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Abstract

Simple families of increasing trees have been introduced by Bergeron, Flajolet and Salvy. They
include random binary search trees, random recursive trees and random plane-oriented recursive trees
(PORTSs) as important special cases. In this paper, we investigate the number of subtrees of size k£ on
the fringe of some classes of increasing trees, namely generalized PORTs and d-ary increasing trees.
We use a complex-analytic method to derive precise expansions of mean value and variance as well as
a central limit theorem for fixed k. Moreover, we propose an elementary approach to derive limit laws
when k is growing with n. Our results have consequences for the occurrence of pattern sizes on the
fringe of increasing trees.

1 Introduction

Several recent studies have been concerned with the profile of rooted random trees, where a couple of
different notions of the profile have been proposed. The oldest and most widely-used notion counts the
number of nodes at a fixed distance & from the root. This kind of profile which is called node profile has
been extensively studied for many different families of trees; for random binary search trees and recursive
trees see Chauvin, Drmota, and Jabbour-Hattab [4], Chauvin, Klein, Marckert, and Rouault [5], Fuchs,
Neininger, and Hwang [22], Drmota and Hwang [10], [11]; for random plane-oriented recursive trees
see Hwang [23]; for other types of random trees see Drmota and Gittenberger [©], Drmota, Janson, and
Neininger [12], Drmota and Szpankowski [ 3], Park, Hwang, Nicodeme, and Szpankowski [26].

In this paper, we are interested in another notion of profile defined as the number of subtrees of size k
on the fringe of rooted random trees. This profile which is called the subtree size profile has so far only
been investigated for random binary search trees and recursive trees. More specifically, limit theorems
have been derived in Feng, Mahmoud, and Panholzer [ | 5], Feng, Mahmoud, and Su [16], Feng, Miao, and
Su [17]; Berry-Esseen bounds, local limit theorems and Poisson approximation results have been discussed
in Fuchs [21]; and functional limit laws have been proved by Dennert and Griibel [7]. Similar to the node
profile, the subtree size profile is a fine tree characteristic carrying a lot of information about the shape of
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a tree. For instance, the total path length (sum of distances of all nodes to the root) and the Wiener index
(sum of distances between any two nodes) can be easily computed from the subtree size profile. Moreover,
results about the subtree size profile in turn entail results about the occurrence of pattern sizes (for a more
thorough discussion see below). Studying pattern occurrence in random trees is an important issue in
Computer Science (for instance in the context of compression; see Devroye [8] and Flajolet, Gourdon, and
Martinez [ 19]) as well as in Phylogenetics (see Chang and Fuchs [3] and Rosenberg [27]).

Here, we are going to investigate the subtree size profile for other families of rooted random trees.
More precisely, we will propose a method which is applicable to several classes of simple families of
random increasing trees as defined in Bergeron, Flajolet, and Salvy [2]. These families have numerous
applications (see [2]) and contain random binary search trees, random recursive trees and random plane-
oriented recursive trees (PORTSs) as special cases. We will explain our approach and work out all details for
random PORTS in the next two sections (random binary search trees and recursive trees have been treated
in [16]). Generalized PORTSs and d-ary increasing trees will then be briefly treated in a final section.

We will start by giving some more details on random PORTs. Random PORTSs have surfaced in a
couple of different applications sometimes under different names such as random heap-ordered trees or
scale-free random trees. They are for instance used as one of the most simplest model of random networks;
see Barabasi and Albert [1] and the thorough discussion in [23]. As for the definition of random PORTS,
first a PORT is a rooted, plane tree together with a labeling of the vertices, where labels along any path
from the root to a leaf form an increasing sequence. If we fix the number of nodes to be n, then an easy
counting argument shows that the number 7,, of PORTs with n nodes is given by

Tw=1-3---(2n—3) = (2n — 3)!l = nl2""C,,,

where (), = (25:12) /n are the (shifted) Catalan numbers. A random PORT is then obtained by uniformly
picking a PORT of size n.

There is an equivalent definition of a random PORT of size n via a tree evolution process: start from
the root and recursively attach new nodes, where an existing node with d children is supposed to have
d + 1 free places (in front of the first child, between the first child and the second child, etc.) and the
new incoming node is attached to a place that is chosen uniformly from all those free places. Stop when
you have attached n nodes and the resulting tree is again a random PORT. Note that in this tree evolution
process, nodes with a large number of children are more likely to attract the new incoming node. This
preferential attachment rule is the reason for the importance of PORTSs as simple network models.

Now, for a random PORT of size n, we denote by X,, , the number of subtrees of size k (the same
notation for the subtree size profile will also be used for other types of random trees). In this work, we
are interested in the limiting properties of X, ;, both for fixed & and for £ tending to infinity as n tends to
infinity. More precisely, we will prove the following result.

Theorem 1. (i) (Normal range) Let k = k(n) such that 1 < k = o (y/n). Then,

X’n,,k — Hn,k i) N(O, 1)7
On,k
where i, = (2n — 1)/(4k* — 1) and, as n — oo,
) (8k2—4k—8 (2% — 3112 )
Onk ™ 2 2 2 5 n
(4k* — 1) ((k = 1)1)" 4+=1k(2k 4 1)

(ii) (Poisson range) Let k = k(n) such that k ~ c\/n as n — oo. Then,

Xk 4, Poisson(2 ¢ 7?).



(iii) (Degenerate range) Let k = k(n) such that k < n and \/n = o(k) as n — oc. Then,

Xoi =5 0.

For fixed £k, this result will follow by standard tools. Hence, our main contribution will be the treatment
of varying k. Here, the result entails some interesting consequences concerning the occurrence of patterns
(by which we mean the subtrees rooted at the nodes of a tree). In order to explain these consequences, first
observe that the number of patterns of size k is equal to the number of rooted, plane trees of size k£ which
is given by

Oy ~ = V2E 31241 (k — o0).

Hence, all pattern can just occur about to size k = O(log n). Beyond this order, some pattern will cease to
exist. Our result on the other hand shows that all pattern sizes are still present up to k = o(1/n). Moreover,
patterns sizes of order /n exist only sporadically and are Poisson. Finally, pattern sizes of order beyond
\/n are highly unlikely. Note that the latter non-existence is consistent with the stochastic behavior of
other shape parameters. For instance, it is well-known that the total path length 7;, of random PORTS is
of order O(nlogn); see Smythe and Mahmoud [28]. Now notice that we have the following connection
between 7;, and the subtree size profile

n—1

Ty =) kXpp.
k=0

Consequently, if all pattern sizes exist up to index kg, then
ko n—1
O(ky) = Zk < ZkX"v"? =T, =0O(nlogn).
k=0 k=0

Thus, pattern sizes beyond \/n log n are very unlikely.

Next, we are going to discuss the method of proof of the above theorem. Therefore, note that our result
is almost identical to the results for random binary search trees and recursive trees in [ 1 5] (only the variance
has a more complicated shape). The proof in the latter paper, however, rested on a precise expression
for all moments of X, ; and such an expression is not available in the current situation. Consequently,
a new method of proof has to be devised. Our new approach will again work with moments, but in
difference to [15] we will use induction to derive the first order asymptotics of all moments (such an
approach was nicknamed “moment-pumping” in several recent papers; see Chern, Fuchs, and Hwang [6]
and references therein). Moreover, we will directly work with central moments. This will incorporate
the tedious cancelations from [15] in the induction step, making the resulting proof much easier. Another
advantage is that this approach will be applicable to other families of random trees as well, thereby showing
that the above phenomena hold more generally for many families of random trees.

We will conclude the introduction by giving a more detailed sketch of our approach. In Section 2
we will consider the case of fixed k. As already mentioned before, this case is standard and a variety
of approaches could be used (e.g. bivariate generating functions combined with Hwang’s quasi-power
theorem or contraction method; see Flajolet and Sedgewick [20] for the former and [7] for the latter).
The approach we choose will work with moments and use complex-analytic tools. To give some more
details, our starting point is the easy observation that the number of subtrees of size k£ in a random PORT is
obtained as the sum of the numbers of subtrees of size k in all subtrees of the root which again are random
PORTs. This yields the following distributional recurrence

N
Xux £ X (n>h) ()
=1
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with initial conditions X}, = 1, X, = Oforn < kand X\, £ X, ;. Moreover, X, 1, X'}, (N, I}, I, ...)
are independent random variables, where N is the out-degree of the root and /4, . . ., Iy are the sizes of the
subtrees of the root. Due to the uniform probability model, we have

. _ n—1 \m 7
Tnryit,eyie - P(N =T, Il =11, 7[7“ = ZT) - (Z 1 )7-—7
1 r n

g ey

where 71,...,7, > land 7y + --- + 7, = n — 1. Next, we consider the following (scaled) exponential
generating function of the m-th moment

AM(z) =3 mEXD) .

n>1

Straightforward computation then reveals that all these generating functions satisfy the following type of
differential equation

Alz)
1—-22
where B(z) is a function of generating functions of moments of smaller order. Generating functions of
centered moments also satisfy the same differential equation. This differential equation is easily solved

Al(z) = +B(z),  A®0) =0,

A(z) = m / t)V1 — 2tdt. (2)
Thus, we have a recursive scheme. From this, the above result for fixed k is obtained as follows: we first
derive an exact expression for the mean value and an asymptotic expansion for the variance. We then shift-
the-mean and use induction to deduce the first order asymptotics of all higher centered moments. Here,
we will use singularity analysis with its closure properties (see Chapter VI in [20]). Finally, our result
will follow from the Fréchet-Shohat Theorem (see Lemma 1.43 in [14]). A similar strategy was used in a
recent paper of Fill and Kapur [ 18] for studying additive functionals in Catalan trees.

The above approach using generating functions and singularity analysis has the drawback that the
dependency of the error terms on k is not clear. Hence, in Chapter 3, we will devise another approach for
the more complicated case of variable k. Here, we will not work with generating functions, but directly
with the underlying sequences. Even though one could read off a recurrence relation for the m-th moment
from the above differential equation, it is easier to use a slightly different starting point. Therefore, observe
that a random PORT can be decomposed into two random PORTSs, one being the leftist subtree of the root
and the other the remaining tree. This yields the following distributional recurrence for X, j,

X £ Xppp + XKoo= Lty (0> F) 3)

with initial conditions X}, = 1, X, = 0 forn < k and X;;k, 4 X,k Here, I, is the size of the leftist

subtree. From our random model, it is easy to see that

2(” - j)Canfj
nC, ’

T =PI, =7) = (1<j<n).

Now, by taking expectations, one observes that all (centered or non-centered) moments satisfy a recurrence
of the form

C;Cp_;
e =2 Y Skt by (0> F) (4)

1<j<n n



with ay i, given and b, ;, a function of moments of smaller order. This recurrence is easily solved

C; 1—35 C 1-k)Chyq_
Ak = Z —]<n+ j)bj,k—f— k(n+ ) +l kCL (n>k) (5)

C C Kk

k+1<j<n

Thus one again has a recursive scheme. Now, one can apply the approach from [22] which works as
follows: first we re-derive the mean. Then, we shift-the-mean and use induction to derive a uniform bound
for all centered moments. Next, we use this uniform bound and another induction to derive the first order
asymptotics of all centered moments in the normal range of Theorem 1. For the Poisson range, a similar
approach is used, the only difference being that we will work with factorial moments. The final step is
then again the Fréchet-Shohat Theorem. The same approach was already applied in [3] for random binary
search trees, but in the current situation the technicalities are much more demanding.

Our two approaches above are of some generality and can be applied to other families of random trees
as well. In particular, our approaches work for certain classes of simple families of increasing trees. We
will recall the definition of these tree families in the final section and shortly outline how to deduce similar
results for those families, too.

2 Constant Subtree Size - An Analytic Approach

Here, we will prove Theorem 1 for constant k. Therefore, we will follow the approach sketched in the
introduction. First consider the double generating function

Pz 0) = 3 reBlexp(Xou)) oy

n>1 ’
Then, (1) translates into the following differential equation.

0 1
—PB = V1)1 FEC
with the initial condition P (0,y) = 0.

Next, we recall that ALm}(z) is the m-th derivative of Py(z,y) with respect to y at y = 0. Taking
derivatives in the above differential equation yields

d o m A[m](z) m
AN = T2+ B(2), (6)

where B,[Cm] (z) is a suitable function and Agcm] (0) = 0 (note that this verifies the claim from the introduc-
tion). We list two instances for B,Em} (z) which will be needed below

24 (2)?

1-k k-1

Bl(z) = 2 kCt T, BP(2) =

More generally, B,E:m} (z) is a function of A%] (z) with i < m.
As already mentioned in the introduction, we will use singularity analysis to obtain asymptotic expan-
sions of moments. First, we need a definition. For some R > 1 and 0 < ¢ < 7/2 set

A(R,¢) ={z : || <R, z #1/2, |arg(z — 1/2)| > ¢}

which will be a called a A-domain. Moreover, we say that a function f(z) is defined (or analytic, etc.) on
a A-domain if f(z) is analytic on A(R, ¢) for some R and ¢.
Now, we can start by deriving the mean value and the variance of X, .
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Proposition 2. Forn > k,

2n —1
E (Xnk) = 1
and, as n — 00,
8k? — 4k — 8 (2k—3)!!2 4k* — 2k — 2
Xok) = — S
Var (X, k) ( (4k2 — 1)2 (k — 1)124k=1k(2k + 1)> (4k2 — 1)2
2k — 3112
( k 3) + O (n—5/2) ]

(k — 1)24-Tk(2k + 1)

Proof. We start with the mean value. Therefore, observe that by substituting (7) into the solution (2) of the
differential equation (6), we obtain

N k‘Ck
All t’“_lx/l — 2tdt.
(2) = \/1 — 2z
Consequently,
n'21_k/~cC’k
E(X,:) = ") th=1y/1 — 2tdt.
(oa) =" [
Next,
1 z
_ P11 — 2tdt
V1—2z /0

1 1/2 1 P
= tF 1 = 2tdt + — tF=1/1 — 2¢dt
\/1—22/0 \/1—22 1/2

_ 27"B(k,3/2) 21+ k—1 ! 1+1/2

_ — "+ = /2;< l )(—1) (1 — 2t)1/2q¢
(k=) o1k (=1
_(2k+1)u\/71—2z Z( )21+3

where B(z,y) denotes the beta function. Substituting this into the above expression yields for n > k

L k—1

(1—22)" (8)

nl2'FEICy, 2] 1 _ 2n-—1
P O D ITR B we, RV R

where the last line follows by straightforward simplifications. Hence, the first claim of the result is proved.
In order to prove the second claim, again by (7) and (2),

E<Xn,k) =

2 217kk0k

= N1 —otde
\/1—2z 1—2t \/1—22’ 0

A[Z]( ) =

932k 1.2 12 t 2 P TOM
= mk (1 2t)2 < Uk_l V 1-— 2UdU) dt + ﬁ tk_l V 1 — 2tdt. (9)
- 0 - 0 - 0

The second term is the same as above. Thus, we only have to concentrate on the first term. Note that
according to the computation above,

1 Lo P (k-1 1 1
(12072 ( " ”1_2“01”) ke gooe 9 (m)
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as t — 1/2 in a suitable A-domain. Consequently, by Theorem V1.9 in [20],

t 2
(/ w11 — 2udu) dt
0

(k=1 1 ¢
S22k + 112 (1-22)32 0 JT—22

as z — 1/2 in a suitable A-domain. Here,

2
(k— 1) /1/2 1 /t 1 (k— 1)1 1
=——— —_— V1 —2ud — dt.
= yne f, \aZae U, YT 2k ) (1 — 20)2
Before simplifying this constant, we substitute what we have so far into (9) and use the transfer theo-
rems from Chapter VI in [20]. This yields

1 S|
M/O (1 —2t)2

+0(V1-2z)

1222k 12O 1 1232k 22 1 2n —1 !
E(X2)) = = £[2") += £[2") + o+ O (=2
’ T (2k + DN2H (1 — 22)3/2 Ty V1—-2z 4k* -1 Tn
as n — 0o. Now, recall the well-known asymptotics for the n-th Catalan number
Cp ~ 273241 (= o0). (10)

Consequently, the error term above is O(1). Further simplifying the other terms yields

An? de(2k — )2 2
(42 —1)2 ( (ENEETE 1) n+0()

E(Xik) =

as n — oo and thus
4c(2k — 3)I12 2 4
X o) _ 1
as n — oQ.

So, what is left is to find a simple expression for c. Therefore, we substitute (8) into the integral in the
above expression for c. This together with some computation yields

o (B=D)P 227k (k —1)! Mok (—1)H+
‘= S22k 4+ 1)112 * (2k+ )N lz:; ( l ) (20 +1)(20 + 3)

+217% kaZ (k ! 1) (k i 1) (2 + 3)(2(:2;1 +it2)

=0 =0

Now, either by standard simplifications or using Maple,

e A o § L Ly
Z( l )(2l+1)(2l+3)__(2k+1)!!

k—1 k—1 k—1 k—li (_1)l+z‘ B 9 22k—1k!(k_1)!
;;< l >( i )(2[+3)(2i+3)(l+i+2)__k(2k+1)+ 2k + 1)1z

Substituting this into the expression above and substituting the expression for c¢ in turn into the above
expression for the variance together with straightforward computations yields the claimed result.

Note that our method above just yields the main term in the asymptotic expansion of the variance.
However, it is straightforward to extend our approach to obtain arbitrary long expansions of the variance,
too. |



Remark 1. Note that Theorem 1, part (iii) immediately follows from the above explicit expression for the
mean value.

Next, we are going to generalize the previous method to obtain an asymptotic expansion of all higher
centered moments. Therefore, we first have to shift-the-mean. Thus, set X,,, = X, — un, where
p = 2/(4k* — 1). Moreover, set

_ _ ik B
Pi(z,y) = ZTnE (exp(kay)) = P, (y, ze “y) )
n>1
Then, our original differential equation can be replaced by the following one

eflj‘y

0
_Pk(za y)

% + (e¥ — 1)e Fmvl=FpCy 2kt

with the initial condition P (0,y) = 0.

Now, denote by flggm}(z) the m-th derivative of P(z,%) with respect to y at y = 0. These functions
again satisfy our fundamental differential equation

d pm Ay
LA = S e
with initial condition A" (0) = 0 and
= /m o' 1
B[m] 2 = ((—k +1 mo_ ()™ 21—k’k0 Zk—1_|_ () _,\ym—i -
£ = (e = et 5 () e g

o' 1
oy L= Filz.y)

m—1 Tli1+1] 8i2 1

+ AT ()= — (11)
i1+i2§7{1—1 (117127 Z3> : dy 1 — P(z,y)

11 <m—

y=0
Our next aim is to prove the following result.

Proposition 3. flg;m](z) is analytic in a A-domain for all m > 1. Moreover, we have the singularity
expansions

AFN) =0 (1 =222 (2> 1/2,2 € A)
and

APz = GmECm =N (o yirm o (1 22)m) (s 1/2,2 € A)

4mm)

where

, K —dk—8 (2k — 3)12
(4k2 — 1)° (k — 1)P24:—1k(2k + 1)

Proof. We will use induction, where apart from the above claim, we will also prove the following one

82m—1 71 o ((1 . 22)1/27771)
y?m=11 — Py(z,y)

y=0




asz — 1/2and z € A, and

o%m 1
oy*™ 1 — Py(z,y)

_ (2m)!(2m — 1)”0 (1- 22)—1/2—m +0 ((1 — Qz)_m) (12)

4mm)
y=0

asz — 1/2and z € A.

Now, the claims are easily verified for m = 1. Thus, we may assume that the claims hold for all
m’ < m. We want to prove them for m. We will only concentrate on the even case, the odd case being
similar.

First, we will investigate the terms in (11). Therefore, observe that by the induction hypothesis

Zmzl 2m (_ )2m—ia_i 1
i a Oy 1 — Py(z,y)

=0

—O((1-22)1m)

y=0
as z — 1/2 and z € A. Next, we consider the last term in (11). Here, again from the induction hypothesis
2m — 1Y\ +j; 0% 1 o' 1
> (DA O
i1, 12,13 Oy 1= Fi(z,y)| _ 0y" 1= Pi(zy)
y:

i1+ig+iz=2m—1

=0
11<2m—1 Yy

om — 1 92 1
_ A[21+1]
Z ( ) (= )33/” 1 — P(z, y)

1 Z Z
i1-4ioFis=2m—1 1,92, %3
i1 odd;i1 <2m—1;i92,i3 even

+0((1—22)"")
c(2m — 1)log?™

- = (1—22)72" 40 ((1-22)").

0's 1
Oye1- Pi(z,y)

y=0

as z — 1/2and z € A, where

_ ; (iy —2)! (iy — DY (i3 — DN
o 2 (1+1)((z'1+1)/2)! (i2/2)!  (i3/2)!

i1+ig+iz=2m—1
11 odd;i; <2m—1;i2,13 even

— g2 hm;m_l <(Z~f1__1>1/2> (zi?) (@52)

i1 odd;i1 <2m—1;i2,i3 even
m—2 N m—i—1 . . .
B 21 2] 2m — 21— 2 —2j -~ 2m — 2
= 2% m =2""(m —1 :
()% GO 0) e (G5
=0 7=0
By substituting this into the expression above and collecting all terms, we obtain for (11)

—1)(2m)!(2m — 3)!lo?™

22m71m!

B =

(1=22)""2" 4+ 0 ((1-22)"")

as z — 1/2 and z € A. Using (2), we have

AP 2y = BE™ ()T —2tdt

M/

and the claim follows from Theorem V1.9 in [20].



What is left is to show (12). Here, observe that

oy* 1 — Pi(z,y) . C1-2z
y:
2m — 1\ ;i 9" 1 o' 1
+ Z (il i) )ALIJ“](Z)ayi?l—P(Z y) 6yi31—P(z y)
i1tigtig=2m—1 N 1772003 &Y WY

11<2m—1

Hence, the claim follows from the expansion for flfm] (z) and the computations above. This concludes the
proof of the result. 1
Now, we can conclude the proof of Theorem 1 for fixed k.

Proof of Theorem 1, (i) for fixed k. Applying the transform theorems of Chapter VI in [20] yields

|
E(Xpx —pn)" =0 (&2%’”‘5/2)
Tn

as n — oo, and

n!(2m)!(2m — 3)!lg?™
T4™m)!

E (X, — un)zm =

Tn

|
[2"](1 —22)Y2 ™+ O <&2”nm_2)

as n — oo. Using (10) and standard computations in turn gives
E (X, — )™ = 0 (")

and
E(Xnr— ;m)Qm = ¢, 02" + O (nm’l/Q) ,

where g, = (2m)!/(2™m!). The claimed result follows from this by the Fréchet-Shohat Theorem. |

Remark 2. Tt might be possible that with the approach just presented the case of variable k& can be treated
as well. However, in order to do so, one needs error terms which are uniform in both n and k. Such error
terms seem to be easier to derive when one considers recurrences instead of generating function and avoids
using complex analysis. This we are going to do next.

3 Variable Subtree Size - An Elementary Approach

In this section, we will concentrate on the remaining cases of Theorem 1, namely, all cases where k = k(n)
and £ — oo as n — c0. As already mentioned, we will propose a different approach which will work with
sequences and is elementary in the sense that complex analysis is avoided.

We will follow the approach outlined in the introduction. Therefore, set P, (z) = E(exp(X, x2)).
Then, we obtain

Pop(2) = Y TiBik(z)Pajn(z),  (n>k),
1<j<n

where P, ;(z) = 1 forn < k and Py x(z) = e*. By taking derivatives and evaluating at z = 0, we observe
that all moments satisfy the recurrence

amk = Z Wn’j(aj’k + Cln_ng) + bn,k; (n > ]{?), (13)

1<j<n
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where b, ;, is a given sequence that involves moments of lower order. Here, a, ; = 0 for n < k, ayy, is
given and b,, ;, = 0 for n < k. Note that the above recurrence can be rewritten to (4).

Now, in order to prove (5), we set A(z) = > >°, Cpa, ;2" and B(z) = > >~ Cpb, x2". Then, (4)
becomes

A(2) — Cragp2” = 2A(2 ZCZ + B(z) = (1 — V1 —4z2) A(2) + B(2).

Solving for A(z) yields
1

m(

Reading off coefficients immediately gives (5).
We first demonstrate how to re-derive the expression for the mean value of the previous section from
(5). Therefore, observe that for the mean we have (13) with

A(z) = B(z) + Ckak7kzk) )

2kCLCh—k

by =—-P(l,=n—Fk)=— e

By substituting this into (5) (with ay ;, = 1), we obtain

chk u ijk(n +1-— j)OnJrl,j i C’k(n +1-— ]{I)CnJrl,k

k o j C%
j=k+1
_ 2kCh g = i = C; o Celn+1—=Fk)Cpyis
==, ]2?@Z§3j+kf+ .
]i]Ck Ck(n +1-— k’)CnJrl,k

"] T 1—-V1—4t)dt
[ \/1—473/ ) + C,

"] t*=1/1 — 4ede
[ \/1 — 42 /
= "] t" /1 — 2tdt.
2kC, [u \/1 —2u /

The remaining derivation is as in the previous section.
Next, we will look at the variance. In difference to the previous section, we will already now shift-the-
mean. Therefore, set

kC’k

0, ifn <k
P = {1, if n =k;
2n/(4k* — 1), ifn > k;

Moreover, set X, = Xpx — finx» and P, x(z) = EeXn+*, Then, (3) becomes

= Y M P(2) Pa ()i (> k),

1<5<n

where P, 1.(z) = 1 forn < k and

Apjk = ik + Hnjk = Hnk — lo—n sy

11



Put A = E(X,, 1 — ptas)™ = P} (0). By taking m-th derivatives and evaluating at z = 0, we obtain
again a recurrence of type (13)

A= 7 (A[m] + Al ) +BM (> k), (14)

1<j<n

where flm = 0 forn < k and

A= Y () X mAA s

i1+ig+izs=m 1<j<n
0<iy,ia<m

Now, we first derive a uniform bound for the variance. Therefore, we will use the above recurrence
together with (5).

Lemma 4. For k,n > 1,

Var(X, ) = O (%) .

Proof. Setting m = 2 in (14), we get our usual recurrence with
Bl _
n k— Z ﬂ-nj n] k*
1<j<n

An easy observation shows that

P2l _ 1 _ L (n—=k)CiChrp
Bn,k_0<k2+ﬂ-”k)_o(ﬁ+ nCn .

We substitute now the latter into (5) and treat the resulting two sums differently. First, for the first sum,

1 Ciln+1—7)Cri1 n3/? - \

k+1<j<n k4+1<j<n

1
=0 vn 321 —2)"Y2dx
k2 k/n

=0 (m)

where we have used (10). Using the same arguments as in our above derivation of the mean value, we can
evaluate the second sum

Ci (J—k)Cjk(n+1—35)Cryiy
o 2

" k+1<i<n J
& . kC, C:n+1—=7C.q1_:
=& Z Cj(n—k—i_l_])cnflwrlfj__k i : 1)Cnt1-j
" 1<j<n—k " krl<j<n J
_ Giln—k+1)Cogn kG Cin(n+1—7)Coir;
2n —1

T2k + )2k — 1)

Overall, the claimed bound follows. |
Next, we refine the above result for varying k.

12



Proposition 5. Let k = k(n) such that k — oo as n — oo. Then, as n — oo,
n
Var(X, k) ~ —.
ar( ,k) 052
Proof. Observe that in the proof of the last lemma, we more precisely have

B = m A2, + O (1)) .

n,
Moreover, we found that the contribution of the O-term is negligible compared with the claimed order of

the variance. Hence, we just have to concentrate on the first term.
First, direct computation shows that A? ; ; ~ 1 as n — oo. Consequently,

Z Ci(n+1—7)Cat1-j AZ 2Ck (J—k)Cjr(n+1—7)Cry1-;
C Tk kK ;
k+1<j<n n " k+1<j<n J
n
2k2’

where the last line follows as in the proof of the previous lemma. Hence, we get the claimed result. |
Next, we use induction to extend the uniform bound for the variance to all higher centered moments.
From a technical point of view, this is the most demanding part of the proof.

Lemma 6. For k,n > 1 and m > 2,

flml =0 (max{%, (%)mﬂ}) .

Proof. First note that Lemma 4 implies the validity of the assertion for m = 2. Next, assume that the
assertion holds for all m’ < m. We are going to show that it holds for m as well.

Therefore, we first bound (15). In order to do so, we start by considering the range where n > 2k? and
break the double sum into three parts

=Y T+ ¥ +F 3 amenen
11,082,893 j<k2 = 11,02,83 k2<j<n—kZ  i1,i2,83 n—k2<j
We will treat each sum separately. We start with the second sum

m flia] 7l i
me X (7)) X meAlAlan,

11,22,13

11t+ig+iz=m k2<j<n—k?
0<i1,i2<m
m—1 m
_ Alil xlm—i]
= (Z> > mAnAl
=1 k2<j<n—k?
m—1 m
_ § : A1) xlm—1] E : Al glm—i __.
=m anjAj,kAn—j,k + i ﬂ-nvjAj,kAn—j,k: = 22’1 + 2272.
k2<j<n—k? =2 k2<j<n—k?2

The above two parts can be bounded as follows

1 n _j (m—1)/2
22’120 E Z ﬂ-n,j( k‘2 )

k<j<n
(m=1)/2 AR
O (ﬁ) B I 1- 2
k2 k2 £ n
k<j<n
nym-0/2 1 nym2 1
O((ﬁ) W)Zo«p) —ﬁwz)

13




and

m—1 m j i/2 n _] (m—1)/2
camo(£() £ (1) ()
i=2 1<j<n
m—1 .\ (i—3)/2 .\ (m—i—1)/2
B n\m™?2 1 m\ 1 7 _J

1<j<n
-o((8)" )

where we used (10) and the induction hypothesis.
Next, we estimate the third sum

m alil] gt 3
e Y (i) I A,

i1+i2+ig=m 1,%2,%3 n—k2<j<n
0<i1,ia<m

= Dt >ty )

i1Hiotiz=m n—k2<j<n detiz=m—1ln—k2<j<n iotiz=mn—k2<j<n
0<i1,i2<m,i1 >2 0<ig<m

=: Y31+ 232 + 23 3.

Again, we bound the last three parts separately. First, we treat the first part

-\ 91/2
2371 =0 Z Z Tn,j (é)

i1t+igt+iz=m n—k2<j<n
0<41,i2<m,i1>2

n\i1/2 1 G\ 2 G\ V2
2 (ﬁ) n > (;) (1—5)

i1+io+iz=m 1<j<n
0<i1,i2<m, i1 >2

olm Y (w7

11+i2+i3=m
0<i1,i9<m,i1>2

-o(()"%):

Next, we bound the second sum

1 1
2372 =0 ﬁ Z Z Tn,j =0 (ﬁ) .

igtig=m—1n—k2<j<n

Si-

Finally, we bound the third sum

Ys3=0 ! =0 ! 32 (1 AT
3,3 — % Z Z Tn,j = E Z 7 — =

igFi3=mn—k2<j<n k2<j<n "
0<ig<m - -
1 11 i\ i\ V2 1
—o|- 32y oL 1 17 —o(=).
k Z J + Vnon Z n n k2
k2<j<n/2 n/2<j<n

14



What is still left is to estimate >;. Again, we break the sum into three parts

I [Z] )
e Z <Z1,22,13> ZW"JAJ;’AH ]kAT?Jk

11+i2+iz=m J<k?
0<i1,ig<m

DD I D SEDIEID IS
i1+iotig=m  j<k?  dgtiz=m—1j<k2  dotiz=m j<k?
0<21,22<m,41 >2 0<ia<m

=X+ X2+ 23

and bound all three parts individually. For the first sum, we have

Z31,1:(9 % Z Zﬂnﬂ(

) i2/2
t1+igtiz=m  j<k?
0<41,12<m,i1 >2

) ia/2 - N\ (i2—1)/2
—olg ¥ (@)Txe(d)

t1+iz+iz=m J<k?
0<41,i9<m,i1>2

()" ) =o(()")

Next, we obtain the following bound for the second sum

1 n—j /2
217220 ﬁ Z Zﬂ'nj( >

io+iz=m— 1]<k2

) /2 - N (i2—1)/2
—olz ¥ ()T

i2+ig=m—1 j<k?

o ()" E) o (@) )

For the final bound, we have to work slightly harder

n—j i2/2
2173:(9 Z Zﬂ-n]( ) AS]k
i2+13= mj<k2
0<ig<m
ia/2 i2/2
n— ] n—=k
12+13 m j<k i2+iz=m
0<ig<m 0<ig<m
1 in/2 X (i2=1)/2 (m=1)/2 K\
— il —1/2 3/2 _
o G N D M (o) I R (O
i2+iz3=m
0<ia<m

o) ) o ()" )



m]

So, overall we have proved the following estimate for BL 5

Bl =0 ((%)m/z %) (16)

for n > 2k%. Here, we should note that actually slightly more than the above bound was proved. The
reason for working harder than it is in fact necessary at this stage will become apparent later on.
Next, we have to find a suitable bound for the remaining range n < 2k?. Therefore, we first observe

plml _ m Ali] gliz] :
B, = Z (z i > Z T A5 1 A2 kA i + O (k) -
ipiatis=m N 12003 1 <ion jtk
0<i1,22<m
Then, we break the first sum into four parts

o= > o+ > + Y D =+ S+ N

i1+i2+ig=m t1t+ig=m i1+ig+ig=m lotiz=m  i3=m
0<i1,ia<m 0<i1,ia<m 0<41,ia<m,i1,i3>1 1<ia<m

We will carefully estimate every part. We start with the first one

seo(S 2 (3 ()
(@ EErZ () (-2)") o (@ R)

1<j<n

Next, we treat the second part

' 1
22 =0 Z Z Tn,j (é) ﬁ

i1+12+i3=m 1<5<n,j#k
0<i1,i2<m,ig,i32>1

n 1 1 i\ 2 i\ 2 n 1
0| —— - L 1—2Z —0(~—].

i1 +i2+izg=m
0<iy,i2<m,i1,i3>1

For the third part, we have

m—1 .
n—7 1
N3 =0 ( > Ty (—k2 ) km)
i=1 1<j<n,j#k

7

Finally, the fourth part we bound crudely by

1 1
2420( 2 W”’jk_m> =0(i):
1<j<n,j#k
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Overall, we obtain the following bound
S wn,k> (17)

for n < 2k2.
Now, we substitute what we have proved so far into the solution (5) of (14). Therefore, we will break
the solution into two parts

1lm O +1_On —7 (m
D S L D D D M TN

k+1<j<n k+1<j<2k?  2k2<j<n

In order to bound the second sum, we use (16) and obtain

Ci(n+1—5)Coiry 5\ 1
Y =0 Z J J - —
2k2<j<n Cn k Vi

(s ()5 ) e ()

1<j<n

For the first part, we use (17). Consequently,

Ciln+1—7)Chi1-; J Ci(n+1—37)Cpi1y
k+1<j<2k? k4+1<j<2k?
=11+ X2
The second sum was already estimated in the proof of Lemma 4 where we obtained the bound O(n/k?).
For the first sum, we break our considerations into two cases. First, assume that n > 3k2. Then,

el - DI Y S R At o =0 ()
11 E J n k)

k+1<5<2k?

Next, we assume that n < 3k2. Then,

ng/g 1 ] -1/2 j 1 —-1/2 n
21,1_0(?52 (5) (1— " ) =0(3):

1<j<n

Collecting the above estimates, we obtain

a0 () o (()")

which concludes the induction proof. |
The next step is to refine the previous bound in the normal range of Theorem 1.

Proposition 7. Let k = k(n) such that k = o(y/n) and k — oo as n — oo. Then, as n — oo,
T[2m—1 n\m-1/2
a=o((m)"):

Fl2m] o™
A~ o (5)
form > 1, where g,, = (2m)!/(2™m!).
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Proof. We will once more use induction on m. Due to Proposition 5, the assertion holds for m = 1. Now,
assume that the assertion holds for all m’ < m. We will prove that it holds for m as well.
First, we concentrate on Bg] .- Note that we can assume that n > 2k?. We break Bg] ;. into the following

three parts
=Y Y4y Y 4 Y =manas,

11,802,803 j<en  11,i2,83 en<j<(l—e)n  %1,i2,i3 (l—e)n<y
where ¢ > 0 is a fixed constant.
First, we consider the case where [ is odd, i.e., [ = 2m — 1. We use Lemma 6 to bound X; and >,
where it is actually enough to use the bounds we have already deduced in the proof of the lemma. This

yields
meo() ) o (B G [

Now, we let ¢ — 0 and obtain
- < n >m—1/2 1
1=20 12 \/ﬁ .

Similarly, we deduce the same bound for 3. As to X9, we first break it into two parts

diop = Z Z + remaining terms,
i1+i2=2m—1 en<j<(l—e)n
0<i1,i9<2m—1,11>2
where the remaining terms can be bounded as in the proof of Lemma 6 yielding
n\m—-1/2 1
remaining terms = o <—> — .
8 k2 vn

For the other part, we use the induction hypothesis. Therefore, note that either z; or 75 must be odd. Hence,

2m—1 nN\i/2 (n—j m—1/2—i/2
>y =X ¥ @) (%)

t1+i2=2m—1 L en<j<(l—e)n i=2 en<j<(l—e)

0<11,i2<2m—1,i9>
m—1/2 2m—1 i—3)/2 j m—1—i/2
(@R () ()

( k \/_ 1<j<n n
(n)m—1/2 1
k2 Vn

So, overall we have proved that
_[2m71] B n m—1/2 1
Bug =0 ((@) 7

for k = o(y/n) and k — oo as n — 0.

Next, we consider the case where [ is even, i.e., [ = 2m. Here, ¥ and >3 can be treated as above
and we obtain the bound o((n/k*)™1//n). As to 35, we divide it as above and again obtain the previous
bound for the remaining parts. So, what is left is to consider

2. 2

i1+i2=2m en<j<(l—e)n
0<i1,i9<2m,i1>2

18



Note that either 7; and 7, are both odd or both even. The first case is treated as above and we obtain once
more the bound o((n/k*)™1/4/n). For the second case, we have

s S e s () )

i1+io=2m en<j<(l—e)n en<j<(l—e)n

0<iy,ia<2m,i1 is even
1 ] i—3/2 ] m—i—1/2
1IYm— z_ - 1—-=
(2k2> \/_Z( )gg 2\ /T n Z (n> n

en<j<(l—e)n

G (gl [0

where we used the induction hypothesis in the first step and (10) in the second step. Collecting all contri-
butions and letting ¢ — 0 yields

o B n\m 1

B ~ g, (_) —

ok2) Jn

for k = o(y/n) and k — oo as n — oo, where (I'(z) denotes the I'-function)

m—1

~ 2m z m—i—
Im = Z ( )gzgm 12\/—/ 3/2 _‘T) I/de'

i=1

2m+1¢_zzl s B(i—1/2,m—i+1/2)

L —1/2)I(m—i+1/2)
2m+1 Zz' m — 1) I'(m
\/_ (m)

(2m — 2i)!
m — 1)l4m—i

22—2)
- 2m+1 l\/_ Z Z' 1) Ji— 1\/E< \/7_T

- 2\/_ 2m)" Z (Zm - 2@) (2;_—12)

_ 4\/_(2m) (2m 2)!
8mml(m — 1)!(m —2)!"

Next, we substitute what we have proved so far into the solution of (14) which is given by (5). We
break the solution into two parts

A= > + > =5+,
k+1<j<en en<j<n

where € > ( is a constant.

Again let us first consider the case where [ is odd, i.e. [ = 2m — 1. Then, >J; can be bounded as in the
proof of Lemma 6 and we obtain

m—1/2 [€
=0 ((%) /0 g™ 2 (1 — :U)l/Qd:c> :
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m=1/2)For bounding Y5, we use the induction hypothesis

Upon letting ¢ — 0, we obtain o((n/k?)

Ci(n+1—5)Coiy (5 \"* 1
22:0<Z : C, iz Vi

en<j<n

m— i\ M5/ 1\ Y m—
(@G ) (@)

This proves the result in the case where [ is odd.
Finally, we consider the case where [ is even, i.e. [ = 2m. Here, X; can be treated as above and we
obtain o((n/k*)™). So, what is left is to deduce the asymptotics of 3;. Therefore, observe that

] Citn+1—)Cosis [ 5 \™ 1
Z1 ~ m ! ] -
2 . 2#E) Jj

<) g 2 ()05

en<j<n

~ (2 e / a1 ) s
2k2) T ). ’

where we used the induction hypothesis in the first step and (10) in the second step. Letting ¢ — 0 and
some simplification yields

m 1 1
gm—/ 2™ 2(1 — x)"V2ddx
0

)

l)’ﬂ 4(2m)!(2m — 2)! B(m —1,1/2)
)
)

8mml(m — 1)!(m — 2)!
mo4(2m)!l(2m — 2)! L(m—1)I'(1/2)
8mml(m —1)l(m—2)!  T(m—1/2)
n\™  4(2m)!(2m — 2)! 4= m —2)!(m — 1)!

2k27 8mml(m — 1)!(m — 2)! (2m — 2)!
_(n >m(2m)!_<n >m
—\ak2) ot T \2p2) I
This concludes the induction proof and consequently also the proof of the proposition. |
The last proposition together with the Fréchet-Shohat Theorem proves Theorem 1, part (i) for £ — oo.

With a similar method of proof, the Poisson range can be handled as well. We just give a rough sketch
of the proof. The reader should have no problems in filling in the missing details.

Proof of Theorem 1, part (ii). In view of the claimed result, it is better to work here with factorial moments
instead of central moments. Therefore, set Q),, x(7) = E (’yX“»k). Then, (3) translates into

Qui(y) = Y mQin(1)Qu-jr(7)yH =m0,

1<j<n

= Z Wn,j@j,k(V)anj,k(’}/) - (’Y - 1)7Tn,nkan7k,k(fY>7 (TL > k):

1<j<n
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where @, x(7) = 1 forn < kand Q. x(y) = 7.
Next, we denote by AET ,l the m-th derivative of (), () evaluated at v = 1. Then, for m > 2, the
above recurrence in turn yields

where flgn,l =0forn < kand

B = Z( ) ST g AL AT — m AT (18)

=1 1<j<n

As before, the next step is to obtain a uniform estimate. A careful analysis reveals that

o ()

for all n, &k > 1 and m > 2. Note that the bound here is more simpler than in the previous analysis. This
is due to the above simplified form of the “toll” sequence B’m

The latter estimate is then used to prove the following asymptotic expansion for k = k(n) and k ~
c\/n, asn — oo,

gm) 1
n,k (262)”1’

Therefore, we proceed by induction. The case m = 1 follows from the explicit expression of the mean
value. Next, assume that the claim holds for all integers < m. Then, by substituting the induction assump-
tion into (18) and using the uniform estimate, we obtain, as n — oo,

m—1
B~ (0) T mdan
=1

en<j<(l—e)n

s (aet, 5, (07 00

en<j<(l—e)n

“’(2c12>m%n§< JE AR

where € > 0. Letting ¢ — 0 and using similar computations as in the proof of the last proposition, we

obtain, as n — 00,
Z?hn] \/;TH(QTH-—-Q)! 1 1
n.k 4m=1(m —2)! (2¢2)™ \/n’

Now, we substitute this into (5) and again use the uniform bound. This implies, as n — oo,

form > 1.

M

7lm] Cj(n +1-— j)cn+1—j plm] m(2m — 2)! 1 ! m—2 —1/2
An,k ~ Z a ijk ~ T =2 2 . 21— 2) / dux,

en<j<n

where € > (. Letting ¢ — oo and some straightforward computations establishes the claimed results.
Hence, the induction proof is completed. 1
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4 Other Simple Families of Increasing Trees

Random binary search trees, random recursive trees and random PORTSs are all special cases of simple
families of increasing trees. In this final section, we will briefly outline how our results can be extended to
other simple families of increasing trees. We will only focus on the (more complicated) case of varying k.

We will start by recalling the definition of simple families of increasing trees from [?]. First, an
increasing tree is a rooted, plane, node-labeled tree with labels along any path from the root to a leaf
forming an increasing sequence. A simple family of increasing trees is then defined as increasing trees
together with a sequence (¢, ),>o of non-negative weights with ¢y > 0 and ¢, > 0 for some r > 2. For a
given increasing tree 7', we define its weight as

W(T) = H ¢d(v)7
veT

where the product runs over all nodes v of 7" and d(v) is the out-degree of node v. Moreover, we denote
by #17 the size of T" and set

Ty = Z w(T), T(z) = ZT”Z_:L'
#T=n n>1 s

Finally, we set

¢<w) = Z ¢er

r>0
which is called the weight function. It was proved in [2] that
T'(z) = o(7(z)),  7(0)=0. (19)

Now, we equip a simple class of increasing trees with a probability model, where the probability of a tree
T is proportional to its weight. More precisely, if 7" has size n then its probability equals w(7T")/7,,. The
resulting class is called simple class of random increasing trees.

By specializing (¢,.),>o (or equivalently ¢(w)) one recovers random binary search trees, random recur-
sive trees and random PORTS as special cases.

e Random binary search trees (or equivalently random binary trees): ¢o = 1,01 = 2,¢o = 1 and
¢, = 0 for all r > 3, or equivalently ¢(w) = (1 + w)?.

e Random recursive trees: ¢, = 1/r! for all » > 0, or equivalently ¢(w) = e*.

e Random PORTs: ¢, = 1 for all > 0, or equivalently ¢(w) = (1 — w) ™.

Subsequently, we will fix a simple class of random increasing trees. Then, the subtree size profile is a
double-indexed random variable which we again denote by X, . Arguing as in the introduction, we have

N
Xop Y X (> k) (20)
=1

with initial conditions X}, = 1, X,, , = Oforn < k and Xff;c 4 X k. Moreover, X, ., Xf:}c, (N, I, I, ...
are independent and the joint distribution of the latter random variable is given by

| ~1 \7om
T rit e — P(N =T, ]1 = il, c. ,I,« = ’L,) = [WT]QS(W) ( " i )7—17_—7-77

11y ...,

22



where 71,...,7, > land i; + --- + 4, = n — 1. As in Section 2, we set

2"
ZTn eXP nky))_|
n>1

Then, we have

0 ” 2F
_Pk(z7y) = ¢(Pk(z7 y)) + (6 - 1)Tk

0z k-
with initial condition P (0, y) = 0. Next, consider the (scaled) exponential generating function of the m-th

moment
[m] § m Z

n>1

Taking derivatives shows that all these functions satisfy a differential equation of the type

Al(z) = ¢ (7(2))A(z) + B(2)

where B(z) is a function of generating functions of moments of smaller order. From this, we can read off
the following recurrence relation for the moments

Qp | = Z Tn,j A5k + bn,k (n > k)

1<5<n

with a suitable sequence b, ;, (involving moments of lower order) and ayj given, by, = 0, and a,; =
b, = 0 for n < k. Moreover,

(n— 1)l

VD

"¢ (7 (2)).

Wn,j =

As before, we need a general solution of this recurrence. Therefore, set
" "
= g Tl B(z) = E Tnbn’k—'.
n! n!
n>1 n>1

Then, the recurrence translates into the differential equation

A'(2) = ¢(7(2))A(2) + B'(2) + Thar,n

with solution

By reading off coefficients, we obtain
nlr; z il n!Tg k-l
nk = bj———[2"]7’ ——dt — 2" —dt. 21
o= 3 IR0 [ St g i O [ S @

Using this, one can in principle use the method from the preceding section to derive similar results as
for PORTs for other simple families of increasing trees. We will state such results for special families of
increasing trees which will be defined below.
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Grown Simple Families of Increasing Trees. As mentioned in the introduction, random PORTSs can
be alternatively defined via a tree evolution process. It is an interesting question to ask which other sim-
ple families of random increasing trees admit such a construction (via a natural tree evolution process).
This question was completely answered in Panholzer and Prodinger [25], where it was shown that such a
construction is possible if and only if the class belongs to the following list.

e Random d-ary trees: ¢(w) = ¢o(1 + ct/po)? where ¢y > 0,¢ > 0and d € {2,3,4,...}.
e Random recursive trees: ¢(w) = ¢pe/?°, where ¢y > 0 and ¢ > 0.

e Generalized random PORTS: ¢(w) = ¢(1 — ct/po) ™", where ¢y > 0,¢ > 0 and r > 1.

Moreover, as explained in Kuba and Panholzer [24], for stochastic properties it is sufficient to consider
the following special cases.

e Random d-ary trees: ¢(w) = (1 + )%, where d € {2,3,4,...}.
e Random recursive trees: ¢(w) = e’

e Generalized random PORTS: ¢(w) = (1 —t)™""!, where r > 1.

We will state results similar to the one for random PORTS for these three simple families of random
increasing trees (where random recursive trees are already covered by previous work).

Mean Value. Here, we show how to compute the mean value of the subtree size profile of random d-ary
trees and generalized random PORTs. We will see that in all cases, the mean value admits a simple exact
expression.

We start with generalized random PORTSs. Therefore, observe that by solving (19) one obtains

T(2)=1—(1—rz)/".

To=1""(n—1)! (" —n1_—11/r)'

Note that the latter formula implies that 7,41 /7, = rn — 1.
Now, we use (21) with b,, ;, = 0 for all n, k£ and a;, ,, = 1. This yields

E(X4) = ﬂ#ww(z) /0 ) i—(_t)dt

This in particular gives

Next, consider for n > k

z 1k—1 z
[z”]T’(z)/O P = [z”]T’(z)/ (1 — )t

T'(t) 0
k-1

= IS (")) ev [a

0

() Z ("D

1

1=
1

= [z”]T'(Z)T_k/O R (1 — )t Yrae,

T _p(B=DIT2—1/r)
Tl T T(kt2—1/r)
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Substituting this into the expression above yields for n > k
]E(Xnk):TnHr*l(k—l)! k—1—-1/r\ T(2-1/r) _ (r—1)(rn —1) .
’ Tn k—1 F'k+2—-1/r) (rk+r—1)(rk—1)
A similar computation gives the mean value of the subtree size profile for random d-ary trees. We
collect our result in the following theorem.

Theorem 8. (i) For generalized random PORTs, we have for n > k
(r—1)(rn—1)
(rk+r—1)(rk—1)

Hnk = ]E(Xn,k> =

(ii) For random d-ary trees, we have forn > k
d((d—1)n+1)

Hnk = E(Xn,k) = ((d — 1)/6 i d)((d — 1)k + 1).

Limit Laws for Varying k. Here, we state limit laws for the subtree size profile of generalized random
PORTSs and random d-ary trees. These results follow from (21) with the method of proof from Section 3.
Details will be left to the reader.

First, we state the result for generalized random PORTs.

Theorem 9. (i) (Normal range) Let k = k(n) such that k — oo as n — oo. Then,

Xng — Hnk d
—— — N(0,1),
On,k
where, as n — 00,
9 r—1 n
n? 7’7 k2

(ii) (Poisson range) Let k = k(n) such that k ~ c\/n as n — oo. Then,
Xk N Poisson((r — 1)r'c?).
(iii) (Degenerate range) Let k = k(n) such that k < n and \/n = o(k) as n — oc. Then,
Xk =5 0.
Similar, we have for random d-ary trees.

Theorem 10. (i) (Normal range) Let k = k(n) such k — 0o as n — oc. Then,

Xn - Mn
Ank Tl 4 n(g)1),
On,k
where, as n — oo,
d n

IR
(ii) (Poisson range) Let k = k(n) such that k ~ c\/n as n — oo. Then,
Xk 4, Poisson(d(d — 1) '¢?).

(iii) (Degenerate range) Let k = k(n) such that k < n and v/n = o(k) as n — oc. Then,

L
ka —L 0.
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