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Abstract

The stability of generally defined nonlinear time series is of interest as nonparametric and other
nonlinear methods are used more and more to fit time series. We provide sufficient conditions
for stability or nonstability of general nonlinear AR(1) models having delay d >1. Our results
include conditions for each of the following modes of the associated Markov chain: geometric
ergodicity, ergodicity, null recurrence, transience and geometric transience. The conditions are
sharp for threshold-like models and they characterize parametric threshold AR(1) models with
delay. (© 1999 Elsevier Science B.V. All rights reserved.
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1. Introduction

In this paper we are interested in the stability of the first-order nonlinear time series
model with delay lag d > 1. Specifically, the model is

t:(10(51719"wétfd)étfl—i_ﬁ(étfla"wétfd)—i_c(et;5[719"'951711)9 t>1, (11)
where ¢ and ¢ are bounded and measurable, ¢ is measurable and {e;} is an iid sequence
of random variables, independent of the initial values &_g4,...,&). Examples studied

in the literature include first-order threshold models with ¢ depending only on the
sign of &;_4; (Chen and Tsay, 1991; Lim, 1992) and first-order amplitude-dependent
exponential autoregressive (EXPAR) processes where ¢@(&;_1,...,&_4)=a+ ﬁe"sif—d
(cf. for example, Tong, 1990). However, ¢ could be defined more generally than either
of these.

As models such as (1.1) are being fit to nonlinear autoregressive time series, under-
standing their stability has become increasingly important. (cf. Chen and Tsay, 1993a,b;
Tjostheim and Auestad, 1994a,b; Hardle et al.,, 1997). In a series of work, Chan
(1990,1993) and Chan and Tong (1985,1994) pioneered the study of the stability of
general nonlinear time series, applying well known drift conditions for Markov chains.
(See also Tong, 1990). In particular, they identified stability conditions for models
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in which the autoregression function is Lipschitz continuous. Others (Chan and Tong,
1986; Chen and Tsay, 1993a; Guégan and Diebolt, 1994; An and Huang, 1996; Lu,
1996) have identified conditions without the continuity assumptions but the conditions
can be fairly strong when either the autoregression order p or the delay lag d is greater
than 1.

These efforts either do not include or do not characterize models with discontinu-
ous regression functions, such as parametric threshold models for which either p or
d is greater than 1. The only threshold models which have been characterized are the
self-exciting threshold autoregression (SETAR) model of order 1 and no delay (Petru-
celli and Woolford, 1984; Chan et al., 1985; Guo and Petrucelli, 1991) and the simplest
threshold models of order 1 and delay d > 1 (Chen and Tsay, 1991; Lim, 1992). This
paper will characterize the stability of more general threshold models with order 1 and
delay d > 1.

The “coefficient function” ¢(x) in (1.1) and the “intercept function” ¥(x) can be
construed either nonparametrically or parametrically. For example, the otherwise non-
parametric model (1.1) can be a partially parameterized “threshold-like” model as fol-
lows. Let x = (x1,...,x7) € R? and u = (uy,...,uq) € U={1,—1}¢ and suppose there
exist

¢o,= lim ¢@x), 0,= Ilim J(x) foral wuecU. (1.2)
min;u;x; — 00 min;u;x; — 00
The EXPAR models, for example, are threshold like. A fully parametric threshold
model would have

ox)=¢,, Ix)=0, for wux;>0, wuecl. (1.3)

The partially parametric model (1.2) is quite general because it makes no assumptions
about ¢(x) near the thresholds (i.e., when one component of x is “small”). In this
paper we provide sharp conditions for stability of the partially parameterized model,
the characterization being complete for the fully parameterized model. These results
are simple consequences of our conditions for stability and nonstability of the non-
parametric model.

The results are presented in Sections 2 and 3. In Section 2 we provide conditions
for the Markov chain associated with {&;} to be geometrically ergodic and conditions
for it to be geometrically transient. Such conditions do not rely heavily on the intercept
term J(x) or on the error term c(e;;x). In Section 3 we look at more refined conditions
for ergodicity and transience, as well as for null recurrence. These conditions are much
more sensitive to ¥(x) and c(e;;x). Examples are provided and the proofs are given
in Section 4.

2. Conditions for geometric ergodicity and geometric transience

The Markov chain associated with the autoregression process in (1.1) is

Xt:(énft—ly--;ét—dﬂ)- (2-1)
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Stability of the time series (1.1) is determined in terms of Harris recurrence of (2.1).
By ergodicity we mean positive Harris recurrence, as we will assume aperiodicity and
irreducibility throughout. Conditional probability and expectation, given the initial state
of the chain are denoted as P.(-) = P(-|Xo =x) and E,(-) = E(:|Xy = x), respectively.

In this section we provide conditions for {X;} to be geometrically ergodic or geo-
metrically transient. By the latter we mean there is a positive probability the process
will grow geometrically fast, for any initial state. The conditions are stronger than
those for simply proving ergodicity or transience but much less can be assumed
about the error term. In particular, the results in this section can be applied to the
p-ARCH models of Guégan and Diebolt (1994). These models are characterized by
le(v; )| <K(1 4+ ||x||#|v]) for some K < 0o and 0 < 8 < 1.

We first identify conditions applicable to general nonlinear models satisfying (1.1)
and then adapt them to nonparametric models exhibiting cyclic behavior. We will apply
the results to obtain sharp conditions for the partially parametric model given by (1.2)
and compare our results to those for similar cyclical models in the literature. The last
result of the section does not assume the cyclic behavior but it does assume more
smoothness.

Define a(x) = @(x)x; for x = (x1,...,xs) € R?. We will assume throughout that
¢(x) and ¥(x) are bounded and that, for each x € R?, c(e/;x,...,xq) has a lower
semicontinuous density positive everywhere on R. These conditions ensure that {X;} is
aperiodic and -irreducible with Lebesgue measure (u;) as the irreducibility measure
(Cline and Pu, 1998b; cf. Meyn and Tweedie, 1993 for definitions and related condi-
tions). We also assume {X;} is a T-chain (again, cf. Meyn and Tweedie, 1993). This
is so, for example, if c(e;;x) = b(x)e; where both b and the density of e; are locally
bounded away from 0 (Cline and Pu, 1998b).

In addition, our results in this section will refer to the following assumptions about
the error term c(e;;x). Note that the assumptions hold trivially for additive errors or
even when {|c(e1;x)|"} is uniformly integrable for some » > 0. The assumptions also
hold for the f-ARCH models of Guégan and Diebolt (1994) when f < 1.

Assumptions. Let 7 > 0 and let || - || be a norm defined on R.
(A.1) For each M < oo, sup), <y E(|c(e1;x)[") < oo and

E(|c(e)]") _

lim sup - 0.
[|x]| — oo ][]
(A.2) The function s(x) = min(|a(x)],|x1],...,|xs|) is unbounded on R? and for
each 6 > 0,
lim sup s"(x)P(|c(er; x)| > d|a(x)]) = 0.
s(x) — oo

(A.3) |e(er;x)|/|a(x)] — 0 in probability, as |a(x)| — oo, min; |x;| — occ.

Our results rely on well-known drift conditions for Markov chains, involving care-
fully crafted test functions. We start by establishing a general condition for geometric
ergodicity of the Markov chain (2.1). Note that by definition X; = (&1, xy,...,x4-1)
when Xy =x = (xy,...,x;). Define s(x) = min(|a(x)], |x1],..., [x4])-
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Theorem 2.1. Assume (A.1). If s(x) is bounded or if there exists i: R — (0, 00),
bounded and bounded away from 0, and M < oo such that

. AX7) .

limsup E, ( (XD ey > M sen(én)=sen(ax)) | < 1, (2.2)
|a(x)| — oo A(X)

min; |x;| — oo

then {X;} is geometrically ergodic.

Remark. An obvious condition for geometric ergodicity is lim supHxHéoo|(p(x)| <1,
which ensures the process shrinks anytime it becomes too large. This, in fact, is the
condition one gets when applying known results for general autoregressive models
of order p to the order 1 model with delay d (e.g., Chan and Tong, 1986; Chen
and Tsay, 1993a; Guégan and Diebolt, 1994; An and Huang, 1996). Many stable
nonlinear time series do not have this trait, however, and instead one need only have
that |@(Xi4m) - - - @(X;+1)| is small, in some average sense and for some m, when &, is
large. In fact, by Cline and Pu (1999, Lemma 4.1), (2.2) is equivalent to

m
limsup Ee | []lo@)I 550 | <1 for some m>1.
la(x)] — oo j=1
min; |x;| — oo
The indicator 1|¢ |5 a,sen(é, )=sen(a(x)) Within the expectation in (2.2) looks a bit cum-
bersome but it makes it possible to restrict consideration of the behavior of ¢ to a

suitable subset of RY.
Next, we have a general condition for geometric transience of the process (2.1).

Theorem 2.2. Assume (A.2). If there exists /: RY — [0, 00), bounded, and R C R? such
that us({x € R: A(x)|a(x)|" > M, min;|x;| > M}) > 0 for every M < oo and
limsup " (x)P.(X; & R) =0 (2.3)
s(x) — oo, xER
and if there exists M < oo and q <1 such that
Mx)|alx)]” r
& (1 (X a1 Mmnmanner | <4

lim sup
Ax)a(x)|" — oo
min; |x;| — 0o,xER

2.4)
then {X,} is transient and P.(lim; _. o, q'|&,| — 00) > 0 for all x € RY.

Remark. Again, the indicator variable in (2.4) is designed to make application of the
theorem easier, despite appearances to the contrary.

The assumption that us({x € R: A(x)|a(x)|” > M, min;|x;| > M}) >0 for every
M < oo is valid, for example, if py(R) >0 and infegmin,|x,|> 1 A(X)]a(x)]" — oo as
M — oo. In particular, the latter will hold if R and 1 are chosen so that A(x)|@(x)|" is
bounded away from 0 on R.

We now turn our attention to models with cyclic behavior, of which the fully para-
metric model (1.3) is an example: If &,...,& 441 are large then sgn(&;. 1) is nearly
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certain to be the same as sgn(dsen(x,)¢;) (Where sgn(x) is taken componentwise). Thus,
the process sgn(&,) will tend to follow cycles determined by the signs of the parame-
ters ¢,, at least as long as &, remains large. In fact the partially parameterized model
(1.2) has this characteristic as well and it takes only a little imagination to see that
many nonparametric models do also. We therefore identify this kind of cyclic behavior
for a general process.

Recall we have defined U = {—1,1}. For each u € U and M < co we also define

Oum={x€ RY: ux; > M, i = 1,...,d}.

Assumption
(A.4) For some M < oo and each u € U, either ¢p(x)>=0 for all x € O, or p(x)<0
for all x € O, um.

Suppose Assumption (A.4) is valid and let

Oumr = 1{x € Quu: |@(x)x1| > M}

If Q;,M is not empty then there exists u* € U such that (@(x)x1,x1,...,X1-1) € Oy m
for all x € Oy ), We call u* the successor of u if Oy ), is nonempty for all M < oo.
If |(x)x;| is bounded on x € Q, ), for some M < oo then we say u has no successor.
Therefore, every u € U satisfies exactly one of the following:

(i) u has no successor,
(ii) u is in a cycle C={u,...,u®} where u'/) succeeds ul/~1 for j=2,...,k and
uD succeeds ul®,
(iii) u has a successor but u is not in a cycle.

Example 2.1. Consider the case d =2, U= {—1,1}? and

o(x) = (Z qsulsgn(x)u) px),

uel

where p(x) is nonnegative and sgn(x) = (sgn(x;),sgn(x2)). If ¢ 1 >0, ¢11 <0,
¢_1—1 <0 and ¢_;; >0 then there is only one cycle, {(1,1),(—1,1),(—1,—1),
(L=D} If 11 <0, ¢p11 >0, ¢p_1,—1 =0 and ¢_;; <0 then there are two cycles,
{(1,1)} and {(1,—1),(—1,1)}, and (—1,—1) has no successor. Several other cases are
discussed in examples below and the rest are left to the reader.

We denote the class of cycles with €. When large, the time series {&;} behaves
as if sgn(X;) follows the rules of succession outlined above. The time series will be
unstable (i.e., grow in magnitude) only if there is a cycle for which the effect on &,
in a complete circuit of that cycle is to make & grow. With this in mind we have the
following definitions and theorem.

For u € U with successor u* and fixed » > 0 define

@, = limsup E(|oX1)| xeg,-,,)

|a(x)] — oo
min; u;x; — oo
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and
= liminf (Ex(lo(X)| ™ Leg,. )"
min;u;x; — oo
Remark. If u has successor u* = (uj,...,u};) then

@, < limsup |p(x)]" and @,> liminf |o(x)|"
min;u*x; — 0o min;u} 0

Bhattacharya and Lee (1995) use the limits on the right to prove results for general
first-order models with no delay. In practice, the bounds we use are generally better
but harder to compute. The bounds coincide in the partially parametrized model (1.2)
considered in Corollary 2.4 below.

We now provide conditions for a general first-order, cyclical model with delay.

Theorem 2.3. Let r > 0. Assume (A.4) and define the cycles C € € and the limits
®,, @ according to the discussion following (A.4).
(i) Assume (A.1). If € is empty or
max D, <1,
Ce®
ueC
then {X;} is geometrically ergodic.
(ii)) Assume Assumption (A.2). If there is a cycle C and q <1 such that for
some u € C,

g ({x: ml_in ux; > M, |a(x)| > M}) >0 forall M <
and

12 >4 (2.5)

ueC

then {X,} is transient and P.(lim; . oq'|&| = 00) >0 for all x € R.

Remark. For the proof of the geometric ergodicity result Theorem 2.3(i), ¥(x) need
not be bounded, but lim),|| _ .o¥(x)/||x|| =0 is required. Also, we may weaken (A.4)
by assuming there exists ¢* : R? — R satisfying the condition given for ¢ in (A.4)
and

limsup |¢™(x) — @(x)| =0.
min; |x;| — oo
This is possible since (@(x) — @*(x))x; may be absorbed into ¥(x), without changing
the assumptions.
The proof of the geometric transience result, part (ii) of Theorem 2.3, requires ¢(x)x;
to be locally bounded but it does not actually require ¢(x) to be bounded.
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Corollary 2.4. Assume partially parametric model (1.2) (and hence (A.4)).
(i) Assume Assumption (A.1). If € is empty or
max H o <1,

Ce%
ueC

then {X;} is geometrically ergodic.
(i1) Assume Assumption (A.2). If there exists g < 1 such that
1
max H ¢ > —,
q

ce%
ucC

then {X,} is transient and P.(lim, _. ..q'|&,| = 00) > 0 for all x € RY.

Example 2.1 [cont.] Suppose p(x) — 1 as min(|x;], |x2]) — oo in Example 2.1 above. It
is not difficult to enumerate all the cases and to determine sharp conditions.
Specifically, let

p=max(¢_1 1, ¢11,min(p_11, p_11¢$—1,—1,0)min(p.—1, p1—1$1,1,0)).

Then geometric ergodicity occurs if p < 1 and geometric transience occurs if p > 1.

Example 2.2 (cf. Chen and Tsay, 1991; Lim, 1992). Consider the simple two-
parameter TAR(1) model with delay d > 1 defined by

é o (blitfl + e if ftfd <0,
t ¢2é1+e  if &g >0.

Using different algebraic methods, the above-mentioned authors have shown that the
precise stability conditions are as we have described in Corollary 2.4(i). Specifically,
if ¢1¢,>0 the condition is the same as the well-known condition for a TAR(1)
model with no delay (d =1): max(¢1, ¢2, p1¢2) < 1. But if ¢1¢, < 0 the condition is
max(¢) ¢, ¢ ¢y ) < 1 where s, and t, are integers (respectively, odd and even) that
the authors have computed and tabulated for d = 1,...,27 by finding all the possible
cycles.

By our results, the same conditions apply for partially parametrized models as well.
This would include order 1 models similar to EXPAR models where, for example,
ox) = ¢1 + (¢p2 — $1)G(xy) and G is a univariate distribution function. Also, our
results show that the model may include an intercept term and nonadditive errors.

Remark. Tjostheim (1990, Theorem 4.5)) considers parametric d-dimensional thresh-
old processes with coefficients constrained so that the process, when large, follows a
single cycle from one region to another. Our methods could be used to generalize his
results to cases with multiple cycles.

Not all models have the cyclical behavior of Assumption (A.4). The final result for
this section provides an alternative condition for geometric ergodicity. For x € R?, let
or(x) = (a(x),x1,...,xg—1) and o;(x) = oy (oj—1(x)) for j=2. Also, let ¢i(x) = ¢(x)
and ¢@;(x) = @(oj—1(x)) = @;j—1(21(x)) for j=2. A number of results (e.g., Chan and
Tong (1985,1994)) state that geometric ergodicity holds when the dynamical system
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{o,(x)} is exponentially stable. The results usually also require smoothness of o such
as Lipschitz continuity. As our result shows, it suffices to consider the behavior of ¢
on a more restricted set. We also define, for x,y € RY,

. Xi — )i
s(x) = mln(|a(x)|r |X1 |9- EE) |xd‘) and 1’]()6, y) = max (| |)C ‘y |> .
i i

Theorem 2.5. Assume (A.1) and (A.3). If ¢ is such that

sdim - Jo(x) — ¢(y)| =0 (2.6)

nex.y)—0
and

n
limsup ] 0/l gm >0 <1 for some n=1, M < oo, (2.7)

min; |x;| — oo =1

then {X,} is geometrically ergodic.

Remark. Essentially, (2.7) is exponential stability of the dynamical system defined by
x; = a(x—1)1yx,_,)>m, while (2.6) weakens the continuity assumption. Both conditions
depend on the values of @(x) only for x such that s(x) is arbitrarily large.

3. Conditions for ergodicity, transience and null recurrence

Weaker conditions are possible for both ergodicity and transience but they do not
necessarily ensure geometric behavior of the process. Bhattacharya and Lee (1995)
have provided such conditions for fairly general first order models with no delay. In
this section we investigate conditions for ergodicity and transience of the model (1.1),
as well as conditions for null recurrence. The behavior of ¥(x) is crucial and stronger
assumptions are required for c(ej;x). We continue to assume that the Markov chain
{X;} is an aperiodic, u,-irreducible T-chain. The results also assume some form of the
following:

Assumption
(A.5) E(c(e1;x))=0 and for some r=1, {|c(e1;x)|" }icpe is uniformly integrable.

Recall the cyclic behavior described in Assumption (A.4) and the definitions which
follow it. Given a cycle, say C = {u",u®,...,u®}, and associated constants,
Gury ..y Py, we define

k k Jlk
Ju =[] 16w (H|¢u(.>> . (3.1)
i=j

i=1

Note that for all u € C with successor u*,

e lbl (Hqs |> - (32)

veC
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The constants A, play important roles both in the proofs of our results and in deter-
mining the part of the drift of the time series which is influenced by J(x).

We first give conditions for stability and then, in Theorem 3.3, conditions for non-
stability.

Theorem 3.1. Assume Assumption (A.4) and make use of the definitions which follow
it. Let ¢, 0, be constants satisfying ¢,p(x)=0 for x € Q,m, u € C, C € €, and

0<J[du<t and > 4r0.0,<0 forall Ce, (3.3)
ueC ueC
where the 1,’s are given by (3.1), o, = sgn(¢,u1) and u* is the successor to u.
(i) Assume Assumption (A.5) holds for some r=1. If
limsup (Jo(x)x1 + 9(x)| — |pux1 + 0.)|x1)° <0 forallue C, C€ % (3.4)

|a(x)| — o0
min;u;x; — o0

for s =0 or for some s € (0,min(1,r — 1)), then {X;} is ergodic.
(ii) Assume Assumption (A.5) holds with r =2 and
liminf E(c*(e;;x)) >0 forallueC, C<®. (3.5)

la(x)] — oo
min;u;x; — 00

If
limsup (Jo(x)x1 + 9(x)| — |pux1 + 0,))|x1| <0 forallue C, C €€, (3.6)

|a(x)| — oo
min;u;x; — 0o

then {X;} is Harris recurrent.

Example 3.1. Suppose d =2, ¢11=1, ¢p_1_1 <0< ¢p_jjand ¢_11¢_1_1d1_1=1.
Then there are two cycles, {(1,1)} and {(—1,1),(—1,—1),(1,—1)}, and the condi-
tion in Corollary 2.4 for geometric ergodicity is not met. However, if there exist
M < oo, € >0 and either s =0 or s € (0,min(1,» — 1)) such that

<xp — gl if x; >M and x, > M,

>q’>,1,1x1 —|—971,1 +8|X1|_S if x; < —M and x, > M,
Lo +0() 4 Lo

<¢,1,,1X1 + 9,1,,1 — S|X1| if x; < —M and x, < — M,

Zqﬁ]’_]xl +91,_1 +8|X1|7S if x; > M and x, < — M,

where —¢_; _1¢1,-10_1) —¢p1.—10_1_1 — 011 <0 then (3.3) and (3.4) are valid and
the process is ergodic.

Example 3.2. (cf. Bhattacharya and Lee, 1995; Pu, 1995, Chapter V.) Suppose d=1 so
the model has no delay. Suppose also ¥(x)=0, c(e;;x)=b(x)e; where b(x) is bounded
and bounded away from 0, and E(e;)=0. Under these assumptions, it is possible to get
slightly weaker conditions for ergodicity and sometimes to dispense with the cyclical
assumption. For example, Pu shows that if b(x) =1 and |x[*(1 — |p(x)|) > E(e?)/2
for all large |x| then the process is ergodic. Without assuming a second moment,
Bhattacharya and Lee show that if |x|(1 — |@(x)|) > & > 0 for all large |x| then the
process is ergodic. Bhattacharya and Lee also show if &< @(o(x)x)o(x)|x| <|x| — ¢ for
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some ¢ > 0 and a certain constant ¢ (defined by them but depending on ¢(x), b(x)
and the error distribution) and for all large |x| then the process is ergodic. In this case,
if ¢(x) <0, the time series cycles from positive to negative and back again, at least
while it is large.

Such conditions are also possible for models with d > 1 if the error is additive, but
they would involve the coefficients ¢, and 6, and the error distribution in a complicated
way.

Remark. Theorem 3.1(ii) shows, as did Lamperti (1960) for random walks, that a
Markov chain may have a small drift away from the origin and still be recurrent.

Also, in certain cases the condition for ergodicity may in fact imply geometric
ergodicity, even if [[,.- ¢, =1 for some cycle C. We state this next. (See also
Spieksma and Tweedie, 1994.)

Corollary 3.2. Assume there exists n >0 such that sup, E(e"l“Ct9y < oo, If the
conditions of Theorem 3.1(i) hold with s =0 then {X;} is geometrically ergodic.

Now we turn to nonstability.

Theorem 3.3. Assume Assumption (A.4) and make use of the definitions which follow
it. For some cycle C, let ¢,, 0, be constants satisfying ¢,op(x)=0 for x € Qyu,
ue C, and

[[¢=1 and > iro,6,>0, (3.7)
ueC ueC
where the 1,’s are given by (3.1), o, =sgn(¢,u1) and u* is the successor to u.
(i) Assume Assumption (A.5) holds for some r > 1. If
liminf (|o(x)x; + 9(x)| — |puxt + 0.DIx1|° >0 for all ue C (3.8)

min;u;x; —
for some s € (0,min(1,» — 1)), then {X,} is transient.
(i) Assume Assumption (A.5) holds with r=1. If there exists Li,Ly, M < 0o, such
that

lo()x; + 9(x)| — |pux1 + 0, = — A(x) for all x € Q,.m, u € C, (3.9)
where
A(x) =/ (1 = Fe(¥))dy + Li(1 = Fx(|p()xi + 9(x)| — L2))
[@(e)x1+0(x))|

and Fy is the distribution of —a,c(e1;x), then {X;} is not positive recurrent.

Remark. The condition in (3.9) allows nonpositive processes to have a slight negative
drift but even for additive errors, and depending on the error distribution, A(x) may
converge rapidly to 0 as |x;| — oc. Either term in the definition of A(x) can dominate.
Pu (1995, Chapter V) obtained similar results for TAR(1) models with no delay and
additive errors.
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The proof of Theorem 3.3 requires that we improve the drift condition for a Markov
chain to be nonpositive (cf. Meyn and Tweedie, 1993, Theorem 11.5.1). The new
condition is stated here.

Lemma 3.4. Suppose {X,} is a homogeneous -irreducible Markov chain on RY and
suppose V :R? —[0,00) vanishes on R¢. Assume there exist K, < oo, Ky < 0o and
Sfunction w(x, y) such that

(1) V(X1) = V(x)Zw(x, X1) — Kilxgr, if Xo=x ER,

(i1) E(Jw(x, X1)||Xo =x) < Ky and E(w(x, X1)|Xo =x)=0 for all x € R, and
(iii) y({x € R: V(x) > K1 }) > 0 and Y(R°) > 0.
Then {X;} is not positive recurrent.

The conditions in Theorems 3.1 and 3.3 are sharp for the partially parametric model
of (1.2). With stronger assumptions they fully classify the model, as well as the fully
parametric model (1.3).

Corollary 3.5. Assume Assumption (A.5) holds with r = 2. Assume there exists con-
stants ¢, 0, and s > 0 such that

Clim (e(x) — ¢ " =0 for all uin a cycle. (3.10)
and
S lim (9(x) = 0,)|x1|° =0 for all uin a cycle. (3.11)

Define A, by (3.1) and o, = sgn(¢p,uy) for each u in a cycle.

(i) If for every C € € either [],cc ¢u < 1 or both [[,cc pu=1and }, . Ju=0,0,
< 0 then {X;} is ergodic.
(i1) Assume (3.10) and (3.11) hold with s=1 and assume (3.5) holds. If for every
C €% both [[,cc pu<l and ), o Ju=0,0,<0, and for some C € € (3.9) holds and
both [[,cc bu=1and Y, Ju=0,0, =0, then {X;} is null Harris recurrent.
(iii) If for some C € € either [],.c ¢u > 1 or both [, pu=1and ), . 40,0,
> 0 then {X;} is transient.

Example 3.3. Consider the model with d =2 and ¢ as defined in Example 2.1 but
suppose we also have

W(x) = (Z eulsgn(x)u> q(x).

uel

Assume p(x)—1 and g(x)— 1 as min(x},x;) — oo sufficiently fast to satisfy Corol-
lary 3.5. Enumerating all the possibilities would be lengthy but, for example, suppose
$11<0, ¢p_11 <0, ¢1—1 >0and ¢p_; _; <O so that there is one cycle {(1,1),(—1,1),
(1,=D)} If p=d11¢_1.1¢1.—1 < 1 the process {(&;, & 1)} is geometrically ergodic and
it is geometrically transient if p > 1. If, instead, p=1 then the process is ergodic, null
recurrent or transient as ¢_; ¢ —1011+¢1—10_11+0; 1 is negative, zero or positive.
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In practice, constructing the parameter space for ergodic models can be complicated.
But checking the conditions is fairly straightforward once one has estimated values for
the parameters. Even finding all the cycles is easily automated.

4. Proofs

Proof of Theorem 2.1. The proof consists of demonstrating the existence of a test
function V;:R? —[0,00) with which we may apply the drift condition of Meyn and
Tweedie (1993, Theorem 15.0.1). (See (4.12) and (4.13) below.) There is no loss
here in assuming that ¢} is identically 0 as the mean of the error term c(e;;x) is
inconsequential for this argument. Assume first that s(x) is unbounded. Without any
loss we assume r<1 and is small enough that {|c(es;x)|"/1+ ||x||"} is uniformly
integrable. Let V(x) = A(x)|a(x)|" + Z;’:l élxi|”, ¢ € (0,1) to be fixed later. Thus,
given Xy = x,

d—1

V(X) = AXDleCD)) + e)la() + clen ) + > e |l

i=1
Choose L < oo so that 1/L < A(x) < L and |@(x)| < L for all x. Then, by substituting
in the definitions for V(x) and V(X)) and using (A.1),

i V(X1)
limsup E (_1 M s s
la(x)| — oo x V(x) |&1]>M,sgn(&; )=sgn(a(x))
min; |x;| — 0o

. )”(X ) r
< lim sup  Ey : |(P(Xl )l 1|§1\>M,sgn(g’1):sgn(a(x)) +eL (41)
la(x)| — oo /l(x)
min; |x;| — oo
and
V(X

lim sup E (X1) <L + &) < 20, (4.2)
|l = oo V(x)

We now fix 6, M, K and ¢, in that order, so that according to (2.2), (4.1) and (4.2),

min; [x;| >M
sup  E; (V(Xl) ) <2(1 — $)L2* (4.4)

lax)| > M V(x)
and

K >20", (LM77 4 1)eK? < 6. (4.5)
Define

1 if <M,
v(x)=1< K=" if |x;| > M for j<iand |x;|<M, i=1,...,d — 1, (4.6)

K~ if |x;| > M for j<d,
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so that

if |&]>M, min |x;| > M,
if & > M, min; |x;|<M,
K if & <M.

Now define V;(x) = v(x)V(x). This is our test function. Note that by our choice of
r, {V1(X1)/(1 + Vi(x))} is uniformly integrable and by Assumption (A.1),

limsup P(|&]|" > eV (x))< limsup P(|c(er;x)|” > eV (x) —M")=0.

[[x[| — o0 [Ix]| — o0

1
V(Xl) 1
v(x) Sy«

Thus (V1(X1)/V1(x)1}¢,r>erx) — O in probability, as [|x|| — oo, |a(x)|<M, and

. Vi(Xy)
1 E. | ——=1: (M. eV (x =0. 4.7
1m sup ( V1(x) [&1]7 > max(M", eV ( ))) 4.7)

||| — 0o
o) <M

Likewise, (V1(X1)/V1(X))1|¢(e;x)r >ev(x) — O in probability, as [|x|| — oo, and

. Vi(X1)

1 E; —lce'x r>el(x =0. 4.8
im sup <V1(x) le(er )" > eV (x) (4.8)

[lx[| — o0

Next, we note |&;|" = |a(x)+ c(er;x)|” > eV (x) implies that either sgn(&;)=sgn(a(x))
or |e(er;x)|” > eV (x). Thus, by (4.3) and (4.8),

. Vi(X1)
lim su E N ——1 ,
HXHHOI; x< Vi(x) |& |7 >max(M", eV (x))
la(x)| > M, min; |x;| >M

V(X1)
< sup kg <—1|51|>M,sgn(51>sgn(a(x))

la(x)| >M V(X)
min, |x;| >M
. Vi(Xh)
+ limsup E, (—1 cler)|r>eV(x
oo\ Vi) el
<1-4. (4.9)
Also, by (4.4) and (4.5),
(X 2(1 — 8L
sup E, (M151|>M> <¥ <1-0. (4.10)
la(x)| > M Vi(x) K
mini|x;|<M
Additionally, we may compute
V(X
lim sup E, ﬁlmmmwr ooy | ST+ DeK? < 6. (4.11)
|Ix|] = o0 Vi(x) - '
Therefore, combining (4.7) and (4.9)—(4.11),
V(X
limsupEx< i 1)> <1 (4.12)
=00 \ V1(¥)
Clearly, by Assumption (A.1) and the fact K > 1,
sup E.(Vi(X1))< sup E(V(X1)) <oo forall M| < co. (4.13)

x| <M [Ix[] <M
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Since compact sets are petite (Meyn and Tweedie, 1993, Theorem 6.2.5) and (4.12)
and (4.13) hold, geometric ergodicity follows from the drift condition of Meyn and
Tweedie (1993, Theorem 15.0.1).

If s(x) is bounded, the above argument is valid provided M is chosen larger than
sups(x) and we use the convention that any supremum over the empty set has
value 0. [

Proof of Theorem 2.2. We demonstrate that there exists a test function ¥: R — [0, c0)
with which we may apply the drift condition for geometric transience. That is, we will
verify (4.18) below. As in the previous proof, we may assume ¢ is identically 0.
Choose L < oo such that A(x)<L for all x and choose M < oo and 6 > 0 such that,
according to (2.4),

up E( H)la)l" - . R)
ot \ T A @G aGff 417 Msenen=smtaton e

min; |x;| >Mx€ER

<(1-0"q, (4.14)

where M* = (1 —0) "LM". Now choose K > (1 + (1 — ) "L)/éq" and define Q) =
{x € R%: min; <;<4lx;| > M}. The test function we use is

V(x) = min(A(x)|a()|", K |x1 |, ... NG Ixa|") 1o, (X)1r(x).

By the definition of V' and Assumption (A.2),

; V(x)
limsup Ey | —— 21 1p0r:x -
V(x)—>£o <1+V(X1) |e(er;x)| >0 (,)|>

< lim sup K95"(x)P.(|c(er; x)| > d|a(x)|) = 0. (4.15)

s(x) — o0
Likewise, by (2.3),
limsup E. ﬂl < limsup K95"(x)P.(X; € R)=0 (4.16)
V(x) — o0 * 1+V(Xl) gk \s(x)~>oo i ' .
If x € R, A(x)|a(x)|” > M* and min;|x;| > M then, given Xo =x, |c(e;; x)|<d|a(x)|
implies |&;| > M, X; € Qu and

V(x)
T3 V05 eml<slal xer

Vi(x)
m Licter )] <5laco)]. Xi €0u. X1 €R
z+ H)laCo))" I
BY)[S 1 M A1
1 4+ min(A(X))| o))", K)| & | Veter o <slaol xieou.xie

iolal
1—|—/1(X1)|(p(X1)a(x)|’ [&1|> M, sgn(&r)=sgn(a(x)), X1 ER

//\

1 L
< +(1-8)" (E*
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Therefore, by (4.14) and the choice of K,

li E 4()6) 1
imsup E, . s
Vo p 11 V(X |e(er;x)| <Ola(x)]. X1 €R

1 L
<= —0) "=+ (1 -0) " 4.1
LU= T+ =0 <g (4.17)

Combining (4.15)—(4.17),

. 1+ V(x) ) . ( V(x) )
limsup B, | ————= | =limsup E, | —————— | <¢" < 1. (4.18)
V) s o (1 7)) s \Tw vy S

Also, by assumption we have p;({x: V(x) > M}) > 0 for every M < co. Transience
follows from Meyn and Tweedie (1993, Theorem 8.4.2). The conclusion of geometric

transience follows from Cline and Pu (1998a, Lemma 4.1). [J

Proof of Theorem 2.3. (i) The objective is to identify a function A(x) in order to

apply Theorem 2.1. If s(x) = min(|a(x)|, |xi],...,|x4|) is bounded then the conclusion
follows immediately from Theorem 2.1. So we assume s is not bounded. Let a(x) =
(a(x),x1,. .., X4—1)-

For some ¢ > 0,

P, 1. 4.19
gggl]c( +e) < (4.19)

(This is vaccuous if there are no cycles.) It suffices to choose M large enough so that
both Assumption (A.4) is valid and

Dy = sup E(lo(X1)| 1xeg,. )< Pu+e,
xEQ;M

where u* is the successor of u and Qy; ), is defined following Assumption (A.4). Note
that x € O, implies a(x) € O, ». For any u which has no successor, define

D= sup Ex(Jo(X1)["),

XEQum

which is bounded by assumption. Now for x € R?, let

k
[T Puorm A
= —%  ifx €0y and u) is in the cycle
k E
(Hi:l (pu(’),M) (W, a0y,
AMx)=4q1 if min; |x;| <M or x € O, » and u has no
successor,

Mo(x))( Py +¢)  if x € Oy and u has a successor but u is
not in a cycle.
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Note that the third part of the definition is recursive in that A(x) must first be defined
for the cycle cases and for the cases with no successor and then in reverse order of
succession for the cases where a successor exists but # is not in a cycle. For « in a
cycle C, 4 is defined so that it is constant on O, and if k¢ is the length of C then

1/ke
M) Py _ .
) = H Dy <1 for all x € O -

Indeed, from the definitions of A(x) and @, s and (4.19), it is now a simple matter to
determine that for each u € U,

(oU(x))
regr, Mx)

E (l(P(Xl)‘ 1X1€Qu* M) <L

We have, therefore,

AX;
lim sup Ex< )
lax)| — oo Mx
min; |x;| — oo

|§D( 1)| 1|§||>Msgn(cl) sgn(a(»c)))

. AX r
=sup limsup E; ( )( 1)|(/7(X1)| leeQu*.M)
uel |‘a(x)\ﬁoo »(X)

min;u;x; — o0

< sup sup Ao ))E (X)) xe0,-,,) < 1. (4.20)
ueUxegr, Mx)

So geometric ergodicity holds by Theorem 2.1.
(ii) Here we will find A(x) and R to satisfy (2.4). Identify the cycle in (2.5) as
C={uM,...,u®}. Define

¢;,M = ing (EX(“D(XI)|_r1X1€Qu*'M))_13
xX€0T

where it suffices to choose M large enough so that ij:l @y >q " Let R=

Ule O.h p- From Assumption (A.2) it is easy to see that if u has successor u* then

limsup s"(x)P(X1 € Our ) =0

s(x) — 00,x€Qu M

and therefore (2.3) holds.
Now define

Jlk
l(x) — H(pu(l) M (H dju(l) M) if x € Qu(/),Ma ]: 1:"':k7

i=j

0 if x R

Thus, for each u € C, 4 is constant on O, ) and

1/k
A P,
APy _ (H ¢;,M> for all x € Q-

/L(x) veC
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Since x € Quu, |&1] > M and sgn(&;) = sgn(a(x)) imply X, € Qy« , it is simple to
verify that (2.4) holds, analogous to verifying (4.20) above.

By (2.3) and the assumption p,({x: min;u;x; > M, |a(x)| > M}) > 0 for all M < oo
and some u# € C we also have

us({x € R: A(x)|a(x)|" > M, min;|x;| > M}) >0

for every M < oo. The conclusion thus follows from Theorem 2.2. [J

Proof of Corollary 2.4. (i) Assumption (A.4) follows from (1.2). We note that
@, <|p,|". Since the number of sign changes in a cycle must be even, the condi-
tion in Theorem 2.3(i) is satisfied.

(i1) This follows from Theorem 2.3(ii) in the same way that part (i) follows from
Theorem 2.3(i). Note that

U ({x: minux; > M, |a(x)| > M}) >0

for each u € C and each M < oco. [

Proof of Theorem 2.5. This is also a corollary to Theorem 2.1 and again the objective
is to find an appropriate A(x). Let ao(x) =x and Ay(x) = |@(x)|" Lyxy>m where r >0
satisfies Assumption (A.1). Condition (2.7) implies there exists K < oo, M < co and
p < 1 such that

HhM(ocj(x))ng" for all » and all x. (4.21)
j=0

Let p; € (p,1) and ¢ € (O,pf1 — 1) and define

Ax) = sup py " [ [ e (o)) + . (4.22)

n=1 =1

Note that (4.21) implies there exists nyg=>1 such that

n
Ax) = [ max py l_Ith(otj(x)) +¢  forallx. (4.23)
=
Condition (2.6) implies, by way of induction,
i min( i 0Ol mas I/~ 0, =0 o alln>1
nx.y) —0
and thus,

Cdim - min | [ (o). T [ Ane(o)) = T [ e (o)) | =0
m:?r(ll‘fl,);)l :: (<)>0 Jj=0 j=0 i

for all n>=0. By Assumption (A.3), it follows that

min | [ [ (o0, (] [ Aaa (X)) = T [ (o120 | =0

Jj=0 J=0 Jj=0

in probability, as s(x) — oo, for all n=>0.
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Next, we note that by (4.23)

M) (x) (1 +2) max N HhM(a,(x))

j=0

and by (4.22)

max i7" [ [ Aur(a41(x)) < pr ).

0<n<ny :
J=0

Therefore,

. AX1)
|hm‘sup Ex< lp(XD[" 1> m
a(x)| — oo
min; |x;| — oo

. (1+¢) T MX)IM/E |
< limsup E, max p; " | | An(o;(X1)) + —————1¢
la(x)| — oo A(x) 0<n<nm : ;l:[ ’ A(x) S
min; |x;| — oo
(14+¢)

< limsup
la(x)| — oo )(x) 0<"<”0
min; |x;| — oo

<(1+4+¢)p; < 1.

Hth,H(x))

The conclusion holds by Theorem 2.1. [J

Before we prove Theorem 3.1 we need the next two lemmas. A nonnegative function
v on R? is said to be unbounded off petite sets if {x: v(x)<K} is petite for all K < oo
(cf. Meyn and Tweedie, 1993).

Lemma 4.1. Suppose {X;} is a Markov chain with representation
Xi = o(Xi—1) + y(es Xiy). (4.24)

Suppose also sy, s\ and w are nonnegative functions on R? such that for all finite
M15M2>

s1x)<My  and  w(y(er; x)) <My = so(a(x) + y(e; x)) <K for some K < o0
(4.25)

and

sup E(W'(y(er; x))) < oo for some r > 0.
s1(x) <M,

If so is unbounded off petite sets then s; is unbounded off petite sets.

Proof. Given M; < oo, choose M, large enough so that

sup  E(W'(p(er; x))) < Mj.

s1(x) <M,
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Then choose K large enough so that the implication in (4.25) holds. Using Markov’s
inequality,
inf  P(so(X1)<K)= inf Pw(y(e;;x))<M;)>0.
s1(x) <M, si(x) <M,
Since {x: so(x) <K} is petite, it follows that {x : s1(x)<M;} is also petite (Meyn and
Tweedie, 1993, Proposition 5.5.4(i)). [J

For x € R, let ag(x)=x1, ao(x)=x and o(x)=(a(x),x1,...,xs—1). Also, let oj(x)=
o(ej—1(x)) and a;(x) = a(a;—1(x)) for j>1. Note that
) (aj(x),aj—1(x),...,a(x),x1,...,xq—;) if j<d,
oi(x) =
' (/00,1 ()41 () if j>d.
Now let || -|| be any norm on R?. If {X;} is a pg-irreducible T-chain then compact
sets are petite (Meyn and Tweedie, 1993, Theorem 6.2.5). In particular, {x: ||x|| <K}

is petite for each finite K. Using the previous lemma, we now bootstrap from this to
show that a(x) = ¢(x)x; is unbounded off petite sets.

Lemma 4.2. Assume {X;} is a pg-irreducible T-chain defined by (1.1) and (2.1) and
let r > 0. If
sup E(|c(er; x)|") < oo for each M < oo, (4.26)
la(x)| <M
then sj(x)=||o;(x)|| is unbounded off petite sets for j=1,...,d and |a(x)| is unbounded
off petite sets.

Proof. Let a(x) = (a(x),x1,...,xs—1) and y(e;; x) = (c(ey; x) + Hx),0,...,0) so that
{X;} satisfies (4.24). Without loss of generality, we assume the norm is such that
||(x1,0,...,0)|| = |x1]. Choose L so that |¢(x)|<L for all x. Clearly |a;(x)|<L/|x;| for
all x. Hence it is easily shown that, for some L; < oo and for each j=1,...,d,

$j—1(X1) = [|otj—1 (XD <L ([o; | + [[7(ers 0]
= L;(s;(x) + |e(er; x)| + L).
Also |a(x)| <K;s;(x) for some finite K;, each j=1,...,d. Now let so(x) =w(x)=]|x]||.
Since compact sets are petite, sy is unbounded off petite sets. By (4.26), Lemma 4.1,

and induction, s;(x) is unbounded off petite sets for j =1,...,d. Since ||ag(x)|| — o0
if and only if |a(x)| — oo it also follows that |a(x)| is unbounded off petite sets. [

Proof of Theorem 3.1. As in earlier results, the proof of each part consists of defining
an appropriate test function and checking a drift condition. Because the intercept func-
tion J(x) plays a critical role, however, the computations are more intricate. Throughout
we rely the simple observation that if |a| > |b| then |a + b| = |a| + sgn(a)b.

(i) We may assume without loss that »<2. Choose M < co and ¢ > 0 to satisfy
Assumption (A.4) and, by (3.4), to satisfy ed,«/4, <1,

[p(x)x1 +9(x)| < |duxt + 0u] — elxi| 7,
[p@)x1| > 4[d(x)| and  [pyxi| > 0,] (4.27)
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if la(x)| > M and x € Qy u, for each u € C, C € 6. Let ¢, =sup,y, , [@(x)| for all
u not in a cycle.
Let k¢ be the length of cycle C. It is possible to determine constants d, >0 satisfying

1
Our + Ju Oully = O = > o, forueC, Ce, (4.28)
c veC

where o, = sgn(¢,u;) and u* is the successor to u. Note that the number of negative
¢, in each cycle must be even. By (3.2), (3.3) and (4.28),

S |Qu| <Ay and Oy + Ayp0,0,<5, forueC, C€E. (4.29)
As before, let a(x) = (a(x),x1,...,xs—1). Next, define

Au if x € O, and u is in a cycle,

2x) = if min; |x;| <M or x € O, 3 and u has no successor,
Me(x))(|pu] +¢) if x € O, p and u has a successor but u is not in

a cycle,

the third part of the definition being recursive (similar to that in the proof of Theorem
2.3). Also define

0, if x € O, n and u is in a cycle,
o(x) = .
0 otherwise.

Let L be such that |¢p(x)|<L and 1/L<A(x)<L for all x. Define v(x) as in (4.6) (with
K > %) and

V()= K@)k + 6(x)).

Now suppose Xo =x € Q,n» where u € C, C € 4. If |a(x)| > 2M and |c(e;; x)| <
la(x)|/3 then X\ € Qu«um, [c(er; x)| < |p(x)x; + J(x)| and sgn(<r) = sgn((x)x +
Y(x)) = ag,. Also, by (4.27),

I€1] = |p()x1 + I(x)| + auc(er; x) < |Puxt + 0] + auc(er; x) — elxy|~°
=|ux1| + 0,0, + ouc(er; x) — elx| 7.
Hence, by (4.29),
MXDE1| + 0(X1) — Ax)|xi| = 6(x)

< )“u*(

¢ux1\ + 0,0, + ouc(er; x) — 8‘)61 |7S) + 0y — ;‘u|x1| — Oy
<;hu*(auc(el; )C) - £|xl ‘7S)- (430)

Furthermore, if |a(x)| is large enough and |c(e;; x)| <a(x)|/3, then (4.27) and (4.29)
imply

a(x)|/3 + &lx1]7%)
< - (Alp()xy + I(0)|/9 + el | ™)
< @ ux1 + 0,1/9 + ebri | ) <V (x)/2. (431)

/lu* ‘ch(el; X) - 8|xl|7s| < }hu*(
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Therefore, by (4.30), if x € O, » then
VX)) —Vi(x)
S(AXD|E |+ 0(X1) = A)|x1 | = 0 ez <lae)/3 T VXD eersx)) > a3
S (auc(er; ) = elx1] ™) e <lacolz + SKLIe(er; )| ieger )] > a3

when |a(x)| is large. Let H(y) = y'*S. Then, for |z|<y/2 and <2,
H(y+2) = H(y)<(1 +5)p"z +slz[ (y/2) 77"

Applying this inequality with y="V(x) and z=/1,-(o,c(er; x) —&lx;|~*) and noting that
by (4.31), |z| is no more than y/2 if |c(er; x)| <|a(x)|/3 and |a(x)| is large enough,
HV (X)) —H(V (x))
<([_I(y + Z) - H(y))1|c(el;x)| <la(x)|/3 + H(V(Xl ))1 le(er;x)| > a(x)|/3
S+ )V (x) A (auc(er; X) — elxt| ) eer:)) < a3

+ sy |auc(er; x) — epa | (V(x)/2)

+ (K Lle(er; XD ooy > a3 (4.32)
Since either s =0 and ¥>1 or » > 1 + s, Assumption (A.5) and (4.32) imply

limsup  Ex(H(V(X1)) — H(V(x)))
la(x)| — oo
XEQums|p(x)| >¢

< —(1+5)hpeis <0 forueC, CeG. (4.33)

Requiring |@(x)| > ¢ in (4.33) ensures that V*(x)E(|c(e1; x)|1|¢e,:x) > |a(x)|/3) Vanishes.
However,

. (H(V(XI)) ~ H(/(x))

1+s
B ) (& /21 — 1 < 0. (4.34)

lim sup
|a(x)| — oo

x€Qu|p(x)| <&

Using the definitions of 4,0,v and V' and the choice for K, it is easily shown that

limsup E,
|a(x)] — o0
min; [x;| <M

(H(V(Xl)) - H(V(x))

2 1+s
@) ) <LK -1<0 (4.35)

and, for u not in any cycle,

limsup FEy
|a(x)| — oo
XEQum

(H(V(XI)) —H(V(x))

o) )<<|¢u|/(¢u|+s))‘”—1<o. (4.36)
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From (4.33)—(4.36), we conclude there exists M* < oo such that

sup  Ex(H(V(X1)) — H(V(x))) <O0.

la(x)|>M*
Clearly, also,

sup E.(H(V(X1))) < . (4.37)
la(x)| <M *
By Lemma 4.2, {x: |a(x)|<M*} is petite. From Meyn and Tweedie (1993, Theorem
13.0.1), therefore, {X;} is ergodic.
(ii) Using (3.5) and (3.6), choose M large enough and ¢ > 0 small enough so that
inf  E(c*(e1; x)) > 6ely/dy= and el /2y < 1 (4.38)

la(x)| >M
x€Qu,m

for each u € C, C € €, and if |a(x)| > M and x € O, then
|(p(x)x1+19(x)|<|¢Mx1+0,,|+£|x1\*1, lp(x)x1| > 4[9(x)| and |dyxi|>|0,].

The proof is similar to part (i), defining 4, J, v and V' as before.

Note that log(1 +z)<z —2z%/3 if |z|< % Using inequalities analogous to (4.30) and
(4.31) and using z = (A, (o,c(er; x) + ¢fx1|~1))/(1 + V(x)), an argument similar to
(4.32) above gives, for Xo =x € Q, », u € C, C € € and |a(x)| large enough,

VX)) — V(X))

2
(14 V(x)) 10g<1 T T®

2
< (zu*au (1 V() - ﬁ) c(er; x)
1

22.c2(er; x) ,
3 + 2/ j'“8) Lietersnyl < fato)l/3
+ SKdL(l + V(x))‘c(el; x)‘1|c(el;x)|>|a(x)\/3' (439)
Since Assumption (A.5) holds with » = 2, therefore, (4.38) and (4.39) imply
limsup  V2(x)E (log(1 + V(X1)) — log(1 + V(x)))

la(x)| — oo
x€Q0um,|p(x)| >

22,
<y dye — 2 inf  E(P(e;x)) <0 forueC, CEG. (4.40)
3 Ja@)|>M
x€0um

It is easy to show that (4.34)—(4.36) hold with H(y)= y and s =0 as well. By these
three results and (4.40), it follows that

limsup V2(x)E.(log(1 + V(X;)) — log(1 + V(x))) <O.

la(x)| — o0

Along with (4.37) and Lemma 4.2, as in (i) above, this suffices to prove Harris recur-
rence (cf. Meyn and Tweedie, (1993, Theorem 9.1.8). [J
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Proof of Corollary 3.2. Fix the constants M, ¢, K and L as in the proof of Theorem
3.1. Define V(x) as in that proof. Suppose x € O, ) where u is in some cycle C. From
the argument for Theorem 3.1 we have, for large enough |a(x)],

def
V(X)) = V(@) SW(x)S A= (0uc(er; x) — £) + 6KLc(er; X)|Liegerso) > ato)|/3-

Note that lim sup|, ) _ oo E(W(x))< — &/L <0, {W(x)} is uniformly integrable and
there exists #7; > 0 such that {e”” )} is uniformly integrable. It follows that, for some
1y > 0 and all u in a cycle,

limsup E, (e M=V < limsup E(e™"™) < 1. (4.41)
la(x)| — oo la(x)| — oo
XEQu M XEQu M

(See Cline and Pu, 1999, Lemma 4.2.)
We can also show that there exists K; < 0o, K; < oo and #3 > 0 such that, for u
not in a cycle,
lim sup Ex(e’h(V(Xl)*V(x)))g lim sup E(ef’“[”;“"* IX1\+K1+K2|<‘(61;X)|]) -0 (4.42)

la(x)| — oo la(x)| — oo
XEQu M XEQum

and such that

lim sup Ex(e'h(V(Xl )—V(X))) < limsup E(e—ﬂz[(K—Lz)Pfl [+Ki +K2|C(€1;~’C)|]) =0. (4.43)
la(x)| — o0 la(x)] — o0
min|x; | <M min;|x; | <M

Furthermore, for some 74 > 0 and all M* < oo,

sup  E (eMVEDTVDy < oo, (4.44)
laGx)| <M+

Let #* = min(#,%3,%4). Geometric ergodicity follows from (4.41)—(4.44), Lemma
4.2 and the drift condition in Meyn and Tweedie (1993, Theorem 15.0.1) applied with
the test function V,(x) = e /'@,

Proof of Theorem 3.3. Again, each proof consists of verifying a drift condition. Also,
we again observe that if |a| > |b| then |a + b| = |a| + sgn(a)b.

(i) We can assume without loss that 0 < s <r—1<1. According to (3.8), choose
M < oo large enough and ¢ € (0,7 —s — 1) small enough that

|[@Ce)x1 +0(0)] > [pux1 +0u] +elxi[ 7, @Oo)xi| > [9(x)] and  [yxi| > 4|0,

for x € Q,m, u € C. Define constants J,>0 to satisfy (4.28). Then by (3.2) and
(3.7), for each u € C,

S |Qu| =2y and Oy + Ay 6,0, =0, (4.45)

Define

| x|+ 6, ifx € Qum, ueC,
Vx) = { 0 otherwise.
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Also let R =J,cc Ou - Similar to that which gave (4.30), if Xo =x € Q,.», u € C,
le(er; x)| <|pux1|/3 and |x|| is large enough, then

V(X)) — V(x)= A (oucer; x) + glxi| 7). (4.46)
Let H(y)=1—(1+ y)~* and note that for |z|< /2,

ez e(1+e)lz|"

A+ = HZ 000w 311 2y

(4.47)

Analogous to (4.31), z = A,~(o,¢(er; x) + €|x;| ™) is no more than ¥ (x)/2 in absolute
value if |c(er; x)| <|¢,x1]/3 and |x;] is large enough. Thus, we apply (4.46) and (4.47)
with this z and with y = V(x) to obtain

HV (X1)) = H(V(x))

Z(H(y +2) = H) ey <|dunr 3 — Letero) > [gun |13

s(oucter: n)+eba| ) a1 du (ucters x)-el | )
” I+e B r+e 1 le(er; )| < |¢uxi|/3
(1+V(x) 2(14V(x)/2)

~leters)l > |gunl3-
Therefore, since Assumption (A.5) holds with » > 1+ s+ ¢,

limsup |x; "M E(HV (X)) — HV(x))) > &22; 7 >0 foruc C.
|x| | — 00
X€Qum

Also, for any M*, u;({x € R: V(x)>M*})>0. By (Meyn and Tweedie, 1993,
Theorem 8.0.2) this shows that {X;} is transient.

(i1) In choosing d,,’s to satisfy (4.28), the choice is unique up to an additive constant.
We choose them here to so that 6,/4, < — L; for all u € C. By (3.9) we may choose
M > L, large enough that 1,M + 9,>0 for all u € C and

[@pCo)x + D)= |duxs + 0u] = Alx), @) > d(x)| and  [¢yxi[ > [0,]
(4.48)

for x € Q,.m, u € C. Let K| = maxyec (A,M + J,). Now define

Julxi| + 0, ifx € Quy, ueC,
Vix)= .
0 otherwise

and R = J,cc Quum- By (4.45) and (4.48), for x € O, w1,

V(x) < )»u*

d)uxl + 9u| + 514* éju*(

P )xt + )| + Ax)) + G-
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Recall that if Xo=x € O, », then X; € O,y if and only if |&;| > M and sgn(¢;)=o0,.
Also, if x € O, i,

&)= auc(er; x) + [@(x)x; +9(x)| if sgn(¢)) = oy,
1 —ayuc(er; x) — |o@)x; +9(x)|  if sgn(éy) # ay.

Therefore we obtain, for x € O, », u € C,

V(Xl) - V(x) = (;“u* |‘§1‘ + 5“*)1X1€Q,,*,M - V(X)IXI ZOu+.u
= )Lu*(auc(el; x) - A(x)) - (iu*

fl| + Oy )1 [€1] <M,sgn(¢))=a,
+ (A= |E1] — Oy )M senz)#0,
= Ay (ouc(er; x) — Ax) + |E1] Lsgn(e)£0,) + Our Ley) <asen(ey)=an

—Kilx,gr. (4.49)

Note that 4, and o, are fixed, given Xy =x € O, u. By Assumption (A.5), the
definition of A(x) and the choice of d,~ and M, it is easily seen that

WO X1) S Jue (uc(ers ¥) = AG) + &1 Lgn(er ) + 0u 112 <asgn(zr) o,
is uniformly bounded in absolute mean and has nonnegative mean. Also,

us({x e R: V(x) > K;}) > 0. (4.50)
By (4.49), (4.50) and Lemma 3.4, {X;} is not positive recurrent. [
Proof of Lemma 3.4. Let &, be the o-field generated by (Xp, Xi,..., X;). Define the

random variables Y; = w(X,_1, X;). Define v =inf{¢>1: X; ¢ R} and suppose x € R
and E\ (1) < oco. Then, by (i),

V(@) =V(X) = V@) =Y (VX) = V(X 1))les,

t=1

> (Y= Kilggr)lesr
=1
Applying Fubini’s theorem and (ii), we obtain

—V(x) = ZEX(E(YAT;; —Kil.—|7,-1))
=1

o}

> E(-Kil—) =K.

t=1
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We have shown x € R and E,(7) < oo implies V(x)<K;. But if {X;} is positive
recurrent and WY(R°) > 0 then E,(t) < oo almost everywhere (1) and

Y({x € R: V(x) > K })<Y({x € R: E.(1) =00}) =0,

contradicting (iii). So {X;} must not be positive recurrent. [J

Proof of Corollary 3.5. Note that (3.10) and (3.11) imply (1.2). The result follows
from Theorems 3.1 and 3.3 except that the constants ¢, and 6,, while being the limits in
(1.2), do not necessarily satisfy the conditions in Theorem 3.1 or 3.3. So, for example,
assume case (i) and let C be any cycle. If [], .. ¢, < 1, there is ¢ small enough that
(3.3) and (3.4) both hold with ¢, replaced by ¢} =, +sgn(¢p,)e, 0, replaced by 0, =0
and /, recalculated accordingly. If [[,.o ¢, =1 and >, . 40,0, <O then a small
adjustment to the 0,’s is all that is needed. Cases (ii) and (iii) are dealt with likewise.
[
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