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SYNCHRONIZATION AND FLUCTUATION THEOREMS
FOR INTERACTING FRIEDMAN URNS

NEERAJA SAHASRABUDHE,* Indian Institute of Technology Bombay

Abstract

We consider a model of N interacting two-colour Friedman urns. The interaction model
considered is such that the reinforcement of each urn depends on the fraction of balls of
a particular colour in that urn as well as the overall fraction of balls of that colour in all
the urns combined together. We show that the urns synchronize almost surely and that
the fraction of balls of each colour converges to the deterministic limit of one-half, which
matches with the limit known for a single Friedman urn. Furthermore, we use the notion
of stable convergence to obtain limit theorems for fluctuations around the synchronization
limit.
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1. Introduction

The classical P6lya urn scheme consists of an urn containing x balls of one colour and y balls
of another colour. At time ¢, one ball is drawn randomly from the urn and its colour observed;
it is then replaced in the urn, along with a ball of the same colour. This self-reinforcement is
carried out repeatedly. Asymptotic properties of the P6lya urn process, and its generalizations
and applications have been studied extensively (see [21] and [17], respectively). The Friedman
urn model (proposed by Bernard Friedman in 1949 [13]) is a generalization of a Pélya urn, where
the chosen ball is replaced with « balls of the same colour and $ balls of another colour. It is
known that, for a Pélya urn, the fraction of balls of either colour approaches, with probability 1,
arandom limit that is distributed according to a beta distribution. In the case of Friedman urns,
this limit is deterministic and equal to % with probability 1.

Interacting urn models have been an area of interest recently. For instance, in [5] and [18]
lattice-based interacting Pélya urns were studied. In [2] a graph-based model, with urns at each
vertex and pairwise interactions, was considered. In [16] interacting urns with exponential
reinforcement were studied. In [19] the authors considered an interacting urn model in which
a ball is sampled from each urn and then replaced in the urn along with a random number of
balls of the same colour.

Building on the work of Dai Pra et al. [9] and Crimaldi et al. [7], we study the asymptotic
properties of N (interacting) Friedman urns, each containing balls of two colours, say white
and black. The reinforcement scheme is such that the probability of adding & white and g black
balls to any urn at any time ¢ depends not only on the fraction of balls of a given colour in that
particular urn, but also on the fraction of that colour across all the N urns. We show that the urns
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synchronize almost surely and that the fraction of balls of each colour in every urn converges
to the common deterministic limit of % Rates of £2-convergence are obtained to illustrate the
crucial difference between the synchronization phenomenon of interacting Friedman urns and
the interacting Pélya urns of [9]. Furthermore, we study fluctuations in the fraction of balls of
each colour as well as the overall fraction of balls of a colour around the limit % The results
obtained here are, in spirit, similar to those obtained in [12]. By that we mean that the scaling
phenomenon resembles that observed in [12]; however, as one would expect, the regions for
Gaussian and non-Gaussian behaviour depend on the interaction parameter.

The paper is organized as follows. We describe the model in detail in the next subsection. In
Section 2 we show that the urns synchronize almost surely and obtain the rate of convergence.
In Section 3 we prove limit theorems for fluctuations in the fraction of balls of each colour
around the limit %, and fluctuations between the fraction of balls of a colour in one urn and
the overall fraction of balls of that colour. Appendix A contains some relevant concepts and
results pertaining to the notions of stable convergence and stochastic approximation used in the
proofs.

1.1. Basic setup

Consider N urns denoted by U(1), ..., U(N) such that at time ¢+ = 0 each urn contains
Wo(i) > 0 white and Bg(i) > 0 black balls. Let No(i) = Wy(i) + Bo(i) denote the total
number of balls in each urn at the beginning, and let W; (i) and B; (i) respectively denote the
number of white and black balls in U (i) at time ¢. Then

Wi () = Wi (D) + Y11 (), (1
where Y;41(i) denotes the number of white balls added to urn U (i) at time ¢ + 1. We assume
that Y; (i) fori = 1, ..., N are conditionally independent given the past. We denote the total

number of balls in each urn at time 7 by N;(i). For notational simplicity, we start with the
same number of balls (denoted by Np) in each urn and add « + B balls with probability 1 at
each time step. This assumption does not affect the asymptotic properties on the urn. Thus,
Ny = t(a+B)+ Np fort > 1. Note that we have dropped the i since N; is now independent of ;.

Let Z, (i) be the fraction of white balls in U (i) attime ¢, and let Z, = (l/NN,)ZlN:l W, (i) =
(1/N))_; Z;(i) be the overall fraction of white balls. Fix o, 8 € N. Then consider the
reinforcement model

pZ + (1 - p)Z,@G) forw = «,

PYi()=w | F) = 1—pZi— (1= p)Z,(i) forw =B,

for some fixed p € [0, 1]. The parameter p is called the interaction parameter. When p = 0,
we obtain N-independent Friedman urns, each mimicking the classical single-urn Friedman
model. While Z; denotes the overall fraction of white balls throughout this paper, to avoid any
confusion, we will explicitly mention whenever it represents the fraction of white balls for the
single-urn model.

Remark 1. This model is inspired from the work carried out on interacting Pélya urns in [9].
The tools and concepts used to obtain results for the asymptotic behaviour of interacting
Friedman urns are similar to those used in [7] and [9]. As and when necessary, we point
out the differences and similarities between the two.

Before going into details, we define the setup rigorously. On a probability space (2, £, P),
consider a family of Uniform[0, 1] random variables U (¢, i), ¢, i € N. Define by ¥; the o-field
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generated by {U(s,i); 0 <s <t, i € N}. Define

o ifUG@+1,0) <pZ+ (- p)Z),
B otherwise.

Yt+1(i):I

Then the Y; (i) are conditionally independent given ¥;.

For a classical Pélya urn, it is known that the limiting distribution of the fraction of balls of
either colour is given by a beta distribution whereas, for a classical Friedman urn, this limit is a
deterministic quantity, namely, . The following computation illustrates the underlying reason
as to why the asymptotic behav1our of Pdlya urns and Friedman urns is different:

E[Zy41G) | Fi] = E[M }7}
t+1

_ IE[Wz(i) + Yi+10) ‘ ?}}
Niti

= N + U = p)zZ:@G))
+1
+B0—-pZ;— (1 - p)Z:i))]
Ne+(@—-80-p)_, .  (@—B)p B
= Z Z y 2
Ny &) + Nt o Nit1 @

E[Z11 | Fil= [sz(z)‘%}

= N ZE[Z’“(” | F21

Ny + (¢ — B) B
= Z . 3
Nit1 o Nt ©)

In the case of Pélya urns, « = 1 and 8 = 0. This means that in that case, Z; is a martingale.
Friedman urns do not satisfy the martingale property. This marks the essential difference
between the two urn models. In the next section we prove an important synchronization
result for interacting Friedman urns. We fix the following notation. By p we denote the ratio
(¢ — B)/(a + B) with ¢ # B > 0. Without loss of generality, we can assume that p > 0. We
also assume that the interaction is nontrivial, thatis, 0 < p < 1.

2. Synchronization

From (1), we obtain

1
Zin() =5 Zi (i) + Y1 (D]
t

We already know that in the case of a single urn, the fraction of balls of each colour converges

almost surely (a.s.). In order to prove a similar result for interacting urns, we first show
Ji synchromzation that is, we show that lim,_, o E[(Z; (i) — Z,)Z] = 0. We also prove an
almost-sure synchronization result.

The following theorem explicitly states the rates of convergence (to 0) of var(Z;), var(Z;(i))
and var(Z; — Z;(i)) fori = 1,..., N. While it is expected that all these quantities converge
to 0, it is interesting to see that they do not always (i.e. in every regime determined by the
interacting parameter p) go to O at the same rate. For two positive sequences a; and b,, we
write a; ~ b; if 0 < liminf,_, 5o (a;/b;) < limsup,_, o, (a;/b;) < o0.
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2.1. £2%-synchronization

Theorem 1. Set p = (¢ —B)/(@+B) > 0. For everyi € {l1,...,N}, the following
asymptotic estimates hold:

122 for p > %
var(Z;), var(Z;(i)) ~ 3t~ 1logt forp = 5,
! for p < %,

12072°P=2 for p > 1/2(1 — p),
var(Z;(i) — Z;) ~ {t7Vlogt  for p =1/2(1 — p),
1! for p < 1/2(1 — p).

Here var(X) denotes the variance of a random variable X.

Remark 2. The .£2-synchronization result in [9] for the Pélya urns can be obtained by substi-
tuting p = 1.

Remark 3. (Synchronization rate.) Since 0 < p < 1,1/2(1 — p) > % So, the regime

{p < %} is a subset of {p < 1/[2(1 — p)]}. Thus, for a given i, for p < %, the «£2 rate of
convergence of var(Z;), var(Z;(i)), and var(Z; — Z,(i)) are the same. However, in the interval
% <p< %(1 — p), the var(Z; — Z;(i)) converges to O faster than both var(Z;) and var(Z;(i)).
Indeed, the difference var(Z;(i) — Z;) converges to 0 at the rate 1/¢ for p < 1/[2(1 — p)],
while both var(Z;) and var(Z;(i)) converge at a rate 2°=2 for % < p < 1/[200 — p)].
Again, for p > 1/[2(1 — p)], var(Z;(i) — Z;) converges at a faster rate. This means that the
£2—synchronization rate is faster than (or equal to) the rate at which Z;, Z; (i) — % in £2. This
is a deviation from the behaviour observed in the interacting Pélya urns model.

To be able to prove Theorem 1, we first do some computations to obtain recurrence relations
for var(Z;) and var(Z;(i)), and the difference var(Z; (i) — Z;). The proof of the theorem then
uses the same tools as those in [9]. In the following discussion, we denote pZ; + (1 — p)Z; (i)
by a; whenever convenient.

Let us first consider var(Z;41) = E[var(Z;+1 | F:)]1 + var(E[Z;41 | #:]). Then

N, — N —B)\?
var(E[Zps1 | m:var( ’+N(t‘jl Py + Ni}) _ (%) var(Zy)

and

1
Elvar(Ziy | FO1=E| <5 Zvar(Z:H(i) | 3“7)}

[ 1 Yt+l(i)

=k NthzH lZa ai + 21— a;) — (@a; + B(1 — ap) ]
=E 1\]2]\]}/‘24_1 Z(a_ﬂ) al(l —a :|
N2N3+1 (@ — ) ZE[al 1—ap)]
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_(@—p)? : 2,2 252
=——— Y EIpZ + (1 - p)ZiGi) — p*Z] — (1 = p)*Z} (i)
NNy

i

—2p(1 = p)Z: Z;(i)]

(@ — B)? (1 - p)? .
_-f E[Zz—p(Z—p)Z?—TpZZzz(l)}

2
NNt+l

_@—pr[1 1
- NN [5 - p2—p) (var(Zz) + Z)

1 — p)? 1
_ ! Np) Z(var(z,(i))+1>:|

1

—B)2T1
Il [- — pQ2— p)var(Z) — (1 = p)? var(ZzU'))]

NNz2+1 4
forany j € {1,2, ..., N}. So,
var(Zy1) = w [1 — p(2— p)var(Z,) — (1 — p)* Var(Zt(j))}
NNZ, L4
2
+ (w) Var(Zt)' (4)
Nyt

Now consider var(Z,41(i)) = E[var(Z;1+1() | )] + var(E[Z;4+1() | F]). From above,
we already have

_ a2
var(Z; 1) | F) = Mai(l —aj),
Nt+1
. _(@—p)?
Efvar(Z;+1() | F)] = ——5——Elai(1 — a;)]
Nt+1
_ a2
= (“Nf Cl— p2var(z) - 1 - pyvarz i
t+1
Then
_ a2
var(Zys1 () = & zﬂ 11— pan(Z) — (1 — p?)var(Z, ()]
Nt—H
1
+ —5— var([N; + (@ = B)(1 = p)1Zi (i) + (« = B)pZy)
Nt+1
_ g2 -8 -p\?
=P - Py varz o + (Nt a2l p)> var(Z,(i))
1 t+1
§PEPW @ DU G 5)
Nt+1

Finally, let us consider the difference var(Z; (i) — Z;). We have

var(Zi1(i) — Ziy1) = Elvar(Zi 1 () — Zigy | FOl +var(E[Zi41() — Ziy1 | F1])
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and

Wt+1(i) _ l Z Wt+l(i)
Nt+1 Nt+1

Ziy1()) — Ziy1 =

Z,(i)

N LY@ 1 Z N; Z(i)YtH(i)
= - t
Niti Nit1 N

1 1 1
—(Z:()) — Z) + (1——>Y 1) — —— ) Y1)
Nt | t t Nt N t+ NN < t+

Then
var(E[Z;41 () — Zes1 | F71) = var

(Nt +(@—-pd -

Niti
_ <Nz +(@— 81—
- Niti

(Zz( ) — Zr))

p))2 .
var(Z,(i) — Z;)

and
Elvar(Z;4+1() — Zi+1 | F)]

[ N—1 1
= E| var Yip1(G) — Yi(
v <N,+1N 1+1(0) Nr+1NZ 1+1(0)

N2 Y var(Yig1 ()) | f,)}

[/ N —1
=E var(YH_l(l) | F) 4+ ————
f+1 J#i

L\ Nt+1IN

_ [/ N—1 a2 . _
=E (N,HN) (@ — B a;(1 - a,)+Nt2+1N2<a By ;aﬂl a,)]

———(a — B)’E[ (N? =2N)a; (1 — a; -1—-}
Nz2+1N B) [( )ai ( a>+2jjaj( a;)

——— (@ — B)*(N* —2N) [E[al(l —a)]+ Y Ela;(1 - a])]i|
NI+1N2 F

_(@—pp

N

(@ —p)?

NI
NNH—I

[ I [1 —pPvar(Z) —(1—p )Var(Zz(l))]}

[4 — 22— p)var(Zy) — (1 — p)* var(Z, (l))}

So,

N, — B =p)\?
Var(Zys 1) — Zis1) = < 1+ (o N f 1)( P )> var(Z,(i) — Z»)
t

(@—p)*[N-2 }
—1 - — (1 — Z
+ N2, [ N L=p Zvar(Z,) — (1 — p?)var(Z,(i))]

(o —ﬂ)z[

2
NNZ

i 22 — pyvar(Z;) — (1 — p)* var(Z, (1))} 6)
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2.2. Proof of Theorem 1

Suppose that x;,+1 = f(¢)x; + g(¢) such that 0 < f(¢) < 1 forevery ¢t > 0 and xo = 0. If
we set yg = xo and y; = x;/ I—[f::lo f k), y; satisfies

yo=0 and y;41 =y + F(1),
where F(t) = g(t)/]_[f{zo f (k). Then we can verify that y, = Zg;(l) F (i) fort > 1. This leads

to a solution for the original difference equation in x, which is given by

x0=0 and x; = Hf()zl_[g() fort > 1.
k=0 f

Now define x;41 = var(Z;+1). Then
Xepl = f(O)x + g(0),

where f(1) = (N; + (@ — B))/N;1+1)? and g(t) ~ 1/t%. Then from (4) we obtain

1

1202 for p > 3,
var(Z;) ~ { ¢! logt forp = %,
! for p < %

Setting x;41 = var(Z;4+1(i)), we obtain g(¢) ~ 1/¢. Then from (5) we have

122 for p > %,
var(Z;(i)) ~ ¢t~ 'logt forp = %,
=1 for p < %

Again, setting x, 1 = var(Z+1(i)— Zi+1), we obtain £ (1) = ((N; + (& — B)(1 — p))/Ni11)>2
and g(t) ~ 1/¢2. Then from (6) we obtain

t2P=2P=2 for p > 1/2(1 — p),
var(Z;(i) — Z;) ~ {t~ ogt  for p = 1/2(1 — p),
1 for p < 1/2(1 — p).

2.3. Almost-sure synchronization
Since we already have .£2-synchronization, it is sufficient to show that the almost-sure limits
lim;_, o Z; and lim;_, o Z; (i) exist. This follows from the next proposition.

Proposition 1. Suppose that Z;(i) and Z; are quasimartingales (for details, see [22]). That
is, Y 2o ElE[Zi11() | F1]1— Z: ()] < 00 and Y 2 E[E[Z;41 | F1]1— Zi]] < o0.

Proof. From the computations carried out in the previous section, we have

Ne+(@—p) B
E[Z | 1= Z: + .
AR Niy1 " N
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Then
o0 o0 —
Ne+ (@ —B) B
Y EIE[Ziyi | F1-Z1=) E||— Z + -7
= = L Nty Niy1
o -
N, — — N,
:ZE r+ (@ —B) I_HZ,—i— B ]
— L N1 Niyi
o -
-2
o
= LN 1+1
o0
-2 1
_y % E[Z, - _]
= Nt 2
Similarly,
. Ne+(@—-80—-p), .. (@a—B)p B
E[Z:1() | ] = Z:(i) + Z: + .
" ! Nit ! Nitq ! Nitq

So, we obtain

E[E[Zi11G) | F11 = Z:(D]]

- IE N, + (a];lfl)(l - p) Z, (i) + (al\;fl)pZt + N’t8+1 — Z,(i) }
- E: N+ (a]\—[tfl) — N, iy 4 Nil N (aJ\;ﬁ)pZt ~ (a]\;ﬁ)pzt(i)u
= IE: ;/tzfl (Z;(i) - %) + %(Zt — Z:()) ]
< IE: ];ifj (Z;(i) - %)' + %(Z, — Z,()) ]
The proposition now follows from Theorem 1. 0

Using this proposition and the fact that a bounded quasimartingale (see [11] and [22]) has
an almost-sure limit, yields the following theorem.

Theorem 2. Let Z; and Z;(i) be as defined above. Then, for everyi € {1,2,..., N},
lim (Z; — Z;(i)) =0 a.s.
t—00

Thus, as ¢t — o0, the Z;(i) synchronize a.s. and converge to the same limit as lim;—, » Z;.
Taking expectations on both sides of (2) and (3), it follows that E[Z;(i)], E[Z;] — % as
t — oo. Thus, we have the following result.
Corollary 1. Let Z, and Z;(i) be as defined above. Then, for every i € {1,2,..., N},

as. |

Zlv Z[(l)—> 3

3. Fluctuations

In his paper titled ‘Bernard Freidman’s urn’ [12], Freedman proved some crucial results for
fluctuations in the fraction of a particular colour of ball in a Friedman (two-colour) urn around
the limit 3.
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The results obtained here reduce to the fluctuation results in [12] when N = 1. In the
case of interacting urns we need to look at fluctuations in each urn around the limit as well
as the fluctuation of the overall fraction, i.e. Z;. We use the notion of stable convergence
(see Appendix A as well as [7]) to obtain limit theorems for fluctuations of Z, — Z;(i) for a
fixed i. This gives us a stronger form of convergence than the convergence in distribution. The
fluctuation results are stated in Theorems 3, 4, and 5 below. Using the Cramér—Wold device,
this canonically extends to a limit theorem for the vector (Z; — Z;(1), ..., Z; — Z;(N)). The
tools used here are similar to those used in [7]; however, the behaviour of Friedman urns is
different from that of Pélya urns. We first state the results and then proceed to prove them.

Theorem 3. Let p = (o — B)/(a + B). Then the following statements hold.

1 stably ,O2
t|Z, — = N| O, .
J(t » <4mvﬂm)

«/; 1 stably ,02
Zi— = —= N[0, —|.
Jlogt ( ! 2) ( 4N>

Theorem 4. Let p = (o — B)/(a + B). Then the following statements hold.

oForO<p<%,

° FOI’,O=%,

e For0<p<1/2(1 — p),

. _ 2
x/;(Z; ~ Z,G)) stably N(O 1—=1/N)p )

41 =2p(1 = p)]

e Forp=1/2(1 — p),

Jt ... stably 1 ,02

Theorem 5. Let p = (o — B)/(« + B). Then the following statements hold.
° For,o>%andu=1—p,
iz, - 1y B
for some real random variable V such that P(V #0) > 0.

e Forp>1/2(1 —p)andu =1— (1 - p)p,

s/LY ~
1(Z, — Z,()) 2255 X

for some real random variable X such that ]P’()N( #0) > 0.

We now prove the above theorems, starting with Theorem 4. We write x; =~ y, if
lim; s o0 X, = limy 00 Yr.
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Proof of Theorem 4. Define Xy = Zy — Z;(i). Set

Lo = Xo,
t—1

Ly =X, — Y (EB[Xpp1 | F1]— Xp)
k=0
t—1

= X; — Y [ElZks1 — Zir1 () | Fal = (Zi = Zi(@))]

k=0
—1 N _ 1—
=Xt—];[ k+(azkal)( p)<zk—zk<z‘))—(zk—zk(i>>}

t—1

N, -pd -
=xt—2[ L+ (@ = B)( p)—l}(zk—zk(i))

N,
k=0 k+1

t—1

:Xt_z(a—ﬁ)(l—p)—(avLﬂ)

Ni+1

(Zk — Zi (1))

k=0

t—1
_ vy N e+ B —-p) -1
=X, ; N Xk

then @+ B (p(l—p)—1)
a+ p)p(l—p)—
Lyt — Lo = Xep1 — Xo + P”2x,.
N1
That is,
(@+B)(1—p(l - p)
Xit1 = [1 - P2 %+ AL
Ni11

Note that L, is an # -martingale by construction. Iterating the above relation, we can write

t

Xip1=c1.X1 + ZCk+1,zALk+1,
k=1

where ¢;1; = land ¢y = ]_[;,:k[l —(@+B)(A —p( — p))/Np+1] for k < t. Note that
t

o 1—[<1 _@+BU—p) - 1)>

N,
h=1 h+1

t

_ exp[Zln(l (@ +Bp(d =p)— 1))}
h=1

Np1

t
(a+ﬁ)}
~ —(1=p(1 —
exp[( p( p))h; o

1

~exp[—(1 — p(1 = p))(a + B) In(N;11)]
~ 4~ (=p(=p))
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Then /tcy,; ~ t~U=PU=P)+1/2 0 for 0 < p < 1/2(1 — p). Observe that the same
argument gives

Ck.t
lim —_— — 1| =0. 7
koo yop | (/1) 1=p (=) 2

So, it is enough to prove that /7 Y, ck+1, ALi+1 — N (0, p?/4[1 — 2p(1 — p)]).
This can be proved using Theorem 7 (see Appendix A) by verifying the following conditions
for U k41 = /1 3 g Cht1,0 ALt 1.

(a) maxj<k<t |Ut | — 0.
(b) E[max ;<< U] is bounded in .
©) Yot Ul = p?/411 = 2p(1 = p)l.

We will now verify these conditions. For (a), since ALy+1 = X411 — X; + (@ + )1 — p(1—
P)X:t/Niyt, [ALgsr| ~ OG™h).
For (b), use (7) and (a) to obtain

t
2
a5

t
_ 2 2
=1 Z Cir1, B ]
k=1

1—1 2(1-p(1—p)) ) )
~t — Ok~ tOk™
;(t) k) +10(k™?)

et l 2) 202
- 2p(1 p) Z k2p(1—p) t ’

It follows that E[max<x<, Ut%k] is bounded in ¢.
Let us now consider (c). We have

t ' 2 2 2
k*(ALk+1) l 2(ALi41)
2 2 2
ZUt,k:tZCkJrl,t(ALk“) Py 2p(l ) Z 20 (0—p) P :

From (a) we obtain

1—p(—
(ALk+1)2=<xk+1—xk+(“+ﬁ)( pUL=p) )

Nit1
(@+ 81— p—p))
Ni+1

2
= ((zkH — Zi) — (Zi1 (i) — Zi()) + (Zk — Zko')))
1 2
~ ((zk+1 = 20 = (Zin ) = Ze@) + 1 (Ze = ZW’)))
1
~ [(Zip1 — Zi) — (Zis1 (D) — Zi(@) 1 + (% - Zi(i))?

1
+ %(Zk — Z((Zky1 — Zi) — (Zg110G) — Zi ()]
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Since we know that Z; 25 Z,(i) and X,% ~ O (k™?%), we can get rid of some the terms above.
We obtain

t t
D UL S Y M Zig1 = Z)* + (Zi1 () = Zi () =2(Zip 1 = Zi) (Zie1 () = Za ()]
k=1 k=1
To conclude, we use Lemma 1 given in Appendix A with by = k' =2°(1=P) and g = k?°U1-P),
Let Ux = K U(Zis1 = Z0)* + (Zis1 () = Zi(@)? = 2(Ziewr = Zi)(Zi1(D) = Zk(i))]. Then
it is easy to verify that Z,fi] E[U,?]/akb,% < o0 as by — 00. We have

1 <~ 1 1
— _—
bi = a 1—=2p(—p)

This implies (by Lemma 1) that th{:l Uk2 converges to U/(1 —2p(1 — p)) a.s., where U is
such that E[Uy | ] — U. We now verify that U is in fact deterministic. Note that

kZ
E[K*(Zig1 () — Zi(@)* | Fil = —5—EI(Yi1 () — (@ + B Ze()* | 2]
k+1

2 2 - 2
_k (062-1-13) E|:<Yk+1(l) 3 Zk(i)> Nk:|
Nicx1 atp
a.s. p2
= .
4

Similarly,

as. o + ,82 N -1 1 0

E[k*(Zk1 — Zi)* | T4 AN
K (Zi = 207 1 9l = o= s Y I ~ 1= an

and
E(k*(Z41() — Zk(D)(Zig1 — Zi) | F]

2 2 . N .
_K@+p) EKYH](:) - Zk(l.))<z,~_1 Yig1() zk) ‘ },k]

NZy a+p N(a+p)

a.s ,02
—

4N
Thus, we obtain Uy 25 (p%/4)(1 — 1/N). This concludes the proof of (1). The proof for the
second case with p = 1/2(1 — p) is essentially the same. (]

The proof of Theorem 3 follows along the same lines as above. We sketch the essential
argument below.

Proof of Theorem 3. Let Vi, = Zy — % Denote by L, the martingale

t—1
Lo=Vo,  Li=Vi+ Y E[Vi1 | Fil— Vo).
k=0
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Then
o+ 1-—
Vipr = ALyt + (1 + M) v,
Nit1
or
(a@+B)(1—p)
ALior = Vigt — ( #)VI. ®)
Nit1
Writing

t

Vigr =cVi+ ) ckrnsALiyi,
k=1

we have ¢1; ~ t~(1=°) Thus, v/tc;; — 0 for p < 3. Following the same steps as in the
above proof, and using (8), it can be verified that limy—, oo SUp, > |ck,¢/(k/ Hi-r — 1| =0, and
that (a) and (b) (as in proof of Theorem 4) hold. It boils down to showing that Z k=1 Utk =
Y it 1641 (ALkp1)* — N (0, p? /4N (2p — 1)). We have

(a+ B — p)) )
Ni+1 :

1 —
= (Zk+1 —Zr — —(a +1€1)<i1 ) )

(I—p)
~<Zk+1—Zk— kp Vk)-

Thus, since we know that Z, 25 theonlyrelevanttermls Zik4+1—Zk. Thatis, Zk 1 Utzk
tzk 1 Ck+15(zk+1 Z)%. We can now use Lemma 1 glven in Appendix A with by = kl-20
and a; = k“P. Let U = kz(Zk_H — Zk) . Then Zk:l Uk converges to U/(2p — 1) ass.,
where U is a such that E[Uy | ] — U. Since we completed this computation in the proof of
Theorem 4 above, we know that in this case U = p?/4N. This concludes the proof. The proof
for the case p = % follows similarly. O

(ALgy1)* = <Vk+1 - (1

a.s.

We now prove Theorem 5.

Proof of Theorem 5. We first prove the second part. Define X k = 1"(Zx— Zx(i)). Itfollows
from the computations carried out in the proof of Theorem 4 that E[X 2] < oo. It is therefore
enough to show that X; is a quasimartingale. Indeed, we have

—ZEH( )Nk+(a—ﬂ)(1—p) 3
=20 ( ) [1%l]

< OQ.

X % N, 1— -
ZE[|E[Xk+1|m—xk|]=ZEH(k+1)u cHe=pi-p g
k

Ni+1

]
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Now the almost-sure convergence follows from the fact that a bounded quasimartingale con-
verges a.s. and in L. It remains to prove that IP’(X # 0) > 0. For this, it suffices to prove that
X2 is bounded in L? for a suitable p > 1. Indeed, this implies that E[X2] = lim;_ IE[XZ]
lim,_)oo t*E[X?] > 0.

The proof is similar to that of Theorem 3.5 of [7]. We only sketch the proof and illustrate
the important steps for the sake of completion. The idea is to again obtain a recurrence relation
as follows. For ¢ > 0, let x; = E[|X,;]|2T]. We know that

N .
N 1 /2o Y ()
Xip = —1 X, + ( / IN

-y, l(i)).
Nt+1 Nt+l a

So, using the binomial expansion and collecting higher-order terms,

2+¢
N 2+4¢
X+l = E[lX
t+1 (Nt+1> [1X¢] ]

N\ e >0l Ve () ,
+Q +e)( N,+1> N,+1]E[|X’| sgn(X»(T - Y,H(z))}

()

Recall thatu = 1 — p(1 — p). This gives

ool = <1 (@=p2+e)d—pd - P)))xt + ()
Nit1

_ <1 _ W)xt + 2,
Nt

where xo = 0 and g(r) = O(1/t?). Then, for sufficiently small ¢ > 0, using the method used
in the proof of Theorem 1, we obtain E[|X;|?T¢] = O(1/t®+9%). This implies that X2 is
bounded in L£114/2,

Now, for the first part from Proposition 1, we already know that Z; — 5 Lisa quasimartingale.
Define Vk = t"(Zy — ) foru = 1 — p. Then ]E[Vz] < oo and Vt is aguasunartmgale
This implies that it converges a.s. and in L' to some real random variable V. To prove that
]P’(V # 0) > 0, following a similar computation as above, for x,+1 = E[|Z; — —|2+‘9], we
obtain

2+ e)u

Niyi/(@ +B)’

where u = 1 — p. Thus, we have E[|V;|**¢] = 0(1/t®*®*) for u = 1 — p. This concludes
the proof. (]

X1 =1-—

Note that we have not said anything about the fluctuations in the fraction of white balls in
each urn, i.e. Z;(i), around the limit % Since in the case of Pdlya urns, Z; is a martingale, it
is possible to prove a stronger fluctuation result for Z; (see Theorem 3.1 of [7]). This leads to
a stable convergence result for Z;(i) — % However, in the case of Friedman urns we do not
have the martingale property at our disposal. We, therefore, prove a convergence in distribution
fluctuation result for Z, (i) using stochastic approximation techniques.
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3.1. Stochastic approximation approach

Stochastic approximation schemes are heavily used in optimization problems and reinforce-
ment learning (see [4]). Naturally, the method is very well suited to handling urn model problems
as well. We reformulate the problem in terms of stochastic approximation theory. Define
Z; =(Z1(),..., Zny()) and Y; = (Y; (1), ..., Y:(N)). Then, according to our reinforcement
model, we have

ZH = N Z+ ! 17t+1
Nt Nt ~
~ Zl + L<—fZ~z + Yo )
t+1 (x+ B)
~F—F -G+ L( o g(Z)), ©)
t+1 t+1\(a+pB)

where g(Z;) = E[Y,1/(a + B) | F1 = (1 — p)/2+ p(pZi + (1 — p)Z,). Recall that Z,
denotes the overall fraction of white balls given by (1/N)) ", Z;(i). Equation (9) corresponds
to the classical stochastic approximation scheme,

X4l = X —a®h(x;) +a(@) M1, (10)

where a(t) = 1/(t + 1) and My = Y,+1 — g(Z,) is an N- d1mens10nal martingale difference
sequence. It can be easily verified that h(x;) = Zt — g(Z,) is a Lipschitz function from
RN to R¥. Conditions (C1)~(C4) given in Section A.2 can also be verified. According to
the ‘ordinary differential equation (ODE) approach’ of the theory of stochastic approximation
(see [4]), the scheme in (10) wig a.s. converge to the equilibria of the limiting ODE given by
X = h(x(t)). In other words, Z; converges to the set {4 = 0}. It is easy to check that this
. . . as. ] .
implies that Z,(i)— 5 foreveryi € {1, ..., N}.

Furthermore, using concepts from [15], it is possible to obtain fluctuation results too. Let
BT denote the transpose of a matrix B. Using Theorem A.2 of [15], we can prove the following
result.

Theorem 6. Let 5o = (%, ey %) be an N-dimensional vector, and let A denote the N x N
matrix given by

I —p(—p)—pp/N —pp/N —op/N
—pp/N I—p(—p) —pp/N ... —pp/N
—pp/N —pp/N .. Y=p(—=p)—pp/N

Then the following statements hold.
o Forp <, /n(Z —80) >N (0, A p2/8(1 — 2p)).

e For p = %, \/ﬁ(Z — 80)/+/logn E></\f(0, Y) for some N x N positive semidefinite
matrix X.

e Forp > %, nl=P(Z; — &) converges a.s. and in L towards a finite random variable.
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Proof. We can write the stochastic approximation scheme as

~ ~ 1 ~ 1
Ziy1 =2y — ——h(Z)) + —— M4,
1+1 ' t—i-l(t) M
where h(Z) =[1—-p- p)]Z — (1 —=p)/2 — ppZ; and M, is an F;-adapted martingale
difference sequence. As mentioned above, conditions (C1)—(C4) given in Section A.2 can be
easily verified. Note that the Jacobian of &, Dh, is a constant diagonalizable matrix given by

l—p(—p)—pp/N —pp/N —pp/N
—pp/N l—p(l—=p)—pp/N ... —pp/N
—op/N —op/N o 1=p(=p)—pp/N

Thus, Dh = [1 — p(1 — p)]lI — (pp/N)J, where I denotes an N x N identity matrix and J
denotes an N x N matrix of 1s. Itis easy to see that the smallest eigenvalue of D# is given by
Amin = 1 — p. Then the first case, p < %, directly follows from Theorem A.2 of [15], such that
the variance is given by ¥ /(2 pnin — 1), where

o0
z =/ (e 4" Tre A dy
0

with A as defined in the statement of the theorem (A = Dh — I/2) and I the almost-sure limit
of E[MIHM,H | F:]ast — oo. Itis easy to verify that I = ,02/4. For the case in which
p = %, the matrix ¥ cannot be simplified in terms of A, as A is not invertible for p = %
Finally, the case in which p > % also follows from Theorem A.2 of [15]. This concludes the

proof. ]

Remark 4. The matrix A is not invertible for p = 1/2(1 — p) as well. However, since,
1/2(1 — p) > % this is not relevant in the regime {p < %}.

Convergence in distribution versions of Theorems 3, 4, and 5 can also be proved using the
stochastic approximation method.
Appendix A
We state some auxiliary results.

Lemma 1. (LemmaA.1of[7].) Let G be an (increasing) filtration, and let (Yy) be a G-adapted
sequence of real random variables such that E[Yy | Gx—1] — Y a.s. for some real random
variable Y. Moreover, let (ay) and (by) be two sequences of strictly positive real numbers such

that
> E[Y?
b — 00, Z [ k2]
Pyt aiby

Then

o if (1/b;) Z;(zl 1/ax — y for a constant y, (1/b;) Z;cz] Yi/ax — vY;

o ifb; Zth l/akb]% — y for a constant y, b, Zth Yk/akb% — yY.
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A.1. Stable convergence

The notion of stable convergence was introduced by Rényi [23] and is in a sense a stronger
version of convergence in distribution. There has been quite a lot of work on the concept and
application of the notion of stable convergence. We only state some results concerning stable
convergence from [3] and [14] that are relevant to this paper. The interested reader can refer to
these and [1], [8], [10], and [20] for more details. For generalizations such as the strong form
of stable convergence and almost-sure conditional convergence, we refer the reader to [6] and
[8], respectively. For sake of completeness, we first define the concept of stable convergence
asin [7].

Let (2, 4, IP) be a probability space, and let S be a Polish space, endowed with its Borel
o-field. A kernel on S, or a random probability measure on S, is a collection K = {K(w): w €
2} of probability measures on the Borel o-field of S such that, for each bounded Borel real
function f on S, the map

0 K(f)(@) = / £ K (@)(dx)

is /A-measurable.
On (2, A, P), let (¥;) be a sequence of S-valued random variables and let K be a kernel

. stabl .
on S. Then we say that ¥; converges stably to K, and we write Y; —>y K, if

Py, e | H) Y E[K() | H] forall H € A with P(H) > 0.

Clearly, if Y; Stﬂ)y K then Y; converges in distribution to the probability distribution E[K (-)].
In fact, if {Y¥},} is a sequence of random variables on the probability space (€2, +4, P) converging
in distribution to Y, then we say that this convergence is stable if, for all continuity points y of Y
and all events A € +, the limit lim,, oo P({Y,, < y}UA) = O, (A) existsand Q,(A) — P(A)
asy — 00.

Moreover, the convergence in probability of Y, to a random variable Y is equivalent to the
stable convergence of Y; to a special kernel, which is the Dirac kernel K = §y (see Corollary 4
of [8]).

Theorem 7. (Theorem 3.2 of [14].) Let {Spx, Fux: 1 < k < ky,n > 1} be a zero-mean,
square-integrable martingale array with differences Yy i, and let n? be an a.s. finite random
variable. Suppose that

e maxj<k<k, |Ynil = 0;
o E[max|<k<x,] is bounded in n;
k 2 2
o Xl Yt
and that the o -fields are nested, i.e. ¥, C Fny1xforl <k <k,, n > 1. Then S, i converges

stably to a random variable with characteristic function ¢ (u) = Elexp(—nZu?/2)], i.e. to the
Gaussian kernel N (0, n%). (Here, the notation N (0, 0) denotes the Dirac distribution &.)

A.2. Stochastic approximation

The martingale method, the method of moments, and stochastic approximation are all popular
methods for analysing random processes with reinforcement (see [21]). Stochastic approxima-
tion has been used extensively in urn models. A classical stochastic approximation scheme in
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R¥ is given by
Xpy1 = Xp —a(mh(x,) +am)My4q (11)

with the initial point xo. The solutions of the above scheme asymptotically track the solutions
of the ODE given by

x(1) = —h(x())
under the following conditions.
(C1) The map i: RF — RF is Lipschitz.
(C2) Step sizes {a(n)} are positive, satisfying ) ", a(n) =ocoand ), a(n)? < oo.

(C3) {M,} is a martingale difference sequence with respect to ¥, = o (x,, My; m < n).
Furthermore, the M,, are square integrable with E[||M,1]|> | F,] < K(1 + |x||?) a.s.
for n > 0 and some constant K > 0.

(C4) The trajectories (or the iterates) of (11) remain bounded a.s., i.e. sup,, [|x,| < oo a.s.

A detailed analysis of convergence and stability can be found in [4].
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