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In this work, we introduce a generalization of the classical Pélya urn
scheme [40] with colors indexed by a Polish space, say, S. The urns are de-
fined as finite measures on .S endowed with the Borel o-algebra, say, S. The
generalization is an extension of a model introduced earlier by Blackwell and
MacQueen [8]. We present a novel approach of representing the observed
sequence of colors from such a scheme in terms an associated branching
Markov chain on the random recursive tree. The work presents fairly general
asymptotic results for this new generalized urn models. As special cases we
show that the results on classical urns, as well as, some of the results proved
recently for infinite color urn models in [6, 5], can easily be derived using
the general asymptotic. We also demonstrate some newer results for infinite
color urns.
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1. Introduction. In recent days various urn schemes and their many generalizations
have been a key element of study for random processes with reinforcements [29, 3, 39,
23, 10, 18, 16, 15, 33, 13, 6, 5]. Starting from the seminal work by Pdlya [40], vari-
ous types of urn schemes with finitely many colors have been widely studied in literature
[25, 24, 1, 2, 39, 38, 27, 28, 29, 3, 23, 10, 11, 18, 14, 13, 34]. [39] and [34] provide ex-
tensive surveys of the known results. However, other than the classical work by Blackwell
and MacQueen [8], there has not been much development of infinite color generalization of
the P6lya urn scheme. Recently the authors studied a specific class of urn models with in-
finitely many colors where the color set is indexed by the d-dimensional integer lattice Z,
[6, 5]. These works nicely complement the work [8] by introducing examples of infinite color
schemes with “off-diagonal” entries and showed that the asymptotic behavior is essentially
determined by an underlying random walk.

In this paper, we further generalize urn schemes with colors index by an arbitrary set S
endowed with a o-algebra S. As we will see in the sequel, the classical models can be realized
as a sub-model when S is finite and in that case S will simply be the power set of .S, which
we will denote by ¢ (S). The non-classical case discussed in [8] can also be obtained by
appropriately choosing the measurable space (S, S) as the Borel space of a Polish space S.
Further the models described in [6, 5] can be obtained by choosing S = Z% and S = p (Zd).

We will only consider balanced urn schemes. For S countable (finite or infinite), it means
thatif R:= ((R(i,7))); jes denotes the replacement matrix, that is, R (i, j) > 0 is the num-
ber of balls of color j to be placed in the the urn when the color of the selected ball is i, then
for a balanced urn, all row sums of R are constant. In this case, without loss of generality, it
is somewhat customary to assume that R is a stochastic matrix [10, 11]. For more general S
we refer to the next subsection for further details.

1.1. Model. We consider the following generalization of Pdélya urn scheme where the
colors are indexed by a non-empty subset S of R for some d > 1, such that, under subspace
topology S is a Polish space. A necessary and sufficient condition for .S to be Polish is that
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itis a Gs—set, that is, S is a countable intersection of open sets, [12]. We endow .S with the
corresponding Borel o-algebra and denote it by S. Let M (S) and P (.S) denote respectively
the set of all finite measures and the set of all probability measures on the measurable space
(S,S). Note that the classical case when S is finite or the non-classical cases discussed in
[6, 5] are obtained by taking S as a discrete subset of R? of appropriate cardinality.

We would like to note here that many of our results goes through for S a general state
space endowed with a o-algebra S. The assumptions of S is a Polish space and/or a subset of
an Euclidean space are then not needed. For more details we refer the readers to our Remark
3.3 in Section 3.

Let R: S xS — [0, 1] be aMarkov kernel on S, that is, for every s € S, as a set-function of
S, R(s,-) is a probability measure on (S, S); and for every A € S, the function s +— R (s, A)
isS/ Bo,1;-measurable. Our main objective will be to study the following three quantities:

(I) Random Configuration of the Urn: The random configuration of the urn at time n > 0 is
arandom finite measure U,, € M (S), with total mass as n + 1, such that, if Z,, represents the
randomly chosen color at the (n + 1)-th draw then the conditional distribution of Z,, given
the “past”, is given by

P(Zne-‘Un,Un_l,m,U0>o<Un(-).

Formally, starting with Up € P (5), we define (Uy,),,>q € M (5) recursively as follows

(1.1) Uni1 (A)=U, (A)+ R(Z,,A),  A€S,
and

_ Un()
(1.2) P(Zne-\Un,Un_l,---,Uo)—nH.

Notice that, if .S is countable then R can be presented as a stochastic matrix and then
R (Z,,") is the Z,-th row of the replacement matrix R. We will refer to the process (Uy),,~
as the urn model with colors index by S, initial configuration Uy and replacement kernel R.

Observe that, one can associate with every urn model a Markov chain (X},), -, on the
state space S, with transition kernel R and initial distribution Uy. Moreover, without loss
we can assume that the our underlying probability space is large enough, to have this chain
independent of the urn process (U, ),,~,. Conversely, given any Markov chain (X},),,~, on
the state space S, with transition kernel R and an initial distribution Up, one can associate
a balanced urn model (U,,),,~,, which will be independent of the chain. We will call this
Markov chain (X,,), - as the Markov chain associated with the urn model (U,),,~ -

It is worth mentioning here that a little more general model may be obtained by taking
Uy € M (S) and not just in P (S). However, asymptotic results for U,,, when Uy € M (5)
can be easily derived from the special case Uy € P (.5).

(II) Expected Configuration of the Urn: From equation (1.2) and taking expectation, we
get

(1.3) E[U.](9) =E[Un(S)]=n+1,

for all n > 0. Thus ]i[gl] is also a probability measure on (S, S). In fact, it is the distribution

of Z,, the (n + 1)-th selected color. This follows by taking expectation on both sides of
equation (1.2),

E[Un (A)]

(1.4) P(Zy €)== "%

, AeS.
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(IIT) Color count statistics: The Color count statistics is defined as follows:
n—1

(1.5) Nn:=> 6z,
k=0

where ¢, stands for the Dirac delta measure on (.S, S), which is degenerated at z € S. Natu-
rally, N, is the empirical measure of the observed color sequence (Zk)Z;é. In the classical
setup when S is a finite set, \,, can be viewed as the frequency vector of the observed se-
quence of colors upto time n — 1. This quantity has also been studied in the classical urn
model literature [1, 2, 3]. In our general setup N, is a random counting measure defined on

(S,8) with Ny, (S) = n. So naturally, % is a random probability measure on (S,S) . It
follows from (1.1)

U, U, 1
0 N, R.

1.6 =
(1.6) n—+1 n+1+n—|—1

Note that we use the convention that for a finite measure p € M (.5), the expression R (+)

means / w(ds) R (s,-) Also, observe that,
S

n—1

(1.7) EN,()]=)_ P(Ze).

k=0

Thus, LE [N, (-)] is the Cesaro mean of the marginal distributions of the observed sequence
of colors till time n — 1.

1.2. Main Achievements of the Work. 'The main contributions of this work are two fold.
One, we generalized urn schemes for colors indexed by an arbitrary set .S and configuration
of an urn is viewed as a (possibly random) measure on it. Secondly we, analyze, any such urn
through two “representations” of the observed sequence of colors to an associated branching
Markov chain on S with the backbone as the random recursive tree. These representations are
novel and useful in deriving asymptotic results for the expected and random configurations
of the urn.

There are few standard methods for analyzing finite color urn models which are mainly
based on martingale techniques [27, 10, 11, 18], stochastic approximations [33] and em-
bedding into continuous time pure birth processes [1, 28, 29, 3]. Typically the analysis
of a finite color urn is heavily dependent on the Perron-Frobenius theory [42] of matri-
ces with positive entries and Jordan Decomposition [17] of finite dimensional matrices
(1,27, 28, 29, 3, 10, 18]. The absence of such a theory when S is infinite, makes the analy-
sis of urn with infinitely many colors quite difficult and challenging. In [8] the results were
derived using exchangeability of the observed sequence of colors. However, as observed in
[6], exchangeability fails in the presence of off-diagonal entries and in [6], the authors took a
different approach of embedding the observed sequence of colors to the underlying random
walk sequence. The major contribution of this work is to further this embedding for any gen-
eral urn scheme with colors indexed by a Polish space, and then derive asymptotic results
by bypassing the standard martingale and matrix theoretic techniques. As a byproduct, we
also derive some non-trivial asymptotic for the random recursive tree(see Section 5) and
generalized the work for random replacements (see Section 6).
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1.3. Limitations of the Work. In general, for the classical as well as for the modern work
on finite color urn models, typically the limits so derived are strong convergence (almost
sure)-type [40, 27, 10, 11, 18, 1, 28, 29, 3, 33]. As we will see in the sequel, because of the
very nature of our arguments, our limits will be slightly weaker (in probability convergence).

We conjecture here that the strong convergence should hold in general under minimal
conditions on the underlying Markov chain, which should include the finite color case. One
specific example has been discussed in [35] (see Section 1.4.3). While this work was under
review two more work have appeared [4, 30] where strong convergence has been proved
specifically for two of our examples described in the Sections 4.1.1 and 4.2.1 respectively.
Both these work use the representation proved in this work and specifically one of our main
result, the Theorem 2.4.

The other limitation of the work is that it only focuses on the balanced cases, that is, the
replacement kernel R has the property that R (s, .S) is a constant. In other words, at each step
a constant number of balls are added. Our main results, namely, Theorem 2.4 and Theorem
2.8 hold only in this case.

We certainly feel that if we consider a general unbalanced replacement scheme R, but
assume that the function b(s) := R (s,5), s € S is somewhat “nice" then the asymptotic
results derived in this work should go through after changing the normalization from (n + 1)
to Uy, (S), which will then be random. For example, we conjecture that if b is such that,
d <b(s) <K forall s€ S, where 6 >0 and K < co. In other words, if the function b
remains bounded away from 0 and co), then the asymptotic results derived in this work
should hold after changing the normalization from (n + 1) to U, (S) = Op (n).

1.4. Discussion. While preparing the manuscript, and after our first version was up-
loaded on the arXiv (see https://arxiv.org/pdf/1606.05317.pdf), we were
informed by Cécile Mailler and Jean-Francgois Marckert that they are also working on simi-
lar problems. Later their work appeared in an arXiv version (see https://arxiv.org/
pdf/1610.09057.pdf) [35]. In their work, they prove more or less similar results as that
of ours based on exactly the same kind of embedding which was already available in our first
arXiv version. We here provide a brief summary of the similarities and differences of the two
works.

1.4.1. Similarities with [35].

* Our main representation argument, stated as the Grand Representation Theorem (see The-
orem 2.4) is exactly same to what is described in Section 2 of [35] as the coupling between
their Measure-Valued Pélya Process (MVPP) and Branching Markov Chain (BMC). How-
ever, the proof we provide is simpler and is more direct than what is given in [35].

* The main weak asymptotic result of our paper described in Theorem 3.8 are similar to
that of the main asymptotic result, namely, Theorem 4 of [35]. Some of the assumptions
are also equivalent, such as, our assumption (A) (see Section 3.2) is exactly same as what
has been termed as (b(n), a(n))-ergodic in [35] (see their Definition 2).

1.4.2. Major contributions of our work which are not in [35].

* In Section 3, using our representation theorem we not only derive fairly general weak
asymptotic for the random configuration of urn (Theorem 3.8) but we also derive weak
asymptotic for the color count statistics under the same general conditions (Theorem
3.10). For various statistical applications this may be of importance.

* In Section 5, we provide a non-trivial application of our representation theorem to derive
asymptotic of the sizes of the sub-trees rooted at the children of the root of a random
recursive tree. This is essentially an example of a reverse application of the representation
theorem.
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* In Section 6, we also consider random replacement and establish corresponding represen-
tation theorems. As application we show that various non-standard limits can appear in that
context for urn schemes with random replacement. These results are of somewhat different
flavor than the usual random replacement matrix models studied in say [3]. However, our
results derived in Section 6 partially answer the open problem stated in Section 1.6.2 of
[35].

* Other than the above three, we also would like to note that our formulation works on any
general color set S endowed with a o-algebra S. In fact, our main representation theorems,
namely, Theorem 2.4 and 2.8 works in this generality. Also as pointed out in Remark 3.3
some of the convergence results also hold in full generality. In contrast, [35] needs the
assumption that S is a Polish space.

1.4.3. One major contribution of [35] which is absent in our work.

* As mentioned above in Section 1.3, in one particular example, namely, urn associate with
random walk with i.i.d. light-tail increments, the authors derives a stronger result (see
Theorem 6 of [35]) of almost sure convergence for the configuration. Our Theorem 4.3 is
weaker and was earlier proved in [5].

1.5. Notations. Most of the notations used in this paper are consistent with the literature
on finite color urn models. However, we use few specific notations as well, which are given
below. These are similar to what we have used earlier in [6].

(1) All vectors are written as row vectors unless otherwise stated. Column vectors are denoted
by 2T, where z is a row vector.
(ii) The standard Gaussian measure on R? will be denoted by &, with its density given by

1 z||?
g (x) = W exp <—H2H> ,xz e RY.
For d =1, we will simply write ® for the standard Gaussian measure on R and ¢ for its

density.

(iii) The Gaussian distribution with mean x and variance-co-variance matrix X in d-
dimension will be denoted by Normalg (11, 32). For d = 1, we will simply write Normal (., 02),
for n € R and o2 > 0.

(iv) The symbol 2 will denote equality in distribution between two random vari-
ables/stochastic processes.
(v) The symbol = will denote convergence in distribution of random variables.

(vi) The symbol 2 will denote convergence in probability.
(vii) The symbol — will denote the weak convergence of probability measures in P (.S).

1.6. Outline of the Paper. The rest of the paper is organized as follows: Section 2 con-
tains the two representation theorems, namely, Theorem 2.4 and Theorem 2.8, which are the
most important contributions of this work. In Section 3, we derive asymptotic results for
random and expected configurations and the color count statistics under fairly general condi-
tions. In Section 4, we provide many interesting applications mainly in the context of infinite
color urn schemes. Section 5 provides a non-trivial application of the representation theorem
for deriving certain asymptotic for the random recursive tree. In Section 6 we discuss random
replacement and establish representation there in and few non-trivial limiting distributions of
urns with random replacement. Finally, Section 7 contains few concluding remarks.
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2. Main Results and Their Proofs. In this section, we present the two main theorems
of this paper. These theorems, which we call the Grand Representation Theorem (Theorem
2.4) and the Marginal Representation Theorem (Theorem 2.8) provide certain “couplings”
of the urn model with the associated Markov chain through the observed sequence of colors.
These results are fairly general and hold for any balanced urn schemes with colors indexed
by an arbitrary set S. Before we state the results, we introduce here two important structures,
namely, Random Recursive Tree (RRT) and branching Markov chain on a RRT.

2.1. Random Recursive Tree (RRT). Forn > —1, let T, be the random recursive tree on
(n 4+ 2) vertices labeled by {—1;0,1,2,...,n}, where the vertex labeled by —1 is considered
as the root. For sake of completeness we provide here the definition of the random recursive
tree. A random recursive tree with (n + 2) vertices labeled by {—1;0,1,2,...,n}, is a ran-
dom rooted tree, rooted at —1, and obtained by starting with a single node, labeled —1, which
acts as the root and then adding (n + 1) vertices one by one, each time joining the new vertex
to a randomly chosen existing vertex; the random choices are uniform and independent of
each other. It was first introduced by Moon [37]. The survey [44] provides more details. We
consider {7 ,},~_; as a growing sequence of random trees and define

2.1) T:=J Tu

n>—1

and call it the (infinite) random recursive tree. Formally, T can be constructed by using a
sequence, say, (Dn)n>0, of independent discrete uniform random variables, such that, the
n-th one, namely D, is uniform on {—1;0,1,--- ,n — 1}. The n-th vertex (labeled as n),
joins to a vertex labeled by the (random) index D,,. In this construction of 7, we have T =
D,,, where 57 is the parent of the n-th vertex (labeled as n). Note that in this construction
the random tree 7, is constructed only using the variables {Dj};_, and as n increases
the random trees are growing. Such construction of random recursive trees is available in
[20], and is referred to as the uniform random recursive tree in [20]. With a slight abuse of
terminology, we refer to it as the random recursive tree throughout.

For n >0, let (1 + 73,) be length of the unique path from the vertex n to the root —1 in the
random recursive tree 7 ,, with n + 2 vertices, as defined above. Note 7y = 0. The following
result is known in literature (e.g. see [19, 20]). However, for the sake of completeness, we
provide the proof.

LEMMA 2.1. In the above set up, as n — oo,

Tn
— 1 a.s.

2.2)
logn

and

™ —logn 4
2.3 ——= — N(0,1).

REMARK 2.2. For any vertex v € T, denote by |v|7 its depth from the root in 7. Observe

that, the above lemma implies that if w, is a vertex chosen uniformly at random from the
vertices of 7 ,,_1, then % = % — 1 a.s. as n — oco. This observation we will need in

the proof of Theorem 3.4.

PROOF. Now, for 0 < j <n — 1, let I; be the indicator that the vertex j lies on the
path from the root —1 to the vertex n. Then by construction (/;),. .., , are independent
<j<n
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Bernoulli variables with E [I;] = - 0<j<n-—1.Also,

(2.4) Ty = Z I;.

Notice that Var(Ij) = ]ﬁ < — ﬁ) 0<j5<n-—1,thus

n—1 1 n—1 1 1
2.5 E = — 1 d V; = — |1l =) ~1
25  En)] ;j.H ogn and Var () ;j+1< j+1> ogn,

as n — 00. So by Kronecker’s Lemma (see (8.5) on page 63 of [21]) it follows that

Tn

(2.6) — 1 a.s.

logn

as n — oo, proving (2.2). Further, (2.3) follows by an easy application of the Lyapunov
Central Limit Theorem (see Theorem 27.3 on page 362 of [7]). O

2.2. Branching Markov Chain on the RRT. Let A ¢ S be a symbol, which is outside the
color set S. We define a stochastic process (W),),~_; taking values in S := {A} U S, such
that, W_1; = A, and foranyn >0and A € S, B

Up(A)  if Wi = A;
@7 P(WneA\Wn_l,Wn_z,...,W_l;Tn):
R (W4, A) otherwise,

where recall 77 is the parent of the vertex labeled by n. This process, namely, {W,}, -, will
be called a branching Markov chain on the RRT, starting at the root —1 and at a position
W_1 = A with the Markov kernel R on S, defined as,

X Up(+) if w=A;
(2.8) R(w,") =
R (w,-) otherwise.

The following results are immediate consequence of the definition.

PROPOSITION 2.3.  Let {W,}, -, be a branching Markov chain on the RRT T, as de-

fined above. Then for any n > 0, if vg = —1;v1, - , v, = %, V14r, = n be the unique path
from the root —1 to the vertex n in the RRT 7, on (n + 2)-vertices, then given 7 ,,, and on
the event [7,, = t], the conditional law of the chain W,,, W,,,---,W,, ., is that of a Markov

chain on length ¢ on S starting with the initial distribution Uy and Markov kernel R.

2.3. Grand Representation Theorem. The following theorem is a “representation” of the
entire sequence of colors (Zy,),,~ in terms of the Branching Markov chain on random recur-
sive tree. -

THEOREM 2.4. Consider an urn model with colors indexed by a set S endowed with a
o-algebra S. Let R be the replacement kernel and Uy be the initial configuration. For n > 0,
let Z,, be the random color of the (n + 1)-th draw. Let (W,,),,~._, be the branching Markov
chain on T as defined in Section 2.2. Then

2.9) (Zn)pso = (W) pso-
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PROOF. We will prove the result by establishing a coupling between the branching
Markov chain (W),),~ defined on the (infinite) random recursive tree 7, and the random
drawn color sequence, namely, (Z,),,~-

We start by observing that from (1.1), we get forn > 1,

n—l

U, R(Zy,-)
2.10
( ) n+1 n+1+z n+1

Also recall, that given the random conﬁguranon of the urn U,, the (n + 1)-th drawn color,
namely,
we conclude that

R Zk7

(2.11) P(ZnE"anl,an%“' ,ZlaZO7U0>
n+1

Now let (Dy,),,~ be the sequence of random variables as defined in Section 2.1 and we
construct the (infinite) random recursive tree 7 using them and also the branching random
walk (Wn)nZ,1 on it as described above. Then for any n > 0 and A € S,

@12) P (Wa€ A Wit Wiz, W, WosUp, T ) = R (Wir, A)
But since 7 < D,, ~ Uniform{—1;0,1,--- ,n — 1}, so we get
P (Wa € A|Woot, Waa, - Wi, Wi Do)

= B[R (Wi, A) | Wt W, Wi, Wos Us |

E [1[W:_1]Uo (4) + 1[%20}1%(%,14) (Wt Waa, o W, Wos U

n—

1
R(Wy, A

2.13) =
( ) = n+1

Finally, observing that Zy ~ Uy and Wy ~ Up, and using equations (2.11) and (2.13) we
conclude that (2.9) follows by induction. ]

Following corollary follows immediately from the proof above.

COROLLARY 2.5. Consider an urn model with colors indexed by a set S endowed with a
o-algebra S. Let R be the replacement kernel and Uy be the initial configuration. For n > 0,
let Z,, be the random color of the (n + 1)-th draw. Let (W,,),,~._, be the branching Markov
chain on T as defined in Section 2.2. Then -

(2.14) (ngf) 4 (P (Wn c. ‘ Wiy 1, Wi, ,Wl,WO;U(]))nZ

REMARK 2.6. The last result essentially states that the sequence of the random config-

urations of the urn, namely, (n +1> " , can in principle be studied by observing only the

branching Markov chain variables, namely, (W,,), ~ ;. This is a powerful relation which we
will make use in the rest of the paper. a
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Our next result states the relation between the color count statistics and the branching
Markov chain.

COROLLARY 2.7. Consider an urn model with colors indexed by a set S endowed with a
o-algebra S. Let R be the replacement kernel and Uy be the initial configuration. For n > 0,
let Z,, be the random color of the (n + 1)-th draw. Let (W,,),,~._, be the branching Markov
chain on T as defined in Section 2.2. Then B

n—1
(2.15) (N)psy = (Z 5Wk)
k=0

n>1

2.4. Marginal Representation Theorem. Our next result is a “representation” of the
marginal distribution for the randomly chosen color Z,, in terms of the marginal distribu-
tion of the corresponding Markov chain sampled at random but independent times. As we
will see from the proof it is an immediate consequence of Theorem 2.4.

THEOREM 2.8.  Consider an urn model with colors indexed by a set S endowed with a o-
algebra S. Let R be the replacement kernel and Uy be the initial configuration. For n > 0, let
Zn, be the random color of the (n+ 1)-th draw. Then there exist a Markov chain (X,),,~, on
S with transition kernel R and initial distribution Uy and an increasing sequence of random
indices (Ty),,~o With 7o = 0, which are independent of the Markov chain (X,),,~, such that,

(2.16) Z, L X, .

for any n > 0. Moreover, the sequence of random indices (7y,),,~ satisfies equations (2.2)
and (2.3). B

REMARK 2.9. A version of this last result was obtained in Proposition 7 in [6], which
was restricted to the case when (X,), . is a bounded increment random walk. Here however,
the result is for any general Markov chain (X,,),,~ -

REMARK 2.10. It is worthwhile to note here that, it is not necessary that the law of
the sequence (Z,),,~ is same as the law of (X7, ), -, where the random variables are as
defined in Theorem 2.8. This is because (Zy,),,~ is not necessarily Markov, but (X, ), <,
is necessarily is a Markovian sequence. In fact, the law of the process (Z,),,~, is more
complicated as presented in Theorem 2.4.

PROOF. As before, let (1 + 7,,) be length of the unique path from the vertex n to the
root —1 in the random recursive tree 7, with n + 2 vertices. Thus the sequence of random
variables (7,),,~ satisfy the equations (2.2) and (2.3).

Now, on the same probability space where (W},),~_; and (7),,~_; are defined, con-
struct a Markov chain (X,,),,~, on S, starting at Xo ~ Uy with Markov kernel R which is
independent of (W,,),,~_; and (7),,~_;. So the sequence of (7,,),,~ is independent of the
Markov chain (X,,), -, by construction. N

Using Proposition 2.3, forany n >0, A€ Sand t >0,

2.17) P (Wn cA ‘ T s T = t) —P(X,€eA) 1. _,
Thus by taking expectation and summing over ¢, we get

(2.18) W, <X,
and thus (2.16) follows from Theorem 2.4. ]
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COROLLARY 2.11.  Consider an urn model with colors indexed by a set S endowed with
a og-algebra S. Let R be the replacement kernel and Uy be the initial configuration. For
n >0, let Z,, be the random color of the (n + 1)-th draw. Then there exist a Markov chain
(Xn),,> on S with transition kernel R and initial distribution Uy and an increasing sequence
of random indices (7, ),,~, With 79 = 0, which are independent of the Markov chain (X},),,~,
such that,

E[Up ()]

2.1
2.19) n+1

=P(X, €-).

PROOF. Recall that from (1.4) the probability mass function of Z,, is given by n%rlE [Uy].
Thus, the equation (2.19) holds by using the Theorem 2.8.

3. Weak Asymptotic of the Urn Configuration and the Color Count Statistics. In
this section we state and prove some very general results for the asymptotic of the random
and expected configurations and the color count statistics of our general urn scheme (U, ),,~»
defined in Section 1.1. These results will be proved using the two representations theorems
given in Section 2. We start by establishing an asymptotic result for the branching Markov
chain (W},),,~._, as defined in the Section 2.3. For this and the later sections, we assume that
P (S) is endowed with the topology of weak convergence and any limit statement in P (.5)
is with respect to the topology of weak convergence.

Let us first recall that (W,,), ~._, is defined as the branching Markov chain on the (infi-
nite) random recursive tree 7 := U,>_17 p, starting at the root —1 and at a position A ¢ S.
Define G,, := o (Wy, W1, ,W,,—1), n > 0. Let Q,, be a version of the regular conditional
distribution of W, given G,,. Note that (),, exists and is almost surely unique and proper, as
S is a Polish space and S is the corresponding Borel o-algebra. In fact, almost surely,

1 n—1 .
(3.1) Qu() =g D0 RWins),
m=—1

where R is defined in (2.8) and W_1 = A, as defined in Section 2.2. Further, if ¢, be a
version of the regular conditional distribution of W,, given G,, and T ,_1, then because of the
similar reason as above g,, exists and is almost surely unique and proper. But, it is immediate
that almost surely,

n—1
1 ~
(3.2) an (): n+1mz_1R(Wma')'
Thus,
(3.3) Q. =q, a.s.

This observation also tells us that condition on G,, the variable W,, is independent of the
random tree T ,,_1.
Also let, £,, be the (random) empirical measure of the variables (Wk)z;(l) that is,

n—1
1
(3.4) Eni=— > ow,.
k=0
Notice that
Uo n
3.5 Q= + ELR.

n+l1l n+1
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Note that similar relationship holds for the sequence of random measures ( U"l) . and
n
(N n)n>1» €€ equation (1.6)), which is consistent with Corollary 2.7

It is worth noting here that by Corollary 2.5, (Qn)nzo corresponds to (

I
:
N———
3
Vv
o
>
=
&

n

by Corollary 2.7 (£,),,~, corresponds to (/\L) )
- n>1

3.1. An Assumption. Recall that (X;,),,-, denotes a Markov chain with state space S,

transition kernel R and starting distribution Uy and S C R? for some d > 1. We now make
the following assumption:

(A) There exists a (non-random) probability A on (Rd, BRd) and a vector v € R%, and two
functions a : Ry — R and b: Ry — R, such that, for any initial distribution Uy,

Xp—a(n)v

(3.6) b(n)

= AinP (R).

REMARK 3.1. At first glance the assumption made above may look fairly restrictive.
However, it is satisfied by a large class of interesting examples, including the well studied
classical urn model case [27, 28], where R represents a finite state irreducible, aperiodic
Markov chain. More examples are discussed in Section 4. In fact, in some sense the assump-
tion above essentially says that the associated Markov chain is “ergodic”. This is because
we assume that after appropriate centering and scaling the chain has a limiting distribution
which is independent of the starting distribution. It is in fact, hard to get examples of Markov
chains taking values in a finite dimensional Euclidean space, which is “irreducible” (see [36]
for a formal definition), but the assumption (A) does not hold. Examples may be obtained
from Random Walks in Random Environment (RWRE). We discuss such cases in Section 6

REMARK 3.2.  We emphasized here that Assumption (A) implies that for any s € .5,

Xn—a(n)v
37 Pl————¢€- ‘X = —A().
(3.7) ( TORERES 8> ()
This is because Assumption (A) holds for every initial distribution and also the limiting
distribution is non-random. This fact is used in the proofs later.

REMARK 3.3. The assumption that S is a Polish space and is a subset of R? is only nec-
essary for this assumption (A) to go through when a and b are non-trivial. f a =0 and b =1
then assumption (A) can hold for any general state space S endowed with a sigma algebra S
and in that case the assumption (A) should be read as:

There exists a (non-random) probability A on (S, S) such that, for any initial distribution Uy,
Xn = AinP(S).

Thus Part (a) of the Theorems 3.4, 3.7, 3.8, 3.9, and 3.10 hold without any Polish space
assumption on S and/or any embedding into an Euclidean space. The examples discussed in
Section 4.1 also works in this generality.

3.2. Asymptotic of Branching Markov Chain on Random Recursive Tree. 'We now prove
certain weak asymptotic for the branching Markov chain when the associate Markov chain
satisfy the assumption (A).
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THEOREM 3.4. Suppose that the assumption (A) holds. Let QZS(T) be the conditional
—a(l+7m)v
b(1+7,)
with (possibly random) centering by a (1 + 7,,) v and scaling by b (1 + 7,,). Then under the
assumptions stated in (a), (b) & (c) below and as n — oo,

N W,
distribution of —-

given G, that is, a centered and scaled version of Qn,

(38) Q) A,
where the above convergence is in P (S) under the conditions given in (a) below, otherwise

Wn —a(l
inP (]Rd). Moreover, let QFF be the conditional distribution of n—a(logn)v
b(logn)
that is, a centered and scaled version of Q,, with (non-random) centering by a (logn) v and
scaling by b(logn), then

(@) Ifa=0and b= 1, then

given G,

3.9) QF =Qn—ANinP(S).
(b) Suppose a =0 and b is regularly varying function, then
(3.10) es PN jn P (Rd> .
(c) Suppose a is differentiable and xlggo a’' (z) = a < oo. Also assume b is regularly varying
and xh_g)lo b(\/:f) — b < o then
(3.11) Qe LyzinP (RY),

where Z is A if a =0 or b= 0, otherwise, it is given by the convolution of A and
Normal (0, &252) V.

REMARK 3.5. It is worthwhile to note here that the asymptotic limit of Q¢° for Parts
(a) and (b) follow almost immediately from the limiting distribution of Qf{s(r) and the limit
remains same, namely, A, which is the scaled limit in this cases for the associated Markov
chain. For Part (c) above where there is a non-trivial centering for QQ° a possibly different
limit is obtained, which is a random but independent Gaussian shift of A. As seen in the proof
given below, this random Gaussian shift appears due to the non-trivial centering term which
depends on the random recursive tree and the centering and scaling functions a and b.

PROOF. We start by proving that under the assumption (A), the equation (3.8) holds. For
this we break the proof in several steps as given below.

Proof of Equation (3.8). STEP I: To show that E {fo(” (-)} —A(-) in P (RY):

We begin by defining a new measure, which we denote by ¢-°. It is the conditional distribution
Wn —Qa (1 + Tn) \%
of
b(1+7y,)

(3.12) E[Q:" ()] =Elg ()]

Thus it is enough to show E [§¢* ()] — A (+) in P (R?).

given 7 ,,. From definition it follows:



14

Let p be a metric on P (S), which metrizes the weak convergence topology on it. Denote by
L,, the distribution of X”bzs)(”). Under assumption (A), we have

as n — oo.
Now, fix € > 0 and find H > 0 so large that p (Lp,A) <¢, forany h > H. Find N > 1, so

large that % < eforalln> N.

Recall that, D,, denotes the vertex at which n-th vertex joins in the random recursive tree
T 1. So from definition,

4o (d%) = E[R(Wp,,a(1+7) +b(1+7,) dx) ‘Tn} .

n7

Thus, given T,
Ncs d
(3.14) A) = Zl[f —i p(Ljs1,A),

where we recall, that 1 + 7,, is the length of the unique path from the vertex n to the root 7 ,.
Now let ST be the set of vertices of the random recursive tree 7, up to depth H. Then,

P (p(d7,A) >¢)
=E |P Zl[T":ﬂ P(Lj+17A) > € Tn
=0

<P (D,eS})
(3.15) _EBls
' n+2 ’

where H is as chosen above and the last inequality follows from the Lemma 3.6. This com-
pletes the proof of the STEP 1.
In fact, it is worth noting here that what we proved above is indeed,

(3.16) i 2y A() inP (Rd>.

Now let C'(A) € R? be the set of all points of continuity of the measure A. Also for two
vectors x,y € R? we will write x <y, if and only if, the inequalities hold component wise.
Denote by (—o0,x| = Hle (—o00,x;], where x := (x1, 22, -+ ,xq).

STEP II: To show that Var (st(r) (—o0, x]) — 0 VxeC(A):

Fix x € C'(A) C R%. Recall, that from definition

(B.17) Q¥ (—o

i (—o0,a (14 |m|r)v+b(1+|m|r)x])

n+1

where in the last equality we write |m|7 as the distance of the vertex m from the root —1
in the RRT 7. Also note that for —1 < m <n — 1, the random variable |m|7 is measurable
with respect to 7, 1.

Now let (uy,v,) be two vertices chosen uniformly at random from the set of vertices of
T n—1. Construct two random variables ij; ~and W;: ~on the same probability space, such
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that, given G,, and (uy,vy), the two random variables sz; and th are independent and
have distributions given by R (W, _,-) and R (W,, ,-) respectively. Then

Var (Q5) ((—se,x]))

:(nil)z > Cov (R(Wm’(_oo>a(1+|m|T)V+b(1+\m|T)X])7

m,j=—

R(Wj,(~o0,a(1+ |jlr) v +b(1+]jlr)x]))
— Cov Wi —a(1+ |upl7T) v N Wi —a(l+|vplr)v N
=C <1< bt Junlr) )1< bt o) >)

+ _ + _
-P <WUn a(l + |un|T)V < x and an a’(l + |Un|T)V §X>
b(1+ [unl7) b(1+ [vnlT)

+ _ 2
a18) (Wi ey )

b (1 + |un|T)

b(1+7,)
Thus, converges to A? ((—o0o,x]) by Step I. So it is enough to show that the first term also
converges to A? ((—o0,x]).
Now let &, be the least common ancestor of the vertices u,, and v,, in 7 ,_1. Then

+ _ + _
P<Wun a(1+|un\T)Vgxand Wik —a (14 |vp|7)v SX>
b(1+ |unlT) b(1+ |vn|T)

+ _ + _
—-E |:P <Wun a(l + |un|T)V < x and an a’(l + |Un|T)V
b(1+ [un|T) b(1+ |vn|T)

2
Now the second term in the above equation is exactly same as (P (w < x)) )

<x

€n7 Wﬁn ) T) :|

(3.19)

Now, given [|¢, |7 =k, W}, T, the distribution of the variable W, is same as the distribu-
tion of a Markov chain starting at dyy, with replacement kernel R and have taken a total of
(1 + |un|7 — k)-many steps. Similar arguments follow for W, and they are independent. So
from (3.19) we get

P (Wil <a(1+Junly) v +b(1+ funly) x and Wef, <a(1+[vnly) v +b(1+ [onl7)x)
© A A~

=2 Pénlr=F) /S /SR’“(A,dt)E (BT R (1, (00,0 (14 funlr) v + b (1 + unl7) x])
k=0

(3200 xRYIITTR G (Lo a (1t Jonl ) v+ b (1 [onl ) x])]

Now, from Theorem 7 of [32] we know that the sequence (|&,|7),,~, converges weakly to
Geometric (1.2) -distribution. In particular, it remains zight. Thus given € > 0 there exists

N >0, such that, P (|¢,|7 < N)>1—eforalln>0
So from (3.20) we get

P Wa —a(1+|un|l7)v “xand Wb —a(1+|vnlp)v “x
b(1+ [un|T) b(1+ |vn|7)

N A ~
_ZP(|§H|7-:I<:)/S/SR’€(A7dt)E [T (1 (o0, (1 + unl ) v + (1 + funl7)x])
k=0
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3.21) x Rt vnlT—k (t,(—oo,a (1 + |on|7) v +b(1+ |vn|T) X])} <e

Further, from Lemma 2.1 it follows that for every fixed k > 1, (1 + |uy|7 — k) — oo and
(14 |vn|7 — k) —> oo almost surely. Thus, under the assumptions given in the parts (a), (b)
& (c), we can conclude that each of the terms appearing within the expectation sign inside
the summation sign of the equation (3.21) above, converges to A (( —oo,x]) almost surely.
Finally, using DCT we can conclude that
(3.22)
ij_ —a(l+ |up|7)V sz_ —a(l+|valr)v
" < x and L <
< b(1 + [un|T) b(1+ |vn|7)

This completes the proof of the Step 11

N

x) < A2 (-ox. %)

STEP III: To show that equation (3.8) holds:

Now using the STEPS I & II we get that
(3.23) Q%" (—o00,x] L5 A(—o00,x] VxeC(A).

Thus by a Cantor-type diagonal argument it follows that given any sub-sequence {nj},-
there exists a further sub-sequence {7y, };; such that,

Q) (—00,x] A (—00,x] ¥x€QINC(A) as.

But as Q¢ is dense in R?, it follows that given any sub-sequence {ny};=, there exists a
further sub-sequence { ng, };’il, such that,

Q") (—00,x] —A (—o0,x] Vx € C(A) as.
This proves that equation (3.8) holds.

Proof of Part (a). It is enough to observe that under the assumptions of a =0 and b =1,
Q2 (-) = Q™) () and hence the proof follows from (3.8).

Proof of Part (b). We first observe that if b is regularly varying, then by Karamata’s Charac-
terization Theorem [26] and equation (2.6) we can show that
b(logn) »

— 1.

(3:24) b(1+7y)

Now observe that

W, b(1 W,
(3.25) n__bQAtT)  Wa
b(logn)  b(logn) b(1+1,)
Now using (3.8), and the equations (3.24) and (3.25) and applying the Converging Together
Lemma (also known as, the Slutsky’s Theorem) (see Exercise 2.10 in Section 2.2 of [21]) we

conclude that (3.10) holds.

Proof of Part (c). We first note that under the assumptions made in (c), using the standard
Mean Value Theorem (see Theorem 5.10 on pg. 108 of [41]) we get

(3.26) a(l+7,) —a(logn)=ad (n,) (1+ 7, —logn)
where

(3.27) min (1 + 7,,,logn) <n, <max (1 + 7,,logn).
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So from (2.2) we get that

(3.28) 41 as.
logn

and hence

(3.29) a' (nn,) — a as.

The last conclusion is because of the assumptions made in (c). Thus using equations (2.3)
and (3.29) and applying again the Converging Together Lemma, we get

a(l1+4+7,) —a(logn) _, [ Normal (0,a?) if a # 0;
Viogn o otherwise.

(3.30)

Observe that,

(3.31)
Wy —a(logn)v  b(1+7,) Wy —a(l+7,)v  logn a(l+7,)—a(logn)
b(logn) ~ b(logn) b(1+7,) b(logn) Viogn M

First note that by the Converging Together Lemma, we get that for the first term of the equa-
tion above

. Wn —a (]- + Tn) v p . d
(3.32) dlst< o ‘gn> Py Ain P <]R ) .

Further, for the second term, again by the Converging Together Lemma, and the equation
(3.30) we have

1 ) —al(l ~272\ e ~7 .
(3.33) a(l+m,)—a(logn) N Normal (O,a b ) if ab # 0;
b(logn) do otherwise.
Now, let
A - Wp—a(l+m)v and B, i— a(l+7y,) —a(logn).
b(logn) b(logn)

For t € R? define 4)2 (t) == E {exp (i4ntT) ‘Qn} and for t € R define ¢p, (t) :=

E [exp (it B,,)]. Note these are the conditional characteristic function of A4,, given G,, and the
(unconditional or marginal) characteristic function of B,,. Finally, for t € R?, let On () =
E {exp (thT” . be the characteristic function of Wr-2¢U%8mV pa,

gn) b(logn)

én (t) = E [E [exp (14,t7) ) ngnle

n—1
(3.34) —FE QZ)X) (t) Z exp <la(1 + |m’7—) —a (10gn) VtT)] )

b(logn)

m=—1

The last equality follows because of the observation (3.3). Now by equation (3.32) we get

(3.35) o4 (6) 25 [ X A(dx).
Rd

But since all quantities are bounded (in fact, bounded by 1), so we conclude that

E [ o%) (t) - / X7 A (dx)
Rd

| o



18

Further,
¢B, (VtT) = E [exp (iantT)]
= E [E [exp (iantT) ‘TTFIH
n—1
_ .a(l+|m|7r) —a(logn)
- F m; P <1 b(logn) vt
—app (D

(3.36) R

where the convergence follows from the equation (3.33). Finally, using equations (3.34),
(3.35) and (3.36) we conclude that
O (t) — e~ @ e / XA (dx) YVt e R%
Rd
This proves the conclusion of Part (c). ]

LEMMA 3.6. Let S be the set of vertices of the random recursive tree T, up to depth
1<H<(n+1). Then

(3.37) E[|sZ|]=0 ((1og(n+2))H),
where ‘S’,I;I ‘ denotes the cardinality of the set S.

PROOF. We prove this by induction on H. First let us fix H = 1, which is the base case
of induction. Observe that any vertex is at depth 1, if and only if, it attaches itself to the root
and this happens with probability %H for the n-th vertex.

This implies that

51‘—1—1 W.p. —5
(3.38) Sy = [al +1. nt2’
[Sht1] {‘S}l’, W.P. (1—%).
Therefore, it follows that
1 1 1
(3.39) EUS%H”Tn]Z(}Si‘+1)m+]55‘(l—m):‘S}L]+n+2.

The rest of the proof for H =1 is immediate since
n+1

1
EHS71L+1H = ﬁZO(log(n—FQ)).
i
Let us assume that the result holds for H — 1. Observe that as in (3.38), given 7T ,,, we have
SHI 41, wp. |5571|,
(3.40) S| = {‘ ’}1‘ R
This implies by arguments similar to (3.39), we obtain for general H
" my, [Sn
(3.41) B[|S%] [Ta] = 87+ 2251
Hence,
n+1 ’SJH_l‘
EHSS{HH = Z , = O ((log(n+2))").
it +1
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3.3. Asymptotic of Empirical Law of the Branching Markov Chain. The following theo-
rem can be proved using the same techniques as in the proof of the Theorem 3.4. In fact, the
arguments are almost same but for sake of completeness, we provide the details.

THEOREM 3.7. Suppose that the assumption (A) holds. Let Eff(r) be a centered and
scaled version of £, with (possibly random) centering by a (1,,) v and scaling by b ().
Then under the assumptions stated in the parts (a), (b) & (c) of the Theorem 3.4 and as
n — 0o,

(3.42) gestn) Ly p,

where the above convergence is in P (S) under the conditions given in (a) below, otherwise
in P (Rd). Moreover, let E° be the centered and scaled version of £,, with (non-random)
centering by a (logn) v and scaling by b(logn), then

(@) Ifa=0and b=1, then
(3.43) £ =€, NinP(9).

(b) If the conditions of part (b) of the Theorem 3.4 hold, then
(3.44) £ Py NinP (]Rd) .

(c) If the conditions of part (c) of the Theorem 3.4 hold, then
(3.45) g Pmin p (Rd) :

where Z is A if a =0 or b= 0, otherwise, it is given by the convolution of A and
Normal (0, &252> V.

PROOF. Let
. 1 ! 1 n
3.46 E, = ow, = ) E
(3.46) " n—i—lk;l We T A—i_n—i-l "

which is the empirical measure of the variables (W) . From (3.5) it then follows that
(3.47) Qn=ELR.

Informally, we can think of (),, as “one more step taken" by a R-chain when its current law
is £,. Note that for any A € Ba,

A 1
4 n(A)—=E,(A4)| < .
(3.48) En(4) = £ (W) < g
Thus almost surely,
(3.49) 1 En—En llv—>0.

So iE is enough to prove the asymptotic results in equations (3.42), (3.43), (3.44) and (3.45)
for £, instead of &,,.

Now, we recallAthat from the equation (3.47), our basic intuition th:':}t, Q,, is “one more
step taken" by a R-chain when its current law is &£,. In other words, £,, is “one less step
taken". This intuition works for making the proofs of the various parts of Theorem 3.4 work
as well for proving the asymptotic of En.
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We will start by proving that under the assumption (A), the equation (3.42) holds.
Proof of Equation (3.42). STEP I: To show that E [SZS(T) ()} — A()) inP (RY):

Recall, p is a metric on P (S), which metrizes the weak convergence topology on it. Also
recall, L,, denotes the distribution of X”bzg)("). For € > 0, let H and N (which may depend
on € > () be chosen as in the proof of Theorem 3.4.

Recall that, D,, is the vertex in the random recursive tree 7 ,_1 at which the n-th ver-

gn]. Now let £, := E [5WD“ Tn]. Thus,
E [é’cs(r) ()} =E [E:Ls ()}, where E [EZS ()] is a centered and scaled version of £,, with

tex joins. So from definition, E,=E |:5WD71

n
centering by a (7,,) v and scaling by b (7). So it is enough to show that E {gff(r) ()} —

A() inP (RY).
Now, notice that from definition |D,,|7 = 7,,, thus, given T,

(3.50) p (&7 A) £ 31y o (L),
=0

So with the same quantity S’ as defined in the proof of Theorem 3.4 and using Lemma 3.6,
we get

ges(n) my _ E[SY]
(3.51) P(p(gn ,A)>e)§P(Dn€Sn)—n7+2<e,
In other words,
(3.52) XUy Py A = E[éfj“)(-)} L A().

This completes the proof of the STEP I.
Let C'(A) C R? be as defined in the proof of Theorem 3.4
STEP II: To show that Var (é’fj(r) (—oo,x}) — 0 VxeC(A):

Fix x € C'(A) C R%. Recall, that from definition

n—1
~ces(r) 1
B0 oo = g 31 OFE (o014 )V 401+ ) )

Now, as in the proof of Theorem 3.4, let (uy,, v,,) be two vertices chosen uniformly at random
from the set of vertices of 7,,_1. Then

Var (Sff(” (=00, ))

n—1
= (n—il)2 Z Cov (1 (W, € (—o0,a(|m|r)v+b(Im|r)x]),

1(Wj € (—o0,a(ljlr) v +b(lilr)x]))
_ Cov <1 <Wun[)_(a(|un|7)v SX) 1 (anb—(a(lvn!ﬂv < X))

|t | T) [Un|7)
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-pP (Wun —a(|un|T) Vv < xand Wy, —a(lval7) v §X>
b (un|7) b(|vn|T)

2
(3.53) — (P (W“" —a(junlr)v x))

b (|unl|T)

Now the second term in the above equation is exactly same as

n—1 2
1 Wi —a([klT) v ))
Pl — < .

n+1,§1< ( bkl
Wi—a(k|r)v

b(Ik[7)
term in (3.53) converges to A% ((—o0,x]). So it is enough to show that the first term also
converges to A? ((—o0,x]).

Now as in the proof of Theorem 3.4, let &, be the least common ancestor of the vertices
Uy, and v, in T ,,_1. Then

P <Wunb_(a(|un|7~)v < xand an _a(lvnh—)v < X>

But, by Theorem 2.8 and assumption (A), we get = A. Thus, the second

[un|7) b(|onlT)
W, — a(junl7) v W, —a(jonl7)v )]
:E P < d < 7L7Wn7T
[ ( bunlr) ™ ol | S

(3.54)

Now, similar to the argument presented in the proof of Theorem 3.4, given [|&, |7 = k, Wy, T1,
the distribution of the variable W,,  is same as the distribution of a Markov chain starting at
dw, with replacement kernel R and have taken a total of (|u,|7 — k)-many steps. Similar
arguments follow for W,, and they are independent. So from (3.54) we get

P (Wu,, <a(lun|r) v +b(Jun|r)x and Wy, <a(|onlr) v +b(lvnl7)%)

= Z P(|én|T= k)/s/sf%k(A,dt)E []%Wan—k (t, (—o0,a(Jun|7) v + b (Jlun|T) x])
k=0

(3.55) < RIUnIT=F (1 (—c0,a (jun|7) v + b (lvnlT) x])]

Now, following same argument as in Theorem 3.4 leading to equation (3.21), we conclude
that € > 0 there exists NV > —1, such that,

p <Wunb—( a(|lun|y)v < x and Wy, —a(lon|7) v < x)

[unlT) b(Jonl7)
3 Rk plun| Tk
_kz_%P(&nT—k)/S/SR (A, dHE [R TR (4, (—00,a (Jun|7) v + b (Jun|7) x])
(3.56) « plonlT—k (t,(—oo,a(|vn|T)v+b(\vn\T)x])} <e

Now an argument similar to that in the proof of Theorem 3.4 leading to equation 3.22 will
show

357 P <

Wy _a(|un|T)V W, _a(lvnh—)v > 2
n <x and iz <x|—A((—00,%x]).
b {Junly) b {Jonl7) ((=o0x])

This completes the proof of the Step II.
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STEP III: To show that equation (3.42) holds:

Now using the STEPS I & II we get that

(3.58) 270 (oo x] 25 A(—o00,x] ¥xeC(A).

The rest follows from a diagonal argument as described in the Step III of the proof of the
Theorem (3.4)

Rest of the proof, that is the proofs of parts (a), (b) & (c) can be written almost verbatim
by looking into the proofs of the parts (a), (b) & (c) of Theorem 3.4. O

3.4. Asymptotic of the Random Configuration of the Urn. Let F, be the o-algebra
o(Zo, 21, Zn-1;Up), n > 0. Let P, be a version of the regular conditional distribution
of Z,, given F,. Note that by construction P, = n(f:'l almost surely. The following result is
an immediate corollary of the Theorem 2.4 and Theorem 3.4.

THEOREM 3.8. Suppose that the assumption (A) holds. Let P5° is the conditional distri-
bution of % given F,, that is, a scaled and centered version of P, with centering
by a (logn) v and scaling by b (logn), then

(@) Ifa=0and b=1, then

(3.59) Pe =P, L5 ANinP(9).

(b) If the conditions of part (b) of the Theorem 3.4 hold, then

(3.60) PS5 Nin P (}Rd> .

(c) If the conditions of the part (c) of the Theorem 3.4 hold, then

(3.61) Pe Piminp (]Rd)7

where = is A if a =0 or b =0, otherwise, it is given by the convolution of A and
Normal <0, &252) V.
3.5. Asymptotic of the Expected Configuration of the Urn. Recall that E [P,] = ]i[gl]

is the marginal distribution of Z,,. The following result is an immediate corollary of the
Theorem 3.8.

THEOREM 3.9. Suppose that the assumption (A) holds, then
(@) Ifa=0and b=1, then

(3.62) Zy = A.
(b) If the conditions of part (b) of the Theorem 3.4 hold, then
Z,
3.63 = A
(3.63) b(logn) ’

(c) If the conditions of part (c) of the Theorem 3.4 hold, then
Zn —a(logn)v
b(logn)
where Z is A if a =0 or b =0, otherwise, it is given by the convolution of A and

Normal (0, &252> V.

—
—

(3.64)

—
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PROOF. The result follows from the Theorem 3.8 by taking expectation and noting the
fact that centering and scaling are non-random in all cases. O

3.6. Asymptotic of the Color Count Statistics. The following result follows immediately
using Corollary 2.7 and Theorem 3.7.

THEOREM 3.10.  Suppose that the assumption (A) holds. Let N° be a scaled and cen-
tered version of N, with centering by a (logn) v and scaling by b (logn), then

(@) Ifa=0and b=1, then

CS
(3.65) Ny :&LAinP(S).
n n
(b) If the conditions of part (b) of the Theorem 3.4 hold, then
(3.66) Ni 2y N inp (]Rd) .
n
(c) If the conditions of the part (c) of the Theorem 3.4 hold, then
(3.67) No 2 Zinp (r).
n

where Z is A if a =0 or b =0, otherwise, it is given by the convolution of A and
Normal (0, 6252> V.

4. Applications in Various Urn Models. In this section we discuss several applications
of the representation theorems (Theorem 2.4 and Theorem 2.8) for deriving results on var-
ious urn schemes. Essentially all the results stated here are proved using the two general
asymptotic results, namely, Theorem 3.8 and Theorem 3.9, given in the previous section.

4.1. S is Countable.

4.1.1. R is Ergodic. Suppose the indexing set of colors S is either finite or countably
infinite and we endow S with the sigma-algebra S, which is the power set e (.5). In this case,
we can view the Markov transition kernel R as a matrix and it is then called the replacement
matrix. For S finite, it is the classical case. If we assume that R is ergodic, that is, assumption
(A) holds with a = 0 and b = 1, then from Theorems 3.8 (a) and 3.10 (a) we get the following
result.

THEOREM 4.1.  Suppose S is countable, S = p (S), R is ergodic with stationary distri-
bution won S. Then as n — 0o,

4.1) n[fl L xinP(S).
In particular,
E[U,] w
4.2
( ) n+ 1 —m,
as n — oo. Further,
(4.3) No vy inP(S).
n
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If S is finite then using either matrix algebra techniques or multi-type branching process
techniques, it is known [27, 28] that stronger result holds. In fact, under even weaker as-
sumption of only irreducibility of the chain, the convergence in probability in (4.1) can be
replaced by almost sure convergence. We believe that in general for S countable, under er-
godicity assumption almost sure convergence should hold. Here we note that as soon as S
is infinite, the classical techniques such as matrix algebra methods using Perron-Frobenius
theory of matrices with positive entries [42] and Jordan Decomposition of finite dimensional
matrices [17], or martingale approach using embedding to multi-type branching processes,
which have been extensively used in classical urn model literature [1, 27, 28, 29, 3, 10, 18];
fails to derive any result. We are hopeful that our novel and fairly probabilistic approach,
namely, the Grand and Marginal representation Theorems should yield the classical result.
Unfortunately, we have been unable to derive it so far.

4.1.2. R is Block Diagonal. Similar to the previous section, suppose the indexing set of
colors S is either finite or countably infinite and we endow S with the sigma-algebra S,
which is the power set o (.S). As in the previous case, we view the Markov transition kernel
R as a matrix. Suppose the indexing set of colors can be partitioned as S = UI C;, where

7
7 is a countable set, and C; is countable for all ¢ € Z. We endow Z with its pf)wer set as a
o-algebra on it and each Cj is also endowed with its power set as the o-algebra on it.

Now let, ¢ : S — 7 be the “projection” map, which maps s — 4, where 7 is the unique
element of Z, such that, s € C;.

Now, suppose for every ¢ € Z and s € C}, the kernel R (s,-) is a probability measure
supported only on Cj, that is,

lifse C;
0 otherwise.

4.4) R(s,C;) = {

As each C} is countable, R on C; can be realized as a (possibly infinite) matrix R;; indexed
by the colors in C;.

Note that if S'is finite then R is essentially a reducible matrix with diagonal blocks, which
can be presented as

Ry 0 0 -~ 0
0 Ry 0 - 0
R—| 0 0 Rgz--- 0

0 0 0 --- Ry
We further assume that for all ¢ € Z, the kernel/replacement matrix, R;; restricted to its
“block” C;, is ergodic with stationary distribution, 7;.

THEOREM 4.2. Consider an urn model with colors indexed by a set S and replacement
kernel R as in (4.4). Then for every initial configuration Uy, as n — 00,

Un

4.5) )

L1 in P(S),

where 11 is a random probability measure on (S, S) given by

(4.6) M(A)=) m(ANC) v, A€S,

€L
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and v has Ferguson Distribution on the countable set T with parameter Uy o ¢, and v; =
v ({i}), fori € I. Further,

4.7) Ag” =1L in P(S),

PROOF. Let us denote by ¢; := Zveci Uow, and 1), ; := ZUEQ Un, for each 7 > 1. It

el
gent martingale, see [27] for details. Consider each C; to be a super color for ¢ > 1. Then
Ty := (Tn,);~, corresponds to the configuration of a classical Pélya urn model, with initial

is easy to check that for each 7 > 1, the sequence < ) is non-negative a.s. conver-
n>0

configuration Tp = (¢;),~ - It is worthwhile to note here that nr";fl is a probability measure
on Z. Therefore, from [8], as n — 0o
Tn
— v as.,
n-+1

where v is a random measure on Z having Ferguson Distribution with parameter Uy o ¢~ 1.
In particular, almost surely, for any ¢ € Z,

Tn,i
4.8) ntl — Vi
For any super color C}, ¢ > 1, define the sequence of random times
n—1
Nn(l) = max{k <n:Z;€ Cz} = Z 1{Zk€Ci}‘
k=0

That is, N,,(7) is the last time till n, a color has been chosen from the set Cj.

Then it is obvious that T}, ; = Ty, (;),; = ¢i + Nn(i). From (4.8) we know that N, (i) —
o0 a.s. as n — oo.

Denote by U, ¢, the subvector of U,, corresponding to the color C;. From [27], we know
that (UN"(Z-),CZ) is an urn model with initial configuration Uy ¢, and replacement matrix ;.
Therefore, from Theorem 4.1, we know that

Un.() »p
— —— 7, @S — OQ.

TN, (i),
This implies that
Unyci _ UN,L(’L)701 _ UNn(i)vci TN"L(i)ri J— UN”»i7Ci Tﬂ?i
n+1 n+1 TN, @ n+l Tn,@en+1

where v as in (4.8). This completes the proof. Finally, same argument proves (4.7). 0

(4.9) L v

4.2. Urn Models Associated with Random Walks on R%. Tt this section we consider urn
models associated with random walks on countable lattices of R®. These models were first
introduced in [6], where only bounded increment walks on Z% were considered.

4.2.1. Urn Models Associated with Random Walks on 7. Here we take S = Z% for some
d>1, and S will be taken as the power set of Z?. The kernel R can be viewed as an infinite
dimensional matrix index by the set of colors 7, given by

(4.10) R(u,v)=pv—u), uveZl
where p is the distribution on Z¢ of the independent increments of the walk.

Finite Variance Walks: Suppose p has finite second moment, leading to a random walk with
finite variance. Following theorem is a generalization of the results derived in [6].
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THEOREM 4.3.  Consider an infinite color urn model with colors indexed by S = 7.%, and
kernel R as given above. Suppose the starting configuration is Uy. Then there exist j € R?
and a positive definite matrix X gy 4, such that, if we define,

cs L Un 1/2
P (A) = 1 (\/lognAE —i—p,logn) , A€ Bga,
where
TASV? = {2y D2y e A},

then, as n — oo,

@.11) P 2y By in P (Rd) .
In particular,
Zn — plogn
(4.12) ————— = Normaly(0, %),

Viogn
as n — o0o. Also let,
N2 (A) =Ny, (\/lognAEl/2 +,ulogn) , A€ Bga,

then
N
n

(4.13) Ly ain P (RY).

PROOF. Let X,, be the position of the random walk starting with Xy ~ Uy and indepen-
dent increments with distribution given by p. From the classical Central Limit Theorem [21],
we get that

X —nu
vn
where p is the mean of the increment distribution and 3 is the second moment. Thus as-

sumption (A) holds, with v =y, a (n) =n, b(n) = \/n and A = Normaly (0, X — pu™).
We observe that the assumptions in Part (c) of Theorem 3.4 holds with @ = 1 and b=1.

This completes the proof of (4.11), by observing that = = Normaly(0, X).
Finally, (4.12) follows from Theorem 3.9(c) and 4.13 follows from Theorem 3.10. [J

(4.14) = Normaly (0,2 — pp”),

Infinite Variance Walks: In this section, we discuss some examples of infinite variance
cases, which cannot be derived by the techniques developed in [6]. Let p be a symmetric
distribution on Z, which is in the domain of attraction of a symmetric «-stable distribution
A, where 0 < o < 2. For sake of completeness we provide here the definition of symmetric
a-stable distributions.

DEFINITION 4.4. A distribution A is said to have a symmetric a-stable distribution and
usually denoted by Sa.S, with 0 < v < 2, if for any ¢ € R,
(4.15) E [e"V] =exp (—o®[t|*),

for some o > 0, where V' ~ A.
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Necessary and sufficient conditions, when p will be in the domain of attraction of such

a A can be found from [22] (see Chapter XVIL5). In particular, when p is symmetric, it is
enough to assume that there exists 0 < o < 2 and a slowly varying function L (), such that,
L(n)

ne '

where Y ~ p (see Theorem 2(c) of Chapter XVIL5 of [22]). In other words, if (Xn)nZO are

the positions of a random walk on Z starting at Xy and with i.i.d. increments distributed
according to the distribution p as given above, then

(4.16) P(Y|>n)= neN,

4.17)

where b(n) := neh (n) for some slowly varying function h. Note that / can be explicitly
computed from L (see equation (5.23) of Chapter XVIL.5 of [22]). Following theorem is now
an immediate consequence of Theorem 3.8(b), Theorem 3.9(b) and Theorem 3.10(b)

THEOREM 4.5. Consider an infinite color urn model with colors indexed by S = 7, and
kernel R defined by (4.10), where p is as defined above. Suppose the starting configuration

is Uy. Then there exists a slowly varying function h and a Sa.S-distribution A, where « is

Z,
as in (4.16), such that, if we define, P5° as the conditional distribution of -
(logn)= h(logn)

given F,, then, as n — o0,

4.18) PSPy NinP (Rd> .
In particular,

Zn
(4.19) = A,

(logn) = h (logn)
as n — o0o. Further, let
N (A) =N, ((1ogn)i h (logn) A) . A€ Bga,

where N, is the corresponding color count statistics, then

CS

(4.20) L AinP (Rd) .

4.2.2. Urn Models Associated with Periodic Random Walk on R%. Let H = (V, E) be
the hexagonal lattice in R? [see Figure 1]. The vertex set can easily be partitioned into two
non-empty subsets, V = V; U Vo, where V; and V5 are disjoint, and the random walk on H
is then a periodic chain. If the replacement kernel be denoted by R, then corresponding urn
scheme with colors indexed by H, is not covered by the earlier stated Theorem 4.3. For
study;ng such cases, we consider the following slightly more general type of random walk
on R%.

Let {Y;(i),1 <i <k, j > 1} be a collection of independent random d-dimensional
vectors, such that, for each fixed i € {1,2,...k}, (Y;(i));5, are iid. We further assume

that for each fixed 1 < i < k, there exists a finite non-empty set B; C R%, such that,
P (Y1(i) € B;) =1,and BN Bj =, forany 1 <i,j <k. Thatis, foreach i € {1,2,...,k},
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we assume that the law of Y () is bounded. For 1 <1i < k, we shall write
p(i) ==E[Y1(i)],

k
4.21) =1y p(i),
=1
2(@)=E [ ([)V()].

We further assume that X(i) is positive definite, for each 1 < i < k. Let us denote by £/2(i)
the unique positive definite square root of X(i). Note that, then X = %Zle X (7) is also
positive definite. We denote by fl/ 2, the unique positive definite square root of X.
For n =mk + r, where m € NU {0}, and 0 < r < k, let
Xn = ka + Ym-‘,—l(l) + Ym+1(2) + ...+ Ym+1(7’ + 1),
be the k-periodic random walk with increments {Y;(i),1 <i <k, j > 1}.
In the remainder of this subsection, we will consider an urn model (Un)nzw with colors

indexed by S = R, starting at some distribution Uy on R and with a replacement kernel IR
associated with a periodic random walk with periodic increments as given above.

THEOREM 4.6. Consider an infinite color urn model with colors indexed by S = R?,
and kernel R as given above. Suppose the starting configuration is Uy. If we define,

P (A) = n[fr"l (\/@AEW +mogn) . A€ Bga,
where
zAXY? = {xyZ]l/Q: y€ A},
then, as n — 0o,
(4.22) PSP d,in P (Rd) .

In particular,
Zn — 1 logn

(4.23) —

= Normaly(0, ),

FIG 1. Hexagonal Lattice
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as n — o0o. Also let,

U, - _
N (4) = —1 <\/lognAEl/2 + ulogn) . A By,

then

(4.24) Nw

by inP (]Rd) .

PROOF. We first note that by Theorem 3.8(c), Theorem 3.9(c) and Theorem 3.10, it is
enough to show that

X —nh _

(4.25) "Tn”“ — Normal (0, D),

where D = %Ele Var (Y1 (¢)). This follows from standard application of i.i.d. Central
Limit Theorem [21]. O

As an application of the Theorem 4.6, we now consider our starting example of the random
walk on hexagonal lattice. Let H = (V, E) be the hexagonal lattice in R? [see Figure 1]. The
vertex set V' = V1 U V,, where V and V5 are disjoint. V; and V5 are defined as follows:

Vipg:= {1, w, w2} , where w is a complex cube root of unity,

and
Vo= {v+1,v+w,v+w2: UGVM}.
For any n > 2,
Vip = {v—l,v—w,v—wQ: veng,l},
and

ngn:{v—i—l,v—i—w,v—i—uﬂz veVLn}.

Finally, V7 = U;>1V3; and Vo = U;>1V> ;. For any pair of vertices v,w € V, we draw an
edge between them, if and only if, either of the following two cases occur:

(i) ve Vi and w € V3 and w = v + u for some u € {1,w,w?}, or
(ii)) ve Vo and w € V] and w = v + u for some v € {—1, —w, —wQ}.

To define the random walk on H, let us consider {Y;(i): i =1,2, j > 1} to be a sequence
of independent random vectors such that (Y;(7));-, are i.i.d for every fixed i = 1,2. Let
Y1(1) ~ Unif {1,w,w?}, and Y7 (2) ~ Unif {—1, —w, —w?}. One can now define a random
walk on H, with the increments {Y;(i): i =1,2, j > 1}. Needless to say, this random walk
has period 2.

COROLLARY 4.7. Consider an infinite color urn model with colors indexed by S = H,
and kernel R as given above. Suppose the starting configuration is Up. If we define,

PSs (A) = nU+”1 (2\/lognA> , A€ Bga,

then, as n — oo,
(4.26) P L5 @y in P (R?).

In particular,

(4.27)

as n — oo
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PROOF. First of all we note that, it is enough to show that Y= %]Ig.
Now, since 1 + w + w? = 0, so for the random walk on the hexagonal lattice, p(1) =

1(2) = 0. Therefore z = 0. Let
swee (2217)
02,1 02,2

Writing Y3 (1) := (Yl(l)(l), Yl(Q)(l)), observe that

011 =E [(Yf”a)f] and 005 = E [(Yf”(l)ﬂ .
Also,
o2 =001 =E [V (1) (1))
Writing w = Re (w) + iIm (w), it is easy to see that
o111 = % (1 + (Re (w))* + (Re (w2))2) .
Since Re (w) = Re (w?), therefore,

S (1 +2(Re (w))Q) .

3
Since w = % + i?, therefore, this implies 01,1 = % Similarly, since Im (w) = —Im (w2),
1 2 212\ _ 2 2

020= 5 ((Im (@) + (Im (%)) = < (Im (w))* = 5.

Since, Re (w) = Re (w?), and Im (w) = —Im (w?),
1

oL2=021= 3 (Re (w) Im (w) + Re (w2) Im (wz)) =0.
This proves that (1) = 3I,. Similar calculations show that X(2) = 3I,. This implies that
X =1X(1)+ 1X(2) = }I,. This completes the proof. O

5. Application in Random Recursive Tree. As we have seen the Grand Representa-
tion Theorem (2.4) links the observed sequence of colors from an urn model with colors
index by S, starting configuration Uy, a probability on (.S, S), and replacement kernel R to
the corresponding Branching Markov chain on the random recursive tree as defined in the
equations (2.1) and (2.7). In the previous section we saw several applications of the type
that asymptotic properties of the urn model is derived by knowing the asymptotic properties
of the associated Branching Markov chain on the random recursive tree. It is also possible
that for certain choices of .S, Uy and R the asymptotic properties of the urn is well known and
that then in turn one can get some non-trivial result about the associated Branching Markov
chain on the random recursive tree. In particular, when R is trivial as a Markov kernel, that
is, R(s,-) =5 (-) for all s € S, then the urn scheme is the classical scheme of Pélya when
S if finite [40], or the Blackwell and MacQueen Urn when S' is a general Polish Space [8].
Following theorem about the sizes of the sub-trees rooted at the children of the root of a ran-
dom recursive tree is an immediate consequence of the Grand Representation Theorem (2.4)
and known facts about Pélya urn [40] and Blackwell and MacQueen Urn [8].
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THEOREM 5.1.  Let T, be the random recursive tree on (n + 2) vertices labeled by
{=1;0,1,2,...,n}, where the vertex labeled by —1 is considered as the root. Let N,, be
the degree of the root vertex —1 and S1, 52, ...,SN, be the sizes of the sub-trees rooted at
the children of the root. For any distribution F' on a Polish space (S,S), if {X;},~, are
i.i.d. variables taking values in S with distribution F and are independent of the random tree
process {Tr},~,. Then

N,
1 - w
(5.1) E SZ' 5X7: — WF a.s.
=1

n+14

where W is a random probability on (S,S) with Dirichlet (F') distribution. In particular,
for any 0 < p < 1, suppose X1, Xa,... be an i.i.d. sequence of Bernoulli(p) random vari-
ables, which are independent of the random tree process {Tn}nzl- Then

N,
;M
(5.2) > XiSi— W, as.
=1

n+1 —

where W), ~ Beta (p,1 — p).

6. Urn Models with Random Replacement Scheme. Given a measurable set (5, S), let
IP be a probability on the set of all Markov transition kernels R : .S x S — [0, 1]. A stochastic
process (Uy),,~q C M (S) will be called an urn model with random replacement scheme, it
Uy is a probability measure on .S, and

U, (ds)
6.1) P(Zneds(Un,Un_l,--.,UO,R)_ LS Poas,
and
(6.2) Upt1(A)=Un(A)+R(Zp,A), AcS P-—as.

Here we will consider Z,, as the color of the (n + 1)-th selected ball. In other words, given
a random replacement scheme, say R, the process (Up,),,~ has the conditional law of an urn
model with colors indexed by S, replacement scheme R and initial distribution Uy.

Given R, the law of (U,),,~, denoted by P ( ’R) will be referred to as the quenched law.
It is obvious that under the quenched law (U,),,~ is a Markov chain. The annealed law of

the process is given by [ [P ( ‘ R)] , where the expectation is computed under the probability
P, determining the randomness in R. Note that, under the annealed law (Un)n>0 need not be
Markovian. We further note that under the annealed law the equations (1.3) and (1.4) hold.

It follows from Section 1.1 that along with (Uy),,~, We can construct stochastic process
(Xn),,>0 on S, such that, given the random replacement scheme R, under the quenched law,
P (-|R), the sequence (X,), - is a Markov chain with transition kernel R and initial dis-
tribution Uy and is independent of the urn process (Up,),,~. Note that this process (Xy,),,~
need not remain Markov, nor can be independent of the urn process (U, ),,~, under the an-
nealed law. This stochastic process (X}, ), Will be called the associated stochastic process.

6.1. Representation Theorems. Following result is an immediate consequence of the
Theorem 2.4 for an urn model with random replacement scheme.

THEOREM 6.1.  Consider a random replacement scheme urn model (U,,) n>0 With colors
indexed by a set S endowed with a o-algebra S. Let R be a random replacement kernel with
distribution P and Uy be the initial configuration. For n > 0, let Z,, be the random color of
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the (n + 1)-th draw. Let (W), ~. _; be such that, given R, it is a branching Markov chain on
T as defined in (2.7). Then under both the quenched and annealed laws

(6.3) (Zn)n>0 = W) >0 -

The next result is a version of the Theorem 2.8 for the urn models with random replacement
scheme.

THEOREM 6.2.  Consider a random replacement scheme urn model (U,), ., with colors
indexed by a set S endowed with a c-algebra S. Let R be a random replacement kernel with
distribution P and Uy be the initial configuration. For n > 0, let Z,, be the random color of
the (n + 1)-th draw. Let (X},),~ be the associated stochastic process taking values on S,
as defined above. Then there exists an increasing sequence of random indices (1y,),,~ with
10 = 0, which are independent of (Xy,), - under the quenched law; and are also independent
of R, such that, for any n > 0, B

(6.4) P(ZneA]R):P(XTneA}R), VAeS P—uas.
In particular, under the annealed law, for any n > 0,
(6.5) Znt X, .

Moreover, the sequence of random indices (Ty,) n>0 Satisfies equations (2.2) and (2.3).

PROOF. The equation (6.4) follows from the Theorem 2.8 and the equation (6.5) follows
by taking expectation. 0

6.2. Applications. In this section we give two examples to demonstrate that urn models
on infinitely many colors and with random replacement scheme can have standard or non-
standard limits depending on the behavior of the associated stochastic process. Both the ex-
amples are related to random walks in random environment (RWRE) on the one dimensional
integer lattice Z and the colors will be indexed by Z.

Consider R = ((R(i,]))); jez. Where we assume that there exists 0 < J < 1, such that,
for each i € Z, 0 < R(i,1 —1),R(i,i+1), and R(i,i—1) + R(i,i+1) =1 as. and
(R(i,i+1));cy are ii.d. Note that in this case, the associated stochastic process (X,),,~¢
is a nearest neighbor RWRE on Z with i.i.d. environments, which is well studied in litera-
ture [45]. Recall that P and E denote respectively the distribution of R and expectation with
respect to P . We define

L R(Ov_l)
P ="R0,1)
and when E [pg] < 1, we define
y.— L= Elpo]
1+ E[po]

6.2.1. Urn Associated with a Transient RWRE on 7.

THEOREM 6.3. Consider an infinite color random replacement scheme urn model with
colors indexed by S = 7, and random kernel R is given above. We assume that

(6.6) E [log po] < 0,
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and there exists k > 2, such that
6.7) R [p’g} —1, and E [p’g log* po} < o

Let the starting configuration be Uy. If Z,, denotes the color of the (n + 1)-th selected ball,
then there exists a non-random o > 0, such that, as n — o,

Z, —vlogn
6.8 = .
©8) v3/20+/logn

PROOF. Let (X,),~ be associated stochastic process, which is a RWRE on Z with R
as the random transition kernel. From [31] we know that there exists o; > 0, such that as
n — 00,

(6.9) P (W < x> — ®(z), forallzeR.

Now observe that,

X; —wvlogn X, —v7, Tn 1 7,—logn

Porlogn o1y \ logn Voo iogn

By Theorem 6.2 we know that equation (6.5) holds where (Xn)n20 and (Tn)nzo are inde-
pendent. Therefore, from (2.2), and (6.9), it follows that as n — oo,

(6.10)

X —vTy
Define 02 := (1 + %) Then (6.8) follows from (2.3) and (6.11). ]

REMARK 6.4. As the above proof indicates, the conclusion in (6.8) also holds if we
assume (6.6) and a slightly restrictive condition that E [pf] < 1, for some k > 2. The key
idea is to show (6.9) should hold, which is essential for the computations as done in (6.10).
Theorem 5 on page 10 of [9] shows that (6.9) holds.

6.2.2. Urn Associated with a Recurrent RWRE on 7.

THEOREM 6.5. Consider an infinite color random replacement scheme urn model with
colors indexed by S = 7, and random kernel R is as given above. We assume that

(6.12) E [log po] = 0,
and
(6.13) P(po=1)<1.
Let

0<o?:=E [(logp)g] < 00.
Let the starting configuration be Uy. If Z,, denotes the color of the (n + 1)-th selected ball,
then as n — 0o,
o7,

6.14 - P
(19 (loglogn)?

)

where G is a continuous distribution on R with probability density function g, given by

2N (—1)F 2k +1)2 2
(6.15) g(m):WZQ(k_i_)lexp<—(—i_8)7T\:c\>, xeR.




34

PROOF. Itis known from [43] that as n — oo,

o*X, z
(6.16) P <(1)2 < x) —>/ g(t) dt, forall z € R,
ogn oo
Observe that,
6.17) o’X,. B o’X, ( log 7, >2
' (loglogn)®  (logm,)* \loglogn

By Theorem 6.2 we know that equation (6.5) holds where (X,,),,~, and (7,),,~, are inde-
pendent. Therefore, as n — o0, - h

o’ X,

(6.18) P(—5<z)—G(z), forallz € R.

(log 7,)
Also, from equation (2.2) it follows that as n — oo,

log 7,
(6.19) 8T 1 P_ as.
loglogn

Finally, (6.14) follows from (6.5), (6.18) and (6.19). ]

7. Conclusion. We have presented in this paper a new method for studying finite or
infinite color balanced urn schemes through their representation in the associated Markov
chain. It turns out that for any general balanced urn scheme, the sequence of observed colors
is a realization of a branching Markov chain with a modified kernel on the random recursive
tree. We have shown using such representation that under fairly general conditions one can
derive asymptotic of various urn schemes, which otherwise may be very difficult to find. As
illustrated by several examples, essentially the asymptotic may be derived if the underlying
Markov chain has a proper scaling limit. We believe that this novel approach will provide a
better understanding of these new type of urn schemes.
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