CHAPTER 3
Inhomogeneous Products of
Non-negative Matrices

In a number of important applications the asymptotic behaviour as r — o
of one of the

Forward Products: T, ,={t&"} =H, 1 Hpss " Hpsr
Backward Products: U, ,={u®"} =H,,, " Hy2Hpiy

and its dependence on p is of interest, where {H, k=1, 2, ...} is a set of
(n x n) matrices satisfying H, > 0. We shall write H, = {hi{K)}, i, =1,
n. The kinds of asymptotic behaviour of interest are weak ergodicity and
strong ergodicity, and a commonly used tool is a oosﬁmoaor oo.oBQoE
(coefficient of ergodicity). We shall develop the general theory i Ewm chap-
ter. The topic of inhomogeneous products of (row) stochastic matrices has
special features, and is for the most part deferred to Chapter 4.

3.1 Birkhoff’s Contraction Coefficient:
Generalities

Definition 3.1. An (n x n) matrix T > 0 is said to be row-allowable if it has at
least one positive entry in each row. It is said to be column-allowable if T" is
row-allowable. It is said to be allowable if it is both row and column
allowable.

In order to introduce Birkhoff’s contraction coefficient which will serve
as a fundamental tool in this chapter, we need to introduce the quantity,
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defined for any two vectors x' = (x, ..., X,) > 0,y = (yy, ..., y,) >0, by

dx',y')=1n |||Bm.§~. (xi/7:) = max In Ax_. F.v.
min; Ax_.\\sv i j X; Vi

This function has, on the set of (1 x n) positive vectors, the properties of a
metric or distance, with the notable exception that d(x’, ') = 0 if and only if
x = Ay for some A>0. (Exercise 3.1). It is a pseudo-metric giving the
“ projective distance ” between x’ > 0’ and y’ > (. Henceforth we assume as
usual that all vectors are of length n and all matrices (n x n), unless other-
wise stated. .

It follows that if x’, y > 0’ and T is cohimn-allowable, then x'T, y'T > (;
the essence of the contraction property is in the inequality

dx'T, yT) < d(x, y'), (3.1)

which we shall establish by recourse to the averaging (contraction) proper-
ties of row stochastic matrices in a manner similar to that already employed
repeatedly in our Section 2.6.

Lemma 3.1. If x,y >0 and % = Tx, j = Ty, where T = {t;;} >0 is row-
allowable, then

max AWV < max Awmvv min AWV > min A.umv (3.2)
i \Vi i AV i \W i \Yi
PROOF:

J
2 Mux eV 5 Yi

where p;; = £;;¥; /Y« tu Vi is the (i, j) element of a stochastic matrix P. In
particular ) ; p,; = 1, so (3.2) follows [so (3.1) follows for a column allowable
T, from the definition of d(-, -)]. O

% Yt _ Mn..x
> Y

We may sharpen the above result by recourse to

Theorem 3.1. Let w = {w;} be an arbitrary vector and P = {p;;} a stochastic
matrix. If z = Pw, 7 = {z;}, then for any two indices h, i’
1 | :
Z,— 2y < = 3. | Paj — Pij| {max w; — min w;
25 T j

(33)

and

<1,(P)

5

max z; — min z;
j j

max w; — min w;
j j
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or equivalently to the last,

max |z, — z,| < SAE“BQ |w; — w; | (34)
h, b’ B
where
1 - e
7,(P) = 3 max M _Fh - P.m_ =1 — min M min (p;,, F.uv.
i,j s=1 i,j s=1

PROOF: z;, — z,, = ) ; u;w;, where u; = p,; — p,; (since we are considering h
and /' arbitrary but fixed). Let ' denote the indices for which u; > 0, and j”
those for which u; < 0, noting that ) ; u; = 1 (and bearing in mind that the

113

set of j”s will be empty only if u = 0). Put

N =

0= u =3 |u;| = I.ME.“HM_:% = M |uj]
i J’ J’ i’ J

1
HM M _P:. IPE._.
j

Then

oIS L lwy B uplwy |
i |uj 2wy \

|
~
< Q‘Bmx w; — min w;
s i
< ﬁﬁov“Bmx w; — min w;
j j

The alternative expression for t,(P) is given as part (equation (2.14)) of
Theorem 2.10. Ol

The preceding result is of most interest in the situation where 7,(P) < 1 (it
is obvious that 0 < 7,(P) < 1), and indeed this condition is also that under
which the spectral bounding result of Theorem 2.10 becomes of interest for a
stochastic matrix. It is clear from the alternative expression for 7,(P) that
74(P) < 1 if and only if no two rows of P are orthogonal (or, alternatively,
any two rows intersect in the sense of having at least one positive element in
a coincident position). Such stochastic matrices have been called scrambling;
we extend this definition to arbitrary non-negative T.

Definition 3.2. A row-allowable matrix 7 > 0 is called scrambling if any
two rows have at least one positive element in a coincident position.
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Lemma 3.2. If T' is scrambling and x, y > 0, then
d(x'T, y'T) < d(x, y'). (3.5)

PrOOF. Referring to the proof of Lemma 3.1, and T’ replacing T, we see that
the stochastic matrix P = {p;;} defined therein is scrambling, so by Theorem
3.1, strict inequality obtains in at least one of the inequalities in (3.2), whence
the result follows from the definition of d(x’, y’). O

Corollary. (3.5) holds if T has a positive row.

It follows in view of (3.1) for a column-allowable matrix T and the fact
that d(x', y') = 0 if and only if x = Ay for some positive A > 0, that we may
define a quantity 74(T) by

d(x'T,y'T
HwAN;v = Sup Aq@‘.du\'\vv
x, y>0 1

xXF Ay

which must then satisfy
0<tg(T) < 1. (3.6)

Clearly, if T; and T, are both column-allowable then so is T; 7, and for
x, y >0, it follows (from Exercise 3.1) that

dx'T, T, YTy T) < 15(T,) d(x'Ty, y'Ty) < 4Ty ep(Ty) d(x', ')
whence
t3(Ty To) < 15(Ty )r(To). (3.7)

t5(*) is Birkhoff’s contraction coefficient (or: coefficient of ergodicity), and
properties (3.6) and (3.7) are fundamental to our development of the theory
of inhomogeneous products. In view of relation (3.7), we see that if from a
sequence {H,} of column-allowable matrices we select the matrices H

FETINN
H,,, and form their product in any order and call this product H M:_Eg
still
ptr
to(H,, )< [] ts(Hy). (38)
k=p+1

A matrix T will be contractive if 75(T) < 1, and, clearly, from (3.8) and
(3.6) the significance of a matrix T for which 7,(T) =0 is of central
significance. We remark that if T is of rank 1 as well as column-allowable, i..
is of the form T = wv' = {w; v;} where v > 0; w > 0, # 0, then from Exercise
3.1

d(x'wv’, y'wv’)
t3(T) = sup ————~——"=0
NA v . EWQ &A.ﬂ\u .V\v

xXF iy
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since d((x'w)v’, (’wh') = d(v', v') = 0. To develop further the use of t5(T) we
-equire its explicit form for a column-allowable T = {t;;} in terms of the
:ntries of such a matrix. An explicit form is difficult to obtain, and we defer
an elementary, but long, derivation to Section 3.4. The form for an allowable
T is
5(T) = {1 ~ [$(D)]V2/(1 + [¢(T)]"*}

where
tot;
$(T) = min =72

ikt Liela

=0 if T+ 0.

if T>0;

From this it is clear that given T is allowable, t4(T) = O if and only if T'is
ofrank 1, ie. T=wv', w, v > 0.

Definition 3.3. The products H, , = {h{%'"} formed from the allowable
matrices H,, 1, Hpy2, ..., Hpyy multiplied in some specified order for each
m >0, r>1, are said to Uo weakly ergodic if there exist positive matrices

= {s& d, (p = 0, r > 1) each of rank 1 such that for any fixed p, asr — o

hen/sen 1 for all i, j. (3.9)

Lemma 3.3. The products H, , are weakly ergodic if and only if for all p > 0 as
r—

15(H,, )~ 0. (3.10)

Proor: From the explicit form of t4(T), which implies continuity with
T > 0, (3.9) evidently implies (3.10). Conversely, define the rank 1 matrices

H, 11'H, /IH,,

(since (3.10) is assumed to hold, since H, , is allowable, H,, >0 for
sufficiently large r, from the explicit form of 75(-)). Then

rmm, r) _ pen _M :Q. ‘Sm. r) . G, 15? J_
57 =7 \Z hhgn S e
-1
by (3.10), since ¢(H, ,)—> 1. (]

Lemma 3.3 together S:: relation (3.7) indicates the power of the
coefficient of ergodicity 75(+) as a tool in the study of weak ergodicity of
arbitrary products of allowable non-negative matrices. In Lemma 3.4 we
shall see that for forward products T, , the general notion of weak ergodicity
defined above coincides with the usual notion for the setting, when T, , > 0
for r > ro(p). We have included Lemma 3.2 because this provides a means of
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approaching the problem of weak ergodicity of forward products without the
requirement that T, , > 0 for r > ro(p) (so that 74(7,, ,) < 1), although we
shall not pursue this topic for products of not necessarily stochastic
matrices. Theorem 3.1 which is here used only for the proof of Lemma 3.2
achieves its full force within the setting of products of stochastic matrices.

3.2 Results on Weak Ergodicity

We shall focus in this section on forward products
T,,=H,. H,,, - H,., and backward products

QF‘ = mv.r-. mu+mmw+

as r — oo since these are the cases of usual interest.

F@E_ﬁ.H 34.IfH,,=H,. H,., -~ H,,, ie. H, , is the forward product

T,,={t®"} in the previous notation, and all H, are allowable, then
t8(T,,,) > 0 asr — oo for each p > 0 if and only if the following conditions both
hold:

AQV T, >0, r > ro(p);
(b) the"/th" > WP >0 (3.11)

for all i, j, p, k where the limit is independent of k (i.e. the rows of T, , tend to
proportionality as r — o).

Proor: The implication: (3.11) = (3.10) is obvious since under (3.11) clearly
#(T,,,)— 1. Assume (3.10) obtains; then clearly 7, , > O for sufficiently large
r (r = ro(p), say). Now consider i and j fixed and note that

e g
mAF r+1) e n
Jjs

N

where d& 7 = & hy(p + r + 1)/t "V is the k, s element of a (row) stoch-
astic matrix with strictly positive entries and so a scrambling matrix. Hence
by Lemma 3.1

He.;. . . .
BWx ANQ. 5 _msoc-EQommEmézrﬁ
Jk

L T L
min A : is non-decreasing with r.

! For the analogous result for backward products see Exercise 3.3. For column-proportionality
of forward products see Exercise 3.7.
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Since t4(7,,) =0, ¢(T,,,) > 1, s0 as r - ©

(e n) o r)
ik js -1

0
for all i, j, k, s, so the two monotone quantities as r — co have the same
positive limit, which is independent of k and may be denoted by W¥®. [

Theorem 3.2. For a sequence {H,}, k=1, 2, ... of non-negative allowable
matrices if H, , = T, ,or H, , = U, , then weak ergodicity obtains if and only
if there is a strictly increasing sequence of positive integers {k}, s =0, 1,2, ...
such that

_”@A:f.w:_lfvu_tw = 0. v AwHNv

i

v

Proor: Suppose H, , = T, ,,p > 0,r > 1. Take p = 0 for simplicity to prove
sufficiency of (3.12) and large r (for arbitrary p the argument will be similar).

1o, = To, ko Tigr ky — ko Tiy iy iy L yk—n, T

for some allowable T* > O where k, is the nearest member of the sequence
{ks} not greater than r, so t — oo as r — c0. Then by (3.7)

t—1
5(To,r) < [16(T 01 - 1)
s=0
and as r — oo the right hand side — 0 if and only if
M “HH - HWA‘N.MQ. ku+~|wuvw = 0.
s=0

From the definition of ¢(-), 0 < ¢(-) < 1, and taking into account the expli-

cit form of 7p(-), the divergence of the sum is implied by (3.12). Hence (3.12)

is sufficient for weak ergodicity (of forward products).

If we assume weak ergodicity then by Lemma 3.3 74T, ,) > 0 as r — o,
p=>0. Let 1 > 6 >0 be fixed. Then define the sequence {k} recursively by
choosing k, arbitrarily, and-k,, , once k, has been determined so that

deﬁ? ks+1— Fv <.
Then

. 1— (T ke s k)
T, Y2 = B\ ks, ks 1~ ks
_HQA ks, ks+1 wuvu_ H+ﬁmA5ﬂu.wu+_lxuv .

>(1—8)/(1+6)>0

which implies (3.12) for this sequence.
The proof for backwards products U, , is analogous. O
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Corollary. If for a sequence {ky}, s=>0, of positive integers such that
kei1 — ks = g (constant),

&A\NWM. ks+1— ruv N mN

then t5(T,, ;) >0 asr — oo, p > 0, at a geometric rate, e.g. in the case p = 0:

5(To, ) < {(1 — e)/(1 + &)}~ @7 (1 — e)/(1 + &)}

for r sufficiently large. Analogous results hold for backwards products.

Theorem 3.3. If for the sequence of non-negative allowable matrices
H,={hjk)}, k=1, (iyH, ,,>0 for p>0 where ro (> 1) is some fixed
integer independent of p; and (ii):

min* h;(k)/max h;(k) >y >0 (3.13)
ij iJ
(where min™ refers to the minimum of the positive elements and y is indepen-
dent of k), thenif H, , =T, , (or =U, ), p > 0, r > 1, weak ergodicity (at a
geometric rate) obtains.

Proor: From the structure of 75(-) and its dependence on ¢(*) it is evident
that the value of t4(H, ,) is unchanged if each H, is multiplied by some
positive scalar (each scalar dependent on k). Since by Lemma 3.3 weak
ergodicity is dependent only on such values, we may assume without loss of
generality in place of (3.13) that

0 <y<min® hyk), max hk)<1. (3.14)
iLj . [
It follows, since H, ,, >0, p > 0, that
youl' < H,, < n® 11 (3.15)
so ¢(H,,,,) = (y°/n~1)? = &2, say, p > 0. We may now apply the Corollary
to Theorem 3.2, with g = ry, and ky = 1, say. |

One may, finally, obtain a result of the nature of Theorem 3.2 and its
Corollary for products H, , formed in arbitrary manner from H,,, H,, 5,
v Hpg,

Theorem 3.2' For a sequence {H,}, k > 1 of non-negative allowable matrices, if

o

X [$(H)]"* = oo (3.16)

k=1
then the products H, , are weakly ergodic.

PrROOF: t5(H,, ) < [ ]84+, t5(H,) = 0 as r - oo as in the proof of Theorem
3.2 O
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Corollary. The condition (3.16) may be replaced by the condition

& min, ; hf{k)
—— L = o0,
rM j hij(k)

=] max; ;

Bibliography and Discussion to §§3.1-3.2

The crucial averaging property of a stochastic matrix, already used in §2.6
and mentioned in its discussion, manifests itself here in Lemma 3.1, and, in
more refined manner, in Theorem 3.1. Both these results occur in Markov
(1906), the first of Markov’s papers to deal with Markov chains (with a finite
but arbitrary number of states). Hostinsky (1931, p. 15) calls these results the
Théoréme fondamentale sur la limite de la probabilite, and elsewhere:
Pimportante méthode de moyennes successives employee par Markoff . . . and
they were taken up by Fréchet (1938, pp. 25-30), but their potential, in the
context of inhomogeneous products of stochastic matrices, was not fully
realized until the work of Hajnal (1958). We shall develop these themes
further in the more appropriate setting of Chapter 4 where the notion of a
scrambling matrix is used extensively.

The Corollary to Lemma 3.2 is due to Cohen (1979a); the lemma itself is a
direct consequence of Theorem 3.1. Apart from the results mentioned so far,
the development of §§3.1-3.2 largely follows Hajnal (1976). Cohen’s subject
matter, following on from Hajnal, is the study of d(x'T; ,, y'T;, ,) asr — oo
where the matrices {H,} are column allowable inasmuch as each is supposed
to have a positive row.

The origins and chief application of the notion of weak ergodicity of
forward products T, ,, p > 0, r > 1isin the context of demography. A simple
demographic model for the evolution of the age structure of a human popu-
lation, regarded as consisting of n age groups (each consisting of the same
number of years), over a set of “ time points”r =0, 1, 2, ..., (spaced apart by
the same time interval as successive age groups) may be described as follows.
If p, is an (n x 1) vector whose components give numbers in various age
groups at time r, then

h\w+~tl|.. mH, ., r=0,12,

where H,.; is a known matrix of non-negative entries, depending (in
general) on time r, and expressing mortality-fertility conditions at that time.
Indeed, each of the matrices H,, k > 1, has the same form (has the same
incidence matrix); specifically, it is of the form:

by, s, 0 - - - 0
NvN o MN ‘ ‘ : o
. 0

@:I_ 0 Sp—1
h n N . R n
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which is known as a “ Leslie matrix ” in this context (and as a “ Renewal-type
matrix ” more generally). Here s, is the proportion of survivors from age
group i to age group (i + 1) in the next time-step, and b; is the number of
contributions to age group 1 per individual in age group i. If we assume all
b;, s; > 0 for all k, then the matrix set H,, k > 1, has a rather special struc-
ture AE the sense of a common incidence qu_xv, with, moreover, a positive
diagonal entry; see Exercise 3.11; and it is usual to assume that the (coinci-
dent) positive entries are bounded away from zero and infinity. Thus the
conditions of Theorem 3.3 are certainly satisfied, and its conclusion enables
us to make certain inferences about

#=poH H, - H =p,T,,

where po (= 0, # 0) represents the initial age structure of the population,
and H,, k > 1, the history of mortality-fertility pressures over time. Thus
consider two different initial population structures: « = {o}, B = {8;} sub-
jected to the same “history” H,, k > 1. Thus from Lemma 3.4, as r » o
(first dividing numerator and denominator by 5 "):

i=y ot ”  Nioy W Y aw®
MT B; mw n MTH B; S\mv M\.n_ F.s\u.s

(the last step being a consequence of Exercise 3.5), the limit value being
independent of k. This independence is called the weak ergodicity property,
since the g, arising from different p, tend to proportionality for large k. If we
focus attention on the age-distribution, which at time r gives the proportions
in the various age groups viz. g/m, 1, then this conclusion may be rein-
terpreted as saying that the age-distributions tend to coincidence for large r,
but the common age structure may still tend to evolve with r. To see this note as
r— oo

n n (0) n n (0)
o;W; o W;
0, r) 0,7 {0, L4 (0, r) L)

D oty M MQ Lis Lok © “ A PR A Y o
i=1 2 ; Wy

i=1s=1 i=1 s=1

8 r) M 0. n
qs

for any fixedg=1,...,nand allk =1, ..., n, and hence is independent of a.

Strong ergodicity, discussed in §3.3, is the situation where the common
age- &ﬁiccmon tends to constancy as r — oo. .

We may thus call a combination of Theorem 3.3 with Lemma 3. 4, the
“Weak Ergodicity Theorem”. A variant in the demographic literature is
generally called the Coale-Lopez theorem, since a proof in this setting was
provided by Lopez Ceﬁv along the lines of Exercises 3.9-3.10. This original
proof was written under the influence of the approach to the basic ergodic
theorem for Markov chains with primitive transition matrix occurring in the
book of Kemeny and Snell (1960, pp. 69-70). The present approach (of the
text) is much more streamlined, but, insofar as it depends on the contraction
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form of 7,(-) needs to be established for completeness of exposition.
The theory of weak ergodicity in a demographic setting begins with the work
of Bernardelli (1941), Lewis (1942), and Leslie (1945). For the theory in this
setting we refer the reader to Pollard (1973, Chapter 4); see also Cohen
(1979b) for a survey and extensive references.

Of interest also is an economic interpretation of the same model (that is,
where all H, are of renewal-type as discussed above), within a paper (Feld-
stein and Rothschild, 1974, esp. §2), which served as a motivation for the
important work of Golubitsky, Keeler and Rothschild (1975) on which
much of our §3.3 depends. The vector g, represents, at time r, the amount of
capital of each “age” i = 1,2, ..., n, where goods last (precisely) n years. A
machine, say, provides s; as much service in its (i + 1)th year as it did in its
ith. Define b = b(r + 1) (the “expansion coefficient”) as the ratio of gross
investment in year r (for year r + 1) to capital stock in year r. Then each Hy,
k > 1, has the renewal form with each b; being b(k + 1) in Hy, , and all s;,
i=1,...,n—1Dbeing constant with k.

EXERCISES ON §§3.1-3.2

3.1. Show for positive (1 x ) vectors x', y/, 7' that for the projective distance d(;, *)
defined for positive vectors:
() dix', y')=0;
(i) d(x', y') = d(y', x);
(i) d(x', y') < d(x', 7) + d(, ¥') [Triangle Inequality];
(iv) d(x, ) =0 if and only if x = Ay for some 1 > 0;
(v) d(x’, y') = d(ax', By') for any two positive scalars «, p.

3.2. Show that on the set D¥ = {x; x > 0; x'1 = 1} the projective distance is a
metric. Further, show that if d(-, - ) is any metric on D*, and P € S, the set of
column-allowable stochastic matrices, and t(P) is defined by

d(x'P, y'P)
(P)= sup o
A v k.%mﬁb+ &A‘Hu.‘v
x#y
then
(i) ©(P1 P;) < o(P,)t(P2), Py, Py € §*;

Nv
(i) ©(P)=0for Pe S* ifand only if P = 1v', v e D™.
(iii) ©(P) = 1 for P = I, the unit matrix.

(Seneta, 1979)

3.3. Check that if T is allowable, then t5(T) = 15(T’) and hence state the analogue
of Lemma 3.4 for backwards products U, , = H,,, =" Hpy1 Hp.

34. If H, , = {h®"} is an arbitrary product formed from the allowable matrices
Hp+1, Hpisy ..oy Hyy, in some specified order, show that the products are
weakly ergodic if and only if
(a) H,,, >0, r=rolp);

(b) KE/HE " ~ WED, BED/RED ~ VED as r— oo for all i, j, p, k, where
v n W are independent of k.
[See also Exercises 3.6-3.7.]
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3.5. Show that in Lemma 34, W =Ilim,,, & 8™ may be written as
wiP/wiP for some w® = (Wi}, where w® > 0, (w?)y1 = 1.

3.6. Proceeding along the lines of Lemma 3.4 show that if T, > 0,7 > ro(p), then

max (52" o (527
V) R P

J J

are, respectively, non-increasing and non-decreasing with r. Hence show that if
Mwﬁﬁ, wv — 0, r — oo, for an allowable sequence H x> k = 1, then both sequences
_\Nﬂ“n ¢ same positive limit which (is independent of j and) may be denoted by

gs

3.7. Show that in Exercise 3.6 the limit may be written in the form VE = vP/o® for

some .e@ = {0/}, where v > 0, ()1 = 1. Combine this result with that of
Exercise 3.5 to show that if 75(7T, ,) » 0, r > oo, then

t2 /87 — wPHP WP > 0,

3.8. Show that for a stochastic matrix P = {pihiij=1....n

<1-ne

©(P)<1— Y min p;
s=1 i

srmanmnam:_...v.:.E,::mm:uVo 1 — ns < 1 and there i )
for 7,(P).] J By an ere 1s a simpler bound

39. m:vvoma. H,, k> 1, are all positive and satisfy condition (3.13). Using the
stochastic matrix with (k, s) entry

A" = fp.n halp +r+ 1)
s Js &m. r+1)

halp +r + :\M (¢ 768 Mylp + r + 1)
q

of Lemma 3.4, and Exercise 3.6, show that min, . d{? > y2p-1 i
X .6, s dis > y°n~ 1 and h
Theorem 3.1 and Exercise 3.8 that * ! ne henee via

|8 7/ep " — WP | <K (1—92), r>1

= L5

for some W >0 independent of k, wher i
. b A e K,, 0o>K,>01i
independent of i, j, k. ’ ’ @ constant

3.10. Gnam.a the conditions of Theorem 3.3 show [without recourse to @(-) or t5()]
by using the results of Exercise 3.9 and the weak monotonicity argument in
Lemma 3.4 that there are W independent of k such that for all i,j, kp

_nmm. L\H.A\ﬂ. fn_ “\«\MWV < OEAM _ A%1o\31ol~va~.\wou r> Hu

im,ﬂn C,, o.m C, < o0 is a constant independent of i, j, k. [Note that this form
of mo.oB.nﬁ:o. rate” of ergodicity differs somewhat in nature from that asserted
for this situation by the Corollary to Theorem 3.2]

: (Lopez, 1961; Seneta, 1973)

311 Ifall H,, k N.H.u rm<.o the same incidence matrix which is irreducible and has at
least one positive diagonal entry, show that H pr>0forp>0,r>2(n-1).
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3.3 Strong Ergodicity for Forward Products

Definition 3.4. The forward products T, , = {t{*"} formed from a sequence
of row-allowable matrices H,, k > 1, are said to be strongly ergodic if for
each i, j, p.

"

Shor 7

o P (3.17)
independently of i.

Lemma 3.5. If strong ergodicity obtains, the limit vector v, = {v'P’} of (3.17) is
independent of p > 0.

Proor: For any x > 0, # 0, it follows from (3.17) that as r — o0
XT,,/xT, 1>,
whence
xHy T,y H._.\H\ENIH Tpi1,r— e\m.

But xH,,; >0, #0 (since x¥H,,;1>0 from the row allowability of
H,.,) so the limit of the left-hand side is also v, ,, Hence all v, have a
common value, say v. Moreover v > 0, v'1 = 1, so v is a probability vector.

]

Definition 3.5. A sequence H,, k > 1, of row-allowable matrices is said to be
asymptotically homogeneous (with respect to D) if there exists a probability
vector D (ie. D >0, D'1 = 1) such that

DH,/DH]1 2, D

For the sequel we shall repeatedly make the compactness assumption
(3.13) which in the present context (insofar as we consider ratios) may again
without loss of generality, be replaced by (3.14). We restate this condition
here for convenience

(©) 0 <y<min* hy(k), maxhyk)<l

ij ij
and call it condition (C). O
Lemma 3.6. Strong ergodicity of T, ,, p >0, r > 1, with limit vector v, and

condition (C) on the sequence H,, k > 1, implies asymptotic homogeneity (with
respect to v) of the sequence H,, k > 1.
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PROOF: Let f; be the vector with unity in the ith position and zeros elsewhere.
Then

SiTp 41 A\mﬂ;: Hyiris

[Tl \fiT, 1

where p(r, p, i) is the scalar given by
EA\V D, ~v = A.\.Mﬁ. wHVAE\mu+w+ 1 Hv\\.ﬂﬂ ,rt+ HH.
Multiplying (3.18) from the right by 1 yields
1

= A.\,M‘N).wx\.mﬁ.-.HVAmN+—,+HH\e\mm+w+~HvbA~.u Nu» Nvu
and we may write

vb? p; i) (3.18)

e~*~u+~.+~H

ST JfiT,, 1 =0 + E(r, p, i)
where E(r, p, i) — 0 as r — oo by strong ergodicity. By (C)

plr, p, i) —— 1.
Applying this to (3.18) and using similar reasoning, as r — oo

’ / / :
VevH,, . WH,, 1 as required. O

Theorem 34. If all Hy, k > 1, are irreducible,' and condition (C) is satisfied,

then asymptotic homogeneity of H, (with respect to a probability vector D)
is equivalent to

e 22, ¢ (3.19)

a.ew.m‘m e, is the positive left Perron-Frobenius eigenvector of H, normed so that
it is a probability vector (e;1 = 1) and e is a limit vector. In the event that
either (equivalent) condition holds, D = e > 0.

PROOF: Let us assume that the prior conditions and (3.19) hold, Then since
by definition of e,,

e.=eH,/e,H1
it follows by condition (C) that as k — co
¢ — eH,/¢H,1

so asymptotic homogeneity, with respect to the (necessarily probability)
vector ¢ obtains.

h Conversely assume the prior conditions hold and H,, k > 1, is asympto-
tically vo:_omgmocm with respect to a probability vector D'. Since the set of
probability vectors is closed and bounded in R", it contains all its limit

! Any irreducible matrix is, clearly, allowable.
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points; let e be a limit point of a convergent subsequence {e,} of {e}, so
e, — e, i— oo. Then

¢, =& H e H1, i>1 (3.20)
Now, by condition (C)
Y < Hy < Ay, k>1,

where £, is the incidence matrix of H,, and the .#, are all members of the
finite set of all irreducible incidence matrices .#(j),j = 1, ..., t. Further, the
set [y2(j), £()]={T; y#(j) < T < #(j)} is a closed bounded set of R™,
whence so is

0= UDs0) #0)

(which contains only irreducible matrices satisfying (C)). Hence referring to
(3.20) and taking a subsequence of {k}, i>1, if necessary,
H,,—» HeQ, i— o, so that

¢ =¢H/¢H1.
From asymptotic homogeneity, on the other hand
D'=DH/DHI1.

Since H is irreducible, it is readily seen that both ¢ and D’ must be the
unique probability-normed left Perron-Frobenius eigenvector of H, so
D = e > 0,and, further, the sequence {¢;} has a unique limit point D, whence
e,—»D=e O

Corollary. Under the prior conditions of Theorem 3.4, if strong ergodicity with
limit vector v holds, then (3.19) holds with e = v. [Follows from Lemma 3.6.]

Lemma 3.7. Suppose y > 0 and the sequence {x,}, m > 1, x,, > 0 each m, are
probability vectors (i.e. y'1 = x,,1 =1). Then as m —> o

d(x,,, y)—>0s=x, >y (m— ).

PROOF: x;, -y =d(x,,, y')— 0 follows from the explicit form of d(-, -).
Conversely suppose d(x,,, y')— 0. Writing x|, = {x{™}, we have from the
form of d(-, -) that y,x{™/x{y; > 1, m— o ie.

In (y;/x™) + In (x{"/y;) = 0.

Now, since the set of all (1 x n) probability vectors is bounded and closed,
there is a subsequence {m,} of the integers such that x" — z, where z, being
a probability vector, has at least one positive entry, say z;,. Putting i = i,
and m = m, above, it follows that for anyj=1,..., n, xwé — z;, and that
In (y;/z;) = C = const. Thus y; = (exp C)z; and since y' and 7' are both
probability vectors, C =0, and y = z. Hence any limit point of x,, in the
sense of pointwise convergence is y, S0 x,, =y, m — 0. O
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In the following theorem we introduce a new condition, (3.21), which is
related to that of the Corollary to Theorem 3.2 and implies the same geome-
tric convergence result for weak ergodicity.

Theorem 3.5. Assume all H,, k > 1, are irreducible and satisfy condition (©);
and ,
dmAN.,N, ..v < m < H AwN_v

for allr > t (for some t > 1), uniformly inp > 0. Then asymptotic homogeneity
of Hy, k > 1, is necessary and sufficient for strong ergodicity of the T, r-

ProoF: (Necessity.) Given strong ergodicity and condition (C) asymptotic
homogeneity follows from Lemma 3.6. [Note that neither irreducibility nor
(3:21) are needed for this.] (Sufficiency.) We shall only prove strong ergodi-
city of T, , in the case p = 0 since the argument is invariant under shift of
starting point. Consider the behaviour as r — oo of the probability vectors
v, = v,/v,1 where v, =x'Ty,,, r> 1, for arbitrary fixed x = v5=>0, #0.
From Theorem 3.4, ¢, — ¢ > 0, so, from Lemma 3.7 it follows that there is an
ro(¢) > t such that d(¢], ¢) < & for r > r,(e): consider such an r. Then taking
into account that for a > 0, v, > 0 for any k > ¢ since by (321) T, g+x > 0,
and the properties of d(-, -) [see Exercise 3.1]

d@, ., €)=d(,,,, ¢)=d(v,T, ,, €)
<AWT,,. 0T, )+ d(eT,,, 1T, ) + d(ees T, €)
<Bdv,, ¢)+ B de, €.;)+de., T, ., €)
<Bd@,e)+e+de .. T, )

the B (< 1) arising from (3.21) and the definition of 7,(-). Now focussing on
the term on the extreme right, since ¢, , H,,, = er1p(H py)

des1 T, €)=d(€ 1 Tay, s €)
<dler1Tag 16Ty, 1) +d€Tuy o1, €y 2 Tvr —y)
+ &A&i Tiq-1, m\v
<2%+d(€2T41,-1, €);
<26t = 1)+ d(ehs Tovry 11 )
<e¢g2t-1)
since T;4,—1,1 = H,,,. Thus from (3.21) for r > ry(e),

A4, €) <P d(,, &) + 2te,
whence

T ! S =7 4 H — B
&Ae=+¢+nv3 Nv <p &Aeaft e v + NRAHIIW.V
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so letting s — o0, r — o0 yields

lim d(v,,,, €)=0  for arbitrary a > 0.

k— 0

From Lemma 3.7

lim o, =¢, especially for a=0, ..., t — L.
k—
Hence
lim o, = e 0O
r—ow

Corollary. If: (i) all Hy, k> 1, are allowable; (ii) (3.21) holds; and (iii)

k—> w0

e, —— e for some sequence of left probability eigenvectors {e;}, k > 0, and
for some limit vector ¢ > (', then strong ergodicity obtains.

The following results, culminating in Theorem 3.7, seek to elucidate the
nature of the crucial assumption (3.21) be demonstrating within Theorems
3.6 and 3.7 situations which in essence imply it.

Theorem 3.6. If each H, , k > 1, is row-allowable and H, — H (elementwise) as
k — oo, where H is primitive, then strong ergodicity obtains, and the limit
vector v' is the probability-normed left Perron-Frobenius eigenvector of H.

PRrOOF: (Again we only prove ergodicity of T, , in the case p =0.) _L.o.ﬁ ko be
such that for k > k,, H, has positive entries in at least the same positions as
H. Let j, > 1 be such that H/° > 0 (recall that H is primitive). Then for

ﬁNOu.\N.\O

k+ o ;
J
+ko,i > 0, T ; H.

T,

p

Then for r > 2j, + kg, and p > 0
T = Tk Tyt ko, r=jo-ko Tp+r—jo, jo > 0 (3.22)

SInCe Tpyig, r—jo—ko > 05 Tpir—jo, jo > 0 and T, is row-allowable. In view
of property (3.7) of 4() and (3.22)

HNAN.,?_.V =< amﬁﬁ+q|\o'\.ov Awwuv

for r>2j,+ky. Now 14T, ;) — t5(H®) as k— oo, so for k= oy,
75(Ty, j,) < B < 1, since t5(H°) < 1. Thus for r > 2j, + ko + 2o, =t say,
from (3.23)

5(T,,,)<p<1

uniformly in p > 0. This is condition (3.21).
The proof of sufficiency of Theorem 3.5 is now applicable in the manner
encapsuled in the Corollary to that theorem, since H,, k > t, are certainly
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allowable, once we prove that e, — e > 0, where ¢} is the probability-normed
left Perron-Frobenius eigenvalue of the primitive matrix H (k> ky), and ¢
is that of H. We have that

e = eHy /e H, 1.

Let ¢* be a limit point of {¢,}, so for some subsequence {k;} of the integers
ey, — e*, where e* must be a probability vector (the set of (n x 1) probability
vectors is bounded and closed). Since H = H, we have

(%) = (e*YH/(e*yHI

s0 (e*) is the unique probability-normed left Perron-Frobenius eigenvector,
¢ (> 0') of H. Hence e, — e. [This part has followed the proof of Theorem
3.4.] . O

We now denote by M; the class of non-negative matrices T such that for
some k (and hence for all larger k), T, has its jth column positive. Clearly
()i=1 M, is the set of all primitive matrices.

We also write 4 ~ B for two non-negative matrices 4 and B if they have
the same incidence matrix, i.e. have zero elements and positive elements in
the same positions, so that the “pattern” is the same.

Lemma' 3.8. If A4 is row-allowable and AB ~ A for a matrix B € M; then A
has its jth column strictly positive.

Proor: Since AB* ~ A for all k > 1, and AB* has its jth column positive for
some k, A has its jth column positive. |
Corollary. If B is positive then A > 0.

Lemma 3.9. If T, , is primitive, p > 0, r > 1, then T, ,>0forr>twheretis
the number of primitive incidence matrices.

Proor: For a fixed p, there are some a, b satisfying 1 < a <b <t + 1, such
that _

mh+pmﬁ+w mﬁ+amh+n+~ ... mv+v2m\+umv+n H
since the number of distinct primitive incidence matrices is ¢. Hence

T,

b, a

pt+a

Nw+a.eln ~ N.,w.n.

By the Ooao:mQ to Lemma 3.8, 1,,>0,50T,,>0,r>t OJ

Theorem 3.7. If T,..,p = 0,7 > 1, is primitive, and condition (C) holds, asymp-

totic homogeneity is necessary and sufficient for strong ergodicity.

! We shall use the full force of this lemma only in Chapter 4.
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Proor: Clearly all H, are primitive, so irreducible; and condition (C) is
satisfied. Moreover for r > t where ¢ has the meaning of Lemma 3.9

t5(Tp.r) < wa(T;,1)

by the property (3.7) of 74(+). From condition (C) {analogously to (3.15),
since, by Lemma 39, T, , > 0}

Y1 < T, , <n' 111"

Since t5(A) clearly varies continuously with 4 > 0, if A varies over the
compact set y'11' < A < n'~'11’, the sup of t4(A), say B, over such A4 is
obtained for some A* in the set. Thus A* > 0 and = t5(4*) < 1 whence for
allp>0,r>t,

ﬂmAﬁr ..v = .% <1l
We can now invoke Theorem 3.5 to obtain the conclusion of that theorem.

O

We conclude this section by touching on some results relating to uniform
strong ergodicity.
Lemma 3.10. If all H,, k > 1, are allowable and (3.21) obtains, then
d(@,, w,) < KB, r=>2t,

where w, = w, /w1, r > 1, with w, = y'T, ,, r > 1, for arbitrary y = wy > 0,
# 0, and v, as in the proof of Theorem 3.5, with K independent of w, and v,,.

ProOF: Writing r =a + t + st, where a=0, ..., t— 1, s> 1, with a and s
depending on r (> 2t), we have

&Amw. @“v = &Ampfﬁi. st> @piﬂaf. &v
M dm.AHu+r n“v &Amw+3 @&+Nv

by definition of 74(-);

s
IAI :HEA,NN+?P~V &Amn+: m~a+~v
k=1

by (3.7);
M um HNA~I~M~+: vﬂu=+~v = ul-mml?_\cl 1 &Awp+: —ﬂn+~vw.

Now {B~“D~ 1 d(v4 Ty, 441, Wo Ty, a+)} for fixed a is evidently well-defined and
continuous in vy, w, (since Ty .., > 0) and these are probability vectors
thus varying over a compact set. The sup is thus attained and finite; and the
final result follows by taking the maximum over a =0, ..., t — 1. O

Theorem 3.8. Suppose </ is any set of primitive matrices satisfying condition
(C). Suppose €(H) is the left probability Perron-Frobenius eigenvector of
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He s Then for x>0, #0, if 5(H) = x/x'1 and 5,(H)= x, H'/xH'l,
d(@(H), ¢(H)) = d(x'H’, ¢(H)) < KB for r > 2t, where t=n? — 2n + 2,
K >0,0 < f'< 1, both independent of H and x.

Proor: For any H € o, H" > 0 for r > t by Theorem 2.9, and, from condi-
tion (C),

Y1V < H' < '~ 111,
Thus for r > ¢, by (3.7)
(H) <1p(H) < < 1

where B is independent of H € o/ being the sup of 75(A) as A varies over the
compact set y'11' < A < n'~ '11 (as in Theorem 3.7). Following Lemma 3.10,
with w, = e(H), we have for r > 2t

&Ak‘mu QA:VV < m‘\:@%ln\clp &Ak\mni‘ N\Amvvw
and the result follows by taking sup over
A.QI?EIH &Ak\maf,u &\Amvvw

as x" and H vary over their respective compact sets (see the proof of
Theorem 3.4), and. then taking the maximum over a = 0,1,2 ...,t—1.

O

Bibliography and Discussion to §3.3

The development of this section in large measure follows Seneta and Sheri-
dan (1981), and owes much to Golubitsky, Keeler and Rothschild (1975, §3).
Theorem 3.6 {given with a long direct proof as Theorem 3.5 in Seneta
(1973c)}, together with Exercise 3.15, is similar in statement to a peripheral
result given by Joffe and Spitzer (1966, pp. 416-417). Lemmas 3.8 and 3.9
have their origins in the work of Sarymsakov (1953a; summary), Sarymsa-
kov and Mustafin (1957), and Wolfowitz (1963). Theorem 3.8 is akin to a
result of Buchanan and Parlett (1966); see also Seneta (1973c, §3.3).

The results of §§3.2-3.3, with the exception of Theorem 3.8, may be
regarded as attempts to generalize Theorem 1.2 (of Chapter 1) for powers of
a non-negative matrix to inhomogeneous products of non-negative matrices.
A great deal of such theory was first developed, also with the aid of
“coefficients of ergodicity ”, for the special situation where all H « are stoch-
astic, in the context of inhomogeneous Markov chains. We shall take up this’
situation in the next chapter, where, owing to the stochasticity restriction, an
easier development is possible. The presentation of the present chapter has,
however, been considerably influenced by the framework and concepts of
the stochastic situation, and the reader will notice close parallels in the
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development of the theory. Theorem 3.8 touches marginally on the concept
of “ergodic sets”: see Hajnal (1976).

In relation to the demographic setting discussed following §3.2, as already
noted, the property of strong ergodicity for forward products relates to the
situation where the common age structure after a long time k (“ weak ergodi-
city ”) will tend to remain constant as k increases.

EXERCISES ON §3.3

3.12. Show that { Ji-; M; = G,, the class of (n x n) nonnegative matrices whose
index set contains a single essential class of indices, which is aperiodic. [Recall
that M ; is that class of (n x n) non-negative matrices T such that, for some k, T*
has its jth column positive.]

3.13. Show that if T is scrambling [Definition 3.2}, then T € G, [as defined in Exer-
cise 3.12]. Construct an example to show that a T € G, is not necessarily
scrambling.

3.14. By generalizing the proof of sufficiency for (the Corollary of) Theorem 3.5 by
leaving t4(7,,,) in place of B, show that if:
(i) all Hy, k > 1, are allowable and T,,, > 0 for all r > ¢ (for some t > 1);

s—1 s—1
@) Y J] ws(Tpww) <L <
j=1 k=s—j

uniformly for all s > 2 and p > 0; and

k—+ oo

(i) e, —— e for some sequence of left probability eigenvectors {ei}, k > 0,
and for some limit vector ¢ > 0,

then strong ergocicity obtains. (Seneta & Sheridan, 1981)

3.15. Taking note of the technique of Lemma 3.10, show that under the conditions of
the Corollary to Theorem 3.5 (and hence certainly under the conditions of
Theorem 3.5),

d,, €)— 0

uniformly with respect to vo = x>0, #0.

3.4 Birkhoff’s Contraction Coefficient:
Derivation of Explicit Form

N

In this section we show that if d(x’, y) is the projective distance between
¥ ={x}Ly={>0,ie.

X Yj
d(x', y') = max In ! vu
( ) iJ X;iYi
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then for an allowable T = {t, it

def d(x'T, h\ﬂvl 1 — [¢(T)]V/?

5(T) = sup =
ny20 d(x, y) 1+ [¢(T)]'2
where
$(T)= min *2 750,
i k1 Likla
=0 it T %0,

To this end we first define two auxiliary quantities, max (x, y), min (x, y).
For any

H”M‘x‘.mwmx=u E”A%LNQ» m‘meu

max Amv = max Amv, min Amv = min i
y i \Vi y i \Ji
where (x;/y;) = oo if for some i, x; > 0 and y, = 0; and (xi/y;) = — o0 if for
some i, x; < 0 and y; = 0; (0/0) = 0.
The following results list certain properties of max (-, -),and min (-, -)

necessary for the sequel and serve also to introduce the quantities osc (x/y)
and 6(x, y).

Lemma 3.11.
(1) max [(x + y)/z] < max (x/z) + max (3/2)
min [(x + y)/z] > min (x/z) + min (y/z)
Jorany x,yeR,;z>0, +0.
(ii) max (—x/y) = —min (x/y)
min(—x/y) = —max (x/y)
foranyxeR,;y>0, +0.
(ii0) min (x/y) <max (x/y), xeR,; y>0, +0
. 0<min (x/y) <max (x/y), x>0; p>0; #0.

(iv) If osc (x/y) = max (x/y) — min (x/y), x e R,; y > 0, # 0 [this is well-
defined  since max (x,p)> —c0 and min (x, p) < o], then
© > osc (x/y) > 0, and osc (x/y) =0 if and only if: x = cy for some
c € R, and in the case ¢ # 0, y > 0.

(v) max (ox/1p) = (o/1) max (x/y),
min (ox/ty) = (/) min (x/y)

XeER,;y=0,#0;7>0,6>0.
(vi) max [(x + cy)/y] = max (x/y) +
min [(x + cp)/y] = min (x/y) + ¢
osc [(x + cy)/y] = osc (x/y),
XeER,;y>0, £0;ceR.
(vii) max (x/y) = [min (y/x)]"", xy>0, 0.
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(viii) If x, y, 2> 0, #0, then
max (x/y) < max (x/z) - max (z/y),
min (x/y) > min (x/z) - min (z/y).
(ix) max [x/(x + )] = max (x/y)[L + max (x}p)] < 1,
min [x/(x + y)] = min (x/y)/[1 + min (x/y)] < 1,
x,y=>0, #0.

Proor: Exercise 3.16. '

Lemma 3.12. Let x, y > 0 and define for such x,y

f(x, y) = max (x/y)/min (x/y)

(this is well-defined, since the denominator is finite). Then
(i) O(ax, By) = 0(x, y), o, f>0;
(ii) B(x, y) = 6(p, x);
(iii) oo = O(x, y) = 1,and 8(x, y) = Lifand only if x = cy > 0 for some ¢ > 0;
(iv) O(x, 2) < O(x, y)0(y, z7) ifz=>0, 0.

Proor: (i) follows from Lemma 3.11(v). Lemma 3.11(vii) yields 6(x, y) =
max (x/y) max (p/x), = 0(y/x), which gives (ii). (iii) follows from Lemma
3.11(iii). (iv) follows from Lemma 3.11(viii). O

Lemma 3.13. Suppose A is a matrix such that 7 >0=27A4> 0. Assume
xeR,,y>0and 0 < osc (x/y) < . Then for any ¢ > 0,

osc (X' A/y'A) = (osc (x'/y') + 2e)w(z) A, 22 A)
where for w, z >0

max (w/z) - max (z/w)—1
(max (w/z) + 1) - (max (z/w) + 1)’

o(w, z) =

zy = x — (min (x/y) — e}y >0,

z, = (max (x/y) + e)y — x > 0,
so that

2y + 23 = ylosc (x/y) + 2¢).

[N.B. We are adopting, for notational convenience, the convention that for

any x, yeR,, and each f, f (x, y) = f(x', »').]
PRrROOF:
osc (x'A/y’A) = max (x'A/y'A) — min (x'A/y'A)
—fmax (¥4 — (min (/) — ) - ¥ AJy' A) + min (¢/y') )
— {min ([x'A — (min (x'/y’) — €) - y'A]/y'A) + min (x'/y') — &}
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by Lemma 3.11(vi);
= ((osc (x'/y') + 2¢) - max ([x¥'4 — (min (x'/y') — &) - y' A
AOmn.u AH\\%\V + va . .V\\Av _ AAOwo Ak\\-—\v M.HN.MVV mv y H_\
~min ([x'4 — (min (x'/y’) — ¢) - y'A]/(osc (x'/y') + 2e)y'A)
by Lemma 3.11(v);
= (osc .?\\5 + 2ef{max (z) A/z; A)/(1 + max (z; A/z, A))
— min (2 4/z; A)/(1 + min (2, 4/z; A))}
by Lemma 3.11(ix);
= (osc (x'/y’') + 2e){max (2}, A/z, A)/(1 ' 4l
— [1/(1 + max (z, \_\N\MN\__E\WN V+ max (234723 4)
by Lemma 3.11(vii);

= (osc (x'/y') + 2e)o(z} A, 25 A). 0

The ?:ﬁo\mo of Lemma 3.13 was to establish a relation between osc (/)
and osc (x'4/y’4), which leads to the inequality in Theorem 3.9.

Theorem 3.9. For x + 0 and y > 0, such that 0 < osc (x/»), and A such that
2>0=>74A>0

osc (vAly A)ose (x'[y) < (6V%(4) — 1)/(612(4) + 1)
where 0(A)=sup O(w'A, 7A4), and this sup is over w, 7> 0. [NB. If
8(A) = oo, the right-hand side is to be interpreted as unity.]
PROOF: Since both max (w'4/z'A), max (7 A/w'4) > 0 (and necessarily finite)
oW A, 74) = max (w'A/z'4) - max (7A/w'A) — 1
[max (w'A4/z'A) - max (z'A/w'A)
+ max (2'A/w'A) + max (w4/7'A) + 1]
(from the definition of (-, -))

< max (w'A/z’A) - max (7 A/w'A) — 1
~ [max (w'4/z'A) - max (7 A/w'A)
+ 2{max (z4/w'A) - max (w'A/z A)}'? + 1]
since if a, b > 0, a? + b2
3.11(jii) and (vii);

s () ) = e () e (]
~{ol) () +of

> 2ab > 0, and the numerator is > 0 by Lemma
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by Lemma 3.11(vii) and the definition of (-, *);
= {6'2(w'A/7 A) — 1}/{0Y*(w' A/z' A) + 1}.
Hence by Lemma 3.13, since (¢ — 1)/(« + 1) is increasing with o > 0,
osc (x' Ay A)/(ose (¥/y') + 28) < {6Y3(4) — 1J{0Y/2(4) + 1}
Letting ¢ — 0+ yields the result. O
Since it is seen without difficulty (Exercise 3.17), that for an (n x n) matrix
A, z>0=7A4 >0, if and only if 4 is non-negative and column-allowable,

we henceforth use the usual notation for an (n x n) non-negative matrix,
NJ = MHCW.

Lemma 3.14. If T > 0, and f; denoted the vector with the ith of its n entries

unity, and the others zero, then, for all k, 1=1, ..., n
sup Ak\ﬂ\»v = max A\Mﬂ\wv
x>0, #0 x'Tf, i fiTh

PrROOF: Write x = {x;} = Y ; x; f;. Then

ap (Z25) ap A TS, ,Mim?.v.
1 i=1

!
x20, 0 \ X Tf, x>0, #0

Assume without loss of generality that
FTRAOTAZ 2 TH R THh= - 2 LTS Th:

Now, if a,b,c,d >0, then a/b>c/d<>a/b> (a+ c)/(b+ d), applying
which to the immediately preceding (from the right) yields for any x > 0,
#0

T =3

with equality in the case x = f;, which is as asserted. O

L Sxisith] $xurins

Corollary. If' T > 0,

H§|>§
o Aki_v - A\MQV.

i

Theorem 3.10. For the possible cases of column-allowable T:

Lk t;

(T) = max A

[

v if T>0,

N: ﬂg.w
= o0 if T # 0, T allowable;
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and if T is column-allowable but not row-allowable,
0(T) = o

if and only if there is a row containing both zero and positive elements.!
Proor: Suppose T >0, w, z > 0. Then
E\H\»\E\ﬂb _wTf - ZTf
TS | ZTf, wWTf- 7Tk

T 2
\w Ji. max \\LS
i SiTh i fiThA

< max

by the Corollary to Lemma 3.14; |

Il
8
o
bl
—
s
=&
T —
. g
B
—————
< In_“
= -
S —

IA

max AH; L v
Lkt \Liglje
— Ammowo F.iov
ﬁ.oE n\.owo
for some iy, jo, kg, I,
Hence

A

O(r) = sup T WET) [t
w, z>0 Min, (WTf/Z Tf) Liolo Ljoko

On the other hand
2T 4T
TTh, | 2Tf,
where w = {w;} > 0 with w;; = (1 = §), 6 >0, w1 =1 and 7 = {z} > 0 with
mmo W (1-0),6>0,z1=1; and letting § » 0+ yields the required result
a
QG..V = Aﬁ.owo H\.oa\wmes F.owov.

If T has a row containing both positive and zero elements then for some Js
tix=0, t;; >0 for some k, h. Choose w = {w;} >0 so that w; = (1 =),
>0, wl=1,and z=1. Then ,

. [(wT é M t.
0< - Z &t ik
< min An\ﬂv < M,;. 0 <é

! What happens when this fails is treated at the conclusion of the proof.
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and

7T Mm Lis M“_. Lin
s0 (w'T, 7 T) > (1 — &)t;,/, and the result follows by letting 6-0+.
The only case remaining is where all rows are either zero or strictly
positive, and there is at least one of each. Then call the m x n matrix
(1 < m < n) formed from T by deleting the zero rows 4 = {a;;}. By a preced-
ing sequence of arguments

S

max Amv = max AM,: sﬁav > (1 = 3)ty,

6(T) = max Aa;a:v. O

ij. k1 \GiQjk

Theorem 3.11. If T is column-allowable
sup osc (¥ T/y TYosc (¢/y') = (03(T) — L/(O¥(T) + 1)

where the sup is over x > 0,y > 0 such that x # cy. (Interpret the right hand
side as 1if 0(T) = ©.)

ProoF: Since osc (x/y) =0 if and only if x = cy (Lemma 3.11), we have
osc (x/y) > 0 and are within the framework of Theorem 3.9. If6(T) = 1, from
Theorem 3.10 all rows of T are non-negative multiples of a single positive
row, and so osc (x'T/y'T) = 0 for all x, y > 0 (Lemma 3.12) and the proposi-
tion is established for this case. If §(T) = oo, by Theorem 3.10 T has a row,
say the jth, containing both positive and zero elements, and by Theorem 3.9

osc (x'T/y'T)josc (x'/y) < 1

x,y > 0, w # cz. Suppose t; = 0 and ¢, > 0. Choose y = Af;+1,4>0,and

x=1-f.
Then osc (x'/y’) = 1, while

k\ﬂ\»v I Ak:ﬁ\‘_v
YTfi Y'Tf

MA Do bk VIA Yt L v

A».Hu.w + Mm wav A\._‘H? + Mm nu:v

osc (X' T/y'T) = A

and, since

Mﬂuw”M ﬂuwvov
sFJ s
11— A Yoz Lon v

(1 + Atjn + Doz taal

and letting A — oo yields the result. In this argument x # 0, but an approxi-
mating argument (use x = 1 — (1 — 8)f;) will yield the result required.

We now turn to the remaining case 1 < 8(T) < oo, and suppose first (see
Theorem 3.10) that T > 0. Choose ¢ >0 small enough so that 61%(T) %

.
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(1—¢)>1. From Theorem 3.10 i

) \ \ : 10, putting S = max; (f:Tf,/f; T, d
I Irﬁ:?. (f; TS/ Tf,), it follows that 0(T) = max, ,; /I, so R%_o %Wﬁmmu l
such that S/I > 6(T)(1 — ¢)?, and we henceforth consider k and / fixed at
these values. We can now find a § > 0 such that

(S =) +6)>0(T)(1 —¢)* > 1.
Let
M ={f: (fiTAITH) >S5}  (+¢)
m={f;: (fiTRU TR <I+8}  (+¢).
Clearly M nm=¢, since (S—6)/(I+6)>1. Put F= Ut £

N=F—-mandN=F—-m—-M=N— M- :
ten m—M=N-M;andif B< F and x = {x;} > 0,

Xg = MXN.\W.

fieB

Take, along the lines of the preceding argument
.‘“MH§+H>~+SMZ
X =yy=1y+nlg

o ﬁm X _ —|~ 'Y —

osc (X'T/y'T) = (XTf/y Tf,) — (X' Tf,/y' T,
= ONTRNY'T £) — OnTA/Y TS

from the choice of x.
Now

W Th/yn TR) = (L TALT) < T + 65,
OnTAYUT) = W T/ T) > S — 6
since e.g. if a/b, ¢/d > a for a, b, c, d, o > 0, then (a+ c)/(b + d) > o. Hence

~ ~

since N=M U N, M~ N=¢
N TN TH) = [0 Th + yy TR T, + yi TF)]

= [V Tf + 0l TAY (W TS + 15 T
>85-6

if n is chosen sufficient] .
\ ( St y small,- and then fixed. Thus if
t=Ym TH/Yn Th, t = ¥, Tfi/yx Tf:, then e

1/t > (S — 8)/(I + 6)
> 0(T)(1 — &)
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Now, since F=N u mand N n m=¢,and N2 M # ¢, m# ¢,
ONTAY T — O TAIY TS)
= D TASON Th + Vu TH)] = DN TA/ON T + Y TH)
=(1+0) =1+t
>(14+0)" =1+ H(T)(1L—e)]!
in view of the inequality for t/t;

_ [6(T)(1 —¢)* — 1]
T+ (T - )]

after simplification.
Further,

t= Y ‘H\r\ﬁcr ﬂ\wv = Yom .H\»\Cxi Tf + y& ‘H\wv
=1, Tfi/Wu Tf, + 115 TA)

so, (7 now being fixed) A >0 can still be chosen so that t={0Y*(T)x
(1 —¢)}7%, and then fixed. From the above, for these choices of 4, 7,

osc (X T/y'T) = WA/ T f) — WNIAY TH)
S (- E+ )=~ D +1)

VAT —&)— 1
TOVT)1—e)+ 1

If we now replace x by x + y on the left and use Lemma 3.11(vi), we see
that

o AT =) — 1
sup 0se (K TH'T) > faima(ry1 =) + 1
xF*cy
and letting ¢ — 0+, together with Theorem 3.9 yields the final result.

The remaining case for the theorem in that where T has only strictly
positive and strictly zero rows, and at least one of each. This is tantamount
to treating a rectangular matrix 4 > 0 as in Theorem 3.10, and is analogous
to the treatment for T > 0. : Ol

The following result finally yields the explicit form for t4(T).

Theorem 3.12. If T is column-allowable,

def dx'T,yT) |1 - PY3(T)
olT)= 50, aw,y) T+ ¢7(T)

xXF Ay

where ¢(T) = 0~ (T), 6(T) having the value specified by Theorem 3.10.
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Proor: For any ¢ > 0, since x # Ay, x + ¢y # Ay, so
dl(x + cy) T, y T)/d[(x + cpY, y'] < 5(T).
Since the numerator of the left-hand side is
In Aamx [(x+ Qv\\ﬂ\%\dv, H_: Ame *TWY'T)+c
min [(x + cy) T/y'T] min (x'T/y'T) + ¢
by Lemma 3.11(vi);

=1In[1+c™ ! max (xT/y'T)]
—In [1+4 ¢ ' min (X'T/y'T)],
and similarly for the denominator, it follows by letting ¢ — oo that
osc (x'T/y'T) . dl(x +cy)T, y'T]
—————— = lim 24
oo (@) i dxteyy] =0T G2
Next, we note from Theorem 3.9 that
{max (x'T/y'T) — min (x'T/y'T)} < o(T){max (x'/y’) — min (x'/y')}

where we have put, for convenience, ¢(T) = [1 12( 1
. ? s = — 1+ /2 :
that is [by Lemma 3.11(vii)] [1 = HTIL + $VH(T));

Bquﬂ\k\ilamsqﬂ\k\d meC\\h\leEQ\\&\v
max (y'T/x' T)min (y T/x'T) = QQJVA max (y'/x’) min (y'/x’) V
Replacing y by ky + x, k > 0, and using Lemma 3.11(vi) and (v)
max (y'T/x'T) — min (y'T/x'T)
[1 + k max (' T/x'T)|[1 + k min (y' T/x'T)]
< iﬂv" max (y'/x') — min (y'/x')
[1 + k max (y'/x')][1 + k min (y'/x')]]’
Integrating both sides in the interval (0, ¢), ¢ > 0, over k, we obtain
In [1+ ¢ max (y’T/x'T)] — In [(1 + ¢ min (' T/x'T)]
< o(T){In [1 + ¢ max (y'/x')] — In [1 + ¢ min (y'/x')]}

ie.
In {[1 + ¢ max (y’T/x' T)}/[1 + ¢ min (y' T/x'T)]}
In {[1 + ¢ max (y'/x')]/[1 + ¢ min (y//x')]}
and ._mﬁbm ¢ — o0 yields for x, y > 0, x # Ay, that

d'T, ¥ TYd(y, ) < o(T)

< a(T)

so that

5(T) < o(T).
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But, from (3.24) and Theorem 3.9
o(T) < 7(T)

so the required follows. O

To conclude this section we consider the important case where T = w\
where P is stochastic (so 1'T = 1’ and T is certainly 8::.:: m:oimc_ov..w,_?m
relates directly to the spectrum localization results mentioned in the Bi mo-
graphy and Discussion §2.5 in relating 14(T) and 7,(T) for a non-negative
irreducible T, and, not surprisingly, relates to Theorem 3.1.

Theorem 3.13. If P = {p,;} is a stochastic matrix, then t(P') N.SE where
1,(P) =% max; ; Y-y |pis — pss|. In particular, if P is stochastic and allow-
1 i, s= is s

able, then
75(P) > 14(P).
Proor. For x, y > 0, x # Ay, by Theorem 3.9 and Theorem 3.12,
15(P') = osc (x'P'/y'P')/osc (x'/y)
and in particular if y = 1, for x > 0, x # i1
osc (Px/1) (max (Px/1) — min Qua\cv
osc (x/1) B A max (x/1) — min (x/1)

Now, Theorem 3.1 states that certainly the .amg-rm:a side is always
< 7,(P). We need to tighten this result by proving

15(P') >

bt el e (3.25)
>0 0sc(x/1)
x# Al

We shall suppose 7,(P) > 0; otherwise the theorem is already established.
Suppose ig, jo are such that

dquV" Mu_mwmom|ﬁ&.om_

N =

= MU Aﬁmom - ﬁ.-.omv
seS

where S = {5; Pis — Pjos > 0} # ¢ and is a proper subset of {1, 2, ..., n}. Let

x = 1g; then
©4(P) = fi,P1s — f,Pls
osc (P15/P1)
osc (15/1)
osc {P[61 + (1 — 8)i5}/P1}
osc {[61 + (1 — )15)/1}

<
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since P1 =1, by Lemma 3.11(v) and (vi), noting that for small § > 0,
x(0) = 61 + (1 ~ &)15 > 0, x(5) # A1. Thus (3.25) is established.

The remaining portion of the theorem follows from the fact that for
allowable P, t5(P) = 15(P') (Exercise 3.3). O

Bibliography and Discussion to §3.4

The development of this section follows Bauer (1965) up to and including
Theorem 3.9. The proof of Theorem 3.11 is essentially due to Hopf (1963).
The arguments leading to the two inequalities which comprise the proof of
Theorem 3.12 are respectively due to Ostrowski (1964) and Bushell (1973).
Theorem 3.13, as already noted in the Bibliography and Discussion to §2.5,1s8
due to Bauer, Deutsch and Stoer (1969). The evaluation of 7,(T) was first
carried out in a more abstract setting by Birkhoff (1957) [see also Birkhoff
(1967)], whose proof relies heavily on projective geometry. The paper of
Hopf (1963) was apparently written without knowledge of Birkhoff’s ecarlier
work. The section as a whole is based on the synthesis of Sheridan (1979,
Chapter 2) of the various approaches from the various settings, carried out
by her for the case when T is allowable.

EXERCISES ON §3.4
3.16. Prove Lemma 3.11.

3.17. Suppose A4 is an (n x n) real matrix. Show that
() 720, #0=74>0, +0 if and only if 4 is non-negative and
row-allowable;
(ii) 2 > 0'=2'4 > 0’ if and only if 4 is non-negative and column-allowable.

3.18. In view of Lemmas 3.11 and 3.12, and Exercise 3.17(i), attempt to develop the

subsequent theory for row-allowable T, taking, for example, “sup” directly
over x,y >0, #0 etc.

3.19. Suppose A = {a;} >0 is (m x n) and column-allowable. Define 6(A) as in
Theorem 3.9. Evaluate §(A) as in Theorem 3.10, and investigate in general how

far the theory of this section and §§3.1-3.2 can be developed for such rectangu-
lar A.



CHAPTER 4

Markov Chains and Finite
Stochastic Matrices

Certain aspects of the theory of non-negative matrices are particularly im-
portant in connection with that class of simple stochastic processes known
as Markov chains. The theory of finite Markov chains in part provides a
useful illustration of the more widely applicable theory developed hitherto;
and some of the theory of countable Markov chains, once developed, can be
used as a starting point, as regards ideas, towards an analytical theory of
infinite non-negative matrices (as we shall eventually do) which can then be
developed without reference to probability notions.

In this chapter, after the introductory concepts, we shall confine ourselves
to finite Markov chains, which is virtually tantamount to a study from a
certain viewpoint of finite stochastic matrices. We have encountered the
notion of a stochastic matrix, central in the subject-matter of this book, as
early as §2.5. A number of the ideas on inhomogeneous products of finite
non-negative matrices developed in Chapter 3 will also play a prominent
role in the context of stochastic matrices. In the next chapter we shall pass to
the study of countable Markov chains, which is thus tantamount to a study
of stochastic matrices with countable index set, which of course will subsume
the finite index set case. Thus this chapter in effect concludes an examination
of finite non-negative matrices, and the next initiates our study of the count-
able case.

We are aware that the general reader may not be acquainted with the
simple probabilistic concepts used to initiate the notions of these two chap-
ters. Nevertheless, since much of the content of this chapter and the next is
merely a study of the behaviour of stochastic matrices, we would encourage
him to persist if he is interested in this last, skipping the probabilistic pas-
sages. Chapters 5 and 6 are almost free of probabilistic notions.

Nevertheless, Chapters 4 to 6 are largely intended as an analytical/matrix
treatment of the theory of Markov chains, in accordance with the title of this
book.
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4.1 Markov Chains

Informally, Zm.nwo< chains (MCs) serve as theoretical models for describing
a “system ? S:_ov can be in various “states ”, the fixed set of possible states
being countable (i.e. finite, or denumerably infinite). The system “ jumps ” at

unit E.do intervals from one state to another, and the probabilistic law
according to which jumps occur is

“If the system is in the ith state at time k — 1, the next jump will take it to
the jth state with probability pii(k).”

The set of transition probabilities p, j(k) is prescribed for all i, j, k and deter-

mines the probabilistic behavior of the system, once it is known how it starts
off “at time 0,

A more formal description is as follows. We are given a countable set
& = {sy, 55, ***} or, sometimes, more conveniently {so, sy, s, ...} which is
known as the state space, and a sequence of random variables {Xhk=0,1,
2, ... taking values in %, and having the following probability property: if x;,
X1, --+» Xk41 are elements of &, then

PXyyy = X1 | X =20, Xy y = Xg-15 ---> Xo = Xo)
=P(Xysq = xwi_Na = X)
x. NUANr”.va...uXO“.XOVVO
(if Emv =0, P(A|B) is undefined).
This property which expresses, roughly, that future probabilistic evolu-

tion of the process is determined once the immediate past is known, is the

Markov property, and the stochastic process {X} possessing it is called a
Markov chain.

Moreover, we call the probability
vaNw+~ = h\._kw = hmv
the transition probability from state §; to state s;, and write it succinctly as
ﬁCA\AlTHVvhsuhum«m\u »”Ovmuwu...
Now consider

PXo=s;,X, =5 e Xe=1s8,)

1o * 11

Either ::..m is positive, in which case, by repeated use of the Markov property
and conditional probabilities it is in fact

PIX, = u:_NTH = MNTL - PlX, = w:_ko = .&.Lﬁ@mo = .&.L

. =Di,_,, _.xQ«vF.TN. :LQ« - : " Do, :A:d_.c
where ITy, = P[X, = s, ]
or it is zero, in which case for some 0 < r < k (and we take such minimal r)

PX,=s;,,X, =S5 X, =5]1=0.

i0? 112
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Considering the cases r =0 and r > 0 separately, we see (repeating the
above argument), that it is nevertheless true that

PlXo=580 X1 =5,,..., Xy = Si] HEEP?:GV PT:;E

ig?
since the product of the first r + 1 elements on the right is zero. Thus we see
that the probability structure of any finite sequence of outcomes is com-
pletely defined by a knowledge of the non-negative quantities

pij(k); s;5 s;€ &, Il;; s, € &.

The set {IT;} of probabilities is called the initial probability distribution of the
chain. We consider these quantities as specified, and denote the row vector
of the initial distribution by ITj.

Now, for fixed k = 1, 2, ... the matrix

wk = ANVCANAVV Mmu M& € %

is called the transition matrix of the MC at time k. It is clearly a square
matrix with non-negative elements, and will be doubly infinite if & 1s

denumerably infinite.
Moreover, its row sums (understood in the limiting sense in the

denumerably infinite case) are unity, for
M vc.?v = M PIX, = R_NTH = s
je& je¥
= Nv_wxqwm %_Nwln = ML
by the addition of probabilities of disjoint sets;
=1.

Thus the matrix P, is stochastic.

Definition 4.1. If P, = P, = --- = P, = --- the Markov chain is said to have
stationary transition probabilities or is said to be homogeneous. Otherwise it
is non-homogeneous (or: inhomogeneous).

In the homogeneous case we shall refer to the common transition matrix
as the transition matrix, and denote it by P.

Let us denote by IT, the row vector of the probability distribution of X ;
then it is easily seen from the expression for a single finite sequence of
outcomes in terms of transition and initial probabilities that

L =T,P, - P,
by summing (possibly in the limiting sense) over all sample paths for any
fixed state at time k. In keeping with the notation of Chapter 3, we might
now adopt the notation

T,

F..”va+-vn+m w~~+-‘
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and write

\I 1
k=11 T, .

?\o &mRmm. for a moment to stress that, even in the case of infinite
transition matrices, the above products are well defined by the natural exten-

W:M: of the rule of matrix multiplication, and are themselves stochastic. For :
] . :

Py = ?c.ax.

be two infinite stochastic matrices defined on the index set {1, 2,...}. Define

their product P, P, as the matrix with i, j i .
« g atrix with i, j entry given b .
number: J ye y the (non-negative)

P, = ?G.AQV.“, and

HF.LRVFQQWV.

s

k

This sum converges, since the summands are non-negative, and
»M_F.LQVEE.AE < Ypale) <1
= k=1

since probabilities always take on values between 0 and 1. Further the ith
row sum of the new matrix is

@ w

3, Zuon)= T pao)| 50

=1 k=1
= MP%&HH
k=1

b .. .
by stochasticity of both P, and P,. (The interchange of summations is
Em:m.oa by the non-negativity of the summands.)]

It is also easily seen that for k > p

I =1,T,,_,.

We are now in a position to see why the theory of homogeneous chains is

substantially simpler than that of non-homogeneous ones: for then
Tou=P*

SO we :N,Zo only to am.um_. with powers of the common transition matrix P, and
9..:.52, the probabilistic evolution is homogeneous in reference to any initial
time point p.

In the remaining section of this chapter we assume that we are dealing with

finite (n x n) matrices as before, so that the index set is {1,2,..., n} as before
(or perhaps, more conveniently, {0, 1, ..., n — 1}).
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Examples

(1) Bernoulli scheme. Consider a sequence of independent trials in each of
which a certain event has fixed probability, p, of occurring (this outcome
being called a “success ”) and therefore a probabilityg=1—p of not occur-
ring (this outcome being called a “failure ™). We can in the usual way equate
success with the number 1 and failure with the number 0; then ¥ =10, 1},
and the transition matrix at any time k is

q p
q p
so that we have here a homogeneous 2-state Markov chain. Notice that here

the rows of the transition matrix are identical, which must in fact be so for
any “Markov chain” where the random variables {X,} are independent.

P=

(2) Random walk between two barriers. A particle may be at any of the points
0,1,2,3,...,s (s> 1)on the x-axis. If it reaches point 0 it remains there with
probability a and is reflected with probability 1 — a to state 1; if it reaches
point s it remains there with probability b and is reflected to point s — 1 with
probability 1 — b. If at any instant the particle is at position i, 1<i<s—1,
then at the next time instant it will be at position i + 1 with probability p, or
at i — 1 with probability g =1 —p.

It is again easy to see that we have here a homogeneous Markov chain on

the finite state set & = {0, 1, 2, ..., s} with transition matrix
[a 1—a 0 O 00 O OQ
qg O p 0 -~ 00 0 O
p= 0 ¢ 0 p 00 O 0 : pig=1 0<p<l
O 0 00 - 0gq O p
[0 0 00 -+ 00 1-b b]

If a =0, 0 is a reflecting barrier, if a = 1 it is an absorbing barrier, other-
wise ie. if 0 < a < 1 it is an elastic barrier; and similarly for state s.

(3) Random walk unrestricted to the right. The situation is as above, except
that there is no barrier ” on the right, ie.¥ =1{0,1,23,.. Jis denumerably
infinite, and so is the transition matrix P. ,

(4) Recurrent event. Consider a “recurrent event”, described as follows. A
system has a variable lifetime, whose length (measured in discrete units) has
probability distribution {fhi=1L12.... When the system reaches age i > 1,
it either continues to age, or “dies” and starts afresh from age 0. The
movement of the system if its age is i — 1 units, i > 2 is thus to i, with
(conditional) probability Qa=fi—- Yy —fi— = fi- ,) or to age 0,
with probability f;/(1 —fi — " — fi1). At age i =0, it either reaches age 1
with probability 1 — f;, or dies with probability f;.
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17

We have here a homogeneous Markov chain on the state set & = {0, 1,2

...} describing the movement of th
: e age of the system. The transiti i
is then the denumerably infinite one: ’ ransition mattx

ﬁ .\.~ H|.\.H 0 0 0 -7
f 1—fi—/f
-5 0 _Imxlx 0 0
l\.w’ 1—-fi—fo—
1-fi—12 0 0 I.i 0

It is customary to specif |
s y only that Y2, fi<1 i
possibility of an infinite lifetime. M i L thus allowing for the

M.wﬁ MQ.WM ~I¥~G mmywm:a. Imagine we have a white and b black balls in an urn.

. _ = N. We draw a @m:. at random and before drawing the next ball
e Mov ace the one drawn, adding also s balls of the same colour

" et us say Emﬁ. after r anmém.:mm the system is in state i, i = 0, 1 N ...ifiis

the number of 25.8 balls obtained in the r drawings. Suppose gwo mqn“ in state

m (< r) after drawing number r. Thus » — i black balls have been drawn to
ate, and the number of white balls in the urn is a + is, and the number of

black is b + (r — i)s. Then at th .
. . . e next dr
i + 1 with probability awing we have movement to state

’ a+is
Piivalr+1)=———

alr+ )= +rs
and to state i with probability

. Iv+¢.|~.vw
Puilr + Cljl =1=p;ica(r+ 1)

Thus we have here a non-hom i
- . -homogeneous Markov chain (if s > 0) wi
sition matrix Py at “time” k =r + 1 > 1 specified by A Jwith tran-

a+is
Nv—..NA - @ P—
_brlk—1-10s

TTNrGk=1s 77
= otherwise,
where & ={0, 1, 2, .. }.

:o”mw This example .mm given here because it is a good illustration of a

no waaﬁmmwwmowﬂ Mﬂm_bm Eo_so:._r_waomonoxw clearly occurring because of
s of colour like the one drawn at each sta

e. Never-

theless, the reader should be careful to note that this example am.wm not fit



118 4 Markov Chains and Finite Stochastic Matrices

into the framework in which we have chosen to work in this chapter, since
the matrix P, is really rectangular, viz. k x (k + 1) in this case, a situation
which can occur with non-homogeneous chains, but which we omit from
further theoretical consideration. Extension in both directions to make each
P, doubly infinite corresponding to the index set {0, 1, 2, ...} is not neces-
sarily a good idea, since matrix dimensions are equalized at the cost of zero
rows (beyond the (k — 1)th) thus destroying stochasticity.

4.2 Finite Homogeneous Markov Chains

Within this section we are in the framework of the bulk of the matrix theory
developed hitherto.

It is customary in Markov chain theory to classify states and chains of
various kinds. In this respect we shall remain totally consistent with the
classification of Chapter 1.

Thus a chain will be said to be irreducible, and, further, primitive or cyclic
(imprimitive) according to whether its transition matrix P is of this sort.
Further, states of the set

L =51, 2y s Su}

(or {So, 51, - -+ Sy—1}) Will be said to be periodic, essential and inessential, to
lead one to another, to communicate, to form essential and inessential classes
etc. according to the properties of the corresponding indices of the index set
{1, 2, ..., n} of the transition matrix.

In fact, as has been mentioned earlier, this terminology was introduced in
Chapter 1 in accordance with Markov chain terminology. The reader
examining the terminology in the present framework should now see the
logic behind it.

Irreducible MCs

Suppose we consider an irreducible MC {X,} with (irreducible) transition
matrix P. Then putting as usual 1 for the vector with unity in each position,

P1=1
by stochasticity of P; so that 1 is an eigenvalue and 1 a corresponding
eigenvector. Now, since all row sums of P are equal and the Perron-
Frobenius eigenvalue lies ‘between the largest and the smallest, 1 is the
Perron-Frobenius eigenvalue of P, and 1 may be taken as the corresponding

right Perron-Frobenius eigenvector. Let v, normed so that v'1 = 1, be the
corresponding positive left eigenvector. Then we have that

Q\w — e\u AAHV

where v is the column vector of a probability distribution.
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.Hw%:mmo: 4.2. Any initial probability distribution I, is said to be stationary,
H H

I, =11, k=12,

cney

Theorem 4.1. An irreducible MC has a uni

. que stationary distributi j
the solution v of YP = v', v'l = 1. ¢ ution givenby

PRrOOF. Since

w1=ILP, k=012, ...

it is easy to see by (4.1) that such v is a stati istributi
. : . onary distribution. Conversely, i
I1, is a stationary distribution w

o=ILP, T>0, Mmy1=1

so that by uniqueness of the left Perron-Frobenius eigenvector of P, I, = »

O

Theorem 4.2. ] imiti
1he m (Ergodic Theorem for primitive M Cs). As k — oo, for a primitive

W» -1y

elementwise where v is the unique Stationary distribution of the MC; and the
rate of approach to the limit is geometric. u

PRrOOF. In view of Theorem 4.1, and preceding remarks, this is just a restate-
ment of Theorem 1.2 of Chapter 1 in the present more restricted framework.

d

This theorem is extremely im i i

This portant in MC theory for it says that for a
EME:_.,\@. MC at least, the probability distribution of X o viz. g P > v
which is S&%m:&mﬁ. of Iy, and the rate of approach is very fast. Thus, mmom
a relatively m:o:. time, past history becomes irrelevant, and the chain
approaches a stationary regime.!

We see, in view of the Perron-Frobenius i

, in vie theory that the analytical
Emaw\ probabilistic) reasons for this are (i) r = 1, (if) w = 1 ’ (ather
¢ leave here the theory of irreducible om&c ic
. . s, which can be furt

developed without difficulty via the results of Chapter 1. urther

! See also Theorem 4.7 and its following notes.
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Reducible Chains with Some Inessential States

i e
We know from Lemma 1.1 of Chapter 1 that there is m_imwv.\m at NMMMH: %oM _
. ; i isinc
i i C. Let us assume :
i ss associated with a finite Z . . "
mww”ﬂwwﬂmﬂmm:wvﬁn 1, §1.2, and that Q is the submatrix of M wm.m%WwMM Mmé
transitions between the inessential states. We recall also that 1

Q" in the position of @ in P.

Theorem 4.3. Q¥ — 0 elementwise as k — o, geometrically fast.

[We could here invoke the classical result of Oldenburger AMNMH\W
Lowen have tried to avoid this result in the present ﬁ? since w _
O bere o ed it. and so we shall prove Theorem 4.3 directly. In mm:m
ﬂ%uﬂcﬁmwwowww 43 mms be used to some extent to replace the need of Olden-

i -negative matrices.}
’s result for reducible non-negative . e,
Ucn\w@”wmmnommmzam_ state leads to an essential state.! Let the totality of

. . e by I,
tial indices of the chain be denoted by E, and of the inessential matrices by
We have then that

1—Ypl=>pd>0

jel jeE
for some k, for any fixed i € I, so that

K
Yo <1
jel
Now Y, p¥ is non-increasing with k, for

Yokt = 3 Yy

jel jelrel

< yp

rel

Hence for k > k(i) and some k(i)
Y p < 6(i) <1

jel
) i i > ko, and
and since the number of indices in I is finite, we can say that for k > kg
0 < 1, where ko and 0 are independent of i,

Y <0<l alliel

ij

jel
k)
e = 3 o9 Sl
Therefore EM%. J PILEDN
k)
<03 plr
rel

1 See Exercise 4.11.
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for fixed k > k,, and each m > 0 and i e I. Hence

DRI QY pm < gm0 g m o oo,
jel rel

Hence a subsequence of

2P
jel
approaches zero; but since this quantity is itself positive and monotone

non-increasing with m, it has a limit also, and must have the same limit as
the subsequence.

Hence @wm >0 as k — o,

and hence 0% - 0. -

Now, if the process {X\} passes to an essential state, it will stay forever
after in the essential class which contains it. Thus the process cannot ever
return to or pass the set I from the essential states, E. Hence if (1) is that
subvector of the initial distribution vector which corresponds to the i
tial states we have from the above theorem that

PIX, = 1] = ITy(1)0"
-0

as k — oo, which can be seen to imply, in view of the above discussion, that
the process {X,} leaves the set I of states in a finite time with probability 1,
Le. the process is eventually “ absorbed ”, with probability 1, into the set E of
essential states.

Denote now by E, a specific essential class, AC » E, = E), and let x;, be
the probability that the process is eventually absorbed into E,, so that

MX_.\»” Hu
o

having started at state i € I. Let x{}) be the probability of absorption after
precisely one step, i.e.

nessen-

1 .
xMuVH M Dij» iel,

JeEp

and let x, and x{" denote the column vectors of these quantities over ie .
Theorem 4.4.

x,=[I— Qu_l_kv:
PROOF. First of all we note that since Q-0 as k— oo by Theorem 4.3

[[—QI"" exists by Lemma B. of Appendix B (and = yg., 0k
elementwise).
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Now let x{¥ be the probability of absorption by time kinto E, fromi e I.

Then the elementary theorems of probability, plus the Markov property
enable us to write

x@ =x) + Y ppxis M (Backward Equation),
rel
x@ = x4 Y Pl Uxh (Forward Equation).
rel

The Forward Equation tells us that
(1> > X"

so that limg_, . xmw exists, and it is plausible to interpret this (and it can be
rigorously justified) as x;, .
If we now take limits in the Backward Equation as k — oo
.x”mt = XMWV + Mﬁmwx_ﬁu

rel

an equation whose validity is intuitively plausible. Rewriting this in matrix
terms,

x, =10 +Qx,, (- Q)x, = x)
from which the statement of the theorem follows. O
The matrix [I — Q]! plays a vital role in the theory of finite absorbing
chains (as does its counterpart in the theory of transient infinite chains to be
considered in the next chapter) and it is sometimes called the fundamental
matrix of absorbing chains. We give one more instance of its use.

Let Z;; be the number of visits to state j € I starting from i € I. (Z; > 1).
Then

N_.”MNC.» me

jel
is the time to absorption of the chain starting from i € I. Let m;; = &(Z)
and m, = &(Z;) be the expected values of Z; and Z; respectively, and
E = AEC.W—..\.m~u N.HHQ m= A‘:Dw
Theorem 4.5.
| M=(-0)"
m=M1=(I-Q) 'L

Proor. Recall that Q° = I by definition. Let Y{) =1 if X, =, %ma =0 if
X, #j, the process {X,} having started at i e I. Then

s(YP)=pf -1+ (1-p) 0
=p¥, k=>0.
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Moreover 7. =

tj

M8

%w
M\.v
k

0

the sum on the right being effectivel

\ ! y finite for an izati
since absorption occurs in finite ti y realization of the process,

me. By positivity

ij s

my=E(Z;)= ¥ S(Y®) = T p
k=0 k=0

i, jeI. Thus

oo
M= NﬁMU Q*  elementwise
=0

=(-Q)"' (LemmaB.1 of Appendix B)

and since
Z.=VY7.
| i \M\ ij
it follows that m=3m
i ij*
jel Y D

Fi . . .
o HMM_MW Ms.oosaoo:os with the fundamental matrix, the reader may wish
at, 1n spite of the elegant matrix forms of Theorems 4.4 and 4.5, it

EmwmazgommmmnSmo?oz.a ing li
till be correspondin i i
quantities in actual problems. ,;mm% mnn B lincar cquations for the desired

= (D) .
Yip = Xip' + MF.L&E iel (Theorem 44)

rel

m=1+ Yp,m, iecl (Theorem 4.5)

rel

and we shall do so in the following example.

EXAMPLE:

there 2%»%”““%%% %m__w UQMmmb two absorbing barriers). (See §4 1). Here
: : 1al classes E,, E, consistin T

ing barriers). The inessential m:m ) g of one state each (the absorb-

esare ] = _
§ > 1, and the matrix Q is given by ) {1,2,...,s — 1} where we assume

0O po 00
0= q 0 p 00
000 - g0
with x{§) = §,, g, x{¥ = e i
o 19, Xis’ =0; _1p, i€l d, ; being the Kronecker delta.

(a) Probability of eventual absorption into E,. We have that

o= xD .
.Xrn .XE + Mb-.w‘x‘.whu 1= Mu Nv cey §— M»

rel
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ie. Xis = - DXagg

X2s = qX1s + DX3s

Xmln.m” QXme.muTﬁXmIH.m

Xs—1,5s— P T GXs— 3,5

Write for convenience x; = x;;. Then if we define x, =0, x; = 1, the above
equations can be written in unified form as

X;p=qX;—1 T PXit 15 i=12..s-1
xo=0 x=1

and it is now a matter of solving this difference equation under the stated

boundary assumptions.
The general solution is of the form

x;= Az + Bzy  ifz; ¥z,
= (A + Bi) ifz,=z,=z2
where z, and z, are the solutions of the characteristic equation
pz2—z+4g=0

viz., z, = 1, 2, = g/p bearing in mind that 1 — 4pg = (p — g)*.
Hence:

(i) if g # p, we get, using boundary conditions to fix A and B:
x={1— (a1 —(a/p)},  iel
(i) ifg=p=1%
x; = ifs, iel
(b) Mean time to absorption. We have that
m=1+ Yp,m, iel

rel
ie. m =1 T pmy

X m, =1+qgm;+pm;

Mgy = 1 -+ qms_ ;.
Hence we can write in general
E—.”H+Q§mlh+ﬁsm+: N.”HuNu...u.wllH

ED”O; §n“o.
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We have here to deal with an inhomogeneous difference equation, the hom-
ogeneous part of which is as before, so that the general solution to it is as

before plus a particular solution to the inhomogeneous equation. It can be
checked that

(i) 9 # p; i/(g — p) is a particular solution, and that taking into account
boundary conditions

m;=ifla — p) — {s/lq — pK1 — (a/p}}/{1 - (a/p}}, iel
(i) g =p=14; —i*is a particular solution and hence
m=is—1i), iel.
The following theorem is analogous to Theorem 4.2 in that when atten-

tion is focused on behavior within the set I of inessential states, under similar
structural conditions on the set I, then a totally analogous result obtains.

Theorem 4.6. Let Q, the submatrix of P corresponding to transitions between
the inessential states of the MC corresponding to P, be primitive, and let there

be a positive probability of {X\} beginning in some i I. Then for jelas
k— o

P[X,=j|X e I]» v |3 o
jel

where v = (P} is a positive vector independent of the initial distribution,
and is, indeed, the left Perron—Frobenius eigenvector of Q.

PROOF. Let us note that if I, is that part of the initial probability vector
restricted to the initial states then

P[X, e I]=1,04, >0

since by primitivity Q* > 0 for k large enough, and I1, # 0, Moreover the
vector of the quantities

PIX,=j|X,elI], jel
is given by
T, 0*/IT, 0 1.
The limiting behaviour follows on letting k — oo from Theorem 1.2 of Chap-

ter 1, the contribution of the right Perron-Frobenius eigenvector dropping
out between numerator and denominator. O

Chains Whose Index Set Contains a Single Essential Class

On account of the extra stochasticity property inherent in non-negative
matrices P which act as transition matrices of Markov chains, the properties
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of irreducible non-negative matrices (to an extent) hold for stochastic
matrices which, apart from a single essential class (which gives rise to a
stochastic irreducible submatrix, P,), may also contain some inessential
indices. The reason, in elementary terms, is that if P is written in canonical
form (as in the preceding discussion):

P, 0

R 0

then Q* - 0 elementwise (in accordance with Theorem 4.3). P exhibits the
behaviour of an irreducible matrix in accordance with Chapter 1, with the
simplifications due to the stochasticity of P,. The effect of P, thus dominates
that of Q; the concrete manifestation of this will become evident in sub-
sequent discussion.

Firstly (compare Theorem 4.1) a corresponding MC has a unique sta-
tionary distribution, which is essentially the stationary distribution corre-
sponding to P;. For, an n x 1 vector v = (v}, 0') where v, is the unique
stationary distribution corresponding to P,, the chain being assumed in
canonical form, is clearly a stationary distribution of P; and suppose any
vector IT satisfying IT'P = IT’, II'l = 1 is correspondingly partitioned, so
that IT' = {IT}, I1,}. Then

P=

I¥, P, + II5R =11
I, Q = II;
From the second of these it follows that IT, Q* = II,, so, by Theorem 4.3,

I, =0; so, from the first equation Il; P, =1I}; and H;1 = 1, whence
I1, = v,. In particular v is the unique stationary distribution.

It is evident! that an MC which contains at least two essential classes will .

not have a single stationary distribution, and hence chains with a single such
class may be characterized as having a single stationary distribution. This
vector is the unique solution IT to the linear equation system

i, [ — P} =11, 0}

where the matrix {1, I — P} is n x (n + 1). This uniqueness implies this
matrix is of rank n, and hence contains n linearly independent columns. The
last n columns are linearly dependent, since (I — P)1 = 0; but the vector 1
combined with any (n — 1) columns of I — P clearly gives a linearly indepen-
dent set.

It follows from the above discussion that for an MC containing a single
essential class of indices and transition matrix P, any (n — 1) of the equations
IT'P = IT are sufficient to determine the stationary distribution vector to a
constant multiple and the additional condition IT'1 =1 then specifies it
completely. The resulting (n x n) linear equation system may be used for the
practical calculation of the stationary distribution, which will have zero
entries corresponding to any inessential states.

! See Exercise 4.12.
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To develop further the theory of such Markov chains, we define at this
stage a regular’ stochastic matrix, and hence a regular Markov chain as one

with a regular transition matrix. This notion will play a major role in the
remainder of this chapter.

.Uo_.m..zmc: 4.3. An n x n stochastic matrix is said to be regular if its essential
indices form a single essential class, which is aperiodic.

Theorem 4.7. Let P be the transition matrix of a regular MC, in canonical
Jorm, and v, the stationary distribution corresponding to the primitive subma-

trix Py of P corresponding to the essential states. Let v’ = (v, 0)beanl x n
vector. Then as k - o

Py

elementwise, where v' is the unique stationary distribution corresponding to the
matrix P, the approach to the limit being geometrically fast.

PROOF. Apart from the limiting behaviour of p¥, i € I, j € E, this theorem is

a trivial consequence of foregoing theory, in this and the preceding section.
If we write

Pt 0
R, Q"
it is easily checked (by induction, say) that putting R, = R

Pt=

i

k k
%fH = M@cﬁvwl = M@Timuw
i=0 =0

so that we need to examine this matrix as k — oo,
Put M =P, — 1v};

then M= P — 1v,.

Now from Theorem 4.2 we know that each element of M' is dominated by

K, p}, for some K, > 0,0 < p1 < 1, independent of i, for every i.
Moreover

k k
Riv1= Y O 'Rlv; + Y Q*'RM
i=0 i=0

and we also know from Theorem 4.3 that each element of ¢ is dominated
by K, p3 for some K, > 0,0 < p, < 1 independent of i, for every i. Hence
each component of the right hand sum matrix is dominated by

w
FM&LB
i=0

for some K; > 0, and hence — 0 as k — oo.

! Our usage of “regular” differs from that of several other sour i
ces, especially of K
Snell (1960). P y of Kemeny and
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Hence, as k — o

lim Ry, = ¥ QR1v; = (I — Q)" 'R1v,
i=0

k—

as required. O

Both Theorems 4.2 and 4.7 express conditions under which the probabi-
lity distribution: P[X, =j], j=1, 2, ..., n approaches a limit distribution
v ={v;} as k- oo, independent of the initial distribution IT, of {X,}. This
tendency to a limiting distribution independent of the initial distribution ex-
presses a tendency to equilibrium regardless of initial state; and is called the
ergodic property or ergodicity.” Theorem 4.6 shows that when attention is
focused on behaviour within the set I of inessential states, then under a similar
structural condition on the set I, an analogous result obtains.

Absorbing-chain Techniques

The discussion given earlier focussing on the behaviour within the set I of
inessential states if such exist, for a reducible chain, has wider applicability in
the context of MC’s containing a single essential class of states in general,
and irreducible MC’s in particular, though this initially seems paradoxical.
We shall give only an informal discussion of some aspects of this topic.

If P is (nxn) stochastic and irreducible, writt 4=1—P and

w-1A = @-1)] — @-1)P the (n — 1) x (n — 1) northwest corner truncation'

of A. We may write, with obvious notation:

A= " :wp —e where ¢, d > 0.
—d a
Now since i »n, i =1, ..., n— 1 (since P is irreducible), it follows that the

modified MC with stochastic transition matrix

a-nP ¢
0 1

has the states {1, ..., n — 1} inessential, with “absorbing” state n, so :_M:w
plays the role of Q in Theorem 4.3, and in particular ,,_;, 4~ ' exists and is
non-negative. Indeed, by Theorem 4.5, its entries give expected numbers of

! See Exercises 4.9 and 4.10.

Y
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visits starting from any state i € {1, ..., n — 1} to any state on this set before
“absorption” into state n in the modified chain, and sums of these for a fixed
initial state in {1, ..., n — 1} gives the mean time to absorption in . In regard
to the original chain, described by P, these mean times have the interpreta-
tion of mean first passage time fromie {1, ..., n — 1} to n. We shall take up
extension of this important point shortly. For the moment, the reader may
wish to check that the unique stationary distribution IT, for the chain
described by P, which is determined by the equations

ITA =0, =1
is given explicitly by the expression
=, AL 1}/1+d, A1)

since ¢ = (- 1)] — @—1)P)1 = - yAl.

Clearly the state n holds no special significance in the above argument,
which shows that such absorbing chain considerations may be used to
obtain expressions for all first passage times from any state to any other state
in the MC governed by P, and that such considerations may be used to
provide expressions for the stationary probability vector.

In an MC with a single essential class of indices, every other state leads to
a specified state in the essentigl class. If we regard any such specified state as
playing the role of the state n in the above discussion, it is clear that the
entire discussion for irreducible P given above applies in this situation also.

For an MC started from state i, the first passage time from i to j in general
is the number of transitions (“time ) until the process first enters j, if j + i;
or (as shown) the number of transitions until it next enters j, if j = i. We have
discussed above a method for obtaining the expected first passage time, y;,
(in specified situations) from i to j, j # i. The question concerning the ex-
pected first passage time from a state to itself has been left ouos,. Denote this
quantity for an essential state i by p;, or just y;: we may clearly treat the
question within the framework of an irreducible chain, and-do so henceforth.
This quantity is more commonly called the mean-recurrence time of state i,
and in the purely analytical treatment of Chapter 5 (see Definition 5.1) is
called a mean recurrence measure. A simple conditional expectation argu-
ment, conditioning on the first step, shows that ,

i =Pyl + Ll + p)
mu—»...
=1+ M.,KS._.t:.
i
so once f;, i # j, i =1, ..., n are all known, y;; may be calculated. Indeed,

put j = n, to accord with our previous discussion. Then it follows, in terms of
the notation introduced above that

Hun = H + &\A-_IC\»IHH



130 4 Markov Chains and Finite Stochastic Matrices

whence we obtain, as a bonus from the preceding discussion, the important
result that

= /m,

where IT = {r;} is the unique stationary distribution for the MC governed
by P
More generally, for an irreducible MC, it follows

= 1/xn;, i=1,...,n

which is a fundamental and intuitively pleasing result of MC theory, and
makes clear the intimate connection between mean first-passage times and
the stationary distribution.

ExXAMPLE (A simple dynamic stochastic inventory model). A toy shop mﬁoanm
a certain toy. Initially there are 3 items on hand. Demand for the toy during
any week is a random variable independent of demand in any other week,
and if p, = Pr{k toys demanded during a week}, then p, = 0.6, p; =0.3,
p. = 0.1. Orders received when supply is exhausted are not recorded. The
shopkeeper may only replenish stock at weekends, according to the policy:
do not replenish if there is any stock on hand, but if there is no stock on
hand obtain two more items.

Calculate the expected number of weeks to first replenishment, and the
limiting-stationary distribution.

Denote by X, the number of items of stock at the end of week n (just
before the weekend). The state space is {0, 1, 2, 3}, X, =3, and {X,} is a
Markov chain with transition matrix:

0 1 2 3
0[01 03 06 O
1104 06 0 O

wnw 01 03 06 O

300 01 03 06

Thus state 3 is inessential, and states 0, 1, 2 form a single essential class. We
require is, . This is the third element of the vector (I — Q)™ '1 where

0.6 3 0 0]
Q=|03 o 6 o -0 '=| 8 3 w )
0.1 03 06 130 15 5
and since (I — Q)" 1 = (3, 35 205y ;.. =295 The unique stationary dis-

tribution is consequently given cw Eo vector

{1, (0.3,0.6,0)(I — Q)" !}
{1+ (03,06,0)(I — Q) 1}

= (35 33, 3% 0).

:”
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Bibliography and Discussion to §§4.1-4.2

There exists an enormous literature on finite homogeneous Markov chain
theory; the concept of a Markov chain is generally attributed to A. A.
Markov (1907), although some recognition is also accorded to H. Poincaré
in this connection. We list here only the books which have been associated
with the significant development of this subject, and which may thus be
regarded as milestones in its development, referring the reader to these for
further earlier references: Markov (1924), Hostinsky (1931), von Mises
(1931), Fréchet (1938), Bernstein (1946), Romanovsky (1949), Kemeny &
Snell (1960). [The reader should notice that these references are not quite
chronological, as several of the books cited appeared in more than one
edition, the latest edition being generally mentioned here.] An informative
sketch of the early history of the subject has been given by W. Doeblin
(1938), and we adapt it freely here for the reader’s benefit, in the next two
paragraphs.

After the first world war the topic of homogeneous Markov chains was
taken up by Urban, Lévy, Hadamard, Hostinsky, Romanovsky, von Mises,
Fréchet and Kolmogorov. Markov himself had considered the case where the
entries of the finite transition matrix P = {p,;} were all positive, and showed
that in this case all the p{¥’ tend to a positive limit independent of the initial”
state, s;, a result rediscovered by Lévy, Hadamard, and Hostinsky. In the
general case (p;; > 0) Romanovsky (under certain restrictive hypotheses) and
Fréchet, in noting the problem of the calculation of the pi¥ was essentially an
algebraic one, showed that the p¥ are asymptotically periodic, Fréchet then
distinguishing three situations: the positively regular case, where p¥ —>p; >0,
all i, j; the Rmc_mm case, where p{¥) — p; > 0 all i, j; the non-oscillating case
where p{¥ — pi, for all i, j; and also the general singular case. Fréchet linked
the discussion of these cases to the roots of the characteristic equation of the
matrix P. Hostinsky, von Mises, and Fréchet found necessary and sufficient
conditions for positive regularity.! Finally, Hadamard (1928) gave, in the
special case pertaining to card shuffling, the reason for the asymptotic perio-
dicity which enters in the singular case, by using non- -algebraic reasoning.

On the other hand the matrix P = {p;;} is a matrix of non-negative ele-
ments; and these matrices were studied extensively before the first world war
by Perron and, particularly, by Frobenius. The remarkable results of Frob-
enius which enable one to analyze immediately the singular case, were not
utilized until somewhat later in chain theory. The first person to do so was
probably von Mises (1931), who, in his treatise, deduced a number of impor-
tant theorems for the singular case from the results of Frobenius. The
schools of Fréchet and of Hostinsky remained unaware of this component of
von Mises’ works, and ignorant also of the third memoir of Frobenius on

! See Exercise 4.10 as regards the regular case; Doeblin omits these references.
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non-negative matrices. In 1936 Romanovsky, certainly equally unaware of
the same work of von Mises, deduced, also from the theorems of Frobenius,
by a quite laborious method, theorems more precise than those of von
Mises. Finally, Kolmogorov gave in 1936 a complete study of Markov
chains with a countable number of states, which is applicable therefore to
finite chains.

The present development of the theory of finite homogeneous Markov
chains is no more than an introduction to the subject, as the reader will now
realise; it deals, further, only with ergodicity problems, whereas there are
many problems more probabilistic in nature, such as the Central Limit
Theorem, which have not been touched on, because of the nature of the
present book. Our approach is, of course, basically from the point of view
(really a consequence) of the Perron-Frobenius theory, into which elements
of the Kolmogorov approach have been blended. The reader interested in a
somewhat similar, early, development, would do well to consult Doeblin’s
(1938) paper; and a sequel by Sarymsakov (1945).

The subsection on “absorbing chain techniques” has sought to give an
elementary flavour of the approach to finite MC theory proposed by Meyer
(1975, 1978) and espoused by Berman and Plemmons (1979). A matrix
approach to the theory of finite MC’s grounded in the elements of linear
algebra, with heavy emphasis on spectral structure, has recently been given
by Fritz, Huppert and Willems (1979).

Some further discussion pertaining specifically to the case of countable,
rather than finite state space (or, correspondingly, index set) will be found in
the next chapter.

EXERCISES ON §4.2
(All these exercises refer to homogeneous Markov chains.)

4.1. Let P be an irreducible stochastic matrix, with period d = 3. Consider the
asymptotic behaviour, as k — oo, of P3% p3k*1 p3k+2 respectively, in relation
to the unique stationary distribution corresponding to P. Extend to arbitrary
period d. .

Hint: Adapt Theorem 1.4 of Chapter 1.

4.2. Find the unique stationary distribution vector » for a random walk between
two reflecting barriers, assuming s is odd. (See Example (2) of §4.1.) Apply the
results of Exercise 4.1, to write down lim,_,,, P?* and lim,_, ,, P*** ! in terms of
the elements of ».

N
4.3. Use either the technique of Appendix B, or induction, to find P* for arbitrary &,
where (stochastic) P is given by

@ (py au) (@) (1 0 O (@) {0 1 0O
P2 42)° 01 0]; q 0 p
353 010
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44. Consider two urns 4 and .m, each of which contains m balls, such that the total
::E.@nn of balls, .NE, consists of equal numbers of black and white members. A
Mm: Mm MaBoéa simultaneously from each urn and put into the other at times

mxv_mwm.c.,\.rw the number of white balls in ur
. n A before each transfer f
Markov chain, and find its transition probabilities, T

Give intuitive reasons why it mi imiti
. ght be expected that the limitin /stati
distribution {1;} of the number of white balls j is gi the hyper,
: ; alls in urn A4 is b -
geometric probabilities Eén%:ﬁrvﬁon

)

=7 i=0,1,2

NE ’ Nluu....ug
()

4.5. Let P be a finite stochastic matrix
sums are also unity).

(i) Show that the states of the Markov chai
essential.

(ii) If P is irreducible and aperiodic, find lim P

and check that this is so.
(ie. a stochastic matrix all of whose column

n corresponding to P are all

as m— oo,

46. A gwﬂ.woa\ chain {X,}, k=0,1,2, ... is defined on the states 0,1,2,...,2N, its
transition probabilities being given by R

NZ FERV s \2N—;
=l
i J\2N 2N ’
Ji=0,1...,2N. Investigate the nature of the states.
Show that for m>0,j=0, 1,2, .., 2N,
%_HXE+~_>*§ ”.\H_ ”.\.n
and that consequently

X1 [ Xo =j]=].

Hence, or otherwise, deduce the

probabilities of eventual absor tion i
the state 0 from the other states. ption into

(Malécot, 1944)
4.7. > Markov chain is defined on the integers 0, 1, 2, ..
ties being specified by
A a—i-—1
a—i J

1

2

1 Am —i4+1
2V a—-i )
i=12 ..., a—1, with states 0 and g being absorbing.

Find the mean time to absorption, m;, starting fromi=1,2,... g — 1

Hints: (1) The state a—1 is reflecting. (2) Use the substitution
N.."\D'l\:.

-, @, its transition probabili-

I

Pii+1

il

Pii-1
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4.8. Let L be an (n x n) matrix with zero elements on the diagonal and above, and
U an (n x n) matrix with zero elements below the diagonal. Suppose that
P, =L + U is stochastic.
(i) Show that I" = 0, and hence (with the help of probabilistic reasoning, or
otherwise), that the matrix P, = (I — L)~ 'U is stochastic.
(ii) Show by example that even if P, is irreducible and aperiodic, P, may be
reducible.

4.9. Theorem 4.7 may be regarded as asserting that a sufficient condition for ergodi-
city is the regularity of the transition matrix P. Show that regularityisin facta
necessary condition also.

4.10. Use the definition of regularity and the result of the preceding exercise to show
that a necessary and sufficient condition on the matrix P for ergodicity is that
there is only one eigenvalue of modulus unity (counting any repeated eigen-
values as distinct).

(Kaucky, 1930; Koneény, 1931)

4.11. Show that any inessential state leads to an essential state.
Hint: Use a contradiction argument, as in the proof of Lemma 1.1 of Chap-
ter 1.

4.12. Show that if an n-state MC contains at least two essential classes of states, then
any weighted linear combination of the stationary distribution vectors corre-
sponding to each such class, each appropriately augmented by zeros to give an
(n x 1) vector, is a stationary distribution of the chain.

4.13. Denote by M; the class of (n x n) stochastic matrices P such that for some
power k, and hence for all higher powers, P* has its jth column positive. Denote
by G, the class of regular (r x n) stochastic matrices. Show that
G, =Jj=1 M;, while (\}—y M; is the set of primitive (n x n) stochastic
matrices. [See Exercise 3.12.]

4.14. Suppose P is irreducible and stochastic, with period 4, and v its unique station-
ary distribution vector. Let R = lim,_ ,, P%. Show that

d—1 muw
R M — =1v.
k=0 d

[Hint: Consider P in canonical form, and use the methods of §1.4.]

4.3 Finite Inhomogeneous Markov Chains
and Coefficients of Ergodicity

In this section, as already foreshadowed in §4.1 of this chapter, we shall
adopt the notation of Chapter 3 except that we shall use P, = {p;;(k)} instead
of H, = {h;(k)}, i, j =1, ..., n to emphasize the stochasticity of P,, and we
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shall be concerned with the asymptotic behaviour of the forward product!
ﬂouﬂmewN...wﬁm :ww
k=1

as k — oo.

Naturally, both Theorems 3.3 and 3.7, for example, are applicable here,
and it is natural to begin by examining their implications in the present
context, where, we note, each 1, , is stochastic also.

Under the conditions of the first of these, as » — oo, for all i, b s

1"

lvi.ww.VO

- n

Js 8
where the limit is independent of s. Put for sufficiently large r,
1

= W& +¢(i, j, s, p, 7).

("

Thus, using the stochasticity of T, ,
n n
L= X7 = Wi+ ¥ el )i s, p,v)
s= s=1

where also 0 < 1,7 < 1. Letting r — oo, it follows that the additional
assumption has led to:

1= S\M.‘w, alli, j, p,

so that the rows tend not only to proportionality, but indeed equality,

although their nature still depends on r in general. Indeed we may write
D — gy

P )
6y 57

-0

as r — oo, which on account of the present boundedness of 7" implies

thn — r9 0 4.2)
as r— oo, for each i, j, p, s. This conclusion is a weaker one than that
preceding it, and so we may expect to obtain it under weaker assumptions
(although in the present stochastic context) than given in Theorem 3.3. In
fact, since this kind of assertion does not involve a ratio, conditions imposed
in the former context, to ensure positivity of denominator, inter alia, may be
expected to be subject to weakening,

Under the conditions of Theorem 3.7, in addition to the present stochasti-
city assumption, we have, simply, that

Hm.m...m..vlv Cu.v .NH Hu Nu s R Ahwv

where o' = {v;} is the unique invariant distribution of the limit primitive
matrix P.

! Backwards products of stochastic matrices are of interest also: see §4.6.
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(4.2) and (4.3) are manifestations of weak and strong ergodicity respec-
tively in the MC sense.

Definition 4.4. We shall say that weak ergodicity obtains for the MC (ie.
sequence of stochastic matrices P;) if

50— 7 -0

as r — oo for each i, j, s, p. (Note that it is sufficient to consider i # j.)

This definition does not imply that the ¢7,” themselves tend to a limit as
r — oo, merely that the rows tend to equality (= “independence of initial
distribution ”) but are still in general dependent on r.

Definition 4.5. If weak ergodicity obtains, and the ¢{?? themselves tend to a
limit for all i, s, p as r > oo, then we say strong ergodicity obtains.

Hence strong ergodicity requires the elementwise existence of the limit of
T, , as r— co for each p, in addition to weak ergodicity. It is clear from
Definition 3.4 and Lemma 3.5 that the definition of strong ergodicity here is
completely consistent with that given in the more general setting,

A stochastic matrix with identical rows is sometimes called stable. Note
that if P is stable, P? = P, and so P" = P.

Thus we may, in a consistent way, speak of weak ergodicity as tendency to
stability.

As in Chapter 3, a convenient approach to the study of both weak and
strong ergodicity is by means of an appropriate contraction coefficient; such
coefficients in this stochastic setting are more frequently called coefficients of
ergodicity. In contrast to Chapter 3, we shall first introduce some general
notions for this concept, then specialize to those we shall use in the sequel. It

will be seen that the notions of stochastic matrices with a positive column, .

and the quantity 7,(P) already encountered, interalia, within the context of
Theorems 3.1 and 2.10, are central to this discussion.

Definition 4.6. We call any scalar function t(-) continuous on the set of
(n x n) stochastic matrices (treated as points in R,;) and satisfying
0 < ©(P) < 1, a coefficient of ergodicity. It is then said to be proper if

7(P)=0  ifand onlyif P = 1o’

érmnoewmmnv\?ocmcw:@éﬁoﬂ?Ne,eAH:”Em:mvérgoéﬂwwm

stable.

Lemma 4.1. Weak ergodicity of forward products is equivalent to
(T, ,)—»0, r—oo, p>0

where 1(-) is a proper coefficient of ergodicity.
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PRrooF. Take p fixed but arbitrary, and suppose (T, ,)—0,r > co. Suppose
then #;” — (21 5 0 for ail , J,sasr— oo is mm_m,o. Then there is a sub-
sequence k), r>1, of the positive integers and an & >0 such that the
Euclidean distance between T,,x, and every stable matrix is at least ¢. Since
T, 1, r =1, is stochastic and the set of stochastic matrices is compact
(bounded and closed) in R,., we may, by selecting a subsequence of {k,} if
necessary, assume T, , — P* where P* is stochastic, and by the mmm:Bv:wsm
on 7, ¢(T, ;) » 0 = 7(P*), whence P* is stable, and hence a contradiction
results. The converse follows easily by continuity of (). N

Theorem 4.8, m:v.uc% m(*) and () are proper coefficients of ergodicity and
Jor any r stochastic matrices PO =1 ..., rwitheachr>1:

5?9:%5 Nusv < :.ﬁﬁuav. AA_.NC
i=1
Then weak ergodicit Yy of forward products! T, , formed from a given sequence

ﬁum.,.» N 1, obtains if and only if there is a strictly increasing sequence of
positive integers {k}, s = 0, 1, 2, ... such that

21 =T ke )} = o0, (4.5)
s=0
ProoF. (Similar to Theorem 3.2; Exercise 4.15). O

mxmBEomogwoumwooo%&m:ao?n.. .
godicity are (in terms of P = {p. .}
Theorem 3.1) evidently: : A () se

1 n n
dHva”MEm,N Mm—ﬁmulﬁ\.m_ =1 Inamﬂ M Bmd AN&.,: Nuu.mvw
Lj s=

i,j s=1

a(P) = max max |p,, — Pisl;
s i, J

s=1 i

b(P)=1-— Mm AS.E F.L.

An example of an improper coefficient of ergodicity is

s i

¢(P) =1 — max AEE PLQ
where?

a(P) < 7,(P) M b(P) < ¢(P) (4.6)

! For the analogous result relating to backwards products see Theorem 4.18.
2 See Exercise 4.16.
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with ¢(P) < 1 if and only if P has a positive column. Theorem 3.1 enables us
to deduce a concrete manifestation of (4.4), for if we substitute in itw = {w;}
with w; = t#,", P = P, ;, we have from (3.4)

max () — 0] < 7,(Pyy) max|f3 00 — L)

h, k' B J’

so that
QANJF _.v M HHQUM+ _vQAﬂu+ w._.IHv.

More generally for any sequence {P?}, i > 1, of stochastic matrices, and each
r>=1,

QQUA:W@ %Sv < fﬁu:vvaﬁuﬁv ~v3v
< 1y (PW)ey (PP) - 1 (P)a(T)

where I is the unit matrix; i.e.

QAWEWE WSV < :.:QV:.J AA.\D
i=1
since 74(I) = 1. By (4.6) it follows that (4.4) also holds with m = a, and 7 = b
(or T = ¢, taking into account the Corollary to Theorem 4.8). A “homogen-
eous” inequality of form (4.4), in that both m(-) and (-) are the same, may
be obtained analogously to (3.7) by considering a metric d(x’, y') on the sets
of probability row vectors.

Lemma 4.2. For a metric d on the set D ={z';2>0, 7’1 = 1} the quantity,
defined for any (n x n) stochastic matrix P by

d(x'P, y'P
()= sup HEPVP)
k\..eqmb &Aky.ﬁv

Hﬂk.

satisfies the properties

(i) T(PVP@) < ¢(PW)(P?), PV, P? stochastic;
(ii) ©(P) = O for stochastic P if and only if P is stable.

PRrOOF. The only non-obvious part of this assertion is ©(P)=0=P = 10
where v’ € D. Now t(P) = 0= (x — y)'P = 0’ for any two probability vectors
x,y, and (x —y)1 = 0. Taking x = f;, y = f;, i #J, where f, is, as usual, the
vector with zeroes everywhere except unity in the kth position, it follows that
the ith and jth rows of P are the same, for arbitrary i, j. O

This lemma provides a means of generating coefficients of ergodicity,
providing the additional constraints inherent in their definition, of continu-
ity and that t(P) < 1, are satisfied for any P. There are asnumber of well-
known metrics defined on sets of probability distributions’ such as D, and

1 Qep Fxercice 4 17.

where

a suitable set .# = #(9) of ordered pairs of indices (i, j), i, j = 1
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other candidates for investigation are metrics corresponding to any vector

norm __: on R,, or C, (the set of n-length vectors with complex valued
entries), ie.

dix’, y) = |lx' = y'|. (4.8)
Obvious choices for investigation here are the I, norms

(1l = ma
i

TE

1= |5 x|
where x' = {x;}.

For any metric of the form (4.8) the definition of 7(P) according to
Lemma 4.2 is

(P = sup NE=2)P|
P)= s iG]

xFy

= sup |§'P]
I8l =1
since any real-valued vector & = {4} satisfying 6 # 0 §'1 = 0 may be written

in the form é = const (x — y) where x and ili
y are probability vectors, x # y,
mz.a const =33,[6;| = 3, 6" = —Y,6; where a* =max (g 0), a~ =
min (a, 0). ,
The following result provides another concrete manifestation of (44), and

establishes 7,(-) as an analogue, in the i i
\ present stochastic sett f (-
Chapter 3. g of tal:)of

Lemma 4.3. For stochastic P = {p; L

H :
mcv%wﬂawﬂl .I.
o Pl =Py = 3 max 3 lpi — pul
§=0

so that © (") is a proper coefficient of ergodicity satisfying

7 (PMPP) < 7, (PD)e, (PD),

for any stochastic PV, p?,

Proor. By Lemma 2.4, any real & = {6;} satisfying || = 1, 8'1 = 0 may be
written .

i jye #

5= 3 ("hi)

QP&.VO» M QP&.”H" %Ar.\v”.\“ li,\w

G, j)es

y ey ML



140 4 Markov Chains and Finite Stochastic Matrices

Hence

’ Nij
__%Mu__n “M M%wﬁ; MM M A%v_ﬁmmlﬁ\u_
r s (Lpes

s

<

max Y, | pis — Pis|

iJj

=1,(P).

BN —

We may construct a § such that |6, =1, §1=0, |§P|, =1i(P) as
follows:

1 .o
suppose a_QuVHMM _F.aIP.on_u io #Jo»
and take & = 3(f;, — f;,)- The final part of the assertion follows from Lemma
4.2. (]

Corollary. Weak ergodicity of forward products of a sequence of (n x n) stoch-
astic matrices is equivalent to

._..HANW...vlvOu r— o0, NVVO

4.4 Sufficient Conditions for Weak Ergodicity

In this section we apply the general notions of §4.3 and earlier chapters to,
obtain conditions for weak ergodicity.

Definition 4.7. An (n x n) stochastic matrix P is called a Markov matrix if}
¢(P) < 1, ie. at least one column of P is entirely positive. We shall also need
repeatedly the notion of a regular stochastic matrix (Definition 4.3), and
shall denote the set of such (n x n) matrices by G, (as in Exercise 4.13). The
class of (n x n) Markov matrices is denoted by M; obviously M = G;. We
shall introduce further classes of stochastic matrices, G, and G in the course .
of this section. .

The following theorem is the oldest, and in a sense the most fundamental
(as we shall see from the sequel) result on weak ergodicity, which we shall
treat with minimal recourse to 7,(-), which however will play a substantial
role, analogous to that of 7z(+) in Chapter 3, in the discussion of strong
ergodicity. It was initially proved by direct contractivity reasoning.’

1 See Exercise 4.18.
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Theorem 4.9. Weak ergodicity obtains for forward products formed from a
sequence {P\}, k > 1, of stochastic matrices if

L

{1 —c(Py)} = 0.

k=1

PROOF.

HHA‘N.,H. wv < :HMAWE+_.V
i=1

by Lemma 4.3;
< [Ie(Pyey)
i=1

by (4.6) and the assertion of the theorem is tantamount to

: c(P;) =0,
i=1
o)
(T, ,)»0 asr—oco, p>0.
The conclusion follows from Lemma 4.1. |

Corollary 1.

r
A(T,..) = max max |7~ 7] < [[e(P,e)
i, j i=1

[This follows from (4.6), since a(P) < t,(P)].

Corollary 2. If ¢(P,)<co <1, k> 1, (i.e. all P, are “uniformly Markov ”)
then weak ergodicity obtains at a rate which is at least geometric with par-
ameter c, (for every p > 0).

The following sequence of arguments including Theorem 4.10 parallels
that leading to Theorem 3.7.

ﬁm-.:.:» 44. If P and Q are stochastic, Q € G, and PQ or OP has the same
incidence matrix as P (ie. PQ ~ P or QP ~ P), then P € M.

ProoF. Since Q € G,, Q¥ € M for some k. Assuming first PQ ~ P, it follows
wa ~ P, so P, like PQ* has at least those columns positive that are positive
in Q. If we assume QP ~ P, it follows that QP ~ P and that P, like Q*P, will
have at least one column positive. , O

Lemma A.m..qN,; €Gy,p=0,r>1,then T, , € M for r > t where t is the
number of distinct incidence matrices corresponding to G,.
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ProoF. For a fixed p, there are some numbers a, b satisfying 1 <a <
b <t + 1 such that

wuiﬂln Wu:wu:: wuiu ~ wniwui * Ppia
since the number of distinct incidence matrices is ¢. Hence
,NJF au.,v.fn. b—a ™ ‘N._F a-
Since T+, 5-a € Gy, by Lemma 44, T, ,e M. Thus T, ,,r > a,hasa strictly
positive column (not necessarily the same one for each r). O

The following result is analogous to Theorem 3.3 of Chapter 3.

Theorem 4.10. If T, , € G;, p>0,r > 1, and?
min” p;(k) =7y >0 (4.9)
iLJj
uniformly for all k > 1, then weak ergodicity obtains, at a uniform geometric

rate for all p > 0. [In particular, (4.9) holds if the sequence {P\} has each of its
elements selected from a numerically finite set of stochastic matrices.]

ProoF. Consider p fixed but arbitrary and r “large™: then

ij.ﬂ = ‘N;Pnﬂ..v+?~\.~;

pr2,t ﬂuiT:nLHF n= ﬁy kt HF r)

where k is the largest positive integer such that kt <r, ¢ has the meaning of
Lemma 4.5, and T, , is some stochastic (possibly the unit) matrix. Since by
Lemma 4.5, T, , is Markov, from (4.9)

ﬁAﬁlF uv < 1- ﬁ_.

By Corollary 1 of Theorem 4.9 and the last equation

k—1
T, )< [Te(Tpem ) < (L =¥ <1 —9)"7"
i=0
ie.
a(T,.) < (1 =) H{L =Y,
and letting r — co completes the result, since y < 1. , O

The assumption that T, ,€ Gy, p > 0,r > 1in Theorem 4.10 is a restric-
tive one on the basic sequence Py, k > 1, and from the point of view of
utility, conditions on the individual matrices P, are preferable. To this end,
we introduce the classes G, and G; of (n x n) stochastic matrices.

1 Recall that min* is the minimum over the positive elements. We may call (4.9) condition (C)
in accordance with (3.18) of Chapter 3.
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Definition 4.8. (i) P € G, if (a) P € Gy; (b) QP € G, for any Q € Gy; (ii)
P € G, if7,(P) < 1,1ie. if given two rows - and B, there is at least one column
v such that p,, >0 and p;, > 0.1

If P G5, P is called a scrambling matrix; the present definitions of such
matrices is entirely consistent with the more general Definition 3.2. It is also
clear from the definition of the class G, thatif P, € G,,k > 1,then T, , € Gy,
p=0,r=1

Theorem 4.11. M = Gy = G, < G,.

ProoF. The implication M = G, (any Markov matrix is scrambling) is
obvious, and that G, < G, follows from the definition of G, .

To prove G; = G,, consider a scrambling P in canonical form, so its
essential classes of indices are also in canonical form if periodic. (Clearly the
scrambling property is invariant under simultaneous permutation of rows
and columns.)

It is now easily seen that if there is more than one essential class the
scrambling property fails by judicious selection of rows & and § in different
essential classes; and if an essential class is periodic, the scrambling property
fails by choice of « and B in different cyclic subclasses. Thus P € G,.

Now consider a scrambling P = {p;;}, not necessarily in canonical form.
Then for any stochastic Q = {g;;}, QP is scrambling, for take any two rows
a, B and consider the corresponding entries

M Gur Prjs MQE@J.
k=1 r=1
in the jth column of QP. Then there exist k, r such that g, >0, g4 > 0 by
stochasticity of Q. By the scrambling property of P, there exists j such that
py; > 0 and p,; > 0. Hence QP is scrambling, and so QP € G, by the first part
of the theorem.
Hence, putting both parts together, P € G,. O

Corollary. For any stochastic Q, QP is scrambling, for fixed scrambling P.
This corollary motivates the following result.

Lemma 4.6. If P is scrambling, then so are PQ and QP for any stochastic Q.
The word “ scrambling” may be replaced with “ Markov”.

ProoF. In view of what has gone before in this section, we need prove only
that p € Gy = PQ € G, for any stochastic Q. Since P = {p;;} is scrambling,
for any pair of indices («, ) there is a j = j(a, f) such that p,; > 0, ps; > 0.

“There is a k such that g, > 0 by stochasticity of Q. Hence the kth column of

PQ has positive entries in the a, p rows. d

! See Exercise 2.27.
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Matrices in G5 thus have two special properties:

(i) it is easy to verify whether or not a matrix € mww .
(ii) if all P, are scrambling, then T, , is scrambling, p > 0, k> 1, and in
particular T, , € G,.

Lemma 4.7. P, Q € G,= PQ, QP € G,.
PRrOOF. See Exercise 4.20. O
Thus G, is closed under multiplication, but G, is not.!

Lemma 4.8. If P has incidence matrix of form P =1+ C where C is an
incidence matrix (such P are said to be “normed”), and Q € G, then QP and
PQ € G,. [In particular, if also P € Gy, P € G, ]

ProoF. See Exercise 4.20. |

This result permits us to demonstrate that G; is a proper subset of G, . A
stochastic matrix P whose incidence matrix is

1100
1100
1010
0101

evidently satisfies the condition of Lemma 4.8 and is o_o.ml% a member .om Gy,
so P e G,. However, the 3rd and 4th rows do not intersect, so P is not

scrambling. .. o
To conclude this section we remark that another generalization of

scrambling matrices useful in a certain context in regard to verification of
the condition

T, ,€ Gy, p=>0, r>1

is given in the following Bibliography and Discussion.

Bibliography and Discussion to §§4.3-4.4

The definition of weak ergodicity is due to Kolmogorov Cow; who proves
weak ergodicity for a sequence Py, k> 1, of finite or infinite mﬁo@mmso
matrices under a restrictive condition related to the Birkhoff oOoB.o_oa .&
ergodicity 75(-) (see Seneta, 1979), rather than coefficients of the kind Em-
cussed here. (See also Sarymsakov (1954), §4, for a repetition of Kolmogorov’s

1 See Exercise 4.21.
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reasoning. The statement of Theorem 4.8 is in essence due to Doeblin
(1937); our proof follows Hajnal (1958). The coefficient of ergodicity b(-) is
likewise due to Doeblin (1937); while a( - ) and 7 (), via Theorem 3.1, are
already implicit in Markov (1906)—see Bibliography and discussion to
§§3.1-3.2. Lemmas 4.2 and 4.3 are largely due to Dobrushin (1956) (see also
Hajnal (1958) and Paz and Reichaw (1967)). For a historical survey see
Seneta (1973b).

Theorem 4.9 and its Corollaries are due to Bernstein (1946) (see Bernstein
(1964) for a reprinting of the material). It is known in the Russian literature
as “Markov’s Theorem ”; Bernstein’s reasoning is by way of the contractive
result presented as our Exercise 4.18 which, the reader will perceive, is ob-
tained by the same argument as (Markov’s) Theorem 3.1.

Lemmas 4.4, 4.5, 4.7, and 4.8, and Theorem 4.10 are all due to Sarymsa-
kov (1953a; summary) and Sarymsakov and Mustafin (1957), although the
simple proof of Lemma 4.5 as presented here is essentially that of Wolfowitz
(1963). Lemma 4.6 (also announced by Sarymsakov, 1956), and a number of
other properties of scrambling matrices are proved by Hajnal (1958). The
introduction of the class G, is again due to Sarymsakov and Mustafin. The
elegant notion of a scrambling matrix was exploited by Sarymsakov (1956)
and Hajnal (1958).

Weaker versions of Theorem 4.10, pertaining to the situation where each
P, is chosen from a fixed finite set K, were obtained by Wolfowitz (1963)and
Paz (1963, 1965). The substantial insight into the problem due to Sarymsa-
kov and Mustafin consists in noting that the theory can be developed in
terms of the (at first apparently restrictive) notion of a Markov matrix, and
made to depend, in the end, on (Bernstein’s) Theorem 4.9.

In coding (information, probabilistic automation) theory, where the term
SIA is generally used in place of regular, the situation is somewhat different
to that considered above (see Paz, 1971, Chapter 2, §§3-4) in that, instead of
considering all products of the form T, , formed from a given sequence P,,
k > 1, of stochastic matrices, one considers all possible sequences which can
be formed from a fixed finite set (“ alphabet”) K, and the associated forward
products (“words”) Tp ,, r > 1, (T, is said to be a word of length r) for
each. The analogous basic assumption (to T, , € G, p > 0,r > 1) is then that
all words in the member matrices of the alphabet K be regular (in which case
all forward products formed from any particular sequence are uniformly
weakly ergodic by Theorem 4.10.) By Lemma 4.5, a necessary condition for
all words to be regular is the existence of an integer r, such that all words of
length r > r, are scrambling; this condition is also sufficient (Exercise 4.28);
and indeed, from Lemma 4.5, there will then be such an r, satisfying r, < t.
Thus in the present context the validity (or not) may certainly be verified in a
finite number of operations, and substantial effort has been dedicated to
obtaining bounds on the amount of labour involved. Bounds of this kind
were obtained by Thomasian (1963) and Wolfowitz (1963), but a best pos-
sible result is due to Paz (1965) who shows that if an r, exists, then the
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smallest value it can take satisfies
min ro < 33" — 21 + 1)

and the bound is sharp. Thus one needs only check all words of lengths
progressively increasing to this upper bound to see if for some specific length
all words are scrambling (by Lemma 4.6 all words of greater length will be
scrambling). It is clear that a large number of words may still need to be
checked.

The question arises whether by restricting the set K to particular types of
matrices, the basic assumption is more easily verifiable. This is the case if
K < G5 (Lemma 4.6, Theorem 4.11); and more generally if K = G, (Lemma
4.7, Theorem 4.11). A substantial, but not wholly conclusive, study of the
class G, occurs in Sarymsakov and Mustafin (1957), as do studies of related
classes of matrices. Of interest therefore are several possible conditions on
the elements of the set K such that any word of length (n — 1) is scrambling
(then all words are regular, by Exercise 4.28).

One condition of the kind mentioned is announced by Sarymsakov
(1958), and proved, rather lengthily, in Sarymsakov (1961). Suppose P is a
stochastic matrix with the property that if A and A are any two disjoint
non-empty sets of its indices than either F(4) n F (A) + ¢; or F(4) N

F(A) = ¢ and #(F(4) v F(A)) > #(4 v A). Here for any set of indices B,

F(B) is the set of “one-step” consequent indices (in line with the definition
and notation of §2.4); # denotes the “number of indices in”. Clearly,
scrambling matrices satisfy this condition, since these are precisely the stoch-
astic matrices for which F(4) n F(A) # ¢ for all A, A. To see very simply
that a product of (n — 1) matrices of this kind is scrambling, notice that if any
two rows intersect in P, then they intersect in PQ, for any stochastic Q (proof
as in Lemma 4.6). Now suppose there are two rows which do not intersect in
a product of (n — 1) matrices each satisfying Sarymsakov’s property: call
these A, A; and write (as earlier) F*(B) for the set of kth-stage consequents of
any non-empty set B (ie. after multiplying the first k matrices together).
Then our supposition is ¢ = F"~1(4) n F"~ Y(A), so

£ (A) 0 FEID) > #(EA) U P> > # (40 D) =2

ie. #(F" '(4) v F*~*(4))> n, a contradiction to the supposition. Thus if
K consists of a (finite numer of) matrices of Sarymsakov’s class, the basic
assumption will be satisfied. However, to verify for a particular P that it does
not belong to this class, the number of pairs of sets 4, A which need to be
checked is, by the partition argument of Paz (1971, p. 90), again
B -2t 4+ 1) .

Another condition on K ensuring that any word of length (n — 1) is-not
only scrambling, but is, indeed, a Markov matrix, is given by Anthonisse and
Tijms (1977).

Recent contributions to the theory of inhomogeneous Markov chains
relevant to §§4.3-4.4 have also been made by Paz (1971), Tosifescu (1972,
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1977), Kingman (1975), Cohn (1976), Isaacson and Madsen (1976), and
Seneta (1979). Treatments within monographs are given by Bernstein Qf@
1964), Paz (1971), Seneta (1973), Isaacson and Madsen (1976) and Tosifescu
(1977); these provide references additional to those listed in this book.

Although all our theoretical development for weak ergodicity has been
fora sequence Py, k > 1, of stochastic matrices which are all (n x n), we have
Emscosoa earlier (in connection with the Polya Urn scheme) that some
inhomogeneous Markov chains do not have a constant state space; and in
mn:anm_ one should examine the situation where if P, is (1, x n, ), then
Priq iS (mgey X myps), k> 1. It is then still possible to carry some of the
Ean through (the argument of Exercise 4.18 still holds, for example).
cf.:Emm on finite inhomogeneous chains of the Russian school (e.g. Bern-
stein, 1946; Sarymsakov, 1958, 1961) have tended to adhere to this
framework.

<<.o have not considered the case of products of infinite stochastic
matrices here; the reader is referred to the monographs cited.

EXERCISES ON §§4.3-4.4

4.15. Prove Theorem 4.8.
4.16. Prove (4.6) [See Exercise 3.8 for a partial proof.]

4.17. Familiar metrics on the set of probability distributions are the P. Lévy distance
and the supremum distance. Show that if these are considered within the set D
.Aom length n probability vectors), then the coefficient of ergodicity t(P) (defined
in Lemma 4.2) generated is identical to that generated by the I, norm. (Detail
on this coefficient may be found in Seneta, 1979.) *

4.18. Suppose & = {9;} is a real vector satisfying § # 0, &1 =0, and &* = (67} is
defined by (6*) =&P for stochastic P. Let A=Y |§;] = __.%__ 1
A* =Y |5¥| =||(8*)|l1, and ' denote a typical index for which 6* > 0. Show
that .wD* = Y% 8:(); piy)» and proceed as in the proof of .Hraonoa\ 3.1, with &
playing the role of u, and Y ; p,; playing the role of w, to show , ‘

$A* < A max ) (py — pyy) < 3A74(P),

ik j
so that A* < Ac(P).
Use this last inequality to prove Theorem 4.9; and the inequali’ 7
A* < D.ﬁnANuv
to prove (c.f. Lemma 4.3)

fﬁxcmxnvv < s.pﬁu:vv.nuﬁinvv.

In the =oﬁma.o= of the statement and proof of Theorem 4.10, suppose (4.9) does
not :mo%mm:_w.ro_a, ,UE continue to assume T, , € G4, p > 0, r > 1, and intro-
duce the notation y; = min;; p;;(h). Show that

4.19.

k=1 k—1

a(T,,) < :nﬁﬁir )< _l— ‘H - Dﬁmi“i“,

i=0 i=0 _ ji=1



148

4.20.
4.21.

4.22.

4.23.

4.24.

4.25.

4.26.

4.27.

4.28.

4.29,
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so that if

I8

t
[T7p+isj=00, p=0,
j=1

0

weak ergodicity obtains.

Prove Lemmas 4.7 and 4.8.

Show by example that the set G, is not closed under multiplication. Show,
however, that if P € G, Q € G, then either both or neither of PQ, QP € G;.

Show by example that it is possible that A, B, C € Gy, such that AB, BC,
AC € G4, but ABC ¢ G,, although BAC € G,. (Contrast with the result of
Exercise 4.15.)

(Sarymsakov, 1953a)

Suppose that weak ergodicity obtains for a sequence {P;} of stochastic matrices,
not necessarily members of G,. Show that for each fixed p > 0, there exists a
strictly increasing sequence of integers {m;}, i > 1, such that

H:.._S_.:msv i20
where my = p.

(Sarymsakov (1953a); Sarymsakov & Mustafin (1957))
Hint: A row of an n x n stochastic matrix has at least one entry > n" 1.

Discuss the relation between M, G, and G5 when the dimensions of the stoch-
astic matrices are n X n, where n = 2, 3. Discuss the relation between G, and G5
when n > 5.

Show by examples that a Markov matrix is not necessarily a “ normed ” matrix
of G, (i.e. a matrix of G| with positive diagonal); and vice versa. Thus neither of
these classes contains the other.

Show that, for n = 4, a scrambling matrix P = {p,;} is “ nearly Markov ", in that
there is a column j such thatp;, ; >0, p;, ; = v, pi;,;j > 0 for distinct iy, i, i5.
Extend to n > 4.

Hint. For an n x n scrambling matrix there are n(n — 1)/2 distinct pairs of .

(row) indices, but only » actual (column) indices.

Show that if P* is scrambling for some positive integer k, then P € G;.
(Paz, 1963)

Let Py, ..., P, be a finite $et of stochastic matrices of the same order.
Show thatif there is an r, such that all words in the Ps of length at least r, are
scrambling, then each word in the Ps ¢ G,.
Hint: Use Exercise 4.27.
(Paz, 1965)

Let {P;} be a weakly ergodic sequence of stochastic matrices, and let det /ﬁi
denote, as usual, the determinant of P;. Show that )

M_c — | det {P}]) = .

(Sirazhdinov, 1950)

 d
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4.30. Let us call a stochastic matrix P = {p;;} quasi-Markov if for a proper subset 4
of index set ¥ ={1,2, ..., n}

Muv:. >0,

jeAd

for each i € &.

[A Markov matrix is thus one where A consists of a single index].

Show that a scrambling matrix is quasi-Markov, but (by examples) that a
quasi-Markov matrix ¢ G, (i.e. is not regular) necessarily.

Hint: Use the approach of Exercise 4.26.

4.5 Strong Ergodicity for Forward Products

We have already noted that the definition of strong ergodicity for forward
products T, , = {t®"}, p> 0, r > 1, of stochastic matrices formed from a
sequence P, k > 1, is subsumed by that of the more general context of row
allowable matrices considered in §3.3. Thus here the forward products are
said to be strongly ergodic if for all i, j, p

ey~ o

independently of i. The limit vector v, = {v\} is again evidently a probabi-
lity vector, and, as in §3.3, is easily shown to be independent of p.

Indeed virtually all the theory of §3.3 goes through without changes of
proof for sometimes slightly more general structure of quantities being con-
sidered, to compensate for the stochasticity of the underlying sequence P,,
k = 1. We shall generally not need to give anew formally either definitions or
proofs as a consequence. Firstly asymptotic homogeneity here reduces to the
existence of a probability vector D such that D'P,— D’ as k — oo, and
condition (C), as already noted (4.9) to 0 <y < min* p;;(k).

Lemma 4.9. Strong ergodicity of T, ,, p > 0,r > 1 (with limit vector v) implies
asymptotic homogeneity (with respect to v) of the sequence P, k> 1.

ProOF. As for Lemma 3.6 (condition (C) is not needed). O
Theorem 4.12. If all P, k > 1, contain a single essential class of indices, and

condition (C) is satisfied, then asymptotic homogeneity of the P, (with respect
to a probability vector D) is equivalent to

(k = o0) (4.10)

where e, is the unique stationary distribution vector corresponding to P, and e
is a limit vector. In the event that either (equivalent) condition holds, D = e.

e, —e

ProoF. As for Theorem 3.4, with the change that we take .#, to be members
of the finite set of all incidence matrices #(j),j = 1, ..., t containing a single
essential class of indices (and reference to irreducible matrices is generally
replaced by reference to matrices of this kind). O



150 4 Markov Chains and Finite Stochastic Matrices

Corollary. Under the prior conditions of Theorem 3.4, if strong ergodicity with
limit vector v holds, then (4.10) holds with e = v. O

Theorem 4.13. Assume all P, k > 1, contain « single essential class of indices
and satisfy condition (C); and

(T, )<B<1 (4.11)

for all r > t (for some t > 1), uniformly in p > 0. Then asymptotic homogeneity
is necessary and sufficient for strong ergodicity.

ProoOF. As for Theorem 3.5, mutatis mutandis. In particular we use 7,(-) in
place of 7,(-) and the corresponding distance generated by || - ||, in place of
the projective distance, and do not need the strict positivity of vectors and
matrices inherent in the use of the projective distance. O

Corollary. If(4.11) holds, and e, =2 e for a sequence e, k > 1, of station-
ary distribution vectors of the sequence of stochastic matrices P,, k > 1, for
some limit vector e, then strong ergodicity holds.

Theorem 4.14. If P, — P (elementwise) as k — co, where P € Gy (i.e. P is
regular), then strong ergodicity obtains, and the limit vector v is the unique
stationary distribution vector of P.

PrOOF. As in the proof of Theorem 3.6; again we use t,(-) in place of t4(*),
positivity of matrices is not needed, and the proof is somewhat simpler. Since
P is regular, there is a j, > 1 such that P is Markov. Now for p > 0

.:A,HF ..v = \:A‘H...lg.o ‘Hm+..|~.ol.ov = epAﬁlql\.oLov AL.HNV
for r > jo. As 74(T;, j,) = t1(P%) as k— oo, by the continuity of 7;, where
7,(P’°) < 1 since P’° is scrambling, so for k > ay, say, 7,(T;, j,) < B < L.
Hence for r > j, + o, = ¢, say, from (4.12)

7T, )<p<1

for all p > 0. This is condition (4.11) of Theorem 4.13. As in the proof of
Theorem 3.6, it is easy to prove that the conditions of the Corollary to
Theorem 4.13 are otherwise satisfied (with e being the unique stationary
distribution of P, and also—by Lemma 4.9—the limiting distribution v in
the strong ergodicity). - O

Theorem 4.15. If T, , € G, p > 0, r > 1, and condition (C) is mamm\mm&v asymp-
totic homogeneity is necessary and sufficient for strong ergodicity.!

ProoF. From Theorem 4.13, we need only verify that (4.11) holds, since
1,,€G, p=20,r>1=P,e Gy, k> 1 From Lemma 4.5, T, , € M for
r > t, and for such r by (4.6) and condition (C)

(T ) < T(T, )< e(T, ) <1 -y <L (]

! This result is a strong ergodicity version of Theorem 4.10, and the analogue of Theorem 3.7.
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We conclude this section with a uniformity result analogous to Theorem
3.8.

Theorem 4.16. Suppose .o/ is any set of stochastic matrices such that of < G 1
and each matrix satisfies condition (C). For H € of let e(H) be the unique

stationary distribution vector, and suppose x is any probability vector. Then for
r > t, where t is the number of distinct incidence matrices corresponding to G 1

|<'H" —¢'(H)|, < Kp™
where K >0, 0 < f < 1, both independent of H and x.
PRrOOF. Proceeding as in the proof of Theorem 4.10 and by (4.6), for r > ¢

k—1

(T,,,) < Ty (Tprin o)
i=0

k—1

(Tprin ) < (=) H1 =¥y

i=0

IA

where ¢t is the number of distinct incidence matrices corresponding to G 15
where k is the largest positive integer such that kt < r. Hence for any H € .«

n(H) < (1 - )1
where = (1 — y'). Hence
[ — ()], = | B~ (B, <o) — ()],
by Lemma 4.3;
_ < 21,(H").
Hence the result follows by taking K = 2(1 — y*)~ L. O

Bibliography and Discussion to §4.5

This section has been written to closely parallel §3.3; the topics of both
sections are treated in unified manner (as is manifestly possible) in Seneta
and Sheridan (1981). Theorem 4.14 is originally due to Mott (1957) and
Theorem 4.15 to Seneta (1973a). It is clear that, in Theorem 4.16, ¢ can be
taken as any upper bound over (n x n) P € G, for the least integer r for
which P" has a positive column; according to Isaacson and Madsen (1974),
we may take t = (n — 1)(n — 2) + 1 = n> — 3n + 3 (cf. Theorem 3.8).

One of the earliest theorems on strong ergodicity is due to Fortet (1938,
p. 524) who shows that if P is regular and

2 |Pe=Pllo < o0
k
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where
4] = max _M _§._.
|

with 4 ={a;}, i,j=1, ..., n, then as r - oo, lim (r - )T, , exists, p > 0;
this result is subsumed by Theorem 4.14. For a sequence of uniform Markov
matrices P, k > 1, Theorem 4.15, which is the strong ergodicity extension of
the Sarymsakov-Mustafin Theorem (Theorem 4.10), was obtained by Bern-
stein (1946) (see also Mott (1957) and Exercise 4.32). The notion of asympto-
tic homogeneity is due in this context to Bernstein (1946, 1964). Important
early work on strong ergodicity was also carried out by Kozniewska (1962);
a presentation of strong ergodicity theory along the lines of Bernstein and
Kozniewska without use of the explicit notion of coefficient of ergodicity
may be found in Seneta (1973c, §4.3), and in part in the exercises to the
present section. The interested reader should also consult the papers of
Hajnal (1956) and Mott and Schneider (1957); and the books of Isaacson
and Madsen (1976) and Iosifescu (1977) for further material and references.

There is also a very large literature pertaining to probabilistic aspects of
non-homogeneous finite Markov chains other than weak and strong ergodi-
city, e.g. the Central Limit Theorem and Law of the Iterated Logarithm.
This work has been carried on largely by the Russian school; a comprehen-
sive reference list to it may be found in Sarymsakov (1961), and an earlier
one in Doeblin (1937). Much of the early work is due to Bernstein (see
Bernstein (1964) and other papers in the same collection).

EXERCISES ON §4.5

4.31. We say the sequence of stochastic matrices P, k > 1, is asymptotically station-

ary if there exists a probability vector D such that

lim D'T,, =D, p=0.

r—+ao
Show that (i) asymptotic stationarity implies asymptotic homogeneity; and,
more generally: (ii) asymptotic stationarity implies

lim D'T, , =D, r>1.

P

(Kozniewska, 1962; Seneta, unmv

4.32. If the sequence of stochastic matrices P,, k > 1, is uniformly Markov (ie.
¢(Py) < co <1, k= 1), show that asymptotic homogeneity is necessary and
sufficient for strong ergodicity. (Hint: y.#, < P, < 11’ wherey = 1 — ¢, and .#,
is one of the matrices 1f},j=1,2,..., n.) )

(Bernstein, 1946)

4.33. Use the results of Exercises 4.31 and 4.32 to show that for a sequence of
uniformly Markov matrices, asymptotic homogeneity and asymptotic station-

arity are equivalent.
(Bernstein, 1946)

L
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4.34. Show that if weak ergodicity obtains for the forward products T, ,, p >0,
*.W 1, Fnaaa from a sequence Py, k > 1, of stochastic matrices, then asympto-
tic stationarity is equivalent to strong ergodicity.

(Kozniewska, 1962)

435 IfPy=P, k> 1, (ie. all Py’s have common value P), show that weak and strong
ergodicity are equivalent.

(Kozniewska, 1962)

4.6 Backwards Products

As in §3.1 we may consider general (rather than just forward) products
H, = @Mw 3 .ﬁN 0, r> 1, formed from a given sequence P, k> 1, of
stochastic matrices: H, , is.a product formed in any order from P

P
1s 3
.- Ppy,. From Lemma 4.3, it follows that e

AHAmP ..v < :fﬁuv:v
i=1

m:a. it is clear from §§4.3-4.4 that a theory of weak ergodicity for such
arbitrary products may be developed to some extent.!

. Of particular interest from the point of view of applications is the beha-
viour as r — oo of the backwards products

Up,r={ull;"} = Py,

for reasons which we now indicate.

A group of individuals, each of whom has an estimate of an unknown
quantity engage in an information-exchanging operation. This unknown
quantity may be the value of an unknown parameter, or a probability. When
the individuals are made aware of each others’ estimates, they modify their
own estimate by taking into account the opinion of others; each individual
weights the several estimates according to his opinion of their reliabilities.
Ho obtain a quantitative formulation of the model, suppose there are n
individuals, and let their initial estimates be given by the entries of the vector
Fo = (F{, F3, ..., FQ). Let p;(1) be the initial weight which the ith individual
mnmormm to the opinion of the jth individual. After the first interchange of
information, the ith individual’s estimate becomes

Fi= M pi(1)F3,
J
where the p;;(1)’s can be taken to bé normalized so that

M py(1) =1,

...wh+mmvu+uy vaou r>1

i=1,.., n

! See Exercise 4.36.
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Clearly, the F;’s may be elements of any convex set in an appropriate linear
space, rather than just real numbers; in particular, they may be probability
distributions. Now write P, = {p;;(k)}, k > 1,i,j = 1,..., n, where p; (k) is the
weight attached by the ith individual to the estimate of the jth individual
after k interchanges of information, properly normalized. If F, is the estimate
vector resulting, then

N.._,wam.xlﬂwwwwl Py Fy = Qo.l.,o

where the Py, k > 1, are each stochastic matrices. The interest is clearly in
the behaviour of U, as k — oo, with respect to: (1) whether consensus tends
to be obtained (i.e. whether the elements of F, tend to become the same),
clearly a limited interpretation of what has been called weak ergodicity; and
(#1) whether the opinions tend to stabilize at the same fixed opinion, a limited
interpretation of what has been called strong ergodicity, for backwards
products.

One may also think of the set P,, k> 1, in this context as one-step
transition matrices corresponding to an inhomogeneous Markov chain
starting in the infinitely remote past and ending at time 0, P, being the
transition matrix at time —k, and U, , = P,,, -** P,,, P,. as the r-step
transition matrix between time —(p + r) and time —p. In this setting it
makes particular sense to consider the existence of a set of probability
vectors v,, k > 0, such that

U,,=v

’ '
e~.+h p.r p?

the set vy, k > 0, then having the interpretation of absolute probability vec-
tors at the various “times” —k, k > 0. We shall given them this name in
general.

Finally we shall use the definitions of weak and strong ergodicity analo-
gous to those for forward products (Definitions 4.4 and 4.5) by saying weak
ergodicity obtains if v

u®) —uP D -0 (4.14)

as r— oo for each i, j, s, p and strong ergodicity obtains if weak ergodicity
obtains and the u¥;” themselves tend to a limit for all i, s, p as r - oo (in
which case the limit of u{P,” is independent of i; but not necessarily, as with
forward products, of p?). The reason for the informality of definitions is the
following: .

Theorem 4.17. For backwards E.om:n.a Uy e, =0, r =1, weak and strong
ergodicity are equivalent.

N

PrOOF. We need prove only that weak ergodicity implies strong mamo&ow&\.
Fix p > 0 and ¢ > 0; then by weak ergodicity

—e<ufP? —ulPD <

! See Exercise 4.39.
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for r > ro(p), uniformly for all i, j, s=1, ..., n. Since

QF..+_ = prr+1 QFI

Y oup+ 1+ DB —e) < Y pyp + 1+ uy?
ji=1 j=1

j=

M=

= Pui(p + 1 + )" + &)

j=1

Le.

WD — e <UD <uP 4 ¢
By induction

ufiD —e <ufytP <uf g

for m:. Ls,h=1,...,n,p>0,r > ro(p), k > 0. Putting i = h, it is evident that
u";" is a Cauchy sequence, so lim (r — oo)u{?;" exists. O

Hence we need only speak of ergodicity of the U, ., and it is sufficient to prove
:.éma» .mSQ&Q.Q ” (4.14). We may, on the other hand, handle weak ergodi-
city easily through use of coefficients of ergodicity as in §§4.3-4.4, since scalar

relations in terms of these, such as (4.4), (4.7), and that given by Lemma 4.3,
are “direction-free ”.

Theorem 4.18. Suppose m(-) and (- ) are proper coefficients of ergodicity
satisfying (4.4). Ergodicity of backwards prodicts U,,. formed from a given
sequence Py, k > 1, obtains if and only if there is a strictly increasing sequence
of positive integers {k,}, s =0, 1, 2, ... such that

]

M {1- (U, kv y— 1)} = 0.

s=0

Proor. As indicated for Theorem 4.8. J

Results for backwards products analogous to Theorems 4.9 and 4.14 for
weak and strong ergodicity of forward products respectively, are set as
Exercises 4.36 and 4.38. Lemma 4.5 for forward products has its analogue in
Exercise 4.37, which can be used to prove the analogue of Theorem 4.10

(weak ergodicity for forward products) and Theorem 4.15 (strong
ergodicity).

Theorem 4.19. If for each p > 0, r > 1, U, € Gy and
min™ p;(k)>7y >0
i Jj

uniformly for all k'> 1, then ergodicity obtains at a uniform geometric rate for
all p > 0. [This is true in particular if U pr € Gy, p>0,1r> 1, and the sequence
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{P,} has its elements selected from a numerically finite set of stochastic
matrices.]

ProoF. Proceeding analogously to the proof of Theorem 4.10, with the same
meaning for ¢, we obtain

aU, )< (L =y)"HA =), rzy

so that for all i, j, s, p, from the definition of a(-)

ufy? —uf O < (L) HA =) rze
Proceeding as in the proof of Theorem 4.17, for all i,s5,h = 1, P 0,
r>t k>0

0 gD < (1= ) H =P v

and letting k — oo yields

|0 —ufd | <(=9)"HA -, r=g
where

P =lim v, i=1...,n O

r—>oo

The following result also gives a condition equivalent to ergodicity for
backwards products.

Theorem 4.20. Backwards products U, ,, p >0, r > 1, formed from a se-
quence Py, k > 1, of stochastic matrices are ergodic if and only if there is
only one set of absolute probability vectors v, k > 0, in which case

r— o

U, ,— v, p=0.
Proor. We'have for p>0,r>1,h>1
UpirnUpr =Up rin- (4.15)

Now, since the set of stochastic matrices is compact in Rz, we may use the
Cantor diagonal argument to select a subsequence of the positive integers s;
such that as i » oo

U, . .>V, (4.16)

x, §i— X

for each x >0, for stochastic matrices V,, x > 0. Hence substituting

s; — p — r for h in (4.15) and letting i - oo we obtain
ﬁ\v+wqt.1“«\vu ENOu ﬂNH»

so there is always at least one set of absolute probability vectors given by
fiVi, k>0, for any particular fixedj=1,...,n (ie. we use the jth row of
each V,, k > 0).
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Now suppose strong ergodicity holds, so that

r—-wo

Uy, — I}, p=0,

and suppose #;, k > 0, is any set of absolute probability vectors. Then

= = - ’ o =t
Vp =04, Up,= ew+_.ﬁeu + E, D= Vp + Vpi, Ep

where E, , —»0 as r— oo, so, since 7,,, is bounded, being a probability
vector, v, = v,, p > 0.

Conversely, suppose there is precisely one set of absolute probability
vectors v, k > 0. Then suppose U} is a limit point of U, , asr — oo for fixed
but arbitrary g > 0, so that for some subsequence t;,J = 1, of the integers, as
J = 0,

Ug»,— Up. (4.17)

Now use the sequence r;,,, j > 1, from which to ultimately select the sub-
sequence s; giving (4.16). Following through the earlier argument, we have

V. =1v}, x > 0, by assumed uniqueness of the set of absolute probability
distributions. But, from (4.17)

Us = tim U, ., =V,
from (4.16),
= 1v,

n.
Hence for a fixed g > 0, the limit point is unique, so as r — oo

U,, -1, g>0. O

Bibliography and Discussion to §4.6

The development of this section follows Chatterjee and Seneta (1977) to
whom Theorems 4.17-4.19 are due. Theorem 4.20 is due to Kolmogorov
(1936b); for a succinct reworking see Blackwell (1945). In the special case
where the P, k > 1, are drawn from a finite alphabet K, Theorem 4.19 was
also obtained by Anthonisse and Tijms (1977).

Our motivating model for the estimate-modification process which has
been used in this section is due to de Groot (1974), whose own motivation is
the problem of attaining agreement about subjective probability distribu-
tions. He gives a range of references; a survey is given by Winkler (1968).
Another situation of applicability arises in forecasting, where several indivi-
duals interact with each other while engaged in making the forecast (Delphi
method; see Dalkey (1969)). The scheme

F,=PF,_, k>1

_ b
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represents an inhomogeneous version of a procedure described by Feller
(1968) as “repeated averaging”; Feller, like de Groot, considers only the
case where all P, are the same, ie. P,= P, k> 1. In this special case,
Theorem 4.19 and Exercise 4.38 are essentially due to de Groot.

For the rather complex behaviour of U, , as r — oo in general the reader
should consult Blackwell (1945, Theorem 3), Pullman (1966, Theorem 1);
and Cohn (1974) for an explanation in terms of the tail o-field of a reverse
Markov chain.

A further relevant reference is Mukherjea (1979, Section 3).

EXERCISES ON §4.6
4.36. Defining weak ergodicity for arbitrary products H, ,, p >0, r > 1, by
hPD — BP0

as r— oo for each i, j, s, p, show that weak ergodicity is equivalent to
71(H,,,)— 0 as r > 00, p > 0. Show that sufficient for such weak ergodicity is
21 {1 = 11 (Py)} = 0.

4.37. Show thatif U, ,e Gy, p=0,r>1, then U, ,e M for r > t, where ¢ is the

number of distinct incidence matrices corresponding to G,. (Hint: Lemmas 4.4
and 4.5.)

4.38. Show that if P, — P (elementwise) as k — co, where P € G,, then ergodicity
holds for the backward products U, ,, p >0, r > 1. (Hint: Show that there
exists a po and a t such that ¢(U,, ) < ¢o < 1 uniformly for p > p,, and use the
approach of the proof of Theorem 4.10.)

(Chatterjee and Seneta, 1977)

4.39. Suppose the backward products U, ,,p > 0,r > 1, formed from a sequence Py,
k > 1, of stochastic matrices, are ergodic, so that as r — o

Uy, —»1t,, p>0,

where the limit vectors may or may not depend on p. By using the fact that

U, v’ = 1v' for any probability vector v, construct another sequence for
which the limit vectors are not all the same (i.e. depend on p).

4.40. An appropriate analogy. for backwards products to the class G, given by
Definition 4.8 in the G’ of stochastic matrices, defined by P € G, if (a) P € Gy;
(b) PQ € G, for any Q € G,. Discuss why even more useful might be the class
G,={P;PeGy;PQ,QPec G,forany Q € Gy} = G, n G>. Show that G,isa
strictly larger class than G;, the class of (n-x n) scrambling matrices.

PART 1II

COUNTABLE NON-NEGATIVE
MATRICES



