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Abstract

We show that the limiting distribution of the number of comparisons used by Hoare’s quick-
select algorithm when given a random permutation of n elements for finding the m-th smallest
element, where m = o(n), is the Dickman function. The limiting distribution of the number of
exchanges is also derived.

1 Quickselect

Quickselect is one of the simplest and efficient algorithms in practice for finding specified order
statistics in a given sequence. It was invented by Hoare [19] and uses the usual partitioning proce-
dure of quicksort: choose first a partitioning key, say x; regroup the given sequence into two parts
corresponding to elements whose values are less than and larger than x, respectively; then decide,
according to the size of the smaller subgroup, which part to continue recursively or to stop if x is
the desired order statistics; see Figure 1 for an illustration in terms of binary search trees. For more
details, see Guibas [15] and Mahmoud [26].

This algorithm®, although inefficient in the worst case, has linear mean when given a sequence of
n independent and identically distributed continuous random variables, or equivalently, when given
a random permutation of n elements, where, here and throughout this paper, all n! permutations are
equally likely.

Let C, ,, denote the number of comparisons used by quickselect for finding the m-th smallest
element in a random permutation, where the first partitioning stage uses n — 1 comparisons. Knuth
[23] was the first to show, by some differencing argument, that

E(Cym)=2n+3+n+1)H, — (m+2)Hp, — (n+3 —m)Hpt1-m),
for 1 <m < n, where H,, =), <k<m k~1. A more transparent asymptotic approximation is

E(Chm)

n
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IFor simplicity of presentation, we only sketched the algorithm of quickselect; when dealing with random input, we
assume that the randomness is preserved in each partitioning stage, which is the case of many partitioning algorithms;
see Sedgewick (1980) for a detailed discussion.
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Figure 1: A binary search tree illustration of quickselect. Given a sequence {zy,...,x,}. The binary

search tree associated with this sequence is constructed by putting x, in the root node, the remaining
elements being compared sequentially to x,. Those smaller (larger) elements go to the left (right)
branch and they form (recursively) a binary search tree. Assume that we are selecting the m-th
smallest element in this sequence and that the size of the left subtree is k — 1. If m = k then x;
(root) is the desired order statistics; if m < k then the search for the m-th smallest element go on
recursively in the left subtree, otherwise, the search for the (m — k)-th smallest element is conducted
in the right subtree.

for 0 < o = m/n < 1. In particular, u(0) = (1) = 2. The variance was derived by Kirschenhofer
and Prodinger [21], using generating functions,

Var(Cyp, m)
T ~ 0'2(04),
where o(a) > 0 is defined by
1
(o) = 5 20%log? a + 4(a® — a — 1) log alog(1 — a) — 2(1 — a)?log?(1 — a)

2
— 4aloga —4(1 — a)log(l — ) + §7T2a(1 —a)+5a(l —a)
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logt log(1 —t¢
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see also Paulsen [31]. Note that o2(0) = 02(1) = 1/2.

The limiting distribution of C), ,,,/n was studied independently by Griibel and Résler [14] and
Kodaj and Mori [24]; see also Griibel [12]. Although several (different) characterizations of the
limiting distribution of Cj, ,/n were derived, none of them is simple. Our aim of this paper is to
show that when 1 < m = o(n), the limiting distribution can be described in a more transparent
way via the Dickman function, extensively studied in number theory and probability theory. By
symmetry, the same results hold for 0 < n —m = o(n). While all previous approaches are based
essentially on the recurrence relations of C,, ,,, our approach is more combinatorial (in contrast to
computational) in nature and relies on proper decomposition of the random variable in question. For
more methodological interests, we also sketch another computational approach, using recurrence and
generating functions. The number of exchanges is discussed in Section 5. We conclude with some
remarks.



2 The Dickman function
The Dickman function p(u) is defined as the continuous solution of the differential-difference equation
up'(u) + plu—1)=0  (u>1),

with the initial condition p(u) = 1 for 0 < u < 1. It originated in the study by Dickman (1930) who
showed that

nhi& %# {k : 1 < k < n,the largest prime factor of kis < nl/“} = p(u),
for v > 1; in words, the number of positive integers less than n whose largest prime factor is less
than n'/* has the limiting density p(u) for u > 1. The Dickman function plays an important role
in analytic number theory, especially for problems in connection with the so-called psixylogy; see
Tenenbaum [35], Hildebrand and Tenenbaum [17], and Moree [29] for further information and more
instances.

Besides its appearance and applications in number theory (see also Hirth [18]), the Dickman
function also arises in a large number of problems like the degree of the largest irreducible factors in
random polynomials over finite fields (see Arratia et al. [2], Car [5], Knopfmacher and Manstavicius
[22]), the size of the largest cycle in random permutations (see Shepp and Lloyd [34], Gourdon [11]),
the sum of products of uniform random variables (see Goldie and Griibel [10], Devroye [7]), and
allele frequencies in the infinitely-many neutral alleles diffusion model (see Watterson [36]). See also
Arratia [1] and Arratia et al. [3] for a comprehensive survey on scale invariant Poisson processes in
which Dickman function appeared in several different forms. Our example of quickselect is a new
addition to this list of Dickman function.

Note that (see Tenenbaum [35, §I11.5.4])

/ ple)da = &,
0

where v is Euler’s constant. For simplicity of reference, we call the distribution with the density
function e 7p(x) the Dickman distribution; see Figure 2 for a plot of the density.

Let Z be a random variable with the Dickman distribution. Some known properties of this
distribution are listed as follows.

1. The distribution of Z is infinitely divisible; see Hensley [16].

2. The moment generating function of Z satisfies

5V 1] — 00
E(esz) = exp (/ € dv) = —e—exp (/ v le™? dv) , (1)
0 v S -5

the second equality holding for s € C\ [0, 00).

3. The k-th cumulant of Z is equal to 1/k; and the k-th moment uy of Z satisfies the recurrence
1 k
me=k" Y (G (k=)
0<j<k—1

with pg := 1.



One simple way of describing the Dickman function is the following. Let {X;}1<i<n be a sequence
of independent random variables such that

P(Xp=k)=k' and P(X,=0)=1-Fk1
fork=1,...n.

Proposition 1. The limiting distribution of the random variable

1s Dickman:

lim P(n~'D, < z) = 6_7/ p(v)dv (x > 0).
0

n—oo

This result will be used to prove our main result for Cy, ,,.
Proof. From (1) and

B (eitpn) _ H 14 ekt _
k Y

1<k<n

it suffices, by Lévy’s continuity theorem, to show that

. it e’ —1
lim F (e”D”/") = exp (/ dU) ) (2)
n—oo 0 v

uniformly for finite and real t. Now

) ikt/n _ 1
E (eztDn/n> — exp 67 + Rt |,
1<k<n

where

Jj=2

The dominant term satisfies

eikt/n_l itev_l
— = dv+ O (Jt|*n~"
— = [ w0,

1<k<n

by a simple application of Euler-MacLaurin summation formula or by the integral representation of
the left-hand side. This implies (2) and the proposition. |

With more calculations, we can prove a local limit theorem for D,, of the form (see Arratia et al.
[4, Corollary 2.8])

lim nP(D, =k)=¢ "p(x),

n—oo

where k/n — x > 0; see Figure 2. Interestingly, the histograms of D,, indicate that P(D,, = k) is
highly fluctuating for k£ < n, a fact due to the wide gap of individual X;.
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Figure 2: Histograms of nP(D,, = |zn]) for n from 10 to 30 and 0 < x < 3 and the Dickman
distribution eV p(x).

3 Cost of quickselect

Our main result is as follows.

Theorem 1. If 1 < m = o(n), then the limiting distribution of n=1Cy,,, — 1 is Dickman:

lim P (M < m) e /0 s dv (2> 0). (3)

n—oo n

By Proposition 1, it suffices to prove the following result. We write X, 2 Y, if X, 2 Y, + Z,
and Z,, — 0 in distribution.

Proposition 2. If m = o(n) then
1 Cpm R 141Dy

Proof. Let S,, denote the set of all permutations of n elements. Since we consider quickselect al-
gorithms whose partitioning procedures preserve randomness, we can, for the purpose of analysis,
restrict our analysis only to quickselect algorithms that do not exchange keys in the whole process.
We thus consider algorithms in which the keys in the subproblems we continue the search for the
desired order statistics retain their original (relative) ordering after each partitioning stage; this
essentially corresponds to the structure of a binary search tree (we use the first element in each
subproblem as the partitioning key).

Let £(4,7), 1 <14,j < n, be the indicator that key i (as a partitioning key) compares with key j
during the whole quickselect process when given a random permutation. Then

Cn,m: Z 5(%])

1<ij<n

We first prove the case m = 1. Observe that in this case £(i,7) depends only on the relative
ordering of {1,2,... ,max{,j}}. Let 0 € S,, be the given permutation. Let Ay C S, denote the



event that k appears before {1,2,...,k—1} in o for 2 < k <n. Then P(A;) = 1/k and k is used as
a partitioning key (at some stage of the quickselect process) if and only if o € Ay. Thus

. . k—1, if o€ Ag;
1<j<k
On the other hand, we have
. [0, ifoe Ay
> cime={ 0 s
1<j<k

since we are selecting the smallest element, and the key k is not present in the remaining process

once it is used as a partitioning key (o € Ay) or once it is compared to a partitioning key that is less
than k (o & Ag).
Summing over k from 2 to n, we obtain, by the independence of the sets Ay,

Y E)R1enT Y X (4)
1<i,j<n 1<j<n

The referee pointed out an alternative proof for this simple case by using binary search trees
that proceeds as follows. Observe first that the smallest element in a binary search tree is the node
reachable by following only left branches from the root. Thus the number of comparisons used by
quickselect to find the smallest element is essentially the sum of the subtree sizes of all nodes lying
along the left-most path (or “left-arm”) of the tree, yielding

Cog (14U +Uslhy +---)

where the U;’s are iid uniform [0, 1] random variables. The limiting distribution of the right-hand
side is Dickman; see Arratia et al. [3], Chamayou [6], Devroye [7].
For 2 < m = o(n), we observe that the distribution of the sum

> &)
m<i,j<n

is identical to the distribution of the number of comparisons used to find the smallest element in the
set {m,...,n}, which, by (4), satisfies

nt 3 i) R1ient Y xR+t Y X
m<i,j<n 1<j<n—m+1 1<j<n
Thus it remains to prove that the remaining cost is negligible:
> B(E05) = oln).
1<min{%,j}<m

To this aim, we observe that the sum on the left-hand side is bounded above by

DR () I S (%) S S R (4 E S S W 3 (%)

1<min{s,j}<m 1<i,j<m m<k<n 1<i<m m<k<n 1<j<m
= Z1+ Za+ Zs.



The first part satisfies
E(Zy) ~2m = o(n),

since the distribution of Z; is identical to the cost of finding the largest (or smallest) element in a
random permutation of m elements.

For Z (and Z3), we note that for fixed k, m < k < n, the indicators {{(k,j) : 1 < j < k}
and {£(j,k) : 1 < j < k} depend only on the relative ordering of {1,...,k}. Thus it suffices to
consider permutations in Si. Given o € Sk, let By be the event that there are exactly ¢ elements
in {1,...,m — 1} that all appear before {m, ..., k}; let {bi(c),...,be(c)} C {1,...,m — 1} denote
these ¢ elements (in their left-to-right orders). Then the sum

> &0, k)(o)

1<j<m

is equal to the number of records (or left-to-right maxima) in the sequence {b1(0),...,bs(0)}, whose
mean is of logarithmic order for 1 < £ < m; the sum is zero if £ = 0. To see this, observe first that if
m is used as the partitioning key then the process stops; otherwise if any element in {m +1,...,k}
is used as a partitioning key, then k is eliminated from the remaining selection process. So the
records in the sequence {bi(c),...,be(o)} are exactly the partitioning keys in the process in which k
is present. Thus

C(k=m+D(")  (m—1)--(m—O)(k—m+1) _
P(By) = T =D =D (1<t<m);

and, consequently,

E(Zy) = Y. > P(B)-O(1+logt)

m<k<n 1<i<m

= o 3 MEEE 3 et 3 S oy

m<k<n 2<l<m k>m

= 0 mlog%+ 3 logt Y ((m/k)’f—(m/k;)“l)

2<d<m k>m

= on)+0|m Z

log ¢
2<l<m - 1)

(

= o(n).

For the final part Zs, let Ji denote the event that k appears before {m,...,k — 1}. Then
P(Jy)=1/(k—m+1) and k is a partitioning key iff o € J. Thus

> &k ) o) =

1<j<m

m—1—=Upp, if o€ Jg;
0, if o ¢ Jg,



where U, , denotes the maximum element among those elements {1,...,m — 1} that appear before

{m,...,k}, and U,, ; = 0 if no such element exists. It follows that
E(Um,k) = Z (m_j)P(Um,k:m_j)
1<j<m
B m—j <k—m+1>j_1
1§j<mk_m+2 k—m+42

> m—1—(k—m+2).

By this inequality and by noting that Jj is independent of U,, 1, we obtain

BE(Zs) = > E| Y. &k9)

m<k<n 1<j<m

_ Z m—1—EUpnk)

mehen k—m+1
S Y et Y e
m<k<2m m+ 2m<k<n m+
= o(n).

This completes the proof of the proposition and the theorem. |1

4 Recurrences and generating functions

We give another direct proof of Theorem 1 in this section. This proof relies on the recurrence relations
in question and uses only suitable differencing arguments. It is thus elementary in nature. This
method is easily amended for other cost measures like the number of exchanges used by quickselect
or other versions of quickselect; see Section 5.

Let Pon(y) = E(y“»m) denote the probability generating function of Cy, ,,. Then P, ,, satisfies
the recurrence (see [21] and [27])

n—1

Pom) =214 Y Pkt + > Pemly) | (5)

n
1<k<m m<k<n

for 1 < m < n, with the initial condition P, o(y) = dn0, the Kronecker symbol.

Proposition 3. Forn > 1,

_ !
Pu(y) = Paaly) = Paany) =" [ =7 (6)
1<j<n-1 7
and, for2<m<n-—1,
H h+yh71
_ j<h h
Pam(y) = Paly) + 9" 3 55 30 (Presimo(y) = Protmev)) (7)
m<j<n J 1<t<m



Proof. By multiplying both sides of (5) by n and by taking the difference of nP, ,(y) — (n —
1)yPn—1,m(y), we obtain

n—1 4 n—2 n—1
( )y +y Poam(y)+ Y

Pnym(y) = Z (Pn—é,m—ﬁ(y) - Pn—l—ﬁ,m—ﬂ(y)) ) (8)

n
1<l<m

from which (6) and (7) follow. 1
Proposition 4. If m = o(n), then

) ) it e’ —1
e P (€/7) = exp ( / dv) To(1),
0

v

uniformly for real t.

Proof. For m = 1, the result follows from (6) using the same method of proof of Proposition 1. Also
by Proposition 1, it suffices that we prove for m = o(n)

Pom(e"™) = Po(e"™) +0(1)  (t€R),
or, equivalently, by (7), Rpm (/™) = o(1), where

h—1
ILi<n %
Rum(y) = Y = ;: : = Y (Prprme®) = Pieme(y)) - (9)
m<j<n 1<t<m
We need first an estimate for the difference | P, ;,(y) — Pr—1,m(y)| when |y| = 1. We have, by (8),
vl -y
Pn,m(y) - Pn—l,m(y) = ((y - 1) + T) Pn—l,m(fU)
yn—l
+ Z (Pn—Z,m—l(y) - Pn—é—l,m—e(y)) )

1<l<m
implying that for 1 <m <n
. , 1 . :
| Pom(€™) = Poo1m(e™)] < 2Jul + - > | Putm-e(€™) = Paeoime(e™)]  (ueR).
1<b<m
Defining A, = Ay (|u]) by Ap1 =2|ul and for 2 <m <n
1
An,m = 2‘U| + g Z An—ﬁ,m—fv
1<t<m
then | Py, 1 (e™) — Po—1.m(e™)| < Ay and Ay, can be easily solved by taking the difference nA,, , —
(n—1)Ap—1,m—1, giving
Apn =2l +2fu| > 57N
n—m+2<j<n
It follows that
| Prm(e™) = Po1m(e™)| = O(|ul),

uniformly for m = o(n). Substituting this estimate in (9), we obtain

mlt| Z 1 mlt| n
© n J © ( n em o(1),

m<j<n

‘Rn,m (eit/n)

for m = o(n). This completes the proof. 1



5 The number of key exchanges

Let W, ,, denote the number of key exchanges made by quickselect to select the m-th smallest element
in a random permutation of n elements. Let T}, ,(y) denote the probability generating function of
Wiym. Then, by conditioning on the value of the partitioning element, we have T, ,,(y) = 1 for
0 <n,m < 2 and?

Tom(y) = > Ty i Vo @)+ Vam@) + D Tioam)Va, ) | (10)

1<j<m m<j<n

for n > 3 and 1 < m < n, where V,, ;(y) denotes the probability generating function of the number
of exchanges used to partition the random permutation into two parts when the partitioning element
is 7 (see Sedgewick [33]):

Vai(y) = Z%y (1<j<n)

since (j ;1) / (’;:11) is the probability that there are exactly s elements whose indices are less than the

rank of the partitioning key and whose values are larger than the partitioning key. Note that

n—7j\ (j—1
v =y ) S(n)_(l)s Lo =1 k)
s 7j—1
(n— )G = D'(n —k —1)!
n—j—kNG—1—k)l(n—1

From (10) and (11), we obtain

n—2 1 1
T;L,m(l) i + n Z Té—j,m—j(l) + o Z j_jj(—l,m(l)7
1<j<m m<j<n

for 1 <m <n and n > 2, with Ty, (1) = 71 ,,(1) = 0. By the same differencing argument of Knuth
(1971), we have forn >2and 1 <m <n

1 14 7
E(Wn,m) = g <7’L + ? + (n + 1)Hn - <n -—m+ 5) Hn—m+2 - (m + g) Hm)
11<m<n lmzl + 1m:n
_|_
2(n—m+1) 36
~ %(l—aloga—(l—a)log(l—a)), (12)

uniformly for oo :=m/n € [0, 1].
Let U denote a uniform [0, 1] random variable.

Theorem 2. For 1 <m = o(n),

an
m 2w, (13)

n
2Note that the number of exchanges, unlike the number of comparisons, depends on the partitioning key used. For
simplicity, we count only the main random part of the number of exchanges.

10



where
W 2 uUw +u1 —u),
U and W being independent.

The distribution is uniquely characterized by its moments and not Dickman; see Figure 3. For
simulations of the limit law W, see Devroye and Neininger [8]. Our approach is to first prove the
result (13) for m = 1, then to show that W, ,, and W,,; are close in distribution.

01 02 03 0.4 0.5 0.6 07

Figure 3: Histograms of nP(Wy, 1 = |an]) for n =15,20,25,...,50 and 0 <z < 0.8.

Proposition 5. For 2 <m = o(n),
T (€)= T (¢"7)| = o(1), (14)

uniformly for t € R.

We prove the convergence in distribution of T}, 1 /n by the method of moments, and then prove
Proposition (5) by a differencing argument similar to the proof for the number of comparisons.
Although the method of moments can also be applied in the case when 2 < m = o(n), the proof
given here seems simpler and extends the arguments used in the proof of Proposition 4.

Proof of (13) for m = 1. Write for simplicity T,(y) = Tn1(y) and 7,1 = T,gk)(l), the k-th factorial
moment of W, ;. Then by (10) with m =1

1
Tk = Z Tjk + Unk (n>2),
1<j<n
with 79, = 711 = 0, where

1 k k—¢
Un = 3 <€) S om0 (k>1).
1<j<n

0<t<k

11



We now show, by induction, that
Tog ~ gen® (k> 1),

for some g, that will be determined recursively. The case k = 1 holds by (12) with g; = 1/3. Define
go = 1. By induction and (11)

1 k e k=l ke
Ung ~ <£>ge > iFm=5)F'n

We need a simple lemma.

Lemma 1. The solution to the recurrence ag = 0 and

Proof. Take the difference na, — (n — 1)a,_1 and iterate. |

Corollary 1 (Asymptotic transfer). Assume a, satisfies (16). If b, ~ cn®, where > 0, then

ﬁ—glnﬂ. (18)

ap ~ ¢
Proof. By (17)

5 g+1
anwcnﬁ—i—cZyB lwcTnﬁ. |

j<n

Applying the asymptotic transfer (18) to 7, »,, using (15), we obtain for k > 2

Tn,k k —|— 1 k'k!
— 9e-
| |
ok 02k — 0+ 1)!
Thus if we define g; recursively by go = 1 and
k: 1 klk!
5 (k> 1),

ge
1(2k — I
oS kﬁ (2k — 04 1)!

then

E(ng) ~ Tpk ™~ gknk (k>1).

12



We now show that the sequence {gx} uniquely characterizes a distribution by proving that g /k! < 1
for £ > 0. By induction using the inequality,

alb! 1
< b >
(a+b+1)! ~a+b+1 (a,6 2 0),
we have for k > 1
Ik < - <1.
| — —_ /) _ - -
k k ostok (k—O'2k—¢+1) — 3

Consequently, the distribution W is uniquely characterized by its moments {gi} by Carleman’s
criterion, which states that the moment sequence {gr} uniquely characterizes the distribution if

i g;kl/ k) — 56. The result (13) for m = 1 is thus proved by the Frechet-Shohat moment conver-
gence theorem (see Loeve [25]).

Note that the moment generating function G(z) = E(e'V?) satisfies

1
:/ G(zz)e” 127 dg,
0

‘Tlhl(e”/”) ——(?(it)‘:: o(1), (19)

Also

uniformly in ¢.

Proof of (5). Consider first the difference nT;, 1, (y) — (n — 1)T—1,m—1(y). By (10), we have

(Tom(y) — Tho1m-1(y)) = Z <Vn,j(l/) - Vn—l,j—l(y)>Tn—j,m—j(y) +Vam(y) = Vacim-1(v)

2<j<m

s ( i) = T2 1(0) Va0

m<j<n
£ 3 (V) = Vg1 ) Ty a ),
m<j<n
Then
[ Ton(y) = To-tmn1 W < Y Vayg(®) = Vo @)+ D | Tjmim(y) = Ti—2m-1(y)].
2<j<n m<j<n

We need an upper bound for the “total variation” > o o), [Va,j(y) — Vi—1,j-1(y)|. Observe first that
j—1Yy (n—j j—1Y\ (n—j
Vn,j(y) :Z ( 87?7(18 )ys :Z ( Sn),(ls )(y_1>s.
s (jfl) s ( s )
From this and the inequalities
j—1
(nil) z n—2
("o~ (")

(2<j<n;0<s<j—2),

13



it follows that

Do [Vasge™) = Vargoa(e™)]

2<j<n
. 7—1 7—2
< n—y eiu_ls<(s)_(s)>
ZZ ( s >' | (G I G
— Z |eiu_1|s Z(j 1 Z( n J)
1<s<n/2 j ( s j s
w s ([ (ossn) (;;11))
= et 1 —
ISSZS;L/2| ’ ( (ngl) (nj)
; s!
< 1%;/2 et — 1|Sm(n —5—2)---(n—2s)(n(s+1) —2s —1)

(s+D! s s
= ;(%H)!‘“' n
< nluld(nful),

where ¢(z) is an entire function with nonnegative coefficients. Now define A, ;,,(u) by Ay o(u) =0
and forn >m >1

A (u) = [ulg(nful) + Z Aj 1 (u (20)

m<j<n
Then | Ty m(e™) — Th—1.m—1(e"™)| < Ay m(u). The recurrence (20) is easily solved using (17):

(k
Apm(u) = |ulg(nful) +|u] ¢k—i‘—u1’)
m<j<n

[ulé(nlul) + [ul(nlul) log

IN

for m < n. Now

‘Tn’m(eiu) _ Tn’l(eiu)‘

IA

Z |Tn—j,m—j(€w) - Tn—j—l,m—j—l(ew)‘

0<j<m—2
+ ‘Tn,l(eiu) - Tn—m+1,1(eiu)|

mlulé(nlul) + [ul(nlu) S tog L

0<j<m—2 J
+ ‘Tn,l(em) - Tn—m-i-l,l(em)l .
Thus, substituting v = ¢/n and using (19), we obtain
m |t] n—j
< lte(t) + et > log e
0<j<m—2 J

[T (/) = GGt)| + [T () = Gat)

Ty 1,2 (e (7m )y — G(it)‘

IN

Tn’m(eit/n) o Tml(eiu/n)

_l’_

= o)+
= o),

14



uniformly for m = o(n) and ¢t € R. This completes the proof of (5). 1
Note that the number of exchanges, denoted by V,, used at the first partitioning stage satisfies,

by (11),

KUkl (n — & — 1)1 k!
E(VFY ~ N k
V)~ G-t ~ @

for £ > 1. Thus we deduce that V,,/n has in the limit a beta distribution:

P<%<x>—>l—m (0<z<1/4).

6 Extensions

Random rank selection. Mahmoud et al. [27] considered the problem of selecting the 7-th small-
est element using quickselect, where 7 takes any of the n values {1,...,n} with equal probability.
Let B,, denote the number of comparisons used by quickselect when given a random permutation.
Then the bivariate generating function B(z,y) := Y, E(yPr)z" satisfies (see [27])

2 0 2¢O 1
r-—B(z,y) + ~-B(z,y) = —B(zy,y) + A=

Ox? ox 1 —ayox
with the initial conditions B(0,y) = 0 and (9/0z)B(x,y)|z=0 = 1. This equation can be explicitly
solved as for P, ,,(y) above; the result is

n+1 1 h 4+ 2yh—1
E(yPn) = ——y" ! — (n>1).
n 122”](]4—1) j<1;[<n h+2

From this expression, we can proceed as above to show that

it v
lim F (eit(B"_”)/") = exp (2/ e -1 dv) ,
n—oo 0 v

(see [27]) and thus

. B, —n ) v
lim P <z|=e7 [ pl)plx—wv)dv (x > 0).
n—oo n 0

By the same approach, it can be shown that the multiple quickselect problems in Mahmoud
and Smythe [28] introduce higher convolutions of the Dickman distribution; see also Panholzer and
Prodinger [32].

Quickselect with median-of-three. If instead of choosing a random element to partition the
random input, we take the median of three random elements as the partitioning key, then the total
cost is in most cases reduced. We can extend our differencing method to describe the limiting
distribution of the cost measures of this algorithm. For example, the moments, pg, of the limiting
distribution of the number of comparisons satisfy (when m = o(n)) po =1 and

_ (k+2)(k+3) k 1
He =+ 5) O§k<j><j+2><j+3> (k2 1)
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From this we deduce that the moment generating function M (z) satisfies the second-order differential
equation

22M"(2) = 22(z — 3)M'(2) + (2% — 62+ 6) M (2) = 6e* M (2),

with the initial conditions M(0) = 1 and M’(0) = 2. Note that the mean is asymptotically the
same as the quickselect proper; see Kirschenhofer et al. [20], Griibel [13], Neininger [30] for related
materials.

Other Dickman “relatives”. Most examples we mentioned in the Introduction actually involve
the Dickman function as the asymptotic distribution function instead of as the limiting density
function that we encountered in this paper. Although different, there are common features these
problems share. The definition of D,, reflects to some extent the “origin” of the Dickman distribution,
which is the sum of independent random variables with wide “gaps” with probabilities proportional
to the values they take. This situation also appears in other Dickman problems. For example, the
distribution function of the longest cycle, say L,, in a random permutation satisfies

Z P(L, <m)z" =exp Z ﬁ
n

1<j<m J

This seems to indicate that the Dickman distribution is a rather special instead of universal (like
Gaussian) phenomenon. See Gourdon [11] for other variants of the Dickman distribution.

From normal to Dickman? Consider the random variable I,, whose probability generating func-
tion is given by

E@™ = 1] 1+lz<yé—1) ;

1<j<n (CE;

where Ej; C {1,...,j} for 1 < j <mn. If E; = {1}, then I, is the number of records, or cycles, in a
random permutation (Stirling numbers of the first kind); if £; = {1,...,j}, then I, is the number
of inversions in a random permutation; if E; = {j}, then I, = D,,. So I,, may be interpreted as gen-
eralized inversions in permutations (counting only inversions produced by some specified numbers).
While the distributions in the cases of records and inversions are asymptotically normal, the limiting
distribution of D, is not normal. In general, for what sets of F; will I,, be asymptotically normally
distributed? When will it be Dickman?
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