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Notations and structure of the material

The following mathematical notations will be used throughout the text:

If N e N4, we use this notation for the sequence of first N integers.
Explicitly, [N] := {1,2,..., N}

Closed interval from a to b, i.e., the collection of real numbers z for
which a <z <b

Open interval from a to b, i.e., the collection of real numbers x for
which a <z < b

The collection of real numbers, denoted also R = ]—o0, oo

Obvious variants of the above

Euclidean d-dimensional space. z € R? can also be denoted by
(z1,22,...,24) where xz; € R is the ¢:th component of z. In par-
ticular, in the physical space d = 3, we identify its vectors by using
a boldface notation: x € R? corresponds to x = (71,72, 73)
Non-negative real numbers [0, o[

Natural numbers {1, 2, ...}

Natural numbers including zero, i.e., Ng := {0,1,2,...}

Integers {...,—2,—-1,0,1,2,...}

Imaginary unit

Set of complex numbers {x + iy | z,y € R}

Empty set

Union of A and B, defined as {x |z € A or x € B}

Intersection of A and B, defined as {x |z € A and z € B}
Complement of B relative to A or “A minus B”, defined as the set
{x|z e Aand z ¢ B}

Ais asubset of B,ie., re A=2x€ B

Generic characteristic function of the condition P. Defined by setting
Iipy = 1if P is true, and 1py = 0 if P is false. For instance,
Lo<z<1y as a function of the real variable z, defines a map R — R
which is one on the interval [0,1] and zero outside of the interval,
i.e., the characteristic function of the closed interval [0, 1]
Probability of the event A under the probability measure p. If the
measure is obvious from the context, its name will be dropped from
the notation

Expectation value of a function F' : 2 — C under a probability
measure y on the set Q. If the measure is obvious from the context,
its name will be dropped from the notation
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Chapter 1

Introduction

(See the PDF slides for the introduction, more motivation can be found from the Introduction of

)

1.1 Tools in probability

In this section, we consider analysis of properties of some given probability measure p on the
space QE The structure of probability measures arising for instance from ergodic limits is usually
intractably complex to study in all detail. It is nevertheless often possible to control the salient
features of time-evolution of such measures by suitable choice of random variables and related
observables. Here we present some tools which will be needed later for examples in kinetic theory.

A real-valued random wvariable X is a measurable function from 2 to R and a complex-
valued random variable is a measurable function from 2 to C. An observable of a collection
X = (Xi,...,X,) of random variables is a function f : R®™ — C such that the functiorﬂ
f(X) : 2 — C is measurable. The observable is integrable if E[|f(X)|] < oo and in this case
E[f(X)] € C is always well-defined.

For instance, in the cases considered here, all continuous functions f are observables, as are all
pointwise limits of a sequence of continuous functions. If f is also bounded, it is even an integrable
observable.

1.1.1 One real-valued random variable

Let us first consider analysis of just one real random variable X. Often the distribution of X
is determined by a probability density function ® : R — R, and the expectation value of an
integrable observable f : R — C is given by the integral

Ef(0] = | dea(@)f(a). (1.1.1)

—o0
The characteristic function of X is defined via the expectation values

px(s) = Eu[e®X],  seR. (1.1.2)

1Unless mentioned otherwise, the measures p we consider here are either defined on a finite Euclidean space
Q = R? for some d < o0 and have the same o-algebra as the Lebesgue measure on R%, or the space Q has a locally
compact Hausdorff topology and p is a regular Borel measure on €2, for instance, obtained by application of the
Riesz—Markov—Kakutani representation theorem [2]. In both cases, all continuous functions on  are measurable
w.r.t. u, as well as any function f : @ — C which is a pointwise convergent limit of a sequence of continuous
functions on 2. In particular, if A < Q is open, closed, or a countable union of such, its characteristic function
f(z) := 1{zea) is measurable w.r.t. u and its integral is equal to the probability P(z € A).

2The function “f(X)” here denotes the composite map f o X.
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Since f(X) = e!*¥ is a bounded continuous function of X, it is an integrable observable, and the
formula always defines a map ¢px : R — C. The full distribution of X can always be recovered
from px. For instance, for any sufficiently regular functiorﬂ

~

B = [ dpex(em) ), (113)

where f(p) = §dz e 27 f(z) denotes the Fourier transform of f.
A related concept is the moment generating function Guom of X which is defined by

Grmom(n) := B[e™], (1.1.4)

for those i € R for which the observable e"X is integrable. Unlike the characteristic function, the
moment generating function is not necessarily well defined for all n; in fact, it can happen that it
is only defined at n = 0.

One case in which the moment generating function becomes a convenient tool, is when the
random variable X has exponential moments. This terminology is not entirely standardized, and
here we say that this occurs whenever one can find some € > 0 for which

E[e"¥1] < o0.

To check the finiteness of the above integral, it is sometimes easier to check that E[eX], E[e~*¥X] <
0. Namely, if this is the case, then also E[es‘x‘] < o, since 0 < Xl < esX 4 e =X for all X e R.
If the random variable X has exponential moments, the following simplifying properties hold:

1. X has moments of all orders. In other words, each of the observables X", n € N, is integrable.

2. The characteristic function and the moment generating function have an analytic continua-
tion near the origin, at least into the ball of radius € in the complex plane. In addition, for
these analyticly continued functions we have the relation

G(n) = ex(—in) = E[e"], In| <e.

3. The n:th moment of X may be obtained by differentiation from both the characteristic
function and the moment generating function. Namely,
ﬁGmom(n) = E[X"] = (-1)" —— ¢x(s)

dn =0 ds™ s—0

4. Also the cumulant generating function defined by

gc(n) :=1In Gmom(n) s (115)

is then analytic in some neighbourhood of the origin, and the n:th cumulant of X can be
obtained as the value of its derivative at the origin, namely,
dn

kn[X] = Wgc(n)

(1.1.6)
n=0

Cumulants may be defined also without reference to the cumulant generating function in .
We discuss the definition in detail later, in Section By the results of that Section, in the
case of just one random variable, it suffices that the moment X is integrable for some N, and
then one can define all cumulants k,[X] up to order n < N by using the recursion formula

L 1)@[}(] E[X"]. (1.1.7)

kn[X] = E[X"] - Z ( .

3For “sufficiently regular” it is enough that the inverse formula of Fourier transform is absolutely integrable and
works at every point. Hence, f can be any Schwartz test function or a smooth compactly supported function.
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In other words, one begins with x;[X] = E[X], and then uses (1.1.7)) to define x,, once all x;,
j < m, have been fixed. Note that since X* is integrable and |X|* < 1+ |X|V for n < N, also
each X”, 1 <n < N, is integrable.

Example 1.1.1 (Gaussian random variable) If X has a probability density function

O(z) = e 307 (Fm0)” ) reR,

where g € R and ¢ > 0 are given, then X is a Gaussian random variable, or a normally distributed
random variable, with mean zy and standard deviation o. It has exponential moments, since by
completing the square one can explicitly compute that

1.2,.2

0
J dz ®(z)e"™ = ™0 27" reR,
—o0

and hence E[e"X] < o for any r € R. Therefore,

1.2 2 . 122 1
Gunom(m) = AT () = AT () i - Lo,

which yields the cumulants
k1[X] = 20, ko[ X] = 0%, kn[X] =0, n>=3.

Also the moments [E[ X™] could be computed by differentiation, either by recognizing a connection
to Hermite polynomials or by iteration. Alternatively, one could use the moment-to-cumulants
formula of Section and the easy expressions for cumulants. The outcome of these computa-
tions can be found for instance in Wikipedia, but it is not central to our discussion, so we do not
reproduce it here.

1.1.2 Joint properties of finitely many real random variables

Let us next consider the case of a finite collection of random variables X;, j € J, where J is some
fixed nonempty index set. For their joint probabilistic properties we use here notations which were
found convenient in [3]. We use sequences of indices, I = (iy,4s,...,4,) € J", to label monomials
of the above random variables, with the following shorthand notation

X=X X, X, = H X;, = HXJ" (1.1.8)
k=1 jel

We also set X< := 1if I is the empty sequence. Since all X ; commute with each other, we have
X1 = X1 for any two sequences I, I’ which differ by a permutation. The results in the previous
subsection can be reproduced by choosing J = {1} and X; = X.

We say that the collection has finite moments up to order n, if the monomials X! are integrable
for all I € J™ with m < n. Similarly, we say the collection has joint exponential moments if there
is € > 0 such that exp(e 3}, ; |X}|) is integrable. The validity of this condition is sometimes easier
to check by showing that exp(e };;c ; 0;X;) is integrable for all sign-combinations o; = +1, j € J.

The joint characteristic function of the collection is defined as

o(s) := E,[e"%], seR’, (1.1.9)

where s- X := ZjeJ s;X; denotes the scalar product in R7. Similarly, the joint moment generating
function is defined by

Grmom () := B, [e>s 7], (1.1.10)
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for those 17 € R for which the integral converges. If the collection has joint exponential moments,
again the joint moment generating function is everywhere defined and all finite polynomials of
X, j € J, are integrable. Then all moments are finite and may be computed from the generating
functions analogously to the one-variable case: for any I € J" with n € N, we have

E[X'] = 0] Gmom(0) = (—10)5(0) , (1.1.11)

where “6,],” is a shorthand notation for the partial derivative dy, 0Oy, -+ 0p, -

To deal with cumulants, we need to operate not only with such sequences but also with their
subsequences and “partitions”. This will be done by choosing a distinct label for each member
of the sequence and collecting these into a set. How the labelling is done is not important, as
long as one takes care when combining two “labelled” sets. For instance, it is safe to use the
position index in the vector I as a label, i.e., once I € J" is fixed, it can be replaced by the set
[n] :={1,2,...,n}, with the tacit understanding that ¢ € [n], refers to the random variable X7,,
I; € J. Since elements may be repeated in the sequence I, it is possible that I; = I even if ¢/ # 1.

For the sequence I € J™, a collection 7 of the subsets of [n] is a partition if each A € 7 is
non-empty, and every element in [n] is included in exactly one of the sets A € m. We denote the
collection of all partitions of a sequence I by P(I). We do not make any difference in the notation
between A < [n] and the corresponding subsequence A — I. In particular, if 7 € P(I) and A € 7,
then X4 := [[,.4 X1, can also be written as X4 := [lje4 X;. Similarly, we use the shorthand
notation

Xa = (Xj)jea,
for the vector of random variables which is obtained by removing from the original sequence those
random variables X; for which 7 ¢ A. This notation will mainly be used for cumulants. Let us
record below various alternative notations for cumulants found in the literature,

K[X[] = KM[X[] = ]E[XZI,X,L MR ;Xi”] = K(Xil,X

29

, X ) = B[xT]trune (1.1.12)

PR

where the last one refers to “truncated moments”. Whenever set operations (union, intersection,
complement, etc.) are used on subsets of I, we refer to those operations performed on their
identifications in the labelling [n].

To avoid separate treatment of expressions involving empty sets and conditions, we employ
here the following standard conventions: if the condition P is false, we define

Di()=0, [](-++):=1, andsetalso P(Q):={}. (1.1.13)

P P

We define cumulants here using a recursion relation which avoids the assumption of integrability
of exponential moments. Let us assume instead that the collection has finite moments up to order
n. Then for any sequence I € J™ of length m < n, we require that

Ex1= ) EX"Is[Xg], (1.1.14)

EiieEcCl

where ¢ denotes the last element in the sequence I. There is only one term on the right hand side
which has a cumulant of order m or higher, namely, the term with £ = I. Hence, if we begin
by setting x[X;] = E[X] for all j € J, the formula is correct for all sequences of length m = 1.
We can then define all cumulants of length m = 2 by using the following formula, equivalent to
(1.1.14)
RIX =EX'T- ) EX"Fk[Xg].
EieEST

This procedure can then be iterated until the final order m = n has been reached, showing also
that the requirement determines the cumulants uniquely once the moments have been
fixed.

It is somewhat more straightforward to define cumulants when the collection of random vari-
ables has exponential moments. Then we can the joint cumulant generating function g.(n) :=
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In Gom (1), 7 € RY, to define the cumulants via the formula £[X;] = 0}g.(0). These numbers
turn out to be identical to the above recursively defined cumulants «[X;]. To see this, consider an
arbitrary I € J™ and compute the first partial derivative corresponding to the last index ¢ in I using
the chain rule in the identity Gmom(n) = exp(gc(n)). This yields d,, Gmom (1) = Gmom (1) n, go(n)-
The remaining derivatives can be distributed between the two factors using the Leibniz rule, and
once the result is evaluated at n = 0, we find that holds. As pointed out above, the
solution to these constraints is unique and this implies that the two definitions must agree.

Although the empty cumulant x[X ] never appears in the above procedure, to be consistent
with derivatives of the cumulant generating function, we set xK[X ] := 0.

The following known properties of cumulants can then be derived directly from the recursive
definition using induction in m. First, by iterating the defining equation until only
expectations of empty powers (E[X9?] = 1) remain, one can identify each of the terms in the
remaining sum with a unique partition of the original index set. As a result, we arrive at the
highly useful moment-to-cumulants formula

ElX1 = >, []slXxal, (1.1.15)

meP(I) Aem

where we have used the notations introduced in the beginning of this subsection. Moreover, the
following properties, which are obviously true for monomials, are inherited by the cumulants.

1. The cumulants are permutation invariant: if I’ is a permutation of I, then k[ X | = [X].

2. The cumulants are multilinear in each of their arguments. More precisely, if a,b € R and
Y,Y’ are random variables, then

K[Xl,...,CLY+bY’,...,X7n] =CLIQ[Xh...,}/,...,Xm]+bH[X1,...,Y/,...,Xm].

It should be stressed that this formula needs to be properly applied for cumulants of just
one random variable discussed earlier. Namely, we have k,[X] = k[X, X, ..., X], and thus
Kn, is not usually a linear function of X. Instead, it is a homogeneous function of degree n,
since k,[aX]| = a"k,[X] by multilinearity.

The main reason why it often is better (and sometimes easier) to study cumulants instead
of moments is in the following two properties which are not true for the corresponding moments
(apart from some degenerate examples):

1. If the joint distribution of the random variables is Gaussian, then all cumulants of order 3
or higher are zero.

2. If any one of the random variables is independent from all the others, then all proper joint
cumulants involving this random variable are zero. For example, if X; is independent from
X5, ..., Xy, then

k[X1] =0, if 1 € I and there is j € I with j # 1.
Note that we can still have k[ X;] # 0, if I does not contain 1 or if it is a repetition of 1 only.

This makes cumulants a good quantitative tool to analyse random variables which are expected
to be nearly independent and/or Gaussian since then some of their cumulants should be small.

Although seldom used, there is also a formula which expresses cumulants directly in terms of
moments (cumulant-to-moments formula). Namely,

KX = D (=D =) TTEIXA], (1.1.16)

weP(I) Aem

where |7r| denotes the number of clusters in the partition . The alternating signs and large
factorial prefactors often make this formula of little use in practice.
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Remark 1.1.2 (Statistical independence) Independence in probability relates to factoriza-
tion of the joint measure of the random variables; Wikipedia has a nice summary of statistical
independence of events and random variables, https://en.wikipedia.org/wiki/Independence_
(probability_theory). For example, two real-valued random variables X and Y are independent
fP(X <aandY <b) =P(X < a)P(Y <) for all a,b. In general, for the type of probability
measures studied here, this occurs if and only if for all bounded continuous functions f, g

One can prove the above independence statement directly from this property. Namely, if X;
is independent from X, ..., Xy, then

]E[eis‘X] _ E[eilel] E[eiZf’:z s,in;] i
Thus the cumulant generating function In E[¢'$X] is a sum of two terms, the first of which depends
only on s; and the second does not depend on s;. Hence, any derivative over both s; and some
other variable yields zero.

1.1.3 Complex-valued random variables(*)

If U:Q — Cis a complex random variable, all of the above method generalize straightforwardly
by using a two-component vector X = (Re ¥U,Im ¥) of real random variables. Note that then

1
s- X =sReV + soIm ¥ = 2Re (2*¥) = 2*0 + ¥*z, z = §(sl+152) .

So we may equally well consider the complex characteristic function
o(z) :=E, [eQiRe<z"I’>] =E, [ei(<z"l'>+<‘1' ’z>)] , zeC’, (1.1.17)

for a vector ¥ of complex random variables and using the scalar product (z, ¥) := >, ; 2fV;.
The Wirtinger derivatives for parametrization z = = + iy, * = Re z, y = Im 2, are given by

0 1 /0 .0 0 170 .0

Using these definitions, we also find
(—i0.%)"0(0) = E[¥'],  (~id.)"»(0) = E[(¥*)'],

under the same conditions as discussed before for the real random variables. Similarly, mixed
derivatives (—i0,)!(—10,)" ¢(0) yield all mixed moments of ¥ and ¥*.

1.2 Uniform distribution on the sphere and /-function con-
straints

The stationary state of the Kac model with IV one-dimensional particles and under standard choice
of its parameters and initial data, is the uniform distribution on the sphere S¥N=1(+/N). Let us
use this case to illustrate the definition of a measure via “d-function constraints”.

Technically, what we mean by the uniform distribution on the sphere SV=1(R), R > 0, is
a singular Radon probability measure on RY. The “uniformity” refers here to rotations on the
sphere, i.e., we assume that the measure remains invariant under any rotation of RY, that is,
under the transformation v — Ov where O € RV*¥ is an orthogonal matrix. We later use the
notation vy g for this measure but, for brevity, let us simply denote it by v in this section.


https://en.wikipedia.org/wiki/Independence_(probability_theory)
https://en.wikipedia.org/wiki/Independence_(probability_theory)
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Remark 1.2.1 (Invariance of a measure) We recall that a measure p on X is invariant under
a measurable transformation f : X — X if u(f<A) = u(A) for all measurable sets A and that this
occurs if and only E,[g o f] = E,[g] for all integrable functions g (see https://en.wikipedia.
org/wiki/Invariant_measure, https://en.wikipedia.org/wiki/Pushforward_measure). For
measures defined by the RMK theorem and continuous transformations f which do not destroy
compactness of the support, it thus suffices to check that E,[g o f] = E,[g] for all testfunctions
g. In particular, this applies for measures on R if f is a rotation, as above.

In the §-function notation commonly used in physics literature, one can in fact denote
1 N
v(dv) := —d(jv| — R)d™v
Zr

N . . -
where |v|? = }.;" | v? corresponds to the standard Euclidean norm and Zg > 0 is a normalization

constant so that ;(R™) = 1. The precise meaning of the above §-function notation is determined
by replacing it by a suitable sequence of approximants. Although the measure v is simple enough
to be defined directly via polar coordinates, let us use it to illustrate the approximant procedure.

The goal is to define a Radon probability measure v on the locally compact space RY via
the RMK representation theorem [1.4.1} To this end, first choose a sequence &, > 0, n € N, for
which e, — 0. Then, define a sequence of approximants by replacing the §-function by a Gaussian
function with a standard deviation &, i.e., we first set for y € R

Gn(y> = (27(-0—2)_%672”%}(2 ) 0= ¢&n,

for which, formally, G, (y) — (y), as n — . We then define for any continuous test-function
with a compact support, i.e., whenever f € C.(RV),

Mlf)= |

RNde f()Gn(lv]| — R).

Since f is a bounded continuous function, the above integral is always finite. In addition, if f > 0,
also A,[f] = 0.

We next show that the limit lim,, ., A,[f] exists for all f € C.(RY). Rewriting the integral
in spherical coordinates, we obtain

Anlf] = foo dr " 'Go(r — R) LNﬂdQ f(rQ)

0

1 ” —1g2 —
= 7 LO dze 3 Lips—pjeny (R +pz)V ! waldﬂ FUR +enz)),

where we have made a change of variables from r to z = =&

€n
the n-independent, integrable function e~ 2% (R+ M|z|)N =SV =1 f ], where M = sup,, &, < o0,
and as n — o0, it converges to

. Then the x-integrand is bounded by

1.2

e 2” RNflf dQ f(RQ),
SN—l

for all x € R, using continuity and boundedness of f. Hence, we can use the dominated convergence
theorem to conclude that for all test-functions f,

lim An[f] = \/%JOO dz e 2% RN-1 LNildQ f(RQ) = RN-! LIHdQ F(RQ).

n—0o0

Indeed, the outcome is what one would expect from the formal integral

J ¥ 6(jo] ~ R)f(v).
RN


https://en.wikipedia.org/wiki/Invariant_measure
https://en.wikipedia.org/wiki/Invariant_measure
https://en.wikipedia.org/wiki/Pushforward_measure
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using the spherical coordinate representation.
We then choose Z := RN~ SN~ and define

A[f] = = Bim AL[f],  feCu(RY).

R N—©

Then the functional A satisfies all the assumptions necessary for using the RMK theorem, and we
can conclude that there is a unique positive Radon measure v such that

MfL = [ v f).

Considering a sequence of test-functions g, € C.(RY, [0, 1]) for which g, (x) = 1 whenever |z| < n,
we find that Alg,] — %RRN_1|SN_1\ = 1. Therefore, v is a probability measure.

Many properties of such measures defined by J§-constraints are easier to check using the approx-
imant representation for them. For example, it is now straightforward to prove that v is invariant
under all rotations: Suppose O € RV*¥ is an orthogonal matrix for which |Ov| = |v| for all v € RY.
If f is a test-function, also foO is a test-function, and thus E, [ foO] = lim,,_,o, A [foO]. However,

MlFo0] = [ d%0 f(OUGu (o~ B) = [ a¥0'[detO 1 £()Gu(|0 | - )
RN RN
N JRNdNUI f(U/)Gn(|v/| - R) = An[f] )

where we have made a change of variables v’ = Ov. Taking n — oo from both sides of the equality
shows that E,[f o O] = E,[f] and thus any orthogonal transformation O leaves the measure v
invariant, as claimed.

As an corollary, we now also find that the measure v is label permutation invariant. Label
permutation transformations on RY are defined by permutations 7 of the label set [N], i.e., by
bijetions 7 : [N] — [N]. Given such m, the corresponding transformation is

(TU)Z’:Z”UTF@), i=1,2,...,N.
Clearly, T is a linear map and |Tw|? = |v|?, so T is an example of an orthogonal transformation.
Therefore, Tyv = v, as well. We will use the term symmetric for general label permutation
invariant measures on SV1(R).

One final matter to clarify is to check that indeed v is a “measure on the sphere SV ~1(R).”
More precisely, we wish to check that the support of this Borel measure is contained in SV ~1(R).
To do this, we need to show that if z € RN\SV~1(R), then there is a radius r > 0 such that the
measure of the ball B(z,r) is zero.

For this, consider the open set E := {v e R"||v| # R}, and define for all j € N the closed
sets B := {v eR” ‘ llv]| — R| = %} Clearly, u;E; = E, and by Urysohn’s lemma to each j there

exists a continuous function f; such that f;(v) = 1if v € Ej, and f;j(v) = 0 if v ¢ E. Now
Srnpu(dv) f;(v) = ﬁ §sv_1dQ f;(RQ). Since f;(RQ) = 0 for all , it follows that

0< u(E) < ZJ v(dv) f;(v) = 0.
= Jrn
Therefore, v(E) = 0 and |v|> = R almost surely under v.

1.3 Cumulants of generic symmetric measures on S 1(v/N)

(NB: Some of the notations used here are defined only later, in Chapter )
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Proposition 1.3.1 Let FN be a symmetric measure on SN~1(v/N) with N > 2. The joint energy
cumulants of order n < % + 1 satisfy a bound

|k[es]] < 4™ H(n — 1)IN"Tlenld) [T =n. (1.3.1)
where len(J) denotes the number of distinct labels in J.

PROOF Denote by E[¢] the expectation of ¢ with respect to the measure FV.

If n = 1, the first order cumulant equals expectation value which by symmetry
is equal to E[e;] = & vazl Ele;] = 1, since Zf\il e; = N almost surely. Hence, the
stated bound holds for n = 1.

We next establish an estimate

N
0<Eleres---e,] <271, l<n< o+l (1.3.2)

The estimate clearly holds for n = 1, and we claim that for other n it satisfies
0< Eleres---e,] < 2E[eren - en—1]. (1.3.3)

Combining these results proves the claim by induction.
To prove (1.3.3)), we first note that

N
NE[ey - ep_1] = _ Eleres---en1e] = (N —(n—1)E[e;---en] + (n— DE[e3 - e,_1]

= (N—(n—1))E[e-ey] (1.3.4)

. . . N
since the measure is symmetric and we have e; > 0 and }};_; e¢; = N almost surely.
Therefore,

Ele; - en] <2E[er---en—1], (1.3.5)

using the assumption n < % + 1. Hence, 1] holds.
Let us then assume 2 < n < % + 1. By symmetry, we only need to prove the bound

|) for J = J, with r € C,,. Denote k := len(J) for which 1 < k < n, lezl Ty =M,
and r; = re = --- = 1, = 1. Then, for each ¢ € [k] we may use the trivial energy
bound e, < N, which holds almost surely, and the estimate in (1.3.3]) to conclude that

0 < E[e’] < NZicr(e=DE[e; - - - e,] < N F2k—1 (1.3.6)
We next use the general iteration relation satisfied by cumulants

Ele’] = Z E[e"\]x[e].

(1,J1)elcJ

Combined with the already established energy moment bounds this yields an estimate

wlesl < [BlT+ Y [BLeM| Infer]]
(1,J1)eleJ

S NPRRETL 4 Z |k[er]| Nn/ik/2k/71|n’=\]\[\,k’=1en(J\I) . (1.3.7)

(1,J1)elc]

In this sum, 1 < |I|,n’ < n—1and 1 < k' < k,n'. In addition, n’ + |I| = n and
E +len(I) = k.
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Let us then denote A, = MaxXy|r|=m,len(I)=k |k[er]|NY=™ for 1 < m < % +1
and 1 < k < m. This yields a sequence which, by the above bound, satisfies

Anp < (2/N)F1 4 Z Anfn’,len(I)N_k/2k,_1|n’:\J\I|,k/:lcn(J\I) . (1.3.8)
(1,01)elc]

Here, n’ = [J\I| satisfies 1 < n’ < n —1 and for each n’ there are at most ("7:,1) terms
with |J\I| = »n/ in the sum. Therefore, B,, := maxi<m<n, 1<k<m (Am,k(](vnézjl;;),
satisfy an inequality
1 1"S (n—=1\(n—n'—1)!
B, < Boi1= AL 1.3.9
O 122(71’ ) n—1)! (1.3.9)

n’=1
forall 2 < n < ¥ 4+ 1. Since By = A1 = 1 we obtain B < 1+ 1 < 2. For
2 ) 2

3<n< & +1, it follows that

By < =14 By_1(e—1)). (1.3.10)

DN | =

Therefore, by induction, we can conclude that

N

Bn < 277,71
Hence, for all such n and whenever |J| = n and len(J) = k, we have
lk[es]] < N 1A, 1 < N=kok=l(p —1)1B, < N"=Fontk=2(np 1)1,

Since k < n, (1.3.1]) also holds. O

1.3.1 Extreme case: Symmetrized deterministic initial data

In this subsection, we construct an example of initial data on SN ~1(y/N) which is symmetric but
highly non-chaotic, in the sense that it saturates the power of N in the generic bound in (1.3.1)).
Pick v € SN ~1(+/N). Define a measure

u:=% S fouldel, (1.3.11)

cgeS N

on S¥=1(v/N) with Borel o-algebra. The measure f, 4[d5] is obtained from the Dirac measure at
¥ by pushing it forward by a component permutation map f,: SY"1(v/N) — SVN=1(/N):

fox[05](B) = 0u(f71(B)) (1.3.12)
with
f;l(vl,...,UN) = (Uo’l(i))i\il' (1313)

Then for any continuous function ¢ € C(SV=1(v/N)) = C.(S¥~1(v/N)), we have

pn)o() = 17 D) o) (1.3.14)

: O'EGN

Jocum

which also could serve as a definition of the measure u, by the Riesz—Markov—Kakutani represen-
tation theorem. It is clearly a symmetric measure.
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The expectation of energy with respect to this measure are fixed by symmetry to be 1. Since
the energy observable is continuous, we can also easily compute all moments from (|1.3.14)). For
example, the non-repeating second moments are given by

1 L 1 & o
Ey(erez) = e1(v)ez(v)u(dv) = < D By = NV =1) >, v,
1,7=1;7#1

JSNI(\/N) . cEG N
(1.3.15)

and the second cumulant, which is equal to covariance, is

1 i 2-2 il 21 172
_ =22 - = i
Hﬂ[eheQ] = N(N* 1) ij;j#ivivj N Z:Z;Uz N_1"

Similarly, we can compute the variance to be

1 N
"Eu[€17€1]:ﬁ Z Uy(1y — 2 (07 - 1)

ceG N

Let us consider a simple example of extreme initial data starting from a case where all the
energy lies in the first particle: set © = (v/N,0,0,...,0), and consider the corresponding sym-
metrized measure . By the above formula, its covariance is given by x,[e1, e2] = —1 and variance
by kule1,e1] = N — 1. Thus the upper bound in is saturated for large N and n = 2, apart
from the prefactor 4771,

The moment generating function for energy is explicitly given by

ZeNﬁvf1+;Z(Nfi—1):1+X(g),

=1

and the cumulant generating function is thus

9e(€) = B, [e*] =

T s

T

e
S
™
3

Here X (0) = 0, and we obtain a formula for cumulants with J = J,., r € Cy,

zn_] Z f[ olex (0

m=1
The sum }}; here denotes a sum over all partitions of the sequence J into a sequence containing m
subsequences, I = (Ip)¢=1,... m. If len(ly) > 1, then (3£ZX(O) =0, and if len(I;) = 1 and py = |I4|,

then &I‘X( 0) = NP¢=1. Denoting k = len(.J), we may thus conclude that the non-zero terms in
this sum must have m > k, and then

[Toéx ) = ]nret = Nmom.
=1 =1

Hence, the dominant power of N occurs at m = k, in which case there are k! choices for I which
yield a non-zero contribution. We find that

’ITL*

,,,,,

kles] = (=D)F Yk —1)IN"F £ O(N"F-1) |

which shows that the power law of N in the bound in (|1.3.1]) is saturated for large N also for any
finite n > 2.
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1.4 Appendix: RMK representation theorem

To put the above discussion on a firm mathematical footing, we will need to following central result
from measure theory (the proof of this theorem can be found from a textbook by W. Rudin: Real
and Complex Analysis [2], Theorems 2.14 and 6.19, and the approximation result is contained in
the proof of Lusin’s theorem, Theorem 2.24).

Theorem 1.4.1 (Riesz—Markov—Kakutani (RMK) representation theorem) Suppose X
is a locally compact Hausdorff space. Let C.(X) denote the collection of all continuous functions
f + X — C which have a compact support. Suppose A is a linear functional on C.(X), i.e.,
A C.(X) — C is a linear map.

1. If A is positive (A[f] = 0 whenever f = 0), then there is a unique non-negative Radon
measure pu on X such that

AL = [ f@ntao), fecux). (1.4.1)

If A is a finite measurable set (u(A) < ), then its characteristic function can be approxi-
mated by a sequence of test functions: there are g, € C.(X,[0,1]), n €N, and a set E < X,
such that p(E) = 0 and lim, g, (v) = Lizeay for all x ¢ E.

Note that it is possible that § p(dx) = 0. However, if one can find g, € C.(X,[0,1]),
n € N, such that lim,, g,(x) = 1 for (almost) every x € X and Alg,] — 1 as n — o0, then p
is a Borel probability measure on X.

2. If A is bounded (there is M > 0 such that |A[f]| < M| fllew for all f € Co(X), where
[flloo == supgex |f(x)]), then there is a unique bounded complex Radon measure p on X
such that holds. In this case, the characteristic function of any measurable set A can
be approximated by a sequence (gn) of test functions, as in the previous item.

(This item is usually summarized as a duality statement: C.(X)* = M,(X).)

One application of the theorem is to uniquely define measures p by merely stating how they
are supposed to act on a restricted class of “nice” functions. Note that once we have the measure
1, the integrals on the right hand side of are defined for any non-negative function which
is a pointwise limit of continuous functions (since these are always Borel measurable), including
characteristic functions of open and closed sets. All usual tools from measure theory (dominated
convergence, etc.) are available, as well. For applications, it is good to recall that all open and
closed subsets of R? are locally compact Hausdorff spaces, and that a continuous function defined
on R? has a compact supportﬂ if and only if it is zero outside some ball.

Remark 1.4.2 Here “Radon measure” is a technical term for a measure on a topological space
which is “compatible” with the topology. For example, restrictions of the Lebesgue measure on
Borel o-algebras of any open or closed subset of R? are Radon measures. The precise definition is
given below.

Definition 1.4.3 (Radon measure) Suppose X is a Hausdorff topological space and consider
its Borel o-algebra (the smallest o-algebra containing all open sets). A measure p on the Borel
o-algebra is called a Radon measure if it is finite on all compact sets, outer regular on all Borel
sets, and inner regular on open sets. (See e.g. Wikipedia for precise definitions.)

4The support of a function f : X — C is defined here to be the closure of the values where f is not zero, i.e.,
supp f := {z € X | f(x) # 0}.



Chapter 2

Evolution hierarchies of cumulants

The second lecture concerns evolution of cumulants for certain class of dynamical systems. To ob-
tain directly a hierarchy which depends only on the cumulants, one needs to have “rate functions”
which depend polynomially on the evolving variables. However, both deterministic and stochastic
evolution are possible.

2.1 General structure

Particularly convenient derivation of the evolution hierarchy is possible if we can use the real
moment generating function Gy to compute the cumulants. In essence, we will require that
exponential moments exist uniformly on the time-interval we wish to study. Although a restriction,
the assumptions are sufficiently loose to cover, for example, the evolution of the Kac model.

More precisely, we assume that there is a stochastic process such that for every ¢ on some fixed
time-interval Ty its trajectories X (t) € RN t e Tt, have the following properties:

1. (uniform exponential moments) There are g, My > 0 such that for all ¢ € Ty
E[efo\x(t”] < M,.

Then the function Gom(n;t) := E[e"X®)] is well-defined and analytic in the open ball of
CYN with |n| < €.

2. (polynomial rate function) There is a function R(X,n) such that for all ¢ € T the time-
derivative of Gpom exists and satisfies

0tGmom (m; ) = B[R(X (t), n)e” X 1]

We assume that the rate function R(X, ) is analytic in n and exponentially bounded, in the
following sense: there are Cy,d; > 0 such that [R(X,n)| < Cre X! for all || < 6; and all
X. In addition, we assume that the derivatives of R at n = 0 are polynomials of X, i.e., for
any multi-index I, the derivative Pr(X) := 6{773()(, 17)|n:0 defines a polynomial of X € RY.

Under the above assumptions, we may conclude that the cumulants of X satisfy for all t € T}
the evolution equation

oklX(t)r] = Y B[P (X(1):X ()], (2.1.1)
JciI

where :X(¢)7: denotes the Wick polynomial of order J of the random variables X (¢). As we
will see soon, this implies that the right hand side of is a finite order polynomial of the
cumulants k[X (¢).]. Hence, the collection of these equations over all choices of I results in an
evolution hierarchy for the cumulants.

13
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The derivation of this equation is fairly straightforward, assuming sufficient regularity so that,
for example, all partial derivatives commute with themselves and with taking the expectation.
Namely, since g. = In Gyom, chain rule can be applied, to yield

Ougetst) = ) — o DBIROX (1), e X O] = BIR(X (0).1)Gu (X (1))

using the definition of the generating function of Wick polynomials,
Gua(Xin) i= o7 X al0)

where g, is the cumulant generating function of the random variables X. Therefore, by the Leibniz
rule for differentiation of a product, we obtain
OX (1] = 00ege(nst)],_, = OGBIR(X (t),n)Guia(X (1)),

= 3 E[0)R(X (1), 1o Guia X(0m)]| = 3 B[P (X(6) X (1)

JcI =0 I

The above assumptions are one possible choice which would allow everywhere changing the
order of derivatives and integrations above. The reason why analyticity is particularly simple for
this, is the fact that then all derivatives may be expressed as integrals and, hence, changing the
order with other integrals is possible, by relying on Fubini’s theorem.

Remark 2.1.1 The basic tools for completing the details of the above argument from complex
analysis are Morera’s theorem and Cauchy’s integral formula for derivatives. The first says that
a continuous, complex valued function f(z) is analytic on an open subset of the plane, if for
every closed piecewise C' curve v inside the open set, the contour integral §’v dzf(z) = 0. The
assumption about uniform exponential moments first allows using dominated convergence theorem
to conclude that the map is continuous in 1. Furthermore, it can then be used to justify exchanging
the contour integral over any 7; and the expectation IE. Since 7; — €7 is entire, the resulting
integral yields zero, and thus by Morera’s theorem, the function G, is analytic in each of its
arguments. Cauchy’s integral formula then implies that for each ¢ and any order k; € Ny, we have

ki
am Gmom (77

)= b f Gl
1n;—0 i+ o Z?i_‘_l
Vi
where ~y; is a contour which goes once around a circle centred at the origin and of sufficiently small
radius in the positive direction.

In the derivation of the cumulant hierarchy, one needs to apply the same argument to the
product R(X,n)Gwick(X,n). This requires checking analyticity of g.(n) which, however, also
follows from the exponential moment bounds, after possibly reducing the radius €y so that always
|Grmom () — 1] < %

2.2 Wick polynomials

(This section is adapted from [3] which also contains more details and discussion about Wick
polynomials.)

Let us first recall the moments-to-cumulants formula which holds for any index sequence I as
long as all moments X4, A < I, belong to L' (u):

ElX]= > []slXxal, (2.2.1)

weP(I) Aer

where P(I) denotes the collection of partitions of the set I. For consistency with the notations in
[3], let us for this Section denote the collection of index sequences by Z. For a partition 7 € P(I),
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let us call the subsets A € 7 clusters or blocks. Let us also recall that the cumulants are multilinear,
i.e., they are separately linear in each of the variables X, j € I.

We next show that it is possible to choose a subset of the indices and remove all its “internal
clusters” from the moments-to-cumulants formula by replacing the corresponding power with a
polynomial of the same order. This will be achieved by using the following recursive definition.

Definition 2.2.1 Suppose that Iy € T is such that E[|XT|] < o for all I < I,. We define
polynomials W[X1] := > p; ce[ X1 XE for I < Iy inductively in |I| using the following rule: set
W[Xg]:=1, and for I # & use

WX ] :=Xx"— Y E[XPIW[Xpg]. (2.2.2)
g#+Ecl

The definition makes sense since the VW-terms on the right hand side all have an order lower than
|I]. Tt also implies that indeed each W[X7] is a polynomial of order |I|, with only the term X’
being of the highest order. It is also straightforward to prove by induction that the coefficients
cg[X'] can be chosen so that they only depend on E[X4] with A < I. Therefore, the definition
of W[X/] is independent of Ij in the following sense: if Iy, I}, € T are such that E[|X’|] < oo for
every I c Iy and I < I, then for all I < Iy n I we have W[X; Io] = W[ X ; I}].

The following theorem shows that these polynomials indeed have the promised truncated
moments-to-cumulants expansion. We also see that the polynomials are essentially uniquely de-
fined by this property. What is perhaps surprising is that the coefficients of the polynomial can be
chosen depending only on the moments of its constituent random variables. This implies that the
same polynomial can be used for many different probability distributions, as long as the marginal
distributions for the constituent random variables are the same.

Theorem 2.2.2 Assume that the measure p has all moments of order N, i.e., suppose that
E[|X|] < o for all I € T with |I| < N. Use Deﬁnitionm to define W[ X ] for every such I.

Then replacing X! by W[X;] removes all terms with clusters internal to I: the following
truncated moments-to-cumulants formula holds for every I' € T with |I'| + |I| < N

E[W[XI]XI/] = Z Lianr#g for all Aer} H k[ Xal. (2.2.3)
meP(I+1") Aer

In particular, EW[X1]] =0 if I # &.
In addition, if I € T with |I| < N/2 and W' is a polynomial of order at most |I| such that
holds for all ' with |I'| < N — |I|, then W' is p-almost surely equal to W[X].

As proven in [3], W[X[] are p-almost surely unique polynomials of order |I| such that (2.2.3))
holds for every I’ € Z. They can also be obtained from a generating function, for example if
exponential moments are available. Namely, given sufficiently small € RY, we set for all X € RV,

exp (52 %)

Gwick(n; X) = en'X_gC(n) = N 5 (224)
E[exp (Zi:l sz-)]
and then for any index sequence I we have
X1 = a,gawick(n;X)ynzo , (2.2.5)

which results in a polynomial of X. From now on, we will use the standard notation : X': for Wick
polynomials.
The next Proposition collects some of the most important properties of Wick polynomials.

Proposition 2.2.3 The following statements hold for any I < Iy:
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XM= xUEXN = Y xY Y [ s[Xal (2.2.6)

UcIl Ucl reP(I\U) Aer

2. Wick polynomials are argument permutation invariant: if I' is a permutation of I, then
X1 = xT,

Xh= Y xU 3 ()] kXAl (2.2.7)

Ucl TeP(I\U) Aen

4. If I' := T denotes the sequence obtained by cancelling the first element of I,

X=X, X — Z )Xy XTIV = X xT — Z K[ X iy +u] XTU: | (2.2.8)
(1,i1)evVel Ucl’

5. The Wick polynomials are multilinear, i.e., if o, B are constants such that X; = aX; + Xy
for some j,i,i' € J, then, whenever I and k are such that ip = j, we have

X1 = a:Xf(k)Jr(i): +ﬁ:Xﬂk>+(i/): .

Example 2.2.4 Written is terms of cumulants, the Wick polynomials of lowest order are

X = X —k(X),
ZXlXQI = X1X2 — K(Xl,XQ) — H(Xl)XQ — H(XQ)Xl + H(Xl)li(XQ) s
IX1X2X32 = X1X2X3 — K(X17X2,X3) + H(Xl,XQ)Fi(Xg) + KJ(Xl,Xg)K,(XQ) + K(XQ,Xg)K,(Xl)

—K(Xl)K,(XQ)/{(Xg) — H(Xl,XQ)X:), — H(Xl,Xg)Xg — K,(XQ, Xg)Xl
+1(X1)r(X2) X3 + k(X1)k(X3) X2 + k(X2)k(X3) Xy
7H(X1)X2X3 — H(XQ)Xng - H(Xg)XlXQ .

The following result extends the earlier theorem and shows that multiple application of Wick
polynomial replacements continues to simplify the moments-to-cumulants formula by removing all
terms with any internal clusters.

Proposition 2.2.5 Assume that the measure p has all moments of order N, i.e., suppose that
E[|X!|] < o for all T € T with |I| < N. Suppose L > 1 is given and consider a collection of L+ 1
index sequences J',Jy e T, =1,...,L, such that |J'| + %, |J¢| < N. Then for I := Z£=1 Jo+ J'
(with the implicit identification of J; and J' with the set of its labels in I) we have

]E|:1_[ZXJZ;X‘]I:| = Z H(W[XA]I{Acth vey) - (2.2.9)

=1 reP(I) Aen

2.3 Deterministic dynamical systems

One case in which the above assumptions used for the derivation of the cumulant hierarchy are
valid, is given by a dynamical system generated by a polynomial vector field. Explicitly, assuming
that

0 X (t) = P(X(1)),

where each P;(X), i =1,2,..., N, is a polynomial in X € RY, implies that

(e ) = - P(X (1) X,
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and thus we should set
R(X,n) :=n-P(X(t)).
Then R(X,n) is analytic in 7, and for any &9, d; > 0 it can be bounded by

IR(X,n)| < C|X|™|n| < Cmldy (2/e0)™e? X,

whenever |n| < 0;. Here, m is the largest degree of the polynomials P;(X) and C does not depend
on X nor on 7. In addition, computing the derivatives with respect to 7 is simple, yielding

Pi(X), i€[N]and I = (i)
Pr(X):= 0IR(X, = ’ ’
1(X) n ( 77)‘n=0 {0’ otherwise
all of which are polynomials in X.
Then, given some time-interval T, we need to choose the distribution of the initial data X (0)
in such a way that the solutions X(t), t € Ty, exist and do not increase too much, so that

sup E[esolx(t)l] < M,
teTr

for some Mj. This occurs, for instance, if the trajectories are almost surely confined into a fixed
ball. The above bounds imply that |0 (e"X®)| < Cre=0X®l for [n| < £, so we may also use the
exponential function as a majorant for application of the dominated convergence theorem which
shows that for all ¢

01 Grnom (1:t) = E[04(e" X )] = E[R(X (1), m)e" ]

Hence, in this case all the assumptions from the first Section are satisfied, and we can conclude
that the cumulants satisfy an evolution hierarchy

os[X ()] = ) B[Py (X V] = STE[P(X () X ()]

Jci Lel

The right hand side can be expanded using the rules of Wick polynomials which results in a
polynomial of the cumulants at most of the order of m. Hence, the order of nonlinearity of the
rate function for the hierarchy remains uniformly bounded, even though one usually needs to look
at the full infinite hierarchy (in I) to close the evolution equations.

Hamiltonian evolution equations given by polynomial Hamiltonian functions with compact
level sets often are amenable to the above treatment. For example, then one could choose initial
data supported on one of these level sets, and it would follow that X (¢) are then almost surely
bounded, even for the maximal choice of the time-interval, 77 = R. Without such conservation
laws, the analysis of which initial data distributions satisfy the assumptions is more delicate.

An explicit example of this argument is given by the discrete Nonlinear Schrodinger equation
for which the real and imaginary part of the complex field form an Hamiltonian system with
compact level sets. The details are worked out in Ref. [3].

2.4 Stochastic Kac model
For stochastic evolution corresponding to a Feller process, its generator L is an operator for which

SE[(X(1)] = EILHX®)], (2.4.1)

for any observable f in the domain of the generator. If f,(X) = €7 belongs to the domain of L,
this allows defining

R(X,n) = e "X (Lf,)(X),
and then one needs to check if this function R has all the properties listed above for applying the
earlier general results. Since f, does not vanish at infinity, this is not usually immediately the
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case, but needs a regularization argument using a mollifier. For example, one can sometimes add
a factor e~ 25°X 2, use the generator result, and then take € — 0 to conclude which “LF” appears
on the right hand side of .

The stochastic Kac model was introduced by Kac in his 1956 article [4]. We discuss here the
usual conventions and choose the parameters of this model based on computational convenience.
Changing some of the parameters may be implemented by straightforward scalings, but some
changes are not so innocuous. For example, some changes to the collision rate function are
expected to speed up the generation chaos time; this will be discussion briefly at the end.

Take a number N > 2 of particles, which we label by [N] := {1,...,N}. At each moment
in time, the particle with label ¢ € [N] is associated with one-dimensional velocity v; € R, and
the collective velocities of all the particles form a velocity vector v = (vy,...,vy) € RY. Each
velocity vector constitutes a configuration of the system. Originally, Kac consider the physical
case with three-dimensional velocities, v; € R?, but this would lead to more complex collision rules
and indexing of the configuration vectors. Here, as in most mathematical work on this model, we
focus on the one-dimensional case. As noted earlier, we do not track the positions of the particles
and accordingly they are assumed to have no influence on the time-evolution of the velocities.

The configurations are updated as follows. Assume that the velocities are at some time given
by v € RV. Collisions occur at times determined by a Poisson process. When the Poisson clock
rings, we update the velocity vector by picking, uniformly at random, two particles ¢ and j, with
j # i, and a “collision” angle 6 € (—m, x|, all independent from each other. We then update the
velocity vector to

v* = RIL'J‘ (0)’0 € RN

Here the matrix R; ;(6) is obtained as a permutation of the following N x N-matrix

_( cos(f) sin(f)
Ri5(0) = (—sin(e) COS(9)>@IN—2, (2.4.2)

where I,, denotes the n-dimensional identity operator. The non-zero elements of the matrix R; ;(6)
are given by

(Rij(0)ee =1, L#1,5
(Rij(0))i,i = cos(0)
(Rij(0))i,; = sin(0)
(R;;(0));: = —sin(0)
(Ri,;(0));,; = cos(0).

For any fixed ¢, j and 6, the matrix R; ;(0) is orthogonal. Thus the Euclidean norm of the velocity
vectors is preserved,

|R; ;j(O)v| = |v]. (2.4.3)

Therefore, we can consider the dynamics as taking place on a (hyper-)sphere SV=1(r), with the
radius 7 specified by the Euclidean norm of the initial configuration.

The above specification of the dynamics on the configuration space lifts to the space observables
¢ € C.(SN~1(r)) in terms of the transition operator, which specifies the conditional expectation
of ¢(v*) based on the previous configuration:

N "
(@no)(v) = m Z ]l{i;ej}ﬁ %CZ’(RLJ‘(@)U)-

Kac’s stochastic model is now obtained by assuming that the above collision times are given by a
Poisson process. As usual, we want to consider time scales at which the average rate of collisions
experienced by one particle remains order one, i.e., it is bounded from below and above by some
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uniform constants for all relevant V. If the Poisson process has rate one, this can be achieved by
speeding up time by a factor of N. For the sake of convenience, we follow the usual convention
for time-scales in this model and choose the scale in which the average collision rate per particle
is equal to one.

Since each R; j(6) is orthogonal and leaves the sphere S™~!(r) invariant, the operator Qy is a
self-adjoint operator on the Hilbert space L2(SN~1(r), vy ), where vy . is the uniform probability
measure on SV 1(r); recall that vy, is also invariant under rotations. Since we are interested in
the properties of the system in the thermodynamic limit, we will pick 7 = v/N, and vy stands for
the corresponding uniform measure VNN This choice yields configurations for which the kinetic

energy per particle, % 2511 v?, is almost surely equal to one; note that we choose each particle to
have the same mass, equal to two, so that & = 1.

Implementing the above choices, we can now state the evolution equation for probability den-
sities f¥(v), v € SN"YHW/N), t = 0. Namely, if f¥ € L>(SV~1(v/N),vn) is non-negative and
integrates to one, we can consider initial data for the stochastic Kac process given by the measure
f&vxn. Then, the distribution of v(t), t > 0, is given by fNvy where also fN € L2(SVN=1(v/N),vy)
and it can be solved from the following Cauchy problem:

d rN - N _ )N
{;Evftto = fOA(TQN g (2.4.4)

More details about the derivation of this equation can be found from [5, [6] and the references

therein.
Then for any bounded continuous observable ¢ € Cy,(SV~1(/N)) we have

C D = N@Qx — Dy = (N@x — D)y

using the self-adjointness of the operator Q. Due to the fact that the Kac model initial data
have support on SV 1 (\/N ), continuity is the only requirement here.

One simplifying feature of the above formulation of Kac model is that it has exponential mo-
ments and a moment generating function which is entire. We will consider both the velocity ran-
dom variables v; and the corresponding kinetic energies e; := (v;)2. Since for any v e SN~1(v/N)

Z ei=v*=N,
it follows that 0 < e;(t) < N and |v;(t)] < v/N almost surely for any ¢ > 0, and thus the functions

Gr(vm) =€V, o(vin) 1= eZin M)

are bounded and continuous on SN~1(y/N) for any n e CV.
Then, explicit computations yield

IR ™ df
.5 (0
Rv(vvn):ﬁ Z ﬂ{i;&j}f 27T( (R @)= —1), veRY

ij=1
for the case of velocity cumulants, and

N

1
Rl = o7 5 Lown 3 [ g (@ 1) ceRY
1,j=1 g#J<I

for the energy cumulants, where
Py (vi,vj) = —sin(0)*v? + 2 cos(6) sin(f)v;v; + bln(9)2vj2»
2

Qo(vj,v;) = —Sin(0)2U~ — 2cos(0) sin(0)v;v; + sin(0)%v7 .

; (2.4.5)
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Although not immediately apparent, after an expansion of the exponential, one notices that all
terms which an odd power of v; have also a prefactor which is odd in 6 and thus integrates to
zero. Hence, the formula indeed defines a function of e; only.

In the final lecture we focus on properties of the evolution hierarchy of the cumulants of the

enery variables.



Chapter 3

Generation and propagation of
chaos in the Kac model

The detailed description of these results can be found from [I]. Most of the material here is an
extract from that reference.

3.1 Analysis of the cumulant hierarchy

3.1.1 Symmetric measures and partition classifiers of their cumulants

Our main result will be to control the generation of chaos in the above Kac model in the sense
of asymptotic near-independence of energies of different particles. Similar results could then be
derived for the particle velocities, but for the sake of brevity we do not go into this argument in
detail here. The control will be given as an explicit bound for the difference between the energy
cumulant and its value at equilibrium, i.e., for the uniform distribution on the energy sphere.

Although the bound will be given for fixed system, in particular, for fixed number of particles
N, we aim at bounds which are valid for all large enough N. To stress this, we will carefully track
the dependence of the constants in the upper bounds on N and on the initial data. Although we
do not consider limiting properties of suitably prepared sequences (F{¥)ys2 of initial probability
measures, as is common in derivations of kinetic equations, the bounds here could be employed to
make also such scaling limit statements.

Given a number of particles NV > 2, the initial data is taken to be essentially arbitrary, apart
from one technically simplifying assumption: we assume that F{¥ is a symmetric Radon probability
measure on SV *I(W ), as explained earlier. Although this assumption hides some features of
the dynamics, it is not a substantial restriction. For example, given an arbitrary initial Radon
probability measure but only asking for properties of expectation values of label permutation
invariant observables, we can replace the initial measure by its symmetric projection without
changing any of the expectation values of interest.

The symmetry of the probability measure is reflected in the joint cumulants of the energy
variables as an invariance with respect to permutations of the labels of the random variables.
Indeed, if T = {(1,i1),...,(n,i,)} is a sequence of particle labels, then for every permutation
o € Gy, we have

K[e(0)r] = K[e(0)o-1(n)]; (3.1.1)
with o= (I) = {(1,07 (1)), ... (n, 0~ (i)} 1]

11t is important to keep in mind that this is distinct from the usual permutation symmetry of the argu-
ments of joint cumulants. The label permutation invariance means that, for instance, x[e1(0),e2(0),e2(0)] =
k[e3(0),e2(0), e2(0)], while xe1(0),e2(0), e2(0)] = k[e2(0),e1(0),e2(0)] is something that is true even if Fp is not

a symmetric measure.

21
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The time-evolution commutes with label permutations, so this property of label permutation
invariance carries over to the time-evolved cumulants x[e(t);]. Therefore, the value of k[e(t)[] is
determined simply by how many different labels there are in the sequence I = {(1,41),...,(n,i,)},
and how many times each such label is repeated in the sequence — no matter what the specific
label is. This motivates the following definition of partition classifiers, which we will use to index
the cumulants after the label permutation symmetry has been factored out.

Definition 3.1.1 (Partition classifier) An n-tuple r = (ry,...,r,) € N§ is called a partition
classifier (or classifier) of order n, in case the following two conditions are met: (i) The components
of the vector sum ton, i.e. Y, _, ri, = n and (i) the components have been arranged in a decreasing
order, so thatry =2ry = --- =21, = 0.

Given a partition classifier r, we reserve the notation len(r) for the number of its nonzero
components. The collection of all partition classifiers of order n is denoted by %, and we often
drop the trailing zeroes when denoting elements r € %,,; note that n is uniquely determined by the
sum of the (non-zero) elements in r. The classifier corresponding to the label sequence with no
repeated labels has a special role in what follows, and we will denote it by 1,, := (1,1,...,1) € N§.
Finally, € := €,\{1.} denotes the set of all particle classifiers that correspond to a label sequence
with at least one repeated label.

Remark 3.1.2 Each partition classifier of order n corresponds bijectively to a number theoretic
partition of the natural number n — hence the name. The number of different partition classifiers

therefore satisfies |%,,| ~ ﬁ exp (ﬂ' %") as n — .

Any partition classifier defines a multi-index of order n, with the additional special property
that the components are decreasing. We therefore need to note how to use multi-indices to label
joint cumulants. Given any multi-index 7 € Nfj, we may construct one possible compatible label
sequence in the following way. First, we let A(r) = (0,71,71 + 7r2,..., 2, 7;) be a sequence of
increments. After this, we define a sequence I, by setting

()i = Z Ilgea@), a0,y 1= 1,2,...,n.

Jj=1

For example, with r = (3,1,1,0,0) € €. we thus have I, = (1,1, 1,2, 3) which corresponds to the
set {(1,1),(2,1),(3,1),(4,2),(5,3)} in the notation used in the beginning of this section.

With this in mind, we define cumulants corresponding to partition classifiers or any other
multi-indices in the following way.

Notation 3.1.3 Let r € Nj be a multi-index. The joint cumulant corresponding to this multi-
index is defined as

kler] = kler,.]. (3.1.2)

If r is a partition classifier of order n and s € Njj is a multi-index, we say that r ~ s, in case
there exists a permutation o € &,, such that r = o(s)

In the following computations, we will encounter situations where certain repetitions of a
random variable are removed when computing a Wick polynomial or cumulant corresponding to
a collection of random variables (determined by a sequence, multi-index or a partition classifier,
dependent on the context). This motivates the following notation:

Notation 3.1.4 (Removing and adding multi-indices) Suppose that r € N} is a multi-index
(possibly a partition classifier). If r; = £, we denote by

r— (€ x1) (3.1.3)
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the multi-index whose components are given by (r—(€xi)), = ri fork # i and (r—(€x14)); = r;—~.
Note that even if r is a partition classifier, this is usually not a partition classifier.
Similarly, given any r € Nj,

r+ (0 4) (3.1.4)

is the multi-index obtained by increasing the ith component of r by £ while keeping other components
the same.

The following notation will become relevant later, when we try to isolate the main contribution
in the time-evolution of cumulants.

Definition 3.1.5 Let r € 6, be a partition classifier. We define breake(r) to be the set that

consist of those q € €, for which there exist 1,0s € [n], €1 # {2, such that ro = qs, + qu,; and in

addition for which the sequence v’ obtained from r by removing the components £,n and shifting,

18 identical to the sequence ¢’ obtained from q by removing the components {1,y and shifting.
The set break(r) is the union Uj_, breake(r).

Example 3.1.6 Let r = (4,0,0,0). Now (3,1,0,0),(2,2,0,0) € break;(r), whereas (2,1,1,0) ¢
break;(r). Also, (3,1,0,0) ¢ breaks(r).

Definition 3.1.7 Fiz n € N. Define a relation > on €, by setting s > r, if and only if r €
break(s).

Then, set 6,1 = {1,} = {(1,...,1)}, and define iteratively using the above relation for any i
with 1 <1 < n,

Gni = {S€ G there exists r € 6, i—1 such that s > r}. (3.1.5)

Remark 3.1.8 The above relation can be extended to be a strict partial order on %,,, but this
fact will not be used in what follows. Clearly {%,, ;}j-, partitions €, and s € €, . precisely when
it is a partition classifier that has exactly n — (k — 1) non-zero components. Figure illustrates
these sets and their relation to %,,, when n =5

3.1.2 Main Results: controlling chaos and equilibriation via the cumu-
lant hierarchy

We will quantify the chaoticity of the energy cumulants by studying their norm in the following

normed spaces, which we will call the a-chaos spaces.

Definition 3.1.9 (a-chaos space) Let a € [0,1]. We define the normed space (X n, |+ |a,n,N)

to consists of vectors (k,)res; < chrlb, together with the weighted supremum norm

I&lla = H“‘a,n,N = sup || (N — 1)a(len(7ﬂ)_1)- (3.1.6)

ree!

We will mainly use these norms with 0 < o < 1, but the extremal cases will appear in some of
our estimates. The norms are increasing functions of a: For any r € €, and 0 < a < o/ < 1 we
have [£fla.n.n < [#]arn.N-
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(5)

(4,1) (3,2)

(3,1,1) (2.2,1)

(2,1,1,1)

(L1L,1,1,1)

Figure 3.1: Relations between partition classifiers in %5. In the graph, the nodes are in corre-
spondence with elements in %5, and there is a directed edge s — r in the graph precisely when
r € break(s).

Remark 3.1.10 We have excluded the non-repeated label sequence 1, = (1,1,...,1) from the
definition of these a-chaos spaces. The reason for this is that the completely non-repeated cumu-
lants will be treated separately, and thus will show up as a source term to the cumulant hierarchy.
However, the conservation law implies that if

sup |kfey]| (N — 1)elen=1 < ¢ (3.1.7)
reF!,

then
sup |k[e,]| (N — 1)*en=D < 4 (3.1.8)
T€ECH

whenever n < N/2 (see the proof of Proposition |3.1.16]).
Therefore, assumptions pertaining to the joint cumulants indexed by ¢, will imply similar
assumptions for all joint cumulants indexed by %,, with a slightly larger constant.

If the above norm of a vector (k,)rce; is bounded by a constant C,,, it follows that the
individual components are bounded by
Cn
(N _ 1)a(len(r)—1) .

|kr| < (3.1.9)
Since the elements of X, n will be given by the nth order energy cumulants with some repetition,
so that k, = k™ [e,], it follows that such uniform bounds imply

limsup [N [er]| < Len(ry=13Cn: (3.1.10)

N—x©

corresponding to the fact that only cumulants involving one particle can survive to the many-
particle limit of any sequence of probability measures whose cumulants have a norm uniformly
bounded in N.
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When studying the time-evolution of the energy cumulants in the Kac model, we will try to
find good bounds for their Xy norms. To this end, it should be noted that the operator norm
of an operator A: X v — X[ \ satisfies

[Ala <sup Y. [App| (V — 1)llen(r)=lentr)) (3.1.11)

LA— /
r'eE)

a fact that we will need in order to control the linear part of the time-evolution.

We are now ready to state the main theorem of this article. Our results concern the generation
of chaos and convergence towards the equilibrium of the energy cumulant hierarchy. The initial
data is allowed to have different “orders of chaoticity”, and this will affect the corresponding
results.

Assumption 3.1.11 (Chaos bounds) Let ¢ = 0, N = 2, and n* > 1 be given. Define v, =
c(n—1) forn=1. We say that B > 0 is a constant for the chaos bound of type 7, up to order
n* if for every n € [n*] the joint cumulants are bounded in the a-norm as

[N o < B (n— 1IN (3.1.12)

A sequence of initial data (F¥)n=2 on SN=Y(V/N) is said to satisfy the chaos bound of type v,
with a constant B if the same B can be used for every N.

Remark 3.1.12 Of course, for any fixed N, ¢ and n* such a constant B can be found. However,
B might need be very large, in particular, it could increase as a power law in N. For the results
below to be useful, B should be order one even if N is large. This can always be achieved for
chaos bounds with a constant ¢ = 1 in the Assumption by increasing N if needed, at least
when considering joint energy cumulants in a symmetric state up to any finite order. Indeed,
Proposition [.3.1] shows that the energy joint cumulants will always satisfy a bound

"N o <47 (n— DIN™Y, n< N/2+1. (3.1.13)

Theorem 3.1.13 (Generation of chaotic bounds) Let ¢ > 0 and o€ (0,1). Let n* € N be a
mazimal order of cumulants. Then there exists a Ng = No(n*,a,c¢) = 2 such that the following
result holds.

Consider some fived N = Ny and some symmetric initial data F)Y on SN=1(v/N). Denote
the corresponding joint cumulants at order n € [n*] and at time t = 0 by k}[e;] = kler,.(t)]. Let
B > 1 be a constant such that the initial values of the cumulants satisfy

n a(len(r)—1)—c(n—1) | 1n
N D) < B 3.1.14
| Jax_ max (|“0 [er]| /(n—1) ( )
In other words, assume that the initial data satisfies assumption [3.1.11. Then there exists a
constant C, depending only on B, such that for all n < n*, the time-evolved cumulants satisfy

HK;L,NHQ < C"Zn' (N’)’ne—i + 1) A (3115)

We should point out that we have not tried to optimize the b20unds in n, the order of the cumulants.
Most likely their asymptotic increase is much less than C™ n!, perhaps even as good as C"~!nl.

Remark 3.1.14 Under conditions that guarantee that odd joint cumulants involving velocities of

particles vanish, one could use Mobius inversion techniques to recover chaotic bounds for the joint

cumulants of the wvelocities of the particles. For example, Theorem 2 in Bauer et al. [§] can be
2n,N . . n,N . .

used to express k; " (vy) in terms of certain energy cumulants ;" (e;), and it remains to check

what kinds of energy cumulants appear on the right hand side of the identity. Some combinatorial

losses seem inevitable, however.
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Theorem 3.1.15 (Convergence to stationarity) Let c > 0 and o € (0,1). Let 7y, = c(n — 1)
and fix n* € N as the mazimal order of cumulants. Then there exists Ny = No(n*, «,c) = 2 such
that the following result holds.

Consider some fited N = Ny and some symmetric initial data F on SN='(v/N). Denote
the corresponding joint cumulants at order n € [n*] and at time t > 0 by k}[e,;] = k[er.(t)] and
the stationary cumulants at order m, those corresponding to the uniform probability distribution
on SN=YU/N), by &"[e,] = F"[er,]. Let B = 1 be a constant such that the initial values of the
cumulants satisfy

1/n
max max (mg [e,]] Neten(r)—D)—e(n=1) /(;, 1)!) <B. (3.1.16)
1<n<n* reé,
Then there exists a constant C, depending only on B, such that the time-evolved energy cumulants
satisfy the following bound for alln < n* and t =0

[k — &N, < nlC™ NTe (3.1.17)

We have excluded the completely non-repeated cumulants from the a-chaos spaces, since we
will treat them as source terms. Fortunately for us, their time-evolution solves a closed hierarchy,
so we can first describe their time-evolution and then take it as known when proving results
pertaining to the time-evolution of the other cumulants. The following stronger results holds for
the non-repeated energy cumulants.

Proposition 3.1.16 (Generation of chaos for non-repeated cumulants) Let«a € (0,1) and
choose some ¢ = 0 and a maximal order of cumulants n* € N. Then there is Ng = No(n*, a,c) = 2
such that the following result holds.

Consider some fited N = Ny and some symmetric initial data. Denote the corresponding
non-repeated cumulants at order n € [N]| and time t > 0 by ;""" := k[e1(t), ea(t), ..., en(t)]. Let
B > 1 be a constant such that the initial values of the non-repeated cumulants satisfy

1
n,nr (a—c)(n—1) . ') n <
_max (mo IN Jn—1)1)" <B. (3.1.18)
Then there is a constant C = 1, which depends only on B, such that the time-evolved non-
repeated cumulants satisfy

NEC=D [T < O™ (n = 1)l(e” TINY 4 1), (3.1.19)

for alln e [1,n*] and t = 0.

3.2 Implications for the kinetic theory of the Kac model

Having fixed the number of particles N and a symmetric initial data F' we obtain the measures
FN .t = 0, from the Kac process. Suppose we first wait a time to > 0 and then use the first marginal
of Ftlc\)/ to define an initial measure pg for the Boltzmann—Kac equation for which T' =t —ty > 0
serves as the time parameter. We can then use these measures to define the symmetric product
measures FY := @, ur on RY, and ask the question: How close are the energy cumulants of F
to those of Ft]: 47! The following result shows that then up to any finite order and for all large
enough systems, the two cumulants remain very close to each other, if the Boltzmann equation
is started with initial data from a chaotic state, i.e., with suitable large enough ty3. As shown in
the theorem, any ty for which Nem®=1e=1to < 1, is sufficient for cumulants of order n < n*. If
¢ = 0, we can use ty = 0; hence the name “chaotic initial data” for these. If ¢ > 0, we can set
to = 4¢(n* — 1) In N which is O(In N) as N — co.

Without going into details, let us also point out that these estimates imply concrete upper
bounds also for expectation values of much larger class of observables g. For example, if ¢ is any
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function which can be approximated by polynomials of energies of a fixed number of particles,
we would still have Epy [g] ~ E PN [g] if N is large enough, with an explicit bound for the
0

error obtained by applying moments-to-cumulants formula to the expectation of the polynomial
approximation.

Theorem 3.2.1 (Accuracy of the “Boltzmann—Kac” hierarchy) Let ¢ > 0 and o € (0,1).
Let n* € N be a mazimal order of cumulants. Consider N > Ngy and some symmetric_initial data
FY on SNfl(\/N), and suppose No = 2 and B = 1 are constants for which Theorem|3.1.15 holds.
Denote the corresponding joint cumulants at order n € [n*] and at time t = 0 by k7'[e,] = kler, (¢)].

Pick some ty = 0 for which Ne(* =De=ito < 1. Let o be the first first marginal of Ft](;/, and let
wr denote the correspondz'ng weak solution to the Boltzmann—Kac equation. Denote the cumulants
of the product measure @Y ur on RN by &l N[er]. Then, for all T = 0, we have

kN le] — 7N [e,]] < 2(N —1)72C™ nl = O(N ™). (3.2.1)

3.3 Some details of the proof

Most of the structure of the proof is given on the slides of the last lecture, and all the details can
be found from [I]. However, to illustrate the structure and highlight one trick which is particular
to the energy cumulants of the Kac model, let us look look at closure of the fully non-repeating
hierarchy separately here.

If s = (s1,...,8y) is a partition classifier, then the earlier derived cumulant hierarchy may be
computed as

d
Seles] = TP (s) + T/ (s) + T(s), (3.3.1)

where we first set L = L(s) := len(s) < n and then define

N S 4
Tbreak(s) _ 1 2 Z 84 ie<6 P (U' ’U')é>
t N —1 ' ! o Cs—(exi)-L0\Vi, Uj
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(3.3.4)

Note that for any s € 6, we have s; > 1 if i < L(s), and s; = 0 if L(s) < i < n. The names
of these terms stem from the type of partition classifiers that contribute to the linear operator
arising from each term: for the first term, the contribution comes from classifiers where one of the
components has been “broken” into two pieces, for the second term, the contribution comes from
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“fused” components, and for the third term, the contribution comes for classifiers where some
components have “exchanged” particles with each other.

To compute the contributions from each term on the evolution of the cumulants, we recall
the explicit form of Py and @y given in . For any m € N, we can employ the multinomial
theorem and conclude

m |
m!

Py )™ = D) Larnsemmy -y (~1)(sin(6)) 02" (cos(9))" (sin(8)) "o} o} (sin(0)) 5.
a,b,c=0 T
Therefore,
T d6 b m! koh k+4& m—k—%
J_W o5 Po(vi, v)™ = kéol{lﬁ—hém,h even) Tim — i = h)!(_l) 2%; “ey Lo nn,
(3.3.5)
where we have defined
™ do
Iy = J 2—(sin(9)2)“(cos(0)2)b , a,beNp. (3.3.6)
g 2m

Clearly, 0 < I, < 1, and these integrals can also be evaluated explicitly in terms of factorials.
Similar computation for Qo(vj,v;) yields

™ do m = m! kah E+2 m—k—
wa %Q@(Ujvvi) = khZ:O ]l{kthSm,h even} k'h'(m —k— h)'(_l) 2 eg 2 €; Im g

[N

)

(3.3.7)

Let us then look at the fully non-repeating case which has s = 1,, = (1,1,...,1). In the integral
over the random angle 6, any odd function of 6 evaluates to zero. In particular, this is the case
for the trigonometric term 2 cos(8) sin(6), and thus the first term in the sum may be simplified to

_1 Z ]]-{z;éj} Z Il{k l}J 7< —(1xk)- P9(”m”ﬂ)>

3,j=1

1 S g, .
N-1 Z Z Lz | 5-Cern—qxi Po(vi,v5))

n N T
LZ 3 11{#].}[ g (= sin(0)2)er, _axo e +sin(0)2Cer, _axnie)) . (33.8)

In the remaining sum, we distinguish between two different cases. If n < 7 < N, we can use the
symmetry to conclude that (:e;, _(1xs):€j) = K¢[e1,] since we can swap the labels for i and j.
Since also (:e1,_(1x4):€i) = kit[e1, ], these values of j will not contribute to the sum.

If1<j<n,j+#1i, wewill get a cumulant involving a repetition of the index j. We use the
symmetry to reorder the label sequence so that ¢ is moved to the end (position n) and j is moved
to the beginning (position 1). This yields (:e1, —1x4):€j) = Kele1,e1,_, ]

We recall that §" 29 sin(¢)? = 1 which allows to conclude that the right hand side of
is equal to

n(n —1)

~ o) Rele] = mlenen 1) - (3.3.9)

Similar evaluation of the remaining terms yields

d n,nr 3”(” — 1) n,nr n(n — 1)
&K/t’ = —mﬁt’ + mﬁt[el,el,eg,...,en,ﬂ +N<n(t) (3310)
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As indicated in the introduction, this evolution equation is linear for the order n cumulants and
has a non-linear source term involving the lower order cumulants. However, we can simplify the
linear part further, by using the conservation law.

Namely, by the permutation symmetry of F}¥, we have

=

Kt[N,ea,...,e,] = Kilei,ea,. .., en]

1
n—1)ker,er,...,en_1] + (N — (n—1))k"™. (3.3.11)

— .

Any joint cumulant involving a constant random variable and some other random variables van-
ishes. In particular, x:[N,eq,...,e,] = 0 above. Therefore, we have the following relationship
between the completely non-repeated energy cumulants and energy cumulants with one repeated
particle label:

N—-n-1) ,n
Kilei,e1, .. en_1] = —#Ht’ . (3.3.12)

Plugging this into (3.3.10)), we obtain

d nr nr
&nf’ =—D, K"+ Nep(t), 2<n<N, (3.3.13)
where the dissipation constant is given by

n 2n% —n
Don=—4 -2 "0 9<pn<N 3.14
NTIT AN oD " (3.3.14)

To solve the system of equations (3.3.13]), we define a family of new dynamic variables by setting

et V=D e

h2(t) = heN (t) = (-1 3.1
Our goal is to prove (3.1.19)) which is equivalent to the statement
|hS(t)] < O (e TN + 1), (3.3.16)
in the new variables.
Evaluating also the nonlinear terms explicitly shows that
L how) = Dy who () + T nf he ()RS, (1) (3.3.17)
de " e 2(N = 1)tre o e

This results implies the Duhamel formula

n—1 +
o _ D, Ntra n —Dy, N(t—s) o a
hn(t) =e N hn(o) + 2(N _ 1)1—04 lelL € Y h’m(s)hn—m(s)ds N

The final part of the proof consists of using the “goal” (3.3.16)) as an induction assumption, then
checking that the constant C' can be adjusted so that the assumption propagates.
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