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“Sometimes | just feel like processing some data,
but | have no data to process—other times | have the
data, but | have nothing to process it with.”
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Processes and data

The information assets of an organization are constituted by:
e data, and

@ processes, that determine how data changes and evolves over time.

Survey by Forrester investigates which of the two aspects should be given
priority from the point of view of IT management [Karel et al., 2009]:

@ Business process management professionals: view data as subsidiary to
processes manipulating them, and neglect importance of data quality.

@ Data management experts: consider data as the driver of the
organizational processes and are concerned about data quality only.

unibz.it
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There is still a dichotomy

Dichotomy in the relative perception of importance has a negative impact:

@ Little collaboration between the teams

e running the master data management initiatives, and
e managing the business processes.

Forrester: 83% ... no interaction at all

o Little attention on the side of tool vendors to address the combined
requirements:

e Data management tools consider only the processes directly affecting the
data in the tools, but not the actual business processes using the data,
o Business process modeling suites do not allow for direct connection of data.

However, data and processes are tightly coupled together!

unibz.it
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Two sides of the same coin

The need for overcoming this dichotomy is recognized by the (business) process
modeling community as well [Reichert, 2012]:

“Process and data are just two sides of the same coin”

Two key areas where explicit representation of data in business processes is
important [Meyer et al., 2011]:

@ Modeling the core assets of an organization.

e Data is crucial for the execution of business processes that create value.
e Hence the business processes need to access the data, and this should be
accounted for explicitly.

@ Business process controlling.

o Key performance indicators and business goals are defined in terms of data.
o To evaluate and control them, the data objects relevant for the activities
contributing to the goals need to be identified.

unibz.it
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Conventional data modeling

Analysis in databases Incomplete information Conclusions

@ Focus is on entities, relations, and static constraints that are relevant for

the domain of interest.
@ Result: possibly distributed database

Example: build-to-order (UML class diagram)

Sales
Customer PO [@—— Line ltem
., | spawns
Material Material PO ——4p| Work Order
Supplier / \Procurement/Supplier; *.  Manufacturing
v
But how do data evolve?
Where can we see the “state” of an order? )
W| _azit
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Conventional process modeling

@ Focus is on control flow of activities that realize the business objectives.
@ Result: executable process model

Example: build-to-order (BPMN diagram)

1

g

£

3

customer P Cancel Order
L) L)

8

3

for each line item

Manufacture product
for each material

" Order Determine
Framateias) | ers | —of st/ cancolaton -+ Notly penaty
[i] cancel penalty
order
ik

3 i
! . A
;
Material PO Material
H (o)
v
But how are data manipulated?
What impact does the cancellation of an order have? "
v
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Problem: interconnection between data and processes

o Conventional modeling: separation between data and processes.

@ Connection is handled at the technological level.
~» Lack of a conceptual view of data+processs that is holistic and coherent.
~ It becomes difficult to manage and maintain the system.

Example: build-to-order

Decompose Manage 5
5 Assemble Shij
Customer PO Material POs P Manage
Cancelation
Activities Activities Activities Activities Activities
Data Data Data Data
Process Process Process Process
Customers Customer POs Work Orders Material POs  Suppliers&Catalogues
/it
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Problem: reconstructing the missing pieces

Lack of a holistic view of data+processs makes it difficult to:
@ Reconstruct and aggregate the relevant information:

e part of the data is in the DBs,
o part of the data is hidden in the process execution engine.

@ Decide how and where to model the domain relevant business rules:

o At the DB level? Which DB? How to import the process data?
o (Also) in the business model? How to import data from the DBs?

Example: build-to-order

Process Data
Determine Sales
cancelation N penalty ]
penalty . Business rules Customer PO Line Item

For each work order W/ , .
For each material PO M in W

if M has been shipped
Process State add returnCost(V) to penalty

T
., | spawns
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Work Order

Material Material PO

Process Engine Supplier

v
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Overcoming the dichotomy

Analysis in databases Incomplete information Conclusions

Strong need for:

@ suitable modeling formalisms supporting the integrated management of
processes and data;

@ methodologies for the design of systems based on such formalisms;

@ systems and tools that implement these languages and methodologies.

This, in turn requires a foundational approach to:

@ provide a clear understanding of (data-aware) process models w.r.t.
e semantic properties, and
e computational properties;

@ enable analysis of such formalisms.

unibz.it
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Data-related analysis is well-established in DB theory:

@ intensional reasoning over queries: containment, equivalence
database dependencies: axiomatization, satisfaction, implication, ...
semantic and conceptual data models
reasoning over views

Analysis of system dynamics is also of great interest: verification of software
and hardware systems via model checking
[2007 Turing Award: Clarke, Emerson, Sifakis]
e Dynamic properties of interest are formulated in a temporal logic (LTL,
CTL, p-calculus, ...).
@ The transition system mathematically capturing the dynamics of the
system of interest is (implicitly or explicitly) represented.
@ The temporal logic formulas are checked (i.e., evaluated) over the
transition system.

Model checking technology requires the transition system to be finite. ).
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Analysis of data-aware processes

The presence of data complicates analysis significantly:
@ states must be modeled relationally rather than propositionally;
@ the resulting transition system is typically infinite state;
@ query languages for analysis need to combine two dimensions:
e a temporal dimension to query the process execution flow, and

Conclusions

e a first-order dimension to query the data present in the relational structures.

~» We need first-order variants of temporal logics

Model checking data-aware processes becomes immediately undecidable!

How can we mediate between:
@ the expressiveness of the temporal property language, and

@ the identification of classes of data-aware processes,

such that
@ we are to capture notable, real-world scenarios, but

@ analysis stays decidable, and possibly efficient.
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Business process analysis

In BPM, process model analysis is considered the second most influential
topic in the last decade (after process modeling languages) [van der Aalst, 2012].J

However:
@ Data has been abstracted away.

@ Emphasis has been on the control-flow dimension:
~» sophisticated techniques for absence of deadlocks, boundedness,
soundness, or domain-dependent properties expressed in LTL or CTL.

Basic assumption: control-flow is captured by a (possibly infinite-state)
propositional labeled transition system,

o labels represent the process tasks/activities
@ concurrency is represented by interleaving

@ transition system usually not represented explicitly, but is implicitly
“folded” into a Petri net

unibz.it
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Analysis of Petri nets

Verification of Petri nets:
@ undecidable in general [Esparza, 1997; 1998]

@ decidable for safe/bounded nets (transition graph is finite-state)

No satisfactory solution for specification and analysis of data-aware processes:
@ colored Petri nets not suited to represent a DB
o data are variables associated to tokens;
e data are manipulated by procedural attachments to the transition in the net
~> cannot be analyzed;
e BPMN (OMG standard) and BPEL (OASIS standard) suffer from similar
problems:
o they leave connection between data and process unspecified (e.g., do not
capture atomic task behaviour)
e hence, require to attach a program to every BPMN atomic task or BPEL
service

unibz.it
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Business artifacts to the rescue

@ In early 2000, the artifact-centric approach emerged as a foundational
proposal for merging data and processes together.

e The emphasis is on data, which are modeled taking into account that they
will be manipulated by processes.
e Processes are modeled by considering how they manipulate data.

o Initial proposals by IBM [Nigam and Caswell, 2003], followed by
[Bhattacharya et al., 2007b; Deutsch et al., 2007], ...

@ See also EU project ACSI (for Artifact-Centric Service Interoperation),

2010-2013.
i,
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What is an artifact?

Definition
A key, business-relevant conceptual dynamic entity that is used in guiding the
operation of a business.

Consists of:
o Information model - relevant data maintained by the artifact

e Lifecycle model - (implicit) description of the allowed information model
evolutions through the execution of a process.

Information model Lifecycle Artifact

s

Goal: unified, end-to-end view of relevant entities and their possible evolutions.
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Concrete models for artifacts

Key questions:
@ How and where to store data maintained by their information models?
@ How to specify the lifecycle of such artifacts?
@ At which level of abstraction? opn By

Creating ———__ Finalizing

Some concrete information models: F oy & i
o Relational database (with nested records). [ T I T -] [ T[]
e Knowledge base, e.g., expressed in some ontology language.

Some concrete lifecycle models:

o Finite-state machines. State = phase; events trigger transitions.
e Implemented in the Siena prototype by IBM.

o Guard-Stage-Milestone lifecycles, based on declarative

(event-condition-action)-like rules.

o Implemented in the Barcelona prototype by IBM.

e Proclets (interacting Petri nets).
e Emphasise many-to-many relationships between artifacts. @3

unibz.it
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Database theory

Example: order as artifact (GSM diagram)

Analysis in databases

Example: build-to-order using artifacts

Incomplete information
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Glossary:

Conclusions

@ Stage (rounded box): phase of the process.

@ Guard (diamond): condition for activating a stage.
@ Milesone (circle): condition for closing a stage.

Data model: information about domain and about state (e.g., achieved milestones)
Each guard/milestone is associated to a business rule on the data model.
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Artifact approach: applications

Artifact-centric approach has been applied in several industrial settings:
[Bhattacharya et al., 2005; Bhattacharya et al., 2007a; Strosnider et al., 2008]

Sigmod Tutorial (Thursday)

Richard Hull, Jianwen Su, Roman Vaculin
Data Management Perspectives on Business Process Management
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Dimensions of the analysis problem space

We can consider variations of the analysis problem that differ along various
dimensions:

@ Static information model

© Dynamic component

@ Interaction between static and dynamic component
@ Interaction with environment

@ Analysis task

()
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Approaches to dealing with processes and data

Key lines of research that have been pursued in DB theory:

@ Database evolution and transactions
@ Temporal data management

@ Active databases

@ Workflow formalisms and systems

@ Temporal integrity constraints

Diego Calvanese (FUB) Foundations of Data-Aware Process Analysis PODS 2013 - 24/6/2013 (24/68)
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Database evolution and transactions

“Dynamic” view of a DB seen as a finite sequence of instances investigated
already in the 80's:

@ Dynamic relational model [Vianu, 1983; 1984]

e Dynamic constraints express dependencies between one state and the next.
o Studies effect of dynamic constraints on static ones (FDs).

@ Transactional DB schemas [Abiteboul and Vianu, 1985; 1986; 1987; 1988]

o Valid DB states described using admissible (parameterized) transactions
(i.e., finite sequences of inserts, deletes, updates, describing valid DB
operations, later also iteration and new value creation)

o Results concern expressive power (e.g., incomparable to constraint-based
schemas), and undecidability of specific properties (e.g., soundness and
completeness wrt constraints, reachability, erasability, equivalence).

o Decidability is shown for restricted cases (insertions and deletions only, or
under bounded-length transactions).

unibz.it
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Temporal databases

Observation: temporal data management is difficult with conventional DBMSs.
~ Proposals for temporal extensions of query languages, e.g., relying on Allen’s
interval algebra [Snodgrass, 1984].

Problem to address: finite representation of infinite temporal data
~» query expressiveness vs. data expressiveness [Baudinet et al., 1991]

@ Constraint based approach [Kabanza et al., 1990]:

temporal attributes represent infinitely repeating points z(n) = ¢ + kn;
constraints are conjunctions of linear (in)equalities on temporal attributes
queries are multi-sorted FO over relations with temporal attributes
queries are closed under relational algebra operations

@ Temporal deductive DBs, using successor function, and using sets of
clauses to represent temporal query answers [Chomicki and Imielinski, 1988]

@ Templog instead uses temporal logic operators O, <, O (with restrictions)
[Abadi and Manna, 1989; Baudinet, 1989] is a notational variant of (2)

unibz.it
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Querying temporal databases

Two different approaches to querying a temporal DB using an FO-language.

1. Timestamped FO (TS-FO)

Consider the temporal DB as a single relational DB with a time-stamp column
for each relation, plus a linear order over timestamps.

Example J

3t13t23t3(t1 <ty < to A Emp(L, tl) A —\Emp(L tg) AN Emp(xtg))

2. FO temporal logic (FO-LTL)

Use temporal operators (O, ¢, O, U, ...), and an implicit representation of
time.

Example

O(Emp(a) A O(=Emp(z) A CEmp(z)))

Diego Calvanese (FUB) Foundations of Data-Aware Process Analysis PODS 2013 - 24/6/2013
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Querying temporal databases: comparison

FO-LTL is strictly less expressive than TS-FO [Abiteboul et al., 1996]. J

Intuition: with an FO-LTL query, we can relate only a constant number of
values in two different instances.

Example
The following TS-FO query cannot be expressed in FO-LTL:
Jt13to(t1 < ta AV (Employee(x,t1) <> Manager(z,t2)))

Note: O (Va(Employee(xz) <» OManager(z))) fails, since there might not be a
common timepoint where all employees have become managers.

Note: propositional LTL has the same expressive power as monadic FOL over
(finite) linearly ordered structures [Kamp, 1968; Gabbay et al., 1980].

F, (1| unibz.it
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Active databases

Studied from end of 80's:
@ Described in terms of sets of event-condition-action rules operating on DB.
@ Rules are triggered (under control of a condition) by external updates.
@ Actions cause internal updates to the DB, which activate further rules.
°

Control is passed back and forth between the external events and the
trigger system.

@ Initial research concentrated on execution by interpreters and their
implementation [Kedem and Tuzhilin, 1989].

Several models and systems based on them have been defined, whose precise
semantics was determined (procedurally) by the “execution model":

@ immediate, deferred, or concurrent firing?
@ which state should a previously triggered rule use?

@ how to deal with events/conditions that do not hold any longer?

unibz.it
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Active databases: formalization

[Picouet and Vianu, 1995; 1997] formalize and compare proposals using:

Relational machines (RTMs) [Abiteboul and Vianu, 1991; 1995]

@ Turing Machines augmented with a relational store R (i.e., a finite set of
fixed-arity relations).

@ The TM interacts with R through FO queries and updates.

To formalize active DBs, pairs (M,, M;) of RTMs over the same R are used:
@ M; represents the active (trigger) DB.

@ M. represents the external update program, and has triggering states that
transfer control to M;.

@ A run of (M;, M.) on a DB D for R computes an update of D by running
M; and M, (each possibly multiple times) until they reach a final state.

@ The semantics M;(M.) of (My, M.) is the computed update function.

Two active DBs M; and M| over R are equivalent, if M;(M.) = M](M,)
every external machine M, over R.

Diego Calvanese (FUB) Foundations of Data-Aware Process Analysis PODS 2013 - 24/6/2013 (30/68)
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Active databases: comparison of models

To compare active DB models, the previous definitions can be relativized:

@ M, and M| are equivalent relative to an external language &, if
M;(M.) = M[(M.) for every external machine M, in £.

By allowing M; and M, to vary within given languages 7 and &£, we can
represent the combined expressive power:

TE) = {M;(M,)| My €T and M, € £}

Based on this formalization and comparison criteria, [Picouet and
Vianu, 1995; 1997]:
@ provide a mechanism for comparing different proposals wrt expressive
power;

@ show that trigger machines capture various active DB models, e.g.,
Postgres, Sybase, Starburst, ARDL, HiPAC.

Diego Calvanese (FUB) Foundations of Data-Aware Process Analysis PODS 2013 - 24/6/2013 (31/68)
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Data-aware business processes

We consider now approaches that tackle data-aware process analysis.

@ Processes are considered at a higher level of abstraction.

o Explicit representation of the process as a separate component:
e dynamic component, with procedural or declarative flavor
e control portion of data
e additional data manipulated by the process

Diego Calvanese (FUB) Foundations of Data-Aware Process Analysis PODS 2013 - 24/6/2013 (33/68)
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Relational transducers

Is one of the most significant approaches proposed by the DB community to
model high-level (business) processes:

@ Model originally proposed to support forms of e-commerce [Abiteboul et
al., 1998; 2000].

@ Explicitly accounts for a dynamic component on top of a full-fledged DB.

A relational transducer is a device transforming a sequence of input relations
into a sequence of output relations:
@ The state of a relational transducer contains

e a static database, and
e a memory dynamically changing over time.

@ At each step of the computation, the transducer

e receives from the environment input relations, and
e produces output relations and updates the memory.

unibz.it
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Relational transducers — Formalization

Relational transducer
Is a tuple T' = (S, 0, w), where:

e S = (db, mem,in, out, log) is the schema, where log C in U out maintains
the meaningful portion of an input-output exchange;

@ o is a memory-update transition function mapping instances of
(db, mem, in) to instances of mem;

@ w is an output-update transition function mapping instances of
(db, mem, in) to instances of out.

Semantics is based on linear time: given database D for db:

@ input sequence I, ..., I, represents interaction with external world.

@ captures evolution of memory sequence My, ..., M, and output sequence
O1,...,0,, in response to input sequence:
Si =o(D, M;_1,1;) O; = w(D, M;_1, I;) Li = (I; U O;)|i0g

unibz.it
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Relational transducers — Example [Abiteboul et al., 1998]

Relational transducer specification

Schema: db : price,,, available/q; in : order;1, pay s;
mem : pastOrder/l, pastPay /,; out : sendBill /5, delivery;
log : pay, sendBill, deliver;
Memory:  pastOrder(X) ++«— order(X);

pastPay(X,Y) ++— pay(X,Y);

Output: sendBill(X,Y") <— order(X), price(X,Y"), available(X), =pastPay(X,Y);
deliver(X) <— pastOrder(X), price(X,Y), pay(X,Y), —pastPay(X,Y).

Conclusions

When new input arrives, the rules are fired in parallel.
A run on a DB is completely determined by the sequence of inputs.

- _:RB 50 Time 1 2 3
pf'ce((s |_nA1e, 70)) order(Time) order(Jacm) pay(SciAm, 70)
pr!ce(Ju m’200) Input order(SciAm) pay(Time, 50)
pr\llc?l lflcr(n'l"im ) order(Economist) pay(SciAm, 72)
aavaailaablee(SciAr:) Output | sendBill(Time, 50) deliver(Time) deliver(SciAm)
. sendBill(SciAm, 70) sendBill(Jacm, 200)
available(Jacm)
unibz.it
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Relational transducers — Analysis tasks

Given a relational transducer T' and an initial DB D:

o Finite log validity: Given a sequence L, ..., L, over log, is there an input
sequence I1,..., I, generating it?

3]1, N 7In((L1, .. ,Ln) = lOg(Il, .. ,In))

Application: fraud detection

@ Goal reachability: Is there a finite run of 7" on D such that a given
sentence ¢ over out holds at the end of the run?

Application: basic analysis task

Diego Calvanese (FUB) Foundations of Data-Aware Process Analysis PODS 2013 - 24/6/2013 (37/68)
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Relational transducers — Analysis tasks (cont'd)

Given a relational transducer T" and an initial DB D:

@ Log containment (and equivalence): Given two transducers T', T with the
same log schema, is every finite log of T also a log of T’ (and viceversa,

for containment)?

VI, I3dy, .. Ja(log(Iy, ... 1) = log(Ji, ..., Jn))

Application: customization

Theorem
All the above problems are undecidable for unrestricted relational transducers. J

Diego Calvanese (FUB) Foundations of Data-Aware Process Analysis PODS 2013 - 24/6/2013 (38/68)
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Spocus transducers

A Spocus transducer is a relational transducer in which:

@ The output relations are defined by non-recursive semi-positive Datalog
programs with inequality;

@ The memory relations accumulate the inputs (cumulative state).

Theorem ([Abiteboul et al., 1998])

For Spocus transducers, log validity and reachability of conjunctive existential
goals are decidable.

Proof: By a reduction to finite satisfiability for the Bernays-Schonfinkel prefix
class F*V*FO, i.e., the set of FO sentences with relational vocabulary,
constants, and equality of the form 3xy - - - Jz,, Vi1 - -V, (21, ..., Tp).

Theorem ([Abiteboul et al., 1998])

For Spocus transducers, log containment is undecidable, but becomes decidable
if log contains in.

it

'
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ASM transducers

Are defined by means of simple rule-based abstract state machine programs
[Spielmann, 2000; 2003].
ASM transducers generalize Spocus transducers:
@ Rule applications are guarded by FO formulas, as opposed to conjunctive
formulas over literals.

@ Memory is not necessarily cumulative (can be considered as an active DB,
with immediate triggering of insertion and deletion actions).

ASM transducer
Is a relational transducer whose program is a finite set of rules of the form
if p(Z) then (—)R(Z)
where
o the guard (%) of the rule is a FO formula over db U mem U in;
e R(Z) is an atomic FO formula over mem U out;
e if R € out, then it occurs positively in the rhs.
Uses one step-semantics of Datalog™", but ignoring inconsistent updates.
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ASM transducers — Expressive power

ASM transducers are strictly more expressive than Spocus transducers.

Theorem ([Spielmann, 2000])

On ordered DBs, ASM transducers compute precisely the class of
PSPACE-computable boolean queries.

However, this is too powerful for analysis: by Trakhtenbroth's theorem, log
validity, verification of temporal properties (e.g., goal reachability) and
containment are all undecidable for ASM transducers

Consider restrictions on analysis
@ The initial database is assumed fixed and given.
@ The amount of input data at each computation step is bounded a priori.

These restrictions ensure decidability of the considered analysis tasks.
Complexity is PSPACE-complete for fixed arity, and in EXPSPACE otherwise.

@rnlhz.lt
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From relational transducers to data driven web systems

Several kinds of web applications:
@ provide distributed access to information stored on the web,
@ are driven by underlying databases,

@ are manipulated by complex web applications/services that interact with
external services/users.

~» Lend themselves well for data-aware analysis.

First proposal by [Deutsch et al., 2004; 2007]
@ considers a single web service interacting with a user

@ studies the trade-off between expressiveness of the specification and
feasability of verification.
o Extend ASM transducers to model web services:
o a database that remains fixed during the execution,
e a set of state relations that evolve in response to user inputs,
e a set of web page schemas that query the current database and state to
generate user input choice, and
o state transitions that are triggered by the input chosen by the user.

unibz.it
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Data driven web systems

Again, restrictions are necessary to address analysis tasks:

o Input-bounded quantification in rules evolving system.
@ Formulas of input rules are existential.

@ Adds possibility of referring to input at the previous step in the run.

[Deutsch et al., 2004] study verification for LTL with input-bounded
quantification:

@ in EXPSPACE

o PSpACE-complete for fixed arity
Upper bound: reduction to finite satisfiability of existential FO augmented with
transitive closure.
Consider also CTL and CTL*, but decidability requires further restrictions:

@ states and actions are propositional (inputs are still parametrized), and
previous input relations are not allowed;

Effective implementation carried out in the WAVE system [Deutsch et al., 200
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Artifact-centric systems and AXML

Analysis has been studied also for artifact-centric systems:
@ Artifacts based on finite-state-machines [Gerede and Su, 2007], with
dynamic creation/modification/elimination of artifacts.

o Verification of CTL with quantification across states.
e Decidability shown under assumptions that ensure boundedness of the
quantification domains.

@ More declarative approach is followed in [Bhattacharya et al., 2007b], based
on business rules that activate services (with preconditions and
non-deterministic effects).

o Predefined reasoning tasks are addressed (path completion, path existence,
..), and decidability is shown under restrictions.

Active XML [Abiteboul et al., 2004]

@ Artifact-centric paradigm based on XML documents with parts that are
intensionally specified, through calls to external services.

@ Very rich setting, in which several analysis results have been established,
[Abiteboul et al., 2008; 2009a; 2009b]:
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Data-Centric Dynamic Systems (DCDS)

@ Abstract model underlying variants of artifact-centric systems.

@ Semantically equivalent to the most expressive models for business process
systems (e.g., GSM).

Data Process Data-+Process
* O - .I

@ Data Layer: Relational databases / ontologies
o Data schema, specifying constraints on the allowed states
o Data instance: state of the DCDS

@ Process Layer: key elements are
e Atomic actions

e Condition-action-rules for application of actions
e Service calls: communication with external environment, new data!
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DCDS: Example

Data Layer

Instance

Cust(ann)
peer(mark, john)
Gold(john)

owes(mark, @25)

L %
4 Process Layer R
Actions
Condition Action Rules
peer(z,y) A Gold(y) Clem )
— Getloan(z) Jy.peer(z,y) ~ {owes(z, Ulnput(z))},
Cust(z) ~ {Cust(z2)},
Service Calls Loan(z) ~ {Loan(z)}7
Ulnput () InDebt(z) ~» {InDebt(z)},
Gold(z) ~ {Gold(2)}
\ / unibz.it
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Deterministic vs. non-deterministic services
DCDSs admit two different semantics for service-execution:

Deterministic services semantics

Along a run, when the same service is called again with the same arguments, it
returns the same result as in the previous call.

Are used to model an environment whose behavior is completely determined by
the parameters.
Example: temperature, given the location and the date and time

Non-deterministic services semantics

Along a run, when the same service is called again with the same arguments, it
may return a different value than in the previous call.

Are used to model:
@ an environment whose behavior is determined by parameters that are
outside the control of the system;
@ input of external users, whose choices depend on external factors.
Example: current temperature, given the location
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Semantics via transition systems

Semantics of a DCDS S is given in terms of a transition system Yg:
@ each state of T g has an associated DB over a common schema;
o the initial state is associated to the initial DB of the DCDS.

Note: Y is in general infinite state:
@ infinite branching, due to the results of service calls,
@ infinite runs, since infinitely many DBs may occur along a run;

o the DBs associated to the states are of unbounded size.
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Verification for DCDSs

We are interested in the verification of temporal properties over Y.

Idea to overcome infiniteness:

@ Devise a finite-state transition system ©g that is a faithful abstraction
of Ts independent of the formula to verify.

@ Reduce the verification problem Ts |= ® to the verification of ©5 | ®.

Problem: Verification of DCDSs is undecidable even for propositional
reachability properties.
~» We need to pose restrictions on DCDSs.

We could draw inspiration from chase termination for tgds in data exchange,
and specifically from weak-acyclicity.
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Restrictions on DCDSs

Run-bounded DCDS
Runs cannot accumulate more than a fixed number of different values.

Conclusions

@ Transition system is still infinite-state due to infinite branching.

@ This is a semantic condition, whose checking is undecidable.
~» Sufficient syntactic condition: Weak-acyclicity.

@ Run-boundedness is very restrictive for DCDSs with nondeterministic
services.

State-bounded DCDS

States cannot contain more than a fixed number of different values.

@ Relaxation of run-boundedness.
@ Infinite runs are possible.

@ This is a semantic condition, whose checking is undecidable.
~ Sufficient syntactic condition: GR-acyclicity.
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Verification formalisms for DCDSs

Boundedness is not sufficient for decidability.
We introduce two extensions of L with (restricted) first
order quantification.

History-Preserving p-calculus: L 4

FO quantification ranges over current active domain only.

Incomplete information Conclusions

pLFo

J

Examples:
LTLpo @ Va. Customer(x)— F Gold(x)
puly o Va. Customer(x)— uZ.Gold(x) V [—]Z

Persistence-Preserving p-calculus: ulp

FO quantification ranges over persisting individuals only.

1

pnLp

i
| 1N

Examples:
LTLpo @ V. Gold(x)— G Gold(x)
ulp: V. Gold(x)— vZ.Gold(x) A [—]Z
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Towards decidability

Analysis in databases Incomplete information Conclusions

We need to tame the two sources of
infinity in DCDSs:

@ infinite branching -7

@ infinite runs. — P(a) P@@) k---or

To prove decidability of model checking for a given restriction and verification
formalism:

@ We use bisimulation as a tool.

@ We show that restricted DCDSs have a finite-state bisimilar transition
system.

Diego Calvanese (FUB) Foundations of Data-Aware Process Analysis PODS 2013 - 24/6/2013 (52/68)



Data and processes BPM Analysis problem space Database theory Analysis in databases Incomplete information Conclusions

Bisimulation between transition systems

States s** and sB of transition systems A and B are bisimilar if:
Q s and sB are isomorphic;
O |If there exists a state s1* of A such that s =4 s, then there exists a
state s of B such that s% =5 sB, and s{* and s% are bisimilar;
© The other direction!

A and B are bisimilar, if their initial states are bisimilar.

1L invariance property of bisimulation:
Bisimilar transition systems satisfy the same set of uL properties. J .
it
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Adapting the notion of bisimulation

nLro
A
g
e NEE
> iha History Preserving e Q
La A Bisimulation Invariant Languages ES %
1 :
L
1 : ) N | @
____» HhP Persistence Preserving
Lp \ Bisimulation Invariant Languages
4 i ) .
ul Bisimulation Invariant Languages
=7
o =
33
T o
g &
CTL 25
-3
oD
[
9]
n
£
& )
(N J
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Results on verification for DCDSs

Incomplete information Conclusions

(-~
g (2 (5
2 (5|2 Weakly-acyclic DCDSs
E | O e for det. services
S 14 :
o 3 a
%n '§ E’ GR™-acyclic DCDSs
£ he § GR-acyclic DCDSs
w22 (g
8181518
8 w |y |O Finite-range DCDSs
a [a)]
Bl [
7 2
o =
5 w
L AN
\_
Unrestricted | State-bounded | Run-bounded | Finite-state
wLro U U N D
wea| U U] [o] D
ulp u D] D D
ul U D D D
D: decidable; U: undecidable; N: no finite abstraction.
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Uniformity

Due to the semantics of service calls, DCDS enjoy a sort of uniformity.

Uniformity (intuition)
A node of Ys has as successor nodes all nodes obtained in all possible ways by
substituting service calls with a resulting value.

It follows that successor states are “indistinguishable” from each other, modulo
isomorphisms on the results of service calls.

Note: In [Belardinelli et al., 2011; 2012], uniformity is exploited, to obtain
decidability of verification of a form of CTL,4 (i.e., CTL with active domain
FO quantification) over state-bounded systems.

Compare this with undecidability of verification of uL 4 over state-bounded
systems.
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Knowledge and Action Bases (KAB)

The data layer in an artifact system might be very complex, and difficult to
interact with.

Hence we might exploit ontology-based technology and ontology-based data
access techniques to support users:

o We install “on top” of an artifact system an ontology, capturing the
domain of interest at a higher level of abstraction.

@ We connect the ontology to the underlying artifact system via declarative
mappings.

Such a setting gives rise to a very rich and largely unexplored framework,
depending on the various choices for:

@ the language used to express the ontology;

@ the form of the mappings, and the language used to express them;
@ the assumptions we make about the dynamics of the system;

@ the kind of analysis task we want to perfom.

unibz.it
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Knowledge and Action Bases (KAB)

Artifacts System conceptual schema (TBox) composed of semantic constraints
that define the “data boundaries” of the artifact system.

TBox

it
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Semantic layer and snapshots

Actual data are concretely maintained at the artifact layer.
Snapshot: database instances of artifacts.

TBox

&

Artifact Syste}n Snapshot |
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Mappings

Each snapshot is conceptualized in the ontology as instance data.
Mappings define how to obtain the virtual ABox from the source data.
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Action execution to evolve the system

The system evolves thanks to actions/process executed over the artifact layer,
invoking external services to inject new data.

TBox TBox

\Sema\mer Snapshot

ABo;

IMappings “~.,
=~ A
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Understanding the evolution

Semantic layer used to understand the evolution at the conceptual level,
by posing queries over the ontology.

queries

Artifact Systel Snapshct

Transition
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Semantic Governance

Semantic layer used to regulate the execution of actions at the artifact layer by
rejecting actions that lead to violations of constraints in the ontology.

TBox TBox

\Serr}”\'tuer Snapshot \Serr}”\'tayer Snapshot

,/""""""Bb'li'g"s' ~

2%s

Artifact System Snapshot
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Temporal Verification over Semantic Layer

Temporal properties expressed as:
@ queries over the ontology combined with
@ temporal operators to talk about the dynamics of the system.

System evolves at the Artifact Layer.

Rewriting of temporal properties

@ The temporal part is maintained unaltered, because the
system evolves at the Artifact Layer.
o Faithful transformation of a temporal property over @ =rew(@T

Semantic Layer:

unFoLD(Q', M)
@ Rewriting of ontology queries to compile away the TBox.
@ Unfolding of temporal property wrt mappings to obtain a
corresponding temporal property over the Artifact Layer.
Hence, verification of temporal properties expressed over the ontology is
reduced to verification of temporal properties over the artifacts.
o 2t
|
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Decidability of Verification over KABs

We obtain that, if the transition system at Artifact Layer satisfies suitable
boundedness conditions, verification of (restricted) u-calculus properties is
decidable.

Theorem

The following are decidable, and can be reduced to model checking of
propositional p-calculus over a finite transition system:

@ Verification of uL 4 properties for weakly acyclic SASs with deterministic
services.

o Verification of uLp properties for generate-recall acyclic SASs (both with
deterministic and with non-deterministic services).

unibz.it
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Conclusions

@ There is a huge amount of work carried out in database theory that is
relevant to data-aware process analysis, using a plethora of techniques.

@ The problem space has several dimensions that partly interact.
~» Thorough systematization of the area is still missing.

@ Many of the works are based on specific restrictions and assumptions that
make them difficult to compare.

@ Moreover, the positive results appear rather fragile.

@ Analysis techniques are typically exponential in those data that “change”
~ Circumscribing what can be changed is a key point.

@ The assumptions would need validation also from the practical and
business perspective.
~ Requires making frameworks more robust.

@ Some of the techniques are borrowed from different fields, although
underlying assumptions and objectives might be different.
~» Basic assumptions need to be reassessed.

unibz.it
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