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This paper identifies the conditions under which an overlapping-generations
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1 Introduction

Over the past several decades, the real economy has frequently experienced highly
irregular and unpredictable fluctuations. Perspectives on the causes of these economic
fluctuations vary. Some researchers argue that the observed economic instability stems
from external shocks and their propagation. Others, employing nonlinear models to over-
come the limitations of linear stochastic models, seek to explain these complex patterns
through the inherent dynamics of the economy itself.

The theoretical foundations for complex behavior, particularly how chaotic dynamics
emerge from simple economic structures, were extensively developed in the 1980s. For
instance, it traces back to pioneering studies by Day (1982), Benhabib and Day (1982),
Grandmont (1985), Deneckere and Pelikan (1986), and Boldrin and Montrucchio (1986).
Among these, research on chaotic dynamics based on overlapping generations (OLG)
models continues to this day. Studies such as Chen et al. (2008), Fanti and Gori (2011),
and Asano et al. (2024) attempt to extend the OLG model to various contexts and
capture self-sustaining chaotic dynamics. These findings reveal the role that nonlinearity
plays in autonomous deterministic fluctuations without external shocks. Recent studies
such as Deng et al. (2022), Hommes et al. (2024), and Alexeeva et al. (2025) also examine
chaotic dynamics within the OLG framework.

This paper is motivated by the need to identify the underlying mechanisms of en-
dogenous fluctuations using nonlinear general equilibrium models. However, its primary
objective is to develop a novel and effective approach to understanding such recursive
yet nonperiodic economic fluctuations. This is because existing research has primarily fo-
cused on detecting chaotic behavior, which alone cannot fully describe its characteristics.
To bridge this gap, this paper contributes to the literature by revealing chaotic economic
fluctuation patterns through their association with ergodic Markov chains.

This paper constructs a continuous piecewise linear OLG model exhibiting chaotic fluc-
tuations based on the model proposed by Umezuki and Yokoo (2019). They demonstrate
that by incorporating a structure in which firm owners choose between two technologies
to maximize capital income each period into the standard Diamond-type OLG frame-
work, cyclical patterns are driven by endogenous thresholds. This technology choice is
also adopted by Gori et al. (2026). Alternative choices can be found in, for example,
Marsiglio and Tolotti (2018), and Zeppini (2015).

However, the technology choice in Umezuki and Yokoo (2019) relies on the simplified
assumption that the threshold is perfectly known to economic agents. We relax this
assumption by incorporating information imperfections in the real world and observation

errors due to agent heterogeneity, thereby examining the impact of imperfect technology



choice on economic fluctuations.

Interestingly, it is precisely this consideration that gives rise to the structure that
randomizes the economy around the threshold and directly accounts for the emergence of
observable chaos. Notably, such long-run chaotic behavior makes it possible to reproduce
the recurrent but not periodic fluctuations observed in business cycles, thereby overcoming
the limitation of Umezuki and Yokoo(2019), which is unable to explain such dynamic
patterns.

To conduct a detailed analysis of long-term chaotic dynamics, this paper characterizes
the structure of ergodic Markov chains in the OLG model. When the economic system
in our model exhibits the Markov property, the economic state space is partitioned into
finite intervals, and the transition patterns between these intervals follow ergodic Markov
chains. This allows us to derive a degree of predictable long-term behavior in chaotic
economic systems, including invariant measures and transition patterns. This result is
somewhat paradoxical and intriguing. This is because, although chaotic behavior is deter-
ministic (meaning future economic states depend on initial values), the Markov property
implies that the future state depends only on the present state.

Furthermore, to generalize our results, we prove that the invariant measure remains
stable under small deterministic perturbations. This ensures that the stationary dis-
tribution of chaotic behavior maintains a certain robustness. In other words, although
the distribution of observation errors satisfying piecewise linearity is highly specific, we
demonstrate that several important properties are preserved even when this restrictive
functional form is relaxed. Specifically, we show that observable chaos persists even under
small perturbations and that its stationary distribution (or invariant measure) is “close”
to the stationary distribution of the chaotic behavior when unperturbed, which can be
explicitly derived.

This paper offers an effective approach to detecting, describing, and predicting chaotic
fluctuations. The techniques employed to compute invariant measures are partly borrowed
from mathematical tools such as a matrix version of the Frobenius-Perron operator. See
Boyarsky and Goéra (1997) for mathematical details. See also, for instance, Huang and
Day (1993), Matsumoto (2005), Yokoo and Ishida (2008), and Asano and Yokoo (2019)
for their applications in different economic settings.

This paper is organized as follows. Section 2 presents the model and describes the
imperfect technology choice. Section 3 captures the deterministic chaotic patterns using
the Markov property. Section 4 derives the main results on the emergence of the ergodic
Markov chain. Section 5 discusses the robustness of invariant measures. Section 6 provides

some concluding remarks.



2 The model

This section develops a continuous piecewise linear OLG model featuring imperfect
technology choice. Building on the framework of Umezuki and Yokoo (2019), we incor-
porate imperfect information to capture the idea that the threshold for technology choice

is not perfectly known to firm owners and derive the piecewise linear form of the model.

2.1 Perfect technology choice

Time is discrete and extends from zero to infinity (¢t = 0, 1,2, ...). The basic framework
follows Diamond (1965). Each generation lives for two periods and supplies labor inelas-
tically only in youth. The agent born at time ¢ derives utility from consumption in the
first and second periods of life, respectively. The utility function is assumed to take the

log-linearized Cobb-Douglas form.
u(ct, ¢fy1) = (1 — s) log ¢ + s log ¢, (1)

where s € (0,1) is the constant weight on consumption in old age, ¢{ denotes the con-
sumption of the young, and ¢7,_; denotes that of the old.

The young agent supplies one unit of labor and receives the wage w; for consumption
and saving s;. When the agent becomes old, consumption is based on his savings from

the previous period. The budget constraints are
Y = d ¢, = 2
Cp T8t =Wy, and  Cyq = T'ey15e, (2)

where 7,41 represents the real interest rate. Maximizing utility given by (1) subject to
constraints (2) yields

S¢ = Swy. (3)

The final good Y is produced by the firm, which has two available production tech-
nologies. At the beginning of each period, the owner of the firm, who belongs to the old
generation, chooses the technology that yields the highest return on capital. To illustrate

this idea in a simple setting, we assume Cobb-Douglas production technologies
Y = Fy(Ky, L) = A KM L, ie{1,2} (4)

where K denotes capital, L denotes labor, A; > 0 denotes total factor productivity, and
a; € (0,1) is the capital share of the production technology i. Competition implies the
following first-order conditions:

Ti(kt) = %/‘h@xi_l,

wi(k?t) = Ai(l — ai)kf‘i (5)
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where k is the capital-labor ratio. The firm’s owners coordinate their choice of production
technologies so that they earn the highest return on capital, or equivalently, capital income
kf'(k) given k. Then, this idea is given by

i (k) .
gy )

To avoid unnecessary subscripts, we rewrite the parameters as (A;, ;) = (A, «) for
technology 1 and (As, as) = (B, ) for technology 2. By solving (k) = r2(k), we derive

a unique threshold for technology choice,

For simplicity and without affecting generality, we assume that o < 3. That is, technology

1 is chosen for k£ < ¢, and technology 2 is chosen for k > ¢, as illustrated in Fig. 1.
<< insert Fig. 1 around here >>
The market equilibrium can be represented by
ki1 = S¢. (7)
Using the optimization results above, we can obtain a one-dimensional dynamic model

s(1 — o)Ak =T (ky), it 0<k<ec
ki1 =T(ki) = ( ) tﬁ 1) t (8)
s(1 — B)Bky = Ty(ky), if k>c

The benchmark model represented by (8) exhibits periodic or non-periodic dynamics
when suitable parameters are selected. However, the aperiodic behavior is restricted to a
measure-zero set of parameters. This suggests that the model cannot explain the irregular
or complex economic fluctuations often observed in reality. We address this limitation in

the next subsection by considering observation errors due to agent heterogeneity.

2.2 Imperfect technology choice

Real world firm owners do not have perfect information about the economy and they
differ in their observations of the true economic state due to agent heterogeneity. This
implies that firm owners make the technology choice based on their individual observa-
tions. That is, the threshold for technology choice is not perfectly known to firm owners.

To formalize this idea, we assume that the economic state is observed with some noise

~

ki,t = k’t + 0'57;115. (9)
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where k; is perceived as l;;i,t by the firm owner ¢ at time ¢. And ¢;; is a zero-mean i.i.d
disturbance term independently drawn from the cumulative distribution function, which
will be specified later. The disturbance ¢;, represents the observational uncertainty by
which the firm owner i is affected. We assume that the variance of the disturbance term
is normalized to one, so that the degree of uncertainty is measured by o.

In the case where o = 0, the model relies on an unrealistic assumption that firm owners
perceive the state variable in exactly the same way. We therefore restrict attention to the
economically meaningful case ¢ > 0. In this case, the technology 1 is adopted when

kit S C (10)

)

Then, by (9), inequality (10) can be rewritten as

c—k
Eit < . “ = p(ky) (11)

Let G be the cumulative distribution function (CDF) for the stochastic variable e. The
probability of adopting technology 1 can be represented by

Prob{k;; < ¢} = Prob{e;; < p(ky)} = Glp(k:)].

Incorporating this probability into the original choice model (8), we obtain a general

form of the model describing capital dynamics
kipr = Glp(k) [Ty (ke) + (1 = Glo(ke) ) Ta (k). (12)

where G[p(k)] is necessarily bounded between 0 and 1. One can easily confirm that
Glp(k)] = 1 yields Ti(k) and G[p(k)] = 0 gives Ty(k), which are two branches of the
original model (8), respectively. To fully characterize the dynamics of (12), it is necessary

to further specify the functional form of G. This is what we do in the next subsection.

2.3 Piecewise linear form of the model

We are now ready to clarify what distribution is required to ultimately obtain a piece-
wise linear economic model. ! To facilitate the subsequent analysis, we begin by defining
kr, and kg as follows.

plkr) =1, plkp) = —1.

'If we first assume that the disturbance term follows either a uniform or a logistic distribution, then

the resultant model becomes a piecewise smooth model since two distinct technologies exist, that is,
a # 3. Although this approach may be more intuitive, it is not ideal because it makes the subsequent

analysis more difficult without contributing additional dynamics.



From (11), it follows that
kp =c— o, kr=c+o (13)

Obviously, lim,_,¢ kr, = lim,_,0 kg = ¢ and k;, < ¢ < kg. Since capital per worker should
be positive, we impose the condition that 0 < ¢ < ¢. And k;, and kg lie on either side of

the original threshold value c¢. We can therefore take the interval
N = [Ty(kg), T1(k)] = [sB(1 = B)kp, sA(1 — a)kg]

as a trapping interval for (12) if G is appropriately specified. To simplify the analysis of
the dynamics, we transform the interval N into the unit interval I = [0, 1] via the variable
change: h: N — I :

loglk:/T5(kr)]
2 = hike) = log[T1 (k1) /T2(kr)]

Then, the general form of the model given by (12) can be written as a piecewise map

(14)

defined on the unit interval

1+ a(xy —0p), if 0<a <6;,
T = () = { par(y), if 0, < x, < Og, (15)
6($t—9R), if ‘9R<$t§1-

where

_ . lOg[kL/T2<kR)] . . 10g[kR/T2(kR>]
o0 =000) = ey k)] 7% = ) = gl o) T (k)

where lim, 00, = lim, ,00r = 0 = log[c/Ts(c)]/log|[Ti(c)/Ts(c)]. For the purpose of

(16)

constructing a model that is tractable and has rich dynamics, we set

QR — Tt
Op — 01

Based on this ¢y, we can derive the Gys. Let y; = p(k;), then 0 < G(y) < 1 for all
y € R. For —1 <y <1, from the construction of y,,, it follows that

Glo(R)T1(k) + (1 = Glp(k)])Ta(k) = b~ (oar[h(k)))- (18)

om(re) = (17)

Solving the equation (18) for G(y) yields

h=om (hlp~ (Y)])] = Ta[p~"' (v)]
Tilp~'(y)] — Ta[p~(y)]

loglkp/(c—0oy)]

TZ(kR) . [;;é]]z;ﬂ loglkr/kr] . TQ(C B O'y)

Ti(c = oy) — To(c — oy)

G(y) = (19)




It can be verified that lim, , ; Gy = 0, lim, ,; G)y = 1, and Gy, > 0 for y € (—1,1);
see the Appendix for a detailed computation of Gj;. Therefore, for y € R, G(y) can be
represented by
0, if y<—1,
Gly) =4Gu, if —1<y<l, (20)
1, if y>1.

The graph of G(y) is plotted in Fig. 2.
<< insert Fig. 2 around here >>

Accordingly, under the specified distribution, the main model analyzed in this paper is

given by
p: I —1,
1+ a(x,—0) = pr(xy), if 0 <z <0,
D1 = o(2) = (O —21) /(O — O1) = oui()  if O < 24 < Op, (21)
B(zy — Or) = or(z1), if 0p < a2y < 1.

The map given by (21) is a deterministic model, as x;; is entirely determined by z;.
@ is N-shaped and has three regimes. The left and right regimes arise from the perfect
technology choice, while the middle regime is induced by observation errors due to agent
heterogeneity. Intuitively, the imperfect technology choice causes the emergence of the

downward-sloping middle structure in the model.

3 Chaotic fluctuations

This section reveals that the model given by (21) can exhibit chaotic dynamics with the
generic property, with the middle structure playing a crucial role in driving observable
chaos. This feature overcomes the limitation of the model proposed by Umezuki and
Yokoo (2019), in which “chaos” has a non-generic property; that is, in their model, aperi-

odic behavior is restricted to a measure-zero set of parameters and is thus not observable.

3.1 Markov property and observable chaos

Prior to the analysis, we recall some definitions of the Markov property. Let I = [0, 1]
and let f : I — I be a map of I onto itself. The interval I is divided into I; by a finite

partition P. Define f; as the restriction of f to I;. If f; is a homeomorphism from I; onto



some connected union of intervals of P, then f is said to be Markov. The partition P is
said to be a Markov partition with respect to f.

The model given by (21) features two kinks apart from the endpoints 0 and 1, which
implies that the number of endpoints of the Markov partition needs to be strictly greater
than 4. Therefore, we first show that ¢ : I — I has a Markov partition, whose endpoints
form a period-5 cycle such that

0=(0) < 5. = ¢*(0) < bs,r = ¢"(0) <7 =(0) <p*0) =1, (22)
This period-5 cycle requires that 05, and 05 r satisfy

or(0L(0)) =051 and @g(l) = 05 &.

Solving the equations above yields

651 — b
T 14+ 8)(1+ ap)

Note that 05z — 051 = af?/[(1 + B)(1 + aB)] and v = ¢(0) = (1 + 8+ af?)/[(1 +
B)(1 + af)]. Direct calculations show that 651 and 65 p are attained by choosing o and

and 9573 = % (23)

s appropriately. In fact, using (13), (16) and (25) to solve
HL(O',S) :95,[/, and (93(0’,8) :957]%

for o0 and s, we obtain special 6 and s. See the Appendix for the detailed derivations of
0 and §. For analytical convenience, the calculations are carried out under the condition

¢ = 1; 2 then 5 can be expressed as

s=s(0) =

s ]
1)

Now, we demonstrate that the model given by (21) exhibits observable chaos on the
period-5 Markov partition.

A piecewise smooth map f : I — [ is said to be (piecewise) eventually expanding
if [(f™)'(z)| > 1 for integer n > 1 whenever the derivative exists. In addition, f is
said to exhibit observable chaos if it has an ergodic invariant measure that is absolutely
continuous with respect to Lebesgue measure. By the Folklore Theorem, it is known that

an eventually expanding piecewise linear Markov map exhibits observable chaos. *

20Other values of ¢ are possible, but they would make the analysis unnecessarily complex.
3Roughly speaking, the Folklore Theorem (Boyarsky and Gora, 1997, Theorem 6.1.1, p112) here says

that if a map f: I — I satisfies “smoothness”, “local invertibility”, Markov property, “aperiodicity” and
is piecewise expanding, then it exhibits observable chaos in the sense that it has an ergodic and hence

unique absolutely continuous invariant measure.



Proposition 1. (Observable chaos on a period-5 Markov partition) If 0, = 051, Or =
Osr, 0 =0 = 0(051,05r), and s = § = s(0), then ¢ defined by (21) has a period-5
Markov partition of the unit interval and exhibits observable chaos.
Proof. Let I1 = (0,65 1), Is = (05.1,05.r), I3 = (05.r.7), and Iy = (,1). Then, one can
easily confirm that
¢’(h) = p(I) = ' (I3) = p*(L) = 1. (24)
Since every point z € U}, I; will visit I; at least once every fourth iteration, it will also

visit I at least once every fourth iteration. Therefore,

(' (@) = |l [l - @Rl* =1+ B+ af+ap*> 1. (25)

whenever the derivatives exist. Thus, ¢ is eventually expanding, which implies that the
map exhibits observable chaos.
O

Analogously, we can construct another Markov partition on a period-7 cycle such that
0="(0) < brr =¢*(0) < Orr = ¥*(0) < *(0) < ¢°(0) < (0) < *(0) = 1.

Thus, solving
©h(0(0)) =071 and  @i(1) =607 5
for 07 1, and 07 , we obtain
B 32
1+ aB)(1+4+ 52 and 07 p = T
Note also that 6, g — 6,1, = aB*/[(1 + aB?)(1 + B + 5?)].

071 =

We can readily extend proposition 1 to a more general case of a period-(2n+3) Markov

partition for n > 1.

Proposition 2. (Observable chaos on a period-(2n+3) Markov partition) If 01, = 02,131,
Or = Osni3r, 0 =0 = 0(O2py3 1, 0on13R), and s = § = s(¢), then ¢ defined by (21) has a

period-(2n+3) Markov partition of the unit interval and exhibits observable chaos.

Proof. By solving

¢111%(¢L<O)) = 02n+3,L and 307{(1) = 92n+3,R-

We can derive

pr(1—p)

b B"(1 - B)
BT (1= ) (1 + apn)

1_5n+1 :

and 92n+3,R =

9



Note that o437 — Oanizzr = B2 (1 — B)/[(1 — ") (1 + af™)]. By an analogous
argument, we obtain special & and § by solving 0,(0, s) = 09,431, and Og(0,s) = O2,13 R
for o0 and s. See the appendix for the detailed derivations.

Since every point x € U2"{2I; will visit I; at least once every (2n + 2)th iteration, it

will also visit I at least once every (2n + 2)th iteration, we have
(™) (@) = [p] - @R - o] = L+ af™) 1+ B+ +5") > 1. (27)

whenever the derivatives exist. Therefore, ¢ is eventually expanding and exhibits observ-
able chaos on a period-(2n + 3) Markov partition.
[

The period-5 Markov property for n = 1 is illustrated in Figs. 3 and 4. Fig. 3
shows the dynamics starting from the periodic point, whereas Fig. 4 shows the dynamics
starting from a non-periodic point. The difference in patterns between the two figures also

indicates an interesting feature of chaos, namely sensitive dependence on initial conditions.
<< insert Fig. 3 around here >>

<< insert Fig. 4 around here >>

These results suggest that observable chaos is not confined to a special case but arises
in general cases. Thus, our deterministic framework has captured long-run chaotic fluc-
tuations, which allows for the reproduction of recurrent but non-periodic behavior often

observed in real business cycle fluctuations.

4 Ergodic Markov chains

This section shows that chaotic dynamics established previously can be described by
stationary distributions, and its transition patterns between different economic states

follow ergodic Markov chains.

4.1 Stationary distributions of chaotic dynamics

When the piecewise linear model is Markov, the invariant measures, also known as
stationary distributions, can be derived explicitly. This allows us to obtain the long-run
averages for the chaotic dynamics. See, for example, Huang and Day (1993) or Matsumoto

(2005) for the derivation of invariant densities in other economic contexts.
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We derive invariant densities using a matrix version of the Frobenius-Perron Operator,

M, = (mjj)1<i j<n, the entries of which are given by

mij:qu, 1§Z,j§n,
|901‘|
where Q, = (¢;j)1<ij<n is the incidence matrix induced by the piecewise monotonic

transformation ¢ and the partition P of I. In particular,

1, it I; C (L),
Qij = )
0, otherwise.
For further details, see, for example, Boyarsky and Géra(1997) or Boyarsky and Scarowsky
(1979). If ¢ is a piecewise linear Markov transformation and inf|(¢*)(z)| > 1 for some
k > 1 wherever the derivative exists, then ¢ admits a unique invariant density function,
which is the nontrivial solution of 7M,, = 7, that is, the left eigenvector for eigenvalue 1.

Now, let us first examine the simplest period-5 Markov partition of our model.

Proposition 3. (Invariant density on a period-5 Markov partition) If the assumptions
stated in proposition 1 are satisfied, then @ admits a unique invariant density function

7 = wi(x) that is piecewise constant on {I;}}_,, and the corresponding probability density
: . 4
is p(x) = m5(x)/ Xy mil Ll

Proof. On the period-5 Markov partition, we observe that

IiCo(h), UL Co(l), L Ce(ls), IrCe(l).

Since
il = a,  |@h| = ! _ 1+A)+ap) 3] = [yl = B
' ’ 2 Os.r — 05 1L o3? ’ ’ ! 7
we obtain
0 0 O é
Mo — VANRRVANERVANRRVAN
o L0 0 0|’
1
0 3 0 0

where A = af?/[(1 + B)(1 + aB)]. By Theorem 9.4.2 of Boyarsky and Gora(1997), ¢

admits an invariant density, which is the nontrivial solution of wM,, = , thus

(a5+aﬁ2 = T, r €l
. af+aB+1+B=m, w€l
T =mi(x) = , : (28)
af® = ms, r € I3
L af® + B+ 3% =7y, S

11



Fig. 5 illustrates the probability density derived above, with the area for intervals I;
corresponding to the frequency that the chaotic system visits each interval. This result
implies how often a chaotically fluctuating economy visits a particular economic state in
the long run.

<< insert Fig. 5 around here >>

The above argument extends naturally to higher periods.

Proposition 4. (Invariant density on a period-(2n+3) Markov partition) If the assump-
tions stated in proposition 2 are satisfied, then ¢ admits a unique invariant density func-

tion m = 73,.5(x) that is piecewise constant on {I;}:"7>

density is p(x) = m5,5(x)/ S0 mil L.

and its corresponding probability

Proof. By the same argument, we obtain

0 0 0 0 2

A A A AN A

Y 5 0 0 0 0

0 g 0 0 0
0 0 % 0 0 (2n42) x (2n+2)

where A = 0a,13 g — 02131 = af*(1 — B)/[(1 — ") (1 + @B™)]. Then, the invariant
density 73, 5(x) is derived as follows.

T = 7T>2kn—&-3(‘1') = <7T17 T, 77T2n+177r2n+2>-

In this case, my = (1+af")(1+ B+ - -+ 8") represents the maximum, while 7y, = 3"
denotes the minimum. The remaining terms follow from these two.

]

The invariant density indicates the long-run average distribution of distinct economic
states of the chaotic economic system. The result is useful because economic fluctuations
that seem highly unpredictable display the predictable feature that underlying distribu-

tion patterns can be explicitly expressed.

4.2 Transition patterns through a Markov chain

To gain further insights, we revisit the matrix M, obtained above. By normalizing

the 4 x 4 matrix M, the sum of all entries in each row equals 1; that is, Z?:l pij = L.

12



Then the row-normalized matrix P,, = (p;;)1<i j<a can be expressed as

0 0 0 1
ay as agz a4

P =
o 1 0 0 O

0 1 0 0

where p;; = |L|/|I| = |L], with a; = /(14 B+ af+aB?), as = af?/(1+ B+ af + af?),
az = 1/(1+B+aB+af?), ay = aB/(1+B+aB+aB?). Tt follows that a; +ay+az+as = 1.

If the state space consists of the interval Iy, Iy, I3 and I, with each row representing
the current state and each column representing the next state, then the entries of the
matrix represent the transition probability from the row to the column, namely, from the
current state to the next one.

After two periods, the transition matrix can be given by

0 1 0 O

by by bs by
P2 -

0 0 0 1

a; Qag a3 Qg

where by = ajas + as, by = a3 + a4, by = asaz, and by = a; + asay. After n periods,
the transition pattern can be represented by the n-th power of the matrix P} . Further
calculations show that PJ has strictly positive entries for n = 4. It follows that P,
is a transition matrix of a Markov chain. As shown in Fig. 6, the transition matrix of
the Markov chain is depicted in a state transition diagram. The figure shows that it is
possible to get from any state to any other state, independent of the initial state; hence,
the Markov chain is an ergodic Markov chain.

<< insert Fig. 6 around here >>

Proposition 5. (Stationary distribution of a Markov chain) If the assumptions stated
in proposition 1 are satisfied, then the long-term distribution of chaotic dynamics for the

map ¢ follows a Markov chain with a transition matriz P = P,,.

Proof. Let y be a left eigenvector of the transition matrix F,, with eigenvalue 1. Solving
yP,, =y yields

Y = (Y1, Y2, Y3, Ya)-
The detailed derivation and explicit expressions are given in the Appendix. Let S; = m;| ;]
denote the areas of the corresponding intervals. A direct computation shows that

yz:)‘Sz i:1,2,3,4

13



where the explicit expression of A > 0 is provided in the Appendix. Hence, the sta-
ble distribution vector of the transition matrix is proportional to the areas of the finite

intervals. O

By an analogous argument, the case of the period-7 Markov partition follows. The

transition matrix is represented by F,., and solving yP,, = y yields

Yy = (?/1; Y2,Y3,Y4,Ys, ?JG)

Then, by calculating S; = m;|I;|, we find that y; = AS; still holds. The details are given
in the Appendix.

This argument readily extends to the general setting. The row-normalized matrix

P,,. ., can be expressed as
0 O 0 0 1
ar az (2n  A2n41 A2n+2
P 1 0 0 0 0
s 01 0 0 0
o 0 --- 1 0 0

(2n42) x (2n+2)

where p;; = |L;|/|I| = |I;| and Z?ZJ{Q pij = 1. Thus, each entry denotes the transition
probability from interval ¢ to interval j. Similarly, after n periods, the transition pattern

can be characterized by the power of the matrix P}, which can be used to predict

n+37

future economic states. We conjecture that all entries of Pj;jfg are positive.

Proposition 6. (The general case of Proposition 5) If the assumptions stated in propo-
sition 2 are satisfied, then the long-term distribution of chaotic dynamics for the map ¢

follows a Markov chain with a transition matriz P = P,, ...

Proof. See Appendix. n

Therefore, the analysis reveals a seemingly paradoxical feature that deterministic chaos,
which is sensitive to the initial value, can be described by a Markov chain, which is
independent of it. Specifically, the original model is deterministic; thus, once the initial
values are determined, all subsequent states are decided. By contrast, the Markov chain
shows the memoryless property that the next state depends only on the current state.
This implies that the Markov chain provides a counterintuitive insight into the long-run
and ergodic behavior of the chaotic economic system.

Moreover, an increase in the number of subintervals allows for a more precise distinction

among different economic states, indicating that transition patterns between economic

14



states might become closer to the actual situation. From such transition patterns of an
ergodic Markov chain, one may alternatively infer how many periods it will take for the
chaotically fluctuating economy to enter a recession phase if it is currently in a boom
phase. This interpretation, while tentative, suggests that the result has a certain degree

of predictive power.

5 Robustness

So far, we have seen that invariant measures are piecewise constant under the specific
distribution of observation errors. We now relax the distributional restriction and show
that the invariant measure maintains a certain robustness.

We first define the Skorokhod metric. Let I = [0, 1] with normalized Lebesgue measure
A. Let T(I) denote the class of all piecewise expanding transformations. The Skorokhod

metric on T ([) is defined as follows: for 7,7 € T,

ds (71, 72) :inf{s >0:dJAC T and 3 &: 1 — I such that

AA) > 1 —¢, £ is a diffeomorphism,
Tia =T 0T|q and Vo € A, |§(x) — x| <, |% —1| <e}.

Theorem (Boyarsky & Goéra , 1997, Theorem 11.2.2). Let 7,7, € T(I). Suppose that
there exist § > 0 and 0 < r < 1 such that forany n=7or 7,,n=1,2,...,

(a) minjc;cq A (]Z-(n)> >0,

(b) 2 (infyer i (2)]) " + maxicic, Vien (@) ) <.

where Vi f denotes the total variation of function f on interval K. If 7 is ergodic and
ds(t,7,) — 0 as n — oo, then 7, is ergodic for n large enough and 7, — 7 in £ as
n — 0o0,m, and m are invariant densities of 7,, and 7, respectively.

Let € be a small positive number, and ¢. be a perturbation of ¢. Let {p,} be a
sequence corresponding to {e, : €1 > 3 > g3 > --- > 0}. To show the stability of
invariant densities, it suffices to prove the convergence property of the sequence {¢,} in
the Skorokhod metric. It can be confirmed that ¢ or ¢, satisfies the conditions (a) and
(b) in Theorem 11.2.2 since they are piecewise linear. We restrict our attention to the

interval [0, 0z].4

4From the perspective of the model’s structure, the left and right branches governed by two technolo-
gies remain unchanged; only the middle branch influenced by heterogeneous observations is perturbed
deterministically. Although analyzing the full interval I is also feasible, it would introduce unnecessary

complexity. For analytical convenience, we focus on the interval [6r,, 6g].
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Writing (), in this form and defining ¢. accordingly, we obtain

(1-60p)z—(1—2)x

, iffp <zx<uz,
SOM(x):eR__x: . 539—9L -
Or — 0L —_w@(x _xR), iz <a<0p
-
(1-0)z— (14+ac—2)x 0 <g< T
B Z—0,(1+ ae) POUTE ST T
Pe(t) = _z(r — 6p) ]
if 2-<zx<46
(1+ae)0n—7 Y e ST SR

where a is a technical parameter. The construction is illustrated in Fig. 7.

<< insert Fig. 7 around here >>

Proposition 7. (Robustness of invariant measures) Let the assumptions stated in propo-

sition 1 be satisfied, so that ¢ satisfies the Markov property. If the perturbation ¢. satisfies

(29) , then the unique invariant densities of {¢n} converge in £' to the unique invariant

density of .

Proof. To estimate the Skorokhod metric ds(¢., ¢ar), let Z > 0 be such that ¢ (Z) = &
and A = Ay U Ay, where A; = [0, 2/(1 4 ag)] and Ay = [7,0g]. We first construct a

diffeomorphism £(z) such that ¢. = @y 0 & on A.
On A;, we obtain

(14 ae—z)(x—0L) x —acb(1 — HL)E‘

§a, (2) = &i(x) = [z — (1+as)0.](1—z)

In the same way, on As, we have

(Or — T) x + achy

£|A2(‘r) = 52(:U) = 91{(1 + CL€) _ 7

To construct € on (Z/(1 + ae), z), we define &’ to be piecewise linear and then define
as the integral of &’. We then have £(z/(1 4 a¢)) and &(z). Thus, the average value of &

on (z/(1+ ae),x) is given by

¢ _ [€@) — &(@/(A + ae))]
average acz/(1 + ae)

Also - 1+ Nz - 6y)
b T B ac —x)(x — 0,
=48 (1—|—a5>_[x—(1+a5)9L](1—x) and
PPN Or — T
5R_S(gj)_93(1—1—%)—:1?
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Let us construct the graph of ¢ on [Z/(1 4 ae), Z] as follows: Draw it as a continuous

piecewise linear curve, whose endpoints are given by &} and &, such that the two regions

!

averages ON€ Tegion above this line and the

enclosed by this curve and the line given by &
other below it have equal areas. See Boyarsky and Gora (1997, p.233) for details.
Next, we estimate dg(p1,¢2). Let a be a sufficiently small positive number.®

On Ay = [01,%/(1 + ae)], we have

| ae(1 —01)x(x —01) a(l —0p)ze
&) =2l = [T — (14 ae)dL](1 —x) 11—z ~—°
I ‘ aez(0p — 1) azr(l —0p)e
G | [0 Ha-—nE—60)| - 0-D@-0) ~
On Ay = [z, 0], we have
. asﬁR(GR - JJ)
|&a(x) — x| = On(l + ac) _f‘ < afre < e.
L abgre
&(ﬁ) B Or — 2 —

Therefore, ds(p., pn) < € for e small enough on A = A; U Ay. This result indicates
that ds(¢n, ) — 0 as n — +o00. Since ¢ is ergodic, it follows that ¢, is ergodic for n
large enough. Let {m,} be a sequence of invariant densities corresponding to {g, : e1 >
g9 > €3 > --- > 0}. By Theorem 11.2.2 of Boyarsky and Géra (1997), unique invariant

densities of {¢,} converge in £! to the unique invariant density of ¢. ]

To intuitively understand the results above, it is useful to draw a bifurcation diagram
with respect to e, as shown in Fig. 8. At ¢ = 0, the model exhibits no perturbation,
corresponding to the case in which the observation error follows the distribution function
G given by (20).

As ¢ increases, T/(1 + ae) gradually moves away from Z, and the initially straight line
@ becomes bent, forming two intersecting branches .. From Fig. 8, observable chaos

persists for all £ > 0 near zero.
<< insert Fig. 8 around here >>

This indicates not merely that observable chaos persists under perturbations, but also
that the stationary distributions of chaotic fluctuation patterns remain stable against

perturbations related to observation errors.

5To be more specific, it suffices to set

4 — min -z (1-z)(-0,) 1 Op—2
n (1—0L)§37 f(l—@L) 793’ Or '

17



6 Concluding remarks

This paper introduces imperfect observation into the OLG model with endogenous
technology choice by Umezuki and Yokoo (2019), demonstrating how imperfect technology
choice can induce chaotic macroeconomic fluctuations. The Umezuki and Yokoo (2019)
model can exhibit periodic fluctuations of arbitrary periods, but its nonlinearity is not
deep enough to generate chaos. In our model, a small “trembling hand” effect due to
observation errors generates deep nonlinearity that randomizes the economy near the
threshold.

However, the focus of this paper is not on introducing this mechanism, but rather on
analyzing and interpreting the observable chaos captured by the OLG model. Specifically,
it has been found that this complex phenomenon can be expressed through the transition
patterns and stationary state distributions of Markov chains. Although it may seem coun-
terintuitive, this approach to describing chaotic dynamics should be emphasized because
it enables the application of probabilistic methods to the study of deterministic frame-
works, thereby revealing the statistical properties of endogenous economic fluctuations.

Finally, the shape of the distribution function for observational errors appears to be
subject to very stringent constraints in order to satisfy piecewise linearity. That is indeed
the case. However, we have observed that the invariant densities for chaotic behavior are
robust to certain perturbations of the distribution function for these observation errors.
We expect that the approach developed in this study will be applied to the analysis of

various economic models exhibiting complex endogenous fluctuations.

Appendix A. Computation of G,

Substituting (14) into (17) yields

_ loglkr/ki]

gMJVKkQ}__EEﬂZJﬁEE'

From the inverse of (14), we obtain

loglk g /k¢]

T (/{ZL) 1 loglkp /kL]
Ts(kr)

R (o [h(ky)]) = To(kg) {

Then, rearranging (18) and substituting h~*(¢as[h(k;)]) into it, we have

log[k g /k]
B h_l((PM[h(k)D _ Tg(k') B TQ(kR) . [;;EZ;;] loglkp/kr] Tg(k) -
Glp(k)] = AP T T =G
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Using k = p~'(y), G[p(k)] can be expressed as a function of y, as shown in (19).

To verify Gy > 0 for —1 < y < 1, we examine the numerator and denominator
separately for k < k < kr. The denominator is obviously positive with this range of
k. On the other hand, given that Ty(kg) > T5(k) holds for k;, < k < kg, to show the
numerator is positive, it suffices to prove

log(k R /K]

[Tl(k;L)} Toglkp /FL]
Ty(kr)
Since Ty (k) /To(kg) > 1 and 0 < log(kgr/k)/log(kr/kL) < 1, the above inequality holds.

> 1.

Appendix B. Computation of 6 and s

From (16) and (23), solving 0.(0) = 05 1, and (o) = 05 g reduces to solving

s R T

Using (13) and eliminating the parameter s from the above equations, we obtain the

(30)

following equation in terms of o. Given «, 3, A, B, & can then be attained by solving

2

s

For analytical convenience, we set ¢ = 1 (so that €A = gB). Simplifying the above

cC— 0

expression yields
ﬁ(l - Oé) op 24 1232
1+o I4+-B+aBf+af?+af® _ [ 1 — g)ltBt+as+ap+a?p?
(1+0) e IR
Since a < f, it follows that [5(1 — «)]/[a(1 — B)] > 1. Therefore, a solution for &
necessarily exists. Based on this &, we rearrange (30) and solve for §, obtaining

B 8 (1 . a.)lJraﬁ ﬁ
- aA(l-p) [(1 + 5)1”52] '

For the general case, we solve 0(0,s) = 02,13 and Og(o,s) = 02,13 for ¢ and § to

s =s(0)

find that & can be obtained from

af?™(1-p)

(1+ o) = [04(1—:(;)

where i = (1= B™1)(1+a8") +a ™ (1— 8) and v = (1— F") (1+af") + 262 (1— §).
Based on this &, we have

o B (1 _ a.)l—i—aﬁ" ﬁ
§ = S(U) - OéA(l o ﬁ) |:(1 + 5—)1+a6n+1‘| '
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Appendix C. Proof of Proposition 5

Solving yP,, = y yields the following expressions:

_ 1+ 14+ aB+aB*+p
N AT 36+ 208+ B 2T 436+ 208 + af?
B 1 B 1+8+ap
BT U136+ 208 + af? M UT36+ 208+ af®
A straightforward calculation yields
) 2
Yoy __draftalth 5y
S af?(4+ 36 + 2a8 + afp?)

Appendix D. The case n = 2 and Proposition 6

The argument is analogous to that of Proposition 5. We briefly indicate the explicit

expressions required for n = 2.

0O 0 0 0 0 1

ap az az a4 Aas Aag
1 0 0 0 0 O
P w7 =
0O 1 0 0 0 O
0O 0 1 0 0 O
0O 0 0 1 0 O

where p;; = |I;|/|I]. Solving yP,, =y for y; and calculating S; yields

i 1+ 6+ B2+ ap?+aB® +ap? .
Y _ 5= . i=1,2,3,4,5,6.
S, af(6 + 50 + 452 + 3ap? + 2a5 + afpt)

We then outline the general case. Solving yP,,, ., = vy yields

Yy = (y1>y27 te 7y2n+1ay2n+2)-

Let S; = m|I;| denote the areas of the corresponding intervals. A similar argument

suggests that, in the general case, there exists a constant A > 0 such that

20



References

1]

[9]

[10]

[11]

[12]

Alexeeva, T.A., Kuznetsov, N.V., Mokaev, T.N., Zelinka, I. (2025). Chaotic dynamics
in an overlapping generations model: Forecasting and regularization. Chaos, Solitons
and Fractals, 196: 116371.

Asano, T., Yokoo, M. (2019). Chaotic dynamics of a piecewise linear model of credit

cycles. Journal of Mathematical Economics, 80: 9-21.

Asano, T., Shibata, A., Yokoo, M. (2024). Technology choice, externalities in pro-

duction, and a chaotic middle-income trap. Journal of Economics, 141: 29-56.

Benhabib, J., Day, R.H. (1982). A characterization of erratic dynamics in, the over-

lapping generations model. Journal of Economic Dynamics and Control, 4: 37-55.

Boldrin, M., Montrucchio, L. (1986). On the Indeterminacy of Capital Accumulation
Paths. Journal of Economic Theory, 40: 26-39.

Boyarsky, A., Goéra, P. (1997). Laws of Chaos: Invariant Measures and Dynamical

Systems in One Dimension. Springer.

Boyarsky, A., Scarowsky, M. (1979). On a class of transformations which have unique
absolutely continuous invariant measures. Transactions of the American Mathemat-
tcal Society, 255: 243-262.

Chen, H.J., Li, M.C., Lin, Y.J. (2008). Chaotic dynamics in an overlapping genera-
tions model with myopic and adaptive expectations. Journal of Economic Behavior
& Organization, 67: 48-56.

Day, R. (1982). Irregular Growth Cycles. The American Economic Review, 72: 406-
414.

Deneckere, R., Pelikan, S. (1986). Competitive Chaos. Journal of Economic Theory,
40: 13-25.

Deng, L., Khan, M.A., Mitra, T. (2022). Continuous unimodal maps in economic
dynamics: On easily verifiable conditions for topological chaos. Journal of Economic
Theory, 201: 105446.

Diamond, P.A. (1965). National debt in a neoclassical growth model. American Eco-
nomic Review, 55: 1126-1150.

21



[13]

[14]

[15]

[16]

[18]

[19]

[20]

[21]

[22]

Fanti, L., Gori, L. (2011). Public health spending, old-age productivity and economic
growth: Chaotic cycles under perfect foresight. Journal of Economic Behavior &
Organization, 78: 137-151.

Gori, L., Purificato, F., Sodini,M. (2026). Nonlinear dynamics in an environmental
overlapping generations model with technology choice. Macroeconomic Dynamics,
e7: 1-21. Doi:10.1017/51365100525100734.

Grandmont, J. (1985). On endogenous competitive business cycles. FEconometrica,
53: 995-1045.

Hommes, C., Huber, S.J., Minina, D., Salle, I. (2024). Learning in a complex world:
Insights from an OLG lab experiment. Journal of Economic Behavior and Organi-
zation, 220: 813-837.

Huang, W., Day, R. (1993). Chaotically switching bear and bull markets: The deriva-
tion of stock price distributions from behavioral rules. In: Huang, W. and Day,
R.(eds.), Nonlinear Dynamics and Evolutionary Economics, pp.169-182.0xford Uni-

versity Press.

Marsiglio, S., Tolotti, M. (2019). Endogenous growth and technological progress with

innovation driven by social interactions. Economic Theory, 65: 293-328.

Matsumoto, A. (2005). Density function of piecewise linear transformation. Journal
of Economic Behavior & Organization, 56: 631-653.

Umezuki, Y., Yokoo, M. (2019). A simple model of growth cycles with technology
choice. Journal of Economic Dynamics & Control , 100: 164-175.

Yokoo, M., Ishida, J. (2008). Misperception-driven chaos: Theory and policy impli-
cations. Journal of Economic Dynamics & Control , 32: 1732-1753.

Zeppini, P. (2015). A discrete choice model of transitions to sustainable technologies.
Journal of Economic Behavior & Organization, 112: 187-203.

22



10

TEIRTTEY

Tech?2

e
.
.
e
-
‘e
..
.....
.......
.
..........

Figure 1: Technology choice. Solid lines indicate the chosen technologies. o = 0.2,
=07 A=2 B=2.
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Gly)

Figure 2: Graph of cumulative distribution function G(y). a = 0.1, 8 = 0.7, A = 2,
B = (aA)/B, o =0.01.
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Figure 3: Period-5 Markov property and dynamics starting from the periodic point.
a=0.7 =09 A=20, B=(aA)/B, 6 = 0.1075, § ~ 0.372.
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Figure 4: Period-5 Markov property and chaotic dynamics starting from a randomly

chosen initial point. The parameter values are the same as in Fig. 3.
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Figure 5: Theoretical and estimated invariant density for the period-5 Markov map.
Density p(z) = ni(z)/ Yo, m|L|. Simulated histogram of 10° iterations. o = 0.7,
£ =09 A=20, B=(aA)/B, 6 ~0.1075, § ~ 0.372.
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Figure 6: State transition diagram of a Markov chain corresponding to P, for a; € (0, 1).
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Figure 7: Perturbations for different values of ¢.
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Figure 8: Bifurcation diagram with respect to € under the period-5 Markov parameters,

showing that the density is well preserved near ¢ = 0 and thus indicating robustness.
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