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Abstract

Sequences of numbers have important applications in the field of Computer Science.
As a result they have become increasingly regarded in Mathematics, since analysis

can be instrumental in investigating algorithms.

Three concepts are discussed in this thesis, all of which are concerned with ‘words’

or ‘sequences’ of natural numbers where repeated letters are allowed:

e The number of distinct values in a sequence with geometric distri-

bution

In Part I, a sample which is geometrically distributed is considered, with the
objective of counting how many different letters occur at least once in the
sample. It is concluded that the number of distinct letters grows like logn as
n — oo. This is then generalised to the question of how many letters occur

at least b times in a word.

e The position of the maximum (and/or minimum) in a sequence

with geometric distribution

Part II involves many variations on the central theme which addresses the
question: “What is the probability that the maximum in a geometrically dis-
tributed sample occurs in the first d letters of a word of length n?” (assuming
d < n). Initially, d is considered fixed, but in later chapters d is allowed to
grow with n. It is found that for 1 < d = o(n), the results are the same as
when d is fixed.

e The average depth of a key in a binary search tree formed from a

sequence with repeated entries

Lastly, in Part III, random sequences are examined where repeated letters
are allowed. First, the average left-going depth of the first one is found,
and later the right-going path to the first r if the alphabet is {1,... 7} is
examined. The final chapter uses a merge (or ‘shuffle’) operator to obtain
the average depth of an arbitrary node, which can be expressed in terms of

the left-going and right-going depths.
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Chapter 1
Thesis synopsis

Words (sequences of natural numbers) are discussed, and various parameters are
analysed with the help of symbolic equations, generating functions, probabilities,
Rice’s method, Mellin transforms and the Combinatorial Laplace transform. Ex-
pressing ideas symbolically is always a useful way of getting a more concrete,
intuitive understanding of abstract concepts, and translating these ideas into gen-
erating functions allows many calculations to take place. “Generating functions
are more than a technical tool used to solve recurrences and compute moments
— they are a necessary and natural link between the algorithms that are our ob-
jects of study and analytic methods that are necessary to discover their properties.
Generating functions serve both as a combinatorial tool to facilitate counting and

as an analytic tool to develop precise estimates for quantities of interest.” ([36,
page 82))

The parameters of interest in this thesis for which we make use of this powerful tool
are discussed in detail below. After the generating function has been determined,
often further manipulations are required to obtain the (sometimes asymptotic)
results. Unless otherwise stated, all asymptotic results are taken as n — oo. Rice’s
method (introduced in Chapter 2) is used frequently in the theorems from which
this thesis is composed. This method allows us to approximate an alternating sum

expression of the form
DE0m, e
k=1

whose magnitude would otherwise be difficult to estimate. However this method
is very specific and it is sometimes necessary to make use of other techniques.
In Part II we see such a case, and the Mellin transform is used. This transform

(along with its inverse) allows the user to approximate more diverse expressions



than Rice’s method. Finally, the ‘shuffle’ operator is introduced in Part I1I, which
necessitates the use of the Laplace transform which converts between ordinary and
exponential generating functions. The original generating functions in this case are
ordinary, but in order to produce a ‘shuffle’, a product of exponential generating
functions is required. The use of exponential generating functions ensures that the
ordering of the letters does not pose a problem within the generating function, a

property used elsewhere in the thesis too — see, for example, Chapter 3 in Part 1.

1.1 Distinct values

How many distinct values could one expect in a geometrically distributed sample
(defined below) of length n? This question is addressed in Chapter 3, and gener-
alised in Chapter 4 to the number of values in such a sample that appear at least

twice — or even, say, five times or more.

Words (sequences) of length n are considered. The entries in the sequence or
letters are natural numbers which occur independently of each other (i.e., the
letter appearing in the first position has no effect on the letter in the second,
third or eleventh positions). Each letter occurs with geometric probability (i.e.,
letter j will occur with probability pg’ for p + ¢ = 1 — see Chapter 2). Thus any
natural number could occur, but smaller numbers (letters) are more common. The
expected value and variance are found for the number of letters occurring at least
once in a word. That is, we predict that we will have E(d,,) different letters in
a random (geometrically distributed) word of length n, and then find how closely
the numbers of distinct values are clustered around this mean (this quantity is the
variance, expressed by V(d,)). Then both the expected value and variance are

found for the number of letters occurring at least b times in a word.

Consider the specific example 182122211211212161142643171131, which is a word
of length n = 30 created by Mathematica from geometric random variables where
p=q= % There are seven distinct values, namely {1,2,3,4,6,7,8}. Five of the
letters occur at least twice ({1,2,3,4,6}), and two of these letters ({1,2}) occur
eight times or more. If we let Q) = %, L =log@ and v ~ 0.57721, then according

to the main term in the results, we would expect approximately
loanle—l—logQ(Q— 1) — 1 zlogQS(H—L—i—log21—l
L 2 log 2 2

= 5.23964



distinct values and approximately
1 1 1 1

gl v
1 = +1 Q—1)——=——=Hy 1 =10g,30+ — +log, 1 — — — ——
Oan+L+OgQ( ) bt 082 +log2+0g2 2 log2

2 L !

= 3.79694

letters occurring at least twice. For the number of letters appearing in the word
eight times or more, we would expect about
1 1 1 1

2 v
1oan—|—z+logQ(Q—1)————Hb_1:log230+—+log21—§—@

2 L log 2 !

= 1.49893.

Hence these random experimental values, though enabling one to understand the
problem better, give results greater than those we would expect (the average).
This can be explained by the fact that these results are asymptotic as n — oo, so

for n = 30 we are unlikely to get accurate results.

The distinct value problem can also be viewed as a problem of balls in urns or
boxes. After throwing n balls into an infinite row of boxes which are initially empty,
with the relevant probability that a ball falls into a certain box (for example, if
p=q= %, it is twice as likely that the ball will land in the box closest to you as in
the next box along), the analogous question would then read: “How many boxes
are non-empty after n balls have been thrown?”. In the more general case, we
would ask: “How many boxes contain at least b balls after n have been thrown?”.
It is necessary to assume that the thrower has perfect aim and that the probability

of the ball landing outside every box is zero.

Chapters 2 and 5 introduce and conclude this portion of the thesis.

1.2 Maxima and minima

The position of the maximum and/or minimum of a geometrically distributed
sample of length n is now considered. After introducing the problem in Chapter 6,
Chapter 7 is used to address the question: “What is the probability that the
maximum value in a geometrically distributed sample lies in the first position?”.
Then, by extending the possible positions of the maximum to the first d places in
the word, this is generalised in Chapter 8. At first, d is considered fixed, but later

chapters allow d to grow with n.

It is necessary to consider different cases because repeated maxima can either
be allowed or not. In the first scenario, two cases must be considered. We re-

fer to these as ‘weak’ and ‘strict’, which correspond respectively to allowing the

3



maximum to appear again in the word (any number of times) and not allowing
another recurrence of the maximum. For example, the words 422131221113 and
311213212131 both satisfy the ‘weak’ condition, but only the former satisfies the
‘strict” condition. For the more general scenario of having the maximum in the
first d letters of the word, four cases need to be considered. This is because the
weak /strict classification applies to both the first d letters and also (independently)
to the remaining n — d letters in the word. Table 1.1 gives examples of each case.
The different cases are denoted by an ordered tuple where the first entry corre-
sponds to the first d letters of the word and the second refers to the rest of the
word. In Table 1.1, we take n to be 20 and let d be 6 and assume that each
letter (7) occurs in the word with probability (%)j (For geometric distribution,
we assume each letter j occurs with probability pg’~! where p + ¢ = 1. Here,
we choose the values p = ¢ = %) The maximum in each case is the letter 3.
Note that these cases are not disjoint. For example, any of the first three cases

would also fall under the (weak, weak) classification, but not necessarily vice versa.

(Classification Example

(strict, strict) || 11231211122111212211

(weak, strict) || 13231311122121211112

(strict, weak) | 12311221312122113311

(weak, weak) | 32111322121122111231

Table 1.1: Examples of words in each of the four cases where n = 20 and d = 6.

The same cases are considered for the minimum value (see Chapters 9 and 10)
with different results due to the geometric probabilities attached to each letter (or
natural number). For these cases, the restrictions have more influence because
of the geometric distribution: the probabilities decrease as the value of the letter

increases. Hence smaller letters occur more frequently than larger letters. Because

4



of this, a large letter is much more likely to occur only once than a small letter
and consequently we expect there to be a greater difference between classifications
here than when the maximum was considered. The results for these cases are exact

and, unlike the restricted maximum cases, do not require asymptotic analysis.

In Chapter 11, the probability that the minimum of the first d letters is greater
than (and possibly equal to) all letters in the rest of the word is found. Again,
four cases are considered and as in Chapters 7 and 8, asymptotics are involved in
obtaining the results. In all of the above categories, it can be seen that the second
component in each tuple plays more of a role than the first, for n large. This is
due to the fact that d is fixed relative to n, so as n gets larger, the second part
of the word (all letters from position d + 1 onwards) dominates the first d letters.

But what if d grows with n?

The remaining chapters in Part II do not assume d is fixed. In Chapter 12, d is
allowed to grow linearly with n —i.e., d = an for 0 < o < 1. Finally in Chapter 13,
d grows with n according to the relationship d = an” for0 < a < land 0 < v < 1.
It is found that the results for the d fixed cases hold in this chapter too, and further

manipulations show that these results hold for 1 < d = o(n).

Part II is concluded in Chapter 14 with a brief analysis of the results.

1.3 Binary search trees

For this section of the thesis, the sequences are no longer geometrically distributed.
Sequences of length n are created from letters {1,...,r} (which can appear more

than once in the word) according to two models.

The first is the ‘multiset’ model. For this we assume that we know how many
appearances each letter makes in the word, i.e., we assume that we know n; for

ie{l,...,r} in the multiset {ny -1; ny-2; ... ; n.-r}.

The second model is the ‘probability” model. A probability is attached to each
letter in the alphabet {1,... 7}, and we assume each letter occurs independently
of all the rest. A more symbolic generating function is used, and in general the
calculations are easier because of the restriction that Py, =pi+---+p, =1 (ie,,

the total sum of all probabilities in the finite alphabet will be one).

The results sought are as follows:

e The average left-going depth of the first 1, and its variance;



e The average right-going depth of the first r, and its variance;

e The average depth of an arbitrary key «, and its variance.

For the ‘left-going’ and ‘right-going’ cases, the binary search tree (which contains
equal /repeated keys) corresponding to each sequence is built as follows: the first
letter of the word is the root. Subsequent nodes are inserted as children, to the
left if they are strictly less than the parent node and to the right if they are larger
than or equal to the parent node. In this way we create a left-going branch only
when we have a strict left-to-right minimum, and we create a right-going branch

when we have a weak left-to-right maximum. See Figure 1.1.

For the average depth of the key «, we assume that from a sequence with repeated
letters, we create a binary search tree with distinct nodes. Thus keys smaller than
the parent node will be inserted to its left and those larger will be inserted to the
right. Those equal to the parent node will be passed over. As an example, consider
Figure 1.1 which shows the two different methods of creating a binary search tree

from the sequence 23131.

With repeats Without repeats

9 9
@ /1.\3
1 %3

Figure 1.1: Two binary search trees corresponding to the sequence 23131.

Generating functions are used to express the situation in each case, and then the
moments are calculated by partial differentiation. The variables in the multiset
model case are z (which counts all letters); u (which counts all relevant left /right-
going branches), and z;, i € {1,...,7} (where z; counts how many times the letter
i appears in the word). In the probability model, variables z and u have the same
role, but we replace each z; with a p; which is the probability the letter ¢ occurs
in the word. Thus only the coefficients of z and u are needed, as each p; has a set

value which can be substituted directly into the expression.

Binomials and multinomials emerge in the course of the calculations, and identities
are used to simplify these. Other identities used are harmonic number identities
(see [12, 19, 23, 37]).

For both models, the expectation and variance are found in each of the three cases.

The multiset model produces an exact form in terms of n;, i € {1,...,r}, where n;

6



is the number of times the letter i occurs in the sequence, and ny+- - -+n, = n, the
length of the sequence. The probability model gives an asymptotic approximation
in terms of p;, @ € {1,...,r} where p; represents the probability of letter ¢ occurring
in the input sequence, and p; + - - -+ p, = 1. In all cases, the results from the two
models are asymptotically equal, which can be intuitively understood by thinking

of the probability of the letter 7 occurring in the multiset model as ™.



Part 1

Distinct Values



Chapter 2
Introduction

We consider words x125 - - - x,, with letters z; € {1,2,...}. The letter i occurs with
(geometric) probability pg'~ where p+ ¢ = 1, and the letters are considered to be

independent, so that the word x5 - - - x,, appears with probability

(pg™ ) (pg™ ") - (pg™ ") = (p/q)"g™ " Fon.

In this way larger letters occur less frequently than smaller letters, and if we
consider the case where p = ¢ = %, then about half of the letters must be 1, and
letter 1 occurs twice as often as letter 2 which occurs twice as often as letter 3 and
so forth.

The combinatorics of geometric random variables has gained importance because of
applications in computer science. We mention just two areas: skiplists [5, 27, 33|

and probabilistic counting [9, 16].

Some of the previous studies relating to combinatorics of geometric random vari-
ables are as follows. In [29] the number of left-to-right maxima was investigated in
the model of words (strings) a; - - - a,, where the letters a; € N are independently
generated according to the geometric distribution described above. H.-K. Hwang
and his collaborators obtained further results about this limiting behaviour in [3].
The two parameters ‘value’ and ‘position’ of the rth left-to-right maximum for
geometric random variables were considered in a subsequent paper [21]. Other

combinatorial questions have been considered in [25, 28, 30, 31].

The following question is addressed: “How many different letters appear in words

of length n, generated by geometric random variables?” For this parameter (d,,),
1
q’

L :=logQ, n* :=n(Q — 1), v = 0.57721 (Euler’s constant), and yj := @ for

k€ Z,k+#0. We use 6(x) to represent a periodic function with mean zero.

we derive expectation and variance. We use the following notation: @ :=

9



These results (expectation and variance of this quantity) have been found previ-
ously for the special case of p = q = %, see [13]. The results in this thesis extend
this idea to any values of p and ¢ where p+¢ =1 and p,q > 0.

We then generalise this question as follows: “How many letters appear at least
b times, where b > 1 is a design parameter?”. Using this notation, b = 1 is the

previous case.

In the asymptotic formulae that we derive, there appear periodic oscillations, due

to poles of certain functions at z = ;. = 2’2“, k € Z, k # 0. They are usually
tiny, but play an essential role especially in the variance. In some cases, there are

no fluctuations in the variance, see [32].

A technique from complex analysis which we make use of frequently hereafter is
called ‘Rice’s method’. This method can be used to approximate alternating sums
as follows. The lemma states (see [10, 29, 38])

Lemma 1 LetC be a curve surrounding the points 1,2, ..., n in the complex plane,
and let f(z) be analytic inside C. Then

> () st = g [lmelsiies 1)
C

where
(=) 1n!  Tn+1)I'(—2)

2(z—=1)---(z—n) Tn+1-2)"

[n; 2] =

(The expression [n; 2] is sometimes called the kernel.) By extending the contour
of integration, it turns out that under suitable growth conditions (see [10]) the

asymptotic expansion of our alternating sum is given by
Z Res([n; 2] f(2)) + smaller order terms,

where the sum is taken over all poles different from 1,...,n. Poles that lie more

to the left lead to smaller terms in the asymptotic expansion.

10



Chapter 3

Classical case: The distinct value

problem

Consider the following bivariate generating function:

Fzou) =[] @ +uEe™ ™ —1)) =] (1 +u(e™ —1). (3.1)

i>1 i>0

i—1

Suppose the total number of letters in a word is represented by n, and k represents
the number of distinct values appearing in that word, then the coefficient of Zn—riuk
is the probability that a word of length n has k distinct values. The function in
(3.1) is an exponential generating function in terms of z, hence the factor n!l. It is a
probability generating function in terms of the variable u, and thus differentiating
partially with respect to this variable will lead to the expected number of distinct
letters in any word of length n. If letter ¢ occurs at least once, then this will be
accommodated by the presence of the u in front of the expression (equF1 —1) which
represents all non-empty ‘sets’ of letter ¢+ which occur in the word. The initial 1
inside the product denotes the empty set — used if the letter ¢ does not appear
in the word. The problem of letters appearing at different places in the word is

overcome by the use of the exponential generating function.

Note that substituting « = 1 into this function gives e* (since all probabilities sum
to 1, see (3.4) below), which is to be expected because it reduces to a generating
function whose coefficients represent the probability that a word of length n has

no restrictions.

The theorems which follow are proved in this chapter.

Theorem 3.1 The number of distinct letters in a word of length n whose letters

11



occur independently and with geometric probability, is on average
g 1 . 1
E(dn) = loggn + 7 +logg(Q — 1) = 5 + du(loggn”) + O — |, (3.2)

as n — oo, where n* =n(Q — 1) and

- = Z F 2kma:

is defined in equation (3.8).

Theorem 3.2 The variance of the number of distinct letters in a word of length

n of geometric random variables is
V(d,) = logg 2 + oy (logg n*) + o(1), (3.3)

as n — 0o, where
ov(z) = 0p(z +logg 2) — dp(z),
with 6g(x) from (3.8).

3.1 The expected value (classical case)

Let d, be the number of distinct values in a word of length n, and let E(d,)
represent the expected value of this quantity. Then (see [12])

where F(z,u) is defined as in (3.1). We have

[T(+uE =) =T]e

i>0 i>0

2
— oPPePAPT
— (ptpatpg®+)

=e°. (3.4)

Also note that the derivative of a product can be written as a sum, whose summand

(in this case) includes a product we know. So for f;(z,u) := 1 + u(e®? — 1),

d I fizw)
@Hfi(z W= e fi(z,u) i)

>0 j=0

12



since by the product rule for derivatives, to differentiate a product we must keep
all terms the same, except one which we differentiate. Then all of these terms are
summed. Thus the derivative of this product is the sum of all the terms where a
factor has been removed from the product, and has been replaced by its derivative.
Using this and (3.4), we get

T/
[e=]

M=

B
Il

—
o
V
o

)=

T
I

B
Il
—

I
(-
AQA
~—— ~———
—~
| |
—_
~—
T
}_kw
3
o
Q
o

M-

S |l

—

This gives an expression for the expectation. However, we cannot easily see what

B
Il

the number of distinct values would be from this form. To get a better idea we
approximate this alternating sum using Rice’s method, which is described in the
introduction and requires the function to be written in this form (i.e., a finite
alternating sum of a binomial and a function of the index of summation). We
use Lemma 1 (see (2.1)) to approximate this alternating sum (i.e., the expected
value). The poles we look at (from definition (3.5) below) occur at z = 0 and
z =y = 2™ L € Z\{0}. All other poles lead to smaller terms.

13



The first pole we will deal with is at z = 0. For
(@Q—1)°
=—— 3.5
1) = -, (35
and (see Lemma 1)
(—=1)" " !n!
2z—=1)---(2—n)’
we can see that [n;z]f(2) has a double pole at z = 0. We thus expand everything

[n; 2] =

to two terms. Firstly, we have ([29]):

2(z —(_1?”_ (Z!— n) ~ _2(1 + 2H),

[n;2] =

(2

where H, = > 1 is the nth harmonic number. We expand f(z) to get:
i=1

Q-
Q -1

e?log(@—1)
= ema—1
1+ zlog(Q —1)
1+ zlog@ + % —1
14 zlog(@Q—1)
N _zlogQ(l + 2logQy

1
zlogQ(l + zlog(Q — 1)) (1 —
zL

_ _ZLL@ + 2 log(Q — 1))(1 - 7).

f(z) =

~J

~ —

zlog Q)
)

To calculate the residue at z = 0 we consider the coefficient of 27! in [n; 2] f(2),

z z 2

i an)iL@ + 2log(Q — 1)) (1 - @>
= [z]%(l +zH,)(1+ zlog(Q — 1)) (1 — %)
= %(Hn +log(@Q —1) — g)

1 L 1
:Z(logn+7—|—log(Q—1)—§)+O(E), as n — 0o

1 1
:loan+%+logQ(Q—1)— —+O<—),

2 n
where 7 is Euler’s constant and the harmonic numbers are given by log n—i—’y—l—O(%)
as n — oco. But f(z) = —(gz_—i); also has simple poles at z = x;. = 2’2”, k e Z,

k # 0. For € := 2z — x}, we have
o z . e+Xk _ 3 _ Xk
o @1 @-1 (@@t

Q-1 @te-1 Qw1
14




Now,

QX = (elogQ)%ﬂ = ki — (3.6)
" Q-1
— (O — 1y )
1) = @ - - L=,
Since
Q-1 etsem 11 (3.7)
QF—1  eflog@ 1 1+el—1  eL’ .

we have that the residue of f(2) is

Q- (- ) =@ -
From [1], we can see that

[ xa] = FIE(—anl;(i% ;;)1) = I'(=xe)n* (1 + O(%)),

(Q — 1)XknXk = ellogn™)Xk _ 2kmilogg n*

and

Y

which means that we can write the main term of the fluctuations as dg(loggn*),
with

dp(x) = —% ZF(—Xk)e2k7rix. (3.8)

We thus have a formula for the expected value so we can approximate the number

of distinct letters in a word of length n as:

1 1
E(d,) = loggn + % +1logg(Q —1) — 3 + g (loggn®) + O(—>>

n

for dg(x) as in (3.8). This concludes the proof of Theorem 3.1. |

Remark:

It is of interest to compare this result with the mean of the largest value in a geo-
metrically distributed sample of n letters, denoted by E(M,,), due to Szpankowski
and Rego [39]:

1

1
E(M,) = loggn + T4 3 + g (loggn) + O(ﬁ

7 ), as n — 00. (3.9)

Ignoring the small fluctuating terms we see that the expected number of missing

values in the range 1 up to E(M,,) is asymptotically given by
E(M,) —E(d,) = 1 —logy(Q — 1). (3.10)

15



Observe that as @ goes from 1 to oo (or as ¢ goes from 1 to 0), expression (3.10)
goes monotonically from infinity to 0. Thus E(d,) — E(M,) as ¢ = Q™' — 0,
which is intuitively clear, since the limiting word is just the sequence 111 ---1 with

only one distinct value.

Our expected value is sandwiched between (3.9) and the number of consecutive
non-empty boxes (equivalently the first value which does not occur in our sample).

The case ¢ = % is dealt with in [9], where this value was given as
E(c,) = logy n + log, ¢ + P(logyn) + o(1)

for ¢ = 0.77351... and periodic function P(x) with period 1 and amplitude
bounded by 107°. We can now see that all three grow like log, n for @ = 2. Thus
it is the constants that determine the (intuitive) ordering E(c,) < E(d,) < E(M,,).
We calculate the constants numerically (correct to three decimal places) for the

case Q = 2 to see by how much each expected value differs from the next.

E(cn) E(d,,) E(M,,)
Constant log, ¢ % +log, 1 — % % 4 %
Numerical value || —0, 371 0,333 1,333

Table 3.1: Numerical values of the constant terms of E(c,), E(d,) and E(M,,).

3.2 The variance (classical case)

The formula for variance from a probability generating function is given in [12],
with a similar application in [29].

V(d,) = n![z"] a—QF(,Z, u)

53 +E(d,) — E*(d,,).

u=1

Again, the generating function we deal with is (see (3.1))

F(z,u) = H (1+ u(ezmi - 1)),

>0

16



and so the first term in the variance expression can be calculated as follows: Let
filz,u) =1+ u(ezpqi - 1),

then since (from (3.4))

0w )] =
i>0
the second moment is
0? 0?
"5 58 (zu)|  =nllz ]au2 f(Z w|
‘ ou’J .au
gfz(z )2 2 e G
ou2JJ

S ECRDIE- s I

The second term in (3.11) is zero: any second partial derivative with respect to u

will be zero, as each f;(z,u) is linear with respect to u. Thus

o 0 e 1 et
nl[z ]%F(z,u) = nl[z"]2e Z o

j<k

= nl[z"]2¢” Z(l — e Y (1 — )
i<k

= n![z"]2 Z(ez _ e?(1=pa?) _ o2(1-pa") 62(1—qu—qu))

j<k
=2 (1= (1—=pg)" = (1—pg")" + (1 - pg’ — pg*)").

i<k

This quantity can be split up (preserving convergence) as follows in order to be
dealt with in two parts:

23 [1-(1-pg")" +22 (1= pg’ = pg*)" — (1 —pg)"] . (3.12)

i<k ]<k

(=) (

The reason for this is that now the summand of (a

J/

9

o
=

\_/

is independent of j and can be
dealt with separately from (b) which requires a slightly different approach. The

factor of two is temporarily ignored.

Part (a)

Since 1 — (1 — pg*)™ is independent of j,

k—1
D = =pg")r] =D k[1—(1—pd")"].
k>0 j=0 k>0

17



This can be rewritten as an alternating sum so that Rice’s method can be used.

Using the binomial expansion we get

> k1= (1—pgh) Zk[l—Z(n)(—qu)i]

k>0 k>0 1=0

" /n —(Q —1)
-3 (3 gE
2\ @ —1)
So f(z) = FQ?_ll))Q and we have a triple pole at z = 0 as [n; z] has a simple pole
and Q )) has a double pole. If we expand to three terms we get
_ (2)
(—=1)"1n! 1 ,H? + H,
~—11 Hn — )
2(z—=1)---(z—n) z A 2

(from [29]), and

—(Q —1)* —elog(@-1)
(Q =17 ~ (s —1)2
_€Z IOg(Q_l)

RGEE
1+ zlog(Q —1) + Zlog (Q-1) logz(Q_l)
(1+ zlogQ + z2102g2Q + 23106gSQ —1)2
1+ zlog(@Q —1) + 2 log(Q-1) logQQ(Q_l)
22L2(1 + % + %)2

(1 + zlog(Q — 1) +

~S —

2 log*(Q — 1)>
2

2
. 2L N 2212 N 2212
2 6 4

18
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1 22log*(Q — 1) 52212
(g SEEQNY (s

We now briefly note that as n — oo (see [36])

1V 2
H? = (logn+’y+0(—)> = log*n + 2ylogn + v* 4 o(1), (3.13)
n

and

2 1
HO =T L o), 3.14
©-T o[z (3.14)

The residue for the triple pole at z =0 as n — oo is

1 22log*(Q — 1) 52217
T (1 +2log(Q — 1) + f) (1 - 2L+ )

[=7']

o+ g?
: (1+2Hn+z2%)
1 Zlog?(@Q — 1) 52*L7
=214 21 S D NI S | R 5
o2+ 1P
) (1+2Hn+z2%>
1 (1og®(Q—1)  5I*  H2+HY
_ 1 n — Ll — 1)+ H, 1 —-1)—-LH
L2( : + 0+ 5 0g(Q — 1) + H, log(Q — 1) n
logé(@—l) 5 H:+HPY logo(@ — 1), H
__ee\w W, 7 n T -1 - ==
5 + B + e OgQ(Q )+ I T
ogh(Q—-1) 5 1, , o, L (7
— ijEjLﬁ(log n+ 2ylogn +~ )+ﬁ(g) —logo(@ - 1)
lo — 1)(logn + 1
| logo(@ L)( gn+1v) 0g72+7+0(1) (by (3.13) and (3.14))

1 1
=3 1og22n + %loan +1logo(Q — 1) logg n — logg n + ) logé(Q —1)

Y 5 ™ Y
~1 1)+ 1 — 1)+ -~ L o(1).
08o(Q = 1)+ Flogo(@ -1+ 5+ 5 + 35 — 7 + o)

Now f(z) also has double poles at z = x, = %™k € Z, k # 0. By letting

€=z — Xk, we can do the following
(o@D @ Q- DwQ -1y
(@ —1)2 (@ —1) (QQw—1)
By (3.6), @ =1, so

e =@ (=)

We have already expanded the fraction to three terms for the pole at z = 0, so we

merely note the expansion to two terms as

f(2) ~(Q = 1) 575 (1 +elog(@ = 1))(1 — eL). (3.15)
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Lastly,
[(—2)(n+1)
I'n+1-2)

needs to be expanded to 2 terms around z = yj. The term I'(n + 1) is just a

[n; xx] =

constant in this case. Using a Taylor expansion we can write
D(=2) ~ T(=xx) = T'(=xa)(z = x) = T(=xu) [1 = ¥ (=xa) (= = xu)]
where () is the Digamma function, and similarly
Fn+1—2)~Tn+1 —Xk)[l —(n+1 —Xk)(z—xk)}.
This means that with the same substitution as before (¢ := z — x;), we have

[(—xx)

[n; xx) ~ T'(n + 1)m

[1—(—xn)e + 0(n+1—xp)e],

around ¢ = 0. We approximate the ¢ function by [1, page 259]

1 —
Y(n+1—=xx) ~log(n + 1 — xi) =log <n<1 + nXk>) ~ logn,

as n — 00, so that

[ xk] ~ T'(n + 1)% [1 —(—xk)e + ¢ log n]
= F<_Xk)% [1—¥(—xk)e + clogn]
~ D(=xp)n* [1 = (—xk)e + elogn], (3.16)

as n — oo. If we put (3.15) and (3.16) together we get

s xS (2) ~ (Q—1)%—

c2[2

T'(—xk)n* [1—=1p(—xx)e+e logn] (1+£ log(Q—1))(1—<L),
as n — 0o, and by rewriting (@ — 1)XknX*r as

(Q _ 1)anxk — Xk logn™ __ e2k7ri logg n*,

we get the residue (coefficient of e7!) from the poles at z = x, & # 0 to be

(asymptotically)
. . —1
Ze2kmloan P(—Xk)ﬁ[ — (—xk) +logn +log(Q — 1) — L]
k0

—1 ilogo n*
=73 Z B T (— ) [ — (—xk) + logn +1og(Q — 1) — L]
k0

—1 milog, n*
LS g g
kA0

w(_LXk) +logy(Q — 1) — 1].
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So the total result for Part (a) is:

> % [1— (1= pg")"]

k>0 j=0
1 1
=3 logén + % loggn +logg(Q — 1) logg n — logg n + 5 1ogé(Q -1)
g e A |
—1 — 1)+ 21 — 1)+ — S 1
1 o * -
_ E Z€2kmloan F(_Xk) loan . w( ka) + IOgQ(Q . 1) 1|+ 0(1)
k#0
Part (b)

Applying the Binomial Theorem to (b) gives

> [0 =pd —pd") = (1= pg')"]

. > [Z (n) SUESTUEDY (n> (_qu)i]

j<k Li>0 i>0
=> (?) (DY [pd)) = (o’ +pg")']  (3.18)
=1 j<k

(since term ¢ = 0 is zero). This is now written in the correct form for Rice’s method

to be used, where

f(z) ==Y [d)* — (vd’ + pd")’]

= - i(qu)z (1= (1+¢"7)]

- io(quY Z:l 1= +a")]  form:=k—j
- _pjz_ '>0(q2)ﬂ‘mi>:l [1—(1+¢™7]

=7 ﬁz_qz 9(2),_

if we define

g(z) = Z [1—(1+¢™)7].

m>1

In order to find out more about the function g(z), we expand ¢(z) around z = 0

g(z) = Z [1 —(1+ qm)z}

m>1
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= 7 [1 - s+

m>1
=3 [ — estostira]
m>1
21 2 1 m
-y [1—(1+zlog(1+q’”)+z o8 (2 ad )+--->]
m>1
21og?(1 + ¢™
— [—zlog(l—i—qm)—z og(2 q)+“'}
m>1
=z —log(1+qm)——210g (1+4¢™)+
m>1 m>1
2
(=D"g™)" =2 (=D (g™)*
S M s (s
m>1 k>1 m>1 \k>1
—1 r m 22 (_1)k+j mk+m,
SR D SULIEE DD = W
k>1 m>1 k>1 j>1 T =
B (_1)k qk ) 1 (_1)k+] qk+j
oy (A GOy
k>1 k>1 j>1
o 5

With the aid of Mathematica, a and [ can be evaluated to give constants for fixed

values of ¢q. For example, see Table 3.2 below for these values for ¢ = % and ¢ = %

Constant « I6]
Definition || > (—;)k 132k -z > (_Q;H 132?@'
k>1 k>1j>1
At g = % —0.868877 —0.116506
At ¢ = % —0.447844 —0.047677

Table 3.2: The values of the constants o and 3 when ¢ = % and ¢ = 3.

So g(z) can be written as g(z) = az + (322 + -+ where o, 3,... are constants. A

polynomial does not have a pole at z = 0, and thus when we apply Rice’s method
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to (3.18) we have a simple pole at z = 0 since there is one pole in [n; z] and none

in f(z) (there would be one pole in the expression —ﬁzqz = —(82_—,1)12, but it is

cancelled by the zero of g(0)). Consequently we expand everything to one term,

giving
(—1)"1n! 1
2(z—1)---(2—n) z
) A
Q7 —1 2L’
and
g(z) ~ az.

The residue for z = 0 is thus

[21](— é) (— %)az - =2

But — (8;1)12 also has simple poles at z = x;, = %Lﬂ, ke€Z, k#0. We rearrange

g(z) as follows to get the contribution of g(z) at x.

glxe) =D [1—(L+¢™)%]

S ()]

- —mZ > ("l) (™)

- —Z (XZ) S
(Vs

To work out the residue of _(82_1)12’ we again let € := 2z — xg, and use the same
method as in Part (a):

@—-1F __(@-1™ Q1)
ool greo1 @Yo
since Q¥ =1 as in (3.6). Now
Q-1 1
Q-1 el’

and so the residue is 7. As in Part (a)
(Q — 1) [n; xa] ~ D(—x) e o8,
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and so the main term of the contribution from the simple poles at z = y; is
1 i logo n*
—2 > gl (et
k40
which means that the total result for Part (b) is

S0 pg = p) — (1= p)") = &~ 1 3 gluIT(—x)e? e 4 o),

j<k k0
The variance resolved

Now that (a) and (b) have been found, we can return to the variance calcula-
tions, which in addition to the second moment (equation (3.12)), must include the

following two terms (the approximate expected value is given in (3.2)).

1 1
E(d,) = loggn + % +1logo(Q — 1) — 3 + dp(loggn*) + O(ﬁ)

and

2~vlogon
E*(d,) = logy n + 2logon dp(loggy n*) + 2logonlogy (@ — 1) + WTgQ
27logg(Q — 1)

L

—loggn —logg(Q — 1) + +logh(Q — 1)

N S A& .
+ 2logo(Q — 1) dp(logg n*) + 1 I + 7 dp(loggyn®)
N 27 dp(logg n*)

L

+ 67 (logyn*) + o(1).

We can now put all of these together (remembering that Part (a) and Part (b)

must include a factor of two) to get

V(d,) = nl[z ];—;F(z u) . + E(d,) — E*(d,,)
= loan + 2% loggn + 2logg(Q — 1) loggn — 2logg n + long(Q - 1)
~20gg(@ — 1)+ Llogg(@- 1)+ 2+ 2+ L - D
_ %kz#oeﬂcm'ng n*F(_Xk;) [ngn B U( LXk) i logQ(Q -1
+ 20 25 T (e

k40
gl 1 "
+loggyn + 7T logo(Q — 1) — 5t dp(logg n*)

2vloggn

— [logé n + 2logg ndp(logg n*) + 2logg nlogy(Q — 1) + 7
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2’71OgQ(Q —1)

—loggn —logg(Q — 1) + +log(Q — 1)

L
1y .
+2logo(Q = ox(loggn™) + 5 — 7 + 75 — du(loggn”)
27(5E(loan ) ) .
"—T 5 10an ]
1 n w2 n 2a
12 6L2 L
2 2kmilogg, n* Y(=xXx)
— 2> eHmEa I (<) | logg n — A+ logg(Q — 1) — 1
k£0
-7 Zg Xi) T (—=x) €™ 8™ + §(log n*) — 2log, ndg(logy n*)
Lz
. . 276p(loggn)
—2logg(Q — 1)dg(loggn®) + dp(loggn™) — —7 Q

— 8% (logg ) + ofL),

where .

T) = 7 kzﬂ) D (—xx)e® ™.
We can split up the 6% (log, n*) term into a constant term (the mean of the fluc-
tuating function) and a fluctuating function of period 1 and mean zero (see [17]
and (4.9)). Let

o (loggn*) =[]0 + 5E(10gQ n’)
72 1 - .
=50 t 45 —logg 2 — Z ) +5E(loan ).

h>1

_ (=D* _¢*
Then we have (for o= 1;2:1 ; 1_qk>

V(d,) = logg 2 —|— +7 Z NG —|— dv(loggn®) +o(1)

= logg 2 + dy (logg n ) + o(1),
where

2) = 2 (e [P 0 9] ()

L
k£0
= 0p(z +logg 2) — 6p(x), (3.19)
for 0g(z) as in (3.8), and with

1>1
Appendix A shows the simplification of (3.19), which concludes the proof of The-
orem 3.2. |
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3.2.1 Extreme cases of «

For interest we look at the extreme cases of @ in g(z) = az+ 32 +---. As ¢ — 0,

t

a— 0. As ¢ — 1, then if ¢ = e™*, we can instead consider ¢ — 0. Le.,

—tk

Rl GO A e G A _ (=)' 1
&_Z k 1—q’“_Z k 1—6*’%__Z Eoeth—1°

E>1 E>1 E>1

This can be found in the appendix of [20], and by defining it as a function of ¢,
say h(t) we get the following result from that paper, which makes use of Mellin

transforms to get:

™ log2

L h 272
12¢ 2 24 t )

This identity holds for 0 < ¢ < 272. We are interested in what happens as ¢t — 0.

a=h(t) =

Since

k>1

it can be seen that h(%) — 0 as t — 0, and thus the last term in the expression
for o is small enough to be insignificant. The remaining three terms provide an

approximation for a near ¢ = 1 where t = log %.
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Chapter 4

General case: The number of

letters occurring at least b times

We now generalise this idea and consider the number of values which appear at
least b times in a word. Our probability generating function needs to be extended.
To do this we need to ensure that u only takes into account those values that occur
at least b times. So it is necessary to subtract the letters that occur fewer times,
and add them elsewhere. For example, for b = 3, we would have

)2 : A i\2
F3(z,u) := H (1+zpqi+w+u<ezm’ —1—2pg — (2pq') ))’

, 2 2
>0

where the term 2zpg® corresponds to the letter 7 occurring exactly once in the word
and % corresponds to the letter ¢ occurring exactly twice in the word. For

general b we have

b—1 ik b1 PAL
Fy(z,u) ::H( (Z];j) +u(ezm’_z( ii) )) (4.1)

120 \ k=0 k=0

The results proved in this chapter are presented below.

Theorem 4.1 The expected number of digits occurring at least b times in a word

of length n whose letters are independently generated with geometric probability is

1 1

1
Ey(d,) = loggn + % +1logg(Q — 1) — 3~ EHb*l + 0, (logg n*) + O(ﬁ)’ (4.2)

as n — 0o, where N
1 €2jmm F(b _ XJ)

Lo x; T

5Eb (l‘) -

as in (4.9).



Theorem 4.2 The variance of this quantity is

—1)itbo—1 /5 h— -
Vb(dn):logQ2+%Zg($i)7_l>(z+i 1)(2_1)

b—1 . .
L = 25\ j = h JQMi—1 L =t h(QM — 1)
b—1 .
15221 /27\ L,
- — E — 274 4+ 6y (1 * 1 4.
Lj:1 2](]) + Vb(Oan)+0( )7 ( 3)

as n — oo. The fluctuating function oy, (x) is defined in (4.30).

4.1 The expected value (general case)

To find the average number of letters occurring b times or more in a sequence
of length n whose letters occur independently and with geometric distribution,
we differentiate (4.1) partially with respect to w, then replace u by 1 and find

the coefficient of 2" (not forgetting the n! since this is an exponential generating

function).
b—1 ; b—1
ey O 2pgt)F od 2pgt)F
Ey(dn) = nlfz ]@H( ( k:') +u(epq—z< k:')
i>0 \ k=0 k=0 u=1
b—1
e? (ezpql _ kz: (ZPI;J' )k>
n =0
DS
i>0
, -1 .
e?(1+pa') _ o2 kz_o (zplg! )
— n'[zn] Z ezpqz —
>0
o (zpg')*
= n![z"] Z (ez e*(1-pa") Z o )
i>0 k=0
, b—1 ik
=5 (1-nll2"] (ezﬂ—pqw (ZZZ) ))
i>0 k=0
b1
=> |1~ <k> (1 —pqz)"’“(pqz)’“>
i>0 k=0
L /n n—=k
=> |1~ <k> > < : >(—qu)J(qu)k>
i>0 k=0 §>0 J
n L /n n
_ iNj - NI
- (-2 (M) em >J> S ()= (") ey
>0 7>0 i>0 k=1 7>0



_ _ZZ (?)(—pqi)j - § (Z) > (n ; k)( —pq'Y (pg')*

S ()evre =X () (") v
>0 j>1 N i>0 k=1 k >0 J
S IETD SRS (Dol iy BT i
7>1 J >0 k=1 k 720 J >0
B n n '7 p] b—1 n n—~k n—Fk ' ijrk
20 SO ) w
) X ’ ) v ’

In the above expression, A is our original expected value (i.e., for the number of
distinct values) and Rice’s method (with the contour of integration surrounding
0,...,N, for N =n — k) can be used for v:

VI"Z'“(n—.k)(_l)j%zgc\r)(_w(ll:g—_;}j.

We have the function

(1= Q-1

fk<z) = 1 — Qf(erk) o Qz+k -1 (4'5>
which has a simple pole at z = —k, since k > 1. The contribution of [V; z] around
z=—kis
(=1)" " n —k)!
n—k;—k] =
(=k)(=k =1)---(=k = (n—k))
R ot O S UL
(YR (R 1) - ()
~(n =k (k- 1)
= o (4.6)
To expand fi(z) to one term around the simple pole at z = —k, let £ := z+ k and
then use (3.7) to obtain
1
fk(z) ~ €_L’

and so the residue is
7]

This can now be substituted into (4.4) as the inner sum (%), giving

1 (n=Rk-1  (n=k)!k-1)!
el n! N Ln! ’

b—1 b—1
=1

n— k—1)! 1 1
Roesen B
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Lastly, we need to calculate the fluctuations contributed by the simple poles at
24+ k=xj,7€Z,j#0. We have

-1 z+k
fi(z) = %,

so for € := z 4+ k — x;, and from (3.6) and (3.7),

(@ —1) v (Q—1)° 1
fi(z) = oo =1 (@ — 1)X]W ~(Q— 1)X7€—L,
so the residue is
@1

The contribution of [N; 2] around z = —k + x; is (refer to [1])

I'(k—=x;)I'(n—k+1)
I'n—k+14+k—yx;)
Dk —x)T(n—k+1)
B I'(n+1-x5)

=T(k —x;)nv* (1 + O (%)) (4.8)

(Q . ]_)XjTLXj _ e(logn*)xﬂ' _ e2m’jlogQ n*.

[n—k;—k+xj]:

Again we can write

This means that for each value of £ we have a main term contribution of

_ZF ]i] X] —k 27r1,]10an
J7#0

We sum this to get
=L /)1
—k 2mijlog, n*
k=1 j#0

which we can subtract from the §g function in the case b =1 (see (3.8)) to get the

fluctuations to be

b—1
—1 .. . n _
7 e2]7rzloan (F(_Xj)+ (k,)F(k o Xj)n k)
7#0 k=1

b—1
—1 —k 2jmi 1 n*
-2 ()t e - )
k=0
b—1

Jj#0

Tt 2 R D (k= )



b—1
_ __1 2jmilogg n* P(k _ Xj) l
L ZZ@ k! L+0o n

k=0 j£0
1 =L k x 1
_ - p2imilogg n* Z ~\MT Ay ( +0 (_))
L 7#0 k=0 "

:__1 2]7r1,loan ( ir ))(1+O(1))
L P X n

R “<b§‘”(1+0(n>)

Thus the expected number of digits occurring at least b times in a word is (see
(3.2) and (4.7))

1 1

1
Ey(dn) = loggn + % +logo(@ —1) - 5~ szq +0p,(loggn®) + 0(5)7

as n — 00, where

1 62]'772':1: P(b - Xj)

Lo xg T()

0p, (T) == (4.9)

This concludes the proof of Theorem 4.1. [ |

4.2 The variance (general case)

We use the same formula as before, namely:

Vi(d,) = nllz "]aa—QQFb(z w)

for Fy(z,u) as defined in equation (4.1). We define

b—1 ; b—1 ;
_ e (epg)” N O N )
N k! k! )
k=0 k=0

The second factorial moment can be calculated in a similar fashion to (3.11),

+ Eb<dn) - Eg(dn)a

u=1

namely:
82
wa(Z,U) u—1
& 1.,
= Ou2 Hfz(zau) u—1
92
U5 fj(z u) —fi(z,u)
3 ‘ ou?
-1l Z fl S1AEn +g“z’“>; fiz)
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2pal b-1 (qul)k o b-1 (quj)k
(- £ ) (- 55
= 2¢7 Z —

k=0
2pgt ,zpgd
0<i=; e#pd ozpq
b—1 1k b—1 ik
P4 ~— (2pg
=27 2 (1_€qul ( k:') )(1_€qu] ( k;') >
0<i<y k=0 ’ k=0 :
b-1 Ik b—1 J\k
=2 Z [ez — e(1-pd) Z (ZZ;CQ' ) _ o#(1-pd’) Zpkq' )
0<i<yj k=0 : =0 :
b—1 1Nk b—1 ik
+e (1—pq*—2zpq?) ( pq) (qu ) ]
! !
k=0 k k=0 k
b—1 ik
j <pq
=2 Z [ez e?(1-pd’) Z ( o ) (4.10)
0<i<y k=0
b—1 I\k b—1 J\k b—1 Nk
r2 3 [oorm SIS I oo SO o
0<i<j =0 o ! prd

Expression (4.10)

The expression given by (4.10) is in fact two terms which are treated together

because of their mutual independence of the index [. Hence

b—1 i) b—1 i\k
zpq ; (2pd’)
z z(1—pg?) _ |z z(1—pg?)
22 [e —ra’) ]—22 j[e e*\ e g o ]
k=

0<1<j k=0

We want the coefficient of %T of these exponential generating functions, which is 1
for *, and for the other functions we look at a term for any k between 0 and b — 1

to get a coefficient of:

J\k ik
n![z"]eZ(lquj) (Zp:‘ ) — n'(i?J) [zn]zkeZ(lquj)
_ n!(qu)k [Zn—k]ez(l—qu)
k!
nl(pg/)* (1 = pg/)"*
k! (n—k)!

= (Z)(pqﬁk(l—-pq@”_@

The coefficient of the expanded sum is thus

2§:jb—%1—hW—ﬁw¢ﬂ—hW*—~“—(bﬁl)@ff40—p¢W*“”'

J=0
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Now this can be split up into

2> j[1—(1—pd)], (4.12)
which is known from (3.17), and

-2 [nqu(l —pg )" T (bﬁ 1) (pg’)" (1 — qu)”‘(”‘l)]~ (4.13)

720

A typical term in (4.13) is

n : n = [n—s
-9 ) J\s s
(8) >_ilpe) (1~ 2(3)2‘7 p’) Z( ) )" (pg’)"
J20 j=0 h=0
n\ <= [N —
2 h+s
=5 () g
h=0 3>0
n\ s« (1 — s q)hts
()% ()
)\ h 1 — ")’
N h+s
=~2(1) 2 (3) v
h=0 q
(where N := n — s) for which there is a double pole at z = —s. Again Rice’s
method can be used. Let (pg)**
f(z) = %7
(1 —g**)

and let € :== 2z + s. Then we expand around € = 0 to two terms:

(pg)®  _ (1-QHQ™)F

(1—¢)? (1-Q=)?
_ (@—1F
(@ —1p

o< 10s(Q-1)
- (es1o5Q — 1)
1+elog(@Q —1)
(1+elogQ + ZlEQ _ )2

~ lI+elog(Q—1)
o £212(1 + %)2

1 eL\?
73 (1+elog(@Q —1)) (1 — 7)

(1+elog(Q—1)—¢L). (4.14)

~Y

~J

e2L?

The Taylor expansion of [N;z] around z = —s (i.e., around € = 0) to two places

(this can be done by Mathematica) is

I(n—s+1)[(s)
I'(n+1)

(14 (z+s)v(n+1) = (z+ s)(s)]

[n—5;—s] ~
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_ (n=s)(s—1)! [14ev(n+1) —e(s)]. (4.15)

n!

We can now calculate the residue by multiplying (4.14) and (4.15) and looking at

the coefficient of 71,

6773 (1 +elog(@ — 1) —eL) (n=s) (,3 — V! [1+ev(n+1) —eu(s)]
- (”_S>nf3_1> e ]Li(1+510g(Q—1)—gL) [1+ep(n+1) —ei(s)]
— (”_S)R(!S_ D Li(bg — L+ (n+1) —(s)). (4.16)

We also have double poles at z + s = xx, k € Z, k # 0. Let € := 2z 4+ s — x, then

using (3.6), the function f(z) can be written as

- (pq)z-l—s
s

B ((1 _ Qfl)Qfl)erxk

- (1 — Q(=txr))2

_ Qg (1 — gty
- Q2(€+Xk)(1 — Q—é—Xk)Q

_ (@—1)7h
(Q=txr —1)2
=(Q— 1)"’“%, (4.17)

since QX =1 from (3.6). Expanding the fraction to two terms, we have

(Q _ 1)5 6slog(Qfl)

(Qe _ 1)2 o (ealogQ _ 1)2
1+elog(@Q—1)
(1+clogQ + Z1E2@ _ )2

1+elog(@Q —1)
(elog @ + 762105262)2

_ 1+elog(Q—1)
o €2L2(1 + %)2

gzlLQ(l +2log(Q — 1))(1 _ %) (1 - %)

The [N;z] factor (N = n — s) expanded to two terms around z = y; — s (i.e.,

~

around ¢ = 0) is

[n — s xk — 5]

_I(n F_(Z: ?E(f(k_) Xk) [1+ (45— xp)v(n—xk +1) — (45— xi)d(s — xa)].
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We put these together (including the factor (@ —1)X* from (4.17)) to get the main

term of the residue,

Q-0 g el )(1-F ) (1-F)

I'(n—s+1DI(s— xx)
. I(n+1—xz) [1+evln=xet1) —evls =)

= (Q — mk%r(n F_(Zi ?E(;IS Xe) [e](1 4+ elog(@Q — 1)) (1 — %) (1 — %)

[+ 20—+ 1) — 205 — )]
B w L Tn—=s+1DI'(s — xz)
= O T Ty
- (log(@ = 1) = L+¢(n — xx + 1) — (s — x))

~ %F(s —xi)(Q — 1)+ (log(Q — 1) = L+ ¥(n— xx + 1) — (s — xx))

1 —s 71 1o, n(Q—
~ 23T (s = xRN (log(Q — 1) — L+ (m — i+ 1) — (s — xa),

which holds for all £ # 0, and so the residue at each Yy is asymptotic to

%F(S — xg)n Sehmiloeqn’ (log(Q —1) = L+v¢(n—xp+ 1) — (s — xx)),

(recall n* = n(Q — 1)), which can be summed over all k # 0 to get

> %F(S — xp)n e s (log(Q — 1) — L4+4(n — x + 1) — ¥(s — xx))
k40

1 ; *
= ”ﬂﬁ Z (s — xi)e*hmiosen (log(Q —1) = L+pn—xp+1)—¢(s— Xk))
k0

This result can be combined with equation (4.16) to give the total residues for a

typical term as asymptotic to

—2(") [““ MDD 4o@ 1) — Lt dn 4+ 1) — (s)

s n! L?

—s 1 i logy n*
e S s getetg
k#0

(log(@ = 1) = L+¢(n — xx + 1) — (s — x))
= 2L (105(Q = 1)~ L+ w(n +1) — ()

k40
(log(Q — 1) = L+(n — xx + 1) — (s — xx))
21

~ == (10g(Q = 1) = L+ h(n+1) = 4(s))
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_2 F . X Oan
(S) n_|_1 LQZ s
k40

(log(@ = 1) = L+¢(n — xx + 1) — (s — x))
= 2L (108(Q - ) - L+ v +1) - (o)

n (TL—S)' 1 2kmilog, n*
_2(8) n! ﬁZWS—Xk)e "

k0

(log(Q —1) = L+4(n — xp + 1) — (s — xx)

— _8_22(log(Q - 1) — L+ w(n + 1) - w(s))
k0

(log(@ — 1) = L+d(n — xu +1) = ¥(s — xx)).
Since we have b — 1 of these terms added together, we can now sum them to get

(from (4.13))

3 {_Liz(log(Q—1)—L+1/1(n+1)—¢(3))
s=1
F 2km‘10an*
s'L2 kzﬂ)
(log(Q@ = 1) = L+4(n—xi +1) = ¥(s — xx))
2 <41
=73 g(log(Q—1)—L—|—w(n—|—1)—w(5))
;1“ 1 i log n*
- = Z _' ZF<S . Xk)e2kmloan
L s=1 s k#0
. (log(Q —1) = L+yn—xp+1)—v(s— Xk))
9 b—1 1 2 ! 1
— ~Iz 2 ;(log(Q — 1) — L+ @/)(n + 1)) + 12 - ;@Z)(S)
2 <11
- —22—'ZP(S X ) 2k;7r1,loan
L s=1 5 k0
(log(Q@ = 1) = L+4(n—xi +1) = (s — xx))
) 5 bl
:—ﬁ(log(Q—l)—L—l-i/J(n-l— ))Hb 1-0—? - @
2 1 ki logg, n*
B ﬁZEZF(S—Xk)e eeet
s=1 k#0

(log(Q = 1) = L+¢(n—xp + 1) — (s — xx)).
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Expression (4.12) was dealt with in the classical variance discussion (Part (a)),
where it was shown that
—(@—1)
= Q -1

whose residue is
2 2

vy s
7 loan—I— i —I—@ —2logy(Q — 1)
2y

2y
+21logo(Q — 1) logg n + T logQ(Q —1) —2loggn — T

)
logé(Q - 1)+ = 5 + loan—I—

2 2kmilogo n* w(_Xk)
—i—ZZF(—Xk)e 8Q [—loanjL 7 —logQ(Q—l)—i-l] +o(1).
k40
Since ¥(n — xx + 1) ~ logn, we have that the total residue for (4.10) is

2 ¥(s)
— 7 (logg(Q — 1) = 1+ logg n) H,- 1+—Z
) 2y 2 2
+log2Q(Q—1)+6+loan+ 7 loan+L2 6L2—210gQ(Q—1)
2
+ ZIOgQ(Q —1)loggn + f logQ(Q —1) —2loggn — %
: * 2 : * -
_“ Z F kaIOan logQ n+f Z P(_Xk)e2kmloan w( LXk)
1#0 E#£0

2 i logo n* 2 i logy n*
— TR logy(Q — 1) + £ 3 T(—xp)emiioso

kséO E#£0
- Z TS T(s = xR logg(@ — 1)
" k40
b—1
2 1 . *
_l_zz_'zr(s_xk)ermloan Z ZF S— 2kmloan loan
s=1 5 k=0 s=1 " k#0
b
b—1
2 1 milog, n* w(S B Xk)
+ 705 2 Tls —xw)e i ——=2 4 o(1).
s=1 k#0

Although it is not clear now why the following changes are made, it will become
apparent when cancelling terms in the variance. We take terms b and # from the

above formula, and use [12] get

b—1
__2 2kmilog, n* 1
b—l—ﬁ—floanZe Q +21§FS_X’“

k0
—2 ! (s — xx)
_ T 1OgQ nz e2k7r1,logQ n* Z . Xk
k#0 5=0 ’
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b—1

= oggn Y et YL ED g g
k0 s=0 ’

b—1

—2 2heri logg, n* (s+a—1)!
:TIOanZe 1ogQ 273'

k#0 5=0

b—1
—2(a—1)! ki log, n* s+a—1

k#0 s=0
— y log n kzﬂ) o2hmilogg n* (b + Z - 1)
= _TQ logg n kz#o 2hmiloggn” %
= %2 loggn ,;0 e2hmilogg n” %
= % logg n ,;0 g2kmilogg n* %

= 2loggy ndg, ().

Now the final residue for expression (4.10) is

—z(logQ(Q—l)—l—HogQ Hy 1+_z¢

L
2 5 2 72 i
+logg (@ — 1)+6 +logg n + floan—F 7 + E —2logy(Q — 1)
27y 27y
+2logo(Q — 1) logg n + A logo(Q — 1) —2loggn — A + 2logg ndg, ()
2 ; * -
+ z ZF(_Xk)e%mloan [M _ ]OgQ(Q _ 1) + 1:| (4.18)
k;«éO
Z ZF s —x 2kﬂilOan*<logQ<Q_1>_ 1_@) +0(1)
s=1 " k#0

Expression (4.11)

We now turn our attention to the other portion of the second factorial moment,

namely the expression in (4.11). We have
b—1 )k b
zm (zpg’)*
o —pg'—z . z(l H
T —9 E ([ pq' —zpg?) 3 . ;0: o Pq § ]

S [ezapqlqu) (1 - %) \(1 +o ot %)}

+
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_ 2 (1 oot %)} '

The bracketed factor is split up into two parts. We write

T=2% { — pq7>(1+...+%>_€z<1—pql><1+...+%)

0<i<y

) \b—1 iNb—1

b—1)! b—1)!
=9 14 ... M 2(1=pq'—pg’) _ o2(1-pq")
= Z + -+ b1 (e e )
0<i<j
) 1\b—1 j\b—1
(- —pa) (1 4 ... FPL) Ly erd)
e (H ECE D AGC R ey Ak

We now call the first sum P and the second sum R. Thus
. (2pg)"! 2(1-pg—pg?) _ z(1—pq')
P._QZ‘|:(1+...+W (6 pe—pd’) _ o pq)j (4.19)
0<i<y
and

R:=2)" { 2(1-pg'—pa?) (1+---+%)(zqu+---+%)]. (4.20)

0<i<y

Dealing with P

Let Ps be a typical term of (4.19), where s € {0,1,...,b— 1}.
=2 Z [ ) Z(lqulquj) _ eZ(lpql))]
0<i<y

In this way we simplify the expression and can extract coeflicients more easily. We
now look at the coefficients of this expression (which is an exponential generating

function, hence the n!).

s l\s .
n![2"] P, = n![z"]2 Z Zlpg)” (ez(l_pql_qu) — ez(l_pql))

s!
0<i<j
s 1\s k 1— I 7k k 1— Ik
zzzm[zn]?«“(p?)z<2( pg' pe’)* 2 k‘pq))
0<i<j 5 E>0 ’ ’
_9 117 ZFte NS (1 — pdt — padV* — (1 — pa)F
- Zn-[Z]Zk,S,(pq)(( pq' —pg’)" — (1 —pg')")
0<I<j k>0 T
n 2" S \n—s n—s
=2 > nlfz ]Zm(pql) (1 =pg" —pg)" > = (1 = pg')" ™)
0<l<j n>s

n' S I\n—s n—s
=2 Z'ﬁ(ml) (L—=pd —pd)" > = (1 —pg')**), forn>s
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—9 2 (Z) (pg')*((1 = pg" — pg’)" = — (1 — pg')"~)

= QO;j (Z) (pd')’ [2 (n R )(—pql —pg’)" — :_0 (n L 8) (—pql)k]

= 202% (Z) (pd')* ::O (n R S) (—1)*((pd" + pg’)* — (pd")")

- 2(2) ::O (n B 8) (—1)’“O<lel(pql)s(pql)’“((1 +¢' 7 =1)

~2(") z (") >0 ) (10 =) (=i
()Z ()G et
R

h>1
where N :=n — s. We can now use Rice’s method. If

H(k):=> (1+¢"F—1),
h>1

then H(z) has no poles, so we only need to look at the fraction,

pt (gt (=@t Q-1

1— qs+k 1— qs+k 1— Q—(s+k) - Qs+k 1

which is the same fraction as that in the expected value for the number of values

occurring at least b times (see definition (4.5)). We thus use the expansions from

that calculation for the poles at z = —s and z = —s + xj (here we use variable s
instead of k). In the first case we had (in (3.7))
Q — 1)+ 1
fe) =G ,
Qs+ —1 L(s+ z)
making the residue +. The (exact) contribution of quantity [N;z] around z = —s

was also calculated above as being (see equation (4.6))

(n—s)l(s—1)!
n! '

0 — 5;—s] =
We must also calculate the contribution of the new quantity H(z).
H(z) = Y ((1+¢")7 = 1),
h>1
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SO

i>1
The total residue from the pole at z = —s is thus
1(n—s)l(s—1)!
E n H(_S)7

and by substituting this back into the expression for the coefficients of Ps (see

(4.21)), and summing on s, we get

bZi?(Z) 1 (n— s);(!s — 1)!H<_S>

1 (n— s)'('s —1)! S <¢+j— 1)<—1>i@1_ 1

ll

|
f=al
LL7JL
)
/~
» 3
~_
1
3 >

e R ()
=%;<—1ny_1§;(@:1)
:%;—1%@@-1_1%(“3‘1)

:%@%(wi_l)- (4.22)

For the poles occurring at z = y; — s we calculated in equations (3.6) and (3.7)

that for € := 2z + s — xx we have



and [N;z] around z = x; — s was also dealt with above in (4.8),
[n = sixk — 8] ~ T(s — xi)n™ "
Again we need to calculate the contribution of the new quantity H(z),

H(xp—s) =Y ((1+q"-1)

h>1

-2 (e )

— ; (; (HS_Z.X’“ N 1)(—qh)i - 1)
- ZZ(+ ey
- Z ( E [C >

to get the fluctuating residues

(@ — 1% T (s — ™ H s )

kA0
1
=17 D@ — 1T (s = ) H (v — )
k20
1 o
—n 5= Z e2lc7r'l,loan F(S o Xk)H(Xk _ S).
kA0

These can also be substituted into the expression for the coefficients of P; (see

(4.21)) and summed to get

b—1
n 1 ) .
22 (S)nsf D TR (s — xp) H (X — 5)

k40
b—

2 n—s —|— 1) Tilog
ZZ(> Ze% 98T (s — x) H (Xk — 5)

—0 k0

-1
2 1 kalo n*
= L2 2T X H o) (1.23)

Altogether we have that the coefficient for the quantity P is (from (4.22) and
(4.23))

n![z”]P:%Z%(ijLi—l)
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@‘
;_A

1
s!

(&
k0

kaIOan S _ Xk;)H(Xk _ 3) + 0(1) (424)
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o

Dealing with R

Previously, see (4.20), R was defined to be

Re2 Y { Ll <1+...+%>(quj+...+%)}

0<i<y

A typical term is

) l\s 7\t
o (1—pqt—pg) (2P2)° (2P¢)
Rai=2) e TR

with 0 <s<b—1and 1<t <b—1. We follow the same procedure as for P,

I\s it
nl[z"|Rg = nl[z"]2 Z z(1-pg' qu(pq) (2pg’)

| |
0<i<; s! t!
Y Z "(1 —pq —p¢’)* (2pd)* (2pg’)!
s! t!
0<Il<y k>0
"(1=pd —pg)* 2*(pd')* 2 (pe’)"
l
=2 Z" o P
0<I<j k>0
=23 Yoo a2 = pd' = pd))* (pd) ()
0<Il<yj k>0
=2 Z (n—s—1t)lslt! (1- pd' _qu)nisit@ql)s(qu)t
0<i<y
— 2 n' tn i n—Ss — t 1 ] k
- Z (n—s— t)!s!t' (=pq" —pq’)
0<i<j =0
n—s—t
n—s— . .
=2 Z ( )(_1)kpk+s+t Z qlerJtJrlk(l_'_q]fl)k
— ¢ — H)Iglf!
(n—s—1t)!slt! o
n—s—t
n—s—t s s
= 2(n — t o Z ( ) _1)k:pk;+ +tqu( +t+k) tht(l + qh)k
1>0 h>1
n! N L, phrer . -
:2(n—s—t)!s!tlz(k;>(_1) miq (L+4¢")"% (4.25)
k=0 h>1

for h:=j—1land N :=n — s —t and we define

=Y d"(1+¢")"

h>1
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before continuing by collecting residues for Rice’s method. The function H,(z) has

no poles, so we only need to consider the poles contributed by the function

z+s+t z+s+t

p @-1)
f(z) = 1 — getstt  (Qetstt ’

—q Q -1

which has simple poles at z+s+¢ = 0 and at z+s+t = i for all k # 0. Expanding
around the poles at z = —s— gives a residue of 1 (computed in (3.7)). The kernel

[N; z] can be calculated exactly at z = —s — ¢ as (refer to (4.6))

(=)=t (n — s —1)!
(—=s—t)(=s—t—1)---(=s—t—(n—s—1))
B (n—s—1)!

C(sHt)(s+t+1)---(n)
(n—s—t)l(s+t—1)!
n! '

n—s—t;—s—t] =

The function Hy(z) evaluated at z = —s — t is (see [36, page 83])

S—t tht +q —s—t

h>1
1
- tht(l + )ert
h>1 q
t+s+t—1 ;
S (T e
h>1 >0
_ its+t—1 i (t+i)h
D R (BT o
i>0 h>1
i+s+t—1 ;g
:Z( i )(_1)1_ t+i
i>0 q
i+s+t—1 P
:Z( i >(_1) o 1
i>0
This means that the residue from the pole at z = —s — ¢ is
—s—1 t—1
(s tlstt=

Ln!
This can be substituted into the expression for the coefficients of Ry (from (4.25))

and summed on s and ¢ to get

i b‘12 n! (n—s—Ds+t-D! ,
(n—s—t)ls!tl Ln! (=5 =)
s=0 t=1
b—1 b—1
2 (s+t—1)!
1 02 s =)
s=0 t=
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_Qb—lb—1(3+t_1)!zz'—f—s—f—t—l(l)i 1
_Lszo t=1 stt! i>0 ‘ Q-1
2 (1)ibi 1 bzl(s—i—t—l) its+t—1
L& QU 14 sl i
b—1 b—1 .
2 4 1 (i+s+t—1)
= 2N~y A
b—1
2 z—i—t—l t+s+t—1
T e ()
2 i+t -1 fi+b+t—1
- . 4.26
SIS g ()
(Q-pter

By letting € := z + s+t — xx, we expand f(z) = oy around € = 0 as in
(3.6) and (3.7) to get an approximation of

~ (O — 1)k
f()~ (@ 1)
The quantity [IV; z] can be calculated at z = x, — s — t as (see (4.8))
n—s—t;xg—s—t] ~D(—xg + s+ )"

The function H,(z) evaluated at z = x, — s — ¢ is

1
Hw—s=1) =) 0" oy
h>1 (L+gh)sHmx
e e (ISt
=S (T T T e
h>1 >0
Z"“S‘i‘f_Xk_l) j t+i)h
ST () e
120( ¢ h>1
t+s+t—xr—1 |
:Z( i )(_1)Qt+i_1'
i>0

Putting these quantities together, we get the main term of the fluctuating residues

from the poles at each z = x,. — s —t to be

1
[e7Q = 1 T (=xx + s + )0 Hy(xx — s — 1)
1

= E(Q — 1) T (= + s+ )n " T Hy(xp — 5 — 1)
]. ' *
_ Zermloan F(_Xk L5+ t)nfsfth(Xk — 5 — t),

which means that the residue fluctuations are given asymptotically by

1 . .
_ Z ermloan F(_Xk + s+ t)nfsfth(Xk s t).
k0
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We now substitute this quantity into our expression for n![2"] Ry (from (4.25)) and

sum on s and t to get

3) DETRIENEEL S P A

(n—s—1t)slt! L
s=0 t=1 k+£0
g b=l b-1 nl
= — ’ —s—t 2kmilogon* L
L (n—s—t)lsltl" > e QM I(—xk+ s+ t) Hy(xp — s — t)
s=0 t=1 k#£0
g b1 b-1 ol P(n—s—t+1)
— s — t)lsl¢!
L= (n—s—t)sltl  T(n+1)
. Z ekallOan*F(—Xk + s+ t)Ht(Xk — 5 — t)
k#0
2 b—1 b—1 ol (n—s— 1)
L (n — s —t)!slt! nl
s=0 t=1
Y eI T (x5 + ) Hyxk — 5 — 1)
k#0
P
Z '_t' 62k7r1,10an E— +s+ t)Ht(Xk e t) (427)
=0 =1 " k#0

Then (4.26) and (4.27) give the coefficient of R asymptotically as n — oo:

2 (i+t—Dfi+b+t—1
=R =1 ) 4.28
n![z"] LZO ZQtJrz_l 134l ( b ) (4.28)
b—1 b
2
7 ZZ Sl 1l Ze%ﬂman —Xk + s+ ) Hi(xr — s —1t) +o(1).
t=1 k20

The variance in the general case can thus be obtained by combining these results
in the following way: (4.10) + (4.24) + (4.28) + (4.2) — (4.2)*>. We would expect
the main term of the variance to be a constant with some small fluctuations which
can be written as a delta function. The definition of dp, (z) can be found in (4.9).

62

Vi(d,) = n![z"]%Fb(z, w) + Ey(d,) — Ef (d,)

u=1

:—%(logQ(Q—l)—l+logQ )Hy— 1_1__21/1

2 2
loan+ i +7T—2 —2logy(Q — 1)

5
2
+logQ(Q—1)+6+loan+ 2 T 6L

L

27y 2
+2logo(Q — 1) logg n + —= L logQ(Q —1) —2loggn — %
2k7rilo n* w(_Xk>
+ 2logg ndg, (logy n* k%éo (- 8Q A logo(Q — 1) + 1]
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b—

EZ D Zk”ilogcz”*<log@(@—1)—1—7w(S;X’“)>

LS " kA0
2 _1 ' 4 _'_ b_ 1 71 lo, n*
() 25 LS e sy e o)
i>1 =0 ° k20
. y (i+t—D fi+b+t—1
NN (I
b—1 b—1
2 1 7t logy n*
I Z ltuze% 50" T (—xp 4 5+ ) Hy(xp — s — 1)
s=0 t=1 k#0
gl L1 N S e
+10an+Z+logQ<Q_1)_i—szﬂ-i-(sEb(lOgQ”) YA
Hb_ Q’YH[,_ H2_
7 L4 2 L 221 —logén— 2 loggn logQ(Q —-1) - logé(@ - 1)
2 2 2
+ loggn — % loggn + 7 Hyy loggn +1logg(Q — 1) — 77 logo(Q — 1)
2 o 2 o 2 .
+t7 Hp1 1ogo(Q — 1) + dp,(loggn®) — z'yéEb(loan ) + 7 Hy1 05, (loggn”)

— 2 loggn g, (loggn®) — 2 logQ(Q — 1) 5Eb(logQ n*) — 5%b(logQ n*) +o(1)

1 72 2y Hy 4 "~ (s ) fi+b—1
_E+6L2+ 2 LQ Lzz LZ Qz i

—— N~

REA Y Dihl 1 U+t—1ﬂ(r+b+t—1)
e R RN tt i
9 b—1 b—1 1
"I ﬁz 2THOBQ T (—xg + s+ 1) Hy(xs — 5 — 1)
s=0 t=1 k#0
2 _
+EZF< ) 2kmilogg n |:w( Xk;) | Q(Q—1)+1i|
k£0
b—1
2 1 7ilog, n* w(S _ Xk)
2SS i et g 1)1 - U0
s=1 k#0

—1
i lo n* * 2 -
_Z - Z 2kmilosg " (s — yo ) H (g — 8) + 20, (loggn*) — ZvéEb(loan )
s=0 k#0

2 * * *
+ 7 Hy—16g,(loggn®) — 2 1og(Q — 1) 0p, (logg n*) — 5?31,(10%@ n') +o(1).
[¢]
There are still a few simplifications that can be made to the variance. We can

express | 1] and |2 | more simply by removing the i = 0 term from |2 | and including
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the t =0 term (i.e., ) in its place. Then

2 (—1)" fi+b—1
+‘L;z‘<@'—1>( )
Z bi 1 (i+t—Dfi+b+t—1
Lo Q=1 il t+i

>0
b—1
2 1 (t—1) <b+t—1)
L !
L&(Q—1) ¢ /
L2 Z“ z+t—1)!<z’+b+t—1>
— = .
L 121 — Qt+ 1 t!q! t+1
o2& 1 (b+t—1)
Le=tQ —1) t

HER SR 1 (z’+t—1)(z’+b+t—1)
L4 QM - 1) i t+i

=1

SRR

t=0 i>1

2L 1 b+t—1\ 2 <= (=11 i \[i+b—1
:Ztlt(Qt—l)( t )JFZtOi;lQi—ﬁ(z‘—t)( i )
2 1 b+t—1)
LRV -1) t

p— Dt/ i \[i+b—1 1 1/t+b—1
AL E L) () e g (T >]

Note here that for t = 0, this term does not need to be removed. Hence

v )RR

t=1 t=0 i>1
R t+b—1
LAt -1\t
t=1
2 (D) < i )(i+b—1)
L= = Qi —1)\i—t i
b

(—=1)! (Z a 1) (identity from [12])



SN e I [ ]

i>1

The harmonic numbers can be expressed as H,, = ¢¥)(n + 1) + 7. Thus

2 = U(s)
2o

2 1
:ﬁZg(Hsfl—’Y)
s=1
b—1 b—1
2 1 1\ 2y<ii 1
— N (Hm, D) N Hy = H,— -
L2szls( 3) Lzszls ( ! 3)
b—1 b—1
9 p 1 2y
S N £ A N A
L2 £ s LQ;SZ L2
2 1 2 2
(2) (2) v
LQQ(Hb 1 Hb71> - ﬁH LgHb 1
1 1 o 2y
= ﬁHbq LQHIE )1 LgHb 1

which means we cancel the terms |4 | — . It is also necessary to look at the term

@, whose mean is non-zero. In order to use results from [17] we rewrite

1 62k7ri:v P(b _ Xk)
Lz xe L)

1 g2kmiz (b—xr—1)!

5Eb(x) =

k20 Xk (b — 1)'
1 e2k:7r'iz (b — Xk — 1)
1 iz b—xr—1
:ZZB% (—(-M—l)!)( b—kl )
k0
1 . b—xr—1
k0

which is exactly the function dealt with in [17]. In [17] the square of this function
is split into two parts — a constant (the mean of the square of the function) and
the remaining periodic function of period 1 and mean zero. (In the classical case

the special case of this function was when b = 1.) We write
52‘1)(1‘) = [5%1)]0 + SEb (l‘)7

where

b - Xk b Xk*j) 2mikx
5Eb Z Z Yo ]F(b) e .

k40 j#0,4k xiL'(b)
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Also,

9 -1 . .
2oy T 1 2 1 /25 —27 1
= ozt 1524 2 o ()X () g

7=1 h>0
25~ (U bi 1 <2j) L, HY,
T h __ T 97 2
L = hQ»—1) L =2\ L

Therefore, the general variance is

Vildn) = log2 + = Z Hbl(”i_l)(b_l)
S ) MRS
1Zi ]

( )22]' + by, (logg n*) + o(1),

2j
where
2 ) -
k0
2 1 V(s — xa)
T — Xk
=23 LS — e (logg(@ — 1) — 1 — LX),
L ! L
s=1 k#0
241
+tT > o T (s — xp) H Xk — 5)
s=0 k#0
g bolb1
+ E ﬁ GQkWZIF(—Xk; + s+ t)Ht(Xk; — S — t)
s=0 t=1 k#0
2 2 ~
+ 20, (z) — 7 v o, (T) + 7 Hy_16g,(7) — 2 logg(Q — 1) 0g,(x) — dg,(2).
This concludes the proof of Theorem 4.2. [ |

4.3 The mean and variance for large b

To examine this variance result as b — 0o, we can use results from [17] which state

that

11 log2 1
R % — _ B -3
L;2< ) 7 +\/7?b +O(b73)

and (for any € > 0)

—%25( )2 (Ve

20



_ _%m%:llog(l +Q7") + 0((@ - 5)[))

whose big-O term is exponentially small as b — oo. From [15],

s (U6 ol (are )

for any € > 0 and is likewise exponentially small. Thus as b — oo, the constant in

the asymptotic expansion of the variance is

1

4
—b
NZa

—l—O(b*%) +O<(m —5) ) + oy, (x) = O(b’%).

N
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Chapter 5
Conclusion

Sequences of natural numbers (or ‘words’) were considered, where each letter oc-
curred with geometric probability. It was shown that the expected value for the
number of distinct values in a geometrically distributed sample of length n is as-
ymptotic to loggn as n — oo. If letters are required to occur more often (say, b
times) then the expected value is dependent on b and as b gets large the expected
value decreases logarithmically with respect to b (it will decrease asymptotically
according to the term —logy b). For b = 1, the classical case, this extra term (the

only term dependent on b) disappears.

The variance is small, with the calculations becoming more intricate when b is
larger than 1. In addition to the main term in the classical case — which is equal
to logy 2 — the general variance also has various sums which were shown to be
O(b’%) for large b. Again, substituting 1 for b resorts back to the classical case.

An extension of this work can be found in [26].
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Part 11

Maxima and Minima
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Chapter 6
Introduction

Given a word where the letters are natural numbers, we consider these letters to
occur independently and with geometric probability. So for p + g = 1, each letter

i appears in the word with probability pgi~!.

“What is the probability that the maximum in a word occurs in the first position?”
This question is addressed in Chapter 7 and later is generalised in Chapter 8 to
finding the probability that the maximum occurs in the first d positions of a word.
We take words of length n and require d < n. To begin with d is considered fixed.
The same scenarios are then considered for the minimum in Chapters 9 and 10.
Another generalisation dealt with in Chapter 11 is that the minimum value of the
first d letters is greater than (‘strict’) and possibly equal to (‘weak’) all other values

in the word. All of these ideas can be interpreted in the strict and weak sense.

A similar concept has been looked at for compositions, see [22]. Also, the proba-
bility that there is a single winner in a geometrically distributed sample is looked
at in [6] (see Chapter 7). The method in this thesis, however, is to use generating
functions and Rice’s method [2, 16, 21, 25, 28, 29, 30, 31] to obtain both the main
term and the periodic fluctuations which appear. The first case is dealt with in

more detail than the rest, as the process is similar in each case.

It must be noted that in Chapters 9 and 10, there are elementary probabilistic
explanations for the results given. It is thus unnecessary to use these techniques,
but they are included for consistency of method, and labelled ‘Proposition’ rather
than ‘Theorem’. An example of the probabilistic argument, as suggested by one
of the external examiners, would be as follows: Suppose X1, Xs,..., X, are inde-
pendently and identically distributed geometric random variables, with p and ¢ as
defined above. Then P(X = k) = pg* !t and P(X > k) = p¢*+pg"* t+pg*t2+- - =
p*(1+q+¢+--+) = pg" qu = ¢*. Hence the probability that a strict minimum
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occurs in the first position is given by

2 PG =) Xn> g2 sm<n) =3 POX = j)(PX > )

j=1 j=1
=Y g )
j=>1
_p_a
ql—gq"
_ Q-1
=51

as in Proposition 9.1. For Proposition 9.2 the use of the non-strict inequality
(X.n > j) gives the result, and the propositions in Chapter 10 follow by summing

over the first d positions.

Having established these results, a follow-up question might be “what is the prob-
ability that the maximum in a sequence of length n occurs in the first d positions,
if d grows with n?”. We use Mellin transforms to deal with the cases when d = an
for 0 < a <1 (in Chapter 12), and when d = an” for 0 < v < 1 (in Chapter 13).

Rice’s method was discussed previously. It makes use of Lemma 1 which is recalled

below.

Let C be a curve surrounding the points 1,2,...,n in the complex plane, and let
f(2) be analytic inside C. Then

i <Z> (=D*f(k) = —ﬁ /[n, 21f(2)dz,

where
(=) 1n! Tin+1)I'(—2)

2(z—1)---(z—n) Tn+1-2)"

By extending the contour of integration, it turns out that under suitable growth

t

[n; 2] =

conditions (see [10]) the asymptotic expansion of our alternating sum is given by
Z Res([n; 2] f(2)) + smaller order terms,

where the sum is taken over all poles different from 1, ..., n. Poles that lie more to
the left lead to smaller terms in the asymptotic expansion. The symbol ¢ is used

to represent y/—1 (as opposed to ¢ used elsewhere as an index).

The other technique used is the Mellin transform. The Mellin transform of a

function f(z) is a function of the complex variable s and is denoted by an asterisk.

It is defined by .
f*(s) ::/O f(z)z*dx. (6.1)
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The Mellin transform exists in a strip in the complex plane, denoted (—u,—v)
where —u < R(s) < —v if R(s) denotes the real part of the complex number s.
To find the boundary values of the strip, two limits are taken on f(z). For the
left boundary of the strip, if f(z) = O(z") as © — 0, then —u bounds how small
the real part of s can be. The largest value of the real part of s is given by —wv if

f(z) =0(x") as © — 0.
In order to re-establish the original function f(z), the inversion formula must be
used. The inverse of the Mellin transform is

f@) =5 [ T prs)eds (6.2)

271'3 —ico

where ¢ € R is in the fundamental strip. This is sometimes written as

f(z) = i,/f*(s)x_sds. (6.3)
(c)

It is in considering this inverse transform that we approximate functions using
residue calculus. We look at the poles of the integrand. If we are interested in where
the parameter is large, we move the contour right and collect negative residues.
If the parameter of interest needs to be small, positive residues are collected by
moving the contour line left. In the examples which follow, the parameter of
interest is the length of the word n, and since we wish to approximate for large n,
we move the contour right until we pass the first poles of the integrand and then

evaluate the negative residues.
References involving Mellin transforms include [7, 8, 10, 11, 20, 24, 38].

In Table 6.1 below are examples of words created randomly according to a geo-
metric distribution on certain values of g. The words were created randomly on
Mathematica (Using ‘GeometricDistribution’ from the statistics package ‘Discrete-

Distributions’):
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q Random word
Wlo 1111111111111t
: 13211312151511122112
% 168;45;3;200;83;85;49;79;43;127;17;1;2;140;123;7;116;77;58;81

Table 6.1: Examples of random words with given geometric probabilities.
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Chapter 7
The maximum in the first position

We break this problem into two parts, one case (‘strict’) where we do not allow the
maximum (k) to appear anywhere else in the word, and the other (‘weak’) where
k is allowed to appear elsewhere, as long as it first appears in position 1. As an
example, consider the words 4111322131 and 4141324112. The maximum in both
is 4, which appears only in the first position in the former but in positions 1,3 and
7 in the latter.

The results which follow are proved in this chapter. A different (probabilistic)
approach with similar results can be found in [6] following a problem stated in
[34]. Eisenberg, Stengle and Strang ([6]) consider the probability that there is only
one maximum in a geometrically distributed sample, and by multiplying this result
by %, we have a similar idea to that in Theorem 7.1. Similarly in Chapter 8 one

can multiply by % to obtain a more general result.

Theorem 7.1 The probability that the only maximum value in a word of length n

is in the first position of the word is

1-Q!
Ln

asn — oo, where Q = ¢ ', L =log @, and

5(1.) — ZF<1 o Xk>€2km'logQa:

Py(M) ~ (14 46(n)), (7.1)

as defined in (7.5).

Theorem 7.2 The probability that the mazimum value in a word of length n is in

the first position and possibly other positions is

Py(M) ~ QL—T(l +6(n)), (7.2)
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as n — 0o, where

_ Zr(l . Xk)e%m'logQ z

k0

7.1 Maximum in the first position — (strict)

We wish to construct words whose largest element appears in the first position
and nowhere else in the word (i.e., the strict case). We interpret this situation

symbolically as

w1 k=1

k>1
The union is taken over all natural numbers k&, where in each case k represents the
maximum value in the word. We start with the maximum k& and this is followed
by a sequence of any length from the set of letters {1,...,k—1} in any order, with

repeats allowed.

We translate this symbolic equation into a generating function whose coefficients
represent the probability that a word of length n has its maximum in the first

position. It is

) 1
By () =Y
E>1 11— zpgi-!

j=1

where the sum on j is a telescoping series (since p = 1 — ¢), and thus

s 1
F7() =3 apd T ——g

= L=z (¢ —¢)
7=1
I A—
_ k—1
= 1—2(1—¢+1)
= apg Y A=ty
E>1 >0
= > (g
k>1 720

We want to consider the coefficient of 2" (i.e., n := j+ 1 son —1 = j) in this
ordinary generating function, as this will give us the probability that a word of

length n has a strict maximum in the first position.

=> pd (1 =g

k>1

=> pg"! Z (n j_ 1) (—g"1y

k>1
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)(_1)qu(k—1)(j+1)

" 1) (~1)p > q*-06+

.

I
(]
1M1
A/
S
L

3 >
|1V
—_

]

I
(]
= T 72
)

<

=0 k>1
n—1
: )(—1)]p2(q3“)K (where K :=k — 1)
K>0

3 .
Il
_ O

]

<
|
_ O

n—1 - 1
I I
j )( VP

n—1 i 1-Q°!
-2 ()i

We can now use complex analysis to evaluate the alternating sum asymptotically.

3
I

<
Il
o

The method is called ‘Rice’s method” and was discussed in Part I. We use the same
lemma (Lemma 1, see (2.1)), which allows us to express a sum such as this as an

integral.

In our case, the sum begins at zero, so we start with a contour surrounding points

0,1,...,n—1. The function whose poles we examine is f(z) := %, and thus
the poles we need to consider are at 2 +1 = 0 and 2 + 1 = xy, where y; = %

for all k € Z \ {0}, (L = log@). For the first of these poles we have (expanding

around z = —1)

1—-Q! 1-Q! 1-Q! _1—@‘1

1—Q 1! 1-—e(=DL 11+ (—2z—1L) (z2+ 1)L

so the residue is % The contribution of the kernel is
S Vi G

(7.3)

Thus for the pole at z = —1 we have % For the other poles we let € := 24+1—x4.
Then (since Q¥ =1 by (3.6))
1-@' 1-Q' 1-@1' 1-Q7! 1-Qt 1-Q7!

1_Q—z—1—1_Q—€—Xk—1—Q—5_1—6_5LN1—(1—6L) el

so again we have a residue of % In this case, the contribution of the kernel is
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asymptotic as n — oo.
F'n—14+ 1) (—xx+1)
Fn—14+1—=xx+1)

[(n)

~T(1 — xp)nXet (see [1, page 257]),

n—1;xp— 1] =

1
= EF(I — X )eXkloen, (7.4)

So altogether for the remaining poles we have

1—Q!

mn

k0

Putting these results together, it can be seen that the expected value is asymptotic

to
1-— Qfl
Ln

1-Q! .
+ Lg kzﬂ) INQRE Xk)e%’”logQ”, as n — oo.

Since the fluctuating function will occur frequently, we define it as
O(x) = T(1 = xy)e*milear, (7.5)
k70

We can thus approximate the probability that the strict maximum is in the first

position as
P ( ) 17 ;71(1 + 5( ))
s (M - n)).

This concludes the proof of Theorem 7.1. |

7.2 Maximum in the first position — (weak)

If we allow the maximum to occur elsewhere in the word too, we change the

symbolic equation slightly, to
U k{1 k),
k>1

since the sequence which follows the initial £ may now include the letter k. This

can be given as the generating function

w _ 1
FJE/I)(Z) = Zzqu 1k—.
k21 1= 3 zpgi~!

j=1
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As before, we can rewrite this as

=Y gt a_ b
1—2(1—g*)

k>1

= apg" > A (1 - kY
E>1 7>0

=3 > A 1=ty
E>1 >0

which makes it easier to find the coefficient of z™:

2" Fap (2

2N g (1= gty

E>1 >0
=> pd (1 =gt
k>1
= pd! Z (n R 1) (—¢")
k>1 J
1
-> ("] 1) (1L S gty
7=0 J q k>1
n—l n—1 P q]+1
) ]Zo( J >(_1) ql— ¢!
e n—1 1
—ég(j y_)g@ﬂ—l
n—1 . 1 Q . 1
-3 (" )rai
p=

Q-1

Again we use Rice’s method and look at the poles of the function f(z) := oo T

We must consider the poles at z = —1 and z 4+ 1 = x,. The first of these gives

f(z) =

Q-1 Q-1

e(z+1)L _

~ = —1
1~ iDL near z ,

and the kernel is the same as in the previous example (see (7.3)),

For

1
—1,-1] =~
n—1,-1] = -

the remaining poles, if € :== 2z + 1 — xy, then

Q-1 _Q-1_Q-1 Q-1

Thus the residue is %
Q-1
f(Z) - Qerl _

and the coefficient of ¢

(7.4))

—1

1

:Q€+Xk—1_Q€—1_e€L—1 el

(7.6)

n (7.6) is . The kernel is again the same, so (from

L

1 X
[n—1;xk — 1] ~ =T(1 — xp)e*™se™,
n
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and we sum this over all non-zero k£ to get

-1 .
Q Zr(l . Xk)e2kmlogQ n

In all, we get an expected probability asymptotic to

-1
Pu(M) ~ C 20+ 6m)),
as n — o0. Recall §(z) = >_ (1 — yz)e? ™18 from equation (7.5).
k#0
Hence Theorem 7.2 is proved. |

The only difference between this and the strict case is the @ — 1 instead of the
1-Q ' Since@ >1=0Q—1>1—Q!, the weak case will be slightly larger.
This is to be expected as it is more likely that we have a k in position 1 if there
is more than one k in the word. That is, if there is one k in a word of length n,
there is a small chance of it being exactly in position 1. However, if there are, say,
3 k’s in a word of length n, then there is a greater chance that one of them is in

position 1.
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Chapter 8

The maximum in the first d

positions

This idea can be viewed in four different ways, all of which end up with similar
results asymptotically. These asymptotic results are proportional to d (in fact, are
the previous results with a factor d) as there are d chances that k& will be where we
want it to be, so the probability increases. For the problem to make sense, we need
a word of length d or more (where, for the time being, d is fixed and independent
of n) in all of these scenarios. We can have the (strict, strict) case where k£ can
only appear once in the whole word, and this appearance must be in the first d
letters of the word. Next, we can allow k to appear more than once in the first
d positions, but never in the rest of the word. We will call this the (weak, strict)
case. Alternatively, we can allow the letter k to appear any number of times in the
rest of the word, but only once in the first d places — i.e., the (strict, weak) case.
Lastly we can let k be anywhere in the word, any number of times, as long as it

occurs at least once in the first d places. We call this case (weak, weak).

The following results are presented:

Theorem 8.1 The probability that the single maximum value in a geometrically
distributed sample of length n appears in the first d positions of a word is asymptotic

asn — oo) to
( )

1-QY)d
Py~ =8 s, (8.)
where §(z) = >_ T(1 — xg)e?F™ 108 qs defined in equation (7.5).

k0

Theorem 8.2 The probability that the maximum value in a geometrically distrib-

uted sample of length n appears in the first d positions of a word any number of
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times (but at least once), and nowhere else in the word is approxzimately
(1-Q\)d
Ln

as n — 00, where §(x) is defined in equation (7.5).

Pos(M) ~ (14 5(n)), (8.2)

Theorem 8.3 The probability that the maximum value in a geometrically distrib-

uted sample of length n appears only once in the first d positions of a word and

any number of times in the remaining n — d letters is asymptotic to

(Q—1)d
Ln

as n — 00, where §(x) is defined in (7.5).

Pyw(M) ~ (14 46(n)), (8.3)

Theorem 8.4 The probability that the maximum value in a geometrically distrib-
uted sample of length n appears at least once in the first d positions of a word and

any number of times anywhere else in the word is asymptotic to

(Q—1d

wa(M) - Ln

(1+0(n)), (8.4)

as n — oo, for o(zx) from (7.5).

8.1 Maximum in the first d positions — (strict,

strict)

In this case we have strictly only one maximum (k) in the word, which has to
appear somewhere in the first d places. All other letters in the word must be
natural numbers which are less than or equal to £k — 1. Symbolically we represent
the first d letters as

d—1
A = k= Rk - 1 (8.5)
=0

and thus all possible words with this restriction can be symbolised by
A, k-1
k>1

The generating function then becomes

d—1 /[ k—1 i k_1 d—1—i .
J=1 1 —

k>1 i=0 \ j=1 Z qujfl
Jj=1
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A : A 1
— 22(1 o qk—l)zzqu—lzd—l—z(l qk—l)d—l—z
k>1 i=0 1—2(1—g¢"1)
d—1
_ Zd(l . qk:—l)zqu 1(1 . qk—l)d—l—z sz(l . qk}—l)j7
k>1 i=0 >0
and thus
d—1
"3y () = [2"] e A R e ) e (S Ak
k>1 i=0 §>0
d—1
_ Z(l _ qk—l)zqu; 1(1 _ qk—l)d—l—z(l qk:—l)n—d
k>1 i=0
d—1
_ Zz(l _ qkfl)n 1qu 1
k>1 i=0
_ Zd(l _ qkq)n 1qu 1
k>1
n—1 n—1
— Zdz ( . )(_qk—l)hqu—l
k>1 h=0
n—1 n 1 D
_ - _1\h_ Y (h+1k
_Zd( h )( 1) qh+1zq :
h=0 k>1
n—1
=3a n—1 (_1)hiﬂ
rard h g1 — ghtl
n—1 _
_ d n—1 (_1)th+1(1_Q 1)
pr h Qri—1
We use Rice on f(z) := %, and consider poles at z+1 =0 and z2+1 = Y.

To expand f(z) about z = —1, we let € := 2z + 1. Then

L QU-Q) - 1-Q

= 8.6
and the residue is 17%_1. This is combined with the kernel contribution (see (7.3))
1
1,1 ==
n- 1=
so that the first pole gives us
1-Q!
Ln

The remainder of the poles use € := 2z + 1 — xy, so

(1 -Q) (- 1-Q7°
f(z)— QE+X}€_1 - Qa_l ~ L )
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as in (8.6) and the residue is *=¢—. ", The kernel is

1 ]
[ =1 — 1 ~ =T(1 = yp)e*m s,
n
from (7.4) which means that the remaining poles give

1-— Q_l Zr(l .. )€2kﬂ'i10gQTL
Ln F ’

k0

In total, we have the probability asymptotic to

(1-Q™Md (1 —LQl)d ST(1L — g )etiesan

Ln
k40

and thus
1— Q_l)d

Pa(M) ~ B0 i,

where §(x) is defined as in equation (7.5). This brings us to the end of the proof
of Theorem 8.1. |

8.2 Maximum in the first d positions — (weak,

strict)

For this scenario we require that there is at least one k in the first d places, and
possibly more. However, the rest of the word may only have letters from the set

{1,...,k —1}. We express the first d letters symbolically as

d—1
A = (k= 1R, R (8.7)
=0

Note that we must fix the first k£ to avoid counting the same sequence more than

A, k=1

k>1

once. Altogether we get

Thus the generating function is

de1 [/ i i d—1—i
1—

k>1 =0 \ j=1 j=1 S 2pgi!
j=1
_ Z Z (1 — g51yizpgh=120-173(1 — ghyd-1-i 1
1—2(1—¢+1)

k>1 =0
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E>1 =0 >0
d—1
_ d+j k—1\i+j,.  k—1 k\d—1—1
= 2NN (1= ) pgt (1 - ¢Y)
k>1 =0 52>0

Before considering coefficients of this generating function, note that although we
make use of Rice’s method here, we could just as well have used a Mellin transform.
We keep to Rice for consistency, noting that Mellin transforms are discussed later
in detail (when we make d dependent on 1), and the equivalent calculation for this

generating function, and that of the (weak, weak) case, can be found in Appendix
B.

(") (=)

d—1
— ZZ 1— q z+n dpq (1 o qk)d—l—i (88)

S O e

k>1 i=0 h=0
d—1 i+n—d d—1—1

d—1—1 l+h p (1+1+h)
-y ( )z( ) PO

M

i=0  h=0 1=0 k>1
- Z Z h Z I (=1) g1 grih
i=0  h=0 1=0
d—1d—1—i : itn—d ,. -
d—1—1 . i+n—d LM (1 —Q7Y
= ( I )(_1) Z ( h )(_1) QHIth —1 (8.9)
i=0 1=0 _h=0 )

-~

Again, Rice’s method is useful to evaluate the sum in the brace, and we consider
%. These occur at z + 1+ 1 = 0 and
24+ 1+ 1= xr. We start with the former, and define € := 2z + 1+ 1. Then
Qe—l 1— Q—l
o = LHZLD
Q-1
Q1=
B el —1
Q-
el

poles of the function f(z) :=

(8.10)

and so the residue is % For N := n+ 11— d, the contribution of the kernel
is

(—1)NIN!
(-1-D)(-1—=1—-1)---(-1—=1—N)

[N =1—1] =
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B (—=1)N-1NI
(=N 1) +2) - (I+ N+ 1)
NI
T U+DI+2)-(I+N+1)
NI
T I+ N+
B 1
I+ N+

(8.11)

and so from this pole we get

Q'1-Q 1
L (I+1+ NV

The other poles give us (for € := 2z + 14+ 1 — xy)

_@tea-QY

f(Z) _ Q5+Xk -1
A -Q™
= o1
_Qii-Q

eL ’

by (3.6) and (8.10), so the residue is % The kernel can be expressed in
terms of Gamma functions. If we assume that d is fixed (i.e., independent of n),

we get
Pn+i—d+1DD(—xr+1+1)

T(nti—d+1l—xetltl)
'n+i—d+1)

(Nixp—1-1] =

= U e T 14 D)
~ T(=xp + 14 nxe— -t (see [1, page 257]) (8.12)
= %F(—Xk + 1 [)exslosn
:ﬁ%TU+1—X)%”mWK
Thus we have =
Q1-Q7) Lan ZP (141 — yp)ekmilosqn

k0
for the remaining poles, and altogether the probability from (8.9) is

ZZ (- ) ”Z(Q_ZOL_ e

i =0

=l
+Q( E}w+z MMW) (8.13)

1+l
Ln
k0
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It can now be seen that the [ = 0 term dominates. This is because the [ = 0 term
is of order &, the { =1 term is O(x5), the [ = 2 term is O(x5) etc. Thus we need
only con51der this term when discussing the asymptotics. By substituting [ = 0 in

the above expression, we get (recall that d is fixed)

1-Q! - 1 kil
F 1— milogg n
£ (it g T - et
i=0 k0
1_Q_1§ : L-Q o kil
= . + — [(1 — xp)e*m™oeen
L :On+z—d+1 L pur L
(1-Q@NHd (1-Q')d kil
~ ra-— miogQn, 8.14
I S O R( — e (3.14)
k0
Hence (-0
Pys(M) ~ ~———=(1 + 6(n)).
(M) ~ ==+ ()
This is the asymptotic expansion of the probability in the (weak, strict) case, where
d(z) is defined in (7.5). This concludes the proof of Theorem 8.2. |

8.3 Maximum in the first d positions — (strict,

weak)

Here we assume that k& only appears once in the first d positions, but can occur

any number of times in the rest of the word. Therefore we again use (see (8.5))

d—1
AP = k=1 R{LL k1
=0

and in total we have

A,k

k>1

The generating function is thus

d—1 [/ k-1 i k—1 d—1—1 1
Fi(z) =3 (Zzzs'q”) pg" ! (Zqu“> —
1—

k>1 i=0 \ j=1 j=1 S zpgi-!
j=1
- 1
_ 1  gE LYkl A1 e lyd-1
d—1
= I =g ) pg T (1 = b)Y
k>1 +=0 j2>0
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=) d (1= g ) pg T (1 - gty

k>1 >0

We are interested in the coefficient of 2", hence

2 (2) = d(1— ¢ ) pd (1 - ) (8.15)
k>1
- d—1 k—1\l,  k— < n—d E\h
:;dlo ( l )(—q N'pq 1“( ! >(—q )
= d—1 i —d
Sy () (1 e e e
1=0 h=0 T =
d—1 d—1 n—d —d htl+1
- dz ( l )(_1)lz (nh )(_1)h lzjrl 13 hoti+1
=0 h=0 q q
d—1 d—1 n—d _d I+1 10Ot
=d§;(l )«nlo(nh)«Jw%W;H?lx (5.16)

Again, to find the alternating sum on h asymptotically, we use Rice’s method on
the function f(z) := % The simple poles we need to consider are at
z+1l+1=0and 241+ 1 = x4, and for both we define N :=n — d. For the first,
let € := 2+ 1+ 1, then

_QT-Q) _QTI-Q) Q- Q)

1
Q-1 esl —1 el ’ (8.17)

f(2)

with residue M We join this with

1
(+N+1)(N

IN; =l —1] =

(see (8.11)) to get the result for the first pole as

QT (1-Q™")
LI+ N+1)("Hy

For the remaining poles (where z+1+1 = y; for all £ £ 0), let € := z+ 1+ 1 — x;.
Then since QX = 1 by (3.6), the asymptotics are the same as the previous pole —
see (8.17) —so

B QlJrl(l o Qfl) B QlJrl(l - Qfl) QlJrl(l - Qfl)

f(Z)_ Q5+Xk—]_ QE—]_ =L )

and again we have a residue of % The kernel is similar to (8.12):

I'(n—d+1)
Tn—d+1—xp+1+1)

[INixw =1 =1 =T(=xx +1+1)
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~ T (=xp + 14 D11 (for d fixed)

1 i logo n
- l+1r(l+1_X)2k“gQ :

These poles thus contribute

Ql—f—l 1 — )
E F ka logg n

l+1
Ln
k0

So to find the probability asymptotically, we add these together and put them

inside the previous sums from (8.16), i.e

d—1
Ql“(l—Q )

d

O

1 .
E :F 11— 2k;7r1,logQ n)
N+l nit+1
((Z+N+1)( + o

Again, due to the fraction we can see that the [ = 0 term is the

1
(+N+1) (M)
largest for large n, and thus we can simplify the asymptotic approximation of the

probability (as n — o0) to
Ql-Q™) 1 2kil
F 1 — milogg n
r A\ it %; ke

Q-1 d (@ — 2kmil
_ (1 — nilogg n
T n—d+i’ Zk?éo (1= xk)e

(Q - 1)d (Q B 1)d milogo n
T In * kZ#)F(l — xp)eFmlosa

Thus Q- 1)d
TS

“ 4 sy,
as n — oo, for 6(x) as defined in (7.5). The proof of Theorem 8.3 has thus been

completed. [ ]

Pay(M) ~

8.4 Maximum in the first d positions — (weak,
weak)
The requirement for this case is that there is at least one k in any position between

1 and d. All other letters in the word can be anything in the alphabet {1,2,...,k}.
We express the first d letters symbolically as (refer to (8.7))

d—1
AW = (k= 1R, R
=0
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Since we do not want to count k£ more than once, we secure the position of the

first k£ in the first d letters. Now the union is taken over all k —i.e., over all words

where £ is the maximum, and we include the rest of the word ({1,..., k}*), giving:
(w) *
ALk
k>1

In terms of generating functions, this reads as

d—1 [/ k—1 ' i k ' d—1—i .
= S5 (S ) o ()
j=1 1—

k>1 i=0 \ j=1 S zpgi=!
j=1

1

_ (1 b= DYiapgh—1.d-1-i(] _ kyd—1-i
ZZ( ¢ )'epd" 2 (1 = ) T—0-g

1
1—z(1—¢")

I
I
U
(]
—
|
Q
T
—_
—.
bS]
(S}
T
—
—~
—_
|
L)
o
N—
T
—_
!

We are interested in a word of length n, and thus consider the coefficient of 2" in

this series.

d—1
= ["7] (1= ¢"pg" (1= g (21— )
k>1 =0 7>0
d—1
_ Z(l _ qkq)iquq(l _ qk)nflfi (8.18)
k>1 =0
d—1 i i n—1—1i n—1—i
=> > Y (l)(—q’“ﬁ‘l)’p@/‘;‘1 > ( , )( q")"
k>1 i=0 1=0 h=0
d—1 i i D n—1—i n—1—i
_ Z (l) (_1)lﬁ . )(_1)hzq(1+1+h)k
i=0 1=0 q h=0 E>1
d—1 1 i n—1—1 n 1 i 1
= DM 1 - Q7! ) (=) —— (8.19
>3 () verta-en S (", T ) gy 619

Not surprisingly, Rice’s method is used to evaluate the alternating sum on h as-
ymptotically. Our contour surrounds points 0,...,n — 1 — ¢ in the complex plane.

For N :=n — 1 —1, we can rewrite the relevant sum as

> (1) gy

h=0

1

= oFET and therefore

So the function we consider for residue collection is f(z) :

the poles we deal with are at [+ 1+ 2z =0 and [ + 1+ z = xx (xx as before is
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defined for all non-zero integers k). If € := z + 1 + [ then expanding around € = 0

produces
1 1 1

f(z):Q€—1 T el 1 14eL-1 el
and so the residue is 7. The contribution of [N; 2] at z = —1 — [ is (see (8.11))

1
(+1+N)(N)

[N; =l —1] =

For the poles at 2 = x;, — 1 — [ we put € :== 2+ [ + 1 — x; and again we have

1

f(Z)Ng—L

and so the residue is 7. For the kernel (see (8.12) and recall that d is independent
of n),

['(n—1)
Fn—i—xx+1+1)
~ D1+ 1= xp)n !

[Nixe =1 =0 =T(1+1—xz)

1 wilogon
—anF(Hl— xi)e2hriloeqn, (8.20)

So for the poles at z = x, — 1 — [, the contribution is
1 i n
k#£0
Altogether the expected value is

d—1 ¢

i _
> () neta-e
i=0 1=0
1 1 1 .
. + (1 + ] — e2kmloan
[L (I+N+1)(VF) Lttt ;0 ( Xt)
-1 i .
i 1 1
= (D' (1-Q7h)+ l
i=0 1=0 (l> L{+N+ 1)(Nz+)
-1 i .
t LAl+1 BN 2kmilogg n
P30 () 1T Q) s ST L e,
=0 1=0 k0
Again, the [ = 0 term dominates, leaving
d—1 d—1
Q-1 o2kl
— <~ 4 F 1 — milogg n
— L(n — z) Z I;O
Q— 1)d — 1 o2l
~ F 1 — milogg n
n P ,

k0
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as n — o0o. Therefore

(Q—1)d

Py (M) ~ Ln

(14 4(n)),

for 6(x) as in (7.5). Theorem 8.4 is now proved. |

It can now be seen that the cases with £ allowed to repeat in the ‘rest’ of the
word have probabilities which are larger than those which are strict for the second
part. As in Chapter 7, this is due to the factor Q — 1 as opposed to 1 — Q1. As
n — oo the length of the ‘rest’ of the word dominates the first d letters, and thus
our results are dependent on the second restriction rather than the first. Some

numerical examples (of the main term only, for Q = 2) are given below for a

comparison:
(strict, strict)/(weak, strict) | (strict, weak)/(weak, weak)
n=10,d=14 0.28854 0.57708
n =100,d =4 0.02885 0.05771

Table 8.1: Numerical values (main term) for the maximum in the first d positions.

Also, the results in cases (strict, strict) and (weak, strict) are exact replicas of the
strict case (7.1) in Chapter 7, except for the extra factor of d which indicates that
we have the same probability in each of the first d positions. Similarly, multiplying
(7.2) by d gives the results in the (strict, weak) and (weak, weak) cases in this
chapter, as the probability in (7.2) applies to each position of the first d letters in
a word, and the total probability is the sum of d of these.
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Chapter 9
The minimum in the first position

Suppose we now restrict the set of words we consider to those where the minimum
value (j) lies in the first position. We can either allow this minimum to repeat
in the rest of the word or not. If we allow repeats, we call this the ‘weak’ case,

whereas the ‘strict’ case refers to the scenario when j does not appear again.

Proposition 9.1 The probability that the minimum value in a geometrically dis-
tributed sample of length n appears in the first position and nowhere else in the

word 18
Q-1

Py(m) = o1

(9.1)

Proposition 9.2 The probability that the minimum value in a geometrically dis-
tributed sample of length n appears in the first position and any number of times
elsewhere else in the word is

_ Qn—l(@ _ 1)

P, (m) O —1

(9.2)

9.1 Minimum in the first position — (strict)

Here we assume that the minimum (j) appears only once in the word — and that

it is in the first position of that word. We can express this idea symbolically as

Uili+1i+2,...}

Jj=1

where the union on j signifies all possible values of the minimum (all j € N); the

minimum in position 1 is followed by a sequence of any length but consisting only
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of letters whose values exceed j. As a generating function this can be expressed as

1

EDE) =2 i —
j>1 1— > zpgh!

k=j+1

= Z 2pg’” 1 T2 (telescoping series, p =1 — q)

7>1
=2 ™ sz(q] ‘
j>1 k>0
+1
= e
1 _ k1)
k>0 q 1 q

whose coefficient of z" is thus

p ¢ Q-1
ql—q» Q-1

Here we have the result exactly, with no fluctuations (as we did in the case with

Py(m) = [2"]F})(2) =

m

maxima). This completes the proof of Proposition 9.1. [

9.2 Minimum in the first position — (weak)

Now we allow the minimum to repeat — i.e., the same situation as before, only now

J can appear more than once in the word. Symbolically

Uigi+1....p

Jj=1

which translates to

, 1
EW () = Z pg T ————

j>1 1= > zpght
k:j
1
=
j>1 q]
=> g Z g
J>1 kZO
Z k+1
= z
_ k+1
k>0 l—q
The coefficient of 2" is
p QU(Q-1)

Py(m) = ["|F(2) =

m

1—qgn Q-1

This proves Proposition 9.2. [
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By comparing these two results, we can see that the weak case is larger (since
@ > 1), which is to be expected since we are including more words as possibilities.
Also, because the sample is geometrically distributed, it is highly unlikely that
such a sample will have a strict maximum at all, let alone have it occurring in the

first position.
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Chapter 10

The minimum in the first d

positions

As in Chapter 8, we have four different scenarios here, since we can apply our
weak /strict classification to the first d letters as well as to the rest of the word.
We require a word of length d or more. The first case we look at is where we only
allow the minimum () to appear once in the word — and its position is restricted
to the first d places in the word. We call this (strict, strict). Secondly we let j
occur more than once in the word, but only in the first d places — (weak, strict).
Allowing j to occur in the rest of the word, but only once in the first d positions,
gives the case (strict, weak). Finally, we can let j occur any number of times,
anywhere in the word, as long as it occurs at least once in the first d letters —

namely (weak, weak).

The results which follow are proved in this chapter. These results are exact (which

is also the case in Chapter 9).

Proposition 10.1 The probability that the one and only time the minimum value
of a geometrically distributed sample of length n occurs in the sample is in the first

d positions, is
(Q—1)d

P (m) = o1

(10.1)

Proposition 10.2 The probability that the minimum value of a geometrically dis-
tributed sample of length n occurs at least once in the first d positions of the sample,

but never in the last n — d positions is

(10.2)



Proposition 10.3 The probability that the minimum value of a geometrically dis-
tributed sample of length n occurs once only in the first d positions of the sample
and any number of times elsewhere in the sample, is
_QQ - 1)d

Q-1

Proposition 10.4 The probability that the minimum value of a geometrically dis-

Py (m) (10.3)

tributed sample of length n occurs anywhere in the sample, but at least once in the
first d positions, is

Pyu(m) = ———. (10.4)

10.1 Minimum in the first d positions — (strict,

strict)

Suppose we have a geometrically distributed word of length n. What is the prob-
ability that its minimum value (j) appears once in the first part of the word but
never again? Symbolically we express the first part (the first d letters) of any such

word as i
AV =+ Y+ (10.5)
and so all possible words of tllr;ios type could be expressed as
AV +1,..
j>1

The generating function is

d—1 00 i 00 d—1—i
Fe) =) < > quk_1> 2qu_1< > qu’“‘1> =
1—

j>1 i=0 \ k=j+1 k=j+1 > zpght
k=j+1

d—1

_ Z Z Zi(qj)izquflzdflfi (qj)dflfz'

§j>1 i=0

d—1
_ Z Z 2Apgd-t Z gk

J>1 i=0 k>0

_ Z Z dzk-l—dqu(k—l—d)—l’

j>1 k>0

1
1 —z¢7

and thus the probability that the strict minimum occurs only once in the first d

positions is

2MES (2) =) dpg !

Jj=1
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]>1
T
ql—q"
Hence Q- 1)d
P,, =< 7
m) =<5
and Proposition 10.1 is proved. ]

This result is the same as the minimum in the first position (strict, see Chapter 9),
but multiplied by d, as there are d opportunities for j to occur somewhere in the

first d positions.

10.2 Minimum in the first d positions — (weak,
strict)

Suppose we allow j to recur within the first d but not thereafter. We express the
first d letters as

A= le+1 BUTTN B N L (10.6)

where the position of the first j is fixed. This can be substituted into the symbolic

equation for all such words, namely
AP+,
i>1
Then we can define the generating function as
d—1 00 i 00 d—1—i 1
k=j 11—

j>1 =0 \ k=j+1 > zpght
k=j+1

iy elyde1—i L
- Sty

j>1 =0

_;Zozpq]d d+zkz>0 k jk;
7>1 4

_ ;f”m d ;qg(md Zqz

Jj=
¢t 1—

_ kz htdpg—d o qq

>0

81



and thus

n 1 — qd
n F(w,s) — -d_ 4
[2"]F"" () = pq r—
B 1 qg4-1
IR A
Consequently,
Q-1
Py = ’
m) = 5
which completes the proof of Proposition 10.2. |

10.3 Minimum in the first d positions — (strict,

weak)

If we now allow j to appear only once in the first d letters of a geometrically
distributed sample of length n, but any number of times in the rest, then (from

(10.5))
d—1
AV = U+, Y+,
=0

as in the (strict, strict) case, but altogether we include a j in the starred sequence
to get

AV, + 1,0

i>1

The generating function is

d—1 00 i e d—1-i
Fi)(z) = ZZ( > ZPQ’“) zpq“( > zpq’“) —ool
1._

i>1 i=0 \ k=j+1 k=j+1 > zpght
k=j

d—1 1
_ Z Z Zi(qj)izqu—lzd—l—i(qj)d—l—i

j>1 i=0 1=z
d—1
j>1 i=0 k>0
_ Z deF gkl Z g/ )
k>0 7>1
k+d, —k—1 ¢+
=D d"pg T
E>0

so the probability is




d—1 1

=dpg" =
1
=d(1 — -1 17d7.
1-Q Q5
Hence 0"1(Q d
n -1
Py, = T A, 1
(m) = 5
which concludes the proof of Proposition 10.3. |

10.4 Minimum in the first d positions — (weak,

weak)

Now we consider the final option. We let j occur anywhere, as long as it appears

at least once in the first d places.

d—1
AV = U+ i+
=0

as in (10.6) where the first j’s position is fixed, but others may occur to the right.

All such words are represented by
JAYGg+1..
Jj=1
The generating function is
d—1 0o i [e) d—1—i 1
1 —

§>1 =0 \ k=j+1 k=j > 2pght
k=j

iy j—1yd—1—i 1
_ZZ D (U 1— 2qi!

7j=>1 =0
jd—d+i k k(j—1)
B I I
j>1 i=0 k>0
d—1
_ Z Zkerqudfk Z qj(ker) Z q
k>0 j>1 i=0
= 3 gtk ¢t 1-¢°
— gkt+d 1 —
k>0 1=q 1—gq
Z k+d —
o k+d’
k>0



and so in this case the coefficient of 2™ (i.e., the probability) is

Puu(m) = ["] ) (2)

This proves Proposition 10.4.

_]-_qd_]-_Qid

Cl—gr 1-Q

It can be seen by substituting even small values for n and d, that these different

situations are what we would expect. Again, for a fixed d and large n, we can see

that it is the classification of the ‘rest’ of the word that takes precedence, i.e., the

(strict, strict) and (weak, strict) cases are in a different order of magnitude to the

(strict, weak) and (weak, weak) cases. For example, if we take Q) = 2, we get:

(strict, strict)

(weak, strict)

(strict, weak)

(weak, weak)

n=10,d=14

0.00391

0.01466

0.25024

0.93842

n=100,d=4

3.1554 % 10739

1.183 x 107%

0.25

0.9375

Table 10.1: Numerical values for the minimum in the first d positions.
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Chapter 11

The minimum of the first d is the

maximum of the rest

We require the minimum value (j, possibly repeated) of the first d letters to be
either strictly greater than or greater than or equal to the maximum of the rest
of the word. Again there are four cases, which are all combinations of the pair

(strict, weak).

The theorems below are proved in this chapter.

Theorem 11.1 The probability that the strict (i.e., occurs only once) minimum
value of the first d positions is the strict mazimum value of the remaining letters

in a geometrically distributed sample of length n is asymptotic to

@-vd Q=1

Pss(mM) ~ LniQ LniQ a(n), (11.1)
as n — 0o, where
Sa(x) =Y T(d — xp)e*m=e”, (11.2)
k0

which is defined in (11.10).

Theorem 11.2 The probability that the weak (i.e., possibly repeated) minimum
value of the first d positions is the strict mazimum value of the remaining letters

i an n-letter geometrically distributed sample is approximately

@ -1@-1! (@ -1
LndQd LndQd

Pys(mM) ~ Sa(n), (11.3)

as n — oo, where dg(z) = > T'(d — xp)e?* ™18 g5 in (11.10).
k20
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Theorem 11.3 In a geometrically distributed sample of length n, the probability
that the strict minimum value of the first d letters is the weak maximum value of
the remaining letters is asymptotic (as n — oo) to

P,y(mM) ~ (Q;ni)d! + (QL_ndl)%d(n), (11.4)

where dq(x) is defined in (11.10).

Theorem 11.4 The asymptotic probability that the weak minimum value of the
first d positions is the same as the weak maximum value of the rest in a geometri-
cally distributed sample of length n is

@ -1d-D! Q-1
Lnd + Lnd

Pyw(mM) ~ dq(n), (11.5)

as n — oo for dg(x) as in (11.10).

11.1 Minimum of first d is greater than the rest
— (strict, strict)
Here we do not allow j to occur anywhere else in the word. That is, 7 occurs only

once in the first d letters, and is strictly the minimum there. It does not occur in

the rest of the word either, and nor does any letter larger than j.

We can express the first d letters symbolically as we did in Chapter 10 (see (10.5))

d—1
A = UG+ Y+ 3
i=0
so that our total symbolic equation is

AP, -1

Jj=1

This can be translated into the generating function

o i o d—1—i
(ss ZZ( Z quh1> quj1< Z quh1> j11
1 _

j>1i=0 \ h=j+1 h=j+1 S 2pgh!
h=1
< 1
_ 1 d—1—i/ jyd—1—i
= ) epg T 2T ) -
Z ; 1—2(1—¢i71)
d—1
_ deq2j+j—1+jd—j—2j Z Zh(l . q]—l)h
j>1 i=0 h>0
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=) A hpg (1 -

h>0 j>1
We wish to examine the coefficient of 2™:

ES () = 3 dpg/tH (1 — g7y

Jj=1

= dpg™! ij (n , d> (=)

i>1 1=0

n—d
n—d e .
_ Z ( l ) (—1)ldpq -1 Z q](d-‘rl)

jzl
d+l1

n—d 1, —1—-1_ 4
:Z( / )(—1)dpq 1_7qd+l

(e

n—d
(Q—1)d (n - d> . QM
== V' gar—1 (11.6)
QY =\ | Q 1
We can now make use of Rice’s method (the contour surrounds points 0,1,...,n—
d) to evaluate this asymptotically. We consider the function f(z) := %. The
poles about which we must expand are the simple poles at z+d = 0 and z+d = i
where k # 0. If € := 2z + d, the former gives us
Qe eeL 1
f(z) = = 7 ~Y )
QF—1 et -1 €L

(11.7)
so the residue is % The kernel is
(=D "(n —a)
(=d)(=d—=1)---(=d = (n—d))
(=D "'(n—d)
(=d)(=(d+1))---(=n)
G ) )]
(=)=t d)(d+1)---(n)
G ) ]
(=)= d)(d+1)---(n)
_ (n—d)i(d—-1)!

[n—d;—d] =

n!
1
d3)
Since we are interested in n large, we can approximate this (as n — oo, see [1,
page 257]) to:
1 dn—d)!  (@d-DT'(n—d+1) (d—1)!

["_d;_d]:d("): dnl T(n+1) ~ o (1)
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So for the simple pole at z + d = 0, we need to multiply by the @é—;)d in (11.6) to
get
(Q — 1)d!
LndQd
For the other simple poles (at z +d = xi) let € := 2z + d — x4, then since QX+ =1
by (3.6) we have

Qerxk Qz—: 1

f(Z):QE+Xk—]_:Q5—]_N5_L

giving a residue of T as in (11.7). This time the kernel is

I'd—xx)l'(n—d+1)
C(n+1-—xk)
~T(d — xz)n=—?

1
" nd

n—d;x,—d] =

[(d — xj)e?Fmtlosen, (11.9)

and thus we get the contribution of the remaining poles as (see (11.6))

(Q—1d

QD5 g gy

k0
Adding these together will give the probability as asymptotic to

Q—1)d Q—1)d
(LndQ)d + (LndQZl da(n),

Pys(mM) ~

as n — 00, where

Sg(x) =Y T(d — xp)emloser, (11.10)
k40
This concludes the proof of Theorem 11.1. [

11.2 Minimum of first d is greater than the rest

— (weak, strict)

Here we allow j to appear any number of times (and at least once) in the first d

letters, but it is not allowed to appear in the rest of the word. From (10.6) we have

d—1
AW = |G+ 1, G,
i=0
then all possible words would be

JAfqL,. -1

Jj=1
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Translating this into a generating function gives

i - d—1—i
1—

j>1 i=0 h=j+1 h=j Z quh—l
h=1
— qu] 1zd7171(q]71)d7171 —
RNl EETS
_ Zzz pq]d d+i Zzh(l . qj—l)h
j>1 =0 h>0
d—1
_ Z Z Zh-i—dpq]d d h Zqz
>1 h>0 i=
- . 1 — q
_ Zzzh+dpq]d d(l . qj l)h -
, -9
J>1 h>0
— ZZ h+d ]d ] 1)h
j>1 h>0
SO
E ]F(wS)( Z n—d
j>1
n—d
Zq]d n-— ) ]fl)l
j>1 =0
n—d n—d
=(@'-1> ( l ) —1)ig Yy
=0 7>1
. nd e d L g
~a -0y ("))
= l 1 — qd+l
—d

< n—d 1
— (1= ¢ ( )(—nl—
— l 1 — qd+l
1

()
£

_Qd_lnfd n—d 1l Qd—i—l

o Q4 Z l (=1) Qi+l —1°
Rice’s method tells us to examine f(z) := % at z+d=0and 2+ d = xy, so
we expand about € := z + d to get (see (11.7))

@ 1
6=~
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so we end up with 1. From equation (11.8)

(d—1)!
n—d;—d] ~ .

For e := z + d — x4, from (3.6) and (11.7)
Qerxk 1

J(z) = Qerxk — 1 el

with residue 7, and (from (11.9))
[ —d: o d] LF d— 2kmilogg n
n y Xk ~ nd ( X%)e :

As a result we get

Q' -1d-1! (@'-1)

_ n (wvs)
PUJS(mM) - [’Z ]Fd (Z) ~ Lnde Lnde 5d(n)7
(as n — o0) for dg(x) = S_ T'(d — xp)e**™°8e® as in (11.10). This completes the
k#0
proof of Theorem 11.2. [ ]

11.3 Minimum of first d is greater than or equal

to the rest — (strict, weak)

If we now consider a word in which j is the strict minimum of the first d letters,
but that we allow any of 1,2,..., 7 in the rest of the word then we have the same

() Sq s
A;” as in (10.5), namely

d—1
A = JU+1 Y+
=0

which is part of the overall symbolic equation

AP}

j>1
This translates into the generating function
d—1 00 i 00
R = (3 ) (3

d—1—1i
1
J
>1 i=0 \ h=j+1 h=j+1 1— 3 zpght
h=1

U

-1

1
1—2(1—¢)

Zi(qj)izqu—lzd—l—i(qj)d—l—i

<
[\
—
~
Il
o
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d—1
=Y gty A1)

j>1 i=0 h>0
=D ) dpd (1= ¢)
h>0 j>1

of which the coefficient is

[ ES(2) = > dpg? T (1 — )

Jj=1

a3 e

i>1

— Q- 1)de: ( l d)(—l)lﬁ-

We consider the poles of f(z) := ﬁ at z+d = 0 and at z+d = ;. Expanding

around € = 0 (where € := 2 4 d) gives

1 1 1
= = ~ — 11.11
with residue . As in the (strict, strict) case, see equation (11.8),
(d—1)!
n—d,—d] ~ e
For € := 2z + d — x4, assuming (3.6) and (11.11), we have
1 1
IO =g~
so the residue is also 1, and (as in (11.9))
1 .
[TL _ d; Xk — d] ~ EF(CZ _ Xk)e%mloan'
Altogether as n — oo, the probability is given by
(@—-1d  (Q—1)d
P, M) ~ 0,
sw(mM) Lnd + Lnd a(n);
where d4(z) = > T'(d — x1)e**™ 8. This proves Theorem 11.3. |

k0
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11.4 Minimum of first d is greater than or equal

to the rest — (weak, weak)

We now consider the case where j can appear more than once in the first d letters,
and can also appear any number of times in the rest of the word. So we have a
word whose first d letters contain anything from {j,7 + 1,...}, with at least one
Jj, and the remainder of the word consists of anything from {1,2,...,;j}. We start

with (see (10.6))
d—1

AP = U+ L Y

i=0
to get all such words symbolised by:

JA{,. )
Jj=1
The generating function is thus
de1 d—1—i
Fy(2) ::ZZ( Z 2pq" ) ¢ 1<Zzpq ) jl
1

=1 i— h—1
h=1

—1—i/ j—1\d—1—i 1

j>1 =0
d—1
D) SETERE ST
j>1 i=0 h>0
d—1
_ sz+h qujdfd(l _ qj)h Zqz’
h>0 j>1 i=0
_ szm qujdfd(l B qj)hl —q°
, 1—gq
h>0 j>1
= "N @1 — @) (1 - ¢,
h>0 j>1
The probability is then
[ F(w w) Zq]d d n d(l qd)
j>1
n — .
STa) Mg dz( oy
7>1
—d o
— (1 — oD (” ) 1) jl+jd
(1—4%)q ; ;)= ;q

92



We now find the alternating sum asymptotically by looking at f(z) :=

z4+d=0and z+d = x. Using (11.11), we define ¢ := z + d to get
1 1

Q-1 el-1 el

f(z) =

so the contribution is +, and for € :== z +d — x; (by (3.6)),

1 1 1 1

f(z):Q5+Xk_1:Q€_1:€€L_1Ne_L7

with the same contribution. Again the kernels are

(d—1)!

nd

n—d;—d] ~

from (11.8) and
1 i logo n
[n—d;xi —d] ~ Ef(d — xi)e?rmoEe

from (11.9). So the probability in the final (weak, weak) case tends to

(@ - D@-1r Q'

Lnd Lnd

wa(mM) ~ (Sd(n)

as n — oo if §4(x) = 3 T(d — xp)e**™1°8e* Theorem 11.4 is proved.
k#£0
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Chapter 12

The maximum in the first d

positions for d = an

Here, as in Chapter 8, we consider the probability of having the maximum in the
first d positions. This time, however, we suppose that d grows linearly with n:
define d = an, where 0 < a < 1. Do the previous results still hold? In the
(strict, strict) case for the maximum, we had a dominant term of f—fl when d was
fixed, and so by replacing the d with an gives a probability of Z*. If a = 1, then
d = n so we have split the word into a first part of n letters and an empty second
part. This is equivalent to considering the probability of having a single maximum
anywhere in a geometrically distributed sample of size n. Our result is then Z,
which corresponds to an equivalent result in [18, page 3|, where the probability is
found of having a single winner (highest value) in a sample of players who each

toss a coin until a head is obtained.

If d were independent of n then the (strict, weak) case for the maximum should

give the same result. This result was ﬁ—dn which becomes q% for d = n. We have

an extra factor of ¢ in the denominator, implying that d does indeed depend on n.

In both the (weak, weak) and (weak, strict) cases we would expect a probability of
1 for d = n, as we are considering the probability that the maximum in a sample
can occur any number of times (i.e., there are no restrictions on the word). The

two results are again £ and q%, which are not equal to 1 in general.

The discussion above suggests that the previous results do not hold for at least
three of the cases if d is proportional to n. This is true, and it is due to the limit as
n — oo. If we consider the (weak, strict) case of the maximum (see Chapter 8), we
see that the expected value expression involves two sums on ¢ and [ respectively.

For d fixed the [ = 0 term was dominant. This can be seen by substituting a few
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values of [ into the dominant term of equation (8.13) to see that for d independent
of n, each of these is of order O(n=(*Y). If however d = an, then this is not the
case (due to the presence of the d and the fact that both the upper limits of the
sums depend on d, all of which introduce more n’s into the expression) and each
term is of order O(%) So the [ = 0 term does not necessarily dominate and the
rest of the argument will not be valid. Also, towards the end of the calculations,
several approximations are made which assume that d is independent of n. (For
example, see the asymptotics (8.12) and (8.14) in the (weak, strict) case.) Only
in the (strict, strict) case is this not a problem, as our dominant term is not
troublesome and only involves a single sum on 7 of a summand independent of i.
Also, in this case, the asymptotics for n large do not depend on d. For the other
three cases we make use of a different technique from complex analysis called the
‘Mellin” transform. Why? “Harmonic sums surface recurrently in the context of
analytic combinatorics and Mellin transforms are a method of choice for coping
with them” ([11, page 575]).

Mellin transforms were discussed in more detail in Chapter 6 and allow us to
transform a function (say f(z)) into an integral which exists in a strip in the
complex plane, determined by the behaviour of f(x) as x — 07 and x — co. We

write
* — sfld
P [ e

which exists for s in (—u, —v), see (6.1). Then the inversion formula can be invoked,
to give a contour integral on the complex variable s which can be approximated

by residue calculus. As in (6.2)

c+ioo
f@) =5 [ 5o

27Ti —i00

for —u < ¢ < —v. We denote this inversion with a shorthand of (see (6.3))

fo) = s / F(s)r—ds.
(c)

The results proved in this chapter are stated below and use the assumption that

d=anfor 0 <a<1.

Theorem 12.1 The probability that the maximum of a geometrically distributed

sample occurs at least once in the first d letters, and never again is

on 1 1
Pws(M) ~ Zlog(l_a(l_Q_l)

) + %(50(71(1 — ap)) — do(n)), (12.1)
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as n — 0o, where
o) = ST (—xp)emitosas,
k0
as defined in (12.12).

Theorem 12.2 The probability that the maximum of a geometrically distributed
sample occurs only once in the first d letters, but any number of times in the rest
of the word s

a(@—1)

Po (M) ~ L1+ a(Q - 1))

(1+d(n(g+pa))), (12.2)

as n — 0o, where

5(1,) _ Zr(l . Xk)e%m‘logQ m’

from (7.5).

Theorem 12.3 The probability that the maximum of a geometrically distributed
sample occurs at least once in the first d letters, and any number of times in the

rest of the word is

N log(1+ a(Q —1))

5 +l(50(n) — 6 (n<q+qozp>> > (12.3)

o(x) = 3 T(—xe)emiear,
k0

Pow(M)

h

as n — 0o, where
as in (12.12).

12.1 Case (weak, strict), for d = an

Suppose d = an for 0 < o < 1 in the (weak, strict) case of the maximum. We

start with equation (8.8), with d replaced by an.

an—1
[Zn]FJE/TIMS)(Z) — Z Z (1 _ qk—l)i—i—n—anqu—l(l . qk)an—l—i
k>1 =0
an—1 _ i
e 3 ()
1—q¢F )
k21 i=0
Note that
=1\ O
ail (1 _qkly - <11qu )
ﬁ - 1—qgk—1
i=0 1 q I 1qu
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(=g (=g 1-¢
(1—qgk)em 1—q¢F = (1—-¢"1)
_ (A=) — (A=)
(1—gh)em=lgh-1(1—q)

and thus, (since p=1—¢, and (1 — a)” ~ ¢~ " for small a)

(12.4)

w.s B B B B (1 _ qk;)om o (1 o qk—l)an
M E Y (2) = Do (1= g ) pg T (1 - gy
M ];1 (1 _ qk>anflqk71p

= 3= g g = (= )]

— Z [e—nqk_l(l—a(l—q)) _ e—nq’“‘l}

k>1

= [e—”qk”“—‘w) - e—”qk”]. (12.5)
k>1

We are now in a position to use Mellin transforms to find an approximation.
Unfortunately, taking the Mellin transform of the exponential function gives a
fundamental strip of (0,00). This fundamental strip can only be valid where it
overlaps the interval of convergence of the geometric series in (12.8), which is
(—00,0). Note that the fundamental strip does not include endpoints, and thus
the intersection is empty. We therefore subtract one from each of the exponentials
in (12.5), keeping the total value the same. The Mellin transform is now valid in

the strip (—1,0). We define a function of x (which replaces n) as follows:

fla) = 3 [ e ) — e ),

k>1

The Mellin transform of this function can be found using two rules (see [11, page
576]). By ‘linearity’,

Z i fi(z) transforms to Z Nifi(s), (12.6)

so in our example the sum on k is taken care of. (In this case \; is simply one.)

The ‘scaling’ rule for Mellin transforms states that for p > 0,
f(ux) transforms to ot f(s). (12.7)

The scaling rule is applicable in this case, where f(x) = e™* and p is respectively

¢" (1 — ap) and ¢*~1. The Mellin transform of this function is thus:

Fi(s) =Y [(@" (1 =ap) "T(s) = (¢" )T (s)]

k>1
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=3¢ [(1 - ap)* — 1]

k>1
= ¢'T(s)[(1—ap) > —=1] > (¢*)"
— ¢°T(s)[(1 — ap)™* — 1] 137_ for R(s) < 0 (12.8)
-, 1
=T(s)[(1 —ap)™ —1] =

The final fundamental strip is the overlap between the strip found previously and
the real s values for which the geometric sum converges. In this case our fun-

damental strip is (—1,0). We choose a value inside this, say —%, with which to

perform our inverse Mellin transform:

f(z) ! /_2 N L(s)[(1—ap)~ —1] #x’sds.

- 2mi 1o 1—qg

We approximate this by moving the contour right and collecting negative residues.

The first poles we encounter are at s = 0 (which would be a double pole except

s

that one of them cancels with the factor (1 — ap)~

simple poles at s = y; = QI“L’“, k # 0. As usual the former contributes the main

term and the rest contribute the fluctuations which are comparatively extremely

— 1, so it is simple) and the

small. As s — 0,

F(S) ~ ga

(1—ap)®—1~1-slog(l—ap)—1=—slog(l —ap),

1 1 1 1
_ N _ (12.9)
l—qg= 1—e=slega 1—(1-slogq) slogqg

and

x %~ 1.
Thus the negative residue is

1 log(l—ap)
slogg log q

—[sl]é( — slog(1 — ap)) . (12.10)

(If @ = 1 and thus d = n, we have the expected result of probability one.) We also
have simple poles at s = xy, for k # 0. Let € := s — x; then at ¢ =0,

[(s) =T+ xx) = T(xw),

(I—ap)*—1=1—-ap) ™ —=1=(1—ap) -1,
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A R R

Since expanding ;——; around s = 0 is the same as expanding ——= around ¢ = 0
(see (12.9)) and QXk =1 (see (3.6)),
r 1 1 1

l—qg® l1—qgwe 1-qg= clogq

Hence the total negative residues for the simple poles at s = y, k # 0 are (recall

=log Q)

1
(=D 0x) [(1 = ap) ™ =1 gk
kz;éo [ } elogq
1 - —
= 72 Tl —ap) ™ — 1]
k40
! - ogll—a — ogx
:ZZF<X]€)|:€ Xklg(l p)_l]e Xklg
k40
— l Z P(Xk;) [G—ka' logQ(l—ozp) o 1} 6—2k7r'i logQ T
k#£0
= 1 Z T'(xx) [G—ka' logg(#(1—ap)) _ ,—2kmilogq x]
k40
= % Z F(_Xk) [ekallogQ(:E(lfap)) _ p2kmilogg x] (12.11)
k#£0

(The sign of each k can be changed since we are summing over all non-zero k.) Now,
substitute back z = n and put (12.10) and (12.11) together to get the probability
of having a weak maximum in the first d positions which does not repeat in the

rest of the word (where d = an grows with n):

lOg 1 - Oép Z F ka' logg(n(1—ap)) _ 62k7rilogQ n] ]
log q
k;;éo
Thus
PI(M) ~ 71 1 + 1 (5o(n(1 — ap) — 5o(n))
~ —lo —(do(n(1 — ap)) — do(n
ws L g 1 — O[(]_ _ Q_l) I 0 p 0 )
where
= 3 D(—x)eiier, (12.12)
k0
This concludes the proof of Theorem 12.1. [ ]

Note that if & = 1 then d = n which represents a word of length n with a (possibly
repeated) maximum. This is the same as a word of length n with no restrictions,
which will occur with a probability of 1. Replacing o by 1 in the main term yields
a probability of 1.
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For interest we plot the dominant term of this result for o from 0 to 1. It is

interesting to note that different values of ¢ give differently-shaped graphs.

Frobabil ivy

Figure 12.1: Probability of a (weak, strict) maximum for d = an, where g = %.

Probabil ity

Figure 12.2: Probability of a (weak, strict) maximum for d = an, where ¢ = %

Frobabil ivy

Figure 12.3: Probability of a (weak, strict) maximum for d = an, where g = ﬁ.

The graphs above demonstrate that for large g (close to 1), the graph is practically
linear, tending to be more exponential as ¢ — 0. Why would this be the case?
Because of the geometric distribution, ¢ small means that in practice we have a
word made up almost entirely of ones (for example, for ¢ = ﬁ, if we considered
a word of length n = 1000, we would expect only one of the thousand letters not
to be a one). In this case, having the maximum occurring in the first d positions

is unlikely for small « (i.e., d relatively small compared with n), simply because
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the maximum hardly ever occurs, whereas for o near 1 (d near n) the probability
improves. On the other hand, for ¢ large (close to one) we have a more even spread
(larger letters occurring with greater variety), tending towards a permutation of
the natural numbers as n — oo. We would expect a linear graph when plotting
these probabilities for permutations, because the maximum in a permutation is
just as likely to occur anywhere, and so the probability of it being in the first part
of the word will grow linearly with o. Examples of words of length 20 are given in
Table 6.1.

12.2 Case (strict, weak), for d = an

From (8.15), replacing d with an gives

[ F(Sw Z&n 1 _ q -1 omflqufl(l o qk)nfom

k>1

_ Zanqu—l(l . qk—l)an—l(l . qk)n(l—a)
-~ Zanqu—l(l . qk—l)an(l . qk)n(l—a)

~ Z anquilef(an)qkil efn(lfa)qk
k>1

= Z anpgt~ e (an)g* 1 —n(1-a)q"
k>1

1 —pak! _
— E omqu 1o—ng" (atq—qa)
k>1

4 k-1
— E omqu Lo—ng" " (q+pa)
k>1

We are now ready to take the Mellin transform. Define
= Z aqukilefquil(éffpa).
k>1

Again, the linearity and scaling rules (see (12.6) and (12.7)) can be used. In this
case, because of the factor of x, the ‘power’ rule is also used. This rule is stated in

(13.8), and is responsible for the s + 1 replacing the expected s in the transform

to follow.
=> apg" (¢ )T (g + pa) CTIT(s + 1)
E>1
= ap(q+pa) (s + 1)) (¢
E>1
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= apg*(q+pa) “TIT(s+1) Y g "

k>1
= apg*(q +pa) U5 + 1) - = forR(s) <0
= ap(q+pa) “TIT (s + 1) pupa

The fundamental strip is the overlap of the interval (—oo,0) and the fundamental

strip of ze™ which has a left boundary at —1, since

limze™ =0 and xe ® ~x — 2%,  which grows like z! as z — 0
) bl )

z—0

and a right boundary of oo, since

lim ze ™ =0 = O(2™™) for any positive m.

T—00

Thus the fundamental strip for f(z) is (—1,0). We choose the contour integral

from —% — 100 to —% + 200, and perform the inverse Mellin transform to get:
f(z) = L ap(q + pa)"“TIT(s + 1) T %ds.
2me 1—q—

(—2)
By moving the contour right (since we are interested in x large), the first poles we

reach are the simple pole at s = 0, as well as the simple poles at s = xx, k # 0.

From (12.9),
1 1

~Y

1—q* slogq’

and so the negative residue is

1 1
—[s7t -1(1 = — -1
[s™ap(q + pa)~'T( )Slogq ap(q + pa) T >logq
1
= ap(q + pa) 1@
ap
-7 12.13
L(q + pa) ( )

That is the main term, but there are also fluctuations which come from the negative

residues of the poles at s = yi. Let € :== s — xj, then around € = 0 we get (see

(12.9) and (3.6))
1 1

1—qs elogq’

and so the residues are:

= > ap(q + pa) I (g + 1) o
elogq
k0
1
= =Y ap(g+pa) I (g + 1) —a
loggq

k0
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- % S (q+pa) V(e + D

k;;éo
ZF X+ 1) (g + pa))
q + pa 520
_ ZF Xi 4 1)e X log(z(g+pa))
L(q + pa) o
_ ZF i + 1) —2kmilogg (z(g+pa))
L(q + pa) o
_'_ a ZF 2k7rilogQ(x(q+pa)). (1214)
q p 520

The expressions (12.13) and (12.14) give a total probability in the (strict, weak)

case of

Tty " e pay o LW
and so Q- 1)
PN ~ 7 g2y (1 (o + pa),
for (x) = S° T(1 — xi)e?* 8@ ® a5 in (7.5). Hence the proof of Theorem 12.2 is
completed. 7 [ ]

To check the above result we again put a = 1, but in this case we do not expect
a probability of 1, since we want the probability of getting a strict maximum in
a word of length n (for d = n, the first strict/weak classification is valid for the

entire word). This probability has been found in [18] to be Z. For @ = 1:

ap _ p _p

Llg+pa) L(g+p L

as required. Again we look at three different graphs, corresponding to various

values of q.

103



Probabil ity

Figure 12.4: Probability of a (strict, weak) maximum for d = an, where ¢ = %.
Probahility
o7
0.6
[
0.4
0.z
0.2
0.1
0.z 0.4 0.5 () 1 i
Figure 12.5: Probability of a (strict, weak) maximum for d = an, where ¢ = %
Probabil ity
0,145
0.1%
0,125
o132
a_125
0.1z
0,115
0.z 0.4 0.5 L 1 :
Figure 12.6: Probability of a (strict, weak) maximum for d = an, where ¢ = ﬁ.

Here the graphs follow the same pattern as in the (weak, strict) case in that the
larger the value of ¢, the straighter the line. However, the graphs here are convex
rather than concave. The probability reaches its maximum (not necessarily one)
quickly, as a strict maximum is very unlikely to occur anyway, but if it does it will
almost certainly be a weak maximum of the rest of the word. Also, the maximum
probability decreases as ¢ decreases. This is because for small ¢ we expect a
majority of ones and thus we are unlikely to find a strict maximum, whatever the

value of d.
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12.3 Case (weak, weak), for d = an

Using the approximation (1 — a)™ ~ e~ for small a, we start with (8.18) to get

an—1
() = D0 > (= d e T = g
k>1 =0
1—gq !
k—1 kyn—1
— 1—
> (1 - ") ( o >
k=1 =0
= > (=g [(1 = g")™ = (1= ¢"1)™],  see (124)
E>1
~ Z —ng*(1—a) [e—anqk e—ang 1}
E>1

—1)— (efnq’“‘l(qmp) - 1)].

As in the (weak, strict) case, we subtract one from each exponential so that the
fundamental strip is non-empty i.e., there is an overlap of the strip where the

cxr

Mellin transform of e~ exists (namely (—1,0)) and the geometric sum (to follow)

converges (for R(s) < 0). We define
fla) =7 (e = 1) = (7o 1],

k>1

so that (by (12.6) and (12.7))
F(s)=> " [a*T(s) = (¢" ") *(q + ap) T (s)]

k>1
=T(s) > [0 = ¢ q*(q+ ap)™*]
k>1
=T(s)[1=¢*(g+ap) ] > ¢
k>1
=T(s)[1 — ¢*(q+ ap)”’] 137473’ for R(s) <0
exists in the strip (—1,0). We can thus rewrite f(x) as the contour integral
1 q®
= — L(s)[l1—¢° - ~Uds.

(@) = 5 (s)[1 = ¢°(q + ap) ]1_q_5x s

)
Moving the contour right to collect negative residues, the first poles we encounter
are simple poles which occur at s = 0 and s = x, k # 0. The former contributes

the main term and the latter the fluctuations. At s = 0:



1—¢ (g+ap)™=1— <Q+ap>f _ 1= eeres ()
q

w1 (1= stog (TE0) ) — stog (1E1F)
q q

~ (12.15)

and

Thus the negative residue at s = 0 is

1 11
—[s7Y]=slog (Q+O‘p> — " log <Q+O‘p>. (12.16)
s q slogqg L q

At s = xg, let € := s — x%. Then expanding around € = 0 gives (see (12.15))

q” 1
1—q>s elogq’

and so the sum of the negative residues is

1
-1 —_ —_
— € FX/‘J 1_quq_+_ap Xk N Xk
N
1
= = T [1— % (g + ap) ] —a X
s log g
1 r q+ap\—xk _
=7 2T t= (%) e
k#0
_ %ZF(Xk) _1 e Xk 1082(“%)] e~ Xk logz
E#0 )
1 [ —2kmilogy « —2kmilog,, (w(1EoE
ZEZF(X’“)_e 2kmilogge _ ,—2k logg (w(£% ))]
k40
1 . : q+ap
= 3Ty [eoma s - Hmiesa(CE)] - (12.17)
k#0

Therefore from (12.16) and (12.17), the total probability in the (weak, weak) case

18

1 q+ap 1 Skmilogon  2kmilogg(n(4ter)
plon () + g T [ — @il

k£0
Consequently
log(l+a(@Q@—-1)) 1 q+ap
PO (M) ~ —(6o(n) = ( ) ,
ww( ) I + I 0(”) o™ q
where §y(x) = 3 T'(—xx)e? ™8 ® as in (12.12). Thus the proof of Theorem 12.3
k£0
is complete. [
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This case, (weak, weak), is similar to the (weak, strict) case above, and when
a =1, d =n and we are calculating the probability of having a weak maximum
in a word of length n — that is — a word with no restrictions. If we put a = 1 into
the main term above, we get

log(1+a(@—1)) _log(1+(Q—1)) log@
L - L L

as expected. The three graphs in this case will be

Probabil ity

Figure 12.7: Probability of a (weak, weak) maximum for d = an, where ¢ = %.

Probabil ity

Figure 12.8: Probability of a (weak, weak) maximum for d = an, where ¢ = %

Probabil ity

Figure 12.9: Probability of a (weak, weak) maximum for d = an, where ¢ = ﬁ.

For ¢ large, the same explanation of linearity for permutations holds. For ¢ small

the graph is convex since there are so few distinct letters that a weak maximum of
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the first d will still most likely continue to be a weak maximum of the rest, hence
the maximum is reached quite soon. Note that the curve is more gentle than in

the previous case due to the weak classification.
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Chapter 13

The maximum in the first d

positions for 1 < d = o(n)

What if d is dependent on n, but does not grow linearly with n? For example, take
d = an” for 0 < v < 1. It can be shown that the results are the same as when d
is fixed. We can thus refer back to the step in the calculations for d fixed where
the d = an calculations failed. The important stage is when the main term of the

probability is given by the expression

Ql“(l—Q) 1
dz( ) I —drirpe . BY
%,_/

J/

TV
i ii

This is the (strict, weak) case but the others are similar. For d fixed, it can be
seen that the [ = 0 term dominates, since each term in the sum on [ is O( ; +1)
For d proportional to n, each term is O(ﬁ>7 so none clearly dominates, and Mellin
transforms are required to find the result (see Chapter 12). But what if d = an”
for 0 <~ <1, or even d = 7227 It turns out that for 1 < d = o(n), we get the

same results as the d fixed case. The explanation is given below.

Suppose we let f(n) = o(n) for some f(n) such that f(n) — oo as n — oo. Then
we can write d = %( = o(n)). In general, a typical term in the sum on [ is
O(17)- This is because the final fraction (i) in (13.1) will be O(-4¢), and

fiH1(n)
the first part (i) will be O(fl+l1+(1 ). Thus since f(n) — oo as n — oo, the [ =0
term dominates and the same calculations as in the d fixed case hold. The results
listed below and proved in this chapter support this (using Mellin transforms) for

d = an” where 0 < v < 1. We consider the same three cases as in Chapter 12.

Theorem 13.1 The probability that the mazimum in a geometrically distributed

sample appears at least once in the first d = an? letters, but not in the rest of the
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sample is

+4(n)), (13.2)

as n — 0o, where

as defined in (7.5).

Theorem 13.2 The probability that the mazimum in a geometrically distributed
sample appears exactly once in the first d = an? letters, and any number of times

in the rest of the sample is

an” (Q — 1)04717
Poy (M) ~ = ——(1+4(n)), (13.3)
asn — oo, for §(x) = Y T'(1 — xp)e?*™8e® qs in (7.5).

k0

Theorem 13.3 The probability that the mazimum in a geometrically distributed
sample appears at least once in the first d = an? letters, and any number of times

in the rest of the sample is

v —1)an”

P () ~ LD (134
Ln

as n — oo, where §(x) = > T(1 — xp)e* ™8 js defined in (7.5).

k0

13.1 Case (weak, strict), for d = an’

Again we start with equation (8.8) for the (weak, strict) case of the maximum,

and replace d by an” where 0 < « <1 and 0 <y < 1. Then

d—1
[Zn]FJE;U’S)(Z) _ Z Z(l _ qkfl)zdrnfdqufl(l _ qk)dflfi

k>1 i=0
an¥—1 i
—1\n—an - an” — 1— qkil
= Z(l — " pg T (1 = g (7/%) :
k>1 i=0 1-¢
The sum on 7 can be simplified as follows
kel an”
3y -
H_gk ) 1—gh-1
=0 1 q - 1qu
B (1 - qk)cm’Y - (1 - qkfl)om’Y . 1 — qk
(1—q")m l—¢* = (1—-q¢*")
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B (1 _ qk)om'Y o (1 o qk:—l)om'Y
o (1 _ qk)arﬂflqkflp

Substituting this back into the initial equation allows us to cancel the denominator:

- (1 _ qk)an"f o (1 . qk—l)an"f
(1 _ qk)arﬂflqkflp

=3 (=g (1= ¢ = (1= g )]

(13.5)

() = Do =) g (1 = )

k>1

=S (=g (= g - (1 )]
k>1

~ Z [e—qkfl(n—om”)e_qkomw - e_qkfln]
k>1

using the approximation (1 —a)™ ~ e~ for small a. We are now ready to use the

Mellin transform. We define the function we want to transform as

f(x):= Z [e_th”o‘pqhm — e_qkflx]. (13.6)
k>1
In this case the first exponential is a function of two different powers of x. To
better understand how to deal with this, we first consider the simplified expression
e~*tV7 and use a series expansion to write
e~ THVE _ -7 Z %(\/E)z
i>0

. L i
So instead of transforming e~**V7, we transform ) fw2e .

>0
using the ‘harmonic sum rule’ (see [11, page 576]), namely for p; > 0,

Z i f (i) transforms to ( Z )\iu;s) - f(s), (13.7)

This can be done

and the ‘power rule’, which states that

1
2’ f (27) transforms to i * <STT'O) (13.8)

Then (‘M’ denotes the Mellin transform)
M(z2e™™) = F(s + E),

and so

M (e V) = Z %F(s + %)

(2
Now all that remains is to generalise the power % to v and introduce some constant

coefficients. Thus

M (e 7Y = M (e—am Z %(b:ﬂ)i)

i>0
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1@' —azx .yt
:ZEbM(e x”)

1>0

1. . .
= Z —bla” T (s 4 i).
i!

i>0

In our case, a = ¢* 1 and b = apg"~!. We first rewrite the function in (13.6) as

fla) = Yo e et )

k>1
k—1 j
Sy ()
E>1 >0 J:
k=1,7\j
k-1 (apg™*x7)
Syt ey e
1l
E>1 j>1 J:
1
Z apq Z ik i ="
= ¢ "xz"e .
>1 k>1

Then using the above we get the Mellin transform of f(z) to be

)= Lp?,l)j > @ (¢TI (s + )

j>1 J: E>1
(a . . )
— Z pq (s 4+ 7j)g" Z g"i—s=9)
j>1 k>1
a . j—S—’Yj
— Z pq (s+75)¢" 1 a p— for N(s) < j(1—7)
—q
j>1
D
— i s—i—w)l g
j>1

Now we must find the fundamental strip. To do that we examine what happens

to f(z) as © — 0 and when x — oo. Around x = 0, we need only consider
e (e —1)~ve t(1+a"—1)=a"e " ~ 27,
which tells us that the left boundary of the fundamental strip is —y. We also have

lim e “(e” — 1) =0 = O(z~™) for any positive m,

T—00

so the right boundary will be co. However, we must also consider the convergence
of the sum on k. For this to converge we need the real part of s to lie in the
interval (—oo,j(1 —)). The intersection of these gives the strip in which the
Mellin transform exists, i.e., (—v,00) N (—00,j(1 — 7)) = (—7,5(1 —~)). To
continue with the inversion formula, we must pick a value in this range. Since

7 > 1land 0 < v < 1, we can choose this value to be 0. The inverse Mellin
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transform (which gives us back our original function as a contour integral) will

then be . (ap) .
_ ap Nt s
f@) =523 = /F(s MR e
= ()
which can be approximated using residue calculus. Since we are interested in x

(= n, the size of a word) large, we collect negative residues by moving the contour
to the right. Possible poles lie at s+~vj =0,—1,—2,...orat j—s—7vj = x&, V k.
Moving right from 0 means that the first poles we encounter will be at j = 1 (so
s=1—7)when k=0,and 1 —s—~ = xj when k # 0. The first of these gives the

dominant pole, and for € := s + v — 1, expanding around € = 0 gives (set j = 1)

I'(s+v)=T(+1)=0(1) =1,
1 1 1

= ~ by 12.9
l—q¢'s 1—q= ¢clogq’ (by )
.%'_8 — x—5—1+7 _ .%'7_1.
The contribution from this pole is thus
1 apr?’~!
—le™? = 13.9
o) o 2 (13.9)

For the remaining simple poles, define ¢ := x;, — 1+ s + 7. Then, around ¢ = 0:

I(s+7)=TE+1-xx)=T01—xx),
1 1

1 — gl - elogq’
8 = pXk—ET Y — ety L

from (12.9)

Therefore in total, for all of the poles at 1 — s — v = x, the negative residue is:

_ 1 _ apx”
D (DI N@p)D (1 = ) a7 = S ST = e
k0 k0
apx” .
g
k0

(13.10)
Replacing = with n in (13.9) and (13.10) gives the final probability in the (weak,

strict) case as asymptotic to

apn”  apn”

o + o Zr(l _Xk)e2k7riloan,
k#0
as n — oo. Hence
2 (1 — Q_I)Oén’y
P (M) ~ —————(1+6
ws ( ) Ln ( + (n))7
where 0(z) = Y. T(1 — xp)e**™8e® as in (7.5). This concludes the proof of
k#0
Theorem 13.1. |
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13.2 Case (strict, weak), for d = an’

We begin in the same manner as always. From (8.15), as n — oo

ZEGY (2) =D an? (1= ¢ ) T pgt (1 — by
k>1

~ Z om”(l . qk—l)an“/qu—l(l . qk)n—om'Y
E>1
~ Z an'yequ’lom'yquflequ(nfcm'y)

k>1

_ koo k—1 ¥
— E Oéqu 1n'y€ q"n—pq an?
k>1

In order to perform the transform, we define the function:

k>1

Again we have two different powers of = in the exponential function, and we trans-
form this function (using the ‘harmonic sum rule’; and the power rule with 6 = 1
and p=7(i+1)) to

[1(s) == M (Z apq>

E>1
= " apg'M (aﬂe 7oy (-pd*aa?) )
k>1 120
_ 1 1 Ni i —q¢Fx
=D apg" Y S (-pg ) M (e )
k>1 i U
-~ 1 _ i —s—(7 1
= > apg* Y S (—pat ) (g I (s 4 i+ 1))
k>1 i>0
_ Z ,—'(—pq_loz)lapq_lF(s +y(i+1)) qu(z+1—s—7(z+1))
1 L " ' qurlfsf'y(iJrl)
i>0
1 i . A
= Z 5(—2904) apl'(s + (i + 1>)1 — gitims(itD)?
i>0

for R(s) < (1—=)(:+1). We determine the fundamental strip as follows. Ignoring
constants, our function behaves like 27e %" so we consider the behaviour around

x at 0 and x at infinity. First the series expansion around x = 0 is
e ~ (14 (-2 —27)) = O(27),
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so the left border of the fundamental strip is —v. Second,

v 1=y
im —— = lim i =0=0(z"")

z—o0 P27 p—oo @2V (1 4 yxl77)

for any positive m, thus the right border of the fundamental strip is co. The
transform f*(s) exists in the intersection of the domain of convergence of the
generalised Dirichlet series and the fundamental strip of f*(s). This is the overlap
between (—v,00) and (—oo, (i + 1)(1 — 7)), so the transform exists in the strip
(—v,(t +1)(1 —~)). We can choose an z value of 0 again. Then the inverse

transform will be

1

1 1 . i
b LY : —s—=7(i+1) =S
flx) = o ; i!( pa) ap/F(s +79(+1))g 1— qi-i—l—s—’v(i-i-l)x ds.
t= (0)

To approximate this integral, we move the contour right and collect negative
residues. In doing this, the first pole we pass is when ¢+ = 0. For the dominant

pole, let € := s+~ — 1, and expand around ¢ = 0.

I(s+7)=T+1)=I(1)=1,

¢ T =qg" =q",
1 1
o " Tload (see (12.9))
.%'_8 — x—e—f—w—l — .%'7_1.

Putting these together gives a negative residue of

;1 x%l:osz%l
elogq qL

—[eapg™ (13.11)

For the other simple poles (which lead to the fluctuations), let € := s+ — 1+ x.

Then around € = 0,

Ls+v)=T(e+1—xx)=T(1—xz),

1 1
1—qgl=s=7  clogq’

—s—y xe—e—1 _ _xp—1
q q =q

)

(from (12.9))
8 = pxe—ety—l Xty =l

Altogether, for all values of k except 0, the (negative) residues of these remaining

poles will be

1
D (=D Mapl (1 = xp) g ———a !
= elogq
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apx”
= T(1 — xx) g 2
Lqx kzﬂ)

— apz? ZF — )k losar)
Lz k+£0

_apa’? ZF ka'(flogQ Q+logg, )
Lgz k0

_ apx’ ZF ka'(longfl)
Lgz k0

Oépx ZF 2k;7rilong. (1312)
QZ' k#0

We write the probability in terms of n rather than x and sum (13.11) and (13.12)
to get

j n j n § 2k7 lo
IV ] (3 gQ n

Therefore

Py~ Q=D (.

as n — oo for §(x) = Y. T(1 — yi)e?F™8e® from (7.5). Hence the proof of
k#0
Theorem 13.2 is complete. |

13.3 Case (weak, weak), for d = an’

From (8.18), the coefficient of the generating function is

an?—1
EE () =303 (= N pd T (1 - gty
k>1 =0
an”—1 i
1 — k—1\ *
=Y " A=g) Y (71_qk )
k>1 =0 q
B . 1_qk; an? __ 1_qk—1 an”
DN A LR L e it Gt 0 LY (PYSEY )

_ ogk\anT—1p k-1
= (1 —g*)e"'pq

= =gy (=) = (1= g

k>1

=Y [a-dr-a-ayra— gy

k>1

_ ok k(Y k=1
NE [eqn_eq(nom)eq an]

k>1

_ak ke A Yk —1
:E [eqn_eqnompq }

k>1
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In order to perform the Mellin transform, we define

f(z) = Z [e—q% — e_qkm—qu‘lamw}

k>1
_ . (—pg"ax”)!
==Y ey (—qu;(%iﬂ)]‘
E>1 =
_ ; (_pizl@)j ;qk%%_qkm'

This can be transformed to

fels) ==Y (pe oy > g (g") (s + )

A
j>1 J: k>1
_ Z ( pq' ) P(S + /7]) qu(j—s—'yj)
j>1 J: E>1
ol s .
o P )L () < (1 - 7)
= 7! 1— ¢ I
(—pa)’ N
= - — (s +7))0 ",

which again exists in the strip (—v, c0) N (=00, (1 —7)) = (—7,7(1 —7)). We can
position our line of integration at 0 on the real axis (s € C), then inverting this
transform gives

) = 5y S B [ gy s

27 4 4! 1—qi—s—
j=1 (0)

Moving the contour right means that the first poles we reach are at j = 1. When
1 — s — v = x&, we have the fluctuations, but we begin with the main term. For

g:=s5+v—1,around € = 0:

I(s+7)=T+1)=I(1)=1,

€ -1

¢ =g =47,

1 1
~ , (see (12.9))
1—q'==  elogq

x78 =g = L

The negative residue of the dominant term is thus:

41 _ pox? !
1 7l =

elogq qL

—[e7(=1)(=pa)q

(13.13)
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For the fluctuations, we look at the simple poles at 1 — s — vy = xi. Define

€:=—14 s+ 7+ x, to get expansions around ¢ = 0.

L(s+79)=T(+1-xi) =T~ xp),

— q_1_5+Xk — qu_l’
1 1

1 — gl - elogq’

(from (12.9))
8 = Y lmE e — xRl

Putting these results together means that we get the following contributions from

all non-zero values of k (k = 0 is the dominant pole).

e S (1) (—pa) (1 — )t g

s elogq
pax’
= lz D T(1 = xp)g¥ka
k0
pa'r’y O, x
"~ qla D1 = g )exrloste
k0
pa'r’y O ogx
k0
pax’ oo 1
(1 et
k0
p&x’y ogx
" qLa D L1 = xp)exk's
k70
pax” i -
= L 2T = et (13.14)
k0

In terms of the length of the word (n) this probability is asymptotic to (see (13.13)
and (13.14))
pan”  pan?

qLn + qln

Z F(l o Xk)e%m'logQ "
k0

which gives a result of
(@ — Dan?
Ln

as n — oo, with 0(z) as defined in (7.5). This concludes both the proof of Theo-
rem 13.3 and the chapter. ]

Py (M) ~ (144(n)),
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Chapter 14
Conclusion

Before concluding Part 11, we make some observations. The first is an investigation
into how some results are affected as g changes. For this we use the probability of
the minimum being strict in the first d positions and weak in the rest of the word.
Secondly, a comparison is made of the results for the maximum cases. We look at

two possible categories in which d can lie.

14.1 What happens as ¢ moves from 0 to 17

It is interesting to look at what happens as the value of ¢ changes, and particularly
what happens at the extreme values of g, namely 0 and 1. We have already
discussed what it means intuitively to have ¢ = %: we expect about half of our
values to be 1, about a quarter to be 2, an eighth to be 3, and so forth. Since
p+q =1, if ¢ = 0 then p = 1 and this means that the probability of a 1 occurring is
1. All other letters occur with probability 0. Thus we have a word consisting only
of 1’s. As ¢ gets larger more and more larger letters are allowed. So as ¢ tends to
1 the probability of every letter becomes smaller and smaller and we expect each
letter in the alphabet to occur only once. At this extremum the probabilities tend
to 0 = é, so as n — oo the word would tend to a permutation of all the natural

numbers.

An interesting example of what happens between these two extrema is the prob-
ability in the (strict, weak) case for the minimum value occurring in the first d
positions of the word. The graphs below demonstrate this for different (fixed) val-
ues of d. On the horizontal axis, ¢ ranges from 0 to 1 and thus the left and right
endpoints represent the scenarios discussed above. The vertical axis represents the

probability for the (strict, weak) case for the minimum. This is the probability of
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having a strict minimum in the first d letters of the word, which is a weak min-
imum in the rest of the word. We choose n = 1000000 and plot the graphs for
d=1,2,3,4,5.

probabil ity

Figure 14.1: Graphs of (strict, weak) minimum probability for d =1, ... 5.
. d*l .
From the above graphs, it appears that the peak occurs at around = if d > 2.
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The result from Chapter 10 (see 10.3) states that the probability is

QQ-1d_QUQ-1d
G = g ~ Q-

as n — 0o. We can express this function in terms of lowercase ¢ as

fl@) = (¢ = 1)dq",

which can then be differentiated to confirm this hypothesis:

f'(q) = d(d—1)¢" % — d*¢".

To find the turning point (where the tangent is horizontal) we put f’(¢) = 0, and
divide by dq?~2? to get
0=d—1-dq.

Solving for ¢ gives the result.

This result indicates that we are mostly likely to get a geometrically distributed
word with a strict minimum in the first d positions where the minimum is allowed
to repeat in the rest of the word if ¢ = d%dl (for d > 2). This comes from the fact
that we attach a geometric probability to each letter in the first d positions of a
word. If ¢ = % then we would expect about half the letters in the word to be 1’s.

Similarly in the first d letters. So if d = 2, we expect a strict minimum if we have a
single 1 and one other letter. This situation is maximised by putting ¢ = d%‘ll = %
The other cases are similar. If d = 3, and ¢ = d%dl = %, then the probability of

0

getting a 1 in the first d positions is pg’ ' = p¢® = $(2)° = 3. Le., 1 out of every

3\3
3 letters will be a 1 (a strict minimum), and more specifically, 1 out of the first

d = 3 letters will be a strict minimum.

This carries to the cases for general d > 2. We are most likely to get a word of these
specifications (i.e., with a strict minimum in the first d letters which can recur in

the remaining letters) if ¢ = d%dl. This is because the probability of getting a 1 in

1
d’

lisp®=pandp=1—-—qg=1— d%‘ll. This is exactly what we require: that 1 out

the first d positions is =, since p+ ¢ = 1 and the geometric probability attached to

of d letters is a 1 and the rest are any other letters.

If ¢ < d%dl, then the probability of getting a 1 increases, so we are more likely to
get a second (or third etc.) occurrence of the minimum (the most likely is 1) in
the first d letters of the word which means this word does not fit the specifications.
If ¢ > df;l, then the probability of getting a 1 has decreased and so we are more
likely to get a word does not have a 1 in the first d letters of the word and this

does not suit the specifications either.
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14.2 Analysis of results for the maximum

We are now ready to compare the results we have obtained in finding the proba-
bility that the maximum in a word (either ‘strict’” or ‘weak’) occurs in the first d
positions of a word of length n. We considered two categories. The first was the
original case, where d was fixed relative to n, but also where d = o(n) (sometimes
denoted d << n). The other category was for d proportional to n, that is, if we
let d := an where 0 < a < 1.

For the first category, four cases were considered, whereas for d proportional to
n we only considered three. This was because the same method worked for both
categories in the (strict, strict) case. The (weak, strict), (strict, weak) and (weak,
weak) cases required a different method when d grows linearly with n. This is the

case because of the asymptotics, as explained in the previous chapters.

Table 14.1 shows the dominant term for the results of the two categories for the

four cases, expressed in terms of (= %)

Case (strict, strict) | (weak, strict) | (strict, weak) | (weak, weak)
_ (1-Q~1)d 1-Q )d (Q-1)d Q-1)d
l<d= O(TL) Ln : ( Ln Ln ( Ln)
— (1-Q Ya 1 1 (Q-1) log(1+a(Q—-1))
d=an L L8 omo T | IThra@-1) =7

Table 14.1: Summary of maximum results — main term only.

If we consider « small (i.e., close to 0) in the second category, we should get similar
solutions to category one (in which d is always small relative to n for n large). We
thus determine what these dominant terms look like asymptotically as o — 0. We
use approximations log(l + x) ~ x and == ~ 1 as & — 0 (see [36]). Suppose
d = an, then for the (weak, strict) case, we have

ogl—a(l=Q)) —a1-QY) al—=QY

log Q1! log Q1! L '

For the (strict, weak) case, we find that

Q-1  a@Q-1
L(1+a(Q-1)) L
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and for the (weak, weak) case,

log(1+a(Q~1) _a(Q—1)
L L '

By replacing o by %, it can be seen that each of these corresponds to the results
when 1 < d = o(n) (see Table 14.1 above).

14.3 Concluding remarks

In Part II we found the probabilities of having the maximum and/or minimum
occurring in specific positions in a word of length n whose letters are natural
numbers which occur independently and with geometrically probability. It was
found that the weak/strict classification had more effect on the results for the
minima than the maxima, and also that on the whole the classification had more
sway in the latter part of the word rather than the first d positions. This is because
in general n is considerably larger than d, and usually that n — oco. The minima
probabilities (for d fixed) were O(g™) if the second restriction (referring to the last
n — d letters of the word) was strict, and a constant (relative to n) if it was weak.
The probability that the minimum value of the first d letters was the maximum
of the rest was O(#) in all cases for d fixed. For the probability of finding the
maximum occurring in the first d positions of a word, we considered more options
and let d grow with n. The two categories discussed were 1 < d = o(n) and
d = an where 0 < a < 1. For the former the probabilities were either (ig)d
(1—q

Tn)d’ depending on whether the second restriction was strict or weak. For small

a, the second category’s results were the same.

or

123



Part 111

Binary Search Trees
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Chapter 15
Introduction

We examine binary search trees formed from sequences with equal entries. A binary
search tree is a planar tree where each node has a maximum of 2 children. These
trees are created from input sequences (where repeats are allowed) as follows: the
first element in the sequence is the root of the tree and thereafter elements which
are strictly less than the parent node are placed to the left (as the left child) and
those greater than or equal to the parent node, are inserted as the right child. For
example, the binary search tree of the sequence 323123411343 would be drawn as

follows:

Figure 15.1: The binary search tree of sequence 323123411343.

The sequences (words) are now no longer generated with geometric distribution,
but rather are created from finite alphabets according to two models, as discussed

in Section 15.1.

Previous research on this topic includes:
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Burge (1976) [4] uses a recursive argument to find the expected value of the left-
going depth (number of left-going branches from root to key) of the first 1 inserted
into a binary tree produced from the multiset {m;-1; my-2 ; mg-3; ... ; m,-n}.
Burge uses similar methods to find the right-going depths of keys and ultimately
the expected depth.

Sedgewick (1977) [35] wrote a paper on this subject from the point of view of
a computer scientist. This paper deals with the quicksort applications of this
analysis, and the author notes that “we can be fairly certain that conclusions
that we draw based on the number of comparisons will carry through to the total

running time”.

Kemp (1996) [14] also looks at the left /right depth of a given key using two models
(the same models used in this thesis) — one where the input sequence is composed
of elements of a given multiset with all possible sequences equally likely, and one
where the input sequence is n elements chosen (independently) from a finite set
of elements, each with some specified probability. Kemp’s approach makes use of

recurrences, whereas the approach outlined below is symbolic.

15.1 Method

We describe the situation in a similar way to Kemp, but use generating functions
rather than probabilistic recurrence arguments (see [14]) to find the expected value

and variance.

15.1.1 The ‘multiset’ model

The first model we use assumes that we have input sequences of length n, formed
from the multiset {n, -1; ny-2; ... ; n,-r}. That is, we assume we know how
many times the letter occurs in the sequence, and we let n; denote the number
of times the letter ¢ occurs in the sequence. The multinomial (m”m) expresses
how many sequences there are, and all are equally likely to occur. We have ny +
ng + -+ +n, = n. It suffices to consider the alphabet {1,2,...,r}, as we are
only interested in the letters relative to each other. Any other alphabet with such
an ordering would be dealt with in the same way, (‘we use the notation “the ith
smallest key” and “the key ¢ synonymously’ [14, page 40]). Hence the assumption
that n; > 0, for i € {1,...,r}. Manipulating the bivariate generating function of

all such sequences makes it possible for us to find the parameters we want (the
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three different cases we consider are discussed below), and dividing by the number
of possible sequences gives the expected value. Then further manipulation allows

us to find the variance.

15.1.2 The ‘probability’ model

The second model is a probabilistic model, sometimes called the ‘memoryless’
model or the ‘Bernoulli” model. A probability is attached to every letter in the
alphabet, so the letter ¢+ would appear in the sequence with probability p;. The
sequence of length n consists of letters chosen independently from this alphabet.
We assume that the probabilities of the letters in the alphabet add up to 1, and
that each probability is non-zero. The probability distribution function is thus
well-defined.

15.2 Cases

The three parameters or ‘cases’ discussed are:

15.2.1 Left-going depth of the first 1

The left-going depth of the first 1 is the number of left-going branches from the
root to the node corresponding to the first 1. It is numerically equal to one fewer
than the number of strict left-to-right minima. This is because we create a left-
going branch only when we have a strict left-to-right minima, but we will end up
with one extra because the first letter of the word (first element of the sequence)
will also count as a strict left-to-right minimum, but does not create a left-going

branch.

In Figure 15.1, the left-going depth of the first 1 is 2, and the number of (strict)
left-to-right minima in the corresponding sequence (323123411343) is 3.

The result obtained in Theorem 16.1 below gives the expected value of the left-
going depth of the first 1 in all binary search trees formed from a particular mul-
tiset. Theorem 16.2 gives the same result for a particular alphabet whose letters
have specific probabilities. As an example, consider the sequences 323123411343,
212411433333, 432343321131, and 123123443331. All of these sequences are built
from the multiset {3-1; 2-2; 5-3; 2-4}, or could be drawn independently from
the alphabet {1,2,3,4} where 1 occurs with probability i; 2 and 4 occur with
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probability %; and 3 occurs with probability % The left-going depths of the first
1 in each sequence are respectively 2,1,3, and 0. To find the average one needs
to consider all possible sequences, add all the left-going depths of the first 1, and
divide by the total number of sequences (in this case (3 21252) = 166320). The result
is not necessarily a whole number. |

15.2.2 Right-going depth of the first r

If our alphabet is {1,2,...,7}, finding the right-going depth of the first r is equiv-
alent to finding the number of weak left-to-right maxima up to the first occurrence
of r, subtract one. In this case the fact that we allow equal keys is more relevant
than in the previous case (finding the left-going depth of the first 1) because of
the way we form the tree by putting keys strictly less than on the left and greater

than or equal to on the right of the parent node.

For example, in Figure 15.1, (where the alphabet is {1,...,4}) the right-going
depth of the first 4 is 3, and the number of (weak) left-to-right maxima up to the
first occurrence of 4 in the sequence (323123411343) is 4.

Again, this is a specific example, and the expected value (see Theorems 17.1 and

17.2) would be the average of all such results.

15.2.3 Expected depth of an arbitrary key «

This is created by summing the right-going and left-going depths. We use the idea
of a ‘shuffie’ operator. Here, we only allow one appearance of each letter in the
binary search tree. First, we calculate the left /right-going depths (i.e., the (strict)
left-to-right minima of elements {a+1, ..., 7} and the (strict) left-to-right maxima
of elements {1, ..., a—1}) and then ‘shuffle’ these sequences and concatenate them
with the first « followed by the rest of the sequence. This idea is described in more
detail in Chapter 18.

15.3 Notation

The expected value and variance are found for each of the three cases. Also, there
are two versions of each result which correspond to the multiset model (an exact
result) and the probability model (an asymptotic result). The following notation

is used: E and V represent the expectation and variance. Their subscripts ‘lg’, ‘rg’
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and ‘a’ denote the three cases, namely left-going depth of the first 1, right-going
depth of the first r, where the alphabet is {1,...,r} and average depth of any key
a. The model used is represented by the superscript ‘m’ or ‘p’. For the multiset
model, n; stands for how many times the letter ¢ appears in the sequence. In the
probability model, p; represents the probability that the letter ¢ will occur in the
sequence. As a shorthand, we denote Njg5 = ng + nz +ny +ns or Py 4 = ps. We

assume Nj; ;) = P; ;) = 0 for i > j, and we let n be the length of the sequence.
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Chapter 16

Left-going depth of first 1

16.1 Introduction

Sequences are created according to the multiset model (number of appearances
of each letter fixed) and the probability model (each letter appears independently
with a certain probability). Generating functions then express the situation and

the moments are found by differentiating partially.

The left-going depth of the first 1 is the number of left-going branches which must
be followed from the root of the tree to the first node labelled 1. This is also the
longest path on the left-most side of the tree. By counting the number of nodes
which must be passed while travelling from the root to this node, one obtains a
count of exactly one more than the number of branches. The result is found by
counting these nodes, each of which corresponds to a strict left-to-right minimum

in the input sequence.

The results of this chapter are:

Theorem 16.1 The expected value of the left-going depth of the first one is (mul-
tiset model)

Z Nuk]

Theorem 16.2 According to the probability model, the expectation of the left-going
depth of the first one is

T

Di pz
Efg - Z Py ( P[Z+1 7]

i—2 1 z]

as n — oQ.
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Theorem 16.3 The left-going depth of the first one has a variance of

lg — N[k; r] N2 )
k=2 ' k=2 = [kr]

by the multiset model.

Theorem 16.4 There exists a real A\, 0 < X\ < 1, such that the variance of the
left-going depth of the first one is

i— L] 2 T[]
NP N P
2 b

i=2 Pl —2 P[Li}

as n — 00, by the probability model.

16.2 Left-going expectation — multiset model

Suppose we have an alphabet of {1,2,...,r} from which we construct binary search
trees of n nodes with repeats, where we have n; 1’s, ny 2’s etc. so that n; 4+ ng +

-++n, = n and sequences are formed from the multiset {ni-1; 192 ; ... ; n.r}.
Finding the left-going depth of the first 1 in the binary search tree is the same as
counting the number of strict left-to-right minima and subtracting one. We can
express all possible words of this form (i.e., of length n with letters chosen from

our alphabet) symbolically as

{1, ...ry =(E+r{r}) e+ -D{r=1r})(+r=2){r—2,r—1,1})
(e 1L, ).

Note that the presence of € indicates that we may not have an r (respectively, an
r —1,...,1) in the sequence. This does not affect the result but simplifies the
calculations. All it means is that we create more words than we need initially
but afterwards we look at the coefficient only for the cases that make sense in our

problem (i.e., n; > 0).

This symbolic equation can be expressed as a generating function where z counts
every letter, u counts all (except the last) of the left-to-right minima (which will
correspond to the relevant left-going branches of the corresponding tree), and

x1,...,x, respectively mark the number of 1’s, ..., r’'s. We use the shorthand
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notation of Xy; jj = x; + xj41 + -+ + ;-1 + x; and write

T (1 (e
flzux,. .z =]] (1 + zX[Z-,,«}> (1 + 1= sz,r])' (16.1)

i=2
Here u can be seen to count only the values r,7 — 1,...,2 which are strict left-to-

right minima.

For the first moment we want the partial derivative of f with respect to u. Since
derivatives of products in general are quite tedious, we use the logarithmic deriv-
ative instead. This means differentiating a sum rather than a product. We use
(log ) = fTI to give f" = f(log f)’, which we then evaluate at u = 1 to get the

moment. Now if u = 1, then f is a telescoping series, so

- ZT;
f!u:FH(Hm)
=1 )
B ﬁ I — 22X + 22
a ; 1-— ZX[Z- 7]
. H zX[z—l—l 7]
1-— Zer}

_ 1 — ZX[gﬂ 1— ZX[gﬂ 1— ZX[47T} o 1— ZX[TJ’,:LT}
1 — 22X 1 — 22X, 1 —2X3,4 1 —2Xpy

1
= 16.2
1-— ZX[LT] ( )
since Xp.,) = x, and X1, = 0. This is to be expected as we consider all

possibilities if we do not put a restriction on the number of left-to-right minima
(i.e., if u =1). The other factor is

Z log ZUT;
TToex i)/ luzt

B i 0 | 1 — 22X + zuz;
N ou o8 1 — 22X

0
ou

i=2 u=1
B i 1 2T
— : l—zX[i’T]-i-Z’U/ﬂ?i 1 o ZX[Z r}
1=2 1_ZX[i,1”] ’
e P 1 — ZX[Z‘,T} + Zuxi "
N o 1— ZX[iﬂ “+ zx;
- ZX;
= —_— 16.3
Z 1- 2X[i+1,r} ( )

132



(Both of the above calculations can also be done by Maple or similar.) Thus

0 B 1 - 2T
ou” lu=1 a 1-— ZX[l,r] o 1-— ZX[Z‘-FLT}.

In order to get the coefficient of 2™, we consider a typical term in this sum to which
we can apply partial fraction decomposition to get

ZX;

"]
(1 — ZX[l,r])(]- — ZX[H—LT])

—

2 T ( 1 1 )
Z —_—
Xpg \1 = 2X07 1= 22Xy

xA
— i (xn X"

Xy Vi o))

Z; n
— (X + Xipr )" — X )

X[u}(( 1+ Xpn) " = X
_ Li - n k n—k n
=X ( (k)Xu,ﬂX[m,r] —X[i+1,r1)

[1,] k=0

N\ vk yn—k
(k) XX

. N\ k=1 yn—k
=) (k) X Xt
k=1
n k—1 ' '
E J1 Ji
(’f) (Jﬂ ‘>x1 o

J1tetji=k—1 s i

Z n—=k ’ :
Ji+1 ]
( . >?L'H_1 "'l‘,r.r

) Jr

Jiprttgrmn—k D

: > W66
k=1 ji+-+ji=k—1jit1++jr=n—k k Jis oo Ji Jitdy oo dr

U L B ' & G NS B
Ty @y gy o Xy

To find the expected value or first moment, we want to the find the coefficient of
z,?, ¥Vp=1,...,r in the above expression. We do this by equating all n,’s with
the j,’s, except for n; which is j; + 1. Thus (recall n = ny + -+ + n,, and let
Niiy) :=ni + - +n,)

0

nnl... nrl_—_
gt

f

u=1
r
ZT;

= e a]
! 22 (1= 2Xp) (1 — 2Xjiy10)

:Z( " )(j1+---+ji)(ji+1+---+jr)
S\ttt Jse-os Ji Jitls -5 Jr
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~( Npy —1 Niit1,0]
=2 N[lvi] ni, ..., —1 Nigly s Ny

(N = DHNpp1n)!
i—2 (N[l,z})'(N[erl,r})‘nl' s (TLZ - ].)'TLH_ll . -nr!

n; n
i—2 N[l,i} ny,...,Ny ’

To get the expected value, we divide through by the total number of possibilities for

\\Mﬁ

<

.....

value for the left-going depth of the first 1 —i.e., the length of the path consisting

only of left-going branches is

T

m _ ni
Ep =) Ny (16.4)
i=2 "

as in [4, page 453]. This concludes the proof of Theorem 16.1. |

16.3 Left-going expectation — probability model

The same solution can be found using the probability model which also uses gen-
erating functions but the calculations are simpler as probabilities are substituted
for the ‘place-holder’ variables x1, ..., z,. It works as follows: Suppose we wish to
generate all possible words of length n, where letter ¢ occurs with probability p;.
We express the generating function in a different way. The first line is the previous

definition and the second is the new step.

! 2ux; ~T
e Ty) = )\ 1
flzyu, 20,00 2,) H( _'_]._ZX[i,r])( +1—2X[1,r])

=2

= Z ul(w)z\w|$|1w\1 .. .xl}UIr7 (16.5)
weA*

where w is any word from alphabet A = {1,... 7}, [(w) is the left-going depth

of the first one (we need not know what this function is defined to be), |w| is the

length of the word (previously called n) and |w]; is the number of times the letter

occurs in the word, which was denoted n; for the multiset model. With this model,

the expected value for a word of length |w| = n can be found using

0
Ef)g = [Zn]%f(z7u7pla s 7p1")

u=1

where p; is the probability of the letter ¢ occurring. So we have an easy way to

find the expected value, especially since we have just performed this derivative in
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the previous model. So in this case the expected value is

0 — 2up; Zpr
le 2 ]8u Zl_! ( i 11— ZPW}) ( * 1—2Pu,)’

whose partial derivative was found via logarithmic differentiation to be a product
of (refer to (16.2) and (16.3) from Section 16.2)

1
f}uzl o 1— ZP[I,T}
and
8u =1 B 1-— ZP[Z+1 7] '

1=2
Again, using partial fractions this can be rewritten as (note that 0 < p; < 1 here

is a probability and not a counter (i.e., € N) for the number of i’s as in [4])

r

1 ZPi
EP = [2" Z
lg [Z ] 222 1— ZP[LT} 1-— ZP[iJrl,r}

N\~ P L 1

- Z P P[l 7] P[?Jrl,r])'

Now, since the p;’s are probabilities, we have P, = p1 +---+p, = 1. Also,

Py, <1, hence as n — oo, P} — 0, leaving the result:

[i+1,7]
p Z (16.6)
1 z]
as n — 00. The proof of Theorem 16.2 is thus complete. |

It can now be seen that we get a similar result for both models. However, the
former is in terms of n;’s, which are integer values representing how many ¢’s there
are in the word, whereas the latter is in terms of p;’s which are fractional values
representing probabilities. Intuitively it seems plausible that by associating n; with
pin for large n (and ¢ = 1,...,r), the results of Theorems 16.1 and 16.2 should
not be too far from each other. We thus compare expression (16.4) with (16.6) as
follows:

T

T
Z szln+p2n+pz ZP[lz

= N

as 1n — OoQ.

135



16.4 Left-going variance — multiset model

We have already found the expected value of the left-going depth of the first 1 in
a binary tree with repeats allowed using generating functions. We now find the
variance by first finding the second moment using this generating function. The

generating function is still (see equation (16.1), X j = x; + - - + x; etc.)

" 2UT; 2
)= (It (Lt
f(Z, U/, l‘la 7xT) H ( + 1 _ ZX[Z,T‘}) < + 1 - ZX[I,T‘} >7

=2
and the variance is given by
2 0
g = [t xf*]% (z,1,21,...,2.) + [2"2] - xf*]%f(z, Lxy,...,x,)
- <[z”:p11---xrr]%f(z,l,xl,...,xrw . (16.7)

To find the second moment (i.e., the first term in (16.7)), we can use Maple (or
use the same trick as before, twice over i.e., since (log f)" = f"f~1 — (f")?f 2, we
have f” = f(log f)" + f'(log f)’ which is easier to calculate). Either way, we end
up with (for X =2, +---+x,)

1 r s 2 T 221,2
" = et — L . 16.8
f | =1 1—ZX<(21_ZX[Z'+1,T]) ‘ (1_ZX[i+1,r})2> ( )

=2 =2

2T; ZT4

A typical term of the first sum would be T el e o

, where ¢ and 7 both
run from 2 to r. All the terms where i = j will be of the form %, where

7 runs from 2 to r. These are all cancelled by the second sum, leaving only those
where i # j. Because this is symmetric (i.e., ¢ and j can be swapped to give the

same term again), we can include a factor of 2 and write this as

1 - 4 205 205
1 _ :2 K J
Il 1—2X221—2X

i+ L= 2 X 4

1=2 j=i+1
| 2ax;
=2 v
;j;l (1 — ZX)(l — ZX[iJrlﬂn})(]_ — ZX[J'J’,:LT])
2 k~yk Iyl mym
=23 D Fwwyy XNy AX ) X
i=2 j=it+1 k>0 >0 m>0

We are interested in coefficients of this quantity, and we start by looking at that

of 2, and then consider the x;’s. Put n:=k + 1+ m + 2 to get

[Zn]f”|u:1 - 22 Z Xyl Z Xk Z X[li+1,r}X[T]l';lf;]l_2

i=2 j=i+1 k>n—2  n—k—1—2>0
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n—k—2

k—
_ vkl n—k—1—2
= E , i XX g X1,
i=2 j=i+1 k=0 (=0 > ’Y d

3
3
3
w

i

For ease of notation we simplify the bracketed portion on its own, so

& = 205 (X0 + X)) X X0

[F+1.7]
k
iy 3 (P XX X X
= T;T; s (1] [i4+-1,7] > i1, [41,7)
s=0
k
ZL'Z'Z k X3 Xk s+ank12
= ik s ) A i1 1]
s=0
k
k S k—s+l yn—k—I—
=Ty ) <S)X[1,i](X[i+1aﬂ+X[j+1v7“}) X
s=0
k k—s+l1
k —s+1 k—sHl—t yrn—k—1—2
=215 ) <S)X 1l Z ( >X[z+u}X[J+1r} Xfi+1s)
s=0

k— s+l
kY s —s+l k—s+l—t+n—k—1—2
z e S () M

k s+l
k —s+1 s n—s—t—2
=, .fL'J (S) ( )X[l,i}X[H-l ]]X[]Jrl 7]

s=0 t=0

kksH

k? —S+l bl—f——f—bl b b;
e 3 (), 2 (W) e

t= b1 +-+bi=s

S (e Dot
bi1+-tbj=t biv1,---sb

bj+1+"'+b7“ bjt1 by

bj+1+---+br:n—8—t—2

We are now ready to take the coefficient of x] for m = 1,...,r. We can equate
by, = N, for all m values except ¢ and 7, for which we have, respectively: n; = b;+1
and n; = b; + 1 owing to the presence of the factor z;z; in line (16.9) above.

Consider the complete expression to get

[y 2] um
r r n—2n—k-—2 k k’—f-l—(b—f-—f—b)
-9 1 7
DD ID DD DX NI | CRE A

b1+~--+bi) (bl-+1+-~+bj)(bj+1+~-+br)
bla---abi bi+1,...’bj bj+17---7br
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J-

_, r r n—2( > iQ(k—l—l— 11]—]_))
i=2 j=it+1 k=0 Npg — 1) N1y — 1

J

( Npag—1 Niip1,5 — 1 Nijt1,0 (16.10)
nl,...,ni—l 7’LZ‘+1,...,TL]'—]_ Njg1y ey Ny . .

By letting w := k +1 — (N4 — 1), we can write

.- "z’“:Q (k +1—(Np, 41— 1))

-0 N[erl 7]
( [1,4]— D4n—k—2

w
Z (N[i+1,j] - 1)

w=k—(Nj1,5—1)

w
-2 (N[z‘+1,j] - 1)

w=k—(Nj1,7-1)

Niiy1,n—1 w
-2 ) (N[z‘ﬂ,j] - 1)

w:k;—(N[l’i]—l

Nijy1,7—1 w k—=Np 4 w
- ; (N[z‘ﬂ,j] - 1) ; (N[Hl,ﬂ - 1)

_ (N[i+1,r]) B (k — Npg + 1)
Nii+1, Niyrg )

by ‘upper summation’ in [12, page 174]. Making use of ‘upper summation’ again

and the identity (") () = (}) (;L__IZ) (‘trinomial revision’ [12, page 174]) we can

N[l,’t] N[l 17]] N[17]] N[l,’t] .

The quantity <> can now be substituted back into equation (16.10) to get

write

I I
3 ?r'
[\ O

Mi

B A P

_9 ~ 1 (n - 1) (N[H—l,r])
i=2 j=i+1 N[l,i] N[H‘Lj]

1= =
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[ Npg—1 Niit1,5 — 1 Nij1,
nl,..., —1 ni+1,...,nj—1 Njy1y .., Ny

n—1 N[l]] 1
_2 >
Z Z ( [1,31) (N[l,z‘} -1

=2 j=it1
. ( Npg—1 )( Niip1y — 1 )( N1, )
Ny, — 1) \ g1, -o,m — 1) \jya, ..,y
_ U (n — 1)!Njig1,0!
pu Nz (N1, — D'Wiigr, ) N0
. (Vi = DN — D)WV
nil--(ng — Dnggql- - (ny — Dngq! o ny!
_ Qi Z — (n — DNy — 1)!
= 5 N (Ve = DN — DWWV )
) (N[Li] - 1)!(N[i+1,j] - 1)!N[j+1,r]!
mal (i — Dlnggql - (ny — 1)vnj+11 . .nT[
n; nJN[zH 7] nm] NIV, n
2122];1 N1 Niig1,1 ( > 222“21 N1Vt (m,...,nr)

—9 Z Z n; nJN[z+1 r]N[l 31 = i N N ( n )
i=2 j=i+1 N V) Vi) [GSRRRRRLL

=2 Z i 11 (Niit1,) + Nij,m) (N + Niiga,g) — mang N1, N ( n )
N7, V11,51 NVjit1,1 Ny, ... N,

=9 Z Z n4n'N[i+l,ﬂ(N[1,i] + Niit1,5]) + N1, NVit1,] ( n >
i NN N1 Niiga ) ni, ... n,

i=2 j=it+1
~ Niir1,5 N ( n >
:2 nin, P
iZ?j;l jnN[lﬂN[lj}NhHJ} Ny ..oy Ny
n;n; n
:2 ] ( )’

------

gives us the second moment. We now recall (equation (16.7)) that to calculate the
variance we also need to add the expected value and subtract the square of the

expected value (see equation (16.4)). So we have a variance of:

QZ Z 1"]7]3 ZNW (Z ]\? ) . (16.11)

i=2 j=it+1 i—p L]

As in the beginning of this calculation, we use the idea of splitting up a squared
sum into terms which are perfect squares and those which are not. It can be seen
that the terms in the second moment (i.e., the first term in (16.11)) correspond to

the terms in the squared expected value which are not squares. This simplifies the
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variance to

16.12
ZNM v (16.12)

=2 [i,r
This concludes the proof of Theorem 16.3. ]

16.5 Left-going variance — probability model

We now calculate the variance using the probability model, which we recall from

the expected value calculations. The generating function is (see equation (16.5))

! 2ux; <1
cor) = o M Ty
f(zyu,2q,. .., 2,) H ( - 1— ZX[M]) ( - 1- ZX[l,r])

=2

w
= 3wl glulglelr gl

weA*

where w is the word from alphabet A = {1,... 7}, [(w) is the left-going depth of
the first one, |w| is the length of the word (this was called n before) and |w|; is the
number of times the letter i occurs in the word. With this model, the variance for

a word of length |w| = n is

2

0 0
Vfg = [z”]%f(z,u,pl, D)

+ [Zn]%f(zﬂuaph cee apr)

u:1>2. (16.13)

u=1

- ([Zn]%f(zauapla cee 7pr>

Again, p; is the probability that the letter i occurs. Equation (16.6) gives the
second and third terms, and we use our previously-found derivative (above, see
equation (16.8)) for the first term (the second moment), which we calculate now.

[2 ]%f(zﬂuapla s >p7“)

1 . 2p; R 22p?
1—2zP i—2 1— ZP[/L'+177-] —2 (1 — ZP[i+1,r})2

7

As explained in the multiset model, the squared terms (where we multiply a term
by itself) in the first sum cancel with the second sum. This leaves all the other
terms (twice each due to symmetry). The triple product can be decomposed into

partial fractions, as shown below.

62
[Zn]—gf(zﬂ u,pPi, - - - apr)
ou u=
ij
1 - ZP ;J;l 1-— ZPH—I 7] 1 - ZP[j—i—l,r]
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. r r 222pipj
= |z
[ ] ;];1 (1 — ZP)(l — ZP[Z‘+17T'})(1 — ZP[J'JFLT])
~ N 2pip; 2pip;
= [2"] { _
;j;1 (1- ZP)P[l i1P01,5) (1- Zp[i+1,r]>P[i+1,j]P[1,i]
QPin

+

(1 = 2Pj11m) Pug Pir)

N\ { 2005 pn 2P 2005 pn
2 j=it+

P? r T 5 1 rl| -
T P P U

PP Bl P
Finally, we note that P = p;+---+p, = 1 and also that P, <1and P, < 1.
This inequality is strict since p; # 0, Vi = 2,...,r. So if we consider what happens
as n — o9,

lim P" = , lim P[H-l ) = 0, and lim P[j+1 r] = 0,

n—oo n—o0 n—oo
which means that we do not need to consider the second two terms if we take the
limit as n — oo. Thus

2 s

"5z uwprcopr)| Z Z 2pzp]

=2 j=i+1 [12

as n — 00. To get the variance we must add the expected value and subtract
its square. These quantities can be obtained from the probability model expected

value section (see (16.6)).

Zi PQPZP] (ZP[M>

=2 j—it1 [lz 12]

as n — o0o. Again, cancellations can take place to simplify this expression. The
first sum represents all the terms of the last sum (the square of the expectation)

which are not squares, and thus both of these disappear, leaving

T s 2
Di Di
VP~ — > (16.14)
S e S Py
as n — oo, which completes the proof of Theorem 16.4. |

As in the expected value results, replacing n; by p; -n in equation (16.12) will yield
the result in (16.14).
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Chapter 17

Right-going depth of first r

17.1 Introduction

We find the expected value and variance of the right-going depth of the first r
in a binary search tree formed from a word drawn from the alphabet {1,... 7}
and where repeats are allowed. In this case the fact that we allow equal keys is
more relevant than in the previous case (finding the left-going depth of the first 1)
because of the way we form the tree by putting keys strictly less than the parent
node to its left and those greater than or equal to the parent node to the right.
Multivariate generating functions are used to determine this expected value. We
use n to represent the total number of letters in the word and we denote the number

of 1’s by ny, the number of 2’s by ns and so on. Thus ny +ns + -+ +n, = n.

In this chapter, we prove the following;:

Theorem 17.1 The multiset model gives the expected value of the right-going
depth of the first r as

r—1
nA
EDN = —_
® ; Niip1 +1

Theorem 17.2 Using the probability model, the expected value of the right-going
depth of the first r is

r—1
Efng Pi

— Py

as n — oQ.

142



Theorem 17.3 The variance of the right-going depth of the first r according to
the multiset model s

r—1
=2

i=1

. 1) r—1 r—1 2

I T; 77/
N[Hl 7] + ]-)(N[Hl 7] + 2)

N[erl 7] + 1 [z+1 7] + 1)2 .

=1 =1

Theorem 17.4 By the probability model, this variance is

r—1 p r—1 p2
(3 + 7 ’
= Di+1 z; P 1

p
Vi ™~

as n — oQ.

17.2 Right-going expectation — multiset model

One way to express symbolically all words from the alphabet {1,...,r} is
(e + 1{1F)(e + 201, 2) (= + 3{1,2,3}) (= + {1, ., ),

where € represents an empty sub-word. This symbolic expression can be translated
into a function which will generate all possible words from the alphabet. In this
generating function, z will count every letter in the word (or every node/key in the
tree) and w will count only those nodes which will cause a right-going branch (this
corresponds to the weak left-to-right maxima up to — but not including — the first
occurrence of r). Thus we have a probability generating function with respect to
u, and the expected value and variance can be calculated by differentiating with
respect to u. The other variables are x1, xs, ..., z, where x; counts the number of
times the letter ¢+ appears in the word. So for this situation we have the following

generating function (where we write X jj = x; +--- + x;):

r—1
2UT; o1
U T, . Ty = 1+ : 1+ —>—1). (171
4 : ) H ( - Z(X[l,z‘—l] + uxz)) ( 1-— ZX[17T}> ( )

Thus w will count only the right-going branches (the number of weak left-to-right

maxima, not including those corresponding to r’s in the word). Now we are in-
terested in finding the partial derivative with respect to u and evaluating this at
u = 1. We then want the coefficient of 2z"z]*x5* - - - z7'~. Now, (log f) = 1mphes
that f = f(log f)’. In this way we can change the log product into a sum of logs

and find the derivative more easily. The derivative is the product of
- ZX;
= 14—
Hluc 11 ( s ZXM)
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_ﬁ 1 —2Xp ) + 22
1—ZX11]
_ﬁ 1_ZX[11 1]
pal ]-_ZXlz]

(

1 1— ZXq 1-— ZX[LQ} 1-— ZX[LT—H
1— zZX1 1— ZX[LQ} 1— ZX[l’g} 1— ZX[LT]

1

1-— ZXV[LT]7

(which represents the generating function for all words drawn from the alphabet

...,

ou

r} with no restrictions) and

u=1

r—1
ZUx; ZTy
~ 1o 14 14—
& H ( 1— z (X[l,i—l] + Ul‘z)> ( 1-— ZX[1’T]> u=1

r—1

Z 2 " 2UX;
g ou’ =2 (X + uai)

-1

Z 1 g m 2UL;
—1 1+ 2y ou 1—2z (X[l,ifl] + U.’L’Z)

u=1

1= 1_Z(X[1,i—1]+7“?i> u=1
r—1
1 0 _
Z —— — [zuxl-(l — 2(Xpim + uxz)) 1]
i=1 1—2( X1 1) Fuz; )
5 ! [zx(l —2(Xp + u:zc~))71
— 172(X[1’¢,1]+uxi)+zum ' [1,i-1] v
B 1—Z(X[1,i—1]+umi)
+ zuzi(=1) (1 = =X +ua) " (—aw)||
U 11—z (X[l,i—l] + UZL‘Z)
11—z (Xp,im1) + ux;) + zua;
[le-(l — (X im1) +uzy)) + zu:ci(—l)(—zxi)}
(1 — Z(X[l,ifl} + U.’L'Z))z u=1
i 1—2 (X[l,ifl] -+ UZL'Z)
i—1 1—2 (X[l,i—l} -+ UZL‘) + zux;
[Z!Ez‘ — 220, Xm0 — Priu+ 2 uxQ]
(1 — 2(Xpioq + uycl))2 u=1
i 1—2z (X[l,z'fl] + UZL‘Z) 25 — Z2$iX[1’Z‘_1]
1 — 2 (Xpioy + ua;) + zuz; (1= 2(Xpq + uxl))Q .

S s
(]
—_

Z 1-— ZX[LZ‘_H — ZT; 2T — ZQxiX[l,i—l]
= 12X = 2 22 (1= 2(X oy + 24))

r—1

Z 1 —2Xpg 221 — 2Xp )
=2 X (1- zX[LZ-])z
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So our expression becomes

r—1

]_ ZX;
/ _ i 17.2

B i ( Z; 1 Z; 1 >
X1 —2Xp  Xppigl—2Xpg)’

i=1

as a partial fraction decomposition. From this we wish to determine the coefficient

ni ,.n2

of 2"z xy? - - -, We start by finding the coefficient of 2":

- Z X[H—l 7]
r—1 n
S (B (-

<X[1 "] Xﬁn])

[i+1,7]

i=1 k=0

r—1 n n
_ ) k—1 n—k
-S> ()

=1 k=1

r—1 n

n k—1 Jit1 j
— xi . . :Ci e xT’T
Z (k) : Z (]iJrla"'ajr) +1

Jit1+tjr=k—1

3 (”_k )xlx{

Jretimn—t M1 Ji

- 2

i=1 k=1 jip1++jr=k—1j1++ji=n—k

g k—1 n=kON e e
l{? . :L‘l :L‘z xz—i—l :L‘T’
Jitly -5 Jr) \J1y -5 Ji

and then equate n, = j,, Vp € {1,...,7},p # 4, and n; = j; + 1 to get the

coefficient of z"z'xy? -+ -2 to be

r—1
()
i1 N[Z+1T]+1 N1y 3Ny nl,...,ni—l

n! N[i-l-l,r}! (N[l,i} — 1)'
(N[iJrl,r} + 1)'(N[1,z} - 1)' 7’LZ‘+1! ce TL,«! 711! e (TLZ — ]_)'

>
- (N[iJrlr} +1)n1'nl'nl+1'nr‘

I
~ S
I |
=
t
5|3
+
—_
N\
S

3
E
:
N———



If we then divide by the number of all possible words (n1 " nr), we get the expected
value of the right-going depth of the first 7 in a word of length n with n; occurrences
of the letter i, ¢ € {1,...,r}. It is

r—1
/rLA
En=Y — 173
® = Ny +1 {173)

This is the same result as in [4], but with slightly different notation. Theorem 17.1
is thus proved. [ |

In the next chapter, a similar expression is found, but with an n; instead of the
one in the denominator. This corresponds to the fact that for this case we insert
all the letters from the input sequence into the tree, whereas to find an arbitrary
key «a, we construct a binary search tree where all the keys are distinct, from an

input sequence with repeated keys.

17.3 Right-going expectation — probability model

The generating function for the probability model in the right-going case is

r—1
2UT; 2T,
Z, U, Ty s Ty) = 1+ 1+ ——m—F—
I 1 ) H ( 1— z(X[Li_l} + uxl)> < 1— zX[lﬂ>

i=1

= Z Alwlyr) gl ghvle gl (17.4)

weA*

where w is a word with length |w| and |w|; is the number of i’s appearing in the
word w. We choose letters from the alphabet A = {1,...,r} to form each word.
In this case we want u to count the number of right-going branches from the root
to the first occurrence of letter r in a binary search tree with equal keys. This is
formed from an input sequence whose (possibly repeated) letters are chosen from
the alphabet {1,...,r}. Note that it is not necessary to know the definition of the
function r(w) which measures the right-going path to the first . Also note that
this is not necessarily the longest path to the right as in the left-going case, since
we may have repeats of the letter r which would lead to subsequent right-going

branches which are not counted.

Now that we have expressed the generating function as a sum, we can find the
expected value of this right-going depth in a tree with these criteria by taking the
partial derivative with respect to u, which will make r(w) a coefficient. We then
substitute u = 1 into the function as u is no longer needed. After that we find the

coefficient of 2" which means we are interested in words of length n, and lastly we
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substitute p; for x;, where p; is the probability with which the letter ¢ occurs in
the word. In this way, we multiply the right-going depth of the first  (r(w)) by
the probability of each tree occurring — i.e., the product of the probabilities of all
the letters. We multiply the probability p; |w|; times, and find the product of this
with the probability py |w|s times etc. up to letter » whose probability is p, and

we must multiply this to our product |w|, times.

More concisely, this means that
EY, = [Zn]gf('z)u)pla s 7p7“)
6 ou u=1
The fact that we have already found this partial derivative helps us here, since we

know that (see multiset model above, equation (17.2))

1 r—1 p;

1— zP[lﬂ ; (1 — ZP[I,Z'})

r—1
Di 1 Di 1
1S (=
Z P[i+1,r} (1 - ZP[l,r}) P[z'+1.r] (1 - ZP[LZ'])

r—1

Di i
= — P, — ——PF ).
Z (P[iﬂ,r] (L] Pit1. [l’l})

=1

Ef = [2"]

We now recall that Pﬁﬂ =1"=1and that Py <1, Vi=1,...,7—1, and so
Pﬁﬂ.] — 0 as n — oo. Thus
r—1

Di
p lav)
Erg i=1 P[Z'Jrlm]’ {175)

as n — o0o. This concludes the proof of Theorem 17.2. |

Now suppose we refer back to the multiset model result in equation (17.3). By

associating n; with np; for large n, we can write

r—1
nA
o L S
" 221 1+ N1,
r—1

B p—
— 1+npiy1 + - +np,

r—1

_ Pi
;%+pz~+1+---+pr
r—1
Pi

“— Plit1] ’

as n — 0o,

and this corresponds to the probability model result in equation (17.5).
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17.4 Right-going variance — multiset model

We now investigate the variance of the right-going depth of the first r in a binary
search tree with equal keys whose alphabet is {1,...,r}. The generating function

is the same as in equation (17.1):

r—1
RUL; ZTp
ZyUy Ty, Tp) 1= 1+ 1+——,
a 1 ) 11 < 1= 2 (Xi-y + Uﬂfi)) ( 1 - ZX[l,rJ)

from which we will find

0? 0
Vig o= [t - xfr]% (z,1,21,..., @) + [ a]" - -xfr]%f(z, Lxy,...,x,)
o 2
B Iy OV RO ) 17.6
<[Z ua z, ]auf(z7 y L1, y L ) ( )
To do this we start with the second moment and use Maple to give us:
0? 0
@f(z,l,xl,...,xr) = flz, 1, 2q,...,2,) - ) log f(z,1,2q,...,2,)
v L ) log f(z1 )
—f(z, L2y, ... ) - —log f(z,1,2q,..., 2,
ou s Ly b1y ; ou g 1
B 1 — 0 2
1 — 2 X[, — Ou (1 — 2X71,-1) — 2ux;) o
1 r—1 2
zZX;
_l_
1-— ZX[l,r} (ZZI (1 - ZX[l,z'fl] - ZUZEZ) _—
B 1 TZ_I 22x?
=1 ZX[LT} — (1 — ZX[l,i 1]~ Zuxi)Q .

M

r—1 2
1—ZX[1,"<, (1—2Xp,- 1]—ZUZL‘Z)>

i=1 u=1
re1 r—1 2
:1—ZX[11" ; 1—zX1@] (; 1—ZX11] )
r—1 222
., 23 (17.7)
; 1—ZX[17‘> 1_ZX[1Z])
A
r—1 r—1 Al T
+2 e '
;];1 (1= 2X7,) (1 = 2Xp,9)(1 — 2X7 )
B

We deal with A and B separately, and note that X := X[ .

22?2

A:=2 !
Zl 1 —ZX)(l —ZX[lz})
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r—1 2
=2 Z 27 Z 2 X0 ( Z szﬁ’i])
i=1

>0 k>0
r—1

IQZz ZZ’]X]ZZXlz]XklZ]lk
i=1 j>0 k>0 =0
r—1 k

S SEED DEITD By BT
i=1 =0 k=0 1=0
r—1

=2 Pl Y AXIY (k41X AR
i=1 320 k=0

So

R S I I RIS v
n—j—2>0
DORN RN T
=1 7=0
= QZZL‘? Z(TL —j — 1)(X[171} + X[qulﬂ) Xﬁ z}j -2

—QZ Zn—j—l
0
J
JZEMﬂ*Z@VHMWQ
m=0

Mu

J j—m yn—j—2
( )X[IZ}X[HIT}XDZ]

3
I

_QZ Zn—j—l j (Tjn> 3 ( j—m’kr)xfﬁlm

=0 kiv14+-+kr=j—m it

m—+n —j -2 k1 ks
E Ty 0y
. k’l, Ceey k?l
ki+-+ki=m+4+n—j—2
—1n-2 3J

zzzzz 5 > m-i-D

=0 m=0k;11+-+kp=j—m k1+-+k;=m+n—j—2

. j j_m m+n_j_2 $k1'$kl_1xkl+2$kl+l--
m ki+1,...,k,r. kla---,k@' 1 i—1 i i+1

Thus for ks =ng, Vs # ¢ and k; + 2 = n,,

[anrlll e l‘:"’r]A

r—1 n—2 :

. J ki+1+'--+kr)<k1+“'+ki)

_9 — i1

izljzo(n J )(ki+1+"'+kr)( Kivi, ...k, kv, ...k

r—1 n—2

7 N[i+1,7’] )( N[l,i}_Q )

=2 (n—(G+1
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r—1 n—2 . n—2 .
) G ) () -2 0 ()
=2 ’ ’ n - +1 .
; (niJrla ceey Ny Nyy ey Ny — 2 : N[z’Jrl,r] Z(j ) N[/L'+17T]

From [12, page 174]:

o () =12(;_}) for integer k # 0

o i (%) = (*1) for integers m,n > 0

m

to simplify the following (note that (2) =0 for d # 0):

nz ( z+1r) - jf(j 1) (N[im)

=0

n—2 .
n—1 j+1 >
(N[iﬂ,r} + 1> Z( S )(N[i+1,r] +1

J=0

n—2 .
n J+1
Nisan +2)( ) - Wi+ DX ( )
( S ) Nz+1r}+2 S JZO N[i+1,r]+1
n—1 J
Nz r+2 Nz r_'_
[i+1.r] (Nz—i-lr "‘2) ( [+ tr] ;(N[H—lr]—‘f_]-)

Nz r+2 Nz r"‘f_]-
] (Nerlr +2> ] (Nerlr +2>

B ( z+1 7] + 2
N (N fi+Lr) T 2>

So we can substitute this back into the coefficient of A to get

N[z+1 7] + 2 H—l 7] + 1)}

[2na ] A

r—1
()
— \Nit1r) +2/) \01,00 0 = 2) \Nig, -, 10

:2§ n!(Np _2)'N[i+lr]!
— (Njit1,0) + 2)!(n = (N1, + 2)) !l nimal (g — 2)Ingq Lo ny!

1=

1 (N[H_LT}—I—Z)'(TLl—f"l‘?’LZ—Q)'TLl cTi— 1'( —2)'7’LZ+1' TL,«!

1=

_QS ni(ni — 1) ( n )
i=1 (Vg1 + D) (Njig1, +2) \ 01, ..o np )
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which gives the contribution of the A term to the second moment after dividing

.....

— n;(n; — 1)
2 L ) (17.8)
— (Njgs1,) + 1) (N1, +2)
On the other hand, we have (from (17.7))
By r—1 r—1 2217Z‘ZL'j
: = 5 (1 — ZX)(l — ZX[I,Z})(l — ZX[L]'])
r—1 r—1
kyk 1yl m
=2 Payy FXNY XY X,
i=1 j=i+1 k>0 1>0 m>0
and thus
r—1 r—1 n—2
_ k1l n—l—k—2
B=2) Y wmxy Y, XXX
i=1 j=i+1 k=0 n—1—k—2>0
r—1 r—1 n—2n—k—2
—1—k—2
=2 > HJZ Z 1) X)X g X
i=1 j=i+1
r—1 r—1 n—2n—k—2 k
k—s n—l—k—2
SO IPMEDIDID M (JETFEy
i=1 j=i+1 s=
r—1 r—1 n—2n—k—2 k
_ k—s s+n—Il—k—2
=232 3 w3 30 3 (§) Xl
=1 j=i+1
r—1 r—1 n—2n—k—2 k ]i]
k—s s+n—l—k—2
=23 3wy, 5 3 (1) Kb ea + K
i=1 j=i+1 1=0 s=0
r—1 r—1 2n—k—2 k ]i]
_ k—s
ST DI M QLR
i=1 j=i+1 =0 =0 s=
s+n—Il—k—2
s—i—n—l—k 2 shn—l—k—2—t
> ( )X
t=0
r—1 r—1 n—2n—k—2 k s+n—Il—k—2
IO ID IS
i=1 j=i+1 k=0 1=0 s=0 t=0
s+n—1l—k—2 k t+l ys+n—Il—k—2—t
( t ) (8) X[J+1 r}X[l z}X[erl i
r—1 r—1 n—2n—k—2

- k  s+n—Il—k—2
s+n—101—k—2\/[k
. &
k_S b]-+1 by t+l b b;
(bjﬂ,...,bT)%“'xr 3 (bb)xx

b1+-+bi=t+l

—l—k—=t—=2\ ,, .
SR G CT R
» U5

bivi,...
bi+1+~~~+bj:s+n—l—k—t—2 i+1s
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S DS 5

stn—1l—k=2\(k\(s+n—1l—k—t—-2 t+1 k—s
t S bi+1,...,bj bl,...,bi ijrl,...,br

d
r—1 r—1 n—2n—k-2
N[l ] — [ —2
(2"t x| B =2 ( 7 (17.9)
1 Z 2 Ny -

e )
( k )( N[Hl] ]- >< 1@]_]- >( _]+17‘] >
N[j—f—l,r] Nit1y..-5 M Ny, ..., N -1 Njy1y--., M ’
from which we extract and simplify the quantity
Q(N[ »}—5—2)< k )
N[z+1 i1 Nijs1)
[+1,r] z N[z+1 g—1
>” 2(]\7 —2—n—k:—2)+l)
i1/ 1 Niir15 — 1
)" = 2(k+l—nj+1— —nr)
i+1e)/) 2 Niit15) — 1
) (s 1)
Niit15 — 1

(where t :=k+1—nj1 —---—n,)

n—3 N[lj -2 . Ky 1 e —1 .
ZO ( J+1T]) — (N[Hl] ) - —0 (N[Hl,j] - 1)]
) G EG)
Nijpi+1 Niiy1,j N1/ =5 \Niiv1)
(i) L) - G ()
Nyjp +1 Niit1,) Nijv1.0/) \ Nt

Thus we have, from (17.9)

2n—

N

3
|

=¥

I
™
I

T

o
-
Il
o

2

Tl
N O

(]

I
/\/\/—\/—\

2

T
N O

2

B
Il
mo

Z

J+1 7]

il
o

t=k— n]+1—~~~—n

[z"a} -2 |B

=0 t=0 bj+1+---+br:l€—5 b1+-+bj=t+l1 bi+1+---+bj:s+n—l—k—t—2



Ao ) o) - G )]
Nijpim+1 Niig1,5] Nijt11) \ N1, +1

r—1 r—1
=23 % N[z+1j1 — DN — DNy
i=1 j=i+1 nyleo (g — Dl - (ny — Dlngga!--on,!

_ (n — D' (N — 1)!
(N1, + DU N g = 2!V, (N — 1)!

r—1 r—1

Y ¥ (Niig1g) — DM — D!N!
= 5 nyl--- (g — Dngga!l - (ny — Dingy! - -n,!
, Niiz1,m!(n — 1)!
N[j‘i’lvr}!N[Z'+1,j}!(N[i+1,r} + 1)'(N[1,Z} — 2)'
= 2§ i nin; (N — 1) n!
= 57 MWV + DNyt onatnga b onglng g - on
r—1 r—1
i1ty N, gl 1 [
Y Y S T e
i=1 j=i+1 N[z+1 J}(N[z+1 ]+ 1) TN M ! nilnjq!---n,l
r—1 r—1 o .
i=1 j;—f—l (N[J'Jrlﬂ"} + 1)(N[Z'+1,r] + 1) Ny, ..., Ny
<N[17]] B 1)<N[i+l,T] + 1) - (N[l,l] — ]‘)<N[]+1,1"} + 1)
NNy,
r—1 r—1 . .
-9 i1 ( )
;];1 N[J+1 7] 1)<N[i+1,r] + 1) ny,...,Ny

The B contribution to the second moment is then

r—1 r—1

2y Z il . (17.10)

i=1 j=i+1 N[i+1ar] + 1)(N[j+1ar] + 1)

Together, A and B give the second moment as (see (17.8) and (17.10))

r—1 r—1 r—1
nz(nz - ) n nJ
2 + 2 .
; (Nii+1,,) + 1) (N1, + 2) ;j;1 (N1 + 1) (N + 1)

For the variance, we also need to include two more terms (see (17.6)). We use

equation (17.3) to write
Ve — 9 ni(n; —1) 19 i rzl n;n;
F T W+ D (Vi +2) (M J (V101 +1)

=1 j= erl [i+1,7] _'_

(. J

2 Vv
[H—lr <ZN1+1,«—|—1> ’
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The square of the expectation includes the bracketed terms which then cancel

leaving only each term squared, i.e.,
—1 r—1 n
; N[Hl ] + (N[Hl ]+ 2) Z N[Hl i+ 1 ; (Niig1, +1)%
(17.11)

This is the exact formula. The asymptotic expression of this as n — oo is simpler.
We have

r—1 nl(ﬂ@ . 1) r—1 7%2
— (Nt + D (Vg1 +2) = (N + 1)
and
Tn; n;
Nz +1 0 Nigag
and thus
r—1 2
n?
+Y
Z N[Hl 7] ; (N[Z'Jrl,r])Q
as n — 0o. This completes the proof of Theorem 17.3. |

17.5 Right-going variance — probability model

To find the variance using the probability model, we use (see equation (17.4))

r—1
2UT; ZTy
ZoUy Ty ey L) 1= 14 14—
u ! ) H ( 1 — 2(Xp,mn + uxz)) ( 1— zx[lﬂ)
_ Z \w| r( w) \w|1 \w|2 . ZL"w‘T,

weA*
and
v, = 2 fup )|+ T )
I‘g aQu ) ) ) ) T u:l au b b b ) T u:l
n a 2
- ([Z ]%f(z7u7p17' . 7p7“) u:l) . (1712)

We only lack the second moment (i.e., the first term of (17.12)), and for this we
use the calculations from the multiset model. We have (see (17.7))

62
[Zn]%f(za u,pi, - - 7pr>

u=1
r—1 r—1 r—1
n 22°p; 22%pip;
= | Z s
] ; (1= 2Py)(1 - ZPM] ;J;l 1= 2Pu)(1 = 2Pp)(1 = 2P )
T 1
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and we know that by expanding this expression in terms of partial fractions we
can find the coefficient of z™. This method is quite long so we start by making a

few remarks which will shorten the calculations.

e We can write
2

[2"] (1 —az)(1 —=bz)(1 —cz)

_ [z"]( 1 . 1 . 1
(I1—az)(a=b)(a—c) (1=bz)(b—a)b—c) (1—cz)(c—0b)(c—a)
1 n 1 n 1 o

a0 =0" T=at=09" T e=t=a""

In our case we have this situation where a = P,) = 1, b = P < 1 and

c= Py <1 (fori,j <r). Asn — oo, we have a” — 1, 0" — 0 and ¢" — 0.
Thus it is unnecessary to do all the calculations — we need only include the
terms of the partial fraction expansion which have the factor #P[l] (or
P[Tll 7]
above.

). This takes care of the double sum (from ) in the second moment

e For the terms which have a repeated factor (see t) in the denominator this

idea remains the same. We have

22

(1 —az)(1—bz)?

[2"]

_ 1 La=% 1
T T ) @—02 T 0 —b2)bla—0)2 " (1—b2)2b(b—a)
1 a—2b 1
- T2y (1)
o2” e Tty
Again we have that @ = Fj,) = 1 and b = Py, < 1 since ¢ < 7, and

p; >0, Vi=1,...,r. Thus since " — 1, 0" — 0 and nb" — 0 as n — o0,

1

we need only consider the terms of the form e @ e

We can now give an asymptotic approximation of the second moment (as n — 00):

2 r—1 2 r—1 r—1

g f (2 pr ) uﬂwngpi YT %.
i=1

[i+1,r] i=1 j=it+1 P[Z+1,T]P[J+1,7‘}

For the variance we must also include the other two terms in (17.12), so
r—1 r—1

NQZ p; +2ZZ pzpj <le W)z

z+1 7] ]Jrl r] i1 P[erl 7]

i=1 Z+1 7] i=1 j=i+1
r—1 r—1 r—1
—9 19 Z Z png
[H'l 7] =1 j=i+1 H_l ] ]+1 7]
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r—1 r—1

;sz 22 Z = _ pPip;

r—1
s

Z+1 ’r' i+1, r i=1 j=i+1 [Z+1 T]P[]+1 ’I"}
and thus
r—1 p r—1 p2
VP~ L+ , (17.13)
¢ 1 P[i+1,r] = P[?—l—l 7]
as n — 00. The proof of Theorem 17.4 is thus complete. |

Once again, a link can be shown between the two results 17.11 and 17.13 as n — oo,

replacing n; by np;.
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Chapter 18

Expected depth of an arbitrary

node «

18.1 Introduction

In this section we investigate the cost of searching for a key « in the binary search
tree formed from a word (w) of length n made up of letters (possibly repeated)
from the alphabet {1,...,r}. The cost can also be thought of as the number of
comparisons or length of path from the root to the node «, as in the previous
cases. In this case, allowing each element to appear only once in the binary search
tree means that we consider strict left-to-right maxima (and minima, though this
is no different to Chapter 16). Note that previously in the right-going section we

included all nodes in the tree and thus considered weak left-to-right maxima.

Why is this different to the distinct key case? If only the distinct keys are allowed
into the tree, the binary search tree will always only have r nodes. However, since
it was formed from a multiset of {1,..., 7}, each tree will appear with a different
probability than if it originated from a sequence with distinct keys. Consider the
set {1,2,3} and the multiset {1-1; 1-2; 2-3}. For the former, there are 3! =6
possible sequences, giving rise to 5 different binary search trees, see Figure 18.1

below.

123 132 213 231 312 321

1 1 2 2 3 3
& > 3 A Ns AN < /
3 2 2 1
Figure 18.1: The binary search trees from the set {1,2,3}.
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Of the five trees in Figure 18.1, all have the probability %, except the tree cor-

responding to the sequences 213 and 231, which occurs with a probability of %

4

17172) = 12 sequences from the set {1,2, 3,3}, we get:

However, if we look at the (

1233 1323 1332 2133 2313 2331
1 1 1 2 2 2
& > 3 > 3 AN ANs AN
3 2 2
3123 3132 3213 3231 3312 3321

3 3 3 3 3 3
2 2 1 1 2 1
Figure 18.2: The binary search trees from the set {1,2,3,3}.

Figure 18.2 shows that even though we get the same five trees resulting, their
probabilities have changed. In this case all trees occur with probability i, except
for the first (corresponding to sequence 1233) and the second (corresponding to
sequences 1323 and 1332) which occur with probabilities % and é respectively.
Thus searching for the average depth of a certain key will be different, even if the
number and shape of the trees are the same. For example, the average depths of
1,2 and 3 in that order are %, 1 and % in Figure 18.1 and 1, % and % in Figure

18.2. (The average depth of 3, the repeated letter has decreased significantly.)

Again, generating functions are used to express the situation, and similar tech-
niques to Chapters 16 and 17 are used. The alphabet is divided into two distinct
sub-alphabets at the value e — those letters larger than o and those letters smaller
than «. Thus we use the fact that we already know how to find the left-going
depth (left-to-right minima) of the smallest element in a sub-alphabet, and the
right-going depth (left-to-right maxima) of the largest element in a sub-alphabet.

We use the notation r = card(A), i.e., A= {1,...,r}. Soif w € A* then the binary
search tree of w has every symbol of w inserted once only. (This differs from the
general quicksort analyses which only deal with binary search trees formed from
permutations of sequences of distinct letters.) The question we address is: “what
are the expected value and variance of the cost of finding node «”, using each of

these models?

To answer this question we use the left-going and right-going depth, and a tool

called the ‘shuffle’ product, which is simply the product of two exponential gener-

158



ating functions (EGFs), but which produces a ‘shuffle’ between two words whose
alphabets are distinct. So by applying the shuffle product to two words we end up
with all possible combinations of the original words with the letters interwoven,
but with the original order within the original two words unchanged. For exam-
ple, take the two words ab and cd. If we shuffle these like cards, we get (3) =6
solutions: {abcd, acbd, acdb, cabd, cadb, cdab}. The definition of the shuffle product
is
aut by := a(umbv) + blaum v).

The product of exponential generating functions produces this shuffle product.
However, the original generating functions for calculating the left-going and right-
going depths are ordinary generating functions (OGFs), so at some point we need
to change from ordinary generating functions to exponential generating functions,
perform the shuffle, and then convert the result back again. To do this we use the
combinatorial Laplace transform. Ultimately we want to apply the shuffle product
to two languages, which we assume to be distinct. This is why an exponential
generating function product is the answer, because each exponential generating
function represents a language, and we multiply the two to get all possible combi-
nations of words from these languages. The output will thus be a language of all
words which were formed from a shuffle of two words, one from each of the original

languages.

The (combinatorial) Laplace transform states the following (see [36, page 92]):

Given an EGF A(:p) for a sequence {ay}, the ordinary generating function for the

/ A(zt)e tdt
0

if the integral exists. To show this we consider the exponential generating function
Alz) = a,%;, and then show that

n>0

sequence is given by

> a2 _/ A(zt)e tdt.

n>0
Firstly,
—t 7t _ n —t
/0 A(zt)e™tdt = / Zan - dt—ZanH/O the~tdt
n>0
and by Euler’s integral which defines the Gamma function as I'(z fo t*~le~tdt,

we have that fo t"e~tdt = n! and we are done. To change from an ordinary
generating function to an exponential generating function one uses the inverse

Laplace transform. This is done using Hankel’s contour integral ([1, page 255]),
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which says (note that we use ‘4’ for the complex number instead of ‘i’ to differentiate

from the index we use later):

1 1 -
ON gc/(—t) e~tdt, (|2] < 00),

ie.,

1 1 i

e ) 18.1

al T+l QW/(> ‘ (181
C

So whereas when we transform from an exponential generating function to an
ordinary generating function we multiply by n!, to transform from an ordinary
generating function to an exponential generating function, we must divide by n!,
or multiply by the Hankel contour integral in (18.1). So if A(z) = > a,2", then

n>0
our corresponding exponential generating function (with the same coefficients) is

n ’L —n—1_—t o Z n -n -1 _—t
Zanz %/(_t) e dt—ﬂ/;oanz (=) (=t)""e"dt

n20 C C

n>0
1 1
= a2 — | (—t) " —dt
; 2mi (=1) te!
"= c
i
= Zanz"— (—t) " e tdt
>0 27
"= c
Zn
=2 oy
n!
n>0
from equation (18.1).
As an example consider the ordinary generating function A(z) == ) 2" =

n>0
which has coefficients of 1 everywhere. The exponential generating function with

coefficients of 1 which we expect is e*. We have that the exponential generating

function is



= L/it f(t)z dt, where f(t) =e™"

as required.

Using the above, the theorems below are proved in the sections to follow. As in

the previous two chapters, the results correspond asymptotically as n — oo.

Theorem 18.1 The expected depth of some o € {1,...,r} is given by the exact

formula
a—1 r
m __ n; n;
BY =D vt 2 v
P I S T

Theorem 18.2 Alternatively, the expectation of the depth of a can be expressed

asymptotically in terms of probabilities:

a—1 r
RS P];ia] > P];;]
i=1 ) i=a+1

as n — OoQ.

Theorem 18.3 The variance of the depth of some o € {1,...,1} can be expressed
(by the multiset model) as

a—1 1—1
NN N T N MM
Vi =2 _ _
;; (N[i,al]N[k,al] Nii—11Npi,a—11N]i,a) N[k,il]N[k,al}N[k,a]>
r i—1
NNy NoNiNk N NNk
+2 + =
i:azﬂk;q (N[aﬂ,i}N[aH,k] Nig41,i Na+1,i N N[k-i—l,i}N[oc-i-l,k]N[a,k})
a—1 r
+2 illy . albilty
;];ﬂ <N[i,al]N[a+1,j] N a—1]Na+1,11V]a,]
- Uz B naMniny;
Nia- 11Nt 11 Vi) Nia—11 Va1, Vi)

Q

n;
+) Moo + Z

az]

i=1 i=o+1
a—1 n n r 0 2
i _9 i i .
i1 Nza]) Z za]lgrl Naz] (i:;rlN[a,i}>
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Theorem 18.4 Using the probability model, the variance of the depth of a as

n — 00 18
a—1 1—1
PiPk PaPiPk PaPiPk
; Z:: ( Pio-1Pra-1  Pri-11Pi0-1Fq P[k;,z‘—l]P[k,a—l]P[k,a]>

L9 Z Z ( ppe PaPiPk B PaPiPk )

o \Peria Pty Pt Povralag PrvraPlarin Pok)

_|_QZ Z ( PiD; . PaPiP;

P[zoc 1 P[a-i—l,j} P[i,a—l]P[Oé+1:j]P[avj]

=1 j=a+1
. papipj + papipj
Pia-11Pa+r1.4 0] Pia—11Pa+1,5.4)
a—1
pi
+> o Z
i=1 P[z,a 1=a+1 [az
a—1 D 2 a—1 i r i r i 2
So) ey ()
<Z 1Pw1> o Tiel 27 Plea \ (57, Ploa

18.2 Expectation — multiset model

We start by considering the cost function of finding some element « in our binary
search tree. We define the generating function as:

_
1—2X7
where X = 1 + 29+ -+ + x, and m indicates the shuffle product. The shuffle

f(Za U, Ty, ... 71'7“) = [Nmax(za u, X[l,a—l}) il Nmin(z7 u, X[a—i—l,r])} Zlq -

product is the usual - for exponential generating functions if the alphabets are
distinct. This shuffle product takes place between ordinary generating functions
Npax (which counts the number of left-to-right maxima in the letters smaller than «
to the left of the first a) and Ny, (which counts the number of left-to-right minima
the letters larger than « to the left of the first a)). The factor zz, represents the

first occurrence of «, and the remaining factor of represents everything to

%
the right of the first a which can be of any length and which consists of any letters
from 1 to r (with repeats). The variables are as follows: z counts all letters, u
counts all left-to-right maxima (resp. minima), and z; counts all ones, x5 counts
all twos etc.. We also use the shorthand X35 = x3 + 24 + x5, X449 = 74 and so
on. Notice that u does not appear after the first « since the depth of the first « is

only dependent on the letters which occur to the left of a in the word.

Now we need to define the ordinary generating functions Ny.x and Np;,. We want

Niax (2,1, X[1,a-1]) to count the number of left-to-right maxima in all the letters
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strictly smaller than o which appear to the left of the left-most « in the word. If

we let € represent an empty word, we can express these letters symbolically as

(e + 1{1}") (e +2{1,2}") (e + 3{1,2,3}") - - - (e + (= D){1, ..., 0 — 1}"),

which can be translated into the generating function

— 2uT;
NmaX(ZUXlal . H( 1—ZX[1])

This is a product of factors which correspond to the bracketed factors in the sym-
bolic equation above. Each factor corresponds to a new letter (one larger than
the previous one), with the possibility of a new left-to-right maximum occurring if
such a letter occurs in such a position. If it is a left-to-right maximum, then both
1 .
71*2)([1,2'])’ which

can have any element less than or equal to that element. If it is not a left-to-right

z and u will count the x;, and this is followed by a sequence, (

maximum, then the only contribution from that factor is the 1 (or symbolically the

1
1=2X[1 441

1
— factor after the first o).

This only means that it appears to the right of a larger value and thus is not a

¢). Note that this letter can still occur in the word, either as part of the

factor in the subsequent bracket, or as part of the

left-to-right maximum.

For the other case we want to count the number of left-to-right minima among
those letters which appear to the left of the left-most a which are strictly greater

than a. We use a similar argument to translate the symbols
(e+r{r})(e+(r=D{rr—=1}) - (e+(a+ D){rr—1,...,a+1}),

into the generating function

" 2uT;
Nmin(z’ u, X[OH‘LT}) = H (1 + W)

i=a+1

Now that these two functions have been defined we can rewrite the cost function

more explicitly:

a—1 r
2ZUT; ZUT; ZTg,
f(zu, 20, 2,) [H( +1—2X[M-])mia+1( +1—2X[i,r})]1_ZX
(18.2)

Our next task is to find the expected value, which for probability generating func-

tions such as these means we will need to find the first order partial derivative with

respect to u. First we note that

%(fmg))ul = (a%f)ul) mgl|,_, 4+ f|,_,m (%g‘ul). (18.3)
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So we let f := Ny, and g := Nyay in (18.3), and deal with the shuffle product

by making use of the inverse Laplace transform and the Laplace transform in that

order. Each of these four expressions is now written in a form which can easily

be transformed into a corresponding exponential generating function so that the

shuffle product can be performed. For the first factor of interest we have:

0
_Nmin
8u u=
0
=—1 Nmin . Nmin
ou & u=1 u=1
0 | f[ 14 2U;
= — 10
ou 8 L= 2X(i0 /) | e
i=a+1 ’ u=1
L9 ZUT;
= —1 1 !
Z ou Og( +1—ZX[M]) _
i=a+1 ) u=1
L9 ZUT;
= —1 1
Z 8u Og( +1—ZX[Z~T]) _
i=a+1 ’ u=1
L0 2UT;
= —log <1 + . >
i;}—l au 1 - ZX[iar] u=1
=3 Zlog <1+ e >
i=a+1 a 1 - ZX[Z 7] u=1

) <1 - ZX[a+2,r}> <1 - ZX[aJrB,r]
1- ZX[oc-l—l 7] 1- ZX[a—l—Z,r]

i=a+1 u=1
i 0 1 1 — 22X + zuz;

= — 10
i=o+1 ’

B i 1 2T;

= A 1sz[iyr]+zuxi 1— ZX[Z ] luct
i=a+1 17ZX[i,r] ’ u=

1 a 1-—- ZX[i,r}

() (=)
1 —2Xpo1 1— 22X

1
' (1 - ZX[aH,r])

1

— (1 - ZX[a+1,r])

1
' <1 - 2X[a+1,r1)

ZX;

1— ZX[a—l—l,r] ot

T

1 27;
1 ZX[a—l—l,r] i;}—l - ZX[H—LT] '

1 - ZX[H—LT] - ZX[i,r]

We make use of partial fraction decompositions (this can be done by hand or on

Maple) to get

u=1 ot 1 X[oc-l—l,i}

8 - €Z;
pu i, = 2 (\1—

1 1 )
ZX[OH—I,T} 1- ZX[i+1,rL '

164

@



Now Q is the difference of two ordinary generating functions of the form ﬁ which
can be transformed into corresponding exponential generating functions (with the
same coefficients) of the form €**. This is a useful form to have it in because we
now want to find the product of these exponential generating functions (assuming
the alphabets are distinct, which they are in this case, being either all smaller
than a for Ny, or all larger than a for Ny, ). It is also then easy to transform
back into an ordinary generating function of the form 1%2 So if we transform the
ordinary generating function %Nmin ., into an exponential generating function
with the same coefficients, and let ‘E’ denote the exponential generating function
and 'd’ the differentiation, we get:

r
NEd — Ly

min

e Xlat1,r] _ eZX[iJrl,r]), (18.4)

o Kot

The next factor of interest is the ordinary generating function

a—1
ZUXT;
Nmax = 1 P —
ZX;
= 1 -
H ( - ZXM)
_ i—[ (1 - zX[l,i—l})
pal 1— zX[l,i}
_ 1 >(1—ZX[171])(1—2X[172}>
1-— ZX[I,l] 1-— ZX[LQ] 1-— ZX[l’g}
B (1 - ZX[l,aB]) (1 - ZX[l,az})
11— ZX[I,a—Q] 11— ZX[l,a—l}
1
1 - ZX[l,afl} ’

u=1

which transforms to the exponential generating function

NE = e X1, (18.5)

max

So the product of (18.4) and (18.5) gives us the first term in (18.3), namely the
) mNmaX’ _,» which is (note this
1 u=

exponential generating function of (a%Nmm
u=
is the usual product and is thus commutative):

T

er[l,a—l] . 'Z‘Z €ZX[04+1,7‘] _ eZX[i-‘rl,r])
o Xlar
. T
= ¢ €ZX[1,Q_1] (€ZX[04+1,T‘] — €ZX[7J+1,7‘])
) Xlar

T
x<
_ v e*Xa—1] p#X[a+1,1] _ #X[1,a-1] QZX[¢+1,T])

1=a+1 X[O‘+17l}
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T

— Li (QZ(X[LQ—I]J"X[M-LT]) _ eZ(Xu,a—llJrX[iH,r]))

Xla+1,4]

i=a+1

By doing this we have performed the shuffle and all that remains is to transform

back into an ordinary generating function. So

0
(%Nmm

mNmax‘ _
u— 1) u=1

1 1
= — , (18.6
Z Xiat1,4] (1 - z(X[La_l] + X[a+1,r]) 11— Z(X[l,a—l} + X[i+1,r])) ( )

i=a+1

which we will leave in this form because later we will need to find the coeffi-

cient of z". We now turn our attention to the second term in (18.3), which
: )

1S Nmin u= 1 ( Nmax
Firstly,

) and which we will deal with in a very similar way.
u=1

Nmin‘ -

u=1

E(H s )
:111<1+1—2X”>
L (

1— ZX[”] -+ le>

u=1

I — 22X
i=a+1
_ f[ ZX[H—l 7]
. 1— zX[Z 7]
i=a+1 ’

. (1 — ZX[a+2’r]) (1 — ZX[oc+3,r}) (1 — ZX[OC+47T})
11— 2 X[at1,] 1 — 2 X{ay24] 1= 2 X034
1— zX[rvr] 1
' (1 - ZX[rm) (1 - ZX[r,r])
1
1 —2X[aq14] ’

whose corresponding exponential generating function is

NE. = e#Xla+11, (18.7)

min

The other operand of the shuffle operator in this case is the ordinary generating

function

0 o % 2Ux
_Nmax = 5 1 -

du u=1  Ou H ( - 1 —2Xp Z}> w1

T (1
_ ! 1_ZX[1,Z'}

u=1



Oj—[l 1— ZX[l,i] + zx;
1— zX[l,i}

a—1
:Z£b1+;@L
— 8u & 1— ZX[LZ']

=1 u=1l ;=1

— S g log (1 — 2 X + Z’Uﬂfi) ﬁ (1 — ZX[1,Z‘—1])
i=1 d 1 - ZX[I,i} u=l 31 1— ZX[LZ']
=9 (1—zX[1i}+zuxi)

=25, o8 ’
i1 au 1-— ZX[I,i} u=1

) ( 1 )(1—ZX[171})(1—ZX[1713]>(1—ZX[170[2])
1-— zX[l,l] 1-— ZX[1,2} 1-— ZX[I,a—Q] 1-— zX[l,a—l]

pa ou 1 — 22X w1 L= 2X a0
— S 1 RTi 1
= B 1= 2Xpa

P IT—2Xpi—gl—2Xpgl —2Xp 6o

a—1 . )

=>
1 11— ZX[l,z‘—l] 11— ZX[l,oz—l}'

1=

Under partial fraction decomposition, this becomes

0 B “ii i ( 1 1 )
ou e u=1 i—1 X[i,afl} 1-— ZX[LQ,H 1— ZX[l,i*l] '

which is easy to transform into an exponential generating function as before, giving

a—1

Nie = 3o g (e — ), (18.8)
i=1 ’

The product of (18.7) and (18.8) gives us the exponential generating function of
the second term in (18.3) (i.e., performs the shuffle product of the two ordinary

generating functions), which is

a—1
e Xla+1,r] . Li (€ZX[1,a—1] _ €ZX[1,i—1])
=1 X[ivafl}
a—1 z
= ! (ezx[aﬂ,r]ezxu,a—u — er[aH,r]ezx[l,i—u)
X
=1 “rliha—1]
a—1
— Li ez(X[l,afl]J”X[oH»l,'r]) _ ez(X[l,i71]+X[a+1,'r]) .
; X[z a—1]
i=1 ’

This can be transformed back using the Laplace transform, to get the ordinary

)

generating function:

0
Nmin u=1 T <%Nmax
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Ly, 1 1
=> - . (18.9)
—~ Xia-) \1 = 2(Xpa1) + Xag1a) 1= 2(Xpiy + Xjat1)

Therefore, by adding (18.6) and (18.9), we have the first-order partial derivative
(with respect to u) of the shuffle product in the cost function (18.2). We must still

zxa

include the final factor , but since this is independent of u (and thus does not
need to be differentiated) thls is a simple product, giving

a—1

1 1
1— ZX [ — X[zoc 1] <1 — 2(Xpae1] + Xjat1.4]) - 2(Xpim + X[a+1,r}))

n Z ( 1 B 1 )
P XoHrl 1] 1 Z(X[l,afl} + X[a+1,r}) 11— Z(X[l,afl} + X[z’Jrl,r]) .
(18.10)

za:a

Multiplying through by the factor {22 produces four terms of the form ( =

1-bz)(1—cz)’

each of which can be decomposed mto partial fractions. Then the coefficient can
be found, and thus ultimately the expected value. We make use of Maple for the
partial fraction decompositions. For the first term,

a—1
TiLq y4

— X[i a—l} (1 — ZX) (1 — Z(X[l,afl] + X[a+1,r]>)

Z TiTo ( 1 1 )
X[m 1 \Za(l _ZX) a(l _Z(X[l,afl} +X[a+1,r}))

0‘25 z; ( 1 1 )
= Xy \1—2X 11— Z(X[Lafl} + X[a+1,d) .

The second term is

(18.11)

T; T z

a—1
€T 1 1
_ i%a _ (1812
; X1 Xfiral (1 —2X 1= 2( X+ X[aﬂ,r])) (18.12)

and the third term is

Z Talj z
i:a-{—lX[OH_l’i} (1 - ZX) (1 - Z(X[La—ll + X[a+1,r}))

—i o ( L ! ) (18.13)
i=a+1 X[a+1,i} 1 —2z2X 11— Z(X[l,a—l] + X[a+1,r]) . .

Finally the fourth term is

ToT; z
Xiar1i (1 = 2X) (1 — 2(Xpam1) + Xji1.))

i=a+1
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- Toli 1 1 )
D) . . (18.14)
Loty KoL X[a] (1 —2X 1= 2(Xpa-y + Xp1s)

Once we have the coefficient of 2"z} - -2 in each of the four quantities, we
divide by the number of possible words to get the expected value. First we note
that of the two terms in (18.11) and (18.13), the second in each case has no z,
(i.e., no = 0) and thus these terms need not be counted. So we are left with one
term each for (18.11) and (18.13) and two terms each for (18.12) and (18.14). We
deal with these by first considering the coefficient of 2" and then rewriting the
expressions in terms of multinomial expansions so that the ‘trouble’ terms in the
denominator can be cancelled. All that then remains is to expand further in terms
of multinomial expansions to get the coefficient of 7" - --27". Only the methods
for (18.12) and (18.13) are included, since (18.11) and (18.14) are similar. For

(18.13) we have:

r

[2"] X . ¢
imatr1 oLl <
— Ti  yn
i=at1 Xfa+1,4
-2 Kot 2 (k ko, k )(X“’a})kl (K1) (Xjis1,)"
i=a+1 [o+1,i] ky+kotkz=n 1, 2, h3
T n )
B Z " Z (k‘ ko, k >(X[1,a})kl (X[a+1,i])k2 1(X[i+1,r])k3
i=a+1 k1+ko+ks=n 1, hv2, 3
B 4 n Ky , .
BT (B bt
i=a+1 k1+ko+ks=n 1, 2, 3 by +bottbo =K1 1,02,...,0q
k2 - 1 ba+1 bl
Z (baJrl’---,bz')on_l SRR i
bat1+-+bi=ka—1
k .
Z (bA ’ b )xﬁfll ey (18.15)
bigibtbp=kg N iTLrtco T
To find the coefficient of 2" - - - 2", we can equate all n,, to b, forallm € {1,...,r}

except for m = i, when n; = b; + 1 (because of the extra z; in the first line of
(18.15)). The coeflicient is then

n
izagl (ln+b2+---+ba,ba+1+---+bi+1,bi+1+---+br)
' (b1+62+~-+ba> (ba+1+~-+bl-> (bl-+1+---+b,n>
by, by, ... by boi1s ..., b; bist, ..., b,
— - n
a izazﬂ (Nu,a}, Nias1, N[i-i—l,r})
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' Ni1q) Niay1 — 1 Niit1,)
Ny, M2,y Ng na-f—la"')n’i_l Mgy ey Ny

:ZN

i, a]'N[aJrl i N1,

i=a+1
Nia)! (Nat 1, = D! Njig 1!
nilng! - ngnga!- - (ng — Dlnggq ! omy!
- n; n!
et 1 N[Oc-l—l,i} n1!n2! tee na!naﬂl s 7’LZ'TLZ+1' s TL,«!

T
- ()
imot1 N[aJrl,i} ni,... 7nr!

For (18.12) we have (ignoring the negative):

i:l

ai

i:l

afl

i:1

a—1

g n n—=k
— XE (X 4+ Xias1r
Xiia—1)X[ia] £ (k‘) [Z’O‘]( =) Xjor1.))
X

bi+-+bi—1+bat1--br=n—k

. TiTo 1 1 )
. _
- 2:: Xiia1)Xfil <1 =X 1= 2(Xpioy + Xjas1n)

€Xr;x "
o X" — (Xpim1) + Xt )

za 1]X[Za < [1,i-1] [o+1, ])

L TiTa )

1@ 1] +X[z al ‘l‘X[aJrl r]) - (X[l,ifl] —f-X[aJrlﬂ) )

za 1]X[za

Tix " /n )
(0% X 1— XO( T - X i— XO( r

Kisa- uX[m( (k) i (X o)™ = (X + [+1,]))

Tily

- }I(X[lz 1]+X[a+1r]) o

[i,a

7=0
n n k - ]_ —1 k—1—1 n—k
Tita ) (kz ( ‘ >X[]z‘,a_ﬂ% H(Xpi-n + Xjat14)
k=1 j=0 J
n k—1 .
n kE—1 J—1 by ba—1, k—1—j
iTa ‘ Ty Ty T,
k=1 J=0 bt +ba—1=j-1
n—k by bi—1 _bat1 b
Z (bla"'abilabaJrla"'abr) ! =l e "

At this stage we can find the coefficient of z}* - - - 2!’ by equating n,, with b, for

all m € {1,...,r} except i and «. For these we have n; = b; + 1 and n, = k — j.

170



We end up with (n =ny +---+n,)
a—1
( n > <n — (Npi—1) + Niag1,7) — 1)
P Npiz1) + Niagi,] ng—1+4+-+mn,1+1
B AL S e o (S Nii—1) + Nag1,
ni_la"'anafl N1y e ooy i1 a1y -+ -5 Ty

a—1
_ ( n ) (N[i o] — 1) ( Nijja—1 — 1 ) ( Nii—1 + Nat1, )
: N[za] N[za 1] ni_la"'ana—l Ny oo s M1, Nad 15+ - -5 Ty

i=1
. el n! (N[i,a] — 1)'
— Nijo)l(n —ni — -+ = 10)! Njja—)!(Njja) = 1 = Njja1))!
‘ (Nija—1y — 1)! (Np,i—1] + Niag1,)!
(TLZ‘ — ].)', NN ,na_ll 711!, NN ,7’LZ‘_1!, na+1!, c. ,TL,«!

The method is the same for (18.11) and (18.14), and after dividing by the number

of all possible words (m " ) we end up with:

~~~~~~

a—1 r
Eg — (2 _ 1« _'_ (2 _ 1"
Z; (N[z‘,a—u N[z',aJN[z',a—u) Z (N[aﬂ,z‘] N[a,ﬂN[aH,ﬂ)

i=o+1
a—1 T
z NeY NiNa niNai — NNy
- Z N }v 2 N [ }v
1 [4,0]4 Vi, a—1] i—ot 1 [a,i] 4V [a+1,4]
B 1o,  NilNjjao1) ~ 1 Njay1
i1 Nza]Nza 1] i—at1 N[a,i]N[a-l—l,i}’
so that o
EY . 18.16
Nz [i,a] * Z Noz i ( )
=1 i=o+1
This concludes the proof of Theorem 18.1. |

18.3 Expectation — probability model

As we did in the left-going and right-going cases, we can now use a few of the
calculations from the multiset model to help us find the result using the probability

model. In this case we have (see equation (18.2)):

a—1 r
2UT; H 2ZUT; 2L o
.. T 1 1_ Y. - 1 ‘<
f(Z,U,l'l, L ) [H ( 1 ZX[LZ]) ( 1 < [Z’T])] 1 s

i=1 i—at1
= g Z‘w|u“(w)x‘1w|1x‘2wl2 coo gl (18.17)
wEA*
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where w is a word of length |w| from alphabet A = {1,...,7}, |w|; is the number
of i’s in the word, and a(w) is the depth of a. The expected value is

0
Eg: [Zn]%f(zauapla'--apr> )

where p; is the probability of letter i appearing in the word (input sequence).

We have
B — [ —Le —~ p < 1 B 1 )
1= 2P | < Pia-y \1 = 2(Pra-1 + Pat1,1) 1= 2(Pri-n + Platis)
. 2 1 1
- i;rl Pt (1 — 2(Pa-1) + Plat1.4]) - Z(Pua—1) + Pis1,) )]
_ 1y ( 1 1 )
—~ Pia-g\1=2P 1= 2(Pua1+ Pat1s)

R ( 1 - 1 >
— Plia-1) Pio)(1=2P) Py (1 = 2(Pui—1) + Pas1s))

1=

~  p; ( 1 1 )
_l’_ _
Z-:Z.;l Pat1g \1=2P 1= 2(Pua1)+ Patis])

N PaPi ( 1 B 1 )
S Pl Poi(1=2P)  Poy(1=2(Pua-1 + Pis1))/ |

Since P = p; +p2+---+p, = 1 and Py ; < 1 in all other cases, the coefficient of

2™ of the second term in each sum will go to zero as n — oo. This leaves us with

a—1 1 a—1 1
EP ~ [2"] Di B PiPa
“ — Pio-1—2P 4 Bia1 Pia(l —2P)
PaPi 1
+
zgi—l P[a+1 7 1-— ZP ot l P[a—i—l,i] P[ayi}(l — ZP)
a—1
PiPa PaPi
; za 1] ZP[ZQ za] z;rlPaJrll] Z;;[PQJF:LZ az]
a—1
PiDa DPaDi
= +
;Pla 1] Zp[zoc IP[Zoc Zgrlp[oc-l—ll Z;rlpa-l—lz az]
a—1
iPza iPa iPai - Pati
= % + Z %
P e o1 FletLi e

_Olzl za _Piltlia—1] Z pzp[a+lz
P P[Za 1]P[Za P[a+1zp[az

Therefore

(18.18)

DI

=1 Z a] i=a+1
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as n — 00, which completes the proof of Theorem 18.2. [ |

18.4 Expectation — all keys distinct

Now we make the substitutions n; = 1 for all i € {1,...,r} which will mean that
we consider the case where equal keys are not allowed. These calculations have
been done previously and we expect an average search cost of

2H,
n

2H, — 3+ (18.19)

(see [36, page 249]). The final term is given as negative in [36], but it is obtained
by dividing
2(n+1)(Hpe1 — 1) — 2n,

(the result of Theorem 5.5 [36, page 247]), by n and adding 1, which produces
a positive third term. The result stated above gives us the average search cost
for finding key « in a binary search tree. Thus we must sum our result over
a=1,...,r and divide by r to get the average. We also note that if all keys are
distinct, the length of the word (n) is the same as the length of the alphabet (r),
as we assume all keys are used exactly once. Thus from (18.16) we have (where
‘d” stands for distinct)

n a—1 1 n 1 1
Ei:;(;a—i+l+i§li—a+l>ﬁ
n a 1 nfaJrll 1
:Z<Zg+ ) g)g
k=2 k=2

a=1

:Z(Ha_1+Hn—a+1_1>1
a=1

77,.

Since

3

Hy=(n+1)H, —n, (18.20)
k=1

from [23], we can continue to get

n

1
d _ _ _ _
Ed = ; (Ho =1+ Hygi1 — 1)~
a=1 a=1 a=1 n
- 1
=((n+V)H, —n+>_ H, —Qn)ﬁ

i=1



1
=((n+1)H,—n+(n+1)H, —n—2n)—
n

2H,

n

4.

=2H, +

Finally note that looking at left-to-right maxima/minima implies that this is the
average search cost less one. Graphically, this means that we were counting
branches and not nodes in the binary search tree. This can easily be remedied

by adding one to the result, which gives us equation (18.19).

18.5 Variance — multiset model

Again we start with the generating function (see equation (18.2))

2T
f(za Uy Ty -y :L‘r) = [Nmax(za u, X[l,afl}) T Nmin(z7 u, X[aJrl,r])}
1—2X
a—1 r
2UX; 2UX; ZT
= 1+ —— 1 . m—
[H ( ’ 1—2X[1i1) N H ( 1 —ZXM)] L==X
=1 ) i=a+1 )
To find the variance we need to find
2 0
Vo= [t xfr]% (z,1,29,...,2.) + [2"a]" - -xfr]%f(z, Lxy,...,x,)
0 2
- <[z”x§“ ---xfr]%f(z,l,xl,...,xr)> . (18.21)

The expected value calculations will give us the second and third terms, so we

concentrate on the first term (i.e., the second moment) which requires us to perform

a second-order derivative. For the time being we ignore the factor ;%% which is
independent of u, and we let
i 2U;
= Npax = 14—,
f @11( +1—ZX[1’Z])
and i
2UT;
= Nmin - 1 T v |
! H ( +1—zX[m)
i=o+1 ?
to write
0? 0?
29 = 5 | ™9 (18:22)
0 0
2— — 18.23
+ 8uf u:lm ou” lu=1 ( )
92
— 18.24
+ 59 mf| (18.24)




Of the above, only the two second-order partial derivatives in (18.22) and (18.24)
have not been already calculated (see (18.4), (18.5), (18.7) and (18.8)). We thus
look at those now (recall that f” = f(log f)” + f'(log f)'):

0? 0?
a o - —Nmax
ou?’ lu=1  Ou? u=
0? a_l( 2ux; )
3u2 H 1— ZX[LZ'] u=1
a—1 «@
2UT 2UT
= 1 : 1 ’
11( +1—2X[1z1) 5’u220g< 1—ZX[14> u=1

a—1 2
1 2T
+ 1 — 22X 01 (; 1— ZX[l,i—l})
a— 2 a—
v Zl <L B . 2z}
T X \(\ &S T %) & T X))

The square of the sum will give us all combinations of terms such as

222,20k
(]_ - ZX[LZ‘,H)(]_ - ZX[kfl]) i

The terms for which ¢ = k£ will be cancelled by the second sum, thus:

0? 0?
a o - —Nmax
ou?” lu=1  Ou? u=1
a—1 2 a—1
1 2T 22x?
C1- ZX[l a—1] ((; 1 - ZX[l,il}) ; (1 - ZX[l,il})2>
1

_, a—1 1— ( Ttk
=1 1 1 ,a—1] X[l,z‘—l])(X[l,a—u - X[l,k—l})<1 - ZX[l,a—l])
T; Tk
(X-1 — Xpe-1) KXo = Xpic) (1 = 2Xpi-1)

Ty

_l_
(Ximy — Xpe-1)(Xpa-y — Xpe-1)(1 = ZX[Lkl]))

a—1 i—1
TiTp ;T
=2 —
Z ; (X[z‘,auX[k,au(l — 2 Xpa-1)  XpimXpia—1(1 — 2Xp-1))

N Ti Tk >
Xikim) X pa—1)(1 — 2 X e-1)) )’
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(decomposed into partial fractions in order to perform the shuffle). Similarly

0? 0?
a o - —Nmin
8u2‘q u=1  Ou? u=1
o L 2ux;
S 14—t
8U2 H ( +1—ZX[ZT]) -1
i=a+1 ’ u=
! UL, ? < 2Ux
= 14+ 7Z> — log <1 + - >
il;_[,_l < 1 - ZX[W"} u=1 au2 i;—l 1 - ZX[Z 7] u=1
o ZUT; 0 — 2UT
— 1 - . log (1 -
o (5 )| e (e 5 )|
i=a+1 ’ i—a+1 u=
B 1 i 2212
11— ZX[oc-‘rl,r} i—ot 1 (]- ZX[Z'-FLT})

2
1 - 2T;
T — o
1- ZX[oHrl,T] (i;—‘rl 1- ZX[iJrl,r})

2
1 : 2T - zQx?
1= 2X (a1 (( 2 1- zX[iH,r}) 2 (1- ZX[z'Hm])z)

i=a+1 i=a+1

r i—1
TiT}
=2
Z Z ((X[aJrl,r] — Xpir1,1) (Xiar1,7 — Xpegr,) (1 = 2X[as1,0)

i=a+1 k=a+1
+ Ll
(X[an"] - X[i+1,r})(X[a+1,r] - X[i+1,r])(1 — zX[iHﬂ)
_ T;iTy >
(Xt = X 1,1) (KXot 1.0 — Xper1,) (1 = 2 Xog1.0])
=9 - — ( LTk
i=a+1k=a+1 X[QHJ}X{MLMG - 2X[a+1,r])
+ Z;Ty

X[k+1,i}X[a+1,z'](1 - ZX[Z'Jrl,’r‘])

B Ti T )
X1, Xjar1.0 (1 — 2Xpg107) )

Now that the second derivatives have been found, we can proceed to the shuffle
products and the Laplace transforms. First, equation (18.22) is a shuffle product

between the ordinary generating functions

ou?” lu=1 Xia-11Xa-11(1 = 2 X1 0-1)  Xpim)Xfia—1(1 = 2X7,-17)

i=1 k=1

N Ti T )
X1 Xpa-1)(1 — 2 X1 51y) )

and
1

g u=1 - 1— ZX[aJrl,r] .
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These transform to the exponential generating functions

a—1 i—1
2) ( Lilk e*Xla—1] _ Lilk e#X[1,i-1]
— \ Xfi,a- 1) X[k,a-1] Xkyi—1)X[5,a-1]

i=1

Tl X
+ e’ [Lk—l]) ,
]

and

€ZX[04+1,7"]

respectively. Now an ordinary product suffices, and we have

a—1 1—1
) E E ( Lilk e*Xta—1+X[ar1r]) _ Lilk e*(Xi-1+Xlat1.r])
— Xii,a—1) X k,a—1] Xk i—11 X [i,a—1]

LTk Z(X[17k_1]+X[a+1,r])
-+ (& )
Xk,i—1) X [k,a—1]

which is transformed back to the ordinary generating function

a—1 1—

1
;T
33 (3
; — Xiio-1Xka-11(1 = 2(Xpa-1] + Xjat1,4)))

Ty
Xyi—1)X[i,a—1) (1 — 2(Xpi-n + X[a+1,r}))

N Ti T )
X[k,z‘—l]X[k,a—l](l — 2(Xppe1) + Xjat141)) /-

For the equation (18.24) it is a similar process, and we have a shuffle product

between ordinary generating functions

o Ly — iy
D MO M Co

i=a+1 k=a+1 at1,]X [a+1,k](1 —zX [a+1,r})
LTk
X1, X a1, (1 = 2Xig1,)

_l_

B TiTy )
X1, Xjar1.0 (1 — 2Xpg107) )

and
1

- ZX[l,afl} .
Making use of the Laplace transform we can write these first as exponential gen-

erating functions

T
2 § : § : ( Lily eZX[a-l»l,r]_'_ Lilk eZX[i+1,r]

i—a+1k=a+1 X[a+1 i) [a+1,k] X[k+17Z}X[a+17Z]

. LT} eZX[IH-l,r])
bl
Xt 1,0 X [at1,k]
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and
zX _
e~ La—1] ,

and then multiply them to get

r i—1
9 ( T Tk ez(X[a+l,r]+X[1,a_1])_'_ T Tk eZ(X[i+1,r]+X[1,a—1])
2 2 X

S5 \ X e X e g Xipt1,0 X[a+1,
B T ez(X[k+l,r]+X[l,a—1])) )
Xt 1,0 X [a+1,4]

This can be written back in ordinary generating function form as

T i—1
i
2
i;}—l k%l (X[aJrl,z']X[aJrl,k](l — 2(Xjag10 + Xja-1)))

XLy

_l_
Xt 1,0 X ot 1,0 (1 = 2( X1, + Xpam1)))

X1, X o101 = 2(Xpps1,0 + Xpiam1)))
Lastly, for equation (18.23)

0 0
9.7 il
8u‘]i u=1 - ou” lu=1
5 1 i 2T 1 i 2T
= I
_1 - ZX[l,afl} i1 1- ZX[l,zel] - 2X[a+1,r] et 1 1- ZX[Z'Jrl,r]
_9 _azl ( €Z; 1 _ Z; 1 )
= X[i,afl] 1 - ZX[l,afl] X[i,afl] 1 - zX[l,ifl}
- ! 1 i 1
S \Xatrg L= 2X(as1r) Xatrg 1= 2 X[y
which transforms to
a—1
T T
2 i er[La—l] _ 71er[1,2-_1])
¢Z1 (X[z',au Xii,a—1]
. Z ( xj eZX[a+1’T] _ xj eZX[j+1’T])
j=a+1 X[Oé-i-l:j] X[Oé'i‘l:j]
a—1 r
—9 ( vy e*Xa-1+Xat1,0) _ ) e*(Xa—1+X[j41.07)
ZZU;H Xii,a—11X[a+1,4] Xii,a— 11 X[a+1,j]
_ Lilj (X -1+ X[at1,7) + Lid; ez(X[l,i—1]+X[j+l,r])) ’
Xii,a—11X[a+1,j] Xii,a—11X[a+1,4]

and transforms back to

a—1 T
7,7
2 v
2.2 (X[i,al]X[aJrl,j](l — 2(Xpa-1 + Xjat14]))

i=1 j=o+1
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X

Xiia 1) Xar15) (1 = 2( X1 + Xpji1))

Xl

Xii,a—1)1X[a+1,j] (1 - Z(X[l,z‘—l] + X[a+1,r}))

+ X .I'] >
Xiiae1)Xjar1.7 (1 = 2(Ximy) + Xpj4109)) /-

We have now looked at all three terms in the shuffle product which give us every-

2Tq

1—2X
means that we must decompose once again into partial fractions in order to find

thing for the cost function except the factor which we include below. This

the coefficient of z". We get:

82
w (Z,l,l'l,...,l'r)
a—1 i1—1
.y 2T 0T Tk
— (X[zoc 11X ka-1)(1 = 2X)(1 = 2(Xpa1) + Xja41,0))
2T Tilh

a X[k,ifl}X[i,afl](l —2X)(1 - Z(X[l,zel] + X[a+1,r]))

N 2T Tk
Xiki—1) X kya—1)(1 — 2X) (1 — 2( X k1) + X[a41.7))

2T0TiT)
+2
Z Z < [a+1 i a+1,k}(1 - ZX)(]- - Z(X[aJrl,r} + X[l,afl]))

i=a+1 k=a+1

ZXQTi Tk

_|._
X 1,0 Xat1,0 (1 = 2X) (1 = 2( Xy, + Xpa-11)

B 2T Ti Tk
Xt 1,0 X ot 1,5 (1 = 2X)(1 = 2(Xppga10 + Xpa-1])

R QLT 5
+2 o
Z Z ( [i,o0— 1]Xa+1 j}(l - ZX)(l - Z(X[l,oc—l} + X[Oé-l-lﬂ))

i=1 j=a+1

2T XiT;

Xiia—11Xfat1,5)(1 = 2X) (1 = 2(Xpa-1) + X[g1,)
ZX QXX

X[i,a—l]X[a—i—l,j}(l —2X)(1 - Z(X[l,z‘—l] + X[a+1,r]))

N 2T T
Xiia—11Xat1,5(1 = 2X) (1 — 2( Xm0 + Xpj5100))

B 2 a—1 1—1 LoZiTh
— 0\ Xjia-11X[ka-1)(X = (X,a-1) + Xfas1,7)) (1 — 2X)
N Lo iTp
Xiia-11Xka-11(Xpac1) + Xpar1.) — X)(1 = 2(Xpa-1] + Xjat1,7))
Lo T,
X[k,ifl}X[i,afl](X - (X[l,zel] + X[a+1,r}))(1 —2X)
ToTilh

Xieim11Xi,a-11 (X im1) + Xjag1,) — X)(1 = 2( X1 + Xjag1,0))
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Lo lilk

_l_
Xieim 1) X ka1 (X = (Xpp—1) + Xjag1,)) (1 = 2X)
N Lo Til):
(X[k; ¢—1]X[k; a—1) (X1 e—1 + Xjag1,1) — X)(1 = 2( X1 k-1 + Xjat1,1))

2y S -
X[oc-‘,—l 7 X[oc-‘,—l k](X - (X[oc-‘,-l,r} + X[l,a—l}))(l - ZX))

i=a+1 k=a+1
N Lo i T,
Xiat 1,0 X o146 (Xjag10] + Xa-11) = X)(1 = 2(Xjas1.0] + X(1,0-1)))
n ToTiTy
Xt 1,0 X ot 1, (X = (Xfig1, + Xpa—1))) (1 = 2X)
N Lo i T,
KXot 1,0 X ot 1,0 (Xfig1, + Xa-1)) = X)(1 = 2(Xig1,1 + X1,0-1)))
Lo TiT)
X 1,0 Xjag 1,6 (X = (Xpt1,) + Xpa-17)) (1 — 2X)
TaliTk
Xkt 1, X ot L] (X1 + Xi1,a—17) — X)(1 = 2(Xpg10] + X(1,0-1)))
a—1 r
Lo
+ 2 i
; j:az;l <X[i,a1}X[a+1,ﬂ (X = (Xpa-1) + Xar1,)) (1 = 2X)
I Lol
Xiia-11X (041, (X021 + Xjag10]) = X)(1 = 2(Xpa-1) + Xjag14])
B Loyl
Xiia-11X[a11,(X = (Xp a1 + Xpjr1n)) (1 — 2X)
B Lol
Xiia-11X (a1, (X a1 + Xps10) — X)(1 = 2(Xpa-1) + Xjj1,))
B Lol
Xiia-11X[a41,j](X = (Xpic) + Xjag1,17)) (1 = 2X)
B Lalily
Xiia-1)X[a41,j) (X1-1) + Xjag10]) — X)L = 2(Xpimq) + Xjat1.0))
i Lalidy
Xiia-11X[a41,7)(X = (Xpimq) + X)) (1 = 2X)
i Lalily
Xiia-11X (o415 (X1-1) + Xpg1n) — X)(1 = 2(Xpio + Xjj1,))
a—1 i—1
— <X[i,a1}X[k,a1}(1 —zX)
TiTy
Xiia-11Xa-11(1 = 2(Xp,a-1] + Xjat1.0))
Lo TiT)
X[k,i—l}X[i,a—uX[z‘,a}(l —zX)
N Lo i T,
Xii-11X[i,0-11Xi,0) (1 = 2(X1,-1) + Xjag1,))
X Laqlill

Xiim11 X kya—1] X[, (1 — 2X)
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Lo Til):
(Xi—11 X, a— 11 X [kya) (1 = 2( X1 k-1 + Xjag1,7))

;T
+ 2
Z Z (X[aJrlzX[aJrlk](]-_ZX))

i=a+1 k=a+1

Ll
Xiat1,i Xjat 1,6 (1 = 2(Xjas1) + X[1.0-1)))
N Lo Ty
X 1,0 X at 1, Xa,i) (1 = 2X)
Lo TiL)

KXot 1,0 X ot 1,0 Xai) (1 = 2(Xfigs 1,1 + X[1,0-11))

ToTiTy,
KXot 1,0 X ot 1,5 X[ak) (1 — 2X)

Lo L)
X[k-i—l i1 X ot 1,6 X[ak] (1 — 2(Xppg10] + X(1,0-1]))

a—1 r
XT; X5
+2 —
;j:azﬂ <X[Zua 1 X[at1,4(1 — 2X)
o Tl
Xipo-1X[at1,5(1 = 2(Xp0-1] + X[at1.7))
B Lol
Xiia—1)X[a+1,7X[a,) (1 — 2X)
+ Lol
Xiia—1)X[a+1,1X[a) (1 = 2(X[1,0-1) + X[jt1,1))
B Lol
Xiia-11X[a+1,j1X[i,0] (1 — 2X)
+ Lol
X[i,afl}X[aJrl,j]X[i,a](l - Z(X[l,ifl} + X[a+1,r}))
+ Lalidy

X[i,afl}X[aJrl,j]X[i,j](l —2X)

B Lo TiT;
Xiio-11X(a+1, X (1 = 2(Xpiy + X)) )

We can write the coefficient of 2™ explicitly as

82
[Zn]@f(z, Lxy,...,x,)
a—1 1—1 ‘ A
=7 ZZ1 ; (X[i,a—xl;?[k,a—l} X X[iva_:i;i?[k,a—l] (X11,0-1) + Xjas1,0)"
R f;?j k”X [0 Uy [k,z'f;ifku)( .ol (Ko + Xjocr10)"
: X “f;;i:k”X [k.0] Yo [k,mf’?;fku)( ko] Xy + X [aﬂm})”)
i @;1 k;ﬂ < [a+1xz xkourl,k] X X[aJri;g)E(]f[aJrl,k] (Xjas1,1 + Xpam1))”
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Lo TiTk Lalilk

X X1 X Yox 1,0 X 0+ 1,0 X (Kierr + Xpoon)®
a=1r
o ;J':;rl (X[ivo‘aigg[aﬂd] e X[i,aijig[aﬂ,ﬂ (Kot + Xjarr)"
 Xjio i;ijijj])([aﬂ Xt X[mf;;fij])([a’ﬂ (Xamy + Xjgrm)"
B X[mf)(z'gi]’ﬂ)([i,a] X"+ X[mf;gfiﬂ)([i’a] (X11,i-1) + Xjag1,)"
X [mf;‘(iﬁﬂ)( .1 YUX [z‘,aj;(g[:cff,j]X . K + X[Hl’ﬂ)n) '

Now the coefficient of x7" - -2 needs to be found. The process is exactly the

same as for the expectation (refer to the way (18.12) and (18.13) were dealt with),
hence (see equation (18.21))

0
Vol = [2"alt - xfr]% (z,1,z9,...,x.) + [2"a]t - -xfr]%f(z, Lxy,...,z,)
n_ni . a 1 2
- <[Z Ty €z, ]%f(za y L1, 7xr)>
a—1 1—1
n;ny NaMiNyg NaN;Ng
— ; (N[i,al]N[k,al] Nig,i-11NVji,a—11 Vi 0] N[k,iuN[k,auN[k,a])
T 1—1
n;ny N NN N NN
+2 + -
z';rm;q (N[aJrlz’]N[aJrl,k] N1, Nia+1,i Vo] N[kJrl,i}N[aJrl,k}N[a,k])
nin; N NN
49 J albillg
;];1 < za 1]Na+1 7 N[Z',thl}N[OkFl,j}N[a,j}
- NaNin; 4 NN
Niia—1)Na+1,1 Vi) Niisa—1)Njar1,51 Vi g1
a—1 r
n; n;
_'_
= Niiel zza;l N
a—1 2 a—1 r r 2
_ ZNM _QZNW Z N Z o) (18.25)
1=1 [¢.0] 1=1 [¢.0] i=a+1 [ovd] i=a+1 [od]

This is an explicit form of the variance for the cost of finding an arbitrary key « in
a binary search tree without equal keys formed from a sequence with equal keys.

The proof of Theorem 18.3 is thus complete. |
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18.6 Variance — probability model

We have (from equations (18.2) and (18.17))

a—1 "
ZUT; 2UL 2L
o 14+ — 27 Vg I I 1+—2— ’ -
flz,u 21, ... x,) = [H ( T ZX[LZ'}) et ( 1— ZX[j,r})] 1—2zX

i=1

_ E wi,,a(w \w|1 \w|2 w
— Z‘ |u( )xl :L-2 ...x'r ‘T,

wEA*

where A ={1,...,r} etc. as before. For the variance, we need

2
Vg = [zn]%f(zauapla <. 7p1")

0
- <[2n]%f(zﬂuapla ce 7p7“)

0
-+ [Zn]%f(z7 u,pP1y--- 7p7“) 1

) 1>2, (18.26)

u=1

where p; is the probability of letter ¢ appearing in the sequence. Now, for P = P} 1,
62
[ ]a 2 (2717p17"'7pr)
a—1 1—1 pp pp
=2) < i (P + Payin)"
~ — \ Plia-11Pk,a-1) Pia—1Plk,a—1)
PaPiPk PaPiPk
- P" + P i— + Pa T "
Pe,i—1)Fli,a—1Flia) P[k,z'—llp[z,a—llpw,a]( 160+ Plavr.)
PaPiPk PaPiPk
+ P" — P k—1] T Pa r "
Phe,i—1) Plie,a—1] Pl P[k,z—up[k,a—up[k,al( b1+ Pavin) )
PiPk DiPk
+2 - P"— —————(Poy1 + Pro-1)"
121 k%l <P[a+1 i Plat1.x) Pioy1,i Pas1 1]
PaPiPk PaPiPk
+ P — (Plit10] + Pra-1)"
Prot1,i Plas1,i Playi Priot1,iPlas1,i Play
PaPiPk PaPiPk
- P" + Pk; r + P a— "
Pret1,i Pla1,1) Plask] P[k+1,i]P[a+1,k]P[a,k}( Vo] 1a-1) )
Dip; n pip;j n
+ 2 P" — (Pl,afl + PaJrl,r)
;];1 ( Plio11Plact1, Plio11Plact 1, | | | |
PaPipj n PaPipj n
B P _'_ (P[lvafl] + P[+17T]>
P a—11Pa+1,51Pla) P a—11Pa+1,51Play) ’
PaPiPj n PapPiPy n
- P+ (P,i-1) + Pla+1,4))
Pia—11Pa+1,41Plial P a—11Pat1,51 il
Palil;j n PaPiPj n
+ P — (P,i—1) + Pj)"™ |-
P a—11Fa+1,51Pli g P a-11Pla+1,51 Pl j) !

Now recall that P = P;,) = 1, and that P;;; < 1 for all other allowable values of

1 and 7. Thus, every second term above can be written in the form b - a™ where
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a < 1, and b is independent of n. These terms will consequently not contribute

when taking the limit as n — oco. Then

" f (2,1, p1, Dy
[2 ]au f( <, L1, P1, ap)
a—1 i—1
PiDk PaPiPk PaPiPk
~ 2 — +
z;,; (P[z,aup[k,au Plei-1Hia-11Hial P{k,z'up[k,aup[k,a1>

i—1
+2 Z < p‘zpk + ?apzpk‘ - — ‘papzpk >

5 \Pernia oy PerngPorii o Prrri Lot Pas

+2°§i( TR F

Pia-1Pa+15]  Pia—11Pa+1,51 )

. PaPiPj + PaPiPj
Pia-11Pat1,j1Pia)  Plia—11a+1,51 i)

For the full variance expression, substituting (18.18) into (18.26) gives

P[z',a WPke—11  PricBioa-1ia)  Pri-118ka-11k,q)

o Z Z ( L Y PopiPs )

i=a+1 k=a+1 Pos1igPlatir)  PrtriPastiPai) Pt Plat 1,k Plak)

+20‘Z_1 i < bipj . PaPiD;j

a—1 1—1
Vg ~ 9 < DiPk . PaPliPk + PaPiPk >

Pia-1Pa+15]  Plia—11Pa+1,5 )

=1 j=a+1
. PaPiPj + PaPiP;
Pio-1Pov1j Pl Pia—1Pas1,5 5,
a—1 T
Di Di
ey
i=1 Plia) i—a+1 Plaji
a-1 2 - - 2
Di Di
_ ) 18.27
(Zp[zoc}> Z za] Paz (Z P[az]) ( )
i=1 ’ =1 Hi=a+1 i=at1 )
Theorem 18.4 is thus proved. [ ]

18.7 Variance — all keys distinct

We now insist that only one of each letter occurs (i.e., n; =1, Vi=1,...,r) and
then compare to the result for the case where there are no equal keys. In [36, page

249], this variance is given as asymptotic to 2H,,. We have (where ‘d’ stands for
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distinct)

1
' (i—k)(a—k)(a—k+1)> (18.28)

1
+22 Z (2—04 ) =Rl —a)i—a+tD

i=a+1 k=a+1

(i—k)(k—a)(k;—aﬂ))

_ (.Z m> . (18.32)

We would like to write this more simply, and for that we use harmonic numbers.
From [12, page 280], we have that

1 1
— = _(H? H(
2 i = g+ 7).
1<j<k<n
where H, := > 1, and Hy @ Z &, This is because the left-hand side of

k=1
the equation represents all possible comblnatlons of products in the denominator

of the numbers 1,...,n, each product appearing exactly once. As for the right-
hand side, squaring a harmonic number will also give such products, but the terms
where j # k appear twice. For this reason, we must add the second-order harmonic
number (representing the terms where j = k). Thus we have every term appearing
exactly twice and the factor of a half reduces this to what we want. By a similar

explanation we can express

Yo o= %(HEL ~ HP), (18.33)

1<j<k<n
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which is the same idea but without the terms where 5 = k. The strict inequality
on the left-hand side of the equation balances the negative sign on the right-hand
side. In this case we subtract the second-order harmonic number, which gets rid
of the terms where j = k in H? (each appears once). This leaves us with all the

terms where j # k, but each term appears twice, hence the factor of a half.

We use (18.33) to simplify the first line of the variance in the distinct case. We
can rewrite (18.28) as

LNy 1 - 1
(a—i)(a—k) (i—k)(a—i(a—i+1)

i=1 k=1

1
* (z’—k:)(a—k:)(a—k+1)>

1
=2
i (a—it+1)(a—k+1)
1
2§J<l§a‘7

This represents all terms of the form ; where j and [ run from 2 to «, and j # [.
Each term will appear twice. Usmg the same idea as in [12], we can think of
this as the square of the harmonic number H,, without the 1. Again we have
a correction factor and this time we want to exclude terms where j = [, so we
subtract the second-order harmonic number. The factor of two in the second-last

line is cancelled with the factor of a half introduced after squaring H,,.

The expression (18.29) can be written as:

: 1
2D Z <z—a ) TG RG—ai—at])

i=a+1 k=a+1

1
_(i—k)(k—a)(k—aJrl))
—22 Z (i —a+ 1)( k—a+1)

i=a+1 k=«

(B 1P (1)

Again, choosing a few values shows that the second-last line depicts twice all non-
equal combinations from 2 to » — a + 1, as is shown in the last line by squaring
the harmonic number less one, and removing those terms we do not want which

are where the factor is repeated.
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Merging the terms and applying a partial fraction decomposition to (18.30), pro-

duces

1
22 Z (a—z (i—a) (a=i)(j—a)j-atl)

=1 j=a+1

1 1
- <a—z’><j—cv><a—z’+1>*(a—i)(j—cx><j—i+1>>

1 1
= ZZE(Hr—a—I—k — Hy) +2 E(Hk-i-a—l — Hy)
r—(a—1) @ r—(a—1)

1 1 1 1
k=2 k=2 k=2 k=2

To deal with this, we refer to two identities: In [12, page 280] we find the identity

1
Z ka = 5 (H2 + HP), (18.35)

and the reciprocity law in Lemma 2 in [19, page 116], namely

J n+l—j

Hyygj Hjgr 1, , @y | L )
>t A HT) S (i HEL)
k=1 k=1

1
+HHypj+
T i+ 1)
n—+1

v (H —H:—H. .\
1=y e = ),

takes care of the other two terms. Replacing n and j by r and « respectively;

subtracting the relevant £ = 1 term and multiplying everything by 2 simplifies
(18.34) (and thus (18.30)) to

r—(a—1) rf(afl)l

22;{; Hy ot +2 Z ka+a 1— Z%Hk_Q EHk;
P o

1 1
=2 |:§ <chz + H0(12)> 9 (HT?Jrl « + Hr+1 a)
1

HaHr —a 1 N
* ot alr+1—a)

n r+1 (
alr+1—a)

1/, 1
_olL @\ _ 1| _ 9| (f2 @) _
2 {2 <Ha + H¢ ) 1} 2 [2 (HT,( yHHD 1)> 1}
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1
- Hgt + Htth) + Hf—i—l—a + H;—zl—)l—a + ZHQHrJrl—a + 2

Y ——
r+1
2————(H, — Hy — Hyy1-0) — 2H,_ o1 — 2H,
+ 04(7“—1—1—04)( +1-a) i
=2HHy 1o —2H,_op1 —2H, +4+ 2m
r+1
—(H, — Hy, — Hy41_4).
alr+1—«a) ( +1-a)

The expectation (18.31) and negative expectation squared (18.32) are easier. We
get

1 1
—~ (a—i+1) j;rl (j—a+1)
a 1 T—oz-‘,—ll
= -+ -
i—2 ! =
=H,—-1 _'_HrfaJrl - 17
and
a—1 2 a—1 r T 2
1 1 1 ( 1 >
(Ee=m) L= 2 g0 (2,577
a 1)2 « 1r—a+11 (T—a+11)2
(T et (S
(i2l i—2 ' =2 i—2
= _(Ha - 1)2 - Q(Ha - )(Hr—a-i-l - 1) - (Hr—a—i—l - 1)27
respectively.
We can put all of these results together to get:
Ve = (H,—1)° = (H® —1)
2
e (Hy = 1) = (B 1)
2H,H,,1 o —2H, 1 —2H, +44+2————
+ +1 +1 +4+ ot 1—a)
r+1
22— Hr_Ha_Hr -«
- a(r+1—a)( +1-a)

+Hy =1+ Hp g1 —1

— (Ho = 1)* = 2(Ho = 1)(Hy—as1 = 1) = (Hy—ap1 — 1)°
=H2-2H,+1-H® +1

+ HY 1 = 2Hr 0+ 1= HZ 41
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OH. H, oy o—2H, ooy —2H, +4 42— —
+ +1 +1 +4+ o+ 1—a)

r—+1
m (Hr - H, — HrJrlfa)

+ Hoc + Hr—a—l—l —2
—~ H?>+2H, —1—2H,H, o1 +2H,+2H, o1 —2
—H?  +2H, 41— 1

2
S I N
2(r+1)
B HT’ - Ha - HT —x )
oc(?“+1—04)( vi-a)

Recall that from [36, page 249], the variance on average should grow like 2H, as
r — oo (recall » = n for the distinct case). To get the average variance, we sum
on « and divide by r. Note the symmetry between o and r» — o + 1 which aids
simplification.

r

D S

a=1

2
alr+1—a)
2(r+1)
a(r+1—a)

2 2 2
=247 2 Ham D) HO S ;Z e

(HT - Hoc - Hr+1—a):|

2(r + 1) « 1
+ , ZO[(T—Oé—I—l)(HT_Ha_HT—H_a).

a=1

We now need (see [12, 23])

3

Hy,=(n+1)H, —n,
k=1

HY = (n+1)H® - H,,

k=1
and
- 1 2)
Zn—k’—i—lH H72L+1 H. '},
k=1

as well as equation (18.35). Also, we note that by partial fractions:

11 (1, 1
alr—a+1) r+l1\a r—a+1)’

Thus we can write

S tvicot 2+ nm, - - 2+ 0HP - 1)
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2 /1 1
_l_i — N
r(r+1)z(a+r—&+1)

a=1
2 (1 1
+-;:2§; (2; +_;T:-CY—F-1) (EL‘_']yﬁ _']¥}+17a)

2 2 2 2
=2+ -(r+1)H, —=r—=(r+1)H® + ZH,
r T r T

T T

2 1 2 1
+r(r+1)zla+r(r+1)zr—a+1

a= a=1
21 2w 1 2w 1
NP DD DD DR

2 — 1 2 — 1
- _—H, — - —H,
+r;r—a+1 r;r—a+1

2 o 1
- 7HT’ —Q
T;T—Oé—l—l i

2 2 2 2
—2+4+2H,+-H,—2—--HPr - -gY + ~H,
T T T T
2 2
H, H,
+T(T’+1) +7’(7“—%1)
2 1 2 1
“H?— ~(H?+ H® o
+r " r( r T) T;r—a—kl
2 2 @
+ ;Hf - ;(Hfﬂ H,7))
- (2 + H?)
4 4
= {2 + H, —(2+-)|H®
roor(r+1) r
2 4 4 9
+ ;Hf ;Hr2+1 + M5

As r — o0, the dominant term is the expected 2H,. We can use the asymptotics
H, ~ logn and HY ~ %2 from [36] to see this. This expression thus grows like

the logarithmic function, and a plot on Mathematica confirms this:

Aweragevariance

Moo o

Figure 18.3: Plot of the average variance.
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Chapter 19
Conclusion

This third and final part of the thesis was concerned with sequences drawn from
finite alphabets. If the number of times each letter appeared in the sequence was
known, then an exact formula was obtained in terms of these values which make
up a multiset. If, however, this was not known and instead a sequence was formed
from an alphabet with fixed probabilities attached to each letter, then approximate
results were obtained (which become more accurate as the length of the sequence

increases).

The average depth of a certain key or node was obtained, by first examining the
left-going depth of the smallest letter in a sequence and then examining the right-
going depth of the largest letter in a sequence. Then these ideas were merged to

get an average depth of

a—1
m-Seey
=1 Z o] i=a+1 Na Z]
using the multiset model, and
a—1 D
e T2y 2
i1 z ,a] P Ji

as n — 0o, with the probability model.

For each of the three parameters, the results for the two different models were
found to be the same asymptotically as the length of the word went to infinity, as

explained in Section 16.3.
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Appendix
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Appendix A

Fourier series for distinct values

The Fourier series (3.19) we want to simplify can be written as oy (z) = Y ape®

k#0
where
2 v(=xw) +7 1
on = 20(-) [P 0] - 5 3 ()
J#0,#k
with g(z) = =3 (7) Qzl,l- We consult [32] to do this, and start by using the
i>1
formula T'(—z +1)(=1)! = (z — [+ 1) - -+ (x — 1)z['(—x) to rewrite
_ (=)' = xx)
>1
so that we have
2 P=xe) 17 2~ DT =x) 1
A e R D e I D

We now consider the function [17]

F(z)=1L
(Z) eLZ _ 1 )
with integral
1 %-l—ioo
Il - 2—7T’1, e F(Z)dz

2

This function is chosen because of the residues produced when the contour of
integration is shifted. We evaluate this integral twice, by shifting the contour first
left and then right. We start by shifting the line left to R(z) = —%. Simple poles
occur at z = —x; for all j € Z\{0}, with a double pole at z = 0.

Res(F,0) = —T'(—xx) — §F<_Xk) — I'(—=xx)¥(=xx),
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Res(F, —xx) = —I'(—xx)¥(—xx) + gT(—Xk) — T (=xx),

RGS(F, _Xj) = F(_Xk>r(_Xk + Xj)7 vj 7& 07 7& k.

Thus
1 —l-l-ioo
h=o— F(2)dz — 20 (=xi) (v + (=xe) + Y T(=xu)T(=xk + X5),
2 —i00 j#0,#k
and we use eLz%l =-1- e*le—l and a change of variable z := z + x; to get
21y = —LI — 2T (=x&) (v + ¥(—xx)) + D T(=xw)T(=xk + x5), (1.1)

J#0,#k
where I, is an integral of Mellin-Barnes type [40, page 286f1]

1 —l+ioo 1 —l-i-ioo
I, = 9 D) (=xx — 2)dz = o | [(z — xx)(—2)d=.

—100 —100

To evaluate I, we shift the contour line to the right to get negative residues. The

poles we consider are at z = an a simple pole with residue —I'(—yj) and at
z = 1,1 € Ny, with residues ) ( I'(l — xg)- So
1>0
IQ = — F(l - Xk:)
1>0
Xk
— T(— (—
01w S ()

— F(_Xk> <e2m'klogQ2 o 1)

On the other hand, if we write I; = =& [2 3+ioo LEExer20(=2) 10 and shift the

2mi J L —ioo elz—1

contour of integration to the right, we collect the negative residues at [ = 1,2, 3, ...

as

l_
LZ l'Ql - 1“). (1.2)
>1

Since we now have two expressions for /1, which must be equal, we can combine

(1.1) and (1.2), and cancel all terms except I, leaving us with

1 . .
l‘) _ _E ZF<_Xk) <e2mklogQ2 o 1)€2mk1 — 5E(x + ]OgQ 2) — (SE(x),
k40

which, for @ = 2, is dg(x + 1) — dg(x), which is zero since dg(z) has period 1 [32].
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Appendix B

Mellin transforms for d fixed

Below are the Mellin transform equivalents for the (weak, strict) and (weak, weak)
cases for the maximum when d is fixed. The previous calculations made use of
Rice’s method. Here the same results are obtained using the Mellin transform, as
discussed in Chapters 12 and 13 which deal with d = an and d = an”. The initial
manipulations remain the same, until the coefficient of the generating functions is

sought.

B.1 The (weak, strict) case.

As discussed above, we keep the same generating function and begin after the

coefficient of 2" has been found (see equation(8.8)).

d—
[ _ ZZ 1 — (] z+n dqu; (1 N qk)d—l—i

k>1 i=0
d—1 i
e 1— gt !
=) (=gt (1 - ") (1 )
k>1 i=0 -4
This geometric series on ¢ can be simplified as:
d
) gF1
ORIl
=\ 1- ¢* 1- (Ti?)
I e S A 1-¢*
(1—g")? 1—¢* = (1—¢*")




Since p = 1 — ¢, we have the following cancellations
n w,s —1\n— — — (]- B qk)d B (1 B qk_l)d
e e e e (T 1

By defining the function f(x) =) (eqkfldp— 1), we can now use the Mellin
k>1
transform. The Mellin transform of this function exists in the fundamental strip

(0, 00), and can be found using the ‘linearity’” and ‘scaling’ rules in [11, page 576].
f*(S) _ Z (eqkfldp _ 1)(qk—1>fsr(s>.
k>1
In order to sum on k, we must expand the exponent as a series, which will bring
all k’s into the first level power. Then the j = 0 term of the new sum is one, so

that our expression simplifies and we can sum on k as a geometric series.

ﬁ®=2<2@iM~QMUT@

|
k>1 j>0 J:

k; 1d
SR gy
k>1 521

( ldp s Z ]k
=> q
§>1 J! E>1
fld Jj—s
= Z Py’ q¢°’T s)qi., for j > s
1—qgi—s
j>1
(dp)j 1
= q F(S) 1— s
=1 ) 4

The convergence of the series restricts the strip in which f*(s) exists. The new

strip will be (0,00) N (—o0,7) = (0,7). We must thus pick an z-value between

0 and j, and since 7 < 1, we choose the value % This means we can define our

inverse transform as

f(z) = % Z (d]?)] /F(s)%xsds.

u -
> 1=4q

(3
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For z large (recall x = n, and we are interested in words of length n), we move the
contour right and collect negative residues. Possible poles in this integrand occur

at s = 0,—1,-2,... (from I'(s)) and at j —s = 0 and j — s = x3, k # 0 (from

1
1—qi—s

1 — s = xi. The first of these gives the dominant term and the others give the

). Moving right from =, the first poles we encounter are at s = j = 1 and

fluctuations (which we called §(n) in equation (7.5)). For the dominant term we
expand around s = 1, replacing j with 1:
1 1 1 1
1—gls  1-—el-9lsa  1— (14 (1—s)logq) - (s —1)logq’

and thus the negative residue is

1

(s —1) 1]dpr(1)m$ '

= —dpLx !
log q

__dp
~ zlogQ

dp

Ea

as before. For the fluctuating terms, we let € := —1 + s 4+ x; and expand around

(or evaluate at) € = 0.
I(s)=T(1—xx+¢e)=T01—xx),
I 1 1 1
l—qgl=s 1—q=tx 1—¢g= 1—(1l—-clogq) eclogq’

and
r78 =g = et

So for the fluctuations, we have

S (= P = ) o) = S ST = e

k#0 k;;éo
ZF 1 — xp)eXk logz
ZL‘L v
Y !
_ F(l o Xk;)e2km 0gQ T
xL v

Finally, replacing x by n, we can confirm the same result as when Rice’s method
was used, namely that the probability that the maximum in a word occurs in the

first d position in the (weak,strict) case is

dp L dp dp ZF(l ~ yp)etkmitosgn — d(l_iLQ_l)(l +4(n)),

n

where 6(z) = Y T(1 — xp)e**™°8e a5 in (7.5).
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B.2 The (weak, weak) case.

Again we start by taking the coefficient of 2" in the relevant generating function.
This time, we take line (8.18) from the original version, which has already had

some simplifications done, to give

d—1
EE () = D03 (1= ¢ ipgt T (1 = gy
k>1 =0
d—1 i
1 — qk;—l
o k—1 _ kyn—1
= pg" (1= (1_qk)

k71>d

_ L= =(1—¢
— k—1 1— k\n 1( b
qu (1—=¢") (1— gF)d1gh1p (as above)

_ Z(l _ qk)n—d((l B qk)d . (1 B qk:—l)d)

k>1

=> (=g = (1= — g+
k>1

~ Z o0 _ p=d(n—d) " "d
k>1

— Z e n _ —d*ntdtd—g1d
k>1

_ Z e—qkn(l _ e—(l—Q)q’“*ld)
k>1

= Z e’qk"(l — e’qufld).
k>1

Now let f(z):= 3 e ¢" (1- e’qu_ld), and our transform will exist in the funda-
k>1
mental strip (0, 00). We have

Fis) = (1—e ) (") T (s),

k>1

and again expand the exponential to get

k=1 7)J
sy =30 (1= S LAYy ey ep

|
k>1 7>0 J:
—pg~1d)I ,
_ _Z ( Pq.' ) P(S)qu(J—s)
j>1 J: E>1
—pa~td)? j—s
:_Z( p(;' )F<S>1qu—s’ for s < j
i>1 ' B
—pd J . 1
=-y ( - ) ¢ T(s) 77—
SR 1—q
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Once again the s < j restriction means that our new strip is (0, j), so our inverse

transform becomes

f(z) = 2_—7:& Z (_Pd)] /q_SF(s)l_;qj_sx_sds.

!
=g

As in the case above, the pole at s = j = 1 gives the dominant term in the result,

with
1 1

1—¢= " (s—1)logq’
in the negative residue (let j = 1)

_ _ 1 _
—[(s =)™ = (=pd)q 1F(1)mx !
— _pdq 1 1 x*l

log g
__pd
"~ ngqlogQ
_(@—-1)d
N nlL

For the fluctuations, we look at the poles at 1 — s = xy, for £ # 0. At this stage,

we define £ := x; + s — 1, and expand around (or evaluate at) ¢ = 0.

—-s __  Xk—1l—e __ _xp—1
q =4 =dq )

I(s)=T(e—xr+1)=T01 — xx),
1 B 1 B 1 1 1
1 _ ql—s o 1 _ qu—a

l—gq—= 1- (1 —clogq) - elogq’
and
xf = XTI = ]

This means that the negative residues from the non-dominant poles are

d
D (=D (=pd)o*11'(1 — xe—1 _ P Xk (1 — Xk
> (=1 ")(—1)(—pd)g ( xk)glogqx quE 7D (1 = xp)w
k0 k0
pd
e F 1 — Xk
quE ( Xk )T
k0
pd 2kmilogH T
= — I'(1 £Q
quE (1= xn)e ,
k0

and thus in total the probability is asymptotic to

(Qn—Ll)d N (Qn—Ll)d I - yetheionan @;7;)4(1 L+ 8(n)),
k0

as n — oo, for d(z) as in (7.5). This corresponds to the result obtained using

Rice’s method in Theorem 8.4.
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Appendix C

Proving the (weak, strict) case for
d=mn

The following calculations support the fact that our solution is 1 in the (weak,

strict) case of the maximum if d = n. Two methods are used.

C.1 Method 1

We examine the (weak, strict) case of the maximum (the same proof is true for
the (weak, weak) case where the result is the same if d = n). In this case, if d =n
then there is no ‘strict’ restriction, and so we expect a probability of 1 as there
will definitely be a maximum which could recur (i.e., there are no restrictions on
the word). If we put d = n into equation (8.8), we have the following argument:
Let

Fn) = [PIESI () = 3 S (1= ¢ 1ipgt (1 — gyt
k>1 1=0

In order to show that f(n) =1, we consider the expression f(n)— f(n— 1), which
turns out to be 0. This tells us that f(n) is a constant and we can find this constant

by letting n = 1.

1-1
D =d")pg (1 =gh) T =D pgt =1,

k>1 i=0 k>1

as we are working with a geometric probability distribution of the natural numbers.
What remains is to show that f(n) — f(n —1) = 0.
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k>1 i=0 k>1 i=0
n—2
_ quk 1 (1 _ qk:—l)n 1 + [(1 _ qk—l)z(l qk:)n—l—i
k>1 =0
B 2

k>1 L =0
r . (1_qk—l)n71
—1\n— n— —qF
= quk ! (1 - qk 1) t— qk(l - qk) ? < 11_qqk71
k>1 L 1-— 1—gF

(l—qk)”_l—(l—qk_l

)

_ k—1 _ k=1\n—1 _ k(1 _ kyn—2 (I—gk)m—t
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1—qk

)

_ gkF\n—1 _
_ quk—l (1 . qk—l)n—l . qk(l . qk)n—Q((l q ) (1

k-1
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(1= ¢")2(=¢* + ") )]

N T P N Al S A A e A A
=2 w7 (1= ¢"1(1—-q) ¢"1(1—-q)

1

=D (A= A=) = A=) =)

k>1

1—q)

_ Z [qkfl(l . qkfl)nfl . qk(l . qkfl)nfl . qk(l . qk)nfl +qk(1 . qkfl)nfl}

k>1

=Y [da-dy —da -,

k>1

which is a telescoping series in which all terms cancel except the very first one

which is zero, i.e., ¢* (1 — ¢~ 1)" 1=, = 0.

C.2 Method 2

Again, we examine the (weak, strict) case of the maximum where, if d = n, there

are no restrictions on the word and so we expect a probability of 1. If we put d =n

into equation (8.8), we have the following argument:

f(n) ="y (2)
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k>1 i=0
n—1 i
_ . 1— qkfl
:Zka 1(1—qk) 1 ( 1—gF >
k=1 =0
1— (11_qk;1>n
n— —q
= pd (1= -
1 — =g
k>1 —

ST i (s

since it is a telescoping series (adding —1 twice to take care of convergence).
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