z; ;j(t) = 0 for all ¢, hence v; j(t) = 0 for
all . o

Let us illustrate the previous remark with a simple example

Example 4.6. Almost affine diffusion coefficient.
Assume that for some k,
of(z)= Az + B
for some constant invertible matrix A and constant vector B. Then, if (4.12) is satisfied for
all pair (4, 7), (4.15) yields

Jim B(ai(t) - 2;(0)) = T B(A™ (0" (wit) - (a5 0)) = 0,

for all pair (7, j). According to the previous remark, the system is thus at equilibrium. Hence

Proposition 4.7. In addition to (H2-2), if for some k, o*(z) = Az + B for some constant
invertible matriz A and constant vector B, the system (4.1) cannot be strongly L>? swarming,
except if it is at equilibrium (all coordinates are equal).

More generally (almost) the same occurs if one of the o* (k-th row of the matrix o), in addition
to be one to one, satisfies the following property: for a sequence (z(n),y(n)), o*(x(n)) —
o (y(n)) — 0 implies z(n) — y(n) — 0.

To see it, recall that (4.15) implies that o*(z;(t)) —o*(x;(¢)) — 0 in Probability. Hence up to
a subsequence t, we may assume that it converges almost surely, so that z;(¢,) — z;(t,) — 0
almost surely. But since x;(t) — x;(t) goes to some z; j(co0) as t — +oo in Probability, we
deduce that z; j(0o) = 0. Using Lebesgue’s bounded convergence theorem we can thus deduce

Proposition 4.8. In addition to (H2-2), assume that for some k, o® is one to one and
satisfies (H2-21): for a sequence (x(n),y(n)), o*(z(n)) —c*(y(n)) — 0 implies x(n) —y(n) —
0.

Then if the system (4.1) is uniformly L*? swarming (i.e. max;;j sup,sq |z;(t)—z;(t)| = M €
IL2), the system (4.1) is at equilibrium (all coordinates are equal).

The latter statement can be extended: if for instance o*(z(n)) — o*(y(n)) — 0 only implies
z¥(n) — y¥(n) — 0, then the conclusion of the proposition is still true provided the previous
property is satisfied for all k. O
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The previous assumptions on ¢ imply in a sense that it cannot be bounded. Indeed for
d =1, a smooth one to one function from R to R which is bounded, admits a limit at infinity
and thus cannot satisfy (H2-21). The typical example of smooth bounded (and presumably
interesting from a physical point of view) function is the case of periodic functions we shall
look at now.

Example 4.9. Periodic diffusion coefficient.

Assume now that o is T-periodic. For x € R? we denote 7 the unique vector in [0, T[¢ such
that =¥ — ¥ belongs to TZ for all k = 1, ...,d. By T-periodic we mean that o(z) = o ().
We shall introduce a new “one to one” assumption:

(H2-22). The set

N = {% = & — § such that for all (k,1), o®!(z) — o®!(y) } is reduced to {0}.

For instance if d = 2, the matrix

ol a?) = (Sin(:ﬁl) cos(:L‘2)>

cos(z!) sin(z?)
satisfies (H2-22) with 7" = 27. The matrix

. 2):<sin(at1) Cos(x1)>

o(z’,@ cos(x?) sin(z?)

also does, but this case reduces after an immediate change of Brownian motion, to the case
of a constant diffusion coefficient.

If the system is strongly L?? swarming, we can as in the previous example, find some se-
quence t,, such that for all (k,1), o*!(Z;(t,)) — o®!(&;(t,)) — 0 almost surely. According to
proposition 4.4, x;(t) — x;(t) goes to z; ;(co) in probability, so that taking a subsequence of
t, if necessary (we still denote by t,,), we may assume that the convergence is almost sure.
It follows that ;(t,) — Z;(t,) goes almost surely to Z; j(o0).

Thanks to compactness, we have that for each w for which both previous convergences hold,
extracting another subsequence if necessary both Z;(t),,w) and Z;(¢],,w) converge to limits
#;(00,w) and (00, w), for which, using the continuity of o, it holds that o**(%;(c0,w)) —
ofl(F;(c0,w)) = 0. If (H2-22) is satisfied, we deduce that &;(co,w) — &j(o0,w) = 0, i.e
Z; j(00,w) = 0 for almost all w. It means that x; j(co0) is a random variable taking its values
in (TZ)<.

The key point now is the following: if we add to z(0) any L? random vector whose coor-
dinates belong to (TZ)%, we do not change the dynamics of the v(.). Hence, replacing all
z;(0) by z;(0) = 2;(0) + x1,(c0) (for i > 1), we do not change the dynamics of the v;, we
do not change the strong swarming property, nor the uniform swarming property, and we
get in the limit 7 ;(c0) = 0, hence for all (4, j), 2} ;(c0) = 0. But now we may use remark
(4.5), periodicity and (H2-22) to conclude that all z; ;(.) and all v; ;(.) are equal to 0 as soon

as limg 4 oo E(((x’)fj (t))?) = 0, which is satisfied, thanks to Lebesgue bounded convergence

theorem as soon as the system is uniformly L?*? swarming. Notice that now any random
vector (v,z) = (0,z) which x taking values in (TZ)*V is an equilibrium. We thus have

Proposition 4.10. In addition to (H2-2), assume that o is T periodic and satisfies (H2-22).
Then if the system (4.1) is uniformly L?? swarming (i.e. max;; supysq |2i(t) —a;(t)] = M €
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IL2), the system (4.1) is at equilibrium (all velocities are equal and the differences between
the positions belong to (TZ)?).

Hence in all situations we are able to handle, uniform swarming does not occur, unless the
system is at equilibrium, telling us that for a random environment depending on the positions
only, it seems difficult to swarm out of equilibrium. &

5. A GENERAL FORM OF (1.7) FOR CONSTANT COMMUNICATION RATES.

We have already seen that the particular form (1.8) of (1.7) with constant communication
rate is a particular case of (1.6). Also notice that, still for constant communication rate,
when w; j = w; for all j, the w; being independent, and o; ; = 0;1; ;, we recognize (1.9). We
shall now look at another case, namely

dvi(t) = — — (Ui(t) — dt —|— -
j=1

—v;(t)) dw; ;(t), (5.1)

||M2

where the w;; are d-dimensional noises (here vw is the vector such that each coordinate (vw)*
is given by v*w*). We shall assume that

oij =05 , wij=wj;; , and (w;;)i<; are independent. (5.2)

The meaning of these assumptions seems a little bit more natural that for the (1.9) model:
each pair of individuals (4, j) are interacting symmetrically with a constant communication
rate which is perturbed by some noise (we may include v in the o;;), all the interaction
noises being independent. Since we are speaking of constant communication rate, we shall
also assume that the o;; are constant (more general situations will be discussed in the next
section).

As we did before we shall look at v; j = v; — vj which solves

N
dv; j(t) = = Mo (t)dt + — Z oi i1 (t) dw; 1 (t) — Z T jm Vjm (t) dwjm(t) .

As before we can look separately at each coordinate (v*,2*). For the sake of simplicity, we
skip the superscript k£ in the sequel, or if one prefers we take d = 1.

Hence if we define 2(t) = >, iy (vi.j)%(t) (we skip the 2N in (3.1)), we have (being careful
with the indices for which the Brownian motions are independent on one hand or the same
on the other hand)

N
4
da(t) = —2Mpz(t)dt+ > oqvia(t) vi(t) dwig(t)
i,j,0=1
9 N N
+ 52 S okt + ) ofit) | dt (5.3)
i,5,l=1 i,j=1
N N
R 2(N +1
= —2X\Yz(t)dt+ 4 Z i v (1) 03 (t) dw; i (t) + % Z ogjvzj(t) dt .

il=1 ij=1
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It follows
— z = — N+1) N 02 1)2< S S
ult) = Be(0) =u0) - 230 [ usyas + 2T [ 3 B0t | a

from which we deduce
(N+1) t u(t) — u(0) (N+1) 9 t
< 2 m;na — A\ ; u(s)ds < 5 < — (A - TN maxoy ; u(s)ds.

The latter furnishes conditions for .2 flocking or non flocking.
For almost sure flocking we may consider as we did before In(z(¢)) which solves

N
(04103 0;)(2)
1 = -2 4 —— 2 dw; 4
d(in(=(t)) M-+ 4 3 LI duu() (5.4)
2V 1) g5 GBI, Gt
N il=1 2(t) il=1 2*(t)
The non constant part of the drift term can be rewritten
N N N
2 N+1 9 1 9
At) = 20 | v ”ZZI( 10;.0) (1) N ”ZZI(”z,l)(t) -2 “ZZI(UU v; ) (1)

so that using again sz\il BE> & (Zf\il B2)% we get

2 (N+1
At) < — <; max o’ — 2 m1n02j> .

- N ij Y i,j

Now we may argue as in the previous section. We have thus obtained
Theorem 5.1. Consider the system (5.1), under the assumption (5.2) and with constant
o;ij. Then
(1)  If x> f}fvtl maxw ", the system is .22 flocking.
(2) If\p< ]\]fv"gl min; ; o the system is not 2 flocking.
3) If\p— i (M max; ; % — 2 min; ;o 223) > 0, the system is almost surely flock-
ing. In partzcular if 0ij = o for all pair (i,j), the system is always almost surely
flocking.

Notice that the flocking properties are still the same if we consider bounded processes o;;(.)
instead of constants. Also note that we could improve the bounds for almost sure flocking by
using a more accurate comparison between » O'Z-2l v? pand > v? ;» but the present statement
is easier.

Remark 5.2. If we compare with (1.7) in his (1.8) version, the correspondence is & = §.

The comparison for flocking is thus between Ay and 0?/N? and not with o/N. Of course
this is simply the observation that the variance of the noise is of order 1/N? in (1.8) while it
is of order 1/N here. O
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6. GENERAL COMMUNICATION RATE.

Since we are mainly interested in flocking or swarming properties, we shall only consider
models for which such properties may hold for constant communication rate. [Péd16] contains
informations on (1.5) for which it is possible to show the existence of stationary solutions
(using Ito-Nisio theory for stochastic delayed equations) as well as propagation of chaos when
N grows to infinity (also see [BCnC11] for this latter point). If we consider models for random
environment, we will only look at the case where the environment depends on the velocity
only. Hence we will focus on two type of systems.

First, noisy communication rates i.e.

N
du(t) = - % Z Pia(O)(wi(t) = o) dt + 3 ) ()~ (0 i), (61

where the w;; are d-dimensional noises (again vw is the vector such that each coordinate

(vw)k is given by vFw*), w; ; = w;,; and the (w; ;)i<; are independent Brownian motions.

Next, noisy environment
N N
dui(t) = — Z; vi(t)) dt + o(vi(t)) dw(t), (6.2)

where w is a d-dimensional Brownian motion.

6.1. Study of (6.2).

Consider the model given by (6.2). We shall introduce assumptions ensuring first existence
and uniqueness.

Proposition 6.1. Assume that

(1) The processes 1;;(t) can be written 1;;(t) = i;(v(t), z(t)), where all the functions
i are locally Lipschitz, non-negative and satisfy 1;; = 1y,
(2) o satisfies (H2-1) i.e. is globally K -Lipschitz or o is locally Lipschitz and bounded.

Then, for all initial state (v(0),z(0)) € L2 the system (6.2) admits a unique non-explosive
(global) strong solution.

Proof. Existence of a unique local strong solution is immediate thanks to our assumptions.
The only thing to prove is that it is global. Actually it is enough to show that v(.) does not
explode and to this end, as usual, it is enough to show that for all ¢ > 0,

sup E(Ju(t A Tg)|*) < +o0
R>0
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where Tk denotes the first (stopping) time |v(.)| hits the value R. Defining V(.) = |v(.)|?> we
have, using Ito’s formula and (3.3), that for ¢ < T,

N
dv(t) = —% D Wi)vit) —vi)Pdt+ > Trace (o(vi(t)o* (vi(t))) dt
1<i,j<N i=1
NJ
+2 <Z vz‘(t)o(vi(t))> dw(t),
=1

where a* denotes the transposed of the vector (or the matrix) a. When o is K-Lipschitz,
loFt ()| < K|v;| + ¢ for all (k, 1), so that

E(lo(t A Tr)[?) < E(Jo(0)%) + C(N) </0 KE(!v(sATR)Q)dS+0t> ,

and the result follows using Gronwall’s lemma. When ¢ is bounded the result is immediate.
O

Remark 6.2. It is worth noticing that if v;(0) = ©(0) for all 4, the unique solution of (6.2)
is given by v;(t) = o(t), z;(t) = 2;(0) + [ 9(s)ds, where 7(.) solves

do(t) = o(v(t)) dw(t) .
This is in full generality the only dynamic equilibrium of the system. &

We consider again

N
0= D 1) -2 = 3 3 [l w0,

1<ij<N
Using this time (3.1), Ito’s formula and (3.3), we obtain

N

d) = % S wyl(t) —wOPde+ Y Trace (o(ui(t))o” ((1))) de

1<i,j<N i=1

1 & 1 &
— N Trace ((N z; O’(Ui(t))> (N Z O'*(Ui(t)))> dt

7 =1

N
+2 (Z @:<t>a<vi<t>>) du(t).

i=1

(recall that a* denotes the transposed of the vector (or the matrix) a). But since ), 9; =0,
we may replace o(v;) by o(v;) — o(?) in the martingale term. After simple manipulations, it
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follows
) =~ Y ) — 0P (63
1<ij<N
N
+2 (Z 0; (t) (o (vi(t)) —G(U(t)))> dw(t)
=1
+ g Trace ( > (ol®) = olv )" w(®) - 0*(%@)))) dt.
1<i,j<N
and
(Y — ’Uj 2
d(nz)(t) = —% 3 wij(t)w dt (6.4)
1<i,j<N
N g ; —o(v
o (Z g <t><a<vz<zt(>2) ( <t>>>) dw®)
=1
1 (o (vi(t)) — o(v;(#))) (0" (vi(t)) — o™ (v;(t)))
+ N Trace ( Z 0 ) dt
1<i,5<N
2

Of course, except for the part of the drift involving the v;;’s, these expressions are exactly
the same as in subsection 4.1 (in a more compact form). Hence we know how to manage
each term except this part of the drift. But of course if we define

wmin = 1nf 1/17;7]'(U,$) and wmaa: = sup wi,j(vax)v (65)
v,T

1,],Y, 1,J,0,%

we may write, on one hand

E(:(t) < E((0) = 2 Mimin /0 E(2(s)) ds

2N
0 1<i,j<N

[ Trace ( D (o(vi(s)) = a(v(s)) (0" (vi(s)) 0"(%‘(8)))) ds
and on the other hand

E(z(t) > E(2(0)) — 2 Mfmas /0 E(2(s)) ds

v [ Trace Y (o(wi(s) = ovi()) (0" (vils)) — ¥ (v5(5))) | ds,

2N
0 1<ij<N

so that we may argue exactly as in subsubsection 4.1 to study L? flocking or non flocking.
Similarly, we can get an upper bound for In(z(t)) replacing all 1;;(t) by ¥min, and a lower
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bound if o is diagonal with linear diagonal terms as in (1.6), and argue exactly as in sub-
subsection 4.1 and theorem 2.1 (2) in order to study almost sure flocking. This yields the
following two results

Theorem 6.3. Assume that 1;;(t) = 1;;(v(t), z(t)) where all the functions 1;; are locally
Lipschitz, non-negative and satisfy v;; = i, and that o satisfies (H2-1) i.e. is globally
K -Lipschitz. Define ¥min and maq as in (6.5). Then :

(1) if 2Amin > 4K2d? the system (6.2) is almost surely and 1L*>? flocking. When o is
diagonal we may replace d* by d, if in addition the diagonal term o**(v) = o**(v¥)
we may replace d by 1.

(2)  If o is diagonal with linear entries, i.e. a"F(v) = D(v* — o), the system is always
almost surely flocking provided D # 0.
If 20 ez < D2, the system is not L2 flocking.

For (2) just remark that, when o is diagonal with linear entries, it holds

Trace Z (o(vi(t)) — o(v;(t))) (0" (vi(t)) — o™ (v;(t)))
1<ij<N 2(t)

SX 0 —oeen
- 2 B} S -D )
22(t)

so that we get almost sure flocking (looking at In(z(t)) as soon as D # 0.
For the IL? non-flocking property it is enough to look at the lower bound for E(z(¢)) since
the second integral is explicit for this o.

Remark 6.4. Since for positive constant communication rate the deterministic Cucker-Smale
is always flocking, the introduction of noises in the previous section only introduced in some
cases new (IL2) non-flocking properties.

But here, for linear o we obtain, whatever 1 and the initial condition are, almost sure
flocking, so that this time the noise can help to (almost surely) flock, since for the classical
communication rate (1.2), we only know that flocking holds true for some initial conditions
in the deterministic case (D = 0) when r > 3. &

Comparing swarming and flocking is also easy. Indeed, when (3.7) is satisfied, if the process
is L?? swarming, the local martingale term of (z;;, v;;), given by

/0 (7 (s) — 5(s)) (o(vi(s)) — o(vj(s))) dw(s)

is a true .2 martingale once o is globally Lipschitz (recall that swarming means boundedness
for both the expectations of |v; — v;|? and |z; — x;]?). In addition, it is easily seen that, if
1 is bounded, condition (2) in Lemma 3.3 is satisfied under the L?? swarming assumption
(recall that this assumption includes sup, E(|v;(t) — vj(t)|?) < +00). Hence

Proposition 6.5. In the situation of theorem 6.3, assume that (3.7) is satisfied and that )
is bounded. Then L>? swarming implies L?? flocking.
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Of course (1) in theorem 6.3 is not fully satisfactory, since it is reasonable to consider models
where the communication rate decays with the distance between particles as in (1.2). Let us
consider such cases assuming that (3.7) is in force. Define

lr) = min ¥(w), (6.6
and
T, = inf{s > 0; max |z;(s) — z;(s)| > r}. (6.7)
0

Remark 6.6. Back to the deterministic model.

Assume that ¢ = 0, hence consider the deterministic model. First of all dz(t) < 0, so
that z(t) < z(0) i.e. for all (7,7), sup; |vi(t) —v;(t)| < +o0o0. Hence, according to Proposition
6.5 (where one can forget all the expectations and squares), the process is flocking as soon
as supy |z;(t) — x;(t)| < o0 for all (i,7). But for t < T,

dz(t) < —2Xty(r?) 2(t)
so that z(t) < z(0) e~ 22t and

jwi(t) — 25(8)| < mwwwmm+ﬂ|mg—w@m$

t
< |24(0) — z;(0)] +/ z%(s) ds
BT
. . i = M(r?)t
< |z;(0) —x2;(0)|+ ——= (1 —e¢ ! ,
| ( ) ]( )’ )\’1/11(7“2)( )
i.e. for all (,7),
1
sup |x;(t) — z;(t)| < |2:(0) — z;(0)] + 22(0) (6.8)
<t e ! Ay (r?) '
1
In particular if for all (4,7), |2;(0) — ;(0)] + %((32)) < r then T, = +oo and the system is
flocking.
Choosing ro = max;; |z;(0) — x;(0)| and some C' > 1, it is thus enough that
22(0) < Aro (C — 1) 9(C?r3) . (6.9)

We recover that if the decay to 0 of v;(r) is (strictly) slower than r~ %, the system is flocking
for all initial conditions (we may let C' go to infinity), while if it is faster, one has to choose
the initial conditions in such a way that (6.9) (where one can optimize in C) is satisfied.
Note that we are far from the optimal conditions, but the previous approach is completely
elementary. &

In the stochastic case, for ¢ < T}, (which is now a random stopping time), we have (a.s.)
In(z(t)) —In(2(0)) < — (2M\y(r?) — 4K2d?) t + In(N (1)), (6.10)

where
N, = eM(t)—% (M)(2)
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and M is a martingale whose bracket satisfies (M)(t) = fé a(s)ds with |a(t)| < 4K2. Re-
mark that the remaining stochastic term is the logarithm of an exponential (true) martingale.
Of course, if

O(r, K) = 2\ (r?) — 4K%d* > 0, (6.11)
(6.10) shows that z(¢) — 0 as t — +oo almost surely on the set {7}, = +o0}. To understand
the behavior of T)., write

t
@i (t ATL) — 2(t ATy)| < |2:(0) — 2;(0)] + 22(0) / e~ M (r)2K2d%) s N3 ()1, 1 ds.
0

What we have to do is to control the almost sure behavior of N(¢). To this end we first prove
a lemma

Lemma 6.7. Let M(t) be a martingale satisfying (M)(t) < Ct. Define
S(a,b) =inf{t >0, M(t) —b(M)(t) > a}.

Then
P(S(a,b) < 4+00) < e 2,

2
Proof. We know that under our assumptions, for all n > 0, "™ (=5 M) ig 4 martingale.
Hence

E < enM(tAS(a,b))’f(Mxt/\S(a,b))) 1

Choose n = 2b. This yields

E (15(a B)<-to0 eZbM(t/\S(a,b))—sz(M)(t/\S(a,b))) <1.

Using Lebesgue bounded convergence theorem we may let ¢ go to infinity and obtain the

desired result. OJ

Remark 6.8. If M is a standard Brownian motion, it is known that the inequality is an
equality. &

We deduce from this lemma, that with probability larger than 1 — e=2b,

N(t) < st b= < gardb—)K>t

)

so that
23 (0) ez

lzi(s ANT;) — xj(s NT)| < |23(0) — 2;(0)] + My (r2) — 2K2d2 — 2 K2(b— 1)

provided Ay (r?) > 2K%d? + 2K%(b — 3).
Thus, on {S(a,b) = +oo} we may let s go to infinity and get that on {7, < 400},

23 (0)e2
My (r?) — 2K2d? — 2K2(b— )’
which is no more random. Hence, if (6.12) is not satisfied, we have

P(T;, = +o0, S(a,b) = 400) > 1 —e 2%,

r < |z;(0) —z;(0)| + (6.12)

We have thus obtained:
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Theorem 6.9. In the situation of theorem 6.3 assume in addition that (3.7) is in force. Let
r>0. Let a,b > 0. Assume that

o MYy(r?) > 2K2(d* + (b— 3)) where 1y is defined in (6.6),
e  the initial condition satisfies, for all (i,j),
N 23 (0)e2
Au(r?) = 2K2(d” + (b = 3))
where z(0) = S8 v (0) — 5(0)]2.
Then the system (6.2) is flocking with a probability larger than 1 — e

|2i(0) — ;(0)] <r

—2ab

Remark 6.10. Note that, as in Theorem 6.3, when ¢ is diagonal, we may replace condition
Moy (r?) > 2K2(d* + (b—3)) by A¢y(r?) > 2K%(d+ (b—1)). If in addition the diagonal term
ok F(v) = oPk(vF), we may replace it by Ay (r?) > 2K2(1+ (b — 3)). &

The previous result is apparently the first one dealing with “conditional flocking” (i.e. flocking
for a subset of initial conditions) in a stochastic context (the results in [CMO08] have some
similarities but are actually different since they deal with approximate flocking before some
stopping time).

Remark 6.11. Remark that when K = 0 corresponding to a constant o, we may take any
b going to infinity and a going to 0 so that ba goes to infinity. We thus obtain almost sure
flocking under the same initial conditions than for the deterministic result (in particular
for any initial condition if r;(r?) — +o00 as r — +00). This is not surprising since the
microscopic variables satisfy the deterministic system of differential equations. Only the
center of mass is driven by some Brownian motion.

Also notice that when ; is bounded from below, we recover the almost sure statement in
Theorem 6.3, taking b = %, r = 400 and finally letting a go to infinity.

Finally remark that on T, = 400, 1 is bounded from below by 1;(r2), so that according to
(6.10) and the law of large numbers for the martingale Ny, z(t) goes to 0 at an exponential
(random) rate (depending on sup,(N¢/t)), or if one prefers, for any & < Ay (r?) — 2K2d?,
there exists a random time 7, such that for ¢ > 7, the decay of z(t) to 0 is at least Ce=#{t=7x),
7. is simply the last time N;/t is bigger than Ay (r?) — 2K?d? — k. O

6.2. Study of (6.1).

Let us turn to (6.1). Looking at the calculations (5.3) we see that we can mimic what we have
just done with the following main modifications: replace 4K?d? by % max; ; || Jz j Il oo
and for the variance of the martingale part 4K2 by 4max; ; || 0'1-27 i |loo- In the very particular
case where for all (i, j), 0;; = o for some constant o, we can argue as in Theorem 5.1 (3).

Hence we only state a general result whose proof is left to the reader :

Theorem 6.12. Consider (6.1). Assume that the processes 1;;(t) = i;(v(t), x(t)) where all
the functions 1;; are locally Lipschitz, non-negative and satisfy 1;; = 1j;, that the processes
0i;(t) = 05(x(t),v(t)) where all the functions o;; are locally Lipschitz, bounded and satisfy
oij = 0ji. Define Ymin and Ymaq as in (6.5). Then:
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(1) for all initial state (v(0),z(0)) € LL? the system admits a unique non-ewplosive
(global) strong solution

(2)  If Mpin > NQ max; j || o? ||oo the system is L>2 flocking.

(3)  If Moz < X5 min; ; 1nft>0 o? (1) then the system is not L2 flocking.

N2
(4)  If Mmin > A]]\}El max; ; | Jw Hoo £ min;; || O'i’j lloo the system is almost surely
flocking.

(5)  Ifoij = o for all pair (i,j) and some constant o, the system is always almost surely
flocking, whatever i is.

Assume in addition that 1 satisfies (3.7). Then
(6) if ¢ is bounded, L*>? swarming implies L.>? flocking.
(7)  Letr>0,ab>0. Assume that
(a)

N +1 2
M) > (204 ) ma | 02 o~ 3 min fuf a0

where 1y is defined in (6.6),
(b)  the initial condition satisfies, for all (i,7),
1 a
22(0) e2
z;(0) —x;(0)] + <r
[2:(0) 5(0)] Ay (r?) — (2b—i— ]\]/\}El) max; ; || a HOO + N min; ; infy>o 02 (t)

where z(0) = SN o (0) — v(0)]2.

Then the system is flocking with a probability larger than 1 — e

—2ab

Once again when o goes uniformly to 0 we recover the deterministic situation just by choosing
a and b in an appropriate way.

6.3. A simple example with N =2 for (6.2).

The reader certainly remarked that, when o is constant in (6.2), changing v(¢) into v(t) —

ow(t), the system obeys the deterministic dynamics (this is the favorite random situation
for the non probabilists). Hence in this situation, conditional flocking or non flocking holds
with probability 1, depending on the deterministic behavior.
It should be interesting to exhibit an example (even with two particles) where almost sure
flocking holds with a strictly positive probability strictly less than 1. This seems to be a hard
task. However we shall study in details simple examples to better understand what happens.
For reasons we shall explain later, we shall consider the case N =2 and d = 1.

6.3.1. An explicit deterministic example.

Take N =2, d =1 and look at the deterministic system

_ ui(t) — v (1)
dvy(t) = —21+‘x1<t)_22<t)‘2 dt
_ va(t) — vt
l) = L @R
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with an initial condition v;(0) = —wv2(0), 21(0) = —z2(0). The unique solution satisfies
v1(t) = —va(t), z1(t) = —x2(t) and the difference v(t) = vy (t) — va(t) = 2v;1(t) satisfies
v(t)
dv(t) = — ——F———5dt
N Ol
so that

v(t) — v(0) = arctan(z(0)) — arctan(z(t))

and
z(t) — z(0) = /t (v(0) + arctan(z(0)) — arctan(z(s))) ds.
We confess that we do not knowohow to solve the O.D.E.
2'(t) = ¢ — arctan(z(t)) .

Nevertheless we can study the qualitative behavior of the system. Indeed one can notice the
following points

(1) if v(0) = 0 the unique solution is v(t) = 0 and x(t) = z(0).
(2) It follows that if v(0) > 0, then the solution v(t) > 0 for all ¢ > 0. Indeed if v(.)

reaches 0 then it is sticked at 0 according to the previous point.
If one prefers, one can also write

7ft ds
v(t) =v(0)e "0 T+ > p(0)e .

Hence z(.) is non decreasing, so that assuming that z(0) > 0, lim;_, 4o 2(t) = x(00) <
+00.

Now consider a solution such that z(0) = 0 (for simplicity) and v(0) > 0. If x(o0) < 400,

since z(t) < z(o0), (v)'(t) < — % so that v(t) — 0 as t — 400 at an exponential
rate. Thus, 0 = v(0) — arctan(z(co)) by letting ¢ go to infinity. Similarly if z(o0) = +o0,
limg o0 v(t) = v(0) — § > 0 since v(t) > 0.

Hence
(1) if 2(0) = 0 and 0 < v(0) < §, x(o0) < 400 so that v(t) — 0 and x(t) — tan(v(0)),
the system is flocking,
(2) if (0) = 0 and v(0) > 7, z(t) — +o0 and v(t) — v(0) — F, so that the system is not
flocking.

6.3.2. Back to the stochastic model.

Consider the general case with 1 satisfying (3.7). If we add a stochastic term such that
o(—v) = —o(v) (assuming as before that o is K-Lipschitz) we still have vi(t) = —wva(t),
x1(t) = —x2(t) and the difference v(t) satisfies

t
dv(t) = —(|lz(t)]*) v(t) dt + 20 (1)(2)> dw(t).
Again the unique solution starting from v(0) = 0 and x(0) is v(t) = 0, x(t) = x(0), so that
using the Markov property, if v(0) > 0, v(¢) > 0 for all ¢ > 0. For simplicity again we assume



32 P. CATTIAUX, F. DELEBECQUE, AND L. PEDECHES

that x(0) = 0 and v(0) > 0.
Hence, up to the first time v(.) reaches 0 (and then is sticked at 0) we may write

d(n(v(t))) = —(|jz(t)]?) dt — QWCZH Qde(t). (6.13)

Here again we have
w(t) = v(0) e Jo Yz ds NO=5(N)(® (6.14)
where N(.) is a L2 martingale, so that v(.) does not hit 0 in finite time a.s. But this

representation allows us to obtain more information. Indeed lemma 6.7 tells us that for any
a > 0,

P <i1>1](;))(N(t) - %(N) ) > a> <eo
Hence

P <lim supv(t) = +oo) <P (lim sup(N(t) — %<N>(t)) _ +oo> ~0.  (6.15)

t——4o00 t——4o0

We know that the martingale term in (6.13) satisfies almost surely,
I 2
lim / de(s) =0.
t—too t Jg v(s)

Assume that
o is of class C' with a bounded derivative, ¢’(0) > 0, and o(v) > 0 for all v > 0.  (6.16)

As a consequence
inf o(v)
0<v<a v
Notice that (6.16) is satisfied in particular if o(v) > Cv for some C' > 0 and all v > 0,
which is nothing else than a simple extension of the linear case, since in this case, for v > 0,
Cv<o(v) < Ku.
Now for almost all given w, lim sup v(t)(w) = Vmaez(w) < 400, so that

1 [ o?(u(s)(w)/2)
I

= omin(a) > 0.

*0'2 v w . .
( )(w) ds > 4 mzn( max( )/2) (6 17)

It follows that In(v(t)) — —oo i.e. v(t) — 0, and that the latter convergence is exponential

t

(at least e~ 3 min (Vinas ()/2)t ), so that x(¢) is almost surely bounded, and the system is almost
surely flocking. We have proved

Proposition 6.13. Consider (6.2) for N =2, d = 1 with o(v) = —o(—v), and assume that
(3.7) and (6.16) are satisfied. Then the system is always almost surely flocking.

Remark 6.14. (1) In the previous proof, since we know that v(¢) goes to 0, using
L’Hospital’s and Cesaro’s rules, we obtain

1 (()/2) Lo o2
ti”ﬁéot/ 2700 4= 3@

which is no more random. But one has to be careful because this limit is not uniform
in w.
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(2)  Of course what we have just done is to show (exponential) stability for some sto-
chastic differential equation. Indeed, since we are in dimension 1 and the interaction
term is non-positive, we know that v(t) < u(t) where u(.) solves

du(t) = o(u(t)) dw(t) .

Our proof shows that u(t) — 0 at an exponential rate almost surely.

(3) Assume that o is compactly supported, say by [-M, M]. Thus, (6.16) is not
fulfilled. Take ¥(u) = ﬁ If v(0) > M+ 7, then v(.) behaves like the deterministic
model (hence stays larger than M) and does not flock. Hence in (6.16) the behavior
of o(v)/v near the origin is not sufficient to control flocking.

(4)  However if we only skip the assumption ¢’(0) > 0 in (6.16) and replace it by
a’(0) = 0, the previous proof shows that liminf; . v(¢) = 0. Indeed if not we get
again a lower bound as in (6.17), by taking the minimum of o(v/2)/v on the interval
[Umin = lminf v(t), Umae = limsup v(t)].

Is it possible to get flocking while the process u(.) in (2) does not flock, that is to get an
example where the interaction 1 really does matter ? Here is almost one.
Choose

v
Then if 0 < v < Vmaz,
2(v
Y U <2) <w.
Hence, since vpq, = limsupv(t) < 4oo almost surely, if f0+°° 028;(7(85))/2)% < 400 (resp.

= 400), sup; z(t) < 0+°° v(s)ds < +oo (resp. = 400) almost surely, so that in all cases
e o?(v(t)/2)
D(lz)?) + 2> dt = +00.
/0 < v3(t)
Come back to the expression (6.14). We know that NO=3(N® s almost surely finite, so
that if f0+oo Y(|x(t)|?) dt = +o0, v(t) — 0. In addition, lemma 6.7 tells us that for any a > 0,

—2ab
P (ggguv(t) e ) < b,

so that for b < %, eNO=bN)(1) js almost surely finite. Thus if

t0'2 vlSs
<N>(t):4/0 (1}2(((9))/2)ds—>+oo,

N (=5 (N)(®) goes to 0 and so does v(t) again.

e

But we do not know whether sup, z(t) is always a.s. finite or not, so that we do not know
whether the process is flocking or not. &
Finally, in the particular case 1(u) = ﬁ, if v(0) > %, z(0) = 0, the system is not L'

flocking. Indeed, taking the expectation (v(t) > 0) we have
E(v(t)) = v(0) — E(arctan(z(t))) > v(0) — g < 0.
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So once again, IL? flocking is much more demanding.

7. COMMENTS AND SIMULATIONS.

What kind of (temporary) conclusions can we draw after this study ?

(1) All the models we have discussed in the introduction (except (1.9) for which we do
not have a convincing interpretation) have their “reasonable” physical (or biological)
interpretation and at the same time suffer potential criticism. They are only models
and certainly not a description of reality.

(2) Too independent noises destroy the collective behavior (without any politically correct
reference).

(3) Random environment depending in a certain way of the positions can also destroy
the collective behavior.

(4) Noises whose variances depend either linearly on the velocities or on the differences
between velocities may help, at least at the almost sure level, to flock. But actually
in many of these situations, the communication between individuals is simply a per-
turbation of a stochastic system which is already stable (though, except in a very few
number of particular cases, one cannot reduce the study to the use of the theory of
stability of S.D.E. as detailed in the book [Mao07]).

(5) Due to the previous item, .2 flocking is presumably more convincing.

We shall now illustrate our results (and the situations that are not covered by our results)
with some simulations. First we shall consider the system (6.2)

N
dvi(t) = *% D i) (vilt) —vj() dt + o(vi(t)) dw(t).
j=1

In all the section we will choose

Pig(t) = Y(|zi(t) — ;1)) with  (u) = (1 +u?)~!
in dimension d = 2 with N = 9 particles and communication intensity A = 10.

We shall consider two basic sets of initial configurations (x!(0),v!(0)) and (22(0),v?(0)) given
by 2!(0) =0

) —04 02 —-03 —-03 —01 —02 02 05 0.2
v0=1{ 01 _

0.1 02 05 03 01 -03 02 03
1 00000000
2 —
“0)_<—400000000>
20y = (03 2 =05 —L5 01 02 12 05 15
“\o7 —06 21 04 08 26 -34 —0.6 02

Define z(0) = SN, vx(0) — 5(0)|? and M, (0) = max; ; |2;(0) — x;(0)|. Recall the discussion
preceding (6.9) to ensure flocking starting from (x(0),v(0)), i.e. we want to find some r > 0
such that the function g defined by

2(0)

3 (1+r2)—r

g(r) = Mz(0) +
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is negative at r. This is equivalent to the following

NEOP % ( ML (0)2 + i - Mz(0)>

and it is easy to show that the first set of initial data satisfies this condition, while the second
one does not (see Figure 1 below). In the sequel we shall use modified initial data of the form
(2%(0), 8v%(0)) for some given 6’s and will plot the function g to see whether the corresponding
initial data do satisfy the condition or not.

FIGURE 1. 7+ g(r) in case (22(0),v%(0))

We shall now plot several simulations of the stochastic model or numerical approximations in
the deterministic case. In both cases the numerical scheme is a simple explicit Euler scheme.

On each Figure we draw the evolution in time of

for both the stochastic and deterministic systems. Recall that we do not have theoretical
results about the flocking property for the deterministic system once condition (6.9) is not
satisfied.

In the next Figure 2 we choose o(v) = v and initial conditions (22(0),v%(0)). According to
Theorem 6.3 (2), we know that the stochastic system is almost surely flocking, but we do not
know about L? flocking.

We observe that in this case the deterministic system flocks too and a reasonably quick
convergence for the stochastic system.

Next, still with o(v) = v, we change the initial configuration by choosing (2%(0),5 v?(0)).
In this situation we see that the deterministic system does not flock anymore, while the
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Distance to the mean velocity

without noise
with noise

FIGURE 2. t (Zfi | Jvi(t) — v(t)y?)é for o(v) = v in case (22(0), v%(0))

stochastic system almost surely flocks. In Figure 3 we plot the evolution of the velocities on
the right hand side, but also, on the left hand side, the evolution of ¢ — max|z;(t) — x;(t)|.
/1/7.]

Distance to the mean velocity

without noise
with noise
25
20
15
10
5
o T T T T T T T T T T T T T T T
o 1 2 3 4 5 6 7 -] 9 11 12 13 14 15 16
FIGURE 3. (22(0),5v%(0)) , o =wv first case.

The next two figures are obtained with the same data (be careful with the vertical scale
which is not the same for each figure). The convergence to 0 in the stochastic case can
be surprisingly quick (Figure 5), very slow (Figure 4 where the fluctuation size presumably
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indicates that there is no L2 flocking) or similar to the previous case (Figure 3 where we also
observe a chaotic stabilization of the positions).

Distance to the mean velocity Distance to the mean velocity

without naise
with noise

without naise
with noise

M

o T T T T “r T T T ?ﬁ’\k{‘ T T T T T o T T T T T T + T T T T T T T T

0 1 2 3 4 5 6 7 3 9 mw 1 12 13 14 15 16 0 1 2 3 4 5 6 7 8 9 0 11 12 13 14 15 16
FIGURE 4. (22(0),5 v%(0)) , FIGURE 5. (22(0),5 v%(0)),
o = v second case. o = v third case.

The next situation we want to illustrate is the one of Theorem 6.9. To this end we choose
o(v') = 1+ sinv® for each of the two coordinates v’ of v, hence a diagonal o. Since o is
1-Lipschitz, we choose b = 1/2 and a = In 2 so that if the initial conditions satisfy the assump-
tion in Theorem 6.9, the latter tells us that the stochastic system flocks with a probability
larger than or equal to %

To fulfill this assumption we choose this time (x1(0),0.1 v1(0)) as initial conditions. We thus
know that the deterministic system is flocking. The next figure 6 plots the condition showing
that some r can be found, while figure 7 presents an example of simulation. Actually in this
case we have not been able to obtain a non-flocking stochastic simulation, showing that, for
sure, our result is far from optimal.

To observe something interesting we have to change the initial conditions and thus take
(22(0),3 v%(0)). If we still have the flocking property for the deterministic model, we have
observed (as the two examples show) various cases in the stochastic setting, with or without
flocking, indicating that flocking may occur with some probability strictly larger than 0 and
strictly smaller than 1.
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FIGURE 6. (x'(0),0.1 v'(0)) condition

Distance to the mean velocity

without naise
with noise

T T T
11 12 13 14 15 16

FIGurRE 8. (22(0),3 v2(0)) ,
o(v) =1+ sin(v) with flock

Distance to the mean velocity

0.12
without noise

0.11 H with noise
0.1+
0.09 o
0.08
0.07
0.06 -
0.05
0.04
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FIGURE 7. (2%(0),0.1 v(0))
and o0 = 1+ sin(v).

Distance to the mean velocity

without naise
with noise

FiGure 9. (22(0),3 v2%(0)) ,
o(v) = 1+sin(v) with no flock

Finally, we show some simulations when ¢ is a function of z and no more of v. As we have
seen, this situation is completely unclear, even for a constant communication rate.
chaotic behavior is illustrated by the final three pictures where, as before, we have drawn the
behavior of the positions on the left hand side and of the velocities on the right hand side.

This
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Distance to the mean velocity

without noise
with noise

FIGURE 10. (22(0),v%(0)), 0 = 1 + sin(x) first case

Distance to the mean velocity

without noise
with noise

FIGURE 11. (22(0),v%(0)), ¢ = 1 + sin(x) with flock
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