Chapter 16
Stationary Sequences

Abstract Section 16.1 contains the definitions and a discussion of the concepts
of strictly stationary sequences and measure preserving transformations. It also
presents Poincaré’s theorem on the number of visits to a given set by a stationary se-
quence. Section 16.2 discusses invariance, ergodicity, mixing and weak dependence.
The Birkhoff—Khintchin ergodic theorem is stated and proved in Sect. 16.3.

16.1 Basic Notions

Let (£2, 5, P) be a probability space and & = (&, £, ...) an infinite sequence of
random variables given on it.

Definition 16.1.1 A sequence & is said to be strictly stationary if, for any k, the
distribution of the vector (§,, ..., &,4+k) does not depend on n, n > 0.

Along with the sequence &, consider the sequence (&, &,+1, - - .). Since the finite-
dimensional distributions of these sequences (i.e. the distributions of the vectors
&m, - -, Em+r)) coincide, the distributions of the sequences will also coincide (one
has to make use of the measure extension theorem (see Appendix 1) or the Kol-
mogorov theorem (see Sect. 3.5). In other words, for a stationary sequence &, for
any n and B € B (for notation see Sect. 3.5), one has

P( €B) =P((6. bus1...) €B).

The simplest example of a stationary sequence is given by a sequence of inde-
pendent identically distributed random variables ¢ = (&, {1, ...). It is evident that
the sequence & = aglx + -+ + a5 lk+s, K =0, 1,2, ..., will also be stationary, but
the variables & will no longer be independent. The same holds for sequences of the
form

oo
Ee=Y ol
j=0

provided that E|¢;| < 00, Y |aj| < 00, orif E¢x = 0, Var(gy) < oo, Za? < oo (the
latter ensures a.s. convergence of the series of random variables, see Sect. 10.2). Ina

A.A. Borovkov, Probability Theory, Universitext, 493
DOI 10.1007/978-1-4471-5201-9_16, © Springer-Verlag London 2013


http://dx.doi.org/10.1007/978-1-4471-5201-9_16

494 16 Stationary Sequences

similar way one can consider stationary sequences & = g(Ck, {k+1, - - .) “generated”
by ¢, where g(x) is an arbitrary measurable functional R* — R.

Another example is given by stationary Markov chains. If {X,,} is a real-valued
Markov chain with invariant measure & and transition probability P(-,-) then the
chain {X,} with X & & will form a stationary sequence, because the distribution

P(XneBo,...,Xn+keBk>=/ 7 (dxo) P(xo,dx1>--~/ Pt dxp)
By B By

will not depend on 7.

Any stationary sequence & = (£g, &1, ...) can always be extended to a stationary
sequence E =(...5_1,%0,&1,...) given on the “whole axis”.

Indeed, for any n, —o0 < n < oo, and k > 0 define the joint distributions of
&, ..., &nqx) as those of (&, .. ., &). These distributions will clearly be consistent
(see Sect. 3.5) and by the Kolmogorov theorem there will exist a unique probabil-
ity distribution on R® = [;2 _ Ry with the respective o -algebra such that any
finite-dimensional distribution is a projection of that distribution on the correspond-
ing subspace. It remains to take the random element & to be the identity mapping
of R% onto itself.

In some of the subsequent sections it will be convenient for us to use stationary
sequences given on the whole axis.

Let & be such a sequence. Define a transformation 6 of the space R> | onto itself
with the help of the relations

Ox)k = (X)k+1 = Xk+1, (16.1.1)

o0

X s —00 < k < 00. The trans-

where (x)y, is the k-th component of the vector x € R
formation 6 clearly has the following properties:

1. It is a one-to-one mapping, ! is defined by
(G_Ix)k = Xk—1-
2. The sequence O£ is also stationary, its distribution coinciding with that of &:
P(W& € B) =P(£ € B).

It is natural to call the last property of the transformation 6 the “measure preserv-
ing” property.

The above remarks explain to some extent why historically exploring the prop-
erties of stationary sequences followed the route of studying measure preserving
transforms. Studies in that area constitute a substantial part of the modern analysis.
In what follows, we will relate the construction of stationary sequences to measure
preserving transformations, and it will be more convenient to regard the latter as
“primary” objects.

Definition 16.1.2 Let (£2, §, P) be the basic probability space. A transformation 7
of £2 into itself is said to be measure preserving if:
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(1) T is measurable, ie. T"!A={w:Twe A} € § forany A € §; and
(2) T preserves the measure: P(T~'A) =P(A) for any A € §.

Let T be a measure preserving transformation, 7" its n-th iteration and £ = & (w)
be a random variable. Put U&(w) = &(T w), so that U is a transformation of random
variables, and Uké(a)) = é(Tkw). Then

E={U"s)}; ={&(T"w) ]}y (16.1.2)

is a stationary sequence of random variables.
Proof Indeed, let A ={w; £ € B}, BB and A| = {w: & € B}. We have
E=(@).6Tw),..). 0E=(ETw).6(T70)....).

Therefore w € Aj if and only if Tw € A, i.e. when A| = T-'A.But P(T~'A) =
P(A) and hence P(A;) =P(A), so that P(A,,) = P(A) for any n > 1 as well, where
A, ={w:0"& € B}. O

Stationary sequences defined by (16.1.2) will be referred to as sequences gener-
ated by the transformation T .

To be able to construct stationary sequences on the whole axis, we will need mea-
sure preserving transformations acting both in “positive” and “negative” directions.

Definition 16.1.3 A transformation 7T is said to be bidirectional measure preserving
if:
(1) T is a one-to-one transformation, the domain and range of T coincide with the

whole £2;
(2) the transformations 7 and 7! are measurable, i.e.

T'A={w:Twe A} €3, TA={Two:wecA}e§

for any A € §;
(3) the transformation T preserves the measure: P(7~!A) = P(A), and therefore
P(A) =P(T A) forany A € 5.

For such transformations we can, as before, construct stationary sequences &
defined on the whole axis:

§={Urs@) 7 = {5(Mo))7,

The argument before Definition 16.1.2 shows that this approach “exhausts” all
stationary sequences given on (§2, §, P), i.e. to any stationary sequence & we can
relate a measure preserving transformation 7 and a random variable £ = &y such
that & (w) = & (T*w). In this construction, we consider the “sample probability
space” (R*°, 2B8°°, P) for which & (w) = w, 6 = T. The transformation 6 = T (that s,
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transformation (16.1.1)) will be called the pathwise shift transformation. It always
exists and “generates” any stationary sequence.

Now we will give some simpler examples of (bidirectional) measure preserving
transformations.

Example 16.1.1 Let 2 ={w1,...,wq}, d > 2, be a finite set, § be the o -algebra of
all its subsets, Tw; = w;y1, | <i <d —1and Twg = w;. If P(w;) =1/d then T
and T~! are measure preserving transformations.

Example 16.1.2 Let 2 = [0, 1), § be the o-algebra of Borel sets, P the Lebesgue
measure and s a fixed number. Then Tw = w + s (mod 1) is a bidirectional measure
preserving transformation.

In these examples, the spaces §2 are rather small, which allows one to construct
on them only stationary sequences with deterministic or almost deterministic de-
pendence between their elements. If we choose in Example 16.1.1 the variable & so
that all & (w;) are different, then the value & (w) = &( T*w) will uniquely determine
T*w and thereby T**'w and & | (w). The same can be said of Example 16.1.2 in
the case when &(w), w € [0, 1), is a monotone function of w.

As our argument at the beginning of the section shows, the space 2 = R is
large enough to construct on it any stationary sequence.

Thus, we see that the concept of a measure preserving transformation arises in
a natural way when studying stationary processes. But not only in that case. It also
arises, for instance, while studying the dynamics of some physical systems. Indeed,
the whole above argument remains valid if we consider on (§2, §) an arbitrary mea-
sure u instead of the probability P. For example, for 2 = R*, the value pu(A),
A € §, could be the Lebesgue measure (volume) of the set A. The measure preserv-
ing property of the transformation 7" will mean that any set A, after the transform T
has acted on it (which, say, corresponds to the change of the physical system’s state
in one unit of time), will retain its volume. This property is rather natural for incom-
pressible liquids. Many laws to be established below will be equally applicable to
such physical systems.

Returning to probabilistic models, i.e. to the case when the measure is a proba-
bility distribution, it turns out that, in that case, for any set A with P(A) > 0, the
“trajectory” T" w will visit A infinitely often for almost all (with respect to the mea-
sure P) w € A.

Theorem 16.1.1 (Poincaré) Let T be a measure preserving transformation and
A € §. Then, for almost all w € A, the relation T"w € A holds for infinitely many
n>1.

Proof Put N:={we A:T"w ¢ A foralln > 1}. Because {w: T"w € A} € §, it is
not hard to see that N € §. Clearly, NNT"N =g foranyn > 1,and T""N N
T~ N = T~—"(N N T~"N) = @. This means that we have infinitely many sets
T7"N,n=0,1,2,..., which are disjoint and have one and the same probability.
This evidently implies that P(N) = 0.
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Thus, for each w € A \ N, there exists an n; = n(w) such that 7"'w € A. Now
we apply this assertion to the measure preserving mapping Ty = T¥, k > 1. Then, for
each w € A\ Ni, P(Ny) = 0, there exists an ny = ny(w) > 1 such that (T%)*w € A.
Since kny > k, the theorem is proved. Il

Corollary 16.1.1 Let£(w) > 0and A = {w : &(w) > 0}. Then, for almost all w € A,

o]

Zé(T"a)) = 00.

n=0

Proof Put Ay = {w: &(w) > 1/k} C A. Then by Theorem 16.1.1 the above series
diverges for almost all w € Ay. It remains to notice that A = |, Ay. O

Remark 16.1.1 Formally, one does not need condition P(A) > 0 in Theorem 16.1.1
and Corollary 16.1.1. However, in the absence of that condition, the assertions may
become meaningless, since the set A \ N in the proof of Theorem 16.1.1 can turn out
to be empty. Suppose, for example, that in the conditions of Example 16.1.2, Ais a
one-point set: A = {w}, w € [0, 1). If 5 is irrational, then T*w will never be in A for
k > 1. Indeed, if we assume the contrary, then we will infer that there exist integers
k and m such that w 4+ sk — m = w, s = m/k, which contradicts the irrationality
of s.

16.2 Ergodicity (Metric Transitivity), Mixing and Weak
Dependence

Definition 16.2.1 A set A € § is said to be invariant (with respect to a measure
preserving transformation T') if 77'A = A. A set A € § is said to be almost in-
variant if the sets T~' A and A differ from each other by a set of probability zero:
P(A® T 'A)=0, where A ® B = AB U AB is the symmetric difference.

It is evident that the class of all invariant (almost invariant) sets forms a o -algebra
which will be denoted by J (7%).

Lemma 16.2.1 If A is an almost invariant set then there exists an invariant set B
such that P(A @ B) =0.

Proof Put B =limsup,_, ., T™"A (recall that limsup,,_, o Ay = (oo Ure, Ak is
the set of all points which belong to infinitely many sets Ay). Then

T7'B=limsup7T~"*YA = B,

n—o0
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i.e. B € J. It is not hard to see that

o0
AeBc| (T AT *DA).

k=0
Since
P(T AT % Va)=P(A® T 'A) =0,
we have P(A & B) = 0. The lemma is proved. Il

Definition 16.2.2 A measure preserving transformation 7 is said to be ergodic (or
metric transitive) if each invariant set has probability zero or one.

A stationary sequence {£;} associated with such T (i.e. the sequence which gen-
erated T or was generated by T') is also said to be ergodic (metric transitive).

Lemma 16.2.2 A transformation T is ergodic if and only if each almost invariant
set has probability O or 1.

Proof Let T be ergodic and A € J*. Then by Lemma 16.2.1 there exists an invariant
set B such that P(A @ B) = 0. Because P(B) = 0 or 1, the probability P(A) =0or 1.
The converse assertion is obvious. O

Definition 16.2.3 A random variable ¢ = ¢(w) is said to be invariant (almost in-
variant) if {(w) = ¢ (T w) for all w € §2 (for almost all w € £2).

Theorem 16.2.1 Let T be a measure preserving transformation. The following
three conditions are equivalent:

(1) T is ergodic;
(2) each almost invariant random variable is a.s. constant,
(3) each invariant random variable is a.s. constant.

Proof (1) = (2). Assume that T is ergodic and £ is almost invariant, i.e. £(w) =
&(Tw) a.s. Then, for any v € R, we have A, := {0 : £(w) < v} € T* and, by
Lemma 16.2.2, P(A,) equals O or 1. Put V := sup{v : P(4,) = 0}. Since A, 1 §2 as
vtooand A, | D asv | —oo,onehas |V| < oo and

P(&(w) < V) :P(G{f;‘(a)) <V-— %}) =0.

n=1

Similarly, P(¢ (w) > V) = 0. Therefore P(§(w) = V) = 1.

(2) = (3). Obvious.

(3) = (1). Let A € J. Then the indicator function I4 is an invariant random
variable, and since it is constant, one has either [4 = 0 or [4 = 1 a.s. This implies
that P(A) equals O or 1. The theorem is proved. g
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The assertion of the theorem clearly remains valid if one considers in (3) only
bounded random variables. Moreover, if & is invariant, then the truncated variable
&y =min(&, N) is also invariant.

Returning to Examples 16.1.1 and 16.1.2, in Example 16.1.1,

2=(w1,...,0q), Tw; = wi+1 (mod d)» P(w;) =1/d.

The transformation T is obviously metric transitive.
In Example 16.1.2, 2 =[0,1), Two = w + s (mod 1), and P is the Lebesgue
measure. We will now show that T is ergodic if and only if s is irrational.
Consider a square integrable random variable § = £ (w) : E§ 2(w) < co. Then by
the Parseval equality, the Fourier series

9]
g(a)) — ZaneZHinw
n=0

for this function has the property Y - |c,%| < 0o. Assume that s is irrational, while
& is invariant. Then

ay = Eg(w)efzﬂinw — Eé(Ta))efzm'”T“’
— E_ZHinSEE(TCl))E_ZNinw — e—ZninsEE(w)e—Zm'nw — e—2ninsan.

For irrational s, this equality is only possible when a, =0, n > 1, and £ (w) = ap =
const. By Theorem 16.2.1 this means that T is ergodic.
Now let s = m/n be rational (m and n are integers). Then the set

n—1
2k 2k +1
A:U w: —<w< +
Part 2n 2n

will be invariant and P(A) = 1/2. This means that T is not ergodic. O

Definition 16.2.4 A measure preserving transformation 7 is called mixing if, for
any Ap, Ay €§,as n — o0,

P(A;NT™"Az) — P(A)P(Ay). (16.2.1)

Now consider the stationary sequence & = (o, &1, . . .) generated by the transfor-
mation 7 : & (w) = & (T*w).

Definition 16.2.5 A stationary sequence & is said to be weakly dependent if & and
&r4+n are asymptotically independent as n — oo, i.e. for any By, By € B

P(&x € By, §kyn € B2) = P(80 € B)P(§o € By). (16.2.2)

Theorem 16.2.2 A measure preserving transformation T is mixing if and only if
any stationary sequence & generated by T is weakly dependent.
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Proof Let T be mixing. Put A; := 50_1 (Bi),i=1,2,and setk =01in (16.2.2). Then
P(§ € Bi.& € By) =P(A|NT"Ay) — P(ADP(A).

Now assume any sequence generated by T is weakly dependent. For any given
A1, Ay € §, define the random variable

0 ifog¢g Al UAjy;

1 fweA Ay
§(w) = .

2 1fa)€A1A2;

3 ifa)EZlAg;

and put & (w) := £(T*w). Then, as n — oo,
P(Al N T_”Az) =P0<& <3, >2) >P0 <& <3)PE) >2)
=P(ADP(Ar).

The theorem is proved. O

Let {X,} be a stationary real-valued Markov chain with an invariant distribution
7 that satisfies the conditions of the ergodic theorem, i.e. such that, for any B € ‘B
and x € R, as n — oo,

P(X, € B| Xo=x) —> n(B).

Then {X,} is weakly dependent, and therefore, by Theorem 16.2.2, the respective
transformation 7 is mixing. Indeed,

P(Xo € By, X,, € B) =EI(X¢ € B))P(X, € By | Xp),

where the last factor converges to x (B2) for each X(. Therefore the above proba-
bility tends to & (By)m (By).

Further characterisations of the mixing property will be given in Theorems 16.2.4
and 16.2.5.

Now we will introduce some notions that are somewhat broader than those from
Definitions 16.2.4 and 16.2.5.

Definition 16.2.6 A transformation 7 is called mixing on the average if, as n — oo,

% > P(A1NT*A2) - P(ADP(A). (16.2.3)
k=1

A stationary sequence £ is said to be weakly dependent on the average if

1 n
p ZP(EO € B, & € B2) = P(§0 € B)P(§o € Ba). (16.2.4)
k=1
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Theorem 16.2.3 A measure preserving transformation T is mixing on the average
if and only if any stationary sequence & generated by T is weakly dependent on the
average.

The Proof is the same as for Theorem 16.2.2, and is left to the reader. O

If {X,} is a periodic real-valued Markov chain with period d such that each
of the embedded sub-chains {X[+nd};'l"=0, i=0,...,d — 1, satisfies the ergodicity
conditions with invariant distributions ) on disjoint sets Ap, ..., Xy_1, then the
“common” invariant distribution 7 will be equal to d~! Z?;ol 79, and the chain
{X,} will be weakly dependent on the average. At the same time, it will clearly not
be weakly dependent for d > 1.

Theorem 16.2.4 A measure preserving transformation T is ergodic if and only if it
is mixing on the average.

Proof Let T be mixing on the average, and A; € §, A> € J. Then A, = T %A,
and hence P(A1 N T_kAz) =P(A1A)) for all kK > 1. Therefore, (16.2.3) means that
P(A1A) =P(A1)P(Ay). For A = A we get P(Ay) = P%(A»), and consequently
P(A) equals O or 1.

We postpone the proof of the converse assertion until the next section. 0

Now we will give one more important property of ergodic transforms.

Theorem 16.2.5 A measure preserving transformation T is ergodic if and only if,
forany A € § with P(A) > 0, one has

P( U T‘”A) =1. (16.2.5)

n=0

Note that property (16.2.5) means that the sets 7T"A, n =0, 1, ..., “exhaust”
the whole space £2, which associates well with the term “mixing”.

Proof Let T be ergodic. Put B :=J2 T "A. Then T~'B c B. Because T is
measure preserving, one also has that P(T~!' B) = P(B). From this it follows that
T~!'B = B up to a set of measure 0 and therefore B is almost invariant. Since 7T is
ergodic, P(B) equals O or 1. But P(B) > P(A) > 0, and hence P(B) = 1.

Conversely, if T is not ergodic, then there exists an invariant set A such that
0 <P(A) < 1 and, therefore, for this set 7" A = A holds and

P(B) =P(A) < 1.

The theorem is proved. g
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Remark 16.2.1 In Sects. 16.1 and 16.2 we tacitly or explicitly assumed (mainly for
the sake of simplicity of the exposition) that the components & of the stationary
sequence & are real. However, we never actually used this, and so we could, as
we did while studying Markov chains, assume that the state space X, in which
&, take their values, is an arbitrary measurable space. In the next section we will
substantially use the fact that &; are real- or vector-valued.

16.3 The Ergodic Theorem

For a sequence &1, &, ... of independent identically distributed random variables
we proved in Chap. 11 the strong law of large numbers:

Ny n—1
2 2% Rgy,  where S, = ng.
n

k=0

Now we will prove the same assertion under much broader assumptions—for sta-
tionary ergodic sequences, i.e. for sequences that are weakly dependent on the aver-
age.

Let {&} be an arbitrary strictly stationary sequence, T be the associated measure
preserving transformation, and J be the o -algebra of invariant sets.

Theorem 16.3.1 (Birkhoff—Khintchin) If E|&p| < oo then

n—1

1 a.s.

- > & =5 EEo | D). (16.3.1)
k=0

If the sequence {&x} (or transformation T) is ergodic, then
1S, as,
— Y & =5 E&. (16.3.2)
n k=0

Below we will be using the representation & = & (T*w) for &€ = &). We will need
the following auxiliary result.

Lemma 16.3.1 Set
n—1
Sp(w) := ZS(Tkw), My () :=max{0, Sj(»), ..., Sk(w)}.
k=0

Then, under the conditions of Theorem 16.3.1,

E[£(@)(y,~01(@)] =0

foranyn > 1.
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Proof For all k <n, one has Sy (Tw) < M,(T w), and hence

§(w) + My(Tw) = §(w) + Sk(Tw) = Sgt1(w).
Because &£ (w) > S1(w) — M, (T w), we have

E(w) > max{max(S1 (w), ..., Sn(w)} — M, (Tw).

Further, since

{M, () > 0} = {max(Si(w), ..., Su(®)) > 0},
we obtain that

E[§(0){m,~0)(@)] = E(max(S1 (@), ..., Sy(@)) = My(T®)) Iy, >0) (@)

> E(My(w) — My (T w))ip1,>0; (@)
> E(M,(w) — M,(Tw)) =0.

The lemma is proved. 0

Proof of Theorem 16.3.1 Assertion (16.3.2) is an evident consequence of (16.3.1),
because, for ergodic T, the o-algebra J is trivial and E(£|J) = E£ a.s. Hence, it
suffices to prove (16.3.1).

Without loss of generality, we can assume that E(£|J) = 0, for one can always
consider &€ — E(£]J) instead of &.

Let S :=lim SUp,_, oo n~1S, and S :=Iliminf,_ n=1s,. To prove the theorem,
it suffices to establish that

0<S<S<0 as. (16.3.3)

Since S(w) = S(Tw), the random variable S is invariant and hence the set A — & =
{S(w) > ¢} is also invariant for any ¢ > 0. Introduce the variables

£ (w) = (§(w) — )4, (w),
Si(@) :=E")+ -+ E(T" o),
M () == maX(O, ST, S,f)

Then, by Lemma 16.3.1, for any n > 1, one has
E&" T(az-0) > 0.
But, as n — oo,

{M:>O}={ max S;;>O}T{supS;:>0}

1<k=<n k>1
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it -ol =l el
The last equality follows from the observation that
A, ={S>¢}C {]sg;}l)% >e}.
Further, E|£*| < E|£| 4+ ¢. Hence, by the dominated convergence theorem,

0 <E&*Tpys0) — E&"14,.

Consequently,
0 <E&*I4, =E( — )1, = E€y, — eP(A,)
=EI4,E(& |J) —eP(A;) = —eP(Ay).

This implies that P(A,) = 0 for any & > 0, and therefore P(S < 0) = 1.
In a similar way, considering the variables —£ instead of &£, we obtain that

S S
lim sup(——n) = —liminf — = —§,
n—>00 n n—-oo n
and P(—S <0) =1, P(S > 0) = 1. The required inequalities (16.3.3), and therefore
the theorem itself, are proved. O

Now we can complete the

Proof of Theorem 16.2.4 It remains to show that the ergodicity of 7' implies mixing
on the average. Indeed, let T be ergodic and A, A> € §. Then, by Theorem 16.3.1,
we have

| 5. 5.
Gn==Y IT7*Ay) =5 P(42),  L(ANG = I(ADP(Ay).
k=1
Since ¢,1(A1) are bounded, one also has the convergence

E,I(A1) — P(Az) - P(Ay).

Therefore
1 n
- ZP(Al NT 7 A;) = El(A1)¢ — P(ADP(A).
"=
The theorem is proved. 0

Now we will show that convergence in mean also holds in (16.3.1) and (16.3.2).
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Theorem 16.3.2 Under the assumptions of Theorem 16.3.1, one has along with
(16.3.1) and (16.3.2) that, respectively,

=0 (16.3.4)

1 n—1
E‘—Zsk ~E(%7)
" =0
and

=0 (16.3.5)

1n—l
El= —
‘n > & —Ef
k=0
as n — oQ.

Proof The assertion of the theorem follows in an obvious way from Theo-
rems 16.3.1, 6.1.7 and the uniform integrability of the sums

1 n—1
p > &,
k=0
which follows from Theorem 6.1.6. O

Corollary 16.3.1 If {&;} is a stationary metric transitive sequence and a = E&, < 0,
then S(w) = supy~( Sk(w) is a proper random variable.

The proof is obvious since, for 0 < ¢ < —a, one has Sy < (a + ¢)k < 0 for all
k> n(w) < oo. [l

An unusual feature of Theorem 16.3.1 when compared with the strong law of
large numbers from Chap. 11 is that the limit of

1n—l
- ) &

can be a random variable. For instance, let T wy := w42 and d = 2[ be even in the
situation of Example 16.1.1. Then the transformation 7' will not be ergodic, since
the set A = {w1, w3, ..., wg—1} will be invariant, while P(A) = 1/2.

On the other hand, it is evident that, for any function & (w), the sum
1 n—1
2 8(T")

n
k=0

will converge with probability 1/2 to

511
p > E@j41)
Jj=0
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(if w = w; and i is odd) and with probability 1/2 to

5
EZE(wzj)
=1

(if = w; and i is even). This limiting distribution is just the distribution of E(£|J).
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