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Abstract

If the state space of a homogeneous continuous-time Markov chain is too large, making inferences becomes
computationally infeasible. Fortunately, the state space of such a chain is usually too detailed for the inferences
we are interested in, in the sense that a less detailed—smaller—state space suffices to unambiguously formalise
the inference. However, in general this so-called lumped state space inhibits computing exact inferences
because the corresponding dynamics are unknown and/or intractable to obtain. We address this issue by
considering an imprecise continuous-time Markov chain. In this way, we are able to provide guaranteed lower
and upper bounds for the inferences of interest, without suffering from the curse of dimensionality.
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1. Introduction

State space explosion, or the exponential dependency of the size of a finite state space on a system’s
dimensions, is a frequently encountered inconvenience when constructing mathematical models of systems.
In the setting of continuous-time Markov chains this exponentially increasing number of states has as a
consequence that using the model to perform inferences about large-scale systems becomes computationally
intractable. Fortunately, for many of the inferences we would like to make, a higher-level state description
actually suffices to formalise the inference, allowing for a reduced state space with considerably fewer states.
However, unfortunately, this creates a new problem, because the low-level description and its corresponding
larger state space are necessary in order to easily characterise the system’s dynamics.

The procedure of going from a low-level to a higher-level state description is called lumping. It was—to
the best of our knowledge—first proposed by Kemeny and Snell [I] in the discrete-time setting and later
considered by Burke and Rosenblatt [2] in both the discrete-time and continuous-time settings. These authors
exploit the relation between the original state space—corresponding to the low-level state description—and
the lumped state space—corresponding to the higher-level state description—to obtain a lumped stochastic
process from the original Markov chain. Unfortunately, this lumped stochastic process is not necessarily
a homogeneous Markov chain. In fact, Burke and Rosenblatt [2] provide a very stringent (necessary and)
sufficient condition on the original Markov chain under which the lumped stochastic process is again a
homogeneous Markov chain. That this condition is not trivially satisfied is quite unfortunate, because if the
lumped stochastic process is not a homogeneous Markov chain, then using it to make inferences about the
system is not feasible in practice.

Further research on the lumping of Markov chains centred around two separate subjects. On the one hand,
several authors generalised the aforementioned (necessary and) sufficient conditions to other settings—see for
instance [3H6]—or devised algorithms to determine the smallest reduced state space for which the lumped
process is still a homogeneous Markov chain—see for instance [7} [§]. Franceschinis and Muntz [9] and Buchholz
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[10], on the other hand, proposed methods based on the lumping procedure to bound limit expectations with
respect to the original Markov chain. Furthermore, the lumping procedure has also been used by Katoen
et al. [I1] in the context of model checking and bisimulation.

We here follow the historical evolution of the previously mentioned research: we start with a theoretical
study of the lumped stochastic process and then propose methods based on the lumping procedure to bound
expectations with respect to the original Markov chain. We start off our theoretical study in Section
with recalling some notation and terminology regarding Markov chains. This refresher is followed by a
formal introduction of the lumping procedure and the resulting lumped stochastic process in Section [3]
We consider the latter to be our first—albeit minor—contribution, because previous studies—for instance
that of Burke and Rosenblatt [2]—always ignored some technicalities in the construction of the lumped
stochastic process. Following this, we briefly introduce imprecise continuous-time Markov chains [12HI4] in
Section[d Subsequently, we look at the lumped stochastic process from the point of view of imprecise Markov
chains in Section [5| Specifically, we argue that the lumping procedure induces an elegantly characterised
imprecise Markov chain and explain how it yields bounds on (conditional) expectations with respect to the
lumped stochastic process. Next, we use the (building blocks of) our lumped imprecise Markov chain to
obtain bounds on (conditional) expectations with respect to the original Markov chain in Section |§| and limit
expectations with respect to the original (ergodic) Markov chain in Section [7l Compellingly, for Markov
chains with a very large original state space but a significantly smaller lumped state space, it turns out
that these bounds can be tractably computed even if it is infeasible to compute the precise value of the
expectation with respect to the original Markov chain! The performance of our methods is evaluated, and
compared to the performance of the methods of Franceschinis and Muntz [9] and Buchholz [I0], by means of
some simple numerical experiments in Section |8} After a brief return to the original setting of lumping in
Section [9] we report our conclusions and provide some suggestions for future research in Section Proofs
for the results in the main text, as well as some extra material, can be found in the Appendix.

This is by no means the first time that we approach the lumping procedure using imprecise Markov chains,
but our present approach is significantly more general. In [15] [16], we limited ourselves to providing bounds on
the limit expectation of a specific irreducible Markov chain that appears in the context of telecommunication;
an approach we generalised—to marginal expectations of general irreducible Markov chains—and properly
justified from a theoretical point of view in [I7]. We here extend [I7] on three fronts: (i) we define the
lumped stochastic process corresponding to a general Markov chain instead of an irreducible homogeneous
Markov chain; (ii) we provide bounds for (conditional) expectations of real-valued functions on the state
at any finite number of time points instead of marginal expectations of real-valued functions on the state
at a single time point; and (iii) we provide two methods to determine bounds on the limit expectation of
ergodic—that is, including irreducible—Markov chains instead of just one method for the limit expectation
of irreducible Markov chains.

2. Continuous-time Markov chains

We are interested in making inferences about a system, and more specifically about the state of this
system at any finite number of time points. The complication is that we are unable to predict the temporal
evolution of this state with certainty. Therefore, at all times ¢ € RZOEI’ the state X; of the system is a random
variable that takes values—generically denoted by x, y or z—in the non-empty and finite state space Z .

Because we limit ourselves to inferences that depend on the state of the system at any finite number of
time points, we adopt the framework of Krak et al. [12] for stochastic processes, which is a bit different from
the standard framework. The main difference is that they consider (finitely-additive) coherent conditional
probability measures [18] instead of the more common c-additive probability measures; we refer to [12] for
several arguments in favour of this choice. In light of the current contribution, we here summarise three of
these arguments. First and foremost, they—and we—only consider expectations of functions that depend

2We use R, R>o and R to denote the set of real numbers, non-negative real numbers and positive real numbers, respectively.
Furthermore, we use N to denote the natural numbers and write Ng when including zero.
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on the state of the system at a finite number of time points, hence eliminating the need for a o-algebra of
events. A second argument is that, in their framework, the conditional probability of an event is always
defined, even if the conditioning event has probability zero, whereas in the standard framework conditional
events are derived from the unconditional probabilities and therefore not defined if the conditioning event
has probability zero. Finally, Krak et al. [I2] mention that their framework can be extended to allow for a
o-algebra of events, and therefore also functions of the state at a (countably) infinite number of time points;
however, a proper theoretical study of this extension is no small feat and still remains to be done.

2.1. Finite sequences of time points

Essential to the description of stochastic processes are finite and increasing sequences of time points
t1,...,t,, which is why we introduce some simplifying notation. Following Krak et al. [12], we collect all
such sequences—including the empty sequence (—in the set %, and denote a generic element of this set
by u. We denote the set of all time sequences without the empty sequence by %, and for all ¢ in R>( use
U~ to denote the set of all time sequences of which the last time point strictly precedes t. Furthermore, for
any non-empty and finite set %" and any sequence u = t1,...,t, in %, we define %, := #™ and then use
x4, to elegantly denote a generic n-tuple (x,,...,x, ) in %,. For the empty sequence ), we let %4 be the
singleton containing the empty tuple, usually denoted by zy. We will sometimes also need to concatenate
two increasing sequences of finite time points, for instance v and v in %. Since v and v can be identified
with sets, we let u U v denote their concatenation, taken to be their ordered union. Finally, for any sequence
u=1t1,...,t, in %, we let minu = min{¢;: ¢ € {1,...,n}} =, and maxwu = max{¢t;: i € {1,...,n}} =t,.
If uw is the empty sequence, then conditions of the form “maxwu < -7 are taken to be trivially satisfied.

2.2. Continuous-time stochastic processes

For a formal treatment of the coherent conditional probability framework for continuous-time stochastic
processes, we refer to the extensive exposition in [I2, Section 4] or to the summary in For our
present purposes, it suffices to think of a continuous-time stochastic process P with state space 2 as being
fully defined by its initial and transition probabilities. The initial probabilities are

P(XO = l‘o),
with zg a state; the transition probabilities are of the form
P(Xt+A =Y | Xy = Ty, Xy = CU)a

where t and ¢ + A are time points—that is, ¢ and A are non-negative real numbers—u is a sequence of time
points preceding ¢,  and y are states and z, is a state instantiation in %,. Technically speaking, these
initial and transition probabilities are assumed to be part of a coherent conditional probability, as explained
in From a practical point of view, however, and for the purpose of following the main text
of this contribution, it suffices to understand that we essentially demand that the initial and transition
probabilities are compatible with the laws of probability: we demand that P is non-negative, normed, finitely
additive for disjunct events and satisfies—the multiplicative version of—Bayes’ rule.

2.3. Homogeneous continuous-time Markov chains

A well-known and often-used type of stochastic processes are homogeneous continuous-time Markov
chains. Their popularity stems largely from the fact that they are easily characterised. Because most of the
terminology and notation concerning homogeneous continuous-time Markov chains is essentially well-known,
we here limit ourselves to the bare necessities; for a more thorough treatment, we refer to [12} [T9] 20]. Since
we deal exclusively with continuous-time Markov chains, we will henceforth drop the “continuous-time”
adjective for the sake of brevity.

We now call a stochastic process P a Markov chain if satisfies the Markov property. Informally, this
means that the transition probabilities only depend on the last state and not on the entire state history;
formally, the Markov property holds if for all ¢, A in R>¢, v in %<, z,y in Z and z,, in 2,

PXyyn=y| Xy =24, Xy =2) = P(Xiyn =y | Xy = ). (1)
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This Markov chain P is called homogeneous if furthermore
PXyn=y| X =2)=P(Xa=y|Xo=2x). (2)

It is well-known that—both in the classical o-additive or measure-theoretic framework [20] and the full
conditional framework [I2]—a homogeneous Markov chain is uniquely characterised by the triplet (£, 7o, Q),
where 2~ is the state space, g an initial distribution and @ a transition rate matrix. In practice—see for
instance [9, [10} [15] [16] 2], 22]—a homogeneous Markov chain model is therefore specified by providing such
a triplet.

The initial distribution 7y models the initial state of the system. It is given by

mo(x) = P(Xo = x) for all x € 2, (3)

and hence is a probability mass function on 2 —that is, is a non-negative function that sums to one.

The transition rate matrix ) models the dynamics of the system. Informally, the transition rate Q(x,y)
is to be understood as the rate of change—that is, the derivative—of the probability of going from a state x
to another state y in an infinitesimal time period. More formally, it is the given by the limit expression

T P(XA=y|Xo=2)—I(z,y)
Qz,y) = lim X

for all z,y € 27, (4)

where I is the identity matrix. It now follows from the laws of probability that the matrix @ is a transition
rate matrix: it has non-negative off-diagonal entries and rows that sum up to zero. Before we continue with
explaining the use of the transition rate matrix, we first need to introduce some notation and terminology
concerning matrices and more general—not necessarily linear—transformations.

2.4. Functions, transformations and norms

For any non-empty and finite set %', we let .Z(#') denote the set of all real-valued functions on #'.
An often-used type of functions in £ (%) are the probability mass functions, in this setting usually called
distributions: a non-negative real-valued function on % that sums up to one. We denote the subset of .Z(#)
that consists of all distributions by Z(%). A second often-used type of function in .Z (%) is the indicator of
some subset A C %, denoted by I4 and defined by I4(x) := 1 if x is an element of A and I 4(x) := 0 otherwise.
In order not to obfuscate the notation too much, for all z in &, we write [, instead of I;,;. Another
notational convenience that we will adopt is to implicitly identify any real number p with the corresponding
constant function. Finally, the inner product (-,-) on £ (%) is given by (f,g) = >_,co f(7)g(x) for all f, g
in Z(¥%).

In the setting of (imprecise) Markov chains, we often use transformations on £ (%): maps from 2 (%)
to Z(#'). Such a transformation M is non-negatively homogeneous if, for all f in Z(#') and X in R,
M(Af) = AM f. If furthermore M(f + g) > Mf + Mg for all f,g in £ (%), then M is super-additive;
M is called linear if this relation holds with equality instead of inequality. Note that if M is linear, then
M(Xf) = AM f for negative real numbers A as well. If we fix some ordering on the set %/, then we can identify
any linear transformation with a square matrix, the (z,y)-component of which is [M1,](x). Therefore, we
will use the terms matrix and linear transformation interchangeably. One example of a linear transformation
is the identity transformation (or matrix) I that we have already used in Eqn. , which maps any f in
L(¥) to itself: If = f. Another example are transition rate matrices such as the matrix @ defined in
Eqn. .

We end our discussion of transformations on .Z (%) with norms. We bestow .Z (%) with the maximum
norm:

IfIl == max|f| = max{|f(z)|: v € #} forall fin L(¥).
This norm on Z (%) induces a norm for non-negatively homogeneous transformations M: Z(¥) — L (¥):
[M]| = sup{[[M f[|: f € 2(Z),|f] =1}
Specifically, for any transition rate matrix R we have
|IR|| = 2max{—[RL,](z): z € ¥} = 2max{—R(x,x): x € ¥}. (5)
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2.5. Computing expectations

It is well-known—see for instance [12] [[9]—that for any ¢, s in R> such that ¢t < s, any u in Z«;, any x,,
in Zy, zin £ and f in £ (%),

E(f(Xs) | Xy =Ty, Xy = ’JJ) = [Ttsf](x)a (6)
with "
TP =790 = Jim (I + sn_tQ) ; (7)

where the n-th power is to be interpreted as n consecutive applications. It is then well-known—see for
instance [I9] Theorem 2.1.2]—that T is a transition matriz: it has non-negative entries and rows that sum
up to one.

Recall that our goal is to determine the expectation of functions on the state at any finite number of
time points instead of just a single time point; that is, expectations of the form E(f(Xy, X,) | Xu = @u)-
One well-known way to achieve this is to combine Eqn. (6)) with the law of iterated expectation. We refer
the interested reader to [I2] Section 9] or our summary i For future reference, however, we
here do explicitly mention that

E(f(Xy)) = (m0, T5.f)- (8)

3. Lumping and the lumped process

As we have just established, evaluating 7} f is essential when computing expectations for a homogeneous
Markov chain. Unsurprisingly, analytically evaluating the limit in Eqn. is often infeasible. Therefore, in
order to compute expectations we usually have to resort to one of the many available numerical methods—see
for example [23]—that approximate T7f. The problem is that these numerical methods turn out to be
computationally intractable when the state space becomes too large. This is especially unfortunate in
applications where Markov chains are used, because a system with practical relevance often results in a
model with a state space that is too large. We refer to [16] for one example of an application where the size
of the state space leads to tractability issues.

Fortunately, as we already mentioned in the Introduction, the state space 2 is often unnecessarily
detailed. Indeed, many interesting inferences can usually still be unambiguously defined using real-valued
functions on a less detailed state space that corresponds to a higher-order description of the system, denoted
by 2 . However, this provides no immediate solution as the rationale for using the detailed state space 2 in
the first place is that this allows one to accurately model the system using a Markov chain; see [9 [10] 16} 2T]
for practical examples. In contrast, the transition probabilities of the system with respect to the reduced state
space % —that is, (the dynamics of) the induced stochastic process—are often unknown and/or intractable
to obtain, which inhibits us from making exact inferences using the induced stochastic process. We will
determine the initial and transition probabilities of the lumped process in Section and address the
tractability issues by allowing for imprecision in Sections [5} [f] and [7]

3.1. Notation and terminology concerning lumping

We assume that the lumped state space I is obtained by lumping—sometimes called grouping or
aggregating, see [2, [3]—states in £, such that 1 < |2'| < |Z7|. This lumping is formalised by the surjective
lumping map A: X — 9:”, which maps every state z in 2 to a state A(z) = in 2 . In the remainder, we
will implicitly use the obvious extension of the lumping map A to tuples of states—that is, to the domain
Zw, where u is a sequence of time points. Using this (extended) lumping map, we define the inverse lumping
map A~': &y is mapped to A=Y (g) = 2y and, for any u in %, 2, in T, is mapped to

A HNE) = {2 € 2o May) = 30} = {20 € 20 (VE € u) A(y) = 34}
In order to lighten our notation, we will frequently shorten “z, € A=(%,)” to “z, € &,”.
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As far as our results are concerned, it does not matter in which way the states are lumped. Say we are
interested in E(f(X;)) for a given f in .Z(2") and ¢t in R>(. Then a naive choice is to lump together all
states that have the same image under f. However, this is not necessarily a good choice. One reason is that
the resulting lumped state space can become very small, for example when f is an indicator, resulting in
too much imprecision in the dynamics and/or the inference. Lumping-based methods therefore often let z
correspond to a natural higher-level description of the state of the system; see for example [9] [10] [16] for
some positive results. An extra benefit of this approach is that the resulting model can be used to determine
the expectation of multiple functions.

3.2. The lumped stochastic process

All of the necessary notation and tools have been introduced to define the lumped stochastic process. In
order not to unnecessarily complicate our exposition, we here restrict ourselves to an intuitive summarys;
for the fully formal definition, we refer the interested reader to Furthermore, we will here and
in the remainder limit ourselves to homogeneous Markov chains, while our formal definition of the lumped
stochastic process actually concerns general Markov chains. We have two reasons for doing so: (i) it is in line
with the historical interest in lumping, see for instance [2, 3, 9, 10} 2I] and Section [9} and (ii) almost all of
the Markov chains that arise when modelling practical problems are assumed to be homogeneous for the
sake of simplicity, see for instance [9] 10} [T6], 2T].

Recall from Section [2| that a stochastic process is characterised by its initial and transition probabilities.
For the lumped stochastic process, denoted by I:’,Athese probabilities are determined by the homogeneous
Markov chain P and the lumping map A: 2" — 2. More specifically, they follow from the relation

(Xu=au) & (Xy €20) = |J (Xu=m,) forall win % and &, in Z,. (9)

Ly ETay
First, we observe that it follows from this relation that, for any w in % and &, in 3}7“

P(X, =d,) =P(Xy €du) = Y P(Xu=u1u). (10)

Ty €ERy

The initial probabilities of the lumped stochastic process P are obtained by setting v = 0 in Eqn. :

P(Xo=d0) = » P(Xo=mz) forallioe 2. (11)

ToE€To

The transition probabilities P(X;ya = § | Xy = &4, X; = &)—with £, A in Rsq, u in e, &,§ in 2 and
&, in Z,—follow from Eqn. and Bayes’ rule, at least if the conditioning event (X'u = Ty, X, = Z) has
non-zero probability. In case the conditioning event has zero probability—that is, if P(Xu =iy, X, = z) =0—
the transition probability does not follow from Bayes’ rule. Hence, if there are conditioning events with
zero probability, “the” lumped stochastic process is not uniquely defined! Therefore, we need to speak
of a lumped stochastic process instead of the lumped stochastic process. From a technical point of view,
the non-uniqueness is a direct consequence of our formal definition of a lumped stochastic process—see
[Appendix Bl—because we use an extension of the Markov chain—or coherent conditional probability—P
to a coherent conditional probability on a larger domain, which need not be unique. That said, while the
transition probabilities conditional on events with probability zero need not be uniquely defined, this does
not mean that they can take any arbitrary value. For example, we show in that for all ¢, A in

R>o, u in %<, x,y in 27, x, in Z, and fin LX),

min B([f o Al(Xa) | Xo = 2) < E(f(Xiqn) | Xu = &4, Xy = &) < max E([f o A](Xa) | Xo = x) (12)

TET TET

3Here and in the remainder we use h o g to denote the composition of any two functions g and h, given by ho g: dom g —
range h:  — h(g(x)).



where E denotes the expectation with respect to a lumped stochastic process P. Setting f = I, it follows
from this inequality and the additivity of P that

chneigZP(XA =y|Xo=12) < P(Xpqpn =G| Xu =20, Xs = 2) < r;lea;cZP(XA =y|Xo=2). (13)

yEY YyEY

We emphasise here that the inequalities of Eqns. (12)) and hold for any conditioning event (Xu =
Ty, X, = Z), regardless of whether it has probability zero or not.

In [17], we circumvented the non-uniqueness due to conditioning on events with probability zero by a
priori limiting ourselves to homogeneous Markov chains with an irreducible transition rate matrix (Q—see
Section [7] further on for a definition—and positive initial distribution 7. In that case, as more thoroughly
explained in [24] Appendix D.1]—the appendix of the extended pre-print of [I7]—the lumped stochastic
process is uniquely defined because any conditioning event (X, = 2, X; = &) has non-zero probability.

Putting aside the issue of non-uniqueness for now, there is another, much more important issue that
we need to address: how can we describe the lumped stochastic process directly, without resorting to the
original process. It is precisely for this reason that the original interest in the lumping of a Markov chain
was limited to the case that the—or, more precisely, any—lumped stochastic process is again a homogeneous
Markov chain. As is essentially well-known, this is not necessarily the case. We will return to this specific
case in Section [J] further on; for now, we only mention that in order for a lumped stochastic process to again
be a homogeneous Markov chain, the original chain needs to satisfy a very restrictive condition.

This is a major setback because this means that in order to compute the transition probabilities of—or,
more generally, expectations with respect to—a lumped stochastic process P, we cannot simply determine a
lumped transition rate matrix Q and use the matrix exponential T, 7 that it generates according to Eqn. ;
instead, we have to explicitly determine the transition probabilities from the initial probability distribution
and transition probabilities of the original chain. In the setting of large-scale Markov chains, computing
the transition probabilities of the original chain is already intractable, and so explicitly determining the
transition probabilities of—or, more generally, expectations with respect to—a lumped stochastic process is
intractable as well! This is rather unfortunate, as it renders the whole lumping procedure useless at first
sight: since lumping does not yield more tractable computations, we might as well just stick with the original
Markov chain anyway.

The essential point of our contribution is that, while—in general—we cannot tractably determine (the
dynamics of) a lumped stochastic process P, we can consider a set of stochastic processes, not necessarily
homogeneous and/or Markovian but all with 2 as state space, that is fully characterised by mg, @ and A
and definitely contains any lumped stochastic process P. Crucially, it turns out that this set takes the form
of a so-called imprecise (continuous-time) Markov chain.

In the upcoming section, we explain how tight lower and upper bounds on the expectations that correspond
to this set of processes are relatively easy to obtain. In particular, they can be determined without having
to explicitly optimise over this set of processes, thus mitigating the need to actually construct it. Besides
computational tractability, another benefit of this approach is that we circumvent the uniqueness issue
because we can obtain conclusions about any lumped stochastic process P without having to explicitly
determine it entirely.

4. Imprecise Markov chains

For a formal definition of (continuous-time) imprecise Markov chains, and an extensive study of their
properties, we refer the reader to the work of Krak et al. [I2] and De Bock [13]. We here only present a brief
overview of the terminology, notation and results that are relevant in our setting.

4.1. Sets of consistent processes and lower expectations

In general, the main idea behind imprecise Markov chains is to consider a set of stochastic process
instead of a single stochastic process. In particular, Krak et al. [I2] focus on a set of processes that is fully
characterised by a non-empty set of initial distributions .#Z and a non-empty bounded set of transition
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rate matrices 2. More specifically, they collect in P% 2,4 all stochastic processes that are: (i) well-behaved,
a technical condition [12, Definition 4.4]; (ii) consistent with 2, in the sense that at all times the “outer
partial derivative of the history-dependent transition matrix” is contained in 2 [I2] Definition 6.1]; and (iii)
consistent with .#, in the sense that .# contains the initial distribution [I2 Definition 6.2].

Using this set PY .. of well-behaved and consistent stochastic processes, Krak et al. [12] define lower and
upper expectations as follows. For any non-empty set of initial distributions .# and non-empty bounded set
of transition rate matrices 2, they let

EY 4( 1) =mf{Ep(-|-): PEPY 4} and EJ 4(|)=sup{Ep(-|): PEPY 4}  (14)

where Ep denotes the expectation with respect to the process P. It is obvious from Eqn. that the lower
expectation E}; _w and the upper expectation EY@V“ 4 are conjugate, in the sense that

Eg,%(f(Xva) ‘ Xu = xu) = _Eg,//[(_f(Xva) | Xu = xu)a

with v in %, v in Z<minv, [ in L(Zuuw) and z,, in 2. Because of this conjugacy, it suffices to focus on
either one of them; we here focus on the lower expectation.

At first sight, it would seem that in order to execute the minimisation in Eqn. , we first have to
explicitly construct the set of consistent processes ]P’Y@V’ - Fortunately, Krak et al. [I2] show that this is
not the case. Instead, lower expectations can be computed using a non-linear semi-group that is generated
by a so-called lower transition rate operator. The analogy with the case of homogeneous Markov chains
is quite striking, as in that case expectations can be computed using a linear semi-group—the matrix
exponential—that is generated by the transition rate matrix.

4.2. Lower transition rate operators
Let us first focus on the generator of the non-linear semi-group that we will be using. For any non-empty
bounded set of transition rate matrices 2, this generator is given by the transformation @ 2" LX) —

LX) [ Q,f, where
@, fl(z) = inf{[Qf](z): Q € 2} forall fe X(Z),ze 2. (15)

This operator Q is called the lower envelope of 2. By [12, Proposition 7.5], we know that it is a lower
transition rate opemtor [12, Definition 7.2]: a super-additive and non-negatively homogeneous transformation
that has “non-negative off-diagonal entries”—in the sense that [@ ,I,|(z) > 0 if  # y—and “rows that sum
up to zero”—in the sense that ) _u = 0 for any constant function p. Note that transition rate matrices
are lower transition rate operators that are furthermore linear; hence, a lower transition rate operator is a
non-linear generalisation of a transition rate matrix.

Just like a set of lower transition rate matrices 2 defines a lower transition rate operator @ o any generic
lower transition rate operator R defines a corresponding set of dominating transition rate matrices

2r ={QeA(X): (Vf € Z(2)) Qf = Bf}, (16)

where (%) denotes the set of all transition rate matrices on £ (2"). As we will see in Proposition 1| further
on, the set 2 has some very nice properties. One of these properties is that is has separately specified rows,
which is defined as follows.

Definition 1 (Definition 7.3 in [I2]). A non-empty set of transition rate matrices 2 has separately specified
rows if for any collection {Q,}rc 2 in 2, there is a Q* in 2 such that

Q" (z,y) = Quz(z,y)  forallz,ye 2.

The following result establishes that the set of dominating rate matrices satisfies this as well as several
other convenient properties. It is one of our motivations for introducing the specific lumped lower transition
rate operator in Section [5.2] further on.

Proposition 1 (Propositions 7.6, 7.7 and 7.8 in [12]). Let R be a lower transition rate operator and 2g be
the corresponding set of dominating transition rate matrices. Then Zg is non-empty, bounded, closed and
convex. Furthermore, 2r has separately specified rows and R is the lower envelope of 2.
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4.8. Computing lower expectations

As we already hinted at in the introduction of Section the lower transition rate operator @ 5 isan
essential tool when computing lower (conditional) expectations for an imprecise Markov chain IP’Y@VV _w» much
like @ is essential when computing expectations for precise Markov chains; the following result establishes an
imprecise version of Eqn. (@

Proposition 2 (Corollary 8.3 in [12]). Let 4 be a non-empty set of initial distributions and 2 a non-empty
and bounded set of transition rate matrices that has separately specified rows. Then for any t,s in R>q¢ with
t<s,uin U, x in X, 2y in £y and f in (L),

EY 4(f(Xs)| Xu =20, Xy = 2) = [T} f](2) (17)
with N
—t

where the n-th power should be interpreted as n consecutive applications.

By [12] Theorem 7.12], we know that 1§, as defined in Eqn. , is a lower transition operator [12]
Definition 7.1]: a super-additive and non-negatively homogeneous transformation that dominates the minimum,
S0 a non-linear generalisation of a transition matrix. Important to mention here is that, at least in general,
it is infeasible if not impossible to determine I} f by analytically evaluating the limit in Eqn. , and
we therefore have to resort to an approximation method. In essence, this approximation method comes
down to (i) choosing a suitable sequence ¢y, ..., d, of—sufficiently small-—positive real numbers such that
> kh_10r = s—t; and (i) iteratively determining gp = (I +6,Q)gr—1 = gk—1 + 6xQgr—1 for k ranging from 1
to n with initial condition gg := f. This way, we end up with an approximation g, for T% f. We refer to [12]
Section 8.2] and [25] for a more thorough treatment of this approximation method, including procedures for
choosing 6y, ...,0, such that the error of the approximation is guaranteed to be smaller than some desired
maximal error.

It is an immediate consequence of Eqns. and that
EY 4(f(Xeya) | Xu =20, X = 2) = EY_4(f(Xepn) | X = 2) = EY_4(f(Xa) | Xo = 2).

The first equality is an imprecise version of the Markov property, while the second equality is an imprecise
version of the homogeneity property of a (precise) Markov chain. Therefore, Proposition [2| justifies calling
}P’g, _w & (homogeneous) imprecise Markov chain. Even more, the imprecise Markov chain ]P’7 _n lso satisfies
an imprecise version of the law of iterated expectation.

Proposition 3 (Theorem 6.5 in [12]). If 4 is a non-empty set of initial distributions and 2 a non-empty,
bounded and convex set of transition rate matrices, then for any u,v,w in % with maxu < minv and
max v < minw, z, in £, and f in L(Zuoeow),

Eg,///(f(xua Xme) | X, = xu) = Eg7//{(ﬂg7//{(f(XuaXU7Xw) | Xuax'u) | Xy = xu)

Propositions [2[ and [3| imply a practical method to compute lower expectations that is entirely similar to
the method for precise Markov chains outlined in [Appendix A.9} for a detailed explanation of how and why
this works, we refer to [12, Section 9.2] or our summary in |[Appendix C.2| This method is tractable as long
as the state space 2 is sufficiently small and either the number of time points in v is small—because the
number of computations is clearly exponential in |v|—or the function f is of a particular type.

5. The induced imprecise Markov chain

Now that we have established what imprecise Markov chains are, we are ready to consider the lumping
procedure from their point of view. More specifically, we set out to characterise an imprecise Markov chain
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that contains any lumped stochastic process corresponding to a given (precise) Markov chain. To that end,
we need to determine a set of initial distributions that contains the lumped initial probabilities and a set of
transition rate matrices that contains the “outer partial derivatives of the instantaneous transition matrix”
of any lumped stochastic process. Throughout this section, we let P be some homogeneous Markov chain
and A: 2 — % some lumping map.

5.1. The set of lumped initial probability distributions
We start with determining a suitable set of initial distributions. Recall from Eqn. that, for any
lumped stochastic process P,

=i)=) P(Xo=2)=) m(z) forallie 2,

TET TET

where the final equality holds due to the definition of the initial distribution 7. From this, it follows
immediately that the initial distribution of any lumped stochastic process P is the lumped initial distribution

A ¥ T 7o(Z Zwo (19)

TED

Hence, if we let M= {70}, then any lumped stochastic process P is consistent with //2; see Section

5.2. The set of lumped transition rate matrices

For the set transition rate matrices, we are looking for a set of transition rate matrices on £ (.2") that
contains the “outer partial derivative of the instantaneous transition matrix” of any lumped stochastic
process. We will not explicitly construct such a set of transition rate matrices; instead, we define a lower
transition rate operator and then consider the set of dominating transition rate matrices; see Section

We deliberately do not go into detail about what the “outer partial derivative of the instantaneous
transition matrix” of a lumped stochastic process p exactly is. For our present purposes, it suffices to
understand that we are interested in the rate of change of E(f(Xt+A) | X = &4, X; = #) for A going to 0;

the interested reader is referred to |[Appendix D| Using Eqn. , we show in [Appendix D|that there is a

lower bound for this rate of change that applies to any lumped stochastic process. Specifically, this lower
bound uses the transformation Q LX) = L(Z), defined for all fin .Z(2) and # in 2 as

(QA1(@) =mind 3" f@) Y Q@.y):w ey =min{[Q(f o A))(2): @ € 7. (20)

N ge#  vei
We call Q the lumped lower transition rate operator because of the following straightforward result.

Proposition 4. Let Q be a transition rate matriz and A: 2" — Z a lumping map. Then the corresponding
transformation Q is a lower transition rate operator.

Important to mention here is that in case the lumped state space corresponds to some higher-order state
description, we often find that executing the optimisation in Eqn. is fairly straightforward—that is,
reduces to computing the minimum over a very small (in our examples as low as two to four) number of
cases—as is for instance observed in [I5] [I6] and Section [§] further on. In fact, a numerical implementation of
Q usually does not require an explicit construction of the original transition rate matrix Q.

Because the lumped lower transition rate operator Q is a lower transition rate operator, we know from
Section that it induces a set of dominating transition rate matrices. In the current setting, we call this
set the set of lumped transition rate matrices

2={Qea@): (vf e 2(%)) Qf = Qf}. (21)

where Z(2) denotes the set of all transition rate matrices on Z(2). The following result is now an
immediate corollary of Propositions [T] and [4]

10



Corollary 5. Let Q be a transition rate matriz and A: 2 — 2 a lumping map. The associated set 9 of
lumped transition rate matrices is non-empty, bounded, closed and convexr. Furthermore, it has separately
specified rows and its lower envelope is Q, in the sense that QQ =Q.

5.83. The imprecise lumped Markov chain

With some more work, we can furthermore prove that any lumped stochastic process Pis well-behaved;
see Section [I.1] The exact statements and proofs of the relevant results are rather technical and do not
immediately contribute to a better understanding of the main text, which is why we have relegated these to
Nonetheless, we now know that any lumped stochastic process is well-behaved and consistent
with .# and 2. Therefore, we immediately obtain the following result.

Theorem 6. Consider a homogeneous Markov chain P and a lumping map A: X — Z. Then any

corresponding lumped stochastic process P is contained in PW .4

We consider Theorem |§| to be one of our main contributions, as it establishes that we can use all of the
results from the theory of imprecise Markov chains to determine bounds on (conditional) expectations with
respect to any lumped stochastic process. At present—at least to the best of our knowledge—this is limited
to lower and upper expectations of functions that depend on the state at a finite number of time points.
However, if the theory of imprecise Markov chains were to be extended to more general inferences—for
instance to lower and upper conditional expectations of functions that depend on the state at an infinite
number of future time points—then this result will immediately allow us to obtain bounds for these more
general inferences with respect to any lumped process. With our present knowledge, however, we are limited
to inferences of the following type.

Corollary 7. Consider a homogeneous Markov chain P, a lumping map A: 2" — Z and a _corresponding
lumped stochastic process P. Then for allw in % , v in %y with maxu < minv, I, n ﬁt” and f mn ,,Sf(%uul,)

~ ~ ~ R A A A ~ ~ . —W A A ~ ~ R
Eig7//i(f(Xu7Xv) | Xu = zu) S E(f(XuaXv) | Xu = xu) S Eﬁ,/j(f(XqLaXv) | Xu = xu)7

where E denotes expectation—in the usual sense—with respect to the lumped stochastic process P.

The benefit of this result is that it mitigates the need to explicitly determine the lumped transition
probabilities; instead—as explained in Section We can use the semi-group T generated by Q instead.
This is especially useful in case the size of the orlglnal state space 2 makes computlng T7 f infeasible, but
the size of the lumped state space Z s significantly smaller so that computing TS f is feasible. In this case,
our results allow us to obtain guaranteed bounds on an inference that we could not compute otherwise!

6. Bounding expectations

Corollary [7] allows us to bound expectations with respect to any lumped process. However, we are actually
interested in (bounding) expectations with respect to the original Markov chain, and it is not immediately
clear how one can use Corollary [7] to do this. In this section, we nevertheless set out to use the lumped
imprecise Markov chain to determine bounds on expectations with respect to the original Markov chain.

One problem is that the expectations with respect to the original Markov chain are for real-valued
functions on %, while the expectations with respect to the lumped imprecise Markov chain are for real-
valued functions on f%}u Therefore, we need a way to reduce real-valued functions on %2, to real-valued
functions on 2. Fix some u in %4. The sole functions f in .2(2;,) for which this reduction is obvious
are those that are constant on the lumps, in the sense that for all &, in %, f(zy) = f(yu) for all z,,y, in
A~1(2,). Clearly, this is equivalent to the existence of a real-valued function f on %, such that f= f oA.
If such a function f in & (3&” ) exists, then the real-valued function f on %, is called lumpable with respect
to A. The reduction of a non-lumpable function f to Z., is not unequivocally defined. In the remainder, we
will make extensive use of the following two reductions:

fL: Lo =R Gy — min{ f(x,): z, € &,} and fU: Lo =R Gy — max{f(xy): Ty € Ty}
11



These two reductions are generalised versions of the reductions defined by Franceschinis and Muntz [9, p. 232];
they clearly provide bounds on the original function:

fLoA< f< fuoA. (22)
Using Eqn. and after some additional work, we establish the following result.

Theorem 8. Consider a homogeneous Markov chain P and a lumping map A: Z~ — 2. Then for all w in
U, v in U with maxu < minv, T, in Xy, and [ in L(Zuow),

Ey (fu(Xu, X)) | Xu = #0) < B(f(Xu, Xo) | Xu = 70) < ES 4(fo(Xu X)) | Xy =), (23)

where &, = A(z,,).

Theorem [§] is similar to Corollary [7, but it is more useful as it provides bounds on the (conditional)
expectation with respect to the original Markov chain—instead of with respect to a lumped stochastic
process—of a real-valued function that depends on the state at any finite number of time points. As the
lower and upper bounds of Theorem [§] are exactly the same as those of Corollary [7] the remarks we made
earlier—right after Corollary [7|—about the tractability of the computations needed to determine these bounds
are applicable here as well.

We repeat here that our sole reason for limiting ourselves to functions that depend on a finite number of
future time points in Theorem [8] is that, for now, this is the most general type of inference that can be dealt
with using the framework of imprecise (continuous-time) Markov chains [I2]. A possible alternative for the
reader that is interested in more general inferences is the work of Katoen et al. [I1], who also use lumping
but follow a different approach that enables them to compute bounds on several specific types of inferences,
including some that depend on an infinite number of future time points.

7. Bounding limit expectations

In many practical applications, see for instance [I5] 211 22], the Markov chain model of the system is used
to determine the limit expectation lim;_, o, E(f(X¢)) of some real-valued function f on £ . Under some
conditions on the transition rate matrix (—ergodicity, see Section further on—this limit expectation
lim; 4o E(f(X})) does not depend on the initial distribution 7y of the Markov chain. In other applications—
for instance those treated in [9, [10, 16]—one is interested in the long-term temporal average of f(X;):

. 1 /¢ L,
Jim = /0 ! Wdt

Under a slightly more stringent condition on the transition rate matrix @—irreducibility, see for instance
[19, Theorem 3.8.1]—this long-term temporal average is (almost surely) equal to the limit expectation
lim; 4o E(f(X})), which then again does not depend on the initial distribution 7y of the Markov chain.
Clearly, methods to efficiently determine the limit expectation are therefore of tremendous practical interest.

There are plenty of methods available to determine the limit expectation; we refer to [26, Section 10]
for an overview. However, it is well-known—see [9, [I0, [I6]—that these methods to precisely determine the
limit expectation become computationally intractable for Markov chains with large state spaces. In this
section, we therefore set out to obtain bounds on the limit expectation using the lumped lower transition rate
operator Q Our hope is that, if the lumped state space is sufficiently small, these bounds can be tractably
computed. If this is the case, then we can bound inferences that we could not tractably compute using

4Note that in our current framework, the expectation of this inference cannot be expressed because it depends on the state
at an infinite number of time points. This is not a problem, however, because we can always extend the domain of the coherent
conditional probability P so that the expectation is well-defined. Furthermore, in the classical framework this turns out to be
almost surely equal to the limit expectation, which is well-defined in our framework.
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the precise methods for the original Markov chain. We refer to Sections and further on for more
arguments regarding the tractability of the relevant methods.

We here consider two well-known methods to determine the limit expectation precisely. More specifically,
we argue how these methods can be made computationally tractable again using the lumped transition rate
operator Q at the cost of imprecision—provided of course that Q f can be evaluated much more efficiently
than Qf. First, however, we start with some general theory concerning ergodic Markov chains.

7.1. Ergodicity and irreducibility

Essential to the study of limit expectations and long-term temporal averages are the concepts of ergodicity
and irreducibility. These two terms are not always used in the same sense by all authors; we here adhere to
the use of Norris [I9] and Tornambe [27].

Definition 2 (Definition 4.17 in [27]). A transition rate matrix @ is ergodic if there is a distribution 7 on
£ such that, for all f in Z(2) and 7y in 2(2), limi— 400 (0, TE ) = (Moo, f)-

We call the distribution 7, corresponding to an ergodic transition rate matrix @ the limit distribution.
The reason for this name is that if @ is the transition rate matrix of a homogeneous Markov chain P, then
. _ . t _
t_l}+moo E(f(Xy)) = t_l}+moo<7ro,T0f> = (Toos f) for all f € Z(2),
where the first equality follows from Eqn. . It is well-known—see for example [27, Theorem 4.12]—that if

the transition rate matrix @ is ergodic, then the corresponding limit distribution 7, is the unique distribution
that satisfies the equilibrium condition

(Vye2) > mool@)Q(a,y) =0. (24)

e

Many equivalent necessary and sufficient conditions for ergodicity exist; see for instance [19, Theorem 3.2.1].
The following is the one that is arguably the most easy to check for a given transition rate matrix. It is based
on the accessibility relation - ~» -. We say that a state x is accessible from a state y, denoted by y ~» x, if
there is a sequence y = g, 21 ..., 2, = x in 2 such that Q(z;_1,2;) > 0 for all ¢ in {1,...,n}. Note that
any state z is always accessible from itself because the sequence © = zg = z, = x (with n = 0) trivially
satisfies this condition.

Proposition 9. A transition rate matrix Q is ergodic if and only if
Fop ={r € X (Vye X) y~ a} #0.

A transition rate matrix @ is said to be irreducible if Ziop = Z; see for instance [19, Sections 1.2 and
3.2]. Most authors limit themselves to irreducible instead of the more general ergodic transition rate matrices
whenever they are interested in limit expectations. Their reason for doing so is the following result, which
states that as far as the limit expectation is concerned, one can limit the state space to the top class Ziop.

Proposition 10. Let Q be an ergodic transition rate matriz. Then the matriz Q' on L (Ziop), defined by

Q' (z,y) = Q(x,y) for all x,y in Ziop,

is an irreducible transition rate matriz. Furthermore, for all f in L(Z), (Teo, [} = (7, f'), where 7l is
the limit distribution of Q' and f’ is the restriction of f to Ziop-

Observe that in order to use this result, one has to explicitly determine the top class. If this top class can
be easily obtained, then reducing the state space to this top class makes sense because it will speed up all
methods to determine the limit expectation (7, f). However, this is not always the case, as it might occur
that checking that the top class is non-empty is straightforward, while explicitly determining the top class is
not. Therefore, in the remainder, we will not a priori limit ourselves to irreducible transition rate matrices
but will always consider general ergodic ones.
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7.2. Bounding limit expectations iteratively

The first method we consider is based on a link between Markov chains in discrete and continuous time.
Here, we are especially interested in the fact that (I + 0Q) is a transition matrix—at least under suitable
conditions on 4. It is essentially well-known that (I 4+ Q) is ergodic if @ is ergodic, and that both have the
same limit distribution. The following result establishes these links in the form that we will need them.

Proposition 11. If Q is an ergodic transition rate matriz, then for all f in L(Z), 0 in Rso with §]|Q] < 2,
and n in Ny,
min(f + Q)" f < (Too, f) < max(I +5Q)" f.

Furthermore, the lower and upper bounds in this expression become monotonously tighter with increasing n,
and converge to (T, ) as n approaches +oo.

Note that the step size § in Proposition [11]is only required to be sufficiently small such that §]|Q| < 2.
Empirically, we observe that the convergence of the bounds is faster—in the sense that we need smaller
n—ifor larger values of §.

Note, however, that if the size of the original state space is too large, then the bounds in Proposition
cannot be tractably computed. One way to make the computations tractable is to “replace” the transition
rate matrix Q with the lumped lower transition rate operator Q and its conjugate

Q: L(E) = L(D): f=Qf =-Q(=]).

The following result establishes that this replacement is allowed.

Theorem 12. Consider an ergodic transition rate matriz Q and a lumping map A: X — % . Then for all
fin L(Z), § in Rsg with 6||Q| < 2, and n in Ny,

min(I +6Q)" fi, < (mec, f) < max(I +6Q)" fu.

Moreover, for fized §, the lower and upper bounds in this expression become monotonously tighter with
increasing n, and each converges to a—possibly different—Ilimit as n approaches +oco. If Q is furthermore
irreducible, (I + 6@)”fL and (I + 5@)”]% both converge to a—possibly different—constant function as n
approaches +0o.

Theorem [12] naturally suggests an iterative method to determine guaranteed bounds on the limit
expectation (7o, f). For the lower bound, one simply needs to (i) choose a step size ¢ such that §||Q|| < 2; (ii)
iteratively compute g; = (I —|—5Q) gi—1 with initial condition go := f1.; and (iii) stop after n iterations if min g, —
or in case @ is irreducible, g,—has empirically converged; the lower bound is then min(7 4+ 6@)” fL = min g,.
As a consequence of the conjugacy of ), the upper bound can be iteratively obtained by applying the Iterative

scheme for the lower bound with initial condition gg := — fU; the upper bound is then max (I + 6Q)" fU =
—ming, = —min( + 6@)”g0. Empirically, we observe that larger step sizes ¢ result in faster convergence,
in the sense that less iterations are required. The influence of the step size § on the tightness of the bounds
is something that we have not properly investigated yet. Our limited experiments suggest that a smaller step
size ¢ results in tighter bounds, although after some threshold—that depends on the specific model being
used and that can be rather large—the tightness does not seem to change any more.

7.8. Bounding limit expectations with a linear program

Another popular method to determine the limit expectation (7, f) is to first determine the limit
distribution 7 and then compute the inner product directly. Recall from Section that 7. is the unique
distribution that satisfies the equilibrium condition, so—in theory—we can determine it by explicitly solving
Eqn. , see for instance [26], Section 10.2]. Unfortunately, if the state space 2~ is large then solving the
resulting linear system of | 2’| equations becomes computationally infeasible. Therefore, we here combine the
equilibrium condition for several different states y; subsequent manipulation of the resulting expressions then
allows us to establish the following result.
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Theorem 13. Consider an ergodic transition rate matrix Q@ and a lumping map A: £ — 2. Then for all
AcCP %)I(mdf in L(X),

min{ (7, fL): 7 € D3} < (Toor [) < max{(#, fu): 7 € P}

with
2 ={re€ %) VAe A) (x,QL;) <0}

It might not immediately look like it, but closer inspection shows us that the two optimisations in the
expression above are in fact straightforward linear programs. The variables of these linear programs are the
components of 7. Since 7 is a distribution on 2, there are |2 | variables and already |2| + 1 constraints:

#(2) > 0 for all Z in 2" and Y seq T(2) = 1. Some \A| additional constraints are induced by the requirement

that 7 is an element of & ;: for all Ain A, (7 Q]I ) <

An obvious issue when applying the method of Theorem E is how to choose the collection of subsets A.
First and foremost, as Q is a lower transition rate operator, Qly = 0 and Q]I = 0. Therefore, the condition

(7, QL) <0

is always satisfied if A is equal to () or 2. Knowing this, one obvious choice is A = P(2)\ {0, 2},
which leads to a linear program with | 2| + 2/ — 1 distinct constraints. As the number of constraints
scales exponentially with the number of lumped states, this becomes computationally intractable if the
lumped state space Z is large. An obvious alternative choice is to consider the collection of all singletons:
A= {{#}: # € 2}. This choice results in 2|2 | 4+ 1 distinct constraints for the linear program, which is
certainly tractable. From an implementation point of view, it makes sense to also add the complements of the
5ing1etonb to the collection A. The reason for this is that the functions I e need not be explicitly constructed
because Q]IAC = Q(—HA) 3]2°| + 1 constraints.
The tractability of this choice for a smaller collectlon A can come at the cost of reduced tightness of the
resulting bounds compared to using the power set, because the set & 4 is less constrained and hence can be
larger. This trade-off between tractability and tightness is something that we leave for future research.

8. Numerical assessment

We leave the numerical assessment of Theorem [8 for future work. Our main reason for this is that the
performance of this method is tied to the performance of the method used to approximate if f, and this
would lead us too far astray. For a preliminary study of the performance of some methods to approximate
ff f, we refer to [25]. We here fully focus on bounding limit expectations: we compare the methods implied
by Theorem [12|and [13| with the methods of Franceschinis and Muntz [9] and Buchholz [10] in Sections
and consider the large-scale tractability of our methods in Section

8.1. A closed queueing network

Following Franceschinis and Muntz [9] and Buchholz [10], we test our methods on the closed queueing
network depicted in Figure[l}] This closed queueing network is populated by N customers and consists of
a single server, denoted by Sp, in series with K parallel servers, denoted by Sy, ..., Sk. In order not to
unnecessarily complicate our exposition, we will assume that K is even. As is clear from Figure [1] the
customers alternatingly visit the server Sy and one of the parallel servers Sy, ..., Sk.

One obvious way to describe this closed queueing network is to use states of the form (4,41, ...,ix), where
1 is the number of customers in the single server and iy is the number of customers in the k-th parallel server.
This state description yields the state space

K
X = {(i,il,...,iK) €{0,1,.. NMF i Y, :N}.

5Here and in the remainder, we denote the power set of the set S by P(S).
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Figure 1: The closed queueing network

As a reduced, higher-order state description, Franceschinis and Muntz [9] propose to use (i, jo, . - ., jn ), where
i is again the number of customers in the single server and j; is the number of parallel servers that have ¢
customers. This yields the lumped state space

N N
X = {(i,jm...,jN)6{0,1,...,N}><{0,1,...,K}N+1:i+2njn:N,Zjn:K}.
n=1 n=0

The lumped state space Z s significantly smaller than the original state space 2, as is clear from the
number of states and lumps reported in [9, Table 3] and Table

We are interested in two performance measures for the first server Sy of the queueing network: (i) the
population—or, in the words of [Franceschinis and Muntz, the mean queue length— of this server (POP),
which is the limit expectation of the lumpable function

f: 2 = R: (iyiv,... ig) — i, with f: 2 = R: (i,jo,...,jn) — i
and (ii) the throughput at this server (TP), which is the limit expectation of the lumpable function

g ifi <N,

0 otherwise,

: 2 =R (4,01, ,0K)
g (i ix) { 0 otherwise,

. if i < N
with@:%—)R:(i7j0,...7jN)»—>{M o<,

where p is the rate of the distribution of the service time of Sg.

8.2. Fxponential service time

Franceschinis and Muntz [9] assume that the single server Sy has a service time that is exponentially
distributed with rate y—or equivalently, mean service time 1/u. After its service in server Sy has completed, a
customer randomly joins the queue of one of the parallel servers Sq, ..., Sk, and for the sake of simplicity each
choice is assumed to be equally probable. The parallel servers also have a service time that is exponentially
distributed: half of the parallel servers have rate A\; and the other half have rate Ay, with A\; < A3. Note
that due to symmetry, without loss of generality, we may assume that S{, ..., S K have rate A\; and the
remaining servers have rate Ao Under these assumptions, we can model the system as a homogeneous Markov
chain with state space 2", but the lumped state space Z is not sufficiently detailed to allow a homogeneous
Markov chain model.

The lumping map A that models the relation between these two state descriptions is easily obtained.
Hence, we obtain the lumped lower transition rate operator Q according to Eqn. . In this case, it turns
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out that the minimisation reduces to

N
(f(l_ 17j07"'7jn71ajn +17]n+1 7]N) _f(lﬂj()?)jN))

n=1

[Qf(, jos- -+ jn) =

=zl=

+ Z )‘;z(f(l+ 1aj0a-~-ajn—1ajn - lvjn-‘rl "'7jN) - f(i7j0a-' '7jN))a (25)
neN

where the first summation is only present in case 7 > 0. In this expression, A is the set of all indices n such
that j, > 0. The rates A/, are equal to either A\; or Aa. One has to choose their values in such a way that the
resulting value of the expression in Eqn. is minimised, under the condition that at most K/2 can have
value A\; and at most K /2 can have value \;.

Table 1: Comparison of the bounds obtained by using Theorems and with those obtained by the method presented in [9]
Section 3.2]. Model parameters: K =4, N =5, u =1, A\; = 1, A2 = 1.01. Computation parameters: A; consists of all the
singletons, A2 consists of all the singletons and their complements.

Theorem Theorem
[9] Table 2] §=1.8/]Ql §=0.9/]Ql Ay A
Exact Lower Upper Lower Upper Lower Upper Lower Upper Lower Upper

POP 3.7262 3.6141 3.7493 3.7195 3.7336 3.7195 3.7336 3.6162 3.7487 3.7113 3.7414
TP 0.9828 0.9676 0.9835 0.9825 0.9831 0.9825 0.9831 0.9679 0.9835 0.9823 0.9834

Franceschinis and Muntz [9] compute bounds on the performance measures for the closed queueing
network with K = 4 parallel servers and N = 5 customers. These parameters yield a state space 2 with
126 states and a lumped state space 2 with 18 states. For the service time distributions, they use the
parameters g = 1, Ay = 1 and A2 = 1.01. In Table[l] we report bounds on the performance measures that we
obtain with the two methods based on Theorems [12[ and Note that |[Franceschinis and Muntz| actually
report the limit expectation of N — ¢ instead of that of ¢ in [0, Table 2], but we have transformed their
bounds to correspond to our setting.

For all cases reported in Table |1} our bounds are tighter than those of Franceschinis and Muntz [9].
Furthermore, the bounds obtained with the iterative method based on Theorem [12] are tighter than those
obtained with the linear programming method based on Theorem For the method based on Theorem
the obtain bounds are the same—at least up to the reported precision—for both choices of step sizes. We
observed that in this case, halving the step size results in a doubling of the number of iterations required
to reach empirical convergence. For the method based on Theorem the obtained bounds are noticeably
tighter if we use the collection A, that consists of all singletons and their complements instead of the
collection A; that consists of only the singletons. We have chosen not to use the power set as collection

because we believe that adding 21Z1 — 2 = 65534 constraints on 18 variables is a bit excessive.

8.3. Erlang-2 serivce time

Buchholz [I0] considers a slightly changed version of the closed queueing network: instead of assuming
that the service time of Sy is exponentially distributed, he assumes an Erlang-2 distribution with mean service
time 1/p. This assumption still allows for a homogeneous Markov chain model, be it that the component
i is replaced by two components in both the full state description and the lumped state description. The
lumped lower transition rate operator Q obtained with Eqn. reduces to an expression similar to that of
Eqn. .

Buchholz [I0] considers several combinations of the number of parallel servers K and the number of
customers N. For the service time distributions, he uses the parameters y =15, A\ =1 and Ay = 1+ ¢, with ¢
equal to 0.1 or 0.01. In Table [I} we report bounds on the throughput, obtained with the two methods based
on Theorems [12] and [I3] and compare those with the bounds obtained by [Buchholzl First and foremost, we
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Table 2: Comparison of the bounds obtained on the throughput by using Theorems and with those obtained by the
method presented in [I0} Section 4]. Model parameters: p =5, A1 =1, A2 = A1 + e. Computation parameters: A; consists of

all the singletons, Ag consists of all the singletons and their complements.

Theorem Theorem

[10] Figure 3]  0=18/|Q]  §=0.9/(Q] Ay A,
K N |2 |3£> | Exact Lower Upper Lower Upper Lower Upper Lower Upper Lower Upper
e=0.1
4 6 336 45  2.611  2.509 2.730  2.529 2.713  2.531 2.713 1.928  3.181 2.401 2.820
4 8 825 91 2.892 2.784 3.028 2813 3.003 2.814  3.003 1.982 3.633 2.582 3.171
4 10 1716 165 3.090 2.973 3.239  3.012 3.207  3.014  3.207  2.002 3.961 2.670  3.435
6 8 4719 108 3.486  3.365 3.624  3.382 3.613 3.383  3.613 2.068  4.188 3.069  3.846
6 10 13013 215 3.802 3.675 3.984 3.707 3.930 3.708  3.930 2.083 4.515 3.191 4.244
8 10 68068 232 4.202 4.087 4.327 4.103 4.320 4.104 4.320 2.111 4.736 3.542  4.595
e =0.01
4 6 336 45 2.520  2.509 2.532 2.511 2.530  2.511 2.530 2.428  2.591 2.500  2.541
4 8 825 91 2.793 2780 2.806 2.784  2.803 2.784 2.803 2.655 2.894  2.764  2.821
4 10 1716 165 2.984 2.971 2998 2975 2.995 2.976 2.995 2.802 3.116 2.948  3.020
6 8 4719 108 3.378  3.365 3.392 3.367  3.391 3.367  3.391 3.121 3.488 3.340  3.416
6 10 13013 215 3.689 3.675 3.704  3.678 3.702 3.678  3.702 3.336  3.821 3.639  3.738
8 10 68068 232 4.100 4.087 4.113 4.088 4.113 4.088 4.113 3.609  4.213 4.047 4.151

observe that the bounds obtained with the iterative method based on Theorem [12] are tighter than those
obtained with the method of Buchholz [I0], which in turn are tighter than those obtained with the linear
programming method based on Theorem [I3} hence, as was also the case in Section 8.1} our iterative method
outperforms the linear programming method. Second, we observe that halving the step size ¢ in the iterative
method does increase the tightness of the bounds, be it only marginally. Adding the complements to the
collection A in the linear programming method clearly results in tighter bounds, as was also the case in
Section

We end with two caveats. First, we have also conducted experiments for the population. However, the
exact values we obtain for the population do not lie in the intervals reported in [I0, Fig. 3]. We have not
managed to clear out whether this is due to an error on our part or not. Since this prevents a proper
comparison of our bounds with those reported in [10, Fig. 3], we have chosen not to report any bounds on
the population. Second, [Buchholz] mentions in [10, Section 5.3] that he assumes “service rates between 1.0
and 1.0 + €¢”, but it is unclear to us if he additionally assumes that half of the servers have rate 1.0 and
the other half of the servers have rate 1.0 + €. If he does not make this additional assumption, his bounds
hold for the more general setting that the transition rate matrix @ is only known to belong to some set
of transition rate matrices. Our methods can be adapted to this more general setting as well, in a similar
fashion to the approach followed in [16], but we leave this for future work. We here only mention that this
yields a lumped lower transition rate operator Q that is very similar to that of Eqn. ; it turns out that
the A/ ’s can all be independently optimised without taking into account the restrictions on how many of
them can take the value A1 or As.

8.4. Large-scale tractability

We have chosen to limit the scenarios for our numerical experiments to those scenarios that were also
considered by Franceschinis and Muntz [9] and Buchholz [I0]. Our reason for this is two-fold. First, this
allows us to compare our bounds with the exact result. Second, this allow us to compare our bounds with
those obtained by Franceschinis and Muntz [9] and Buchholz [I0] without needing to implement their methods
ourselves. As we have previously argued, our experiments seem to suggest that our bounds—or at least those
obtained using the iterative approximation method—are tighter than those obtained by the existing methods.
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As the precise value of the relevant limit expectations can still be tractably computed, these scenarios
do not correspond to the intended range of applications. We leave a thorough study of the tractability for
large-scale Markov chains, as well as a comparison with the scalability of the existing methods, for future
work. However, this does not mean that we are oblivious to the scalability of our methods. Quite the
contrary, we have previously studied the tractability of our iterative approximation method for large-scale
Markov chains in [16], where we used the iterative approximation method based on Theorem [12]to compute
(bounds on) performance measures of a specific telecommunication system. The largest Markov chain model
that we consider there has 1221 759 states, which gets reduced to 35301 states for the lumped imprecise
Markov chain. For that large-scale model, the precise methods turn out to be computationally infeasible,
while the computations for our iterative approximation method are still tractable.

9. Lumpability

Until now, our sole objective has been to use the lumped imprecise Markov chain to determine bounds
on expectations with respect to the original Markov chain. Recall from the Introduction that this is only
a secondary setting in which the lumping of Markov chains has been previously studied. In this section,
we briefly return to the original setting of lumping in Markov chains, and ask ourselves the question if the
lumped process is again a homogeneous Markov chain. Crucial to this question is the concept of lumpability.

Definition 3. The transition rate matrix @ is lumpable with respect to the lumping map A: 2" — it
there is a @ in Z(Z") such that

(Vi,je Z)Veed) Y Qz,y) = Q& 7). (26)

Burke and Rosenblatt| consider homogeneous Markov chains and prove in [2, Theorem 4] that lumpability
of the transition rate matrix is necessary and sufficient for the lumped stochastic process to be a Markov
chain, regardless of the initial distribution. In [3, Theorem 2.4], [Ball and Yeo| establish that if the original
homogeneous Markov chain has a denumerable state space and is irreducible, then lumpability of the
transition rate matrix is also a necessary and sufficient condition for the lumped stochastic process to be a
homogeneous Markov chain.

Since lumpability is clearly a strong property, we expect that our previous results can be simplified under
the condition that it holds. First and foremost, we have the following obvious result.

Proposition 14. Consider a transition rate matriz Q and lumping map A: 2~ — % . Then Q is lumpable
with respect to A if and only if Q is linear, or equivalently, if and only if 2 is a singleton. In this case,

9= {Q} and Q = Q, where Q is the unique transition rate matriz that satisfies Eqn. .
We combine Proposition [I4] with Theorem [f] to immediately obtain the following very strong result.

Corollary 15. Consider a homogeneous Markov chain P with transition rate matriz Q, and a lumping
map A: Z* — Z. If Q is lumpable with respect to A, then the lumped stochastic process P is uniquely
defined and equal to the homogeneous Markov chain characterised by the lumped initial distribution Tty and
the transition rate matrix Q

Note that Corollary [15]is similar to [2, Theorem 4], although it only provides the sufficiency and not the
necessity of the lumpability condition. However, if we follow the strategy that |Burke and Rosenblatt| use in
the proof of [2, Theorem 4], then we also obtain the necessity of the condition, at least if—like Burke and
Rosenblatt| in [2, Theorem 4]—we demand that the lumped stochastic process is a homogeneous Markov
chain for any initial distribution.

For our present purposes, what is particularly interesting about the above results, is that we can specialise
the results of Sections [6] and [7]if combine them with Proposition [14] and/or Corollary We limit ourselves
to lumpable functions because this allows for more elegant statements. Our first result is then a specialisation
of Theorem [§] that is useful in the same setting, and follows almost immediately from Corollary [T5}
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Corollary 16. Consider a homogeneous Markov chain P with transition rate matriz Q, and a lumping
map N: & — 2. If Q is lumpable with respect to A, then for all w in % , v in %y with maxu < minw, o,
in Z, and all lumpable f in L(Zuw),

E(f(Xu;Xv) | Xu = xu) = E(f(Xu7Xv) | Xu = i:u);

with T, = A(zy,) and where E denotes the expectation with respect to the lumped homogeneous Markov
chain P.

We now turn to specialising the results of Section [7} While we could simply combine Theorems [I2] and
with Corollary [15] the following result makes more sense.

Theorem 17. Consider an ergodic transition rate matriz Q and a lumping map A. If Q is lumpable with
respect to A, then Q is ergodic. Furthermore, for any lumpable f in L(Z),

<7Too7 f> = <7AToo7 f>7
where T denotes the limit distribution of Q

The reason why Theorem [17]is more sensible than simply specialising Theorems [12] and [13]is that we
can use any of the standard methods to determine the limit expectation (7, f), instead of only our two
(approximate) methods.

10. Conclusions

Broadly speaking, we can conclude that imprecise Markov chains are not only a robust uncertainty
model—as they were originally intended to be—but also a useful computational tool for determining bounds
on inferences for large-scale homogeneous (continuous-time) Markov chains. More concretely, we have shown
that lumping states in a homogeneous Markov chain inevitably introduces imprecision, in the sense that—in
general—we cannot exactly determine the transition probabilities of the lumped stochastic process without
also explicitly determining the transition probabilities of the original Markov chain. However, we can easily
characterise a set of processes that definitely contains the lumped process, in the form of an imprecise Markov
chain. Using this imprecise Markov chain, we can then determine guaranteed lower and upper bounds on the
(conditional) expectation—with respect to the original Markov chain—of a real-valued function on the state
of the system at any finite number of time points. Furthermore, we also presented two methods to bound the
limit expectations of ergodic Markov chains. From a practical point of view, these results are essential tools
in cases where state space explosion occurs: they allow us to determine guaranteed lower and upper bounds
on inferences that we otherwise could not determine at all!

Regarding future work, we envision the following. For starters, a more thorough numerical assessment
of the methods outlined in Sections [f] and is necessary. Furthermore, we believe that almost all of our
result can be adapted to the setting of discrete-time Markov chains. Moreover, Theorems [12| and [13| can also
be quite easily extended to the setting in which we are interested in the limit expectation associated with
some ergodic homogeneous Markov chain P, but where we only know that its transition rate matrix @ is
contained in some non-empty and bounded set of (ergodic) transition rate matrices. Finally, it would be of
theoretical as well as practical interest to determine bounds on the (conditional) expectation of functions
that depend on the state at infinitely many time points.
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Appendix A. Extra material for Section

Recall from Section [2:3] that we can consider stochastic processes in two frameworks: the classical

framework of measure-theoretic probability and the slightly less standard framework of coherent conditional
probability. For the former, we refer to [20, Section 1.1] and references therein. Since the latter is the
approach that is introduced and followed by Krak et al. [12], it will also be the approach that we will follow
here. We therefore briefly recall the notation, terminology and results from [I2] Sections 4 and 5] that we will
need in the remainder: we discuss coherent conditional probabilities in explain how stochastic
processes are coherent conditional probabilities with a specific domain in and treat the special

case of (homogeneous) Markov chains in |[Appendix A.3
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Appendiz A.1. Coherent conditional probabilities

Fix some non-empty set S called the outcome space. For this outcome space S, we let &(S) denote the
set of all events—that is, the set of all subsets of S—and furthermore let &3(S) = &(S) \ {0}. Coherent
conditional probabilities are maps from a subset € of &(S) x &y(S) to the real numbers that, in essence,
satisfy the laws of probability. More specifically, Regazzini [I§] put forward the following definition.

Definition 4 (Definition 1 in [18] or Definition 4.2 in [12]). Let S be a non-empty set and P a real-valued
map from € C &(S5) x &(5) to R. Then P is a coherent conditional probability if, for all n in N, (A, C1),
cony (An, Cp) in € and Aq,..., A\, in R,

max{z Aille, (s)(P(A; | Ci) —1a,(s)): s € u;;lc,;} > 0. (A1)

Lemma 18 ((5)—(8) in [I8]). Let S be a non-empty set. If P is a coherent conditional probability on
C C &(S) x &y(S), then,

P1. P(A|C) >0 for all (A,C) in €;

P2. P(A|C) =1 for all (A,C) in € with C C A;

P3. P(AUB|C)=P(A|C)+ P(B|C) for all (A,C), (B,C) and (AU B,C) in € such that AN B =0;
P4. P(ANB|C)=P(A|BNC)P(B|C) forall (AN B,C), (A,BNC) and (B,C) in €.

Lemma (18| states that a coherent conditional probability satisfies the standard laws of (conditional)
probability on its domain: properties state that P(-|C) is a (finitely-additive) probability measure,
while is Bayes’ rule. Important to mention here is that the conditions [(P1)H(P4)| are, at least in general,
not sufficient for P to be a coherent conditional probability! However, as is established in the following result,
the conditions |(P1)| are necessary and sufficient for P to be a coherent conditional probability if the
domain ¥ has some special structure.

Proposition 19 (Theorem 3 in [I8]). Let S be a non-empty set and P a real-valued map from € C
E(S)x&y(S) toR. If there are algebras of C &(S) and 7 C &(S) such that #° C of and € = o x (F\{0}),

then P is a coherent conditional probability if and only if it satisfies|(P1)H(P4)]

An additional reason for using the more abstract condition of Definition [4] are the two following results,
which are essential to our formal definition of the lumped stochastic process in further on.

Lemma 20 (Theorem 4 in [I8]). Let S be a non-empty set. If P is a coherent conditional probability on
C C &(S) x &y(9), then for any €* such that € C €* C &(S) x &(S), P can be extended to a coherent
conditional probability P* on €*, in the sense that P*(A|C) = P(A|C) for all (A,C) € F.

Lemma 21 (Corollary 4.3 in [12]). Let S be a non-empty set. Then P is a coherent conditional probability
on € C &(S) x &(S) if and only if it can be extended to a coherent conditional probability on &(S) x &(S).

Appendixz A.2. Stochastic processes

We here briefly introduce the coherent conditional framework for stochastic processes; we refer to [12,
Section 4.2] for a more extensive introduction. The outcome space is now the set of paths €, where a path w
basically is the state of the system over time, so a map from the non-negative real numbers to the (non-empty
and finite) state space 2. In the current setting, the only thing that is required of this set € is that

(Vu € Uy)(Va, € Z)(Fw € Q)(VE € u) w(t) = 2. (A.2)
For all t in R>¢ and z in 2, we then define the elementary event

(Xt =2) ={we D: w(t) =z}
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Similarly, for all v in % and x, in Z,, we let

(Xy =x,) = ﬂ(Xt =ay).

teu

We follow the convention that an empty intersection in expressions similar to the one above corresponds to
; hence (Xy = zg) = Q. For all u in %, the set of elementary events

(A.3)

£ — {(thx):tERzo,{L‘E%} ifu=0,
“ {(Xt =2): t € uU[maxu,+00),z € Z'} otherwise,

induces an algebra of sets &7, = (&,).

Definition 5 (Definition 4.3 in [12]). A stochastic process P is a coherent conditional probability P with
domain

EF = (A, Xu = 20): WE U,y € X, Au € A, ).
In order not to unnecessarily clutter our notation, we leave out the conditioning event if it is (X = xy) = O
P(A)=P(A| Xy =x9) = P(A|Q) for any A in <.

It immediately follows from Lemmathat a stochastic process P satisfies the laws of (conditional) probability.
Because these laws are so well-known, we will frequently use them without explicitly referring to Lemma

Appendiz A.3. Precise (homogeneous) continuous-time Markov chains

The following is a more formal definition of the terms introduced in Section [2.3

Definition 6. A stochastic process P: ¢5F — R is a continuous-time Markov chain if, for all ¢, A in Rx,
win Y<¢, T,y in £ and x, in Z,

P(Xiya =y | Xu =24, Xy = 1) = P(Xeyn =y | Xy = 2).
This Markov chain P is homogeneous if furthermore
PXin=y|Xe=x)=P(Xa =y|Xo=2x).

To ensure that the process behaves sufficiently nice, Krak et al. [12] always assume that the Markov
chain P is well-behaved [12], Definition 4.4]; throughout the remainder, we implicitly assume that the Markov
chains we consider are well-behaved. Our statement in Sectionthat a (well-behaved) homogeneous Markov
chain is uniquely characterised by the triplet (27, mo, Q) is justified by [12] Corollary 5.3 and Theorem 5.4].

Let P be a homogeneous Markov chain. To compute expectations that depend on the state at multiple
future time points, we make use of Eqn. @ and the law of iterated expectation, which states that for all v in
%, v and w in %y with maxu < minv and maxv < minw, x, in %, and f in Z(Zuoouw),

E(f(Xu7Xva Xw) | Xy = 55u) = E(E(f(XuaXv; Xw) | Xu; Xv) | Xy = xu) (A4)

In this expression, we use the notational convention that E(f(Xy, Xy, Xuw) | Xu, Xy) is the real-valued
function on %, that maps any (., z,) in Zyuw to E(f(Xu, Xo, Xw) | Xu = 24, Xy = xy).

We now follow the exposition in [I2, Section 9]. First, we consider a non-empty sequence of time
points u = t1,...,t, in % and a single future time point s in R>o such that s > maxu = ¢,,. Fix some
real-valued function f in Z(Z.us) that depends on the state at these time points. It is then well-known
that, for any x, in %25,

E(f(Xu, Xs) | Xu = 20) = E(f(20, Xs) | Xu = 20) = E(fo,(Xs) | Xu = 74), (A.5)
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where we let f,,: 2 — R:z — fu, (x) = f(2y, ). It now follows from Eqns. (6) and (A.5) that
E(f<XuaXs) | Xy = $u) = [Ttifmu](xtn), (A-6)

where [T f.,](x+,) depends on the entire state history z,, and not just on x;, . Inspired by this equation,
for any s in R>o, u = t1,...,t, in % such that t,, < s and f in L (2yus), we let T¢ f be the real-valued
function on %, defined by

(T8, (@) = [T7, fo)(2r,) = [T7, (2w, Xs)](2r,)  for all z, € Z. (A7)

We are now ready to move on to functions that depend on multiple future time points. To that end, we
fix some u = t1,...,t, and v = s1,..., 8, in % with ¢, = maxu < minv = s1, and some f in L (Zuiw).
With some tedious but straightforward work—essentially repeatedly applying the law of iterated expectation
and Eqn. (A.6), see for instance [I2} Section 9.2]—we obtain that

E(f(Xu, Xo) | Xy =20) = [T T2 ---T5m | fl(20) for all z,, € Z., (A.8)

Sm—1

where we use the notational convention defined in Eqn. (A.7).
Finally, we are ready to consider marginal expectations. From the law of iterated expectation and
Eqn. (A.8)), it now follows that for all u = ¢, ..., t, in % such that to =0 and all f in Z,,

E(f(Xa)) = E(f(Xu) | Xo = x9) = E(E(f(Xu) | Xo = 20)) = Ex (T T2 - T} f), (A.9)

where Er, is the expectation operator defined by Er,(g) == (m, g) for all g in .£(Z2"). The requirement
to = 0 is a purely formal one and does not impose any restrictions. Indeed, if minu # 0, then—as argued
in [12, right after Proposition 9.5]—one can simply consider the extension f* of f to 27ojuu, defined by
[ (@, 2y) = f(2y) for all (z,2,) in Z{0)uu-

Appendix B. Extra material for and proofs of the results in Section

In order to define the lumped process rigorously, we need a more formal construction than that given
in Section [3] To that end, we now consider an arbitrary Markov chain P and an arbitrary lumping map

AN — X .
For starters, we observe that the lumping map naturally induces a set of lumped paths €2:

Q={Aow:weq}. (B.1)
Note that because 2 satisfies Eqn. , Q clearly satisfies a lumped version of Eqn. :
(Vu € %) (Vi, € Z,)(30 € Q)(Vt € u) &(t) = 2.
The elementary events are now of the form

(Xy =) = {& e Q: o) =},

with ¢ in R>¢ and & in 2. As before, for any v in % and Z, in %u, we also let

(Xu =y) = m(Xt = Iy),

teu

where (X@ =Ip) = Q. For any u in %, the set of elementary elements

_ {{(thgz):teRm,@e%} if u=0,
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induces the algebra of sets A = (&,). The domain of the lumped stochastic process P should hence be
O = {(Ay, Xu = 20): u €U iy € Xy, Ay € ).

We have now introduced almost all concepts needed to formally define the lumped stochastic process P.
The sole remaining concept that we need is another inverse derived from A, this time from 2 to Q. To that
end, we consider the map Ag": : £(Q) — £(9) that maps any subset A of ) to

AGHA) ={weQ: Aow € A}, (B.2)
which is a subset of 2. Note that A, !is indeed an inverse, as clearly
{Aow:we Agl(A)} = A (B.3)
The following result establishes that A§1 maps events in the algebra M; to events in the algebra «7,.

Lemma 22. Consider a lumping map A: 2~ — % . Then for allw in % and T, in e%}u,

A (Xu=du) = |J (Xu=mu), (B.4)

Ty €Ty
More generally, for all w in % and A, in <, Agl(flu) belongs to <.

Proof. We start with proving the first part of the statement. To that end, we distinguish two cases: u = 0
and u # 0. If u = 0, then (X, = Z,) = Q. From this and the deﬁnltlons of Q and Ag', it then follows
immediately that . R
A (Xu = 34) = A5 () = Q= (X, = 1),
which agrees with the stated.
Next, we assume that u # (). Then

AN Xy =dy) ={weQ: Aowe (Xy=2,)} = {weQ: (Vteu) [Aow}(t)zit}
—ﬂ{weﬂ [Aow](t —xt}—ﬂ U{wEQ t) =z}

teu tEu x4 €3y

— ﬂ U (Xt:l't): U N U (thzmtl)m.”m(th:xtn)
tCu T €24 Tty ETeq Tt,, €T,

= U m(Xt = J)t) = U (Xu = xu)7
@, €y tEU =

where we let u =t1,...,t,. R

We now move on to the second part of the stated. If A, = (), we infer from Eqn. ) that Ay LAy =0,
so Ag, ( ) belongs to «7,. Fix some u in % and some A, in . Tt remains to COHSlder the case A, # 0.
Because 7, is the algebra generated by the elementary events in &, there is—see for instance also [12 Proof

of Lemma C.3]—some time sequence v in % with maxu < minv and a non-empty set of tuples S C 3&”qu
such that

where we let w = uUv. By Eqn. (B.2),

A A) ={weQ:Aowe U (X = 2w) U {weQ:Aowe (X =2,)}
EM 24 €8



Using the definition of (X,, = 2,,) and Equ. (B.1)), we write this as

Agh(A) = | fwe: (vt ew) Aw(t) =2} = | (ﬂ{w € Q: Aw(t)) = zt}>

2w€S 2,€8 \t€w
2,68 \tew Lzez,
It is now immediately clear that Ag 1(A,) is an element of <7,. O

The inverse A§ naturally suggests a sensible formal definition of a lumped stochastic process P: €% S R.
Recall from Definition [6] Definition 5] and Lemma [20] that the Markov chain P can be extended to a coherent
conditional probability P* on &(€2) x &(€2). Then the lumped stochastic process P: €57 — R corresponding
to this extension P* is defined for all (Au, X, = Zy) In E5P a

P(A, | Xy = #y) = P*(AGN(AL) | AG (Xy = &) (B.5)

This is a proper definition because Ag'(A,) belongs to &(Q2) due to the definition of Ag' and A5 (X, = 7.,
belongs to &p(£2) due to Lemma and Eqn. (A.2). Unfortunately, this definition is—at least in general—not
unique, since the extension P* of the Markov chain P need not be unique. However, it does yield a stochastic
process.

Theorem 23. Consider a Markov chain P and a lumping map A: % — . Let P* be a coherent extension
of P to &(Q) x (). Then P: €5F — R, as defined by Eqn. (B.5), is a stochastic process.

Proof. We first construct the real-valued map P* on &() x &(€2), defined by

P*(A|C) = P*(Ag" (A) | AGH(C)) for all (A,C) € &(Q) x &(9Q). (B.6)
It is clear that P is the restriction of P* to €SP, Hence, it follows from Lemma |21| that P is a stochastic
process if P* is a coherent conditional probability.

_ We now verify that P is indeed a coherent conditional probability. To that end, we fix any n in N,
(A1,C1), ..., (An,Cp) in £(Q) x &(L) and Aq, ..., A, in R and show that max .S > 0, where

S—{Z)\H ( A|C‘i)—ﬂAi(@)):weQ@}.

Substituting Eqn. yields
- {ixina(w)(p* (AG (A) [AGH(Co) ~ T4, @) & € Lnjoy}.
=1 =1
Furthermore, using Eqns. and yields
_ {i)\iﬂéi(Aow)(P*(Agl(fli) | AG (i) — T4 (Aow) ) we UA (&) }
i=1

Observe that for all w in Q and A C Q

dA
(Aow) { 1onweA:{1 if w e Ag'(A)

=1,-1,; , B.7
0 otherwise AQI(A)(w) (B.7)

0 otherwise
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where the second equality follows from Eqn. (B.2)). We substitute Eqn. (B.7)) in our expression for S, to yield
n n
S = {Z /\i]ICi (w)(P*(Ai | Cl) — HAi (w)): w € U Cz},
i=1 i=1

where, for all 4 in {1,...,n}, we let A; := Ag"'(4;) and C; := A5"(C;). Because P* is a coherent conditional
probability on &(2) x &(£2), it follows from Definition [4| that max S > 0. O

The previous theorem validates our use of the term “lumped stochastic process” for p. However, at first
sight, the sensibility of our definition might still not seem entirely obvious. That it nevertheless is, follows
from the following two results. The first result provides a justification for Eqn. ; the second one also
makes clear that the lack of uniqueness in our definition is a consequence of conditioning on events with zero
probability.

Corollary 24. Consider a Markov chain P, a coherent extension P* of P to &(Q) x &(Z), a lumping
map A: X — 2 and the corresponding lumped stochastic process P. For all w in % and &, in 2,

Ty ETqy Loy ETyy

Proof. Tt follows immediately from Eqn. (B.5)) and Lemma [22] that

P(Xy=#,) =P (A" Xy =2,) =P*( |J Xu=2u)= Y PXu=za)= Y PXy=m)

Ty ETy Ty ETy Ty ETy

where the third equality follows from the finite additivity of P* and the final equality holds because P* is an
extension of P and (X, = x,,) belongs to the domain ¢5F of P for all z,, in A~!(Z,,). Finally, it follows
immediately from the finite additivity of P and Eqn. @D that

> P(Xu=24) = P(X, € &)

Ty €EXy
O

Proposition 25. Consider a Markov chain P and a lumping map AN T — ﬁi}, and let P be a lumped
stochastic process. Then for any (A,, Xy = &) in €5 with P(X, = 3,) =Y P(X, =x,) >0,

Ty €Ty

B¢ A 5 . Em z P(A_I(Au) ‘ Xy = 24)P(Xy = z4)
PA, | Xy =2,) = uCTu g PX, = ) .
Zuefi,u w u

Proof. Observe that by Eqn. (B.5)),
P(A, | Xy = &) = PA(AGN(AL) | A (X = i),

where P* is a coherent extension of P to &(Q) x &3(Q2). As P* is a coherent conditional probability, it follows

from Lemma that
P*(Ag (Au) | AN (X = 24)) PP (A (X = #4)) = PH(AG (Au) N AGH (X = &), (B.8)

where P*(Ag' (X, = #4)) = P* (A5 (X = &) | Q).
It follows immediately from Corollary [24] that

P*(Ag" (Xu = #4)) = P(X, = i) (B.9)

H
]
o
s
;
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Recall from Lemma that A;zl(/lu) is an element of 7,. Since A, Y(X, = #,) is clearly also an element of

7, this implies that A51(Au) N A51(Xu = I,) is an element of <7, as well. Consequently, we find that
P*(Agl(ﬁu) n As;l(j(u = ju)) = P(Aél(/iu) N Aél(f(u = iu)) = P(Aél(leu) N (Uquiu (Xu = xu)))
= Z P(Assl(AU) N (Xy = 2u))

Ly €ETy

= Y P(AG'(AL) | Xu = 2,)P(X, = z). (B.10)

Ty €EZu

Since Y, o5 P(Xu = 24) > 0, substituting Eqn. and (B.10) in Eqn. (B.8) yields

Zzueaﬁu P(Aél(/lu) | Xo = 2y) P(Xy = 33U)

O
Zz“,e.%u P(Xy = zu)

Appendix C. Extra material regarding Section

In this section of the appendix, we provide some more background information on (imprecise) Markov
chains. More specifically, we focus on four relevant types of transformations in and explain
how to compute lower expectations using the law of iterated expectation in

Appendiz C.1. Lower transition (rate) operators

A lower transition rate operator—see for instance [I2, Definition 7.2]—is a transformation R: .Z(2") —
ZL(Z) such that

LTRI. R(f +g) > Rf + R for all f,g in 2(2);
LTR2. R(\f) = ARf for all f in £ (Z") and X in Rx>g;
LTR3. [RL,](x) > 0 for all z,y in 2" with = # y;
LTR4. Ry =0 for all p in R.

We have already seen in Section that lower transition rate operators generate a lower transition rate
operator, which can be thought of as the non-linear matrix exponential. The following lemma establishes a
second connection between lower transition rate operators and lower transition operators.

Lemma 26 (Proposition 3 in [25]). Consider a transition rate operator Q@ on £ (") and some A in Rx.
Then (I + AQ) is a lower transition operator if and only if A||Q| < 2.

In the remainder, we will need the following interesting properties of lower transition operators. For their
proofs, we refer to [2§] and [12].

Lemma 27. Let T, T1 and T be lower transition operators on L (Z). Then
LT4. the composition T1T5 is a lower transition operator;

LT5. minf <Tf <Tf <maxf forall f in L(X);

LT6. Tf <Tg forall f,g in L(Z") such that f < g.

Because transition (rate) matrices are simply lower transition (rate) operators that are linear, Lemmas
and [27] specialise to transition (rate) matrices as follows.

Corollary 28. Consider a transition rate matriz Q on Z(Z") and some A in R>o. Then (I + AQ) is a
transition matriz if and only if A||Q] < 2.
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Corollary 29. Let T, Ty and Ty be transition matrices on L(Z"). Then
T4. the composition T1Ts is a transition matrix;
T5. min f <Tf <max f for all f in L(X);
T6. Tf <Tg forall f,g in L(Z) such that f <g.

Appendiz C.2. Computing lower (conditional) expectations

In order to compute lower (conditional) expectations of functions that depend on the state at a finite
number of future time points, we follow exactly the same approach as the one for precise Markov chains that
we have previously outlined in for a more detailed treatment, we refer to [I2, Section 9]. We
let .# be a non-empty set of initial distributions and () a non-empty bounded and convex set of transition
rate matrices that has separately specified rows, and fix some u = t1,...,t, in %p. We first generalise the
notational convention of Eqn. : for any s in R>o with s > maxu = ¢, and any f in .Z(Zuus), we let
T3 f be the real-valued function on %, defined by

[Ifnf](xu) = [I‘?nfxu](xtn) = [Ifnf(meS)](mtn) for all x, € Zy. (C.1)

It now follows from [I2] Corollary 9.2] that, for any v = s1,..., 8y, in % such that minv > maxw and any f
in Z(Zuw)s

EY o(f(Xu Xo) | X = w) = LT3 - Tm fl(z,)  forall z, € 2. (C.2)

Next, we move from conditional lower expectations to marginal ones. In [I2 Proposition 9.5], Krak et al.
establish that for all u =tg,...,t, in %4 such that to =0 and all f in £(Z.),

Y. (f(X)) = B3 4 (f(Xu) | Xo = 20) = B 4(TRT3} - Ty, f), (C3)
where E , is the lower expectation operator defined by
E ,(9) =inf{(m,g): 7 € A} for all g € Z(Z).
Recall from [Appendix A.3|that the requirement ¢y = 0 is a purely formal one: if minu # 0, then one considers
the extension f* of f to Zioyuu-
Appendix D. Extra material for and proofs of the results in Section

Proposition 4. Let Q be a transition rate matriz and A+ 2~ — Z a lumping map. Then the corresponding
transformation Q is a lower transition rate operator.

Proof. We simply need to verify [[LTRI)H(LTR4)]

LTR1)| Fix some Z in 2", and observe that for all f and § in ,2”(3&}),

Q(f + 9))(3) = mind > (f(H) +3(9) > Qz,y): v € &

jeX YyEY

> min Zf(gj)ZQ(m,y):xEﬁc + min ZA(Q)ZQ(x,y):xEJE

Jed yey gz yey

= [Q/](2) + [Qg](%).
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(LTR2). Fix some & in 2, and observe that for all f in 2(2) and A in Rx,

[QONI(E) =mind Y Af(H) D Qz,y):z€dp=Aming > f(§) > Qz,y): x € & p = NQf](&).

9EZ yey i yey

LTR3). Fix some Z, ¢ in % such that & # 7, and observe that

[QT;](#) = min ZHQ(Q)ZQ(x,z):xei = min ZQ(m,y):in >0,

e ZE€EZ YEY

where the inequality holds because Q(x,y) = [QL,](x) > 0 for all z in & and y in § as @ is a transition rate
matrix.

LTR4)| Fix some # in 2 and 4 in R, and observe that

[Qu](Z) = min ZuZQ(w,y):xeﬁe = min ZuQ(m,y):mef =0,

gex  YE€Y yeX
where the final equality is immediate because the transition rate matrix () has zero row-sums. O
Lemma 30. Let QQ be a transition rate matriz and A: Z — 2 a lumping map. Then for any f in f(c%}),
(Qf) o A< Q(f o).

Proof. Fix an arbitrary x in 2 . Then some straightforward manipulations yield

(QF) 0 Al(z) = (Q@F)(A(x) =ming > f(§) D Q',y): ' € Ax)

ex yEY

= min ZZf ): 2’ € Ax)

yegb‘” yEY

—mind 3 [fo AlW)Q@,): 2’ € A(x)

ye&
= min{[Q(f o M)](): o’ € A() }
< [Q(f o A)](a),
where the inequality follows from the fact that x is an element of A~1(A(x)). O

Lemma 31. Consider a Markov chain P and a lumping map A: 2" — Z . Let P* be a coherent extension
of P to &(Q) x &y(Z) and P the corresponding lumped stochastic process. Fiz some t in R, u in Uer, v
in Uy with minv > t, & in Z and & in Z,. Then for any real-valued function f on %),

min{ E([f o A|(X,) | X; = 2): z € &} < E(f(X,) | Xy = &, X; = 2),

where E denotes the expectation with respect to the lumped stochastic process P.
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Proof. By definition of the lumped stochastic process, it holds that
E(f(X,)| Xy = &u, Xi = &) = Ep-([f 0 A](X,) | ©),

where we let C' = A" (X, = i, X; = ) and where P* is the coherent extension of P to &(£2) x &p(€2) used
to define the lumped stochastic process P. Recall from Lemma lmore specifically, from Eqn. (B.4)—that

C=Ay'Xu=00, X =2)= | JXu=2,X,=2).
Ty EXTYy TET
We now use this in combination with the law of total probability, to yield
Ep-([f o AJ(X = Y > Ep([fo AI(X0) | Xu = 20, Xy = 2) P*(Xy = 2, Xy = | C).
Ty ETy TET
Observe that the right-hand side of this equality is a convex combination of terms of the form
EP*([fO A(Xo) | Xy =20, Xy = ) = E([fo A(Xo) | Xy =20, Xy =) = E([fo Al(Xo) | Xi = ),

where the first equality holds because P* is an extension of P and where the second equality follows from
the Markov property. The stated now follows because a convex combination of terms is always bounded
below by the minimum of these terms. O

In the remainder, we will need the following corollary.

Corollary 32. Consider a Markov chain P, a lumping map A: 2 — z and a corresponding lumped
stochastic process P. Fiz some t,A in R>o, w in U<t, & and g in Z and &y in Z,,. Then for any real-valued

function f on 5?,”,
min{[T{ 72 (f o A)](2): @ € 3} < B(f(Xeya) | Xu = &0, Xi = ),
where E denotes the expectation with respect to the lumped stochastic process P.

Proof. This is an immediate consequence of Lemma and Eqn. @ O
A similar corollary of Lemma [31]| provides a justification for Eqn. in the main text.

Corollary 33. Consider a homogeneous Markov chain P, a lumping map A: X — Z and a corresponding
lumped stochastic process P. Fiz some t,A in R>o, u in <, T and g in X and 3y in Z,,. Then for any

real-valued function f on 2,

min{E([f o AJ(Xa) | Xo = 2): z € 3} < E(f(Xi1a) | Xu = &u, X; = #)
< max{E([f o Al(Xa) | Xo = 2): z € &},
where E denotes the expectation with respect to the lumped stochastic process P.

Proof. The left inequality is an immediate consequence of Lemma [31] and the homogeneity of P; the right
inequality follows almost immediately from applying the the left one to —f. O

The following technical result allows us to use the results from [12].

Lemma 34. Consider a well-behaved Markov chain P and a lumping map A: 2" — Eb‘} and let P be a
lumped process. Then P is well- behaved [12, Definition 4.4/, in the sense that, for allt in R>o, u in U<y,

Z,9 in 2 and & Ty W0 %u,

1)~ . .
1imsup—)P(Xt+ =7 | Xu =Ty, Xy = 2) — 13(7)
A—0+ A

and, if t #0,

1. N
1imsup—’P(Xt =9 | Xu =2y, Xe—a =) = 13(9)
A—0t+ A



Proof. We only prove the first inequality, the proof of the second inequality is entirely similar. To that end,
we fix any arbitrary A € Rs( and observe that

P(Xisn =7 Xy = 20, Xy = &) = BE([g(Xpya) | Xu = &0, Xy = 1)
> min{E([Il o A|(Xiyn) | Xy =2): x € 2}
= min{E(HAfl(@)(XHA) ‘ X = ): x € CE'}
= min{ZP(XHA =y|Xi=z):z € 55},
yeY

where the inequality follows from Lemma [31{ with v = ¢ + A and f = Iy. Similarly, it follows from Lemma
with f = —Hg that

P(Xipn =i | Xy =8, Xy =) < max{ZP(XHA —y|X;=x):z€ x}

YeY
We combine these two inequalities, to yield

min{z P(Xeun=y| X, =2): 1€ a:} — () < P(Xpqn =3 | Xu = &0, Xy = ) — 1:(p)
yeY

< maX{ZP(XHA =y|Xi=x):z € 53} —L:(9),
yey

where we have subtracted I; () o
Y

n both sides of the inequalities. To continue, we move I;(g) inside the
optimisations and use that I3(§) = 3_ ;L. for all z in 2, to yield

min{ZP(Xt+A —y|Xi=2)—L(y):z e :v} < P(Xppn =G| Xy = 0, Xy = ) — 1:(5)
yEeY

yEY

Next, we take the absolute value and use that both the absolute value of a minimum and the absolute value
of a maximum are lower than the maximum of the absolute values, to yield

< max{ 3 P(Xea =y| X =2) - Lip): o € 2

P(Xpon =] Xu =3, %, = )~ L:(§)| < max{

> P(Xpa=y|Xi=1)- ]Ir(y)‘: T € m}
yey
From this, it follows that

1~ e e . 1
E|P(Xt+A =y|Xu=2,X=2)—-1:(y) < max{A

> P(Xea =31 X =)~ L.(): v € 2}

yEY

1
< max{z Z|P(Xt+A =y|Xy=2)-L(y)|:z e ic}

yey
The inequality that we set out to prove follows almost immediately from the above inequality:

lim sup

1, - 5 I S R .
msu K\P(XHA:ZHXuZantzm)—]I@(yﬂ
.

1
<limsupmax{ —|P(Xsn =y | Xy =2) — L, (y :xeic}
im sy ZAI (Xis | X = 2) — L(y)|

yEY

1
= max{lim supz Z|P(Xt+A =yl Xy
A—0t yEY

)Ly v e x}
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where the equality holds because we may change the order of the supremum and the maximum and then
subsequently—since the maximum is taken over a finite set—of the limit and the maximum. Finally, we use
that the limit superior is sub-additive, to yield

. 1 5 - . - N -
lim sup —|P(Xt+A =9 Xy =2,X¢ =2) - 1:(9)]
A—0t

< max{leAHLs(ﬁp |IP(Xiyn =y | Xe=2) -1, (y)|: z € 56} < 400,
Y€y

where the final inequality holds because P is well-behaved and the maximum is taken over a finite set. [

Proposition 35. Consider a homogeneous Markov chain P and a lumping map A: 2" — 3?:”, and let P be
a lumped stochastic process. Then for any t in R>q, u € U<y and &y, in Xy,

1. C 9,

t,80
where gf’tfju denotes the outer partial derivative—as defined in [12, Definition 4.8]—of the history-dependent
transition matriz T;xu —see [12, Definition 4.6]—that, for all s in R>q with s > t, is defined by

Tep (8,9) = P(Xy = §| Xy = 80, Xy = ) foralld,ge 2.
In our proof for Proposition we need the following result.

Lemma 36 (Theorem 2.1.1 in [19]). Let Q be a transition rate matriz. Then for all t,s in R>o witht < s
and all x,y in X,
Tts+A (2,y) — T¢ (2,y)

Ali_>HOl+ A = [QTE](.}?’ y)
and, if t £ 0,
T? T
Jim TR 077 ey,

Pmof First, recall from Lemma 4| that P is well-behaved. Hence, it follows from [I2, Proposition 4.6] that
T’ t4, is a non-empty, bounded and closed subset of % (5&” ). Therefore, we can fix an arbitrary element Q*

of ET; #,- By definition of the outer partial derivative 0, this implies that there is a monotonously decreasing
sequence {A, }nen in Ry with lim, 1o A; = 0 such that either

Tjton T Tin 4 —1
: L — OF . —Bn, Ty — OF
e v L (B-1)

We now proceed our argument under the assumption that it is the left equality that holds. The argument for
the alternate case is entirely similar due to the homogeneity of P. R R
Fix any arbitrary f in £(2"). Observe that as a consequence of Eqn. (D.1]) and the equality [I f](Z) = f(&),

Tt-‘rAn Aj o
lim (T2 71 = J ):[Q*f](:%). (D.2)

n—-+o00 An

Observe that, for all n in N,

B(f(Xegn,) | Xu =20, Xe =2) = > fO)PXiga, = 0| Xu = 40, X; = )



where the final equality follows from the linearity of Tttgf”. It follows from this equality, Corollary |32| and
the fact that [f o Al(z) = f(A(x)) = f(&) for all 2 € & that, for all n in N,

min{ (T2 (o M(@) = [ o M(a) NS 56} < [ ;J;”‘Anfi ) f(:%) (D.3)

An

n

Observe now that, for all n in N and z € ,

T2 (fo M) = [f o Al@) = D [f o M) (TFH2(2,) = Ti(2.)),

yexX

where we have used that T} = I, and

[Q(f o M)](z) = D [f o N®)Qz.y) = Y [f o AlW)QT!(2,y).

yex yex

As the sequence {A,, }en converges to 0, it follows from Lemma [36| and the previous two equalities that

t+A, Ao ) — AO z R t+A, " Tt
i [ (f A)i(n) [ o AJ( ):Z[foA](y)ngTooTt ( i)n Tt (z,y)
= Z[f o A|(¥)[QTY](w,y) = [Q(f o A)]().

Fix some € in Rso. Due the previous equality, and also because A~!(%) is finite, there is some N in N such
that

AL ) —[foAl(x R
Lo M) 2o O oo mie)| <

(Vn € N,n > N)(Vz € &) 0

We combine this inequality with Eqn. (D.3]), to yield

(1152 fl@) - £(&)

(Vn € N,n > N) min{[Q oA)]()::EG:E}*e_ A,

We taken the limit for n going to +00 on both sides of this inequality and use Eqn. (D.2)), to yield
mln{ oA)]( ): xeiz}—eﬁ[@*f](i),

which, since € is an arbitrary positive real number, implies that min{[Q(f o A)](z): = € 2} < [Q* f](#). Recall
from Lemma B0l that

R oM@ = 3 QplfoAly) = . 7)Y Qavy) > [0F)()

yex jex yeY

for any « € &, such that [Q f1(#) < [@*f](z). Because f was an arbitrary real-valued function on 2, it
follows from this inequality and Eqn. that Q* is contained in 2. O

Theorem 6. Consider a homogeneous Markov chain P and a lumping map A: 2~ — 2. Then any

corresponding lumped stochastic process P is contained in IP’Z’@V s

Proof. Recall that P is well-behaved by Lemma Furthermore, Pis clearly consistent with M and, by
Proposmon also consistent with 2. The stated now follows because, by definition, PW 3.4 contains all

well-behaved stochastic processes that are consistent with D and A. O
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Appendix E. Extra material for and proofs of the results in Section [6]

Our proof of Theoreml is split up into several intermediary results. First, we link the matrix exponential T3’
generated by the transition rate matrix @) with the non-linear transformatlon T;fZ generated by the lumped
lower transition rate operator Q

Lemma 37. Consider a transition rate matriz Q and a lumping map A: & — 2. Then for any 6 in R>q
such that §]|Q|| <2, n in Ny and f in L(Z),

[(1+38Q)" floA < (I+8Q)"(foA).

Proof. Observe that the stated holds trivially if n = 0. Hence, without loss of generality, we assume that
n > 0. Fix some arbitrary § in .Z(Z"). Recall from Lemma [30| that

(QG) o A< Q(goA).

From this, it follows that

[(I+6Q)gloA=GoA+35(Qi)oA<GoA+35Q(GoA) = (I+Q)(goA). (E.1)

As 4||Q| < 2, it follows from Corollary [28| that (I + 0Q) is a transition matrix. Consequently, we find that
(I+0Q)"(fo A) = (I +8Q)" (I +3Q)(f o A) = (I +5Q)"'[(I +6Q) f] o A
where the inequality follows fr for the transition matrix 7' = (I + 6Q)" '—that (I + Q)" ! is a
(T4)

transition matrix follows from and the functions f = [(I + 5Q)f] oA and g = (I 4 0Q)(f o A), which
satisfy f < g due to Eqn. (E.1). Repeated application of the same trick yields

(I +6Q)"(foh) > (I+38Q)" "I +8Q)f] o A > (I+6Q)"*[(I +6Q)*f] o A
> > [(T+0Q)"floA
as required. O

Lemma 38. Consider a transition rate matriz Q and a lumping map A: 2~ — % . Then for any t,s in
R>o witht < s and f in Z(Z),
(Lif) o A<TP(foA),

where if is the lower transition operator generated by Q according to Eqn. .

Proof. For any n in N such that n > (s — t)||Q||/2, it follows from Lemma [37] that

—t\"; -t \"
(5] fons () gon
n — n
The stated is obtained by taking the limit for n going to +o0 on both sides of the inequality and substituting
Eqns. and . O

We can easily extend Lemma [38| to functions that depend on a finite number of time points. For this
result, we use the notational convention introduced in [Appendix A.3|and |Appendix C.2|

Lemma 39. Consider a transition rate matriz Q and a lumping map A: 2" — % . Then for any u =
t1,.oyty and v = 81,. .., Sy in %y with maxu < minv and any f mn .i”(ﬁ&”uw)

(T“T” T f) o A< TR T (FoA).

tn =581

35



Proof. Our proof is one by induction. If m = 1, then s; = s, = s and v = s. Fix any x,, in £, and let

Ty = A(xy,). By Eqn. (A.7)),

[T, (f o M)](w) = [T7,(f © Mz (21,.), (E.2)
where (f o A),, maps any z in 2" to (f o A)(zy,2) = f(iu, A(x)). It follows from Lemma [38| that

T3 (foN)e, > (L5 f2,) 0 A, (E.3)
where f;;;u maps any & in Z to f(:i:u, Z). Observe now that

(75, (F o M)(za) = 117, (f 0 M), (e,) 2 (L3, fo.) 0 M(e,) = (L5, f2,1(21,)
= [T3, fl(#2) = (L3, f) 0 Al(wa),

where the first equality follows from Eqn. 7 the inequality follows from and the third equality
follows from Eqn. . Because z,, was an arbitrary state instantiation in 27, this inequality implies the
stated for m = 1.

Next, we fix some m in N such that m > 2, and assume that the stated holds for any sequence v that
satisfies the conditions of the statement and has length m’ < m. We now show that this then implies the stated

for any sequence v with length m. We apply the induction hypothesis with the sequences v’ = t1,...,t,, $1
and v’ := so,...,8,, to yield
(Tt T f) o A S TTS - Tor (Fo ). (E4)

Observe that both sides of this inequality are functions on 2, = Z,us,}, and that the one on the left is
clearly lumpable. We write this inequality as g o A < h, where we let

=120 T f  and  h=T2TS - Tim (foA).
Fix some z,, in £, and let &, := A(z,). From go A < h, we infer that (§o A),, < h,,. Therefore,
(15, (g 0 M) = [T51 (9 0 Ao J(21,) < (T3} haJ(21,) = [T5) Bl (20), (E.5)

where the equalities follow from Eqn. (A.7) and the inequality holds due to and (GoA)y, < hg,.
Furthermore, we observe that (§ o A)y, = gz, © A. Therefore, it follows from Lemma [3§] that

(T3, (g 0 M)(zw) = [T5 (g © Mo, J(21,,) = [T7) (2., 0 M)](21,)
> (13! 92,)(80,) = [L324](24) = [(T319) 0 Al(za),  (E.6)

where the first equality follows from Eqn. (A.7) and the third equality follows from Eqn. (C.1). We now
combine Eqns. (E.5) and (E.6) and substitute the definitions of § and h, to yield

(L5 LT - Do f) o Al(wu) < [T TSTS - Tom (f o A)] ().

The induction step now follows from this inequality because x, was an arbitrary state instantiation in

Zu. O
The last intermediary result that we need is a formalisation of Eqn. .
Lemma 40. Consider a lumping map A: 2~ — % . Then for any w in %y and f in L(Zw),
fuoA<f<fooA
If f is furthermore lumpable with respect to A, then fL = fU = f with f = fo A.

Everything is now set up to prove the following main result.
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Theorem 8. Consider a homogeneous Markov chain P and a lumping map A: Z — % . Then for all w in
U, v in Uy with maxu < minv, x, in Z, and [ in L(Zuwow),

B (% X0) | X = ) < B((X0 X0) | X = 2) < B g (fo(X0 X) | Ku = ). (23)
where Ty, = A(xy,).

Proof. We only need to prove the left inequality, as the right inequality is obtained by applying the left
inequality to g := —f because E(g(Xy, Xy) | Xy = 24) = —E(f(Xu, Xy) | Xy = 24) and g1, = —fu.
Observe that, as E is monotonous, it follows from Lemma [40] that

E(f(Xu,Xv) ‘ Xy = fu) > E((fL © A)(Xquv) | Xy = xu) (E7)

We now distinguish between two cases.
First, we assume that u = tq,...,%, is not equal to the empty sequence. In this case, it follows from

Eqn. (A.8) that

Sm—1

E((fu o A)(Xu, Xo) | Xy = @) = [TT52 - Tom (fr o A)] (),
where v = s1,...,S,;,. We now use Lemma to yield
E((fuo M)(Xu, Xo) | Xo = @) = [TIT52 - Tom (fr o M) ()

>[Iz T fu)(@),

where Z,, .= A(z,). Recall from Proposition {4 that 9 is non-empty, bounded and convex and has separately
specified rows. Therefore, it follows from Eqn. (C.2)) and the above inequality that

E((fL o A)( Xy, Xy) | Xy = 4) > [ifii;f R fL](iu)

2 Sm_1

We now combine this inequality with Eqn. (E.7)) to obtain the stated.
Next, we assume that v = (). Then

E((fuo M)(Xo) | Xy = z4) = E((fL o A)(X,) | Xg = 29) = E((fr 0 A)(X,)),

where without loss of generality we have dropped the first argument X, of fL oA. Let v=s1,...,8n. If
minv = s1 > 0, then we let v* := 0, $1,..., 8, = {0} Uv and let f* be the extension of f to 2+, as explained
in If minv = 51 = 0, then we simply let v* := v and f* := f. This way, we have

E((fL o M)(Xy)) = E((ff o M)(Xo+)) = Ero (Tg" - T30 (ff 0 A)),

Sm—1

where the second equality follows from Eqn. (A.9)). Note that in this expression, T is interpreted differently
depending on s1. If 51 > 0, then T is the operator on 27 ,,} as defined by Eqn. (A.7). If s; = 0, then 77"
is not needed in the expression, but we can leave it anyway as T;;* = T¢) = I. Observe now that

E((fuo A)(X,) | Xy = 20) = B (T3 ---Tor_ (ff 0 A))
= (mo, Tg* -~ Tm  (fi o)) = Y mo(@)[Tg" - Tom , (ff o A)]()

reX
> mo(@) LD fl(A) = > O[T T fR(@)Y ()
TeEX e TET
= [Ty Ti f@)Ro(R) = (o, Ty - T3 ff)
rex
= Ex (T3t T ff)=E (L5 -1 ff)

= Eg,,/;(fﬁ(ffw)) = Eg,/,;(fL(Xu)) = Eg/,;(fL(Xv) | X = d),
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where the inequality follows from Lemma and, if s; = 0, the fact that iél = ig = I, and where the
penultimate equality follows from Eqn. (C.3)). The stated is now immediately obtained by combining (E.7))
with the above inequality. O

Appendix F. Extra material for and proofs of the results in Section [7]

Appendiz F.1. Ergodicity and irreducibility
The following three results are essentially well-known, but we did not find a good reference for them.

Proposition 9. A transition rate matriz Q is ergodic if and only if
Ziop ={2€ X (Vye X))y~ z}#0.

Proof. First, we observe that Definition [2]is just a specialisation of Definition [7] further on—the definition of
ergodicity for a lower transition rate operator—to transition rate matrices. Next, we observe that for the
transition rate matrix (), the upper reachability relation - » —see further on—is equivalent
to our accessibility relation - ~» -. This upper reachability relation - — - is essential to the necessary and
sufficient condition for ergodicity of a lower transition rate operator established in [I3, Theorem 19]. The
condition exists of two parts: top class regularity and top class absorption. The transition rate matrix @
satisfies top class regularity if and only Ziop # . We now claim that in this case, @ also satisfies top class
absorption. More specifically, the top class Ziop is lower reachable—in the sense of [I3] Definition 8]—from
any state = not in this top class. If this claim is true, then it follows from [I3], Theorem 19] that @ is ergodic
if and only if
Ziop ={2 € 2 (Ve ) y~a}#0,

as we had to prove.

We now set out to verify our claim about top class absorption. By [I3] Definition 8], this claim is verified
if we can prove that 2"\ Ziop C Ay, where the non-decreasing sequence Ao, A1, ... is defined by the initial
condition Ay = Ziop and, for all k in Ny, the recursive relation

Ak+1 = A, U {Z S %\Ak [Q]IAIJ(Z) > 0},

and where n is the first index such that A,, = A,41. To prove this, we fix some z in 2™\ Ziop and y in Ziop.
Observe that x ~» y as y belongs to the top class Ziop; hence, there is a sequence z = zp, 21 ...,z =y in
£ such that, for all ¢ in {1,...,m}, [QL;,](zi—1) = Q(xi—1,z;) > 0.

Observe that, for all k¥ in Ny, 21 in 2"\ A and 29 in Ay, Q(21,22) > 0 because 21 # 23 and @ is a
transition rate matrix. Hence,

[Ql4,](z1) = Z Q(z1,22) > 0& (32" € A) Q(21,27) > 0. (F.1)

22€ Ay

We now claim that z,,_; belongs to A;. This claim is trivially verified if z,,_1 € Ag, as A9 C Ay
by definition. If z,,,—1 ¢ Ao, then because y belongs to Ay = Ziop and Q(zm—1,y) > 0, it follows from
Eqn. (F.I)—with k£ =0, 21 = 2 and z* = y—that [QLa,](zn—1) > 0, which verifies our claim in this case.

Next, we verify that x,,_o belongs to As. We again distinguish two cases. If z,,_o € A;, then this
claim is trivially true because A; C As by construction. If z,,_o ¢ A, then because z,,_; belongs to
Ay and Q(zpm—2,Tm—1) > 0, it follows from Eqn. —with k=1, 2 = z,_2 and z* = xz,,_1—that
[QLa,](zm—2) > 0, from which we infer the veracity of our claim.

It is clear that we can repeat the same argument to verify that xz,,_3 belongs to As, and so on. If we
continue this way, we eventually obtain that x = x( is an element of A,,. This implies that x is an element of
A, as well because Ag C A; C---C A, and A, = A, for all k£ in N. Because = was an arbitrary element
of '\ Ziop, we infer from this that 2\ Ziop C A, as required. O
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Proposition 10. Let Q be an ergodic transition rate matriz. Then the matriz Q" on L (Ziop), defined by
Q'(z,y) = Q(x,y) for all z,y in Xiop,

is an irreducible transition rate matriz. Furthermore, for all f in L(Z), (Moo, [) = (7lo, f'), where 7l is
the limit distribution of Q' and f’ is the restriction of f to Ziop-

Proof. Our proof hinges on the following claim:
Qz,y) =0forall z € Ziop and y € X\ Ziop (F.2)

To verify this claim, we fix any such x and y, and assume ex-absurdo that Q(x,y) # 0. As z # y, this
is equivalent to Q(z,y) > 0 because Q(z,y) > 0 since @ is a transition rate matrix. Fix any arbitrary
zin Z'. As x is a state in the top class, we know that z ~» x, or equivalently, that there is a sequence
z = xg,...,&, = x such that Q(z;_1,2;) > 0 for all ¢ in {1,...,n}. If we let z,41 = y, then clearly
Q(xzi—1,2;) > 0for all i in {1,...,n+ 1}; hence, z ~» y. As z was an arbitrary state, this implies that y is a
state in the top class Ziop, which contradicts our initial assumption.

We now use Eqn. to verify that @’ is an irreducible transition rate matrix. That @’ is a transition
rate matrix—that is, that it has non-negative off-diagonal elements and rows that sum up to zero—follows
almost immediately from Eqn. and the same properties for ). Hence, we focus on verifying that @’
is irreducible. To verify this, we need to show that for any arbitrary = and y in Z%op, there is a sequence
T =Tg,...,Tn =Y in Ziop such that Q' (z;_1,x;) > 0 for all¢in {1,...,n}. To that end, we fix any arbitrary
x and y in Ziop. Because y belongs to the top class Ziop, there is a sequence z = zg,...,z, =y in &
such that Q(z;_1,x;) > 0 for all 7 in {1,...,n}. As z¢ is in the top class and Q(zp,x1) > 0, it follows
from Eqn. that z; belongs to the top class Ziop. Repeating this argument, we obtain that the entire
sequence =1, ..., %, belongs to the top class Ziop. Consequently, Q' (x;—1,2;) = Q(z;—1,x;) > 0 for all 7 in
{1,...,n}, as required.

To prove the second part of the stated, we recall from Section that as @’ is irreducible, it has a unique
limit distribution 7/, that satisfies the equilibrium condition

(Vy € Ziop) Y, mho(@)Q(x,y) = 0.

€ Ztop

Observe that, for all y in Ziop,

0= Y T@Qy) = 3 ™ @)Qy). (F.3)

€ Zrop re€X

where we let 7* be the distribution on £ given for all x in 2 by 7*(z) = 7l () if z is in Zicp and
7*(x) == 0 otherwise. Furthermore, it now follows from Eqn. (F.2)) and our definition of 7* that

Z m(z)Q(z,y) =0 for ally € 2"\ Ziop-

zeX
The above equality and Eqn. imply that 7* satisfies the equilibrium condition for . As the only
distribution that satisfies this equilibrium condition is the limit distribution 7, of @), we have proven that
T = M. To obtain the second part of the stated, we observe that (7, f) = (7*, f) = (z’, f’), where the
second equality holds because 7*(z) = 0 for all z in 2"\ Ziop. O

Lemma 41. Let Q be a transition rate matriz and ¢ in Rsq such that §||Q|| < 2. If Q is ergodic, then
(I +6Q) is ergodic in the sense of [27, Definition 4.7].

Proof. Fix any § in R+ such that 6[|Q|| < 2. By Lemma[28] T := (I + 6Q) is a transition matrix. That 7" is
ergodic if @ is ergodic follows from several other results. It follows from [25], Theorem 8|, [28, Proposition 7]
and [28, Definition 2] that for all f in Z(2"), limy,— oo (mo, T" f) exists and does not depend on the initial
distribution mg in 2(2"). Because this is clearly equivalent to the condition in [27 Definition 4.7], we have
proven the stated. O
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Appendiz F.2. Ergodicity and irreducibility in the imprecise case

Just like precise Markov chains, their imprecise counterparts also have some nice ergodic properties. For
a detailed exposition of these properties, we refer the interested reader to our previous work [13], 25]. We
here only mention the definitions and results that we will need in the remainder.

Definition 7 (Definition 6 in [13]). The lower transition rate operator @ is ergodic if, for any f € £(2°),
lim;_, 1 oo T4 f is a constant function.

Note the similarity between Definition [2] and Definition [7] In fact, the former is just the precise version of
the latter. Therefore, it should not come as a surprise that the accessibility relation - ~~ - has an imprecise
counterpart. Following [13 Definition 7], we say that a state x is upper reachable from the state y, denoted
by y — =z, if there is a sequence y = g, ..., z, = = in 2 such that [QL,,](z;—1) = —[Q(~1L,)](z;—1) > 0 for
all ¢ in {1,...,n}. -

Definition 8. The lower transition rate operator @ is called irreducible if
Ziop ={ze X WeX)y—a}t=2.
Corollary 42. If the lower transition rate operator Q is irreducible, then it is ergodic.
Proof. This is an immediate consequence of [I3], Theorem 19]. O

Note that Corollary [A2] resembles Proposition [0} although the latter establishes a necessary and sufficient
condition for the ergodicity of a transition rate matrix Q while the former only establishes a sufficient
condition for the ergodicity of a lower transition rate operator (). Similarly, the following result resembles
Proposition in the sense that it establishes the convergence of (I + Q" f.

Corollary 43. If the lower transition rate operator Q is ergodic, then for any f in L (Z) and 0 in R
with 0]|Q| < 2, (I +0Q)"f converges to a constant function in the limit for n — +o0.

Proof. Fix any § in Ry such that §||Q|| < 2 and let T := (I + 6Q). Then by [25, Proposition 3], T is a
lower transition operator. Furthermore, since @ is ergodic, it follows from [25, Theorem 8] and either [28|
Proposition 7] or [29, Theorem 21] that the lower transition operator T is also ergodic, meaning that, for all
fin Z(Z), lim,— 100 T"f = limy, 100 (I + Q)™ f exists and is a constant function. O

Appendiz F.3. Bounding limit expectations

Lemma 44. Let Q) be a transition rate matriz and A: 2~ — Z a lumping map. If Q is irreducible, then Q
is irreducible as well.

Proof. To prove that Q is irreducible, we need to verify that & — ¢ for all #, in % . Observe that, by

definition, £ — & for all Z in Z. Hence, we now consider any Z, 4 in % such that & # ¢, and verify that
indeed & — g.

Fix any z in A=%(%) and y in A=(¢). Then as @ is irreducible, it follows from Proposition |§| that there is
a sequence T = g, ..., Ty =y in Z such that Q(x;—1,2;) >0 for all ¢ in {1,...,n}. If for all ¢ in {0,...,n}
we let Z; := A(x;), then Zo, ..., &, is obviously a sequence in % such that Zo = # and 2, = 9. It may occur
for several indices j in {0,...,n — 1} that there are consecutive entries &;,Z;41,... that are all equal to
Z;. For each of those indices j we delete these consecutive entries Z;11,... from the sequence; this way,
we end up with the shorter sequence Z;,...,%;,, in ,%}, where {ig,...,%4m,} is an increasing subsequence of
{1,...,n}. Note that by construction Z;, = &, &;,, = § and #;,_,, # 2;, for all kin {1,...,m}.

Fix now any k in {1,...,m}. Unfortunately, it does not necessarily hold that Q(;, _,,,z:,) > 0. However,
we have removed the consecutive entries in such a way that Q(z;,—1, ;) > 0. Because clearly z;, 1 € Tig_y,
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and z;, € &;,, it now follows that

[Q]Ijik](i‘i(k—l)> = _[Q(_]Liik )](’f;i(k—l))
= —minq — Z Lz, (9) ZQ(x,y): T € Ty,

jeX yEY

= max Z H.’izk (Cg) Z Q(Qj,y) S ‘i:i(kfl) = max Z Q(xvy) S jji(lcfl)
geX YyEY YELiy
> Z Q(zi—1,y) = Qi —1,75,) > 0,

YET;

where the second inequality holds because #;, , # &;, implies that z; 1 # y for all y in AL(#y,).
Consequently, § — &, as desired. O

Proposition 11. If Q is an ergodic transition rate matriz, then for all f in L(Z"), § in Rsq with §||Q] < 2,
and n in Ny,
min(7 +0Q)" f < (Teo, f) < max(I +5Q)" f.

Furthermore, the lower and upper bounds in this expression become monotonously tighter with increasing n,
and converge to (T, ) as n approaches +oo.

Proof. Fix any ¢ in R such that J§||Q| < 2, and let T':= I + §@. We recall from Lemma that T is an
ergodic transition matrix. For all f in £ (2),

<7Tooan> = Eﬂoc(Tf) - Eﬂm((I+5Q)f) = Eﬂm(f) +§E7roo(Qf) - <7Tocaf> + 5<7TOOan> = <7Tooaf>a

where the third equality follows from the linearity of the expectation E._ and the final equality holds because
(Too, @f) = 0 due to the equilibrium condition for Q. This equality is exactly the equilibrium condition
for the ergodic transition matrix 7. As 7., satisfies this condition, it follows from [27, Definition 4.7 and
Theorem 4.5] that lim,, oo [T f](2) = (7eo, f) for all f in L (Z) and z in 2.

Fix now any f in .Z(%2") and consider the sequence

{mln(‘[ + 5Q)nf}n€No = {min Tnf}n€N0~

From the previous, we know that this sequence converges to (7, f) in the limit for n — +o0. Since T is a
transition matrix—that is, has non-negative elements and rows that sum up to one—min g < min7Tg for all
g in Z(Z). It now follows from repeated application of this inequality that the sequence {minT™ f},cn, is
non-decreasing. A similar argument shows that the sequence {maxT" f},¢cn, is non-increasing and converges
t0 (Too, f) as well. O

Theorem 12. Consider an ergodic transition rate matriz Q and a lumping map A: X — % . Then for all
fin L(Z), § in Rug with 6||Q| < 2, and n in Ny,

min( +6Q)" fr. < (e, f) < max(I + 6Q)" fo.

Moreover, for fixzed §, the lower and upper bounds in this expression become monotonously tighter with
increasing n, and each converges to a—possibly different—Ilimit as n approaches +o0o. If Q is furthermore
irreducible, (I + (5@)"fL and (I + 6@)”]% both converge to a—possibly different—constant function as n
approaches +0o.
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Proof. As we have seen multiple times before, it suffices to prove the stated for the lower bound, as the
stated for the upper bound follows from applying the stated for the lower bound to g := —f, because

<7Tooag> = _<7TOO7f> and gL = _fU'
We now set out to prove the statement for the lower bound. As the expectation operator E._ defined by

the limit distribution 7., is monotonous, Lemma {40 implies that
(Toos ) = En () = Ex (fr o A) = (oo, fr o A). (F.4)
Observe now that
(oo f) 2 (Too, fr 0 A) > min(I +6Q)"(fr. o A) > min[(I + Q)" fr. o A] = min(I + Q)" fr,

where the second inequality follows from Proposition [LI| and the third inequality follows from Lemma
We end this proof by verifying the statement concerning the monotonous convergence of the lower bound.
To that end, we first prove that

ol < Il (F.5)
By [25] Proposition 4],
||QH = QmaX{—[Q]Ij](i): e 2}
We now use some properties of the transition rate matrix ) and execute some straightforward manipulations,

to yield Eqn. (F.5):

1QI = 2max{ —mind > L(#) > Q@.y):zeipied
jex yEY
= 2max<{ — min ZQ(m,y):xe:ﬁ e Z

YET

= 2max{ max —ZQ(m,y):xe:ﬁ e d

YET

< Zmax{max{—Q(x,x): rET}: T € ,%7} =2max{—-Q(z,x): z € 27} = ||Q|

Since 4||Q|| < 2, it follows from Eqn. (F.5) that 5\|Q|| < 2. Therefore, (I + 5@) is a lower transition
operator by Lemma Recall from |(LT5)| that min ¢ < min(I 4+ 6@) < max(I + 5Q)g < max g for all § in

ZL(Z). By repeatedly applying these inequalities, we obtain for all n in Ny that
min fi, < min(I + 5@)”& < min(J + 6@)"“]& < max(I + 5@)”“& < max(I + SQ)"]EL < max f.

From this, we infer that {min(7 4+ 5@)" fL}neNO is a bounded, non-decreasing sequence of real numbers, and
therefore this sequence converges to some real number by the Monotonous Convergence Theorem. If Q is
furthermore irreducible, then it follows immediately from Lemma [44{ and Corollary 43| that (I + 6Q)" fy,
converges to a constant function as n approaches +oco. O

Theorem 13. Consider an ergodic transition rate matriz Q and a lumping map A: 2 — % . Then for all
ACPZ N and f in 2(2),
min{(f, fr.): # € D4} < (oo, f) < max{(#, fv): 7 € 24}
with . A A A
Dy ={re2(X): (VAec A) (7,QI;) <0}.

6Here and in the remainder, we denote the power set of the set S by P(S).
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Proof. Recall from the beginning of the proof of Theorem [12| that we only need to prove the left inequality
of the stated. Furthermore, recall from Eqn. (F.4) that

<7TOO7f> > <7TO<>5 fL © A>
Note that
(Tocsfroh) = 3 Fulh@)mac(@) = 3 f@) S (@) = 3 Ful@)ioo(@) = ooy ),
zeX e TET ieZd

where fiog: Z — R: & — > wci Too(2). Combining the previously obtained inequality with the above
equality yields R
<ﬁ-oova> S <7T007f>'

Hence, the stated follows if 7, is contained in 9 i
We now set out to prove this using the equilibrium condition of Eqn. . To that end, we observe that
it suffices to verify that for all A in A,

<7}007QHA> <0.

Therefore, we fix an arbitrary Ain A By repeatedly applying Eqn. , we obtain

0=2_> > m)Q.x).

scAz€ETYyed

We now reorder the summations, to yield

0= 7uly) DD Qo)=Y moly) Y Qy,2)[[z0A(2) = Y moe(®)[QLs 0 A)](y)

yex SeATED yex e X yex
> 3 o) QL AW) = D QL) Y mooly) = D [QL41(5) 7o (9)
yex ex yey yex
= (1o, Ql ),
where the inequality follows from Lemma O
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