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Abstract

Service composition a /a Roman model consists of realizing a virtual service by suitably orchestrating a set of already available services. In this paper, we

consider a variant where available services are stochastic systems, and the target specification is goal-oriented and specified in Linear Temporal Logic on finite

traces (LTLy). In this setting, we are interested in synthesizing a controller (policy) that maximizes the probability of satisfying the temporal logic objective (either

reachability or safety) while minimizing the expected cost of using the available services. To do so, we combine techniques from LTL, synthesis, service

composition @ /a Roman Model, and bi-objective lexicographic optimization on Markov Decision Processes (MDPs). This framework has several interesting

applications, including Smart Manufacturing and Digital Twins.
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1 Introduction

The service-oriented computing (SOC) paradigm uses services to
support the development of rapid, low-cost, interoperable, evolvable,
and massively distributed applications. Services are considered auto-
nomous, platform-independent entities that can be described,
published, discovered, and loosely coupled in novel waysl!l. Service
composition, i.e., the ability to generate new, more useful services
from existing ones, is an active field of research in the SOC area and
has been actively investigated for over two decades.

Particularly interesting in this context is the so-called Roman
Modell?~#] where services are conversational, i.e., have an internal
state and are procedurally described as finite transition systems (TS),
where at each state the service offers a certain set of actions, and each
action changes the state of the service in some way. The designer is
interested in generating a new service, called target, which is described
as the other service; however, it is virtual in the sense that no code is
associated with its actions. So, for executing the target, one has to
delegate each of its actions to some of the available services by suit-
ably orchestrating the services, considering the current state of the
target and the current states of the available services. Service composi-
tion amounts to synthesizing a controller that can suitably orchestrate
the executions of the available services to guarantee that the target
actions are always delegated to some service that can actually execute
them in its current state.

Recently, a renewed interest in service composition @ /a Roman
Model has emerged from its potential applications in smart manufac-
turing. In particular, through digital twins technology, manufacturing
devices can export their behaviour as transition systems, and hence be
orchestrated in very much the same way as services did back in the
early 2000s[>-71,

These technological trends align with the vision of smart manufac-
turing, which advocates the need for flexible, modular, and interopera-
ble system architectures. Modern manufacturing systems often consist
of heterogeneous components, ranging from robotic workstations to
cyber-physical subsystems, that communicate through standardized
APIs. In such settings, each component can be naturally abstracted as a
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service. Consequently, adopting the Service-Oriented Architectures
(SOASs) approach enables the dynamic composition and coordination
of such services, leveraging their exposed behaviors while maintain-
ing loose coupling and scalability.

In this context, service composition @ /a Roman Model provides a
useful abstraction for orchestrating device behavior toward achieving
temporally extended goals. By treating each device or software module
as a service with internal dynamics, and expressing high-level objec-
tives via Linear Temporal Logic on finite traces (LtLy), our framework
bridges declarative specification with executable orchestration.

Interestingly, these new applications are also pointing out several
variations that are not typically considered in earlier literature on
services. First, they advocate for considering a stochastic behaviour of
services, such as those studied in Yadav et al.[3] and Brafman et al.l’l.
Unlike the classical model, in which the target specification can either
be satisfied or not with no middle ground, in the stochastic setting, it is
possible to define a notion of 'approximate solution' in case an exact
one does not exist. Second, the notion of goal-oriented target specifi-
cation is increasingly championed [5:0:19], That is, instead of having the
target specified as a transition system, it is specified as a (possibly
temporally extended) goal that the composition has to fulfill. Of partic-
ular interest are specifications in rri,[!1], which are at the base of
declarative process specification in Business Process Management
(BPM) through the so-called DECLARE paradigml!'2-14], Third, apart
from satisfying the target, it is of interest to also minimize the cost
coming from the service utilizationl’>~17]. This concern, together with
the satisfaction of the target, calls for resorting to Multi-Objective
Optimization for computing a solution.

A first attempt to do so may resort to Multi-Objective MDPs
(MOMDPs)(18]. One common solution is to reduce the multi-objective
reward/cost optimization to a single reward optimization via a linear
weighting of different sources of rewards/costs. However, this means
that the two objectives, namely the maximization of target rewards and
the minimization of cost uses, are blurred into one scalar value, which
hides precious information from the agent. Instead, the maximization
of the target objective has the highest priority. Among those strategies
that maximize the first objective, we aim to find those strategies that
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achieve the minimum utilization cost. In the literature of multi-
objective optimization, the setting in which there is a strict preference
order among objectives is called lexicographic multi-objective
optimizationl'®~22]. It is known that, in general, single Markovian
rewards cannot capture certain multi-objective tasks, such as ones with
lexicographic preferences[?*]; hence, such problems cannot be easily
reduced to standard techniques on MDPs[24],

Among related works, one of the earliest attempts at combining
stochastic planning models with service composition is a study by Gao
et al.I»’]. There are works based on Markov-HTN Planning(?°], multi-
objective optimization[27:28], and lexicographic optimization2?], help-
ful to model the stochastic behavior as well as complex QoS prefer-
ences. However, in all cases, either there are no stateful services, no
high-level declarative specification of the desired solution, or no strict
preference among objectives.

1.1 Contributions

In this paper, we address the three above requirements and study
goal-oriented stochastic service composition, where, as goals, we
adopt arbitrary vLTL, specifications, under process-traces semantics,
where only a single action is executed at a time, as commonly done in
reasoning about business processes in the DECLARE framework!!2].,
Specifically, we are given a goal specification, and we want to synthe-
size an orchestrator that, on the one hand, proactively chooses actions
to form a sequence that satisfies the goal and, on the other hand, dele-
gates each action to an available service in such a way that at the end
of the sequence, all services are in their final states. The key contribu-
tion of this work extends the findings of De Giacomo et al.[3), includ-
ing both reachability and safety tasks, introducing a novel reduction
technique for safety specification. The composition problem consists
of maximizing the satisfaction probability of the LTL, objective, and
conditioned on this, minimizing the expected cost of utilization of the
services.

We consider two variants of the LTL; stochastic service composition
problem. In the first variant of the problem, as the first objective, we
aim to maximize the probability of satisfying at least once an vLTL,
formula ¢. This is a reachability property: there exists a finite prefix
t<; of an infinite trace ¢ such that ¢, | ¢. This is the classical use
ofitL, to specify synthesis tasksi!l. As the second objective, we
consider the minimization of the expected cost of utilization of
services, conditioned on the optimal satisfaction of the first objective.
In the second variant, as the first objective, we aim to maximize the
probability of not violating an vTL, formula . This is a safety prop-
erty: every finite prefix 7., of an infinite trace ¢ is such that 7 | ¢.
This is the classical use of LTL, to specify environment behaviors(3],
As the second objective, we consider minimizing the expected mean
cost of utilization of services, conditioned on the optimal satisfaction
of the first objective.

Observe that our reachability and safety LL, properties are concep-
tually similar to those formalized in studies by Aminof et al.[33:34],
where they use Jdy to denote reachability and V¢ to denote safety,
where ¢ is an arbitrary L1, formula. However, the difference in our
reachability and safety tasks within our composition framework lies in
the fact that, in the satisfaction condition of these tasks, we also
impose constraints on whether the services are in an accepting state;
thus, we consider both the satisfaction of the i, task and the configu-
rations of the service community.

The solution technique for both variants of the composition pro-
blem relies on solving a bi-objective lexicographic optimization[*3]
over a special MDP, allowing for minimizing the services' utilization
costs while guaranteeing maximum probability of goal satisfaction.
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We point out that although this paper has mainly a foundational
nature, it also has a significant applicative interest since it gives the
foundations and solution techniques of goal-oriented compositions,
which are indeed envisioned in the current literature on smart manu-
facturing where the notion of goal-oriented target specification is
increasingly championed(>=7-101,

This paper presents an approach for stochastic service composition
to find orchestrators that maximize the probability of satisfying the
reachability and safety L, tasks and, among such orchestrators, find
those who also minimize a cost utilization function. We extended our
previous work[30! by (i) generalizing the framework so as to encom-
pass both variants of stochastic service composition, one for reach-
ability and the other for safety LTL, tasks; (i) including a new section
regarding the composition under vti, safety tasks; (iii) discussed in
more detail a case study as a conceptual validation of our framework.

1.2 Outline

The rest of the paper is structured as follows. Section 2 explains the
theoretical concepts on which the paper is based. Section 3 introduces
the service composition framework in stochastic settings. Section 4
studies the stochastic composition problem in the case of the reachabil-
ity task and provides a solution by reducing the problem to a bi-objec-
tive lexicographic optimization on MDPs[3). Section 5 studies the
stochastic composition problem in the case of a safety task and
provides reduction to bi-objective lexicographic optimization on
MDPs[3; the reduction is analogous to the reachability case, but with
several technical differences that require a deeper analysis. Section 6
shows the conceptual validation of the formal framework to an indus-
trial case study of an electric motor assembly process, describing in
detail the manufacturing goal and the manufacturing actors. Finally,
Section 7 concludes the paper with final remarks and future work.

2 Preliminaries

2.1 Linear Temporal Logic on finite traces (LTLy)

LTL, is a variant of Linear Temporal Logic (LTL) interpreted over
finite traces, instead of infinite onesl'!l. Given a set P of atomic
propositions, LtL, formulas ¢ are defined by

pu=tt|ploplere|Ople Uy
where tt represents the true formula, p denotes an atomic proposition in
P, O is the next operator, and U is the until operator. We use
abbreviations for other Boolean connectives, as well as the following:
eventually as O = true U ¢; always as Op = -O-p; weak next as
o = -y (note that, on finite traces, =g is not equivalent to O—y);
and weak until as ¢ W ¢, = (o1 U 2 VOyp;) (@1 holds until ¢, or
forever). In the original proposal, LTL, formulas were interpreted on finite
traces. For simplicity, here we consider the semantics on simple (possibly
empty) finite traces, also known as process traces** (while the choice
between finite-trace and process-trace semantics does not affect the
generality of our framework, we prefer process-trace semantics as it
aligns more naturally with our context. In this case, the traces result from
the services' actions, which are more effectively represented as atomic
propositions rather than in a factorized form). A process trace over
propositions % is a sequence a =dy...q;—; where a; € P, and [ is the
length of the trace. The empty trace is denoted with €.

Given a finite (possibly empty) trace a, we define when an vrTL,
formula ¢ is true in a at the instant i€{0,...,/—1}, denoted by
a,i E ¢, by inductively considering subformulas as followsB7:

®a,iftt
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® q,ifpiffa; =p;

®q,ifE—giffa,iltg;

e i Apyiffail= ¢ and a,i = ¢;;

0 qiEQpiffi<i—1and a,i+1E ¢;

® a,i k= ¢ U ¢, iff there exists j with i > j <[ such that a, j E ¢,
and for all k£ with i <k < j we have that a,k = ¢;.

Whenever a,0 | ¢ holds, we say that a is a model of ¢, or that a
satisfies ¢. We also write a |= ¢ as an abbreviation for a,0 = ¢.

A deterministic finite automaton (DFA) is a tuple A = (P, 0, qo, F, )
where: (i) P is the alphabet, (ii) Q is a finite set of states, (iii) g is the
initial state, (iv) FC Q is the set of accepting states, and (v)
§: OXP — Q is a total transition function. Note that the DFA alpha-
bet is the same as the set of traces that satisfy the formula ¢. A trace a
is accepted by a DFA A iff a sequence of states q,...,q; exists in Q
such that: (i) giy1 € 6(gi,a;) for i=0,...,[-1; and (ii)) ¢, € F. We
denote with L(A) the set of traces accepted by A. An LTL, formula
can be transformed into an equivalent DFA A, in at most
2EXPTIMEI!],

2.2 Markov Decision Process (MDP)

A Markov Decision Process (MDP) is a tuple M = (S, 4, P, s),
where: (i) S is a finite set of states, (ii) s, is the initial state, (iii) 4 is a
finite set of actions, and (iv) P : (S XA) — A(S) is the transition proba-
bility function, i.e. a mapping from state-action pairs to probability
distributions over S. With Supp(d) , we denote the support of a proba-
bility distribution d. An infinite path p e (S xXA)” is a sequence
p=soais1az..., where S;€S, a1 € A, and Si+1 € Supp(P(s,»,a,«H)),
for all ieN. Similarly, a finite path pe (S XA)* xS is a finite
sequence p = Soa181dz ... aySy. For any path p of length at least j and
any i < j, we let p[i: j] denote the subsequence sia;,1Sir1dit2...a;s;.
Moreover, let last(p) = s,, to denote the last state visited by the finite
path p. We use Pathsy; = (S XA)” and Pathsy = (S xA)"xXS to
denote the set of infinite and finite paths, respectively. A policy
m: Pathsy — A maps a finite path p € Pathsy to an action a € A. We
denote with Pathsy, the set of finite paths over M whose actions are
compatible with 7. Given a finite path p = soay...a,s,, the cylinder
of p, denoted by Paths’},(p), is the set of all infinite paths starting with
prefix p. The o-algebra associated with MDP M and a fixed policy 7
is the smallest o-algebra that contains the cylinder sets Paths’y, (o) for
all p € Pathsp,, . For a state s in S, a measure is defined for the cylin-
der sets as PMH’S(Paths“'Mﬂ(soalsl Oy S)) = ]_[Z:O' P(si1]8k, are1)
if so=s and for all k, ay1 = 7(p[0 : k]), otherwise 0. We also have
P, s(Pathsy (s)) =1 and Py, (Paths}y, (s")) =0 for s" # s. This can
be extended to a unique probability measure Py, ; on the aforemen-
tioned o -algebra. In particular, if R C Pathsy,, is a set of finite paths
forming pairwise disjoint cylinder sets, then
Pty s(Uper Pathsiyy (0)) = 3 per P, s(Pathsiy, (). We denote with
Em, s[X] the expected value of a random variable X with respect to
the distribution Py, 5.

3 Stochastic service composition
framework

In this section, we present our service composition framework in
stochastic settings.

A (stochastic) service is a tuple S = (Z,A,0, F, P,C), where: (i) £
is the finite set of service states, (ii) A is the finite set of services’
actions, (iil) oo € X is the initial state, (iv) F CX is the set of final
states (i.e., states in which the computation may stop but does not
necessarily have to), (v) P:XXA — AX) is the transition function
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that returns for every state o and action a a distribution over next
states, and (vi) C:XXA — R* is the cost function that assigns a
(strictly positive) cost to each state-action pair. Without loss of gener-
ality, we assume that for any o € X, there exists at least one a € A such
that |[Supp(o,a)| > 0. A (stochastic) service community is a collection
of stochastic services C = {Sy,...,S,}. A trace of C is an infinite alter-
nating sequence of the form 7= (o19...00),(a1,01),..., Where oy is
the initial state of every service S; and, for every k> 1, we have (i)
o €X; for all iefl,...,n}, (1) o €{l,...,n} is the service index
chosen by the orchestrator at step k, (iii) a; € A, and (iv) for all i,
ik € Supp(Pi(Tik-1,ai)) if ox=i, and oy =01 otherwise. A
history of C is a finite prefix of a trace of C. We denote the length of /
with |h| =m, and we denote the service state configuration at the last
step of h, i.e., (Typ...0um), With last(h). Given a trace ¢, we call

states(f) sequence of states of ¢, i.e. states(t)=(01p...00),
(o11...091),---. The choices of a trace ¢, denoted with choices(?), is
the sequence of actions in ¢, i.e. choices(t) = (a1,01),(@m,0m), - ... Note

that, due to nondeterminism, there might be many traces of C associ-
ated with the same run. Moreover, we define the action run of a trace
t, denoted with actions(f), the projection of choices(f) only to the
components in A. The predicates states, choices and actions are
defined also on history #, in a similar way. Note that both choices(h)
and actions(h) are empty sequences if &= (0719...070).

An orchestrator is a function y: (Z; X---xXX,)* > Ax{l...n} that,
given a sequence of states (019...070)...(Cim...0um), returns the
action to perform a € A, and the service (actually the service index)
that will perform it. Given a trace ¢, with prefixes(r), we denote the set
of prefixes of the trace ¢ that ends with a services state configuration.
A trace t is an execution of an orchestrator y over C if for all k>0,
we have (ars1,0k41) = Y((010...000) ... (T1k...0w)). Let T, be the
set of such executions. Note that due to the services' nondeterminism,
we can have many executions for the same orchestrator despite the
orchestrator being a deterministic function. If & € prefixes(¢) for some
(infinite) execution ¢ € 7,,¢, we call & a finite execution, or a history,
of y over C, and we define H, ¢ to be the set of finite executions of y
over C. Analogously to what has been done for MDPs, for a finite
execution h of y over C, we use 7, ¢(h) to denote the set of all (infi-
nite) executions r€ 7, ¢ such that / € prefixes(r). Moreover, the o-
algebra associated with the stochastic behaviour of the orchestrator y
over the stochastic community C is the smallest o-algebra that
contains the trace sets 7, ¢(h), for all finite executions &, with the
unique probability measure over it defined as:

A
Pyc) = [ | Poy(@opk | oopi1,a1) 0]
k=1
where a; =y((010.-.040)5---(O1k--.0)). In particular, note that
Py c(Tyc(o10...000)0)) = 1.

Example 1 This example is inspired by the 'garden bots system'
scenariol®l. In this environment, the garden bots can: clean the garden
by picking fallen leaves and removing dirt, water the plants, and
pluck the ripe fruits and flowers. We assume there are three available
garden bots, B;,8,,8B;3, each with different capabilities and action
rewards. In Fig. 1, the three service specifications are shown. Transi-
tions labels are of the form (action, prob,reward).

We consider an orchestrator y such that (i) always picks 8, and in
state ap chooses the unique available action clean while in state a,
chooses the unique available action empry. The probability of the
finite execution hy = (agp, by, cp), (clean, By),(ay, by, cy) to occur under
v is P,¢c(h) = 0.8, meaning that the transition ag Hean, ap is taken.
Instead, the probability of the finite execution k) = (ag, by, o), (clean,
By),(ai1,bg,co) to occur is P, (ki) = 0.2, meaning that the transition
ap £, a; is taken.
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Fig. 1 The garden bot systems and the DFA of the LtL,reachability task.

4 Composition of stochastic services for
reachability L, tasks

In this section, we present our service composition framework in
stochastic settings where the goal is to maximize the probability of
satisfying the LrL, reachability task of ¢, where ¢ is an vLTL, formula.
Intuitively, we are interested in orchestrators that maximize the proba-
bility of satisfaction of the LTL, specification, even when the specifica-
tion cannot be surely satisfied (e.g., due to stochastic misbehavior of
some service). Moreover, while guaranteeing the optimal probability
of satisfaction, we aim to find those orchestrators that minimize the
expected utilization cost of the services, conditioned on the achieve-
ment of the task.

Formally, we consider a rti, formula ¢ expressed over the set of
actions A, and consider a community of n services C ={Sy,...,S.},
where each set of actions A; C A. We say that some finite execution &
is successful (for C and ¢), denoted with successfulc (), if there
exist some execution /' € prefixes(h) such that the following two
conditions hold: (1) actions(’)E¢ and (2) all service states
o; € last(states(h”)) are such that o; € F;. If for execution r € 77, ¢ there
exist a finite prefix history & € prefixes(s) such that successfulc (/)
for ¢, we say that ¢ is successful for ¢. Finally, we say that an orches-
trator y realizes the LTL; reachability task ¢ with C if, for all traces
teT,c, t is successful with respect to ¢. When C and ¢ are clear
from the context, we omit the suffix in successfulc, and only write
successful.

Example 2 Continuing example 1, we consider the following
sequential task: clean the garden by picking fallen leaves and remov-
ing dirt, water the plants, and pluck the ripe fruits and flowers. The
action clean must be performed at least once, followed by water and
pluck in any order. In LTL , the task can be expressed as

¢ = clean A O(clean U (water A Opluck) V (pluck A Qwater)))

A successful execution is

hi ={(ao,bo, o), (clean, By), (ag, bo, co), (water, B,),(ao, bo, co),
(pluck, B,),(ao, by, co),(empty, B,),(ag, by, cp))

Note that, before the action €Mty s taken, the LTL; task ¢ is
already satisfied; however, the garden bot 8B, is not in an accepting
state. The last action in the execution, ”empty”, is necessary to move
the bot B, to its accepting state. Another successful execution is

hy = {(ao, by, ), (clean, B1), (ay, by, co), (pluck, B3),(ao, by, c1),
(empty, B3), (ag, by, co), (water, B,), (ao, by, co))

On the other hand, any extension of the execution

hs = {(ao, bo, co), (clean, By),(ao, bo, co), (pluck, B3), (aop, bo, c2))

will not be successful since service B3 can never reach one of its
accepting states from c;.
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The satisfaction probability of the reachability task ¢ under orches-
trator y and community C is given by:

Pg?:h ) = py,c({ teTyc ‘ successful(z‘)}) @

Intuitively, Pga;h(y) is the probability measure (under P, ¢) of the
set of successful executions generated by executing the orchestrator y
over the service community C.

Moreover, we define the (conditioned) expected utilization cost of
services as the expected cost an orchestrator incurs in its successful
executions, i.e.:

]

jé(::t(,),) =E-p,¢ [ Z Co (0o k-1, ;)| successful(h)
k=1

€)

Let T'(C) be the set of orchestrators for the community C. Let
f:T(C)—> R be an objective function. We say an orchestrator
Y €I(C) is f-optimal if f(y) = sup () f(7), and write I'; for the set
of f-optimal orchestrators.

Finally, we define our optimization problem. We want to compute
an orchestrator y such that the following holds:

Lt T @)

Ve Fpg.z:;h and jgi;t(’Y) - €l preach

Cy

Intuitively, we fix a lexicographic order on the objective functions
Prce’?;h and 7 g,f’;‘, meaning that we aim to minimize the expected
utilization cost to satisfy the specification, conditioned to the satisfac-
tion of the specification, while guaranteeing the optimal probability of
satisfying it. Interestingly, in case the specification is exactly realiz-
able, the notion of optimal orchestrator according to Eq. (4) coincides
with the notion of realizability, as shown in the following results.

First, let W«jc be the set of finite executions / of orchestrator y on
service community C that start from ojg...0,0 such that (i)
successful(h) holds, and (ii) there is no prefix history A’ € prefixes(h)
such that successful(/’) holds:

‘H«ic = {h € H, ¢ : successful(h) A Ah’ € prefixes(h) s.t. I’

# h A successful(h)} )

Intuitively, such a set only contains the finite executions & such that

they are successful for ¢ for the first time. In fact, by definition of
ch, ifhe ch then successful(%) holds.
Lemma 1 The following equality holds:

{te Tyc|successful)} = | ] 7y.0(h)
/16’1‘{;0_0

Proof We prove the two set inclusions (i) C and (ii) 2 separately.

(i) if re7,c and successful(r), then there exist a prefix
h € prefixes(r) such that & is successful. Let 4’ be the shortest of such
prefixes: this means that no prefix 4” of &’ is successful. From this, by
definition of ‘]—{‘;C, it follows that 4’ € Wic, Then, given that ¢ is an

De Giacomo et al. The Knowledge Engineering Review 2026, 41: ¢003
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execution of y over C with prefix /', by definition of 7, ¢, we have
that r € 7, (1), and therefore the thesis holds.

(ii) let re Uheﬂw Tyc(h). Let he‘H“’ be the history such that
te ‘H , which must exist by assumptlon By definition of 7{“’ we
have successful(h) and by definition of successful, since
h € prefixes(t), we also have successful(r). Moreover, 7, c(h) C T.c,
which concludes the proof. mi

It is crucial to observe that since by definition of ‘H‘F there is no
pair ', h” Eﬂ“ac(h) such that i’ € prefixes(h”), all trace sets 7, c(h)
for he “Hi are pairwise disjoint sets, which means that Prei‘fh(y) isa
well-defined probability.

Lemma 2 [f y realizes the reachability task ¢ over C, then
Uheﬂ-{}‘f_c Tych) =Ty c((010---0m0)))

Proof We prove (i) Jnet?, Tre € Tycl(@i0--0m))) g (i)
Uheﬂﬁc Tyeh) 2 Tyc(10---0m0))) separately. Proposition (i) is
immediate: every execution belongs to the set of executions starting
from oy9...0,0. To prove proposition (ii), we start by observing that
for all 1€ 7, c({(010...000))), by definition of realizing orchestrator,
they have a prefix i’ € prefixes(h) that is successful. In particular, if
h” is the shortest prefix of & that is successful, then A" e Wﬁc and
t €T c(h”). This implies that r € | J,,. i, Tyeh?). O

Theorem 1 Let C be a community of Stochastic services, and ¢ be a
reachability task. The orchestrator y realizes ¢ with community C iff
preach (7) =1.

Proof (=) If an orchestrator y realizes ¢, then all infinite execu-
tions te7,c are successful. By Lemma 1, this implies that

1€ Upeger Tych). By Lemma 2, this set is equal to

‘7'%C(<((TTO e TR))). Since by definition Supp(Py¢) €
Tycl(o10-..000))), we have that

Pream()’) 129 C(Uheﬂ¢ Tyc(h) =Py c(Tyc(o10...000))) = 1.

(&) Assume an Orchestrator v is such that Pre“h(y) =1. This im-
plies that for all infinite executions te Supp(P,c)C
Tyc((010...00))) of orchestrator y, there is a prefix & € prefixes(r)
such that h EW;C and ¢ €7, c(h). This means that ¢ is successful,
and therefore, all executions are successful, i.e., the definition of
realizability. mi

Theorem 2 Assume the reachability task ¢ is realizable. If an
orchestrator y satisfies Eq. (4), then it realizes the reachability task ¢.

Proof Since by assumption the reachability task ¢ is realizable, then
there exists an orchestrator ' that realizes it. By Theorem 1, we can
deduce that the optimal value of Pre“h(y’) is 1. Moreover, by assump-
tion and by Eq. (4), it follows that y € FP‘Cea°1" ie. P’“‘Ch(y) =1, by the
arguments above. Finally, again by Theorém 1, we get that y realizes
P O

Finally, we formally state the stochastic version of our problem:

Problem 1 (Stochastic Composition for LtL, Reachability Tasks).
Given the pair (C,¢), where ¢ is an LTL; reachability task over the set
of actions A, and C is a community of n stochastic services
C={Sy,...,S,}, compute an orchestrator that is optimal according to
Eq. (4).

Interestingly, Theorems 1 and 2 show that one can find an orches-
trator even in a non-stochastic setting by considering arbitrary services'
probability distributions for P;(c,a), for any pair o; and a, whose
support is compatible with §;, and then check whether
max, PEeh(y) = 1.

Example 3 Continuing example 2, we aim to find a composition of
the available bots B;,8B,,8; so as to maximize the probability of the
satisfaction of the reachability task ¢, which also considers rewards/
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costs. The clean action can only be delegated to $;, and the optimal
solution must take into account its stochastic behaviour to correctly
compute the expected cost. Regarding the pluck action, both B, and
B5 can perform it. However, the optimal orchestrator will not dispatch
it to B3 because, despite the cost being smaller than the one in B,,
choosing B3 will lead to a probability of 0.1 of not reaching the final
state configuration since the state ¢, is a failure state while choosing
B; does not compromise the optimal probability of goal satisfaction.

4.1 Solution technique

The solution technique is based on finding an optimal policy for a
bi-objective lexicographic optimization on a specifically built MDP. In
particular, we consider a variant of the framework introduced in study
by Busatto-Gaston et al.[>3]: while as the second objective they consid-
ered the expected number of steps to a target, here we consider the
expected cost. Given an instance of the reachability composition prob-
lem (C,¢), our technique breaks down into the following steps: (1)
first, we translate the LTL; formula into the equivalent DFA A,; then
(2) we combine A, with the services, computing a product of A, with
the stochastic services in C, obtaining a new MDP, M’, that we call
the 'composition MDP'; (3) we solve the resulting MDP, finding a
policy m for M’ that is optimal w.r.t. the bi-objective lexicographic
function, as in study by Busatto-Gaston et al.’%], and then (4) we
derive an orchestrator y from = that is optimal w.r.t. Eq. (4). We now
detail each step.

Step 1. The DFA of an 11, formula can be computed by exploiting a
well-known correspondence between LTL, formulas and automata on
finite words[!!l. That is, we can compute a DFA A, = (4, Q,qo, F,6)
that is equivalent to the specification ¢, which can be double-exponen-
tially larger than the size of the formula.

Step 2. Next, we define the Composition MDP M’ = (S",A", P’, 5)
as follows:

0S5 =0OXX;X---XX,;
o A =Ax{l...n};
® 5, =(490,010---0n0);

° P(q,0)...00...00q.01...0:...04,(a,i)) = Pi(cl|oy,a) if
6(q.a) = ¢  and ¢, = o; forall j # i, otherwise 0.

Moreover, let the composition cost function C’: S’ xXA” = R* be
defined as C'((q,071...0...00),(a,i)) = Ci(0},a).

We are interested in computing optimal policies for M’, where the
optimality is defined as follows. As the set of target states 7', we
consider:

={(q,015..,0) | (@ T15...,0,) ES' NgE FAYi=1,...
Intuitively, 7 C S’ is the set of states of M’ where the state compo-
nent from A, g, is accepting, and the state components from the
services S;, 0, are accepting in S;. We consider the bi-objective lexi-
cographic optimization over M’, similarly to what has been done in
study by Busatto-Gaston et al.[33]. In particular, we first consider the
probability of reaching a set of target states 7 from s € S’, following a
policy w over the MDP M’, denoted with Py (0T); with Ty (0T),
we denote the set of policies with the maximum probability of reach-
ing T, i.e. argmax, Py (0T). Then, we consider the cost of the short-
est prefix of p that reaches one of the target states in 7T, i.e.
costr(p) = ¥i_oC’(s}.a;) if plil€ T and for all j<i, p[j1¢T. An
optimal solution for M’ is a policy n that minimizes the conditional
expected cost of reaching a target state E, . M5, [costr(0)[0T] among
the policies in IT M5 (0T), that is, the policies which maximize
PM;USE)(OT), ie.

7€l 5, (0T) and 7 € argminE,,_py¢ 5 [costr(p)|0T] 6)
L4 G

,n ZO',‘EFI'}
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Step 3. The solution technique we will use is based on the work[33],
where the authors propose a two-stage technique to find an optimal
policy for a bi-objective lexicographic function in the form of Eq. (6).
First, we compute the set of policies (in the form of a set of optimal
actions for each state) that maximize the probability of reaching the
target states; however, this set of policies also contains the 'deferral’
policies, i.e. policies that defer the actual reaching of the target states
indefinitely, but in such a way that the target can still be reached with
maximum probability at any moment. Then, we consider a 'pruned
MDP' in which (i) only optimal action can be taken, and (ii) only states
from which the target can be reached are kept. The new MDP is used
to find policies that minimize the expected cost of reaching the target.
By construction, the optimal policy of the pruned MDP guarantees the
target is always reached since any deferral policy will incur an infinite
cost. The difference between our scenario and Busatto-Gaston et al.[’3]
is that they consider the length of the path, rather than its cost, as the
second objective function. Nevertheless, it is easy to see that their
approach works if, instead of considering the expected length of
successful paths, we consider their expected total costs (i.e., minimiz-
ing path length can be seen as minimizing costs with each transition
having unitary cost). Note that the techniques used to find the solu-
tions are standard: the first stage requires solving the maximal reacha-
bility probability problem[*8] on the composition MDP with the accept-
ing end components as the set of states 7. The second stage requires
solving a stochastic shortest path problem[2*] on the pruned MDP. The
two subproblems can be solved efficiently using standard planning
algorithms, e.g., Value Iteration or Linear Programming.

Step 4. Once an optimal policy is found, we can obtain its equiva-
lent y as follows: for any finite prefix of a run
P=(610,0'10--~0'no),(a1,01)7---(am,f)m),(CIm,O'lm---U'nm),---, we set
7((0-10 .. ~O-n0) e (O-lm e O-nm)) = (am+1 !Om+l)s where
ﬂ-(p) = (am+l,0m+l)~

Now we aim to establish a relationship between optimal orchestra-
tors according to Eq. (4), and optimal policies for M’ according to Eq.
(6). Given an infinite run p = (g9,010...070),(a1,01)..., we define the
trace t=7,c(0)=(010...0m0),(a1,01),.... The definition easily
applies to finite prefixes of p but this time mapping into histories of ¢.

In the following, we are going to prove a sequence of lemmata.
Lemma 3 shows that, once fixed a policy 7 over M, there is a one-to-
one correspondence between paths p in M’ following 7 and the
executions t € 7, ¢ of the equivalent orchestrator of #, y; Lemma 4
shows that the probabilities of finite paths and histories are the same;
Lemma 5 shows that paths that end with states in 7' correspond to
successful histories; and Lemma 6 shows a correspondence between
paths in Pathsy »¢ and Wﬁc.

Lemma 3 Let 7 be a policy for M’ and let y be its equivalent
orchestrator. Moreover, let pePathsj(A,” and t be a trace such that
t=%,c(p). Then, p € Pathsy, ((s;)) iff 1 € T5.c({(@10-..0n0))).-

Proof Let the infinite path p € Paths}, ((s;)), and the infinite trace
t=7,c(p)). We prove the claim by induction on the position of the
run/trace.

Base case: we have the claim holds for position O because
pl0] =(qo0,010...-00), and h[0] = o1g...00. Therefore, (h[0]) satis-
fies the conditions of the definitions of history and execution of vy iff
s, €S’

Inductive case: assume the claim holds up to position k > 0.

(=) Consider the (k+1)-th action according to m, i.e.
7(p[0 : k]) = (ak+1,0k+1), and its successor state p[k + 1] = (qr+1,0 1 k+1,
..s0nk+1). By inductive hypothesis, we have that & = #[0 : k] is a valid
execution under orchestrator y, where ¢ =7,¢c(p). We need to show
that 7’ = 1[0 : k], (@k+1,0k+1)s (T 1 k4150 ni+1) 1S @ valid extension of
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h under orchestrator y. By construction of M’, we have that (i)
i1 €Z; for all services, (ii) oxs1 €{1...n}, (iil) ars1 € A. We also
aim to show that (iv) for all j=1,...,n, 01 € Supp(P (0 jx, ax+1)) if
J = Ors1; otherwise o1 = 0 j. Proposition (iv) holds because of the
definition of P’ and by the hypothesis of p being a path of M’ (the
support of the transition probability function of all the states along a
path must be non-empty). The propositions (i), (ii), (iii), (iv) are
precisely the conditions that each step of a valid execution must
satisfy. Moreover, by construction of vy,  (@k+1,0k41) =
y(states(¢[0 : k])), hence A" = [0 : k], (Qk+1,0k+1), (O 1 k1 ---Onis1) 1S @
proper (finite) execution under orchestrator 7.

(&) Now, consider a finite execution under orchestrator vy,
h=1t[0: k], and its extension A’ = #[0 : k], (Gk+1,0k+1)s (1 k41 - - T jer1)-
We need to show that the finite path prefix p[0: k+ 1] is a valid finite
path in M’ under policy 7. Since by inductive hypothesis the claim
holds up to the k-th step, we only need to show that the (k + 1)-th step
defined as (@x+1,0k+1)s (Gk+1,0 1 k41 - - - Tng+1), O some gpy;, is a valid
extension of p[0: k] under policy m. By construction, we have that
7(pl0 : k]) = y(states(h’)) = (ax+1,01+1)- Regarding the successor state,
we have to show that (q+1,01+1-..-0ni+1) € Supp(P’). But this
follows from our choice of gi+1 = 6(qgx,ar+1) and by the condition (iv)
of a valid execution step.

By induction, the claim also holds for any arbitrary position, and
therefore p € Paths“/{,[;r«s(’))) iff te 7, c({(010...00))). o

Lemma 4 Let 7 a policy on M’, y be its equivalent orchestrator,
p=syai...s, €Paths,y (s7) be a finite path on M’, and h = 7, ¢(p) be
its associated history. Then, P M5, (Paths“’/\,(;r (©) =P, o(Tyc(h)).

Proof

m

Pt v (Pathsiyy (0)) = [ | P(s} 1 57y (@us00) (7)
k=1
= [ Po@ors | o (@ 000) ®)
k=1
= PV,C(Ty,C(h)) (9)
where step 7 is by definition of the probability of a cylinder set, step 8 by
definition of P” in M’, and step 9 by Eq. (1). i

Lemma 5 Let p = soa; ...s,, € Paths ¢, be a finite path on M, for
some policy m, and let h=7,¢c(p) be its associated history. Then,
successful(h) iff there exists k € [0,m] such that s, € T'.

Proof Let k be an integer between 0 and m. By construction of M’,
we have that s, = (qx,01k...0n) €T iff (a) gr € F and (b) for all
i=1,....,n we have oy € F;. The proposition (a) means that the
sequence of states r = qo,...,qx is an accepting run over A, for trace
actions(%’) = ay,...a;, where &’ = h[0 : k]. By definition of acceptance,
the above holds iff actions(h’) € L(A,). By the correctness of the
construction of A, this is true iff actions(h’) | ¢. Finally, since
I’ € prefixes(h), we have actions(h’) E¢ and (b) both imply that
successful(/) holds.

Conversely, assume successful(z). Then by definition there exists a
prefix i’ = h[0: k] such that actions(/’) = ¢ and such that (¢c) o € F;
for all i=1,...,n. By the correctness of the construction of A,
actions(h’) = ¢ iff actions(h’) € L(A,), meaning that there exists an
accepting run r = qo,...,qx over A,, where (d) g € F. Conditions (c)
and (d) imply that p[k] = sx = (qk, 01k ... 0) € T, by definition of the
set 7. O

Let Pathsy yy (s;) be the set of finite paths following 7 on M’ such
that they start with s, and enter in a state in 7 only at the end of the
path and for the first time, i.e. Pathsyay(s() = ((S"\T)XA)'TN
Paths ¢, (7).
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Lemma 6 p € Pathsy »y, (s)) iff 7,.c(0) € H,

Proof By Lemma 5, p € Pathsy sy iff h=7,c(p) is successful,
since p ends in a state in 7. Moreover, since Pathsy y¢ C Pathsyy , by
Lemma 3, we have that p € Pathsy ¢ iff h is an execution of y.
Furthermore, by assumption, any finite prefix p’, say of length m, of
p, is such that p’[m] ¢ T. Then, again by Lemma 5, this holds iff
W =7,0(p") is not successful, meaning that does not exist a prefix
I e prefixes(h) with k" #h such that i’ is successful. But this is
precisely the membership condition for 7{;” i

This result shows the correctness of our technique:

Theorem 3 Let (C,¢) be an instance of Problem 1, and let M’ be
the composition MDP for C and ¢. We have that r is optimal (w.r.t.
Eq. [6]) if its equivalent orchestrator y is optimal (w.r.t. Eq. [4]).

Proof First, we show that x=argmaxyP M;,,s;)(OT) iff
Y = argmax,/ Prcea;h(y’). For any pair 7 and its equivalent y, we have:

Pry(OT)= > Ppyy(Pathsy, (or) (10)

prePathsy ,((SO)
= > Bye(Tyeh) (11)

/16’/‘{;}.

=2oe( | Tre) (12)

IlE'H;’iC
— preach( ) (13)

where step 10 is by definition of probabilistic reachability, step 11 is by
Lemma 4 and 6, step 12 is by disjointness of all 7, c(h) for he wﬁc’
and step 13 is by Lemma 1 and Eq. (2). From this, we obtain that
7" =argmaxy Py, % (0T) iff y* = argmax, Pg‘;fh(y’).

It remains to prove that 7 is cost-optimal iff y is cost-optimal. We
have:

By py.sp [costr (o) [ 0T =

- o el o (14)
= X Pay,g(Pathsy, (or): X C'(spdp,,)
prePathsy q(s)) " 4 k=0
]
= > Py(Tych)- Zcom(aokk,am) (15)
heH“’
]
= EhNPyVC[Z Co, (0o, k-1, a1)| successful(h) (16)
k=1
= TE) (17)

where step 14 by definition of total expected cost conditioned on reaching
of target states T, step 15 by construction of M’ and by Lemma 4 and 6,
step 16 by definition of total expected cost on successful executions of vy,
and step 17 by Eq. 3). Therefore, if
meargming B, M., Leostr (p) [0T] then  y€argmin, 7, gf’;‘(y’).
Combining both results, we get the thesis. mi

Computational cost. Theorem 3 guarantees that we can reduce
Problem 1 to the problem of finding an optimal policy for the lexico-
graphic bi-objective optimization problem (Eq. [6]) over a composi-
tion MDP M'’. As explained above, the two-stage technique requires
solving a planning problem over MDPs. Since it is known that both
steps require polynomial time complexity in the number of states and
actions of the MDP[?4] and that our composition MDP has a state space
that is double-exponentially larger in the size of the goal specification,
we get this result:

Theorem 4 Problem 1 can be solved in at most double-exponential
time in the size of the formula, in at most exponential time in the
number of services, and in polynomial time in the size of the services.
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This is in line with the classical setting of LTL/LTL, Synthesis on
probabilistic systems[3*40], and analogous to our solution method for
the non-stochastic casel*!].

5 Stochastic service composition for
safety LTL,tasks

In this section, we consider the composition problem where the first
objective is to maximize the probability of not violating a safety L,
specification, and as second objective, we maximize the expected
conditional cost. This means that the notion of successful execution
must be revised in order to consider a safety goal rather than a reacha-
bility goal.

We say that some infinite execution € 7, ¢ is legal (for C and ¢),
denoted with legalc’(p(h), if for all finite prefix histories & € prefixes(r)
we have that (1) actions(h) [ ¢, i.e. the safety condition is not violated
at any time on the trace, and (2) for all positions k and all services i, it
holds that o4 € F;, i.e. every service is in an accepting state. We use
legal ,(h) also for finite executions. We denote with ‘H;’i’éafe the set of
finite and legal execution of orchestrator y on service community C.
Finally, we say that an orchestrator y realizes the L1, specification ¢
with C if, for all traces t € 7, ¢, t is legal. When C and ¢ are clear
from the context, we omit the suffix in legal,, and only write legal.

Example 4 Continuing with example 1, we consider the following
LTL, safety task: O-pluck, i.e. never pluck the ripe fruits and flow-
ers. For this safety task, differently from Fig. 1, we consider states a;,
by, and ¢, to be 'accepting', meaning that they are states of their
respective service in which the execution of the composition safety
task can enter into. An orchestrator that maximizes the probability of
satisfying this goal will only use B; and B,, since B; can only
perform pluck from state ¢y, whose execution would make the safety
task to fail.

The satisfaction probability of the safety task ¢ under orchestrator y
and community C is given by:

Pee () = P%C({f € Tyc|legalt )}) o

Intuitively, Pscf;e(y) is the probability measure (under P, ¢) of the
set of legal executions generated by executing the orchestrator y over
the service community C.

To formally define the second objective, we first define the total

cost of horizon m for an execution 7= (0g...0),(a1,01),... as
Costc(t) 2o C(,, (0;»ai1). Then, for an orchestrator y and a state
=(o1,... ,0',,) the expected mean-cost is defined as:
E,  [MC] = limsup — ]EhNV(,[Cost ] (19)
m—oo

The optimal expected average cost starting from a state o is defined
over all orchestrators y for C as inf,E, ,[MC]. Moreover, we use
E,Mp%c[Costﬁ | legal(h)] to denote the expected conditional finite hori-
zon cost, where the condition is on whether 4 is legal. Finally, we
define our second objective, the expected conditional mean-cost, as:

dV -COS! 1
[’ ‘(y) = limsup —Eh~L)

m—oo

[Costc | legal(h)] (20)

Intuitively, J5% cOS‘()/) takes into account the costs that the orches-
trator incurs in executlng its policy by picking the chosen services, but
averaged across the entire length of the execution.

Finally, we define our optimization problem. We want to compute
an orchestrator y such that the following holds:
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y€lpur and Jos ()= inf  JEE(Y) @1
Ce Ve .psafe

Intuitively, we fix a lexicographic order on the objective functions
Pgafe and J3% °°St, meaning that we aim to minimize the expected
utlllzatlon mean—cost to satisfy the specification, conditioned to the
satisfaction of the specification, while guaranteeing the optimal proba-
bility of satisfying it.

Now we aim to find a connection between the satisfaction probabil-
ity and the notion of realizability.

Let us consider the set of finite executions of y with the community

C that becomes illegal for the first time, denote with (Hf o~ Formally:

71(_;C = (he H,c | ~legal(h) AVI € (prefixes(h) \ {h)) : legal(h')}  (22)

Lemma 7 Let ¢ be an infinite execution of y over C. ¢ is legal

iffr ¢ (U ey r/"y,c(h))
I .. te (U T
Proof (=) by contrapositive, assume heH Then,

there exist some & € ‘H“” such that € 7, ¢(h). By definition of ?[
we have that —degal(h) Slnce h € prefixes(¢) by definition of 77 7C(h),
we have that, by definition of legal, and from the above arguments, it
follows that —legal(?), i.e., there exist a finite prefix of ¢ that is not
legal, and therefore its infinite extension ¢ is also not legal.

(<) by contrapositive, assume ¢ is not legal. This means that there
exists a prefix & € prefixes(¢) such that —legal(k). Let &’ be the short-
est of such prefixes, i.e., the finite execution that violates the safety

conditions for the first time. By definition of 7{‘” , it holds that

Tyc)

he ‘Hf;C. Finally, since A’ € prefixes(r), we also have te 7, c(h").
Therefore, the claim holds. O

Observe that, from Lemma 7, the following equality holds:
(re Tyclteald) = T\ | Tocth) @3)

71?
he Hy’ c

And in turn, from Eq. (23), we have:

P = Byl € T.0)|legal 1)

et Q‘ry,c(h)))

g
,IEH%C

- Py.ccry,c)—m,c('ry,cn( U 'ry,c(h)))

N
he Hy, c

=1-2ye( | Tre) 4)

Y
heHy»C

The intuitive meaning of the expression in Eq. (24) for PZ?ff is that
we can define the probability of satisfaction of the safety specification
as the probability of avoiding finite executions / such that —legal(h).

In case the specification is exactly realizable, the notion of optimal
orchestrator according to Eq. (21) coincides with the notion of 'safe
realizability', as shown in the following results.

Lemma 8 Orchestrator y realizes the safety specification ¢ over C
iff (Hi c=0.

Proof (=) Assume 7—% # (. By assumption, there exist one finite

execution £ in the set (}K By Lemma 8, this implies that all infinite
executions ¢ that are extensions of 4, i.e., t € 7,,c(h), are not legal. But
this means that there exists at least one execution of y that does satisfy
the safety specification ¢; hence, y does not realize the safety specifi-

cation ¢.
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(&) Assume that y does not realize the safety specification ¢. This
means that there exist a trace ¢ € 7, ¢ such that —legal(s). By Lemma
7, this implies that 7 € 7, c(h), for some h € ‘H;'ic. Therefore, ‘Hic +0

O

Theorem 5 Let C be a community of stochastic services, and ¢ be a
LTL; safety specification. The orchestrator y realizes ¢ with commu-
nity C iff Psafe(y) =1.

Proof (=) if y realizes <p, then by Lemma 8, 7‘{" =0, and there-

Tyeh) = Fmally, by the definition of ngf (Eq.
[18]) and by Eq. (24), we have that
P =1-PrclU, gz Trch) = 1

fore Frc(U, o

(<) If PEE(y) = 1, then by definition of P (Eq. [18]) and by Eq.
(24) we have that VC(UheW Tye(h) = Smce the left-hand side is
a probability, the equation holds only if the argument of P, ¢ is empty,
which in turn implies that 7{_&: 0. Finally, the claim follows by
applying Lemma 8. mi

Theorem 6 Assume LTL; safety specification ¢ is realizable. If an
orchestrator 7 satisfies Eq. (21), then it realizes the specification ¢.

Proof Since by assumption ¢ is realizable, then there exists an
orchestrator y’ that realizes it. By Theorem 5, we can deduce that the
optimal value of Psafe(y’) is 1. Moreover, by assumption and by Eq.
(21), it follows that ye Fpsafe, ie. Psafe(y) =1, by the arguments
above. Finally, again by Theorém 5, we get that y realizes ¢.

Finally, we formally state the stochastic version of our problem:

Problem 2 (Stochastic Composition for LTL, Safety Tasks). Given
the pair (C,¢), where ¢ is an LTL; safety specification over the set of
actions A, and C is a community of n stochastic services
C={Sy,...,S,}, compute an orchestrator that is optimal according to
Eq. 21).

As in the reachability case of Section 4, Theorems 5 and 6 show that
one can find an orchestrator even in a non-stochastic setting by consid-
ering arbitrary services' probability distributions for P;(c,a), for any
pair o; and a, whose support is compatible with the service's transi-
tion function (even non-deterministic, as in study by De Giacomo et
al.#11), and then check whether max,, Pf;‘;e(y) =1.

5.1 Solution technique

Similarly to the previous case, the solution technique for the safety
variant of the composition problem relies on finding an optimal policy
for a bi-objective lexicographic optimization on a specifically built
MDRP. In particular, also for this problem, we consider a variant of the
framework introduced in study by Busatto-Gaston et al.l33]; while the
second objective they considered was the maximization of the
expected conditional mean payoff, here we consider the minimization
of the expected conditional mean costs. In general, the technique has a
significant overlap with the reachability variant. However, the main
difference lies in how we build the automata-based construction: in the
reachability case, we are interested in an orchestrator such that, for any
(infinite) execution ¢, a finite prefix of ¢ satisfies the task ¢; in the
safety case, we are interested in an orchestrator such that, for all
prefixes, the safety task ¢ is satisfied. The definition of the composi-
tion MDP must take into account this different requirement.

Our technique breaks down into the following steps: (1) first, we
translate the LTL; formula into the equivalent DFA A,; then (2) we
combine A, with the services, computing a product of A, with the
stochastic services in C, obtaining a new MDP, M’, that we call the
‘composition MDP'; (3) we solve the resulting MDP, finding a policy
7 for M’ that is optimal w.r.t. the (safety) bi-objective lexicographic
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function, as in study by Busatto-Gaston et al.’%], and then (4) we
derive an orchestrator y from 7 that is optimal w.r.t. Eq. (4).

Step 1. This step is the same as the previous case: starting from the
LTL, specification ¢, we compute the DFA A, = (A, 0, qo, F,6) that
is equivalent to the specification l!11.

Step 2. Then, we define the composition MDP M’ = (S",A", P’, ()
with the associated cost function C’, as in step 2 for the reachability
case. We are interested in computing optimal policies for M’, where
the optimality is defined as follows. Consider the set of bad states:

Bad ={(¢,01,...,00) | (¢,01,...,00) €S' A(gg FVIi€[1,n] : 0; ¢ F;)}

In other words, Bad is the set of states such that their Q-component
is not an accepting state or the current state of some service is not
accepting. We consider the safety bi-objective lexicographic optimiza-
tion over M’, similarly to what has been done in study by Busatto-
Gaston et al.B’3]. In particular, we first consider the probability of
avoiding a set of bad states Bad from s € S’, following a policy 7 over
the MDP M, denoted with Py (0-Bad); with ITyy ((O0—-Bad), we
denote the set of policies with the maximum probability of avoiding
states in Bad from state s, i.e. argmax,Pyy ;(@—Bad). Then, as the
second objective, we consider the expected conditional mean-cost
EM;,S()[MC | D-Bad]. An optimal solution for M’ is a policy n that
minimizes the expected conditional mean-cost
limsup,,_, ., ﬁEM;“Sé[Costm | o-Bad], while avoiding the set of bad
states, but only among the policies in IT M',sg)(E‘"Bad), i.e., the policies
that maximize Py, % (0—-Bad):

mE HM»’SE)(D—'Bad) and € arg,, infE, 5, ,, [MC | O0-Bad] (25)

550

Step 3. The solution technique we will use is, once again, based on
the work[*3], where the authors propose a two-stage technique to find
an optimal policy for a bi-objective lexicographic function in the form
of Eq. (25). First, we compute the set of policies (in the form of a set
of optimal actions for each state) that maximize the probability of stay-
ing far from the bad set of states Bad; however, this set of policies also
contains policies that do not take into account the utilization costs of
the services. Then, we consider a 'pruned MDP' in which (i) only opti-
mal actions can be taken, and (ii) only 'good' states are kept. The new
MDP is used to find policies that minimize the expected conditional
mean-cost while maximizing the probability of staying in good states.
Crucially, observe that, by construction, avoiding states in Bad is
equivalent to not violating the safety specification ¢, since bad states
have their Q-component to be states of A,. Moreover, by construc-
tion, the optimal policy of the pruned MDP guarantees that no better
probability of staying safe can be achieved, since sub-optimal actions
for the first objective are pruned. In this case, the difference between
our scenario and Busatto-Gaston et al.’%] is that they consider reward
maximization, rather than cost minimization, as the second objective
function. Nevertheless, it is easy to see that we can minimize costs by
maximizing negative rewards. Note that the two subproblems can be
solved efficiently using standard planning algorithms, e.g., value itera-
tion or linear programming.

Step 4. Once an optimal policy is found, we can obtain its equiva-
lent 7y as in step 4 of the reachability case.

Now we are going to establish a relationship between optimal
orchestrators according to Eq. (21), and optimal policies for M’
according to Eq. (25). Note that Lemma 3 and Lemma 4 also hold in
this context since the composition MDP construction M’ is the same
as for the reachability case.

Let Paths®y o M;r(s(’)) be the set of infinite paths following 7 on M’
such that they start with s and never enter in bad state in Bad, i.e.

Paths“y ; 1 (53) = (7 \ Bad) X A)® N Paths(y, (sp)- Let
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Pathsgyq ar, (5) be the 'dual’ set, i.e. the set of finite paths following 7
on M’ such that they start with s; and enter in bad state in Bad only at
the end of the path and for the first time, i.e.
Pathspag ar, (s5) = ((S” \ Bad) X A)*Bad N Paths ¢, (7). Let also
Paths ACHA UplepthBad’M;{%)Paths“’M;((p’), i.e. the set of infinite
paths such that at least once they visited a bad state, and
Paths_g,q ar, () the set of finite paths that never visit a Bad state. It is
casy to see that the two sets Paths®y | M;,(Sf)) and Pathsj M}(Sé) are
disjoint and complete. Intuitively, regarding disjointness, a finite path
©’ € Pathsgag ar, (s)) cannot be the prefix of any infinite path
p € Paths?, d M;(Sf))’ since last(p”) € Bad and p does not visit any bad
state. Regarding completeness, there are no other cases in between, i.e.
a infinite path either belongs to the first set or to the second set:

Lemma 9 The following two propositions hold:

1. Paths‘:’Bad’M’,r(sé) N Paths‘gade,ﬂ(sf)) =0,

2. Paths?p, A (sp) U Pathsp;, a M;r(s()) = Paths“’M;r(sé).

Another crucial observation is that Pathspag e, (s;) 1s a set of finite
paths forming pairwise disjoint cylinder sets. To see this, it is enough
to observe that each of these paths has only the last state in Bad, while
the previous states are all —Bad; this means that they cannot share a
common prefix.

Lemma 10 Let p = soa; ... s, € Paths ¢ be a finite path on M. for
some policy m, and let h=7,c(p) be its associated history. Then,
legal(h) iff for all k € [0,m] we have s ¢ Bad.

Proof We prove that —legal(h) iff Jk.s; € Bad. By definition of
Bad, if a state s =(g,071,...,0,) is in Bad, it means that (a) g ¢ F or
(b) there exists i such that o; ¢ F;. Let us consider a generic time step
k and the associated state s; in p. For s;, Proposition (a) holds iff the
sequence of Q-components of the states occurring in p[0: k], i.e.
r=qo,...,qk, 1S a non-accepting run over A, for trace a;...a;. By
definition of acceptance of a trace, the above holds iff
aip...ar € L(A,). By the correctness of the construction of A, this is
true iff ay...ax [t ¢. By definition of 7, we can rewrite the above
expression as (c) actions(h’) = ¢, where A’ = k[0 : k]. Finally, by defi-
nition of legal, we have that for some & (c) or (b) holds iff —legal(h) o

Lemma 11 Let m be a policy for M’ and let y be its equivalent
orchestrator. Moreover, let p = soa;s; -+ sy € Paths yy be a finite path
on Mi, and h=%,c(p). Then, p € Pathspaq rv. iff h € ”Hf;c.

Proof First, note that by Lemma 3, p € Paths q iff & =7, ¢(p) is an
execution of y.

(=) By Lemma 10, since p[m] € Bad, we have —legal(/). More-
over, for all j=0,...,m—1, all states in p[0: j] are not in Bad, and
therefore again by Lemma 10, for each prefix A[O: j] € prefixes(h),
legal(h[0 : j]) holds. By definition of Hic, this implies that 4 € ﬂio

() If he (HiC’ then by definition of (Hic we have that (1)
—legal(h) and that (2) for all 4’ € prefixes(h) such that &’ # h, we have
legal(h’). By Lemma 10, proposition (2) implies that for all
j=0,...,m—1, all prefixes p[0 : j] are such that their states are not in
Bad. Moreover, from (1), and again by Lemma 10, it follows that there
exists k € [0,m] such that p[k] € Bad, but from the previous argument,
k must be equal to m since states at positions smaller than m in p are
not in Bad. In other words, the last state in p is in Bad, while all the
other states along p are not. Therefore, by definition of Pathsgag r, ,
we have p € Pathspag ar, - o

Lemma 12 Let 7 be a policy for M’ and let y be its equivalent
orchestrator. Moreover, let p = soa1s1 -+ 5, € Pathsyy be a finite path
on M, and h = 7,c(p). Then, p € Paths_paq r¢. if h € H#S, o

Proof By definition of H#%f . he H#® o iff legal(h). By
Lemma 10, legal(h) iff for all k=0...m, p[k] ¢ Bad. By definition of
Paths_pag ar; > this holds iff p € Paths_paq at - o
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Theorem 7 Let (C,p) be an instance of Problem 2, and let M’ be
the composition MDP for C and ¢. We have that 7 is optimal (w.r.t.
Eq. [25]) iff its equivalent orchestrator vy is optimal (w.r.t. Eq. [21]).

Proof First, we show that 7z =argmax,P M/"’A,(/)(D—'Bad) iff
Y = argmax,/ Pziffyf(y’). For any pair 7 and its equivalent y, we have:

[PM;"S{](DﬂBad) = PM;,,S(/) (Pathsu—u)Bad,M;r(Sé)) (26)
= 1=Ppq g (Pathsy,; 1 (59)) (27)
—1- Py, (Paths}y, () (28)
PIEP‘“hSBad.M;,(‘YO)
=1- D Byc(Tye) 29
he%
—1- ]Py’c( U Ty,c(h)) (30)
= PE(y) G

where step 26 is by definition of probabilistic safety, step 27 is by Lemma
9, step 28 is by disjointness of all finite paths p’ € Pathsg,g s, that end in
a Bad state, step 29 is by Lemma 4 and 11, step 30 is by disjointness of
all 7,c(h) for he 7@ and step 31 is by definition of PE™ (Eq. [18])
and by Eq. (24). From this, we obtain that 7* = argmax, Py, 5 (o—-Bad)
iff y* = argmax,/ Pg‘:ﬁe(y’).

It remains to prove that 7 is cost-optimal iff y is cost-optimal. In the
following, we use Paths®™ to denote paths over M’ of length m. By
definition of the expected conditional finite horizon cost
E.s [Costy, | O-Bad], using the law of total expectation, we get:

Epg.« (Cost,, | 0-Bad) = Z E|Cost, | Paths’, (0),0-Bad|

pEPaths(m)

Ppe (PathsM (p) | 0-Bad)

Intuitively, we are averaging the total costs of all paths of length m
that never visit Bad by the probability of those paths being visited
under policy 7 in M. Since Cost,, depends only on the first m steps, it
is constant on each cylinder; hence, E[Cost,, | Paths% M, (p),0-Bad] =
Cost,, il 0' C’(s},ar1). Moreover, by applying the definition of
conditional probability (P(A | B) = %), and by observing that paths
that do not start with s; have probability 0, we get:

m=1
>, (ZC’(s;,akm

pEPaths(m) (Y ) k=0

P, (Pathsy, (0) N O-Bad)
P, (0-Bad)

Note that the denominator P M;psé(ljﬂBad) is a normalization factor
due to the condition O0—Bad in the conditional probability. Moreover,
note that Py, o (0-Bad) = P(Paths”y; 1, (57)); hence, the above
expression can be rewritten as:

(’"Z: o )) Pt (PathsM, (p) NPaths®y | M, (so))
Sps Qi 1
) ) ) =0 P s (PathsﬁBad,M;,(SO))

pePaths

Note that whenever pe(Paths(m) (sg) \ Paths_pag p,), the corre-

sponding term in the sum is zero. Therefore, we can rewrite the
summation condition as:

m—1
> (ZC'(s;,um))P
k=0

(m)

~Bad My (s())

Py, (Pathsiy, (o))
M. (Paths?p e (5)

pePaths
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By Lemma 12, there is a bijection between paths in p € Paths(’") (so)
and histories in h € F{#s2fe y,c With |[h] = m. By Lemma 4, the probabll-
ity of the cylinder sets of p and & is the same. Moreover, by construc-
tion of M, forall k=0,...,m— 1, the terms of the form C’'(sp 1) in
the sum of the costs can be rewritten as C,,,, (0, , kGr+1), i.€., the
cost of executing action ai.; with the og;-th service in its current
state. Finally, by the first part of the proof (steps 26-31), we have that
PM;(,SE)(DﬂBad) =Pscff§(y) and that the probability of a path with no
bad states in M is the same as the probability of the corresponding
trace ¢ being legal in C. Therefore, we can rewrite the expression as
follows:

= Pat.s (Tyc()
3 (Zc%,(a%,k,am))—

safe
heHPSEE ilhlam k=0 Pe,)
= EhN]P%C [Cost,cnl legal(t)]
From the above, it follows that

Je. aves C(’St(y) = limsup —E/,pr c [Cos‘fC

m—oo

legal(h)]

1
= limsup —]E o~ M5, (MC | O-Bad),

m—oo
since we are taking the limit of equal terms. Therefore,
m € arginfy limsup 1 F oM, 5, (MC | O-Bad) if

y € arginf, Wﬁ os

(). Combining both results, we get the thesis. m]

Computatlonal cost. Theorem 7 guarantees that we can reduce
Problem 2 to the problem of finding an optimal policy for the lexico-
graphic bi-objective optimization problem (Eq. [6]) over the composi-
tion MDP M'’, where this time the first objective is to maximize the
probability of avoiding a set of states in an MDP, and as a second
objective, we minimize the expected conditional mean-cost.

As explained above, the two-stage technique requires solving a
planning problem over MDPs. Since it is known that both steps require
polynomial time complexity in the number of states and actions of the
MDPP4 and that our Composition MDP has a state space that is a
single-exponential in the size of the goal specification, we get this
result:

Theorem 8: Problem 2 can be solved in at most double-exponential
time in the size of the formula, in at most exponential time in the
number of services, and in polynomial time in the size of the services.

6 Case study

To demonstrate how the proposed approach can be instantiated and
applied in a smart manufacturing scenario, we consider a representa-
tive production process: the assembly of an electric motor a widely
used component in various applications such as industrial machinery,
electric vehicles, household appliances, and many othersl!7). To func-
tion properly, electric motors require certain materials that possess
specific electrical and magnetic properties. Therefore, before the
manufacturing processes start, the raw materials (i.e., copper, steel,
aluminium, magnets, insulation materials, bearings) must be extracted
and refined to obtain essential metals and polymers for electric motor
parts manufacturing. When the materials are in the manufacturing
facility, the effective manufacturing process can start. For the sake of
brevity, in the following, we focus on the main aspects of the manu-
facturing process, skipping the provisioning, but the formalization can
be easily extended to cover more details.

Goal: Fig. 2 depicts the DECLARE formalization!!?] of the electric
motor manufacturing process. The main components of an electric
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motor are the stator, the rotor, and, in the case of alternate current
motors with direct current power (e.g., in the case of electric cars).
These three components are built or retrieved in any order (no prece-
dence DECLARE constraints between these tasks) and then eventually
assembled to build a motor (alternate succession constraint between
Build/Retrieve tasks and the Assemble Motor task). After the motor is
assembled, a running-in test must be performed (alternate succession
constraint between the Assemble Motor task and the Running In task),
and at most one (not coexistence constraint) between an electric test
and a full static test (the latter comprises the former). In addition, the
motor can be painted optionally. The Painting, Electric Test and Static
Test tasks optionally follow the Assemble Motor task (alternate prece-
dence constraints). The process depicts the manufacturing tasks
involved in producing a single motor as indicated by the existence
constraints. Machines and/or human operators can perform all these
operations. Each DECLARE pattern can be transformed into an LT,
formulal*?]. Therefore, the entire process can be encoded into an rTL,
formula ¢, which we omit. Then, we will consider the reachability
task ¢ as the goal of the service composition.

Services: The behaviour of each process actor can be described as a
stochastic service, i.e., a state machine with a probabilistic behaviour
used to model two types of actors involved in the manufacturing
process, namely machines and human operators, shown in Fig. 3. Each
transition edge has a label which indicates the operation, the probabil-
ity of transition and the associated cost. Figure 3a depicts a simple
stochastic service of human workers. Such services have an initial

0.1
1
1 ——e Electric Test
Build/Retrieve
 —
Stator -
0.1
: 1 . e Static Test
Build/Retrieve R Assemble
Rotor Motor 1
1 | — Running In
Build/Retrieve N 0.1
Inverter
e Painting

Fig. 2 The electric motor manufacturing process represented using
DECLARE.

[OP]:p57 —¢

UNAVAILABLE

[Op],1

onFIG[DEV], 1,0

RepPAIRED[DEV], 1,0

REPAIRING BROKEN
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accepting state in which they are READY and accept operations, and a
sink failure state from where no action can be taken. The transition
triggered by the [OP] action has a probability of p* of remaining in
the same ready state (success), but a 1 — p* probability of failing. The
transition is associated with a certain cost clw” ! to perform the action
(preceded by a —, i.e., the cost is thought of as a negative value, using
the reward-based representation). Figure 3b depicts a generic stochas-
tic service of machines. The machine is initially in the READY state,
which is also the unique accepting state, where it can receive the
CONFIG[DEV] command (the reader, in the following, can imagine
the [DEV] trailer to be replaced with the name of the specific manu-
facturing actor). This action takes the service to the CONFIGURA-
TION state where the actor is set up or warmed up. At the end of this
phase, the CHECKED[DEV] action is performed. If the configuration
is unsuccessful, with a probability p! representing the possibility of
finding the actor unemployable, the actor goes into the BROKEN
state. If the configuration is successful, with a probability 1- p, the
actor goes to the EXECUTING state, where a family of operations,
denoted with [OP] in the picture, can be executed. For the sake of
compactness, we only show a single operation, but the service can be
casily generalized to the case where a single actor can perform multi-
ple operations. The action [OP] represents one of those operations
defined in Fig. 2. Executing an operation implies a certain cost clO” 1

In some cases, the execution of [OP] may take the actor i to the
BROKEN state with probability p? and also, in this case, the opera-
tion implies a high cost cf adlOP] T¢ take the actor back to the READY
state, a RESTORE[DEV] task must be executed on the actor, which
has a repair cost ¢/ depending on the actual conditions of the actor,
and that takes the actor to the REPAIRING state. When the actor is
repaired, a REPAIRED[DEV] event is received, making the actor
available again for manufacturing. Noteworthy, the CONFIG[DEV],
CHECKED[DEV], RESTORE[DEV], REPAIRED[DEV] operations
do not leave any trace on the target process. Noticeably, we can imag-
ine that some of these operations are triggered, in reality, as exoge-
nous events, i.e., they should be reflected in the controller, but the
actor will wait for these events instead of autonomously enacting
them.

We are interested in the problem of maximising the probability that
the smart factory succeeds in producing electric motors at a minimum
utilization cost. A two-stage approach can achieve this: in the first
stage, we aim to find the maximally permissive strategy that (i)

[OPL 1- p?: 70[.0?]

£

CHECKED[DEV], 1 — p¥,

CHECKED [DEV], p¥

Bad[Op]
i

P pzvf

RESTORE[DEV], 1, —¢f

Fig. 3 The two types of service we consider for the electric motor case study. (a) 'Human operator' service. (b) 'Machine' service.
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determines the equally optimal sequences of actions to satisfy the goal
specification and (ii) the equally optimal dispatching strategy that
decides which services should perform the operation. The optimiza-
tion must also consider configuration/checking/repairing action to
bring the service back to a final configuration. This might require
limiting the use of services with certain probability of leading to a fail-
ing configuration. In the second stage, we select, among the available
strategies, those that also minimize the utilization cost. Crucially, the
optimal solution might vary depending on the service available and
their capabilities, as well as the probabilities pf, pf, pf’, and costs
clLOP], cf“dwp 1, and ci. Given the high degrees of freedom, it is
paramount to use a technique, such as the one proposed in this work,
that can automatically handle such a complex scenario.

7 Conclusions

This paper proposes a novel stochastic composition framework in
which we aim to maximize the satisfaction probability of a goal speci-
fication, expressed as a high-level logic formalism such as Lti; and
conditioned on this, minimize the utilization costs of the available
services. We formalized two variants of the problem, one for reacha-
bility tasks and the other for safety tasks, and proposed a solution
based on a reduction to a bi-objective optimization over MDPs, prov-
ing the correctness. Finally, we highlighted the relevance of our contri-
bution by providing an industrial case study considered in the litera-
ture. In future work, we would like to study the process-oriented vari-
ant of our framework, namely, to maximize the probability of realiz-
ing all traces that are compatible with the specification, and condi-
tioned on this, maximize as much as possible the average expected
reward coming from the utilization of the services. This would allow
us to consider a hierarchy of target specifications (either goal-oriented
or process-oriented), hence delivering a rich framework suitable for
several applications. The same kind of generalization can be consid-
ered for the service reward/cost function, where we can consider more
than one reward regarding service utilization. Moreover, we would
like to implement our approach using state-of-the-art probabilistic
model checkers such as PRISM[*3] and Storm[*4l. Another interesting
direction for future work is incorporating internal-action hiding and
parallel composition, which are standard in compositional modeling
frameworks.
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