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Abstract

Thetime-bounded reachability problem for continuous-timeMarkov chains
(CTMCs) amountsto determinethe probability to reach a(set of ) goal state(s)
within a given time span, such that prior to reaching the goal certain states
are avoided. Efficient algorithms for time-bounded reachability are at the
heart of probabilistic model checkers such as PRISM and ETMCC. For large
time spans, on-the-fly steady-state detection is commonly applied. To ob-
tain correct results (up to a given accuracy), it is essential to avoid detecting
premature stationarity. This technical report gives a detailed account of cri-
teria for steady-state detection in the setting of time-bounded reachability.
Thisisdonefor forward and backward reachability algorithms. As a spin-off
of this study, new results for on-the-fly steady-state detection during CTMC
transient analysis are reported. Based on these results, a precise procedure
for steady-state detection for time-bounded reachability is obtained. Experi-
ments show the impact of these results in probabilistic model checking.

1 Introduction

When performing transient analysis for a continuous-time Markov chain (CTMC),
it is common practice—in particular in case of large time spans—to use a built-in
steady-state detection technique [17, 28]. The underlying ideais to be able to de-
tect whether the CTMC has reached an equilibrium before the finish of the (large)
time bound. Whenever such equilibrium is detected, the transient computation can



be stopped thus saving expensive computational steps. The criteria for detecting
such equilibria when guaranteeing an overall inaccuracy of ¢ > 0 are, however,
not always clear and may lead to the detection of premature equilibria. This may
happen, for instance, when the probability mass in the CTMC under consideration
only changes slightly in aseries of computational steps dueto a“slow” movement.

Why is on-the-fly steady-state detection of importance for probabilistic model
checking [14]? One of the key issues in the model checking of continuous-time
probabilistic models such as CTMCs is the time-bounded reachability problem.
This entails to determine the probability to reach a (set of) goa state(s) within a
given time span, such that prior to reaching the goal certain states are avoided.
This corresponds to a probabilistic variant of time-bounded until formulae as they
are used in e.g., the verification of timed automata. For CTMCs, the calculation
of such probabilities can be reduced to a transient analysis on a modified CTMC
[2]. In case of local model checking, a transient analysis needs to be carried out
for a single state only. This can be efficiently done in a forward manner, i.e.,
starting from the state of interest. For global model checking, the validity of a
logical property needs to be checked in every state and thus this probability must
be computed for al states. Doing so in a backward fashion yields an improvement
of O(N) over the forward agorithm, where NV isthe size of the state space [12].

As checking time-bounded reachability properties reduces to transient analy-
sis, on-the-fly steady-state detection can be exploited in probabilistic model check-
ing. Probabilistic model checkers such as PRISM [16], ETMCC [10] and its vari-
ants for stochastic Petri nets (such as GreatSPN [6] and the APNN Toolbox [4])
have adopted this technique for model checking CSL (Continuous Stochastic Logic
[1, 2]), avariant of CTL. These model checkers have basically adopted steady-state
detection as it is, without tailoring it to the specific nature of time-bounded reach-
ability. Other tools that support model checking CSL, such as VESTA [21] and
Ymer [29], use astatistical testing approach and do not support steady-state detec-
tion.

In thisreport, we present adetailed analysis of the use of on-the-fly steady-state
detection in this setting. We start by revisiting and dlightly sharpening a (well-
known) result by Fox-Glynn [7] that is used in computing Poisson probabilities,
an essential ingredient in CTMC transient analysis. Based on this result, we prove
criteriato safely decide whether an equilibrium has been reached for both the back-
ward and forward reachability algorithm. These criteria sharpen known results for
on-the-fly steady-state detection for CTMC transient analysis [17] and for CSL
model checking [27, 28]. Based on these theoretical results, a simple procedure is
proposed to safely detect equilibria. Thisis done by exploiting the structure of the
CTMC that is obtained when reducing time-bounded reachability to transient anal-
ysis. Experimental results complete this report and show the impact of our theoret-
ical achievements. By means of an artificial, though extremely simple CTMC, we
show that various existing probabilistic model checkers detect a premature equilib-
rium resulting in incorrect verification results. We report similar observations for
the workstation cluster [8, 5, 27, 15, 20], an example that has established itself as



a benchmark problem for probabilistic model checking. (These results confirm a
similar phenomenon reported in a recent analysis of the IEEE 802.11 group com-
munication protocol [18].) Based on these observations, we firmly believe that
the results in this technical report improve current probabilistic model checking
technol ogy.

Organization of the report. Section 2 introduces relevant concepts of CTMCs
and its discrete variant, DTMCs. Section 3 presents the dlight refinement of the
Fox-Glynn error-bound. Section 4 introduces the time-bounded reachability prob-
lem, its forward and backward algorithm, and the use of on-the-fly steady-state
detection. Sections 5 and 6 contain the main contribution of this report; these sec-
tions present the criteria for detecting equilibria during time-bounded reachability,
and the algorithm to safely detect steady state. Section 7 reports on the conducted
experiments. Sections 8 and 9 talk about algorithms' complexity and related works,
and Section 10 concludes.

2 Markov chain preliminaries

This section recalls stationary probabilities for DTMCs, transient probabilities of
CTMCs, and some related concepts. For more information we refer to standard
textbooks on Markov chains [26, 9]. Let S = {1,..., N} be afinite set of state
indexes with |S| = N.

2.1 Discrete-time Markov chains

Definition 1 A Discrete-time Markov Chain (DTMC) isatuple (S, P) with finite
set S of states and state-transition probability matrix P : S x S — [0, 1], where

P = (pm‘) andVi € S : ZjESpivj =1.

The matrix entry p; ; denotes the probability to move from state i to state j in

one step. LethO)> denote the initial probability distribution of (S, P), i.e., p (0);
denotes the probability to be initidly in state .

—

Definition 2 Thelimiting state-probability of DTMC (.S, P) isa vector p*(0) such
that: ; . —

Whenever this limit exists, it can be obtained by solving the system of linear
equations:

727'73,21%:1 )

i€S
In case the limit (1) does not exist, the equation (2) may still have a solution.
The solution of equation (2) isa so known as stationary or steady-state distribution.
In general, the limiting state-probability 1*(0); can be interpreted either as the



proportion of time the DTMC isin state ¢ on the long run or, aternatively, as the
probability that the DTMC isin state i when taking a snapshot after along time.
The vector 7’ in equation (2) is the left eigenvector of P that corresponds to the
unit eigenvalue. AsP isastochastic matrix, P always hasaunit eigenvalue, and no
other eigenvalue exceeds it in modulus. The following theorem, see [9] for details,
states when a DTMC has a unique limiting state-distribution.

Theorem 1 Anirreducible and aperiodic finite DTMC has a unique limiting dis-
tribution (1). Thisdistribution coinci dﬂvith the steady-state distribution and does

not depend on the initial distributionp (0).

Informally, irreducible means that every state is reachable from every other
state, (i.e. the underlying graph is strongly connected). A DTMC is periodic if
one of its states is periodic. State i is periodic if for some d > 1 it holds that the
probability to return to state i in n stepsis 0, for al n such that n modd # 0. A
sufficient condition for an irreducible DTMC to be aperiodic is that there exists
at least one state with a self loop. A possible way to determine the steady-state
probabilities for a DTMC is to compute the dominant (eigenvalue, eigenvector)
pair of P. Thisis described in the following.

The Power method.  The Power method [24] is a well-known numerical tech-
nigue for computing the dominant eigenvalue and its corresponding eigenvector
for an arbitrary matrix A of cardinality N x N. It is described by the following
iterative procedure, for m > 1:

—— 1 e
[ (m—1)-Al|3
—_—
Where z (0) isan arbitrary initial vector, and ||.|[>° isthel-infinity vector norm.
This iteration converges to the eigenvector z, corresponding to the dominant
eigenvalue A\, provided the following conditions hold:

1. Matrix A has N independent I€ft (right) eigenvectors {z. }
2. The eigenvalues can be ordered by magnitude;
ALl > fA2ll = IAs]] - = (ANl

The convergence rate of the Power method isi—f where \; and )\, are dominant and
subdominant eigenvalues. In case of a stochastic matrix P, the dominant eigen-
valueis 1 and the iterative procedure reduces to:

x(m) =z (m—1)-P 4



If the matrix P is aperiodic, convergence of the Power method is guaranteed.
If, in addition, P is irreducible, then the result of the power iterations will not
depend on the initial vector 970)) :

According to [24], the number K of iterations required to satisfy a tolerance
criterion ¢ > 0 for the Power method may be approximately obtained as:

_ logye
logy | A2

©®)

In practice however, ), is difficult to compute, and other convergence tests are
used [24], such asfor M > 0:

1. An absolute convergence test:

|z (i) — x (i+M)|, < e

2. A relative convergence test:

|z (1-4+M); — z (1), |
max - <e€
jeL. N |z (i+M), |

In general, M is afunction of the convergence rate and the iteration index 1,
but may be taken as constant. Unfortunately, none of these tests gives a precise
estimate. Stewart [24] therefore suggests to envisage a battery of convergence
tests, al of which must be satisfied before the approximation is accepted as being
sufficiently accurate.

2.2 Transient and stationary probabilitiesof CTMCs

Definition 3 A Continuous-time Markov Chain (CTMC) is a tuple (S, Q) with
finite set S of states and generator matrix Q : S x S — R, where Q = (¢,;),
Vi,jeS:i#£j: qi,j >0,andVie S : Qii = —Zjesvzééjqi’j.

Let us explain the intuitive meaning of ¢ ;. In a CTMC, state residence times
are exponentially distributed. More precisely, the time spent in state 4 is governed
by a negative exponential distribution with rate | ;|. The rate |¢; ;| thus specifies
the total rate to leave state i. On leaving state ¢, a discrete probabilistic choice
takes place among all possible successors, i.e. al states j for which g ; > 0. The
probability to move to state j is defined as ¢ ;/|¢; ;). The transient probabilities of
CTMC (S, Q) are defined by the following differential equation:

d 0,t
* —_
%:W*(o’t).g

The solution of this differential equation system is given by:



7 (0,4) = p(0) - €2 ()

Here, 7* (0, ¢) defines the state-probability after a delay of ¢ time-units given that

—

p (0) istheinitial distribution. 7 (0, ¢), thusis the probability to bein state i after
—

t time-units given p (0).

The stationary probability of a CTMC The stationary (steady-state) probabil-
itiesfor aCTMC are a solution of the following system of linear equations:

7Q=10, whee > p=1 (7)
i€S
A solution of equation (7) may be found by alternatively presenting it as the fol-
lowing unit eigenvalue problem [23]:

PP=T7 (8)
where P = % +Z and ¢ > max;es |q; |- 1t iswell known [23] that if
q > max |g; ;| )
€S

then all eigenvalues, except the unit eigenvalue, are strictly less than unity in mod-
ulus, which makes DTMC P aperiodic.

Jensen’smethod  Jensen’s method, also known as uniformization, replaces Q by
P in equation (6). Expanding the matrix exponent according to Taylor-McLaurin
yields:

7 (0,6) = 3 (0)-p(0,4) (10)
=0

i

where (i) = e~ {4 jsthe Poisson density function, p(0,7) = ZTO))-Pi, and

2!

q isthe uniformization rate.

2.3 On-the-fly steady-state detection

Equation (10) contains;zTO)) - P* which is the power iteration for the DTMC P,
and that is where the steady-state detection comes into play. Malhotra et al. [17]
present a numerical method, which takes into account steady-state detection, for
computing CTMC transient probabilities (see equation (10)) with an overall error
bound ¢. For the sake of this technical report, we state their result in the following
form:



—

Theorem 2 Let (S, P) be an aperiodic DTMC with initial distribution p (0) and
—_—
steady-state distribution p*(0). If for some K and § > 0 it holds that Vi > K :
—_— S
lp*(0) — p(0,4)||, < &, where |||, isan arbitrary vector norm?, then for

7 0.6) = > 4(0)p(0,4)
=0

and for inaccuracy ¢ > 0:

p(0, K) K < L.
(0.6 = e v@p(0.3) +p(0.K) (1= Tn()) L ifL <K <R,
S, 2 (@)p(0, 1) K >R,

(11)
the following inequality holds:

7 (0.8) = 7 (0,8}, < 26+

Here, L. and R, are computed using the Fox-Glynn algorithm (see below), such
that Y5 'y (i) < 5,a0d S (i) < §.

Theorem 2 can now be used to obtain a criterion for guaranteeing an overall
inaccuracy of € > 0 for transient analysis with on-the-fly steady-state detection.
Thisis stated by the following corollary.

Corollary 3 Under the same conditions as Theorem 2;

R ——

197 (0) — p(0, K)|l» < 5 implies |7 (0,6) = 7 (0,8} <= (12)

—

_— —

As ||p*(0) — p(0, K)||,, is not known during computations (sincep*(0) is un-
known, and typically not computed a priori as this is computationally too expen-
sive), [17] suggests to use the absolute convergence test. This amounts to replace
the premise in equation (12) by:

Ip(0,) = p(0,i + M), < < for M >0 (13)

Accordingly, p(0, K) with K = i+M is used as an approximation of the real
steady-state distribution. This approach thus boils down to comparing probability
vectors that are M iterations apart. Once these M-apart probability vectors are
close enough, it is assumed that the CTMC has reached an equilibrium. This ap-
proach, of course, has the drawback that due to the use of an approximation of

!1t should be noted that Theorem 2 does not hold for an arbitrary norm ||. |, . In fact, an additional
condition isrequired, that is || p'||» < 1 for any distribution vector p'.



the stationary probability, an equilibrium may be detected prematurely. A detailed
analysis revealed that in deriving the above result in [17], an important ingredient
of the Fox-Glynn algorithm is not considered, viz. the so-called weights. (Weights
will be discussed in detail in the next section). It will be shown in the remainder of
this report that weights play an important role to obtain safe criteria for detecting
equilibria

3 Fox-Glynn error bound revisited

Recall that (i) = e 4 (qt) is a Poisson density function, thus 3°° (i) = 1.
(i) denotes the probablllty that 7 events occur in a period of ¢ time units, given
that the average rate of events is q. The particular shape of the Poisson density
function (for an example see Figure 1) allowsfor ignoring the “tails’ of the density
function. For a given error bound ¢ > 0, these so-called left and right truncation
points are given by £, and R, such that:

Le—1

S o< Sad Y 4

=0 1=Re+1

.-lklm
mm

For real-valued function f : N — R, the Fox-Glynn algorithm [7] allows to com-

pute
0o Re
X201~ g7 3 ()

where w(i) = a~y(i) for some constant o # 0 are weights, and W = ZREL w(1)
is a normalization weight. Note the resemblance of the left-hand side of the last
equation and equation (10). The weights w(i) and the normalization weight W are
used to prevent underflows and are computed; « is an unknown constant.

poisson density —+—

w2N)
°
&

Figure 1. Poisson density function with ¢t = 2 and R



Proposition 4 [7] For real-valued function f with || f|| = sup,cy | £(¢)| and S5, (i) >
1 — 5 itholds:

1
- > w(@)f(i)

i=Le

<e-[Ifll

The following refinement can be made for the case when f does not change sign,
i.e, f(i) <0or f(i) >0, foral i.

Proposition 5 For real-valued function f that does not change sign with || f|| =
sup;ey |f(4)] and Z?:g y(i) > 1 — 5 itholds:

Re

S W@ < S0 (14)
i=Le
Proof Initially we have:
Re
YA z1-2 (19 E:v =1
i=Le
VieN:y(i) >0 (16) 171l —suplf( )] (18)
Distinguish two cases:
Vi e N: 0 < f(¢) <||f|l, f isnon-negative (19
Vie N: —|f]| < f(i) <0, f isnon-positive (20)
Let 5 = ZREL ~(7). We obtain from (17):
Le—1 oo
1-f3= Z + Y ) (21)
i=Re+1

Using (15), (17), and (16) it follows 1 — 5§ < 3 < 1, or equivaently:

—S<p-1<0 @) 0<1-g<- (@
Notice that
Re
Zv - W > w(i)f(i) =
i=Le
Le—1 o) Re w(z
y(i) f(5) + (4)
ZZ; z:'RZEJrl ; < W >




If fisnon-negative, from (19), (21), and (23) one can easily obtain:

0<A< S|l (24)
Similarly, from (22), (19) and the definition of 3 it follows that:

—5 Ifl<B<0 (29

Thisfollows from the following facts:

5oy ('y(i) - %) 1i) =
i=Z. 2

i—r, av(i)
Re 1 g_1 &
|1l — —— 1) = —— 1) f(2
ZZL:EW()< Zzz:Eﬂ(i)>f() 3 ;L:Ev()f()
and
€ € 1 Re . —1 Re o
—§-wm::—§wuu7§;£vu>s—7;—;£vunv>so (26)

Symmetrically, if f isnon-positive, from equations (20), (21), and (23) one can
easily obtain:
£
—~-lfl<a<o (27)

Similarly, from (22), (20) and the definition of 3 it follows that
g
0<B<-Ifl (28)

Finally, summing up inequalities (24) and (25) for non-negative f, or (27) and
(28) for non-positive f, we obtain:

Re

£ P | N
—5 Il = PRGN W > w(i)f(i) < 5 I71
=0 1=Le
for any f that does not change sign. This proves the claim. d

4 Time-bounded reachability

A recent popular approach to analyze properties of Markov chains is probabilistic
model checking; for an overview see [14]. Time-bounded reachability is at the
heart of model-checking algorithms for CTMCs. Let us explain this problem by
means of an example. Consider a CTMC with many states among which some
illega (or: forbidden) states and some goal states. Suppose we are interested in



determining the states from which a goal state may be reached with a high proba-
bility, say at least 0.92, within timeinterval [0, 14.5], while never visiting an illegal
state before reaching its goal. We thus consider scenarios in which the system
starts in some state s € .S, visits any number of states which are not illegal, while
finally ending up in some goal state. In the logic CSL [1, 2], a continuous-time
probabilistic extension of CTL, this requirement is formulated by:

P>0.92(A U451 G)

where A denotes the set of lega (allowed) states and G denotes the set of goa
states.?

The part between parentheses characterizes a set of paths, where a single path
isan alternating sequence sptositisats . .. Wheret; > 0 denotestheresidence time
in state s;, and 5o = s. Such path satisfies A U%14% g if there exists an index
j > 0suchthats; € G, s; € Aforall i < j, and s; is reached within 14.5 time
units, i.e., Y377 ¢; < 14.5. For the sake of brevity, we do not present the detailed
semantics of this operator; these details can be found in [1, 2].

Time-bounded reachability thus amounts to compute Prob(s, A U1 G), the
probability for state s satisfying formula .4 U%! G. This problem can be reduced
to the computation of transient probabilities in amodified CTMC [2]. This goes as
follows. Inthe original CTMC (S, Q), al statesin G and all states that are neither
in A nor in G are made absorbing, i.e., their outgoing transitions are removed. This
operation isformally defined by:

Definition 4 For CTMC (S, Q) and S’ C S let CTMC (S, Q') be obtained by
making all statesin S’ absorbing, i.e, Q' = Q[S'] whereq; ; = ¢; ; if i ¢ S’ and
0 otherwise.

Note, that in order to make astate s in aDTMC absorbing, all outgoing transi-
tions of s are removed and s is equipped with a self-loop (with probability 1). Ina
CTMC, it suffices to remove the outgoing transitions. It now follows that:

Prob(s, AUIG) in (S, Q) = Prob(s, SUMIG) in (S, Q[T UG]) whereZ = S\(AUG)

For any state s € S, the probability Prob(s, .A Ul%Y G) can be computed
using Algorithm 1, vlbere the matrix exponent can be computed numerically using
uniformization and 1, is theinitial distribution for the case when starting in state
s. [12] suggests an improvement of this method (cf. Algorithm 2). Like before,
the matrix exponent is computed using uniformization. Letg be the characteristic
vector of the set G.

4.1 On-thefly steady state detection

The steady-state detection for transient analysis of CTMCs discussed in Section
2.3, is applicable to the forward computations in a straightforward way. Steady-

%Inlogical formulas, we identify set .A. with its characteristic function.



Algorithm 1 Computing Prob(s, A Ul%! G) in a“forward” manner
1. Determine Q [Z U g]
_—

2. Compute 7* (s,t) = SQ[IUQ}t
3: Return Prob(s, AU G) =2 jeg™ (5:1);

Algorithm 2 Computing Prob(s, A Ul%! G) in a“backward” manner
1. Determine Q [Z U g]
2. Compute 7 () = ¢2ZV9) . 72
3 ReturnVs € 1,.., N : Prob(s, AU G) = 7* (1),

state detection for backward computations has been recently discussed in[28]. The
approach by Younes et al. is based on the following resuilt.

Theorem 6 Let (S, 73) be an aperlodlc DTMC with Ind C S such that Vj €

Ind: P(j,5) =1, p(i ) P zfnd and steady-state vector p* If for some K and
—

0 > Oitholdsthat Vi > K : Hp —p()|l, < 4, then for

=3 " (i)pli)
=0
and for inaccuracy € > 0:
p(K) K < L.
m(t) = $ YL A0p) +p(K) (1- X 20) L <K <R,
SR Wi)p(i) FK >R,

(29)
the following inequality holds:

— — <
I (&) = 7 (t}]l0 < 26+ 5

Here L., and R are computed using the Fox-Glynn algorithm, such thath;g ! (1) <

sand}2r 1 7(0) <5

In [28], this result has led to the following practical check for steady-state:

T € . . . € " 3
Ip* — p(K)|, < 5 implies'/j € §: —— < (1), —m(t); < 2 (30)

As before, since g? is not known during computations, the absolute conver-
gence test isused instead. That is, if

Ip(i) — p(i + M), < (31)



it is concluded that Vj € S : =5 < 7 (t); — 7 (t); < Ze. The vector p(K) with
K =i+ M isthus used as an approximation of the steady-state vector. Whereas for
the forward analysis case, the convergence test bound equals$ (cf. equation (12)),
for the backward analysis thisis ¢ (cf. equation (30)). One may question how safe
(and tight) this criterion for equilibrium detection is. Asthese results are based on
[17], the drawbacks of this method are inherited. A detailed look at the equations
(12) and (29) for the case £, < K < R. reveals that the second summation for the
backward case starts at 7 = L, rather than i = 0. The judtification for thischangeis
unclear, but has a non-negligible impact on the bound. More importantly, though,
the analysis resulting in Theorem 6 is based on the assumption that the steady-
state detection error is two-sided, whereas—due to the backward nature of the
algorithm— it isin fact one-sided.

5 Criteriafor steady-state detection

In this section, we provide new criteria for on-the-fly steady-state detection during
time-bounded reachability. These results apply to the forward algorithm, i.e., stan-
dard transient analysis, as well as on the backward algorithm. Detailed proofs are
provided to substantiate our claims.

Remark. The error estimate in [17] is norm based and relies on the geomet-
rical convergence of power iterations for an aperiodic DTMC. The geometrical
convergence is usually proved, based on the total variation norm which, in an
N-dimensiona space, is the [>°-norm defined as ||v||5° = max;e1, v |vi]. Asall
normsin afinite-dimensional space are equivalent, the convergence result holds for
any chosen norm. The error analysis, however, is vulnerable to the kind of norm
used. For example, in the backward case, theg vector is not a distribution and
Viel,.,N:0<p(i); < 1,whereﬁ =pi. E) Thus, for instance, if we have
N states and take the Euclidean norm ||. |2, we obtain || Y5 y(i)ﬁf)ug <, but

Le—1 N2 VN . .
120 v(@p(i)|l; < ¥4-e. Theerror analysis below is done for vector elements
and uses the ||.||5° norm.

5.1 Transent analysis

Let p*(0); be the j'th component of the precise steady-state solutionp*(0), con-
—
sidering forward computations, for the initial distributionp (0). Let 7* (0,¢); be

the j'th component of 7* (0, ¢), see equation (10). For thecase £ < K < R. we
consider:

N 1 K 1 K
m(0,1) = > w(i)p(0,i) +p(0, K) <1 - > w(z’)) (32)

1=Le i=Le

Thisequation isobtained from (11) by replacing the lower bound of the index of the
second summation by i = L, asit was done in (29), and assuming the Fox-Glynn



agorithm is used for computations. Thisiswhere w(i) and W play arole.

—

Theorem 7 Let (S, P) bean aperiodic DTMC withinitial distributionp (0), steady-
—_—
state distribution p*(0) and Ind C S. If for some K and § > 0 it holds that
—_— e
Vi > K :||p*(0) — p(0,4)]|3° < ¢ then for

7 0,6) = > (0)p(0,4)
=0

and for inaccuracy € > 0:

o .
p(O’K) K < L
— 1 K . . 1 K . .
7(0,6) =4 & XK . w(i)p(0,i) + p(0, K) (1 . w(z)) f L. <K <TR.
e, w(i)p(0, 1) K > R,

the following inequality holds:

N 3
> (ﬂ (O,t)j—w(O,t)j> < 20|Ind| + e
j€Ind

Here W, w(i), L., and R, are computed using the Fox-Glynn algorithm, such that

SEo () < g and Y0 (i) < £, and |Ind| isthe cardinality of Ind.
—

Proof Since P is aperiodic, the steady-state distribution p*(0) exists. Due to the

Fox-Glynn algorithm used with the refined error bound § (cf. Proposition 5), we

have w(i) = a~y(i), v(i) = e*qt(q%!)l, W = 3R, w(i), a # 0 is some constant,

and L., R, such that g = ngﬁs v(i) > 1 — 5. Consider now the three cases as

—_—

distinguished for 7 (0, ¢):

1. (K > R.): The steady-state detection is not involved. Thus the error bound
of the original Fox-Glynn method is applicable.

Re

7 0.0), — 7 (0.0, = > 2000, - 3 L0,
=0 i=Le

Like in the proof of Proposition 5 we get:

Le—1 o) Re

B-1

7 (0,8),—7(0,8), = S v(ip(0,i);+ S A@p(0,0);+ > T i)p(0,i);

=0 1=Re+1 i=Le

:A]- :Bj



— 2 . . - .
Asthe vector p(0, ¢) isadistribution, we have

0< Zp(Oz

j€Ind

Using theinitial conditions for Zf;gl Y(4), Doior. 41 (i) and 3 it easily
follows that:

9 £
0<ZA§§ and —ig‘Zngo
j€Ind j€Ind

Gathering the results yields:

3 3
=< Y (7o, -r0n,) <3
j€Ind
. (L < K <RY): Inthis caseit follows by definition:
1 & 1 &

™ (0,1); Z’y Z (@) (1 — Z glC )
1=Le i=Le
The right-hand side of thls equation can be rewritten after some standard
calculations into:
Cj + Dj + Ej
where C; = Y2501 1 (0)p(0.4); , D; = Yip, Z5H(@)p(0,1); and E; =
S k1 1 (p(0,1); = p(0, K); (1- 0K, 24,

—_—
As vector p(0,4) isadistribution, and by assumption ZZ o) < 5
< < £
0< Z Cj <
j€Ind
Froml -5 <fg<land0 < Zjelndp(O i); < 1,itfollows:
€ e & K 6—-1
—3S 35 20X 5 | X p0a) | = 3 D0
1=Le 1=Le j€Ind j€Ind
After some straightforward cal culations one obtains:
o) Le—1 K 1—
Ej= > () (p(0,d); —p(0,K);) = > y(i)p(0, K);+ Tv(%)p(O,K)J
i=K+1 i=0 i=Le

g

=F; =—Gj =H,



Inasimilar way as for C; and D;, we obtain:

To obtain bounds for F;, wefirst rewrite the equation for F; in the following
way:

Fy= Y 4(i)(p(0,d); —p(0);) + Y (@)@ (0); —p(0,K);)

i=K+1 i=K+1

. .-y -y —_— = —W=
Fromtheinitial condition Vi > K : [[p*(0)—p(0,4)||3° < 6, and = . v(i) <
1 it follows:

—6< > @) (0); — p(0, K);) <6
i=K+1
and -
—0 < Z Y(@)(p(0,7); —p*(0);) <6
i=K+1
Thus:

—20 < F; <26
From this, it directly follows that:

—26|Ind] < Y Fy < 20|Ind|
j€Ind

By gathering all results, we obtain:

3
— ——e< — < —
26|Ind| 5 EEI d( (0,1); W(O,t)]) < 20|Ind| + 1C
j€In

3. (K < L,): For this case, we have:

m(0,); = p(0, K); ny

7 (0,); —m ( Z’Y —p(0, K);)



Splitting the right-hand side of this equation yields:

[e.o]

Z’Y —p(0,K);)+ Y (1) (p(0,0); —p(0, K);)

i=K+1

g

=I; =F;

Dueto K < L., it follows that:

K
0< )Y A(i)p(0,i

(i) < E, and similarly

M=

. , ; 4
j€Ind i=0 1=0
K K c
< ' < <=
0< > D> v@p(0,K); <y (i) < 5
j€Ind i=0 =0
Thus we have: - -
< . <=
4 —-' J =4 (33)
j€Ind
For F; wedready have (cf. case 2):
—26|Ind| < Y Fj < 26|Ind| (34)

j€Ind

Gathering the results yields:

€ . €
~20|Ind| -2 < Y (ﬂ (0,8);, — 7 (O,t)j) < 26|Ind| + -
j€Ind

Now, for arbitrary 0 < K < oo:

3 (77* (0,), —W(O,t)j)

3 3
< max{%, 26| Ind|+e, 26|Ind|—|—%} = 20|Ind|+

j€Ind
O
Corollary 8 Under the same conditions as Theorem 7:
I9°(0) ~p(O. K < g7 imlies | 37 (w7 (0.0); ~m (0.1),)| <= 39
j€Ind

Proof According to Theorem 7.

> (70,0, -7 (0,1),)

j€Ind

3
< 26|Ind| + e




_ —
In case [|p*(0) — p(0, K)[|3° < 6 =

s

13 .
STTnd]” we have:

3 <7r* (0,8), = 7(0,1),)| < 2;';”5” +2e=¢

j€Ind

0

Let us now return to the calculation of time-bounded reachability probabilities.
For compui ng t the probability Prob(s, A U G) in state s, we have Ind = G

and p( ) = 1 According to the above results, the safe stopping criterion to

obtain an overall inaccuracy of ¢ equas |p*(s) — p(s, K)||¥ < 5o~ Before
dealing with the backward agorithm, we point out the main differences between
our result and the results referred to in Section 2.3. First of al, Theorem 7 takes

into account the weights w(i) (and the normalization factor W) for determining
_
7 (0,t). Hence, different summation bounds for the case £, < K < R, (as

w(i) = 0 foral i < L) occur in the definition of 7 (0,¢). Secondly, due to

the refined bound for Fox-Glynn (cf. Proposition 5), the bounds on the left and

right truncation errors on which Theorem 7 is based are two times tighter than (%

instead of %) the corresponding truncations errors that form the basis for Theorem

2. Theorem 7 refersto the [°°-norm, whereas the norm in Theorem 2 isleft implicit.
The resulting steady-state detection criterion

S o oo o~ €
1" (0) = p(0, K)Il° < ¢

for the case |Ind| = 1 (the error for a single vector element (0, ¢),), is tighter
than the bound provided in [17]:

—_ —_— £

||p*(0) - p(o, K)Hv < Z
The fact that the resulting bound is similar to that in Section 4.1 for backward
computations is due to the fact that the weights introduce an additional error. In
the next section, it will be shown that for backward computations—even taking
into account the error introduced by weights—the steady-state detection criterion
isweaker than in [28] .

5.2 Backward computations

Let 7* (t); be the j'th component of 7* (¢), and pj be the j’th component of 1?.
Notice, that, unlike the case for forward computations, Vj € 1,.., N : p;f —p(i); >

] -
Oforali > K, becauseVj € 1,.., N, ¥i > 0: p(i); < p(i + 1); < p*.

Theorem 9 Let (S, 73) be an aperlodlc DTMC with Ind C S such that Vj €
Ind: P(j,j) = 1,p( ) =P z;nd and steady-state vector p* If for some K and



6> 0itholdsthat Vi > K : Vj € 1,..,N : 0 < p; —p(i); < 4, then for

=3 A(i)p(i)
=0
and for inaccuracy ¢ > 0:
p(K) K < L.
m(t) = W§:£w>o+m>0——zzww0,ﬁgsxs&
T SR, w(i)p(i) Jif K >R,

the following inequality holds:
e —— 3
lw* () =7 (O)]]7 < 0+ 7€

Here W, w(i), L., and R. are computed using the Fox-Glynn algorithm, such that
S ) < 5. and Yy (i) < 5

Proof Since P is aperiodic, the steady-state vector;?k> exists. Second, due to the
Fox-Glynn algorithm used with the refined desired error bound 5, see Proposition
5, we have w(i) = ay(i), y(i) = e ¢ (qf,) W= ZRGL w(i ) o # 0 is some
constant, and £, R such that 8 = Y"1, (i) > 1 - &.

Consider the three cases as distinguished fom?t)> :

1. (K > R.): The steady-state detection is not involved. Thus the error bound
of the original Fox-Glynn method is applicable.

[e) Re
T (), — (1), =Y A@pli); — Y %) 0);
=0 ]

=0 1=Re+1 1=Le

The vector p( ) issuch that 0 < p(i); < 1. Using the initial conditions for
oo i), o2 ° k.41 7(2) and 3 it easily follows that:

ogAjgg and —%gngo
Gathering the results yields:
€ " €
3 <7 (t)j _W(t)j < B (36)



2. (L. < K <R,): From the definition of 7 (¢), it follows:

(1),
K
m(l); = W w(i)p( ( )> , and

The right-hand side of this equation can be rewritten after some standard
calculations into:
Cj + Dj + Ej

where C; = zfeow( Wp(i); , Dj = ZZK . GH(i)p(i); and B; =
S e 1 0p(); —p(K); (1- £, 25).

From the fact that 0 < p(z)j 1 we get:

ogcjgi

Froml —§ < <1land0 < p(i); < 1,itfollows:

. K L
< —ﬁi;;j(i) < Z; T’Y(i) =D; <0

wlm

. Le—1 K o_ 3
Ej= 3 ) (pli); = p(K)) = 30 9@p(K); + 32— (0p(K);
i=K+1 i=0 i=Le
=Fj :*Gj Hj

Inasimilar way asfor C; and D;, we obtain:

€
—ZSG]'SO

c K
0< H —ﬁz

To obtain bounds for £}, wefirst rewrite the equation for F; in the following
way:

w|m

o0 [e.o]

Fy= Y @)@ —p)+ Y 6@ —pK),)

i=K+1 1=K+1



Fromtheinitial condition Vi > K : Vj € 1,..,N : 0 < p} —p(i); < 6,and
0 <p(i); < litfollows:

0< > (D) —p(K);) <o
i=K+1

and because of the fact that probabilities p(i); are not decreasing, due to the
initial conditionVj € Ind: P(j,7) = 1:

—5< > A()p(i); —p;) <0

i=K+1

Thus;
—0<F; <6

By gathering al results, we obtain:
3 . 3

—_—

. (K < L.): From the definition of 7 (¢), we have for this case:

w(t); = p(K); Y (i), and
=0

T (), — (), = > () (p(i); — p(K);)
=0

The right-hand side of this equation can be rewritten into:

> 26) (p(i); = p(E);) + > (D) (p(i); — p(K);)
=0 i=K+1
:]] :Fj

Dueto K < L., it follows that:

K K
0< > (i) < T and0 < Y A()p(K); <
=0 1=0

1o

Thus we have

1o
IN
S
IN

1o



We rewrite the equation for F; as follows:

o0 [e.e]

Fy= Y ~6) (pli); — ) + > () (0 — p(K);)

i=K+1 i=K+1
For F; we dready have (cf. case 2):
—0<F;<9§
Gathering the results, yields:
—5—% <7 (1), - 7 (1), §5+Z
Now, for arbitrary 0 < K < ccandany j € 1,..,N:

3 3
7 (t), — 7 (), gmax{%,5+zs,5+i} =5+ e

Thus:
s — 3
lw* () =7 (O] 7 < 0+ 72
U
Corollary 10 Under the same conditions as Theorem 9:
00 o € e F N (o0
Ip" — P < 7 mplies||m™ () — = (¢)][,° < € (38)
Proof According to Theorem 9
N 3
7 (1), —w(t)j( <o+
— —_
Incase ||p* — p(K)|;° < 6 = £, we have for anyj €l,..,N:
‘ < -+ E =
Thus:
R G RTINS
|7 (@) =7 @)]° <e
O

When computing the probability Prob(s, A U G) we have Ind = G and
z’?,:l = E) Recall that the main difference with the forward algorithm, that we now
employ a global model-checking procedure, i.e., probabilities Prob(s, A U%! G)
are determi ned for all states s. To guarantee an overal error bound of ¢, one
should use Hp —p( )|g° < £ asastopping criterion. Although our result at first
sight looks quite similar to that in [28], there are various small, though important
differences. As for the forward case, the influence of weights (that may yield an
additional error) is taken into account. Secondly, the change of the summation
lower bound from i = 0to ¢ = L. in equation (29) isimplicitly taken care of due
to the fact that Vi < L. : w(i) = 0. If weights are neglected, as in Theorem 6, an
error bound is obtained that istoo liberal. Finaly, we remark that the steady-state
detection error is one-sided for backward computations.



6 Safely detecting stationarity

Although the (theoretical) results obtained so far in this report provide safe cri-
teria for detecting whether an equilibrium has been reached, they suffer from the
problem that the stopping criterion refers to the true steady-state vector;?‘) that
is typically unknown. A possible way to circumvent this is to use the absolute
convergence test (see Section 2.3 and 4.1). This boils down to comparing prob-
ability vectors that are M > 0 iterations apart. This, however, introduces an
unknown error. To avoid this unpredictable error, we suggest to exploit the typ-
ical structure of the CTMC for time-bounded reachability. Recall that for check-
ing the formula A U4 G, dl statesin G andinZ = S\ (AUG) are made
absorbing [2]. Intuitively speaking, on the long run, the probability mass will
flow to the states in G and in Z, or to bottom strongly connected components
(BSCCs)—SCCs that once entered cannot be left anymore—in the remainder of
the CTMC, i.e, in the set of states S \ (G U Z). It can be shown (see below),
that we can safely replace each of these BSCCs by a single absorbing state with-
out affecting the validity of the time-bounded reachability problem. Checking
for an equilibrium now amounts to check whether the residual probability mass
in the remaining non-absorbing states is below a certain threshold. Let Byg =
{se BN (A\G)|BisaBSCCin Q[T UJ]}.

Proposition 11 For any state s in CTMC (S, Q), time-bounded property AU G
and Q8 = Q[T U G] [B.ag| we have:

Prob(s, AUA G)in (S, Q) = Prob(s, S UL G)in (S, QP)

Proof In[2] the following is proved:

Prob(s, AU G)in (S, Q) = Prob(s, S U G)in (S, Q[ZUG))
Itisalso clear that

Prob(s, S UM G)in (S,Q[ZUG]) = Prob(s, S UHY G)in (S, QF)
The latter is due to the fact, that for aBSCC B in Q [Z U G]:

ifds; e B:s; € A\GthenVsy € B:ss € A\ G

and thus from any state s; € B4 ¢ it isimpossible to reach G states. O

Every states € A\ (GU Bag) = S\ (ZUGU B 4g) isatransent state. This
follows directly from the construction of QF.



Forward computations Asthe probability massin transient states of QF on the
long run equals 0, this can now be exploited. Due to the uniformization procedure
the same is valid for the stochastic matrix Pz obtained after uniformizing CTMC
(S, @P). When i increases, while computing 1_; - PL, the probability to bein a
transient state is only decreasing, and the probability to be in an absorbing state is
increasing.

Theorem 12 For the stochastic matrix Pp obtained after uniformizing CTMC
(S, @B), for any K and § > 0 the following holds:

—_— _—
Z p(s, K); <6=Vi>K:|[p*(s) —p(s,d)|;° <4
JEA\(GUBAG)

Where p(s, i), isthe j'th component of p(s,i) = 1, - Pj, and p*(s) is the steady-
state probability for P when starting from state s.

Proof In[12] itwasnoticed that in Q [Z U G] al G states can be collapsed into one
state, without affecting Prob(s, S Ul G) the same can be done with Z states. In
OB the B4 g states are also made absorbing, as this does not affeCtp(s—,i)) , weare
computing. Thus, as atrivial extension, we suggest to collapse all B4 g U T states
of QF into asingle absorbing state.

Thisyields a matrix which we still denote as QF but it has only two absorbing
states, one that corresponds to G states - a state NV, and one that corresponds to
By gUT states - astate N — 1. Where N denotes the number of states, that result
after the described procedure. Theremaining states NV — 2 are transient states from
theset A\ (GUB4g) ={1,--- ,N —2}.

The rest of this proof is divided into three steps:

1. Fird, let us prove that for any K and 6 > 0:
N 00
> p(s,K); <8 =|lp(s) = p(s, K| <6 (39)
j€l,..,N-2

By definition of the [°°-norm:

SN 7 g0 *
Ip*(s) — p(s, K)|5 = max, Ip*(s); — p(s, K)j| (40)

Since states 1, --- , N — 2 aretransient vVj € 1,..,N — 2 : p*(s); = 0, and
thus (40) equals:

max {jegl.%zp(s, K)j, el p"(s); — p(s, K); !} (42)

Using Zj617__7N_2p(5, K); < 6 weget that (41) is bounded from above by:

5 *(s); — p(s, K); 42
w6, a7 - ol 501 @



Vectors p(s, K') and p*(s) are distributions:

=

—2
p(S)K)] +p(S,K)N,1 +p(SaK)N =1
1

<.
I

P (s)N—1+Dp*(s)n =1

From (43) and (44) it follows:

N-2
p*(s)v-1 —p(s, K)y-1+p*(s)v —p(s, K)v = > _ p(s, K
J=1

(43)

(44)

Asthe probability massisflowing into the G, 7 and By g states, we have:

0 <p*(s)N—1—p(s, K)N_1
0<p*(s)n —p(s,K)n

and thus:

N—2
p*(s)v—1 — (s, K)n1| + [p*(s)v — p(s, K)n| = Y p(s, K
7j=1

From the latter and the initial COﬂdI'[IOI’IZ 1 2 (s, K); < 6 we get:

P (s)n—1 = p(s, K)N-1| + [p"(s)v = p(s, K)n| <

which induces:

Ip*(s)n—1 —p(s, K)n—1| < dand [p*(s)n — p(s, K)n| <6

Finaly, it follows that (42) islimited from above by:
max{d,d,0} =0
which yields (39).

. The next step isto prove that for any K:

VZ >0: Z p(s, K); > Z p(s, K+ Z);

jel,. ,N-2 j€l,. . N-2

The latter clearly follows from the fact that for any K

Z p(va)j > Z p(S,K + l)j

€1,.,N—2 jel,.. . N—2

(45)

(46)



Equation (46) follows from the fact that states N — 1 and N are absorbing
statesin Pp = <pfj) , in other words:

pls, K+n= Y p(s,K)j piy+p(s, K)va (47)
j€l,. . N—2

>0

p(s, K+1)y= > p(sK); pPy+p(s, K)y  (48)
jel,..,N—2

n'g

>0

Vectorsp(s, K) and p(s, K + 1) are distributions, thus:

Z p(s, K); — Z p(s, K +1); =
jel,...N—2 jel,...N—2
(1 =p(s, K)n—1 —p(s, K)n) — (1 = p(s, K + 1)ny—1 — p(s, K + 1)) (49)

From (47), (48) and (49) we obtain:

> ops,K)j— > pls, K+1);=

jel,.. ,N-2 jel,.. ,N-2
p(SaK + 1)N71 _p(saK)Nfl +p(SaK + 1)N _p(SaK)N Z 0
>0 >0

which yields (46).

3. Thelast step isto notice that, due to (45), for any K and § > 0:

Z p(s,K); <d=Vi>K: Z p(s,i); <9
j€L,.,N=2 j€L,..,N=2

and from (39) for any i:
S plsi) <0= () — pls, DIIF <6
jel,..,.N—2
This proves the claim.

g

Notice that this theorem gives aprecise error bound for a steady-state detection.
Still the convergence rate is not known so the check for steady-state should be
performed every M iterations as before.



Backward computations The backward agorithm is based on 171')) =P 5
where vector 5 is not a distribution. The idea of backward computations is to
accumul ate the probability to reach statesin G. Information about the probability
reaching A \ (G U Bag) or B4 g UZ is, however, not available. To compute the

—

precise equilibrium, we propose to compute, in addition top(i), the probability to
bein either B4 g or T after i steps.

Theorem 13 For the stochastic matrix P obtained after uniformizing CTMC
(S, @B), for any K and 6 > 0 the following holds:

— —_— B—) - —
IT = (T 40P () ) [ < 0= viz K7~ 31 <5 (60)

SN —

wherep(i) = Py - ig, p~ (i) = Pg - iB, guz, aNd p* = lim; .o Pp - ig.

Proof Consider aj'th component of vectorsin (50), then follow the proof of The-
orem 12, taking into account that

1- (p(z')j +pP (i)j) = Z p(J; 1)k

k‘E.A\(gUBA’g)

7 Experimental results

This section reports on some experiments that we conducted with existing and the
proposed approaches towards on-the-fly steady-state detection. The experiments
concentrate on illustrating the phenomenon of premature stationarity in existing
model checkers for CTMCs. Thisis first shown by means of a simple, though ar-
tificial example. The fact that these phenomena occur in realistic examples too is
illustrated by means of the workstation cluster [8, 5, 27, 15, 20], an example that
has established itself as one of the benchmarks for probabilistic model checking.
(A similar phenomenon has been reported for a group communication protocol in
[18].) We finally report on the computation time needed for our proposed algo-
rithms. The tools that are used in the experiments are Prismv2.1 [16], ETMCC
v1.4.2 [10] and our model checker called MRMC v1.0 [11]. Thefirst two support
an on-the-fly steady-state detection as described in Section 4.1, whereas MRMC
realizes (as an option) the algorithms proposed in this technical report. GreatSPN
v1.0 [6] uses ETMCC as a back-end and the results reported on ETMCC therefore
also apply to GreatSPN.

All experiments are conducted on a Pentium 4 3.00GHz, 2Gb RAM, Suse Linux
machine, and are focused on the backward algorithm. For comparison reasons,
exact probabilities obtained from Matlab are used.



A slowly convergent CTMC. Consider the CTMCin Fig. 2and let A = {0,1}

and G = {2}. The peculiarity of this CTMC is that the probability to move away
from the starting state 0 isvery low. Fig. 3 plots the probability Prob(0, .AU% G)

for the tools considered. Note that the experiments for PRISM are obtained using
either a relative (rel) or an absolute (abs) convergence test. Note that ETMCC,
and both variants of PRISM (abs and rel) detect stationarity prematurely whereas
MRMC does not detect an equilibrium at all. For the indicated range of ¢, the
resulting error is within the inaccuracy ¢ = 10°9; for larger values of ¢ (upto
around 16,000) the resulting probabilities for ETMCC and PRISM differ more than
¢ (and MRMC still does not detect an equilibrium). More details on the iteration
index at which an equilibrium is detected (K), and the corresponding probability
aregivenin Table 1.
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Figure 2: A sowly convergent CTMC  Figure 3: Prob(0, A Ul%4 G) for varioust

Table 1. Steady-state detected on iteration K

Tool Error | K PE iy D

Prismv2.1(abs) | 1076 | 2 | (5.00025-107°,2.5-10~7, 1.0)
Prismv2.1(rel) | 10~ | 12 | (5.00275 - 1072, 2.75 - 1078, 1.0)
ETMCCv1.4.2 | 1076 | 20 | (5.00475 - 1072, 4.75 - 1078, 1.0)
MRMC v1.0 1076 | — —

(1.0, 1.0, 1.0)

Workstation cluster.  As a larger and more realistic example, we considered
the workstation cluster as originally proposed in [8]. This example is used as a
benchmark in various papers, e.g., [5, 27, 15, 20].The example consists of two
symmetric subsystems both consisting of L workstations. Inside a subsystem, the
workstations are connected by means of switches that themselves are connected
by a backbone. Each component of the system (workstation, switch and back-
bone) are failure prone. Depending on the number of operational and connected



workstations, the system is said to offer maximum or minimum quality-of-service.
The time-bounded reachability property considered is the probahility to eventually
reach a service level below the minimum. The investigated configuration is L=5,
and the minimum QoS equals 3. The resulting CTMC has about 5,000 states. Fig.
4 plotsthe computed probabilities using PRISM and ETM CC using the absol ute er-
ror 106 and relative error 1073, The effect isthe same asfor the artificial example
shown before. The rates of the model are taken from the PRISM web page.
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Figure 4. Time required to compute Figure 5; Run time for time-bounded
Prob(4167, true U%! lminimum) reachability with and without stationary
detection

Runtime. To conclude, we investigated the impact of the proposed on-the-fly

steady-state detection algorithm on the verification time. The typical pattern ob-

tained is depicted in Fig. 5. Prior to reaching the steady state, the run time is
R a—

doubled. Thisisdue to the fact that for the backward agorithmp? (i) is computed

—_

in addition to p(i). Once an equilibrium is reached (and detected), the run time
for the variant with steady-state detection remains constant, whereas the runtime
of the plain algorithm continues to grow linearly in ¢.

8 Time complexity

Let (S, Q) beaCTMC, asbefore |S| = N the number its of states, D the number
of nonzero entries in the rate matrix Q, ¢ uniformization rate, and ¢ the time value.
Assume, that sets of states .4 and G are given.

In case, when on-the-fly steady-state detection is not used, time complexity of
computing probability Prob(s, .A U0t G), for all initial states s € S, is known to
be O (N -D-q-t), for forward computations [3], and O (D - ¢ - t) for backward
computations [12].

Proposed on-the-fly steady-state detection algorithms require search for BSCCs
[25], which takes O (D) time. Choosing A states, belonging to BSCCs (along with



making them absorbing), takes O (D) time. In other words, obtaining Pz matrix
requires O (D) time.

For forward algorithm with on-the-fly steady-state detection, every M itera-
tions the convergence criterion should be checked. It requires O (V) time, but the
same iteration includes computing matrix vector multiplication, which overrides
theinfluence. Thus for forward computations, including precise steady-state detec-
tion, the time complexity remainsto bethesame O (N - D - ¢ - t), if computations
for al initial states s are considered.

For backward comthat)i ons with on-the-fly steady-state detection, in addition,
we have to compute p” (i) = Py - ip, ;uz, every time theﬁ = P, g is
computed. Thisdoes not influence the time complexity either, thus it remainsto be
O(D-q-t).

As a conclusion, it is clear that for both forward and backward algorithms,
introducing the proposed on-the-fly steady-state detection, does not change the
overall time complexity of the algorithms.

9 Reated works

In [22] the method, based on Uniformization, to determine the point availability
and expected interval availability of a repairable computer system modeled as a
Markov chain with steady-state detection is presented. Unfortunately results are
applicable only toirreducible Markov Chains, which isnot the casein our situation.

Ancther related item is a Phase Type distribution [19], in this case there is
a theorem limiting the time before absorption, and thus providing us the way to
estimate the convergence. The problem there is that transient states must form an
irreducible matrix, which is only one of the possible cases for us.

10 Concluding remarks

Thistechnical report presented new steady-state detection criteriafor standard tran-
sient analysis as well as for time-bounded reachability using a backward algo-
rithm.These results are obtained using arefined bound for the Fox-Glynn algorithm
together with detailed proofs. These results are complemented by a simple tech-
nique to safely detect a steady-state for time-bounded reachability. Experiments
showed the impact of the new agorithm. Our agorithm slightly increases runtime
(factor two) but is guaranteed to avoid detecting premature equilibria.

Acknowledgment Theauthorsthank David N. Jansen for his careful and detailed
comments and for pointing out aflaw in an early version of the technical report.
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