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COPULAS AND MARKOY PROCESSES

BY

WiLLiaM F. DArsow, BAo NGUYEN aAND ELwoobD T. OLSEN

1. Introduction

In this paper we study Markov processes using the copulas of A. Sklar
[11, [2]. A 2-copula is a function C: [0, 1> — [0, 1] satisfying:

(i) (Boundary conditions)

C(0,x,) = C(x,,0) =0 forall x,,x, €[0,1]
and
C(x,,1) =x, and C(1,x,) =x, forall x,x, € [0,1].

(ii) (Monotonicity condition)
C(xl’x2) + C(yl’ yz) - C(xl’ y2) - C(yl’xZ) >0

for all x,, x,, y,, ¥, € [0, 1] satisfying x; <y, and x, < y,.

These conditions imply the continuity of C. Copulas are of interest because
they link joint distributions to one-dimensional marginal distributions. Sklar
showed that for any real valued random variables X, and X, with joint
distribution F;, there is a copula C such that

(1.1) Fio(xq, x3) =C(F1(x1),F2(x2))

where F| and F, denote the cumulative distribution functions of X; and X,
respectively. The copula C is said to connect X, and X, or to be a copula of
X, and X,. In the other direction, for any distribution functions F, and F,
and any copula C, the function defined on the right hand side of (1.1) is a two
dimensional distribution whose margins are F; and F,. Copulas thus capture
all of the information concerning the dependence structure of random
variables irrespective of their distributions and so provide a natural frame-
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COPULAS AND MARKOV PROCESSES 601

work for many investigations. Here, we make use of copulas to investigate a
certain type of dependence structure—the conditional independence condi-
tion satisfied by random variables in a Markov process.

If the random variables X, and X, are continuous with joint distribution
F,,, then the copula C is uniquely determined by (1.1). If, however, the
random variables are not continuous, the copula C is not unique; in this case,
the values of the copula are uniquely determined at points (x,, x,) where x,
is in the range of F,, kK = 1,2, and a copula C for which the expression
above holds can be obtained by interpolating the values at these points in any
manner consistent with the defining properties of a copula. Interpolation
which is linear in each place (“bilinear interpolation”) works, and we adopt
the convention that bilinear interpolation is always used to fill in values at
other points. With this convention, we can refer to the copula of X, and X,.

For m > 3 an m-copula is a function C: [0, 1]" — [0, 1] satisfying:

(i) (Boundary conditions)
(@) C(xyyevy x;_1,0,%; 455 X,,) = Oforall i and for all x,,...,x
(b) The function

m;
(X s X Xigqs oo s X)) > C(Xp, X, L, X0, 0005X,,)

is an (m — 1)-copula for all i.

(i) (Monotonicity condition)

Y sen(V)C(V) =0
VeRr

for all rectangles R of the form R = I/ [x;, y;], x; < y,. Here, the sum is

over all vertices V = (¢y,. .., €,,) of the rectangle, where ¢; = x; or y,, and
sen(V) = —1, if the number of x,’s among the coordinates of V' is odd,
1, otherwise.

Again, these conditions imply the continuity of C. Sklar’s basic theorem,
referred to above, states in this context that if X,..., X, are real valued
random variables with joint distribution F; ,, then there exists an m-copula
C such that for all x;,...,x

s Ym>

(1.2) Fy (%1505 ) = C(Fi(x1),- -, Fo( X))

where F, is the cumulative distribution function of X,. Conversely, for any
distribution functions Fj, ..., F,, and any m-copula C, the right hand side of
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(1.2) defines an m-dimensional joint distribution function whose one-dimen-
sional marginals are F,,..., F,,.

If the random variables in (1.2) are all continuous, the m-copula C in (1.2)
is uniquely defined; otherwise it is uniquely determined at points (x, ..., x,,)
where x, is in the range of F), k = 1,..., m, and as before can be obtained
at other points by interpolation. Here, m-linear interpolation works, and we
adopt the convention that it is always used. For discussion of these issues, see
e.g., [1]-[4].

We begin Section 2 with a list of some key properties of 2-copulas.

This paper is divided roughly into two parts. In the first part (Sections 2, 3
and 4), we define a product, which we shall call the * operation, on copulas
and discuss its interpretation in the context of Markov processes. The
operation is defined and its basic properties are given in Section 2 of the
paper. The * operation on copulas has a natural interpretation in Markov
processes; it permits the conditional independence of random variables to be
described in terms of a binary operation—the * operation—on the copulas
of the process. Section 3 investigates this interpretation. In particular, the =*
operation on copulas corresponds in a natural way to the operation on
transition probabilities contained in the Chapman-Kolmogorov equations. It
leads, however, to a technique for constructing Markov processes which is
different from the conventional technique; in particular, once copulas have
been specified satisfying the * product analog of the Chapman-Kolmogorov
equations, the marginal distributions can all be specified at will, subject to a
continuity condition. In the conventional technique, once transition probabil-
ities satisfying the Chapman-Kolmogorov equations are specified, it remains
to give a single marginal distribution, which can be viewed as the initial data
for the process. Section 4 gives examples.

In the second part (Sections 5 to 11) we define Markov algebras, the
algebraic entities which the * operation on the set of copulas naturally
suggests, and explore some of their properties.

2. A product for 2-copulas

We state first some properties of copulas which we will need below. Let €
denote the set of all copulas on [0, 1]?, and let C € €. Then:

1. For any x and ¢ satisfying 0 < x < £ < 1, the function

(2.1) n = C(§,m) — C(x,m)

is non-decreasing. Similarly, for any y and n satisfying 0 <y <n <1, the
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function
(22) E->C(&,m) —C(&,y)

is non-decreasing. Both of these results are immediate consequences of the
monotonicity condition.

2. Taking first n = 0 and then n = 1 in (2.1) and combining the inequali-
ties, we obtain

(2.3) 0<C(ém) —C(x,m) <é—x

for all x and ¢ € [0,1] satisfying 0 <x < ¢ <1 and for all n €[0,1].
Similarly, for all y and n €[0,1] satisfying 0 <y <n <1 and for all
£e<10,1],

(2.4) 0<C(&m) —C(&y) <m —y.

3. Forall x, &, y and 1 € [0, 1],

(2:5) IC(&,m) = C(x,y)| < |lx — £l + ly — nl.

This is an immediate consequence of (2.3) and (2.4). It follows from (2.5) that
copulas are Lipschitz continuous with Lipschitz constant equal to 1.

4. For all ¢ €[0,1] the function n — C(&, ) is non-decreasing. Similarly
for all n € [0, 1] the function ¢ — C(&,n) is non-decreasing. These results
are special cases of (2.1) and (2.2), respectively, obtained by taking x =y = 0.
Thus, the x- and y-sections of a copula are non-decreasing functions.

5. Let C4, C, and C , denote the partial derivatives dC/dx, dC/dy, and
8*C /dx dy, respectively. Since monotonic functions are differentiable almost
everywhere, it follows that for given y the partial derivative C (x, y) exists
for almost all x and

(2.6) 0<Cy(x,y)<1 as.

Similarly, for given x the partial derivative C,Z(x, y) exists for almost all y
and

(2.7) 0<C,(x,y)<1 as.

These facts are immediate consequences of (2.3) and (2.4). The two state-
ments above hold almost surely with respect to Lebesgue measure on [0, 1]
for each y, in the case of (2.6), and for each x, in the case of (2.7).
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6. By similar reasoning, the functions (2.1) and (2.2) have derivatives
almost everywhere, and

(2.8) [C(&m) = C(x,m)] , 20 ifx<¢
and
(29) [C(&,m) —C(&,9)], =20 ify<nm.

It follows that the functions n — C,(x,n) and ¢ — C (¢, y) are defined and
non-decreasing almost everywhere.

7. The set € of all 2-copulas is a compact and convex subset of the space
of all continuous real valued functions defined on the unit square under the
topology of uniform convergence. It follows that, in &, pointwise conver-
gence implies uniform convergence. These facts are easy to prove; we omit
the arguments.

We observe that properties analogous to those set forth above hold for
m-copulas; we omit their statement, but we will use some of them later.
Three copulas arise repeatedly

M(x,y) = min(x,y),

P(x,y) =uxy,
W(x,y) =max(x +y — 1,0).

We leave it to the reader to verify that these functions satisfy the monotonic-

ity and boundary conditions for 2-copulas. It can easily be shown that for any
cCev¢

W<C<M

where the inequality is the usual pointwise partial ordering for continuous
functions.

The copulas M, P and W have the following stochastic interpretations:
Random variables X; and X, are connected by P if and only if they are
independent. Continuous random variables X, and X, are connected by M
(W) if and only if X, is a.s. a non-decreasing (non-increasing) function of
X;. Thus, P corresponds to independence whereas M and W correspond to
species of deterministic dependence. We will see later that deterministic
dependence of two random variables can be characterized in terms of the
algebraic properties of their copula (Theorem 11.1).

We now define the product operation on copulas, which is central to this
paper. Consider 4, B in €. For x, y in [0, 1], set

(2.10) (AxB)(x,y) = j;)lAyz(x,t)Byl(t,y) dt.
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Since A and B are absolutely continuous in each place, by (2.5), the integral
in (2.10) exists.

TueoreMm 2.1. A=xBisin €.

Proof. Let C=A + B and let x, £, y and n be any numbers in [0, 1]
satisfying 0 <x < ¢ <1and 0 <y <7 < 1. Then

C(x,y) +C(&m) — C(x,m) —C(&,y)

= ['[AG.0) = A(x, 0] B, m) = B2, )] e

>0

by (2.8) and (2.9). Thus, C exhibits the monotonicity property. The boundary
conditions are also easily verified. B

THEOREM 2.2.  As a binary operation on € the * operation is right and left
distributive over convex combinations.

Proof. This is clear from the definition of the * operation in (2.10). =

Let C be any copula. By direct calculation, the * products of C with P, M
and W are as follows:

P«xC=Cx*xP=P,
MxC=Cx*M=C,
(W=*C)(x,y) =y —C(1 —x,y),
(C*W)(x,y)=x—-C(x,1-y).

In particular, P is a null element in € and M is an identity.

The remainder of this section is devoted to showing that the * operation is
associative. Our argument proceeds by way of two preliminary results. The
first concerns a continuity property of the * product and has independent
interest.

THEOREM 2.3. Consider A,, B in € such that A, — A. Then, A, * B —
A*Band B « A, > B * A.

Proof. We prove A, * B —> A = B; the proof of the other conclusion is
analogous. Consider ¢ > 0. Fix x and y in [0, 1] and write g(¢) = B(t, y) and
f.(t) =A(x,t) — A,(x,t). Clearly g’ and f, are in L*(0,1]), by (2.6) and
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(2.7); in particular, ||f,ll- < 2. There is a non-zero step function
k
¢ = Z a;x;
i=1

such that [lg’ — ¢ll; <& where 0 =x, <x; < -+ <x,=1and y; is the
characteristic function of [x;_;, x,]. Since f,(x;) — 0 for each i, there is an
N such that n > N implies

&
i ilal

| fu(x) = fulxi20) | <

for all i. Then, when n > N,
[ als|['leo - ool a +|[ ‘00

k
<2+ Y la;l -
i=1

[ fieya

k

=2¢ + E la;| '|fn(xi) _fn(xi—l)l
i=1

< 3e.

This yields the desired result. W

This theorem says that the * product is continuous in each place. We will
see later (Theorem 7.6) that it is not jointly continuous.

A copula A € ¢ induces a probability measure a on the Borel sets in
[0, 1]? via the assignment

(2.11) a(R) =A(x,y) —A(x,m) —A(&,y) + A(§,m)

for all rectangles R =[x, £€] X [y, n] < [0,1]%. By the monotonicity condi-
tion, the measure of every rectangle, and therefore of every Borel set, is
nonnegative, and «([0, 1]?) = 1. It is not true that every probability measure
a on [0, 1]? is induced by a copula A4 in the manner of (2.11). For a measure
a to be induced by a copula, it must spread mass in a manner consistent with
the boundary conditions on a copula; that is, it must be true that for all x
and y,

a([0,x] X [0,1]) =x and «([0,1] X [0,¥]) = .

It is easy to see that these conditions are both necessary and sufficient for «
to be induced by a copula. It is sometimes useful to construct a copula A
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with desired properties by starting with a measure « satisfying the consis-
tency conditions above. This construction is used in the following lemma.

LemMa 2.1. The set of copulas whose induced measures are absolutely
continuous with respect to Lebesgue measure is dense in the set € of all copulas.

Proof (Sherwood [9]). Let a copula 4 and a number & > 0 be given. We
want to construct a copula B, satisfying ||B — A|| < &, whose induced mea-
sure B is absolutely continuous with respect to Lebesgue measure. Choose an
integer N > 1 such that N > 2/g. Cut [0, 1]? into N2 congruent squares S,
i,j=1,2,... N. Let B be the copula whose induced measure B satisfies

B(S:;) = a(S;;)

and whose mass is spread uniformly in §;;. In this expression a denotes the
measure induced by the copula A. Clearly B is absolutely continuous with
respect to Lebesgue measure. We leave to the reader the task of verifying
that B is induced by a copula. Observe that for any (x, y) € [0, 1), there is a
corner (x;, yj) of some square §;; such that

Jj

1
b —xl +ly -yl < -

Then

|A(x,y) = B(x, )| <|A(x,y) = A(x;, y)| +|4(x:5¥;) = B(x;, %)) |
+|B(x:, ) = B(x,)|

<2lx —x;| + ly —yl)
<e.

Here, we have used (2.5) and the fact that by construction |A(x,, yj) —
B(x;,y)l =0. m

It is a corollary of the proof of Lemma 2.1 that given a copula 4 and a
number ¢ > 0 we can always find a copula B satisfying |4 — B < &, the
density of whose induced measure B with respect to Lebesgue measure is a
linear combination of x;;’s, where x;; is the characteristic function of the set
§;; constructed in the proof of the theorem. We denote the density as the
Radon-Nikodym derivative dB/du where w is Lebesgue measure. It is then
easy to see that in this case dB/du is bounded and

(2.12) d_B = B,12 = B'21 a.s.

We make use of this fact in the proof of the associativity theorem.
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THEOREM 2.4. The binary operation * is associative.

Proof. Let A, B and C be copulas. We want to show that

A+*(BxC)=(A=*B)=C.

By Theorem 2.3 and Lemma 2.1 it suffices to consider B in € for which the
doubly stochastic measure B induced by B is absolutely continuous with
respect to Lebesgue measure. Furthermore, we may assume that (2.12) holds,
that is, that B, and B, exist almost everywhere, are bounded and inte-

grable, and are equal almost everywhere. Fix x and y and set f(¢) = A(x, t)
and g(s) = C(s, y). Then

[A * (B * C)](x’ y) = j;)lf’(t)%(LIB’z(t,s)g’(s) ds) dt
1,1 , ,
=f0f0f(’)B,1z(t,S)g(S)dsdt

=ng'(s)%(jolf'(t)zs,l(z,s) dt)ds
= [(4 * B) = C](x,y)
by Fubini’s theorem. W

We turn now to a probabilistic interpretation of the * operation.

3. The * product and Markov processes

Let X and Y be random variables defined on the same probability space,
and let C be their copula. The conditional expectations E(Iy . .|Y) and
E(Iy_,1X) are closely related to the copula, and this fact is basic to the
interpretation we give here of the * product.

Tueorem 3.1.  If random variables X and Y have the copula C, then

(3.1) E(Iy <, IY)(@) = Co(Fx(x), Fy(Y(w))) as.
and
(3.2) E(Iy<y|X)(w) = C\(Fx(X(w)), Fy(y)) as.

Before proving the theorem, we present an argument for random variables
X and Y whose distribution functions are continuous and strictly increasing.



COPULAS AND MARKOV PROCESSES 609

In this case, we can write for the conditional probability P(X < x|Y) =
E(Iy_,1Y):

P(X <x|Y=y)

lim P(X <xly<Y<y+Ay)
Ay—0

lim FXY(x’y + Ay) —FXY(x’ y)
ay-0  Fy(y +Ay) — Fy(y)

— Lim C(Fx(x), Fy(y + Ay)) — C(Fx(x), Fy(y))
Ay—0 Fy(y + Ay) — Fy(y)

= C,Z(FX(x)’FY(y))

wherever the derivative in the last expression exists.

Proof of Theorem 3.1. Let o(Y) denote the inverse images of the Borel
sets under Y. Since the function w — C,(Fy(x), Fy(Y(w))) is measurable
with respect to o(Y), we need only show that for all A € o(Y) and for all x,

(33) [ CalFx(x), Fy(Y(@)) dP(@) = [ Iy (0) dP(o).

This will prove (3.1); (3.2) is proved analogously. In fact, it is sufficient to
consider 4 = Y™ (=, a]) in (3.3). Then

LHS of (3.3) = [ Co(Fy(x), Fy(£)) dFy(£)

Fy(a)
=/;)Y C,z(FX(x)”?)d"’

= C(FX(x),FY(a))
= RHS of (3.3).

The second equality above clearly holds when F, is continuous. When it is
not, we argue as follows. Let ¢, range over the points of discontinuity of Fy
and let [b,, ¢, ] be the corresponding jump interval in the values of F,. Let
F§ be a quasi-inverse of F, satisfying F,(F$(s)) =s when s & [b,, c,] for
any k and Fy(F$(s)) = b, when s € (b,,c,). Then, the second equality
above holds if and only if

C(Fx(x),c) — C(Fx(x),bk)
¢, — by

C,Z(FX(x)’ bk) =

for all x and k. This condition is guaranteed to hold because of the linear



610 WILLIAM F. DARSOW, BAO NGUYEN AND ELWOOD T. OLSEN

interpolation convention previously adopted (see above in Introduction);
the condition does not, however, imply the linear interpolation conven-
tion. In any event, with this condition satisfied, and F; as above,
C(Fx(x), Fy(F§(s)) = C (Fx(x), s) for almost every s. It follows that

f_a C,(Fx(x), Fy(t)) dFy(t) = fOFY(a)C,z(FX(x), Fy(F3(s))ds
= LFY(a)C’Z(FX(x),s) ds.

The first equality holds by Lebesgue’s definition of the Lebesgue-Stieltjes
integral (see, e.g., [13], [14]). m

We observe that the proof of the foregoing theorem uses the linear
interpolation convention in an essential and apparently unavoidable way. We
shall return to this point later.

It follows directly from Theorem 3.1 and the definition of the * product
that, if X, Y and Z are random variables and X and Z are conditionally
independent given Y, then

Cxz = Cxy * Cyz.
The converse statement need not be true, however (see Theorem 3.3 below).
Thus, we have a stochastic interpretation of the * product, and also an
essential limitation on that interpretation. We will explore the interpretation
further in the context of Markov processes.

First, some preliminaries. If we have a two-place function g(x, y) and we
set f(x) = g(x, y) for fixed y, we shall use the notation

b
f h(x)g(dx,y)
a
for the Stieltjes integral
b
[a h(x) df(x).

We will need the following intermediate result in the proof below of the
theorem which interprets the * product in the context of Markov processes:

Lemma 3.1. Let A and B be copulas. Then for almost all x,

a (1 1
(3.4) E]()A,l(t,y)B,z(x,t) dt = /(;A,l(t’}’)B,l(x,dt)-
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Proof. Let ¢ be any C* function which vanishes at 0 and 1. Then

/Ol(b(x)(folAJ(t, y)B(x, dt)) dx

[ [ a8 e

—[01¢'(x)([01A,1(r,y)B(x,dﬂ) dx

_fold"(x)(folfl,l(t, y)B,(x,1t) dt) dx

fol""(x)%(folAJ(t, y)B,(x,t) dt) dx

where the second step must be justified. Then (3.4) follows immediately,
since the result above holds for all ¢. To justify the second step, observe that
the maps

f%j;x(j(‘)lf(t)B,l(u,dt))du and f—>[01f(t)B(x,dt)

are both positive bounded linear functionals defined on the set of all right
continuous step functions on [0, 1]. By direct calculation they are equal for all
such functions f. Since right continuous step functions are dense in L!([0, 1]),
the linear functionals defined above extend uniquely to linear functionals
which are equal for all functions f € L!([0, 1]). This completes the proof. ®

Now let X,, t € T, denote a real stochastic process, that is, a sequence of
real valued random variables indexed by ¢t € T, where T is some set of real
numbers. We will call the process continuous if X, is a continuous random
variable for all ¢+ € T. We follow the convention of replacing the subscript ¢
by i in case the index set T is discrete; the subscript ¢ may denote an
element of either a continuous or a discrete set. The symbols F, and F,,
denote the distribution function of X, and the joint distribution of X and
X,, respectively.

A process X,, t € T is called a Markov process if for all finite index sets
ty,...,t, and t € T satisfying ¢, <t, < -+ <t,<t,

(3.5) E(Iy X, .. X, ) = E(Iy _,1X,).

The interpretation of the * operation is clarified in the following theorem.
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THEOREM 3.2. Let X,, t € T, be a real stochastic process, and for each
s,t € T let C,,denote the copula of the random variables X; and X,. The
following are equivalent:

(i) The transition probabilities P(s,x,t, A) = P(X, € A|X, =x) of the
process satisfy the Chapman-Kolmogorov equations [7], [8]

(3.6) P(s,x,0,A) = [ P(u,&,1, A)P(s, x,u,df)

for all Borel sets A, foralls < tin T, forallu € (s,t) N T and for almost all
x €R.

(ii) For all s,u,t € T satisfying s < u < t,
(3.7) C,, = Cy, * Cyy.

Proof. To see that (ii) implies (i), observe first that since 4 — P(s, x,t, A)
is a probability measure for all s < ¢ and almost all x, it is sufficient to verify
the Chapman-Kolmogorov equations (3.6) for Borel sets A of the form

A = (=, a) and that for sets 4 of this form the transition probabilities are
given in terms of the copulas by

(3.8) P(s,x,t,A) = C,, (F(x),F(a)) as.

by Theorem 3.1. Thus, for sets A of the form A = (—x, a), we have for
almost all x,

(39) [ P(u,&t, A)P(s,x,u,dE)
= f_wwcut,l(Fu(f)’ Ft(a))csu,l(Fs(x)’ Fu(df))
= [ Curt(m), F(@))Cor(E(x), d))

d
= _é?j(;lCut,l(n’ Ft(a))csu,2(£’ 77) d,n .

= (Csu * Cut),l(ES(x)’Ft(a))'

But by (3.7) C,, * C,, = C,,; substituting this in the last expression yields
(3.6), since the last quantity above is P(s, x, t, A) by (3.8). Lemma 3.1 was
used in the third step of this argument.

Conversely, if the Chapman-Kolmogorov equations hold, then the first
expression in (3.9) is equal to C,, {(F,(x), F(a)) for almost all x, by (3.8), so
that (3.7) holds.

Fy(x
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If the random variables of the process are continuous, this completes the
proof. If not there is one more detail to attend to. We assert that if C,, and
C,, obey the linear interpolation convention referred to in the Introduction,
then so does C,, * C,,. Verification of this is straightforward but tedious,
and we omit details. This fact and (3.9) yield the desired conclusion also in
this case. W

Satisfaction of the Chapman-Kolmogorov equations is a necessary but not
sufficient condition for a Markov process. We can also state a sufficient
condition in terms of copulas. To do so, we first define a generalization of the
* product.

Let A be an m-copula and let B be an n-copula. Define A B:
[0, 11"~ - [0, 1] via

(3.10) AXB(xy,...r Xpin_1)

xm
= j; Ap(Xy5 s X1, E)B (6 X155 Xmn—1) dE.

Observe that if m = n = 2, the * and * products are related by
A+ B(x,y) =A*B(x,1,y).

By arguments similar to those used in Section 2 it is readily verified that
A* B is an (m + n — 1)-copula and that the * product is distributive over
convex combinations, is associative (in the sense that (AxB)xC =
A*(B* (C)) and is continuous in each place.

THeorReM 3.3. A real valued stochastic process X,, t € T is a Markov
process if and only if for all positive integers n and for all t,,...,t, €T
Satisfying tk < tk+1’ k = 1,...," - 1,

(3.11) C =C

*C -*Ct

f.ooty ity tyt3 n—1tn

where C, , is the copula of X, ,..., X, and C

frti+1

is the copula of X, and

725

Proof. We have to show that (3.11) above implies the conditional inde-
pendence property (3.5) of a Markov process and vice versa.

For notational convenience we write F; for F,, Cy, for C,, and so forth.

Observe first that if ¢,, ¢,, and ¢; € T satisfy ¢, <, <t;, then the
conditional independence property (3.5) for n = 2 holds if and only if

(3.12) E(IX|<#1IX3<#3|X2) = E(IX1<#1‘X2)E(IX3<#3|X2) as.
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To see that (3.5) implies (3.12), observe that for any Borel set B,

Io . I dpP = f I dP
fX;I(B) Hi<urXz<ns X5 1B) 0 X (—oo, )y 2K

E(Iy,<,.,|X,, X,) dP
fXEI(B)ﬁXl‘l((_w,“l» (X3<u3 1 2)

E(I |X,) dP
[XEI(B)OXfl((—m,Ml)) ( X;<p3 2)

fX—l(B)IXI <M1E(IX3<M3|X2) dpP

fX_1(B)E(IX1 <P'1E(IX3<,L3|X2)|X2) dP

[ E < X E( I 1) .

This yields (3.12). The converse is proved similarly; in fact, one need only
read the chain of equalities above in different order.
Integrating both sides of (3.12) over X; '((—, u,)) yields

Fis(pys o, m3) = ff:CIZ,Z(Fl(/"’l)7 F2(§))C23)1(F2(§)), F3(:“~3)) dF,(¢)

Fy(py)
= /0 2 C12,2(F1(N1)’ "I)Czs,l(’% F3(V~3)) dnm
= Ciy* Cos(Fi(11), Fy(p2) s F3(k3)).

This yields (3.11) for the case n = 3, if X;, X, and X; are continuous. If
they are not continuous, we assert that if C;, and C,; obey the linear
interpolation convention stated in the introduction, then so does C;, * Cy;.
Verification of this is straightforward but tedious, and we omit the details.
This fact and the preceding equation imply the desired result even if the
process is not continuous.

Conversely, suppose (3.11) holds for the case n = 3; we want to show that
for all Borel sets B € o(X,),

(3.13) LIX1<MIX3<M dP = LE(IX1<M|X2)E(IX3<M|X2)dP.

As usual, it suffices to verify that this is the case when B has the form
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B = X5 '((—», u,)), and for sets of this form, it follows by Theorem 3.1 that
LHS of (3.13) = Cip(Fi(11)s Fo( 12), F3(13))

Fy(py)
= /0 2 C12,2(F1(N1)’ §)C23,1(§, Fa(l‘s)) dé¢
= RHS of (3.13).
The argument for n > 3 proceeds by similar reasoning and an induction.
We give only the idea of the proof. Let t; < --- <, < t. (Note the slightly

altered notation; this simplifies somewhat the necessary accounting in sub-
scripts.) We have from the conditional independence condition

E(IX‘WIXI,...,X,,) = E(IX’WIX,,) a.s.
Therefore, schematically,
C(Fl(ﬂl)"-"Fn(/-"n)’Ft(/-"))

- ./:4 ANA Cntvl(Fn(Xn(w))’Ft(M))dP(w)
= Cnt 1( (gn)’ﬂ(“))dFl...n(‘fl""’gn)

Fy(py) ()
=j;) 31 ..fF K nt,l(nn’Ft(“’))cl...n(dnl?‘"’dnn)

F(w,)
= g Cnt,l(nn’Ft(/’l’))cl...n(Fl(l“’l)’""Fn—l(/"‘n—-l)’dnn)

= Cl...n*cnt(Fl(”'l)’ et Fn(#’n)’ Ft(""))

The details are similar to those given above for the case n = 3, and the
converse is also similar. W

(=]

Remarks. 1. It was observed above that satisfaction of the Chapman-
Kolmogorov equations is not sufficient to guarantee that a process is Markov.
It is easy to see this from the copula viewpoint: We can explicitly construct a
family of m-copulas different from those given in (3.11) which are compatible
with the 2-copulas of a Markov process, and thus with the Chapman-
Kolmogorov equations. For example, let the random variables in a stochastic
process be pairwise independent, so that every 2-copula of the process is P.
Since P * P = P, the Chapman-Kolmogorov equations are satisfied. In this
case it is easy to verify that the formula (3.11) returns the m-fold product for
all m =3,4,...; it follows that the only Markov process with pairwise
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independent random variables is a process in which all finite subsets of
random variables in the process are independent. But there are many
3-copulas which coincide with P on each of the faces of [0, 1]%; for example,
it is easy to check that for |a| < 1,

(3.14) Cx,y,2) =xyz +ax(1 —x)y(1 —y)z(1 - 2z)

is a copula. We use this copula in place of (3.13) for some set of three
random variables in the process, say X;, X, and X;. We then decree that
each finite subset not containing all three shall be independent, whereas the
m-copula of a set containing all three shall have the form

Crom(xpsee %) = Col(xy, X0, X3) Py (X450 105 X,)

where C, is as above. If we now specify marginal distributions, all of the
finite dimensional joint distributions of the process are obtained by compos-
ing the copulas in the family constructed above with the marginal distribu-
tions. We leave it to the reader to verify that the resulting joint distributions
satisfy the compatibility conditions of Kolmogorov’s fundamental theorem.
[6], [7], [8]. Now apply Kolmogorov’s theorem to obtain a stochastic process
with the specified joint distributions. Since the random variables in the
process are pairwise independent by construction, the Chapman-Kolmogorov
equations are satisfied. But since the copula C of the three random variables
singled out is inconsistent with (3.11), the process is not a Markov process.

2. In the conventional approach, one specifies a Markov process by giving
the initial distribution F, and a family of transition probabilities P(s, x, ¢, 4)
satisfying the Chapman-Kolmogorov equations. In our approach, one speci-
fies a Markov process by giving all of the marginal distributions and a family
of 2-copulas satisfying (3.7). Ours is accordingly an alternative approach to
the study of Markov processes which is different in principle from the
conventional one. Holding the transition probabilities of a Markov process
fixed and varying the initial distribution necessarily varies all of the marginal
distributions, but holding the copulas of the process fixed and varying the
initial distribution does not affect any other marginal distribution.

3. We comment here on the essential use of the linear interpolation
convention in the proof of Theorem 3.1. Observe that if we have a family of
copulas satisfying (3.7), and we specify discontinuous marginal distributions,
we can still obtain a family of compatible finite dimensional distributions via
(3.11) and therefore we can apply Kolmogorov’s theorem to obtain a stochas-
tic process with the given marginal distributions and copulas. But if the
copulas and marginal distributions are such that the linear interpolation
convention is not satisfied, the interpretation of the partial derivatives of the
copulas as conditional expectations (Theorem 3.1) may fail, so that (3.7)
apparently does not guarantee satisfaction of the Chapman-Kolmogorov
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equations. We conclude that the approach outlined here permits continuous
Markov processes to be specified by giving copulas satisfying (3.7) and any
continuous marginal distributions, but that, in constructing Markov processes
whose random variables are not continuous, including Markov chains, the
selection of the copulas satisfying (3.7) and of the discontinuous marginal
distributions is coupled, due to the requirement that linear interpolation
must obtain.

4. Examples

In this section we give several examples of Markov processes, or rather of
ways to construct or specify Markov processes, using copulas.

Example 4.1. Let T be the set of all non-negative integers. Choose any
2-copula C and set C,,,, = C"~"™ where m < n and the latter symbol denotes
the (n — m)-fold * product of C with itself (C° is by convention the copula
M). The resulting family of copulas clearly satisfies (3.7), so that a Markov
process is specified by supplying a sequence F, of continuous marginal
distributions. Processes constructed in this manner are analytically similar to
Markov chains, and some of the theorems concerning Markov chains have
direct analogs—including analogous proofs—for processes constructed in
this manner. See, for example, Theorem 7.1 below. These processes need not
be stationary, however, since the marginal distributions may vary with n.

Example 4.2. The preceding can be generalized as follows. Let T be the
set of integers. To each k in T assign any 2-copula C,. Then, for m < n in
T, set

c - M, if m=n,
mn = \C, *C,,qy % -+ xC,_,, ifm<n.

This yields a Markov process upon assigning a continuous distribution
function to each element of T.

Example 4.3. One can calculate the copulas for a known Markov process,
and then specify a new process by way of the same family of copulas and new
marginal distributions. In this manner, for example, one can obtain a Brown-
ian motion process with non-Gaussian marginal distributions. The transition
probabilities for Brownian motion are given by

1
P(s,x,t,(—,y]) = m[_ywexp(—(u —x)%/2(t - 5)) du
for 0 < s < ¢. Since

P(s’x’t’(_m’ y]) = Cst,l(Fs(x)’Ft(Y))’
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we can integrate the expression above to obtain

(4.1) Cst(Fs(x)’ F( Y))
1

= m[jw(fywexp(—(u —0)?/2(t - 5)) du| dF,(v)

for 0 <s <t. Let
G(x) = _\/ﬁf exp(—u’/2) du.

If we assume that X, = 0 a.s., then F(x) = G(x/Vt) for t > 0. Substituting
this in (4.1) yields, after simplification

Co(x,y) = foxG(WG—l(y}t;_‘?G_l(”) du.

This is a family of copulas which must, by construction, satisfy (3.7). Now any
desired continuous non-Gaussian marginals can be specified to obtain a
Brownian motion process with non-Gaussian marginals.

Example 4.4. A number of one-parameter families of copulas are known
[4], [5], [11], [15]. Sometimes the copulas in a family satisfy

(4.2) C,*Cy=C,,y

either directly or after a suitable change of parameter. Then we can set
a,, = exp(s — ) for s <t and also set C,, = C, ; in this case (4.2) implies
(3.7).

For example,

g’

C(x,y) =xy +3axy(l —x)(1-y)

is a family of copulas for — < @ < %, which, by direct calculation, satisfies
(4.2). Defining C,, as above, we observe that lim, ., C,, = P for this family,
so that the random variables in a Markov process constructed using this
family become more nearly independent as |s — ¢| gets larger.

Let W, P and M be as defined in the introduction. Since any convex
combination of copulas is a copula, it follows that C, given by

(43) €= Uy (g @0y

is a copula when —1 < a < 1. Note that random variables whose connecting
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copula is C, in this family are nearly independent if || is small, strongly
positively correlated if « is near 1 and strongly negatively correlated if « is
near —1. By direct calculation the copulas C, of (4.3) satisfy (4.2) so that
if we define C, in the manner indicated above, we have once again C,, *
C,, = C,,. We many now specify a Markov process by assigning any continu-
ous marginal distributions.

Example 4.5. M.J. Frank has used the copulas W, P and M to construct a
large class of families of copulas satisfying (3.7). Let a, B: [0, %) X [0,0) —
[0, 1] be such that a, 8 > 0 and a + B < 1. Define

Co=a(s, )W+ (1 —a(s,t) —B(s,t))P+B(s,t)M

for 0 <s <t < x. It is easily checked that C,,; * C,, = C,, if and only if

rt

(4.4a) B(r,s)a(s,t) +a(r,s)B(s,t) =a(r,t)
(4.4b) a(r,s)a(s,t) + B(r,s)B(s,t) =B(r,t).

Set f(s) = a0, s) and g(s) = B(0, s). Then setting r = 0 in (4.4) we obtain
the conditions

g(s)a(s, 1) +f(s)B(s, 1) =f(1)
f(s)a(s,t) +8(s)B(s,1) = 8(1).

This system is readily solved to obtain

f(1)g(s) — f(s)&(1)

a(s, 1) = 2 2
g(s)" = f(s)
_ 8(1)e(s) = f(1)f(s)
Py
_ f() +e(1)
a(s,t) +ﬁ(S,t) = W

It is easily verified that the following four conditions are sufficient (but not
necessary) conditions for (4.4) and the other conditions on @ and B to hold:

(i) f:[0,) — [0, 1] is increasing, with f(0) = 0;
(i) g:[0,o) — [0,1] is decreasing, with g(0) = 1;
(iii) f < g and sup f < inf g;

(iv) f+ g is decreasing.

Note that « + B =1 if and only if f+ g = 1.



620 WILLIAM F. DARSOW, BAO NGUYEN AND ELWOOD T. OLSEN

We give two simple examples of families of copulas obtained via the
construction above.

First, let f=0 and let g be any strictly decreasing function satisfying
g(0) =1 and lim, _, , g(s) = 0. Then

C, = (1— g(’))P+ OBy

g(s) g(s)
for 0 < s < t. Here, as above, lim, _,,C,, = P.
Second, let
t 24+t
f(e) = 2+ ond g(1) = DR
Then
t—s 2+t+s
Ce=qain¥t g M

for 0 < s < ¢. In this case, lim,_,,C,, = (W + M) /2.

Example 4.6. A Markov chain is a Markov processes X,, n € T, for
which T is the nonnegative integers, and in which the random variables X,
take values in a finite set of positive integers. The most thoroughly studied
Markov chains are the stationary ones (stationary here means that the
transition probabilities are all the same). In this example, we show how to
associate a matrix of transition probabilities for a link in a Markov chain with
the copula of the corresponding link. This is a case where the random
variables are not continuous, so we will need to rely on the linear interpola-
tion convention stated in the Introduction to obtain a unique such copula.

Let X, denote a Markov chain taking values in the set {1,2,3}. De-
note a matrix of transition probabilities of the process by O, where Q,, =
P(X, =1X, = k), n>m. We want to calculate the corresponding copula
C = C,,,. Let p, denote the probability that X,, = k (this probability can be
computed from the initial distribution and the transition probabilities of
prior states in the process). Write p = (p,, p,, p;). Observe that the proba-
bility that X,, = k is then (pQ),. Observe also that the distribution function
E,, is given by

Fm(l) =p1>
F(2) =p; + D,
F,(3) = 1.

It follows from Theorem 3.1 above that

CEL0), E(0) = [ P(X, <X, = £) de.
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p1Q13 p2Q23 P3Qs3

p.(Q(l) + Q(Z))

“.2

Q12| p2Q22 p3Qa2

P Q(l)

~

plQn P2Q21 Pstx

0 P1 p1+ P2 1

Fic. 1 Measure assigned by the copula C corresponding to the stochastic matrix Q to nine
rectangles in the unit square.

The copula C corresponding to Q can be calculated explicitly from the
information above and this formula, with the help of the linear interpolation
convention. The measure induced by the resulting copula is depicted in
Figure 1.

In the figure, Q© denotes the kth column of Q. The measure of each of
nine rectangles is indicated in the figure; mass is spread uniformly on each of
the nine rectangles, by reason of the linear interpolation convention. The
values of the copula at the vertices of the rectangles can easily be determined
from the figure and the boundary conditions on copulas.

A principal fact to observe here is that the copula of Figure 1 depends not
only on O but also on the probabilities p,. This says that if one varies the
initial distribution holding the transition probabilities of the process fixed,
the copulas of the process vary. This statement is complementary to an
observation made above at the end of Section 3.

Example 4.7. Fix a > 0 and let C and E be copulas satisfying C * E =
E x C =C and E * E = E. Many copulas satisfying these conditions can be
found; see Section 8 below. For ¢ > 0 let

(4.5) C,=e"”(E+ v c").
n=1

It is straightforward to verify that C, is a copula and that C,, = C,C, for all
s,t > 0. The system {C,,: 0 < s < t} where C,, = C,_; gives rise to a continu-
ous process analogous to that in Example 4.1. It is an open question whether

or not every one parameter semigroup ¢t — C,, t > 0 of copulas has the form
4.5).
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5. Markov algebras

We showed in section 2 above that for any copulas 4 and B, the product
A * B is a copula, that the * product is associative, that the product
distributes over convex combinations, and that the product is continuous in
each place. Recall also that P and M are null and unit elements, respec-
tively, for the * product, and that the set ¢ of all copulas is a compact and
convex set in the Banach space C°([0, 1]%) of continuous functions on the unit
square under the uniform norm. Observe finally that if 4 is a copula, then
AT defined by AT(x,y) = A(y, x) is also a copula. This motivates the
following definition:

DerINITION 5.1. A Markov algebra is a compact convex subset &7 of a
real Banach space on which a product (£,7) — €7 is defined which is
associative, which distributes over convex combinations, which is continuous
in each place (but not necessarily jointly continuous), and which possesses
unit and null elements.

This definition is not a purely axiomatic one, since it requires that there be
an underlying Banach space. Compare [20], in which the term “Markov
algebra” is used in the context of Markov chains with a different but related
meaning.

DeriNniTION 5.2. A Markov algebra is symmetric if it possesses a con-
tinuous operation n — 77 satisfying (n7)7 =7, (An + (1 — VDET = anT +
(1 = A)éT and (né)T = ¢TyT.

By remarks above, we have the following theorem:

THEOREM 5.1.  The set € of all 2-copulas is a symmetric Markov algebra
under * and " as previously defined. The unit and null elements are given by

M(x,y) =min(x,y) and P(x,y) ==xy

respectively.

There is one other interesting example, or rather class of examples, of
Markov algebras, in addition to copulas under the * product. A stochastic
matrix is a matrix whose entries are nonnegative and each of whose rows
sums to 1; the set of n X n stochastic matrices will be denoted . A doubly
stochastic matrix is a matrix whose entries are nonnegative and each of
whose rows and columns sums to 1; the set of n X n doubly stochastic
matrices will be denoted 2". Clearly each of these sets is convex. It is easy to
verify also that each is closed under matrix multiplication and that each
forms a compact set in R". Observe also that the (matrix) transpose of a
doubly stochastic matrix is doubly stochastic. 2" possesses a unit element
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(the n X n identity matrix, which we shall here denote M,) and a null
element (the n X n matrix each of whose entries is 1/n, which we shall here
denote P,). Therefore, 2", like ¢, is a symmetric Markov algebra. ./, on
the other hand, is not symmetric; it also does not possess a null element. To
see this, observe first that if Q € " has all rows equal, then PQ = Q for
all P e /" It follows that .#" possesses a multiplicity of right null
elements; but then it possesses no left null element, since by a standard
algebraic argument, every right null element must equal every left null
element, which is impossible if there is a multiplicity of right null elements.
That " is not symmetric follows as a corollary—the transpose of a right
null element must be a left null element, so there can be no transpose
operation satisfying the symmetry axiom.

It is " which plays a central role in the theory of Markov chains. The
set € of copulas under the * operation is a sort of generalization of the set
of singly stochastic matrices under matrix multiplication, but as the argument
above makes clear, it has some additional algebraic structure not present in
", namely a (unique) null element and a transpose operation.

The goal of the remainder of the paper is to investigate the algebraic
properties of the Markov algebra € and to interpret those properties in the
context of Markov processes. We begin with the algebras 2".

6. The algebras 9"

We discuss here properties of the algebras 2”". In later sections, we will
address the question of whether the algebra € has similar properties.

An element 4 € 9" is extreme if A=AB + (1 —A)C and A €(0,1)
implies B = C = A.

THEOREM 6.1. The extreme points of 2" are the n X n permutation
matrices.

This is a well known theorem, attributed to Birkhoff and von Neumann.
[10].

THEOREM 6.2. An element Q of D" has an inverse in 2" if and only if Q
is extreme. In this case, the inverse of Q is Q7.

Proof. By the previous theorem, if Q is extreme, it is a permutation
matrix, and therefore possesses an inverse, which is its transpose. On the
other hand, if Q possesses an inverse and Q = AA + (1 — A)B for some
A € (0, 1), then necessarily

M=0'0=X10"4+ (1-1)Q 7 'B.
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Since M is extreme, it follows that Q74 = Q7B = M, and therefore that
A = B = Q. Thus, Q is extreme, and by Theorem 6.1 above it is therefore a
permutation matrix whose inverse is necessarily Q7. =

Thus, the invertible elements of 2" are the extreme elements. Since 9"
is a compact and convex set in R"z, it follows from the Krein-Milman
theorem that every element of 2" is a convex combination of permutation
matrices.

An element Q € 9" is idempotent if Q% = Q.

THEOREM 6.3. The number of idempotents in 2" is finite. Each of them is
symmetric. Moreover, E € 2" is idempotent if and only if there is an integer
k > 1 and there are integers m; > 1, j = 1,..., k whose sum is n and there is
an n X n permutation matrix Q, such that

P, 0 - 0
0 P, - 0
E=07T i )
0 0 P,

where P, denotes the null element in 9.

Proof. Since this theorem does not seem to be well known, we outline a
proof. Let E € 2" be idempotent but not null. If £ has a column with
every entry positive then E™ — P,, by a basic result concerning Markov
chains. [7, p. 173]. But then E idempotent implies E = P,, contrary to
hypothesis. Consequently, each column has a zero entry. Let .#, denote the
indices j such that E;, # 0. Then since E is idempotent, we have for all
indices j,

n
E; = ZElelk = Z E,E,.
I=1 le s,
Since E is doubly stochastic, we obtain

1= ZEjk= Y ( ZEjl)ElkS Y E, =1

jeSf, le g, \jes, le s,

X cqEy<lforanyle ., the foregoing relation would imply 1 < 1, a
contradiction. Therefore, necessarily .#, C .#, for all [ € .Z,. It follows from
this (by an argument we omit) that k € .#,, that is, that necessarily E,;, # 0
for any idempotent E and all kK = 1,...,n. It also follows that there is a
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permutation matrix Q such that
_nr(4 B
E-07(5 £)e

where A is m X m and m = #.#,. Since the partitioned matrix on the right
is doubly stochastic, the sum of the entries in C is n — m, and the sum of the
entries in B is therefore necessarily zero. It follows that B is the zero matrix
and hence that 4 and C are both idempotents. The proof can be completed
by induction on n; the theorem is true by direct calculation for n =2. ®

It is easy to show that the only invertible idempotent (and therefore the
only extreme idempotent) is M,. There is a natural partial ordering of
idempotents: £ < F if and only if £ and F commute, and EF = FE = E. It
is associated with a pointwise ordering of diagonal elements:

THEOREM 6.4. If E,F € 9" are idempotents and E < F, then E,; < F,,
for k = 1,...,n. Partial converse: If E and F are commuting idempotents and
[EFy = Ey fork=1,...,n, then E < F.

Proof. The proof of this theorem is similar to the proof of Theorems 8.5
and 8.6 below.

The center of 2" is the set of elements of 2" that commute with all
elements of 9".

THEOREM 6.5. The center of 9" is the interval [P,, M,] = {(1 — AP, +
AM,:0 <A <1}

Proof. Clearly any element of [ P,, M,,] is in the center. Suppose that A is
in the center. Fix i #j and let Q be the permutation matrix that inter-
changes i and j. Then since Q4 = AQ, necessarily

Aik=Ajk’ k?él',j,
Aki=Akj’ k%l,],
Aij =4 ji»

A;=A

i — Ajj.

Upon varying i and j it is easy to see that any two diagonal entries are the
same and that any two off diagonal entries are the same. Thus, 4 has the
required form. W

We do not assert that this is an exhaustive list of interesting properties of
the algebras 2”". One can easily construct ideals in 2" (sets closed under
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convex combinations and under multiplication on one side by arbitrary
elements of 2"); we can prove no interesting facts about the ideals and so
will not mention them further. Also, 2" contains divisors of zero for at least
some values of n; for example, if

10 30 i 0 0
0 4+ o0 1% 3 32 0 0
El:lolo’E2=0011
2 2 2 2
0 3 0 3 00 3 3

then E, and E, are idempotents (by Theorem 6.3) and E,E, = E, E, = P,,
by direct computation. We can make no general statements, however, about
the divisors of zero in the algebras 9".

The properties above are not exhaustive, but we shall take them as a
framework for analyzing the algebra ¢ of interest.

7. Invertible and extreme elements of <

Henceforth, we denote the * product of 4 and B € € by AB.

Extreme elements in ¢ are defined analogously to extreme elements in
9" For A,B € ¢,if AB = M we say that A is a left inverse of B and B is
a right inverse of A. If C € ¢ has both a left inverse L and a right inverse
R, then necessarily L = R and the common value is the inverse of C; in this
case we say C is invertible. (Observe that by known properties of matrices, an
element A € 2" has a left inverse if and only if it has a right inverse, so it
was unnecessary to make the distinction made here in discussion of the
algebras 2".)

TueoreM 7.1. C in € has a left inverse if and only if for each y € [0, 1],
C,l(x, y) = 0 or 1 for almost all x € [0, 1]; and if C has a left inverse, then CT
is a left inverse of C. C has a right inverse if and only if, for each x € [0,1],
C,(x,y) =0 or 1 for almost all y € [0,1]; and if C has a right inverse, then
C7 is a right inverse.

Proof. We prove the first statement only; the second follows from the first
by taking transposes. Suppose that for each y, C; = 0 or 1 for almost all x.
Since for almost all x the map y — C (x, y) is nondecreasing (see Section 2
above), it follows that for u < v, C (x,u)C (x,v) = C (x, u) for almost all
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x. Hence,
1
CTC(x,y) = [ CE(x,6)C (¢, ) dt
0
- flC,l(t,x)C,l(t,y)dt
0

= flc,l(t,min{x, y}) dt
0

= min{x, y}
=M(x,y).

Thus, C has a left inverse, and C7 is a left inverse of C.
For the converse, suppose LC = M. Then for all y

y= [OIL,Z(y,t)C,l(t,y) dt
1,2
s(f()lL,z(y,t)zdt) (f()lC,](t,y)zdt)

. 1/2
sylﬂ(fo Cy(t,y)’ dt)

1/2

. 12
< yl/z([0 C(t,y) dt)

1/2,,1/2

=Yy
=y.

y

This uses Schwartz’s inequality and the fact that the first partial derivatives of
a copula are sandwiched between 0 and 1 almost certainly (see Section 2
above). It follows that equality must hold at each step in the foregoing chain,
so that, from lines 3 and 4, for all y > 0,

fol[c,l(t, y) = Cy(t,9)] dt =o.

Since the integrand in this expression is almost certainly positive, it follows
that for all y > 0, C,l(x, y) = 0 or 1 for almost all x, as required. When
y =0 C(x,y) = 0 for all x, by the boundary condition satisfied by C. This
completes the proof. m

THEOREM 7.2. Any element of € that possesses a left or right inverse is
extreme.
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Proof. Suppose C is left invertible. Then by Theorem 7.1 there exist
disjoint sets U and V such that U U V = [0,1]%, C, = 0 almost everywhere
on U and C, = 1 almost everywhere on V. Suppose C = A4 + (1 — A)B for
some A € (0,1). Then C; =214, + (1 —A)B,; almost everywhere. Since
0 <A, B, <1 almost everywhere (see Section 2 above), necessarily 4 | =
B, = 0 almost everywhere on U and 4, = B; = 1 almost everywhere on V.
It follows that 4 ; = B, = C, almost everywhere, and thus, upon integra-
tion, that A = B = C. Therefore C is indeed extreme. MW

THEOREM 7.3.  Left and right inverses in € are unique.

Proof. Suppose C has left inverses 4 and B. Then 3 4 + 3B is also a left
inverse of C and is therefore, by Theorem 7.2, extreme. Consequently
A=B. 1

Remarks. 1. An element of € may have an inverse on one side but not
on the other. Here is a 1-parameter family of copulas that are right invertible
but not left invertible.

ForO0 <A <1, let

Y, ifyS/\x,
Cix,y) = {Ax, fiax<y<1-(1-2A)x,
x+y—-1, ifl—-(1-2)x<y<l

which can be pictured as indicated in Figure 2.

z+y-—1

Az A

0 1

Fic. 2 Value of C)(x, y) in three regions in the unit square.
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Each C, is in €. In particular C; = W and C; =M. For0 <A <1,C, =0
or 1 a.s.,but C; = A on a set of positive measure. Thus, the C, are right but
not left invertible when 0 < A < 1.

2. Consider the analogy with 2”. In ¢ there are elements which are
invertible on one side only; this is not true in 2", In ¢ all left or right
invertible elements are extreme; this is true in 2”. It is an open question
whether all extreme elements in < are necessarily either left or right
invertible; in 2", an extreme element is necessarily invertible.

3. Observe that if A4 has a left inverse then the map C —» ACA” is a
continuous homomorphism of €. It maps M to AA?, which is equal to M
only if 4 has a right inverse. (We do not require that a homomorphism map
the null element into the null element or the unit into the unit; this would be
too restrictive; we require only that products, convex combinations and
transposes be preserved. The image of the null element is then necessarily a
null element in the range, but not necessarily of the algebra of which the
range is a subset, and similarly for the unit. Other properties of Markov
algebra homomorphisms are easy to figure out, and we omit discussion of
them.) Observe that the homomorphism here constructed is necessarily
injective for all left invertible copulas A4 but that it is onto only if A is also
right invertible. Thus, the homomorphism establishes a one to one correspon-
dence between € and a proper subset of itself which has the same algebraic
structure, if A4 is left but not right invertible.

The Krein-Milman theorem applies to ¢ as well as to 2", and we can
conclude that € is the closure of the convex hull of its extreme points. We
can actually prove a stronger result: that the invertible elements of € are
dense in €. To prove this, we need first to describe a useful construction.

Let #:0 =x,<x,; < -+ <x, = 1Dbe a partition of [0, 1], and let o be a
permutation of {1,2,...,n}. Let 4 be a copula with induced measure «. Let
o shuffle the vertical strips

Vi = [x4-1, %) x [0,1]

and carry along the measure « restricted to each of the strips. This will yield
a doubly stochastic measure a, on [0, 1]%. More precisely, set Ax, =x;, —
X4_,andlet #:0=uy,< --- <u, =1 Dbe the partition for which Au, =
Ax, . Define a, via

(7.1)  a, (BN [up_y,u,) X [0,1])

= a([(xa(k) —u)8) + B] N[ Xou-15 Xoy) X [0, 1])
for all Borel sets B. Here €, denotes the unit vector along the x-axis. The
copula A, induced by «, is called a horizontal shuffle of A. Similarly, there

is a vertical shuffle A° of A which equals ((A7),)T. This definition is adapted
from Mikusinski et al. [12], but it is not quite identical to their definition.
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TueOREM 7.4.  Every vertical and horizontal shuffle of a left (right) invert-
ible copula is left (right) invertible.

Proof. This is an immediate consequence of the characterization in Theo-
rem 7.1. Let A4 be left invertible, so that for all y, 4 (x,y) =0 or 1 for
almost all x. Then for all y and almost all x € (u,_,,u,) we have (using

7.1

A, i(x,) = goan(10,2] X [0, ])

= %aa([uk_l, x] X [0’ y])

J
Tg;a([xa(k)—l’ Xoy—1 + (x —uk — 1] x [0, y])

=A,1(x0'(k)—1 +(x —up_y), )’)
=0orl.
The desired result follows. If on the other hand A is right invertible, so that

for all x, A ,(x,y) =0 or 1 for almost all y, then for all x € [u;_;,u,) and
almost all y,

Aga(5,3) = 750,(10,x] X [0, ])

k—

1
%(aa([uk—l’x] x [0, y]) + 1“0([“1'—1’”1] X [0’3’]))

Jj=

%(a([xa(k)—hxa(k)—l + (x - uk—l)] x [0, y])

k-1
+ X a([x,0)-1 %] X [0, Y]))
j=1
= A(Xguy-1 + (X = 151),¥) = A (X009-15¥)
k-1
+ Z (A,Z(xtr(j)’ y) = A (X5¢y-15 Y))
j=1

= sum of 0’s, 1’s and (—1)’s lying necessarily in [0,1]
=0orl.

Again, the desired result follows. m
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THEOREM 7.5.  Shuffles of M are dense in €.

Proof. For a proof of this theorem using copulas, see Mikusinski et al.
[12]. The theorem can be formulated and proved without using copulas; see
Vitale [18], [19].

As a corollary of Theorem 7.5 we have:

THeOREM 7.6. The * product is not jointly continuous on €.

Proof. By Theorems 7.4 and 7.5 there is a sequence C, — P for which
each C, is invertible. Then CI — PT = P, since the transpose operation is
continuous. Thus, if the * product were jointly continuous, we would have
CIC,>P*=P.But C/C,=M forallnand M #P. ®m

8. Idempotents in &

An idempotent in € is any 2-copula E for which E? = E. Constructions
introduced in this and in the next section guarantee the existence of idempo-
tents in € other than M and P. They arise in another way.

Tueorem 8.1.  For C in €, define C,, via

The sequence én converges uniformly, and its limit E is idempotent. Further-
more, EC = CE = E.

Proof. The proof parallels the proof of the analogous theorem for
stochastic matrices given in [7, p. 175]. ®

Our results for idempotents in ¢ are fragmentary. The questions we
address first are those raised by the characterization of idempotents of 2" in
Theorem 6.3. First, are the idempotents in ¢ necessarily symmetric? This
remains an open question. Second, is there an analog of the direct sum
decomposition of Theorem 6.3, applicable to idempotents in € ? There is an
analog of the direct sum construction, and it has interest independent of the
application we will make of it here. We digress to introduce this construction;
we shall return to the question concerning characterization of idempotents
below.

The construction is called the ordinal sum construction, and it is well
known. [4], [16], [17]. In this context, a partition of [0, 1] denotes a finite or
countable family {(a,, b,)} of disjoint intervals the union of whose closures is
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[0,1]. To each n assign a 2-copula C,. The function C defined by

4+ (b~ a)C gt ) it (x,y) € [a,, BT,

M(x,y), otherwise

C(x,y) =

is a 2-copula, called the ordinal sum of the copulas C, with respect to the
partition {(a,, b,)}.

THeOREM 82. A 2-copula C has an ordinal sum decomposition with
respect to a partition {(a,,b,)} of [0,1] if and only if the end points of the
intervals (a,,, b,) are fixed points of the map x — C(x, x) for all n. In this case,
the functions C,, defined by

C(a, + (b, —a,)x,a, + (b, —a,)y) —a,
Co(x,y) = < L )

n~ Yn

are copulas and C is their ordinal sum with respect to the partition.

Proof. The proof is nearly the same as the proof of the well-known
analogous theorem for associative binary operations. See [4,16]. ®

TueoreMm 8.3. Suppose A and B are 2-copulas that are ordinal sums of
2-copulas A,, and B,, with respect to the same partition of [0, 1]. Then, AB is an
ordinal sum of the A, B, with respect to that partition.

Proof. Induction; the theorem is true when there are two subintervals in
the partition by direct calculation. W

It follows from Theorem 8.3 that an ordinal sum of idempotents is
idempotent. It is also true that if E is idempotent and Q is right invertible,
then QTEQ is idempotent. The question raised by Theorem 6.3 can now be
formulated more precisely: Can every idempotent be decomposed in the form
QOTEQ where Q is right invertible and E is an ordinal sum of copies of P
and M ? This is an open question; we conjecture that the answer is yes.

The ordinal sum construction yields a continuous one-parameter family of
idempotents in € connecting P and M, which we will use later. Consider the
intervals (0,1 — A) and (1 — A, 1) for 0 < A < 1. With respect to these there
is an ordinal sum of P and M:

xy/(1=1), if0<x,y<l-A2,

E =
ix ) M(x,y), otherwise.



COPULAS AND MARKOV PROCESSES 633

Also let Ej=P and E, = M. From Theorem 8.3 it follows that E, is
idempotent for 0 # A # 1.

THEOREM 84. For 0#pu #A + 1, ||[E, — EMII #\A—u and E\E, =
E,E, = E,.

Proof. 1f0 < pu <A, clearly E,(1 — u,1 — u) = 1 — u. Consequently, by
Theorem 8.2, E, has an ordinal sum decomposition with respect to the
partition (0,1 — u), (1 — u, 1). It is readily verified that it is the ordinal sum
of

Ci=En-wa-w and G =M
with respect to this partition. It follows at once, from Theorem 8.3, that

E\E, =E,E, =E,.
For the inequality of the first part,

(A —p)w ) if0<x,y<1-a,
E _ (I_A)(l_ﬂ)
ANx,y) —E(x,y) = .
M(x,y) —xy/(1—p), ifl-A<x,y<l-up,
0, otherwise.

It remains to show that the absolute value of each of these is no larger than
A — w. The last is trivial. The first, at once, since x <1 —A and y <1 —
A <1 — u. For the middle, there is no loss to assume that x < y. Then

xy
I—n

y X

M(x.y) = l—u’=1—u

‘=41— 11— -yl
But y < 1 — u so that it suffices to show that x(1 — pu —y) < (1 — u)A — w)
and, thus, that 1 — 4 —y <A — u which holds since 1 —y <A. ®

We give one additional construction using idempotents and the ordinal
sum. Let {(a,,b,)},. » be a partition of [0,1], and let .#, and #, be
disjoint index sets such that #= £, U #,. To each index n € ., assign an
idempotent E,. Define a map ¥ : € — ¢ as follows: ¥(C) is the ordinal sum
of the E,’s, corresponding to indices in .#;, and copies of C itself, corre-
sponding to indices in .#,. By Theorem 8.3, this assignment is a homomor-
phism; it is injective, so long as .#, is not empty; it is onto only if .#] is
empty and the partition collapses to the single interval (0, 1).

There is a partial ordering < for idempotents in 4 which is identical to
that for idempotents in 2”. For idempotents E and F define E < F if and
only if EF = FE = E. It is clear that P < E < M for all idempotents E.
Note that the idempotents E, of the preceding theorem with respect to <
are order isomorphic to [0, 1].
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For C in ¢ define the diagonal 5. by
8c(x) =C(x,x)
for all x in [0, 1].

THeoreMm 8.5. If E and F are symmetric idempotents and E < F, then
Op < Op.

Proof. We have by assumption that E?=FE, F?=F, EF =FE =E,
ET =E, and FT = F, whereupon

8p(x) — 8g(x) = F*(x,x) — 2FE(x, x) + E2(x, x)
= fOl[F,z(x,t)2 —2F,(x,t)E (x,t) + E,Z(X,t)z] dt
= [[Fa(x.0) = Ex(x.0)] dr

>0

as needed. W
There is a partial converse to this.

THeEOREM 8.6. Let E and F be commuting symmetric idempotents such that
Opp = 0g. Then, E < F.

Proof. Under the assumptions on E and F it follows at once that EF
is also a symmetric idempotent and that EF < E, F. Also, EFE = E*F =
EF = (EF)? so that

(8.1) fol(EF),z(x,t)[E,l(t,x) — (EF) \(t, x)] dt = 0.

But we also have 65, = 85 so that 82 = 652. Consequently

(8.2) fOlE,z(x,t)[Eyl(t,x) — (EF) (t, x)] dt = 0.

Subtract (8.1) from (8.2) and use the fact that E and EF are symmetric to get

[ULEAt,x) = (EF) (1, x)]" dt = 0
0

so that E, = (EF), almost everywhere, whereupon E = EF. W
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As a corollary to this there is:

THEOREM 8.7. There is only one symmetric idempotent whose diagonal is
the function x — x2, and it is P.

Proof. Suppose E is idempotent and 8.(x) = x? for all x in [0, 1]. Since
EP = PE = P, then §,(x) = 8,(x) = x> = §,(x) for all x, whence &, =
dr. By the preceeding theorem, then, E =EP =P. ®

Note that M is the only 2-copula whose diagonal is the identity map.

9. The center of €

The center of € is the set of elements of € that commute with all the
elements of €. We showed in Theorem 6.5 that the center of 2, is the
interval

(P, M,]={(1-t)P, +M,:0<t<1}.

In this section, we prove the analogous result for €”. The proofs are the same,
except that the permutation matrices are replaced by shuffies of M. We shall
need a lemma of interest in its own right.

Recall the definition in section 7 of a horizontal shuffle 4, of a copula 4
with respect to a partition &: 0 = x, <x, < --- <x, = 1 and a permuta-
tion o. The partition & and o induce a second partition &#': 0 = u, <
u; < -+ <u, = 10f[0,1] for which Au; = Ax,,. For u;_, <x <u, and
O<y=x1,

(91)  A,(x,y) =A(xa'(k)—1 +(x = uk—l)’y) —A(Xyy-1>Y)

+ 2 [A(xo0y ¥) = Alxy-19)]-

Jj<k

Lemma 9.1.  For any partition &: 0 =x,< -+ <x,=1 of [0,1] and
any permutation o,

A, =M, A
A7 = AM*

forallA € €.
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Proof. Note that the second statement follows from the first upon taking
transposes. For x € [u,_,, u,),

1
M,A(x,y) = j;) [M,Z(xa(k)—-l +(x— uk—l)’t) =M y(x,0)-11)

+ 2 (M50 t) = M(X4¢y-151)) | A (2, ¥) dt
k

i<
=A(xo(k)—1 +(x —up_q), Y) —A(X,0y-1,Y)
+ Z (A(xa(j)’ y) _A(xtr(j)—l’ y))
j<k

=A,(x,y).

The first and last equalities are obtained by applying (9.1) to M and A. The
second holds because M ,(x, y) = xpo, x| y) for almost all y. ®

THEOREM 9.1. The center of € is the interval [P, M] = {(1 — t){+tM:
0<t<1)

Proof. The proof is analogous to that of Theorem 6.5. Clearly (1 — t)P +
tM is in the center for 0 < ¢ < 1. Suppose that A is in the center. Consider
any (possibly degenerate) partition

F:0=x<x, <X, <x;<x,<x5=1

for which x, —x; =x, —x; =8 > 0 and & < 7. Let o be the 2,4 transposi-
tion of {1,2,...,5}. It is readily verified that in this case M° = (M,)" = M.
Therefore, by Lemma 9.1, 4, = A7, since A lies in the center. Consequently
a, = a’ where a, and a are the doubly stochastic measure induced by A4,
and A’ respectively. Let @ denote the doubly stochastic measure induced by
A. Let R; =1[x;_;,x) X[x;_;,x;) and set £ = x; — x,. It follows readily
that for any Borel set B,

a(B) = a(B + €&,), if BCR,UR; UR;,
a(B) = a(B + &), if BCR, URyURy
a(Ry) = a(Ry,)
a(Ry) = a(Ry).
It follows from this, upon varying x; and ¢ for fixed § < %, that any two

squares of side & with sides parallel to those of [0, 1], which do not intersect
the line y = x except possibly at a vertex, have the same a-measure and also
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that any two squares of side & with opposite vertices on the line have the
same a-measure.

Let S be a square of side 8 with sides parallel to those of [0, 1]?, which
does not intersect the line y = x, and let T be a square of side 8§ with
opposite vertices on this line. Let A and » be such that a(S) = A8 and
a(T) = v82. Suppose that 8 = 1/m for some integer m. Since ([0, 1]?) = 1,
it is necessarily true that

m(m — 1)A8% + mvd? = 1.
Solving this for v we get
v=A+(1-1)/8
and thus
(9.2) a(T) = (1 —A)8 + A8°.

It is not difficult to show that the proportionality constant A is independent
of 6 and that

(9.3) a(R) = Au(R)
for any rectangle R which does not intersect the diagonal except possibly at a

vertex, where u denotes Lebesgue measure. A can be calculated from (9.2)
and 9.3). If x <y,

A(x,y)

Il

([0, x] x [0, y])

a([0,x] % [0, x]) + ([0, x] X (x,y])
=1 -Mx+Ax?+2Ax(y —x)

=Axy + (1 —A)x.

Similarly, if y <x then A(x,y)=Axy + (1 — A)y. Consequently, A4 =
AP+(1-M)M. =

10. Homomorphisms

Let & and & be symmetric Markov algebras. A homomorphism is a map
V. o - A which preserves the algebraic structure; that is, ¥ maps convex
combinations into convex combinations, products into products, and, if
& and & are both symmetric, transposes into transposes. As previously
noted, we do not require that ¥ map the null element into the null element
or the unit into the unit. Thus, if E is a symmetric idempotent in &, the
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constant map ¥ which assigns E to each element of & is a homomorphism,
which we shall call a trivial homomorphism. We have seen examples of
classes of nontrivial homomorphisms ¥: € — ¢ in Sections 7 and 8 above.
Recall that the nontrivial homomorphisms so constructed were one-to-one
maps. We have no example of a nontrivial Markov algebra which is not
one-to-one, and we conjecture that there are none.

In this section, we construct a homomorphism from 2" — €. Then we
prove two theorems concerning nonexistence of homomorphisms.

We define a map ¥: 9" — ¢ as follows: Let A € 2". Divide [0, 1]? into
n? congruent squares with vertices (x;, x;),i,j=0,1,...,n,where x; = k/n.
Let x;; denote the characteristic function of the square §;; = [x;_j, x;) X
[x;_y, xj). Define ¥ via

[¥(A)](x,y) = n'/:foy‘ i A;ixii(s,t) dsdt.

i,j=1

It is easy to verify that ¥ is a continuous homomorphism of 2" into €.
Observe that ¥ maps P, to P and M, to an ordinal sum of copies of P.
Note also that if £ is any symmetric idempotent copula with square inte-
grable second derivatives, and if the characteristic functions x;; in the
definition of ¥ are replaced by

_ JEn(n(x —x;),n(y —x))), if(x,y) €S,
ni;(x,y) = ,

0, otherwise

then we again obtain a homomorphism of 2" — ¢, since

1 1
j;nij(u’t)nkl(t’v) dt = —&ym;(u,v).

This is verified by direct calculation, using the fact that E is idempotent. The
condition that E have well behaved second derivatives can be dropped at the
cost of introducing more complicated notation, but it is essential that E be a
symmetric idempotent. Basically, therefore, to each symmetric idempotent in
¢ corresponds a continuous homomorphism ¥: 9" —» £.

There are, however, no homomorphisms going the other way, or at least no
continuous nontrivial ones.

TueoreM 10.1.  Any continuous homomorphism of € into 2" is trivial.

Proof. Suppose ¥: € - 2" is a continuous homomorphism. Let
{E,:0<A <1}

be the continuous one-parameter family of idempotents of Theorem 8.4.
Then, the composite map A — E, = W(E,) is continuous. Since each W(E,)
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is idempotent, since there are only finitely many idempotents in 92", and
since 2" is topologically connected, then W(E,) = W(E,) for all A, u in
[0,1]. In particular, ¥(P) = ¥(M). Whereupon, ¥(A) = ¥(AM) =
Y(AV(M) = V(A)P(P) = ¥(AP) = W(P) for all A in €. That is, ¥ is
trivial. H

There are likewise no nontrivial homomorphisms 2" — 2™ when n > m,
or at least no surjective ones.

Tueorem 10.2. For n>m > 1 there is no homomorphism of 2"
onto 9™.

Proof. Suppose ¥: 2" - 9™ is a homomorphism. We assume that ¥ is
onto, so that, as is easy to verify, ¥(M,) = M,, and ¥(P,) = P,. Let ¥, be
the restriction of ¥ to the group G, of permutation matrices in 2". It is
readily checked that a surjective homomorphism maps invertible elements
onto invertible elements; it follows that ¥, is a group homomorphism taking
values in G,,. Since m < n, the kernel N of ¥, is a non-trivial normal
subgroup of G,. Let k be the number of elements in N and let u in 2" be
the convex combination

1
- Ly
“TEL
Then
(10.1) Y(u) =+ ¥ W(h) = M,.

heN

Since N is a normal subgroup of G,, necessarily gu = ug for all g in G,. It
follows that u is in the center of 2", so that, by Theorem 6.5, u = AP, +
(1 — MM, for some A € [0, 1]. It is easily checked that u is idempotent. It is
also easily checked that the only convex combinations of P, and M, which
are idempotent occur when A = 0 or 1. But since N is a nontrivial normal
subgroup u necessarily has nonzero off diagonal entries, so that necessarily
A # 0. It follows that A = 1 and therefore that u = P,. Thus, (10.1) says that
Y(P,) = M,,. Since m > 1 by hypothesis, M,, # P,, and we have a contradic-
tion. W

11. Interpretation

We conclude this paper with some observations on the interpretation of
the algebraic concepts of € in the context of Markov processes.
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Invertible and Extreme Copulas. Extreme stochastic matrices correspond
to deterministic links in a Markov chain, in the sense that if the transition
matrix 0, ,, is extreme and the state at n is known with probability 1, then
the state at n + 1 is known with probability 1, since all transition probabili-
ties are 0 or 1.

Left invertible copulas also correspond to deterministic links in a Markov
process, but the argument is more circumspect. We will say that random
variables X and X, in a Markov process are deterministicly related if ¢ > s
and there is a Borel function f such that X, = f(X,) almost surely. This is
true for continuous random variables if and only if the copula C;, is left
invertible. We state the result as a formal theorem:

THeoreMm 11.1. Let X, and X, be continuous random variables. The
following are equivalent:

(a) There is a Borel function f such that X, = f(X,) a.s.

(b) Forall x, E(Iy, . ,1X;) =0 or 1 as.

(c) The copula C,, is left invertible.

Proof. Statements (b) and (c) are equivalent by Theorems 7.1 and 3.1,
using the fact that the random variables are continuous. We will complete

the proof by showing that statements (a) and (b) are equivalent.

Suppose E(Iy,.,|X;) =0 or 1 almost certainly for all x. Then for all
Borel sets B,

/XI_I(B)E(IX2<XIX1)IX2<X dp = f (E(IX2<xIX1)IX2<xIX1) dp

TiB)
[X 1(3) X2<x|X1) ap
= fX 1(B)E(IX2<X|X1)

f X2<x
X7Y(B)

'[X"l(B) X, <x

It follows that
0= [ (I3,cr = 2E(Lyy <X I, <. + E(Ix, ) X,)’) dP
X7UB) X, <x Xy<x M1 )X, <x X, <x\21

- .[X1—1(B)(IX2<X - E(IX2<x|X1))2 dP
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which implies that E(Iy, . ,1X,) = I, ., almost certainly for all x. But then
X, is measureable with respect to the completion of the o algebra of sets
o(X,) generated by X,, so that statement (a) holds.

If statement (a) holds, then o(X,) C o(X,) so that E(Iy _ IX) =1y .,
a.s. This implies (b). =

Observe that right invertibility of the copula C,, is neither necessary nor
sufficient for X, and X, to be deterministically related. In fact, we can use a
right invertible copula which is not left invertible to construct a Markov
process which has a curious property. Suppose that C is right invertible but
not left invertible, and let E = CTC. Suppose all copulas in a Markov
process C,, are invertible for u < v < s and t <u < v where s < ¢. Set

C,,=C,*C, uss<v<t
C,=E, s<u<v<t

C,=C'xC,, s<u<t<v.

It is easy to verify that the entire process satisfies (3.7) and therefore the
Chapman-Kolmogorov equations. Observe that C,, = CCT = M, so that X
and X, are deterministically related. But if s <u <v <t¢, C,, = E is not
left invertible, so in the interval (s, t), the process is not deterministic. The
right invertible copula C permits the intrusion of a bubble of randomness in
an otherwise deterministic Markov process.

The interpretation of Theorems 7.4 and 7.5 is also interesting; cf. [12], [18],
[19]. These results imply that any link in a Markov process can be approxi-
mated to arbitrary accuracy by a deterministic link. Thus, if one constructs a
discrete Markov process by setting the copula of each adjacent pair of
random variables equal to some non-invertible copula C and then approxi-
mates C closely enough by an invertible copula A4, one can apparently expect
the corresponding deterministic process to exhibit behavior similar to that
exhibited by the original nondeterministic process; certainly adjacent pairs of
random variables in the associated Markov process can be expected to exhibit
similar behavior. The joint behavior of distant pairs may not be so similar,
because of the fact (Theorem 7.6) that the * product is not jointly continu-
ous.

Idempotents. Observe that a Markov process all of whose marginal distri-
butions F are the same and all of whose copulas C are the same consists of
interchangeable random variables if

ct=cC

since this condition implies that C" = C for all n, and the higher order joint
distributions are all identical by reason of the Markov condition. The
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converse is also true: if the random variables in a Markov process are
interchangeable, then necessarily C? = C, and all of the marginal distribu-
tions are the same. By DeFinetti’s theorem [6] interchangeable random
variables are conditionally independent. Thus, we think of idempotents in ¢
as corresponding to conditionally independent Markov processes.
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