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Abstract.
proach by exploiting compact symbolic representationh@&l/stem

and diagnoser in terms of BDDs. We show promising resultesh t

cases derived from a telecommunication application.

1 Introduction

Approaches to the diagnosis of discrete-event systemdlyisuéer
from poor on-line performance or space explosion. At onecext
ity of the spectrum lie on-line simulation-based approack&iven a
decentralised model of the system (a model of the individoah-
ponents and their interactions), these approaches tracgdssible
system behaviors as observations become available. Tiragelon
a decentralised model makes them space efficient, but tloé ges-
sible behaviors is so large that on-line computation is fimeéficient.
At the other extremity lie diagnoser-based approached [y com-
pile, off-line, a centralised system model into anothetdistate ma-
chine (the diagnoser) which efficiently maps observationossible
failures. Here the space required by the centralised mtzted|one
that required by the diagnoser, constitutes a major problem

We improve the efficiency of Sampath’s diagnoser ap-

The global modelG = (X, %,, Xy, X, x0, T) with its state set
X, its sets of observable, unobservable and failure evEpis.,,
and Xy, its initial statexo and its transition sef’ is defined as
synchronous composition of the component models. Its slimbo
representation i§7 = (bX, 6% ", X, %,, Sy, $f, 20, T), Where
b = U b, bY = U b X = AL X, S, = VI S,
Yo = VIl B, BF = VIL 5y, andzg = AlL;xo,. The setsh™
andT are more difficult to define (see [3] for details).

For example, consider the global model depicted in Figudetl:
enc(u1) = b Abg A b, enc(z1) = b A bE A bE andenc(zh) =
b A b2’ A bE denote the encoding of the event, the statesr;
andz), respectively, the transitiom; - 2% can then be encoded as
enc(z1) A enc(u1) A enc(zy). A BDD can then be generated from
the disjunction of all transitions which represents the ponent.

3 Abstracted Model

To speed up the computation of the diagnoser, we first alvgtrac
global model, since the diagnoser does not depend on unalser

We aim to avoid this problem by representing and computieg th events which are not failures, on the order of successiliréasi, and

Sampath’s diagnoser [2] symbolically using a graphicatesenta-
tion of a boolean functiol8" +— B, namely binary decision dia-
grams (BDDs) [1]. Starting from a symbolic system represton
in terms of BDDs, we compute first the according global moaed,
stract this model and retrieve then the symbolic diagnasen ft.
The next three sections detail how each of these models ceepbe
resented symbolically (see [4] for their symbolic compiotat

2 Component and Global Models

Let Gi = (Xi,%0;,50,,2¢,20,,13), @ € {1,...,n}, be a
component model characterised by its statges= {x1,,...,2Zm, },
its eventss; = {o1,, ..., 0y, } Which are observable,,) or unob-
servable £,,), its failure event&y, C ¥, itsinitial statezo,, and
its transition relatio; C X; x 3; x X;. Symbolically, each compo-
nent is encoded A%7; = (b, 6%, b7, Xi, %0, S, , X4, 20, Th),
where b} = {b”” b“flogz m;, are the state vari-
ables, bX’ {b fNog, mi1; 1 are the target variables,
by =1{b7,,..., b1og, Ph} are the event variableg(; is the boolean
function over b characterising the states,,, ¥y, and %,

are the boolean functions ovéf characterising the observable,

unobservable, and failure events, is the boolean function over
bX characterising the initial state, aifd is the boolean function
overbX UbZ UbX  characterising the transition relation.
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2 We give identical names to sets and to the correspondingsandunctions,
e.9.3,,, X, etc. This should not cause confusion.

on the global states encountered within a sequence of unaide
events. Hence the abstracted model consists only of thatesghat
are the origin or target of an observable transition (andhefinitial
state). It has two types of transitions: (1) the observahlesitions of
the global model, and (2) failure transitions, each of whédabelled
with a set of failure events that has occurred on some path from the
origin state of the transition to its target state (see Fig. 1

The abstracted model & = (X EO,F xo,To,TF> the states
areX = {zo}U{z € X | 3o € %, 3’ € Xstaz 5o’ €
T orz’ % x € T}, the new failure labels arE = 2”7, the observ-
abletransmonsarﬁ? = {x = € T | cEX,Nz,2' € X} and
the failure transitiond» C X x F x X are defined as follows:

{z1 5 2 | (2,2’ € X,30,0’ € 5, such that
(21 =Toorz %z € T,) andzy, & 2’ € T,), and

(3o1...06 € Xy, Fz2. .. TK—1 € X such that
Vi=1...kx; E:Eﬁq € T ando; € liff 0; € Xy)}
Symbolically, G = (b*,b%X 0™, 6", X, 5, F, 20, To, Tr) is

encoded using the same boolean variables as the global randel

an additional| ;| variablesb” = {b],.. ‘E |} needed for the

failure transition labels iF”. There is a one to one correspondence
between failure events and these variables. A failure itiandabel

is encoded as a conjunction of literals ob&mwhose signs depend on
whether the corresponding failure belongs to the labelifsiance,
the failure label{ f1} of the abstracted model shown in Figure 1 is

encoded asnc({f1}) = b/ Ab].
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Figure 1. Global (top), abstracted (left), and diagnoser model €yigh
Yo ={01},%u = {u1},5¢ = {f1, fo}

4 Diagnoser

A diagnoser is a deterministic finite state machine whoggsitians
correspond to observations and whose states correspohd gys-
tem states and failures that are consistent with the obtsemgaMore
explicitly, its transitions are labelled with observableets, and its
states are labelled with sets of pafts () denoting a state and a fail-
ure label of the abstracted model. On-line, the diagnodmieitly
maps observations to the possible system states and &iltiseif-
fices to follow the path labelled by the actual observatiamd laok
up the label of the resulti~ng diagnoser state. B
LetV = {zo}U{z’ € X |Fo € X,z € X sta > a2’ €T}
be the set of target states of observable transitions. Tdgndser is
G = (X,11,%,, &0, R,T), whereX = {Z1,...,2,} is the set of

dlagnoser stated] = V x F is the set of pairs that can belong to

diagnoser state labelsy is the initial diagnoser staté; C X x II
is the diagnoser state labelling relation which associatetate to
the pairs in its label and verifieB(z0) = {(Zo,0)} (by abuse of
notation, we use the function notatidt() for the label of state),

and7 C X x ¥, x X is the set of diagnoser transitions, which

verify: & % &' € T iff
R(@) = {(/,1') | 3(v,1) € R(2) such that
eitherv = v’ € T, andl’ = [,

o

or3v 5o € Tp and3v” % o' € T, andl! = [ U "}
G = %,b5 X, 6% b7 0", X, 11, 5., 20, R, T) is the sym-

bolic diagnoser. It is encoded using the same boolean Vesiab

as the abstracted model, with an additio2dlog, q] variables
b% = {bi,. .., b, o} and bS =y, ..., ?{ng 41} needed to

a switch and two different control stations of a telecomroation
network as example.

In this example, there are 9 observable events, 11 failypesty
and 8 other unobservable events. The switch model has 2 statl
18 transitions, the primary control station 13 states andrdssi-
tions and the backup control station 19 states and 28 tiransitT his
yields a global model of 1062 states and 2911 transitionsbserve
how the two approaches scale, we considered “lighter” vassbf
the example, where groups of failure types are fusioneds Vieids
5 versionsV; ... Vs, with a number of failure types ranging from 3
to 11. Table 1 depicts the version’s diagnoser propertidstarsize.

Table 1 Diagnoser properties

Vi Va Vs V4 Vs
States 353 921 2500 4355 18474
Transitions 2183 5774 16530 31024 120698
space symb. (Kb)| 126 322 903 1696 7916
space enum. (Kb] 451 1531 7054 15851 17208P

The superiority of the symbolic method increases with thel@ho
size, and exceeds an order of magnitude for the largesbwesiom
the results, it can be conjectured that the space requittsnoéthe
symbolic approach for large models will often only repreészme-
glectable portion of those of the enumerative setting.

It is also worth mentioning that the symbolic representatp-
pears to preserve the real-time property of the diagnosesrfdine
diagnosis: there was little variation in diagnosis timeoasrthe dif-
ferent example versions and the time taken to treat 1000 zdisens
never exceeded 100 ms.

6 Conclusion and Future Work

We have presented a symbolic framework based on BDDs forithe d

agnosis of discrete-event systems. It enables the syatbeaisym-
bolic version of Sampath’s diagnoser [2], while requiriransider-
ably lower space and, as shown in [4], less time than the erativie
approach. This results from the fact that BDDs are suitabttn-
pactly represent the large sets of system states and faikivelling
the diagnoser states.

Our framework is not limited to fault diagnosis using diageis.
In [3], we also give algorithms for checking diagnosabijliag well
as fault diagnosis algorithms based on all the models predémwere.

encode the diagnoser states. A complication here is that the numbetoyr research agenda includes improving our results by erpet-

q of diagnoser states, and therefore the number of variabledad, is
apriori unknown. In the worst casg= 2/"' and therefor@|V||f|

new variables are theoretically needed. However, in pragti will

be much smaller and introducing that many variables wildl lEaan
unnecessarily costly representation. To remedy this, aréwtth one
single variable to encode the initial diagnoser state, amdircually
increase the number of variables, as needed during exactuery

time a new variableé; is needed, we update all BDDs containing

variables ib® (resp.b°") by conjoining them with-b? (resp.—b5).

The diagnoser is described usmg two BDDs: one to reprekent t [2]
transitions over the variablés U %" U b” and one to represent the

information of the individual states using the variatlés)b* Ub®.

5 Results

Our approach has been implemented on top of the CUDD BDD pack-

age [5]. We present empirical evidence that our diagnogeesen-
tation yields important gains in space, taking a systemisting of

ing with alternative encodings described in [3], dedicatediris-

tics for variable ordering. We also plan to extend our framéwo

stochastic system diagnosis using algebraic decisiorratiag (see
e.g. [5]). Finally, we shall investigate the use of symbaodipresenta-
tion in the context of decentralised diagnosis.
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