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Abstract
This paper develops methods to study the distribution of Eulerian statistics
defined by second-order recurrence relations. We define a random process to de-
compose the statistics over compositions of integers. It is shown that the numbers
of descents in random involutions and in random derangements are asymptotically
normal with rates of convergence O(n~/2) and O(n~/3) respectively.

Mathematics Subject Classifications: 11B37, 60C05, 60F05

1 Introduction

In an earlier work [Ozd22], we studied the distribution of the number of descents in random
permutations by decomposing the statistic into martingale differences. The technique
relied on a submartingale construction by using the first order recurrence relations that
the Eulerian numbers satisfy. Then a well-known martingale limit theorem applies and
further techniques give rates of convergence in the central limit theorem. The rest of the
introduction gives a background to the work and outlines the arguments and results in
the paper.

Let D,, be the random variable counting the number of descents in a random per-
mutation of length n. One of the early results on the asymptotic normality of D, is by
Harper’s method [Har67], which applies to statistics whose distribution agrees with the
coefficients of a real-rooted polynomial. In particular, D, can be written as a sum of in-
dependent Bernoulli random variables where the probabilities are obtained from the roots
of the Eulerian polynomial. Then Lindeberg’s condition implies the asymptotic normal-
ity, whereas the martingale techniques give the following symmetric decomposition of the
same statistic. It was shown in [Ozd22] that

1 n
D, =E(D, - X;
( )+n;
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where the distribution of X;,; conditioned on Dy,...,D; is

{Di — 14, with prob. Dif:gl,

. i—D;
D; +1, with prob. 3.

The martingale techniques also allow us to infer the rates of convergence in the limit
theorem matching the rates in classical Berry-Esseen theorems at a cost of calculating
the fourth moment compared to the third moment condition of the latter. Nevertheless,
the main advantage of the martingale method is that it can be applied to other Fulerian
statistics, including those of polynomials that are not real-rooted, with no further difficulty
as long as they are defined by a triangular array with a first-order recurrence relation. So
we were able to extend our result in various directions, such as to the number of peaks
in random permutations, descents in certain conjugacy classes of the symmetric group,
descents in Coxeter groups and to vector descent statistics.

This paper addresses Eulerian statistics associated with triangular arrays satisfying
second-order recurrence relations. Our first example is the number of descents in random
involutions of the symmetric group, which is described in Section 2. Then, in Section 3, we
show that it can be written as a martingale difference sequence conditioned on an integer
composition. Let I, be the number of descents in random involutions on n elements. We
have

1
E [, | Cca(n) = a] = E(I,)) + - ZXai (1.1)
where C<y(n) = (a1, as,...) is a random (non-uniform) composition of a; +ay +--- =n
with a; = lor2, a; = (3., a;,a;) and {Xa}; is a martingale difference sequence.

The second example is the number of descents in random derangements, which is non-
palindromic (asymmetrically distributed about its middle term) unlike [,,, but it still
admits a similar decomposition.

In Section 3, in order to derive the decompositions of the statistics and investigate
their asymptotic behavior, we define a random process that allows us to decompose them
into serially uncorrelated random variables over random compositions of parts of size at
most of order of the recurrence relation. Then we study an illustrative example, the
number of descents in Fibonacci permutations, and prove various identities that can be
of independent interest.

In Section 4, we state the limit theorem for martingale difference sequences and prove
our main result, which can be combined in the following theorem.

Theorem 1. Let I, be the number of descents in random involutions and R, be the
number of descents in random derangements. Then

I, — E[1,] C R, — E[R,)] c’
suplP| ——=<z| —P(x)|[< —= and sup|P|—— <z | —o(0)|< —
xeg ( Var(I,) ) (=) Vn xeg ( Var(R,,) (@) vn

where ® is the standard normal distribution and C,C" are constants independent of n.
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In Section 5, we provide the extension of the method to recurrences of higher order,
which yields martingale difference sequences indexed by compositions with summands of
size at most the order of the recurrence relation. Then we give examples of both Eulerian
and non-Eulerian statistics defined by second-order recurrence relations that still elude
our asymptotic analysis. We conclude with a comment on a possible connection of our
work to autoregressive processes.

2 Eulerian statistics and recurrence relations

We first introduce the statistic of interest of the paper, then the subsets of permutations
on which we study it. Let S,, be the symmetric group. A permutation m € S,, is said to
have a descent at position ¢ if 7(i) > 7(i 4+ 1), and an excedance at position i if 7(i) > i.
A statistic that is equidistributed with the number of descents or excedances is called an
Eulerian statistic. In fact, the number of descents is equidistributed with the number of
excedances over uniformly random permutations.

The number of permutations with a given number of descents are counted by Fulerian
numbers. Let A, be the number of permutations of n elements with £ descents. We

define
Ant) =Y 90 =3 " A, 1,

TESH k>0

where des() is the number of descents in 7 € S,,. A,(t) is called the Eulerian polynomial
and has the rational generating function

% =3 " (k + 1)tk

k>0

Elementary manipulations in the sum on the right-hand side will give the following re-
cursive relation on the Eulerian numbers.

An—i—l,k = (k + 1)An,k + (n — ]{7 —|— 1)14”7]@_1.

The transition probabilities for the martingale associated with D,, are obtained from these
recursive relations, which is elaborated in Section 5 of [Ozd22] with examples in Section
6 of the same article. We will use those techniques in the following two examples.

2.1 Involutions

A permutation 7 is called an involution if its inverse is itself; in other words, 72 = 1.
Involutions consist of combinations of fixed points and transpositions. They do not form
a conjugacy class, but can be thought of as the union of conjugacy classes of permutations
that only consist of fixed points and 2—cycles. Before turning to the number of descents
in random involutions, we first consider the involutions themselves.

Let i, denote the number of involutions of length n. We observe that the number of
involutions of length n where n is a fixed point is 7,,_1, and the number of involutions
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where (in) is a cycle is i,,_o for 1 < i < n—1. Therefore we have the following second-order
recursive relation

Z'n = Z‘n,1 + (TL — 1)Z’n,2, (21)

which is employed by Rothe to list i; to ij9 [Hin00]. A comphrehensive account on
involutions can be found in [Knu73], which includes the asymptotic formula

1 n\ /2
: Jn ~1/2

It was shown earlier in [CHM51] that the growth rate Z’;—Zl is asymptotically of order v/n,
more precisely

Vi< <Vt ltl (2.2)

Zn
An interesting fact is that the number of involutions in the symmetric group S, is equal
to the number of standard Young tableaux of size n. A standard Young tableau of size n
is a diagram with n boxes of left-justified rows of non-increasing lengths, such that each
box is filled with a number in increasing order from both left to right and top to bottom.
Each irreducible representation of S, is represented by a diagram and the number of ways
to fill it in the described way gives the dimension of the representation,

in =Y dim(\). (2.3)

See, for instance, [Sagl3]. In fact, the dimensions of irreducible representations of any
group add up to the number of involutions if Frobenius-Schur indicators of its characters
are equal to 1, which is the case for Coxeter groups of type A (symmetric groups), B and
D [GP00]. We do not examine this topic further here except two identities (3.6) and (3.7)
in the following section, but note that our results are easily extendible to Coxeter groups
of type B.

n=1 1

n=2: 1 1

n=3 1 2 1

n=4 1 4 4 1
n=>, 1 6 12 6 1
n==6 1 9 28 28 9 1

Figure 1: The number of involutions of length n with £ descents, I,, 4.
The generating function for the number of involutions with a given number of descents

is obtained in [DF85] by identities involving Schur functions and Robinson-Schensted
correspondence between involutions and standard Young tableaux. It is also derived
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in [GRI93] from quasisymmetric functions of descent compositions as a result of a more
general formula including major indices. It satisfies the folowing rational form.

tk
ZI 1_tn+1:Z (k+1)>

n>0 >0 (I —w)kr(1 —u?)l 2

where )
Lt)y= Y %™ =>"1, "
{mm2=1} k=1

The coefficient of u" is given by

SR (@,

r=0 s=0

It is further studied in [GZ06] to show the unimodalty of I, (). It fails to be a log-
concave sequence, see [BBS09]. The gamma-positivity of the polynomial is proved in
[Wan19]. Applying Zeilberger’s algorithm to the coefficient of ¢t" in (2.4), the following

formula is obtained in [GZ06]. For n > 1,
nl,(t) = (t —t)I () +[1+ (n— D] L1 (t) + 2 (1 — )T _,(t) 2.5
+t(1—8)[3+ (2n = 5L, _o(t) + (n — D)1+t + (n — 2)t%| L5 (). '

Observe that I,,(1) is equal to the number of involutions, i,, and (2.1) can also be verified
by the formula above. Comparing the coefficients in (2.5), the second-order recurrence
relation below is shown in [GZ06].

k+1 n—=k+2

nt2k = oI + - Inii k1 26)
(k+1)*2+n 2k(n—k+1)—n+1 (n—k+2)>%*+n ’
+ 1+ I g Iy j—2.
n -+ 2 n -+ 2 n -+ 2

By the symmetry of the coefficients, I, 10 = I 42n+1-%. Therefore I,,(¢) is a palindromic
polynomial, which implies E(I,,) = "771

Next, we invoke the method in [(")zd22] to obtain martingales from the recursive re-
lations. Let I, be the random variable counting the number of descents in random invo-
lutions. Observe that I; = 0. Fixing k, we first write down the recursive expansions of
Lo g+1 and I, 1o 1o in addition to (2.6) as they include the terms I, ; or I,4; %, whose

coefficients will be the transition probabilities.

n—k+1 2k+1)(n—k)—n+1

I, - i

+2,k+1 + "t 2 +1k T+ ! &
(n—k)?*+n

Liiogya=""" g ink
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We replace k by I, and I,,1; in the coefficients of I, and I, respectively to obtain
the following process.

( (n+1)in (In+1)%2+4n

I with prob. int2  (n+1)(n+2)’
. (n4+1)ip 2(In+1)(n—1I,)—n+1
bt 1, with prob. int2 (n+1)(n+2)
Lo = {I,+2,  with prob. @i (n=l)*+n 27

iny2  (n+1)(n+2)’

Ing1 Ingp1+1
inie nt2

Iy, with prob.

. int1 n—Ipp1+1
\In+1 + 1, with prob. i a

2.2 Derangements

A derangement 7 is a permutation with no fixed points; in other words 7 (i) # ¢ for all
1. A standard method to count the derangements is the inclusion-exclusion principle. See
[Cam11] for two other methods and a short algebraic survey on them. The number of
derangements is defined recursively by

dp =nd,—1 4+ (—=1)" = (n — 1)(dp—1 + dp—2). (2.8)

It has the closed-form expression

d, = n! - (L) (2.9)

1=0

which is asymptotically ”;' In fact, d, is the closest integer to ”;' since the error term

in the Taylor expansion of e! evaluated at t = —1 is factorially small. The generating
function for the number of descents in derangements is

2" B (1 — z)ke#
;Dn(t)u BT ; (1= k2)

where

n—1
Dut)y=" > 0 =3"D, "
k=1

{m:Vim(i)#i}
The generating function is derived in the same paper of Gessel and Reutenauer [GR93]
mentioned in the preceding section. Evaluating the coefficient of 2" on the right-hand

side, we have
T =Y (D—l)" () k) 2 2.10)

k>0 1=0

The above expression is studied in [FLZ18], and they obtained

D,(t) = (=1)"t"  + (1 + (n — 1)t)D,_1(t) + t(1 —t)D!,_,(t), (2.11)
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for n > 2. Although D, () is not palindromic as displayed in Figure 2, it is unimodal and
the maximum coefficient appears in the middle, which is shown in [FLZ18]. The same
properties were obtained earlier in [Zha96] for the number of excedances in derangements.

n=2: 1

n=3J: 2 0

n =4 4 4 1

n=>5 8 24 12 0

n = 6: 16 104 120 24 1
n=": 32 392 896 480 o4 0

Figure 2: The number of derangements of length n with & > 1 descents, D, j.

In order to eliminate the alternating term, we expand tD,,_;(t) according to (2.11) to
have

Dyp(t) =14 (n—2)t)Dp_1(t) + t(1 =)D _1(t) + (1 + (n — 2)t) Dp—a(t) + t(1 — t)D;,_o(2).
Equating the coefficients on both sides, we obtain
Dn,k = (k' + 1>Dn71,k -+ (77, — k- 1)Dn71,k71 —+ an72,k71 -+ (n — k>an2,k72- (212)

As in the case with the involutions, we define the following random process that gives the
number of descents in random derangements of permutations of length n at its nth stage.
We denote it by R,, in order to avoid confusion with the number of descents in random
permutations, and note that Ry = 0. The random sequence satisfies

R, +1, with prob. el caw T

R, + 2, with prob. e (1

(n+1)dny1 Rug1+1
dnt2 (1)

. (n+1)dn+1 n—Ry,
\RHH + 1, with prob. o *! (n+1§1

Rpis = (2.13)

R,.q, with prob.

Having defined I,, and R,, as random processes, we are able to treat them in a general
setting.

3 Random decompositions

The aim of this section is twofold. It is to lay the groundwork for the study of the statistics
described in Section 2 and to deliver the intuition for the recursive methods of the next
section by an example. Regarding the former, here and in Section 3.1, we show how
to transform the recursive relations defined by second-order recurrences as in (2.7) and
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(2.13) to a forward moving process. This can be compared to the martingale derivation
for descent statistics from the first-order recurrences in Chapter 5 of [0zd22]. In the
second part, Section 3.2 and 3.3, we give a simple example for the process, and develop
an approximation method by demonstrating its use on the example, which is then to be
used in Chapter 4. We also derive some combinatorial identities of independent interest.
Consider a stochastic process {Z,},>1 obeying the following rule.

Z - {Zn_z + f(Zn—9), W%th prob. ¢,, (3.1)

Zn-1+ f(Z,—1), with prob. 1 — g,

where f is some measurable function. This process can be viewed as a general form of
(2.7) and (2.13). The martingale methods do not immediately apply to {Z,},>1, since it
is non-Markovian,

E[Zn‘fn—l] = (1 - qn)Zn—l + ann—2

where F; is the o—field generated by Z1, . .., Z; and assuming that the increments f(Z,_2)
and f(Z,_1) have zero mean. The process can be updated from Z, 5 besides Z,_1; we
call an update a two — jump in the former case and a one — jump in the latter.

3.1 Binary words to compositions

We now describe how to split the random variable Z,, once we keep track of the jumps of
Z, as whether it is updated from Z,,_s by a two-jump with probability ¢, or from Z,,_; by
a one-jump with probability 1—g,. We assume that the first update is always a one-jump.
What we end up with is a binary word w of n letters which starts with 1. This does not
directly give us the decomposition of Z,. But if we discard all entries left to 2s starting
from the rightmost letter of the word by disregarding the already discarded 2s, we can
label the indices of the decomposition by the remaining ones. Let 1) denote the mapping
of the discard operation, for example

w: 1 2 1 2 2 1 2 11 2 2 2

P(w) : 2 1 2 2 1 2 2 (3:2)

The latter string is indeed a composition of n of summands of size at most 2. We denote
the set of compositions of n consisting of only 1 and 2 by C<a(n).

Next, we formalize the idea by defining a process that generates integer compositions,
which will allow us to decompose Z,, over its outcomes and express it in the martingale
setting. We first generate a step-ahead copy of the process and then couple two processes
in the following way to retain the information from the previous stage and to define the
two types of jumps at every stage. Consider a vector ¢, = (Z,, Z,_1) of random variables
with the update rule

(anl + Xn 1,2 Zn) with pI"Ob. dn+1,
Gt = { i i (3.3)

(Zn + Xn+1,17 Zn) with prob. - n+1
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where X111 and X,,1; 2 may depend on (,. We take (y, = Zj. One-jump means that
the particles move one step forward together, while two-jump means that the particle in
the back moves two steps forward and the particle in the front stays at its position. See
Figure 3 and the accompanying explanation below.

Starting from the bottom, we move

° along the diagonal path on the right in
o o the north-west direction to obtain the
¢ o decomposition. If the color alters, it

o o

means that process is updated by a two-
jump, X, o, otherwise it is updated by
X, 1. For instance, if we take the un-
paired particle Z; = 0 and update the
positions of the others according to the
o o rule (3.3), then we end up with Zis
PP which decomposes as Zjo = Xio9 +
LI Xi02 + Xg1+ Xro + Xs2 + X311 + Xop
L where the color indicates the particle on

which the update is based.

Figure 3: An example of an update rule to obtain the decomposition of {Z,},>1. The
rows of particles in the figure represent (o, (1, ..., (1o

We denote the composition obtained from ¢, by the random variable C<s(n), which
is recorded by the secondary subindices of differences. For the example above,

P(Ces(12) = (2,1,2,2,1,2,2)) = q2(1 — ¢3)g597(1 — g8)qr012-

We color the summands in Figure 3 to indicate the dependence of the jumps on
the preceding stage. However, if the jumps form a martingale difference sequence, i.e.,
E[X;1|Fi—1] = E[X;2|Fi—1] = 0 for all 7, then the random variable from which the differ-
ence is obtained has no correlation with it, thus no color is needed. In Section 4, either
the jumps are already in that form (in the case of involutions), or will be shown to be
close enough to that form (in the case of derangements) for the asymptotic analysis.

3.2 A deterministic example and some identities

In order to explain the idea in the previous section with a simple example, for which f in
(3.1) is deterministic, we consider the Fibonacci permutations. A permutation 7 is called
a Fibonacci permutation if |7(i) — ¢| < 1. The restriction implies that 7 consists only
of fixed points and pairwise adjacent transpositions, which makes it an involution. For
instance,

7 =1(23)45(67)8(910)

is a Fibonacci permutation. If we take 2s as transpositions and 1s as fixed points in the
second line of (3.2), we have a bijection between Fibonacci permutations of length n and
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C<2(n). They are counted by the (n — 2)nd Fibonacci number. Fibonacci numbers satisfy
the simplest second-order recurrence relation,

fn = fn—l + fn—Q

with the initial condition that fy = fi; = 1. This recursion can be verified for the number of
Fibonacci permutations by the process of either adding n as a fixed point to a permutation
of size n — 1 or adding the transposition (n n — 1) to a permutation of size n — 2.

Let F,, be the number of descents in random Fibonacci permutations. Observe that
the number of descents agrees with the number of transpositions in these permutations.
Moreover, the short proof of the recursion above defines a descent counting process; the
former case has no contribution to the number of descents while the latter contributes by
1. This gives

F,+1, with prob. =,
e (3.4)

., with prob. J;:—E

Fn+2:

Each jump takes value either 0 or 1 with probabilities independent of F,.

We can directly compute the mass function of F,, ;5 by using the map in (3.2). By
(3.4), Fy42 is equal to k if and only if there are k gaps, associated with k two-jumps, in
the second line of (3.2). The following sum for P(F), 12 = k) is over all possible locations
of gaps, denoted by (ji, ..., jr). We also need to consider the all possibilities for discarded
jumps in the first line for w in (3.2). There are two possibilities for each gap, either a one-
jump or a two-jump. In the first line of the sum below, these probabilities are respectively

;ff j and ? j which immediately precede the probability of the two-jump, ! ]}_.2.
Ji—2 fi—2 fj—3fj—2>
Pz =H) 2 o fie \ S fi fi f5 ) i

1<j1 < <G < <G

— Z Jio (s + Jim2) fj—2 - fara
1<y < <G< < fareefiafiafifivn - fusa
1
= 1
T2 1< 1 <<
)
fn+2

See [DGHO1] for a shorter argument for the above result and the use of the following
generating function

0= 5 (3 )= () ()

k=0

to calculate

5—v5 1—+/5
= n+
10 10

+O(e™) and Var(F,) = % +O01).  (35)
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The asymptotic normality can be obtained by the methods listed in [DGHO1]. A par-
ticularly interesting one is an application of Harper’s method to the number of edges in
random matchings of graphs, where F), is associated with (n — 1)-path [God81]. Further-
more, observing that the number of edges in the matchings of the complete graph K, on
n vertices is equidistributed with the number of transpositions in random involutions, the
author of [God81] shows the asymptotic normality of the latter as a corollary.

Next, we apply the same idea for the computation of P(F}, 2 = k) to obtain identities
from the recurrence relations that the number of involutions and derangements obey.
Considering the jump probabilities % and Z:—i; in the case of involutions, we sum
over the number of 2-jumps (or, equivalently, the number of gaps in (3.2)), which we
denote by k, to have

1= 3 (%’—2 U =Dz (= 2)ijs( = 1)%‘—2)
g \ij i 3 i iigr -

. Ti_ Ti
1 1<j1<<G<<jk i—1 J -1
2 k
SRR | (I e L e
- s . . . . s
Z ~~~Z»_ Z,_ Z>Z~ n"/l/
k=1 1<j1<--<j<--<jj s=1 2 J—2bj—1%5%5+1 n+2

| 252 ] k

> > lIG-v

k=1 1<j1<--<j<--<jj s=1

1

In42

Thus, by (2.3), we obtain

STl Otat ot a) =i = Y dim(A) (3.6)

acCga(n) {i:a;=2} AFn+1

where A runs over the partitions of n+1, which in fact label the irreducible representations
of the symmetric group. If we take n! instead of i,, above and observe that n! = (n—1)! +
(n —1)%(n — 2)!, we have

> Il O+a++a)’=@n+1= > dim())’ (3.7)

ac€Cga(n) {i:a; =2} AFn41

by the well-known fact in representation theory that the sum of the squares of the di-
mensions of irreducible representations of a group is equal to its size. The formulas (3.6)
and (3.7) (communicated to Persi Diaconis by Richard Stanley [Dial8]) in terms of bits
of binary strings with no two consecutive ones are already stated in [Dial8].
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Similarly, using (2.8) in the case of derangements,

[242] . ) ) .
1=y ) d ((J *d?)dj—z (j *Cll)dj—z n (j *d?)dj—s (j cli)dj_2> -
k=1 2<j1<"'<j<"'<jk j72 jfl J j71 J j+1...
[242) ) ) .
S 3 dy---[(j —2)(dj—3+dj2)](j —)dj_2j---(n+1)dns

dy - dj_od; 1djdji1 - dpyo

k=1 2<j1<-<j<-<jk
[2+2]

S D | P

n k=1 2<j1<-<j<<jg s=1

We then obtain the following identity by (2.9).

S~ (-Df
Ol | [ m—
aEC<2(n) {i:a;= 2} k=0

recalling that a = (a1, aq,...) is a composition of n with parts of size 1 or 2.

3.3 Approximated distributions

We have discussed how the randomness is inherited from binary words to compositions
over several examples. The exact expressions for statistics over compositions are usually
difficult to derive. In the remainder of this section, we discuss how to approximate those
expressions with the help of binary word statistics. We start with the Fibonacci permu-

tations. The ratio £ 7+, which defines the probabilities in (3.4), is well-known to converge

to ¢ = H‘[ and satisfy the equation p? = 1 + ¢. The error term in the ratio is
n 1
Jui1 ‘ < , (3.8)
fn Spnfn+2

see Section 1.35 of [Vorl2]. The expected value of F), can be estimated by the expected
number of two-jumps minus the expected number of adjacent two-jumps since only two-
jumps contribute to F,. Then to compensate for the case with three two-jumps in a row,
we add its expected value and so on. This will give us an inclusion-exclusion argument.
Considering that the probability of a two-jump is approximately % by (3.8), we have

E(F,) ~ i (CDin=9 _5- \/gn +0(1).

— @2Z+2 10

In general, we consider a binary random variable B(p,«, 3) that is equal to a with
probability p and equal to 8 otherwise. If the mean of B(p, «, 3) is zero, we will write it
as B(p,a). Let T, = > 7_, B(qk, Br.1, Br2). Now, we associate the summands of T,, with
letters of a binary word and define a new statistic. Let w be a binary word of length n.
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By an abuse of notation, we define the random variable 1 (7},) induced by the function in

V(L) (w) = Z Bay (3.9)

j=1
oo B(fi—2/fi,0,1), then ¢(T;,) = F,. Although we will derive more indirect bounds for
¥(T,) in our two main examples, we provide the following upper bound on the variance
of (T,,) that could be useful in the study of different examples.

where ¥(w) = (a1, az,...) and a; = (ZZ aj,ai>. For instance, if we take 7;, to be

Lemma 2. Let T,, = Y ., B(pi, ;) where the summands are independent zero-mean
random variables. Then Var(y/(T,,)) < Var(7},).

Proof: By the conditional variance formula,
Var(T,) = E[Var(Ty| Cep(n))] + Var(E[T,| Cos(n)]). (3.10)
Since the summands of 7}, have zero mean,
E[T,| Ces(n)] = E6(T)| Cealn)]
Observing that (7}, is deterministic conditioned on the composition C'cs(n),
Var(E[T,,| C<a(n)]) = Var(4(T))

The result follows from (3.10). O

Remark 3. If we take T,, to be the sum of Bernoulli random variables with an identical
success probability and 1 assigned to two-jumps, such as in the approximation to E(F,)
with p = 1/¢p, the conclusion of Lemma 2 holds true, which can be shown by conditioning
on the number of two-jumps.

4 Limit theorem and the rate of convergence

In this section, we study the asymptotic distributions of the processes defined in Section
2 by martingale limit theorems. We already mentioned that these processes do not yield
martingales; however, we can write them as random sums of martingale differences as
outlined in Section 3.1. For each statistic, we first study the moments, then apply the
theorem stated below, and finally address the randomness of the martingale difference
sequences.

Let us start with the statement of a Berry-Esseen type limit theorem, which can be
found in [0zd22]. Suppose {X;};>1 is a martingale difference sequence. Let us denote
E(X?) by o7 and observe that s2 = E(S2) = Y7 | 02, which follows from the fact that

E(X;X;) = 0 for i # j as X; and X, are martingale differences. Our first assumption
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below is rather a technical condition. It imposes the variance of martingale differences to
grow polynomially.
o

"< o (4.1)

o
1 < liminf v < limsup o
n n Sn

Sn
Then the theorem is as follows.

Theorem 4. Let {F,},>1 be an increasing sequence of o-fields in F for a probability
space (2, F,P). Suppose that S, is a sum of martingale differences X; that satisfy (4.1)
and Y; = X;/o;. If

sup Vi |E(Y2|Finy) — 1|, < 00 (4.2)
sup Vi [E(YV? | Fim) |y < oo, (4.3)
sup |E(YF-1) | < o0, (4.4)

for some p,p’ > 1, then

sup |P(S, /s, <t) — (1) < Q

teR vn

where C' is a constant independent of n and ® is the standard normal distribution.

The idea is to show that the theorem applies for any decomposition determined by the
outcomes of the particle process defined in Section 3. We treat each statistic separately
as they have distinctive features.

4.1 The number of descents in random involutions

Let us take Z, = n (In — ”T’l) , the zero-mean stochastic process for the number of de-
scents in random involutions. Define the central random variable W; = I; — % We use
the method described in Section 3 to write Z,, as a random sum of martingale differences.
Taking ¢ > 2, we denote by X, ; the martingale difference of the one-jump at the ith stage,
which is Z; — Z;_; conditioned on F;_;. From (2.7), we have

with prob. § + Wit

W, (4.5)

%

‘/V'ifl - %7
Wi_i + %, with prob. % —

On the other hand, the two-jump at the ith stage is denoted by X, and given by the
difference Z; — Z,_5 conditioned on F;_s as below.

(Wi_a+552) 42
-1 ;

Wi_9 — %, with prob.
Xjp =ili—(i-2)li2-2i+3 =24 W,g,  with prob. 2W=ta )(a W) i3 - (45
. =1y o) i
Wi_o+ 5, with prob. (5 i(i_i)) 2

We observe that both E[X;;|F;_;] and E[X;2|Fi_s] are equal to zero. Therefore, any
additive combination of them forms a martingale difference sequence.
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4.1.1 Variance

We use the generating function (2.5) to bound the order of the variance by the falling
factorial moment formula below, see Section II1.2.1 of [F'S09].

BX(X — 1) (X — 74+ 1)) = I}S:g) 3 (4.7)
where 1. (t) is the rth derivative of I,,(¢) given in (2.5). We then have
nl(t) = (n = DI(t) + (t = )15 () + [2+ (n = 31, (1)
+ 21— 1)1 () + (1 —t)[5 + (2n — ]I (1)
(4.8)

+[3—6t+ (2n —5)(2t = 3t*) + (n — 1)(L +t + (n — 2)t*)]I}_,(t)
+ (n— D)1 +2(n— 2)t]L,_5(t),
and the second derivative is
nl(t) = (t — )L (t) + 3+ (n = 5)t Iy () +2(n — 2)I;,_(t)
F 21— )21, () + (1 — [T+ (2n — 13)4 17, ()
+[8 — 24t + 122 +2(2n — 5)(2t — 3t2) + (n — 1)(L + ¢ + (n — 2)t)] I _,(t)
=6+ (2n—5)(2 = 6t) + 2(n — 1)(1 + 2(n — 2)1)|I,_, (1)

+2(n — 1)(n — 2)T,_s(t).
(4.9)

Plugging in t = 1 in (4.8),
nll (1) =n-1)I_()+n-1)IL(1)+(n-2)(n—1)I ,(1)+(n—1)(2n—3)I, »(1). (4.10)

We take ¢, = %, the probability of a two-jump at the nth stage. From (4.10), we
have

n

n—1 n—1 2n —3

ﬂn—l +

o = In- (4.11)

n—2
:|(1_Qn>+|: /~Ln—2+
n n

LM
I (1)
equation that y, = “51. Then the second equation (4.9) gives

Using the formula py, = for k =n —1 and n — 2, it can be verified from the above

nl (1) = (n=2)1 (1) + 2(n = 2)L,(t) + (n — 2)(n = 3) 1, ,(1)+
+2(2n = 5)(n —2)I)_4(1) +2(n—1)(n —2)1,-2(1). (4.12)
Using the moment formula again, we have

—2 —2)2 —2)(n— 2n? — 11 2
n n(n —1) n

an
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where \,, ;= E[[,,(1,—1)]. Recall that I; = 0. Since the expression for the second moment is
a second-order recurrence relation, it is difficult to obtain the exact solution. Nonetheless,
we can view it as the expected value of the following stochastic process

(n=2)(n=3) o 2n%—11n+20 -

e Ao + ==, with prob. g,

A, = (n=1) e (4.13)
”T_QAn_l + %, with prob. 1 — q,,

with A; = 0. The expectation E(A,) = A, can inductively be shown from (4.13) by

assuming E(A;) = \;. Next, we define another process below to bound E(A,,) = \,. Let

- 9.
Av="" R, 1 4n (4.14)
n

with Kl = /~\2 = 0. In order to compare it to the initial process, we write the latter as

(n—=2)(n—3) 2n2—3n42 .
- {WA”_2+ —InE2 - ith prob. gy,

”T_QJN\n_l +n, with prob. 1 — g,
Since both the additive terms are larger compared to (4.13) for n > 3, the expected value

of Kn is larger. B
Defining A, = E(A,), we have

- 9
Py I (4.15)

from (4.14). Therefore, we can bound A, using the first order inhomogenous recursive
relation (4.15). For a recursive sum obtained from the form A, = a,A,_1 + b,, we have

the formula
k=1 i=1 Hj=1 aj

in Section 2.2 of [GKPL89]. Let us take a, =
Ay = ag = by = 0. Then we have,

n—2 n—2 . n—1
~ k Jj+2 1 3 o (Bn+2)(n+1) 1
ATL: _— — 3— 2: — .
( k+2)2; n<n_1>,20~7 / 12 n(n—1)

Therefore,

sbn = n+ 2 for n > 1, and set

Bn+2)(n+1) n-1 (n—12%* 17n—4
1)< _
Var(ly) 12 T 4 12

—0(n). (4.17)
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4.1.2 A bound for the fourth moment

In order to apply Theorem 4, we need estimates on the moments up to the fourth degree.
Let us first write down the higher conditional moments of the martingale differences using
(4.5) and (4.6). For ¢ > 2, the second moments of the martingale differences are

E[X?|Fia] = - - WL,
| f(z ) 2(i—2) 26-2) (4.18)
E[X2|Fii] = —— L Twe,
[ Z,2|‘F 1] 2 + 7/_ 1 Z _ 1 i—2
The third moments of the martingale differences are calculated to be
1:2
E[Xzﬂfi—ﬂ = §Wi—l —2W7
3 3 N 9 122 (4.19)
EXLFq=—————4) W <+ 97 — - W,_a,
il = (g =) Wit (00— 225 )i
and the fourth conditional moments are
it 2
E[X|Fia] = — + S Wi, —3WL,,
’ 1?18 i i3+ 16i? + 6i — 48 43(i — 2) (4.20)
E[X32|-7:i—1} = sz{Q -2 < 1 > Wiy +i%(i—1) + o1

Next, we use Rosenthal’s inequality, see Section 2.1 of [HH14], to bound the fourth
moment of the sum of the martingale differences. The inequality is as follows.

E ( ) <o, (E (Z E[Xfm_l])

n
> X
i=1
where C, depends only on p and {X;};>1 is a martingale difference sequence. Relying on
the recursive structure of the martingale differences in our case, which is not a property of
martingales differences as such, we will bound the fourth moment of W,, recursively. For
the third moment condition in Theorem 4, we will use Lyapunov’s inequality in the proof
of the main theorem. Recalling that W,, = I,, — EI,,, we denote the sum of martingale
differences for a given composition a as follows.

p/2 n
+ ZE(|XZ-|”) (4.21)

Spa = E[nW,|Cea(n) = a] = Y X, (4.22)

Moreover, we note that

n‘EW, = Y ES; P(Cx(n)=a)

a€C<2(n)
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by the law of total expectation. Taking p =4 in (4.21), we have

2 n
ES, . <Cy|E (Z E[X§i|}}_1]) +) EX,
i i=1

Therefore,

acCqa(n

2 n
n*EW*<C, max |E E[X2|Fi_ +y EXx*
n 4 ) ZZ: [ a,| 1] ; a;

We then take X3, = X5 = 0 and apply (4.18) and (4.20) to have the following upper
bound:

2
EW? < n—j E (Z%JFWZ?) +EZZ,_ 1WZ-4+EZ%WE +Y i+ O3
=2 =2 =2 =2
C n n
SRR SRS SRR )
n =2 =2 2<i<y
C n n
< 0P+ Y EWZ+) CEW + Y ./EVI/;‘*EWf)
n
i=2 i=2 2<i<j

where the last line is by the Cauchy-Schwarz inequality and Cj is a constant independent
of n. Assume that EW} is an increasing function of i. Since EW? = Var([;) < 2i by
(4.17), we have

nd

4
By < (14 L VBV

which implies
EW! = O(n?). (4.23)

If W; is not increasing, letting EW? = max;<;<, EW}, we find that EW? is smaller than
Ck? < Cn? for some constant C' by running the same argument for » in place of n. The
conclusion (4.23) holds true.

4.1.3 The asymptotic normality of the conditional distribution of I,

We verify the conditions of Theorem 4 for I,, conditioned on a for all a in C<3(n). Since,
below, the martingale differences will be treated in the same way regardless of whether
they are obtained from one-jump or two-jumps, we will use single subscript for the mar-
tingale differences for notational convenience. For instance, the example in (3.2) for Z;y
would give

(X1, Xr) = (Xoo, X31, X529, X72, Xg 1, X102, X12,2)- (4.24)
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Recall the definition o7 = E(X?). Since E(X?) is of order 7%, the condition (4.1) is
satisfied. Then from the first case in (4.18), we have
E[X?|Fin] — o = -W2, + E(W7,).
Thus,
[ELX?IF] - ol = E [|W2, —EW2)[].
Since E(W?2,) < 2i for all ¢ by (4.17),
IE[X?|Fio] - ofll; = O).

Taking the square root of the above expression and dividing by o2, it is of order less
than v/i. The same line of argument with different constants applies to the second case
in (4.18). Therefore, (4.2) is satisfied for p = 2.

For the next condition, we bound

IELXC|Fia]llh < E[[@2Wi +4W2, "] (4.25)
We take p = 4/3 in (4.25), then it is bounded by

) 4
E [({”’/i?\Wil\ + ﬂym,ly) }
<CE<Z-8/3’M/i_1|4/3 +Z-2|m_1|2 +i4/3|Wi_1‘8/3 +Z~2/3|m_1|10/3 + |Wi—1’4)
=0

where the last line follows from Lyapunov’s inequality,

VEWia]" < VE[Win] = 0(Vi) (4.26)

for 0 < r < s, and the bounds on the second and the fourth moment, (4.17) and (4.23) re-
spectively. The second case in (4.19) is treated similarly. Therefore, *V/i|E[X2|F;-1]l1/3
is also uniformly bounded.

For the last condition, we have

Z’4

Il = | 5

+ 21’2VV£1 + 3Wi471 = 0(14)

as |W;_1| < 52. Then since o; is of order 4, [|E[X}|F;_1]|~ is uniformly bounded. The
two-jump case is essentially the same, thereby (4.4) is satisfied.
Thus, the asymptotic normality of S, 5 follows from Theorem 4 with an error term of

order less than or equal to n=%/2, i.e., for all a € C<s(n),
‘P (Sn’a < x) —P(z)| < © (4.27)
Sn.a NLD

where s, 5 is the standard deviation of S,, ». In the following part of the section, we will
have an explicit expression for Si,a' We note that C' is independent of n but depends on

the limiting values in (4.1); we refer to the proof of Theorem 4 in Section 7 of [0zd22] for
the details.
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4.1.4 Proof of Theorem 1 for I,

We first define 22 := Var(Z,) recalling that Z, = n(I, — E(I,)). We will show that
the Kolmogorov distance between % and the standard normal distribution is smaller

than a constant times n~'/2. In other words, for any z in R, we will prove that the
distance between the probability below and ®(x) is less than Cn~'/? for some constant C
independent of x and n. By definition,

P(Z, < z7) = Y P(Spa < 22)P(Cea(n) = a)

aGng(n) (4 28)
S?’La n ’
D < a < Z—x) P(Ces(n) = a)
a€C<2(n) Sn,a Sn,a

We start with an estimate for s, , to show that it is close enough to z,. Note that zi is
the average value of s2 _, i.e.,

n,a’

=Y s.P(Cxun)=a) (4.29)

aEC<2(n)

by the law of total expectation. Since the summands of S, 5 are uncorrelated, its variance
decomposes as

Sna=> 0p (4.30)

where 02 = E(XZ). Now, considering the coefficients of i* in both types of differences in
(4.18) and the bound (4.17), it follows that

Ln/QJ -\ 2 n -\ 2
3 (2;) +O3) <2<y O L ow).
i=1 =1

which implies
2 TL3 —f—O( 2)
Sp 0= —— ne).
n,a 12

Thus, |s; . — 22| = O (n?) regardless of the composition of Sy, . Then since s, and z,
are of order ny/n, we have |s, . — z,| = O(y/n), or, in other words,

Cl

<14 — (4.31)
n

Sn,a

for some constant C’.

Remark 5. In fact, S, » typically consists of two-jumps. If we define 7,,= """ | B (\iﬂ, 1, 0>

as in Section 3.3, which gives a binary approximation to the number of one-jumps in
(2.7) and bound it from above by the estimate (2.2), then we can show by Chebyshev’s
inequality that the martingale difference sequence has less than 4,/n one-jumps with
probability at least 1 —n~/2,
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Now, it follows from (4.28), (4.31) and (4.27) that

P(Z,<zz)< Y P (S”’a < (1 + \%) x)

S
aECQQ(n) A

@(1+£)x
n

Finally, we use the following estimate,

< +Cn~ Y2,

—1/2

V2r

m™mn

4.2 The number of descents in random derangements

[@((1+a)z) =@ (2)] <

a (4.32)

for a € R, to conclude that

‘p (Z:<0) - 0w

Zn

N

Let Z, = (n—1)(R, — uy,) where p,, :== E(R,,). We will show that Z,, converges to the nor-
mal distribution as in the previous section. However, we have two major differences here.
We start with noting that neither Z; — Z;_1 nor Z; — Z,_5 render a martingale difference.
Although the conditional expectation for the former is deterministic, the latter cannot
even be corrected by an additive term. Yet, we observe that the conditional expectation
of Z; — %Zi_g is constant. We thus need an adjustment factor in the decomposition of
Z, into martingale differences, which is the first major difference. For example, if the
composition is of the form (...,2,1,1,1,2,2,1), then the differences are

Znio =(n+ 1)Rpio —nRyi1+
nRy1—(n—1)R,_1+
n—1
n—2

(Z - i) (Z - ;) (n =4 Ry — (n—5)Ry 4] +
(Z - i) (Z = ;) [(n = 5)Rpg — (n — 6)Ryy_5] +---

Let us denote the product of adjustment factors down to the ith term by

[(n—2)R,_1 — (n—3)R,_ 3]+

The following bound will be useful,
[n/2]

L) < PV = [T gy <4/ 5 (1+007). (133)

k=1
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which is a consequence of Wallis” product formula, see 6.1.49 of [AS64].
The second major difference is the deterministic additive term, denoted by «;; for
one-jumps and «; o for two-jumps below. From (2.13), we have

Zi— Zion = X1+ o1

where
R;_1 — i+ 2, with prob. R(’Z 1;51, ( )
Xi1 = 4.34
R, 1 +1, with prob. == }f; !

and ;1 =1 —2— (i — 1)p; + (i — 2)p;—1. We split the difference in this particular way
to guarantee E[X; ;| F;_1] = 0. Similarly,

j — 2
Z; — Z — BZi—2 = X2+ o (4.35)
where
R; 5 — 1+ 2, with prob. R(ii‘_g;gl,
Xig = o (4.36)
R 2+1, with prob. - T
and Q0 1= 20 —3 — (Z — ]-)/M + (Z — 2):“1'—2
Thus, considering both differences, we have
E[Z,|C<s(n ZF ) (Xa, + Qa,) (4.37)

compared to (1.1). Let us use the notation S, » and o, a for Y, I'a(i) X, and Y. T'a(i)aa
respectively.

4.2.1 Moments

We use the factorial moment formula (4.7) to estimate the moments by the generating

function (2.10). The first derivative of D,,(¢) is
D! (t) =(=1)"(n — Dt" 2+ (n— 1)Dp_1(t) + (1 + (n — )t)D,_,(t) (4.38)

+ (1 =26)D) _(t)+t(1 =)D (1.

We denote D! (1) by d/, for notational ease. We evaluate the above expression at t = 1,
(0= 1)+ (1= Deyr + (0= D,

D"(n=1)+ (n=1((n = Dduz + (=1)") + (n = 1)d;,_,
n—1)dn+ (n—1)d, ,

)
(=
(=
= (

The following recurrence relation for the expected value follows from (4.7).

. (n — ]-)dn—l (TL — 1)2dn_2
Hn = dn Hn—1 + dn .
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By the recusive sum formula (4.16),

(dek>(”i kdk):n—l ”:%

di+1 —~ A1/ o dea

Then using the closed-form expression for the number of derangements (2.9), we have

nflmQ n-l n-l n-t nin—1 (7 +1 —1)
s = <Zk> Z<(2 )_J(J2 ))(ﬂ>,

m=1 =0 \k=j+1 j=0

The contribution of the first term in the paranthesis on the right-hand side is

n—17“1 nin—1) [ (=17 (=1)"+
j! _ i >(Z(ﬂ>+< J )

Jj=0 J=0

considering the error term in the Taylor expansion of e™*. We then evaluate the second
term as follows.

M

n—1 — .
A (—1)3 d (_1)] j+2
32 dUt )= D
§=0 r=1 j=0 J
d e 1 — 1)1
dm 2 2 2_: I+ —1)!

\_/ \

:_w(

The error term estimate also implies e/ > " i=0 Jl,)] =0 ( -1 ) Therefore, we have
n—1 1
ER, = — . 4.
R, 5 +2n+0(e ) (4.39)

Regarding the second moment, we differentiate (4.38) to obtain

d, =(-1)"(n—1)(n—2)+ 2n —4)d,,_, + (n — 2)d; _

n—1
where d!! := D, (1)”. Then the recurrence relation

(n—2)d,— — (2n — 4)dp—1 10— N (—1)™"(n—1)(n—2)

An = d, d d.

(4.40)
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for A, = E(R,(R,, — 1)) follows from (4.7). We apply the same formulas (4.16) and (2.9)
0 (4.40) in this case.

n—1 n—1 m
A\ (H (k:—l)dk> (Z (2m = 2)dmptm + (=1)"H'm H k-1) dk>

s Tk = dm+1 di+1
(-2 (& (2m = 2)dnir, n—2 — (=)™ lm(m — 1)
 dp (TnZZ:Q (m—1)! mz:: (m—1)! )
n—2) (<=2 2m-2)m! fm—1 1 oV s (D .
-t dn) (ﬂ;((m—l))! < 7 o Tl )>;(i!) e )>
n—1 m i U ISR RY
:n(nl—l) S m(m —1)2 <Z (_Z,l) 3 (;)> + o(n)
m=2 i=0 ’ i=0 )
— 1 S S_om2am b o(n
_n(”—l)mzz:z(m 2m? + )<1+O<(m_2)!>>+ (n)
:3n21—211n+0(n).

Finally, we obtain the order of the variance from the second factorial moment.

Var(R,) = 2 1_2””+”;1 - (”;U +oln) = 12 + ofn). (4.41)

4.2.2 The deterministic term

We consider the sum of the deterministic terms in (4.37), oy, as a random variable over
the compositions in C<s(n) and bound its moments. We will eventually show that it does
not change the asymptotic distribution but possibly affects the rate of convergence in the
limit. Define

a;2  with prob. (i=1)di—2
o; = .
' o;1  with prob.

From the formula (4.39) for pu,,

—% +0O(@G™Y)  with prob. (=Ddio1

o = {% + O(i_l) with prob. (i_l)fii—Q

Since Zi—j = 1%1 +o0(e™) by (2.9), «; is bounded above by B ( L —%) up to an exponen-

tially small error term. We then bound the adjustment factor for the ith term in the sum
(4.37),

L25%) .
. n—2+1 n
L) < [ —=— <4/ (4.42)
=1
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by (4.33). Let B; = {B (1 ,—%)’ and define

- n
Up=>_ \/;Bi. (4.43)
=1

Observe that

1 AR 1 :
EB, =1-— 5 and EB; = o + O(i™") for all integer k > 2, (4.44)
i
which give
Z” 1

EU? < (Z it > ) 2, (4.46)

1<4,5<n

n .9 .
1“4+ 1 1+ 1
U3 < nvn +3 : = | < 10n3,
(Z 8Z\ﬂ Z 42\[ 1<Z2J;<n Z]

=1 1<,5<n

1 2 + - (i +1)( 1
EU* < n? ! | <20n*
n ST (Z o7 T4 3 62, 162] m;m NG "

=1 1<i ]<n 1<e,5<n

by expanding the powers of U, and using the independence of its summands. Since
|n,al < ¥(Un) < Uy, we have
Ea) , = O(n") (4.47)

for k=1,2,3 or 4.
4.2.3 A bound for the fourth moment

Let us define W;; = R;_1 — % and W, o = R;_o— % and also the central random variable
W, = R; — E(R;). It follows from (4.39) that

Wir =W, 2 + =+ O(c™)
& B 2+12(z—1)Jr ‘( ) (4.48)
Wia =W, + ) +O0(e™).
By (4.34) and (4.36), the second moments of the martingale differences are
Bz 7] = e, (4.49)
for W; . = W; 1 or W, . Similarly, the third moments of the martingale differences are
E[X],|Fiq] = - 1)2%* —2W7, (4.50)
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and the fourth moments are

. 1 4 . 1 2
B Fo) = U D g (451)
The sum of martingale differences takes the form
na - Z F TL - 1)W CYn,én (452)

which is obtained from (4.37). Let us first show that «,, , is insignificant regarding the
order of the bound on the fourth moment. Denote the expectation with respect to com-
positions in C<a(n) by E,. Then

(n—1'EW, = > E(Sua+ana) P(Ce(n) =a)

a€C<2(n)
- Ea E (Sn,a + an,a>4
=EE, (Sna + ana)’ (4.53)

<B (Bt + /e, (&;ﬁ,a))4

— B ({/Ea(St) + O(n)>4

where we used Minkowski’s inequality in the fourth line and (4.47) at the bottom.
Next, we bound the fourth moment of the sum of martingale differences. Taking p = 4
n (4.21), we have

ES!, <C, (Zr (i)E[X2|F_i] 1) +Zr () EXZ
for any composition a € C'<s(n). By the upper bound on the adjustment factor (4.42),
2
4 2 n 4
ES!, < s Cy (Z — X2 ) +ZZIZ,—2EXa

Then the conditional moments in (4.49) and (4.51) give

2
(-1 W "G -1t (- 1)°’EW?
ES4 < E (Z i% 1%
Sna SCin” (Z TR 2 62 212

=1 =1

4 2 W2 W2
<20’ (%%EZ ooy VL)

=1 1<J
" EW? \/ EI/V;}*EW;%*
<L20m? | — + — 12 —
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We observe that E(W?,) is less than 2i from the definition of W;, and (4.41). We then
make the assumption that E(Wf*) is an increasing function of 7; otherwise, the argument
in the end of Section 4.1.2 applies in the same manner. Therefore,

4 n
4 2 [ 3 4 } : 1 4 E : 1
ESma <2C'4n (@ + 2n° + :EVVn7>|< : Z_2 + Q:EVVn7>|< - E)
i=1 i<j (454)

4 1
<204n? n + EW:LL* log2 n+ —
24 ' n

Since ‘Wn* — Wn| < % by (4.48) and the second moments of both W; . and W, are larger
than of order of n, we have

EW,.
—r = 0(1).
EW,
We can thus combine (4.53) and (4.54) by interchanging W; . and W; to arrive at
EW, , = O(n?). (4.55)

4.2.4 The asymptotic normality of the conditional distribution of R,

We verify the conditions of Theorem 4 for R,, conditioned on a for all a in C<y(n). We
use the single subscript notation in the same way as in (4.24), so that we will write X;
instead of X ., and W; instead of W ..

We first verify (4.1). Since T'4(i) is deterministic given a in C<a(n), 02 = La(i)?E[X?].
Therefore, o7 is of order at most ni by (4.42). Then s, = >, 07 is of order n’® at
most, which verifies the condition. We also observe that I',(i) being deterministic, its
contribution is cancelled when X is divided by o; to obtain Y; in the statement of Theorem
4. Thus, we omit I'4(¢) in the rest of the proof.

For the second moment condition in the theorem, we consider (4.49) to have
IB(XZ 7] - o2l = B [[BWZ,) - W2, [*| = o),

which follows from (4.41) and (4.55). Taking the square root of the above expression and
then dividing it by 7, we see that it is of order less than v/i. Therefore, (4.2) is satisfied
for p = 2.

For the third moment condition, we bound
2

1
BRIy < B ||+ 2w,

p} (4.56)

from (4.50). Take p = 4/3, then the expression is bounded by

4
3 ]' 3
E <\/ zI|VVi_1| + \/§‘Wz—1‘>

<CE(i8/3|W~_1|4/3 +Z~2|m_1|2 —|—i4/3|Wi_1|8/3 +Z-2/3|m_1|10/3 + |VVi—1|4)
~0(i")
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where the last line follows from Lyapunov’s inequality (4.26), (4.41) and (4.55). Therefore,
Ni||E[Y;?| Fi-1]|las3 is also uniformly bounded.
The last condition involves (4.51), for which we have

74

-2
) l .
IBIXIFllloe < || 15 + 5 Wia +3Wi|| =06

o0

as [W;_1| < 52. Then since o; is of order 4, |[E[Y;*|F;_1]|| is uniformly bounded, (4.4) is
also satisfied.
Therefore, by Theorem 4, we have for all a € C<a(n),

‘P (S”’a < x) — ®(z)

Sn,a

< % (4.57)

where s, 5 is the standard deviation of S, 5 and C'is a constant independent of n.

4.2.5 Proof of Theorem 1 for R,
Recall that Z,, = (n — 1)(R,, — E(I,,)) and let 2, := Var(Z,). For any z in R,

P(Z, < zyx) = Z P(S,a+ ana < 2,2)P(Cca(n) = a)

acCga(n)
Sna T Qna _ Zn B
= X p(Terte ) pum =a (4.58)
a€C<2(n) ’ ’
= 3 o g ) Pt =+ 00
aeC<2(n) n,a n,a

by (4.57).
Define 7,, = >_" | B (%, 0, 1) , which gives an upper bound on the number of two-
jumps in (2.13). We have

ET, = Z o= logn + O(1) and Var(T,,) = Z ! 5= logn + O(1).
i=1 i=1

By Chebyshev’s inequality,

1
P <|Tn —logn| > y/nlog” n> < N

Since ¥(T,) < T, by definition, ¥ (T,,) is less than {/nlogn with probability at least
1 — n~Y/2. Using the variance decomposition (4.30), we have

|[n— ¥nlogn] 2 n ;2
il O(i) < 85 5 < Z 77 O(i) with prob. at least 1 —n /2

i=1 i=1
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by (4.49) and (4.41).

Therefore,
3
3721,a = % +O(n?  with prob. at least 1 — n=1/2, (4.59)
otherwise it is bounded above by %3 in the case a = (2,2,...,2). Thus,
n? i gn? i end n?
T2 +0M) <2< (1—n UZ)E +n UQ@ =5t O(n*/n)

Zn

by (4.29). This eventually shows that
bound in (4.58) becomes

<1+ % for some constant C’. Then the

Sn,a

C’ Olp.a . ~1/2
P(Znsznwiecz(n)@((u )= 22 ) P(Caal) =)+ O ) a

We then turn to the deterministic term. Another application of Chebyshev’s inequality
gives

3 <|Un —on| > \/Snwf) < (4.61)

by (4.45) and (4.46). As noted in Section 4.2.2, |a,.a| < Uy, therefore |a, | < VB0 +
O(n). So,

Op.a

= 2V15n*7 12 + O (n*79/%) (4.62)

Sn,a

by (4.59). Considering the estimate

a
Pr+a) —d(xr)] <

(o) = @ (0)] < =

for all x € R in (4.60), (4.62) becomes a part of the error term. We then optimize the
exponent that appears in both (4.61) and (4.62). We have min, (max {k — 1, —2k}) =
—3. Therefore, we can further improve (4.60) to have

/

C
< 2V15n7Y3,
\/ﬁ) x) ‘ < 2V 15n

‘P(Zn < zpz) — @ ((1 +

Finally,

‘P (é < g;) ()

by (4.32) for some constant C'. O
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4.3 The number of excedances in random derangements.

The last example resembles the first two in many aspects, so we will derive the martin-
gale differences and leave it there. The number of excedances in derangements, see the
definition in the beginning of Section 2, satisfies the following recursive relation [Zha96].

wk = kD kT (n —k)D;= k1T (n—1) Z)TQ,kflv (4.63)
which gives the random process

D&+ 1,  with prob. M,

n+2
exc exc (n+1)dp41 D n+1
D5 = § Dy, with prob. B P R
exc (n+1)dnq1 nH1-D5
D¢ + 1, with prob. ~— s D

Let Z, := (n — 1)(D&*¢ — p,). The differences for one-jumps are
Zi— Zioy = Xig + o

where pexe
DG — (i —1), with prob. 755,
Xip = : i—1—Dgxe
D=, with prob. ——=.

and a1 =1 —1— (i — 1)p; + (4 — 2)pt;—1. For two-jumps, we have
Zi— Li—g = Xjo+ 2

where X 5 = 2(D*G — ;) and a0 = 20 — 2 — (i — 1)p; + (4 — 1) pt—2. So we can write
Z, conditioned on some a € C<y(n) as the sum of a deterministic term in addition to a
sum of martingale differences,

EIZ,|Cea(n) = a] = 3 (Xoy + ).

A proof of the asymptotic normality of D& is given in [Cla02] along with its first two
moments. The rate of convergence in the limit can be studied by Theorem 4 combined
with Rosenthal’s inequality and the bounds derived for the random variables defined in
Section 3.3.

5 Higher order recurrences and other statistics

Although all the examples that have been covered are derived from triangular arrays
obeying a second-order recurrence relation, the same methods can be applied to statistics
of higher order recurrence relations. For a recurrence relation of order s, we can extend
the update rule (3.3) as follows. Given that ¢ is the ith coordinate of ¢,

C,(;)Ll = ¢ for all 2 < i < s, and
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C&)l = {Q}(Lj) + X, 5415 with probability ¢;, 1 < j < s}  where qu =1
j=1

So the decomposition can be achieved over compositions of summands of size at most
the order of the recurrence. The generating functions for Eulerian statistics that would
satisfy higher order recurrence relations, which counts the descents in a given conjugacy
class, are obtained in [Ful98|. The application of Zeilberger’s algorithm (see Section 4.3 of
[Aig07] for a comparative account of it) in [GZ06] suggests that the order of the recurrence
is related to the length of the maximum cycle in the conjugacy class or in the union of
the conjugacy classes.

Another type of Eulerian statistic that can possibly be studied by the methods in this
paper, is Eulerian-Fibonacci numbers, defined by Carlitz in [Car78]. They satisfy the
recurrence relation

For=kF 1+ n—k+1)F, 151+ Fo ok —2F, o1+ F oo

The contribution of the second term is independent of k£, but the difficulty is due to the
middle term of the second-degree update, which is negative. The asymptotic normality of
these numbers is argued to follow from the method of moments in [HCD20], along with
the study of many other examples of Eulerian statistics described in various recursive
forms.

Another direction to follow is the study of Eulerian statistics in different Coxeter
groups. As observed in [()deQ], the martingale methods can be extended to Coxeter
groups of type B thanks to the equivalent recurrence relations of the symmetric group
up to a constant factor. However, the Coxeter group of type D does not allow a similar
extension of the methods. Even the descents in random elements of the group with no
restriction have complicated recurrence relations, which can be found in [Cho08], that
do not immediately yield jump probabilities. Yet, the asymptotic normality is already
known as their generating function is real-rooted [SV15].

Some other examples that are not Eulerian but still satisfy a simple recursive relation
include variations of Fibonacci permutations. See [Kos19] for numerous examples of those
numbers. The techniques employed in Section 4 do not seem to apply to most of them, but
the rudimentary methods in Section 3 can be improved to approximate their moments
at least. Another reason to study them is their potential to reveal useful identities.
An illustrative example of a Fibonacci-variant statistic is introduced in [Hos76] by the
following recurrence relation

Hyp=Hp 1+ Hy op=H, 151+ Hy 252

and the initial condition H; o = 1. It defines a triangular array, which in fact has con-
volutions of Fibonacci numbers as its rows, i.e., H,; = fr+1fa—r+1. Diaconis in [Dial§]
defined a Markov chain to study the distribution of bits of binary strings with no two
consecutive ones, and the probability of the kth bit to be zero is indeed proportional to
H, ;. The result in the paper implies

P(H,=k) =C(1+0 (¢ ) +0 (¢ 2" M)).
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This suggests that it converges to the uniform distribution, which is not decomposable,
other than the spikes on both its ends.

The final remark is about the technical aspects of the random process defined in
Section 3, which can be viewed as an autoregressive model in the form

Y, = AnYn—l + Bn

where Y; and B; are d-dimensional vectors and A; is a d X d matrix. In particular, (3.3)
can be written as
L—an ¢ X2
T n n T n,
Cn - |: 1 0:| Tl—l + |:Xn’1 .

The conditions for the existence of a stationary solution analogous to the formula (4.16)
are given in [BP92]. In [Kes73|, a central limit theorem is shown provided that A, and
B,, are independent and identically distributed. The case with martingale differences is
addressed in [AK92] with a multivariate limit theorem, whose assumptions include that
A, is constant and the covariance matrix for B, converges in probability. Although none
of the two holds in our case, it could be possible to weaken them and make inferences
about the limiting behavior of processes derived from Eulerian statistics without recourse
to decompositions.
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