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Profiles of Random Trees: Limit Theorems for Random
Recursive Trees and Binary Search Trees'

Michael Fuchs,? Hsien-Kuei Hwang,® and Ralph Neininger*

Abstract. We prove convergence in distribution for the profile (the number of nodes at each level), normalized
by its mean, of random recursive trees when the limit ratio « of the level and the logarithm of tree size lies
in [0, e). Convergence of all moments is shown to hold only for @ € [0, 1] (with only convergence of finite
moments when o € (1, ¢)). When the limit ratio is O or 1 for which the limit laws are both constant, we prove
asymptotic normality for « = 0 and a “quicksort type” limit law for @ = 1, the latter case having additionally
a small range where there is no fixed limit law. Our tools are based on the contraction method and method of
moments. Similar phenomena also hold for other classes of trees; we apply our tools to binary search trees and
give a complete characterization of the profile. The profiles of these random trees represent concrete examples
for which the range of convergence in distribution differs from that of convergence of all moments.

Key Words. Random recursive tree, Random binary search tree, Profile of trees, Probabilistic analysis of
algorithms, Weak convergence.

1. Introduction. The profile or height profile of a tree is the sequence of numbers
whose kth element enumerates the number of nodes at distance k from the root of the tree
(or the number of descendants in the kth generation in branching process terms). Profiles
of trees are fine shape characteristics encountered in diverse problems such as breadth-
first search, data compression algorithms (Jacquet et al., 2001), random generation of
trees (Devroye and Robson, 1995), and the levelwise analysis of quicksort (Chern and
Hwang, 2001b; Evans and Dunbar, 1982). In addition to their interest in applications and
connections to many other shape parameters, we show, through recursive trees and binary
search trees, that profiles of random trees having roughly logarithmic height are a rich
source of many intriguing phenomena. The high concentration of nodes at certain (log)
levels results in the asymptotic bimodality for the variance, as already demonstrated in
Drmota and Hwang (2005a); our purpose of this paper is to unveil and clarify the diverse
phenomena exhibited by the limit distributions of the profiles of random recursive trees
and binary search trees. The tools we use, as well as the results we derive, are of some
generality.
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Recursive trees. Recursive trees have been introduced as simple probability models
for system generation (Na and Rapoport, 1970), spread of contamination of organisms
(Meir and Moon, 1974), pyramid scheme (Gastwirth and Bhattacharya, 1984; Smythe
and Mahmoud, 1995), stemma construction of philology (Najock and Heyde, 1982),
Internet interface map (Janic et al., 2002), and stochastic growth of networks (Chan
et al., 2003). They are related to some Internet models (van Mieghem et al., 2001;
van der Hofstad et al., 2002; Devroye et al., 2002) and some physical models (Tetzlaff,
2002); they also appeared in Hopf algebra under the name “heap-ordered trees”; see
Grossman and Larson (1989). The bijection between recursive trees and binary search
trees not only makes the former a flexible representation of the latter but also provides
a rich direction for further extensions; see for example Mahmoud and Smythe (1995).

A simple way of constructing a random recursive tree of n nodes is as follows. One
starts from a root node with the label 1; at stage i (i = 2, ..., n) anew node with label i
is attached uniformly at random to one of the previous nodes (1, ..., 7 — 1). The process
stops after node 7 is inserted. By construction, the labels of the nodes along any path
from the root to a node form an increasing sequence; see Figure 2 for a recursive tree
of ten nodes. For a survey of probabilistic properties of recursive trees, see Smythe and
Mahmoud (1995).

Known results for the profile of recursive trees. Let X, ; denote the number of nodes
at level k in a random recursive tree of n nodes, where X, o = 1 (the root) for n > 1.
Then X, ; satisfies (see van der Hofstad et al., 2002)

d *

(D Xnk = Xi, k=1 + X1 4o
forn, k > 1 with X,, o = 1 — 6,0 (6,0 being Kronecker’s symbol), where (X, x), (X::,k)
and (/,,) areindependent, X, < x k> and I, is uniformly distributed over {1, ..., n—1}.

Meir and Moon (1978) showed (implicitly) that

s(n,k+1)
2 Mk ' =EXpi) = ————— 0 <k <n),
(n—1!

where s(n, k) denotes the unsigned Stirling numbers of the first kind; see also Moon
(1974) and Dondajewski and Szymariski (1982). By the approximations given in Hwang
(1995), we then have

)\'k

3 =—" 14+ 01"Y),

3 Mok F(1+an,k)k!( +0, )

uniformly for 1 < k < KA, for any K > 1, where, here and throughout this paper,
Ay = max{logn, 1}, dp i =k/hy,

and I" denotes the Gamma function. This approximation implies, in particular, a local
limit theorem for the depth (distance of a random node to the root); see Devroye (1998),
Szymarnski (1990), Mahmoud (1991).

The second moment is also implicit in Meir and Moon (1978):

2j\s(n,k+j+1)
EXZ)= Y. (.’)L;

o<j=k \J (n =Dt
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see also van der Hofstad et al. (2002). Precise asymptotic approximations for the variance
V(X,,.x) were derived in Drmota and Hwang (2005a) for all ranges of k. In particular,
the variance is asymptotically of the same order as uﬁ « When o € (0, 2) except k ~ A,
(where the profile variance exhibits a bimodal behavior).

Limit distribution when 0 < a < e. From the asymptotic estimate (3), we have

log Mn k
An

where here and throughout this paper k = k(n) and o := lim,_  k(n)/A,. Thus
Uni — 00 when o < e. Note that the expected height (length of the longest path from
the root) of random recursive trees is asymptotic to eA,; see Devroye (1987) or Pittel
(1994).

Define a class of random variables X («) by the fixed-point equation

— o —aloga,

) X (@) £ qU*X (@) + (1 — U)*X (@),

with E(X (w)) = 1, where X («), X(«)*, and U are independent, X («)* < X (@), and
U is uniformly distributed in the unit interval; see Proposition 1 for the existence and
properties of X («). Define X (0) = 1.

THEOREM 1.
(1) If0 <« < e, then
X
) * L X (),
Mn,k

d e o
where —> denotes convergence in distribution.
() If0 < a < m"™ D where m > 2, then X, i/mns converges to X (a) with
convergence of the first m moments but not the (m + 1)st moment.

In particular, convergence of the second moment holds for 0 < o < 2.

COROLLARY 1. If0 <o« < 2, then

N (o + 1) ,
V(Xux) ((1 /)T a1 1) 1) M k-

Note that the coefficient on the right-hand side becomes zero when @« = O and o = 1,
and the variance indeed exhibits a bimodal behavior when a = 1; see Figure 1 for a
plot and Drmota and Hwang (2005a) or below for more precise approximations to the
variance.

Since m!/™=D | 1, the unit interval is the only range where convergence of all
moments holds.

COROLLARY 2. If0 <o« <1, then
Xn,k
Mn k

M X (),

(6)
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Fig. 1. A plot of E(X,, x) (the unimodal curve), V(X,, x) (the bimodal curve with higher valley), and |[E(X,, x —
Wai)?| (right) of the number X n.x of nodes at level k in random recursive trees of n = 1100 nodes, all
normalized by their maximum values. Note that the valley of |E(X 1100k — ;Llloo,k)’%l (when normalized by
n%) is deeper than that of V(X109 x) (normalized by n?); see Corollary 5 for the general description.

M .
where —> denotes convergence of all moments. Convergence of all moments fails for
l<a<e.

Thus the profile of random recursive trees represents a concrete example for which the
range of convergence in distribution is different from that of convergence of all moments.
We will show that such a property also holds for random binary search trees; it is expected
to hold for other trees like ordered (or plane) recursive trees and m-ary search trees, but
the technicalities are expected to be much more complicated. We focus at this stage on
new phenomena and their proofs, not on generality.

The proof of (5) relies on the contraction method developed in Neininger and Riischen-
dorf (2004) (see also the survey paper by Rosler and Riischendorf (2001)), and the mo-
ment convergence X, i/, r uses the method of moments. Both methods are technically
more involved because we deal with recurrences with two parameters. We will indeed
prove a stronger approximation to (5) by deriving a rate under the Zolotarev metric (see
Zolotarev, 1976).

However, why m!/"=D? This is readily seen by the recurrence of the moments
V(@) (= E(X (a)™) of X(a):

1
™ @) = ——— Y- (’Z)w(a)vmh(a)ah—'

_ ym—1
m o 1<h<m

 Dlha+ DI (0m — hya + 1)

T (ma + 1) (m=2),

where vo(a) = v, (o) = 1. This recurrence is well defined for v,, () when o < m /=D,
This explains the special sequence m !/~

Note that since E(X («)™) = oo for a > m!/ "= we have E(X,x/ins)™ — 00 in
that range.
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A “quicksort-type” limit distribution when « = 1. Since X (1) = 1, we can refine the
limit result (5) for « = 1 as follows.

THEOREM 2.

1) Ifk = Ay + tyk, where |t, | = 00 and t, x = 0(Ay), then

Xn,k — MUnk M

8 —— — X'(1),
®) k) ey

where X' (1) := (d/da) X (&) |y=1 satisfies
X'(1) L UX' )+ (1 —-U)X'(1)"+U+UlogU + (1 —U)log(1 —U),

with X' (1), X'(1)*, and U independent and X' (1) < X'(D*.
(1) Ifk = X, + O(1), then the sequence of random variables (X, x — tni)//VY(Xni)
does not converge to a fixed law.

Although (8) can also be proved by the contraction method, we prove both results of
the theorem by the method of moments because the proof for the non-convergence part is
readily modified from that for (8); see also Chern et al. (2002) for more examples having
no convergence to fixed limit law. On the other hand, since the distribution of X'(1) is
uniquely characterized by its moment sequence (see (41)), we have the convergence in
distribution as follows.

COROLLARY 3. [Ifk = Ay + tyk, where |t, x| — oo and t, x = o(),), then

Xnk Z Mk 4 iy,
LokAn / k!

The same limit law X’(1) also appeared in the total path length (whichis D>, kX, x)
of recursive trees (see Dobrow and Fill, 1999), or essentially the total left path length of
random binary search trees, and the cost of an in-situ permutation algorithm; see Hwang
and Neininger (2002).

The appearance of the same limit law as the total path length is not a coincidence.
Intuitively, almost all nodes lie at the levels k = A, + O (/A,,) (since E(X,,x) =< n/+/A,
by (3)) and it is these nodes that contribute predominantly to the total path length; see
also (9) below for an estimate of the variance. Analytically, a deeper connection between
the profile and the total path length is seen through the level polynomials ), X2k
(properly normalized) for which we can derive, following Chauvin et al. (2001), an
almost sure convergence to some (complex-valued) limit random variable. From such a
uniform convergence, the profile is quickly linked to the total path length by taking the
derivative of the normalized level polynomial with respect to z and substituting z = 1.
Indeed, limit theorems for weighted path-lengths of the form ) « K" X, i, as well as the
width (max; X, ), can be obtained as by-products. These and finer results on correlations
and expected width are discussed in Drmota and Hwang (2005b).
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Asymptotics of the variance. ~As a consequence of our convergence of all moments, we
have the following estimate for the variance.

COROLLARY 4. Ifk = A, +t, 1, where t, x = o(Ay), then the variance of X, ;. satisfies

k=12
) V(X.1) ~pz(tn,k)< Z, ) ;

where py(t, k) ‘= cztrfk + 2c1ty x + co with

2

(10) ¢ =2 % e i=o(l—y)—¢3) + 1,

4

o 1= ey’ =2y +3) = 263) — DU = y) = 3.

Here y denotes Euler’s constant and ¢ (3) := ijl j 3.

Expression (9) explains the valley for the variance in Figure 1. Note that
V(Xn.k)/u’ﬁyk = O(tr%,k/)\';%) when ik = o(Ay).
Our proof indeed yields the following extremal orders of |[E(X,, x — pn )" | form > 2.

COROLLARY 5. The absolute value of the mth central moment satisfies

max |E(Xn,k - Mn,k)m| = A;mnm’

0<k<n

. E(X _ my _ )\‘73'11/2 m
min |E( nk ,un,k) | < n n-,

lk=An|=0(v/)

where the maximum is achieved at k = X, & /A, (1 + 0o(1)) and the minimum at
k=X, +0().

More refined results can be derived as in Drmota and Hwang (2005a). For example,
by (40) below, we have

Exn — Iin m’\"EX/lm —m/2 L
o?;f‘fn“ &= i)™ | ~ B (1)™)]e )

for m > 2, where E(X’(1)") can be computed recursively; see (41).

Asymptotic normality when o = 0. The profile X,, ; in the remaining range 1 < k =
o(A,,) will be shown to be asymptotically normally distributed. It is known (see Bergeron
et al., 1992) that the out-degree of the root X, | satisfies

PXpa=))=—""7- (A=j<n);
(n—1!
thus X, | is asymptotically normal with the mean and variance both asymptotic to A,,.
Equivalently, X, ; is the number of nodes on the rightmost branch (the path starting
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from the root and always going right until reaching an external node) in a random binary
search tree of n — 1 nodes; see the transformation below for more information.
Let ®(x) := (2m)~"/? [*__e™"/?dt denote the distribution function of the standard

normal distribution. o
( k)
=o|./—],
An

uniformly for 1 < k = o(\,,), with the mean and variance asymptotic to

THEOREM 3. The distribution of the profile X,, y satisfies

(11D sup

Xox — Ak
IP( k= A/

-
RN x) @

)\’k
IE:(Xn,k) ~ k_’;a

)\2/671
k—D2Q2k—1)

V(X i) ~

In particular, X, » is asymptotically normally distributed with mean asymptotic to %)\ﬁ
and variance to %)»2 A similar central limit theorem appeared in the logarithmic order
of a random element in symmetric groups; see Erd6s and Turdn (1967).

Unlike previous cases, the proof of this result is based on a polynomial decomposition
of the associated generating functions using characteristic functions and singularity
analysis (see Flajolet and Odlyzko, 1990), the reasons being (i) this method leads to
the optimal Berry—Esseen bound (11), which is not obvious by the method of moments,
(ii) it is of independent methodological interests, and (iii) it can also be applied to give
an alternative proof of (6).

The asymptotic normality of X, ; when o = 0 indicates that nodes are generated in
a very regular way in recursive trees, at least for the first o(A,) levels. The rough picture
here is that each node at these levels “attracts” about A,/k new-coming nodes, as is
obvious from (3); see also Drmota and Hwang (2005b) for an asymptotic independence
property for the number of nodes at two different levels, both being o(A,,) away from the
root.

Profiles of random binary search trees. Binary search trees are one of the most stud-
ied fundamental data structures in Computer Algorithms. They have also been intro-
duced in other fields under different forms; see Drmota and Hwang (2005a) for more
references.

This tree model is characterized by arecursive splitting process in whichn > 2 distinct
labels are split into a root and two subtrees formed recursively by the same procedure
(one may be empty) of sizes J, and n — 1 — J,,, where J, is uniformly distributed
in {0, 1, ..., n — 1}. Such a model is isomorphic to binary increasing trees in which a
sequence of n > 2 continuous random variables (independent and identically distributed)
is splitinto a root with the smallest label and two subtrees formed recursively by the same
splitting process corresponding to the subsequences to the left and right respectively of
the smallest label. Note that when given a random permutation of n elements the size
of the left subtree of the binary increasing tree constructed from the permutation equals
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Fig. 2. A recursive tree of ten nodes and its corresponding transformed binary increasing tree of nine nodes.

Jj» 0 < j < n — 1, with equal probability 1/n, the same as in random binary search
trees.

A recursive tree can be transformed into a binary increasing tree by the well-known
procedure (referred to as the natural correspondence in Kunth (1997) and the rotation
correspondence by others): drop first the root and arrange all subtrees from left to right in
increasing order of their root labels; sibling relations are transformed into right branches
(of the leftmost node in that generation) and the leftmost branches remain unchanged; a
final relabeling (using labels from 1 to n — 1) of nodes then yields a binary increasing
tree of n — 1 nodes. Such a transformation is invertible; see Figure 2.

Under this transformation, the profile X,  in recursive trees becomes essentially the
number of nodes in random binary search trees of n — 1 nodes with left-distance k — 1
(k = 1), the left-distance of a node being the number of left-branches needed to traverse
from the root to that node. This also explains the recurrence (1).

Known and new results for profiles of random binary search trees. We distinguish two
types of nodes for binary search trees: external nodes Y, ; (virtual nodes completed so
that all nodes are of out-degree either O or 2) and internal nodes Z, ; (nodes holding
labels). Chauvin et al. (2001) established almost sure convergence for Y,  /E(Y, ) and
Zuk/E(Z, ) when 1.2 < o < 2.8, and recently Chauvin et al. (2005) extended the
range for Y, x/E(Y, ) to the optimal range o— < o < a4, the two numbers o_ ~
0.37, a4 &~ 4.31 being the fill-up and height constants (of binary search trees), namely,
0 < a_ < 1 < ay solving the equation e®~1/% = 7/2; see also Chauvin and Rouault
(2004). For other known results on the profiles Y, x, see Drmota and Hwang (2005a) and
the references therein.

Our tools for recursive trees also apply to binary search trees. Briefly, we derive
convergence in distribution for Y, x /E(Y, ) and Z,, x /E(Z, ;) inthe range o € (o_, oty )
and convergence of all moments for & € [1, 2], the degenerate cases @ = 1, 2 being
further refined by more explicit limit laws; see Section 7 for details.

While it is expected that the profiles for both types of nodes have similar behaviors to
Xk, we derive finer results showing more delicate structural difference between internal
nodes and external nodes.
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Organization of the paper. Since most of our asymptotic approximations are based on
the solution (exact or asymptotic) of the underlying double-indexed recurrence (in » and
k), we start by solving the recurrence in the next section. The proof of the convergence
in distribution (5) of X,, x/,x When 0 < @ < e by the contraction method is given in
Section 3. Then we prove the moment convergence part of Theorem 1 in Section 4 and
Theorem 2 in Section 5. The asymptotic normality when o = 0 is proved in Section 6,
where an alternative proof of (6) is also indicated. Our methods of proof can be easily
amended for binary search trees, and the results are given in Section 7. We conclude this
paper with a few questions.

Notations. Throughout this paper A, := max{logn, 1}, o, = k/A, and o :=
lim,_, 50 o, x When the limit exists. The symbol [z"]f(z) stands for the coefficient of
Z" in the Taylor expansion of f(z). The generic symbols ¢ and K always represent suf-
ficiently small and large, respectively, positive constants whose values may vary from
one occurrence to another. Finally, U represents a uniform [0, 1] random variable.

2. The Double-Indexed Recurrence and Asymptotic Transfer. Since all moments
(centered or not) satisfy the same recurrence, we derive in this section the exact solution
and study a simple type of asymptotic transfer (relating the asymptotics of the recurrence
to that of the non-homogeneous part) for such a recurrence.

By (1), we have the recurrence for the probability generating functions P, x(y) :=
E(y*)

1
(12) Pri(y) = — ; PP ji(y) (0= 2k > 1),
with P, o(y) = yforn > 1 and Py (y) = 1.
Recurrence of factorial moments. Let

AV = EX k(X — 1)+ (Xpi —m + 1) = P (D).

Then Ai?,)( = 1for n, k > 0. By (12), we have the recurrence

1
(m) (m) (m) (m) .

Al = — IZ (AL +AR) + BT iz 2komz ),
<j<n

where

m m\ 1 () pm—h)
(13) Bn.k - Z (h)l’l—l Z Aj,k—lAn—j,k’

1<h<m 1<j<n

with the boundary conditions Afll,z) = 1forn > 1and AL',"O) (0)=0form >2andn > 1.

Exact solution of the recurrence. Consider a recurrence of the form

1
(14) Ank =7 Z (aj,k +aj,k—1) + by i n>2k=>1),

1<j<n
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with a; x and b, , given. We assume, without loss of generality, that ap y = 0 (otherwise,
we need only to modify the values of a; ; and b, ;).

LEMMA 1. Forn > landk > 0,

(15) wi=bt 3 Y %m(uﬂ) I1(1+Y4).

I<j<nO<r<k j<t<n

where by 1= a .

PROOE. Leta,(u):=), ap 1 4u* and b, (u) := > by11.xu*. Then a, (u) satisfies the
recurrence

1
aww =— 3 a@ b 0z,

0<j<n

with the initial condition ao(u) = ), ay wu*. By taking the difference na,(u) — (n —
1Da,_1(u), we obtain

u n—1
an0) = (14 =) a1 @)+ by@) = —— b1 @) (12 2).

Solving this linear recurrence yields

w=b+ 0w Y 0[] (1+5)  w=1
j+2<t<n

0<j<n

(since by () := ag(u)). Taking the coefficient of u* on both sides leads to (15). O

Mean value. Applying (15) with b, = 8,180k, we obtain, forn > 1 and k > 0,

— [k u

(16) ponk = [u 1“]1” (1+7)
s k+1)
(n—1)!

This rederives (2).

A uniform estimate for the expected profile. For later use, we derive a uniform bound
for p, k.

LEMMA 2. The mean satisfies
(17 Hak = O (W)~ o™ n?),

uniformly for | <k < n,where) <v = 0(1).
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PROOF. Note that by (16), we have the obvious inequality
ot = TT (143) 0
i = TT (14 (v >0),

which leads to p,; = O *nY) for 1 < k < n. However, this is too crude for our
purpose.
By Cauchy’s integral formula,

U_k b4
o=
2 T 1<l<n

—k

v 4 1
E,/ exp (v(cost) Z 7 + 0(1)) dr

- 1<t<n

Ueit

L

1+ dr

IA

= O((wr) v 7*n"),

proving (17). O

Note that when k = O(2,), then the right-hand side of (17) is optimal if we take
v = k/A, and (17) becomes w, ; = O(Aﬁ/k!). Thus (17) is tight when k = O(A,).
This also explains why we write (vA,)~'/2 instead of A, '/* (to keep uniformity when
k = o(},) and we choose v = k/X,,).

On the other hand, leaving v unspecified in (17) and in many other estimates in this
paper considerably simplifies the analysis.

A simple asymptotic transfer. We will need the following result when applying the
contraction method. It roughly says that when the non-homogeneous part b, ; of (14)
is of order u,’f «» Where w > 1, then a, ; is also of the same order for a certain range
of a.

LEMMA 3. If b, = O(((WA) ™27 *n®)®) for all 1 < k < n, where w > 1 and
0 < v < vy, then

1 w
ani = 0 <ﬁ ((U)Ln)il/zvik”v) ) ,
w—v

uniformly for 1 < k < n, provided that 0 < v < min{w!/®=Y vo}. Similarly, replacing
O by o in the estimate for b, \ yields an o-estimate for a, x.

PROOF. By the exact expression for a,, x, we have, for 0 < v < vy,

(18) ank—bpx= 0( Z Z %((v)tj)fl/vakJrrjv)w[Mr](l + u) l—[ (1_'_%))

1<j<n0<r=k j<t<n
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The inner sum over r can be simplified as follows:

19 Yo i [T (14 5) <o Yo+ (1+”Tft)

0<r=<k j<t<n r=0 j<t<n

_ . —kw w ﬁ
=v (1 +0") ] (1+ K)

j<t<n

()

uniformly in j. Substituting this estimate into (18), we obtain

An

o (((U)\n)l/zvknu)w + v*kwn“w Z (v)\j)w/ijvv“’l)

1<j<n

1 —1/2, =k v\¥
(0] <7w—vW1 ((v)»,,) v 'n ) ),

uniformly for 1 < k <n,where 0 < v < wV®=D_ The p-estimate is similarly proved.
This completes the proof of Lemma 3. |

3. Convergence in Distribution when 0 < o« < e. We prove the first part of Theo-
rem 1 (excepting o = 0) in this section by contraction method based on the framework
developed in Neininger and Riischendorf (2004). The new difficulty arising here is the
asymptotics of the double-indexed recurrence (14) (instead of the single-indexed ones
previously encountered).

The underlying idea. The idea used here is roughly as follows.
Define X, x := X, «/ini. Then, by (1), X, ; satisfies the recurrence

- d M k-1 5 Mn—1,.k 5
(20) Xpp = ==X o1 + —=X}_, 4

Mon,k Mon,k

with independence conditions as in (1). By the estimates (3) and the relation I, =
[(n — 1)UT, we expect that

k-1

Prgr ko (M) QU
Mon,k )"n )"n

with a suitable meaning for the convergence; similarly,

,u'n—l,,,k
Mon,k

— (1 -=0)~.

Thus if we expect that )_(,,,k — X (), then X (@) satisfies the fixed-point equation (4).
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To justify these steps, we apply the contraction method.

Contraction method. The fixed-point equation (4) has a few special properties not
enjoyed by single-indexed recursions encountered in the literature for which the typical
fixed-point equation has the form

1) X£ Y X9+,

1<j<h

with XV, .., X® (Cy, ..., Cy, b) independent, X 4 X,and 0 < C; < 1 almost
surely for all 1 < j < h. Here, h may be deterministic or integer-valued random

variables. The special range [0, 1] for the coefficients Cy, ..., C; is roughly due to the
relation
o (1)
J — Cj
o(n)

where, in various applications (see Neininger and Riischendorf, 2004), o is the leading
term in the expansion of the standard deviation of the underlying random variable and
0<1I j(") < n are the sizes of the subproblems. Typically, ¢ is a monotonically increasing
function, hence we obtain 0 < C; < 1.

In general, the Lipschitz constant of the map of probability measures associated with
(21) under the Zolotarev metric &,, is assessed by Y j E(C J?"). This term is monotonically
decreasing as w increases. Thus, in typical applications for which one expects a contrac-
tion, the sum Zj E(C}") has to satisfy Zj IE(C}”) < 1, and for that purpose, one has to
choose w sufficiently large; see Neininger and Riischendorf (2004) for implications of
this condition on the moments required.

For the bi-indexed recursion of X, ;, we are led to the fixed-point equation (4), where
the coefficient « U* may have values larger than one for « > 1. This implies that the
corresponding estimate E(aU )" +IE(1 —U)" for the Lipschitz constant is not decreasing
in w. When « < e increases, the range where we have contraction becomes smaller and
vanishes in the boundary case o = e.

Notations. We denote by M the space of univariate probability measures, by M,, C M
the space of probability measures with finite absolute wth moment, and by M, (1) C
M, the subspace of probability measures with unit mean, where 1 < w < 2. Zolotarev
(1976) introduced a family of metrics ¢,,, which, for I < w < 2, are given by

Sw(vi, 1) = fSUfP [E(f(X) = f)I (1, v € My(1)),

where X and Y have the distributions £(X) = vy, L(Y) = v,.
We have

Fo={feC'RR):|f'(x)— F W< |x—y" "},

with C!(R, R) the space of continuously differentiable functions on R. We use the
property that convergence in ¢, implies weak convergence and that ¢, is ideal of order
w, i.e. we have, for W independent of (X, Y) and ¢ # 0,

Gw(X+ W, Y+ W) <5,(X,Y), Sw(cX, cY) = [c]"¢u(X, Y).

For general reference and properties of ¢,,, see Zolotarev (1977) and Rachev (1991).
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We also use the minimal L, metrics £, defined for 1 < p < 2 by
Ly(vi,v2) =inf{|X = Y|, : LX) = v, L) =2} (v, v € M),

where || X ||, denotes the L,-norm of arandom variable X. For simplicity, we use the ab-
breviation ¢, (X, Y) := ¢, (L(X), L(Y)) for ¢, as well as for the other metrics appearing
subsequently.

In addition, we assume that

R(n) =k —ar,| = |an,k —ali, =o(A,),

where 0 < @ < e, and fix a constant s as follows. If 2 < @ < e, then 1 < s < p with
p € (1, 2] the unique solution of p = @”~!, and 5 := 2if 0 < a < 2. The bound p also
identifies the best possible order for the existence of absolute moment of X (). Note that
s satisfies s — o*~! > 0, which is the continuous version of m — a”~! > 0 appearing
in (7).

Properties of X (o). Define the map
T-M—>M, v L@U*Z+(1-U)*Z"),

where Z, Z*, U are independent, £L(Z) = L(Z*) = v.

PROPOSITION 1.  For0 < « < e, the restriction of T to M (1) has a unique fixed point
L(X (). Furthermore, E| X (x)|? = oo for2 <ua < e.

PROOF. By Lemma 3.1 in Neininger and Riischendorf (2004), T is a Lipschitz map in
¢y with Lipschitz constant bounded above by

o +1
as+1°

lip(T) <

Thus lip(T) < 1 by our choice of s. Also T has a unique fixed point in the subspace
M, (1) by Lemma 3.3 in Neininger and Riischendorf (2004).

When 2 < o < e, we assume E|X («)|” < oo and prove a contradiction. First we
have E| X (@)|? = ElaU*X () + (1 — U)*X ()*|?, where X («), X («)*, and U are
independent with £(X («)) = L(X («)*). Note that X (¢) > 0 almost surely. Further-
more, (X (o)) = 1 implies that there is a set with positive probability in which we have
X(a) > 0and X (@)* > 0. It follows that

E|X ()" = E(X(«)”) = E(@U*X () + (1 = U)* X («)")”
> E(osz“pX(a)p + 1 - U)“p(X(a)*)p)
o’ +1
= ap+]IE(X(a)p)

= E(X(a)"),

by the definition of p and the inequality (a + b)” > a” + b” fora,b > O and p > 1.
This is a contradiction, hence, we have E| X («)|” = oo. O
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Zolotarev distance between X, i/ iinx and X (o)

THEOREM 4. [If0 < o < 2, then
X, R 1
g( ”‘,X<a>) —0 (ﬂ)
Mn,k )m

Xn k
Es( - ,X(Ot)) -0,
Mn.k

If2 <a <e,then

where s is specified as above.

In particular, this theorem implies the convergence in distribution of X, x/u, x for
0 < a < e and proves the first part of Theorem 1.

Convergence rate of the factors in (20)

LEMMA 4. With s and R(n) specified as above, we have

:0<R(n)+l)'
K )"”

PROOF. We consider only the L;-norm of w k-1 /tnix — U, the other part being
similar. By (3), we have

Mn—1,.k
Mon,k

—aU*

” K, k—1 (- U

Mn,k

]

N

_s(n,k~|—1) _Ak

n - - _nH ’ k 9
ok = =0 = g O R)
where
(22) Hn, k) = ! + 0 1

" N F(l +an,k) )m ’

the O-term holding uniformly for 1 < k < KA,. Then we decompose the ratio
I, k—1/ Mk nto three parts:

(23) = FMERAFBL,

Mok (logL,\""" H(I, k1)
Uk Ao \ Ay H(n, k)

We first show that

R(n) +1
|[FEN —a| + | F2 — U gy + 1P = 1|4y = O (—) :

An

These estimates imply that || FI?! ||y, [| F1¥||4s = O(1). Then Holder’s inequality gives

et =0 (M)
s )""

” My, k—1
Mn,k
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First, we introduce the set A := {I, < n%/%}. Note that , ; = O(1) for k > 31,. On
the set A, we have k — 1 = ad, + R(n) — 1 > (a/h, > (2/2)log IL'* = 3logI,,
for sufficiently large n; thus Lkl = O(1). On the other hand, since o < e, the mean
satisfies w, r = (1); thus

T
/ ‘ k=1 _ e
A Mn,k

Thus we need only consider the complement set A°.

Obviously, F! = k/A, = o + O(R(n)/Ay).

For F[?1, we observe that for x < 0 the expansion (1 + x/m)™ = e* + O(e"*/m)
holds uniformly with ¢+ < 1. Thus, we obtain

k—1 9 a+(R(m)—1)/1,
FPI = log I, In 1o I,/ n)'
An n An

R(n)(U* + U~ YlogU + U*+?-! )
An '

4s

dP = O(P(A)) = O(P(I, < v/n)) = O(1//n) = 00.;%).

= U“—i—O(

Here we may choose ©# with 1 —a < @ < 1. Then (U +U**?~1)log U and U**?~! are
both L4s-integrable and the O-term in the last display is bounded above by O ((R(n) +
1)/3n) in Las.

For the third factor in (23), we have

. 1 o(Ly_ 1 o (R +1
) = s R (An)_F(1+a)+ ( on )

For H(I,, k — 1), we restrict to the set A°. On A°, for n sufficiently large, we have
k —1 < 12log I,, so the error in the expansion of H([,, k — 1) implied by (22) is
uniformly O(1/log I,,) = O(1/X,). Thus we have

1 1
A k=1 = 50 e T (wlogt/l) + R — Djlog Iy ¢ <log In)

1 Lo <1og(n/1n) + R(n)) .
F(l +(X) )\n

Since |[log(n/1,)|las — ||llog Ullss < 00, the lasterror termis of order O ((R(n)+1)/A,)
in Ly,. Collecting all estimates, we obtain || F3 — 1|45 = O((R(n) + 1)/A,). O

Asymptotic transfer of the double-indexed recurrence (14). Consider the recurrence
(14) with suitable initial conditions.

LEMMA 5. If

(I <w=<2),

box = O (((vxnr‘/zn“v-")w : %)
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uniformly for 1 <k < n, where 0 < v < vy, then

@Y ni = O (%((vxn)“/znvv—k)w . M) ,
w —v¥

)\’ n

uniformly for 1 <k < n, where 0 < v < min{w"/ @~ yg}.

PROOF. The proof is similar to that for Lemma 3 but slightly more complicated. By the
exact expression for a, ; and the estimate for b, i, we have, for 0 < v < vy,

i — bn.k =0 (v—wk—w/Z Z Z Ik g a)hj|)Lj—l—w/2jwv—lvwr[ur](1 +u)

1<j<n0<r<k

< [1 (1+%)).

j<t<n

First, if |k — aA,| > €A,, then |k —r — ad;| = O(k + A,), so that (24) holds by the
proof of Lemma 3. We assume now that |k — aA,| < eX,. Split the sum in j into three
parts:

g — by = O (u—"”‘—“’ﬂ( o+ > o+ Y )

1<j<én  én<j<(1-8)n (1-8)n<j<n

x 3k —r — a2 T w1+ T (H%))

0<r=<k j<t<n

where § € (0, 1) will be specified later. An analysis similar to the proof of Lemma 3
gives

An) 2 vk —ak,| +1
n — bn,k -0 ((U ) — U—wknwv <5wv—v + | a)\' | + + 8)) ’
w— T n

where 0 < v < min{w"/®~Y vo}. Taking § := ((R(n) + 1)/A,) /@~ yields (24). O
An inequality between ;- and £s-distances

LEMMA 6. Forl < w <2and M > 0, there is a constant K > 0 such that

(25) (X, V) < K(u(X, V)V £;7 (X, ),

for all pairs L(X), L(Y) € My(1) with [| X |lw, [Y]lw < M.

PROOF. We start from the inequality (see Theorem 3 in Zolotarev (1976)

1
Lw(X,Y) = —(2Bu(X,Y) + 22T BETH X, YAXNE A Y 122,
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for 1 < w < 2, where B,, denotes the difference pseudo-moment
Bu (i, vp) == inf(E||X|"7'X — [Y["7'Y|: LX) =vi, L) =1} (w> D),

with vy, v € M,,. From ||x|*~tx —[y[*~1y| < w(lx|*~' v |y[*~1)|x — y| and Holder’s
inequality, it follows that

Bu(X,Y) < wE|X|” +E|Y[")™ D", (X, Y),

which implies the desired inequality. O

PROOF OF THEOREM 4. We introduce a hybrid quantity

My g _
= Ik 1X(o¢)—|— Mn I,,.kX*(a)’

Mn .k Mn.k

=
=

where X (), X*(«), and I, are independent and X («) and X*(«) are identically dis-
tributed. Since L(X (), L(Xn k), L(En) € M;(1), the ¢;-distances between these
quantities are finite. For simplicity, write A, x := &; (X4, X («0)). By triangle inequality

hn,k =< cs()_(n,k’ En) + gs(Ena X(Ol))

Note that ¢, is ideal of order s. Thus

= - Mpk—1 5 Mn—1, k & My, k-1 Mn—1, k
& (X Bn) = & (—X;,,,kl e G X (o) + ”—X*(oe))
Mon,k Mn,k Mon,k Mon,k
1
<
s— 26

1<j<n

n—j.k>
Mon,k Mon,k ! Mo,k Mo,k

1 M kl)s (Mnjk)s
< ' hjr—1+ =) hu—jir |-
n— 1 l;n (( Mn k ’ Mon.,k !

We now show that
(26) & (Ep X (@) = 0(D()* ™),

where D(n) := (R(n) + 1)/,
First, by Lemma 4,
‘Mln,k—l n H Hn—1, k
)

IElls = <
/an,k Mn,k

= @U%]ls + 1A = U)X @)]s,

« <Mj,k1 }—(j’kil + Mn—j.k X M k—1 X (@) + Mn—j.k X*(a))

) 1 X ()]l

N

which implies that || &, ||; is uniformly bounded for all n. Since L(X («)) € M, (1), there
isan M > O such that | X («)||s, [|E,]ls < M for all n. We apply Lemma 6 to bound the
-distance, which gives

£ (Bn, X (@) < K(65(Ey, X (@) V 67 (E,, X (@)
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By Lemma 4,

Mn—1,.k
Mon.,k

A

(B X(@) < (Hw—aua —(1-uy

Mk
= 0(D(n)).

|

) 1 X ()l

s N

This proves (26).
Collecting the estimates, we obtain

1 o\ ae e\
s < L ((Hli,k 1) Bt + (MM J,k) h,,j,k> + 0 (D).
- 1<j<n n,k n,k

Thus, h, ; = O(a,,.k,u;f,'{), where a, ; satisfies (14) with

bui = O}, D)™,

and suitable initial conditions. Theorem 4 then follows from applying the different types
of asymptotic transfer given in Lemmas 3 and 5. O

REMARK. Note that the proof of Theorem 4 also yields a rate of convergence of order
O(((R(n) + 1)/)\”)5’1) for ¢ for therange 2 < o < e.

Recently, S. Janson (private communication) showed that Lemma 6 also holds with
(25) there replaced by

;w(Xv Y) E Kew(Xv Y)

This inequality leads to an improvement of the error term in Theorem 4 for the range
2<a<eto O(RMm)+ 1)/A,).

4. Asymptotics of Moments. We prove in this section the moment estimate (6) whose
proof is more involved than the asymptotic transfer in Lemma 3. The idea is first to derive
a crude bound for higher moments of X, x, which holds uniformly for 1 < k < n. Then
a more refined analysis leads to (6).

Note that the mth factorial moments of X,, ; and the mth moments are asymptotically
equivalent when p, ; — oo, or roughly when o < e.

A uniform estimate for higher moments. For convenience, define ¢;(v) = 1 and

1

om (V) = ———  (m=2).
m —v
We now prove by induction that
(27) A= 0(@n) () Po™ )™y (m = 1),

uniformly for 1 < k < n, where 0 < v < m!/"=D,



386 M. Fuchs, H.-K. Hwang, and R. Neininger

Obviously, (27) holds for m = 1 by (17). By (13) and induction, we have, for 0 <
V< (m _ 1)1/(171—2)’

28) B = 0( > (’Z)wh(vwm_h(v)

1<h<m

x n! Z ((U)\j)fl/zv*kJrljv)h ((v)\'n_j)fl/vak(n _ j)u)mh>

1<j<n

=0 (pm—](v)v_kmn_l Z jhv(n_j)(m_h)v(U)\‘j)_h/z(v)\-n—j)_(m_h)/z

I<h<m
l=j<n

= O (@1 (V) (VAy) ™ 2o Fmpm?y,

uniformly for 1 < k < n.
By (15),

m m B(rz)fr u
(29) AR =B+ 3 Y ey [T (1+5)-
1<j<n0<r=<k J j<t<n
Substituting the estimate (28) into (29) gives, for 0 < v < m!/"=D,

A(m) =0 B(m) —km Ay ~m/2 jmu=1 o] (1 E)
n,k <n,k+v Z(U _1) J ZU [L{]( +u)l_[ +E

1<j<n 0<r<k j<t<n

0 (B + on()wr) v hm)

similar to the proof of Lemma 3. This proves (27).

Note that when ¢ < m'/™=D — ¢ the optimal choice of v in (27) minimizing
n'v = is v = &, 4, which yields the estimate A\") = O (% /k!), uniformly in k. When
a > m/m=D _ ¢ the optimal choice is then v = ml/m=D _ ¢ This says that the
asymptotic behavior of A\") when « < m'/™"~" is very different from that when o >
m!'/m=D_More precise estimates can be derived, but they are not needed here; see
Drmota and Hwang (2005a) for asymptotic approximations to the variance (covering all
ranges).

Asymptotics of Aflmk) . Since the case @ = 0 is treated separately, we assume throughout
this section that @ > 0. We refine the above inductive argument and show that

A‘k m
(m) _ mo . n
(30) AL~ om0y ~ vm(@) <7F(1 +a)k!) )

foreachm > 1and k/A, — a < m'/™= D where v,, («) denotes the moment sequence
of X (o) given in (7). This will prove the moment convergence part of Theorem 1.
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Note that by (3), (30) holds for m = 1 with v;(«) = 1. Assume that (30) holds for
all AY) nx With i < m. We split the right-hand side of (29) into three parts:

(m)
AT = B+ Z(Z + >+ ) )B’]’”[ " + 1)

0<r<k \l<j<en en<j<(l—é)n (I—e)n<j<n

< 1 (1+%)

j<t<n
= B+ AL+ A2+ A
By the same proof used for Lemma 3, we have
Af:,nk)[l] = O g () D2y
AM3] = O(e@u(v)n, MHD2pmey=hm)
Letting ¢ — 0, we see that, by (27),

AN+ AT 3] = o(A)).

Asymptotics of Aimk) the dominant terms. We start by showing that, for 0 < o <
(m — D=2,

(m) % )‘ﬁ "
(31) B, ~ v, () (71.,(1 +a)k!) (m > 2),

where

1
V(@) 1= Z (Z)Vh(a)vmh(a)ah/(; u (1 — u) =M dy,

I<h<m

By (13), induction and (30), we have, for 0 < o < (m — 1)!/0"=2),

1
B~ 2 ('Z)w(a)vmh(a);

1<h<m

Akl h 3k m—h
x Z j n—j
en<j=(-e)n (F(l + o)k — 1)!> (F(l +cx)k!)
Ay " m |
~(rrram) 2 (3)weomy

I<h<m

j kh /1y ] k(m—h)/\,
X E ol (—) (1 — —) ,
b n n
en<j<(l—e)n

which proves (31). The errors introduced for terms with j < en and for j > (1 — ¢)n
can be easily bounded by using (27).
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To evaluate A")[2], we first observe that

u - E)
j(llln(l%—z) exp(uj;nﬁ ~|—0<j )

(;) A+ 0(uli™).

uniformly for finite complex u and j — oo. It follows that

N\ 2
'] 1—[ (1+%) _ (og(n/j)) <1+0<;>>’

|
j<t<n r J

uniformly foren < j < (1 —¢)nand 0 < r < k = 0(/j). Consequently, by (28) and
(31),

A“")[z]w*(oc)(iAﬁ )m 2. j‘1(1>ma
n.k (1 + a)k! n

en<j<(l—e)n

S\ —1 N7
x Y am ((log(n/])) . (og/})) )

= r—n! r!
)Lk m 1—¢ |
~ p* m 1 _"m moa—o™ — dx.
v, (@) (@ + )<F(1+a)k!> /g x x

Letting ¢ — 0, we then obtain, by (29), that

A(mk) ~ p* (Ol) 1—}—(0{'" + 1)f1xmaam1 dx )Lﬁ "
n, A (1 + a)k!

N mo + 1 )Lﬁ "
= )

oa—am \I'(l + a)k!
where

N ma + 1 1

l)m(Ol) m = m—1
mo — o m—a«

m ney Dha + DI ((m — h)o + 1)
X 1<hz<m <h>vh(a)vm-h(a)a Fona + 1)

= Vm(a)a

for m > 2, by (7). This completes the proof of (29) and thus Theorem 1(ii).

Moment convergence (6). Convergence of all moments implies convergence in distri-
bution if the moment sequence (7) uniquely characterizes the distribution. By considering
V(@) = v, (@) (ma + 1)/m!, we easily obtain by induction that v,,(e) = O(K™)
for o € [0, 1] (see Hwang and Neininger, 2002), and thus convergence in distribution of
X i/ tn i follows from (6) when o € [0, 1].
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5. The Central Range av=1. We prove Theorem 2 in this section. The proof proceeds
essentially along the same lines as we did above but with one major difference: we
consider central moments instead of factorial moments. This minor step is crucial in
dealing with the cancellations involved in the asymptotics of higher central moments.
For simplicity, the case when [t, x| — o0 and 7, x = o(A,) is first analyzed; then the
same method of proof is extended to the case when #,, = O(1). Justifications of the
error terms are similar to those for Aflmk) given above but become more complicated.

Recurrence of central moments. Consider P,Lk () = E(eXns—tni)yy = P, i(e¥)e HnkYy
see (12). Then we have the recurrence

- 1 _ _ o
Poi) = —= 3 PPk e =2k 2 1),

1<j<n
where

Ak (J) 1= jr—1 F+ Hn—jk — Hnk
and P, o(y) = Py 4(y) = 1 forn, k > 1.

Let now P”('Z) = P,ffz) (0) denote the mth central moment of X, ;. Then Pn(lk) =0
and, for m > 2,

m l m m m
() P =—= 2 (P +PP) 0N mz2k=1),

I<j<n

where

m ._ m 1 @ p®)  ac o
Qn,k = Z (a,b, c)n—l Pj,k—lpn—j,kAn,k(])

a+b+c=m 1<j <n
O0<a,b<m -
0<c<m

and P,%) =0forn,m> 1.

Outline of the proof of Theorem 2. Similar to the proof of (30), we divide the proof of
Theorem 2 into three main steps.

— We first derive a uniform estimate for A, x(j) for 1 < j, k < n, which then implies

a uniform bound for Pn(,mk) for 1 < k < n. This bound is sufficient for our uses except

when |k — A, | = o(V/A).

— We then derive a second estimate for A, x(j) uniformly valid for k¥ ~ A,,. This in turn
implies a tight bound for P,ff’,? when k ~ 1,, and an asymptotic approximation to Pn(?,?
when 1 < |t x| = 0o(X,).

— A finer estimate for A, (j) is needed to deal with the case when #, = O(1).

An integral representation for A, 1 (j). By (2),

u

fnse = [ ———(1 + O (™).
Cu+1)

Then

1
33) A =7~ u o, j/m)(1+ 0G4+ (= j)™H) du,
|lul=v
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uniformly for 1 < j < n (when j or n — j is bounded, the O-term becoming O (1)
instead of o(1)), where
(1—x)"+ux"—1
F(u+1)

o, x) =

Here and throughout this section, we take v = 1 + o(1) since k ~ A,,.

A uniform estimate for A, ;(j). Since ¢(1, x) = 0, we have
lp@, x)| = O(lu —1|) (x € [0, 1]).

Substituting this estimate into (33) gives

(34) An,k(j) =0 (vknv/ |v€ie _ 1‘ n*U(I*COSG) d9>
-

O((Jv — 1|+ 4, P, 2v7 0",

uniformly for 1 < j, k < n.

A uniform estimate for Pn(fz) . Fromthe recurrence (32) and the estimate (34), we deduce,
by an induction similar to that used for (27), that

35 QLB = 0Wv = 1"+ 30 P (m 2 2),

uniformly for 1 < k < n. This bound is however not tight when |k — X,,| = o(J/A,), the
reason being simply that v is not properly chosen to minimize the error term (the first
A %) in (34).

A finer estimate than (34). For a more precise estimate than (34), we use the two-term
Taylor expansion

o, x) = @, (1, x)(u—1) + O(lu — 1),
where ¢/ (1, x) = x + xlogx + (1 — x) log(1 — x), which leads to

j Ak71
(36) Mni(J) = ¢, (1, ;) k= r) ==+ 0G " + (=7

k!
+O0(Jv— 1P + 2,4, 2v™*nv).
Taking v = k/A, gives

Ak_l
(37 Ani(j) =0 <(|k — hnl + 1>#> .

This bound holds uniformly for k ~ A, and 1 < j < n since ¢/, (1, x) = O(x|logx|) as
x — 0t
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A uniform bound for Pn(f',i) when k ~ A,. From (37), we deduce, again by induction,
that

m m )‘-k_l "
(38) 0% P = 0<<|k—xn|'"+1>( T ) ) (m = 2),

uniformly for k& ~ A,. The proof differs slightly from that for (30) in that we split all
sums of the form ), _;_, into three parts:

=2+ 2+ 2
I<j<n I<j<n/A)  n/A)<j<n—n/\)  n—n/Ay<j<n
and then apply (38) and (37) to the middle sum, and (35) to the remaining two sums.

Asymptotics of Pn(fz) when |t, | = oo and t,, = o(A,). In this case the estimate (36)
has the form

j )\'k—l
(39) A (D)~ @ (L= ) o=
n k!
uniformly in k when en < j < (1 — ¢)n. Then we show that
- k—=1\ "™
(40) Pnfz ~ 8m (%,kﬁ) (m=>1),

where go = 1, g1 = 0 and, form > 2,

m+ 1 m ! .
(41) &m = m Z ((l b C>gagb/ xa(l _x)b(p;(l,x)c dx.
- s Uy 0

a+b+c=m
0<a.b<m
O=c=m

Equivalently, this can be written as

1
— E m b/ c
&m = (a,b, C>gagb/(; xa(l _x) (pu(l,x) dx.

a+b+c=m
0<a,b,c<m

In particular,

7.[2

1
o =3/ o1, x)?dy =2 — —.
0 6
The inductive proof is almost the same as that for A,(lmk) , with the factor (k — A,)"
handled by direct expansion and then estimated term by term. We also need to split sums
of the form ), _; _, into five parts:

DRV M) DEESED MRS VI

1<j<n I<j<n/A) n/Ap<j<en en<j<(l—e)n (l—e)n<j<n—n/A]  n—n/A}<j<n

and then apply (40) to the middle sum, and the two estimates (35) and (38) to the other
four sums.

The moment sequence (41) is easily checked to have the property of uniquely char-
acterizing the distribution; see Hwang (2005) for similar details.

This proves the first part of Theorem 2.
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The periodic case when t,; = O(1). In this case we need a more precise expansion
than (39) as follows:

)\'kl ! i i ]
(42) A~ 22— (o (1, L) e = 2o (1,2),
k! n n

uniformly for j/n € [e, 1 — ¢] and k ~ A, where
<pW(1 x) = (xlogx + (1 — x)log(1 — x))2 —2(1 — y)(p;(l, X).

This is proved by expanding more terms of ¢(u, x) at u = 1 and then estimating the
error terms (see Hwang (1995) for similar details).
With the approximation (42), we first prove that, for m > 0,

)\'k 1
(43) IE()(n,k - ,u'n,k)m = Pn(,k pm(tn ) ( ! ) ,

where p,, (f, 1) is a polynomial in #, ; of degree m with po(t,x) = 1 and p; (¢, ) = 0.
This will imply that for k = |A,,] + ¢, where £ € Z,

Xn,k — Mk "
E(w) P — {2},
for m > 0, where {A,} denotes the fractional part of X,. Then we apply an argument
based on the Frechet—Shohat moment convergence theorem similar to that used in Chern

and Hwang (2001a) to prove that (X, ; — ,u,,,k)/(kf;"/k!) does not converge to a fixed

limit law. The proof for (X, x — tn.k)/v/ V(Xp 1) is similar.
To prove (43), we again use induction. Assume m > 2. Then a similar analysis as

above leads to
) k"
Qm qu(tn,k) < Z! > k)

where g, (¢) is a polynomial of degree m defined by

1
Gn(tni) =Y (a’zc) /0 Y=y’

a+b+c=m
0<a,b<m
O=c=m

X Pa (tn,k —1 _log Y)Pb(fn,k—l()g(l - )’))((ﬂ;(l ) y)tn,k 2<PW(1 }’))C dy
Then by (32), we deduce that, for m > 2,

ARINTT lo (l/x)’
(m n m— 4
Pn,k) < k! > ~ ‘Zm (tn,k) + / ! Z

r=0

X(qm(tpx — 7 — 1 —logx) + gm(tyr —r —logx))dx,

the infinite series on the right-hand side being convergent since g, is a polynomial of
degree m. This proves (43) and the second part of Theorem 2.
Note that by induction

1
pm(r)=qm(r>+f X (ot — 1 —logx) + pu(t —logx)) dx  (m > 2).
0

Straightforward calculation of the integrals gives expression (10) for p,(#, x).
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Extrema of |E(X, x — tnx)™|. To prove the maximum order of E(X, x — w,)", we
consider two cases. First, when |k — A,| < A%, we apply (38), so that

2/3 2/3

_ 2
max |pn<*7()| = o132y . max (t:lnk+ l)e mi? [ (2y)
[k—=An|<A. ’ sl <22 .

= oG "n"),

the maximum being reached when ¢, ; ~ £/A,.
On the other hand, when |k — A,| > A*/3, we apply the estimate (35) and bound the
maximum by the sum

max |Pn(",z)| =0 (|v—1]"r," 0™ E + E vk
2/3 ’
lk—A |2 k<A —A23  k=A+A23

Takingv =1 — A;m in the first sumand v = 1 + A;m in the second, we obtain

_ S Vi
max |P(V;l()| — 0()\1/3 Sm/énme mh, /2).
k=, l>22% ™" "

Thus
max |E(X,r — )"l = O, "n™).

1<k<n

The proof for the minimum order is similar. This proves Corollary 5.

6. Asymptotic Normality when oc=0. The approach we use in this section relies
on manipulating the recurrences of two sequences of polynomials defined from the
bivariate generating functions P (z, y) := Y, E(y*"#)z". Not only can it be applied to
prove Theorem 3 but it also gives an alternative proof of the moment convergence part
of Theorem 1.

Main steps. Let

)»%k71
kTN G- DE k= 1)

X;"k = (Xnxk —Kﬁ/k!)/Un,k, and A := X,/ k. The proof of Theorem 3 uses the following
estimates.

PROPOSITION 2.  The characteristic functions of X, , satisfy the two estimates:
()

‘o N R (A
(44) IE(Xni?) — e 0/2 = 0 (e R 4,
NN

uniformly for 0] < e A'®; and
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(1)
(45) E(eX®) = 0(e */* +n~9),
uniformly for e AV < |0] < ev/A.

Theorem 3 then follows from applying the Berry—Esseen smoothing inequality (see
Petrov, 1975).

These estimates are derived by singularity analysis (see Flajolet and Odlyzko, 1990),
starting from Cauchy’s integral representation

]E(eXn'kig/U”'k) — 1 Z_n_IPk(Z, eie/an,k) dZ-
27Tl lzl=¢
We then need estimates for the generating functions Py, and for that purpose, we introduce
two sequences of polynomials and derive approximations to P; via those for the two
polynomials.

Two sequences of polynomials. By (12), the generating function Py satisfies

Z
Po(zy) = 1+ =,
-z
Pt y)—1
&&J0=1+zwp</ lJifQ——dO (k > 1).
0
It is more convenient to work with
Pi(z,e') — 1
Qilz,s) = =22~
Then
es
QO(ZsS) = 1 _Z’
(46) 2
Oi(z,5) = exp (/ Ok (t, S)dt) (k> 1.
0
Now, write L(z) := —log(1 — z). We define two sequences of polynomials V and W
as follows:

Vi (L
Qi(z,s) := exp <Z hmis ’;'(Z)) s’")

m=>0

1 Z Wen(L@))

11—z m!

m=>0

LEMMA 7. The two sequences of polynomials satisfy the recurrences

Vim(x) = / Wm®d k= 2),
(47) ‘i "
W) = — 3 (j.)jvk,,-(x)wk,m,(x) (m = 1),

1<j<m

where Vi, = x form > 0 and Wy o(x) =1 fork > 1.
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PROOF. The first relation follows from (46) and the second from taking the derivative
with respect to s and then collecting the coefficient of s™ on both sides. O

Mean value and variance. We first rederive the mean and variance by such a V W-
polynomial approach.
By (47) with m = 1, we obtain

xk

(48) Vii(x) = Wi i(x) = ] (k=1).

Consequently, with x = L(z),
z L") s(nk+1)
l—z k' (m—D!"

which rederives (2). The asymptotic behavior of u,; when k = o(%,) is derived as
follows:

Mnk = [Zn]

u

i = [WF]——— (1 4+ 0(n™))

L1+ u)
k k
AR L +0<’\”)
k! 052k (k — !4 r'ad+u) nk!
)\’k
~ 2
For m = 2, we have, again by (47),
X x2k71 x
49 Vi = Wi_i2()dt = Vi—12(t) dt
@ Vo = [ Wena0d = e [ Vi
Z <2]) xk+j
0572k j)k+ v
and then
2] xk+j
W, =V + V2 (x) = () —.
12(X) = Via(x) + V2, (x) O;k D a
Hence,
b 2 27\ L (z 27\ s, k+j+1)
EOXZ) = 11— ) (.’)—Q; 3 (’)(—’,
—7 S% \J k+ j)! 054 \J (n—1)!
2] k+j n" -1
= —(14+0 ;
> <j>[u ragm+oe™

0<j<k

see Meir and Moon (1978) and van der Hofstad et al. (2002). Now, observe that, for

k= 0()\}1)’
u u 2 24 2k-2
<2k> W] n B ([uk] n ) —0 <k AL > .
k (1 +u) (1l +u) k2
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It follows that

A 2k—1
k—D12Q2k—1)
which proves the variance estimate in Theorem 3.

This line of computation can be extended to higher moments. For example, a similar
reasoning for m = 3 yields

V(X i) ~ (k = 0(An)),

Vis(x) = / Vk71,3(t)dt+/ (3Vk71,2(t)vk71,1(t)+Vk3_1_1(t)) dt
0 0

; Z Z (2]> (] +2£> kit N Z ( 3] ) xh+2) .
0SekoSZe \J 6 Jk+j+0r (S N\J ) 2!
and

Wia(®) = 3 Z Z (2]> <] + 2£> xkti+e N Z < 3j > xk+2i
k3 = . N e ) T AN
222 U e Jariror T 2 ) e

which was used to compute E(X,,  — y,n,k)3 in Figure 1. However, the resulting expres-
sions soon become very involved. Thus we focus directly on the asymptotics of these
polynomials and not on exact expressions.

Asymptotics of the V and W polynomials. First, by (48), we have
ok
Vi1 (x) = W1 (x) ~ T (x €O,

for k = o(|x]).
Next, by (49), we have the following estimates, for k = o(x):

X% 2% —1 k—t¢  k—¢
Vi) = G E k=) (H 2. 2k—j]l_[ ( x '2k—j—z>>

I<j=<k <t<j

x2k—l

T k=D k-1

and
x2k
Wi2(x) = Via(0) + V{4 (00 ~ 55

The general pattern is as follows.

LEMMA 8. Ifk = o(|x]), where x € C is large, then

xm(k—l)-H

(k= Dtm (mk =D+ 1)

mk

klm’

Vk,m (X) ~

(50)
Wk,m ()C) ~
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PROOF. We use induction on m. We already proved (50) form = 1, 2. Assume m > 3.
By (47) and induction

Vk,m ()C) / Wk—l,m (t) dt
0

1 m x £ G241 k=D m—)
— j - . - dr
w2 <j>]/() G- Ghk-2D+1) k=Dl

1<j<m

2

+ f Vk—l,m (t) dr
0

x(k—l)m-H

T kD (k—DmtD

/ kal,m(t) de.
0

Hence, by iteration,

(m)g xk-‘rj(m—l)
Vi) ~ Y T ,
oS e jm— 1)

x(k—l)m-H

T k=D (k—Dm+ 1)

Moreover, by applying (47) and induction again

W () 1 m\ . xj(k71)+1 xk(mfj)
mX) ~ — . . : -
. w2 Ve Gasnan o

I<j<m

xmk
kim’
This proves (50). O

~

PROOF OF PROPOSITION 2. By Cauchy’s formula, we have

X ki0 /00 k 1 —n :
E(E : i ) = % Z Qk(Z, le/an,k) dZ.
lz|=¢

We then deform the integration circle onto the left contour shown in Figure 3, where
8n = A2 /n. For the

larger circle, we have

1 z,10 2
— 7z "0 ( ) dz=0[e™ sup
270 Jiz=148,/n Ok l2l=14+8,/n

Now by the estimate
)\’k
ouk =0 (A‘l/z—">
’ k!

()
Onk
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C
149, P T
H z—1-1ZI /‘\
n
I
L I _)_\—/
> 1/ne 0 HO
Fig. 3. The Hankel contours used to derive the asymptotics of the moments of X, x
and (50), we have
=0T 2 ),

Vim(log(n/wn))o, " =
for any complex sequence w, satisfying 1 < |w,| = O(AX). It follows that the contri-

bution from the large circle is bounded above by

1 .10
"0 (Z i >dZ = 0> o HHKAY
On,k

270 Jij=148,/n
= 0n™®),

uniformly for |6] < ev/A.
When z € ‘H;, we make the change of variables z — 1 — t/n and apply estimate

(50), which gives
17 Ak 1 02 1
- 22) = 2enf ()5 o)

= TP\ klos A

' O(AZ j@A"jm)}

m>3

From this we deduce that if |6] < ¢ A'/°, then

T g\ _n Ak 0 0? Lol e+ 1e [log 7|
Qk( >_—exp< l—?><+ <(||+||)\/X>)f

n’ Onk T k! oy k

and if eA'/® < |6] < e A!/2, then
Qk( T i0 > — 0( |_L,|—F —02/2+K|6)? /«/—
7]

l’l On.k
= 0(—— e
- |'L'|1*5 ’

for sufficiently small ¢.
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These estimates then yield

Xy _ € i( < 3 uogﬂ))
B = S /mr 140 (01 + 107 2T
x({1+0|— dt+0(n™°)
n

3
= 2 (1 +0 (%)) + 0™,

uniformly for |6] < e A'/%, where the contour Hy is shown in Figure 3, and similarly

E(e*) = 0" 170,

uniformly for e A'/® < || < e A/2. This completes the proof of Proposition 2. O

PROOF OF THEOREM 3. We now apply the Berry—Esseen smoothing inequality (see
Petrov, 1975)

1
sup P(Xi <x)—®@)|=0 (ﬁ + J) ,

where

/A |E (eX;kw) —e 2
/ a0
/A 0

E (exi,iki@) o2
l=a-12  Ja-ir<jpizeare  Jeave<ip<ents 6

= 1+ h+ /5

The integral J; is assessed as follows:

J1 < / d9+/ —_—
<A1 lol<A-172

E(X:2) |6]do + / 16| do
[6]<A-1/2 10]<A—1/2

E(eX%) — 1

IA

= O(A7 ).

By (44), the integral J, satisfies

Jh=0 (A—1/2/ (1 +92)e—92/2d9+n—8/ |9|—‘d9>
A~12<|0]<e A1/ A~12<|0|<e A0

= O(A™2 4 nflogA)
= O(A™').
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The last integral J; is estimated by using (45)

J; = 0 (/ 0 e do +n* logA)
sAV/6<|9|<eAl/2

= O(A™ ).

This proves Theorem 3. O

In particular, Theorem 3 implies and completes the case « = 0 in Theorem 1.

An alternative proof of Theorem 1(ii). The above approach based on V W-polynomials
can also be refined to give an alternative proof of Theorem 1. We outline the main steps.
First, by (47) and induction, we can prove that

k) (k/xym—t

Vk,m(x) Nsm <; m k'ma

k xmk
Wiem (x) ~ &p (—) ;

x ) k!m

uniformly for 0 < k/|x| < m'/"=D and large complex x, where &, (u) is defined
recursively by

En(u) = m; > ('Z)fh(u)smh(u)uh—' (m >2),

_ m—1
u 1<h<m

with & (u) = 1.
Then when k/X, —» «,0 <« < m!/ =0

E(X",) = [z"]li_zwk,m@(z))

1 1 n
— e't Wim (log (—)) dr
2ri Jy T

Em(ar) -1 (An — log T)Mk
~ AR A -

2

d
mi ), Ak ’
Ak
~ ém(a)L—./ eftT T dr
km 2mi Jyy
En(a) Ak
T+ ma) k™
F(l + a)]n m
é:m(a) F(l + ma) l‘l’n,k’

for a suitably chosen Hankel contour /. It is straightforward to check, by (7), that

ra+a«” _
Em(a)m = V().

Note that this approach does not apply to profiles of binary search trees.
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7. Profiles of Random Binary Search Trees. We consider briefly in this section
random binary search trees whose profiles have been widely studied; see Drmota and
Hwang (2005a) and the references therein. Our method of moments and contraction
method apply. While the results for both trees are very similar, there is no range for
binary search trees where the limit law of the profile is normal.

Let Y, x denote the number of external nodes at distance k from the root and let Z,, ;
be the number of internal nodes at level k (root being at level 0) in a random binary
search tree of n nodes (as constructed from a random permutation of n elements). Then,
fork,n > 1,

d *
Yok = Yok + Y, g o1

d *
Zny = Zjk—1+Zy_1_j x-1>

with the initial conditions Y, o = 8,0 and Z,o = 1 — §,,0, where J, is uniformly

. . d d
distributed over {0, ..., n — 1}, the summands are independent and Y,, , = Yn*, o Lnk =

Zy - Note that Z,, p = Y-, Y, ;27 7F.
Mean values. The expected value of ¥, ; satisfies (see Drmota and Hwang (2005a) and
the references therein)

ok 24,k 1
E(Y,x) = ms(n,k) = W (1 o ():)) 7

the O-term holding uniformly for 1 <k < KX,
For internal nodes, the asymptotic behavior is different:
k

2
E(Zyg) = 3D s, j)

tj>k
k @1)" if 1<k<hx —KJVA
- ) 1 = = An — ns
(1 - Dln,k)r((xn,k)nk!
N A ICE) if Xy o= (k= &)/ A
= o((k)'%);
(2 .
@ l)F(a,,,k)nk!’ if A+ KA, <k <KA,,

where the error terms in the first and the third approximations are of the form

k
0 ( (ZAn) ) 7
|k — Ap|?nk!
and that of the middle is O ((1 + |xn,k|3)/\/k—n); see (51) below.
Note that
IOg E(Yn,k)
An

and the right-hand side is positive wheno_ < o < a4, where 0 < o_ < 1 < a are the
two real zeros of the equation z — 1 — zlog(z/2) or e“~ /% = 7/2. These two constants
are sometimes referred to as the binary search tree constants (or the fill-up level and
height constants, respectively).

o
—>a—1—a10g(5>,
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The limit law. Define the map

T: M—> M, VH£<%U“*IZ+%(1—U)“*IZ*),
where Z, Z*, and U are independent and £(Z) = L(Z*) = v.
The constant s is defined by s := 2when2—+/2 < @ < 2++/2and 1 < s < ¢ when
o € (o_, )\ (2 — /2,2 4+ +/2), where ¢ € (1, 2] solves the equation o(o — 1) + 1 =
2(/2)8.
Similar to Proposition 1, we have the following properties.

PROPOSITION 3. Ifa_ < a < ay,thenthe restriction of T to M (1) has a unique fixed
point Y (&). In addition, E|Y (2)|¢ = 00 for a € (ar—, a )\(2 — v/2, 2 + +/2).

Limit distribution when a_ < a < a,. The above estimates for the mean values of
Y, and Z, ; say roughly that internal nodes are asymptotically full (of sizes 2*) for the
first A, — K /A, levels, while external nodes are relatively sparse there. Observe that
the second-order term of E(Z, ;) is asymptotically of the same order as E(Y,, ;) when
o < 1. This suggests that we should consider

- {2" — Znk, if o <a<l,
Zn,k =

Zy ks if 1<a<a,.

THEOREM 5. Let Y () and o be defined as in Proposition 3. Assume that k = a), +
o(Ap). Then, fora_ < o < ay,

Yn,k Zn,k
]E(Yn,k) ’ ]E(Zn,k)

L y(a),

with convergence of all moments for a € [1, 2] but not for « outside [1, 2].

Chauvin et al. (2005) proved almost sure convergence for Y, ;. /E(Y, x) when a_ <
o < a; their result is stronger than convergence in distribution but does not imply
convergence of all moments.

As in Theorem 4, we can derive a convergence rate for the ,-distance when 2 — V2 <
o < 2+ +/2 and for ¢, when « € (v )\2 — V2,24 2).

Moments of the limit law. The integral moments 1,,(x) of Y («) satisfy (when they
exist) no(e) = n1(a) = 1 and, for m > 2,
(a/2)"
m(a—1)+1—2(/2)"

m F'ha—1D+DI'(m—h) (e —1)+ 1)
X Z (h)nh(a)nmh(a) Ton@—D 1D .

Mm (a) =

1<h<m

Observe that the polynomial m(z — 1) + 1 — 2(z/2)™ has two positive zeros z,, and z},
where z,, € [2 — \/5, 1) and z;j e 2,2+ «/5] for m > 2. The two sequences of zeros
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Table 1. Approximate numeric values of z,, and z,, form =2, ..., 11.

m
2 3 4 5 6

Zm 0.58578 0.69459 0.76045 0.80420 0.83509
zh 3.41421 3.06417 2.86989 2.74376 2.65416

m
7 8 9 10 11

Zm 0.85790 0.87533 0.88903 0.90006 0.90912
zh 2.58668 2.53372 2.49085 2.45532 2.42531

for increasing m satisfy (see Table 1)

Thus the interval [1, 2] is the only range where convergence of all moments holds.

More precisely, 77, () is finite when z, < @ < z/ and we have convergence of the
first mth moment (but not the (m + 1)st moment) for Y, ;/E(Y, ) and Zn,k/]E(Z,,,k)
there. In particular, ifo_ <o <2 — V2or24+2 <a < o, then Y (o) has no second
moment. This is consistent with the result in Drmota and Hwang (2005a).

Limit distributions when « = 1. Notethat Y(1) =Y(2) = 1.
The following theorem states that there is a delicate difference between the limit
distribution of Y,, , and that of Z,, ; (properly normalized) when o = 1 + O(1/4/4,).

THEOREM 6. Assume k = A, + t, 1, where t, . = 0(Ay). If |ty | — 00, then

Yn,k - E(Yn,k)
2tn,k(2)\n)kil/(nk!)

My

iftyx = O(1), then the sequence of random variables (Y, y — E(Yyx))//Y(Yn k) does
not converge to a fixed limit law.
For internal nodes, uniformly for t, y = o(Ay),
Zn,k - ]E(Zn,k) M

bk -

Thus periodicity does not play a special role for internal nodes when o = 1. Note that
the normalizing constants differ by the factor o, p — 1 = 1, 1 /As.
The limit law Y’(1) can also be defined as

d / *
Y() = YD)+ 1Y ()" + 14 ogU + L log(1 — U),
with independent summands and Y’(1) 4 Y’(1)*. Note that the random variables

0 Zn.i/2/ have mean equal to _... j~ " and converge to Y'(1) (after centered
j=0 “n.j q 1<j<n g
and normalized).
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Since the distribution of Y’ (1) is uniquely characterized by its moment sequence, the
convergence in distribution is also implied by the Frechet—Shohat moment convergence
theorem.

The quicksort limit law when o = 2

THEOREM 7. Assume oty = 2 + ty ik /Ay, where t, . = 0(Ay). If |ty | — 00, then

th _'E(th) an _]E(an) M / .
; — Y'(2);
zbuk(ZAn)k_l/(nk!) Znuk(ZAn)k_]/(nk!)
if t.x = O(1), then neither of the two sequences

Y%k _]E(Yﬁk) an _]E(an)}

NALVA BENATV

converges to a fixed limit law.

The limit law Y’(2) is essentially the quicksort limit law (see Hwang and Neininger,
2002):

Y LUYQ+(1-U)Y Q) +1+Ulogl + (1 - U)log(l — U),

with independent summands on the right-hand side and Y’ (2) Ly "(2)*.

Convergence in distribution in the case when |t, x| — o0 is also implied.

The approach given in this paper gives not only the bimodality of the variances
V(¥,.x) and V(Z, ;) but also the extremal (reachable) orders of |E(Y, y — E(Y,.x))"|
and |E(Z, r — E(Z,x))"| form > 3 when o = 2.

Sketch of proofs. We sketch a few steps for internal nodes, external nodes being similar
and simpler.
Starting from the recurrence for the probability generating function of Z,, 4,

1
P =~ 3 Pt WP ) (1= 2k = 1),

0<j<n

with Pyo(y) = 1 and P, o(y) = y forn > 1, we have the recurrence for the mean value

2
E(Zug) =~ > BZix) (1= 2k21).

0<j<n
LEMMA 9. The solution to the recurrence

2
nk = — j k— bn
nj =~ § Ajk—1 + Dk

0<j<n
is given explicitly by
2 . 2u
ai =i+ 3 S b 0] I (1 n 7) ,
n 0<j<n0<r<k j<t<n

where by . 1= ap k.
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Then we have, by applying the exact solution with b, o = 1 forn > 1 and b, = 0
otherwise,

2 2
(51) E(Zu) =~ 37 ] (1+7”)

I<j<nj<t<n

P 1 ( I'(n+u) _1)
U—I\T+ DL+ 1)

2k 1 -1
= — M7k71 <n tu > du.
278 Juj=ay > 1 u—1 n

Thus

E(Zji—1) +E(Zp—1—ji-1) — E(Zy 1)

2k j
= — u ™ n" e (u 1) (14+0G™"+m— ") du,
2700 J = n

where
uxu—l + u(l _ x)u—l _ 2
2 (u)(u — 1)
Note that, unlike recursive trees and external nodes of binary search trees, ¢(1, x) is not
zero and ¢(1,x) =1+ % logx + % log(1 — x). This is why there is no periodic case for
internal nodes when ¢ = 1 4+ O (1/V/X,,).
All estimates required for E(Z, ;) and for its difference E(Z; 1) + E(Z,—1—j ¢—1) —

E(Z, ) can be derived as for recursive trees. For example, we have, uniformly for
)Vn+KV)"n SkSK)\'na

o(u,x) =

2r)

Bl ~ D@k

8. Conclusions. Most random trees in discrete probability or data structures have a
height of order either in «/n or in logn; see Aldous (1991). While profiles and other
related processes defined on random trees of 1/n-height have been thoroughly studied
in the literature (see Aldous, 1991; Drmota and Gittenberger, 1997; Kersting, 1998;
Pitman, 1999; and the references therein), profiles of trees with logarithmic height have
received little attention (except for digital search trees; see Aldous and Shields (1988)
and Jacquet et al. (2001)). This paper shows that the phenomena exhibited in such trees
are drastically different yet highly attractive. A detailed study of more general random
search trees (including m-ary search trees, quadtrees, fringe-balanced binary search trees,
etc.) will be given elsewhere.

Many questions remain unclear at this stage. For example, are there more “humps” or
valleys for higher central moments or cumulants in the central range? Are there interesting
process approximations? How to simulate the limit laws appearing in this paper? What
happens when o = e for recursive trees and « = «_, o for binary search trees? Do
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we still have the same convergence in distribution for X, x /@, when w, — o00?

Note that for recursive trees, E(X, ) — oo for k < eA, — e; logh,, where ¢; > %,
but V(X, ;) — oo for k < (4/log4)Ar, — ey logh,, where e; > 1/(2log4). Since
4/log4 ~ 2.88 > e, there is still a small range in k where the mean goes to zero but the

variance goes to infinity.
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