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Abstract

A silent step in a dynamic system is a step that is considered unobservable and that
can be eliminated. We define a Markov chain with silent steps as a class of Markov chains
parameterized with a special real number 7. When 7 goes to infinity silent steps become
immediate, i.e. timeless, and therefore unobservable. To facilitate the elimination of these
steps while preserving performance measures, we introduce a notion of lumping for the new
setting. To justify the lumping we first extend the standard notion of ordinary lumping
to the setting of discontinuous Markov chains, processes that can do infinitely many
transitions in finite time. Then, we give a direct connection between the two lumpings for
the case when 7 is infinite. The results of this paper can serve as a correctness criterion
and a method for the elimination of silent (7) steps in Markovian process algebras.

1 Introduction

Markov chains (see e.g. [12, 6]) have established themselves as very powerful, yet fairly simple,
models for performance analysis. There exists a well-developed and vast mathematical theory
to support these models. Efficient methods have been found to deal with Markov processes
with millions of states. They all facilitate performance evaluation using different schemes to
save storage space and enable faster calculations. However, although alleviated, the state
space explosion problem is not completely resolved and many real world problems still cannot
be feasibly solved.

One of the most important optimization techniques for the reduction of the complexity of
Markov processes is called lumping [18, 4]. Lumping is a method based on the aggregation of
states that exhibit the same behavior. It produces a smaller Markov process that retains the
same performance characteristics as the original one.

Over the past few years several stochastic process algebras have been developed in order to
allow for a compositional modeling of both qualitative and quantitative aspects of systems (for
an overview see [17, 3]). Although some of these algebras incorporate generally distributed
stochastic delays (e.g. [9, 2]), the most widely used are the ones that restrict to exponential
distributions (e.g. [14, 16]) due to the memoryless property. Typically, the employed model is
some kind of extension of Markov processes with action labels. When a system is modeled, all
action information is discarded and the system is reduced by lumping. Then, on the resulting
Markov process, analysis is performed by standard techniques.



For the stochastic process algebra IMC (stands for Interactive Markov chain) [14], the
extension of Markov processes with actions is orthogonal, i.e. actions and stochastic delays
are not combined, but interleaved (see Fig. 1a). The elimination of action information from
the model is done together with its aggregation; all actions are first renamed into silent steps
and then the model is minimized using a suitably extended notion of weak bisimulation. This
bisimulation treats interaction between (exponentially) delayable transitions the same way as
ordinary lumpability does, but the interaction of delayable and silent steps is based on the
intuitive fact that silent steps are timeless and therefore always have priority over delayable
ones.
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Figure 1: An IMC, its corresponding Markov chain with silent steps and the induced Markov
chain

To give an example, consider the IMC depicted in Fig. la. If this model is considered
closed, i.e. if it does not interact with the environment, the action a can be renamed into
the silent step 7 and, what we call a Markov chain with silent steps is obtained (Fig. 1b).
Now, assume that the process starts from state 1. The transition from state 1 to state 3
takes time distributed according to the exponential distribution of rate A. However, as the
transition from state 1 to state 2 is determined by a silent step 7; it does not take any
time, and so, due to the race-condition policy, it must be taken as soon as the process enters
state 1. Thus, the process in state 1 does not actually have a choice and always takes the
left transition, entering state 2. From state 2, there is only one possibility, to enter state 3
after an exponential delay of rate u. The execution of the silent step cannot be observed and
one sees only the transition from state 2 to state 3. Therefore, according to the intuition, the
process in Fig. 1b is performance-equivalent to the one in Fig. lc.
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Figure 2: Three equivalent Markov chains with silent steps
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Next, observe the process in Fig. 2a. In state 1 this process exhibits classical non-
determinism, i.e. the probability of executing the left (right) transition is not determined.
However, if we observe the behavior of the states 2 and 3, we easily notice that it is the same.



More precisely, no matter which transition is taken from state 1, after performing a silent
step and then delaying exponentially with rate A, the process enters state 4. This suggests
that the process in Fig. 2a is equivalent to the ones in Fig. 2b and Fig. 2c.

The main goal of this paper is to give a mathematical underpinning for the elimination
of silent steps. We propose a new approach to reduction of Markov chains with silent steps.
We treat them as more general Markov chains and extend the notion of lumping to the new
setting. The lumping is shown to correspond to the above intuition. Moreover, staying in the
domain of stochastic processes, the performance properties of Markov chains with silent steps
are automatically defined and, therefore, we can speak of the correctness of the reductions.
The approach goes in two steps.

First we extend the standard Markov chain model by assuming that some transitions are
parameterized with a special (large) real number 7 and call the notion a Markov chain with
fast transitions (Definition 4). Formalizing the idea that silent steps do not take any time, we
observe the parameterized process as 7 tends to infinity, making therefore the parameterized
transitions immediate. The limit process may do infinitely many transitions in a finite amount
of time, i.e. may be discontinuous [8]. A Markov chain that can behave discontinuously we
call a Markov process. In standard literature this model is usually considered pathological
and we only use it to justify our results. We define a notion of ordinary lumping for Markov
processes (Definition 3) and, based on that, a new notion of lumping for Markov chains with
fast transitions, called 7-lumping (Definition 5). We justify the latter notion by showing that
the following diagram commutes:

M.c. with f.t. —— M.p.
T lumin ordinary
ping lumping
7-lumped lumped
M.c. with f.t. T—00 M.p.

In the second step, we treat a Markov chain with silent steps as a class of Markov chains
with fast transitions that have the same structure but different weights assigned to silent
steps (this is achieved by introducing a relation ~). We define a notion of lumping, called
T~-lumping, directly for Markov chains with silent steps, and show that it is a proper lifting
of 7-lumping to equivalence classes. In other words, we show that 7.-lumping induces a
7-lumping such that the following diagram commutes:

M.c. with f.t. ™Y M.c. with f.t.

induced induced
T-lumping T-lumping

7-lumped AU T-lumped
M.c. with f.t. M.c. with f.t.



2 Preliminaries

All vectors are column vectors if not indicated otherwise. 1™ denotes the vector of n 1’s. 0™*™

denotes the n x m zero matrix. I"™ denotes the n x n identity matrix. When it is clear from the

context, we omit the n and m. We write A > 0 (resp. A > 0) when all elements of a matrix

or a vector A are greater than (resp. greater than or equal to) zero. By diag (A, ..., A,) we

denote a block matrix with blocks Ay, ..., A, on the diagonal and 0’s elsewhere.
Partitioning is a central notion in the definition of lumping.

Definition 1 (Partitioning) Let S be a set. A set P = {C1,...,Cn} is a partitioning of
SifS=C1U...UCn, C; # 0 and C; N C;j =0 for i # j.
The partitionings P = {S} and P = {{i} | i € S} are called trivial.

With every partitioning P = {C4,...,Cn} of S = {1,...,n} we associate the following
matrices. The matrix V € R™¥ defined as

o 0, idC;
V[Z’ﬂ:{1 ziCj

is called the collector matrix for P. Its j-th column has 1’s for elements corresponding to
states in C; and has zeroes otherwise. Note that V' -1 = 1. For the trivial partitionings, we
have V=1 and V = 1.

A matrix U € RY*" guch that U > 0 and UV = IV*N is a distributor matrix for P. Tt
can be readily seen that U is actually any matrix of which the elements of the i-th row that
correspond to elements in C; sum up to one while the other elements of the row are 0. For
the trivial partitioning P = {S } a distributor is a vector with elements that sum up to 1; for
the trivial partitioning P = {{i} | i € S} there exists only one distributor (I).

Example 1 Let S = {1,2,3} and P = {{1,2},{3}}. Then V = (é%) and U = ((51) %?) is
an example for a distributor matrix for P.

Let P; = {C4,...,Cn} be a partitioning of S and let P, = {D1, ..., Dy} be a partitioning
of P1. The composition of Py and Py is a partitioning of S defined as:

PioPy={L1,..., Ly}, Li = U C.
CceD;

Example 2 Let & = {1,...,6} and let Py = {{1,2},{3,4,5},{6}} and P, =
{{{1,2}}, {{3,4, 5},{6}}}. Then Py o Py = {{1,2}, {3,4,5,6}}.

Note that Vp,op, = Vp, Vp,.

3 Lumping Markov Processes

In this section we define Markov processes and a notion of ordinary lumping for them. Since
we drop the usual requirement that a Markov process is continuous, we generalize the existing
theory of lumpability [20].



3.1 Markov Processes

A Markov process is a finite-state continuous-time stochastic process that is homogeneous
and satisfies the Markov property [12, 6]. It is known that a Markov process with an ordered
state space is completely determined by a transition matrix (called its transition matrix) and
a vector that gives the starting probabilities of the process for each state (called the initial
probability vector).

Definition 2 (Transition matrix) A matrix P(t) € R™"™, (¢t > 0) is called a transition
matriz iff

1. P(t) >0,
2. P(t)-1=1 and
3. P(t+s) = P(t)- P(s) for all s> 0.

If limy o P(t) is equal to the identity matrix, then P(¢) is considered continuous, otherwise
it is discontinuous. Note that the limit always exists [12].

Example 3 Let 0 <p <1 and A > 0. Then
(1_]0) . e—p)\t p- e—p)\t 1_e—p)\t
P(t)y= | (1-p)- e P p.eTPA ] PN
0 0 1

is a transition matrix. It is discontinuous because

1-pp O
%iH(l)P(t): 1-pp 0] #1.
- 0 01

The following theorem gives a convenient characterization of a transition matrix that does
not depend on t.

Theorem 1 Let (II, Q) € R™*™ x R™*™ be such that:
1.II1>0, II-1=1, II? =TI,
2. IQ=QU=Q,
3. Q-1=0 and
4. Q4+ Il > 0 for some ¢ > 0.

Then P(t) = Me?" is a transition matrix. Moreover, the converse also holds: For any transition
matrix P(t) there exists a unique pair (II, Q) that satisfies Conditions 1-4 and such that
P(t) = 9.

Proof (=) Assume that (II,Q) satisfies 1-4 and let P(t) = I1e@!. We check the three
conditions of Definition 2.



1. Let ¢ > 0 be such that @ + cIl > 0. Note that matrices cIl and @ + cII commute. This
implies that
Hth _ He—cHt—i—(Q—f—cH)t _ He—cHte(Q—i-cH)t'

Clearly, e(@*t<IDt > ( 0, to prove that P(t) > 0, it remains to show that ITe~“* > 0.
From IT%2 = II it easily follows that II" = II for all n > 1. Then,

He*CHt — H Z Ct n]'_‘[n
—ct) "H”
SR

= H‘(I_‘_Z_CT)

= II-(I+1II- (e —1))
= H-e“>0.
2. For the second condition, we have
P(t)-1 = e
o
B Qntn
- H'Z n! 1
n=0
(e.)
= I (I+Zl )1
n—
0 n n
-1)t
= n!
= II-(1+0)
= 1.

Hth — H . Z Q”tn

Thus,

P(t)- P(s) = TIIe@ e
— TI2eQteQs

_ HeQ(tJrs)
= P(t+s).



(<) For the proof of the opposite direction suppose P(t) is a transition matrix. Define
P(h) —11
II =1lim P(t) and @ = lim L
t—0 h—0
Now, it is not hard to check that Conditions 14 hold. See [8, 15] for the proof that the above
limits exist and for the uniqueness proof. |

Note that, if P(t) = II - e is continuous, then it follows that II = I and that Q is a
generator matrix, i.e. a square matrix of which the non-diagonal elements are non-negative
and each diagonal element is the additive inverse of the sum of the non-diagonal elements of
the same row.

Our results do not depend on the initial probability vector nor on the exact nature of states.
So, when we speak of Markov processes, we actually mean the class of processes with the same
transition matrix but with possibly different sets of states and initial probability vectors. This
allows us to identify a Markov process that has the transition matrix P(t) = II - e9t € R™*"
with the pair (II, Q) € R™™ x R™"™ and to refer to the indices {1,...,n} as its states.
A Markov process is called (dis)continuous if its transition matrix is (dis)continuous. In
standard literature, it is always assumed that IT = I [12, 6]. We call continuous Markov
processes Markov chains.

We now explain the behavior of a Markov process (II, Q) € R™*"™ x R™*™. Note that, after
a suitable renumbering of the states, IT gets the following form [8]:

Im; o ... 00
0 I, ... 0 O
=1
0 0 ...1Iyy O

II; Iy ... Iy O

where for all 1 < i < M, II; = 1 - u; and I = §; - j1; for a row vector p; > 0 such that ;-1 =1
and a vector §; > 0 such that Zf\i 10; = 1. This numbering determines a partitioning
E={E1,....,Ey, T} of S ={1,...,n} (called the ergodic partitioning) into ergodic classes,
FEr, ..., Ey, determined by 114, ... 1T, and into a class of transient states, T', determined
by Iy, ..., II;;.

In an ergodic class a Markov process spends a non-zero amount of time switching rapidly
among its elements. This time is exponentially distributed and determined by the matrix Q.
If the ergodic class contains one state only, then ) has the form of a generator in that state,
and Q[i,j] for i # j is interpreted as the rate from i to j. For every ergodic class FE;, the
vector u; is the vector of ergodic probabilities and, for each state in FE;, it holds the probability
that the process is in that state. If a Markov process is continuous, i.e. if it is a Markov chain,
then every ergodic class F; must contain exactly one state and therefore p; = (1)

In a transient state the process spends no time (with probability one) and goes immediately
to an ergodic class (and stays trapped there). The vector §; holds the trapping probabilities
from transient states to the ergodic class E; and ¢;[j] > 0 iff state j can be trapped in some
ergodic class F;. A Markov chain cannot have transient states.

Example 4 a. For 0 < p <1, A > 0, the pair (IL, Q) defined as:

1-pp 0 —p(1=p)A —p*X pA
= [1-pp 0] Q= |—-p(l—p)A —p*X\ pA
0 01 0 0 0



is a (discontinuous) Markov process. Its has two ergodic classes £y = {1,2} and E» =
{3} and no transient states. The corresponding ergodic probability vectors are u; =
(1—p p) and pg = (1) In the first two states the process exhibits non-continuous
behavior. It constantly switches among those states and it is found in the first one with
probability 1—p and in the second one with probability p. We will see later that the
amount of time the process spends switching is exponentially distributed with the rate
DA.

b. Let, for 0 <p <1 and A\, i, p >0, (I, Q) be defined as:

O0Opl-p0O
i (000 0) e

00 0 1

0 —pA —(1=p)p pA+ (1-p)u
©= 8_0A —Ou 2

p 0 0 —p

The ergodic partitioning is £y = {2}, Es = {3}, E3 = {4} and T' = {1} (note that
the numbering does not make the ergodic partitioning explicit since the transient state
precedes the ergodic ones). We have p; = (1) foralli =1,2,3 and §; = (p), 09 = (1—p)
and d3 = (O) If the process is in the state 1, then with probability p it is trapped in the
state 2, the only state in the ergodic class E7, and with probability 1—p it is trapped
in the state 3. It cannot be trapped in the state 4.

3.2 Ordinary Lumping

We now define a notion of lumping for Markov processes.

Definition 3 (Ordinary lumping) A partitioning P of {1,...,n} is called an ordinary
lumping of a Markov process (II, Q) € R™™ x R™*™ iff

VUIIV =11V and VUQV =QV
where V and U are respectively the collector and a distributor matrix for P.

The lumping condition actually says that the rows of IIV (resp. QV') that correspond
to the states that belong to the same class must be equal [18]. It does not depend on the
particular choice of the non-zero elements of U. To prove this, suppose that VUIIV = IIV and
that there exists U’ > 0 such that U'V = I. Then VU'IIV = VU'VUIIV = VUIIV = IIV.
Similarly, VU'QV = QV'.

Theorem 2 Let (II,Q) be a Markov process and let P = {C4,...,Cn} be an ordinary
lumping of (I, Q). Define
=0V and O =UQV.

Then (ﬂ, Q) € RV*N x RNXN ig 4 Markov process.



Proof We show that the four conditions of Theorem 1 hold.

1. Since U > 0, V > 0 and II > 0, we have I = UV > 0. Also,

IIm-1 = vnv-1
Ull-1
= U-1
=1

and, since VUIIV =11V,

2 = Unvunuv

= UIIIIV
= UV
= IL
2. For the second condition we have
9 = UIVUQV QI = UQVULV
UTIQV and = UQIIV
= UQV = UQV
= Q = Q.

3. We calculate,

Q-1 = UQV-1

= UQ-1
pu— U.O
= 0.
4. Let ¢ be such that @ + c¢II > 0. Then
Q+cll=UQV + cUNV = U(Q + cI)V > 0. n

The definition of (ﬂ, Q) does not depend on a particular distributor matrix U. To show
this, let U’ be another distributor matrix for P. Then U'IIV = U'VUIIV = UIIV. Similarly,
UQv =U0qQV. K R

If P is an ordinary lumping of (II, Q) and IT and () are defined as in the preceding theorem,
then we say that (II, Q) lumps to (I1,Q) (with respect to P). We write (I, Q) Z (IT, Q) when
P is an ordinary lumping of (II, @) and (II, @) lumps to (II, Q) with respect to P.

Note that, if (II, Q) % (I, Q) and (IL, Q) is a Markov chain, then IT = UTIV = UIV = I
and by Theorem 1, @) is a generator matrix. In this case, our notion coincides with the known
definition of ordinary lumping for Markov chains proposed in [20].



Example 5  a. Let (II, Q) be the Markov process from Example 4a. Then P = {{1,2},{3}}
is an ordinary lumping and the lumped process (II, Q) is defined by:

~ (10 A [ —pA DA
H—<O 1> and Q—<0 0).
Note that, in this case, the lumped process is a Markov chain. This example also shows

how a whole ergodic class can constitute a lumping class. It is not hard to show that
an ergodic class is always a correct lumping class.

b. Let (II, Q) be the Markov process from Example 4b. If A # u, by checking the lumping
condition for all possible partitionings, we conclude that this Markov process does not
have a non-trivial lumping. The states 2 and 3 cannot be joined in a class because they
have different rates leading to the state 4. The state 1 cannot be joined together with
the state 2 because 2 cannot reach the state 3 whereas the state 1 can. Similarly, 1
cannot be joined together with the state 3.

For A\ = ;1 however, the partitioning P = {{1}, {2, 3}, {4} } is an ordinary lumping and,
with respect to it, (II, @) lumps to (ﬂ, Q) defined as:

R 010 R 0 —X A
I=|010] and Q=0 =X A
001 p 0 —p

If A = p, also the partitioning P = {{1,2,3},{4}} is an ordinary lumping. With respect
to this partitioning (II, @) lumps to (f[, Q) defined as:

- 10 A A A
= (0 1) and Q_<p —p>’
which is a Markov chain.

The following theorem reflects the conditions of Definition 3 to the corresponding transi-
tion matrix.

Theorem 3 Let (II, Q) be a Markov process and let P(t) = IIe®* (¢t > 0), be its transition
matrix. Let P be an ordinary lumping of (I, Q). Then

VUP{#)V = P(t)V.

Proof It is not hard to show (e.g. by induction on n) that IIQ™ = Q™ and VUQ"V = Q"V

10



for all n > 1. Using this,

VUPH)V = VULV

— VUHV+ZM

n=1

oo
voQrvt
- v S

n=1

R A

n=1

> Q" V"

n=1

— (I - Z Qntn>
_ Z Oy

= HthV = P(t)V. ]

The following theorem shows that the transition matrix of the lumped process can also
be obtained directly from the transition matrix of the original process.

Theorem 4 Let (II,Q)~~ (f[ Q). Let P(t) = 1% and P(t) = TTe@! (t > 0) be the transition

matrices of (IT, Q) and (IL, Q) respectively. Then
P(t) = UP(t)V.

Proof By induction, it is not hard to prove (UQV)" = UQ"V for all n > 0. Using this and

11



that VUQ™V = Q™V for all n > 1, we have the following derivation:

[1eQ!
UTIV V@Vt

— (UQV)"t"
H ~ v 7
U VnZ:% "

o ny/¢n
UHVZUQT'V

n=0

= VuQrvir
Ull 2) —

n=0

>

n=0
UTleQty
UP(t)V.

Qn \VaL
n!

Qntn

n!

W

We finish this section by giving some relational properties of ordinary lumping. The
relation "lumps to’ is clearly reflexive (set U =V = I). We show that it is also transitive.

Theorem 5 (Transitivity of ordinary lumping) Suppose (II, Q) e (IL, Q) and (11, Q) i

(IT, Q). Then (11, Q) "> (11, Q).

Proof Let V; and U; be respectively the collector and a distributor matrix associated with

Pi i€ {1,2}. Let U = UplU; and V =

ViVs. Recall that V and U are the collector and

a distributor for P; o Ps. From (IL, Q) 2 (11, Q) we have ViU IIVi = IIV; and II = U3 IIV4.
From (ﬂ, Q) i (I, Q), we have VaUsIIVs = 1V, and II = UsIIVs. Then,

VUILV

and

Similarly, VUQV = QV and Q = UQV.

ViVaUUnTIV; Vs
ViVaUsIlVs
ViIlV,

VAU IV Vs
V1 Vs

IV

UsITVs
U UrITV; Va
UIIV.

12



4 Lumping Markov Chains with Fast Transitions

In this section we introduce an extension to Markov chains by letting them perform steps
of (drastically) different scales. In the limit these processes become Markov processes. We
define a notion of lumping for the new model.

4.1 Markov Chains with Fast Transitions

A Markov chain with fast transitions is defined as a pair of generator matrices; the first matrix
represents the normal (slow) transitions, while the second matrix represents the (speed of)
fast transitions.

Definition 4 (Markov chain with fast transitions) Let @\ and @Q; be generator matri-
ces. The Markov chain with fast transitions determined by @\ and @, denoted (Qy, @;), is a
function that assigns to each 7 > 0 the Markov chain (I, @\ + 7Q;).

We picture a Markov chain with fast transitions (Qy, @) by the usual visual representation
of the generator matrix Q) + 7Q: (see Fig. 3).

If Q is a generator matrix, then IT = lim,_, e®* is called the ergodic projection of Q. It
is proven in [12] that the limit always exists; moreover it is known (see [1] and the references
therein) that IT is actually the unique matrix such that IT > 0, II- 1 = 0, I12 = II, 1IQ =
QII = 0 and rank(IT) + rank(@Q) = n. The following theorem shows that, when 7 — oo,
a Markov chain with fast transitions becomes a Markov process and that, in this case, the
behavior of the Markov chain with fast transitions depends only on the ergodic projection of
the matrix that models the fast transitions and not on the matrix itself.

Theorem 6 Let P (t) = e@+7@) Then

lim P, (t) =¥ (¢t >0)

T—00
where IT = limy_,o, €9t is the ergodic projection of @ and Q = IIQL\II. In addition, (II, Q)
satisfies Conditions 1-4 of Theorem 1.

Proof See [5] for the first proof, or [19] for a proof written in more modern terms. See [§]
for the proof that convergence is also uniform. |

When (II, Q) is the limit of (Qx, Q) we write (Qy, @r) —oo (I, Q). In this situation, we
also define the ergodic partitioning of (Qy, @;) to be the ergodic partitioning of (II, Q).

The ergodic partitioning of (Qy, @;) can also be obtained differently. We write i — j if
Q:li,j] > 0, i.e. if there is a direct fast transition from ¢ to j. Let — denote the reflexive-
transitive closure of —. If i — j we say that j is reachable from . If i - j and j — ¢ we say
that ¢ and j communicate and write i % j. Now, it can be shown (see [12]) that every ergodic
class is actually a closed class of communicating states, closed meaning that for all ¢ inside
the class there does not exist j outside the class such that ¢ — j.

Example 6 a. Consider a Markov chain with fast transitions (Qy, @-) depicted in Fig. 3a.
It is defined with

-2 0 A —a a0
Q=0 —pp| and QG =|0 00
0O 0 O 0 00

13
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Figure 3: Markov chains with fast transitions from Example 6

The transition from state 1 to state 2 is fast and has the speed a. The other two
transitions are normal.

The limit of (Qy, @-) is obtained as follows:

t—o00

010
O=lime?t=[010]| and
001

0 —p p
Q=TQHI=10 —p u
0 0

The ergodic partitioning is F1 = {2}, E» = {3} and T' = {1}.

b. Consider the Markov chain with fast transitions depicted in Fig. 3b. The limit of this
Markov chain with fast transitions is the Markov process from Example 4a (for p = ;95).

¢. The limit of the Markov chain with fast transitions in Fig. 3c is the Markov process of
Example 4b (for p = 47 and A = p).

4.2 7-lumping

We now define a special notion of lumping for Markov chains with fast transitions introduced
in the previous section. The notion is based on the notion of ordinary lumping for Markov
processes: a partitioning is a lumping of a Markov chain with fast transitions if it is an
ordinary lumping of its limit.

Definition 5 (7-lumping) A partitioning P of {1,...,n} is called a T-lumping of a Markov
chain with fast transitions (Qy, @-) € R™*" x R™*"™ if it is an ordinary lumping of the Markov
process (II, Q) where (Q\, Qr) —oo (I, Q).

As for Markov processes, we give a definition of the lumped process by multiplying @, and
Q- with the collector matrix and a distributor matrix. Since ordinary lumping for Markov
processes is closed under Markov chains this technique gives a Markov chain with fast transi-
tions as a result. However, since the lumping condition does not hold for @y and @, but only
for IT and @, the definition of the lumped process may depend on the choice for a distributor.

14



We define a special distributor and show that it is correct in the sense that it gives a lumped
process of which the limit is the lumped version of the limit of the original Markov chain with
fast transitions.

Definition 6 Let P = {C1...,Cn} be a T-lumping of a Markov chain with fast transitions
(Qx, @r) and let T = limy_, o, €9rt. Define W € RVX™ as

0, idCy
T1[4,3] . o

peeu—— . S C R . H , > O
Wik, i] = e, M.l k Z]eCk [, 4]
1 y . .

1Cxl’ i € Cr, 2 jec, 114,51 =0

\

for 1 <k < N. Define Qy, Q- € RNV ag
Q,\ =WQ\V and QT =WQ.V.
We say that (Qy, Qr) T-lumps to (QA, QT) (with respect to P).

Let us explain the form of W. We consider it as a matrix that gives weights to the elements
of @y and @);. The weights are normalized to fit the form of a distributor. States that belong
to ergodic classes are identified by the fact that their diagonal elements in II are greater than
zero. The transient states have diagonal elements in II equal to zero. An exponential rate
that goes out of a state in an ergodic class is weighted according to its ergodic probability.
The transient states do not influence the ergodic probabilities, so transient states that are
lumped together with states from ergodic classes are assigned zero weight. We have complete
freedom when lumping transient states with other transient states because they play no role
when 7 goes to infinity. We choose to assign them equal weights.

Example 7 a. Consider the Markov chain with fast transitions depicted in Fig. 3a. We
show that {{1,2},{3}} is its 7-lumping and that the process 7-lumps to the one in
Fig. 4a. We obtain

10
V=|10 and W—(g(l)(l))
01

The conditions for 7-lumping hold:

—p p

VWHQIV = | —p p | = HQIIV
00
10

and VWIV = [10| =1V
01

The lumped process is defined by the following two matrices and is indeed depicted in
Fig. 4a:

A o —pop A (00
QA—WQAV—<0 0>,QT—WQTV—<O 0).
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This example illustrates how, in transient states, fast transitions have priority over slow
transitions.

. Consider the Markov chain with fast transitions depicted in Fig. 3b. It is easily checked
that {{1,2},{3}} is a 7-lumping of this Markov chain with fast transitions. We obtain

Lb 40 . _% LAb A
— a+ a+ — a+ a+ —
w < 0 0 1> ) Q)\ < 0 0 > 5 QT 0.

So, the process 7-lumps to the one in Fig. 4b.

This example shows that when two ergodic states with different slow transition rates
are lumped together, the resulting state is ergodic and it can perform the same slow
transition but with an adapted rate. The example also shows that the Markov chain
with fast transitions of Fig. 3b spends an exponentially distributed amount of time with
rate ;—J:‘b switching between the state 1 and the state 2.

. Example 5b shows that for the Markov chain with fast transitions depicted in Fig. 3c,
the partitionings P = {{1},{2,3},{4}} and P = {{1,2,3},{4}} are 7-lumpings. For
the first partitioning we have

1000 00 0
w=[ollo],d=[0-x )],
0001 p 0 —p

—a—b a+b 0
Q= o 0 0
0 0 0

For the second partitioning we obtain

OO o (A g
W_<0001 7Q)\_ p _p 7Q7'_0‘

The two lumped Markov chains with fast transitions are depicted in Fig. 4c and Fig. 4d
respectively.

This example shows that 7-lumping need not eliminate all silent steps (Fig. 4c). It also
shows how transient states can be lumped with ergodic states, resulting in an ergodic
state (Fig. 4d).

The following example shows some Markov chains with fast transitions that are minimal

in the sense that they only admit the trivial 7-lumpings.

Example 8 a. Consider the Markov chain with fast transitions in Fig. 5a. From Exam-

ple 5b it directly follows that, for A # u, this Markov chain with fast transitions does
not have a non-trivial lumping.

b. The Markov chain with fast transitions in Fig. 5b also has only the trivial lumpings

(unless A = p and then the states 3 and 4 can form a lumping class).
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Figure 5: Markov chains with fast transitions without non-trivial 7-lumpings — Example 8

¢. The Markov chain with fast transitions in Fig. 5¢ has only the trivial lumpings if A # p
and b # c. If A = p then the states 3 and 4 can form a lumping class. If b = ¢ then the
states 1 and 2 constitute a lumping class.

Definition 6 induces the following diagram:

(Q)\) QT) F—— (Ha Q)
T lumpin ordinary
ping lumping

(@ Q) (I, Q)

For the definition to be sound, we have to show that the diagram can be closed, i.e. that

(Q)\a Q‘r) T—00 (ﬂ’ Q) :

We first show some properties of the matrix W. For that we need a more refined numbering
of states. The required renumbering is based on the following lemma. The lemma expresses
an important connection between the ergodic partitioning and the lumping partitioning. If
two lumping classes contain states from the same ergodic class, then whenever one of the
lumping classes contains states from another ergodic class, the other must also contain states
from that ergodic class.
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Lemma 1 Let (Q\, @-) be a Markov chain with fast transitions and let £ = {E1,..., Ey, T}
be its ergodic partitioning. Let P = {C1,...,Cn} be a 7-lumping of (Q\, Q). Then, for all
1<i,j<Mandl1<k¢{<N,if E;NC, #0, E;NC; # 0 and E;NCy, # 0, then E;NCy # 0.

Proof Let II be the ergodic projection of Q.. Let the numbering be such that makes the
ergodic partitioning explicit and that, in each ergodic class, states in a lumping class with
a lower index precede states in a lumping class with a higher index. Then, II; is a square
matrix of the following form:

where, for some 1 < k < N, qu(k) is the restriction of the vector u; to the elements that belong

in Ck. Note that it can be the empty vector.
Let V be the collector matrix associated with P; then

Vi

v=| | and V= diag (1'Emcll,...,1|EzﬂcN|>, 1<i<M
Vi

(transient states are not important for this lemma).
Define, for every 1 < i < M, a row vector o; as:

(k) .
O'i[k]: H; -1, Ezmck#@
0, EZﬂCk:(Z)

for 1 < k < n. Note that o;[k] > 0 iff E; N Cy # 0. Then
IV 0

IV = and ILV, =105, 1 <i< M.

Iy Var O

Suppose now E; NCy # 0, E;NCy # 0 and E; N Cy, # 0 for some 1 < ¢, < M and
1 <k,¢ < N. This implies that o;[k] > 0, 0;[¢] > 0 and o;[k] > 0. By the lumping condition
all rows of II;V; and II;V; that correspond to the class Cp must be equal. Since both IL;V;
and II;Vj, are matrices that consist of equal rows, we have that o;[{] = o;[k] = 0[k] = 0[]
Therefore, o;[¢] > 0. We conclude that E; N Cy # 0. [ ]

Let P ={C1,...,Cn} be alumping and let £ = {E1, ..., Ey, T} be the ergodic partition-
ing. Let C4,...,Cp contain states from ergodic classes (and possibly some transient states
too) and let Cr41,...,Cn consist only of transient states. By Lemma 1 we can rearrange
C1,...,Cn and Ey, ..., E) and divide them into S blocks as follows. Let Ejq, ..., Ej, and
Cit,...,Ci, (1 <1< S) denote the ergodic and lumping classes such that, for all 1 < j < e;,
1 <k < ¢, EjNCy # 0, and that E;; has no common elements with other partitioning
classes. Note that L = Zle ¢;. We then renumber states such that those that belong to an
ergodic class with a lower index precede those that belong to an ergodic class with a higher
index (assuming the lexicographic order). We also renumber transient states to divide them

18



into those that are lumped together with some states from ergodic classes and those that are
lumped only with other transient states.
We give an example of such renumbering.

Example 9 Consider the Markov chain with fast transitions depicted in Fig. 6a. Its ergodic
partitioning is £ = {F1, Eq, E3, T} where Ey = {2,5}, Es = {6,8}, F3 = {4,7} and T' = {1, 3}
(note that the ergodic classes can also be numbered differently). Let P = {C},Cs,Cs,Cy}
where C7 = {1}, C2 = {2,4}, C3 = {5,7} and Cy = {3,6,8}. It is directly checked that P is
a 7-lumping. Note that the ergodic classes F; and FEs3 share states from the lumping classes
Cy and C3 and that FEs shares states only with C4. So, L = 3 and S = 2. Note that the
transient state 3 lumps together with the ergodic states 6 and 8, and that the transient state
1 lumps alone. We renumber ergodic and lumping classes as F1 — E11, E3 +— E19, Co — Cq1,
C3 — Cia, Ey — FEo1, C4 — C91 and Cq — (3. Then, we renumber states as 2 +— 1, 5 +— 2,
4—3,7—4,6—5, 8—6,3— 7,and 1 — 8 The new Markov chain with fast transitions
is depicted in 6b.
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Figure 6: Markov chain with fast transitions before and after the renumbering of states —
Example 9

The effect of the renumbering is that the matrices II, V' and W get the following forms:
I, o ... 000
0 I, ... 00O
0 0 ...75 00
I, II, ... IIg 0 O
I, I, ... IIs 0 O

Hi = dlag (Hila e 7Hie¢) Hij = ]_IE”| . ,ul-j
M= ... M) 1
ﬁi = <ﬁi1 ﬁiei) ﬁij = gz’j * Mg,

where the matrices II; and ﬁz respectively represent the transient states that are lumped
together with ergodic classes and the ones that are lumped only with other transient states;
the vectors d;; and ¢d;; are the corresponding restrictions of the vector d;;.
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The collector matrix V' associated with P now has the following form:

Vi 0 ... 0 O
o V, ... 0 O
) .2 ) . Vi1
0O O . Vs O V
Vl VQ . VS 0 16
0 O .0V
Vi = ding (100 1B
Vi = dlag (]_‘Tmciﬂ’ ceey 1|Tmcici|>
V= diag (1|TOCL+1|, e 1|THCN‘) .

Let ,ul(f) denote the restriction of y;; to the elements of Cj,. Then

Eil . 1 i
i1V 1 <“§1) 1 1)
LVi=| © |= :

Wie,; Vie, 11| (Mg? -1 ... ugzz) . 1)

By the lumpability condition, rows of 1I;V; that correspond to the same partitioning class are

equal. This implies that
4 4
F%(j) 1= Mz(k) -1,

forall 1 <j,k <e; 1 <€ < ¢ Define a row vector p; as

(for any 1 < j < e;). Then
1ijVi; = pi, for any 1 < j <e;, and IL;V; =1 - p;.
The matrix W of Definition 6 has the following form:
Wi 0 ... 0 00
0 Wo... 0 0O
w=| oo
0 0 ... Wg 0O
O 0 ... 00W

Wi = (Wi ... Wi,)

W = diag (.41, -, @)
where
1 e 1 .,
i by s 1y i
Wij:dla.g W,,ﬁ :f‘.dla‘g ‘17_.', =
D et Mgy 1 he1 Mip -1 €i pill] pilci]
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and

G~ (g - @) €R
The following lemma gives an important property of the matrix W.
Lemma 2 Let I,V and W be as in Definition 6. Then
nvVwiIl =1vw.
Proof To prove that IIVWII = IIVW it suffices to show that
X, ViWiIL = X, VW for all X; € {IL;, T0;, IL}, (1<i<S).

This is equivalent to
i Vis Wil = pii Vii Wi, (1 <4,k < e;)

and that to
piWirIliy, = piWig, (1 <k <e;).

We calculate

1 N A
Wi = — - (pil] ... pilci]) - dia, L, = = Lk,
pPivVi e (pz[ ] p%[ z]) g pi[l] pi[ci] o i
and so
1
piWirIlyy = o Hik - 1
(3
1
= 1
€
= piWi. m

We write (Qx, @r) f»T (QA,QT) when P is a 7-lumping of the Markov chain with fast
transitions (Qy, @) and when (Qy, @;) T-lumps to (Qy, Q) with respect to P.
We are now ready for the soundness proof.

Theorem 7 Suppose (Qx, Q) “r (Qr, Q). (Qr, @) —oo (IL Q) and (IL,Q) % (I1, Q). Then
(Q/\? QT) oo (ﬁ7 Q)

Proof By Theorem 6, we have to show that IT is the ergodic projection of Q, and that
QNI = Q.

For the second part, using Lemma 2, we have the following derivation:

oI = UV \VUIlV

UITIVWIIQ\IIV
UTITIO\ITV
UTIQ\ITV
uQv

A~

= Q.
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By Theorems 1 and 2 we have that I >0, II1-1 =1 and that 12 = IL.

We also derive I1Q, = UIIVWQ,V = UIIVWIIQ.V = 0 since IIQ, = 0. Similarly,
Q11 = WQ,VUIIV = WQ,IIV = 0 since Q.11 = 0.

Now we prove that rank(IT) + rank(Q,) = N.

First, we compute II:

wilLhva 0 ... 0 0
0 WhILV ... 0 0

M=wnv=| : VO
0 0 ... WgllgVg O

WILV, WLV, ... WIgVs 0

where W;ILV; =W;-1-p;=1-p;

Since IT is idempotent, its rank is equal to its trace and so:

A~

rank(Il) = trace(II)

S
= Z trace(W;I1;V;)
i=1

S
= Ztraee(l - i)
i=1

= 51
= 8.

We now show that rank(Q;) = N — S.

Note that a generator is called irreducible if there does not exist a renumbering after which
it is represented as (f‘)/ ,%/) for some (non-empty) square matrices A’ and B. It is known (cf.
[11]) that, in a numbering that makes the ergodic partitioning of (Qy, Q) explicit (and our
numbering is just a more refined one), @; has the following form:

Q0 ...0 00
0 Q... 0 00

QT: 0 0 QS 0 0 Qi:diag(Qily-'~7Qiei)7
Q1 QQ QSQQ/
Q1 Qs Qs Q Q

where Q;; are irreducible and (g g) cannot be further reduced (after any renumbering) to

(60 5//) such that Q" is an (irreducible) generator matrix.
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We compute QT:

W1Q1V1 0 L. 0 0
0 WaQaVo ... 0 0
0 0 .. WsQsVs 0

—~ (Vi —~ [ G2V ~ (QsVs\ —~ ~ ~
W(?}N) W(?ﬁﬂ) W(Ciis) WQ'V
QV1 QVa QVs

WiQiVi = > Wi;QiVij.

Jj=1

and

Since by Theorem 2 Q- isa generator matrix, to show that rank(QT) = N —S it is sufficient
to show that, for all 1 < ¢ < 5, W;Q;V; is an irreducible generator matrix and that WQV’ 1%
cannot be represented in a form (g 9(), where G is an irreducible generator matrix.

That W;Q;V; is a generator follows directly from the form of QT. We prove by contradiction
that W;Q;V; is also irreducible. Note that the matrix W;Q;V; is a restriction of QT on the

states Cj1,...,Ci,. Let us assume that W;Q;V; is not an irreducible matrix. Then we can
number the states such that W;Q;V; = (’3 g ), for some square matrices A and D.

Using the same numbering (but now the states Cj; are classes of states) we obtain the
following forms of W;;, @;; and V;:

Wz/ 0 Az Bz ‘/i/' 0
vo-(By)  am(ll) wn (55
(%] )

where A;j, D;; are square matrices for 1 < j < ¢;. We compute:

. S WAV W BV
WzQsz: WzQsz: < 17778 Vg 1771 zg)
; 3 &ij Vij ; WZZCZJY/Z; WZ’]’D”VZ’]’

Clearly, one obtains 251:1 WZ’J’CUVZ’] = 0. The matrix W;Q;V; is a generator, so Cj; > 0.
However, W;; has a positive diagonal and V;; is a collector matrix, so we conclude that
C;j = 0. Contradiction, because @);; is an irreducible matrix for every 1 < j < ¢;. Thus,
W;Q;V; is irreducible. -

Assume now that there exists a numbering in which W@’ V= (g %) and G is an irre-
ducible generator matrix. Similarly as in the previous proof we conclude that in this num-
bering Q' = (A 0 ) for some square matrices A and B. To obtain the contradiction we need
to show that A is a generator.

Because Q; is a generator matrix, WQlV + WQV = ( 9 ) for all 1 < ¢ < S and some

matrix X;. Note that Ql, Q > 0 and W is a distributor matrix for the collector matrices Vi
and V;. We conclude that Q and QZ have the form Q ( ) and QZ = ( 1) Now, because

Q- is a generator matrix we conclude that A is a generator matrix. |

We now consider to what extent 7-lumping is transitive. In general, 7-lumping is not
transitive. Consider the following example.

23



Example 10 Let S = {1,...,4}, P1 = {{1,2},{3},{4}} and P, = {{{1,2},{3}},{{4}}.

We have
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The resulting Markov chains with fast transitions are not identical but they have the same

limit. If one loosens the criterion for transitivity and only considers infinite behavior, 7-
lumping becomes transitive. This is shown in the following theorem.

Theorem 8 (Transitivity of 7-lumping) Suppose (Qy, @r) &T(QA, Q.), (Ox, Q) &T(Q)\, Q)
a‘nd (QA?QT) 0 (H7 Q) Then

P1oP2

/\/\—)T

(Q)n QT) (Q)l\v QJ—)

for some Markov chain with fast transitions (Q},Q.) such that
Proof That P; o Py is a good 7-lumping follows directly from Theorem 5. What needs to
be shown is that lumping directly with the composed partitioning results in a Markov chain
with fast transitions that has the same limit as (Qx, Qr).

Let V = ViV, Assume that Q) = WQ;V for i € {\,7} and let (Q}, Q) — (II', Q).
We show that II' = II and Q' = Q.

Clearly IT' = WIIV = UIIV = II. By Lemma 2, HVWII = IIVW, so we have

Q = QI
= QI
UIIVWQ VULV
UTIVWIIQ\IIV
UTI2Q\IIV
UTIQ,\IIV
= Q. [ |

Remark 1 It is not hard, only notationally quite cumbersome, to show that, if there are no
partitioning classes that contain only transient states, the notion of 7-lumping is transitive
also up to isomorphism.
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5 Lumping Markov Chains with Silent Steps

We define a Markov chain with silent steps to be a Markov chain with fast transitions in
which the speeds of the fast transitions are considered not known. In other words, a Markov
chain with silent steps is obtained by abstracting from the speeds in a Markov chain with fast
transitions. We give a notion of lumping that satisfies the following criterion: the lumping is
good if it induces a 7-lumping for all possible speeds of fast transitions and, moreover, the
slow transitions in the lumped process do not depend on those speeds.

5.1 Markov Chains With Silent Steps

First, we introduce an equivalence on matrices.

Definition 7 (Matrix grammar) Two matrices A, B € R"*" are said to have the same
grammar, denoted A ~ B, if for all 1 <i,5 <n, A[i,j] =0 iff B[i, j] = 0.

Example 11 For a,b,c # 0, matrices (§ §) and (2§) have the same grammar.

A Markov chain with silent steps is a class of Markov chains with fast transitions of which
the generator matrices that model fast transitions have the same grammar; abstraction from
the speeds is achieved by identifying generator matrices that have the same grammar.

Definition 8 (Markov chain with silent steps) A Markov chain with silent steps is a
pair (Qy, [@Q-]~) where (Qx, Qr) is a Markov chain with fast transitions.

If (@, [Q]~) is a Markov chain with silent steps, it is visualized as the Markov chain
with fast transitions (Qy, @) but omitting the speeds on 7 transitions. Note that the notions
of reachability, communication and ergodic partitioning are speed independent, and so they
carry over to the setting of Markov chains with silent steps naturally.

5.2 7.-lumping

In this section we introduce a notion of lumping for Markov chains with silent steps, called
T~-lumping, and show that it is a proper lifting of 7-lumping to equivalence classes of the
relation ~. First we give an example that shows that not every 7-lumping can be taken for
T~-lumping.

Example 12 a. Consider the Markov chain with silent steps depicted in Fig. 7a. The
Example 7b shows that the partitioning P = {{1,2}, {3}} is a 7-lumping for every
possible speeds given to the silent transitions. However, the slow transition in the
lumped process depends on the speed of the fast transitions.

b. Consider the Markov chain with silent steps depicted in Fig. 7b. The Example 8c
shows, that although for some speeds the partitioning {{1,2}, {3}, {4}} is a 7-lumping,
it need not be so for some other speeds.

Carefully restricting to the cases when 7-lumping is “speed independent” we come up with
the following definition for 7.-lumping.
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Figure 7: Markov chains with silent steps — Example 12

Definition 9 (7~-lumping) Let (Qy, [Q-]~) € R™" x R"*" be a Markov chain with silent
steps and let {E1, ..., Bz, T'} be its ergodic partitioning. Let P be a partitioning of {1,...,n}.
Let, for all ¢ € {1,...,n}, erg(i) = {j € Uj<p<ps Er | ¢ = j} be the set of all ergodic states
reachable from the state . Let for all C' € P, erg(C)) denote |J;. erg(i). We say that P is a
T~-lumping of (Q, [Qr]~) iff

1. for all C' € P at least one of the following holds:

(a) erg(C) C D, for some D € P.
(b) erg(C) = E;, for some 1 <i < M.
(¢) C CT and i — j, for exactly one i € C and some j & C,

and

2. for all C € P, alli,j € C'N (UlngM Ek> and all D € P such that C # D,

DAL= Al

teD teD

Condition la says that the ergodic states reachable by silent transitions from the states
in C are all in the same lumping class. Condition 1b says that the ergodic states reachable
by silent transitions from the states in C constitute an ergodic class. Condition 1c says that
C is a set of transient states with precisely one (silent) exit. Conditions la and 1b overlap
when E; C D. If, in addition, C' contains only transient states and has only one exit, all
three conditions overlap. Condition 2 says that every ergodic state in C' must have the same
accumulative rate to every other lumping class.

We now show that a 7.-lumping of a Markov chain with silent steps induces a grammar
preserving 7-lumping of any Markov chain with fast transitions to which it corresponds.

Theorem 9 Suppose (Qy, [Q-]~) “’ETN (QA, [QT]N) Then (Qy, Qr) ~7Z>T (Q)\,QT), and for all

A~

@, ~ @ it holds that (Qx, @) - (Qr, @) and @} ~ Q.

Proof We first show that P is a 7-lumping for all (Qy, Q.), where Q. ~ Q.. Let (Qx, Q) =
(I1, Q). We have to show that VUIIV = IIV and VUQV = QV. Recall that VUIIV = IV
is equivalent to the condition that the rows of IIV that correspond to the states that belong
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to the same partitioning class are equal. Note that this is the same as saying that, for all
C,D € P, the vector II(°"P) . 1 has all elements equal (H(C’D) denotes the restriction of II to
the elements of C' row-wise and the elements of D column-wise). By E we denote the set of
ergodic states, i.e. E =M, E;, where E; are the ergodic classes. We refer to [12] for the
property that j € erg(d) iff I1[s, j] > 0.

Consider IT(¢-P) for some C, D € P. We distinguish three cases according to the conditions
of Definition 9.

Assume that Condition la holds. Suppose i € C' N E. Since erg(i) C D and i € erg(i),
we obtain that ¢ € D. Because P is a partitioning, it follows that C' = D and erg(i) C C.
From erg(i) C C, it follows that II{HF) = 0 for all F # C. Recall that II is a stochastic
matrix, so IT{HC) .1 = 1. Now, assume that i € C N T. From erg(i) € D we conclude that
HUF) = 0 for all F # D. Let K C {1,..., M} be such that Ej, C D for all k € K. Then,
> rex Oxli] = 1, because i is trapped only in the ergodic classes contained in D. One calculates
ARD) 1 = 50 e 0li] - i - 1 = 3 Ok[i] - 1 = 1. We conclude that if Condition la of
Definition 9 holds then either II(¢:F) .1 =1 or (%) . 1 = 0, for every F' € P, so G |
always has equal elements.

Next, assume that Condition 1b of Definition 9 holds. Assume that i € C N E and
erg(C) = Ej, for some 1 < j < M. Then one concludes that i € Ej, so C C E; and
C = D. Thus, the restriction II{#HDP) presents a part of an ergodic vector for all i € C,
so HED) = [1(¢0) = 1 -,ug.D). Note that II(¢F) = 0 for F N E; = (. Now, assume that
i € CNT. Since erg(i) = E;, one concludes that d[i] = 0, for k # j because the transient
state ¢ can only be trapped the ergodic class E;. As Il is a stochastic matrix, §;[i] = 1. Thus,

mer =1.(1- ME-D)) = I(PP). Note that II{¢F) = 0 for F N E; = (). We conclude that if

Condition 1b of Definition 9 holds then either II(¢:F) = II(FF) = 1 . ME-F) or IIGF) = 0. In
the first case II(G:F) .1 = 1. (ug-F) -1) and in the second II(¢F) .1 = 0, so all elements of
(CF) .1 are equal.

Finally, assume that Condition 1c of Definition 9 holds. Since there is only one state
1 € C such that ¢ — j and j € C and all the states in C' are transient, we conclude that
the trapping probabilities of i are equal to the trapping probabilities of all other states in C.
More precisely, a transient state must be trapped in an ergodic class, so for all states k € C' it
must hold that k — ¢, for some ¢ ¢ C. The only way to do this is by k — i — j' — ¢, where
j' & C and j' — (. Thus, all states have the same trapping probabilities, so I(¢:P) =1 . ¢
for some row vector x # 0. We conclude that if Condition lc of Definition 9 holds then
MEF) .1 =1 (x-1), for every F € P, so again all elements of II(¢:P) . 1 are equal.

We conclude that VUIIV = IIV holds.

To show that VUQV = QV, let numbering be such that it makes the division between
ergodic and transient states explicit. Note that Condition 2 of Definition 9 imposes the
lumping condition only on ergodic states. In order to use matrix manipulation, we rewrite it
in matrix form using the following form of @\ and V:

_ (Ve O _( Qe Qger
V_(VTEVT) QA—(QTE QT)'
Now, Condition 2 of Definition 9 can be rewritten in matrix form as:

VEUE(QE QET)V: (QE QET)V,

where Ug is a distributor matrix corresponding to (the collector matrix) V.
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Note that
Q:HQAH:H(%EQ(‘)ET)H and HV:H(VEg),
Then using Condition 2 of Definition 9 and VUIIV = IIV we compute:

VUV = VUIQIIV

= VUII (9 Qer) IV
VUL (9e Qery vuny
VUIIL (VEUEQE VEU{E)QET) VUIIV
VUIL (Y2 9) (VeQe UeQer) yUTIV

= vunv (Vele UeQer) vy

_ U U

= IV (Ve@e UeQer) VUTIV

= IIQ\JIIV

= QV.

Next, we show that Q,\ = Q)’\ We assume that the distributor matrices are W, W’ such

that Q\ = WQ\V, O, = WQ,V, Qﬁ = W'Q\V and Q. = W'Q'V, where V is the collector
implied by P. The matrices W and W' have the following form:

By Definitions 6 and 9,
WQ/«:WT and W(QOE QgT)V:W/(QOE QgT)V

We compute:

N

QA = WV
W (C?QTEE CQQETT> V
= W(FEIV+W(grear)V
= W/(QEQET) (WEWT)(QTEC?T)V
WI(QEQET) + (Wg )(QTEQT)V
= W (QOE QgT) V+Ww (QTE QT) 4
W'Q\V
@
Finally, we show that Q; ~ Qr. We observe Q, [k, £]. 1t is computed as:

Q0= > WkiQivVii,0=Y_ WkiQl,jl

1€Cy,jeCy 1€Cl,j€C)

Thus, Q- [i,j] = 0,1 Y icc, iec, Wk, i@ [i, ] = 0. If k # £ then @, [i, ] > 0 and W[k, ] > 0,
for all i € Ck,j € Cp. We conclude that Qf[i,j] = 0iff Q;[i,5] =0, for all i € Ck,j € Cy.
If & = ¢ then Q:[i,i] = _ZjeC,CeP Q:[i, j], so the sum is equal to zero iff Q;[7,j] = 0 for

j & Cj. Since, in both cases, the conditions for 0, [i, 7] = 0 depend only on the grammar of
Q- and Qr ~ @/, we conclude that @ ~ @, which completes the proof. [
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Figure 8: Markov chains with silent steps with non-trivial 7-lumpings — Example 13

Now, if (Q, @) % (O, Q) we say that (Qy, [Qr]~) 7-lumps to (Gy, [Q:]-) (with respect

to P) and denote it by (Qx, [@r]~) ~73>TN (O, [QT}N)
We give an example of 7. -lumpings.

Example 13 Consider the Markov chains with silent steps depicted in Fig. 8. For each one
of them we give a 7.-lumping and for each lumping class we show which option of Condition 1
of Definition 9 holds. The corresponding lumped Markov chains with silent steps are depicted
in Fig. 9.

a. For the Markov chain with silent steps depicted in Fig. 8a the partitioning P =
{{1,2},{3}} is a 7.-lumping. For the lumping class {1,2} Condition la in Definition
9 is satisfied. For the class {3} both Conditions la and 1b are satisfied.

b. For the Markov chain with silent steps in Fig. 8b P = {{1,2},{3}} is a 7.-lumping.
For both lumping classes Conditions la and 1b are satisfied.

c. For the Markov chain with silent steps in Fig. 8¢ P = {{1,2},{3},{4}} is a 7.-lumping.
For the lumping classes {1,2} and {4} both Conditions la and 1b are satisfied. For the
class {3} only Condition 1b is satisfied.

d. For the Markov chain with silent steps in Fig. 84 P = {{1,2}, {3}, {4}} is a 7.-lumping.
For the classes {3} and {4} both Conditions la and 1b are satisfied. Since {1,2} contains
only transient states, for this class only Condition 1c is satisfied.

To finalize the section, we prove that 7-lumping is also transitive.

Theorem 10 (Transitivity of 7.-lumping) Suppose (Qi,[Qr]~) alTN (Qr, [Q]~) and
P10P2

(Q)n [QT]N) ZZ?TN (Q/\7 [QT]N> Then (Q)\a [QT]N) M T (Q)u [QT]N)

) where Q' ~ Q. From
) where Q! ~ @Q,. From

Proof From (Q)n [Q’T]N) “73"17',\, (Q/\a [QT]N)v we have (Q)\a Q’T‘) ZZ})T(
(Qn, [Q]~) B2 (Or, [Qr)~) and QL ~ Q. we have (Qy, QL) 22, (

Vs
-
3/
-

@
O,
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a)? b)? c)£® d) @\
@ @

Figure 9: 7.-lumped Markov chains with silent steps — Example 13

the transitivity of 7-lumping and Theorem 9, (Q, QT)Pl«/Cl@2 (Qx, Q) for some Q" ~ Q! ~ Q.

P1oPa

Therefore, (Qy, [@Qr]~) ~>r. (QM [QT]N)

6 Conclusions and Related Work

We presented a new approach to minimizing Markov chains with silent steps. We treated silent
steps as exponentially distributed delays of which the rates tend to infinity. We extended the
notion of ordinary lumping to the resulting (discontinuous) processes. Based on this theory,
we provided a method for direct minimization of the original process, both, when the speed of
going to infinity is given, and when it is not. The approach was illustrated in several examples
which showed how the proposed definition corresponded to the intuition.

Related work We discuss how our reduction technique is different to that of IMC’s. First
we do not allow silent steps to lead from a state to itself. However, as we treat them as
exponential rates, they are redundant. Second, we give priority to silent steps over exponential
delays only in transient states (see Example 13a) and not in ergodic states (see Example
12a). This leads to a different treatment of 7-divergence. For us, an infinite avoidance of an
exponential delay is not possible. The transition must eventually be taken after an exponential
delay (see Example 13b). This can be considered as some kind of fairness incorporated in the
model. Third, due to the strong requirement that the lumping of Markov chains with silent
steps is good if it is good for all possible speeds assigned to silent steps, our lumping does not
always allow for joining states that lead to different ergodic classes (see Example 12b) unless
these ergodic classes are also inside some lumping class. This means that we only disallow
certain intermediate lumping steps.

Elimination of fast transitions in Markov processes is a subject in the field of perturbation
theory. A perturbed Markov process is a Markov process in which some transitions (so-called
rare transitions) are multiplied by a small number € > 0. When considered on a time scale
t/e the perturbed process exhibits the same behavior as a Markov chain with fast transitions.
Rare transitions become ordinary transitions and other transitions become fast transitions. To
eliminate discontinuities in the model when € — 0, an aggregation method that eliminates all
immediate transitions was introduced [11]. Later, this method was extended to all time scales
[10, 8] leading to a hierarchy of simplified models. In [8], discontinuous Markov processes were
used to clarify the presentation of ideas. Having another origin and motivation and not being
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based on lumpability, this aggregation method has several differences with our approach.
First, intermediate lumping steps, i.e. steps that need not eliminate all silent steps left, like
the one in Fig. 2b are not considered. Second, the focus is on eliminating only silent steps;
nothing else is aggregated (contrary to joining the states 2 and 3 as in Fig. 2b). Third,
the reduction can “split” states (they belong to multiple aggregation classes). This can be
considered as a generalization of the lumping method but it is easily shown that it must not
be allowed when lifting to Markov chains with silent steps. Fourth, it always gives a pure
Markov process as a result (if, in Fig. 2a, we had p instead of one of the \’s, our lumping
fails, while the aggregation technique does not). Fifth, to some extent, disaggregation to the
exact original is possible. This is not true in our case but it is not a serious limitation if
rewards are added to the model.

Fast transitions in Markov chains are also considered in the Petri Nets community. An
algorithm for removal of fast transitions in generalized stochastic Petri Nets is given in [7]. In
[13] an algorithm for finding equilibrium probabilities in the presence of immediate transitions
with known speed is developed.
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