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Abstract

Continuous-time Markov chains are mathematical models that are used to describe the state-
evolution of dynamical systems under stochastic uncertainty, and have found widespread applic-
ations in various fields. In order to make these models computationally tractable, they rely on
a number of assumptions that—as is well known—may not be realistic for the domain of ap-
plication; in particular, the ability to provide exact numerical parameter assessments, and the
applicability of time-homogeneity and the eponymous Markov property. In this work, we ex-
tend these models to imprecise continuous-time Markov chains (ICTMC’s), which are a robust
generalisation that relaxes these assumptions while remaining computationally tractable.

More technically, an ICTMC is a set of “precise” continuous-time finite-state stochastic
processes, and rather than computing expected values of functions, we seek to compute lower
expectations, which are tight lower bounds on the expectations that correspond to such a set of
“precise” models. Note that, in contrast to e.g. Bayesian methods, all the elements of such a
set are treated on equal grounds; we do not consider a distribution over this set. Together with
the conjugate notion of upper expectation, the bounds that we provide can then be intuitively
interpreted as providing best- and worst-case scenarios with respect to all the models in our set
of stochastic processes.

The first part of this paper develops a formalism for describing continuous-time finite-state
stochastic processes that does not require the aforementioned simplifying assumptions. Next,
this formalism is used to characterise ICTMC’s and to investigate their properties. The concept
of lower expectation is then given an alternative operator-theoretic characterisation, by means of
a lower transition operator, and the properties of this operator are investigated as well. Finally,
we use this lower transition operator to derive tractable algorithms (with polynomial runtime
complexity w.r.t. the maximum numerical error) for computing the lower expectation of func-
tions that depend on the state at any finite number of time points.

Keywords: Continuous-Time Markov Chain; Imprecise Probability; Model Uncer-
tainty; Lower and Upper Expectation; Lower Transition Operator
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1 Introduction

Continuous-time Markov chains are mathematical models that can describe the beha-
viour of dynamical systems under stochastic uncertainty. In particular, they describe
the stochastic evolution of such a system through a discrete state space and over a
continuous time-dimension. This class of models has found widespread applications
in various fields, including queueing theory [3} 9], mathematical finance [19, 38, 41],
epidemiology [18l127,130], system reliability analysis [8} 20} 48], and many others [S1].

In order to model a problem by means of such a continuous-time Markov chain,
quite a lot of assumptions need to be satisfied. For example, it is common practice
to assume that the user is able to specify an exact value for all the parameters of the
model. A second important assumption is the Markov condition, which states that the
future behaviour of the system only depends on its current state, and not on its history.
Other examples are homogeneity, which assumes that the dynamics of the system are
independent of time, and some technical differentiability assumptions. As a result of
all these assumptions, continuous-time Markov chains can be described by means of
simple analytic expressions.

However, we would argue that in many cases, these assumptions are not realistic
and are grounded more in pragmatism than in informed consideration of the underlying
system. In those cases, despite the fact that such issues are to be expected in any
modelling task, we think that it is best to try and avoid these assumptions. Of course,
since they are typically imposed to obtain a tractable model, relaxing these assumptions
while maintaining a workable model is not straightforward. Nevertheless, as we will
see, this can be achieved by means of imprecise continuous-time Markov chains [42,
44]] (ICTMC’s). These ICMTC’s are quite similar to continuous-time Markov chains:
they model the same type of dynamical systems, and they therefore have the same
fields of application. However, they do not impose the many simplifying assumptions
that are traditionally adopted, and are therefore far more robust. Notably, as we will
show in this work, these models allow us to relax these assumptions while remaining
computationally tractable.

The following provides a motivating toy example. It is clearly too simple to be of
any practical use, but it does allow us to illustrate the simplifying assumptions that are
usually adopted, and to provide a basic idea of how we intend to relax them.

Example 1.1. Consider a person periodically becoming sick, and recovering after
some time. If we want to model this behaviour using a continuous-time Markov chain
with a binary state space {healthy, sick}, we need to specify a rate parameter for
each of the two possible state-transitions: from healthy to sick, and from sick to
healthy. Loosely speaking, such a rate parameter characterises how quickly the cor-
responding state-transition happens. Technically, it specifies the derivative of a trans-
ition probability. For example, for the transition from healthy to sick, the corres-
ponding rate parameter is the derivative of P(X; = sick|X;, = healthy) with respect
to s, for s =, where P(X; = sick|X, = healthy) is the probability of a person be-
ing sick at time s, given that he or she is healthy at time 7. Together with the initial
probabilities of a person being sick or healthy at time zero, these rate parameters
uniquely characterise a continuous-time Markov chain, which can then be used to an-
swer various probabilistic queries of interest. For instance, to compute the probability
that a person will be sick in ten days, given that he or she is healthy today.

In this example, the defining assumptions of a continuous-time Markov chain im-
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pose rather strict conditions on our model. First of all: it is necessary to provide exact
values—that is, point-estimates—for the initial probabilities and for the rate paramet-
ers. If these values are incorrect, this will affect the resulting conclusions. Secondly, in
order to be able to define the rate parameters, the transition probabilities of the model
need to be differentiable. Thirdly, the Markov assumption implies that for any time
points r < t <5,

P(X; = sick|X; = healthy,X, = sick) = P(X; = sick|X; = healthy),

that is, once we know the person’s health state at time ¢, his or her probability of be-
ing sick at time s does not depend on whether he or she has ever been sick before
time ¢. If it is possible to develop immunity to the disease in question, then clearly,
such an assumption is not realistic. Also, it implies that the rate parameters can only
depend on the current state, and not on the previous ones. Fourthly, the rate parameters
are assumed to remain constant over time, which, for example, excludes the possibil-
ity of modelling seasonal variations. This fourth condition can easily be removed by
considering a continuous-time Markov chain that is not homogeneous. However, in
that case, the rate parameters become time-dependent, which requires us to specify (or
learn from data) even more point-estimates. Similarly, although a more complex model
would be able to account for history-dependence, for example by adding more states
to the model, this would vastly increase the computational complexity of working with
the model.

In the imprecise continuous-time Markov chains that we consider, these four condi-
tions are relaxed in the following way. First of all, instead of providing a point-estimate
for the initial probabilities and the rate parameters, we allow ourselves to specify a set
of values. For the purpose of this example, we can take these sets to be intervals. The
other three conditions are then dropped completely, provided that they remain compat-
ible with these intervals. For example, the rate parameters do not need to be constant,
but can vary in time in an arbitrary way, as long as they remain within their interval.
Similarly, the rate parameters are also allowed to depend on the history of the pro-
cess, that is, the value of the previous states. In fact, the rate parameters—as defined
above—do not even need to exist, since we do not require differentiability either.

The idea of relaxing the defining assumptions of a continuous-time Markov chain
is not new. Various variations on it have been developed over the years. For example,
there are plenty of results to be found that deal with non-homogeneous continuous-
time Markov chains [36 [1, 28]]. Dropping the Markov condition is less common, but
nevertheless definitely possible [24]. However, the approaches that drop this Markov
assumption will typically replace it by some other, weaker assumption, instead of drop-
ping it altogether.

A common property of all of these approaches is that they still require the para-
meters of the model to be specified exactly. Furthermore, since these models are
typically more complex, the number of parameters that needs to be specified is a lot
larger than before. Therefore, in practice, specifying such a generalised model is a
lot more difficult than specifying a normal, homogeneous continuous-time Markov
chain. In contrast, our approach does not introduce a large number of new parameters,
but simply considers imprecise versions of the existing parameters. In particular, we
provide constraints on the traditional parameters of a continuous-time Markov chain,
by requiring them to belong to some specified set of candidate parameters. In this
sense, our approach can be regarded as a type of sensitivity analysis on the parameters
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of a continuous-time Markov chain. However, instead of simply varying the paramet-
ers of a continuous-time Markov chain, as a more traditional sensitivity analysis would
do, we also consider what happens when these parameters are allowed to be time- and
history-dependent. Furthermore, a sensitivity analysis is typically interested in the ef-
fect of infinitesimal parameter variations, whereas we consider the effect of variations
within some freely chosen set of candidate parameters.

Our approach should also not be confused with Bayesian methods [26]. Although
these methods also consider parameter uncertainty, they model this uncertainty by
means of a prior distribution, thereby introducing even more (hyper)parameters. Fur-
thermore, when integrating out this prior, a Bayesian method ends up with a single ‘av-
eraged’ stochastic process. In contrast, our approach considers set-valued parameter
assessments, and does not provide a prior distribution over these sets. Every possible
combination of parameter values gives rise to a different process, and we treat all of
these processes on equal grounds, without averaging them out.

Among the many extensions of continuous-time Markov chains that are able to
deal with complex parameter variations, the ones that resemble our approach the most
are continuous-time Markov decision processes [22]] and continuous-time controlled
Markov chains [23]. Similar to what we do, these models vary the parameters of a
continuous-time Markov chain, and allow these variations to depend on the history
of the process. However, their variations are more restrictive, because the parameters
are assumed to remain constant in between two transitions, whereas we allow them to
vary in more arbitrary ways. The most important difference with our approach though,
is that in these models, the parameter changes are not at all uncertain. In fact, the
parameters can be chosen freely, and the goal is to control the evolution of the process
in some optimal way, by tuning its parameters as the process evolves.

Having situated our topic within the related literature, let us now take a closer
look at what we actually mean by an imprecise continuous-time Markov chain. In
order to formalise this concept, we turn in this work to the field of imprecise probab-
ility [47, 143, 4]. The basic premise of this field is that, whenever it is impossible or
unrealistic to specify a single probabilistic model, say P, it is better to instead consider
a set of probabilistic models 2, and to then draw conclusions that are robust with re-
spect to variations in this set. In the particular case of an imprecise continuous-time
Markov chain, &7 will be a set of stochastic processes. Some of these processes are
homogeneous continuous-time Markov chains. However, the majority of them are not.
As explained in Example [I.I] we also consider other, more general stochastic pro-
cesses, which are not required to be homogeneous, do not need to satisfy the Markov
condition, and do not even need to be differentiable.

From a practical point of view, once a probabilistic model has been formulated and
its parameters have been specified, one is typically interested in computing inferences,
such as the probability of some event, or the expectation of some function. For ex-
ample, as in Example|l.1} we might want to know the probability that a person will be
sick in ten days, given that he or she is healthy today. Similarly, for expectations, one
might for example like to know the expected utility of some financial strategy [41]], the
expected time until some component in a system breaks down [8] or the expected speed
at which the clinical symptoms of a disease develop [18]. However, these inferences
might depend crucially on the estimated values of the model parameters, and on the
defining assumptions of the model. It is of interest, therefore, to study the robustness
of such inferences with respect to parameter changes and relaxations of the defining
assumptions of the model.

In our approach, we investigate this type of robustness as follows: we simply con-
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sider the probability or expectation of interest for each of the stochastic processes in
&, and then report the corresponding lower and upper bound. Intuitively, this can
be regarded as providing best- and worst-case scenarios with respect to all the models
in Z. Of course, since the stochastic processes in & are not required to satisfy the
Markov condition, a naive optimisation method will be highly inefficient, and in most
cases not even possible. However, as we will see, it is possible to develop other, more
efficient methods for computing the lower and upper bounds that we are after. If the
lower and upper bounds that we obtain are similar, we can conclude that the corres-
ponding inference is robust with respect to the variations that are represented by .
If the lower and upper bound are substantially different, then the inference is clearly
sensitive to these variations, and policy may then have to be adapted accordingly.

Readers that are familiar with the literature on imprecise continuous-time Markov
chains [42] 144] should recognise the main ideas behind the approach that we have just
described, but will also notice that our presentation differs from the one that is ad-
opted in References [42] and [44]]. Indeed, the seminal work by §kulj [42], which
provided the first—and so far only—theoretical study of imprecise continuous-time
Markov chains, characterised these models by means of the conditional lower and up-
per expectations of functions that depend on a single time point. In particular, this work
defined such lower and upper expectations directly, through a generalisation of the
well-known differential equation characterisation of “normal” continuous-time Markov
chains. This approach allowed the author to focus on developing algorithms for solv-
ing this generalised differential equation, thereby yielding methods for the efficient
computation of lower and upper expectations of functions that depend on a single time
point. These results have since been successfully applied to conduct a robust analysis
of failure-rates and repair-times in power-grid networks [44]].

However, due to its direct characterisation of lower and upper expectations, this pi-
oneering work left open a number of questions about which sets of stochastic processes
these quantities correspond to; for instance, the question of whether or not these sets
also include non-Markov processes. Furthermore, due to the focus on functions that
depend on a single time point, computational methods for more general functions do
not follow straightforwardly from this earlier work.

In contrast, we will in this present paper address these issues directly, by charac-
terising imprecise continuous-time Markov chains explicitly as sets of stochastic pro-
cesses. There are a number of advantages to working with such sets of processes. First
of all, it removes any ambiguity as to the elements of such a set, which allows us to
state exactly which assumptions the model robustifies against. Secondly, this approach
allows us to prove some properties of such a set’s corresponding lower and upper ex-
pectations which, in turn, allow us to derive tractable algorithms to compute lower and
upper expectations of functions that depend on any finite number of time points. Fi-
nally, our approach allows us to derive algorithms that, for the special case of functions
that depend on a single time point, improve upon the computational complexity of the
algorithm in Reference [42]].

In summary then, our aims with the present paper are threefold. First of all, to solid-
ify the theoretical foundations of imprecise continuous-time Markov chains. Secondly,
to extend and generalise existing methods for computing the corresponding lower ex-
pectations and, as a particular case, upper expectations and lower and upper probabil-
ities. Thirdly, to provide analytical tools that can be used for future analysis of these
models, and for the development of new algorithms.

Our main contributions can be summarised as follows.
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1. We provide a unified framework for describing finite-state stochastic processes
in continuous time, using the formalism of full conditional probabilities. This
framework covers the full range of (non-)homogeneous, (non-)Markovian, and
(non-)differentiable stochastic processes.

2. We use this framework to formalise imprecise continuous-time Markov chains:
sets of stochastic processes that are in a specific sense consistent with user-
specified set-valued assessments of the parameters of a continuous-time Markov
chain. We conduct a thorough theoretical study of the properties of these sets of
processes, and of the lower expectations that correspond to them.

3. We introduce a lower transition operator for imprecise continuous-time Markov
chains, and show that this operator satisfies convenient algebraic properties such
as homogeneity, differentiability, and Markovian-like factorisation—even if the
underlying set of processes does not. Furthermore, and perhaps most import-
antly, we show that we can use this operator to compute lower expectations of
functions that depend on the state X; at an arbitrary but finite number of time
points.

To be upfront, we would like to conclude this introduction with a cautionary remark
to practitioners: the main (computational) methods that we present do not enforce the
homogeneity and—in some cases also—the Markovian independence assumptions of a
traditional Markov chain, but allow these to be relaxed. Therefore, if one is convinced
that the (true) system that is being modelled does satisfy these properties, then it is in
general quite likely that the lower- and upper bounds that are reported by our method-
ology will be conservative. This is not to say that the methods that we present lead to
vacuous or non-informative conclusions—see, e.g., Reference [39] for a successful ap-
plication of our approach in telecommunication. However, tighter bounds—i.e. more
informative conclusions—might then be obtainable by methodologies that do enforce
these properties, provided of course that such methods are available and tractable. If
one is uncertain, however, about whether these properties hold for one’s system of in-
terest, then the methods that we present are exactly applicable, and the bounds that we
derive will be tight with respect to this uncertainty.

1.1 Finding Your Way Around in This Paper

Given the substantial length of this paper, we provide in this section some suggestions
as to what readers with various interests might wish to focus on. In principle, however,
the paper is written to be read in chronological order, and is organised as follows.

First, after we introduce our notation in Section 2] and discuss some basic mathem-
atical concepts that will be used throughout, Section 3|discusses some crucial algebraic
notions that will allow us to describe stochastic processes. Section [ then goes on to
formally introduce stochastic processes and provides some powerful tools for describ-
ing their dynamics.

Next, once we have all our mathematical machinery in place, we shift the focus to
imprecise continuous-time Markov chains. We start in Section [5| by considering the
special case of—precise—continuous-time Markov chains and then, in Section [6] we
finally formalise the imprecise version that is the topic of this paper, and prove some
powerful theoretical properties of this model.

The next three sections discuss computational methods: Section [/ introduces a
lower transition operator for imprecise continuous-time Markov chains, and in Sec-
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tions [§] and O] we use this operator to compute lower expectations of functions that
depend on the state at an arbitrary but finite number of time points.

The last two sections provide some additional context: Section[I0|relates and com-
pares our results to previous work on imprecise continuous-time Markov chains, and
in Section[I1] we conclude the paper and provide some ideas for future work.

Finally, the proofs of our results are gathered in an appendix, where they are organ-
ised by section and ordered by chronological appearance. This appendix also contains
some additional lemmas that may be of independent interest, a basic exposition of the
gambling interpretation for coherent conditional probabilities, and proofs for some of
the claims in our examples.

For readers with different interests, then, we recommend to focus on the following
parts of the paper. First, if one is interested in the full mathematical theory, we strongly
encourage the reader to go through the paper in chronological order. However, if one
has a more passing interest in the mathematical formalism, and is content with a more
conceptual understanding of what we mean by an imprecise continuous-time Markov
chain, then he or she may wish to start in either Section[5|or[6] Finally, readers who are
mainly interested in how to compute lower expectations for ICTMC’s might want to
focus on Sections [§ and [0} referring back to Section [6.3}—for details about the specific
types of ICTMC’s that we consider—and Section [7.2}—for the requisite details about
lower transition rate operators.

Of course, skipping parts of the paper may introduce some ambiguity about the
meaning and definition of the many technical concepts that we refer to throughout. In
order to alleviate this as much as possible, Table[I|provides a short glossary of the most
important notation and terminology.

Symbol or term Explanation Page

u finite, ordered sequence of time points 9

4 set of all finite, ordered sequences of time points |9

U set of all finite, ordered sequences of time points |9
before time ¢

U 5) set of all finite, ordered sequences of time points |9

that partition the time interval [z, ]

v finite state space of a stochastic process g

Zu joint state space at time points u € % 9

LX) set of all functions f : & — R 9

L(Z) set of all functions f : 2, — R 9

Il maximum (L) norm of a function, operator, or |10
set of matrices

T transition matrix system: a family of transition 13
matrices satisfying certain properties

To exponential transition matrix system that 13
corresponds to the transition rate matrix Q

Tp transition matrix system that corresponds to the 23]
stochastic process P

T! restriction of the transition matrix system .7 to 14
the closed time interval I C R>q

® concatenation operator for two restricted T4
transition matrix systems

well-behaved loosely speaking, this means “with bounded 1322
rate-of-change”; see Definitions Ef] and Ef] || I
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Symbol or term Explanation Page

P set of all continuous-time stochastic processes 20|

PW set of all well-behaved continuous-time 22}
stochastic processes

pWM set of all well-behaved continuous-time Markov ~ [27]
chains

PWHM set of all well-behaved, homogeneous 28]
continuous-time Markov chains

. T, ,0_T! ,dT'.  outer partial derivatives of the transition matrix 25|

' ' of a stochastic process, for time ¢ and history x,

K74 set of all transition rate matrices m

2 set of transition rate matrices 30)

M initial set of probability mass functions 30

]P’g e ng\f//, PZ’QVH/% three different types of ICTMC'’s; also see 31|
Definition and PV, PWM gpd pWVEM L

ESQV Ve Eg}f;,, EY@VH/Z[ lower expectation operators of the ICTMC’s 33
PY . BAM, and PYHY |

Q lower transition rate operator 39

L lower transition operator from time point ¢ to s, 43}
corresponding to some given Q

s 0 family of lower transition operators L; 44
corresponding to some given Q

Tab. 1: Glossary table of important notation and terminology.

2 Preliminaries

We denote the reals as R, the non-negative reals as R>, the positive reals as R~ and
the negative reals as R.g. For any ¢ € R, R>, R, and R.. have a similar meaning.
The natural numbers are denoted by N, and we also define Ny := NU{0}. The rationals
will be denoted by Q.

Infinite sequences of quantities will be denoted {a; };cn, possibly with limit state-
ments of the form {a;};eny — ¢, which should be interpreted as lim;_,.a; = c. If the
elements of such a sequence belong to a space that is endowed with an ordering re-
lation, we may write {a;};eny — ¢ or {a;}ien — ¢ if the limit is approached from
above or below, respectively.

When working with suprema and infima, we will sometimes use the shorthand
notation sup{-} < 4oo to mean that there exists a ¢ € R such that sup{-} < ¢, and
similarly for inf{-} > —eo.

For any set A and any subset C of A, we use [ to denote the indicator of C, defined
foralla € AbyIc(a) =1ifa € CandI¢(a) =0, otherwise. If C is a singleton C = {c},
we may instead write I = [;.

2.1 Sequences of Time Points

We will make extensive use of finite sequences of time points. Such a sequence is
of the form u == 19,t1,...,t,, with n € Ny and, for all i € {0,...,n}, ; € R>g. These
sequences are taken to be ordered, meaning that for all i,j € {0,...,n} with i < j,
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it holds that #; <t;. Let % denote the set of all such finite sequences that are non-
degenerate, meaning that for all u € % with u =1to,...,1,, it holds that #; # ¢; for all
i,j €{0,...,n} such that i # j. Note that this does not prohibit empry sequences. We
therefore also define % .= % \ {0}.

For any finite sequence u of time points, let maxu := max{¢t; : i € {0,...,n}}. For
any time point r € R>(, we then write t > u if t > maxu, and similarly for other in-
equalities. If u = 0, then ¢ > u is taken to be trivially true, regardless of the value of
t. We use % to denote the subset of % that consists of those sequences u € % for
which u < ¢, and, again, similarly for other inequalities.

Since a sequence u € 7/ is a subset of R>(, we can use set-theoretic notation to
operate on such sequences. The result of such operations is again taken to be ordered.
For example, for any u,v € %, we use uUv to denote the ordered union of u and v.
Similarly, for any s € R>o and any u € Z; withu =1y, ...,,, we use uU{s} to denote
the sequence ty, .. .,#,,S.

As a special case, we consider finite sequences of time points that partition a given
time interval [7,s], with ¢,s € R>¢ such that 7 < s. Such a sequence is taken to include
the end-points of this interval. Thus, the sequence is of the formt =1 <t < - <
tn = s. We denote the set of all such sequences by %, . Since these sequences are
non-degenerate, it follows that % ; consists of a single sequence u = . For any u €
?/[,,S] with u =1y, ...,t,, we also define the sequential differences A; :=1¢; —t;_1, for all
ie€{l,...,n}. We then use o(u) := max{A; :i € {l,...,n}} to denote the maximum
such difference.

2.2 States and Functions

Throughout this work, we will consider some fixed finite state space 2 . A generic
element of this set is called a state and will be denoted by x. Without loss of generality,
we can assume the states to be ordered, and we can then identify 2~ with the set
{1,...,|Z°|}, where | 2| is the number of states in 2.

We use £ (Z") to denote the set of all real-valued functions on 2. Because 2~
is finite, a function f € £(%") can be interpreted as a vector in RIZ1. Hence, we will
in the sequel use the terms ‘function’ and ‘vector’ interchangeably when referring to
elements of £ (2").

We will often find it convenient to explicitly indicate the time point ¢ that is being
considered, in which case we write Z; = 2 to denote the state space at time ¢, and
x; to denote a state at time 7. This notational trick also allows us to introduce some
notation for the joint state at (multiple) explicit time points. For any finite sequence of
time points u € % such that u = 1y, ... ,t,, we use

2. =[1%

teu

to denote the joint state space at the time points in u. A joint state x, € 2, is a tuple
(Xtgy- -+ Xy,) € Zpy X -+ - X 2, that specifies a state x;, for every time point 7 in u. Note
that if u only contains a single time point #, then we simply have that 2, = 27, =
Z:=Z . lfu=0, then xg € Zp is a “dummy” placeholder, which typically leads to
statements that are vacuously true. For any u € %, we use .Z(.Z,) to denote the set of
all real-valued functions on .Z,,.
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2.3 Norms and Operators
For any u € % and any f € £ (Z%,), let the norm || f|| be defined as

1A= 11Nl = max{[f (x)| : X € 20}

As a special case, we then have for any f € .Z(.2") that || f|| = max{|f(x)| : x € Z"}.

Linear maps from .Z(2") to .Z(2") will play an important role in this work, and
will be represented by matrices. Because the state space 2 is fixed throughout, we
will always consider square, | 2| x | 2’|, real-valued matrices.

As such, we will for the sake of brevity simply refer to them as ‘matrices’. If A is
such a matrix, we will index its elements as A(x,y) for all x,y € 2, where the indexing
is understood to be row-major. Furthermore, A(x,-) will denote the x-th row of A, and
A(-,y) will denote its y-th column. The symbol I will be reserved throughout to refer
to the |.Z7| x |Z"| identity matrix.

Because we will also be interested in non-linear maps, we consider as a more gen-
eral case operators that are non-negatively homogeneous. An operator A from .Z(Z")
to Z(Z) is non-negatively homogeneous if A(Af) = A [Af] for all f € £ (Z") and
all L € R>o. Note that this includes matrices as a special case.

For any non-negatively homogeneous operator A from % (%2") to £ (%), we con-
sider the induced operator norm

Al = sup{[|Af]|: £ € ZL(2),Ifl =1} )]
If A is a matrix, it is easily verified that then
||A||:max{ Z |A(x,y)] : x € 5{} (2)
yeZ

Finally, for any set .7 of matrices, we define ||.<7|| = sup{||A]| : A € &/}.
These norms satisfy the following properties; Reference [13] provides a proof for
the non-trivial ones.

Proposition 2.1. For all f,g € £ (2°), all A,B from .Z(2") to £ (Z") that are non-
negatively homogeneous, all A € R and all x € 2", we have that

NI: ] >0 N6: [A] >0
N2: [|f|=0& f=0 N7: A =0<A4=0

: <
N3: £+l < 1 £]+]lel N8: [|4+Bl| < [l + B

NO: ||AA]| = |A]]|A
N4: |[Af] = 2] If] [AA] = |A][|A]

. N10: [|AB[| < [|Al[|B]|
N5z [f <1l

NIL: [[AfIF < AT

3 Transition Matrix Systems

We provide in this section some definitions that will later be useful for characterising
continuous-time Markov chains. Because we have not yet formally introduced the
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concept of a continuous-time Markov chain, for now, the definitions below can be
taken to be purely algebraic constructs. Nevertheless, whenever possible, we will of
course attempt to provide them with some intuition.

For the purposes of this section, it suffices to say that a continuous-time Markov
chain is a process which at each time ¢ is in some state x € 2. As time elapses, the
process moves through the state space 2 in some stochastic fashion. We here define
tools with which this stochastic behaviour can be conveniently described.

3.1 Transition Matrices and Transition Rate Matrices

A transition matrix T is a matrix that is row-stochastic, meaning that, for each x € 2,
the row T (x,-) is a probability mass function on 2.

Definition 3.1 (Transition Matrix). A real-valued matrix 7 is said to be a transition
matrix if

T1: Yyeq T(x,y)=1forallxe 27;
T2: T(x,y) >O0forallx,y€ Z .

We will use T to denote the set of all transition matrices.

Proposition 3.1. For any two transition matrices 77 and 75, their composition 7175 is
also a transition matrix.

The interpretation in the context of Markov chains goes as follows. The elements
T (x,y) of a transition matrix T describe the probability of the Markov chain ending up
in state y at the next time point, given that it is currently in state x. In other words, the
row T (x,-) contains the state-transition probabilities, conditional on currently being in
state x. We will make this connection more explicit when we formalise continuous-time
stochastic processes in Section ]

For now, we note that in a continuous-time setting, this notion of “next” time point
is less obvious than in a discrete-time setting, because the state-transition probabilities
are then continuously dependent on the evolution of time. To capture this aspect, the
notion of transition rate matrices [33] is used.

Definition 3.2 (Transition Rate Matrix). A real-valued matrix Q is said to be a trans-
ition rate matrix, or sometimes simply rate matrix, if

R1: Y9 O(x,y) =0forallx € 27
R2: Q(x,y) > 0forallx,y € Z such that x # y.

We use Z to denote the set of all transition rate matrices.

The connection between transition matrices and rate matrices is perhaps best illus-
trated as follows. Suppose that at some time point ¢, we want to describe for any state
x the probability of ending up in state y at some time s > ¢. Let 7,° denote the trans-
ition matrix that contains all these probabilities. Note first of all that it is reasonable to
assume that, if time does not evolve, then the system should not change. That is, if we
are in state x at time 7, then the probability of still being in state x at time s = ¢, should
be one. Hence, we should have 7 = I, with I the identity matrix.
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A rate matrix Q is then used to describe the transition matrix 7} after a small

period of time, A, has elapsed. Specifically, the scaled matrix AQ serves as a linear
approximation of the change from 7, to 7}’+A. The following proposition states that,
for small enough A, this linear change still results in a transition matrix.

Proposition 3.2. Consider any transition rate matrix Q € %, and any A € R>( such
that A||Q|| < 1. Then the matrix (I + AQ) is a transition matrix.

This also explains the terminology used; a rate matrix describes the “rate of change”
of a (continuously) time-dependent transition matrix over a small period of time.

Of course, this notion can also be reversed; given a transition matrix Tl’ +A, what is
the change that it underwent compared to 7; = I? The following proposition states that
such a change can always be described using a rate matrix.

Proposition 3.3. Consider any transition matrix 7, and any A € R~¢. Then, the matrix
I/A(T —1) is a transition rate matrix.

Note that Proposition essentially states that the finite-difference 1/a(T} 2 — T?)
is a rate matrix. Intuitively, if we now take the limit as this A goes to zero, this states that
the derivative of a continuously time-dependent transition matrix is given by some rate
matrix Q € #Z—assuming that this limit exists, of course. We will make this connection
more explicit in Section 4]

We next introduce a function that is often seen in the context of continuous-time
Markov chains: the matrix exponential [45] e2® of QA, with Q a rate matrix and A €
R>p. There are various equivalent ways in which such a matrix exponential can be
defined. We refer to [45] for some examples, and will consider some specific definitions
later on in this work. For now, we restrict ourselves to stating the following well-known
result.

Proposition 3.4. [33| Theorem 2.1.2] Consider a rate matrix Q € Z and any A € R>y.
Then €22 is a transition matrix.

We conclude this section with some comments about sets of rate matrices. First,
note that the set of all rate matrices, %, is closed under finite sums and multiplication
with non-negative scalars. Consider now any set 2 C % of rate matrices. Then 2
is said to be non-empty if 2 # 0 and 2 is said to be bounded if || 2| < +oo. The
following proposition provides a simple alternative characterisation of boundedness.

Proposition 3.5. A set of rate matrices 2 C Z is bounded if and only if

inf{Q(x,x): Q€ 2} > —oo forallx e 2. 3)

3.2 Transition Matrix Systems that are Well-Behaved

In the previous section, we used the notation 7;° to refer to a transition matrix that
contains the probabilities of moving from a state at time ¢, to a state at time s. We now
consider families of these transition matrices. Such a family 7 specifies a transition
matrix 7;° for every t,s € R>¢ such that 7 <s.

We already explained in the previous section that it is reasonable to assume that
T = 1. If the transition matrices of a family .7 satisfy this property, and if they fur-
thermore satisfy the semi-group property—see Equation ] below—we call this family
a transition matrix system. We will use T~ to refer to the set of all transition matrix
systems.
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Definition 3.3 (Transition Matrix System). A transition matrix system 7 is a family of
transition matrices 7%, defined for all #,s € R>¢ with # <, such that for all z,r,5s € R>g
with t < r <, it holds that

T =TT, (4)

and forallt € R>o, T} = 1.

It will turn out that there is a strong connection between transition matrix systems
and continuous-time Markov chains. We will return to this in Section 3

In the previous section, we have seen that for any transition matrix 7 and any
A € Ry, the matrix !/a(T —1I) is a rate matrix, and therefore, in particular, that the
finite difference 1/a(7; ™ —I) is a rate matrix. We here note that this is also the case
for the term 1/a(7;"_, —I) whenever (t —A) > 0.

We now consider this property in the context of a transition matrix system .7 . For
allz € R>( and all A € R, such a transition matrix system specifies a transition matrix
T/ and—if (r — A) > 0O—a transition matrix T' .. We now consider the behaviour
of these matrices for various values of A. In particular, we look what happens to these
finite differences if we take A to be increasingly smaller.

For each A € R, due to the property that we have just recalled, there will be a rate
matrix that corresponds to these finite differences. If the norm of these rate matrices
never diverges to +oo as we take A to zero, we call the family .7 well-behaved.

Definition 3.4 (Well-Behaved Transition Matrix System). A transition matrix system
T is called well-behaved if

1
(V1 € Rs) limsup — ‘
A—0T A

I

T8 — 1| < oo and (v1 € Rog) limsup | T — 1] < +oo.
Ao+ A

4)

Observe that this notion of well-behavedness does not imply differentiability; the
limit limy_,q+ 1/A(T; ™ — I) need not exist. Rather, it implies that the rate of change of
the transition matrices in .7 is bounded at all times. In this sense, this notion of well-
behavedness is similar to a kind of local Lipschitz continuity. The locality stems from
the fact that, although the rate of change must be bounded for each ¢, Equation (3)
does not impose that it must be uniformly bounded (at all ¢) by a single “Lipschitz
constant”. That said, we do not stress this connection any further, because we will
shortly consider a more involved notion of well-behavedness for which this connection
is less immediate; see Section [4.3]

We finally consider an important special type of transition matrix systems. We
have seen in the previous section that for any Q € & and any A € R>, the matrix
exponential ¢2 is a transition matrix. We here consider for any Q € % the family 7
that is generated by such transition matrices.

Definition 3.5. For any rate matrix Q € %, we use Jp to denote the family of transition
matrices that is defined by

77 = ¢20") forall7,s € Rsg such that 7 < s.

We call this family .7 the exponential transition matrix system corresponding to Q.

Proposition 3.6. For any Q € #, 7 is a well-behaved transition matrix system.

This exponential transition matrix system corresponding to a Q € % will turn out
to play a large role in the context of continuous-time Markov chains. We return to this
in Section
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3.3 Restricted Transition Matrix Systems

We finally consider yet another construct that will be useful later: the restriction of a
transition matrix system .7 to a closed interval I in the time-line R>o.

By a closed interval I, we here mean a non-empty closed subset I C R that is
connected, in the sense that for any #,s € I such that r <, and any r € [t,s], it holds
that » € I. Note that for any ¢ € R>, [c,+e0) is such a closed interval.

For any transition matrix system .7 and any such closed interval I C R>(, we use
T to denote the restriction of .7 to I Such a restriction is a family of transition
matrices 7;° that is defined for all ¢,s € I such that r < s. We call such a family .7 I
a restricted transition matrix system on I. The set of all restricted transition matrix
systems on I is denoted by 71

Proposition 3.7. Consider any closed interval I C R, and let 7 I'be a family of
transition matrices 7;* that is defined for all ¢,s € I with r <'s. Then .7 I is a restricted
transition matrix system on I if and only if, for all ¢,r,s € I with r < r < s, it holds that
TF=T'T and T} =1.

We call a restricted transition matrix system 7! well-behaved if it is the restriction
to I of a well-behaved transition matrix system.

Proposition 3.8. Consider any closed interval I C R>, and let .7 I be a restricted
transition matrix system on I. Then .71 is well-behaved if and only if

1 1
(VreI*) limsupK‘EHA—IH < oo and (¥ €17) limsup 1 | Ty —1]| < +o2, (6)
A—0T A—0T

where I ;=TI\ {supI} and I" :=I\ {minI}.

Now, because these restricted transition matrix systems are only defined on some
given closed interval, it will be useful to define a concatenation operator between two
such systems.

Definition 3.6 (Concatenation Operator). For any two closed intervals I,J C R>¢ such
that maxI = minJ, and any two restricted transition matrix systems 7! and .77, the
concatenation of 7! and .77 is denoted by .71 ® .77, and defined as the family of
transition matrices 7;° that is given by

T ifrsel
T =T’ ift,seJ for all £,s € IUJ such thatt <,
iTriTs iftclandse]

where r := max I = minJ, and 'T;* and /T;* denote the transition matrices corresponding
to 7% and .77, respectively.

Proposition 3.9. Consider two closed intervals I,J C R>¢ such that maxI = minJ,
and any two restricted transition matrix systems .71 and .7J. Then their concatenation
T = 7% 77 is a restricted transition matrix system on IUJ. Furthermore, if both
IV and F7 are well behaved, then 719 is also well-behaved.

Example 3.1. Consider any two rate matrices Q1, Q> € Z such that Q| # 0, and let
Jp, and Jp, be their exponential transition matrix systems, which, as we know from
Proposition[3.6} are well-behaved. Now choose any r € R>( and define

— g g gl
7 =Ty 7y
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It then follows from Proposition that .7 is a well-behaved transition matrix sys-
tem. Furthermore, for any #,s € R>g such that 1 < r <, the transition matrix 7;° that
corresponds to .7 is given by T = T,/ T} = ¢21(7=1) ¢Q2(s=7), O

We also introduce a metric d between restricted transition matrix systems that are
defined on the same interval I. For any two such restricted transition matrix systems
FTland .71, we let

d(TN SN =sup{|| T} = S}|| : t,s €Lt < s}, (7)

where, for all 7,5 € L, it is understood that 7;° corresponds to .7 I and S to .S I This
metric allows us to state the following result.

Proposition 3.10. Consider any interval I C R>( and let d be the metric that is defined
in Equation (7). The metric space (77,d) is then complete.

Note that this result includes as a special case that the set T~ of all (unrestricted)
transition matrix systems is complete. The following example illustrates how this result
can be used.

Example 3.2. Consider some positive constant ¢ € R~ and let { Q; };cn, be a sequence
of rate matrices such that, for all i € N, ||Q; — Q;—1]| < ¢. We can then construct the
following sequence. For i = 0, we let % := .7, and for all i € N, we let

7 =g g g4+ ®)

where, for all i € Ny, & := 2. The resulting sequence {.7};cn, is then clearly a
subset of 7~ and, because of Proposition [3.6/and [3.9] every transition matrix system in
this sequence is well-behaved. Furthermore, as is proved in Appendix |l {.7}en, is a
Cauchy sequence, which basically means that its elements become arbitrarily close to
each other as the sequence progresses.

The reason why this is of interest to us is because in a complete metric space, every
Cauchy sequence converges to a limit that belongs to the same space. Hence, since
{J}ien, is Cauchy, Proposition allows us to infer that {.7;},cn, converges to a
limit 7 = lim; 0 .7; in T . o

As this example illustrates, Proposition allows us to (a) establish the existence
of limits of sequences of (restricted) transition matrix systems and (b) prove that these
limits are restricted transition matrix systems themselves. In order to make this concept
of a limit of transition matrix systems less abstract, we now provide, for a particular
case of the sequence in Example|3.2] closed-form expressions for some of the transition
matrices that correspond to its limit.

Example 3.3. Let 01,0, € # be two commuting rate matrices. For example, let
Q1 € Z be an arbitrary rate matrix and let Q> = aQ;, with ot € R>.

Now let {Q;}icn, be defined by Q; := Qy if i is odd and Q; := Q» if i is even, define
6; = 27" for all i € Ny, and consider the corresponding sequence of transition matrix
systems {.7; };cn that was defined in Example[3.2] Since ||Q; — Qi—1]| = ||Q1 — 02 || for
all i € N, the sequence {Q;}icn, clearly satisfies the conditions in Example just
choose ¢ = |01 — Q»||—and therefore, as we have seen, {.7]};cn converges to a limit
T =lim;_y0 Zin T.

As proved in Appendix [Il it then holds that for any ¢ € (0, 1], the transition matrix
from O to ¢ that corresponds to the transition matrix system .7 is equal to
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TE = e2191()+2pa(1) )

with
G PSR PO 10

and
or(1) = 4 1301 if 81 <t < & withiodd an

t—2/36;41 if 841 <t < & with i even.

Furthermore, it can be shown that the transition matrix system .7 is well-behaved—
again, see Appendix |I| for a proof. %

The transition matrix system .7 in our previous example was well-behaved, and
was constructed as a limit of well-behaved transition matrix systems. Therefore, one
might think that the former is implied by the latter. However, as our next example
illustrates, this is not the case. A limit of well-behaved transition matrix systems need
not be well-behaved itself.

Example 3.4. Consider any rate matrix Q € & such that ||Q|| = 1 and, for all i € Ny,
define Q; := iQ and let .7; and §; be defined as in Example Then since {Q;}ien,
satisfies the conditions of Example with ¢ = 1, the sequence {.7};cn, has a limit
T =1lim; 4. ZinT.

However, despite the fact that we know from Example[3.2]that each of the transition
matrix systems .7, i € Ny, is well-behaved, the limit 7 itself is not well-behaved;
see Appendix |l for a proof. O

4 Continuous-Time Stochastic Processes

We will in this section formalise the notion of a continuous-time stochastic process.
However, we do not adopt the classical—Kolmogorovian, measure-theoretic—setting,
but will instead be using the framework of full conditional probabilities. Our reasons
for doing so are the following.

First of all, our results on imprecise continuous-time Markov chains will be con-
cerned with events or functions that depend on an finite number of time points only.
Therefore, we do not require the use of typical measure-theoretic concepts such as o-
algebras, o-additivity, measurability, etcetera. Instead, we will impose only the bare
minimum of assumptions that are required for our results. The extra structural and
continuity assumptions that are typically imposed in a measure-theoretic setting are
regarded as optional.

Secondly, our approach does not suffer from some of the traditional issues with
probability zero. In standard settings, conditional probabilities are usually derived
from unconditional probabilities through Bayes’s rule, which makes them undefined
whenever the conditioning event has probability zero. Instead, we will regard condi-
tional probabilities as primitive concepts. As a result, we can do away with some of
the usual ‘almost surely’ statements and replace them with statements that are certain.

Finally, and most importantly, in our ‘imprecise’ setting, we will be working with a
set of stochastic processes rather than with a single stochastic process. In this context,
we will often need to prove that such a set contains a stochastic process that meets cer-
tain specific requirements. Full conditional probabilities provide a convenient frame-
work for constructing such existence proofs, through the notion of coherence.
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We start in Section [4.1] by introducing full conditional probabilities and explaining
their connection with coherence. In Section .2 we then use these concepts to form-
alise continuous-time stochastic processes. Section describes a specific subclass
of stochastic processes, which we call well-behaved, and on which we will largely fo-
cus throughout this work. Finally, Section .4] provides some tools with which we can
describe the dynamics of stochastic processes.

4.1 Full and Coherent Conditional Probabilities

Consider a variable X that takes values @ in some non-empty—possibly infinite—
outcome space . The actual value of X is taken to be uncertain, in the sense that
it is unknown. This uncertainty may arise because X is the outcome of a random
experiment that has yet to be conducted, but it can also simply be a consequence of
our lack of information about X. We call any subset E of Q an event, we use &(Q)
to denote the set of all such events, and we let &(Q)g = &(Q) \ {0} be the set of all
non-empty events. A subject’s uncertainty about the value of X can then be described
by means of a full conditional probability [[17]].

Definition 4.1 (Full Conditional Probability). A full conditional probability P is a real-
valued map from & (Q) x &(Q)p to R that satisfies the following axioms. For all A,B €
&(Q)and all C,D € &(Q)y:

F1: P(A|C) >

F2: P(A[C) = 1if C C A;

F3: P(AUB|C) = P(A|C) + P(B|C) if ANB = 0;

F4: P(AND|C) = P(AIDNC)P(D|C) if DNC # 0.
For any A € &(Q) and C € &(Q)p, we call P(A|C) the probability of A conditional on
C. Also, for any A € &(Q2), we use the shorthand notation P(A) := P(A|Q) and then call

P(A) the probability of A. The following additional properties can easily be shown to
follow from[FIHF3} see Appendix B|for a proof. For all A € £(Q) and all C € &(Q)y:

FS: 0< P(A[C) < 1

F6: P(4C) = P(ANCIC);
F7: P(0|C) = 0:

F8: P(Q|C) =1.

Basically, [FTIHF4] are just the standard rules of probability. However, there are four
rather subtle differences with the more traditional approach. The first difference is
that a full conditional probability takes conditional probabilities as its basic entities:
P(A|C) is well-defined even if P(C) = 0. The second difference, which is related to
the first, is that Bayes’s rule—[F4}—is stated in a multiplicative form; it is not regarded
as a definition of conditional probabilities, but rather as a property that connects con-
ditional probabilities to unconditional ones. The third difference is that we consider
all events, and do not restrict ourselves to some specific subset of events—such as a
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o-algebra. The fourth difference, which is related to the third, is that we only require
finite additivity—]F3}—and do not impose c-additivity.

The “full’ in full conditional probability refers to the fact that the domain of P is the
complete set &(Q) x &(Q)y. At first sight, this might seem unimportant, and one might
be inclined to introduce a similar definition for functions P whose domain is some
subset & of &(Q) x &(Q)p. However, unfortunately, as our next example illustrates,
such a definition would have the property that it does not guarantee the possibility of
extending the function to a larger domain ¢, with ¢ C €* C £(Q) x &(Q)s.

Example 4.1. Let Q = {1,2,3,4,5,6} be the set of possible values for the throw of
a—possibly unfair—die and let € = {(E,,Q), (E.,Q)} C &(Q) x &(Q)p, where the
events E, = {1,3,5} and E. = {2,4,6} correspond to an odd or even outcome of the
die throw, respectively. The map P: ¥ — R that is defined by

P(E,) = P(E,|Q) =2/3 and P(E.) = P(E.|Q) =2/3

then satisfies on its domain. However, if we extend the domain by adding the
trivial couple (Q,Q), it becomes impossible to satisfy [F1]F4] becauseandwould
then require that

1 =P(Q|Q) = P(Eo|Q) + P(Ec|Q) =2/3+2/3=4/3,
which is clearly a contradiction. o

In order to avoid the situation in this example, that is, in order to guarantee the
possibility of extending the domain of a conditional probability in a sensible way, we
use the concept of coherence [6} 116,35} 149, |50].

Definition 4.2 (Coherent conditional probability). Let P be a real-valued map from
E C E(Q) x &(Q)p to R. Then P is said to be a coherent conditional probability on €
if, for all n € N and every choice of (4;,C;) € € and A, € R, i € {1, ... ,n}P_-]

max Z/l,']lci((x))(P(AACi)—HA[.((J))) weCy, >0,
i—1

i=
with Cy .= U?zlci.

The interested reader is invited to take a look at Appendix[H] where we provide this
abstract concept with an intuitive gambling interpretation. However, for our present
purposes, this interpretation is not required. Instead, our motivation for introducing
coherence stems from the following two results. First, if 4 = &(Q) x &(Q)p, then
coherence is equivalent to the axioms of probability, that is, properties [FIHF4]

Theorem 4.1. [35] Theorem 3] Let P be a real-valued map from &(Q) x &(Q)p to
R. Then P is a coherent conditional probability if and only if it is a full conditional
probability.

! Many authors replace the maximum in this expression by a supremum, and also impose an additional
inequality, where the maximum—supremum—is replaced by a minimum—infimum—and where the in-
equality is reversed [7,161135]. This is completely equivalent to our definition. First of all, if the maximum is
replaced by a supremum, then since # is finite and because, for every i € {1,...,n}, I, and I, can only take
two values—O0 or 1—it follows that this supremum is taken over a finite set of real numbers, which implies
that it is actually a maximum. Secondly, replacing the maximum by a minimum and reversing the inequality
is equivalent to replacing the A; in our expression by their negation, which is clearly allowed because the
coefficients A; can take any arbitrary real value.
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Secondly, for coherent conditional probabilities on arbitrary domains, it is always
possible to extend their domain while preserving coherence.

Theorem 4.2. [35] Theorem 4] Let P be a coherent conditional probability on € C
&(Q) x £(Q)p. Then for any € C ¢* C &(Q) x &(Q)p, P can be extended to a
coherent conditional probability on €.

In particular, it is therefore always possible to extend a coherent conditional prob-
ability P on €, to a coherent conditional probability on &(Q) x &(£2). Due to The-
orem [.1] this extension is a full conditional probability. The following makes this
explicit.

Corollary 4.3. Let P be a real-valued map from & C &(Q) x &(Q)p to R. Then P is
a coherent conditional probability if and only if it can be extended to a full conditional
probability.

Note, therefore, that if P is a coherent conditional probability on 4, we can equival-
ently say that it is the restriction of a full conditional probability. Hence, any coherent
conditional probability on ¢ is guaranteed to satisfy properties[FI[JF4] However, as was
essentially already illustrated in Example 4.1} and as our next example makes explicit,
the converse is not true.

Example 4.2. Let Q, ¢, E,, E. and P: ¥ — R be defined as in Example Then
as we have seen in that example, P satisfies on its domain ¥. However, P
is not a coherent conditional probability on %, because if it was, then according to
Corollary P could be extended to a full conditional probability. Since &(Q) x
&(Q)p includes (Q,Q), the argument at the end of Example implies that this is
impossible. A similar conclusion can be reached by verifying Definition [4.2] directly;
we leave this as an exercise. O

4.2 Stochastic Processes as a Special Case

A (continuous-time) stochastic process is now simply a coherent conditional probab-
ility on a specific domain €SP, or equivalently, the restriction of a full conditional
probability to this domain %SP—see Definition However, before we get to this
definition, let us first provide some intuition.

Basically, a continuous-time stochastic process describes the behaviour of a system
as it moves through the—finite—state space 2~ over a continuous time line R>g. A
single realisation of this movement is called a path or a trajectory. We are typically
uncertain about the specific path that will be followed, and a stochastic process quan-
tifies this uncertainty by means of a probabilistic model, which, in our case, will be a
coherent conditional probability. These ideas are formalised as follows.

A path @ is a function from R>( to 2", and we denote with @(¢) the value of o at
time #. For any sequence of time points u € % and any path @, we will write ®|, to
denote the restriction of @ to u C R>¢. Using this notation, we write for any x, € 2,
that |, = x, if, for all 7 € u, it holds that w(r) = x;.

The outcome space Q of a stochastic process is a set of paths. Three commonly
considered choices are to let Q be the set of all paths, the set of all right-continuous
paths [33]], or the set of all cadlag paths (right-continuous paths with left-sided lim-
its) [37]. However, our results do not require such a specific choice. For the purposes
of this paper, all that we require is that

(Vu € %) (Vxy, € Zu) P € Q) @, =x,. (12)
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Thus, Q must be chosen in such a way that, for any non-empty finite sequence of time
points u € %4 and any state assignment x,, € Z, on those time points, there is at least
one path @ € Q that agrees with x, on u. Essentially, this condition guarantees that Q
is “large enough to be interesting”. It serves as a nice exercise to check that the three
specific sets Q in the beginning of this paragraph each satisfy this condition.

For any set of events & C &(Q), we use (&) to denote the algebra that is generated
by them. That is, (&) is the smallest subset of &'(Q2) that contains all elements of &,
and that is furthermore closed under complements in Q and finite unions, and therefore
also under finite intersections. Furthermore, for any r € R>( and x € 27, we define the
elementary event

(X =x) ={weQ: o) =x},

and, for any u € % , we let
G={(Xr=x):xe 2t cuUR-,}

be the set of elementary events whose time point is either preceded by or belongs to u,
and we let &7, = (&) be the algebra that is generated by this set of elementary events.

Consider now any u € %. Then on the one hand, for any A € 47, it clearly holds
that A € &(Q). On the other hand, for any x, € Z,, the event

Xu=x) ={0€Q: 0|, =x,}

belongs to &(Q)g, because it follows from Equation that this event is non-empty.
Hence, for any A € <7, and x, € 2, we find that (A, X, = x,) € &(Q) x &(Q)y. Since
this is true for every u € %, it follows that

&SP ::{(A,Xu:x,,): ue%,XMG%,Ae%}

is a subset of &(Q) x &(Q)p. It is also worth noting that if u = 0, then |, = x, is
vacuously true, which implies that in that case, (X, = x,) = Q.

That being said, we can now finally formalise our definition of a (continuous-time)
stochastic process.

Definition 4.3 (Stochastic Process). A stochastic process is a coherent conditional
probability on %SP. We denote the set of all stochastic processes by P.

Corollary 4.4. Let P be a real-valued map from ¢>F to R. Then P is a stochastic
process if and only if it is the restriction of a full conditional probability.

There are two reason why we restrict ourselves to the domain 5. The most im-
portant reason is simply that all of the results in this paper can be expressed using only
this domain, because they are all concerned with events or functions that depend on a
finite number of time points. The second reason is that this restriction will allow us to
state uniqueness results that do not extend to larger domains; see for example Corol-
lary[5.3] However, it is important to realise that our restriction of the domain does not
impose any real limitations, because, as we know from Theorem @ the domain of a
coherent conditional probability—and hence also a stochastic process—can always be
extended (although not uniquely). In fact, as briefly touched upon in the conclusions
of this paper, it is even possible to consider extensions that are o-additive.

Finally, we would like to point out that it is also possible to use a different—
yet equivalent—definition for stochastic processes. Indeed, due to Corollary 4.4] a
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stochastic process can also be defined as the restriction of a full conditional probability
to €SP, Of course, given this realisation, one may then start to wonder why we have
gone through to the trouble of introducing coherence, because this alternative defini-
tion would not require any notion of coherence. The reason why we nevertheless need
coherence, is because it allows us to establish the existence of stochastic processes that
have certain properties, which will often be necessary in the proofs of our results.

For instance, by means of an example, suppose that we are given an arbitrary func-
tion p : Ryg — [0, 1], and that we want to know if there is a stochastic process P for
which, for some x,y € 2,

P(X, =y|Xo =x) = p(t) forallt € R.q. (13)

If we had defined a stochastic process as the restriction of a full conditional probability
to €SP, without introducing coherence, then answering this question would have been
entirely non-trivial, because it would essentially require us to construct a full condi-
tional probability that coincides with p on the relevant part of its domain.

In contrast, as illustrated by the following example, the introduction of coherence
takes care of most of the heavy lifting in such an existence proof.

Example 4.3. Let 2" be a state space that contains at least two states, fix two—

possibly equal—states x,y € 2, and consider any function p : R~¢ — [0, 1]. The aim of

this example is to prove that there is a stochastic process P that satisfies Equation (T3).
The crucial step of the proof is to consider a function P that is defined by

P(X; = y|Xo = x) = p(t) forall (X, =y,Xo=x)€F, (14)
and to prove that this function is a coherent conditional probability on
€ ={(X =y,Xo=x):1t€Rx0},
or equivalently, that it satisfies Definition[d.2]

So consider any n € N and, for all i € {1,...,n}, some (X; =y,Xo =x) € ¢ and
A; € R. According to Definition[4.2] we now have to show that

max {i }LI]IX((D(O)) (P(XT, = )’\Xo = )C) — Hy((l)([i)))

i=1

we@}>& (15)

with Cp = U (Xo = x) = (Xo = x). While doing so, we can assume without loss of
generality that i # j implies #; # ¢, because if t; = t; for some i # j, then we can simply
add the corresponding two summands in Equation (T3).

Let z € 2 be any state such that z # y, let u == (0,11,...,t,) € %, and letx, € Z,
be the unique state assignment such that xo .= x and

y ifA <0 ,
for all 1,...,n}.
{Z 2, >0 orallie{l,...,n}

Furthermore, let Nog == {i € {1,...,n}: A; <0} and N>9 = {i € {1,...,n}: A; > 0}.
Since n is finite, Equation (I2) now guarantees that there is some @ € Q such that
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|, = x,. Evaluating the sum in Equation (T3) using this @, we find that

-

Al((0)) (P(X, = yXo = x) I (0(1)))
" 1, (P(X, = yIXo = x) — (1))

i=1

Y Ai(PX, =yXo=x)—1)+ Y AP(X,=ylXo=x)

i=1

i€EN~g i€EN>q
> Y AP, =yXo=x)—1)= Y [4l(1-P(X; =y[Xo=x) >0,
iEN¢ iEN(

where the two inequalities follow from the fact that P(X;, = y|Xo = x) = p(t;) € [0,1].
Furthermore, because @(0) = x, we also have that ® € (Xo = x) = Cy. Therefore,
we find that Equation (T3)) indeed holds. Hence, we conclude that P is a coherent
conditional probability on %.

The rest of the proof is now straightforward. Since P is a coherent conditional
probability on €, and because % is a subset of €7, it follows from Theorem that
P can be extended to a coherent conditional probability P on 5P, or equivalently, to a
stochastic process P. Since this stochastic process P is an extension of P, Equation (T3]
is now an immediate consequence of Equation (T4). O

4.3 Well-behaved stochastic processes

Stochastic processes, as they are defined in the previous section, can behave in rather
extreme ways. For instance, Example[.3|tells us that for any two states x,y € 27, there
exists a stochastic process P such that P(X; = y|Xo = x) = Ig_ (), where Ig_, is the
indicator of the positive rational numbers.

In order to avoid this kind of extreme behaviour, we will require that the rate of
change of a stochastic processes remains bounded. We formalise this requirement
through the notion of well-behavedness.

Definition 4.4 (Well-Behaved Stochastic Process). A stochastic process P € P is said
to be well-behaved if, for any—possibly empty—time sequence u € %, any x, € Zy,
any x,y € 2 and any t € R>¢ such that r > u:

. 1
hmsupg IP(Xi1a =YX =, X, =x,) —L(y)| < 4 (16)
A—0F
and, if  #£ 0,
. 1
limsup — |[P(X; = y|X;—a = %, X, = x) — ()| < +oo. 17
A—0t A

The set of all well-behaved stochastic processes is denoted by PW.

This definition of well-behavedness is related to continuity and differentiability, but
stronger than the former and weaker than the latter. Our next example provides some
intuition on this.

Example 4.4. Let 2 be a state space that contains at least two states, fix two states
x,y € Z such that x # y, and consider any function p : R-o — [0, 1]. Then as we know
from Example[4.3] there is a stochastic process P such that

P(XA = y|X0 = x) = p(A) for all A € Ryg.



4 Continuous-Time Stochastic Processes 23

Furthermore, since x # y, it follows from [F6|and [F7|that P(Xp = y|Xo = x) = 0. We
now consider two specific choices for p.
If we let p(A) == /A for A € (0,1] and p(A) = 1 for A > 1, then P(X, = y|Xo = x)
is continuous on Rx( because P(Xp = y|Xp = x) = 0. However, we also find that
1 1
limsup — |P(Xs = y|Xo = x) — L:(y)| = limsup —VA = 40
A—0t A A—0t A
and therefore, it follows from Equation (I6)—with + = 0 and u = @—that P is not
well-behaved.
On the other hand, if we let p(A) := Alsin(1/a)| for A € R+, we find that

limsupl |P(Xa = y|Xo = x) —L:(y)| = limsup [sin(1/A)| = 1.
A0+ A A—0t

In this case—at least for t = 0 and u = @—P does exhibit the behaviour that we asso-
ciate with a well-behaved stochastic process. Furthermore, as we invite the reader to
check, P(Xp = y|Xp = x) is again continuous on R>q. However, P(X) = y|Xo = x) is
not differentiable in A = 0, because 1/AP(Xx = y|Xo = x) = |sin(1/a)| oscillates as A
approaches zero. O

Definition 4.4] is also very similar to the definition of a well-behaved transition
matrix system, as introduced in Section@ Furthermore, here too, one could say that
well-behavedness is intuitively related to local Lipschitz continuity. However, note that
this time, this locality not only depends on the time point ¢, but also on the given history
Xy

4.4 Process Dynamics

We end this section by introducing some tools to describe the behaviour of stochastic
processes. Rather than work with the individual probabilities, it will be convenient to
jointly consider probabilities that are related by the same conditioning event. To this
end, we will next introduce the notion of transition matrices corresponding to a given
stochastic process.

Definition 4.5 (Corresponding Transition Matrix). Consider any stochastic process
P € P. Then, for any ¢, s € R>¢ such that# <, the corresponding transition matrix T’
is a matrix that is defined by

T (x,x5) = P(Xy = x| Xy =x;) forall xg,x, € 2.
We denote this family of matrices by Jp.

Because we will also want to work with conditioning events that contain more than
a single time point, we furthermore introduce the following generalisation.

Definition 4.6 (History-Dependent Corresponding Transition Matrix). Let P € P be
any stochastic process. Then, for any #,s € R>q such that t <, any sequence of time
points u € %, and any state assignment x,, € 2, the corresponding history-dependent
transition matrix 7;%, is a matrix that is defined by

Ty, (X, xs) = P(Xy = x| X; = X, X, = x,)  forall xg,x, € 2.

For notational convenience, we allow u to be empty, in which case 7;’, =T".
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The following proposition establishes some simple properties of these correspond-
ing (history-dependent) transition matrices.

Proposition 4.5. Let P € P be a stochastic process. Then, for any ¢,s € R>¢ such that
t <'s, any sequence of time points u € %, and any state assignment x,, € 2, the
corresponding (history dependent) transition matrix 7,%, is—as its name suggests—
a transition matrix, and T,t_ x, =1 Furthermore, P is well-behaved if and only if, for
every—possibly empty—time sequence u € %, any x, € 2, and any ¢ € R>( such
that r > u:

1
limsup zﬁf—IH<+w (18)
A—0T
and, if  # 0,
. 1
hAmf)‘ipKHTtt—Axu*IH < oo (19)
N

Remark 4.1. Note that for any P € IP, the corresponding transition matrix 7;*, is a map
from .Z(Z") to £ (Z), that can therefore be applied to any f € £ (Z). Furthermore,
for any x; € 27, we have that

[thxuf} () = Z Fs)P(Xs = x5 | X; = x0, X = xu) = Ep [f(Xy) | Xp = %0, X = %],
xs€X

where the expectation is taken with respect to P(X; | X; = x;,X,, = x,). This observation
will be useful when we later focus on expectations with respect to stochastic processes;
for functions f € .Z(Z"), their corresponding transition matrices serve as an alternative
representation for the expectation operator. O

Because a stochastic process is defined on a continuous time line, and because its
corresponding transition matrices 7;°, only describe the behaviour of this process on
fixed points in time, we will furthermore require some tools to capture the dynamics
of a stochastic process. That is, we will be interested in how their transition matrices
change over time.

One seemingly obvious way to describe these dynamics is to use the derivatives of
the transition matrices that correspond to stochastic processes. However, because we
do not impose differentiability assumptions on these processes, such derivatives may
not exist. We will therefore instead introduce outer partial derivatives below. It will
be instructive, however, to first consider ordinary directional partial derivatives.

Definition 4.7 (Directional Partial Derivatives). For any stochastic process P € IP, any
t € R, any sequence of time points u € %, and any state assignment x,, € 2, the
right-sided partial derivative of T,’ x, 1s defined by

o1 o1
04Ty, = Jim (L0 =T,,) = lim (T 1)
and, if ¢ # 0, the left-sided partial derivative of T,t X is defined by
(977;{“ = Ai%* K(Y;LA,X,, - T;t,x“) = Alir{)lJr K(T;LA,)C,, - I)'

If these partial derivatives exist, then because of Proposition [3.3] they are guaranteed
to belong to the set of rate matrices 2. If they both exist and coincide, we write dT}/
to denote their common value. If 1 = 0, we let T, =9, T/ .
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The following example establishes that these directional partial derivatives need
not exist. In particular, they need not exist even for well-behaved processes.

Example 4.5. Let O, 0, € # be two commuting rate matrices such that Q; # Q,—for
example, let Q| # 0 be an arbitrary rate matrix and let Q> := aQ;, with & € R>o\ {1}—
and consider a well-behaved stochastic process P € PV of which, for all t € (0, 1], the
transition matrix 7 is given by Equation (9) in Example

For now, we simply assume that this is possible. A formal proof for the existence
of such a process requires some additional machinery, and we therefore postpone it to
Example [5.1] where we construct a well-behaved continuous-time Markov chain that
is compatible with Equation ().

The aim of the present example is to show that for any such process, the right-sided
partial derivative 8+T00—which corresponds to choosing + = 0 and u = 0 in Defini-
tion . 7}—does not exist. The reason for this is that—as is proved in Appendix [[—for
any A € [1/3,2/3], there is a sequence {A; };cry, — 0" such that

1.
lim —(T," —1I) = 20
dim S (Ty" =) = Qa (20)
with Q3 = AQ1 + (1 —A)Q,. The reason why this indeed implies that 9,7, does not
exist, is because if it would exist, then Equation (20) would imply that 9, 7’ = Q;, for
all A € [1/3,2/3]. The only way for this to be possible would be if Q| = 0>, but that
case was excluded in the beginning of this example. %

Observe, therefore, that the problem is essentially that the finite-difference expres-
sions 1/a(ZF2 — 1) and 1/a(T;" Ax, —)- parameterised in A, can have multiple accumu-
lation points as we take A to 0. Therefore, it will be more convenient to instead work
with what we call outer partial derivatives. These can be seen as a kind of set-valued
derivatives, containing all these accumulation points obtained as A — 0.

Definition 4.8 (Outer Partial Derivatives). For any stochastic process P € P, any ¢ €
R>0, any sequence of time points u € %, and any state assignment x, € 2, the
right-sided outer partial derivative of T,’ x, 1s defined by

i—+oo [Aj

04Ty, = {Q €% <3 {Ai}ien =07 lim Ai(T,’,;,A" —1) = Q> } @1

and, if t # 0, the left-sided outer partial derivative of Tlfo is defined by

i—>+too A,’

= 1
J-T,, = {Q €EX: <5| {Afien — 0 ¢ lim (T, —1) = Q) } - (22
Furthermore, the outer partial derivative of T, is defined as
T}, =0T/, Ud_T/, ift>0and 9T/, =9.T;, ift=0.

For well-behaved processes P € PW, as our next result shows, these outer partial
derivatives are always non-empty, bounded and closed.

Proposition 4.6. Consider any P € PV. Then 9 T . E T, and 57}{ x, are non-
empty, bounded and closed subsets of Z.
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The following two examples provide this result with some intuition. Example {.6|
illustrates the validity of the result, while Example 4.7|shows that the requirement that
P must be well-behaved is essential for the result to be true.

Example 4.6. Consider again the well-behaved stochastic process P € PV from Ex-
ample [4.5] of which, for all # € (0, 1], the transition matrix 7 is given by Equation ().
As proved in Appendix I} it holds for this particular process that

9Ty = {Qx: A €[1/3,2/3]},

where, for every A € [1/3,2/3], Q3 == AQ; + (1 —A)Q; as in Example[4.5] O

Example 4.7. Fix any rate matrix Q € % such that ||Q|| = 1, let .7 be the transition
matrix system of Example(3.4] and consider any stochastic process P € P of which the
corresponding family of transition matrices 7p is equal to .7.

For now, we simply assume that such a process exists. A formal proof again re-
quires some additional machinery—as in Example .5} —and we therefore postpone it
to Example[5.1] where we construct a continuous-time Markov chain whose family of
transition matrices p is equal to the transition matrix system 7.

As we prove in Appendix |} for such a stochastic process P, the right-sided outer
partial derivative .. T is then empty. O

We end this section with two additional properties of the outer partial derivatives of
well-behaved stochastic processes. First, as we establish in our next result, they satisfy
an € — 0 expression that is similar to the limit expression of a partial derivative.

Proposition 4.7. Consider any well-behaved stochastic process P € PV. Then, for any
t € R>p, any sequence of time points u € %, any state assignment x,, € 2, and any
€ > 0, there is some 6 > 0 such that, for all 0 < A < §:

(30 €94T},,) ’i(n’;ﬁ—n —QH <e (23)
and, if  #£ 0,
(307, |3 (T -1 -0] <o o)

Secondly, these outer partial derivatives are a proper generalisation of directional
partial derivatives. In particular, if the latter exist, their values correspond exactly to
the single element of the former.

Corollary 4.8. Consider any P € PV. Then En T/ ,, is asingleton if and only if . T,
exists and, in that case, d,. T}, = {d, T/, }. Analogous results hold for d T}, and
J_T;,,, and for T/, and JT/, .

txy>

5 Continuous-Time Markov Chains

Having introduced continuous-time stochastic processes in Section 4] we will in this
section focus on a specific class of such processes: continuous-time Markov chains.
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Definition 5.1 (Markov Property, Markov Chain). A stochastic process P € P satisfies
the Markov property if for any t,s € R>¢ such that # < s, any time sequence u € %,
any x, € 2, and any states x,y € 2"

PX;=y|X; =x,X, =x,) =P(X; =y|X; =x).

A stochastic process that satisfies this property is called a Markov chain. We denote the
set of all Markov chains by PM and use PWM to refer to the subset that only contains
the well-behaved Markov chains.

We already know from Proposition that the transition matrices of a stochastic
process—and therefore also, in particular, of a Markov chain—satisfy some simple
properties. For the specific case of a Markov chain P € PM, the family of transition
matrices Jp also satisfies an additional property. In particular, for any #,r,s € Rx
such that t < r < s, these transition matrices satisfy

T =T'T’. (25)

In this context, this property is known as the Chapman-Kolmogorov equation or the
semi-group property [31]]. Indeed, this is the same semi-group property that we defined
in Section [3] to hold for transition matrix systems .7. The following result should
therefore not be surprising.

Proposition 5.1. Consider a Markov chain P € PM and let .7p be the corresponding
family of transition matrices. Then Jp is a transition matrix system. Furthermore, 7p
is well-behaved if and only if P is well-behaved.

At this point we know that every (well-behaved) Markov chain has a corresponding
(well-behaved) transition matrix system. Our next result establishes that the converse is
true as well: every (well-behaved) transition matrix system has a corresponding (well-
behaved) Markov chain, and for a given initial distribution, this Markov chain is even
unique.

Theorem 5.2. Let p be any probability mass function on 2" and let .7 be a transition
matrix system. Then there is a unique Markov chain P € PM such that .7p = .7 and,
forally € &', P(Xo =y) = p(y). Furthermore, P is well-behaved if and only if .7 is
well-behaved.

Hence, Markov chains—and well-behaved Markov chains in particular—are com-
pletely characterised by their transition matrices and their initial distribution. Our next
example uses this result to formally establish the existence of the Markov chains that
were used in Examples [4.5] and Furthermore, it also illustrates that not every
Markov chain is well-behaved.

Example 5.1. For any transition matrix system .7, it follows from Theorem[5.2}—with
p chosen arbitrarily—that there exists a continuous-time Markov chain P € PM C P
such that 9p = .7 and, furthermore, that P is well-behaved if and only if .7 is well-
behaved.

For example, for any rate matrix Q € & such that ||Q|| = 1, if we let  be the trans-
ition matrix system of Example[3.4] we find—as already claimed in Example[d.7}—that
there is a continuous-time Markov chain P € PM C PP such that 9p = .7. Furthermore,
since we know from Example that .7 is not well-behaved, it follows that P is not
well-behaved either.
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As another example, for any two commuting rate matrices Q;,Q» € Z, if we let
7 be the well-behaved transition matrix system of Example we find—as already
claimed in Example [4.5|—that there is a well-behaved continuous-time Markov chain
P € PY"M C PM C PP such that, for all t € (0, 1], the transition matrix T, is given by
Equation () in Example[3.3] O

As a final note, observe that not only does the Markov property simplify the con-
ditional probabilities of a Markov chain, it also simplifies its dynamics. In particu-
lar, for any t € R>o, any u € %, and any x, € 2, it holds that 8_7}fxu =d_T,
J. T/, =0T and T/, = JT;. We now focus on a number of special cases.

5.1 Homogeneous Markov chains

Definition 5.2 (Homogeneous Markov chain). A Markov chain P € PM is called time-
homogeneous, or simply homogeneous, if its transition matrices 7,° do not depend on
the absolute value of ¢ and s, but only on the time-difference s —¢:

T =T;" forallt,s € Rxq such thatt <s. (26)

We denote the set of all homogeneous Markov chains by PHM and use PVHM to refer
to the subset that consists of the well-behaved homogeneous Markov chains.

Recall now from Section [3| the exponential transition matrix system .7 corres-
ponding to some Q € Z. As we have seen, the transition matrices of such a system
were defined by 7, = ¢2(=1)_ This family T therefore clearly satisfies Equation (26).
Furthermore, by Proposition T is well-behaved. Hence, we have the following
result.

Corollary 5.3. Consider any rate matrix Q € & and let p be an arbitrary probability
mass function on 2”. Then there is a unique Markov chain P € PM such that 7» = 7
and, forally € 27, P(Xp =y) = p(y). Furthermore, this unique Markov chain is well-
behaved and homogeneous.

Our next result strengthens this connection between well-behaved homogeneous
Markov chains and exponential transition matrix systems.

Theorem 5.4. For any well-behaved homogeneous Markov chain P € PWHM  there is
a unique rate matrix Q € % such that 7p = ,?QEI

Hence, any well-behaved homogeneous Markov chain P € PWHM s completely
characterised by its initial distribution and a rate matrix Q € %. We will denote this
rate matrix by Qp.

The dynamic behaviour of well-behaved homogeneous Markov chains is further-
more particularly easy to describe, as shown by the next result.

Proposition 5.5. Consider any well-behaved homogeneous Markov chain P € PWVHM

and let Qp € Z be its corresponding rate matrix. Then 97/ = d,. T/ = d_T = Qp and
r r_ r_
dT =0T =0T ={Qp}.
2 Although our proof for this result starts from scratch, this result is essentially well known. Our version

of it should be regarded as a (re)formulation that is adapted to our terminology and notation and, in particular,
to our use of coherent and/or full conditional probabilities.
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5.2 Non-homogeneous Markov chains

In contrast to homogeneous Markov chains, a Markov chain for which Equation (26)
does not hold is called—rather obviously—non-homogeneous. While we know from
Theorem that well-behaved homogeneous Markov chains can be characterised (up
to an initial distribution) by a fixed rate matrix Q € Z, this is not the case for well-
behaved non-homogeneous Markov chains.

Instead, such systems are typically described by a function Q; that gives for each
time point € R>¢ a rate matrix O, € Z. For any such function @, the existence and
uniqueness of a corresponding non-homogeneous Markov chain then depend on the
specific properties of Q;. Rather than attempt to treat all these different cases here, we
instead refer to some examples from the literature.

Typically, some kind of continuity of Q; in terms of ¢ is assumed. The specif-
ics of these assumptions may then depend on the intended generality of the results,
computational considerations, the domain of application, and so forth. For example,
Reference [1] assumes that Q; is left-continuous and has bounded right-hand limits.
As a stronger restriction, Reference [28] uses a collection Qy,...,Q, of commuting
rate matrices, and defines Q, as a weighted linear combination of these component rate
matrices wherein the weights vary continuously with 7. In Reference [36], a right-
continuous and piecewise-constant Q; is used, meaning that Q, takes different values
on various (half-open) intervals of R, but fixed values within those intervals.

This idea of using a time-dependent rate matrix Q; has the advantage of being
rather intuitive, but it is rather difficult to formalise. Essentially, the problem with this
approach is that it does not allow us to distinguish between left and right derivatives.
Intuitively, Q; is supposed to be ‘the’ derivative. However, this is impossible if Q; is
discontinuous—for example in the piecewise constant case. Therefore, in our present
work, instead of using a function Q;, we will characterise non-homogeneous Markov
chains by means of their transition matrix system and their initial distribution, making
use of the results in Proposition[5.1]and Theorem[5.2]

One technique for constructing transition matrix systems that is particularly import-
ant for our work, and especially in our proofs, is to combine restrictions of exponential
transition matrix systems to form a new transition matrix system that is, loosely speak-
ing, piecewise constant. Example [3.1| provided a simple illustration of this technique.
More generally, these transition matrix systems will be of the form

LT @
For example, the transition matrix systems .7}, i € Ny, that we defined in Equation (8)
are all of this form. As we know from Propositions and transition matrix
systems that are of this form are always well-behaved. The following result is therefore
a trivial consequence of Theorem[5.2]

Proposition 5.6. Let p be an arbitrary probability mass functionon 2", letu =ry,...,t,
be a finite sequence of time points in %4, and let Qy, ..., 0,11 € 2 be a collection of
rate matrices. Then there is a well-behaved continuous-time Markov chain P € P¥M
such that P(Xyp =y) = p(y) for all y € 2" and such that 9p is given by Equation 7).

6 Imprecise Continuous-Time Markov chains

In Sections 4] and [5] we formalised stochastic processes and provided ways to charac-
terise them. We now turn to the field of imprecise probability [4, 47 to formalise the
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notion of an imprecise continuous-time Markov chain. Basically, rather than look at
a single stochastic process P € P, we instead consider jointly some set of processes
& CP. We start by looking at how such sets can be described.

6.1 Sets of Consistent Stochastic Processes

Recall from Section [4.4] that for a given stochastic process P € PP, its dynamics can
be described by means of the outer partial derivatives ngf x, Of its transition matrices,
which can depend both on the time r € R>( and on the history x, € Z,. Furthermore,
we also found that—at least for well-behaved processes—these outer partial derivatives
are non-empty bounded sets of rate matrices. If all the partial derivatives of a process
belong to the same non-empty bounded set of rate matrices 2, we call this process
consistent with 2.

Definition 6.1 (Consistency with a set of rate matrices). Consider a non-empty bounded
set of rate matrices 2 and a stochastic process P € P. Then P is said to be consistent
with 2 if B

(Vt € Rso)(Vu € Uey)(Vxy € Z) : 9T, C 2.

txy =
If P is consistent with 2, we will write P ~ 2.

Thus, when a process is consistent with a set of rate matrices 2, we know that its
dynamics can always be described using the rate matrices in that set. However, we do
not know which of these rate matrices Q € 2 describe the dynamics at any given time
t € Rx>q or for any given history x, € .Z,. Furthermore, consistency of a process with
a set of rate matrices 2 does not tell us anything about the initial distribution of the
process. Therefore, we also introduce the concept of consistency with a set of initial
distributions .Z .

Definition 6.2 (Consistency with a set of initial distributions). Consider any non-empty
bounded set .# of probability mass functions on £~ and any stochastic process P € P.
We then say that P is consistent with .#, and write P ~ .# , if P(Xp) € A .

In the remainder of this paper, we will focus on sets of processes that are jointly
consistent with some given 2 and .#. However, rather than look at the set of all
processes consistent with some 2 and .#, we will instead consider the consistent
subset of some given set of processes & C P.

Definition 6.3 (Consistent subset of processes). Consider a non-empty bounded set of
rate matrices 2 and a non-empty set .# of probability mass functions on .2~ and a set
of stochastic processes & C IP. Then, the subset of & consistent with 2 and M is
denoted by #9_, and defined as

yQ’L%ZZ{Pey:PNQ7PN%}.

When .# is the set of all probability mass functions on 2", we will write &2 for the
sake of brevity.

For some fixed 2 and .#, different choices for & will result in different sets of
consistent processes &g _,. Three specific choices of &7 will be particularly import-
ant in this paper because, as we will now show, they lead to three different types of
imprecise continuous-time Markov chains.
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6.2 Types of Imprecise Continuous-Time Markov Chains

In Sections 4| and |5} we introduced three sets PV, PWM and PWHM of well-behaved
stochastic processes with different qualitative properties. PW is the set of all well-
behaved stochastic processes, P"M consists of the processes in P¥ that are continuous-
time Markov chains, and PWHM is the set of all homogeneous Markov chains that are
well-behaved, which is therefore a subset of P™M. We now use Deﬁnitionto define
three sets of consistent processes that also have these respective qualitative properties.

Definition 6.4 (Imprecise continuous-time Markov chain). For any non-empty bounded
set of rate matrices 2, and any non-empty set .# of probability mass functions on 2",
we define the following three sets of stochastic processes that are jointly consistent
with 2 and .-

° PYQY. o is the consistent set of all well-behaved stochastic processes;
o PYM s the consistent set of all well-behaved Markov chains;

o PYHM is the consistent set of all well-behaved homogeneous Markov chains.

We call each of these three sets an imprecise continuous-time Markov chain, and ab-
breviate this as ICTMC[|Following Definition[6.3] we will write P when we take .2
to be the set of all probability mass functions on 2, and similarly for PY™ and PYHM.

Since the sets PWHM PWM 45,qd PW are nested, it should be clear that this also true
for the corresponding types of ICTMC’s.

Proposition 6.1. Consider any bounded set of rate matrices .2, and any non-empty set
A of probability mass functions on .Z". Then,

WHM WM \%%
Pow CPo w CPo 4

Observe furthermore that for PgH}/\} and IP’ZZ%/Z, the extra properties of their ele-

ments allow us to simplify the notion of consistency in Definition [6.1} which leads to
the following alternative characterisations:

PYM, = (P PYM : (Vi € Rag) 9T/ C 2, P(Xo) € 4}, (28)

and
Py ={PePV™ . 0pc 2,P(Xo) € .M} .

This first equality follows from the Markov property of the elements of PYM, which
ensures that 9T v = JT!. The second equality follows from the Markov property and
the homogeneity of the processes P € PYHM, which, by Proposition [5.3] ensures that
T} = {Qp} for all t € Rxy.

The following example further illustrates the difference between the three types of
ICTMC’s that we consider.

3 For the set IPYQY‘ > one might wonder why we choose to call it an imprecise Markov chain, since it
contains processes that do not satisfy the Markov property. As we will see in Section this choice of
terminology is motivated by that fact that the set IP’YQV v itself—rather than its elements—satisfies a so-called
imprecise Markov property.
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Example 6.1. Let Q1 and O, be two different transition rate matrices and consider the
set 2 = {Q1,0,}. Let furthermore .# = {p}, with p an arbitrary probability mass
function on 5&”

The set PYY 2, /// M then contains exactly two stochastic processes P; and P, each of
which is a well-behaved homogeneous Markov chain. They both have p as their initial
distribution, in the sense that P; (Xy) = P»(Xo) = p, but their transition rate matrices Qp,,
i € {1,2}—whose existence is guaranteed by Theorem are different: Qp, = Q1,
and Qp, = O>. The transition matrix systems of the Markov chains P; and P, are
given by the exponential transition matrix systems .7, and .7, , in that order, and the
transition matrices of P; and P» are therefore given by thS = ¢2105-1) and ZTZS = ¢Q2(s—1 >,
respectively.

Since ]P’W D isa subset of PW . //[, each of the two homogeneous Markov chains Py
and P, belongs to PV . /// as well. However, P% 2, /// also contains additional processes,
which are not homogeneous and therefore do not belong to Pg@},’l For instance, for any
r> 0, it follows from Proposmon@]further on that there is a well-behaved continuous-
time Markov chain P € IP’ "y that has 9 (0.7 ® 9 ") a5 its transition matrix system.
This Markov chain is clearly not homogeneous because Ty = eQ1” is different from
T2 = 2", and therefore it does not belong to P¥M.

Since ]P’ 1s a subset of PV o each of the processes that we have considered so
far belong to the set PW .4 as well. However this latter set contains more comphcated
processes still. For instance, for any u € % and any x,,y, € 2, such that x,, # y,, P% 2.0
will for example contain a stochastic process P such that, for all # > u, 9T} e = ={01}
and 8Tfyu = {Q@>}. For all s >t > u, the history-dependent transition matrices T’
and 7%, of this process P will be given by 7, = e216-1) and I, = ¢2(-1)  which
implies that this process P does not satisfy the Markov property, and therefore, that it
does not belong to ]P’gl\f// O

Proposition 6.2. Consider any non-empty bounded set of rate matrices 2 and let .#
be any non-empty set of probability mass functions on Z". Then for any p € .#, any
ordered finite sequence of time points u = ty,...,t, in % and any collection of rate
matrices Qo,...,0nt1 € 2, there is a well-behaved continuous-time Markov chain
P e PYM, such that P(Xo = y) = p(y) for all y € 2" and such that Jp is given by

Equation (27).

We conclude this section with some notes about closure properties of the different
types of ICTMC’s that we consider, which are particularly useful for existence proofs.
In particular, we focus on closure properties under recombination of known elements—
colloquially, the “piecing together” of two or more processes to construct a new process
that belongs to the same ICTMC.

The example above already suggested how to do this for P¥ 9, %, by combining
two well-behaved homogeneous Markov chains Pj, P, € PVHM o form a new process
P € PWM_ Similarly, but more generally, for any two processes Pj, P> € PY . ///, we
can combine their transmon matrix systems %1 and %2 to construct a new transition
matrix system .7 = yp 07 &) Tp, ") with r > 0 chosen arbitrarily. Theorem [5.2]then
guarantees that there exists a Markov chain P such that 7p = .7 and P(Xp) = P;(Xp).
It is straightforward to verify that, because P;,P, € IF’Z’QY}?’[///, also P € IP’:%’E’[%; we leave
this as an exercise for the reader.

Clearly, a similar procedure is impossible for IP’Z‘ZIH}/\//I, because the combination of
two processes would make the resultant one lose the homogeneity property, which is
required to be an element of P"Y.
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However, for our most general type of ICTMC, which is PY 2.0 it turns out to be
possible to recombine elements in an even more general, history- dependent way. That
is, if 2 is convex, then it is possible, for fixed time points u € %, to choose for every
history x,, € 2, a different process Py, € ]P’SQYH - and to recombine these into a process
P that agrees with these Py, conditional on the specific history x,. Furthermore, the
distribution on the time points « can be chosen to agree with any element Py € P 2.0
The following result guarantees that this new process P will again belong to Py 2.0

Theorem 6.3. Consider a non-empty convex set of rate matrices 2 C %, and any non-
empty set .# of probability mass functions on 2. Fix a finite sequence of time points
u € % . Choose any Py € Py .. and, forall x, € Zu» choose some P,, € PY ..y~ Then
there is a stochastic process PecPY 2.0 such that, for all uy,up; C u such that u; < us,
all x, € Z,and all A € &7,

P(Xu2 = Xu, |Xul = xul) =h (Xuz = Xu, |Xu1 = Xy, ) (29)
and
PAIX, =xy) = P, (A1 Xy = xy). (30)

6.3 Lower Expectations for ICTMC’s

From a practical point of view, after having specified a (precise) stochastic process, one
is typically interested in the expected value of some function of interest, or the probab-
ility of some event. Similarly, in this work, our main objects of consideration will be
the lower and upper expectations and lower and upper probabilities that correspond to
the ICTMC’s that we introduced in the previous section.

Definition 6.5 (Lower Expectation). For any non-empty set of stochastic processes
& C P, the (conditional) lower expectation with respect to &7 is defined as

E[-|-] =inf{Ep[-|-] : P€ 2}, €y

where Ep[- | -] denotes the (conditional) expectation taken with respect to P.
In particular, for any non-empty bounded set of rate matrices 2 and any non-empty
set ./ of probability mass functions on Z°, we let

EY 4[] =inf{Ep[-|]: PEPY ,}, (32)

and similarly for E% Ey /// and EWHM If A is the set of all probablhty mass functions
on 3&” then as in Deﬁnltlon | we will write B E 5 instead of EY E% - and similarly for

EY Ey M and EWHM.

Upper expectations can be defined analogously, simply by replacing the infimum
by a supremum: E[-|-] = sup{Ep[-|-] : P € &}. However, there is no need to study
these upper expectations separately, because they are in one-to-one correspondence
to lower expectations through the conjugacy relation E[-|-] = —E[— - |-]. Lower and
upper probabilities also have analogous definitions. However, these too do not need
to be studied separately, because they correspond to special cases of lower and upper
expectations. For example, for any u € %, x, € 2, and A € «7,, we have that

P(A|X, =x,) =inf{P(A|X, =x,): P € P}
—inf{Ep[Ls|X, = x]: P € P} = E[L4|X, = x, (33)
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and similarly, we also have that P(A|X, = x,) = E[I4|X, = x,], which, due to conjugacy,
implies that P(A|X, = x,) = —E[—I4|X, = x,]. Hence, from a computational point of
view, it clearly suffices to focus on lower expectations, which is what we will do in the
remainder of this work.

In particular, one of the main aims of this paper is to provide methods to compute
lower expectations for the different types of ICTMC’s that we have introduced in Sec-
tion however, as we will see at the end of this section, doing this for the set PgH}}
is particularly difficult. We will therefore largely focus on performing these computa-
tions for the ICTMCs PY) , and PY",. We start by giving some useful properties of
the three types of lower expectations that we are interested in.

First of all, it can be shown that if 2 is a non-empty, bounded, convex and closed
set of rate matrices, then the conditional lower expectations EY%, EWM and E%™ are
actually minima—rather than infima—because they are always reached by some ele-
ment of their corresponding ICTMC. However, the proof of this claim is rather involved
and requires some technical machinery that is outside of the scope of this paper; we
intend to publish these and related results separately in future work.

Moving on, we know from Section that the sets Pg%, Pgl\‘/[// and PY@J“ oy are
nested subsets of each other. As an immediate consequence, their corresponding lower
expectations provide (lower) bounds for each other.

Proposition 6.4. Consider any non-empty bounded set of rate matrices 2, and any
non-empty set .# of probability mass functions on .Z". Then,

EY 4[] <EZY/ [ <ESY[.

Generally speaking, the inequalities in this proposition can be—and often are—
strict; for the first inequality, we will illustrate this further on in this section, in Figure
whereas for the second inequality, this can be seen by comparing Examples[9.1]and[9.2]
in Section

For now, we first provide a useful property of the lower expectation Eg _y that
corresponds to ]P"g“ - To this end, consider a function f € Z(Zuowow) defined on the
union u UvUw of three finite sets of time points u,v,w € % such that u <v <w. It
then follows from the basic properties of expectations that for any stochastic process
P, the corresponding expectation of f, conditional on X,,, decomposes as follows:

EP[f(XuanXW) |Xu] = EP [EP[f(XuanXw) |XLl7XV] ‘Xu} . (34)

This equality is well-known, and is called the law of iterated expectation. Rather re-
markably, if 2 is convex, then the lower expectation EY@V _y satisfies a similar property.
The proof for this so-called law of iterated lower expectation is based on Theorem 6.3]

Theorem 6.5. Let 2 be an arbitrary non-empty, bounded, and convex set of rate
matrices, and consider any non-empty set .# of probability mass functions on 2.
Then for any u,v,w € % such that u < v < w and any f € Z(Zuvuw):

E:g”// [f(XLan;Xw) ‘Xu] = E?@/’// E:g,// [f(XLan;Xw) ‘Xuaxv}

xu} . (35

The reason why this result is useful, is because it essentially allows us to compute
lower expectations recursively. In particular, instead of computing a lower expectation
for all time points simultaneously, we can focus on each of the time points separately,
and eliminate them one by one. We will revisit this idea in Section [0} where we will
use it to develop efficient algorithms.
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For now, we would like to draw attention to the fact that Theorem@relies heavily
on the fact that the individual elements of Pgﬁ  do not need to satisfy the Markov
property, in the sense that they can have history-dependent probabilities. Therefore,
unfortunately, the result in Theorem [6.3] does not extend to ERYM, or EWHM. Since
Theorem [6.5] simplifies considerably the process of computing the lower expectation
Eg - this suggests that the qualitative differences between the three types of ICTMC’s
that we consider make some of their corresponding lower expectations harder to com-
pute than others. In fact, we will show in Section g that Pgu . is in some sense the
easiest set to do this for, exactly because of Theorem|[6.5]

Furthermore, rather ironically, computing lower expectations for the set IP’WHM
which, intuitively, is the simplest of our three types of ICTMC’s—seems to be much
harder than for the sets IP’W 9ou OF PY 2.4 The problem is, essentially, that while ho-
mogeneous Markov chains are easy to work with numerically, the set IP)Z%’H% does not
provide enough “degrees of freedom” to easily solve the optimisation problem that is
involved in computing £ IEW . The following serves as an illustration.

Suppose that we want to compute the lower expectation EWHM[ (X:)| Xo = xo) of
some function f € Z(Z") at time ¢, conditional on the information that the state X, at
time O takes the value xo € Zp. It then follows from Definition Remark [4.1] and
Proposition [5.5] that

BRI (X0) | Xo = xo] = inf {Ep[f(X,) | Xo = x0] : P € PYY
=inf {[¢% f](xo) : P€ P}
= inf {[¢? f](x0) : Q € 2}.

Therefore, computing ]EWHM[ f(X;)|Xo = xo] is at its core a non-linear, constrained
optimisation problem over the set .2, where the non-linearity stems from the term e?',
and the specific form of the constraints depends on the choice of 2. The following
example illustrates the non-linearity of this type of optimisation problem in a simple
case.

Example 6.2. Consider an ordered ternary state space 2 = {a,b,c}, let f € L(Z")
be defined as f = [1 0 2] "—in the sense that f(a) := 1, f(b) =0 and f(c) == 2—and
consider the set of transition rate matrices

—A A 0
2= 0 —0.01 0.01 | :2€[0.01,0.5]
0 0 0

Every process P in the imprecise Markov chain P¥Y is then a homogeneous Markov
chain of which the unique transition rate matrix Q is completely determined by some
A in [0.01,0.5]. Furthermore, as we know from Remark [4.1]and Theorem5.4] the con-
ditional expectation Ep[f(X;)|Xo = a] that corresponds to this homogeneous Markov
chain is equal to [¢2 f](a). Due to this equality, it is a matter of applying some basic—
yet cumbersome—algebra to find that

-At _ 1000 —1/100
24e M 428 ¢ if A € (0.01,0.5]

Eplf (%)Xo = a] = o
20 _ %te*’/‘w if L =0.01.
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Fig. 1: Plot of the induced set of expected values Ep[f(X;)|Xo = a, for time points
t € [0,100], corresponding to all P € P%HM obtained as we vary A € [0.01,0.5].
Observe that the lower expectation with respect to this set is initially reached
by choosing A = 0.5. This changes around the time point # ~ 6.6, after which
the minimising value of A becomes a (changing) internal point of the interval
[0.01,0.5]. The dashed line corresponds to the lower expectation with respect
to the sets PYM and P¥, which also include non-homogeneous Markov chains
and, for IF’YQ}’, even more general processes. Note that the lower expectations
with respect to ]P’gHM, PzM and Pz are all equal for r < 6.6. However, as time
evolves further, the lower expectation with respect to PY@VHM starts to diverge
from the other two.

Obtaining the value of EgH% [f(X;)| Xo = a] now corresponds to minimising this ex-

pression as A ranges over the interval [0.01,0.5]. Figure [1] illustrates that, even in
this simple ternary case, this minimisation problem is already non-trivial, because—
depending on the value of 7—the minimum is not guaranteed to be obtained for one of
the end points of [0.01,0.5], but may only be achieved by an internal point.

Nevertheless, in this simple case, E% ' [f(X;)|Xo = a] can of course be closely
approximated by taking a very fine discretisation of the interval [0.01,0.5], and per-
forming an exhaustive search through this discretised parameter space to estimate the
value of the lower expectation and the range of (precise) expectations that can be ob-
tained within the set; this leads to the solution that is depicted in Figure m

Figure 1|also depicts EY™, [f(X;)|Xo = a] and Eg w1 f(X:)| Xo = a], which hap-
pen to coincide. The reason why they coincide in this case, and the method by which we
have computed them, will be explained in Section@ For now, it suffices to notice that
for large enough values of ¢, their common value differs from EY@"H% [f(X) | X0 = al,
thereby illustrating that the first inequality in Proposition [6.4]can indeed be strict. ¢

While this example shows that for sufficiently “nice” sets 2 and in low dimen-
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sions, a “discretise and exhaustive-search” method allows us to numerically solve the
type of non-linear optimisation problems that are associated with EY@JH%, the computa-
tional complexity of such an approach will in general quickly explode as the size of .2~
increasesﬂ Since we are not aware of other computational methods, this suggests that
computing lower expectations for ICTMC'’s that are of the type IF’VQ"H% is typically very
difficult, and it will therefore often be necessary to resort to approximation methods.
For the particular case where 2 corresponds to an interval matrix, such methods have
been explored in, for example, References [21] and [34].

In the remainder of this paper, we will not consider ICTMC’s that are of the type
]P’gH% Instead, we will focus on the lower expectanons EY Ey. /// and EY E5_, that corres-
pond to ICTMC’s that are of the type P% . // or PW 2.0 and we will develop efficient
methods for computing them. In order to do that, we start by introducing the notion of
a lower transition operator.

7 Towards Lower Transition Operators for ICTMC’s

As explained in Remark the transition matrix 7;° of a stochastic process P serves
as an alternative representation of the expectation operator Ep[f(X;)|X;], in the sense
that

[T fl(x) =Ep[f(X;) | Xy = x;] forall f € L(Z) andx; € 2. (36)

Furthermore, if P is a well-behaved homogeneous Markov chain, then as explained in
Section 17 is completely determined by a unique transition rate matrix Q, in the
sense that T° = ¢@(~1),

We will in this section introduce a generalisation of these transition matrices and
transition rate matrices, called lower transition operators and lower transition rate
operators, respectively. Furthermore, and most importantly, we will introduce the no-
tion of a corresponding lower transition operator, which, much like in the precise
homogeneous case, will be completely determined by some given lower transition rate
operator.

Further on in this paper, we will then show that this type of lower transition op-
erator serves as an alternative representation for the lower expectations of imprecise
continuous-time Markov chains, thereby establishing an analogy with Equation (36).
However, for now, in this section, we focus on introducing the relevant concepts, and on
deriving this operator of interest. We end in Section [7.4] by showing that this operator
satisfies a number of convenient properties.

7.1 Lower Transition Operators

The central concept that we will be interested in throughout this section is that of a
lower transition operator 7 .

Definition 7.1 (Lower Transition Operator). A map T from .Z (%) to Z(Z") is called
a lower transition operator if, for all f,g € £ (Z),all L € R>g, and all x € 2"

LT1: [T f](x) > min{f(y): ye Z'};

4 In the sense that in general, the dimensionality of the parameter-space grows quadratically in the number
of states—since the number of elements of a rate matrix grows quadratically in this number, and we are
considering sets of rate matrices—and hence the size of any discretisation of this parameter space (for a
given precision) scales exponentially in |2 \2. Clearly, performing an exhaustive search through such a
discretised parameter-space will quickly become infeasible.
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LT2: [L(f+8)](v) > [Z](x) +[Lg] (x):
LT3: [L(Af)] (x) = A[Lf] ().

We will use T to denote the set of all lower transition operators.

Such lower transition operators furthermore satisfy the following properties—see
Reference [13] for a proof. For any lower transition operator T, any f, fi, f» € £(Z),
any i € R and any two non-negatively homogeneous operators A, B from £ (2") to
L(X):

LT4: |T||<1;

LT5: fi>fo = TH >1f;
LT6: T(f+u)=T(f)+u;
LT7: |[TA—-TB| <|A—B|.

Proposition 7.1. For any two lower transition operators T',S € T, their composition
T S is again a lower transition operator.

The first thing to note is that any transition matrix 7' will also satisfy properties[CT I}
ILT3] and hence is also a lower transition operator. It is therefore clear that lower
transition operators are a generalisation of transition matrices.

A first way to motivate this specific generalisation is to note the following. For
any lower transition operator T and any x € 2, consider the map T, : £ (Z") — R,
defined for all f € Z(27) as

Tof = [Lf)(x). (37)
Due to properties it then follows that T, is a map from .Z(2") to R that is
super-additive, non-negatively homogeneous, and bounded below by the minimum op-
erator. By definition [47) Definition 2.3.3], that means that T, is a coherent lower previ-
sion on £ (Z"). Note that the term “prevision” here is a synonym for “expectation”—
be it with a different interpretation attached to it—so this essentially states that 7', is a
“coherent lower expectation” on .Z(Z").
For the reader that is unfamiliar with this notion of coherent lower previsions, this

is perhaps best clarified as follows. Consider some arbitrary set .# of probability mass
functions on £, and consider amap E : £ (.2") — R, defined for all f € £ (%) as

Ef::inf{ Z p(x)f(x) :pE//l}.

xeZ

We call this map E the lower envelope of ., and it should be clear that this map
computes a lower expectation with respect to .#. Furthermore, note that for any p €
M, the quantity ¥ - p(x)f(x) is bounded from below by min{f(y):y € 2"}, and
since this is true for any p € ., it follows that Ef is also bounded below by this
minimum. Similarly, it is easily verified that E is super-additive and non-negatively
homogeneous, due to the properties of the inf operator. Hence, by the definition cited
above, the lower expectation operator £ that corresponds to .# is a coherent lower
prevision on .Z(%").

Our consideration of the coherent lower prevision T, above is essentially the same
idea, but without considering explicitly any link to some set of probability mass func-
tions .. Suffice it to say that, for any coherent lower prevision T',, such a set ., will
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always exist [25, Section 10.2]. It should furthermore be noted that the qualifier “co-
herent” here has connections to the notion of coherence that appeared in Section [4.1]
and that it can be given a direct gambling interpretation that resembles the one in Ap-
pendix [Hf we refer to [43] 47| for further discussion on this.

In any case, for our present purposes, it suffices to realise that, because T, is a
coherent lower prevision for any x € .2, the lower transition operator T can be seen as
a vector of coherent lower previsions. Therefore, and because each of these coherent
lower previsions T, has some set .#, of probability mass functions of which T, com-
putes the lower envelope, we can combine these sets of probability mass functions to
form a set of transition matrices

Tr={TeT: (Vxe 2)T(x,") € 4}
of which T is the lower envelope, in the sense that
[Tfl(x)=inf{[Tf](x) : T €Ty} forall fe L (X )andxec Z .

Due to the correspondence between transition matrices and conditional expectation
operators—see Remark [4.T}—it should therefore be clear that lower transition operators
are an intuitive starting point to try and find alternative characterisations for the lower
expectations that correspond to an ICTMC. What remains is to find the specific lower
transition operator 7 whose set of dominating transition matrices Tr corresponds to
the set of transition matrices that is induced by a given ICTMC; the remainder of this
section will provide the machinery required to do this.

We conclude with the following result about the set T of all lower transition op-
erators, which states that this set is a complete metric space with respect to our usual
norm.

Proposition 7.2. The metric space (T,d) is complete with respect to the metric d that
is induced by our usual norm ||-|.

7.2 Lower Transition Rate Operators

We next focus on the generalisation of transition rate matrices Q to lower transition
rate operators Q as follows.

Definition 7.2 (Lower Transition Rate Operator). A map Q from £ (2") to £ (2")
is called a lower transition rate operator if, for all f,g € L(Z"), all A € Rxy, all
constant functions 4 € Z(%2"), and all x € Z":

LR1: [Qu] (x) =0;

LR2: [QL,] (x) >0 forall y € 2 such thatx # y;
LR3: [Q(f+8)] (x) > [Qf] (x) + [Qg] (x):
LR4: [Q(AN)] (x) = A [0f] (x)

Such lower transition rate operators furthermore satisfy the following properties—see
Reference [13]] for a proof. For any lower transition rate operator Q and any two non-
negatively homogeneous operators A, B from £ (%2") to Z(%Z'):

LRS: ||Q]| < 2max {|[QL](x)| : x € 27} < +eo;
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LR6: [0~ 08]| <2@]|Ja~B].

Note that properties [LRT|and essentially preserve properties [RT) and [R2|from
Definition[3.2] The main difference lies in the fact that a rate matrix Q is a linear map,

whereas properties and merely require that a lower transition rate operator
Q is super-additive and non-negatively homogeneous. Therefore, every rate matrix is
clearly a lower transition rate operator, with the latter concept providing a generalisa-
tion of the former.

A first reason why this specific generalisation is of interest, is because it preserves
the relation between transition matrices and rate matrices that was established in Pro-
positions and Indeed, the following two results generalise these relations to
our current setting.

Proposition 7.3 (Reference [13 Proposition 5]). Consider any lower transition rate
operator Q, and any A € R such that A||Q|| < 1. Then the operator (I+AQ) is a
lower transition operator.

Proposition 7.4 (Reference [[13, Proposition 6]). Consider any lower transition op-
erator T, and any A € R-¢. Then the operator I/A(T —1I) is a lower transition rate
operator.

Now, in our discussion of lower transition operators in Section we mentioned
that lower transition operators can be interpreted as the lower envelope of a set of
transition matrices. As we are about to show, there is a similar connection between
lower transition rate operators and sets of rate matrices.

So consider any non-empty bounded set 2 C % of rate matrices. Then for any
feZ(Z),if we let

[Of](x) =inf{[Qf](x): Q€ L} forallx e 2, (38)

the resulting function Qf is again an element of £ (%2 )E] and therefore, Q is a map
from .2 (%) to £(2°). We call this operator Q, as defined by Equation (38), the
lower envelope of 2. It is a matter of straightforward verification to see that Qisa
lower transition rate operator.

Proposition 7.5. For any non-empty bounded set 2 C Z of rate matrices, the cor-
responding operator Q: Z(2") — £ (%), as defined by Equation (3§), is a lower
transition rate operator.

Inspired by this result, we will also refer to the lower envelope of 2 as the lower
transition rate operator that corresponds to 2. However, this correspondence is not
one-to-one. As the following example establishes, different non-empty bounded sets
of rate matrices may have the same corresponding lower transition rate operator.

Example 7.1. For the sake of simplicity, we assume that the state space 2~ has only
two elements, which allows us to work with 2 x 2 matrices. Consider now two rate

matrices
-1 1 -3 3
A.:[ ) _2] and B.:{ 1 _1},

3 Since 2 is bounded, [N11|implies that, for all © € 2, [|Qf]| < |2l I£]| < | 2|l If]| < -+oo. Therefore,
and since 2 is non-empty, the components of Qf are bounded below by — || 2|||| f||, which implies that O f
is a real-valued function on 2.
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let C := 1/2(A + B) be their convex mixture, which is clearly also a rate matrix, and use
these matrices to define the sets 2 = {A,B} and 2, := {A,B,C}. Then clearly, 2,
and 2, are two different, non-empty and bounded sets of rate matrices. Let 9, and
O, be the lower transition rate operators that correspond to 2 and 2, respectively.
Then as we prove in Appendix[I| these lower transition rate operators are identical, i.e.

0,=0, O

Of course, this should not really be surprising—Example[7.1]|essentially establishes
that different sets can have the same infimum. However, it does lead to a natural ques-
tion: what do these different sets have in common?

Therefore, we next consider some fixed lower transition rate operator Q. All the
non-empty bounded sets 2 of rate matrices that have Q as their lower envelope then
share a common property: they consist of rate matrices Q that dominate Q, in the sense
that Of > Qf for all f € .Z(Z"). Therefore, each of these sets 2 is contained in the
following set of dominating rate matrices:

Q9 ={QeZ: 0f >Qf forall fe Z(Z)}. (39)

As our next result shows, this set 2 is non-empty and bounded, and has Q as its lower
envelope. Even stronger, the infimum in Equation (38)) is reached—can be replaced by
a minimum.

Proposition 7.6. Consider a lower transition rate operator Q and let 2 be the cor-
responding set of dominating rate matrices, as defined by Equation (39). Then 2o
is non-empty and bounded and, for all f € £ (2"), there is some Q € Qg such that

of = 0f.

Because of this result, and since—as discussed above—every non-empty bounded set
of rate matrices that has Q as its lower envelope is a subset of QQ, it follows that QQ
is the largest non-empty bounded set of rate matrices that has Q as its lower envelope.
Furthermore, as we show in Proposmon n below, this set QQ is also closed and
convex, and has what we call separately specified rows.

Intuitively, we say that a set 2 of rate matrices has separately specified rows if it is
closed under taking arbitrary combinations of rows from its elements. More formally,
if for every x € 2" we let 2y = {Q(x,-) : Q € 2} denote the set of x-rows of the
matrices in 2, then we say that 2 has separately specified rows if 2 contains every
matrix Q that can be constructed by selecting, for all x € 27, an arbitrary row Q(x,-)
from 2,.

Definition 7.3. A set of rate matrices 2 C Z has separately specified rows if
2={0e€Z: (Vxe X)0(x,") € 2},

where, forevery x € 27, 2, = {Q(x,-): Q € 2} is some given set of rows from which
the x-row Q(x,-) of the rate matrices Q in 2 is selected, independently of the other
rows

Proposition 7.7. Consider a lower transition rate operator Q and let Z¢ be the cor-
responding set of dominating rate matrices, as defined by Equation (39). Then g is
closed and convex, and has separately specified rows.

6 This concept is related to the separately specified local models that are often used in credal networks
—see, e.g., Reference [11]—and, for readers that are familiar with the literature on this latter subject, can be
regarded as the continuous-time analogue of this notion.
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These additional properties characterise 2y completely, in the sense that no other set
satisfies them.

Proposition 7.8. Consider any non-empty, bounded, closed and convex set of rate
matrices 2 C % with separately specified rows that has Q as its lower envelope. Then
2=29.

Example 7.2. Let 2; and 2, be constructed as in Example andlet Q=0 =0,
be their common lower transition rate operator. As we are about to show, the corres-
ponding set of dominating rate matrices 2 is then equal to

2 ={QeR: (Vxe 2)0x,) € 2.}, (40)
where, for all x € 27, 2, is given by
2= {AA(x) + (1 - A)B(x,) : A € [0,1]}. (41

First of all, as we shown in Appendix EI, @ is also the lower transition operator
corresponding to 2*. Furthermore, 2* is clearly non-empty, bounded, closed, con-
vex, has separately specified rows and, as we have just mentioned, has Q as its lower

transition rate operator. Therefore, by Proposition it follows that 2% = 2. O

We conclude from all of this that non-empty bounded sets of rate matrices are
more informative than lower transition rate operators, in the following sense. Different
non-empty bounded sets of rate matrices 2 may have the same lower transition rate
operator Q and therefore, in general, knowledge of Q does not suffice to reconstruct 2;
we can only reconstruct an outer approximation 2, which is guaranteed to include 2.
This changes if, besides non-empty and bounded, 2 is also closed and convex and has
separately specified rows. In that case, Q serves as an alternative representation for
2 because, since £ = 2, we can use Q to reconstruct 2. In other words: there is
a one-to-one correspondence between lower transition rate operators and non-empty,
bounded, closed and convex sets of rate matrices that have separately specified rows.

7.3 Corresponding Lower Transition Operators

Proposition already established that we can fairly easily construct a lower trans-
ition operator from a given lower transition rate operator Q: if A > 0 is sufficiently
small, then 7+ AQ will be a lower transition operator. In this section, we construct
a somewhat more complicated lower transition operator from a given lower transition
rate operator, and it is this specific lower transition operator on which we will focus
for the remainder of this work. In particular, we will introduce the lower transition
operator corresponding to a given lower transition rate operator.

To this end, we will assume here that we are given some arbitrary lower transition
rate operator Q, and any two time points 7,s € R>¢ such that 7 <'s. For any u € %;
such that u =1y, ... ,t,, we then define the auxiliary operator

n

@, =[] +40), (42)

i=1

where, as in Section forevery i € {1,...,n}, A; = t; — t;_ denotes the difference
between two consecutive time points in u, and o (u) = max{A; : i € {1,...,n}} is the
maximum such difference. Clearly, if o (u) is small enough, Proposition guarantees
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that each of the terms / + A;Q is a lower transition operator, and it then follows from
Proposition that ®,—since it is a composition of lower transition operators—is
also a lower transition operator. The so-called lower transition operator corresponding
to Q will be defined below as the limit of these lower transition operators ®,,, obtained
as we take u to be an increasingly finer partition of the interval [,s].

Howeyver, before we can do that, we first need to establish that this limit indeed
exists. To this end, we start by providing a bound on the distance between two operators
®$, and ;.

Proposition 7.9. Consider any 7,5 € R>o with# <s, any 8 € R~ such that § HQH <1,
and any u,u* € %; 5 such that 6(u) < 6 and o(u*) < 6. Let C := s —t. Then

1B, — @, || < 25¢]|Q| -

Note, therefore, that the distance |®, — @, || vanishes as we make ¢ (u) and o (u*)
smaller and smaller. This allows us to state the following result.

Corollary 7.10. For every sequence {u;};cn in % 4 such that lim; .. 6 (u;) = 0, the
corresponding sequence {®,, };cy is Cauchy.

Since we already know that, for partitions u that are sufficiently fine, ®, is a lower
transition operator, Proposition now implies that this Cauchy sequence converges
to a limit, and that this limit is again a lower transition operator.

Corollary 7.11. For every sequence {u; };cn in % 4 such that lim; . 6 (1;) = 0, the
corresponding sequence {®,, };ciy converges to a lower transition operator.

Finally, as our next result establishes, this limit is unique, in the sense that it is
independent of the choice of {u;}cn.

Theorem 7.12. For any t,s € R>¢ such that# < s and any lower transition rate operator
Q, there is a unique lower transition operator ' € T such that

(Ve > 0)(38 > 0) (v € %: 0(u) <) T~ @y <e. 43)

Note that the € — & expression in Theorem is a limit statement. Specifically,
it is a limit of operators ®, corresponding to increasingly finer partitions « of the in-
terval [¢,s]. In the sequel, whenever such a unique limit exists and equals some lower
transition operator 7', we will denote it as

lim {®,:uc g;=T. 44

G(M)%O{ u [t,s]} E (44)

Here, the notation is understood to indicate that the limit of these operators ®,, is inde-
pendent of the exact choice of {u;}cn in % 4, so long as lim; . & (u;) = 0.

We are now ready to define the lower transition operator corresponding to Q,

which is the operator in which we will be interested for the remainder of this work.

Definition 7.4 (Corresponding Lower Transition Operator). Consider any ¢,5 € R>g
such that < s and let Q be an arbitrary lower transition rate operator. The correspond-
ing lower transition operator L is a map from £ (2") to £ (Z"), defined by

L = lim {Cbu Tue %[t,s]}a

o(u)—0

where the limit is understood as in Equation (4.
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7.4 Properties of Corresponding Lower Transition Operators

We will next establish that this operator L] satisfies a number of convenient properties.
In particular, we will focus on the family .7, of lower transition operators correspond-
ing to a given lower transition rate operatorQ.

Definition 7.5 (Lower Transition Operator System). Let Q be an arbitrary lower trans-
ition rate operator. Then, the lower transition operator system corresponding to Qis
the family 7, of lower transition operators Lj corresponding to Q, defined for all
t,s € Rsg, with t <, as in Definition [7.4

Our first result is that this family 7, satisfies the same semi-group property that
was found to hold for the transition matrix system .7p of a Markov chain P € PM in
Section[3

Proposition 7.13. Let Q be an arbitrary lower transition rate operator, and let .7, be
the corresponding lower transition operator system. Then, for all ¢, 7,s € R>( such that
t <r<g, it holds that

L;=L/L.

Furthermore, for all ¢ € R>, we have that L = 1.
Our next result is that this family .7, is time-homogeneous:

Proposition 7.14. Let Q be an arbitrary lower transition rate operator, and let .7, be
the corresponding lower transition operator system. Then, for all #,s € R>( such that
t <, we have that L{ = L.

Finally, we find that the derivatives of these lower transition operators always exist,
and that they furthermore satisfy the following simple equalities.

Proposition 7.15. Let Q be an arbitrary lower transition rate operator, and let .7, be

the corresponding lower transition operator system. Then, for all #,s € Rx such that
t <, it holds thaf/]

d d

EL,S =—QL} and XL,S =QL;.

We would like to point out here that the derivatives in this result are not taken
pointwise, but are taken with respect to the operator norm. For example, for t = 0 and
s > 0, Proposition does not state that

d
%Lf)f:QLf)f forall f € £(2), (45)
but rather that
"
. _orsll —
ill}l}) A QLy 0. (46)

Of these two statements, the latter is the strongest one, in the sense that it trivially
implies the former. Hence, although from an intuitive point of view, the reader may

TIf 0 =1 < s, the derivative with respect to 7 is taken to be a right derivative. If t = s, the derivative with
respect to s is taken to be a right derivative and the derivative with respect to ¢ is taken to be a left derivative
(or becomes meaningless if t = 0).
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wish to interpret the results in Proposition as in Equation (@5)—which would be
correct—one should keep in mind that from a technical point of view, the result is in
fact stronger, and is intended to be read as in Equation (46).

It is also worth noting that, as a consequence of Propositions and the
operator L{ satisfies the following differential equation:

d .
gLf:QL‘;, L=1I.
Observe, therefore, the strong correspondence between the operator L; corresponding
to some Q, and the matrix exponential €201 of a rate matrix Q € Z. In particular, as
is very well known [45], Equation 4.4], this matrix exponential is the unique solution of
the differential equation

9061 _ 06— Q-1 .

ds
Now, recall that any rate matrix Q is also a lower transition rate operator. It then follows
from the above that the lower transition operator L; that corresponds to this Q = Q is
given by L} = ¢26~1) Hence, more generally, L can be regarded as a generalised
version of the matrix exponential of a transition rate matrix, and—with some slight
abuse of terminology—can be considered to be the ‘matrix exponential’ of the lower
transition rate operator Q.

Another closely related observation is that, if Q = Q for some Q € %, then the
family 7, is equal to Jp, which is the exponential transition matrix system from
Definition [3.5] that, by Corollary [5.3] is known to correspond to a well-behaved ho-
mogeneous Markov chain P € PV"M. Interestingly, then, the family .7, maintains
the convenient properties of differentiability, time-homogeneity, and “Markovian-like”
factorisation, when instead of some rate matrix Q we replace it by a lower transition
rate operator Q.

Mathematical niceties aside, we are of course not really interested in the trivial case
where O = Q. Instead, we wish to use the lower transition operator L to compute lower
expectations for imprecise continuous-time Markov chains. We will show in the next
section that this is indeed possible.

8 Connecting ICTMC’s and Lower Transition Operators

As we know from Section lower transition operators are essentially just lower
envelopes of transition matrices. Combined with the fact that transition matrices are
a convenient tool for representing and computing expectations in a Markov chain, it
seems intuitive to expect that, similarly, lower transition operators can be used to rep-
resent and compute lower expectations in an imprecise Markov chain. We will show in
this section that this is indeed the case.

In particular, we establish in this section that for ICTMC’s that are of the type P%,™,
or Pg“ > With 2 having separately specified rows, we can use the lower transition
operator L{ to represent and compute conditional lower expectations of functions f(X;)
that depend on the state X; at a single time point s in the future. The treatment of more
general functions is deferred to Section[9]
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8.1 Lower Transition Operators as a Representational Tool

In order to establish a connection between the operator L and the lower expectations
that correspond to an ICTMC, it is important to realise that the latter is derived from a
set 2 of transition rate matrices—as in Definition [6.4—whereas the former is derived
from a lower transition rate operator Q—as in Definition [7.4] n Therefore, we clearly
need to start by creating a link between 2 and Q. Fortunately, we have already seen
in Section [7.2] that there is a strong connection between sets of rate matrices 2 and
lower transition rate operators Q. In particular, any set 2 has a corresponding lower
transition rate operator Q, which computes the lower envelope with respect to 2, as in
Equation (38). It is exactly this connection between sets of transition rate matrices and
lower transition rate operators that we will use here to establish a connection between
the operator L; and the lower expectations that correspond to an ICTMC.

To start with, as the following result shows, for any lower transition rate operator
Q, the corresponding lower transition operator Lj provides a lower bound on the condi-
tional expectations Ep[f(X;)|X; = x;,X,, = x,,] of any well-behaved stochastic process
Pc PYQ" that is consistent with a set of rate matrices 2 that has Q as its the lower
envelope. a

Proposition 8.1. Consider a non-empty bounded set of rate matrices 2 whose cor-
responding lower transition rate operator is Q, and let .7 Zo be the corresponding lower
transition operator system. Then, for any P € P%, any ¢,s € R>¢ such that t < s, any
UE Uey,anyx, € & and x, € 2, and any f € L(2):

Epf(Xs) | X = X1, Xu = xu] > [Lj f](x2).

Notice that this result is stated for stochastic processes P in P¥, whose initial dis-
tributions P(Xp) are not required to belong to some given set of initial distributions .7
However, of course, since ]P’YQ" " is a clearly a subset of PW. the same result also holds
for any choice of such ..

Our next result establishes that the bound in Proposition is tight if 2 has sep-
arately specified rows. Specifically, we show that L;f can then be approximated to
arbitrary precision by carefully choosing a Markov process P from the set P 2, %

Proposition 8.2. Let ./ be a non-empty set of probability mass functions on .27, let
2 be a non-empty bounded set of rate matrices that has separately specified rows, with
corresponding lower transition rate operator Q, and let 7, be the corresponding lower
transition operator system. Then for all #,s € R>¢ such thatz <, all f € £ (%), and
all € € R+, there is a well-behaved Markov chain P € ]ng//[ such that

Ep[f(Xs) | X = x] — [Lif](x;)| < & forallx, € 2.

Together, Propositions [8.1] and [8.2] establish a strong connection between the oper-
ator L; and the lower expectations that correspond to ]P’W 9.4 OF ]P’Y@" - In particular, for
2 with separately specified rows, and for functions f(X;) that depend on the state X,
at a single time point s in the future, these three objects end up being identical.

Corollary 8.3. Let .# be a non-empty set of probability mass functions on 27, let 2
be a non-empty bounded set of rate matrices that has separately specified rows, with
corresponding lower transition rate operator Q, and let .7, be the corresponding lower
transition operator system. Then, for all ¢#,s € R>¢ such thatt <s,allu e Uer, Xy € Xy
andx, € 2", and all f € Z(Z):

Eg X)X =%, Xy = x4] = Efz M) X = x0, X = x] = [L]f] (%)
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Hence, we find that there is indeed a correspondence between the operator L and
the lower expectations that correspond to ICTMC’s.

This result also helps to clarify why we choose to call lP’g. _y an imprecise Markov
chain, despite the fact that it contains processes that do not satisfy the Markov property.
In order to see that, observe that Corollary holds for all histories x, € %, and any
sequence of time points u € %.;. Therefore, and because the definition of L does not
depend on this choice of u and x,, it follows that for 2 with separately specified rows:

ESM (X)X = x0, X = x] = EYV [£(X,) | X = x] (47)
and
EY 4 f(X) X =%, X =x] =EY_,[f(X:)| X = x]. (48)

In other words, the conditional lower expectations EZN;/ and Eg  satisty an impre-
cise Markov property: conditional on the state at time ¢, the lower expectation of a
function f(Xj) at a future time point s is functionally 1ndependent of the states at time
points u that precede t. For the lower expectation E% Ey ///, this is of course to be ex-
pected: since E% Ey. /// is the lower envelope of the set of Markov processes P¥ 9, //,, it is
not surprising that this lower envelope itself satisfies a Markov property as well. In
fact, for this reason, Equation {#7) is clearly also true if 2 does not have separately
specified rows. The most important message here though is that E\:@V y Also satisfies
such an imprecise Markov property. In this case, this result is far from trivial, because
the individual processes in lP"Z" . Aare not required to—and usually do not—satisfy a
Markov property. It remains an open question at this point whether Equation (48) also
holds if 2 does not have separately specified rows.

That being said, Corollary [8.3]also establishes that the correspondence between L}
and ICTMC’s is not one-to-one. For starters, L] computes the lower expectation for
two different sets of processes: P%M and PY). Furthermore, we know from Section
that different sets 2| and .2, may have the same corresponding lower transition rate
operator Q. Hence, whenever this is the case, L] will—assuming the conditions in
Corollary are met by both 2, and 2,—compute the lower expectation with respect
to the sets of stochastic processes ll”giw, Pg;v[, ll”‘:@"1 and IP"_’QYZ.

A particularly interesting special case corresponds to the situation where 2 is a
non-empty bounded set of rate matrices 2 that has separately specified rows, and 2,
is its closed convex hull, which, because of Proposition , is equal to 2, where Q is
the lower transition rate operator that corresponds to 2. The two sets of transition rate
matrices 2 and 2 then clearly (i) have the same lower corresponding lower transition
rate operator Q and (ii) satisfy the conditions in Corollary @ Therefore, it follows
from the preceding argument that the resulting lower expectations are identical and, in
particular, that

E\}éle(XT) lXt :xtaXu :xul :Egg[f(xr) lXt :xt»Xu :xu] - [Lff](xt)y

which in turn immediately implies that for any set of stochastic processes & such that
PYMC o CPY .
- - e

E[f(xs) |Xt =X, X, = xu] = [Lz\fl (xl)a (49)

where E is the lower expectation with respect to &, as defined in Equation (3T).
A common feature of these sets of stochastic processes 7, is that each of their
elements P is well-behaved and consistent with 2. An obvious question, then, is
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whether this feature is necessary in order for Equation (@9) to hold. The following
result establishes that this is indeed the case.

Theorem 8.4. Let Q be an arbitrary lower transition rate operator, with 2 its set of
dominating rate matrices, and let .7, o be the corresponding lower transition operator
system. Then the largest set of stochastic processes & for which the corresponding
conditional lower expectation operator E|[- | -]—as defined in Equation (3T)—satisfies

E[f(Xs) [ X, = x0, Xy = x] = [Li f](x)

for all t,5 € R>g such that r <, all u € %, all x, € 2 and x, € 2, and every
feZL(Z),is the set ]P’gg.

We regard this result as a vindication for our choice to focus on well-behaved
stochastic processes—instead of more restricted ones, such as, say, continuous or dif-
ferentiable stochastic processes. Since our aim here is to use L} as a representational
and computational tool for lower expectations, it follows from this result that in or-
der to be able to do this, it is indeed necessary to impose this minimal property of
well-behavedness.

8.2 Lower Transition Operators as a Computational Tool

An important consequence of the fact that the lower expectations EQ@,, andEY, , can
be conveniently represented by the operator L;j—at least for functions of the state at a
single time point in the future—is that we can focus our computational efforts on eval-
uating this operator L7, thereby abstracting away all the technicalities of dealing with
lower expectations with respect to sets of stochastic process. Of course, in practice,
we are only interested in a finite precision approximation of L; f, and we will therefore
focus on computing L] f within some guaranteed €-bound.

The construction of the operator L; in Section [/| already suggests how we can do
this; namely, by using a finite-precision approximation of L] using the auxiliary oper-
ator @, == [T, (I +A;Q). Recall from Section [7 that the approximation of L} by &,
becomes better as we take u € %, ) to be an increasingly finer partition of the inter-
val [t,s]. The following result tells us exactly how fine this partition needs to be for a
specific function f € .Z(2Z"), in order to guarantee an €-error bound on L f.

Proposition 8.5. Let O be a lower transition rate operator, choose any #,s € R>( such
thatz <, and let L be the lower transition operator corresponding to Q. Then for any
feZL(Z) and € € R., if we choose any n € N such that

nzmax{(s—t)HQ

el e sl
with || ]|, == max f —min f, we are guaranteed that
n
Lf-TJu+a9)f| <e,
i=
with A .= (5*1)/n.

Simply put, this result tells us that if we can compute Qg for all g € £ ("),
then we can also approximate the quantity L] f to arbitrary precision, for any given
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f€Z(Z). Therefore, and because of our results in Section if Q is the lower
transition rate operator that corresponds to a given set 2 that is non-empty, bounded
and has separately specified rows, the non-linear optimization problem of computing
EY@"M [f (X)X = x, Xy = x,] or Ef@v [f(Xs)|X: = x,Xy = x,] reduces to the problem of
computing Qg; for n different functions g; € £ (Z"), withn € N as in Proposition

In the remainder of this section, we will numerically illustrate this method of com-
puting the conditional lower expectation of a given function f € £ (%"). In order to
make this illustration less abstract, we consider the context of the simple disease model
that was put forward in Example in Section |1} To this end, we first construct a
parameter set 2 that we will use in the examples to come.

Example 8.1. Consider again the binary-state disease model from Example mod-
elling a person periodically becoming sick and recovering after some time. The state
space here is of the form 2" = {healthy,sick}, and we wish to specify numerical
values for the rate at which the two possible transitions occur; that is, the transitions
from healthy to sick, and from sick to healthy.

If we were using a precise homogeneous Markov chain P € , it would suffice
to select a single rate matrix Q € %, which, in this binary case, would be of the form

PWHM

0= [ _Z _Z } for some a,b € Rx>o.

The parameter a here is the rate at which a healthy person becomes sick. Technically,
this means that if a person is healthy at time ¢, the probability that he or she will be sick
at time ¢ + A, for small A, is very close to Aa. More intuitively, if we take the time unit
to be one week, it means that he or she will, on average, become sick after 1/a weeks.
The parameter b is the rate at which a sick person becomes healthy again, and has a
similar interpretation. In other words, if we would for example say that « = 1/52 and
b = 1, then this would mean that—on average—we expect that a healthy person will
stay healthy for about one year—52 weeks—and that a sick person will remain sick for
one week.

In practice, assessing the exact values of a and b may be difficult, especially if we
want them to be reliable. In those cases, instead of modelling our problem by means
of a precise continuous-time Markov chain, we can consider an ICTMC. We then no
longer need to assess a single transition rate matrix Q, but only need to specify a set
of rate matrices 2 to which we think Q might belong. Suppose for example that we
feel confident in saying that the average time for a healthy person to become sick lies
somewhere in between four months and a year, and that the average time for a sick
person to recover is situated somewhere in between half a week and two weeks. The
corresponding set of transition rate matrices is then given by

_J|—a al, 13 1
QH ) _b}.ae{sz,sz],be{z,z]}, (50)

with the time unit again being one week. Note that 2 here is clearly non-empty,
bounded, closed, convex, and has separately specified rows. As such, this set will
satisfy all the preconditions necessary to be used in the examples that follow. %

As mentioned above, for a given set 2, Proposition allows us to reduce the
problem of computing conditional lower expectations to the problem of evaluating the
lower transition operator Q of 2, as defined in Equation (38). In theory, the latter could
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still be a difficult problem, since 2 can be very complicated—we only require that it
is non-empty and has separately specified rows. However, in practice, 2 will typic-
ally be described by means of linear constraints, and computing Qg is then a standard
constrained linear optimisation problem, which is easily solved by means of linear pro-
gramming techniques. We will henceforth assume that the optimisation problem in
Equation (38)) is solvable. However, as we have just explained, the complexity of this
problem will depend on the exact form of 2.

For the set 2 of Example[8.1] as defined by Equation (50), the constraints that we
are dealing with are simple box-constraints. Furthermore, because the state space 2~
contains only two states in this specific example model, computing Qg is particularly
easy, regardless of the choice of g € .Z(.2°). This is made explicit in the following
example, where we also compute the quantity H QH that is required for the numerical
computations that follow.

Example 8.2. Consider the set 2 of Example [8.1} as defined by Equation (50), let
Q be the corresponding lower transition rate operator, and consider any g € .Z(%").
Furthermore, for the sake of notational convenience, let us abbreviate healthy as h
and sick as s. It then follows from Equation (38)) that

(0] (1) = inf{[Qg](h) - Qefz}=inf{[ ~a a] [ ﬁﬁﬁ; ] a€ [512532]}

and therefore, that

_JVs2(g(s) —g(h)) ifg(s) > g(h)
12el() = {3/52(g<s> o) ifg(s) < g(n). b
In a completely analogous way, we also find that
oy ) (em)—g(s)) ifg(s) <g(n)
25l(e) {2 g(h)—g(s))  ifg(s) > g(h). 2

Using these observations, we can now compute || o || If g € (&) is such that
lgll = 1, then clearly, it follows from Equation (5T) that the highest possible value for
|[Qg](h)| is 3/s2—for g(s) = —1 and g(h) = 1—and similarly, using Equation (52), we
find that the highest possible value for |[Qg](s)| is 4—for g(s) =1 and g(h) = —1.
Since

2]l =sup{[|Qs| : s € £(2), llgl =1}
= sup {max {|[Q¢] ()| : x€ 2} : g€ L(2), |lgl =1},

this implies that H QH =4. O

We now have everything in place to demonstrate the use of Proposition [8.5] for
numerically computing conditional lower expectations.

Example 8.3. Consider again the set of rate matrices 22 from Example which, as
we have seen there, expresses that the rate a at which a healthy person becomes sick



8 Connecting ICTMC's and Lower Transition Operators 51

belongs to the interval [1/52,3/52], and the rate b at which a sick person becomes healthy
belongs to the interval [1/2,2].

Depending on the extra assumptions that we impose, we can now consider three
different ICTMC’s. If we believe that the rates a and b remain constant over time, and
interpret the intervals [1/52,3/52] and [1/2,2] as bounds on these unknown but constant
rates, then we can model our problem by means of the ICTMC Pg]'% If, on the other
hand, we think that the rates a and b might vary within these bounds as time progresses,
then we should use the ICTMC’s PYM or IP’YQ)’"  instead, where the former assumes
that the time-dependent rates a and b cannot be influenced by the value of the past states
of the process, whereas the latter does not make such an assumption. The choice of .#
does not matter, because it will not effect any of the computations in this example; we
therefore drop it from our notation.

Suppose now that we are interested in the lower probability that a person is sick
one week from now, given that he or she is currently also sick. That is, we want to
compute the conditional lower probability P(X; = sick|Xy = sick), which—using
the abbreviation of Example [8.2}—we will denote by P(X; = s|Xo = s). Then as we
know from Equation (33), this is equivalent to computing E[I(X;)|Xo = s].

The result of this computation will, generally speaking, depend on our choice of
ICTMC. In this example, we consider P%™ or PY. The choice between these two does
not make any difference, because it follows from Corollary thaﬂ

E[Is(X1) | Xo = s] = ESV[I:(X1) | Xo = s] = [LoL] (s)-

Hence, our problem has now been reduced to the task of computing [L}I](s).

Proposition[8.3]tells us that we can approximate this quantity by using a fine enough
partition of the time interval [0, 1]. We will be using a maximum error for this compu-
tation of € := 1073, Furthermore, in this case, the length of the time interval is equal to
(s —t) = 1, the difference between the maximum and minimum of I is ||L||, = 1, and
due to our choice of 2, we have || Q || =4, asin Examplem Hence, if we subdivide
the time interval into n steps, with

S

,é(s—tf HQH2 f||V} = max {4,8000} = 8000,

resulting in a step size of A = (s—1)/n = 1.25 x 10™*, then Proposition guarantees
that we can approximate [L(l)]IS]—with a maximum error of e—by

i=1 i=1 i=1

n 8000 7999

[T0+2Q)L = [TU+A0)L. = | []U+AQ) | (I+AQ)L) .

We start by computing the right-most factor on the right-hand side of this equation.
Using Equations (51)) and (32) in Example[8.2] we find that

-2 ifx=s

[Q]IS](x)—{l/Sz Tr=h orallxe 2,

8 Actually, in this particular—binary—case, it can be shown that P‘gHM would lead to the exact same
result. However, in general, as we have seen in Example this will not be the case.
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and therefore, it follows that

81(%) = [(I+AQ) L] (x) = [Ls](x) + A[QLs](x)
24038 x107° ifx=h
109975 ifx=s

forallx e 2.

Having completed this first step, we now have that

n 7999 7998
[[t+aQ)L = [T +A0)e1 = (H(HAQ)) (I+AQ)g1) -

i=1 i=1 i=1

At this point, we simply keep on repeating this process, computing g := (I +AQ)g1,
then g3 = (I + AQ)gz, and so on. In this way, after j steps, we find that

n 8000—j

[T0+20)1, = ] (+AQ)s;

i=1 i=1

and after completing all n steps, we eventually find that

[+ AQ)L = g, — forallxe 2,
[T0+AQL =gn =110 i Toralls

n 0.0083 ifx=h
i=1

from which we conclude that

PY(Xi =s|Xo =) = PEM (X1 = 5| Xo = ) = [L§L] (s)
= gn(s) £&=10.141£0.001,

where the third equalityﬁ] follows from the error bound that is guaranteed by Proposi-

tion [8.3] O

This iterative procedure for computing L] f, as illustrated in the above example, is
outlined in Algorithm[I] The algorithm first finds the number of steps required to reach
the given precision € (Line 2), and computes from this the corresponding step size A
(Line 3). Starting with the function go := f (Line 4), the algorithm iteratively computes
the function g; == (I +AQ) g(i—1) (Line 6). After repeating this for n steps (Line 5), the
returned function g, (Line 8) corresponds to Ljf + &, due to Proposition [8.5] The
algorithm takes for granted that H QH is known and/or can be derived from Q; if this is
not the case, then the algorithm should be adapted accordingly, by replacing the norm
H Q H with an upper bound, such as the one that is provided in [LR3]

9 A General Framework for Computing Lower Expectations

Having shown in the previous Section [8.1] that the operator L; allows us to compute
conditional lower expectations for functions f € .Z(.Z") that are defined on the state

% Formally, we should write this equality as [L{Is](s) € [g.(s) — €, gx(s) + €] or, completely equivalently,
as gu(s) € [[LLs](s) — &,[L}Is](s) + €]. However, we find the shorthand [L}I](s) = ga(s) + & equally
clear. Furthermore, we will later consider similar statements for functions, which we can write much more
succinctly with this minor abuse of notation—with the understanding that the above inclusion should then
be taken point-wise.
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Algorithm 1 Numerically compute L{ f for any f € £ (Z).

Input: A lower transition rate operator Q, two time points ¢, s € R>¢ such that <, a
function f € £ (Z") and a maximum numerical error € € R~.

Output: A function L f £ €in £ (Z).

1: function COMPUTELF(Q,1,s, f,€)

N {max { ((S*’)z||Q||2Hva)/2€> (s—1) HQH H
A (s=1)/n

8o f
foric {1,...,n} do

3
4
5:
6: 8i < &(i-1) +A08;i1)
7.
8
9

»

end for
return g,
: end function

at a single future time point, we will now turn our attention to functions defined on
multiple time points.

We will start by considering conditional lower expectations, where the condition-
ing is done with respect to the states x, at a finite sequence of time points u. In this
context, we distinguish between two different classes of functions. We begin in Sec-
tion by considering functions f € £ (Z,us) and lower expectations of the form
E[f(Xy,Xs) | Xy = x4], with s a single future time point. Thus, although the function
f depends on multiple time points, all but one of these time points coincide with the
time points on which we are conditioning. This is then generalised in Section [0.2] to
functions f € .2 (Zuuv) and lower expectations E[f (X, X,) | X, = x,], where v is now
a finite sequence of future time points. We end in Section[0.3|by showing how to com-
pute unconditional lower expectations of the form E[f(X,,)], where u is again a finite
sequence of time points.

9.1 Multi-Variable Functions on a Single Future Time Point

Consider a non-empty sequence of time points u = f, .. .,t, € % and a single future
time point s > u. Let f € £ (Z,us) be a function that depends on the states at these time
points. Then for any stochastic process P and any history x, € 2, the corresponding
conditional expectation of such a function is well known to satisfy the following simple
property:

Ep[f (Xu, Xs) | Xu = xu] = Ep[f (6u, Xs) [ Xu = xu].
Therefore, and because a lower expectation is an infimum over expectations, we find

that also
E[f(XIhXS) |Xu :xu] = E[f(xthY) ‘Xu :xu]~ (53)

While writing down these equations, we have implicitly introduced a notational
convention that should be intuitively clear: we interpret the function f(x,,X;) as the
restriction of f(X,,X;) to the state 25, for the fixed state assignment x,. A more
formal—but completely equivalent—way of doing this, is to identify f(x,,X;) with a
function fy, € L (Z;) = Z(2"), defined by fy, (x;) = f(xy,xs) for all x; € Z". With
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this notation, the equation above then turns into
E[f(XmX\') |Xu = xu} = E[fxu (Xs) |Xu = qu

and in this way, it becomes clear that the problem of computing E[f (X, X;) | X, = x,] is
completely equivalent to the problem that we have considered in the previous section,
which is to compute lower expectations of functions that depend on the state at a single
future time point. In particular, under the conditions of Corollary we find that

Eg,///[f(XmXS) | Xy = x,] = Ez}\j[///[f(xuaXS) | Xy = xu] = [Lf,,fxu] (xz,)-

However, note that the quantity [} f,](x;,) still depends on the entire state assignment
Xy € Zy, and not just on the state x;,.

In order to unify our notation, we therefore stipulate the following convention. For
any s € R~ and any u € %, with u # 0 such that u = 1o, ... ,t,, we allow L} to be
applied to any f € Z(%Z.us), by applying it to the restriction of f to the latest time
point at which it is defined—the time point s, in this case. Because this restriction
depends on the state assignment x, at the other time points, the result is a function
(L} f] € £(Z.). In short, we stipulate for any f € Z( %) that

(L} f1(xu) = L], fr)(x,) = L], f (%0, X)) (xs,) forall x, € 25, (54)

Using this notational convention, the following corollary formalises the fact that
our previous results also apply to functions in .2 (Zus)-

Corollary 9.1. Let .# be an arbitrary non-empty set of probability mass functions on
Z, let 2 be an arbitrary non-empty bounded set of rate matrices that has separately
specified rows, with corresponding lower transition rate operator Q, and let .7, be the
corresponding lower transition operator system. Then, for all s € R+, all u € % such
that u # 0 and all f € Z(Zus):

EY@/,{///U(XL“XQ |Xu] = E\QVOJM///[f(XuaXS) ‘Xu] = [Lf,,f} (Xu)

Now, since L f must be read as a separate application of the operator Lj to every
fr,» for x, € Z,, it follows that we can compute Lj, f by applying Algorithmmultiple
times. The method for this computation is outlined in Algorithm 2] which can be read
as follows.

The algorithm starts by allocating space for a new function g € £ (%) (Line 2),
which will be the result of the algorithm. Then, for each state assignment x,, € 2, (Line
3), it computes the value of g(x,) (Lines 4-6), as follows. First, we take the restriction
of f € L (Zuus) to the state Z, for a specific state assignment x,, (Line 4). Since the
resulting function f, = f(x,,X;) belongs to .Z(2"), we can then approximate L; fx,
using Algorithm[I](Line 5), where 1, is the last time point in u. The resulting function
fx. =L fv, £ € is then a function in .#'(%;, ), which, as we know from Equation (54),
can be evaluated in x;,,—the restriction of x, to the time point #,—to obtain the value
g(xy) = [L} f](x,) £ € of g in x, (Line 6). Therefore, up to a maximum error of &, the
returned function g (Line 8) will be equal to Lj f.

9.2 Multi-Variable Functions on Multiple Future Time Points

We next consider functions f € £ (Z,uv), where u =1, ...,t, is a sequence of time
points in a process’s history, on which we intend to condition, and v = sy, . .., s, is a se-
quence of time points in a process’s future; hence, we have that so > t,,. For functions of
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Algorithm 2 Numerically compute L} f for any f € £(Zus)-

Input: A lower transition rate operator Q, a time point s € R>g, a sequence of time
points u € s with u =1, ...,1,, a function f € £ (Z,us), and a maximum nu-
merical error € € R+.

Output: A function Lj f+¢€ in £ (Z,).

: function COMPUTELUR(Q, u,s, f, €)
g+ geL(Zy) > Allocate space for g € .£(%2,)
for x, € Z, do > Compute g(x,) for all x, € Z,
fo,, <;f(xuaxx)
fe. ¢ COMPUTELF(Q, 1,5, fr,, €) > Run Agorithm|]
g(xu) fxu (xs,)
end for
return g
end function

R A R e

this kind, it—surprisingly—turns out that computing the conditional lower expectation
with respect to PY, , is easier than for PY™ . We start in this section by showing how
to do this for the former set, that is, how to compute the conditional lower expectation

E?@CJ% [f(XuaXv) |Xu]a (55)

and then go on to provide a counter example to illustrate that, unfortunately, this
method does not work for the latter set, that is, for lower expectations with respect
to PYM, .

As we have seen in the previous sections, we can use the operator L] to compute
lower expectations of functions that depend on the state at a single future time point,
provided that 2 is non-empty, bounded, and has separately specified rows. We here
show that if 2 is additionally convex, then we can do the same for functions that
depend on multiple future time points. The reason why this is the case is Theorem[6.5]
In particular, because of that theorem, if 2 is convex, we can decompose the lower
expectation in Equation (53) as follows:

EY 4f X X) X)) =EY 4 [EY 41 X Xo) |1 X X (s3] | Xa] 5 (56)

where s, is the last time point in v = s1,...,s,. The essential feature of this decom-
position is that the inner lower expectation on the right-hand side of the equality is
conditioned on all the time points in u and v\ {s,,}, or equivalently, that this lower
expectation is taken with respect to a single future time point s,,. Therefore, it follows
from the discussion in Section[9.1} and from Corollary [9.1]in particular, that

EYQ{,,/// [f(XuaXV) ‘XLHXV\{Sm}] - [Ls'm f] (XuaXv\{sm}) )

Sm—1

which, by substituting the inner lower expectation in Equation (56)), implies that
EY, 1% X) X =EY g [[Ln 1] (%X o)) | %]

In this way, our original problem, which was to compute EY@V’ (X, X)X, has
been reduced to a completely analogous—but smaller-sized—problem; the only differ-
ence is that f has been replaced by a new function, which no longer depends on X,, and
Xy, but only on X, and X\, .
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We can now simply apply this step over and over again, by repeatedly removing the
last remaining time point s,,—1,S,—2, . -.,So and, at each step, replacing the inner lower
expectation with the operator Lf::;Lﬁ;’]‘jg,...,Lff. Because v is finite, this process
eventually stops, and we then obtain the following result.

Corollary 9.2. Let .# be a non-empty set of probability mass functions on 2, let 2
be a non-empty, bounded and convex set of rate matrices that has separately specified
rows, with lower transition rate operator Q, and let .7, be the corresponding lower
transition operator system. Then, for any u = g, ...,t, and v = sq, ..., in % such
that u <v, and any f € Z(Zuuy):

EY, of (X X,) | X,) = LOLY - L f. (57)

The following example numerically illustrates the use of Corollary [9.2]for comput-
ing the conditional lower expectation of a function that depends on the state at multiple
time points.

Example 9.1. Consider again the set of rate matrices 2 from Example and sup-
pose that we are interested in the lower probability P(X; = X, | Xo). That is, given that
we start in some initial state Xp, we want to know the lower probability that X; and X,
will have identical values. As we know from Equation (33)), this lower probability is
given by

P(Xi = X2|Xo) = E[lly, =x, (X1,X2) | Xol,

with [[x, _x, the indicator of the event X| = Xj, as defined by

1 ifx;=x
Ix,—x, (x1,%2) = {0 i1, % for all x;,x, € 2.

As explained in Example [8.3] the value of such a lower expectation can depend on the
particular type of ICTMC that we choose to use, and in fact, in this particular case, as
we will see in Example[9.2] this choice does indeed make a difference.

For now, in this example, we use the ICTMC Pg. The aim is therefore to compute
the conditional lower expectation E%[Iy,_x, (X1,X2)|Xo]. Technically speaking, we
cannot do this by means of Corollary because Iy, —x, does not formally depend
on Xo. However, in practice, this is of course not a problem, because we can trivially
regard Iy, —x, as a function of Xy, X; and X, whose value remains constant on Xp. In
order to formalise this, we introduce the function f(Xo,X;,X>), defined by

1 ifx =
flxo,x1,x2) =Ix,—x, (x1,%2) = 1 =0 for all xo,x1,x; € 2. (58)
0 lf)C1 #Xg

Since f(Xo,Xi1,X>) is clearly identical to Iy, —x, (X1,X>), our problem now consists of
computing EW[f(Xo,X1,Xz2) | Xo], which, because of Corollary is given by

EY[f(Xo0,X1,X2)| Xo] = [LOL3 f] (Xo).- (59)

In order to compute the left hand side of this equality, we will resolve the composition
of operators L(I)L% by starting from the latest time point, and working back to the earliest
time point. Hence, we start by looking at L% f.
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The function f depends on multiple—in this case three—time points, and we will
therefore use Algorithm [2| to compute L% f, which consists in applying Algorithm
four times. In particular, for every xo € £ = {h,s} and x; € 2 = {h,s}, we use
Algorithm[T]to compute

g(x0,x1) = [L7 f](x0,x1)

— (72 =
= [L1f(x0,x1,X2)](x1) = [L3L] (s) =0.141+e ifx; =s

{ [L21,] (h) =0.956+€ ifx; =h
up to some desired maximum error €, which we have here chosen to be € = 1073, Note
that the value of [L7L] (s) is identical to the value that we had obtained for [L}[] (s)
in Example([8.3} this is to be expected, as it follows from the time-homogeneity property
in Proposition

Next, we apply the operator L(l) to the function L% f, or equivalently, to the func-
tion g. The approach is completely similar. Again, as in Algorithm [2} we simply
apply Algorithm [I| multiple times. In particular, for every xo € 2" = {h,s}, we use
Algorithm[T]to compute

0.920+2¢ ifxp=h
(L33 )(0) = L8] (x0) = [Lég<xo,x1>1<xo>:{0_453128 P

where the maximum error is now 2& = 2- 1073, which is the sum of our previous error
bound on L% f, which was €, and the maximum extra error that may have arisen while
computing Equation (60); the additivity of the two error bounds is a result of
and and the fact that L] is a lower transition operator.

Finally, by combining Equations (59) and (60), we conclude that

P%(X; =X3|Xo =h) =0.920+0.002 and P%(X; = X;|Xo = s) = 0.45340.002.

O

A general method for computing the right hand side of Equation is outlined
in Algorithm [3] This algorithm starts by constructing a buffer w := v = s, ...,s, of
the time points for which the operators L?:’,L;f, ...,Lm  have not yet been resolved,
which initially corresponds to just v (Line 2). We rename the function f to g, for
indexing purposes (Line 3). The algorithm then iteratively resolves the composition
of operators in a backward fashion, working from the last time point in v back to the
first time point in v (Line 4). One step here amounts to removing the current latest
remaining time point s; from the buffer w (Line 5), and then computing L’ | g; using
Algorithm The outcome of this computation is a function g(;_;) € £ (Zuuw). After
all time points s, S,—1,. - ., S0 have been resolved, it follows from Proposition [8.5] that
the returned function g(_y (Line 8) is equal to L,"Lg; ---Ly"  f+ €.

Note that the error bound of ¢ holds because we compute each step using a max-
imum error of €/m+1 (Line 6). That is, the finite-precision approximation error scales
linearly in the number of time points that have to be computed. The reason why the
accumulated error bounds can simply be added, is because L | is a lower transition
operator and therefore satisfies and[CT6| In particular, using these two properties,
it is easily verified that for any u > 0, L | (g; =) = L;i_, g; + i, where, in this case,
we choose [t = &/m+1.

As we already claimed in the beginning of this section, we cannot use Corol-
lary 0.2}—nor, therefore, Algorithm [3}—to compute lower expectations of functions
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Algorithm 3 Numerically compute L,"Lg; --- Ly f for any f € Z(Zun).

Input: A lower transition rate operator Q, two sequences of time points u = fg, ...,
and v =sy,...,s, in %) such that u < v, a function f € £ (Z,y), and a maximum
numerical error € € R-g.

Output: A function L;'Ly) ---L{" f+€in ZL(2,,).

n

1: function COMPUTELUVF(Q,u,v, f, €)

2 WV a

3 gm< f

4 forie {mym—1,...,0} do > Iterate backward over v = sq, ..., Sy
5: w < w\s; > Remove last point of w
6 g(i—1) < COMPUTELUF(Q,uUw,s;, &;,€/m+1) > Run Algorithm
7 end for
8 return 8(-1
9: end function

f € ZL(Zuuw) with respect to a set of Markov chains P%™, . In the remainder of this
section, we provide this claim with some intuition and illustrate it by means of a nu-
merical counterexample.

The core of the problem is that for a function f € £ (Z,us), the conditional lower
expectation EWM[f(X,, X;)|X,] is not necessarily obtained by a single Markov process.
That is, for every € > 0 and every x, € 2, it follows from Equation (31) that there is
a Markov chain Py, € PR, such that

EY@JM[f(XMXSMXu = xu} S ]Equ [f(Xu7X\‘)|Xu = xu} § EY@JM[JC(XLHXS)‘XM = xu} +87

but there may not be a single Markov chain P € PgM/fl that does this simultaneously
for all histories x, € Z,,.
For example, if we were to assume that

EONV 0 1 (X, X, X) 1 X) = ESM, [ESM, [ (X0, X, X)) | X, X ] | X

thereby mimicking Equation (56) for v = {z,s}, we would essentially be assuming that
the individual Markov chains P, y, € P%™, for which the conditional lower expecta-
tions

EOV 0 1 (X, X1, X) | X = 0, Xp = x1]

are obtained—or rather, are approximated from above up to some arbitrary €—can be
combined into a single new Markov chain P € PgM/fl such that

P(Xs‘Xu = Xy, X; :xt) = qu,x, (Xs|Xu = Xy, X; :xr) = qu,x, (XS‘|XZ :xt) (61)

for all x, € 2, and x;, € 2. However, in most cases, this will not be possible. The
issue is that for a stochastic process P that satisfies Equation (61]), the Markov prop-
erty will—generally speaking—fail, because the right hand side of the expression still
depends on x,,.

All of this changes if we replace IP’Y@VI\;/ with IP’Y@V_‘ - In that case, we are no longer
forced to obey the Markov property, and it then does become possible to combine
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different stochastic processes in a history-dependent way, as in Equation (6I)—using
Theorem [6.3] Essentially, this is the main reason why we were able to decompose
the lower expectations E‘:@V _s—as we did in Theorem [6.3] and Equation (56)—and
ultimately, why we could use the operator L} to compute themm

In the example below, we reconsider the problem of Example[9.1] but for a different
ICTMC: we now use ]P"gl\f// instead of IP’Y@" - The result ends up being different, and
thereby illustrates—by means of a counterexample—that Algorithm3]is not in general
applicable when working with sets of Markov chains such as Pg}\f[%.

Example 9.2. Consider again the set of rate matrices 2 from Example [8.1] and the
problem of computing P(X; = X»2|Xp). However, this time, we will compute this
quantity with respect to the ICTMC ]P’Y@VM instead of IP’VQ". Using an argument that is
analogous to that in Example[8.1] we find that this problem is equivalent to computing
EWM[f(Xo,X1,X2) | Xo], with £ as in Equation (58).

The issue, however, is that we do not have a general method for computing such
lower expectations for sets of Markov chains. Fortunately, in the very specific case of a
binary state space 2 —as we use here in this example—and for functions f that depend
on a small number of states X;—only three in this case—it is possible to numerically
solve the optimisation problem given by the right-hand side of

EYM[f(Xo0,X1,X2) | Xo) = inf { Ep[f(X1,X2) | Xo] : P € PYM}

by combining brute-force optimisation techniques with some clever tricks. We will not
report on this method here, because it only works in very specific cases such as the one
we consider here, and does not scale well to larger problems. For our present purposes,
it suffices to know that this method yields the following results:

PYM (X =X, |Xo =h) ~0.939 and PYM(X; = Xa | X = s) ~ 0.467.

Comparing to the results for IP’Y@/ in Example we see that the obtained lower
probabilities are indeed different for these two sets of processes. Furthermore, as guar-
anteed by Proposition the lower probabilities with respect to Pg—which, as we
know from Section [6.3] is just a special type of lower expectation—provides a lower
bound on the lower probabilities with respect to ]P’Y@VM. O

We end with some remarks about the tractability of the algorithms that we have
presented. In particular, observe that Algorithm[2)and[3]have a runtime complexity that
is exponential in the number of time points. For example, for the computation of the
lower expectation of a function f € Z(Z,us), Algorithmrequires a separate execu-
tion of Algorithm (1] for every x, € 2. If we write u =1y, ..., 1, and let | 2’| denote the
number of states in £, then, clearly, this requires |2~ |"+1 executions of Algorithm
Similarly, for the computation of the lower expectation of a function f € Z(Z,uv),
with v = 50, ...,,, Algorithm [3| requires a number of executions of Algorithm [I] that
is of the order |27|""" 2. Of course, this should not really be surprising—even the
simple enumeration of the different values of f takes this many steps, so we cannot in
general expect the computation of its lower expectation to be of a lower complexity.

10 For readers that are closely familiar with the theory of credal networks [I0], it might be helpful to com-
pare the difference between Pg%f/ and IP’:%’_( o With the difference between credal networks under epistemic
irrelevance [12}[13] and credal networks under strong independence [2]]. There too, dropping the restrictions
that are imposed by the Markov property—as is done for credal networks under epistemic irrelevance—
allows for lower expectations to be decomposed and, as such, for efficient recursive computational methods
to be developed.
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What is important though—but beyond the scope of this paper—is that if f has some
specific structure that reduces the complexity of its specification, then the complexity
of our algorithms will scale down accordingly; we discuss these and other avenues for
future research in our conclusions.

9.3 Unconditional Lower Expectations

Having shown in the previous sections how to compute conditional lower expectations,
we now shift our attention to unconditional ones. In particular, we consider a function
feL(Z,), with u € %, and are interested in computing E[f(X,)].

As we will see, the difference between unconditional and conditional lower expect-
ations is mainly related to the role of the set of initial distributions .#. In fact, as an
astute reader may have noticed, all our previous results about computing conditional
lower expectations with the operator L; did not depend on the particular choice of this
set .# . In contrast, and rather unsurprisingly, unconditional lower expectations do
depend on this choice.

In particular, the choice of .# will influence our computations through the corres-
ponding lower expectation operator E ,, defined by

E /If] = inf{ Y p(x)f(x): pei///} forall fe€ £ (XZ). (62)

xeZ

In principle, evaluating this operator can be difficult, because the only restriction we
impose on the set .# is that it should be non-empty. However, in practice, .# will
typically have a rather simple structure, and computing E _,[f] will then be straightfor-
ward. For example, if .# consists of a finite number of probability mass functions—or
is equal to their convex hull—then evaluating E ,[f] is just a matter of minimising
over that finite set of probability mass functions. Another typical situation is when .#
is specified by means of linear constraints. In that case, E ,[f] can be computed by
means of linear programming techniques. We will proceed under the assumption that
the optimisation problem in Equation (62)) is solvable.

Regardless of the type of ICTMC that we consider, [E , allows us to compute the
lower expectation of functions that depend on the initial state Xj.

Proposition 9.3. Let .# be a non-empty set of probability mass functions on 2~ and
let 2 be a non-empty bounded set of rate matrices. Then for all f € £ (Z):

EY ,1f(Xo0)] =ESM, [f(X0)] = ES™V[f(X0)] =E 4 [1]-

For functions that depend on some non-initial state X, with s > 0, the operator E ,,
still allows us to compute their lower expectation, by combining it with Algorithm [I]
However, this only works for ICTMC’s that are of the type P¥, , or PYM .

Proposition 9.4. Let .# be a non-empty set of probability mass functions on 2~ and
let 2 be a non-empty bounded set of rate matrices that has separately specified rows,
with lower transition rate operator Q. Then for any s € R>¢ and any f € £ (2):

EY 4 1f(X)] =ESM, [£(X,)] =E 4L f]-

For ICTMC’s that are of the type Pg_’ - this result generalises to functions that
depend on multiple time points. Computing the lower expectation of such a function
can then be done by combining E , with Algorithm
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Proposition 9.5. Let .Z be a non-empty set of probability mass functions on 2" and
let 2 be a non-empty, bounded, convex set of rate matrices that has separately specified
rows, with lower transition rate operator Q. Then for any u =1, ... ,, in %} such that
to =0, and any f € Z(Z,):

EY 4f(X)] =E 4L L3 -1y f].

In this result, the requirement 7y = O is a purely formal one, and imposes no actual
restrictions. Whenever 0 ¢ u, it suffices to first replace f(X,) by its trivial extension
f*(Xo,Xy) to Zouu, defined by f*(xo,x,) = f(x,) for all xo € £ and x,, € Z,,. Since
f*(Xo,X,) is then identical to f(X,), this addition of Xy to the domain is merely a
notational trick, and will clearly not influence the result of the computations.

10 Relation to Previous Work

To the best of our knowledge, the concept of an imprecise continuous-time Markov
chain was first introduced in the literature by the seminal work of ékulj [42]. There,
Q was defined as the lower envelope of a non-empty, bounded, closed, and convex
set of rate matrices 2 with separately specified rows, and the concept of an imprecise
continuous-time Markov chain was then introduced in two different ways.

In the main body of his paper, Skulj characterises this concept in the following
way. For any f € £ (%), he considers a time-dependent function f;, which—using
our notation—is defined as f; .= Tj f, and then requires that fy = f,

fs+A — fs fv+A - fs . 0
T e Difs <0Ofs, (63)

and limsup
A—0t

Qf; <D™ f; = liminf

= A—0T
where Q is the upper envelope of 2, or equivalently, the conjugate upper transition
rate operator of Q, defined by Qg .= —Q(—g) for all g € £(2"), and where D™ f;
and D_ f; are called Dini derivatives. In this way, he generalises the usual differential
equation characterisation of a precise homogeneous Markov chain, where the Dini de-
rivatives would be replaced by derivatives, where the operator Q would be replaced by
a transition rate matrix Q, and where the inequalities would become equalities.

Since this generalisation considers inequalities, the solution f is not uniquely de-
termined, and the problem is therefore to find lower and upper bounds for f;. Skulj
solves this problem, by showing that f < fi < f,» where f ) and f, are the unique
solutions of the differential equations a

df df, ——

2=0f, and =2 =07, (64)
with f = fo = f. In practice, it suffices to restrict attention to either one of these two
bounds, because they are related by conjugacy, in the sense that f’ 0=~ fo implies that
i = _?S' _

’ Using this characterisation, Skulj focusses on computing f,. Since, for all x €
2, fs(x) is a tight upper bound on f;(x) == [T} f](x) = E[f(X;)|Xo = x|, this can be
interpreted as computing a conditional upper expectation. In particular, for all x € Z,
we can interpret f(x) as

Is(0) =E[f(X,)[Xo = x] = —E[-f(X;)|[Xo = 2] = —[-/] (v),

S
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where the final two equalities follow from conjugacy.

The above characterisation leaves some ambiguity about the set of stochastic pro-
cesses & with respect to which these lower and upper expectations are taken. However,
as mentioned above, §kulj also provides another definition, which in his paper preceeds
the rigorous characterisation in terms of lower- and upper bounds that we have sum-
marised above. There, he defines an imprecise continuous-time Markov chain as a
random process X: R — 2~ whose transition rate matrix is an unspecified function
0, € 2 [42] Definition 1]. However, he does not provide a definition for Q;—as being
a derivative or some other representation of the infinitesimal behaviour of the process’
transition probabilities—nor for the notion of a random process, and in that sense, this
definition is rather informal.

On the one hand, this other definition of an imprecise continuous-time Markov
chain clearly suggests that & is the set of all random processes whose time-dependent
transition rate matrix Qy takes values in 2. Since Qy is typically defined as a derivative,
this suggests that Td’ should be differentiable in some way—or, at the very least, that QO
should be integrable. Furthermore, the fact that Q, is indexed only by the time s sug-
gests that Q; cannot be history-dependent—thereby implying that the corresponding
random process satisfies the Markov property. On the other hand, Skulj’s main defini-
tion suggests a different set of processes £, because Equation (63) does not impose a
Markov condition, and because the use of the Dini derivatives suggests that T} is not
required to be differentiable. In summary then, Skulj clearly intends for & to be a set
of stochastic processes of which the infinitesimal differences are compatible with 2,
but leaves open the question of whether or not these processes are Markov chains, and
whether or not their transition operators 7 should be differentiable.

Our approach, in contrast, removes this ambiguity, by making it formally explicit
which set of stochastic processes & is being considered. Interestingly, but perhaps
unsurprisingly, our results end up being very closely related to the work of Skulj. In
particular, by comparing Equations (@3] and (64), we see that f, = Lyf, and therefore,
it follows from Corollary [8.3] that
[0 =EY_,[f(X:)[Xo =] = EYY), [f(X:)|Xo =],

S

thereby providing the function f with a clear interpretation in terms of sets of stochastic
processes. Due to this connectlon many of the results in Section [7] can be interpreted
as properties of f,- For example Definition [7.4| provides an alternative character-
isation for f and Proposition shows that the defining differential equation for
f —Equatlon (64)—can be stated uniformly, that is, with respect to the operator norm
instead of pointwise.

Besides the differences that are related to the role of the set of processes &, an
other difference between our work and that of Skulj is the type of functions that are
considered. Due to its focus on f, (and, by conjugacy, /), the work of Skulj applies
to functions f that depend on the state X; at a single time point s. In contrast, our work
also considers functions that depend on the state at any finite number of time points.
In this more general context, as we have seen, it actually becomes crucial to be aware
of the exact set of stochastic processes with respect to which the lower expectation
is taken, because this choice influences the value of the lower expectation, as well as
whether or not it can be computed efficiently.

A final difference between our work and that of Skulj are the computational meth-
ods that are presented. In both cases, these methods are concerned with approximating
]:S = Ly f up to some desired finite precision €. However, the particular approximation
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methods differ. Skulj considers three distinct methods: a uniform grid discretisation, an
adaptive grid discretisation, and a combination of both. We consider only one method,
which corresponds to Algorithm

Skulj’s uniform grid discretisation method works similarly to our Algorithm [1} in
that it considers a uniform partition u = #g,#,...,f, of the time interval [0,s] and, at
each time point #;, requires solving a local optimisation problem. In our case, this local
computation consists in evaluating (I +AQ)g = g +AQg for some g € £ (Z"), with
A = s/n. In the uniform grid discretisation method of Skulj, this local computation
consists in evaluating ¢*%g, where Q € 2 needs to be selected in such a way that
Qg = Qs

It turns out that among these two methods, our Algorithm [I] is much more effi-
cient, for the following two reasons. First, it does not require the computation of a
matrix exponential, which, for large state spaces, can be computationally demanding.
Secondly, the number of steps n that we require is much smaller. For instance, for
the numerical example presented at the end of [42, Section 4.1], gkulj finds that his
partition requires more than n = 6000 steps. In contrast, Algorithm [I] requires only
n = 50 steps for that particular example. Similarly, in our Example [8.3] we found that
we required n = 8000 steps. Applying the method from [42], by comparison, requires
that n ~ 2.3 x 10°. These observations confirm empirical findings in Reference [44],
where the discretisation method of Algorithm [I| was applied in a practical problem.
The theoretical guarantee that is provided by Corollary [8.5] was not available at the
time, but the authors of Reference [44] did observe that the number of steps required
to obtain empirical convergence was much lower than Skulj’s theoretical upper bound
in Reference [42]].

In order to avoid having to use a too fine grid, as his uniform discretisation method
tends to require, gkulj also considers another computational method, which he calls
adaptive grid discretisation. In this method, the size of the discretisation steps is not
forced to be constant, but is instead varied in order to try and reduce the total number
of steps required. This second method is computationally more efficient, but has the
disadvantage that it can only be applied to certain cases. Therefore, Skulj also considers
a third method, which consists in combining his first two methods in such a way as to
profit from their respective advantages.

Since the limit in Definition [7.4] does not require the partition « to be uniform, our
computational methods could, in principle, consider non-uniform ‘adaptive grid’ dis-
cretisations as well, thereby mimicking Skulj’s second and third method. However,
since we did not investigate the—theoretical and empirical—efficiency of such an ap-
proach, we are unable to compare it with the methods of §kulj. As discussed in our
conclusions below, we consider this to be a promising avenue for future research.

11 Conclusions & Future Work

In this work, we formalised the concept of imprecise continuous-time Markov chains; a
generalisation of continuous-time Markov chains that robustifies this model class with
respect to often-made simplifying assumptions. In particular, it allows one to relax
the requirement of having to specify exact values—point-estimates—for the numerical
parameters of a continuous-time Markov chain, and furthermore relaxes the assump-
tions of time-homogeneity and Markovian probabilistic independence. Since these
assumptions are often made pragmatically to ensure a tractable model class, it should
not be obvious that this generalisation results in a practically workable model class.
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Nevertheless, we were still able to derive polynomial runtime-complexity algorithms
for computing quantities of interest.

In the remainder of this section, given the length of this paper, we start by providing
a brief summary of our most important technical contributions. We then finally close
by discussing some future lines of research that we consider to be promising.

The starting point of this work was to formally define continuous-time stochastic
processes within the framework of full conditional probabilities, using the notion of co-
herent conditional probabilities. After restricting ourselves to well-behaved stochastic
processes, we then introduced a way to characterise the dynamics of such stochastic
processes by means of their outer partial derivatives—sets of rate matrices, which we
have shown to be non-empty, bounded and closed, and which describe the infinitesimal
state-transition rates of these processes. In particular, these outer partial derivatives
allow us to describe this behaviour without imposing differentiability assumptions on
the conditional state-transition probabilities. Next, by imposing the Markov property
on such stochastic processes, we obtained continuous-time Markov chains as a special
case. Finally, by additionally assuming the time-homogeneity of the state-transition
probabilities, we have re-derived, within the framework of full conditional probabil-
ities, the well known homogeneous continuous-time Markov chains, which are those
stochastic processes whose matrix of conditional state-transition probabilities 7;° is
given by the matrix exponential ¢~ for some rate matrix Q.

Using these definitions, we have defined imprecise continuous-time Markov chains,
which we abbreviate as ICTMC’s, as sets of well-behaved stochastic processes whose
dynamics are consistent with a given set of rate matrices 2 and a given set of initial
distributions .# . In particular, an ICTMC is a set of stochastic processes whose outer
partial derivatives are contained within 2 and whose initial distribution belongs to .Z .
We distinguished between three different ICTMC’s, some of which impose additional
conditions. The ICTMC ]P’g_'  imposes no additional conditions. The ICTMC ]P’gl\f//
restricts attention to Markov processes, and the ICTMC Pg}% only considers Markov
processes that are time-homogeneous. We have investigated the closure-properties of
these three different ICTMC’s and, in particular, have studied their closure under spe-
cific types of recombinations of their elements.

The lower expectation of an ICTMC was defined as the infimum of the expectations
that correspond to the different stochastic processes in the ICTMC, that is, the highest
lower bound on these expectations. Upper expectations and lower and upper probabil-
ities were defined similarly, but since they correspond to special cases, we focussed on
lower expectations. The difﬁculty of computing such lower expectations was shown to
vary between the sets P¥ 2. PY . ///, and IP’WHM For example we have seen that the
law of iterated lower expectation applies only to the set P¥ 2.0

In order to make the computation of lower expectations tractable, we introduced
the notion of a lower transition rate operator Q, and used it to define the corresponding
lower transition operator Lj. First, we showed that Q can be regarded as the lower
envelope of a non-empty bounded set of rate matrices 2, and that there is a one-to-one
correspondence between lower transition rate operators Q and sets of rate matrices 2
that are non-empty, bounded, closed and convex, and have separately specified rows.
Next, we showed that the operator L} satisfies various convenient algebraic properties,
including time-homogeneity, differentiability and the semi-group property, and that it
can be regarded as a generalisation of the well-known matrix exponential. Finally,
we established that the operator L; corresponds to a uniform—rather than pointwise—
solution of the differential equation (3), which was previously proposed as a definition
for the conditional lower expectation E[f(X;)|X;] of an ICTMC in Reference [42]]—



11 Conclusions & Future Work 65

thereby bypassing the role of sets of stochastic processes.

For the ICTMC’s PY, , and P}, we have shown that the corresponding lower
expectations satisfy a property that is analogous to the definition in Reference [42]. In
particular, if the lower transition rate operator Q is the lower envelope of 2, and if
2 has separately specified rows, then E[f(X,)|X;,X,] is equal to [L{ f](X;), where the
lower expectation E[-|-] can be taken with respect to either ]P’\_)@v w or IP’:Z‘Z’M/// Moreover,
we have seen that the largest set of stochastic processes for which this is the case, is
the set of all well-behaved stochastic processes that are consistent with 2, where 2
is the unique largest set of rate matrices that dominates Q. B B

Using this connection between the operator L; and the lower expectations of ]P’g Y
and ]P’gl\f// we then went on to develop algorithms for the numerical computation of
these lower expectations, for functions that depend on the state at a finite number of
time points. For IE”:%”Y'%, we showed that this is—in general—only possible if all but
one of these time péints is situated in the past. For IP’YQ,VH o such a restriction was
not necessary, and we presented algorithms that are able to deal with functions that
depend on the state at multiple future time points, provided that 2 is convex. Our
algorithms apply to conditional as well as unconditional lower expectations, and are
able to compute these quantities within a guaranteed €-error bound.

In summary, then, we have provided in this work a generalisation of continuous-
time Markov chains to imprecise continuous-time Markov chains, which robustifies
these models with respect to both numerical parameter assessments and the simplify-
ing assumptions of time-homogeneity, Markovian probabilistic independence and dif-
ferentiability of the state-transition probabilities. Notably, our lower transition operator
provides a convenient analytical tool to represent such a model’s lower expectations,
and these quantities can be tractably computed using the algorithms that we presented.
Therefore, this work can be seen as providing the required rigorous foundations for
working with ICTMC’s, both theoretically and practically. As such, we expect that it
will provide plenty of avenues for future research.

On a technical level, a first important line of future research would be to extend
our results to functions that are allowed to depend on the state X, at all time points €
R>o—rather than only a finite number of time points. Being able to compute the lower
and upper expectation of such functions would allow for the study of some practically
important aspects that our current framework cannot tackle yet, such as the time until
the system reaches some desired state, the average time that is spent in a state, etcetera.
Our framework is well-suited to be extended to such a setting, because the coherence
of the stochastic processes that we consider ensures that their domain can be extended
to include events that depend on the state at all time points. Furthermore—should this
be desired—the results in Reference [[7]] allow for such an extension to be established
in a o-additive way.

A second technical line of future research would be to drop the assumption that 2~
should be finite, and to exend our framework to the case where 2 is countably—or
perhaps even uncountably—infinite.

Thirdly, still on the technical level, it would be interesting to investigate whether the
requirement that 2 should be convex—which we currently need in order to guarantee
that Algorithm 3] yields a correct result—is really necessary. In fact, we conjecture that
it is not. Basically, the reason why Algorithm [3] currently requires 2 to be convex, is
because it relies on Theorem [6.5] the proof of which in turn relies on Theorem
While we believe that the convexity of 2 is necessary in order for Theorem to
hold, we think that this is not the case for Theorem 6.5} and we think that it should be
possible to provide the latter with an alternative proof that does not require 2 to be
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convex.

Yet another interesting line of future research would be to generalise the models
that we consider by allowing the set of rate matrices 2 to be time-dependent, that
is, to consider a set-valued function .Z;. As one anonymous reviewer pointed out,
this could be used for example to model the fact that over time, we become less and
less certain about what rate matrix to use. The subtlety will then lie in choosing the
kind of continuity assumptions that should be imposed on such a function 2;. If it is
piecewise-constant, then we expect that our methods should translate fairly naturally to
such a generalised model. For more complex time-variations, however, technical and
computational difficulties may need to be overcome.

As far as the computational aspects of our work are concerned, there is also still
quite a lot of room for future work. In particular, we believe that it should be possible
to improve upon the efficiency of our methods for computing L;. On the one hand, we
did not yet study the effect of allowing for non-uniform discretisations—as Skulj does
in his adaptive discretisation method [42]. On the other hand, our approach—as well
as that of §kulj—does not yet exploit the fact that L} = L§j™" is guaranteed to converge
to a limit as s — ¢ approaches infinity [13]; for large values of s —¢, this feature should
surely make it easier to compute L, whereas our—and Skulj’s—methods become less
efficient as s — ¢ increases. Some initial results in this direction can already be found in
Reference [29]].

Finally, on an algorithmic level, a practically important future line of research
would be to develop specialized versions of our algorithms, which are tailored to deal
with specific functions. The reason why we consider this to be important is because,
for functions that depend on the state at a finite number of time points, the runtime-
complexity of our algorithms is currently exponential in this number of time points.
This is not problematic—and is in fact to be expected—because for general functions,
even simply specifying the function has such a complexity. However, in many practical
applications, there will typically be some underlying structure of the functions that we
are interested in. For instance, for time points v = sy, ..., Sy, there may be functions
gi € L(%s,), i €{0,...,m}, such that f € Z(Z,) is of the form f(x,) =Y gi(xs;)
or f(xy,) =TIT"gi(xs). In the discrete time case, that is, for imprecise discrete time
Markov chains, it has been shown that for these specific types of functions, infer-
ence algorithms such as Algorithm [3] simplify considerably, to the extent that their
runtime complexity becomes linear in the number of time points [[12}[32]. We believe
that it is possible—and even relatively straightforward—to extend these techniques to
the continuous time framework of this paper. Furthermore, since similar techniques
also lie at the heart of existing algorithms for imprecise discrete-time hidden Markov
chains [3} [14], we believe that this line of research could also serve as a first step to-
wards the development of imprecise continuous-time hidden Markov chains—where
the states are observed indirectly through noisy outputs—and in particular, towards the
development of efficient algorithms for problems such as filtering and smoothing. In
fact, some first steps in this direction have already been taken in Reference [29].
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A Proofs and Lemmas for the results in Section [3

Proposition 3.1. For any two transition matrices 77 and 75, their composition 7} 75 is
also a transition matrix.

Proof. Simply check each of the properties. O

Proposition 3.2. Consider any transition rate matrix Q € %, and any A € R>( such
that A||Q|| < 1. Then the matrix (I + AQ) is a transition matrix.

Proof. [TT|follows from[R1T} for all x € 27, [RT]implies that
L [1+A0)(xy) = Y I(xy)+A }, O(xy) =1+A0=1.

ye yeZ ye

follows from [R2] and because 0 < A||Q|| < 1: for all x,y € 2" such that x # v,
0 <A| Q|| <1 implies that [/ +AQ](x,x) = 1+AQ(x,x) > 1 —A||Q| > 0, and[R2]and
A > 0 imply that [+ AQ](x,y) = AQ(x,y) > 0. O

Proposition 3.3. Consider any transition matrix 7', and any A € R~ (. Then, the matrix
I/A(T —1) is a transition rate matrix.

Proof. This proof is analogous to that of Proposition [3.2} simply verify each of the
properties in Definition [3.2] O
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Proposition 3.5. A set of rate matrices 2 C % is bounded if and only if
inf{Q(x,x): Q€ 2} > —co forallx e 2. 3)

Proof. We start by proving that Equation (3) implies ||2|| < +ece. To this end, assume
that Equation @ holds. Since 2 is finite, it then follows that

2] = sup{liQ] : QGQ}SUP{IH&X{ Y l0(xy)]:xe 35} : QGQ}

e

:max{sup{ Z |0(x,y)] : QEQ} tXE 3&”}

yeZ

Hence, there is some x' € 2" such that

12| = sup Z |Q(x',y)| = sup (2|Q(x/,x/)|) =2 sup ’Q(x’,x’)|
0e2ye 0e2 02

. ! ! . !l
= 2Q11€1f@( |0(x',x)]) = Zégf@Q(x,x) < oo,
where the second and last equality follows from Definition[3.2] and the final inequality
follows from Equation (3)).

We next show that || 2|| < 4o implies Equation (3). To this end, consider any set
of rate matrices 2 C % such that || 2|| < oo, and assume ex absurdo that Equation
is not true. Then clearly, there is some x’ € 2" and Q' € 2 such that 0’ (x,x) < — || 2.
However, this implies that || 2] > ||Q'|| > |Q'(x,x)| > ||2]|, which is a contradiction.
Hence, it follows that Equation (3)) must be true. O

Lemma A.1. [33] Theorem 2.1.1] For any Q € %, we have that

d on 1, o
ﬂeQ |A:0 = lim K(EQ -I)=0.

Proposition 3.6. For any Q € Z, 9 is a well-behaved transition matrix system.

Proof. We start by showing that .7 is a transition matrix system. Because of Propos-
ition Jp is clearly a family of transition matrices. Consider now any #,r,s € R>q
such that # < r <s. It then follows from the definition of .7 and [33| Theorem 2.1.1]
that 7* = T/T?, and T = I. Because the ¢,r,s are arbitrary, it follows from Defini-
tionthat T is a transition matrix system.

To prove that fg is well-behaved, note that for any ¢ € R>, because of Defini-

tion

1 1
timsup 74 ~ 1] = timsup ‘(T,”AI) Q+QH
A—0F Ao+ || A
. 1
<timsup| (72 <1~ 0| + 0] = ] <.
A—0T

where the first inequality follows from Proposition the second equality follows
from Lemma and the final inequality follows from the fact that Q is real-valued.
Because this holds for any ¢ € R>, the first condition in Equation () is satisfied. A
similar argument shows that also the second condition is satisfied for all # € R+, and
hence J is well-behaved. O
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Proposition 3.7. Consider any closed interval I C R>g, and let 7 I'be a family of
transition matrices 7,* that is defined for all ¢,s € I withr <'s. Then 7 I is a restricted
transition matrix system on I if and only if, for all ¢,7,s € I with r < r < s, it holds that
;=TT and T} =1.

Proof. If T I'is a restricted transition matrix system, then, by definition, it is the re-
striction to I of some transition matrix system .7. Therefore, the ‘only if” part of this
result follows trivially from Definition [3.3]

For the ‘if* part, we need to prove that for any family of transition matrices 7!
such that, for all 7,r,s € I with # < r <, it holds that 7 = T/'T; and T} = I, there is
a transition matrix system .7 that coincides with 7T on I. In order to prove this, it
suffices to show that the unique family of transition matrices .7 that coincides with .7
on I and that is otherwise defined by

1 if s < minl
Ty iff<minlandsel
T} = T;?EII ift <minland supI <s for¢,s € Ry withs <sand [t,s] ZI,
TtSupI ift € Tand supl <
I if supl <t
(65)
is a transition matrix system. This is a matter of straightforward verification. O

Proposition 3.8. Consider any closed interval I C R>g, and let I be a restricted
transition matrix system on I. Then .7! is well-behaved if and only if

1 1
(V¢ €I") limsup — HT,”LAfIH < oo and (Vs €17) limsup — || T;_x —I|| < +eo, (6)
A Aot A

A—0*
where I := I\ {supI} and I" := I\ {minI}.

Proof. If I is well-behaved, then, by definition, it is the restriction to I of a well-
behaved transition matrix system .7 . Therefore, the ‘only if” part of this result follows
trivially from Definition

For the ‘if” part, we need to show that for any restricted transition matrix system
71 on I that satisfies Equation (6)), there is a well-behaved transition matrix system .7
that coincides with 7! on I. Let .7 be constructed as in the proof of Proposition
Then, as explained in that proof, .7 is a transition matrix system that coincides with
' on I Therefore, it suffices to prove that .7 is well-behaved. We start by proving
the first part of Equation (3). So consider any t € R>q. If 7 € I'", then the desired
inequality follows from Equation (6). If # ¢ I, then either < minI or # > supl, and
therefore, for sufficiently small A > 0, it follows from Equation @I) that T,’ A —p s
thereby making the desired inequality trivially true. The second part of Equation (3)
can be proved similarly. O

Proposition 3.9. Consider two closed intervals I,J C R>¢ such that maxI = minJ,
and any two restricted transition matrix systems .71 and .7J. Then their concatenation
TV — 71 77 is a restricted transition matrix system on IUJ. Furthermore, if both
IV and Z7 are well behaved, then 1Y is also well-behaved.

Proof. Forallt,s € IUJ such that t < s, it follows from Proposition 3.1|that the matrix
T? that corresponds to J IUJ s a transition matrix. Furthermore, for all € IUJ, we
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have that either r € I or ¢ € J. In either case, we have that T = I, because either 7)) =
IT! =Tor T} =JT! = I, with 'T! and /T! corresponding to .71 and .77, respectively.
Next, we show that for all #,g,s € TUJ with ¢t < g <, it holds that

TS =TT}

If both #,s € I or if both 7,5 € J, this clearly holds. Therefore, we may assume that
t €I and s € J. Suppose furthermore that g € I. Then, from the definition of the
concatenation operator ®, we have that qu = Tq’ T?, with r = maxI = minJ. Because
t,q,r € I, we know that T,qTq’ =T/, and hence, by the definition of the concatenation
operator,
thTqS — T,qTqurS — TtrTrs _ TtS'

An exactly analogous argument proves the case for g € J. Therefore, it follows from
Proposition that 719 is a restricted transition matrix system.

It remains to prove that if .71 and .77 are both well-behaved, then .77 is also
well-behaved. Due to proposition [3.8] it suffices to prove Equation (&). We only prove
the left part of this equation, that is, we prove that

(Ve € (IUJ)™) limsup

A—0T

1
‘A (EHA _,) H < too.

The proof for the right part of Equation (6)) is completely analogous. So consider any
t € MUJ)™. Since supI = maxI = minJ, it follows that

AUt = aud)\ {supdul)} = TUJ)\ {supJ} = (I\sup) U(J\supJ) =TT UJ".

Therefore, without loss of generality, we may assume that ¢+ € I'*. The desired res-
ult now follows by applying Proposition to the well-behaved restricted transition
matrix system .71, O

The following lemma states a very useful norm inequality that we will use re-
peatedly in the proofs in this work. This result states that the distance between two
composed transition matrices 717> ---T,, and §153 - - -, is bounded from above by the
sum of the distances ||7; — S;|| of their component transition matrices.

LemmaA.2. LetTy,...,T,and Sy, ..., S, be two finite sequences of transition matrices.
Then

n n
HTi - HSi
=1 =

Proof. This is a special case of Lemma[E.4] which states a more general version. We
have included this version separately because Lemma [E.4] uses concepts that, on a
chronological reading of this paper, would be undefined at this point. O

n
<Y lz-si.
i=1

Proposition 3.10. Consider any interval I C R>¢ and let d be the metric that is defined
in Equation (7). The metric space (77,d) is then complete.

Proof. Consider any sequence {Zl}ieN in 71 that is Cauchy. We will prove that this
sequence converges to a limit that belongs to 7. For all i € N and any #, s € I such that
t <s, we will use ’7}“’ to denote the transition matrix that corresponds to ZI.

Since {71} ;cn is Cauchy, it follows from Equation (7)) that

(Ve € Rug) (3ne € N) (YA, £ > ng) (Vr,s € 1: £ < 5) HkT,S s

<eE. (66)
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Clearly, for any ¢, s € I such that ¢ < s, this implies that the sequence {‘T* };cy is Cauchy.
Since the set of all transition matrices—of the same finite dimension—is trivially com-
plete, this implies that the sequence {'T,'};cy has a limit 7;°, and that this limit is a
transition matrix. We use .7 to denote the family of transition matrices that consists
of these limits.

Fix any ¢, r,s € I such that r < r <. Then for any i € N, because 91-1 is a restricted
transition matrix system, we know that T/ = I and ‘T = ‘T,"'T*, which implies that
|7 —1|| = || T — 'T}|| and, due to LemmaA.2] that

B A R LR
<t =7+ - |7 -7

Since we also know that lim; , 1o 'T = T/, lim; s 1o 'T* = T?, lim; 1 'T" = T and
lim;_, o 'T* = T?, this implies that || T} —I|| =0 and || T} — T,/ T} || = 0, or equivalently,
that 7/ = I and T = T/ T?. Since this is true for any #,r,s € I such that t < r <s,
and because we already know that that the family .7 consists of transition matrices,
it follows from Proposition that .71 is a restricted transition matrix system. In the
remainder of this proof, we will show that .71 = lim,_,.. 91.1.

Fix any € > 0 and consider the corresponding ne € N whose existence is guaranteed
by Equation (66). Fix any k > ne. For any ¢,s € I such that 7 < s, it then follows from
Equation (66)) that, for all £ > n,:

Hk];?irl;s

ks 0
<[r-

+ HZ]}S 77;3‘

Since limy_, .. ‘T* = T*, this implies that HkT,S -7’ H < &. Since this is true for all
t,s € I'such that r < s, it follows from Equation (7)) that d (9,(1, TN < e. Since € >0
was arbitrary, we conclude that

(Ve € Ruo) (3ne €N) (Vk > ne) d( 1, T") <,
which implies that 71 = lim; ., 7;1. O
Lemma A.3. Consider any Q € % and any A > 0. Then,

2~ (1+40)| <A%l0I.

Proof. This is a special case of Lemma[E.9] which states a more general version. We
have included this version separately because Lemma uses concepts that, on a
chronological reading of this paper, would be undefined at this point. O

Lemma A.4. Consider any Q € % and any A > 0. Then,

1| < a0l

Proof. This is a special case of Lemma |E.10} which states a more general version. We
have included this version separately because Lemma uses concepts that, on a
chronological reading of this paper, would be undefined at this point. O

Lemma A.5. If 01,0, € Z and A € R, then ||¢914 — ¢224|| <A[|Q1 — Q5]
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Proof. Consider any n € N. It then follows from Lemma[A.2] that

— Ql%ineQZ% -
= et - Tt < X

which, since we know from Lemma[A_3]that

_o02A o

A A
Hteg_esz

A A A
O —(I4+—01) ‘+ Hn(Q1 %)

A
+ H(1+ ;Qz) —eQ2

A? , A A? 2
<= ol +;||Q1—Q2||+n7||Q2|| ;
implies that

AZ
[ers —e0)| < = 2 ol +allor - 02+ — 1102

The result now follows by taking the limit for n going to infinity. O

B Proofs for the results in Section [

Proof of [F3}{F8 Consider any A € &£(Q) and C € &(Q)g. It then follows from [F2]and

3] that P(A|C) = P(AUCI|C) — P(C\ A|C) = 1 — P(C\ A[C) (67)
and
P(ANCI|C) = P(C|C) — P(C\ A|C) = 1 — P(C\ A[C). (68)

[F3] follows from Equation (67) and [F1] [F6] follows from Equations (67) and (68]
follows from[F3] by letting B := 0. [F8|follows trivially from [F2}

Corollary 4.3. Let P be a real-valued map from @ C £(Q) x &(Q)p to R. Then P is
a coherent conditional probability if and only if it can be extended to a full conditional
probability.

Proof. First assume that P can be extended to a full conditional probability P*. The-
orem[4.T|then implies that P* is a coherent conditional probability, and therefore, since
P is the restriction of P* to ¢, it clearly follows from Definition[4.2]that P is a coherent
conditional probability.

Conversely, if P is a coherent conditional probability on %, it follows from The-
orem that P can be extended to a coherent conditional probability P* on & (Q) x
&(Q)p, which, because of Theorem is a full conditional probability. O

Corollary 4.4. Let P be a real-valued map from %% to R. Then P is a stochastic
process if and only if it is the restriction of a full conditional probability.

Proof. Trivial consequence of Corollary O

Proposition 4.5. Let P € P be a stochastic process. Then, for any ¢,s € R>¢ such that
t <s, any sequence of time points u € %, and any state assignment x,, € 2, the
corresponding (history dependent) transition matrix 7;%, is—as its name suggests—
a transition matrix, and 7;', = I. Furthermore, P is well-behaved if and only if, for



B Proofs for the results in Section 76

every—possibly empty—time sequence u € %, any x, € 2, and any t € R>¢ such
thatz > u:

1
limsup — || 7+ —IH < +oo (18)
A0+ '
and, if t # 0,
. 1
llmSUpKHT;t,Axu—IH < oo, (19)
A—01

Proof. The first part of the statement follows trivially from Corollary .4 and Defini-
tions [3.T]and 1] The second part is an immediate consequence of Definition [4.4] and
Equation (2)). O

Proposition 4.6. Consider any P € PV, Then 9, T' b X J_T!

", and JT are non-
empty, bounded and closed subsets of Z.

Proof. We only give the proof for §+7;f x,~ The proof for J_ T/, is completely ana-
logous. The proof for d7; . then follows trivially because a union of two bounded,
non-empty and closed sets is always bounded, non-empty and closed itself.

We start by establishing the boundedness of §+Tlf x,- Since P is well-behaved, it
follows from Proposition[4.5] that there is some B > 0 and § > 0 such that

0<a<d) | L

A ) H AH T4 I)H <B. (69)
Consider now any Q € 9., T,{ +,- Because of Equation (21), Q is the limit of a sequence
of matrices {QOx }ren., defined by

O = Ai(T,{;uAk —1) forallk e N. (70)

k

Because of Equation (69), the norms || Q|| of these matrices are eventually (for large
enough k) bounded above by B. Hence, it follows that || Q|| < B. Since this is true for
any Q € 9, T/ '+,» we find that 8+ ? v, is bounded.

In order to prove that 9. T} # v, 1s non-empty, we consider any sequence {Ay }ren —
0*. The corresponding sequence of matrices {Qx }ren, as defined by Equation (70),
is then bounded because P is well-behaved—see Proposition @and therefore, it
follows from the Bolzano-Weierstrass theorem that it has a convergent subsequence
{O }ien of which we denote the limit by Q*. Hence, we have found a sequence
{Ay, }ien — 0T such that {Qy, }ieny — Q*. Since we know from Lemmathat each
of the matrices in {Q, }icn is a rate matrix, the limit Q* is also a rate matrix, which
therefore clearly belongs to d T,

We end by showing that 9, Tt’ x, 18 closed, or equivalently, that for any converging
sequence {Qj }ren, of rate matrices in 8+th x,» the limit point Q0 = limy, 1. O is
again an element of 9. T! t.x,- The argument goes as follows. First, since each of the
rate matrices Q; belongs to the bounded set 0. 7/, , their limit O is a (real-valued) rate
matrix. Next, for any k € N, since Qj € 3+7} , it follows from Equation (21)) that there
is some 0 < Ay < 1/k such that ||Qk - QkH < l/k with Q. defined as in Equation (70).
Consider now the sequences { Oy } ren and {Ay }ren. Then on the one hand, we find that

0 <limsup||Q" — Q|| < limsup |Q" — Qx| +limsup || O} — Q||
k—soo k—>too k—>oo

= limsup||Q* Qk||+ l1m l/k—hmsupHQ —0ill=0,

k=00
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which implies that sequence {QOy }ren converges to Q. On the other hand, we have that
lim_, 1 Ay = 0. Hence, because of Definition[4.8] it follows that 0* € d . T} . O

Proposition 4.7. Consider any well-behaved stochastic process P € PV, Then, for any
t € R, any sequence of time points u € %, any state assignment x,, € £, and any
€ > 0, there is some 6 > 0 such that, for all 0 < A < §:

Goeqa,) |3 -n-of <o 3
and, if  #£ 0,
(3071, |30 an -1 -0 <e. o9

Proof. Fix any € > 0. Assume ex absurdo that

(V6> 0)(F0 <A< 8)(VQ €I, T,)

1
L@ -n-of>e

Clearly, this implies the existence of a sequence {A} ey — 0" such that

Q;— Q| >¢ forallkcNandall Q € 9, T/ (71)
B

Xu )
with Oy defined as in Equation (70). As we know from the proof of Proposition 4.6
the sequence {Qx }ren has a convergent subsequence {Qx, }icn of which the limit Q*
belongs to §+Tt’7 x,- On the one hand, since lim; Q) = O, we now have that
limj— 1 ||Qx, — Q|| = 0. On the other hand, since Q* € 9T/, . it follows from Equa-
tion that lim;_ 1o HQk‘. — Q*H > € > 0. From this contradiction, it follows that
there must be some &; > 0 such that Equation (23)) holds for all 0 < A < §;. Similarly,
using a completely analogous argument, we infer that if r # 0, there must be some
&, > 0 such that Equation holds for all 0 < A < &,. Now let 6 .= min{J;, 0, } if
t#0andletd:= o ift =0. O

Corollary 4.8. Consider any P € PV. Then 9, T/ ,, is asingleton if and only if 0, T,
exists and, in that case, d,. T}, = {d, T/, }. Analogous results hold for d T}, and
d_T;,,,and for T/, and JT/, .

t,xy?

Proof. This follows trivially from Proposition O

C Proofs and Lemmas for the results in Section

Proposition 5.1. Consider a Markov chain P € PM and let .7p be the corresponding
family of transition matrices. Then p is a transition matrix system. Furthermore, Ip
is well-behaved if and only if P is well-behaved.

Proof. Consider any Markov chain P € PM, with .7 its corresponding family of trans-
ition matrices. Then, because P is a stochastic process, it follows from Proposition @]
that 7/ = I for all r € R>y.

Consider now any ¢,r,s € R>o with # < r <s. We need to show that T}’ = 7T’
If t = r, we have that T’ = T/ T = IT = T, and hence the result follows trivially.
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Similarly, the claim is trivial for r = s. Hence, it remains to show that the claim holds
fort < r <s. It follows from Definition [5.1] that for all x,,x,,x; € 2,

PXs=x5| X, =%, X =x) = P(X; = x| X, = x,).

Furthermore, because P is a stochastic process, it follows from Corollary 4.4 that P
satisfies[F4] and [F3] on its domain. From [F4] we infer that

P(Xs =x0,Xr = x| Xy = %) = P(Xs = x5 | Xy = %, X = % )P(Xy = x| X, = x;)
:P(XS = Xg ‘Xr :xr)P(Xr :xr|X[ :xt),

where the second equality used the Markov property. From[F3] we infer that

PXs=x|Xi=x)= Z P(Xy = x5, X, = x| Xy = x;).
xr€Z

From the definition of .7p in Definition[4.3] it now follows that, for any x;,x; € 2,

T;S(xtaxs):P(X _xslxt—xt Z P s = Xs, r—xrlxt:xt)
X

= Z P(Xs =x5|Xp = x)P(Xp = x| X, = x/) = Z T (%, x,) T (7, X5)
X e

and hence, by the rules of matrix multiplication, we find that 7, = T;"T,’. Therefore,
and because the 7, r, s € R>( were arbitrary, p is a transition matrix system.

The fact that 9p is well-behaved if and only if P is well-behaved follows immedi-
ately from Definition [3.4]and Proposition[4.5|because the Markov property implies that
TA=T""and T , =T, O

Theorem 5.2. Let p be any probability mass function on 2" and let .7 be a transition
matrix system. Then there is a unique Markov chain P € PM such that 7 = .7 and,
forally e 27, P(Xo =y) = p(y). Furthermore, P is well-behaved if and only if .7 is
well-behaved.

Proof. Let

C={(X; = Xu=x) €C:uc Uy, s>u, x,€ Xy ye 2}
U{(Xo=y,Xo=x9) €C¥:ye 2}

and consider a real-valued function P on % that is defined by

. T
PX, =y Xy =x,) = p(y) ifu _ forall (X, =y,X,=x,) €F.
T3 axu(Xmaxu,y)  otherwise

(72)

We first prove that P is a coherent conditional probability on %’. So consider any

ne€Nand, foralli € {1,...,n}, choose (4;,C;) = (Xy; = yi, Xy; = Xy;) € € and A; € R.
We need to show that

max { i Aile, (o) (ﬁ(A,'|C,') — Iy, ((J)))

i=1

G)ECQ} >0, (73)

with Cp = U!_,C;. Since every sequence u; is finite, there is some finite set w =
{wo,wi,...,wm} CRx¢ of time points, with m € N, such that 0 = wp < w; < -+ < wy,
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and, for all i € {1,...,n}, u; Cw and s; € w. Let P, be the restriction of P to €,,
with &, defined as in Lemma Then since P, clearly satisfies the conditions of
Lemma [C.1} it follows that P,, is a coherent conditional probability. Because of The-
orem s implies that P,, can be extended to a coherent conditional probability P,
on &(Q) x &(Q)g, which, because of Theorem[4.1] is also a full conditional probabil-
ity. Since P, is a coherent conditional probability, it now follows from Definition
that

max{ y Aillc; (@) (P (AilCi) —Ta, ()
i=1

e Co} >0. (74)

By comparing Equations and (74)), we see that in order to prove that P is coherent,
it suffices to show that, for all i € {1,...,n}, P,(A;|C;) = P(A;|C;). So fix any i €
{1,...,n}. If u; = 0, then s; = 0 = wy and therefore (A;,C;) € %, which implies that
P, (Ai|C;) = Py (A{|C;) = P(A;|C;). If u; # 0, then since u; C w, s; € w and s; > u, it
follows from Lemma|C.2|that B, (A;|C;) = P(A;|C;). Hence, P is a coherent conditional
probability on €.

Therefore, due to Theorem and because € C €SP, P can be extended to a
coherent conditional probability P on %P, which, according to Definition is a
stochastic process. Due to Equation (72), this implies that P is a Markov chain such
that 9p = 7 and, for all y € 2, P(Xo =y) = p(y). Lemma implies that this
Markov chain is unique and, since Jp = .7, Proposition implies that .7 is well-
behaved if and only if P is well-behaved. O

Lemma C.1. Let w = {wg,wy,...,wn} C R>( be a finite set of time points, with
m € Ny, such that wy < w; < --- < wy,. Let P, be a real-valued function on

G = {(ij =y, Xy=x,): j€{0,....m}, u={wo,....wj_1}, ye X, x, € 5&”,4}

such that, for any j € {0,...,m}, u = {wo,...,w;_1} and x, € Z,,, PW(XWJ. =x|X, =
Xu), as a function of x € 27, is a probability mass function on .2". Then P,, is a coherent
conditional probability.

Proof. We provide a proof by induction. Assume that this statement is true for any
m' < m—this is trivially the case for m = 0. We will show that this implies that it is
also true for m.

Consider any n € N and, forall i € {1,...,n}, choose (A;,C;) € 6, and A; € R. We
need to show that

max { Y Alle, (@) (Pu(AilC) —1a, (@) | @ € Co} >0, (75)
i=1
with Cy = U™, ;.
Forany i € {1,...,n}, since (4;,C;) € %,,, there is some j; € {0,...,m} and, for all
0e/0,...,ji}, some z;; € 2 such that

Ai = (XWji :Zji7i) and Ci = (XWO = ZO,[) e 7XWj‘.,1 = Zj;—lj)'

Let S={ie{l,...,n}: ji <m}. If § # 0, then by the induction hypothesis, we know
that

max {Z&‘HQ ((D) (PW(A,'|C,') — HA[(O)))

icS

wecg}zo,
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with Cj == U,esC;. It follows that there is some @* € Cj C Cp such that

Y Aile,(0%) (Pu(Ai|Cr) — L, (@0%)) > 0. (76)

icS

If $ = 0, then let ©* be any element of Cy. Equation (76) is then trivially satisfied.
Hence, in all cases, we have found some w* € Cy that satisfies Equation .

Let C* == Ni<tem(Xw, = ®*(wy)) and S* == {i € {1,...,n}: C; = C*}. Then by the
assumptions of this lemma, there is some probability mass function p on 2" such that,
forall x € 27, By(Xy,, = x|C*) = p(x). Forallx € 27, let A, = Y(ics+: 5, ,—x} Ai- Since
p is a probability mass function, it then follows that

¥ ARAIC) = E ap)> E (mind,)pio) = (mind,) ¥ )= mins.

ieS* xeZ xeZ xeZ

Zm,i

Now let y* be any element of 2" such that min,c - A, = A, (since 2" is finite, this
is always possible). Let @** be any path in Q such that ©** € C* and @™ (w;,) = y*;
Equation (12) guarantees that this @** € Q exists. Then

Y Ai(Pu(A]CT) — Ty (@) > min Ay — ¥ Al (@) = Ay — Ay =0,

ieS* yex ieS*

where the first equality holds because, for every i € §*, A; = (X,, = Zm.i)-

Let $** :=={1,...,n}\ (SUS*). Since @** € C*, we find that I¢, (0**) = I¢,(®*) and
Iy, (@0**) =T, (w*) for all i € S, that I, (@**) = 1 for all i € §*, and that Ic;(@0**) =0
for all i € $**. Hence, it follows from Equation that

ik,-]lci(a)**)(Pw(A,-|C,-)— )= Y Ai(P(AICT) —Ta, (0™)).
i=1

ieS*

By combining this inequality with the previous one, we find that in order to show that
Equation holds, it suffices to prove that ®** € Cp.

In order to prove this, it suffices to notice that the question of whether or not a
path @ € Q belongs to Cy, only depends on the values @(r) of @ at time points ¢t €

{wo,...,wm_1}. Indeed, since we infer from ®** € C* that the value of ®* and ®** at
these time points is the same, and because ®* € Cy, this implies that ®** € Cp. O
Lemma C.2. Let w = {wo,wi,...,wn} C R>0 be a finite set of time points, with

m € Ny, such that wyp < w; < -+ < wy,. Let .7 be a transition matrix system and let
P, be any full conditional probability such that for all j € {1,...,m} and x,, € Z’,

2e{0,...,j}:
pW(XWj :xw.f|Xw0 :xwownanj 1T Xy 1) Tw,j 1(xw] luij)

Then for any s € w and u C w such that s > u and u # 0, any y € 2 and any x, € Z,,,
we have that

PW(XS =)’|Xu = xu) = Trflaxu(xmaxuay)'

Proof. Since ® #u Cw, s €w and s > u, it follows that there is some j € {1,...,m}
such that s =wj and u C {wo,...,w;_1}.

We provide a proof by induction. If s = wy, then u = {wy }, and therefore, the result
follows trivially from the assumptions in this lemma. Assume now that the result is
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true for s = w;, with 1 < j < m. We will prove that this implies that it is also true for
s =wj;1. We consider two cases: maxu = w; and maxu < wj.
If maxu = wj, then with v := {wp,...,w;} \u:

pw(ijH :))|Xu :xu) = Z }SW(XW]'+1 =yX, = Zv|Xu :xu)
weZy
= Z PW(XWj+| :y‘Xu =Xy, Xy = Zv)iiw(Xv = Zv|Xu = xu)
Zv€Z,

Z T[X’.{;li (xmaxuyy)pw(Xv = Zv|Xu = xu)
w€eZ,

= Tlrv:}z{;li (xmaxuaY) Z PW(XV = ZV|Xu = xu)
wEZy

= Tr;Vg{;i (xmaxu7y)7

where the first equality follows from[F3] the second equality follows from[F4] the third
equality follows from the assumptions in this lemma and the fact that maxu = w;, and
the last equality follows from [F3]and [Fg]

If maxu < wj, then with v := {wo,...,wj_1 }\u:
Fw(ijH :y|Xu :xu)
= Z Z pw(ijH :anwj :ZWJ'7XV :ZV‘XM :xu>
o €EX WELy

Z Z ﬁW(XWj+1 :ylxu:xu;XWj:Zw_,-aXv:Zv)
w . EX weXy ~ ~
e Po(Xy = 20[Xu = 5, X, = 2 )P (X, = 2, [ X = )

= Z Z Tv:‘;jﬂ (Zw.fvy)Pw(Xv = Zv|Xu :meWj = ZWJ')P’W(XWJ' = Zw.f|Xu :xu)

zwjeﬁ/fz\;E 2y

= Z Z Tvr;-jﬂ (Zij7Y)pw(Xv = Zv|Xu = meWj = ij')TIKjXM(-xm‘dxuaZWj)

zw./eﬁ?f wEZLy

= Z Tv:'v_,‘jﬂ (ij,y)Tr;Va{xu(XmaXu,ij) Z ﬁw(Xv = Zv|Xu :mew]- = ZWj)
ijea%f ZVE;%/

= Z Tp:vjiH] (Zw}wy)Tr;lexu(xmaxuaZwJ-) = Tn‘;val):rl,i (xmaxmy)a
zwje%'

where the first equality follows from [F3] the second equality follows from [F4] the
third equality follows from the assumptions in this lemma, the fourth equality follows
from the induction hypothesis, the sixth equality follows from [F3]and [F8] and the last
equality follows from Equation (@). O

Lemma C.3. Consider two Markov chains P;, P> € PM such that Ip, = Ip, and, for
ally e Z, P (X() :y) = PQ(XO = y). Then P = Ps.

Proof. Let J = Jp, = Ip, be the common transition matrix system of P; and P, and
let p be their common initial probability mass function, as defined by p(y) := P;(Xp =
y) =Py(Xo=y) forall y € 2. Let P be a real-valued function on €, with € and P
defined as in the proof of Theorem [5.2] It then follows from Definition [5.1] that the
restriction of P, and P to € is equal to P. Furthermore, for any s > 0, y € 2 and
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J € {1,2}, we find that

Pi(X,=y)= Y Pi(X;=yXo=x)= Y Pj(X,=y|Xo=x)P;j(Xo=x)
xeX xeZ
= Z P(Xs = y|Xo = x)P(Xp = x).
xeZ

Hence, the restrictions of P; and P> to

¢ =6 U{(X,=y,Xo="x0): s R0, y€ 2}
:{(Xs:yvxu :xlt): ue %7 SERZ()v S>u, xy € %“ ye %}

are identical. We denote this common restriction by P*.

Consider now any (A,X, = x,) € €5°. Then since A € .7, there is some finite set
of time points v = {v1,v2,...,v,} € Rxp, with n € N, such that maxu < v; < v <
-+ < vy, and some set § C 2,y such that A = U, es(Xuuw = zuy)- Let S, = {z, €
2y (xu,2v) € S}. For any j € {1,2}, we then find that

Pj(A|Xu =xy) = Z Pj(Xqu = Zuow| Xu = Xu)

ZuuvES

= Z I).i(le =2y, Xvy = 2y, Xy, :Zvn|Xu :xu)
€Sy

n
Z H Pj(Xv,- = 2y; ‘Xu :xlt7XV1 = Zvlv-“aXv,',l = Zvl;l)

€Sy i=1

n
= Z H P*(XVI' = 2y | Xu = Xu, Xoy = 2oy, X0 = 20)s

ZeSy i=1

which implies that Pj(A|X, = x,) = P,(A|X, = x,). Since this is the case for any
(A, X, = x,) € €5, it follows that P| = P. O

Corollary 5.3. Consider any rate matrix Q € & and let p be an arbitrary probability
mass function on 2". Then there is a unique Markov chain P € PM such that 7» = 7
and, for ally € 2", P(Xo =y) = p(y). Furthermore, this unique Markov chain is well-
behaved and homogeneous.

Proof. Since we know from Propositionthat Jp is a well-behaved transition matrix
system, it follows from Theoremthat there is a unique Markov chain P € PM such
that Jp = Jp and, for all y € 27, P(Xo =y) = p(y), and that this Markov chain is
furthermore well-behaved. Since it—trivially—follows from Definition that 7
satisfies Equation (26)), Definition [5.2]implies that P is homogeneous. O

Theorem 5.4. For any well-behaved homogeneous Markov chain P € PVHM  there is
a unique rate matrix Q € & such that 7p = ﬂQ

Proof. Because of Proposition we know that o, TOO is a non-empty bounded set of
rate matrices, which implies that there is some real B > 0 such that ||Q'|| < B for all
Q' € J.TY. Let Q be any element of 0. T).

11 Although our proof for this result starts from scratch, this result is essentially well known. Our version
of it should be regarded as a (re)formulation that is adapted to our terminology and notation and, in particular,
to our use of coherent and/or full conditional probabilities.
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Fix any ¢ > 0, € > 0 and § > 0. It then follows from Proposition and @l that
there is some 6* > 0 such that

(Y0 < A* < 8%) (30" € 9, T?) HTO (I+A*Q%) 77)

Furthermore, because of Equation (21) and[N9] there is some 0 < A < min{§,5*} such
that
HTOA—(H—AQ)H < Ae. (78)

If we now define n == |¢/A| and d := ¢ — nA, then nA < ¢ < (n+ 1)A and therefore also
0 < d < A. Because of Proposition 5.1} Equation (@) and Definition[5.2] we know that

Ty = (HT, 1)A> A = (To) T
and therefore, it follows from Lemmal[A.2] that
N RN e I e
From Equation and Lemma[A.3] we infer that
|7 = || < |7 = 1+ 40) | + || +20) - 24| <2+ A2@?. 80)

Since d < A < §*, we infer from Equation (77) that there is some Q* € 9, 7Y such that
HTd (I+dQ") We find that

)= (U+dQ)|+ |[(1+dQ)— |
<de+d|Q" -0l +d QI <de+d||Q"| +d]Ql+a* QI (8D)
By combining Equations (79), and (8T), it follows that
1%~ Tg|| < nAe+n?||Q|* +de+d Q|| +d || Q] +d*||Q].
Taking into account that ||Q|| < B, ||Q*|| < B, nA < c and d < A < &, this implies that

Hch — TOCH <ce+cSB*+8e+28B+ 6B

-] < - a0

Since this is true for any € > 0 and § > 0, it follows that HeQC — TOCH < 0, which implies
that 7§ = 2. Since this is true for all ¢ > 0, it follows from Definition 5.2 that

T =T = e forall0<r <s, (82)

or equivalently, that 7p = J.

Finally, we prove that Q is unique. Assume ex absurdo that this is not the case, or
equivalently, that there are rate matrices Q1 and Q», with Q1 # Q», such that Jp = Jp,
and Jp = Jp,. For all A > 0, we then have that TOA = Q1A — ¢DA and therefore, it
follows from Lemmathat ds TO0 =Qjand d, TO0 = 5, which implies that Q; = Q».
From this contradiction, it follows that Q is indeed unique. O

Proposition 5.5. Consider any well-behaved homogeneous Markov chain P € PWVHM
and let Qp € # be 1ts correspondmg rate matrix. Then 9T = 9, T = d_T; = Qp and

IT} = 9. T} = 9T = {Qp}.
Proof. The result about the partial derivatives is an immediate consequence of Lemmal[A-T]

and the fact that 7,/ ™2 = T \= =22, The result about the outer partial derivatives then
follows from Corollary Fl;S'[ O
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D Proofs for the results in Section

Proposition 6.1. Consider any bounded set of rate matrices -2, and any non-empty set
A of probability mass functions on 2. Then,

PYY C PR, CPY

Proof. This is immediate from Definitions and and the fact that PWHM C
PWM C pW, O

Proposition 6.2. Consider any non-empty bounded set of rate matrices 2 and let .#
be any non-empty set of probability mass functions on 2. Then for any p € .#, any
ordered finite sequence of time points u = ty,...,t, in % and any collection of rate
matrices Qo, ., Ons1 € 2, there is a well-behaved continuous-time Markov chain
Pe IP)(, 9. such that P(Xo =y) = p(y) for all y € 2 and such that Jp is given by

Equation (7).

Proof. Proposition[5.6]implies the existence of a process P € PWM such that P(Xo = y)
for all y € 2" and such that Jp satisfies Equation (2Z7). It remains to show that P €
]P’\_)@v "y~ Because of Equation (28], and since we already know that p € ./, this means
that we have to show that 8Tt C Zforall t € R>g. To this end, con51der any ¢ € R>q.

We consider several cases. If ¢ < g, then 8T’ corresponds to ﬂ 0.10] , and it then
follows from Proposition[5.5|that 97} = {Qo} C 2. If t > t,,, then BT’ corresponds to
QQ[”“ ), in which case oT! = {Qn+1} c o S1m11ar]y if there is some i € {1,...,n}
such thatt € (ti—1,4), then 3T’ corresponds to 7, 14T and therefore IT! ={0;} C c 2.
The only remaining case is when r =1; # 0 for some i € {0,...,n}. In this case, we
have that 9. T = {Q;.1} and, if r # 0, that d_T/ = {Q;}, and therefore, it follows
from Definition[d.7]that 97}’ C 2. O

Theorem 6.3. Consider a non-empty convex set of rate matrices 2 C %, and any non-
empty set .# of probability mass functions on 2. Fix a finite sequence of time points
u € % . Choose any Py € Py .y and, for all x, € Zu» choose some P,, € PY ..y~ Then
there is a stochastic process PecPY 2.0 such that, for all u;,up C u such that u; < us,
all x, € Z,and all A € 7,

P(Xu2 = Xu, |Xul = Xu, ) =h (Xuz = Xu, |Xu1 = Xy, ) (29)
and
PAIX, =xy) = P, (A1 Xy = xy). (30)

Proof. This proof is rather lengthy, and consists of two parts. First, we will show that
there exists a stochastic process P that satisfies Equations (29) and (30), by constructing
it as the extension of a coherent conditional probability on a set of events € C €°F.
Next, we will finish the proof by showing that P € IP’Z%'. _y» as desired.

Let € = (f@ U (U.xuez%[ ngu)’ with
ng, = {(A,XV :)CV) S CgSPI AS %<maxu and
Ac{({(X,=x): x€ 2,1 €[0,maxu]})} (83)
and, for all x, € Z,,

Cr, = {A.X, =x)€ ¢ u Cvew, Xo\u € %z\mA € 'Syuu(v\[(),maxu])} (34)
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Consider a real-valued function P on % that is defined, for all (A, X, =x,) €F, by

Py(A|X, = xy) if (A, X, =x,) €%
Py, (A‘qu(v\[o,maxu]) = xuU(v\[Omaxu])) if (A, X, =x,) € €, .
(85)
We first prove that P is a coherent conditional probability on %’. So consider any
n€Nand, foralli € {1,...,n}, choose (A;,C;) € € and A; € R. We need to show that

PAIX, =x,) = {

max { y Aile, (@) (P(A{|C) — 1u, (o))
i=1

w e C()} >0, (86)

with Cy = U?:lC,‘.

Let S* :={ie{1,...,n}: (A;,C;) € 6p}. We first consider the case S* # 0. Then
since Py is a stochastic process, it follows from Equation (83) and Definitions f.3|
and 2] that

max { Z Aile, (@) (P(A;|C) — 1a, ()

icS*

weC*}ZO,

with C* .= U,cs+C;. Therefore, there is some @* € C* such that
Y Alle,(0%) (P(AI|C) — I, (@*)) > 0. (87)
ieS*

If $* =0, we let ®* be any element of Cy (this is always possible, because Cy # 0).
Clearly, this path @* will then also satisfy Equation (87)—because the left-hand side
is a sum over an empty set and therefore zero.

Now let x}, € 2, be defined by x}; = @*|,. Then for all i € {1,...,n} such that
(Ai,C;) € s, we know from Equation (84) that there are u C v; € % and x,,\, € 2\,
such that

Ci = (Xu = x,) N (Xyp\u = Xpp\0) =G NC, (88)

with Cf = (X(y\u)n[0,maxu] = X(v\u)[0,maxs] )» a0d
G = (Xu = x,) N (X [0,maxu] = Xv\[0,maxu]) - (89)
Using this notation, we define
§*={ie{l,....n}: (A;,C;) € €y and Ic: (") = 1}. (90)

We first consider the case S** #£ (. Since Py is a stochastic process, it then follows
from Definitions [4.3] and [£.2] that

maX{ Z AiHC?*(w)(PxZ‘,(AAC?*)7I[Ai(w))

ieS**

wEe C**} >0,
with C** := U=+ C;*. Because of Equation (83)), this implies that

max { Z A/l‘ﬂc;ﬁ* ((D) (P(A,|C,) — HAi ((1)))
ieS**

weC**} >0,
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which allows us to infer that there is some @** € C** such that

Y Alles (@) (P(A|Ci) — Ta, (@*)) > 0. 1)

ieS*
Furthermore, since ®** € C**, Equation (89) implies that
(D**|u:x;:w*\u. 92)

If S** =0, we let ®** = ©*. Clearly, also in this case, @** satisfies Equations
and (©2).

For any i € {1,...,n}, because (A;,C;) € €, there exists some finite sequence of
time points wc¢, € % such that C; only depends on the time points in wc,. Furthermore,
it follows from Equations and that A; is an element of some algebra <7 that
is generated by a set of events that only depend on a finite number of time points.
Therefore, there is also some finite sequence of time points wy, € %, such that A; only
depends on the time points in wy,. If we now let w; :== wa, Uwc;, then (4;,C;) only
depends on the (finite) sequence of time points w;.

Because this holds for any i € {1,...,n}, this implies the existence of some finite
sequence w € % such that w; Cwforallie {1,...,n}.

Now let @*** € Q be any path such that, for all s € w,

0™ (s) o*(s) if s < maxu
§) =
®**(s) if s > maxu

Equation (I2Z) guarantees that this 0*** € Q exists. Furthermore, because of Equa-
tion (92), we know that, for all s € w,

@0 (s) = 0*(s) if s € [0, maxu] (93)
and
O™ (5) = 0™ (s) if s € ulU[maxu,—+oo) (94)

and therefore, it follows from Equation (88) that
0™ eCie (0™ e and 0™ € (") & (0" € Cf and 0™ € ) (95)

forallic {1,...,n} such that (A4;,G;) € €.

Next, for any i € §*, we infer from Equation @ that the value of HA,»((D***) and
I¢, (@**) is completely determined by w*™**(r), r € (wN [0,maxu]). Therefore, it fol-
lows from Equations and (O3) that

Y Adle,(07*%) (P(AI|C) — s, (@) > 0. (96)
icSs*

Similarly, for any i € $**, Equations (93) and imply that I¢, (0™**) = Icx (©™),
and Equations and imply that I, (0**) = I, (@**). Therefore, it follows
from Equation that

Z Aile,(@07F) (P(A{|C;) — Ts, (0***)) > 0. o7

IS\

Consider now any i € {1,...,n} such that i ¢ S* and i ¢ S**. Since i ¢ S*, there is
some x, € £, such that (4;,C;) € 6,,. If x, = xJ, then since i ¢ S**, it follows from
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Equation @I) that Ic: (@*) =0, and therefore, Equation (95) implies that I, (@™*) = 0.
If x, # x, then (X, = x,) N (X, = x};) = 0, and therefore, since (4;,C;) € %, implies
that C; C (X, = x,,) it follows that C; N (X, = x}}) = 0. Since it follows from Equa-
tions and that @™*(r) = x for all ¢ € u, this implies that ©** ¢ C;, and
therefore, we find that I¢,(@***) = 0. Hence, in all cases, we find that I¢,(©***) = 0.
Since this is true for any i € {1,...,n} such that i ¢ §* and i ¢ S**, it follows from

Equations (96) and that

ZMIC =) (B(A|Cr) — T, (07)) > 0. (98)

We will now prove that ®*** € Cyp. We consider two cases: S* # 0 and S* = 0.
First assume that $* = 0. In that case, we have that @* € C*, which implies that there
is some i € §* such that ®* € C;. It then follows from Equations (83) and (93) that
o*** € C; C Cy. Next, assume that $* = (. In that case, we have that o* € Cy, which
implies that there is some i € {1,...,n} such that * € C;. Since (A;,C;) € € and S* =
0, there is some x,, € 2, such that (A;,C;) € %y, and, since Equation (84) implies that
x; = @*(t) forall € u, it follows that x,, = x;;. We conclude from this that (A;,C;) € €.
Furthermore, since @* € C; C C7, we know that HC»«( *) = 1. Therefore, it follows from
Equation (90) that S** # 0, Wthh implies that ®** € C**. Hence, there is some jeSs™
such that ©** € C}* and, since j € §**, we also know that I[C;f( *) =1, or equivalently,
that o* € C;f. By combining this with Equation (93)), it follows that 0*** € C i € Cp. So,
in all cases, we find that @*** € Cy. By combining this with Equation (98), it follows
that Equation holds, and therefore, that P is coherent.

Since P is coherent, and because € C €SF, it now follows from Theorem and
Definition that P can be extended to a stochastic process P. Furthermore, since P
coincides with P on ¢, it follows from Equation (83) that P satisfies Equations (29)
and (30). This concludes the first part of this proof.

In the remainder of this proof, we will show that P € Pw 9 a8 desired. To this end,
let P* be any full conditional probability that coincides with P on €SF; Corollary B4
implies that such a full conditional probability always exists.

Now observe that due to Equation (83)), we have for all x € 2" that (Xo = y,Xp =
Xp) € Gp. Therefore, and because of Equation @, we find that

P(Xo=y) = P(Xo =y|Xo = xp) = Pp(Xo = y|Xop = xp) = Pp(Xo = y) forally € 2,

which together with the fact that Py € P¥ .y implies that P(Xo) € .#. Hence, in order
to prove that P € PY 2.0 it remains to show that P is well-behaved as well as consistent
with 2.

In order to do this, we start by establishing an important equality. Consider any
w € % and s € R>q such that w < s and u < s. Then for all x,, € 2, and y € 2, we
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have that

P(X; =y|Xyy = x) = P*(Xs = y| X0 = x0)

= Z P* (XY = anu\w = Xu\w |Xw = xw)
6'%fu\w

Xu\w

Z P (XS = y|Xu\w = xu\w7XW = XW)P* (Xu\w = xu\w|XW = XW)
xu\we'%/u\w

Z P* (Xs = y|Xu = than\u = xw\u)P* (Xu\w = xu\w|Xw = xw)

Xu\wE ’%;l\w

Z P(XS - y‘Xu - mew\u - xw\u)P* (Xu\w - xu\w‘Xw - )Cw)

xu\we‘%rk\w

= Z P(Xs =yX, = xuan\u = xw\u)P* (Xu\w = xu\w‘Xw = Xy)
xu\we‘%fu\w

= Z Py, (XY = y‘Xu = xIAva\[O,max u] = Xw\[0,max u] )P* (Xu\w = xu\w|XW = XW)
xu\wext\w

99)

Using this equality, we will next show that for small enough A € R+, the transition
matrices Tt’jA and 7" A, COrresponding to P can each be written as a (different) convex
combination of transition matrices corresponding to processes in IP’Y@V o

Formally, we will show that for any 7 > 0, v € %, and x, € 2., there is some
finite index set .#, some v* € %.,, a set of non-negative coefficients (4;);c » that sum
to one, a set of stochastic processes (‘P € IPY@" »)ier and a set of state instantiations

(x, € Zy)ic.s such that

(36>0) (Vo<A <) T4=Y ATA (100)

t, ‘X e
i€y

and, similarly, that for any # > 0, v € %, and x, € Z,, there is some finite index set
S, some v* € %, a set of non-negative coefficients (4;);c » that sum to one, a set of
stochastic processes (‘P € PY@J,. .y )ie.s and a set of state instantiations (% € Zot)ies
such that
(36 >0) (VO <A< ) =Y A T pin. (101)
i€y
We start by constructing the convex combination that satisfies Equation (I00). So
consider any r > 0, v € %, and x,, € 2. We distinguish between two cases: t < maxu
and r > maxu. If < maxu, then for all A € (0, maxu —maxv) and x,y € 2, we see
that (X;4a =y, (X; = x,X, = x,)) € o, and therefore, since P is an extension of P, it
follows from Equation (83)) that

P(Xi1a =YX = x,X, =x,) = Py(Xi1a = Y|X =, X, = x,).

Hence, if we let . = {i}, v = v, 4; := 1, ‘P = Py and 'x,» = x,, Equation (T00) is
satisfied by choosing 0 := maxu — maxv. If t > maxu, then for all A > 0, it follows
from Equation (@9) (with s =7+ A and w := v U1) that

PXi1a =YX =x,X, = x,)

= Z P, (XI+A = |Xt =X X(u\t U\ [0,maxu]) = X(u\r)u (v\[O,maxu]))
i) € 2 o) P*( u\(vUr) = Xu\(vUr) ‘XI =xX = xv)'
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Therefore, if we let . == 23, (yur), v = (u\1) U (v\ [0, maxu]) and, for all x, () € 7,
Ax =P (Xu\(vUt) = Xu\(vUr) |Xl =xX, = xV)?

u\(vUr)

H\) P = Py, and OV xs = X0 U () [0,maxu])» Equation (T00) is satisfied for any & >
0. Hence, Equation (T00) can be satisfied both when 7 < maxu« and when 7 > max u.

We will next construct the convex combination that satisfies Equation (T0I). So,
consider any r > 0, v € %, and x, € Z,. We again distinguish between two cases:
t <maxu and ¢t > maxu. If t < maxu, then for all A € (0, —maxv) and x,y € 2, we
see that (X; =y, (X,_a = x,X, = x,)) € €p, and therefore, since P is an extension of P,
it follows from Equation (83) that

P(X; =y|Xi—a=x,X =x,) = Pp(X; = y|X;-a = X, X, = X,).

Hence, if we let . = {i}, v :=v, 4; := 1, ‘P == Py and ‘x,+ = x,, Equation (TOT) is
satisfied by choosing 8 := ¢ — maxv. If 7 > maxu, then for all A € (0,7 — max(vUu)),
it follows from Equation (99) (with s := ¢ and w == vUr — A) that

P(X[ :}’|Xt—A = X,XV va)

= Z P, (X =y[Xia= X7qu(v\[o,max u)) = Xuu(v\[0,max u]))

Xu\vELu\y pP* (Xu\v = )Cu\v|Xt7A =xX, = xl’)'

Therefore, if we let .% == 2,,,, v* == uU (v \ [0,maxu]) and, for all x,, € .7,
A

Xu\y T

P (Xu\v = xu\v‘Xt—A =xX, =x),

B P = Py, and Xy = X000 [0,maxa]), Equation (IOT) is satisfied by choosing & =
t —max(vUu). Hence, Equation @ can be satisfied both when r < maxu and when
t > maxu.

Therefore, indeed, as claimed before, both 7}‘)}FA and T , x, can be written as a con-
vex combination of transition matrices corresponding to elements of P .y —assuming
that A is small enough. We will now use this fact to prove that P is well-behaved and
consistent with 2.

We start by proving that P is well-behaved. First consider any r > 0, v € %, and
x, € Z,, and consider the indexed set {/P € IP’Z%/“ Ly ties of stochastic processes whose
transition matrices appear in the convex combination that satisfies Equation (100).
Then,

Z A Tf+A

’x *
ics

1
<) lilimsupg ‘

ic s A—0T

— |1 —IH = hmsup
A—0t

A—0F (102)

T —IH < e,

where the last inequality follows from Proposition [4.5]and the fact that every process
{P that appears in this combination is well-behaved.

Similarly, for any r > 0, v € %, and x, € £, Equation can be satisfied with
a convex combination of transition matrices corresponding to well-behaved processes,
which implies that

hmsupf 1T A, =1 fhmsup
A—0F

):,1 T’A,x -1

1
< ) Alimsup—
1;? A—0t A

(103)

A’x* IH <+f>0
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Because the r € R>g, v € %, and x, € £, in Equation (T02)), and the 7 € R~, v € %,
and x, € 2, in Equation (T03)) are arbitrary, by invoking Proposition[4.5] it follows that
P is well-behaved.

We end by proving that P is consistent with 2. Assume ex absurdo that P is not
consistent with 2, or equivalently, that there are t > 0, v € %, x, € 2, and Q* € #
such that Q* € 9 T/, and 0" ¢ 2. We will show that this leads to a contradiction. We
consider two (p0551b1y overlapping) cases: Q* € d T} iy, and Q" € a_ T, -

IfQ*€d, T ! ,» it follows from Equation (21]) 21) that there is a sequence {Aj}jen —

0" such that
| R

lim — (7. 2% =1 = O0* 104

Jim_ Aj( b — 1) =0 (104)
Consider the &, v* € U<y, {Aitics, {iP € Pg7ﬁ%}ielﬁ’ {ixy*}icsr and & that satisfy
Equation (100). Fix any i € .#. Since 'P is well-behaved, the sequence

1 . t+A;
Lir fl)}
{Aj 1,'x,% jeN

is bounded, and therefore, the Bolzano-Weierstrall theorem implies that it has a con-
vergent subsequence, of which we denote the limit by Q;. Hence, without loss of
generality—simply remove the indexes j that do not correspond to the subsequence—
we may assume that

-1 =0 (105)

Since we know from Proposmon@]that Q; is a limit of rate matrices, Q; is also a rate
matrix, and therefore, it follows from Equation 1)) that Q; € 9., ‘T, ., which, since
iP is consistent with 2, implies that Q; € 2. By repeating this argument for every
other i € .7, we obtam a set of rate matrices {Q; € 2};c.» such that, w1thout loss of
generality, Equation (I03) holds for every i € .#. Additionally, since limj_,.A; =0, we
may assume without loss of generality that 0 < A; < ¢ for all j € N. Equat10ns (T00)
and (T03) now imply that

1 . 1 : ;
lim (1% 1) = lim (Y 4T -1 =Y ko,

joteo A jote A = =

which, because of Equation (TI04), implies that 0* = ¥;c » A;Q;. Since 2 is convex,
this implies that Q* € 2, a contradiction. Recall that this contradiction was derived
from the assumption that Q* € 9T -

If instead Q* € d_ 7; x,» @ completely analogous argument leads to the same con-
tradiction: simply use Equations and instead of Equations and (100),
respectively, and adapt the rest of the argument accordingly. Since the two cases
Q" €T x, and O € J_T/ x, both lead to a contradiction, we conclude that our ex
absurdo aséumption must be false, or equivalently, that P is consistent with 2.

Hence, since we already know that P is a well-behaved stochastic process such that

P(Xo) € A, it follows that P € PY) . -

Proposition 6.4. Consider any non-empty bounded set of rate matrices 2, and any
non-empty set .# of probability mass functions on .Z". Then,

ES ol <ESY[LIT<ESTVLI.
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Proof. This result is an immediate consequence of Proposition [6.1] and Definition [6.5]
O

Theorem 6.5. Let 2 be an arbitrary non-empty, bounded, and convex set of rate
matrices, and consider any non-empty set .# of probability mass functions on 2.
Then for any u,v,w € % such thatu < v < w and any f € Z(Zuuww):

EY o [f(X0:X0, ) 1X] =EY_y [EY 4 [f (X0 X, X)X, X,

x} . (35)

Proof. Let g(X,,X,) = EY@V_’//[ [f (Xu, Xv, X )| Xu, Xy and fix any x, € 2. For any P €
]PY@V, _y-» it then follows from the basic properties of expectations (which follow from
and Definition [6.5] that

Ep [f(Xvaan)‘xu} =Ep [EP [f(Xu;XVan”Xu»Xv] |xu] >Ep [g(Xu7XV)|xu]

> Eg/// [g(XuaXv)|xu] .
Since P € PY) , is arbitrary, this implies that /

EY 4 [f X X X)) > EY 4 [8(Xu X0) 1] (106)

Now fix any € € R~¢. Then due to Deﬁnition there is some Py € IP’:%’ _ such that

EP@ [g(xuaXv)|xu] = ]EP@ [g(Xva”xu} < Eg//[ [g(Xu7XV)|xu] _|_8/2’ (107)

where the first equality follows from the basic properties of expectations. Similarly, for
all x, € Z,, there is some P, € Pg _ such that

Ep, [f (X, X, Xow ) |, 0] < Eg/// [f (X X Xow ) | X, 0] +8/2 = gy, ) +8/2. (108)

Since 2 is non-empty, bounded, and convex, Theorem @ now implies the existence
of a process P € IPY_@V _ such that for all x, € 2, and x,, € Z,,:

P(X, = x| Xy =x4) = Po(Xy = x0 | Xy = x)
and
P(Xw = Xw |Xu = Xy, Xy :xv) = va(Xw = Xw |Xu =xu, Xy :xv)

and therefore also, due to Equations (I07) and (T08),

Eplg(xu, X)|x4] = EP@ (g%, X)) [ 2] < E:g//{ [g(Xu,XV) | xu] +¢/2
and

Ep[f (Xu, Xo, Xow) | X0, %] = Ep,, [f (Xu, X, Xoo )| 20,00 < 825 Xy) +2/2.
Hence, we find that
Ep[Ep [f (X, X0, Xoo) |50, X0] |50 < Ep [g(xu, X0) | 1] +8/2 <EY_y [8(Xiu X0) | xu] + €.
Since € was arbitrary, and because
EY o If (X X0, X) 5] < Ep [f (X, X0, X)) = Ep [Ep [ (X, X0, Xoo) |20, X0] | %],

this implies that EY) , [f (X4, Xy, Xy)|xu] < EY , [¢(X4,X,)|x,] and therefore, be-
cause of Equation (T06), that E‘:@J% [f (X, X0, Xo0) | Xu) = E‘g%/ [8(Xu, X,)|x.]. Since
x, was arbitrary, this implies that Ef@v o (X X0, X)) | X = Eg 8%, X0)| X
The result is now immediate because g(X,,X,) = Ez/// [f (Xus X0, X)) | X, Xo]- O
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E Proofs and Lemmas for the results in Section [7]

Proposition 7.1. For any two lower transition operators T',S € T, their composition
T S is again a lower transition operator.

Proof. Consider any f,g € Z(Z), L € R>p and x € 2. Since T and S are lower
transition operators, they both satisfy and therefore, we find that

[TSf](x) = min{[Sf](y): y € 27}
> min{min{f(z): z€ £}: ye€ X} =min{f(z): z€ 2},

which implies that TS satisfies as well. Similarly, T'S satisfies because
[TS(f +8)I(x) = [T(Sf +S8)](x) = [TSf](x) +[TSg](x),

where the first inequality follows from [CT3]and the fact that S satisfies[CT2} and where
the second inequality follows from the fact that T satisfies Finally, since T and S
both satisfy[CT3] it follows that T'S also satisfies because

[TS(A1)](x) = [L(AS])](x) = A[LSSf](x).

We conclude that TS satisfies T3] and therefore, because of Definition[7.4] it is a
lower transition operator. O

We require the following two results for the proof of Proposition

Lemma E.1. [13] Proposition 1] Consider any sequence {T;};cn of lower transition
operators such that T f = lim; ;. 7;f for all f € £ (%"). Then T is a lower transition
operator.

Lemma E.2. [13| Proposition 2] Let T be a lower transition operator, and consider
any sequence {T;};cn of lower transition operators. Then, T = lim;_,. T'; if and only
ifTf=1lim,T,f forall f € L(Z).

Proposition 7.2. The metric space (T,d) is complete with respect to the metric d that
is induced by our usual norm ||-||.

Proof. Consider any sequence {T;};cny of lower transition operators that is Cauchy
with respect to the operator norm ||-||. We will prove that {T;};cn converges to a limit
T: L(2)— Z(Z) that is itself a lower transition operator.

Consider any f € (%) and x € 2. For any k, ¢ € N, (NTI) then implies that

L1 f1(x) = (Lo 1) S NToef = Tof | = (Lo = L) fIl < N Toe = Tl 111 -

Therefore, and because {T';};cn is Cauchy with respect to the norm ||-||, it follows
that {[T,f](x)}ien is Cauchy with respect to the norm |-|. Hence, since R is (well
known to be) complete with respect to the topology that is induced by |-|, we find that
{[T;f](x) }ien converges to a limit in R, which we will denote by [T f](x). Let Tf
be the unique function in £ (.2") that has [T f](x), x € 27, as its components. Then
clearly, T f =lim; 1o T;f.

LetT: L(Z) — £ (Z) be the unique operator that maps any f € £ (2 ) to T f.
It then follows from Lemma that T is a lower transition operator. Therefore, and
because we already know that T f = lim;_, 1. T;f for all f € £ (Z"), it now follows
from Lemma[E.2]that lim; ;. T; = T. O
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Proposition 7.5. For any non-empty bounded set 2 C Z of rate matrices, the cor-
responding operator Q: .Z(2°) — £(Z), as defined by Equation (38), is a lower
transition rate operator.

Proof. Consider any Q € 2. It then follows from Definition that the matrix Q,
when regarded as a map from .Z(2°) to £ (2", satisfies Since each of
these properties is preserved under taking lower envelopes, it follows that Q satisfies
LR4} which means that Q is a lower transition rate operator. a O

Proposition 7.6. Consider a lower transition rate operator Q and let 2 be the cor-
responding set of dominating rate matrices, as defined by Equation (39). Then 2o
is non-empty and bounded and, for all f € Z(.2Z"), there is some Q € ,@Q such that

of = 0f.

Proof. We will start by showing that, for every f € £ (%), there is some Q € 2
such that Qf = Qf. To this end, fix any f € Z(2"). Now choose A > 0 small enough
such that 0 < A || QH <1 (this always possible because of property [LR5) and define
T =1+ AQ. Since Q is a lower transition rate operator, it then follows from Proposi-
tionthzﬁ T is a lower transition operator. For any x € 2", we now consider the oper-
atorT,.: Z(2°) — R, as defined by Equation (37)), which is a coherent lower prevision.
Because of [47, Theorem 3.3.3(b)], this implies the existence of an expectation oper-
ator Ey on . (2")—Reference [47] calls this a linear prevision on .# (.2 )—such that
E,g>T,gforallge £ (%) and E,f =T, f. Let P, be the unique probability mass
function that corresponds to E,. Forall x,y € 2, we now let T (x,y) = P(y) = E,(I,).
Then T is clearly a transition matrix. Furthermore, for every x € 2" and g € £ ("),
we have that (Tg)(x) = E,g. Hence, it follows that Tg > Tg for all g € £ (2") and
that Tf = T f. Now let Q := I/A(T —I), which, because of Proposition is a rate
matrix. Since T f = T f, it then follows that

1 1
0f = {(Tf~f) =5 (Tf~)=0f.

Similarly, since Tg > T'g for all g € £ (2"), it follows that Qg > Qg, or equivalently,
since Q is a rate matrix, that Q € 2. Since f was arbitrary, this proves that, for all
fE€ZL(Z), there is some Q € 2¢ such that Of = Qf. Since £ (Z") is non-empty,
this clearly also implies that 2 is non-empty. a

We end this proof by showing that 2 is bounded. Consider any x € 2. Then for

all Q € 2, we have that Q(x,x) = [QI](x) > [QI](x), which implies that

inf{Q(x,x): 0c QQ} > QL] (x) > —eo.
Since x € 2 is arbitrary, Proposition now guarantees that 2 is bounded. O

Proposition 7.7. Consider a lower transition rate operator Q and let Z¢ be the cor-
responding set of dominating rate matrices, as defined by Equation (39). Then QQ is
closed and convex, and has separately specified rows.

Proof. We start by showing that 2 is closed, or equivalently, that for any converging
sequence {Q;}ien in 2, the limit Q := lim; , ;.. Q; is again an element of 2. Since
{Qi}ien belongs to the bounded set of rate matrices 2o—see Proposition we
know that the limit Q is a real-valued matrix, and therefore, since@]and@]are clearly
both preserved under taking limits, Q is a rate matrix. Now, assume ex absurdo that
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Q0 ¢ Z2p. Then, by Equation (39), there is some f € £ (") and some x € 2~ such
that [Qf] (x) < [@f] (x), and therefore some € € R~ such that [Qf](x) + & < [Qf](x).
Hence, since lim;_, 1. Q; = Q, there is some i* € N such that [Q;- f](x) < [Qf](x) + € <
[Of](x). Since Qj+ € Ly, this is a contradiction. Therefore, Q € 2, and because the
converging sequence {Qi}ien was arbitrary, this proves that 2 is closed.

Next, we show that 2 is convex, or equivalently, that for any two rate matrices
01,02 € 2¢, and any A € [0, 1], the matrix Q) := 201 + (1 —1)Q, is again an element
of 2g. It is easily verified from Definition that Q, is arate matrix. Furthermore,

forany f € £(2"), we find that

O f=A01f+(1=2)02f > AQf +(1-1)0f = Of,

where the inequality holds because Q; and Q; belong to 2. Hence, it follows from
Equation (39) that 0; € 2. B

We finally show that 2 has separately specified rows. For all x € 27, let 2, =
{Q(x,-) : Q € Zp}. Consider now any rate matrix Q such that, forallx € 27, Q(x,-) €
2, and assume ex absurdo that Q ¢ 2. Equation then implies the existence of
some f € Z(%) andx € 2 such that [Qf] (x) < [@f] (x). Since Q(x,-) € 2, this in
turn implies that there is some Q' € 2 such that [Q'f] (x) < [Qf] (x), a contradiction.
Hence we find that Q € 2. O

Lemma E.3. Let 2 be a non-empty, bounded, closed and convex set of rate matrices.
Then, for all x € 2", 2, = {0Q(x,") : Q € 2} is a non-empty, bounded, closed, and
convex subset of .Z(Z").

Proof. Fix any x € Z". The non-emptiness, boundedness and convexity of 2, then
follows trivially from the fact that 2 is non-empty, bounded and convex. It remains
to show that 2, is closed. Consider therefore any sequence {Q;}ien in 2 such that
{Qi(x,") }ien converges to a limit Qu(x, ). We need to prove that Qw(x,-) € 2.

Since {Q;}ien belongs to the—closed and bounded and therefore—compact set
2, it has a convergent subsequence {Qik}keN whose limit QO* belongs to 2. Since
{Qi(x,)}ien converges to Qw(x,-), it follows that O*(x,-) = Qw(x,-), which, since
0* € 2, implies that Q. (x,-) € 2. O

Proposition 7.8. Consider any non-empty, bounded, closed and convex set of rate
matrices 2 C % with separately specified rows that has Q as its lower envelope. Then
2=29.

Proof. Since 2 has Q as its lower envelope, it follows from Equation (B9 that 2 C
2p. Assume ex absurdo that 2 C 2, or equivalently, that there is some Q € 2 such
that Q ¢ 2. Consider now any such Q. N
Because 2 has separately specified rows, it follows from Q ¢ 2 that there is some
x € Z such that Q(x,-) ¢ 2, = {Q'(x,") : Q' € 2}. Furthermore, since 2 is non-
empty, bounded, closed and convex, it follows from Lemmathat 2, is anon-empty,
bounded, closed and convex subset of .Z(.Z"), and therefore, since £ (2") is a normed
linear space and Q(x,-) ¢ 2, it follows from the separating hyperplane theorem [40}
Chapter 14, Corollary 25] that there is a linear operator y: .Z(%2") — R such that

v(Q(x,")) <inf{y(q): g€ 2,} =: C. (109)

Now let f € Z(Z) be defined by f(y) = (L) for all y € Z". Then for any € > 0,
since 2 has Q as its lower envelope, and because of Equation (38), there is some
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Q" € 2 such that [0 f](x) < [Qf](x) + €, and therefore also

C<y(Q =) Q)w(ly) =Y 0" (xy)f() =[Q"f1(x) < [Qf](x) +¢&

yeZ yeZ

Since € > 0 is arbitrary, this implies that C < [Qf](x) and, by combining this with
Equation (T09), it follows that

[0f1(x) = ), Qx))f(y) = Y, Qxy)y(ly) = w(Q(x,")) < C < [Qf](x).

yeZ yeZ
This implies that Qf % Qf, and therefore, that Q ¢ Qg, a contradiction. O

In order to prove the norm inequality stated by Proposition we first give a
number of norm inequalities that are more conveniently proved separately. These in-
equalities are stated by Lemmas [E.6|and Corollary [E.7] below.

We start with the following result, which states that the distance between two com-
posed lower transition operators 71T, ---T, and S;S, --- S, is bounded from above by
the sum of the distances ||T; — S;|| between their components. Note that this result is a
generalized version of Lemma[A.2] which until this point has remained unproven. To
see that the result below indeed implies Lemma [A.2] simply recall from Section
that every transition matrix 7 is also a lower transition operator.

Lemma E.4. Consider two finite sequences T;,...,T, and S,...,S, of lower trans-
ition operators. Then

n n
[17:-I1s;
i=1

i=

n
<Y IT,—-5i. (110)
i=1

Proof. We provide a proof by induction. Clearly, Equation (TI0) holds for n = 1.
Suppose that it holds for n — 1. We show that it then also holds for n.

n
I_Hgi
i=1

Il
T
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|
Y
T3

=~
N~

gca

_|_
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ﬂ
\_/

i)

IN

—=

= )

\

Y

=
~

=QJ

n—1 n—1 n—1 n—1
= L)L, — | [1Z:) S| + -8 S,
i=1 i=1 i=1 i=1
n—1 n—1
<Ny =Sl + | TTZ: = TTS:|| 180l
i=1 i=1
n—1 n—1
<|\IT,—S,Il+ T,— ]S
i=1 i=1

n—1
<L, =S, + ) T SH—ZIIT =Sl
i=1

Here, in the second inequality, we applied Proposition[7.1]and properties and[CT7]
In the third inequality, we used property In the final inequality, we used the
induction hypothesis. O
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Lemma E.5. Consider a lower transition rate operator Q and, for all i € {1,...,n},
some A; > 0 such that A; ||Q|| < 1. Let A=Y~ | A;. Then

n

[1U+AQ) - (I+AQ)

i=1

<A’|o|.

Proof. We provide a proof by induction. For n = 1, the result is trivial. So consider the
case n > 2 and assume that the result is true for n — 1.

For all i € {2,...,n}, since A; ||Q|| < 1, it follows from Propositionthat I and
(I +A;Q) are lower transition operators. Therefore,

[10+40) —<I+AQ>H

i=1

= |[T0+a0Q) + A Q[T +4Q0) - (1 +} AQ) —AIQH
i=2 i=2 i=2

<|\[Ta+2a9) —1+Y A0 + AIQH(HA,-Q)AlQH
i=2 i=2 i=2

< (YAl +2a o] [T +a2) -1
i=2 i=

< (;ADZ lo|* +241 [lg| ;H(HA:Q) ol

= (a2l + (a ) o) < (3 K)o = 2 o)

where the second inequality follows from the induction hypothesis and property
and the third inequality follows from Lemma[E.4] O

Lemma E.6. For any k € {1,...,n}, consider a sequence Ag; > 0, i € {1,...,n},
and let Ay := Y% | Ar;. Let C =Y}, Ay and let § := max}_, A. Then for any lower
transition rate operator Q such that o) || Q || <1:

<scelf.

11 (ﬁ(lw,@) g (A

k=1 \i=1 k=1

Proof. Forany k € {1,...,n}, we know that A ; | Q|| < Ac||Q|| < 8|Q|| < 1 forallie
{1,...,n;}, and therefore, it follows from Propositions andthat [T, (1+ A Q)
and (7 + AyQ) are lower transition operators. Hence,

)

11 (I@IUM/(,,»Q)) 10+ a0

| <ﬁ<1+Ak,,»Q>> - <1+AkQ>H

k=1 \i=1 k=1 k=1 i=1
n n
<Y atlle|* < ¥ sacflgl* =sclle|’,
k=1 k=1

where the first inequality follows from Lemma [E.4] and the second inequality follows
from Lemma[E3] O
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Corollary E.7. Let Q be a lower transition rate operator. Consider any t,s € R>g such
that # < s and any u € %, such that o(u ||Q|| < 1. Then for all ' € U 5) such that
uCu'

@, — Dy < a(u)(s—1)||Q]

Proof. This result is trivial if s =7, because then u = u’ = {t} = {s}. Hence, without
loss of generality, we assume that s > 7, which implies that u = (19, ... ,#,), withn € N,
fo =1 and 1, = s. Since u C ', we know that, for all k € {1,...,n}, there is some
sequence Ay; >0, i € {1,...,m}, with ny € N and Ay = Z;LAM < o(u), such that
Yio Ak=s—1,

n W3 n
o, =[] (H(1+Ak,,-Q)> and @, = [J(I+AQ).
k=1 \i=1 k=1

Because of Lemma this implies that |®, — ®,|| < o(u)(s —¢ HQH O

Proposition 7.9. Consider any 7,5 € R>o with# <s, any 8 € R- such that § H o H <l,
and any u,u” € %, such that 6(u) < & and 6(u*) < §. Let C := s —t. Then

1B, — @, || < 25C]|Q]”

Proof. Consider any u’ € %[t, 5| that is finer than u and u”, meaning that the timepoints
it consists of contain the timepoints in u and the timepoints in u*. For example, let
u’ be the ordered un10n of the timepoints in u and u . Corollary - IE.7| then implies that
(|Py,— D] < BCHQH and ||®, — ?, and therefore, it follows that

M,

Hq>u _q)u*” < ”q)u _q)u'” + Hq)u’ _CI)M*” < 26CHQH2 O

Corollary 7.10. For every sequence {u;};en in %y such that lim; e 6 (1;) = 0, the
corresponding sequence {®,, };cn is Cauchy.

Proof. By definition of a Cauchy sequence, we need to show that
(Ve > 0)(3n € N)(Vi,j > n) || @, — Py, || <&

Therefore, fix any € € R-¢, and choose § € R~ such that 26(s —1) ||Q|| < € and
o HQH < 1 [this is clearly always possible]. Because lim;_,c G(u,) 0, there is some
n € N such that, for all i > n, 6(u;) < 6. Consider any i, j > n. It then follows from
Proposition[7.9]that
2
[ @4, = @y || <28(s = 1) Q] <&

O

Corollary 7.11. For every sequence {u; };cn in % 4 such that lim; . 6 (1;) = 0, the
corresponding sequence {®,, };cn converges to a lower transition operator.

Proof. Since lim; . 6(u;) = 0, and due to Propositions and and property
there is some index n such that the sequence ®,,,, P, . ,, ... consists of lower transition
operators. Due to Corollary this sequence is Cauchy and therefore, because of
Proposition[7.2} this sequence has a limit that is also a lower transition operator. Since
the limit starting from » and the limit starting from 1 are identical (initial elements do
not influence the limit), we find that the sequence {q)”i}ieN has a limit, and that this
limit is a lower transition operator. O
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Theorem 7.12. For any ¢, s € R>g such that# < s and any lower transition rate operator
Q, there is a unique lower transition operator 7 € T such that

(Ve > 0) (36 > 0) (Vu € % : o(u) < 8) |T —®,| <e. 43)

Proof. Let {u;}icn be any sequence in %y such that lim; . 6(u;) = 0. Because of
Corollary the sequence {®,, };cn then converges to a lower transition operator,
which we denote by 7.

Let C := s —t, fix any € > 0, and choose any J > 0 such that 45CHQH2 < € and
o HQH <1 [this is clearly always possible]. Since lim;_s 4o Py, = T and lim; e 0 (1;) =
0, there is some i* € N such that
<

o(up) <8 and ||T — D, . (111)

| m

Consider now any u € %, ;) such that 6(u) < 8. Then

||I_ cI)u” < HZ_ (Du,-*

+ @, — @, < 5 +25C Q] <.

where the second inequality follows from Equation (TTI)) and Proposition

It remains to show that T is unique. Therefore, let 7’ be any lower transition op-
erator that satisfies Equation (@3)). Then clearly, for any € > 0, there is some u € U 5
such that ||T —®,|| < € and ||T' — ®,|| < €, and therefore also ||T —T'|| < 2¢. Since
€ > 0 is arbitrary, this implies that |7 —T’|| = 0, or equivalently, that T = 7’. Be-
cause this holds for every T” that satisfies Equation {@3)), it follows that T is the unique
operator satisfying this equation. O

We following lemma restates the norm inequality given by Corollary so that it
can be used with lower transition operators L;. In effect, it therefore provides a bound
on how well we can approximate the operator L; using an operator @, constructed
using a finite partition u € %, of the interval [t,s]. In particular, this approximation
improves as we take u to be increasingly finer, that is, as we decrease & (u).

Lemma E.8. Let Q be a lower transition rate operator. Then for any ¢,s € R>g such
that 7 < s and any u € % ) such that o(u) ||Q|| < 1:

1L — || < o(w)(s—1) |2’

Proof. Fix any € > 0. Because of Definition [7.4] there is some ' € U 5) such that
u Cu and ||Lf —®,| < . By combining this with Corollary it follows that

2
1L} — @[ < ||L) = Dy ||+ [Py — Pull < e+ () (s—1) ||Q]|
Since € > 0 is arbitrary, the result is now immediate. O

Proposition 7.13. Let Q be an arbitrary lower transition rate operator, and let .7, be

the corresponding lower transition operator system. Then, for all ¢, 7,s € R>¢ such that
t < r <y, it holds that
L;=LL.

Furthermore, for all ¢ € R, we have that L = 1.
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Proof. Consider any t € R>o. Then %)) contains only a single degenerate sequence
of time points u, which consists of the single time point #, and for this sequence u, we
trivially have that @, = I and o («) = 0. Therefore, it follows from Deﬁnition that
=1

Consider now any ¢, 7,5, € R>q such thatt <r <s. It remains to show that L} = L} L.
If t = r or r = s, this follows trivially from the first part of this proof. Hence, without
loss of generality, we may assume that t < r <.

Fix any 6 > 0 such that 6 HQH < 1. Since r >t, thereissome 0 < A; < § andn; € N
such that Ajn; = r —t. Similarly, since s > r, there is some 0 < A; < 6 and n; € N
such that Ayny = s — r. Furthermore, because of Propositions and (I+A Q)"l
and (I+A;Q)™ are lower transition operators. Hence, we find that

I8 = LLI < |5 = U+ 80" (+800)" | + ||+ 41Q)" (1+2:0) ~ Ly
< L= U+ 81Q)" (1+820)" || +[| 1+ 410" —Li]| +]| 7+ 2200 ~ i |
< max{A1, A2} (s =) | Q| + A1 (r—1) [ Q]]* + Aa(s =) | 2|
<8(s—n)lQl]*+8(r—n) Q| +8(s—r)[|Ql]* =25(s—1) |||,

where the second inequality follows from Lemma and the third inequality fol-
lows from Lemma|E.8] Since 8§ > 0 can be chosen arbitrarily small, this implies that
ILf — LILS]| = 0, or equivalently, that L} = L[ L. O

Proposition 7.14. Let Q be an arbitrary lower transition rate operator, and let .7, be
the corresponding lower transition operator system. Then, for all #,s € R>( such that
t <, we have that L = L.

Proof. Consider any 7,5 € R>q such that 7 <s, any A € R>o, and any sequence {u; };en
in % 5 such that lim; o (u;) =0. For any i € N, with u; =1, ...,t,, we now define
the sequence u} = (9 +A), (11 +A),...,(t, + A). Then clearly, lim; ,., o (u}) =0 and,
foralli € N, uj € %, 54 and, due to Equation (#2)), ®,, = ;. We now have that

s : . s+A
Lj = lim @, = lim @, = Ly},
where the first and last equality follow from Theorem O

The following lemma provides a bound on how well the operator Lﬁ*A can be ap-
proximated using the much simpler operator (I + AQ). Note that this lemma states the
general version of Lemma[A.3] which until this point has remained unproven. To see
that the result below indeed implies Lemma [A.3] simply recall from Section that
any rate matrix Q is also a lower transition rate operator. Since it follows from our
comments in Section that the lower transition operator LI ™ corresponding to such
a Q = Q satisfies LI T2 = ¢@4, Lemma clearly follows from the following result.

Lemma E.9. Let Q be a lower transition rate operator. Then for any #,A € R>:

Proof. Fix any € > 0. Because of Definition there is some u € %j; ;] such that
o(u)||Q| <1and ||Lf — ®,|| < &. By combining this with Lemma it follows that

LA~ (1+a0)|| < 4% [lglf -

|L: — (1+AQ)|| < 1L — @ul| + || @u— (1+A0)|| < e+4%|| Q|

Since € > 0 is arbitrary, the result is now immediate. O
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The final lemma of this section states how well we can approximate the operator
LI using the identity matrix /. Put differently, since we know from Proposition m
that L] = I, this tells us how quickly LI changes as we increase A. This result is a
generalised version of Lemma[A-4] which has so far remained unproven. The reason
why Lemmais a special case is again because for Q = Q, we have that LITA = ¢0b,

Lemma E.10. Let Q be a lower transition rate operator. Then for any 7,A € R>:

Proof. Fix any n € N and let A, = A/n. Propositions and then imply that

L -1 <Al

An 7 Any 20 ~1)An  nA, AnyAn 1Ay A An
LA =L = Lg™ = Ly L3 “'L5272;A,,L?n71)A,, Y 70 PR ) I P

and therefore, it follows from Lemma[E-4] that

which, when combined with Lemma[E.9] implies that

Since n € N is arbitrary, the result is now immediate. O

<ol ] <ol -0 sns el

1
L 1] <nad(|glf* +nas [lgf = 4% 2] + Al

Proposition 7.15. Let Q be an arbitrary lower transition rate operator, and let .7, be

the corresponding lower transition operator system. Then, for all 7,s € Rx such that
t < s, it holds tha{"]

d d

Proof. We first prove that %Lf = —QL}, or equivalently, that

L —L
(Ve >0) (38 >0)(VA: 0 < |A| < 5,0<1+A<5) %JFQL,S <e. (112)

Fix any € € R0, and choose any § > 0 such that 38 H QH2 < €. Consider now any
A € R such that 0 < |A] < § and 0 <1+ A <s. We will show that the inequality in
Equation (T12) holds. Let ¢ := max{z,7 + A}. We then find that

where the last equality follows from Proposition and because ¢ <t' < s. Therefore,
and because of and we find that

i

|22~ 22+ 8oL = |

VL +1AlOL

o —Liy_ Ly + A QLY L

L s — L +AQL || < Hl— Ly o +1AlQLf

123 < HI_L;L\A\ +lalorLy

)

121f 0 = < s, the derivative with respect to 7 is taken to be a right derivative. If # = s, the derivative with
respect to s is taken to be a right derivative and the derivative with respect to ¢ is taken to be a left derivative
(or becomes meaningless if # = 0).
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which implies that

l2tea -1+ Ao < |1+ ial@-ri | + 1l o ~ 2|

<(|o|*+ a2 ]|

1 -1 <4(lo

using Lemma [E.9]and [LR6] for the second inequality and Lemma [E.T0]for the third i in-
equality. Hence, since 0 < (' —1) < |A|, we find that || L}, , — Lj + AQL?|| < 3A%||Q
which implies that indeed, as required,

Next, we prove that %Lg = QL‘;', or equivalently, that

t+A

s
Lt +A

A

LY

oL L a—L+A0L | <30a2|* <38 |2 <.

~

s+A _1s
(Ve > 0) (35 > 0) (VA : 0 < |A| < 8,7 <s+A) TL—QL‘," <& (113)

Fix any € > 0 and oo > 0 and let t* :==¢+ & and s* := s+ . It then follows from
Equation (T12) that there is some 6* > 0 such that

* *
Lt*+A* _L

(VA*:O<|A*<5*,0§t*+A*§s*)| X r QL;* (114)

Let 6 := min{6*,a}. Consider now any A € R such that 0 < |[A| < § and t < s+ A.
We will prove that the inequality in Equation (TI3) holds. Let A* := —A. We then
have that 0 < |A*| < 6 < 8* and that t* +A* =t+a—A>r+0—6 >t >0 and
" +A*=t+0o—A<s+A+a—A=s*, and therefore, we find that indeed, as required,

s s*
Lt* +A* - Ll* s*
—A* - QLI*

LS

t*+A* t* —|—QL‘

L
= o
where the first equality follows from Proposition and the final inequality follows
from Equation (TT4). O

s+A K
LA L

N

F Proofs and Lemmas for the results in Section [8

Before giving the proof of Proposition [8.1I] we first prove some crucial steps of the
proof separately, in the lemmas below.

First of all, recall from Proposition“that for any € € R, there is some 6 > 0
such that, for all 0 < A < &, the transition matrix Tt’j{A of a fixed stochastic process
PcPY 9,4 €N be approximated by (I + AQ) with an error of at most A€, using a rate
matrix Q €d T,’ v, © 2. Quite similarly, the following lemma states that, for any given
time interval [z, s} there exists a finite partition u € %y, u = t,...,t,, such that the
transition matrices 7;, ’;1 can all be approximated by (I+A;11Qi+1), for some Q;11 € 2
and with Aj 1 =111 — ¢;.

The reason that this result does not follow trivially from Proposition[4.7]is because
the 6—and hence also A—in Proposition [4.7|depends on the particular time point that
is considered. For this reason, the intuitive idea of using Proposition to first find

some Ay and Qp such that th){ = Y}GO;A can be approximated by 7+ A; Oy, and to then
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continue in this way to find some A; and Q;, and then some Az and Q3, and so on, is
not feasible, because this process may continue indefinitely if 7> ; A; is finite. In order
to make this work, we need some kind of guarantee that it suffices to consider a finite
number of A;, and this is exactly what the following lemma establishes.

Lemma F.1. Consider any P € ]PYQYJ//’ any 0 <7 <s, any u € %, and any x, € Z,,.
Then for all € > 0 and § > 0, there is some v € ?/[t)s] such that o(v) < & and, for all
i€{0,...,n—1}:

(0e2) |

Ti — (I+Ai+1Q)H <Aij1€

Proof. Fix any € >0and § > 0. It then follows from Proposition[4.7and Definition|6.1]
that there is some 0 < 6* < min{&,1/2(s —¢)} such that, for all 0 < A < 6*:

(ageg)Hi(Tlfjf—l)—QH <€ and (EIQeo@)Hi(TSS_A’XM—I)—QH <e. (115)

Lett* :==t+ 6" and s* = s — 6*. Then clearly, t < t* < s* <s. For any r € [¢*,s], it
follows from Proposition and Definition that there is some 0 < 0, < 8* such
that, for all 0 < A < 6,

(HQEQ)HL(T,”;A—I)—QH <¢ and (ageQ)HL(T,’_M—I)—QH <& (116)

Let U, := (r— 6,,r+ ;). Then the set C := {U,: r € [t*,s*]} is an open cover of [t*,s*].
By the Heine-Borel theorem, C contains a finite subcover C* of [t*,s*]. Without loss
of generality, we can take this subcover to be minimal, in the sense that if we remove
any of its elements, it is no longer a cover. Let m be the cardinality of C* and let
ry < ry < --- < rp be the ordered sequence of the midpoints of the intervals in C*.

We will now prove that

ri— 06, <rj—0&, and ri+08, <rj+§,; forall1 <i<j<m. 117

Assume ex absurdo that this statement is not true. Then this implies that there are
1 <i< j<msuchthateither r, —§,, > rj75,j or ri+ 0y, er+5r].. If r;— 6, erf&j,
then since i < j implies that r; < r;, it follows that Srj > 6y, +rj—r; > 0,, and therefore,
that r; + 5,j > r;+ 6,,. Hence, we find that U,, C U,j. Since C* was taken to be
a minimal cover, this is a contradiction. Similarly, if #; + J,, > rj+ 5,‘/., then since
i < j implies that r; < r;, it follows that J,, > Srj +rj—ri> 5,j and therefore, that
ri— 5,l. <rj— 5,l.. Hence, we find that U,j C U,,. Since C* was taken to be a minimal
cover, this is again a contradiction. From these two contradictions, it follows that
Equation is indeed true.
Next, we prove that

g1 = O <1+ 6, forallke {1,...,m—1}. (118)

Assume ex absurdo that this statement is not true or, equivalently, that there is some
ke {l,...,m—1} such that r, + 6, <rgy1 —y,,. Foralliec {k+1,...,m}, it then
follows from Equation that ry + 6, < r; — 0,,, which implies that ry + 5, ¢ U,,.
Furthermore, foralli € {1,...,k}, it follows from Equation that r;+ 6, < rg+ 0y,
which again implies that 7 + &, ¢ U,,. Hence, foralli € {1,...,m}, we have found that

rx+ 6y, ¢ U,,. Since C* is a cover of [t*,s*], this implies that 7, + &, ¢ [t*,s*], which,
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since r € [t*,s*], implies that r+ 8, > s*. Hence, since we know from Equation (TT7)
that ry — 6, < 1, — 0y, it follows that U,,, N [t*,s*] C U, N [t*,s*]. This contradicts
the fact that C* was taken to be a minimal cover, and therefore, Equation (IT8) must
indeed be true.

For all k € {1,...,m— 1}, we now define g = 1/2(rx + 0y, + rxy1 — 6y, ). Using
Equation (T17), it then follows that
Fir1 + Oy + Ti1 — 6 + 0 + 71—,
G < k+1 Tk41 k+1 Tkt1 = e and i > Ik Tk Ik Ty =1

2 2

and Equation (TT8) trivially implies that rx — &, ,, < gx < rx+ &,,. Hence,
"< qr <ri+0, and 1 — 0, < qr < Tigi-
Due to Equation (T16)), and with A} == g — ry and A;* = ri41 — gy, this implies that

1
ATF

1
(30< )| £, ~n-0| <& (B0€ 2)| it -1 0] <.
(119)
For all k € {1,...,m}, we now let t; == r; and, for all k € {1,...,m— 1}, we let
trka1 = qi. For the resulting sequence i, <13 < --- < ta;u—1 < 2, it then follows from

Equation (TT9) and [N9|that, for all i € {2,...,2m—1}:

(e 2) |

T~ (14 8i10) | < A, (120)

with Ajrg =t — 6 < 0.

Next, since C* is a minimal cover, and because of Equation (I17), we know that
ri— 06, <t* <r; =t and, since §,, < 8*, we also know that r; — §,, > t. Therefore,
it follows that there is some #; € R such that r < ri — 6, <t; <t* <ry. If we now let
to=t,thenA; =1, —19 < 8" and Ay =1, —t; =r; —t; < 6,,, and therefore, it follows
from Equations (TT3) and (TT6) and [N9| that Equation (T20) is also true for i = 0 and
i=1.

Finally, again since C* is a minimal cover and because of Equation (T17), we know
that ty,, = ry < " < rp + 6, and, since J,, < 6*, we also know that r,, + &, < s.
Therefore, it follows that there is some 5,11 € R such that tp,, = 1, < 5° < for1 <
m+ Srm < s. If we now let tp,,42 = s, then A2 = tamia — tomsr1 < 6* and Aoyl =
fom+1—tom = tamt1 — Im < Oy,,, and therefore, it follows from Equations (TT3) and (TT6)
and[N9|that Equation (120) is also true for i = 2m and i = 2m+ 1.

Hence, we conclude that Equation (T20) holds for all i € {0,1,...,2m,2m + 1}.
The result now follows by letting n := 2m + 2. O

The following lemma provides a decomposition property for the expectation oper-
ator Ep that corresponds to a stochastic processes P € IP. For notational convenience,
we express it in terms of transition matrices 7%, , using Remark This result will
end up being useful in the proof of Proposition [8.1]

Roughly speaking, the result establishes that the (history-dependent) transition mat-
rix T}’ of a stochastic process P € P can be decomposed into a number of other trans-
ition matrices corresponding to this P, such that—crucially—these individual transition
matrices do not depend on the exact way that the decomposition was performed—that
is, the other transition matrices in the decomposition—despite P not necessarily being
a Markov process.
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Lemma F.2. Consider any P € PV, any t,s € R>¢ such that r < s, any u € %, and
x, € 2, and any sequence t =1y <1} < --- <t, =s, with n € N. Then for any f €
L(Z)and x, € 2

7 A1) = [T, < T;z,x,,u{,}>f} (x)

=

Proof. We provide a proof by induction. For n = 1, the result holds trivially. So
consider now any n > 1 and assume that the result is true for n— 1. For any g € Z(.2"),
Remark [4.1] then implies that

[Ty, 8)(xr) = Eplg(Xiy)| X = 1, Xu = ]
- Z Ep[g(Xlz)|Xl] :xtUXl :xt;Xu :xu]P(Xl] :xt| ‘Xl :xl7Xu :xu)

x,lefﬂf
= Z [];tlz,xuu{,}g}(xll )P(Xll =X |Xt =X, Xy :xu)

X ex . ,
= [Eol,xu Elz,xuu{,} g] (xl)’

and therefore, it follows that
15 L t;
[T;fxuf] (xt) = |:TIOZ7XM 3 7},‘:17xuu{,} fi| (xt)

n n
t I t; _ t ti
= {Ttol,qutlzvxuU{t} ( ] 37;i1’xuu{t}>fj| (xl‘) - |:T;0]’Xu ( ] ZTril,xuu{,}>f} (xl‘)a
14

=

using the induction hypothesis for the first equality. O

The final two results that we require have to do with the connection between 2
and Q. Due to the definition of the lower transition rate operator Q corresponding to a
given 2—see Equation (38)—it holds for all A € R>g, all Q € 2, and all f € Z(Z)
that (/4+AQ)f > (I +AQ)f. Lemma [F.4|establishes that this inequality extends to
compositions of such operators (I +AQ) and (I + AQ), provided that we impose an
upper bound on A. In orde to prove this Lemma[F4] we also require Lemma[F3] which
states that [|Q|| is bounded above by ||Q||.

Lemma F.3. Consider a non-empty bounded set 2 of rate matrices and let Q be the
corresponding lower transition rate operator. Then for all Q € 2, we have that ||Q]| <

el

Proof. Consider any f € £ (%) such that || f|| = 1. It then follows from Equation (38)

that Qf > Qf and, due to the linearity of Q, also that Of = —Q(—f) < —Q(—f).
Hence, we find that Qf < Qf < —Q(—f), which implies that

[l < max{||Qf| .|| -Q(=1)||} = max{||Qf]|,

Since || f|| = 1, it follows from Equation (T) that || Qf|| < ||@||. and similarly, since
[[—fIl = ll.f]l = 1, we also find that ||Q(—f)|| < ||Q||- By combining this with Equa-
tion (T21), we find that || Q|| < ||@||, and since this is true for every f € Z(.2") such
that || f|| = 1, it now follows from Equation (I)) that ||Q|| < HQH O

(=N} (121)

)
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Lemma F.4. Consider a non-empty bounded set 2 of rate matrices, let Q be the corres-
ponding lower transition rate operator, and consider any § € R~ such that § H Q H <1
Now fix any n € N and, for all i € {1,...,n}, consider some 0 < A; < 8 and Q; € 2.
Then for any f € Z(Z):

[Ta+a0)f HI+A,Q
i=1 i=1

Proof. We provide a proof by induction. For n = 1, the result follows trivially from
Equation (38). Consider now any n > 1 and assume that the result is true for n —
1. Since Lemma implies that A1 ||Q1| < Ay HQH <38 HQH < 1, it then follows
from Proposition that 7/ 4+ A;Q; is a transition matrix, and therefore, as noted in
Section|[/.1] also a lower transition matrix, which therefore satisfies We now find
that

n

[[u+a0)f>u+mo)[[U+00)f >T]U+A0)f,
i=1 i=2 i=1

where the first inequality follows from the induction hypothesis and and the
second inequality follows from Equation (38). O

Proposition 8.1. Consider a non-empty bounded set of rate matrices 2 whose cor-
responding lower transition rate operator is Q, and let .7 ) be the corresponding lower
transition operator system. Then, for any P € Py > any f,s € R>q such that 7 <'s, any
UE Uey,anyx, €  and x, € 2, and any f € L(2):

Ep[f (Xs) [X; = x1, Xu = xu] = [L3 f](x1).

Proof. This result is trivial if + = 5. Hence, without loss of generality, we may assume
that# < s. Fix any € > 0 and let C := (s —t). Choose any & > 0 such that g || f]| < ¢/2
and any & > 0 such that &C || f|| < /2.

Due to Theorem there is some 6 € R+ such that & || % || < 1and

(W ey : o(v) <)L —d,| <, (122)

with @, as in Equation #2). Since P € P, it now follows from Proposition [.7] that
there is some 0 < A; < min{8,C} such that

(301 €91}, C2) [T, — (U +M101)| =

Tz{IMAI - (1+A1Q1)H <Ag,

with 1y .=t and #; =t + A,. Furthermore, since P € PY, and because A; < C implies
that 11t + A; < s, it follows from Lemma that there is some v € %, g such that
o(v) <8, withv=r1y,...,t, and t, = s, and such that for all i € {2,...,n}, with A; =
ti—1ti—q:

(30i€ 2)||T; —(I+A:0))

tl 1Xuu{r}

Since A} < 6 and, for all i € {2,...,n}, A; < 6(v) < 8, we know that, for all i €
{1,...,n}, A; < & and therefore also, using Lemma that A; ||Q;]| < 6 HQH <1
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Therefore, we find that

i=1

(75, 1) = [(]ﬂl(HAiQi)) f] ()

= |:Tt(t)l.,xu <'n27}?1,xuu{,}>f} (xr) — [(In—[(l‘*‘AiQi)) f] (xr)

i=1

n n
thf)l,xu ( T;:il,xuu{t}> _H(1+A1Ql)
i=2

<

11

i=1

n
<7 — a+men| 171+ ) | Il
i=2

]‘ttt:l 7xuu{t} o (I + AZQI)

n 8
< LAe|fll=Cellfl <3
i=1

where the equality follows from Lemma[F2] the first inequality follows from the prop-
erties of |||, and the second inequality follows from Lemma and Proposition
and, we also find that

L8 () — Kﬁ(wmg)) f] (%)

i=1

<

LzSH(IJFAiQ)H 171l < e |lf]l < g

i=1

using Equation (I22)) to establish the second inequality. Hence, Lemma [F.4] implies
that

L) (x) < [(ﬁlam@) f
< Kﬁ(zmg») f

(x,)+§

| () + 5 < [T, f1(x) +e.

i=1

Since € > 0 was arbitrary, this allows us to infer that [L} f](x;) < [T, f](x;). The result
now follows because (7%, f](x/) = Ep[f(X;)|X; = %, X, = xu], as noted in Remark 4.1}
0

The following lemma is required for the proof of Proposition [8.2] Recall from
the definition of the lower envelope Q of a given set 2 of rate matrices, that for any
feZL(Z), and x € £ and any € > 0, there is some Q € 2 such that [Qf](x) <
[Of](x) + €. In other words, [Qf](x) can be approximated arbitrarily closely using
the elements of 2. The following lemma establishes that the entire function Qf can
be approximated arbitrarily closely by a single Q € 2, whenever 2 has separately

specified rows.

Lemma F.5. Let 2 be an arbitrary non-empty bounded set of rate matrices that has
separately specified rows, with corresponding lower transition rate operator Q. Then
forany f € £(Z") and € € Ry, there exists a Q € 2 such that

lof—of| <e.

Proof. This is immediate from the definition of the lower envelope of 2, as given by
Equation (38)), and the fact that 2 has separately specified rows. O
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Proposition 8.2. Let ./ be a non-empty set of probability mass functions on .27, let
2 be a non-empty bounded set of rate matrices that has separately specified rows, with
corresponding lower transition rate operator Q, and let 7, be the corresponding lower
transition operator system. Then for all z,s € R>¢ such that7 <, all f € £ (%), and
all € € R+, there is a well-behaved Markov chain P € ]P’zM/// such that

[Ep[f(Xs) | X = x:] — [L}f](x)| < € forallx; € 2.

Proof. Fix any t,s € R>q such thatt <s, any f € Z(2") and any € € Ryg. Ift =,
the result is trivial. Hence, without loss of generality, we may assume that # < s. Let
C = (s —1), choose any €* > 0 such that €*C < &, choose any €], &;,&3 > 0 such that
€1+ & + & < €*, choose any & > 0 such that & || 2||* || f|| < & and & HQHZ ]l < &
(this is always possible because of[LRS), and consider any u € %, ;) such that ¢ (u) < 8,
withu =1y,...,t, andn € N.

Fix any i € {1,...,n} and let g; := L f. It then follows from Lemmathat there

is some Q; € 2 such that HQgi — Q,-giH < & and, due toand we also know
that ||gi|| = ||Li" £|| < ||L]| 1£]l < II£]l. Hence, we find that

Ly gi—eP%g

< |2 i [T+ 0] il + [ Qi — Aiigi| + || [7+ 2,01 gi — 2%,
< HLZ;1 — [1+A:Q] H llgill + A HQgi—QigiH + Hl‘i‘AiQi_eQiAi

Iz

il

< |l = [+ 20l 11+ Aier + H1+AiQi—eQ"A‘

2
< A||Q|]° I1F1l + Aies + A7 Qi1 |1 £
<AG | 17+ e+ 81217 IIF]) < Ai(er +&2+63) < A", (123)

where the second inequality holds because of [NT1] the third inequality holds because
llgill < |l and ||Qgi — Qigi|| < €2, the fourth inequality holds because of Lemmas
and[A.3]and where the fifth inequality holds because A; < o/(u) < 8.

Let Qp and Q,; be two arbitrary elements of 2 and, for all i € {0,...,n+ 1},
let Jp, denote the transition matrix system corresponding to Q;, as in Definition
Then, by Proposition there is some P € Pgl\ffl with transition matrix system Jp,
such that

Tp = gg[gJo] ®9Q[110Jl] Q- ® yQ[;n—l-,tn] ® glne)

n

Due to Equation (123), we know that the transition matrices of this process P satisfy

L gi—e%Mig|l < A, (124)

(vie {1 n}) L s — T gl = |
Furthermore, we also know that

n n t)l* n t"* n tn* n n
Ity —Tigall = || L o= T L+ T (L 0= T )

Tn—1
<| T

h—1 gty h—17tn
Lfo Ltn—lgn_T;O Ltn—lgn

+

HLZ:—Ign _7;:115)””

|

R | R AT A

n
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using Proposition[7.13]and Equation (23)) for the first inequality, and [CT4]for the second
one. Similarly, we also find that

By continuing in this way—applying induction—we eventually find that

Ih— Ih—
Ll‘() lgrlfl 7’1;() lgnle S ‘

[ th—2 -1 In—1
Ly gn2—T, gmzH + ’ L) gn—1— T, 8n—1 H .

n n
L f =T f | = ||Lingn — T gnl| < Y |ILE 8= T &il| < Y, Aie™ =Ce* <e,
=1 i=1

using Equation (124) to establish the second inequality. The result now follows directly
from Remark[4.1] which states that [T f](x;) = Ep[f(X;)|X; = x/] forallx, € 7. O

Corollary 8.3. Let .# be a non-empty set of probability mass functions on 2", let £
be a non-empty bounded set of rate matrices that has separately specified rows, with
corresponding lower transition rate operator Q, and let 7, be the corresponding lower

transition operator system. Then, for all ¢,s € R>( such thatt <s,allu e Uty Xy € Xy
andx; € Z',and all f € Z(Z):

Ezv@,///[f(xs) ‘Xt =X, Xu = xu] = E\jv@l,\/[///[f(XS) |Xt =X, Xu zxu] = [L?f] (xt)~

Proof. Fix any € > 0. It then follows from Propositionthat there is some P € PgMﬂ
such that Ep[f(X;)|X; = x/] < [Lf f](x;) + €, which implies that
Eghgf/ [f(Xo) | X = %20, X = x] < Ep[f(Xs)| Xe = %0, Xus = X4
= ]EP[f(Xs)|Xt :xt] < [L;f](xt> t§,
using Equation (32)) for the first inequality and the Markov property of P for the equal-
ity. Since & > 0 is arbitrary, it follows that ES™, (X)X, = x,, X, = x,] < [L{ f](x,).
This implies the result because we also have that
L} f] (x) < inf {Ep[f(X,)| X, = %1, X, =x,]: PEPY,_,}
=EY «fX) X =20, X = 5] SEGY[F(X) | X = 21, X = 2,

where the first inequality follows from Proposition [8:1] and the last inequality follows
from Proposition [6.4] O

Theorem 8.4. Let Q be an arbitrary lower transition rate operator, with 2 its set of
dominating rate matrices, and let .7, o be the corresponding lower transition operator
system. Then the largest set of stochastic processes &2 for which the corresponding
conditional lower expectation operator E[- | -]—as defined in Equation (3T)—satisfies

E[f(Xo) [ X = x1, Xy = xu] = [Ly f](x)

for all t,5 € R>g such that r <, all u € %, all x, € 2 and x, € 2, and every
feZL(Z),is the set IP’Y@VQ.

Proof. Clearly, it suffices to prove that for any P € P that is not well-behaved or not
consistent with Zg, there are t,5 € R>o with t <, u € %, x, € Zy, x, € 2" and
f€ZL(Z) such that

Ep[f(Xs) | X = x4, Xy = x4) < [L] f](x2). (125)
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We start with the case that P is not well-behaved. Fix any € > 0 and let C == ||Q|| +
€. It then follows from Proposition [4.5| that there are t,s € Ryo with r <5, u € %
and Xy € 2, such that 1/ ||, —Iﬂc and AHQH <&, withA:=s5s—1>0. Let

= 1/A(T?, —1I). Since [|Q|| > C, it then follows that there is some f’ € .Z’(.2") such
that ||f’|| =1 and ||Qf'|| > C, which in turn implies that there is some x; € 2~ such that
[0 (x:)| > C. If [Qf](x;) <0, we let f:= f’, and if [Qf](x;) > 0, we let f = —f".
Clearly, this implies that IIf]l =1 and [Qf](x;) < —C. From || f|| = 1, it furthermore
follows that [Qf](x) > —||Qf]| > — |2 [0f](x) <
— ||Q|| —& < [0f] (x,) €, which implies that [(1 4 AQ) f](x;) < [(I+AQ) f](x:) — Ae.
Hence, since we also know that

L3 0x) — [T +AQ) f1(xr)] < ||Lf — (1 +AQ)|| < A%|||” < Ae,

where we use || f]| = 1 for the first inequality and Lemma [E.9]for the second inequality,
it follows that

(153, f100) = [T+ AQ) f1(x) < [(1+AQ) f](x) — Ae < [L;f](x),

which, because of Remark [4.1] implies that Equation (I25) holds.

Next, we consider the case that P is well behaved, but not consistent with Zg. In
that case, it follows from Deﬁnmon-that there are t* € R>o, u € %<, and x, € 2,
such that T . L Zg. Since we know that aTv x, is anon-empty set of rate matr1ces
because of Propos1t1on | this implies the existence of a rate matrix o* e 8
such that 0* ¢ 2. Furt ermore, since 0* ¢ 2y, Equation (39) implies that there aIe
e Z(Z) and x, € 2 such that [Q* f'](x,) < [Qf'](x;). Clearly, this implies that
f' # 0, and therefore, that ||| > 0. If we now let f := 1/|7'||f', then || f|| = 1, and
furthermore, because of the linearity of Q* and the non-negative homogeneity of Q, it
follows that [0 f] () = ]| [Q")(x.) < I|/[Q')(x) = [Qf](x:). Consider now
any £ > 0 such that 07 f1(x:) < [Qf](x) —2¢ (this is now clearly possible). Since
Q" € JT: t* no 1t then follows from Definition 4.§] that there are ¢,s € R>o such that
u<t<SH/A —0"|| < & and A||Q[F <&, with A= s5—1> 0. Let Q:

= AT’ —1). S1nce ||Q O*|] < € and ||f]| = 1, it then follows that [Qf](x;) <
[0*f] (x,) + & < [Of](x) — €. Hence, using the exact same argument as in the first part
of this proof, we find that Equation (T23)) holds. O

Proposition 8.5. Let Q be a lower transition rate operator, choose any ¢,s € R>¢ such
that £ <'s, and let Lf be the lower transition operator corresponding to Q. Then for any
f€ZL(X) and € € Ry, if we choose any n € N such that

anax{

=02 [elP sl }

with || ]|, == max f —min f, we are guaranteed that

Li-T[u+a0)f| <e
i=1

with A == (s—1)/n.
Proof. Define h = f —min f —1/2]|| f||,. Then

max h = max f —min f —1/2[|f[, = [[fll, =21 £1l, = /21 £l
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and
min/ = min f —min f —1/2[| f|[, = =1/2| fl, ,

and therefore,
||| = max{[a(x) : x € 27} = 12| f], -

Now letu € %, 5 be such thatu =19, 1,...,t,, where, forall i € {0,1,...,n},t; =t +IA.
Since A = (s—#)/n, we then have that to =1, 1, = 5, 6(u) = A and ®, = []iL, (I + AQ).
Furthermore, since n > (s—1) || @||, we also know that A|| Q|| = (s=1)/n|| Q|| < 1. Hence,

we find that

= [ILth— Pyhl| < [|L7 — Dy ]| [| ]

Lih—]J(+AQ)h
i=1

Sd(u)(s_t)HQHZHhHZA(S—I)HQHZ%
€ 1 ) )
=~ =0*[lQ["lIfIl, <&

where the first inequality follows from Property the second inequality follows
from Lemmal|E.8|and the final inequality follows from our lower bound on n. The result
is now immediate because L; and []}_, ( + AQ) are both lower transition operators—
for the latter, this follows from Propositions [7.3|and [7.T}—which implies that

Lh— ﬁ(1+AQ)h
i=1

P
i=1
because of O

G Proofs for the results in Section

Corollary 9.1. Let .# be an arbitrary non-empty set of probability mass functions on
Z, let 2 be an arbitrary non-empty bounded set of rate matrices that has separately
specified rows, with corresponding lower transition rate operator Q, and let .7, be the
corresponding lower transition operator system. Then, for all s € R, all u € % such
that u # 0 and all f € Z(Zus):

E\g,%[f(xu;xs) |Xu] = E\:\]@M/f![f(xmxs) ‘Xu] = [L;v,,f} (Xu)

Proof. Because of Equations and (54), this result is an immediate consequence of
Corollary O

Corollary 9.2. Let .# be a non-empty set of probability mass functions on 27, let 2
be a non-empty, bounded and convex set of rate matrices that has separately specified
rows, with lower transition rate operator Q, and let .7, be the corresponding lower
transition operator system. Then, for any u = g, ...,t, and v = sq, ...,y in % such
that u <v, and any f € Z(Zuuy):

EY ,If(XX)|X] =LPLS LY f. (57)

Sm—1

Proof. As explained in the main text of Section this result is an immediate con-
sequence of Theorem [6.5]and Corollary0.1] O
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Proposition 9.3. Let .Z be a non-empty set of probability mass functions on 2" and
let 2 be a non-empty bounded set of rate matrices. Then for all f € £ (.2):

EY 41f(X0)] =ES™, [ (X0)] = ES'V[f(X0)] = E 4 [f]-

Proof. Fix f € Z(%) and € > 0. It then follows from Equation (32) that there is a
stochastic process P € P¥ 9.4 such that Ep[f(Xo)] < EY ,[f(Xo)] + €. Furthermore,
since P e PV D it follows from Deﬁmtlonsandﬁthat P(Xp) € # , and therefore,
that

Ep[f(Xo)] = ) P(Xo=1x)f(x) >E 4[f].

xeZ
Because of Equation (]5_7[) we also know that there is a probability mass function p € .#
such that Z | f1+ €. Consider now any Q € 2. It then follows from

Corollary/5.3| that there isa umque well-behaved homogeneous Markov chain P’ € PM,

with transition matrix Q, and with P'(Xp = x) = p(x) for all x € 2. Since P’ clearly

belongs to ]P’gH}/\;, this implies that

Z%pw)f(x) = %P’ (Xo =x)f(x) = Ep [f(X0)] > EY™V[£(Xo)]-

Hence, we conclude that

EY ,1f(X0)] +€>Ep[f(X)] 2 E ,[f] >

™
o
V
=
\E
=
&
\
o™

Since € > 0 is arbitrary, this implies that EY, ,[f(Xo)] > E ,[f] > E} ) [f(Xo)]. and

therefore, the result follows from Proposition [6.4] O

Proposition 9.4. Let ./ be a non-empty set of probability mass functions on .2~ and
let 2 be a non-empty bounded set of rate matrices that has separately specified rows,
with lower transition rate operator Q. Then for any s € R>¢ and any f € £ (2):

EY 4 fX)]=ESY, [f(X)] =E 4Ly f].

Proof. Fix s € Rxo, f € Z(Z) and € > 0. It then follows from Equation (32) that
there is some P € P, , such that Ep[f(X,)] <E% ,[f(X,)]+¢. Since PEPY ,,
Equation (32) now implies that, for all x € 2,

Ep[f(X,)|Xo =x] 2 EY_, [f(X,)|Xo = x] = [L§f](x), (126)

where the last equality follows from Corollary [8:3] Hence, we find that

EY ,1f(X)]+€ > Ep[f(X,)] = Ep[Ep[f(X;)|Xo]]
> Ep([L5.f](X0)] = EY_4[IL3f1(X0)] = E 4 [Lof],

where the first equality follows from Equation (34), the second inequality follows from
Equation (126), the third inequality follows from P € P¥, , and Equation (32), and
the last equality follows from Proposition 0.3] Next, because of Equation (62), we
know that there is a probability mass function p € .# such that Y, - p(x)[L f](x) <

E 4L f]+€. Let.#* ={p}. Proposmonnthen implies that there is a well-behaved
Markov chain P* € PYM,. CPYY,, such that

Ep[f(Xy) | Xo] < [Lof](X0) +€
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It now follows from the definition of EgM/fl that

EYN/ [ (X:)] < Ep[f(X,)] = Ep [Ep[£(X,)[Xo]] < Ep+[[L3f](X0)] + €,

using Equation (34) for the equality. Furthermore, since P* € P\gf\ﬁf/* implies that
P*(Xo =x) = p(x) for all x € 2", we also know that

Ep[[Lf](X0)] = Y P*(Xo=x)[Lif1(x) = Y p)[Lif](x) <E 4[Lif]+e

xeZ xeZ

Combining all of the above inequalities, we find that

EWMy1£(X)] — 2 < Ep-[[Li f](X0)] — € <E 4 [Li f] <EY 41 (X)] +&.

Since & > 0 is arbitrary, this implies that ERN, [f(X,)] <E 4[Lif] <EY ,[f(X)].
The result now follows from Proposition [6.4] O

Proposition 9.5. Let .Z be a non-empty set of probability mass functions on 2" and
let 2 be a non-empty, bounded, convex set of rate matrices that has separately specified
rows, with lower transition rate operator Q. Then for any u =1, ...,t, in Yy such that
to =0, and any f € Z(Z,):

EY 4f(Xu)] =E 4[LiLE L7 f].

Proof. Consider any u = ty,...,t, in % such that 7p = 0 and any f € £(Z,). Let
f € ZL(Z) be defined by

~

fx)=EY ,lf(X)|Xo=x]=[LiLE---Li"  f](x) forallxe 2, (127)

using Corollary[9.2]to establish the last equality. It then follows from Theorem[6.5]and
Proposition [9.3] that

EY /f(X)] =ES 4[EY 41fX) Xl =ES 4 [f(Xo)] =E.4[f].

Combined with Equation (127), this implies the result. O

H A gambling interpretation for coherence

This appendix aims to provide a basic exposition of the gambling interpretation for
coherent conditional probabilities. A more extensive discussion, which also provides
some historic context, can be found in, among others, References [35},149, 150,46, 6} (7).

Basically, the idea is to interpret P as a set of gambles on the actual—but unknown—
value of X in Q, which some bettor is willing to either buy or sell, and to impose a
rationality criterion on this set of gambles.

Concretely, for every pair (A,C) € €, P(A|C) is interpreted as a bettor’s fair price
for a ticket that yields a reward of one currency unit to its holder if the event A occurs,
conditional on the fact that C happens. In other words, the bettor is willing to either sell
or buy such ticket at this price, provided that she will be refunded should event C not
happen. Furthermore, it also assumed that the bettor’s utility is linear, which implies
that she is willing to vary the stakes of her bets arbitrarily.

Suppose for example that the actual value of X ends up being . For each ticket
that the bettor sold, she has then received P(A|C) currency units in advance, but after
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the value of X is revealed, she loses one currency unit if A has happened, that is, she
loses I4(®) currency unit. Because all of this is conditional on C happening, her net
profit is I¢(@)(P(A|C) —I4(®)), with negative profit being loss. Note that if C does
not happen, that is, if Ic(®) = 0, she neither gains nor loses anything. Since we also
allow for arbitrary stakes, we conclude that for any A € Rx, the bettor is willing to
accept the uncertain net profit Alc(®)(P(A|C) — I4(®)).

Similarly, for each ticket that that the bettor buys, she first has to pay P(A|C) to
buy the ticket, but will then receive one unit of currency if A happens. Her profit is
then I4 (@) — P(A|C) per ticket. However, she only receives this profit if event C also
came to pass, and otherwise gets refunded. Hence, if we again take into account that
the stake can be chosen arbitrarily, we find that for any A € R> the bettor is willing to
accept the uncertain net profit Al¢(w)(I4 (@) — P(A|C)).

By combining the arguments for selling and buying, we conclude from the above
that for any A € R, the bettor is willing to accept a bet in which she receives the
uncertain net profit Alc(®)(P(A|C) —I4(®)), with negative profit being loss.

The final assumption is now that the bettor is willing to combine any finite number
of such transactions. That is, if we consider any n € N and, for every i € {1,...,n},
some 4; € R and (A;,C;) € €, then the bettor is willing to accept a bet in which her net
profit is equal to

Y A, (@) (P(A1C) — T (@))
i=1

The coherence of P is now equivalent to requiring that any such bet avoids sure loss,
in the sense that there exists at least one “non-trivial” outcome @ for which her total
profit is non-negative, the trivial case being when none of the events C; happen—a ¢
UL, C;—because she then gets refunded completely.

|  Proofs of the examples

Proof of Example[3.2] We will show that the sequence {.7; }cn, defined in Equation (8]
is Cauchy, or in other words, that

(Ve € Roo) (Fne € N) (Vk, £ > ne) d( T, T7) < €. (128)

In order to prove this, the first step is to notice that for any i € N, the difference between
J; and J;_ is essentially situated on the interval [0, §;]. It should therefore be intuit-
ively clear that d(7;, Z;_1) is proportional to §;.

In fact, it holds that d(.7}, 1) < §;||Q; — Qi—1]|; we will start by proving this
inequality. So, fix any i € N. Fix any t,s € R>¢ such that t < s, and let ‘T* and
i=1Ts be the transition matrices that correspond to .7 and .7;_1, respectively. We now
consider three cases. The first case is ¢t > §;. It then follows from Equation that
|'Tf —='T;%|| = 0. The second case is s < &. It then follows from Equation (8) and
Lemmal[A_ 3] that

A e

<(s—1)[|Qi—Qi-1|| < 6 |Qi — Qi-1]| -
The third case is t < §; < s. We then find that
Hl]’;&_l*l]’;SH —

iSiiqs =10 i—1ps ips _ i—lmaps
LT — 17T, Ts— T

| <

T8 _iflTl&'H n

iT,Si —iilT;S"H <&0i—Qi-1],
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where the first inequality follows from Lemma[A.2] the second equality follows from
the first case above, and the last inequality follows from the second case above. Hence,
in all three cases, we find that ||'7;' —~'T%|| < Qi — Qi—1||. Since this inequal-
ity holds for any #,s € R>o such that s > ¢, it now follows from Equation that
d(T, Ti-1) < 6 1|Qi — Qi |-

Using this inequality, and because d is a metric, Equation (I28) can now easily be
proven. It suffices to choose n¢ in such a way that c27"¢ < €. Indeed, in that case, for
any k,{ > ng, if we assume—without loss of generality—that k < /, it follows that

¢ ¢ ¢
AT, 7)< Y, d(Fi1, 7)< Y, GlQi—Qial<c ) &

i=k+1 i=k+1 i=k+1

and therefore, since we also know that

‘ oo qoo
Y <) &6=Y) 27 =27k,
i=k+1 i=kt1 i=k+1

it follows that d (.7, .7;) < c27% < ¢27"% < ¢, as required.
As a side result, we also obtain a similar bound on the distance between .7} and 7.
For any ¢ > k, we know that

d(F, T) <d( T, To)+d( T4, T) < 27" +d( T, T),
and therefore, since .7 = lim/_, ... .7, it follows that d(.%, .7) < c27*. O

Proof of Example[3.3] We start by proving that Equation () gives us the transition
matrix from O to ¢ that corresponds to the transition matrix system 7. To this end, we
first establish some properties. Consider any ¢ € (0, 1] and let j be the unique element
of Ny such that 8,41 <t < §;. If j is odd, it follows from Equations (I0) and (TT) that

@1(t) =t —2/38j41 = (t = 8j11) +1/36j41 = (t = 8j1) + @1 (5j41)

and @2(1) =2/38;1 = @2(8;41). Similarly, if j is even, it follows that @1 (1) = @ (8;11)
and @>(t) = ¢2(0j4+1) + (t — 6j41). Hence, in both cases, we have that

0101(t) + Q202(1) = Q101 (8j11) + Q202(8j 1) + Qj(t — §j41)-
Therefore, and since O and O, commute, it now follows from Equation @D that
T = eL101(0+0202(1) — 011 (841)+2202(8j41)+Q;(1—=8j41)

— ¢2101(8j11)+Q202(8j41) Q1 =8j11) — To‘sf“le(f*ﬁM. (129)

For large enough k € N, a similar statement holds for the transition matrix kTO’ that
corresponds to .. In particular, Equation (8)) implies that

kTg =R Q=511 for all k > j (130)
Hence, for all j € Ny, by choosing # = J;, and because 6; — 0;41 = §;11, it follows that

T =T €%+ and “T =T %1 for all k > j. (131)
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Finally, for all k € N, it follows from Equations (9)—(TT)) and (8) that
TO‘S" = QP13 gpg kTO‘s" = ¢2% forall k € Ny. (132)

Using these properties, proving that Equation (9) gives us the transition matrix
from O to ¢ that corresponds to the transition matrix system .7, is now relatively easy.
Consider any ¢ € (0, 1], let i be the unique element of Ny such that &;1; <7 < §;, and
fix any k > i. Then on the one hand, we find that

+ HeQi(f*5z+1) _ oQi1=8i11)

e

= H T05i+1 eQi1=8i11) _ kT05i+1 £Qi(1=8i11)

Gir1  kp0it
<

= HTOSM . kT05i+1 _ HTO&'ueQiHSHz _ kT05i+2le+15f+2

< HTO‘SHZ _ kT05i+2 Q18112 _ pQit 16112

+

9

_ Sita kg2
[

S kO
<oz

where the first equality follows from Equations (129) and (T30, the first inequality fol-
lows from Lemma[A.2]in Appendix [A] the third equality follows from Equation (T3T])),
the second equality is again due to Lemma [A2] and the remaining steps consist in
repeating the last steps over and over again. On the other hand, we also know that

H T05k _ kTO5k Q30+ Quey 1 /38 _ 01y

— || e@u/30% pQu+11/38 _ ,Qu%/36) ,Qi1/36;

< ||£Q¥3% _ k238

+ Her+1‘/35k — o21/38

— || @@k+1"/38 _ ,Qi1/36;

< &0k — Qrr1ll = & |01 — 02,

where the first equality follows from Equation (I37)), the second equality holds because
Q1 and O, commute, and the two inequalities follow from Lemmas @ and @ in
Appendix Hence, we find that || 7§ —*T¢ || < &|Q1 — Q2 ||. Since this is true for any
k > i, it follows that limy_, o kTé =T;. Therefore, because .7 = lim;_...7;, we can
conclude that 7} indeed corresponds to .7

We end this proof by showing that the transition matrix system .7 is well-behaved.
Let M := max{||Q1],||Q2||}. We will prove that

| -
A |7 —1|| <M forallt,s,A € Rsg such that s =¢ + A.

According to Definition[3:4] this clearly implies that 7 is well-behaved.

So fix any ¢,s,A € R>o such that s = ¢+ A and consider any € > 0. Then since
lim;_, 4o "7}" =T, there is some j € N such that HTt“' —J Tt“'H < €. Furthermore, since
Q1 and Q> commute, it follows from Equation @) that there are Aj,A; € R>( such that
A +A, =Aand jTts = 21810282 Therefore, we find that

177 =11 < |17 75 et —rf < oo e =] e
<e+A Q1] +A2][Qaf| < AM,
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where the second and third inequalities follow from Lemmal[A.2]and[A.4]in Appendlx@
respectively.

Proof of Example[3.4] We will prove that the transition matrix system .7 from Ex-
ample is not well-behaved. In order to do this, we first fix any n € Ny and any
A € (0,0,], and we let i > n be the unique element of Ny such that 811 < A< §;. It
then follows from Equation @]} that iTOA = %4 and therefore, we find that

180 < e~ (1+a0)

+HTO - H"‘HTO —1H<A2||Qz|| +2- +HT0

where the first inequality holds because ||-|| is a norm, and where the second inequality
holds because of Lemma and because—as proved at the end of the proof of Ex-
ample d(7;,T) < 27" =27" Hence, since ||Q;|| = |iQ] = i]|Q|| =i, we find
that

1 DT BN B
371 2 el —alof - g2 =i-ar - 2 i g oo
and therefore, because & =27/, §;.; =271, 2/ > jand i > n, it follows that
IHTA 1H>' Pl D SR VI SN S (133)
— - i—27' — i—=i—2=—-— ——2.
AllTO = =2 2 72

Since A € (0, §,] is arbitrary, this inequality immediately implies that
I IHTA 1|=5-2
imsup — — ——2.
A%O*p Al 2

and therefore, since this is true for every n € Ny, we infer from Definition that .7
is not well-behaved, because the definition clearly fails for r = 0. O

Proof of Example[.5] We will prove that Equation (20) indeed holds. So fix any
A € [1/3,2/3] and consider the sequence {A;};cyy, — 07 whose elements are defined
by A; := (28i+1)/(34). For all i € Ny, we then find that

2 2
01(A) 01+ ¢2(A) 02 = §6Zi+lQ1 + (A — g5zi+1)Q2
=AM 01+ (1—-21)Ai0r = Qs A,

where the first equality follows from Equations (I0) and (TT)—because 1/(31) € [1/2,1]
implies that 011 < A; < &y;. Hence, for all i € Ny, Equation (9) now tells us that
TOA’ = 228 Therefore, and because {Ai}ien, — 0", we find that indeed, as required,

1A 1 , d
lim —(T% —1) = lim —(e2% — ) = —e@| = 134
i A,-( o' 1) e A (e ) ar =0 = Q1 (134)
where we use Lemmal[A.T|to establish the last equality. O

Proof of Example[d.6] Showing that {Q; : A € [1/3,2/3]} is a subset of . Ty was, es-
sentially, already done in Example [4.5] because for every A € [1/3,2/3], it follows from
Equation @ and Definition that Q) € 9 T0 Therefore, we only need to show
that 94 Ty is a subset of {Q : l € [1/3,2/3]}, or equ1valently, we need to show that for
every Q € 94T, there is some A € [1/3,2/3] such that Q = ;.
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So consider any Q € 9, TOO. Deﬁnitionthen implies the existence of a sequence

{Ai}ien, = 07 such that
lim 1/A( —1)=0. (135)
i— oo

The first step of the proof is to observe that, for every ¢ € (0, 1], @; (t) + @2(¢) =t and
1/3t < @1 (¢) <2/3t; we leave this as an exercise. Given this observation, it follows that
forall ¢ € (0, 1], there is some A; € [1/3,2/3] such that ¢; () = A, and @»(7) = (1 — A/ )r.
Hence, in particular, for every i € N, there is some A; € [1/3,2/3] such that @; (A;) = L;A;
and @2(A;) = (1 — A;)A; and therefore also, due to Equation (9), TA’ = ¢%4%  Further-
more, because of the Bolzano-Weierstrass theorem, the sequence {A;};cn, contains
a convergent subsequence {A;, }ery, Whose limit A = limy_, ;. 4;, clearly belongs to
[1/3,2/3.

In the remainder of this proof, we will show that Q = Q, . To this end, let us fix any
€ > 0 and prove that ||Q — Q, || < €. First of all, since A = limy_, 1 A;,, there is some

i s
n1 € Ny such that, for all k > ny, (A — M‘ |01 — 02]] < £/3 and therefore also

€

lor -] =la-a)@ -l =la-nllei-el <3 a3

Secondly, Equation (I33]) implies that there is some ny € Ny such that

' Ay, €
H Ja,, (T fI)fQH <5 forallk>m. (137)
Thirdly, Lemma[A.T|implies that there is some n3 € Ny such that
A S)

Hl/Aik (% _p) 01, H <5 forallk>n. (138)

0;. A

. . A -
Consider now any k > max{n;,nz,n3}. Then since 7, * = ¢~k it follows from

Equations (T36)—(138) that
10— 01l < |— 1/ Ty = )| + ||/ (%™ — 1) -

+ HQxik _QAH <e.

Since this is true for every € € R, it follows that ||Q — 0, || = 0, and therefore also,
that Q = Q;, as desired. O]

Proof of Example We will prove that the right-sided outer partial derivative En TO0
is empty. To this end, assume ex absurdo that it is not empty, and consider any Q €
8+T00. It then follows from Equation that there is a sequence {A;};,cy — 07 such
that 1im;_, 4« 1/Ai(T0Ai —1I) = Q. Consider now any € > 0, any n € Ny such that n >
4+2||0|| +2¢, let §, == 27" as in Example [3.4] and consider any i* € N such that, for
all i > i*, A; € (0, 8,)—such an i* always exists because {A;};cny — 0. For all i > i*,
using Equation (I33)) from the proof of Example [3.4] we then find that

1 A 1 A; n
—(TA =0l >||—(t% =Dl - >__2_ >
|3 -n-0| > | x-n| -101= 5 -2~ et >

which, since € > 0, contradicts the fact that lim;_, o l/A,-(TOA" —1I)= Q. Hence, our
assumption must be wrong, and it follows that 8+T00 is indeed empty. O

Proof of Example[7.1] Let Q, and Q, be the lower transition rate operators that corres-
pond to Z; and 25, respectlvely, and consider any f € Z(Z"). Equation (38) then
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implies that @, f <Af and Q, f < Bf, which in turn implies that @, /' < Cf. Therefore,
by applying Equatlon (38) once more, we find that 0,/<0,f. Hence since Equa-
tion (38) also trivially implies that Q,f<0Q,f, we ﬁnd that Q f =0,/ Since this is
true for any f € £ (Z"), we conclude that Q =0,. O

Proof of Example[7.2] We will prove that Q is also the lower transition rate operator
corresponding to 2*. First of all, for any Q € 2%, f € (%) and x € 2, it follows
from Equations (#0) and (1)) that there is some A € [0, 1] such that

[Qf1(x) = 2[Af](x) + (1 = A)[Bf](x) > A[Qf](x) + (1 — 1) [Qf] (x) = [Qf] (x),

where the inequality holds because Q is the lower envelope of 2;. Since this is true for
all x € 2, we find that Qf > Qf. Since this is true for all f € £ (%) and all Q € 2%,
it follows that 2% C 2. o

Let now Q* be the lower transition rate operator that corresponds to 2* and con-
sider any f € Z(%). Then, because 2% C g, we find that Q" f > Qf. Similarly,
since 2 is clearly a subset of 2%, we find that Q" f < Q,f. Since 9, = Q, it follows
that Qf < Q*f < Qf, and because this holds for any f 6 ZL(Z), we conclude that

0 =0 O
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