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Abstract

Consider a probability distribution on the permutations of n elements. If
the probability of each permutation is proportional to 6%, where K is the
number of cycles in the permutation, then we say that the distribution gen-
erates a -biased random permutation. A random permutation is a spe-
cial §-biased random permutation with = 1. The m"™" moment of the
longest cycle of a random permutation is @(n™), regardless of r and 6. The
joint moments are derived, and it is shown that the longest cycles of a per-
mutation can either be positively or negatively correlated, depending on
6. The m™ moments of the " shortest cycle of a random permutation is
@(n"™%/(Inn)"~1) when § < m, @((Inn)") when § = m, and ®(1) when
0 > m. The exponent of cycle lengths at the 1004™ percentile goes to g with
zero variance. The exponent of the expected cycle lengths at the 100g™ per-
centile is at least ¢ due to the Jensen’s inequality, and the exact value is
derived.
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Chapter 1

Preliminaries

1.1 A Quick Probability Review

Informally, a random variable assigns a probability to each possible out-
come. We call the set of all possible outcomes, (), the sample space of
the random variable. For example, let Y; denote the random variable of
the outcome of throwing a fair dice; then the sample space of Y7 is () =
{1,2,3,4,5,6}. The random variable Y; assigns each of these outcomes a
probability of 1/6. We can write:

1

=z

This is an example of a discrete random variable, because the set of possi-
ble outcomes is at most countably infinite. On the other hand, a continuous
random variable is a random variable whose sample space is uncountably
infinite. We use a density function to define the relative likelihood for
each outcome. For example, let Y, be a random number uniformly chosen
between 0 and 1; then Y, is a continuous random variable. The density
function of Y5 is

Pr(Y; =1) =Pr(Y; =2) = --- = Pr(Y; = 6)

fly) =1 0<y<1l

When the set of observations of a random variable X is a subset of the
real numbers, we call X a real-valued random variable. Both Y; and Y, in
the above examples are real-valued. We can define the expected value or
the first moment of X to be

E[X] =Y pcaowPr(X =w) if X is discrete,
E[X] = [4 fx(w) dw if X is continuous.

The m*" moment of a random variable X is defined as IE[X™].
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1.2 Random Permutations and Ordered Cycle Lengths

A permutation is a bijection from a set of elements to itself. For example,
the following diagram represents a permutation on the set {1,2,3,--- ,11}.
It maps the element 1 to 6, 6 to 11, 11 to 1, 2 to itself, etc.

Figure 1.1 A permutation on 11 elements

11 —«—— 6

N\
\

3————4

(2

10 ——— 8

Since the labeling of the underlying set does not matter, we use “a per-
mutation on n elements" to denote a bijection from [n] = {1,2,--- ,n} to
itself.

We use the notation Kj; to denote the number of cycles between length
i and j. For a permutation on n elements, all cycles are between length 0
and 7, so Ky, is simply the number of cycles in the permutation.

A permutation is a type of decomposable structure because we can de-
compose a permutation into cycles. In the example above, we have a de-
composable structure of size 11. It has 4 components (cycles), with size
5,3,1,2, respectively.

The component frequency spectrum is a description of the distribution
of components (cycles) based on their sizes. For a decomposable structure
of size n, we let C; denote the number of its components of size k, where
k=1,2,---,n. Then

n
Z ka =n.
k=1
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We call C = (Cy,Cy, - - -, Cy) the vector of component counts. The compo-
nent frequency spectrum is then determined completely by this vector. In
the example above, the vector of component counts is C = (C1,---,C11)
with

C]:1,C7_:1,C3:1,C4:0,C5:1,C6:C7:'--:CH:O.

In this thesis we are interested in the ordered cycle lengths of a permu-
tation. The length of the longest cycle of a permutation is the largest k such
that Cx # 0. Similarly we can define the length of the r" longest cycle, the
r shortest cycle, and the cycle length at the 100qth percentile. We use L,,
S and M, to denote the these values. In our previous example, we have
L1 = 5, Lz = 3, Sl = 1, 52 = 2, and M0.5 =2.5.

A random permutation on n elements is a probability distribution on all
possible n! permutations on the set {1,2,3, - - - ,n}. If the random permuta-
tion assigns equal probability to all these n! possible permutations, we call
it an unbiased random permutation.

The vector of component counts C = (Cy, - - - ,C,) of a random permu-
tation then becomes a vector of real-valued random variables. The ordered
cycle lengths, L, S, and M, are also random variables.

1.3 Chinese Restaurant Process

We will study the distribution of ordered cycle lengths for a random per-
mutation as n grows to infinity. But how exactly can we grow from a ran-
dom permutation on n elements to a random permutation on n + 1 ele-
ments? We can do this through a process called the Chinese restaurant
process.

Consider a Chinese restaurant where customers go into the restaurant
one after another. Let n denote the number of customers in the restaurant.
Initially n = 0. At time t = 1 one customer comes into the restaurant
and sits at a new table. At time t + 1 the (n + 1)™ customer comes in.
The new customer sits to the right of each of the existing n customers with

probability n—1|—1 With probability 71%1—1' she will sit at a new table by

herself. Then at each time t, the tables in this Chinese restaurant represents
the cycles in an unbiased random permutation.
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1.4 6-biased Random Permutations

In a previous section we mentioned that an unbiased random permutation
assigns equal probability to all possible permutations. In this section we
generalize this concept to introduce a family called the 8-biased random
permutations.

f-biased random permutations arises naturally from the Ewens sam-
pling formula, ESF(0) (Ewens, [1972). In a #-biased random permutation,
the density of any permutation is scaled by 6%, where Ko, is the num-
ber of cycles. If 6 is larger than one, then permutations with more cycles
get chosen more often, which implies that on average there will be smaller
cycles. If 0 is smaller than one, then on average the cycles will be longer.
When 6 — oo (with n fixed), the permutation becomes the identity map
with probability one. When 6 — 0 (with n fixed), the permutation becomes
a cycle with probability one.

A f-biased random permutation can be conveniently generated by a
variation of the Chinese restaurant process. At time ¢ + 1, the (n+ 1)th cus-
tomer chooses to sit to the right of each existing customer with probability

, and to sit at a new table with probability ——. Then at each time
n+0 n+6

t, the tables in this Chinese restaurant represents the cycles in a 0-biased
random permutation.

Notice that with a larger 6, customers are more likely to sit at a new ta-
ble, so on average we expect to see more tables, each with fewer customers.
When 6 goes to zero, customers almost never sit at a new table, so we are
likely to end up with large but fewer tables.

1.5 The Conditioning Relation

A common feature for decomposable combinatorial structures is called the
conditioning relation, which says

(C1/C2/ e lci’l) ~ (Z11Z21 e /ZH‘TOIZ - 7’1),
where Z1,7,,- -+, Z, are independent random variables, and
n
Ton = Z kZ;.
k=0

The random variables Z; have either Poisson, negative binomial or bi-
nomial distributions depending on the class of the structure (assembly,
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multiset, selection, respectively) (Arratia et al,, |2003). Random permuta-
tion is a type of assembly and Z; ~ Poi(i).

The conditioning relation says that in a (f-biased) random permutation
on n elements, the joint cycle counts are distributed just like the indepen-
dent Poisson variables, conditioning on the event that the independent
Poisson variables happen to form cycles with a total of n elements. The
cycle counts have a very complicated joint distribution, and the condition-
ing relation allows us to investigate it through a much simpler collection of
Poisson random variables.

As a side note, 0-biased random permutations are also a type of loga-
rithmic combinatorial structure, which means Z;’s satisfy the logarithmic
condition:

iPr[Z; =1] — 6,iE[Z;]] — 6, asi — oo.






Chapter 2

Literature Review

The thesis studies the ordered cycle lengths of a 6-biased random permu-
tation on n elements as n goes to infinity. Thus we begin by introducing
some results from earlier research.

2.1 Longest and Shortest Cycles with 6 =1

Shepp and Lloyd determined the asymptotic behavior of the m™ moment
of the size of the r'" longest cycle (L,) and " shortest cycle (S,) in a random
permutation (Shepp and Lloyd, [1966). Before we summarize their results,
we give some definitions. Let E,, be the expectation taken on a random
permutation of size n. Let

oS} efy

E(x) = / Ly 2.1)

Then for the longest cycles, we have

n—oo

m
limIEnKir) } =Gy m=0,1,---,r=1,2,---, 2.2)

where

) B E(x)r—l B B
— m—1,.y E(x)—x
Grm /0 X" m! = 1)!6 dx.

These constants have the following asymptotic property:
e "
lim(m+1)Gypy=—, m=0,1,---,

r—o0 m!

where 7y ~ 0.5772156649 is the Euler’s constant.
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For the shortest cycles, we have

E,[S/] e
= — > .
n—co (log Tl)r rl =1 (2 3a)
. I, [S)] 1 / ® X" R«
= > >
T logn)y 1 - =) o (m—1n¢ O m=z2r=zl
(2.3b)

This is saying that the expected length of ' longest cycles grows as
@(n). The expected length of rh shortest cycle grows as @((logn)").

2.2 Longest and Shortest Cycle with 6 =1/2

Pippenger gave a natural interpretation to a biased random permutation
with 0 = 1/2. It is called a random cyclation (Pippenger, 2013). Pippenger
found the asymptotic behavior of the expected length of the longest and
shortest cycle in such a biased random permutation. We summarize the
results below.

lim ELE] _ /we—ﬂ’f)/z—x (2.4)
n—oo n 0
tim BB _ V7 / " B2, (2.5)
n—o0 \/ﬁ 2 Jo

This is saying that the expected length of the longest cycle in such a
biased random permutation grows as ©(n). The expected length of the
shortest cycle grows as @(y/n).

2.3 Longest Cycles for any 6

The longest cycles in a §-biased ranom permutation are associated with the
Poisson-Dirichlet distribution, and thus have been studied more often than
smallest cycles. In fact, (L1, Ly, - --)/n converges to the Poisson-Dirichlet
distribution with parameter 0 as n — co. In 1979, Griffith found the joint
moments of Poisson-Dirichlet distribution (Griffiths, [1979). and thus we
have the following results for the 6-biased random permutations:

yl .. y{/’ilef ZL1 y1—0E1(yr) dyl e dyr’
2.6)

Jim i IRNCES)

B[l LF]  er(e) / =y
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wherer > land ji + - +jr =]
For the ' longest cycle alone,

E,[Ll]] T(0+1) /°° (9E1(X))’*1xj—le—x—9E1<x) dx. 27)
0

e e () r— 1)






Chapter 3

Longest Cycles

3.1 Moments of the Length of ! Longest Cycle

In this section we will re-derive the moments of the length of 7" longest
cycle for a 0-biased random permutation, without resorting to the Poisson-
Dirichlet distribution. We follow the main idea of the Shepp and Lloyd
(1966) paper.

Consider a 0-biased random permutation on [1]. According to the con-
ditioning relation, as n — oo the cycle structure C (n) = (C{n), Cén) ,oe) s
distributed as independent Poisson variables (Z;, Z, - - - ) with parameters
Aj=0/jforj=1,2,-- -, conditioning on To, = }.i'; jZ; = n.

Taking advantage of the Poisson distribution, we will describe the cy-
cle structure in the following way. Consider a unit Poisson process on the
positive real line. Let the random variable Z; then takes the value equal to
the number of jumps on the interval [t]-, tit ), where

|
-

j
ti=20

; k=123, ,n
k

1
kl

1

Then
(", G, O ~ (20, Zay ey Za) [ Zia = ).

We need to analyze the behavior as n — co. But the problem is un-
bounded (f, = o0). In addition, the conditioning nature of C (") makes the
analysis difficult. Hence we will take n — o in a different way.

Consider the family of random process C (2) = (ng), Cé’z),- -+) (an ana-

logue of the cycle structure) where 0 < z < 1. C;Z) equals the number of
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jumps in the interval [t;(z), tj,1(z)], where

=1k
ti(z) =0 o k=123
k=1
Notice that .
teo(z) = jlgg ti(z) = 0log .

We will first show that C?) and C(") are related in a simple way. Then
we will investigate the problem for each C(*). Then we will connect the
asymptotic behavior of C(*) with that of C(") using Tauberian theorems.
Throughout the section, we treat 6 as a constant parameter.

3.1.1 Relating Functionals on C(*) and C(")

We will first find the distribution of v, = 27:1 jC](Z), We start with the PGF
of C (2),
] .
0z (x —1
Gcgz)<x> = exp(Aj(x — 1)) = exp <(])> .
]

Then we have

ot~ o (#122)

j=1 J

. NET:
2 (zx) &z
= lexp (Z — — Ef.
i-1 ] i1/
([ 1-z 0
C\1—xz
This is a negative binomial distribution NB(6,z), where z is the success
probability. So we have its pmf:

Pr(v, — n) = mu — ), (3.1)

We know .
Pr(C® = a) = e‘GZj/J'G(Z]/])u

al
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Thus the joint distribution is

PR(CO) = (ay,---)) = [T 2ELD°
=1 aj!
Cova i (/)
921/]]11 Zaj!] ]
o1y (#/0)"
= (1-2)% ]1_1 Za].], :
=1 Z)eevzvjlcj(lg!)”f

Notice that this is just a scaled version of the distribution of cycle structures
in an unbiased random permutation. So the conditional distribution is

Pr(C% = (ar,--)|v, =n) = I 1/] Y jaj=n.
j=1 ' j=1

Hence, for any functional on the cycle structure, CID(C(Z) ), we have

E:[®] = E[®(C))] = E[E[®[0]]

— ngopr(vz = 1)E, [P] (3.2)
- ir(r?e?(l —2)'2"Ea(®).

Here, we use [E, to denote the expectation given that there are a total of n
elements in the permutation.
3.1.2 Largest Components in C(%)

The probability density at ¢ of the 7 last jump of the Poisson process on
[fo, teo(2)] is

() —t) Lt (2) = 1]
(r—1! 7

The m'™" moment of the length of the 7" longest cycle is then

S [ e lteo(2) — 1]
]ZJ / o R

e —00 < t < teo(2).
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Make a change of variable

boo(2) — t = O (x _9/ —dy

Letz=¢7%,0 < s < oo. Since

bo(e ™) —ti(e®) =0 5,  j=1,2,--

and

]_1)) ]':1,2,"-,

there exists x;(s) such that (j — 1)s < x;(s) < js and

ie — E(xi(s)).

k=j

So we have

s 0E(x) gr—1 E(X)"~ '0e "
Z] / e 60 = 1)1 dx.

xj(s) x

3.1.3 Using Tauberian Theorems

Notice that
Y [xi ()] < S"EL[(Le)™] < Y [xja ()] uj,
=1 =1

with

_ 9 g E(x) T 67e
y]—/xj(s) e R dx.

This is an approximation of the Riemann integral ass — 0. Sos/(1 —z) —
1, x1(s) — 0and

. (T=2)" _ b
llirll m! IEZ[(LV)m] - Gr,ml

where

GG

r,m

0o 4m—1 r—1
— o - —GE(x)—xE(x)
6 /0 e =1 dx.
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We will now use Tauberian theorems. First,

o _ . (1=2)" 4
Gr,m - llil} TEZ[(LV)m]

1-z2" & T(n+0)

— llir} - nX:%) n'r(e) (1 — Z)eann[(Lr)m]
= 3 i "I 2

Since the coefficients of z"" are nonnegative, we have (with vy = m + 6 in
de Bruijn! (1958: p. 147))

" T(n+80)
kz%) m!n!T(0)

Eu[(L,)"] ~T(m+0+1)"'n"GE,, n — oo,

I'(n+0)

WEn[(Lr)m] is nondecreasing in n. This is

Now, we will show that

equivalent to
(n + DB, L] < (1 + 0) By [L)'].

Recall the notation that E, [L"] = E[(Lﬁ”))m]. By the double expectation
theorem,
E[(L")"] = EE[L" )L,

From the Chinese restaurant, we know that for a 6-biased random permu-
tation on n elements, the next element will be added to the longest cycle
L,
n+0
ple longest cycles), in which case L

(the “at least" is because there can be multi-

§n+1) _ L}(’n)

with probability at least

. Therefore,

L,
n-+06

m o n+0—L,
(L, +1) +7n—|—9 Ly

E[E[(LI))m|LY) > B [

LI(L +1)" = L}
n+0 ]
L,(mL" 1)
n+0 ]
mE, L]
n+6 -

:EMﬂ+E{
zEuﬂ+E[

> E,[L)] +
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Thus,
(n+0)E,1[L"] > (n+ 60 +m)E,[L"] > (n+ 0+ 1)E,[L"],

as desired. Hence (de Bruijn, [1958: p. 139)

I'(n+0 _ _
m('n'l“(G))E”[(Lr)m] ~T(m+0) tnm1GE n — oo.
LA\" m!n'T(0) 0—1 -0
E, | ~ .
"[(n) ] T(n+0)(m+8)" Crm =2 00
Notice that
I ninf=1 1
e T(n+0)
So the expression simplifies to
L™ miT(0) o
E(5) |~ g G noe

In fact the right hand side is a constant, so

m | 00 4m—1 r—1
lim E, [(i) ]— m.F(B))B,/ X B
0

100 - T(m+0 m! (r—1)! 7

Rewriting this we get

" 0o r—1
lim E, Ly - 9”1"(1+9)/ xmflefGE(x)fxE(x) .
n—roo n r(m + 9) 0 |

Or equivalently,

; & " _ gr—1 _ © m-1 fGE(x)fxE(x)r_l
}%En[<n> }_9 O+1)--(0+m 1)/0 ¥ le oy

(3.3)

3.1.4 Special Cases

When 6 = 1. The m'™" moment of the ! longest cycle (in an unbiased
random permutation) is

m 00 4Mm—1 r—1
lim E?l E — / X e—E(X)_X% dx,
n—sco n o m! (r—1)!
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agreeing with Shepp and Lloyd’s result.
When 6 = 1/2. The expected length of the longest cycle is

L\' 00
lim E, <> = / e E@)/2=x g5
n—oo n 0

agreeing with Pippenger’s result.
The expected length of the longest cycle is

lim E, [Ll] = / " () x gy
n—oo n 0
Hence,
JoE, [%} 00 0 oY
_ —X _ -
50 —/0 e < /x y dy) dx
6=0

o oY yix
= — dx ) d
L5 (fere) s

®eY(1—eY)
=— —d
b
=—In2

So the expected length of longest cycle is (1 —6In2)n near § = 0 as n — oo.

3.2 Numerical Results

In this section we summarizes some numerical results based on the deriva-
tion above.
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Table 3.1 The expected length of longest cycles for 8 = 1.0,0.8,0.5.

1.0

0.8

0.5

OG- WDN P~

el el e
O 0O NI Ul W= O

N
(@)

0.62432998854355
0.20958087428419
0.08831609888315
0.04034198873687
0.01914548402332
0.00927494376258
0.00454696522865
0.00224517570820
0.00111356578567
0.00055387022318
0.00027598637365
0.00013768220553
0.00006873870825
0.00003433552970
0.00001715656503
0.00000857456764
0.00000428605007
0.00000214261490
0.00000107117102
0.00000053554010

0.536108373545422
0.160284846024997
0.060408169200032
0.024676360768897
0.010462396440102
0.004523280173624
0.001977125526407
0.000869766839161
0.000384105270082
0.000170030817358
0.000075378090968
0.000033447535664
0.000014850347479
0.000006595837194
0.000002930256391
0.000001301987044
0.000000578561445
0.000000257110062
0.000000114263049
0.000000050781269

0.378911505634246
0.085454809929831
0.024448712684230
0.007572860699943
0.002428938443347
0.000792675331955
0.000261075394740
0.000086425509984
0.000028692496835
0.000009541484700
0.000003176029182
0.000001057792923
0.000000352422288
0.000000117439213
0.000000039139454
0.000000013045098
0.000000004348089
0.000000001449308
0.000000000483092
0.000000000161028
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Table 3.2 The natural log of the expected length of longest cycles for 6 =
0.25,0.5,0.75,1, 2,5, 10.

0.25 0.5 0.75 1 2 5 10

-0.15343 -0.27731 -0.38132 -0.47108 -0.7431 -1.21305 -1.63535
-2.14468 -1.76662 -1.62438 -1.56265 -1.54648 -1.77137 -2.07665
-3.89321 -3.01803 -2.63482 -2.42683 -2.14032 -2.15059 -2.36161
-5.56484 -4.19004 -3.56481 -3.21036 -2.65596 -2.46095 -2.58643
-7.20466 -5.32715 -4.45789 -3.95569 -3.13191 -2.73451 -2.77873
-8.82966 -6.44695 -5.33177 -4.68044 -3.58473 -2.98521 -2.95048
-10.4473 -7.55755 -6.19496 -5.3933 -4.023  -3.22044 -3.10801
-12.0611 -8.66308 -7.05193 -6.09897 -4.45164 -3.44459 -3.2551
9 | -13.673 -9.76573 -79052 -6.80019 -4.87372 -3.66051 -3.39421
10 | -15.2837 -10.8667 -8.75621 -7.49858 -5.29122 -3.87014 -3.52704
11 | -16.8939 -11.9667 -9.60583 -8.19516 -5.70547 -4.07485 -3.65479
12 | -18.5037 -13.0662 -10.4546 -8.89056 -6.11739 -4.27567 -3.77838
13 | -20.1133 -14.1653 -11.3028 -9.5852 -6.52761 -4.47337 -3.89849
14 | -21.7229 -15.2642 -12.1507 -10.2793 -6.93659 -4.66852 -4.01567
15 | -23.3324 -16.363 -12.9984 -10.9731 -7.34467 -4.86159 -4.13035
16 | -24.9419 -17.4617 -13.8459 -11.6667 -7.75208 -5.05295 -4.24288
17 | -26.5513 -18.5604 -14.6933 -12.3601 -8.15899 -5.24289 -4.35355
18 | -28.1608 -19.659 -15.5407 -13.0535 -8.56553 -5.43165 -4.4626
19 | -29.7702 -20.7577 -16.3881 -13.7468 -8.9718 -5.61942 -4.57024
20 | -31.3797 -21.8563 -17.2354 -14.44 -9.37787 -5.80637 -4.67662

OO UG WN -
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1.0

0.8

0.6

04

0.2

Figure 3.1 The expected length of the longest cycle, the second longest cycle,
and the third longest cycle, for 0.1 < 8 < 100
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Chapter 4

Shortest Cycles

4.1 Moments of the Length of " Shortest Cycle when
m > 0

We will follow the same approach as in the previous section.

4.1.1 Smallest Components in C(?)

The m'™h moment of the length of the 7 shortest cycle is

trfl

Z / ]+1 dt
e .
7 Joe v—lﬂ

]

Make the same change of variable:

boo(2) — £ = O (x —9/ ——dy

Letz =e7°,0 < s < oo. There exists x;(s) such that (j — 1)s < x;(s) < js
and

xi(s)).

So we have

Xj41(s () —to Lo — OE(x)]" ! B>
2] /(s) e (r—1)! X dx

xjp1(s _ QE(X)]rfl 9elE(x)—x

1_292h /A> =1 X

dx.
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Notice that

ngk

i[x](s)]m‘u] < Ez[(Sr)m] < . [x]-+1(s)]my]~,

j=1 ]

Il
—_

with

5510 gE(x) lteo — E(x))" 0™
= e dx.
Hi /xj(s) (r—1)! X
As we will see later, the only dominating term in [t — E(x)]"~! will be

the leading #.;! term. Assuming 6 < m. This is an approximation of the
Riemann integral ass — 0. Sos/(1 —z) — 1, x1(s) — 0 and

C (1—z)m 1\
tim U2 (5,)7) = (1 2 (1 - z> H e
where 1
0 00 yt—
0 _ OE(x)—x
Hem = 5= 1)!/0 mt © ax.

We rewrite this as

_ \m—0
lim (1-2)
z—1 m!

1 -1 0 m 0
(1) NSO = H

We will now use Tauberian theorems. First,

_ S\m—~0 —(r-1)
HY,, = lim 1= ln< ! ) E°[(S,)"]

z—1 m! 1—z
) IRNARE YU E) PR .
=l Inli = E%nww)u 2) 2" Enl(S,)"]
—lﬂgmﬂzn[(sﬂ [(1-2) ln<1_z) z.

Since the coefficients of z" are nonnegative, we have

i I'(n+0)

. mﬂzn[(sr>m] ~ F(m + 1)_11’1m h’l(?’l)r_ngm, n — o0,

I'(n+6)

Now, we will show that m

E,[(S/)™] is nondecreasing in n. This is

equivalent to
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Follow the same argument as in the previous section,

En[S)"] = Eys1[En[S]"]]

< E - — 1"
=t n+9+1(5’ )"+ n+6+1 7
E S.[(S, —1)" —sm
:IEH_H[S:'Z]—}- n+1[ T][/I(—EG+)1 r]]
n+0+1—m
<— m
>~ n+0+1 ]ETH-l[Sr]

So we have

(n+1)En[S"] < (n+0+1)E,[S)]
< (n+0+1—m)E,.q[S"
<

(n+0)E,;11[S}"],
as desired. Hence

I'(n+0)

(@) " [(:)"] ~ T(m+1) " [mn™ " In(n)"" + "V n(n)"*|H]

rms n — oQ.

Tle S;/ " 9
WEH Z ~ mF(Q)Hr,m, n — oo.

In fact the right hand side is a constant, so

n? S\ 0 o M-l
im — or - (x)—x
r}g{}o (Inn)r-1 En [( n ) } mL'(6) (r—1)! /0 mt ¢ ax.

Rewriting this we get

0 m ) m—1
lim — I, KS’> ] = F(HG)/ (x V=X gy
0

n—eo (Inn)r—1 n (r—1)! m—1)!

4.1.2 Special Cases

When 6 = 1 and m # 1. The m™ moment of the rh shortest cycle (in a
unbiased random permutation) satisfies

. n S\" _ 1 o xml E(x)—x
i (3) | =k meme e

agreeing with Shepp and Lloyd’s result.
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When 6 = 1/2. The expected length of the shortest cycle is (m=1,r=

s (3] 0

agreeing with Pippenger’s result.

1)

4.1.3 Limitations

The argument above only works for m > 6. Let’s first investigate how it
breaks down when m > 6.
Recall that in the previous section the constant associated with the asymp-

totic form is .
9 [e] xmf
0 _ OE(x)—x
Hy = (r_1>!/0 e dx.

When m > 6, one can prove that this integral diverges. We need to
analyze how the integral behaves as a function of z, but we lost that infor-
mation when we did the Riemann-sum approximation, so we need to go
back a step and approximate more accurately, as will be in done in the next
section.

4.2 Moments of the Length of " Shortest Cycle when
m=20

Recall that we have

xj11(s _ QE(x)]rfl QeBE(x)fx
E.[(S (1—2z)° / / dx.
[(5:)"] 2] %(s) (r -1 x
As before, we will see that the only dominant term in [t — 0E(x)]" " is
t1. So
m 0" 01 1\ ' xja(s) fE(x)—x
E ~ 1-— — .
(80" ~ Gy (1 —2) n<1_ ) Z / dx

The integrand is a strictly decreasing function on the positive reals.
Since x;11(s) — x;(s) < 2s, we can make the following approximation:

oo xiy1(s) pOE(x)—x 0
Z / H)l : dx = / ( )x’”‘leeE(x)_x dx + error.
X1(8

X
=
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Recall that 1

E(x1(s)) =In T

so we have the following lemma.

Lemma 4.1

o0 e ™ In ( 1 > 0=m
/ 2" LPE(X) =X gy 1-z )
x1(s)

The error term is on the order of (1 —z)"In(1/(1 —z)) if 8 = m, so
it goes to zero as s — 0. When 6 > m, the error term is on the order of
(1 —z)?"=%, which does not always go to zero. So we first study the case
6 =m.

When 6 = m we have

(1 — 2)™E,[(S,)"] ~ (rfrn!(l —2)In <1 1Z>Vle_m71n (1 iz> .

This simplifies to

e " " lim In ! 7r]E [(S;)™]
(r—1)! z=1 \1-z SR

= limIn (112) - i M(1 —2)%2"E,[(S,)™]

z—1 =0 n!F(G)
= ll—r{ll,i%) m(l —2)%In (112> ) Z"EE,[(Sr)™].

Since the coefficients of z" are nonnegative, we have

n Tk +0) iy e g’
E " ~T 1 | ’ .
k;) KT(0) n[(S:)"] (04+1)""'n"In(n) =k n— 0o
We have shown before that IWJEH [(S;)™] is nondecreasing in 1, so
—mygr
MEn[(Sr)m] ~T(O+1) " in(n)" ¢ "o n— 00

nT(6) (r—1V
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Simplifying the expression we have

e—m’yer—l

E,[(S,)™] ~ (Inn)’ 1 — oo,

r!
4.3 Moments of the Length of " Shortest Cycle when
m <0
For m < 6, we will take a different approach. Let
Ty, = Z]Z] 0<b<n.

Lemma 4.13 Suppose that m = m,, € Z, satisfiesm/n — y € (0,0) as

n — oo, and that b = b, = o(n). Then
nPr[Ty, = m| ~ pa(y), n — oo.
We look for the probability that the " shortest cycle is greater than b.
Pr[S, >b] =Pr[C; + -+ Cp < 1]

PriT,, =n—T
:PI[Z1+"'+Zb<I’] I‘[ bn n Ob]

Pr[To, = n]
The first term goes to
r—1 b
A® 1
—A
YA A=eYy L
s=0 s! k=1 k
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Now,
E[S]"] = ) K" Pr[S, = k]
k=1

= YK (Pr[S, > k— 1] — Pr[S, > K])
k=1
S 11 Y[R+ 1) — K PelS, > K]
k=1
S Tk ) ko Y CHE)
k=1 s=0 %

The summand goes to

(Blogk) !

(m —1)k" 1k o

c Ok,

If 6 > m, thenm — 6 — 1 < —1 so the sum converges. This means that E[S}"]
converges to a constant (depending on r, 6 and m).

4.4 Numerical Results

In this section we summarizes some numerical results based on the deriva-
tion above.
Notice that on average, the ratio of the (r + 1) cycle and the r cycle

length goes to

6—1
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Table 4.1

The expected length of shortest cycles for 6 = 2,5, 10.

2

5

10

D500 NOoU R WN -

N R = )
O OO IOk WD

1.288959430
2.268155928
4.474205650
8.966061894
17.95570554
35.92668346
71.86249650
143.7307614
287.4653367
574.9332279
1149.868166
2299.737473
4599.475708
9198.951925
18397.90419
36795.80860
73591.61735
147183.2348
294366.4697
588732.9394

1.007446918
1.046817690
1.154242096
1.359368143
1.674805931
2.102451450
2.647148053
3.325670126
4.168363732
5.217553080
6.526791700
8.162286822
10.20608077
12.76037803
15.95284011
19.94304375
24.93047162
31.16447967
38.95675830
48.69691377

1.000045718
1.000504528
1.002811008
1.010562612
1.030184791
1.070180329
1.138787134
1.241163552
1.377795642
1.545089138
1.737698143
1.951195210
2.183787419
2436613707
2.712993706
3.017348891
3.354371592
3.728658414
4.144729927
4.607242229
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Figure 4.1 The expected length of the shortest cycle, the second shortest cy-
cle, and the third shortest cycle, for 1 < 6 < 5

6
50 = Shortest

i == Second Shortest
4r ~== Third Shortest
31
2

4.5 Joint Moments of Shortest Cycles: m = my + - - - +
m,>0+r—1

Joint moments of longest cycles have been studied using the Poisson-Dirichlet
distribution. However, the Poisson-Dirichlet distribution only character-
izes the relative size of longest cycles in a large random permutation. In
this section, we will derive the joint moments of shortest cycles in a special
casewhenm =my+---+m, >0 +r—1.

Since a Poisson process has independent increment, we get

0 ti+1(2) ti11(2)
IE[Sml “ e Sm’] — jml . ]mV/ .« / e_SVdS e dSl.
' ' er'“ZZj1=1 ! ' th (z) ty (z) '
Using the same change of variable, we have
o eOE(sr)—s1—+—s,

BISP-sr] = (-2 ) e [t

jr>e>i=1 S1-- Sy
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Assuming m = my + - - - +m, > 0 +r — 1. Taking z — 1, we have

(1—2z)"E[S]"---S™] ~ 0"(1—2)° / x{l_l coaxl BB s s g Ly

Let

Hgy oo, = /le.l_l .- -x]r"_leeE(sr)_sl_"‘—Srdxl o dxy.
Then

0" Hom, ... m, = i M(l —z)"Z"E ST - - STV,
Tauberian theorems give us

> T 0 Hy i ...
Z wgn [51'”1 ST~ 2Omy e gy m
=0 n'T’

(0) m!
Thus,
F(n +9) mq my H9,m1,"',mr v m—1
air(g) LSt ST T o
Applying
i nin?—1
ngrolo F(n + 9) !
we have

1 Ho i, ...
E[SI ... Si] ~ g s e =6

T(0)

We can rewrite this as

En i my o & my N 671"(9) n_g/le'lfl . x;;rfleQE(sr)_s]_..._srdxl .
n n I'(m)

As mentioned above, this holds form = m; +---+m, >0 +r — 1.

-dx,.



Chapter 5

Correlations

We have already described the asymptotic behavior of longest and shortest
cycles. In this chapter we study the correlations among them. For example,
one question we may ask is, what’s the correlation between the longest
cycle and the second longest cycle in a random permutation? We will see
that the answer is not as simple as we expect.

5.1 Correlations for Longest Cycles

We have already shown that all longest cycles grow as @(n). We will use
L, to describe the normalized length of 7' longest cycle.

In this section we will study the correlation coefficient between L,, and
L,,. First, we can use the same method as above to find an expression for
E[L/'Ly2).

01 (0
ElL LT =1 —F(ni)
ri—1 _ rp—r
/lelx?z_lE(M) Zr [E(f;?grz E(f;l,)] 167E(x2)7x17x2dx1dx2'
1—1)! —1)!

In this section we are interested in the case m; = mp = 1, so

B gr2—1 E(x1)r171[E(X2) —E(x1)]’2*” —E(x2)—x1—x2
E[Ly L] = 6+1) / (r1 = 1l(ra = 1)! ) e

We already know that

B 00 E(x)rfl o
r—1 x—0E(x)
E[L,] =6 ./0 o1 1)!6 dx.
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Table 5.1 Correlation among Longest Cycles when 6 = 1
L,l\Lr2 1 2 3 4 5 6 7 8 9 10
1 1 -076 -078 -0.68 -058 -05 -042 -036 -0.31 -0.27
2 1 036 016 0.09 005 0.03 0.02 0.02 0.01
3 1 0.62 044 034 027 022 018 0.16
4 1 072 056 045 037 031 0.27
5 1 0.78 063 052 043 037
6 1 0.81 066 056 047
7 1 082 069 058
8 1 084 0.71
9 1 0.84
10 1
Table 5.2 Correlation among Longest Cycles when 6 = 0.5
Lrl\er 1 2 3 4 5 6 7 8 9 10
1 1 -08 -0.75 -0.57 -043 -032 -024 -0.18 -0.14 -0.1
2 1 042 023 015 0.11 0.08 0.06 0.04 0.03
3 1 0.6 041 029 021 016 012 0.09
4 1 067 048 035 026 019 0.14
5 1 071 051 038 028 021
6 1 0.72 053 039 0.29
7 1 073 054 04
8 1 0.74 0.55
9 1 0.74
10 1
2 9r—1 Oo E(x)r_l —x—0E(x
]E[Lr]_9+1 ; (r_l)!xe ) dx.

With these formulae, we can calculate the correlation coefficients be-
tween L, and L,,. The results are summarized below.

Notice that (especially when 6 is small), the length of the longest cycle
is negatively correlated with the cycle lengths of the rest. This is due to
the fact that the longest cycle usually occupies a significant portion of the
size of permutation. The following is a plot of the correlation between the
longest cycle and the second longest cycle across different 6’s.
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Table 5.3 Correlation among Longest Cycles when 0 = 2

Lrl\Lr2 1 2 3 4 5 6 7 8 9 10
1 1 -049 -073 -0.72 -0.68 -0.62 -0.56 -052 -0.47 -0.43
2 1 0.25 0. -0.09 -0.13 -0.15 -0.15 -0.14 -0.14
3 1 057 037 026 019 015 0.12 0.1
4 1 071 054 044 037 032 0.28
5 1 078 065 055 048 042
6 1 0.83 071 0.62 0.55
7 1 0.86 075 0.67
8 1 0.87 0.78
9 1 0.89
10 1
Figure 5.1 Correlation between Lengths of the Longest Cycle and the Second
Longest Cycle, 8 € [0.1,10]. The horizontal axis is 10%. The vertical axis is the
correlation coefficient.
02|
| | i |
-1.0 -0.5 L 1.0
—02[
~04 |-
~06 -
~10h
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5.2 Correlations for Shortest Cycles when 6 < 1

In this section we will study the correlation coefficient between S,, and S,,,
where 1 < 1 < 5. First we will derive a formula for E[S}}'S,}].

o [too — OE(x1)]"1 !
E, [Srlls 2 1 o Z 1<]X1:<]2]1 ]2 /0<x1<x2 (71 - 1)!
[0 (x2) — OE(x1)]> "1 ! g2ePE02)—xi dxdx;
(r—r —1)! X1 '
As z — 1, we have

1—2z

rp—r —1)!
/ le_lx?rleeE(”)_xl_xZ dxidx,.
0<x1<x3
Using the relation between [E, and E,, we have

0" 1 _my—1 oy
K= / xMlym2 =1 OE() — =32 gy, gy
(1 =D ra—r1 = 1)! Jo<xy<xy © 2 B

m—0 my QMo 1 ~n=1)
= (1 —2z)""E,[S;'S;?] In 1

—Z

ri—1 72
<1—szewﬁ5?1=<l—th1< : ) v1—1>f

0o —(rn—1)
:2 1’l+9 Smlsmz]l (112) (1_Z)mn

Applying Tauberian theorems [deBrujin]

= F(Tl—i—g) my Qmy K m r1—1
0—1
lim

my qmy ~
n—s00 P(G)IE [Sl’l Srz]

K m—1 ri—1
T (m) n" In(n)] .

Therefore,
Si1Sp? KT'(0) =0 ()11
B || ~ T o)
(0) o
) (n =12 —r1 1)

|
my—1 xm= 16E(x2)
X
1 2

0<x1<x;

—

R dxldx2> n=0In(n)] 1.
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Hence,

SI’]SI’Z 9721—'(9) GE(xz)—xl—xz -0 -1
]E[ " ] 7 o dxadxy | {in(m)]
Recall that

& M > 0E(x)—x) -6 r—1
]E”[n] T(r) (/0 ¢ dx | =" [In(n)]"".

Ey,

(%)2] ~ F(;(—:)G) </OOO xe?E(¥) %) dx> n~0n(n)) L.

From here we can see that the covariance of S, /n and S,,/n grows as
@(n~%In(n)]"1~1), but the product of their variances is @ (n~2?[In(n)]1+7272).
Since 2(r; — 1) < r1 +r2 — 2, we conclude that the correlation coefficient
between S,, /n and S,,/n goes to zero as n — co.






Chapter 6

Limit Theorems for the
Exponents

Looking back at the results we have presented so far, we see that the mo-
ments for the longest cycles in a 0-biased random permutations are much
simpler than the moments for the shortest cycles. In particular, the m"
moment of the length of the " longest cycle is always @(n™), but the m™h
moment of the length of the " shortest cycle has a complicated asymp-
totic expressions depending on m, 6 and r. These results are unsatisfactory
considering the simplicity of the problem. In this chapter, we change our
perspective to look at the exponents of these cycle lengths, and the results
are much simpler and elegant.

6.1 A Caveat

So far we have mostly focused on the expected length of ordered cycles in
a large random permutation. We have seen that the expected length of the
shortest cycle in a random permutation with 6 = 1 is ®(logn), which is
much smaller than that in a random permutation with § = 0.5, which is
O©(4/n). However, it turns out that with probability one, the shortest cycle
in a # = 0.5 random permutation will have length o(n¢) for any ¢ > 0.
The reason why we have such a high expected value for the shortest cycle
length is that the distribution has a heavy tail.

We can illustrate this through an example. Consider a random variable
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X, such that
. - 1
n'/3  with probability 1 — 73

n with probability ﬁ

Then X ~ n!/3 with probability 1 as n — oo. But E[X] = n!/3 -1+
n2/3 — n%/3. So the expectation is not a good measure of the tendency in
this case. So instead we look at the exponent of X defined as below:

Definition 6.1 Let X, be a function of n. Define

Xt log X,
logn

n

and call it the exponent of X,.

For our example above, we have

. . 1
<t _ 1/3 with probability 1 — i

1 with probability #

Then X* ~ 1/3 with probability 1 as n — oo, and [E[X*] also goes to 1/3.
Here the expected value is a better indicator because X* is now bounded.

Since (L1/n,Ly/n,---) follows the Poisson-Dirichlet distribution, we
immediately have the following result:

Proposition 6.1 In a 0-biased random permutation, L¥ — 1 with probability one
as n — oo.

6.2 Shortest Cycles

We first define Ty, to be the total count of elements in z-cycles with size
larger than b:

n
Ty, = Z ]Z], 0<b<n. (6.1)
j=b+1

Lemma 4.13(Arratia et al., 2003) Suppose that m = m, € Z satisfies
m/n —y € (0,00) as n — oo, and that b = b, = o(n). Then

nPr[Tyy =m] ~ po(y), n — oo.
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Here, py is the limit of the density of the random variable n 1Ty, as
n — oo. We look for the probability that the shortest cycle is greater than

n?:
Pr[51 >1’lp] IPI‘[Clz"':CnP :0]

PT[T(np+1)n = 1’[] (62)
Pr[To, =n|

Assume p < 1; then both the numerator and the denominator are asymp-

totic to n~1py(y). The first factor is

=Pr[Zy = = Zy =0

4
e 0otk ~ pOPlogn _ ,—pb

So as long as 6 > 0 and p > 0, this probability goes to zero. Therefore,

# _ log$
51= logn

is concentrated at zero, so we have

S¥ — 0 with probability one as n — co.
Similarly,

Pr[S, > n”]
=Pr[Ci+ -+ Cp < 7]
Pr(Zi+ -+ Zw <1, T i)y = 1 — Towr]
Pr[To, = n]

(r—1)n?
Z PI[Z1 + e + an < 1’, T(Ylp+1)11 = n— TOnP|TOnP - ]] Pr[TOnP = ]]
20

Pr[To, = n]
o 1
- PI‘[TOn ]
(r—1)n*
Z PI‘ Z1 4+ Zp < T’Tonp = ]] PI‘[T(np+1)n =n-— Tonp’Tonp = ]] PI‘[T()np = ]]

j=0

ﬁ .

—Dn?
Z Z1 + - Zp < T"Tonp = ]] Pr[TonP = ]]

[Zl + + ZnP < 1’].

This goes to
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The last term in the expansion dominates, so

(0H (n"))""

Pr[S, > nP] — n~F? =1

-0 (6.3)

Therefore, we have the following proposition:

Proposition 6.2 In a 0-biased random permutation, S¥ — 0 with probability one
as n — oo.

6.3 Cycle Lengths at the 1004'" percentile
We look for the probability that the 100g percentile cycle is greater than n?.

Pr[M; > nf] = Pr[C; + - - - + Cur < qKoy]
Pr[T(nP)n =n- TOW”]
PI‘[TOn = 1’1]

=Pr[Zy+ -+ Zw < qKou]

Following a similar derivation as in the previous section, the ratio goes to
one because 0 < Tyr < qKo,n? = o(n) with probability 1. Therefore,

/\fIKOn AS nf 1
Pr[M,; >nf] =e" ST A= ekzl - (6.4)
§S= =

This approaches
qflogn 45

e S;:) o A = pflogn.

Notice that the density of a Poisson distribution with mean p6 log n has
standard deviation +/p6logn which is 0(flogn), so the probability above
goes to 1if ¢ > p and goes to 0if g < p.

Therefore, the log of the length of the 100p percentile cycle is concen-
trated at n?.

Proposition 6.3 In a 0-biased random permutation, M;; — p with probability
one as n — oo,



Chapter 7

Unified Description of Ordered
Cycle Lengths

After studying the exponents of ordered cycle lengths, we now come back
to study the expected ordered cycle lengths and attempt to give a unified
description for the asymptotic behavior of ordered cycle lengths.

7.1 Shortest Cycles

In Chapter 4 we have thoroughly studied the expected lengths of the short-
est cycles for all possible 6. Recall that

O(n'f(lnn)~1) 0<6<1

E[S;] =< O((Inn)") 0=1 (7.1)
0(1) 6> 1.
We write it as
1-0 0<6<1
E[S,]* — N (7.2)
0 0>1.

Notice that E[e*] < [E[e]" by Jensen’s Inequality. We now explain why the
formula is as it is. Recall Equation|[6.3}

OH(M)™ e (phlnn) !
(r—1)! (r—=1)! -~

Pr[S, > nf] — n~F? (7.3)

Define
Fgs(p) = Pr[S, < n”]. (7.4)
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Then,
1

E[S] = [ fo(pn? dp+0(1). 7.5)
We have

w —,,—po (pelnn)ril

fs, (p) d ( (r _ 1)|
_ e_ynfpef)lnn(p() Inn)~2(r—1— pflnn)
(r—1)!
e,yn_F"’(len n)"
p(r—1)!
Hence, .
1 Lem"n= P (Oplnn)"
p = 14

Lemma 7.1 Let f,,(p) be defined from [0, 1] to the set of functions on n. Then

[/: fa(p) dp]# — max fr(p)-

For Equation[7.6}, we have

e n P (gplnn)’

fn(p)_ p(?’—l)!

p

Thus,
fi(p) = p(1-0).
1-60 0<1
E[S,]* = i (p) —
(51" = max fy (p) {0 6> 1.
This agrees with Equation [7.2]

7.2 Cycle Lengths at the 1004™ percentile

Recall from Equation [6.4] that
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As in the previous section, we define

Fu () = Pr[M, < ).

Then,
1
E(M;) = [ fus(p)n? dp +0(1),
We have
B d . qKon AS
fMg(P) T dp (3 S;] s')
A gfInn AS Aqf)]nnfl AS
= —¢ *(—01nn) ;) T°¢ ;} E(Glnn)
A76Inn
_ A
=e *(0lnn) (G0’

We will use Lemma 7.1, and the Stirling approximation Inn! = nlnn —
n+O(lnn),

fﬁg(r’)

= logn (=A+Inf+Inlnn+g0lnnlnA —In (g0 1Inn)!)

R —(pOInn+0v)+qg0Innin (0plnn+0v)) —géInnin(géInn) —gfInn
Inn
= —p0+gfIn(pflnn)) —q0In(q0Inn) — g6

= —pf+q0 <1+1nZ>.

Thus,

]E[Mq]# — maxff,l#(p)np = max p(1 —6) + g6 (1 + 1nZ>
p q p

(1-6)+g6(1—1Ing), 6< 7 L

_ —1
- 1
g6 In %, 0 > =g achieved at p =

, achieved at p =1
q0
6—1
(7.7)
Similarly, we can find the moments of these ordered cycle lengths:

(m—0)+46(1~Ing), 6= _—

E[M]']* — N 0 ; 1q . 70
q ng_m, >m_q,ac ieve atp—m.

(7.8)

, achieved at p =1




44 Unified Description of Ordered Cycle Lengths

7.3 Visualization

Based on the results in the previous section, we create the following graphs
for visualization of the asymptotic behavior of ordered cycle lengths in a
random permutation.

Figure 7.1 The value of E* [My] for 6 = 0.1,0.5,1,2,10. The horizontal axis
is g. The vertical axis is IE¥[M,].
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Figure 7.3 The exponent of variance of cycle lengths Var[M,]* for 0 < 6 < 5.
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Figure 7.4 The excess of E[M,]* over ]E[Mg] for 0 < 6 < 5. It indicates
the magnitude of the “heavy tail". The horizontal

vertical axis is Mg.

axes represent 6 and q. The







Chapter 8

Conclusions and Future Work

In this thesis, we have studied the asymptotic ordered cycle lengths of a
f-biased random permutation. Previously, longest cycles have been well
studied in the context of the Poisson-Dirichlet Distribution. Shepp and
Lloyd started the study of the shortest cycles in an unbiased random per-
mutation (f = 1). Following Shepp and Lloyd’s paper, Pippenger first
studied the first moment of the shortest cycle in a biased random permu-
tation with & = 0.5, which opens a series of questions: “What’s the mth
moment of the " shortest cycle in a #-biased random permutation with
any 0?"

This thesis answers the questions posed by Pippenger’s paper, and con-
tribute to the current literature in two other ways. First, the cycle lengths
at any percentile are studied, which bridges the asymptotic behavior of
longest cycles and that of shortest cycles. Second, we have identified that
the discrepancies of cycle lengths across different 6’s are due to the heavy
tails, because the expected exponent of ordered cycle lengths is not a func-
tion of 6. For smaller 6 the tails are heavier, and the moments are affected
more heavily.

There are several directions that the research can go from this thesis.
The family of random permutations we have considered is controlled by a
single parameter 6 indicating the degree of scattering. One may general-
ize this family by adding additional parameters. Ideally, another stochas-
tic process similar to the Chinese restaurant process can be used to draw
samples from any distribution in this new family. Also ideally, a form of
conditioning relation will hold for this family of structures.

The technique of exponent analysis used in this thesis is also worth
deeper research. The exponent space is some kind of projection of the func-
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tion space. Although some information is lost, such as the constant terms
and the log terms, its ability to convert integration to maximization under
some restrictions provides a useful tool and demonstrates a change of per-
spective.

Other directions of future research include applications in number the-
ory, population genetics, machine learning, etc., finding the exact constants
and the log terms in the case of cycle lengths at 100g'" percentile, and com-
paring the rate of convergence to asymptotic behaviors across different 0’s
or ¢’s. Random permutations are among the most natural mathematical
structures, and they deserve a characterization from us that is just as ele-
gant as themselves.
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