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Asymptotics of the variances of many cost measures in random digital search trees are often notoriously messy
and involved to obtain. A new approach is proposed to facilitate such an analysis for several shape parameters on
random symmetric digital search trees. Our approach starts from a more careful normalization at the level of Poisson
generating functions, which then provides an asymptotically equivalent approximation to the variance in question.
Several new ingredients are also introduced such as a combined use of the Laplace and Mellin transforms and a
simple, mechanical technique for justifying the analytic de-Poissonization procedures involved. The methodology we
develop can be easily adapted to many other problems with an underlying binomial distribution. In particular, the less
expected and somewhat surprising n(log n)?-variance for certain notions of total path-length is also clarified.

Keywords: Digital search trees, Poisson generating functions, Poissonization, Laplace transform, Mellin transform,
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1 Introduction

The variance of a distribution provides an important measure of dispersion of the distribution and plays
a crucial and, in many cases, a determinantal rle in the limit lawm Thus finding more effective means
of computing the variance is often of considerable significance in theory and in practice. However, the
calculation of the variance can be computationally or intrinsically difficult, either because of the messy
procedures or cancellations involved, or because the dependence structure is too strong or simply because
no simple manageable forms or reductions are available. We are concerned in this paper with random
digital trees for which asymptotic approximations to the variance are often marked by heavy calculations
and long, messy expressions. This paper proposes a general approach to simplify not only the analysis but
also the resulting expressions, providing new insight into the methodology; furthermore, it is applicable
to many other concrete situations and leads readily to discover several new results, shedding new light on
the stochastic behaviors of the random splitting structures.

A binomial splitting process. The analysis of many splitting procedures in computer algorithms leads
naturally to a structural decomposition (in terms of the cardinalities) of the form

structure of size n

substructure substructure

of size B, Here B, z_Binomial of size B,
and B,, + B,, = n.

where B,, is essentially a binomial distribution (up to truncation or small perturbations) and the sum of
B, + B, is essentially n.

Concrete examples in the literature include (see the books [15} 128} 144} 150l 62] and below for more
detailed references)

e tries, contention-resolution tree alggrithms, initialization problem in distributed networks, and radix
sort: B, = Binomial(n;p) and B,, = n — B, namely, P(B, = k) = (Z)pkq”_k (here and
throughout this paper, g := 1 — p);

e bucket digital search trees (DSTs), directed diffusion-limited aggregation on Bethe lattice, and Eden
model: B,, = Binomial(n — b;p) and B,, = n — b — By;

e Patricia tries and suffix trees: P(B,, = k) = (})p*¢" % /(1 — p" — ¢") and B, = n — B,.

@ The first formal use of the term “variance” in its statistical sense is generally attributed to R. A. Fisher in his 1918 paper (see [20]
or Wikipedia’s webpage on variance), although its practical use in diverse scientific disciplines predated this by a few centuries
(including closely-defined terms such as mean-squared errors and standard deviations).
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Yet another general form arises in the analysis of multi-access broadcast channel where

B,, = Binomial(n; p) + Poisson(\),
B,, = n — Binomial(n;p) + Poisson(}),

see [[19,133]]. For some other variants, see [2}16,25]. One reason of such a ubiquity of binomial distribution
is simply due to the binary outcomes (either zero or one, either on or off, either positive or negative, etc.) of
many practical situations, resulting in the natural adaptation of the Bernoulli distribution in the modeling.

Poisson generating function and the Poisson heuristic. A very useful, standard tool for the analysis
of these binomial splitting processes is the Poisson generating function

where {ay } is a given sequence, one distinctive feature being the Poisson heuristic, which predicts that

If a,, is smooth enough, then a,, ~ f (n).

In more precise words, if the sequence {ay, } does not grow too fast (usually at most of polynomial growth)
or does not fluctuate too violently, then a,, is well approximated by f (n) for large n. For example, if
f(z) = 2™, m=0,1,...,then a, ~ n™; indeed, in such a simple case, a,, = n(n—1)--- (n—m+1).
Note that the Poisson heuristic is itself a Tauberian theorem for the Borel mean in essence; an Abelian
type theorem can be found in Ramanujan’s Notebooks (see [3} p. 58]).
From an elementary viewpoint, such a heuristic is based on the local limit theorem of the Poisson

distribution (or essentially Stirling’s formula for n!)

nk e~ v/2 % — 32
- 1 k=
Kl 2m< T eum ) (k=n+avn),

whenever = = o(n'/%). Since a,, is smooth, we then expect that

_ e—2°/2 0 ,—a?/2
n) ~ a ~ a, dz = a,.
J) k—g\/ﬁ F V2t /_oo V2T

z=0(n*)

On the other hand, by Cauchy’s integral representation, we also have

s onl 1
~ e n zq
f(n) 5l %z_nz e*dz
= f(n),

since the saddle-point z = n of the factor z~"¢” is unaltered by the comparatively more smooth function

f(2).
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Analytic de-Poissonization and the Poisson-Charlier expansion. The latter analytic viewpoint pro-
vides an additional advantage of obtaining an expansion by using the Taylor expansion of f at z = n,
yielding

£(5)
a":Zf an)TJ(n)a (D

=0

where

0<e<j

and [2"]¢(z) denotes the coefficient of 2™ in the Taylor expansion of ¢(z). We call such an expansion the
Poisson-Charlier expansion since the 7;’s are essentially the Charlier polynomials C;(\, n) defined by

Ci(\,n) = A""nl[2"](z — 1)7e?,

so that 7j(n) = n?C;(n,n). For other terms used in the literature, see [28]29]; see also [36].
The first few terms of 7;(n) are given as follows.

70(n) | m(n) | 72(n) | 73(n) | 7a(n) 75(n) 76(n)

1 0 -n 2n | 3n(n —2) | —4n(5n —6) | —5n(3n? — 26n + 24)
It is easily seen that 7;(n) is a polynomial in n of degree |j/2].

The meaning of such a Poisson-Charlier expansion becomes readily clear by the following simple but
extremely useful lemma.

Lemma 1.1 Lez f(z) := e™* Ym0 arz® /KL If f is an entire function, then the Poisson-Charlier expan-
sion ({I)) provides an identity for a.,.

Proof: Since f is entire, we have

. N F0) (n .
TR LI

n>0 j>0 J:

and the lemma follows by absolute convergence. ]

Two specific examples are worthy of mention here as they speak volume of the difference between
identity and asymptotic equivalence. Take first a,, = (—1)™. Then the Poisson heuristic fails since
(—=1)™ % e~2", but, by Lemma we have the identity

O M=)
>0 7

See Figure|l|for a plot of the convergence of the series to (—1)".
Now if a,, = 2", then 2" % €™, but we still have

gn :enZTj(n)'
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Fig. 1: Convergence of ™" ngk(—2)j7'j (n)/g'to (—1)" for n = 10 (left) and n = 11 (right) for increasing k.

So when is the Poisson-Charlier expansion also an asymptotic expansion for ay, in the sense that
dropping all terms with j > 2/ introduces an error of order f(?)n’ (which in typical cases is of order
f (n)n~%)? Many sufficient conditions are thoroughly discussed in Jacquet and Szpankowski’s analytic
de-Poissonization paper [36], although the terms in their expansions are expressed differently; see also
[62].

Poissonized mean and variance. The majority of random variables analyzed in the algorithmic liter-
ature are at most of polynomial or sub-exponential (such as e“(1°% ™* or 60”1/2) orders, and are smooth
enough. Thus the Poisson generating functions of the moments are often entire functions. The use of
the Poisson-Charlier expansion is then straightforward, and in many situations it remains to justify the
asymptotic nature of the expansion.

For convenience of discussion, let fm(z) denote the Poisson generating function of the m-th moment
of the random variable in question, say X,,. Then by Lemma(I.T| we have the identity

#(5)
i’ (n)
]E(Xn) = E 1j! Tj(n)v
7>0
and for the second moment
f(j)(n)
B(X7) =Y F—m(n), @

provided only that the two Poisson generating functions f1 and fg are entire functions.
These identities suggest that a good approximation to the variance of X,, be given by

V(Xa) = E(X7) — (B(Xa))® = fa(n) — fi(n)?,

which holds true for many cost measures, where we can indeed replace the imprecise, approximately
equal symbol “~” by the more precise, asymptotically equivalent symbol “~”. However, for a large class
of problems for which the variance is essentially linear, meaning roughly that

1 X
lim 08 ¥\An) V(Xn)

n—oo  logn

=1 3)
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the Poissonized variance f(n) — f1(n)? is not asymptotically equivalent to the variance. This is the case
for the total cost of constructing random digital search trees, for example. One technical reason is that
there are additional cancellations produced by dominant terms. The next question is then: can we find a
better normalized function so that the variance is asymptotically equivalent to its value at n?

Poissonized variance with correction. The crucial step of our approach that is needed when the vari-
ance is essentially linear is to consider

V(z) = fa(2) — f1(2)* — 2f1(2)*, 4)

and it then turns out that
V(X,) = V(n) + O((logn)),

in all cases we consider for some ¢ > 0. The asymptotics of the variance is then reduced to that of ‘7(z)
for large z, which satisfies, up to non-homogeneous terms, the same type of equation as fl (2). Thus the
same tools used for analyzing the mean can be applied to f/(z)

To see how the last correction term z f} (z)? appears, we write D(z) := fo(z) — f1(2)2, so that f5(z) =
D(z) + f1(2)?%, and we obtain, by substituting this into (2),

7 ()
LR DIECE L

|
J: >0

= D(n) — nf](n)? — gﬁ”(n) + smaller-order terms.

Now take f(n) = nlogn. Then the first term following D(n) is generally not smaller than D(n)
because

nfl(n)? =< n(logn)?,

while D(n) = n(logn)?, at least for the examples we discuss in this paper. Note that the variance is in
such a case either of order n log n or of order n. Thus to get an asymptotically equivalent approximation
to the variance, we need at least an additional correction term, which is exactly n f{ (n)2.

The correction term n f{ (n)? already appeared in many early papers by Jacquet and Régnier (see [34]).

A viewpoint from the asymptotics of the characteristic function. Most binomial recurrences of the
form

Xo 2L Xp, + X3 + T, (5)

as arising from the binomial splitting processes discussed above are asymptotically normally distributed,
a property partly ascribable to the highly regular behavior of the binomial distribution. Here the (X ) are
independent copies of the (X,) and the random or deterministic non-homogeneous part 7, is often called
the “toll-function,” measuring the cost used to “conquer” the two subproblems. Such recurrences have
been extensively studied in numerous papers; see [36} 152158 |59] and the references therein.
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The correction term we introduced in (@) for Poissonized variance also appears naturally in the follow-
ing heuristic, formal analysis, which can be justified when more properties are available. By definition
and formal expansion

e 7 Z E (eX,liG) % — Z fT;er'Z) (Za)m
n>0 m>0

where D(z) := fa(z) — f1(2)2%, we have

E (e(X"_fl(”))w> ~ n—'% 2 " exp (z + (f1(2) - f1(n)> it — @92 +- ) dz.
|2|=n

211

Observe that with z = ne®t, we have the local expansion

D(nett 2 5 D
M92:n_ﬂ_nf{(n)t9_%mg2+...7

ne' — nit + (fl(ne”) — (n)) i — 5

for small ¢. It follows that

B _ I~ el D € +2 -
B (oXo i) T (é%z) / exp <"2 - f{(n)w) dat
™ _

~exp (=5 (Bt ) ).

by extending the integral to 0o and by completing the square. This again shows that n f{ (n)? is the right
correction term for the variance. For more precise analysis of this type, see [36].

A comparison of different approaches to the asymptotic variance. What are the advantages of the
Poissonized variance with correction? In the literature, a few different approaches have been adopted for
computing the asymptotics of the variance of the binomial splitting processes.

e Second moment approach: this is the most straightforward means and consists of first deriving
asymptotic expansions of sufficient length for the expected value and for the second moment, then
considering the difference E(X?2) — (E(X,,))?, and identifying the lead terms after cancellations of
dominant terms in both expansions. This approach is often computationally heavy as many terms
have to be cancelled; additional complication arises from fluctuating terms, rendering the resulting
expressions more messy. See below for more references.

e Poissonized variance: the asymptotics of the variance is carried out through that of D(n) =
fa(n) — fi(n)?. The difference between this approach and the previous one is that no asymp-
totics of fg(n) is derived or needed, and one always focuses directly on considering the equation
(functional or differential) satisfied by l~)(z) As we discussed above, this does not give in many
cases an asymptotically equivalent estimate for the variance, because additional cancellations have
to be further taken into account; see for instance [34, 35, 36].
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e Characteristic function approach: similar to the formal calculations we carried out above, this ap-
proach tries to derive a more precise asymptotic approximation to the characteristic function using,
say complex-analytic tools, and then to identify the right normalizing term as the variance; see the
survey [36] and the papers cited there.

e Schachinger’s differencing approach: a delicate, mostly elementary approach based on the recur-
rence satisfied by the variance was proposed in [58] (see also [59]). His approach is applicable to
very general “toll-functions” T, in (3)) but at the price of less precise expressions.

The approach we use is similar to the Poissonized variance one but the difference is that the passage
through D(z) is completely avoided and we focus directly on equations satisfied by V' (z) (defined in (4)).

In contrast to Schachinger’s approach, our approach, after starting from defining V(z), is mostly ana-
lytic. It yields then more precise expansions, but more properties of T}, have to be known. The contrast
here between elementary and analytic approaches is thus typical; see, for example, [/, [8]. See also Ap-
pendix for a brief sketch of the asymptotic linearity of the variance by elementary arguments.

Additional advantages that our approach offer include comparatively simpler forms for the resulting
expressions, including Fourier series expansions, and general applicability (coupling with the introduction
of several new techniques).

Organization of this paper. This paper is organized as follows. We start with the variance of the total
path-length of random digital search trees in the next section, which was our motivating example. We
then extend the consideration to bucket DSTs for which two different notions of total path-length are
distinguished, which result in very different asymptotic behaviors. The application of our approach to
several other shape parameters are discussed in Section [d] Table [I] summarizes the diverse behaviors
exhibited by the means and the variances of the shape parameters we consider in this paper.

Shape parameters mean | variance |

Internal PL nlogn n
Key-wise PL* nlogn n

Node-wise PL* nlogn n(logn)?
Peripheral PL n n
#(leaves) n n

Differential PL n nlogn

Weighted PL n(logn)™+1 n

Tab. 1: Orders of the means and the variances of all shape parameters in this paper; those marked with an ™ are for
b-DSTs with b > 2. Here PL denotes path-length and m > 0.

Applications of the approach we develop here to other classes of trees and structures, including tries,
Patricia tries, bucket sort, contention resolution algorithms, etc., will be investigated in a future paper.
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2 Digital Search Trees

We start in this section with a brief description of digital search trees (DSTs), list major shape parameters
studied in the literature, and then focus on the total path-length. The approach we develop is also very
useful for other linear shape measures, which is discussed in a more systematic form in the following
sections.

2.1 DSTs

DSTs were first introduced by Coffman and Eve in [9] in the early 1970’s under the name of sequence hash
trees. They can be regarded as the bit-version of binary search trees (thus the name); see [44, p. 496 et
seq.]. Given a sequence of binary strings, we place the first in the root node; those starting with “0” (1)
are directed to the left (right) subtree of the root, and are constructed recursively by the same procedure
but with the removal of their first bits when comparisons are made. See Figure|2|for an illustration.

010111 010111
101011 . )
100001
011011 011011 101011
111110 ) ) ) .
110111
010011 000100 010011 100001 111110
011110 . )
000100

011110 110111

Fig. 2: A digital search tree of nine binary strings.

While the practical usefulness of digital search trees is limited, they represent one of the simplest,
fundamental, prototype models for divide-and-conquer algorithms using coin-tossing or similar random
devices. Of notable interest is its close connection to the analysis of Lempel-Ziv compression scheme that
has found widespread incorporation into numerous softwares. Furthermore, the mathematical analysis is
often challenging and leads to intriguing phenomena. Also the splitting mechanism of DSTs appeared
naturally in a few problems in other areas; some of these are mentioned in the last section.

Random digital search trees. The simplest random model we discuss in this paper is the independent,
Bernoulli model. In this model, we are given a sequence of n independent and identically distributed
random variables, each comprising an infinity sequence of Bernoulli random variables with mean p, 0 <
p < 1. The DST constructed from the given random sequence of binary strings is called a random DST.
If p = 1/2, the DST is said to be symmetric; otherwise, it is asymmetric. We focus on symmetric DSTs
in this paper for simplicity; extension to asymmetric DSTS is possible but much harder.

Stochastic properties of many shape characteristics of random DSTs are known. Almost all of them fall
into one of the two categories, according to their growth order being logarithmic or essentially linear (in
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the sense of (3))), which we simply refer to as “log shape measures” and “linear shape measures”.

Log shape measures. The two major parameters studied in this category are depth, which is the distance
of the root to a randomly chosen node in the tree (each with the same probability), and height, which
counts the number of nodes from the root to one of the longest paths. Both are of logarithmic order in
mean. Depth provides a good indication of the typical cost needed when inserting a new key in the tree,
while height measures the worst possible cost that may be needed.

Depth was first studied in [45] in connection with the profile, which is the sequence of numbers, each
enumerating the number of nodes with the same distance to the root. For example, the tree ——=i—<: has
the profile {1,2, 3,2, 3}. For other papers on the depth of random DSTs, see [11} [12 [13] 37, 38|, 39, 44!
461147, 150,155, 1601 |61]]. The height of random DSTs is addressed in [[13} [14} 143} 50, 55].

Linear shape measures. These include the total internal path-length, which sums the distance between
the root and every node, and the occurrences of a given pattern (leaves or nodes satisfying certain proper-
ties); see (24} 26} 301 311 351140142, 144].

The profile contains generally much more information than most other shape measures, and it can to
some extent be regarded as a good bridge connecting log and linear measures; see [[15, [17, 45, 146]] for
known properties concerning expected profile of random DSTs.

Nodes of random DSTs with p = 1/2 are distributed in an extremely regular way, as shown in Figures
and[l

2.2 Known and new results for the total internal path-length

Throughout this section, we focus on X,,, the total path length of a random digital search tree built from

n binary strings. By definition and by our random assumption, X,, can be computed recursively by
X1 £ Xp, +X:_p +n,  (n>0) (6)

with the initial condition Xy = 0, since removing the root results in a decrease of n for the total path
length (each internal node below the root contributes 1). Here B,, ~ Binomial(n;1/2), X, < X}, and
X, X}, B, are independent.

n’

Known results. It is known that (see [26, 30, 157])

-1 1
E(X,)=(n+1)logyn+n <Yog2 + 5@ + @y (log, n))

)

+ 1 1/2 +§—c + @ (logyn) + O (n~ " logn)

log2 2 1T EUEe? :

where ~y denotes Euler’s constant, ¢1 := >_,+,(2¥ — 1)7!, and @, (), w2(t) are 1-periodic functions

with zero mean whose Fourier expansions are given by (. := 2k7i/L, L := log 2)

1 .

wi(t) = fg;:)I‘(—l — xg) e2kmit, ®)
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Fig. 4: Two random DSTs of 1000 nodes rendered differently. For more graphical renderings of random DSTs, see
the first author’s webpage| algo.stat.sinica.edu.tw.
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respectively. Here I' denotes the Gamma function. Thus we see roughly that random digital search
trees under the unbiased Bernoulli model are highly balanced in shape. An important feature of the
periodic functions is that they are marked by very small amplitudes of fluctuation: |z (t)| < 3.4 x 1078
and |2 (t)| < 3.4 x 1075, Such a quasi-flat (or smooth) behavior may in practice be very likely to lead
to wrong conclusions as they are hardly visible from simulations of moderate sample sizes.

T V) /mo T
0.2 + 4
4 —“+—0.2
0.1 + 4
4 -+-—0.3
E(X,.)/(n+ 1) — log,n

Fig. 5: A plot of E(X,,)/(n+ 1) —log, n in log-scale (the decreasing curve using the y-axis on the right-hand side),
and that of V(X)) /n in log-scale (the increasing curve using the y-axis on the left-hand side).

Let
Q= I (1—21]), and Q(z)::H(l—%). )

In particular, Q(1) = Q. The variance was computed in [42] by a direct second-moment approach and
the result is

V(Xn) - n(CkpS + wkps(logQ ’fl)) + 0(10g2 n),
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where wkps(t) is again a 1-periodic, zero-mean function and the mean value Cj,, is given by (L := log 2)

28 39 7w 2 2Qu
Ce = =37 ~ 4+2L2‘+ﬁ_7_2Z 2T Z%
€>1
P
_ l_
Lbd€+1 (C—1)(20 - 1)
(‘49 L(1- 2—l+1)/2 — )T+1
T Z 1—9-¢ _Z 7"—1 )(2r+te —1)
Z>1
£+ 1\ Qr—2Qe—r—1 1 [1]_[2] [1]y2
+ZZ ( ) QEQE Z 2 —1 2[@1 Wy }O_{(wl)}o
>3 2<r<¥ j>e+1
(’“)
22y o U2 g
£>2 r>0
1 . (+1 1
X {wa_l 2-l-24 Y ( ; >2+_1_1
>1 2<i<t
1 (+1 1
+

(1— 2—Z—T)2 + (1— 21—£—r)2 - L(1— 21—£—r)

41 1 1 (41 1
- (j>2r+j1_1+L > <>2+J—1

2<j<l+1 1<j<t1 N Y
1 +1 (—1)
1 > (S e }
Loz \ J )& @ -1

Here [co;w2]o denotes the mean value of the function oy (t)zog(¢) over the unit interval. The long ex-
pression obviously shows the complexity of the asymptotic problem.

We show that this long expression can be largely simplified. Before stating our result, we mention
that the asymptotic normality of X,, (in the sense of convergence in distribution) was first proved in [35]]
by a complex-analytic approach; for other approaches, see [59|] (martingale difference), [31] (method of
moments), [52]] (contraction method).

A new asymptotic approximation to V(X,,). Define

GZ(W) = Qo Z

J:h £20

(-1~ (5=

G angamt w2, (10

where for 0 < R(w) < 3andz > 0

plws) ::/0 GrDeroE ™
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which, by the relation

/00 s ds= —— =TWI(1-w) (0<Rw)<1),
0

s+1 sin(mw)
can be represented as

(142972 ((w—2)+1—w)

N — , ifx #1;
plw;z) = msm( 7 ifz=1

2sin(7w)

The last expression provides indeed a meromorphic continuation of ¢ (w; x) into the whole complex w-
plane whenever x > 0. In particular,

xr—logx —1

p@iaye= ] @17

ifx # 1;

Theorem 2.1 The variance of the total path-length of random DSTs of n nodes satisfies

V(Xp) = n(Crps + wips(logyn)) + O(1), (an
where D)
G2(2) Qo (—1)72- —j—h | o—j—t
C s = = R EE— 2; 2 J . + 2 =€ 5
" log2  log2 %;O Q,0nQiz e A )

and wyys has the Fourier series expansion

1 Z Ga2(2 + xx) o2kt

Wips(t) = ——
s (1) log 2 rerio) I'(2+ xx)

which is absolutely convergent.

One can derive more precise asymptotic expansions for V(X,,) by the same approach we use. We content
ourselves with (TT)) for convenience of presentation.

Note that
Ga(2+xn) _ M1 )@ 3 (—1)i2=("2") (2791 1 2-i-0)
(24 xx) >~ i Q;QnQ2h+* ’
where
L=t (1+xe(l—1t) .
) El_t)’;( )), ift#1;
K(8):= Xe(xx — 1) .
- ift =1.

2 )
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Thus the Fourier series is absolutely convergent by the order estimate (see [18])
ID(c+it)| = O (|t\c_1/26_”|t|/2) (It] — o0). (12)

Numerically, Cj,, ~ 0.26600 36454 05936 . . ., in accordance with that given in [42]. Also |t (t)| <
1.9 x 1075,

Sketch of our approach. Following the discussions in Introduction, we first prove that the Poisson-
Charlier expansion for the mean and that for the second moment are not only identities but also asymptotic
expansions. For that purpose, it proves very useful to introduce the following notion, which we term JS-
admissible functions (following the survey paper [36] by Jacquet and Szpankowski). This is reminiscent
of the classical H-admissible (due to Hayman) or HS-admissible (due to Harris and Schoenfeld) functions;
see [28| §VIILS].

Once we prove the asymptotic nature of the Poisson-Charlier expansions for the mean and the second
moment, it remains, according again to the discussions in Introduction, to derive more precise asymptotics
for the function V (as defined in @), for which we will use first the Laplace transforms, normalize the
Laplace transform properly, and then apply the Mellin transform. Such an approach will turn out to be
very effective and readily applicable to more general cases such as bucket DSTs, which is discussed in
details in the next section. The approach parallels closely in essence that introduced by Flajolet and
Richmond in [24], which starts from the ordinary generating function, followed by an Euler transform, a
proper normalization and the Mellin transform, and then conclude by singularity analysis; see also [10].
The path we take, however, offers additional operational advantages, as will be clear later. See Figure
for a diagrammatic illustration of the two analytic approaches.

2.3 Analytic de-Poissonization and JS-admissibility
The fundamental differential-functional equations for the analysis of random DSTs is of the form
F(2) + F'(2) = 2f(2/2) + 3(2),

with suitably given initial value f(0) and g. For such functions, it turns out that the asymptotic nature
of the Poisson-Charlier expansions for the coefficients (or de-Poissonization) can be justified in a rather
systematic way by the introduction of the notion of JS-admissible functions.

Here and throughout this paper, the generic symbol e, &’ € (0, 1) always represents an arbitrarily small
constants whose values are immaterial and may differ from one occurrence to another.

Definition 1 An entire function f is said to be JS-admissible, denoted by f € J, if the following two
conditions hold for |z| > 1.

(I) There exist o, B € R such that uniformly for | arg(z)| < e,

f(z) = O (|=|*(logy |2])?) ,
where log | x :=log(1 + ).
(0) Uniformly for e < |arg(z)| <,

f(z) = f(2) =0 (e<1*f’>|zl> .
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For convenience, we also write f € pas 5 to indicate the growth order of f inside the sector |arg(z)| <
€.

Note that if f satisfies condition (I), then, by Cauchy’s integral representation for derivatives (or by
Ritt’s theorem; see [S4), Ch. 1, § 4.3]), we have,

a B
o )
7o) O<7{wz|—e|z| o o

=0 (\z|a_]’c(log+ |z\)5) .

Proposition 2.2 Assume f € IS 5 Let f () := e*f(z). Then the Poisson-Charlier expansion (l)) of
f (0) is also an asymptotic expansion in the sense that

fork=1,2,....

Proof: (Sketch) Starting from Cauchy’s integral formula for the coefficients, the lemma follows from
a standard application of the saddle-point method. Roughly, condition (O) guarantees that the integral
over the circle with radius n and argument satisfying ¢ < |arg(z)| < 7 is negligible, while condition (I)
implies smooth estimates for all derivatives (and thus error terms). O

The polynomial growth of condition (I) is sufficient for all our uses; see [36] for more general versions.

The real advantage of introducing admissibility is that it opens the possibility of developing closure
properties as we now discuss.

Lemma 2.3 Let m be a nonnegative integer and o € (0, 1).
(i) 2™, e % € g
(ii) If f € JZ, then flaz),z"f € A
(iii) If f,g € S, then f+§€ FF.
(iv) Iff € Z, then the product I:’f € 2, where P is a polynomial of =.
W) Iff,§g € F, thenh € FF, where h(z) := f(az)j((1 — a)z).
i) If f € FS, then f'e A, and thus fm) e A
Proof: Straightforward and omitted. a

Specific to our need for the analysis of DSTs is the following transfer principle.



120 Hsien-Kuei Hwang, Michael Fuchs and Vytas Zacharovas

Proposition 2.4 Let f(z) and §(z) be entire functions satisfying
F(2) + F(2) = 2f(2/2) + 3(2), (13)
with f(0) = 0. Then )
g€ f ifandonlyif fe J7.
Proof: Assume § € 7. We check first the condition (O) for f. Let f(z) := e* f(2) and g(z) := e*§(2).

By (T3),
f(z) =2e72f(2/2) + g(2).

Consequently, since f(0) = 0,

z 1
= 22 f(t/2 dt = 2et*/? 2 dt. 14
16 = [ (22002 +a0) dt == [ (205025002/2) + 0(02)) (14)
Now define
B(r) := max [f(2)],
where
Cre={z : |z| <re<]arg(z)| < 7w}, (r>00<e<m/2).

Then, by (I4), we have
1
B() < v [ (267 B(tr/2) +|g(tr)]) e
0

- /OT (2et°‘08<6>/23(t/2) +0 (e“—sﬁ)) dt
< Ce cos(s)/QB(,,,/Q) L0 (6(1—8)7‘) ,

where C' = 4/ cose > 1. This suggests that we define a majorant function K (r) of B(r) by K (r) = O(1)
forr <landforr >1
K(r) = Ce" 2K (r/2) + h(r),
where  is an entire function satisfying i(r) = O(1) for 7 < 1 and h(r) = O (e=9)") for r > 1. Let
K(r) == e " K(r) and h(r) := e " h(r). Then since cose — 1 +¢ > 0 fore € (0,1), we
obtain
K(r)=CK(r/2)+ h(r), h(r)=0(1).

Thus if we choose m = [log, r| such that 2™ > r and iterate m times the functional equation, then we
obtain the estimate

K(r) = Z C*h(r/2F) + C™HL K (r/2m)

0<k<m

=0 Y crt+em
r/2k>1
=0 (ro=9).
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Thus
B(r) =0 (rlog? Cer COSE) .

which establishes condition (O).
Our proof for f satisfying (I) proceeds in a similar manner and starts again from but of the form

f(z) = 2/01 e~ (1= (2f(tz/2) +§(tz)) dt.

Now, define R ~
B(r) := max |f(z),
where
Srei={z : |z| <r|arg(z)| < e}, (r>00<e<mn/2).
Then

B(r) < 7“/01 e~ (1-t)rcose (QB(tr/Q) + |§(tr)|> dt

- / ' (2e7 =% B(2/2) + O (77012 (log, )7 ) dt + O(1)
1

< OB(r/2) + O (r*(log,. )" + 1),

where C' = 2/ cose > 2. The same majorization argument used above for (O) then leads to

O(rlos2 ), if « < log, C;
B(r) = { O(r'os2 C(log, r)?*1), if a=log, C;
O (r*(log, r)?), if a > log, C.
This proves (I) for f .
The necessity part follows trivially from Lemma[2.3] O

The estimates we derived of asymptotic-transfer type are indeed over-pessimistic when 1 < a <
log, C, but they are sufficient for our use. The true orders are those with ¢ — 0, which can be proved by
the Laplace-Mellin-de-Poissonization approach we use later.

Lemma and Proposition provide very effective tools for justifying the de-Poissonization of
functions satisfying the equation (I3), which is often carried out through the use of the increasing-domain
argument (see [36]). The latter argument is also inductive in nature and similar to the one we are devel-
oping here, although it is less “mechanical” and less systematic.
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2.4 Generating functions and integral transforms

Since our approach is purely analytic and relies heavily on generating functions, we first derive in this
subsection the differential-functional equations we will be working on later. Then we apply the de-
Poissonization tools we developed to the Poisson generating functions of the mean and the second moment
and justify the asymptotic nature of the corresponding Poisson-Charlier expansions. Then we sketch the
asymptotic tools we will follow based on the Laplace and Mellin transforms.

Generating functions. In terms of the moment generating function M, (y) := E(e*"¥), the recurrence
(6) translates into

“n n
Mg (y) =e™2™ > ( .>Mj(y)Mnj<y>, (n > 0), (15)
0<j<n \
with My(y) = 1.
Now consider the bivariate exponential generating function

F(z,y) := Z Mz”

n!
n>0
Then by (T3),
0 eYz 2
“F S N it
PG (2 ,y> 7

and the Poisson generating function F'(z,y) := e~*F(z,y) satisfies the differential-functional equation
Floy)+ Lz, y) = et =02 (€2 i (16)
T B(ry) = o=
i y 8Z Y y 2 i y )

with (0, ) = 1. No exact solution of such a nonlinear differential equation is available; see [35] for an
asymptotic approximation to F' for y near unity.

Mean and second moment. Let now

Py = Y0 T2

m>0

where f,,(z) denotes the Poisson generating function of E(X"). Then we deduce from (16) that

(z/
(2/

with the initial conditions f1(0) = f2(0) = 0.

A=)+ fi(2)
fo(2) + fi(2)

2f1(2/2) + =, (17)
2f2(2/2) + 2f1(2/2)% + 42f1(2/2) + 22f1(2/2) + 2 + 22, (18)
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Proposition 2.5 The Poisson-Charlier expansion for the mean and that for the second moment are both
asymptotic expansions

#(4)
)= Y W0 @k,

0<j<2k 7!
0
n _
B = Y P 40 (it ogn?).
0<j<2k ’

fork=1,2,....

Proof: (Sketch) By Lemma and Proposition we see that both fi, fo € A, and thus we can
apply Proposjtion Indeed the proof of Prppositionprovides already crude bounds for the growth
order of f1, f. The more precise estimates f1(z) < |z||log z| and f»(z) < |z|?|log z|? for z inside the
sector {z : |arg(z)| < e} will be provided later in the next two subsections. O

An asymptotic approach based on Laplace and Mellin transforms. Once the de-Poissonization steps
are justified, all that remains for the proof of Theorem [2.1]is to derive more precise asymptotic approxi-
mations to fl and V (as defined in ). The approach we use begins with a more precise characterization
of f1 (2). Both f1 and V satisfy a differential-functional equation of the form

F)+ F'(2) = 2f(2/2) + §(2),

with the initial condition f (0) = 0. To derive the asymptotics of f for large complex z, we proceed along
the following principal steps; see also [10]].

Laplace transform: The Laplace transform of f satisfies
(s + L[ f:5] = 4L[f;25] + Z[gs 5], (19)
which exists and defines an analytic function if § grows at most polynomially for large |z|.

Normalizing factor: Dividing both sides of by Q(—2s) =[[;50(1+s/ 27) gives a functional equa-
tion of the form B

507 o _ 4 BT Z19; 5]
g[f,S] - 4$[f725] + Q(—2S)’
where Z[f; s] :== Z[f;5]/Q(—s).
Mellin transform: The Mellin transform of . then satisfies
507 ] — Z1g;s] |
ML fr; 8);w] = T 22_w/// {Q(—Qs)’w}

Inverting the process. We first derive the local behavior of < [ f ; s] for small s by the Mellin inversion
(often by calculus of residues after justification of analytic properties), and then the asymptotic
behavior of f(z) for large z is derived by the Laplace inversion, similar to singularity analysis.
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2.5 Expected internal path-length of random DSTs

We consider in details in this subsection the expected value p,, := E(X,) of the total internal path-length,
paving the way for the asymptotic analysis of the variance. Starting from either the equation or the

recurrence
_ n
PR (_)Wn (n>0)
0<j<n M

with po := 0, there are several approaches to the asymptotics of u,,. We will briefly describe the one
using integral representation of finite differences (or Rice’s integrals) and then present the Laplace and
Mellin transforms we will use, which, as will become clear, is essentially the Flajolet-Richmond approach
(see [24]).

Rice’s integral representation. By , we have, with fi,, := n![z"]f1(2),
finsr=—(1-2"") i (n20),
with fip = 0, which by iteration yields
fin=(=1)"Qu-2, Qn:= [[] (1-27). (20)
1<j<n
Thus by Rice’s formula ([27])

fn = E(X,) = 3 (")

2<j<n J
_ 1 [ T+ Dl(=s) Q(1)
C2mi Jigy T(n+1-s) (1-2175)Q(2179)

j

ds,

where the integration path |, © is along the vertical line with real part equal to ¢ and () is defined in (ﬂ)
We then obtain by standard arguments; see [26] or [S0] for details.

This approach readily gives the approximation for the mean and can be refined to obtain a full
asymptotic expansion. However, its extension to the variance becomes extremely messy, as shown in
[42].

Laplace transform. We first show that the asymptotics of fi (z) can be derived through a direct use of
the Laplace and Mellin transforms, which relies on several ad hoc steps that are not easily extended. A
more general procedure will be developed below.

By , we see that the Laplace transform of f;(z) satisfies the functional equation

(s—|—1)$[f1;s] :43[}51;23]—1—5*2, 21

which exists and is analytic in C \ (—o0, 0].
By dividing both sides by s + 1 and by iteration, we get

. 1 1
'g[fl;s]:?;(s+1)~~(2is+1)' 2
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On the other hand, from (20), we have

[f1, _/ —522/17? Sy

n>0

= Z(fl Qns 3.

n>0

This implies the identity

(=1)"Qn _ 1
ZW_Z(5+1)---(215+1)'

n>0 >0

However, neither form is useful for our asymptotic purpose.
Now by partial fraction expansion, we obtain

(_1)j—€2*(j7§+1)*4

1
(s+1)---(2s+1) 2.

0<e<j
Thus
. 1 _q)i—tp—(5")
g[flvs}:? ((SLZ_K)QQ
J>00<6<j gt
-3Y5 5 1y )
) 1 ;
= (25 +1) = Qj
Note that
27
Z 1 (27 1 =1
= (s+ s+1)
By the Euler identity
j
q(2)z3
- 1+4"2
;(1*@ (1-¢7) ,g)( )
we see that (017)
—1 j2_ 12
> el Q(1) = Qoo ~ 0.28878809 . ..
>0 Qj
This gives
~ Qu 1
Llfusl=—5 D 5o
2 S T
and then

A =0u Y o (7 14 ).

£>0

(s+279QeQj—¢

125

(23)
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Consequently,

QOOZ (1—275" —14+27%n).

E>O

Asymptotically, we have, by (23)) and the identity

1 1 2

=i =275 (<2, (24)
Q) ~ L2/ T2 Qi
the Mellin integral representation

o L Qe
RO =55 )y T r 0T

from which we derive the asymptotic approximation

fl(z) =(z+1)logyz+ 2 (Mg?l + % c1 + @1 (log, z)) +0(1), (25)

uniformly for [2| — oo and |arg(z)| < /2 — e, where w; is given in (8). (As usual, we use the
asymptotic estimate (I2) for the Gamma function.)

Laplace and Mellin transforms. We now re-do the analysis for fi (z) in a more general way that can
be easily extended to other cases.

We again start from (2T)) and consider

ZLf: 8]
Q(—s)’

where Q(z) is defined in (9). Dividing both sides of by Q(—2s) yields

ﬁﬁé[fi§3]1::

1

Lfi;s] = 4421f1;25]+'25(::§;y;5-

(26)

We now apply the Mellin transform. Note that we have, by the fact that X = X7 = 0 and the proof of
Proposition [2.4]

O, ifz—07;
fhiz) = {O(z1+5), if z — oo.

Then

res] = O(s727%), ass—0F;
P 0673),  ass — .
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On the other hand, by the Mellin transform,

log Q(—2s) = Zlog (1 + 2%)

Jj=0

_ L/ ms® d

" 2mi Joyy (- 2%)wsinaw
(logs)? logs e 1

= <+ 0 27
2gz * 5 +k%qks +0(s| ™Y @7)

uniformly for |s| — oo and | arg(s)| < m — &, where Xy, := 2k7i/log2,

_ log2 w2
©= 9 T Glog2
and )
L= k #0).
&= 5 sinh(2kw/log 2) (k #0)

This asymptotic expansion, together with the Taylor expansion
Q(_2S) :1+O<|3|>7 (|S| — 0),

gives rise to
O(s727¢), ass—07;
O(s™™),  ass— oo,

-j[fus] = {

where M > 0 is an arbitrary real number. Consequently, the Mellin transform of Z| fl; s], denoted by
ML ;w), exists in the half-plane (w) > 2 + . Then by applying the Mellin transform to , we

obtain
///[j;w] = %, (R(w) > 2),

where

. o8} Sw—B B ﬂ.Q(2w—2) B Q(Qw—Q)
61 = | Qw4 = Gysme = QW
for R(w) > 2; see [24].

I'(w)I(1 —w), (28)

Inverse Mellin and inverse Laplace transforms. We can now apply successively the inverse Mellin
and then Laplace transforms to derive the asymptotics of f1(z). Observe that G; (w) has a simple pole at
w = 2. By or Proposition 5 in [22]], we obtain

IGi(c+it) =0 (e—(”—6>|ﬂ) :
for large || and ¢ € R. Then by the calculus of residues,

. 1 1 1 1 1 _ -1
z[fl;s}:?log2;+;2 2_01+longeZZ\;{0}Gl(2+Xk)8 Xe | 4 0(|s|7Y),
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uniformly for |s| — 0 and | arg(s)| < 7 — . Using the expansion
Q(=s)=1+s+(ls|*)  (Is|~0),

we see that

~ 1+s 1 1 [1 1
g[fl;s]zisQ logy -+ 5 |5g-at

2 log 2 Z Gr(2+ xx)s ™ | +0(|s|7),

kez\{0}

uniformly for |s| — 0 and | arg(s)| < 7 —e.
Finally, we consider the inverse Laplace transform. The following simple result is very useful for our
purposes.

Proposition 2.6 Ler f (2) be a function whose Laplace transform exists and is analytic in C \ (—o0, 0].
Assume that
O (|s|~*[log s +1]|™),
Zf;s] =< cs7¥(—log s)™, (29)
o(ls| =2 log s + 1[™),

uniformly for |s| — 0 and | arg(s)| < m — e, wherea € R, w € Cand m = 0,1,.... If Z|f; 5] satisfies
L8]] = O (|s|7'7%), (30)
as |s| = oo in |arg(s)| < m — ¢, then
O (|z[*~*(log |2)™) , ,
f(z) — ezt Z <T> (log Z)mj(’jjjI‘(lw)’

0<j<m

o (2]~ (log ])™) ,
respectively, where the O- and o-terms hold uniformly for |z| — oo and | arg(z)| < 7/2 —e.

Proof: Let £ (s) = .Z[f; s]. Then by the inverse Laplace transform,

£ 1 z8 ¢p ii zs8 P
f(Z)—% (1)6 X(S)ds—%i He Z(s)ds,

where H is the Hankel contour consisting of the two rays te*% 4 i/|z|, —oo < t < 0 and the semicircle
exp(ip)/|z|, —m/2 < p < 7/2; see Figure 6]

Assume from now on |z| is sufficiently large and lies in the sector with | arg(z)| < m/2 — e. We prove
only the O-case, the other two cases being similar. For simplicity, we consider only the case m = 0, the
other cases being easily extended.

We split the above integral along # into two parts

1 ~ 1 5 1
— 2L (s)ds = — 2L (s)ds + — = L(s)d
271 J,, e (s)ds 271 e (s)ds + 2 . e (s)ds,
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D R(s)

|

Fig. 6: The contour H.

where H~. comprises the two rays te’® +i/|z|,—oco < t < —T with T > 1 a fixed constant and H
represents the remaining contour.
The integral along H - is easily estimated

=T ) )
L. ezsj(s) ds=0 / eéﬁ(\z\e’arg(z)(te’5+i/\z\))|t‘—1—5 d+
27TZ Hs _

(oo}

(/OO t*lfsef\z\t cos(arg(z)+e) dt)
T

@)
0 (ME(C\Z\T) :

the O-term holding uniformly for |z| — oo provided that | arg(z)| + & < 7/2, where ¢ > 0 is a suitable
constant.
For the second integral, we use (29). Then the integral along the semicircle is bounded as follows.

1 m/2
27T‘Z| —m/2

ezerie/|z|+i9j(ei9/‘z|)de =0 (‘z|a—1) ,
uniformly for |z| — oo. For the remaining part t +i/|z|, —T < ¢ < 0, we have

U7 i) Bt 4 i /oD di = O ’ et
_ z 1/ 1Z t ) t = @ t
2mi ) p i/ =0 (k" [ o )

B w1 [ee] e—cu
=0 <|z| /0 7@2 1) du>
0]

uniformly for |z| — oo, where ¢ > 0 is a suitable constant. This completes the proof. |

Note that the inverse Laplace transform of s~2log(1/s) is zlogz — (1 — 7)z. This, together with a
combined use of Proposition leads to (23).
The justification of the estimate (30) is easily performed by using the relation (31)) below.
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The Flajolet-Richmond approach [24]. Instead of the Poisson generating function, this approach starts
from the ordinary generating function A(z) := > p,2".

— Then the Euler transfom@]

satisfies

identical to @1)).

— The normalized function A(s) := A(s)/Q(—s) satisfies

- _ 1
A(s) = 4A(2 -
(5) = 4429 + 5057
again identical to (26).
— The Mellin transform of A satisfies (R(w) > 2)
- Gl (w)
%[ ’ ] - 1— 22—w )

where G (w) is as defined in (28).

Then invert the process by considering first the Mellin inversion, deriving asymptotics of

A _ 1 —w Gl(w)
A(S) = ﬁ /(5/2) S m dw,

as s — 0 in C. Then deduce asymptotics of

Alz) = %A (2—1)7

as z — 1. Finally, apply singularity analysis (see [23]]) to conclude the asymptotics of ji,,.

The crucial reason why the two approaches are identical at certain steps is that the Laplace transform
of a Poisson generating function is essentially equal to the Euler transform of an ordinary generating
function; or formally,

/OOO e % Z % 2"dz = Z an(s+ 1)1

n>0 n>0

= ! A( ! ) (€2))
s+1 s+1

() For a better comparison with the approach we use, our A differs from the usual Euler transform by a factor of s.
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EGF Laplace Euler OGF
£(2) — transform = | transform «— A(2)
of e *f(2) of A(z)
asymptotics asymptotics asymptotics asymptotics
of f(z) as +~— of Laplace LSI()E():C g?lir) of Buler ——  of A(z)
|z] = oo Q(—s) Q(-s) as z ~ 1
de-Poi by Mellin singularity
saddle-point transform analysis

Fig. 7: A diagrammatic comparison of the major steps used in the Laplace-Mellin (left-half) approach and the
Flajolet-Richmond (right-half) approach. Here EGF denotes “exponential generating function”, OGF stands for
“ordinary generating function” and de-Poi is the abbreviation for de-Poissonization.

Thus the simple result in Proposition [2.6] closely parallels that in singularity analysis. While identical at
certain steps, the two approaches diverge in their final treatment of the coefficients, and the distinction
here is typically that between the saddle-point method and the singularity analysis, a situation reminiscent
of the use before and after Lagrange’s inversion formula; see for instance [28]].

The relation implies that the order estimate for the Laplace transform at infinity can be easily
justified for all the generating functions we consider in this paper since A(0) = 0, implying that A(z) =
O(]z|) as |z| — 0.

This comparison also suggests the possibility of developing de-Poissonization tools by singularity anal-
ysis, which will be investigated in details elsewhere.

2.6 \Variance of the internal path-length

In this section, we apply the Laplace-Mellin-de-Poissonization approach to the Poissonized variance with
correction

V(z) = fa(2) = fi(2)? = 21 (2)%,

aiming at proving Theorem The starting point of focusing on V instead of on fg removes all heavy
cancellations involved when dealing with the variance, a key step differing from all previous approaches.
Laplace and Mellin transform. The following lemma will be useful.
Lemma 2.7 If } 3 3

{ f1(2) + fi(2) = 2f1(2/2) + I (2),

fa(2) + f5(2) = 2f2(2/2) + ha(2),

where all functions are entire with f1(0) = f2(0) = 0, then the function V (z) == fo(2)— f1(2)2—2f}] (2)?
satisfies

V(2) +V'(2) = 2V(2/2) + §(2),
with V(0) = 0, where

9(2) = 2f1'(2)? + ha(2) = h(2)® = 21 (2) — dhu(2) fi(2/2) — 220 (2) f(2/2) = 2f1(2/2)".
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Proof: Straightforward and omitted. a

By using the differential-functional equations and for f1(z) and f5(z), we see, by Lemma
that

V(2) +V'(2) = 2V (2/2) + 2 [ ()%, (32)
with V(0) = 0. i
Before applying the integral transforms, we need rough estimates of V' (z) near z = 0 and z = oo. We
have
. O(2%), asz—0T;
Viz) = 33
(=) {O(z”f), as z — 0. (53)

These estimates follow from

34
! O(z|™Y), as|z| = oo, 34

m@y:{mm» as|z| = 0;

which in turn result from Xy = X; = 0 and @) (by the proof of condition (I) of Proposition @
Indeed, the proof there shows that the same bounds hold uniformly for z € C with | arg(z)| < 7/2 —e.

We now apply the Laplace transform to both sides of (32)). First, observe that the Laplace transform of
V (2) exists and is analytic in C \ (—o0, 0]. Then, by

(s +1).2[V;s] = 4.2[V;2s] + §*(s),

where §*(s) := .Z[zf/; s]. Next the normalized Laplace transform

satisfies

By (33), we obtain
7 O(s727¢), ass—07;
1O(s73),  ass— oo

From this and the asymptotic expansion of Q(—2s), it follows that the Mellin transform of .Z[V'; s]
exists in the half-plane R(w) > 2 + . Consequently,

ML Wshiw) = L2

=20 () >2),

where

Ga(w) = A {Qg(*(‘;l),w} = /000 in_;s) /OOO e 21 (2)? dzds. (35)
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By (23), we have
~ 1 —a/oh_y /9t
2f1(2)? = Q% Z er [

h,e>0
Substituting this and the partial fraction expansion
1 B L (_1)j2—(§)
Q(—2s) Qo = Q,(s+279)’

into (33), we obtain (10).

Inverse Mellin and inverse Laplace transforms. For the Mellin inversion, we negd more precise ana-
lytic properties of Go(w). By , we deduce that the Laplace transform §*(s) of z f]’(z)? satisfies

- O(|logs|), as|s| — 0;
9<8):{o(| gsl). ass

(Is[7%), asl|s| = o0

uniformly in the cone |arg(s)| < m — e. Thus, by the asymptotic expansion for Q(—2s) and
Proposition 5 in [22]], we have

Gac+it) = O (e*(HW\) ,
for large |¢| and ¢ > 0. Also the Mellin transform G of §*(s)/Q(—2s) exists in the half-plane $(w) > 0.
Consequently, by standard calculus of residues,

_ 1
LIV ] D G2+ xk)sT T +0O(|s| ),
keZ

- log 2

uniformly for |s| — 0 and | arg(s)| < 7 — . This in turn yields the following expansion for .Z[V; ]

1 1
.5l = 2 —2=Xk 9 —1=xx —e
LWVis] = (55 D Gal2 4 x5 o5 3 Gal2 s+ (18|,
keZ kez
again uniformly for |s| — 0 and | arg(s)| < 7 —e.
Finally, standard Laplace inversion gives
~ z G2(2+Xk) . 1 G2(1+Xk> 1
V(z) = 2Xk 4 22X+ O(|z|°7), 36
(2) IOngeZz I'(2+ xx) log2§Z I'(1+ xx) (=) (56)

uniformly for |z| — oo and |arg(z)| < 7/2 —¢.
Since f2(2) = V(2) + f1(2)? + 2f](2)?, we see from and that
fa(2) = fi(2)* = |2 log? [z]  (larg(2)| < /2 —e).
This proves Proposition [2.5] and Theorem [2.1] by straightforward expansion. More refined calculations
give
y ne n® - 2 1
V(Xa) = V() = 2V"(n) = 1 (n)? +O(n ),

the two terms following V (n) being both O(1) and periodic in nature. It is possible to further extend

the same idea and derive a full asymptotic expansion, which has also its identity nature; details will be
presented in a future paper.
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3 Bucket Digital Search Trees

In this section, we extend the same approach to bucket digital search trees (b-DSTs) in which each node
can hold up to b keys. The construction rule is the same as DSTs, except that keys keep staying in a node
as long as its capacity remains less than b; see Figure[8]for a simple example with b = 2. DSTs correspond
tob=1.

Note that when b > 2 we can distinguish two different types of total path-length: the total path-length
of all keys (summing the distance between each key to the root over all keys), which will be referred to as
the rotal key-wise path-length (KPL) and the total path-length of all nodes (summing the distance between
each node to the root over all nodes, regardless of the number of keys in each node), referred to as the
total node-wise path-length (NPL). When b = 1 the two total path-lengths coincide. For simplicity, we
will use KPL and NPL, dropping the collective adjective “total”. While the expected values of both TPLs
are of order n log n under the same independent Bernoulli model, their variances surprisingly turn out to
exhibit very different behavior; see Table E}

010111
101011
100001

011011
011011 100001
111110 010011 111110

110111

0 1 1
010011 / \ \
011110 000100 011110 110111
000100

010111
101011

Fig. 8: A 2-DST with nine keys. The total key-wise path-length is equal to 4 X 1+ 3 x 2 = 10 and the total node-wise
path-length equals 2 x 1 + 3 x 2 = 8.

3.1 Key-wise path-length (KPL)

We assume the same independent Bernoulli model for the input strings. Let X,, denote the KPL in a
random b-DST built from n random stings. Then by definition and the independence model assumption

Xpis £ Xp, + X/_p +n,  (n>0) 37)

with the initial conditions Xg = --- = X;_; = 0. Here B,, ~ Binomial(n,1/2), X, < X7, and
Xn, X}, B, are independent.

Known and new results. Hubalek [30] showed, by the Flajolet-Richmond approach, that the mean
satisfies

E(X,) = (n+b)logon+ n(ca + ws(loggn)) + ¢z + wa(logyn) + O (nil log n) ,
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where cs, c3 are effectively computable constants and w3 and wy are very smooth periodic functions. He
also proved that the variance is asymptotically linear

V(X,) = n(Cp + wn(logyn)) + O((logn)?),

where (', is expressed in terms of a very long, involved expression and wy, is a periodic function.
We improve this estimate by deriving a much simpler expression for the periodic function, including its
average value C},. To state our result, we define the following functions. Let

2 2
. b\ ~(; b\ -
=5 ()ee] (= (e
0<5<b J 0<5<b J (38)
D\ ([, NG NG
- (722) "+ (2:2) 7).
WS
It is easily seen that §(z) is of the form
i)=Y GahVORYE s Y LAY A6, (39)
2<i1,in<b 2<iy i <b+1

where Gi, iy, J;, ;, > 0 are given explicitly by
- b b b b—1, . b b—1;
s = | . =1, . — (- 1. . ,
Gin <21> (22> <21> ( ia ) (b=it )<Z1 - 1> (22 - 1)
L (b b b\ (b—ii+1
Jivia =\ 1) iy =1 1)\ ip—1 )

both coefficients being symmetric in ¢; and ¢2. Define

o0 w—1 (o)
Gg(w):/o M/O e *%g(z) dz ds,

which is well-defined for f(w) > 0, as we will see later.

Theorem 3.1 The variance of the total key-wise path-length of random b-DSTs of n strings satisfies

V(X,) = n(Ch + wn(logyn)) + O(1), (40)
where Ga(2) ) - -
— 2 J— S —Z8 =
Cn = log2 logZ/O Q(—Qs)b/o ¢ 7g(z)dzds,
and ) G (2
wh(t) _ s 1—\2(2 + Xk)e2k:m't'
08 % 1o} (2 + xx)

By straightforward truncations, expansions and approximations, we obtain the following numerical
values forb=1,...,5.

b 1 2 3 4 5
C}, | 0.26600 | 0.13260 | 0.09004 | 0.06958 | 0.05781

More powerful means are needed to be developed if more degree of precision is required.
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Generating functions. From (37), it follows that the moment generating function M,,(y) := E(e*X»¥)
can be recursively computed by the relation

Myyb(y) = % Z (n) M;(y)M,—;(y) (n >0),

0<j<n

with M,,(y) = 1 for 0 < n < b. The bivariate exponential generating function F'(z,y) then satisfies the
equation

b evz 2
“ Fr N il
azb (Z,y) ( 2 ’y> )

with F (1)(0,y) = 1for0 < j < b, and we have the nonlinear equation for the Poisson generating function
F(z,y) == e *F(z,y)

b\ 76 @nap (€2 )
S (D)FO Gy = () @1
J

0<j<b

with F(0,y) = 1.

From this form, the asymptotic analysis of the mean value and that of the variance proceed along
exactly the same line we developed in the previous section. Thus we briefly sketch the principal steps of
the analysis, leaving the details to the interested reader.

The expected value of X,,. From (1)), we derive the following differential-functional equation for the
Poisson generating function of the mean

Z (?) FI2) = 2f1(2/2) + 2,

0<j<b

with the initial conditions fl(j )(O) =0for0<j<b.
Before applying the Laplace-Mellin approach, we need first a transfer-type result similar to Proposi-

tion 2.4
Proposition 3.2 Let f(z) and §(z) be entire functions satisfying

b FU)(2) = 2f (2 g(z
Zb(]>f (2) = 27(2/2) + (=), “2)

with f(0) = 0. Then )
ge S — fe g7
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Proof: (Sketch) The same proof as that for Proposition [2.4] applies mutatis mutandis to @2). The only
difference is that we now have

FO(2) = 2¢*2(2/2) + g(2),
where f(z) := e*f(z) and g(z) := €*j(z), so that has the extended representation

1 ? —1 t/2
1) = Gy | =0 (2620 072) + 9(0) at

2b

- =) /01(1 )bt (2etz/2f(tz/2) —|—g(tz)) dt,

and

b

1
Flo) = —2 / (1= )%= 0-9% (2f(12/2) + (=) dt.
(b—=1!Jo
All required estimates can be derived by the same arguments used there. a

The Laplace transform of fl now satisfies the functional equation
(s 4+ 1)°.2[f1; 5] = 4.2 f1;2s] + s72,
for ®(s) > 0. From this equation, we obtain

1
(s+1)b--- (14 27s)07

f[fl;s] = Sigz

=0

which extends (22). From this series and partial fraction expansions, we can derive a close-form expres-
sion for f;(z), which becomes messy especially for large b. Define as before .Z[f1; s] := .Z[f1; 5]/Q(—5)°.

Then we obtain
1

Q(=2s)"s*

This relation is almost the same as (26). Thus the same Mellin analysis given there carries over and we
deduce that

Zfr;s] = 4L ;28] +

~ 1 1 1 1 C4 1
ZIf1;8] = ?10g2;+? 5-1—

Z G1(2 + X}g)S_X’C

- +
log2 = log?2 kez {0}

b 1
+ =log =+ O(|s|™"),
S S

uniformly for |s| — 0 and | arg(s)| < 7 — ¢, where

o] Sw73
Gi(w) = /0 mds,
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and

. 1
Cq = 3}1_)1112 (Gl(&)) - u)—2>

[ ez =) o [ s

Consequently, by the Laplace inversion,

) 1 Gi(2)+y-1 1 3 G2 X0 | 4 o), @3)

i) = (e 4 Blogyz = | 2+
2 log 2 log 2 beznio} (24 xk)

uniformly for [2| — oo and | arg(z)| < m/2 — e. From this and Propositions[3.2)and 2.2] we obtain

()
[ ) 7i(n) + O (n711F)
forany k = 1,2, .... Finally,

1
+

E(X,) = (n+b)1 1
(Xn) = (n+b)logan+n | 5 log 2 log 2

kN {0} (2 + xk)

Variance of X,,. The analysis here is again similar to that for the mean. Let fg(z) denote the Poisson
generating function of the second moment E(X?2). Then, by (1),

2 (3’) F57(2) = 2Fa(2/2) + 201(2/2)° + 42f1(2/2) + 221 (2/2) + 2 + 2,
0<j<b
with the first b Taylor coefficients zero. Define again
V(z) = fa(2) = fil2)? = 2fi(2)*.
Then V() satisfies

b\ ~,. -
> ()70 =2 + o),
o<j<b
where §(z) is given in (38).

By the representations (39) and {@3), we have

i) = {O(z|), as || = 0;

O(lz]71), as|z] — oo,

uniformly in the sector |arg(z)| < 7/2 — e. This is similar to the corresponding estimate (34) in the
analysis of the variance in the previous section. The same procedure there applies and we deduce (@0).
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3.2 Node-wise path-length (NPL)

We consider in this section the total node-wise path-length (NPL). Under the same independent Bernoulli
model, we still use X,, to denote the NPL in a random b-DST of n binary strings with node capacity
b > 2. Also let N, stand for the total number of nodes (space requirement) in random b-DST of n
strings. Despite its being one of the most natural shape measures for b-DSTs, the consideration of X,
here seems to be new. For N, it is known that the distribution is asymptotically normal with the mean
and the variance both asymptotically n times a different smooth periodic function; see [31]]. In contrast to
(@O for the variance of KPL, what is unexpected and surprising here is that the variance of X, is of order
n(logn)?.

Theorem 3.3 Assume b > 2. The mean of N,, and that of X, satisfy the following asymptotic relations.

E(Ny) = nPio(logy n) + O(1),
{ (X.,) = n(logg n) Pt ology )+ nP{ oz n) + (log m) P logy ) +O(1):
and the variances of Ny, and X,, satisfy
V(Ny) = nPso(logyn) + O(1),
Cov(N,, X,,) = n(logy n)Pa o(logy n) + nPl[ﬂ(logQ n) + (log n)Pl[gi (logyn) + O(1), )

V(Xa) = n(logy n)* Pao(logy n) + n(logy n) Py (logy m) + Py (logy n)
+ (log n)* Py 3 (log, m) + (log, n) Py (logy m) + O(1),
where the P. .’s are all computable, smooth, 1-periodic functions.

Intuitively, that the variance of NPL is larger than that of KPL can be seen from the definition of NPL,
which depends on the random variable N,, (see (@6)), while on the other hand, KPL depends on n only (in
addition to on the two subtrees). The following figure shows the first few values of the variance of NPL
and that of KPL.

NPL

Nl KPL

4 6 8 10 12 14 16 18 20

We see that the variance of NPL increases faster than that of KPL.
Note that the periodic functions of the dominant terms are all equal, implying that the correlation
coefficient of N,, and X, is asymptotically 1.
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On the other hand, the mean value ¢; g of P ¢(¢) is given by

1 o0 1 b—1
€1,0 / (s+1) ds;
0

" log2 Q(—2s)b
numerical approximations to c; o for the first few b are given as follows.
b |1 2 3 4 5 6

cio | 1] 057470 | 0.40698 | 0.31594 | 0.25849 | 0.21885
Note that when b = 1

R 1 /Oo ds _1
" log2 Jy Q(-2s)

by @I) which is consistent with the fact that /NV,, = n in this case.

When b = 2, we see that about 42.5% of nodes on average contain two keys and 14% of nodes a single
key. The storage utilization is thus not very bad.

From and these numerical values, we see that, in contrast to the expected KPL, which is asymptotic
to nlog, n for all b, the expected NPL provides a better indication of the “shape variation” of random b-
DSTs.

Our analysis is based on the following straightforward distributional recurrences

d *
Nn+b;NBn+Nn—Bn+l7 (?120)7 (46)
Xnto =Xp, + X, _p +Np, + N, _p,
with the initial conditions Ny = 0, Ny = --- = Np_1 = 1l and Xy = --- = X,_1; = 0. Here again

d

B,, ~ Binomial(n,1/2), N, 4 N X, = X} and X,,, X}, B, as well as N,,, N, B,, are independent.

n’
Generating functions. Define M, (u,v) = E(eN»“TXn?) Then (46) translates into the recurrence

n

My ip(u,v) =e*27" Z (?) M;(u+v,v)M,_;(u+v,v), (n>0),
j=0

with My(u,v) =1, M (u,v) = -+ = Mp_1(u,v) = e*. Next, let
Mn(u7v) n
F(z,u,v) = T;)Tz .

Then the recurrence relation gives

o° 2
@F(z,u,v) =" F (g,u—&—v,v) ,

and the Poisson generating function F'(z, u,v) := e *F(z,u,v) satisfies

Z (?) %F(z,u,v) = e"F (%,u + v, v)2 , 47)

0<j<b
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with the initial conditions F(z,u,v) = 1 + (e* — 1) Scjep(=1I T i 4

For the moments, if we expand F'(z, u, v) in terms of u and v,

(2,u,) Z sy ( )fjm (2 udvm I,

m>0 O<]<m

then f,,_;(z) is the Poisson generating function of E(N/ X/*~7). Thus all moments of X,, and N,, or
their products can be computed by taking suitable derivatives of with respect to v and v and then
substituting v = v = 0.

Expected number of nodes and expected node-wise path length. By taking first derivatives of @7),
we obtain

> (b> FN(2) = 2f10(2/2) + 1

o<j<b \J

B ) . 48)
> (0)isie) =2hoaer + 2 0ler2),

0<j<b

the initial conditions being f1 ¢(0) = 0, fl(jg( 0)=(-1)"1for1 <j < band f((j)( 0)=0for0<j<b.
We can apply the Laplace-Mellin approach as before, starting from the mean of N,,. Note that

ZLIfDs] =525 Y $FUT00) (1=0,1,...),

0<0<j

provided that the Laplace transform exists for $(s) > 0. This gives
(s +1)"L[f1,0:8] = 4L f1.0:25] + 37 0(5),

where

Go =gt X Y (1)

0<<b—2  (<j<b—2

1 b—1 .
= — J—1
St ( j )

1<5<b
=5 (s + 1)1’*1.

Unlike all previous cases, iterating this functional equation leads to a divergent series. Although this
problem can be solved by subtracting a sufficient number of initial terms of fi o(z), the approach we use
does not rely on this and avoids completely such a consideration.

Let Z[f1.0;5] == L[ f1.0;5)/Q(—s)’. Then

Gl,o(w)

ML fr0;8);w] = T or—w (R(w) > 2),
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where
G ()-—/ ;Sw_z (s+1)"'d
1,0lw) = o (725)17 S S,

for R(w) > 1.
From this, we deduce that

fi0(2) = 2P1o(log, 2) + O(1), 49)

uniformly for |2| — oo and |arg(z)| < m/2 — &, where P (t) is a periodic function with the Fourier
series representation

1 G102+ .
Pl,O( ) . Z 1,0( Xk)e2k:7rzt

log 2 = (2 + xx)

the series being absolutely convergent. From this we deduce the first approximation of @4).
We now turn to the expected NPL E(X,). By (@8), we have

(8 + 1)1)@?[]50’1; S] = 43[‘]‘70,1; 28] + 4$[f~170; 28]

Letj[fo’l; S] = g[fo)l; S}/Q(—S)b Then

- 22=w @ olw
M fo1;30] = (1_221’0‘5)2)7 (R(w) > 2).
From this we deduce that
fo’l(z) = z(log, ,Z)P(gﬂ(log2 z) + zP(ﬂ (log, 2) + (log, Z)Péﬂ(lOgQ z) 4+ O(1), (50)

uniformly for |2| — oo and |arg(z)| < 7/2 — &, where P(ﬂ(t)7 Pﬂ(t), Po[ﬂ (t) are smooth, 1-periodic
functions whose Fourier coefficients are given by

1 2 4
Pﬂ (t) = Pro(t) Z Gro(2 + X&) o2t

log 2 Pt (2 + xx)
1 Gl o2+ 2+ — G102+ _
Po[zi( )= — _ Z 1,0( Xk)Y( Xk) 1,0( Xk) egkmt7
’ (log 2) = T2+ xk)
b Gi1o(2 )
Po[ﬂ( ) _ 170( + Xk) 62k7rzt.
’ log2 &= T(1+ xx)

Here ¢(z) denotes the derivative of log I'(z) and all series are absolutely convergent. This proves .



Asymptotic variance of random digital search trees 143

Variance. Taking second derivatives in and substituting u = v = 0 gives

(b) 0 (2) = 2Fa0(2/2) + 2F1 0(2/2)° + 4io(2/2) + 1,
b

0<5<
T (?) F9 () = 21 (2/2) + 220(2/2) + 2 Fro(=/2) + fon(2/2) (Fro(z/2) + 1),
0<5<b

A~

) f(2) = 2f0,2(2/2) + 4f1.1(2/2) + 2fo.2(2/2) + 2(Fr.0(2/2) + for(2/2))%,

G

= JU(0) = f§(0) = 0, for

with the initial conditions fg(jo)(o) = (=1)7"'for1 < j < band fa(0) 2)
0<j<b.

The remaining calculations follow the same pattern of proof we used above but become much more

involved. We begin with

(2) = fa0(2) — fro(2)* — 2] o(2)?,
fLi(z) = fro(2) for(2) — 2f1 o(2) fo.1(2),

f foa(2)? = 2f51(2)%.

/\
w
N
|
=+
[\v]
=
w
N
|

Then we deduce

W(2) = 2V (2/2) + G2.0(2),

]

S, o

N—
<t

) UD(z) =20(2/2) + §1.1(2),

lQ‘
VR
S, oo

> ()0 =22 + dalo)
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Gr.0(e) = (O;b ()7 1(73(2)) - (O;Q ;) T%*”(z)) 2

- Z ()(flo JrZJF{,o(Z)Z)(j),

0<5<b

Gua(s) = 27(/2) + (Z () 1<?’3<z>) (Zb () 37’3(2))
v (Zb ()7 >) (Zb () E?f”(@)

- ¥ () (i) + 2o )

0<5<b

5 - b
Jo,2(2) = AU (2/2) + 2V (2/2) + 57 (2)
; (= ()me)

Hp (Z () ~éﬁ*”(z)) -

The initial conditions are V(0) = U (0) = W) (0) = 0 for 0 < j < band

where

> (0) (faater + 2h3a2)”

0<j<b

VO©O) = (-1 1+ —2)27), (1<j<bh).
From (#9), (50) and Ritt’s theorem (see [54]), we have
d2.0(2) =0 (2] 71),
gia(2) =2V (2/2) = O (2] 71),
Go2(2) —4U(2/2) =2V (2/2) = O (|271),

uniformly for |z| — oo and |arg(z)| < 7r/2 — e Let ZL[A;s] == Z[A;s]/Q(—s)", where A €
{V,U, W?}. Then we obtain, for R(w) >

MLV sl = 220D
ML 5] w] = 2(:235? + 1G_1712(2<:;)w |
AP 5] ] = 25729 Gy o (w) N 227% (2G4 1 (w) + G20 (w)) n G11(w) + Goa(w)

(1 —22-w)3 (1—22-w)? 1—2%w 7
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where

(o5 (512
G1,1(w) ::/0 Q? 55 g11(2) — 217(2/2)) dzds,
Q(—2s)" (

Gao(w) = /OO 5 “21) (ag[gz’o;s] LD - (1P (@b 34 (b 1)5)) ds,
0
)’ / (
w—1
Goale / Q / e (go,g Z>—2‘7(z/2)—40(z/2>) dz ds,
>

with all functions analytic for ®(w) > 0. Consequently, we deduce .

4 Digital search trees. Il. More shape parameters.

We consider in this section four additional examples on DSTs whose variances are essentially linear.
The same tools we use readily apply to b-DSTs, but we focus on DSTs because the results are easier to
state and the asymptotic behaviors do not differ in essence with those for the more general b-DSTs the
corresponding expressions of which are however much messier.

The first parameter we consider is the so-called w-parameter (see [[L6]), which is the sum of the subtree-
size of the parent-node of each leaf (over all leaves Instead of w-parameter, we call it the toral
peripheral path-length (PPL), since it measures to some extent the fringe ampleness of the trees. Also
this is in consistency with the two previous notions of path-length we distinguished.

Then we consider the number of leaves, which has previously been studied in details in [26} 31} 39] and
which is well connected to PPL. Our expression for the variance simplifies known ones.

Yet another notion of path-length we consider here is the so-called Colless index in phylogenetics,
which is the sum of the absolute difference of the two subtree-sizes of each node (over all nodes). We call
this index the fotal differential path-length (DPL) as it clearly indicates the balance or symmetry of the
tree. Another widely used measure of imbalance in phylogenetics is the Sackin index, which is nothing
but the external path-length.

The last example we consider is the weighted path-length (WPL), which often arises in coding, opti-
mization and many related problems.

The orders of the means and the variances exhibited by all the shape parameters we study in this paper
are listed in Table [Tl

4.1 Peripheral path-length (PPL)

The PPL (or w-parameter) was introduced in [16]], the motivations arising from the analysis of compres-
sion algorithms. We start from the fringe-size of a leaf node A, which is defined to be the size of the
subtree rooted at its parent-node; see Figure[9] The PPL of a tree is then defined to be the sum of the
fringe-sizes of all leaf-nodes. Let X,, denote the PPL in a DST built from n random binary strings under
our usual independent Bernoulli model.

Drmota et al. showed in [16]] that

E(X,) =n(Cy + @y,(logsn)) + o(n), (51

(i) The leaves or leaf-nodes of a tree are nodes without any descendants.
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Fig. 9: The two possible configurations of the fringe of a leaf: the fringe-size (or w-parameter) equals |T'| + 2. Note
that T may be empty.

where

(C+1)(—2) 1 1 20— 1
i = —1 —
Ow ; QzQZ Z 2E+k -1 + log2 ;} QeQZ

k>1

Note that by (24)), we have the identities

C+1)@E-2) 1 1 1
ZW—* Zer Zﬁ 21,

oo

£>0 ’ j=1 j>1
20— 1 1 2
ZQge:Qi ZQj_l_l
>0 <t o \j>1

The asymptotic behavior is to be compared with the n log n-order exhibited by most other log-trees
such as binary search trees and recursive trees; see [[16]. It reflects that most fringes of random DSTs are
small in size; see Figure 3] Indeed, since the expected number of leaves is also asymptotic to n times a
periodic function, the result implies that the average size of a fringe in random DSTs is bounded. We
show that the standard deviation is also small.

Define
Go(2) == 2f/(2)% — 1i6 e 7 (2* +42% + 1627 — 82 + 64)
z - - (52)
1 e ?/? <4(z +4)f1(2/2) — 2(22 + 22+ 8) f{(2/2) — (2 + 2)(z + 8)) )

where f(z) represents as usual the Poisson generating function of E(X,). Let G5 (w) denote the Mellin
transform of Z[ga; s]/Q(—2s).

Theorem 4.1 The mean and the variance of the total PPL X,, of random DSTs of n strings satisfy

E(Xn) =n (Cw + Ww (10g2 ’I’L)) + 0(1)7
V(X,) = nPy,(logyn) + O(1), (53)

where Py, (t) is a smooth, 1-periodic function with the Fourier series expansion

P (t) _ 1 G2(2+Xk) €2k,7rit
b log2 &= T'(2+ xx)
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the series being absolutely convergent.

We provide only the major steps of the proof since it follows the same approach we developed above.

Recurrence and generating functions. By definition and by conditioning on the size of one of the
subtrees of the root, we have the following different configurations

A D ThA KT A2

from which we derive the recurrence for the PPL

Xn-1, with probability 22",
n+ X,_a, with probability (n — 1)22";
Xy + X:_,_;, withprobability 2!~ ("), 2 < k <n — 3,

X, <

where Xy = X; = 0, X5 = 2 and X3 has the distribution
P 6, with probability 1/2;
®7 12, with probability 1/2.
From this recurrence, it follows that the bivariate Poisson generating function
n —z E(eXny) n
F(z,y):=e ZTZ
n>0
satisfies the nonlinear equation
. o ~ . 2 ) _ /ey
Flean) 4 5o Fean) = F (3u0) 4 sedriesrie (S5,

0z 2 (54)

—ze *?F (%,y) +Z ez (e — 1)2 ,
with the initial condition F'(0,y) = 1.

The expected PPL. By , we obtain the differential-functional equation for fl (z) by taking deriva-
tive with respect to y and then substituting y = 1, giving

Ni(z) + [1(2) = 2f1(2/2) + 2(2 + 2/2)e 7, (55)
with f1(0) = 0. The Laplace transform of f; satisfies

4
s+1

16

Zlfr;s] = (EThE

ZL[frss]+

4k
16 =.
];) (s+1)---(2k1s+1)(2F+1s 4+ 1)3
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Then a straightforward application of the Laplace-Mellin-de-Poissonization approach yields

n G1(2+ xx)
E(X,) = nX* + 0(1),
(Xn) logZ;Z (2 + xx) @

where

_16/Q 25+1)d (R(w) > 0).

The O(1)-term can be further refined by the same analysis. In particular, we get an alternative expression
for C,

W 1og2 log2/ Q(— 2s+ 1)3
That the two expressions of C,, are identical can be proved by standard calculus of residues; see [24]] for
similar details.

ds ~ 1.10302 66959 - - -

The variance of the PPL. Again from (54), we derive the equation for the Poisson generating function
f2(z) of the second moment of X,

Fa(2) + Fa(2) = 2Fa(2/2) + 2f1(2/2) + g

224102 + 16) (56)
4 b

oo ((z T fi=/2) + 2R (/2 +
with f2(0) = 0._ i
Let V(z) = fao(2) — fi(2)? — zf](2)2. Then, by (55} . 6) and Lemma.
f/(z) +V'(2) =2V (2/2) + §2(2),

with V(0) = 0, where s is defined in (52).

Applying again the Laplace-Mellin-de-Poissonization approach, we deduce (53). In particular, the
mean value of the periodic function P, is given by

G2(2) / / e

= zs dzds.

log2  log2 o Q(—2s) Jo ¢ h(z)dzds

4.2 The number of leaves

The leaves of a tree are the locations where the nodes holding new-coming keys will be connected; thus
different types of data fields can be used to save memory, notably for b-DSTs. The number of leaves then
provides a quick and simpler look at the “fringes” of a tree. Such nodes are sometimes referred to as the
external-internal nodes or internal endnodes in the literature; see [16, 26, 41} |56].

Let X,, denote the number of leaves in a random DST of n keys. Then X, satisfies the recurrence

X1 £ Xp, + Xi_p,  (n>1), (57)

with Xy = 0 and X; = 1, where B,, ~ Binomial(n;1/2).
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Flajolet and Sedgewick [26], solving an open question raised by Knuth, showed that
E(Xn) = n(Cps + wp(logyn)) + O(n'/?),

where wy,(t) is a smooth, 1-periodic function and

k 1 1 1 1 1
Cff:l+ZQk2k > 2 -1 0O |log2 " ZQk—1 72%—1

k>1 1<j<k k>1 k>1

~ 0.37204 86812 - - - .

A finer approximation, together with the alternative (and numerically better) expression

Gty Ly
fs = et 26 —1 Qs | log2 et Qr(2F — 1)2k(k+1)/2 )

was derived by Kirschenhofer and Prodinger [39]; see also [56]. They proved additionally the asymptotic
linearity of the variance
V(X,) ~ n(Cyp + wip(loggn)) ,

where wy, is a smooth, 1-periodic function with mean zero and a long, complicated expression is given
for the leading constant Cy,. We derive different forms for these two asymptotic approximations.
Define

Ga(2) = 2f{ ()2 + 7 (1= (14 2) + 22f{(2/2) — 4/2(2/2)) (58)

where f1(2) := e * Y, oo E(X,)2"/n!.
Theorem 4.2 The mean and the variance of the number of leaves are both asymptotically linear with the
approximations

n G1(2 + X&)
E(X,) = Xk 4+ O(1),
(Xn) log 2 & T(1+ xx) 0
V(X,) = — G224 Xk) o o),

log 2 = (2 + xk)

where the two series are absolutely convergent with G+, G5 defined by

G- | rmarm

6= | 5ay

(o)
/ e *°ga(z) dzds,
0

Sfor R(w) > 0.
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We see in particular that

1 > s
s = 10g2/0 (s+1)Q(—2s) ds,

1 * s e
Cip = 10g2/0 Q(—2s)/o e **ga(z) dzds. (59)

Sketch of proof. From , we derive the equation for the bivariate generating function 1:“(,27 y) =
D DR E(eXn¥)z" /n!

F(z,y) + 2F(z,y) =F (

2
Evy) + (ey - 1) 6727

0z 2
with F (0,y) = 1. Then the Poisson generating functions of the first two moments satisfy
h(2) + fi(2) =2f1(2/2) + 77, (60)

Fa(2) + f3(2) = 2f2(2/2) + 2f1(2/2) + 7%,
with f1(0) = f2(0). Consequently, the function V (2) := fo(2) — f1(2)% — zf1(2)? satisfies
V(2) +V'(2) = 2V (2/2) + Ga(2),

with f/(O) = 0, where g is given in l| The remaining analysis follows the same pattern as above and
is omitted.

We provide instead some details for the numerical evaluation of the constant Cy, as defined in @]),
which is similar to the case of internal path-length of DSTs.

By applying the Laplace transform to both sides of (60) and by iteration, we get

~ 4k:
ZLlfr;s] = :
Pl =2 (s+1) (25 +1) - (2615 + 1)(2ks + 1)2

k>0

Since the inverse Laplace transform derived from the partial fraction expansion of this series is divergent,
we consider the function f;(z) := f1(z) — z + 22 /2 for which the equation becomes
2

A&+ fi() =2f1(2/2) =142+ S +e7,
with f1(0) = 0, and we have

| = 1 > 3-2Fs+1
© 288 £ 2k(s 4 1) (26 + 1) (20s + 1)2

ZLlfis

Then by the partial fraction expansion

k—§+1)

3-2%s+ 1 —1)k=£(3. 2k=¢ _ 1)2~ 1
Z( )" )

(s+1)---(2FTs+1)(2Fs+1)2 (25— 1)QuQr s 20511

0<t<k
1 1 1 2

—[3+2 _ -

o > 21— 1) 2ks+1  Qp(2Fs+1)2’

1<5<k
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we obtain

o Lyt L (a2
f[fl,s] iy ; 24@[ (228+1 (2484—1)2),

where

i(3-2i —1)27 (%)
6@:34—222]. Z 23712362] .

1<j<e

Obviously, limy_, ., 6 = 4. Now, by the inverse Laplace transform,

2
4 —z/2¢
ZQ (2(5@(1—2[+22€+1—e / >

£>0
2
— 2t (3 - % + Q;ﬁ - 36_2/22> + 226_2/2£>7

which converges for all z; also from [26]] we have

n>3 : 0<j<n—2 Q(])

Then the first and the second derivatives are given by

A 1 1 /9t /9t Z ot

f{(Z):§§ @(52(—1+Z/2Z+e /2>+4_2T_4 /2 = /2)’
£>0

N 1 £ £ z £

1" _ 5 ( 7z/2 ) _919 —z/2 ,Z/Q).

1(2) = £E>O 2@@4 ( ¢ + 2e + By e

Now the constant Cy, can be expressed in terms of the integrals of fl as follows.

(log2)Cp = /000 ECBIE j_ EEE ds + /000 ﬁ /000 e > 2(fl(2) —1)2dzds
+ 2/000 ﬁ /OOO e+ <z - Si> (f1(2/2) — 2) dzds.

And we get C,, = 0.034203 - - -

A general weighted sum of node-types for b-DSTs. For b > 2, we can consider Xr[f ], 1 <j<b,the
number of leaves containing j records in a random b-DST with bucket capacity b built from n records.
Let also Xy[,b +1] be the number of internal (non-leaf) nodes. Define

Xo= Y a;Xx7,

1<j<b+1
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where aq, . .., apy are arbitrary real numbers. By a straightforward computation
b\ & - w2 \2
— LAb+1Y d —Z (,GpY _ Gbi1Y
5 (0) g = e (S) e e - e,
0<;5<b

with F(O, y) = 1. Then our approach can be applied and leads to the same type of results as Theorem
with different G; and Go; the resulting expressions for the variance are more explicit and simpler than
those given in [31]].

4.3 Colless index: the differential path-length (DPL)

The DPL of a tree is defined to be the sum over all nodes of the absolute difference of the two subtree-sizes
of each node as depicted below.

DPL = > [Tt — Trign
all nodes

Teft Tright

Properties of such a path length in random binary search trees have long been investigated in the sys-
tematic biology literature; see [4] and the references therein.

Let X, denote the DPL of a random DST of n input-strings. Then by definition and by our indepen-
dence assumption, we have the recurrence for the moment generating function

Maa(y)=2" Y (7)Mj<y)Mn_j(y)e'“j'y (n>0), (61)
0<j<n

with My(y) = 1.
Let also

G2(2) = 2f{'(2)* + 2 = ha(2)? = 2 (2)? — 4ha(2) f(2/2) = 220 (2) f1(2/2) + 4he(2),

where f}(z) is the Poisson generating function of E(X,,) and h.(z) is defined by

he(z) =€) (z{j)n > <Z>E(Xk)|n — 2k|. (62)

n>0 " 0<k<n

Theorem 4.3 The mean and the variance of the DPL of random DSTs satisfy the asymptotic relations

V2n
Vr(V2-1)

V(X,) = (1 — i) nlogyn + nPy 4 (logy n) + O(n/?), (64)

E(Xn) = nPp(logyn) — +0(1), (63)

where Py ,, and Py , are explicitly computable, smooth, 1-periodic functions.

These results are to be compared with the known results for random binary search trees for which the DPL
has mean of order n log n and variance of order n?; see [4].
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Expected DPL. The approach we follow here for deriving the differential-functional equations sat-
isfied by the Poisson generating functions of the first two moments is slightly different from the one
we used since the corresponding nonlinear equation for the bivariate generating function F(z,y) :=
> ns0 M (y)z™/n! is very involved as given below.

%F(z,y) —1=F (e;zy) F (e_;z,y)
L I (% ) (F(eyZ/Z y) —w e VF(z/(2w), y)

- Y
2700 Jjwp|=r>0 27 w—e Y

_F(e*yz/Q,y) _ wleyF(z/(2u)),y)> duw,

w — ey
with F(0,y) = 1.
We use instead a more elementary argument. From the recurrence , we obtain, with u,, := E(X,),

=27 5 (Nt 5 (-2l 0z,
0<k<n 0<k<n
the initial condition being o = 0. Then the Poisson generating function of X, satisfies the equation
fi(2) + fi(2) = 2f1(2/2) + M (2),
with f1(0) = 0, where h; is given by

() ==Y (222!)71 OZ (Z) In — 2|

n>0 k<n
=ze 7 (Io(2) + I1(2)),

where we used the identity

2n!

2 (k)'“‘% e

0<k<n

and I,,(z) denotes the modified Bessel functions

I(z) = 3 2T

= nT(n+a+1)
It is known (see [63]]) that, as |z| — oo,
eZ
1+0(27Y), if [arg(2)] < 7/2— =,
I,(2) = V212 ( )

0 (|z|_1/2 (eéR(z) n e—WZ))) , if|arg(z)] <, ’ (65)
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the O-term holding uniformly in z in each case. Thus, by , hy € F and

- 2
ha(z) = f (1+0(2I™Y),
for |z| = oo in |arg(z)| < 7/2 —e. Also
Llhiis) = (s+2)"Y2732  (R(s) > 0).

Thus we can apply the same approach and deduce that

n G1(2+ xx) e

E(Xn) = log2 £~ T'(2+ xx) T V(2 - 1)

where G (w) is the Mellin transform of .Z[h; s]/Q(—2s)

0 8w—5/2

This proves (63). Numerically, the mean value of the dominant periodic function is G1(2)/log?2 ~
1.33907 46494.

The variance of DPL. Again from , we have the recurrence for the second moment s,, := E(X?2)

. n
Spa1 =2 Z <k> (sk + 5p g+ (0 —2k)? + 2pppin— g + Apg|n — 2k|) ,
0<k<n

forn > 1 with sg = s1 = 0. Since

2 Y (Z) (n— 2k)2 = n, (66)

0<k<n
we see that the Poisson generating function of s,, satisfies the nonlinear equation
Fa(2) + f5(2) = 2f2(2/2) + 2f1(2/2)? + 2 + 4he(2),
with f5(0) = 0, where h,(z) is defined in .
Lemma 4.4 The function he is JS-admissible and satisfies
he(2) = hu(2)f1(2/2) + O(|2|'"?), (67)

in the sector | arg(z)| < m/2 —e.
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Proof: Observe first that

me =Y 5 (G) T E)

k>0 n>0
k—73 rz2\J
_2Zk'() 2 j! (5)
E>0 0<j<k
) ez(1u+1/1v)/2
= — —d 1
2m'fjw| CTworE W <)
since
> 56 =t
B - . 2.
ok gbo\2 (w—1)

On the other hand, since fi(z) = ano Unz"/nl, we have, by the same argument,
he(z) == €*he(z)
B e [ 2\* |n—k| r2\n»
> aE) X 6)
E>0 n>0
i k k—n sz\" n—=~k /z\"
kf (7) Z n! (5) + Z n! (5)
0<n<k n>k
”*(*)k R LG X ek (G)
Rl 2 o ) 2 n G (=07 (3
0<n<k n>0 0<k<n

Py 6wz/2 1 w2z ez/(Zw)
= d d .
i ﬁw_mfl <2w) w—12 """ or f{wl_mfl( 2 ) (w—12 "

To prove condition (0), we start with changes of variables, giving

L > wy 7 /2w q 2 wy e /2w q
C(Z)_% ° h (5> (w—2)? w—i—% - h (5) (w—2)? “

[w|=|z| |w|=|z|

~
\/

Il
7
- WM |

[\

where the first integration circle is indented to the right to avoid the polar singularity w = z, and the
second to the left. By splitting each integration contour into two parts, we obtain

2/(2w) 0
he Z <% %) f1 dw+ O / f1 (|Z€) ’ el2(cos0)/2 4p :
S (w—2p? <|o|<n 2

where the integration contour § is any path connecting the two endpoints |z|e*? and indented to the
right, and ¢ denotes the corresponding symmetric contour with respect to w = z (and indented to the

left). Since fl € _Z, condition (O) for izc(z) is readily checked.
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For condition (I), it suffices to prove (67). For that purpose, we use the representation
—z z(w+1/w)/2
~ e e [z Wz
2= By e (P (a) A (F)) 4
(2) 2m?|§w_r<1 wonz Jtlgy) thly))dv
- —z z(w+1/w)/2 —z
2/ 270 Jiyj=rar (w—1) 270 S| =r<1

—z ]{ ez(w+1/w)/2Rz(w) dw,
|lw|=1

~ ~ e

= f1(z/2)h1(2) +

271

where
o= e (4 G4 6) -4 2552)
(7)) -2 () ()25

is analytic at w = z. The error term of h.(z) — h1(z)f1(z/2) can be estimated by a similar argument as
that used for checking condition (O). This completes the proof of the Lemma. O

The remaining analysis is now routine. Let V(2) := fo(2) — f1(2)? — zf}(2)2. Then
V(z) + V'(2) = 2V (2/2) + §a(2),
where, by Lemma 2.7}
G2(2) = 2 = I (2)? + 4 (he(2) = () fu(2/2)) = 2} (2)? = 22B5(2) L (/2) + 27 (2)?

- (1 - 2) 2+ 0(|2[V?),

3

for |arg(z)| < 7/2 — e. From this and the analytic properties of the functions involved, we deduce (64).

Remark. The same approach can be extended to more general differential path-length of the form
> il nodes | Tt — Trignt)™ with m > 2. Interestingly, when m = 2, the mean is identical to the total
internal path-length in view of and the variance is asymptotic to 4n%. For m > 2, the mean and the
variance are asymptotic to

2D+ 1)/2) Ly 2T+ 1/2) — 7P (m 4 1)/2?)
VRt —zmy VAl =) |

respectively.
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4.4 A weighted path-length (WPL)

Weighted path-lengths of the form W,, := >, j<n w;l; appear often in applications, where ¢; denotes
the distance of the j-th node (arranged in an appropriate manner, say first level-wise and then left-to-right
or in their incoming order) to the root and w; the weight attached to the j-th node. The calculation of W,
in the case of random DSTs can be carried out recursively by

d
Woy1 =Wp, + W, _p + Z Wy,
2<j<n+1
assuming that the root is labelled 1. We consider in this section the case when w; = (log )™, m > 1.
From a technical point of view, it suffices to consider the random variables

Xot1 £ Xp, + X;_p, +(n+1)(log(n+1)"  (n>0),
with Xo = 0, since the partial sum ,_ ., (log j)™ is nothing but

S (log )™ = [ 202

2<j<n 1=z
where
Lam(z) =Y n *(logh)"z™  (a#1,2,...),
k>1

on whose analytic properties our analytic approach heavily relies.

The random variables X,, represent the sole example on DSTs we discuss in this paper with non-
integral values; they also exhibit an interesting phenomenon in that the mean is of order n(logn)™ " but
the variance is asymptotic to n times a periodic function, in contrast to the orders of DPL.

Theorem 4.5 The mean and the variance of the weighted path-length X,, are asymptotic to

_ n(logn)m*!

EX,) = —>"—— (1 J P 1 m41
(Xn) (m+ 1)log?2 Z Cm,j(logn)’ 4+n w,u(Oggn)+O((ogn) )7

1<j<m

V(X,) =nPy(logyn) + O ((logn)*"*?),
respectively, where the cy, ;’s are constants depending on m, and P, ;, and P, , are 1-periodic, smooth
functions.

That the variance is linear is well-predicted by the deep theorem of Schachinger derived in [S8]] since the
second difference of the sequence n(logn)™ is o(n~'/2~%). Our approach has the advantage of providing
more precise approximations.

The new ingredient we need is incorporated in the following lemma.

Lemma 4.6 ([21]) The function Ly, ., (%) can analytically be continued into the cut-plane C\ [1, 00) with
a sole singularity at z = 1 near which it admits the asymptotic approximation

Lom(e™®) =T(1 - a)s"~!(~logs)™ + O(1),
the O-term holding uniformly for | arg(s)| < 7 — e.

Indeed, the tools developed in [21]] can also be easily extended to similar “toll-functions” such as nH .
Details are left for the interested readers.
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5 Conclusions and extensions

We showed in this paper, through many shape parameters on random DSTs that the crucial use of the
normalization V (2) := fo(2) — f1(2)? — zf’(2)? at the level of Poisson generating function is extremely
helpful in simplifying the asymptotic analysis of the variance as well as the resulting expressions. The
same idea can be applied to a large number of concrete problems with a binomial splitting procedure.
These and some related topics and extensions will be pursued elsewhere. We briefly mention in this final
section some extensions and related properties.

Central limit theorems. All shape parameters we considered in this paper are asymptotically normally
distributed in the sense of convergence in distribution. We describe the results in this section and merely
indicate the methods of proofs. The only case that requires a separate study is NPL of random b-DSTs
with b > 2 (a bivariate consideration of the limit laws is needed), details being given in a future paper.

Theorem 5.1 The internal path-length, the peripheral path-length, the number of leaves, the differential
path-length, the weighted path-length of random DSTs, and the key-wise path-length of random b-DSTs
with b > 2 are all asymptotically normally distributed

Xn —E(Xn) 4, A (0,1)
V(Xn) T

d e
where X, denotes any of these shape parameters, —» stands for convergence in distribution, and A (0, 1)
is a standard normal distribution with zero mean and unit variance.

See Figure [I0]for a plot of the histograms of DPL.

The method of moments applies to all these cases and establishes the central limit theorems; similar
details are given as in [31] (the asymptotic normality of the number of leaves being already proved there
as a special case).

In a parallel way, contraction method also works well for all these shape parameters; see [S1} 152} 53].

On the other hand, Schachinger’s asymptotic normality results cover the IPL, PPL, number of leaves
and WPL, but not PPL and KPL on b-DSTs, although his approach may be modified for that purpose.

Finally, the complex-analytic approach used in [35]] for internal path-length may be extended to prove
some of these cases, but the proofs are messy, although the results established are often stronger (for
example, with convergence rate).

The depth. The asymptotic analysis we used in this paper can also be extended to the depth (the distance
between a randomly chosen internal node and the root) although it is of logarithmic order. Let X, denote
the depth of a random DST of n nodes. The starting point is to consider the expected profile polynomial

P,(y) := Z nP(X, = k)y*,
0<k<n
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Fig. 10: The histograms of DPL for n = 20, 30, 40 and 50, normalized by their standard deviations.

where nP(X,, = k) is nothing but the expected number of internal nodes at distance % to the root. Then
we have the recurrence

Py =142 Y (Z) (Pew) + Pasl)  (n>0),

0<k<n

with Py(y) = 0. From this relation, we obtain the equation for the Poisson generating function F(z, y) of
Pa(y)

z

= 1

~y) 1,

with F (0,y) = 0. It follows, by taking coefficients of 2" on both sides and by solving the resulting
recurrence, that

- 9 -~ .
F(z,y) + @F(Ay) = 2yF(

rw= ¥ (Jev I (1-%)  wzv

1<k<n 0<j<k—2

see [44] p. 504] for a different proof. Asymptotic approximation to P, (y) can then be obtained by Rice’s
integral formula

y—1 [(n+ DI'(=5)Q(y)
Pn Yy) =n— - / dS,
( ) 271 (3/2) F(TL +1- S)(l — 21_‘9y)Q(21_8y)
for |y — 1] < e. More precisely, if ¢ € C lies in a small neighborhood of the origin, then
P,(ef
E(GX”t) _ (6 )
n
(et — 1)Q(et) t t/1 — —
= J=% '/ r({-1—- — — /oga +xk (1 4+ O 1 oY), (68
Q(1)log2 = log 2 Xk |10 (1+0 (™)) +0(™),  ©8)
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uniformly for |t| < e. Alternatively, one can also apply the Laplace-Mellin-de-Poissonization approach
and obtain the same type of result for not only DSTs but also for more general b-DSTs. See [48}149] for a
more general and detailed treatment (by a different approach).

The estimate leads to effective asymptotic estimates for all moments of X,, — log, n by standard
arguments; see [32]. In particular, we obtain

E(X,) = 10g2n+ f—z2k + @i (logyn) + O (n~'logn),

1 1 7('2 2k
\% Xn = — —— |1 — | = - 1 o) 711 2
(Xn) 12 + (10g2)2 ( + 6 ) ; (2k — 1)2 + ws(logy n) + (n og n)’

where the estimate for the mean is exactly (/) with wo; given in (8)) and w5 is a smooth periodic function.

An analytic extension. From a purely analytic viewpoint, the underlying differential-functional equa-
tion (13)) for the moments can be extended to an equation of the form

> (?)f(”(Z) =af (;) +3(2)  (@>0;8>1),

0<j<b
for which our approach still applies, leading to the functional equation for the Laplace transform
(s + 1)"Z[f; 5] = aBZLLf; Bs] + Z[5; s).

The natural normalizing function is then provided by

Qs(-) = [ (1+53)b

j=1

and the corresponding Laplace-Mellin asymptotic analysis is similar.

In particular, the case when @ = 3 = m corresponds to a straightforward extension of binary DSTs
to m-ary DSTS (and the binary unbiased Bernoulli random variable to the uniform distribution over
{0,1,...,m — 1}). The stochastic behaviors of all shape parameters on such trees follow the same
patterns as showed in this paper.

Yet another concrete instance arises in the so-called Eden model studied by Dean and Majumdar [10],
which corresponds to & = m and 5 > 1. The model is constructed in the following way. We start at time
t = 0 at which we have an empty node. Then at time ¢ = T', where 7" ~ Exponential(1), we fill the empty
node and attach to it m different empty nodes. The process then continues independently for each empty
node by the following recursive rule. Once an empty node of depth j is attached to a tree at time ¢ = ¢/, it
is then filled at time point ¢’ + T', where T' ~ E(37), and m new empty nodes are attached to it.

The mean and the variance of the number of filled nodes at a large time of such trees are studied in
details in [[10]. Since the model is continuous, there is no need to de-Poissonize to derive the asymptotics
of the coefficient; as a consequence, no correction term as we used in this paper is required for the
asymptotics of the variance.
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Other DST-type recurrences. While the technique of Poissonized variance with correction remains
useful for the natural case when the Bernoulli random variable is no longer symmetric, the Laplace-Mellin
approach does not apply directly. Other asymptotic ingredients are needed such as a direct manipulation
of the Mellin transforms; see [49] and the references therein.

DST-type structures and recurrences also arise in other statistical physical models such as the diffusion-
limited aggregation; see [1} 5]
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Appendix. An Elementary Approach to the Asymptotic Linearity of
the Variance.

We describe briefly here a direct elementary approach to the variance of random variables satisfying the
recurrence J
X1 =Xp, + Xo_p, + 1T,

n

where
n

k

The starting point is to consider the recurrence satisfied by the variance v,, :== V(X,,)

Tk = P(B, = k) = ( >2n (0<k<n).

Un41 = Z T,k (Uk: + Un—k) + U, + V(Tn)7
0<k<n

where py, := E(X,,) and

Unp = Z Tk (ke + Pn—k — i1 + E(Tn))2 :
0<k<n

In most cases, we have the estimate py; = fl (k) + O(k®). This, together with the Gaussian approximation
of the binomial distribution, implies that

w3 (G () e B(T,))

k=n/24x/n/2

~ X (A (5) A~ A+ Em)’
|k—n/2|=0(n?/3)
k=n/2+27/2

~ (27 (3) - Al ~ ) +ET)

But then (see (T3) below)
2/1 (5) = Hi(m) = Fiw) + E(T) = E(T) = b (),

where

hi(z) :==e? Z E(T) 2.

>
>0 7

The order of the difference E(T},) — hi(n) ~ n|hY(n)| are expected to be small, roughly O(n?) in all
cases we consider here. Consequently, the variance is asymptotically linear; see [31} 58] for more precise
details.

We see clearly that the smallness of the variance results naturally from the high concentration of the
binomial distribution near its mean.
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