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1 Introduction and related works

The study of probabilistic programs is of considerable interest
for the validation of networking protocols, embedded systems, or
simply for compiling optimizations. It is also a difficult matter,
due to the undecidability of properties on infinite-state determin-
istic programs, as well as the difficulties arising from probabilities.
In this paper, we provide methods for the analysis of programs
represented as infinite-state Markov decision processes.

Markov decision processes are a generalization of Markov chains
— that is, probabilistic systems where the probabilities of transi-
tions are entirely determined by the last state encountered. They
add nondeterministic transitions to the fully probabilistic transi-
tions of the Markov chain. By “nondeterministic transitions”, we
mean transitions for which an arbitrary choice is made, without
any statistical property, as opposed to probabilistic transitions.
This greatly enhances the generality of the model, since processes
for which all probabilities are not known (for instance, because
of an unknown or even hostile environment) can be represented.
This extension also allows easier abstraction of Markov chains,
since many states with complex probabilistic transitions can be
abstracted into fewer states and nondeterministic transitions.

The analysis of finite-state Markov decision processes was origi-
nally conducted in the fields of operational research and finance
mathematics [28]. More recently, they have been studied from



the angle of probabilistic computing systems [1-3, 9, 10, 18, 30].
Effective resolution techniques include linear programming [28,
§7.2.7] [6] and newer data structures such as MTBDDs (multi-
terminal binary decision diagrams) [1]. However, the problem of
large- or infinite-state systems has not been so well studied. The
memory size and efficiency gains of BDDs on nondeterministic
systems do not apply to computations on probabilistic systems;
for this reason, techniques of abstraction and refinement have
been recently proposed [9].

In the case of deterministic or nondeterministic systems with-
out a notion of probability, various analysis techniques have been
proposed in the last twenty years. Since the problem is unde-
cidable, those techniques are either partially manual (i.e. require
the input of invariants or similar), either approzimate (i.e., the
analysis takes a pessimistic point of view when it cannot solve
the problem exactly). In this paper, we take the latter approach
and build our analysis methods upon the existing framework of
abstract interpretation [8], a general theory of approximation be-
tween semantics. We have strived to present the studied problems
in an order-theoretic fashion, while some other studies [11] ap-
plied advanced probability concepts. The crux of our paper is
merely the demonstration of an abstraction relation between two
semantics.

We have earlier proposed two classes of automatic methods to
analyze such system: some forward [19,20], some backward [23,
24]. In this paper, we focus on the backward approach and extend
it to a larger class of properties (including those specified by LTL
formulas). We also prove that chaotic iterations strategies [7, §2.9]
apply to our case, which allows parallel implementations.

In section 2, we give an introduction to probabilistic transition
systems, which we extend in section 3 to nondeterministic and
probabilistic systems. In section 4, we give a formal language for
the specification of trace properties, including those formulated
using Biichi or Rabin automata. In section 5, we explain how to



analyze those properties backward and in section 6.1 how to ap-
ply abstract analyses. Appendices give mathematical background
and necessary lemmas on measure theory, the Lebesgue integral,
and lattice theory.

2 Probabilistic transition systems

The natural extension of transition systems to the probabilis-
tic case is probabilistic transition systems, also known as Markov
chains or discrete-time Markov processes.

2.1 Probabilistic transitions

We assume that the set of states is finite or countable so as to
avoid technicalities. The natural extension of the notion of deter-
ministic state is the notion of probability distribution on the set
of states. We take the convention that a divergent sum of positive
numbers, or a divergent integral of a positive function, is equal
to +o0.

Definition 1. Let 2 be a finite or countable set of states. A
function f : Q — [0,1] is called a probability distribution if
Ywea f(w) = 1. We shall note D(£2) the set of probabilistic dis-
tributions on 2.

Now that we have the probabilistic counterpart of the notion of
state, we need to have the counterpart of the notion of transition.

Definition 2. Let ) be a finite or countable set of states. Let
us consider a function 7" : Q x Q — [0, 1] such that for all wy €
Q, Yuea T (wrswe) = 1. (Q,T) is called a probabilistic transition
system.

If €2 is finite, the relation can be given by a probabilistic transition
matriz. Let us assimilate 2 to {1,..., N}. Then, the transition
matrix M is defined by m; ; = T'(i, j) if ¢ — j, 0 otherwise.



The intuitive notion of a probabilistic transition is that it maps an
input distribution to an output distribution. It is the probabilistic
counterpart of the notion of a successor state.

Definition 3. Let T be a transition probability between ; and
. Let us define T D(1) — D(s) as follows: T(d)(wg) =

Zwl ey T(wl? WQ)d(w1) :

The intuition, using conditional probabilities, is as follows: to
each state wo in the arrival state space, we attach the sum of the
probabilities of the transitions w; — wy for each departure state
wy; the probability of w; — wy is equal to the product of the
probability of starting in w; as a departure state and the prob-
ability T'(wy,ws) of jumping from wy to wy under the hypothesis
of starting in wy.

Let us now describe the probabilistic counterpart of the notion
of predecessor state. Given a transition probability T' between
2 and € and a boolean property m : Qs — {0,1}, the ex-
pectation of a state w; € €2y to reach 7 in one step is then
YwneQ, 1'(w1, wo)m(ws). We have thus defined a function € —
[0, 1] mapping each state to the corresponding expectation.

A natural extension of this construction is to consider any func-
tion f € P(§) = Q9 — [0, 1]. We call such functions condition
functions. ™

Definition 4. Let T be a transition probability between ; and
Q. Let us define T : P(Qs) — P(£;) as follows: T(f)(wl) =

ZWQEQQ T(wh CUQ)f(OJQ)

Those functions are linked by the following adjunction relation: if
T is a transition probability relative to {2 and Qs, noting (f, u) =

* Please note that while those functions look similar to distributions, they are quite
different in their meaning and are different mathematical objects when treated in
the general, non discrete, case.



> f(w)p(w), then
Vi€ P() Y e D) (f, T )= (T fp). (1)

H
Lemma 5. For all transition probability T', T is w-continuous.

Proof. Let f,, be an ascending sequence. (? fo)(x) = [ f,dT}.
The lemma follows from theorem 31. ]

2.2 Probability measures on traces

While it is possible to explain probability distributions and tran-
sitions on states using rather simple mathematical constructions
(assuming a finite or countable state space), it is difficult to do
so properly on the non-countable sets of infinite traces. For this
reason, we shall use the general theory of measures and Lebesgue
integration; while it is impossible for reasons of space to recall
the details of this theory in this paper, Appendix B.1 presents
the definitions and results that we shall use.

We shall use probability measures on sets of traces arising from
probabilistic transition systems. Let us start with a simple ex-
ample — consider sequences of tosses of a fair coin: the coin has
probability 0.5 of giving 0 and 0.5 of giving 1. A trace is then an
infinite sequence of zeroes and ones. Let us consider the (regu-
lar) set 0"(0]|1)* of sequences starting by at least n zeroes. It is
obvious that the probability of falling into that set is 27". The
probability of the singleton containing the sequence of only zeroes
is 0; actually, in this case, the probability of any singleton set is
0. We see clearly how it is not sufficient to know the probability
of all elements in a set to know the probability of an uncountably
infinite set.

On the set QY of infinite traces (w,)nen of elements of Q we con-
sider the product o-algebra [26,27, §I11.3]. If (E;, A;);c; are mea-
surable sets, the product o-algebra is the o-algebra such that the
projections (;);c; are measurable. If we consider the o-algebra



A on Q, then the product o-algebra on QY is the o-algebra gen-
erated by the cylinders (IT;<, 4;) x QN where i € N and the (A4;)
are chosen in A.

When taking expectations (or integrals) of functions from traces
to real numbers, we shall restrict ourselves to measurable func-
tions with respect to this o-algebra. This is a technical condition;
all “interesting” functions we shall consider in §4 have this prop-
erty. Generally speaking, this measurability will follow from our
considering:

e measurable primitive functions;

e point-wise limits of monotone countable sequences of measur-
able functions; such limits are measurable, and furthermore the
integral of the limit of a monotone sequence of functions f, is
the limit of the integrals of the f,, (Th. 31), a result of which
we shall make ample usage.

We use the theorem of Ionescu Tulcea (Appendix B.2) to con-
struct the probability measure p,, on the set of traces according
to the probability distribution g on the initial states and the
transition probability T'.

The probability of a property P : QN — {0,1} on the traces is
then / P du,,.

3 Nondeterministic and probabilistic transition systems

We shall see how to combine the notions of nondeterministic
choice (sets of possible choices for which we know no probabilis-
tic properties) and probabilistic choice (sets of possible choices
for which we know probabilistic properties), obtaining discrete-
time Markov decision processes [28] , which has been studied
more particularly in the field of operational research and finance
mathematics, as well as machine learning.



(a) Upper transitions (b) Lower transitions

Fig. 2. Two purely probabilistic transition systems that define, when composed to-
gether nondeterministically, the same probabilistic-nondeterministic transition sys-
tem as in Fig. 1.

Fig. 3. Another probabilistic-nondeterministic transition system. Note the difference
with Fig. 1.

Let us now consider the case where the system must be able to
do both nondeterministic and probabilistic transitions (example
in Fig. 1). The system then has the choice between different tran-
sition probabilities.

For instance, on Fig. 1, in state ()1, the system has the choice
between two partial transition probabilities: the first goes to ()3
with probability 1, the second goes to ()4 with probability 1. For
an easier intuition, one may think about this choice as if it were



made by an adversary willing to induce certain behaviors. The
adversary is supposed to follow a strategy or policy [28, §2.1.5].

In this paper, we shall assume that the adversary may see the
present and past states of the execution, and may act accordingly,
thus yielding pessimistic bounds on the outcome of the proba-
bilistic system. In essence, we consider cases where the adversary
actively seeks the defeat (or success) of some trace property. Is
that a reasonable model? The adversary models the nondeter-
ministic aspects of the external environment of the system, as
well as internal factors that are difficult to model precisely, or
whose precise implementation is left unknown (e.g. schedulers).
Considering that schedulers and a physical environment operate
in the worst possible way, rather than according to some statisti-
cal properties, generally overestimates the likeliness of problems.
However, it seems sensible that an external human user should
be modeled in the worst possible case; for instance, the user may
actively attack the system in order to obtain certain outcomes.

Let us note that other choices for the power of the adversary
can give very different results. For instance, let us consider a pro-
gram that chooses a Boolean variable x nondeterministically, then
chooses a Boolean variable y with uniform probability, then re-
places x with the exclusive or (XOR) of z and y (Fig. 3). Clearly,
if the nondeterministic chooser is allowed to “look at the future”
and predict the outcome of the random generator, it can always
arrange for z to be true. If it can only look at the past and the
present, or only the present, it cannot and z is uniformly dis-
tributed.

Let us suppose that our system is defined by a transition probabil-
ity T from Q2 XY to €2, where Y is the domain of nondeterministic
choices. For instance, for the system given in Fig. 1, Y is {0, 1}
(choice between the upper and lower arrows, as seen in Fig. 2).
The operation of the adversary for the transition between states
n and n + 1 is modeled using an unknown transition probability
U, from " to Y. The whole transition that is executed by the



system is then the composition T;, = T o [ /? |, which is a tran-
sition probability between 2" and 2. By this notation, we mean
that, using the notation of Def. 2,

To(xoy . s p_1; ) = T(xp_1,Un(xg, ..., xn1);20).  (2)

Tonescu Tulcea’s theorem (Appendix B.2) then constructs from
the (7},) a transition probability G(T', (U, )nen) from € (the initial
state space) to QY.

Let us take a measurable function f : QN — [0,1]. ¢y == ¢ will
note the infinite trace starting in the state ¢y, and following with
the infinite sequence ¢. To this function we attach its expecta-
tion S7(f, (Up)nen) under the adversary (U, )nen. It is defined as
follows:

S(f, (Un)nen) = Mo. (ML f (to :: 1), G(T, (Un)uen) (t)) — (3)

(S short for St if there is no ambiguity about 7") and R(f) the
set of all functions S(f, (Uy,)nen) when (U, )nen is a sequence of
transition probabilities, U,, being a transition probability from
Q" to Y. X is here a functional notation.

Let ET or, if there is no confusion possible, E,(f) = sup R(f) be
the worst-case semantics and E_(f) = inf R(f) be the best-case
semantics (those designations assume that f indicates some kind
of failure condition). Intuitively, if f is the characteristic function
of a set of “faulty” traces, I/, expresses a “worst case” analysis,
modeling an adversary willing to make the system err and E_
a “best case” analysis, modeling an adversary willing to prevent
the system from erring. FE,(f) is often called the value of the
Markov decision process with respect to the reward function f
(even though we use a slightly different framework as the one
given in [28]).

For instance, if we call P the property “the trace ends up with
choices of x and y such that x XOR y = 17, then for all states ¢ in
Fig. 1, then £, (P)(c) =1 (it’s always possible for the adversary
to force going to a state such that x XOR y = 1), except, of



course, state (3 (where both choices of z and y have been made
and z XOR y = 0).

Lemma 6. E,.(1) = 1 and E(0) = 0. E; is monotone and
upper-continuous.

4 The properties to analyze

We consider a property to analyze on the traces. To each initial
state we attach its expectation, that is, the integral of the prop-
erty to analyze over the traces starting from this state (or the
set of integrals, if considering nondeterminism). The properties
to analyze are expressed as measurable functions from the set of
(possible) traces of execution; we call these functions trace valua-
tors. We shall actually consider a class of trace valuators defined
syntactically by certain formulas.

4.1  Ezpectation Functions

Let I =[0,1] or [0, +o¢], depending on the kind of properties to
analyze. Let () be a finite or countable set of states — we impose
this cardinality constraint so as to avoid theoretical complexities.
P(€2) is the set of subsets of €. Let 2 — I be the set of functions
from €2 to I, the expectation functions of our system; this set,
ordered by < point-wise, is a complete lattice. **

4.2 Trace Valuators

Let QN — I be the set of measurable functions from QY to I,
ordered point-wise. We shall call such functions “valuators”.

**Some of the complexities introduced by uncountably infinite state spaces ) is
that the set of measurable functions from 2 to I is not a complete lattice, but only
an w-complete lattice.

10



4.2.1 Boolean Trace Valuators
We take I = [0,1] or even I = {0, 1}.
We shall consider formulas written in the following language:

formula ::= name
| constant
| formulay et formulay where set C
| constant + . formula
| lfp(name — formula)

| gfp(name — formula)
| shift(formula)
| let name = formula; in formulas

Let shift : QN — ON: (shiftf)k = tr41 be the function that chops
off the first element of an infinite trace.

Let env; be the set of environments of valuators, mapping each
name to a valuator, ordered point-wise.

[formula], : env; — (QN — 1) is defined inductively as follows:

[name], .env = env(name) (4)

[constant], .env = At.constant (5)

Lfi +s fol, -env = M xs(to).([f1], -env(t))+ (6)

xse(to)-([fa], -enu(t))

[ifp(name — f)], .env = UUp(Ap.[f], -env[name — ¢])  (
[gfp(name — f)], .env = gfp(Ap.[ f], -env[name — ¢]) (8

[shift(f)], .env = ([f], -env) o shift (

1

[let name = fi in f3], .env = [ f2], .env[name — [ f1], .env] (10

Xs is the characteristic function of S and S¢ the complement of
S. ty € Q is the first state of the sequence of states t € Q.

Lemma 7. For all formula f, [f], is monotone. For all formula

11



[ without Ifp or gfp, [f], is continuous. (Def. 16)

Proof. Obvious by induction on the structure of f. ]

4.2.2 Some particularly interesting Boolean valuators

We shall consider in this section four very important classes of
properties, all of which can be shown to be measurable.

e Let A be a set of states. The reachability property associated
with A defines the set of traces that pass through A at some
point. It corresponds to the formula:

Ifp(f +— 1 -+ 4 shiftf) (11)

[Up(f — 1+, shiftf)], is defined as the least fixpoint of P,
where ® (W) is the set of traces ¢ such that ¢y € A, or shiftt €
W. @ is clearly continuous, therefore lfp ® = U, "(0). ®"(()
is the set of traces ¢ such that 3k < n ¢, € A.

e Let A be a set of states. The liveness property associated with
A defines the set of traces that always remain in A. It corre-
sponds to the formula:

gfp(f +— shiftf 44 0) (12)

This is the dual of the preceding definition: [f + shift f +4 0],
is N>, U™(QN), where U*(QN) is the set of traces t such that
Vk <n t, € A.

e Let A be a (measurable) set of states. The Biichi acceptance
property associated with A defines the set of traces that pass
through A infinitely often; it is written as:

efp(C 1 1fp(R — shift(C) + 4 shift(R))) (13)

The co-Biichi property is just the negation of this formula.
Let us recall that a Biichi automaton [32, chapter 4, part I
on an alphabet A is given by a state space X, an initial state
0o, a set F' C X of final states and a transition relation 17" C
Y X A x ¥. An infinite input sequence tg, 1, ... is accepted by

12



the automaton if there exists a sequence oy, oq,... of states
such that for all i, (0;,tg,0;11) € T and there exists an infinity
of 7 such that t; € F.

If a trace property is defined using a deterministic Biichi
automaton A, then this property may be defined for a Markov
decision process S as the Biichi acceptance B of the set 2 x F
over the synchronous product of S and A, where F'is the set of
final states of A. By synchronous product, we mean that the
Biichi automaton is made to read the state of S as an input
sequence.

Note, however, that this does not extend to nondetermin-
istic Blichi automata; that is, in the case of nondeterministic
Biichi automata A, E,(B), as defined above, is not the prob-
ability in the worst case of generating a trace accepted by A.
Because of this discrepancy, and the fact that deterministic
Biichi automata are strictly less powerful than nondetermin-
istic ones [32, chapter 4, §1.4], we shall be forced to consider
deterministic Rabin automata (see next point).

We shall now briefly see the reasons for this discrepancy.
E, (B) is the upper bound, over the strategies of the adversary
and the nondeterministic Biichi automaton A, of the proba-
bility of passing through €2 x F' infinitely often; while the de-
sirable property is the upper bound over the strategies of the
adversary of the probability of finding a strategy for the Biichi
automaton to accept the trace. If we fix the adversary A, the
property is written as:

sup P (f — A accepts ¢ using strategy S)
S strategy of the Biichi automaton
(14)

while the latter property is:

. 19 strategy of the Biichi automaton
Plt— (15)

A accepts t using strategy S

In the latter case, the Biichi automaton can choose its strategy
depending on the knowledge of the full trace ¢; this would cor-

13



respond to a model where the adversary “looks at the future”
(see §3). However, in the former case, the Biichi automaton
is restricted to strategies where only the past history of the
computation is known.

e Given a sequence ) C Uy, C --- C Uy = ), the Rabin accep-
tance property associated with (U,) is the set of traces defined
by the following temporal property [11, sect. 5]:

k—1
R =\ (OOUs A =TO0Un41) (16)
=0

It corresponds to the following formula:

gfp($2k—1 = lfp(:vzk = . gfp(;z:l — 1fp(x0 —
((-+ (wap—1 + Usg—129x—2) - - +0, To) +1;, 0) (17)

Deterministic Rabin automata are equivalent to Muller au-
tomata, from McNaughton’s theorem [32, Th 4.4], which are
equivalent to nondeterministic Biichi automata and w-regular
languages (op. cit.). In §4.3.1, we shall see a way to use them
to represent linear time properties.

4.2.83  Summation valuator

A related family of trace valuators are the summing valuators.
The summation valuator associated with a (measurable) function
f: Q2 ]0,40o0] is the function

g, & e (18)
(@) nen — X320 f(2r)

Essentially, a summation valuator assigns to each state a “prize”
and sums the prizes along a trace.

Obviously, this function can be formulated as a least fixpoint:
[Zf], = lUp(¢ — f + ¢ oshift) (19)
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This construct has two obvious applications:

e counting the average number of times the program goes through
a certain set of states A; here, f is the characteristic function
of A;

e counting the average time spent in the process; here f maps
each state to the amount of time spent in that state (0 for
states meaning “termination”).

For instance, to evaluate the average number of time that a pro-
gram goes through a loop whose head label is marked with [ € L,
where L is the set of labels and M is the set of possible mem-
ory environments, one applies the summation valuator associated
with the characteristic function of {I} x M.

4.3  Temporal logics

Temporal logics [4, chapter 3] are expressive means of specifying
properties of transition systems.

4.3.1 Linear time logic (LTL) and w-regular conditions

A formula F in LTL defines an w-regular set of traces [F],, that
is, a set of traces recognizable by a (nondeterministic) Biichi au-
tomaton B [4, §3.2], or, equivalently, by a deterministic Rabin
automaton R [31, §4].

Let us consider a (nondeterministic) probabilistic transition sys-
tem T, and the according definition of ET. Let us consider the
synchronous product 7' x R, and C the associated Rabin accep-
tance condition. ET([F],) is then equal to E2*E([C],) [11, §5].

If B is deterministic, we can similarly consider the synchronous
product 7' x B, and C the associated Biichi condition. EZ([F],)
is then equal to EY*B([C],) [11, §4].***

**Note that this does not hold for nondeterministic Biichi automata, since the
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4.3.2  Branching-time logic: pCTL and pCTL*

The branching-time logics CTL and CTL* [4, §3.2] have had
much success in the analysis of nondeterministic (albeit non prob-
abilistic) systems. It was therefore quite natural to extend this
notion to probabilistic systems. Proposed extensions to the prob-
abilistic case include pCTL [12] and pCTL*. We shall see here
briefly how we deal with some pCTL* formulas.

CTL* formulas define sets of states as the starting states of sets
of traces defined by LTL path formulas (in which state formulas
are CTL* state formulas).

The operation that makes a CTL* state formula out of a LTL
path formula is the taking of the initial states: if [£], denotes the
semantics of f as a state formula and [£]  its semantics as a path
formula, then

[£], = {zo € Q| For,... (wo,m,.. ) €[EL}.  (20)

In the case of probabilistic systems, we do not have sets of start-
ing states but expectation functions; such expectation functions
are then compared to a threshold value, which gives sets of states.
State formulas noted as f., are thus obtained, where f is a trace
valuator and > is <, <, =, > or >. The semantics of this con-
struct is as follow:

[foal = {0 € Q| V(Un)nenS([f];  (Un)new) (o) > a}  (21)

In the case of < and <, giving an upper bound on those sets is
easy provided we have an upper bound [f]" L of E.([t],) (see §5):

Vo [f1E, (z0) b = @0 & [feal - (22)

We think that the intuitive meaning of LTL formulas is clearer

automaton is allowed to take its nondeterministic choices with the knowledge of the
full sequence of states, not only the past and present states.
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Program: Backward computation:
/*x A x/

if (x < 0.5) /* true */ x += uniform(); 021, — | S -
else /* false */ x -= uniform(); - ot '1* ¥
/* B */

post_condition (x>=0.9 && x<= 1.1); ool — _ _ true
/* C x/ N AN ;

1 2
uniform() uniform in [0,1]. 0 false
Property: reachability of C'. ] ST ™
Program points: 1 2

B
e A, B, C 11
) ) m
1

e beginning of both branches of the test
true and false

Fig. 4. An example of backward upper semantics: the state space is I x R where II
is the set of program points, and the single variable x is chosen in R.

than that of non-trivial pCTL* formulas. However, it is an added
benefit of our method that it can analyse programs with respect
to certain pCTL* formulas (those for which state formulas may
be analysed by obtaining upper bounds of F,(P) where P is a
trace formula).

5 Backwards Worst Case Analysis

In section 4.2, we gave the syntax and semantics of a logic de-
scribing sets of traces, or, more generally, measurable functions
over the traces. Given a formula f, one may want to compute its
worst-case probability £, ([f],), or at least get an upper bound
for it. Unfortunately, the definitions of both [f], and £ do not
yield effective means to do so.

In §5.1 we shall attach to each formula f another semantics [ f],,,

which we shall show how to abstract in §6. We shall see the
abstraction relationship between £, ([f],) and [f],, in §5.2.

17



5.1 Backwards Worst Case Semantics on Ezxpectation Functions

A well-known solution to the problem of the optimal value of
a Markov decision process is wvalue iteration [28, §7.2.4]. This
method is mainly of theoretical interest for the analysis of finite
state Markov decision processes, since there is little control as
to its rate of convergence and much better algorithms are avail-
able [28, §7.2.4]. On the other hand, since it is actually a kind
of generalization to Markov decision processes of the backwards
reachability analysis for nondeterministic systems, we can apply
abstract interpretation techniques so as to provide an effective
mean to compute upper bounds on the probability of the prop-
erties to analyze.

We shall now define another semantics [P],,, which will assign
to each initial state a worst-case probability, or an upper bound
thereof, of starting a trace fulfilling the property P. Since this
semantics starts from the final states of the computation and
then walks back the transitions, we call it a backwards semantics.
In section 7, we shall discuss this choice of a backward seman-
tics, whereas several already proposed semantics for probabilistic
programs were given in a forward fashion. Let us still note that
forward and backward probabilistic denotational semantics for
programs are equivalent [23].

We shall use the program on Fig. 4 as a simple running ex-
ample. The most complex part of the semantics of that pro-
gram in terms of a Markov decision process is the semantics of
x += uniform(); (and similarly for -=). This operation may be
divided into three steps:

e compute a random number y according to uniform() ( ditunitorn
is the probability measure of this generator);

e compute x = X + Y;;

e discard y.

The latter two steps are compounded into: compute the linear

18



transformation (z,y) — z. The compound transition of this op-
eration 7' is somewhat complex. However, we shall only be inter-
ested in its associated backward operator 7', which we compute

compositionally [23]:

— (RxR—=R)— (R—R)

T (f)=
g

= (l’ = fg('xa y) d,uuniform)
(R—R)— (RxR —R)

o (23)

h = ((z,y) = h(z,y))

Let env, be the set of environments of expectation functions (an
environment of expectation functions maps each name to a ex-
pectation function), ordered point-wise.

[formula],. : (@ — I) — (2 — I) is defined inductively as

follows:

[name], .
[constant], .

Lfi +s fal.t
[fp(name — f)].,

[gfp(name — f)]..

[shife(f)],,

[let name = fi in fo] .,

.env = env(name) (24)
.env = A\x.constant (25)
.env = xs.([f1].1 env) + x50 ([fo] 1 env)

(26)
.env = lp(A.[f],, -env[name — ¢])

(27)
.env = gfp(Ap.[f],, -env[name — ¢])

(28)
.eny = sup(?([[f]]%.env)) (29)

TeT

.env = [f2],, .env[name — [ fi],, -env|

(30)

This semantics is thus some form of p-calculus, except that “Ifp”
replaces the p binder and “gfp” v; but since we also use p to
note measures, it would have been confusing to also use it in the

syntax of the formulas.
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Let us see what this computation yields on the program in Fig. 4
and the trace property Ifp(f — 1 +¢ f). The state space is
Q = II x R where IT = {A,B, C, true, false} is the set of pro-
gram points and R is the set of all possible memory configura-
tions (which we reduce to a single real variable x; for the sake of
simplicity, we choose here to use real numbers instead of machine-
representable values). On the right of the figure, we have repre-
sented various functions f; for ¢ € II, each representing a part
of the final invariant. For the sake of simplicity of notation, we
shall note f; both a function R — [0, 1] and its extension in
IT x R — [0, 1] defined as follows: f;(i,x) = f;(x) and f;(j,x) =0
for j # 1.

For instance, fiue is obtained as the function = — [ fy(x +
Y) dptuniform (¥). The iterations of the least fixpoint are as follows:

up =0, uy = fc, ug = w1+ fg, ug = U2+ furue + fralse, Ua = ug+ fa,
and the fixpoint is reached.

As for the summation valuator,
-
[£/]., = lfp <¢ 4 %g(T.qﬁ)) (31)

Lemma 8. Let f be a formula, [f],., is monotone.

Lemma 9. Let f be a formula not containing gfp. [f]., is w-
upper-continuous.

Proof. By structural induction on f. Let enwv, be an ascending
sequence of environments, whose limit is env,. The cases for
name, constant and “let” are trivial.

o Lettg€S. Upen ([[fl +5 f2]]e+ -en’Un)(tO) = ([[fl]]e+ -enUOO)(tO) -

([f1]ey-env)(to)
([fr +s foll.. -envss)(to). Similarly for ¢y ¢ S.
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e The shift case:

[shift(f)], ., -envs = Urer T ([f],, -envac))
= Urer T(Un[f],., -envn) = Urer Un T (/1. -env,)
= Ly, Urer ?([[f]]eJr .envy,) = Ly, [shift(f)],, .enuv,

e The Ifp case follows by applying lemma 22 to the induction
hypothesis. ]

5.2 The Abstraction Relation Between the Semantics

In §4.2 we described a semantics ([[-],) mapping formulas to mea-
surable functions defined on the infinite traces; in §3 we defined
E. mapping such functions to expectation functions on the initial
states, depending on the (nondeterministic) probabilistic transi-
tion system to be studied. In §5.1, we directly mapped the for-
mulas to expectation functions using another semantics ([-],. ).
What is the relation between those two ways to associate an ex-
pectation function to each formula?

We shall see that [f],. is an abstraction of [f], with respect to
the abstraction map F,, and that it is actually optimal when f
does not contain greatest fixpoints.

Before stating the main results, we shall first go through a few
technical lemmas.

Lemma 10. For all f, ty and Uy,

SUD(U,)>2 J /\<t17 . '>‘f(<t17 . >> d[G(T7 (Un)nGN)-tO]
- Sup( Up)n>2 U, does not depend on ty

[t F (G, ) AIG(T, (Un)nen) o]

21



Proof. Let a and b be respectively the left-hand and right-hand
sides of the equality to be proven. a > b is obvious since b is an
upper bound on a smaller set than a. Let us now prove b > a. Let

us take tp € X and (Uy)n>2. Let us now consider (Uy),>2 defined
by U,(8;W) = Uy.(to, t), ...t W), Un(th,...; W) does not
depend on t;,. Furthermore,

Thus a(ty) < b(to). O

Lemma 11. For all ty inX,

B (At.xs(to) Vi(t) + xse (o) Va(t)) Lo
= xs(to)-(E+(V1).to) + xsc(to)-(E+(Va).to). (32)

Proof. Let ty) € X.

Let us suppose that t;, € S. Then FE(At.xs(to).Vi(t)
+ xso(to) Va(t))to = Ei(Vi)te = xs(to) (B (Vi)to) +
Xsc(to).(E(Va).tp). Similar proof for ¢y ¢ S.

[]

Lemma 12. For any trace valuator f, for any g1 and gs in R(f),
for any A C Q, the function gs defined by g3(t) = g1(t) if to € A,
g3(t) = ga(t) otherwise, belongs to R(f).

Proof. Let g1 = S(f,(U)en) and g2 = S(f, (U2)nen). Let us
define (U?),en as follows: Us(t, W) = Uy (t, W) if tg € A, Us(t, W)
otherwise. Let g3 = S(f, (U2),en). Obviously, if ¢y € A, then
g3(to) = g1(to), otherwise gs(to) = g2(to)- U

The next theorem gives a link between [f],, and [f],, when f
does not contain greatest fixpoints; namely, E. ([f],..) = [f]..
if f has no free variables. In the context of Fig. 4, this means
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that each of our functions f; (¢ € II) maps each x to the maximal
probability that it starts a trace leading to C'.

Theorem 13. Let f be a formula not containing gfp. Let env
be an environment of valuators. Noting FE.(env) the point-wise
application of E, to env,

[f1cs - (Ev(env)) = EL([f], -env) (33)

Proof. Proof by induction on the structure of f.

e The cases for “let”, name and constant are trivial.
e For f1 +g fo: Let ty € X.

[f1 +s foloy -(Ey(env)).to

= Xs(to)-([f1l 1 - B+ (env).to) + xsc(to).([f2] ey -E (env).to)

= Xs(to)-(Ex([f1]; -env).to) + xse (o). (£ ([f2]; -env).to)
(induction)

= EL(At.xs(to).([f1], envt) + xse(to).([f2], ent)).to

(lemma 11)

= EL([fr +s fo],) to-

e For shift: Let us first fix U;. Let us note 77 = T o [IU‘H and

H
consider T7.E, ([f],). From lemma 5, 7} is a monotonic, w-
continuous, operator;

from lemma 12, R([f],) is directed;
from lemma 20,

U (i) =" (feR(Ll )f) .

feR([f],.env) [f],-env
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It follows that (using the A-notation for functions),

T E (L1t
= 5P, Mz (L -enn) ()

U,, not depending on tg

A[G(T, (Uy)so).t1] Th (o, dt:)

=S e M) ([f] o) ()
U, not depending on t,

d[G (T, (Un)nz1)-to]

Let us apply lemma 10 to that last expression. We obtain

T.E([f])-to =
sup [ Alta, . )([f] -eno)((tr, . D) AIG(T, (Un)nz1)-to] (34)

(Un n>2

Let ty; € X. Let us now consider all Uy’s.

. ([shift(f)], .env).to

— supgy,., S A, ) ([fT, env) o shift({to, £, ..)
d[G(T, (Up)n=1)-to]

= SUpy, SUP(y,),, | At1, - )-([f]; -env)((tr, .. )
d[G(T, (Un)n>1)-to]

_ <supU1 (To [8]).E([f], )) (using Equ. 34)

— [shife(/)],.. . (env)

o [lfp(name — f)].. .env = Up(Ap.[f].. -env[name — @]).
From lemma 9, A¢.[f]., -env[name — @] is w-upper-continuous.

Also, [lfp(name — f)], .env = Up(Ap.[f], .env[name — ¢]).
From lemma 7, A\¢.[f], .env[name — ¢] is w-upper-continuous.
From the induction hypothesis,
E.o(A6.f], -entlname — 6]) = (AG.[f],., B+ (env) [name > 4])).
From lemma 6, F, is w-upper-continuous. The conclusion
then follows from lemma 23.
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[]

The following theorem guarantees the soundness of the abstract
analysis for all formulas.

Theorem 14. Let f be a formula. Let env be an environment of
valuators. Let us suppose that H > E, (env) pointwise. Then

[f]..-(H) > EL([f], -env). (35)

The proof is similar as that of Th. 13.

Also similarly we can guarantee the soundness of the analysis of
summations:

Theorem 15. The semantics of the summing operator satisfies:

E+([[Zf]]t) — [[Ef]]e+ : (36)

6 Abstract Analysis

We shall see here more precisely how to apply abstract interpre-
tation to that backwards semantics.

6.1 General case

We compute safe approximations of [f],, by abstract interpreta-

tion. We introduce an abstract semantics [ f] i . which is an upper
approximation of f:

Venv Venvt ent? > env — [[f]]ﬁejL ent* > [f],, .env.  (37)

The computations for [ f]]i . will be done symbolically in an ab-
stract domain such as the ones described in [23,24] (Fig. 5 and
6).
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step function

Fig. 5. An abstract domain: step functions (linear combinations of characteristic
functions of elements of another set, here the set of products of intervals. [23]

e We shall assume that we have an abstract operation for “shift”.
That is, we have a monotone operation pref such that

Vi, VT € T, pret. f& > T*. f*. (38)

This operation will be supplied by the abstract domain that
we use. Then

Venv, Vent?, entt > env —>
[[shift(f)]]f;r .ent? > [shift(f)],, -env. (39)

provided that
Venv, Yent', ent® > env —> [[f]]iJr ent? > [f]., -env.

e We shall approximate least fixpoints using a widening operator
8, 84.3]. A widening operator V is a kind of abstraction of the
least upper bound that enforces convergence:
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Fig. 6. An abstract domain: normal (Gaussian) distribution densities. [24]

- fvg > sup(f,g) (pointwise);
- For any ascending sequence (vj,)nen, the sequence (uy)nen

defined inductively by u,;1 = u, Vv, is to be ultimately sta-
tionary.
Then the limit Lf of the sequence defined by ug = 0 and 1,1 =
u,V f*(u,), where f* is an upper approximation of f, is an
upper approximation to the least fixpoint of f. More precise
upper approximations of the least fixpoint of f can then be
reached by iterating f* over L* using a so-called narrowing
operators [8, §4.3].
e We shall approximate greatest fixpoints using a limited itera-
tion approach: if f¥ is an upper approximation of f, then for

any n € N, f*(T) > gfp f.
6.2 Partitioning in programs

In the case of programs, the state space is generally P x M, where
P is the (finite) set of program points and M the set of possible
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memory configurations (as in Fig. 4). More generally, P may be
a kind of partitioning of the program. Non-probabilistic analysis
generally operates on abstractions of P(Px M) ~ PxM — {0,1}
~ P — P(M). Given an abstraction of P(M) by a lattice L*,
one obtains a pointwise abstraction of P — P(M) by P — L~
Elements of P — L are just vectors of |P| elements of LF.

For instance, in the case of the program in Fig. 4, one would
partition according to II, and may, for instance, use a domain of
piecewise polynomial functions for an exact abstraction, or a do-
main of piecewise linear function for an approximate abstraction.

This approach can be directly extended to our measurable func-
tions: we shall abstract P x M — [ (where I = [0,1] or [ =
[0, 4+00]) by P — LF if LF is an abstract domain for M — 1.

The first problem is to get an abstraction of the operation used
in the “shift” construct:

(PxM—I)—(PxM-—1)
Filh '_>(Z7m) = SUPyecy

Y mnepxm T ((t,m),y; (I',m")) .R(I',m')
(40)

Let us take the following form for the program instructions: at
program point [, the executed instruction represented by 7' is the
sequence:

(1) a nondeterministic choice y is taken in the set Yj;

(2) arandom choice 7 is taken in set R; according to distribution
Ryp;

(3) the memory state is combined deterministically with the two
choices to form the new memory state using a function Fj :
(M xY)x R — M;

(4) depending on the memory state m, the program takes a de-
terministic jump to program point J(I,m).
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Let us note (') = {m | J(I,m) ="} (the set of memory values
m that lead to program point [’ from program point [; 7;(I') is
then essentially the condition for a conditional jump). Then we
can rewrite the transition equation as follows

(F.h)(1) = choicey, o randomy, o (Fj); (%}D dry (W, .))) (41)

using the following building blocks:

choicey. (h) = m 2161}1/) h(m,y) (42)
randomp (h) = m /h(m,r) dpug, (1) (43)
(F3(h) = ho F m
¢a(h) = h.xa (45)

The reasons for those notations are explained in earlier works on
the linear adjoint of Kozen’s denotational semantics for proba-
bilistic programs [23].

We shall abstract F' as the composition of abstractions for:

e choicey;, nondeterministic choice;

e randomp, , probabilistic choice;

° Fl;, deterministic run (arithmetic operations and the like);

o ¢, test.

Since F'is a composition of w-upper-continuous functions (Def. 16,
Lemma 5), it is also w-upper-continuous. Therefore he least fix-
point of F' is obtained as the limit of F"(0) (Lemma 22). This is
the point-wise limit of a sequence of functions from 2 to I. The
expression of the iterates using a partition with respect to P is

as follows:
A =R ) (46)
g (47)
£ = Rp(A™, o FE) (48)
(49)
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In terms of implementation, this means that we update in par-
allel the |P| elements of the vector representing the iterate. As
noted by Cousot [7, §2.9], this parallel update may be replaced
by chaotic iterations or asynchronous iterations. Chaotic itera-
tions allow us to compute the iterations by taking into account
the recently updated elements. All these iteration strategies lead
to the same limit (the least fixpoint of F).

Let us consider for instance the following strategy:

f1(n+1) — Fl(fl(n)7 ceey f|(£|))
B = B(ATY R

Fo = Fp(Am )

This strategy is itself a monotone operator whose least fixpoint is
to be determined. It has an obvious abstract counterpart leading
to an approximate fixpoint in the usual way (§6.1).

7 Conclusions and Discussion

We showed how to apply abstract interpretation techniques to
check various temporal properties of (nondeterministic) proba-
bilistic programs, considered as Markov decision processes (small-
step semantics).

The most natural point of view on those processes is that the
nondeterministic decisions are taken as the program proceeds,
taking into account the current state as well as the previous ones.
This how Markov decision processes are usually studied [28] and
this is the approach we took here.

It can be argued that this model is excessively pessimistic. In-
deed, if nondeterminism is used to model the environment of an
embedded system, then it is excessive to assume that the behavior
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of this environment depends on the history of the internal state of
the system; only the part of this history observable from the envi-
ronment should be taken into account. This leads to the study of
partially observable Markov decision processes (POMDP); how-
ever, their effective analysis is much more complex than that of
fully observable processes [17].

Cleaveland’s work [5] focuses on the model where the nonde-
terministic choices are taken after the probabilistic ones. This
simplifies the theory to some extent, since taking the product
of the analyzed process with an nondeterministic “observation”
process, such as a nondeterministic Biichi automaton, is then
easy. We have already proposed a Monte-Carlo method for such
semantics [21].

The backwards analysis method we described is a generalization
of the value iteration method used in operational research to
compute the value of Markov decision processes. Our reachability
analysis is related to the study of positive bounded models [28,
§7.2], where the reward 1 is granted the first time the process
runs through the set of states to consider. The liveness analysis
is related to the study of negative models (28, §7.3], where the
reward —1 is granted the first time the process leaves the set of
states to consider.

In dealing with non-probabilistic programs, flow-sensitive analy-
ses are generally defined in a forward fashion. Similarly, early def-
initions of the semantics of probabilistic programs were described
as extensions of conventional denotational semantics [13,14]. The
concrete domain is then the set of probability distributions. How-
ever, such semantics restrict programs to be probabilistically de-
terministic, i.e. the distribution of the next state is known given
the current state of the program (Markov-chain semantics); there
is no provision for nondeterministic choice in the sense of arbi-
trary choice with no known statistical data. Forward semantics
were later extended to nondeterministic choice using convex sets
of probability distributions [25]. We proposed program analysis
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methods based on sets of probability distributions [19]. However,
one significant problem that arises is the complexity of represent-
ing sets (even if only convex) of probability distributions (them-
selves complex objects) over the state space X. In contrast, work-

ing in a backward fashion just needs representing functions from
X to [0, 1].

Naive representations of sets of distributions may yield very im-
precise results. For instance, it can be very imprecise to represent
a set of distributions p on a finite or countable state space X with
a function f: X — [0,1] as {p | Vo € X, pu({z}) < f(z) in the
presence of nondeterministic choices. For instance, in the program

if (nondeterministic_choice) {
/* A x/

} else {
/* B x/

}
/% C */

f(A) = f(B), but then the rules for program meet points [19, §2.2]
yield f(C) = 2, which is of course a correct upper bound for the
maximal probability of reaching C, but is still very imprecise.
Worse, since abstraction is somewhat equivalent to introducing
supplemental nondeterminism, abstraction may lead to overesti-
mates, depending on its precision [19, §5.2]. For these reasons,
we preferred a backward analysis. However, we also presented a
forward analysis based on the same logic for trace sets [22, §8.4].
How to combine forward and backwards analyses satisfactorily is
still an open problem.

Formal languages similar to the one we consider have been intro-
duced by other authors, such as quantitative game p-calculus [11].
The differences between our approach and this game calculus ap-
proach are threefold:

e We give a semantics in terms of traces, then prove its link with
a semantics in terms of expectation functions; quantitative u-
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calculus only gives the interpretation as expectation functions.

e While we prove a generic link between the semantics as an in-
equality valid for any formula (or an equation for some class),
de Alfaro proves an equality for some specific formulas (reach-
ability, liveness, deterministic Biichi and Rabin trace proper-
ties). We conjecture that we can extend the equality cases of
this link.

e De Alfaro considers random two-player games while we con-
sider random single-player games. We mentioned briefly (§5.2)
the differences between Markov decision processes and two-
player games. Such problems can model questions such as the
choice of an optimal strategy by the program so as to minimize
the probability of a problem for all possible environments.

A possible extension of these properties is discounted models |28,
Ch. 6]. In these, the importance of the future decreases exponen-
tially; for instance, A-discounted reachability would count pass-
ing through A for the first time at step n as A" instead of 1 (of
course, 0 < A < 1). The theoretical study of those models is con-
siderably easier than that of non-discounted models, since the
fixpoints to study are the fixed points of contraction mappings
in Banach spaces. While the extension of the techniques exposed
in this paper to discounted models is easy (it suffices to add a
multiplication by A in the semantics of the “shift” operation),
the practical interest of such models in the checking of computer
programs remains to be seen.

Another possible extension is the computation of averages not
only on the space of the program, but also on the time: computing
the average value of a certain function as long as the program
is running. Since this property is the quotient of two summing
properties, there is no obvious method to evaluate it iteratively.

Another possible direction is the study of continuous time prob-
abilistic systems. As usual with continuous-time systems, some
kind of reduction to discrete time processes is to be done [15,16].
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A Theory of ordered sets

Definition 16. Let (X,Cx) and (Y,Cy) be twosets. f: X — Y
is a monotone operator if for all a,b € X, a Tx b = f(a) Cy

f(0).

f is a upper-continuous if for all ascending sequence (z;);c; of
elements of X such that the least upper bound |J;c; z; is defined,
then f (Uier ;) = Uier f(x;) (respectively for lower-continuous,
descending sequences, and greatest lower bounds instead of least
upper bounds). f is continuous if it is both upper- and lower-
continuous.

The same, restricted to countable sequences, defines w-upper-
continuous, w-lower-continuous and w-continuous.
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Lemma 17. For any monotone operator ¢ : X — Y and subset
K of X, ¢(UK) I Ugex ¢(f)-

Proof. For any f € K, f C UK and thus ¢(f) C ¢(UK). The
result follows. ]

Definition 18. An ordered set (L, C) is call directed if for all x
and y in L there exists z such that both x C z and y C z.

Lemma 19. Let X be a finite or countable set of states. Let K
be a directed (Def. 18) subset of X — I. Then there exists an
ascending sequence of elements of K that converges point-wise to
LK, the point-wise upper-bound of K.

Proof. We shall assimilate X to either the finite set {0,..., N—1}
or N (in which case N = 00), depending on its cardinality. Let
F=UuK.

Let us construct such a sequence (f,)nen of elements of K that
converges point-wise to F'. Let n € N. Let us construct by re-

currence an ascending sequence (gk)1gkgmin(n, N-1) of elements of
K:

n =1 There exists a g € K such that ¢,(0) > F(0) — 1/n if
F(0) < o0 or g1(0) > n if F(0) = +oc.

n > 1 There exists a g € K such that g(k) > F(k) — 1/n if
F(k) < oo or g(k) > nif F(0) = 4o0; since g and g;_; belong
to K and K is directed, we can therefore take g, € K such
that g, > g and g > gk—1.

Let f, be g,.

Let us now construct by recurrence an ascending sequence ( f;,)pen-
of elements of K:

nzlLetflzfl. ~ _
n > 1 There exists a f, € K such that n,, > f, and f, > f,_1.

Let us show that ( fn)neN* converges point-wise to F. Let x € X.
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o Case when F(z) < co.If n > z, then f,,(x) > F(x)—1/n. Thus
F(x)—1/n < fu(x) < F(x) and limn — cof,(z) = F(z).
e Case when F(x) = oco. If n > z, then f,(x) > n, thus lim,_

fn(x) = F(z).
[]

Lemma 20. Let Y be an ordered set. Let ¢ : (X — I) — Y be
a monotonic, w-upper-continuous function. Let K be a directed
subset of X — I. Then ¢(UK) = Urex ¢(f).

Proof. From lemma 17, ¢(UK) J Urex ¢(f).

K is directed. From lemma 19, there exists an ascending sequence
fn such that L, f,, = F'. Since ¢ is w-upper-continuous, U, ¢(f,) =

P(UK). But U, ¢(fn) T User ¢(f) since the f, belong to K.
Therefore ¢p(UK) C Usex ¢(f). O

Lemma 21. The least upper bound of a set of w-upper-continous
functions is w-upper-continous.

Lemma 22. Let T} and Ty be two complete lattices. Let v : T X
Ty — Ty be an w-upper-continuous operator. Then y — lfp(x —
Y(x,y)) is an w-upper-continuous operator.

Proof. y — lp(z — 9(x,y)) is w-upper-continuous and thus

lip(z — ¥(z,y)) = Un(y — Up(z — ¥(x,y)))" (L). The result
then follows from lemma 21. []

Lemma 23. Let 17 and T, be two complete lattices. Let o : T7 —
Ty be an w-upper-continuous operator such that a(L) = L. Let
Wy 2Ty — Ty and sy 2 Ty — Th be two w-upper-continuous opera-
tors such that 1y o o = ao1py. Then a(lfppy) = Up .

Proof. a(lfpth1) = a(Un ¥7 (1)) = Unaodf (L) = Und3(a( L)) =
Ifp s. =

38



B Measure theory and integrals

B.1  Measure theory

We express probabilities using measures [29, §1.18]. Measures ex-
press the intuitive idea of a “repartition of weight” on the domain;
probabilities are a particular case of measures. A measure on a
space {2 assigns a “weight” to subsets of 2. A probability measure
is a measure of total weight 1.

Before entering the mathematical definitions, let us see a few
familiar examples:

e In the case where (2 is finite or countable, defining a positive
measure is just defining a function f : 2 — R, (the weight
of A C Q is then Y e4 f(a)); it is a a probability measure
if Y,cq f(w) = 1. A measure on a finite space is said to be
equidistributed if Vw f(w) = ﬁ

e In the case of the real field R, the Lebesgue measure y is so that
the measure of a segment [a, b] is its length. The Lebesgue mea-
sure on [0, 1] formalizes that familiar notion of a real “equidis-
tributed in [0,1])”. The Lebesgue measure can be defined on
R™, and the measure of an object is its area (for R?) or volume
(for R?).

e The unit point mass (or Dirac measure) at z is the measure d,

defined by: §,(A) =1 if z € A, 0,(A) = 0 otherwise.
Let us see now the formal definitions:

Definition 24. A o-algebra is a set of subsets of a set X that
contains () and is stable by countable union and complementation
(and thus contains X and is stable by countable intersection).

In the case of the Lebesgue measure, we shall consider a suitable
o-algebra, such as the Borel or Lebesgue ones [29]. It is suffi-
cient to say that most sets that one can construct are Lebesgue-
measurable.
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Definition 25. A set X with a o-algebra ox defined on it is
called a measurable space and the elements of the o-algebra are
the measurable subsets.

We shall often mention measurable spaces by their name, omit-
ting the o-algebra, if no confusion is possible.

Definition 26. If X and Y are measurable spaces, f : X — Y
is a measurable function if for all W measurable in Y, f~1(W) is
measurable in X.

Definition 27. A positive measure is a function p defined on
a o-algebra ox whose range is in [0, c0] and which is countably
additive. p is countably additive if, taking (A, ).en a disjoint
collection of elements of ox, then

" (nﬁoAn) = S ) (B.1)

To avoid trivialities, we assume u(A) < oo for at least one A.
The total weight of a measure p, noted ||, is p(X). p is said to
be concentrated on A C X if for all B, pu(B) = u(B N A). We
shall note M, (X)) the positive measures on X.

Definition 28. A o-finite measure on X is a measure p such
that there exists a countable family of measurable sets (A, )nen
such that Vn u(A,) < oo and U, A, = X. We note by M, (X)
the o-finite measures on X.

Definition 29. A probability measure is a positive measure of
total weight 1; a sub-probability measure has total weight less or
equal to 1. We shall note M<;(X) the sub-probability measures
on X.

Definition 30. Given two sub-probability measures p and u’ (or
more generally, two o-finite measures) on X and X' respectively,
we note u ® p' the product measure [29, definition 7.7], defined
on the product o-algebra ox X oxs. The characterizing property
of this product measure is that p® p'(A x A") = pu(A).1/(A") for
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all measurable sets A and A’.

These definitions constitute the basis of the theory of Lebesgue
integration [29, ch. 1, 2], one of the most essential results of which
is:

Theorem 31 (Lebesgue’s monotone convergence theo-
rem). Let (X, u) be a measured space. Let f, be an ascending
sequence of functions, whose point-wise limit s f. Then the se-
quence [ f,dp is also ascending and lim,, . [ f,dpu = [ fdu.

B.2  Construction of measures on infinite sequences with transition probabil-
ities

The intuitive meaning of this theorem [26,27, proposition V-I-1]
is as follows: if (F}):en is a sequence of measurable spaces and the
(PtgL'i"t)teN is a sequence of transition probabilities, respectively
from Ey x E; to Ey 1, then we can construct a transition prob-
ability P from Ey to E; X Es X --- such that for each xg € Ej,
P(x,-) is the probability distribution on traces starting from x
and following the transition probabilities (F;):en.

In an even more intuitive fashion: “knowing the starting proba-
bility measure, and the transition probabilities to the next states,
we can construct the corresponding probability measure on infi-
nite traces”.

Theorem 32 (Ionescu Tulcea). Let (Ey, Fi)ien be an infinite
sequence of measurable spaces and, for any t € N, let Pﬁﬁi”t be
a transition probability relative to the spaces (IT'_y Es, ®._y Fs)
and (Fyy1, Fii1). Then there exists for any xy € Ey a unique
probability P,, on

(QwA) - H(Et7ﬂ>

t

whose value for all measurable Cartesian product T1; F} is given
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by:

ToELlo

_ 0 . 0,1 .
P ILE| = xuan) [, P [y P s

as long as T s sufficiently great such that F; = Ey if t > T
(the second member is then independent of the chosen T). For
any positive random variable Y on (2, A) only depending on the
coordinates up to T, we have:

JY (@) Pry(de) = [ P(xp;da) A 2 PO (2.1 )
' /xTeFT Y(x()’ e 7:UT)P7Q ..... T_l(xov s, 1, de) (BB)

Furthermore, for any positive random variable Y on (€, A),

To /Y(w’)Px (dw') (B.4)

0

is a positive random variable on (Ey, Fo).
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