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Abstract

We study an urn model introduced in the paper of Chen and Wei (2005), where at each
discrete time step m balls are drawn at random from the urn containing colors white and
black. Balls are added to the urn according to the inspected colors, generalizing the well
known Pélya—Eggenberger urn model, case m = 1. We provide exact expressions for the
expectation and the variance of the number of white balls after n draws, and determine the
structure of higher moments. Moreover, we discuss extensions to more than two colors.
Furthermore, we introduce and discuss a new urn model where the sampling of the m
balls is carried out in a step-by-step fashion, and also introduce a generalized Friedman’s
urn model.
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1. Introduction

Pélya—Eggenberger urn models are defined as follows. At the start, time O, the urn contains
Wo white balls and By black balls. The evolution of the urn occurs in discrete time steps. At
every step a ball is chosen at random from the urn. The color of the ball is inspected and
then the ball is reinserted into the urn. According to the observed color of the ball, balls are
added/removed due to the following rules. If we have chosen a white ball, we put into the urn
a white balls and b black balls, but if we have chosen a black ball, we put into the urn ¢ white
balls and d black balls. The values a, b, ¢, d € Z are fixed integer values and the urn model is
specified by the 2 x 2 ball replacement matrix

M:<g g).

Urn models are simple and useful mathematical tools for describing many evolutionary pro-
cesses indiverse fields of application such as analysis of algorithms and data structures, statistics,
and genetics; see [11], [12], and [13].

One of the most fundamental urn models is the original P6lya—Eggenberger urn model [4],
associated with the ball replacement matrix

M=(é ‘f)
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The Pélya—Eggenberger urn is a balanced urn model; the total number of added or removed
balls is constant and so independent of the observed color. A parameter of interest is the number
W, of white balls contained in the urn after n draws. Various generalizations of this urn model
have been considered and results appear in [1], [6], [7], [9],[14], and [16]; we refer to [2] for a
brief discussion of the aforementioned works.

This work is devoted to the study of a generalization of the Pélya—Eggenberger urn model,
where several balls are drawn at each discrete time step, their colors are inspected, and the
balls are reinserted into the urn. The addition/removal of balls depends on the combinations of
colors of the drawn balls. Such urn models recently received some attention in the literature;
see, e.g. [2], [13], and [15]. Chen and Wei [2] introduced a particular urn model they called
model M, where m > 1 balls are drawn from the urn at each discrete time step. Say m — ¢
white balls and £ black balls have been drawn, O < £ < m, their colors are noted, and the drawn
balls are returned to the urn together with addition c¢(m — £) white balls and ¢ black balls. The
ball replacement matrix of this urn model is a rectangular matrix M, given by

mc 0
(m—1)c c
M = , (D)
c (m—1)c
0 mc

with parameter ¢ € N and m > 1. The rows of the rectangular replacement matrix encode
the sampling scheme in the obvious way; the £th row corresponds to the case of drawing a
combination of (m — £) white balls and £ black balls, 0 < £ < m, where c(m — £) white balls
and c/ black balls are being added. Note that in model M the drawing of the m balls occurs
without replacement, in other words the distribution of the number of white balls in the sample
of size m follows a hypergeometric distribution.

Chen and Wei studied the distribution of the number of white balls W,, after n draws and
showed the almost sure convergence of W,,, suitably normalized, to a continuous distribution by
using martingales. The aim of this note is to provide further insight into the limiting distribution
of the number of white balls by providing exact expressions for the expectation and the variance
of W,, from which one obtains the expectation and variance of the limit law. Moreover, we
also obtain, in principle, exact expressions for arbitrary moments of the limit law. Note that
the case m = 1 corresponds to the well known Pélya—Eggenberger urn

c 0O
w=(5 o)

which is completely understood using different arguments such as counting arguments, or
stochastic processes; see, e.g. [10]. It is known that the proportion of white balls after n
draws is a martingale and has a beta distribution as the limit law with parameters /c and w/c.
Therefore, the case m = 1 is excluded from our study.

Throughout this work we use the notations [Z] and {Z}, where [Z] denotes the unsigned
Stirling numbers of the first kind (also called the Stirling cycle numbers), and {Z} denotes the
Stirling numbers of the second kind (see [8]). Moreover, we denote with x¢ the ¢th falling
factorial, xXt = x(x — 1) ... (x — £+ 1), £ >0, with x% = 1.
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2. The distributional equation

We consider the urn model called model M of [2], specified by ball replacement matrix (1).
Let W, and B, denote the random variables counting the numbers of white balls and black balls
respectively after n draws, n > 0. We assume that the initial numbers By of black balls and Wy
of white balls satisfy By > 0 and Wy > 0, and the total number of balls at time 0, Tp, satisfies
To = Bo + Wy > m, in order to avoid any degenerate cases. Since the urn model is balanced,
regardless of the inspected color combination a total of mc balls are added to the urn at every
discrete time step; the total number 7,, of balls after m draws is a deterministic quantity, and
given by

T, = To +nmc =W, + B, n > 0. 2)

We are interested in the random variable W,,, counting the number of white balls contained
in the urn after n draws, n > 0. The starting point of our considerations is the distributional
equation,

m
Wy = Waet + D ke L, (WEB™5), 3)
k=0

which says that the number of white balls after n draws can be decomposed as the number of
white balls after n — 1 draws, plus the additional balls added when the colors of the nth draw
have been inspected, n > 1. Here the random variables 1,(WkB™=ky 0 < k < m denote
the indicators of drawing k white balls and m — k black balls from the urn at the nth draw,
n > 1. Let ,_1 denote the o-field generated by the first n — 1 draws. By (2), we have
B,_1 =T,_1 — W,_1, and further

Wa—1\ (Bn-1 W1\ (Th—1—Wn—1
]P){ln(W,cBmfk) =1 | 37”_1} — ( k T)(m—k) — ( k )(T m—k )’ (4)
( nfl) ( nfl)
m m

where 0 < k < m,n > 1. In order to study the moments E(W;}), s > 1, of the random variable
W,, we first have to derive a distributional equation for W;. In order to do so, we take the sth
power in (3) and use the fact that indicator variables are mutually exclusive. We obtain the
distributional equation, valid forn > 1,s > 1,

_W$]+Z<)WS€KZkZI(WkBm k) (5)

3. Results for the moments

Theorem 1. The expected value of the random variable W,,, counting the numbers of white
balls after n draws, is given by E(W,,) = (Wy/To)(nmc + Ty), and the variance V(W,) =
E(WnZ) — E(W,,)? is determined via the second moment

(")
(n—l—i—To/mc) (n—l+(To—1)/mc)

n n

E(W?) =

n—1 L+To/mc\ (£+(To—1)/mc

><<W§+WoczmZ£+(To—m)/mc( AU G )>’
V4

- £+ (To — 1)/mc (ZZJ-F)»]])(KHZ)

£+1
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where the values A1, > are given by

—1+42mc+ 2Ty £ /1 +4mc(1 +¢)

2mc

Mo =

Concerning higher moments, we obtain the following recursive characterization.

Theorem 2. The sth moment E(W}) is, for s > 1, given by
n—1 n—1 ,BZ
E(W) = <]_[ a,-,s) (Wg - K—‘) (6)
Jj=0 =0 [Tj=0@js

where the quantities oy, s and By, s are defined as

cos= Yo )
o= Tomon oY () 3 ot el

Jj=t+1—i (T]n)

Here [Z] denotes an (unsigned) Stirling number of the first kind, and {Z} denotes a Stirling
number of the second kind.

(7

The result above enables us to obtain in principle arbitrary high moments, since the moment
E(W;;) can be expressed in terms of the moments E(W}), with0 <h <n—-1,0<r <s—1.

Remark 1. As mentioned in the introduction, the case m = 1 corresponds to the Pélya-

Eggenberger urn
c 0
M= (0 )

From Theorem 2, we have, for s > 1, thg sth moment E(W;) given by (6) with o, 5 =
1+ (es/Tp) = Tus /Ty and Bu g = D1y ¢! ()EWS =) /T,
Thus, E(W,,) = WoT,,/ Ty and

n—1 n—1

T — EW)/T, WoT, (c*n + Tyt W,
]E(an) — (1_[ J+2><W0 + Z ; ( n)/ n ) _ 0 n( n+1 0)'
j=0 T =0 [j=0 Tj+2/T; Il

These imply that V(W,,) = nT, W()B()/(TO2 T1), where By = Ty — Wy. Note that, form =1,
the probability mass function can be directly obtained using different techniques, leading to
explicit expression for all moments, and the limiting distribution (see, e.g. [5]).

The following results concern the moments of the normalized random variable W,, /n.

Corollary 1. The limits lim, ., E(W;) /n®) exist; in particular, we obtain for the expected
value lim,,_, oo E(W,)/n = Womc /Ty, and for the normalized second moment

IE(W,%) _ I'(To/me)T((Ty — 1)/mc)
n—oo  p? T ()T (A2)
+To/mc\ (£+(To—1)/mc

X (W2+ Woc?m o £+ (To — m) /me ( 041 )( 041 ))

0 TO £+ (TO _ l)/mc (Kl—:)»ll)(l+)»2)

=0 £+1

https://doi.org/10.1239/jap/1389370106 Published online by Cambridge University Press


https://doi.org/10.1239/jap/1389370106

On generalized Polya urn models 1173

Moreover, for arbitrary s > 1 the limit of the normalized sth moment can be expressed in terms
of an infinite sum

E(W? S T((To+1—¢ > s
lim ( n) _ 1_[@:1 (( 0+ )/mc) <W8 + ZIBZ, )
£=0 l_[j:O js

n—oco  nt [Ti=i T (res)

with Bgs as defined above in Theorem 2, involving the moments of the form E(W}) with
0<h<ooand0 <r <s — 1. Here the Ay s denote the roots (times by minus one) of the
equation in the variable x

s! : ofm\ (xmc+Ty—¢ . $
(mc)SZC <Z)< s —/ >_l1:[1(x+)‘€,s)-

£=0

Remark 2. As mentioned in the introduction Chen and Wei [2] proved almost sure (a.s.)
convergence of W, namely W, = W,/T, = W,/(nmc + Ty) — W a.s. Hence, we get
the expectation and the variance of Wy, by the relations E(Wso) = limy,— o0 E(W,,)/nmc, and
V(Wao) = lim,_ 00 V(W,,)/(nmc)?. Our results show that the distribution of ‘W is not an
ordinary beta law, in contrast to the case m = 1. Note that the moments of W, do not grow
very fast, since they satisfy the trivial bounds E(W;) < (nmc 4+ Tp)*. Hence, by Carleman’s
condition the limit law ‘W is uniquely determined by its moments E('WS,), which are given
by E(W5,) = lim,—, oo E(W})/(nmc)*.

Example 1. For the case m = 2 and ¢ = 1, applying Theorem 1, the expected value of the
random variable W, is given by E(W,,) = (Wy/To)(2n + Tp). Moreover, by Theorem 2, we
see that, for s > 2, the sth moment E(W,)) is given by (6) with

2 () - e (20O Gt
ans =14+ —+ 22, ﬁ,u:ZE(W” 1)<_t_ i 4 )
T (%) = L (%) (%)
For instance, if s = 2, then

1+4+ 1 T? + 3T, —2
o ,2 = p— N T T o
! () Tu(Ti-D

1 )_2W0Tn—2

2
ﬁn,2 = E(‘/Vn) (

. @) ® -1
and so

w2y = WoTi _ 4" WoBol(n + a0 + 220 (To — )

" F@2n+ Ty — DI A)DT (1) ’

where By = Top — Wo, A1 = QTo+ 3+ +/17)/4 and Ay = 2Ty + 3 — +/17)/4. The above
results imply that E(Wso) = limy,— 00 E(W,,/T;,) = Wy/Tp and

E(W?2 Wo  JTWoBo[(Ty — 1
E(W2) = lim —ov) _ Wo _ v WoBoltTo — )
n—oo T To 2T (AT (A2)

and so

V(W3,) = E(W,) — E(Weo)® =

WoBo l_ﬁTOZF(TO—l)
7 2P(L () |-
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4. Determining the structure of the moments
In order to prove Theorems 1 and 2, we need the following result.

Lemma 1. The moments E(W,)) satisfy the recurrence relation
EW,)) = an—1 s EW,_1) + Bu-15, n,5>1, 8)

where the quantities oy, s and By s are as defined in Theorem 2.

Proof. Our starting point for the proof of Lemma 1 is the distributional equation for W}/, (5),
and we take the conditional expectation with respect to ¥,_1. This leads to

m VVn 1)(11 1—Wh— l)
]E(WS|$~n 1)_wb1+z<)ws€62k6 m—k ,
)

where we have used (3) and (4). In order to simplify the stated expression we have to use some

combinatorial identities. We convert the ordinary powers of k into falling factorials using the
Stirling numbers of the second kind,
AN
i
J

where xL = x(x—=Dx—=2)...(x —( — 1)), £ > 1. We have
Zkg Wn 1 - Wy 14 kj Wi—1 T — Wy
m—k ’ Jj k m—k
{E}k1<wn 1><Tn—1 _Wn—l>
h Jj k m—k
{K}Wj g (Wn—l - ]) (Tn—l - Wn—l>
. n—1 . .
L P k m—j—k
Next we use the Vandermonde convolution formula
X6 )= ()
Pt k)\n—k n

in order to obtain the expression

S ()

J

9

=
~
I
-

j=1

I
NE
MN

k=1j

~
Il

14

I
NE

.
I
Il

.

14

.
Il

This leads to
I 1 1] LG = o L7 3

m j=1

(10)
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Next we convert the falling factorials into ordinary powers, and obtain

. i,
Wi, =Y H(—l)f—lw,g_l. (11)

i=1

Applying (11) to (10), we have

ike G5 _ 5 {E}(Z m“”""Wil) >

m) j—l JINS
—ZW; 1Z< 1- ’["](i,i}l()m)
ZZWEi—l—i Ze: (_1)j+,-_g_1[H‘Li]{f‘}(?).

j=tr1—i (T"j_l)

Note that the result above is an explicit expression for the £th moment of a hypergeometric
distributed random variable with parameters W, _1, T,—1, and m. Applying (12) to the right of
(9), we get

12)

&~

i—1 =t 1—i (", 1)
s s J £y (m
=W, + ZZ (Z)Cewflli Z (—1)dHi—t1 [Hl(Tln]{l)}( )

Jj=t+1—-i Jj

E(WS | Fa) = W, 1+Z<

~
\_/

S () 3 ol )0

=i j=t+1-i Jj

= an—l,s nfl + IBn—l,s’

where the quantities o, s and B, s are as defined in Theorem 2. Now the stated result easily
follows by taking the expectation on both sides.

Remark 3. Note that, in the case ¢ = 1, a simpler expression exists for the factorial moments
E(Wy) = E(W,(W, —1)...(W, —s + 1)) of W, and consequently also for the ordinary
moments of W,,.

Z EwE Z () (Y Z)('Z)'

E(Wy) = E(W; ])Z )

Next we use Lemma 1 to prove Theorem 2.
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Proof of Theorem 2. Repeatedly using (8) yields, foranyn > 1,5 > 1,

E(W;) = O‘n—l,xE(W;_l) + Bn-1,s
= anfl,sanflsE(W,‘;_z) + Ofnfl,s,Bth,s + lgnfl,s

(I

1

n—1 n—1
aj,s>E(W(§) +Z<ﬂ€,s 1_[ aj,s)

=0 j=t+1

S~
- o

— n—1
(o) o St
=0 =0 [Tj=0 s

which implies the stated result.

Proof of Theorem 1. In order to obtain the result for the expected value and the variance
(second moment), as stated in Theorem 1, we proceed as follows. In the case of the expected
value we observe that 8;; = 0 and

cm Tj+cm Ti1

o -’1 = 1 + ==,
! Tj  Th T;

since Tj1 = T + mc; the total number of balls contained in the urn increases by mc after
each draw. Consequently,

n—1 n—1

[Mesi=[] =2

il LT To

j=0 j=0

and by (6), the stated result follows.
Remark 4. As already mentioned before W, = W, /T, — W a. s. This can easily be seen

as follows: we readily note that, fors = 1,

T , n>1
Tnfl

holds. Thus, W,, = W,/ T, is apositive martingale with respect to the filtration ¥;,, as previously
observed in [2], which directly leads to the proof of the almost sure convergence of ‘W,,.

E(Wn | ?;1—1) = Wn—l

In order to obtain the variance V(W,,) = IE(W,%) — E(W,)2, we study the second moment

E(W2), given by
n—1 n—1 ,36 )
E(W?) = (]‘[ aj,2> (wg + €—>
=0 =0 [Tj=0j2

The value «y, 7 is given by

2em (%)

Qp2 = 1+

Ty
T (2)
T2 (T — 1)+ 2m(m — 1)
T,(T, — 1)

_ (n+2+To/em)(n+ (To — 1)/em) +1—1/m
B (n + To/em)(n + (To — 1) /cm) '
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We factor the numerator of o, 2, by determining the Os of the quadratic equation with respect

to n, and get
(n+ A+ A2)

(n + To/em)(n + (To — 1)/cm)’

with A and X, as stated in Theorem 1. Concerning §, » we have

m2=Emwﬁ<ﬂ—£ﬁ
T (%)

2 = (13)

_ Woczm | m—1 _ Woczm T, —m
T Li—1) Ty T,—1

This readily leads to the stated exact result for the second moment.

4.1. Asymptotic expansions
We finally turn to the proof of Corollary 1. In order to get the results for lim,,_, IE(W,,Z) /n?

we proceed as follows: first, by (13), we write ]_[';-;(1) ;2 in terms of Gamma functions,

= (I (I T+ ADT(n + AT (To/me)T (Tg — 1) /me)
1])“]2 (n 1+nT0/mc)(n 1+(To 1)/mc) - TODT ) (n + T()/mc)r(n—}- (To — 1)/mc)'

Using Stirling’s formula for the Gamma function

N2 1 1 1
rzx)=|- 1 ol—=)), 14
@) = () ﬁ<+12z+288z2+ <Z3)> (1)
and, by the fact that A1 + A» = 2 + (279 — 1)/mc, we obtain the asymptotic expansion
n—1
I' (T, r(ty—1 1
HO‘/ 2 (To/me)I"((To )/mC)<l+(9<_>>. (15)
C(ADT(A2) n

The asymptotic expansion (15) of ]_[;;(l) o2 also implies that the sum ZZ;& Ben/ Hﬁ:o ojn
converges as n — 00 by the comparison test,

n—1 n—1
Be.2 1

E < K E —
14 — 27

=0 Hj—o 2 =1 ¢

for some suitable constant K > 0.
In order to provide the asymptotics of E(W;}), we will proceed by induction. Before doing

so, we derive an asymptotic expansion of I—[;f;(l) aj . From (7), we have

Y (D)
T

Yioct (D))
(mey TBZo( + (To — £)/me)
' Z;:o ct (FZ) (Jnlc;tio 4)

=s! — .
(me)* [Tom1 G + (To+ 1 = £)/me)

=s!

(16)
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Let A¢ ¢ denote the roots (times minus one) of the equation

N

s! u ofm\ (xmc+To— 4L
(mc)szc<€>( s = )zn(x““)'

=0 =1

Then we can rewrite (16) as
jme+To—t .
T L (] Gles i _ =i G+ 2es)
2T mey [Ty G+ (To+ 1= 0 /me) 1oy + (To+ 1 — £)/mc)’

and consequently

s

ﬁa. _ 1_[ I'(n+ 1)U ((To+ 1 —£)/mc)
4T T OeIT @+ (T + 1= 0 /me)’

By Stirling’s formula (14) we obtain the asymptotic expansion

n—1 S Ao s .
R C'((To+1—¢)/mc) l
jl:!)ou,s = L GTo—())/me H T(hey) (1 + 0(11)) 17

=1

Let [x¥] denote the extraction of coefficients operator. Since

N N
D hes =T+ re)
=1 =1

rs—1y S 2 (m\ (xmec+ Ty — ¢
- ](mc)xzc<€>( st )

=0
st ((em) N sTo = (3) N em(cm)s™!
T (me)* s! (s — D!
sTo— (5
_ 210 () T,
mc
it follows that n2-t=1 s = pspTo=(G)/me gnd 5o (17) becomes
n—1 K
! F((To—}-l—ﬁ)/mc)( <1>>
ajs=n’ 1+0(-)). (18)
/E) " El [(kes) n

Now note that E(W}}) = ksn® (14 O(1/n)) is true for s = 1, 2. By Theorem 2 and (18), we

have
n—1 n—1 ,BE S
E(W)) = (]‘[ aj,s) (Wg +y E—)
=0 I1

=0 j=0%j.s

s n—1
e DTy + 1 — &) /me) 1 . Be.s
= [ (H@(n))(% * >

=1 =0 Hﬁ':o Ojs
By our induction hypothesis, E(Wlf‘) = ki lF(1 4+ O(1/0)) for sufficiently large £, 1 < k < s—1,
and consequently By s satisfies B¢ s < K 0572, where K denotes a sufficiently large constant only
depending on s. Using our result for Hﬁ':o oj s, the sum ZZ;& Be.s/ Hﬁ':o o ¢ is convergent
according to the comparison test with Z/Cz)il 1/¢%. Hence, E(W,)) = ksn®(1 4+ O(1/n)), and
we have proven our stated results.
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5. The case of three or more colors

The urn model M can be readily generalized to r > 2 different colors. As in the case of
two colors, m balls are drawn at random from the urn, say k; balls of colori, 1 < i < r,
their colors are noted, and they are returned to the urn together with ck; balls of color i.
Let X,, = (X1, ..., Xu.r) denote the random vector counting the number of balls of type i
contained in the urn after n draws, with initial values Xo = (Xo,1, ..., Xo,r). The urn is again
balanced, so the number of balls after n draws is given by T,, = Tp+nmc, with Ty = Z;zl Xo,i.
One gets the distributional equation

-
Xu = X1+ Z k1, <l_[ X§Z>,
(=1

SR —
kgzo

wherek = (k1, ..., k),and 1, (]_[221 X]g‘) denote the indicators of drawing k, balls of color ¢,
1 < £ < r atthe nth draw. Note that each individual random variable X, , satisfies X, ¢ = W,
where W, denotes the previously considered random variable from the two color case. The
distributional equation above can be used to study the mixed moments of X, , similar to the
results of Theorems 1, 2, and Corollary 1. We refrain from going into details since the resulting
expressions get very involved; we only mention our findings for the covariance of two different
colorsi, j,withr >3 and 1 <i < j <m.

n—14+i1\ m—14+1 2 2
+ T
n—1+(T0/ch Zl(_H’(lT _)1)/mc Xo,i Xo,j — (mc)*(n i 0/mc)
(i G Ty

cov(Xp,i, Xn,j) = Xo,i Xo,j-

Moreover, in the limit we obtain

(X_ X,> ~ %, Xo’j(F(TO/mc)F((To —/me) (mc)z)’

non TG (2) T}

lim cov
n—>oo

with A1, A as given in Theorem 1.

6. Urn model R-drawing with replacement

We consider another urn model which we call model R. It can be considered as a variant of
model M. The dynamics of model R are identical to model M: m > 1 balls are drawn from
the urn containing balls of colors black and white. Their colors are inspected, and they are
returned to the urn. According to the observed colors we add new balls: if £ black balls and
m — £ white balls have been observed, we add c(m — £) white balls and ¢ black balls; the ball
replacement matrix coincides with (1). The main difference in model R is that the sampling
of the m balls occurs with replacement, i.e. the m balls are drawn one by one from the urn, the
colors are observed, and then put back into the urn. Hence, the distribution of the number of
white balls in the sample of size m follows a binomial distribution instead of a hypergeometric
distribution in model M. The distributional equation for the number of white balls W,, after n
draws is identical to (3),

m
Wa = Wamt + ) ke 1,(WEB™),
k=0
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but the distribution of the indicator variables 1, (W* B"—¥) changes to

m Wk Bm—k m Wk T 1 —W,_ m—k
P{ln(WkBm_k) =1 | ?)17]} — (k) n—1"n—1 — (k) }17]( n—1 n 1) ,
Tﬂ’l Tm
n—1 n—1

0<k<m,n>1.
Concerning a limit law for the number of white balls W,, after n draws, we have similar
results to model M of Chen and Wei [2].

Theorem 3. The random variable 'W,, = W,/ T, is a positive martingale with respect to the
natural filtration F,, E(W,, | £,-1) = W,,_1. Consequently,

Wn a.s. Woo
Furthermore, for fixed Wy, By, c, and m, Wy, is absolutely continuous.

Moreover, the moments of W,, satisfy recurrence relations similar to model M.

Theorem 4. The expected value is given by E(W,)) = (Wy/Ty)(nmc + Ty) and the variance
YW,) = E(an) — E(W,,)? is determined by the second moment,

() (w3 ot 2 (1) )
)

(n—l+T0/mc)2 Ty L4 (412
n

E(W;) =

£=0 ( L+1 )( £+1

where the values ) and uy are given by w12 = (To + mc £ c/m)/mc. The sth moment
satisfies the recurrence relation

n—1 —1
j=0 11 —0 V/ s

where the quantities y, s and 8, s are defined as

14 }m6+1—j

N s m£ -t J
Vs = Zce%’ 5y s = ZE(WY-i—l /)Z( > {erie {z+1 -
=0 n

In the following we present recurrence relations for the limits of the moments of the
normalized random variable W, /n, with lim,_, oo E(W}/n®) = (mc)*E(W5,).

Corollary 2. The limits of the normalized moments (W) /n®) exist, and satisfy

E(WS)  T'(To/mc)* (WS i 8t )

lim
0 0
=0 l_lj:o Vis

n—>oo nS [[h=; Ties)

with yj s and 8¢ s as defined above. Here the 1¢ 5 denote the roots (times minus one) of the

equation
N N

1 s\ (m\ ,
— 14 +To) ¢ = + .
e g ( e) ( . )c (xme + Tp) E(x ies)
In the following we first sketch the proofs of Theorem 4 and Corollary 2. Since the proofs
are very similar to the proofs for model M, we will be very brief. Then we discuss the proof of
Theorem 3.
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6.1. The structure of the moments

Our starting point is again the distributional equation for W,,, which leads to a distributional
equation for W,. We take the conditional expectation with respect to #;,_1, and obtain

s m k m—k
o~ . S s—0 ¢ ¢ m W _I(Tn_[ — Wn_l)

The sum appearing on the right-hand side is the £th moment of a binomial distributed random
variable with parameters m and W,_1/T,_1. We get the result

ike (m) WK (T—1 — W)k _ Z {Z}mj W,{—l
k ", — | j '

J
k=1 j=1 Tn—l

This implies that (19) becomes
E(an | Fio1) = Vn-1.sWn—1 +8n71,m

with y;, ¢ and §, 5 as stated in Theorem 4. This recurrence relation can be solved in a similar way
to that used in the proof of Theorem 2 for model M, and the stated result for E(W,]) follows.
Moreover, we easily obtain the stated formula for the expected value, and also the result for the
second moment of W,,. The results for the higher moments can be obtained in a similar way
to that used for model M. Concerning the asymptotic expansions we can proceed as we did in
the proof of Corollary 1; we omit the details.

6.2. Martingales and absolute continuity
Since 8,—1,1 = 0 we obtain, for W, = W,,/ T,

E(Wn | fnfl) = Wy_1.

Hence, W, is a martingale. Since it is a positive martingale, it converges almost surely to a
limit W,. Note that we have 'W,, ~ W,,/cmn provided W,, — oo and, thus, we can obtain the
moments of Wy, via the moments of W,,/n.

Concerning the absolute continuity of the distribution of W4, we can adapt the argumentation
of Chen and Wei [2]. For the convenience of the reader we outline the main steps, quote the
main results of [2], and present the new ingredient of the proof for model R in Lemma 2. Let
(2, ¥, P) be the probability space. In order to prove that the distribution of Wy, has a density,
we introduce a sequence of events (£2¢),>1 with Q, C Q441 and IP’{U?iIQg} = 1. Then, Wy
is restricted to €2, and it is shown that it has a density f;. The proof is then finished by proving
that f = limy_, o f¢ exists and that f is the density of Ws.

Proposition 1. ([2].) Let(Q2¢)¢>1be a sequence of increasing events with P{UJ2 2} = 1.
If there exist nonnegative Borel measurable functions (fg)¢>1 satisfying P(QZOW&DI(B)) =
fB fe(x) dx for all Borel sets B, then f = limy_, o f¢ exists almost everywhere, and f is the
density of Weo.

In order to construct the sequence of events (£2;),>1 we can follow [2].
Proposition 2. For fixed Wy, By, ¢, and m let
Q= {w: Wy(w) > cm, By(w) > cm}, {>1.

Then, Q¢ C Q41 and P{U7Z | Q) = 1.
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In order to show that Wy, has a density by restricting Wy, to €24, it suffices to show that the
restriction of Weo t0 Q¢ ; = {w : We(w) = j} has a density for each j withcm < j < Tp;.
For this the following result is needed, which is the main new ingredient in our argument
(compared to the argument used in the case of model M).

Lemma 2. The sum ) ;- o P{Wyq1 = j +ck | Wy = j + c(k — i)} satisfies

m
D BiWarr = j +ck | W= j+clk—i)

i=0
1 & m—¢ . ' |
- T_Z Z( )( Y, l)(j"'C(k—i))l(—j_C(k_i))m—t—(il

Consequently, for a fixed £, foralln > £, cm < j < Ty—1, and k < m(n + 1), and a suitably
chosen constant k > 0, we have
=~ 1 K
D PWast = ek | Wa=j+ck—D} <1 —~+—

i=0
Remark 5. Note that the corresponding result of Chen and Wei for model M (Lemma 4.1 and
Lemma 4.2 of [2]) can be extended and largely simplified noting that

i<j+c(k—i)><T,,—j—c(k—i)>
= i m—i
. o m—i [€7(_q\e—f (——clk—i)
Jj+ctk—i) (=D (0557)
= ZTf Z ( i )Z YAl ’

i=0 {=f

Proof of Lemma 2. We have

m
D PWasr = j +ck | W= j+clk—0)

i=0
1 < m . N . . .
=Tm <->(]+c(k_l))l(Tn—]—C(k—l))m i
noi=0 !
1« _ ‘
:T_mz<m)(] +clk — 1)) Z( )Tn((_j_C(k—i))mll
noi=0
m m—{
- ZTnZZ( >< )(J+C(k—l))( j—clk—iymi=t,
' =0 i=0

giving

m

mc 1

S P(Wapr=j+ck | Wy=j+ctk—i}=1- T+(9(n—2).
i=0 n

Using T, = nmc + Ty, we further have

mc_1+(9 1
T, n n?)

Hence, the stated result follows.
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The proof of Theorem 3 can be finished by combining the results of Propositions 1 and 2,
and Lemma 2; it is identical to the proof in [2] (Proof of Theorem 4.2) and therefore the details
are omitted.

7. Outlook

An interesting line of research would be to extend the results for models M and R to
nonbalanced urns with ball replacement matrix given by

ma 0
(m—1a b
a (m—1b
0 mb
with a, b € N.
For both nonbalanced models M and R, by simple calculation, we have that the random
variable W, = W, /T, is a strict submartingale with respect to the natural filtration %,

E(W, | F1-1) = W,_1ifa > b, and W, is a strict supermartingale with respect to %, if
a < b. Since 0 < W, < 1, by the martingale convergence theorem, ‘W, converges a.s. to
a random variable W,,. However, in contrast to the balanced versions it seems much more
difficult to obtain closed-form expressions for the moments of W,,.

One can analyze a generalized Friedman’s urn, with ball replacement matrix

0 mc
c (m—1)c
M =
(m—1)c c
mc 0

and parameters ¢ € N and m > 1. If, say, m — £ white balls and £ black balls have been drawn
from the urn, 0 < £ < m, then the drawn balls are returned to the urn together with additional
cf white balls and c(m — £) black balls. It is possible to look at drawing the m balls without
replacement, which we call model F M, or to look at drawing the m balls with replacement, or
simply model FR. In any case, the distributional equation, for the number of white balls W,
after n draws, is given by

m
W = Waet + D m — ke L, (WEB" ), (20)
k=0
with
anl Tnfl_anl
(i )((Tlr';_k ) model FM,
P{1,(WB™ 0y =1 | F,_1) = m 21)
{ n( ) | n l} (’Z)W,f_l Tn—l _ Wn—l)mik (
ol model FR,
n—1

0 <k <m,and n > 1. We can obtain the moments of W,,, for both models FM and FR,ina
similar way to that used to obtain our previous results for models M and R. In particular, the
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expectation and the variance can be obtained; we get, for example, the result

(mc)z(g) + mcTon + (Ty — mc) Wy
E(W,) = mcn — 1)+ Tp
mc(n + 1)
2 b
n > 0, being valid for both models FM and FR. In contrast to the generalized Pélya urn
models M and R the simple martingale structure of W,,/ T}, is not present anymore. However,

we can use supermartingale theory to prove that W,/ T,, converges to 1/2 almost surely. Here
we only consider the model F'M since the proof of the model F R is similar. Let

, mc # Ty,

mc = Ty,

w, 1
Zy = — — —.
T, 2
We find that
. Wit +cem —emW,—1/Th—1 1
E(Z, | Fa1) = — T e 3= =271, (22)
n

where A, = cm/T,, and

2
_EW; | Fud)
==t

5 1\? 1
]E(Zn|?n—l)=E Zn+_ _Zn_z ?(n—l
1
—E(Zy | Fa-1) — 7 (23)

Using (20), (21), and Z, = W,/T,, — 1, we have

E(W; | Fa-1)
7z ((1 —20)° -

n

A2 (Tt —m)\ 0
m(Ty—y — 1) )"
1 (T —m)

1 =20 Zpy + - 4 22— 24
+( n)n1+4+4m(Tn71_1) (24)
Thus, by (22)—(24), we obtain
A2 (T — m) A2 (T — m)
E(Z2 | Fo) = (1 —22,)% = 222 2|22 tnifml 2
% | F-1) <( @ = ) i, =
272 )‘2
n
< (1 =2x)°Z;_ + i (25)

Leta, = (1 — 2kn+1)2 and b, = )»£+1/(4m). Then we see that 0 < a, < 1and 0 < b,, < Ag
for n > 1. Thus, from (25),

B(Zy + 0 | Fa1) < Zo 40+
5 cm(cm + Ty)
n—1 Tn2
<Z2 4"

T, —cm

= Zr%—l + )\,n_l.

=Z
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This implies Z,zl + Ay is a positive supermartingale. Applying the supermartingale convergence
theorem, Z,% + A, converges almost surely and so does Z,% since A, = cm/ T, converges to 0.
Let lim,,_ oo Z% = Z almost surely. If we can claim E(Zﬁ) — 0 then, by the dominated
convergence theorem, E(Z) = 0 and so Z = 0 almost surely, which implies that Z, converges
to 0 almost surely. Hence, W),/ T,, converges to % almost surely.
Next, taking the expectation on both sides of (25), we have that E(Z,%) < an_lE(Z,%_l) +
b,,_1. Note that

n n ) TOTI 2
ai = | [(1—2x; 1)=< ) — 0 asn— o
.lj[ l [1] " TnTn+l

and
00 00 )»2 00 1
Z =2 =—CmZ <0
— = 4 = (To + cm + cmn)?

Therefore, ]E(Z,zl) — 0 now follows by applying the following lemma which can also be found
in [3].

Lemma 3. Suppose {x,}n>1, {an}n>1, and {bp}n>1 are nonnegative real sequences satisfying
Xntl < anXn + by, where 0 < a, < 1forn > 1. If[[}_;ai — 0and Y ;2 by < 00, then
x, — 0.

Proof. First, note that x,,11 < x,, + by, since 0 < a, < 1. Thus, x,+1 < x1 + Zf’ 1 bi <
X1 + Z —1 bi, which implies that {x,},> is uniformly bounded by a positive constant M.
Given ¢ > 0, choose ng satisfying anno b; < ¢/(1 + M), and then choose n| > ng for
which ]_[ imny di < g/(1 + M) whenever n > ny. Now, for each n > ny, we have
Xp+1 < apXy + by
< apap_1Xp—1 +by_1 + by

IA

([Tt 320

i=ng i=ng
eM £
< +
14+ M 1+ M
&

Hence, x, — 0 as in the assertion.
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