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Kurzfassung

Nehmen wir an, dald ein Entscheidungstéger ein deterministisches dynamisches
System derart zu kontrollieren versucht, sodal? der gemessene Output des Sys
tems optimiert wird. Hat der Entscheidungstréger einen Kontrollpfad fest-
gelegt, so hat das daraus resultierende Anfangswertproblem eine eindeutig fest-
gelegte Losung, aber unter Umstanden kann es passieren, dald bei einem fix
vorgegebenen Anfangszustand des Systems verschiedene optimale Kontrollpfade
maoglich sind, die zu verschiedenen optimalen Langzeitergebnissen fihren. Die
Unbestimmtheit (Nichteindeutigkeit) entspringt hier aus der Moglichkeit einen
von mehreren optimalen Kontrollpfaden zu wéahlen. In dieser Arbeit behan-
die ich Mengen von (Anfangs)Zusténden, in denen derartige Unbestimmtheit
auftritt.

In Modellen der nichtkonvexen Optimierung mussen Ergebnisse, welche die
notwendigen Optimalitatsbedingungen erfillen, nicht tatséchlich optimal sein.
Zudem kann es sein, dal} mehrere Langzeitergebnisse optimal sind, und Uber
die Zeit gesehen hangt die Konvergenz zu dem einen oder anderen Langzeit-
ergebnis vom Anfangszustands des Systems ab. Aufgrund von Stetigkeitsargu-
menten muf3 ein Schwellenwertverhalten auftreten, wo von der einen Seite dieser
Schwelle es optimal ist, zu einem Langzeitergebnis zu konvergieren, wahrend auf
der anderen Seite dieser Schwelle es optimal ist, zu eéinem anderen Langzeit-
ergebnis zu konvergieren. Der Rahmen dieser Arbeit ist es, zweidimensionale
optimale Kontrollmodelle zu finden, wo optimale Gleichgewichtspunkte bzw.
Grenzzyklen durch Schwellen getrennt werden. Ich wurde angehalten, solche
Schwellen numerisch zu lokalisieren. Neben der bloRen Existenz ist die Beschaf-
fenheit solcher Schwellenmengen von Interesse.

In der 6konomischen Literatur wird ein derartiges Schwellenverhaten oft
mit “ Skibaschwellen ” oder “ Skibapunkte ” bezeichnet. Aufgrund ener
AuRerung von Brock und Malliaris und wegen einer personlichen Intervention
von Kazuo Nishimura, haben wir (meine Arbeitsgruppe) uns entschlossen der-
artiges Schwellenverhalten as DNS (Dechert-Nishimura-Skiba)verhalten zu be-
zeichnen. Ein DNS-Punkt ist ein Punkt im Zustandsraum, wo es ausgehend
von diesem optimal ist, zu zumindest zwei verschiedenen Attraktoren zu kon-
vergieren. In den in dieser Arbeit untersuchten zweidimensionalen Modellen
sind die DNS-Mengen Kurven in den zweidimensionalen Zustandsraumen.

Zuerst analysiere ich ein Modell der Kapitalakkumulation in einem optimal-
kontrolltheoretischen Rahmen, wo Kapitalstock und Investitionsrate as Zu-
standsvariablen sowie die Anderung der Investitionsrate ads Kontrollvariable
modelliert sind. Regulierungskosten treten fir Investitionen aber auch bel
Anderung der Investionsrate auf. Weiters modelliere ich externe GroReneffekte
(network externalities) durch ein konvexes Segment in der Ertragsfunktion.
Dies bewirkt die Existenz zweier optimaler Gleichgewichte, eines mit geringem
und eines mit hohem Kapitalstock. Zu welchem der beiden Gleichgewichte es
optimal ist zu konvergieren, ist abhéngig von der urspriinglichen Kapital ausstat-
tung und Investitionsrate. Ich berechne eine DNS-Kurve numerisch, und es gilt,
da, fals man in einem Punkt dieser Kurve startet, der Entscheidungstrager
indifferent ist, ob er zu dem einem oder dem anderen Gleichgewicht konvergiert.



Heutzutage schreitet die Technologie rasch voran. Um wettbewerbsfahig
zu bleiben, missen Firmen auf neue technische Entwicklungen reagieren. Fdls
ge dies nicht tun, laufen se Gefahr, dald ihre Produkte veraltet werden und
die Kunden zur Konkurrenz abwandern. Ich bilde eéin Modell zur optimalen
dynamischen Technologieinvestition, in welchem das Basisniveau der allgemein
eingesetzten Technologie konstant Uber die Zeit anwéchst. Das Problem wird
analysiert, indem ein zweidimensionales optimales Kontrollmodell entworfen
wird. Es stellt sich heraus, dal3 im Zustandsraum eine DNS-Kurve ermittelt
werden kann, welche verschiedene Langzeitinvestionspolitiken, wie keine Investi-
tion, konstant positive Investition oder eine zyklische Sequenz von Perioden mit
keiner Investition und Perioden mit positiver Investition, trennt.

Im Modell der Kapitalakkumulation trennt eine DNS-Kurve zwei optimale
Gleichgewichte, wahrend im Modell der Technologieakkumulation eine DNS-
Kurve ein optimales Gleichgewicht von einem Grenzzykel trennt. Speziell das
Auftreten von Schwellenwertverhalten, das ein optimales Gleichgewicht und
einen optimalen Grenzzyklus trennt, stellt eine wesentliche Neuerung in 6kono-
mischen Modellen dar. Aber nicht nur die Existenz der DNS-Kurven sind ein
besonderes Merkmal, sondern ihr Auftreten kdnnen - in beiden Modellen -
intuitiv und 6konomisch interpretiert werden. Weitere besondere Merkmale
sind das Auftreten von sub-kritischen Hopf-Bifokationen und Grenzpunkt-Bi-
fokationen (wo ein stabiler und en instabiler Grenzzykel zusammenfallen und
verschwinden) im Modell der Technologieakkumulation.

Bel der Definition eines DNS-Punktes steht im Vordergrund, dal3 speziell
Okonomen verschiedene Langzeitergebnisse im Auge haben. Natiirlich kann es
auch passieren, dal3 verschiedene optimale Pfade zu demselben Langzeitergebnis
fuhren; trotz eines eindeutigen Langzeitergebnis tritt ein Schwellenwertverhal-
ten auf. Da ein DNS-Punkt diese Eigenschaft nicht wiederspiegeln kann, er-
weitere ich schluRendlich die Definition eines DNS-Punktes zu einer geringfligig
allgemeineren Definition eines DB (Dechert-Brock)-Punktes, indem ich einen
Vorschlag von Brock und Dechert, angefiihrt in einem nicht verdffentlichten
Arbeitspapier aus dem Jahre 1983, aufgreife.

Ferner beschreibe ich kurz die verwendeten numerischen Algorithmen, die
in der Berechnung der DNS-Kurven zur Anwendung gekommen sind. Die meis-
ten verwendeten Algorithmen sind algemein bekannt und deren Implementa
tionen konnen mittels Kauf von Softwarepaketen wie MATHEMATICA oder
MATLAB erworben werden. Einige der existierenden Algorithmen habe ich
adaptiert, einige wenige neu entwickelt.
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Summary

Let us assume that a single decison maker (central planner, management of a
firm etc.) controls a deterministic dynamic system to optimize a measured out-
put of this system. For a chosen control path the resulting initial value problem
has a unique solution, but it may happen, that for given initial values different
optimal controls lead to different long run outcomes. The indeterminacy arises
here from the possibility to choose different optimal controls. In thiswork | deal
with the subset of al states, starting from which such indeterminacies arise.

In a non-convex framework, outcomes fulfilling the necessary optimality
conditions no longer have to be optimal. Further, it may happen that severa
long-run outcomes are optimal, and convergence to which outcome depends on
the initial state. Due to continuity there has to be some threshold behavior,
where from the one side of this barrier it is optimal to converge to one outcome
whereas from the other side of this barrier it is optimal to converge to another
outcome. The scope of this work is to find two-dimensional optimal control
models with optimal steady states and limit cycles separated by thresholds. |
got the directives to compute such thresholds numerically. Besides the pure
existence the nature of the sets of thresholds has been of interest.

In economic literature, threshold levels are often called “ Skiba thresholds
” or “ Skiba points 7. On the basis of a statement by Brock and Malliaris and
due to a persona intervention of Kazuo Nishimura, we (my working group)
have reconsidered to denote threshold behavior by DNS (Dechert-Nishimura-
Skiba). A DNS-point is a point in the state space, from which it is optimal to
converge to at least two different attractors. In this work in the investigated
two dimensional models, the DNS-sets are curves in the two dimensional state
spaces.

| study a capital accumulation model in an optimal control theoretic frame-
work, where the capital stock and the investment rate are modeled as state
variables and the change in the investment rate as control. Adjustment costs
are introduced for investment rate and its change. Moreover, | model network
externalities by a convex segment in the revenue function, which implies the
existence of two long-run optimal steady states, one with a low level and the
other with a high level capital stock. It depends on the initial capital endow-
ment and initial investment rate to which steady state it is optimal to converge.
I numerically compute a DNS-curve, for which it holds that, when starting from
a point on this curve, the decision-maker is indifferent between going to either
one of these steady states.

. Technology advances quickly these days. Therefore, in order to keep up with
its economic environment a firm should respond to new technological develop-
ments. Otherwise, its products become old-fashioned and customers will tend
to go to competitors. | establish the optimal technology investment decision
within a dynamic model, in which the baseline technology leve rises over time.
The problem is analyzed by designing a two state optimal control model. It
turns out that in the state space a DNS-curve can be determined that separates
different long run outcomes, viz., zero investment, constant positive investment,
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1.1 Indeterminacy

Costas Azariadis states in [3]: ” But not al nicely behaved economies necessarily
admit unique or stable stationary equilibria; unigueness and/or stability in this
sense are guaranteed if one restricts economic behavior with stronger assump-
tions like normality or gross substitutability in consumption, monotonicity or
sufficient variability in factor reward, and the like. Some non-uniqueness of
equilibrium is unavoidable in dynamical economies whose steady states
are sinks and saddles. These states are associated with a well-defined equilib-
rium manifold which includes a continuum of convergent equilibrium sequences
indexed on initial conditions. Economists typically dislike large equilibrium
manifolds, and often refer to the limit points of such manifolds as indetermi-
nate steady states. The Cauchy-Peano theorem and related results assure us
that appropriately defined boundary-value problems have unique solutions and
therefore that indeterminacy in economics arises in part from a shortage of
initial conditions.”

Assuming an economy with a deterministic structure for agiven initial state
no indeterminacy occurs, nevertheless if there exists a unique equilibrium or
there are several. Different is the situation when the economy shows any ran-
domness. Then in the case of multiple equilibria, even if the initial states are
given, the fina rest point of the economy is indeterminate. Azariades describes
amodel class as follows: ” The economy described has a stationary determinis-
tic structure of population, endowments, preferences, and production sets. Any
randomness remaining in the solution comes from extraneous or psychological
factors for which David Cass and Karl Shell [7] have invented the convenient
name sunspots. The name is borrowed from Jevons [16] who used it for quite
adifferent purpose he believed that solar activity influenced climate conditions
and hence affected farm output." This model class, for instance used to ex-
plain financial markets, is based on an endogenous deterministic structure and
exogenous random factors.

Again let us underlie a deterministic structure such as a dynamic system
(see Appendix). But now asingle decision maker (central planner, management
of afirm etc.) controls this deterministic system to optimize a measured out-
put of the system. For achosen control path the resulting initial (or boundary)
value problem has a unique solution, but it may happen, that for certain ini-
tial values different optimal controls lead to different long run outcomes. The
indeterminacy arises here from the possibility to choose different optimal con-
trols. In this work | deal with the subset of al states, starting from which such
indeterminacies arise. (Numerical results show that in planar state models this
indeterminacy set can be a one dimensional manifold - a curve.)

1.2 Threshold behavior

Generations of economists had esteemed convexity as the one and only truth.
Non-increasing marginal returns and/or non-diminishing marginal costs had
been seemed the only correct way to model economies. And this was certainly
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true, especiadly as long as the economies were resource based. With the uprise’
of technology based economies convex models became more and more inappro-
priate. For instance, network externality in information technology industry is
one source of an economic reality showing increasing marginal returns.

However, in non-convex models necessary conditions are no longer sufficient
for optimality and conventional marginal analysis fails. The anaysis of general
optimization problems is a lot more complicated than the analysis of convex
optimization problems. This may be the reason that some economists with a
fine tradition have dreaded to think on non-convex models. Nevertheless, a
large number of economists started to investigate non-convex models. Doing
that they faced among others the problem of multiple equilibria. In a non-
convex framework equilibria fulfilling the necessary optimality conditions no
longer have to be optimal. It has happened that severa equilibria are optimal,
and convergence to which equilibrium depends on the initial state. Due to
continuity there has to be some threshold behavior, where from the one side of
this barrier it is optimal to converge to one equilibrium whereas from the other
side of this barrier it is optimal to converge to another equilibrium. It may
happen that this threshold itself is optimal (an unstable optimal equilibrium,
unstable limit cycle) or at this threshold there are more than one different ways
behaving optimally.

Here, | want to quote two articles, one written in 1978, the other written
in 1983, where the authors were one of the first researchers, who dealt with
such thresholds. One article deds with a continuous, the other with a discrete
optimal control problem exhibiting a threshold behavior.

In 1978, Skiba [25] investigated a one-sector problem of optimal growth the-
ory over an infinite horizon, whereas he assumed a convex-concave production
function. Qualitative analysis show that there are two optimal steady states:
one with zero, another with ahigh level of capital endowment. In between there
is a capital endowment level (Skiba called it “ critical cut off point ”), below
which the marginal product of capital is so low, that accumulating capital takes
too long to get to the point it pays off. Above this threshold levd it is optimal
to accumulate capital up to the steady state with a high level of capital en-
dowment. With regard to this article in the literature similar threshold levels
are often referred as “Skiba-tresholds ” or “ Skiba-points ”. In 1981, Davidson
and Harris [9] investigated a closdly related problem of continuous time invest-
ment theory, where the systematically examined non-convexities. Assuming a
convex-concave profit function for certain model configurations they proved the
existence of Skiba-points.

In 1983, Dechert and Nishimura [10] characterized completely optimal growth
paths in an aggregated (one-sector) model with convex-concave technology.
Contrary to Skiba, they investigated a dicrete time model. Facilitating the
decrete time Euler equation they proved that for certain parameter sets there
exists aunique “ critical level k. ” of the stock; below this critical level depleting
the stock is optimal, whereas above this critical level it is optimal to accumulate
capital up to a “ Golden Rule ” levd k* > k..
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1.2.1 Skiba thresholds

In my working group we are confident, that threshold behavior is practicaly
more common than one may expect browsing existing literature on the oc-
currence of threshold behavior. Deissenberg et al. [11] state “ ... multiple
steady-states and thresholds (...) are fairly ubiquitous in dynamic economic
models ”. To support this statement they give a survey of examples of dynamic
economic models with at least two optimal attractors, since different optimal
attractors are a prerequisite to a threshold behavior. In the literature, different
optimal attractors are often pointed out but the authors do not go into details
concerning threshold behavior.

Although Skiba thresholds were introduced in more or less theoretical mod-
els in economics, they have by al means practical relevance, as the following
two cases exemplify:

* In connection with treatment of illicit drug users a “ cold turkey ” stands
for an abrupt reduction in drug consumption (think on the skin of a
plucked turkey). Becker and Murphy [4] mention in their anaysis of
addiction that treating strongly addicted illicit drug users successfully re-
quires a “ cold turkey ”; mathematically formulated a “ cold turkey ”
treatment flags a discontinuous change in illicit drug consumption. Such
a treatment is neccessary because there is a certain level of illicit drug
consumption, beyond this threshold level an addicted person becomes in-
evitably strongly addicted in the long run. The only way to treat such
a strongly addicted person successfully is to reduce instantaneously con-
sumption of illicit drugs below this threshold level . Knowing this thresh-
old level is substantial for a successful treatment. Gavrila et a. [14]
confirmed this result based on a simple rational addiction model, where
they showed the existence of a Skiba threshold separating cold turkey
paths from trajectories to interior equilibria

* In socio-economic literature, e.g. [17], “ enforcement swamping ” means
that efforts or expenditures have a positive and number of offenders a
negative effect on the effectiveness of law enforcement. Typica in model-
ing “ enforcement swamping ” is aratio of a control and a state variable,
like law enforcement efforts per offender. Transformation of the state
variable leads to a model with a product of a control and a state vari-
able. Such models, which are due to the product of a control and a state
variable non-convex, often have multiple equlibria. For instance, Tragler
et a. [28] use an enforcement swamping type model to investigate the
last US-American cocaine epidemic in the eighties and the nineties. They
facilitated this model to show that as long as a value of about 530.000
cocaine addicts is not exceeded, it would be rational to eradicate this epi-
demic in its early stages. Otherwise, an intertemporal trade-off between
the socia costs of cocaine use and law enforcement expenditures turns
out to be optimal.
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1.2.2 DNS-sets’

As | mentioned above in the literature, threshold levels are often called « Skiba
thresholds ” or “ Skibapoints ”. However, Brock and Malliariswritein [5] “ To
understand the Skiba - Dechert - Nishimuraresults ... ”. On the basis of this
fact and due to a personal intervention of Kazuo Nishimura, my working group
has reconsidered to denote threshold behavior by DNS (Dechert-Nishimura-
Skiba). It seems that in two-dimensiona models this notation has been becom-
ing popular (especially DNS-curve), whereas for thresholds in one dimensional
models the notation “ Skiba ” persists. For the moment it is not clear whether
Skiba or DNS, both or another notation will prevail. In this work I'll take the
personally favored notation: A DNS (Dechert-Nishimura-Skiba)-point is apoint
in the state space, from which it is optimal to converge to at least two different
attractors (or limit sets). “ Limit sets ” are sats that are composed of one or
severa attractors. Although the limit sets of the models which | scrutinize in
this work consists of a single attractor (a steady state or a single limit cycle),
it is reasonable to utilize the more general limit sets as one can see e.g. in [8].
Given limit sets - in order to verify the existence of DNS-points, it is important
to know “ from whereit is possible ” (region of convergence) and “ from where
it is optimal ” (region of optimal convergence) to converge to which of these
limit sets. A DNS-set separates different regions of optimal convergence.

1.3 Path-dependence

There are economists, who criticise that a DNS-set shows only a hairline case
in the state space of no relevant economic meaning, because starting away from
this set the final outcome is determined. Besides above arguments in treatment
of illicit drug use, where the exact knowledge of the Skiba-point is vital for
successful treatment | add here another argument for computing (knowing)
DNS-sets.

Throughout the investigated model the evolution of the system is ergodic -
ultimate outcomes are built in right from the start on the bases of initial state
values, (profit) maximization, system dynamics and constraints. The model
itself is deterministic and its long run outcomes are a priori well-defined. Asin
[ W. Brian Arthur states: "It reduces history to the status of mere carrier -
the deliverer of the inevitable."

Now, to make the modes more redigtic, let us add some unpredictable “
small events' (cf. sunspots) outside the investigated structure. As far as the
(initial) states of the model are far away from the DNS-curve such random
small events do not have an unpredictable impact on the long run outcome -
the evolution of the system remains ergodic.

However, when the (initial) states of the system are in the vicinity of aDNS-
set such random small events can shift the system to the other side of the DNS-
st resulting in a different long run outcome as the underlying deterministic
model is predicting. Starting in the neighborhood of a DNS-set the evolution
of the optimally controlled system is non-ergodic, the process becomes path
dependent. Smdll indivisibilities, or chance meetings can become magnified by
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“ the wrong dynamics" to switch the system to a different outcome as predicted.
Asin [ W. Brian Arthur states: "History becomes all-important.” Knowing
the DNS-set enables to give reasons for up to now inexplainable phenomenons,
like the wondrous economic development of South Koreain comparison to some
African countries, although South Korea started in the fifties from a weaker
economic position (cf. Lucas’ “ Making amiracle ” [21}).

1.4 Exploited Models

At the beginning of this work threshold behavior separating different optimal
limit sets has been hardly applied to models, which were higher than one dimen-
siondl; little was known on threshold behavior in higher dimensions. Existence
of two different optimal limit sets suffices for threshold behavior, because as-
suming there are at least two optimal limit sets there has to exist “ some ” et
separating these limit sets. The scope of this work was to find two dimensional
optimal control models with at least two steady states separated by thresholds.
As it was supposed that it is a very tough job to compute a set of thresholds
separating different optimal limit sets anaytically, 1 got the directives to com-
pute such thresholds numerically. Besides the pure existence the nature of the
sets of thresholds has been of interest. In this work in the investigated two di-
mensiona models, the sets of thresholds are one dimensional manifolds (curves)
in the two dimensiona state space.

In Chapter 2 | study a capital accumulation model in an optimal control
theoretic framework, where the capital stock and the investment rate are mod-
eled as state variables and the change in the investment rate as control. Ad-
justment costs are introduced for investment rate and its change. Moreover, |
model network externalities by aconvex segment in the revenue function, which
implies the existence of two long-run optimal steady states, one with alow leve
and the other with a high level capital stock. It depends on the initial capital
endowment and initial investment rate to which steady state it is optimal to
converge. | numerically compute a DNS-curve, for which it holds that, when
starting from a point on this curve, the decision-maker is indifferent between
going to either one of these steady states. The negative slope of the DNS-curve
indicates that there is a trade-off between the initial capital endowment and
initial investment rate.

Technology advances quickly these days. Therefore, in order to keep up
with its economic environment a firm should respond to new technological de-
velopments. Otherwise, its products become old-fashioned and customers will
tend to go to competitors. In the Chapter 3 | establish the optimal technology
investment decision within a dynamic model, in which the baseline technology
level rises over time. The problem is analyzed by designing a two state opti-
mal control model. It turns out that in the state space a DNS-curve can be
determined that separates different long run outcomes, viz., zero investment,
constant positive investment, or a cyclica sequence of zero and positive invest-
ment. For example, there is one scenario in which holds that on one side of
the DNS-curve a steady state and a stable limit cycle coexist where the regions
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of optimal convergence are separated by an unstable limit cycle lying in the
interior of the stable one.

In Chapter 2 a DNS-curve separates two limit sets, which are steady states,
whereas in Chapter 3 a DNS-curve separates a steady state and a limit cycle.
In both models, the existence of DNS-curves are not only the features of the
investigated models, but aso their occurrence and shapes can be suggestively
and economicaly interpreted. Other interesting features of Chapter 3 are a
sub-critical Hopf-bifurcation and a limit point bifurcation, where a stable and
an unstable limit cycle coincide and disappear.

In case of multiple optimal long run outcomes, obviously economists care
about under which circumstances, one or the other long run outcome will finally
be chosen and where the threshold is. Different long run outcomes were the
leading point, when Skiba uses “ cut-off point ”, and other authors redefine it
as a Skiba-point. In this sense | formulate the definition of a DNS-set in the
Appendix of this chapter.

Economists prefer a unique long run outcome, but it is not all-important,
if there are one or severa optimal paths leading to this long run outcome. Of
course, it happens that different optimal paths lead to the same long run out-
come; there exists threshold behavior but the long run outcome is unique. In
Chapter 4 | reconceive the definition of a DNS-set and | seize a suggestion of
Brock and Dechert given in an unpublished working paper written in 1983.
Maybe Brock and Dechert were discouraged by the abstract, technical charac-
terization of a threshold behavior, so that they finally decided not to publish.
None the less their characterization of threshold behavior generalize my defi-
nition of a DNS-set and it applies to threshold behavior paired with a unique
long run outcome.

Additionally, in Chapter 4 | describe briefly the used numerical agorithms
in order to compute the DNS-curves described in Chapter 2 and 3. Most of
the algorithms are pretty well-known and implementations can be purchased by
packages like MATHEMATICA or MATLAB. Some existing algorithms | have
adapted and a few algorithms | have developed.
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1.5 Appendix
Systems

Sinha [26] considers asystem as “ a collection of objects arranged in an ordered
form, which is, in some sense, purpose or goa directed ”. Mays and Tung [22]
characterize a system by

» asystem boundary which is arule that determines whether an element is
to be considered as a part of the system or environment,

» astatement of input and output interactions with the environment, and

* statements of interrelationships between the system elements, inputs and
outputs.

Throughout this work | consider adynamic, deterministic, continuous-time and
lumped parameter system; the system structure is given explicit representation
as avector X = (z1,... ,Z,). In this n dimensional continuous-time determin-
istic state variable model the n state variables z;(t) are functions of time t.

Optimal Control Problems

Athans and Falb [2] specify the essential elements of the optimal control problem
as

* asystem to be controlled,
» adesired output of the system,
» a st of admissible inputs or controls, and

 aperformance index (or cost functional) which measures the effectiveness
of a given control action.

There are severd ways to formulate an optimal control model, like Bolza, Mayer
or Lagrange type. In a mathematical point of view, these different types are
equivalent (see eg. [13]). A simplified model, which | use throughout this
work, of a mathematical continuous-time optimal control model is to optimize
the objective functional

T

J(u) = max Jol e " F (z(t), u(t)) di+ ¢ (z(T),T) Ly
subject to the system dynamics
X = flz),ult)), «(0)= =o. (12)

where u = (uy(t),... um(t))is the control variable and U C IR™ is closed but
not necessarily bounded. In what follows OCM refers to this optimal control
modd. Incaseof T = oo, one alude to an infinite, otherwise to afinite planning
horizon. The integrand F and the system dynamics / are assumed to be C*!
in x and continuous in u . Similarly, the scrap value function ¢ is continuously
differentiable in x and T; it disappears in case of an infinite planning horizon.




CHAPTER 1. INTRODUCTION 14

Definition 1 Michel, [23]) defines a trajectory (z(t),u(t)),0< t < T to be
admissible if

1. z(t) is a solution of the system dynamics (1.2)
2. with apiecewise continous control u(¢)6 U on0<t< T, and

3. if the integral in (1.1) converges.

Notation 2 A control function «(t), t € [0,7] «s admissible of OCM, if there
exists a solution z(t) of the system dynamics with control w(t), whereupon
(z(t),u(t))is admissible. | denote z(t) to be corresponding to wu(t).

Definition 3 The (optimal) value of the problem OCM is

J* = supyy admissible J (%)
Any admissible control u* (t) fulfilling
* = T (u)

is called an optimal control (path or trajectory), and the corresponding x*(t) an
optimal (state) path or trajectory. An optimal solution is a pair (z*,«*) of an
optimal state and an optimal control path.

Pontryagin's Maximum Principle

Similar to Langrange or Karusch-Kuhn-Tucker theory in static optimization
(e.g. [159], [20]), a solution of a dynamic optimization problem has to fulfill a
set of necessary conditions. The extensive literature on these necessary condi-
tions is summarized under the traditional expression (Pontryagin's) Maximum
Principle (see eg. [12], [6], [13], [18],[19], or the original article [24]).

Before turning to the Maximum Principle | definethe (current-value) Hamil-
tonian Function of the optimal control problem OCM:

H (x,u, AQ, A) := XoF (X,U) + HZ Aifa(x, u),

i=1
or in amore compact form
H (x,u,AO,A) :=AOF (x,u) + X/(X,u).

The n-dimensional vector X' = (Aq,. .., \,) is cdled co-state (or adjoint) vec-
tor, A; co-state (or adjoint) variable. In case of infinite planning horizon, the
Maximum Principle applied on problem OCM can be written as follows:

Theorem 4 (Michel, [23]) If u* is an optimal control and x* the correspond-
ing optimal (state) path of the optimal control problem (1.1) and (1.2), then
there exists a constant A\g > 0 and a continuous and piecewise continuously
differentiabl@djoint vector A(t), so that (Ao, A(t)) # 0Vt > 0,

A) = rA@)— Hy (2*(t), u*(t), Ao, A(t)), (1.3
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and for every t where u*(t) is continuous
u*(t) € Argmazyey H (z*(t),u,Ao, A(t)) . (1.9
In addition,

lim e™"* H (z*(t),u*(t), Ao, A(t)) = 0O (1.5)

t—r00

et H (z*(t), u* (t), Mo, A(t)) = T )Xo JI e "TF (z*(7),u* (7)) dr.(1.6)
t
Let us cdl (1.4) the “ effective maximum principle ”; in genera, the dy-
namic equation (1.3) are known as the co-state dynamics and equation (1.5) as
transversality condition. Note, condition (1.6) makes it quite simply to compute
the optimal (objective function) value, if Ap > 0 :

Corollary 5 Provided that Ap > 0 and the co-state variables A(t)fort = 0 are
known, the optimal value of OCMis:
1 * *
‘](u*) = :\_0_ H(l’ (0)’u (0)’ )‘Oa )‘(0)) . (17)
Hence, calculating the values Ao and A(0O) is the job; but generally a difficult
one! If AO > 0 is ensured, one can omit Ag by normalizing the Hamiltonian
with -~ (and consequently normalizing )) .

In case of an open planning horizon and ¢ = 0., Theorem 4 remains valid (but
oo has to be replaced by T*, the optimal planning horizon).
Finally, the following theorem does not surprise:

Theorem 6 // the maximized Hamiltonian

r&a&cH(w,u,)\o, A)

isfor any given (Ao, A(t)) concave in X, then the conditions in Theorem 4 are
sufficient.
Limit sets

Influenced by Strogatz' [27] definition of an attractor of a dynamic system |
define:

Definition 7 An attractor of OCM with an open planning horizon is a closed
subset A of the state-costate space with the following properties:

1. Alisaninvariant set: any trajectory (z(t)A(t)) that startsin A and fulfills
the first order necessary conditions of Prontryagin’s maximum principle
(2.4), (1.3) and (1.5) staysin Afor 0 <t<T*,
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2. A attracts an open set of initial conditions. there is an open set A/ con-
taining A such that if (z(0), A(0)) is element of A/ then the distance form
(z(t),A(t)) to A tends to zero ast — T*. The largest such M'is called the
basin of attraction of A.

3. A is minimal: there is no proper subset of A that satisfies conditions 1
and 2.

Definition 8 / define an attractor A of OCM optimal, if any trajectory that
starts in A is an optimal solution.

Definition 9 / define a limit set of OCM to be a unification of attractors of
OCM. An optimal limit set consists only of optimal attractors.

Definition 10 / define the region of convergence of a limit set L of OCM to be
the unification of the projection into the state space of the basins of attraction
of all attractors L consists of.

Whereas the basin of attraction is a subset of the state-costate space, the region
of convergence is a subset of the state space.

Definition 11 / define the optimal region of convergence of an optimal limit
set L of OCM to be the largest possible subset of the region of convergence of L,
where there exists an optimal solution (x* (t), u* (t)) of OCM with initial values
in this region (i.e. x*(0) is element of this region.)

Definition 12 A DNS (Dechert-Nishimura-Skiba)-pointis a point in the state
space, which belongs to the regions of optimal convergence of at least two (pair-
wise) digoint optimal limit sets. The DNS-set is the set of all DNS-points.

Value Function

Above mentioned OCM depends exogenously on the initial values zp; pointing
to this fact | denote J(u;zo), and | define:

Definition 13 The optimal value function of OCM is defined as

V(zo) = sup J(u; zo).

u admissible
In this work | use value function in a more genera way. Consider any limit
st of OCM; if zg is an element of the region of convergence of this limit set, |
am interested in the value(s) of the objective functional of OCM, when | take
admissible controls, which ensure that the system converges to this limit set.
Being more accurate the supremum (maximum) of these vaues quickens my
interest.

Definition 14 For any initial value zo, which is an element of the region of
convergence of L, the value function of the limit set L is defined as

Vi(zo) = sup J(u; 20),
u is admissible for L
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By u is admissible for L | mean, that u is an admissible control, which ensures
that the corresponding (z(t), A(t))converges for t — T* to the limit set L. |f the
initial value zo is not element of the region of convergence of L, Vi (zy)equals
per definitionem —oo.

Theorem 15 Assume that OCM has a finite number of limit sets L;, I =
1,...,¢, and assume that each optimal solution (z*,u*) convergesfort — T to
one of these limit sets. Then it holds:

V(zo)= max Vi, (zo).

i=1,.. ¢

Proof. Obvious. =
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2.1 Introduction

As in Chapter 1 mentioned, most of the contributions with threshold behavior
consider a dynamic optimization problem with a one-dimensional structure.
Intuition suggests that extending this feature to the class of optimal control
models with two state variables will lead to the occurrence of a set of DNS-
points. In the literature contributions that deal with this topic are scarce.
Brock and Dechert [1] prove the existence of a DNS-s&t, but the exact location
of it is not determined. In this chapter, | determine numerically a DNS-set in
a two-dimensional capital accumulation model.

In the literature, the capital accumulation framework has been extensively
analyzed assuming a constant or decreasing returns to scale technology and
adjustment costs of investment; representative | refer to Eisner's, Gould's and
Lucas’ articles, [7, 9, 13]. One specific feature of the model of this chapter
is that - besides the prevalent adjustment costs associated with investment -
additional costs are included for changes in the investment rate.

Another specific feature in the used model is that the formulation admits the
existence of network externalities. By a network externality it is meant that the
value of a good increases with the number of users, cf. [6]. An example would
be that it is beneficial to the users of a certain software package, if this package
is used by many other people. Similarly, for the user of some GSM network the
value increases with the number of users because of the significantly reduced
rates within the network. In the model this is reflected by an inverse demand
function, which increases for intermediate quantities produced. This implies
that the firm's revenue function is convex in a segment of intermediate capital
stock vaues, whereas the firm's revenue function is concave for small and large
capital stock values outside this segment. In a similar manner Davidson and
Harris [3] aswell as Dechert [4] use arevenue function, which contains a convex
segment. In contrast to this, Barucci [2] studies the classical framework with
the exception that the revenue function is strictly convex throughout.

Given certain functional forms and parameter sets the introduced model
features two optimal steady states. It depends on the firm's initial capital
endowment and investment rate to which steady state it is optimal to converge
to. In the present paper, the numerically computed DNS-set turns out to be a
one-dimensiona curve.

The organization of this chapter is as follows. The next section specifies the
model. In Section 2.3, the model is analyzed and economic intuitions of the
mathematical results are provided in Section 2.4.

2.2 Moded Formulation

Consider a firm that needs capital goods to produce commodities, which are
sold on an output market. The more capital goods the firm owns the more
commodities can be sold and thus the more revenue is obtained. Of course,
in case that the firm has some market power the output price decreases with
the number of goods that are sold, which implies that decreasing returns to
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scale will be present, especidly if the capital stock is sufficiently large. On the
other hand scale economies can cause increasing returns to scae. To anayze
the effect of this on optimal firm behavior it is assumed that there exists an
interval of capital stock values for which there are increasing returns to scae.

Denoting revenue by R and capital stock by K!, it isimposed that R (K) is
a positive, twice continuously differentiable, and increasing function with one
convex segment for intermediate values of the capital stock; cf. [3] - Figure 2b.
This convex segment arises due to the fact that for these values of the capital
stock the firm's production technology exhibits increasing returns to scale.

An alternative explanation for the convex segment in the revenue function
is that the inverse demand function is locally increasing, which arises due to
a network externality. A network externality implies that the value of a good
increases with the number of users of this good. An example would be that it
is beneficial to the users of a certain word processing program, if this package
is used by many other people, because, eg., it makes it easer to exchange
files. Similarly, for the user of some cellular phone network the value increases
with the number of users because of the significantly reduced rates within the
network. In the model this is reflected by an inverse demand function which
decreases for small and large quantities produced, but has an increasing segment
for intermediate quantities produced. A relevant specification is

_ N 3

where P denotes the price and Q is the quantity produced. Figure 2.1 depicts |

the graph of this inverse demand function.
When a linear production function is assumed, Q(K)—gK, then the firm's
revenue function R(K) = P(Q(K))Q(K)equals

R(K) = b VE - ki (22)
with k1 = y1v/B, k2 = v28* and ks — 3. Figure 2.2 depicts the graph of the
firm's revenue function. In the ssgment between K =~ 12 and K ~ 33, the
network externality leads to a convex segment of the revenue function.

The firm increases its capital stock by investing, where the investment rate is
denoted by I. Besides the purchase costs, the cost of investments ¢ (1) aso con-
sists of adjustment costs which are assumed to be strictly convex, i.e. ¢(0) =0
and ¢" > 0. For the numerical analysis below | adopt the quadratic specification
imposed by, e.g., Barucci [2]:

cD=al+ %2 2. (2.3)

As usual, capital stock increases with investments and decreases with de-
preciation. Assuming a constant depreciation rate 6 > 0, the following state

}Since the model is dynamic, dl variables are functions of time, i.e. K = K (t). For
notational convenience, in what follows this dependence of variables on time is not explicitly
denoted.
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Figure 2.1. Theinverse demand function P(Q)for 71 = 2,~, = %, and 73 = 1.
In the segment between Q =~ 2.2 and Q ~ 4.9 network externalities lead to an
increasing shape. '

A

6..

0 ) 1 6 g el ¢

Figure 2.2: Thefirm'srevenue function with the inverse demand function P (Q)
from Figure L and B=1 (i.e. ky — 2,ka = 555, and ks = 1).
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equation for capital stock arises:
K=1-6K. (2.4)

The concept of investment adjustment costs is refined here by explicitly mod-
eling that changes in the investment rate are costly, see aso [12]. Such costs
can arise in cases, where an organization is used to a certain rate of investment,
so that it has to reorganize when changes in this investment rate occur. Rep-
resenting the change of investment by v, these costs equal g (v). Assuming a
quadratic cost function is quite common in the literature, compare inter alia
[15, 16]. Even in the case of non-symmetric, piecewise linear costs with a kink
at the level zero a quadratic approximation is reasonable, see [11]. Here | dso
adopt the quadratic form. Admittedly it simplifies the calculations, but it is
not essential:

where
I=v. (2.5)

In order to include (2.5) in the optimization problem, the investment | will be
modeled as a state variable.

The firm's objective is to maximize the discounted cash flow stream over
an infinite planning horizon. Collecting the revenue function and both types of
adjustment costs described above, and assuming a constant discount rate p, |
arrive at the following expression for the objective functional:

max /0 " e \R(K) -c) - ngJ] dt. (2.6)

The optimal control model now consists of the expressions (2.4)-(2.6). It has
two state variables, K and I, and one control variable, v. Summarizing, the
following model is obtained:

=]
max / e P [R (K) — () - %2] dt,

0 2

\

st. ‘K = I-6K,
I=w.

When a = 0, the control v is costless and adjustment of I can be done
instantaneously. Thus, v can be deleted and the problem becomes an optimal
control model with state variable K and control variable /; the model reduces
to the classical capital accumulation models. In case of linear or concave R(K)
and convex c (I) the basic framework arises, which inter dia Gould and Lucas
[13, 9] analyzed extensively. Dechert [4] proved the existence of a Skiba-point
for this reduced model using aconvex-concave R(K),while Davidson and Harris
[3] studied the implications of convex segments in R(K)and concave segments
in ¢(I). Barucci [2] considers convex quadratic functions for both R(K)and
c(I).
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2.3 Analysis of the Model

This section consists of four subsections. First, in Subsection 2.3.1 the optimal -
ity conditions are listed, after which in Subsection 2.3.2 the stability behavior
around the steady states is studied. In Subsection 2.3.3 the stable manifolds
are analyzed, while in Subsection 2.3.4 the DNS-curve is determined.

2.3.1 Optimality Conditions

To apply Pontryagin's Maximum Principle | start out by stating the current
value Hamiltonian:

H = R(K)- ¢(I)- %v2+ AL (1 - BK) + Agw.
Maximization of the Hamiltonian with respect to the control variable v gives.
1
= —A. .
\Y a 2 (2 7)

Further application of Pontryagin's Maximum Principle and taking into account
(2.4) and (2.5), lead to the following dynamic system:

K = I-6K,

f = ¥ = %)&2,

A= (p+ M- RK),
A2 = ph— M+ (D).

(2.9)

2.3.2 Stability Analysis

From K — I = 0t is straightforward to see why A, = 0 and J = 8K is required
for a steady state. Additional to these conditions the equations A\; = A2 = 0
imply that steady state values dso have to satisfy

1

M =c0K) =035

R(K), (29)

which isillustrated in Figure 2.3.

Here it can be seen that in the case of a convex cost function c (1) at most
one steady state exists, if the revenue function R(K)is concave, asit is the case
in the basic capital accumulation models. However, due to the convex segment
for intermediate values of the capital stock, the considered revenue function has
a concave-convex-concave shape. Given the functional formsin (2.2) and (2.3),
it is easily seen from (2.9) that depending upon the choice of the parameters
for the functions R (K) and c (I) there are at most three steady states (see aso
Figure 2.3).

The investigation continuous by the case of three different steady states
K; = (K, Iiyvi, Mg, A2:), 8 = 1,2,3, where Ky corresponds to the steady state
with the smallest capital stock, and the steady state with the largest capital
stock value is denoted by K3 .
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A R'(KM(p+d)

R R R B R ST
Figure 2.3: Three steady states satisfy R (K)/(p+ 6) = ' (§K). The points of
intersection of R’ (K)/(g d) (solid) and ¢’ (6K) (dotted) are the steady states.

Proposition 16 In the case of the existence of three steady states, the stability
analysis gives the following results:
- The stable invariant manifold of the steady state X2 is one dimensional.
- The stable invariant manifolds of the steady states K, and K3 are two
dimensional.
- The steady state K;, i = 1,3, is a saddle point with transient oscillations,

if
[é (p+ 8) — 2} + 4R" (K} < O,
otherwise it is a saddle point with real eigenvalues.

Proof. Anaysis of the stability behavior of the dynamic system around the
steady states followsthelines of [5], p. 96. To do this, it is hecessary to compute
the Jacobian (for reasons of readability | do not yet substitute R(K)given in
specification (2.2)).

S 1 0 0 .
det J(K) = _R,,O(K) 0 hos B = [s0o+ O es— RU(K)].
0 c -1 p

It is easily seen that the Jacobian is positive in the first and the third steady
state, K1 and K3, whileit is negative in the second steady state, Ko. Thisimplies
that K5 is unstable, except for a one-dimensional manifold, cf. Feichtinger et
al. [8] - Figure 1.
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To determine the signs of the eigenvalues, besides the Jacobian, | have to
compute a specific quantity K as defined by [5], p. 96:

| -4 0
| -R"K) p+6

10
00

0

Cc2

K

T RIm

+

<
2 = - - = .
+ | | 5(p+ 8) <0
Given the fact that the Jacobian is positive and K is negative in X1 and K3, it
is obvious that both steady states are saddle points. Now, when

ﬁ2

-I-daﬂKp=éﬁkﬂp+@a—@f+4mmq4>o,
then the steady state is a saddle point with rea eigenvalues. Otherwise a saddle
point convergence occurs with transient (damped) oscillations. ¢

The stable invariant manifold of K is one-dimensional (it would be practi-
caly impossible to have initial states in Kys region of convergence, which is a
sparse subset of the state plane (curve in the state plane with Lebesgue mea-
sure zero)). This result leads us to the conclusion that only £; and K3 are the
candidates for steady states with regions of optimal convergence, which have a
positive measure.

The am is to numerically determine the regions of optimal convergence of
the steady states Ky and K3, respectively, and the DNS-set, which separates
these regions. To do so the parameter values are fixed as follows (note that it
is not really necessary to choose eight different parameter values, see Appendix

(a)):

1 3 3 5 1
= . = 2: = : = 1: = : = = 12' 5 = -, 2_]_
Y ZD, kl 2: k? ZOO’ k3 1, Ci 4: C2 y & 3 4 ( 0)
K T v M o
K1 0.6 01 0.0 Ll 0.0
K2 23 06 00 22 0.0
£3 21 10 0.0 33 0.0

Table 21 Numerical values of the steady states

The numerical values of the steady states are listed in Table 2.1. For the
following considerations it will suffice to retain the K-I-v - values of the first
and of the third steady state, K; = {0.58,0.15,0.0} and K3 = {4.1,1.0,0.0}.
These steady states are saddle points with transient oscillations.

2.3.3 Stable Invariant Manifolds

Figure 2.4 and 2.5 visualize the stable invariant manifolds of the steady states
K1 and K3. More precisaly, these figures show projections of higher dimen-
siona surfaces into the three dimensional state, namely the state-control space
(K, I, v). In the following discusson of the figures | omit the phrase "...projec-
tion of...into the (K, I, v)space”.
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Figure 2.5: Stable invariant manifold of the steady state K.
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| determine these surfaces by computing the eigenvectors of the linearization
of the canonical system in the steady states. Proposition 1 states that steady
states K1 and K3 have exactly one conjugate complex pair of eigenvalues with
negative real parts, respectively. | take the real and imaginary part of one of the
eigenvectors, which correspond to eigenvalues with negative rea parts. Which
eigenvector is used, is not significant, because the eigenvectors are conjugate
complex. These two vectors (real and imaginary part of one of the eigenvectors)
define a linear approximation of the stable invariant manifold localy at the
steady state, see e.g. [10]. With the aid of these two vectors | define an dlipse,
which has the steady state as center and which is situated in an e-ball around
the steady state; to get this dlipse normalize these two vectors and multiply
one by e cos¢ and the other by € sing, ¢ G [0,27].

It is evident that this dlipse is situated in the linear approximation of the
stable invariant manifold. To compute an approximation of the stable invariant
manifold | chose starting points on this lipse and moved back in time (i.e.
by multiplying the r.h.s. of the state equations by —1) The quality of this
approximation depends on the vaue of e and on the smoothness of the manifold
in the the vicinity of the steady state.

Figure 2.4 illustrates the shape of the stable manifold of the steady state ;.
The depicted trajectories converge to the steady state X, located in the upper-
right corner of the figure. The lines between the trajectories are drawn to form
polygons so as to display the shape of the surface. | outline the position of the
steady state K3 by a bold face bar (instead of a dot or circle), which crosses
orthogonally the state plane at the steady state values of Ks. I decided to choose
this bold face bar to visualize the position of the steady state K3 relative to the
stable manifold of the steady state K;. Now, it is easly seen that the stable
manifold does not include steady state K3, since the stable manifold folds back
far away before crossing the bold face bar.

In Figure 2.5 the shape of the stable manifold of the steady state K3 is
plotted. The depicted trajectories converge to this steady state, which is located
in the lower-right corner of the figure. | outline the position of the other steady
state, now Xy, by a bold face bar, which crosses orthogonally the state plane at
the steady state values of ;. Here again, the stable manifold does not include
the other steady state.

2.3.4 The DNS-curve

Emanating from the initial states | need to find a trgjectory that converges
to a steady state. This is equivalent to complementing the given initial state
values with values for the co-state and/or control variables in a way that the
resulting initial point lies on the stable manifold of that steady state, where
the trajectory should converges to. Then the value of the objective functional
corresponding to this trajectory can be determined by dividing the Hamiltonian
by the discount factor, see Appendix of Chapter 1 or [14].

So it isimportant to compute the stable invariant manifolds first. In Figures
2.4 and 2.5, it can be seen that both stable invariant manifolds corresponding
to K, and K3 do not include the other long run equilibrium points K3 and Ky,
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respectively. Hence, in this particular example it can never be optimal to start
from one saddle point and converge to the other. Under the assumption that
optimal trajectories will converge to one of the two steady states, it is obvious
that there must be a division of the state space into two different regions of
optimal convergence of the steady states X; and Ks.

Next, | compute the set in the state space that separates these regions of
optimal convergence. Right on this DNS-set the firm is indifferent between
converging to either one of the steady states K; and X3, since the values of the
objective functional of the two resulting trgjectories are exactly the same. Here
| solely rely on numerical evidence that this set is actually acurve, aDNS-curve.
It is left to be proven that this DNS-set is in fact a one-dimerisional manifold.

Apparently this "indifference” curve is situated in an area of the state space,
where it is possible (for agiven sat of initial state values) to choose atrajectory
starting with these initial states and converging to the steady state K; and to
choose another trajectory starting with these initial state and converging to the
steady state K.

I
1.4}
1.2 [
0.8}
0.6 |
0.4 |

0.2

N I ' K

3 4 5

Figure 2.6: Regions of (optimal) convergence and DNS-curve. The bold line
separating Regions Ila and IIb is the DNS-curve. The typical motions are
illustrated by dashed (stable invariant manifold of the steady state K;) and by
dotted curves (stable invariant manifold of the steady state K3).

As one can see from Figure 2.6 the state space (K, I) splits into three regions:

Region I: for initial valuesin this region there exist no trajectories converging
to the steady state X3, and thus K; is the only candidate for the long run
optimal equilibrium.

Region IIa + IIb: for initial values in this region there exist trajectories
converging to the steady state K3, and trajectories converging to the
steady state X,. Here both trajectories are candidates for representing
the optimal solution.
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I

Figure 2.7: Similar to Figure 2.6, but now colored.

Region I1l: for initial values in this region there exist no traectories con-
verging to the steady state K;, and thus Ks is the only candidate for the
long run optimal equilibrium.

In order to specify the regions mentioned, for each unit sguare of the state
gpace used in the scaling of Figure 2.7 | put a lattice of an array of 80 times
80 rectangular cells. Numerically, for each cell of the lattice | try to find tra
jectories starting inside the cell and converging to the steady states K; and Ks.
This is done indirectly by considering many starting points on the boundary
of the above mentioned elipses in e-neighborhoods of X; and K3 and going
back in time. | mark the cels of the lattice that are only reached by those
trgjectories starting from K as belonging to Region |1, the cdls that are only
reached by those trgectories starting from K3 as belonging to Region 11, and
the cells which are reached by those trgectories starting from K, as well as
those starting from K3 as belonging to Region Il with different colors.

For each cdl of the lattice in the Region II, | compare the values of the
objective functionals for the trgectories converging to the steady state K; and
for the trajectories converging to the steady state Ks. It turns out that for the
cdls in the Region ITa (see Figure 2.6), it is better (in the sense of maximizing
the objective functional) to converge to the steady state £;. On the other hand,
for the cells in the Region Ilb, it is better to converge to the steady state K.
The region of optimal convergence of the steady state K; consists of the Regions
| and IIa, the region of optimal convergence of the steady state K3 consists of
the Regions ITb and |11, whereas the boundary between the Regions I1a and IIb
is the DNS-curve. It so happens that the unstable steady state K is situated
in the interior of the Region ITa. For some other features of the solution the
interested reader can sse Appendix (b).
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2.4 Economic Interpretation and Concluding Remarks

For the parameter values concerned (see (2.10)) the optimal solution consists
of two steady states to which it can be optima to converge in the long run.
In the steady state with the larger capital stock the revenue is larger, but on
the other hand more replacement investment has to be undertaken to remain
in this steady state, which implies that the adjustment costs are larger too.

Both steady states have their own region of optimal convergence, whereas a
DNS-curve forms the boundary between these regions. This DNS-curve consists
of al points in the state space for which converging to each of the steady states
leads to exactly the same vaue of the objective. Converging to the larger
steady state requires an increase of the investment rate, while investments have
to decrease in case the firm starts to approach the smaller steady state. This
implies that exactly on this curve the firm's policy function is discontinuous:
the control v(K,I)is positive on the trajectory that approaches the larger
steady state, while v(K,I)is negative on the trgjectory that will converge to
the smaller steady state. Because the stable manifolds of the equilibria K3 and
thus K3 are smooth, it implicitly follows that the policy function v(K, 1) is
continuous and smooth everywhere with the exception of the DNS-curve.

It thus depends on the initial levels of the capital stock and the investment
rate to which steady state it is optimal to converge to. From Figure 2.6 it
can be concluded that the DNS-curve is decreasing in the (K, I)—plane.From
an economic point of view this can be explained as follows. In Figure 2.3
one identifies that for capital stock vaues between, say, 0.6 and 2.0, marginal
revenue is low compared to marginal investment costs. Therefore, if the firm
starts out with a low capital stock value and sufficiently low investment rate it
is not profitable to enter a growth phase that passes this interval of capital stock
values. Thisimpliesthat convergence to the lower steady state is optimal for low
values of investment and capital stock. Convergence to the larger steady state
is optimal for sufficiently large initial values of capital stock and investment.
This is especidly caused by the fact that (1) changing the investment rate is
costly (also in anegative direction), and (2) marginal revenue is large compared
to marginal investment costs for capital stock values around 3 (see Figure 3).

The situation in Figure 6 occurs for areatively large value of a which is the
parameter in the adjustment cost function for the rate of change of investment.
For lower values of a the costs of I are less, so that vertical motions in the
state space are less costly. Then it will turn out that only one of the stable
steady states will remain optimal so that the DNS-curve disappears. For this
model with the parameters chosen, numerical experiments show that reducing
a leads to an upward movement of the DNS-curve, so that for alarger domain
of initial values of capital stock and investment it becomes optimal to converge
to the lower steady state. If a is sufficiently low, it will never be optimal to end
up in the larger steady state. This can be explained by the fact that (for the
parameters chosen) in the steady state K; the per capita revenue is relatively
high compared to the other equilibrium, which can be see in Figure 2.2.
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2.4.1 Concluding Remarks

This chapter considers two main features. First, and most important, in atwo
state variable optimal control model with two optimal limit sets, the location of
aDNS-curve is numerically determined and the economic intuition is provided.
The DNS-curve connects al points in the state space on which the decision
maker is indifferent concerning to which of the two long run steady states to
converge to. While Brock and Dechert [1] prove the existence of a DNS-curve,
this contribution is the first one in which a DNS-curve is computed.

Second, it contributes to the literature of capital accumulation models. Es-
pecially the effects of increasing returns to scale for an intermediate interval of
capital stock values are investigated. As such the paper extends the anaysis
of Davidson and Harris [3] to atwo dimensional framework. Furthermore the
concept of adjustment costs is refined by making changes in the investment rate
costly.
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2.5 Appendix

(a) In fact the parameter space of the analysed problem is only 5-dimensional.
This can be seen by considering the following dimensionless transformation:

3. 2 -
— . 3 ad cod afé'
T= dt,f/(:2:4\/‘k2, P=§.,a1— - a9 ——- — —,a3 =

a4 =
K14/ K9 K14/ Ky K1K5+/ Ky klk VKo
With the transformed model variables

=48 (5), 0= 51 3) 0= (),

the problem can be written as:

u

o0
max /0 e 53/1;— a1 1 _:CZ4— agy - —a;yz— —152] dr,

st zTz=y—z,
Y= u.
With the specification (2.10) the transformed parameters are:
Ky = 0.329 p = 0. 160,01 = 0.872, az = 0. 163, a3 = 0.414, a4 = 0. 124.

(b) For this particular numerical example both stable invariant manifolds do
not include the other steady state. For this model this property is necessary for
the existence of a DNS-curve, because the maximized Hamiltonian is strictly
convex in the co-state variables A\; and Ay, and for any fixed states K, | it attains
its minimum at the K = | = 0 surface. Since the steady states essentialy lie
on this surface, it follows that, if a stable invariant manifold included the other
steady state, it would never be optimal to remain in that steady state (motiva-
tion: the objective functional can be determined by dividing the Hamiltonian
by the discount factor).

Regardless of the fact that the stable invariant manifold folds in this exam-
ple, optimal homoclinic cycles are not possible. Since a homoclinic cycle has
to pass the fold of the stable invariant manifold, its projection into the state
space traverses Region Il and has to cross the DNS-curve before it converges.
However, | have computed the stable invariant manifolds up to the folds, and
can be seen that the DNS-curve splits Region Il into two different regions of
optimal convergence (Regions IIa and IIb). Then the existence of a homoclinic
cycle would contradict the Principle of Optimality.
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3.1 Introduction

Technology advances quickly these days and for firms it is important to keep
up with the latest developments since customers like to buy the most mod-
ern products. The firm has a certain technology level which is reflected in the
technological content of its products. In general it holds that the greater the
technological content or the more modern a product, the more attractive it is
to customers. Since an important determinant of the firm's sdes is their de-
gree of competitiveness; not the absolute technological content of its products
is important, but its content relative to some basdline level. In this chapter by
the firm's technology level or the technological content of a product, the tech-
nologica level or content relative to the baseline level is meant. Due to general
technological progress this basdline level increases over time. This implies that
the firm's relative standing will decrease over time, if it refrains from technology
investments.

However, a certain trade off may exist because rapid technology changes
may distract some customers from buying. In other words, a percentage of
sdes volume is lost because of the presence of some negative effects due to
technology investment, which | subsume under adverse investment effects.
For instance, anew software package may cause compatibility problems or forces
the customers to go up a learning curve (adverse learning effect). Customers
may defer to buy a new version of product, because especidly in case of rapid
technological developments there is always the risk that a better version appears
on the market soon after the date of the present purchase (adverse update
effect). There are some customers who are attached to a particular product.
Replacing this particular product by another one with a higher technology
content may results in losing of these customers to competitors (adverse new
product effect).

Firms can raise their technology level by adopting new technologies or by
performing R&D itself. It is clear that these technology investments are not
very effective when there is amost no know-how present within the firm. In this
cae the firm's current technological level is low, and will remain low unless a
very substantial effort is made to increase the technological content. Increasing
the technologica content is dso a difficult task if the firm is aready producing
the most modern products; in such a case very advanced R&D activities are
required to increase the technological content of a top-quality product (see aso
[2]). By now it is clear that the effectivity of technology investments depends
on the present technological content of the firm's products. To increase the
technology level of the firm by a given amount, more effort is needed either
when the technology level is low or high compared to intermediate levels of
technology.

In this chapter | present a model, in which the these characteristics

(i) technology investments increase the firm's technology level which increases
the amount of customers and thus sdes,

(i) some customers are distracted by technological changes so that the sales
volume decreases with technology investments, and
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(iii) the effectiveness of technology investments depends on the firm's tech-
nology level.

are incorporated. The model is an optimal control problem with two state
variables, the amount of customers and the firm's technology level, and one
control variable, which is the firm's technology investment rate.

The solution has very interesting characteristics. If the initial technology
level is low, it turns out that it is not optimal to increase the technology level by
technology investments. The reason is that investments are not very effective
due to a lack of know-how within the firm. The implication is that technology
level and sadles volume stagnate and the firm will quit its operations in the long
run. In acontrary manner, for a sufficiently high initial technology level it is
worthwhile for the firm to converge to a long run optimal limit set, which can
either be a steady state or a stable limit cycle.

For a newcomer or a ruined firm facing a lack of know-how there is an
exogenous technology boost necessary, to bring the know-how in the firm above
acritical level, because only above this leve it is efficient to stay in the market
in the long run. In a plane with the saes volume on the horizontal axis and
technology level on the vertical axis, a curve (caled DNS-curve) marks this
critical level (i.e. the critical level depends on the current saes volume of the
firm). On this DNS-curve the firm is indifferent between two long run optimal
outcomes (stagnation versus revival).

Above the DNS-curve oscillatory behavior of efficient paths is caused by
adverse investment effects (model characteristic (ii)). When this negative effect
of technological changes on the sdes volume is low, then converging to the
interior steady state is optimal, but happens in a less damped oscillatory way
the larger this effect is. At a certain level of this effect a limit point (blue sky)
bifurcation occurs, which means that a semi-stable limit cycle arises ("out of
the blue sky”). The implication for long run behavior is that inside the limit
cycle convergence to the steady state is still optimal, while outside the limit
cycle convergence to the limit cycle itself takes place. Beyond the blue sky
bifurcation levd of the adverse investment effects the semi-stable limit cycle
splits to a stable and an unstable limit cycle, where the unstable limit cycle
is situated entirely within the stable one. Concerning long run behavior it
now holds that within the unstable limit cycle convergence to the steady state
occurs, while outside the unstable limit cycle, a path-efficient firm ends up at
the dable limit cycde Increasing the adverse investment effects, results in a
larger size of the stable limit cycle and areduction in size of the unstable limit
cycle, and eventualy the unstable limit cycle and the steady state coincide.
Exactly when this happens a Hopf bifurcation arises, implying that above the
DNS-curve adways convergence to a stable limit cycle is efficient. This stable
limit cycle still exists and increases in size when the adverse investment effects
increase even further, and eventualy it turns out that the firm will refrain
completely from technology investments, because due to pronounced adverse
investment effects too many customers are distracted.

This chapter is organized as follows. in Section 3.2 the moddl is presented,
while in Section 3.3 Pontryagin's maximum principle is applied to establish
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the necessary conditions for an optimal solution. For different scenarios the
optimal solution is presented in Section 3.4, while an economic interpretation
is provided in Section 35.

. 3.2 A Mode of Technology Investment and Cus
tomer Attraction

By T (t) | denote the product's technological content relative to some baseline
level at timet. In general it holds that the greater the technologica content
or the more modern the product, the more attractive it is to customers. It is
assumed that in this economy technology develops with a constant rate 6 (> 0).
The state variable T (t) is dso a measure for the leve of know-how within the
firm at time t.

The firm has the possibility to undertake investments, / (¢}, in order to keep
up with the technologica development or even increase its own technological
content relative to the baseline level. It is assumed that the effectiveness of
technology investment depends on the technology level. Let us denote the
rate of effectiveness of technology investment by h(T"). The firm will have a
higher technology level when it invests, i.e. / > 0, than when it refrains from
investment, which implies that h (T) > 0.

A firm lacking know-how can purchase/license standard technology, and
then try to adapt and improve it, but this would neither substantially increase
the technology content of it products relative to the competitors nor the effec-
tiveness of further investments. Hence, if the firm has amost no know-how,
| assume that technology investments will not be very effective, and addition-
aly that it is hard to raise the effectiveness of technology investment in the
near future. On the other hand, it is certainly true that it is difficult to raise
the technology level further when it is dready large. The extreme case is a
firm aready producing most modern products. Then in order to increase the
technology level even further it needs to develop new technologies on its own
account, which is in genera quite expensive. Only top specidists can help on
raising the firm's technology level, but it requires alot of money to attract these
people. Consequently, the technology increase per unit of investment is low.

Translating these observations in terms of the function h (T) | conclude that
theinvestment effectiveness function h must increase for low valuesof T, while it
is decreasing for high vaues of T'; | model h unimodal with apeak for amedium
value of T. Furthermore, if it is taken into account that technology investments
will be not that effective, if T is smal (amost no know-how), and that A (T')
is non-negative aso for very large technology levels, it can be concluded, that
a convex-concave-convex-bell shape for h is reasonable (cf. Figure 3.1). In this
way | arrive at the following specification:

limh(M = 0, h(T) > 0

W(T) (Z)o for T (i) Toaxs  H(0) 2 0, (3.1)
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RY(T) > Ofor T< Tyand T > T,
R'(T) < OforTy <T < Ty,

where obviously for the inflection points 77 and T; it holds that
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Figure 3.1: A generic shape of the effectiveness of technology investment A(T")
on the bass of the existing know-how in the firm.

The state equation for the firm's technological content relative to the base-
line level is (I omit the time argument t; T is the derivative of T with respect
to time ¢)

t=hT)-6T, T(0)=Tp > O. (3.2)

By C(t) | denote the firm's sdes volume at time t. The function f(T')
describes, how much sales volume the firm would attract in a long run, if it
held its technology level at T forever. | assume /(O) = 0, of course f/(T) > 0
(because the better the technology, the higher sdes volume the firm would
have), and non-increasing returns to technology level, f”(T") < 0. One could
imagine that the rate of change in the number of sdes positively depends on
the difference between the current sdes volume (C) and the number the current
level of technology warrants (f(7")). The speed at which customers adjust to
the technology leve of the firm's products is denoted by the positive factor 7.

Customers favor products with a larger technologica content, but they may
get frustrated by rapid changes in the technology. In fact, | assume adverse
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investment effects, which have a negative impact on sdes volume. Although
or simply because the firm is investing a lot in improving the technology, some
customers will tend to go to competitors, refrain from buying or simply wait
longer with their purchase. Three examples of adverse investment effects are:

Adverse learning effect: If new versions of products appear soon after each
other customers have to get used al the time to handling these new ver-
sions. Obvious examples are the new generations of software: people can
be very reluctant to change the software they use. The older version still
works in the same way as if it was new, while changing to a new (more
powerful) version leads to an, at least, temporary drop in effectiveness
since the user has to learn how to work with it and there may dso be com-
patibility problems. This is one of the reasons for the empirical fact that
new technologies are often adopted on alarge scale only after a prolonged
period of time, as inter alia Mansfield [5] as well as Chari/Hopenhayn [1]
have reported.

Adverse update effect: Another reason for rapid technology changes hav-
ing a negative effect on the sdes volume is that, if afirm has areputation
that new versions of its products follow up each other soon, customers may
refrain from buying a product so that they can wait for a more modern
version to appear on the market.

Adverse new product effect: Also the demand for low cost daily products
like shampoo, tooth paste, vanishing cream, etc., can be affected by rapid
technological changes. For instance, on a spam page on the World Wide
Web it can be read that "Infused with xyz’s legendary age-delaying in-
gredients and the best of modern technology, xyz unite to transform
the present - and future - of your skin”. A firm has to improve the tech-
nology standard for eg. a moisturizer, to stay in or even to expand its
market position. Before they opt for surgery, customers demand creams
with higher and higher technology level. On the other hand there are
customers who are attached to a particular version of the product and
they like it due to several reasons. At the moment that this version is
replaced by a newer one, and thus not available in the shop anymore, such
a customer may switch to a product from a competitive firm.

When | denote these adverse investment effects by a parameter k, | get the
following dynamic equation for the saes volume:

C =~[f(T)=C]-kCI, C(0) =Cp>0. (3.3

Technology investments are irreversible, so that
| > 0. (3.9)

Finaly, the firm invests in such a way that the discounted profit flow is
maximized. Profits decrease with investment costs, while they increase with
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revenue, where it is assumed that revenue per sde (a > 0) is constant . In-
vestment costs are the costs associated with carrying out technology invest-
ments. They can consist of purchasing new machines by which more mod-
ern products can be fabricated, laboratory development of product improve-
ments, etc. Investment costs are denoted by a convexly increasing function
a(I) (a(0) = 0,a’ > 0,a" > 0). The convex shape reflects the fact that there
are diminishing returns to effort at any time. Hence, the firm's objective func-
tional is given by

max l) " et C - a(D)dt, (3.5)

where r is the constant discount rate.
Now the optimal control model consists of the objective (3.5) subject to the
state equations (3.2) and (3.3), and the non-negativity constraint (3.4).

3.3 Analysis

In this section | present the necessary optimality conditions and | anayze the
possible occurrence of steady states.

3.3.1 Necessary Optimality Conditions

First | specify the current value Hamiltonian for the optimal control model (3.2)
- (3.5):

H=aC-all)+ M\ (7[f(T)—C]—kCi—)/\2 (h(T)I—dT),

Applying Pontryagin’s maximum principle, i.e. maximizing the Hamiltonian
w.r.t. /> 0, | derive for the control variable | that

I =0 a'(0)+/\1kC’ > )\zh(T) an
{af(r)+,\1w = Mh(T) G0+ MEC < MhT). O

Expression (3.6) shows that the firm invests such that marginal costs, con-
sisting of the marginal investment costs, a’(I),and the negative effect of marginal
investment on the sales volume arising from adverse investment effects, A; k C,
eguals marginal revenue. The latter consists of the increase of the technology
level due to marginal investment, h (7"}, which is valued by the shadow price of
technology, As. The firm refrains from investment when marginal costs, valued
for zero investment, | = 0, exceeds margina revenue.

According to the maximum principle an optimal path has to fulfill the fol-
lowing dynamic system (combined with the algebraic equation (3.6)):

C = ylf(M)-Cl-kC1, (3.7
t = h(T)I-6T, (3.8)
M o= [r+y+kl)M—a, (3.9)

Ao = [r+ =KD IPo—7f(T)A. (3.10)
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3.3.2 Steady States

Prom the algebraic-dynamic system (3.6) - (3.10) it can be obtained that there
is atrivial steady state at the origin of the state-control Space,
«a o o

Ao =
r+y 2T r¥dr+q

C=T=1=0, A= £'(0), (311)
when | assume that under assumption of zero technology level the marginal
cogts of investments at zero investment are greater equal the margina revenue
of investment. In other words, | postulate ~(0) small enough, that

&
- r+7r+6

a'(0) £'(0) h(0) (3.12)
isfulfilled. Inwhat follows| narrow effectiveness of technol ogy investment down
to an assumption which is sufficient that inequality (3.12) is fulfilled:

Assumption 17 / postulate that the average effectiveness of technology in-
vestment converges to zero when the technology level T decreases to zero, i.e.

T
limz—.0, (T) = 0.

Straightforward calculations show that the steady state (3.11) is saddle point
stable in the 4-dimensional state co-state space and appears as a stable node in
the state space.

Concerning the possible interior steady states (i.e. T > 0) it can be obtained
from (3.7) - (3.10) that they have to satisfy:

AT
- ! (3.13)
- ny) T
fiM .
C . ” ] (3'14)
Y+ K1
M o= ———— (3.15)
LT YRR FRD ’
_ v F(T)
T (3.16)

Furthermore, from (3.6) and (3.13) - (3.16) it can be derived that at a steady
state it must hold that

o v F(T)
G(T) = d(I) + ———— | kC - : R(T) ) = 0.03.17)
Ty kI r+ 81— 53T
Assumptlon 18 | postulate that the "technology investment effectiveness elas-

ticity” + T)T decreases monotonically from a positive value for T = 0 to a
negative val uefor T —» oo.

Proposition 19 Under the Assumptions 17 and 18 we get at most three inte-
rior steady states.
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The function G decreases from infinity for T — » 0+ to a loca minimum and
increases to infinity for T — » co. Depending on the minimum value of G,
there are null, one or two roots of G. If there exists azero in the denominator

r+ 6 [l —hﬁﬂ(}\—)fl'l, which can only happen at a7 larger than the minimum
point, G "jumps" from +00 to —oco (asymptotic pole), i.e. there exists another
root right to the pole. Depending on the the minimum value of G, and the

existence of a pole, the equation G(T')= 0O either has null, one, two or three
solutions.

3.4 Numerical Analysis

The next step is to investigate the dimensions of the stable invariant manifolds
of the steady states. Due to the complexity of the anadysis | have to rely on
numerical tools. The numerical computations were done by MATHEMATICA
(Version 4.1.0.0, Mathematica is registered trademark by Wolfram Research)
using a precision of 22 digits. Bifurcation analysis was done by CONTENT,
which is an environment designed for investigating the properties of dynamical
systems. Its core was developed by Y.A. Kuznetsov and V.V. Levitin at the
Centrum voor Wiskunde en Informatica (CWI), Amsterdam, The Netherlands,
ftp.cwi.nl/pub/CONTENT.

3.4.1 Functional specifications

To start my numerical andysis | first need to specify the functions occurring in
the model. For the investment costs | choose the following function:

a(l) = a1l + a212. (318)
For the function / (T) | simply take
f(Ty= fAT. (3.19)

A functional form for h (T) that satisfies the requirementsin (3.1), while dso its
elasticity decreases monotonically from a positive value for T = 0 to a negative
value for T — 00, is

hy T2
h(T) = —2—.
1+(%)3

Substitution of these specifications in the optimal control model formed by
(3.2) - (3.5) leads to the conclusion that the model contains ten parameters.
The Appendix shows that this model can be transformed to a model with only
five parameters. This facilitates numerical analysis. Moreover, this makes the
results more general since a particular specification of these five parameter
values coincides with many combinations of parameter values of the original
model.

(3.20)
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The physical dimension of C, T and / are sdes in million, technology units,
and investment in million $, respectively; the unit of time is one year. With
the parameter values :

r=5%, 6~417% a=$2, (3.21)
7200625 fi =1, a =1, ap=\ (3.22)
o
1
M= s, hy =75, k= 000852 (3.23)

the function G in expression (3.17) has the shape depicted in Figure 3.2. From
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Figure 3.2: For the chosen parameter values the equation G (7') = 0 has two
roots.

Figure 3.2 it can be concluded that two steady states with positive technology
level exist. Varying parameters, numerical calculations prove that the smaller
one is aways unstable while the larger one can be saddle point stable or liesin
the interior of a saddle point stable limit cycle. In order to investigate long run
outcomes | am interested in the stable invariant manifold of the saddle point
stable steady state or in the stable invariant manifold of the limit cycle. In
the projection of these manifolds into the state space, the saddle point stability
changes to stability. Therefore, | refer to these long run outcomes as “ stable
steady state ” and “ stable limit cycle ”. Numerical experiments suggest that
this result seems to be robust in the sense that it adso holds for other parameter
sets.

Besides one non-optimal, unstable steady state, | face two optimal steady
states (including the origin). The question arises from what starting values
convergence to which steady state is optimal, whether there exists a DNS-set
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(i.e. whether there exist initial state values, from which the optimally controlled
system is indifferent to converge to one or the other steady state), and where
this DNS-set is located. The situation is even more interesting since around
the postive stable steady dtate a (saddle point) stable and an unstable limit
cycle can occur simultaneously. For a particular parameter set the unstable
limit cycle and the stable steady state merge and result in an unstable steady
State.

In the next section, for the moment | disregard the limit st at the origin,
S0 that | restrict myself to the analysis of the dynamic behavior around the
interior stable steady state.

3.4.2 Bifurcation Analysis

One of the key parameters of this modd is fc, sSince it measures the adverse
investment effects. To be more precise, k£ equals the loss of sdes volume due
to each $IM investment per year (cf. —kC I'in (3.3)). The system features
different types of optimal long run outcomes. a steady state solution at the
origin, asteady state solution with a positive technology level, and an undamped
oscillation (limit cycle). Varying k the mode shows all possible combinations of
these different limit sets. Therefore, | choose k to be the bifurcation parameter.
Depending on the value of this parameter four regimes can be distinguished.

t echnol ogy

sal es :
vol une M

Figure 3.3: Shape and amplitude of stable and unstable limit cycles (parameter
k in tenth percentage points).
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Regime |

When the loss of sdes volume due to $IM investment per year is less than
approx. 844 sales per 100K sdes (~ 0.844%, i.e. k = 0.00844), investment, saes
volume, and technology level converge to their steady state values. When the
loss is alot less than 0.844%, convergence is monotonically, otherwise damped
oscillatory.

Regime |

| obtain that limit cycle behavior occurs for a loss greater than ~ 0.844%.
Figure 3.3 shows how the shape and the amplitude of stable and unstable limit
cycles projected into the state plane (C, T) depend on the bifurcation parameter
fc; parameter k varies between 0.84% and 0.88%. For a given value of k the
intersection of the big "basket" with the state plane (C, T) gives the stable
l[imit cycle while the intersection of the smaller interior ” basket” (which is placed
upside down in the big basket) gives the unstable limit cycle.
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Figure 3.4: The oscillatory behavior around the stable steady state for a pa
rameter value k = 0.00852.

Regime IIa At k ~ 0.00844 there occurs a “ limit point ” (“ blue sky ”) bi-
furcation (cf. eg. [3], [4], [6]). The stable and the unstable limit cycle
coincide and result in just one semi-stable limit cycle (being attracting
from outside and repelling inside). Inside this semi-stable cycle conver-
gence to the steady state occurs (inside and outside refers to the projection
into the state space).

For aloss of sdes volume in between fa 0.844% and 0.866% there are two
l[imit cycles around the stable steady state: the inner one being unstable
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and the outer one being (saddle point) stable. Inside the inner cycle
convergence to the stable steady state occurs, whereas outside the outer
cycle and in between the inner and outer cycle convergence to the outer
(stable) limit cycle takes place. In Figure 3.4 the (damped) oscillatory
behavior around the stable steady state is shown.

The movement of all trgjectories is clockwise, which will be economically
interpreted in Section 3.5.2. The amplitude of the unstable (repelling)
limit cycle decreases in size, when k increases, while the amplitude of
the stable (attracting) limit cycle increases in size. At k fa 0.00866 a
sub-critical Hopf bifurcation (cf. eg. [3], [4]) aises Then the smdler
(unstable) limit cycle collapses to the steady state.

Regime ITb For aloss in between 0.866% and 1.302% only the larger (stable)
limit cycle exists and the steady state is now unstable. Increasing k results
in a growing amplitude of the limit cycle. For initial levels of the state
variables located in- or outside the limit cycle it is optimal to converge to
the limit cycle.

t echnol ogy
| evel

180
160 |
140 +
120 ¢
100 |

W f

T e NS o el

20

H L1

Figure 3.5: Three optimal long run outcomes and their regions of optimal
convergence for k = 0.00852 : (1) gray-shaded area for the origin, (3) interior
area of the unstable limit cycle (limit cycle depicted with the thinner line) for
the interior steady state and (2) remaining white area for the stable limit cycle
(limit cycle depicted with the thicker line).
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Regime I 11

When the loss of sales volume due to $1IM investment per year is greater than
~ 1.3%, in thelong run it is not optimal to sustain a positive stock of customers.
For a more detailed description | refer to the next section.

3.4.3 DNS—curves

In this section | discuss numerically computed DNS-sets, which turn out to be
one-dimensional curves.

So far | have only conddered initial vaues in the neighborhood of the interior
(stable) steady state and the limit cycles. Another candidate for an optimal
long run outcome is the limit set at the origin; cf. (3.11). Expanding Figure 3.4,
Figure 3.5 shows candidate trgjectories converging to the origin represented as
dotted curves. Additionally, the candidates converging to the stable limit cycle
are represented as solid curves. Apparently, there is aregion where it is possible
to converge to either the origin or to the stable limit cycle. In this region, the
objective function has to be evaluated for both of these solution candidates
in order to find out to which region of optimal convergence this initial point
belongs.
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Figure 3.6: This figure illustrates two optimal long run outcomes and their
regions of optimal convergence for k = 0.011: dotted lines in the gray-shaded
area show paths of optimal long run zero investment policies (origin), solid lines
in the white region show paths with an optimal long run cyclical sequence of
zero and positive investment periods (limit cycle).

Figure 3.5 illustrates three optimal long run outcomes and their regions of
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optimal convergence for aloss of sdes of 0.852%:

1. dotted lines in the gray-shaded area show paths of optimal long run zero
investment policies (steady state at the origin),

2. solid linesin the white region show paths with an optimal long run cyclica
sequence of zero and positive investment periods (limit cycle depicted by
the thicker line), and

3. in the interior of the limit cycle, which is depicted by the thinner line, in
the long run a constant investment policy is optimal (steady state with
approx. 6.2M sdes per year and technology level of approx. 100).

In the Figures 35, 3.6, and 3.7, the DNS-s&t is the borderline between the
gray-shaded and the white region. There is no doubt that there the DNS-sets
are curves. The procedure chosen to numerically determine the DNS-curve (and
the regions of optimal convergence) is extensively explained in Chapter 2.
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Figure 3.7 Similar to Figure 3.6 but now computed for parameter value k =
0.012. With the chosen precision of 22 digits the accuracy of the computed
value function for k = 0.012 was enlarged to 6 digits. As one can see here
the borderline between the gray-shaded and white region is fringed. This is
why because in case of parameter vaues k ~ 0.013, the vaue functions of the
two different optimal long run outcomes differ even in mediate distances to the
DNS-curve (where the value function of the limit cycle and the vaue function
of the steady state at the origin intersect) about values less than 1076.

Increasing k reduces the amplitude of the unstable limit cycle, which finally
disappears completely, when k isequal or higher than ~ 0.00866 (cf. Regime ITa
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and IIb). Figure 3.6 is computed for a loss of sdes volume of 1.1%. For every
initial point located on and above the DNS-curve convergence to the stable
limit cycle is optimal, whereas for every initial point located on and below the
DNS-curve convergence to the origin is optimal.

Increasing k further increases the amplitude of the stable limit cycle. As
one can see in Figure 3.7 the DNS-curve folds back for larger losses. Also, as
one can see in Figure 3.5, 3.6, and 3.7, the DNS-curves moves upwards, and for
larger k they get closer to the stable limit cycle. For parameter values of k near
0.013 | faced noticeable numerical instabilities, when | tried to compute the
regions of optimal convergence and DNS-curves. These numerical instabilities
are not astonishing knowing that for (a numerically computed) parameter value
k — 0.0130194 the DNS-curve and the limit cycle coincide. In other words,
starting from any initial value inside the limit cycle convergence to the limit
cycleis optimal, whereas for any initial value outside the limit cycle convergence
to the origin is optimal.

In case of aloss higher than ~ 1.3%, it is dways optimal to converge to the
origin. (Traectories that converge to the limit cycle still fulfill the necessary
optimality conditions, but a numerical analysis shows that this limit cycle is no
longer path optimal. )

3.5 Economic Interpretation

In this section | provide the economic intuition for my results.
As mentioned in the Introduction of this chapter, the main model charac-
teristics are the following:

(i) technology investments increase the firm's technology level which increases
the amount of customers and thus sales,

(ii) customers are distracted by technological changes so resulting in a loss
of sdes volume because of technology investments (adverse investment
effect), and

(iii) the effectiveness of technology investments depends on the firm's technol-
ogy levd: it is difficult to build up technology when the technology level
is small (absence of know-how makes building up the technology difficult)
or large (when the firm is already producing the most modern products
advanced R&D is needed to increase technology level even further). Hence
technology investments are most effective for intermediate vaues of the
technology level.

Numerical analysis shows three different kinds of optimal long run behavior:
on the one hand moving out of the market (see section 3.5.1), on the other hand
staying in the market with constant sdes volume, or persistent oscillation with
periods of positive and periods of zero technology investment (see section 3.5.2).
Consequently, the state plane - sdes volume is on the abscissa and technology
level on the Ordinate - partitions to regions where in the long run a path efficient
firm
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» follows a zero investment policy (=moves out) or

« follows a constant positive investment policy (=constant sales volume) or
at least a cyclica sequence of zero - positive investment policy (=persis-
tent oscillation).

Genericaly, these two regions overlap and | cal this overlapping area DNS
(Dechert-Nishimura-Skiba)-curve (see section 3.5.3). Numerical results show
that this area is indeed a curve.

3.5.1 Moving out

For a firm with a lack of know-how investing in technology is not effective.
Hence, if the technology leve islow, i.e. below the DNS-curve, an efficient firm
does not invest sufficiently to prevent that sales volume and technology level
finally erode to zero.

Moreover, especialy if the adverse investment effects are high and if the
firm's saes are booming, investment causes a serious absolute loss of customers.
Therefore it is less attractive to invest. But low or even zero investment results
in adecline in technology level, which in turn resultsin adecline in sdes volume.
This pattern continues until sdes volume is sufficient small, so that the absolute
loss of sdes due to investment is reasonably negligible. But then it could be
the caze that the firm's know-how is not high enough for investments to be
sufficiently effective. This would imply that the firm refrains from investing
further on. Consequently, afirm facing pronounced adverse investment effects
can stagnate and in the long run move out of the market, in spite of having
been in business with booming sdes and a relatively high technology level.

3.5.2 Staying in the market

If theinitial technology leve is above the DNS-curve, in the long run the system
converges to alimit cycle on which the movement is clockwise - an efficient firm
follows persistent oscillatory paths on which sdes volume lags behind technology
level. Let us have a closer look at this undamped oscillation (see dso Figures
3.8 - 311):

Technology Boost Low sdes volume implies that not too many customers
are lost when investment is increased dramatically. The difference to the
case of being below the DNS-curveisthat now thereis sufficient know-how
within the firm for technology investment being effective. Intensifying
investment causes a boost in the technology level, and proximate sdes
volume starts to rise (years 0-12).

Booming Sdes At the end of this technology boost further technology growth
is too expensive mainly due to the diminishing effectiveness of invest-
ment. Hence investment is lowered, which implies that the technology
level starts to decline. As the technology leve is high, sdes volume il
increases (years 12-30).
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Figure 3.8: Optimal limit cycle in the state-control space for k = 0.0852.
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Figuré 3.9: Investment time path of the optimal limit cycle for k = 0.0852.
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Figure 3.10: Sales volume time path of the optimal limit cycle for k = 0.0852.
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Figure 311: Technology level time path of the optimal limit cycle for k =
0.0852.
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Don't bother customers The firm does not invest to stop declining tech-
nology because it does not want to antagonize a large stock of customers.
However, dueto zero investment the technology level erodes (years 30-45).

Hit the road When the technology level becomes dramatically low the firm
starts up to invest moderately (cf. the "kink" in the right lower part of
the limit cycles in Figures 3.6 and 3.7 or year 45 in Figures 3.8 - 3.11).
As both the low technology level and investment distracts customers, in a
short period (compared with the other three phases of the oscillation) the
sdes volume becomes that low that it is now time to boost the technology
level again (years 45-50).

Remark:  The period of the cycle with about 50 years is too longish to
alow a serious economic interpretation. However, accelerating the adjustment
parameter 7 in (3.3) more than ten times - (7 = 0.9) - reduces the period of
the limit cycle to eight months. All the mentioned features perpetuate, but the
[imit point value of parameter k increases to 13.4%, the Hopf bifurcation value
to 14.7% and the DNS-curve coincides with the limit cycle for k a little bit less
than 50%. There is some trade-off between adjustment of actual sades volume
C and long-run sdes volume f(T") on the one hand and the negative impact of
adverse investment effects on the other hand. If sales volume adjust on changes
in technology level quicker, oscillatory behavior mitigates adverse investment
effects more effective.

Apparently, oscillation is induced mainly by adverse investment effects.
Thus it can be expected that oscillatory behavior is especidly present when
the loss of sdes volume due to investment - the parameter k in the term kK C' I
in the state equation for C - is high. In order to investigate this fact | analyzed
the sengitivity of the solution w.r.t. to changes of the adverse investment effects
(see additionally Figure 3.12):

* In the presence of relatively small adverse investment effects, the firm con-
verges after atransition period to a constant (positive) investment policy.
For negligible small adverse investment effects convergence is monotonic,
for dightly larger but still small adverse invesment effects convergence is
damped oscillatory, viz., higher investment for smaller sdes volume and
smaller investment for higher sales volume (cf. Regimel).

* Increasing k, at a certain value (“out of the blue sky”) an optimal semi-
stable limit cycle comes into existence. This implies that convergence to
the steady state only takes place from within the limit cycle. From out-
side, convergence to the limit cycle is optimal thus preserving oscillatory
behavior forever.

* Increasing k further the semi-stable limit cycle splits to a stable and an
unstable limit cycle. Both are optimal. Convergence to the (larger) stable
limit cycle is optimal when starting outside the (smaller) unstable limit
cycle, whereas inside the unstable limit cycle convergence to the steady
state takes place.
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k Figure

< 0.844%

0.844%

0.844% — 0.866% 3.4 and 35

0.866% — 1.302% 3.6and 3.7

> 1.302% Stagnationtotheorigin -

Figure 3.12: The impact of adverse investment effects on the oscillatory behav-
ior of the efficient paths.

* In the presence of relatively medium adverse learning effects in the long
run the unstable limit cycle vanishes and convergence to the steady state
never occurs. This implies that all trajectories eventualy end up at the
stable limit cycle; the firm applies an undamped oscillatory investment
policy - technology boost in case of small sdes volume and no investment
occurs in cae of booming sdes. With this behavior the firm aleviates
the adverse investment effects.

* In case of arelatively high adverse learning effects even undamped oscil-
latory investment policy does not suffice to compensate for these effects.
Hence, the firm refrains from investing, stagnates and finally moves out
of the market.

3.5.3 DNS-curve

A necessary condition for existence of the DNS-curve is the occurrence of ef-
fect (iii). As already stated the reason is that for a low technology level the
effectiveness of technology investment is too low for building up the firm.

The shape of the DNS-curve is in general upward soping. This is caused
by adverse investment effects implying that the number of customers has a
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negative effect on the profitability of investment.

For a large sdes volume (and when the adverse investment effects are pro-
nounced) the DNS-curve is not only upward sloping, but in fact it folds back
to north-west; see eg. Figure 3.7. The reason for the latter is that if the tech-
nology level is very high (and - or athough - the sdes volume is moderate),
one need not invest in technology to let sales volume increase. Then, eventu-
aly saes volume becomes so large that (because of the absolute loss of sdes
volume) it is dso not reasonable to invest, because this would mainly erode the
current sales. In the end the firm's technology leve is so small that investment
in technology is not sufficiently effective to build up the firm.

Path-dependence

Throughout the investigated model the evolution of thefirmisergodic - ultimate
outcomes are built in right from the start on the bases of initial state values,
profit maximization and the system dynamics. The model itself is deterministic
and its long run outcomes are a priori well-defined.

Now, to make this model more redistic, let us add some unpredictable
"small events' outside the investigated structure. As far as the (initial) states
of the model are far away from the DNS-curve such random small events do
not have an unpredictable impact on the long run outcome - the evolution of
the firm remains ergodic.

Even a firm exactly following the path-efficient, cyclical sequence of zero -
positive investment policy (cf. cyclein Figure 3.7) runsthe risk of anon ergodic
evolution, when the DNS-curve approaches too closdy to the limit cycle due
to an increase the adverse investment effects. As long as the firm traverses
the "technology boost”, the "booming sdes' and the "don't bother customers'
phases there is no risk, that small events shift the firm to the other side of the
DNS-curve - to a different, not predicted long run outcome (here moving out
of the market). The firms medium-term future is predictable. However, when
the sales volume has already begun to erode, when the technology level has
declined to avaluejust little bit higher to the critical mass of know-how so that
there is a serious chance to build up the firm, a small event - such as afatal car
accident of a leading technician - can have a tremendous effect on the long run
outcome. Here, the firm has periods of an ergodic (medium-term predictable)
and periods of a non-ergodic evolution.

3.6 Conclusion and Extension

In this chapter | presented an investment control model, where investment
in technology is controlled by a firm in order to maximize profit. A higher
technology leve of the product has a positive effect on sdes. The effectiveness
of investment, however, depends on the existing know-how in the firm, and,
additionally, investment in technology has negative side effects on sdes volume
(adverse investment effects).

The investigated model class exhibits different types of optimal long run
behavior. If the initial technology level is too low, it is not optimal to increase
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the technology level by investments. The reason is that technology investments
are not very effective dueto alack of know-how within the firm. Theimplication
is that in the long run the firm will cease its operations. For a sufficiently high
initial technology level, in the long run it is worthwhile for the firm to converge
to a constant or undamped oscillatory investment policy. Depending on the
initial endowment the firm gpplies one of these types.

For certain initial endowmentsin the long run thefirmisindifferent between
zero investment on the one hand and constant positive or aleast acyclica zero
and positive investment policy on the other hand. In the plane with sales volume
on the horizontal axis and technology level on the vertical axis an upward
sloping DNS-curve separates these two regions of optimal convergence (different
long run behavior). The adverse investment effects lead to an upward sloping
DNS-curve since now the profitability of investment depends on the number
of customers. the more customers this firm has the more can be distracted by
technology changes.

Optimal oscillatory investment policy has its seeds in the model character-
istic adverse investment effects: if these effects are negligible low, convergence
to a constant investment policy is optimal, otherwise in the long run a cyclical
sequence of zero and positive investment periods reduces the negative impact
of the adverse investment effects. When the adverse investment effects are rel-
atively high, the firm only remains in the market, when its initial sales volume
and technology level dlow to establish the optimal long run sequence of zero -
positive investment policy without a long transition phase, otherwise the firm
will finally quit business. In case of pronounced adverse investment effects the
firm ceases business in any case.

Recapitulating there are three main features:

» Coexistence of an optimal steady state (origin) and an optimal limit cycle
separated by a DNS-curve.

* A DNS-curve coincides with a limit cycle. After the collison only the
steady state at the origin (zero investment) is optimal.

* An unstable limit cycle separating an optimal limit cycle and an interior
steady state.
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3.7 Appendix

The parameter reduction is achieved by the following linear time scaling trans-

formation:
T= S

Then | reformulate the state and control variables as follows;

¢in)= 7ffhgc (%) !
o= 42(3)
and

=241

Furthermore, | define the parameters:

™
P = 7
[y
-
ﬁl =
0
_ ﬂ.15
o2 = af1h1h§1
_ 62
k
B = m

(3.24)

(3.25)

(3.26)

(3.27)

(3.28)

Now, substitution of (3.24)-(3.28) into the original optimal control model
(3.5), (3.2), (3.3), and (3.4), including the functional forms (3.18)-(3.20), gives

the following model:

afihy 1% _, r . B3 !

T _ - —=I‘ d
mpx —g— ) ¢ PP FLd,
subject to

C =T - 4 C —B4CI,
T=h(T)I-T,
7> 0,
inwhich
- T2
h(T)—:i—-‘_—i’ﬂ.

(29

(3.30)

(331)
(3.32)

(3.33)

This model provides the basis for my numerical analysis. For the parameters

(3.21) - (3.23) | get

p=12 /=15 (=001 fo =0.005 (4+=0.36

(3.34)
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4.1 An alternative approach

The following considerations are going back on an unpublished working paper
by Brock and Dechert [2]. To be honest, in 1983 Brock and Dechert already
describe a model with DNS-curves. There their configuration is simple; they
take a model with two control variables, which separates to two subproblems
both similar to Skiba's example in 1978:

V(zo) = max J/0 e e " [U (F(xy) - 1) + U (F(x2) - d2)] dt

(21(0), 22(0)) = zo = (10, Z20)-

Based on the one-dimensional case, obvioudy for certain values of the discount
factor r the model has four steady states and two DNS-curves, which intersect
and at the point of intersection there are four different optimal trajectory, each
of them converging to one of the steady states. Additionally Brock and Dechert
show, that their example does not depend on the separability of the two coor-
dinates. By adding a sufficiently small non-separable perturbation term to the
objective functional, the structure of the solution remains unchanged. Accord-
ingly, an easy way to construct models with DNS-curves is by combining two
one state model with Skiba-points. However, they construct a DNS-curve and
prove the existence in a more general case, but they have never computed such
acurve.

Besides the existence of aDNS-curve Brock and Dechert tried to characterize
formally DNS-sets (albeit they did not use the notation DNS). However, they
based their statements on the calculus of variations. Here | intend to restate
their results in the optimal control approach.

4.1.1 Brock and Dechert's approach

Remember the model stated in the Appendix of Chapter 1, which | refer to by
OCM

J (u;z9) = SUp f/T e " F (x(t), u(t))dt 4.1
ue U Jo .

subject to the system dynamics
z = f(z(),ul) =0 = =zo, (42)

where | consider an open planning horizon and scrap value identically zero.

For a given initial value zp an optimal solution (x* (¢), w*(¢t)) must satisfy
certain necessary conditions, which includes the existence of a continuous and
piecewise continuously differentiable co-state variable \(t) fulfilling co-state dy-
namics

M) = (r = fo (@ (1), w(1) A(t) = Fa (2*(2), u*(t)), 4.3
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the effective maximum-principle
u*(t) € Argmazyey H (z*(t),u, A(t)), (4.4)
and the transversality conditions

lim e~ H (a*(t), u"(8), A(B)F O, (4.5)

whereas | assume that Ag > 0; thus without loss of generality Ao = 1 and in the
Hamiltonian Ao can be omitted.

| pool dl solutions fulfilling the F.O.N.C. (First Order Necessary Condi-
tions) and a transversality condition in a set denoted by € :

Definition 20 | define (x(t),u(t), A(t),Th0 be element of Q(zo),f

1. (z(t),u(t))is admissible of OCM(zo)with time horizon T (confer Defini-
tion 1), :

2. A(t) is a solution of the co-state dynamics 4.8 with z(t) and (¢) (on the
interval [0, T]), and

3. the transversality conditions

lim et H (x(t), u(t), \(£))= 0,

t—d'

Next | pool al co-state values initializing a solution fulfilling the F.O.N.C. and
transversality condition in a set denoted by I :

Definition 21
r(zo) = {M0)] (z(8), u(®),At)) € Qzo)} .
Lemma 22 The maximized Hamiltonian is defined to be

H(z,)) := EsEpH(:z:,u,/\).
u

When (z(t), u(t)A\(t),T) € Q(z0), the value of the objective functional can
easily be computed by evaluating the maximized Hamiltionian

HO(zg, A\(0)) =1 Jtm et F(z(t), u(t)) dt. (4.6)
0
Proof. See Michel [6].

Corollary 23 Assume the existence of an optimal solution (z*,v*), with x* =
zg. Then

rV(zo) = max H%z,\) (4.7)
A€ I'(zxo)

Finally | pool al initial co-state conditions constituting an optimal solution in
a st denoted by I™* :
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Definition 24
(zo) = {A€T(xo)|rV(zo)= Hz0,\)}. (4.8)

If an optimal solution does not exist, the s&t I'(zo) is empty, otherwise the
cardinality of I'*(zo) is greater equal 1, i.e. #I*(zg) > 1.

Definition 25 I define the DB-set (Dechert-Brock-set)to be
X = {Io l #F‘(ﬂ:o) > 1}
Lemma 26 The DNSset of OCM is a subset of the DB-set of OCM.

Proof. Obvious. -«

4.2 Numerical aspects

First of al let me assume that optimal solutions exist, i.e. #I'™*(xo) > 0 Vzg
feasible. For agiven zo, it would be straightforward to compute the solutions
in OCM(XO) by applying Corollary 23, if | knew I'(zs), which is a subset of the
co-state space and a superset of T™*(zp). Given a co-state A, it is not target-
oriented to solve the initial value problem 4.2, 4.3 combined with 4.4 and the
initial values (z(0), A(0)) = (zo, A). At least a numerical algorithm would fail
to answer the question, whether A belongs to I'(zg), due to arithmetical and
methodological errors, because verifying the transversality condition 4.5 raise
difficulties (especialy when T* equals infinity). Hence, my idea was to turn
round and carry through the computation from finish to start.

4.2.1 Steady states and limit cylces

Besides unbounded evolvement (for instance a balance growth path) optimal
solutions converge to attractors like steady states and limit cycles. Inthe models
which | have investigated in the Chapters 2 and 3 unbounded optimal solution
can be excluded due to increasing marginal costs and diminishing returns to
scale. Moreover, | assume that there are no optimal strange attractors.

The first step for the investigated models has been to locate attractors
fulfilling the F.O.N.C., particularly the state and the co-state dynamics, which
is afirst order differential equation system in explicit form:

y(t) = Gy@), (49

where we assume G three times continuously differentiable (C* function). There
are many textbooks covering the topic of dynamic systems; representatively, |
want to cite [3] and [4].

A system being in a steady state means that it remains in this state forever.
The momentum y is in a steady state zero, thus steady states of the system
corresponds to the roots y of G in the mathematical model. Solving the non-
linear equations

Gly) = 0
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symbolically and numerically | have used MATHEMATICA’s Solve or Find-
Root, respectively.! | have used Solve to reduce the number of equations, the
remaining equation (for the investigated models | have been able to reduce them
to asingle equation) | have solved numerically by FindRoot.

A cycle of (4.9) is a non-steady-state solution of this dynamical system,
where the system starting at any state of this cycle returns after finite time to
the starting point. The minimal possible return time is the period of the cycle,
and does not depend on from which point of the cycle the system starts. A limit
cycle is an isolated cycle. Unfortunately, in genera for the detection of limit
cycles an agorithm does not exist. One way to trace down limit cycles is to
test steady states in the parameter space for Hopf-Bifurcations. At a supercrit-
ica Hopf-bifurcation a stable limit cycle, at a subcritical Hopf-bifurcation an
unstable limit cycle (normally paired with astable one) bifurcates. This modus
operandi | employed to find limit cycles for the model in Chapter 3. The nu-
merical bifurcation analysis | have done by Kuznetsov's package CONTENT.
Further numerical tests for Hopf-Bifurcation, both for the model in Chapter 2
and Chapter 3, have not provided evidence for further limit cycles. In fairness,
this cannot be considered as a stringent (numerical) proof for the absence of
further limit cylces

4.2.2 Stability
Steady states and limit cycles are classified by their stability characteristics.

Steady State

To check the stability of a steady statey, the right hand side of the dynamic
system (4.9) has to be displayed in a power series.

Y = GW)= GOW-TF  G-9Ca@u-H ... (@410)
The at y locally linearized system

y = Gy(@y-9) (411)

governs the stability of the steady state y. More precisdly, the sign of the rea
part of the eigenvalues of the Jacobian Matrix G, (7)defines the stability of the
steady state. The variable n_ denotes the number of eigenvalues with negative
real part, ny the number with positive real part, and no the number of those,
which are purely imaginary; | exclude steady states with an eigenvalue zero.
Steady states with no = 0 are caled hyperbolic. Hopf bifurcations occur at
non-hyperbolic steady states. A hyperbolic steady state is stable, when n,. = 0,

'T will neither describe nor specify the numerical agorithms implemented by Wolfram
Research in MATHEMATICA, but only mention the used commands. | refer the interested
reader to MATHEMATICA manuals and to pertinent literature. The precise description on
the numerical algorithms one can find in any textbook on numerical mathematics, like {9].
Similar | will proceed with the numerical algorithms implemented in CONTENT, a package
for bifurcation analysis. The interested reader finds the relevant theory in {4].
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unstable, when n_ = 0, and saddle point stable, when n_n, # 0. | have done
the numerical computation of the eigenvalues of the Jacobian matrix G, by the
MATHEMATICA's Eigensystem.

Limit cycles

It is impossible to classify the stability of a limit cycle by just looking at the
right hand side of the dynamical system (4.9). But | have to take a point at
the limit cycle and | have to introduce a cross section to the cycle at this point.
The cross section is a smooth hyperspace of codimension 1 (i.e. one dimension
less than the dimension of y) intersecting the limit cycle at a nonzero angle.
A solution of (4.9) starting on this hyperspace sufficiently close to the limit
cycle, returns to this hyperspace; in this way a mapping, called Poincare map
associated with the limit cycle, is defined. The intersection of the hyperspace
with the limit cycle is afix point of the Poincare map. The Jacobian matrix of
the Poincare map at the fix point is called monodromy matrix. Obviousy one
eigenvalue (multiplier) equals 1, the other eigenvalues (multipliers) define the
stability of the Poincare map in thisfix point, which match the stability of the
limit cycle. | have solved numerically the so-called variational equations about
the limit cycle with MATHEMATICA's NDSolve in order to get the numerical
vaues of the monodromy matrix. Subsequently | computed the multipliers of
the Poincare map using Eigensystem.

4.2.3 Invariant Manifolds

Knowing the stability of the steady states and limit cycles | continue to compute
their regions of convergence. To do this | have to compute the stable invariant
manifolds of this limit sets.

Theorem 27 Let yo be a hyperbolic steady state, (no = 0,n—,n4). A suffi-
ciently small neighborhood of yo contains a smooth invariant manifold Wj_(vo),
and a smooth (with respect to the reverse problemy = —G(y))invariant mani-
fold Wi (yo) of dimension n_ and n4, respectively.

W . (yo)is tangent at yo to T, and W (yo)to T, where T* is the gener-
alized eigenspace corresponding to the union of all eigenvalues of the Jacobian
Gy(yo) with negative real part and T™ is the generalized eigenspace correspond-
ing to the union of all eigenvalues of the Jacobian Gy(yo) with positive real

part.
Proof. See [7].

Continuing W} _(yo)aong solutions of y = G(y) defines the unstable invariant
manifold W*(yo),and continuing W} .(yo) along solutions of y = —G(y) defines
the stable invariant manifold W#*(yg).The manifold W*® and W* have the same
smoothness properties as G. Stable and unstable invariant manifold W*3(LC)
of alimit cycle LC are defined in a similar manner by using the Poincare map.
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Backwards computation

Bringing the solution of OCM to mind, only the stable invariant manifold of
an attractor of the system is of interest. Let me consider a saddle point stable
steady state (Z, A) of the dynamics system (4.2)-(4.3) and the algebraic equation
(4.4). For agiven initial state o computing a path on the stable invariant
Ws(z,A) equals solving aboundary value problem on an infiniteinterval, where
the solution stays closely to the steady state aimost everywhere of the interval
(cf. [10]).

The first step making this problem numerically tractable is to approximate
by boundary vaue problems on a finite interval. Using the local linearisation
T of W* one gets boundary values closdly to the steady state, which gives an
excellent approximation of W#. However, the length of the integration interval
Tis at this particular time of the solution procedure unknown. In order to get
values (z7 A7) in theloca linearisation 7%, | utilize the n_ (general) eigenvec-
tors corresponding to the eigenvalues with negative real part of the Jacobian
of the state-costate dynamics evaluated in the steady state. In case of complex
eigenvalues | take both the real and the imaginary part of the (general) eigen-
vectors. These vectors affixed at the steady state (z, \) define T°. E.g. in case
of atwo-dimensional stable manifold, | use these two vectors to define a closed
curve in neighborhood of the steady state: when ¢; and {3 define 7%, | define a
closed curve

C(#) = (%3 +e(clun) & cos(@) + cla) C2 sin(@)) ¢ € [-m,7), (4.12)

which collapses to the steady state for e — 0. The weights ¢(u;) depend on the
eigenvalues ;. _

A solution of (4.2)-(4.3) starting at zo and arriving a (XT, AT) = C(¢) € T*
is extremely sensitive on small perturbations in its initial values (zo,A(0)), be-
cause in the neighborhood of the steady state the influence of the unstable in-
variant manifold W* dominates. Therefore, one favorably reverses time (math-
ematically formulated, one multiplies the right hand side of (4.2) and (4.3) by
—1). The numerical condition of the algorithm improves significantly (as long
as the solution does not close in on another attractor of OCM).

Numerically | favored a one-step shooting agorithm to solve this boundary
value problem. Multi-step shooting or collocation agorithms are possible. |
have decided to use the standard MATHEMATICA algorithms and to avoid
implementations if it has been possble. MATHEMATICA does not supply
non-linear boundary value problem solvers, for a one-step shooting algorithm
NDSolve suffices to solve theinitial value problem. To make the one-step shoot- .
ing agorithm reliable | have used another feature of MATHEMATICA: the pos-
sibility to employ easily higher precisions. Using a precision of 22 digits even
long range shots have been become possible and reasonable. The limitation is
that higher precision causes longer computation time.

In asimilar way the computation of the stable invariant manifold of a saddle
point stable limit cycle works. In aPoincare map of the limit cycle | find alocal
linearisation of the intersection of the invariant manifolds with the Poincare map
by investigating the eigenvalues and -vectors of the monodromy matrix. In the
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Poincare map this linearisation yields a point p; close to the fixed point (z,\).
A one step reverse Poincare mapping yield another point pg, where the convex
combination of these two points

¢ = (em+-9)m,  del] (4.13)

gives excdlent initial values close the stable invariant manifold of the limit cycle.
These initial values | use for backward shooting to hit a given state z.

Power series method

A mathematically more profound method is to approximate the stable invariant
manifold by power series. Whereas in the linearisation and shooting method
only first order derivatives are used (confer the Jacobian or monodromy matrix),
I have employed higher order derivatives of the right hand side of the dynamic
system at a steady state (or afixed point of the Poincare map) in order to get
a power series expansion of the stable invariant manifold. The higher the order
of the used derivatives, the higher the order of the power series expansion, the
higher is the accuracy of this method ([8], [3], [4])-

Especidly, in steady states higher order derivatives can be anayticaly (sym-
bolically) computed. Hence, values of higher order derivatives for a given steady
state bear only arithmetic (and no methological) errors. However, in atwo state
(and hence a two co-states) problem there are 16 first order derivatives, 64 sec-
ond order derivatives and so on. Hence the arithmetic errors accumulate and
sweep (at least partly) off the information provided by higher order derivatives
in order to compute amore accurate gpproximation of the stable invariant man-
ifold. Nevertheless in mediate distances to the steady states the power series
expansion of the manifold was sufficiently accurate.

In case of alimit cycle, it was not so easy. At least, | do not know, how to
compute analytically higher order derivatives at the fixed point in the Poincare
map. Hence, | had to compute this derivatives numericaly; this means besides
arithmetic errors metholocial errors are added. | implemented the computation
of the second and third order derivatives at the fixed point in the Poincare
map limiting the methodological error in the difference quotients to the order
O(|R|?) for h —» 0. A lot of computational time was used, but the accuracy of
the power series expansion was not satisfactory.

As the power series expansion of invariant manifolds was not the main god
of my work for the moment | have not followed up this matter.

4.2.4 DNS-sets

A DNS-set separating two disjunct limit sets is a subset of the intersection of
the regions of convergence of the limit sets. The region of convergence of a
limit set is the projection (into the state space) of the unification of the stable
invariant manifolds of al attractors the limit set consists of. Computing the
stable invariant manifolds of the attractors is the same as computing the re-
gions of convergence. Moreover, having the stable invariant manifold computed
means aso that for a given initial state XQ the with respect to this manifold
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corresponding co-state A is known. When z, belongs to regions of convergence
of several limit sets, the question to which region(s) of optimal convergence zg
belongs is then easy to answer by applying Corollary 23.

The lattice-method to compute DNS-sets

However, keeping the complete information of a manifold in memory is prob-
lematic, even if | reduce the information to a quas infinite data structure (like
interpolation points, which define an approximation of this (hyper)surface).
On the other hand, solving separately for each investigated z, the boundary
value problem with the boundaries (z(—7), A(=7 )= C(¢x,) and x(0) = z¢ is
costly; particularly locating ¢.,is time consuming. What's more, for each state
on the path between (zg, A(0)) and C(¢,,)al the needed information about the
manifold is computed.

On a reasonable sector of the (two-dimensional) state space | put a lat-
tice of an array of rectangular cells. For each cdl of the lattice and for each
considered limit set, | save the highest observed objective value. | solve a
lot of initial value problems of the time reversed problem with initial values
(z(=T),\(=T)¥ C(¢),where ¢ varies in [—=, «| or (0,1], respectively. Along
the computed trajectories | check the traversed cells, if the up to now highest
observed objective value can be raised. This procedure | apply to al limit sets.
Then, for each cdl one can decide to which region of optimal convergence this
cell belongs to by comparing the observed objective values. Finally, | mark the
cdls of the lattice that belong different regions of optimal convergence by dif-
ferent colors. The boundary of the different colored regions marks the DNS-sat.
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